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Abstract

Objective: Electronic health record (EHR) data are underutilized for abstracting classification
criteria for heart disease. We compared extraction of EHR data on troponin | and T levels with
human abstraction.

Methods: Using EHR for hospitalizations identified through the Atherosclerosis Risk in
Communities (ARIC) Study in four US hospitals, we compared blood levels of troponins | and
T extracted from EHR structured data elements with levels obtained through data abstraction

by human abstractors to 3 decimal places. Observations were divided randomly 50/50 into
training and validation sets. Bayesian multilevel logistic regression models were used to estimate
agreement by hospital in first and maximum troponin levels, troponin assessment date, troponin
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upper limit of normal (ULN), and classification of troponin levels as normal (< ULN), equivocal
(1 - 2x ULN), abnormal (>2x ULN), or missing.

Results: Estimated overall agreement in first measured troponin level in the validation data was
88.2% (95% credible interval: 65.0% — 97.5%) and 95.5% (91.2 — 98.2%) for the maximum
troponin level observed during hospitalization. The largest variation in probability of agreement
was for first troponin measured, which ranged from 66.4% to 95.8% among hospitals.

Conclusion: Extraction of maximum troponin values during a hospitalization from EHR
structured data is feasible and accurate.

Introduction

Algorithmic identification and classification of cardiovascular events from information
contained in electronic health records (EHRS) is of increasing interest to clinicians and
researchers. EHR-derived event classification has the potential to advance population
approaches to healthcare by providing relatively low cost and large-scale outcome
assessment including performance measures which can be embedded in patient medical
records.! A recent systematic review of studies examining the use of EHR in the
diagnosis of acute myocardial infarction (MI) underscored the extent to which EHR
data are underutilized in the abstraction of cornerstone Ml classification criteria,
including information on patient symptoms such as chest pain, cardiac biomarkers, and
electrocardiographic (ECG) findings.?

In this report, we leverage data from the Atherosclerosis Risk in Communities (ARIC) Study
community surveillance of cardiovascular events? to examine the performance of protocols
for algorithmic abstraction of troponin T and I levels directly from patient EHR.

Materials and Methods

2.1. Study population

Analyses were performed using EHR from hospitalizations identified through the
Atherosclerosis Risk in Communities (ARIC) Study. From 1987 through 2014, the ARIC
study conducted surveillance of cardiovascular hospitalizations in four geographic regions
of the United States, Jackson, MS, Forsyth County, NC, Washington County, MD, and

the suburbs of Minneapolis, MN.3 Six hospitals in the ARIC study geographic areas

were contacted with a request to provide EHR versions of medical records for the year
2015, which had already been submitted to the ARIC Study Coordinating Center as

part of the ARIC community surveillance of cardiovascular events. One hospital was in
transition to a different EHR platform, thus unable to provide data. Remaining hospitals
had functional data warehouses and were able to provide copies of patient medical records.
A templated request for structured data elements was submitted to each hospital’s data
analysts. The template was in the form of an Excel document and included spreadsheet tabs
for the following structured data elements: Vital Signs, Laboratory, Medications, Procedures,
Imaging, Diagnoses, and Demographics. Medical record number, encounter ID and date of
discharge served as unique identifiers which were included in all requested components of
the medical records and were used to link the data across record categories. Data fields
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2.2.

within each spreadsheet tab were structured using the common data model* to assure data
harmonization across hospitals. Also requested were provider notes including Emergency
Department notes, History and Physical notes, Progress notes, and Discharge Summaries.
All notes were requested as delimited documents.

Data preparation

To protect patient confidentiality, all patient and provider names were removed from the
records upon receipt of the data at the ARIC Coordinating Center using the MIT delD
program, an open-source, Perl-based software package.> Additionally, a crosswalk file
between medical record numbers and an encrypted ID was created for each hospital to allow
for continued linkage of the data across categories. Thereafter, the medical record numbers
were removed from the records and the crosswalk stored on a secure, encrypted server.

Structured data elements were converted to comma delimited files and processed using
standard statistical software (SAS version 9.4, SAS Institute, Cary, NC) and STATA version
15.1 (StataCorp LP, College Station, TX). Python programs were used to identify pre-
specified negation terms. All data extraction protocols included date and time stamps to
ascertain the temporal evolution of clinical manifestations and biomarkers.

