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ABSTRACT

Objectives: Data derived from primary care electronic medical records (EMRs) are being used for research and

surveillance. Case definitions are required to identify patients with specific conditions in EMR data with a de-

gree of accuracy. The purpose of this study is to identify and provide a summary of case definitions that have

been validated in primary care EMR data.

Materials and Methods: We searched MEDLINE and Embase (from inception to June 2016) to identify studies

that describe case definitions for clinical conditions in EMR data and report on the performance metrics of these

definitions.

Results: We identified 40 studies reporting on case definitions for 47 unique clinical conditions. The studies

used combinations of International Classification of Disease version 9 (ICD-9) codes, Read codes, laboratory val-

ues, and medications in their algorithms. The most common validation metric reported was positive predictive

value, with inconsistent reporting of sensitivity and specificity.

Discussion: This review describes validated case definitions derived in primary care EMR data, which can be

used to understand disease patterns and prevalence among primary care populations. Limitations include in-

complete reporting of performance metrics and uncertainty regarding performance of case definitions across

different EMR databases and countries.

Conclusion: Our review found a significant number of validated case definitions with good performance for use

in primary care EMR data. These could be applied to other EMR databases in similar contexts and may enable

better disease surveillance when using clinical EMR data. Consistent reporting across validation studies using

EMR data would facilitate comparison across studies.

Systematic review registration: PROSPERO CRD42016040020 (submitted June 8, 2016, and last revised June

14, 2016)
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BACKGROUND AND SIGNIFICANCE

Rationale
The collection and storage of vast amounts of health data are grow-

ing rapidly.1 These “big data” include electronic medical record

(EMR)2 data and traditional coded administrative health data,

among others. Administrative health data are generated and col-

lected from the administration of the healthcare system, such as hos-

pital discharge abstracts and physician billing claims; these data are

routinely used for research and surveillance, as most are population

based, relatively inexpensive compared to primary data collection,

and exist in a structured format.3

EMRs are commonly used in primary care settings to record pa-

tient information and facilitate patient care, and thus contain com-

prehensive demographic and clinical information about diagnoses,

prescriptions, physical measurements, laboratory test results, medi-

cal procedures, referrals, and risk factors.4 The increased digitiza-

tion of health information and novel techniques developed for

extracting and standardizing data from EMR systems have resulted

in many primary care EMR databases being established globally for

the purposes of health research and public health surveillance.5 A

few prominent examples include the Clinical Practice Research

Datalink (CPRD)6 and The Health Improvement Network (THIN),7

both in the UK, as well as the Canadian Primary Care Sentinel Sur-

veillance Network (CPCSSN)8 in Canada.

When using administrative or EMR data for secondary purposes,

it is important to have the ability to reliably identify cohorts of

patients with a specific disease or condition of interest. Case defini-

tions, also referred to as phenotypes, can be constructed from com-

binations of diagnostic codes, text words, medications, and/or

laboratory results found in the patient record.5 Ideally, case defini-

tions should be validated against a reference standard for disease

identification; in most cases, either a manual review of patient charts

or physician confirmation is typically used.

As administrative data have been widely utilized for secondary

purposes for many decades, numerous case definitions specific to

this data source have been developed and validated in a variety of

countries and populations.9 EMR data are still a relatively new con-

tribution to disease surveillance and health research, and a full sum-

mary of available validated case definitions has not been previously

published.

OBJECTIVE

The objective of this study was to identify all case definitions for

specific conditions, which have been tested and validated in primary

care EMR data.

MATERIALS AND METHODS

We conducted a systematic review of primary studies that reported

on the development and validation of case definitions for use in pri-

mary care EMR data. We followed a pre-specified protocol,10 in ac-

cordance with the Preferred Reporting Items for Systematic Reviews

and Meta-analyses (PRISMA) reporting guidelines.11 All data were

obtained from publically available materials and did not require

ethics approval from our institutions.

Data sources and search strategy
We searched MEDLINE (Ovid) and Embase (Ovid) with no date,

country, or language restrictions. We also searched the bibliogra-

phies of all identified studies. Further, the websites for EMR data-

bases were searched for bibliographic lists (eg, CPRD,6 www.cprd.

com), and content experts were contacted for information about

other potentially ongoing or unpublished studies. The search of on-

line databases included three themes:

1. Electronic medical records

2. Case definition

3. Validation study

We used a comprehensive set of MeSH terms and keyword

searches for each of the three themes to ensure we captured all rele-

vant literature. For example, the term “EMR” may be synonymous

with a number of relevant keywords (eg, computerized medical

records, EHR, etc.). These three search themes were then combined

using the Boolean term “AND.” Supplementary File S1 presents our

MEDLINE search strategy.

