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Abstract

Background: Guidelines recommend identification of individuals at risk for heart failure (HF). 

However, implementation of risk-based prevention strategies requires validation of HF-specific 

risk scores in diverse, real-world cohorts. Therefore, our objective was to assess the predictive 

accuracy of the Pooled Cohort Equations to Prevent Heart Failure (PCP-HF) within a primary 

prevention cohort derived from the electronic health record (EHR).

Methods: We retrospectively identified patients between the ages of 30–79 years in a multi-

center integrated healthcare system, free of cardiovascular disease, with available data on HF risk 

factors, and at least 5 years of follow-up. We applied the PCP-HF tool to calculate sex and race-

specific 5-year HF risk estimates. Incident HF was defined by International Classification of 
Diseases codes. We assessed model discrimination and calibration, comparing predicted and 

observed rates for incident HF.

Results: Among 31,256 eligible adults, mean age was 51.4 years, 57% were women and 11% 

Black. Incident HF occurred in 568 patients (1.8%) over 5-year follow-up. The modified PCP-HF 

model for 5-year risk prediction of HF had excellent discrimination in white men (c-statistic 0.82, 

95% confidence interval [0.79, 0.86]) and women (0.82, [0.78, 0.87]) and adequate discrimination 

in Black men (0.69, [0.60, 0.78]) and women (0.69, [0.52, 0.76]). Calibration was fair in all race-

sex subgroups (χ2<20).
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Conclusions: A novel sex and race-specific risk score predicts incident HF in a “real-world,” 

EHR-based cohort. Integration of HF risk into the EHR may allow for risk-based discussion, 

enhanced surveillance, and targeted preventive interventions to reduce the public health burden of 

HF.

Subject Terms:

Heart Failure; Prevention

Heart failure (HF) remains a significant public health problem with an estimated prevalence 

of 6.2 million people in the United States (US).1 Given the aging population and the growing 

prevalence of obesity and diabetes mellitus (DM), the prevalence of HF is estimated to 

exceed 8 million in the US by the year 2030 with total costs projected to surpass $70 billion.
2 Despite significant advances in treatment strategies over the past 2 decades, HF remains a 

leading cause of death with recent trends demonstrating increasing age-adjusted mortality 

rates and widening disparities between black and white patients since 2011.3 American 

College of Cardiology/American Heart Association (ACC/AHA) HF guidelines highlight the 

need for improved identification of high-risk patients and implementation of targeted 

primary prevention strategies given these troubling trends.4

We recently published a new tool to predict incident HF: the Pooled Cohort equations to 

Prevent Heart Failure (PCP-HF), which was derived in five and validated in two population-

based cohorts representative of the general US population (N=33,010).5 Cardiovascular risk 

prediction models, including the PCP-HF model, have been typically derived and validated 

in longitudinal cohort studies.6 However, the performance of predictive models derived in 

longitudinal studies may vary when implemented in a real-world clinical population due to 

differences in population characteristics and biases associated with cohort selection, 

inclusion of healthy volunteers, and participation incentives.6, 7

The use of data from the electronic health record (EHR) representing a real-world clinical 

setting offers an opportunity to validate the PCP-HF model in a population that could 

potentially demonstrate the greatest benefit from risk-based primary prevention of HF. This 

validation study could also facilitate the implementation of the PCP-HF tool into clinical 

practice and guide the primary prevention efforts in health systems. Risk estimates could be 

automatically calculated within the EHR in the form of clinical decision support tools, 

bypassing the need for manual data entry in web-based tools or apps.

Therefore, we sought to construct a diverse, contemporary EHR-based primary prevention 

cohort and examine the predictive accuracy of the PCP-HF model in this “real world” patient 

sample to assess readiness for translation and implementation in clinical practice.

