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Abstract

Background: Electronic medical record (EMR) systems are essentia in health care for collecting and storing patient medical
data. They provide critical information to doctors and caregivers, facilitating improved decision-making and patient care. Despite
their significance, optimizing EMR systemsis crucial for enhancing health care quality. Implementing the Observational Medical
Outcomes Partnership (OMOP) shared data model represents a promising approach to improve EMR performance and overall
health care outcomes.

Objective: Thisstudy aimsto evaluate the effects of implementing the OMOP shared data model in EMR systems and to assess
itsimpact on enhancing health care quality.

Methods: In this study, 3 distinct methodol ogies are used to explore various aspects of health care information systems. First,
factor analysisis utilized to investigate the correl ations between EMR systems and attitudes toward OM OP. Second, the best-worst
method (BWM) is applied to determine the weights of criteria and subcriteria. Lastly, the decision-making trial and evaluation
laboratory technique is used to illustrate the interactions and interdependencies among the identified criteria.

Results: Inthisresearch, we evaluated the AliHealth EM R system by surveying 98 users and practitionersto assessits effectiveness
and user satisfaction. The study revealsthat among all components, “EMR resolution” holdsthe highest importance with aweight
of 0.31007783, highlighting its significant role in the evaluation. Conversely, “EMR ease of use’ has the lowest weight of
0.1860467, indicating that stakeholders prioritize the resolution aspect over ease of use in their assessment of EMR systems.

Conclusions: Thefindings highlight that stakeholders prioritize certain aspects of EMR systems, with “EMR resolution” being
the most valued component.

(IMIR Med Inform 2024;12:€58498) doi: 10.2196/58498
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speed, accuracy, intelligent systems, reminders, and decision
support. One of the most commonly used systems is the
Background electronic m_edical_ recorc_j (EM R)_, acomputerized sygtem used

oo , by care providers, including hospitals and doctors’ offices[1,2].
Today, electronic files are a standard tool for enhancing the {5 degi gned for entering, storing, displaying, retrieving, and

efficiency and effectiveness of care services, thanks to their  hrinving patients’ medical records. The system offers several
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benefits, such as enhancing the quality of care provided to
patients, better organizing information, and improving the
timeliness, accuracy, and completeness of documentation [3].
Several factors drive health care providers and organizationsto
adopt EMR systems now or in the near future [4-6]. These
include the ability to create and access patient records
electronically, allowing patients to access their own files,
preventing medication errors and allergic reactions, reducing
medical errors, and providing immediate access to information
across different locations. Additionally, EMR systems offer
decision-support technol ogy, streamline workflows, and enhance
the overall efficiency of clinical processes. They also improve
the quality of treatment and facilitate information sharing
between general practitioners and specialists. Reducing medical
errors and improving clinical data collection are key benefits
of EMR systems. Health care providers and organizations
increasingly recognize the need to adopt EMR systemsto deliver
more effective and efficient services [7]. However, the
implementation of EMRs faces resistance, particularly from
health care personnel, including doctors. To address this
challenge, it is essential to create the necessary conditions for
the acceptance of this system [8].

The acceptance of an EMR system is based on 2 major factors:
perceived usefulness and perceived ease of use [9]. An
individual's perception of the usefulness of information
technology refersto the belief that using a particular technology
will improve job performance or facilitate more efficient task
execution within the organization [10]. This support may be
reflected in reduced task completion time or the provision of
timely information [11,12]. Perceived ease of use reflects the
collective belief within an organization that a specific system
isstraightforward and requiresminimal effort to operate[13-16].
In essence, tasks that are perceived as simpler are more likely
to be embraced by users. The primary aim of thisresearchisto
explore the factors influencing the acceptance and use of the
EMR system and the Observational Medical Outcomes
Partnership (OMOP) using the Technol ogy Acceptance Model.
According to the Davis model [17-20], these factors include
external variables (eg, user interface design, data quality, and
health information within the EMR system), perceived
usefulness, perceived ease of use, attitudes toward the system,
and the behavioral intention to use the EMR system. In China,
several EMR systems are widely used, driven by significant
government investments and initiatives to enhance health care
information technology infrastructure. Notable systemsinclude
WeDoctor (WeDoctor Holdings Co Ltd), AliHealth (Alibaba
Health/Alibaba Group), Ping An Good Daoctor (Ping An
Healthcare and Technology), Winning Health Technology
Group, and Neusoft Corporation. WeDoctor and AliHealth
dominate the market by offering comprehensive services with
astrong focus on interoperability and dataintegration. Ping An
Good Doctor integrates its EMR system with its online health
platform, facilitating remote consultations. Winning Health
Technology Group and Neusoft Corporation focus on hospital
management and clinical information systems, offering
specialized solutionsfor various health care settings. We herein
examined the AliHealth EMR system and surveyed 98 users
and practitioners to evaluate its effectiveness and user
satisfaction.
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In this study, 3 distinct methodologies are used to explore
various aspects of health care information systems. First, factor
analysis (FA) is used to investigate the correlation between
EMR systems and attitudes toward the OMOP. This approach
aims to uncover underlying relationships and dependencies
between these 2 key elements. Second, the best-worst method
(BWM) is applied to determine the weight of criteria and
subcriteria, offering astructured and quantitative assessment of
their significance. Finally, the decision-making trial and
evaluation laboratory (DEMATEL) method is applied to
illustrate the interactions and interdependencies among the
identified criteria, shedding light on the complex relationships
within the health care information system landscape. Together,
these methodologies provide a comprehensive understanding
of the complex dynamics and factors influencing EMRs and
health care information management. This approach differs
from earlier studiesin several ways. First, it significantly reduces
the number of survey questions required to create a systematic
causality diagram that decision makers can use. In the context
of enhancing health care quality through the implementation of
the OMOP shared data model in EMR systems, the integration
of the BWM and DEMATEL iscrucia for athorough analysis.
The BWM isfirst used to determine the relative importance of
variouscriteriaby comparing the best and worst criteriaagainst
all others, generating aweighted set of criteria. These weights
arethen used asinputsfor the DEMATEL method, which maps
out the cause-and-effect relationships among the criteria
Specifically, the numerical results from BWM prioritize the
importance of factors, and DEMATEL quantifies the degree of
influence each factor has over others, thereby creating a
structured network of interdependencies. Thisintegration allows
for a nuanced understanding by using BWM-derived weights
to adjust the influence degrees determined by DEMATEL,
resulting in a refined model that better predicts and enhances
health care outcomes through the OMOP model. The research
contribution is summarized in 3 main stages:

- Determining the correlation between EMR systems and
attitudes toward OMOP using FA.

- Establishing the weight of criteriaand subcriteriausing the
BWM.

« Illustrating the interactions and dependencies among the
criteriausing the DEMATEL method.

The subseguent sections of this document are organized as
follows: The“Literature Review” provides a concise summary
of the current literature on EMRs, with a specific focus on the
OMORP The"Methods’ section detail sthe research methodol ogy
used in this study, including acomprehensive description of the
chosen strategies and methodologies. The “Results’ section
presents demographic information and summarizes the
conclusions of the study. The “Discussion” section examines
thefindings of theresearch. The " Conclusions’ section presents
the final outcomes of the article.

Literature Review

One of the most discussed aspects of eHealth today is EMRs.
EMRs form the foundation of eHealth applications by storing
patients medical histories. They aso include legal documents
created in both in-house and outpatient settings [21]. The
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electronic health record (EHR) system relies on these files for
its data. Despite the widespread use of EMR systems in
hospitals, many inthe medical field till lack confidencein them
[22]. Research on EMR systems in hospital settings remains
limited. To address the personal, privacy, and security aspects
affecting EMR adoption and utilization, Enaizan et al [23]
introduced a decision support review framework. This
framework is based on a multicriteria approach and K-means
clustering, derived from insights gathered from Malaysian health
care professionals. Although EHRs represent a significant
technological advancement for health care, their adoption has
been slow. Liou et a [24] highlighted this issue and proposed
a theoretical framework to investigate and improve EHR
utilization. Their framework uses the
Technology-Organization-Environment model and  the
DEMATEL approach to create an Influence Network
Relationship Map. This map integrates the core concepts of the
Analytic Network Process with a modified VIsekriterijumska
Optimizacijai Kompromisno Resenje (VIKOR) method. This
approach helps us better understand and utilize EHR technol ogy.
Ojaet a [10] presented the process of converting EHR, claims,
and prescription data into the OMOP format. They detailed the
challenges and sol utions associated with this conversion process.

EMRs are computerized medical information systems that
capture, store, and display patient information. They assist
doctors in conducting better, safer, and more efficient work,
ultimately improving patient well-being. However, their
adoption is dill limited globally. Therefore, management

https://medinform.jmir.org/2024/1/e58498
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information system scholars should investigate the increasing
use of EMRs in the health care sector. Despite the potential of
EMR systemsto reduce administrative costsand medical errors,
their adoption rates in physician practices have been slow. To
address this, Zaidan et al [25] conducted a comparative study
using multicriteriadecision-making (M CDM) methodsto assess
and select open-source EMR software. The medical field is
undergoing unprecedented transformation in many countries.
Health care organizations are leveraging EMRs to enhance
technology utilization, decision-making, and the search for
medical solutions. There are employment opportunities for
health care workers involved in the transition from paper to
electronic records. EMR systems and other health information
technologiesrely heavily on critical users, particularly doctors.
Therefore, the benefits of EM Rs cannot befully realized without
user acceptance and approval. According totheliterature review,
effective criteriaand subcriteriafor evaluating attitudes toward
the use of the OMOP system are listed in Table 1. The
guestionnaire used to assess attitudes toward the OM OP system
included these components. Table 1 presents the criteria and
subcriteriarelevant to users' attitudes toward the EMR system.
The questions were designed using a 5-point Likert scale,
ranging from 1=low to 5=high importance, allowing respondents
to rate each subcriterion based on their perspective. Thecriteria
include the ease of use, the usefulness of OMOP, the EMR
system itself, and the quality of care, each with associated
subcriteria reflecting the system’s usability, user-friendliness,
and overal| effectiveness.
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Table 1. Effective criteriaand subcriteria on the attitude of using OMOP?,

Luoet al

Effective criteria and subcriteria on the attitude of using OMOP Code Mean
Ease of use[12,21,22,26]
EMRP resolution El 4.61
EMR ease of use E2 8.65
Easy to remember EMR E3 9.66
User-friendliness of EMR E4 6.64
Getting started with EMR is easy E5 5.61
The usefulness of OMOP [12,21,22,26]
EMR screen character resolution Ul 7.61
Appropriateness and consistency of terms used in EMR u2 557
Appropriateness and consistency of the information used u3 3.53
Ease of learning the operation of the OMOP system u4 9.57
Features of the OMOP system us 5.52
EMR systems [12,21,22,26]
Using an EMR isagood idea EM1 3.64
Satisfaction with the use of EMR EM2 1.65
Does EMR save money? EM3 6.34
Does EMR save time? EM4 1.68
The use of EMR isuseful for users EM5 6.35
Quality of care[12,21,22,26]
OMOP quality Al 462
Usability of OMOP A2 2.62
Level of satisfaction with OMOP A3 5.6
Theflexibility of the OMOP system A4 2.59
The power of the OMOP system A5 7.59

30MOP: Observational Medical Outcomes Partnership.
PEMR: electronic medical record.