Study selection
Two reviewers independently screened all abstracts. Articles that

reported original data for the development and validation of disease

case definitions in primary care EMR data were considered for fur-

ther review. All citations for which either reviewer felt that further

review was warranted were kept for full-text review. Bibliographic

details from all stages of the review were managed within the Syn-

thesis software package.12

Two reviewers then scanned full-text articles for the following

inclusion criteria:

1. The database under study was a primary care EMR database.

2. There was a description of a computerized case definition for a

specific disease or condition.

3. A clearly stated reference standard was used to validate the case

definition.

4. Performance metrics were reported (ie, sensitivity, specificity,

positive predictive value, negative predictive value, kappa, re-

ceiver operating characteristic, likelihood ratio, and their syno-

nyms).

Non-human studies were excluded. Studies reporting on dental

health or other non-primary care settings were excluded. We ex-

cluded studies in which EMR data were based on patient self-report.

We also excluded studies that examined definitions in EMR data

linked to administrative health data (though administrative health

data used for the reference standard were acceptable). Studies that

were not original research and conference abstracts without an ade-

quately detailed description of study methods and results were ex-

cluded.

Data extraction
A data extraction form was used to collect information from each

included study. The following data elements were extracted: first au-

thor, publication year, country, condition(s) under study, sample

size and characteristics, cases identified as positive or negative,

EMR database or data platform, description of case definition and

techniques used to generate it along with fields accessed, reference

standard, and performance metrics (eg, sensitivity, specificity, and

positive and negative predictive values).

Risk of bias assessment
Included studies were assessed for quality using a component-based

approach. We used relevant items from the Quality Assessment of
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Diagnostic Accuracy Studies (QUADAS) quality assessment tool for

diagnostic accuracy studies.13 This tool includes an assessment of

bias in several domains, including patient selection, the validation

strategy, and reporting of outcomes. Two authors independently

assessed risk of bias in each domain and reported the risk of bias as

high, low, or unclear. Disagreements were resolved by discussion or

with a third reviewer as needed.

Data synthesis
Included studies were described in detail, including setting, target

population, and database accessed. Case definitions were grouped

by ICD-9 disease category, and definitions were summarized to-

gether with their performance metrics. It was not possible to pool

data for specific conditions, given study heterogeneity; however, a

qualitative comparison of performance of case definitions across

conditions was done and reported narratively. Within disease condi-

tions for which there was more than one validated case definition,

we documented performance metrics across case definitions and spe-

cifically examined the relative importance of using different data ele-

ments in creating case definitions for diabetes. In addition to

summarizing case definitions and their performance metrics by dis-

ease condition, we also produced a detailed inventory of the combi-

nations of variables used, the data fields accessed, and the computer

programming methods used.

RESULTS

Study identification
The initial search produced 8983 abstracts from the two databases;

6664 remained after removing duplicates (Figure 1). After the initial

abstract screen, 646 articles went forward to full-text review, of

which 40 met criteria for inclusion. Reviewer agreement was good

in the full-text review stage, with a kappa value of 0.66. The most

common reason for exclusion was setting, ie, not primary care

(55.8%). Other reasons for exclusion included: not explicitly stating

either the case definitions (23.3%) or validation results (1.5%), not

using EMR data exclusively (11.7%), not focusing on a specific

medical condition (0.8%), and not having a reference standard

(0.5%).

Table 1 describes the characteristics of the studies selected for in-

clusion (n¼40). Most studies were published between 2010 and

2016 (82.5%) and were conducted in Europe (n¼2562.5%).

Twelve studies (30%) were conducted in North America, and the

remaining three studies were from Australia and New Zealand

(7.5%). Frequently used databases included the General Practice Re-

search Database (GPRD) and its successor, the CPRD, THIN,

Integrated Primary Care Information (IPCI), and CPCSSN. Most of

the studies focused on a general clinical population, though some

(7.5%) were specific to pediatric, adolescent, or senior groups. Sam-

ple sizes ranged between 75 and 190 000 patients, with a per-study

median of just under 2000 patients. Figure 2 provides a summary of

select study characteristics.

