
Coronary Artery Disease Phenotype Detection
in an Academic Hospital System Setting
Amy Joseph1 Charles Mullett1,2 Christa Lilly3 Matthew Armistead2 Harold J. Cox2

Michael Denney2 Misha Varma1 David Rich4 Donald A. Adjeroh5 Gianfranco Doretto5

William Neal1 Lee A. Pyles1

1Department of Pediatrics, School of Medicine, West Virginia
University, Morgantown, West Virginia, United States

2West Virginia Clinical and Translational Science Institute, West
Virginia University, Morgantown, West Virginia, United States

3Department of Biostatistics, School of Public Health, West Virginia
University, Morgantown, West Virginia, United States

4West Virginia University Hospital System, Morgantown, West
Virginia, United States

5Lane Department of Computer Science and Electrical Engineering,
Benjamin M. Statler College of Engineering and Mineral Resources,
West Virginia University, Morgantown, West Virginia, United States

Appl Clin Inform 2021;12:10–16.

Address for correspondence Lee A. Pyles, MD, MS, Department of
Pediatrics, West Virginia University School of Medicine, 1 Medical
Center Dr., Box 9214, Morgantown, WV 26506, United States
(e-mail: lpyles@hsc.wvu.edu).

Keywords

► clinical phenotype
► clinical registry
► coronary artery

disease phenotype
► accuracy
► problem list
► validation of

algorithm
► knowledge

management
► data validation and

verification

Abstract Background The United States, and especially West Virginia, have a tremendous
burden of coronary artery disease (CAD). Undiagnosed familial hypercholesterolemia
(FH) is an important factor for CAD in the U.S. Identification of a CAD phenotype is an
initial step to find families with FH.
Objective We hypothesized that a CAD phenotype detection algorithm that uses
discrete data elements from electronic health records (EHRs) can be validated from
EHR information housed in a data repository.
Methods We developed an algorithm to detect a CAD phenotype which searched
through discrete data elements, such as diagnosis, problem lists, medical history,
billing, and procedure (International Classification of Diseases [ICD]-9/10 and Current
Procedural Terminology [CPT]) codes. The algorithmwas applied to two cohorts of 500
patients, each with varying characteristics. The second (younger) cohort consisted of
parents from a school child screening program. We then determined which patients
had CAD by systematic, blinded review of EHRs. Following this, we revised the
algorithm by refining the acceptable diagnoses and procedures. We ran the second
algorithm on the same cohorts and determined the accuracy of the modification.
Results CAD phenotype Algorithm I was 89.6% accurate, 94.6% sensitive, and 85.6%
specific for group 1. After revising the algorithm (denoted CAD Algorithm II) and
applying it to the same groups 1 and 2, sensitivity 98.2%, specificity 87.8%, and
accuracy 92.4; accuracy 93% for group 2. Group 1 F1 score was 92.4%. Specific ICD-10
and CPT codes such as “coronary angiography through a vein graft” were more useful
than generic terms.
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Background and Significance

Electronic health records (EHRs) organize and collate medi-
cal information to a degree realized only in intensive re-
search efforts a generation ago. Problem lists were made
popular by Weed to organize medical thinking and evalua-
tion.1 Procedural terminology was standardized to facilitate
medical billing. We now use these tools to enable case-
finding for research, quality improvement, and preventive
medicine. Definition of a clinical phenotype or grouping of
patients from a collection of EHR records has been important
for these operations.2 Definition of a clinical population
phenotype has typically required augmentation of the sys-
tematic cataloguing of diagnoses and procedures with ex-
amination of clinical progress, admission, discharge, and
procedure notes, often with the aid of artificial intelligence
(AI) tools such as machine learning and natural language
processing (NLP).3 Clinical phenotypes have been defined for
heart failure (HF), diabetes, hypertension, and other disease
groups.4 In this report, we describe a process to use the
diagnosis and procedures encoded in random samples of
EHRs to define a clinical phenotype for coronary artery
disease (CAD). We hypothesized that an accurate CAD phe-
notype can be developed and validated from discrete data
elements available in the West Virginia University Health
System EHR.

