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Abstract

Background: Early diagnosis of atrial fibrillation (AF) and treatment with anticoagulation may 

prevent strokes.
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Objectives: To determine whether AF risk can be estimated accurately using routinely 

ascertained features in the electronic health record (EHR) and whether AF risk associates with 

stroke.

Methods: Using a multi-institutional EHR, we identified 412,085 individuals aged 45–95 

without prevalent AF between 2000–2014. We derived and validated a prediction model for five-

year AF risk using split-sample validation, and compared model performance with other methods 

of AF risk assessment.

Results: Within five years, 14,334 individuals developed AF. In the derivation sample (n=7,216 

AF events/206,042 total), the optimal risk model included: sex, age, race, smoking, height, weight, 

diastolic blood pressure, hypertension, hyperlipidemia, heart failure, coronary heart disease, 

valvular disease, prior stroke, peripheral arterial disease, chronic kidney disease, hypothyroidism, 

and quadratic terms for height, weight, and age. In the validation sample (n=7,118 AF events/

206,043 total) the AF risk model demonstrated good discrimination (C-statistic 0.777, 95%CI 

0.771–0.783) and calibration (0.99, 95%CI 0.96–1.01). Model discrimination and calibration were 

favorable to CHARGE-AF (C-statistic 0.753, 95%CI 0.747–0.759;calibration slope 0.72, 95%CI 

0.71–0.74), C2HEST (C-statistic 0.754, 95%CI 0.747–0.762;calibration slope 0.44, 95%CI 0.43–

0.45), and CHA2DS2-VASc (C-statistic 0.702, 95%CI 0.693–0.710;calibration slope 0.37, 95%CI 

0.36–0.38). AF risk discriminated incident stroke (n=4,814, C-statistic 0.684; 95%CI 0.677–

0.692) and stroke within 90 days of incident AF (n=327, C-statistic 0.789; 95%CI 0.764–0.814).

Conclusions: A model developed in a real-world EHR predicted AF accurately and stratified 

stroke risk. Incorporating AF prediction into EHRs may enable risk-guided screening for AF. 

Condensed Abstract: Early diagnosis of atrial fibrillation (AF) and treatment with anticoagulation 

may prevent strokes. We sought to determine whether AF risk can be estimated accurately using 

routinely ascertained features in the electronic health record (EHR). Within a large multi-

institutional EHR sample including over 400,000 individuals, we derived and validated a 

prediction model for five-year AF risk and compared model performance to alternative methods of 

AF risk estimation. The model exhibited good discrimination and calibration, performing 

favorably to CHARGE-AF, C2HEST, and CHA2DS2-VASc. Accurate estimation of AF risk in a 

real-world EHR is feasible and may enable risk-guided screening for AF.
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INTRODUCTION

Atrial fibrillation is projected to affect over 12 million individuals in the United States by 

2050 (1) and is a leading cause of stroke (2). Strokes caused by AF are especially disabling 

and confer an increased risk of death compared to strokes of other etiologies (3–6). 

Although anticoagulation decreases the risk of stroke in patients with AF by about 60% (7), 

stroke may be the first manifestation of AF (8–11). Early identification of patients with AF 

may enable prophylactic anticoagulation, thereby preventing strokes.

Several clinical trials have demonstrated the feasibility of screening individuals for AF (12–

15), but none have explicitly performed screening using a risk-guided approach, which may 
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be more effective. Data from community-based research cohorts demonstrate that new-onset 

AF can be predicted with reasonable accuracy (16–19). Yet the extent to which AF risk can 

be accurately estimated in clinical settings, and the relations between estimated AF risk and 

stroke, are unclear.

Electronic health records are well-suited for assessing the potential utility of estimating AF 

risk in clinical practice given their longitudinal nature, robust capture of risk factor and 

outcome data, and links to healthcare providers. Important risk factors for AF are routinely 

ascertained in healthcare settings, including age, race, height, weight, systolic and diastolic 

blood pressure, smoking status, diabetes, myocardial infarction and heart failure. If feasible, 

EHR-based risk prediction may allow for individualized management via point of care 

estimation, or facilitate efficient deployment of population health management initiatives for 

individuals at elevated risk. We utilized the EHR from a large healthcare system to develop 

and validate a novel prediction model for AF and assess whether predicted risk of AF was 

associated with stroke.

