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ABSTRACT

Accurate prediction of major adverse cardiovascular events (MACE) from electronic medical records (EMRs) to identify high-risk patients

is fundamental for informing patientcare guidelines and policies. Yet, existing prediction models often fail to generalize because different

epidemiological study designs capture distinct aspects of disease biology and observational biases. We develop an ensemble transfer

learning (EnsTL) framework that leverages complementary information from nested retrospective case control (Rcc) and prospective

screening cohorts (PCs) to improve cardiovascular risk prediction. Using longitudinal EMR data from 4.2 million U.S. Veterans, we trained

multiple machine learning (ML) models on 247 clinically curated predictors spanning upto 7.5 years before prediction. Rcc cohort captured

biological drivers of cardiovascular disease (CVD) more effectively, while PCs better reflected real-world screening populations. Our

EnsTL model, combining and finetuning these complementary models, produced robust, well-calibrated predictions in the prospective

calendar 2017 (C17) cohort with C-statistics 0.745–0.754, while preserving clinically meaningful associations. This framework enables

more reliable population screening, facilitates adaptation of prediction models across healthcare settings, and provides a general strategy

for developing clinically deployable EMR-based risk prediction models.

Introduction

Cardiovascular disease (CVD) is implicated in ∼25% of deaths, both in the US1 and worldwide2. Epidemiological studies of CVD

consistently associate it with non-modifiable risk factors such as age and sex, modifiable biomarkers for low-density lipoprotein (LDL),

cholesterol, hypertension, and diabetes, and modifiable risk factors such as obesity, smoking, and lack of physical activity2–6. Many of

these pathophysiological CVD risk factors co-occur, interact with one another, and some clusters are defined as a metabolic syndrome7.

There is substantial heterogeneity in how these common risk factors impact patients’ morbidity and mortality, so a better understanding of

their interplay may have important clinical implications.8

Several studies have assessed the value of ML/AI in training and prediction of CVD outcomes in the prospective screening cohorts

(PCs). Singh et al.9 predicted deterioration of renal function in a cohort of 6,435 individuals from EMRs with a variety of longitudinal

ML models. They concluded that longitudinal, multi-task predictors showed great promise, but emphasized that the details of problem
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formulation significantly impacted results. Zhao, et al.10 compared multiple ML techniques applied to several data sets in analyses of

109,490 CVD patients and concluded there was a 6 percentage point accuracy improvement between the re-weighted American Heart

Association - Pooled Cohort Equations (AHA-PCE)-like model11 and the best high-dimensional ML model. Steele, et al.12 predicted

coronary artery disease (CAD) mortality in a cohort of 80,000 people, concluding that ML models worked well without imputation, that

random forest models did not outperform Cox models, and that variable selection techniques could identify important, novel, predictors in

a data-driven manner. More recently, a US Department of Veterans Healthcare Administration (VHA) data set of 1.7 million patients with

66,602 atherosclerotic cardiovascular disease (ASCVD) events during 5-year follow-up was used to assess the impact of statins on both

calculated CVD risk and outcomes13. Other studies comparing anti-hyperglycemic agents such as SGLT2 inhibitors14 or GLP-1 receptor

agonists15 have appeared recently, relying on linear models and well-established study designs. Using the Million Veteran Program

(MVP) genetics data from 79,151 patients, Vassy et al. examined the added value of polygenic risk scores to existing risk calculations.16

Hippisley-Cox identified seven mental health and cancer-based subgroups in the QRISK4 prediction of CVD risk in 17 million adults

from the UK17.

Advances in machine learning (ML) and artificial intelligence (AI) have been applied to EMRs in a variety of ways,18 including

detailed neural network architectures proposed to shape the logic of analysis19. Contrary to expectations, these more sophisticated

methods have often produced results only comparable to or even lagging behind traditional methodologies in providing robust healthcare

solutions20. Many of the challenges in making practical use of AI and ML for medical outcomes prediction could be anticipated from the

general difficulties associated with deep learning methodologies, as described by Marcus21. In particular, these methods are data-hungry,

opaque to feature importance, and difficult to integrate with prior knowledge. Moreover, they work poorly with hierarchical dependencies,

assume stable relationships among variables and thus will be of questionable generalizability22. Sculley, et al.23 argued that these aspects

of deep learning models lead to substantial hidden costs in deployment, as they are brittle and often need to be re-trained with fairly

innocuous changes in details of the input data stream. On the other hand, numerous statistical techniques have been developed to create

models that inform clinical practice, including logistic regression5, Kaplan-Meier analysis24 and Cox proportional hazard models4, 25.

Researchers have noted the critical importance of interaction terms26, variable definitions27, 28, cohort composition5, combined outcomes29,

study design30, case-control matching,31, 32 and the efficiency of cross-sectional pooling25.

In this work, we develop an ensemble transfer learning (EnsTL) framework that combines complementary epidemiological study

designs/cohorts to improve both the accuracy and clinical applicability of EMR-based CVD risk prediction. This framework integrates the

ML methods of ensemble modeling33–35 and transfer learning (TL)36, 37 in a way that utilizes many of the above-mentioned statistical

techniques and study designs/cohorts in clinical epidemiology to navigate the high-dimensional CVD risk prediction problem using

observational data. Leveraging the scale and longitudinal richness of the VHA electronic medical records (EMRs)38, we integrate

ensembles of linear and nonlinear ML models trained across nested retrospective case control (Rcc) and prospective screening cohorts

(PCs) to separate stable biological drivers of cardiovascular disease (CVD) from study-design-specific healthcare utilization patterns. By

transferring complementary information between multiple study designs/cohorts and aggregating different model representations, our

framework aims to produce prediction models that are both clinically interpretable and generalizable across patient populations. Beyond

improving prediction of MACE, this work provides a practical methodology for developing robust clinical decision-support models that

can be adapted to new healthcare systems, evolving patient populations, and future cardiovascular applications.

Results

Cohorts and study designs

Rcc cohorts are valuable for identifying biological drivers of disease, however both screening of patients for disease incidence and

comparison of model performance across studies requires a prospective cohort30, such as our C17. Figure 1 shows important attributes

of our Rcc and prospective C17 study designs. For both study designs, the longitudinal variables spanning 7.5 years before the time

of prediction are recorded in eight time-bins of increasing width as the time before prediction increases. Diagnoses and treatments

(procedures and medications) are recorded as either present or absent in each time bin, while observations (labs and numeric vital signs)

use the median value in each time bin, which is itself assigned to a physiological category and referenced to normal. Missing observations

for the labs and vitals predictors were imputed (see Methods) with additional variables indicating whether or not the variable was missing

altogether.