Cardiovascular disease is the leading cause of mortality in
the United States, particularly West Virginia, with the ma-
jority of deaths due to CAD.5 In 2018, 18.2 million American
adults (6.7%) were diagnosed with CAD.6 We will attempt to
answer the question of whether a CAD phenotype can be
defined from diagnoses and procedures and we will utilize
items from both clinical and administrative sources to define
the phenotype. Pointedly, we will not employ advanced
analytical techniques of AI to comb through information in
clinical notes. The CAD phenotype is defined as presence of
significant CAD as demonstrated by heart catheterization
especially with stent or angioplasty, coronary artery bypass
graft (CABG) placement or evaluation, and myocardial in-
farction. This project highlights the optimal operation of a
mature EHR system from which researchers can synthesize
diagnosis and procedure codes to define the CAD
phenotype.7

The health informatics focused phenotype has been de-
fined for a variety of diseases most notably HF. Aragam et al
linked a clinical phenotype of nonischemic HF to genotype
from the U.K. Biobank.8 In this process they negated the
group with ischemic HF as defined by diagnoses plus patient
self-report. Kashyap et al noted sensitivity of only 47.5% and
specificity of 96.7% for inpatient acute HF using International

Classification of Diseases (ICD)-9 codes for records from2006
to 2014, highlighting the importance of improved usefulness
in the current era for use of ICD plus Current Procedural
Terminology (CPT) to create a phenotype.9

Ontologies such as SNOMED, ICD-9 and -10, and CPT codes
have allowed use of big data techniques to initiate registries
of patients of interest with various diseases such as diabetes,
hypertension, and obesity.4,10–12 These registries often in-
volve development of a clinical phenotype that defines the
patient population.2 This phenotype derives from known
clinical attributes, dependencies, or clinical course of pro-
gression or resolution of a disease process. This report
describes validation of an algorithm to detect a phenotype
derived from discrete data elements and their values and
thus represents the maturation of functionality of an EHR.7

Discrete data element items such as problem lists and
procedure lists are analyzed rather than NLP analysis of
the corpus of a clinical note.4,12,13 The algorithm should be
able to identify a phenotype from a varied population group,
including a wide range of age groups and different disease
cohorts.2 By forming such an algorithm, large amounts of
data can be extracted from EHRs and analyzed. In addition,
the phenotype can provide a population for clinical trials.

CAD Phenotype as a Building Block to Study Familial
Hypercholesterolemia
Our interest in the CAD phenotype stems from a desire to
identify families with familial hypercholesterolemia (FH)
that is thought to be significantly underdiagnosed in the
United States and Europe.14–17 The FH diagnosis requires at a
minimum identification of elevated low-density lipoprotein
cholesterol (LDL-C) (or total or non-high-density lipoprotein
cholesterol) plus evidence of early CAD.18 Empiric diagnosis
of FH as we propose requires a functional definition of CAD
clinical phenotype to find family members with FH with
either elevated or nondiagnostic LDL levels.19 Thus, the
analysis of the empiric relationship of elevated LDL and
CAD that suggests FH requires specification of a popula-
tion-based CAD phenotype. To detect FH, West Virginia
pioneered the Coronary Artery Risk Detection in Appala-
chian Communities (CARDIAC) project in 1998, a multidi-
mensional screening and research project that obtains
fasting lipid profiles from over 60,000 fifth graders around
the state.20–22 The earlier a patient with FH can be detected
and their lipid levels controlled, the greater the risk reduc-
tion for future coronary events. The recent Framingham
report highlights the importance of optimum management
of LDL in the 20- to 40-year-old age group to prevent CAD in
the fifth or sixth decade.23 Report of a Dutch series of FH
families with childhood LDL control solidifies the thinking

Conclusion We have created an algorithm, CAD Algorithm II, that detects CAD on a
large scale with high accuracy and sensitivity (recall). It has proven useful among varied
patient populations. Use of this algorithm can extend to monitor a registry of patients
in an EHR and/or to identify a group such as those with likely FH.
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that the atherosclerotic pathophysiology is dependent upon
the LDL time integral that is cumulative from childhood,
likely from birth.24,25

Methods

A proposal was made to create an algorithm that would detect
CAD using only data from the EHR discrete data element
analysis. The records for each group of subjects were drawn
from the WV Clinical Translational Science Institute Integrated
Data Repository (WV CTSI IDR) that contained 1.6 million
patient records as of September 2017.26 This study was per-
formed in compliance with the World Medical Association
Declaration of Helsinki on Ethical Principles for Medical Re-
search InvolvingHumanSubjects andwas reviewedby theWest
Virginia University Institutional Review Board. An American
College of Cardiology nomenclature guideline paper was
reviewed by three authors who then conducted an exercise to
establish internal validity.27 The guideline paper stressed un-
ambiguous use of medical vocabularies to define clinical end-
points with a goal of improvement of clinical trials. We started
by randomlyselecting a setof 25patients thatwere amixture of
CADpositive and CADnegative.27 Each of our selection process-
es included use of a random number generation kernel. One
author (M.V.) established the CAD status for each patient and
this was reviewed in a blinded fashion by the first and senior
authors. All three authors were found to be in complete
agreement and further manual chart reviews proceeded.

