
Am J Cardiovasc Dis 2026;16(4):289-302
www.AJCD.us /ISSN:2160-200X/AJCD0167605

https://doi.org/10.62347/ICWV2651

Original Article
Comparative performance of machine  
learning and deep learning models for heart  
disease prediction in a small clinical dataset

Erfan Barootchi1*, Pardis Zamani1*, Roshan Birgani2*, Aida Bakhshi3, Pariya Zibaei4,  
Armin Tafazolimoghadam5, Yasamin Moeinipour6, MohammadMahdi Doosti7, Niloofar Deravi8,  
Yaser Khakpour9, Zahra Farrokhi8, Mobina Fathi8, Danyal Yarahmadi10,11

1School of Medicine, Tehran University of Medical Sciences, Tehran, Iran; 2Abadan University of Medical Sciences, 
Ābādān, Khuzestan, Iran; 3Clinical Research Development Unit, Ghaem Hospital, Faculty of Medicine, Mashhad 
University of Medical Sciences, Mashhad, Iran; 4School of Medicine, Dezful University of Medical Science, Dezful, 
Iran; 5Tehran University of Medical Science (TUMS), School of Medicine, Tehran, Iran; 6Cardiothoracic Surgery 
Department, Faculty of Medicine, Mashhad University of Medical Sciences, Mashhad, Iran; 7Faculty of Pharmacy, 
Cyprus International University, Nicosia 99258, Cyprus; 8Student Research Committee, School of Medicine, 
Shahid Beheshti University of Medical Sciences, Tehran, Iran; 9Faculty of Medicine, Guilan University of Medical 
Sciences, Rasht, Iran; 10School of Medicine, Iran University of Medical Sciences, Tehran, Iran; 11Razi Herbal Medi-
cines Research Center, School of Medicine, Lorestan University of Medical Sciences, Khorramabad, Iran. *Equal 
contributors and co-first authors.

Received July 21, 2025; Accepted July 8, 2026; Epub August 15, 2026; Published August 30, 2026

Abstract: Background: Machine learning (ML) and deep learning (DL) models are increasingly applied to cardiovas-
cular risk prediction, yet their comparative performance in small tabular clinical datasets remains uncertain. This 
study compared conventional machine learning models and a deep neural network for predicting angiographically 
defined heart disease using the original UCI Heart Disease dataset. Methods: The dataset was loaded directly from 
the UCI Machine Learning Repository and included 303 patient records. The original multiclass angiographic dis-
ease variable was converted into a binary outcome indicating absence or presence of heart disease. Continuous 
predictors included age, resting blood pressure, serum cholesterol, maximum heart rate, and exercise-induced ST 
depression. Categorical predictors were defined according to UCI attribute documentation and one-hot encoded. 
The dataset was divided using a stratified 70/15/15 train-validation-test split. Logistic regression, decision tree, 
random forest, XGBoost, and deep neural network models were trained. Machine learning hyperparameters were 
selected using 5-fold stratified cross-validation with AUC optimization. Classification thresholds were selected on the 
validation set by maximizing F1-score and then applied unchanged to the independent test set. Performance was 
assessed using accuracy, precision, recall, F1-score, and AUC with bootstrap 95% confidence intervals. Pairwise 
comparisons used McNemar’s test and paired bootstrap AUC testing with Holm correction. Results: The deep neu-
ral network achieved the highest test-set accuracy, precision, and F1-score, each reaching 91.30%, 90.48%, and 
90.48%, respectively, with an AUC of 0.958. Logistic regression showed the highest recall, 95.24%, and AUC, 0.968. 
XGBoost achieved 71.74% accuracy and 0.825 AUC. Conclusion: Deep learning and regularized logistic regression 
showed the strongest performance, while XGBoost did not demonstrate superiority in this small clinical dataset.

Keywords: Heart disease prediction, machine learning, deep learning, XGBoost, random forest, logistic regression, 
small dataset

Introduction

Cardiovascular diseases (CVDs) remain am- 
ong the most prevalent causes of death in the 
United States and Europe, accounting for more 
than 17 million deaths worldwide each year 

according to the World Health Organization 
(WHO) [1-3]. Beyond their effect on survival and 
quality of life (QOL), CVDs impose a substantial 
economic burden on patients, families, and 
healthcare systems [4]. Early diagnosis and  
risk assessment of heart diseases will assist 
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healthcare professionals in providing more 
proper treatment approaches to the patients, 
thus diminishing the mortality rate and the 
healthcare system’s burden [5].

