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Heart failure (HF) is highly prevalent, high-burden disorder with its prevalence expected to increase.
Early detection of HF can reduce morbidity and mortality; therefore, novel early detection methods
are needed. Polygenic scores (PGS) can combine common variants across the genome and provide
phenotype-specific risk scores. However, there are also many well-known, non-genomic risk factors
of HF, in the clinical, lifestyle, and social determinant of health (SDOH) domains, and it is not clear
how genetic and non-genetic risk factors collectively contribute to HF risk. To address this question,
we assessed whether combining HF PGS with clinical, lifestyle, and SDOH risk factors improves
risk prediction. Leveraging data from the A4/l of Us Research Program (n = 22,275), clinical risk
factors were aggregated into a clinical risk score (CRS) while lifestyle and SDOH risk factors were
aggregated into a polyexposure score (PXS). Feature selection was conducted with LASSO
regression and statistical significance thresholding from logistic regression models (p < 0.05).
Features were included in the model if they were statistically significant and important in = 95% of
1000 iterations. To assess model performance, logistic regressions with HF case/control status were
conducted with each risk score individually, as well as integrated models. The integrated model (PGS
+ CRS + PXS) performed better than individual risk scores (AUROC = 0.763, AUPRC = 0.047, F1
score = 0.062, balanced accuracy = 0.683). To assess the validity of the CRS and PXS, an integrated
model with the PGS along with clinical and exposure risk factors as independent features was also
evaluated. Based on AUPRC and F1 score, this integrated risk model (PGS + CRS risk factors +
PXS risk factors) performed better than the combining the PGS with the CRS and PXS (AUROC =
0.738, AUPRC = 0.047, F1 score = 0.066, balanced accuracy = 0.657). These findings demonstrate
that integration of risk factors across multiple domains can improve HF prediction. Knowing that
PGS combined with clinical, lifestyle, and SDOH risk factors is predictive of HF risk provides greater
opportunity for the identification of individuals at risk of HF prior to disease onset with the goal of
prevention or early intervention.

Keywords: Heart Failure; Polygenic Score; Clinical Risk Score; Polyexposure Score; Integrated
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1. Introduction

1.1. Heart Failure Risk Factors

Heart failure (HF) is a significant burden on the population, as 6.7 million individuals in the United
States over age twenty are affected. Due to an aging population and increased survival rates after
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diagnosis, prevalence is expected to rise by millions each decade'. In addition, HF mortality rates
have been increasing since 2012!. Early detection of HF may decrease morbidity and mortality,
through early implementation of guideline-directed medical therapy, the gold-standard treatment for
HF'-. Major cardiovascular disease (CVD) events can be prevented with early detection, so, novel
methods must be developed to improve early detection of HF*.

To date, the leading risk factors for HF include older age, smoking, atrial fibrillation (AF),
hypertension, ischemic heart disease, obesity, and diabetes mellitus!. Cardiovascular conditions are
interrelated and share many clinical, environmental, lifestyle, and social determinant of health
(SDOH) risk factors*. Hypercholesterolemia and hyperlipidemia can lead to atherosclerosis and
development of CVD, so many CVD treatments aim to lower lipid levels*. These risk factors are
assessed in clinical settings with lipid panels that measure high-density lipoprotein (HDL)
cholesterol, low-density lipoprotein (LDL) cholesterol, and triglycerides*. Other medications aim to
lower blood pressure, as high blood pressure is also a major risk factor for CVD*. Another clinical
risk factor for CVD is diabetes (type I and type 1I), which is measured by elevated glucose and
hemoglobin Alc (HbAlc) levels'*.

