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Abstract

Background: A search engineto find physicians information isabasic but crucia function of a health care provider’s website.
Inefficient search engines, which return no results or incorrect results, can lead to patient frustration and potential customer loss.
A search engine that can handle misspellings and spelling variations of namesis needed, asthe United States (US) has culturally,
racialy, and ethnically diverse names.

Objective: The Marshfield Clinic website provides a search engine for usersto search for physicians' names. The current search
engine provides an auto-completion function, but it requires an exact match. We observed that 26% of all searches yielded no
results. The goal was to design a fuzzy-match algorithm to aid usersin finding physicians easier and faster.

Methods: Instead of an exact match search, we used a fuzzy algorithm to find similar matches for searched terms. In the
algorithm, we solved three types of search engine failures: “ Typographic”, “Phonetic spelling variation”, and “Nickname”. To
solve these mismatches, we used a customized L evenshtein distance calculation that incorporated Soundex coding and alookup

table of nicknames derived from US census data.

Results: Using the“Challenge Data Set of Marshfield Physician Names,” we evaluated the accuracy of fuzzy-match engine-top
ten (90%) and compared it with exact match (0%), Soundex (24%), Levenshtein distance (59%), and fuzzy-match engine-top
one (71%).

Conclusions: We designed, created a reference implementation, and evaluated a fuzzy-match search engine for physician
directories. The open-source codeis avail able at the codeplex website and areferenceimplementation is available for demonstration
at the datamarsh website.

(JMIR Med Inform 2014;2(2):€30) doi:10.2196/medinform.3463

KEYWORDS
Fuzzy-Match; Levenshtein Distance; Physician Name; Physician Directory

mismatches caused by typographical errors, phonetic spelling

Introduction

A primary functionality of the website of a physician group
practiceisasearch engine where patients can enter aphysician's
name and find moreinformation about the physician’s practice,
credentials, and appointment phone number. Name-based
searching seemsto beasimpletask, but varioustypes of spelling

http://medinform.jmir.org/2014/2/€30/
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variations, and nicknames can make the task difficult. Failure
to find a physician on the provider's website can create a
frustrating experience for the patient and potential loss of
business for the provider.

We surveyed the websites of the ten largest medical groups[1],
and found none of them allowed mismatched charactersin the
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entered name. 7 of the 10 search engines allowed autocomplete,
which triesto finish therest of the characters based on what has
already been typed. However, current implementations of
auto-complete require 100% match in the aready typed
fragments, any mismatches will end up with no results. The
Google search engine does allow fuzzy-match, but it is not
specific to the physician directory on a provider's website.
Consequently, a general Google search of a physician’s name
might lead to websites other than the provider's. As such, the
Google search does not provide an integrated patient experience
at the provider's website. Currently, there are no open-source
solutions of a fuzzy-match search engine for physician
directories.

To improve upon current and severely limited provider search
engines, we conducted a heuristic analysis of the search log. A
common mismatch can be caused by typographical errors. For
example, “Smith” is entered as “ Smitj”, because the “j” key is
adjacent to the “h” key. Asmore people are searching websites
using smaller touch-screen devices such as smartphones,
typographical errorsresulting from adjacent keys are becoming
more common. Levenshtein distance based methods, as
previously used in matching drug names and chemical hames
[2,3], can be effective in correcting this type of error.
Levenshtein distance isameasure of the similarity between two
strings. The distance is the number of deletions, insertions, or
substitutions required to transform one string to the other. For
instance, the Levenshtein distance between “ Smith” and “ Smitj”
is one, whereas an exact match results in a distance of zero.

Another type of mismatch is caused by phonetic variations in
names. For instance, “Smith” and “ Smyth” are pronounced the
same but spelled differently. Sound-based encoding methods
such as Soundex and Metaphone were designed to solve the
phonetic variation in names. In 1918, Robert Russell devel oped
the first Soundex system and subsequently, severa
implementations were devised. Soundex encodes [4] names
based on their sound, so that names with close pronunciation
get the same code. For example, both “ Smith” and “ Smyth” are
coded as “S530”. One problem with Soundex is that it returns
many approximate matches, with most being far from the
searched-for name [5]. Beidar and Morse [5] developed the
Beider-Morse Phonetic Matching system for decreasing the
number of approximate matches by removing irrelevant ones.
Lawrence Phillips upgraded the Soundex system in 1990 and
developed Metaphone [6], which produces more accurate
encoding of names that sound similar. Further development of
Double Metaphone [6] enabled two codes for a single name to
account for different kinds of spelling variations. Double
Metaphone also improved the match of non-English names.

http://medinform.jmir.org/2014/2/€30/
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However, implementations of Soundex or Metaphone are usually
outside of the aforementioned L evenshtein distance framework.

A third type of variation is caused by nicknames. For instance,
“Bill” might exist in the directory as “William.” Since “Bill”
and “William” do not sound, nor are spelled alike, nicknames
pose another challenge for name searches. Nicknames cannot
be resolved by distance-based match or sound-based match.
None of the search engines at the ten largest medical groups
had a good solution for nicknames. We proposed to use a
nickname lookup table [ 7] derived from the United States (US)
census data to solve this problem, where we also incorporated
it in the Levenshtein distance framework.

In the medical informatics literature, the approximate match of
patient names has been studied extensively. Both phonetic name
matching and L evenshtein distance based methods were reported
[8,9]. Peter Christen [10] presented a comprehensive review on
the name matching agorithms; however, there have been no
reports of an integrated solution that simultaneously addresses
all three kinds of mismatches.

Marshfield Clinic has more than 800 providers with diverse
first and last names. A fast and effective “ Find adoctor” engine
is critical to the business operation. From the log file of the
“Find adoctor” webpage at Marshfield Clinic, we observed that
26% of the 9072 searches in July 2013 yielded no results. To
aid patientsin finding the wanted provider easier and faster, we
suggest alist of providers name that are similar to the search
term. As a patient enters the name of the desired physician, our
system provides a list of suggestions that helps the user, even
if they do not know the correct spelling of the wanted
physician’s name. Unlike most available systems, our system
applies approximate search instead of exact match search for
finding similar names. This article presents an open-source
solution, demonstrates the implementation, and evaluates the
effectiveness of afuzzy search enginefor physician directories.
Thenovelty inour systemisthat it isthefirst open-source search
engine for physician directories that solves all three kinds of
spelling mismatches: typographical errors, phonetic variations,
and nicknames.

Methods

In our application, it was imperative to find the closest
physician’s name in the directory to the entered search term.
First, we performed some preprocessing steps. We removed
common prefixes and suffixes in the string, such as Dr, MD,
FACS, etc. Then, to solve al three kinds of mismatches in a
unified framework, we customized the Levenshtein distance
method. Refer to Textbox 1. for the assigned cost for each
operation.

JMIR Med Inform 2014 | vol. 2 |iss. 2 |e30 | p.4
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Textbox 1. Cost of operation.
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1. Cost of deletionis:

I.4if theletteris‘a, ‘e, ‘i’, ‘0", or ‘v’

I1. 4 if the letter is the same as the previous | etter (repetitive letters)
I11. otherwise 5

2. Cost of substitution is:

I. 3if both letters have a similar sound. Here, we used Soundex to determine whether two letters have the same sound. For example, we assumed that
‘d’ and ‘t’ have the same sound, because they have the same code in Soundex.

I1. 3 if they are adjacent on keyboard. We took eight surrounding keys for each character and assigned them with lower penalties to accommodate

typographical errors.

I11. otherwise 4

Additionally, we used the nickname lookup table to expand the
match to the physician directory. Each nickname is assigned
with a matching likelihood. For instance, “William” has a 0.9
chance of being called “Bill” and 0.45 chance of being called
“Will”. We also incorporated the probability in the final
matching score.

To evaluate the performance of the method, we chose 100
recently searched terms from the Marshfield Clinic website's
current search engine (uses exact match approach) log file,
which did not return any results. Using human intelligence, we
identified the correct physicians namein the Marshfield Clinic
directory for 68 of the searched terms. We call thisgold-standard
data set the “Challenge Data Set of Marshfield Physician
Names’. Ten examplesin this data set are shown in Table 1.

Table 1. Example datain the “ Challenge Data Set of Marshfield Physician Names'.

Search term entered by patient Actua namein the directory
avarex Maria Alvarez
carrietull Carie Tull

Ceasar gonzaga

phillip zickerman
reinhardt

roedrick koehler

rousch

scott erickwon

STEVEN TOOTHACKER

tim swan

Caesar Gonzaga
Philip Zickerman
Richard Reinhart
Roderick Koehler
Stephen Roush
Scott Erickson
Stephen Toothaker
Timothy Swan

To compare diversity of the names of US physicians versus
general US population, alist of 1,048,576 physician nameswas
obtained from the National Provider Identifier Registry of 2013
[11]. The names of the general US population were obtained
from the website of the US Census Bureau [12]. Because the
1990 census isthelatest one containing statistics with both first
and last names, we used it in this study.

Results

It is important to note that physician names are more diverse
than those of the general US population. By comparing the
nationwide physician names listed in the National Provider
| dentifier registry with the general US population, we confirmed
that the physician names are less common than names in the
general US population (Figure 1). For instance, to cover 70%
of the last names, 9028 names need to be included for the
general US population, whereas 40,014 names need to be

http://medinform.jmir.org/2014/2/€30/

included for physician names. The sameistrue for first names,
but to a lesser extent (Figure 1). Consequently, less common
names can be more challenging to spell correctly. To assessthe
statistical  significance, we utilized two sample
Kolmogorov-Smirnov (K-S) tests on the two cumulative
distributions from each of the three graphs in Figure 1. The
results show Pvalues<.001, whichindicatesthere are significant
differences between the two distributions of the cumulative
coverage of physician last names, malefirst names, and female
first names, respectively.

Less common names, combined with phonetic variations,
nicknames, and typographical errors, pose challengesto search
engines at a group practice provider's website. We researched
the “Find a Doctor” webpages at the top 10 medical groupsin
the United States (Table 2). None of the websites allowed
fuzzy-match of physicians' names. While 7 out of 10 websites
have the autocompletion feature, none allow any mismatches
in the name search query.
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Table 2. “Find adoctor” search engines at top ten medical groups in the United States[3].

Medical group Headquarters Offices Physicians Auto completion
Kaiser Permanente Medical Group Santa Clara, CA 484 7842 No
Cleveland Clinic Cleveland, OH 173 1472 Yes
Henry Ford Medical Group Detroit, M| 218 1224 Yes
IU Health Physicians Indianapolis, IN 267 1202 No
University Washington Physicians Seattle, WA 181 1199 Yes
Mercy Springfield Springfield, MO 349 1115 Yes
North Shore Long Island Jewish Syosset Syosset, NY 259 1044 Yes
Carolinas Primary Care Loris, SC 236 1024 Yes
Aurora Medical Group Sheboygan, WI 206 1013 Yes
Novant Medical Group Winston-Salem, NC 245 923 No

The“Challenge Data Set of Marshfield Physician Names® was
used to eval uate the performance of afuzzy match search engine.
In the first comparison, the accuracy of fuzzy-match with
Soundex algorithm was compared. Table 3illustratesthe results
of this experiment. It should be emphasized that the current
search engine returned “no result” for these 68 search terms. In
the second evaluation, a comparison was done using simple

Levenshtein distance in fuzzy-match versus customized
Levenshtein distance. For similarity-based search methods,
more than one result could be returned. As such, we also
compared the efficiency of returning top ten matchesversustop
one match. The results suggest the top-one match already
significantly outperforms Soundex, and the top-ten matches can
further improve the retrieval performance.

Table 3. Comparing accuracy of Soundex, Levenshtein Distance (LD), and Fuzzy-Match on the Challenge Data Set of Marshfield Physician Names

(N=68).

Search Engines # Found Percentage
Default Search Engine 0 0%
Soundex 16 24%
Fuzzy-match with simple LD (top one) 40 59%
Fuzzy-match with customized LD (top one) 48 71%
Fuzzy-match with simple LD (top ten matches) 52 T71%
Fuzzy-match with customized LD (top ten matches) 61 90%

http://medinform.jmir.org/2014/2/€30/

RenderX

JMIR Med Inform 2014 | vol. 2 |iss. 2 |e30 | p.6
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Rastegar-Mojarad et al

Figure 1. Physician'sfirst name and last name, comparing with general US population.

80
]

60
]

Cumulative coverage (%)
40

20

— 1990
Providers

0 20000

T T T
40000 60000 80000

Number of last name included

First Name, Female

80

60

40
L

1990
—— Providers

Cumulative coverage (%)

20
I

T
0 1000 2000 3000 4000

Number of name included

Discussion

Principal Findings

This study focuses on the search engine used by patients to
search the physician directory at a provider’swebsite. The same
methods can be used to search any name directory system; for
example, a directory of professors and staff members in the
school of art and science of auniversity. It can also be used for
Intranet searches. Staff members at Marshfield Clinic relate
anecdotes about the inability to find the pager number for a
physician in the Intranet directory, because they could not get
the first character of the name spelled correctly. For example,

Acknowledgments
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“Przybylinski” (pronounced as “ Shibilinski”) cannot be found
under the directory using the starting letter “S’; however, using
the fuzzy search engine presented in this paper, atop match can
be found. The “Challenge Data Set of Marshfield Physician
Names’, although small, can also be used in the future as a
benchmark data set to test search engines of physician names.

Conclusions

We designed and evaluated a fuzzy-match search engine for
physician directories. The open-source code is available at
Codeplex web site [13] and a reference implementation is
demonstrated at datamarsh website under FuzzyMatch [14].
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Abstract

Background: Using machine-learning techniques, clinical diagnostic model research extracts diagnostic models from patient
data. Traditionally, patient data are often collected using electronic Case Report Form (eCRF) systems, while mathematical
softwareis used for analyzing these data using machine-learning techniques. Dueto thelack of integration between eCRF systems
and mathematical software, extracting diagnostic modelsis a complex, error-prone process. Moreover, due to the complexity of
this process, it isusualy only performed once, after a predetermined number of data points have been collected, without insight
into the predictive performance of the resulting models.

Objective: The objective of the study of Clinical Data Miner (CDM) software framework is to offer an eCRF system with
integrated data preprocessing and machine-learning libraries, improving efficiency of the clinical diagnostic model research
workflow, and to enable optimization of patient inclusion numbers through study performance monitoring.

Methods: The CDM software framework was developed using a test-driven development (TDD) approach, to ensure high
software quality. Architecturally, CDM’s design is split over a number of modules, to ensure future extendability.

Results:. The TDD approach has enabled us to deliver high software quality. CDM’s eCRF Web interface is in active use by
the studies of the International Endometrial Tumor Analysis consortium, with over 4000 enrolled patients, and more studies
planned. Additionally, a derived user interface has been used in six separate interrater agreement studies. CDM's integrated data
preprocessing and machine-learning libraries simplify some otherwise manual and error-prone steps in the clinical diagnostic
model research workflow. Furthermore, CDM'slibraries provide study coordinators with amethod to monitor astudy's predictive
performance as patient inclusions increase.

Conclusions: To our knowledge, CDM isthe only eCRF system integrating data preprocessing and machine-learning libraries.
This integration improves the efficiency of the clinical diagnostic model research workflow. Moreover, by simplifying the
generation of learning curves, CDM enables study coordinatorsto assess more accurately when data collection can be terminated,
resulting in better models or lower patient recruitment costs.

(JMIR Med Inform 2014;2(2):e€28) doi:10.2196/medinform.3251
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Introduction

Saving Lives With Early Detection

Many diseases, including cancer, may be cured or managed, if
diagnosed sufficiently early. However, a lot of these go
undetected, resulting in many avoidable deaths. A report from
2009 estimates that, for the case of cancer in the United
Kingdom alone, five to ten thousand deaths could be prevented
yearly through early diagnosis [1]. Improving early diagnosis
could thus beneficially affect patient outcomes, but isimpeded

by severa factors, including cost and invasiveness of relevant
diagnostic procedures. Thus, one of the aims of clinica
diagnostic model research is to find diagnostic models with
good predictive performance, using the cheapest and least
invasive means possible. Examples of such research are the
studies organized by the International Ovarian Tumor Analysis
[2-5] and International Endometrial Tumor Analysis (IETA)
[6] consortia, which investigate diagnostic models for ovarian
and endometrial tumors, respectively. Figure 1 shows atypical
clinical diagnostic model research workflow.

Figurel. Typical workflow of clinical diagnostic model research. The Clinical DataMiner software framework improves support for the stepsindicated
in green. Support for steps marked in blueis planned for future work. (Abbreviations used: CRF=case report form; eCRF=el ectronic CRF; API=gpplication

programming interface.).
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Software to Support Clinical Diagnostic M odel
Resear ch Workflow

Severd software packages exist to support theclinical diagnostic
model research workflow. Electronic case report form (eCRF)
systems, such as REDCap [ 7] or the open-source OpenClinica,
enablethe collection of patient data. Compared with paper-based
data collection, such systems reduce data error rates [8], and,
according to a costs simulation study, enable cost reductions
between 49% and 62% [9]. As a result, their use has greatly
increased over the past decades, with reports of 41% out of 259
Canadian trials using el ectronic data capture software[10] , and
of 79.6% (417/524) of Hong Kong private physicians using
electronic medical records[11] .

Meanwhile, mathematical packagessuchasR[12], Matlab[13],
or WEKA [14,15] support data analysis. Their inclusion of
machine-learning techniques enables the extraction of
sophisticated diagnostic models from patient data, with high
predictive performance.

However, several stepsintheclinical diagnostic model research
workflow introduce unnecessary complexity. Data have to be
extracted from the eCRF system, and imported back into data
analysis software. These steps may lead to conversion issues,
requiring manual inspection of theresult. Furthermore, any case
report form (CRF) structure information islost in the process.
For data preprocessing transformations, such asthe replacement
of categorical variables with dummy variables [16] , the lack
of CRF structure information requires either manual selection
or the use of heuristicsfor determining which variables need to
be transformed, both of which are prone to errors. Other
transformations, such as dealing with structurally missing
variables, can only be performed manually.

Moreover, the complexity of the data analysis step discourages
intermedi ate assessments of predictive performance. Asaresullt,
clinical diagnostic model research usually relieson Monte Carlo
simulations [17] or rules of thumb [18] for sample size
requirements estimates. These may be both over and
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underestimated, leading to patient recruitment that is more
expensive than needed, or to modelswith insufficient predictive
performance, respectively.

We implemented the Clinical Data Miner (CDM) software
framework [19] to support the studies organized by the IETA
consortium [6] . In doing so, we aimed to create a generic,
multi-centric platform that avoids the aforementioned
inefficiencies, with a user interface that can be integrated in
various computing environments, such as mobile phones or
hospital information systems (HIS).

Methods

Component Overview

In order to improve support for clinical diagnostic model
research in general, and the IETA studiesin particular, the CDM
software framework consists of an eCRF component and adata
analysis component. This section introducesthe eCRF and data
analysiscomponentsin more detail, discusses the methodol ogy
used in their development, and explains the modalities of a
survey we conducted to examine user satisfaction with CDM's
eCRF component.

Electronic Case Report Form Component

CDM's eCRF component parses CRFsfrom external files, using
a spreadsheet format similar to that of OpenClinica. Defining
CRFs by parsing externa files enables support for generic
studies. In order to simplify the organization of multi-center
studies, CDM's eCRF component exhibits a client-server
architecture, with a Web-based user interface at the client side.
This client-server architecture is reflected in the eCRF
component's modular design. Figure 2 showsthis, with separate
modulesfor client and server code. The design further separates
user interface logic (cdm-client) and user interface presentation
(cdm-client-gwt). The latter separation offers the possibility to
implement alternative interfaces, such as a mobile phone app,
or auser interface integrated in aHIS.

Figure 2. InClinica DataMiner (CDM)'s layered architecture, module cdm-common contains functionality common to client and server. The server
code is implemented in module cdm-server, while client code is further split into user interface logic (cdm-client) and user interface presentation
(cdm-client-gwt). Finally, cdm-webapp combines the modules and provides CDM's entry point.
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Data Analysis Component

CDM includes capabilities for analyzing data, consisting of
Java libraries for data querying and preprocessing, and the
application of supervised machine-learning techniques. The

http://medinform.jmir.org/2014/2/e28/

simplified Unified Modeling Language diagrams from Figures
3and 4illustrate the application programming interfaces (APIs)
of these libraries. Here, the DataManager class from Figure 3
represents CDM's entry point to its data querying and
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preprocessing capabilities, while ClassifierFacade in Figure 4
provides access to its machine-learning capabilities.

Theintegration of an eCRF component with these dataanalysis
libraries in a single system allows one to avoid exporting data
from an eCRF system to import them back into data analysis
software, eliminating potential conversion issues.

Thisintegration additionally provides CDM's data preprocessing
methodswith direct accessto CRF structureinformation. Instead
of relying on manual input or heuristics, this direct access to
CRF structure information enables preprocessing data with
exact knowledge of type and dependency information for all
variables. The createFactorProxies() preprocessor, for example,
uses type knowledge of a CRF's variables to transform all
categorical variables into sets of dummy variables [16].
Preprocessors such as flatten(), on the other hand, use
information about dependencies between variables to convert
datapointswith structurally missing variablesto vectors. These
are variables that may be missing depending on the value of a
parent variable, as is the case for the variable “years past
menopause” for patients with variable “ menopausal status’ set

Installé et al

to“ premenopausal” . By converting data pointswith structurally
missing variables to vectors, the flatten() method enables the
use of a wider variety of classification algorithms, such as
logistic regression [20] or Least-Squares Support Vector
Machines [21,22], without the need for defining specialized
kernel methods.

Using the newWekaClassifier() method, the ClassifierFacade
interface from Figure 4 constructs Classifier objectsthat provide
access to the wealth of machine-learning algorithms and
techniques available in the Weka toolbox [15]. Leveraging the
Classifier interface, ClassifierFacade's sweep() method further
enables the generation of learning curves, plotting the evolution
of predictive performance measures, such as accuracy,
sensitivity, specificity, or Area under the Receiver Operating
Characteristic Curve, with respect to sample size.

Finaly, CDM's Java libraries for data querying, data
preprocessing, and machine-learning can be used interactively
from within a Jython console by means of a set of Jython
modulesincluded in CDM.

Figure 3. The DataManager application programming interfaces includes methods to access and preprocess data.
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Figure4. Unified Modeling Language diagram of Clinical DataMiner (CDM)'s machine-learning application programming interfaces. ClassifierFacade
isthe entry point to CDM's machine-learning functionality, which operates on Classifier objects to obtain Model objects.
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Softwar e Development M ethodology

We developed CDM using the Java programming language,
leveraging the Google Window Toolkit (GWT) to trandate
client-side Java code to ECMAScript. In order to ensure good
software quality, we developed CDM using a test-driven
development (TDD) [22] process. We haveintegrated Cobertura

http://medinform.jmir.org/2014/2/e28/

A

WekaModel

[23] in CDM'’s automated build process for test coverage
monitoring. The resulting unit test suite allows automation of
most of the quality assurance process required prior to the
deployment of new releases.

Sound design and |oose coupling are obtai ned through extensive
use of design patterns[23] and dependency injection. Thelatter
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is achieved by means of the Spring framework server-side, and
the Gin and Guice frameworks client-side.

User Survey

In order to assess user satisfaction, we sent a survey to active
CDM users, which included users who submitted at least ten
patient entries through CDM's eCRF component, or who
participated in an interrater agreement study organized using
CDM's user interface, adapted for such studies. In total, we
asked 42 clinicians to participate in the survey. The survey
consisted of several questions examining user-friendliness,

Installé et al

satisfaction with certain user interface e ements, and software
reliability.

Results

Electronic Case Report Form Component

CDM has a client-server architecture. As Figure 5 illustrates,
its current user interface is Web-based. This has enabled
multi-center data collection in the context of the IETA studies.
As Table 1 shows, CDM has collected 4035 patient entries so
far for these studies, supplied by 39 participants from 24
different centers between May 2011 and September 2014.

Table 1. Number of patient entries collected by CDM for the IETA studies, between May 2011 and September 2014.

IETA Complete entries Total entries
#1 1600 2069

#3 641 787

w4 891 1179

Total 3132 4035

Figure5. Clinical DataMiner (CDM)'s data collection user interface. The possibility toinclude pictogramsin case report formsis particularly interesting

for variables obtained from imaging modalities.
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Clinical Data Miner Architecture

CDM's modular, layered architecture enables paralel
development of user interfaces for multiple computing
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environments, which in the future could thus include mobile
phones or HIS. Moreover, the modularity of this architecture
has facilitated the organization of interrater agreement studies
that evaluate imaging modalities with the creation of amodified
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user interface that displays each imaging modality next to the
guestionnaire to be completed.

Thanks to CDM's generic nature, other studies are planned for
inclusionin CDM's eCRF system, such as studies about optimal

Installé et al

cytoreduction, pregnancies of unknown location, and fertility.
CDM's modified user interface for conducting interrater
agreement studies has been used for the six studies listed in
Table 2.

Table 2. List of interrater agreement studies organized using CDM user interface modified for supporting such studies.

Study Phases Reference
1 Improvement of interrater agreement through pictograms With and without pictograms [24], [15]
2 Endo-myometrial junction land 2 [25-27], [16-18]
3 Polycystic ovaries 1,23 2b [28], [19]
4 Uterine anomalies - [29], [20]

5 IETA2 -

6 Contrast enhancement study

with and without enhanced contrast images

Not yet published®

Not yet published®

3Datawere collected between July 2012 and February 2013. Authors: L Valentin, A Installé, P Sladkevicius, D Timmerman, B Benacerraf, L Jokubkiene,

A diLegge, A Votino, L Zannoni, and T Van den Bosch.

bDatawere collected between May 2013 and February 2014. Authors: A Sayasneh, A Installé, D Timmerman, T Van den Bosch, T Bourne, S Guerriero,
F Rizzello, LPG Francesco, MA Pascual, A Rossi, A Czekierdowski, A Testa, E Coccia, and A Smith.

Data Analysis Component

CDM'sdataanalysisAPIs, andits Jython modulesin particular,
considerably simplify the derivation of machine-learning models
from patient data. The integration of these capabilities into an
eCRF system simplifies access to data, and the availability of
the CRF definition simplifies preprocessing. Combined with
the possibility to use these APIs interactively, CDM provides
an excellent platform for rapid experimentation with different
combinations of preprocessors and machine-learning algorithms
in order to examine which combinations optimize predictive
performance.

CDM's APIs provide a method for easily generating learning
curves; Figure 6 shows one of these. Such curves offer a clear

insight into the evolution of a study's predictive performance
as the number of patient inclusions grows, so that study
coordinators can make an informed decision whether to continue
or to terminate enrolling patients. As long as growing patient
numbers result in marked performance improvements, patient
data collection should continue in order to generate better
models. By contrast, if the learning curves hit a plateau, or
exhibit a slope that is negligible with respect to variability of
performance results, patient recruitment should be terminated
in order to avoid useless patient recruitment costs. The ability
to optimize costs associated with patient enrollment resultsin
more optimal patient numbers than Monte Carlo simulations
[17] or rules of thumb [18] could provide, and has been very
well received by the IETA consortium's steering committee.

Table 3. Breakdown per module of number of source lines of code (SLOC) and line and branch test coverage ratios, as determined by the sloccount

and Cobertura programs, respectively.

Production code  Test code Line coverage Branch coverage
(SLoc?® (SLOC) n (%) n (%)
cdm-common 5862 7023 1800/1957 (91.98) 459/486 (94.4)
cdm-server 15,260 28,109 5781/6250 (92.50) 1437/1577 (91.12)
cdm-client 3595 7607 1128/1269 (88.89) 133/146 (91.1)
cdm-client-gwt 4090 5123 957/1828 (52.35) 137/321 (42.7)
cdm-webapp 321 177 38/111 (34.2) 2/2 (100)
Total 29,128 48,039 - -
Weighted average - - 9704/11,415 (85.01) 2168/2532 (85.62)

3N ote that interfaces contribute to SLOC, but not to the number of lines analyzed for line coverage, leading to different counts for number of linesin

the “Production code” and “Line coverage” columns.
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Figure 6. Learning curves, plotting predictive performance with respect to number of patient inclusions, can easily be generated using Clinical Data
Miner (CDM)'s libraries. (Abbreviations; AUC=area under the ROC curve; ROC=receiver operating characteristic.).
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Softwar e Development M ethodology

Our TDD approach has delivered good test coverage, as is
apparent from Table 3. Modules cdm-common, cdm-server,
and cdm-client all have line and branch test coverage levels
around 90%, guaranteeing high software quality. Modules
cdm-client-gwt and cdm-webapp, responsible for binding
graphical widgetsto user interfacelogic, and therefore difficult
to verify using unit tests, have lower test coverages. However,
thanks to these latter modules' low complexity and infrequent
changes, their lower test coverages do not negatively affect
software quality.

Survey

Out of 42 clinicians contacted, 28 responded, resulting in a
response rate of 67%. Survey results in Table 4 show CDM to
be considered user friendly. Users particularly appreciate the
possibility to integrate pictograms for clarifying questions. A
large majority of users, 79% (22/28), experienced problemsin
less than 5% of interactions with CDM; Figure 7 shows this
information. All respondents considered using CDM for the
organization of their own studies.

Table 4. Average agreement levels with survey propositions among respondents.

Proposition Average agreement®
CDM isuser-friendly. 8.6
The layout of studiesisclear. 8.6
The VA is user-friendly. 8.1
CDM'sVAS isa good aternative to a paper VAS®. 8.2
Pictograms help to clarify questions. 9.4
Pictograms help to differentiate multiple choice questions. 9.2
Pictograms next to multiple choice options will improve reliability. 9.3

%0 = no agreement; 10 = full agreement
bVAS = visual analog scale
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Figure 7. Distribution of respondents over different ranges of issue frequencies. A large majority, 79% (22/28), of survey participants experienced

problems in less than 5% of their interactions with Clinical Data Miner.
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Discussion

Principal Findings

We developed an eCRF software framework for supporting
generic, multi-center clinical studies. Its high test coverage
guarantees good software quality and good maintainability,
while its modular architecture ensures the framework’s
extensibility.

Itsbuilt-in data access, data preprocessing, and machine-learning
capabilities streamline the clinical diagnostic model research
workflow by eliminating data export and import steps, as well
asby simplifying preprocessing. The possibility to accessthese
capabilities through a Jython console provides an excellent
platform for experimenting with different combinations of
preprocessing and machine-learning algorithms.

The functionality to simplify the generation of learning curves
enables study coordinators to assess whether to continue or to
terminate data collection, providing better dataset size estimates
than a priori application of rules of thumb or Monte Carlo
simulations could deliver.
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Abstract

Background: Most electronic data capture (EDC) and electronic data management (EDM) systems devel oped to collect and
store clinical data from participants recruited into studies are based on generic entity-attribute-value (EAV) database schemas
which enablerapid and flexible deployment in arange of study designs. The drawback to such schemasisthat they are cumbersome
to query with structured query language (SQL). The problem increases when researchersinvolved in multiple studies use multiple
electronic data capture and management systems each with variation on the EAV schema.

Objective: Theaim of thisstudy isto develop ageneric application which allows easy and rapid exploration of dataand metadata
stored under EAV schemas that are organized into a survey format (questionnaires/events, questions, values), in other words, the
Clinical Data Interchange Standards Consortium (CDISC) Observational Data Model (ODM).

Methods: CohortExplorer iswritten in Perl programming language and uses the concept of SQL abstract which allows the SQL
guery to be treated like a hash (key-value pairs).

Results:  We have developed a tool, CohortExplorer, which once configured for a EAV system will "plug-n-play" with EAV
schemas, enabling the easy construction of complex queries through an abstracted interface. To demonstrate the utility of the
CohortExplorer system, we show how it can be used with the popular EAV based frameworks; Opal (OBiBa) and REDCap.

Conclusions: The application is available under a GPL-3+ license at the CPAN website. Currently the application only provides
datasource application programming interfaces (APIs) for Opal and REDCap. In the future the application will be available with
datasource APIsfor all major electronic data capture and management systems such as OpenClinicaand LabKey. At present the
applicationisonly compatiblewith EAV systemswhere the metadatais organized into surveys, questionnaires and events. Further
work is needed to make the application compatible with EAV schemas where the metadata is organized into hierarchies such as
Informatics for Integrating Biology & the Bedside (i2b2). A video tutorial demonstrating the application setup, datasource
configuration, and search features is available on YouTube. The application source code is available at the GitHub website and
the users are encouraged to suggest new features and contribute to the development of APIsfor new EAV systems.

(JMIR Med Inform 2014;2(2):€32) doi:10.2196/medinform.3339

KEYWORDS
entity-attribute-value schema; biobank database; clinical information systems; CDISC ODM; SQL

biomedical science. Such systems are developed to centrally
manage the recruitment and storage of participant details. They

Electronic data capture (EDC) and electronic datamanagement  YPically comprise a powerful database engine accessible over
(EDM) systems are a key requirement for studies in modern the network using Web-based technologies. Such systems

Introduction

http://medinform.jmir.org/2014/2/e32/ JMIR Med Inform 2014 | vol. 2 | iss. 2 |e32 | p.20
(page number not for citation purposes)


mailto:abhishek.dixit@kcl.ac.uk
http://dx.doi.org/10.2196/medinform.3339
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

include built-in sanity checking and quality control procedures
to ensure the data captured is consistent and well formatted for
ease of downstream analysis. Some of the popular EDC and
EDM systems include OpenClinica, LabKey, Onyx, Opal,
REDCap, entity-attribute-value (EAV) with classes and
relationships (EAV/CR), and Informaticsfor Integrating Biology
& the Bedside (i2b2) [1-7].

Typically, EDC and EDM systems employ a generic EAV
schema. Through the use of such aschema, hundreds of clinical
attributes (or variables) can be stored in a single table without
having to create multiple tables. Additionally, more attributes
can be easily added without changing the underlying schema
[8-11]. The EAV model can be viewed as a database table with
three columns; one column specifies the entity (eg, participant
ID), one for the attribute (eg, cognitive test), and one for the
value of the attribute (eg, cognitive test score) [12]. If the study
islongitudinal with multiplefollow-up visitsthen an additional
column is often used to store the visit number. In longitudinal
studies, the combination of entity id and visit number can act
asaprimary key (acomposite primary key).

Although the EAV model providesagreat deal of flexibility in
storing data, such a schema requires the use of complex
structured query language (SQL ) to extract subsets of datafrom
thetables[13-16]. In addition, the choice of the system depends
on the study requirements. This poses a problem for the
researchers as different EDC and EDM systems differ in their
graphical user interface, data model and sometimes the
vendor/relational database management system (eg, OpenClinica
can be implemented in Oracle, PostgreSQL, Labkey in
PostgreSQL, REDCap, and Opal in MySQL ) thereby increasing
the burden of understanding and using the underlined datamodel
before querying datasources.

To address this problem we have devel oped CohortExplorer, a
generic framework that alows the detailed exploration of
clinical data stored under the EAV schema which is organized
into a survey format (questionnaires/events, questions, and
values) using a standard search interface. The main objectives
were to: (1) standardize the interface to EAV databases; (2)
enable user-friendly querying of entitiesand variables (ie, meta
data) at depth; and (3) provide the functionality to export the
data which can be readily parsed and loaded by statistical
software such as R for downstream anaysis [17].
CohortExplorer has no schema and solely depends on the
datasource API (discussed in the next section) and read-only
connection made to the clinical repository implementing the
EAV schema

By way of example, we demonstrate the utility of
CohortExplorer by connecting to and querying two commonly
used EDC and EDM systems, namely Opal [4] and REDCap
[5] both implementing their own version of the EAV schema
inMySQL. Opal and REDCap greatly vary intheir functionality;
Opal is developed to manage the participants (ie, EDM)
recruited as part of the clinical studies and relies on Onyx [3],
its sister software to recruit the participants (ie, EDC). Both
Onyx and Opal are developed as a part of OBiBa[18], a core
project of the Population Project in Genomics Consortium
(P3G), committed towards building high quality open source

http://medinform.jmir.org/2014/2/€32/
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systems for biobanks. All OBiBa software along with their
source code is available under the open source GPL3 license.
REDCap encompasses both participant recruitment and
management functionalities. REDCap was developed at the
Vanderbilt University and is currently comprised of over 900
active institutional partners with bases all over the world.
REDCap, unlike systems developed by OBiBa, is not open
source but is available at no charge.

Methods

CohortExplorer Core Componentsand
Implementation

CohortExplorer has three main components: (1) a datasource
API and configuration file; (2) an SQL abstraction layer; and
(3) acommand line search interface. Both the SQL abstraction
layer and command line query interface have been implemented
using object oriented Perl [19] programming language. Data
captured by the systems (questionnaires, surveys, and forms)
are referred to herein as tables and the questions, which form
part of the study, are termed variables with values being the
answers to the questions.

First, the easy part of building an EAV-schema-agnostic AP
isachieving backend independence. CohortExplorer implements
backend independence by the use of Perl module DBI [20]. DBI
isindependent of any database available in the backend and is
responsiblefor taking all SQL commandsand dispatching them
to the appropriate driver for execution. Using CohortExplorer's
datasource APl (a Perl class) the users can define the entity,
table, and variable structure under the EAV system. By structure
we mean what database tables and columns are to be consulted
to query dataand metadata. The organization of entities, tables,
and variables can be transformed into Perl hash (ie, data
structure with key value pairs) using SQL::Abstract [21]
discussed below. The Perl hash for entity, table and variable
can vary with variation in EAV schema. In addition, the user
authentication mechanism can a so be defined in the datasource
API. Thedatasource configuration file allowsthe user to define
datasource settings including database connection details like
dsn, username, and password (ie, it is the connector). The
documentation detailing the APl is available online [22]. A
video tutorial aiming to give users an insight into application
set-up including datasource configuration isal so available online
[23]. The tutorial with examples demonstrates various search
features offered by the application.

Currently, CohortExplorer comes with built-in APIs for Opal
and REDCap each catering to their own authentication
mechanism and variation in the EAV schema. Therefore, the
datasources stored within these systems can be queried using
the current set-up (Figure 1).

We intend to provide APIs for other EDC and EDM systems
such asLabKey [1] and OpenClinica[2] so the users can query
the repositories implemented using these systems with same
ease as Opal and REDCap. Opal and REDCap werethe starting
point considering their use at our institution. The application
source code is available on GitHub, a popular platform for
sharing and developing code [24]. The user community is
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encouraged to contribute to the development of APIs
appertaining to new EAV systems.

The security in CohortExplorer isimplemented using the built-in
authentication mechanism, setuid and Linux file permissions.
The application runs under the taint mode which sets up special
security checksincluding the check for unauthorized input. The
security features ensure the user running the application has no
accessto the configuration files containing the connection details
of the clinical repositories, the administrator is expected to
create a read-only connection to the repository. Moreover, the
application can be easily made to pay attention to user
permission assigned within the repository. For example, the
REDCap datasource API ensures only users who are allowed
to export data in REDCap can use CohortExplorer. The API
takes into account what variables and records are accessible to
the user within REDCap. If some user is prohibited from
viewing theidentifiableinformation on participantsin REDCap
the APl makes surethe user does not have accessto the variables
pertaining to the participant identifiable information (eg,
participant's name, address, etc).

Second, at its core, CohortExplorer is powered by the SQL
abstraction layer implemented using the Perl module,
SQL::Abstract [21]. The abstraction layer serves two main

purposes Firstly, it allows SQL statements to be treated as a
hash with SQL components (ie, -columns, -from, -where,
-group_by, -order_by, and -having) as keys in the hash. The
SQL statements to query data and meta data can easily be
constructed from the entity, table and variabl e structures defined
in the datasource subclass. As the EAV datasource can be
cross-sectional or longitudinal, the second feature of the
abstraction layer is that it enables the SQL generating engine
to generalize the EAV schemaasal or 2 table database (static
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or dynamic) depending on the datasource type, hence making
the easy and flexible construction of complex and dynamic SQL
statements with placeholders. This is done to address the data
heterogeneity at the forms/questionnaires/surveys level. The
forms, which are only used once throughout the study, are
grouped under static table (eg, participant demographics). This
table is created by grouping or aggregating the form data on
entity id. Such tableisapplicableto cross-sectional studies but
may also apply to longitudinal datasources. The forms which
are used repeatedly throughout the study in the form of
follow-up visitsare grouped under dynamic table (eg, cognitive
assessments). The dynamic tableis created by grouping the data
on the concerned forms on the entity _id and the visit number.
Currently the application does not support querying datasources
with multiple arms. In future the application may consider other
table structuresto address variation in datawith respect to arms.

Third, the command line interface (CL1) isimplemented using
the Perl module CLI::Framework [25] (See Figure 2) and
enables the user to query the clinical datasources. The CLI has
two main components. (1) Application - this component
authenticates the user and initializes CohortExplorer for the
user specified datasource and dispatches the supplied command
for further processing (See Figure 3); (2) Command - this
component does the command specific processing and returns
the output to the application component for display. The
command component is divided into 5 main commands each
of which performs a specific operation as described in Textbox
1

Each command has a mandatory help section which details
command usage with examples. CohortExplorer can also be
run on the standard Linux shell so the user can easily set-up a
report scheduling using the Linux in built Cron functionality.
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Textbox 1. Command components.

1

describe- Thiscommand printsthe datasource description in atabular format where the table header isthe entity count (ie, number of participants
in the datasource/study) and table body contains the information appertaining to each table in the datasource. The first column in the table body
isthe table name (ie, questionnaire/surveys/forms) followed by table attributes (eg, variable count, associated label, etc) specified in the datasource
APIL.

find - This command allows the user to find recorded variables using keywords which can be utilized to build an entity search query. The user
can perform both case insensitive and fuzzy searches. The command prints the variable dictionary (ie, metadata) of variables meeting the search
criteriain atabular format where the first column is the name of the variable, second column is the table which records the variable and other
columns include variable attributes (eg, variable type, categories, associated label, etc) specified in datasource API. The command looks for the
presence of keywords in all variable attributes.

sear ch - This command allows the user to search entities using variables of interest. The user can also impose conditions on variables using all
valid SQL operators; =, =, >, <, >=, <=, in, not_in, like, not_like, ilike, between, not_between, regexp, and not_regexp. The command includes
auto-completion enabling the user to enter the first few characters of some command option/argument (eg, export directory, variable or table
name) and press the completion key (ie, TAB) to fill-in the rest of the characters. At any time in CohortExplorer's consol€/interactive mode the
user is able to view all tables and variables they have access to by simply pressing the TAB key. In addition, the command allows the user to
view descriptive statistics and export datain csv format which can be easily parsed in statistical software like R for downstream analysis. The
search command is available to both cross sectiona and longitudinal datasources. When cal culating descriptive statistics for variables belonging
to dynamic tables the command groups the variables by visit. The command also includes a bookmarking feature which allows the user to save
commands for future use.

compare - As the name suggests, the compare command allows the user to compare entities across visits. The command is only available to
longitudinal datasources. The command allows the user to search and impose conditions at a visit level. Prefixes vAny, vLast, v1, v2, etc are
added to variable names. For example: v1.var representsfirst visit of the variable 'var', v2.var represents second visit, vVAny.var implies any visit,
vLast.var last visit, and 'var' in this command simply represents all visits. The prefix vAny and vLast are abstract terms as vVAny and vLast can
be any visit (generally the last time a variable was recorded for some entity is not known in advance so practically any visit can be the last visit).
The dataexported viathis command is formatted horizontally (ie, repeating variables) unlike the search command which exportsthe data vertically
(ie, repeating entities) where each row represents an entity followed by the user provided visit variables (ie, dynamic table) or smply variables
in case of static tables. The statistics produced in this command are calculated with respect to the entity_id and the number of observations for
each variable is equivalent to the number of times or visits each variable was recorded for each entity.

history - The user can keep track of their previously saved commands using the history command. By specifying the show option the user can
view al their saved commands along with the date-time stamp. The user can re-run any of the previously saved command or use the information
in the commands (ie, options arguments) to build new commands.

Figure 1. Using the datasource API, CohortExplorer, via the authentication mechanism, is able to connect to secure EAV clinical repositories such as
REDCap and Opal. The connection made to the clinical repository is expected to be read-only. Once connected, the user can explore the datasources
stored within the repositories using the abstracted command line search interface.
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Figure2. Thefigure showsthe classesimplemented under CohortExplorer. CohortExplorer::Applicationisinherited from CLI::Framework::Application
(super class) and overridesthe methods shown. All command classes areinherited from CL1::Framework::Command which isan abstract factory (dotted
arrows). The meta commands such as menu and help are application aware commands with direct access to the application object. The application class
dispatches the command objects. CohortExplorer::Command::Query extends CLI::Framework::Command (dark head arrow) and acts as an interface
to search and compare command classes. CohortExplorer::Application class uses CohortExplorer::Datasource (an abstract class) to initialize the
datasource. CohortExplorer::Datasource provides hooks or methods (also shown) which are implemented by subclasses such as
CohortExplorer::Application::My::Datasource corresponding to electronic data capture and management systems such as Opal and REDCap.

CohortExplorer:Application:My::Datasource

CohortExplorer:Datasource
authenticate() CohortExplorer:Command:Query
additional_params( TR = - = n
entity_structure() usage_text) - .I ohoriExplorer::Command:Query::Searc| |
tahle_structure() get_valid_variables( :
variable_structure(0 process_result() 4‘ -
datatype_map() process_table() q_l
T create_dataset) : | CohortExplorer::Command::Query:Compare |
CohortExplorer::Application If I *
T | CohortExplorer::Command::Describe | ______ -
: T A D CLI:zFramework::Command
v I i
icati CohoriExplorer:Command:Find ! i subcommands
CLE:Framework::Application P & - 1 P——————— .D -
! 1
- - [
tered d_object:
‘cr:f;; B B | CohortExplorer::Command:History |-, : | _D aption_spec(
_ ] 1 -
_interactive ! H r------ D usgge_texto
i CohortExplorer:Command::Help —_— 1 validate()
init ] 1 ,____D runf)
command_alias() R 11
command_map( _| CohoriExplorer:zCommand:Menu | _______ L D
option_spec() :
RNz ETEaEr) CLI:zFramework:Command:Console —————— J
usage_text()
pre_dispatch()
noninteractive_commands()
handle_exception()
render()
read_cml()
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Figure3. Theflow chart showing the overall work flow of CohortExplorer. The user runs CohortExplorer by providing the datasource name, username,
password and the command to execute. When running the application in console/interactive mode (determined by the console command) a menu of
available commands s displayed. The user inputs the command along with command options and arguments (if applicable), the application processes
the command and displays the results. When running the application on standard Linux shell the application simply processes the command input,
displays the results and terminates the connection.

Provide username, Validate, authenticate
password and datasource and initialise the
datasource
Describe
Datasource No
Description
Yes
Find

Search variables

Console mode?

7

History No

Showlclear saved Command menu
commands

Search
Search entities

\2

Process user
input

T

Is datasource
longitudinal?

Is fquit signal? Yesg
Yes
Compare No
Compare entities
across visits
Process command
and display results
http://medinform.jmir.org/2014/2/e32/ JMIR Med Inform 2014 | vol. 2 | iss. 2 |e32 | p.25

X SL F (page number not for citation purposes)
-FO

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Results

Case Studies

Overview

To evaluate the utility and feasibility of CohortExplorer we
connected the system to two real-world datasources, an
Alzheimer's and Dementia biomarker study and the National
Ingtitute for Health Research (NIHR) BioResource for Mental
Hedlth based at the Institute of Psychiatry, Kings College
London, United Kingdom.

The NIHR Alzheimer's and Dementia datasource is powered
by Opal (OBiBa) [4] and stores the data from two cohorts;
namely AddNeuroMed (European Union funded European
Middleware Initiative) [26-27] and Kings Hedlth Partners -
Dementia Case Register (DCR) [28-29]. The data comprises
participant and informant interviews conducted using Onyx
(OBiBa) [3] longitudinally. The Onyx interview is comprised
of 7 main questionnaire categories. consent, demographics,
physical measurement and samples obtained, disease history,
family history, cognitive tests, and diagnosis.

Data collected by The NIHR BioResource for Mental Health
[30] isstored in REDCap. Thislongitudinal study aimsto collect
50,000 samples over the next 5 years from patients registered
with South London And Maudsley NHS Foundation Trust
(SLAM) and King's Health Partners. The project collects data

Dixit & Dobson

on patients' demographics (eg, age, sex, ethnicity, etc) along
with blood and saliva samples for molecular analysis, which
includes developing new diagnosis tests, identifying new drug
targets, and understanding the causes of different mental
disorders.

Below, we provide examples of distributed queries that can
easily be performed on the two clinical datasources using
CohortExplorer's Opal and REDCap datasource API.

Alzheimer's and Dementia Datasource (Opal)

Questions we can answer using CohortExplorer's Opal
datasource API (Figure 4): (1) during the course of the study
how many participants with Mini Mental State Examination
(MMSE) scores between 15 and 20 have had a history of
hallucinations but not delusions or vice versa? We would like
to know their disease status; (2) how many participants who
previously had mild cognitive impairment have been diagnosed
with Alzheimer's disease? We would aso like to see their
MMSE total at first and last visit; (3) at any visit during the
study how many non-European femal es receiving anti-psychotic
medication have been diagnosed with Alzheimer's disease? We
would aso like to know their MM SE scores and if they had
ever suffered with high blood pressure and diabetes; and (4)
how many participants have consented for brains for dementia
research study? For all consented participants export compl ete
data and show ethnicity, disease status at first and last visit.

Figure 4. CohortExplorer commands for the Alzheimer's and Dementia datasource. For better understanding the commands are divided into their
respective components namely; command name, command options and command arguments.

[emd- opts ]
--out=/home /user/exports

--stats

--cond=MMSE .MMSE Total='between, 15, 20'

--out=/home /user/exports
--cond=vAny .Conclusion.Disease Status='=,
--cond=vlast.Conclusion.Disease Status='=,

MCI'

compare --out=/home /user/exports

--save- command

--cond=vAny .Camdex.Antipsychotics='=, Yes'
--cond=vAny .Camdex.Past History 1='=, Yes'
--cond=vAny .Camdex.Past History 14='=, Yes'

- -out=/home fuser/exports
--export-all
--cond=vl.InformedConsent .Study BDR='=, true'

NIHR BioResource Datasource (REDCap)

Questions we can answer using CohortExplorer's REDCap
datasource API (Figure 5): (1) how many participants in the
study were born between 1950 and 1970? For all consented
participants, produce summary statistics showing percentage
breakdown by gender and registration clinic; (2) how many
females have withdrawn from the study citing negative media

http://medinform.jmir.org/2014/2/€32/
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--cond=NPI.Hallucinations_Suffered='!=, NPI.Delusions_Suffered'

ADC'

--cond=FamilyHistory.Subject Ethnicity='regexp, "(white|british|europe)'

--cond=vLast.Conclusion.Disease Status='=, ADC'

--cond=vLast.Conclusion.No Contact Permission Reason='like, %died%'

[emd-args]
Conclusion.Disease_Status
NPI.Delusions_Suffered

v1.MMSE .MMSE_Total
vLast.MMSE.MMSE_Total

v1.MMSE .MMSE_Total
vLast.MMSE.MMSE_Total
Demographics.Education Years

vl.Conclusion.Disease Status
vLast.Conclusion.Disease Status
FamilyHistory.Subject Ethnicity

reports and health reasons? Show date of birth of all females;
(3) how many participants have donated blood on their first
visit but not thelast visit? For al participants meeting the query
criteria obtain data on gender, date of birth, and samples
collected; and (4) how many participants have donated blood
plateletsin all visits? For all resulting participants show gender,
date of birth, and the investigator who took the consent.
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Figure5. CohortExplorer commands for the NIHR BioResource for Mental Health datasource.

[cmd-opts]
- -out=/home/user/exports
--stats

--cond=consent.consent complete='=, 2'

--out=/home/user/exports
--export=visit

--cond=registration.gender='=, female'

- -out=/home/user/exports

- -save- command
--cond=vl.visit.visit blood donor='=, yes'
--cond=vlLast.visit.visit blood donor='=, no'

- -out=/home/user/exports

--cond=visit.visit platelets_donor='=, yes'

Discussion

Principal Findings

CohortExplorer provides a secure and standard platform with
which to query clinical repositories that are based on the EAV
framework such as Opal and REDCap. The application relies
on aread only database connection to the repository (via the
datasource configuration file and datasource API). For
longitudinal studies, CohortExplorer provides summary statistics
both at the visit level as well as at the entity level. Moreover,
the output from the application can be easily parsed by statistical
software such as R for downstream analysis and the commands
can be bookmarked for future use. The application runs on
standard Linux shell thus making scheduled reports possible
through the cron daemon. The application also supports the
auto-complete or tab completion functionality making it easier
for the user to provide variables and table names. The
functionality can be helpful considering clinical variables can
have long names.

CohortExplorer provided basi c authorization and pays attention
to the user permissions asimplemented by the parent repository.

One of the main advantages of CohortExplorer isthat the search
interface is independent of the system storing the clinical data.
Thisfeatureisof particular importance considering most of the
EDC and EDM systems differ significantly in their query
interface and researchers involved in multiple studies end up
using multiple systems based on the study requirements.
Deployment of CohortExplorer will lower the burden on
researchers and data managersto learn and use the underlining
datamodel before querying for entities of interest. With minimal
training the researchers and data managers can use
CohortExplorer to generate hypotheses, reports, and also to test
the data accuracy.

[cmd-args]
registration.gender
registration.registration_clinic

--cond=registration.date_of birth='between, 1950-81-01, 1970-01-01'

registration.date of birth
withdrawal.withdraw_instigator

--cond=withdrawal.withdraw reason='like, %negative%, %unwell%'

registration.gender
registration.date of _birth
vl.visit.visit blood samples
vl.visit.visit urine samples
vlast.visit.visit blood samples
vlast.visit.visit urine samples

registration.gender
registration.date of birth
consent.consent_researcher

CohortExplorer is written in Perl with CLI::Framework and
SQL ::Abstract asmain modules. The application can beinstalled
with all of its dependencies and the user manual viaits Debian
package which is available online [31]. As the application
implements SQL abstraction it is compatible with other
relational database management systems such as Oracle,
Microsoft SQL Server, and PostgreSQL . However, this feature
is yet to be tested. The Debian package includes Opa and
REDCap APIs. The user isencouraged to use these as examples
when trying to create a datasource API for anew EAV schema.
The application is supported by active development and users
are encouraged to suggest new features and get involved in
development on GitHub [24]. At present, the applicationisonly
compatible with EAV systems that fit into a survey format
(questionnaires/events, questions, and values) in other words,
the CDISC Observational DataModel (ODM). Further work is
needed to make the application compatible with EAV schemas
where the metadata is organized into hierarchies such asi2b2.

The future work a so includes extending the application to EDC
and EDM systems implemented in Oracle, PostgreSQL, and
Microsoft SQL server such as LabKey and OpenClinica.

Conclusions

CohortExplorer provides a user-friendly and generic approach
to slice and dice clinical datasources stored under the EAV
format. For biomedical researchers, CohortExplorer provides
an easy to understand view of the unstructured and complex
clinical data. The application is available as open source under
the GPL-3+ license. The source-code, Debian package and
manual are available online [24,31]. A video tutorial
demonstrating the application set-up and features is aso
available online [23]. Thetutorial aimsto give users an insight
into the application set-up, datasource configuration, and query
features.
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Abstract

Background: Managing appointmentsin private medical practices and ambulatory care settings is a complex process. Various
strategies to reduce missed appointments can be implemented. E-booking systems, which allow patients to schedule and manage
medical appointments online, represents such a strategy. To better support clinicians seeking to offer an e-booking service to
their patients, health authorities in Canada recently invested in a showcase project involving six private medical clinics.

Objective: The objectives pursued in this study were threefold: (1) to measure adoption and use of the e-booking system in
each of the clinics over a 2-year period, (2) to assess patients’ perceptions regarding the characteristics and benefits of using the
system, and (3) to measure the impact of the e-booking system on the number of missed appointmentsin each clinic.

Methods: A mixed-methods approach was adopted in this study. We first extracted and analyzed raw data from the e-booking
system deployed in each of the medical practices to monitor adoption and use of the system over time and to assess the impact
of the system on the number of missed appointments. Second, we conducted a Web-based survey of patients' perceptionsin the
spring of 2013.

Results: The patients and physicians targeted by this showcase project showed a growing interest in the e-booking system as
the number of users, time slots made available by physicians, and online appointments grew steadily over time. The great majority
of patients said that they appreciated the system mainly because of the benefitsthey derived from it, namely, scheduling flexibility,
time savings, and automated remindersthat prevented forgotten appointments. Importantly, our findings suggest that the system’s
automated reminders help significantly reduce the number of missed appointments.

Conclusions; E-booking systems seem to represent awin-win solution for patients and physiciansin private medical practices.
We encourage researchers to replicate and extend our work in other primary care settings in order to test the generalizability of
our findings.

(IMIR Med Inform 2014;2(2):e24) doi:10.2196/medinform.3669

KEYWORDS
e-booking; medical practices; primary care; missed appointments; mixed-methods eval uative study

: system. Managing appointments in private medical practices
Introduction and ambulatory care settingsisacomplex process. One frequent
One of the keys to efficiency, productivity, and profitability jn  Problem faced by many clinicsisrelated to non-attendance [1].

private medical practicesis|inked to the appointment scheduling  AAccording to various studies, missed appointments (also called
“no-shows”) represent closeto 10% of all medical appointments
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[2,3]. There are many collateral effects associated with missed
appointments for the providers, staff, and the patients
themselves. For instance, no-shows can lead to lower
productivity for family physicians and their staff [4]. More
importantly, missed appointments increase overall wait time
for all patients and can lead to additional risks to their health
condition [3].

Various strategies to reduce missed appointments can be found
in the extant literature [5]. One frequently mentioned approach
isoverscheduling, which consists of booking more appointments
than the practice is actually able to accommodate [6]. While
this strategy may be efficient from the standpoint of use of staff
time, it usually creates a great deal of dissatisfaction for both
patients and staff [7]. Another approach involves reminders,
which are sent in various ways, such as by mail, telephone calls
(automated or not), emails, and text messages. These are
intended to minimize the risk of patients forgetting their
appointments. Several studies have compared the impact of
various communication methods for sending out reminders. For
example, Henderson [3] observed a decrease in missed
appointments when telephone or mailed reminders were used,
especially when these reminders were made a few days before
the appointment date. Others have observed that text message
reminders are as effective as other types [8-10].

Another strategy is called advanced access scheduling [11,12].
This involves reserving appointment slots for same-day
appointments, rather than booking appointment slots monthsin
advance. In other words, physicians who use advanced access
scheduling generally cut down on prescheduled visits, leaving
alarge portion of their day open for same-day visits. The mix
between prescheduled and open appointments is usually
determined by the medical practice's unique balance of supply
and demand for appointments. Research has indicated that
advanced access scheduling can provide numerous benefits,
including increased satisfaction for patients, providers, and staff
[13], fewer missed appointments [14,15], as well as increased
productivity among the health care professionals[13].

E-booking systems, which allow patients to schedule and
manage their medical appointments online, have also been
depl oyed to streamline management of appointmentsin medical
practices and ambulatory care settings [16,17]. While only 7%
of Canadian family physicians (compared to 30% in the United
States and 51% in Norway) offered such access in 2012 [18],
90% of surveyed Canadiansin 2013 said that if the functionality
were available, they would be likely to book an appointment
with their health care provider electronically [19]. Survey
respondents al so ranked e-booking in the top three most useful
online consumer health services, just behind electronic
prescription renewal s and viewing their lab results online. That
said, when asked whether they can currently make an
appointment with their family physician electronically, only
5% responded that they could.

http://medinform.jmir.org/2014/2/e24/
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To better support clinicians seeking to offer an e-booking service
to their patients, Canada Health Infoway, a federally funded,
not-for-profit organization tasked with accelerating the
development of health information technol ogies across Canada,
recently launched the e-Booking Initiative for eligible licensed
physicians in private medical practices. This program offers
financia support to help offset the costs associated with
e-booking system acquisition and implementation. Canada
Health Infoway also invested in a showcase project involving
six private medical clinics located in Québec, Canada. The
present study pursued three objectivesin line with this multisite
project: (1) to measure adoption (number of patients and
physicians enrolled) and use (humber of time slots available
online, number of appointments made online) of the e-booking
system in each of the clinics over a 2-year period, that is,
between January 2012 and December 2013; (2) to assess
patients' perceptions regarding the characteristics and benefits
of the e-booking system; and (3) to measure the impact of
system usage on the number of missed appointments in each
participating clinic. Evidence for effective technological
solutionsto streamline the appointment scheduling process and
improve attendance in primary care and outpatient settings is
lacking. Indeed, very few empirica studies [20] have
investigated the adoption, use, and effectiveness of e-booking
systems in private medical practices. Hence, the present study
attemptsto fill this gap.

Methods

E-Booking System and Sites

The Doctor Direct software application (DoctorDirect.com)
was deployed as part of this showcase project. This application
consists of a secure Web portal that enables patients to access
their doctor’s schedule 24 hours aday, 7 days aweek and book
an appointment that suits them best without the assistance of a
secretary. An email reminder, as well as a telephone reminder
(automated message), are sent to the patient 2 days before the
appointment. The patient is then able to confirm or cancel the
appointment online. This solution was chosen because of its
interoperability with the most widely used electronic medical
record (EMR) system (Kinlogix Medical, TELUS Health) in
medical practices in Québec [21]. The medical practices that
took part in thisproject (see Table 1) were identified by Canada
Health Infoway; they were chosen mainly because of the
diversity of their profilesin termsof health care services offered
and clients. Acronyms have been used to preserve anonymity
of the participating clinics. It was decided that each medical
practice would adopt a marketing strategy to promote the
e-appointment system with its clients. As shown later, the
promotion strategy for each medical practice was developed
based on the patients’ sociodemographic characteristics and
level of comfort with the technology, as well as the preferred
methods of promotion identified by the management at each
site. Medical practices did not receive any financial incentives
to encourage participation in this showcase project.
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Table 1. Profile of the medical practices.

Paré et a

Medical practice Health care services offered Clients

A Family medicine with two speciaists on-site Adults and children

B Family medicine, travel health, specimen collection center, operating rooms Adults and children

C Transrectal echography with or without biopsy, cystoscopy, vasectomy, Elderly clients/ primarily men
uroflowmetry, minor surgery, urology research

D Medical consultation with or without an appointment, emergency and minor surgery, Young families/ expectant women or
specimen collection service for laboratory testing, mother-child clinic, vaccination mothers with babies

E General medicine Ubisoft employees (young computer-

savvy people)
F Multidisciplinary health services Mostly adults or elderly people

Data Collection and Analysis

A mixed-methods approach was adopted in this study. First, to
monitor adoption and use of the e-booking system over the
2-year observation period, the supplier of the IT solution gave
us secure access to the system’s database. This allowed us to
extract raw usage datafrom the e-booking systemin use at each
of the six medical practices. These datawere then imported into
an Excel file that was used to produce severa graphs (see
Results section). In line with our second objective, a Web-based
guestionnaire survey was conducted in the spring of 2013. Of
the 4338 patients enrolled in the e-booking system at the start
of the study, 1032 (23.79%) agreed to be contacted by the
research team. The questionnaire, which was prepared in French
and English, was posted online using Qualtrics software and
an email invitation to take part in the study was sent to all
potential respondents. A week later, an email reminder was sent
to all targeted respondents. As shown in the next section, data
were analyzed using various descriptive statistics (means,
standard deviations) and tests (Pearson’s chi-square test,
Student’s t test) as well as partial least square (PLS) multiple
regression tests.

Our third and final objective wasto assesstheimpact of the use
of the e-booking system on the number of missed appointments.
To this end, we began by analyzing data from Clinic A, which
had recorded the most appointments made online in the period
from January 1, 2012 to December 31, 2013. We compiled the
number of offline appointments (made through a secretary), the
number of online appointments, and the number of missed
appointments (offline and online) from January 2012 to
November 2013. A statistical t test analysis allowed us to
measure the impact of the e-booking system on the number of
missed appointments. Datawere then collected on the four other
medical clinics (B, C, D, and E) from the databases of their
e-booking systems. Datafor a 12-month period (December 2012
to November 2013) were analyzed, since the volume of online
appointmentswas high enough to perform the desired analyses.

http://medinform.jmir.org/2014/2/e24/

Datafrom Clinic F were not analyzed since the volume of online
appointments was too low. Datawere analyzed using Student’s
t test.

Ethical approval for this study was obtained from the Research
Ethics Council of HEC Montréal in March 2013.

Results

Adoption and Use of the E-Booking System

The statistics presented in Figure 1 show that 8296 patients
fromthe six medical practicesenrolled with Doctor Direct. This
represents 10.00% (3793/37,936) and 12.00% (4503/37,524)
of the active patients at al six clinics in 2012 and 2013,
respectively. Five of the six clinics recruited 1600 new
registrants, on average, from the time they deployed the
e-booking system to the end of 2013. Clinic F, which had more
difficulty recruiting patients to use the system, had only 250
patients registered at the end of 2013. According to those
responsible for the project, various technical problems (eg,
appointment confirmations not sent, time dlots offered to more
than one patient), which had occurred mostly in 2012,
represented an aggravating factor for this site.

At the end of 2012, there were 34 physicians using the system
in six clinics for atotal of 50 possible licenses (68%). Twelve
months|ater, 47 licenses (94%) were being used by thetargeted
physicians. In terms of system use, the number of time slots
that the physicians had made availabl e online grew from 23,201
in 2012 to 43,101 in 2013, for a 46% increase. As shown in
Figure 2, the number of medical appointments booked online
by patients grew by 32%, from 5490 in 2012 to 8063 in 2013,
bringing the number of online appointments to 13,553. This
represented atotal of one out of every five time slots assigned
to the online reservation system. Last, the average registered
patient made 1.6 online appointments from the time they
enrolled in the system until December 31, 2013.
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Figure 1. Number of new patients enrolled, by medical practice.
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Figure 2. Number of medical appointments booked online in 2012 and 2013, by clinic.
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Survey of Patients Enrolled in the E-Booking System

A total of 228 completed questionnaireswere received between
March 29 and April 3. As mentioned above, a reminder letter
was sent to all targeted respondents on April 4. This reminder
helped retrieve an additional 147 questionnaires. The final
response rate was 36.34% (375/1032), which is deemed
satisfactory [22]. Among the questionnaires received, 71 had
to be discarded due to missing data. The final sample was thus
comprised of 304 questionnaires, including 194 received before

http://medinform.jmir.org/2014/2/e24/
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the reminder and 110 after the reminder. As there was no
statistically significant difference between early and late
respondents on all attributes, response bias was unlikely [23].

As shown in Table 2, the sample consisted of two main
categories of respondents: patients who had already made at
least one appointment online since enrolling in the e-booking
system (n=241) and patients who had not yet made an
appointment using the system (n=63). The results show
similarities between the two groups as to sex, age, and level of
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education. The sampleincluded slightly more women than men
and all age groups were represented, although individuals aged
50 to 59 years represented the main group of respondents. Four
out of five respondents had a college diploma or university
degree, which shows a high level of education.

We began by asking patients who had not yet booked an
appointment online (n=63) to state their reasons for not doing
so. The main reason was that they had not needed to schedule
adoctor’s appointment between the time they enrolled and the
study period (n=24). However, morethan one-third of non-users
(33%, 21/63) indicated that they had tried to schedule an
appointment but were unable to do so because no time slot was
available for their doctor. Technical problems during their first
attempt discouraged only 14 respondents. It isworth mentioning
that system user-friendliness and security did not seem to be
major barriers to system use. We also asked this sub-group of
patients the extent to which they intended to schedule their next
medical appointments online. About 85% (54/63) responded
positively.

We then turned our attention to patientswho had booked at | east
one medical appointment online using Doctor Direct (n=241).
The majority of system users (56.0%, 135/241) had booked
only one appointment online, while one in four (24.0%) had
booked two appointments and 20.0% had booked three or more.
Thevast majority (83.0%, 200/241) used the system to manage
their own medical appointments, while only 17.0% (41/241)
used it to book appointments for relatives. As shown in Table
3, users of the e-appointment system claimed to be very satisfied
(average of 4.2 on a scale of 5), perceived the system as very
user-friendly (4.3/5), and had a firm intention of continuing to
useit in the future (4.5/5).

To further investigate the factors that motivate patients to
continue using the e-appointment system in the future, wetested
aresearch model derived from the works of Bhattacherjee[24]
and Hong et a [25] on information systems continuance. As
shown in Figure 3, our model suggests that an individual’s
intention to continue using a computer-based system is mainly
influenced by hisor her level of satisfaction toward the system.
In turn, user satisfaction is influenced by the extent to which
initial expectationstoward the system are confirmed as well as
by two factors from the TAM (technology acceptance model)

http://medinform.jmir.org/2014/2/e24/
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proposed by Davis[26], namely, system ease of use and system
usefulness. Following Hong et al [25], our model a so proposes
direct links between the TAM constructs and the dependent
variable. The survey instrument that was used is presented in
Multimedia Appendix 1. The reliability of the measures was
determined with Cronbach alpha. Findings in Table 3 indicate
that all the measures, without exception, meet or surpass the
.70 threshold of statistical significance [27]. This table also
demonstrates the validity of the variables included in our
research model. In particular, we see that the square root of the
variance shared by each variable and its respective items is
greater than the inter-correl ations between the variables.

PL S regression analyses were performed to test the linksin our
model. Our findings supported al relationships, with the
exception of the association between system ease of use and
continuance intention. It would thus appear that system
user-friendlinesshas an indirect effect on the dependent variable
viaits direct influence on user satisfaction. Most importantly,
our findings underline the importance of the “expectation
confirmation” variable which, asanticipated, isstrongly related
to TAM factors and user satisfaction. This result shows the
importance of managing users' initial expectations to ensure
that they are not disappointed when they first attempt to use the
system.

Next, Table4 indicates that three kinds of benefits were
perceived by system users: scheduling flexibility, time savings,
and automated remindersthat prevented forgotten appointments.

Concerning the marketing or promotiona strategies
implemented in each medical clinic, we asked all respondents
(n=304) to indicate what had led them to enroll in the e-booking
system. As shown in Table 5, half of them mentioned that they
enrolled because a secretary had recommended it during aprior
visit to the clinic. One out of five patients signed on to the
Internet portal at the recommendation of their physician, and
approximately 15% wereinspired by the message on theclinic's
voicemail and the tab on the medical clinic's website. The
brochuresand posters promoting the portal intheclinics waiting
rooms appeared to have had little effect on enrollments, since
they were mentioned by only 6% of respondents. No significant
statistical differences were found across medical practices.
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Table 2. Profile of survey respondents (n=304).