Methods

Study Design and Overview

This methodology differs from previous studiesin several key
aspects. Firgt, it significantly reduces the number of survey
guestionsrequired to create a systematic causality diagram that
decison makers can use. To thoroughly investigate the
effectiveness of EMR systems and their relationship with
attitudes toward the OM OP, a structured research methodol ogy
is essential. The research process is outlined in 3 key stages:
The initial step involves establishing the relationship between
EMR systems and users attitudes toward OMOP. FA will be
applied toidentify the underlying variablesthat influence users
perceptions and satisfaction with OMOP within EMR systems.
This method is crucia as it alows for the reduction of data
complexity by identifying latent constructs that represent
correlated variables. By understanding these correlations, we
can better comprehend how different aspectsof the EMR system
influence users' attitudes toward OMOP, thereby providing a

https://medinform.jmir.org/2024/1/e58498
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clearer picture of user satisfaction and areas needing
improvement.

The second stageinvol ves determining the importance of various
criteriaand subcriteriarel ated to EMR systems using the BWM.
BWM is an MCDM approach that derives criteria weights
efficiently by comparing the best and worst criteria against all
others. Thisstepisessential for prioritizing the factorsidentified
in the first stage and understanding their relative importancein
shaping user attitudes. By assigning precise weights, BWM
guantifies the impact of each criterion, enabling targeted
improvements and informed strategic decision-making. The
final stage involves analyzing the interactions and dependencies
among the criteria using the DEMATEL method. DEMATEL
is a powerful tool for visualizing and understanding causal
relationships among complex criteria. This method is crucia
as it reveals how different criteria influence one another,
providing insights into the systemic structure of the EMR
system. Understanding these interdependenciesis essential for
identifying key leverage points and developing strategies to
enhance overall system performance and user satisfaction. To
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summarize, the assessment framework is divided into 3 main
stages:

- Determine the correlation between EMR systems and
attitudes toward OMOP using FA.

- Determine the weight and importance of criteria and
subcriteria using the BWM.

- Show how the criteria interact or depend on each other
using the DEMATEL method.

The integration of BWM and DEMATEL results involves a
systematic approach where the numerical outputs from each
method inform and enhance the other. First, BWM is used to
determine the relative importance (weights) of criteria and
subcriteria by identifying the best and worst criteria through
pairwise comparisons. These weights are then used as inputs
for the DEMATEL method, which anayzes the
interdependencies and causal relationships among the criteria.
This combined approach alows for a comprehensive
understanding of how different criteriainfluence each other and
their overall impact on the system. By using theweighted criteria
from BWM as a basis; DEMATEL provides a clearer
understanding of how the most and least important criteria
influence each other, refining the causal map of the system. The
combined results offer a comprehensive view, where the
weighted importance of criteria (from BWM) is contextualized
within the network of influences and interactions (from
DEMATEL). This integrated approach ensures that strategic
decisions are both data driven and holistically informed. It
allowsfor prioritizing factors not only based on their individual
significance but also considering their dynamic interactions
within the system.

DEMATEL isused to identify interrelationships and influences
among criteria, revealing cause-effect chains, while BWM
focuses on ranking and assigning precise weightsto the criteria
based on decision makers' preferences for the best and worst
options. For example, DEMATEL helpsdeterminewhich criteria
have the most significant influence on others, while BWM
guantifies these influences into specific weights. The weights
derived from BWM and the influence matrix from DEMATEL
are combined using aweight aggregation method. This process
involves normalizing the weights from both methods and
integrating them to form a consolidated weight for each
criterion. This approach ensures that both the hierarchical
influence identified by DEMATEL and the precision of BWM
are captured. Once the combined weights are obtained, they can
be applied to MCDM models. For example, in a selection
problem, the integrated model uses the combined weights to
evauate and rank alternatives, ensuring abalanced consideration
of interrelationships and priority weights. The combined results
must be validated against other decision-making methods and
through performance analysis tests to ensure their reliability
and applicability in real-world scenarios. This step involves
comparing the outcomes of the integrated model with those
from using DEMATEL or BWM aone, highlighting
improvements in decision accuracy and robustness.

Factor Analysis

FA isastatistical technique used to explore the latent structure
of adata set. The primary goal of this study is to identify and
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examine the underlying factors that influence the observed
variables. FA is commonly used in fields such as psychology,
sociology, economics, and other socia sciences [27].

FA is based on the principle that observed variables are
influenced by asmaller set of latent factors. These latent factors
are not directly observable but are inferred from patterns of
correlations among variables. FA is a statistical technique that
hel ps researchers understand the rel ati onshi ps between observed
variables and the underlying factorsthat drive these rel ationships
[25,28].

