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Abstract

Cardiovascular disease (CVD) remains one of the leading causes of global mortality
and disability. Advances in computational modeling and artificial intelligence have
enhanced CVD risk prediction by integrating multivariate clinical and biochemical
features. Recent developments in deep learning, especially transformer-based
models for tabular data, have demonstrated superior capabilities in capturing
nonlinear and high-dimensional biomarker interactions. This study proposes a
predictive framework that uses statistical and clinical biomarker data to assess CVD
risk. Traditional machine learning models (logistic regression, Gaussian Naive Bayes,
linear discriminant analysis, AdaBoost, and XGBoost) were compared with deep
learning models (gated recurrent unit [GRU] and long short-term memory [LSTM]) and
transformer-based models—self-attention and intersample attention transformer
(SAINT), feature tokenizer (FT), and tab transformer. Experiments were conducted
to evaluate the impact of data augmentation, analyze learning behavior through
loss and accuracy curves, and assess a fusion approach combining tab transformer
with recurrent networks. Model performance was evaluated using accuracy and
receiver operating characteristic analysis. Transformer-based models consistently
outperformed conventional machine learning and deep learning methods. SAINT
and FT achieved an area under the curve (AUC) of 0.8875 and 0.9489, respectively.
The tab transformer demonstrated the highest performance with an AUC of 0.9728.
The fusion of the tab transformer with GRU and LSTM further enhanced predictive
precision, improving representation learning and generalization for CVD risk
prediction. The proposed transformer-based framework offers a robust, scalable,
and interpretable solution for accurate CVD risk assessment. Its superior predictive
capability highlights the potential for integration into clinical decision-support
systems for early diagnosis and patient management.

Keywords: Cardiovascular disease; Deep learning; Transformer; Tab transformer; Machine
learning; Risk prediction; Biomedical data

1. Introduction

Cardiovascular Disease (CVD) remains a major global
cause of death, particularly among patients with diabetes
mellitus' and chronic kidney disease.? Various biomarkers
have been identified to monitor disease progression,
including indicators of neurological dysfunction, blood
viscosity, and hypertension. Additional factors—such
as smoking history, radiation exposure, and metabolic
disorders—further elevate cardiovascular risk. This study
focuses exclusively on clinical biomarker data for disease
detection, emphasizing statistical and biochemical features
over imaging-based diagnostics.

Transformer-based models for tabular data—feature
tokenizer (FT),’ self-attention and intersample attention
transformer (SAINT),* and tab transformer®—are
introduced to enhance predictive accuracy in CVD
assessment. These models leverage attention mechanisms
to capture complex feature interactions that traditional

methods often miss. FT tokenizes features for effective
embedding; SAINT incorporates self- and inter-sample
attention for richer relational learning; and tab transformer
models both categorical and continuous features using
context-aware embeddings, improving interpretability
and generalization across patient data. This work is a
benchmarking framework for CVD risk prediction that
evaluates classical machine learning (ML) models, deep
learning (DL) models (gated recurrent unit [GRU] and
long short-term memory [LSTM]),** and three advanced
transformer-based models (SAINT, FT, tab transformer),
under a standardized pipeline.

The experimental framework evaluates model
performance through sequential analyses, starting with
the effect of data augmentation on generalization and
stability. Traditional ML models (logistic regression,
Gaussian Naive Bayes, linear discriminant analysis
(LDA), AdaBoost, and XGBoost),'** DL models (GRU,
LSTM),"*"” and transformer-based models (FT, SAINT,

Volume 3 Issue 3 (2026)

doi: 10.36922/AIH025460100


https://dx.doi.org/10.36922/AIH025460100

Artificial Intelligence in Health

CVD risk using transformer models

tab transformer) are compared using accuracy, loss, and
receiver operating characteristic (ROC) metrics. A fusion
approach combining the tab transformer with recurrent
models further enhances predictive precision and overall
robustness.

Theproposed systemin Figure 1 integrates preprocessing,
feature extraction, and model training in a scalable pipeline.
Clinical data are normalized, balanced, and augmented
before being processed using transformer-based models for
feature learning and classification. As shown in Figure 1,
this framework supports robust, automated, and clinically
adaptable prediction of CVD risk.

The remainder of the current paper presents background
literature, followed by biomarker characterization,
data preprocessing, experimental protocols, and model
evaluations. The study concludes with key findings,
performance outcomes, and future prospects for
transformer-based risk stratification.

