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BACKGROUND: Cardiovascular disease (CVD) is a leading cause of death in cancer survivors. Predicting CVD risk in this 
population remains challenging. Risk prediction models that use machine learning algorithms could provide an objective 
method for accurate risk prediction to facilitate the prevention and management of CVD in cancer survivors. We evaluated 
previously tested machine learning algorithms and logistic regression (regularized by machine learning methods), in addition 
to testing and validating newer, more complex machine learning algorithms, for CVD prediction in cancer survivors.

METHODS: This multicenter study used a database of 3835 multiracial cancer survivors with 89 clinical, laboratory, and echocar-
diographic features over 20 years. Models were trained using repeated random and time-split samples and tested on a sepa-
rate cohort of 329 patients. Model performance was assessed using the area under the receiver operating characteristic curve.

RESULTS: Regularized logistic regression achieved an area under the receiver operating characteristic curve of 0.845 (heart 
failure), 0.783 (atrial fibrillation), 0.792 (coronary artery disease), and 0.806 (composite CVD). These are comparable to 0.837 
and 0.848 for heart failure, using Bayesian additive regression tree and random forest as more advanced machine learning 
models, respectively. De novo composite CVD (post-cancer diagnosis) was also predicted with an area under the receiver 
operating characteristic curve of 0.826 using regularized logistic regression, compared with 0.735 and 0.802 using decision 
tree and random forest, respectively.

CONCLUSIONS: Regularized logistic regression and advanced machine learning models demonstrated similar predictive 
performance, with institutional transferability. These tools may support risk stratification and prevention strategies in cardio-
oncology using longitudinal data.

REGISTRATION: URL: https://​www.​clini​caltr​ials.​gov; Unique identifier: NCT05377320.
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More than 18 million individuals in the United 
States are cancer survivors,1,2 and this is ex-
pected to increase to >22 million by 2030.3 

Cardiologists are tasked with determining which can-
cer survivors may be at greatest risk for cardiovas-
cular disease (CVD), and initiating cardioprotective 
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medications and imaging surveillance.4–9 Using cur-
rent assessments, our ability to predict which patients 
are at greatest risk is limited. In recent years, several 
cardio-oncology consensus recommendations have 
become available for managing cardiovascular risk for 
cancer survivors.10–13 Yet, we remain challenged with 
how best to predict those patients at highest risk for 
developing CVD and in greatest need of aggressive 
prevention and monitoring according to guidelines.

The development and use of machine learning ar-
tificial intelligence algorithms could help improve the 
prediction ability of data modeling and associated clin-
ical management. The field of artificial intelligence may 
be considered as using computer models to perform 
tasks that would typically require human intelligence. 
Machine learning algorithms are a type of artificial in-
telligence algorithms and are used to construct meth-
ods that learn from training data to make predictions/
decisions without being explicitly programmed to do 
so. These computer models can take in vast amounts 
of labeled training data, process the data to identify 

trends and correlations, and then predict future events 
based on these insights especially over time. Over the 
past few years, machine learning has become increas-
ingly prevalent in cardiovascular research, including 
use in preliminary studies for the prediction of drug-
induced cardiovascular complications.14,15 At the same 
time, the predictive ability of machine learning algo-
rithms can be compared with more traditional methods 
such as logistic regression, even when regularization 
(considered a machine learning method) is applied to 
logistic regression typically considered to be a sta-
tistical modeling technique. Logistic regression, even 
when not regularized, is a powerful tool that remains 
popular, due to simplicity, interpretability, and efficacy 
in predicting outcomes.16 Comparing machine learning 
algorithms to more traditional logistic regression has 
usefulness, given that a recent study demonstrated 
machine learning algorithms outperformed logistic 
regression in predicting CVD in that population.17 The 
literature remains inconclusive on the efficacy of ma-
chine learning algorithms compared with logistic re-
gression, because other studies vary in their results.18,19 
Investigating and comparing the performance of these 
methods is therefore pertinent.

The accumulation of longitudinal clinical data for on-
cology patients offers an exciting opportunity for de-
veloping predictive models for clinical practice using 
machine learning compared with logistic regression. 
Due to interindividual differences in response to car-
dioprotective or preventive measures, machine learn-
ing algorithms may enhance CVD risk prediction that 
is truly personalized to facilitate the prevention of 
cancer-related cardiovascular toxicity for cancer sur-
vivors. Such artificial intelligence algorithms present a 
novel opportunity to revolutionize identification of can-
cer survivors at greatest CVD risk, with subsequent 
implementation of aggressive CVD preventive efforts. 
Artificial intelligence, therefore, has the potential to at-
tenuate the CVD deaths that occur in 11% of cancer 
survivors.20

Recently developed/validated machine learning al-
gorithms were used to predict CVD in cancer survi-
vors in a robust database from a single institution.21 
The machine learning algorithms were used to predict 
heart failure, atrial fibrillation, coronary artery disease, 
myocardial infarction, and stroke in cancer survivors. 
However, the algorithms have not been validated on 
patient data externally to the institution where the al-
gorithms were trained. A recent study indicated that 
models trained on national data may be more trans-
ferable than models trained on local data alone.22 It 
is therefore unknown whether the existing machine 
learning algorithms trained locally to predict CVD in 
cancer survivors are applicable and transferable to ex-
ternal sites. Additionally, the current conflicting litera-
ture on the predictive performance of machine learning 

CLINICAL PERSPECTIVE

What Is New?
•	 In a large database with 20 years of longitudi-

nal data, regularized logistic regression and ad-
vanced machine learning algorithms developed 
at a tertiary institution accurately predicted car-
diovascular disease in cancer survivors.

•	 These models maintained predictive perfor-
mance when externally validated at an independ-
ent tertiary institution, confirming transferability 
across health systems.

What Are the Clinical Implications?
•	 These predictive models could be used to iden-

tify cancer survivors at elevated cardiovascular 
risk and facilitate timely prevention strategies.

•	 With demonstrated cross-institutional applicabil-
ity, such tools may support broader implementa-
tion of precision prevention in cardio-oncology.

Nonstandard Abbreviations and Acronyms

BART	 Bayesian additive regression tree
CatBoost	 categorical boosting
F&MCW	 Froedtert and the Medical College 

of Wisconsin
LightGBM	 light gradient boosting machine
SHAP	 Shapley additive explanations
XGBoost	 extreme gradient boosting
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models compared with logistic regression remains a 
point of interest.

In this study, we further investigated whether su-
pervised machine learning models could accurately 
predict the risk of developing CVD in cancer survivors, 
with external applicability and transferability. We used 
machine learning models to predict 3 different types 
of cardiovascular outcomes, including heart failure, 
atrial fibrillation, and coronary artery disease. We used 
patient data to externally train and validate machine 
learning algorithms (at a new and different institution) 
that had been created and previously trained and vali-
dated internally at another single institution for predict-
ing and facilitating the prevention of CVD in individuals 
with a history of cancer. The new data (from the new 
institution) were tested on the models that were ini-
tially developed, trained, and validated at the previous 
single-center institution. Furthermore, to develop the 
robustness of our study, we also implemented newer, 
advanced machine learning algorithms to determine 
added predictive benefit, and compared the perfor-
mance of all of the machine learning models with reg-
ularized logistic regression.