2.3. Classification of biomarker levels

Troponin | and troponin T data were abstracted from the Laboratory portion of the structured
data elements. We created a stratified random sample of records for algorithm training
within each of four hospitals, with a sampling probability of 0.5, reserving the other records
in those hospitals for validation. The number of records obtained from the fifth hospital was
so small that the records were not used in data analysis. Algorithms for data extraction,
developed as SAS programs, were iteratively derived using the training data. SAS programs
were also used to examine the agreement on dates of a troponin assay, its upper limit of
normal, and troponin levels to 3 decimal places against data for the same records abstracted
by human ARIC Study abstractors.® The highest troponin level recorded during the first

4 days of the hospitalization was used to arrive at its EHR classification. Although all
biomarker levels were used to arrive at the corresponding ARIC classification, it was usually
based on troponin | or T. However, it also could have been based on creatine kinase (CK)
and / or its isoenzyme CK-MB if they led to a more abnormal overall classification. We used
the following classification scheme: abnormal (>2x the upper limit normal), equivocal (1 —
2x the upper limit of normal), normal (< upper limit of normal), and missing (no biomarkers
available).

To “downgrade” troponin levels, which may have been elevated due to non-cardiac events,
we abstracted from EHR structured data elements International Classification of Diseases,
9th Revisions (ICD-9) procedure and diagnosis codes suggesting evidence of trauma or a
cardiac procedure preceding the time of the troponin measurement. The purpose of the
downgraded classification was to remove falsely abnormal troponin levels that were likely
not due to a cardiac event.

Algorithms derived using training data were then applied to the validation data. We present
descriptive results from the training and validation datasets, with final modeling performed
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on the validation datasets for inference. Descriptive statistics are counts or percentages and
counts, unless otherwise noted.

2.4. Statistical analyses

In order to assess the probability of agreement across all hospitals, we estimated agreement
(yes or no) on the following outcomes: troponin levels, troponin assessment date, troponin
upper limit of normal, troponin classification (abnormal, equivocal, normal or incomplete),
and a binary classification of troponins as abnormal versus normal equivocal or incomplete.
We only used observations where there was a non-missing value for the outcome of interest
in either the EHR algorithmic or ARIC manual abstraction. This choice was made in

order to remove observations that would have been missing in both, and thus counted as
agreement, but were “false agreements” that would have inflated the estimated probability of
agreement (e.g., the hospitalization lasted only 2 days, so agreement on biomarker levels on
day 4 was nonsensical).

We used Bayesian multilevel models to estimate the probability of agreement on our
outcomes among the four hospitals. All models included random intercepts for hospital.
Models for agreement on date of biomarker collection also included random intercepts for
participant and fixed effects for day of assessment. We fit these models using the Stan
programming language,’ which used Hamiltonian Monte Carlo methods in order to estimate
the posterior of the probability. We used the following priors in the model: normal(0, 5) for
the intercept, normal(0, 2.5) for the effects of day of hospitalization, and a student half-t(3,
0, 1) for all random intercept standard deviations.8 Models were fit using the brms®10 and
rstanarm 11 packages in R,12 which provided a high-level interface to the Stan modeling
language.

To summarize the results of the models for each outcome, we presented the median of the
posterior for the probability of agreement, along with 95% credible intervals based upon
the quantiles of the posterior distribution. We provided both overall probabilities for the
“average” hospital, as well as the hospital-specific probabilities of agreement. Probabilities
for agreement on dates also assumed an “average” participant.

3. Results

Of a total 1,460 training records and 1,515 validation records, 879 and 916 records,
respectively, were eligible for abstraction as possible coronary heart disease events
according to the ARIC Study protocol. Records not eligible for full abstraction were
hospitalizations where the participant was deceased upon arrival to the hospital, or there was
very little evidence of a potential cardiac cause of the hospitalization. A total 384 training
and 411 validation records were eligible for complete biomarker abstraction according to
the ARIC Study protocol. Eligibility for biomarker abstraction was based on the presence of
more than one ECG, any cardiac enzymes above the normal limit, hospital transfer, and/or
whether the participant was a part of the ARIC cohort. Finally, we excluded 46 records
from the training set and 36 records from the validation set that did not contain at least one
non-missing troponin value measured, leading to final sample sizes for statistical modeling
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of 338 in the training set and 375 in the validation set. Results presented in the manuscript
pertain to the validation set. Training set data are presented as Supplementary material.

Characteristics of the four hospitals which contributed data to this study are presented in
Table 1. The hospitals were based in the four ARIC geographic areas, Forsyth County, NC;
Jackson, MS; Washington County, MD; and the suburbs of Minneapolis, MN. Three of the
hospitals were affiliated with an academic institution and used the EPIC EHR platform,
while one used Allscripts. Hospital bed size varied from 247 to 873.

Descriptive statistics on the number of validation records and agreement on troponin
measurements, dates of measurement, upper limit normal of assays, and ARIC biomarker
classifications for the validation records are presented in Table 2. The same statistics for the
training records are presented in Supplemental Table 2.