In addition to clinical risk factors, there are many lifestyle-related risk factors for CVD,
including smoking, lack of physical activity, and poor diet*. Modifying lifestyle has a major impact
on CVD as it is known to slow or reverse progression®. Sedentary lifestyle and unhealthy diet can
lead to obesity, which is measured by body mass index (BMI)*. Lifestyle and SDOH risk factors are
often interconnected*>. For example, low income and education level are associated with nutrition
status*. In addition, neighborhood factors such as grocery store availability, park and sidewalk
access, poorly kept up housing, vandalism, and graffiti can influence diet and physical activity*.
Other SDOH factors that are associated with CVD are single-living status, neighborhood
deprivation, social isolation, employment status, food insecurity, childhood adversity, living alone,
social deprivation index, and census-based income*®. There are also environmental risk factors for
CVD, such as air pollution and ambient temperatures'->%1°,

Genomics also play a role in HF development. HF has a heritability of 34% when excluding
cardiomyopathies, suggesting some genomic contribution!!. Familial/Mendelian traits that are
caused by variants in single genes such as cardiomyopathies and hypercholesterolemia significantly
increase the risk of HF'>'4, Besides these Mendelian genetic risk factors, many common and rare
genetic variants have also been associated with non-Mendelian HF'>.

1.2. Heart Failure Risk Prediction

Known risk factors can be leveraged to predict HF risk. For example, genetic testing of variants in
single genes that contribute to familial cardiomyopathies and hypercholesterolemia is used for early
detection'>'*, However, not all HF is Mendelian; therefore polygenic scores (PGS) offer an
opportunity to aggregate common variants across the genome and provide phenotype-specific risk
scores'®. PGS are the cumulative, mathematical aggregation of risk derived from the total
contribution of variants across the genome!s. PGS have been shown to be predictive at the
population-level for complex traits such as CAD, AF, type II diabetes (T2D), breast cancer,
schizophrenia, bipolar disorder, among other traits!’~26, Additionally, recent studies have found that
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PGS is predictive of HF'>?72°, The clinical utility of PGS is an active area of investigation and
discussion in the field, with important considerations such as interpretability, integration with
existing clinical risk models, cost-effectiveness, equitable access across diverse populations, and the
need for clinician education and infrastructure to support its implementation?%-30-3¢

Other risk scores, such as clinical risk scores (CRS) and polyexposure scores (PXS), can be used
to integrate non-genomic risk factors, such as clinical, lifestyle, environmental, and SDOH variables
into predictive risk models®*738, CRS is the linear combination of clinical risk factors associated
with a disease of interest*®. Many CRS have been developed and validated to predict HF, utilizing
known HF predictor variables including clinical conditions, lifestyle factors, medications, and other
risk factors®®. These models have been shown to be predictive of HF (highest area under the receiver
operating curve (AUROC) = 0.87)%. Conversely, PXS linearly integrates lifestyle, environmental,
and SDOH risk factors into a singular score®’. A PXS in one recent study was shown to be predictive
of T2D status (C-index = 0.762)".

These risk scores have been shown to be individually predictive for various CVDs. Integration
of PGS with non-genomic risk factors has previously improved predictive ability for CAD, T2D,
and aortic stenosis3*#?. Another study found that combining PGS, CRS, and PXS together improved
T2D classification accuracy?’. Leveraging genomic, electronic health record (EHR), and survey
data, this study aims to identify whether integration risk factors across multiple domains can
improve prediction of HF risk.

2. Methods

PGS Generation

Feature Selection

Logistic
Regression
(35% Train)
Removal of CRS and PXS

Phenotyping
(n =406, 513)

Missing Data Generation Evaluation
(n=22,275) (30% Test) (15% Test)
LASSO
Regression
(35% Train)

All-/Us
RESEARCH PROGRAM

Figure 1: Overview of methodology

2.1. Data and Study Participants

The All of Us Research Program (AOU) is a longitudinal, cohort study based in the United States*!.
Participants provided informed consent for optional data collection, including blood sample
collection for whole genome sequencing (WGS), access to electronic health records (EHR) and
wearables, and completion of health-related surveys and physical measurements at the time of
enrollment*'. Data from version 8 (v8) was utilized in this study*!.
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2.2. Genotyping and Quality Control