METHODS
Study Design and Study Population
Informed consent was waived for this retrospective study 
approved by the Froedtert and the Medical College of 
Wisconsin (F&MCW) institutional review board. Upon 
reasonable request from the corresponding author 
and approval by the institutional review board, all dei-
dentified data used in this study may be made avail-
able. Data gathering, management, and analysis in this 
retrospective review were conducted at F&MCW and 
Cleveland Clinic, in collaboration with the Milwaukee 
School of Engineering and the University of Wisconsin–
Milwaukee. Our multicenter, multidisciplinary research 
team of collaborators has prior group publications21,23,24 
and includes specialists in artificial intelligence, cardio-
oncology, preventive cardiology, clinical decision aids, 
shared decision-making, integration of personalized 
care tools in the electronic health record, and innova-
tion in racial and ethnic minorities. The F&MCW clinical 
research data warehouse, which houses clinical and 
demographic information for >1.2 million patients from 
the Froedtert Health System spanning >20 years (from 
the early 2000s to the present) and several sites and 
clinical models across the health system, was queried 
to identify all cancer survivors aged ≥18 years who have 
had measurement of their left ventricular ejection frac-
tion within 3 years before cancer diagnosis (Figure 1). 
The clinical research data warehouse can be queried 
for specific criteria including, but not limited to, pa-
tient demographics, laboratory test results, medication 

orders, tumor registry, and clinical encounter character-
istics. Thus, the clinical research data warehouse was 
used as a resource to capture patient data from ≈4000 
individuals meeting these requirements. Additional data 
were also obtained directly from the electronic health 
records to obtain echocardiogram reports dating back 
to the mid-1990s. Baseline epidemiological findings 
from this cohort of ≈4000 patients were previously de-
scribed and provided results from a variety of param-
eters, some of which are summarized in Table 1.23

Deidentified clinical, laboratory, and echocardio-
graphic data (Table 1; 104 features when expanded in 
detail and with various forms of interrogation) for 4221 
patients who underwent quality control and were cu-
rated to match the format required for the machine 
learning algorithms previously described.21 The ma-
chine learning algorithms were developed to aid in as-
sessing the risk of CVD, and the source code is available 
at https://​github.​com/​Cheng​F-​Lab/​CO-​ML. The algo-
rithms were built on the evolution of 20-year data and 
validated on recent 5- to 10-year data for cancer survi-
vors in a robust multiracial tertiary institution database 
at Cleveland Clinic.21 Minor modifications were made 
to the machine learning algorithms with the purpose of 
optimizing its alignment with the F&MCW patient popu-
lation and facilitate data input based on the distribution 
of structured versus unstructured data from F&MCW, 
a population external to Cleveland Clinic where the 
models were initially validated. The adaptation of the 
artificial intelligence algorithms to our F&MCW data 
was unrelated to modeling cardiovascular risk and fo-
cused on the best way to incorporate the format of 
the new external population data. Adjustments to the 
model were therefore minimal and only what was nec-
essary to incorporate the F&MCW data. The clinical, 
laboratory, and echocardiographic data were then 
incorporated into the machine learning algorithms as 
input. Information about the development of any CVD, 
including heart failure, atrial fibrillation, and coronary 
artery disease, was included as outcomes, regardless 
of the timing of cancer diagnosis.

We subsequently repeated validation of the algo-
rithms, on a new set of 329 patients from F&MCW, who 
were not included in the training or test set. Outcomes 
examined were the same: CVD, heart failure, atrial 
fibrillation, and coronary artery disease. In addition, for 
the entire data set we examined de novo CVD, which 
we define as having developed at least 1 form of CVD 
(in particular heart failure, atrial fibrillation, or coronary 
artery disease) after the first cancer diagnosis.

Inclusion Criteria
Inclusion criteria were the following: individuals with a 
history of cancer, ages 18 years or older, measurement 
of their left ventricular ejection fraction within 3 years 

https://github.com/ChengF-Lab/CO-ML
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before cancer diagnosis, and from the mid-1990s to 
2020 (at the time of initial data querying for this study).

Preparation of Cardiovascular Outcomes 
Data
CVD outcomes, including heart failure, atrial fibrillation, 
and coronary artery disease, were extracted using 
International Classification of Diseases, Ninth and 
Tenth Revision (ICD-9, ICD-10) diagnosis codes and 
spot-checked with manual verification. This study in-
cluded both inpatient and outpatient codes. According 
to the date of diagnosis of these 5 cardiac events, we 

classified those diagnosed before cancer therapy as 
preexisting cardiac events and those diagnosed after 
as de novo CVD. All variables were collected for each 
patient using all available data. Each patient had 2 
distinct sets of clinical variables: laboratory and echo-
cardiographic. The results of laboratory tests included 
estimates of glomerular filtration rate, glycated hemo-
globin, glucose, calcium, and total protein, among oth-
ers. Left ventricular ejection fraction, left ventricular end 
systolic volume index, and left ventricular end diastolic 
volume index were all measured using echocardiog-
raphy. Due to the longitudinal nature of the available 
echocardiographic data, we extracted several features 
for each echocardiographic variable: the maximum 
value obtained for a variable from among all measure-
ments obtained over the entire longitudinal follow-up 
period (all follow-up, ≈20 years); the minimum of all fol-
low-up; the slope of all follow-up, defined as the coef-
ficient from a simple linear regression line fitted to that 
patient’s repeated measurements over time; the maxi-
mum increase within 3 months; and the maximum de-
crease within 3 months. Finally, clinical variables were 
used as features in the development of machine learn-
ing models for cardiovascular outcomes (see complete 
clinical variable names in Table S1). 

Regularized Logistic Regression for Risk 
Prediction
In our work, the regularized logistic regression model 
was used. Logistic regression as a statistical method 
estimates the probability of a given observation belong-
ing to a particular category by modeling the log-odds 
of the outcome as a linear combination of predictor 

Figure 1.  Study population flowchart.
The study population was extracted from a data warehouse of >1.2 million patients in the F&MCW. A database was ascertained 
(N=4221), based on abstracting all male and female adult patients with a history of cancer and with EF results available within 3 years 
before cancer diagnosis. After excluding records with substantial missing data, a training, testing, and validation analysis cohort of 
3835 patients was determined. An additional 329 patients were also derived as an additional validation set. Of note, 78% of the cohort 
was non-Hispanic White, 18% non-Hispanic Black, 2% Hispanic, and 2% other/unknown. CRDW indicates clinical research data 
warehouse; EF, ejection fraction; and F&MCW, Froedtert and Medical College of Wisconsin.

Table 1.  Characteristics of the Final Study Population 
Cumulative Over 20 Years (N=3835)

Characteristic Value

No. 3835

Age, y, median [interquartile range] 70 [61–79]

Sex, n (%)

Women 1734 (45.2)

Men 2101 (54.8)

LDL (mg/dL), mean±SD 92.4±31.4

HDL (mg/dL), mean±SD 49.7±15.8

Minimum left ventricle ejection fraction, mean±SD 51.7±12.4

Diabetes, n (%) 997 (26.0)

Hypertension, n (%) 3091 (80.6)

Cardiovascular disease, n (%) 2521 (65.7)

Heart failure, n (%) 1831 (47.7)

Atrial fibrillation, n (%) 939 (24.5)

Coronary artery disease, n (%) 1530 (39.9)

HDL indicates high-density lipoprotein; and LDL, low-density lipoprotein.
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variables.25 When working with a large number of po-
tentially correlated predictors, regularization can help 
reduce overfitting and improve model applicability and 
transferability. Although standard logistic regression 
does not include a mechanism for penalizing model 
complexity, regularized variants introduce a penalty 
during training that shrinks coefficient magnitudes.26

In our model, we used ridge (L2 penalty) regulariza-
tion, which penalizes the sum of the squared regres-
sion coefficients. This technique is particularly useful 
when many predictors may contribute to an outcome 
and where retaining all variables is desired. Unlike lasso 
(L1) regularization, which can shrink some coefficients 
to 0 and thereby perform variable selection, ridge re-
gression retains all predictors in the model by shrink-
ing their coefficients toward 0.27 In logistic regression, 
these coefficients are interpreted as log-odds ratios, 
reflecting the change in the log-odds of the outcome 
per unit increase in the predictor, holding other vari-
ables constant.25 We preferred ridge over lasso to 
allow all clinical features to contribute to risk prediction 
while mitigating overfitting due to multicollinearity.