Study quality assessment
Supplementary File S2 reports the study quality assessment. Most

studies were of reasonably high quality with three studies meeting

all quality criteria and 25 studies missing only one or two compo-

nents of quality. Twelve studies were of questionable quality with

three or more domains either not done or not reported. Most studies

did not use blinding of the results of the case definition or did not re-

port whether blinding was performed (85%). Further, over one-

third (35%) of the studies did not report enough information about

the case definition to allow for replication; nearly a quarter of the

studies (22.5%) lacked adequate details about the reference stan-

dard used to validate the definition.

Medical conditions
Case definitions were found for a total of 47 medical conditions,

which represented 13 chapters of the ICD-9,53 the most common be-

ing respiratory and circulatory conditions. Eight diseases had multi-

ple case definitions: two for colorectal cancer, eight for diabetes,

three for depression, six for hypertension, six for chronic obstructive

pulmonary disease (COPD), three for asthma (one of which was

pediatric asthma), two for skin and soft tissue infections, and five

for arthritis (three osteoarthritis, one rheumatoid arthritis, one in-

flammatory arthritis).

Case definitions and validation
Most case definitions were constructed using diagnostic codes, such

as ICD-953 or Read codes;54 these were sometimes supplemented

with laboratory values (eg, glycated hemoglobin [HbA1c] for diabe-

tes), medications (eg, metformin for diabetes), or physical measure-

ments (eg, blood pressure, weight) (Table 2). Some studies tested

machine learning programs that were also able to access unstruc-

tured data elements, such as free text clinical notes.14,15,50,55,56

The reporting of performance metrics was variable across stud-

ies, with some describing several metrics and others reporting just

one. The most frequently used validation measure was the positive

predictive value (PPV); sensitivity and specificity were also fre-

quently measured. Seven studies reported true positives and false

positives.14,21,33,34,39,42,51 Only one study reported likelihood ra-

tios40 (Figure 2 and Table 2). The most common reference standard

used was manual chart review, though others included a physician

questionnaire, registries based on other data sources, and other diag-

nostic tests.

Case definitions for malignancies (n¼8) performed well overall,

with mostly high sensitivities, specificities, and PPVs. With respect

to chronic illnesses, definitions for diabetes (n¼8) also performed

well across the three metrics. Definitions for hypertension (n¼5)

and ischemic heart disease (n¼3) had moderate performance, while

definitions for heart failure (n¼2) were highly specific but not very

sensitive. Similarly, definitions for COPD (n¼6), overweight

(n¼1), osteoarthritis (n¼3), and depression (n¼3) also had high

specificities but low sensitivities. Asthma definitions performed

moderately well across sensitivity and specificity. Some less common

diseases, ie, dementia, Parkinson’s disease, epilepsy, and multiple

sclerosis, had definitions with good sensitivities and specificities, but

PPVs tended to be moderate. Case definitions for acute infections

(otitis media and respiratory infections) had excellent specificities

but low sensitivities. Supplementary File S3 contains further detail

on the published case definitions.

In the case of diabetes, 19 separate tests of validation were

reported across eight studies, three of which were performed at dif-

ferent times in the same database (CPCSSN). These definitions used

various elements of EMR data alone or in combination, including

diagnostic codes, reason for visit, medications, laboratory data,

problems lists, and in one case, free text (Table 3). There are no con-

sistent trends indicating that one or more elements increases perfor-

mance. However, in the case of Hirsch et al, case definition
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performance improved slightly with the addition of other data ele-

ments to diagnostic codes. In most cases in which diagnostic codes

were not used, performance was markedly lower. Also noted is that

PPV decreased slightly when case definition sensitivity increased.

Free text was used only in one instance; however, it did not have su-

perior performance to diagnostic codes.

DISCUSSION

Summary of findings
We undertook this project to summarize all studies that have devel-

oped and validated case definitions using primary care EMR data.

Validated case definitions are important tools, as they can be
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Figure 2. Summary of study characteristics.
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Table 1. Study characteristics

First Author Year Country Condition Patients EMR Data Source Sample size

Afzal14 2013 Netherlands Asthma 5 to 18 years; registered

in IPCI for at least 6

months

IPCI 5032

Afzal15 2013 Netherlands Hepatobiliary disease;

Acute renal failure

All patients registered in

IPCI

IPCI 973; 3988

Cea Soriano16 2016 UK Colorectal cancer 40 to 89 years at diagno-

sis; no record of cancer

prescription for low-

dose aspirin prior to

study entry

THIN 3805

Charlton17 2010 UK Major congenital malforma-

tions

Mother-baby pairs; moth-

ers 14 to 49 years at

the date of delivery

GPRD 188

Coleman18 2015 Canada Diabetes; Hypertension;