Table S3 compares subject characteristics across the four cohorts of individuals we created. Motivation and detailed descriptions for

each are provided in the Methods section. We have between 210,084 and 1,078,498 cases across study designs (top row). As is common

in the VA systems, Females, African-Americans, and Hispanics have age distributions that differ from the overall average, where white

males are predominant. Details characterizing these distributions and the breakdown of cases across the component outcomes (acute

myocardial infarction (AMI), stroke, and ASCVD death) and demographics are also provided in table S3.

Model scores and ensemble transfer learning

Figure 2 illustrates our ensemble transfer learning process, evaluated on the prospective C17 cohort. Accuracy or C-statistic comparison

is meaningful only when assessed on a single prospective cohort that matches the natural distribution of outcomes39 that is used when

screening patients30, such as our C17 for MACE risk prediction. The left plot shows C-statistic scores from fourteen models predicting

MACE outcome on the C17 cohort with the same set of 247 variables (including 4 static and 243 longitudinal variables). The blue bars

shows the performance of the models as trained, while the orange bars on top show improvement in performance when the models are

finetuned on the C17 cohort. Our baseline model, shown at far left, approximates the commonly used AHA-PCE model and achieves a
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Figure 1. (left) Rcc study design – cases were defined as first occurrence (after August 15 of 2007) of stroke or heart attacks (AMI) from

inpatient, outpatient, or fee-for-service diagnostic codes or death reported in the NDI with underlying or contributing cause ascribed to

atherosclerotic cardiovascular disease (ASCVD) death. Controls were matched on year of birth and were selected by randomly choosing a

visit among patients who were not cases and not excluded by having an outcome prior to July 1, 2007. Choosing a visit created a similar

overall level of healthcare utilization among cases and controls. The outcome date was chosen as the date of the MACE event or the

randomly selected visit, and the time of prediction was set to 45 days prior to the event. (right) Prospective C17 study design – all

veterans with an inpatient, outpatient, or fee-for-service diagnostic code recorded after January 8, 2017 were included in the cohort, the

time of prediction was set to January 1, 2017, and all patients with a recorded MACE event prior to the time of prediction were excluded

from consideration. Controls were down-sampled by a factor of four to created a nested cohort. Note that the time bins and variables were

defined consistently so that models trained on one design can be used on another. Descriptions of two prospective time-to-event cohorts

(Cox-LDL and Cox-Visit) and more details on our study designs are provided in the Methods section.

C-statistic of 0.701. The next four models were trained with our Rcc cohort, matched on age and visits, but using four different prediction

methodologies: a fully connected neural network (NN), random forest (RF), TabNet (a neural net model with an attention scheme), and a

logistic regression with LASSO model selection (GLM-LASSO). Because patient age and level of healthcare utilization are confounded40

and strongly interacting26 with all variables, matching on age and visits forces these models to rely more heavily on biological drivers of

CVD30 and the nonlinear models more accurately capture interactions among variables. Consequently, we also trained two Cox models

on up to twelve years of follow-up and our same four prediction methodologies directly on our C17 cohort, predicting five-year risk.

Figure 2. (left) C-statistics for ten models predicting MACE outcome, compared to our baseline PCE-like model shown at left. The

models were created with diverse cohorts and prediction methodologies, described in text. (middle) Logistic regression coefficients for

ten variables used in the ensemble transfer learning process. These same variables were also used to fine-tune models before being

evaluated for accuracy on the C17 cohort, with blue bars in the left figure indicating accuracy before fine tuning and orange bars after.

(right) Coefficients of each of the model scores, used together with the fine tuning coefficients in the middle panel, defining our three

ensemble transfer-learned models: EnsRcc, EnsRccCox, and EnsAll.

Comparison of the blue bars shows that models trained on the matched Rcc cohort perform quite poorly when directly predicting

on C17. Finetuning the models using only ten variables that are chosen to enable optimized treatment of age and healthcare utilization

patterns, and recalibration for demographic groups resulted substantial improvements in the C-statistic scores. The orange bars in the

left-most panel of Figure 2 show that this finetuning, or transfer learning process, enables the Rcc-trained models to predict outcomes

in the C17 cohort nearly as well as the models directly trained on C17. Importantly, we see from Supplementary Table S4 that while

Rcc-trained models can be fine-tuned to predict on C17 (C-statistic of 0.73 vs 0.75), the reverse process does not work as less well

(C-statistic of 0.72 vs. 0.66).

We constructed three ensemble models from different sets of the base models. The first, EnsRcc, was constructed from the four

Rcc-trained models. The second ensemble model (EnsRccCox) adds the two Cox models, and the third ensemble model (EnsAll) uses

all of the base models except AHA-PCE-like. Each model was finetuned with the same ten variables described above, and the specific

composition of each model is characterized in Figure 2, with the model coefficients in the right panel and the fine-tuning coefficients in

the middle panel. While the same ten variables shown in the middle panel of Figure 2 were used in all cases of finetuning, the values
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of the coefficients vary for the three ensemble models. All three ensemble models have significant weights on the Rcc-trained models,

although EnsAll relies most heavily on the C17-RF model. Not surprisingly, the middle panel of Figure 2, shows significant dependence

of our finetuned ensemble models on the two matched variables, age and healthcare utilization (represented by Usage, NAs, Any drug

prescription). For completeness, we provide in Figure S2 the age-dependence for the four GLM-LASSO base models (for Rcc, C17,

Visit-DS, LDL-DS cohorts).

These fourteen ML models show relatively similar performance in terms of C-statistic (after finetuning on the target C17 cohort), yet

come from very different study designs and prediction methodologies. For the remainder of this work, we examine the properties of

the models in detail to better understand how to extract biological mechanisms, understand biases, and characterize how our ensemble

transfer learning approach enables latent spaces from multiple MACE models to improve predictions on related problems/cohorts. In

particular, we examine the logistic regression coefficients from the GLM-LASSO model trained on Rcc cohort and compare them to the

coefficients from the GLM-LASSO model trained on C17 cohort. We then examine how calibration and subgroup performance varies

across four selected models: 1) baseline AHA-PCE-like model, 2) Rcc GLM-LASSO, 3) EnsRcc, consisting entirely of models trained on

the Rcc cohort, and 4) NN trained on the C17 prospective cohort.

Model coefficients and biological drivers

Figure 3 shows logistic regression coefficients from the Rcc-trained model with LASSO model selection (GLM-LASSO) for the labs,

diagnoses, and medications associated with metabolic syndrome and expected to be biological drivers of our MACE outcome. The

other half of the coefficients are shown in Figure S1 and will be discussed below. The eight time bins are computed independently

and are color-coded according to the study design shown in Figure 1 with the red colors more proximal to the time of prediction. The

bottom graph provides the same amplitudes but has a width proportional to the prevalence among cases. Because the variables shown are

binary-encoded (0/1) with normal as reference, the amplitudes can be directly compared as MACE risk, and the areas of the bars in the

lower panel can be interpreted as the population-attributable risk.