2. Background literature

CVD risk stratification has evolved over decades,
progressing from traditional statistical models to advanced
DL frameworks. Early prediction approaches in the
1980s-1990s relied on demographic and clinical variables,
such as gender, age, cholesterol level, blood pressure,
and smoking history.”® During the 2000s, multivariable
models incorporated additional parameters, including
diabetes, family history, and body mass index (BMI),
alongside region-specific Systematic Coronary Risk
Evaluation charts.” The 2010s marked the emergence of
ML techniques—such as random forests, support vector
machines, and neural networks—integrated with broader
clinical and therapeutic features.” AtheroEdge™ systems
and Detrano et al* validated that incorporating imaging
biomarkers, such as carotid intima-media thickness, total
plaque area (TPA), and coronary calcium scores, further

Augmentation
using SMOTE

Balanced and
augmented data

Clinical CVD
raw data

enhanced diagnostic accuracy. Since 2015, DL methods
using convolutional neural networks and recurrent
neural networks have advanced CVD risk prediction by
identifying complex patterns within electronic health
records and retinal imagery.? Recently, Transformer-based
models—FT, SAINT, and tab transformer—have achieved
state-of-the-art performance on tabular biomarker
data, effectively modeling nonlinear relationships and
improving both predictive accuracy and interpretability in
CVD assessment.

3. Methodology

This study was conducted using data gathered from one
clinical setting, the Cardiovascular Imaging Network
at Queens University, Canada, and was later provided
to AtheroPoint™, USA, under institutional agreements.
This dataset is not publicly accessible and consists of two
independent cohorts of patients: an experimental dataset
of 500 patients and a validation dataset of 459 patients,
representing real-world populations for cardiovascular
risk assessment. Every patient record has a systematic
collection of 21 cardiovascular biomarkers, divided
into office-based, laboratory-based, carotid ultrasound
image-based parameters, and MedUse groups. These
are demographic and clinical factors, including age, sex,
diabetes, hypertension, hyperlipidemia, smoking history,
BMI, creatinine, and glomerular filtration rate (GFR).
Other variables include family history, presence of angina,
and the use of medications (statins, angiotensin-converting
enzyme inhibitors, angiotensin 2 receptor blockers, beta-
blockers). Radiomic parameters derived from ultrasound,
such as TPA, minimal plaque height, and intra-plaque
neovascularization,”* were also incorporated, and
AngioScore (0 to 1) was the target label.

The research sample was representative of a mixed
cardiovascular prevention cohort, comprising individuals

ML and DL-based models

(

ML models (LDA, LR, AdaBoost, GNB)
DL models (LSTM, GRU)

Quality control

Class
balancing

Figure 1. Online system design

([ Low risk
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/4
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CVD risk
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Transformer models (SAINT, FT, Tab)
Fused transformer models (Tab + LSTM, GRU),

Xmer-based models

Abbreviations: CVD: Cardiovascular disease; DL: Deep learning; FT: Feature tokenizer; GNB: Gaussian Naive Bayes; GRU: Gated recurrent unit; LDA: Linear
discriminant analysis; LR: Logistic regression; LSTM: Long short-term memory; ML: Machine learning; SAINT: Self-attention and intersample attention

transformer; SMOTE: Synthetic minority oversampling technique.
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who underwent vascular screening, those with known risk
factors, and those with subclinical atherosclerosis detected
using ultrasound. We provided statistically significant
demographic data, including age range, mean age, and sex
distribution. Since the dataset was skewed and had fewer
CVD-positive cases, we applied the synthetic minority
oversampling technique (SMOTE)**?% to the training folds
to prevent leakage. To obtain a balanced dataset of 3,060
records (765 per class), we applied SMOTE and controlled
random sampling. This approach enhanced feature
uniformity and the model’s resilience while ensuring that
only real patient data were included in the validation and
test sets.

Each experiment was performed using a 10-fold
stratified cross-validation protocol, with each cohort
included. The splits were performed at the patient level,
and no patient appeared in both the training and validation
folds. Temporal biomarker alignment was performed
among the patients alone, avoiding temporal or identity
leakage. Figure 2 illustrates the experimental workflow
used to assess three transformer-based models (FT, SAINT,
and tab transformer) with recurrent layers to create our
proposed fusion models. A transformer block was used in
this design, in which the cardiovascular biomarker inputs
were first converted into contextual embeddings, and the
resulting representation was then fed into a GRU/LSTM
unit to extract the temporal and sequential patterns.

