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Abstract

Background: The availability of electronic medical record (EMR) free-text data for research varies. However, access to short
diagnostic text fields is more widely available.

Objective: Thisstudy assesses agreement between free-text and short diagnostic text datafrom primary care EMR for identification
of posttraumatic stress disorder (PTSD).

Methods: This retrospective cross-sectional study used EMR data from a pan-Canadian repository representing 1574 primary
care providers at 265 clinicsusing 11 EMR vendors. Medical record review using free text and short diagnostic text fields of the
EMR produced reference standards for PTSD. Agreement was assessed with sensitivity, specificity, positive predictive value,
negative predictive value, and accuracy.

Results: Our reference set contained 327 patients with free text and short diagnostic text. Among these patients, agreement
between free text and short diagnostic text had an accuracy of 93.6% (Cl 90.4%-96.0%). In a single Canadian province, case
definitions 1 and 4 had a sensitivity of 82.6% (Cl 74.4%-89.0%) and specificity of 99.5% (Cl 97.4%-100%). However, when the
reference set was expanded to a pan-Canadareference (n=12,104 patients), case definition 4 had the strongest agreement (sensitivity:
91.1%, Cl 90.1%-91.9%; specificity: 99.1%, Cl 98.9%-99.3%).

Conclusions: Inclusion of free-text encounter notes during medical record review did not lead to improved capture of PTSD
cases, nor did it lead to significant changes in case definition agreement. Within this pan-Canadian database, jurisdictional
differences in diagnostic codes and EMR structure suggested the need to supplement diagnostic codes with natural language
processing to capture PTSD. When unavailable, short diagnostic text can supplement free-text data for reference set creation and
case validation. Application of the PTSD case definition can inform PTSD prevalence and characteristics.

(IMIR Med Inform 2022;10(12):e41312) doi: 10.2196/41312

KEYWORDS

electronic health records;, EHR; natural language processing; NLP; medical informatics; primary health care; stress disorders,
posttraumatic; posttraumatic stress disorder; PTSD

https://medinform.jmir.org/2022/12/e41312 JMIR Med Inform 2022 | vol. 10 | iss. 12 | e41312 | p. 1
(page number not for citation purposes)


mailto:alexander.singer@umanitoba.ca
http://dx.doi.org/10.2196/41312
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Introduction

Primary care providers are typically the first point of contact
for individuals within the health care system. Primary care
services support patientsthroughout their health care experiences
managing both acute and chronic conditions. Primary care
electronic medical records (EMR) are a rich source of
longitudinal patient data collected by health care providers
throughout an individual’s health care experience. EMR data
can identify clinical phenotypes, describe care pathways, and
inform quality improvement initiatives[1,2]. EMR-derived data
typically include information related to patient characteristics,
diagnoses, prescribed medications, and biometrics. They may
also include information on social history, allergies, and risk
factors for diseases [3-7]. Given the breadth of information
available within EMRs, their use for disease surveillance
continues to grow.

Identification of complex medical conditions may require
multiple data points. Structured datafiel ds such as standardized
diagnosis or medication codes, aswell as unstructured free-text
data within the EMR can be assessed to describe complex
conditions. Unstructured free text in the EMR can describe the
observations, assessment, and plan for patient care providing
depth to what is available in structured data fields [8,9]. More
specifically, unstructured and short-text fields describe the
patient context, including sociodemaographic, risk behaviorsand
allergies, patient experience and interactions with the provider,
and rational for the health care decisionsthat were made, which
can inform disease surveillance and research [8]. Text analytics
and, more specifically, natural language processing (NLP) of
text data in the EMR can identify symptoms and variable
interactions across multiple tables within data holdings [9-15].
Mining text datafrom health recordstypically includesrefining
procedures and knowledge extraction, aggregation, abstraction,
and summarization of EMR information to transform text data
into actionable insights such as inform phenotyping, disease
prognosis and management, and disease surveillance[9,16,17].
Free-text information is not always available for research due
to the technical limitations of EMR data systems or analysis,
aswell as privacy and data protection restrictions [18]. Due to
this limitation, previous studies have relied on small data sets
or a small number of institutions, preventing evidence of
transferability of the models [17]. Primary care EMR short
diagnostic text fields, more widely available than free-text data,
have been suggested as a method for supplementing diagnostic
definitions when freetext is unavailable [15,19,20].
Supplementation of free-text datawith short-text fields, matched
with refined processes for annotation and classification can
support the use of EMR datain research [17].