Initially, we defined the parameters that would indicate CAD
in EHRs. We primarily looked at diagnosis (billing) codes and
procedure codes. Billing diagnosis codes aremade through ICD-
9and-10codes.The ICD-10codeswerecross-referencedback to
ICD-9 except for Z95.1 in ICD-10; Presence of aortocoronary
bypassgraft (see►Supplementary Appendix A for ICDandCPT
codes). Thediagnoses andprocedures couldbe found in theEHR
problem list, visit diagnosis list, medical history, or billing
information (provider or health system). Originally (see
►Supplementary Appendix A), we included 410.x (acutemyo-
cardial infarction), 411.x (ischemic heart disease and coronary
syndromes), 412.x (old myocardial infarction), 413.x (angina
pectoris), and414.x (coronaryatherosclerosis). Procedure codes
were assigned through CPT codes, which included codes for
coronary angiography and catheterization, and CABG operative
procedure.Analgorithm(CADAlgorithmI)wasconstructedthat
included presence or absence of these discrete elements; no
additive, exclusionary, or probabilistic operation was required.
We tested it on a cohort of 500 patients drawn randomly from
WVCTSI IDRthatconsistedof250patientsassignedtohaveCAD
and 250 without CAD from the criteria of Algorithm I, then

manually abstracted the charts and validated the diagnosis.
Next, we drew another cohort of 500 patients that included
patients that were known to be parents of children that had
participated in the CARDIAC project, without regard for CAD
status, including 191 with CAD determined by manual chart
inspection including clinical notes and referral notes plus 309
without CAD. Following this, we evaluated variation between
the manual data results and algorithm results. Standard demo-
graphics and descriptive analyses for the subjects were
obtained. Relevance (sensitivity, specificity, positive predictive
value, negative predictive value, and F-score) was calculated for
the different groups and operations.28 We decided to remove
the 413.x ICD-9 codes, which primarily coded for angina, and
added the414.xcodes (coronaryatherosclerosis).Wefound that
patients who presented to the emergency department with
chest pain were frequently coded as angina pectoris regardless
of the ultimately determined etiology and that term lacked any
discriminatory value. This resulted in 40 false positive CAD
patients in the first classification attempt, denoted “CAD Algo-
rithm I” in►Table 3. Patients who had angina due to CADwere
identified from other codes. We also included diagnosis codes
and past medical and surgical history in the algorithm to better
identify CAD. After making the revisions, we ran the improved
algorithm (CAD Algorithm II) for the same two sets of 500
patients that we had previously evaluated (►Fig. 1).

Certain characteristics were also recorded for both sets of
patients, for example, sex, age, body mass index (BMI), and
maximum LDL-C levels found within the EHR. We wanted to
determine if the algorithm would be accurate among two
varied groups of patients, especially the younger group
which consisted of parents of children who participated in
the WV school-based cross-sectional CARDIAC program.

Results

►Table 1 shows demographic and laboratory features of the
two groups of test subject. They were different in age, BMI,
and LDL-C. The second group represented a pool of persons
that likely wanted to know cardiometabolic risk factors for
their children. ►Table 2 shows the different features of the
ICD and CPT codes of CAD Algorithms I and II. Generic
coronary angiography CPT and angina pectoris ICD codes
were deleted to create CAD Algorithm II.