The fused output was then processed by a dense
layer and optimized using the Adam optimizer. This
parallel-transformer-plus-recurrent ~ structure enabled
the model to learn both cross-feature relationships
and longitudinal trends, producing more informative
representations than a standalone transformer. Compared
to the tab transformer alone, the fusion version achieved
a measurable improvement in predictive accuracy with
a modest increase in computational cost due to the
additional recurrent parameters. Training time increased
slightly, but inference remained efficient and suitable for

clinical deployment. This model demonstrated enhanced
robustness and generalization for CVD risk prediction.

3.1. Self-attention and intersample attention
transformer

The SAINT model uses a dual-attention model to learn
feature-level and sample-level dependencies in tabular
data. It has two modules, as illustrated in Figure 3, a self-
attention block and an intersample attention block. The
self-attention block is trained with multi-head attention,
normalization, and feedforward layers to learn intra-
sample feature relationships, whereas the intersample
block is trained to learn cross-sample dependencies, which
strengthen the contextual representation. Such a two-
phase design allows SAINT to capture complex biomedical
interactions, thereby improving its ability to predict CVD
risk.

3.2. Feature tokenizer transformer

The FT transformer is a modification of the transformer
framework for tabular data, in which each feature
is represented as a token, as shown in Figure 4. It
simultaneously works with both categorical and continuous
variables in a single embedding space, eliminating the
requirement of heavy preprocessing. These embeddings
are processed by regular transformer encoder layers of
multi-head attention and feedforward networks. FT learns
inter-feature dependencies and nonlinear correlations
by treating features as tokens, making it an effective
way to generalize effectively on small medical data. FT
demonstrated a remarkable predictive power in CVD risk
assessment in this study.

3.3.Tab transformer

The tab transformer uses context-aware embeddings
to encode categorical and continuous features, which
substitutes one-hot encodings with transformer-
encoded representations. This enables the dynamically
adaptable contextual feature relationship and higher-
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Figure 2. Tandem block diagram

Abbreviations: FT: Feature Tokenizer; GRU: Gated recurrent unit; LSTM: Long short-term memory; SAINT: Self-attention and intersample attention

transformer; TAB Xmer: Tab transformer; Xmer: Transformer.
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order dependencies across heterogeneous data. The
tab transformer exhibited the highest area under the
curve (AUC) among all models for CVD risk prediction
because it better models feature interactions and is easier
to interpret, as evidenced in Figure 5. It is strong and
explainable, which makes it suitable for clinical use where
precise risk stratification based on biomarkers is needed.

3.4. Experimental protocols

The experimental framework was designed to evaluate
the reliability, interpretability, and predictive performance
of transformer-based models—SAINT, tab transformer,
and FT—in comparison with conventional DL and ML
techniques for CVD risk prediction. The setup focused
on assessing the effects of data augmentation, model
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stability, and feature-learning capability within a unified
experimental environment.

3.4.1. Experiment 1: Effect of augmentation

The first experiment concerned the impact of data
augmentation on the model’s generalization and learning
performance. Synthetic balancing increased the dataset,
improving the representation of minority classes and
stabilizing the learning dynamics. This operation enhanced
predictive consistency and strength across transformer
structures.

3.4.2. Experiment 2: Model comparison (machine
learning vs. deep learning vs. transformers)

The second experiment involved a three-model group
comparison (traditional ML [logistic regression, AdaBoost,
Gaussian Naive Bayes, LDA, XGBoost], DL [GRU, LSTM],
and transformer-based model [SAINT, tab transformer,
FT]) comparison. Results show that transformers learned
interactions more effectively, with superior generalization
and outcomes, than classical and deep models in the
association among intricate biomarkers.

3.4.3. Experiment 3: Accuracy and loss curves

Transformer-based models showed convergence and
stability in the learning curves. The gradual decrease in loss
and improvement in accuracy per epoch indicated effective
optimization and minimal overfitting, demonstrating that
transformers could effectively encode complex biomarker
dependencies.

3.4.4. Experiment 4: Fusion effect

The final experiment was a hybrid fusion approach
that integrated the most efficient tab transformer and
sequential models (LSTM, GRU). These features combined
the contextual representations of the tab transformer and
the temporal modeling of recurrent networks to achieve
enhanced feature representation and accurate CVD risk
prediction.