AOU genome centers extracted DNA from blood samples, which were genotyped with an Illumina
NovaSeq 6000 instrument and processed on the Illumina DRAGEN platform*'. Following
processing, samples were included with mean coverage = 30x, genome coverage = 90% at 20x,
coverage of hereditary disease risk genes > 95% at 20x, aligned Q30 bases =8 x 10'°, cross-
individual contamination < 3%, concordance with independently processed genotype array, and
concordance between sex call and self-reported sex at birth*'. During joint calling, additional
sample-level quality control (QC) was conducted, including sample hard threshold flagging (number
of single nucleotide polymorphisms (SNPs) < 2.4 million and > 5.0 million, number of variants not
present in gnomAD 3.1 > 100K, and heterozygous to homozygous ratio (Het/Hom) > 3.3 (for SNPs
and insertions and deletions (INDELSs) separately)), and sample population outlier flagging (eight
median absolute deviations (MAD) away from the median residual in deletion count, insertion
count, SNP count, number of variants not in gnomAD 3.1, insertion to deletion ratio, transition to
transversion ratio, or SNP or INDEL Het/Hom). Variant-level quality control was also conducted,
excluding variants with no high-quality genotype (genotype quality (GQ) = 20, depth of coverage
(DP) = 10, and allele balance (AB) = 0.02 for heterozygotes), excess heterozygosity < 54.69, SNP
quality (QUAL) score < 60, INDEL QUAL score < 69, > 100 alternate alleles, and variants that are
likely artifacts (using the Variant Extract-Train-Score Filtering (VETS) algorithm)*'. Finally, eight
well-characterized control samples were included to validate the QC pipeline by calculating
sensitivity and precision*!.

2.3. Polygenic Score Calculation

PGS weights were generated using the largest HF genome-wide association study (GWAS) to date
(n-individuals = 2,322,691, n-variants = 1,274,692)'>. Weights were extracted from the PGS catalog
(PGS005097) and applied to the AOU cohort using the PGSC-CALC pipeline, which adjusts for the
confounding effects of genetically inferred ancestry by normalizing based on differences in
population means and standard deviations*>~4,

2.4. Phenotyping

Individuals were categorized as cases and controls for ICD-based phenotypes based on ICD-9 and
ICD-10 mappings to PhecodeX, which represent meaningful phenotypes in statistical genetics®.
The outcome, HF status, was defined by PhecodeX CV_424. T2D status, a predictor included in the
CRS, was defined by PhecodeX EM _202.2 (Table 1). For both phenotypes, individuals had to have
at least two instances of mapped ICD codes to be a case (rule of two), and zero instances to be a
control*®. Age at first diagnosis, represented by age at first HF ICD code, was computed for HF
cases, while age at last data release (October 1%, 2023) was computed for HF controls. Reported sex
at birth was encoded numerically, including only males and females.

Lab values were derived from the electronic health record (EHR) and were obtained from serum
or plasma. Triglycerides, HDL cholesterol, LDL cholesterol, non-fasting glucose, HbAlc, systolic
blood pressure (SBP), and diastolic blood pressure (DBP) were included in the CRS while BMI was
included in the PXS (Table 1). Values were first filtered by measurement name. Many values were
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extremely abnormal so values = 5 MAD away from the median were excluded, as well as values <
0. Many individuals had multiple measurements, so the closest value before their calculated age
(age at first diagnosis for cases, age at data release for controls) was retained. Individuals who did
not have lab measurements before their coded age were excluded.

Lifestyle risk factors (smoking status, physical activity, and nutrition status), as well as SDOH
risk factors (income level, highest achieved education level, neighborhood, and single-living status),
were extracted to be included in the PXS (Table 1). This data was derived from surveys, which were
taken once at recruitment. Income, education level, and physical activity were derived from one
question. Conversely, twenty-four neighborhood questions were extracted and kept as separate
features. Smoking status was derived from nine questions which were integrated into one variable,
classifying individuals as nonsmokers (0), former smokers (1), or current smokers (2)*’. Individuals
had to respond as a non-smoker in all questions to be classified as a non-smoker. Individuals were
classified as former smokers if they identified as a former smoker or the age they completely quit
smoking was less than their coded age. Individuals who responded as a smoker in any question were
classified as a current smoker. Answers for all questions were coded numerically, such that each
variable reflected a positive association with HF. The questions, answers, and answer encodings for
each variable are described in the supplementary material (Supplementary Table 1). Census-based
income and social deprivation index (SDI) were also included in the PXS, which were calculated
by AOU based on three-digit zip codes (Table 1). Physical activity may change after a HF diagnosis,
so the closest value prior to computed age was utilized. Individuals who did not have a physical
activity variable prior to their coded age were excluded.