The first cohort consisted of 500 patients (group 1) that
the algorithm detected as 250 patients with CAD and 250
patientswithout CAD. Blindedmanual reviewof the EHRs for
these 500 patients revealed 222 patients with CAD and 278
without (►Table 3). This was an 89.6% accurate correlation
between the algorithm and manual validation. This resulted

Fig. 1 Process of verifying algorithms. A separate “learning” group was not warranted because no artificial intelligence-based knowledge
discovery was employed.
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in a sensitivity of 94.6% and specificity of 85.6%. With the
second set of 500 patients (group 2), the algorithm found 238
patients with CAD and 262 without CAD (►Table 3). On
validating the data, 191 were CAD positive patients and 309
patients did not have CAD. This was 89% accurate (the
combination of positive and negative predictive value), had
a sensitivity of 97.9% and specificity of 83.5%. Then, after the
algorithm was revised, creating CAD Algorithm II, the first
cohort of 500 patients resulted in 252 patients that were
diagnosed with CAD and 248 patients that did not have CAD
(►Table 4). This gave a 92.4% accuracy, sensitivity of 98.2%,
and specificity of 87.8%. For the second set of 500, the
updated algorithm detected 222 patients with CAD and
278 without (►Table 4). This was 93% accurate, had a

sensitivity of 99%, and specificity of 89.3% (►Table 4). The
second, younger group (group 2) had less CAD, as should be
expected although the average LDL level was higher
(p< 0.001; ►Table 1). Receiver operating characteristic
curves are not determined in this methodology since dichot-
omous rather than probabilistic relationships are used to
define the CAD status.

Discussion

Thedevelopmentof EHRshas resulted in a large catalogofdata
tobemined, andefficientmethods toextract information from
this data need to be established. In our study, we have devel-
oped an algorithm that can detect CAD in a wide variety of
patients. Our group1was10years older thangroup2whohad
children in CARDIAC in past years (up to 17 years previous).
Considering our two different groups had different prevalen-
ces of CAD, the accuracy, sensitivity, and specificity were
similar between both groups of patients, suggesting a robust
algorithm. The most significant error cells consist of 34 false
positive subjects in group 1 and 33 false positive subjects in
group 2. These false positive determinations affect positive
predictive value (precision) and accuracy. Performance meas-
ures were slightly stronger in group 2 which is the group of
clinical interest that drives the investigation.

An advantage of creating an algorithmwithout using AI is
that the parameters that identify CAD are very clearly
defined, and hence, unambiguous. Hence, there is a very
high negative predictive value and patients without CAD are
excluded. A disadvantage of not using NLP or other AI is that
sometimes, evidence of CAD in a patient EHR may be
written within a chart but may not have been clearly
encoded or identified in the medical history. At times, a
distant history of a CABG or coronary angiography at
catheterization was generated prior to the patient record
being added to EHRs. Another issue arose if the patient was

Table 1 Patient characteristics from manual chart review

Random
cohort
(Group 1)
n¼ 500

Cohort with
“cardiac
parents”
(Group 2)
n¼ 500

p-Value

CAD positive 222 191 0.0465a

CAD negative 278 309

Female (%) 43.9% 45.2% NS

Male (%) 55.9% 54.8%

Age (minimum) 11 21

Age (maximum) 96 86

Age (average) 58.3 48.8 < 0.001b

BMI (average) 30 31.5 0.005b

LDL-C (average) 106.2 123.5 < 0.001b

Abbreviations: BMI, bodymass index; CAD, coronary artery disease; LDL-
C, low-density lipoprotein cholesterol.
aChi-square p-value.
bTwo-tailed t-test p-value.

Table 2 Features of CAD algorithms

CAD Algorithm I CAD Algorithm II

ICD-9/-10 codes

410.x acute myocardial infarction x x

411.x ischemic heart disease and coronary syndromes x x

412.x old myocardial infarction x x

413.x angina pectoris x Deleted

414.x coronary atherosclerosis x x

CPT codes

Coronary artery bypass graft procedure x x

Coronary angiography x Deleted CPT 93454, 93456, 93458, 93460,

Coronary angioplasty x x

Coronary stenting x x

Coronary angio through existing bypass graft x

Abbreviations: CAD, coronary artery disease; CPT, Current Procedural Terminology; ICD, International Classification of Diseases.
Note: ►Supplementary Appendix A provides detail of specific ICD-9 or ICD-10 codes and CPT codes.
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being treated for CAD at a different hospital or with another
provider. In that case, unless the CAD diagnosis was entered
in the chart, then the patient would not be detected by the
algorithm. These are known issues that have been consid-
ered in this evaluation and the noncommunicative outside
patient arriving without records could also be missed with
NLP or with our Algorithms I or II. Inclusion of self-report of
CAD could help remedy this but the clinical experience
suggests the inclusion of myriad symptoms as “heart at-
tack” by patients.