The BWM is an MCDM technique used to assess the relative
weights or significance of selection criteria. This method
involves selecting the best and worst criteria, with the best
criteriarepresenting those of greatest significance and the worst
criteria representing those of least significance. In this study,
BWM isused to determine the local weightsfor each criterion,
asopposed to the analytic hierarchy process. Below, we provide
adetailed explanation of the extended BWM cal cul ation process
[29-32].

BWM Method

I ntroducing the Best-Worst Method: A More Efficient
Approach to Pairwise Comparisons

Thisnew method requiresfewer pairwise comparisons compared
with theanalytic hierarchy process. In hierarchical anaysis, the
number of pairwise comparisons is given by the formula[m x
(m—21)]/2, where misthe number of criteriaor indicatorsbeing
compared. By contrast, the BWM reduces the number of
pairwise comparisons to (2 x m) — 3, significantly decreasing
the number of comparisons needed. The steps of this method
are described in the following sections.

Step 1: Determining Research Criteria

In thefirst step, the decision matrix for the research problemis
established, followed by the identification of the factors
influencing the problem’s abjective.

Step 2.1: Choosing the Set of Decision Criteria

During this step, it is essential to identify the most significant
and least significant criteria from among all the indicators,
termed as the best and worst criteria, respectively. Next,
comparisons should be made between the best criteria and the
other criteria, aswell asbetween the other criteriaand theworst
criteria, using 2 separate matrices. Responses to these
comparisons should be provided on a numerical scale ranging
from 1 to 9. Overall, experts or decision makers establish
evaluation criteriathat align with the decision-making problem

{ci, ¢ ...y G}

Step 2.2: Eliminating the Best and Worst Candidates

Once expertsor decision makers have established the g standards
in step 1, the best and worst criteria are selected. This step is
crucia asit significantly impacts the analysis and outcomes.

Step 2.3: Creating the Best-to-Others Vector

Pairwise comparisons with other criteria should be performed
using the best criterion [33]. The best-to-others vector is
expressed as follows [34]:
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Ax=(8p1, Bpp, -1 Bpn) (1)
where the value of the best criterion b, which is superior to
criterion j, is represented by a;. By itself, the best criterion
pairwise comparison must have avaue of 1, or a,,=1.

Step 2.4: Creating the Other-to-Worst Vector

This step involves generating the other-to-worst vector using
theworst criterion asareference for comparisonswith the worst
[35]. The decision maker evaluates the remaining criteriaon a
scale of 1-9 relative to the worst criterion. The other-to-worst
vector is then formulated, as shown in equation 2, based on
these comparisons between the worst criterion and the other
criteria.

A (Buws Bous -+ ) (2)
where g, denotes how much the remaining criterion j is more

important than the least important criterion w. By itself, the
worse criterion pairwise comparison must have a value of 1,

a1

Step 3: Determining the ldeal Weight for Each Criterion
(W1, w*2, ..., w*n)

During this stage, we construct the nonlinear optimization model
of the BWM approach using the following equation [24,29]:

miné

(&)

Wy

w; = 0,forall j.

Inthismodel,Z”’:l.

When there are n criteriain total, the model can only compare
pairswithin aset of 4n-5 constraintsin the solution of equation
6. Ultimately, the weights of all criteria combined are
constrained to sum up to 1. In a nonempty collection, by
assigning an appropriate valueto &, afeasible solution spaceis
created [29].

DEMATEL

Understanding and Applyingthe DEMATEL Technique
for Complex Problem Solving

The DEMATEL technique, developed between 1971 and 1976,
is designed to address intricate and complex problems. Its
purpose isto enhance the understanding of complex issues and
interrelated problems, ultimately offering a clear solution
through a hierarchica structure [17-20,24,29-44]. The
DEMATEL technique involves the following key procedures.
Its primary objective is to identify causal relationship patterns
among a set of criteria. This method assesses the strength of
communication through scoring, explores feedback and its
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significance, and recognizes relationships that are not easily
transferable [24,36].

Step 1: Creating a Direct Relation Matrix

The first step is to create a direct relationship matrix. In this
step, the effectiveness of each criterionisevaluated individually.
When opinions from multiple people are used, their arithmetic
mean is calculated. The dimensions of the evaluation scale are
then established to accurately reflect the magnitude of the
impact. Semantic operational definitions and values are
categorized into ascalefrom 0to 4, representing varying degrees
of influence. The potential values are low impact (1), medium
impact (2), high impact (3), and very high impact (4) [24].

Experts (evaluators) compl ete this questionnaire (matrix), rating
therelative importance of pairs of criteria. The values specified
in step 1 are used to generate the direct relationship matrix. A
direct relationship matrix A = [&j]n, IS then created by
integrating the responses from the different experts. Theinitial
average matrix, denoted as J, is constructed by calculating the
mean scores provided by the respondents. This process
determines each element in the matrix &;. The diagonal elements

of the matrix are assigned avalue of 0 [24].

Step 2: The Direct Influence Matrix Normalization

To normalize the direct correlation matrix, the formula N=A/Z
(ie, equation 4) isused. To calculate Z, the sum of al rows and
columns isfirst found. The largest resulting number is chosen
as Z. Then, al the entries of the direct correlation matrix are
divided by Z.