METHODS

Study sample

Study subjects were identified from the EHR using the Partners HealthCare System 

Research Patient Data Registry (RPDR), a data warehouse spanning nearly 7 million 

individuals and 7 hospitals including the Massachusetts General Hospital, Brigham and 

Women’s Hospital, Newton-Wellesley Hospital, North Shore Medical Center, Faulkner 

Hospital, McLean Hospital, and Spaulding Rehabilitation Center (20). Detailed medical 

record information was collected for individuals with at least one outpatient visit in each of 

two consecutive years between January 2000 and December 2014, with longitudinal follow-

up data collected through 04/29/2017. We selected a two-year baseline ascertainment 

window a priori to allow for data entry by a provider on more than one occasion, thereby 

increasing the probability of prevalent conditions being ascertained in the EHR. Individuals 

included in the study were aged 45–95 years at the first eligible baseline encounter. 

Individuals without follow-up, or with missing weight, height, systolic blood pressure, and 

diastolic blood pressure data at baseline were omitted. The characteristics of excluded 

individuals are found in Online Table 1. Individuals with AF at baseline were removed from 

the analysis (Figure 1). Study protocols complied with the Declaration of Helsinki and were 

approved by the Massachusetts General Hospital Institutional Review Board.

Ascertainment of clinical features

Data extracted from the EHR included 1) diagnostic codes (ICD9 and ICD10), 2) procedure 

codes (CPT), 3) medications, 4) cardiology test reports, 5) discharge summaries, 6) clinic 

notes, and 7) vital status (which is regularly updated based on the hospital registrar and 

Social Security Death Index). We ascertained AF utilizing a validated algorithm (20), 

comprising diagnostic and procedure codes, electrocardiogram reports, and medications to 

determine the presence of AF or atrial flutter. The positive predictive value (PPV) of the 

algorithm previously has been reported to be 88%, comparing favorably to other previously 

utilized methods of AF ascertainment in the EHR (20).
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Potential risk factors were selected a priori based on known or proposed associations with 

AF and included sex, age, race, smoking status, height, weight, systolic and diastolic blood 

pressure, hypertension, diabetes mellitus, hyperlipidemia, heart failure, coronary heart 

disease, valvular disease, stroke or TIA, myocardial infarction, peripheral arterial disease, 

systemic and cerebral atherosclerosis, chronic kidney disease, thyrotoxicosis, and 

hypothyroidism. Age, demographic, anthropometric, vital sign, and vital status data were 

obtained directly from RPDR. We treated race as a dichtomotous variable as has been 

previously reported (21), since we had few non-white individuals in our sample. We defined 

other comorbidities using an iterative, rule-based approach based on diagnostic or procedure 

codes, and medications (Online Table 2). Feature selection was considered satisfactory 

when, upon medical record review, the PPV was ≥ 85% (22,23) (the PPV ranged from 88–

99% across all risk factors). We further examined pairwise agreement between two 

independent reviewers (O.H., E.W.) for stroke, which was strong (Cohen’s κ = 0.8).

Baseline covariates included the closest measurement prior to the start date within the two-

year window for continuous variables. Dichotomous covariates were carried forward if 

present during or prior to the ascertainment period and assumed to persist, and assumed 

absent if they were not present at the beginning of follow-up.