Heart disease is influenced by several clinical 
and behavioral risk factors, including hyper- 
cholesterolemia, hypertension, smoking, family 
history, diabetes, obesity, alcohol use, and 
physical inactivity. These factors are commonly 
categorized as modifiable and non-modifiable 
risk factors [6, 7]. Modifiable risk factors such 
as smoking; high blood pressure; high choles-
terol levels; overweight or obese; and lack of 
exercise are factors that can be changed with 
the help of your physician and/or changes in 
lifestyle [8]. Non-modifiable risk factors are 
those characteristics of the patient that cannot 
be changed. Recognizing these two categories 
of risk factors is essential to create appropriate 
interventions aimed at decreasing the inci-
dence of CVD through effective preventive 
strategies or optimal treatment of those pa- 
tients who already have CVD established [9].  
In contrast, non-modifiable risk factors func-
tion primarily as predictors for the baseline risk 
categorization of a patient and projections for 
the long-term outcome of his/her CVD risk  
[10]. Because these factors often interact in 
complex and non-linear ways, accurate heart 
disease prediction requires multivariable app- 
roaches that can integrate clinical and diagnos-
tic information efficiently [5].

Artificial intelligence (AI) is being utilized exten-
sively nowadays in every domain of expertise. 
Machine Learning (ML) and Deep Learning (DL) 
are two AI subsets that enabled us to present a 
strong tool in medical domains, particularly in 
the prediction of various diseases like CVD [11-
14]. These methods can identify patterns with-
in clinical data and may support decision-mak-
ing when used as adjuncts to conventional 
clinical evaluation. Therefore, carefully devel-
oped intelligent prediction systems may con-
tribute to earlier recognition of high-risk pa- 
tients and more efficient diagnostic assess-
ment [12].

Over the last few years, owing to the significant 
role of timely heart disease prediction in public 
health, a number of ML and DL models have 
been proposed and utilized in assisting physi-

cians in the early prediction of CVD by com- 
bining large medical data with high-level algo-
rithms. ML models including Support Vector 
Machine (SVM), Decision Tree (DT), Random 
Forest (RF), K-Nearest Neighbors (KNN), Lo- 
gistic Regression (LR), Adaptive Boosting (AB), 
Naive Bayes (NB), and Extra Tree (ET), DL mo- 
dels including Deep Neural Network (DNN), 
Convolutional Neural Network (CNN), Recu- 
rrent Neural Network (RNN), Long Short Term 
Memory (LSTM), autoencoder, Feed Forward 
Neural Network (FNN), ResNet, InceptionNet, 
DenseNet, and hybrid model, and ultimately 
ensemble models which are proposed to pro-
vide a more robust and enhanced prediction 
than any one model by combining weak and 
strong models [7, 11, 15]. Extreme Gradient 
Boosting, or XGBoost, is also a scalable ensem-
ble ML model inspired by boosted decision 
trees [16, 17].

Nonetheless, much of the current research has 
been conducted on large-scale or augmented 
datasets, where complex architectures may 
benefit from high-dimensional information. In 
many clinical settings, particularly in routine 
cardiology and small institutional datasets, 
only a limited amount of structured clinical  
data is available. Under these data-constrain- 
ed conditions, risk stratification using modifi-
able and non-modifiable factors must be per-
formed carefully [18, 19]. Consequently, it re- 
mains uncertain whether classical ML models, 
ensemble methods, or DL models provide the 
most reliable prediction of heart disease in 
small tabular clinical datasets.

Therefore, this study aimed to compare the pre-
dictive performance of conventional machine 
learning models and a deep neural network for 
angiographically defined heart disease using 
the original UCI Heart Disease dataset. Spe- 
cifically, we evaluated logistic regression, deci-
sion tree, random forest, XGBoost, and deep 
neural network models under a unified vali- 
dation framework. By incorporating stratified 
train-validation-test splitting, validation-based 
threshold selection, bootstrap confidence in- 
tervals, ROC/AUC analysis, and formal paired 
model comparisons, we sought to determine 
which approaches remain most reliable when 
clinical data are structured, tabular, and limited 
in size.
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Methodology

Data source and study population

Our data was collected from the publicly avail-
able UCI Heart Disease dataset that has 303 
patients’ records of individuals who were re- 
ferred for coronary artery disease assessment 
and diagnosis. The data includes demographic 
(age and sex) and cardiovascular risk factors 
(blood pressure, fasting blood glucose, serum 
cholesterol), plus results of non-invasive exer-
cise test variables (resting electrocardiogram, 
maximum heart rate achieved during exercise, 
exercise-induced angina, and ST-segment de- 
pression), representing a standard clinical 
group of patients undergoing a diagnostic as- 
sessment to evaluate if they have heart dis-
ease [20].

Inclusion and exclusion criteria

All patient records available in the original UCI 
Heart Disease dataset were eligible for an- 
alysis because each contained the angiograph-
ic outcome variable required to define heart 
disease status. No record was excluded be- 
cause of missing outcome data, and duplicate 
observations were not identified. Records with 
missing predictor values were retained to pre-
serve the original dataset structure and avoid 
unnecessary loss of information; these values 
were handled during model preprocessing th- 
rough prespecified imputation. The final ana-
lytical cohort therefore included 303 patients. 
Eligible predictors were limited to the 13 UCI 
clinical and diagnostic attributes used in the 
standard heart disease prediction task, and 
the outcome was binarized as absence versus 
presence of angiographic disease.