Advanced Machine Learning Algorithms 
for Risk Prediction
Various machine learning algorithms were studied in 
this work, including the decision tree classifier method. 
This method was chosen due to intrinsic interpret-
ability. A decision tree can explicitly highlight variables 
and their cutoff values that are used in splitting. The 
decision tree algorithm makes predictions by splitting 
the data based on feature values that build a tree-like 
model of decisions from the training data. Each tree 
node represents a question on the features to deter-
mine which path the sample should follow to ultimately 
reach the end of the tree (an outcome). Ultimately, the 
model predicts the target variable by traversing from 
root to leaf, making decisions at each tree node based 
on feature values. Consequently, the decision tree 
model was used, recognizing that the advantage of in-
terpretability of the decision tree model is often traded 
with the disadvantage of a lack of transferability.

Regularized logistic regression models the log-odds 
of the outcome as a linear combination of predictor 
variables, assuming additivity on the logistic scale.28 
Although logistic regression can accommodate non-
linear relationships and interactions when appropriate 
terms (such as splines, polynomial expansions, or in-
teraction terms) are explicitly modeled,25 our imple-
mentation used only the original variables without such 
transformations. This modeling choice was made to 
preserve interpretability and reduce the risk of over-
fitting in high-dimensional feature space but may have 

Table 2.  Machine Learning (Artificial Intelligence) 
Algorithm Variables

Variable

Laboratory test (including demographics)

Sex

Race

Tobacco use

Diabetes

Hyperlipidemia

Orthopnea

Shortness of breath

Age

Estimated glomerular filtration rate

Hematocrit

Mean corpuscular volume

Blood glucose

Total protein

Potassium

Carbon dioxide

Platelet

Alanine aminotransferase

Albumin

Bilirubin

Alcohol use

Peripheral edema

Fatigue

Red blood cell

Mean corpuscular hemoglobin

Sodium

White blood cell

Aspartate aminotransferase

Family history

Hypertension

Chest pain

Body mass index

Mean corpuscular hemoglobin concentration

Calcium

Chloride

Creatinine

Alkaline phosphatase

Echocardiographic

Heart rate

Systolic blood pressure

End-diastolic volume

Left ventricular end-diastolic volume index

Diastolic blood pressure

Left ventricular end-systolic volume index

Left ventricular ejection fraction

Used with permission.20
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limited the model’s capacity to capture complex as-
sociations in the data. In contrast, nonlinear machine 
learning models, such as random forest and Bayesian 
additive regression tree (BART) are capable of auto-
matically modeling such relationships without the need 
for manual specification of nonlinear terms.29

To improve transferability, a random forest machine 
learning algorithm was also used. The random forest 
model is an ensemble method that combines many 
decorrelated decision trees into 1 model.30 The inte-
gration of multiple decision trees improves the trans-
ferability of the predictive results. Of note, although 
regularized logistic regression is a linear model (be-
cause the algorithm assumes a linear relationship be-
tween the features and the outcome), conversely, the 
random forest model is nonlinear. Nonlinear models 
possess the potential capacity to capture complex 
relationships between features and the target vari-
able that may not be linear. However, use of nonlin-
ear models, such as random forest, tends to decrease 
interpretability. This necessitates additional methods 
of interpretation. We have therefore used Shapley ad-
ditive explanations (SHAP) bar plots and beeswarm 
plots to aid in visualization of the most influential vari-
ables for predictions using the random forest algorithm 
(Figure S1).

To further develop the robustness of our investi-
gation of the predictive capacity of machine learning 
algorithms, we used 4 additional advanced machine 
learning models for our analysis. These algorithms in-
clude BART and 3 gradient boosting models, extreme 
gradient boosting (XGBoost), light gradient boost-
ing machine (LightGBM), and categorical boosting 
(CatBoost). The BART model is an ensemble machine 
learning method that combines multiple decision trees 
and analyzes these sequentially (boosting) and inde-
pendently (bagging) in the tree growing process. This 
model is distinct from the random forest algorithm, 
which only uses bagging techniques. In addition, the 
BART model is specifically framed within a Bayesian 
framework, which provides not only a single averaged 
prediction (as done in random forest), but rather a dis-
tribution of predictions that reflects the uncertainty 
of the model parameters. This enables the model to 
better handle variability and uncertainty. The gradient 
boosting machine learning models focus on enhancing 
the predictive performance of models by sequentially 
combining decision trees.31 Gradient boosting begins 
by comparing the predictions of a single decision tree 
to the actual values, computing the residual errors. A 
new model is then trained to predict these residual er-
rors. This model is added to the ensemble to adjust 
the previous predictions. This cycle repeats until no 
further improvement results. The final boosted value 
results from sequential error correction in the deci-
sion trees. XGBoost, LightGBM, and CatBoost are 3 

efficient implementations of these gradient boosting 
algorithms.

Model Workflow
Figure  S2 shows the workflow for the analysis of 
all outcomes. To test for future applicability and 
transferability, the data were first time-split using a 
cancer diagnosis date cutoff of January 1, 2020, 
producing a 9:1 ratio of training data to test data. To 
find the optimal hyperparameters, the subset of training 
data was again randomly split using a 9:1 ratio for 20 
iterations. The models were trained and validated using 
each combination of the hyperparameters in Tables S2 
and S3 through a grid search. The hyperparameter grid 
search for logistic regression included a coefficient for 
regularization to control for overfitting. The area under 
the receiver operating curve (AUROC) was used to 
evaluate the prediction performance of a classification 
model. The set of hyperparameters producing the 
largest AUROC, averaged across the 20 iterations on 
each validation set, was chosen for the final models. 
We then combined all data from before our date cutoff 
(January 1, 2020) into 1 large training set to train using 
the determined hyperparameters. We tested those 
models on the time-split test set (data on or after 
January 1, 2020). Additionally, we used the additional 
329 patient validation set as a second test to evaluate 
transferability of our models.

For the de novo CVD analysis, the data were not 
time-split, due to lower numbers of outcomes in recent 
years. Instead, the data were split into training (81%), 
validation (9%), and test (10%) sets for 20 iterations. 
In each iteration, a grid search was performed using 
each combination of hyperparameters to train the 
models on the training set and test on the validation 
set (Table S2). The set of hyperparameters producing 
the greatest AUROC on the validation set was then 
used when training the models on the combined train-
ing and validation sets. Finally, the models were tested 
on the test set, with performance measured using 
AUROC (Figure S3).

Clinically Relevant Variables
To determine statistically robust clinical predictors 
for de novo CVD, we used previously defined criteria 
to assess the coefficients of the logistic regression 
model.21 To replicate the methodology of this prior 
study, the logistic regression models were fitted for an 
additional 80 iterations for 100 iterations total to assess 
coefficient stability.32 We identified statistically consist-
ent clinical variables using 2 criteria: (1) the absolute 
coefficient of variation (the ratio of SD and mean) for 
the logistic regression coefficient was low, ensuring 
that the coefficient fluctuated little over the 100 rep-
etitions; (2) the absolute associated coefficient was 
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high in comparison with the extremum coefficient for 
that outcome (relative coefficient). According to these 
criteria, the magnitude of the coefficient of variation 
for a feature must be <0.5 and the relative coefficient 
must be >0.3 to identify the statistically consistent pre-
dictors.21 Although these variables were statistically 
stable, we note that this does not imply clinical modifi-
ability, causal relevance, or direct clinical usefulness.