Patients who booked on-  Patients yet to

line at least once book online
(n=241) (n=63)
n (%) n (%) X2 andt P value
Sex
Men 109 (45.2) 22(34.9)
Women 131 (55.4) 39 (61.9) X?=17 197
Age, years
18-29 21(8.7) 8(12.7)
30-39 60 (24.9) 13 (20.6)
40-49 29 (12.0) 8(12.7)
50-59 66 (27.4) 18 (28.6)
60-69 46 (19.1) 11 (17.5)
70+ 19 (7.8) 5(7.9) x?=13 933
Education
None 4(1.7) 0(0.0)
High school diploma 44 (18.3) 10 (15.9)
College diploma 54 (22.4) 16 (25.4)
Bachelor degree 73 (30.2) 26 (41.3)
Master's degree 53(22.0) 7(111)
PhD 12 (5.0) 3(4.8) x%=6.3 279
Medical practices
A 18(7.5) 6(9.5)
B 70(29.0) 39 (61.9)
C 77 (32.0) 2(3.2)
D 57 (23.7) 7(11.1)
E 13 (5.4) 6(9.5)
F 6(2.5) 3(4.8) X?=55.1 .000
Level of computer knowledge 2 45 4.2 t=2.3 022
8scale of 1 to 5 where 1=dightly familiar and 5=very familiar.
Table 3. Descriptive statistics and variance shared by the variables.
Mean SD Number of Cronbacha- PU EOU CONF SAT  CONT
items pha
Perceived usefulness of the system 4.2 0.9 4 .86 852
(PU)
User-friendliness of the system (EOU) 4.3 0.8 4 .93 68° 91
Confirmation of expectations (CONF) 4.0 10 3 .87 8b 68° 89
Satisfaction with the system (SAT) 4.2 0.9 4 .80 70 Bgb 73b 82
Intention to continue using the system 4.5 0.8 3 .93 81P 62° 76° 7o .94
(CONT)

#The ratios on the diagonal represent the square root of the variance shared by each variable and its respective items. The ratios below the diagonal are
correlations between variables.

bp<.001.
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Table 4. Perceived benefits of using the e-booking system (n=241).

Average SD
(1-5scale)
Greater flexibility
Makes it possible to book appointments when it is most convenient. a7 1.0
Greater flexibility in the choice of available time slots. 4.6 12
Time savings
Saves time by eliminating waiting on the phone. 45 1.0
Savestime by eliminating the need for reminders several times at theclinicwhen 4.5 12
the phone is busy.
Savestime by eliminating the need for meto goin persontotheclinicto schedule 4.5 12
an appointment.
Reduction in forgotten appointments
Makes it easier to remember appointments thanks to reminders. 45 1.0
Table 5. Promotional strategies put in place and patients’ receptiveness (n=304).

Promotional strategy ClinicA ClinicB ClinicC ClinicD ClinicE ClinicF Patients who
were influ-
enced,

n (%)

Secretary’s verbal recommendation va v v v v v 158 (52.0)

Physician’s verbal recommendation v v v v v v 62 (20.3)

Promotional message on theclinic’'svoice- Vv v v v v v 49 (16.1)

mail

Link on the medical clinic's website v v v X 45 (14.8)

Flyer distributed at the medical clinic v v v v v v 21(6.9)

Promotional poster in the medical clinic v v v v v v 17 (5.6)

Interactive terminals available in the clinic

(iPads) xP X v X -

Email invitation to all patients v v N/AC

8/ = Strategy implemented before the survey conducted in the spring of 2013.

bX=Strategy implemented after the survey conducted in the spring of 2013.

°N/A=Data not available in the survey questionnaire.
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Figure 3. Research model and PL S results (n=241). ***P<.005; **P<.01;
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*P<.05; ns=not significant.
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Impact of E-Booking on the Number of Missed
Appointments

Our third and final goal was to assess the impact of the
e-booking system on the number of missed appointments. As
explained above, we began by analyzing Clinic A’s data. The
results shown in Figure 4 indicate that the percentage of missed
appointments each month varied from 3.4% to 11% and
averaged 6.5%. However, when we compare appoi ntments made
online (by the patients themselves) from those made offline,
we note a large difference in the number of missed
appointments. The percentage of online appointmentsthat were

Figure 4. Proportion of missed appointments at medical practice A.

O line

missed varied from 0.6% to 4.3%, averaging 2.1%. Considering
appointments made in the traditional manner, missed
appointments represented 4.1% to 12.6% of the total and
averaged 7.6%. The difference between the two groups (offline
and online) in terms of the number of missed appointmentsis
statistically significant (t=8.8; P<.001).

Similar results were then obtained from four other medical
practices over a 12-month observation period from December
2012 to November 2013: Clinic B (t=6.3; P<.001), Clinic C
(t=5.8; P<.001), Clinic D (t=4.0; P<.005), and Clinic E (t=2.2;
P<.05).
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Discussion

Principal Findings

Overall, the patients targeted by this showcase project showed
a growing interest in the e-booking system as the nhumber of
users grew steadily over time. The promotion strategies that
had greatest impact on the number of enrollments were verbal
recommendations from a secretary and, to alesser extent, from
the attending physician. The great majority of users said that
they appreciated the system because they found it user-friendly
and for the benefits they derived from it, and this can be seen
in the constantly increasing number of appointments made
onlineover the 2-year period. Three main categories of benefits
were perceived by patients, namely, scheduling flexibility, time
savings, and automated reminders that prevented forgotten
appointments. Findings a so reveal that the number of time slots
opened up by the physicians also grew month after month, and
this represents a critical success factor [16]. Indeed, those
respondentswho had tried to schedule an appointment but were
unable to do so because no time slot was available for their
doctor are among those who had no intention of continuing to
use the e-booking in the future. Last, in line with prior findings
[20], our study reveals that the use of an e-booking system can
help significantly reduce the number of no-shows or missed
appointments.

Despite the encouraging results presented above, some
physicianswere gtill hesitant to make time slotsavailable online,
One reason cited by our respondents was rel ated to the fact that
there are different types of medical appointments (eg, routine
annual examinations, prenatal check-ups, surgical follow-up),
and they vary in length. This constraint was discussed during
the project, and a strategy was developed in response: the
development of pop-up menus. Such menus act as filters that,
through structured questions (eg, the patient’sfirst appointment:
yes/no, a diagnosis requiring follow-up, etc.), lead the patient
to select the right type of appointment, that is, one for the right
amount of time. In addition to this solution, we believe that
better integration of the e-booking system into the EMR system
used by each clinic could facilitate the allocation of time slots
by adapting the type of time slot to the health condition of each
patient. Last, it isimportant to manage physicians' expectations.
If aphysician has not freed up a sufficient number of time slots
for online appointments, patients may lose interest and stop
using the system. Setting realistic objectives by carefully
targeting the percentage of time slotsto be offered online and/or
by beginning with specific types of appointments (eg,
vaccination clinics or short, regular follow-up appointments)
may encourage a gradual transition to routine system use.

Acknowledgments
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With regard to promotional strategies, secretariesand physicians
must continueto encourage patientsto use the e-booking system,
particularly since such use leads to a significant decline in
missed appointments. It would appear important to emphasize
the benefits of system use: flexibility in making appointments,
thetime saved, and automated reminders, which prevent patients
from forgetting their appointments, rather than the system’s
features, such as its user-friendliness, security, and reliability.
Another suggestion would be to send periodic reminders to
patients enrolled in the system so that they will not forget about
the system and about having enrolled in it. These reminders
should clearly present how to recover forgotten user codes and
passwords. To prevent these messages from being perceived as
junk mail and ignored, they could be combined with general
information designed to make patients more responsible for
their health or by public health messages.

Limitations

The results of this study must be interpreted with caution due
to itsinherent limitations. For one thing, we are mindful of the
small scale of the showcase project. Future studies should try
to vaidate our findings among a larger number of medical
practices and contexts. We al so recognize the usual constraints
and generalization limitations associated with cross-sectional
surveys [22]. Next, it is important to mention, with respect to
generalization, that our survey was limited, as we were unable
to estimate the characteristics of the reference population. This
is a direct consequence of using, as a recruitment strategy,
voluntary participation for completing an online questionnaire.
Importantly, we analyzed secondary and survey data associated
with a single e-booking system that necessarily has its own
characteristics. Our findings must therefore be replicated with
other e-booking platforms. Last, it would also be interesting to
carry out in-depth interviews with actual users (both patients
and physicians) of e-booking systems so as to gain a richer
insight into the data obtained through survey questionnaires.

Conclusions

In short, the main purpose of this study wasto assess perceived
and actual outcomesfollowing the deployment of an e-booking
system in six medical practices in Canada. Our results show
that e-booking systems seem to represent a win-win solution
for patients and physicians. For one thing, patients appreciate
using such a system due to its flexibility and the fact that use
allowsthem to save time. Further, our analyses suggest that the
system’s automated reminders help significantly reduce the
number of missed appointments, aproblem that plagues several
medical practices. We encourage health informatics researchers
to replicate and extend our work in other primary care settings
in order to test the generalizability of our results.
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Abstract

With growing concerns that big data will only augment the problem of unreliable research, the Laboratory of Computational
Physiology at the Massachusetts I nstitute of Technology organized the Critical Data Conferencein January 2014. Thought leaders
from academia, government, and industry across disciplines—including clinical medicine, computer science, public health,
informatics, biomedical research, health technology, statistics, and epidemiology—gathered and discussed the pitfalls and
challenges of big datain health care. The key message from the conference is that the value of large amounts of data hinges on
the ability of researchersto share data, methodol ogies, and findingsin an open setting. If empirical valueisto befromtheanalysis
of retrospective data, groups must continuously work together on similar problems to create more effective peer review. This
will lead to improvement in methodology and quality, with each iteration of analysis resulting in more reliability.

(JMIR Med Inform 2014;2(2):€22) doi:10.2196/medinform.3447

KEYWORDS
big data; open data; unreliable research; machine learning; knowledge creation

: for the purpose of learning. While such innovations remain
Introduction relativels imitedt n the clinical doman, interestin- big datain
Failure to store, analyze, and utilize the vast amount of data  Clinical care” has dramatically increased. Thisis due partly to
generated during clinical care hasrestricted both quality of care  the widespread adoption of electronic medical record (EMR)
and advancesin the practice of medicine. Other industries, such ~ Systems and partly to the growing awareness that better data

as finance and energy, have already embraced data analytics analytics are required to manage the complex enterprise of the
health care system. For the most part, however, the clinica
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enterprise has not had to addressthe problemsparticular to “big
data” because it has not yet satisfactorily addressed more
fundamental data management issues. It is now becoming
apparent that we are on the cusp of a great transformation that
will incorporate data and data science integrally within the
health care domain. In addition to the necessary major digital
enhancements of the retrospective analyses that have variably
beenin place, real time and predictive anayticswill also become
ubiquitous core functionalities in the more firmly data-based
environment of the (near) future. The initial Massachusetts
Ingtitute of Technology (MIT) Critical Data Conference was
conceived and conducted to address the many data issues
involved in thisimportant transformation [1,2].

Increasing interest in creating the clinical analog of “business
intelligence” has made evident the necessity of developing and
nurturing a clinical culture that can manage and trandate
data-based findings, including those from “big data’ studies.
Combining thisimproved secondary use of clinical datawith a
data-driven approach to learning will enable this new culture
to close the clinical data feedback loop facilitating better and
more personalized care. Authors have noted several hallmarks
of “big data’: very large datasets, alarge number of unrelated
and/or unstructured datasets, or high speed or low latency of
data creation [3,4]. The intensive care unit (ICU) provides a
potent example of a particularly datarich clinical domain with
the potentia for both clinical and financial benefitsif theselarge
amounts of data can be harnessed and systematically leveraged

Figure 1. Presentation at the Critical Data Marathon. Photo credit: Andrew Zimolzak.
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into guiding practice. Thus, we use the term “Critical Data’ to
refer to big data in the setting of the ICU.

This paper summarizes the lectures and group discussions that
took place during the recent Critical Data Conference at MIT,
Cambridge MA, on January 7, 2014. The conference was the
second part of atwo-part event that brought together clinicians,
data scientists, statisticians and epidemiologists.

The event opened with a“datamarathon” on January 3-5, 2014
(Figure 1), which brought together teams of data scientists and
cliniciansto mine the Multiparameter Intelligent Monitoringin
Intensive Care (MIMIC) database (version I1). MIMIC Il isan
open-access database consisting of over 60,000 recorded ICU
stays from the adult intensive care units at the Beth Israel
Deaconess Medical Center (BIDMC) in Boston, MA [5]. Over
100 people participated in the two-day data marathon, and
posters of the projects were displayed at the Critical Data
Conference.

The Critical Data Conference on January 7 was an
approximately ten-hour program comprising two keynote
addresses (Jeffrey Drazen, MD and John loannidis, MD, PhD),
sevenindividual lectures, three panel discussions, and two poster
sessions (Figure 2). The overall conference theme was
meaningful secondary use of big datafrom critical care settings.
Materialsfrom the conference (program, dlides, and videos) are
available online at the MIT Critical Data conference site [6].
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Figure 2. Critical Data poster session. Photo credit: Andrew Zimolzak.

The Problem

In his keynote address, Jeffrey Drazen, MD, Editor-in-Chief of
the New England Journal of Medicine, noted that the number
of evidence-based recommendations built on randomized
controlled trials (RCTs), the current gold standard for data
quality, is insufficient to address the majority of clinical
decisions. Subsequently, clinicians are often left to practice
medicine“blindly.” Without the knowledge generation required
to capture the decisional factors involved in redlistic clinical
scenarios, clinical decision making is often less data-driven than
determined by the “play of chance” buttressed by past
experience. Historically, a doctor took a history, performed a
physical examination and made a diagnosis based on what he
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or she observed. Astechnology and medical theory progressed,
knowledge such as laboratory and imaging modalities helped
mitigate chance in the diagnosis of disease. Rote application of
existing knowledge is not enough, as physicians want to
establish causality. Until now this has been done with theories,
but moving forward, theorieswill be inadequate unlessthey are
confirmed, trandated to practice, and systematically
disseminated in clinical practice.

This trial-and-error process continues today because data
generated from routine care is most often not captured and is
rarely disseminated for the purpose of improving population
health. Even in information-rich care settings like the ICU, the
knowledge necessary to mitigate the play of chanceis lacking
[7,8]. As such, the ICU provides a fertile ground for potential
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improvement. Specifically, Drazen suggested a potential role
for clinical data mining to answer questions that cannot be
answered using RCTs [9]. This approach would likely yield
benefits both more quickly and with fewer resources.

Drazen concluded with the question “At what point isdatagood
enough?’ Documented associations may be strong but not
sufficiently “proven” to establish causality. Drazen drew a
comparison with experimental physicists who hone future
studies on thework of theoristsaswell as on prior experimental
results: biomedical informaticians can identify meaningful
associationsthat can then guide design of new RCTswhere data
quality can beincreased by controlling for potential confounders.
This will require cross-disciplinary collaboration of frontline
clinicians, medical staff, database engineers and biomedical
informaticians, in addition to strong partnerships with health
information system vendors in order to close the loop from
knowledge discovery during routine care to the real time
application of best care for populations.

Secondary Usage of Clinical Data

Charles Safran, MD, MS, Chief of the Division of Clinical
Computing at the BIDMC and Harvard Medical School, spoke
next, sharing the dream of evidence-based medicine (EBM):
the ideal situation in which quality evidence would exist to
guide clinicians through all the conundrums faced on a
near-daily basis (eg, which test to order, how to interpret the
test results, and what therapy to institute). For the last
half-century, prospective RCTs have been the gold standard in
EBM. Safran noted, as Drazen had, that such trials suffer from
anumber of limitationsincluding economic burdens and design
limitations. An RCT can only address aseverely limited bundle
of particularly well-posed clinical questions. For many clinical
situations, it is either unethical or even impossible to proceed
with an RCT. Furthermore, the inclusion and exclusion criteria
often limit the generalizability of an RCT study and, given the
time it normally takes to run an RCT, it is very difficult for
these studiesto remain current with the rapidly evolving practice
of medicine.

Can another approach avoid at least some of the limitations of
RCTs? Safran suggested that retrospective observationa studies
(ROS) utilizing EMR dataare a promising avenue for generating
EBM. Digital records contain extensive clinical information
including medical history, diagnoses, medications, immunization
dates, allergies, radiology images, and laboratory and test results.
Consequently, routinely collected EMR data contains the rich,
continuous and time-sensitive information needed to support
clinical decision making and evidence generation [10]. However,
despite the many potential benefits, Safran pointed out that
secondary use of EMR datais still subject to limitations: EMR
data were not collected primarily for the purpose of evidence
generation and data analytics but for real-time and longitudinal
patient care [11]. As a result, EMR data are often poorly
structured, disorganized, unstandardized, and contaminated with
errors, artifacts, and missing values.

Safran echoed one of Drazen's points by proposing that we
should combine the usage of prospective RCTs and ROS in
such away that each complements the limitations of the other.
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Furthermore, he suggested the possibility of incorporating
additional novel sources of data such as social mediadata, health
data from portable sensors, and genetic data. While there are
many barriersto establishing such acomprehensive framework,
a big data picture of clinical, genetic, and treatment variables
holds promise in revolutionizing diagnosis and treatment.

Connecting Patients, Providers, and
Payers

For John Halamka, MD, M, the Chief Information Officer of
BIDMC, working with big data in hospital systems is hugely
challenging but at the same time holds tremendous promise in
providing more meaningful information to help clinicians treat
patients across the continuum of care. In his position, Halamka
has been tasked to aggregate data in novel ways in order to
provide better care for BIDMC's patient population. One
opportunity for furthering “big data in health care” is to
normalize the data collected viatheir EMR system and store it
in large, centralized databases. In turn, analytic tools can then
be applied to identify and isolate the quality data reporting
measures required to participate as an Accountable Care
Organization (ACO) under the Affordable Care Act.

Halamka emphasized that building these |arge datasets does not
intrinsically provide value from the start, stating that “workflow
is disparate, the vocabulary is disparate, and the people are
disparate.” Therefore, the normalization of data and its
distillation into standard schemas are difficult due to
discrepancies across longitudinal data. Further, since each
vendor models concepts differently, there must be an emphasis
on developing a “least common denominator” concept map
across vendors’ offerings.

Nevertheless, through this normalization effort, doctors can
utilize “scorecards’ to evaluate their own patient population
within and across the different payment models, such as Blue
Cross Blue Shield's Alternative Quality Contact measures, the
Center for Medicare and Medicaid (CMS) Physician Quality
Reporting System measures, and the CMS ACO measures. In
addition, physicians can query this dataset to identify the most
effective treatment regimes. However, such queries do pose
privacy and security issues in the hospital setting, and these
risksarefurther complicated by hospital staff utilizing personal
mobile devices such as cell phones, laptops, and tablets.

Creating a Data-Driven Learning System

The problem posed to the first panel (Figure 3), comprising
Gari Clifford, PhD, Perren Cobb, MD, and Joseph Frassica,
MD, and moderated by Leo Anthony Celi, MD, MS, MPH, was
how to create a data-driven learning systemin clinical practice
[8]. Privacy concerns were cited as the central barrier, as there
is a tradeoff between re-identification risk and the value of
sharing. Furthermore, recent work shows patients are reluctant
to sharefor certain purposes such as marketing, pharmaceutical,
and quality improvement measures, indicating aneed for public
education about the benefits of data sharing and that shared data
can be utilized without being used for marketing and other
unwanted purposes [2].
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There is also tension between intellectual property rights and
transparency. Resolution of this may require collaboration
between government, industry and academic institutions, as
seen with the US Ciritical IlIness and Injury Trials Group [12].
Thereisalso arisk that data sharing will make authors reluctant
to write audacious or unconventional papers (as did Reinhart
and Rogoff [13]), if data sharing puts such papers at perceived
higher risk of refutation (such as the refutation of Herndon et
al [14]).

Finally, the panel raised concerns about the high quantity but
perceived low quality of the datathat isactually captured. While

Badawi et d

there is hope that automatically captured data may be more
accurate than manually entered data, thereisal so somerisk that
doing so will introduce additional noise, furthering the problem
of quantity over quality. This concern poses the challenge of
capturing more and higher quality data in order to promote
reproducibility. Panelists observed that multidisciplinary
conferences like the Critical Data Conference are especialy
beneficial in this regard, as they provide an opportunity for
clinicians and data scientists to better understand the relation
between rea-world activity and the data that such activity
generates.

Figure 3. Data-driven learning system panel. Photo credit: Andrew Zimolzak.

Physician Culture as a Barrier to Spread
of Innovation

In the following panel moderated by critical care physician Leo
Anthony Cedli, MD, MS, MPH, fellow intensivists Djillali
Annane, MD, PhD, Peter Clardy, MD and Taylor Thompson,
MD reflected on the barriers presented by the current clinician
culture toward the goal of data-driven innovation in medicine
(Figure 4). The panelists observed that historically, EBM was
perceived to beincompatible with well-established observational
trials and experience, perhaps intilling a residual degree of
resistance. Consequently, echoing Safran’s sentiments, it will
be increasingly important that “big data” is understood as a
complement to RCTs and (patho)physiologic studies.
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Furthermore, condensing and filtering the vast quantity of data
to makeit applicable at the bedside will be key to adoption. The
specific inclusion of clinicians during the design process will
help to deter the creation of tools that inundate staff with
extraneous information and burdensome extra tasks. Likewise
theincorporation of “big data’ into medical education, inaway
that students and resident trainees will be able to understand its
importance in both everyday care and expediting research, is
vital.

While the panel agreed that more evidence is required to
determine whether big data can facilitate comparative
effectiveness research, it was acknowledged that it is necessary
to investigate this alternative since RCTs do not, and will not,
provide answers to an important fraction of the decisions
required on a daily basis. Scaling up RCTs to account for the
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thousands of decisions each day is not feasible, so big data
approaches may provide the most effective way to fill these
gaps. For example, three groups currently leading clinical trials
research in the analysis of fluid resuscitation in critically ill

Figure 4. Physician culture panel. Photo credit: Andrew Zimolzak.

The Role of Industry in the Data
Revolution in Health Care

There is concern that industry continues to view data as a
potential source of revenue and would therefore be opposed to
providing open access to what they consider to be proprietary
datawith businessvalue. In thelast panel discussion of the day,
moderated by Ambar Bhattacharyya, MBA of Bessem Venture
Partners, industry panelists Josh Gray, MBA of AthenaResearch,
Enakshi Singh, MS of SAP, and Omar Badawi, PharmD, MPH
of Philips Healthcare provided their insights on the topic.

They first addressed theissue of sharing databases freely, noting
that concerns associated with data ownership are not restricted
toindustry. Similar problemsand conflicts are observed among
most stakeholders in health care data ownership: patients,
hospitals, providers, payers, vendors, and academia. Generally
speaking, industrial data ownerswant to protect their datafrom
those who may use it competitively against them, share or sell
the data to derive direct clinical value, or profit from possible
insights. They also wish to avoid the overhead costs associated
with sharing. They areinterested in allowing society to leverage

http://medinform.jmir.org/2014/2/e22/

RenderX

Badawi et d

patients have collaborated to create a common database
architecture to allow for individual patient meta-analysis and
for these trials to be evaluated in aggregate by an externa
monitoring committee.

their data in order to make gains if, and only if, these other
interests remain unaffected.

The costs for responsibly sharing secondary clinical data are
not trivial. Although understanding the complexity of the data
presents a significant challenge, understanding the workflow
for entering data in the primary system is often even more
complicated, requiring extensive support. Therefore, sharing
secondary clinical data can be a costly initiative for industry,
lowering its priority as a business objective. These challenges
arefurther exacerbated when collaboration requiresintellectual
property agreements. Lack of an accepted standard practice for
research agreements, coupled with an outdated patent system,
createsbarriersto collaboration that arerarely overcome. Many
ideasfor collaboration either take yearsto initiate or never come
to fruition, due to challenges with developing de novo lega
research agreements.

Whileindustry and researchers are not philosophically opposed
to sharing data to ensure reproducibility, protections from the
aforementioned concerns are critical. Can the data be shared
without the risk of lost intellectual property? If not, the
incentives for innovation may be minimized. Who will bear the
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costs for ensuring that the replicating team fully understands
the nuances of the data? Who will prevent competitorsor others
with malicious intent from inappropriately labeling valid
research as “junk science’? Such underhanded interventions
could introduce confusion around valid earlier findings and
unfairly distract and denigrate the primary researchers.

Ultimately, there is a growing sense that data will become less
of acommaodity over time if governments continue to support
the development and maintenance of open access research
networks. As the scale and quality of these surpass those of
privately owned databases, society will benefit as the obstacles
to collaboration and the value of retaining private ownership
diminish.

The Unreasonable Effectiveness of Data

Peter Szolovits, PhD from the MIT Computer Science and
Artificial Intelligence Lab, highlighted how big data can often
trump good, but smaller, data. Researchers at Google have been
making asimilar argument from adecade-long experience with
natural language processing, showing that for some important
tasksan order of magnitude growth in the size of adataset |eads
to improvements in performance that can overshadow
improvements in modeling technique [15]. They have aso
argued that discarding rare eventsisabad idea because although
these may beindividually rare, they could proveto be significant
later when examined on a much larger scale.

In the clinical world, patient state depends on complex
pathophysiology dictated by genetic predispositions,
environmental exposures, treatments, and numerous other
factors. While, there are many potential ways to formulate
clinical outcomesinto complex statistical models, it isoften the
simple modelsthat give the best, and most interpretable, results.
Some clinicians and epidemiologists have already used large
sources of observational data to improve clinical practice,
especidly in identifying drug side-effects, for example, for
rosiglitazone[16], and rofecoxib [17]. Cox proportional hazard,
naive Bayes, linear and logistic regression, and similar models
can use aggregated variables to summarize dynamic variation
without adding additional complexity.

The Story of MIMIC: Open-Access Critical
Care Data

Since researchers who seek to create new clinical knowledge
and tools are dependent upon the availability of relevant data,
restricting access to data introduces barriersthat stifle research
progress. This simple principle has been at the heart of the
research of Roger Mark, MD, PhD sincethe 1980s, atimewhen
his work was focused on developing rea-time arrhythmia
analysistools for use in patient monitoring.

Like today, the norm for researchers in the 1980s was to
privately maintain closed databases for their own benefit. So
when Mark’s team needed data, they began the painstaking
work of creating their own resource, collecting
electrocardiograms from patients at Boston's BIDMC and in
the process, adding over 100,000 annotations. Breaking from
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tradition, they openly shared the dataset, reasoning that the more
people who analyzed it, the better the overall understanding of
arrhythmias would become. This dataset become known as the
MIT-Beth Israel Hospital (MIT-BIH) Arrhythmia Database
[18].

The consequenceswerefar-reaching. Not only did the MIT-BIH
Database stimulate research interest, it generated beneficial
competition and became a shared resource for evaluating
algorithms. Researchers competed to seewhose work performed
best on the standard data, eventually leading to the database
becoming part of a federal requirement for evaluation of
commercia agorithms. This success led the team to develop
further resources uniquein their openness, including PhysioNet,
a platform for open physiologic data, and MIMIC I, arich
database of critical care data.

PhysioNet has over 50,000 registered usersin over 120 countries
and international recognition for accelerating the pace of
discovery [19]. Mark attributes much of PhysioNet's success
to the progressive mindset of the participating collaborators.
Success has required not only funding, but also a collaborative
approach among partnering clinicians, researchers, hospital
technologists, and local ethics committees. Participation of
commercia partners was aso required, and obtained, in order
to decrypt the proprietary data formats output by their
monitoring systems.

Reproducibility of research and open data are increasingly
getting the attention they deserve, but changing practicerequires
support at all levels[8]. For open technology to be embraced,
funders must recognize the added value from a robust database
infrastructure and allocate funds accordingly. Researchers too
must embrace open approaches that perhaps challenge some of
the underlying career reward systems. With changing attitudes,
and by engaging the creative energy of the worldwide research
community, Mark’s hope is that MIMIC will become a
multinational resource leading to the generation of new
knowledge and new tools.

Opportunities and Challenges in
Wearable Sensor Datasets

The ability to create and capture data is exploding and offers
huge potential for health organizations around the world to save
both lives and scarce resources. Yadid Ayzenberg, PhD
discussed the " Opportunities and Challengesin Wearabl e Sensor
Data’ in histalk, focusing on how the combination of wearable
technology and the near ubiquitous access to mobile phones
have the potential to address some of the challenges in health
care. Examples include the works of Poh et a [20] and Sano
and Picard [21], which used awrist-worn electrodermal activity
and accel erometry biosensor for detection of convulsive seizures
and sleep stages.

Wearable technologies provide a way to transition from a
traditional aperiodic “snapshot” monitoring approach to a
continuous and longitudinal monitoring paradigm, increase
patients' engagement in their care, and facilitate doctor-patient
interactions. Already massive amounts of personal health data
are being generated through consumer devices such as mobile
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phones and wristbands that monitor sleeping patterns, exercise,
stress, calorie consumption and more. In most instances,
however, the data are stored on a per-device basis, and there
are unsolved issues concerning data management, ownership,
privacy, and misuse. The noise and artifactsin the datameasured
by wearable sensors also present an important challenge. New
analytic methods that transform “dirty data’ into good quality
data are needed.

Big Data, Genomics, and Public Health

According to Winston Hide, PhD, the promise of a new
economy based on data-driven discovery and decision-making
is also motivating his own field of genomics. Advances in
genome sequencing technology will alow the cost of sequencing
agenometo belessthan $100 in the near future. Consequently,
it is estimated that by 2015, one million genomes will be
digitally available with high expectations for public health
benefits. However, Hide cautions that there is till a*genome
variants” problem to be solved. This was exemplified by the
case of Kira Peikoff who was predicted to have a 20% above
average risk of developing psoriasis by one commercial
sequencing product, while predicted to have a2% bel ow average
risk for the same condition by another [22].

Variationsin the reporting of genomic characteristics have two
potential root causes. First, there isasampling problem caused
by the use of different sequencing technologies, which
introduces errorsin eval uating genome assembly. Second, there
is an interpretation problem in defining the role of genesin
disease which compromisesthe prediction of clinical outcomes
as determined by the single-nucleotide polymorphism analysis
tools.

The availability of millions of genomes will allow completion
of the catalogue of genes associated with a particular disease
in genome-wide association studies. However, Hide maintains
that finding clear drug targets requires the creation of an
evolving catalogue of functionswhich would interpret complex
gene pathways [ 23], and the selection of cohortsthat would not
only depend on ethnicity (the classic phenotype), but also on
physiological and even molecular differences.

The application of genomic teststo public health will contribute
to the transformation of physicians into data-centric specialists
and pave the way for “precison medicine” [24]. This
challenging way of delivering health care callsfor new strategies
and tactics for translating research into clinical practice. These
will likely include the creation of open-access genomic and
clinical databases, use of a common scientific language [25]
and (open) data access tools. Regulatory bodies, such as the
Food and Drug Administration, will have arolein guaranteeing
the standardization and reliability of diagnostics based on
genetictests. Thesetools must guarantee the reproducibility [8]
of discovered genome signalsand contribute to the improvement
of online platforms that map genetic features to diseases and
their treatment (eg, Cancer Genome Atlas, PharmGKB).
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The Pitfalls and Potential of Big Data in
Health Care

Proponents of big datahave made grandiose claims of expanding
human knowledge by orders of magnitude through empirical
analysis and data mining, but as Stanford professor John
loannidis, MD, PhD says, “with big data comes big problems’.
loannidis discussed the darker side of data analysis, in which
bias has led alarge proportion of published medical scienceto
cometo the wrong conclusion. Author of the most downloaded
paper in PLOS Medicine, “Why Most Published Research
Findings Are False’ [26], loannidis argued that most statistically
significant results are likely to be false positives. For example,
using the national drug and cancer registry database of Sweden,
loannidis and colleagues found that almost one third of the 560
medications evaluated in isol ation were associated with ahigher
cancer risk.

As loannidis highlights, the issue is not in the quantity of data
we have. Increasing sample sizesis a huge boon to the medical
field. The issue resides in a lack of transparency. When he
reviews a paper published in a journal on a new dataset, his
thoughts immediately drift to those studies that were not
published. This is quantified in the so-called “vibration of
effects’, where depending on the confounding variables for
which adjustments are made, completely opposite conclusions
can bedrawn. For vitamin E, for example, adjusting for acertain
subset of confounders|ed to the conclusion that it increasesthe
relative risk of mortality, whereas adjusting for another equally
plausible set of confounders gave the opposite result, that is, a
reduction in mortality risk. Thismay explain why 90% of effects
in RCTswere lower in subsequent published trials [27].

Comparative Effectiveness Using Big
Data

Limitations aside for now, ROS do provide an opportunity to
conduct comparative effectiveness studies on research questions
that would be unlikely to be examined by an RCT, or would be
inherently biased if an RCT were conducted. The illustrative
example presented by Una-May O’ Reilly, PhD wasthe question
of the potential benefit of diuretic use to accelerate removal of
fluids given during resuscitation in ICU patients who have
recovered from sepsis. Retrospective analysis would be easily
marred by “selection bias”. Infact, if patients are allocated (not
randomized) to two groups, treatment and non-treatment, it is
very likely that the allocation would be done on the basis of
patient condition and biased by clinical severity resulting in
unreliable results.

In aROS, the data consists of a series of days during which the
treatment was administered (D+) or not (D-). Because these
decisions were being made on adaily basis, it is even harder to
capture the covariance structure. O'Rellly refers to this as the
“Non-Decision Day Dilemma’. In order to deal with this, the
covariance structure hasto account for time-varying information
with respect to a specific day. It is easy to take the treatment
day asareferenceand align all patientswho received treatments

with respect to thisevent (D+). For non-treated patients, aligning
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time-series is more complicated as every day is essentially a
“non-decision day”. Considering every single day would result
in a widely unbalanced dataset where the length-of-stay
influencestheindividual contribution of each patient. To account
for this, it ispossible to randomly sample N negative days (D*-)
and pair them up with the positive instances (D+) based on a
statistical similarity criterion with respect to the time from
admission. Thisis achieved by defining a propensity score for
each patient for every day during their ICU stay. The propensity
score thus enables appropriate cohort matching such that
comparative effectiveness can be appropriately assessed.

This modest example illustrates the sort of robust and reliable
statistical technique that evidence-based medicine requires. It
can reduce sample noise and improve the reliability of
conclusions, and it leads toward methodology standardization
across studies. Beyond these local improvements, meta-studies
will also be a requirement to validate any local finding. These
are only possible with data sharing and open data initiatives
such as the MIMIC-1I initiative. One strength of this database
is the dua culture and scientific activity it generates because
data science can only fully benefit from collaboration between
data scientists and domain experts (in this case, intensivist
physicians).
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Conclusions

Although thefuture of “big data” in health care remains unclear,
its role will be undeniably important. This conference was
effective in collating the broad range of perspectives on the
many challenges facing EBM in the 21st Century. As several
speakers suggested, one possible opportunity is to adopt a
pragmatic approach to EBM, combining RCT and ROS. This
combination may employ ROSs to fill the gaps where it is
impractical, unlikely or impossibleto conduct aRCT or to drive
hypothesis generation for further RCT analysis.

It is also crucia to acknowledge that any ROS requires a
multidisciplinary approach, integrating clinical knowledgewith
abroad range of data analytic skills ranging from biostatistics,
machine learning, and signal processing to data mining.
Encouraging a change in physician culture can likely be
accomplished through updating education programs as well as
by creating centersfor excellence that can showcase the impact
of ROS to the broader medical fraternity. These centers for
excellence should host open, transparent, easily accessible data
warehouses, which will facilitate study reproducibility and allow
for anew wave of collaborativelearning. Only by understanding
the potential biases of any analysis, and fostering a system of
normative data sharing, will the medical community be able to
gain reliable knowledge from data, and produce research
findings that do not turn out to be false.
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Abstract

Background: Bariatric surgery isan important method for treatment of morbid obesity. It is known that significant nutritional
deficiencies might occur after surgery, such as, calorie-protein malnutrition, iron deficiency anemia, and lack of vitamin B12,
thiamine, and folic acid.

Objective: Theobjective of our study wasto validate acomputerized intelligent decision support system that suggests nutritional
diagnoses of patients submitted to bariatric surgery.

Methods: There were fifteen clinical cases that were developed and sent to three dietitians in order to evaluate and define a
nutritional diagnosis. After this step, the cases were sent to four bariatric surgery expert dietitians who were aiming to collaborate
on a gold standard. The nutritional diagnosis was to be defined individually, and any disagreements were solved through a
consensus. The final result was used as the gold standard. Bayesian networks were used to implement the system, and database
training was done with Shell Netica. For the system validation, a similar answer rate was calculated, as well as the specificity
and sensibility. Receiver operating characteristic (ROC) curves were projected to each nutritional diagnosis.

Results: Among thefour experts, therate of similar answersfound was 80% (48/60) to 93% (56/60), depending on the nutritional
diagnosis. The rate of similar answers of the system, compared to the gold standard, was 100% (60/60). The system sensibility
and specificity were 95.0%. The ROC curves projection showed that the system was able to represent the expert knowledge (gold
standard), and to help them in their daily tasks.

Conclusions: The system that was devel oped was validated to be used by health care professionals for decision-making support
in their nutritional diagnosis of patients submitted to bariatric surgery.

(JMIR Med Inform 2014;2(2):€8) doi:10.2196/medinform.2984

KEYWORDS
bariatric surgery; nutrition diagnosis; artificial intelligence; Bayesian networks; decision-making; support system

indicated when the patient presents a body mass index over 40

kg/m?, or when it is situated between 35 and 40 kg/m? and also
Nutrition and Bariatric Surgery presents some associated disease, such as, diabetes,
dydlipidemias, cardiovascular and cerebrovascular diseases,
sleep apnea, joint disease, and orthopedic disease, among others
[1]. It is estimated that one million bariatric surgeries will be
performed in the next few yearsin the United States alone [2].

Introduction

Morbid obesity causes a number of health issues, explaining
why, in certain situations, some aggressive treatments may be
used, for instance, bariatric surgery. The surgical procedure is
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Therefore, the concern related to the nutritional changesin the
long term in these patients is highly important [3-7].
Furthermore, the need for individualized management of patients
with obesity is evident [3-7]. Thus, the health professional
concern related to some special nutritional care is
comprehensible, particularly in relation to eating in the pre and
post operatory in bariatric surgeries.

Some of the most common nutritional deficienciesincludeiron,
vitamin B12, folate, thiamine, and protein after bariatric surgery
[2,5,8-11]. Severe consequences can be expected when they are
not prevented or treated early.

The Nutrition Care Process

The Nutrition Care Process consists of four steps: (1) nutrition
assessment, (2) nutrition diagnosis, (3) nutrition intervention,
and (4) nutrition monitoring and evaluation. The nutrition
diagnosis, the second step of the Nutrition Care Process, isthe
identification and record that describes an actual occurrence,
risk of, or potential for developing a nutritional problem [12].

The results from the use of thistechnology, which are achieved
by computing beyond the nutritional science knowledge, are
important in order to help in detecting nutritional deficiencies.
Theinformation technology in the field of health hastools and
instruments that may support the administrative organization
in patient service. These tools and instruments are able to
capture, store, and process information, and may offer some
diagnosis suggestions, therapeutic orientation, and access to
information [13]. The speciaized systems are very helpful for
the health professionals. In particular, there is the so-called
Decision Support System (DSS).

These programs are used to help the professionals to define the
diagnosis through artificial intelligence. A Bayesian network
(BN) isthe technique used in the formulation of DSS. Itisable
to represent the uncertainty in knowledge through the Bayes'
Theorem. In this case, the necessary data for the model is
collected through published statistical studies and/or through
specialist consultation [14]. The Bayes Theorem calculatesthe
probabilities in each diagnosis, given a set of pre existing
information [14]. The fact that it can work with uncertainty
through probability makes it the most significant technique to
be used in the health field.

Aim of the Study

The am in this study is to validate a DSS that will help the
nutritional diagnosis for bariatric surgery patients through the
development of a protocol created by expertsin thefield, given
the large number of surgeries, the long term nutritional risks,
the small amount of specialistsin the field, and the absence of
a specific computer system.

Methods

The Selection Process

The prevalence of each nutritional diagnosis has different
probabilities, depending on the bariatric surgery technique used.
Therefore, only patients submitted to the surgical technique
Roux-en-Y gastric bypass were selected for this study. These
diagnoses are currently considered the gold standards [15].

http://medinform.jmir.org/2014/2/e8/
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The First Stage

The first stage of the study comprised the knowledge base
building. There were two resources that were used in order to
do so: (1) scientific studies published in internationally
recognized journals, in addition to important studiesin thefields
of nutrition and medicine; and (2) consultations with nutrition
specidists. From these sources, themajor nutritional deficiencies
presented in the post operatory were verified [1,2,9-11], the
average weight loss found in patients was noted [ 16], the main
signs and symptoms in patients were described [8,11,17], and
the definitions of the techniques used in the nutritional
assessment were identified [18,19].

The results from this stage indicated that a specialized module
of nutritional diagnosis should consider gender, age, surgery
time, biochemical markers (hemoglobin, hematocrit, mean
corpuscular volume, serum abumin, ferritin, vitamin B12 and
folic acid), food intake, and physical signs and symptoms of
nutrient deficiency. This study opted for classifying them as
high, low, or normal, according to the usual standard references,
due to a wide range of techniques to measure the selected
biochemical markers. The analysis of the number of food
portions consumed for the food intake eval uation was based on
the Food Guide Pyramid [19]. The reference was 1600 kcal,
which is the minimum amount recommended for a suitable
macro and micronutrientsintake. The physical signs (hair loss,
changesin nails and skin, paleness) and symptoms (weakness,
paresthesia, vomiting, diarrhea, blood loss) are derived from
the subjectivity of professionals who qualify the information
before it is used by the system. Because the data on dietary
intake and the signs and symptoms are subjective, BNs have
been salected for the representation of knowledge. Thetechnique
considers the evidence presented for the calculation of the
disease probability in case it happens, and allows that the
subjectivity or the uncertainty element of information be
considered. Last, the standard nutritional diagnoses were
protein-energy malnutrition, iron deficiency anemia, vitamin
B12 deficiency, folic acid deficiency, and thiamine deficiency.
Additionally, tools to identify risks to develop al these
deficiencies were created.

From the tools mentioned above, a study of the variables was
carried on, considering each nutritional diagnosis for each
patient. For instance, for a patient with iron deficiency, al the
signs, symptoms, dietary intake, and biochemica markers
indicated from the literature were analyzed. All of the
information that either caused doubts or did not help in the
diagnosis conclusion were excluded for not being considered
decisive in the decision support. In other words, only the
variables that influenced in the diagnosis decision were kept in
the study.

After assembling the qualitative part of the network (inclusive
and exclusive definition of variables), probabilistic valueswere
assigned for each of them, as described in the literature. Thus,
the quantitative part of the network was originated. As there
was no availability of a database containing all the variables
and attributes required to work, the use of literature and
discussion with experts were chosen. For each nutritional
diagnosis, the probability of the event in the presence or absence
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of the disease, or therisk of the development of each one of the
variables, was considered.

The Technology Used

The technique implementation of the BN was performed with
theaid of Shell Netica. It hastheinfrastructure to devel op expert
systems within a pre built interface. The program Netica is
composed by Netica Application and the Netica Application
program interface (API). The Netica Application is agraphical
interface that permits you to view the knowledge base in a
network. The Netica APl isthe library of the program, written
in C language, which is available on a website [20] on the
Internet.

Preliminary System Evaluation

In the first step of the nutritional diagnosis support system
validation, fifteen case studies were developed and elaborated
on by two nutritionists; one was an expert in morbid obesity,
and the other onewas not. All the case studies were sent to four
expert nutritionists in the field of nutrition in order to get
evaluations and diagnosis reports from them. A standard
diagnosis list was attached to the case studies. It was aso
requested that the evaluators suggest changes in the devel oped
clinical cases and in the diagnostic proposal. The four experts
answers were compared to those given by the system, and the
experts answerswere revised based on this evaluation. Thereby,
a proposal for the nutritional diagnosis support system was
presented called DSS Diagnosis Nutrition 1. This contained the
case studies reviewed, according to the nutritionists' opinion.

Gold Standard Development

The experts were selected for the gold standard devel opment
based on: (1) nutrition studies background, (2) over two years
as amember of the multidisciplinary team for the treatment of
patients submitted to the obesity surgery, and (3) if they have
followed more than 300 patients in the post operatory. There
were four expertsthat were sel ected according to these criteria.
They received the fifteen case studies revised, and had to send

Cruz et a

diagnosis reports for each of them. The experts' reports were
compared among themselves. The disagreements were solved
through consensus among the experts, resulting in the gold
standard. This standard aimed to evaluate the system
performance.

System Validation Technique

The following analyses were performed for the final system
validation: (1) comparison between the four experts success
rates, the gold standard success rate, and between the system
and the gold standard; (2) calculation of sensibility and
specificity for each nutritional diagnosis; and (3) the receiver
operator characteristic (ROC) curve construction for each
diagnosis.

All the ethical principles in the Helsinki Declaration (2000)
[21] were respected during the devel opment of this study. There
was no direct participation of human beings.

Results

Success Rate Between the Experts and the Gold
Standard

The qualitative part of the BN was done considering the
interrelation among the nutritional diagnosis and the signs,
symptoms, food intake, and biochemical markers. As aresult,
five subnets were obtained, each one of them featuring a
nutritional diagnosis: (1) vitamin B12 deficiency, (2) thiamine
deficiency, (3) folic acid deficiency, (4) iron deficiency, and
(5) malnutrition. The health professional could classify the
patients diagnosis as “present”, “absent”, or “in risk” of
developing it. At the same time, the four experts selected to
build the gold standard diagnosiswere questioned after ng
thefifteen clinica cases sent to them. That originated 60 answers
per nutritional diagnosis. The experts' diagnoseswere compared
to the gold standard, creating the experts assertiviness rate
related to the gold standard (Table 1).

Table 1. Successrate for nutritional diagnosis between the four experts and the gold standard/ BN algorithm.

Cases Iron o_Iefici ency Folate B12 deficiency Thiamine deficiency ~ Manutrition
anemia deficiency

Number of success/total ~ 54/60 56/60 48/60 52/60 55/60

Assertiveness (%) 90 93 80 87 92

Standard deviation 23 11 25 23 15

Expert Disagreements

Vitamin B12 and thiamine deficiencies were the diagnoses that
most presented disagreements among experts, followed by iron
deficiency anemia. The values in Table 1 were 48, 52, and 54
assertiveness respectively, in a sample of 60 cases. In other
words, the result was higher than that found among the four
experts, which presented a variation between 80% (48/60)
and 93% (56/60), according to the diagnosis. That showed that
even though there are criteriafor each nutritional diagnosis, the
individual interpretation could make the task difficult.

http://medinform.jmir.org/2014/2/e8/

The answers reported by the four experts were analyzed
individually, causing greater disagreement in the definition of
the diagnosis of the problem or presence of risk, thus,
reinforcing the usefulness of the system to aid the diagnosis,
either confirming the professional hypothesis or warning them
of the diseaserisk.

System Assessment in Relation to the Gold Standard

Success Rate of the System

The diagnoses reports from the system were compared to the
reportsfrom the gold standard in order to assessthe performance
of the system. The success rate found was 100% (60/60) for the
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case reports diagnosed. Taking as an example the first clinical
case presented to the experts, the following situation was
observed, the gold standard detected risk to the devel opment
of iron deficiency anemia, folic acid deficiency, thiamine
deficiency, and malnutrition. None of the diagnoses were
confirmed, and the presence or the risk of development of
vitamin B12 deficiency was rejected. When the same data was
input to the system, this presented values higher than 70.0%
(70/100) of risk of development of folic acid deficiency, of
vitamin B1 deficiency, and of malnutrition. The values were
100.0% (100/100) for iron deficiency anemia. The vitamin B12
deficiency, which was adiagnosis rejected by the gold standard,
presented 0.11% (.11/100) chance of confirmation and 33.5%
(33.5/100) of risk of development. The same happened to the
other cases, thus proving that there was agreement between the
reports provided by the system and the gold standard.

Table 2. BN diagnosis test resullts.

Cruz et a

The percentagefor the diagnosisand for the risk of development
was very close in some cases, when each case was analyzed
individually. For instance, in case 3 the patient presented 42.3%
(42.3/100) of probability of confirmation of the diagnosis for
anemia, and 56.3% (56.3/100) of probability of risk of
development of anemia. The gold standard classified the patient
asinrisk of anemia, agreeing with the system.

Sensibility and Specificity for Each Nutritional Diagnosis
and the Construction of the Receiver Operator
Characteristic Curve

The Medicalc was used for the analysis of sensibility and
specificity, determining the ability to discriminate among
diagnoses through the ROC curve. There was a comparison
between the reports from the system and those from the gold
standard. Theresultsarein Table 2.

Test Presence of risk or diagnosis x absence

assessment Iron Folic acid B12 Thiamine Malnutrition
Sensibility % 95.0 95.0 95.0 95.0 95.0
Specificity % 95.0 95.0 95.0 95.0 95.0

Area below the ROC curve 0.893 1.0 1.0 0.982 1.0
Standard error 0.088 0.0 0.0 0.038 0.0

95% confidence interval 0.627 - 0.986 0.78-1.0 0.78-1.0 0.751-1.0 0.78-1.0

Results of the Comparison

It was observed that the specificity and the sensibility of the
system presented high levels (95.0%) for all the diagnoses. The
resultsreflect the vaidation of itsuse. In other words, the system
is able to represent the gold standard. Besides that, the
confidence interval waswell established and the standard error
was low (0.0-0.088). The results also confirmed the agreement
between the gold standard and the system.

Regarding the ROC curve, it was observed that for the folic
acid deficiency, vitamin B12, and malnutrition, the system
presented maximum performance (1.0).

The results found for iron deficiency anemia and for thiamine
deficiency also indicated a good performance of the system.
However, there was a small deviation in its projection, which
represents the possibility of disagreement between the system
and the gold standard. In the end, the analysis of the data showed
in the ROC curve concluded that the system presented a good
performance in the definition of each diagnosis, thusbeing able
to be used in the aid of health professionals.

Discussion

Expert Diagnoses

The success rate from the developed system was higher than
that found among the four experts. This result reflects the
difficulty in the diagnosis definition by the speciaists. Thefact
is comprehensible since the definition of a diagnosis involves
different information, previous experiences, and many times,

http://medinform.jmir.org/2014/2/e8/

the use of common sense and intuition. The mental mechanisms
and the processes of thinking used by a specialist to arrive at a
diagnosisarestill poorly understood. Many timesthereisalack
of consensus among specidists, in some fields [22,23].
Furthermore, as the nutritional following-up of patients who
were submitted to a bariatric surgery is still something recent,
the disagreement among professionals may be common. Inthis
study, the devel opment of agold standard by nutrition specialists
was essential. Not only due to the need of areference, but also
for creating a discussion and reflection regarding the diagnosis
that each specialist had previously established. Thisdiscussion
confirmed the need of a system that makes the professional
think about other possibilities, before the final nutritional
diagnosis.

Decision Support Systems

There are not any other intelligent DSSs that have been
devel oped specifically for the nutritional monitoring of patients
undergoing bariatric surgery known by this group. Because of
that, there was no chance of our system being compared to any
other similar systems. Quick Medical Reference System is a
system that helps in the diagnosis of many fields in medicine.
It presents a success rate of 85% [24]. Our system presents a
success rate of 100% (60/60) for the case reports diagnosed.
Therefore, its good performance is confirmed as well as its
indication of use.

The developed system in this study presents the possibility of
working with the probability of risk/disease, versusthe absence
of nutritional risk, and enables the health professional not only
to detect diseases, but also to detect the risk of developing them.
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Thus, it increases the possibility of prevention, of early
treatment, or even a specific follow-up, therefore preventing a
disease from progressing to more serious stages. Thus, it is
expected that the system assists in the patients’ follow-ups, not
only suggesting the nutritional diagnosis, but also preventing
the major deficienciesthat can occur post operatively in bariatric
surgery.

Another extremely important factor that should be considered
isthe possibility of changing or adding variables to the system
in the future, as the developments of new studies and the
experts'/users opinions occur. This aspect facilitates the
maintenance and improvement of the system’s performance.
The inclusion of data to assist in the diagnosis of other
nutritional deficiencies, and that are currently being researched,
may enrich the system in the future. This is the situation of
osteoporosis, which may occur inthelate post operative period,
or even the zinc deficiency, which is often mentioned, but rarely
diagnosed in clinical practice.

Conclusions

This study enabled the validation of a DSS to assist the health
professional in the nutritional monitoring of patients submitted
to bariatric surgery.
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Abstract

Background: Computer-based clinical decision support (CDS) isanimportant component of the electronic health record (EHR).
Asanincreasing amount of CDSisimplemented, it will beimportant that this be accomplished in afashion that assistsin clinical
decision making without imposing unacceptable demands and burdens upon the provider’s practice.

Objective: The objective of our study was to explore an approach that allows CDS to be clinician-friendly from a variety of
perspectives, to build a prototype implementation that illustrates features of the approach, and to gain experience with a pilot
framework for assessment.

Methods: The paper first discusses the project’s design philosophy and goals. It then describes a prototype implementation
(Neuropath/CDS) that exploresthe approach in the domain of neuropathic pain and in the context of the US Veterans Administration
EHR. Finally, the paper discusses a framework for assessing the approach, illustrated by a pilot assessment of Neuropath/CDS.

Results. The paper describes the operation and technical design of Neuropath/CDS, aswell asthe results of the pilot assessment,
which emphasize the four areas of focus, scope, content, and presentation.

Conclusions; The work to date has allowed us to explore various design and implementation issues relating to the approach
illustrated in Neuropath/CDS, as well as the devel opment and pilot application of aframework for assessment.

(IMIR Med Inform 2014;2(2):€20) doi:10.2196/medinform.3586
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Introduction

This paper describes a project that is exploring an approach to
computer-based clinical decision support (CDS), built using
Web technologies and linked to the electronic health record
(EHR). Thegoal of the project isto explorewaysinwhich CDS
can be made clinician-friendly from a variety of perspectives.
We believe that this is an important goa that needs to be
addressed explicitly. This project is one step in that direction.
The paper first discussesthe project’s design philosophy. It then
describes a prototype implementation (Neuropath/CDS) that
exploresthe approach in the domain of neuropathic pain, inthe
context of the US Department of Veterans Affairs (VA) EHR.
Finaly the paper discusses a framework for assessing the
approach, illustrated by a pilot assessment of the prototype.

Computer-based CDS is common in health care systems,
especially those that have an EHR [1]. CDS applications serve
avariety of purposes, including providing alerts and reminders
to clinicians at the point of care and making patient-specific
recommendations about treatment and medications. Other
approaches to computer-based CDS include computer-based
clinical practice guidelines [2], clinical "dashboards' that
provide focused information about specific clinical issues [3],
and clinical "info buttons" [4] designed to facilitate access to
online information relevant to a patient's clinical status.

The VA's national EHR (which includes the Veterans Health
Information Systems and Technol ogy Architecture backend and
the Computerized Patient Record System (CPRS) interface) has
evolved over the course of several decades as a powerful tool
for patient care. There is widespread agreement that the CPRS
can be made more powerful by incorporating increasing amounts
of CDS. It will be important that this be accomplished in a
fashion that assists the provider in clinical decision making
without imposing additional demands and burdens upon the
provider’s practice. The present project complements research
that is underway at other VA locations including the ATHENA
system that provides decision support for hypertension [5], and
for opioid therapy for chronic, noncancer pain [6,7].

Studies of CDS deployment have documented the importance
of fitting CDS into the clinician’s workflow, and of providing
information at the time and place of clinical decision making
[8]. The present work explores one approach to addressing these
issues and anumber of challengesthat must be confronted, with
a particular focus on accomplishing the goa in a clinically
friendly fashion.

Methods

Design Philosophy

The overall goa of the project is to develop and explore an
approach to computer-based CDSthat isclinically efficient and
clinician friendly. We want to include information that will be
particularly useful to help the clinician manage a particular
patient and make it easily accessible.

«  The system should focus on a well defined, constrained
clinica domain whose scope is easily understood by a
clinician. Particularly important in thisregard are the issues

http://medinform.jmir.org/2014/2/€20/
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of focus and scope discussed bel ow in the section describing
our pilot framework for assessment.

«  Thesystem should be easy to use. For example: (1) it should
be easy to invoke from the EHR, (2) it should be able to
extract clinical datafrom the EHR rapidly, (3) theclinician
should be able to inspect the information provided rapidly
and easily, and (4) use of the system should be optional,
not required.

- The system should provide a range of potentially useful
information, accessible “in one place”.

«  The system should present material in a flexible intuitive
fashion.

«  Thesystem should provideinformation to help theclinician
decide how to manage the patient, but not try to tell the
clinician what to do next.

A Prototype Implementation- Neuropath/CDS

Neuropath/CDSisaprototype CDS system devel oped to explore
the issues involved in bringing computer-based CDS to the
clinician at the point of carein afashion that fits efficiently into
the busy clinical environment. Neuropath/CDS uses patient data
automatically extracted from the VA EHR to assist the primary
care provider (PCP) in decisions regarding the first-line
pharmacol ogic management of neuropathic pain (NP). NPisa
chronic neurological condition that often requires continual
monitoring and adjustment of treatment [9-11]. Ongoing clinical
trials have generated repeated revisions of guidelines [9,12].
Multiple attempts at treatment with different drugs or drug
combinations are often necessary, with drug effectiveness and
side effects varying among different patients.

Neuropath/CDS has been refined in collaboration with the
Neurology Service at the VA Connecticut Healthcare System
(VACHS). Key features of the approach include the following.

+ Thesystemisan optional adjunct to care, accessible viaa
drop-down "Tools" menu from the EHR interface.

« It is driven from the patient record, retrieving patient
demographics, comorbidity information, aswell as current
and past drug prescription information in afew seconds.

« Theinformation provided isaccessible from asingle screen
that we expect can be typically processed by the clinician
user in well under a minute.

«  Comments and recommendations are not prescriptive (ie,
do not tell the clinician how to manage the patient), but
rather describe options for management tailored to the
patient's comorbidities and current treatment regimen.

« A visua outline of pharmacologic management is also
provided, with “hover boxes’ that provide further
information about pharmacologic options. Several linksto
additional information are also provided.

In this section, we first show an example of Neuropath/CDS in
operation and describe the various components of its clinical
user interface. We then describe the system'’s technical design,
and our pilot framework for assessment.
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Neuropath/CDSin Operation

Clinical Interface

Figure 1 shows the Web-based clinica interface of
Neuropath/CDS. To view thisinterface, the clinician must select
a patient within CPRS and invoke Neuropath/CDS using the

Miller et al

"Tools" menu located at the top of the CPRS screen. The system
typically takes 5-10 seconds to gather data from the EHR and
present this interface. Since the system is dtill under
development, a password is currently required. The clinical
interface includes the following components.

Figurel. TheWeb-based clinical interface of Neuropath/CDS, as described in the text. TCA=tricyclic antidepressant, SNRI=serotonin—norepinephrine

CEX

reuptake inhibitor.

©) Pharmacologic Management of Neuropathic Pain - Mozilla Firefox

File Edit Wew History Bookmarks Tools Help
J :: Pharmacologic Management of Neuropathic ... | + |
é ngs.med.yale.edu: 8080 /painmanage/ L& E = Google ). / ‘ ﬁ
: ~
Neuropathic Pain: First-Line Pharmacologic Management
for Primary Care Providers
CAUTION: This system is designed for use only with patients with a well-defined diagnosis of neuropathic pain.
(see: commaon diagnostic signs and symptoms)
Patient: Jacob Testpatient Age: 60 Sex: Male [ Send Comment ] [ Help ]
Coexisting: cardiac disease renal impairment ] hepatic impairment depression O pregn;ncy_orkhre?srregdu?g
(explain) (see drug risk cateqories)
Current 15 Line Tx (details) Typical Dosage Common Side Effects
Start at 300 mg ghs. As tolerated, increase to 300
mqg bid after 3-5 days, then to 300 mg tid after 3-5
days. Then fitrate up every 1-2 weeks to a goal of
Gabapentin 200 mg ghs 1800-3600 mg per dayin 3 divided doses as dizziness  drowsiness  swelling
tolerated. (For elderly, renal impaired, or cognitively
impaired patients, consider starting at 100 mg
qhs.)
Start at 25 mg ghs. Increase to 100 mg ghs as
I . tolerated. (For elderly and heart disease patients, . . . . . .
Mortriptyline 50 mqg tid start at 10 mg ghs and exercise caution during sedation orthostasis cardiac arrhythmia urinary retention
uptitration.)
Other 1t line neuropathic pain medications in past 5 years (last refill: pregabalin (1/18/2010), capsaicin topical (5/9/2010)
Comments/Recommendations
« In first-line therapy with multiple drugs:
+ increase dosage as needed, and as tolerated, to the recommended maximum;
« ifnecessary use several first-line drugs in combination (e.q., an anticonvulsant, an antidepressant, and a topical agent)
o [ffirst-line drugs are ineffective, only partially effective, or not tolerated, please consider a referral to neurology as outlined below.
» Gabapentin is most often effective at doses of at least 900-1200 mg/day (e.g., 300-400 mg tid), although some patients receive relief at lower doses.
e The presence of depression is not required for the analgesic effects of TCAs, although they may be particularly useful in patients with inadequately treated
depression.
e The decision to use a TCA should consider the possibility of cardiac toxicity. TCAs should be avoided in patients who have ischemic heart disease or an
increased risk of sudden cardiac death.
e In a patient with renal impairment:
+ The dosage of gabapentin, pregabalin, venlafaxine, and duloxetine should be reduced appropriately.
« Duloxetine should not be used if creatinine clearance is below 30 (see creatinine clearance calculator).
Additional Information (hover mouse over box, or click)
Anticonvulsants [ Gabapentin ] [ Pregabalin * ]
TCA [ Amitriptyline ] [ Nortriptyline ]
Topical [ Lidocaine gel ] [ Lidocaine ointment ] [ Lidocaine patch * ] [ Capsaicin ]
SNRI [ Venlafaxine ] [ Venlafaxine ER ] [ Duloxetine ]
* see WA restrictions on use
Beyond 1st Line [ Before Requesting a Neurology Consultation ]
b
£ >

Basic Patient Data

Near the top of the screen are the patient’s name (in this
example, a test patient), age, sex, and a set of check boxes
indicating the presence or absence of comorbid disease rel evant
to NP. These checkboxes are set automatically based on
International Classification of Diseases, 9th Revision (ICD9)

http://medinform.jmir.org/2014/2/€20/

RenderX

codesin the EHR, but can be changed (checked or unchecked)
by the provider based on hisher knowledge of the patient's
clinical status.

Current and Past Neuropathic Pain Medications

A little lower on the screen is information about the patient’s
current NP medications, which isfollowed by information about
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any other NP medications taken during the past five years, all
extracted automatically from the EHR. For the patient's current
first-line NP medications, information about dosage and
common side effectsis also shown.

Comments and Recommendations

The next section shows a set of “ Comments/Recommendations’.
These items are generated by if-then logic, and are tailored to
the patient’s age, sex, comorbid diseases, and current NP
medications. The goal is not to try to tell the clinician what to
do next, but rather to present relevant patient-specific issuesto
be considered in making such a decision.

Miller et al

A Visual " Hover Box" Outline of the Domain

The bottom of the screen presents a visual outline of first-line
pharmacologic management of NP. If the user moves the
computer mouse over one of theitem names, atemporary “ hover
box” appears on the screen containing information about that
item. Figures 2-4 show these boxes. The goal is to alow the
clinician to explore aternatives for the patient's first-line NP
management. The information presented can be conditionally
tailored to the patient by if-then logic. If the user clicks on one
of the item names, this information is presented in a pop-up
box, which can be saved, printed, or copied into the patient
record.

Figure 2. An example "hover box" that appears when the user "hovers" the mouse over the box labeled " Gabapentin" near the bottom of the screen

shown in Figure 1.

Gabapentin

typical dosage:

Start at 300 mg ghs. As tolerated, increase to 300 mqg bid after 3-5
days, then to 300 mqg tid after 3-5 days. Then titrate up every 1-2
weeks to a goal of 1800-3600 mg per day in 3 divided doses as
tolerated. {For elderly, renal impaired, or cognitively impaired

Figure3. Anexample

Figure4. Anexample

http://medinform.jmir.org/2014/2/€20/
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RenderX

patients, consider starting at 100 mg ghs.)

commaon side effects: | dizziness, drowsiness, swelling

o Due to significant side effects that typically diminish over time, gabapentin should be started
at a low dose (e.g.. 100-300 mg/day} and increased every 3-5 days to target dose. It is most
often effective at doses of at least 900-1200 mg/day, although some patients receive relief at
lower doses

"hover box" linked to the box labeled "SNRI". SNRI=serotonin—norepinephrine reuptake inhibitor.

SHRI

e Be cautious when using an SMRI in the presence of other antidepressant drugs because of
concern about combined effects as well as serotonin syndrome

"hover box" linked to the box labeled "Before Requesting a Neurology Consultation”.

Before Requesting a Neurology Consultation

o Consider a referral to a neurclogist when

« There is uncertainty in the diagnosis or eticlogy of neuropathic pain. (You may also
consider a referral for nerve conductions studies/electromyagraphy (MCS/EMG) - click on
the ‘commaon diagnostic signs and symptoms’ link for more information).

« An adequate trial of at least ane first-line drug has failed to provide adequate relief.
« Patient has a rapid progression of symptoms.

« Patient has any red flags (click on the “commoan diagnastic signs and symptoms’ link for
maore infarmatian).

o Prior to referral, please ensure the following has been denefordered (to explore treatable
eticlegies of neuropathy)
« fasting blood glucose and HobA1c - consider 2-hr glucose tolerance test if normal,
« serum B12 with methylmalonic acid (MMA] and haomaocysteine,
« serum and urine protein electropharesis (SPEP, UPEP],
« electrolytes.
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Linksto Static Web Pages Providing Focused Clinical
Information

The interface also provides a limited number of links to static
Web pages that provide additional information, for instance:
(1) to assist in making the diagnosis of NP, (2) to provide
pregnancy and lactation risk information for NP medications,
and (3) to provide instructions regarding the steps required
before using drugsthat are not part of the normal VA formulary.

Miller et al

Overview of Neuropath/CDS's Technical Design

Figure 5 shows a simplified schematic overview of
Neuropath/CDS'stechnical design. When the clinician invokes
Neuropath/CDSfrom CPRS using the Tools menu, aWeb server
program is activated with the patient’s numeric identifier (ID)
passed as a parameter. The Web server then retrieves patient
data from the EHR as described below, and usesit to fill in the
clinical valuesin the Web interface.

Figure 5. A simplified schematic outline of Neuropath/CDS's technical design. KB=knowledge base; CPRS=computerized patient record system;

VA=Veterans Administration; EHR=€lectronic health record.

Clinician interacts with Web interface
after invoking Neuropath/CDS using
the CPRS Tools menu

.

f

Patient Data
from VA EHR

Neuropath/CDS§ C# NET KB Clinical KB
Web Server program ¥ | Translator in text format
code

Automatic Extraction of Patient Data From the
Electronic Health Record

The key factor in alowing Neuropath/CDS to operate with
clinical data retrieved from the EHR is that this must be done
quickly, in a clinically acceptable timeframe. Performing
straightforward database calls to the EHR (which contains
millions of rows of data not optimized for direct querying)
would take much too long. We have taken two approaches to
deal with this problem.

A variety of Web service procedures have been devel oped within
VA EHR to facilitate the very rapid retrieval of selected
patient-specific data. Neuropath/CDS uses these to retrieve the
patient’s current medications, from which the current NP
medications are extracted.

For certain data (ICD9 codes and previous NP medications), a
program runsthrough the entire VACHS patient database during
the night to extract and condense the appropriate patient data
into amuch smaller "data staging" database that can be rapidly
queried. For example, based on an examination of ICD9 codes
in the EHR, a bit is set in the staging database reflecting the
presence or absence of heart disease for each patient.
Neuropath/CDS queries this smaller database to retrieve
patient-specific data on comorbid disease and previous NP
medications.

Clinical Knowledge Base

The Neuropath/CDS knowledge base (KB) consists of if-then
logic of two types:. (1) if-then rules, and (2) conditional
comments.

http://medinform.jmir.org/2014/2/€20/

The simpleif-then rule shown in Textbox 1 states, “if the patient
is receiving amitriptyline treatment or nortriptyline treatment,
then the patient is receiving TCA (tricyclic antidepressant)
treatment”. Before the KB logic is executed, the variables
amitriptyline_tx and nortriptyline tx are set appropriately to
true or false (by program code) based on a patient’s clinical
data

The conditional comment shown in Textbox 2 states that: (1)
"if the patient is receiving TCA treatment and has a history of
depression”, then a specified text comment should be included
in the “Comments/Recommendations’ section of the screen,
and (2) "if the patient has ahistory of depression", then the text
comment should also be included in the “TCA" hover box. In
this way, text comments are directed to the different sections
of theinterface, wherethey arethen sorted based on the“ order”
number (shown below), and displayed in sorted sequence.

Notice that this design allows a comment to be presented in
different locations within the Web interface (eg, in the
“Comments/Recommendations’ section and/or in a “hover
box”). A single comment can be directed to more than one
screen location based on different if-then logic for each location.
Comments can also be sorted and displayed in adifferent order
in different locations.

The KB Translator automatically convertsthe KB into C# .NET
code, which is then copied into a larger Web server program
(built using Asynchronous JavaScript and Extensible Markup
Language [AJAX], C# .NET, and cascading stylesheets) that
implements Neuropath/CDS as awhole. By allowing the logic
to be translated automatically into C# .NET code that is then
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run directly on the Web server (compared, for example, tousing
an interpretive rules engine package or some other complex
knowledge manipulation environment), we achieve logic that
runs very rapidly. Using this approach, the Web interface is
dynamic. For example, if the user checks or unchecks one the

Textbox 1. A simpleif-then rule.

Miller et al

checkboxesindicating the presence/absence of comorbid disease,
the KB logic is immediately rerun and the system’s
comments/recommendations on the Web screen are changed
appropriately in afraction of a second.

if (amitriptyline_tx

|| nortriptyline_tx) tca tx =true;

Textbox 2. A conditional comment.

Comment TCA_depression {
Condition: tca _tx & depression_hx; Where: Recommendations (order: 7);
Condition: depression_hx; Where: TCA_comments (order: 5);

Text:

inadequately treated depression.” }

"The presence of depression is not required for the analgesic effects

of TCAs, athough they may be particularly useful in patients with

Developing a Framewor k for Assessment- Scope,
Focus, Content, and Presentation

To provide a structure for our analysis, we developed a
framework structured around the four areas of focus, scope,
content, and presentation, as described below. This framework
may also prove useful to CDS researchers or developers who
might wish to adopt this general approach to CDS or certain of
itsfeatures. Although the dividing line between these four areas
isnot awaysdistinct, we believe that they provide aframework
that is useful for discussing our experience and the lessons
learned to date, and potentially useful to othersin the future.

The current implementation of Neuropath/CDS is the result of
several yearsof iterative development that hasinvolved multiple
interactions with many VA clinicians and technical staff. This
process started as a collaboration with the VACHS Pain
Management Clinic. Asthe project matured, the primary focus
of the clinical collaboration shifted to the VACHS Neurology
Service, and its relationship to VACHS PCPs, as described in
more detail below.

In addition to extensive collaboration with individual clinicians,
the system was presented at several conferences within the
VACHS and elsewhere. These sessions resulted in further
refinement of the system's design. We then conducted a
formative study, with IRB approval, involving eight structured
sessions in which project staff sat with a VACHS clinician as
he/she used the operational CPRS interface with real patients
and some test patients. During these sessions, the clinicians
interacted directly with the computer using the mouse and
keyboard, with project staff verbally providing a discussion of
thefeatures and answersto questions. The clinicianswere asked
to "think aloud" as they interacted with the various features of
the system, vocalizing whatever thoughts they were having,
which included reactions, comments, suggestions, and questions.
At the end of the session, the clinician was asked to talk more
broadly about the system, its features, its potential utility, as

http://medinform.jmir.org/2014/2/€20/

well as suggestions of additional features, content, and
functionality.