1 1
z = min , - A j=12, .0
{ O a; max o)zrqau} ! @

Step 3: Computing the T (Matrix of Total I nfluence)

To calculate the total correlation matrix T = [t;j] -, an identity
matrix | is formed We then subtract the identity matrix from
the normalized matrix that 22" = [0br Finally, we multiply
the inverted matrix by the normal matrix. The total

communication matrix is calculated from the relationship
T=Nx(I —N) — 1. In other words

T=D+D?+ - +D"=D(I -D)(5)

Step 4: Drawing the Network Relation Map Relationships

Column vectors Rand Srepresent the T's column and row sums
as equations 6 and 7 [24]:

n
R=[rlm.= foj
J=1 n

s = [sf]im = IZ tlj] J=12,.,mn o
=1 1lsn

where [S1]T1*n = [g]n* 1. If r; represents the sum of matrix T's
ith row, thenr; representsthetotal of factor i’ sthat affectsevery
other factor. Thetotal of thedirect and indirect effectsthat factor
i has gotten from all of the other factorsis represented by s, if
s represents the column sum from matrix T. Additionaly, (r; +

4F =12, 0. ®
1

¥
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s) provides an index of the strength of the effects that are
imparted and received, meaning that (r; + ) represents the
extent of factor i’soverall effect in this system. The other factors
are therefore influenced by factor i if (r; — ) is positive;
conversely, if (r; — s) is negative, then factor i is generally
influenced by the other factors [24,45,46].

Step 5: Creating a Causal Diagram

The summation of elements in each row (D) for every factor
represents the impact of that factor on other elements within
the system, reflecting the extent of influence exerted by the
factor. Similarly, the summation of elements in each column
(R) for each factor indicates the degree to which that factor is
influenced by other elements in the system, showing the extent
of influence received by the factor.

Conseguently, the horizontal vector (D + R) represents the
overall influence of the specific factor within the system. In
simpler terms, ahigher D + Rvauefor afactor impliesagreater
level of interaction that the factor has with other factorsin the
system.

By contrast, the vertical vector (D — R) illustrates the influence
of each factor. Generally, if D — R is positive, the factor is
considered a causal variable; if it is negative, it is regarded as
an effect.

Step 6: Drawing the Cartesian Coordinate Diagram

In conclusion, a Cartesian coordinate system is constructed
where the longitudinal axis represents D + R values, and the
transverse axis represents D — R values. Each factor’s position
is defined by a point with coordinates (D + R, D — R) within
this system. This approach results in a graphical diagram that
visually representsthe rel ationships and interactions among the
factorsin the system.

https://medinform.jmir.org/2024/1/e58498
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Ethics Approval

This study did not involve human participants or animals, and
therefore, no ethics approval was required.

Implementation (Results)

Demographic I nformation

In the first phase of our study, we performed an FA on data
collected from 98 hospital visitors, al of whom are users of the
AliHeath EMR system. The demographic details of these
participants are presented in Table 2. In the second phase, we
conducted an MCDM survey with 10 experienced physicians
and specialists, each with over 10 years of experience and
advanced degrees. They were knowledgeable about electronic
health topics, EMR systems, and OMOP. Our research aimed
to investigate the impact of the OMOP on AliHealth users.
OMORP is a public-private initiative designed to enhance
methods and tools for analyzing health care data, particularly
for postmarket surveillance of medical products. Its primary
goal is to develop a common data model that standardizes the
structure and content of observational health data, facilitating
more efficient and reliable analysis across different data sources
[47]. This model facilitates the integration of various data sets,
enabling researchers to perform large-scale analyses and
generate evidence on the safety and effectiveness of medical
products. By examining the role of OMOP within the EMR
system, we aim to understand how this standardized model
enhances dataintegration and analysis capabilities. Our findings
will contribute to ongoing efforts to improve health care
outcomes through better data management and analytical tools,
ultimately benefiting both health care providers and patients by
ensuring safer and more effective medical treatments.
Descriptive statistical measures have been used to assess the
demographic characteristics of the participants, asillustrated in
Table 2.
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Table 2. Demographic characteristics of the respondents (N=98).

Luoet al

Characteristics Values
Gender, n (%)
Male 69 (70)
Female 29 (30)
Age (years), n (%)
<25 25 (26)
26-35 46 (47)
36-45 15 (15)
46-55 9(9)
=56 3(3)
Marital status, n (%)
Single 35 (36)
Married 63 (64)
Education, n (%)
High school 17 (17)
Diploma 24 (24)
Bachelor 37(38)
Masters 17 (17)
PhD 303
Usetheonline app, n/N (%)
Everyday 18/55 (33)
2 or 3times aweek 29/89 (33)
Once aweek 21/64 (33)
Once every 2 weeks 9/27 (33)
Once amonth or less 21/64 (33)
See a doctor and update the medical record , n/N (%)
Very little 10/30 (33)
Low 11/34 (32)
Medium 52/57 (91)
Much 14/43 (33)
Very much 12/37 (32)
FA Finding data are deemed suitablefor FA. In thisresearch, aKMO score

Dataare considered unsuitablefor FA if the Kaiser-Meyer-Olkin
(KMO) value is below 0.5. When the KMO value ranges
between 0.5 and 0.69, FA should be approached with caution.
However, if the KMO scoreisabove 0.7, the correlationsin the

https://medinform.jmir.org/2024/1/e58498

RenderX

of 0.766 indicates that the data are appropriate for analysis.
Figure 1 illustrates the results of the partial least squares
analysis, while Figure 2 displays thet value.

The path coefficients and their significance are given in Table
3.
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Figure 1. Constructing acomprehensive research model using the partial least squares.
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Figure 2. Utilizing the bootstrapping technique to derive T-statistics for the research model.
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Table 3. Path coefficients.