Posttraumatic stressdisorder (PTSD) isacomplex mental health
disorder characterized by aconstellation of distressing symptoms
that occur after witnessing or experiencing a traumatic event
[21,22]. PTSD involvesintrusive thoughts, persistent avoidance,
negative aterations in cognition and mood, and alterations in
arousal and reactivity (eg, irritability, reduced concentration,
and exaggerated startle response) due to trauma recollection,
which occur for greater than 1 month and result in significant
impairment for the individual [20,22-24]. PTSD is associated
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with an array of multimodal risk indicators suggesting no single
factor can account for the large variance in PTSD symptoms
[19,20]. When encountered in primary care, PTSD isassociated
with considerable functional impairment and health care
utilization [24]. This complex set of symptoms, combined with
an individua’s possible reluctance to seek help, infrequent
patient-clinician interaction, and overlapping symptoms with
other mental health conditions, makes PTSD difficult to
accurately diagnosein primary care[20,22]. Identifying PTSD
requires both depth and breadth to detail the patients' experience
and capture associated factors [19,20].

This study had two objectives, which are as follows: (1) to
compare the quality of capture when using free-text data
compared to short diagnostic text fieldsfrom primary care EMRs
for the creation of areference set for acomplex condition such
as PTSD, and (2) test possible PTSD case definitions using
single-province and pan-Canadian EMR reference standards.
This study assessesthe performance of 4 PTSD case definitions
against reference standards to assessimproved agreement when
structured datafields are supplemented with NLP of EMR short
diagnostic phrases.

Methods

Overview

Thisretrospective cross-sectiona study used EMR dataextracted
and processed by the Canadian Primary Care Sentinel
Surveillance Network (CPCSSN). At the time of this study,
there were 1574 consenting primary care providers (ie, family
physicians, nurse practitioners, and community pediatricians)
from 257 clinics representing 1,493,516 patientsin 7 Canadian
provinces (British Columbia, Alberta, Manitoba, Ontario,
Quebec, Nova Scotia, and Newfoundland and Labrador) [3,7].

Data Sources

The CPCSSN repository is a pan-Canadian data set that is
updated semiannually from regional practice-based research
networks. The data in the repository comprised deidentified
EMR data from consenting primary care providers that use 11
different EMR systems across Canada. Extracted EMR dataare
cleaned and standardized to map prescribed medications to
Anatomical Therapeutic Chemical classification codes,
laboratory tests to Logical Observation Identifiers Names and
Codes, and medical diagnosesto International Classification of
Disease, ninth edition, clinical modification (ICD-9-CM) codes.
The CPCSSN repository also contains unstructured datain the
form of short diagnostic text fields related to diagnoses,
medication instructions, allergies, and social and behavioral
risk factors. Additionally, some regional networks, such asthe
Manitoba Primary Care Research Network (MaPCReN), also
extract free-text encounter notes that go through a
deidentification algorithm to anonymize the data. Encounter
notes are narrative entries created by primary care providers,
typically structured in the problem-oriented medical record
format [8]. MaPCReN represents 266 consenting primary care
providersin 48 clinicsin Manitoba, Canada. This study accessed
aCPCSSN data set comprised of structured and short diagnostic
text fields, and aMaPCReN data set containing structured, short
diagnostic text fields, and free-text encounter notes.
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Manitoba Primary Care Patients