Depression; Osteoarthritis;

COPD

60 years and over; at least

one of the five condi-

tions of interest accord-

ing to current CPCSSN

algorithms

CPCSSN 403

Coloma19 2013 Netherlands;

Italy

Acute myocardial infarction >1 year of continuous

and valid data

IPCI; Health Search/CSD

Patient DB

400; 200

Cowan20 2014 USA Asthma Patients seen in the Uni-

versity of Wisconsin

Department of Family

Medicine Clinics be-

tween 2007-2009

Health Plan Employer Data

Information Set (HEDIS)

190 000

de Burgos-Lunar21 2011 Spain Diabetes mellitus;

Hypertension

Over 18 years Computerized Clinical

Records of primary health

care clinics in the Spanish

National Health System

423

Dregan22 2012 UK Colorectal cancer;

Lung cancer; Gastro-

oesophageal cancer;

Urological cancer

Patients with at least 12

months of follow-up

prior to the start of ob-

servation and no alarm

symptom or cancer di-

agnosis documented

GPRD 42 556

Dubreuil23 2016 UK Ankylosing spondylitis 18 to 59 years THIN 85

Faulconer24 2004 UK COPD Over 45 years EMIS 10 975

Gil Montalban25 2014 Spain Diabetes mellitus 30 to 74 years AP-Madrid 2268

Gray26 2000 England Ischaemic heart disease 45 years or over NR 1680

Gu27 2015 New Zealand Skin and Subcutaneous tissue

infections

20 years or under Four New Zealand general

practice EMRs

307

Hammad28 2013 UK Congenital cardiac

malformations

Singleton live-birth babies CPRD 719

Hammersley29 2011 UK Active seasonal allergic

rhinitis

15 to 45 years Anonymized dataset 1092

Hirsch30 2014 USA Diabetes 18 years or over; at least

2 outpatient encounters

with any GHS provider

in 2009

EHR database from Gei-

singer Health System

499

Kadhim-Saleh31 2013 Canada Diabetes; Hypertension;

Osteoarthritis; COPD;

Depression

All patients who attended

the Kingston (Ontario)

PBRN and all 22 prac-

tices within the net-

work

CPCSSN 313

Kang32 2015 UK Glaucoma; Cataract 18 to 80 years CPRD 863; 986

Krysko33 2015 Canada Multiple sclerosis 20 years or over EMRALD, EMR only 943

Levine34 2013 USA Skin and soft tissue infections Primary care outpatients

in an academic health-

care system

Oregon Health & Science

University’s research data

warehouse

731

(continued)
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Table 1. continued

First Author Year Country Condition Patients EMR Data Source Sample size

Lo Re35 2009 UK Hepatitis C virus infection;

Viral hepatitis

Patients in the database

identified with HCV

diagnostic codes

THIN 75

MacRae36 2015 New Zealand Upper respiratory tract

infection;

Lower respiratory tract

infection;

Wheeze illness;

Throat infections;

Otitis media;

Other respiratory

Under 18 years, enrolled

in 36 primary care

practices

Primary care EHR date 1200

Mamtani37 2015 UK Bladder cancer;

Muscle-invasive bladder can-

cer

21 years or over; at least

6 months of follow-up

preceding a first diag-

nostic code for bladder

cancer

THIN 87

Margulis38 2009 UK Upper gastrointestinal com-

plications; Peptic ulcer

40 to 84 years THIN 44; 143

Nielen39 2013 Netherlands Inflammatory arthritis 30 years or over LINH 219

Onofrei40 2004 USA Heart failure: LVEF � 55%;

LVEF � 40%

All patients with an active

record

Providence Research

Network

1403; 793

Quint41 2014 UK COPD Over 35 years CPRD-Gold 704

Rahimi42 2014 Australia Type 2 diabetes mellitus At least 3 visits in a two-

year period

ePBRN 908

Rakotz43 2014 USA Undiagnosed hypertension 18 to 79 years NR 1586

Rothnie44 2016 UK Acute exacerbation of COPD Over 35 years CPRD 988

Scott45 2015 UK Intra-abdominal surgery

complications; small bowel

obstruction; Lysis of

adhesions

18 years or over THIN 217

Thiru46 2009 UK Coronary heart disease 35 years or over EMIS from the Northern

Regional Research

Network

673

Tian47 2013 USA Chronic pain 18 years or over ECW EHR system 381

Turchin48 2005 USA Diabetes;