Statistical analysis

Derivation of AF risk model—We randomly partitioned the overall sample of 412,085 

individuals into derivation (n=206,042) and validation (206,043) sets. For each individual, 

person-time began after the initial two-year window during which baseline covariates were 

ascertained. For example, an individual in whom the first visit during the two-year window 

occurred in 2000 would have a follow-up start date of 01/01/2002. Person-time was censored 

at the first occurrence of death, last follow-up, or five years. We fit multivariable Cox 

proportional hazard models with a backwards elimination approach to retain predictors of 

incident AF within five years. This approach retained variables that optimized the model fit, 

as assessed by minimizing the Akaike Information Criterion (AIC), a penalized likelihood 

metric (24). Remaining variables included sex, age, race, smoking status, height, weight, 

diastolic blood pressure, hypertension, hyperlipidemia, heart failure, coronary heart disease, 

valvular disease, stroke/TIA, peripheral arterial disease, chronic kidney disease, and 

hypothyroidism. After variable selection, we introduced quadratic terms iteratively for each 

remaining continuous variable and retained the term if model fit improved further. The 

proportional hazards assumption for variables in the final model was assessed by inspecting 

Schoenfeld residuals (25).

Split-sample validation of AF risk model—We applied the best-fitting model from the 

derivation set to the validation set, using the parameter coefficients obtained from the 

derivation set to derive a weighted score for each individual. We tested the association 

between the score and incident AF within five years using proportional hazards regression. 

Person-time was censored at last follow-up, death, or five years. We evaluated the 

association of the score with incident AF using the Wald χ2 statistic. We assessed 

discrimination of the score using the c-statistic for time-to-event data (26) and evaluated the 

calibration slope of the models by regressing incident AF on the linear predictor of the score 
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(27), and by plotting the predicted and observed risks of incident AF. The predicted five-year 

AF risk was estimated using the following formula: 1-s0exp(ΣβX – ΣβY) where s0 is the 

average AF-free survival probability at five years, β is the regression coefficient, X is the 

level for each covariate, and Y is the mean value for each covariate. We displayed the 

cumulative risk of events using the Kaplan-Meier method, in which we stratified five-year 

predicted AF risk into categories of low (<2.5%), intermediate (2.5–5%), and high (>5%) 

risk as previously performed (16). We further assessed the risk of incident AF in the 

intermediate and high-risk groups, relative to the low risk group, by fitting proportional 

hazards models in which each group was entered as a covariate.

We compared the score from the best-fitting multivariable model to the Cohorts for Heart 

and Aging Research in Genomic Epidemiology AF (CHARGE-AF) (16), C2HEST (28), and 

CHA2DS2-VASc scores (29). Although originally derived and validated to predict stroke in 

patients with AF, we included CHA2DS2-VASc as a comparator because it is easily 

memorized by clinicians, and some investigators have applied the score explicitly for AF 

prediction (30,31). Coefficients used to define the CHARGE-AF score include: factor 

(coefficient); age (0.508), race (0.465), height (0.248), weight (0.115), systolic blood 

pressure (0.197), diastolic blood pressure (−0.101), smoking (0.359), hypertension (0.349), 

diabetes (0.237), heart failure (0.701), myocardial infarction (0.496). We did not attempt to 

attribute medication use to hypertension in the EHR owing to diverse indications for many 

agents, and therefore substituted a diagnosis of hypertension for treatment of hypertension in 

the CHARGE-AF score. We defined a modified C2HEST score based on EHR-derived 

features by summing one point each for coronary artery disease, pulmonary disease, 

hypertension, hyperthyroidism, and two points each for age of at least 75 years, and heart 

failure. We defined the CHA2DS2-VASc score based on EHR-features by summing one 

point each for an age between 65 and 74 years, congestive heart failure, hypertension, 

diabetes, vascular disease, female sex, and two points each for age of at least 75 years, or a 

prior stroke, TIA, or systemic embolism (29).

We regressed incident AF on each score and compared Wald χ2 statistics, discrimination, 

and calibration for each as outlined above. We estimated the five-year risk of AF based on 

the CHARGE-AF score with the following formula: 1−0.9718412736exp(ΣβX − 12.5815600) 

where β is the regression coefficient and X is the level for each covariate (16). The five-year 

risk of AF based on the CHA2DS2-VASc score was estimated using the baseline hazard and 

mean covariate estimates from the validation sample. To assess the performance of the EHR-

derived score based on age, we performed sensitivity analyses in which we regressed 

incident AF among individuals within the validation set aged 45–65 versus individuals aged 

> 65.