Outcome definition and grouping

The primary outcome was the presence of 
heart disease, defined according to the angio-
graphic findings reported in the UCI dataset. 
We treated the outcome as a binary variable, 
where patients either had heart disease (1) or 
did not (0), and all models were trained to dis-
tinguish between these two groups.

Dataset processing and covariates

The dataset was loaded directly from the UCI 
Machine Learning Repository, and abbreviated 
UCI variable names were converted into clini-

cally readable labels before analysis. The origi-
nal angiographic disease severity variable was 
preserved for documentation and then trans-
formed into a binary outcome: no heart disease 
for severity level 0 and heart disease presence 
for severity levels 1 through 4. Predictors were 
classified according to the UCI attribute defini-
tions. Age, resting blood pressure, serum cho-
lesterol, maximum heart rate achieved, and 
exercise-induced ST depression were treated 
as continuous variables. Sex, chest pain type, 
fasting blood sugar status, resting electrocar-
diographic findings, exercise-induced angina, 
ST-segment slope, number of major vessels 
colored by fluoroscopy, and thalassemia status 
were treated as categorical variables. Continu- 
ous predictors were converted to numeric for-
mat, imputed using the median, and standard-
ized with Z-score scaling. Categorical predictors 
were preserved with human-readable labels, 
imputed using the most frequent category, and 
one-hot encoded for model development.

Model development

Five predictive models were developed under a 
unified analytical framework: logistic regres-
sion, decision tree, random forest, XGBoost, 
and a deep neural network. The dataset was 
divided into training, validation, and test sets 
using a stratified 70/15/15 split to maintain 
the proportion of patients with and without 
heart disease across all partitions. Machine 
learning models were implemented as prepro-
cessing-model pipelines, ensuring that impu- 
tation, scaling, and one-hot encoding were 
learned only from the training data and then 
applied to validation and test data. Hyperpa- 
rameters for logistic regression, decision tree, 
random forest, and XGBoost were selected 
using grid search with 5-fold stratified cross-
validation in the training set, with AUC used as 
the optimization criterion. The deep neural net-
work included dense layers with ReLU activa-
tion, dropout, L2 regularization, class weight-
ing, and early stopping based on validation 
loss. For all models, classification thresholds 
were selected on the validation set by maximiz-
ing F1-score and were then applied unchanged 
to the independent test set.

Statistical analysis and performance evalua-
tion

Statistical analysis and model evaluation were 
performed using Python version 3.13.7 using 
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pandas, numpy, scipy, scikit-learn, statmodels, 
matplotlib, ucimlrepo, tensorflow, and xgboost 
packages. Continuous variables were summa-
rized using mean, standard deviation, median, 
interquartile range, and observed range, where-
as categorical variables were summarized as 
frequencies and percentages. The dataset was 
loaded directly from the UCI Machine Learning 
Repository using the ucimlrepo Python pack-
age. Based on the UCI Heart Disease attribute 
definitions, age, resting blood pressure, serum 
cholesterol, maximum heart rate, and exercise-
induced ST depression were treated as contin-
uous variables. Sex, chest pain type, fasting 
blood sugar status, resting electrocardiograph-
ic results, exercise-induced angina, ST-segment 
slope, number of major vessels colored by fluo-
roscopy, and thalassemia status were treated 
as categorical variables and one-hot encoded.

The dataset was divided into training, valida-
tion, and test sets using a stratified 70/15/15 
split to preserve the distribution of heart dis-
ease status. Numerical predictors were imput-
ed using the median and standardized using 
Z-score scaling. Categorical predictors were 
imputed using the most frequent category and 
one-hot encoded. Logistic regression, decision 
tree, random forest, XGBoost, and deep neural 
network models were trained and evaluated. 
Hyperparameters for machine learning models 
were selected using grid search with 5-fold 
stratified cross-validation within the training 
set, using AUC as the optimization metric. 
Classification thresholds were selected using 
the validation set only according to the F1 crite-
rion and then applied unchanged to the inde-
pendent test set.

Final model performance was assessed on the 
independent test set using accuracy, precision, 
recall, F1-score, and area under the receiver 
operating characteristic curve. Ninety-five per-
cent confidence intervals for performance met-
rics were calculated using bootstrap resam-
pling of the test set. Receiver operating cha- 
racteristic curves were generated using pre-
dicted probabilities. Formal paired compari-
sons between models were performed on the 
same test-set observations. McNemar’s test 
was used to compare paired classification cor-
rectness between models. Paired bootstrap 
testing was used to compare AUC values be- 
tween models. Holm adjustment was applied 

for multiple pairwise comparisons. A two-sided 
P-value less than 0.05 was considered statisti-
cally significant.

