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Abstract

Background —Aitrial fibrillation (AF) is associated with increased risks of stroke and heart
failure. Electronic health record (EHR) based AF risk prediction may facilitate efficient
deployment of interventions to diagnose or prevent AF altogether.

Methods —We externally validated an EHR atrial fibrillation (EHR-AF) score in IBM Explorys
Life Sciences, a multi-institutional dataset containing statistically de-identified EHR data for over
21 million individuals (“Explorys Dataset”). We included individuals with complete AF risk data,
>2 office visits within two years, and no prevalent AF. We compared EHR-AF to existing scores
including CHARGE-AF, CoHEST, and CHA,DS,-VASc. We assessed association between AF
risk scores and 5-year incident AF, stroke, and heart failure using Cox proportional hazards
modeling, 5-year AF discrimination using c-indices, and calibration of predicted AF risk to
observed AF incidence.

Results —Of 21,825,853 individuals in the Explorys Dataset, 4,508,180 comprised the analysis
(age 62.5, 56.3% female). AF risk scores were strongly associated with 5-year incident AF (hazard
ratio [HR] per standard deviation [SD] increase 1.85 using CHA,;DS»-VASC to 2.88 using EHR-
AF), stroke (1.61 using CoHEST to 1.92 using CHARGE-AF), and heart failure (1.91 using
CHA,DS,-VASCc to 2.58 using EHR-AF). EHR-AF (c-index 0.808 [95%CI 0.807-0.809])
demonstrated favorable AF discrimination compared to CHARGE-AF (0.806 [0.805-0.807]),
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C,HEST (0.683 [0.682-0.684]), and CHA,DS,-VASc (0.720 [0.719-0.722]). Of the scores, EHR-
AF demonstrated the best calibration to incident AF (calibration slope 1.002 [0.997-1.007]). In
subgroup analyses, AF discrimination using EHR-AF was lower in individuals with stroke (c-
index 0.696 [0.692—-0.700]) and heart failure (0.621 [0.617-0.625]).

Conclusions —EHR-AF demonstrates predictive accuracy for incident AF using readily
ascertained EHR data. AF risk is associated with incident stroke and heart failure. Use of such risk
scores may facilitate decision-support and population health management efforts focused on
minimizing AF-related morbidity.
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Introduction

Atrial fibrillation (AF) is a common arrhythmia associated with increased risks of ischemic
stroke and heart failure.1:2 Strokes related to AF are largely preventable with use of oral
anticoagulation (OAC).34 However, AF is frequently asymptomatic, with stroke commonly
occurring as the first clinically-recognized manifestation.® At the same time, indiscriminate
use of OAC in individuals without AF does not improve outcomes and leads to excess
bleeding.6 As a result, there has been substantial interest in identifying individuals at
elevated AF risk, who may benefit from more aggressive diagnostic evaluation (e.g., AF
screening) and targeted risk factor management (e.g., reduction in alcohol consumption,
weight loss counseling) to mitigate risk of developing AF and related complications.”-8

AF risk can be estimated using clinical factors.910 The Cohorts for Heart and Aging
Research in Genomic Epidemiology AF (CHARGE-AF) scorel0 has been validated in
multiple community cohorts.11:12 Existing AF risk schemes including CHARGE-AF,
however, have peformed less favorably when deployed within electronic health records
(EHRs).13 In response, we recently developed an EHR-based AF score (EHR-AF),® which
predicts incident AF using features readily available in most EHRs and demonstrates
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favorable performance in an EHR-based setting. By estimating AF risk accurately solely
using EHR data, implementation of the EHR-AF score may facilitate improved population
health management through identification of individuals most likely to benefit from targeted
screening to detect occult AF or referral to intensive risk factor modification programs to
prevent the development of AF altogether.

Prior to widespread implementation of the EHR-AF score, however, external validation in a
large, independent EHR dataset is needed. We leveraged the EHR data of over four million

individuals in the Explorys Dataset to assess the performance of EHR-AF, along with other
established AF risk prediction schemes, for predicting AF, stroke, and heart failure.