Association between AF risk and stroke—We examined the association between AF 

risk using our EHR-derived score and incident ischemic stroke within five years of follow-

up in the validation set, after omitting individuals with prevalent stroke. Associations 

between the EHR-derived score and stroke were assessed using proportional hazards 

regression as outlined above. Person-time was censored at last follow-up, death, or five 

years. We also fit models in which we regressed the outcome on the predicted five-year AF 

risk categories of low, intermediate, and high as defined above. We then repeated the above 
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analysis with stroke within 90 days antecedent to a new diagnosis of AF (a surrogate for 

stroke presenting as the initial manifestation of AF) as the outcome of interest. In these 

models, person-time was censored at last follow-up, death, AF, 90 days after stroke, or five 

years. In an exploratory analysis, we also fit models with stroke within 90 days after a new 

diagnosis of AF as the outcome of interest. Associations between predicted AF risk groups 

and each outcome were displayed using the Kaplan-Meier method. We assessed 

discrimination of these models as described above. For graphical purposes, we further 

plotted the observed five-year event risks (derived from the Kaplan-Meier curves) of AF, 

stroke, and stroke within 90 days prior to incident AF for all estimated values of five-year 

predicted risk of AF in the validation set.

Two-sided p-values <0.05 were considered statistically significant. All analyses were 

performed with R version 3.2.2, with packages survival (32), rms (33). and survcomp 

(34,35).

RESULTS

The analysis included 7,216 incident AF cases within 5 years among 206,042 individuals in 

the derivation set and 7,118 cases among the 206,043 persons in the validation set. Baseline 

characteristics of individuals in the derivation and validation sets are displayed in Table 1. 

The average age was 61 years, 58% were women, and 85% were white.

Derivation and validation of AF prediction model

The following variables were selected as predictors of AF: male sex, age, race, smoking 

history, height, weight, diastolic blood pressure, hypertension, hyperlipidemia, heart failure, 

coronary heart disease, valvular disease, previous stroke/TIA, peripheral arterial disease, 

chronic kidney disease, and hypothyroidism. Results of univariable associations between 

candidate risk factors and incident AF at five years in the derivation set are shown in Table 

2. The final multivariable prediction model is displayed in Table 3. Introducing quadratic 

terms for height, weight, and age further improved the model fit.

Comparison of EHR-derived model with CHARGE-AF, C2HEST, and CHA2DS2-VASc scores 
for AF risk

The EHR-derived score was significantly associated with five-year risk of incident AF in the 

206,043 individual validation set from the Partners HealthCare System, and performed 

favorably compared to the CHARGE-AF, C2HEST, and CHA2DS2-VASc scores as indicated 

by the Wald χ2, c-statistic, and calibration slope (Figure 2 and Online Table 3). The 

C2HEST score was associated with incident AF and demonstrated comparable 

discrimination to the CHARGE-AF score, but was not as well-calibrated as either the EHR-

derived or CHARGE-AF scores (Online Table 3). The distribution of predicted five-year risk 

of incident AF from the EHR-derived score, and accompanying calibration plots are 

depicted in Figure 2.

Relative to those with low (<2.5%) predicted AF risk, individuals with intermediate (2.5–

5%) risk had a 3.0-fold increased hazard for incident AF (95% CI 2.75–3.27, p<0.01), and 

individuals with high (>5%) risk had a 10.1-fold increased hazard for incident AF (95% CI 
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9.41–10.8, p<0.01). Associations between AF risk and incident AF persisted in sensivitity 

analyses in which the EHR-derived score was assessed in individuals within the validation 

set subgrouped by age (Online Table 4). The cumulative risk of AF stratified by low, 

intermediate, and high five-year predicted AF risk is displayed in Figure 3.