Results

Study population and outcome distribution

The analysis included 303 patient records from 
the original UCI Heart Disease dataset. No 
duplicate records were identified, and all 
patients had an available angiographic disease 
outcome. The study population was clinically 
heterogeneous, reflecting a typical diagnostic 
cohort evaluated for suspected coronary artery 
disease. The mean age was 54.44 years (SD, 
9.04), and 206 participants (67.99%) were 
male. Mean resting blood pressure was 131.69 
mmHg (SD, 17.60), mean serum cholesterol 
was 246.69 mg/dL (SD, 51.78), mean maxi-
mum heart rate was 149.61 beats per minute 
(SD, 22.88), and mean exercise-induced ST 
depression was 1.04 (SD, 1.16). The most fre-
quent chest pain category was asymptomatic 
chest pain, observed in 144 patients (47.52%). 
In the binary outcome definition, 164 patients 
(54.13%) had no heart disease and 139 
patients (45.87%) had heart disease. Baseline 
characteristics and categorical predictor distri-
butions are presented in Table 1.

Data partitioning and model optimization

The dataset was divided using a stratified 
70/15/15 train-validation-test split. This pro-
duced 212 patients in the training set, 45 in 
the validation set, and 46 in the independent 
test set. The proportion of patients with heart 
disease was well preserved across the three 
subsets: 45.75% in the training set, 46.67% in 
the validation set, and 45.65% in the test set, 
confirming appropriate stratification (Table S1).

During model development, hyperparameters 
for the machine learning models were selected 
using 5-fold stratified cross-validation within 
the training set. Logistic regression achieved 
the highest cross-validated AUC among the 
machine learning models (0.8949), followed 
closely by random forest (0.8923) and XGBoost 
(0.8891). Decision tree showed a lower cross-
validated AUC of 0.8579. Validation-selected 
thresholds were then identified by maximizing 
F1-score and applied unchanged to the inde-
pendent test set. The selected thresholds were 
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Table 1. Baseline characteristics
Variable
Sample Size =303 Level Mean, N* SD, Percentage*

Continuous Variables
    Age 54.44 9.04
    BP 131.69 17.60
    Cholesterol 246.69 51.78
    Max HR 149.61 22.87
    ST depression 1.04 1.16
Categorical Variables
    Heart Disease Status Absence 164 54.13

Presence 139 45.87
    Sex Female 97 32.01

Male 206 67.99
    Chest pain type Asymptomatic 144 47.52

Atypical angina 50 16.50
Non-anginal pain 86 28.38
Typical angina 23 7.59

    FBS Fasting blood sugar ≤ 120 mg/dl 258 85.15
Fasting blood sugar > 120 mg/dl 45 14.85

    EKG results Left ventricular hypertrophy 148 48.84
Normal 151 49.83
ST-T wave abnormality 4 1.32

    Exercise angina Exercise-induced angina 99 32.67
No exercise-induced angina 204 67.33

    Slope of ST Downsloping 21 6.93
Flat 140 46.20
Upsloping 142 46.86

    Number of vessels 0 major vessels 176 58.09
1 major vessel 65 21.45
2 major vessels 38 12.54
3 major vessels 20 6.60
None 4 1.32

    Thallium Fixed defect 18 5.94
Normal 166 54.79
Reversible defect 117 38.61
None 2 0.66

*Continuous variables are presented with mean and SD and categorical Variables are presented with number (N) and Percent-
age.

0.3338 for logistic regression, 0.3488 for deci-
sion tree, 0.5300 for random forest, 0.3612 for 
XGBoost, and 0.5975 for the deep neural net-
work. Hyperparameter tuning results and vali-
dation-selected thresholds are summarized in 
Table 2.

Independent test-set performance

Model performance was evaluated on the inde-
pendent test set of 46 patients, including 21 

patients with heart disease and 25 without 
heart disease. The deep neural network achi- 
eved the highest overall classification perfor-
mance, with an accuracy of 91.30% (95% CI, 
82.61-97.83), precision of 90.48% (95% CI, 
75.00-100.00), recall of 90.48% (95% CI, 
76.16-100.00), F1-score of 90.48% (95% CI, 
79.16-98.04), and AUC of 0.958 (95% CI, 
0.892-1.000). Logistic regression showed the 
highest discriminative performance by AUC, 
reaching 0.968 (95% CI, 0.911-1.000), and 
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Table 2. Hyperparameter tuning and validation selected thresholds
Model Best cross-validated AUC Validation-selected threshold Threshold selection rule
Logistic Regression 0.8949 0.3338 Validation-selected threshold maximizing F1-score; validation F1=0.8444
Decision Tree 0.8579 0.3488 Validation-selected threshold maximizing F1-score; validation F1=0.7556
Random Forest 0.8923 0.5300 Validation-selected threshold maximizing F1-score; validation F1=0.8085
XGBoost 0.8891 0.3612 Validation-selected threshold maximizing F1-score; validation F1=0.7692
Deep Neural Network Validation-based training only 0.5975 Validation-selected threshold maximizing F1-score; validation F1=0.8372