Hypertension;

Overweight

18 years or over EMR data from four primary

care practices at the Brig-

ham & Women’s Hospital,

Boston MA

150

Valkhoff49 2014 Netherlands;

Italy

Upper gastrointestinal bleed-

ing

1- All ages; 2- 15 years or

over

IPCI; Health Search/CSD

Patient Database (HSD)

400; 200

Wang50 2012 UK Ovarian cancer diagnosis 40 to 80 years GPRD 178

Williamson5 2014 Canada COPD; Dementia;

Depression; Diabetes;

Hypertension; Osteoarthritis;

Parkinsonism; Epilepsy

90% over 60 years CPCSSN 1920

Xi51 2015 Canada Asthma 16 years or over Open-source Oscar EMR

system

150

Zhou52 2016 UK Rheumatoid arthritis Over 16 years GP records contained in SAIL 559

Abbreviations: IPCI ¼ Integrated Primary Care Information; THIN ¼ The Health Improvement Network; GPRD ¼ General Practice Research Database;

CPCSSN ¼ Canadian Primary Care Sentinel Surveillance Network; COPD ¼ Chronic obstructive pulmonary disease; EMIS ¼ Egton Medical Information System;

CPRD ¼ Clinical Practice Research Datalink; HER ¼ Electronic Health Records; EMRALD ¼ Electronic Medical Record Administrative data Linked Database;

PHO ¼ Primary Health Organization; LINH ¼ Netherlands Information Network of General Practice; LVEF ¼ Left ventricular ejection fraction; CPRD-Gold ¼
Clinical Practice Research Datalink-Gold; ePBRN ¼ Electronic Practice Based Research Network; ECW ¼ eClinicalWorks; SAIL ¼ Secure Anonymised Informa-

tion Linkage; NR¼ Not Reported.
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Table 2. Study results grouped by ICD chapter

First Author Condition Reference Standard Validation Results

Sensitivity

(%)

Specificity

(%)

PPV

(%)

NPV

(%)

Kappa

Certain infectious and parasitic diseases

Lo Re35 Hepatitis C virus infection GP questionnaire . . 86 . .

Lo Re35 Viral hepatitis GP questionnaire . . 76 . .

Neoplasms

Cea Soriano16 Colorectal cancer Chart review . . 80 . .

Dregan22 Colorectal cancer Cancer registry data 92 99 98 99* .

Dregan22 Lung cancer Cancer registry data 94 99 96 99* .

Dregan22 Gastro-esophageal cancer Cancer registry data 92 99 97 99* .

Dregan22 Urological cancer Cancer registry data 85 99 93 99* .

Mamtani37 Bladder cancer GP questionnaire and medi-

cal reports

. . 99 . .

Mamtani37 Muscle invasive bladder can-

cer

GP questionnaire and medi-

cal reports

. . 70 . .

Wang50 Ovarian cancer Chart review 86 . 74 . .

Endocrine, nutritional, and metabolic diseases

Coleman18 Diabetes Chart review 90 97 91 97* 88

de Burgos-Lunar21 Diabetes mellitus Chart review 100 99 91 100 99

Gil Montalban25 Diabetes mellitus Data from PREDIMERC 74 99 88 97 78

Hirsch30 Diabetes Chart review 65-99 99-100* 98-100 94-99* .

Kadhim-Saleh31 Diabetes Primary audit of EMRs 100 99 95 100 .

Rahimi42 Type 2 diabetes Manual audit of EHR 85* 99* 98 99 .

Turchin48 Overweight Chart and billing code review 74; 14 100 . . 67

Turchin48 Diabetes Chart and billing code review 98; 98 98; 98 . . 94

Williamson5 Diabetes Chart review 96 97 87 99 .

Mental disorders

Coleman18 Depression Chart review 73 96 87 90* 72

Kadhim-Saleh31 Depression Primary audit of EMRs 39 97 79 86 .

Williamson5 Dementia Chart review 97 98 73 100 .

Williamson5 Depression Chart review 81 95 80 95 .

Diseases of the nervous system

Krysko33 Multiple sclerosis Chart review 92 100 99 100 95

Tian47 Chronic pain Chart review 85 98 91 96 .

Williamson5 Parkinsonism Chart review 99 99 82 100 .

Williamson5 Epilepsy Chart review 99 99 86 100 .