We were interested in clinician reactions to the current
Neuropath/CDS system, as well as to the overall approach to
CDS. Although clinicians were very positive about the system
and approach, we did not focus on trying to quantitate this aspect
of their assessment, since they knew they were speaking directly
to members of the system development staff, and evaluative
comments would therefore be potentially biased. Instead, we
focused on the other aspects of their comments.

Results

Developing and Refining the Approach

Since this paper describes a research project exploring an
approach to providing CDS in afashion that fits naturally into
the clinical environment, the methodology described above is
amajor part of the “results’ of the project. In addition, in this
section we discuss the results of applying the pilot framework
for the assessment described above.

Focus

Thekey factor that has shaped the refinement of Neuropath/CDS
toits current design was the decision to focus the system'srole
ontheclinica interface between the VACHS Neurology Service
and VACHS PCPs. PCPs treat NP themselves, but when they
need assistance they typically consult Neurology.
Neuropath/CDS is therefore designed to help the PCP manage
NP inthe manner that Neurology would recommend. The system
also suggests situations in which the PCP might decide to
consult Neurology, and arecommended workup for the PCP to
perform when requesting such a consult. Once defined, this
focus on the interface between Neurology and PCPs provided
aguiding context for all other aspects of the system's design.
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Specific Comments on Focus

None of our VACHS clinician subjects commented explicitly
on this focused role for the system. They appeared to find it
natural and logical in the VACHS clinical environment.
Scope

Once this focus was defined, it became logical that the scope
of the system's clinical domain should center on the first-line
pharmacologic management of NP. This scope represents a
markedly reduced subset of the possible clinical issuesinvolving
NP that we might have included. For example it does not
include: (1) the diagnosis of NP, (2) second-line and third-line
pharmacologic management of NP which involve the use of
opioids and tramadol (second line) and drugs like
carbamazepine, lamotrigine, topiramate, valproic acid,
bupropion, citalopram, or paroxetine (third line), or (3)
interventional nonpharmacologic approaches such as spinal
cord stimulation, intravenousinfusions, epidural injections, and
nerve blocks.

The major reason for this restriction in scope was that the
VACHS neurol ogists wanted to be consulted before PCPs went
beyond first-line NP drugs. This also reflected a national VA
goal to avoid the use of opioidsas much as possible, and to have
PCPs get as much utility out of first-line drugs as possible.

Specific Comments on Scope

An unexpected finding when clinicians used the system with
real patients was that there was potential ambiguity regarding
the borderline between first-line NP treatment and more
advanced NP treatment, especially if onejust looks at the drugs
the patient is receiving. Some patients receiving first-line
treatment for NP were also at the sametimereceiving an opioid
(asecond-line NP drug) for some other pain problem (not NP),
or a high potency antidepressant (for clinically severe
depression) that could also be used asathird-line NP drug. This
was a potential source of confusion for the clinician in
understanding the system's role and interpreting its advice for
such patients.

To attempt to clarify these issues, we added additional
explanatory text to the interface, adjusted the way in which the
different NP medications were presented, and added the
following comment to be used with patientswho werereceiving
second- and third-line NP drugs.

This system is designed ONLY for first-line
pharmacologic management of neuropathic pain
(NP). Some patients receive second- or third-line NP
drugs for other reasons (not for NP), in which case
the comments below may till be relevant. If this
patient is receiving a second-line drug (eg, an opioid
or tramadol) or a third-linedrug (eg, carbamazepine,
lamotrigine, topiramate, valproic acid, bupropion,
citalopram, or paroxetine) for NP, and you have
concerns about NP management, please consider
referral to neurology. [Neuropath/CDS explanatory
text]

http://medinform.jmir.org/2014/2/€20/
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Aswe gain more experience with the use of Neuropath/CDSin
the clinical environment, we may need to make further
refinements to deal with this particular issue involving scope.

An additional issue related to scope, which generated
considerable discussion during the system's development,
involved how to deal with the diagnosis of NP. The concern
was how best to make sure that the system was used for
appropriate patients (ie, patients who indeed had NP). An
approach might have been to include what would essentially be
a second complementary interactive CDS system focused on
NP diagnosis. It was decided that this was not necessary and
that thisissue could be addressed by including alink to astatic
Web page that outlined in tabular form the clinical signs and
symptoms that could serve to confirm the diagnosis of NP, or
to suggest other diagnoses. All of our subject clinicians read
this page quite carefully, and several explicitly stated that the
content was very good. They did not appear to believe that a
different approach was needed, and none expressed any concern
about this approach to diagnosis of NP,

Content

Our main goal related to content wasto provide useful practical
information, relevant to immediate patient management. During
the devel opment of Neuropath/CDS, issuesraised included the
following.

A number of clinicians indicated that detailed dosage
information would be very useful.

There was wide agreement that providing alist of first-line NP
drugsthat had been prescribed in the past would be particularly
useful, since it could take up to 30-60 minutes of frustrating
search through the EHR to find this information.

A succinct description of the steps required before a PCP could
use a"nonformulary” drug was also identified asvaluable. The
VA document provided for each such drug istypically 6-8 pages
long. The clinically relevant information could be condensed
to a paragraph or two expressed as a bulleted outline.

A readily available outline of the pregnancy and lactation risk
levels for the various NP drugs was also identified as useful to
have available.

Many features such as these were added incrementally based
on provider feedback as we developed and refined the system
over time. Another major content-related goal was that the
comments and recommendations made should not be
prescriptive. The goal is to present relevant issues to be
considered in making a decision in the context of a particular
patient's current clinical status.

Specific Comments on Content

Different clinicians raised a number of specific issues. For
example: (1) Might the system provide more assistance in
choosing among first-line drugs? (2) Might the system more
explicitly address the desirability of not using opioids
prematurely? (3) Should the system be more explicit about the
need to use lower doses of drugs in the elderly? (4) Isit really
necessary to order serum and urine protein electrophoresis (tests
to rule out multiple myeloma) when requesting a Neurology
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consult? And (5) should the system recommend against the use
of amitriptyline in a patient over 65 (a suggestion made by a
geriatrician based on geriatric guidelines)?

The answers to questions of this sort are not always clear-cut.
For example: (1) there is a great deal of latitude for practice
variation and preference in the use of these drugs, and (2)
VACHS PCPs are very familiar with the need to reduce dosage
in the elderly, so stating this might just "clutter" the interface
unnecessarily. The real lesson learned here is that there will
aways be room for judgment and iterative refinement in
adjusting the content of the system's knowledge, based on user
comments and domain expert judgment.

Presentation

From the standpoint of presentation, we wanted the system to
have one page with a very limited number of links so that the
PCP could easily preserve context when using the system. The
use of hover boxes was designed to help in that regard. We also
wanted the presentation to be as clear, intuitive, and helpful as
possible.

Specific Comments on Presentation

Different cliniciansraised anumber of specificissues. It became
clear that some features of the interface that seemed obviousto
the developers were not immediately obvious to some of the
clinicians using the system, for example: (1) the fact that the
comorbidity checkboxes were initially set based on material
from the chart (ICD9 codes), but could be changed by the PCP;
or (2) that in the visual display of treatment options, the different
treatment modalities were arranged in horizontal rows.

A clinician commented that there is quite a bit of material on
this single screen. Another clinician felt that the use of color
could enhance the readability of the static Web pages. Several
clinicianswere particularly positive about the ability to integrate
use of the CDS with the CPRS interface, for example, the ease
of access viathe Tools menu, and the ability to copy and paste
material from the CDSinto the EHR.

These comments made it clear that it was important that a
clinician should be shown the system, either in a clinical
conference or by a colleague before using it, so he/she would
be comfortable with its organization and understand the full
range of its features.

Miller et al

Discussion

Current Status and Future Directions

Neuropath/CDS is currently operational on apilot basisin the
VACHS EHR, requiring a password since it is still under
development. A logica future goal would be to make the
approach available as adjunct to care with no password required.
This would alow us to explore issues such as how best to
promote its use, how frequently it is used, the types of patients
it is used for, and the types of knowledge that tend to be
accessed by PCPs (eg, which links and hover boxes are viewed).

We are aso interested in extending this model of CDS, or
components of the model, to other clinical domains. A humber
of clinicians suggested other potential domains for applying
this model of CDS, including other types of pain, such as low
back pain and headache, aswell as many other diseases beyond
pain. Some clinical domains may be sufficiently circumscribed
that an approach very similar to that of Neuropath/CDS would
work well. At the sametime, it is clear that other domains may
be much more complex and may require considerably more
than a single screen to deal adequately with the clinical issues
involved. For example, in the treatment of headache, there are
a least five common types of headache, each with distinct
approachesto pharmacol ogic management, and each with more
first-line drugs than NP. In addition, one might like to provide
some interactive assistance with diagnosis of headache. As a
result, aCDS for adomain like headache might use features of
Neuropath/CDS, but might well need to be considerably more
complex.

Conclusions

A major source of CDS within the VA EHR currently consists
of clinica derts and reminders, which can be very
time-consuming and frustrating for the PCP to manage. In
building Neuropath/CDS, we wanted to provide a tool that is
perceived as helpful and not burdensome to the busy PCP.
Ideally the clinician could spend less than a minute interacting
with the system, be exposed to information useful in managing
aspecific patient, and then move rapidly on to his/her next task.

Neuropath/CDS has been built and deployed on a prototype
basis in the context of the VACHS EHR. The work to date has
allowed us to explore: (1) various design and implementation
issues relating to the system itself and to the underlying
approach to CDS; as well as (2) a framework for assessment,
with a particular emphasis on issues relating to focus, scope,
content, and presentation.

Acknowledgments

This research was supported in part by National Institutes of Health grants UL1 RR024139 and T15 LM07056, VA grant REA
08-266, the VA Advanced Fellowship Program in Medical Informatics, and the VA Region 1 Specialty Care Access Network-
Extension for Community Health care Outcomes. The authors would particularly like to thank Dr Gerald Grass, former Director
of the VACHS Pain Management Clinic, who provided a great deal of assistance and support during the early stages of this
project. The authors would also like to thank the numerous VACHS clinicians and researchers who provided comments and
adviceto help in the development and refinement of Neuropath/CDS. The views expressed in this article are those of the authors
and do not necessarily reflect the position or policy of the US Department of Veterans Affairs. The Human Investigations
Committees at Yale University and at the VA Connecticut Healthcare System approved the study.

http://medinform.jmir.org/2014/2/€20/ JMIR Med Inform 2014 | vol. 2 | iss. 2 €20 | p.65

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Miller et al

Conflictsof Interest
None declared.

References

1.

10.

11.

12.

Berner ES. AHRQ Publication No. 09-0069-EF. Rockville, MD: Agency for Healthcare Research and Quality; 2009 Jun.
Clinical decision support systems: State of the art. URL: http://healthit.ahrg.gov/sites/defaul t/fil es/docs/page/09-0069-EF 1.
pdf [accessed 2014-07-23] [WebCite Cache ID 6RHe0XBqd]

Shiffman RN, Michel G, Essaihi A, Thornquist E. Bridging the guideline implementation gap: A systematic,
document-centered approach to guideline implementation. JAm Med Inform Assoc 2004;11(5):418-426 [FREE Full text]
[doi: 10.1197/jamia.M 1444] [Medline: 15187061]

Koopman RJ, Kochendorfer KM, Moore JL, Mehr DR, Wakefield DS, Yadamsuren B, et a. A diabetes dashboard and
physician efficiency and accuracy in accessing dataneeded for high-quality diabetes care. Ann Fam Med 2011;9(5):398-405
[FREE Full text] [doi: 10.1370/afm.1286] [Medline: 21911758]

Del Fiol G, Curtis C, Cimino JJ, Iskander A, Kaluri AS, Jing X, et al. Disseminating context-specific access to online
knowledge resources within electronic health record systems. Stud Health Technol Inform 2013;192:672-676 [FREE Full
text] [Medline: 23920641]

Goldstein MK. Using health information technology to improve hypertension management. Curr Hypertens Rep 2008
Jun;10(3):201-207. [Medline: 18765090]

Trafton JA, Martins SB, Michel MC, Wang D, Tu SW, Clark DJ, et al. Designing an automated clinical decision support
system to match clinical practice guidelinesfor opioid therapy for chronic pain. Implement Sci 2010;5:26 [FREE Full text]
[doi: 10.1186/1748-5908-5-26] [Medline: 20385018]

TraftonJ, Martins S, Michel M, LewisE, Wang D, CombsA, et al. Evaluation of the acceptability and usability of adecision
support system to encourage safe and effective use of opioid therapy for chronic, noncancer pain by primary care providers.
Pain Med 2010 Apr;11(4):575-585. [doi: 10.1111/].1526-4637.2010.00818.x] [Medline: 20202142]

Kawamoto K, Houlihan CA, Balas EA, Lobach DF. Improving clinical practice using clinical decision support systems:
A systematic review of trialsto identify features critical to success. BMJ 2005 Apr 2;330(7494):765 [FREE Full text] [doi:
10.1136/bmj.38398.500764.8F] [Medline: 15767266]

Dworkin RH, O'Connor AB, BackonjaM, Farrar JT, Finnerup NB, Jensen TS, et al. Pharmacol ogic management of
neuropathic pain: Evidence-based recommendations. Pain 2007 Dec 5;132(3):237-251. [doi: 10.1016/].pain.2007.08.033]
[Medline: 17920770]

O'Connor AB, Dworkin RH. Treatment of neuropathic pain: An overview of recent guidelines. Am JMed 2009 Oct;122(10
Suppl):S22-S32. [doi: 10.1016/j.amjmed.2009.04.007] [Medline: 19801049]

Dworkin RH, O'Connor AB, Audette J, Baron R, Gourlay GK, Haanpaé ML, et a. Recommendationsfor the pharmacol ogical
management of neuropathic pain: An overview and literature update. Mayo Clin Proc 2010 Mar;85(3 Supp!):S3-14 [FREE
Full text] [doi: 10.4065/mcp.2009.0649] [Medline: 20194146]

Finnerup NB, Sindrup SH, Jensen TS. The evidence for pharmacological treatment of neuropathic pain. Pain 2010
Sep;150(3):573-581. [doi: 10.1016/j.pain.2010.06.019] [Medline: 20705215]

Abbreviations

CDS: clinical decision support

CPRS: computerized patient record system

EHR: éectronic health record

ICD9: International Classification of Diseases, 9th Revision
K B: knowledge base

NP: neuropathic pain

PCP: primary care provider

TCA: tricyclic antidepressant

VA: Veterans Administration

VACHS: VA Connecticut Healthcare System

http://medinform.jmir.org/2014/2/€20/ JMIR Med Inform 2014 | vol. 2 | iss. 2 |€20 | p.66

RenderX

(page number not for citation purposes)


http://healthit.ahrq.gov/sites/default/files/docs/page/09-0069-EF_1.pdf
http://healthit.ahrq.gov/sites/default/files/docs/page/09-0069-EF_1.pdf
http://www.webcitation.org/6RHe0XBqd
http://jamia.bmj.com/cgi/pmidlookup?view=long&pmid=15187061
http://dx.doi.org/10.1197/jamia.M1444
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15187061&dopt=Abstract
http://www.annfammed.org/cgi/pmidlookup?view=long&pmid=21911758
http://dx.doi.org/10.1370/afm.1286
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21911758&dopt=Abstract
http://europepmc.org/abstract/MED/23920641
http://europepmc.org/abstract/MED/23920641
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23920641&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18765090&dopt=Abstract
http://www.implementationscience.com/content/5//26
http://dx.doi.org/10.1186/1748-5908-5-26
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20385018&dopt=Abstract
http://dx.doi.org/10.1111/j.1526-4637.2010.00818.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20202142&dopt=Abstract
http://europepmc.org/abstract/MED/15767266
http://dx.doi.org/10.1136/bmj.38398.500764.8F
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15767266&dopt=Abstract
http://dx.doi.org/10.1016/j.pain.2007.08.033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17920770&dopt=Abstract
http://dx.doi.org/10.1016/j.amjmed.2009.04.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19801049&dopt=Abstract
http://europepmc.org/abstract/MED/20194146
http://europepmc.org/abstract/MED/20194146
http://dx.doi.org/10.4065/mcp.2009.0649
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20194146&dopt=Abstract
http://dx.doi.org/10.1016/j.pain.2010.06.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20705215&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Miller et al

Edited by G Eysenbach; submitted 07.06.14; peer-reviewed by A Installe, C Schéafer; comments to author 30.06.14; revised version
received 06.07.14; accepted 08.07.14; published 18.08.14.

Please cite as:

Miller P, Phipps M, Chatterjee S, Rajeevan N, Levin F, Frawley S, Tokuno H

Exploring a Clinically Friendly Web-Based Approach to Clinical Decision Support Linked to the Electronic Health Record: Design
Philosophy, Prototype |mplementation, and Framework for Assessment

JMIR Med Inform 2014;2(2):€20

URL: http://medinform.jmir.org/2014/2/€20/

doi: 10.2196/medinform.3586

PMID: 25580426

©Perry Miller, Michagl Phipps, Sharmila Chatterjee, Nallakkandi Rajeevan, Forrest Levin, Sandra Frawley, Hajime Tokuno.
Originaly published in IMIR Medical Informatics (http://medinform.jmir.org), 18.08.2014. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/2.0/), which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in IMIR
Medical Informatics, is properly cited. The complete bibliographic information, a link to the original publication on
http://medinform.jmir.org/, as well as this copyright and license information must be included.

http://medinform.jmir.org/2014/2/e20/ JMIR Med Inform 2014 | vol. 2 | iss. 2 |e20 | p.67
(page number not for citation purposes)

RenderX


http://medinform.jmir.org/2014/2/e20/
http://dx.doi.org/10.2196/medinform.3586
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25580426&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Burgos et a

Original Paper

Clinical Decision Support System to Enhance Quality Control of
Spirometry Using Information and Communication Technologies

Felip Burgos™, RN, MSc, PhD; Umberto Melia®, MBiomedEng; Montserrat Vallverdd® , PhDEng; Filip Velickovski®*,
B.BioMedSci(Hons), MSc; Magi LIuch-Ariet*>", BSc., CSci, MSc; Pere Caminal®’, PhDEng; Josep Roca®’, MD, PhD

1Hospital Clinic - IDIBAPS - Ciberes, Respiratory Diagnostic Center, University of Barcelona, Barcelona, Spain
2Centre de Recercaen Enginyeria Biomedica (CREB-UPC), Universitat Politécnica de Catalunya, Barcelona, Spain
SBarcelona Digital Technology Centre, Barcelona, Spain

4ViCOROB, Universitat de Girona, Girona, Spain

5Departament d'Enginyeria Telematica (ENTEL), Universitat Politécnica de Catalunya, Barcelona, Spain

"all authors contributed equally

Corresponding Author:
Felip Burgos, RN, MSc, PhD
Hospital Clinic - IDIBAPS - Ciberes
Respiratory Diagnostic Center
University of Barcelona
Sotano porta 6

Villarroel, 170

Barcelona, 08036

Spain

Phone: 34 932275540

Fax: 34 932275455

Email: fburgos@ub.edu

Abstract

Background: We recently demonstrated that quality of spirometry in primary care could markedly improve with remote offline
support from specialized professionals. It is hypothesized that implementation of automatic online assessment of quality of
spirometry using information and communication technol ogies may significantly enhance the potential for extensive deployment
of ahigh quality spirometry program in integrated care settings.

Objective: The objective of the study was to elaborate and validate a Clinical Decision Support System (CDSS) for automatic
online quality assessment of spirometry.

Methods: The CDSS was done through a three step process including: (1) identification of optimal sampling frequency; (2)
iterationsto build-up aninitia version using the 24 standard spirometry curves recommended by the American Thoracic Society;
and (3) iterations to refine the CDSS using 270 curves from 90 patients. In each of these steps the results were checked against
one expert. Finally, 778 spirometry curves from 291 patients were analyzed for validation purposes.

Results: The CDSS generated appropriate online classification and certification in 685/778 (88.1%) of spirometry testing, with
96% sensitivity and 95% specificity.
Conclusions:  Consequently, only 93/778 (11.9%) of spirometry testing required offline remote classification by an expert,

indicating a potential positive role of the CDSS in the deployment of a high quality spirometry program in an integrated care
Setting.

(IMIR Med Inform 2014;2(2):e29) doi:10.2196/medinform.3179
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spirometry; telemedicine; information communication technologies; primary care; quality control
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Introduction

High Quality Spirometry Testing

High quality spirometry testing across hedlth care levels is
pivotal for proper management of patientswith prevalent chronic
respiratory disorders, namely asthma and chronic obstructive
pulmonary disease (COPD) [1].

We have recently reported the effectiveness of a Web-based
application for remote offline expert support to enhance the
quality of spirometry in primary care. High quality testing
improved in a sustai nable manner with the remote support [2].
A relevant difference was observed between the intervention
group, 2419/3383 (71.50%) high quality spirometry, and the
control group, 713/1198 (59.52%) high quality spirometry,
throughout the 12 month follow-up period (P<.001). Similar
figures have been obtained in pharmacy offices, as part of a
COPD case finding program [3].

In the Basque Country (Spain), the ongoing regional deployment
of the Web-based offline support program from specialists to
primary care will cover the entire population, 2.2 million
inhabitants, by the end of 2014 [4,5]. Interestingly, their results
[6] are similar to those reported in the initia randomized
controlled trial [2] described above.

Idedlly, extensive deployment of a high quality spirometry
program in the community should offer accessibility to
standardized raw spirometric data through a technological
architecture providing interoperability across health care tiers.
To this end, a Clinical Document Architecture for spirometry
using Health Level Seven v3 standards was recently made
available by the Catalan Heath Department [7], such that
spirometric testing will be available at theregional level. Inthis
scenario, automatic assessment of quality of spirometry testing
should enhance the efficiency of the program. Unfortunately,
current applications for online assessment of quality of
spirometry misclassify thetests, as compared with examinations
done by expert professionals[2].

Clinical Decision Support System

We hypothesize that elaboration and validation of a clinical
decision support system (CDSS) for online automatic assessment
and certification of quality of spirometry in primary care may

http://medinform.jmir.org/2014/2/e29/
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represent a pivotal step toward regional adoption of the high
quality spirometry program with an integrated care approach.

The current study is part of the refinement of the ongoing
deployment of the high quality spirometry programin Catalonia
[8], an European region of 7.5 million inhabitants.

Methods

Building-Up the Clinical Decision Support System
Figure 1 showstheinitial step in the process for elaboration of
the CDSS was the identification of the optima sampling
frequency to achieve the highest sensitivity and specificity in
the analysis of the spirometric curves. To thisend, asystematic
examination of alarge range of sampling frequencies, from 6.25
Hz to 100 Hz, was done during the first iterative process.

The process was done using the 24 standard flow-volume and
volume-time curves from the pulmonary waveform generator
recommended by the American Thoracic Society/European
Respiratory Society (ATS/ERS) [7]. This set of 24 standard
curves cover the entire spectrum of clinical abnormalities, as
well as common spirometric artifacts. They are used as a
reference material for calibration purposes and, in general, to
facilitate comparisons among lung function laboratories.

The construction of aninitial version of the CDSS was carried
out using the 24 standard spirometry curves [9,10] following
an iterative process, as displayed in Figure 1. In each step, the
results generated by the CDSS were compared with the criteria
of one expert in thefield of lung function testing (FB), and the
iterative process was maintained until sensitivity and specificity
of the results generated by the CDSS showed 24/24 (100.0%)
agreement with the expert.

The CDSS combines the different aspects assessed on the
spirometry curve in one score with three different categories:
(1) grade O, rejected due to unacceptable morphology of the
spirometry curve; (2) grade 1, acceptable for further
classification according to Table 1; or (3) grade 2, undefined
characteristics of the spirometry (see Multimedia Appendix 1
for examples of the three categoriesin Figure 1S). Thetwo first
categories, grades 0 and 1, allow proper online automatic
classification of spirometry testing as well as the generation of
acertified spirometry curveto be potentially shared across health
caretiers, whereas grade 2 requires offline expert assessment.
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Table 1. Quality scores for spirometric maneuvers according to ATS/ERS standardization [9].

Scores Maneuvers
A2 3 acceptable maneuvers, and best 2 matched with differencesin FVCPand/or FEV <150 ml
B 3 acceptable maneuvers, and best 2 matched with differencesin FVCPand/or FEV 15<200 ml

2 acceptable maneuvers, and best 2 matched with differencesin FVC and/or FEV 1°<250 ml

1 acceptable maneuver

No acceptable maneuvers

@High quality spirometries, A and B scores, correspond to A, 3 acceptable maneuvers with differencesin FV C and/or FEV1<150 ml; and B, 3 acceptable
maneuverswith differencesin FVC and/or FEV 1<200 ml; C, to high variability among maneuvers; D, only one acceptable maneuver; and F no acceptable

maneuver.
bV C = forced vitdl capacity
®FEV = forced expiratory volume in the first second

Figure 1. Flow of the process followed to elaborate and validate the Clinical Decision Support System (CDSS). ATS=American Thoracic Society;

FS=forced spirometry.

Elaboration and validation of the CDSS

Lung Function EXPERT

270 FS curves ‘

‘
24 Standard ATS
Curves from 90 patients
p————————\ A

Lung Function EXPERT

VALIDATION

778 curves from 291 patients

The Characteristicsand the Algorithm

The CDSS systematically assessed 27 different characteristics
of each spirometry curve, as displayed in Table 2. There were
four out of the 27 characteristics that were extracted from the
international recommendations for standardization of the test,
jointly reported by the ATS and the ERS [11]; whereas the
remaining 23 were introduced during the current research. Each
of these 27 features had a well defined specific algorithm for
caculations. The mathematical description of a feature
constituted the so-called metric. It isof notethat agiven feature

http://medinform.jmir.org/2014/2/e29/
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may require more than one metric. The quantitative values of
agiven metric were denominated thresholds that were used for
quality assessment. It isal so of note that some metrics may have
primary and secondary thresholds. Theinitial parameters of the
automatic algorithm for online assessment of quality of
spirometry were refined through successive iterations until the
final version of the CDSSwas obtained (Figure 1). Asindicated
above, the performance of each of the successive versions of
the CDSS was compared with the results provided by the expert.
A refined version of the CDSS was achieved using 270 curves
from 90 patients from [2].
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Table 2. List of criteria of the forced spirometry curve explored by the CDSS.

Forced spirometry curve Criterid

BEV?trad Back extrapolation >0.15 L or < 5% of FVCY
EOTVP trad End of test criteria, volume < 0.025 L intime=1s
Tex® Time of end FVCY(Tex>6 9)

EOTVP new (5 criteria)
Peak_Valley Single
Peak_Valley_Combined
vT9end

FV€ dope single

FV€ slope combined
FV®Slope Test_Combo
FVEeSlope Test_Combo_Area Under Rect!
FV®Slope Test_Combo4
Diff_singl€®
Diff_combined'

PEF TimeUp

PEF' TimeDown

PEF' Cut

PEF cut2 FEV,"

PEF' DoublePeak

PEF Slow

a) EOTVP< 0,025 L or Tex>6 s;

b) If Tex®>6 SEOTVP<0.025 L intime 05’5
o) If Tex®6's, EOTVP< 0.1L;

d) EOTVP(Tex®) < 0.025 L ; and

) EOTVP < 0,025 * Tex/6 L

High local maximum (peak) and minimum (valley) in FV curve

High local maximum (peak) and minimum (valley) in FV curve close to FEVlh
Irregularity or oscillation at the end of FT™curve

Variation of FV®dope or high FV®slope

Variation of FV®dope and high FV®slope

Irregularity and variation of FV®slope or high FV®slope

Irregularity or variation of FV®slope and high FV slope

Irregularity and variation of FV®slope and high FV®slope

Irregular concavity-convexity before the PEF'value in Fvecurve

Irregular slope and irregular concavity-convexity before the PEF'value in Fvecurve
Time to archive PEF'< 130 milliseconds

Time to archive PEF'> 0.25 milliseconds

PEFfis not a peak in FVcurve (is plane), volume (F'=PEF") > 15 % FvC9
PEF'is not a pesk in FVcurve (is plane), volume (F"=PEF') > 17.5 % FEV;"
PEFbimodal in FVcurve

Volume to archive PEF < 20% FvC9

3BEV = back extrapolation

PEOTV = end of test criteria, volume
“Tex = Timetoend FVC

dy/T = volumeltime curve

€FV = flow/volume curve

fPEF = peak expiratory flow

9FVC = forced vital capacity

hFEV1= forced expiratory volume in the first second

"The list includes the classical parameters used by ATS/ERS guidelines[11].

jRect = rectum

KDiff single= irregular concavity-convexity before the PEFf value in flow volumen curve concavity or convexity exists if the extracted signal metric
IDiff_combi ned = irregular slope and irregular concavity-convexity before the peak expiratory flow value in flow volume curve

MET = flow/time curve
"E=flow
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Clinical Decision Support System Validation

Therefined version of the CDSS was compared with adatabase
of 778 curves from 291 patients from one of the primary care
centers in Barcelona. The spirometry testing was done using a
spirometer (Sibel 120, SIBELMED, Barcelona Spain). Again,
the score generated by the CDSS was compared with the one
obtained from the same expert evaluator.

The use of the two patient databases, for refinement and
validation purposes, was approved by the Ethical Committee
of the Hospital Clinici Provincial de Barcelona.

Burgoset a

Data Analysis

The ATS database [10] contains volume (V) values of each
curve, from which flow (F) values were obtained by discrete
differentiation (equation 1, Figure 2). The two patient's
databases contained F values, from which V values were
obtained by discrete integration (equation 2, Figure 2). The
sample period is At=0.01s, so the sample frequency is 100 Hz.
Sensitivity and specificity of the CDSS were calculated for all
curves classified as grades 0 or 1 using equations 3 and 4 in
Figure 2.

Figure 2. Equationsfor data analysis. F=flow; V=volume; i=1,...,N; N=length of the sequence; true positive (TP) corresponds to curves classified as
grade 0 by both CDSS and the evaluator; true negative (TN) corresponds to curves classified as grade 1 by the CDSS and the by the evaluator; false
positive (FP) indicates curves classified as grade 0 by the CDSS, but classified in grade 1 by the evaluator; and, false negative (FN) corresponds to

curves classified as grade 1 by the CDSS, but as grade O by the eval uator.
Flil=V[i]-V[i-1] / At
V[il= 3l _,Fli—n]=At

TP

Sensitivity= — "

TN
TN+FP'

Specificity=

Results

Discussion

The Sampling Frequency

The sampling frequency that provided the highest sensitivity
and specificity for the analysis carried out with the 24 standard
spirometry curves recommended by the ATS [10] was 100 Hz
(Figure 1 and Multimedia Appendix 2, Table 2S), thisfrequency
iswidely used in commercial spirometers, and it is reasonable
from the electronic transferability point of view. Thisresult was
confirmed in the 270 curves from 90 subjects[2].

Both sensitivity and specificity of the CDSS were initialy
calcul ated with the 24 standard spirometry curvesrecommended
by the ATS [11] using only grade O and grade 1 curves. The
results were as follows, grade 0, n=15; grade 1, n=6; grade 2,
n=3 with 24/24 (100.0%) sensitivity and 24/24 (100.0%)
specificity. Up to five complete versions of the CDSS were
generated in the two iterative processes indicated in Figure 1,
until afinal version of the CDSS was ready for validation.

Grading the Curves

Thevalidation study using 778 curvesfrom 291 patients showed
the following distribution of spirometry curves, 419/778
maneuvers (53.8%) were appropriately classified as bad curves
(grade 0); 266/778 maneuvers (34.2%) were appropriately
classified asgood curves (grade 1); and only 93/778 maneuvers
(11.9%) needed an offline review by alung function expert to
assess quality of the test (grade 2; see Multimedia Appendix
3). Sensitivity and specificity calculationsfor grade 0 and grade
1 curves were 96.1 and 94.9%, respectively.

http://medinform.jmir.org/2014/2/e29/

The Current Research

The current research has generated and validated a CDSS that
shows the ability to classify a reasonable percentage of
spirometry curves, 685/778 (88.1%) aseither acceptable (grade
1) or bad maneuvers (grade 0). Only 93/778 (11.9%) of the
curves were classified as undefined (grade 2) and were
candidates for offline remote validation by an expert. Moreover,
we observed that both sensitivity and specificity of the CDSS
were very high. Consequently, the results seem to indicate that
a vast majority of spirometry testing carried out by
nonspecialized professionals in primary care can be reliably
assessed online, and the high quality spirometry program partly
based on remote automatic evaluation of the testing could be
considered ready for regional scalability. Obviously, further
steps toward extensive deployment of the program must be
planned with caution. A proper monitoring of the potential for
generalization of the current results and the need for further
refinements of the current CDSS should be taken into account.

The results of the current research overcome some of the
limitations of the existing computer-based algorithms generating
automatic feedback, as reported in [2,12]. It is acknowledged,
however, that automatic feedback based on enhanced algorithms
like the one proposed by the current research may be effective
only if they are part of acomprehensive program for high quality
forced spirometry.

In the new scenario, as indicated by the business process
management notation (BPMN) diagram (Multimedia Appendix
2, Figure 2S), acceptable maneuvers (grade 1) will be
automatically addressed to the algorithm indicated in Table 1
that classifies and certifies spirometry testing prior to its
recording into the local (electronic health record) and regional
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repositories. In contrast, those maneuvers classified as bad
curves (grade 0) will generate an online specific error message
to the professional, indicating the need to perform additional
testing until quality acceptance is reached. As indicated, we
estimate that approximately 12% of the curves will not be
properly classified (grade 2), and they will need an offline
remote supervision by an expert professional. In this case, the
spirometry testing of agiven patient may need to be rescheduled.

Previous reports have indicated the potential of telemedicineto
enhance both quality and diagnostic potential of spirometry
testing carried out by nonexpert professionals [13-15], but the
quality control in those studies was based on offline analyses
by expert professional s carried out in atime consuming manner
[16-18]. Likewise, the need for an external, likely centralized,
quality control program [15,17-20] is well established. The
results of the current study refine previous achievements [2]
and open the way to explore extensive and efficient adoption
of thistype of high quality spirometry programs.

We acknowledgethat high quality spirometry programs combine
several different dimensions, namely: (1) professional coaching
[21,22]; (2) remote support [2]; (3) interoperability of testing
across health care levels[20]; (4) standards for procurement of
equipment [11,23]; and (5) support to interpretation of testing
[24,25]. The current study provides pivotal resultsto efficiently
addressissues associated to remote support of spirometry testing.
But, a proper integration of all the above elements needs to be
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considered in the process of shaping a successful high quality
spirometry program for scalability at regional level.

Limitations of the Study

We acknowledge two principal limitations of the study. First,
weincluded only one expert observed (FB). The CDSS should
be reassessed in the future with the inclusion of at least 3
different experts. Moreover, the current study evaluates the
CDSS in an isolated manner. But, further assessment of the
wholeclinical processasdefinedinthe BPMN (see Multimedia
Appendix 2, Figure 2S) should be done before specific plans
for scalability are undertaken.

Conclusions

To our knowledge, the current study constitutes the first
successful attempt to validate an automatic CDSSfor large scale
online assessment of quality of spirometry testing. The
incorporation of the CDSS into the Web-based application for
remote assistanceto primary care professionals[2] may facilitate
sustainable high quality spirometry generating a significant
added value in an integrated care scenario.

The results indicate a high potential of the CDSS for
discrimination between good and poor quality results of
spirometry testing, but they require further independent
validation before specific plans for implementation are
materialized.
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Multimedia Appendix 1
The algorithm for computing maneuver acceptability, using the 27 set of criteria.

[PDE File (Adobe PDF File), 6KB - medinform_v2i2e29 appl.pdf ]

Multimedia Appendix 2

Three examples with curves classified as Grade 0, 1 and 2. The Business Process Model Notation (BPMN) diagram displays the
use of the CDSS for quality control in primary care within a coordinated care scenario. The results of the protocol undertaken to
identify the optimal sampling frequency during the first iterative process are shown here.

[PDFE File (Adobe PDF File), 113KB - medinform_v2i2e29 app?2.pdf ]

Multimedia Appendix 3

For each FS curve, the results generated by the CDSS are compared with those provided by the expert professional. It is of note,
that only the expiratory portion of the FS manouevres was taken into account for analysis.

[PDE File (Adobe PDF File), 27KB - medinform v2i2e29_app3.pdf ]
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Abstract

Background: The health sciences are based upon information. Clinical information isusually stored and managed by physicians
with precarious tools, such as spreadsheets. The biomedical domain is more complex than other domains that have adopted
information and communication technologies as pervasive business tools. Moreover, medicine continuously changes its corpus
of knowledge because of new discoveries and the rearrangements in the relationships among concepts. This scenario makes it
especidly difficult to offer good toolsto answer the professional needs of researchersand congtitutes abarrier that needsinnovation
to discover useful solutions.

Objective: The objective was to design and implement a framework for the development of clinical data repositories, capable
of facing the continuous change in the biomedicine domain and minimizing the technical knowledge required from final users.

Methods: We combined knowledge management tools and methodologies with relational technology. We present an
ontology-based approach that is flexible and efficient for dealing with complexity and change, integrated with a solid relational
storage and a Web graphical user interface.

Results: Onto Clinical Research Forms (OntoCRF) is a framework for the definition, modeling, and instantiation of data
repositories. It does not need any database design or programming. All required information to define a new project is explicitly
stated in ontologies. Moreover, the user interface is built automatically on the fly as Web pages, whereas data are stored in a
generic repository. This allows for immediate deployment and population of the database as well as instant online availability of
any modification.

Conclusions: OntoCRF isacomplete framework to build data repositories with asolid relational storage. Driven by ontologies,
OntoCRF is more flexible and efficient to deal with complexity and change than traditional systems and does not require very
skilled technical people facilitating the engineering of clinical software systems.

(IMIR Med Inform 2014;2(2):e14) doi:10.2196/medinform.3023

KEYWORDS
biomedical ontologies; data storage and retrieval; knowledge management; data sharing; electronic health records

processes consist mostly of collecting data, summarizing this
data, and using information derived from the data. This
information, properly integrated with clinical knowledge,
constitutes the base for decision support and generation of new

Introduction

The health sciences, particularly medicine, are based upon
information and communication. Clinical practice and research
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knowledge. Nevertheless, in spite of great advances in the
information and communication technologies (ICT) domain
during past years, the progressin medical informaticsis slower
than predicted. Clinical information systems are failing to
provide true support for clinicians’ needs[1,2]. Although there
is abroad commercial offer of clinical information systemsto
support patient management and the electronic patient record
(EPR), they are focused primarily on the economic and
administrative processes, and lack the needed functionality to
manage clinical data. Existing central data warehouses usually
fail to support the creation of structured variables for research
use [3], so it is necessary to build dedicated systems [4]. Asa
result, there is little institutional support within health
organizations for the collection of clinical data, especialy for
research.

The implementation of research data repositories has been
reported to increase the capacity of a research team [3]. Some
surveys show that individual organizations are progressing to
the devel opment, management, and use of clinical repositories
as ameans to support a broad array of research [5]. Although
most researchers aready use some software system to manage
their data, there continues to be widespread use of basic and
genera-purpose applications, such as spreadsheets, and
additional support has become necessary for managing datasets.
Interestingly, the barriers to acquiring currently available tools
are most commonly related to financial burdens [6].

Thisisthe situation in the Hospital Clinic of Barcelona, which
has a long tradition in biomedical research and stands as a
benchmark institution both nationally and internationally [7,8].
A research project cannot be understood now without ICT
support to some extent. Nevertheless, the spreadsheet remains
the key tool for research data management because financial
limitations restrict the acquisition of more complex tools.
Continuous changeisacharacteristic of the biomedical domain,
and building applications that can handle it is very expensive.

We have developed Onto Clinical Research Forms (OntoCRF),
aframework for the definition, modeling, and implementation
of data repositories. Most importantly, OntoCRF is capable of
meeting change at a minimal cost because the implementation
of a new repository in OntoCRF does not need additional
database design or programming. All information required to
define a new project is explicitly declared in ontologies,
reducing the time and cost of development compared to
traditional solutions. The repositories implemented with
OntoCRF are accessible via a website for data entry, thus
facilitating the collection of distributed data.

Methods

Background

TheHospitd Clinic of Barcelonahasagrowing need for systems
for the collection of clinical data. The Medical Informatics unit
at Hospital Clinic of Barcelona has experience designing and
implementing databases for research [9-11]. Some general
requirements for data management reported in the literature
[3,5,12] are asfollows:

http://medinform.jmir.org/2014/2/e14/
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1. The ability to efficiently acquire, store, and manage large
volumes of structured data, preferably in a centralized
repository.

2. To provide a Web interface for researchers to allow them
to have adistributed accessto the datain order to introduce
new data or to retrieve existing data. Data are usually
gathered by variousresearchers, often in different locations.

3. Data security, including access control, to assure the
persistence of the data.

4. To facilitate the access to the data, including researcher
“self-serve” access.

5. To beableto easily accommodate changesin the structure
of the data, minimizing service disruption when such a
model change occurs.

The Hospital Clinic of Barcelonahasused an EPR system since
1995. Three different commercial systems have been used during
thistime, thelast oneincluding adatawarehouse, but they were
primarily focused on economic and administrative processes.
Although these systems allowed gathering of some limited
clinical data, none of them were intended to register additional
data

Because of financial limitations, there has been widespread use
by researchers of basic and general-purpose application
software, such as spreadsheets. The same situation is reported
by other authors [3,6]. The use of general-purpose application
software has serious drawbacks: an unfriendly user interface,
few guarantees for maintaining the consistency of data,
difficulties in sharing and consolidation of data, and limited
ability to exploit data. Desktop application software programs
are definitively not designed to meet the above mentioned
criteria.

When there is an adequate budget available, it is possible to
build a more sophisticated system. Usually, these systems are
built using a multitier architecture composed of a centralized
database, an application server, and a Web server providing the
user interface. However, this architecture presents some
disadvantages. First of all, the devel opment of such applications
is a laborious task, as is their extension to accommodate
changes. Consequently, thisapproach isnot suitable for domains
where data and model evolution is the norm [12]. Secondly,
this classical approach requires a very speciaized panel of
computer technicians and this often leads to communication
problems between the biomedical researchers and the
development team. Thirdly, the development cost and the cost
of information technology (IT) personnel require a high
investment [6] sometimes for a short project time (research
projects typically last 2-3 years). Finaly, using this kind of
approach within alarge organization produces applications very
different among them, and the distribution of data across
multiple sources, which complicates the ability of researchers
to use the data for answering their research questions [4].

These considerations—the lack of available tools in our
organization and the disadvantages of traditional database
systems—prompted us to seek an alternative and to build a
platform to deploy research projects and clinical registries.

The advances in knowledge management tools and
methodologies in previous years provided the opportunity for
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anew approach. Ontologies as explicit conceptualizations of a
domain [13] seem well adapted to the task of representing
medical data. Ontol ogies resembl e databases from an operational
perspective because they can be populated with instance data
and deployed as parts of information systems for answering
queries [14]. Languages to represent ontologies, such as
Ontology Web Language (OWL), are designed to be extensible
and able to accommodate model changes. The flexibility of
ontologies is a magjor advantage of the technology [14]. These
characteristics make ontologies suitable to build a conceptual
platform on which specific applications can be deployed [12].

In addition, the use of ontologies is more and more common in
the health care field [15-21], which provides an environment
to seamlesdly integrate the new information modelswith existing
ontologies.

Use Case Presentation

In the following, we will use examples from current projectsto
illustrate how the system works. One registry is the European
Forum on Antiphospholipid Antibodies, a registry of patients

Figure 1. List of clinical cases within CAPS registry.

L ozano-Rubi et al

with catastrophic antiphospholipid syndrome (CAPS). This
project aimsto establish aninternational dataset of all diagnosed
patients with CAPS. For each clinical case, the following data
are registered: demographic data, previous clinical
manifestations, precipitating factors, clinical findings organized
by organs, laboratory results, and treatment followed.

Outcome

The data have to be stored in a centralized database to allow
periodic statistical analyses on them. In order to allow a
decentralized introduction of data, a Web-based application
program is needed. Screenshots of the data entry screen are
shown in Figures 1 and 2. Figure 1 shows the list of clinical
cases from the CAPS registry and Figure 2 shows a concrete
case with some laboratory results.

The panel on the top left alows for navigation through the
different parts of the registry. The windows on the right, which
congtitutetheformulariestofill in, are composed of single cells,
combo boxes, check boxes, radio buttons, etc, to introduce and
visualize the data.
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Figure2. A CAPSregistry clinical case with laboratory results.
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Proposed Solution

OntoCRF is a framework to build clinical data repositories
initially designed for research. The general idea of OntoCRFis
to combine the best of two technologies: the expressivity and
flexibility of ontologies with the proven robustness and
efficiency of relational databases. Previous work by our team
has aready demonstrated the feasibility of using a relational
persistence layer to store ontologies [22,23].

Asageneral requirement, all information needed for the system
to work should be modeled in ontologies. Furthermore, no
additional programming should be necessary to implement a
new project. By doing so, each different project has a different
ontology that models both the data and the user interface. The
ontology indicateswhich dataare needed (eg, age, sex) and how
to represent them on the screen (ie, asingle cell in thefirst row,
aradio button in the second row). The program code should be
the same for different projects, but is capable of “interpreting”

the corresponding ontology to implement different projects.

Although prior work was done with Resource Description
Framework (RDF), we choose OWL [24] as the modeling
language. The justification of using OWL is twofold:
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1 Able to reuse existing ontologies. For example, the
ontologies stored in BioPortal [25], many in OWL format,
are accessible from Protégé.

2. Ableto make automatic reasoning in the future. Although
not explored yet, we have plans to use reasoners such as
Pellet [26] for consistency checking, automatic
classification, etc.

OWL is a standard with wide support in the Semantic Web
community. Thus, tools developed by the Semantic Web
community can be directly applied to the data, such as Protégé
[27], as an ontology-editing tool. The election of Protégé is
motivated by our previous work on relational support for
ontologies [22]. The persistence layer for both models and
instantiated data are provided by arelational database.

OntoCRF is composed of thefollowing modules: (1) arelational
database for storing the ontologies and instantiated data, (2) an
ontology editor based on Pratége, (3) agraphical user interface
(GUI) based on Liferay [28], (4) a metamodel describing the
primitives of the system, (5) an application for data extraction
in the back end, and (6) an application for ontology upload in
the back end. The general architectureis shown in Figure 3.
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Figure 3. General architecture of OntoCRF.
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Storage of Ontologies and I nstantiated Data

OWL database (OWL-DB) is a relational database used for
storing ontologies and instantiated data, following an approach
similar to the Entity-Attribute-Value (EAV) schema EAV
schemas allow for changing the data structure and have proven
their utility for clinical applications [29,30] The database was
designed according to the OWL specification [24]. Based on
Theoharis [31], storage schemes can be classified as
schema-oblivious (1 table is used for storing the statements),
schema-aware (1 table per classor property isused), and hybrid
(1 table per metaclass and property instances with different
range valuesis used).

In OntoCRF, the chosen storage architectureisbasically ahybrid
model, which is the model that achieves the best performance
according to Theoharis [31]. In OWL-DB there is a table for
each OWL metaclass, such asresource, class, property, domain,
and range. The values of property instances are stored in atable
according to its range (eg, resource, string, integer). An
identity-based approach is used to identify resources because
the use of shorter identifiers versus long internationalized
resource identifiers (IRIs) results in space and performance
benefits [32].

An additional single table is used to store al triples defining
the ontology. Adding or deleting statementsin thistable causes
triggers to fire and thus update the rest of the tables. The
statementstable serves asinterface with other applications. Any
application able to manage OWL statements (eg, ontology
edition tools) can be potentially connected with OWL-DB.
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Furthermore, this approach has all the advantages of EAV
schemes. Instead of specific tables for storing patient data,
laboratory data, etc, there are tables representing the elements
of OWL specification. Therefore, schema evolution can be
easily supported. Whereas the addition/deletion of a new
property requires the addition/deletion of a table in
schema-aware approaches [31], it only requires the
addition/deletion of rows in the hybrid model. As a resullt,
neither the design nor the structure of the database needsto be
changed for different applications.

The design of the database is intended for a quick recovery of
concepts through hierarchies of classes and subclasses. When
only using a statements table, finding the subclasses of a class
(through a variable number of levels) is a recursive problem,
difficult to solve in the relational environment. To avoid this
limitation, subsumption relationships between classes and
properties are stored in specific tables, following a nested-set
model of trees [33]. In this model, each node of the tree is
labeled with two numbers (left and right), as shown in Figure
4,

Finding all subclasses of a given class (eg, digestive disease)
becomes a very fast process. they are all classes with the right
index (or left) comprised between the values of the indexes of
the class. Thus, all concepts defined as subclasses of it, such as
acute gastric ulcer in the example, will be recovered in avery
efficient manner, regardless of what level of depth in the
hierarchy they are defined. Nevertheless, this design makesthe
management of multiple inheritance difficult. Currently, we
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duplicate the node with multiple inheritances in the class
hierarchy, which represents only a small cost in storage space.

Other applications can interact with OWL-DB using an
application programming interface (API) built with stored
procedures. A set of functions retrieves the subclasses,
properties, and instances of a named class, domain and range

Figure 4. Example of a nested-set model of trees.

2

L ozano-Rubi et al

of properties, values of instance properties, etc, to extract
information from the database.

The system can store all imported ontologies in the same
database, maintaining the import relations between different
ontologies.

Digestive 9
disease
Ulcer 9

N

3 Gastric

7 8| Duodenal | 9

4 Acute 5 6

Chronic 7

Ontology Authoring

The edition of the ontology is based on Protegé [27]. Protége
is a recognized standard for ontology edition, with more than
200,000 registered users around theworld, and ableto edit OWL
ontologies. An interesting characteristic of Protégé is its
extensibility capability. It is possible to include new
functionalities to the tool by adding new plug-ins.

With OntoCRF, the data to be registered are modeled in an
ontology. To simplify and parallel relational databases, tables
become classes and columns become properties. Figure 5 shows
a snapshot of the CAPS ontology. Some classes representing
the main groups of data to be registered (eg, case,
Precipitating_Factors, Previous Manifestations,
Adrenal_Involvement, Cardiac_Involvement, laboratory,
treatment) can be identified.

OWL and Protégé support additional functionality because the
subclasses, metacl asses, etc, together with the metamodel allow
Protégé to be used as a twofold design tool: (1) a kind of
database design tool to define the data, its structure, and
properties and (2) agraphic interface design tool to define how
the datawill be presented to the user.

A plug-in developed by us, OWL-DB plug-in (Figure 6),
connects Protégé with the OWL-DB module at the storage level.
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The OWL-DB plug-in uses Jena [34] to manage OWL
statements and to communicate with OWL-DB.

The plug-in is a backend plug-in. This plug-in consists of a
single class, which is subclass of the KnowledgeBaseFactory
class provided by Protégé. It communicates by updating the
statements table, which triggers the update of the rest of the
tablesin the database.

By using the OWL-DB plug-in, it ispossibleto load an ontology
that was previously stored in the database to be edited in
Protégé. The connection parameters provided are database
management system (DBMYS), server Internet Protocol (IP)
address, database name, username, and ontology namespace.
After changes are made in the ontology with Protégé, the user
can choose either saving in the database only the last changes
made or replacing the ontology entirely. If the ontology is
importing other ontologies, an option is available to save al
imported ontologies in the database at the same time.

By using the OWL-DB plug-in, an already existing OWL file
in Extensible Markup Language (XML ) format can be uploaded
to the database. This is done using the Protégé menu option
“Convert Project to Format...” where an option is available to
choose the OWL-DB format. When storing ontologies in
OWL-DB from Protégeé, aloca copy in an OWL filein XML
format is automatically generated.
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Figure5. Ontology edition with Protégé.
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Figure6. OWL-DB plug-in.
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The Metamode

Ontology-driven database metamodel (OntoDDB-MM), the
OntoCRF metamodel, is an ontology composed of a set of
metaclasses, classes, and properties that define the available
elementsthat can be used to build an application. These elements
arerecognized and used by the portletsto create the GUI. Figure
7 shows the main hierarchies.

In this metamodel, an application is represented by an instance
of the metaclass application. Inthe CAPS registry example, the
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application is represented by the class “CAPS.” The different
forms are represented by instances of metaclass DataStructure
(eg, case, Previous Manifestations, Clinical_Manifestations).
At the same time, these classes are subclasses of the
Applicationitem class.

A DataStructure can have several properties; some are
DatatypeProperties and others are ObjectProperties. In our
example, the properties Previous Manifestations,
Precipitating Factors, Clinica_Manifestations, etc, areinstances
of both ObjectProperties and Menultem. On the one hand, they
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are properties linking Case with other data structures and, on
the other hand, they are menu elements. Figure 8 shows an
example.

Each form field is an instance of one of the subclasses of
FormElement, which determines its behavior: Checkbox,
Combobox, Graphic, HyperlinkProperty, ImageProperty,
Literal Property (to represent literals, do not expect a value),
MultilineStringProperty, RadioButton, SingleCell, Password,
and SubForm (not implemented yet).

To manage the form fields, the FormElement metaproperty
introducesthefoll owing facets: webColumn (the rel ative column
intheform wherethefield will be shown), webRow (therelative
row in the form where the field will be shown),
webDescriptionProperty (a flag to mark fields that are part of
the description of the corresponding object and are shown in
the headers, list, etc), webMandatoryProperty (aflag for fields
do not alowed to have a null value), webldProperty (aflag to
mark fields that constitutes the Id of the corresponding data
structure meaning that is mandatory to fill in the field and that
the value must be unique), webEditionDisabled (aflag to avoid
afield be edited), and webDirectlyDependent (aflag to identify

http://medinform.jmir.org/2014/2/e14/
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depending objects). The objects that are values of
webDirectlyDependent properties cannot exist without the object
that has this property.

The metamodel indicatesthat there are constraints on the values
to be used within each field. Thisisdone by creating a subclass
of the class AllowedValues for each field to be constrained.
This class is a subclass of Ordereditem and the instances can
have arelative order between them. If the subclass CodedValues
isused instead of the class AllowedValues, each of the different
options can have an attached code. This mechanism is similar
to the method used by Rector et a [35] to constrain the codes
to placeholders.

Asan additional feature, the system can notify to specific users
viaemail about the creation of new instances. Thisis useful to
notify about adverse events, for example. To do that, the class
whose instances have to be notified has to be a subclass of the
Reportable metaclass.

Other classes, such as Role, UnderAuthorization, Organization,
and Authorization, manage access permissions to the different
resources, but they are only partially implemented at the present
moment.
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Figure 7. The ontology-driven database metamodel (OntoDDB-MM).
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Figure 8. Example of menu elements.
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The Graphical User Interface
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ismadewith HTML, Javascript, and JQuery. With this approach,
the end user only needs a Web browser to interact with the

Using Protégé and OWL-DB is enough to instantiate the system.
ontology in a centralized repository. However, this would not

be a suitable interface to an end user.

The GUI is created dynamicaly. The navigation menu,
components generation, and all objects in general are created

The user interface is built with portlets based on Spring  dynamically following the specification of the ontology. The
model-view-controller (MVC) and deployed in Liferay. The  portletsaccessdirectly to the OWL-DB stored procedures. Then
business and controller levels are supported by Spring and the  theinformation about the application, expressed in the ontol ogy,

view level by JavaServer Pages (JSP) with JSP Standard Tag s used to build the Web pages on the fly, as shown in Figure
Library (JSTL). The screen presentation and direct interaction g,

Figure9. Example of form elements.
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Data Extraction

The data extraction module allows periodic extractions of stored
datafor analyzation. Thisisdone by invoking aJavaapplication
that will ask the user to provide the connection parameters. The
output of this application is a set of XML files containing the
data. These files can be imported to a conventional relational
database or a statistical package to be analyzed. The datato be
extracted is defined in the ontology as instances of the class
DataExtraction. Thisclassallowsthe user to specify which class
of the application should be extracted and whether the value of
their object properties must be traversed recursively or not.

Another availablefunctionality can transform the entire ontology
inarelational database. In this case, the output isa SQL script.
This functionality can be used on a daily basis to maintain a
relational version of the data.

OWL-DB OntoL oad

OWL-DB OntoLoad is an application to directly upload an
OWL ontology in XML format to the server by feeding the
statements table directly instead of uploading it through the
editor tool.

Evaluation

To evaluate the usability of OntoCRF, the System Usability
Scale (SUS) score was selected [36]. Developed in 1986 by
Digital Equipment Corporation, it is asimple method to gauge
first impressions of the appropriateness of software
developments of end users. It consists of a questionnaire with
10 items:

1. | think that | would like to use this system frequently.

| found the system unnecessarily complex.

| thought the system was easy to use.

| think that | would need the support of atechnical person
to be able to use this system.

| found the various functions in this system were well
integrated.

| thought there was too much inconsistency in this system.

2.
3.
4

6.

Table 1. Summary of characteristics of the projects implemented.

L ozano-Rubi et al

7.1 would imagine that most people would learn to use this
system very quickly.

8. | found the system very cumbersome to use.

9. | felt very confident using the system.

10. | needed to learn a lot of things before | could get going

with this system.

The answer to each item is a value from 1 and 5 (1=strongly
disagree; 5=strongly agree). Theresults are computed following
an algorithm that gives a unique result (SUS score) from 0 to
100.

The data from the questionnaires were entered into a database
and analyzed using SPSS 21 dtatistical package (IBM Corp,
Armonk, NY, USA).

Results

OntoCRF has been used in more than 10 different projects. In
general, these projectsfall into one of the following categories:

1 Research projects with limited duration: a set of data,
previously agreed, is collected and analyzed at the end of
the project.

2. Clinical registries without a predetermined end date to
modify the data collected during the project.

3. Implementation of clinical questionnaires.

4. Nonclinical applications.

The number of cases by project varies between a few hundred
to 2000, with approximately 60 to 600 variables per case.

Table 1 shows a summary of the characteristics of the main
projectsrunning currently. The upload and download was made
between Protégé 3.5 and OWL-DB, and refers to the entire
ontology. To measure upload and download timeswithout being
influenced by traffic on the Internet, a local server was used
with the following characteristics; SUSE Linux Enterprise
Server 11 (x86_64) operating system, GNU/Linux
2.6.32.43-0.4-default x86_64 1 x Intel Xeon CPU E5-4640 0
@ 2.40GHz CPU, and 4Gb RAM.

Project Number of state-  Disc space (Mb)  Number of classes Number of proper- Number of in- Upload time Download time
ments ties stances (sec) (sec)

1 102,371 48 147 365 26,414 65 12

2 103,652 72 91 288 8794 58 24

3 191,487 90 81 171 26,408 112 24

4 200,509 98 15,982 90 15,595 311 80

5 264,636 126 258 632 32,317 200 27

6 131,926 74 145 623 7553 75 17

7 79,350 47 125 535 5378 44 9

In al projects, OntoCRF has been able to meet their specific
requirements and to cope with the requirements of modifications
during the lifecycle of the projects. The modular architecture
of the metamodel has proven its feasibility to accommodate
new extensions of the system. Also, the separation of datalayer

http://medinform.jmir.org/2014/2/e14/

and presentation layer allows the progressive addition of new
functionalities as needed.

The flexibility provided by the system facilitates to provide
prototypes from the initial moment, which is a very valuable
resource for developers to work close to the physicians. From
the beginning of the project, key users have material to work
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with, and it is possible to make online modifications and check
results immediately.

A survey was distributed to a sample of 35 OntoCRF active
users who used the system on a daily basis. Of these 35, 19
(54%) answered the questionnaire. Data were introduced into
a database and the SUS score was computed. The results are
displayed in Figure 10.

Of the 19 respondents, 11 (58%) computed aglobal SUS score
greater than 68 which is recognized as “above average” [37].

L ozano-Rubi et al

According to Bangor et a [38], it is possible to grade over a
curve based on the distribution of all scoresin relationship with
their quartile position. In all, 4 users (21%) gave the solution
an A grade (excellent), 5 (26%) gave a C grade (good), 6 (32%)
gave a D grade (pass), and 4 (21%) rated the solution with an
F grade (fail) [38]

Because of the success achieved with OntoCRF in the first
projects, which were primarily research projects, OntoCRF is
currently being marketed and used in new types of projects.

Figure 10. Results of the computed SUS score by respondent. Results are displayed in ascending order. The dotted line marks a score of 68 (above

average).
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Discussion

Overview

The focus of OntoCRF is to assist with data collection during
research studies, automating the process as much as possible
and minimizing the technical knowledge required from thefinal
users for the creation and management of new studies. In
particular, we provide an automatic system for dynamic creation
of Webs driven by ontologies and with additional tools for the
extraction and analysis of the data.
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Our system, unlike other solutions, does not work with triples
or RDF graphs; it works with ontologies, particularly those
represented in OWL. Ontologies are stored in a relational
database directly in OWL, following a hybrid approach. This
eases the querying process because there is no OWL-SQL
mapping needed. For instance, to retrieve the classes, the system
just accesses the “class’ table. Further logic is not necessary
and it can all be done through simple SQL queries. Because we
have to deal with very large ontologies, performance was a
critical feature from the beginning; this OWL-driven approach
achieved our efficiency requirements, whereas other systems
failed.
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Regarding the performance of the system, its behavior is quite
linear. As Table 1 shows, any of the variables considered has a
preponderant influence. In general, the upload and download
times are proportional to the number of statements. The greater
complexity of some ontologies, expressed by ahigher proportion
of classes and propertiesin relation to the number of instances,
involves adlight penalty. Project 4 (with 2 orders of magnitude
more in number of classes) showed a worse performance, but
lessthan 4 timesworse than other projectswith asimilar number
of statements. This is due to the cost of maintaining the class
hierarchy tree in the database, primarily when uploading the
ontology. In previous versions of the system, each time a class
was inserted in the database, all the indexes of the class
hierarchy were recalculated. Project 4 showed the lack of
scalability and efficiency of this approach; the system was not
able to recalculate the indexes and remained working without
end. In the current version, the entire class hierarchy is
calculated only once after all classes have been inserted into
the appropriate table. This approach represents only a gain of
2-3 secondsfor therest of the projects (not shown in thetable),
but aradical changefor projectswith alarge number of classes.
With this approach, the cost of maintaining the class hierarchy
is assumable; in return, the retrieval of instances at whatever
level istrivial.

The previous discussion is about uploading and downloading
the entire ontology, a task that is performed during the
development phase of a project. The user interaction with the
system, adding and retrieving data, is no different from other
systems. The user interaction involves only a small set of data,
not the entire ontol ogy.

OntoCRF demonstratesthat an ontol ogy-based approach ismore
flexible and efficient to deal with complexity and change than
a traditional system, facilitating the engineering of clinical
software systems. First of all, the application devel opment phase
is reduced to only analysis and design. The availability of
prototypes from the very beginning, and the facility to apply
changes, make OntoCRF an extremely useful tool to check the
requirements and the solutions proposed. These facts imply a
very important drop in costs and time with their consequent
savings.

Secondly, differences between applications are reduced to their
conceptual model. Therefore, the same infrastructure can be
used for different projects, taking advantage of scale economy.
All projects implemented until now share the same hard and
soft infrastructure. The only difference between them is the
content.

At the conceptual level, some elements or model s can be reused
in different projects, so homogeneous criteria and conceptual
models could be established inside an organization. Concepts
such as patient, clinical manifestations, and laboratory results
are common in different projects, so these definitions can be
easily shared and extended as needed.

The use of ontologies provides the ability to manage data
structures declaratively, thus focusing the design on the
conceptual aspects and not on the technical issues. Making an
ontological analysis of an application alows for focus on a
higher abstraction level and to concentrate on the domain
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aspects, thus helping researchers to clarify the implicit
knowledge to manage. Moreover, the communication between
designers and users is established at a conceptual level.
Technical discussions that often contaminate the conceptual
analysis in other approaches can be avoided. Moreover,
ontologies assure that data and knowledge used in the project
remain well documented.

Because the solution allows for modification of the underlying
schema of the data, some measures are needed to guarantee the
consistency of the instances. Problems could arise if trying to
modify or delete classes or properties. The first security level
is provided by Protégé, which does not allow performing some
actions that could leave the ontology in an inconsistent state.
Thisisthe case when trying to delete aclass that has instances.
The rest of cases should be solved by the specification of
editorial policies. When aproject isrunning, deleting aclassor
property could be replaced by setting a deprecated flag on the
resource. Nevertheless, in the database data are never physically
deleted, only adelete flag is used to prevent the loss of data by
mistake.

We consider the use of OWL and Protégé a good choice. The
expressivity power of the language was adequate to cover the
requirements of the projects in which OntoCRF was used.
Moreover, it eases the interchange and reuse of models. The
use of OWL allows adding reasoning capabilitiesin the future,
avery promising line to explore.

From the usability study, it can be concluded that OntoCRF is
well accepted by nearly 60% of its users, who considered the
solution globally above average. But in amore detailed look at
the data, high fragmentation is shown resulting in 4 groupswith
avery different perception of usability, from the best grade of
“excellent” to the worst as “fail.” One explanation for such
discrepancy could be a misunderstanding of the product under
evaluation. OntoCRF has 2 components: a portal (developed
using Liferay) customizable by the administrator of each
community, and a database access for collecting the data.
Moreover, OntoCRF is conceived as afull service in the cloud.
Therefore, many different factors and user experiences can be
interposed in the routine operation. The SUS score was
developed in 1986, when many software solutions were
developed for mainframe use or in aclient-server environment.
At present, widespread Internet usage interposes many more
layers between the user interface and the physica data
repositories. In this scenario, we need to better inform the users
about what is being measured with the SUS score tool and
perhaps develop new tools better suited for such new systems
architecture. Nevertheless, further usability studiesarerequired
to improve OntoCREF, including specific questions with better
information about the reasons of alow grading by some users.

Although the systemis primarily used in health-rel ated projects,
the model is totally independent of the domain, so it would be
suitable to gather data in any context. In fact, some projects
implemented with OntoCRF are not about clinical information,
but about management-related data. In general, if it is possible
to model the datawith OWL, it is possible to use OntoCRF.
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Limitations

We are aware of the system limitations. The metamodel of
OntoCREF is not capable of process representation; hence, it is
not able to manage explicit knowledge related to processes at
the moment. The data extraction capacity is aso limited.
Currently, the final user cannot perform direct consultations
over the server. Instead, data need to be previously extracted.
Thislimitation is currently being addressed and sometools are
being tested with the aim to be integrated with OntoCRF.

Comparison With Prior Work

OntoCRF proposes the use of ontologies to ease and speed up
the development of data repositories. The ontology-driven
development of complex and intelligent systems hasbeen largely
applied in the past, especially when the ontologies or the
methods are likely to be reused for new or derivative
applications [16,39,40]. In general, the goal isto transform the
system development cycle, so instead of programming each
new application from scratch, we can select, modify, and
assemble existing components[41]. Ontologiesare used to build
knowledge bases containing detailed descriptions of particular
application areas. OntoCRF goes a step further because there
is no need for programming, just the design of the application
ontology. OntoCRF ontologies contain not only knowledge
about the domain, but also the detailed description of the
application.

The discussed approach is also related to the model-driven
architecture (MDA) launched by the Object Management Group
(OMG) [42]. According to their manifesto, MDA is a style of
enterprise application development and integration based on
using automated tool s to build system-independent models and
transform them into efficient implementations. As with
ontology-oriented approaches, software evolution is handled
simply by editing the underlying model. OMG is guided to
object-oriented applications, particularly to distributed ones. It
represents amore technical approach, centered on the platform
independence, whereas OntoCRF pursues the conceptual
independence. In our case, the database never changes and
neither does the implementation of the application. Our work
represents an advance because everything is defined explicitly,
but the use is much more restricted.

In regard to research in data repositories, there exist multiple
ontology-driven solutionsfor discovering and searching existing
resources [43,44] or to consolidate clinical research data from
disparate databases [4], but not much for automatically building
New ones.

Compared with Protégé, WebProtégé [45] adds collaboration
support and improves knowledge acquisition, but remains
primarily an ontology editor. The work of Li et al [12] isclose
to our work in considering ontologies as the center of the
architecture. The proposed system is focused on modeling a
domain and supporting data and model changes, through
versioning and dynamic composition, while using a simple
interface with few options. On the other hand, Buitt et al [46]
propose the automatic generation of Web formsfrom ontologies
with the objective of facilitating the creation of RDF data.
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Although the system produces easy-to-use forms, the capabilities
of structuring the information are very limited.

As of thiswriting and to the best of our knowledge, there are
no frameworks allowing the creation of data repositories, with
the interface functionalities of traditional systems, in such a
dynamic way such as OntoCRF, where even the user interface
is built through the edition of ontologies.

There exist several works regarding how to store RDF graphs
and ontologies, such astriple stores or relational databases that
may be accessed as RDF graphs. However, none of these fulfill
the needs of our system. In the case of RDF-based access to
relational databases, such astheplatform D2RQ [47], the system
is read-only and just provides a RDF view of the content, but
it does not provide any solution for storing the content, instead
relying on an existing database created by the user. Also, the
user hasto generate the mappings between the platform and the
database, specific for each use case. In the case of triple stores,
they offer away to store and retrieve triples, leaving the logic
necessary for interpreting the triples and retrieving the right
onesto an API or aquery engine. This requires analyzing the
whole set of triples of a specific graph, which has a high cost
and is not scalable to big ontologies.

Our repository is not the only one with these characteristics,
although it was at the time of our search for solutions. Systems
such as OWLIM [48] and DLDB2 [49] combine DBM Ss with
additional capabilitiesfor partial OWL reasoning. Furthermore,
there are repositories with similar architecturesto ours, such as
Minerva [50] repository within the Integrated Ontology
Development Toolkit by IBM. Because OntoDDB does not
have Simple Protocol and RDF Query Language (SPARQL)
capability yet, we could not perform any reliable comparison
under equivalent conditions to these similar repositories.

Future Work

We are considering different linesfor futurework. As previously
mentioned, we are currently working on the integration of
existing data query tools with OntoCRF to provide query
functionalities to the final user. We plan to include SPARQL
in the following months.

In a different line of work, we plan to use OntoCRF as the
framework to build new electronic medical record (EMR)
systems semantically interoperable. OWL representation
provides an environment to integrate information models and
terminology modelsused intheclinical context [35]. Currently,
we have a prototype which implements the standard 1 SO 13606
in a native way, and there is ongoing work to conform to the
standard EN 13940. These solutionswere built using OntoCRF.

Finally, promising research work is being done to use existing
ontologies and tools more intensively. Currently, ontologiesare
being used in OntoCRF as a data-modeling tool, so the use of
already existing ontologiesisanatural step. Moreover, applying
automati ¢ reasoning to data gathered in aproject and integrated
with external ontologies could provide interesting benefits.

Conclusions

OntoCREF is a complete framework to build data repositories
becauseit includes design of the system, storage, and GUI. The
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combination of ontologies and relational technology provides
a system that is both flexible and solid. The ontology-based
approach is more flexible and efficient to deal with complexity
and change than traditional systems. On the other hand, storing
thedatain arelational database providesthe known advantages
of asolid relational model.

Although the GUI was not among our priorities, most
participants of our usability study computed aglobal SUS score
over 68, which is recognized as above average.

OntoCRF does not require very skilled technical peopleto make
a new project, easing the engineering of clinical software
systems. Moreover, the reduction of the development phase
implies an important drop in costs and time. Furthermore,
because the same infrastructure can be used for different
projects, there is no need to dedicate specific equipment for
each new project.