Table 3. Test performance and ROC/AUC values
Model Threshold Accuracy, % (95% CI) Precision, % (95% CI) Recall, % (95% CI) F1-score, % (95% CI) AUC (95% CI)
Logistic Regression 0.3338 80.43 (67.39-91.30) 71.43 (53.85-87.50) 95.24 (84.62-100.00) 81.63 (68.08-91.80) 0.968 (0.911-1.000)
Decision Tree 0.3488 67.39 (54.35-80.43) 59.38 (41.94-76.67) 90.48 (76.19-100.00) 71.70 (55.81-84.38) 0.812 (0.672-0.933)
Random Forest 0.5300 84.78 (73.91-95.65) 79.17 (61.90-95.24) 90.48 (76.16-100.00) 84.44 (70.97-94.74) 0.927 (0.838-0.989)
XGBoost 0.3612 71.74 (58.70-84.78) 62.50 (45.15-78.79) 95.24 (84.62-100.00) 75.47 (60.47-87.10) 0.825 (0.687-0.931)
Deep Neural Network 0.5975 91.30 (82.61-97.83) 90.48 (75.00-100.00) 90.48 (76.16-100.00) 90.48 (79.16-98.04) 0.958 (0.892-1.000)
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also achieved the highest recall, 95.24% (95% 
CI, 84.62-100.00). Its overall accuracy was 
80.43% (95% CI, 67.39-91.30).

Random forest also performed strongly, with  
an accuracy of 84.78% (95% CI, 73.91-95.65), 
recall of 90.48% (95% CI, 76.16-100.00), 
F1-score of 84.44% (95% CI, 70.97-94.74), and 
AUC of 0.927 (95% CI, 0.838-0.989). XGBoost 
did not show the expected superior performan- 
ce. Although it achieved high recall, 95.24% 
(95% CI, 84.62-100.00), its accuracy was 
71.74% (95% CI, 58.70-84.78), precision was 
62.50% (95% CI, 45.15-78.79), F1-score was 
75.47% (95% CI, 60.47-87.10), and AUC was 
0.825 (95% CI, 0.687-0.931). Decision tree had 
the lowest overall accuracy, 67.39% (95% CI, 
54.35-80.43), and an AUC of 0.812 (95% CI, 
0.672-0.933). Full test-set performance met-
rics are reported in Table 3, and ROC curves 
are shown in Figure 1.

Class-specific performance and confusion 
matrix findings

Class-specific evaluation provided additional 
insight into model behavior. The deep neural 
network showed the most balanced classifica-
tion profile, with precision, recall, and F1-score 
of 0.92 for the absence class and 0.9048 for 
the presence class. Random forest also show- 
ed balanced performance, although its pres-

Formal model comparisons

Formal paired comparisons demonstrated that 
differences between models varied according 
to the evaluation metric. For classification ac- 
curacy, the deep neural network significantly 
outperformed the decision tree after Holm cor-
rection (adjusted McNemar P=0.0342). The 
comparison between the deep neural network 
and XGBoost favored the deep neural network 
numerically, but the Holm-adjusted McNemar 
P-value did not remain below 0.05. In AUC com-
parisons, logistic regression significantly out-
performed decision tree and XGBoost after 
adjustment. The deep neural network also 
showed significantly higher AUC than decision 
tree and XGBoost, while random forest showed 
significantly higher AUC than XGBoost. These 
findings indicate that XGBoost was not stati- 
stically superior to the competing models and, 
in several AUC-based comparisons, performed 
significantly worse than logistic regression, ran-
dom forest, and the deep neural network (Table 
6).

Feature importance

Model-based feature importance was exam-
ined for XGBoost and random forest. In XG- 
Boost, thallium status was the dominant pre-
dictor, with “normal” and “reversible defect” 
categories showing the highest importance  

Figure 1. ROC curves for heart disease prediction models.

ence-class precision was lower 
than that of the deep neural 
network. Logistic regression 
and XGBoost were highly sen- 
sitive for detecting heart dis-
ease, each identifying 20 of  
21 disease cases, but both 
produced more false positives 
than the deep neural network. 
Logistic regression generated 
8 false positives and 1 false 
negative, while XGBoost gener-
ated 12 false positives and 1 
false negative. In contrast, the 
deep neural network produc- 
ed only 2 false positives and  
2 false negatives, indicating a 
better balance between sen- 
sitivity and specificity. Class-
specific metrics and confusion 
matrix components are pre-
sented in Tables 4, 5, respe- 
ctively.
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values. In random forest, maximum heart rate, 
ST depression, age, thallium status, blood pres-
sure, and cholesterol contributed most strongly 
to classification. These patterns suggest that 
both exercise-related variables and perfusion-
related diagnostic indicators were central to 
prediction. The complete feature-importance 
rankings are provided in Table S2, and the visu-
al comparison is presented in Figure 2.

Overall, the results showed that the deep neu-
ral network achieved the strongest balanced 
test-set performance, while logistic regression 
provided the highest sensitivity and AUC. 
Random forest also performed well. In con-
trast, XGBoost did not demonstrate superio- 
rity and was outperformed in several AUC-
based comparisons.