Figure 3. Bar plots of our metabolic syndrome-related GLM model coefficients from the Rcc cohort, with the 8 time-bins stacked for

each predictor. The time bins proximal to the event at the base and colored red, while distal predictors (out to 7.5 years) are in bluer

colors, corresponding to those shown in the arrow of Figure 1. Upward bars are predictive of a MACE event (positive coefficients), while

downward bars indicate protectionb(negative coefficients). The reference categories for each lab and vital signs are not shown, which are

taken to be the normal ranges. For most labs, lab_NA is included as a category indicating the patient did not have available data.

Analogous plots for C17, LDL-DS, and Visit-DS, can be found in Supplemental Figures S3, S4 and S5.

It is important to note that this type of high-dimensional calculations may contain many parallel or co-linear variables which must be

considered in the context of all of the other predictors. For example, for BMI, at the left side of Figure 3, both diagnosis codes and vital

sign variables are used, and the diagnosis code for obesity having more than double the protective association versus information derived

from the vital signs. To interpret this, one must know how the variables are constructed, and how frequently these variables overlap. From

Supplementary Table S2, we see that 59% of the patients identified as obese by vital signs have a diagnosis of obesity, while 85% of the

patients diagnosed with obesity have a vital sign indicating this. For the case of hypertension, we see that the diagnosis code is both

common and slightly protective, while stage 2 hypertension (> 150 mmHg) is more strongly associated with MACE outcome than stage

1 hypertension (between 130 and 140 mmHg). Fifty one percent of individuals with Stage 2 hypertension are on first-generation beta

blockers, compared to 42% of all patients (Supplementary Table S2), and being on the medication is positively associated with MACE

outcome.

While we have not attempted to disentangle the co-linearity of our predictor variables, we are both indicating how to understand

the meaning of the variables and illustrating some of the strategies by which our non-linear models may be adding interaction terms to
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gain their improved prediction accuracy. We provide a more comprehensive discussion of the biological drivers of lipid metabolism,

hypertension, renal function, diabetes, and obesity and relate our findings to the literature in our Supplementary Discussion section.

Figure S1 shows additional model coefficients used in our calculations, including markers of progression, comorbidities, and additional

laboratory results. Most notable are very strong positive associations of diagnoses of coronary artery disease (CAD), chest pains,

and nicotine addiction, and a strong and highly prevalent protective effect of taking any medication during a particular time window.

The markers of progression account for much of the risk that may have been originally due to the more chronic biomarkers, such as

hypertension or lipid metabolism. Similarly, the protective effect of taking ’any medication’ will co-occur with all the condition-specific

medications, leading to an overall more protective effect than if one considered the medications alone.

Supplementary Figure S6 shows relative risk of stroke vs. AMI on the left and the diagnosis coded outcomes vs. ASCVD deaths

obtained from National Death Index (NDI) on the right. For stroke vs. AMI, most variables, including all of the ‘NAs’ are identical for

each component, while CAD, heart failure, anti-anginals, and high proBNP are elevated in AMI and TBI, dementia, and being black or

female are enriched in stroke. For Dx-coded vs. non-outcomes, the codes are stratified according to enrichment in ASCVD death, lead by

‘NAs’ and vital signs, to less likely to be seen by ASCVD death, lead by treatments, CVD-related labs, and medications. Figure S7 shows

the same pair of plots but for the C17 cohort. The main difference is how protective all of the ‘NA’ variables are in the C17 cohort, which

is not matched on level of healthcare utilization or age. The preference of variables for stroke or AMI is much less pronounced in C17.

Model coefficients and methodological insights

We illustrate our observation of the model dependence on study design by providing similar bar plots for our other three linear models

(C17, Cox-Visit-DS, and Cox-LDL-DS), in Supplemental Figures S3, S4, and S5. Generally, the biggest differences with Figure 3 for

metabolic syndrome variables are changes in the level of protection (amplitude) of obesity diagnoses and vital signs. Likewise, the other

notable changes in the associations across cohorts are reflected by CVD procedures and AnyDrug variable (which reflects encounter with

the healthcare facility).

To examine these differences more closely, we plot the Rcc and C17 GLM-LASSO coefficients against each other in Figure 4, with

symbol area proportional to the prevalence of the variable. The variables are split into three groups, explained in the inset legend and

caption, to facilitate the examination of 243 separate predictors.

Figure 4. Comparison of GLM model coefficients between Rcc and C17 study cohorts for (left) vital signs and labs, color-coded

according to whether related to metabolic syndrome or not, and (middle) diagnoses and medications, color-coded according to whether

related to metabolic syndrome (MS) or not, and (right) demographics, procedures, and variables indicating the absence of labs or vital

signs (NA). The x-axis indicates the coefficient for model trained with the C17 cohort, the y-axis indicates the coefficient for model

trained with the Rcc cohort, the symbol size is proportional to the number of cases with each attribute, and the color code is indicated in

the legend.

Three main effects are visible. First is the broad agreement of the biological drivers of CVD, with the diagnoses providing the largest

coefficients, but together with medications and laboratory results showing rough agreement between Rcc and C17 study cohorts. Second,

we see a number of variables along the x and y-axes, corresponding to variables selected only in the Rcc and C17 cohorts, respectively.

Most of those not selected in Rcc are associated with missingness of data (green symbols), consistent with the matching on healthcare

utilization in Rcc. Less important predictors such as TBI, Arrhythmia, and alcohol addiction may have been selected only in the Rcc

cohort because of the greater statistical power, compared to C17. Finally, we see several variables, such as no recorded respiration rate

(RR_NA), homelessness, not using any medications (Med_NA), and reported non-zero pain (Pain.gt.0), which are measures of healthcare

utilization or data missingness, that are treated very differently between Rcc and C17 cohorts.

Further understanding of healthcare utilization biases can be found by comparing predictors of our sub-outcomes: specifically ASCVD

death (which is reported from NDI, independent of the EMRs) to AMI and stroke (which are obtained from the EMR). The association of

different classes of predictor variables to be associated with ASCVD death rather than Dx-encoded outcomes is strongest for missingness

of laboratory results and weakest for CVD-specific procedures, with other modalities of data intermediate in the spectrum, visible in

Supplementary Figure S6. Nevertheless, Figure S9 shows that even the likelihood of ASCVD death increases in proportion to greater
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levels of healthcare utilization. Our interpretation of this finding is that the level of healthcare utilization predicts MACE outcomes both

because of reporting biases and because patients with CVD have a greater level of healthcare utilization.