All continuous variables in the CRS and PXS, including labs, measurements, census-based
income, and SDI were normalized with inverse-normal transformation. Prior to integration, all
variables were put on the same scale. Variables were downscaled to match the variable with the
lowest number of categories in their risk score group. CRS variables were scaled to 0-1 to align with
T2D status and PXS variables were scaled to 0-2 to align with smoking status. Individuals with
missing data in any variable were removed.

2.5. Clinical Risk Score and Polyexposure Score Construction

Data was split into 70% train and 30% test splits. The training portion was used for feature selection
and weight generation. It was split in half, so 35% of the dataset was used for logistic regressions
and 35% was used for LASSO regression. Logistic regression was used to identify risk factors that
were significantly associated with HF (p < 0.05), while LASSO regression was used to identify
important risk factors in HF prediction. In these training splits, SMOTE was used to combat
case/control imbalance and increase sample size*®. In both regression models, the outcome was HF
case/control status, and age and sex were used as covariates in the logistic regression. 1000 iterations
of these splits were conducted (for both 70/30 training/testing split and 35/35 training split), using
a different random seed each time. Sampling was conducted without replacement. Only risk factors
that were significant and important > 95% of iterations (95% confidence) were included in CRS
and PXS generation. In the testing set, risk factors were combined into cohesive scores using a
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weighted sum, using effect sizes (betas) from logistic regressions as the weights. As a comparison,
unweighted sum was assessed as well.

2.6. Model Evaluation

Model evaluation was conducted in the testing split using logistic regressions. The testing set was
split in half, so 15% of the dataset was used for model training and 15% was used for model testing.
Like before, 1000 iterations of these splits were conducted. SMOTE was again used in the training
set*®. Each risk score was tested individually as well as every possible grouping of scores. Models
with individual risk factors were tested as a comparison to the CRS and PXS. This resulted in
seventeen distinct models (Table 3). In each model, age and sex were utilized as covariates.
Performance metrics used were AUROC, area under the precision-recall curve (AUPRC), F1 score,
and balanced accuracy. Mean metrics across the 1000 iterations were computed.

3. Results

Eighteen risk factors were initially selected for inclusion in the study (Table 1). Eight clinical risk
factors were selected for the CRS, while four lifestyle risk factors and six SDOH risk factors were
selected the PXS (Table 1, Supplementary Table 1). Nutrition and single-living status were
excluded due to high data missingness (Table 1). DBP, SBP, and seven neighborhood variables
were excluded because they were not significant in = 95% of logistic regression iterations (Table
1, Table 2, Supplementary Table 1). Glucose and HbA1lc were excluded because they were not
important in = 95% of LASSO regression iterations (Table 1, Table 2). Additionally, triglyceride
levels were excluded because they were neither significant nor important (Table 1, Table 2). After
filtering, ten risk factors remained, including three clinical risk factors (HDL cholesterol, LDL
cholesterol, and T2D) in the CRS, and three lifestyle risk factors (physical activity, smoking status
and BMI) and four SDOH risk factors (income level, education level, neighborhood, and census-
based income) in the PXS, including seventeen neighborhood variables (Table 1, Table 2,
Supplementary Table 1).

Prevalence of HF was ~5.1% in AOU. Removing missing data decreased the sample size
substantially. The sample size decreased from 406,513 (n-controls = 386,518, n-cases = 19,995) to
22,594 (n-controls = 22,275, n-cases = 319). Lab values and neighborhood variables had the lowest
percentage of non-missingness, which contributed the most to the sample size decrease
(Supplementary Table 2). The case count in particular dropped because individuals had to have
lab values and physical activity survey answers before their first HF diagnosis to be included.
However, SMOTE was used to increase the case count to match the number of controls in all splits
except the final testing set.