Data Availability

The institutional review boards of Partners HealthCare and IBM approved this study and all
its methods, including the EHR cohort assembly using the Explorys Dataset, data extraction,
and analyses. Partners HealthCare data contain potentially identifying information and may
not be shared publicly. Explorys data can be made available via a commercial license (for
details see: https://www.ibm.com/downloads/cas/4POQB9JN).

Study Population

The Explorys Dataset is comprised of the healthcare data of over 21 million individuals,
pooled from multiple different healthcare systems with distinct EHRs which has been
utilized previously for medical research.1# Data were statistically de-identified, 1>
standardized and normalized using common ontologies, and made searchable after upload to
a Health Insurance Portability and Accountability Act-enabled platform. Data utilized in the
current study included EHR entries of all patients who were seen in multiple healthcare
systems between January 15t, 1999 and December 31st, 2019. We limited the scope of the
current analysis to EHR data given our intent to assess the performance of EHR-AF as an
AF prediction tool with potential EHR-based point-of-care applications.

To parallel the selection process of the original EHR-AF derivation study, we included
individuals with at least two outpatient visits >2 years apart (Supplemental Figure 1).°
Follow-up was initiated at the first point in time after the second qualifying visit where
complete data for AF risk estimation was available. All data available before the second
qualifying visit were used to ascertain the presence of baseline conditions. The primary
analysis cohort was referred to as the “Explorys Subset.”

Baseline Characteristics

Baseline age, sex, race, height, weight, and blood pressure values were obtained from the
EHR, where the values most closely preceding the baseline visit were used to define baseline
height, weight, and blood pressure. Tobacco use was classified as present or absent. Race
was classified as white or non-white, in accordance with CHARGE-AF and EHR-AF
definitions.%10 The presence of baseline conditions was ascertained using a combination of
EHR data and diagnostic codes (International Classification of Diseases-9t" revision [ICD-9]
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and —10™ revision [ICD-10]). Clinical factor definitions can be found in Supplemental Table
l.

Outcomes

The primary outcome of incident AF was defined using a modified version of a previously
validated EHR-based AF ascertainment algorithm (positive predictive value 88%), in which
electrocardiographic criteria were not utilized given the absence of electrocardiogram
reports in the Explorys Dataset.16 Secondary outcomes included incident stroke and incident
heart failure, each defined using diagnostic codes unrestricted by encounter type (i.e.,
inpatient or outpatient). In additional analyses, we assessed incident AF and heart failure
considering only events linked to inpatient encounters. Outcome definitions can be found in
Supplemental Table I.

Determination of Predicted AF Risk

We estimated clinical AF risk for each participant by calculating the linear predictor of the
EHR-AF score, along with three previously-validated risk scores: CHARGE-AF, C,HEST,
and CHA,DS»-VASc. Although originally derived and validated to predict risk of stroke in
patients with AF, we included the CHA,DS,-VASC score as a comparator since it is
commonly used in clinical settings and has demonstrated some ability to estimate AF risk.
12,17 The covariates and weights comprising each score have been described
previously3:9:10.18 (Sypplemental Tables 11-V). We converted the scores to a 5-year

probability of AF utilizing the formula 1 — sgxP(ZﬂX ~ L) where & is the average AF-free

survival probability at five years in the sample, Y 8Xis the individual’s score, and Y 8Y'is the
average score of the sample. We used the sample-level survival probability and average score
in the primary analysis both to facilitate equitable comparison among the scores and to allow
estimation of predicted 5-year AF risk using models without an explicit method of obtaining

a 5-year probability in the original model publication (i.e., COHEST and CHA,;DS»-VASC).
3,18