3.5. Optimization

The system used grid-search cross-validation to estimate
the most efficient hyperparameter settings to maximize
model performance. A large number of parameter tuning
runs were performed to balance training stability and
predictive accuracy across transformer-based, DL, and ML
models. The best setup was the learning rate of 0.00007,
Adam optimizer, softmax activation, a batch size of 32, and
200 training steps. Other parameters were also optimized,
including a dropout rate of 0.2 and a weight decay of 0.001,
to avoid overfitting and enhance convergence. To ensure
a fair comparison, all deep and transformer-based models

were trained using the same two-stage tuning scheme, in
which the initial step was a coarse search, followed by a
refinement to the most promising settings. The FT was also
a feature of transformer-based models, in which categorical
variables were transformed into learnable embeddings
and numerical variables were transformed into linear
projections, allowing the model to process all features
in a single embedding space. These design decisions
enabled the transformer-based models, specifically the
tab transformer, to exhibit stable learning behavior and
to provide better predictive performance than traditional
methods for CVD risk stratification.

4. Results

We assessed the suggested framework across several
aspects, including data augmentation, learning behavior,
model comparison, and statistical validation. All
experiments indicated that predictive performance
depended on various factors, including data variety and
model combination. The tab transformer showed greater
accuracy and stability in CVD risk prediction.

4.1. Results of experiment 1: Effect of augmentation

Figure 6 shows the impact of data augmentation on
model accuracy. The baseline model achieved 69.32%
accuracy, improving to 76.20% and 83.95% with 2 x
and 3 x augmentation, respectively. Accuracy peaked at
89.98% for 9 x augmentation before slightly decreasing to
88.36% at 10 x. Moderate augmentation (4-9 x) enhanced
generalization and stability, while excessive augmentation
yielded diminishing returns.

4.2, Results of experiment 2: Model comparison

Table 1 summarizes the performance of ML, recurrent,
and transformer-based models based on 10-fold cross-
validation. Older models (Gaussian Naive Bayes, logistic
regression, LDA, AdaBoost, XGBoost) exhibited moderate
accuracy (53-86%) and AUC (0.67-0.91). GRU and LSTM

100

89.81 89.94 89.82 89.98
92 93 88.36

Accuracy (%)

50

Raw 2xAug  3xAug  4xAug  SxAug 6xAug TxAug SxAug 9xAug  10xAug

Figure 6. Effect of augmentation (Aug) using the 10-fold cross-validation
protocol
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Table 1. Performance comparison of different models using the 10-fold cross-validation protocol

Models Accuracy (%) Precision (%) Sensitivity (%) F1 (%) AUC [0-1]
GNB 53.24 53.33 58.24 54.92 0.6703
Logistic regression 56.34 56.38 56.34 56.26 0.7881
LDA 59.61 59.73 59.61 59.39 0.8137
AdaBoost 66.23 65.89 66.32 65.61 0.8169
XGBoost 86.31 87.24 87.32 87.53 0.9178
GRU 87.04 87.12 87.21 87.23 0.9134
LSTM 87.86 87.89 87.65 87.56 0.9257
SAINT 86.16 86.45 86.78 86.64 0.8875
FT transformer 89.18 89.37 89.78 89.76 0.9489
Tab transformer 95.18 95.72 95.78 95.42 0.9728

Abbreviations: AUC: Area under the curve; FT: Feature tokenizer; GNB: Gaussian Naive Bayes; GRU: Gated recurrent unit; LDA: Linear discriminant
analysis; LR: Logistic regression; LSTM: Long short-term memory; SAINT: Self-attention and intersample attention transformer.

recurrent models performed better, with accuracies over
87% and AUCs over 0.91. Transformer-based models
performed remarkably, with accuracies of 86.16%, 89.18%,
and 95.18%, and AUCs of 0.8875, 0.9489, and 0.9728 for
SAINT, FT transformer, and tab transformer, respectively,
suggesting their superior efficacy in predicting complex
interactions between biomarkers.

4.3. Results of experiment 3: Loss and accuracy
curves

Figures 7 and 8 depict the training and validation
performance of the tab transformer. Both loss curves
declined smoothly over 200 epochs, indicating stable
convergence. The close alignment between training and
validation losses suggested minimal overfitting and strong
generalization. Accuracy steadily improved, exceeding
90% in later epochs, confirming the model’s robustness for
CVD prediction.

4.4. Results of experiment 4: Fusion effect
4.4.1. Performance evaluation

The ROC curve in Figure 9 compares SAINT, FT, and
the tab transformer for CVD risk prediction. All models
performed robustly, with the tab transformer showing the
best predictive accuracy (AUC = 0.9728), followed by FT
(0.9489) and SAINT (0.8875). Their high AUCs suggested
superior ability to distinguish positive from negative CVD
cases, demonstrating strong predictive power for clinical
data.