Clinical Risk Score Polyexposure Score
Clinical Risk Factors Lifestyle Risk Factors = Social Determinant of Health Risk Factors
Diastolic Blood Pressure” BMI Census-based income
Glucose? Nutrition status” Education level
HbA1c? Physical activity Income level
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HDL cholesterol
LDL cholesterol

Systolic Blood Pressure’

T2D status
Triglycerides*

Pacific Symposium on Biocomputing 2026

Smoking status

Neighborhood'

Single-level status”
Deprivation index *

Table 1: Known risk factors for HF to be included in integrated risk scores. *Risk factors excluded due to low data

availability. TRisk factors excluded because they were not significant in > 95% of logistic regression iterations. fRisk

factors excluded because they were not important in = 95% of LASSO regression iterations. Some, but not all,

Category (Risk
Score)

Clinical (CRS)
Clinical (CRS)
Clinical (CRS)
Clinical (CRS)
Clinical (CRS)
Clinical (CRS)
Clinical (CRS)
Clinical (CRS)
Lifestyle (PXS)
Lifestyle (PXS)
Lifestyle (PXS)
SDOH (PXS)
SDOH (PXS)
SDOH (PXS)

SDOH (PXS)
SDOH (PXS)
SDOH (PXS)
SDOH (PXS)

SDOH (PXS)
SDOH (PXS)
SDOH (PXS)
SDOH (PXS)

SDOH (PXS)

neighborhood questions were excluded.

Risk Factor

Diastolic Blood Pressure

Glucose
HbAlc
HDL cholesterol
LDL cholesterol

Systolic Blood Pressure

T2D
Triglycerides
BMI

Everyday Physical Activity

Smoking
Annual Income

Census Median Income
Highest Education
Neighborhood- Abandoned

Buildings

Neighborhood- Alcohol Use
Neighborhood- A lot of Crime
Neighborhood- Cleanliness
Neighborhood-Crime Rate Makes It
Unsafe to Walk at Night
Neighborhood- Crime Rate Makes It
Unsafe to Walk During the Day
Neighborhood- Drug Use
Neighborhood- Facilities to Bike
Neighborhood- Free/Low-Cost
Recreation Facilities
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Mean P-
Value

0.048
0.007
0.001
0.008
0.000
0.112
9.50E-81
0.120
3.82E-20
4.40E-48
0.004
1.16E-54
3.40E-18
6.23E-08

0.002
0.023
0.005
0.016

0.001
1.95E-13
0.003
2.47E-07

0.001

Percent
Significant

88.30%
97.80%
99.70%
98.00%
99.90%
73.50%
100.00%
71.40%
100.00%
100.00%
99.10%
100.00%
100.00%
100.00%

99.40%
94.30%
99.00%
95.30%

99.90%
100.00%
99.40%
100.00%

99.20%

Mean
Absolute
Coefficient
1.322
0.819
0.914
2.014
1.403
0.946
0.980
0.924
2.511
0.847
0.242
0.397
0.914
0.385

0.293
0.667
0.365
0.288

0.343
0.544
0.484
0.324

0.243

Percent
Important

96.30%
93.80%
91.90%
97.70%
95.00%
92.60%
100.00%
92.60%
100.00%
100.00%
99.70%
99.40%
96.90%
97.30%

97.10%
99.40%
98.00%
97.90%

99.00%
99.00%
97.20%
99.40%

99.30%



SDOH (PXS)
SDOH (PXS)

SDOH (PXS)
SDOH (PXS)
SDOH (PXS)

SDOH (PXS)
SDOH (PXS)

SDOH (PXS)
SDOH (PXS)
SDOH (PXS)

SDOH (PXS)

SDOH (PXS)
SDOH (PXS)
SDOH (PXS)

SDOH (PXS)
SDOH (PXS)

Pacific Symposium on Biocomputing 2026

Neighborhood- Get Along with
Neighbors
Neighborhood- Graffiti
Neighborhood-Main Type of
Housing
Neighborhood- Neighbors Can Be
Trusted
Neighborhood- Neighbors Take
Good Care of Their Homes
Neighborhood- Neighbors Watch
Out for Each Other
Neighborhood- Noise
Neighborhood- People Share the
Same Values
Neighborhood- Safe from Crime
Neighborhood- Shops, Stores,
Markets or Other Places to Buy
Things are Within Walking Distance
Neighborhood- Sidewalks on Most
Streets
Neighborhood- Too Many People
Hanging Around on the Streets Near
Home
Neighborhood- Transit Stop Within
Walking Distance
Neighborhood- Trouble with
Neighbors
Neighborhood- Vandalism
Social Deprivation Index