Statistical Analysis

To facilitate comparison among AF risk prediction schemes, we utilized a complete-case
approach in all analyses. The cumulative incidence of outcome events was calculated using
the Kaplan-Meier method and incidence rates were calculated by dividing the number of
events by total person-time. We assessed the association between each AF risk score and 5-
year incident AF using Cox proportional hazards regression with 5-year AF risk as the
outcome of interest and the AF risk score as the sole predictor in each model. We assessed
the validity of the proportional hazards assumption by inspecting plots of scaled Schoenfeld
residuals against time and by testing the correlation between Schoenfeld residuals and time
(Supplemental Appendix). Scores were centered upon the mean and scaled by standard
deviation to facilitate comparison. All models were censored at the earliest of death, end of
follow-up (defined as last office visit or hospital encounter), or five years. We further
assessed the strength of association with incident AF by comparing hazard ratios (HRs) and
model fit using the Wald Xz, the Nagelkerke R2 and the Akaike Information Criterion (AIC).
We compared discrimination of each score for incident AF using c-indices derived using the
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inverse probability of censoring method.19:20 We compared model calibration by plotting
predicted AF risk against observed AF incidence, both with and without bias-correction
using 200-iteration bootstrapping. We also compared calibration slopes, each defined as the
beta coefficient of a univariable Cox proportional hazards model with incident AF at five
years as the outcome and the linear predictor of the repsective risk score as the sole
covariate, where an optimally calibrated score has a value of one.2! For models with a
published 5-year AF risk equation (i.e., EHR-AF and CHARGE-AF), we additionally
assessed calibration by plotting observed AF incidence across increasing deciles of predicted
AF risk obtained using the original published equations.®22 Since calibration slope is not a
sufficient indicator of calibration in models not recalibrated to the baseline hazard of the
sample,23 we tested calibration of the original models using the Greenwood-Nam-

D’ Agostino test.24 We also assessed the hazard ratio for AF incidence and the 5-year
cumulative incidence of AF as a function of categories of increasing predicted AF risk (i.e.,
<2.5%, 2.5-5%, and =5%).9:10 To assess the clinical impact of utilizing EHR-AF as opposed
to other scores for identifying individuals at elevated AF risk, we calculated net
reclassification indices at the 5% AF risk threshold.?-10.25

We repeated the association and discrimination analyses outlined above with incident stroke
at five years and incident heart failure at five years as the outcomes of interest. We
performed secondary analyses in which we assessed incident AF and heart failure
considering only diagnoses linked to a hospital encounter.

Given our interest in assessing the broad applicability of the EHR-AF score, we performed a
secondary analysis in which we assessed the performance of EHR-AF within clinically
relevant subgroups defined by sex, race, the presence of stroke, and the presence of heart
failure. We then validated the findings of this analysis in the original EHR-AF validation
dataset, which has been described previously.1®

We considered two-sided p-values <0.05 to indicate statistical significance. All analyses
were performed using R version 3.5 including the ‘survival’, ‘rms’, ‘data.table’, and
‘prodlim’ packages.?8

Results

Of 21,825,853 million individuals in the Explorys Dataset, 4,791,963 met criteria for
inclusion in the Explorys Subset. Of these 4,791,963, 283,783 had AF at baseline, leaving
4,508,180 individuals in the primary analysis (Supplemental Figure I). Of these 4,508,180
individuals, the mean age was 62.5+10.9 and 56.3% were women (other characteristics are
listed in Table 1; baseline characteristics of the original EHR-AF derivation and validation
sets? are shown for comparison). The distribution of the EHR-AF score both in Explorys and
in the original EHR-AF validation set are depicted in Supplemental Figure II.

Over five years, 153,151 individuals developed incident AF over median follow-up 3.1 years
(Q1: 1.1, Q3: 5.0). The 5-year cumulative incidence of AF was 5.5% (95% CI 5.5-5.5) and
the yearly incidence rate was 11.7 per 1,000 person-years (95% CI 11.7-11.8). Each risk
score was strongly associated with 5-year incident AF (HR 1.85 [95% CI 1.84-1.86] per 1
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standard deviation [SD] increase in CHA,DS,-VASc; 1.88 [95% CI 1.88-1.89] per 1-SD
increase in C,HEST; 2.87 [95% CI 2.85-2.89] per 1-SD increase in CHARGE-AF; 2.87
[95% CI 2.86-2.89] per 1-SD increase in EHR-AF). AF discrimination was highest using
the EHR-AF score (c-index 0.808, 95% CI1 0.807-0.809), although it was also good using
CHARGE-AF (0.806, 95% CI 0.805-0.807), but less favorable using C,HEST (0.683, 95%
Cl 0.682-0.684) or CHA,DS,-VASc (0.720, 95% CI 0.719-0.722). Detailed comparisons of
model fit using each score are listed in Table 2. Distributions of predicted AF risk by score
are displayed in Supplemental Figure I11. Of the scores, EHR-AF was best calibrated to
observed AF risk (calibration slope 1.002, 95% CI 0.997-1.007). Correlation between
predicted AF risk and observed AF incidence using each score is depicted in Figure 1. A
summary of calibration results for each score is depicted in Figure 2. Associations with 5-
year incident AF as well as the cumulative incidence of 5-year AF in categories of predicted
AF risk are shown in Supplemental Table VI and Supplemental Figure IV. Net
reclassification analyses at the 5% risk threshold demonstrated modest favorable
reclassification using EHR-AF as opposed to CHARGE-AF (case reclassification —0.2%
[95% CI —0.3% to —0.008%], non-case reclassification 1% [95% CI 0.9%-1%], net
reclassification 0.08 [95% CI 0.06-0.01]), and strong favorable reclassification using EHR-
AF as opposed to C,HEST (case reclassification 12% [95% CI 12%-13%], non-case
reclassification —2.8% [95% CI —2.8% to —2.8%)], net reclassification 0.095 [95% CI 0.094—
0.098]) and CHA,DS,-VASc (case reclassification 15% [95% CI 15%-15%], non-case
reclassification —3.5% [95% CI —3.5% to —3.4%], net reclassification 0.12 [95% CI1 0.12—
0.13] (Supplemental Table VII).