We chose to match on age (year of birth) and healthcare utilization (number of visits) because of the strongly confounded nature of

both variables. Consequently, we illustrate the dependence of various predictor variables, sub-outcomes, and risk ratios in Figures S8 and

S9. Figure S8 shows the incidence of stroke and AMI rising exponentially with age before leveling off near age 60. It also shows the

risk ratio of its main risk factors rising strongly with decreasing age, especially diabetes and hypertension. Figure S9 is slightly more

complex to interpret and shows the increasing instances of stroke and AMI (or heart attacks) with healthcare utilization - a similar slope as

antidepressant prescriptions or alcohol use disorder. It is also evident that the variety of ‘NA’ variables associated with labs and vital signs

can be used to characterize healthcare utilization patterns.

Comparing models through subgroup analysis
Further insight into the latent representation of the risk prediction problem by different models can be gained from calibration curves in

important subgroups of patients39, together with the associated normalized risk histograms of cases in these subgroups. Figure 5a shows

these curves for four of our best performing models to identify the logic with which different represent comorbidities (Figures 5a, 5b, 5c,

5d).

Two deficiencies with the AHA-PCE-like model in predicting 5-year MACE events are readily apparent in Figure 5a (left). First,

essentially no patients are given a logit risk score above zero, corresponding to an event probability of 50% (C17 cohort has 19% cases).

Second, the model underestimates the risk by a factor of two for those patients with CAD diagnosis and for those with values of HbA1C

of nine or above. These issues are partially addressed with the Rcc-trained GLM-LASSO model, which has a three unit increase in

C-statistic. Half of the patients with a MACE event and an HbA1C ≥ 9.0 or a CAD diagnosis have a risk score above zero. While the

calibration has improved, it still systematically underestimates risk at low scores and overestimates it for patients with a probability above

60%. This could be explained by the linear model not being able to accurately combine the multiple risk factors simultaneously present in

high-risk patients. EnsRcc and the C17-trained neural network model employ two distinct strategies to create non-linear models of MACE

risk; both improve on the other two models, with the C17 neural network somewhat better than EnsRcc. The CAD diagnosis, in particular,

shifts to a higher score for EnsRcc, while the C17 neural network model better identifies the risk associated with HbA1c ≥ 9.0.

Comparison of these four models in the demographic subgroups (male, female, Black, and Hispanic) in Figure 5b shows little

difference in treatment of these subgroups, beyond the general improvement in accuracy and calibration at higher risks that are evident in

the nonlinear models. The lower risk distribution for females is partially explained by the women being fifteen years younger than the

overall average (49.4 vs. 64.2 for the controls). Blacks and Hispanics have more amplitude in the risk histogram above a score of one than

do males. The logistic regression coefficients show a protective coefficient associated with both women (-0.47), Hispanics (-0.93) and

being younger (see Table S1), in the C17 cohort. Much greater differences are visible in Figure 5c, where the risk increases dramatically

with age from under fifty to the 60-70 group, with the over eighty group narrowing slightly compared to other groups. The nonlinear

models appear better able to identify a tail of patients at the high-risk end of the curve.

The largest differences among both models and subgroups are evident in the healthcare utilization subgroups, shown in Figure 5d. The

low (red), overall distribution (black), and high (cyan) usage curves are each quite broad and displaced by a full unit (risk ratio of 2.718)

between each group. Both measures of missingness (respiration rate not measured and no medications distributed) are strongly protective.

However, the two non-linear models are able to identify significant subgroups at higher risk in both of these categories.

Discussion

Strengths of VA data
Predictive models of MACE outcome in the VHA have more than one million cases, multiple types of healthcare information, and

extensive longitudinal data. We have shown that, with this rich data, models have sufficient statistical power to constrain 4 demographic

and 243 longitudinal variables with LASSO model selection41. However, the observational nature of the data creates problems with

confounding effects and selection biases that may be addressable with several strategies, including study design, careful variable definition,

and matching and weighting.

Model construction and ensemble transfer learning

Much of medical outcomes research pertains to three distinct problems: identifying biological drivers of disease, screening for conditions,

and comparing the effectiveness of proposed interventions. Each of these questions is associated with a type of study design. We concern

ourselves with the first two questions here, which has been associated with our retrospective (Rcc) and prospective (C17) study designs,

respectively30. We use the term "study design" to include outcome variable definition and decisions to use a combined outcome, exclusion

criteria, and how to incorporate longitudinal aspects.

Matching and weighting, especially in case-control studies, can be an effective way to increase statistical power and improve treatment

of confounding (such as level of healthcare utilization) and strongly interacting (such as age) variables, as described in other studies31, 32.

Our Rcc study, matched on year of birth and balanced on number of patient visits, is designed to identify biological drivers of disease,

while our nested prospective cohort (C17) is designed to screen patients and identify associations with new incident disease, as described

in Ernster et al.30. The similarity of the importance of metabolic syndrome-related variables in Figures 3 and S3 and in the left-most panel

of Figure 4 shows the equivalency of the two approaches31 to identifying risk coefficients: modeling and matching.

Most matching approaches are used in medical outcomes research to compare the effectiveness of mitigations or treatments, and so

individuals are matched on the propensity score for treatment in order to separate the effect of treatments (typically reducing risk) from
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(a)

(b)

(c)

(d)

Figure 5. Calibration curves (top) and normalized histograms of scores (bottom) for four different categories of subgroups based on

comorbidities, race and ethnicity, age, and healthcare usage (from top to bottom rows). Symbol sizes in calibration curves are scaled

to be proportional to the fraction of patients in each histogram with the indicated score. Models shown, from left to right, are results from

the AHA-PCE-like model, Rcc-trained logistic regression model, EnsRcc, and C17-trained neural network model. Indicated

C-statistics in (a) are computed on the C17 cohort after fine-tuning the Rcc-trained models on C17. Model probabilities, Pr, were

transformed to model scores with the logit function, log(pr/(1− pr)), before histograms were made (bottom panels of each row).
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the selection bias (typically prescribed to sicker patients). In our case, we are concerned with the problem of separating the confounding

effect that diagnoses-based outcomes are less frequent among people who visit the doctor less frequently.

Explicitly using ensemble transfer learning to relate Rcc cohort to C17 cohort provides additional insight into the prediction problem.

The observation that Rcc-trained models can be effectively transferred to predict on C17, while the reverse does not result in similarly

accurate predictions suggests the Rcc-trained models are, in this respect, more generalizable. But transfer learning (TL) serves multiple

purposes. By fine tuning on the C17 cohort with age, race, ethnicity, and sex, we ensure not just that the model is calibrated on these

variables, but ensure the overall algorithm is optimized as these groups change. Additionally, as new treatments or ICD coding systems

come into use with time, the ensemble transfer learning can increase the weight ascribed to more recent models, with appropriate

compensatory adjustments to the fine-tuned coefficients. This addresses part of the ‘hidden costs’ of AI/ML solutions.23

The broad range of predictive models providing similar discrimination and calibration suggests the use of ensemble modeling, that can

be combined with transfer learning to provide more robust predictions than individual models, and we have found that examination of how

the models change with methodology and study design can be informative, hopefully enabling improved generality and interpretability.