0.113
0.014

0.075

0.001

0.006

0.046
0.099

0.046

0.002

0.000

0.008

0.014

0.019

0.002

0.006
0.090

73.00%
96.20%

80.80%

99.90%

98.80%

88.00%
77.40%

88.30%

99.40%

99.90%

97.90%

96.40%
95.20%
99.50%

98.50%
77.60%

0.835
0.301

0.256

0.451

0.256

0.289
0.255

0.293

0.303

0.309

0.159

0.345

0.152

0.347

0.304
0.697

99.20%
97.90%

98.30%

96.70%

97.80%

98.40%
97.70%

97.90%

97.80%

99.40%

98.70%

96.60%
98.70%
97.70%

97.20%
93.40%

Table 2: Significance and importance of variables across 1000 iterations. Mean beta, mean p-value and percent

significant columns were calculated from logistic regressions, while mean absolute coefficient and percent important

columns were calculated from LASSO regressions.

Model 13 (PGS + weighted CRS + weighted PXS) performed best based on AUROC and
balanced accuracy, while model 17 (PGS + CRS risk factors + PXS risk factors) performed best
based on AUPRC and F1 score (Table 3, Table 4, Figure 2). Based on AUROC and balanced
accuracy, the next best performing model was model 11 (weighted CRS + weighted PXS) (Table
3, Table 4, Figure 2). Based on F1 score and AUPRC, the next best performing models were model
13 (PGS + weighted CRS + weighted PXS) and model 16 (CRS risk factors + PXS risk factors)
(Table 3, Table 4, Figure 2). After this, the performance ranking of the models varied by metric
(Table 3, Table 4, Figure 2). However, based on AUROC, F1 score, and balanced accuracy, the

636



Pacific Symposium on Biocomputing 2026

worst performing models were model 4 (unweighted PXS), model 6 (PGS + unweighted CRS),
model 2 (unweighted CRS), and model 1 (PGS) (Table 3, Table 4, Figure 2). Model 4 (unweighted
PXS), model 2 (unweighted CRS), and model 1 (PGS) were among the worst performing models
based on balanced accuracy, with the addition of model 5 (weighted PXS) (Table 3, Table 4, Figure

2).
Model Number Model Number of Features

1 PGS 3

2 CRS SUM 3

3 CRS _WEIGHTED SUM 3

4 PXS SUM 3

5 PXS WEIGHTED SUM 3

6 PGS + CRS_SUM 4

7 PGS + CRS_ WEIGHTED SUM 4

8 PGS + PXS SUM 4

9 PGS + PXS WEIGHTED SUM 4

10 CRS SUM + PXS SUM 4

11 CRS_WEIGHTED_ SUM + PXS WEIGHTED SUM 4

12 PGS + CRS_SUM + PXS SUM 5

13 PGS + CRS_WEIGHTED SUM + PXS WEIGHTED SUM 5

14 CRS Risk Factors 7

15 PXS Risk Factors 12

16 CRS Risk Factors + PXS Risk Factors 17

17 PGS + CRS Risk Factors + PXS Risk Factors 18

Table 3: Overview of evaluation models. Features included each risk score, as well as age and sex as covariates.
Model Risk Factor AUROC AUprc Y1  Balanced
Number Score Accuracy
1 PGS 0.669 0.034 0.044 0.607
2 CRS SUM 0.676 0.033 0.042 0.598
3 CRS_WEIGHTED SUM 0.736 0.042 0.055 0.655
4 PXS SUM 0.709 0.032 0.052 0.646
5 PXS WEIGHTED SUM 0.730 0.034 0.056 0.660
6 PGS + CRS_SUM 0.678 0.036 0.043 0.603
7 PGS + CRS WEIGHTED SUM 0.737 0.046 0.057 0.662
8 PGS + PXS SUM 0.715 0.036 0.054 0.652
9 PGS + PXS WEIGHTED SUM 0.734 0.038 0.057 0.665
10 CRS SUM +PXS SUM 0.732 0.039 0.055 0.652
CRS_WEIGHTED SUM +

