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Background: The Pooled Cohort Equations® (PCE) is used guide cholesterol-lowering medication (statin) by assessing the 10-year risk for a first atherosclerotic event. Limitations of the PCE include

overestimation?3 and bias*® in certain non-European populations. Recent efforts have evaluated the predictive performance of polygenic risk scores (PRS) for coronary artery disease (CAD)’. However, their clinical
utility remains unclear®?® suggesting a need for alternative approaches. Agnostic feature evaluation of machine learning workflows powered by clinical data in electronic health records (EHR) can identify non-
traditional risk factors currently ignored for CAD prognosis. The accumulation of plaque in coronary arteries manifests as a complex trait; thus, additional features could carry novel evidence of CAD susceptibility.
Here, we develop a short-term CAD risk prediction tool to test weather EHR clinical features can improve PCE-based CAD risk assessment and evaluated its performance in two large EHR-linked biobanks.
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Figure 1. Study workflow.
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Methods: We collected EHR and genetic data from BioMe and the UK Biobank. PCE and PRS were Results: For the EHR alone, discrimination was AUROC=0.94 and positive predictive value (PPV) was
calculated for both datasets. Models integrating combinations of PCE, PRS and EHR data were trained 0.88 (fig. 2A and tab. 1A). This was 12% higher than the PCE alone which yielded an AUROC of 0.82 and
and tested on BioMe, then validated in the UK Biobank. Cases were identified using ICD codes, all EHR PPV of 0.74. In low-risk individuals this difference almost doubles (20%), with 0.87 and 0.67 AUROC for
one year prior to diagnosis was removed. We trained Random Forest, Gradient Boosted Trees and the EHR and PCE models, respectively. Similar results were observed on the independent cohort (fig. 2B
Support Vector Machine models on a balanced set using 90% of cases, then regressed it’s predictions to and tab. 1B). Including the PRS to either model showed no improvement in prediction power (fig. 2).
obtain a unique stacked model. Performance was tested on a balanced 10% dataset blind to scaling and Analyses in the UK Biobank show the EHR model corrects risk overestimation originating from the PCE??
feature selection. This was repeated 100 times to avoid sampling biases (fig. 1). Reported results are the with NRI=28.7% in healthy individuals (tab. 2) and a 36% decrease of false positives in the top 15% of
mean area under the receiver operator characteristic (AUROC) curve and Net Reclassification the score (fig. 3). A small number of risk factors are driving the EHR model, with 0.94 AUROC attained
Improvement (NRI) across 100 models. Each model was then validated on a balanced set of UK Biobank using only 10 features; 9 being non-traditional risk factors not used by the PCE such as diagnosed
participants. Performance was evaluated in parallel on a subpopulation of low-risk individuals (PCE<7.5).  hypertension (110), depression (F32.9), red blood cell distribution width, basophil, and hemoglobin Alc.

Figure 2. Receiver operator characteristic curves in BioMe (A) and UK Biobank (B). Y and X axes Figure 3. Change in pr¢d|ctlon >COre -bet.vv-een the  Table 1. Mean performance metrics in BioMe (A)
correspond to averaged true positive and false negative rates respectively across 100 iterations. PCE and EHR model in UK Biobank individuals. and UK Biobank (B) individuals.
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