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Featured Application

A computer-aided prognosis system for cardiovascular diseases can be a valuable tool for
primary health care. Even users without medical expertise can utilize such tools to screen
cardiovascular disease risk early, hence decongesting the National Healthcare Service.

Abstract

Coronary artery disease (CAD) remains a leading cause of morbidity and mortality world-
wide, emphasizing the need for early and scalable risk stratification approaches. While
recent Machine Learning (ML) studies have reported high diagnostic performance using
multimodal clinical, laboratory, imaging, and genetic data, they do not provide early screen-
ing or prognosis. In this study, we investigate the extent to which CAD prognosis can
be achieved using lifestyle and medical history variables alone. We pooled a cohort of
571 participants with and without CAD and evaluated multiple ML models, including
Random Forest, CatBoost, AdaBoost, XGBoost, TabPFN, and k-Nearest Neighbors, using
10-fold cross-validation. Across models, predictive performance converged in a narrow
range (72–76% accuracy), with the best-performing models reaching approximately 76%
accuracy, compared to a clinician baseline of 78.8%. To enhance transparency and clinical
interpretability, we further outline an explainability analysis for the top-performing model
using SHAP-based approaches. Overall, this work highlights both the potential and the
limitations of lifestyle-based ML models for CAD prognosis and supports their role as
complementary tools for early screening and preventive cardiology.

Keywords: machine learning; coronary artery disease; computer-aided prognosis;
explainability; risk prediction; preventive cardiology

1. Introduction
Cardiovascular diseases (CVDs) remain the leading cause of death globally, repre-

senting a persistent public health crisis. The World Health Organization reports that
approximately 19.8 million people died from CVDs in 2022, accounting for 32% of all
global deaths [1,2]. As of 2023, there were 437 million disability-adjusted life years
(DALYs) globally due to CVD—a 1.4-fold increase from 320 million in 1990 [3]. Alarm-
ingly, projections suggest a 90% increase in cardiovascular disease prevalence and 73.4%
increase in crude mortality between 2025 and 2050 [4]. Among CVDs, coronary artery
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disease (CAD) is among the most frequently diagnosed and a principal driver of mortal-
ity. Early identification of individuals at elevated risk is critical for implementing timely
preventive strategies.

The economic burden is equally substantial. In the United States, CAD contributes
to an estimated $140 billion in annual CVD-related healthcare expenditures, with 10-year
cumulative costs per patient exceeding $23,000, of which 78% is attributed to medication
management [5,6]. This dual burden—in lives and resources—is particularly acute in low-
and middle-income countries (LMICs), where over three-quarters of CVD deaths occur [1].
In resource-constrained settings where access to advanced diagnostics is limited, preventive
care must rely on readily available clinical and lifestyle information. Targeted early inter-
ventions based on accurate risk stratification can substantially reduce downstream costs.
Understanding the prognostic capacity of simple, universally available data is therefore
essential for informing equitable, globally scalable prevention strategies.

Traditional CAD risk assessment tools, such as the Framingham Risk Score [7],
SCORE [8], and ASCVD risk estimator [9], rely on relatively simple demographic and
clinical variables. While these models have been widely adopted in clinical practice, their
predictive performance is moderate, with discrimination (C-statistics/AUC) typically in
the range 0.70–0.80 and sensitivity/specificity values that vary substantially by cohort
and risk threshold [10]. As such, they may fail to capture complex, nonlinear interactions
among risk factors. In response to these limitations, ML techniques have increasingly
been applied to cardiovascular risk prediction and CAD prognosis, often demonstrating
improved discrimination, with pooled C-statistics around 0.77–0.80 and statistically signif-
icant gains over traditional scores in meta-analyses [10]. Recently, Artificial Intelligence
(AI) has significantly supported healthcare intervention decisions via customized Medical
Decision Support Systems (MDSS) [11]. Several models based on boosted trees, random
forests, and straightforward Deep Learning (DL) have provided highly accurate predictions
for multi-parameter and complex designs in medicine [12].