Discussion

Summary of findings

In this comparative analysis of the original UCI 
Heart Disease dataset, model performance  
differed meaningfully across algorithms, and 
the findings did not support the initial assump-

deep neural network. Overall, the results favor 
a more nuanced interpretation of model perfor-
mance in small tabular clinical datasets.

Comparison with previous research

Previous studies have reported strong perfor-
mance for both machine learning and deep 
learning models in cardiovascular prediction, 
although the leading algorithm has varied sub-
stantially across datasets, feature spaces, and 
optimization strategies. Several recent works 
have emphasized that complex preprocessing 
and optimization pipelines can markedly im- 
prove model performance. Al-Alshaikh et al. 
proposed a heart disease prediction frame-
work combining genetic algorithm-based fea-
ture selection, recursive feature elimination, 
class-imbalance handling, and an optimized 
deep convolutional neural network, reporting 
high accuracy and sensitivity [21]. Similarly,  
Xia et al. developed an ant colony optimization-
enhanced deep learning model with Bayesian 
hyperparameter tuning, highlighting the value 
of automated feature selection and parameter 
optimization in cardiovascular diagnosis [22]. 
Cao et al. focused specifically on XGBoost and 

Table 4. Class-specific classification report for each model
Model Class Precision Recall F1-score Support
Logistic Regression Absence 0.9444 0.6800 0.7907 25

Presence 0.7143 0.9524 0.8163 21
Decision Tree Absence 0.8571 0.4800 0.6154 25

Presence 0.5938 0.9048 0.7170 21
Random Forest Absence 0.9091 0.8000 0.8511 25

Presence 0.7917 0.9048 0.8444 21
XGBoost Absence 0.9286 0.5200 0.6667 25

Presence 0.6250 0.9524 0.7547 21
Deep Neural 
Network

Absence 0.9200 0.9200 0.9200 25
Presence 0.9048 0.9048 0.9048 21

This table presents class-specific precision, recall, F1-score, and support for ab-
sence and presence of heart disease.

Table 5. Confusion metrics

Model True  
negative

False  
positive

False 
negative

True  
positive

Logistic Regression 17 8 1 20
Decision Tree 12 13 2 19
Random Forest 20 5 2 19
XGBoost 13 12 1 20
Deep Neural Network 23 2 2 19

tion of XGBoost superiority. 
The deep neural network achi- 
eved the strongest balanc- 
ed test-set performance, with 
91.30% accuracy, 90.48% pre-
cision, 90.48% recall, and an 
F1-score of 90.48%. Logistic 
regression showed the highest 
discrimination and sensitivity, 
with an AUC of 0.968 and re- 
call of 95.24%, suggesting st- 
rong clinical utility when mini-
mizing missed heart disease 
cases is prioritized. Random 
forest also performed well, re- 
aching 84.78% accuracy and 
an AUC of 0.927. In contrast, 
XGBoost achieved high recall 
but lower overall performance, 
with 71.74% accuracy and an 
AUC of 0.825. Formal paired 
comparisons reinforced this 
pattern: XGBoost was not sta-
tistically superior to the com-
peting models and showed 
lower AUC than logistic regres-
sion, random forest, and the 



Heart disease prediction using machine and deep learning

297	 Am J Cardiovasc Dis 2026;16(4):289-302

Table 6. Model comparisons (Exact McNemar Test)

Model A Model B Accuracy 
A

Accuracy 
B

McNemar 
P-value

Discordant 
pairs AUC A AUC B

AUC  
difference 

A-B

AUC 
bootstrap 
P-value

McNemar 
Holm-adjust-
ed P-value

AUC Holm-
adjusted 
P-value

Logistic Regression Decision Tree 0.8043 0.6739 0.1796 14 0.9676 0.8124 0.1552 0.003 0.8978 0.021
Logistic Regression Random Forest 0.8043 0.8478 0.6875 6 0.9676 0.9267 0.0410 0.090 1.0000 0.360
Logistic Regression XGBoost 0.8043 0.7174 0.2188 6 0.9676 0.8248 0.1429 < 0.001 0.8978 < 0.001
Logistic Regression Deep Neural Network 0.8043 0.9130 0.1250 7 0.9676 0.9581 0.0095 0.394 0.7500 0.788
Decision Tree Random Forest 0.6739 0.8478 0.0574 14 0.8124 0.9267 -0.1143 0.033 0.4590 0.165
Decision Tree XGBoost 0.6739 0.7174 0.7539 10 0.8124 0.8248 -0.0124 0.785 1.0000 0.788
Decision Tree Deep Neural Network 0.6739 0.9130 0.0034 13 0.8124 0.9581 -0.1457 0.004 0.0342 0.024
Random Forest XGBoost 0.8478 0.7174 0.0703 8 0.9267 0.8248 0.1019 0.002 0.4922 0.016
Random Forest Deep Neural Network 0.8478 0.9130 0.2500 3 0.9267 0.9581 -0.0314 0.250 0.8978 0.750
XGBoost Deep Neural Network 0.7174 0.9130 0.0117 11 0.8248 0.9581 -0.1333 0.000 0.1055 0.000
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showed that multiple feature selection com-
bined with improved particle swarm optimiza-
tion increased the performance of standard 
XGBoost, supporting the idea that boosting 
models are highly dependent on feature selec-
tion and tuning procedures [23].