The MaPCReN database includes 289,523 patients, of which
154,118 (52.23%) were considered active because they had seen
aprimary care provider participating in MaPCReN in the prior
2 years (between January 1, 2017, and December 31, 2019)
[25]. In addition to structured and short diagnostic text data
availablefor al patients, 19.6% (56,795/289,523) of the patients
have free-text encounter notes available in the MaPCReN
repository (2,125,961 encounter notes). Two medical students
conducted acomplete review of the medical records of a subset
of patients from the MaPCReN repository. The reviewerswere
instructed to use the criteria from the Diagnostic and Statistics
Manual of Mental Disorders, Fifth Edition [26] or specific
documentation to indicate whether a patient was diagnosed with
PTSD. A dataextraction form was devel oped to capture patients
living with PTSD and related signs or symptoms (Multimedia
Appendix 1).

To create the subset for medical record review, we identified
21,713 patients with one more of the following 1CD-9-CM
codes in the health condition table of the EMR starting 300
(anxiety), 308 (acute reaction to stress), 309 (adjustment
reaction), or 311 (depression). A total of 373 patients had a
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completerecord reviewed by 2 students. Medical record review
without free text was also completed by 2 medical students for
15,127 (69.67%) of these 21,713 patients to create positive
reference sets. To identify patients without PTSD (negative
reference set), patients were randomly selected for review by 2
medical students. In the negative reference set, 264/2025
(13.0%) patients had full medical recordsreview (including free
text), and 1761/2025 (87.0%) patients were reviewed without
free-text encounter notes. Patients were labeled as “PTSD,”
“possible PTSD,” or “no PTSD” in the data extraction form
(Multimedia Appendix 1). Any discrepancies were reviewed
by a family physician clinician researcher (AS). The final
reference set included patients who were considered “PTSD”
or “no PTSD” and excluded patients with “possible PTSD.”
This process created the following two MaPCReN reference
standards: (1) atotal of 330 patients (n=115, 34.8% positive
and n=215, 65.2% negative) had full medical record review
including free-text data, and (2) atotal of 3212 patients (n=1566,
48.75% positive and n=1646, 51.25% negative) had medical
record review without free-text data. There were 327 patients
who were included in both MaPCReN reference sets (Figure 1)
[20].

Figure 1. Flow diagram for creation of posttraumatic stress disorder reference standard in the Manitoba Primary Care Research Network.

Manitoba Primary Care Research Network (MaPCReN) reference standards
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Pan-Canadian Primary Care Patients

From the CPCSSN repository, a subset of patient records was
extracted for medical record review to create a pan-Canadian
reference set for PTSD. The CPCSSN repository containsEMR
data for 1,493,516 patients, of which 689,301 (46.15%) were
considered active because they had an appointment within the
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previous 2 years [25]. Within CPCSSN, there is no free-text
encounter note data available. Medica record review was
performed by 12 medical students using short diagnostic text
fields. Intotal, there were 6 cohorts of ~2700 randomly selected
records, each reviewed by 2 medical students for a total of
16,265 records reviewed. We included patients from each of
the 7 participating provinces. There were 13,282 patients with
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an ICD-9-CM code (309, adjustment reaction), of which 7551
(56.85%) were randomly selected for medical record review.
Moreover, there were 8714 patients randomly selected for
creation of the negative reference set. We used the same data
extract table and process as conducted for the MaPCReN
reference set. Discrepancies were reviewed by a family

Kosowan et al

physician (AS). There were 3518/7551 (46.6%) who were
excluded due to poor interrater agreement or being classified
as"“possible PTSD.” Our final reference set had 12,104 patients
(n=4033, 33.32% positive and n=8071, 66.68% negative; Figure
2).