Luoet al

t Value Impact rate Direction of the path

2.202 0.277 The effect of attitude toward the use of OMOP? on quality of care

34.713 0.858 The effect of attitude toward the use of OMOP on the usefulness of OMOP
28.743 0.874 The effect of attitude toward the use of OMOP on ease of use of OMOP
3.66 0.507 The effect of EMR? systems on quality of care

3.309 0.362 The effect of EMR systems on the attitude toward the use of OMOP

30MOP: Observational Medical Outcomes Partnership.
BEMR: electronic medical record.

Table 3 reveals the strength of the relationships identified in
theanalysis. The correlation between EMR systems and attitudes
toward OMOP usage is quantified at 0.362, with atest statistic
of 3.309. This statistic exceedsthecritical t value of 1.96 at the
5% significance level, confirming the statistical significance of
the observed relationship. Therefore, with a 95% confidence
level, a significant relationship between EMR systems and
attitudes toward OMOP usage is established.

Similarly, the analysis reveals a relationship strength of 0.507
between EMR systems and quality of care, supported by atest
statistic of 3.660. Thisresult confirmsasignificant relationship
between EMR systemsand quality of carewith 95% confidence.

Likewise, the correlation between the attitude toward OMOP
usage and quality of careis0.277, with atest statistic of 2.202.
This statistic indicates a significant relationship between the
attitude toward OMOP usage and quality of care with 95%
confidence. Furthermore, the relationship strength between the
attitude toward OMOP usage and the usefulness of OMOP is

Table 4. Average opinion of all experts.

0.858, with atest statistic of 34.713, which exceedsthe critical
t value at the 5% error level (1.96), confirming a significant
relationship with 95% confidence. Therefore, a significant
relationship is observed between the attitude toward OMOP
usage and the usefulness of OMOP with 95% confidence.
Additionally, the correl ation between the attitude toward OM OP
usage and the ease of use of OMOP is quantified at 0.874, with
atest statistic of 28.743. Thisconfirmsasignificant relationship
between the attitude toward OMOP usage and the ease of use
of OMOP with 95% confidence.

DEMATEL Findings

As outlined in the paper, the research questionnaire was
developed using the DEMATEL technique and then
administered to the participants. Table 4 presents the average
opinions of the experts regarding the impact of each criterion
(rows) on the other criteria (columns).

We use the formula Ho = wherer = maxi (X z) g
normalize the components of Table 5.

Opinion C1l Cc2 C3 c4 C5
C1 1.492 0.72 0.725 0.738 0.648
C2 0.867 1.707 0.96 1 0.779
C3 0.475 0571 1.47 0.711 0.454
c4 0.693 0.825 0.872 1.723 0.852
C5 0.639 0.712 0.672 0.746 1.493
Table 5 shows the matrix after normalization.
Table 5. Normalized matrix.
Matrix C1 Cc2 C3 Cc4 C5
C1 0.182 0.152 0.182 0.213 0
Cc2 0.152 0.273 0.273 0 0.303
c3 0.03 0.273 0 0.152 0.091
C4 0.333 0 0.242 0.214 0.121
C5 0 0.182 0.121 0.215 0.182

After computing the matrices mentioned above, the total
relations matrix is derived using the following formula
T= lim (H'+H*+ -+ H) =Hx (- H)™

https://medinform.jmir.org/2024/1/e58498

Inthisformula, | isthe unity matrix. The calculation results of
the T matrix are shown in Table 6.
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Table 6. Thetotal relationship matrix (T).

Luoet al

Matrix C1 C2 C3 C4 C5

C1 0.648 0.738 0.725 0.72 0.492
c2 0.779 1 0.96 0.707 0.867
C3 0.454 0.711 0.47 0.571 0.475
C4 0.852 0.723 0.872 0.825 0.693
C5 0.493 0.746 0.672 0.712 0.639

The next step is to obtain the sum of the rows and columns of
thematrix T. We obtain the sum of rows and columnsaccording

to the following formula (D) = Tl oy gnd @127,

In the provided equation, D and R represent matrices of
dimensions nx1 and 1xn, respectively. The next phase is
evauating the importance of indicators (D; + R) and the

Table 7. Obtaining the importance and influence of criteria

correlation between criteria (D; — R). If the difference between
D; and R ismorethan 0, the corresponding criterion isregarded
as effective; conversely, if the difference between D; and R, is
less than zero, the corresponding criterion is judged effective.

Table 7 and Figure 3 show the D; + R, and D; — R, and XY plots
for importance, with their influence shown in Figure 4.

Matrix Criteria D Dj+R Di—-R
c1 The usefulness of OMOP? 3.324 6.49 0.157
C2 Ease of use of OMOP 4.314 7.849 0.778
C3 Attitude toward the use of OMOP 2.681 6.38 -1.018
c4 Quality of care 3.964 7.883 0.046
C5 Electronic medical record systems 3.262 6.489 0.036

30MOP; Observational Medical Outcomes Partnership.

Figure3. XY plot for D+R and D-R.
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Figure4. XY plot for importance and influence.