Acknowledgments

L ozano-Rubi et al

At the conceptual level, the ontological analysis of applications
allows for concentration on the domain aspects, helping
researchers to clarify the implicit knowledge to manage and to
facilitate the communication between designers and users.
Because some concepts are common in different projects, the
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Abstract

Background: Personalized medicine approaches provide opportunities for predictive and preventive medicine. Using genomic,
clinical, environmental, and behavioral data, tracking and management of individual wellnessis possible. A prolific way to carry
this personalized approach into routine practices can be accomplished by integrating clinical interpretations of genomic variations
into electronic medical records (EMRs)/electronic health records (EHRS). Today, various central EHR infrastructures have been
constituted in many countries of the world including Turkey.

Objective: The objective of this study was to concentrate on incorporating the personal single nucleotide polymorphism (SNP)
datainto the National Health Information System of Turkey (NHIS-T) for disease risk assessment, and eval uate the performance
of various predictive modelsfor prostate cancer cases. We present our work as aminiseries containing three parts: (1) an overview
of requirements, (2) the incorporation of SNP into the NHIS-T, and (3) an evaluation of SNP incorporated NHIS-T for prostate
cance.

Methods: For thefirst article of thisminiseries, the scientific literatureis reviewed and the requirements of SNP dataintegration
into EMRS/EHRs are extracted and presented.

Results: Intheliterature, basic requirements of genomic-enabled EMRSEHRs are listed as incorporating genotype data and its
clinical interpretation into EMRS/EHRS, devel oping accurate and accessible clinicogenomic interpretation resources (knowledge
bases), interpreting and reinterpreting of variant data, and immersing of clinicogenomic information into the medical decision
processes. In this section, we have analyzed these requirements under the subtitles of terminology standards, interoperability
standards, clinicogenomic knowledge bases, defining clinical significance, and clinicogenomic decision support.

Conclusions: In order to integrate structured genotype and phenotype data into any system, there is a need to determine data
components, terminology standards, and identifiers of clinicogenomic information. Also, we need to determine interoperability
standards to share information between different information systems of stakeholders, and develop decision support capability
to interpret genomic variations based on the knowledge bases via different assessment approaches.

(IMIR Med Inform 2014;2(2):e15) doi:10.2196/medinform.3169

KEYWORDS

health information systems; clinical decision support systems; disease risk model; el ectronic health record; epigenetics; personalized
medicine; single nucleotide polymorphism
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Introduction

The digital age is revolutionizing the old and historical
population-based health care paradigm toward personalized
medicine. Traditional medical approaches are not sufficiently
predictive and preventive, as they focus on the manifestation
of symptoms that often hide risk factors. Determining risk
factors alows for prevention through early diagnosis, and
provides new opportunities for developing personalized
medicine approaches based on patient-centered, predictive,
preventive, and effective health care services[1].

Genomic data and its derivatives (transcriptomes, proteomes,
metabolomes, etc) are the essential elements of personalized
medicine [2,3]. Every individual has almost four million
variationsin their own genome, when compared to the reference
sequence. Genomic variations can range from single nuclectide
changes to the gain or loss of whole chromosomes. Single
nucleotide polymorphisms (SNPs), where a single nucleotide
inthe genome alters between individual or paired chromosomes,
are about 90% of genomic variants, and some are already
validated as important markers in the clinical practice, while
others are on the way [4-6].

The rapid developments in next generation sequencing (NGS)
technologies have substantially reduced both the cost and the
time required to sequence the entire human genome, and it is
expected that NGS-based analyses, for example, whole genome
sequencing (WGS) and whole exome sequencing (WES), will
be available for routine use in health care and prevention of
disease by 2020 [7]. Providing genomic data to medical
professionals will facilitate clinical decisions based on the
individual’s genome, and alow tailoring health care services
to the patient’s specific needs and characteristics[8]. In parallel,
direct-to-consumer (DTC) genome-wide profiling testsare being
developed to assessindividua disease risks for many common
polygenic diseases[9]. DTC genomic companies, for example,
23andMe, GenePlanet, and DNA DTC generdly perform a
gene-chip analysisof SNPsusing deoxyribonucleic acid (DNA)
extracted from saliva or serum sample [10-12].

In clinical decision processes, genomic variant data can be used
for assessing disease risks, predicting susceptibility, early
clinical diagnosing, following the course of the disease, targeted
screening, and planning treatment regimens[3,13]. A reasonable
way to carry this personalized approach into routine for medical
practices would be integrating genotype data and its clinical
interpretation within the electronic medical records
(EMRs)/electronic health records (EHRS) [8,14].

Today, in many developed and developing countries, use of
EMRYEHRSs is inevitable for health care providers for
reimbursement of services, and to track the quality of the health
care provided [15,16]. Recently, several EHR networks have
been constituted in many countries of the world, including the
National Health Information System of Turkey (NHIS-T) [17].
These EHR systems and networks have high potential for
integrating genomic datain health care practicesfor personalized
medicine.

http://medinform.jmir.org/2014/2/e15/
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In this work, as an initial attempt to develop a sophisticated
infrastructure, we focused to incorporate the personal SNP data
into NHIS-T for disease risk assessment, and evaluated the
performance of various predictive models for prostate cancer
cases. We presented our work as three parts: (1) a literature
review for requirements, (2) the incorporation of SNP into the
NHIS-T [18], and (3) an evaluation of SNP incorporated into
NHIS-T for prostate cancer [19]. In this part, the scientific
literature was reviewed, and the requirements were extracted
regarding SNP data integrated EMRYEHRS.

Methods

Theinformatics pipeline for genome sequencing can be divided
into several analytical steps, for example, base calling,
alignment, variant analysis, interpretation, and in all levels
different file formats are generated [20-22]. Currently, tools
and techniques are developed for automated and reliable
analysis, but clinical interpretation of variant dataisstill amajor
problem [21].

Today, most of the EMRYEHRS are designed to store and
retrieve the laboratory values and clinical findings, but do not
have the ability to manage genomic data [23-25]. After
WGS/WES, afile that contains a large number of variant data
is acquired [26]. An entire genome sequence (the size of the
hapl oid human genome) contains about 3 billion base pairs, and
asingleWGSdatafileisabout 3 gigabytes. Storing and sharing
of personal raw genomic sequences exceeds the transmission
and storage capacity in many health care organizations [27].
Due to these technical limitations, raw genomic data are
generally stored outside of the EMR; similar to picturearchiving
and communication systems for medical images, and clinical
interpretation of the genomic data is preferably sent to the
database of the EMR [28-30].

The initiatives of integrating a patient's genomic data into
EMRYEHRsisof apreliminary nature[31], and, until recently,
only a few successful systems have been established, such as
Cerner’s Genomics Solutions, McKesson's Horizon Clinicals,
and Genelnsight [26,32].

In the literature, basic requirements of genomic-enabled
EMRYEHRSs are listed as incorporating genotype data and its
clinical interpretation into EMRSEHRS, developing accurate
and accessible clinicogenomic interpretation resources
(knowledge base), the interpretation and reinterpretation of
variant data, and the immersion of clinicogenomic information
into the medical decision processes.

Figure 1 shows, in the genome laboratory side, various levels
of sequence data can be produced. Since clinicians need an
actionable clinical interpretation of the variant data, it is
sufficient to share clinically relevant data between the laboratory
and the clinical systems. The development of aclinicogenomic
knowledge base is an obligation to extract clinical meaning
from the variant data. On the clinical side, it is necessary to use
decision support systems due to the high number of variants.
In some cases, clinicogenomic information may be useful to
manage the health status of other family members and other
closerelatives.
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Figure 1. Main components of a genome-enabled electronic medical record/electronic health record. SNP; single nucleotide polymorphisms.
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Results

Terminology Standards

In order to integrate structured genotype and phenotype data
into any system, the first requirement is to determine data
components, terminology standards, and identifiers of
clinicogenomic information, for example, genotype data and
its associated clinical interpretation.

In genomic terminology, the Human Gene Nomenclature
Committee standardizes identifying gene symboals, identifiers,
and variant nomenclature defined by the Human Genome
Variation Society [6]. Reference SNP number (rs number) and
reference SNPidentifier (rsID) are used to identify every single
SNP entry in the Single Nucleotide Polymorphism Database
(dbSNP), which is the largest database maintained by the
National Center for Biotechnology Information (NCBI). The
dbSNP is interconnected with many other resources, for
example, Entrez Gene, GenBank, the Universal Protein
Resource, the International HapMap Project, the
Pharmacogenomics Knowledge Base (PharmGKB), and the
AlzGene, PDGene, SzGene databases through the rsID [33].
Additionally, in many types of persona genomic file formats
(eg, 23andMe, deCODEme, and Navigenics), SNPs are
identified by rsID.

DNA isadouble stranded stretch, and every nucleated somatic
cell has 22 pairsof autosomal, and one pair of sex chromosomes.
This means for autosomal chromosomes we have two versions
of DNA strands inherited via maternal and paternal sex cells.
Different forms or variants of a particular polymorphism are
caled aleles. Because different alleles may have different
degrees and types of clinical impact, rsID is insufficient alone
to identify the clinicogenomic significance of SNPs. To have a
heterozygote allele may not change the risk for the disease, but
homozygote allele of the same SNP variant may changetherisk
for a disease dramatically. For example, in a study, the odds
ratio for rs3218536 (A;G) was 0.8 (Cl 0.7-1.0), and for the
rs3218536 (A;A) 0.3 (0.1-0.9) [34]. Consequently, to identify

http://medinform.jmir.org/2014/2/e15/
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clinically relevant SNPs, we need to use a combination of rsID
and alele data as the minimum requirements.

DNA hasadouble strand (plus and minusor forward and reverse
stands respectively), and every SNP can be identified using
either of thetwo DNA strands. In various publications, the same
alleles of SNPs are defined differently based on the orientation
discrepancy [35]. Dueto the double-stranded structure of DNA,
both approaches are correct, but it isrequired to declare and use
astandard.

Integration of variant dataand clinical relevancies bring out the
issue of terminological standardization. Unfortunately,
conventional health information terminologies do not
successfully support the genetic diseases. Thereisacritical gap
between the databases, which involve many terms defining the
genetic diseases, and the Systematized Nomenclature of
Medicine (SNOMED) [36]. In order to address the chasm
between medical vocabularies and bioinformatics resources,
the clinical bioinformatics ontology (CBO) was developed and
implemented. The CBO is a curated semantic network trying
to combine a variety of clinical vocabularies, for example,
SNOMED-Clinical Term (CT), Logical Observation Identifiers
Namesand Codes (L OINC), and NCBI bioinformatics resources
[37,38].

In addition, the International Classification of Diseases (ICD)
codes, which is aso implemented in Turkey, is also preferred
for identifying clinical conditions, but the released versions of
ICD do not fully support genomic medicine [36]. Existing ICD
versions are not efficient to manage al of the levels of clinical,
pathologic, and genetic heterogeneities. It isexpected that these
will be managed in the next version, for example, ICD-11. The
ICD-11, which is scheduled for release in 2015, is expected to
be interoperable with other medical terminologies such as
SNOMED-CT [39]. Nevertheless, it is an unavoidable
requirement to develop a new taxonomy of diseases that will
be based on information commons and knowledge networks,
including a combination of molecular, social, environmental,
and clinical data and health outcomes [40].
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As explained in the next section, in the clinicogenomic
knowledge base, the assessment of both evidence quality of
study and effect size of these associations are critical for the
analysis of the published resultsfor clinicogenomic associations
[41-47]. Despite emerged approaches and initiatives,
standardized definitions and value assignment approaches are
needed to categorize and use these associations in a consi stent

way.

Especially for polygenic complex diseases, impact degrees of
clinicogenomic association may be different according to race,
ethnicity, and environmental factors [48]. The terms of
“ethnicity” and “race” refer to asociocultural construct affecting
both biological and environmental factors, and we need ageneral
standard to categorize these terms.

Various predictive models, in clinical settings, may be useful
to assess personal diseaserisk using relevant SNPs, for example,
cumulative models, polygenic risk scores, etc. On the other
hand, only a small number of holistic enviro-genomic models
are available. Because most of the complex diseases are
progressing as the interaction of genomic and environmental
factors, it seems that, more enviro-genomic models will be
produced in near future. Naturally, with the increase of the
number and the value of predictive clinicogenomic models, we
will need standardized definition and sharing methodsfor these
models.

Interoperability Standards

Health Level 7 (HL7) isaglobal organization developing health
information standards. Asan interoperability standard, the HL7
version 2.x (HL7 v2.x) is the most widely used all over the
world. HL7 v2.x does not have not a clear information model,
and contains many optional data fields. To overcome this
vagueness problem, HL7 version 3 (HL7 v3) has been
developed, which is based on an object oriented data model
caled Reference Information Model (RIM) [49]. HL7 v3
Clinical Document Architecture (CDA) is adocument markup
standard. A HL7 CDA document is produced to exchange
information as part of the HL 7 v3 standards, and aim to specify
the structural and semantic aspects of clinical documents [50].

TheHL7 Clinical Genomics (CG) Work Group (WG) develops
standardsintended to regulate interoperability issuesin genomic
medicine. HL7 Version 2 Implementation Guide: Clinical
Genomics; Fully LOINC-Qualified Genetic Variation Model is
based on both the HL7 Version 2 Implementation Guide
Laboratory Result Reporting to the EHR, and the HL7 \ersion
3 Genetic Variation datamodel. Thisguide coversthereporting
of the test results for sequencing and genotyping tests, and
includestesting for DNA variants associated with diseases and
pharmacogenomic applications [36,51,52]. HL7 \ersion 2
Implementation  Guide:  Clinical  Genomics,  Fully
LOINC-Qualified Genetic Variation Model wasthefirst example
used by The Partners HealthCare Center for Personalized
Genetic Medicine and the Intermountain Healthcare Clinical
Genetics Ingtitute to gather genetic test results and transmit
themto apatient'sEHR [51,52]. Genel nsight Suite (Genel nsight
Lab, Genelnsight Clinic, and Genelnsight Network) is also a
platform where clinical variant data sharing was based on HL7
standards [26,29,53,54].
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TheHL7 v3 genetic variation specification isbased on the HL 7
RIM. It uses the HL7 data types, vocabulary binding
mechanisms built into the RIM and Bioinformatic Sequence
Markup Language to model the sequenceinformation. Theroot
class in the genetic variation model is “genetic loci”, which
describes a set of loci, such as a haplotype, a genetic profile,
and genetic testing results of multiple variations or gene
expression panels. The genetic loci model usesthe genetic locus
as an information unit to describe each of these loci. A genetic
locusis composed of one or moreindividual alleles, sequences,
and observed sequence variations and represents a single gene
or coding region. Within this model, HL 7 suggests the sharing
of the essential part of raw genomic data via “encapsulation”,
and extracting clinically relevant data via “bubble-up” based
on agenomic decision support application [55].

HL7 CG-WG develops a CDA implementation guide (ie,
Implementation Guide for CDA Release 2 Genetic Testing
Report) to ensure the transmission of genetic testing reports
usingHL7 v3 RIM, and isappropriate for thelevel of granularity
of human-readabl e reports [56].

Clinicogenomic K nowledge Bases

Clinicians cannot extract clinical interpretation of variants
directly from the medical sources dueto temporal and cognitive
limitations [57,58]. So, instead of incorporating all sequence
data, integration of the clinical interpretations of variant data
into medical recordswill be more efficient for clinical decision
making [54,59]. Therefore, clinically relevant variants must be
selected and presented with their clinical meaning, for example,
clinicogenomic associations, along with an action plan for
clinicians. Since the Human Genome Project, researchers have
been discovering new clinicogenomic associ ations continuously,
anditiscritical to reinterpret variants and integrate new clinical
interpretations into clinical processes [26].

Clinicogenomic associations, which are acquired via studies
based on a candidate gene investigation or agnostic screening
of complete genome, are published in the scientific literature
[41]. Some clinicogenomic knowledge bases collect, curate,
interpret, and categorize these published associations between
genomic variations and clinical conditions. The Cancer
Genome-wide Association and Meta Analyses Database is a
part of Cancer Genomic Evidence-based Medicine Knowledge
Base, and provides genome-wide association studies (GWAS),
research, and meta-analysis about clinicogenomic associations
[60,61]. ClinVar provides reports for variations and related
phenotypes with evidences [62]. AlzGene [63], PDGene [64],
and SzGene[65] are resources, which include manually curated
PubMed articles, using systematic methods for Alzheimer’'s
disease, Parkinson’s disease, and schizophrenia, respectively.
SNPedia is a wiki resource of human genetic variation as
published in peer-reviewed research [66]. PharmGKB is a
knowledge source  containing  clinically  relevant
genotype-phenotype and gene-drug relationships [67].

However, many of the existing knowledge bases for the clinical
interpretation of variant data have different conventions. Also,
they are not error proof and are not sustainable due to funding
issues [54]. Especialy for polygenic complex diseases, the
impact degrees of clinicogenomic association may be different
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according to race, ethnicity, and environmental factors [48].
Therefore, in personalized risk assessment, it will be an ideal
approach to use population specific clinicogenomic results, or
at least findings from similar communities. If these are not
possible, it might be conceivabl e to use other scientific resources
with a confidence range. Experts have been advocating for the
generation of centrally curated national repositories of clinically
significant variants for the interpretation of an individual's
genomic information, eventually [58,68]. To devel op anational
level clinicogenomic knowledge base is critical to consider
consistency of clinicogenomic associations with the
sociodemographic characteristics of citizens, and overcomethe
issues about sustainability.

Regarding published results of clinicogenomic associations,
two major points are significant, evidence quality of study and
effect size of these associations [41,42]. To measure the
magnitude of impact for clinicogenomic associations,
researchers usually prefer to use conventional approaches, for
example, odds ratio (OR) and relative risks for case control

Beyan & Aydin Son

studies and cohort studies, respectively. These values are
presented with CI [43].

In GWAS, many defects and biases might be present based on
study design, genotyping, or collected data quality that will
affect the clinical value of results [41,44,45]. The quality of
evidence is scored based on the type of study and how well the
study is conducted [46], and some guidelines are proposed to
calculate the evidence degree [47].

Human Genome Epidemiology Network has published the
interim Venice guidelines to grade the cumulative evidence in
genetic associations. This guideline is based on three criteria:
(1) the amount of evidence (sample size), (2) replication of
studies (determining association in different studies), and (3)
protection from bias (Table 1). After the evaluation of a study,
all considerations are categorized as A, B, and C, and finally,
merged as a composite assessment using a semiquantitative
index as strong, moderate, and weak epidemiological credibility
for genetic associations [47].

Table 1. Veniceinterim guideline criteriafor assessment of cumulative evidence on genetic associations [47].

Venice interim guideline criteria Categories

Amount of evidence Category A, sample size >1000

Category B, sample size >100 and <1000,

Category C, sample size <100

(total number in cases and controls assuming 1:1 ratio)

Extent of replication
inconsistency.

Category A, extensivereplication including at least one well conducted meta-analysiswith little between-study

Category B, well conducted meta-analysis with some methodological limitations or moderate between-study

inconsistency.

Category C, no association; no independent replication; failed replication; scattered studies; flawed meta-

analysis, or large inconsistency.

Protection from bias Category A, bias, if at al present, could affect the magnitude, but probably not the presence of the association.

Category B, no obvious bias that may affect the presence of the association, but there is considerable missing
information on the generation of evidence.

Category C, considerable potential for, or demonstrable bias, which can affect even the presence or absence

of the association.

Defining Clinical Significance

Today, Venice criteria are used to assess genomic association
studies in several controlled and structured knowledge bases,
for example, Alz-Gene, PD-Gene, and SZ-Gene [63-65]. For
the importance of clinicogenomic association, some of the
knowledge sourcesinclude additional datafieldsthat definethe
magnitude of clinical effects and strength of the relationship
between variants and diseases. In ClinVar, clinical significance
is defined as a combination of impact and clinical function (eg,
benign, pathogenic, protective, drug response, etc), and evidence
for clinical significance is categorized regarding study count
and type, such as in vitro studies, animal models, etc [62]. In
the PharmGK B, a systematic categorization for evidence quality
of clinicogenomic associations is extracted depending on
methods and results of references [67], but impact value is not
emphasized as a parameter. In SNPedia, magnitude is
constructed as a subjective measure of interest for magnitude
of impact and repute (good, bad) for quality of evidence, but
these concepts are not well established. In GET-Evidence,
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clinicogenomic references are categorized according to their
evidence degree (high, moderate, or low), and clinical
significance (high, medium, or low) is used to produce impact
score [69].

Clinicogenomic Decision Support

The volume of variation data integrated into clinical practice
exceeds the boundaries of unsupported human cognition and
interpretive capacity. Additionally, therapidly growing literature
on clinicogenomic associations makes it more complicated to
stay current for even experienced professionals[29]. Also, it is
not reasonableto expect theinterpretation of all clinicogenomic
data by the limited number of genetics experts; we need more
automated solutions to overcome these obstacles[70]. With the
growing dataload in the genomic era, in order to makeinformed
decisions in a timely manner, the health care systems need to
shift from expert-based practice to systems-supported practice
[71].
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Although there is a limited number of counter examples, in
general, theclinical effect of asingle SNPisminor (OR <2.00)
[72,73]. Nevertheless, listing of clinicogenomic associations
and their effects may be useful to report a limited number of
independent associations. This is especially true for
disease-associated SNPswith strong impact and strong evidence;
users can share these one by one. At this point, using carefully
chosen graphicsand visualization techniqueswill be an efficient
way of doing so. Various DTC genomic companies report
personal genomic risk for various clinical conditions using
graphics containing personal estimations [74].

Although the simplest way of reporting SNP variations is
displaying these numerous variations in laboratory reports, it
is clear that clinicians cannot interpret or evaluate this
information stack. M odest value of clinicogenomic associations
does not mean negligible, and some researchers try to develop
polygenic risk models or panels assigning values for various
SNP alleles, and calculate the total risk of disease for more
effective risk prediction [75]. In the literature, several
cumulative prediction models have been proposed, but most of
these are criticized regarding comprehensive evaluation,
especialy for clinical utility [76].

SNPs could be used to produce a“ genomic profile” for disease
risk prediction, testing hundreds of thousands of loci acrossthe
persona genome. Today, most of the SNP-based risk assessment
models have limited predictive utility and discriminative
accuracy because most of the disease associated SNPs have
small impacts [77,78]. It has been suggested that genomic risk
scores based on large numbers of SNPs could explain more
about the heritability than models based on asmall number and
rigoroudly validated SNPs. But there is areguirement to process
large datasets to build such discriminative risk assessment
models [79,80].

The genetic architecture of adisease refersto the number, effect
size, genetic mode of action (additive, dominant, and/or
epistatic), and allelic frequencies of the genetic polymorphisms.
The prediction of genetic risk depends on the underlying genetic
architecture. Indeed, the SNPs do not have to be the causative
mutations. They just need to be in high linkage disequilibrium
with the causative mutations so that there is a consistent
association between the SNP and disease risk [81].

Different types of polygenic prediction models have been
developed to combine the impact of disease associated SNP
data, for example, count method, log odds method,
multiplicative model, etc. The count method is the calculation
of the total count of independent genomic risk alleles. The log
odds method sums together the natural logarithm of the allelic
OR for each risk alele [78]. DTC testing companies typically
employ a multiplicative model to calculate lifetime risk in the
absence of an established method for combining SNP risk
estimates, for example, multiplication of ORs of each genotype
and average population risk [82].

There are various cumulative models combining the impact of
several clinicogenomic associations using arithmetic operators.
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In recessive models, only homozygote alleles are involved in
the model s, but in dominant models heterozygote SNPsare also
apart of the cumulative models. Both in dominant and recessive
models, the values of risk SNPs are accepted as one unit of
impact. Models involving alterations of SNPs impact value
regarding homozygote and heterozygote alleles are defined as
an additive model [35,43].

Some of the models involve additional criteria, for example,
family history [83]. But structured family history is not a
mandatory part of EHR, and because of its dynamic
characteristics, it is reasonable to collect and trace it at each
visit from patients. It is clear that, similar to clinicogenomic
associations, collection and reinterpretation of family history
iscritical to capture effective resultswith thistype of predictive
models.

Actualy, genomic and environmental factors are involved in
various degrees with the molecular etiology of diseases. In
monogenetic  diseases  (eg, Huntington's  disease,
phenylketonuria, hereditary cancer forms, etc), single gene
mutations are predominantly the main cause of diseases. The
genetic origins of the complex multifactorial diseasesare much
more complicated than the monogenetic diseases, which are a
result of the complicated interactions between genetic and
environmental causes [84].

Genomic information has lifelong value and one’s genomic
findings can reveal others within families [23]. If a patient is
found to have a disease associated variant, possibly other blood
relatives would carry the similar risk, and the patient's health
care provider could utilize this new clinical information [26].
This is especially important, not only because of the medical
perspective, but also for security and privacy issues.

Discussion

In this part of the miniseries, we have reviewed the scientific
literature to extract the requirements for SNP data integrated
into EMRS/EHRSs.

In order to integrate structured genotype and phenotype data
into any system, the first requirement is to determine data
components, terminology standards, and identifiers of
clinicogenomic information, for example, genotype data and
its associated clinical interpretation. Also, we need
interoperability standards such as HL7 v2 or v3 to share
information between stakeholders.

Because of the huge amount of clinically relevant genomic data
and fast trand ation of thisinformation to aclinical domain, we
need clinical decision support capability. To ensure this
capability, we also need a continuously updated accredited and
structured knowledge base, and assessment approaches to
interpret these genomic variations.

In the next part of the miniseries, we will present our study to
extend capabilities of NHIS-T to handle SNP data, and its
clinical interpretation to assess personal disease risk, and
propose possible solutions regarding these requirements.
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Abstract

Background: A personalized medicine approach provides opportunities for predictive and preventive medicine. Using genomic,
clinical, environmental, and behavioral data, the tracking and management of individual wellnessis possible. A prolific way to
carry this personalized approach into routine practices can be accomplished by integrating clinical interpretations of genomic
variations into electronic medical record (EMR)gelectronic health record (EHR)s systems. Today, various centra EHR
infrastructures have been constituted in many countries of the world, including Turkey.

Objective: Asaninitia attempt to develop a sophisticated infrastructure, we have concentrated on incorporating the personal
single nucleotide polymorphism (SNP) data into the National Health Information System of Turkey (NHIS-T) for disease risk
assessment, and evaluated the performance of various predictive models for prostate cancer cases. We present our work as a
miniseries containing three parts: (1) an overview of requirements, (2) the incorporation of SNP into the NHIS-T, and (3) an
evaluation of SNP dataincorporated into the NHIS-T for prostate cancer.

Methods: For the second article of this miniseries, we have analyzed the existing NHIS-T and proposed the possible extensional
architectures. In light of the literature survey and characteristics of NHIS-T, we have proposed and argued opportunities and
obstaclesfor aSNPincorporated NHIS-T. A prototype with complementary capabilities (knowledge base and end-user applications)
for these architectures has been designed and devel oped.

Results: In the proposed architectures, the clinically relevant personal SNP (CR-SNP) and clinicogenomic associations are
shared between central repositories and end-users via the NHIS-T infrastructure. To produce these files, we need to develop a
national level clinicogenomic knowledge base. Regarding clinicogenomic decision support, we planned to compl ete interpretation
of these associations on the end-user applications. This approach gives usthe flexibility to add/update envirobehavioral parameters
and family health history that will be monitored or collected by end users.

Conclusions: Our results emphasized that even though the existing NHIS-T messaging infrastructure supports the integration
of SNP dataand clinicogenomic association, it iscritical to develop anational level, accredited knowledge base and better end-user
systems for the interpretation of genomic, clinical, and envirobehaviora parameters.

(IMIR Med Inform 2014;2(2):e17) doi:10.2196/medinform.3555
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Introduction

In clinical decision processes, genomic variant data can be used
for assessing disease risks, predicting susceptibility, providing
targeted screening and early diagnosis, and for planning
treatment regimens [1,2]. A reasonable way to implement this
personalized approach into aroutine for medical practiceswould
be to integrate genotype data and its clinical interpretation into
the electronic medical record (EMR)/electronic health record
(EHR) systems [3,4].

Today, in many developed and developing countries, the use
of EMRYEHRs is essentia for health care providers for
reimbursement of services and to track the quality of the health
careprovided [5,6]. Recently, several EHR networks have been
established in many countries of the world, including the
National Health Information System of Turkey (NHIS-T) [7].
These EHR systems and networks have high potential for
integrating genomic datain health care practicesfor personalized
medicine.

The aim of this miniseriesis to present how the incorporation
of personal single nucleotide polymorphism (SNP) data into
the NHIS-T would make disease risk assessment possible, and
to evaluate the performance of various predictive models for a
specific medica condition (eg, prostate cancer). The
requirements of SNP data integrated with EMRSYEHRs from
scientific literature have been reviewed in the previous part of
this miniseries [8], and here we will focus on extending the
capabilities of the NHIS-T via incorporating SNP and
clinicogenomic data for disease risk assessment. In the final
part of the miniseries, we will evaluate the proposed
complementary capabilitieswith real datafrom prostate cancer
cases[9].

Methods

In this part of the miniseries, we studied existing NHIS-T
regarding architecture, standards, and terminologies. We
explained data elements, minimum health datasets, transmission
sets, and the National Health Data Dictionary and their rolesto
produce a conceptual EHR design. Then, we clarified the
messaging infrastructure and serialization approach of NHIS-T
based on Health Level 7 (HL7) Clinical Document Architecture
(CDA) standard.

After that, we argued the possible architectural extensionswith
complementary capabilitiesfor aSNP dataincorporated NHIS-T
in the light of literature review and characteristics of NHIS-T

(8].

After the presentation of a general use case for our approach,
we put forward the design and development efforts for the
complementary components, namely, knowledge base
(Clinicogenomic Knowledge Base, ClinGenKB) and end-user
application (Clinicogenomic Web Application, ClinGenWeb).
In this phase, we have constituted the standardized definition

http://medinform.jmir.org/2014/2/e17/

tables for clinicogenomic associations and predictive models
for these complementary capabilities.

Through analysis of the disease risk approaches from literature
for prostate cancer, we have extracted possible clinicogenomic
association types for assessment and reporting. At the end, we
have generated a comparative table to determine the
requirements to produce a standard representation for all types
of clinicogenomic associations.

In addition, to interpret clinicogenomic associations at the
end-user side (ClinGenWeb) using various predictive models,
we designed a standardized model definition table. In both
definition tables, we determined terminol ogy standardsfor data
elements.

In the final phase, to develop the ClinGenKB we used BioXM
Knowledge Management Environment (BioXM), which is a
distributed software platform providing a central inventory of
information and knowledge [10]. Also, we have developed a
practical reporting approach and demonstrated it using Zoho
Reports as a prototype system (namely, ClinGenWeb) for the
client side[11].

Results

Analysis of National Health Information System of
Turkey

Overview

NHIS-T isanational level health information infrastructure that
has a centralized service-oriented architecture in order to
produce and share medical records among stakeholders[12,13].

Every care provider organization in Turkey has to collect
patient/medical records in its EMR systems, and send some
predefined structured medical data to the central Republic of
Turkey’sMinistry of Health (MoH) databases. The architecture
of loca EMR systems varies because of the existence of
different vendors in the market, and generally most of the
clinical data is collected as narrative texts. But, because it is
mandatory to conform to the NHIS-T standards while sending
predefined datasets to the MoH servers, these are stored as
structured datain the local EMRs.

In the NHIS-T, two standards are important: (1) the United
Nations Centre for Trade Facilitation and Electronic Business
(UN/CEFACT) Core Component Technical Specification
(CCTYS) to design EHR content in the conceptual base, and (2)
HL7 CDA to serialize this conceptual design.

Design of the Electronic Health Record Content

UN/CEFACT CCTS isamethodology to define the structured,
abstract document components used to increase the
interoperability of electronic business documents. In the
NHIS-T, EHR content isdesigned based on UN/CEFACT CCTS
to assure the reuse of common information blocks in EHRs.
First, the data types and the data elements used in EHRs are
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identified, and then a set of reusable building blocks of the
EHRs, named the Minimum Health Datasets (MHDYS), is
produced. Some examples of the MHDS are maternal mortality
dataset, diabetes dataset, dialysis patient dataset, patient
admission dataset, cancer dataset, chronic disease dataset, etc.

In every dataset, there are many data elements. For example,
data elements of cancer datasets are data of first diagnosis;
diagnostic method; location histological type; the Surveillance,
Epidemiology, and End Results Program (SEER) summary
stage; laterality; occupation; and cancer.

The data elements are coded with universal medical
terminologies (eg, International Classification of Diseases and
Health Related Problems version 10, ICD-10; Anatomical
Therapeutic Chemical, ATC; etc) and predefined categorical
values standardized by the MoH, such as gender or marital
status. All kinds of these terminologies are selected by the MoH
and available from the Health Coding Reference Server (HCRS).
There are 342 code systems in the HCRS; the current version
of the HCRS is 3.0 and is available on the Internet via Web
services. A tabular representation isalso available on an official
Web page and allows usersto query by means of Web browsers.

These reusable building blocks (MHDS) are assembled into
aggregate document components called Transmission Datasets
(TDS, episodic EHRs). Some of the TDS are physical
examination TDS, laboratory test results TDS, and in-patient
TDS.

All the data elements, MHDS, and TDS are identified by the
MoH in the light of the needs of stakeholders (eg, strategic
decison makers, health care organizations, academic
ingtitutions, etc) and published in the National Health Data
Dictionary (NHDD). This is a dynamic and continuously
improving process. When required, new MHDS are produced
using existing data elements, and the NHDD is improved by
identifying new data elements. The total number of data
elements, MHDS, and TDSin the most recent version of NHDD;
namely, version 2.2, are 418, 66, and 7, respectively. All
versions of NHDD are available on the official website of The
Turkey e-Health project [14].

http://medinform.jmir.org/2014/2/e17/
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Transport of the Electronic Health Record Content

This conceptual EHR architecture is serialized into extensible
markup language (XML) based on the HL7 CDA structure. As
described in the first part of this miniseries, HL7 CDA is a
document mark-up standard referred to in the exchange of
information as part of the HL7 version 3 (V3) standards that
aim to specify the structural and semantic aspects of clinical
documents [15].

In the serialization process, the TDS are mapped to HL7 CDA
to create the " transmission schema’ . Each transmission schema
iswrapped with aroot el ement named after the main dataset in
the transmission [12,13].

The NHIS-T messaging system accepts HL7 V3 CDA release
2 (R2) as a reference and is compliant to this standard.
Therefore, the messages sent must comply with therulesdefined
in the CDA XML Schema Definition file. Hedth care
organizations send messages containing clinical data to the
central MoH servers through Web services. In the current
version of the NHIST system, the transmission schema
instances are localized according to Turkey’'s HL7 Profile.
During this process, the rules, which are set in the “HL7
Refinement, Constraint, and Localization” document, are
applied. All of these templates are created and published by the
MoH, and used as the standard by health care information
systems vendors [12,16].

Incoming messages are validated regarding syntax and
semantics, and the appropriate messages are stored in the
NHIS-T central repositories. Patient and medical professional
identifiers are acquired and validated from the Central Civil
Registration System and Doctor DataBank, respectively (Figure
1 showsthe NHIS-T) [13,16].

The current version of the NHIS-T messaging system allows
for the transfer of medical data from health care providers
(hospitals and family practitioners) information systems to
central servers via Web services. It has the infrastructure that
will provide access to patients' records for authorized health
care professional swithin the hospital, which will alow patients
to reach their own medical data, for example, persona health
records (PHRs). But, thelegal regulations have to be completed
before both types of access—authorized or self—are available.
Then, the establishment of a PHR system will be allowed [13].

JMIR Med Inform 2014 | val. 2 | iss. 2 |e17 | p.106
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Beyan & Aydin Son

Figure 1. Schematic representation of National Health Information System of Turkey. NHDD=National Health Data Dictionary; HL7 CDA R2=Health
Level 7 Clinical Document Architecture release 2; EMR=electronic medical record; and EHR=electronic health record.

NHDD

DATA ELEMENTS

|

MINIMUM HEALTH
DATASETS

|

TRANSMISSION
DATASETS

seriaﬁzatl'onl

TRANSMISSION
SCHEMA
(HL7 V3, CDA R2
COMPLIANT)

transportl

SYNTACTIC VALIDATION

SEMANTIC VALIDATION
(Data elements, identifiers,
codes, business rules etc)

|

STORING

Architectural Extensionsfor Single Nucleotide
Polymor phism Data I ncor porated National Health
Information System of Turkey

It is necessary to build an infrastructure providing
clinicogenomic information and subsequent updates to the
physicians. A curated knowledge base extracting clinical
information from relevant SNP data, and supporting systems
processing up-to-date data for clinical decisions over the
patient's lifetime should be integrated as clinicogenomic
information into medical records[17,18].

In the light of our literature review, for a genome-enabled
NHIS-T, improvements in three components are needed: (1)
enhancement of existing messaging infrastructure to share
personal SNP data and clinicogenomic associations between
stakeholders, (2) development of a national-level ClinGenKB
for transforming personal SNP data to clinicogenomic
associations, and (3) advancement of end-user applications
(EMR, PHR, etc) for reporting of clinicogenomic interpretation
of clinically relevant SNP data.

A messaging infrastructure ensures the connection of different
stakeholders and the sharing of all types of relevant dataamong
these partners, for example, relevant SNP data between genomic
laboratory and knowledge base, and clinicogenomic associations
between knowledge base and end-user applications.

Asclinicians cannot extract the clinical interpretation of all SNP
variations directly from the medical sources due to temporal
and cognitive limitations, the integration of the clinical
interpretations of variations (eg, clinicogenomic associations)
into the medical record will be more efficient for clinical
decison making [19-22]. To convert SNP data into
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clinicogenomic associations and infer clinically meaningful
results, we need a structured knowledge source, for example, a
knowledge base.

Most of the clinically relevant SNPs have minor effects (odds
ratio <1.50-2.00), and there are only limited numbers of different
examples. For example, in our study, we extracted more than
209 prostate cancer-associated SNPs from the literature, and
many of these SNPs have minor effects for predicting the
prostate-cancer risk [9]. Additionally, in many cases, SNPs do
not show their effects directly for a given disease, but do soin
combination with other SNP variations and clinical and
environmental factors, which require a much higher level of
probability calculations.

Previously, various approaches were proposed to assess and
report clinicogenomic associations. The listing of
clinicogenomic associations and their effects may be useful for
a limited number of independent associations. But, it is clear
that clinicians cannot interpret and evaluate all variations
individually, especialy for SNPswith small impact degrees.

Each day, the volume of variation data integrated into clinical
practi ce exceeds the boundaries of unsupported human cognition
and interpretive capacity. Additionally, the rapidly growing
literature on clinicogenomic associ ationsincreases the challenge
for professionals to stay current.

Therefore, the polygenic risk modelsthat are under development
or panels, which assign values for various SNP alleles and
calculate the total risk of diseases, will be more effective for
risk prediction. Eventually, we also need end-user applications
that report clinicogenomic associations independently and
risk-value cal culations based on predictive models.
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Regarding technical capabilities (eg, network bandwidth, storing
and processing capacities, etc), different types of architectures
can be developed, but the development of two additional
components (knowledge base and reporting capability) is
essential. A ClinGenKB must be constructed at the national
level as a manually curated and continuously updated source
that would include clinical information and its possible
associationswith SNP variants. In the end-user, decision-support
applications (EMRs, PHRs, etc), clinicogenomic associations,
and external data (eg, family history) must be interpreted
independently, or based on predictive model sto support decision
making.

In the existing NHIS-T, medical and laboratory test results are
sent from hospitals to the central EHR databases as
“Examination Result Transmission Dataset”. The HL7 CDA
R2 conformant transmission schema of this dataset includes
several MHDS, for example, registration MHDS, result of tests
MHDS, patient MHDS, etc. “Result of tests MHDS’ involves
data elements about examination features (order time, protocol
number, result time, test result, reference value ranges, etc).
Thedatatype of |aboratory analysis should be numeric or textual
data regarding current schema standards. HL7 V3
interoperability standards support encapsulated data type for
text data[15].

Although whole genome sequencing (WGS), whole exome
sequencing (WES), and other types of genotyping tests are
accepted as |aboratory tests, they have different characteristics
than other laboratory tests in routine practice. After a clinical
WGS/WEStest, apersonal SNP datafilewhich containsalarge
amount of variant data is produced, in which all variant data
needs to be managed in an effective way. In the proposed
architecture, personal sequencing data is acquired and stored
as raw data within a genomic laboratory information system.
Theclinically relevant personal SNP (CR-SNP) dataisextracted
from a persona SNP data file using the CR-SNP data list
(genomic identifiers of clinicogenomic associations in the
ClinGenKB). Then, apersonal CR-SNP datafileis sent viathe
NHIS-T infrastructure from a genomic laboratory to central
EHR databases as an encapsulated text file. This file has to
include SNP identifiers, for example, reference SNP identifier
(rsID) and allele data in the HL7 CDA R2 schema (Figure 2
shows this process).

The received CR-SNP files would be stored within the central
EHR databases. Then, the CR-SNP files can be processed to
infer clinically relevant data by using the clinicogenomic
associations from the knowledge base. Resulting personal,
clinicogenomic association fileswould be sent to end users. As
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shown in Figure 2, based on existing technical capabilities, to
decrease the load of sharing clinicogenomic association files,
a replicated knowledge base could be integrated as a Web
application running on the client side, whereas a CR-SNP data
file could only be stored in central servers. In this situation,
clinicogenomic associations are inferred at the client side
through the replicated knowledge base. In that case, the
client-side knowledge base must be frequently synchronized
with the central knowledge base.

Tolink personal CR-SNP dataand clinicogenomic associations,
the rsID and allele combination is used. Data input to the
knowledge base rules (or associations) require rsID and allele
information, and medical interpretation, significance, and
representative information are sent back as the output from the
knowledge base. The rule structure is explained in the section
on “Definition of Clinicogenomic Associations’. Finally,
personal clinicogenomic associations areinferred from personal
CR-SNP data and a knowledge base.

When an authorized user (patient, family practitioner, or a
medical specialist) needs to reach a persona CR-SNP or a
clinicogenomic association file, arequest should be sent to the
central EHR, and a current data file would be received via the
NHIS-T communication infrastructure.

Additionally, it is recommended that an independent medical
authority, established by domain experts, should update
ClinGenKB. According to the type and level of change and
preferred architecture, existing personal SNP data, CR-SNP
data, and/or clinicogenomic associations must be reinterpreted
after the authorization of the patient, through the genomic
laboratory system at the national EHR repository and/or the
client side.

Our assessment of the NHIS-T reveals that its capabilities (eg,
regarding Web services, client-side inference, and reporting
capabilities, PHRs, if requested) need to be extended to be able
to share CR-SNP or personal clinicogenomic associations
between central EHR databases and end-user systems. Here,
we are presenting complementary capabilities developed as
prototypes for the NHIS-T, for example, ClinGenKB and
ClinGenWeb, which specifically focus on disease risk
assessment. In our study, as an initial attempt through the
development of much sophisticated infrastructure, we have
concentrated on the interpretation of SNP variant data and
excluded other types of variants. The use of personal
clinicogenomic information to determine the disease risk of a
patient’sfamily membersis considered to be out of scope. Also,
security and privacy issues, as well as constraints about
hardware and infrastructure, are excluded.
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Figure 2. Alternatives for extended architecture of genome enabled National Health Information System of Turkey (NHIS-T). CR-SNP=clinicaly
relevant single nucleotide polymorphism; HL7=Health Level 7; XML=extensible markup language; CG-ASSOC.=clinicogenomic associations,
EMR=electronic medical record; PHR=personal health record; and CDSS=clinical decision support system.
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Design of the Complementary Components

General Use Case

Figure 3 shows the general use case diagram of our approach.
Major actors of our system are the end-users (physicians or
patients), knowledge expert, and system expert. The NHIS-T
infrastructure, ClinGenKB, and ClinGenWeb will perform the
sending and storing functionalities. Knowledge experts add and

CENTRAL EHR DATABASES (NHIS-T)

update clinicogenomic associations into the ClinGenKB. The
conversion process of the CR-SNP to the clinicogenomic
associations is accomplished synchronously by ClinGenKB at
thefirst uploading and then—as a rule—in update sessions.

Before the design and development of the ClinGenKB and the
ClinGenWeb, we standardized the clinicogenomic associations
and models, as explained below.

Figure 3. The use case diagram of our Clinicogenomic Knowledge Base (ClinGenKB) and Clinicogenomic Web Application (ClinGenWeb).
CR-SNP=clinically relevant single nucleotide polymorphism; CG-ASSOC.=clinicogenomic associations; NHIS-T=National Health Information System
of Turkey; and *External Data: environmental, behavioral, family health history data, etc.
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Standardization of the Clinicogenomic Approaches

At the end-user side, assessment and reporting of clinicogenomic
associations using several approaches, for example, listing of
the independent associations, complete visualization of
independent associations, polygenic risk scoring, and
model -based methods, etc, were determined as requirements of
the system. The common data fields and approach-specific
additional data fields of clinicogenomic associations in the
ClinGenKB must be defined for handling a variety of
approaches. In particular, the ClinGenKB should collect all
types of independent and model-based clinicogenomic
associations as a whole set. So, in our study, we reduced the
independent and different types of model-based associations
into a standard definition while designing the ClinGenK B.

In the scientific literature, we have determined two types of
models, for example, cumulative and probabilistic models, for

Table 1. Comparison of representation types and definitive data fields.

Beyan & Aydin Son

prostate cancer risk assessment. In cumulative models, we can
calculate the possible disease risk by combining the impact of
several clinicogenomic associations. In a probabilistic model,
SNP profiles with increased disease risk are determined with
an evidence-based approach during development of the model,
and the patient’s risk is determined through the patient’s
genotyping profiles. Detailed examples of these modelswill be
explained in the next section of the miniseries[9]. Examples of
the cumulative model of prostate cancer and their reference
tables are given in Multimedia Appendices 1 and 2, and
examples of the probabilistic model with thelist of the possible
SNP profiles are provided in Multimedia Appendices 3 and 4.

Through analysis of these models, we have extracted possible
clinicogenomic association types for assessment and reporting.
Finally, we have generated a comparative table to determine
the requirements for the design of the ClinGenKB (Table 1).

Definitions Independent associations Complete visualization for  Associations of Associations of
independent associations  cymylative models probabilistic models
Association
rsiD X X X X
Allele X X X X
Disease code X X X X
Disease name X X X X
Magnitudeof impact X
Degree of evidence X
quality
Impact category
Evidence category
Impact value
Branch_id® X
Model
Model type X X X X
Model name x2 x2 X
Total impact
Total count of SNPs
Branch_id
Narrativeinterpreta- X
tion
External data
Family history X X
Other typeb X

8 n this study, only increased risk covered
bBMI = body massindex, alcohol consumption, smoking, etc

®Branch_id, anumeric identifier for every association which is derived from a probabilistic model.
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Definition of the Clinicogenomic Association

Next, we have produced a standard representation for all types
of clinicogenomic associations, including an association
identifier, genomic parts, and clinical parts. Genomic parts
contain SNP data, namely, rsID and allelevalues. Intheclinical

Table 2. Datafield analysis of association parameters.

Beyan & Aydin Son
part, there are medical data, model information, values about
impact, and evidence degree of per association.

Detailed data analysis of association typology is presented in
Table 2. This table was used while designing the ClinGenKB.

Data category Parameters Values
Association identifier Assoc _id Unique numeric value
SNP data rsiD rsvaue
Allele Alldevalue (eg, AA% AT'; | CGY; etc)
Medical data Disease code and name ICD-10
Representation model of asso- Model type Independent associations, cumulative model, and probabilistic
ciations model
Model name

Association values

and branch_id®)

Parameter 2 (degree of quality of evidence®)

Parameter 3 (impact categoryd)

Parameter 4 (evidence categoryd)

Parameter 1 (magnitude of impact?®, impact value®;

Increased?® ; (number of SNP and name of first author)b; (model
number, name of authors, and date)®

P. Numeric value® ®; numeric identifier®

Numeric value (between 1 and 3)

1,2,3 (corresponding Weak, Moderate, Strong, respectively)d

1,2,3 (corresponding Weak, Moderate, Strong, raspectively)d

8 ndependent associations

bCumulative model-based associations
CProbabilistic model-based associations

dCompl ete assessment for independent associations
€AA = adenine-adenine

AT = adenine-timine

9CG = cytosine-guanine

Data Fields of a Clinicogenomic Association

In this representation, clinicogenomic associations must have
auniqueidentifier assigned automatically. In ClinGenKB, SNPs
are identified by both rsID and allele data that correspond to
the forward strand of genomic sequence. If a SNP is related
with the different medical conditions or models, for every
instance, a new association was defined, and a different unique
identifier was assigned.

Themedical datacategory containsdiagnosis codes and names.
Valuesfrom thisdatafield are selected from the ICD-10, which
is used for diagnostic terminology for diseases in the current
NHIS-T.

Model data has two components: (1) type, and (2) name. In
ClinGenK B, we have two main clinicogenomic associations,
for example, model-based or model-free (or independent)
associations. Namesfor independent associations are categorized
as increased or decreased regarding the potential risks and/or
protective characteristics. In this study, we have focused only
on increased risk. Model-based associations are used in the
predictive models.

http://medinform.jmir.org/2014/2/e17/

Association values are tightly related to the type of model, for
example, independent associations, cumulative model, and
probabilistic model-based associations. For an independent
associations odds ratio (OR), the degree of evidence quality,
impact values, and evidence categories were found to be
appropriate and sufficient elements to evaluate clinical
significance, both individually and as a whole. In cumulative
model-based associations, it is necessary to assign an impact
value for every association to calculate the total personal risk
value according to the model-definition table. For the
probabilistic model, we have calculated the total effects of
variants using their branch_id. On the client side, all possible
associations derived from the probabilistic model are grouped
by “branch_id”, and for all of these groups, the total impact of
risk parametersis determined. If one of these valuesis equal to
the total value of the corresponding branch, it isinterpreted as
the patient having the risk of prostate cancer, based on the
accuracy, precision, and recall values of the model. For example,
intheonly SNP model, 154 different possibilities were defined.
According to the first branch (branch_id=1), if an individual
caries al of the “rsl1720239-AA, rs2999081-CT,
rs2811518-CT, and rs4793790-TT” SNP variations, it isassessed
as this individual having a risk of developing prostate cancer
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with the degree of the accuracy, precision, and recall of the
model.

Predictive Risk Models

Additionally, a standardized model definition table involving
reference values for variants and corresponding diseaserisksis
produced, as the fina interpretation of clinicogenomic
associations will be completed at the end-user side
(ClinGenWeb) using predictive models.

We have developed the model definition table for the analysis
of the model-based associations on the client side (Table 3).
The model type identifies the category of models, and model
name labels them. The total value and explanation fields are

Table 3. Datafield analysis of model definition table. OR: odds ratio.

Beyan & Aydin Son

mapped to the total impact of related SNPs and the
corresponding risk categories. For cumulative models, these
fields are about total impact and its explanation. For the
probabilistic models, total value is referred to as the count of
all SNPsfor every branch; the explanation is the interpretation
of risk values regarding accuracy and precision. An additional
datafield identifying the branch_id of the selected support vector
machine- iterative dichotomiser 3 hybrid model is needed for
the explanation of the probabilistic model.

Examples of cumulative models are given in Multimedia
Appendices 1 and 2, and a list of examples of probabilistic
modelsand their parametersis givenin Multimedia Appendices
3and 4.

Parameters Value (domain) Explanation
Model type Cumulative model, probabilistic model
Model name (Number of SNP and name of first author)? (model num-
ber, name of author, and date)b
Total value Numeric value Total impact® total count of SNPS”
Explanation 1 Text value Explanation (OR)? Explanation (brief interpretation about
risk a&e&ssment)b
Explanation 2 Text value Explanation (branch_i d)b

4cumul ative model-based associations
bProbabilistic model-based associations

Development of the Complementary Components

Clinicogenomic Knowledge Base

Knowledge bases are repositories that help to collect, organize,
share, search, and utilize information. Developing an accurate,
accessible, structured clinicogenomic knowledge source
(ClinGenKB) for disease-associated SNPs (prostate cancer in
our case) is an essential component of the proposed
clinicogenomic information-integrated EHR.

Raw genomic variant dataisnot appropriate to support clinician
decision-making due to its high dimension. The clinical
association of the variant is convenient to transfer for clinica
decision support, where the interpretation of the variant and its
associated clinical meaning is periodically updated in the
knowledge base. The data field tables described in Figure 3
must be kept up to date and shared with other stakeholders to
be used as a standard reference for the interpretation of the
model -based associationsin aproper manner. Also, model type
and model name fields must be used as standard references for
the same fields in the definition tables. Such a system would
allow for thereinterpretation of variant datathroughout dynamic
updates.

Technically, there are many tools for knowledge modeling and
implementation. For this study, we have preferred to develop
our prototype using BioXM, which is a distributed software
platform providing a central inventory of information and
knowledge [10]. Through BioXM, we were able to quickly

http://medinform.jmir.org/2014/2/e17/

generate, easily manage, and visualize the scientific models as
extendible networks of interrelated concepts.

To develop the ClinGenKB on the BioXM platform, we have
designed the domain-specific data model with semantic
objects—el ements, annotations, ontol ogies, and databanks—and
the connections (rel ations) using the BioXM graph viewer based
on our clinicogenomic association definitions. Next, we have
defined the importing scripts to transfer the extracted
independent and model-based clinicogenomic associationsand
the personal CR-SNP data to the knowledge base. BioXM
supportsthe dataimport and export as XML, hyper text markup
language, Excel, or plain text format. Finally, we have prepared
views, queries, and smart fol ders to manage our datamodel and
theinferring processes.

Our domain model defining elements, annotations, relations,
and scope of these components in BioXM is based on the
association definition table (Figure 4 shows this table). In this
domain model, we have three types of elements: (1) person, (2)
SNP variant, and (3) clinical association. Every element hasits
specific annotations. The personal element is related with the
SNP variant by a“has’ relation, referring to the fact that each
patient will have a set of SNP variants. SNP identifiers are
assigned to variants for ensuring uniqueness. Then, each SNP
variant isrelated with aclinical association element astheinput.

We haveimported the content of the knowledge-based definition
table asan external filewith scripts. This content can be updated
with subsequent importing operations. If a new association is
generated or existing associations are changed or cancelled,
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authorities can organize all the changes in an external source
according to the association definition table, and then can easily
upload all of them via BioXM compatible files. After the
importing process, the clinicogenomic associations can be sorted
and managed by system administrator from table (Figure 5
shows a screenshot).

In addition, we can store personal CR-SNP data as a separate
file on BioXM. CR-SNP data can be easily converted to

Beyan & Aydin Son

clinicogenomi ¢ associ ations based on the content of ClinGenK B,
and this data file is exported as a text file. For all individuals
whose CR-SNP dataisstored in BioXM, whenever it isneeded,
it is possible to access personal CR-SNP data, and to produce
new clinicogenomic association data files based on the current
ClinGenKB. In the NHIS-T, all of these personal files can be
accessible with the inclusion of the Turkish citizen-identifier
number in our prototype, and can be sorted according to data
categories (Figure 5).

Figure 4. The graphical representation of designed prototype with BioXM Knowledge Management Environment. URL=uniform resource locator;
rsl D=reference single nucleotide polymorphism identifier; and SNP=single nucleotide polymorphism.
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Figure5. Functiona steps for Clinicogenomic Knowledge Base (ClinGenKB): (1) defining clinicogenomic content, (2) uploading persona clinicaly
relevant single nucleotide polymorphism (SNP) data, and (3) inferring personal clinicogenomic associations based on the content. rsl D=reference single
nucleotide polymorphismidentifier; AA=adenine-adenine; AC=adenine-cytosine; AG=adenine-guanine; CC=cytosine-cytosine; CG=cytosine-guanine;

CT=cytos ne-thymine; and GG=guanine-guanine.
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Clinicogenomic Web Application

After the transmission of the personal, clinicogenomic
association datafileto theend-users (medical specidists, family
practitioners, and patients) applications, another critical issue
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isthefinal interpretation and reporting of the results. Reporting
presents itself here as a critical point for maximizing the
effectiveness of the overall systemin trand ating clinicogenomic
data into the clinic. High-dimensional variant data and its
clinical associations—along with its interpretations—have to
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be reported and visualized in a simplistic and holistic manner
for easy interpretation by both health care professionals and
patients.

Regarding clinicogenomic decision support, our approach aims
to divide clinicogenomic interpretation into two phases, namely:
(1) conversion of the variant SNP into a clinicogenomic
association, and (2) clinical interpretation of these associations.
Fina interpretation is completed on the client side. This
approach gives us the flexibility to add/update external
parametersthat will be monitored or collected by end users. For
example, in some cumulative prostate models, positive family
history augments the total risk value in addition to clinically
relevant SNPs. Family history is adynamic parameter that can
change in time. Patients ideally accomplish effective tracking
of changesin family history. Similarly, clinical, environmental,
behavioral, or sociodemographic factors, should be involved to
assess the total risk with variant data at the end-user level.

Accordingly, we have devel oped a practical reporting approach
and demonstrated it using Zoho Reports as a prototype system
(namely, ClinGenWeb) for the client side. Zoho Reportsis an
on-demand reporting and businessintelligencetool that supports
several, report generation capabilities, for example, chart/graph,
tabular views, summary views, pivot tables, dashboards, and
structured query language (SQL)-driven querying. Most
importantly, it is possible to embed generated reports within

http://medinform.jmir.org/2014/2/e17/
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external Web sites and Web applications [11]. ClinGenWeb is
developed as a Web application, processing genomic
associations and clinical and environmental risk parameters.
ClinGenWeb is designed with the capability to report relevant
clinicogenomic SNPs or to assess individual risk based on
different models with the combination of conventional health
data and clinicogenomic associations.

The ClinGenWeb is designed to report personal predictive risk
under three main categories: (1) detailed reporting of individual
associations, (2) the assessment of a number of clinically
relevant SNPs, and (3) model-based interpretations of the
clinicogenomic associations. Basic models are based only on
assessing the relevant SNPs, whereas other predictive models
require additional clinical data (family history, BMI, etc). When
provided, corresponding risk factors for prostate cancer can be
used to calculate the model-based risk. Also, external personal
data about clinical and some environmental risk factors for
prostate cancer can be reported.

Reporting of I ndependent Associations

Thereporting of all independent associationsindividually would
be very confusing, and the interpretation of this data by users
would betime consuming. So, the associated data are presented
in a category-based graph, where the x- and y-axes correspond
to impact and evidence categories, respectively (Figure 6 shows
this graph).
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Figure6. Visualization of independent associationsin the Clinicogenomic Web Application (ClinGenWeb). I ndependent associations and their clinical

significances are listed as a table and represented on a category based graph. rslD=reference single nucleotide polymorphism identifier; SNP=single

nucleotide polymorphism; AA=adenine-adenine; CC=cytosine-cytosine; and AG=adenine-guanine.
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Reporting of Model-Based Associations

Comparatively, a model-based interpretation provides us with

more effective information for supporting the end-users

decision making. This type of rule is based on accepted and
proven integrated models as described in the next section.
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In our study, we have used two kinds of models, namely,
cumulative and probabilistic models. In the ClinGenWeb, the
results of these models and detailed explanations of reference
values are presented to the end-users as a complete set of
information. If needed, end-users can exploit the detailed
analysis of risk factors as in the total evaluation of the model
(Figure 7 shows this analysis).
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Figure7. Reporting and interpretation of the results of model-based associations and the whole impact (and meaning) of modelsin the Clinicogenomic
Web Application (ClinGenWeb). rsID=reference single nucleotide polymorphism identifier; AA=adenine-adenine; AC=adenine-cytosine;

AG=adenine-guanine; and GG=guanine-guanine.
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In ClinGenWeb, users can record and store additional types of
risk factors (family history, environmental, behavioral, and
clinical data) to assesstheincreasein their prostate cancer risk.
When additional datais collected, it can be used as a parameter
for the model or just included in the final report.

Discussion

In this article of the miniseries, we have presented the design
and development of the required structures for the NHIS-T to
incorporate SNP and clinicogenomic data for disease risk
assessment in the light of the first part of the miniseries, and of
the analysis of the existing NHIS-T.

We have proposed the possible architectures and extensions of
HL7 CDA templates to transmit personal, clinically relevant
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SNP data and clinicogenomic associations. In this approach,
two important complementary capabilities are the structured
knowledge base and the end-user assessment and reporting
applications. The knowledge base (ClinGenKB) is responsible
for transforming personal, clinically relevant SNP data to
meaningful clinicogenomic associations. The end-user
application (ClinGenWeb) ensures the issuing of personal
reports where extracted clinicogenomic associations are listed,
visualization of the risky SNPs, and the calculation of the total
risk based on proposed risk models.

In the next part of this article, we will focus on the extraction
of SNP associations to build the proposed ClinGenKB, and on
the evaluation of the proposed components for the NHIS-T for
determining prostate cancer risk using real direct-to-consumer
SNP datafiles. In addition, assessment and reporting approaches
to calculate personal prostate cancer risk will be presented.
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Abstract

Background: A personalized medicine approach provides opportunities for predictive and preventive medicine. Using genomic,
clinical, environmental, and behavioral data, the tracking and management of individual wellnessis possible. A prolific way to
carry this personalized approach into routine practices can be accomplished by integrating clinical interpretations of genomic
variations into electronic medical records (EMRs)/electronic health records (EHRs). Today, various central EHR infrastructures
have been constituted in many countries of the world, including Turkey.

Objective: Asaninitia attempt to develop a sophisticated infrastructure, we have concentrated on incorporating the personal
single nucleotide polymorphism (SNP) data into the National Health Information System of Turkey (NHIS-T) for disease risk
assessment, and eval uated the performance of various predictive modelsfor prostate cancer cases. We present our work as athree
part miniseries: (1) an overview of requirements, (2) the incorporation of SNP data into the NHIS-T, and (3) an evaluation of
SNP dataincorporated into the NHIS-T for prostate cancer.

Methods: In the third article of this miniseries, we have evaluated the proposed complementary capabilities (ie, knowledge
base and end-user application) with real data. Before the evaluation phase, clinicogenomic associations about increased prostate
cancer risk were extracted from knowledge sources, and published predictive genomic model s assessing individual prostate cancer
risk were collected. To evaluate complementary capabilities, we aso gathered personal SNP data of four prostate cancer cases
and fifteen controls. Using these data files, we compared various independent and model-based, prostate cancer risk assessment
approaches.

Results: Through the extraction and selection processes of SNP-prostate cancer risk associations, we collected 209 independent
associations for increased risk of prostate cancer from the studied knowledge sources. Also, we gathered six cumulative models
and two probabilistic models. Cumulative models and assessment of independent associations did not have impressive results.
There was one of the probabilistic, model-based interpretation that was successful compared to the others. In envirobehavioral
and clinical evaluations, we found that some of the comorbidities, especially, would be useful to evaluate disease risk. Even
though we had a very limited dataset, a comparison of performances of different disease models and their implementation with
real data as use case scenarios helped us to gain deeper insight into the proposed architecture.

Conclusions: Inorder to benefit from genomic variation data, existing EHR/EMR systems must be constructed with the capability
of tracking and monitoring all aspects of personal health status (genomic, clinical, environmental, etc) in 24/7 situations, and also
with the capability of suggesting evidence-based recommendations. A national-level, accredited knowledge baseisatop requirement
for improved end-user systemsinterpreting these parameters. Finally, categorization using similar, individual characteristics (SNP
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patterns, exposure history, etc) may be an effective way to predict disease risks, but this approach needs to be concretized and

supported with new studies.

(JMIR Med Inform 2014;2(2):€21) doi:10.2196/medinform.3560

KEYWORDS

health information systems; clinical decision support systems; disease risk model; el ectronic health record; epigenetics; personalized

medicine; single nucleotide polymorphism

Introduction

Methods

In this miniseries, we share our work that aims to incorporate
the personal single nuclectide polymorphism (SNP) data into
a national level electronic health record, for example, the
National Health Information System of Turkey (NHIS-T) for
disease risk assessment based on genotyping information of
patients.

First the literature review for SNP dataincorporated electronic
medical record (EMR)/electronic health record (EHR)s is
presented. In addition, the requirements for the EMR/EHR
systems in terms of the standardizations of terminologies and
messaging are reviewed [1]. The need for a structured
knowledge base, decision support approaches, systems for
reporting, and risk assessment are addressed as well. Next, the
NHIS-T system is overviewed, and architectural extensions to
the NHIS-T for the integration of the SNP data are proposed
[2]. Additionally, we have presented our design and
developmental process for the complementary components of
this system, for example, a knowledge base, Clinicogenomic
Knowledge Base, (ClinGenKB), and end-user application,
Clinicogenomic Web Application, (ClinGenWeb).

In this part, we eval uated these complementary componentsfor
prostate cancer using real, direct-to-consumer (DTC) SNP data
files. We have first of al extracted and transformed
clinicogenomic associations into knowledge base content, and
determined assessment and reporting approachesto discern the
disease risk at a personal level. Also an overall discussion of
the results, limitations, and possibilities of our work coveredin
this miniseriesis presented.

http://medinform.jmir.org/2014/2/e21/

General Approach

In this article, we have focused on the evaluation of the
developed ClinGenKB and ClinGenWeb for prostate cancer
risk assessment.

Prostate cancer isthe most common malignancy affecting men
in the Western countries, it is highly heterogeneous and a
multifactorial  polygenic disease. The heterogeneous
characteristics of prostate cancer could be partially explained
by genetic factors[3]. In addition to genetic factors, age, race,
family hedlth history, endogenous hormones, diseases,
environmental exposures, and various behavioral features are
proposed in the literature as confounders of prostate cancer
[4,5]. This complicated nature of prostate cancer, and burden
on public health services, make it an ideal case to research the
benefits of incorporating SNP datainto an EHR for predictive,
preventive, and personalized medicine approaches.

Figure 1 shows the main workflow of the process. First, the
medical literature and knowledge sources to extract
clinicogenomic associations between SNP alleles and increased
prostate cancer risk areinvestigated. Additionally, the published
predictive genomic modelsassessing individua prostate cancer
risk are searched. In parallél, to evaluate our system with real
data, we have gathered the personal SNP data (23andMe files)
of individuals with prostate cancer and control samples. These
data files are used in the evaluation phase to infer personal
clinicogenomic associations based on ClinGenKB in the final
stage. The independent associations and model-based prostate
cancer risk assessment approaches are eval uated and compared
using real persona clinicogenomic data and external data, for
example, body massindex (BMI).
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Figure 1.
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Main steps of the evaluation process. SNP=single nucletotide polymorphism; CG-ASSOC.=clinicogenomic association;

CLINGENKB=clinicogenomic knowledge base; and CLINGENWEB=clinicogenomic web application.
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Collection of Associations

Since the compl etion of Human Genome Project, SNP-disease
relationships have been extensively researched and published
in the medical literature. Results of these studies are mostly
collected in structured and/or narrative forms, from severa
clinicogenomic knowledge sources. To develop a
clinicogenomic knowledge base for prostate cancer risk, we
determined reliable medica sources and collected
clinicogenomic associations in a standardized form.

In our study, to extract these associations, we have preferred to
utilize the publicly available knowledge sources, for example,
genome-wide association studies (GWAS) catalog, SNPedia,
and Cancer GAMAdb. We have selected the clinicogenomic
associations between SNPs and increased prostate cancer risk
from these knowledge sources, excluding studies about
gene-environment (eg, nutrition, drugs, chemical agents, etc)
interactions. In addition, we have ignored clinicogenomic
associations measuring SNP effects on the aggressivity and
mortality of the prostate cancer.

As the SNP nomenclatures and notations are represented
heterogeneously among different medical sources, the correct
unification and standardization of identifiershad to betheinitial
step. We have checked al of the selected associations and
matched their reference single nucleotide polymorphism

http://medinform.jmir.org/2014/2/e21/
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identifiers (rsIDs) and alleles using Single Nucleotide
Polymorphism database (dbSNP). The SNP rsIDs, which had
been merged with another SNP, were updated, and allele values,
which had been identified based on reverse strand, were
transformed to the forward strand.

Selection of Suitable Associations

Generally, there is more than one odds ratio (OR) for every
SNP-disease  association in  various GWAS daa
warehouses, depending on the diversity of studies. A selection
strategy is proposed to solve these value redundancies and
conflictions. For the clinicogenomic association set, we have
developed a four-phased selection approach to determine a
reasonable value per SNP alele.

In the first phase, because al test data was gathered from
Caucasians, we have obtained the clinicogenomic association
values from studies, which were performed on this race group.
If there weren’t any studies in the Caucasian populations, we
would've preferred to use results from the mixed popul ation as
asecond choice, and resultsfrom other races (Africans, Asians,
etc) as the last choice. In the second phase, we have assessed
the study type, for example, meta-analysis or research study,
and preferred meta-analysis results. After that, if we still had
more than one association value, we calculated the citation
number of referenced articles. Finaly, we have selected the
highest OR, when needed (Table 1). With this approach, we
extracted one OR value for every single SNP from the
knowledge sources.
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Table 1. Selection criteriafor extracted associations.
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Phase Category Order of preference

1 Race and ethnicity Caucasians, mixed; other races (Africans, Asians, etc)
2 Study type Meta-analysis; research study

3 Credibility of journa Highest number of citations

4 Odds ratio Higher number

Evidence Degree Assignment to Clinicogenomic
Associations

There are still many biases and errors in the interpretation of
genetic association studies. |deally, wewould prefer to evaluate
association values to sort out al sources with a bias (study
design, genotyping problems, publication bias, etc) of studies,
but it becomes infeasible due to the time and effort needed by
the professional domain experts. So, adegree of evidence quality
is developed to rank all association values that are assigned.

During the extraction of clinicogenomic associationsfor prostate
cancer, we have generated a simple approach using some
indirect metricsto determine the quality of evidence degreefor
every association to assess the clinical utility. There are three
major criteria that are used to determine the dimensions of
evidence; credibility of referenced article, reliability of the study,
and the scientific familiarity of SNP-disease relationships. To
calculate the credibility of the referenced article, we have used
the citation number of the article, the type of study, and the
number of authors. Thenthereliability of the study isdetermined
based on the sample size (number of cases and controls), race,
and ethnicity status are also considered. To evaluate the

scientific familiarity of SNP-clinical condition relationship, we
have calculated the number of the scientific articles about the
SNP-prostate cancer relationship in PubMed, and the number
of cumulative models, which involves the SNP alele under
evaluation. These criteria are summarized in Table 2. Finally,
the degree of evidence quality was calculated as the arithmetic
average of all parameters for each association.

There are many SNPs reported with minor association degrees
to predict prostate cancer risk. For aphysician, it isimpossible
to interpret al disease relevant SNPs to determine the
appropriate clinical action. Thus, to present an overview of the
personal risk SNPs as a whole, we have categorized the
magnitude of impact and the evidence degree values of
associations into three classes as strong, moderate, and weak.
The thresholds for the magnitude of impact (OR) were
determined as strong (=2.50), moderate (=2.00 and <2.50), and
weak (<2.00) (Table 2).

We have also extracted indirect metrics corresponding to Venice
criteriato assign an evidence degree using PubMed publications
and our knowledge sources (Figure 2 shows this image). This
method has a potential for an automated evidence value
assignment, but needs to be validated in a separate study.

Table 2. Evidence degree assignment criteriafor clinicogenomic associations.