Figure 2. Flow diagram for creation of posttraumatic stress disorder reference standard in the Canadian Primary Care Sentinel Surveillance Network.
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Case Definitions

Four case definitions for PTSD were developed by consensus
discussion and evidence review by a research team including
cliniciansand researchers. Case definitionsincluded ICD-9-CM
and Anatomical Therapeutic Chemical codes from the health
condition, billing, encounter diagnosis, and medication tables
of CPCSSN (Table 1). ThelCD-9-CM codefor PTSD is309.81;
however, some providers use a less specific ICD-9-CM code
309 (adjustment reaction) because of hilling rules in some
justifications (ie, Ontario) which require that only the first 3

Table 1. Posttraumatic stress disorder (PTSD) test case definitions.

digits of the ICD-9-CM code be entered. Additionally, during
medical record review, medical students found that patients
with a diagnostic text entry for “PTSD” also had the following
ICD-9-CM codes associated with that encounter: 300 (anxiety),
308 (acutereaction to stress), 309 (adjustment reaction), or 311
(depressivedisorder). Medical student reviewerswereinstructed
to create alist of spelling mistakes, abbreviations, and phrases
that were recorded by primary care providersto identify PTSD
in the short diagnostic text field (Multimedia Appendix 2).
These codes and list were incorporated into data preprocessing
stages prior to applying the case definitions (Table 1).

Case definition 1 Case definition 2

Case definition 3

Case definition 4

21 health condition for ICD-
9-CM 309.81 OR =2 hilling,
encounter diagnosis for
1CD-9-CM 309.81 separated
by at least 1 week

>1 health condition, billing,
or encounter diagnosis for

ICD-9-CM#309.81

>1 health condition for ICD-9-CM 309.81
OR =1 hilling, encounter diagnosisfor ICD-
9-CM 309.81 AND PTSD medication

(ATCP code starting with NO5 or NO6) OR
=2 hilling, encounter diagnosis for ICD-9-
CM 309.81 separated by at least 1 week

>1 health condition, billing, or encounter
diagnosis for ICD-9-CM 309.81 OR =1
health condition, billing, or encounter diag-
nosis for ICD-9-CM starting with 290-316
AND PTSD recorded asthe diagnosisname
by the provider (Multimedia Appendix 2)

% CD-9-CM: International Classification of Disease, ninth edition, clinical modification.

BATC: anatomical therapeutic chemical.
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Preprocessing Steps

Primary care EMR data are collected for clinical purposes and
therefore often include domai n-specific language and acronyms
aswell as spelling and typographical errors. To preparethe data
for validation (ie, capture in case definition 4), we removed stop
words, removed specia characters, and adjusted capitalization
in the short diagnostic text fields of the EMR. Short diagnostic
text fields document diagnosis name and reasons for the
encounter. During medical record review, medical student
reviewers recorded PTSD acronyms and spelling errors that
were later converted into “PTSD” prior to applying the case
definition (Multimedia Appendix 2).

Statistical Analyses

We compared the agreement of EMR free-text encounter notes
and EMR short diagnostic text fields using a 2x2 contingency
table and the following metrics: sensitivity, specificity, positive
predictive value (PPV), negative predictive value (NPV), and
overall accuracy. Further, we assessed agreement between the
PTSD case definitions and each of the 3 reference sets
(MaPCReN free text, MaPCReN short diagnostic text, and
CPCSSN) with senditivity, specificity, PPV, NPV, and overall
accuracy. The equations for these metrics are presented bel ow:

1. PPV TP
TP + FP
2. Sensitivity TP
TP + FN
3. NPV N
TN +FN
4. Specificity N
TN + FP
5. Accuracy TP+ TN
TP + FP + FN + TN

Using the PTSD case definitions, the prevalence and 95%
confidence limits were computed using an exact binomial test
to estimate prevalence of PTSD in a pan-Canadian data set.
Statistical analyses were conducted using SAS V9.4 (SAS
Ingtitute).

