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Abstract
Cardiovascular disease remains the leading global cause of death, yet machine-learning studies report
widely differing results on small benchmark datasets. This study compared five supervised classifiers
using the processed Cleveland Heart Disease dataset, which contains 303 records: 139 with
angiographic heart disease and 164 without disease. A stratified 70/30 split allocated 212 records to
training and 91 to testing. Imputation, scaling, and categorical encoding were fitted only to training data.
Logistic regression achieved the best overall test performance, with 85.71% accuracy, 85.37% precision,
83.33% sensitivity, 87.76% specificity, an F1 score of 84.34%, an area under the receiver operating
characteristic curve (ROC-AUC) of 0.939, and a Brier score of 0.102. Raising the classification threshold
from 0.50 to a training-derived value of 0.552 increased specificity to 89.80% but reduced sensitivity to
80.95% and did not improve accuracy. Permutation importance ranked the number of major vessels,
chest-pain type, and thallium test result as the leading predictors. Cross-validation F1 increased as the
training sample grew. These results support multi-metric evaluation but require external validation before
generalization to populations not represented in the development data, including those in sub-Saharan
Africa.

1. Introduction
Cardiovascular diseases are the leading cause of death globally. The World Health Organization
estimated that 19.8 million people died from cardiovascular diseases in 2022, representing
approximately 32% of all deaths; more than three quarters occurred in low- and middle-income countries
[1]. Earlier identification of elevated risk can support timely clinical assessment and management.
Machine learning can identify multivariable patterns in structured clinical data, but useful estimates
depend on valid study design, reproducible preprocessing, appropriate performance measures, and
evidence of generalizability [2].

The UCI Cleveland Heart Disease Dataset has become a benchmark for building heart disease prediction
algorithms, The University of California, Irvine (UCI) Machine Learning Repository describes 303 records,
13 predictors, missing values in selected variables, and an angiographic outcome coded from zero to
four [3]. Values from one to four are commonly recoded as disease present, while zero represents
disease absent. Published performance varies with outcome coding, preprocessing, feature selection,
data splitting, model tuning, and leakage control. Accuracy should therefore be interpreted together with
class distribution, error-specific measures, discrimination, and calibration.

The main objective of this study was to build and evaluate machine learning algorithms for the
prediction of heart disease.

This was achieved using Logistic Regression, Random Forest, Naive Bayes, Decision Trees, and K
Nearest Neighbors The models were evaluated using precision, sensitivity, specificity, F1-score, ROC-
AUC, and calibration alongside accuracy..
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2. Literature Review
Prior studies using the Cleveland data have reported markedly different results depending on
preprocessing, model tuning, and validation. Chandrasekhar and Peddakrishna [4] compared six
algorithms and found 90.16% accuracy for logistic regression (LR), while a soft-voting ensemble
increased accuracy to 93.44%. Gao et al. [5] reported 98.6% for a bagged decision tree after principal
component analysis (PCA). Noroozi et al. [6] obtained 85.5% with a support vector machine (SVM) after
filter-based feature selection and found that feature selection did not improve every classifier. Bouqentar
et al. [7] reported approximately 92% for an optimized SVM on Cleveland and 91.18% when validated on
Statlog. Using 1,190 pooled records, Teja and Rayalu [8] reported 93% for XGBoost and bagged trees and
91% for random forest (RF) and k-nearest neighbours (KNN). These variations show why performance
must be interpreted in relation to the data source and validation design. The present study compares five
classifiers under the same split and preprocessing pipeline and reports class-specific performance,
discrimination, and calibration rather than accuracy alone.

3. Methodology

3.1 Dataset, Outcome, and Class Distribution
The study used the Heart Disease dataset from the UCI Machine Learning Repository [3]. It contains 303
records, 13 predictor variables, and one angiographic outcome variable (num). The outcome was
recoded as disease absent when num equalled zero and disease present when num ranged from one to
four. This produced 139 disease-positive and 164 disease-negative records. A stratified 70/30 split with
random seed 42 produced 212 training records and 91 test records while preserving the outcome
proportions.