Methods

The data that support the findings of the study are available from the corresponding author 

upon reasonable request.
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Data Sources

The original PCP-HF model and modified equations were derived in the Cardiovascular 

Lifetime Risk Pooling Project (LRPP) and detailed description of the LRPP cohorts and 

individual participant-level data harmonization have been previously published.8 For our 

external validation cohort, we used data from the Northwestern Medicine Enterprise Data 

Warehouse (NMEDW), which houses comprehensive demographic, laboratory, and 

prescription data on patients as well as claims for inpatient or outpatient diagnoses and 

procedures. This study was approved by the Institutional Review Board of Northwestern 

University.

The PCP-HF Model

Details of the PCP-HF model have been published elsewhere.5 The equation includes the 

following variables to predict risk of HF: age, gender, race, current smoking, body mass 

index (BMI), systolic blood pressure (SBP) (treated or untreated), hypertension treatment, 

fasting glucose (treated or untreated), DM treatment, total cholesterol (TC), high density 

lipoprotein cholesterol (HDL-C), and QRS duration. For the purposes of the current EHR-

based validation study, a modified version of the PCP-HF equations without QRS duration 

were derived using the original Cardiovascular LRPP cohorts. This was necessitated by the 

high rate of missingness in electrocardiogram data (78%) in the EHR-based cohort. As 

electrocardiograms are not routinely indicated for screening, there were significant 

differences in risk factor profiles among patients who received an electrocardiogram 

compared with those who did not have an electrocardiogram (Online Table I). All 

coefficients were not significantly different compared with the original PCP-HF coefficients 

(Online Table II). We additionally internally validated the modified PCP-HF equations in the 

Cardiovascular LRPP and demonstrated good to excellent discrimination (Online Table III). 

The modified PCP-HF equations were then scaled to provide 5-year risk estimates, 

consistent with prior validation studies performed to assess model performance of the pooled 

cohort equations for atherosclerotic cardiovascular disease (ASCVD).9, 10

Population Selection

Through the NMEDW, we identified patients aged 30–79 years who were seen in the 

outpatient setting for preventive care between January 1, 2005 and December 31, 2013 with 

available data on all risk factors and at least 5 years of follow-up. A 5-year look-back period 

prior to January 1, 2005 was used to assess key exclusion criteria. Patients were excluded 

based on the presence of International Classification of Disease 9th and 10th revision (ICD 

9–10) codes located in the record (encounter diagnosis, problem list, medical history, and 

billing) for any of the following diagnoses at or prior to the baseline encounter: HF, coronary 

artery disease (CAD), peripheral arterial disease, stroke/cerebrovascular disease, and 

presence of pacemaker or implantable cardioverter-defibrillator to be consistent with the 

criteria used in the original derivation cohort (Online Table IV).

Exposure Assessment

Age, race, sex, current smoking status, SBP, and BMI were obtained from the baseline office 

visit encounter. Patients were stratified by race alone as white, Black, and non-white/non-
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Black (patients who self-identified their race as non-white, non-Black, unknown race, or 

declined to disclose race). The primary analysis was restricted to white and Black adults 

(N=27,438) and supplemental analyses were performed in the non-white/non-Black adults 

(N=3818) based on the original derivation cohort participant demographics.

The following laboratory data were collected from patients within 1 year of the baseline 

outpatient encounter: random morning glucose, TC and HDL-C. If multiple laboratory 

values were present, the value closest to the baseline encounter was selected. DM status and 

hypertension status was assessed by ICD 9–10 codes at the baseline outpatient encounter 

(Online Table IV). Medication status for DM or hypertension was determined by the 

presence of ICD 9–10 codes for DM or hypertension and the presence of DM or anti-

hypertension medications on home medication and prescription order lists from the baseline 

outpatient encounter.

Outcome Ascertainment and Adjudication

A new diagnosis of HF was identified if patients had at least 1 inpatient admission or at least 

2 outpatient ambulatory encounters with a HF ICD 9–10 diagnostic code during follow-up. 