As shown in Table 1, a substantial body of recent studies has explored the application
of ML techniques for the prediction and diagnosis of CAD, reporting a wide spectrum
of predictive performance depending on dataset size, feature composition, and modeling
strategy. Recent reviews and comparative studies indicate that ML-based CAD models
typically achieve accuracies ranging from approximately 70% to over 95%, with the highest
values most frequently reported in studies incorporating multimodal inputs such as cardiac
imaging, laboratory biomarkers, or advanced physiological signals [13–16]. In large-cohort
settings, where datasets exceed several hundred or thousands of patients, reported accura-
cies are generally more modest, often below 85%, reflecting increased heterogeneity and
more realistic clinical conditions [14,17]. Contemporary studies have employed a variety of
ML approaches, including ensemble methods, support vector machines, and deep learning
architectures, frequently combining structured clinical variables with imaging modalities
such as SPECT, PET, or coronary computed tomography angiography (CCTA) to enhance
diagnostic performance [15]. Notably, recent longitudinal investigations using multimodal
ML frameworks have demonstrated improved long-term outcome prediction—such as
all-cause mortality or major adverse cardiac events—when combining imaging and clinical
data, compared to the use of either modality alone. While these studies highlight the poten-
tial of ML to enhance CAD-related prediction tasks, they predominantly focus on diagnosis
or outcome prediction using rich, high-dimensional data, leaving open the question of how
much prognostic information can be extracted from simpler, lifestyle- and history-based
variables alone.
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Table 1. Selected machine-learning studies on CAD-related prediction and comparison with the
present work.

Study n Primary Task Input
Modalities ML Approach Validation Reported

Performance

Alizadehsani
et al., 2019 [13]

Variable
(review)

CAD diagnosis
(review of ML

studies)

Clinical, ECG,
imaging, hybrid

(varies)

SVM, ANN, RF,
ensembles, etc.

(review)

Variable across
studies

Reported
accuracies typically

~70–95%
depending on data

and features

Yu et al.,
2022 [14] 7368 4-year all-cause

mortality

Demographics,
comorbidities,

vitals, labs, ICU
scores

Eight classifiers
(LR, ANN, NB,

GBM,
AdaBoost, RF,

bagging,
XGBoost v3.2.0)

Train/test split Best: AdaBoost,
AUC 0.801

Betancur et al.,
2018 [15] 1638

Obstructive
CAD on
invasive

angiography

Myocardial
perfusion

SPECT (deep
learning on

images)

Convolutional
deep learning

Multicentre,
angiographic

reference

Per-patient AUC
0.80; sensitivity
82.3% (vs. TPD

79.8%) at matched
specificity

Motwani et al.,
2017 [16] 10,030 5-year all-cause

mortality

25 clinical + 44
CCTA

parameters

LogitBoost
ensemble;

10-fold CV

Multicentre
prospective

registry

AUC 0.79 (ML) vs.
0.61–0.64

(clinical/CCTA
scores)

Ambale-
Venkatesh et al.,

2017 [17]
6814

10-year
cardiovascular

events
(6 outcomes)

Imaging, ECG,
biomarkers,

questionnaires
(735 variables)

Random
survival forests

Population
follow-up

10–25% relative
reduction in Brier

score vs.
established risk

scores

Samaras et al.,
2024 [11]

Prototype
stage

Clinical
decision

support (CAD
& NSCLC)

Clinical
concepts +

expert
knowledge

(FCM)

MDSS/fuzzy
cognitive
modelling

Prototype
demonstration

Qualitative/
architectural (no

head-to-head
accuracy on ICA

cohort)

Present study 571
ICA-defined
CAD vs. no

CAD

17 predisposing,
recurrent, and
demographic
variables only

SVM, ANN, RF,
ensembles, etc.

(review)

10-fold
stratified CV
(out-of-fold)

RF: accuracy 76.4%;
sensitivity 68.6%;
specificity 82.4%

However, the majority of contemporary ML-based CAD studies integrate rich and
heterogeneous data sources, including laboratory biomarkers, electrocardiographic signals,
cardiac imaging, and even genomic or polygenic risk scores. Although these approaches
can yield high predictive accuracy, they are often expensive, invasive, and unsuitable for
early screening or deployment in low-resource settings. Consequently, there is a growing
interest in understanding the predictive value of simpler, low-cost data sources that are
universally available in routine clinical encounters [7,18–20].

An important and underexplored question is therefore: how much prognostic in-
formation regarding CAD is contained in lifestyle and medical history variables alone?
Addressing this question is essential for defining the realistic limits of ML-based risk pre-
diction under constrained information settings and for guiding the development of scalable
prevention-oriented tools. In this study, we systematically evaluate multiple ML models for
CAD prognosis using exclusively lifestyle and historical clinical variables and compare their
performance to a clinician baseline. Furthermore, we propose an explainability framework
to elucidate the contribution of individual risk factors in the top-performing models. This
is paramount as ML systems that are not interpretable may be viewed as untrustworthy by
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patients and healthcare professionals [21–23], and they might also fall short of regulatory
requirements that mandate clear explanations for automated decision-making systems [24].

The remainder of this paper is structured as follows. Section 2 details the patient
dataset, the ML algorithms employed for classification, and the procedures used to evaluate
the results. Section 3 describes the experimental methodology and presents the obtained
results. Section 4 provides a comparative discussion of the proposed models, highlighting
their performance, strengths, and limitations in relation to existing studies. Lastly, Section 5
offers concluding remarks along with potential directions for future research.