Of 4,508,180 individuals in the primary analysis, 225,416 (5.0%) had prevalent stroke,
resulting in 4,282,764 for incident stroke analyses. Over five years, 190,049 developed
incident stroke over a median follow-up 3.1 years (Q1: 1.1, Q3: 5.0). The 5-year cumulative
incidence of stroke was 7.2% (95% CI 7.2—-7.3) and the yearly incidence rate was 15.3 per
1,000 person-years (95% Cl 15.2-15.4). Each risk score was associated with 5-year incident
stroke (HR 1.76 [95% CI 1.76-1.77] per 1-SD increase in CHA,DS,-VASc; 1.61 [95% ClI
1.60-1.61] per 1-SD increase in CoHEST,; 1.92 [95% CI 1.91-1.93] per 1-SD increase in
CHARGE-AF; 1.84 [95% CI 1.83-1.85] per 1-SD increase in EHR-AF). Stroke
discrimination was greater with EHR-AF (0.700, 95% CI 0.699-0.702) and CHARGE-AF
(0.710, 95% CI 0.709-0.711), than C,HEST (0.670, 95% CI 0.669-0.672) or CHA,DS,-
VASc (0.686, 95% CI 0.684-0.687). Detailed comparisons of model fit for incident stroke
using each score are listed in Table 2.

Of 4,508,180 individuals in the primary analysis, 165,872 (3.7%) had prevalent HF, resulting
in 4,342,308 for incident HF analyses. Over five years, 230,187 developed incident HF over
median follow-up of 3.1 years (Q1: 1.1, Q3: 5.0). The 5-year cumulative incidence of heart
failure was 8.4% (95% CI 8.4-8.5) and the yearly incidence rate was 18.0 per 1,000 person-
years (95% CI 18.0-18.1). Each risk score was associated with 5-year incident HF (HR 1.91
[95% CI 1.91-1.92] per 1-SD increase in CHA,DS,-VASc; 1.94 [95% CI 1.93-1.944] per 1-
SD increase in CoHEST; 2.51 [95% CI 2.50-2.52] per 1-SD increase in CHARGE-AF; 2.58
[95% CI 2.57-2.59] per 1-SD increase in EHR-AF). HF discrimination was highest using
EHR-AF (0.775, 95% CI 0.774-0.776) as compared to CHARGE-AF (0.770, 95% CI
0.769-0.771), CHA,DS,-VASc (0.730, 95% CI 0.729-0.732), and Co,HEST (0.733, 95% Cl
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0.732-0.734). Detailed comparisons of model fit for incident heart failure using each score
are listed in Table 2.

Results were similar in analyses including only incident AF and heart failure events linked
to an inpatient encounter (Supplemental Table V111). When evaluated using the baseline risk
estimates provided from their original derivation sets, both EHR-AF and CHARGE-AF
showed evidence of miscalibration, with EHR-AF tending to overestimate AF risk at the
high extreme of the AF risk distribution, and CHARGE-AF tending to underestimate AF
risk throughout most of the AF risk distribution (Greenwood-Nam-D’Agostino p<0.01 for
both, Supplemental Figure V).