This was based on similarly published definitions of HF using EHR data that have 

demonstrated a positive predictive value of >95%.11–13 The classification of HF by ICD 9–

10 codes in general has been reported to be highly specific and have good sensitivity in prior 

publications (pooled sensitivity 75.3% [95% CI 74.7–75.9] and pooled specificity was 

96.8% in a meta-analysis of 11 studies between 1999–2009).14, 15 We evaluated the validity 

of our HF definition in a subset of cases. Two physician adjudicators independently 

reviewed the health record on a randomly selected subset of cases (n=100) and controls 

(n=50) using a validated protocol from the Multi-Ethnic Study of Atherosclerosis for 

diagnosis of probable or definite HF for adjudication (requiring symptoms, HF medication 

for probable HF and additional objective clinical criteria for definite HF).16 A third 

physician reviewer was used to resolve any disagreements. We combined probable and 

definite HF into a single HF end point for these analyses. Vital status in follow-up was also 

ascertained.

Statistical Analysis

Predicted 5-year risk of HF from race and sex-specific equations were applied to each 

patient and absolute risk was calculated in white and Black men and women for the primary 

analysis. In supplemental analyses, predicted HF risk was calculated for the non-Black/non-

white group using the coefficients for white men and women as has been recommended in 

the ACC/AHA Primary Prevention Guidelines for the application of the pooled cohort 

equations for ASCVD.17, 18 Predicted HF risk was also calculated in white and Black men 

and women with available QRS data using the original PCP-HF equations scaled to provide 

5- year risk estimates. Model performance of the modified and original PCP-HF tool was 

then evaluated using the Harrell C statistics with less than 0.60, 0.60 to 0.70, 0.70 to 0.80, 

and greater than 0.80 defined a priori based on prior publications as inadequate, adequate, 

acceptable, and excellent discrimination levels, respectively.19 Model calibration was 

evaluated by the Greenwood-Nam-D’Agostino (GND) approach with adequate calibration 
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defined a priori as χ2<20.19 All statistical analyses were performed with the use of SAS 

statistical software version 9.2 (SAS institute) and R version 3.1.2.

Results

Baseline Characteristics

Through the NMEDW, 31,256 individuals were identified (27,438 white and Black, men and 

women; and 3,818 non-white and non-Black men and women). Mean age was 51.4 years, 

57% of individuals were women, 11% Black, and 12% non-white/non-Black. The baseline 

characteristics of the EHR cohort is shown in Table 1 for white and Black men and women 

and in Online Table V for non-white and non-Black men and women. Table 2 compares 

baseline characteristics of patients by level of predicted 5-year HF risk as determined by the 

modified PCP- HF model (without QRS). A greater proportion of Black men had higher 

predicted risk of HF. Rates of smoking, DM, and hypertension treatment were greater in 

those with higher predicted risk of HF.

HF Incidence and Adjudication

Incident HF event occurred in 568 patients (1.5%) over a 5-year follow-up period 

corresponding to 3.6 events per 1,000 patient years (Table 3 and Online Table VI). In the 

random subset with physician adjudication of HF events, the sensitivity of ICD-9 and 10 

definitions of HF was high with 81% of cases meeting criteria. This was similar to recently 

published adjudication rates within our EHR and other administrative databases.14, 20, 21 

None of the random subset of 50 controls evaluated had adjudicated HF.

Performance of HF Risk Prediction Model in Black and White Men and Women

We assessed model performance comparing predicted and observed rates for incident HF 

defined by established criteria using ICD codes. Performance of the modified PCP-HF 

model in white and Black patients is shown in Table 3 and Figure 1. Discrimination was 

excellent in white men (c-statistic 0.82, 95% confidence interval [0.79, 0.86]) and women 

(0.82, [0.78, 0.87]) and adequate in Black men (0.69, [0.60, 0.78]) and women (0.69, [0.52, 

0.76]). Calibration was good in all race-sex subgroups based on pre-defined criteria with 

χ2<20. Comparison of predicted vs observed probability of incident HF is shown in Figure 

2. Across all deciles, predicted HF risk closely mirrored observed HF risk in white men and 

white women. In Black men and Black women, there was generally an underestimation of 

HF risk with predicted HF risk consistently lower than observed HF risk with the exception 

of a few deciles (Figure 2).