Luoet al

BWM Finding

The BWM is an effective MCDM technique used to determine
theweights of criteria. The process begins by selecting the best
and worst criteriabased on expert judgment or specific research
objectives. In this study, “The usefulness of OMOP (C1)" is
identified asthe best criterion, and “ Electronic Medical Record
Systems (C5)” is identified as the worst criterion. Following
this, pairwise comparisons are performed between these criteria
and all other criteria. The next step involves constructing a
pairwise comparison matrix where comparisons are made
between the best criterion (C1) and the other criteria, aswell as
between the worst criterion (C5) and the remaining criteria.
Experts assign values based on how much better or worse one
criterion is compared with another. An optimization model is
then devel oped to minimize the maximum absol ute differences
between the derived weights and the optimal consistency ratio,
ultimately determining the weights of the criteria. The weights
assigned to the criteria in this anaysis are as follows:
“Usefulness of OMOP (C1)” has aweight of 0.3971, “Ease of
use of OMOP (C2)” has aweight of 0.1985, “Attitude toward
the use of OMOP (C3)” has a weight of 0.1489, “Quality of
care (C4)" has a weight of 0.1538, and “Electronic medical
record systems (C5)” has a weight of 0.1017. These weights
reflect the relative importance of each criterion in the context

https://medinform.jmir.org/2024/1/e58498

of the research. The detailed results of the BWM analysis are
presented in Table 8.

Table 8 shows the weights assigned to various factors related
to the OMOP framework. The weights are as follows: W1 for
“Usefulness of OMOPR,” W2 for “Ease of use of OMOP” W3
for “Attitude toward the use of OMOPR” W4 for “Quality of
care,” and W5 for “ Electronic medical record systems.” Analysis
of these weights reveals that W1 (Usefulness of OMOP) has
the highest weight of 0.3971, indicating that this factor is
considered the most important in the evaluation. By contrast,
W5 (Electronic medical record systems) has the lowest weight
of 0.1017, suggesting that it is considered less critical in this
context. The weights provide a quantitative measure of the
relative importance of each factor, with a higher weight
indicating greater significance in the overall assessment of the
OMOP framework. The process begins by selecting the best
and worgt criteriabased on their relativeimportance, asreflected
in their weights. After identifying these criteria, pairwise
comparisons are conducted between the best and worst criteria
and all other criteria. Following the pairwise comparisons, a
linear programming model isformulated and solved to minimize
the maximum deviation between the derived and optimal
consistency ratios. Expert evaluations were aggregated using
the simple weighted average method. The weights determined
by this process are presented in Table 8.
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Table 8. BWMg result for subcriteriaweight.

Luoet al

Criteriaand subcriteria Values

The usefulness of OMOP® 039708431
Ul 0.31007783
u2 0.1860467
u3 0.23255837
U4 0.15503891
us 0.11627919

Attitude toward the use of OMOP 0.14890674

Ease of use of OMOP 0.19854216
E1 0.19460294
E2 0.19041054
E3 0.12694036
E4 0.10722507
E5 0.38082109

Quality of care 0.15375285
Al 0.38793627
A2 0.19707721
A3 0.12694036
A4 0.10722507
A5 0.18082109

Electronic medical record systems 0.10171394
EM1 0.29528318
EM2 0.07827498
EM3 0.17854757
EM4 0.24996659
EM5 0.19792768

3BWM: best-worst method.
POMOP: Observational Medical Outcomes Partnership.

These weights are shown in Multimedia Appendices 1 and 2
(the subcriteriaweight is per Multimedia Appendix 2).

Table 8, along with Multimedia Appendices 1 and 2, assigns
weights to various components related to the usefulness of
OMOP. Among these components, “EMR resolution” has the
highest weight, indicating its significant role in the evaluation.
Conversely, “EMR ease of use’” has the lowest weight,
suggesting it is considered less critical in this context. The
specific weight values are as follows: “EMR resolution” is
assigned aweight of 0.31007783, while“EMR ease of use” has
aweight of 0.1860467. This suggeststhat, in the assessment of
EMR systems, stakeholders place the highest importance on
the resolution aspect, while comparatively less weight is given
to the ease of use of the EMR system. For the ease of use of
OMORP, “EMR screen character resolution” holds the highest
weight, highlighting its substantial importance in the assessment.
Conversely, “ Features of the OMOP system,” “Appropriateness
and consistency of theinformation used,” and “ Ease of learning
the operation of the OMOP system” share the lowest weight,

https://medinform.jmir.org/2024/1/e58498

indicating arelatively lower significance for these aspects. The
specific weight values are as follows: “EMR screen character
resolution” has aweight of 0.19460294, while * Features of the
OMOP system,” “Appropriateness and consistency of terms
usedin EMR,” and “ Ease of learning the operation of the OMOP
system” each have aweight of 0.12694036. Thisindicatesthat,
in evaluating the EMR system within the OMOP framework,
stakeholders consider the clarity and quality of screen character
resolution to be the most important factor. By contrast, the
features, terminology, and ease of learning are viewed as less
influential.

For “Quality of care,” the component “Using an EMR isagood
idea’ hasthe highest weight, indicating that stakeholders place
significant importance on the overall concept of usingan EMR
system. “ Satisfaction with the use of EMR” follows closely,
suggesting that user satisfaction is also akey consideration in
the evaluation. By contrast, “Does EMR save time?’ has the
lowest weight, implying that thetime-saving aspect is considered
less critical in this context. The specific weight values are as
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follows: “Using an EMR isagood idea” is assigned a weight
of 0.38793627, indicating the highest priority. “Satisfaction
with the use of EMR” has a weight of 0.19707721, reflecting
itsimportance in stakeholder evaluations. “The use of EMR is
useful for users’ is assigned a weight of 0.18082109. By
contrast, “DoesEMR save money?’ hasaweight of 0.12694036,
and “Does EMR save time?’ has a weight of 0.10722507,
suggesting that considerations related to time and cost savings
are less emphasized compared with the perceived value and
user satisfaction associated with EMR.