The random forest algorithm is not intrinsically inter-
pretable. To understand the variables influential in this 
algorithm’s predictions, we used SHAP plots to high-
light the top 5 most impactful features on the model 
outcome. SHAP has been used in a variety of studies 
to add interpretability to black box machine learning al-
gorithms.33–36 The SHAP value is derived from cooper-
ative game theory to calculate each feature’s average 
marginal contribution toward the model’s prediction. 
For every patient, combinations (coalition) of features 
are generated. The difference between a combination 
of features that includes a particular feature and com-
bination that excludes particular features produces a 
marginal contribution of that feature toward the mod-
el’s prediction. This marginal contribution is averaged 
over all coalition of features, per feature, to understand 
which features were most impactful on the model’s 
prediction.

Statistical Analysis
We excluded patients who were missing data in >60% 
of features and excluded features with >80% miss-
ing values. Missing values were imputed using most 
frequent imputation, because this method produced 
the strongest model performance during the valida-
tion process, and continuous variables were standard-
ized using Z scores. To test for future applicability and 
transferability, the data were time-split using a cancer 
diagnosis date cutoff of January 1, 2020, producing a 
9:1 ratio of training data to test data. To evaluate the 
performance of machine learning models, we used the 
AUROC, computed using the metrics.roc_auc_score 
and metrics.average_precision_score functions from 
the scikit-learn Python package.

To assess whether differences in model discrimi-
nation were statistically significant, we conducted 
pairwise comparisons of AUROC using the DeLong 
test.37,38 This nonparametric method uses a 2-sample 
hypothesis test to compare receiver operating char-
acteristic curves generated from predictions on the 
same data set. Comparisons were performed among 
regularized logistic regression and each advanced ma-
chine learning model (BART, random forest, CatBoost, 
XGBoost, and LightGBM) for each of the 4 clinical out-
comes: composite CVD, heart failure, atrial fibrillation, 
and coronary artery disease. These statistical analyses 
were conducted in R.

Software Packages and Codes
The initial model performance evaluations (Tables 3 and 
4) were performed using Python 3.9.12. Classification 
models were done using the package scikit-learn 
1.0.2. SHAP plots were created using the SHAP pack-
age 0.41.0. The nomograms were created in R version 
4.3.2 using the RMS package. Subsequent modeling 
was also pursued using R to incorporate the more ad-
vanced machine learning algorithms (Tables 5 and 6), 
as well as DeLong test analyses (Tables  S4 through 
S8). The source codes for this machine learning study 
are available at https://​github.​com/​Cheng​F-​Lab/​CO-​
ML and https://github.​com/​rspar​apa/​MLcom​pare. 
Minor modifications were made to the machine learn-
ing algorithms to accommodate the new F&MCW data 
before the training and validation process.

RESULTS
Epidemiology
In this study, we built a large, longitudinal cardio-
oncology cohort with ≈4000 oncology patients 
collected from our F&MCW institutional electronic 
medical record database (Figure 1). The epidemiological 
findings of this cohort were previously published.23 
Briefly, in the longitudinal cohort, 78% of participants 
were non-Hispanic White, 18% were non-Hispanic 
Black, 2% were Hispanic, 1% were other races, and 
1% were unknown.

The majority of cancers represented were breast 
cancer (11%), lung cancer (16%), hematologic cancers 
(16%), and prostate cancer (9%). In the total cohort 

Table 3.  Machine Learning Predictive Performance (Area 
Under the Receiver Operating Characteristic Curve) of 
Previously Tested Algorithms and Regularized Logistic 
Regression on Testing Set Using Python

Model CVD HF AFib CAD

Logistic regression 0.80 0.85 0.78 0.79

Decision tree 0.74 0.74 0.76 0.73

Random forest 0.79 0.85 0.75 0.79

AFib indicates atrial fibrillation; CAD, coronary artery disease; CVD, 
cardiovascular disease; and HF, heart failure.

Table 4.  Machine Learning Predictive Performance (Area 
Under the Receiver Operating Characteristic Curve) of 
Previously Tested Algorithms and Regularized Logistic 
Regression on Patient Validation Set Using Python

Model CVD HF AFib CAD

Logistic regression 0.71 0.68 0.83 0.64

Decision tree 0.73 0.71 0.79 0.71

Random forest 0.76 0.75 0.76 0.68

AFib indicates atrial fibrillation; CAD, coronary artery disease; CVD, 
cardiovascular disease; and HF, heart failure.

https://github.com/ChengF-Lab/CO-ML
https://github.com/ChengF-Lab/CO-ML
http://github.com/rsparapa/MLcompare
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(n=4626), 1845 (40%) patients received any pharma-
cologic cancer therapy, 980 (21%) patients received 
alkylating agents, 412 (9%) patients received various 
antibodies, 57 (1%) patients received human epider-
mal growth factor receptor 2 (HER2) agents, 655 (14%) 
patients received endocrine therapies, 275 (6%) pa-
tients received enzyme inhibitors, 667 (14%) patients 
received mitotic inhibitors, and 1032 (22%) patients 
received treatments from other cancer drug classes. 
Radiation therapy was administered to 564 (25%) peo-
ple in the available cohort (n=2300; 2015–2020) from 
the MOSAIQ radiation oncology database. As ex-
pected, cardiomyopathy and cardiomegaly tended to 
be noted more frequently in those who received phar-
macologic cancer treatment, including antineoplastic 
antibiotics (anthracyclines) and antibodies (including 
trastuzumab).

The overall cohort at baseline (n=4626) had (primar-
ily diastolic) heart failure in 2253 (49%) people, cardio-
myopathy in 459 (10%) people, atrial fibrillation in 1027 
(22%), coronary artery disease in 2037 (44%) people, 
ischemic or hemorrhagic stroke in 924 (20%) people, 
peripheral artery disease in 1265 (27%) people, and 
lung cancer in 1092 (24%) people. In the years following 
cancer diagnosis in the cohort, new systolic or diastolic 

heart failure developed in 573 (13%) people, new car-
diomyopathy in 352 (8%) people, new atrial fibrillation in 
487 (11%) people, new coronary artery disease in 632 
(14%) people, new ischemic or hemorrhagic strokes in 
387 (8%) people, new peripheral artery disease in 602 
(13%) people, new diabetes in 351 (8%) people, new 
hypertension in 420 (9%) people, and new hyperlipid-
emia in 485 (11%) people.

Predictive Analytics
Subsequently, excluding for missing values produced a 
final analytic data set of 3835 patients and 89 features 
(eg, left ventricular ejection fraction, creatinine). Median 
age was 70 years (interquartile range, 61–79 years), 
with roughly an even split between men (54.8%) and 
women (45.2%). CVD was noted in 2521 individuals, 
with heart failure in 1831 individuals, coronary artery 
disease in 1530 individuals, and atrial fibrillation in 939 
individuals (Table 1).

For regularized logistic regression, the mean 
AUROCs were 0.795 for CVD, 0.774 for heart failure, 
0.709 for atrial fibrillation, and 0.762 for coronary artery 
disease. We then examined the performance of more 
advanced machine learning models in predicting these 

Table 5.  Out-of-Sample Predictive Performance of Logistic Regression and Newer More Advanced Machine Learning 
Algorithms on the Testing Set (N=360) Extracted From the Total Sample Size Used After Removing Samples With 
Substantial Missing Values (N=3835)

Model CVD HF AFib CAD

Logistic regression 0.795 (0.740–0.837) 0.844 (0.778–0.886) 0.757 (0.673–0.836) 0.790 (0.734–0.840)

Decision tree 0.610 (0.553–0.664) 0.634 (0.556–0.699) 0.598 (0.503–0.694) 0.655 (0.593–0.721)

Random forest 0.800 (0.751–0.839) 0.848 (0.794–0.890) 0.759 (0.680–0.842) 0.778 (0.719–0.836)

BART 0.789 (0.731–0.830) 0.837 (0.773–0.887) 0.756 (0.666–0.828) 0.787 (0.732–0.838)

XGBoost 0.751 (0.703–0.794) 0.769 (0.706–0.820) 0.667 (0.594–0.740) 0.711 (0.653–0.779)

LightGBM 0.753 (0.704–0.800) 0.798 (0.744–0.849) 0.720 (0.638–0.816) 0.748 (0.688–0.807)

CatBoost 0.782 (0.735–0.821) 0.841 (0.777–0.885) 0.759 (0.684–0.835) 0.754 (0.692–0.808)

Data are presented as area under the receiver operating characteristic curve (95% CI). AFib indicates atrial fibrillation; BART, Bayesian additive regression 
tree; CAD, coronary artery disease; CatBoost, categorical boosting; CVD, cardiovascular disease; HF, heart failure; LightGBM, light gradient boosting machine; 
and XGBoost, extreme gradient boosting.