Performance of HF Risk Prediction Model in Non-Black, Non-White Men and Women

Performance of the modified PCP-HF model in non-Black, non-white men and women is 

shown in Online Table VI and Online Figure I. Discrimination was excellent in non-Black, 

non-white men (c-statistic 0.80, 95% confidence interval [0.70, 0.90]) and women (c-

statistic 0.90, 95% CI [0.86, 0.95]). Calibration was good in both groups. In non-Black, non-

white men, predicted and observed HF risk were similar throughout most deciles with 

predicted HF risk lower than observed HF risk at higher deciles (Online Figure II). In non-
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Black, non-white women, predicted and observed HF risk were similar throughout most 

deciles with differences at highest deciles (Online Figure II).

Performance of Original HF Risk Prediction Model in Black and White Men and Women 
with QRS Data

Performance of the original PCP-HF model in Black and white men and women with 

available QRS data is shown in Online Figure III. Discrimination was acceptable in white 

men (c-statistic 0.74, 95% confidence interval [0.67, 0.80]) and women (0.73, [0.65, 0.81]) 

and adequate in Black men (0.64, [0.54, 0.75]) and women (0.63, [0.54, 0.72]). Calibration 

was good in all race-sex groups.

Discussion

In this study, we validated race and sex-specific risk prediction equations for incident HF 

using an EHR cohort of adults without baseline cardiovascular disease. The modified PCP-

HF tool studied here excluded QRS duration from the prediction model give current United 

States Preventative Task Force guidelines that appropriately recommend against routine 

screening electrocardiograms.22 Overall, the modified PCP-HF model had excellent 

discrimination in white adults and adequate discrimination in Black adults with good 

calibration in all race-sex subgroups based on pre-defined published thresholds, including in 

non-white, non-Black populations who remain understudied in cardiovascular risk 

prediction. In comparing model performance in patients with and without QRS data, the 

addition of QRS did not improve discrimination in any of the race-sex groups.

The critical question of how risk scores derived from longitudinal cohorts perform when 

applied to the EHR must be answered before integration and implementation of HF-specific 

risk prediction scores into the EHR. Rana et al. showed that the ACC/AHA pooled cohort 

equations for ASCVD risk had good predictive accuracy despite slight over-estimation of 5-

year risk in non-diabetic adults when applied to a large, cotemporary EHR population.23 

Wolfson et al showed that both the Framingham Risk Score and pooled cohort equations 

could produce accurate risk predictions in an EHR cohort for ASCVD.24 Our study 

demonstrates that HF-specific risk prediction equations derived from multiple longitudinal 

cohorts can also be applied to a large, contemporary EHR population with adequate to 

excellent discrimination and good calibration.

A reliable, valid, easily integrated risk prediction score is only important if it leads to early, 

meaningful intervention to have an impact on curtailing the increasing prevalence of HF and 

rising burden of costs.2 DM, hypertension, and smoking are modifiable risk factors for HF 

that can be targeted through the EHR in tandem with a risk score output.25–28 The 

customizability of the EHR to deliver “nudges” or automated electronic reminders offers the 

opportunity to improve rates of risk factor control.29, 30 In addition to aggressive risk factor 

modification such as intensive blood pressure lowering, patients specifically with DM 

identified at high risk of HF may be preferred candidates for emerging therapies in primary 

prevention of HF such as sodium-glucose cotransporter 2 inhibitors (SGLT2i) after an 

individualized patient-clinician risk benefit discussion. While use of SGLT2i are currently 

indicated in all patients with DM, data are now emerging for their use in prevalent HF with 
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reduced ejection fraction in the absence of DM, but are not currently available for their use 

in patients at high risk of HF who do not have DM.31

A HF risk prediction score could also be utilized for targeted, sequential risk stratification. 