Order of preference Vaue

Credibility of referenced article
Citation number of article

Type of study and number of
authors

(1-15)=1, (16-50)=2, and (>50)=3

(Research article and author number <10) =1; (research article and <10 author number
<35)=2; (research article and <35 author number)=3; (meta-analysis and author number<7)

=2; and (meta-analysis and =7 author number)=3

Réliability of study

Race and ethnicity of studies
population

Samplesize (each of caseand
controls)

Scientific familiarity of SNP-disease relationship

Number of article for SNP-
prostate cancer relationshipin
PubMed

Number of cumulativemodels
which involve SNP allele

Degree of evidence quality

=Total value/6

Other races (Africans, Asians, etc)=1; mixed=2; and Caucasians=3

(<100)=1; (=100 and <1000)=2; and (>1000)=3

(<7)=1; (=7 and <19)=2; and (=20)=3

None=1, (<3)=2, and (=3) =3

(<1.5)= weak; (1.5 and <2.3)= moderate; and (<2.3)= strong

http://medinform.jmir.org/2014/2/e21/

JMIR Med Inform 2014 | val. 2 | iss. 2 |e21 | p.124
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Beyan & Aydin Son

Figure 2. Matching of our parameters and Venice criteria. SNP=single nucleotide polymorphism.
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|
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authors
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Number of article for SNP-
prostate cancer relationship in
PubMed

Number of cumulative models
which involve SNP allele

Risk Assessment and Reporting Approaches

As explained in the first part of this miniseries, there are
different types of risk assessment and reporting approaches, for
example, listing of clinicogenomic associationsand their effects
as independent associations, complete representation of these
SNPs using visualization techniques, cal culation of diseaserisk
using polygenic risk scoring and model-based approaches, etc.
In this study, we have focused on the different models for
prostate cancer.

Because most of the genomic associations have small degrees
of impact, cumulative models, which contain a few critical
SNPs, have been proposed previoudly to predict the disease
risk. We have extracted cumulative models for prostate cancer
risk assessment through PubMed searches.

The rsIDs and allele values of SNPs contained in models were
checked and adapted to forward genomic strands based on
dbSNP entries. Models, which involve additional external
parameters, such as family health history, are also collected.
Finally, the reference tables for all models containing the total
impact of involved parameters and corresponding risk values
are generated.

Among risk assessment tools other than cumulative models,
there are ongoing efforts utilizing different data mining
algorithms to interpret GWAS data for building various
predictive models. In order to present how these modeling
approaches could be implemented in our prototype system, we
also included two such examples into our study. These
probabilistic models are based on the works of Yicebas and
Aydin Son to assess prostate cancer risk, and were devel oped
through a hybrid approach combining support vector machine

http://medinform.jmir.org/2014/2/e21/

Amount of Evidence
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(SVM) and Iterative Dichotomiser 3 (ID3) decision tree (DT)
based on “A Multiethnic Genome-wide Scan of Prostate Cancer”
dataset from the database of Genotypes and Phenotypes (dbGaP)
(study accession no., phsD00306, and version 2) [6,7]. Thefirst
hybrid model (only SNP model) includes 33 SNPs and their
alleles, and the accuracy, precision, and recall values of this
model are 71.6%, 72.69%, and 68.96%, respectively [6,7]. The
second hybrid model originally was developed by integrating
genotyping and phenotyping data, and contains 28 SNPs, along
with clinical features; BMI, alcohol intake, and cigarette
smoking. The accuracy, precision, and recall values of this
model for the integrated model are 93.81%, 96.55%, and
90.92%, respectively [6,7].

Similar to cumulative models, to prepare these hybrid models,
first, we checked rsIDs and adapted allele values of contained
SNPs to forward deoxyribonucleic acid strands using dbSNP.
After that, we have converted the results of hybrid models as
association sets. Finally, we have prepared areference table for
both of the genomic risk models containing SNP parameters.

Polygenic risk scoring is an extension of cumulative
model-based approaches. Different types of polygenic prediction
models were developed to combine the impact of disease
associated SNP data, for example, count method, log-odds
method, multiplicative model, etc. The count method is the
calculation of the total count of independent genomic risk
alleles. Thelog-odds method addstogether the natural logarithm
of theallelic OR for eachrisk allele[8]. DTC testing companies
typicaly employ a multiplicative model to calculate life time
risk in the absence of an established method for combining SNP
risk estimates, that is multiplication of OR of each genotype
and average population risk [9].
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Preparation of Test Data

To evaluate the ClinGenK B and the ClinGenWeb platforms as
a part of our use case scenario, we have gathered real data
(23andM efiles) from the Personal Genome Project [10]. Inthis
publicly availableresource, genomic, environmental, and human
trait dataareintegrated together. There were four 23andMefiles
that belonged to men who have been diagnosed with prostate
cancer. All of these patients were Caucasian men, over 60 years
of age. To build a demographically matched control set, we
have selected all the Caucasian men older than 60 years of age
as control samples. Through the Personal Genomes Project’s
website, we have acquired 23andMe files of 15 individual
healthy Caucasian men over the age of 60 (Table 3).

Table 3. Characteristics of genomic data owners.

Beyan & Aydin Son

Before the evaluation of the proposed workflow and the
framework, first, a personal clinically relevant SNP (CR-SNP)
datafilefor prostate cancer patientsfrom their original 23andMe
files are generated based on the clinicogenomic associations.
Then the clinicogenomic associations and these test data are
transferred into the ClinGenKB. Personal clinicogenomic
associationswere acquired by processing the personal CR-SNP
data with a smart query based on the ClinGenKB. After that,
acquired clinicogenomic associations were transferred into the
ClinGenWeb. Also, some relevant personal health data were
transferred from the Personal Genome Project website to the
ClinGenWeb to be used in the interpretation of disease risks
based on the models. Finaly, the validity of implemented
models and approaches are compared and discussed.

Participant Prostate cancer ~ Ancestral origin Birth year
01-hul213DA Yes Germany-Norway 1937
03-huD889CC Yes Ireland 1938
07-hu28F39C Yes United States 1943
13-hu6ED94A Yes United States-Austria 1950
02-hu59141C No United States-Canada 1937
04-huF7E042 No United States-United Kingdom 1939
05-hu75BE2C No United States 1939
06-hu56B3B6 No United States 1941
08-huB59C05 No United States-Ireland 1943
10-hu7A2F1D No United States-Germany 1947
12-huD57BBF No United States 1949
14-huD7960A No Hungary-Ukraine-Russia 1951
15-hu2E413D No United States 1952
16-hu76CAAS5 No United States 1952
17-huA720D3 No United States-United Kingdom 1953
18-hu63DA55 No United States 1953
19-hu43860C No United Kingdom-Hungary 1954
20-huD00199 No Germany-Poland 1954
21-huAC827A No United States-Sweden 1954

Evaluation of Test Data

In prostate cancer, known relevant SNPs mostly have a modest
OR. Therefore, in the evaluation phase, we have assessed the
total impact of the independent relevant associations based on
four approaches, that is the number of SNPs based on the
dominant model, the number of SNPsbased on the additive
model, the evidence-impact-SNP degree based on the dominant
model, andthe evidence-impact-SNP degreebased onthe
additive model. The “number of SNPS’, are calculated as the
total count of existing relevant SNPs. In the dominant type of
this model, only the count of relevant SNPs is considered, but
inthe additive type, theimpact of homozygote SNPsisweighted
twice as much compared to heterozygote SNPs. In the
evidence-impact-SNP approach, for every existing SNP, we

http://medinform.jmir.org/2014/2/e21/

have calculated an impact degree using the evidence degrees
(1, 2, and 3) and the impact degrees (1, 2, and 3). Also, similar
to the number of SNPs calculated, for the additive type we have
assigned 1 and 2 to heterozygote and homozygote SNPs as
weighting coefficients, respectively.

After that, all the cases and controls are evaluated based on the
predictive cumulative and probabilistic models. Then, results
for all of the cases and controlswere interpreted and compared.
In the second hybrid model, where associations are based on
both genotyping and clinical data, SNPsand BMI, smoking and
alcohol consumption data are used. Here, due to a lack of the
clinical data, therisk for someindividual s could not be assessed.

In addition to the genetic factors, there are various comorbidities,
sociodemographic characteristics, and environmental and
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behavioral exposuresthat are proposed as confounders of the are meaningful for the prostate cancer pathogenesis, as the last
prostate cancer (Table4). Therefore, we have analyzed the step of our evaluation.
personal, clinical, and the environmental characteristics, which

Table4. Examplelist of several risk and protective factors for the prostate cancer [2,3].

Risk category

Parameters

Sociodemographic data

Environmental sources

Personal health status (internal environment)

Age, family health history, ethnicity, and race.

Nutrition and diet (animal fat, fruits, legumes, yellow-orange and cruciferous vegetables, soy
foods, dairy products, fatty fish, alcohol, coffee, green tea, modified citrus pectin, and
pomegranate).

Supplements (multivitamins, vitamin E -with or without selenium, folic acid, zinc, calcium, vitamin
D, retinoid, and zyflamend).

Drugs (5 alpha-reductase inhibitors, nonsteroidal antiinflammatory drugs, statins, and toremifene).

Medical procedures (vasectomy, barium enema, hip or pelvisx-rays, and externa beam radiation
therapy for rectal cancer).

Tobacco use (tobacco products, smoking).

Medical conditions (prostatitis, prostatic intragpithelial neoplasia, syphilis, skin basal cell carci-
noma, and benign prostate hyperplasia).

Anatomic measurements (high body mass index).

Results

Independent Associations for Prostate Cancer

Initially, we have determined 87 SNP alleles from the GWAS
catalog, 32 SNP alelesfrom the SNPedia, and 236 SNP alleles
from the Cancer GAMAdb, which are al associated with
increased prostate cancer risk. Through the extraction and

Table5. Distribution of clinicogenomic associations.

selection processes of SNP-prostate cancer risk associations,
we have excluded redundant, conflicting, and incomplete
associations. Finally, a total of 209 independent associations
for increased risk of prostate cancer from the studied knowledge
sources were acquired. Next, the evidence and the impact
categories are assigned to these associations (see Multimedia
Appendix 1). The overall assessment of all these different types
of clinicogenomic associations is summarized in Table 5.

Evidence degree

Impact degree Strong Moderate Wesk Total
Strong 0 5 2 7
Moderate 0 3 1 4
Weak 42 123 33 198
Total 42 131 36 209

Cumulative M odels for Prostate Cancer

Cumulative model s are the combination of theimpact of several
clinicogenomic associations using arithmetic operators. For
some SNPs, only homozygote alelesareinvolved in the models
(recessive model), but mostly heterozygote SNPs (dominant
model) are part of the cumulative models. Both in dominant
and recessive models, the values of risk SNPs are accepted as
one unit of impact. Alterations of SNPS impact valuesregarding
homozygote and heterozygote alleles are defined as an additive
model. The dominant and recessive models as examples of the
cumulative predictive models retrieved from the scientific
literature, and the SNP alelesincluded in each of the cumul ative
models are listed in Table 6.

In addition to Table 6, three of these cumulative models
(17-SNP_Helfand, 5-SNP_Zheng and 5-SNP_Salinas) were
enhanced using family health history asan additional parameter

http://medinform.jmir.org/2014/2/e21/

and combined SNP-family health history modelswere produced
[11-13].

In the cumulative models, the existence of each association
contributesto thetotal score. For example, inthe 5-SNP_Zheng
model, there are five different SNPs. The genetic model is
dominant for three SNPs (rs1447295-A, rs16901979-A, and
rs6983267-G) and recessive for the others (rs1859962-G,
rs4430796-A). For dominant models, homozygote and
heterozygote combinations of aleles are identified as a risk
factor in the same degree. For recessive models, only
homozygote combinations are considered as risk factors,
whereas heterozygote combinations are accepted as harmless.
Through analysis of apatient’s genotype, the total impact values
of clinicogenomic associations are determined and cal culated
additively. Besides the SNP associations, the existence of
prostate cancer in family health history can be included as an
additional impact factor.
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Thereference table for 5-SNP_Zheng model is presented asan
example in Table 7. If patients without family health history
have only one impact factor, the risk of having prostate cancer
increasesby 1.5, compared to those who have none of theimpact
factors. If apatient hasall fiverisk SNPswith specified alleles,
and apositive family health history for prostate cancer, thetotal

Table 6. Examples of cumulative risk prediction models for prostate cancer.

Beyan & Aydin Son

impact is calculated to be 6. According to Table 7, this would
correspond to an increased risk of 9.46 for having prostate
cancer when compared to the general population. Full reference
tablesfor all cumulative modelsare provided in the Multimedia
Appendix 2 [11-16].

17-SNP_Helfand 9-SNP_Helfand 5-SNP_Zheng 5-SNP_Salinas 4-SNP_Nam 3-SNP_Beuten

[11] [14] [12] [13] [15] [16]
rsiDsand risk allele
rs1819698-T Dominant
rs2710646-A Recessive
rs721048-A Recessive
rs10934853-A Dominant
rs2736098-A Recessive
rs401681-C Dominant
rs1800629-A Dominant
rs2348763-A Recessive
rs1447295-A Dominant Dominant Dominant Dominant Dominant
rs16901979-A Dominant Dominant Dominant
rs16902094-G Dominant
rs445114-T Dominant
rs6983267-G Dominant Dominant Dominant Dominant
rs6983561-C Dominant
rs10993994-T Recessive Recessive
rs10896450-G Dominant Dominant
rs11228565-A Dominant
rs12439137-G Dominant
rs2470152-T Dominant
rs11649743-G Recessive
rs1859962-G Recessive Recessive Recessive Recessive Recessive
rs4430796-A Dominant Dominant Recessive Recessive
rs8102476-C Dominant
rs5945572-A Dominant Dominant

Table 7. Reference table for 5-SNP_Zheng model.

Total impact Odds ratio (95% Cl), without FHH? Odds ratio (95% Cl), with FHH?
0 1.00 (by definition) 1.00 (by definition)

1 1.50 (1.18-1.92) 1.62 (1.27-2.08)

2 1.96 (1.54-2.49) 2.07 (1.62-2.64)

3 2.21 (1.70-2.89) 2.71(2.08-3.53)

4 4.47 (2.93-6.80) 4.76 (3.31-6.84)

5 4.47 (2.93-6.80) 9.46 (3.62-24.72)

6 - 9.46 (3.62-24.72)

8FHH = family health history
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Probabilistic M odels for Prostate Cancer

In this study, we used two types of probabilistic models from
Yiicebas and Aydin Son based on a hybrid (SYM+ID3 DT)
approach; namely, firss (only SNP) and second
(SNP-Environmental Combined) [6,7]. When the first hybrid
model (only SNP model) from Yicebas and Aydin Son is
interpreted, we have captured 154 different association sets
containing the combination of severa different SNPsand alleles
[6]. In the second genotype-phenotype integrated model, we
acquired 23 association sets containing 28 SNPsand their alleles

Table 8. Reference table for the probabilistic only SNP model.

Beyan & Aydin Son

along with BMI, smoking, and a cohol usage[7]. The complete
associations of the hybrid models are listed in Multimedia
Appendices 3 and 4.

In these probabilistic models, if an individual accounted for all
parameters on one branch (ie, an association set), thisindividual
has a prostate cancer risk with the accuracy, precision, and recall
values of total model as presented in references [6,7]. Table 8
presents an example of the reference table for association sets
of the genotype-only hybrid model.

Branch_id

Tota count of SNPs

Branch_1 4
Branch_2 4
Branch_3 7
Branch_ 154 2

Evaluation Resultsfor Test Data

Overview

In the evaluation phase, we have studied four cases and 15
controls, which consisted of Caucasian men, age 60 years or
older, and regarding independent clinicogenomic associations
and risk prediction models.

Complete results of test and eval uation processes (independent
association assessment, model-based evaluation, and clinical
and environmental evaluation) are provided in Multimedia
Appendix 5.

Results for I ndependent Associations

In prostate cancer, known relevant SNPs mostly have amodest
OR. Therefore, in the evaluation phase, we have assessed the
total impact of the independent relevant associations based on
four approaches, that isthe number of SNPs based onthe
dominant model, the number of SNPsbased on the additive
model, the evidence-impact-SNP degree based on the dominant
model, andthe evidence-impact-SNP degreebased onthe
additive model.

http://medinform.jmir.org/2014/2/e21/

The comparative evaluation results of individual clinically
relevant SNPs of case and control groups regarding categorical
distribution of evidence quality and impact degrees are in
Multimedia Appendix 6. Inthese approaches, case groupswere
divided into two or three different subsets (three patients with
high values and one patient with alow value for the dominant
models, and two patients with high, one patient with moderate,
and one patient with low values in terms of additive models).
In control groups, there were, in particular, five people
(21-huAC827A, 15-hu2E413D, 08-huB59C05, 17-huA720D3,
and 06-hu56B3B6) with values higher than all cases observed.
However, it must be remembered that, in the complete
assessment of all SNPs, due to the remarkable number of
relevant SNPs that were not analyzed, the results might be
distorted.

Results for Cumulative Moddl's

Due to alack of family health history data of individuals, we
couldn’'t use this data to calculate cumulative risks. In our
limited number of cases, cumulative models did not have
meaningful results. But, similar to the complete evaluation of
independent associations, it must be considered that,
nonanalyzed SNPs could be distorting the results. Results of
these cumulative models are summarized in Table 9.
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Table 9. Summarized results for cumulative models.

Beyan & Aydin Son

Case Control
Oddsratio=2.5 Oddsra- Unknown Oddsratio=2.5 Oddsratio<2.5 Unknown
tio<2.5

17-SNP_Helfand 1 - 3 22 10 3
9-SNP_Helfand 1 3P - 1¢ 12 2
5-SNP_Zheng 4 - - 15 -
5-SNP_Salinas 4 - - 15 -
4-SNP_Nam 4 - - 15 -
3-SNP_Beuten 2 2 - 13 2

202-hu59141C, 12-huD57BBF
b 01-hu1213DA, 03-huD889CC, and 07-hu28F39C
€ 17-huA720D39

Results for Probabilistic Models

Regarding the probabilistic model-based interpretations; the
only SNP model from Yiicebas and Aydin Son [6] wasn't
successful interms of predicting the cases. In the second model
[7], where genotype and phenotype data were integrated, one
patient was determined as being under risk, two patients couldn’t
be evaluated because of data incompleteness (smoking and
alcohol consumption data), and one patient (03-huD889CC)
was determined as being risk free. In control samples, only one
individual (04-huF7EQ042) was determined as being in a risk
group, but six individuals were determined as being risk free.
There were eight individuals of this group that couldn’t be
evaluated dueto dataincompleteness. Although thismodel was
produced for those of African American descent, and even
though we had a limited number of cases and controls for the
evaluation process, it was still the most successful approach
when compared to the others. Interestingly, a patient
(03-huD889CC) was determined astherisk free, and this patient
was also determined as being in alow risk group according to
complete assessment approaches.

Clinical and Envirobehavioral Evaluation

Prostate cancer is a polygenic multifactorial disease, and both
environmental and genetic factors take important roles in its

http://medinform.jmir.org/2014/2/e21/

pathogenic mechanism. Therefore, if we analyze the genomic
risks with clinical and environmental characteristics, we can
infer more accurate results. Characteristics of casesand controls
regarding clinical and environmental risk factors for prostate
cancer are summarized in Table 10.

In envirobehavioral and clinical evaluation, it was found that
patient “03-huD889CC" had previously been diagnosed with
syphilis. In prior publications, syphilis has been reported as a
risk factor for prostate cancer [2]. The healthy individuals, who
had a higher risk than controls, namely “06-hu56B3B6", had
basal cell carcinoma, and “21-huAC827A" had hypogonadism,
that is a low level of testosterone. And both of these clinical
conditions are known to decrease the prostate cancer risk [1,2].
Also, “06-hu56B3B6" and “17-huA720D3" used several risky,
protective drugs and supplements regarding prostate cancer risk.
In patients “08-huB59C05” and “15-hu2E413D”, we did not
have enough data to evaluate the risk and protective factors. In
the health records of some cases and controls, there was some
data about nutritional status, physical activity, and usages of
supplements data, etc. But, all this data wasn't useful during
the evaluation dueto alack of precise measurement information
(eg, amount, period, duration, etc).
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Table 10. Clinical and environmental risk factors of cases and control.
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Group Individuals Risk factors Protective factors
Case 01-hu1213DA Hypercholesterolemia, BPH?
Case 03-huD889CC Syphilis
Case 07-hu28F39C Hypercholesterolemia, BPH?, and lipitor
Case 13-hu6ED94A Obesity, hypercholesterolemia, and
simvastatin
T2DMP, vegetable servings, and regular phys-
Control 02-hu59141C Obesity, multivitamins ical activity
Control 04-huF7E042 BPH? TURF®
Control 05-hu75BE2C Regular physical activity
Control 06-hu56B3B6 Obesity, hypercholesterolemia, chlamydiainfection, Basal cell skin cancer, lycopene, and
alcoholism, ibuprofen, multivitamin, folicacid, vita=  pomegranate
min E, and selenium
Control 08-huB59C05 Obesity
Control 10-hu7A2F1D Hypercholesterolemia, atorvastatin No_nr_nel anoma skin cancer, regular physical
activity
Hypercholesterolemia, BPH?
Control 12-huD57BBF Simvastatin, aspirin, and vasectomy Regular physical activity
Control 14-huD7960A Overweight, hyperchol esterolemia, and BPH? T2DMP
Control 15-hu2E413D Overweight
Control 16-hu76CAA5 Overweight, aspirin Omega-3 fish ail
Control 17-huA720D3 Hypercholesterolemia, aspirin, and multivitamin Phytosterols, omega-3 fish oil, and melatonin
Control 18-hu63DA55 Omega-3 fish ail
Control 19-hu43860C Overweight, hypercholesterolemia, and Nonmelanoma skin cancer
lovastatin
Control 20-huD00199 Overweight, hypercholesterolemia, and atorvastatin
Control 21-huAC827A Overweight, hypercholesterolemia, and simvastatin - Hypogonadism

aBPH = benign prostate hyperplasia
bT2DM = type |l diabetes mellitus
¢ TURP = transurethral resection of the prostate

Discussion

Principal Results

In this study, we have extended the current architecture of a
centralized national EHR, NHIST, and developed two
complementary capabilities, a knowledge base (ClinGenKB)
and a reporting application (ClinGenWeb), to predict the risk
of diseases using SNP data.

With respect to interoperability, Health Level 7 Clinicogenomic
Work Group (HL7 CG-WG) develops several standards and
guidelines, and tries to overcome the chasm between the
genomic laboratory and the clinical practice. In comparing
current and required infrastructure characteristics, and
determining a few terminology standards for genome enabled
messaging, wereason NHIS-T can be adapted to HL7 CG-WG.

The unique identification of SNP data is a critical issue in
clinical genomics. In our system, dueto simplicity and easiness,

http://medinform.jmir.org/2014/2/e21/
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we proposed to use rslDs and allele values for identification of
SNPs. But, to avoid any inconsistencies, it is crucia to
remember that, some rsIDs have been merged over time. For
this reason, SNP numbers must be checked out based on the
dbSNP, and transformed into current values if required.
Additionally, as different genomic strand typesarethe preferred
choice among some clinicogenomic knowledge sources and
publications, the standardization of strand identification is
another important point for SNP dataincorporated into clinical
systems.

Regarding clinical terminology, we prefer to use existing
NHIS-T standards, for example, International Classification of
Diseases and Related Problems, Tenth Revision (1CD-10) for
disease identification. For new data types (model name, model
type, etc), we produced our own specific value categories.

To store and process the huge amount of raw variant files, in
our architecture, we have proposed to store the raw and/or
processed genomic data in the genomic laboratory databases,
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and only to share clinically relevant variant data and/or
clinicogenomic association information between partners. To
derive CR-SNP data from personal SNP data, we need to use a
CR-SNP resource. This resource was designed as part of a
national level clinicogenomic knowledge base. Thisknowledge
baseisalso utilized to transform CR-SNP datato clinicogenomic
associations.

As it is emphasized in the literature, one of the most critical
components of the genome enabled EHRs is the devel opment
of a national level knowledge base for clinicogenomic
information. This capability must be kept up to date and
manually curated by domain experts. In our study, we have
developed a prototype knowledge base (ClinGenKB), which
includes clinicogenomic associations for prostate cancer risk
prediction.

Several different approaches are proposed to define clinical
impact and evidence qualities of clinicogenomic associations
in various knowledge sources. But there is ill a lack of
structured, objective, and comprehensive methodologies for
matching, selecting, and merging different studies. In our
prototype, we have proposed a simple methodology, but the
best methods of determining standardsto calculate, limit biases,
and limit faults till need to be investigated in future
clinicogenomic association studies.

ClinGenWeb is a prototype for the end-user systems that
provides interpretations of the clinicogenomic associations. To
evaluate our system, we have used real data from the Personal
Genome Project. Collected data included 23andMe data files,
ages, ethnicities, ancestral origins, clinical data, and some
behavioral parameters. Age and ethnicity are extensively
accepted as proven risk factors for prostate cancer. All of our
cases and controls were selected from Caucasian men over 60
years old. The risk for prostate cancer is 2 in 16 for men 60
through 69 years old, and 1 in 9 for men 70 years and older

[17].

ClinGenwWeb uses both complete and model-based
interpretations for clinicogenomic associations. Independent
associations may have very little importance for clinical
processes alone, but in complete interpretation, we tried to
interpret all relevant dataasawhole. After analyzing our results,
we concluded that cases and controls could be divided into two
or three different risk groupsasaresult of genetic heterogeneity.
With the commissioning of whole genome sequencing/whole
exome sequencing (WGS/WES) in clinical practice, similarity
measurements of clinically relevant SNP patterns may beanew
way of producing predictive models in genomic medicine, but
this approach needsto be supported with more phenotypic data,
and needs to be tested in larger study samples.

Thereare several cumulative model s proposed to predict prostate
cancer, but we couldn’t acquire meaningful results with these
models in our subjects. Another original approach was to use
the probabilistic (SYM+ID3 DT) model-based associations.
However, the only SNP model of this approach was not
successful, but the second model, which integrates genotype
and clinical data, was partly consistent. Unfortunately, the
number of available holistic envirogenomic models that could
beimplemented hereislimited. The probabilistic model utilized

http://medinform.jmir.org/2014/2/e21/
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was produced for men of African American, Latin, and Japanese
descent, and we have used the submodel template generated for
African American individuals, as their genetic background is
expected to carry a higher number of common SNPs with the
Caucasian population than Latin or Japanese popul ations.

Another critical point is that clinical, environmental, and
behavioral data can be used to explain pathogenic and clinical
heterogeneity, and to clarify the complexity of results. With the
support of clinical and behavioral data, we could interpret some
contradictory results. Because, most of the environmental and
behavioral data wasn't stored in EMR/EHRSs in a structured
manner, we generated the functionality to add these types of
data at the end-user level.

Due both to the bipartite structure of our interpretations (ie,
conversion of CR-SNP into clinicogenomic associations and
final clinical interpretations of associations), and the fact that
the final interpretation was accomplished at the end-user side,
we combined both clinicogenomic associations and external
parameters (such asBMI), which have been recorded or tracked
by end-users to support the decision making.

Limitations

Complete implementation of SNP data incorporated NHIS- T
in real systems was not possible due to the regulative and the
technical issues at this stage. So, we restricted our focus to
develop complementary capabilities as prototypesfor NHIS-T,
namely, the ClinGenKB and the ClinGenWeb, which
specifically targeted prostate cancer risk prediction.

GWAS research is based on the “common disease, common
variant” hypothesis. However, some authors proposed that
common variants can explain only a modest part of complex
diseases and so the“ common disease, rare variant(s)” hypothesis
was recently put forward [18]. Clinicogenomic associations
used to build the knowledge base in this study are based on
recent developments in the GWAS research and literature. In
our study, we have only used SNP data, but recent studies show
that different variants (Copy Number Variations, etc) are also
responsible for clinical conditions.

Also in the ClinGenKB, our critical focus was to generate a
structured clinicogenomic representation for only risk prediction
for prostate cancer. But, in the literature, there are several kinds
of information related to different stages of clinical decision
processes, for example, prognosis, pharmacogenomic, etc. In
the real world project, this prototype has to be enhanced with
additional types of associations and diseases.

We obtained case and control data from the Personal Genome
Project to evaluate our system, but the number of cases and
controls were so limited. To determine the value of this system
in clinical settings, more comprehensive data on genomic,
environmentd , family health, and clinical conditions are needed.
Unfortunately, none of the cases and controls had family health
history data, and we couldn’t involve this critical parameter in
our evaluation processes. Existing clinical data about subjects
didn’t reflect the clinical and pathological heterogeneity of the
prostate cancer. In particular, we did not have precise
measurement information (amount, period, duration, etc) about
behavioral characteristics of subjects (diet, physica activity,
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supplements, etc), and we couldn’t interpret the possible effects
of these parameters on prostate cancer risk.

Another limitation was in aligning the terminologies of the
clinical and bioinformatical domains in a consistent way. ICD
classification isaccepted as astandard for disease classification
in many countries including Turkey. But ICD-10 is not useful
to manage al levels of clinical, pathologic, and genetic
heterogeneities. It is expected that it will be managed in the
next version, |CD-11 that will be released in 2015 and the new
release can beintegrated with other medical terminologies such
as Systematized Nomenclature of Medicine Clinical Term
(SNOMED-CT) [19]. Nevertheless, as proposed earlier, itisan
unavoidable requirement to devel op anew taxonomy of diseases,
which will be based on information commons and a knowledge
network, combining molecular data, social data, environmental
data, clinical data, and health outcomes [20].

In the current study, due to the ethnic characteristics of our
subjects, we have primarily preferred the studies performed
with Caucasiansto collect the clinicogenomic associationsfrom
the literature. But, the terms of ethnicity and race are
sociocultural constructs affected by both biologica and
environmental factors. For thisreason, for areal world NHIS-T
system, genotyping data from the Turkish population is needed
to build the working knowledge base.

Also, predictive models that will be used in clinical settings
need to be validated. Especially, we need approaches to assess
the complete analysis of clinically relevant SNPs. With the
commissioning of WGS/WESin theclinical practice, smilarity
measurements of clinically relevant SNP patterns may be anew
way to produce predictive models in genomic medicine, but
this approach needs to be enhanced with further phenotypic
data, and to be tested in large study samples.

On the other hand, the number of available holistic
envirogenomic models is limited. As most of the complex
diseases are progressing as an interaction of genomic and
environmental factors, more envirogenomic data also need to
be developed to build predictive disease models.

Comparison With Prior Work

Genelnsight Suite is an impressive application environment to
evaluate and share sequencing based test results. Genel nsight
Clinic can be integrated with EMRs or can be used as a
standalone system. It manages knowledge, and facilitates
reporting. Genelnsight Network (VariantWire) provides the
mechanism to connect |aboratories and providers. Interpretations
of sequencing based tests are shared with corresponding
caregiver organizations using this system. Genelnsight Suite
allows clinicians to receive updates when new information on
previously unknown variantsis certified for clinical use.

Therearecritical differences between the proposed system and
Genelnsight. First, our system is designed as part of a central
national level EHR. In the United States, the architecture of
EHR systems is more federated. Both systems include a
knowledge base and applications for the end-users.

In Genel nsight, theinterpretation and reinterpretation of critical
variants are reported for clinical use. These interpretations do
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not involve external data, which is not included in the EMR.
But, in the proposed system, the clinical interpretation of SNP
data is divided into two sequential processes, that is the
conversion of CR-SNP into clinicogenomic associations, and
the clinical interpretation of them. Fina interpretation is
completed at the end-user application, and so it is possible to
use additional data for the risk prediction (environmental,
behavioral, etc). These processes are finalized based on
predictive models and automated analysis techniques.

Conclusions

Today, the health care systems are continuously evolving and
transforming under the influence of developmentsin technology
and globalization. A revolutionary paradigm shift is changing
the focus of medicine from the traditional provider-centric
approach to patient-centric personalized medicine. This
paradigm shift, dramatically transforms clinical processes,
medical education, and research in theory and practice. The
commissioning of new health services based on emerging
technologies (mobile health systems, pervasive applications,
environmental sensors, body area sensor networks, etc) also
dramatically supports these emerging trends.

But in the light of the literature on personalized medicine, we
can argue that the area of biomedical informatics has not begun
to show its major effect on health care systems, and the major
shifting in health care practices is expected soon via genomic
technologies. When we look at the big picture, we can see the
emergence of evidence-based managed health care systemswith
knowledge discovery capabilities driven by big data and
knowledge infrastructures for sustainable, fair, and effective
care services.

In this respect, we consider that the next generation of health
information systems will be constructed based on tracking and
monitoring all aspects of individual health status through 24/7,
and implementing evidence-based recommendationsto empower
individuals. Today, most of the personal, behavioral, and
environmental datais not asubject of EMR/EHR, or even PHR
contents. Characteristics of most environmental and behavioral
data require frequent measurements and (nearly) continuous
tracking. And, possibly if we extend PHR content (with genomic
data) toward involving environmental and behavioral factors,
we can add value to disease risk assessment and prediction.

As we emphasized before, a national level manually curated
and accredited knowledge base isthe most important component
of evidence-based decision making. Based on this knowledge
base, collected risk datawill gain apredictive meaning, and any
new discovery in clinical sciences will be reflected for
individuals by the reinterpretation of collected data. At this
point, we need additional and improved analytic tools based on
genomic and environmental parameters. We aim to develop a
knowledge repository integrating some knowledge bases with
semantic technologies, and adding some automatic evaluation
techniques to make it easier to extract and manually curate
existing references for the domain experts.

Regarding the challenges facing health care systems, along with
the effective provision of public health services and associated
financial burdens, most of the important diseases are of a
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complex nature. In the pathogenesis of complex diseases, the
interaction of genetic and environmental factors has critical
importance, and ethnicity, race, and geographic factors may
play distinctive roles. Hence, it is necessary to have the
appropriate clinicogenomic information about the target
population. Clinical data, environmental factors, and family
health history are critical components, and there is a need to
study the relationships between these parameters and genomic
factors. Eventually, it will be required both to conduct
envirogenetic studies in order to acquire original data for
population, and to enhancethe NHIS-T datamodel for collecting
these types of data.

The omicsareaisnot only represented by genomic data, and in
the near future different types of omics data will be available
for the routine clinical practices, for example, transcriptomics,
proteomics, metabolomics, and epigenomics. Also, systems
medicine offers possibilitiesthat will increase the effectiveness
of risk prediction strategies.

In addition, we aim to enhance our system by integrating data
warehouses for research. With this capability, integrated
genomic and environmental datasets can also be used for clinical
research. We will extract the meaningful relationship patterns
via this system and, by using these patterns; we can calculate
therisksof groupswho have similar characteristics, for example,
family members or communities.

Beyan & Aydin Son

The major aim of our system is to provide true and actionable
information for patients and their family practitioners. Our
system will process collected data and return evidence-based
recommendations to the individuals to make them responsible
for their preferences and consegquences. The empowerment of
individuals to participate in their health care decisions is an
emerging trend in personalized medicine. At this point, we need
more curated information sources and visual representation
approaches intended for unprofessional individuals. Areas of
representation and reporting of clinicogenomic results should
focus on developing new approaches, techniques, and tools.

In the last 10 years, there has been a great effort to accomplish
a transformation to a national health care system based on
information technologies in Turkey. But yet, practical
applications of personal genomicsand itsintegration into health
care services are in its infancy, and studies about personalized
medicine are at the academic level.

Our architecture and prototype, which aim to incorporate
personal SNP datainto the NHIS-T, areasoin their preliminary
stage. However, we need additional vision, research, work, and
tools to extend our EHR capabilities for the future genome
enabled health care systems. We believe that our work will be
a starting point for a predictive and preemptive personalized
national health care system.
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Abstract

Background: Although health information exchanges (HIE) have existed since their introduction by President Bush in his 2004
State of the Union Address, and despite monetary incentives earmarked in 2009 by the health information technology for economic
and clinical health (HITECH) Act, adoption of HIE has been sparse in the United States. Research has been conducted to explore
the concept of HIE and its benefit to patients, but viable business plans for their existence are rare, and so far, no research has
been conducted on the dynamic nature of barriers over time.

Objective: The aim of this study is to map the barriers mentioned in the literature to illustrate the effect, if any, of barriers
discussed with respect to the HITECH Act from 2009 to the early months of 2014.

Methods: We conducted a systematic literature review from CINAHL, PubMed, and Google Scholar. The search criteria
primarily focused on studies. Each article was read by at least two of the authors, and afinal set was established for evaluation
(n=28).

Results: The 28 articles identified 16 barriers. Cost and efficiency/workflow were identified 15% and 13% of all instances of
barriers mentioned in literature, respectively. The years 2010 and 2011 were the most plentiful years when barriers were discussed,
with 75% and 69% of all barrierslisted, respectively.

Conclusions: The frequency of barriers mentioned in literature demonstrates the mindfulness of users, developers, and both
local and national government. The broad conclusion is that public policy masks the effects of some barriers, while revealing
others. However, a deleterious effect can be inferred when the public funds are exhausted. Public policy will need to lever
incentives to overcome many of the barriers such as cost and impediments to competition. Process improvement managers need
to optimize the efficiency of current practices at the point of care. Developers will need to work with users to ensure tools that
use HIE resources work into existing workflows.

(JMIR Med Inform 2014;2(2):€26) doi:10.2196/medinform.3625
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medical informatics; electronic health record (EHR); electronic medical records (EMR); health information technology (HIT);
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Introduction

Health Information Exchange (HIE) is not a new concept. It
was prioritized in a national agenda in the United States by
President Bush in 2004 [1]. Physicians understand and agree
with the altruistic benefit that HIE can enable [2], but many
barriers prevent its widespread adoption. Enterprise-wide
savings have full implementation range of $8.1-$77.8 hillion
[3,4] and a pay-back period as low as 2.1 years [5], but the
digointed nature of the health systemin the United States creates
adisconnect between long-term savings of payersand short-term
investment of providers. Many studies have examined the
barriersto adoption, but no research has examined these barriers
over time.

An HIE isthe electronic transfer of clinical and administrative
information [3], across diverse and often competing health care
organizations [2], at the state or regional levels[6], delivering
the right information to the right person at the right time. The
use of HIE networks has the potential to reduce up to 18% of
patient safety errors generally and as many as 70% of
preventable adverse drug events across the care continuum [7].
The HIE concept has the potential to reduce health care costs
inthe United States through areduction in unnecessary medical
tests and procedures, by improving communication about
patients’ latest medication regimens, laboratory test results, and
diagnostic procedures [7]. The HIE concept aso has the
potential to improve infection control practice. For example,
Kho et a found that acrossalarge metropolitan area, 286 unique
patients generated 587 admissions accounting for 4335 inpatient
days where the receiving hospital was not aware of the prior
history of methicillin-resistant Staphylococcusaureus(MRSA)

[8].

The Ingtitute of Medicine (IOM) determined that automation
of clinical datathrough electronic methodswould result in better
patient care [8]. What followed in 2004, was Executive Order
13335 which set agoal to fully adopt electronic health records
(EHR) within ten years [1]. Within a short amount of time,
several HIEs, under both public and private funding, appeared
on the health care landscape in the United States. There was no
standard for an organization that enabled the exchange, or the
exchange itself. Lack of standards continues today, which
enablesinnovation in design, but also does not help new startup
initiatives start with a successful model. Studies demonstrated
the advantages to the concept of health information exchange:
cost, quality, safety, better patient care, fewer repeat tests,
reduced readmissions, and the ability to identify “ drug hoppers”
[1-5]. The HIE is defined in concept, as in the previous
paragraph, but not in design.

In the first few years after President Bush's Executive Order,
most HIEs initiated had failed due to their own fiscal weight
and the absence of a viable business plan. Barriers to adoption
were listed in the literature: lack of a viable business plan to
sustain the HIE and acceptance by providers and patients [6],
privacy/security concerns[8,9], usability [10], lack of technical
support or technology gaps [9,10], missing data [11,12],
disruption of workflow [9,10,12], startup costsfrom public and

http://medinform.jmir.org/2014/2/e26/
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private dollars[13,14], lack of experiencein the concept of HIE,
and interference with competition [14].

In 2009 the United States Congress passed the Health
Information Technology for Economic and Clinical Health
(HITECH) Act, as part of the American Recovery and
Reinvestment Act (ARRA), which earmarked $19.2 hillion as
incentives for providers to adopt the EHR and to participate in
HIE [1]. The National Coordinator for Health Information
Technology (ONC) created the State HIE Cooperative
Agreement Program which sponsored public grants specifically
for the startup of HIEs and Regiona Heath Information
Organizations (RHIOs). States were encouraged to match the
federal dollars to also incentivize the HIE concept. The intent
was to help new HIE initiatives overcome the initial fiscal
problems until the concept of HIE was accepted and supported
in the health care community. The act also enables the
comingling of private and public funds because the public
money was issued as a grant. Private organizations interested
in the pursuit of an exchange could augment their own budget
with public grant money to provide an advantageous fiscal
position not previously available.

The HITECH Act promotes the electronic exchange of clinical
health data across organi zations with the expectation that access
to comprehensive patient information will help clinica
decision-making. Once again, the federal government defined
what the HIE should do, but stopped short of defining how it
should be done. There is general agreement that access to a
patient’s medical record at the point of care will help to avoid
duplicative tests, increase administrative efficiency, improve
disease management, and ultimately result in cost savings.
Interoperable health information may aso help to identify and
avoid medication complications, thus increasing patient care
and safety. However, the fragmented health system in the United
States presents many structural, economic, and cultural
challengesto achieving arobust environment of electronic data
exchange [4].

Inlight of federal effortsto facilitate the adoption of EHRs and
formation of HIEs, the ONC, under the auspices of the
Department of Health and Human Services, tracks EHR adoption
rates for office-based providers and hospitals on its Health IT
Dashboard. In 2008, 17% of office-based providersused abasic
EHR, increasing to 40% in 2012. Similarly, in 2008, 13% of
hospitals implemented a basic EHR, growing to 56% in 2012.
A basic EHR includes patient demographics, patient problem
lists, medication histories, clinical notes, electronic orders for
prescriptions, laboratory results, and imaging results [15]. In
regard to the advancement of HIES, the 2013 e-Health Initiative
Survey on Health Data Exchange identified 84 data exchange
initiatives out of 315 that are at advanced stages of operation
and thus able to support data exchange. This represents an
increase from 57 advanced initiatives in 2011. Growth trends
indicate a positive rel ationship between EHR adoption and HIES
with exchange capacity [16].

However, it is important to note the distinction between HIE
capacity to exchange datafrom the actual rates of dataexchange
by providers and health organizations. The absence of aviable
business plan or standard organizational structure of the
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exchange may have caused the rate of exchange to be lower
than desired. A recent study identified similar growth in
hospitals exchange of health information with other entities.
Exchange rates to providers outside the hospital’s organization
were 41% in 2008 and increased to 58% in 2012. In contrast,
data on HIE utilization rates among office-based providers is
more limited to narrower studies that focus on specific
specialties, user types, and geographic regions [17].

Although research has analyzed the EHR, HIE, and barriers to
adoption of both, no study mapsthe barriersreported over time.
Thisgap in the literature provides the basisfor this article. The
aim of thisstudy isto examinethe frequency of barriersaslisted
in published material from PubMed (MedLine), CINAHL, and
Google Scholar. From this analysis, a data map over time is
devel oped to better understand the dynamic nature of the results.
The results of this study enable future researchers to develop
empirical models and policy makers to exploit the successful
leversthat generate a desired result.

Methods

Search terms were selected based on the experience of the
authorsinthefield of health care administration. Thetime-frame

http://medinform.jmir.org/2014/2/e26/
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for the literature review of 1993-2014 was selected out of
convenience. It was assumed that two decades would be
sufficient to capture trends. The years under study were Jan
2009-Mar 2014. This span was chosen because of theincentives
(grants) enabled by the ARRA, and also a concentrated study
on these years was expected to enhance the results.

Figure 1 illustrates the literature review process that identified
sources consisting of empirical studies, articles, editorials,
commentaries, opinion papers, organizational theories, and text
books. The window of time for this study eliminated 1528
records. Focusing on studies, full-text, English, academic
journals, and eliminating duplicates resulted in the removal of
an additional 1532 records. After 27 articleswereidentified and
reviewed, one additional articlewas selected from the references
of multiple studies. The final sample was 28.

There were no human subjects in this study; all information
came from secondary data sources. The studies used in this
research were sources that were publically available, and the
subjects could not be identified either directly or through
identifiers linked to the subject. This qualifies under “exempt”
statusin 45 CFR 46. Therefore, IRB review was not required,
and consent from subjects wasirrelevant.
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Figure 1. Theliterature review process.
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Results

Table 1illustrates the results organized by by the year in which
the literature was published. This table lists the associated
number, synchronized with the references section, the journal
publishing the article, the associated method, and the barriers
listed. For example, Rudin R et a. identified an inequity between
providers of the information and others (in disparate
organizations) that benefit from the presence of theinformation.
Thiswas categorized into the barrier of “impedes competition”
[12]. Patel V et d identified an inequity of those who pay for
participation in the HIE and those who benefit, such as the
patient. This was categorized as both “impedes competition”
and “misaligned incentives’ [13]. Numbers in the column
labeled “Art#” arenot in order because the articlewas also used
in the literature review, and the authors wanted to synchronize
thelist of articlesin this study with its references section.

The authors categorized the barriers into 16 common themes,
and listed in parenthesesthe barrier interpreted from the studies
results. A total of 28 articles identified 16 unique barriers.
Barriersare listed in the order of most identified. The numbers

http://medinform.jmir.org/2014/2/e26/

in each column correspond to the study itself, synchronized
with the references. Three articles in Table 1 list the numbers
in italics. These articles were literature reviews. The authors
chose to include these studies for reasons of consistency and
reliability.

The number of articlesidentified and reviewed from 2009-2014
were 1, 5, 7, 7, 7, and 1, respectively, while the number of
barriers listed from 2009-2014 were 2, 12, 11, 8, 7, and 2,
respectively. In 2009, the only barriers listed were cost and
physician resistance [4]. In 2010, the 12 barriers were: cost,
efficiency/workflow, lack of technical support/technology gap,
impedes competition, value of HIE is difficult to measure,
privacy/security, usability, heavily dependent on leadership of
the organization, liability, physician resistance, decreases
quality, and increases error [2,10,18-20]. In 2011, the 11 barriers
listed were: cost, efficiency/workflow, lack of technical
support/technology gap, impedes competition, value of HIE is
difficult to measure, privacy/security, clinical datamissing when
needed, usability, heavily dependent on leadership of the
organization, liability, misaligned incentives [12,13,21-25]. In
2012, the 8 barrierslisted were: cost, efficiency/workflow, lack
of technical support/technology gap, impedes competition, value
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of HIE is difficult to measure, privacy/security, clinical data
missing when needed, and liability [14,26-31]. In 2013, the
barriers listed were cost, efficiency/workflow, impedes
competition, value of HIE is difficult to measure, clinical data
missing when needed, usability, heavily dependent on leadership
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of the organization, lack of standards, and misaligned incentives
[32-38]. In 2014, the two barriers listed were
efficiency/workflow and usability [39]. Table 2 organizes the
barrierslisted intheliterature by the year in which theliterature
was published.
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Table 1. Studies and barriersidentified.

Kruse et a

Art # Study Date Barriers

4 Adler-Milstein J, Bates DW, Jha AK. Regional Health Information Orga- 2009 viable business model, failure to obtain sufficient
nizations: progress and challenges participation, cost

2 Fontaine P, Ross SE, Zink T, Schilling LM. Systematic review of health 2010 cost, security and privacy issues, liability, leader-
information exchange in primary care practices ship, strategic planning, and competition, technical

gap

7 Vest J, Gamm L. More than just aquestion of technology: Factorsrelated 2010 cost, competition, privacy concerns, legal liability
to hospitals’ adoption and implementation of health information exchange

10 Ross SE, Schilling LM, Fernald DH, Davidson AJ, West DR. Hedlthin- 2010 cost, workflow, tech support, competition, non-
formation exchange in small-to-medium sized family medicine practices: solidarity, usability
motivators, barriers, and potential facilitators of adoption

11 Tham E, Ross SE, Méllis BK, Beaty BL, Schilling LM, Davidson AJ. In- 2010 missing data
terest in health information exchange in ambulatory care: a statewide
survey

18 Wright A, Soran C, Jenter C. Physician attitudestoward health information 2010 privacy, difficulty to assess value of HIE
exchange: results of a statewide survey

19 Dixon B, Zafar J. A framework for evaluating the costs, effort, and value 2010 technology gap
of nationwide health information exchange

12 Rudin R, Volk L, Simon S, Bates D. What affects clinicians' usage of 2011 gaps in data, workflow, usability, billing (cost),
health information exchange inequity between providers of information and

those who benefit from theinformation (competi-
tion)

13 Patel V, Abramson EL, Edwards A, Malhotra S, Kaushal R. Physicians' 2011 costs, tech support, inequity of those who pay ,
potential use and preferences related to health information exchange and those who benefit (impedes competition and

misaligned incentives), workflow, usability

20 Joshi JK. Clinical Value-Add for Health Information Exchange (HIE) 2011 quality of care, effect on patients, cost, error, or-

ganizational efficiency, acceptance by physicians
and patients.

21 Korst LM, Aydin CE, Signer M, Fink A. Hospital readinessfor health 2011 strong leadership, tech support, value of data
information exchange: Devel opment of metrics associated with successful
collaboration for quality improvement

22 Adler-Milstein J, Bates DW, Jha AK. A survey of health information ex- 2011 cost, leadership, lack of value
change organizations in the United States: implications for meaningful
use

23 Lluch M. Health care professionals organisational barriersto healthinfor- 2011 structure of health care organi zations (ownership),
mation technologies-A literature review tasks (workflow), people policies (liability), incen-

tives (cost), information and decision processes
(tech support)

24 Gadd CS, Ho Y X, CalaCM, Blakemore D, Chen Q, Frisse M, Johnson 2011 not user-friendly (efficiency), need additional tech
K. User perspectives on the usability of aregiona health information ex- support, data incomplete (data missing when
change needed)

25 Hincapie AL, Warholak TL, Murcko AC, Slack M, Malone DC. Physi- 2011 lack of value, technology gaps, gapsin data
cians' opinions of a health information exchange

14 Pevnick J, Claver M, Dobalian A, Asch S, Stutman H, TominesA, FUR. 2012 legal concerns (liability), data security, costs,
Provider stakeholders' perceived benefit from anascent health information competition, bureaucracy (efficiency)
exchange: A quditative analysis

26 Williams C, Mostashari F, Mertz K, Hogin E, Atwal P Fromthe ONC: 2012 tracking source of information (missing data),
The strategy for advancing the exchange of health information patient matching (privacy), workflow, liability

27 Steward W, Koester K, Collins A, MyersJ. Theessential role of reconfig- 2012 cost, technology gap, value, workflow
uration capabilitiesin theimplementation of HIV-related health information
exchanges

28 Deas TM, Solomon MR. Hesalth information exchange: foundation for 2012 cogt, difficult to place value on HIE, missing data
better care (Perspectives)

29 Kralewski JE, Zink T, Boyle R. Factors Influencing Electronic Clinical 2012 cost, lack of value, competition, technology gap,

Information Exchange in Small Medical Group Practices

privacy
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Art # Study Date Barriers

30 Myers JJ, Koester KA, Chakravarty D, Pearson C, Maiorana A, Shade S, 2012 usefulness (value), difficulty of interaction with
Steward W. Perceptions regarding the ease of use and usefulness of health HIE (tech support), workflow
information exchange systems among medical providers, case managers
and nonclinical staff membersworkingin HIV care and community settings

31 Vest J, Jasperson JS. How are Health Professionals Using Health Informa- 2012 effectiveness of Master Patient Index (MPI) (pri-
tion Exchange Systems? Measuring Usage for Evaluation and System vacy), tech support
Improvement

32 Adler-Milstein J, Bates DW, Jha AK. Operational Health Information 2013 cost, provider payswhile payer benefits, difficult
Exchanges show substantial growth, but long-term funding remains a to measure value
concern

33 Dixon BE, Jones JF, Grannis SJ. Infection preventionists awarenessof 2013 lack of awareness, decision support (workflow),
and engagement in health information exchange to improve public health usability, interoperability (standards), missing
surveillance data

34 Furukawa MF, Patel V, Charles D, Swain M, Mostashari F. Hospital 2013 limited interoperability (standards), competition,
electronic health information exchange grew substantially in 2008-12 cost

35 Campion T, Edwards A, Johnson S, Kaushal R. Health informationex- 2013 workflow
change system usage patterns in three communities. practice sites, users,
patients, and data

36 Miller A, Tucker C. Health information exchange, systemssizeand infor- 2013 standards, competition
mation silos

37 Ben-Assuli O, Shabtial, Leshno M. The impact of EHR and HIEonre- 2013 costs, missing data, decision making (workflow),
ducing avoidable admissions. controlling main differential diagnosis leadership, competition

38 Vest JR, Campion TR, Kausha R. Challenges, Alternatives, and Pathsto 2013 cost, lack of value, competition
Sustainability for Health Information Exchange Efforts

39 Thorn SA, Carter MA, Bailey JE. Emergency Physicians Perspectiveson 2014 workflow, usability

Their Use of Health Information Exchange
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Table 2. Barriers by the year published.

Kruse et a

Barriers 2009 2010 2011 2012 2013 2014 Instances of the
barrier

Cost 4 2,10,20 12,13, 22,23 27,28,29 32,34,37,38 15 15%

Efficiency/workflow 10, 20 13, 23,24 14, 26,27, 33,35,37 39 13 13%
30

Lack of technical support/tech gap 2,10,19 12,13,21,23,24, 27,29, 30, 13 13%

25 31

Impedes competition 2,10 12,13 14,28 34, 36, 37, 38 10 10%

Value of HIE isdifficult to measure 18 21,22,25 27,28,29, 32,38 10 10%
30

Privacy/security concerns 2,18 23 14, 26, 29, 7 7%
31

Clinical data missing when needed 12, 24,25 26, 28 33 6 6%

Usability 10 12,13 33 39 5 5%

Heavily dependent on leadership of 2 21,22 37 4 4%

the organization

Liability concerns 2 23 14, 26 4 4%

Lack of standards 33,34, 36 3 3%

Physician resistance 4 20 2 2%

Misaligned incentives 13 32 2 2%

Decreases quality 20 1 1%

Increases error 20 1 1%

Lack of awareness 33 1 1%

#barriers (n=16) 2, 13% 12, 75% 11, 69% 8, 50% 10, 63% 2,13% 97

#articles(n=28) 1, 4% 5, 18% 7, 25% 7, 25% 7,25% 1, 4%

In 2009, only 2 out of 16 barriers (13%) were listed by only 1
of 28 articles (4%). In 2010, 12 of 16 barriers (75%) werelisted
by 5 out of 28 articles (18%). In 2011, 11 of 16 barriers (69%)
were listed by 7 of 28 articles (25%). In 2012, 8 of 16 barriers
(50%) were listed by 7 of 28 articles (25%). In 2013, 7 out of
16 barriers (44%) werelisted by 7 of 28 articles (25%). In 2014,
2 of 16 barriers (13%) were listed by only 1 of 28 articles (4%).

The barrier of cost was listed in the 2011 literature four times;
oneof whichwasaliterature review. Cost waslisted in the 2013
literature four times, the 2010 and 2012 literature three times,
andin 2009 only once; in 2010-2012 one articlewasaliterature
review. If literature reviews were removed from the analysis,
there would be a general increase in frequency of the barrier
cost. From 2009-2014, the barrier “cost” was listed 15 of 97
instances (15%), “ efficiency/workflow” and “lack of technology
support / technology gap” werelisted 13 of 97 instances (13%),
“impedes competition,” and “value of HIE is difficult to
measure” were identified 10 of 97 instances (10%),
“privacy/security issues’ was listed 7 of 97 instances (7%),
“clinical data missing” was listed 6 of 97 instances (6%),
“usability” waslisted 5 of 97 instances (5%), “ heavily dependent
on leadership” and “liability” werelisted 4 of 97 instances (4%),
“lack of standards’ waslisted 3 of 97 instances (3%), “ physician
resistance” and “misaligned incentives’ were listed 2 of 97
instances (2%), “ decreases quality,” “increaseserror,” and “lack
of awareness’ wereeach listed 1 of 97 instances (1%). Theyear

http://medinform.jmir.org/2014/2/e26/

2010 reveded the greatest quantity of barrierslisted (75%) and
the years 2011-2013 tied for the number of articles published
with barriers (25%).

Discussion

The concern of cost is discussed consistently in the literature,
mostly with the concern of “no viable business plan” listed as
the reason. This is not surprising. Very little participation in
HIEsoccurred prior to the ARRA in 2009, and most folded due
to alack of funding. The HITECH Act provided seed money,
and the federal government asked the states to match or
significantly contribute to the establishment of HIESs throughout
the country. The stimulus money evaporates in 2014. By the
end of 2014, HIEswill either develop a viable business plan or
close their activities.

The second most consistent barriers discussed were
efficiency/workflow, impedes competition, and value difficult
to measure. These barriers were discussed four of the six years
analyzed. The concept of participation in the HIE is intended
to provide better quality care, but it makes no promises of
efficiency. The concern that HIE participation will impede
competition is concerning because it flies in the face of the
altruistic nature of health care. Thisfactor may be uniquein the
United States due to the competitive nature of the health care
industry, the philosophy of health care as a privilege, and the
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nonholistic definition of medicine that focuses on the
identification and treatment of disease rather than promotion
of overall health. Those health care organizations that treat
Center for Medicaid and Medicare Services (CM S) beneficiaries
submit for reimbursement based on diagnosis, which implies
the presence of disease. The difficult nature of measuring the
benefit of HIE is also not surprising. The use of HIE resources
would not manifest itself in an obvious improvement of care;
instead, the use of HIE would most likely result in fewer tests,
for those that require tests, and the decrease of drug abuse for
those who “shop” for controlled medications by frequent
visitation of disparate emergency departments. The cost of
participating in the HIE may indeed be more than the cost of
duplicating the tests. In this regard, difficulty in measuring the
value of the HIE may also point to the issue of cost.

The technical aspect of HIE was also listed frequently. Thisis
an interesting item to be listed as a barrier which should have
been addressed by the HITECH Act with the establishment of
the Regional Extension Centers (RECs). These RECs provide
technical support specifically to organizations transitioning to
electronic health records and those interested in participating
inan HIE. Thefrequency of thisbarrier dropped off after 2011,
which could be a result of inter-organizational relationships
being established with the operation of the RECs.

Privacy/security concerns is also not surprising. The Health
Information Portability and Accountability Act (HIPAA) of
1996 creates an atmosphere of hypersensitivity for patient
privacy and the security of health related information. An
interesting observation is that the barrier “lack of standards”
did not appear in the literature until 2013. Thisbarrier could be
accounted for by awareness, but the barrier “lack of awareness’
also did not surface until the same year, although with only one
third the frequency. Logically, an increase of awareness would
result in an increase of standards development which should
decrease the concern of privacy/security. The frequency of
privacy/security did drop off after 2012, which might be
indicative of the latter logic trail.

A limitation of this study is that it analyzes the frequency of
barriers based on the year in which the articles were published,
but it does not evaluate the year in which data were
collected/analyzed. The editorial process varies by journal and
quality of theinitia draft. This could add 6 months or more to
the publication process. A deeper analysis of the data-collection
aspect of each article could make the focus of a future study.
Another limitation isthat the publication processwill decay the
internal validity of the study; for instance, more material will
be published in 2014 during the editing/reviewing process that
could contribute to the study.

Theinternal validity of this study seems otherwise sound. The
inclusion of other literature reviews illustrates the exhaustive
nature of the barriers mentioned. The only exception is the
literature review by Joshi et al [20]. This article was published
in 2010, but it could have easily focused on barriers mentioned

Kruse et a

prior to 2009, which was the earliest inclusion criteria for this
study.

The external validity of this literature review seems strong.
Studies included in this review included countries external to
the United States; however, barriers in these countries might
be juxtaposed to those in the United States due to the
competitive nature of the health care industry in the United
States.

The frequency of the barrier “cost” may identify problemsin
the future. By the end of 2014, federal fundsfor HIE initiatives
will cease, which could cause the number of HIEsin the United
States to plummet due to the lack of viable business plans. If
the United States wants to ensure the longevity of HIEs in the
country, it may need to lever additional incentives aimed at
providers, or require health plans to contribute to the HIE
programs. This raises several policy issues for the government
to consider. Master patient indicesat HIEswill only be effective
if common data standards are in place across the nation.

The frequency of the barrier “efficiency/workflow” may be
indicative of waste in the process of exchanging clinical data.
Process improvement managers, or those familiar with Lean
practices, need to map existing processes and take steps to
eliminate wasted steps or procedures. By optimizing the process
at the point of care, providers can feel confident that existing
workflow procedures are efficient. If tools used to access data
through HIEs are part of an inefficient process, the tools will
simply transform them into expensive inefficient processes.

Additional measures could be taken by developersto aleviate
the barrier “efficiency/workflow.” Developers should increase
their efforts to collect user needs and established workflows of
users. Additional efforts at this step of software development
could ensure ease of use for tools that access and contribute to
HIE resources. These tools should be integrated into existing
workflows, and the tool s should be easily navigable. Accessing
datathrough HIE should augment the effectiveness of care, and
should not decrease the efficiency of care. The absence of
concerns about privacy and security may only indicate the steady
state of expectations of the same.

To address the barrier “lack of technical support,” managers at
RECs should focus closely on the local HIE efforts and reach
out to the corresponding Regional Heath Information
Organizations (RHIOs). The RECs should help organizations
realize improvements in both efficiency and effectiveness
through the use of HIES. The managers at Regional Health
Information Organizations (RHIOs) should realize that the
services that they provide should not take any longer to access
than the repeated tests that the HIEs are supposed to mitigate.
Managers at RHIOs should also reach out to senior leadership
at organizations that could participate in HIEs to win their
confidence. Once senior leadership is convinced of the value
of HIE, our nations should see additional participation and
inter-organizational trust that would overcome competitive
environments.
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Abstract

Background: Much attention has been given to the proposition that the exchange of health information as an act, and health
information exchange (HIE), asan entity, are critical components of aframework for health care change, yet little has been studied
to understand the value proposition of implementing HIE with a statewide HIE. Such an organization facilitates the exchange of
health information across disparate systems, thus following patients as they move across different care settings and encounters,
whether or not they share an organizational affiliation. A sociotechnical systems approach and an interorganizational systems
framework were used to examine implementation of a health system electronic medical record (EMR) system onto a statewide
HIE, under a cooperative agreement with the Office of the National Coordinator for Health Information Technology, and its
collaborating organizations.

Objective: The objective of the study was to focus on the implementation of a health system onto a statewide HIE; provide
insight into the technical, organizational, and governance aspects of alarge private health system and the Virginia statewide HIE
(organizations with the shared goal of exchanging health information); and to understand the organizational motivations and
value propositions apparent during HIE implementation.

Methods: We used a formative evaluation methodology to investigate the first implementation of a health system onto the
statewide HIE. Qualitative methods (direct observation, 36 hours), informal information gathering, semistructured interviews
(N=12), and document analysiswere used to gather data between August 12, 2012 and June 24, 2013. Derived from sociotechnical
concepts, a Blended Val ue Collaboration Enactment Framework guided the data gathering and analysisto understand organi zational
stakeholders' perspectives across technical, organizational, and governance dimensions.

Results: Several challenges, successes, and lessons learned during the implementation of a health system to the statewide HIE
were found. The most significant perceived success was accomplishing the implementation, although many interviewees also
underscored the value of a project champion with decision-making power. In terms of lessons learned, socia reasons were found
to be very significant motivators for early implementation, frequently outweighing economic motivations. It was clear that
understanding the guides early in the project would have mitigated some of the challengesthat emerged, and early communication
with the electronic health record vendor so that they have a solid understanding of the undertaking was critical. An HIE
implementations evaluation framework was found to be useful for assessing challenges, motivations, value propositions for
participating, and success factors to consider for future implementations.

Conclusions: This case study illuminates five critical success factors for implementation of a health system onto a statewide

HIE. This study also reveals that organizations have varied motivations and value proposition perceptions for engaging in the
exchange of health information, few of which, at the early stages, are economically driven.
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Introduction

Investing in Health Information Technology

The Health Information Technol ogy for Economic and Clinical
Health, HITECH, Act, enacted as part of the American Recovery
and Reinvestment Act of 2009, set a national goa of investing
in health information technology to improve health care delivery.
To meet thisgoal, the el ectronic exchange of health information
between providersis essential to ensure coordinated, efficient,
and quality care. This exchange can be accomplished through
variouslocal, regional, or statewide organizationsthat build the
infrastructure to facilitate secure health information exchange
(HIE); the federal government has aready entered into
cooperative agreements with 56 states and territories to fund
infrastructure to enable these efforts[1]. HIE is a complex and
emergent system of structures and actions, which variesin scope
and scale. The current study discusses HIE as both the act of
exchanging health information between two collaborating
organizations, and the entity that facilitates such exchange. The
goal of this study, which focuses on the implementation of HIE
as an interorganizationa health care system, is to understand
the organizational motivations and val ue propositions apparent
during HIE implementation. These value propositions are
analyzed through an interorganizationa system (10S)
information technology (IT) governance lensthat considersthe
technical, organizational, and governance dimensions of HIE
value. We apply the framework to: (1) evaluate HIE
implementation challenges, successes, and lessons|earned; and
(2) extract val ue propositions across organi zational stakeholders.

Health I nfor mation Exchange

Much attention has been given to the proposition that the
exchange of health information is a critical component of a
framework for health care change, the Triple Aim being: (1)
better patient experiences through quality and satisfaction; (2)
better health outcomes of populations; and (3) reduction of per
capita cost of health care [2]. These changes will rely on
organizational entitiesthat have entered cooperative agreements
with thefederal government to providetechnical infrastructure,
organizational structure, and governance mechanisms for
completing the act of HIE [1]. The act of HIE, described various
ways in the literature, can be conducted across affiliated
physicians’ offices, hospitals, and clinics; or can occur between
completely disparate systems|[3,4]. HIE across disparate systems
allows clinical information to follow patients as they move
across different care settings, whether or not they share an
organizational affiliation. For example, this might include a
hospital or health system connected to an HIE network that is,
in turn, connected to several for-profit and not-for-profit
competing hospitals or health systems networks. On a broad
scale, this type of HIE holds great promise for achieving the
Triple Aim goals.

http://medinform.jmir.org/2014/2/€19/

Health Infor mation Exchange Benefitsand Challenges

Theimplementation and use of HIE technology haveinfluenced
patient care by allowing providers direct access to health
information, reducing time to obtain health information, and
increasing providers awareness of patient interactions with the
health care system [5]. The benefits and challenges of HIE have
been studied in prior research. Regarding patient experiences,
previous studies have found improved coordination of care and
enhanced patient health outcomesfor human immunodeficiency
virus patients [6], higher patient satisfaction [7], informed
patient care[8], efficient care[8], and positive patient perception
of impact on care coordination [9]. However, others have found
that the benefits of HIE in relation to patient outcomes are
limited [10Q].

From abroader provider and patient perspective, timely sharing
of apatient’s clinical information can improve the accuracy of
diagnoses, reduce the number of duplicative tests, prevent
hospital readmissions, and prevent medication errors[3,11,12].
From a public health perspective, the exchange of heath
information hasfostered positive relationships with public health
agencies [13], improved public health surveillance [14], and
increased the efficiency and quality of public health reporting
[15].

Though the theoretical casefor HIE on reducing the utilization
and cost of health care services is compelling and has received
a great dea of emphasis [16], empirical evidence is till
inconclusive [17,18]. This may reflect the nascent nature of
HIE, especially between disparate systems, and the fact that
these systems and the context are complex and emergent. For
example, HIE has faced challenges like those of other new I T
initiatives, disparate and noninteroperable information
technologies [19,20]; a range of technical, work flow, and
organizational challenges to exchanging information [17,21];
and a variety of governance challenges [22,23]. Yet the HIEs
that have continued to operate have done so with evolving and
maturing technical, organizational, and governance structures
[24-27].

Still, much more research is needed to understand HIE, how it
operates, what factors contribute to success, and even how
success should be defined. At this early phase of HIE
development and implementation, it is important to study the
system and its context to improve upon existing methods, tools,
and frameworks. This study investigates the value of HIE from
an IT implementation perspective. Specificaly, it asks what
motivations, challenges, and successes |ead to valuerealization
across organizations working together to on-board to a state
HIE? The sociotechnical systems (STS) approach of this study
appliesan 10S framework devel oped through previous work to
understand blended value across participating organizations.
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Sociotechnical Systems Approach

An STS approach examines social/community links to the
technical [28]. STSdesign includes several levelsof abstraction
including mechanical (hardware), informational (software),
psychological (person), and socia (community). Such an
inclusive approach is aimed at understanding interdependent
linkages between increasingly complex socia and technol ogical
components. Working together, these components consider
social motivations and accomplish a set of social goals that
otherwise would not be realized.

The highest-order social benefit (human life) of health
information sharing are stated quite succinctly by Porter and
Teisburg [29], “The socia benefits of results information will
be even greater in health care than in the financial markets,
because the physical well being of Americansisat stake.” Socia
value factorsinclude the range of intangible and actor-based or
organizational considerations that contribute to collaboration
success. Furthermore, two studies almost 20 years apart suggest
that successful IT project advancement is frequently associated
with social eements [30,31]. In his book on infrastructure
delivery in public-private collaborations, Mody [32] drawsfrom
therailway and transportation systems exampl esto suggest that
socia considerations, such as being able to deliver goods and
information to the right place at the right time, might exceed
those of economic returns and could exert greater significant
pressure.

Therefore, examination of the social motivations and benefits
deserve to be considered in a different light than a customary
return on investment model commonly considered ininformation
exchangein the businessworld. Thisblended value proposition
has been defined as the combination of social and economic
value used to maximize total returns where “the core nature of
investment and return is not a tradeoff between social and
financial interest, but rather the pursuit of an embedded value
proposition composed of both” [33]. Emerson [33] continues,

Societies cannot function strictly on the basis of their
economic enterprise. Itissocial commercethat allows
individuals and institutions to pursue the traditional
financial returns sought by mainstream financial
capital market players. [J Emerson]

An STS approach, which focuses on systems that are both
technologically sound and socially sustainable [34], has been
applied to the study of HIE because of the multiple
organizations, user types, hardware and software technologies,
and sociopolitical motivations and goals involved in its
composition. Though relatively few studies have examined an
HIE network in operation, a sociotechnical approach was
previously applied and shown to be appropriate to the study of
HIE [5].

I nterorganizational Systems | mplementations

An 10S is an IT-based system shared by two or more
independent organizations[35]. Prior research on | OSsfocused
on the cross-organizational features of an STS [35,36]. While
the implementation of 10S has been studied for decades across
awide array of industries, few studies have addressed health
care, and fewer still have addressed HIE. 10S studies show the
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importance of: (1) learning from early adopters [37], and (2)
evaluating the process of implementation to understand |essons
learned and the real and perceived value of an 10S [38,39].

From Interorganizational System to Health
Infor mation Exchange I mplementations

Evaluations of information system collaboration require |ooking
beyond a single focus and attending to multiple dimensions
[40Q]. This perspective acknowledges that the collaboration of
multiple stakeholders may hold the potential to create something
new and better, aswell asto create public value [41]. Similarly,
a multidimensional perspective is required in evaluating the
exchange of health information [42].

Evaluations of HIE and the benefits and challenges of
exchanging health information have been studied in various
contexts. For example, a 2011 study suggested that US $2
million in uncompensated care cost recovery isachievable with
use of the nationwide HIE (now eHealth Exchange) as applied
to disability determination [43]; and a more recent study
estimated the resource utilization impacts resulting from using
eHealth Exchange for emergency department visits [44]. Yet,
few studies exist regarding the value of HIE at astatewide level.
While these economic findings are important and may drive a
sustainable 10S, understanding social value or motivation is
important to HIE implementation.