Table 6.  Out-of-Sample Predictive Performance of Logistic Regression and Newer More Advanced Machine Learning 
Algorithms on the Validation Set (N=329)

Model CVD HF AFib CAD

Logistic regression 0.735 (0.687–0.786) 0.704 (0.632–0.778) 0.781 (0.687–0.861) 0.710 (0.628–0.783)

Decision tree 0.685 (0.617–0.752) 0.640 (0.551–0.729) 0.751 (0.600–0.901) 0.591 (0.490–0.692)

Random forest 0.736 (0.681–0.778) 0.723 (0.651–0.783) 0.781 (0.688–0.880) 0.690 (0.608–0.763)

BART 0.741 (0.684–0.790) 0.751 (0.680–0.822) 0.799 (0.714–0.877) 0.679 (0.603–0.752)

XGBoost 0.731 (0.666–0.771) 0.663 (0.544–0.702) 0.644 (0.509–0.739) 0.637 (0.522–0.707)

LightGBM 0.700 (0.629–0.748) 0.666 (0.535–0.690) 0.833 (0.755–0.912) 0.660 (0.570–0.735)

CatBoost 0.721 (0.663–0.778) 0.712 (0.636–0.787) 0.759 (0.597–0.920) 0.668 (0.586–0.749)

Data are presented as area under the receiver operating characteristic curve (95% CI). AFib indicates atrial fibrillation; BART, Bayesian additive regression 
tree; CAD, coronary artery disease; CatBoost, categorical boosting; CVD, cardiovascular disease; HF, heart failure; LightGBM, light gradient boosting machine; 
and XGBoost, extreme gradient boosting.
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Figure 2.  ROC curves for the regularized logistic regression, decision tree, and random 
forest algorithms during the 20-iteration validation process (N=3835).
Outcomes examined are cardiovascular disease (composite of heart failure and atrial fibrillation 
and coronary artery disease) (A), heart failure (B), atrial fibrillation (C), and coronary artery disease 
(D). For each iteration, the ROC of the model that produced the highest AUROC is shown. AUROC 
indicates area under the receiver operating characteristic curve; and ROC, receiver operating 
characteristic.
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CVD outcomes during the training/validation process. 
Figure 2 shows the average AUROCs produced during 
the 20 iterations of the validation process for CVD out-
comes regardless of the timing of cancer diagnosis. 
The decision tree mean AUROCs were 0.773 for CVD, 
0.749 for heart failure, 0.693 for atrial fibrillation, and 
0.733 for coronary artery disease.

Figure  S4 shows the decision trees produced for 
CVD, heart failure, atrial fibrillation, and coronary artery 
disease for the training set using the optimal hyperpa-
rameters. Table S1 contains the full names for the data 
variables displayed in Figure S4. In the decision trees, 
the samples number indicates the number of patients 
predicted in each class. The class represents whether 
the algorithm was predicting for the development of 
disease or for the absence of disease (no outcome). 
The true patient distribution is depicted in the bracket 
values by (number of patients with correctly predicted 
outcome, number of misclassified patients).

To account for the lack of transferability of decision 
trees, we also tested the random forest algorithm. The 
random forest model produced mean AUROCs for the 
validation set of 0.809 for CVD, 0.775 for heart failure, 
0.711 for atrial fibrillation, and 0.768 for coronary artery 
disease.

Time-Split Testing
We then examined the performance of the machine 
learning algorithms on the time-split testing data 
set (Table  3, Figure  3). AUROCs were highest for 
the regularized logistic regression algorithms, with 
AUROCs being 0.806, 0.845, 0.783, and 0.792 for 
CVD, heart failure, atrial fibrillation, and coronary artery 
disease, respectively. We provide nomograms for 

the time-split analysis regularized logistic regression 
models in Figure  S5. The decision tree model 
produced AUROCs of 0.741, 0.741, 0.761, and 0.733 for 
these outcomes, respectively. The AUROCs produced 
by testing the random forest model on the time-split 
data were 0.799, 0.851, 0.752, and 0.791 for these 
outcomes, respectively.

Random forest overall improved the performance 
for the time-split test set compared with decision 
tree. SHAP bar plots were used to highlight the top 5 
most impactful features on the random forest models 
(Figure S1). In these plots, the larger the mean absolute 
SHAP value, the greater the impact of that feature on 
the model’s prediction. For example, for CVD, pr_car-
meg (cardiomegaly noted before cancer diagnosis) was 
the most influential variable in predicting overall CVD 
in composite, indicated by the highest mean absolute 
value SHAP score (Figure S1). In addition to bar plots, 
beeswarm plots were also created for each cardiac 
event to interpret the direction of impact of the most 
influential features. Each point is an observation on the 
beeswarm plot, with the y value being the feature, the 
color of the point representing the relative contribution 
of the feature for 1 patient, and the x value representing 
the magnitude of influence of that feature on predicting 
that cardiovascular outcome. Positive SHAP values in-
dicate the feature was more likely to predict the patient 
would develop that cardiovascular outcome.

Additional Validation
The AUROCs for the regularized logistic regression, 
decision tree, and random forest algorithms when 
tested on the additional 329-patient validation set were 
similar to the time-split test set performances (Table 4, 

Figure 3.  Receiver operating characteristic curves for the regularized LR, DT, and RF algorithms when tested on the time-
split test set (N=3835).
Outcomes examined are cardiovascular disease, heart failure, atrial fibrillation, and coronary artery disease. AUROC values are shown 
at the bottom of the figure. Optimal hyperparameters determined for each model are shown in Tables S1 and S2 in the Supplemental 
Material. AUROC indicates area under the receiver operating characteristic curve; DT, decision tree; LR, logistic regression; and RF, 
random forest.
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Figure 4). Outcomes examined were the same: CVD, 
heart failure, atrial fibrillation, and coronary artery 
disease.

De Novo Predictions
We also tested whether our method could predict 
de novo CVD. Figure 5 shows the average AUROCs 
produced for de novo CVD in the data set of 3835 
patients, with 0.826 using regularized logistic 
regression, 0.735 using decision tree classification, 
and 0.802 using random forest.