The St. Vincent’s Screening to Prevent Heart Failure Study trial demonstrated the utility of 

brain natriuretic peptide (BNP) screening and collaborative cardiovascular care in patients at 

risk for HF.32 A risk prediction score could help generate a threshold at which a BNP is 

reflexively ordered through the EHR in those patients at increased risk as population-wide 

BNP screening is unlikely to be cost-effective. Asymptomatic left ventricular dysfunction is 

an under-recognized condition with an estimated prevalence between 2% and 8% in the 

general community.33 Despite a strong association between asymptomatic left ventricular 

dysfunction and development of HF, there is significant debate regarding utility and 

selection of patients from the general population who would benefit from screening 

echocardiography due to cost.34 An integrated HF-specific risk prediction score could utilize 

clinical data in the EHR to identify high-risk patients who would likely benefit from 

screening echocardiography. Individuals with high risk imaging features (left atrial 

enlargement, abnormal global longitudinal strain, abnormal E/e’ ratio, and left ventricular 

hypertrophy)35 could benefit from frequent surveillance imaging and biomarker testing, 

aggressive risk factor targeting, and consideration of novel medical therapies.

There are multiple possible reasons why model discrimination was worse in Black men and 

women compared with white men and women. There was a consistent underestimation of 

HF risk seen in Black men and women, with higher discordance between observed and 

predicted incident HF particularly noted in the lower deciles of risk. This may have been due 

to selection bias as we relied on data from clinical encounters. Numerous studies have 

demonstrated racial disparities in primary care utilization with Black adults being less likely 

than white adults to have access to and interactions with a primary care provider.36, 37 This 

may lead to less routine general well-care visits in Black adults and a higher burden of 

comorbidities and cumulative exposure to risk factors at initial encounter, which was 

reflected in our EHR cohort. In addition, the smaller absolute sample of Black patients 

(N=3285) may have also been a contributing factor to discordance between observed and 

predicted incident HF noted in lower deciles. Inherent limitations of the PCP-HF model 

should also be considered, such as the lack of integration of other comorbidities, like chronic 

kidney disease as well as upstream social factors and root causes of health disparities (e.g. 

structural and systemic racism).38 The Coronary Artery Risk Development in Young Adults 

study showed significantly higher rates of incident HF before 50 years of age in Black adults 

and renal insufficiency and socioeconomic status were found to be independent risk factors 

for incident HF.39, 40 Implementation of race-based risk equations, such as the PCP-HF tool, 

would require awareness of the potential for systematic underestimation of risk in Black 

patients as well as other vulnerable populations.41 Analogous to the use of a “CPR” or 

“calculate, personalize, reclassify” framework applied in the risk-based prevention of 

ASCVD that integrates the use of coronary artery calcium to refine risk estimation for 

individual patients, additional testing with BNP and echocardiography could be useful to 

improve HF risk assessment and inform personalized clinical decision-making for HF 

prevention.
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Limitations of the current study include the use of data from the EHR, which may have 

lower accuracy and reproducibility than data collected from well-monitored longitudinal 

cohorts, but reflects the clinical data that is utilized in every day patient care and therefore is 

of value.7 Certain requirements for inclusion (e.g. specific laboratory values and 5 year 

follow-up) may have led to the selection of a cohort that was not truly representative of the 

general US population.42 While the proportion of patients requiring treatment for 

hypertension in our EHR cohort exceeded hypertension prevalence in the general US 

population,43 the 5 year incidence of HF was 3.6 events per 1000 patient years which is 

similar to published findings from cohort studies including Framingham and Olmstead 