As states end their cooperative agreements with the federal
government, it ishel pful to understand the challenges, successes,
and lessons|learned from an early on-boarder or implementation.
While literature exists about information systems
implementations across variousindustries, littleis known about
health systemsimplementations between public-private entities
(eg, aprivate hospital and state HIE).

Theaim of this case study isto provideinsight into thetechnical,
organizational, and governance aspects of alarge private health
system (Inova Health System) and the Virginia statewide HIE
(ConnectVirginiaEXCHANGE), organizationswith the shared
goal of exchanging health information. In this case study, the
Blended Vaue Collaboration Enactment Framework, a
multidimensional value framework [45], discussed later in this
paper, provided a conceptua framework for evaluating the
implementation process by which an organization becomes
connected to a system to facilitate the exchange of information
(ie, on-boarding), the first, to our knowledge, on-boarding to
ConnectVirginia EXCHANGE.

Methods

Overview

The study design comprised direct observation, informal
information gathering, document analysis, and semistructured
interviews to study HIE implementation across technical,
organizational, and governance dimensions. The study assessed
thefirst, to our knowledge, on-boarding of ahealth care system
ontothe Virginiastatewide HIE, ConnectVirginiaEXCHANGE,
using a formative evaluation of the implementation phase of
the systems development life cycle. The study did not address
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the exchange of information, but rather the process of HIE
implementation.

Study Setting and Background

ConnectVirginia EXCHANGE

In March 2010, the Office of the National Coordinator for Health
IT (ONC) awarded state cooperative agreements to the states
and territories in the United States to develop infrastructure
supporting the electronic exchange of health information. At
that time, the Virginia Department of Health (VDH), the
state-designated entity for Virginia, was awarded US $11.6
million. In September 2011, Community Health Alliance (CHA)
was awarded a contract from VDH to build the Virginia
Statewide HIE, ConnectVirginia. The organization to
accomplish this statewide was subsequently initiated. Statewide
HIEs were required to enable information exchange using
standardized technologies, tools, and methods. Between
September 2011 and February 2014, ConnectVirginiadesigned,
tested, developed, and implemented three technical exchange
services. (1) ConnectVirginia DIRECT Messaging (a secure
messaging system), (2) ConnectVirginia EXCHANGE (the
focus of thisstudy), and (3) aPublic Health Reporting Pathway
(a pathway with VDH for public headth reporting).
ConnectVirginia EXCHANGE is a query/retrieve service in
which a deliberate query passively returns one or more
standardized continuity of care documents (CCDs; these provide
a means of sharing standardized health data between
organizations) from any other “system” on-boarded and
connected to ConnectVirginia. Thisstudy examinesand reports
on the first implementation to ConnectVirginia EXCHANGE
by Inova Health System (Inova).

Figurel. Evaluation timeline.

Weekly On-boarding
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Inova Health System

Inova [46] primarily serves the Northern Virginia and
Washington, DC, marketsand includesfive hospitalswith more
than 1700 licensed beds and 16,000 employees. This
comprehensive network of inpatient hospitals also includes
outpatient services and facilities, primary and speciaty care
physician practices, and health and wellness initiatives. The
inpatient facilities use a well known electronic health record
(EHR), and the affiliated outpatient practices have access to
that EHR. In keeping with Inova's vision to increase value for
patients and build an integrated network within and outside of
their own hospitals, Inova became the first node to on-board to
the ConnectVirginia EXCHANGE.

Electronic Health Record System

The EHR software involved in this study is primarily for
mid-size and large medical groups, hospitals, and integrated
health care organi zations spanning clinical, access, and revenue
functions. It provides an intranetwork data-sharing pathway
(this specific EHR to this specific EHR), as well as an external
data-sharing pathway (this specific EHR to a different EHR or
system). Use of the external data-sharing pathway isthe subject
of thisimplementation study.

Research Process

ConnectVirginiainitiated and managed the on-boarding process.
The on-boarding process for Inova began with a kick-off
meeting on August 2, 2012, and concluded with a test to
exchange el ectronic documents with ConnectVirginiaon April
26, 2013 (184 total workdays). Along with Inova and
ConnectVirginia, implementation involved two critical
subcontractors: (1) MEDfx (the software vendor for
ConnectVirginia), and (2) MedVirginia (the CCD content
consultant). Figure 1 shows the evaluation timeline.

August 2, 2012 August 2012- April 2013

For mative Evaluation of | nformation Systems
Implementations

To assess the HI E implementation process from the perspective
of an ST, this study used aformative evaluation methodol ogy.
Formative evaluations arewidely used in young and devel oping
initiatives to enable continuous improvement throughout the
development and implementation stages [47,48]. From a
practical perspective, thisapproach allows organizationsto learn
from past mistakes and develop better methods for assessing
success [42,48]. This methodology allowed researchers to
investigate the first implementation of ConnectVirginia
EXCHANGE for anew and emergent type of system (ie, HIE)
that is rapidly expanding across thousands of US health care
systems.

http://medinform.jmir.org/2014/2/€19/
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To study IT implementations, Cooper and Zmud [49] proposed
a diffusion process model of IT implementation that includes
factorsinfluencing implementation. Their model captures both
the process and its context, subcategorized into stages. For
example, their diffusion process model of IT implementation
proposes six stages: (1) initiation, (2) adoption, (3) adaptation,
(4) acceptance, (5) routinization, and (6) infusion. The present
HIE evaluation covers only the adoption and adaptation stages
of Cooper and Zmud's model, which include: (1) gaining
organizational backing for implementing IT applications, and
(2) developing and installing I T applications, and developing
and revising organizational policiesand proceduresfor ongoing
use of the I T applications. The classic system devel opment life
cycle recognizes four distinct implementation phases that can
be used in IT evaluations: (1) preimplementation, (2) during
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implementation, (3) postimplementation, and (4) routine
operation [42]. Evaluations such asthis study conducted on the
“during implementation” stage, use qualitative methodology
[47,48]. It has been suggested that eval uations during this stage
may be moreimportant than those providing proof of outcomes
[50Q], as the former can provide guidelines and lessons |earned
for others. The methods applied herein aim to extract valuable
measures, and disseminate lessons learned for other HIE
implementation efforts.

Information Technology | mplementation M easures

Evaluations of the exchange of hedth information can be
challenging [51], partly due to the lack of any single model for
HIE [50]. Implementation measures are generally chosen for
their value to stakeholders [52]. Evaluations should determine
not only how well a system works, but also how well it works
for particular usersin a particular setting [42].

Several measures have been applied to evaluations of IT
implementations. Categories span different level s of abstraction
including: (1) technical, (2) organizational, and (3) governance.
In prior research, implementation measures pertaining to both
technical and organizational dimensions included: (1) degree
and type of data usage [50,53-55], (2) level of complexity of
business processes [56], (3) completeness of information
[47,50,54], (4) resistance to change [56], (5) unintended
consequences [50,53], and (6) facilitators [47] and barriers
[47,50] to implementation. Organizational and governance
dimensions in implementations include: (1) communication
[47], (2) trust [47], (3) organizationa structure [53], (4)
sustainability [12,54,57,58], (5) roles and power relations
between participants [56], (6) levels of leadership commitment
[47], and (7) representativeness and motivations of stakeholders
[47,50,57].

The technical, organizational, and governance aspects of HIE,
aswell astheir interactions with each other; provide abasisfor
the evaluation measurements currently utilized [42]. These
measures were applied to the study of ConnectVirginia
EXCHANGE within the context of aprevioudy tested analytical
framework for HIE [43].

Analytical Framework

Enactment theory describes how people act within organizations
[59]. When people carry out an act, they take into account their
past experiences, events, and structures; determine a course of
action; and then set that courseinto action. Itisaform of social
construction. Fountain’stechnology enactment framework builds
on enactment theory and considers that technical factors and
organizational structuresare embedded within each collaborating
organization, and that the rel ationship between multiple factors
is critical [60]. Others have suggested that while technical
performance is a crucial element in any resulting information
exchange between organizations, successful interorganizational
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data exchanges freguently hinge on organizational and
governance factors [56,61-63]. However, other research notes
that motivational factors and context can be the true
underpinnings of collaboration [64,65]. Assuch, collaborations
for information exchange require organizations to look beyond
a single focus and give attention to multiple dimensions of
collaboration [40].

Based on the af orementioned work of Fountain, Schooley, and
Emerson, and because of its prior use and demonstrated utility
in ng multi-organizational HIE efforts, the Blended Value
Collaboration Enactment Framework was used to guide
implementation and evaluation [45] (Figure 2 shows this
framework). Framework development drew upon STS concepts
and frameworks. Its importance for this study is that the
framework: (1) considers each organizational stakeholder and
its respective social and economic motivationsfor participating
in HIE; (2) differentiates between technical, organizational, and
governance dimensions; and (3) focuses on determining value
propositions across stakehol ders. For this study, and within the
context of HIE, technical is defined as elements associated with
the system or infrastructure; organizational is defined as
elements associated with any and all of the stakeholders; and
governance is defined as elements associated with decision
making [45].

The above framework also considers the value proposition of
HIE across stakeholders, including the social and economic
motivations that |ead to a more successful and sustainable HIE.
A value proposition can be defined as the implicit promise of
mutual value to the organization and its customers and/or
partners[66]. For example, anin-depth case study of thefashion
industry found that interorganizational value propositions could
have both “hard” elements (economic gain, technological
mastery, etc) and “soft” elements (brand identity, trust
relationships, etc) [67]. Past research on HIE hasillustrated that
each stakeholder organization has its own value-driven
motivations for participating in the exchange of health
information, social including clinical (eg, “Isthistheright thing
to do for public health and wellness?’) versus economic (eg,
“How does this impact our financial bottom line?”).

The intended output of the Blended Vaue Collaboration
Enactment Framework isthe resulting system performance [45].
Since this study reports on the implementation of HIE and not
on its actua use (from which system performance would be
derived), the “output” section of Figure 2 has been modifiedin
Figure 3toreflect critical successfactors, asis more appropriate
for implementation studies [68]. The framework also proposes
that motivations and value propositions may change of over
time (T, and T, in Figure 2). This study investigates only the
implementation stage and does not evaluate how these
dimensions change over time. Therefore, only the unshaded
areas of the framework are germane to this analysis.
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Figure 2. Blended Value Collaboration Enactment Framework [45]. T1 and T2= changes over time.
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Figure 3. Blended Value Collaboration Enactment Framework. T1 and T2=changes over time.
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Observation, Informal Information Gathering, and
Document Analysis

Data collection took place August 2012-June 2013 by one of
the authors, who was the external evaluator to ConnectVirginia
and not part of the implementation team. A total of 36 hours of
observation of the on-boarding process occurred across planning,
coordination, implementation, and problem-solving meetings
held either in-person or viaconference calls. Each organization
was represented in each meeting, and the meetings provided an
environment for conducting informal information gathering.
Various documents, such as meeting notes and detailed meeting
minutes, were also analyzed.

Semistructured I nterviews

Quialitative methods were employed to understand how and why
the factors in each dimension contribute to or influence the
overall implementation and value derived. At the end of the
project (between May 8 and June 24, 2013), 12 60-minute,

http://medinform.jmir.org/2014/2/€19/

semistructured in-person interviews were conducted across the
five participating organizations (ConnectVirginia, MEDfX,
MedVirginia, EHR vendor, and Inova). Table 1 provides
additional details about the interviewees. Purposive sampling
was used to select interviewees based on: (1) their belonging
to one of the above-mentioned organizations, and (2) their
degree of participation in the on-boarding process. For example,
individuals who participated in the mgority of project manager
(PM), technical, or system testing meetings were invited for
interviews, and al invitees agreed to participate. Persons such
asconsumers of the exchanged hedlth information (ie, clinicians)
were not interviewed because, at the time of the study, there
was no routine exchange of information for real-world use.
Interviews were conducted by one of the authors with expertise
in conducting interviews, and who was also the external
evaluator to ConnectVirginiaand not part of theimplementation
team.

Interview questions were designed to develop a clearer picture
of the on-boarding process, to recreate the actual timeline, and
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to support information from calls, documents, and informal
information gathering. Table 2 provides asampling of interview
guestions. Not all questions were appropriate for all
interviewees, and therefore were not asked to all interviewees.

Table 1. Interviewee's by organization, position, and role.

Feldman et d

Likewise, if interviewees had in-depth knowledge of aparticular
process, secondary questions were asked that may or may not
have been used for other interviewees.

Organization Position

Role during implementation

ConnectVirginia Executive Director

PM
MEDfx Chief Operations Officer
PM
MedVirginia Chief Information Officer
Systems Analyst
EHR vendor Application Support Specialist (x3)
Inova Executive Vice President and Chief

Technology Officer

Senior Vice President and Chief Informa-

tion Officer
PM

Oversight

Daily operations management of the implementation
Oversight

Daily operations management of the implementation
Oversight

CCD content validation

Provided vendor support during the implementation

Oversight and internal champion

Oversight

Daily operations management of the implementation

Table 2. Sampleinterview questions.

Sample interview question types

Technical

What were theinitial technical processesinvolved in on-boarding to ConnectVirginia?

What technical advances and/or information could have streamlined the on-boarding process?

What technical challenges emerged and how were they addressed?

Were any technical “workarounds’ employed? If so, please explain.

What technical processes were particularly successful and why?

To what extent was the technical assistance that you received helpful ?

Please describe your current level of HIE (eg, within your organization, outside your organization, labs, etc).

Organizational

To what extent did organizational |eadership impact the on-boarding process?

What is the value proposition of on-boarding to ConnectVirginia?

What organizational challenges emerged and how were they addressed?

What is needed to have HIE become a standard of care?

What was particularly successful regarding organizational leadership?

Governance
What were the key elements of the governance structure within your organization for on-boarding to ConnectVirginia?
What governance structures do you see as vital for sustainability or growth of HIE across ConnectVirginia?
To what extent were on-boarding guides governing implementation useful, helpful, or challenging?
. rovided predefined coding categoriesfor critical successfactors
Data Analysis P b g caey

Interviews were transcribed verbatim and imported into
ATLASLi, aqualitative dataanalysis software application [69].
The Blended Value Collaboration Enactment Framework was
used to guidethe analysis. Each dimension from the framework
(technical, organizational, and governance) was used to provide
a predefined coding structure frame. The framework also

http://medinform.jmir.org/2014/2/€19/

and value proposition of the implementation (Figure 4 shows
thiscoding structure). Interview transcripts were coded and data
attributed to the appropriate category. Challenges, lessons
learned, and sustainability were not part of the predefined
categories; so new code categories were created. Data were
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coded and then checked by multiple researchers for interrater
reliability.

All interview data were analyzed to understand the challenges,
successes, and lessons | earned within each dimension (technical,
organizational, and governance) and within each collaborating
organization (ConnectVirginia, MEDfx, EHR vendor, and Inova)
of on-boarding to an HIE network (in this case ConnectVirginia

Feldman et d

EXCHANGE). Data were aso analyzed to gain insight into
issues that would provide meaningful information regarding
factors contributing to success, value, and sustainability. Using
ATLASLi, thiswas performed by comparing organizations and
codefamilies. For example, al stakeholder groupsand all codes
related to challenges were selected to compare stakeholder
positions relative to challenges. Data were then exported to
Excel to view freguencies.

Figure 4. Coding structure. CCD=continuity of care document, EHR=€lectronic health record.
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Results

L essons L earned

The lessons learned, as derived from the challenges and
successes, are summarized in Table 3 across technical,
organizational, and governance dimensions. Each subsequent
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subsection (technical, organizational, and governance) serves
to unpack those lessons learned in terms of challenges and
successes. Collectively, the findings not only provide a
retrospective account of Inova's efforts in on-boarding to
ConnectVirginia EXCHANGE, but also offer insights into
various other stakeholders for future on-boarding efforts.
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Table 3. Lessonslearned from challenges and successes by dimension (technical, organizational, and governance).

Lessons learned

Challenges

Successes

Technical

Organizationa

Governance

Determine the most efficient environment for testing,
decoupled from decision processes, actions, and depen-
dencies from other stakeholders.

Provide oversight and follow-up to increase technical
understanding of appropriate on-boarding guides across
all stakeholders.

Use an EHR system specific CCD for validation, not
avendor supplied CCD template.

Conduct testing and implementationin clearly commu-
nicated iterations.

Articulate goals and priorities with vendors.

Understand roles and required resources in order to
minimize time gaps and maximize efficiency.

Account for competing IT priorities across organiza-
tions.

Understand, communicate, and appreciate varying
stakeholder value proposition/motivations.

Ensure governanceisin place, including policies,
procedures, guidelines, and oversight across al orga-
nizations.

Obtain commitments from governance body early on

Willingness to devel op workarounds to unexpected software
challenges, such asincompatible EHR versions.

Gain commitment from implementation siteto set high prior-
ity on HIE implementation.

Participation of health system leadership.

Timely and accurate communication, especially by and be-
tween the HIE and the health system.

Allocate appropriate human resources at the outset.

Project champion possesses decision-making power, or, as
needed del egates appropriate decision making power to others.

to facilitate project continuity.

Technical Dimension

This on-boarding effort between Inova and ConnectVirginia
entailed a range of technical activities and coordination to
achieve success. There were four major chalenges: (1) the
testing environment, (2) the on-boarding guides, (3) the CCD,
and (4) the vendors, and various successes contributed to the
lessons |learned.

Challenges

The Testing Environment

Regarding the testing environment, many interviewees felt that
significant time early in implementation was spent determining
which Inova environment would be used for testing. Inova had
two environments capable of producing CCDs: (1) test, and (2)
proof of concept (POC); the latter is connected to the EHR
vendor’s connected network. Inova elected to use the POC
environment, which created work inefficiencies across Inova
and the EHR vendor. Analysis revealed the chalenge, every
time Inova wanted to conduct software tests, it required the
EHR vendor team to sign into POC, input scenarios, and start
the testing. The EHR vendor team considered these manual
steps as wasting time, which resulted in testing delays. An
interviewee discussed thisissue,

Had we chosen in the very beginning to use the test,
we would not have had any difficulty setting up test
patients to test in ConnectVirginia...[New
on-boarders] should think long and hard about their
testing environment and it should be done early in
the process. [An interviewee]

http://medinform.jmir.org/2014/2/€19/

A review of meeting notes shows that this process took
approximately four weeks, whereas participants believed it
should have taken less than two weeks. During this time,
frustrations from Inova, ConnectVirginia, and MEDfx were
observed by one of the researchers, who was consistently on
the conference calls. These frustrations were a direct result of
Inova's reliance on the vendor related to CCD testing.

The lesson learned from the challenge of choosing a testing
environment was that this should be done independent of other
stakeholder actions. Determine the most efficient environment
for testing, decoupled from decision processes, actions, and
other dependencies from other stakeholders.

The On-Boarding Guides

ConnectVirginiaprovidesfour guidesto assist on-boarders: (1)
checklist, (2) implementation, (3) testing, and (4) content, which,
unless specified, will bereferred to collectively as* on-boarding
guides.” Not all guides are meant to be read by all parties. For
example, the EHR vendor should read content guides, and
testing guides should be read by the on-boarding organization.
Many of those involved with this implementation had the
perspective that the on-boarding guides were not read by the
correct parties (or at all by anyone), but that, had they been,
certain on-boarding tasks could have gone more smoothly and
challenges could have been avoided. For example, the checklist
isto assist in creating ashared understanding of the data needed,
relative to the data available; for example, it requires data on
al the laboratory tests that could possibly be run by the
on-boarding organization. Several interviewees suggested that
this document is long, complex, difficult to read, and
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overwhelming to the reader, and therefore does not get
completed. However, it is an important element in setting up
the CCD for validation. An interviewee suggested that it would
be better to go through the checklist section by section to
determine whether the data are present or absent.

The implementation and testing guides are provided to create
a shared understanding and level set of expectations about the
requirementsfor implementation and testing. From the meeting
notes and interviews, it was clear that these guides were not
read to the degree needed for the project. An interviewee
explained, “Regardless of how painful [you] think it might be,
read the [on-boarding] guides cover to cover” This same
interviewee thought the on-boarding guides were very well
written and provided plenty of the necessary helpful information.
Another interviewee suggested that discussing the on-boarding
guides among the implementation group would allow time for
conversation and might raiseissues not easily discovered by an
individual, which are illuminated when discussed in a group.
Last, the content guideis provided to streamline CCD validation
testing. This guide defines what the CCD should have in terms
of object identifiers and the corresponding descriptions. Several
interviewees felt many misunderstandings could have been
avoided had this guide been read and discussed.

The lesson learned was to provide oversight and follow-up to
increase technical presentation, reading and understanding of
appropriate on-boarding guides across all stakeholders.

Continuity of Care Documents

The challenges with CCDs and HIEs are well documented in
the literature [43,45,70]. Initially, the EHR vendor wanted to
provide only template CCDs and not CCDs specific to Inova's
EHR system, which includes customi zation. MedVirginia, which
conducted the CCD content validation, requested CCDs specific
to Inova's system to ensure that a CCD could be sent and
received from Inova's customized and nuanced system. Using
a standardized vendor template does not account for health
system customizations and risks not passing validation in the
eHealth Exchange environment. An interviewee noted,

A scrubbed [ vendor template] CCD will probably not

have any issues, but when it comes to testing a CCD

from the actual system, there are going to be issues,

so you should not expect that just because the sample

[vendor template] passed, that the node CCD will

pass; it probably won't. [An intervieweg]
Meeting notes and interviews reflect the opinion that thisissue
required too much time devoted in isolation and should have
been handled along with other on-boarding tasks. For example,
many participants commented that the technical piece (getting
systems to talk) and the content piece (the CCD) should have
been conducted in paralel, rather than sequentially. An
interviewee thought the CCD issue could have been managed
in parallel to solving an issue with handshakes (ie, bidirectional
system-to-system acknowledgement),

While the CCD is the end point, the handshake had
issues. [The Inova] server has to be recognized by
MEDfx before any exchange can even happen. [An
interviewee]

http://medinform.jmir.org/2014/2/€19/
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Once CCD validation was underway, many felt that the
on-boarding process, while excellent and thorough, needed to
strike a better bal ance between the acceptable and the desirable.
Several interviewees felt that if all parties had agreed on
prioritization of issues (ie, with less attention to details that do
not matter), the CCDs could have passed testing much sooner
and had an earlier completion date.

The Vendors

For example, thetop priority for the EHR vendor wasto get the
technical piecestowork from their end of the HIE. Thevendor’'s
goal was to focus on passing a CCD; not passing a CCD that
conformsto the updated eHealth Exchange specifications. Since
EHRs undergo awide variety of customization, thisisacritical
requirement nuance relative to future participation in eHealth
Exchange. Whileit may have been acceptableto useatemplate
CCD, it was desirable (because of customizations and future
eHealth Exchange participation) to conduct CCD validation
with a system CCD. Participants other than the EHR vendor
felt the vendor was not focused on devel oping a technology to
support all other stakeholder val ue propositions and motivations.

An interviewee described how differing priorities across
stakehol ders impacted the HIE outcome,

Given the experience with [the EHR vendor], it is
important to communicate to clients that this [their
decision to limit the CCD] might impact what type of
approval is granted at the end of on-boarding,
because[ Inova] ended up with a conditional approval
based on some of the things that we knew [the EHR
vendor] wasn’t going to budge on. [An interview]

As noted above, Inova received only conditional approval as
an HIE participant/node. The conditional approval wasthe result
of a 90 day medical record date range limitation imposed by
the EHR vendor’s CCD implementation for this project. The
US Socia Security Administration requires more than three
months of medical records in order to conduct disability
determinations, but the vendor’s implementation allowed only
three months' worth of data. In this regard, an interviewee
observed,

Once we got into the testing process, that unveiled a

lot of proprietary issueswith [ the EHR vendor], even

though they say their CCD is compliant. They have

certain thingsthat are built into their product, mainly

from a competitive stand point. Inova wasvery reliant

on [the EHR vendor], and | think somewhat unaware

where those proprietary issues might impact

on-boarding to any statewide HIE. [An intervieweg]
Interviewees had comments about both the EHR vendor and
MEDfx. Many considered the EHR vendor inflexible and
unknowledgeable, especially with regard to the 90 day medical
record date range limitation and requirements by the U.S. Social
Security Administration, a critical component in the value
proposition. Interviewees also felt that MEDfx was devel oping
asthe project advanced. According to interviewees, this project
represented the first implementation of the latest eHealth
Exchange compliant gateway. MEDfX, the gateway provider,
had completed development of the gateway in June 2012, but
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had not yet completed testing. Thus, Inova became the test bed
for the gateway. This process of testing during implementation
contributed to the perception that MEDfx was developing as
the project was advancing. Both vendors (the EHR vendor and
MEDfx) had to fix some bugs that were exposed during testing,
and some interviewees thought the fixes should have been
completed before implementation or at least done more
expeditioudly.

Thelesson learned wasto use an EHR system specific CCD for
validation, not a vendor supplied CCD template.

Datagathered from weekly on-boarding meetings, together with
document review, reflected the EHR vendor’ sresistance to meet
the needs of a maturing and broader HIE, such as a statewide
HIE. An interviewee noted,

[TheEHRvendor] isavery restricted vendor around
allowing third parties to do things like this. We
probably lost a month in this go around. [An
Interviewee]

Another interviewee said, “I regret that anyone thought [the
EHR vendor] would change their mind.”

Thelesson learned was that given the complexity of managing
expectations across multiple stakeholders, conduct testing and
implementation in clearly communicated iterations.

Several other challenges surfaced regarding software versions
that wereincompatible with the latest data exchange standards.
The EHR vendor software version that Inova used for this
implementation (released in 2010) was not compliant with the
upcoming eHealth Exchange specifications. The vendor will
not rel ease aversion compliant with the new specifications until
the 2012 version. Discussions with the EHR vendor suggested
that, due to the relative newness of the current 2010 version,
health systemswill likely not deploy the 2012 version for some
time. Thisdiscrepancy in EHR specifications created significant
challenges, in terms of the CCD content, to completing
on-boarding. However, the EHR vendor’s perspective differed
from that of ConnectVirginiaregarding the ability to on-board,
saying, “We have many other clients that have on-boarded to
eHealth Exchange, and none of them have these [CCD content]
issues that ConnectVirginia is citing” In response,
ConnectVirginiaparticipants explained that the clientsto which
the EHR vendor refers had been on-boarded under the old
Nationwide Heath Information Network specifications
established by ONC, rather than the new and required eHealth
Exchange standards established in September 2012
ConnectVirginiamust on-board to eHealth Exchange under the
updated eHealth  Exchange  specifications.  Thus,
misunderstandings about the required specifications caused
significant implementation delays. Because this was the first
on-boarding with the EHR vendor, there were many unknowns.
It became apparent that an early meeting with the EHR vendor
was critical. Many felt this would have created a shared
understanding of some of the nuances of each other’'s systems
and of stakeholders motivations, while aso fostering
conversations about how each system adheres to the
implementation specifications.
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Thelesson learned wasto establish early meetingswith vendors
to articulate goals and priorities.

Interviews revealed challenges with understanding each
stakeholder’'sroles. Several interviewees felt that time was|ost
determining who was responsible for certain things, and tasks
were not done because one person thought another was
responsible. Likewise, better understanding was needed of the
technical resources available: (1) Arethe right people working
in the right place?; and (2) Is the testing environment one that
will facilitate on-demand testing?. An interviewee felt that two
M EDfx people had the knowledge collectively, but lacked depth
individually. This type of situation led to delays or multiple
attemptsto get questions answered. Another interviewee felt it
was critical to have representation across integrated delivery
teams, primarily because policy issues needed to be addressed
saying, “An interface group will build a pipe for your data to
pass, but there are lots of rules regarding audit streams” A
majority of interviewees thought many of these late questions
or realizations could have been avoided by earlier and better
understanding of the on-boarding guides provided to Inovaand
the EHR vendor. Much that was done was conducted
sequentially; many interviewees thought the technical piece
(getting the systems to talk) and the content piece (the CCD)
should have been done in parallel and speculated that doing so
would have saved alot of time.

The lesson learned was to conduct clear communication early
on to discuss and understand roles and required resources in
order to minimize time gaps and maximize efficiency.

Successful Softwar e Redevelopment

Regarding the incompatibl e software versions described above
with the 2010 EHR version, almost al the interviewees with
knowledge of this issue commented on MEDfx’s willingness
to develop new code to address this challenge. While software
redevelopment took time, causing unanticipated delays,
everyone saw this as a significant success. A participant
summarized the thoughts of many,

We put a lot of responsibility on MEDfx to make
adjustments on their side to accommodate the fact
that [Inova] was running a version that only
supported 2010. Thankfully, they were flexible enough
to accommodate that. [A participant]

Whilelnova could have on-boarded to ConnectVirginiawithout
this modification, ConnectVirginia would not have been able
to on-board to eHealth Exchange, thus minimizing the value
for Inova and any organization on-boarding after Inova. All
interviewees felt that getting Inova on-boarded was a great
successin and of itself.

All stakehol ders had competing priorities, but participants noted
that Inova s may been the most significant. Although they were
inthe middle of an EHR implementation, they chose to pioneer
on-boarding to the ConnectVirginia EXCHANGE.

The lesson learned was to gain commitment from technology
stakeholdersto bewilling to devel op workaroundsto unexpected
software challenges, such as incompatible EHR versions.
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Another lesson learned was to determine conflicting priorities
across stakeholders at the outset. Gain commitment from
implementation siteto set high priority on HIE implementation.

Organizational Dimension

Organizational factors were also instrumental to the success of
the Inova on-boarding experience. Concurrent EHR
implementation and strong leadership contributed to the
organizational challenges, successes, and lessons learned.
Challenging Competing Priorities

Themajor challengeinvolved aconcurrent EHR implementation
at Inovaand understanding each stakehol der’s value proposition
and motivation. Early on, the concurrent EHR implementation
created asituation of competing priorities. However, onceroles
were more clearly defined regarding the ConnectVirginia
implementation, it was felt that resources were available and
engaged. As one interviewee observed, “[The Inova internal
champion] kept us [Inovateam] moving because we were very
busy with alot of other stuff including [EHR] implementation.”

The lesson learned was to account for major competing IT
priorities at each participating organization. A concurrent EHR
implementation will likely compete directly with the HIE
implementation.

The value proposition and corresponding motivation for
on-boarding to ConnectVirginia EXCHANGE varied with the
stakeholder. Several Inova participants commented that,
although the initial economic value proposition to Inova was
nonexistent, the motivation to move forward was very well
aligned with their vision to “reinvent hospital-based care to
increase value for our patients’ and to “look outside our
hospitals to build an integrated network of providers and
programsto support our community.” The culture of thisvision
was embedded in Inovaemployee beliefs. The words of several
were summed up by one Inova interviewee, “On-boarding to
ConnectVirginia[exchange] alignswith the Inovavision, fulfills
our desire to be part of transforming the Commonwealth [of
Virginia) into agreat placeto be apatient, and successfor Inova
means great benefit for the community.”

Additional motivations for Inova involved the desire to be
leadersinthe HIE trend. Someinterviewees questioned whether
or not the EHR vendor understood why this was so important
to Inova and ConnectVirginia independently and collectively,
and interviewees suggested the EHR vendor was sometimes
argumentative with requests from the on-boarding team, “ Their
[the EHR vendor’s] resistance to ConnectVirginia's success is
what concerns me.” To the other stakeholders, it seemed that
the EHR vendor did not have a clear motivation and was simply
responding reluctantly to client requests. These differing views
on value created communication breakdowns, frustrations, and
inefficiencies in the on-boarding process. These breakdowns
and frustrations were observed numerous times on various
conference calls with the implementation team. There were
timeswhen it would take three or four callsto resolve oneissue.
Such events led to inefficiencies in the on-boarding process.

The lesson learned was to understand, communicate, and
appreciate varying stakeholder value proposition/motivations.
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Successful Leader ship

L eadership was an important factor in this on-boarding process.
Almost all interviewees commented that Inova's internal
champion, the Executive Vice President and Chief Technology
Officer of Inova, was acritica component in the success of the
project. Many suggested that his role on the ConnectVirginia
Governing Body put himinapositionto beaninterna champion
not only for Inova, but for ConnectVirginia as well, with his
solid understanding of what ConnectVirginia was trying to
accomplish and why it was important. During an interview, he
stated,

| thought Inova needed to learn what HIE is and
needed to get its feet wet with the on-boarding so it
could be connected. | believein HIE. [Executive Vice
President and Chief Technology Officer of Inova]

Scheduling sensitivities around Inova's EHR implementation
created some time periods when key people were unavailable.
When this resulted in alack of progress between meetings, the
Executive Vice President and Chief Technology Officer of Inova
could help guide the | novateam with managing those competing
priorities. His unique combination of being an internal champion
and a decision-maker greatly enhanced the success of this
project. An interviewee further qualified the role of an internal
champion, “This cannot be a technical champion, but a true
champion...a true leader.” Leadership in terms of project
management was considered solid. Severa interviewees
commented on Inova's PM, and one summarized the words of
many,

She [the PM] was prepared, answered emails
promptly and completely, and executed well. It was
extremely helpful to have her. [Interviewee]

The lesson learned was that the participation of health system
leadership is critical to success.

Communication was another area of success, and many felt that
PMs from both Inova and ConnectVirginia greatly contributed
to that success. As mentioned above, the PM from Inova was
always prepared and answered emails promptly, and many others
commented on the PM from ConnectVirginia. An interviewee
capsulized ConnectVirginia’'s communication efforts,

| appreciate the fact that they controlled a lot of the
documentation. They scheduled the weekly calls, set
up the agendas, sent out the minutes, and managed
any outstanding items across everyone. [I nterviewee]

Several interviewees mentioned that the meeting minutes were
very thorough.

Thelesson learned wasthat timely and accurate communication,
especidly by and between the HIE and health system, is
essential.

Degspite the fact that this project competed with resources for
the Inova EHR implementation, many felt there were appropriate
resources. However, most interviewees observed that initially
the correct resources were not allocated. Since thiswasthefirst
on-boarding, there were vague expectations about the level of
and appropriateness of resources. Teams required skills sets,
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knowledge, and experiencethat were not available at the outset.
An interviewee noted,

Too many assumptions were made. e need to have
a better kick-off to level set expectations and roles.
[An Interviewese]

Most interviewees felt that, by the second month, the teams
were appropriately resourced, and what was originaly a
challenge became a success. Several commented that there was
not alot of movement regarding the resources, which added to
the teams' strength individually and collectively. Another
interviewee summed up the lesson learned,

Put your best resources around standing this up,
becauseit requiresyou to pay attention to detail. This
is more than an IT project; this is not a simple
interface project. [An Intervieweg]

Thelesson learned wasto allocate appropriate human resources
at the outset.

Governance Dimension

Intra and interorganizational decision-making power and clear
role definition have been shown to decrease intra and
interorganizational issues [71]. Furthermore, the nature of the
rel ationships between decision makersisimportant in navigating
variable governance processes and structures and in sharing
decisions. Governance is the establishment of oversight,
standardized policies and procedures, and mechanismsto ensure
operation of an organization [72]. Thus, governance factors
such asthe on-boarding guides, project resources, and a project
champion contributed to the lessons learned and the critical
success factors of the Inova on-boarding project.

Challenging I dentification of Appropriate Policiesand
Guidelines

Identifying the appropriate policies and guidelines across
stakehol ders was challenging, as was selecting the best people
to provide oversight. Unfortunately, a structured governance
process did not predate this project, this was the first time this
particular group of organizations had worked together, and the
first time on-boarding to ConnectVirginia had taken place. As
noted previously, providing oversight and policy enforcement
for people to read the on-boarding guides proved challenging.
If on-boarding guides had been read thoroughly, it may have
been easier to identify the correct governance resources or, at
least, ask questionsregarding resource selection. Regarding the
governance structure for the project, one interviewee
commented, “The technology supports the business, but the
business does not go anywhere without the right folks.” Another
interviewee said that she was, “...challenged to put together a
governance group that could attend the weekly on-boarding
meetings, asthose were agreat way of getting decisions made.”

These deficits resulted in the organizational and technical
challenges described earlier, including missing nuances of the
on-boarding process, difficulties selecting key project resources
at the outset of the project, and not providing a structure
whereby team members could request guidance in resource
selection. Fortunately, these issues were identified and quickly
rectified within the first two months of the project.
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The lesson learned was to ensure governance is in place,
including policies, guidelines, and oversight across all
organizations.

Most interviewees agreed that the on-boarding guides provided
by ConnectVirginia were useful in explaining appropriate
governance such as policies, procedures, etc, once they were
read. The challenge was getting people to read them. Time was
short, priorities competitive, and resources thin. However,
several interviewees agreed that thorough reading of the
on-boarding guidesjust before the kick-off meeting would have
helped ensure that proper governance decisions were made,
especialy in regards to policy decisions. It was also thought
that athorough reading would have mitigated some downstream
misunderstandings and poor understanding of the system
requirements. Other than that, some interviewees thought the
ConnectVirginiaPM could have done moreto ensure that those
responsible for governance understood the on-boarding guides
pertaining to their part of the project. For example, at one
on-boarding meeting, one individual from Inova asked to go
through one of the on-boarding guides. An interviewee
commented, “Sometimes we all need to have our hand held,
and if that iswhat it would have taken to make sure everyone
went through the on-boarding guides, then so beiit.”

The lesson learned was to obtain commitments from the
governance body early on to facilitate project continuity.

Successful Project Champion

Most interviewees agreed that the real successin this project,
from a governance perspective, was having a project champion
with decision-making power. Several times policy or procedure
decisions needed to be made; and because the Executive Vice
President and Chief Technology Officer of Inovawasinvolved,
the appropriate questions were asked and decisions made. An
interviewee gave a good example of how the project champion
provided appropriate decision-making authority,

When something comes up as an issue, helping to
figure out if it is a technical issue or a policy issue.
Then figuring out whose issue it is; is it a node
[hospital system] issue, is it the vendor, or is it
ConnectVirginia? [An Interviewee]
In these situations, the Executive Vice President and Chief
Technology Officer of Inova was able to provide guidance on
issues involving the node or Inova's EHR vendor. Regarding
MEDfx and issues attributed to them, the PM had authority to
provide the guidance needed to move forward. Regarding CCD
content validation, which was conducted by MedVirginia, it
was felt that the person on the on-boarding calls did not have
decision-making authority, and thus needed to seek guidance
after the cal. Yet, interviewees felt her follow-up
communications were timely and comprehensive.

Thelesson learned wasthat aproject champion isessential who
possesses decision-making power, or, as needed, delegates
appropriate decision-making power to others.

It was clear to participants how critical it was to ensure from
the beginning that a proper oversight structure is in place,
including the people involved in the project. As mentioned in
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the challenges section, the on-boarding guides provided by
ConnectVirginia helped to provide guidance in this regard and
to identify a governance structure. In addition to identifying
project resources, early identification of an internal champion
is essential for project success. But, as one interviewee
mentioned, it is sometimes difficult to have the interna
champion with decision-making authority at the weekly
meetings.

Stakeholder Perceived Value

Analysis of interviews, observations, and project documents,
taken together, also revealed a crosscutting theme in terms of
the goals, priorities, motivations, and perceived value of

Feldman et d

engaging in HIE. Earlier onin theimplementation, an important
success factor would have been to have a better understanding
of how well the organizational goas of each participating
organization aligned with one another; the implementation
priorities and motivations (socia and economic) for each
organization to participate; and the perceived value that each
organization expected to gain asaresult of participating. These
areillustrated in Table 4. Providing this information may have
avoided some of the challenges, constraints, and tensions
experienced, especially with the EHR vendor.

It was felt by many interviewees that had something like the
below matrix existed, that clarity and insight would have been
gained early on.

Table4. Matrix of goals, priorities, motivations, and perceived value propositions across implementation stakeholders.

ConnectVirginia Inova MEDfx EHR vendor
Implementation goal Aligned Aligned Aligned Not aligned
alignment
Implementation priority High High High Low
Motivation Socia high Socia high Social low Socia low
Economic moderate Economic low Economic high Economic low
Perceived value Provides exchange of medical infor- HIE leader in the state Fulfills the contract terms None apparent
mation medical information at the
point of care
Fulfills the contract terms Social Security Administra-
tion disability determination
: : value is an important goal, the organizations presented here
Discussion e g g

Principal Findings

Themain findings of this case study included several challenges,
successes, and lessons learned during the implementation of a
health system on-boarding to a statewide HIE. Figure 5 shows
a summary of the Blended Value Collaboration Enactment
Framework as applied to these findings and illustrates the
technical, organizational, and governance collaboration that
took place between ConnectVirginia and Inova, along with
critical successfactorsand associated value proposition details.

This case study demonstrates that interorganizational
governance of HIE implementation is replete with interrelated
and overlapping technical, organizational, and governance
issues. The complexities of collaboration appear to assist as
well as detract from realizing a set of common goals. For the
expanded view of HIE (ie, across states and the nation), the
broader significance of this case study is the proposition that
successful implementation of alarge-scale emergent HIE system
should consider the expected and realized blended value across
al participants. Consistent with the literature, while economic
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have regarded the value proposition primarily to include social
value, believing that economic value will follow at some point
intime.

As mentioned earlier, the sociotechnical approach allows for
understanding independent linkages between complex social
and technol ogical components. Much of what waslearned from
this first on-boarding effort is related to accomplishing tasks
earlier inthe process, rather than allowing them to be discovered
in course. While this may be common knowledge in more
established IT implementations, the field of statewide HIE
on-boarding implementations is undeveloped in this area. The
interviews illuminated some common issues such as
interoperable HIE and better care. However, it was notabl e that
both organizations, when asked about their motivation to
collaborate, cited the socia good that would result from creating
a critical mass and contributing to the Commonwealth’s HIE
initiative. Since Inova has no other organizations with which
to exchange, and ConnectVirginia does not yet receive revenue
from on-boarding organizations, both organizations were
motivated primarily for the social good.
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Figure5. Blended Value Collaboration Enactment Framework as applied to findings. T=technical, O=organizational, G=governance, and HIE=health

information exchange.
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Application of the Framework

Turning to the Blended Value Collaboration Framework as
applied to the findings, Figure 5 illustrates the interdependent
linkages between the technical, organizational, and governance
dimensions for each organization. When these individual
dimensions come together in the collaboration there are
contributing factorsthat facilitate enactment of the collaboration.
At thisearly point in the project, both organizations were heavily
weighted toward socia motivations, recognizing that as
ConnectVirginia matures the economic motivation will grow
more prominent.

Frequently in public-private collaborations, the value
propositions of collaborating organizations are not aligned.
However, in this case, we found the val ue propositions between
ConnectVirginiaand Inovato be very well aligned and centered
on organi zational missionsand goal s, better carefor consumers,
and being leadersin HIE. Thisis very consistent with the 10S
literature [41,42]. As mentioned earlier, this study focused on
theimplementation, so there was no usage, and only one period
of time was studied. Thus, the evolutionary changes over time
portion of the framework were not addressed in these findings
(gray portion in Figure 5). This sociotechnical approach
facilitates the consideration of the social and the technical
perspectives, and their contribution to the overall value
proposition.

Supporting Mody’s[32] assertion, describer earlier in this paper,
that social considerations could exert more pressure than
economic considerations, this framework highlights social
reasons as very dignificant motivators for early
adopters/implementers, frequently outweighing economic
motivations. Lacking a framework that considers social
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motivations, the natural tendency in IT projects might be to
analyze, or only consider, economic motivators, and then judge
the value proposition on that basis. The Blended Vaue
Collaboration Enactment Framework fills a gap in, and makes
a contribution to, the STS framework literature. Its application
promotes the assessment of a wide range of observed issues
(across technical, organizational, and governance dimensions)
in relation to an interorganizational health I T implementation,
comparing them with 10S goas, motivations, and
intraorgani zational priorities, and then determining the success
factors and value propositions from the results. Used as a
heuristic, the framework may provide for a broader and more
inclusive evauation of an |0S hedth IT implementation.
Furthermore, the current framework enables examination of
changing motivations and value propositions over time.

Future studies should revisit the findings reported here to
analyze such changes. Astime progresses and ConnectVirginia
matures, an increased economic motivation is expected from
both organizations. In the future, organizations are al so expected
to on-board primarily for perceived potential economic factors,
although these are yet to be realized. Future research should
assess awide range of economic and clinical factors associated
with HIE value; while continuing to define, include, and broaden
social factorsand public value. Mixed-method case studies can
be used in this regard to more fully understand the breadth and
depth of mediating, moderating, and control variablesto assess
in future quantitative studies. Studying HIE implementations
broadly across the United States through survey research is
desperately needed as most studies, including those referenced
in this manuscript, consist of small sample sizes. In terms of
content, thevalue propositionin HIE isamoving target, as both
the act of HIE and entity called HIE continues to evolve and
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change. New government requirements and incentives, new
business modelsto facilitate HIE, and increased societal demand
for better and less expensive health care are expected to continue
to shape the HIE landscape. Knowing this evolution will occur
should not deter near-term research. These studies are needed
in order to make the ongoing practical impact discussed at the
outset of thismanuscript, to addressthetripleaim of health care
broadly across regions.

Limitations

This case study examines the implementation of one health
system on-boarding to astatewide HIE. Assuch, generalizability
may be limited. Another factor holding potential to contribute
to this limitation includes that the Chief Medica Information
Office of the health system was the statewide HIE Governing
Body Vice-Chair, which may have served to introduce
motivations and bias that a different implementation would not
have experienced. However, it may also be commonplace for
existing health careleadersin regions and statesto takeastrong
rolein HIE governance. Further research is needed to apply the
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principles from this study to other implementations, so as to
gain generalizability of the findings.

Conclusions

This study focuses on the evaluation of HIE implementation in
Virginia. From a practical perspective, the study provides a set
of lessons learned for others who are implementing systems
acrossastatewide HIE. This study also includes considerations
for eHealth Exchange implementation. As mentioned earlier
and substantiated in the literature, on-boarding to eHealth
Exchange is part of the economic value proposition equation.
On-boarding to ConnectVirginiawith a CCD that will not pass
testing when ConnectVirginia on-boards to eHealth Exchange
eliminates a critical value proposition component. From a
methodological perspective, it provides an example of how such
an HIE implementation can be studied, and from a theoretical
perspective, this study builds on the literature on 10Sfor health
care, addressing the core questions: (1) What value propositions
motivate an organization to participatein HIE implementation?;
and (2) What success factors should be targeted in HIE
implementation evaluation?.
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Abstract

Background: Hearing loss can affect approximately 15% of the pediatric population and up to 40% of the adult population.
The gold standard of treatment for hearing loss is amplification of hearing thresholds by means of a hearing aid instrument. A
hearing aid is an el ectronic device equipped with atopology of only three major components of aggregate cost. The gold standard
of hearing aid fittings is face-to-face appointments in hearing aid centers, clinics, or hospitals. Tel€fitting encompasses the
programming and adjustments of hearing aid settings remotely. Fitting hearing aids remotely is a relatively simple procedure,
using minimal computer hardware and I nternet access.

Objective: Thisproject aimed to examine the feasibility and outcomes of remote hearing aid adjustments (tel fitting) by assessing
patient satisfaction via the Portuguese version of the Satisfaction With Amplification in Daily Life (SADL) questionnaire.

Methods: The Brazilian Portuguese version of the SADL was used in this experimental research design. Participants were
randomly selected through the Rehabilitation Clinical (Espaco Reouvir) of the Otorhinolaryngology Department Medical School
University of Sao Paulo. Of the 8 participants in the study, 5 were female and 3 were male, with a mean age of 71.5 years. The
design consisted of two face-to-face sessions performed within 15 working days of each other. The remote assistance took place
15 days later.

Results: The average scores from this study are above the mean scores from the original SADL normative data. These indicate
ahigh level of satisfaction in participants who were fitted remotely.

Conclusions: The use of an evaluation questionnaire is a simple yet effective method to objectively assess the success of a
remote fitting. Questionnaire outcomes can help hearing stakeholders improve the National Policy on Hearing Health Care in
Brazil. Theresults of this project indicated that patient satisfaction levels of those fitted remotely were comparabl e to those fitted
in the conventional manner, that is, face-to-face.

(JMIR Med Inform 2014;2(2):€18) doi:10.2196/medinform.2769
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Introduction

The prevalence of hearing loss in Brazil has been identified as
50%, specifically, individuals with permanent hearing loss of
more than 41 decibelshearing level (dB HL) in the municipality
of Minas Gerais [1]. If this rate were extrapolated to the total
Brazilian population, a contingent of more than 9 million
Brazilians would be identified as having permanent hearing
impairment. Since 2004, Brazil's public policy, National
Hearing Health Care, has included the diagnosis, assessment,
and rehabilitation of individuals with hearing loss. This policy
culminated in the donation of hearing aidsfor Brazilian nationals
seeking care at one of 139 centers accredited by the National
Health System at various locations throughout the country.
Many of the patients benefiting from this offer were from the
adult and geriatric population. Patients were required to return
to centersto receive necessary adjustments on their hearing aid
settings and to receive information on care and usage of devices.
The need for patientsto return to the centers highlighted issues
around transport to and from homes, cost of transport, as well
asthe need for carergivers to accompany patients.

Figure 1. Diagram of abasic adjustment with digital HAs.

Notebook

Audiologist

After receiving an HA, it is essential to monitor the patient in
order to understand changes that affect the auditory system [8]
and thus support adjustments to HA settings while the patient
acclimates. Subjective evaluation of the HA fitting can be
accessed via patient questionnaires, such as the Satisfaction
With Amplification in Daily Life (SADL), the International
Outcome Inventory for Hearing Aids (101-HA), the Hearing
Handicap Inventory for Adults, the Abbreviated Profile of
Hearing Aid Benefit (APHAB), and the Hearing Inventory for
Elderly (HHIE), among others.

Cox and Alexander [9] described the benefits of subjective
self-assessment through patient questionnaires and scales. These
reports yield valuable insights into the impact of impairment

http://medinform.jmir.org/2014/2/e18/

The treatment of sensorineural hearing loss typically consists
of the use of hearing aids (HA), and in cases of profound hearing
loss, cochlear implants are used [2,3]. An HA is an electronic
devicethat performs selective amplification, or amplifiessignals
at specific frequencies, using amplification strategies according
to pathology and lifestyle of the hearing impaired [4]. The
electronic architecture of adigital HA consistsof adigital signal
processor, microphone, and receiver [5].

Fitting an HA demands specific technical knowledge of the
electroacoustic characteristics of the device in relation to the
patient’s hearing loss and, in Brazil, must be performed by an
audiologist [6]. The fitting can be performed in a clinic or
specialized hospital [7]. Digital HAs are fitted through an
application known as a fitting program (Part a of Figure 1),
which must be installed on a personal computer (PC). In this
configuration (Figure 1), there must be aprogramming interface
that connects the HA with the PC and thefitting application. A
standardized programming interface commonly used is the
HI-PRO device (GN ReSound A/S), which is connected to the
PC viaauniversal serial bus (USB) cable (Part b of Figure 1).
Finally, a programming cable is required to connect the HA to
theinterface (Part ¢ of Figure 1).

Hearing aid

interface
‘ 9
\sn
N

Patient

on everyday life and encourage the planning and execution of
strategies to address the needs of the hearing impaired person.
Additionally, self-reported outcome data can be used as a tool
to validate the merit of a certain treatment program and can
highlight areas of improvement. Aspects such ascomfort, ability
to hear with background noise, ease of hearing aid controls,
ease of inserting and removing HAs, and so on, can be
subjectively evaluated in the form of a satisfaction questionnaire.
Objective assessment, however, requiresthe need for equipment
and can be obtained by measuring the functional gain (the
difference between the thresholds obtained with and without
the HA in the free field mode), or by measuring the acoustic
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gain by using a probe microphone, known as Real Ear Insertion
Gain.

Telemedicine has evolved in many health care areas. With a
greater coverage area and lower operating costs, it is fast
becoming a suitable method for assessment, diagnosis, and
rehabilitation of various conditions. In an early work with
hearing rehabilitation through telemedicine, Wesendahl [10]
reported that remote fittings allow for experienced professionals
to be present “in remote areas without restriction of time and
geographic location” and that “telemedicine offers an
opportunity to increase the efficiency of audiological methods

Table 1. Some publicationsin diverse areas of telemedicine.

Penteado et d

and decrease expenses simultaneously” . Internationally, there
have been many studies documenting the success of
telemedicine by improving access to quality care [11,12]. In
addition to hearing aids, cochlear implant remote mapping and
adjustments [13-15] were highlighted by other studies[16,17].
Swanepoel et al [18] describes telemedicine: “although not the
answer to all challenges related to global hearing loss, there is
no aternative strategy that can offer the same positive impact
on the current hearing loss burden in the near and foreseeable
future” A literature review of the demonstrated benefits of
telemedicinein diverse areas of medicine can befound in Table
1[19-38].

Authors Areaof science  Region Results/ remarks

Chorbev & Mihajlov [19] Severa Macedonia Increased the population’s access to health services, reducing costs,
spread of knowledge to more distant centers

Jaakkola & Loula[20] Public Policy Finland Decreased transport of patients and increased access to database of pa-
tients

Khaleel et a [21] Several United States Blood pressure, heart rate, body temperature, blood glucose and ECG
signals can be transmitted to remote centersin real time

Lavanyaet a [22] Dermatol ogy Singapore/United States Dermatol ogists believed telemedicine to be beneficial when classroom
visits were not possible or were troublesome

Penzel et al [23] Management Germany/ France/ Portugal It was possibleto establish a European network of | nternet accessamong
different clinics and other partners

Schreier et a [24] Dermatol ogy Austria Telemedicine using mobile phones equipped with camera enabled per-
sonalized therapy for psoriasis patients

Siddiqua & Awal [25] Several Bangladesh Telemedicine was considered away to improve the quality of health
services, with improved access and lower costs

Shen et al [26] Gynecology United States Preliminary studies have shown the effectiveness of developed systems,
which improves the performance and diagnosis of breast diseasesin re-
mote areas

Stoian et al [27] Disaster manage- Romania Telemedicine provided immediate results with greater chances than tra-

ment ditional methods

Sudhamony et &l [28] Oncology India Telemedicine offered great advantages in the practice of oncology as
well as a decrease in the number of visits to emergency medical staff

Arriagaet a [29] Neurology United States Telemedicine is aviable delivery model for neurotology care delivery

Audebert et a [30] Cardiology Germany/United States Telemedicine recommended for the treatment of stroke

Bonato [31] Rehabilitation United States The emergence of new sensors attached to the body capture the activity
level of patients, hel ping the effectiveness of pharmacological interven-
tions more efficiently and specifically

Capampangan et a [32] Vascular United States The hit rate for decision conduit thrombosisin patients with acute stroke
was broader with the use of telemedicine than with the use of telephone

Cardoso et d [33] Cardiology Brazil Public efforts are key to implementing remote distance interventions for
underserved populationsin Brazil

Knobloch et a [34] Reconstructive  Germany Using phone with HD camera delivers positive results in reconstructive

surgery surgery

Levine & Gorman [35] Neurology United States Use of computer-based technology may be integrated with the neurora-
diology, among others, to take care to distant areas

Moraet a [36] Surgery United States Solution-based telemedicine can help in intermittent surgical services
among patients and medical professionals

Mucic [37] Psychiatry Denmark Patients preferred and recommended the use of telepsychiatry instead of
psychiatry face-to-face with interpreters

Sacco et al [38] Neurology Italy Patients with subarachnoid hemorrhage require the implementation of

telemedicinein rural areas to minimize the high incidence of mortality
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With regard to telemedicine nationally, a study conducted by
the University of Sao Paulo described the effectiveness of video
conferencing for transmitting video-laryngoscopic images[39].
Whilein another study with 73 subjects[40], researchersfound
that teleaudiometry proved to be an efficient method of hearing
screening, with results close to a sweep audiometry, and that
the use of teleaudiometry could help identify cases of hearing
loss, especially in cases of patients with poor access to
professionals.

A study of remote HA fittings[41] listed the benefits perceived
by patients as those of ease and convenience in the fitting
process, aswell aslesstravel time. These factors may increase
the outcomes of successful fittings and reduce social stigma.
Bento and Penteado [42] theorized that remote HA fittings also

Penteado et d

benefit health care staff with regard to reduced travel time and
costs.

The National Policy on Hearing Health Care in Brazil was
established through Ordinance #2.073/04 GM (September 2004).
Ordinance #402 (February 2010) of the Ministry of Health
established the program nationwide (ie, Brazil Telehealth).
Telemedicine in astructured format has aimed to quantify how
to expand and strengthen strategies in family health. The
Brazilian Federal Board of Audiology issued Resolution #366
(April 2009) that defined the lawful exercise of Telehealth in
audiology with the use of information technology in order to
“assist, promote education and conduct heath research”.
According to official data, the government has become the
largest purchaser of HAs in Brazil, as shown in Table 2.

Table 2. Investmentsin hearing health in Brazil (Ordinance #587 and #589).

Year Total importation of HASs, units Total purchases of HAs by the federal govern- Percentage of purchases of HAs by the
ment, units federal government, %
2005 169,575 113,983 67
2006 183,707 104,059 57
2007 214,310 134,194 57
2008 272,690 183,703 63
2009 280,578 184,646 66
2010 301,315 212,477 71
20112 331,645 225,331 68
20122 334,613 220,250 66
20132 402,497 277,723 69

3projection due to lack of officia data.

Ordinance SAS/M S #58 specifies that HAs must be dispensed
through centers accredited by the Unified Health System (SUS),
where professionals must “ perform diagnosis and rehabilitation
of hearing lossin all age groups spanning neonatesto geriatrics,
and perform consulting ENT, neurological, pediatric
audiological evaluation”. Additionally, they must “ensure
rehabilitation through clinical treatment in otolaryngology;
selection, fitting and provision of an HA and speech therapy”.
The Ministry of Health has alist of 139 accredited centers to
serve the population, which was 190,732,694 inhabitants divided

into 8,514,876,599 km?, according to the 2010 census.

Our research describes a pilot study conducted with 8 patients
fitted remotely through telemedicine, using the Brazilian
Portuguese version of the SADL as a tool for measuring
subjective satisfaction, with the god of improving hearing health
policiesin Brazil.

Methods

Approval

This research protocol was approved by the Ethics Committee
for Analysis of Research Projects under #0293/11. The data
collection was compl eted between June and October 2012.

http://medinform.jmir.org/2014/2/e18/

Materials

The Brazilian Portuguese version of the SADL was used (see
Multimedia Appendix 1); however, two SADL questions were
discarded: #14: “Does the cost of your hearing aids seem
reasonable to you?’ and #15: “How pleased are you with the
dependability (how often do they need repairs) of your hearing
aids?’ These deletions were justified because the participants
did not buy their hearing aids and because it was not possible
to evaluate the number of timesthe HA was sent out for repair,
as only the initial and follow-up fitting appointments were
conducted.

Additionally, Question 3 required achange as hearing aidswere
provided free of charge. The origina question “Are you
convinced that obtaining your hearing aids was in your best
interests?’ was changed to “Are you convinced that the received
devices was the best option?’ The documents used in this
research are presented in Table 3.
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Table 3. Study documents.

Penteado et d

Document Model Version

Consent form FMUSP V12

SADL questionnaire Standard Brazilian Portuguese
Terms and agreement of HA donation TD V 1.0

The Windows operating system was used for the data collection
inthisstudy becauseit hasalarge set of commercial applications
avalable and is the largest PC platform used in Brazil. A
broadband Internet connection was provided by the specialized
unit (SU) and the remote unit (RU). The SU had a trained
audiologist, who provided support and scientific training for
the audiologist at the RU, thus acting as a facilitator.

Table 4. Study equipment.

The digital HAs donated and used this study were devel oped
by researchers at the Medical School University of Sao Paulo,
manufactured by Politec Saude (MultimediaAppendix 2). Only
Behind-The-Ear (BTE) HAs were used in this study. A
Portuguese version of the fitting application was supplied by
the digital signal processor manufacturer ON Semiconductor.
See Table 4 for the equipment we used and Table 5 for the
applications used.

Description Model Manufacturer Location
Notebook Vostro 3500 Dell SuU
Notebook Vostro 1510 Dell RU
Hearing aid interface HI-PRO GN ReSound RU
Router 78-0454ARB GTS SU
Router ADSLCPE ZTE RU
Headphone HT-301IMV Wasta SU/RU
Web cam 1270 NA? RU
Speakers ND FlexPc RU

&/ostro 3500 Notebook has a built-in Web camera.

Table5. Study applications and operating systems.
Name Description Version Location
easyFIT Hearing aids fitting 5.8.3.0 SuU
TeamViewer Remote access, Vol P? 7.0.14563 SU/RU
Medidor de velocidade de Internet Internet speed meter on line Full version SU/RU
Operational system 32 bits Windows 7 Professional SU
Operational system 64 bits Windows 7 Professional, Pack 3 RU

/ol P: Voice over Internet Protocol. We chose Vol P by TeamViewer GmbH because it (1) had a free non-commercial version, (2) had compatible
remote access, (3) allowed for message and file sharing, (3) allowed for recording sessions, (4) had a Portuguese version, (5) allowed adjustment of the
microphone sensitivity, and (6) required minimal PC hardware requirements.

Participants

Participants were randomly sel ected through the Rehabilitation
Clinical (Espaco Reouvir) of the Otorhinolaryngology
Department Medical School University of Sao Paulo based on
the following criteria: (1) male and female individuals aged
between 18 and 90 years, (2) with either no obstruction of the
external auditory canal or middle ear pathology, or an absence
of any neurological or psychological impairment, (3) individuals
with no prior HA experience, (4) bilateral sensorineural hearing

http://medinform.jmir.org/2014/2/e18/

loss of varying degrees (ie, mild, moderate, moderate-severe),
(5) postlingual hearing loss, and (6) native Brazilians. Table 6
shows a summary of the participants in the study; five were
female and three were male, with amean age of 71.5 years.

It wasimportant to include participants with no prior experience
with HAs aslong-term fitted subjects would have had difficulty
answering Question 10 of the SADL, which relates to
amplification. Furthermore, participantswith no prior experience
of amplification could make a judgment based solely on the
amplification fitted in this study.
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Table 6. Summary of participant data

Penteado et d

Name (abbreviation) Gender Age (years) Distance between home and remote unit (miles/km)
RRS Female 83 3/4.8
APS Male 85 14/22.5
FRO Mae 73 7/111.2
MCS Female 56 9/14.5
GPS Mae 90 3/4.8
RNS Female 48 8/12.8
NLSN Female 59 12/19.3
MEC Female 79 9/14.5
Design zrgé onals offered the technological support, one for each

We used an experimental research design. The following
procedures were done face-to-face with the participants: (1)
interview and otoscopy by otolaryngologist, (2) impedance and
audiological measurements by audiologist, (3) agreement
between patient and professional on the HA fitting, (4) earmold
impressions, and (5) initial programming procedures with
patient.

The following elements were remote (tel efitting): (1) presence
of an audiologist in RU, (2) presence of an audiologist in the
SU (asthe facilitator), (3) remote aid adjustments and changes
to fitting data based on patient audiogram and subjective
feedback, and (4) verification of patient satisfaction using the
SADL questionnaire.

The SADL questionnaire was used as an interview schedule,
that is, read aloud and completed by a trained interviewer for
this purpose. The sessions were described as face-to-face (F)
and remote assistance (R). Thereweretwo face-to-face sessions
(F1 and F2) done within 15 working days of each other. The
remote assistance (R) was 15 days after F2. This 15-day delay
was justified so that patients would have adequate time and
experience with the device and thus be able to respond
accordingly tothe SADL. At F1, patients agreed and signed the
informed Consent Form (Chart 7). Intheinitial fitting sessions,
the HAs were programmed through the easyFI T application,
and the SU audiologist provided the necessary guidance to the
patient. The face-to-face sessions followed the basic scheme
described in Figure 1, while the remote servicefollowsthe basic
scheme described in Figure 2.

The SU had an audiologist trained to fit the HA Mini Retro C
through easyFIT while the audiologist at RU had no specific
training for the Mini Retro C, nor for easyFI T. Both units were
supervised by an otologist, while 2 information technology

http://medinform.jmir.org/2014/2/e18/

For theremote (tel efitting) sessions (Figure 2), al patientswere
based at the RU and accompanied by the RU audiologist, who
explained that the SU audiologist would not be physicaly
present but would interact with the patient through the Internet.
The HAs were removed from the ears of patients to check for
the presence of wax in the earmolds and then reinserted by the
RU audiologist. The programming cables were inserted into
their HA, thereby allowing the programming interface to read
the connected HAs, with identified model and serial numbers
as well as access to all patient information (data personal,
audiometry, and data sessions, etc).

The SU audiologist then remotely accessed the fitting
application easyFIT and began procedures to check the HA
settings. The patientswere questioned subj ectively about various
aspects of their HA usage, which allowed the audiol ogist at SU
to make adjustments remotely. In all cases, adjustments were
required. Remotely, the SU audiologist recorded the new settings
in the HAs and updated patient information in easyFIT.
Additionally, situational/environmental advice was provided to
the patient remotely before the SU audiologist ended their
interaction with the patient.

Finaly, the RU audiologist administered the SADL. The
methodology of the questionnaire was explained, and each
guestion was read aloud. Thisallowed for participants with poor
literacy to fully understand all questions posed. Frequent pauses
and repetitions were alowed for so that the patient had timeto
think about the answers. The session ended with the signing of
Terms of Donation (TD - Chart 7) of HASs, again read aoud, so
that patients with poor literacy were made aware of issues
around the need to service HA quarterly from the date of signing
the TD, aswell as warranty periods, etc.
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Figure 2. Basic schemein tel€fitting session.
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indicating good acclamation to the devices. Patient responses
to the SADL questionnaire are presented in Table 8.

In the initial telefitting session on September 18, 2012, 30  Theresultsof the SADL from this study compared to four other

random measurements of Internet speed between the SU and  studies are provided in Table 9 [43-45], which shows that the

RU were conducted (Table 7). Through the Datalogger feature  average scores from this study are above the mean scores from

for recording use of HAs, we found that over 50% (5/8) of  the original SADL normative data (Multimedia Appendix 3).

patients used the HAs about 9 hours a day after being fitted, These indicate a high level of satisfaction in participants who
were fitted remotely.

Results

Table 7. Internet speed in the specialized unit and the remote unit measured on September 18, 2012.

Parameters RU SU

Lowest Highest Average Lowest Highest Average
Download? (kops?) 1521 4025 2842 9269 12,779 11,935
Upload® (kbps) 552 2554 1820 7496 11,160 9910
Ping® (ms?) 344 95.6 585 42 115 7.3

8Download: speed (kbps) to download a particular file server.

bkbps: kilobyte per second = 1000 bits/ second; the digital signal transmission rate.

CUpload: speed (kbps) to load a particular file server.

dpi ng: latency; the time (ms) necessary to test connectivity between information technology devices.
€ms: millisecond = 0.001 second.
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Table 8. Summary of responses of patients to the SADL?,
Patients 1 2 3 4 5 6 7 8 9 10 11 12 13
RRS G A G A B G A G G G A G A
APS G A G A G G A G G G G G A
FRO G A F A G G A F G F F G F
MCS G F G B E G A G G G D G A
GPS G A G G G G A G G E E G A
RNS G A G A G G A G G E G G A
NLSN G A G E G G A G G F G G A
MEC F A G A F F A F F D E G A

8A=not at all, B=alittle, C=somewhat, D=medium, E=considerably, F=greatly, G=tremendously; see Multimedia Appendix 1.

Table 9. Results of our SADL compared with four other works (mean score and SD).

Factors Cox and Alexander [9]  Daniédli et a [43] Mondelli et al [44]*  Farias and Russo [45]6"b Our research (2012)
Positive effects 49(1.3) 5.1(1.3) 6.5 (0.5) 6.2 (0.8) 6.5 (0.4)
Negative features 3.6(1.4) 45(1.7) 6.3(0.9) 6.2 (1.0) 6.2 (1.0)
Service and cost 47(1.2) 5.5(0.8) 47 (15) 6.7 (0.6) 7.0 (0.0)
Persona image 5.6 (1.1) 5.9(0.9) 5.4 (1.6) 6.7 (0.4) 6.4 (0.7)
Average 47(1.3) 5.2(1.2) 5.7 (1.1) 6.4 (0.5) 6.5 (0.5)

#These authors presented atwo-decimal precision of measurement, here rounded to only one decimal for purposes of comparison, according to National

Center for Education Statistics NCES Standard: 5-3.

b These authors separated the results according to gender of patients. Theresults presented here are those of the larger group (males), although the gender

differenceisminimal.

Discussion

Principal Findings

Telefitting can help improve hearing health policies in Brazil
by gradually expanding the current 139 accredited centers to
centers closer to patients homes as Basic Services Units, or
health clinics, so the patient can receive adjustments to their
HAsin their homes, with greater comfort and a greater chance
of successin hearing rehabilitation. The participantsin our study
had a mean age of 71.5 years and had to travel an average of 8
miles (12.8 km) from home to RU. Table 9 reflects the patient
satisfaction index close to one (6.5) to the maximum (7.0) with
alow standard deviation (0.5), which indicates promising data
on perceived benefits of patientsfitted remotely. However, when
compared with the study by Alexander and Cox [9], thereisa
considerablegap: 4.7 (1.3). Thisoccursdueto theidiosyncratic
difference between the two distinct audiences: the audience
described by Cox and Alexander is based on individuals who
had recently purchased HAs with their own resources in the
United States, while the target populations in this study were
SUS patients who received donated HAs. It is evident that
patients with their own resources had different expectations
than the patients in this pilot study.

Despite missing official data, it is possible to speculate that all
the government-run health centers have at least one PC and
probably an Internet account, which highlights the possibility
of performing telefitting supported by an SU. There are 537

http://medinform.jmir.org/2014/2/e18/

Basic Services Units (ambulatory level) throughout the city of
Sao Paulo aone. Furthermore, it may not be necessary to have
the hardware component HI-PRO, sinceit could be replaced by
an application installed over the Internet. A universal
programming cable for all HA manufacturers could be used
instead of standard cables for a particular manufacturer. In
general, most clinics have to operate with a large number of
programming cables for various manufacturers.

The 2010 Brazilian Census reportsthat between 2005 and 2008,
Internet access increased by 75.3% or 56 million users, due to
variousfactors such as PCs and notebooks aswel | as high-speed
Internet connections being more accessible and available at a
lower cost. These factors, combined with other applications,
can promote the use of telemedicine. Swanepoel et a [46] have
highlighted new innovative means of bringing hearing health
servicesto peoplethrough the benefit of telemedicine. Wasowski
et a [47] concluded that the Nationwide Network of
Teleaudiology with cochlear implants was a reliable platform
for telefitting.

In this study, applications and user-level information technology
were used, which although limited, allowed for the fitting of
HAs in 8 patients. Nevertheless, if more advanced technology
were used (eg, application-specific videoconferencing), the
possihility of conducting real -time orthoscopic reviews would
beincreased. In addition, traffic-encrypted dataover the Internet,
access from other accredited PCs on the network, as well as
integration with other applications, would ensure that
management costs are kept to aminimum. Therewould also be
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areduced number of patient visits to the clinic and a database
of valuable patient information to allow for remote HA
adjustments.