The transformer-based models were fused with
DL models (GRU and LSTM), and the fusion models’
predictive performance was assessed using ROC analysis.
With recurrent networks added, the models” performance

—— Training loss

0175 —— Validation loss

0.150

0125

w

E 0.100
0075
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0 b} 50 7 125 150 175 200
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Figure 7. Train versus validation loss curve for the tab transformer,
limiting to 200 epochs

—— Training accuracy
—— Validation accuracy

3 8

Accuracy (%)
2
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Figure 8. Train versus validation accuracy curve for the tab transformer,
limiting to 200 epochs
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further improved: GRU-tab and LSTM-tab demonstrated
AUCs of 0.9823 and 0.9829, respectively, indicating
improved temporal feature extraction and better ability to
predict high-risk patients compared to the tab transformer
alone (AUC: 0.9728). In contrast, the FT and SAINT
fusion models (GRU-FT, LSTM-FT, GRU-SAINT, and
LSTM-SAINT) demonstrated smaller improvements
than those of the tab-based models as depicted in Figure 9
(ROC analysis), while the corresponding fusion accuracy
comparison is shown in Figure 10.

4.4.2. Power analysis

Using the augmented dataset of 2,401 patients yielded
statistically reliable and generalizable results. The observed
effect sizes and dataset scale confirm the tab transformer’s

08

06

_+— SAINT-transformer (AUC: 0.8875, p-value<0.001)
~——— GRU-SAINT (AUC: 0.9315, p-value<0.001)
—— LSTM-SAINT (AUC: 0.9316, p-value<0.001)
—— FT-transformer (AUC: 0.9489, p-value<0.001)
—— GRU-FT (AUC: 0.9529, p-value<0.001)

—— LSTM-FT (AUC: 0.9537, p-value<0.001)

~—— Tab-transformer (AUC: 0.9728, p-value<0.001)
—— GRU-tab (AUC: 0.9823, p-value<0.001)

~—— LSTM-tab (AUC: 0.9829, p-value<0.001)

=== Chance

True positive rate

024

0.0

0.0 02 04 0.6 08 1.0
False positive rate

Figure 9. Receiver operating characteristic curves of different
transformer-based models

Abbreviations: AUC: Area under the curve; FT: Feature tokenizer;
GRU: Gated recurrent unit; LSTM: Long short-term memory;
SAINT: Self-attention and intersample attention transformer.

B Tab transformer
100 B FT transformer

Accuracy (%)

Model type

Figure 10. Accuracy comparison of the fusion models

effectiveness and superiority over traditional methods for
CVD risk prediction, as shown in Equation (1):

N =zz><px(1—p)

g (1)
MoE

Where N* represents the minimum required sample
size, z = 1.96 denotes the Z-score corresponding to the
desired confidence level, p = 0.5 (worst case) is the assumed
proportion or variability, and MoE = 0.02 stands for the
margin of error.

5. Scientific and clinical validation

To ensure the clinical reliability of the proposed framework,
we performed a two-part scientific validation focusing on
interpretability, statistical robustness, and clinical utility.
Shapley additive explanation (SHAP) analysis was used
to confirm that the models key predictors align with
established cardiovascular risk factors, while multi-seed
evaluations and multiple significance tests verified the
stability and reproducibility of model performance.

5.1. Explainability

To assess the interpretability of the proposed framework, we
performed a SHAP analysis to determine each biomarker’s
contribution to the models predictions. The SHAP

Family Hx of CVD

Age

Sex

Smoking Hx

Diabetes T2D

Previous Smoker

Hyperlipidemia

HMG-Co Reductase Inhibitors (Statins)
Current Smoker

Diabetes (any)

Family Hx of Premature CVD

GFR
Angina
Obesity
TPA
Insulin N Class 0
N Class 3
BMI . Class |
mm Class 2
G T T
0.00 0.02 0.04 0.05 0.08 0.12

mean(|SHAP valuc|) (average impact on model output magnitude)

Figure 11. Class-wise SHAP values for tab transformer

Abbreviations: BMI: Body Mass Index; CVD: Cardiovascular disease;
GFR: Glomerular Filtration Rate; Hx: History; IPN: Intraplaque
Neovascularization; SHAP: Shapley additive explanation; TPA: Total
Plaque Area.
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summary findings (Figure 11; Class 0 = low risk, Class 1 =
mild risk, Class 2 = moderate risk, and Class 3 = high risk)
indicate that family history of CVD, age, sex, smoking
history, type 2 diabetes, and hyperlipidemia were the most
significant predictors of CVD risk.