Other studies have favored deep or hybrid 
architectures. Darolia et al. reported high pre-
dictive performance using a hybrid long short-
term memory and quantum neural network 
model with optimized feature selection [24]. 
Bhagawati et al. found that deep learning  
outperformed conventional machine learning 
when carotid plaque and imaging-derived fea-
tures were used for coronary artery disease 

monstrate superiority. These results suggest 
that model ranking in small tabular clinical 
datasets is context-dependent and should be 
judged through transparent validation rather 
than algorithmic expectation alone.

Strengths and limitations

This study has several strengths. First, the 
analysis used the original UCI Heart Disease 
dataset loaded directly from the UCI Machine 
Learning Repository, reducing uncertainty re- 
lated to altered secondary copies of the datas-
et. Second, all models were evaluated under a 
unified and reproducible framework, including 
clinically defined covariate handling, stratified 

Figure 2. XGBOOST and random forest feature importances. A: XGBOOST; 
B: Random Forest.

and cardiovascular event pre-
diction [25]. Deng et al. also 
showed that neural network 
survival models achieved simi-
lar or superior discrimination 
compared with pooled cohort 
equations for ASCVD risk pre-
diction [26]. In line with this 
pattern, Meng et al. reported 
that neural networks provid- 
ed the highest sensitivity and 
AUC for ASCVD detection in 
NHANES data, outperforming 
random forest and XGBoost 
[27].

However, the literature is not 
uniform. Ejiyi et al. found that 
XGBoost achieved higher ac- 
curacy than their proposed 
CardioVitalNet model on a  
UCI-based cardiovascular da- 
taset [28], whereas Sadr et al. 
reported that an ensemble 
combining machine learning 
and deep learning models 
achieved the best overall per-
formance across multiple da- 
tasets [29]. Our findings are 
consistent with this broader 
heterogeneity. In the original 
UCI Heart Disease dataset, 
the deep neural network sh- 
owed the strongest balanc- 
ed classification performance, 
logistic regression achieved 
the highest AUC and sensitivi-
ty, and XGBoost did not de- 
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train-validation-test splitting, validation-based 
threshold selection, and independent test-set 
evaluation. Third, the study moved beyond sim-
ple point estimates by reporting bootstrap con-
fidence intervals, ROC/AUC values, confusion 
matrices, and formal paired comparisons us- 
ing McNemar’s test and paired bootstrap AUC 
testing with correction for multiple compari-
sons. This approach provides a more transpar-
ent assessment of model performance than 
isolated accuracy reporting.

Several limitations should also be acknowl-
edged. The sample size was small, and the 
independent test set included only 46 pa- 
tients, which widened confidence intervals and 
limited the stability of pairwise comparisons. 
The dataset is also historical and lacks con- 
temporary clinical, laboratory, imaging, thera-
peutic, and follow-up information. External vali-
dation was not performed, so generalizability  
to broader populations remains uncertain. 
Finally, although feature importance was ex- 
amined for tree-based models, formal explain-
ability and calibration analyses were not fully 
explored.

Clinical implications

The present findings have several clinical impli-
cations. First, they support the role of predic-
tive modeling as an adjunct to clinical risk 
assessment rather than a replacement for phy-
sician judgment. In vascular medicine, machine 
learning has already shown value for outcome 
prediction; for example, Heo et al. reported that 
a deep neural network improved long-term out-
come prediction after ischemic stroke com-
pared with an established prognostic score 
[30]. Similarly, Holm et al. developed an exter-
nally validated neural-network survival model 
for ischemic heart disease, emphasizing that 
richer clinical and EHR-derived data may im- 
prove individualized post-angiography prognos-
tication [31]. These studies suggest that algo-
rithmic models may be most useful when they 
add structured, patient-specific risk informa-
tion to existing clinical reasoning.

Second, clinical usefulness depends on more 
than discrimination. Oikonomou and Khera 
emphasized that predictive models should be 
assessed through discrimination, calibration, 
and net clinical benefit, while also consider- 
ing interpretability, bias, and regulatory safety 

[32]. Luo et al. illustrated this translational 
pathway by combining external validation, cali-
bration, decision-curve analysis, SHAP-based 
interpretation, and an online calculator for is- 
chemic stroke mortality prediction [33]. This is 
highly relevant to cardiovascular prediction, 
where a model with good AUC may still be 
unsuitable if it is poorly calibrated or difficult to 
interpret.