Incident stroke risk

Overall, 4,814 incident strokes occurred within five years of follow-up among the 198,300 

individuals in the validation cohort. Of the 6,623 individuals with a diagnosis of AF, 327 

(4.9%) were diagnosed with a stroke within 90 days prior. The EHR-derived score was 

associated with an increased risk of incident stroke, and with stroke within 90 days 

antecedent to an AF diagnosis (Online Table 5). Five-year predicted risk of AF 

discriminated both incident stroke (C-statistic 0.684, 95% CI 0.677–0.692) and stroke within 

90 days prior to an AF diagnosis (C-statistic 0.789, 95% CI 0.764–0.814). Comparisons with 

CHARGE-AF, C2HEST and CHA2DS2-VASc scores are provided in Online Table 5. Results 

of an exploratory analysis examining stroke within 90 days after an AF diagnosis are also 

presented in Online Table 5.

Relative to those with low predicted AF risk, individuals with intermediate risk had a 1.85-

fold increased hazard for incident stroke (95% CI 1.69–2.03, p<0.01), and a 2.22-fold 

increased hazard for stroke within 90 days prior to an AF diagnosis (95% CI 1.46–3.36, 

p<0.01). A high predicted AF risk conferred a 4.47-fold increased hazard for incident stroke 

(95% CI 4.12–4.85, p<0.01), and 10.5-fold increased hazard for stroke within 90 days prior 

to an AF diagnosis (95% CI 7.61–14.4, p<0.01). The cumulative probabilities of incident 

stroke and stroke within 90 days prior to incident AF are displayed in Figure 3. Individuals 

with a high (>5%) predicted five-year risk of AF had an estimated 6.3% (95% CI 6.0–6.5) 

probability of developing a stroke at five years and 0.63% (95% CI 0.55–0.71) probability of 

stroke within 90 days prior to an AF diagnosis at five years. Observed five-year probabilities 

of incident AF, incident stroke, and stroke within 90 days prior to an AF diagnosis depicted 

across the distribution of predicted AF risk are shown in the Central Illustration.

DISCUSSION

In a large multicenter EHR, prediction of new-onset AF using routinely ascertained clinical 

variables was feasible and stratified stroke risk. Strokes occurring shortly before a new 

diagnosis of AF – potentially representing the initial manifestation of AF – occurred in 

about 5% of individuals and were highly associated with estimated five-year AF risk. In 

aggregate, our data suggest that population-based estimation of AF risk in healthcare 

systems has the potential to aid the early identification of AF to prevent strokes.

Our findings have three major implications. First, a risk model comprised of clinical factors 

readily accessible in the EHR and routinely obtained in the outpatient setting can predict 

five-year risk of AF. Our results demonstrate the predictive power of a large EHR data set, 

and the potential for implementation of risk estimation. For individuals, risk estimates can 

be calculated and displayed within the EHR to serve as clinical decision support tools, 

enabling clinicians to integrate the ouput from increasingly complex models (e.g., five year 

risk of AF) into clinical care without the need to perform calculations themselves. 
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Automated risk prediction can also guide population health management by identifying at-

risk populations most likely to benefit from large-scale interventions to prevent or diagnose 

AF. It is possible that use of different EHR-derived variables, more predictors, and 

alternative statistical methods (e.g., LASSO, machine learning) may predict AF with even 

greater accuracy.

Second, incident AF risk is associated with and has some ability to discriminate stroke risk. 

Whereas models trained on ischemic stroke might have better accuracy than models trained 

on AF, our observations suggest that estimating AF risk will also identify individuals at risk 

for stroke. Presumably, strokes presenting as the initial manifestation of AF are preventable 

if AF is identified early, given the effectiveness of oral anticoagulation (7). Recent studies 

have demonstrated that screening for AF is feasible (12–15), but the effectiveness of such 

screening approaches for stroke prevention has not been demonstrated. Furthermore, 

concerns regarding misdiagnosis, follow-up testing, and inappropriate utilization of oral 

anticoagulation and bleeding have led to conflicting guideline endorsements for AF 

screening (36,37). A risk-based approach to AF screening has the potential to maximize 

yield and minimize misdiagnosis, and planned future studies investigating the comparative 

effectiveness of risk-based screening strategies relative to non-risk guided approaches will 

be critical in determining the value added by risk guidance. AF risk stratification may also 

enable preventative interventions to improve modifiable AF risk factor profiles (38,39) 

which may lead to prevention of AF altogether.