One aspect we did not investigate in this work is to separate assessments of treatment benefits from the selection bias of the sicker patients

being preferentially treated. This can be done with propensity scoring31, 32 or jointly modeling42 treatments and associated biomarkers,

and we expect the same strategies that improve outcome prediction can be useful in these models as well. Thus we arrive at a 2-stage

strategy, where we first train models on an Rcc cohort matched on age and healthcare utilization, then create the best ensemble of nonlinear

models to estimate treatment effect.

We note that the algorithm here is the core concept behind transfer learning (TL)37 and foundational models11. The success of our

ensemble transfer learning (EnsTL) approach is dependent on our separating biological drivers from those strongly dependent on age

interactions and healthcare utilization patterns. In our recent work predicting suicide43, we demonstrated that ensemble transfer learning

could be used to finetune a model from a common, combined, outcome to a rarer and more serious outcome (suicide). We see no reason

why this approach could not be used in other methodologies, such as comparative effectiveness analysis44–46, that require specialized

cohort construction.

Interpretation of variables

Choices of predictor variables and how to encode them can impact model performance and interpretability28, sometimes in complex

ways, as exemplified by the obesity paradox47. The VA EMRs allowed us to choose a wide range of variables, including demographics,

characterization of disease state, including comorbidities, treatments, and a variety of metrics characterizing healthcare utilization patterns.

We chose to divide variables into events, which are either present or absent in a particular time bin, and observations, such as weight

or laboratory results, which are carried forward from other time bins in the event of missingness. Furthermore, we chose to encode

everything except age as categorical variables, with presence/absence for events and a spanning, non-overlapping set of categories for

laboratory results and most vital signs with the ‘normal’ category used as the reference and ‘NA’ included as a separate category. These

encodings have three advantages. First, by having all 0/1 variables, the logistic regression coefficients can be compared without converting

units. Second, the results are more easily related to clinical guidance by binning labs and vital signs into clinically meaningful categories

(e.g., stage 1 vs. stage 2 hypertension). Finally, the model is less sensitive to outliers, and even logistic regression models will be able to

account for ’U-shaped’ risk curves without introducing spurious correlations.

A logical division of the variables emerged from this analysis, into biological drivers of CVD, markers of CVD progression,

comorbidities, and markers of healthcare utilization patterns and missingness of data. The biological drivers are broadly inclusive of

many of the common laboratory tests and well-known CVD risk factors. A detailed comparison with the literature is provided in the

Supplementary Discussion section. Additionally, we find a plausible division of predictors that are enriched in AMI vs. stroke (Fig. S6,

S7) and a strong age dependence of the relative risk of MACE for four markers of commonly associated risk factors (Fig. S8). Although

providing broadly similar results to the literature, our calculation is self-consistently treating the full breadth of biological drivers, nested

into well-defined cohorts of patients. This eliminates the need to weigh and understand distinct patient populations, exclusion criteria, and

EMR reporting processes in reconciling results.

Model characterization

Interpretability is a well-known difficulty with AI/ML techniques21. In principle, different prediction methodologies are best-suited

to distinct techniques, such as saliency maps48, SHAP49, 50 for neural networks, combinatorial predictors for RF like iterative random

forests51, and parameters characterizing the attention scheme for TabNet52. One can structure deep learning architectures to capture the

logic of longitudinal treatments, diagnostics, hospitalizations, and demographics in the hopes that the neural network captures each aspect

of the logic in a distinct network location.19.

We chose instead to characterize our models through comparison of linear coefficients, and calibration curves and risk histograms in

important subgroups. This process has enabled us to understand the distinct role of parallel predictors and the need to separate confounding

variables related to healthcare utilization patterns from those describing treatments, comorbidities, and disease states. For each of the

models selected for subgroup analysis, we see progressive improvements from AHA-PCE-like baseline model to a prospectively trained

fully connected neural network (NN).

Clinical implications

Much of clinically relevant screening and understanding of epidemiological risk factors derives from studies similar to the AHA-PCE

model5 that we used as a baseline, or the updated, PREVENT, study53, which was not available when we performed our analysis. Both
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the broad array of biologically relevant risk factors seen in Figure 3 and the five percentage point improvement in discrimination seen in

Figure 2 suggest large-scale analyses such as ours may offer considerable improvements. Our subgroup analysis has shown that a single

high dimensional model incorporating non-linearities and interactions among variables can predict accurately across race, ethnicity, and

gender, across important risk factors, and across age groups and groups defined by healthcare utilization patterns.

Unfortunately, we have traded one form of complexity for another. The AHA-PCEs were defined with a very specific study design

with strict inclusion/exclusion criteria, so that, for example, the decision to include new biomarkers validated on a different cohort of

patients, can be a difficult process5. In particular, we have observed much greater dependence of MACE likelihood on age and healthcare

utilization, which will vary from population to population, than on the biological drivers of disease or the subgroups defined by sex, race,

and ethnicity. While forcing every study to use a well-defined relationship to a broadly defined prospective screening cohort (PC)30 would

ease the difficulty of comparison across studies, thoroughly exploring large-scale, observational studies such as this may ultimately prove

more tractable. This is the reason we have provided extensive characterization of our cohort and model, with both univariate analyses in

subgroups, dependence of the coefficients on diverse study designs, and even providing the co-occurrence of important predictor variables

in both our Rcc and C17 cohorts. While tedious, it is at least possible to sort out how the diverse drivers of MACE outcomes interact with

one another.

From a clinical perspective, our results suggest that robust cardiovascular risk prediction should not rely on a single study design.

Matched nested retrospective case control (Rcc) are particularly effective for identifying stable biological drivers of disease, whereas

prospective screening cohorts (PCs) better capture the characteristics of patients encountered in routine clinical practice. By integrating

these complementary sources of information and modeling approaches, our ensemble transfer learning (EnsTL) framework provides

a practical pathway for developing prediction models that are both biologically informed and well calibrated for prospective patient

screening. Such models can be continuously and relatively easily updated as healthcare practices, coding systems, and patient populations

evolve without requiring complete redevelopment of the underlying predictive framework.