Kosowan et al

Ethics Approval

Ethical approval for this study was obtained from the Health
Research Ethics Board at the University of Manitoba, approval
number HS21053(2017:257).

Results

Manitoba Primary Care Patients

There were 154,118 patients in MaPCReN who attended an
appointment with a participating provider between January 1,
2017, and December 31, 2019. There were 330 patients in
MaPCReN reference set 1 (free-text data), and 3212 patientsin
MaPCReN reference set 2 (short diagnostic text). There were
327 patients who were included in both reference sets. There
was a strong agreement between free-text and short diagnostic
text reference sets with an overall accuracy of 93.6% (ClI
90.4%-96.0%). There were 20 patients who had ongoing
symptoms of PTSD documented in free-text EMR data (not an
explicit PTSD diagnosis) that were not identified through review
of short diagnostic text fields. Despite this, there was strong
agreement between the 2 reference sets with a sensitivity of
82.5% (Cl 74.2%-88.9%) and specificity of 99.5% (CI
97.4%-100%; Table 2).

Case definitions 1 and 4 performed similarly in both MaPCReN
reference sets (Table 3). Reference set 1 had a sensitivity of
82.6% (Cl 74.4%-89.0%), specificity of 99.5% (Cl
97.4%-100%), PPV of 99.0% (Cl 93.1%-99.9%), NPV of 91.5%
(87.8%-94.1%), and accuracy of 93.6% (Cl 90.4%-96.0%) for
both case definitions. Similarly, reference set 2 had asensitivity
of 100% (Cl 99.8%-100%), specificity of 98.4% (Cl
97.7%-99.0%), PPV of 98.4 (Cl 97.6%-98.9%), NPV of 100%,
and accuracy of 99.2% (Cl 98.8%-99.5%) for both case
definitions. Within the MaPCReN repository, supplementation
with NLP (case definition 4) did not capture any additional
patients when compared to case definition 1, which focused
only on diagnostic codes for PTSD (ICD-9-CM 309.81).
Requiring a second hilling code for PTSD (case definition 2)
or amedication that may be used to treat PTSD (case definition
3) produced lower sensitivity (57.4%, Cl 47.8%-66.6% and
79.1%, Cl 70.6%-86.2%; Table 3).

Table 2. Agreement between Manitoba Primary Care Research Network (MaPCReN) reference set 1 (with encounter notes) and MaPCReN reference

set 2 (with short diagnostic text fields only; N=327).

Performance metric? Value (95% Cl)
Accuracy 93.6 (90.4-96.0)
Sensitivity 82.5 (74.2-88.9)
Specificity 99.5 (97.4-100)

Positive predictive value
Negative predictive value

99.0 (93.0-99.9)
91.4 (87.7-94.0)

8Cell occurrence <5 required suppression of numbersin 2x2 contingency table.
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Table3. Agreement between patients captured using the posttraumatic stress disorder case definitions and the Manitoba Primary Care Research Network

(MaPCReN) reference sets.