Third, implementation must consider accessi-
bility and equity. Ordikhani et al. developed an 
interpretable CVD risk model designed to bal-
ance accuracy with clinical acceptance [34]. 
Wang et al. showed that routine blood and bio-
chemical data could support cost-effective car-
diovascular screening, which may be particu-
larly valuable in resource-limited settings [35]. 
Non-invasive and scalable approaches are al- 
so emerging: retinal deep-learning biomarkers 
have shown associations with cardiovascular 
morbidity and mortality [36], while CNN-based 
ECG interpretation has achieved performance 
comparable to clinical standards with explain-
ability techniques highlighting relevant ECG 
segments [37]. Mobile health applications may 
further extend risk assessment beyond tradi-
tional clinical settings, although prospective 
validation remains essential [38].

Finally, fairness must be evaluated before de- 
ployment. Li et al. showed that both conven-
tional and machine-learning CVD risk models 
may demonstrate demographic bias, particu-
larly across gender groups [39]. In our study, 
the deep neural network achieved the stron-
gest balanced classification performance, and 
logistic regression showed the highest AUC and 
sensitivity, whereas XGBoost was not superior. 
Clinically, this reinforces a cautious message: 
model selection should be evidence-based, 
transparent, and validated, with special atten-
tion to calibration, explainability, fairness, and 
external generalizability.

Future research

Future research should validate these findings 
in larger, contemporary, and geographically 
diverse cardiovascular cohorts. External vali- 
dation is particularly important because the 
current analysis was based on a small histori-
cal dataset. Future studies should also assess 
calibration, decision-curve performance, sub-
group fairness, and model explainability using 
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methods such as SHAP or LIME. Because lo- 
gistic regression and the deep neural network 
showed strong but different performance pro-
files, subsequent work should examine whe- 
ther combining interpretable statistical models 
with neural approaches improves clinical use-
fulness. Prospective studies are ultimately 
needed to determine whether these tools im- 
prove diagnostic efficiency, patient outcomes, 
and clinician decision-making in real-world pra- 
ctice.

Conclusion

In this comparative analysis of the original UCI 
Heart Disease dataset, deep neural network 
and logistic regression models demonstrated 
the strongest overall performance for predict-
ing angiographically defined heart disease. The 
deep neural network provided the most bal-
anced classification profile, while logistic re- 
gression achieved the highest sensitivity and 
AUC. Random forest also showed robust perfor-
mance. In contrast, XGBoost did not demon-
strate superiority and performed less favorably 
in several AUC-based comparisons. These find-
ings challenge the assumption that more com-
plex ensemble methods necessarily outper-
form simpler or neural models in small tabular 
clinical datasets. More importantly, they high-
light the need for transparent validation, confi-
dence interval reporting, and formal paired 
model comparisons when evaluating predictive 
algorithms for clinical decision support. Ex- 
ternal validation in larger and more diverse 
cohorts remains essential.
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Table S1. Train-validation-test split
Dataset N Heart disease present, N Heart disease absent, N Heart disease present, %
Training set 212 97 115 45.75
Validation set 45 21 24 46.67
Test set 46 21 25 45.65
Total 303 139 164 45.87

Table S2. Feature importance from XGBoost and random forest
XGBoost Random Forest
Feature Importance Feature Importance
Thallium_Normal 0.3370 Max HR 0.1291
Thallium_Reversible defect 0.1723 ST depression 0.1014
Chest pain type_Typical angina 0.0725 Age 0.0978
ST depression 0.0589 Thallium_Normal 0.0968
Exercise angina_No exercise-induced angina 0.0561 Thallium_Reversible defect 0.0855
Max HR 0.0422 BP 0.0819
Age 0.0398 Cholesterol 0.0817
Chest pain type_Non-anginal pain 0.0371 Exercise angina_No exercise-induced angina 0.0562
Sex_Male 0.0353 Number of vessels fluro_1 major vessel 0.0420
Slope of ST_Flat 0.0225 Chest pain type_Non-anginal pain 0.0398
BP 0.0217 Sex_Male 0.0365
Number of vessels fluro_1 major vessel 0.0208 Slope of ST_Upsloping 0.0257
Slope of ST_Upsloping 0.0196 Chest pain type_Atypical angina 0.0241
Cholesterol 0.0191 Slope of ST_Flat 0.0211
Chest pain type_Atypical angina 0.0168 EKG results_Normal 0.0205
Number of vessels fluro_2 major vessels 0.0165 Chest pain type_Typical angina 0.0185
EKG results_Normal 0.0106 Number of vessels fluro_2 major vessels 0.0175
FBS over 120_Fasting blood sugar > 120 mg/dl 0.0012 Number of vessels fluro_3 major vessels 0.0143
EKG results_ST-T wave abnormality 0.0000 FBS over 120_Fasting blood sugar > 120 mg/dl 0.0095
Number of vessels fluro_3 major vessels 0.0000 EKG results_ST-T wave abnormality 0.0001