The algorithms use parameters that include ICD-9 and
CPT codes plus mapping to ICD-10 codes. Since the algo-
rithms include constraints that are standard across the
nation, it can be applied in other hospital systems. Therefore,
this can help detect patientswith CAD on a large scale among
many hospitals, although it must be cautioned that the

coding can be dependent upon local custom, such as our
observation that any adult chest pain in our hospital system
was invariably coded “angina pectoris.”

While there are certain limitations with using our CAD
Algorithm II, it is highly sensitive to detect CAD patients.
Limitations include the problem of local custom in imple-
mentation of diagnostic and procedural coding and lack of
standardized subject screening in clinical practice. Also, the
algorithm detects EHR documentation of CAD rather than its
actual presence or absence. Nonetheless, this work repre-
sents a validation of the promise of the EHR to revolutionize
health care and an initial step toward use of data registries
such as WV CTSI IDR to create a learning health system in an
institution such as the West Virginia University Health
System. The project helps to actualize the translational value
of the WV CTSI Integrated Data Repository.

Table 3 Groups 1 and 2: CAD Algorithm I

Algorithm I results Group 1 CAD
true positive
(manually validated)

CAD true
negative
(manually
validated)

N Group 2 CAD
true positive
(manually validated)

CAD true negative
(manually
validated)

N

CAD positive 210 40 250 187 51 238

CAD negative 12 238 250 4 258 262

Total 222 278 500 191 309 500

Positive predictive
value/precision (%)

84 78.6

Negative predictive value 95.2 98.5

Sensitivity (%)/recall 94.6 97.9

Specificity (%) 85.6% 83.5

Accuracy (%)a 89.6 89.0

F1 score 88.9 87.2

Abbreviation: CAD, coronary artery disease.
Note: F1 score¼ (2 � precision � recall) / (precisionþ recall).
aAccuracy defined as true positive plus true negative divided by group totals.

Table 4 Groups 1 and 2: CAD Algorithm II

Algorithm II results Group 1 CAD
positive
(validated)

Group 2 CAD
negative
(validated)

N Group 1 CAD
positive (validated)

Group 2
CAD negative
(validated)

N

CAD positive 218 34 252 189 33 222

CAD negative 4 244 248 2 276 278

Total 222 278 500 191 309 500

Positive predictive value/precision (%) 86.5 85.1

Negative predictive value (%) 98.4 99.3

Sensitivity/Recall (%) 98.2 98.9

Specificity (%) 87.8 89.3

Accuracy (%)a 92.4 93

F1 score 0.92 0.914

Abbreviation: CAD, coronary artery disease.
Note: F1 score¼ (2 � precision � recall) / (precisionþ recall).
aAccuracy defined as true positive plus true negative divided by group totals.
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Clinical Relevance Statement

Acapability to use diagnoses, procedures, and billing forms from
providers or institutions and data elements ofmedical history to
describe a group of patients with a diagnosis of coronary artery
disease is demonstrated. This methodology can aid case-finding
formanagement,quality improvement,andclinical research.The
methodologydemonstrates thematurityof theelectronichealth
record of the West Virginia University Health System that
contains sufficientdiscretedata elements to successfully identify
CAD subjects.

Multiple Choice Questions

1. The accuracy of the algorithm attributes to which
parameters?
2. True positive
3. True negative
4. False positive
5. False negative

a. 1 and 2
b. 2 and 4
c. None of the above
d. All of the above

Correct Answer: The correct answer is d, all of above: (TP
plus TN) / (TPþ FPþ TNþ FN).

1. Heart cath for chest pain should always prompt a diagno-
sis of CAD.
a. True
b. False

Correct Answer: The correct answer is option b.

2. CAD Algorithm II includes which group of patients:
a. Diagnostic heart cath with normal coronary angiography.
b. Open heart surgery for valve replacement.
c. Coronary angiography through existing vein graft.
d. TAVR: transcutaneous aortic valve replacement.

Correct Answer: The correct answer is option c, coronary
angiography through existing vein graft. Options a, b, and
d do not diagnose coronary artery disease.

3. A clinical phenotype represents: (choose 1)
a. The items in SNOMED that pertain to the clinical

problem.
b. The clinical diagnoses that can be determined from

GWAS for a subject.
c. A grouping of persons that exhibit the clinical symptom

(s) or behavior of interest.
d. A group of persons that exhibit a genotype that reflects

the clinical problem.

Correct Answer: The correct answer is option c. Option a is
only an example of a classification system but it does not
define a phenotype. Options b and d pertain to genotype, not
phenotype.
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