2. Materials and Methods
The methodology of this research was executed in a Linux environment, specifically on

a system equipped with a 14-core i5 CPU, 32 GB DDR4 RAM, RTX-3060 GPU and running
Ubuntu 20.04 LTS. Python v3.11.0 served as the primary programming language for the
ne e project, complemented by various machine learning-specific libraries such as sklearn
and torch.

2.1. Patient Population

Patient data were retrospectively collected from the Clinical Sector of the Department
of Nuclear Medicine at the University Hospital of Patras over the period from 16 February
2018 to 28 February 2022. The study protocol was reviewed and approved by the Ethical
and Research Committee of the University General Hospital of Patras (protocol number
108/10-3-2022). Due to the retrospective design of the study, the requirement for informed
consent was waived. All data were processed in an anonymized manner, and the study was
conducted in full compliance with the principles outlined in the Declaration of Helsinki.

The study cohort comprised 571 individuals, of whom 248 patients (43.43%) were con-
firmed to have CAD based on invasive coronary angiography (ICA), while the remaining
participants were healthy. The dataset exhibited considerable heterogeneity across clinical
characteristics. From a demographic perspective, 79.68% of the participants were male,
with ages spanning 32 to 90 years. Body mass index (BMI) values ranged widely, from
16.53 kg/m2, corresponding to underweight status, to 87.2 kg/m2, indicative of extreme
obesity. As depicted in Table 2, the dataset utilized by this study focuses solely on lifestyle
and historical features. It does not include the medical expert’s opinion or any clinical
test results.

All individuals included in the study underwent gated single-photon emission com-
puted tomography (SPECT) myocardial perfusion imaging (MPI) as part of their diagnostic
evaluation and subsequently received invasive coronary angiography within a 60-day
interval following MPI. ICA represents the current clinical gold standard for the defini-
tive assessment of CAD and was therefore used as the ground truth for CAD status in
this study.

Participants were consecutively enrolled from the Clinical Sector of the Department of
Nuclear Medicine, University Hospital of Patras, among patients undergoing evaluation
for suspected coronary artery disease. Accordingly, the cohort reflects a referred, clinically
pre-selected population rather than an unselected screening sample. Invasive coronary
angiography (ICA) served as the reference standard for the outcome label (CAD vs. no
CAD). Although most patients were clinically suspicious for CAD at referral, ICA confirmed
disease in 43.4% of cases (248/571); the remaining 56.6% (323/571) were classified as healthy
by the reference standard. This distribution underscores that referral indication alone does
not equate to anatomically significant CAD.
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Table 2. Features used as input by prediction models, after binary normalization. This dataset is a
derived form of the original used in [25].

A/A Feature Name Description Feature Class/Type

1 known Cad CAD History Predisposing Factor
2 previous AMI Acute Myocardial infarction Predisposing Factor
3 previous PCI Percutaneous Coronary Intervention Predisposing Factor
4 previous CABG History of coronary artery bypass Predisposing Factor
5 previous Stroke Stroke Predisposing Factor
6 Diabetes Diabetes positive patient Predisposing Factor
7 Smoking Smoker/Non-smoker Predisposing Factor
8 Chronic Kidney Disease Known Chronic Kidney Disease instance Recurrent Diseases
9 Family History of CAD CAD occurrence in family Recurrent Diseases
10 Sex Male/female Demographics
11 Normal Weight BMI lower than 24.9 Demographics
12 Overweight BMI between 25 and 29.9 Demographics
13 Obese BMI over 30 Demographics
14 <40 Aged under 40 Demographics
15 40–50 Aged between 40 and 50 Demographics
16 50–60 Aged between 50 and 60 Demographics
17 >60 Aged over 60 Demographics
18 CAD ICA—ground truth Reference Variable

The primary objective of this work was to determine whether lifestyle-related and
clinical predisposing factors alone (without symptom descriptors or imaging-derived
scores) carry prognostic information for ICA-defined CAD in this referred cohort.

2.2. Data Preprocessing

Given that the majority of features included in the dataset are categorical in nature,
the problem formulation naturally lends itself to a binary classification framework. Most
features are inherently binary, indicating the presence or absence of specific conditions
or characteristics (e.g., diabetes status, biological sex). However, two variables—age and
BMI—were originally represented as continuous values and therefore required appropriate
transformation to align with the binary modeling approach.

To discretize age, participants were stratified into four categorical groups. This strat-
ification was guided by established clinical knowledge indicating that the incidence of
CAD increases markedly between the ages of 40 and 60 years [26]. Although substan-
tial heterogeneity exists within this age interval, age alone is generally considered a less
discriminative factor for CAD in individuals younger than 40 or older than 60 [27]. Ac-
cordingly, age was encoded into four mutually exclusive categories: <40 years, 40–50 years,
50–60 years, and >60 years.