Third, use of locally-derived prediction models may be better suited for implementation in 

real-world clinical settings as compared to external risk models developed in large 

community-based research cohorts. For example, and similar to our findings, previous work 

has demonstrated poor calibration of the CHARGE-AF model when applied to an EHR-

based sample (40). Our findings suggest that the predictive performance of our model owes 

substantially to its derivation within a large, multi-institutional EHR, accounting for patient 

characteristics typically encountered in a common clinical setting in which risk estimation 

might be utilized. Although our EHR-derived model demonstrated favorable discrimination 

and calibration, future implementation efforts will be necessary to determine whether the 

improvement in prediction we observed is clinically meaningful, cost-effective, and justifies 

the work required to develop prediction models across institutions using locally derived 

variables rather than utilize existing scores (i.e., CHARGE-AF) or other surrogates of AF 

risk (e.g., age thresholds, presence or absence of comorbid conditions such as heart failure, 

etc). Evaluation of models derived in specific populations of interest (e.g., elderly patients, 

individuals with recent cardiovascular events, genetic ancestry subgroups, etc) is also 

warranted. Though our efforts were limited to AF prediction, our findings imply that 

population health management interventions utilizing risk prediction may be most effective 

if they utilize source data from institutions, healthcare settings, or enterprises in which a 

particular intervention is being planned, with the inherent tradeoff that they may be less 

generalizable outside of the source population from which they are derived.
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LIMITATIONS

Our study should be interpreted in the context of the study design. The sample is largely of 

European ancestry and from a single New England metropolitan area, limiting the 

generalizability of our findings to more diverse healthcare settings. Future prediction models 

based on more racially diverse samples found in other healthcare settings may improve the 

applicability of this score to widespread populations. The derivation of our model in a 

general population of ambulatory patients in a large healthcare network may limit 

application to hospitalized patients, patients with recent or severe cardiovascular 

comorbidity, or clinics without access to EHR data. However, development and validation of 

our model in a large sample does not necessarily preclude its use once validated in smaller 

systems. Measurement error of clinical features is inherent with EHR or other large-scale 

database research. For example, although our AF algorithm has previously been shown to 

have a positive predictive value of 88% for AF and has compared favorably to other methods 

of AF ascertainment previously utilized in large registry and cohort studies (20), 

approximately 10% of AF patients may have been misclassified. Misclassification may have 

disadvantaged scores based on highly adjudicated covariates and endpoints derived in 

research settings, such as the CHARGE-AF score. Similarly, although our stroke algorithm 

predominantly comprised codes for ischemic events, misclassification may have occurred 

leading to inclusion of some primary hemorrhagic events. We did not attempt to manually 

adjudicate events as either ischemic or hemorrhagic. Refinement in electronic phenotyping 

methods may improve the accuracy of certain prediction estimates. Data are limited to those 

captured within the Partners HealthCare EHR. Events occurring in individuals receiving care 

in non-Partners health settings were not accessible. Moreover, individuals who were 

diagnosed with AF may have had more health care encounters and differential ascertainment 

of AF risk factors. AF is often clinically undiagnosed and unrecognized, and we may have 

underestimated the incidence of AF. Reliance on EHR data limits our ability to account for 

the effects of certain risk factors including alcohol use, diet and physical activity. Risk 

factors in the current study were defined at baseline, although recent evidence suggests that a 

change in risk factor profile over time may have important predictive value in AF (41).