In a more comprehensive telemedicine approach, it would be
beneficial to include video training for the audiologist, as well
as detailed training on the equipment and troubleshooting for
complex fittings. An online tutor can assist in immediate cases
(eg, when the audiologist at RU has doubts or is not familiar
with fitting HAS), while full online courses on anatomy and
physiology of hearing, interpreting audiometry, among others
may be available.

Other questionnaires that could be used include the 10I-HA
guestionnaire, adapted to Brazilian Portuguese. It consists of
seven questions, with a closed set of five different responses,
and is thus easier to apply compared with SADL. The HHIE
adapted to Brazilian Portugueseis structured into 25 questions,
with a closed set of three possible answers on which Aiello et
al [48] report that “further studies are needed to determine the
convergent validity and construct validity of this instrument”.
Finally, the APHAB, which has not been adapted to Brazilian
Portuguese, has 25 questions, each of which has 14 possible
levels (each question includes two scenarios: with and without
HA).

One can dtandardize the application of a satisfaction
guestionnaire, after the initial HA fitting and before the end of
the warranty period. Thus, two questionnaires could record
satisfaction levels at two significant times in the hearing
rehabilitation process.

Strengths and Limitations

This study was one of the first of its kind with regard to
adjusting HA settings via the Internet in Brazil. Furthermore,
it creates a baseline for future research in this area of remote
audiology and telefitting. However, our sample size of
participants was small and within a limited geographical area.
In addition, alimited number of applications were utilized.

Recommendations

In this study, certain applications and features were used to
perform remote adjustments and fitting of HAs in 8 patients

Penteado et d

without injury. In the more comprehensive telemedicine
approach, it would be necessary for the RU audiol ogist to have
additional training and support. Further studies with a larger
sample population should be conducted to explore the
reproducibility of the results recorded here.

For implementation and public policy, we recommend the
Windows platform be replaced by an open platform (eg, Linux,
Ubuntu, Android) in order to reduce costs and promote the
development of local solutions. The Internet services should
ideally be linked to attributes such as stability, availability,
speed, absence of risk, and confidentiality of patient data must
be protected.

Furthermore, investigations conducted with the Brazilian
Portuguese version of 10I-HA and APHAB questionnaires may
be valuable. Although recording patient satisfaction through
guestionnaires provides valuable information about the use of
HAs, theinformation derived is not entirely sufficient to assess
the quality of overall hearing health. Bevilacquaet al [49] stated
that “assessing the quality of health services is based in the
infrastructure”, that is, policies, facilities, and professionals.
Silva and Formigli [50] generalized that in Brazil, the
reorganization of health practices requires a definition of
strategiesfor ng changes of abroader management model.

A key step is to monitor satisfaction with technical issues by
use of key performance indicators described by Kaplan and
Norton [51], as a system of performance measurement and
strategic management. As a result of understanding patients
difficulties, there can be continuous improvement in public
health.

Conclusions

Remote HA adjustments (tel efitting) have proved effective for
these 8 patients, as indicated by their dynamic responses in
SADL. Results were comparable to those of patients fitted in
the conventional manner (ie, face-to-face fittings). Thus, the
use of telefitting can be seen as an effective method to improve
service delivery of hearing health in Brazil.
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Abstract

Background: Health care organizations gather large volumes of data, which has been traditionally stored in legacy formats
making it difficult to analyze or use effectively. Though recent government-funded initiatives have improved the situation, the
quality of most existing data is poor, suffers from inconsistencies, and lacks integrity. Generating reports from such data is
generally not considered feasible due to extensive labor, lack of reliability, and time constraints. Advanced data analyticsis one
way of extracting useful information from such data.

Objective: Theintent of this study was to propose how Business Intelligence (BI) techniques can be applied to health system
infrastructure data in order to make this information more accessible and comprehensible for a broader group of people.

Methods: An integration process was developed to cleanse and integrate data from disparate sources into a data warehouse. An
Online Analytical Processing (OLAP) cube was then built to allow slicing a ong multiple dimensions determined by various key
performance indicators (KPIs), representing population and patient profiles, case mix groups, and healthy community indicators.
The use of mapping tools, customized shape files, and embedded objects further augment the navigation. Finally, Web forms
provide a mechanism for remote uploading of data and transparent processing of the cube. For privileged information, access
controls were implemented.

Results: Data visualization has eliminated tedious analysis through legacy reports and provided a mechanism for optimally
aligning resources with needs. Stakeholders are able to visualize KPIs on amain dashboard, slice-and-dice data, generate ad hoc
reports, and quickly find the desired information. In addition, comparison, availability, and service level reports can also be
generated on demand. All reports can be drilled down for navigation at afiner granularity.

Conclusions: We have demonstrated how Bl techniques and tools can be used in the health care environment to make informed
decisionswith referenceto resource all ocation and enhancement of the quality of patient care. The datacan be uploaded immediately
upon collection, thus keeping reports current. The modular design can be expanded to add new datasets such asfor smoking rates,
teen pregnancies, human immunodeficiency virus (HIV) rates, immunization coverage, and vital statistical summaries.

(IMIR Med Inform 2014;2(2):e16) doi:10.2196/medinform.3590
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Introduction

Health care extends beyond medicine in many ways. One of
these is the ability to access health care services, particularly
when oneislocated far from the core infrastructure. Accessto
relevant information in an intuitive form not only benefits the
patient, but also assists the administration in identifying areas
where resource allocation may have the highest impact. This
ultimately leads to healthier communities and optimal use of
health care funding. Fortunately, large volumes of information
have been gathered over the years and this serves as a base for
achieving the envisioned goas. Despite many recent
government-funded initiatives, much of thisinformation sitsin
legacy formats and the sheer volume of data makes it
incomprehensible for any use other than the specific purpose
for which each dataset was gathered. In addition, the datais of
poor quality, suffers from inconsistencies, and lacks integrity.
Despite having the data, health care providers and supporting
staff are faced with the challenge of determining the type and
location of resources accessible to them and their patients. In
order to locate this information, an extensive search through
numerous Microsoft Excel workbooks, databases, and statistical
websites is quite common. Even then, it can be extremely
tedious to find the needed information from these sources
because they generaly differ in purpose and tend to be
inconsistent with each other.

Traditionally, Business Intelligence (Bl) has been used to
analyze businessinformation such as marketing and/or financial
reporting data. In this paper, we propose how Bl techniquescan
be applied to health care infrastructure data in order to make
this information more accessible and comprehensible for a
broader group of people. Our envisioned goal has been achieved
by first consolidating the sources into a singular entity, second
providing interactive access and control of the underlying data,
and finally visually representing the data through reports. By
applying these techniques, the resulting information can be
accessed through dashboards, which provide a quick overview
of the key performance indicators (KPIs) and alow navigation
to underlying reports of finer granularity. Thus, instead of sifting
through massive spreadsheets for the desired information, one
can now access a centralized system that renders reportsin a
matter of seconds. The system also extends to other tools such
as Web formsfor updating data by designated staff without the
need for going through complex IT protocols. The underlying
data represents geography and services for the entire region
covered by Northern Health (NH), that is, a population of
approximately 300,000, land mass of roughly 600,000 km?, and
the breadth of services from health prevention and promotion
through to acute care services. Northern Health is located in
British Columbia, Canada, and is one of the seven health
authorities in the province responsible for delivery of publicly

http://medinform.jmir.org/2014/2/e16/
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funded health services. Five of the health authorities are based
on geography, one is responsible for province-wide tertiary
services, and oneisresponsiblefor First Nations health services.
The Canadian health care system ispublicly funded for the most
part, with funding from both the federal government and the
provincial or territorial governments.

Methods

Data Integration, Analysis, and Reporting

Businessintelligence tools and techniques are an effective way
to integrate and analyze large data repositories. However, the
integration process becomes challenging when the data is not
collected with analytics in mind. In our solution, we used
Microsoft SQL Server'sBl tool stack [1] and Web devel opment
framework, ASPNET [2], to make the data more accessible
and reduce the time that data analysts spend searching through
large collections of sources. We also merged the disparate data
sources to eliminate data conflicts and create a singular source
for reporting. The resulting data warehouse became the central
source for al analysis and reporting (Figure 1). An
extract-transform-load (ETL) [3] process was used to populate
the datawarehouse. During the extract phase, connectionswere
created to various data sources and the required information
was pulled into temporary storage. In the transform phase, the
format of stored data was made consistent with metadata prior
toloading into the datawarehouse. The SQL Server Integration
Services (SSIS) component in Microsoft’s Bl tool stack was
used to accomplish thisintegration using an ETL process. SSIS
provides the ability to fetch data from disparate sources and
apply different transformations on the data, for example, convert
from one datatypeto another, ater datain the sorted order, etc.
An Online Analytical Processing (OLAP) cubewasthen created
using the Analysis Services. This cube is an n-dimensional
structure, which can be used to reveal more complex details at
various levels of granularity through predesigned and ad hoc
queries. The cube consists of severa dimensionsand fact tables
[3]. Using the cube structure, reports are created and rendered
through Microsoft's reporting services [1]. SQL Server
Reporting Services provides a rich set of data visuaization
features such as charts, tables, matrices, gauges, maps, and
tooltips. A dashboard gives a high-level overview of the KPIs
and acts as a central navigation hub to other reports. Mapping
allows the user to see the information based on regions and
provides visual representation of distances between locations.
Web forms are used to alow users to remotely update
information with automatic consistency checks. Normally,
updates to a database require knowledge of the underlying
structure and the associated query language. By providing a
Web form, these queries are created automatically and the
database structureis represented visualy for easy understanding.
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Figure 1. Businessintelligence modeling overview.
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Historically, the health care field has been slow to adopt new
computer technologies; this has been largely due to hardware
limitations, insufficient computer literacy, mechanical user
interfaces, and privacy concerns. Thefirst two causes have been
mostly overcome due to the penetration of computersin daily
livesand thetechnol ogical advancementsin computer hardware,
but many applications are still mechanical in nature and are not
intuitive to the user [4]. The Minnesota Health Association
developed apilot program to combineclinical information with
administrative data, which faced many challenges such as the
expertise of thoseinvolved and communication issues resulting
from distributed data sources [5]. Bl tools and techniques have
been used to provide insight into ambulatory care sensitive
conditions within Northern Health by analyzing data and
identifying areasthat need attention [6]. These techniques have
also been used successfully to improve the management of large
quantities of medical information [7]. Historical information
and comparisons with the United States' primary care system
has shown that providing improved access to primary care
reduces the cost of health care and enhances the care provided
to patients [8]. A comparison survey observed that with the
increased access to health care in Canada, the general health of
the public was superior to that in the United States[9]. Another
study showed that though Canada has arelatively lower cost of
health care, the wait times negatively affect the perceived
availability of care[10]. Additionally, disparitiesin health care
and its access have been shown to be negatively related to lower
income, education, and race both due to perception and access
[11]. There has been little or no significant evidence of work
that incorporates the concept of Bl in analysis of data related
to asset mapping or services availability.

Data Challenges and Cube Design

The underlying datawas collected over several yearsfor varying
purposes including generation of community health reports.
The complexity of the underlying dataposed several challenges

http://medinform.jmir.org/2014/2/e16/
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in the integration phase. The first and foremost challenge was
the sheer number of workbooks (a workbook can have many
Microsoft Excel spreadsheet files), which have been the primary
source of information for the dataanalystsfor several years. An
initial screening eliminated irrelevant data, but even after this
exercise avery large number of workbooks remained. Most of
these contained several sheets that were created for avariety of
(sometimes unrelated) purposes, which meant the data did not
always match in content or level of granularity. Even the
repeated numbers sometimes differed across the workbooks.
The data was available at various levels of hierarchy making
aggregationsunpredictable. Similarly, different naming schemes
were used for locations without specifying any clear
relationship(s) among them. To deal with this, fuzzy lookups
[3] were used by specifying athreshold to match namesthat are
similar enough but not identical. For locations that failed to
match, amanua mapping table was created and the nameswere
corrected at the database level through SQL queries.

A relational model was developed to create a singular source
of information. This database consisted of 24 relations, which
were populated by three dump sheets viaWeb forms (described
later). An integration package was built to cleanse, combine,
and group the data based on its purpose and granularity. When
there were conflicts due to repeated information, the selection
was based on conformity with other sources and the age of data.
In rare cases, informed cal cul ations were performed to correctly
reflect missing values. The next step was to create an analysis
cube using this database. Normally such cubes use star schema
with asingle fact table and multiple dimensions[3]. Whilethis
structure gives superior performance due to a reduced need for
joins, it requires al information to exist a the same level of
granularity. This was impractical in our case because of the
need for added rows and empty cells if the data were to be
restructured. Thus, in our somewhat unusual design, 10 fact
tables and 11 dimensions were used (Figure 2), primarily for
performance and granularity reasons.

JMIR Med Inform 2014 | val. 2 | iss. 2 |e16 | p.183
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Another chalenge was to allow seamless update of data by
analysts and staff unfamiliar with the underlying schemas and
not trained to write sophisticated queries. Besides having a
capability for bulk loading of large volumes of data, there was
also a need for the ability to update individua rows without
affecting the integrity of the database. To provide this
functionality, a Web form was created in ASPNET [2]. An
intuitive combination of tabs, groupings, and dropdown lists
allow data entry into individua cells of the selected table. The
entered values were checked against metadata before updates
were committed. Another mechanism to prevent inconsi stencies

Figure2. The Online Analytical Processing (OLAP) cube.

Haqueet a

was the use of dropdown lists when names were referenced.
For bulk loading, two dump sheets reflecting the database
structure were created. These sheets allow data to be compiled
or manualy entered and uploaded to the Web form. An
integration processthen triggersto transparently upload the data
and reprocess the cube. The integration is fast, stable, and
reliable due to instant validation and simplified logic. The data
was aso validated by sending reports to administrators of
relevant health service delivery areas and by checking against
existing manually generated reports.
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Results

Reporting

For interactive access to information and data visualization,
Microsoft SQL Reporting Services [1] were used to generate
dynamic reports. In addition to conventional charts and graphs,
accessto advanced features like mapping, navigational controls,
and parameterization of reportsisalso provided. Theinformation
contained in these reports can be updated through the Web form,
which automatically reprocesses the cube and immediately
reflects the changes.
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Main Dashboard

The main dashboard provides an overview of the KPIs and
includes navigation controlsincluding atoggle control to switch
between demographic information, patient profiles, and case
mix groups (CMG). The demographic information displays
information relevant to the population status including factors
such as wealth, education level, origin [12], and dependency
rates (Figure 3). These metrics assist in identifying potential
areas of concern and any needed level of support and services.
The patient profile gives an overview of the heath-related
metricswithin the sel ected region by showing information such
as births, commonality of chronic conditions, and vaccine
preventabl e diseases (Figure 4). The CMG profile ranksthetop
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20 reasonsfor hospitalization in the selected geographic region
as compared with the entire province (Figure 5).

Thisinformation is available at all levels of hierarchy with the
granularity becoming finer from Northern Health Authority
(NHA) to Headlth Service Delivery Areas (HSDA) to Local
Health Authorities (LHA) to Communities. This hierarchy can
be selected from the maps, which in turn generates the
parameters for necessary filtration of information. Tabbed

Figure 3. Main dashboard: Population profile.
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controls allow switching to other reports while maintaining the
current level of hierarchy. Thesetabs allow accessto subgroups
such as availability of services, comparisons of selected regions,
service levels, and direct access to community profiles. To
improve navigationa performance, the header isembedded with
parameters to track the current tab select, type of report
(drill-down), and the current level. This allows transparent
passing of parametersto determinewhich report or level toload
next based on the direction of navigation.
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Figure 4. Main dashboard: Patient profile.
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Figure5. Main dashboard: Case Mix Groups (CMG) profile.
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Critical Care Dashboard

The Critical Care dashboard is an extension of the main
dashboard; however, as the combined project progressed it
became necessary for the two to split. The reasons for the split
included level of granularity desired, validation of data by
different groups, and the inward facing (to institution) nature
of the Critical Care dashboard as opposed to the outward facing
(to public) for the Services Availability dashboard. This
dashboard shows the availahility of resources for the hospitals
and health centers. The ideas and approaches used in the main
dashboard have been carried over to the Critical Care dashboard.
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It opens up to an overview of the NHA area, having drill-down
capabilities to HSDA and then to LHA level through a map
(Figure 6). Main metrics of the dashboard are Available
resources and staff, Number of hospitals with staffing needs,
Accepting and transferring patients, Staff credentials and
connections, Bed-line transfer use, Airway support, Ventilator
capacity, Ventilating patients, Respirators, Ambulances, First
Nation Communities, etc. Since all the facilities do not input
data, the number of facilities reporting data is described at the
top right side of the page. All metrics on this page have
drill-down capabilities for easier analysis (Figure 7).
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Figure 6. Critical Care dashboard.
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Figure 7. Available resources - drilldown report.
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Mapping Functionality

The mapping features allow location-based visualization and
navigation. A challenge, however, was the lack of availability
of full range of maps. While default maps are provided by the
tools, no maps of British Columbia (BC) were included; this
resulted in the need for a shape file to store geographic
information such as the shape of regions, locations of
communities, or other geographic features. The shape files of
BC were obtained from [13] and modified to better fit our needs.
These modifications were done through an open source

Figure 8. Comparison map.
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[14]. Using this application, the shape file of BC wasrestricted
to the area covered by NH; another shape file was created for
storing the locations of communities within the region. To
address stability issues created by the large size of the single
shape file, steps were taken to limit the information contained
therein, primarily by removing information that was available
elsawhere. Maps were also used for controlsin the comparison
report and to visualize availability of servicesin the community
or proximity. An example of these controls can be seenin Figure
8 where the map has been used to select LHAsfor comparisons.
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Comparison

Comparisons between differing regions provide further insight
into the state of health care within aregion and potential causes
for disparities [9]. The regions of interest can be selected by
simply clicking on the map. The comparison can be performed

Figure9. Community comparison tables.

Hague et al

at all levels and allows for comparing up to three regions at a
time (Figure 8). When anew region is selected for comparison,
the three most recent selections are maintained. Metrics such
as population, facilities, community services (airports,
ambulances, etc), and medical services are displayed for each
selected region (Figure 9).

Community Map Comparison Tables
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Service Availability

Examining the demographic information, patient details, and
availability of services has been shown to be effective in
identifying possible needs of aregion and improving the care
of patients [8,10,11,15]. This information has been provided
using color-coded markers on the map. For readability purposes,
we show up to four servicesin circles split into quarters (Figure
10). The services are selected from a categorized list; additional

Figure 10. Available map.

Surgery

information about the locations is displayed through tooltip
display when hovering over the circles. Each time a serviceis
selected, the map is updated to show the communitiesthat have
facilities offering the selected services. All services offered in
NH, whether or not those are availablelocally, can also be seen
in the availability report at the community level. This
expandable list shows the proximity of where missing services
can be found and the distance/travel time from the current
community (Figure 11).
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Figure 11. Community profile: Service availability.
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Community Level Reports

The Community Profile (Figure 12) summarizes demographic
information, chronic conditions, hospitalization rates, available
services, and other health-related metrics. It can be browsed
from aCommunity report, which providesalist of communities,
separated by their HSDA and grouped by LHA,, thereby allowing
direct access to the community profile reports.

http://medinform.jmir.org/2014/2/e16/

For each community, there is a provision to access a
comprehensive community health printable report, which
contains a collection of tables, charts, and other relevant
informationincluding: Historical Population Information (Figure
13), Hedlth Indicators, Population Forecasts (with a focus on
seniors) (Figure 14), Births, Immunization Information, Vaccine
Preventable Diseases, Chronic Diseases, Senior Resident Profile
(Figure 15), and Facility Activity and Available Services.
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Figure 12. Community profile.
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Figure 14. Population projection.
Prince Rupert LHA: Population Projection Population Change
2015-2030
Broad Age Groups 2010 2015 2020 2025 2030 number %
=20 3,833 3,587 3,518 3,446 3,341 -246 -6.9%
20-44 4,597 4,659 4,660 4,760 4,914 255 5.5%
45-64 4,300 4,338 4,284 3,918 3577 -761 -17.5%
6o+ 1,629 1,988 2,554 3.220 3,698 1,710 86.0%
Total 14,359 14,572 15,016 15,344 15,530 958 6.6%
Focus on Seniors 2010 2015 2020 2025 2030 number %
65+ 1,629 1,988 2554 3,220 3,698 1,710 86.0%
75+ 645 711 890 1,171 1,508 797 1121%
85+ 175 214 260 294 363 149 69.6%
a0+ 76 88 125 139 1583 65 73.9%
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Figure 15. Senior residents profile.
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Other Reports

The reports illustrated in this paper are a small representative
sample, due to space limitations. There are severa other main
and drill-down reports that provide various perspectives of the
services availability. For instance, a community health report
contains transfers/referrals information from/to the selected
community in addition to charts and graphs that appear
elsawhere in the application. These reports are printable and
generally made available to communities. Similarly, many charts
open a popup window instead of loading another report. These
popups windows consist of descriptive charts or tables,
definitions, and contain information about the source of data
together with names of data analysts responsible for the
information.

Discussion

Principal Findings

We have demonstrated how Bl techniques and tools can be used
in non-traditional areas of the health care environment to make
informed decisions with reference to resource alocation and
enhancement of the quality of patient care. Themultidimensional
cube allows analysis of datain several dimensions and reports
are generated within seconds. The data can be kept up to date
year round while preserving integrity during interim reporting.
Originaly, the datawas updated annually due to the compl exity
of data collection and compilation. The versatility of reportsis
enhanced through parameterization, which alows values to be
passed between sub-reports. Theinteraction of Web formswith
the underlying database and cube allows for transparent data
upload and integrity checks. The interactive reports provide
users with valuable information such as proximity to location
of available services, facilitieswith specific needs, comparative

analysis, and tools for resource reallocation, if necessary. For
privileged information, access control s have been implemented.
The rural setting made this work more challenging because of
the sparse geography and distance/travel times between
facilities. Further, not al services are avallable in dl
communities, which requires identification of next best facility
for repatriation of patients.

Conclusions

The overall impact of the work presented in this paper spans a
number of areas such as better alocation of available fundsand
better outcomes by making informed decisions regarding
medical and personnel resource utilization. Though these
benefits have not been quantified, it has already been observed
that analysts time is now redirected to more effective
surveillance activities and performance monitoring instead of
collating data to manually generate reports.

It should al so be noted that though the devel oped dashboard is
not intended for real-time data, periodic surveillance reports
can be generated on demand. Further, while the concept is
applicableto all health authorities, it will be achallengeto have
all jurisdictions collaborate and agree on acommon architecture
and/or report structures. Currently, the health planners and
service providers internal to Northern Health are using the
dashboard and planning is underway to haveit accessibleto the
general public. The solution is modular and new datasets such
asfor smoking rates, teen pregnancies, HIV rates, immunization
coverage, and vital statistical summariescan be easily integrated
into the existing dashboard. The model can also be extended to
other programs such as Home and Community Care, and Mental
Health and Addictions. The next phase of this research is to
determine how to incorporate services provided by non-NH
providers such as Aboriginal Health Services.
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Abstract

Background: Healthcare organizations around the world are challenged by pressures to reduce cost, improve coordination and
outcome, and provide more with less. This requires effective planning and evidence-based practice by generating important
information from available data. Thus, flexible and user-friendly ways to represent, query, and visualize health data becomes
increasingly important. International organizations such as the World Health Organization (WHO) regularly publish vital data
on priority health topics that can be utilized for public health policy and health service development. However, the data in most
portals is displayed in either Excel or PDF formats, which makes information discovery and reuse difficult. Linked Open Data
(LOD)—a new Semantic Web set of best practice of standards to publish and link heterogeneous data—can be applied to the
representation and management of public level health datato alleviate such challenges. However, the technol ogies behind building
LOD systems and their effectiveness for health data are yet to be assessed.

Objective: The objective of thisstudy isto evaluate whether Linked Datatechnologies are potential optionsfor health information
representation, visualization, and retrieval systems development and to identify the available tools and methodologies to build
Linked Data-based health information systems.

Methods: We used the Resource Description Framework (RDF) for data representation, Fuseki triple store for data storage,
and Sgvizler for information visualization. Additionally, we integrated SPARQL query interface for interacting with the data.
We primarily use the WHO health observatory dataset to test the system. All the datawere represented using RDF and interlinked
with other related datasets on the Web of Data using Silk—a link discovery framework for Web of Data. A preliminary usability
assessment was conducted following the System Usability Scale (SUS) method.

Results:  We developed an LOD-based health information representation, querying, and visualization system by using Linked
Datatools. We imported more than 20,000 HIV-related data elements on mortality, prevalence, incidence, and related variables,
which are freely available from the WHO global health observatory database. Additionally, we automatically linked 5312 data
elements from DBpedia, Bio2RDF, and LinkedCT using the Silk framework. The system users can retrieve and visualize health
information according to their interests. For userswho are not familiar with SPARQL queries, weintegrated a Linked Data search
engine interface to search and browse the data. We used the system to represent and store the data, facilitating flexible queries
and different kinds of visualizations. The preliminary user evaluation score by public health data managers and users was 82 on
the SUS usability measurement scale. The need to write queries in the interface was the main reported difficulty of LOD-based
systemsto the end user.
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Conclusions: The system introduced in this article shows that current LOD technol ogies are a promising alternative to represent
heterogeneous health data in a flexible and reusable manner so that they can serve intelligent queries, and ultimately support
decision-making. However, the devel opment of advanced text-based search enginesis necessary to increase its usability especially
for nontechnical users. Further research with large datasets is recommended in the future to unfold the potential of Linked Data

and Semantic Web for future health information systems devel opment.

(JMIR Med Inform 2014;2(2):€31) doi:10.2196/medinform.3531

KEYWORDS

Linked Open Data; Semantic Web; ontology; health information systems; HIV; WHO; public health; public health informatics;

visualization

Introduction

Information isafoundation for effective decision-making. This
information need is even more critical in public health
organizations to support areas such as epidemiologic
surveillance, health outcome assessment, program evaluation
and performance measurement, public health planning, and
policy analysis[1]. In order to satisfy this, we need better and
more flexible health data representation, analysis, querying, and
visualization methods. The amount of available online health
data both in structured and unstructured formats is constantly
increasing. The World Heath Organization (WHO), for
example, has established a data repository providing access to
over 50 datasets on priority health topics including mortality
and prevalence of human immunodeficiency virus
infection/acquired immunodeficiency syndrome (HIV/AIDS)
in different WHO regions [2]. Moreover, the United Nations
[3] and the Centers for Disease Control and Prevention (CDC)
[4] have online data repositories on the different indicators for
different countries.

While these are important initiatives to publish health data
online, there has been relatively little attention paid to data
representation methods in most health data portals so far [5].
Current data representation and distribution methods with only
tabular formats, such as comma-separated values (CSV), PDF,
and Excel—and little metadata—makes health information
integration, comparison, and reuse very difficult. Additionally,
even though different indicators have rel ationshipsto each other,
the datasets are not linked in most portals. Vocabularies and
dataformats are inconsistent, which makesfinding, assembling,
and normalizing these datasets time consuming and prone to
errors[6].

Exploiting the different kinds of public health information about
agiven topic isachallenging task because datais spread across
different platforms in heterogeneous formats. Better data
management methods and tools are required to move from a
Web of documents, only understandable by human users, to a
Web of Datain which information is expressed in aformat that
can beread and used by machines. Thiswould enable usto find,
share, and integrate information more easily [7].

Linked Data, as explained by Tim Berners-Lee[7], isamethod
to publish structured data by using standard Web technologies
to connect related data and make them accessible on the Web.
The Linked Data publishing pattern usesHT TP uniform resource
identifiers (URIs) for identifying data items, the Resource
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Description Framework (RDF) for describing data, and links
to describe the relationships. Other standards used in Linked
Open Data (LOD) applications include Resource Description
Framework Schema (RDFS) for describing RDF vocabularies,
and SPARQL Protocol and RDF Query Language (SPARQL)
for querying RDF graphs [8].

The primary goal of the Linked Data initiative is to make the
World Wide Web (WWW) not only useful for interlinking
documents, but also for sharing and interlinking data [9]. The
movement is driven by the hypothesis that these technologies
could revolutionize global data sharing, integration, and analysis,
just like the classic Web-revolutionized information sharing
and communication over the last two decades. However, to our
knowledge there are not many studies on the potential of LOD
for public health data management.

Motivated by the universal hypothesis of Linked Data to
revolutionize data sharing, integration, and analysis, the main
objectives of thiswork are (1) to test the potential of LOD for
health data representation and visualization, (2) to identify the
available technologies and tools for Linked Data-based health
information system development, and (3) to evaluate the
usability level of LOD-based systems by end users.

In this paper, we present the development of the system from
datamodeling to visualization and potential LOD toolsavailable
for development. Identifying the tools and testing the potential
of LOD will be helpful asan input to the health informatics and
Semantic Web community in the research effort to find ways
to represent data in a flexible manner.

Methods

Overview

Our methodology was “Integration-oriented development and
evauation” in the sense that we used the available LOD tools
to devel op the system and then we reflected on the devel opment
process, the potentials, and finally on usability for end users.
We gave special emphasis to the data management process as
efficient data management and conversion is the backbone of
the LOD-based system development [10]. We used the RDF
for data representation, Fuseki triple store for data storage, and
Sgvizler for information visualization. Additionaly, we
integrated a SPARQL query interface for interacting with the
data. We primarily used the WHO health observatory dataset
totest the system. All the data were represented using RDF and
interlinked with other related datasets on the Web of Datausing
Silk [11], a link discovery framework for Web of Data. A
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preliminary usability assessment was conducted following the
System Usability Scale (SUS) method. The final revised SUS
guestionnaire used for the evaluation is shown in Multimedia
Appendix 1. The details, with more focus on the data
management process, are explained throughout this paper.

Data Sources

The dataset for this work was retrieved from the WHO global
health observatory data repository [2]. The data used covered
the years from 1990 to 2010. Missing datafor some years were
complemented with data from other similar official sources,
such as the United Nations program for HIV/AIDS (UNAIDS)
[3] and country-specific official sourceslikethe national AIDS
resource centers of each African country. From those databases,
HIV dtatistical data, as well as additional location and total
population information, were extracted for sub-Saharan African
countries. Most of the data were in Microsoft Excel and CSV
formats. All the data were converted and prepared in Excel
using the Excel2RDF [12] converter. For the enrichment,
DBpedia, Bio2RDF and LinkedCT were used as sources. For
data license, all our published Linked Data adheres to the
original data publisher’slicense and terms of use.

Data Modeling and Conversion

Shared vocabularies are a key to enable interoperability in
healthcare systems by providing an agreed-upon terminology

Tilahun et &

that can be looked up through URIs that cannot be referenced
[13]. We have identified potential health, statistical, spatial, and
time vocabul aries and ontol ogies to share the datain areusable
way and then mapped them to the external ontologies using
predicates (see Table 1). We used the common RDF [14], RDFS
[15], Web Ontology Language (OWL) [16], friend of afriend
(FOAF) [17], and Data Cube [18] vocabularies for data
annotation. Those are standard vocabularies to represent data
in LOD by expressing relationships between the data. We use
the Data Cube vocabulary for al the statistical datato represent,
not only the numbers, but also advanced metadata with space
and time dimensions of the observation. Some of the standard
predicates were replaced with more generic elements from the
Data Cube vocabulary (eg, gb:prevalence instead of
gb:observation) to make them more understandable to health
professionals and healthcare managers. We assume that using
some of thetermsthat are already known by health professionals
will make the system more usable and easily adaptable. After
identifying the ontologies and vocabularies, the original data
was converted in a semi-automated way to avoid information
loss. Conversion using Excel2RDF is done by selecting the
range of data values and headers from the spreadsheet that are
to be converted. Then, the headers are fed into the mapping
wizard, which assists the mappings of row/column concepts to
RDF vocabularies. Excel datatriplication using Excel2RDF is
discussed by Pesce et al [19].

Table 1. Different domain ontological vocabularies and predicates reused for modeling datain the conversion process.

Domain Ontological vocabulary Predicate
Health
prefix MeSH Interlinked with <owl:sameAs>
prefix Diseasome Interlinked with <owl:sameAs>
prefix dbpedia Interlinkedwith<owl:sameAs>
Spatial
Prefix geo geo:lat, geo:long
prefix dcterm dcterm:country
Statistical
prefix gb gb:prevaence gb:slice gb:item
prefix scovo gb:prevalence gb:slice gb:item
Timeseries  prefix time Time: year ( from 1990-2010)
Data Storage provides representational state transfer (REST)-style SPARQL

The main difference between existing health information system
development and Linked Data-based systems is the way data
is represented and stored. Current systems mostly use tabular
formats (eg, Excel, CSV) or relational database systems such
as Oracle. Linked Data-based systems, however, usualy build
on triple stores as their main data storage. This triple-based
representation enablesintegration of dataavailable from various
sources without the need for physical storage of the RDF triple
that corresponds to the relational data [20]. These systems
provide data management and data access via application
programming interfaces (APIs) and query languages to RDF
data. For this work, we used the Fuseki triple store [21]. It

http://medinform.jmir.org/2014/2/e31/

HTTP Update, SPARQL Query, and SPARQL Update using
the SPARQL protocol over HTTP [22].

Data Enrichment

The primary intention of representing health datausing the LOD
approach is to be able to discover and link health data from
different sources and usethem in new applications. Interlinking
datafrom our RDF datasetsto other datasets, which are already
inthe LOD cloud, was challenging. It requiresidentification of
similar link types in our datasets, and then finding suitable
matching linksin external datasets. Zevari et a point out similar
challengesin link discovery in health datasets [23].
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In our data enrichment, we used both manual and automatic
methods. We manually enriched the dataset with links to some
sources such as DBpedia, while large numbers of links to
sources such as Bio2RDF were generated automatically. The
enrichment is based on owl:sameAs relations, which
interconnect different identifiers for the same real-world item
across different datasets (eg, DBpedia:Ethiopia owl:sameAs
geonames:7733022). Such a sameAs-link references different
identifiers for the same real-world entity—Ethiopia, in our
example—from different sources [10]. We enriched the data
with links to data sources generated by related initiatives such
as Bio2RDF [24], LinkedCT [25], Pubmed [26], and other
geospatial and health-related initiatives using standard RDF
and Unified Medical Language System (UMLS) vocabularies.

Tilahun et &

We used the Silk Link Discovery Framework [27] for automatic
link discovery and to provide the built-in Fuseki query interface
to accessthe data. To accessthetarget data, wefirst configured
access parameters to the target dataset endpoints using the
<DataSource> directive. The only mandatory data source
parameter is the endpoint URI. By specifying the source and
destination endpoints on target datasets, weinterlinked the data.
In total, we retrieved 5312 data elements to be added to the
system. Additionally, weimplemented avisualization interface
over the triple store using Sgvizler [28], a JavaScript library
which renders the results of SPARQL queries as charts or
HTML elements[29]. Figure 1 givesan overview of the overall
methodol ogy.

Figure 1. The overall workflow diagram for the methodology from the data conversion, data interlinking, and data query to visualization.
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Results architecture have been discussed in the literature in detail
[27-29]. By breaking up the system into a hierarchy, different
Overview layers can be developed sequentialy and modified

We developed aLinked Open Health Data (L OHD) system that
integrates spatial and statistical health datafrom various sources.
In the system, users can query HIV-related information about
African countries and the system will support them in querying
and visualizing the data in both space and time.

LOHD System Architecture

For the system development, we preferred a multilayer
architecture, which provides flexibility and reusability. For
example, datamanagement, query processing, and visualization
arelogically separate processes. The advantages of amultilayer
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RenderX

asynchronously without affecting the entire system architecture
[10]. The architecture of our system is composed of 4 main
layers (see Figure 2): (1) the datalayer, (2) the transformation
layer, (3) the service layer, and (4) the presentation layer. The
data layer stores the converted and interlinked data. The
transformation layer is the processing layer where every
SPARQL query is processed using crawling pattern to localize
data from the Web of Linked Data. The service layer controls
the data access and bridges the client to the server via service
protocols. The presentation layer allows the users to interact
with the services using either retrieval or visualization tools.
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All the system architecture layers and the underlying LOD

Tilahun et &

application tools are shown in Figure 2.

Figure2. LOHD System architecture with al the four layers from the data representation layer to presentation layer and the corresponding LOD tools.
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Visualization

Coherent LOD visualizations enable nontechnical usersto use
the Web of Data[30] and increasethe usability and accessibility
of Linked Data-based systems[31]. In most Linked Data-based
systems, the user is expected to write SPARQL queries, which
is challenging for nontechnical users. To overcome those
challenges, we integrate a live visualization interface using
Sgvizler. Once the query is selected, the users have the option
to choose the visualization method for the data output. All the
visualization methods available on Sgvizler are supported by
our system. In the following sample queries, we show some of
the visualizations based on spatial or temporal queries.
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Time Series Visualization of Linked Data

Time series visualizations help to display patterns and trends
that are not readily apparent in the numbers themselves. In
traditional databases, time series visualization is mostly done
by external applications which are cumbersome and time
consuming. But in Linked Data-based systems, you can write
your query and choose the visualization type from the
drop-down menu. Figure 3 shows the trend of HIV prevalence
in Ethiopia, asan example, and the system automatically shows
the live visualization of the trend for the requested year.
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Figure 3. Time seriesvisualization of HIV prevalence in Ethiopiafrom the years 1990-2010. To visualize other countries, substitute the country name
in the query.

PREFIX lohd: <http://localhost:3030/1ohd/data#>

PREFIX loh: <http://localhost:3030/1chd/d#>

PREFIX gb: http://purl.org/linked-data/cube#

SELECT ?vear xsd:decimal (?prevalence)

where

i

?lohd lohd:year ?year;
loh:countryname "Ethiopia";

gb:prevalence ?prevalence.
}

order by ?vyear

3.0
2.3 { 00 2.7
1.6
0.9
0.2

1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010
1891 1983 1995 19897 1999 2001 2003 2005 2007 2009

. . o . by the ability to write queries and choose the visualization
Geographical Visualization of Linked Data method. Figure 4 shows an example where the visuaization
Location is becoming a basic attribute for health data [32].  shows the prevalence of HIV based on each country’s location
Location-based visudizations are mostly difficult using on the African map. When someone clicks on the icon of the
traditional databases unless they are exported to geographic  country, it will show the basic information about the country
information system (GIS) software for further analysis. In  and the trend of HIV for the specified time period in the query.
L OD-based systems, | ocation-based visualizations are facilitated
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Figure 4. Location-based visualization of HIV prevalence in sub-Saharan Africa. The health-related data and the time series graph are displayed by
clicking on the map of the country.

PREFIX xsd: <http://www.w3.0rg/2001/XMLSchema# >

PREFIX lohd: <http://localhost:3030/lohd/data# =

PREFIX lgh: <http://localhost: 3030/lohd/d=# =

PREFIX geo: <http://www.w3.0rg/2003/01/geo0/wgs84_pos#=
PREFIX wgs84: <http://www.w3.0rg/2003/01/geo/wgs84_pos#:

SELECT xsd:decimal(?lat) xsd:decimal(?lon) ?name ?text 7ur] 7image
WHERE {

?lohd wgs84:lat ?lat;
wgs84:long ?lon;
geg:name 7name.

OPTIONAL {
?lohd rdfs:isDefinedBy. ?url;

geo:image 7image;
loh:label ?text;
geo:image ?image . }

¥
gMap
Width: 'so0 | Height: 400 | Chart Type  9Table _Reset | GO!.
| | L J dForceGraph
Received 58 rows. Drawing chart... ?;Ep:
View query results (in new window). sList
¥ sMap
sTable
- f ﬁ‘ l .

" Ethiopia's trend of HIV prevalence,

. . o . indicators—such as HIV prevalence rate by country or region,
Indicator-Based Visualization of Linked Data antiretroviral therapy (ART) coverage rate, population or gross

Indicators are the basic components of any health data. Most  domestic product (GDP)—and make a correlation analysis
international disease prevalence comparisons and local-level  petween those variables over time. In Figure 5, we show a
reporting are done using indicatorsin aspecific period of time.  3-dimensional correlation analysis with time series animation.
LOD-based systems support queries with different
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Figure5. Indicator-based correlation visualization over LOHD system of HIV prevalence and ART coverage versustime.
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Evaluation

The system was evaluated in a small-scale user study to get
feedback from healthcare data managers and users regarding
the usability and learnability of the system. A total of 19
participants were selected for this evaluation, both with a
technical and nontechnical background. The participants had
no relationship with the investigator and the sel ection was done
purposefully to ensure we recruited participants who currently
work on health data management, and to get a proportional mix
of different professions. Of the 19 selected participants, 17 of
them responded to the questionnaire (89%). The technical
participants (9/17, 53%) were data managers with IT
backgrounds, health information system devel opers, and system
administrators in different healthcare organizations in Africa.
The nontechnical participants (8/17, 47%) were public data
users, such as demographic data managers, doctors, and public
health professionals. The evaluation was done based on the SUS
with some wording amended, tailored for our participants (see
Multimedia Appendix 1). In the evaluation, we were interested
in the feedback from the participants on the query-based data
access. The Linked Data search engine was not provided to
participants, given its early stage of development for complex
query request. The SUSis mostly regarded as a quick and easy
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way to conduct a usability assessment [33]. Even though the
tool is self-described as“quick and dirty”, it has been evaluated
in many studies (more than 600 articles) as valid and reliable
[34]. Based on the SUS scoring criteria, the final calculated
scorewas 82, which iswell above the average SUS score of 68.
Table 2 summarizes the evaluation responses for each criteria
of the system usability.

Additionally, 2 open-ended questions were asked to the users
to better understand their views and their specific requirements
for using the system. The frequent answers for those questions
can be explained by dividing them into 2 groups. The
participants with technical backgrounds were relatively happy
and 8 out of 9 (89%) of them mentioned that such systemswould
be useful in the future. The nontechnical participants (8/8),
however, mentioned that the system was not easy to use. This
is understandable seeing that the current Linked Data tools
demand writing queries. Publishing the data in
machine-understandable form and making live visualization
without having to use external applications were the most
frequently mentioned benefits of the system by the participants
of the evaluation (15/17, 88%). The need to write queriesin the
optional interface and identifying the appropriate visualization
tool were reported as being the difficult aspects of such systems
by 16 of the 17 (94%) participants.
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Table 2. . SUS evaluation criteria and participant response (n=17).

Tilahun et &

SUS evaluation criteria Strongly Agree, n (%) Neutral,n (%) Disagree, n Strongly dis-
agree, n (%) (%) agree, n (%)

| think that | would like to access my data this way. 10 (59) 3(18) - 4(24) -

| found the system unnecessarily complex. 2(12) 5(29) - 10 (59) -

| thought the system was easy to use. 4(24) 5(29) - 7(41) 1(6)

| think that | would need the support of atechnical personto 6 (35) 1(6) - 7(41) 3(18)

be able to use this system.

| found the various functions in this system well integrated. 12 (71) 2(12) - 3(18) -

| thought there was too much inconsistency in this system. 3(18) 2(12) - 10 (59) 1(6)

| would imagine that most peoplewould learn to usethissystem 6 (35) 1(6) 2(12) 6(35) 3(18)

very quickly.

| found the system very cumbersome to use. 4(24) 2(12) - 11 (65) 1(6)

| felt very confident using the system. 12 (72) - - 5(29) -

| needed to learn alot of things before | could get going with 7 (41) 1(6) - 9(53) -

this system.

Discussion

Principal Findings

We developed a Linked Data-based health information
representation, querying, and visualization system. We used the
system to represent and store the data, facilitating flexible
queries and different kinds of visualizations. There are other
ongoing efforts to convert healthcare- and life science-related
datasetsto aLinked Datacloud such asLinked Open Drug Data
(LODD), LinkedCT, Open Biomedical Ontologies (OBO), and
the World Wide Web Consortium’s (W3C) Health Care and
Life Sciencesworking groups[31,32]. Thanksto such initiatives
and recently developed Semantic Web tools, converting data
to RDF has become straightforward. However, just converting
the datato RDF and publishing it onlineis not enough [35,36].
The main difficulty is to integrate the data representation
methods to application-level tools and make them usable for
health information consumers in a shared, semantically
meaningful, easily discoverable, and reusable manner.

In our system, we represented the health datawith itsimportant
dimensions—magnitude, time, and space—in theform of RDF
and we used both manual and automatic interconnection
methods to enrich the data. We integrated visualization and
retrieval methods for the data to make data visualization and
retrieval possible with already available tools. There was a
similar initiative by Zappa et al to integrate mutation data in
the LOD cloud [35]. The methodology we follow for
development issimilar except that they use another tool for the
data conversion. What makes our work different is that in
addition to converting the data and making it available in RDF,
we focus on integrating additional query and visualization
interface tools to make the system more usable, especially for
nontechnical users.

Our system development method was integration oriented in
the sense that it reflects the way to convert the different
dimensions of the datato Linked Data and integrate them with
already developed tools, enabling the system to support
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information access. In selecting our tools, we found out that
RDF is currently a robust data model to represent data with
metadata [14,37] that gives the opportunity of integrating data
and availing data for query. Our selection of Sgvizler for
visualization was motivated by its current support of different
types of visualization and itsintegration with HTML webpages
by letting the user specify queries of interest [29]. One of the
difficultieswe noticed hereisthat for complex queries, Sgvizler
isrelatively slow. This may make it difficult to use for big data
and complex query-based systems. Nonethel ess, we believe that
advanced-level, live correlation visualization of certain disease
trends in space and time dimensions from different sourcesis
one of the biggest promises of Linked Data-based systemsin
the future.

Measuring the degree of advancement that a Linked Data
representation bringsto public health dataisdifficult to quantify.
Nonetheless, from the technol ogy perspective, the databecomes
search engine discoverabl e and machine understandabl e, which
addressesthe mainissues of the current health datasilos problem
[38]. While Linked Data and Semantic Web technologies are
not as mature as other database technologies, they present a
promising alternative in public health information portal
development. A good example that can explain thisisthe data
representation scheme in the World Bank database [39], which
includes both a portal for downloading data as Excel or PDF
files, aswell asaLinked Dataversion for downloading the data
as RDF with the ability to query their endpoints. The main
advantage of having Linked Data as an additional optionin the
World Bank database can be seen in the results of search engine
results. If you input “Prevalence of HIV in Egypt” and “GDP
of Egypt” into search engines, we can clearly see the data
representation limitation of health portals. Since the World Bank
data is represented in a machine-understandable and search
engine-discoverable way, you can see the graphs and additional
descriptions, which are very useful for an end user searching
for them.
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The user evaluation of our system confirmsthe existing usability
limitations of Linked Data mentioned by different authors
[21,32,35,36,40]. Linked Datais currently mostly used by the
Semantic Web community and other users with a strong
technical background. To make the Linked Data-based systems
more usable by end users, we need to develop enhanced tools
that can avoid the need to write queries.

In our evaluation, 41% (7/17) of the participants (strongly agree
and agree together) reported that they need the support of a
technical person to use this system, which is high when
compared to other system evaluations [4,33]. Yet this is an
expected result given the current technical nature of data access
in LOD when using queries. The promising result from the
evaluation isthat 70% (12/17) of the participants are confident
in using and understanding the visualizations of the system.
This indicates that the LOD-based representation of public
health data offers a new perspective in the future of health data
portal development.

Limitations

There are some limitations in this work. Primarily, the amount
of datawe used issmall to generalize the robustness of the LOD
tools. Asalready outlined in different studies[41-43] Semantic
Web technologies work well with small datasets but might not
be the best option with big datasets. Secondly, our user

Acknowledgments

Tilahun et &

evaluation was based on asmall set of participants and the SUS
scale, which has its own limitations, making generalization of
the usability assessment result difficult.

For future research we recommend integrating and testing an
advanced-level search engineto ensurethat L OD-based systems
are more usable outside the Semantic Web community.
Additionally, implementing and testing a similar system with
a big dataset by describing the data more robustly with
domain-specific, additional  ontological  vocabularies,
interlinking with more ontologies, and including more
visualization options for grouped data is recommended.
Moreover, implementation of advanced-level correlation
analysis visualization from different sources will make LOD
technology more interesting and usable by healthcare
professionals.

Conclusions

The system introduced in this article shows that LOD has a
promising potential in the representation of complex
health-related data. This is mainly due to its reusable and
interoperable manner that can serve intelligent queries, and
ultimately support decision-making. However, the devel opment
of advanced LOD search engines is necessary to increase its
usability.
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Abstract

The current widespread use of medical images and imaging procedures in clinical practice and patient diagnosis has brought
about an increase in the demand for sharing medical imaging studies among health professionalsin an easy and effective manner.
This article reveal s the existence of a polarization between the local and global demands for radiology practice. While there are
no major barriersfor sharing such studies, when accessis made from a (local) picture archive and communication system (PACS)
within the domain of ahealthcare organization, there are anumber of impedimentsfor sharing studies among health professionals
on aglobal scale. Social radiology as an information infrastructure involves the notion of ashared infrastructure as a public good,
affording a social space where people, organizations and technical components may spontaneously form associationsin order to
share clinical information linked to patient care and radiology practice. This article shows however, that such polarization
establishes a tension between local and global demands, which hinders the emergence of socia radiology as an information
infrastructure. Based on an analysis of the social space for radiology practice, the present article has observed that this tension
persists due to the inertia of alocally installed base in radiology departments, for which common teleradiology models are not
truly capable of reorganizing as a global social space for radiology practice. Reconciling the local with the globa signifies
integrating PACS and teleradiology into an evolving, secure, heterogeneous, shared, open information infrastructure where the
conceptual boundaries between (local) PACS and (global) teleradiol ogy are transparent, signaling the emergence of social radiology
as an information infrastructure.

(JMIR Med Inform 2014;2(2):€27) doi:10.2196/medinform.3648

KEYWORDS

information infrastructures; social radiology; teleradiology; picture archive and communication systems (PACS); sociotechnical
systems

in order to build and maintain aset of solutionsdistributed along
thesocial or technical and local or global axes of theinformation
infrastructure space [2]. When sol utions polarize, emphasizing
the local (technical) aspect rather than the global (social), or
vice-versa, the information infrastructure does not emerge. In

Introduction

Contemplating socia radiology in terms of an information
infrastructure[1-7] goes beyond discussion on technologiesfor
archiving and transmitting medical images or tools for medical

imaging. It involves the notion of a shared infrastructure as a
public good [2], capable of supporting the formation of
associations between people, organizations and technical
components in order to support patient care and radiology
practicein anetworked world. The emergence and sustainability
of an information infrastructure require a permanent endeavor

http://medinform.jmir.org/2014/2/€27/

arecent work [5], the term “knowledge infrastructure” is used
as new terminology for “information infrastructure”.

This article reveal s the existence of a polarization between the
local and global demands for radiology practice, thus
jeopardizing the emergence of socia radiology asaninformation
infrastructure. The article begins by demonstrating that such
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polarization establishes a tension between local and global
radiology practices and that this tension denotes the lack of an
information infrastructure. The following explores the concept
of aninformation infrastructure for radiology practice asasocial
space that is interactive, evolving, and open. Next, it analyses
how the struggle with the inertia of the installed base impedes
the emergence of social radiology as an information
infrastructure. Additionally, it aso argues that current
teleradiology models do not configure as an information
infrastructure for socia radiology. The article concludes by
discussing the manner in which reconciliation between local
and global isaway towards social radiology as an information
infrastructure.

The Tension Between Local and Global
Radiology Practices

Sharing medical imaging studies among health professionals
in an easy and effective manner has long been an on-going
pursuit in radiology [8]. This is even more evident nowadays,
with the widespread use of medica images and imaging
procedures in clinical practice and patient diagnosis. The
demand for noninvasive diagnostic imaging tests continues to
increase, where the growing trend among non-radiologist
physicians is twice as fast as among radiologists [9]. As such,
the timely access to medical imaging studies by radiologists
and non-radiologists is imperative.

In general, radiologists have no major issues with reading
images and creating primary diagnostic reports. Similarly, other
health professional s have no concerns about reading such images
and reports when access is within the domain of a health care
organization. Image related data and working functions are
accessed in a workflow supported by the picture archive and
communication systems (PACS) and radiology information
systems (RIS) of aradiology department [10,11]. When access
is required from a remote location, health care organizations
typically adopt a suitable teleradiology solution. For instance,
they adopt virtua private networks (VVPN) and cloud computing
technologies to enable physicians to access PACS/RIS from a
different location or to integrate geographically separated
buildings within a health care organization [12-14]. Another
solution commonly used is outsourcing image interpretation
services. In this case, regional, national or international
teleradiology companies only interpret or broker image
interpretation for non-radiologists [15].

The big issues occur when health professionals need to access
medical image studies outside the domain of a health care
organization. Specificaly, it isnot easy for a physician to share
an image study effectively for asecond opinion with acolleague
situated in adifferent location. By contrast, when al the actors
are in the same (local) domain, it is easier to share the study
through the radiology workflow of PACS/RIS. It is aso easy
to distribute finished reports to the referring physicians once
they are in the same domain. In spite of advances in federated
teleradiology solutions for integrating image sharing among
health care organizations [16], they are complex to implement
and such aliancesinvolve business models. Ultimately, it would
be of little interest for competing teleradiology companies to
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share medical imaging studies and other collaborative resources
among themselves. On the other hand, the care of the patient
should be of paramount interest for sharing medical imaging
studies, so as to have an expert second opinion on a complex
case. In such a situation, the consultant physician generally
chooses the expert radiologist in a rather arbitrary manner,
regardless of any kind of business alliances that may exist
among health care organizations. Selection of the expert
radiologist, as an illustration, may be based on the consultant
physician’s professional relationships, or on the recommendation
of colleagues, or through reputation within a subspecialty.
Essentially, there are many factors that affect the sharing of
imaging studies for patient care, which require the flexibility
and dynamism of teleradiology infrastructure to support the
spontaneous formation of temporary or permanent practice
alliances of health professionals and organizations. However,
global healthinitiatives often adopt highly centralized or rigidly
hierarchical approaches for scaling up health services, which
are not fitting for the dynamic, unpredictable mannersin which
health services may expand and become sustainable [17]. In
particular, teleradiology infrastructures of headth care
organizations tend to be tailored to satisfy local requirements.
For instance, providing image interpretation or second opinion
advice services to previously defined remote locations as part
of alocally managed teleradiology service or, on the other hand,
acting asauser of services provided by a specific teleradiology
company. Thisleadsto an emphasis on detailed initial planning
and inflexible designs, which do not address the adaptive
properties of dynamic pathways for expanding health services

[17].

Despite the weaknesses of using email, in teleradiology it has
become the most popular way to overcomethislack of flexibility
and dynamism [18]. In its simplest form, the physician just
collects the images of interest into some well-known format
(eg, JPEG), packs and emailsthem to aremote expert, who will
then review the images and reply with a report. In a more
advanced manner, the registered DICOM MIME type [19]
allows the transfer of imaging studies in DICOM standard
format [20] using basic email transport mechanisms with
additional encryption in accordance with OpenPGP [21].
Weisser et a [22] present the successful experience of
integrating more than 60 health care organizations in Germany
by transmitting DICOM imaging studies viaemail in a variety
of teleradiology applications. Email has also been successfully
used to send reports to women undergoing mammaography
screening in the United States [23]. Hence, what does the use
of email in radiology suggest? It suggests email isasimple way
to connect people and exchange medical imaging studies beyond
the limited boundaries of local PACS networks. With email, it
iseasy tolocate and connect peoplein order to exchangeimages
or reports and collaborate asynchronously thanks to the
simplicity, availability, connectivity, large number of usersand
low cost of email. Pianykh [18] claimsthat email radiology was
“the first honest attempt to implement true teleradiology”;
however, he also recognizesthe drawbacks such as, poor image
quality, the loss of metadata when images are converted from
DICOM to common image formats (eg, JPEG), difficulties in
dealing with largefiles, and alack of any PACS/RISintegration
and consolidated workflow.
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It is manifest that there is a polarization between the local and
global practice needs (Figure 1). In general, the local needs of
the radiology practice are well afforded by the radiology
workflow of the PACS/RIS in a health care organization,
whereasthereisagreat impediment to support the global needs.
This impediment is motivated by a radical difference between
thelocal and global needs of the radiology practice. Health care
organizations are often concerned with their own business
objectives and restrictions, which influence the working practice
of thelocal radiology community aswell asthelocal PACS/RIS
infrastructure. On the other hand, individuas, radiologists,
patients and the many other stakeholders in the heath care
system are often members of multiple communitiesthat pervade
the boundaries of a single organization, interacting with one
another through aweb of complicated relationships influenced
by communities of practice, neighborhoods and socia networks
[17]. Moreover, each practice community uses technologies
differently, thus presenting different demands on their flexible
standard requirements [7].

Motta

Such polarization establishes a tension between the local and
global demands (ie, the demandsthat encompass the boundaries
of asingle organization) that denotes a lack of an information
infrastructure for the radiology practice and this very
infrastructure will occur only when thistensionisresolved [2,7]
by reconciling the local with the global. However, the emergence
of such an information infrastructure is a long-term venture,
which reguires that it is considered not as something entirely
transparent and ready to run or operate as something else, but
asasocia space of interrel ations between peopl e, organi zations
and technical components[2]. Infact, information infrastructures
emerge not by emphasizing changes in the infrastructural
components but from changes in the infrastructural relations,
sinceinformation infrastructures are fundamentally arelational
concept [2,7]. In this sense, to be social does not signify being
a thing among other things, but a kind of association between
things that are not themselves social, a movement that may fail
to trace any new association and may fail to redesign any
well-formed assemblage [24].

Figure 1. Polarization due to tensions between local and global demands for radiology practice.
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Information Infrastructure for Radiology
Practice as a Social Space

Overview

The information infrastructure for the practice of radiology
means a social space of static and dynamic interactions where
people, organizations and technical components are associated
with activities and structures, forming a sociotechnical system.
Thissocia space may beaphysical place, such asaradiologist’s
report room or avirtual space such asthe radiol ogy department,
and it simultaneously offers material and immaterial support
for social relations [25]. The material support for the practice
of radiology, among others, includes physical rooms, furniture,
medical imaging equipment, information technology (IT)
devices, and networks. The immaterial support comprises
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business and clinical processes (activities) of the radiology
department, organizational structure, roles and functions, IT
and communication software (eg, PACS, RIS), among others.
Itisinthissocial spacethat people gather and interact with each
other, with material and immaterial support. In addition, the
social space for radiology practice is evolving and open.

The Social Space for Radiology PracticeisInteractive

The interactions that occur in the socia space for radiology
practice can vary from rather static to highly dynamic. For
instance, the relationship between a radiologist and an image
modality tends to be rather static. Specifically, an expert
radiologist in nuclear medicine (NM) tends to have a static
relationship with the NM division of the radiology department
inthe sensethat they belong to thisdivision in the organizational
structure for an indefinite time. In fact, such experts tend to
work with the same set of imaging equipment located in specific
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rooms of the NM division, use a familiar set of imaging
manipulation tools and other information and communication
technology (ICT) tools, carry out routine sets of clinical and
administrative activities, and finally, usually cooperate daily
with awell-known staff. In short, ahealth professional working
intheir practicein asocial space establishes static relationships
with material and immaterial support. In general, such
relationships have a high inertia, change slowly over time, and
aretied to alocal context.

Other interactions are much more dynamic, such as the
relationship between patients and the radiology department.
Some patients go to the radiology department only once, while
others make severa visits during a short period of time,
according to the condition of their health. Some visits are
motivated by emergencies or the need for urgent examinations,
while others are motivated by chronic diseases. One single
patient may undergo tests with different imaging modalities,
where images are acquired with the support of different kinds
of equipment, clinical and administrative processes and various
personnel, with the results being evaluated by different
radiol ogists. Complex cases may require special carefor patient
preparation before the test, application of elaborate
post-processing techniques on the acquired images, or the
formation of medical boards to discuss findings. Certain
demands, especially in emergencies or urgent examinations,
may be highly dynamic and unpredictable. In sum, a patient in
the social space of aradiology department establishes dynamic
relationshipswith the physical environment, imaging modalities,
software tools, clinica and administrative processes and
personnel, among others. In general, the occurrence of such
relationshipsis ephemeral and dependent on the patient’s health
and financial condition, but the outcomes may have a significant
repercussion on the patient’slife.

The Social Space for Radiology Practiceis Evolving

With the aim of considering the social space as something that
isevolving, itisessential to highlight the relational role played
by theinteractions between peopl e, organi zations, and technical
components. This shifts the emphasis away from things and
people as simply being causal factors during the performance
of such practices [7], since interactions generate a chain of
actions and reactions along complex pathways that influence
the evolution of the socia space in a variety of manners. For
instance, the radiology department (a virtual place) interacts
with the physical building of the hospital intowhichitislocated.
In this case, the physical building is continually adapting to
satisfy the requirements of the radiology department while on
the other hand, the physical restrictions of the building
continuously affect the work practices in an iterative and
interwoven mode. Similarly, the technical components are
affected by the requirements of the radiology department, as
well as by interactions with people and things, such as other
technical components. However, this process is not only
one-way, and people also place their interestsin the technology
[26]. Asanillustration, it is possible for technology to change
common activities within the radiological workflow in order to
adapt to its interests, where radiologists, for example, have to
learn anew method of entering diagnoses and other information
onto a structured reporting system that has replaced the
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traditional use of free text editors. Conversely, technical
components are modified and adapted to accommodate the
demands of people and things, such as complying with a
technical standard (eg, DICOM, Hedlth Level Seven [27]) or
changing the procedures for patient appointments, allowing
them to also be booked via a mobile phone app. In short, the
conventions of practice both shape and are shaped by
information infrastructure [7]. Indeed, from the interplay of
people, organizations and technical components in the social
space there emerges a concurrent design and redesign of
technology, individuals and work practices [26], forming an
ever-evolving sociotechnical system.

The Social Space for Radiology Practiceis Open

It isimportant to note that such interactions occur not only inside
thelocal social space of aradiology department, but also within
the externa environment, since socia spaces are inherently
open, stretching outside their own location. This signifies that
in spite of there being a boundary, a local socia space is
permeable to its external environment for the exchange of
matter, energy and information. While on the one hand, such
an exchange is essential for the socia space of a radiology
department to keep itsinternal organization and evolve, on the
other, it also allows it to influence the (external) environment.
However, being open does not denote being completely free
because members of a social space have to adhere to rules,
business and clinical processes, policies and principles, some
self-determined and others determined from outside. For
instance, not everyone is free to enter a radiology department
towork asaradiologist. From an external perspective, thereare
legal requirements that the radiology department must observe
regarding professional credentialsin order to allow an applicant
to work as aradiologist. However thisis not enough. Based on
itspoliciesand principles, theradiology department itself should
also have a particular interest in hiring a new radiologist, such
asthe need to expand the workforce to meet growing demands.
Once hired, the radiol ogist becomes amember of asocial space
of work practice, in which membership signifieshavingto learn
the rules [7], business and clinical processes, policies, and
principles of the radiology department. Nonetheless, the
radiologist, with their professional and personal history also
has the potential to interfere and change the above mentioned
items. Similarly, this also occurs with anyone who interacts
with or within the social space of the radiology department,
including other professionals and patients.

Openness can be helpful to deal with situations of emergency,
particularly when they require alarge effort in reading images
that cannot be supported by alocal radiology department al one.
In this case, an open social spacefor radiology practice enables
the temporary mobilization of a taskforce for reading images,
with radiologists from the external environment being invited
tojoinit. The transmission of DICOM image studies by email,
like the experience related by Weisser et al [22], is an example
of an open infrastructure for radiology practice that can helpin
such mobilization. In principle, any radiologist having an email
account and atrustful digital certificate can join the effort, being
able to receive studies to read and to send reports in a secure
mode.
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Other kinds of interactions with the external environment are
more subtle, thanks to the openness of social spaces. Consider
the case of clinical research carried out by a radiology
department. Thefindings of such research need not be used only
to improve the work practice locally, but also externally, since
they are published through scientific conferences and journals
and arekept in digital libraries alongside the findings of clinical
research performed elsewhere, compounding a body of
knowledge. Thus, local findings are potentially ableto influence
the work practices of other (local) radiology departments.
However, it isworth noting that scientific societies, conferences,
and journals mediate this flow of information between (local)
radiology departments. In fact, they are also social spaces for
radiol ogy practice because people, organizations, and technical
componentsinteract when dealing with this body of knowledge.
It isthere that primary (eg, original papers) and secondary (eg,
books, reviews, clinical guidelines, technical standards) research
findings are discussed, peer-reviewed, and shared. As a socia
space, it isthere that cooperation and competition takes place,
recommendations are made, reputations are built, conflicts
emerge, and consensus is reached. Furthermore, the body of
knowledge collectively produced has an influence over thelocal
work practices of radiology departments, where, in general,
clinical research is conducted. This is feasible because the
boundaries of social spaces are permeable to their external
environment. Hence, at the same time, the environment is both
intimate and foreign (it is part of a social space, yet it remains
exterior to it), so that the intelligibility of a social space is
encountered not only in the social space itself, but also in its
relationship with the environment which is not simply of
dependence: it is congtitutive of it [28].

Essentially, the aforementioned social spaces, including their
relationships with the environment, comprise an information
infrastructure for radiology practice. In the past, the main form
with which to share scientific information was through the
means of physical delivery. Another way to share information
wasto attend scientific conferencesor visit aradiology service.
It may be stated that the sharing of scientific research
information through the radiological social space was quite
successful in the past. Nowadays, with advances in ICT, such
sharing has largely improved, not only by the ease of access
provided by digital networks and libraries, but also by the
support provided by ICT in conducting scientific research itself.
However, information published from clinical research has an
important property: it is aggregated information. Usually,
selected clinical and demographic data are collected from
patients as part of clinical research protocol performed in a
radiology department or within a group of radiology
departments. Such informationisusually processed by statistical
methods, summarized and analyzed locally by those responsible
for the research before the findings being published.
Consequently, scientific papers present clinical information in
a highly condensed and abstract manner. On one hand, this
facilitates the spread of information throughout the radiological
social space but on the other, it hinders access to private
information from the patients who took part in the research.
The outcome is that, taking into account the flow of scientific
information in the radiological socia space, there is no
significant tension between local and global. Thetension occurs
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when the clinical and demographic information that needs to
be shared belongs to one identifiable individual.

Social Radiology Information
Infrastructure Wrestles With the Inertia of
an Installed Base

According to Star and Ruhleder [7], an information
infrastructure is built on an installed base and wrestles with the
inertia of this base, inheriting both its strengths and
shortcomings. In the case of scientific information flowing into
theradiological social space, ICTs, particularly the Internet and
the Web, were introduced within an installed base that was
mostly transposed to a virtual world, such as e-malils,
e-documents, digital libraries, e-subscriptions, e-publishers,
ereaders, and information systems to support scientific
workflow. In short, the ease with which scientific information
was commonly exchanged among local social spaces became
even greater after the advent of ICTs, due to its growing
pervasiveness. The ICT infrastructure to support radiology
practices that deal with personal and identifiable clinical and
demographic information was also built on an installed base.
However, in this case, the radiological workflow, which deals
with thiskind of information, was traditionally confined to the
boundaries of the radiology department. Before the advent of
ICTs, the steps of the radiological workflow were performed
within the physical space of the radiology department, where
the generated medical images were made available on film and
reports were written on paper. For situations requiring the
opinion of a remote subspecialist radiologist, as in complex
cases, the transmission of medical images over distance (ie,
teleradiology) was not common due to technical difficulties of
transmission, high costs, and poor image quality. In general,
medical boards were formed to discuss complex cases with
radiologists and other physicians from the local practice
community of the radiology department or hospital. Concerns
with the violation of patient confidentiality due to leaking
sensitive clinical information also contributed to keeping the
imaging studieswithin the confines of the radiology department
that produced them.

Therefore, when ICTs were introduced into the radiology
department to deal with personal and identifiable clinical and
demographic information, they were used to support radiology
practices that usually worked on alocal basis. The examples
include: (1) medical images generated on film were replaced
by direct digital capture to produce adigital image availablein
DICOM standard format; (2) management of the physical films
of medical imagesin the radiology department was replaced by
PACS working according to DICOM requirements for image
communi cation between individual components, such asimaging
equipment, diagnostic and post-processing workstations, archive
systems, and image distribution workplaces [10,11]; (3) the
radiological workflow was mostly transposed to RIS/PACS,
comprising software modules for creating orders, scheduling,
reading, reporting, medical coding, recording services, and
interfacing for billing systems, among others[11].
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For cases in which teleradiology was required, it was only in
the early 2000s that ICTs were ready for real clinica
applications [10]. In general, teleradiology activities were
supported by projects that created advanced infrastructures,
although they were not sustainable, since they depended on
short-term external resourcesthat did not remain available after
the end of the project [17]. In addition, such activities were
conducted outside the radiology department routine, and did
not complement it or become integrated. Thrall [8] reminds us
that certain teleradiology efforts from the 1960s until the
mid-1990s presented a relatively low performance as the cost
of computers and data transmission were high, image quality
was poor, and logistics were cumbersome. These efforts were
unsustainable without external funding, and the clinical
applicability in radiology work practices was very limited. By
contrast, since the mid-1990s, particul arly after the early 2000s,
the evolution of ICTs provided a set of enhancements that
enabled, in principle, an effective, sustainable use of
teleradiology [8] as exemplified: (1) the availability of
high-performance/low-cost personal workstations for image

processing and display; (2) the availability of
high-performance/low-cost storage and

communications/computer networks like the Internet; (3)
improvements in image compression algorithms and
transmission techniques; (4) widespread use of PACS/DICOM
by radiology departments.

While there is a inertia that confines the radiology work
practices to the local social space of the radiology department,
even after the arrival of |CTsthe af orementioned enhancements
bring very attractive opportunities to displace such work
practices from thelocal to the global. In other words, they offer
opportunities to disrupt the physical contiguity of the place
where radiology work practices are usualy performed.
Fragments of the place need to be rearranged into a network in
order to allow continuity of the work practices. In fact, thereis
still amovement in progress towards changing from a space of
places to a space of flows, in terms of Castells nomenclature
[29]. The space of places (ie, the local socia space of the
radiol ogy department) organizes experience and activity around
the confines of alocality, while the space of flowselectronically
associ ates separate placesin an interactive network that connects
activitiesand peoplein distinct geographical contexts[30], that
is, the global social space for radiology practice.

Current Teleradiology Models are not
Information Infrastructures for Social
Radiology

The movement against local inertia does not result in the social
space vanishing from the radiol ogy department. Infact, it results
in its transformation by the new possibilities of organizing
people, activities and structures. Today’s common tel eradiology
models illustrate some of these possibilities [8,10,18]:

1. Night-hawking/On-call/Off-hour reading: thesetermsrefer
to providing on-call coverage for image interpretation,
particularly during off-hours, when the availability of
radiol ogists on examination sitesis scarce. Itisclear inthe
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model that the radiology department has its own staff of
radiologists, and on-call coverageis provided by designated
members of the staff or by outsourced radiologists from a
teleradiology company. In this last case, it is common to
read images overnight in another country, taking advantage
of adifferent time zone and lower costs.

2. Regional PACS this model uses WAN to integrate local
PACS or DICOM workstations from remote locations. It
is typical for inter-hospital PACS for instance, when
hospitals or health care centers have branches or satellite
image centers, when they form business alliances, or when
they are under the umbrellaof alarge public health system.
It is a current solution for developing national and
international radiology networks.

3. Radiology outsourcing: a model in which a teleradiology
company takes care of the radiology service when
interpretations are not available on site. In general, the hired
company is in a cost-efficient location and may provide
teleradiology equipment, image storage and technical
support in addition to remote image interpretation by
radiologists.

Although these models impact the inertia that confines the
radiology work practices to the radiology department, they do
not truly configure as an emergent information infrastructure
for social radiology.