For BMI categorization, we adopted the classification scheme proposed by the
WHO [28]. BMI values were grouped into three non-overlapping categories: underweight,
normal weight, and obese. Additional subclassifications within the obese category (e.g.,
moderate, severe, or morbid obesity) were not considered, as previous evidence suggests
that such granularity does not meaningfully improve discrimination for CAD-related
outcomes [29].

The outputs of all ML models were evaluated against the results of invasive coronary
angiography, which represents the clinical gold standard for assessing coronary artery
patency. ICA is an X-ray-based imaging technique used to visualize coronary blood flow
and is most commonly employed in patients with suspected acute coronary syndromes or
myocardial infarction.
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2.3. ML Algorithms

Random Forest, CatBoost, AdaBoost, XGBoost, TabPFN, and k-Nearest Neighbors
represent the set of ML classification methods investigated in this work. These algorithms
have been widely employed in the cardiovascular research community and shown to
provide competitive performance in predicting CAD and related outcomes across various
clinical datasets. Ergo, their utility has been demonstrated for structured clinical risk
prediction tasks [25,30–34].

Random forest [35] is a supervised ML method belonging to the family of ensemble
tree-based algorithms. It operates by constructing a collection of decision trees during
training and is applicable to both classification and regression tasks. Each decision tree
independently generates a prediction, and the final model output is determined through
an aggregation process. In classification problems, the predicted class corresponds to
the outcome receiving the highest number of votes across all trees, thereby improving
robustness and reducing the risk of overfitting compared to a single decision tree.

CatBoost [36] is a gradient boosting-based supervised ML algorithm that constructs
an ensemble of decision trees in a sequential manner. Unlike traditional boosting methods,
CatBoost is specifically designed to handle categorical features effectively and to mitigate
prediction bias through ordered boosting techniques. During training, each successive tree
is optimized to correct the errors made by the previous ensemble, leading to progressively
improved predictive performance. CatBoost supports both classification and regression
tasks and is known for its strong performance on structured clinical datasets, often requiring
minimal preprocessing while maintaining robustness against overfitting.

Adaptive Boosting [37], commonly referred to as AdaBoost, is an ML algorithm for
classification introduced by Yoav Freund and Robert Schapire in 1995. It is primarily used
for binary classification tasks. AdaBoost works by combining the outputs of multiple
“weak learners” into a weighted sum, which forms the final prediction of the boosted
model. The algorithm adjusts subsequent weak learners to focus more on instances that
were misclassified by earlier learners. Decision Trees are frequently employed as the
weak learners in AdaBoost. The method is considered adaptive because it iteratively
emphasizes the harder-to-classify examples. In certain situations, AdaBoost can be less
prone to overfitting compared to other algorithms. Even though individual learners may
perform only slightly better than random chance, the ensemble can theoretically be proven
to produce a strong overall model.

XGBoost [38], short for Extreme Gradient Boosting, is a powerful ML algorithm de-
signed for classification and regression tasks. It is an advanced implementation of gradient
boosting, introduced by Tianqi Chen in 2014, which builds an ensemble of decision trees
in a sequential manner. Each new tree is trained to correct the errors of the previous trees,
with the goal of minimizing a specified loss function. XGBoost incorporates regulariza-
tion techniques, such as L1 and L2 penalties, to reduce overfitting and improve model
generalization. It is highly efficient and scalable, capable of handling large datasets while
offering parallel and distributed computing options. Even though individual trees are
weak predictors, the algorithm combines them iteratively to form a strong and accurate
overall model, often outperforming other boosting methods.

TabPFN (Tabular Prior-Data Fitted Network) [39] is an ML model specifically designed
for handling tabular datasets in classification and regression tasks. Unlike traditional
algorithms that train a new model from scratch for each dataset, TabPFN is a pre-trained
transformer-based foundation model that performs in-context learning—it processes a new
dataset in a single forward pass without costly per-dataset training or hyperparameter
tuning. During its offline pre-training, TabPFN is exposed to millions of synthetic tabular
datasets generated from a rich prior over structural causal models, enabling it to learn a
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general inference strategy that approximates Bayesian posterior predictive distributions.
When presented with a small to medium tabular dataset, the model applies attention
mechanisms across both samples and features to capture relationships and make predictions
quickly and accurately. This approach often yields competitive or superior performance
compared to traditional boosted tree ensembles and other AutoML methods, especially on
smaller datasets where conventional models struggle with tuning and overfitting.