More broadly, this framework provides a general strategy for translating large-scale observational EMR data into clinically deployable

decision-support tools. Rather than constructing separate prediction models for every healthcare system or clinical application, robust

mechanistic models can be learned from large, carefully designed cohorts and efficiently adapted to new institutions, populations, or

outcomes through lightweight fine-tuning. Although demonstrated here for MACE prediction, the same principles are readily applicable to

other chronic diseases and longitudinal clinical prediction problems, providing a scalable pathway toward more reliable and generalizable

AI-enabled precision medicine. It will, of course, require a great deal of experience defining appropriate variables and processes for this to

create models for robust practice, but this path appears to us to be tractable.

Limitations

The primary limitation of this study is the missingness of information, due to the observational nature of EMR-based outcomes analysis.

In particular, we were unable to include Centers for Medicare and Medicaid Services (CMS) data in our analysis, leading to a decreased

knowledge of healthcare for veterans over 65 years of age. However, Deardorff et al. report minimal impact on mortality prediction when

adding CMS claims data to VHA EMRs54, which suggests that our results can serve as a firm baseline for predicting CVD.

Our cohort was composed of US Veterans who are adults, 90% male, and have a median age of 65 years, (see Supplementary Table

S1), and so the pathways towards MACE outcomes may not generalize to other populations. Our study has utilized only representative

ML predictive models, with a focus on simpler and more generally understood methods, to more clearly elucidate the interplay between

study design, ensemble modeling and transfer learning, and model performance. It appears likely that more elaborate base models could

further improve model prediction accuracy.

Conclusions

We demonstrated that the rich and longitudinal VHA EMRs contain sufficient information to develop accurate and interpretable prediction

models for major adverse cardiovascular events (MACE) while also providing meaningful insight into how epidemiological study design

influences the information learned by the machine learning (ML) models. Although nested retrospective case control (Rcc) and prospective

screening cohorts (PCs) identified largely consistent biological drivers of cardiovascular disease (CVD), they differed substantially in their

representation of healthcare utilization patterns and observational biases. A similar set of biological drivers, covering the full breadth of

metabolic syndrome variables was identified by either matching on age and health care utilization (in Rcc) or modeling the effects (in

C17), albeit with more detail in the Rcc study design. Non-linear models were observed to improve the treatment of age, missingness of

information, and combining chronic risk factors with markers of progression (such as a coronary artery disease and chest pains). These

complementary strengths can be effectively combined through ensemble transfer learning (EnsTL).

Our results show that models trained on carefully matched Rcc cohorts capture stable biological mechanisms that can be successfully

transferred to prospective screening populations through lightweight finetuning, producing well-calibrated predictions while preserving

clinically meaningful associations. This approach enables prediction models that are more robust to differences in cohort construction and

healthcare delivery than models developed from a single study design alone. These findings suggest that explicitly accounting for study

designs can improve the robustness, interpretability, and transferability/generalizabilituy of EMR-based prediction models and provide a

practical path towards developing reliable clinical prediction models from large observational healthcare databases.
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Methods

MACE outcomes and study designs

Our outcome (and its time) was defined as the first recorded instance (and that time) of any one of three types of MACE (Major Adverse

Cardiac Events): acute myocardial infarction (AMI), ischemic stroke, and atherosclerotic cardiovascular disease (ASCVD) death. We

used International Classification of Diseases (ICD)-9 and 10 codes for AMI and stroke from inpatient and outpatient records and hospital

service fees. For ASCVD death, we linked our patient data to the underlying cause of death in the NDI database. For AMI, both 410.x

(acute myocardial infarction) and 412.x (old myocardial infarction) were used for ICD-9 codes, while I21.x (acute myocardial infarction),

and I22.x, and I25.2 (old myocardial infractions) were used for ICD-10. For stroke, 433.[012389]1 (occlusion and stenosis of cerebral

arteries, with infarction, where square brackets indicate any of the enclosed digits can be matched) and 434.91 (occlusion of cerebral

arteries with unspecified infarction) were used for ICD-9 codes, while I63.x (cerebral infarction) were used for ICD-10. In addition to

the AMI and stroke conditions, the cause of death file was searched for any I25 (chronic ischemic heart disease), Z95.1 (presence of

aortocoronary bypass graft), and Z98.61 (presence of coronary angioplasty implant and graft) codes.

We define ‘time of prediction’ as the date when the prediction of a given outcome, which occurs later, is made. For all study designs

(see Figure 1), any record of the above-defined outcomes before the time of prediction resulted in excluding the patient as either a case or

a control. We analyzed four cohorts of patients, each with its own additional criteria. For the Rcc cohort, the ‘time of prediction’ was

required to be after July 1, 2007. For the LDL - decision support (LDL-DS) cohort, at least one cholesterol lab reported in the 3 yrs before

July 1, 2010, was required, and the time of prediction was one week after the first such result. Similarly, for the Visit - decision support

(Visit-DS) cohort, at least one outpatient visit was required in the 3 yrs before July 1, 2010, and the prediction time was one week after the

first such visit. Finally, for the C17 cohort, at least one inpatient or outpatient visit was required in the three months before the ‘time of

prediction’, January 1, 2017, for all patients in this cohort.

Additionally, for all designs: 1) we required a date of birth post January 1, 1901, and registration with the VHA by Jan 1, 2022,

when the data tables were created, and 2) we included a 4-6 week gap between the ‘time of prediction’ and the time of the first ‘allowed’

outcome, to minimize predictor variables from ‘leaking’ information from the very same visit defining the outcome. A very small number

(dozens) of patients were excluded based on failed self-consistency checks, such as recorded dates of death in the future, perhaps resulting

from inconsistent information when patients registered at multiple VHA Medical Centers.

Our Rcc design used as cases all first MACE events occurring between Aug 15th, 2007 and Jan 1st, 2022, and prediction was made

with data spanning 7.5 years before the event. Controls were selected by randomly choosing patients’ visits among non-cases during the

same time period as the matching outcome event and from the same date of birth cohort. This study design allows the greatest amount of

information (both chronic and acute) to be used, utilizes all available cases, removes age as a confounding variable, and balances overall

healthcare utilization between cases and controls, potentially providing more insight into the physiology and mechanism of disease. In

this study cohort, we have 1 million cases and 1 million controls (Figure 1). For matching in the Rcc cohort, two criteria were used.

First, controls were chosen from within one of 100 equally sized and time-ordered date-of-birth cohorts of roughly 230,000 patients each.

Second, to balance the average healthcare utilization of controls and cases, controls were chosen randomly among visits of patients who

were not excluded or cases. This approach increases the likelihood of a patient being chosen as a control in proportion to the number of

visits.