We observed excellent agreement between troponin values abstracted using algorithms
applied to the EHR structured data elements and values obtained by ARIC abstractors. The
Cohen’s kappa for agreement in troponin values across all four hospitals and across all days
of hospitalization (up to 4 days) was on average 93.5% (95% CI 91.2%, 95.8%) for troponin
I and 99.7% (95% CI 98.7%, 100%) for troponin T. It is important to note that troponin

I was measured in three out of the four hospitals in this study, while only one hospital
(hospital B) measured troponin T. The agreement in the dates of biomarker abstraction was
on average 90.6% (95% CI 87.4%, 93.3%).

Figure 1 shows the expected probability of agreement in dates of biomarker assessment with
95% Bayesian credible intervals (the probability is 0.95 that the true probability lies within
those intervals) in the validation data. The estimated probability of agreement for date of
biomarker assessment for all days and hospitals was approximately 1, after accounting for
the large variation among individuals (c;; = 10.2). Further evaluation of the median posterior

random intercepts for each participant revealed three distinct populations: (1) those who had
all four dates correct; (2) those who had one date wrong due to a typing error in the ARIC
database; and (3) those for whom the first date was different by one day between the EHR
and ARIC abstraction, leading to disagreement on all 4 dates (data not shown). Probabilities
of agreement were relatively consistent across days, since once the first hospitalization date
was selected, the rest of the days were determined.

Figure 2 shows the posterior probabilities of agreement on the first and maximum troponin
values, ARIC troponin classification variables, and the upper limit normal of the troponin
assays. The largest variation in agreement among hospitals occurred for the first troponin
measurement, with the estimated probabilities ranging from 66.4% (95% credible interval:
56.2 — 75.5%) in hospital C to 95.8% (83.6% — 99.9%) in hospital B. The estimated
agreement on the maximum troponin values varied less among hospitals than for the

first troponin value, with an estimated overall agreement for the average hospital (i.e.,
random intercept of O for hospital) being 95.5% (91.2 — 98.2%). Agreement on the non-
downgraded biomarker classifications was high and showed little variability. Agreement for
the downgraded biomarker classifications was noticeable worse than the non-downgraded
ones with more variability among hospitals, with the downgraded 4-level biomarker
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classification ranging from 77.2% in hospital C to 85.8% in hospital B. The downgraded
abnormal biomarker classification ranged from 80.5% in hospital C to 86.6% in hospital
B. Cross-tabulation for the classification of biomarkers and the downgraded biomarkers is
presented in Supplemental Tables 3a/b and 4a/b, respectively.

4. Discussion

In this study, which was based on EHR data from four distinct hospitals, we observed

an excellent agreement between algorithmically obtained EHR data and manual protocol-
guided ARIC gold standard in the final classification of biomarker levels relative to the
upper limit normal. We observed a modestly good agreement in dates of troponin assessment
and in troponin | and T values between these two abstraction modalities. Discrepancies in
the dates were small and pertained mostly to differences in time and date stamps occurring
close to midnight, presumably related to lags in ordering tests, drawing blood, assaying
troponin, and reporting levels of this biomarker. Those discrepancies did not impact the
assessment of the temporal sequence of troponin values, allowing for a comparable review
of the clinically significant pattern of troponin elevation and decrease occurring during the
course of the hospitalization

Cardiac troponins, regulatory proteins which are released from the myocardiocytes in
response to injury3, are highly specific to the myocardium and are therefore considered the
biomarker of choice in the identification and classification of acute coronary syndromes.14
Patients experiencing an acute M1 event will present with an initial increase in blood
troponin levels, which is followed by a more gradual decline. In this dynamic pattern,

both the biomarker levels as well as their trajectory over time help differentiate MI events
from troponin elevations associated with chronic diseases.1® Therefore, serial troponin
assessments over the course of the clinical encounter are needed for optimal MI diagnosis
and management. In our study we demonstrated the ability to algorithmically capture

from EHR the date and time of biomarker assessment, thus allowing for the real-time
ascertainment of patterns of troponin elevation. As stated above, a proportion of the records
were offset by one calendar day relative to the ARIC standard. Although this modestly
impacted our level of agreement with manually abstracted dates, the temporal sequence of
troponin levels was maintained.

Acute MI diagnoses are based on information regarding serial cardiac biomarker levels,
electrocardiographic (ECG) evidence of active ischemia, and evidence of the presence of
chest pain of cardiac origin. Although none of these diagnostic criteria can stand alone

in the final M1 diagnosis, cardiac troponin is a class | risk stratification criterion that can
help guide the management of M patients.1® Recent studies of high sensitivity troponin
thresholds for the triage of patients presenting to the emergency departments with suspected
acute coronary syndromes and identification of low risk subgroups point to the independent
utility of troponins in clinical practice.1718 In this study, we did not examine high sensitivity
troponins, as at the time of data collection those were not yet in routine use in the

United States. However, our findings suggest that blood troponin levels algorithmically
assessed from EHR are highly informative with respect to the classification of biomarker
levels as abnormal, equivocal, or normal in relation to threshold criteria. We found this
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classification robust to the algorithmic EHR-based identification of conditions influential in
the “downgrading” of biomarker levels, including trauma and cardiac procedures.