Diseases of the eye and adnexa

Kang32 Cataract GP questionnaire . . 92 . .

Kang32 Glaucoma GP questionnaire . . 84 . .

MacRae36 Otitis media Chart review 58 99 90 94 .

Diseases of the circulatory system

Coleman18 Hypertension Chart review 95 79 93 86* 76

Coloma19 Acute myocardial infarction Chart review/GP question-

naire

. . 60-97 . .

de Burgos-Lunar21 Hypertension Chart review 85 97 85 97 77

Gray26 Ischemic heart disease Chart review 47-96 . 33-83 . .

Kadhim-Saleh31 Hypertension Primary audit of EMRs 83 98 98 81 .

Onofrei40 Heart failure: LVEF � 55% Echocardiography database,

echo in chart, chart review

44 100 36 100 .

Onofrei40 Heart failure: LVEF � 40% Echocardiography database,

echo in chart, chart review

54 99 25 100 .

Rakotz43 Undiagnosed hypertension AOBP measurement . . 51-58 . .

Thiru46 Coronary heart disease Established EMR definitions 65-98 . 40-74 . .

Turchin48 Hypertension Chart and billing code review 91; 74 86; 92 . . 77

Williamson5 Hypertension Chart review 85 94 93 86 .

Diseases of the respiratory system

Afzal14 Pediatric asthma Chart review 95-98 67-95 57-82 . .

Coleman18 COPD Chart review 72 92 37 98* 44

Cowan20 Asthma Expert panel diagnosis 82-92 95-98 . . .

Faulconer24 COPD Chart review 79 99* 75 99* .

Hammersley29 Allergic rhinitis Chart review 17-85 86-100 15-100 96-99 .

(continued)
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adapted and applied to different EMR databases to conduct re-

search or surveillance. Our review identified 40 studies that vali-

dated case definitions for 47 conditions. The most common

conditions were diabetes (eight definitions), hypertension (six defi-

nitions), and COPD (six definitions), though multiple definitions

have also been developed for depression (three definitions), osteo-

arthritis (three definitions), and asthma and respiratory infections

(four definitions). The majority of other conditions was limited to

a single case definition.

The case definitions we identified may be useful for research or

surveillance efforts that require identification of one of the 47 condi-

tions in primary care EMR data. While not all will be easily trans-

ferred for use with other data sources, these definitions can serve as

an important starting point. Further, for conditions for which we

have not identified a case definition, there is an opportunity to de-

velop, test, and publish case definitions so they are available to

others. For instance, Barnett et al conducted a literature review, fol-

lowed by a consensus exercise to identify 40 conditions likely to be

Table 2. continued

First Author Condition Reference Standard Validation Results

Sensitivity

(%)

Specificity

(%)

PPV

(%)

NPV

(%)

Kappa

Kadhim-Saleh31 COPD Primary audit of EMRs 41 99 80 94 .

Quint41 COPD Chart review/GP question-

naire

. . 12-89 . .

Rothnie44 Acute exacerbations of

COPD

Chart review/GP question-

naire

52-88 . 64-86 . .

Williamson5 COPD Chart review 82 97 72 98 .

Xi51 Asthma Chart review 74-90 84-93 67-81* 90-96* .

MacRae36 Upper respiratory tract

infection

Chart review 54 98 86 89 .

MacRae36 Lower respiratory tract

infection

Chart review 61 99 76 98 .

MacRae36 Wheeze illness Chart review 96 96 70 100 .

MacRae36 Throat infections Chart review 50 99 91 95 .

MacRae36 Other respiratory Chart review 66 99 68 99 .

Diseases of the digestive system

Afzal15 Hepatobiliary disease Chart review 89-92 68-79 . . .

Margulis38 Upper gastrointestinal com-

plications

GP questionnaire . . 95 . .

Margulis38 Peptic ulcer GP questionnaire . . 94 . .

Valkhoff49 Upper gastrointestinal bleed-

ing

Expert panel review/chart re-

view

. . 21; 78 . .

Scott45 Intra-abdominal surgery

complications, small bowel

obstruction, and lysis of

adhesions

GP questionnaire . . 86-95 . .

Diseases of the skin and subcutaneous tissue

Gu27 Skin and subcutaneous tissue

infections

Chart review 95 98 80 100 .

Levine34 Skin and soft tissue infections Chart review . . 53-92 . .

Diseases of the musculoskeletal system and connective tissue

Coleman18 Osteoarthritis Chart review 63 94 96 51* 46

Dubreuil23 Ankylosing spondylitis GP questionnaire 30-98 . 71-89 . .