The working theory behind K-nearest neighbors [40] revolves around the k parameter.
This parameter is used to assign the number of nearest neighbors that are tested for
similarity to the new input with the use of a distance function. For instance, for k = 2,
the algorithm assigns to a new instance the label that minimizes its distance from 2 of
its neighbors.

2.4. Results Evaluation

This study involves evaluating the top-performing prediction models generated by
each ML classifier and selecting the most effective one. To assess performance, we employed
widely used metrics: accuracy, sensitivity, specificity, and the confusion matrix. These
metrics measure model performance by analyzing the relationships among True Positive
(TP), True Negative (TN), False Positive (FP), and False Negative (FN) predictions.

Accuracy is one of the most commonly used metrics for evaluating ML model perfor-
mance. It represents the proportion of correctly predicted instances out of the total number
of cases and is calculated as follows:

Accuracy = (TP + TN)/(TP + TN + FP + FN) (1)

Sensitivity (also called recall) measures the percentage of correctly predicted positive
instances—in this case, patients with CAD. It quantifies how well the model identifies all
actual positive cases and is expressed as:

Sensitivity = TP/(TP + FN) (2)

Specificity, in contrast, measures the proportion of correctly predicted negative
instances, reflecting how accurately the model identifies healthy individuals. It is
calculated as:

Specificity = TN/(TN + FP) (3)

The confusion matrix provides a summary of the model’s classification results. For
binary classification problems such as this study, it is a 2 × 2 table consisting of TP, TN, FP,
and FN, structured as follows:

Actual\Predicted Positive (PP) Negative (PN)

Positive (P) TP FN

Negative (N) FP TN

Each ML algorithm’s predictions were evaluated using 10-fold stratified cross-
validation. The cross-validated predictions were then used to calculate the performance
metrics for each model, which are reported in the Section 3.

The expert’s verdict, which serves as a benchmark with an accuracy of 78.81%, is
based on a comprehensive evaluation that includes all clinical data, multiple medical tests,
and imaging such as SPECT/PET scans, alongside years of theoretical knowledge and
practical experience. In contrast, the models in this study rely solely on lifestyle and other
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limited features and do not have access to the full spectrum of information available to the
medical expert.

Beyond aggregate cross-validation metrics, we analysed out-of-fold misclassifications
from the best-performing model (Random Forest, 10-fold stratified cross-validation). Each
patient was labelled as correctly classified, false negative (FN; ICA-defined CAD predicted
as no CAD), or false positive (FP; no CAD predicted as CAD). For each group we sum-
marised the prevalence of predisposing factors (CAD history, previous AMI, PCI, CABG,
stroke, diabetes, smoking), recurrent diseases (chronic kidney disease, family history of
CAD), and demographics (sex, BMI category, age category). Sex-stratified accuracy was
reported because of cohort imbalance (79.7% male).

2.5. Results Interpretation

In this study, the highest-performing prediction model is analyzed to provide in-
sight into its outputs. This step enhances transparency and helps users understand the
model’s decision-making process, increasing trust and reliability. Most AI systems are often
considered “black boxes,” which can reduce confidence, particularly when they produce
unexpected results. By making the prediction tool more interpretable and clarifying how it
generates predictions, we aim to improve user confidence and acceptance.

To achieve this, we apply two main interpretability techniques: Cohen’s effect size
and SHAP values. Cohen’s effect size is a statistical metric that quantifies the magnitude of
difference between two groups. It is calculated by dividing the difference between group
means by the pooled standard deviation. According to Cohen (1988) [41], effect sizes of 0.2,
0.5, and 0.8 are typically considered small, medium, and large, respectively. This metric
is widely used across disciplines such as psychology and medicine to assess the practical
significance of experimental results and to facilitate comparisons with previous studies.

SHAP (SHapley Additive exPlanations) analysis [42], on the other hand, is a widely
adopted method for enhancing model transparency. Drawing on concepts from cooper-
ative game theory, SHAP treats each feature as a “player” in a game, with the model’s
prediction as the outcome. The method distributes the prediction’s contribution among all
features, assigning each an importance value based on how much it influenced the final
prediction. This approach allows for a clear understanding of which features are driving
individual predictions.

3. Results
Model evaluation was performed using 10-fold stratified cross-validation, and per-

formance was assessed based on accuracy, sensitivity, specificity, and confusion matrix
analysis. Parameters for all models are shown in Appendix A Table A1.

3.1. Model Metrics

Tables 3 and 4 summarize the performance metrics achieved by each model when
trained on the complete feature set. The Random Forest and CatBoost classifiers achieved
the highest overall testing accuracy (76.21% and 76.18% respectively), closely followed
by AdaBoost (76.01%), TabPFN (75.66%), and XGBoost (75.48%). The KNN classifier
demonstrated the lowest accuracy among the evaluated models (72.50%).