These variables were the most strongly related to
model output across all classes and aligned with well-
known clinical risk factors reported in cardiovascular
epidemiology. There was a moderate effect on medication-
related characteristics, such as statin use and other
metabolic indicators, including GFR and creatinine, and
smaller but significant effects on radiomic characteristics,
including TPA and BMI. The correspondence between
rankings of SHAP-derived importance and established
CVD determinants was a strong indication that the
model represented physiologically plausible relationships
rather than relying on spurious statistical artifacts. This
interpretability analysis confirmed the clinical credibility
of the proposed framework and justified its possible
application in the risk stratification context.

5.2, Statistical test

To ensure the strength and scientific validity of the
proposed models, we conducted a comprehensive set
of statistical tests to validate the multi-seed evaluations
and the significance tests. Transformer-based and DL
models were retrained with three independent random
seeds (11, 27, 42), and the mean AUC values, standard
deviations, and 95% confidence intervals are now
reported to reflect performance variability. As the tab
transformer was the most efficient model, we conducted
a full range of statistical significance tests, including the
x? test, the Wilcoxon signed-rank test, the independent
t-test, the Mann-Whitney U test, and the DeLong’s test.
The p-values were <0.05 in all tests, as shown in Table 2,
indicating no statistically significant differences between
the transformer-based model and the other models.

Although the AUC of 0.97 is considered high, several
measures were taken to minimize the risk of overfitting,
including patient-level splitting, avoiding data leakage,
regular hyperparameter tuning, early termination, and
testing on a separate cohort. The slightly lower AUC on

Table 2. Statistical testing for the tab transformer model

Statistical test Statistic value p-value Interpretation

X test 0.192 0.423 p<0.07
Wilcoxon signed-rank test 516 0.129 p<0.07
Independent ¢-test 0.4978 0.628 p<0.07
Mann-Whitney U test 0.628 0.598 p<0.07
DeLong’s test 0.437 0.693 p<0.07

the external dataset, the low variance in seeds, and the
well-calibrated probability estimates also contributed to
the model’s stability and generalizability. Taken together,
these analyses enhanced the scientific validity of the results
and proved that the model performance is reliable and
reproducible.

5.3. Clinical significance

To assess the reliability of the predicted probabilities, we
evaluated model calibration using both Brier scores and
calibration curves. Among all models, the tab transformer
demonstrated the best probabilistic accuracy with a Brier
score of 0.0303, followed by SAINT (0.0742) and FT
transformer (0.1173), indicating that the tab transformer
produced the most well-calibrated risk estimates, as shown
in Table 3. The calibration intercepts and slopes further
supported this observation, with the tab transformer
showing a slope closest to the ideal value of 1, reflecting
appropriate scaling of predicted risks. The calibration
curves (Figure 12) reveal that the tab transformer tracked
the perfect calibration line more closely across most
probability bins, particularly in the clinically relevant
mid- to high-risk ranges, while SAINT and FT transformers
exhibited greater deviation and overconfidence at certain
thresholds.

6. Discussion

Our study presents a unified experimental framework
integrating transformer-based models, DL, and traditional
ML models to enhance the predictive reliability of CVD
risk assessment. Specifically, (i) data augmentation
significantly improved model generalization by generating
balanced datasets through synthetic oversampling, leading
to stable training and consistent predictive performance;
(ii) comparative evaluation of traditional ML (logistic
regression, AdaBoost, Gaussian Naive Bayes, LDA), DL
(GRU, LSTM), and transformer-based models (SAINT,
FT, tab transformer) showed that transformer-based
models outperformed others in modeling complex
biomarker interactions and nonlinear dependencies;
(iii) accuracy and loss curves revealed stable convergence,
minimal overfitting, and efficient optimization across
epochs, confirming strong generalization; (iv) ROC

Table 3. Brier and calibration score

Model Brier score Intercept Slope
SAINT 0.0742 -1.1823 2.1360
FT transformer 0.1173 -1.7942 1.6233
Tab transformer 0.0303 -1.6547 1.1356

Abbreviations: FT: Feature tokenizer; SAINT: Self-attention and
intersample attention transformer.