Newer Advanced Machine Learning 
Algorithms
We expanded our investigation to implement 4 addi-
tional machine learning methods, namely the BART 

and 3 gradient boosting models, XGBoost, LightGBM, 
and CatBoost, yielding new data. The AUROC perfor-
mance of the BART model was 0.79, 0.84, 0.76, and 
0.79, for CVD, heart failure, atrial fibrillation, and cor-
onary artery disease, respectively. For XGBoost, the 
AUROCs produced were 0.75, 0.77, 0.67, and 0.711 
for these same outcomes, respectively. The LightGBM 
model produced AUROCs of 0.75, 0.80, 0.72, and 
0.75 for these outcomes, respectively. The AUROCs 
for CatBoost were 0.78, 0.84, 0.76, and 0.75 for these 
outcomes, respectively (Table 5). When tested on the 
additional 329-patient validation set, the AUROCs for 
the 4 new algorithms were similar to the time-split 
test set performance (Table  6). Outcomes examined 
were the same: CVD, heart failure, atrial fibrillation, and 
coronary artery disease. In our group’s previous work, 
multiple clinically significant variables were identified as 

Figure 4.  Receiver operating characteristic curves for the regularized LR, DT, and RF algorithms when tested on the 
additional 329-patient validation set.
Outcomes examined are cardiovascular disease, heart failure, atrial fibrillation, and coronary artery disease. AUROC values are shown 
at the bottom of the figure. AUROC indicates area under the receiver operating characteristic curve; DT, decision tree; LR, logistic 
regression; and RF, random forest.

Figure 5.  Receiver operating characteristic curves for the regularized logistic regression, decision tree, and random forest 
algorithms for the prediction of de novo cardiovascular disease as a composite of any heart failure, atrial fibrillation, or 
coronary artery disease after cancer diagnosis in the data set of 3835 cancer survivors.
AUROCs are shown. AUROC indicates area under the receiver operating characteristic curve.
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being significantly associated with CVD, including age, 
hypertension, glucose levels, left ventricular ejection 
fraction, creatinine, and aspartate aminotransferase 
levels.21 Clinically significant variables were confirmed 
in the current work, including prior hyperlipidemia, 
prior peripheral edema, sodium, chloride, and natriu-
retic peptide B prohormone.

Model Performance Comparisons
To formally compare model performance, we con-
ducted pairwise comparisons of AUROC using the 
DeLong test among regularized logistic regression 
and each of the advanced machine learning models 
(BART, CatBoost, XGBoost, LightGBM) and random 
forest across all 4 cardiovascular outcomes. These re-
sults are presented in Tables S4 through S8. Logistic 
regression was significantly outperformed by XGBoost 
for heart failure (P=0.0131) and coronary artery disease 
(P=0.0065). No significant differences were observed 
between logistic regression and other models for atrial 
fibrillation or composite CVD (all P>0.05), indicating 
similar discriminatory performance between logistic 
regression and each of the advanced machine learn-
ing algorithms in those cases.

DISCUSSION
In this study, we evaluated predictive machine learning 
models for cardiac risk assessment among 3 types of 
cardiovascular outcomes, including heart failure, atrial 
fibrillation, and coronary artery disease, as well as a 
composite of the 3, regardless of the timing of cancer 
diagnosis, and also specifically after cancer diagnosis. 
We sought to ensure internal validity by using repeated 
cross-validation and regularization techniques to mini-
mize overfitting and preserve consistency in model 
performance within the training data set, following es-
tablished practices in traditional statistical modeling and 
machine learning prognostic tools.39,40 All outcomes 
received relatively high or high AUROCs, ranging from 
0.7 to 0.8 using decision tree and random forest, in our 
retrospective cohort of ≈4000 individuals spanning at 
least 20 years. Both regularized logistic regression and 
the BART advanced machine learning algorithm re-
ceived AUROCs of above or near 0.8 for all outcomes. 
In addition, models built using time-split data sug-
gested high applicability and transferability of our mod-
els for potential future clinical implementation. Of note, 
almost 20% of participants were non-Hispanic Black. 
Demographics have not traditionally been reported in 
cardio-oncology studies, which have not typically fo-
cused on ensuring multiracial cohorts.41 Consequently, 
our group’s database may be of substantial benefit to 
the cardio-oncology community, because we detailed 
the demographics and epidemiology of our cohort.23

A recent study indicated that models trained on 
national data may be more transferable than models 
trained on local data alone.22 We evaluated the models 
by conducting testing on independent patient popu-
lations from distinct institutions and time periods, mir-
roring the standards used in similar studies to assess 
external applicability, recognizing that real-world appli-
cation requires consistency across populations, time 
periods, and clinical settings.42 The models’ ability to 
retain predictive accuracy across diverse clinical con-
texts reinforces transferability.42 This reflects the ma-
chine learning approach of empirical transferability and 
resonates with previous machine learning studies.39,40 
Before the current study, it was unknown whether the 
preexisting machine learning algorithms trained locally 
to predict CVD in cancer survivors would be applica-
ble and transferable. Our study suggests that these 
algorithms can be applicable and transferable with 
accurate prediction of CVD in cancer survivors. The 
caveat would be that we retrained and retested and 
revalidated the models and algorithms on our external 
population. Further studies would be needed to de-
termine to what extent the models would be equally 
externally transferable with limited additional retesting, 
retraining, and revalidation on each external data set. 
Although machine learning offers scalable potential 
for clinical prediction and screening, real-world imple-
mentation may require population-specific calibration, 
high-quality input data, and validation in diverse clinical 
settings to ensure model sensitivity, optimize thresh-
olds, and assess cost-effectiveness.39

Although national heterogenous databases are 
being built in cardio-oncology, until we have a robust 
universal database for national use in cardio-oncology, 
perhaps we should expect to continue to retrain, re-
test, and revalidate models appropriately. Combining 
resources in multi-institutional research groups such 
as ours may facilitate this.23 Notably, the algorithms 
were used to predict CVD regardless of the timing of 
cancer diagnosis, as well as specifically after cancer 
diagnosis. This suggests that the algorithms may be 
able to predict CVD in the general population without 
cancer diagnoses, as well as CVD in cancer survivors. 
These algorithms may have usefulness in preventive 
cardiology and also in cardio-oncology.

Several cardio-oncology consensus recommen-
dations and risk stratification tools for the manage-
ment of cancer therapy related cardiotoxicities have 
become available.10–13,43 Additionally, a position state-
ment recommends proformas that risk stratify patients 
based on baseline features into low-, moderate-, and 
high-risk categories for developing CVD from cancer 
treatment.44 These proformas/tools are limited by im-
precision and challenges with individualizing the rec-
ommendations. Even the scoping guidelines available 
for use are not based on precision medicine data and 
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lack information from innovative studies that can truly 
personalize care. Furthermore, the guidelines and pro-
formas are for a subset of patients receiving specific 
cancer treatments and are not universally applicable or 
generalizable for cardio-oncology patients undergoing 
therapy that were not included. Our models overcome 
these challenges by using machine learning for more 
precise prediction, with AUROCs that match other ma-
chine learning models used for prediction of CVD in 
individuals with or without cancer.21,39,45–50

Our group’s validated models complement previ-
ous work studying the development of various forms 
of computational frameworks for analyzing and pre-
dicting patient outcomes. For example, prior work 
has investigated machine learning applied to pheno-
typic, therapeutic, chemical, and genomic properties 
for predicting drug interactions as a common cause 
of adverse drug reactions.51 Another example from 
a different group is the DeepProg machine learning 
framework, which uses multiple omics data matrices 
and existing survival information as input, to model fu-
ture patient survival. DeepProg uses RNA sequencing, 
methylation, and microRNA data, paired with infor-
mation in the Cancer Genome Atlas.52 From another 
group, a multimodel data set included histopathologi-
cal, radiologic, and clinico-genomic machine learning 
models to predict the prognosis of patients with ovar-
ian cancer.53 Our models in the current study rely on 
data from the electronic health record, which is broadly 
available across patient populations. Future models will 
incorporate genomic and other forms of emerging data 
becoming available in the cardio-oncology population. 
Comparing the effectiveness of each kind of predictive 
model with varying forms of precision medicine data 
will likely provide valuable insight on the necessity of 
multiomics data combined with the use of artificial in-
telligence algorithms to predict patient outcomes.