Table 3. Metrics scores achieved by the models (best values are formatted in bold).

RF CatBoost AdaBoost XGBoost TabPFN KNN

Sensitivity 67.37% ± 10.00 67.34% ± 10.04 70.56% ± 8.67 68.55% ± 11.23 68.55% ± 8.73 56.45% ± 9.73
Specificity 83.00% ± 5.95 82.97% ± 5.06 80.19% ± 5.62 80.80% ± 5.44 81.11% ± 5.33 84.83% ± 6.67
Accuracy 76.21% ± 4.61 76.18% ± 4.55 76.01% ± 3.72 75.48% ± 10.92 75.66% ± 3.99 72.50% ± 3.82
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Table 4. Confusion matrix components for the evaluated models on the test set (best values are
formatted in bold).

Model TP FP TN FN

RF 169 55 268 79
CatBoost 167 55 268 81
AdaBoost 175 64 259 73
XGBoost 170 62 261 78
TabPFN 170 61 262 78

KNN 140 49 274 108

Overall, Random Forest and CatBoost demonstrated the most balanced performance
across all metrics, achieving strong accuracy while maintaining reasonable sensitivity and
specificity. AdaBoost also showed competitive results, particularly in sensitivity. Although
TabPFN and XGBoost performed comparably, they did not surpass the ensemble-based
tree methods. KNN, despite its high specificity, was limited by its low sensitivity, making it
less suitable for CAD prediction where minimizing false negatives is critical.

3.2. Interpretation of Best-Performing Model

Based on the comparative analysis of the six ML classifiers, the RF model was selected
for further interpretation due to its superior testing accuracy of 76.21% and its balanced
performance across sensitivity and specificity. To ensure the model’s predictions are
transparent and clinically grounded, its decision-making process was analyzed using
Cohen effect sizes and SHAP values.

As shown in Figure 1, features related to clinical history and demographics exhibit
the most significant magnitude of effect. Known CAD is the most influential predictor,
followed by Diabetes, Sex: male, and previous cardiac procedures such as PCI, AMI,
and CABG.

Figure 2 reinforces these findings, demonstrating that high values (represented in red)
for known CAD, Diabetes, and Sex (male) are strongly associated with higher model output
scores, thereby increasing the likelihood of a CAD diagnosis.

To understand how the Random Forest model arrives at individual classifications,
waterfall diagrams were utilized. These diagrams illustrate how specific patient features
shift the final prediction from a baseline expected value (E[f(x)]) of 0.436 toward a final
score (f(x)). Predictions exceeding this threshold are classified as CAD, while those below it
are categorized as NO-CAD.

In Figure 3, the model predicted a high probability of CAD with a score of f(x) = 0.573.
The primary driver for this classification was the patient’s Diabetes status, which increased
the risk score by +0.22. Additionally, being male and over the age of 50 contributed further
positive increments to the final score. Even though the absence of a known CAD history
provided a negative adjustment of −0.08, it was not enough to counter the weight of the
other risk factors.

Conversely, Figure 4 displays a case where the model correctly identified a healthy
patient with a low score of f(x) = 0.245. The most significant factors driving the score
below the decision threshold were the absence of known CAD (−0.08) and the absence
of Diabetes (−0.07). While the patient’s status as male provided a slight risk increase of
+0.03, the cumulative effect of having no history of PCI, AMI, or CABG ensured a final
negative prediction.

These interpretations confirm that the Random Forest model prioritizes established
clinical risk factors, ensuring its logic aligns with standard medical diagnostic expectations
for CAD.
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Figure 1. Cohen’s d effect sizes for all features, sorted by absolute magnitude. Negative values
indicate features more prevalent or higher in the CAD group, whereas positive values indicate
features more prevalent or higher in the non-CAD group.

3.3. Misclassification and Error Analysis

Of 571 patients, 135 (23.6%) were misclassified under out-of-fold evaluation (TN = 266,
FP = 57, FN = 78, TP = 170). The FN rate among ICA-positive patients was 31.5% (78/248);
the FP rate among ICA-negative patients was 17.7% (57/323). Positive predictive value
was 74.9% and negative predictive value 77.3%. These findings are depicted in Table 4.