11 PXS WEIGHTED SUM 0.762 0.043 0.061 0.678
12 PGS + CRS_SUM + PXS SUM 0.734 0.041 0.057 0.658
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PGS + CRS_WEIGHTED SUM +

13 PXS WEIGHTED SUM 0.763 0.047 0.062 0.682
14 CRS Risk Factors 0.729 0.040 0.055 0.655
15 PXS Risk Factors 0.723 0.041 0.060 0.647
16 CRS Risk Factors + PXS Risk Factors 0.738 0.046 0.065 0.658
17 PGS + CRS risk factors + PXS risk factors 0.738 0.047 0.065 0.657
Table 4: Model evaluation metrics.
%ua Ilﬂnlr i 50.6-
4
= Illl\
'.'Irj}:
" r“l'l,x "
0.0 J'Ij!f:f 0.0 ’5”—';;" — — —

False Positive Rate Recall

= Model 1: PGS (AUROC = 0.669, AUPRC = 0.034) Model 10: CRS_SUM + PXS_SUM (AUROC = 0.732, AUPRC = 0.039)
Model 2: CRS_SUM (AUROC = 0.676, AUPRC = 0.033) = Model 11: CRS_WEIGHTED_SUM + PX5_WEIGHTED_SUM (AUROC = 0.762, AUPRC = 0.043)
—— Model 3: CRS_WEIGHTED_SUM (AUROC = 0.736, AUPRC = 0.042) Model 12: PGS + CAS_SUM + PXS_SUM (AUROC = 0,734, AUPRC = 0.041)
—— Model 4: PXS_SUM [AUROC = 0.709, AUPRC = 0.032) —— Model 13: PGS + CRS_WEIGHTED_SUM + PXS_WEIGHTED_SUM (AUROC = 0.763, AUPRC = 0.047)
Model 5: PXS_WEIGHTED_SUM (AUROC = 0.730, AUPRC = 0.034) 0.040)
nnnnn 6: PGS + CRS_SUM {AUROC = 0,678, AUPRC = 0.036)
Model 7: PGS + CRS_WEIGHTED_SUM (AURDC = 0.737, AUPRC = 0.046)
Model 8: PGS + PXS_SUM (AUROC = 0.715, AUPRC = 0.036)
Model : PGS + PXS_WEIGHTED_SUM (AUROC = 0.734, AUPRC = 0.038)

. AUPRC = 0.041)
Madel 16: CRS R + PXS Risk Factors [AURDC = 0.738, AUPRC = 0.046)
Model 17: PGS + CRS Risk Factors + PXS Risk Factors [AUROC = 0.738, AUPRC = 0.047)

Figure 2: AOU Receiver-operator (ROC) curves (Panel A) and precision-recall (PRC) curves (Panel B).

4. Discussion

This study exhibited that integration of genetic, clinical, lifestyle, and SDOH risk factors improved
predictive performance of heart failure risk in comparison to the separate risk scores alone. Based
on all metrics, the integrated risk models containing risk factors across all domains (model 13, PGS
+ weighted CRS and PXS, and model 17, PGS + CRS and PXS risk factors) were the top performing
models (Table 3, Table 4, Figure 2). Based on AUPRC and F1 score, model 17 (PGS + CRS and
PXS risk factors) performed best but model 13 (PGS + weighted CRS and PXS) performed best
based on AUROC and balanced accuracy (Table 3, Table 4, Figure 2). Thus, it is unclear which
integration metric is best, but models containing risk factors across multiple domains were always
the top performing model. This finding is consistent with previous literature3”-3%40,

The PGS seemed to contribute the least to model performance, as model 1 (PGS) performed
worse than model 3 (weighted CRS), model 14 (CRS risk factors), model 5 (weighted PXS), and
model 15 (PXS risk factors) based on all metrics, which is consistent with previous literature (Table
3, Table 4, Figure 2)3’. Additionally, model 11 (weighted CRS + weighted PXS) and model 16
(CRS risk factors + PXS risk factors) were among the top performing models. It is unclear whether
clinical risk factors or lifestyle and SDOH risk factors contributed more, as performance ranking
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varied by metric, and quantitative differences were very small (Table 3, Table 4, Figure 2). In
addition, models 3 (weighted CRS) and 5 (weighted PXS) performed better than models 2
(unweighted CRS) and 4 (unweighted PXS), demonstrating that integrating risk factor effect sizes
enhances predictive performance.