Case definitions arpm) PTN@M) SPN()  9FP(n) SSE(%,Cl) TSP, Cl)  9PPV (%, Cl) NPV (%, Cl) Accuracy (%, Cl)
MaPCReN reference set 1 (with encounter notes; N=330)
Case definition1 95 214 Up- <5 82.6(744- 995(97.4- 99.0(93.1-  915(87.8-  93.6(90.4-96.0)
pressed 89.0) 100) 99.9) 94.1)
Case definition2 66 214 Up- <5 57.4(47.8- 995(97.4- 985(90.3-  814(77.9-  84.9(80.5-88.5)
pressed 66.6) 100) 99.8) 84.4)
Case definition 3 91 214 Up- <5 79.1(70.6- 995(97.4- 98.9(92.8-  89.9(86.2-  92.4(89.0-95.0)
pressed 86.2) 100) 99.9) 92.7)
Case definition4 95 214 Up- <5 82.6(744- 995(97.4- 99.0(93.1-  915(87.8-  93.6(90.4-96.0)
pressed 89.0) 100) 99.9) 94.1)
MaPCReN reference set 2 (no encounter notes, N=3212)
Casedefinition1 1566 1620 O 26 100 (99.8- 98.4(97.7- 98.4(97.6- 100 99.2 (98.8-99.5)
100) 99.0) 98.9)
Casedefinition2 1135 1640 431 6 725(70.2- 99.6(99.2- 99.5(988-  79.2(77.8-  86.4(85.2-87.6)
74.7) 99.9) 99.8) 80.5)
Casedefinition3 1469 1620 97 26 93.8(925- 98.4(97.7- 98.3(97.5-  94.4(932-  96.2(95.5-96.8)
95.0) 99.0) 98.8) 95.3)
Casedefinition4 1566 1620 O 26 100 (99.8- 98.4(97.7- 98.4(97.6- 100 99.2 (98.8-99.5)
100) 99.0) 98.9)

3TP: true positive.

bTN: true negative.

°FN: false negative.

9Fp: false positive.

€SE: sensitivity.

fsp: specificity.

9PPV: positive predictive value.
NPV negative predictive value.

Pan-Canadian Primary Care Patients

In the CPCSSN data set, case definition 4 had the strongest
agreement with our reference set with a sensitivity of 91.1%
(Cl 90.19%6-91.9%), specificity of 99.1% (Cl 98.9%-99.3%),
PPV of 98.1% (Cl 97.6%-98.5%), NPV of 95.7% (Cl
95.3%-96.1%), and accuracy of 96.4% (Cl 96.1%-96.8%). In
comparison, case definition 1 had a sensitivity of 72.3% (Cl
70.9%-73.7%), specificity of 99.1% (Cl 98.9%-99.3%), PPV
of 97.6% (Cl 97.0%-98.1%), NPV of 87.8% (Cl 87.2%-88.3%),
and accuracy of 90.2% (Cl 89.7%-90.7%). The inclusion of

https://medinform.jmir.org/2022/12/e41312

multiple billing codes (case definition 2) or medications that
can be used to treat PTSD (case definition 3) did not improve
the agreement of the case definitions (Table 4).

When we apply each of the definitions to the CPCSSN data set
of active patients, PTSD prevalence estimates suggest a range
of 0.8% (CI 0.77%-0.81%; n=5565) with case definition 2 to
1.3% (Cl 1.25%-1.31%; n=8913) with case definition 4. Case
definition 1, which required at least one specific ICD-9-CM
code 309.81, had a prevalence of 1.1% (Cl 1.08%-1.13%;
n=7718).
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Table 4. Agreement between the posttraumatic stress disorder case definitions in the Canadian Primary Care Sentinel Surveillance Network and the

reference data set (N=12,104).

t‘?asedefi”i- TP(n) TN°(n) FNC(n) FPP(n) SE®(%.Cl)  SP(%.Cl)  PPVI(%,Cl) NPV (%, cry  Accuracy (%, Cl)
1ons

1 2017 800 1116 71 723(70.9-737) 99.1(98.9-99.3) 97.6(97.0-981) 87.8(87.2-883) 90.2(89.7-90.7)
2 2502 8045 1531 26 620(60.5-635) 99.7(99.599.8) 99.0(98599.3) 840(835845) 87.1(86.5-87.7)
3 2017 8004 1116 67 723(70.9-737) 99.2(99.0-994) 97.8(97.2-982) 87.8(87.2-883) 90.2(89.7-90.8)
4 372 8000 3L 71 911(90.1-919) 99.1(98.999.3) 98.1(97.6985) 957(95.396.1) 96.4(96.1-96.8)

&TP: true positive.

TN: true negative.

°FN: false negative.

9Fp: false positive.

€SE: sensitivity.

fsp: specificity.