As shown in Table 5, False negatives (CAD undetected) FN patients (n = 78) were pre-
dominantly male (79.5%) and aged ≥60 years (62.8%). Compared with correctly classified
patients, FN cases showed a markedly lower prevalence of documented CAD history (5.1%
vs. 34.2%) and prior revascularisation (previous AMI 2.6% vs. 17.7%; previous PCI 5.1%
vs. 21.3%; previous CABG 0% vs. 6.9%). Diabetes was also less frequent (12.8% vs. 25.0%),
whereas smoking was more frequent (51.3% vs. 37.8%). Family history of CAD (21.8%)
and chronic kidney disease (1.3%) were comparable to or slightly higher than in correctly
classified patients. BMI and age distributions were broadly similar to the correctly classified
group (normal weight 67.9%, overweight 48.7%, obese 32.1%; age ≥60 years 62.8%). These
findings suggest that FN errors occur mainly in patients without a strong documented
cardiovascular history, in whom predisposing clinical features may have insufficient weight
relative to the ICA reference diagnosis.
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Figure 2. SHAP summary plot depicting the relative importance of each.

Table 5. Prevalence of clinical and demographic features among correctly classified and misclassified
patients (Random Forest, out-of-fold predictions; values are % of patients within each group with the
feature present).

Feature Correct (n = 436) FN (n = 78) FP (n = 57)

CAD history 21.3 5.1 49.1
Previous AMI 6.9 0.0 5.3
Previous PCI 1.6 1.3 1.8

Previous CABG 25.0 12.8 49.1
Previous stroke 37.8 51.3 52.6

Diabetes 1.4 1.3 0.0
Smoking 15.4 21.8 14.0

Chronic kidney disease 77.3 79.5 98.2
Family history of CAD 65.4 67.9 52.6

Male sex 44.7 48.7 38.6
Normal weight (BMI < 24.9) 34.6 32.1 47.4
Overweight (BMI 25–29.9) 0.2 2.6 3.5

Obese (BMI ≥ 30) 7.3 11.5 12.3
Age < 40 years 18.3 23.1 19.3

Age 40–49 years 74.1 62.8 64.9
Age 50–59 years 21.3 5.1 49.1
Age ≥ 60 years 6.9 0.0 5.3
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Figure 3. SHAP waterfall diagram for a prediction of a CAD positive patient. The features that drove
the model to this classification are listed in order of relative importance.

Figure 4. SHAP waterfall diagram for a prediction of a healthy patient. The features that drove the
model to this classification are listed in order of relative importance.

False positives (healthy classified as CAD). FP patients (n = 57) were almost exclusively
male (98.2%) and had a high burden of predisposing disease: CAD history 64.9%, previous
AMI 40.4%, previous PCI 49.1%, previous CABG 5.3%, and diabetes 49.1%, all substantially
above the correctly classified group. Smoking was reported in 52.6% of FP cases. Most
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FP patients were aged ≥60 years (64.9%). Family history of CAD (14.0%) was similar
to that of correctly classified patients. FP errors therefore cluster in male patients with
extensive prior coronary disease and metabolic risk, suggesting that historical cardiac events
and comorbidities may drive CAD prediction even when the ICA reference classification
is negative.

The correctly classified subset (n = 436) showed intermediate predisposing-factor rates
(e.g., CAD history 34.2%, diabetes 25.0%, smoking 37.8%), consistent with a more balanced
risk profile.

Regarding sex-stratified performance, out-of-fold accuracy was 74.1% in men
(n = 455) and 85.3% in women (n = 116). FP cases were almost exclusively male; FN
sex distribution reflected the cohort composition. These subgroup estimates should be
interpreted cautiously given the limited number of women.

4. Discussion
The driving objective behind this research is multifaceted, while mainly focusing

on the development of early and scalable risk stratification tools for CAD. A primary
goal of this work is to investigate the extent to which accurate CAD prognosis can be
achieved by relying solely on lifestyle and medical history variables, thereby offering
a viable screening solution for low-resource clinical settings where complex diagnostic
data may be unavailable. To this end, the study evaluated the performance of several
ML models against established clinician baselines. Furthermore, this work prioritizes
clinical transparency and interpretability by implementing a comprehensive explainability
framework. This involves assessing the global impact of features through Cohen effect sizes
and SHAP summary plots, as well as providing local model interpretations that illustrate
how specific clinical factors drive individual risk predictions, as depicted in Figures 3 and 4.

The findings demonstrate that ML models, particularly ensemble-based tree methods
like Random Forest and CatBoost, can effectively predict CAD using clinical and demo-
graphic data. With the RF model achieving a peak accuracy of 76.21%, the results are
encouraging. This could be a possible representation of an initial step toward integrating
automated predictive tools into clinical workflows.

While the models achieved competitive metrics, it is essential to note that a direct
comparison with physician performance may be limited in this context. Clinicians typically
evaluate the entire clinical picture, incorporating holistic observations and patient history
that may not be fully captured in the specific feature set provided to the ML models. Hence,
the model should be viewed as a complementary tool to aid clinical decision-making rather
than a replacement for expert medical judgment.