For the above listed items, in model (1), teleradiology does not
substantially affect the usual work practices of the radiology
department that takes advantage of it in two ways [8]. Firstly,
by offering timely radiology coverage to referring physicians
and patients, regardless of the availability of internal on-site
staff, and secondly, by improving the usage of the workforce
when the radiology department has its own 24-hour staff
coverage, taking advantage of thisto offer image interpretation
services to third parties. In short, teleradiology model (1) is
used as a convenience, to enhance the usage of the local
workforce, or to maintain areasonablework lifefor local staff.

Teleradiology model (2) lacks the flexibility required by an
information infrastructure. Theintegration of several local PACS
is driven by the business concerns of a relatively small group
of hospitals or health care centers, not by the true concern for
sharing medical images in general. The difficulties of sharing
images outside the regional PACS domain remain, as much of
the conventional PACS inertia is inherited [18]. For instance,
a common approach is to have a VPN via WAN connecting
branches and satellite image centers to the central PACS of a
main hospital. In this case, a regional PACS is essentially a
conventional, but huge PACS [18]. For the case of business
aliances involving few hospitals, customized solutions to
integrate their PACS are common, but there are problems of
interoperability. The alignment of business interests among the
participants of aregional PACS, on the other hand, facilitates
sharing efforts and cooperation because a trust relationship is
apriori established. In spite of this, the regional PACSismerely
an integration of local PACS among organizations with a great
interest in such sharing, offering nothing new in relation to
conventional PACS. High inertia to planning and maintaining
regional PACS hampers the flexibility and dynamism required
to support the spontaneous formation of temporary or permanent
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practice aliances of health professionals and organizations
motivated by the interest in patient care. In sum, teleradiology
model (2) does not significantly affect local work practices, nor
does it facilitate the exploration of new possibilities for
radiology work practices outside the domain of regional PACS
members.

Finally, the main problem in model (3) is the dependence on a
single company that, in general, provides an ad hoc
infrastructure for teleradiol ogy suited for making easy, fast, and
cheap connections with clients. The design of such solutions
tends to beinflexible, and does not address the compl exities of
interoperability, because teleradiology companies generally
have no interest in sharing images with external entities. Even
so, thismodel of teleradiology may impact thelocal socia space
of radiology work practice becauseit displaces the radiol ogists
from the point of patient care to another location. Motivations
for this displacement (ie, the absence of interpretations on site)
are of alogistical and economic nature. Logistical motivation
isaclassic case for employing teleradiology: remote areas (eg,
rural, difficult to reach and possibly with only non-radiol ogist
physicians) using a remote service for image interpretation by
radiologists, including emergency situations and for second
opinions. The impact in this case is positive. The economic
motivation, on the other hand, aims to reduce the costs of
maintaining an onsite team of radiologists. Loca staff is
replaced by remote radiologists hired by teleradiology
companies situated in a cost-efficient location. One criticism
of this last motivation is that it leads radiology work practice
towards commoditization (assembly-line approach), as
teleradiology companies and hospitals seek to maximize
financial gain, without due concern for consultative skills, the
necessary assessment or quality control provided by radiologists
[15].

Reconciling the Global With the Local

Essentialy, in such common tel eradiology models, work practice
from the confines of locality isnot truly reconciled into a space
of flowsto form aglobal social spacefor radiology. While they
fragment the physical contiguity of the place where radiology
work practice is performed, such fragments somehow remain
close, duetolocal inertia. Asaresult, theimpediment of sharing
medical imaging studieswith other localitiesremains high, since
tension between the local and global persists, thus hindering
the emergence of social radiology as an information
infrastructure.

Observing from the perspective of Marc Berg's Rationalizing
Medicine [31], there was a convergence between technol ogical
tools and radiology practice when ICTs were introduced in
radiology departments. The very creation of the DICOM
standard, PACS and RIS as well as new or reshaped radiology
practices, commonly found today on loca radiology
departments, was “not pre-given, but emerged in and through
the development and intertwining of networks’ [31], involving
health professionals, technicians, patients, organizations, among
other stakeholders. Such convergence, on the other hand, was
not observed in the common teleradiology models presented
beforehand in order to signal aseamlessintegration of local and
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global into an emerging information infrastructure for radiol ogy
practice. This suggeststhat such models are some of the “ many
loose ends’ that confronts processes of convergence [31], still
in progresstowards social radiology information infrastructure.

An effective information infrastructure for radiology practice
should facilitate social interaction regardless of any kind of
business aliances among health care organizations. Here,
reconciliation between local and global signifies teleradiology
as an integral part of PACS, being the notion of (local) PACS
and (global) teleradiology transparent, with digital imaging
without the constraints of distance becoming a true radiology
standard [18]. In fact, this facilitation will be reached insofar
astheinformation infrastructureis shared, open, heterogeneous,
secure, and evolving, forming a sociotechnical system of
information technol ogy.

A shared information infrastructure means considering it as a
public good [2], and not belonging to a single company or
organization, but shared across multiple communities in many,
unexpected ways[1]. An open information infrastructure means
that it has permeable boundaries, which allow interactionswith
an external environment in intricate, unexpected manners and
contexts. In fact, the boundaries are not clear enough to
distinguish those that may use the information infrastructure
and those that may not, nor those that may design the
information infrastructure and those that may not [1].
Heterogeneity reflects the great social and technical diversity
afforded by an open, shared information infrastructure, able to
include agrowing number of entities such asuser communities,
operators, governance and standardization bodies, and design
communities[1,4]. A secureinformation infrastructure signifies
the capability of establishing trust among the entities of which
it iscomposed, in consideration of legal and ethical issues such
as patient privacy, confidentiality, integrity and ownership of
clinical data, licensure, accreditation and liability of health
professionals and organizations [16]. The experience of the
DICOM email in Germany [22] is an example of an open and
loosely coupled infrastructure for teleradiology that addressed
such security issues. Finally, an evolving information
infrastructure signifies considering it as emerging from the
continuous interplay of people, organizations and technical
componentsin aconcurrent process of design and redesign [26].

In point of fact, social radiology as aninformation infrastructure
(Figure 2) isa socia space of static and dynamic interactions
for radiology practice where people, organizations and technical
components are associated to activities and structures forming
asociotechnical system of information technology that is shared,
open, heterogeneous, secure, and evolving. It may enable the
reorgani zation of radiology work practiceinto cyberspace (space
of flows) to form a global social space for radiology that
surpasses current teleradiology models. As a sociotechnical
system of information technology, it is a basis for social
computing that may provide value way beyond that offered by
purely IT systems, since user-generated content is exploitable
not only by the users, but by the information infrastructure itself
[32].

The information infrastructure may be of value by producing
faster results due to multiplying effort [32]. For instance, the
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information infrastructure may facilitate the spontaneous
formation of small groups of subspecialist radiologiststo provide
expert consultations [15]. The agglutination of such groups to
form larger groups may additionally provide 24/7 coverage for
several small organizations and thus, the responsibility for
off-hour emergency examinations, shared and spread over a
large number of people, is able to enhance productivity of local
workforce usage while maintaining areasonablework load [33].
By being open and shared, a social radiology information
infrastructure empowers radiol ogiststo cometogether to provide
professional services without the need of a teleradiology
company acting as a broker.

The information infrastructure may aso be of value by
producing high quality results becauseit enablestheintegration
of knowledge from multiple professionalswith diverse expertise
[32]. The existence of networks of groups of subspecialists
favors the development of a culture of reciprocity in asking
colleaguesfor advice and second opinions[33]. Indeed, it favors
the creation of new models for assessing the quality of the
radiologist’s work and for peer review [34], as they have been
challenged by referring physicians and health care organizations
to demonstrate the quality and accuracy of their interpretations
more objectively [8]. This may result in solutions that tackle
the problem of commaoditization in radiology by enhancing the
work of the radiologists while considering patient benefit
essential [15]. In addition, the pursuing for quality favorsgroups
of subspecialists to create their own culture and standards for
reading images. As such, the different cultures for reading
images present in local radiology departments can also happen
in the cyberspace because an open, heterogeneous and flexible
information infrastructure enables such diversity.

Another way in which the information infrastructure may be of
value is by producing results that are perceived as more
legitimate because they represent a community [32]. For
instance, a group of radiologists that provides expertise
consultation is part of acommunity that may assess the results
produced by the members of the group using some kind of
socialy constructed recommender system. Such a system is
socialy constructed, as it reflects a congruence between the
behavior of the members of the group of radiologists (legitimate
entity) and the (assumedly) shared beliefs of the community;
therefore legitimacy depends on a collective audience, although
it is independent of particular observers [35]. In this sense,
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legitimacy is seen asasocial judgment of acceptance, suitability
and desirability [36]. A basic premise to this is that the
individuals of the community have an identity to enable
interaction and communication, and association with the
information produced [32], as legitimacy is dependent on an
individual’s history of events[35]. In fact, involvement of the
community in building legitimacy for the radiology practiceis
essential so asto reinforce the growth and sustainability of the
very community in the radiology social space, because
legitimacy is an important factor for attracting resources from
the external environment to maintain such growth and
sustainability [36]. It is also important to empower patientsin
the relationship with radiology practice, either by providing
information to support decision-making, such as choosing an
expert for a second opinion, or by offering the possibility to
evaluate the actions of a professional.

Finaly, the information infrastructure may be of value by
executing tasksthat require exclusively human abilities, beyond
the capacity of purely IT systems [32]. This is the case of
interpreting medical images, a complex task that IT systems
generally cannot perform alone. The task involves the process
of image perception to identify abnormal patterns, followed by
characterization and interpretation of those patterns[37], which
depend heavily on empirical knowledge, memory, intuition,
and diligence of the radiologist [38]. Despite this,
computer-aided diagnosis (CAD) can beahel pful tool to support
the radiologists in decision making, particularly in the process
of identifying abnormal patterns. For example, studies have
demonstrated improved diagnostic sensitivity with the use of
CAD for assessing breast nodules, although with increased
false-positive results [37]. This CAD could be useful in
large-scale breast screening programs to pre-select imaging
studieswhere possible breast nodul eswere detected, to distribute
them among a taskforce of radiologists from groups of
subspecialists who provide expertise consultation to the social
radiology information infrastructure. The radiologists would
use the CAD results as a “double-check” and in such a case,
with increased false-positive results, this may help to reduce
inter-observer variability among radiologists [37]. It is
noteworthy that the final decision lies with the radiologists,
providing additional value due to the synergistic effect of
combining theradiologist’sskillsand the I T system’s capability
[39].
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Figure 2. Social radiology as an information infrastructure.
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Towards Social Radiology as an
Information Infrastructure

This article explores the concept of social radiology as an
information infrastructure, showing that the persistent tension
between the local and global demands for radiology practiceis
an impediment for the emergence of such an information
infrastructure. Tension persists due to the inertia of locally
installed bases in radiology departments, for which common
teleradiology models are not truly capable of reorganizing as a
global socia space for radiology practice. Reconciliation
between local and global will facilitate the sharing of medical
imaging studies beyond local domains, allowing the spontaneous
formation of temporary or permanent practice alliances of
(groups of) health professionals and organizationsin aflexible
and dynamic manner. With this reconciliation, the conceptual
boundaries between (local) PACS and (global) teleradiology
will vanish, signaling the emergence of social radiology as an
information infrastructure.

The challenge is how to induce a movement to build social
radiology as an information infrastructure, considering that it
involves addressing a variety of issues, which are beyond the
local and global tension examined in this article, for example,
thetension between social and technical demandsfor radiology
practice that arises among members of users and design
communities, governance and standardization bodies, and health
care organizations. More specificaly, thistension is present in
the sociotechnical process of developing information
infrastructure standards that increases irreversibility in the use
of technologies (eg, DICOM) while being open to further change

Motta

Social space for
. | radiology practice
A
A

Static and dynamic interactions

Heterogeneous

and supporting flexibility of use[40]. Thissociotechnical tension
isalso present in the rel ationship between user and open source
software communities with traditional companies of medical
imaging software [41]. Individual versus community demands
are also a source of tension [2], and must be addressed in the
move to build social radiology as an information infrastructure
as well as security questions concerning the establishment of
trust among the sociotechnical entities comprising the
information infrastructure.

In the face of all these issues, recent advances in information
infrastructure research [1-7], particularly in information
infrastructure design theories [42], provide a promising way
towards solutionsfor building social radiology asan information
infrastructure. The design theory for dynamic complexity in
information infrastructure [1] is a normative design theory
systematized from empirical descriptions of the evolution of
information infrastructures that tackles dynamic complexity in
the design for information infrastructures, defined as a
sociotechnical system of information technology. According to
the proposed theory, information infrastructures have
evolutionary dynamics that are nonlinear, path dependent and
influenced by unbounded user and designer learning, aswell as
by network effects. In addition, information infrastructures are
regulated by emergent, distributed, episodic forms of control.
Therefore, information infrastructure design theory is aligned
with a new view of health systems (such as a socia radiology
information infrastructure) as complex adaptive systems[17,43].
However, more research is needed regarding the application of
design theories aimed at building information infrastructures
for health systems, especialy, socid radiology.
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Abstract

Background: TheUnified Medical Language System (UMLS) contains many important ontologiesin which termsare connected
by semantic relations. For many studies on the relationships between biomedical concepts, the use of transitively associated
information from ontologies and the UML S has been shown to be effective. Although there are afew tools and methods available
for extracting transitive relationships from the UMLS, they usually have major restrictions on the length of transitive relations
or on the number of data sources.

Objective: Our goa was to design an efficient online platform that enables efficient studies on the conceptual relationships
between any medical terms.

Methods: To overcome the restrictions of available methods and to facilitate studies on the conceptual relationships between
medical terms, we devel oped aWeb platform, onGrid, that supports efficient transitive queries and conceptual relationship studies
using the UMLS. Thisframework usesthe latest technique in converting natural language queriesinto UMLS concepts, performs
efficient transitive queries, and visualizes the result paths. It also dynamically builds a relationship matrix for two sets of input
biomedical terms. We are thus able to perform effective studies on conceptual relationships between medical terms based on their
relationship matrix.

Results: The advantage of onGrid isthat it can be applied to study any two sets of biomedical concept relations and the relations
within one set of biomedical concepts. We use onGrid to study the disease-disease rel ationshipsin the Online Mendelian Inheritance
in Man (OMIM). By crossvalidating our results with an external database, the Comparative Toxicogenomics Database (CTD),
we demonstrated that onGrid is effective for the study of conceptual relationships between medical terms.

Conclusions: onGrid is an efficient tool for querying the UMLS for transitive relations, studying the relationship between
medical terms, and generating hypotheses.

(JMIR Med Inform 2014;2(2):€23) doi:10.2196/medinform.3387
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Introduction

Since Swanson'’s discovery of the connection between fish oil
and Raynaud's syndrome via blood viscosity [1], transitive
associations have been important sources of hypothesis
generation in biomedical science. In Swanson’s paradigm, an
association between concepts A and C may be possible if both
are related to a third concept, B. A number of discoveries and
hypotheses have been made under this model. For instance,
Hristovski et a proposed literature-based discovery to search
disease candidate genes [2], to investigate drug mechanisms
[3], and to identify novel therapeutic approaches[4]. Asanother
example, Petric et a used this model to study autism by
literature mining and found the connection between autism and
calcineurin [5]. With the Unified Medical Language System
(UMLS), such transitive associ ation studies are becoming more
efficient and powerful in generating novel hypotheses.

In biomedical science, the UMLS [6] is the largest thesaurus
widely used in various applications. It is a collection of more
than 160 source vocabularies (version 2012AA). The UMLS
consists of three parts: the Metathesaurus, Semantic network,
and Specialist lexicon. The Metathesaurus is the main body of
the UML S and has over 2 million concepts, each with aconcept
uniqueidentifier (CUI), and over 15 million links (associations)
between pairs of CUls. The UMLS Terminology Services
(UTS), hosted by the National Library of Medicine, provides
an online query tool for these concepts under its M etathesaurus
browser. To make use of the rich information contained in the
UMLS, the interactive biomedical discovery support system
(BITOLA) developed by Hristovski et al [2,7] supportstheinput
of UMLS CuUIs, concept, semantic types, and chromosome
locations, in searching for hypothetic relations such as disease
candidate genes.

BITOLA is based on Swanson’'s one transitive relationship
model. It is quite natural to ask if multiple transitive
relationshipswill generate more rich hypotheses. Wilkowski et
al [8] showed that by extracting paths from a graph modeling
the concept relations, it is possible to extend this one transitive
relationship model to a multiple-transitive relationship model
for novel hypothesis discovery. For the UMLS, if we consider
each CUI asavertex, and links connecting two CUIs as an edge,
we obtain a graph modeling the UMLS. The transitively
associated queries on the UMLS can be regarded as querieson
the UMLS graph. In fact, a number of works [9-14] have
successfully used multiple-transitive relationshipsin the UMLS
to study the closeness between two medical concepts. However,
these works have two major limitations.

First, similar to [8], they rely on ad-hoc path search algorithms,
such as Depth-First Search (DFS), which limit their searching
ability on very large graphs. This is because the running time
of DFS or similar ad-hoc search algorithms is proportional to
the size of the graph being searched. As a result, it is not
efficient to perform alarge number of searcheson alarge graph
using these algorithms. Thus, these works put major limitations
on their search ranges, such as within a very small number of
data sources in the UMLS, or very short search paths (eg, no
more than 5 concepts in a path in [11]), to reduce the search
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space and thusto reduce the search time. Second, they generally
rely on the distance to determine the closeness between two
concepts. Since the distance between two conceptsis determined
by the shortest transitive relationship(s) and does not take into
account other non-shortest transitive relationships, a false
shortest transitive relationship may nullify the whole hypothesis.
Given this observation, we conclude that thisis not as reliable
as a measurement on a large collection of paths. In fact, the
effective measurement of relationship between two conceptsin
[2] and [15] can be viewed as ameasurement on a collection of
very short paths.

To overcome the two limitations, we developed a
k-neighborhood Decentralization Labeling Scheme (kDLS) to
efficiently index the UMLS [16]. KDLS supports efficient
path/distance queries on the whole UMLS, as well as a
measurement on the closeness between any two UML S concepts
by a collection of paths found between them. Efficiently
guerying such a large graph is a significant challenge for the
graph database community. In fact, even the very recent graph
indexing scheme [17] does not demonstrate the ability to
efficiently answer distance queries on graphs with similar size
and density. KDL S utilizesthe power-law property of the UMLS
for designing the indexing algorithm and turns out to be very
effective in indexing the UMLS for both answering graph
gueries and discovering knowledge. Explained briefly, the
indexing algorithm of KDL S iteratively removes a high degree
vertex from the UMLS graph and broadcasts itsinformation to
the remaining vertices in the k neighborhood of the removed
vertex. When theindexing ends, each vertex hasalist of records
that is considered its label. By comparing the labels of two
vertices, it is possible to find a collection of paths (including
but not limited to shortest paths) between the two vertices. We
have proven that kDL Sisguaranteed to find at |east one shortest
path if the two vertices are within k hops on the UML S graph.
On average, the number of paths discovered by KDL S is much
larger than by the DFS or the Breadth-First Search (BFS), as
we have shown previously [16]. Subsequently, the measurement
between two concepts is based on the number of paths
discovered aswell astheir lengths. KDL S has demonstrated its
power in medical concept coreferenceresolutionin clinical text
[18].

However, kDLS has several mgjor disadvantages: (1) it does
not take into account the semantic networks in the UMLS
ontologies, (2) it doesnot accept natural language—based queries,
and only accepts queries on UMLS CUIs, and (3) it is time
costly and difficult to configure and use kDLS for one study,
regardless of the size of the study. To address these
disadvantages, we developed an efficient online conceptual
study platform using Graph indexing, onGrid, to study the
conceptual relationships between biomedical terms.

Methods

System Framework

The cost to load the kDL Sindex isamajor limitation of kDL S.
Typically, it requires more than 20GB of memory [16] and takes
several hoursto load the kDL Sindex into memory beforeit can
be used to efficiently answer queries and output discovered
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results. To provide an efficient solution for studies on conceptual
relationships between medical terms, we developed onGrid, an
online conceptual study platform using Graph indexing. onGrid
provides a user-friendly Web interface to accept natural
language-based queries and convert the queries to index-based
searching on the UML S and is expected to support future graph
index engines on the UMLS. In addition, we proposed a new
indexing method for onGrid that takesinto account the concept
semantic types, and our study on conceptual disease
relationships demonstrated the advantages of the proposed
indexing method over the original kDL S indexing method.

The general framework of onGrid consists of two parts: the
client side, which was implemented in JavaScript and PHP
(Hypertext Preprocessor), and the server side, which was
implemented in C++, agenera purpose programming language.
Theclient side receives query reguestsfrom users and transmits

Figure 1. Flowchart of the onGrid framework.
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them to the server, which then executes the query requests and
sendsthe results back to the client. This design pushesthe light
and fast pre-computation and post-computation tasks to the
client side, which has limited resources, and the
computing-intensive tasks to the server. To redlize this, the
server side program first loads the graph index into memory
and iteratively checks for new requests from the client side.
Once anew query request is received, the server side program
dispatches anew thread to handle the request by using theloaded
graph index. When the thread completes the request, it saves
the results to be retrieved from the client. We use a MySQL
database astheinterface to facilitate the communication between
the client side and the server side. All requests and results are
posted to the database, which is regularly checked by both the
server and client side programs. The flowchart of the system
framework isillustrated in Figure 1.

- J'.. ‘
web

request checking check
program requests
)
new query o] results
B results @ |:E> o
thread to compute results |——> web

based on graph labels

indexing ﬁ

g Graph Labels

Graph Data

Web-Based Natural L anguage Processing

To enable natural language-based queries on the UMLS, we
developed LDPMap [19], a layered dynamic programming
approach that maps a biomedical concept to a UMLS concept.
Since UMLSisvery comprehensive, nearly all medical concepts
can find their corresponding part inthe UMLS. Our study shows
that LDPMap is an effective tool for mapping a biomedical
concept toaUMLS concept. Inthiswork, weintegrate LDPMap
into onGrid such that biomedical terms in a query will be
mapped to UMLS concepts before the query is executed. To
avoid mapping errors, the system will automatically provide a
list of mapped UMLS terms with CUIs in order of relevance
for querying the rel ationship between two medical terms. Users
can accurately select the terms for further querying.

Network Visualization

Querying for relationships between two concepts returns a
collection of paths between two query concepts. To provide
usersintuition on the path query results, onGrid visualizes the
shortest paths among these paths. Visualizing all paths may not
be feasible because the path query results often contain
thousands of paths or more, which are hardly discernible
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considering the visual clutter. On visualizing the shortest paths
between two verticesu and v, we organize all verticesthat have
the same distance to vertex u (or v) into a set S, where S, =
Upop i XXOp, distance(x,u)=k} (P'(u,v) isthe set of shortest
paths among the collection of paths between uand v. All vertices
inaset S will bevisualized on aline perpendicular to the line
connecting u and v. In thisway, we are not only ableto observe
paths connecting two vertices but also observe shared vertices
and edges among those paths.

Concept Similarity M easurement

To measure the closeness between two concepts, onGrid takes
into account the semantic type of each concept (vertex). UMLS
(version 2012AA) has a total of 133 concept semantic types
such as “Event”, “Disease or Syndrome’, etc. They are
organized in a directed acyclic graph known as the UMLS
concept semantic network. The semantic types closer to the root
level are more abstract than those closer to the leaf level.
Abstract semantic types are more likely to be related to alarge
number of concepts, and therefore we consider such
relationshipsweak. To put more emphasi s on concrete concepts
in apath, the closeness between two concepts are measured by:
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R(U’V):ZpDP(u,v)n xng(X)

where P(u,v) is the collection of all paths between u and v
discovered by kDLS, excluding paths with lengths equal to 1.
g(X) isthe semantic function on vertex (concept) x. Inthe onGrid
implementation, we let g(x) = 1/h where h is the reverse
topological level of vertex x. All leavesin the concept semantic
network have reverse topological level 1. After removing all
these leaves, all new leaves in the new network have reverse
topological order 2. Iteratively applying this approach, we can
determine a reverse topological level for all concept semantic
types. When one concept has multiple semantic types, weassign
the concept a semantic type closest to the leaves of the concept
semantic network. Under this measurement, two concepts are
likely to be close if there are many short and concrete paths
between them.

Results

Transitive Relationship Queriesand Visualization

onGrid supports both graph queries and conceptual relationship
studies on UMLS data sources. For graph queries, it supports

Albinet d

distance and shortest path queries on aconceptua network built
upon UML S data sources. To use this function, users can input
a start biomedical concept (or CUI) and an end biomedical
concept (or CUI), in which the system will output shortest paths
visualized in a network structure. Figure 2 provides an
illustration of such a network of structured paths between
Peptide Metabolism (Semantic Type: Molecular Function) and
Digestive System Disorders (Semantic Type: Disease or
Syndrome). Users can choose to see an edge’'s semantic type
by moving their mouse to an edge (eg,
Sacrosidase—"may_treat”—Digestive System Disorders), or
simply selecting the option to show all of them.

In the current version, the basic settings of onGrid, including
neighborhood search range, sink and source vertex handling,
and semantic restrictions, follow our preliminary study [16],
which demonstrates that this setting is cost-effective for
knowledge discovery on the UMLS. In this setting, since k is
configured to be 6, the system guarantees finding exact distances
no more than 6 hops, or at least one shortest path no more than
6 hops, on the underlying graph built upon the selected UMLS
data sources.

Figure2. Anillustration of visualized paths between two biomedica concepts.

Protein Metabolism Process Ingtilin

Drugggleray Sacrgsidase

Diabetes Mellitus, Insulin-Dependent

acylaminoatyl-peptidase Liing

Peptide Metabolism

Celiac Disease
Liver

Digestive System Disorders

CEH metabolic toxin panel:Massi@oncentration:Point in time:Urine:-

Metabolic Progess, Cellular

APEHW Allele HomofSapiens

Large Scale Relationship Matrix Generation

In addition to the path queries, onGrid supports powerful
conceptual relationship studies by allowing users to input two
sets of biomedical concepts (or CUIS) and builds a distance
heatmap/matrix as well as a relationship heatmap/matrix (as
illustrated in Figure 3).

The distance heatmap provides a distance between every two
concepts. However, distance alone may not be a good
measurement for the relationships between medical concepts.
Thus, onGrid provides the relationship heatmap using the
concept rel ationship measurement function R(u,v) defined above,
which extends the measurement in [16] by giving more weight
to concrete paths, that is, paths with fewer abstract concepts.
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Liver diseases

Urine

Flatalence

cytotoxic T-lymphocyte antigen 4

Similar to [16], paths with only one edge (ie, direct relations)
are not counted in R(u,v) to avoid bias towards existing
knowledge. Below we examine alarge scal e study on conceptual
relationships between medical terms that uses the relationship
matrix generated under this measurement. Finaly, onGrid
provides a very convenient feature for exploring these two
matrices. If users are interested in any particular pair of CUIs,
they can click the corresponding unit and onGrid will provide
the result for the shortest path query on those two medical
concepts.

onGrid also supports studies on large sets of medical concepts
for users who wish to use this functionality due to the large
amount of processing time required. onGrid supportsthesetypes
of applications by allowing users to upload files, track their
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jobs, and download the results (avalid email addressisrequired

Albin et a

for these purposes).

Figure 3. An example of relationship matrix and distance matrix generated by onGrid (in the relationship matrix, a higher number means a closer

relationship).

(Click number to see specific path)

cul C1337910 C1531912 CO0T9419 TP33 C0919524 ATM C0376571 BRCA1 ~ C1333544 FGFR4
MIRLETTA1 gene MIRLETTA3 gene gene gene gene gene

C15337734 MIR29B2 0.54867 0.310956 0.437718 0.467235
gene
C1835840 MIR29B1 0.519685 0.301264 0.433012 0.456817
gene
C1537910 0.565463 0.942868
MIRLETTA1 gene
C1537912 0.565463 0.942868
MIRLETTA3 gene
C0812286 NFKB2 0.803636 0.803636 0.441373 0.557987 0.724573 0.134738
gene
C15337797 MIR143 0.849234 0.294521 0.434656 0.206975
gene

Distance Matrix:

(Click number to see specific path)
cul C1537910 C15337912 CO0T9419 TP53 C0919524 ATM C0376571 BRCA1  C1333544 FGFR4

MIRLETTA1 gene MIRLETTA3 gene gene gene gene gene

C15337734 MIR29B2
gene

C1835840 MIR29B1
gene

C1537910
MIRLETTA1 gene

C1537912
MIRLETTA3 gene

C0812286 NFKB2
gene

C1537797 MIR143
gene

Validating onGrid by Studying Conceptual
Relationships Between Diseases

onGrid can be applied to study the relationsin a set of medical
concepts or between two sets of medical concepts. To carry out
the study, one can map these concepts to ontology termsin the
UML Susing the natural language processing method described
above and then generate a relationship matrix for these terms.
In order to crossvalidate our results by an available source, we
used onGrid to study the disease relationships in the Online
Mendelian Inheritancein Man (OMIM) ontology dataset, which
is a database collection of diseases with a genetic component.
First, we use onGrid (on the full UMLS data source
configuration) to generate arelationship matrix between diseases
in OMIM and genes in the Human Genome Organization
(HUGO). Then, given athreshold &, we are able to convert the
relationship matrix into a0-1 relationship matrix. We construct
weighted relations T over OMIM diseases by the number of
genes shared by two diseasesin the 0-1 relationship matrix. To
crossvalidate our results, we build the same weighted disease
relations Son the Comparative Toxicogenomics Database (CTD)
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[20]. We use fold enrichment to measure our results. The fold
enrichment function isdefined asf(a) = (IS () )/|S/(|T()|/|T))
where S = Sn'T; S(a) isthe number of elementsin Sthat are
ranked in the top a percent of T according to the weight of
disease pairs; T(a) isthe number of elementsin T that are ranked
in the top a percent of T. It is quite intuitive that f(a) will be
closeto 1 if T israndom, and if f(a) is much larger than 1, it
suggests that T is statistically significant with respect to S.

Here we give a small hypothetical example to illustrate the
above fold enrichment measurement. Let T = (<A,B>, <A,C>
,<B,D>, <EF>, <AE>,<B,C>,<B,E>,<D,E>, <D,F>,
<C,D>), which contains 10 pairs of diseases ranked in the
descending order of their closeness. Let S= {<A,C>, <B,D>,
<A B>, <E,F>, <H,G>, <E,H>}, which contains six pairs of
confirmed disease pairs. Then S= SnT = {<A,C>, <B,D>,
<AE>, <E,F>}, and S(a = 20%) = {<A,C>}. Thus, the fold
enrichment at a = 20% isf(a = 20%) = (IS (a))/|S/(|T()|/|T))
= (U4)/(2/10) = 1.25, and the maximum fold enrichment f(a)
= 3.75 (when a = 40%).
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Thefold enrichment results of the OMIM disease rel ationships
generated by onGrid with respect to CTD are provided in
Figures 4 and 5. To understand the advantage of onGrid over
kDLS, we aso include the kDL S in the study.

From Figures 4 and 5, we can see that fold enrichment values
are much larger than 1. They generally increase when the
threshold d increases. This is because when the threshold & is
high, only the disease pairs sharing the most genes (ie, most
significant disease-disease pairs) are left for study. Thus, to
avoid studying too few disease pairs, the thresholdsin this study
were set to an upper limit. We al so noticed that these values get
smaller when percentage a increases. This is understandable
because according to the definition, when a increases, the
difference between the numerator and denominator tendsto get

Table 1. Corresponding thresholds 6 for kDL S and onGrid.

Albinet d

smaller, and f(a) = 1 when a = 100. Thesefold enrichment tests
suggest that the disease pair results obtained by onGrid are
statistically significant in the crossvalidation with an external
dataset, CTD.

In addition, Figures 4 and 5 include corresponding results
generated from the original kDLS algorithm (indicated by
dashed lines). To ensure the results are comparable, the
percentiles of relationships (ie, entries) for & thresholds in the
onGrid matrices were obtained and used to determine
appropriate & values for the kDLS matrices. Table 1 lists their
respective & values for each threshold level. onGrid tends to
generate higher fold enrichment values for each respective a,
suggesting that incorporating semantic types leads to more
focused and correlated diseases and genes.

Threshold level o for onGrid 6 for kDLS
1 0.45 0.73
2 0.5 0.8
3 0.55 0.87
4 0.6 0.93
5 0.65 1

6 0.7 1.08
7 0.75 1.15
8 0.8 123
9 0.85 1.29
10 0.9 135
11 0.95 141
12 1 1.48
13 1.05 153
14 11 1.59
15 1.15 1.68
16 12 174
17 125 1.82
18 13 19
19 135 2

20 14 2.07
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Figure4. Maximum Fold Enrichment for both kDL S and onGrid.
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ComparingonGrid and Compar ative Toxicogenomics
Database on Conceptual Disease Relationships

We are able to further study any interested diseases to observe
other diseases most related to them. For demonstration purposes,
we use adenocarcinoma of lung and glioblastomain this study.
The relationship between two diseases is measured by the
number of genes shared between them. This measurement can
be used to study the disease relationshipsin both onGrid results
and in the CTD. According to the role of the threshold 8, one
can infer that when & decreases the differences among
relationships (ie, edge thickness) blur, and when dincreasesthe
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differences among relationships become sharp, and at some
point only the thickest edges will show. For concisenessin this
paper, we show only the results under 6 = 1.1 as a balanced
result of the two effects. The top-ranked diseases related to the
two diseases are presented in Figures 6 and 7 in circular arc
graphs. The edges (relationships) connected to the studied
diseases (adenocarcinoma of lung or glioblastoma) are shown
inred, and other edges are shown in gray. An edge thicknessis
proportional to the normalized edge weight, which is obtained
by categorizing the number of shared genesinto 10 levels.
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To demonstrate the advantage of onGrid, we also conducted
the same analysis using CTD (Figures 8 and 9).

In Figures 6-9, we can see that the disease relationships
generated by onGrid have alarger weight variation (visualized
by the thickness of edges) compared to the disease relationships
of CTD. Thus, it is easier to distinguish closeness between
diseases in onGrid than CTD. In addition, the top-related
diseases by onGrid (Figures 6 and 7) are mostly leukemia and
carcinoma for adenocarcinoma of lung, and mostly carcinoma
for glioblastoma. They are consistent with the disease
mechanisms contained in the UMLS ontologies. Furthermore,
we found that other independent studies partially confirm the
results generated by onGrid. For example, the loss of
heterozygosity on chromosome 3p was observed for both

Albinet d

patients of small cell carcinoma of lung and patients of
adenocarcinoma of lung [21], validating their relationships
revedled by onGrid. As another example, lymphoma, a
top-related disease to adenocarcinoma of lung by onGrid, was
observed to have the same effect with adenocarcinoma of lung
in the combined inactivation of oncogenes MY C and K-rasin
a study using mouse models [22]. Similarly, we also found
studies between glioblastoma and top diseases related to
glioblastomaby onGrid. In contrast, the top-related diseases by
CTD (Figures 8 and 9) are quite general, mostly reflecting the
toxicology viewpoints of liver necrosis and kidney damage.
These observations suggest that onGrid provides important
information for studying the conceptual relationships between
diseases.

Figure 6. Top diseases related to adenocarcinoma of lung by onGrid (6 = 1.1).
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Figure 7. Top diseases related to glioblastoma by onGrid (6 = 1.1).

Figure 8. Top diseases related to adenocarcinoma of lung according to CTD.
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Figure 9. Top diseases related to glioblastoma according to CTD.

Discussion

Studying Concept Relationships Using onGrid

Above we have shown the effectiveness of using onGrid for
studying disease-disease relationships. These results can be
used to assist other studies such as analyzing electronic health
records. In addition, onGrid can be used for studying many
conceptual relationships other than disease-disease or
disease-gene relationships. We can use onGrid to study the
relationships among many important biomedical concepts,
including drugs, diseases, genes, side effects, etc. To perform
these studies, we may use corresponding ontologies such as
RxNorm (for drugs), International Classification of Diseases,
9th Revision, Clinical Modification (ICD-9-CM) (for diseases),
OMIM (for diseases with agenetic component), Gene Ontology
(GO) (for genes), and Medica Dictionary for Regulatory
Activities (MedDRA) (for side effects). These studies can be
used to assist many biomedical applications, such asidentifying
drug side effects and drug repurposing candidates. We can
further leverage these studies with research on external datasets
or ontologies.

Limitations of the Conceptual Relationship Study
Using Unified Medical Language System

Since UMLS is a collection of ontologies, it is essentially a
body of knowledge. Although knowledge discovery on such
datawill producetransitive associations that may not have been
noticed before, it will not produce knowledge that is out of the
given ontological data. Consequently, the discovered
relationshipsarelikely to concentrate on well-studied concepts.
In addition, since UMLS does not provide a weight on the

Disorder, Nervous-S: Pain
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tigs, Drug-Induced

7
sure Delaved Effects
Breast

concept relationships, it isnot clear how important arelationship
is. Thus, a transitive relationship on the UMLS may not be
reliable. onGrid provides an advanced heuristic solution by
considering both the discovered paths and semantic types. The
crossvalidation demonstrates that the discovered results are
statistically significant in aggregation. However, for one
individual relationship between two concepts, it is difficult to
further identify its statistical significance with the given resource
in the UMLS. To complement this disadvantage, onGrid
providesthe path query function for two concepts and visualizes
the discovered paths. Thus, domain experts are ableto manually
verify the validity of the transitive relationships between them.
We expect that, in the future, by integrating information from
external data sources, we will be able to perform efficient
conceptual relationship studies that exceed the limitation of
UMLS.

Conclusions

onGrid provides an efficient Web-based platform to perform
conceptual relationship studies using the UMLS. The current
version of onGrid uses graph indexing with semantic relations
as its server side index engine and can be easily upgraded in
the future. onGrid can efficiently output shortest paths between
two medical conceptsaswell as build relationship and distance
heatmaps. The relationship heatmap enables researchers to
quickly identify highly related medical concepts and directly
check the transitive relation between any two concepts on the
heatmap by clicking the corresponding unit. Our study on the
conceptual relationships between OMIM diseases demonstrates
the effectiveness of using onGrid in studying medical concept
relations. We expect onGrid will be used for many applications
to assist conceptual relationship studiesin the biomedical field.
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Abstract

Background: The use of electronic health records (EHR) in clinical settingsis considered pivotal to a patient-centered health
care delivery system. However, uncertainty in cost recovery from EHR investments remains a significant concernin primary care
practices.

Objective: Guided by the question of “When implemented in primary care practices, what will be the return on investment
(ROI) from an EHR implementation?’, the objectives of this study are two-fold: (1) to assess ROl from EHR in primary care
practices and (2) to identify principal factors affecting the realization of positive ROl from EHR. We used a break-even point,
that is, the time required to achieve cost recovery from an EHR investment, as an ROI indicator of an EHR investment.

Methods. Given the complexity exhibited by most EHR implementation projects, this study adopted aretrospective mixed-method
research approach, particularly a multiphase study design approach. For this study, data were collected from community-based
primary care clinics using EHR systems.

Results: We collected data from 17 primary care clinics using EHR systems. Our data show that the sampled primary care
clinicsrecovered their EHR investments within an average period of 10 months (95% CI 6.2-17.4 months), seeing more patients
with an average increase of 27% in the active-patients-to-clinician-FTE (full time equivalent) ratio and an average increase of
10% in the active-patients-to-clinical-support-staff-FTE ratio after an EHR implementation. Our analysis suggests, with a 95%
confidence level, that the increase in the number of active patients (P=.006), the increase in the active-patients-to-clinician-FTE
ratio (P<.001), and the increase in the clinic net revenue (P<.001) are positively associated with the EHR implementation, likely
contributing substantially to an average break-even point of 10 months.

Conclusions: We found that primary care clinics can realize a positive ROl with EHR. Our analysis of the variancesin thetime
required to achieve cost recovery from EHR investments suggests that a positive ROl does not appear automatically upon
implementing an EHR and that a clinic’s ability to leverage EHR for process changes seems to play arole. Policies that provide
support to help primary care practices successfully make EHR-enabled changes, such as support of clinic workflow optimization
with an EHR system, could facilitate the realization of positive ROI from EHR in primary care practices.

(IMIR Med Inform 2014;2(2):e25) doi:10.2196/medinform.3631

KEYWORDS

return on investment in electronic health records; cost recovery from EHR implementation; ROI indicator; physician satisfaction
with EHR; primary care practices
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Introduction

Context

The use of electronic health records (EHR) in clinical settings
iswidely recommended as an innovation enabler with potential
benefits of reducing health care costs, whileimproving quality
and safety, and is considered central to achieving
patient-centered health care [1-4]. As a wide array of EHR
projects have been implemented within various health care
settings, the health care field is rich with volumes of work
examining the benefits of EHR. However, the existing literature
reports mixed results in benefits readized from EHR
implementation [5,6]. Such mixed results suggest that the
implementation of EHR systems does not automatically
guarantee the conversion of potential benefits into realized
benefits.

The implementation of EHR systems within primary care
practicesis seen as particularly complex [ 7-10], with physicians
and other staff in primary care practices citing obstacles such
as difficulty in adapting to the significant changesin workflow
and the time commitment required to learn to use the new
software while prioritizing patient care [11-14]. Whilethereis
a growing body of evidence that EHR can be a valuable tool
for improving quality of care and patient safety with relatively
positive perceptions about EHR benefits [15-17], uncertainty
about cost recovery of an EHR investment remainsasignificant
concern in primary care practices [7,8,18,19]. Various studies
on EHR impact and adoption also raisethe need for cost-benefit
analysis of EHR investments [5,20]. Thus, this study seeks to
assess the return on investment (ROI) from an EHR
implementation in primary care settings, aiming to complement
the current insights on cost recovery concerns in existing
literature.

M easur ement

Return on investment isacommon approach to measuring rates
of return on money invested, in terms of increased profit
attributable to the investment. A standard ROI is defined as
follows:

ROI = (Gain from investment - Cost of investment)/Cost of
investment

Results reported by various studies regarding ROl from EHR
systemsin primary care settings are mixed [21-25]. Most of the
existing literature used abottom-up approach identifying specific
cost-saving areas and collecting the data on financial savings
made in these areas attributable to EHR systems. However,
EHR is a process-enabling information technology (IT) that
offers the opportunity to streamline information-intensive
workflow, remove manual hand-off of data and information,
and facilitate coordination—thus facilitating the execution of
entire business processes rather than individual tasks. Due
mainly to the context-sensitive nature of benefits realization
from a process-enabling IT such as EHR and the scarcity of
detailed financial datarelating to gains and/or savings directly
attributableto an EHR system in primary careclinics, this study
used break-even-point analysis as an indicator of ROI, instead
of standard ROI analysis.

http://medinform.jmir.org/2014/2/e25/
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The break-even point of an EHR investment is defined as the
number of months it takes a clinic to recover the cost of the
EHR system and other associated implementation costs, with
increased revenues and/or decreased expenses. Increases in
revenues and/or decreases in expenses are assessed by
considering net revenues during three distinct periods of time:
pre-EHR, peri-EHR, and post-EHR. The pre-EHR period is
defined as the full fiscal year before the implementation of an
EHR system started. The peri-EHR period is defined as the
fiscal year(s) containing the EHR implementation period (ie,
during EHR implementation). If the peri-EHR period covers
more than onefiscal year, the net revenueis averaged over these
fiscal years. The post-EHR period is defined as the full fiscal
year following the end of the peri-EHR period.

To calculate the break-even point of implementing an EHR
systemin aclinic, the cost of EHR implementation is set equal
to the differencein the clinic’s net revenue between the pre-EHR
and peri-EHR periods, plus the difference in the clinic's net
revenue between the pre-EHR and post-EHR periods, as
summarized in the following formula:

C enr~[(NR peri_NR pre)/lz]*M imp T [(NR post_NR prQllZ] *
(M break-even™M imp)

In this formulaa Cgyg=cost of EHR implementation,
NRye=annua clinic net revenue in the peri-EHR period,
NRye=annua clinic net revenue in the pre-EHR period,
NRys¢=annual clinic net revenue in the post-EHR period,
Mimp=the number of months taken to complete the EHR
implementation in the clinic, and My, eqeien=months to break
even. The net revenue of a clinic is defined as the sum of the
physicians' billings for work done in the clinic minus any
expenses that the clinic pays to maintain its ongoing practice.
In the case where the months to break even were less than the
months of EHR implementation, in other words, the net revenue
difference between pre-EHR and peri-EHR periods is large
enough to recover the cost of EHR implementation, theformula
was adjusted by setting the cost of EHR implementation equal
to the differencein aclinic’s net revenue between the pre-EHR
and peri-EHR periods, or:

CEHR :[(NRperi - NRpre)/lz]* Mbreak—even

Objectives

Guided by theresearch question “When implemented in primary
care practices, what will be the ROl from an EHR
implementation?’, the objectives of this research are twofold:
(2) to assess the ROI from an EHR implementation in primary
care practices by measuring the time required to recover the
cost of converting a clinic from a paper-based environment to
an EHR-enabled environment and (2) to identify principal
factors affecting the realization of a positive ROl from an EHR
implementation in primary care practices. Such ROl information
related to cost recovery of an EHR investment would be hel pful
to both clinics considering implementing EHR systems and to
policy makers designing EHR-adoption funding programs and
policies.
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Methods

Sample

Community-based, primary care clinics meeting the following
four eligibility criteriawere recruited for this study on ROI from
EHR in primary-care settings. First, this study focused on
community-based, primary care clinics. Thus, specialty care
clinicsand walk-in clinics were excluded. Second, clinicswere
required to have implemented EHR systems. Third, clinicswere
required to have been paper-based in the past, in order to ensure
that the comparison between preeEHR and post-EHR
implementation performance was possible for the ROI
calculation. Fourth, clinicswere required to provide operational
and financia data necessary to calculate ROI, as well as the
information on chalenges and opportunities that they had
experienced both during and after the EHR implementation.

The research team contacted 132 randomly selected
community-based, primary care clinicsin Canada that met the

Table 1. Basic statistics on the size of a primary care clinic in the study.

Jang et al

first two eligibility criteriafor recruitment to the study. Of the
132 clinics, 62 clinics declined to participate, mostly citing time
congtraints. Of the 70 clinics remaining, 34 clinics were not
eligible, mainly because they were unable to provide the
operational and financial data necessary to calculate ROI. Of
the 36 dligible clinics, 19 clinics later declined to participate,
due mainly to time constraints. Thus, data were collected from
a total of the 17 eligible clinics, resulting in the study
participation rate of 13%, which is relatively consistent with
typical participation rates of family physiciansreported in other
studies involving interviews and observations [26]. No
statistically significant differences were observed between
participating and non-participating primary careclinicsin terms
of geographic location (P=.315), the number of physicians or
other clinicians (P<.001), or the number of patients per physician
(P=.192). Table 1 summarizesthe basic statistics on the size of
the sampled clinics. We used Full Time Equivalent (FTE) in
comparing the size of primary care clinics.

Average SD Median Minimum Maximum
Clinic size: clinician FTEs
Pre-EHR period 34 2.6 3.0 1.0 85
Post-EHR period 3.6 24 3.0 0.8 8.0
Clinic size: clinical support staff FTEs
Pre-EHR period 34 2.9 2.8 1.0 12.0
Post-EHR period 4.2 31 3.0 0.9 120

M ethodology

Given the complexity exhibited by most EHR implementation
projects, this study used a mixed-method research approach,
particularly a multiphase study design [27]. By combining
guantitative and qualitative data, mixed-method research can
provide a fuller understanding of the complex and
multidimensional world of primary care clinics than would
otherwise be achieved using either approach alone.

In the quantitative study phase, questionnaire modules were
designed, based on prior research in the existing literature
[28-33], to collect data on EHR implementation costs, EHR
functionalities in use, physician satisfaction with EHR, and
physicians' perceptions about theimpact of EHR on operational
efficiency and on quality of care. Each clinic respondent was
required to complete the study instruments using the online
guestionnaires or researcher-assi sted tel ephone questionnaires.
The minimum financial datarequired for the study includeclinic
revenue and clinic net revenue as well as EHR implementation
cost that consisted of EHR software costs, hardware costs,
support costs, and labor costs associated with EHR system
implementation and training, in the three different
periods—before EHR implementation, during EHR
implementation, and after EHR implementation. The minimum
operational datarequired for thisROI study include the number
of active patients, clinician FTEs, and clinical support staff
FTEs, in the same three periods. The lead researcher served as

http://medinform.jmir.org/2014/2/e25/

dedicated support liaison for clinics, in order to ensure that the
costs of the EHR implementation, aswell as other financial and
operational data before and after EHR implementation, were
abstracted from clinic records in a consistent fashion. In the
subsequent qualitative study, semistructured interviews and
observations were conducted with clinic staff and physicians
identified as responsible for such functions as patient
appointment management, patient record management, test
results management, patient encounters, and billing, to assess
factors affecting the realization of apositive ROl from an EHR
implementation in primary care practices.

The data collected from 17 sampled primary care clinics were
documented and analyzed using statistical analysisand grounded
theory [34]. As break-even pointswere analyzed, we compared
those clinics that were successful in realizing a positive ROI
from EHR implementation to those that were less successful,
in an attempt to identify principal factors impacting the
realization of positive ROI from EHR. In particular, we used
linear regression analysis to estimate the relationships of the
outcome variable “break-even point” with the explanatory
variables that include the codes identified from the qualitative
data through the coding process.
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Results

Analysis of Break-Even Point as Indicator of Return
on Investment

Overview

Our analysis suggests that the sampled primary care clinics
typically recovered their investment in EHR within an average
of 10 months (95% confidence interval: 6.2 months, 17.4
months), seeing more  patients with  improved
active-patients-to-clinician-FTE and

Jang et al

active-patients-to-clinical-support-staff-FTE  ratios in the

post-EHR implementation period.

Changein Clinic Net Revenue After | mplementation of
Electronic Health Records

Once an EHR system isimplemented, akey factor that impacts
the time required to achieve cost recovery from the EHR
investments is clinic net revenue. With respect to how clinics
fared financially upon adopting EHR systems, all but one of
the primary care clinics in our study achieved an increase in
clinic net revenue in the post-EHR period, as shown in Table
2.

Table 2. Percent changesin clinic revenues, net revenues, and clinician FTEs between the pre-EHR and post-EHR periods.

Clinic # Percent change between the pre-EHR and post-EHR periods (in ascending order by percent change in number of clinician FTES),

%

In number of clinician FTES In clinic revenue In clinic’s net revenue
Clinic1 -29 23 23
Clinic2 -20 -28 22
Clinic 3 -14 27 4
Clinic4 -2 29 26
Clinic7 0 55 9
Clinic5 0 50 63
Clinic9 0 33 8
Clinic 10 0 31 28
Clinic 8 0 23 28
Clinic11 0 19 16
Clinic 6 0 3 15
Clinic12 0 -10 20
Clinic 13 0 -15 -30
Clinic 14 10 120 116
Clinic 15 47 223 227
Clinic 16 53 103 98
Clinic 17 329 603 845
Average 22 76 89

In addition to clinic net revenue, the sampled clinics showed,
on average, positive increases in active patient count, clinician
count, clinical support staff count, and clinic revenue in the
post-EHR implementation period. These increases are
summarized in Figure 1.

Percent increasein clinic net revenue between the pre-EHR and
post-EHR periods showed a very strong positive correlation

http://medinform.jmir.org/2014/2/e25/
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with percent increase in clinic revenue in the same periods
(r=.99). Percent increase in clinic revenue showed a strong
positive correlation with percent increase in the number of active
patients (r=.87). It aso showed a strong positive correlation
with percent increase in the number of clinician FTES, as well
as with the number of clinical-support-staff FTEs (r=.96 and
r=.97, respectively). These correlation coefficients (r values)
are summarized in Figure 2.

JMIR Med Inform 2014 | val. 2 | iss. 2 |e25 | p.236
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Jang et al

Figure 1. Average percent changesin active patient count, clinician FTE count, clinical support staff FTE count, clinic revenue, and clinic net revenue

between the pre-EHR and post-EHR periods.
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Figure 2. Correlations (r-values): clinic net revenue, clinic revenue, active patient count, clinician FTE count, and clinical support staff FTE count.
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Percent Changes of Counts After | mplementation—Not
Linearly Proportional to One Another

Interestingly, the percent increases in active patient count,
clinician FTE count, and clinical support staff FTE count are
not linearly proportional to one another. An average
active-patient-count increase of 56% was handled by an average
22% increase for clinician FTEs and an average 39% increase

http://medinform.jmir.org/2014/2/e25/

for clinical-support-staff FTEs. This finding suggests change
in operational efficiency after EHR implementation, with respect
to the active-patientsto-clinician-FTE ratio and the
active-patients-to-clinical -support-staff-FTE ratio. The sampled
clinics showed an average increase of 27% in the
active-patients-to-clinician-FTE ratio and an average increase
of 10% in the active-patients-to-clinical-support-staff-FTE ratio,
asillustrated in Figure 3.
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Percent increasein the number of active patients showed strong
positive  correlations  with  percent increases in
active-patients-to-clinician-FTE  ratio (r=.64) and in
active-patients-to-clinical -support-staff-FTE ratio (r=.70), as

Jang et al

These correlations, together with the nonlinear percent changes
summarized in Figure 3, suggest that the increased efficiency
in the post-EHR period contributed to a clinic's ability to
accommodate the increased number of active patients.

shown in Figure 4.

Figure 3. Average percent changesin aclinic's operational efficiency and financial performance between the pre-EHR and post-EHR periods.

10% increase

39% increase

22% increase 27% increase

2t

Process Operational Process Operational
Tnput Performance Performance
e Active-patients- Clinical- Actn'e—?aIUents—
Clinician e to-clinical-
56% increase FTEs to-clinician- sup];PIr]E—staff support-staff-
i FTE ratio

Process I
Input
EHR-embedded clinic processes
(post-EHR. period)

Active

patients

Financial Performance

Clinic revenue

Financial Performance

Clinic net revenue

Figure 4. Correlations (r-values): clinic net revenue, clinic revenue, active patient count, clinician FTE count, clinical support staff FTE count,
active-patients-to-clinician-FTE ratio, and active-pati ents-to-clinical-support-staff-FTE ratio.
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Percent Changesin Number of Active Patients and
Revenue After | mplementation—Not Linearly
Proportional to One Ancther

The percent increase in clinic revenue was aso not linearly
proportional to the percent increase in the number of active
patients—an averageincrease of 76% versusan averageincrease
of 56%, respectively. In addition to the increase in the number
of active patients, there seem to be other factorsthat contributed
to clinic revenue increase in the post-EHR period (detailed
analysis on the impact of EHR on the sampled clinics’ billing
patterns and revenue management processes, required toidentify
the contributing elements of the greater than linear increase in
clinic revenue over the increase in patient count, is beyond the
scope of the study).

The study also finds that percent increase in clinic net revenue
was not linearly proportional to percent increase in clinic

Jang et al

revenue. The average additional 13% increase in clinic net
revenue (89%, which is 13% above the clinic average revenue
of 76%) is attributable to the enhanced operational efficiency
inthe post-EHR period, which suggeststhe rel ative cost-savings
effect after the EHR implementation.

Sign Test Results

We further tested the financial and operational impact of EHR
in the post-EHR period, in order to assess the degree to which
these findings could be extended to the population of clinics
implementing EHR. The sign test, as opposed to t test, was
adopted because the sample size was less than 30 and because
the distributions shown in the datawere not normal, with ahigh
degree of skewness in most cases. The sign test results shown
in Table 3 suggest, with a95% confidence level, that the median
percent changein clinic net revenue between the pre-EHR and
post-EHR periods is positive in the population of the primary
careclinicsimplementing EHR (sign test M=7.5 with P<.001).

Table 3. Summary of statistical analysis of change in aclinic’s operationa efficiency and financia performance between between the pre-EHR and

post-EHR periods

Percent changesbetween  Average SD
the pre-EHR and post-
EHR periods

Median M

Sign test, P value

Percent changein clinic  89% 203%

net revenue

Percent change in the 56% 119%

number of active patients

Percent changein active- 27% 53%
patients-to-clinician-FTE

ratio

22%

Percent change in the 82%

number of clinician FTEs

Percent change in the 37% 75%
number of clinical sup-

port staff FTES

Percent changein active- 10% 29%
patients-to-clinical-sup-

port-staff-FTE ratio

23% 7.5

10% 5.0

9%

0%

0%

4%

<.001

.006

6.5 <.001

0.0 1.00

3.0 .07

25 277

The same conclusions can be made for the median percent
changes in the active-patients-to-clinician-FTE ratio and in the
number of active patientsin the same periods (M=6.5 and M=5,
respectively). However, for the median percent changes with
respect to the number of clinician FTEs, the number of clinical
support staff FTEs, and the
active-patients-to-clinical -support-staff-FTE ratio, we could not
reject with a 95% confidence level the null hypothesis of no
change after EHR implementation.

The correlation coefficients shown in Figure 4 and sign test
results summarized in Table 4 suggest that the increase in the
active patient count may not be the only factor that contributed
to an average break-even point of 10 months upon EHR
implementation. Percent increases in the number of active
patients, in the active-patients-to-physician-FTE ratio, and in

http://medinform.jmir.org/2014/2/e25/

clinic net revenue appear to be positively associated with the
EHR implementation, likely contributing substantially to an
average break-even point of 10 months.

Analysis of Variancein Realizing Financial
Performance—Key Factors

Study participants reported improvements in their ability to
manage patient information after the implementation of EHR
systems, citing improved ability to manage results such as
obtaining test resultsfrom laboratories and following the results
of aninvestigation over time (64%, 11/17 clinics). Respondents
also reported an improved ability to seek out specific
information from patient records (57%, 10/17 clinics), and
access complete, up-to-date patient charts and review patient
problems (43%, 6/15 clinics). See Table 4 for key EHR impacts
expressed by study participants.
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Table 4. Impact of EHR on clinic practices identified by study participants.

Jang et al

Categories

Participant comments

A. Impact of EHR on aclinic’s ability to manage results
the

“Dj

“We receive results electronically and can graph them; graphs help ‘ engage’

patient.”
rect to physician lab results has very positive effect on physician efficiency

and patient care”

B. Impact of EHR on aclinic’'s ability to seek out specific information
from patient records

“Complete chart is always available, anywhere which affects patient safety
and means better care”

“Integration of information for referral requestsis a great benefit.”

“ B|

Iling codes are up-to-date. (And) billing is automatic by the doctor inside

encounter note, which simplifiesbilling and iseasier to manage reconciliation.

No
C. Impact of EHR on aclinic's ability to prepare patient encounter

missed billing opportunities.”

“Review of patient information prior to encounter is greatly facilitated.”

“Easier to prepare for encounter; maintenance of problem list /summary is
much easier”

“Immediate access to patient information—no lost files”

Some primary care clinics did better than othersin using EHR
and achieving faster break-even from EHR investment, which
can be observed in Tables 1 and 3. To gain insights into key
differences between those clinics that were highly successful
and those less successful in realizing apositive ROl from EHR,
we conducted regression analysis on break-even point as the
outcome variable. We used the codes identified through the

coding process of the qualitative dataas a part of the explanatory
variables to estimate their relationships with the outcome
variable “break-even point”. As summarized in Table 5, the
regression analysis suggests four statistically significant factors
impacting the return on EHR investment, that is, the time
required to achieve cost recovery from an investment in EHR.

Table 5. Significant linear regression results of the outcome “break-even point” with explanatory variables (break-even point was log-transformed to

approach aNormal distribution).

Regressionco-  Standard error

Explanatory variable Variable values efficient of coefficient P value r

(a) Age of EHR: Months between Jan 1, 2013, and EHR ~ Number of months 0.03 0.01 .049 .64

implementation start date

(b) e-Prescriptions complying with national standards 0 (No)to 1 (Yes) -1.32 0.34 .006 .50

(c) Extent to which EHR compliesto national standards Continuous (from0Oto -0.19 0.07 .038 54
10)

(d) Process change: Use of flow sheets 0 (No)to 1 (Yes) -1.29 0.46 .022 .68

Notethat in Table 5, the regression coefficient of an explanatory
variable with a negative value indicates faster recovery of the
EHR investment (ie, a shorter time required to achieve cost
recovery from an EHR investment), while a positive value
implies slower recovery of the EHR investment (ie, a longer
time required to achieve cost recovery from an EHR
investment).

Age of Electronic Health Record Systems

Thefirst result to note in item (a) of Table 5 isthat older EHR
implementations, in particul ar those implemented in 2004-2005,
were slower to recover their investment, even though they till
achieved abreak-even point. Thisresult suggeststhat the newer
the EHR, the sooner apositive ROI can be achieved. Theearlier
EHR systems used by these clinics were less user-friendly and
required longer training cyclesfor the users, which may explain
why clinics with these earlier systems took longer to recoup
their financial investment.

http://medinform.jmir.org/2014/2/e25/

Compliance With National Standards

The second and third results, showninitems (b) and (c) of Table
5, suggest a positive link between the ROI indicator and the
compliance with national standards such as codes representing
prescription drugs. There was an improvement in clinics
compliance with national standards and ability to comply with
evidence-based medicine. Thisimprovement wasrelated to the
age of the EHR system used by the clinics. Newer EHR
implementations may be more likely to comply with national
standards, given that the newer EHRs are likely to support
national standards better.

Use of Flow Sheets and Ability to Manage Patient
Information

Finally, clinicsusing EHR flow sheets scored consistently better
times to bresk even, shown in item (d) of Table 5. Clinics
reported the use of flow sheets, or structured data collection
forms, as a mechanism for compliance to evidence-based
medicine. The use of flow sheets in EHRSs provides advanced
features such as those related to the automatic maintenance of
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patient problem lists and pharmacological profiles. These
enhanced features contribute directly to the physician’'s
efficiency by eliminating the time that would otherwise be spent
manually maintaining these lists—a task that can be
time-consuming, highly repetitive, and labor-intensive to
maintain with consistency in a paper-based environment. The
availability of up-to-date lists makes patient encounter
preparation easier and more rapid, asthe necessary information
isavailable at a glance.

Analysis of Electronic Health Record Functionalities
Used in Primary Care Clinics

Our study finds that despite the limited use of EHR
functionalities and limited interoperability, the sampled clinics
achieved overdll positive operational and financial performance.
Table 6 summarizes the data we gathered on EHR
functionalities, frequency of use, and ease of use.

http://medinform.jmir.org/2014/2/e25/
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Most frequently and routinely used EHR functionalities were
related to medication management. Health information exchange
and patient engagement portal functionalities saw no significant
use (theinvestigation of why these functionalitieswere not used
is beyond the scope of this study).

Respondents stressed that it typically takes a few months to
understand any particular EHR function sufficiently to
effectively introduce it in their clinical practices. This finding,
coupled with the finding that despite the limited use of EHR
functionalitiesthe clinics achieved overall positiveimprovement
inoperational and financia performancein the post-EHR period,
suggests that a clinic's ability to embed particular EHR
functionalities in their workflow and make use of these
functionalities in their day-to-day clinical practices is of more
importance in realizing a positive ROl from EHR
implementation than implementing an EHR software package
with the maximum number of features and functionalities.
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Table 6. EHR functionalities and utilization reported during the study period.

Jang et al

EHR functionalities % of clinics answering in the affirmative

User Interface: Doesthe EHR system currently in use at this clinic have any of the following user interface technologies? (N=17)

Alternative presentation formats for clinical information 100.0
Support for guideline-based data collection and treatment 94.1
Support for multiple platform access 88.2
Support for context sensitive alerts, warnings, and guidance 70.6
Clinical notes capture in narrative form 235

Listing functionality: With the EHR system you currently have, how easy isit for you (or staff in your practice) to generate the following

information about your patients? (N=17)

List of al medications taken by an individual patient 100.0
Provide patients with clinical summaries for each visit 88.2
List of al laboratory results for an individual patient 88.2
List of patients by diagnosis (eg, diabetes or cancer) 82.4
List of patients who are due or overdue for tests or preventive care 76.5
List of all patients taking a particular medication 76.5
List of patients by laboratory result (eg, HbA1C>9.0) 52.3

Reminder functionality: Arethetasksroutinely performed for patientsat your siteusing EHR? (N=17)

Clinicians receive areminder for guideline-based interventions and/or screening tests 58.8
Clinicians receive an alert or prompt to provide patients with test results 41.2
Patients are sent reminder notices when it istime for regular preventive or follow-up care 35.3
All laboratory tests ordered are tracked until results reach clinicians 294

Doesyour site and the cliniciansthat practicein your site usethe EHR system to facilitate any of the following wor kflow activities (N=16)

Electronic prescribing of medication 93.3
Electronic prompts about a potential problem with drug dose or drug interaction 875
Electronic receipt of laboratory results integrated into the EHR system (not scanned) 62.5
Electronic ordering of laboratory tests 438
Electronic referring to specialists 375
electronic transferring of prescriptions to a pharmacy 6.7

Health information exchange functionalities: Can you electronically exchange the following with any doctor s outside your practice? (N=16)

Electronic exchange outside practice: patient clinical summaries 25.0

Electronic exchange outside practice: |aboratory and diagnostic tests 18.8

Patient engagement functionality: Please indicate whether the EHR system in use at your site allows patientsto... (N=17)

Access acohol consumption advice online 118
Access advice for informal caregivers online 11.8
Email about amedical question or concern 118
Access dietary advice online 11.8
Access advice on physical activity online 118
Access advice on self-management of chronic conditions online 11.8
Access smoking cessation advice online 118
Request appointments online 59
View alist of medications (current and past) online 5.9
View other components of their chart (current and past) online 0.0
View medical imaging results (current and past) online 0.0

http://medinform.jmir.org/2014/2/e25/
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EHR functionalities

% of clinics answering in the affirmative

Request refills for prescriptions online

View test results (current and past) online

0.0
0.0

I nteroperability: Were any of the following INTEROPERABILITY technologiesimplemented in the EHR system currently in use at this

site? (N=17)

Diagnoses are coded using international standards

Medications and pharmacological profiles are coded to national standards

Patient records are supported by standards-based data migration technology

ePrescriptions comply with national standards

Patient Identifier is based on national or jurisdictional standard

Patient Identifier is supported by aliasing technology to achieve positive ID across systems

Findings are coded using international standards

Communications with other clinics and institutions use international standards

Investigations, referrals, and imaging requests make use of order tracking technology

9.1
82.4
50.0
52.9
58.8
375
58.8
313
35.3

Discussion

Principal Findings

This study aimed to complement current insights into the cost
recovery concerns related to EHR investments by considering
the research question “When implemented in primary care
practices, what will be the ROI from EHR?’. The study finds
that primary care clinics can realize a positive ROl from the
implementation of EHR. Our analysis offers evidence that the
increasesin net revenue, in the active-patients-to-clinician-FTE
ratio, and in the number of active patients are positively
associated with the EHR implementation, likely contributing
substantially to an average break-even point of 10 months.

In addition, the analysis conducted to understand the variances
in financial and operational performance among the sampled
clinics provides insights into key differences between those
clinics that were highly successful and those less successful in
realizing a positive ROI from EHR. Some clinics seem to be
more innovative than othersin using EHR in their practicesto
achieve significantly better operational and financial results.
The analysis suggests that a clinic’s ability to take advantage
of EHR to support process changes has a significant effect on
the time required to achieve cost recovery from an investment
in EHR. In particular, the clinicsthat were successful inrealizing
faster timeto break even were better at using EHR in workflow
areasinvolving patient informati on—such as maintaining patient
problem lists, managing test results, and complying with national
coding standards, al of which make patient encounter
preparation easier and more rapid. We also find that the clinics
achieved positive financial performance, even though not all
EHR functionalities were used. The aignment of EHR
functionalities with clinic workflow plays an important rolein
achieving positive operational and financia results with EHR.
| dentified as particularly important EHR-product improvements
that would ease adoption of workflow changes are automations
that assist clinicians, clinical support staff, and administrative
staff both in the overall management of the practice and within
the patient encounter, as well as consistent and comprehensive

http://medinform.jmir.org/2014/2/e25/

compliance with national standards such as national drug coding
standards.

Implicationsfor Practitionersand Managersin
Primary Care

The knowledge gained from this ROI study on EHR isimportant
to practicing primary care physicians who are concerned about
how they will fare financially upon investing in EHR, as they
face ever increasing pressure to transition from their paper-based
records to electronic systems. This study provides evidence to
practitioners in primary care that investment in EHR can be a
sound decision with a reasonable cost recovery time frame,
while providing immediate opportunities for increased
operationd efficiency and the potential for further improvements
in clinic performance and benefits realization from EHR.
Practitionersin primary carewho are considering theinvestment
in EHR should note the important relationship between EHR
functionality, clinic workflow change, and a positive ROI from
EHR implementation. Positive ROl does not happen
automatically upon implementing an EHR package, and a
clinic'sability to leverage EHR for process changes playsarole
in achieving a positive ROI.

Implicationsfor Policy Makers

Thisstudy’sfinding on increased active patient count and clinic
operationa efficiency after the EHR implementation, in
particular ~ with respect to improvement in the
active-patients-to-clinician-FTE ratio, offersthe possibility that
EHR can play a role in addressing the shortage in family
physicians. As primary care clinics implement EHR systems
and discover better ways to take advantage of EHR in their
practices, a key question will be how to incorporate such
learnings and deliver enhanced EHR products back into the
clinicsto realize the full potential of EHR. Policies that enable
the establishment of a closed-loop feedback mechanism between
EHR vendors and health care providers could facilitate targeted
enhancementsto EHR systems. In addition, policiesthat provide
support to help primary care practices successfully make
EHR-enabled changes, such as support of workflow optimization
with an EHR system that would ease adoption, could not only
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facilitate the realization of positive ROl but also help address
the shortage in family physicians.

Future Research

Some of the factors identified in this research as key factors
impacting the realization of a positive ROl from EHR
implementation, such as improved access to up-to-date patient
charts and improved ability to obtain test results from
laboratories and follow the results of aninvestigation over time,
have implications to quality of care and patient safety. Thus,
future research will be to investigate the relationship between
financial ROI and realization of clinical benefits of EHR such
as quality, safety, and patient outcomes, as depicted in Figure

Jang et al

5. Other research should include astudy to identify best practices
for implementing and using EHR, with concrete examples of
successfactorsand failurefactorsaswell aswaysto tailor these
best practicesrelevant to particular clinic situations. In addition,
panel analysis, which deals with two-dimensional panel data
(cross sectional and times series) [35], can be conducted with
the cohort of primary care clinics to understand the effect of
learning curve on a clinic's ability to realize positive ROl and
non-financial, clinical benefits from EHR implementation.
Knowledge gained from such studies could facilitate EHR
adoption and subsequent benefits realization in primary care
practices.

Figure5. Future research: investigate the relationship between return on EHR investment and clinical benefits realization from EHR implementation.
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Limitations

The principal limitation of this study is that the number of
primary care clinics examined was limited, due mainly to time
constraints of clinicsto participate in the study and scarcity of
suitably detailed operational and financial data necessary for
ROI calculation. For the clinicsrecruited to the study, the most
limiting factor was that of collecting a complete picture of the
cost and benefits needed to assess an ROl from EHR

http://medinform.jmir.org/2014/2/e25/

implementation. This was due mainly to the absence of
standardized financial and business-case approaches to the
governance of these independent organizations. The insights
gained from the participants in our study, however, provide
sdlient insights into the impact of EHR investment to facilitate
the EHR adoption across practicing primary care physicians,
with information on time required to achieve cost recovery from
an EHR investment and on principal factors impacting
cost-recovery performance.
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