In our models, probabilities are generated for each 
outcome, although risk levels are not explicitly forecast. 
A system of risk-based tertiles or quartiles based on 
our data may also be incorporated in the next iteration 
of the models.54,55 Our future work may additionally 
take a variety of forms. We can continue to improve the 
models as more data are collected, because in previ-
ous work we observed a marginal increase in model 
performance as training sizes increased,21 highlighting 
the importance of large-scale cohort studies for ma-
chine learning research. We also previously noted that 
restricting variables to a specific time period (ie, within 
1, 5, and 10 years of the first diagnosis for the outcome) 
led to similar model performance, although some out-
comes may be slightly improved.21 Our current mod-
els give excellent prediction without the inclusion of 
information on cancer types and treatment; however, 
we can incorporate this information into future mod-
els. Additionally, our teams are actively incorporating 

additional forms of imaging data39,56–59 directly into 
models via convolutional neural networks to further im-
prove their performance. Furthermore, we intend to in-
tegrate machine learning-based risk assessment with 
clinically relevant online tools, as well as various forms 
of omics and other emerging precision medicine data, 
for use in cardio-oncology practice.

Although spot checks were conducted for verifica-
tion, it should be noted that potential errors in ICD-9 
and ICD-10 codes may affect machine learning per-
formance. There has been a long tradition of using 
ICD-9 diagnoses to define outcomes or comorbidi-
ties, particularly with large administrative databanks 
such as Medicare.60,61 More recent work has moved 
on to validated ICD-9 from/to ICD-10 crosswalks, in 
concert with the advent of more data availability via 
electronic health records.62,63 In addition to diagnosis 
codes, condition identification is also supplemented 
by procedural codes. Procedural and pharmaceutical 
codes may be more precise than diagnosis coding that 
may vary among clinicians and health systems.64,65 
The usefulness of additional codes beyond diagnosis 
codes for the prediction of CVD in cancer survivors 
can potentially be explored in the future, particularly 
using procedural and pharmaceutical codes that are 
associated with CVD outcomes.

There exists some overlap between the fields of 
machine learning and traditional statistics, such as in 
the case of the regularized logistic regression model, 
which can be classified as being part of both fields.66 
Machine learning and traditional statistics often com-
plement each other. For example, machine learning 
algorithms are often considered as black box models, 
although methods such as SHAP plots can help with 
the interpretation of the contributions of the features 
(Figure S1). Traditional statistical analyses, such as no-
mograms, can offer easy-to-understand tools that can 
be used to visualize risk (Figure S5). Although SHAP 
provides a ranking of the most influential variables, no-
mograms provide a comprehensive list of the influence 
of all variables. An important point of consideration 
is that SHAP, not nomograms, can be used for inter-
preting nonlinear models such as random forest. We 
have therefore provided both SHAP and nomograms 
as modes of visualization, because they each possess 
distinct value. To further elaborate on the philosophi-
cal and methodological distinctions between machine 
learning and traditional statistical approaches in our 
study, we provide Table S9. This table contrasts per-
spectives on generalizability, internal and external va-
lidity, and calibration, all of which are critical concepts 
for both predictive modeling and inference.

Bridging machine learning and traditional statistics 
can be especially helpful as we seek explainable artifi-
cial intelligence for reliable translation into clinical prac-
tice. Albeit with challenges and limitations, applying 
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these algorithms for personalized risk prediction and 
tailoring care of adult cancer survivors at risk of de-
veloping various forms of CVD remains an emerging 
concept. The results of this study suggest that ma-
chine learning approaches, alongside traditional statis-
tics methodology, can be used to stratify cardiac risk 
among oncology patients by using large-scale, longi-
tudinal data from health care systems. Findings from 
this study may provide valuable guidance and tools for 
oncologists, cardiologists, informaticians, and admin-
istrators tasked with improving prediction and care of 
cancer survivors in cardio-oncology.

The main advantage of the decision tree algorithm 
is interpretability. The variables at the top of the deci-
sion tree, therefore most influential for the development 
of new CVD and the development of new heart failure, 
were preexisting restrictive cardiomyopathy and tropo-
nin T, and preexisting shortness of breath, respectively 
(Figure S4). For the development of new atrial fibrilla-
tion, preexisting restrictive cardiomyopathy, creatine 
kinase, age, and NT-proBNP (N-terminal pro-B-type 
natriuretic peptide) were highly relevant in predicting 
this outcome. For the development of new coronary 
artery disease developed after cancer diagnosis, 
preexisting hyperlipidemia, preexisting restrictive car-
diomyopathy, creatine kinase myocardial bound, and 
unspecified peripheral vascular disease were influen-
tial. It is clinically consistent that preexisting restrictive 
cardiomyopathy, shortness of breath, hyperlipidemia, 
and unspecified peripheral vascular disease present 
before cancer diagnosis, as well as age, troponin T, 
creatine kinase, creatine kinase myocardial bound, 
and NT-proBNP assessed after cancer diagnosis, can 
predict the future development of various forms of new 
CVD. It is important to highlight that the newly devel-
oped CVD diagnoses predicted by the algorithm were 
not present at the time of measurement of troponin 
T, creatine kinase, creatine kinase myocardial bound, 
or NT-proBNP. Additionally, no single predictor was 
sufficient on its own to predict these forms of CVD. 
Together, the variety of components were modeled 
for accurate prediction. Finally, although the decision 
tree is interpretable, the algorithm is vulnerable to over-
fitting. To minimize overfitting, the model was tested 
against both a time-split data set and an additional 
329-patient validation set.

To further address the potential weakness of the 
decision tree algorithm, we also applied the random 
forest algorithm, which integrates the results of mul-
tiple decision trees to avoid the issue of a single tree 
overfitting. This algorithm showed stronger perfor-
mance for certain outcomes, though at the expense 
of being less interpretable. We used SHAP values to 
aid in the interpretability of this algorithm. In Figure S1, 
patients who did not develop a particular cardiovascu-
lar outcome are represented in the blue color, whereas 

patients who developed the cardiovascular outcome 
are colored in red. Variable importance is ranked ver-
tically, with most influential variables at the top of the 
plots. Points with a positive SHAP value indicate data 
points that contributed toward predicting the outcome 
of interest, whereas points with a negative SHAP value 
did not contribute toward predicting cardiovascular 
outcome. For example, for the first beeswarm plot (for 
developing CVD in composite overall), pr_carmeg (the 
presence of preexisting cardiomegaly before cancer 
diagnosis) is the most influential variable. For this vari-
able, the blue points are on the left (negative SHAP), 
and the red points are on the right (positive SHAP), 
indicating that patients who were positive for this 
pr_carmeg variable (ie, they had a preexisting history 
of cardiomegaly before cancer diagnosis) were more 
likely to develop the CVD outcome, whereas patients 
who did not have previous cardiomegaly were less 
likely to develop the CVD outcome. It is important to 
note the relevance of transition of SHAP values from 
blue (left) to right (red). For example, for the variable 
age, the points change from blue to red from left to 
right. This means that the greater the patient’s age, the 
more likely a patient was to develop CVD.

SHAP values were also determined for calculating 
heart failure, atrial fibrillation, and coronary artery dis-
ease, separately from the composite cardiovascular 
outcome. For the development of new heart failure, 
pr_carmeg (the presence of preexisting cardiomeg-
aly before cancer diagnosis) was the most predictive, 
followed by pr_carmyor (preexisting restrictive cardio-
myopathy), troponin_T (troponin T), pr_pad (preexist-
ing peripheral artery disease), and pr_sob (preexisting 
shortness of breath). For the development of new 
atrial fibrillation, pr_carmeg (the presence of preexist-
ing cardiomegaly before cancer diagnosis) is the most 
influential variable, followed by age, pr_carmyor (pre-
existing restrictive cardiomyopathy), creatine kinase, 
and nt-probnp (NT-proBNP). For the development of 
new coronary artery disease (developed after cancer 
diagnosis), pr_hlp (preexisting hyperlipidemia) was the 
most influential, followed by pr_pad (preexisting pe-
ripheral artery disease), ckmb (creatine kinase myocar-
dial bound), pr_upvd (unspecified peripheral vascular 
disease), and pr_carmyor (preexisting restrictive car-
diomyopathy). These findings were overall consistent 
with those from the decision tree algorithms and may 
potentially have clinical usefulness.