Model 1 (PGS) yielded a lower AUROC compared to the study in which the weights were
derived, possibly due to differences in the test dataset, sample size, or outcome phenotyping (Table
3, Table 4, Figure 2)'>. Additionally, the PGSC-CALC pipeline normalized the PGS based on
differences in population means and standard deviations, while the previous study did not normalize
the PGS and instead scaled/centered the PGS within individual ancestry groups and utilized
principal components as covariates in the regression models'>#**#4 Models 2 (unweighted CRS) and
3 (weighted CRS) also had a lower AUROC than seen in previous literature (Table 3, Table 4,
Figure 2)*8. However, these studies included other clinical variables such as various clinical
conditions, lab measurements, and medications, so it is possible that these variables in addition to
different sample sizes, datasets, or combination methods, may have led to AUROC differences.
Model 5 (weighted PXS) has only been evaluated in one prior study, which did not use the same
performance metrics, preventing direct pairwise comparison?’,

Model training yielded variables that were considered most predictive. Based on logistic
regressions, the ten risk factors with the lowest mean p-values were T2D, income, physical activity,
BMI, census-based income, education, four neighborhood variables, and LDL cholesterol (Table
2). T2D, LDL, BMI, physical activity, and census-based income overlapped with the ten risk factors
with the highest mean absolute coefficients based on LASSO regressions (Table 2). Other variables
deemed more important by LASSO regressions were HDL cholesterol, DBP, SBP, triglycerides,
and HbAlc (Table 2). SDOH risk factors appeared more significant in logistic regressions, while
clinical risk factors appeared more important in LASSO regressions (Table 2). Thus, there is some
variability based on the feature selection method.

This study had several limitations. Sample size was low due to removal of missing values, and
performance may have improved if it was higher, particularly in the training sets. It is also possible
that more predictors may have appeared significant and important in = 95% of iterations, which
could have changed performance. This study also did not include a validation dataset, and
replication would have strengthened these findings. However, these findings are replicated by
similar studies in the literature3’-3340, Several other factors may have improved performance. For
example, performance may have improved with the inclusion more clinical, lifestyle, and SDOH
risk factors associated with heart failure, as not all known HF/CVD risk factors were included in
this study. CVDs have some overlapping genetic architecture, so correcting for this may have
improved performance®. PGS performance was worse than risk factors in other domains, and it is
possible that stratifying the sample to high-risk individuals classified by other CVD risk factors may
improve its performance®®. In addition, performance may have been enhanced with ancestry-
stratified analyses, but the sample size was too low to further subset the cohort. As AOU continues
to grow, we anticipate that sample sizes will increase and much of these risk factors will become
populated in these datasets in the future. There are also some limitations regarding the phenotyping
strategy. Rule of two phenotyping accounts for some error in ICD-based phenotyping, but it is
possible that there may be some present errors as ICD codes are used for billing purposes and not
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diagnosis documentation®®. In addition, many of the lifestyle and SDOH risk factors were based on
self-reported survey data, which is susceptible to bias®’. Last, prevalence of HF in the general
population is estimated to be 1.9 - 2.8%, which is lower than prevalence in these datasets'. This, in
addition to participation bias of individuals who opt in to biobank studies, may impact the
generalizability of this study’s findings to the general population®'.

Despite these limitations, this study demonstrated that integrating risk factors across multiple
domains improves predictive performance of HF risk, highlighting the need to consider these risk
factors in clinical settings. Integrating polygenic scores with clinical, lifestyle, and SDOH risk
factors may be used to improve early detection of HF, and therefore its adverse consequences. Such
multi-domain risk models may facilitate more precise risk stratification in clinical settings, enabling
earlier interventions and improved management for individuals at risk for HF.
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