This study makes an important contribution to the rapidly increasing interest in the use of
EHR data in population studies. Our focus on the identification and classification of troponin
levels from structured EHR data has independent value in the assessment of patients
presenting with acute coronary syndromes. In our analysis we used EHR from four separate
hospitals, thus we were able to observe differences in how information from patients’
encounter is entered into the EHR by different providers. We used a detailed structured

data request form that was reviewed by hospitals’ data warehouse analysts for ease of use
prior to application. Data review protocols were conducted by a data coordinating center
using, as the gold standard, abstraction and classification protocols from a highly established
cardiovascular study.

This study has several limitations. As a feasibility project, it was based on a small number
of hospitals, three of which used EPIC as their EHR platform, with only one hospital
using a different platform. This limited our generalizability. We used the upper limit
normal of troponin detection as the threshold for the classification of troponin levels,
whereas many clinical settings rely on the sex-specific 99t percentile of the standard
population distribution. This study did not address EHR-based protocols for the abstraction
and classification of high-sensitivity troponins. Such analyses will be possible as those
biomarkers become more prevalent in clinical settings. Finally, because of our inclusion/
exclusion criteria and use of ARIC Study surveillance data, our conclusions apply to a
population of patients hospitalized with some evidence of coronary heart disease (i.e., by
ECG or biomarkers).

5. Conclusion

In this feasibility study we established standards for the use of EHR in the abstraction and
classification of troponin levels. Our results suggest that algorithmic extraction protocols,
based on structured EHR data elements, accurately identify cardiac troponin levels to 3
decimal places, allowing for their diagnostic classification.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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1. Troponin values can be accurately extracted algorithmically from EHR

2. Such information can be easily applied in diagnostic classification

Int J Cardiol. Author manuscript; available in PMC 2023 February 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Kucharska-Newton et al. Page 10

1.00 4 [ [ 1 0] [ 1 1 1 [ L LU o9

0.984
= ’
g Hospital
0)
4 4~
: ¢ 0
z i
-] [ I}
8
° Overall
o

0.96 4

0.94 4

1 2 3 4

Day of hospitalization

Figure 1. Probability of agreement between algorithmic and human medical record abstraction
of information on day of hospitalization. The ARIC Study.
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Figure 2. Probability of agreement between algorithmic and human medical record abstraction
of troponin classification parameters. The ARIC Study.
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Table 1.
Hospital characteristics
Hospital
Characteristic A B C D
Type of EHR EPIC EPIC EPIC Allscripts
Status Academic  Academic  Academic  Non-academic

Hospital bedsize
Abstracted records (N)

Records with complete biomarker abstraction

873 700 385
232 73 199
130 25 98

247
334
158
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Table 2.
Agreement on troponin measurements, % (n)
Hospital
Overall
A B C D

Agreement on troponin levels * % (n)
First measured troponin level 87.6% (113) 100.0% (18) 64.8% (91) 92.2% (153) 84.5% (375)
Maximum troponin level 96.5% (113) 100.0% (18) 93.4% (91) 94.8% (153) 95.2% (375)
Agreement on date of biomarker collection, % (n)

Day 1 88.6% (114)  68.4% (19) 94.6% (92) 89.5% (153) 89.4% (378)

Day 2 88.5% (113)  73.7%(19) 93.5%(92) 90.2% (153) 89.7% (377)

Day 3 88.206 (102)  66.7% (18)  92.9% (84) 88.7% (142) 88.4% (346)

Day 4 87.50 (80)  64.3% (14) 91.1% (56) 84.8% (105) 85.9% (255)
Agreement on upper limit normal of troponin assay, % (n) 96.9% (130)  96.0% (25)  95.9% (98) ddd 96.4% (253)
Agreement on 4-level biomarker classification, % (n) 84.6% (130) 72.0% (25) 86.7% (98) 93.7% (158) 87.8% (411)
Agreement on abnormal vs. not abnormal biomarker 98.5% (130)  100.0% (25) 96.9% (98) 98.7% (158) 98.3% (411)
classification, % (n)
Agreement on downgraded 4-level biomarker classification, % (n) ~ 73.1% (130)  68.0% (25) 68.4% (98) 81.0% (158) 74.7% (411)
Agreement on downgraded abnormal vs. not abnormal enzyme 87.7% (130)  96.0% (25) 78.6% (98) 86.1% (158) 85.4% (411)

classification, % (n)

*
Agreement occurred when values from EHR and human abstraction were identical to 3 decimal places, or when both values were missing.

Aok

Information on the upper limit normal value for troponin | was missing in data received from hospital C.
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