Volume 3 Issue 3 (2026)

doi: 10.36922/AIH025460100


https://dx.doi.org/10.36922/AIH025460100

Artificial Intelligence in Health

CVD risk using transformer models

analysis highlighted the superior predictive accuracy of
transformer-based models, with attention mechanisms
enhancing class separability, sensitivity, and specificity;
(v) fusion experiments combining tab transformer with
LSTM and GRU demonstrated that integrating contextual
embeddings with temporal learning improved sequential
representation and predictive robustness; (vi) grid search
optimization identified an optimal configuration—
learning rate of 0.00007, batch size of 32, 200 epochs,

1.0{ ===- Perfect calibration
—e— FT transformer
—e— SAINT

~—&— Tab transformer

° ° °
-~ o (-]

Observed probability

o
%)

0.0

0.0 0.2 04 0.6 0.8 1.0
Predicted probability

Figure 12. Calibration plots for transformer-based models
Abbreviations: FT: Feature tokenizer; SAINT: Self-attention and
intersample attention transformer.

dropout of 0.2, and weight decay of 0.001—ensuring
balanced convergence; (vii) multi-fold cross-validation
strengthened reliability by minimizing overfitting and
improving consistency; and (viii) power analysis using
~2,400 patient samples confirmed sufficient statistical
strength, validating that the tab transformer’s performance
gains are significant and not due to random variation.

6.1. Benchmarking

The benchmarking in Table 4 summarizes key studies
evaluating the performance of artificial intelligence models
in CVD risk prediction. It compiles details on dataset
sources, patient and feature counts, model types, validation
strategies, performance metrics, and power analysis. This
structure enabled a clear comparison of traditional ML,
DL, and transformer-based approaches across diverse
datasets. Maiga and Hungilo?® applied random forest to
the Kaggle CVD dataset (70,000 patients, 12 features),
achieving 70% accuracy, while Shorewala® used K-nearest
neighbors, random forest, and stacking ensembles,
achieving 75% accuracy. Support vector machine-based
studies by Unnikrishnan et al.,”® Alaa et al.,’! and Reddy
et al** reported AUC values of 0.71, 0.724, and 0.858,
respectively, demonstrating variation across datasets of
different scales. DL and attention-based studies have
shown improved performance. Bhatt et al.** achieved 87%
accuracy and 0.95 AUC using a multilayer perceptron;

Table 4. Benchmarking table showing studies that implemented machine learning and deep learning models for cardiovascular

disease stratification

Citation Input dataset Classification model Performance Validation
Source Patient NOF Artificial intelligence model CvV Best Model Accuracy AUC Power
country number (%) [0-1] analysis
28 Kaggle CVD 70,000 12 RE NB, LR, and KNN - RF 70.00 - No
dataset
29 Kaggle CVD 70,000 12 KNN, RE, Stacking - Stacking 75.00 - No
dataset
30 - 2,400 9 SVM K5 SVM - 0.710 Yes
31 - 423,600 473 SVM, GBM, RE, K10 - 0.724 No
32 Cleavland 303 14 SVM K10 SVM 86.47 0.858 No
33 Kaggle CVD 70,000 14 XGBoost, KNN, MLP K5 MLP 87.00 0.950 No
34 - 379 97/970  SegNetUNet, SegNet, Unet+SegNet K5 Unet++ 88.90 0.910 No
35 Cleavland 303 13 Self-attention-based transformer K10  Self-attention-based 96.51 - No
transformer
36 Canada 500 39 RE RSF K10 - - 0.960 Yes
cohort
Proposed Canada 500 39 LR, GNB, LDA, AdaBoost, Tab K5 Tab transformer 83.76 0.930 Yes
cohort transformer

Abbreviations: AUC: Area under the curve; CV: Cross-validation; CVD: Cardiovascular disease; GBM: Gradient boosting machine; GNB: Gaussian
Naive Bayes; KNN: K-nearest neighbors; LDA: Linear discriminant analysis; LR: Logistic regression; MLP: Multilayer perceptron; NB: Naive Bayes;
NOF: Number of features; RF: Random forest; RSF: Random survival forest; SVM: Support vector machine.
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Jain et al** attained 88.9% accuracy and 0.91 AUC using
Unet++, and Rahman et al.** reached 96.5% using a self-
attention-based transformer. Jamthikar et al*® validated
random forest and random survival forest models on the
Canada cohort (500 patients, 39 features), reporting 0.96
AUC with power analysis confirmation. The proposed
framework integrated ML models (logistic regression,
Gaussian Naive Bayes, LDA, AdaBoost, and XGBoost)
with xLSTMmg, achieving 83.76% accuracy and 0.93
AUC on the same cohort using 5-fold cross-validation.
The model’s temporal learning ability enhanced sequential
pattern recognition, offering robust CVD risk prediction
and patient stratification.