Our second study design, LDL-DS, was designed as a time-to-event model with an opportunity for at least 12.5 years of follow-up,

and the time of prediction was set to one week after LDL cholesterol labs were obtained. The LDL labs were required to be obtained

during the three years from July 1, 2007 to July 1, 2010. No matching of cases to controls occurred, so there were approximately 40% as

many cases but nearly twice the controls as in Rcc. Our third study design, Visit-DS, was similar to LDL-DS but required only a visit

rather than an LDL lab. Consequently, there were nearly twice as many cases and controls as in LDL-DS.

Finally, we created a calendar study design, C17, that predicted MACE events on January 1, 2017, for the five-year interval after

February 8, 2017, for patients with a visit during the three months before the time of prediction. This design has the lowest fraction of

cases (5.7%) but reflects a recent sampling of patients utilizing the VA system, and we analyzed it, together with Rcc, in the most detail.

To simplify the calculation and improve the machine learning model performance, we down-sampled the controls by a factor of four,

computed randomly within each date-of-birth cohort. This kept the enrichment of cases in our actual predictive model calculations within

a factor of two of each other (from 24% to 50%), which is helpful when comparing results between models.

Variable definitions

Our predictor variables include age, gender, race, ethnicity, and 243 time-dependent binary variables, which include categories of vital

signs, lab results, diagnosis, procedure codes, and pharmacy fill data for the study individuals. For age, gender, race, and ethnicity, many

patients were queried multiple times. In this case, the most frequent (mode) of the answers was retained. Gender was encoded as "male"

(reference) and "not male". Race was encoded as Black or African American or "not" (reference), and ethnicity was encoded as Hispanic

(reference) or "not".

Our time-dependent predictor variables came from several data domains, including demographics, ICD-9 and ICD-10 diagnosis codes,

medication generic names, procedure codes (CPT), vital signs, hospital resources utilized (stop codes), and laboratory results. The time

dependence was organized backward from the time of prediction in adjacent periods two each of 3 months, 6 months, 1 year, and 2 years,

for a total of 7.5 years of data, as illustrated in Figure 1. This balanced the need for parsimony against the desire for acute information

while retaining 7.5 years of data. We refer to these periods as the time windows of data collection.
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Medications, procedures, and diagnoses

The drugs and drug categories for antidepressants, stimulants, opioid-for-pain, estradiol, levothyroxine, ezetimibe, bile acid sequestrants

(BAS), aspirin, warfarin, and metformin were defined by searching the "DrugNameWithoutDose" field for a list of words or word stems,

and manually checking the output for relevance. The statins were mapped into low, medium, and high intensity based on the drug name

and dosage following Grundy et al.55. Cardiovascular drugs and diabetes drugs were identified by using the "VADrugClassification"

scheme, such as HS502 for oral hypoglycemic agents, HS501 for insulin, and most of the categories of CV drugs: CV050 for digitalis

glycosides, CV150 for alpha-blockers, CV200 for calcium channel blockers, etc. The VA drug classification scheme is available online

at56. We also created the category "Any Drug" for any of the products distributed by the pharmacy, including non-drug products such as

lancets. A spreadsheet with the most common medications comprising each group is provided in the Supplementary Information (SI).

Medications were recorded as present in each time window of data collection if one or more instances were recorded and absent if none of

the medications included for each variable was present.

Procedure codes were selected from among the most prevalent inpatient and outpatient CPT codes identified as pertinent to CVD,

grouped manually by inspection, and included EKG12 (9300, 9305, 93010, and 93225), rEKG (93040, 93041, and 93272), doppler

(93307, 93320, and 93325), dialysis (90935, 90937, 90999, 90989, 36145, and 36489), stress test (9301[5678] and 93350), artery scan

(93875, 93880, and 9392[2346]), veinous study (93965, and 9397[0610]), ESRD service (9092[15]), left heart catheter (93510), coronary

angiography (93539, 9354[035], and 9355[56]), pacemaker (9373[123]), cardiac rehabilitation (9379[78]), lung capacity test (93720),

blood pressure monitoring (93784 and 93790), stent (92980), and defibrilator (93741), where square brackets indicate any of the enclosed

digits can be matched. Procedure codes were recorded as present in each data collection time window if one or more instances were

recorded and absent if none of the codes included for each variable was noted.

Variables defined from ICD-9 and ICD-10 codes were adapted from a list provided by the VA Office of Mental Health and Suicide

Prevention, following from definitions used in Ref.57. Diagnosis codes were collected from inpatient, outpatient, and fee-for-service tables.

ICD-9 and ICD-10 codes were lumped together, with letters for ICD-9 codes (used before October 1, 2015) changed to lowercase and all

search terms required to match from the first character in the field. For example, using this process, the variable alcdx_poss characterizes

alcohol use disorder and matches any ICD-9 codes starting with 291, 303, and 305.0 and ICD-10 codes starting with F10. Variables

sometimes overlap in the codes they use and were included with the idea that Lasso model selection would identify the best overall for the

MACE prediction problem. An important aspect is that variable definitions should ideally be consistent over time, including the ICD-9

to ICD-10 changeover in 2015, and also through the yearly revisions of the coding manuals. To this end, we plotted histograms (see

the SI) of Dx-based variables together with the number of occurrences of the most prevalent component variables for a 3% sampling of

representative aged patients. This allowed verification that there was consistent reporting during the study interval, and we attempted to

harmonize the definitions as much as possible. Still, a certain degree of confounding is likely to occur. Diagnosis-based variables were

recorded as present in each data collection time window if one or more instances were recorded and absent if none of the codes included

for each variable was noted.

Vital signs and laboratory data

Vital signs were taken from both inpatient and outpatient visits and included systolic and diastolic blood pressure, weight, pulse, respiration

rate, oxygen saturation, and self-reported pain (scale from 1 to 10). Laboratory results were collected from the "LabChemTestResultNu-

meric" field. For each of these variables, the median reported value was computed for each patient during each of the eight time windows

of data collection. For all vital signs except pain and all laboratory results, values were imputed for time windows without recorded values

by first carrying values forward in time to replace NAs, then backward in time to replace any remaining NAs. The reasoning is that

recorded values are observations of a continuous process; as such, the most recent observation should be used in the case of missing

information. By contrast, reported pain, diagnoses, procedures, and medications are considered events, and the presumption is that when

they are not noted, it is because they did not occur. Weight was transformed into BMI using the median height for each patient, computed

from all recorded measurements of height for each patient, and any values below 10 or above 100 were discarded.

Laboratory results and vital signs were categorized according to standard clinical nomenclature and referenced to the ’normal’ category.