CONCLUSIONS

In conclusion, the five-year risk of AF can be estimated using readily available clinical 

factors in the EHR. Additionally, estimated AF risk is associated with incident stroke 

including stroke prior to a new diagnosis of AF. Future studies are warranted to examine 

whether incorporating AF risk estimation into routine clinical care may lead to early 

diagnosis of AF and stroke prevention.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Clinical Perspectives:

Competency in Patient Care:

Risk of AF can be estimated accurately using routine clinical factors. Patients at high risk 

for AF may benefit from targeted interventions to diagnose AF early and initiate 

treatment with oral anticoagulation to prevent stroke.

Competency in Systems-Based Practice:

Implementation of automated AF risk estimation into EHRs as clinical decision support 

may allow clinicians to leverage the precision and objectivity afforded by complex 

models in order to provide individualized risk estimation to patients at the point of care. 

Additionally, AF risk prediction at the population level may inform population health 

management through identification of at-risk populations most likely to benefit from 

large-scale interventions to prevent or diagnose AF.

Translational Outlook:

Further investigation is required to assess whether routine utilization of AF risk 

estimation to inform AF screening interventions improves diagnostic yield, minimizes 

false positives, and improves outcomes in AF.
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Figure 1. Flow diagram depicting patient inclusion.
AF = atrial fibrillation.
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Figure 2. Discrimination and calibration of scoring systems for predicting incident atrial 
fibrillation.
Panel A displays the C-statistic point estimate and 95% confidence interval for each of the 

three prediction models compared for predicting incident atrial fibrillation. Panels B-E 

display the predicted (x-axis) versus observed (y-axis) probability of incident atrial 

fibrillation for the EHR-derived score, CHARGE-AF score, C2HEST, and CHA2DS2-VASc 

scores, respectively. For Panels B-E, the histograms represent the distribution of five-year 

predicted risk of atrial fibrillation. Perfect calibration is represented by the gray diagonal line 

through the origin. The black line corresponds to the observed calibration, and the orange 

line to the optimism-corrected calibration. Calibration slopes (and 95% confidence intervals) 

are depicted on the graphs. Calibration plots generated using the rms package (33). 

CHARGE-AF = Cohorts for Heart and Aging Research in Genomic Epidemiology Atrial 

Fibrillation; EHR = electronic health record.
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Figure 3. Cumulative incidence of atrial fibrillation and stroke stratified by five-year predicted 
risk of atrial fibrillation using EHR-derived score.
Cumulative incidence of A) atrial fibrillation, B) stroke, and C) stroke within 90 days of an 

atrial fibrillation diagnosis, stratified by five-year predicted risk of atrial fibrillation. Panel A 

includes all 206,043 individuals from the validation set, while panels B and C include 

198,300 individuals without prevalent stroke.
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Central Illustration. Observed event rates stratified by predicted five-year risk.
Observed five-year incidence of atrial fibrillation, stroke, and stroke within 90 days of an 

atrial fibrillation diagnosis, stratified by percentage point increase in five-year predicted risk 

of atrial fibrillation. Five-year predicted risk of atrial fibrillation was rounded to the nearest 

whole number. Perfect correlation between predicted and observed atrial fibrillation 

incidence is represented by the gray line. Point estimates indicate observed five-year event 

risk, and bars represent 95% confidence intervals.
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Table 1.

Characteristics of individuals in the derivation and validation sets.

Derivation (n=206,042) Validation (n=206,043)

% or Mean (SD) % or Mean (SD)

Demographics

Female Sex, No. (%) 58 58

Age 61 (11) 61 (11)

Race

 White 85 85

 Black 3.9 4.0

 Hispanic/Latino 3.1 3.1

 Asian 2.3 2.2

 Other 1.2 1.2

 Mixed 0.038 0.035

 Unknown 4.0 4.1

Potential AF risk factors

Smoking 9.7 9.8

Height, cm 167 (10) 167 (10)

Weight, kg 79 (19) 79 (19)

Systolic blood pressure, mmHg 129 (17) 129 (17)

Diastolic blood pressure, mmHg 76 (10) 76 (10)