6.2. A special note on transformer-based models for
tabular data

A novel DL model for tackling the challenge of healthcare
complexity is a transformer-based model for tabular
biomarker data. The attention mechanisms make models
such as FT, SAINT, and tab transformer highly efficient in
identifying significant interactions among biomarkers and
identifying long-term patterns of CVD risk. These models
can be used to accurately assess the risk by increasing the
sensitivity to small yet clinically significant differences. The
tab transformer exhibited high scalability and flexibility
and performed better at processing both categorical and
continuous data. These models can perform well on noisy,
high-dimensional clinical data, suggesting their potential
for developing predictive analytics systems in CVD.

6.3. Implication of the study

The clinical implications of this studys findings are
significant for CVD risk management. Even small
changes in AUC may reduce the number of missed
high-risk patients, providing an opportunity to detect
subclinical atherosclerosis earlier and to take preventive
measures, including statin therapy, lifestyle changes, or
follow-up imaging, promptly. The model is improved at
capturing silent disease progression using imaging-based
biomarkers, such as plaque morphology, which are not
considered in conventional risk scores, thereby improving
decision-making in preventive cardiology. Better predictive
accuracy also reduces false positives, thereby minimizing
unnecessary testing and referrals. The combination of
these advantages helps improve risk stratification, clinical
resource allocation, and clinicians’ confidence in excluding
or validating high CVD risk.

6.4. Strengths, weaknesses, and extensions

There are several strengths of our solution in CVD risk
prediction. (i) Transformer-based models, such as FT,
SAINT, and tab transformer, permit the representation

of the nonlinear interactions of biomarkers, allowing the
system to learn the complex physiological relationships
and obtain a better generalization to different patient
phenotypes. (ii) Large-scale hyperparameter optimization
and comprehensive power analysis ensure statistically
robust and reproducible performance, whereas data
augmentation guarantees balanced representation of
classes and additional stability of the model. (iii) Imaging-
based radiomic features, combined with conventional
clinical biomarkers, offer a multimodal view of patient
risk that is not provided in conventional clinical scoring
systems. (iv) Clinical transparency is improved through the
incorporation of interpretability tools, fro example, SHAP-
based feature importance, which identifies biomarkers that
are consistent with established risk factors of CVDs. All
these strengths make the suggested framework an effective
and clinically relevant cardiovascular risk stratifier.

Despite these strengths, there are several weaknesses. (i)
Due to their computational intensity, transformer-based
models require a longer time to train, which could make
them less applicable in real-time or resource-constrained
healthcare settings.””* This underscores the need for more
efficient and streamlined models before clinical deployment.
(ii) Our model cannot be directly compared to common
CVD risk calculators, such as the Framingham Risk Score
or the pooled cohort equations of Atherosclerotic CVD. Our
dataset did not provide essential clinical variables required
for such comparisons (e.g., total cholesterol, high-density
lipoprotein, and detailed treatment history). Consequently,
the model demonstrates high predictive performance, but
we cannot assess its performance relative to existing clinical
instruments used in practice. (iii) Although SMOTE was
applied to overcome the issue of class imbalance, the creation
of synthetic samples in a relatively small, high-dimensional
clinical dataset might not be sufficient to reflect the actual
biological variability and might cause slight inflation of model
performance. The small size of the natural patient sample also
highlights the need for larger, multi-center datasets to confirm
the strength and applicability of the proposed strategy.

In the future, the scalability of models and clinical
integrationshouldbestudied. (i) Future studies should consider
compression methods, including model and knowledge
distillation, to minimize computation requirements without
affecting the model accuracy.** Furthermore, multimodal
systems that integrate tabular biomarkers with imaging and
textual clinical data should be explored to obtain a more
efficient and detailed CVD risk assessment.*!

7. Conclusion

Our findings show that transformer-based models,
specifically the tab transformer, outperform traditional ML
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and DL models. Transformer-based models demonstrated
the greatest advantage in the case of heterogeneous
biomarkers, such as the combinations of office-based,
laboratory-based, and radiomic predictors. The tab
transformer’s embedding context-aware mechanism
enhanced the modeling of nonlinear interactions,
particularly among the features GFR, diabetes status, TPA,
and medication profiles. These findings underscore that
transformer-based models perform better in the multi-
source biomarker relationships than either ML or DL
models. It was discovered that mechanisms of attention
are efficient at processing complex multivariate biomarker
data, enabling accurate and reliable prediction of CVD
risk. The transformer-based model proposed in the
current study is highly scalable and clinically applicable,
offering precise risk stratification, which is essential for
early diagnosis and intervention. These results suggest that
transformer-based models are reliable tools in healthcare
analytics, and their future applications are not restricted to
CVD but extend to other areas of medical prediction.
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