We also assessed for potentially important variation in EHR-AF risk score performance in
subgroups of interest (Figure 3). Both association with incident AF and discrimination were
moderately higher in females (HR 3.18 [95% CI 3.15-3.20] per 1-SD increase; c-index 0.24
[95% CI 0.823-0.826]) than males (2.61 [95% CI 2.59-2.62] per 1-SD increase; 0.781 [95%
Cl1 0.780-0.783]), but similar in whites (2.91 [95% CI 2.89-2.93] per 1-SD increase; 0.810
[95% C1 0.809-0.811]) compared to non-whites (2.75 [95% CI 2.70-2.79] per 1-SD
increase; 0.796 [95% CI1 0.791-0.800]). Association with incident AF and discrimination of
AF were lower in individuals with a history of stroke (2.14 [95% CI 2.10-2.18] per 1-SD
increase; 0.744 [95% CI 0.740-0.749]) and in individuals with a history of heart failure
(1.57 [95% CI 1.55-1.60] per 1-SD increase; 0.683 [95% CI 0.678-0.687]) as compared to
the overall sample (2.87 [95% CI 2.86—2.89] per 1-SD increase; 0.808 [95% CI 0.807—
0.809]). Replication of these subgroup analyses in the independent EHR-AF validation
sample showed very consistent results (Supplemental Table IX and Supplemental Figure
VI).

Discussion

In over four million individuals in the Explorys Subset, the EHR-AF score demonstrated
good predictive accuracy for 5-year incident AF. As previously demonstrated,®
discrimination of incident AF was greater using EHR-AF relative to other AF risk schemes
including CHARGE-AF, C,HEST, and CHA,DS,-VASc. Moreover, calibration of estimated
AF risk to observed AF incidence was also favorable using EHR-AF, suggesting the
predicted probabilities of AF are more accurate using EHR-AF. Consistent with
identification of individuals at high risk for both AF and AF-related complications, higher
EHR-AF scores also predicted incident stroke and heart failure. In analyses focused on
clinically relevant subgroups, we found that estimated AF risk was less accurate among
individuals with a history of stroke and heart failure, indicating that improved methods of
prediction may be necessary in these individuals.

Our findings provide further demonstration that AF prediction can be achieved with
reasonable accuracy using clinical factors. The CHARGE-AF score has been shown to have
good predictive performance in multiple populations.911:12 The recently-developed C,HEST
score showed moderate predictive accuracy in an independent dataset comprised primarily
of Asian individuals.1® Our study adds to these findings by demonstrating that EHR-AF, a
score derived and internally validated solely using EHR-based features, identifies individuals
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at higher risk for AF, stroke, and heart failure in a very large, independent EHR-based
dataset in spite of differences in available data types (e.g., no electrocardiograms in the
Explorys Dataset).

By demonstrating favorable discrimination and calibration for incident AF using EHR-AF
within the independent Explorys Subset, our results support the broad use of EHR-AF for
AF risk prediction using EHR data.® Although the improvement in discrimination we
observed over CHARGE-AF was small, even numerically modest improvements in
discrimination may have substantial impact within a population health management context.
Consistent with past findings,13 CHARGE-AF tended to overestimate observed AF risk in
an EHR setting, particularly among individuals at higher predicted AF risk. In contrast,
EHR-AF remained fairly well-calibrated across the spectrum of predicted AF risk
represented by a sizeable EHR-based sample. Furthermore, reclassification analyses
demonstrated modest appropriate reclassification using EHR-AF as opposed to CHARGE-
AF and strong reclassification versus CoHEST and CHA,DS»-VASC. In the current study,
improved model performance is likely related to derivation of EHR-AF within a similarly-
ascertained population (i.e., a large EHR sample). Our findings therefore suggest that risk
model performance may be optimized when models are derived within populations
representative of the specific clinical context in which risk stratification is intended.® Future
prospective studies may clarify whether the gains in predictive performance we observed
translate to improved clinical outcomes in patients at risk for AF and AF-related events.