For “Electronic medical record systems” the component
“OMOP quality” has the highest weight, reflecting the
significant importance stakehol ders place on the overall quality
of the OMOP system. “The power of the OMOP system” isthe
next highest, indicating that the system'’s capability and strength
are also crucia factors. Conversely, “Usability of OMOP”
“Level of satisfaction with OMOR” and “The flexihility of the
OMOP system” all sharelower weights. This suggeststhat while
usability, user satisfaction, and system flexibility are relevant,
they are considered less critical compared with overall quality
and system power in this context. The specific weight values
are as follows: “OMOP quality” has a weight of 0.29528318,
indicating a high priority for the overall quality of the OMOP
system. “ The power of the OMOP system” isassigned aweight
of 0.19792768, reflecting its significant importance in the
evaluation. By contrast, “Usability of OMOP" “Level of
satisfaction with OMOP,” and “The flexibility of the OMOP
system” each have a weight of 0.07827498. This distribution
suggeststhat stakehol ders place greater emphasis on the overall
quality and power of the OMOP system, while usability,
satisfaction, and flexibility are considered relatively lesscritical
in the evaluation process.

Discussion

Principal Findings

The primary objective of this research was to evaluate key
components related to the usefulness, ease of use, quality of
care, and EMR systemswithin the OM OP framework. The study
aimed to identify the most critica factors influencing
stakeholders' perceptions and priorities in these areas. The
results, presented in Table 8 and Multimedia Appendices 1 and
2, highlight that “EMR resolution” and “OMOP quality”
received the highest weights, indicating their significant
importance in the assessment. Conversely, aspects such as
“EMR ease of use” and “flexibility of the OMOP system” were
considered less critical. Information technology playsacrucia
role in enhancing data quality, which in turn improves patient
care and safety. It isimportant for expertsto define and explain
the characteristics of health dataquality so that system designers
can identify appropriate methods to evaluate and improve these
aspects during system revisions. This will contribute to better
information quality in predictive and embedded systems. The
findings of this study, particularly the emphasis on “EMR
resolution” and “OMOP quality” ascritical factorsin evaluating
the useful ness, ease of use, and quality of care within the OMOP
framework, align well with existing literature. The focus on
technical quality and the significance of detailed, high-resolution

https://medinform.jmir.org/2024/1/e58498
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data for effective EMR use are consistently supported by
multiple studies. For instance, the study by Kohane et al [48]
on the impact of EMR systems on primary care practices
underscores the importance of structural and process-related
benefits that depend on high-resolution and quality EMR data
to improve clinical outcomes. Additionaly, the study by
Lanczky and Gyorffy [49] highlighted the usability of EMRs
among health care professionals across various sectors,
emphasizing the critical role of technical quality in facilitating
efficient clinical workflows and decision-making processes.
Effective EMR implementation in mental health settings depends
on usability, acceptance, and alignment with clinical needs and
workflows, athough long-term outcomes remain unclear.
Moreover, our study’s conclusion that “EMR ease of use” and
“flexibility of the OMOP system” were deemed less critical
alignswith broader literature, which often underscoresthat user
satisfaction is more strongly influenced by the quality and
resolution of EMR datathan by its ease of use. For example, a
study [50] assessing the implementation of EMRS in mental
health settings found that while ease of use is important, the
perceived quality and accuracy of the data captured by the
system were more significant in influencing user satisfaction
and overall system acceptance.

The results related to the user interface reveal that users rated
the clarity and quality of the EMR system screen, the
appropriateness and consistency of the terms and information
used, and the ease of learning its functions and capabilities as
crucia factors. This indicates that, during the design and
implementation of the EMR system, considerable attention has
been given to externa factors influencing system acceptance.
When designing a new system, it is important to consider not
only itsfunctionality but also its appearance and all aspectsthat
impact user interaction and satisfaction. Previous studies have
found that more than 96.6% of doctors and midwives believe
the EMR system is easy to operate, learn, and use [38-42]. In
our study, the average user score for the ease of use of the
systemwas 64.25. Regarding user attitudestoward EMR usage,
polyclinic users exhibited a positive attitude with an average
score of 66.84. This score is notably higher than the score
(55.75) reported previously, indicating a favorable disposition
toward the EMR system among polyclinic users. This positive
attitude suggests that, with attention to other factors, there is
potential to further enhance user satisfaction with the EMR
system. In our study, the average behavioral preference score
for the EMR system is 61.39. This score reflects users
preferences for the system, including its attractiveness,
excitement, flexibility in adapting to changes, and overall power.
Thesefactorsarerelated to users’ perceptions of the system and
are influenced by external factors associated with its
implementation and use.

Conclusions

Based on the average scores for external factors such as data
quality, clarity, and the user interface, it is evident that
significant attention was given to these aspects during the design
of the EMR system to ensure user satisfaction. Most usersview
the use of OMOP within the EMR system as beneficial, noting
that thistechnol ogy enhances productivity and fostersapositive
attitude by improving task performance. Thisimprovement can
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be attributed to reducing task completion times and providing the EMR system. Consistent with these positive attitudes, the
timely information. Over half of the EMR system usersfind it  behavioral tendency to use the EMR system is also favorable.
easy to use, believing that learning to operate the system requires  Future research should consider using the proposed integrated
minimal mental effort. Most usershold apositive attitudetoward  model to assess potential obstaclesin the EMR system.
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