County.4445, 46 The use of ICD 9–10 codes for a clinical diagnosis of HF also has inherent 

limitations although the validity of ICD codes for inpatient diagnosis of HF has been well-

established and our physician-based adjudication was consistent with prior studies.47, 48 

Finally, we do not integrate risk prediction for HF subtypes as there are no actionable 

differences in preventive strategies to prevent HF with preserved compared with reduced 

ejection fraction and prior risk models have shown similar contribution of underlying risk 

factors to both.49

Conclusions

In summary, we present an analysis in a contemporary, clinical, population, validating a 

novel HF-specific risk estimation tool (PCP-HF) that provides sex- and race-specific 

estimates of 5-year risk of incident HF using risk factor data readily available in the primary 

care setting. Opportunities to promote aggressive risk factor control (intensive blood 

pressure lowering), targeted DM management with SGLT2i, and sequential risk stratification 

with imaging and biomarkers in those at greatest risk as assessed by the PCP-HF tool may 

allow for greater reduction in burden of HF in the community.
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Non-standard Abbreviations and Acronyms

ACC/AHA American College of Cardiology/American Heart Association

ASCVD atherosclerotic cardiovascular disease

BMI body mass index

BNP brain natriuretic peptide
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CAD coronary artery disease

DM diabetes mellitus

EHR electronic health record

GND Greenwood-Nam-D’Agostino

HDL-C high density lipoprotein cholesterol

HF heart failure

ICD 9 −10 International Classification of Disease 9th and 10th revision

LRPP Lifetime Risk Pooling Project

NMEDW Northwestern Medicine Enterprise Data Warehouse

PCP-HF Pooled Cohort equations to Prevent Heart Failure

SGLT2i sodium-glucose cotransporter 2 inhibitors

SBP systolic blood pressure

TC total cholesterol

US United States
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Clinical Impact

What is new?

• Using the recent published Pooled Cohort Equations to Prevent Heart Failure, 

we demonstrate for the first time the validation of heart failure-specific risk 

equations in a large, contemporary real-world cohort.

• We demonstrate that heart failure-specific risk equations derived from 

multiple longitudinal cohorts can be accurately applied to a primary 

prevention cohort derived from the Electronic Health Record.

What are Clinical Implications?

• Using clinical data readily available in an ambulatory setting, primary care 

physicians and cardiologists can utilize the PCP-HF to estimate race and sex 

specific risk of incident heart failure to guide personalized prevention.

• The PCP-HF can easily be integrated into electronic health records to identify 

patients who may benefit from more intensive measures to reduce risk of 

heart failure.

• Physicians should be aware of the limitations of the PCP-HF, including the 

potential for underestimation of risk in minorities and other vulnerable patient 

populations.
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Figure 1. 
Calibration and discrimination statistics of the modified Pooled Cohort Equation to Prevent 

Heart Failure (PCP-HF) model when applied to a contemporary, diverse electronic health 

record-based cohort stratified by A) White Men, B) White Women, C) Black Men and D) 

Black Women. In each race-sex group, patients were categorized into deciles based on 

predicted probability of incident heart failure. Deciles were collapsed as needed if <2 heart 

failure events occurred. Harrel’s C index for discrimination and Greenwood-Nam 

D’Agostino chi square statistic for calibration were used. CI= confidence interval.
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Figure 2. 
Predicted vs observed probability of incident diagnosis of heart failure in a contemporary, 

diverse electronic health record-based cohort stratified by A) White Men, B) White Women, 

C) Black Men, D) Black Women. Predicted probability estimated using modified Pooled 

Cohort Equation to Prevent Heart Failure (PCP-HF) model. In each race-sex group, patients 

were categorized into deciles based on predicted probability of incident heart failure. 

Observed probability was defined by established criteria using Internal Classification of 
Disease codes.
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Table 1.