More broadly, our results support the concept that disease risk stratification schemes based
on EHR features have potential for deployment across EHR platforms. Our observation of
good calibration to observed risk using EHR-AF in an external dataset suggests that
application of EHR-AF should generally enable accurate individual-level absolute AF risk
estimation. At the point of care, deployment of EHR-AF as a decision support aide may
assist clinicians in identifying patients for targeted diagnostics such as ECG screening to
detect occult AF, or more aggressive testing and treatment of AF risk factors (e.g.,
hypertension, sleep apnea).2”+28 Since healthcare systems or payers can readily leverage
population-level EHR data to identify subpopulations of individuals at elevated AF risk,
tools like EHR-AF may facilitate efficient population-based AF screening, or comprehensive
programs designed to improve risk factor profiles (e.g., targeted weight loss, alcohol
cessation).”8 Dedicated implementation studies are needed to determine whether
deployment of EHR-based risk estimators, either in the context of decision support or
population health management, leads to improved outcomes.

Although the EHR-AF score performed well in the Explorys Subset, dedicated analyses
suggested the presence of performance heterogeneity within subpopulations in whom AF
risk prediction may be particularly relevant. Specifically, EHR-AF was associated with
roughly 6% greater AF discrimination among women versus men. Previous studies have
suggested that AF scores may perform better in women, but the reasons are unclear and
more detailed investigation is needed.2? In contrast, EHR-AF did not discriminate AF as
effectively in individuals with stroke and heart failure. Since both are known AF risk factors,
it is possible that a greater baseline risk may decrease the relative importance of
comorbidities captured by AF risk scores. Conversely, it is possible that features contributing
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to AF risk differ in individuals with pre-existing heart or cerebrovascular disease. In the
latter case, it may be reasonable to derive dedicated risk schemes within subpopulations of
interest. Since incident AF is a key determinant of outcome in individuals with both stroke
and heart failure,30:31 future studies are needed to determine whether any improvement in
prediction accuracy achieved through development of dedicated risk stratification tools
within subgroups of interest justifies the resources required to develop and implement those
tools.

Our findings must be interpreted in the context of design. First, although we submit that our
findings demonstrate that EHR-AF is externally valid in a large, independent EHR dataset,
whether EHR-AF retains predictive performance outside of EHR-based populations (e.g.,
community-based cohorts) requires further study. Second, the Explorys Dataset is largely of
European ancestry, and therefore our findings cannot establish the accuracy of EHR-AF in
more racially diverse populations. Furthermore, as in the original EHR-AF derivation study,
white race was associated with decreased AF risk whereas prospective cohort studies have
generally suggested higher AF risk among whites.10:32 Further work is needed to assess
whether the observed association is due to selection bias or residual confounding, or instead
may be reflective of disparities associated with real-world healthcare delivery. Third,
although we utilized a validated AF detection algorithm to establish incident AF,
ascertainment of other clinical factors relied on EHR-based features and diagnosis codes,
which we cannot manually validate in the Explorys Dataset and may contribute to
misclassification. Fourth, although EHR-AF demonstrated favorable discrimination,
calibration, and reclassification, the degree of discrimination improvement over CHARGE-
AF was small. Nevertheless, the improvement in calibration was more substantial, and even
modest improvements in discrimination may be impactful at population scale. Fifth, since
this is an observational study we cannot establish causal relations or eliminate residual
confounding.

In summary, within an EHR-based sample including over 4.5 million individuals, we
demonstrate that the EHR-AF score predicts incident AF risk accurately, comparing
favorably to other established risk scores. Importantly, EHR-AF was well-calibrated to
observed AF risk, suggesting the ability to provide accurate AF risk estimation either
individually at the point of care, or at the population level using readily ascertainable EHR
data. Future work is warranted to assess whether routine deployment of EHR-based AF risk
estimation to guide interventions to diagnose or prevent AF leads to improved outcomes.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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What Is Known?

. The development of future atrial fibrillation (AF) can be predicted with
reasonable accuracy using clinical factors.

. Electronic health records are ubiquitous and comprise routinely collected
clinical risk factors.

. AF risk estimation using electronic health records may be feasible and
accurate but requires validation.

What the Study Adds?

. When compared to existing AF risk scores, an EHR-AF score demonstrates
favorable AF discrimination and is well-calibrated to AF risk in an
independent EHR comprising over 4 million individuals.