We further assessed the predictive capacities of 
machine learning by using 4 additional algorithms. We 
used varying complex algorithms including BART, and 
3 gradient boosting models, XGBoost, LightGBM, and 
CatBoost. The performance of these additional ma-
chine learning models varied. Overall, BART yielded 
the highest AUROCs across these 4 newer mod-
els, with AUROCs comparable to regularized logistic 
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regression and random forest for predictive perfor-
mance (Table 5). This trend was also noted when tested 
in the 329-sample validation group (Table 6). Another 
study evaluating machine learning algorithms showed 
that BART outperformed other nonlinear models and 
performed similarly to linear regression.67 Additionally, 
they highlighted the accuracy and ease of use of BART.

In comparison with the substantial history of use of 
traditional logistic regression in statistical inference and 
predictive modeling, the newer advancements of ma-
chine learning remain relatively recent. We acknowl-
edge that logistic regression fundamentally possesses 
a statistical background. We have therefore treated 
regularized logistic regression as both a statistical 
(logistic regression) and a more traditional (or older) 
machine learning method (regularized) in comparison 
with the newer, advanced machine learning models we 
have also used. In the testing set for all 4 outcomes 
(CVD, heart failure, atrial fibrillation, and coronary ar-
tery disease), regularized logistic regression and the 
machine learning algorithms overall performed com-
parably, yielding similar AUROCs. For composite CVD, 
for example, BART demonstrated an AUROC of 0.789, 
compared with 0.795 for regularized logistic regression. 
Notably, a possible explanation for this similar perfor-
mance may be due to the ability of logistic regression 
to handle both linear and nonlinear data, similar to the 
advanced machine learning algorithms. To capture 
nonlinear relationships, logistic regression models the 
log-odds of the outcome as a linear combination of 
predictor variables, corresponding to an additive model 
on the logistic scale. In this way, logistic regression can 
accommodate nonlinear effects and interaction terms, 
through appropriate modeling techniques, such as 
spline functions and polynomial expansions. Although 
our implementation did not incorporate such transfor-
mations, regularized logistic regression appeared to 
capture complex patterns in our data, compared with 
more advanced machine learning. Logistic regression 
relatively consistently outperformed decision tree, with 
AUROCs overall >0.7 compared with >0.6 (Tables  5 
and 6), with significant difference confirmed with the 
DeLong test P values <0.05 (Tables S4, through S8). 
There was 1 significant DeLong test P value, when 
comparing logistic regression to the more advanced 
machine learning algorithms. This was noted for com-
paring regularized logistic regression (AUROC, 0.790) 
to XGBoost (AUROC, 0.711), in favor of logistic regres-
sion. This was specifically for coronary artery disease 
(P=0.0065) and was not observed for composite CVD 
(P=0.185). Importantly, the AUROCs of the 2 models 
may appear numerically similar (ie, 0.790 and 0.711). 
A DeLong test P<0.05 indicates a statistically signif-
icant difference in discriminatory performance, likely 
driven by consistent directional differences across 
predictions in our relatively large sample; yet, this 

statistical separation should be interpreted cautiously, 
because even a modest but significant difference (eg, 
0.01 AUROC units) may lack clinical relevance unless 
supported by meaningful improvements in decision-
making, calibration, or patient outcomes. Taking all of 
these findings and deliberations into consideration, our 
overall assessment would be that although some prior 
literature has shown advanced machine learning mod-
els outperforming regularized logistic regression, our 
results do not show this substantially in our data set.17 
Our results suggest that logistic regression continues 
to serve a prominent role in the prediction of CVD in 
cancer survivors. This can be beneficial for advancing 
trust and adoption of artificial intelligence prediction in 
clinical practice, because clinicians are generally famil-
iar with logistic regression. With that said, further ex-
ploration and comparison of more advanced machine 
learning methods and regularized logistic regression 
may continually be warranted.

Notwithstanding, we noted various limitations in 
our study. We recognize that restricting our previous 
analyses to patients who already have ascertainment 
of ejection fraction at baseline may select for patients 
with at least suspicion of or potential for future car-
diomyopathy, such as those with a preexisting cardio-
pulmonary complaint or those planned for cardiotoxic 
drugs such as anthracyclines. Nevertheless, we report 
on preexisting and subsequently developed CVDs in 
this population and also on the array of cancer medi-
cations used, in our epidemiologic study report.23 We 
would expect that these algorithms may be transfer-
able to cancer survivors with similar characteristics. 
Information on cancer type and treatment were not 
explicitly included in the models, which gave excellent 
prediction without this information. Cancer type and 
treatment information can be considered for inclusion 
in future models. Future studies may use alternative 
means of baseline assessment and subsequent pre-
diction, such as our new studies currently underway 
using baseline ECGs instead of baseline echocardio-
grams for prediction; of course, the caveat will also be 
that those patients will have had baseline ECGs, which 
are more common than baseline echocardiograms 
and are often obtained in the absence of preexisting 
cardiovascular complaints.

Our study suggests applicability and transferability 
in our F&MCW population of these machine learning 
algorithms, and (regularized) logistic regression mod-
els, that were previously validated in a cardio-oncology 
population at Cleveland Clinic. Our results therefore in-
dicate applicability, transferability, and preservation of 
model discrimination when applied to a temporally and 
institutionally independent data set. Consequently, our 
results suggest transferability in terms of discrimination 
performance across our F&MCW clinic and hospital 
sites in a robust health system, consistent with results 
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from the previous Cleveland Clinic population study. 
Although the model demonstrated stable discrimina-
tion metrics in this separate population (F&MCW after 
Cleveland Clinic), we did not assess calibration. Given 
this limitation, we refrain from describing our findings 
as evidence of external validation or generalizability in 
the formal statistical sense. Instead, we describe our 
results as supportive of potential model transportability 
with respect to discrimination performance. Rigorous 
calibration of machine learning or statistical models to 
a specific population of interest would be an important 
future step for both clinical relevance and public health 
usefulness.40 Calibration refers to the assessment of 
whether predicted probabilities match observed out-
comes. Population-specific thresholds may be nec-
essary, and initial calibration should be grounded in 
representative validation data. Calibration should be 
coupled with stringent quality control of data inputs, to 
maintain predictive integrity. Moreover, further evalua-
tion of cost-effectiveness and clinical impact, especially 
when integrated with additional clinical and laboratory 
variables, would facilitate responsible deployment of 
such tools.

CONCLUSIONS
Machine learning models for CVD outcomes in the on-
cology population were evaluated and suggested multi-
institutional transferability, using a systematic analysis 
of classification methods and feature sets. Models 
developed using time-split data showed moderately 
high performance and potential real-world transfer-
ability over time. This may indicate potential for exter-
nal applicability, though we recognize the importance 
of calibration to formally establish external validity in 
statistical studies. The future versions of our models 
may also incorporate tertile or quartile risk stratification 
to aid clinical decision-making and ultimately improve 
patient outcomes. Furthermore, our group is currently 
developing accessible online tools that incorporate 
outcomes from our models. In summary, our findings 
suggest that machine learning tools may prove useful 
for assessing cardiac risk in cancer patients by inte-
grating large-scale, longitudinal data from health care 
systems.
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