Baseline Patient Characteristics of the Electronic Health Record-Based Primary Prevention Cohort

Black White

Men N=841 Women N=2444 Men N=10,834 Women N= 13,319

Mean age, years (SD) 50.2 (10.8) 51.4 (11.3) 51.3 (10.7) 52.5 (11.4)

Current smoking, n (%) 119 (14) 247 (10) 1220 (11) 1204 (9)

Diabetes, n (%) 214 (6) 472 (13) 1207 (33) 1224 (33)

Diabetes treatment, n (%) 183 (6) 371 (12) 1060 (35) 948 (32)

Mean casual glucose, mg/dL (SD) 111 (48) 101 (37) 103 (29) 97 (23)

Mean systolic blood pressure, mm Hg (SD) 132 (17) 129 (18) 128 (16) 124 (17)

Hypertension treatment, n (%) 578 (69) 1717 (70) 5139 (47) 6032 (45)

Mean BMI, kg/m2 (SD) 30.3 (5.6) 31.4 (6.8) 29.5 (5.1) 28.2 (6.5)

Mean total cholesterol, mg/dL (SD) 185 (40) 189 (37) 191 (37) 197 (36)

Mean HDL cholesterol, mg/dL (SD) 45 (13) 54 (15) 45 (12) 58 (15)

*
Abbreviations: BMI, Body Mass Index; HDL, High Density Lipoprotein
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Table 2.

Baseline Characteristics of the Electronic Health Record-Based Primary Prevention Cohort Stratified by 

Predicted 5-Year Heart Failure Risk Category

0–1% (n=21,858) 1–2.5% (n=5,830) 2.5–5% (n=2,509) >5% (n=1,059)

Mean age, years (SD) 46.9 (8.6) 59.9 (8.5) 64.9 (9.6) 66.4 (9.4)

White, n (%) 17253 (79) 4350 (75) 1847 (74) 703 (67)

Black, n (%) 1623 (7) 975 (17) 440 (18) 247 (23)

Non-white, non-Black, n (%) 2982 (14) 505 (9) 222 (9) 109 (10)

Women, n (%) 13419 (61) 2970 (51) 1145 (46) 377 (36)

Current smoking, n (%) 1623 (7) 786 (19) 454 (18) 278 (26)

Diabetes, n (%) 755 (4) 753 (13) 763 (30) 738 (70)

Diabetes treatment, n (%)

Mean casual glucose, mg/dL (SD) 94 (17) 105 (27) 118 (42) 159 (71)

Mean systolic blood pressure, mm Hg (SD) 122 (15) 133 (16) 138 (18) 141 (19)

Hypertension treatment, n (%) 7159 (33) 4595 (79) 2313 (92) 1028 (97)

Mean BMI, kg/m2 27.7 (5.5) 31.1 (6.2) 31.8 (6.4) 32.6 (6.8)

Mean total cholesterol, mg/dL (SD) 195 (35) 194 (38) 188 (40) 182 (42)

Mean HDL cholesterol, mg/dL (SD) 53 (15) 50 (15) 48 (14) 43 (13)

*
Abbreviations: BMI, Body Mass Index; HDL, High Density Lipoprotein
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Table 3.

Discrimination and Calibration Statistics of the Modified Pooled Cohort equations to Prevent HF (PCP-HF 

without QRS) Risk Equations in the Electronic Health Record-Based Primary Prevention Cohort

White Black

Men Women Men Women

Total N 10834 13319 841 2444

Events 161 186 58 106

Events per 1000 person-years 3.0 2.8 13.8 8.7

C statistics (95% CI) 0.82 (0.79, 0.86) 0.82 (0.78, 0.87) 0.69 (0.60, 0.78) 0.69 (0.52, 0.76)

GND Chi-square, P value 19.7 (0.01) 15.3 (0.03) 8.3 (0.21) 13.1 (0.04)

*
Abbreviations: CI, Confidence Interval; GND, Greenwood Nam D’Agostino
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