9PPV: positive predictive value.
NPV negative predictive value.

Discussion

Principal Results

We found strong agreement between reference standards created
through review of EMR free-text encounter notes compared to
EMR short diagnostic text fields. Similar to other studies, we
also found that when available, free-text encounter notes can
capture additional information about a patient for identification
of disease, symptoms, and management strategies[7,12,14,15].
Although free-text encounter notes provided additional
information regarding risk factors and symptoms, when
compared to short diagnostic text fields, their inclusion did not
dramatically impact the validation of algorithms intended to
identify diagnosed cases. Primary care settings in our sample
include regionally or privately operated clinics, different EMR
systems, and privacy and confidentiality regulations that can
make free-text data difficult to obtain [27]. We found that when
free-text encounter notes are unavailable, short diagnostic text
data offer a viable option for identification of a confirmed
diagnosisamong primary care patients, even when this condition
is complex such as PTSD.

Comparison With Prior Work

The estimated PTSD prevalence ranged from 0.8% to 1.3%.
Case definition 1, which focused on specific ICD-9-CM code
for PTSD (309.81) found a prevalence of 1.1% but may not be
viableif 5-digit billing codes (ie, ICD-9-CM) are not available.
Within the Manitoba data set, diagnostic code alone and
diagnostic codes supplemented with NLP both had high
agreement with reference sets. Inclusion of free-text encounter
notes during medical record review did not significantly change
agreement metrics. Contrary to similar studies, we did not find
that the inclusion of NLP improved the agreement of our case
definitionin Manitoba[7,12,14,15]. However, when we applied
the case definitionsto the pan-Canadian CPCSSN reference set,
provincial differences in diagnostic codes and EMR structure
were noticed. Seungwon et a [27] conducted a scoping review
of 274 articles representing 299 algorithms for Charlson
conditions reporting that case validation studies frequently

https://medinform.jmir.org/2022/12/e41312

focused on a single-center, limiting generalizability of created
algorithms. Similarly, we found that our algorithm tested in
MaPCReN, which includes only 3 distinct EMR venders,
performed better than when tested in a pan-Canadian CPCSSN
data set representing 11 different EMR venders across Canada.

Consistent with other literature regarding complex phenotypes,
wefound that reliance on diagnostic codes can vary in accuracy
depending on the jurisdiction [14,27]. System-level and
jurisdictional differences in diagnostic coding requirements
reduced the sensitivity of case definition 1 in the CPCSSN
reference set. Depending on the condition, a 3-digit ICD-9-CM
code may dtill indicate disease presence. For example,
ICD-9-CM 250 indicates diabetes with ICD-9-CM subcodes
indicating the type and severity of the diabetes [28]. However,
the 3-digit ICD-9-CM code for PTSD is 309, indicating an
adjustment reaction whichis not specific to PTSD. When using
freetext data to improve PTSD capture, tools such as
well-developed and defined NLP or lasso regression can aid in
the identification of patients [7,12,14,15]. Case definition 4
supplemented specific diagnostic codes with NLP of short
diagnosgtic text fieldsin the EMR to identify patientswith PTSD.
Similar to other works, we found that combining structured
EMR data and unstructured free text significantly improved
diagnostic capturein our pan-Canadian data set yielding higher
performance [7,15,20,27]. However, we did not ascertain
additional benefit from using free-text encounter notes when
compared to short diagnostic text fields that are more widely
available. Doan et al [12] found that NL P showed comparable
performance in disease identification to clinician manual chart
review. Although literature suggeststhe need to capture multiple
risk factors for the identification of PTSD [19], in this study,
we focused NLP on explicit PTSD diagnostic text documented
in short diagnostic text fields of the EMR. We demonstrated
that explicit PTSD diagnostic text can improve PTSD capture
in a pan-Canadian data set. NLP can serve as a model for
decision support closing documentation gaps and overcoming
barriers present when only structured data fields are available
[12,15].
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Following free-text encounter note review, 6.1% (20/327) of
patients in our purposefully selected reference standard were
identified as having “possible PTSD.” These patients did not
have an explicit PTSD diagnosis in the text or structured data
fieldsof the EMR. Characterizing patientswith “ possible PTSD”
may identify patientswho warrant further clinical investigation
to inform diagnosis. Identification of patients with “possible
PTSD” can support patient care by informing diagnostic
investigations, as well as promoting documentation of mental
health symptoms, treatments, and improvements in symptoms
[15]. This may be arole for clinical decision support systems
that can provide passive aerts to primary care providers
indicating the need for further PTSD assessment [7,15].