Table 1
Outcome distribution in the full dataset and stratified split

Partition Total Disease present Disease absent

Full dataset 303 139 164

Training (70%) 212 97 115

Testing (30%) 91 42 49

3.2 Preprocessing and Feature Engineering
The predictors were age; resting blood pressure (trestbps); serum cholesterol (chol); maximum heart
rate achieved during exercise (thalach); and exercise-induced ST-segment depression relative to rest
(oldpeak). The categorical predictors were sex; chest-pain type (cp); fasting blood sugar indicator (fbs);
resting electrocardiographic result (restecg); exercise-induced angina (exang); slope of the peak exercise
ST segment (slope); number of major vessels visualized by fluoroscopy (ca); and thallium stress-test
result (thal). Four ca values and two thal values were missing; no other predictor was incomplete.
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All preprocessing parameters were estimated within the relevant training or cross-validation fold and
then applied unchanged to validation or test data [9]. No synthetic records or test-set-derived
transformations were used.

3.3 Algorithms and Performance Measures
Five classifiers were implemented in scikit-learn [10]: LR with a maximum of 2,000 iterations; RF with 500
trees, balanced class weights, and random seed 42; Gaussian naive Bayes (GNB); a decision tree (DT)
with balanced class weights and random seed 42; and KNN with k equal to five. Each classifier used the
same training and test partitions. Models were ranked primarily by test F1 score and secondarily by ROC-
AUC.

Mathematical specification of the classifiers. Let xi denote the preprocessed predictor vector for record i,

yi the binary outcome, n the number of training records, d the number of transformed predictors, τ the
decision threshold, and 1{·} the indicator function.

LR maps a linear predictor to the estimated probability of class 1. The coefficients were estimated with
L2 regularization.

RF averages the class-1 probabilities from B = 500 bootstrap-trained decision trees. Balanced class
weights are inversely proportional to the number of training records in each of the K = 2 classes.

GNB assumes conditionally independent Gaussian predictors. In the equations below, π denotes the
class prior, while µ and σ² denote the class-specific mean and variance.
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For DT, G(S) is the weighted Gini impurity of the records at node S and p(c|S) is the weighted proportion
of class c. A split on predictor j at value s creates left and right child sets; the selected split minimizes
their weighted impurity.

KNN used standardized and encoded predictors. Euclidean distance identifies the set N�(x) of k = 5
nearest training records, and the estimated class-1 probability is the proportion of positive outcomes
among those neighbours.

Performance was summarized using accuracy, precision, sensitivity (recall), specificity, F1 score, ROC-
AUC, and Brier score. Accuracy, precision, sensitivity, specificity, and F1 were calculated from true-
positive, true-negative, false-positive, and false-negative counts. ROC-AUC measures discrimination
across decision thresholds [11], while the Brier score is the mean squared difference between predicted
probability and observed outcome [12]. Lower Brier scores indicate better probabilistic accuracy.

3.4 Calibration, Threshold, Explainability, and Learning-
Curve Analysis
Five-fold stratified cross-validation generated out-of-fold training probabilities for LR. The threshold that
maximized Youden's J (sensitivity + specificity − 1) was fixed and evaluated once on the held-out test set
[13]. The conventional 0.50 threshold remained the reference operating point. Calibration was assessed
on the test set with six quantile-based bins and the Brier score [14].

Predictor importance was assessed with 50-repeat permutation importance and ROC-AUC as the
scoring function [15]. Larger decreases in ROC-AUC after shuffling indicated greater model reliance on a
predictor. Learning behaviour was examined with five-fold cross-validation F1 scores at five increasing
training-set sizes.

3.5 Exploratory Subgroup Evaluation
LR performance at the 0.50 threshold was summarized by sex and by age groups below 50 years, 50–65
years, and above 65 years. Each subgroup summary included sample size, class counts, accuracy,
precision, sensitivity, specificity, and F1 score. Because the groups were small, the analysis was
descriptive and was not treated as a definitive fairness assessment [16].