Misclassifications were not random: false negatives were associated with absent or
minimal documented CAD history and revascularisation despite ICA positivity, whereas
false positives occurred mainly in men with prior AMI/PCI, known CAD, and diabetes.
These patterns indicate that the model relies heavily on predisposing clinical history and
may under-represent ICA-confirmed disease in patients without prior documentation, sup-
porting its role as an adjunct to—not a replacement for—invasive and clinical assessment
in referred patients.

The interpretability analysis confirms that the best-performing model aligns with
established medical knowledge [43–47]. The global feature importance metrics—both
the Cohen effect sizes and the SHAP summary plot—consistently identify known CAD,
Diabetes, Sex: male, and previous cardiac interventions (PCI, AMI, and CABG) as the most
influential predictors (Figures 1 and 2). This clinical grounding is further evidenced in local
interpretations (Figures 3 and 4). For instance, the presence of Diabetes can significantly
“push” the model’s prediction toward a CAD diagnosis by adding as much as +0.22 to the
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risk score. Conversely, the absence of a known CAD history or Diabetes serves as a primary
driver for classifying a patient as healthy.

A significant consideration regarding the utility of these models is the nature of
the dataset. The data used for training and testing is not representative of the general
population; rather, it reflects a specific subset of individuals who sought hospital care.
These patients often presented due to minor symptoms, comorbidities, or age-related
preventative concerns. Consequently, while the trained model is effective for evaluating
symptomatic or high-risk hospital visitors, its performance may vary when applied to the
broader, asymptomatic general population.

For these predictive tools to find broader application in population-wide screening
or prognosis, further research is required. Future studies should focus on collecting data
from more diverse, non-hospitalized populations to enhance generalizability. Moreover,
incorporating a wider array of clinical features to more closely mirror the “full clinical
picture” available to physicians.

In conclusion, the results of this study are a promising start. While recognizing the
inherent limitations regarding population representation and the breadth of clinical data,
the ability of models like Random Forest to prioritize established risk factors suggests they
can play a valuable role in the early identification of CAD within clinical settings.

5. Conclusions
This study investigated the potential of using ML to predict CAD by relying exclusively

on lifestyle and medical history variables. By evaluating six different classifiers, the research
identified the Random Forest model as the most effective, achieving a peak testing accuracy
of 76.21% and demonstrating balanced performance between sensitivity and specificity.

A key focus of this work was ensuring the transparency and interpretability of the
model’s decisions in alignment with clinical expectations. Analysis of global feature impor-
tance through Cohen effect sizes and SHAP values revealed that known CAD, diabetes, and
sex are the most influential factors in predicting CAD. Local interpretability demonstrated
how individual predictions are calculated.

While the models performed slightly below the clinician baseline of 78.8%, the results
are nevertheless encouraging. This research serves as a promising initial step, illustrating
that interpretable ML models can function as effective screening tools in low-resource set-
tings and act as a valuable complement to expert clinical judgment in preventive cardiology.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
AMI Acute Myocardial Infarction
ASCVD Atherosclerotic Cardiovascular Disease
AUC Area Under the Curve
BMI Body Mass Index
CABG Coronary Artery Bypass Grafting
CAD Coronary Artery Disease
CatBoost Categorical Boosting
CCTA Coronary Computed Tomography Angiography
CVD Cardiovascular Disease
CVDs Cardiovascular Diseases
DL Deep Learning
FN False Negative
FP False Positive
ICA Invasive Coronary Angiography
KNN K-Nearest Neighbors
MDSS Medical Decision Support Systems
ML Machine Learning
MPI Myocardial Perfusion Imaging
PCI Percutaneous Coronary Intervention
PET Positron Emission Tomography
RF Random Forest
SCORE Systematic Coronary Risk Evaluation
SHAP SHapley Additive exPlanations
SPECT Single-Photon Emission Computed Tomography
TabPFN Tabular Prior-Data Fitted Network
TN True Negative
TP True Positive
WHO World Health Organization
XGBoost Extreme Gradient Boosting

Appendix A. Hyperparameter Fine-Tuning

Table A1. Best hyperparameters and 10-fold cross-validated tuning accuracy (optimisation metric:
accuracy).

Algorithm Selected Hyperparameters

RF n_estimators = 100, max_depth = 10, min_samples_split = 10,
min_samples_leaf = 1

CatBoost n_estimators = 50, learning_rate = 0.2, depth = 6
AdaBoost n_estimators = 150, learning_rate = 0.5

XGBoost n_estimators = 50, max_depth = 5, learning_rate = 0.01,
subsample = 0.8

TabPFN n_estimators = 78, device = cpu
KNN n_neighbors = 10, weights = uniform, metric = Euclidean
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