Kadhim-Saleh31 Osteoarthritis Primary audit of EMRs 45 100 100 68 .

Nielen39 Inflammatory arthritis Chart review . . 78 . .

Williamson5 Osteoarthritis Chart review 78 95 88 90 .

Zhou52 Rheumatoid arthritis Secondary care electronic

patient records

86-89 91-95 79-86 . .

Diseases of the genitourinary system

Afzal15 Acute renal failure Chart review 62-71 88-92 . . .

Congenital malformations, deformations, and chromosomal abnormalities

Charlton17 Major congenital malforma-

tions

Chart review . . 85 . .

Hammad28 Congenital cardiac malfor-

mations

GP questionnaire . . 0-100 . .

Abbreviations: ICD ¼ International Classification of Diseases; ICD-9-CM ¼ International Classification of Diseases, 9th revision, clinical modification; NPV ¼
negative predictive value; PPV ¼ positive predictive value.

*indicates calculated values based upon published data.
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chronic and have significant impact on patients’ treatment needs,

function, quality of life, morbidity, and mortality.57 Tonelli et al

identified case definitions with moderate to high validity for use in

administrative health data for 30 of these conditions.9 Our review

identified EMR case definitions for only 16 of these conditions.

While it appears that case definitions are created opportunistically

for research that focuses on one or more specific conditions, creating

case definitions requires considerable effort, and having these avail-

able for use and adaptation may facilitate future research.

This review also summarized the methods and data elements

used for developing the case definitions. Diagnostic codes were the

most common feature used to define the conditions, and also the

most simplistic method, as many definitions relied solely on diagnos-

tic codes. While diagnostic codes were highly sensitive and specific

for some conditions (eg, cancer), they were much less sensitive for

others (eg, heart failure, depression), perhaps due to less specific di-

agnostic codes for these types of conditions. For instance, heart fail-

ure could present as shortness of breath, or together with another

condition such as arrhythmia or diabetes. Similarly, depression

could present symptomatically as insomnia, fatigue, malaise, etc.,

and be given a diagnostic code specific to the symptomatology. In

several instances, diagnostic codes were augmented with a combina-

tion of medications, laboratory data, problem lists, and/or free text

searches. In the case of diabetes, these additional data elements were

useful in improving the sensitivity and specificity of the case defini-

tion.5,30 Of note, diabetes case definitions tended to perform better

overall than those for COPD, another common chronic condition.

While this may be due to better diagnostic coding on the part of

physicians, it is also possible to identify diabetes based on laboratory

values. Having additional data elements available for disease identi-

fication may improve case definition performance.

Finally, while less common than traditional expert committee cre-

ated definitions, machine learning programs have been used in an at-

tempt to efficiently identify the best case definitions using multiple

data elements.5,9 It is difficult to comment on whether these programs

perform better, as the only condition for which both methods have

been used is diabetes, and both performed similarly, albeit in different

databases.5,18,21,25,30,31,42,48 That said, machine learning techniques

are likely a more efficient way to generate candidate case definitions,

and may therefore play an important role in increasing both the num-

ber of conditions for which case definitions are available, and their

performance, as many more candidate definitions could be tested and

validated quickly. The database used is also likely to be an important

factor in the performance of case definitions, as data quality influences

the predictive accuracy of any one data element for a specific disease.

Therefore, while advanced techniques such as machine learning and

free text mining may lead to higher performing case definitions, im-

proving the quality and completeness of data within a database is also

an important consideration for moving this field forward.

Strengths
Research and surveillance using primary care EMR databases are in-

creasing, as vast amounts of clinical data are becoming available for

Table 3. Diabetes case definition elements and performance

First Author Database Diagnostic

Codes

Reason for

Visit

Medications Lab

results

Problem

List

Classification

System

Free

Text

Sensitivity

(%)

Specificity

(%)

PPV

(%)

NPV

(%)

Coleman18 CPCSSN X X X 90 97 91 .

de Burgos-Lunar21 EMRs in Spanish

National

Health System

X 100 99 91 100

Gil Montalban25 AP-Madrid X X 74 99 88 97

Hirsch30 Geisinger Health

System

X 96 . 98 .

Hirsch30 Geisinger Health

System

X 75 . 100 .

Hirsch30 Geisinger Health

System

X 65 . 100 .

Hirsch30 Geisinger Health

System

X 84 . 99 .