G (S) = 1 −∑ c∈ {0,1}p(c ∣ S)2.
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4. Results

4.1 Comparative Model Performance
On the 91-record test set, LR recorded the highest F1 score (84.34%) and ROC-AUC (0.939). Its accuracy
was 85.71%, with precision of 85.37%, sensitivity of 83.33%, and specificity of 87.76%. RF and KNN
produced F1 scores of 80.46% and 80.00%, respectively. GNB detected 90.48% of disease-positive cases
but correctly classified only 51.02% of disease-negative cases, resulting in 69.23% accuracy.

Table 2
Comparative test performance of the five machine-learning models

Algorithm Accuracy

(%)

Precision

(%)

Sensitivity

(%)

Specificity

(%)

F1

(%)

ROC-AUC Brier

LR 85.71 85.37 83.33 87.76 84.34 0.939 0.102

RF 81.32 77.78 83.33 79.59 80.46 0.933 0.113

KNN 82.42 84.21 76.19 87.76 80.00 0.907 0.121

GNB 69.23 61.29 90.48 51.02 73.08 0.846 0.266

DT 69.23 65.91 69.05 69.39 67.44 0.692 0.308

4.2 Calibration Assessment
LR had the lowest Brier score (0.102), followed by RF (0.113) and KNN (0.121). GNB and DT recorded
larger scores of 0.266 and 0.308, respectively. The calibration points in Fig. 1 vary between bins because
each bin contains relatively few observations from the 91-record test set.

4.3 Classification Threshold Analysis
The conventional 0.50 threshold and the training-derived 0.552 threshold produced the same accuracy
(85.71%) on the test set. At 0.552, false positives declined from six to five and specificity increased from
87.76% to 89.80%. False negatives increased from seven to eight, sensitivity declined from 83.33% to
80.95%, and F1 decreased from 84.34% to 83.95%.

Table 3
LR performance at the conventional and training-derived thresholds

Operating point Threshold Accuracy
(%)

Precision
(%)

Sensitivity
(%)

Specificity
(%)

F1
(%)

Conventional 0.50
threshold

0.500 85.71 85.37 83.33 87.76 84.34

Training-derived
Youden J threshold

0.552 85.71 87.18 80.95 89.80 83.95
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4.4 Model Explainability
Shuffling ca produced the largest mean decrease in ROC-AUC (0.067), followed by cp (0.047), thal
(0.029), slope (0.023), and sex (0.021). The decreases indicate how strongly test discrimination
depended on each predictor in the fitted LR model.

Table 4
Leading predictors by repeated permutation importance for LR

Rank Predictor Mean ROC-AUC
decrease

Definition

1 ca 0.067 Number of major vessels visualized by
fluoroscopy

2 cp 0.047 Chest-pain type

3 thal 0.029 Thallium test result category

4 slope 0.023 Slope of the peak exercise ST segment

5 sex 0.021 Recorded sex

4.5 Learning-Curve Assessment
As the training size increased from 33 to 169 records, mean training F1 declined from 0.899 to 0.841,
while mean cross-validation F1 rose from 0.725 to 0.799 (Fig. 3). The narrowing gap between the curves
indicates more stable generalization as additional training observations were included.

4.6 Exploratory Subgroup Performance
Female records had 93.55% accuracy and 100% specificity, compared with 81.67% accuracy and 79.31%
specificity among male records. Sensitivity was similar (81.82% and 83.87%). The 50-65-year group
contained 56 records and achieved 85.71% accuracy. The group above 65 years contained only nine
records; its 100% sensitivity was based on four disease-positive cases.
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Table 5
Exploratory LR performance by sex and age group (% except counts)

Group n Positive Negative Accuracy Precision Sensitivity Specificity F1

Sex:
Female

31 11 20 93.55 100.00 81.82 100.00 90.00

Sex:
Male

60 31 29 81.67 81.25 83.87 79.31 82.54

Age:
<50

26 9 17 88.46 100.00 66.67 100.00 80.00

Age:
50–65

56 29 27 85.71 86.21 86.21 85.19 86.21

Age:
>65

9 4 5 77.78 66.67 100.00 60.00 80.00

5. Discussion
LR was the best-performing model on the main selection criteria, with an F1 score of 84.34%, ROC-AUC
of 0.939, and Brier score of 0.102. RF had a slightly lower ROC-AUC (0.933) and lower precision and
specificity. KNN achieved the same specificity as LR (87.76%) but lower sensitivity (76.19%). GNB
produced the highest sensitivity (90.48%) but the lowest specificity (51.02%), whereas DT recorded the
lowest ROC-AUC (0.692). Thus, the preferred model changes when attention shifts from detecting
positive cases to avoiding false positives or estimating probabilities.