Depending on study objectives and data set, researchers may
choose to use different combinations of coded and free-text
data, the former being more readily available and commonly
used in many jurisdictions [14,27]. However, previous studies
have demonstrated that using diagnostic codes from one part
of the EMR alone may be problematic due to data quality
concerns [18,29]. Furthermore, changes in terminology and
coding standards can make it difficult to compare and share
algorithms between EMR systems and jurisdictions.
Understanding the health system structure and setting of the
study is crucial in algorithm development [27]. Interpretability
isan important consideration within the clinical domain, which
may suggest the use of an NLP rule-based system, particularly
when a data set has limited free-text information. Despite this,
the supplementation of structured EMR datawith NLP-derived
data is important to overcome documentation gaps [9,15,20].
Our pan-Canadian dataset only included short diagnostic fields
and did not include free-text encounter notes. The availability
of free-text encounter notes may suggest the use of a pretrained
model for both text representation and classification. Pretrained
model such asthe Bidirectional Encoder Representations from
Transformers can transform free-text data into a standardized
form [9]. Specidist models such as MentalBERT have
developed domain-specific pretrained language models in the
area of mental health that can further benefit machine learning
models aimed at capturing mental health conditions [30].
Matching data sets to appropriate methods can balance
interpretability of the model and improve prediction leading to
results that can inform clinical decision-making and health
system planning [9,15,19,20].
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Limitations

This study relied on primary care provider documentation in
the EMR. NLP assessment of clinical notes entered by aprimary
care provider requires processing of clinical narrativesthat were
entered by providerswith limited time and may thereforeinclude
domain-specific abbreviations and spelling or editorial errors
[7]. Due to variation in primary care provider documentation
and coding, our study may have underestimated the presence
of PTSD in its patient population. Additionally, clinicians
primarily usetheir EMR for clinical purposes and therefore are
less concerned with the secondary use of specific ICD-9-CM
codes. This may contribute to issues with data capture or
completeness. The use of NL P must be devel oped within context
to meet organizational challenges of structured datafields[14].
Tools developed through this study can support identification
in a Canadian EMR data repository but have not been validated
in other jurisdictions. CPCSSN represents care received from
a primary care provider and therefore does not represent care
received from aspecialist, such asapsychiatrist or psychologist.
Future studies linking this data set to other data holdings
representing care providing by specialist providers may improve
our case definition accuracy by including more dedicated
assessments and information related to PTSD care.

Conclusions

Inclusion of free-text encounter notes during medical record
review did not lead to dramatically improved capture of PTSD
cases, nor did it lead to significant improvements in case
definition agreement. However, incorporating NLP of short
diagnostic text fields into a case definition for a complex
condition, such as PTSD, improved the capture of our case
definition when compared to case definitionsthat used structured
data fields alone. Depending on the jurisdiction and EMR
systems in use, specific diagnostic codes can still provide a
good estimate of patients with PTSD in a population.

Further researchisrequired to refine NLP algorithmsto be able
to detect PTSD from free-text encounter notes lacking aformal
coded diagnosisentry. Inthislarge primary care dataset, PTSD
affected between 0.8% and 1.3% of the population,
demonstrating that primary care EMR data are arich source of
data for this complex condition.
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