Note that lack of measurement is included as an ’NA’ category, which is potentially informative. Specifically, BMI (kg/m2) was classified

as (i) underweight if < 18.5, (ii) overweight if > 25 and < 30, and (iii) obese if > 30, with the reference state, ’normal’, being between

18.5 and 25. Similarly, for systolic blood pressure (mmHg), (i) hypotension is < 90, (ii) elevated blood pressure is between 130 and 140,

(iii) hypertension 1 is between 130 and 140, and (iv) hypertension 2 is greater than 140; with the reference state, ’normal’, between 90 and

130. A similar process was used for the other vital signs. Pulse pressure was computed by subtracting the reported median diastolic from

the reported median systolic for a given time period. Because of the way results were carried forward and backward across time bins,

patients in the NA category will have NA recorded for all eight time windows of data collection.

Laboratory results in the VA medical records are assigned a unique identifier ("LabChemTestSID"), along with a location ("sta3n")

and sample type ("topology") codes. On the basis of these fields, we have established lists of identifiers associated with 100 of the most

common laboratory result types, and we selected a subset of these labs for use as MACE predictor variables. Laboratory results were

processed in a similar manner to vital signs, except that all labs had an NA category included, so a patient not identified as NA, high, or

low is a patient whose median result for that time window is within the normal range for that lab result. Second, histograms of median

results across patients were inspected for each laboratory result type, and cutoff values were identified as likely separating values using

other than those expected; values outside the ’reasonable’ range were assigned to the NA category, as with missing results. For the case of

creatinine, values >10 were divided by 88.2, to convert from µmol/L to g/dL before out-of-range values were identified, and the standard

gender-dependent and race-dependent formula was used to convert to eGFR. If both eGFR and creatinine were reported in a given time
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interval, the eGFR value was used. For hemoglobin levels and red blood cell counts, distinct mappings between values and categories

were used for men and women, with 11-12 g/dL assigned ’low’ for men, 10-11 g/dL assigned ’low’ for women for hemoglobin level, and

’normal’ range for RBC was between 4.5 and 5.5 for men and 3.8 and 4.8 for women. For differential WBC, no attempt was made to

process absolute measures of WBC categories; if values were not in the range expected for percentage, they were assigned to the NA

category.

Baseline AHA-PCE-like Model

We recreated the American Heart Association - Pooled Cohort Equations (AHA-PCE)5 prediction model by matching each of the predictor

variables in that model, as best as possible, with the variables in our data set containing the 247 predictor variables. Demographic

information was taken as is from our data. Information on the cholesterol level was extracted from the HDL cholesterol, LDL cholesterol,

and total cholesterol variables and encoded as present if it was present in any of the eight time bins for the three variables. For smoking,

the Nicdx variable, which includes the diagnosis codes for nicotine use (ICD9 305.1, and ICD10 F12.2 and Z72.0) was used. Blood

pressure information was extracted from the hypotension, elevated blood pressure, hypertension_1, and hypertension_2 variables. To

encode whether or not a patient is prescribed blood pressure medications, a combination of ace-inhibitors, angiotensin receptor blockers,

anti-anginal, alpha-blockers, beta-blockers, calcium channel blockers, loop diuretics, thiazide diuretics, and potassium-sparing diuretics

variables was used and encoded as a yes if the patient was on any of these medications in any of the eight time bins. To encode whether a

patient had diabetes, a combination of diagnosis of diabetes, labs with fasting glucose greater than 126 mg/dl or casual glucose >200

mg/dl or hemoglobin A1C (HbA1C) greater than 7%, and prescription of insulin or other diabetes drugs such as sensitizers, metformin, or

thiazolidinediones was used.

Prediction methodologies

Six different modeling algorithms were used to predict the occurrence of a MACE event over the time window of prediction, given the 7.5

years of medical history of the patients before the time of prediction. The algorithms used are i) a American Heart Association - Pooled

Cohort Equations (AHA-PCE)5 like equation as a baseline, ii) logistic regression with LASSO model selection (GLM-LASSO)24, 41, 58,

iii) random forest (RF)59, iv) fully connected neural network (NN)60–62 with 3 hidden layers, v) a transformer based neural network

(TabNet)52, and vi) a Cox model63.

For all methods except Cox, the problem was formulated as a binary outcome after the prediction baseline date. The logistic regression

model was tuned with the Lasso penalty to enable model selection of the predictor variables. For random forest, we used 500 trees,

the square root of the number of input features for the number of features to consider for the best split, and require a minimum of 100

samples at a leaf node. The fully connected neural networks had 3 hidden layers with 1024, 512, and 256 neurons respectively and ReLu

non-linearity64. For TabNet, the Pytorch implementation was used65 with default settings for the hyperparameters, including 8 for the

width of the decision prediction layer, 8 for the width of attention embedding, 3 for number of steps in the architecture, and 1.3 for gamma,

which is the coefficient for feature reusage in the masks.

For Cox models, the study was formulated as a time-to-event problem. The LDL-DS and Visit-DS cohorts were analyzed with a Cox

regression time-to-event approach. To facilitate comparison with the predictions of the other algorithms, after fitting the Cox models, they

were evaluated as interval predictions at the indicated times-to-event. The LDL-DS and Visit-DS cohorts were also analyzed with an

AHA-PCE-like model by formulating them as an interval prediction problem.

We calculated C-statistics (or area under the receiver operating characteristic - ROC - curve) to compare the different models and

study cohorts. As part of this comparison, we evaluated the c-statistic both with the trained model used directly on each study cohort and

with a version of the trained model finetuned by computing a GLM-LASSO model on a subset of variables, including the model score

described, together with Gender, Race, Ethnicity, Age, Age2, and variables representative of healthcare utilization (Pain > 0, AnyDrug,

no measured respiration rate, and no glucose measurement).

For all study designs and methodologies, we use half of the cases and controls to train the model and the other half to evaluate it.
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Glossary

AHA-PCE American Heart Association - Pooled Cohort Equations

AI artificial intelligence

AMI acute myocardial infarction

ASCVD atherosclerotic cardiovascular disease

BMI body mass index

C17 calendar 2017

CAD coronary artery disease

CMS Centers for Medicare and Medicaid Services

CPT Current Procedural Terminology

CVD cardiovascular disease

DOE United States Department of Energy

EMR electronic medical record

EnsTL ensemble transfer learning

GLM-LASSO logistic regression with LASSO model selection

HbA1C hemoglobin A1C

ICD International Classification of Diseases

IRB Institutional Review Board

LDL low-density lipoprotein

LDL-DS LDL - decision support

MACE major adverse cardiovascular events

ML machine learning

MS metabolic syndrome

MVP Million Veteran Program

NDI National Death Index

NN fully connected neural network

OMHSP Office of Mental Health and Suicide Prevention

ORD Office of Research and Development

PC prospective screening cohort

Rcc nested retrospective case control

RF random forest

SI Supplementary Information

SME subject matter expert

TBI traumatic brain injury

TL transfer learning

VA US Department of Veterans Affairs

VHA US Department of Veterans Healthcare Administration

Visit-DS Visit - decision support
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