Hirsch30 Geisinger Health

System

X X 96 . 98 .

Hirsch30 Geisinger Health

System

X X X 99 . 98 .

Hirsch30 Geisinger Health

System

X X X 98 . 98 .

Hirsch30 Geisinger Health

System

X X X X 99 . 98 .

Kadhim-Saleh31 CPCSSN X X X X 100 99 95 100

Rahimi42 ePBRN X . . 100 100

Rahimi42 ePBRN X . . 97 99

Rahimi42 ePBRN X . . 16 99

Rahimi42 ePBRN X X X . . 98 99

Turchin48 EMR from four

practices

X 98 98 . .

Turchin48 EMR from four

practices

X 98 98 . .

Williamson5 CPCSSN X X X 96 97 87 99
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secondary purposes. To our knowledge, this is the first systematic

review of its kind that describes validated case definitions used in pri-

mary care EMR data. These results may improve our ability to more

efficiently define cohorts with specific conditions without requiring a

full validation exercise, which is resource and time intensive. In addi-

tion, this review summarizes the disease conditions for which vali-

dated case definitions have been developed and encourages further

research to develop and validate case definitions for other disease

conditions, for which such definitions do not exist or are lacking.

Limitations
Although this review was thorough in its methods, a lack of detailed

reporting in many papers may have led to their exclusion. For in-

stance, 141 papers did not explicitly describe their case finding algo-

rithms, and 22 papers were missing requisite data. Also, 12 studies

did not report validity measures (ie, specificity, PPV, etc.) or did not

describe a reference standard. Among the studies included in our re-

view, not all metrics of interest were reported. For instance, some

studies reported only PPV, which limits our ability to comment on

the sensitivity of the case definition, or its performance in a popula-

tion with a different prevalence of disease. The generalizability of

each case definition is also unknown, as they were conducted in a

unique variety of populations, settings, healthcare systems, and

EMR systems/databases.

Recommendations for reporting of case definition

validation studies
Given the variability in reporting, adherence to reporting guidelines,

such as those described in the Standards for Reporting of Diagnostic

Studies (STARD) statement,58 may strengthen this growing field of

research. STARD lists the essential elements to be included in a re-

port of a diagnostic accuracy study. STARD contains 30 elements,

most of which apply to reporting validation studies of case defini-

tions. However, as most diagnostic accuracy studies are undertaken

in a clinical context, with the test under study being one that diagno-

ses disease in an individual, certain elements should be modified to

reflect the unique aspects of case definition validation studies. The

following are specific recommendations for reporting of case defini-

tion validation studies:

1. Identify the study as a case definition validation study, includ-

ing the condition(s) in question.

2. Specify the intended use of the case definition (eg, patient iden-

tification for clinical purposes, surveillance, research).

3. Describe the database that the case definition was applied to

and how the elements populating the database were collected

(eg, for clinical care, health care administration, other).

4. Describe how the sample used for validation was selected.

5. Describe the clinical and demographic characteristics of the

population whose information is included in the database.

6. Describe the process by which the case definition(s) was/were

derived (eg, using statistical methods or machine learning, ex-

pert opinion, other).

7. Clearly describe the case definition(s) under study in sufficient

detail to allow others to replicate their implementation.

8. Clearly describe the reference standard used to verify the per-

formance of the case definition(s) and rationale for its use.

9. State whether the reference standard was applied indepen-

dently of the case definition.

10. In studies in which the case definition(s) is/are derived from

data using machine learning or other statistical methods, the

testing dataset and validation dataset should be clearly de-

scribed.

11. Clearly describe the methods for assessing performance and the

specific metrics used (eg, sensitivity, specificity, PPV, negative

predictive value [NPV], other), including how missing or inde-

terminate data were handled.

12. Presentation of results should include cross tabulation of the

case definition(s) results by the reference standard results as

well as the performance metrics and their 95% confidence

intervals.

CONCLUSION

Data collected in primary care electronic medical records are becom-

ing an important resource for conducting research and understand-

ing disease patterns and prevalence. This review provides a

summary of validated case definitions for a number of clinical condi-

tions in primary care EMR data, most of which identify conditions

with relatively good accuracy. The case definitions identified

through this review may be used as a starting point for research and

disease surveillance that require the identification of medical condi-

tions in primary care EMR data. However, there are a number of

conditions for which no case definition has been reported in the

peer-reviewed literature. To improve the utility of future studies,

authors publishing on case definitions with validity outcomes should

adhere to detailed reporting standards.
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