. AF risk scores were associated with higher risks of incident AF, stroke, and
heart failure.

. An EHR-AF score may provide accurate and automated AF risk estimation to
enable both clinical decision support and population health management
interventions designed to reduce AF risk and downstream consequences.
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Figure 1.

Predicted versus observed AF rates by score. Depicted is the observed 5-year AF rate (y-
axis) versus increasing predicted 5-year AF risk (x-axis) determined using each of four AF
risk schemes: EHR-AF, CHARGE-AF, C,HEST, and CHA,DS,-VASc. Each point
represents estimated AF risk rounded to the nearest whole number. The gray line
demonstrates perfect correspondence between predicted and observed risk. Points above the
gray bar represent underestimation of true AF risk, while points below the gray bar represent
overestimation of true AF risk. Fewer points are present for CHA,DS,-VASc and CoHEST
given the discrete nature of these scores.
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Figure 2.

Calibration of incident AF risk prediction models. Depicted is the calibration of the four AF
risk prediction models evaluated: EHR-AF, CHARGE-AF, C,HEST, and CHA,DS,-VASC.
In each plot, the y-axis depicts the observed 5-year AF incidence and the x-axis depicts the
predicted 5-year AF risk. Perfect calibration is represented by the dark gray diagonal line.
The black line corresponds to a smoothed fit of the observed calibration, and the orange line
to a smoothed fit of the calibration after correction for model optimism using 200-iteration
bootstrapping. Smoothed fits of the observed calibration are present only for the continuous
scores EHR-AF and CHARGE-AF given inadequate data points to support fits for the
discrete scores CHA,DS,-VASc and C,HEST, although optimism-corrected fits are present
for each score. Calibration slopes (and 95% confidence intervals) are shown on the graphs,
where optimal calibration slope is equal to one. The distribution of predicted 5-year AF risk
is depicted by histograms along the x-axis of each plot.
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Concordance

EHR-AF score prediction performance for 5-year incident AF in subgroups of interest.
Depicted is the c-index with 95% confidence interval (panel A), and hazard ratio per one
standard deviation increase) with 95% confidence interval (panel B) for 5-year incident atrial
fibrillation using the EHR-AF score within subgroups of clinical interest. The effect estimate
in the overall sample is depicted with the black diamond. The total number of individuals in
each subgroup and number of incident AF events are as follows: female (N=2,537,855,
AF=72,195), male (N=1,970,325, AF=80,956), white (N=3,791,377, AF=137,852), non-
white (N=716,803, AF=15,299), stroke (N=225,416, AF=14,997), heart failure (N=165,872,
AF=20,058), overall (N=4,508,180, AF=153,151).
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Baseline characteristics

Table 1.

Original EHR-AF Sample*

Explorys Subset

Derivation (n=206,042)

Validation (n= 206,043)

(n=4,508,180)

% or Mean (SD)

% or Mean (SD)

% or Mean (SD)

Female 58.3 58.1 56.3
Age 60.7 (10.6) 60.6 (10.6) 62.5 (10.9)
White race 85.5 85.3 84.1
Smoking 9.7 9.8 18.1
Height, cm 167 (10) 167 (10) 169 (11)
Weight, kg 79 (19) 79 (19) 87 (22)
Systolic blood pressure, mmHg 129 (17) 129 (17) 131 (18)
Diastolic blood pressure, mmHg 76 (10) 76 (10) 77 (11)
Hypertension 285 28.8 52.7
Diabetes 9.4 9.4 217
Hyperlipidemia 30.2 30.2 58.0
Heart failure 31 3.2 3.7
Coronary heart disease 9.3 9.4 12.1
Valvular disease 14 15 3.0
Stroke/TIA 3.8 3.8 5.0
Myocardial infarction” 4.1 4.0 33
Peripheral artery diseasef 3.9 3.8 5.3
Systemic atherosclerosis” 14 14 16
Cerebral atherosclerosisf 35 35 39
Chronic kidney disease 34 34 6.7
Thyrotoxicosis 15 15 1.2
Hypothyroidism 8.7 8.6 12.8

*
Characteristics of original EHR-AF derivation and validation cohorts listed for comparison to Explorys Subset

fComponent of the vascular disease category of the CHA2DS2-VASc score
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