Hypertension 28 29

Diabetes 9.4 9.4

Hyperlipidemia 30.2 30.2

Heart failure 3.1 3.2

Coronary heart disease 9.3 9.4

Valvular disease 1.4 1.5

Previous stroke/TIA 3.8 3.8

Vascular disease*

 Myocardial infarction 4.1 4.0

 Peripheral artery disease 3.9 3.8

 Systemic atherosclerosis 1.4 1.4

 Cerebral atherosclerosis 3.5 3.5

Chronic kidney disease 3.4 3.4

Thyrotoxicosis 1.5 1.5

Hypothyroidism 8.7 8.6

*
Note that presence of at least one of these constituted a criterion for CHA2DS2-VASc
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Table 2.

Univariable associations between candidate risk factors and five-year risk of incident atrial fibrillation in the 

derivation sample.

Baseline characteristic (N=206,042) Hazard ratio (95% CI) for incident atrial fibrillation

Demographics

Female Sex 0.54 (0.52–0.57)

Age (HR per 10-year increase) 2.19 (2.14–2.23)

Race: White vs. Nonwhite 1.47 (1.36–1.58)

Potential AF risk factors

Smoking 1.34 (1.25–1.44)

Height (per 10-cm increase) 1.19 (1.16–1.22)

Weight (per 15-kg increase) 1.17 (1.15–1.19)

Systolic blood pressure ≥130 mmHg 1.36 (1.30–1.43)

Diastolic blood pressure ≥80 mmHg 0.83 (0.81–0.85)

Hypertension 1.83 (1.75–1.92)

Diabetes 1.82 (1.71–1.94)

Hyperlipidemia 1.47 (1.40–1.54)

Heart failure 3.85 (3.56–4.15)

Coronary heart disease 2.72 (2.57–2.87)

Valvular disease 3.38 (3.03–3.78)

Previous stroke/TIA 2.29 (2.10–2.50)

Vascular disease*

 Myocardial infarction 2.73 (2.53–2.94)

 Peripheral artery disease 2.75 (2.55–2.98)

 Systemic atherosclerosis 3.08 (2.73–3.48)

 Cerebral atherosclerosis 2.62 (2.41–2.85)

Chronic kidney disease 2.56 (2.34–2.80)

Thyrotoxicosis 0.91 (0.75–1.10)

Hypothyroidism 0.95 (0.87–1.03)

*
Note that presence of at least one of these constituted a criterion for CHA2DS2-VASc
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Table 3.

Final multivariable model for five-year risk of incident atrial fibrillation in the derivation sample.

Baseline characteristic (N=206,042) Estimated β (SE)

Demographics

Female Sex −0.137 (0.035)

Age (per 10-year increase) 1.494 (0.125)

Age2 (per 10-year increase) −0.048 (0.009)

Race: White vs. Nonwhite −0.208 (0.039)

AF risk factors

Smoking 0.152 (0.039)

Height (per 10-cm increase) −0.231 (0.279)

Height2 (per 10-cm increase) 0.012 (0.008)

Weight (per 15-kg increase) −0.050 (0.059)

Weight2 (per 15-kg increase) 0.021 (0.005)

Diastolic blood pressure ≥80 mmHg −0.104 (0.025)

Hypertension 0.106 (0.030)

Hyperlipidemia −0.156 (0.030)

Heart failure 0.563 (0.045)

Coronary heart disease 0.210 (0.036)

Valvular disease 0.487 (0.060)

Previous stroke/TIA 0.132 (0.047)

Peripheral artery disease 0.126 (0.044)

Chronic kidney disease 0.279 (0.049)

Hypothyroidism −0.138 (0.044)

For an individual with baseline characteristics Xi, the predicted 5-year risk of AF can be calculated as 1−S0 exp(ΣβiXi−6.728), where 

S0=0.9712209 (average AF-free survival probability at 5 years). In this equation, the β reported in the table for age, height, and weight must be 

divided by the reported increment (e.g., −0.050/15 for weight in kg).
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