Changing the LR threshold from 0.50 to 0.552 did not improve accuracy and reduced F1 from 84.34% to
83.95%. The reduction of one false positive was offset by one additional false negative. The value 0.552
should therefore be treated as a training-derived analytical comparison rather than a clinical decision
threshold.

The learning curve suggests that sample size constrained performance. Cross-validation F1 improved as
more records were added, while the training-validation gap narrowed. Independent data are therefore
more likely to strengthen the evidence than further tuning on the same 303 records.

5.1 Comparison with Previous Studies
LR achieved 85.71% accuracy in the present study. Chandrasekhar and Peddakrishna [4] reported a
higher accuracy of 90.16% for LR when comparing six algorithms on the Cleveland dataset, and their
soft-voting ensemble reached 93.44%. Noroozi et al. [6] obtained 85.5% with an SVM after comparing 16
feature-selection methods. Additionally, Bouqentar et al. [7] reported approximately 92% for an optimized
SVM on Cleveland and 91.18% after validation on the Statlog dataset. Gao et al. [5] reported 98.6% for
bagged DT after PCA, while Teja and Rayalu [8] achieved 93% with XGBoost and bagged trees on a
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pooled 1,190-record dataset. The variation is consistent with differences in sample composition, feature
selection, model tuning, and validation design.

5.2 Interpretation and Research Implications
Permutation importance identified ca, cp, and thal as the leading predictors for LR, with mean ROC-AUC
decreases of 0.067, 0.047, and 0.029, respectively. In this fitted model, discrimination therefore
depended most on angiographic information, chest-pain presentation, and thallium stress-test findings.

Subgroup performance varied by sex and age. Female records had 93.55% accuracy compared with
81.67% for male records, while the group above 65 years had 100% sensitivity but 60% specificity.
Because the oldest group contained nine records and only four disease-positive cases, these figures are
descriptive estimates rather than population-level evidence. Larger studies are needed to determine
whether the differences persist [16].

5.3 Limitations
This study used 303 records from the Cleveland dataset and a single 70/30 stratified split. The small test
set limits the precision of overall, calibration, and subgroup estimates; model selection and exploratory
interpretation also relied on the same held-out sample. The dataset was not collected in sub-Saharan
Africa and does not represent the region's patient mix, diagnostic pathways, or data-collection practices.
The findings therefore cannot be generalized to sub-Saharan African populations without external
validation using data from the region. Permutation importance may also be affected by correlated
predictors.

5.4 Future Research
Future studies should evaluate these models on larger, independently collected datasets from sub-
Saharan Africa; use repeated or nested validation; pre-specify clinical outcomes and threshold criteria;
and assess calibration and subgroup performance prospectively. Coefficient intervals and local
explanation methods can be added after stable external performance has been established.

6. Conclusion
This study found that LR provided the strongest overall performance among the five models, achieving
85.71% accuracy, an F1 score of 84.34%, ROC-AUC of 0.939, and a Brier score of 0.102 on the held-out
test set. RF achieved comparable discrimination (ROC-AUC 0.933), while GNB gave the highest
sensitivity (90.48%) at the expense of specificity. The most influential LR predictors were ca, cp, and thal.
Raising the decision threshold to 0.552 increased specificity but reduced sensitivity and F1, so it did not
improve the model overall. Cross-validation F1 reached 0.799 at the largest assessed training size of 169
records. LR is therefore the preferred benchmark model in this analysis, but validation on larger
independent datasets, including data from sub-Saharan Africa, is required before clinical use.
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Figures

Figure 1

Calibration curves for all models on the held-out test set
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Figure 2

Permutation importance for the ten highest-ranked predictors
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Figure 3

Logistic regression learning curve using five-fold cross-validation F1-score
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