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Abstract

This study presents a comparative analysis of five machine learning classification algorithms: support vector machine
(SVM), multilayer perceptron (MLP), classification and regression tree (CART), k-nearest neighbors algorithm (K-NN),
and naive Bayes classifier (NB) across four datasets from various domains. Using nested cross-validation, the research
evaluated classifier performance on Heart Disease, German Credit, Spambase, and Online Shoppers Purchasing Intention
datasets. Results demonstrated that no single classifier consistently outperformed others across all datasets and selection
should be based on dataset characteristics and application requirements. Dataset characteristics emerged as the primary
factor influencing performance, with class imbalance proving particularly problematic. Training efficiency analysis re-
vealed that simpler algorithms can maintain competitive performance with lower computational costs.
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1. Introduction 3. Literature review

Machine learning classification algorithms are the cor- The literature review encompassed comparative analyses
nerstone of modern data science applications, from med- and studies examining specific classifiers within particu-
ical diagnosis and financial risk assessment to image lar domains. The review covers diverse topics. Medical
recognition and natural language processing. Selecting studies include breast cancer diagnosis [1], diabetes [2],

the most appropriate classification algorithm has become
a critical decision that directly impacts system perfor-
mance, computational efficiency, and implementation
success. This study conducts a systematic comparative
analysis of five fundamental classification algorithms:
support vector machine (SVM), multilayer perceptron

and chronic kidney disease analysis [3]. Cardiology re-
search examined heart disease prediction [4][5], coronary
artery disease prediction [6], and heart disease prevalence
[7]. Other medical works include hypertension prediction
[8] and medical decision-making studies [9]. Environ-

(MLP), classification and regression tree (CART), k- mental studies covered rainfall forecasting [10], digital
nearest neighbors algorithm (K-NN) and Gaussian naive soil mapping [11], and land use change [12]. Other areas
Bayes classifier (NB) across four datasets. Despite exten- included fake news detection [13], network traffic classi-
sive research on individual algorithms, comprehensive fication [14], text classification analysis [15], image clas-
empirical studies comparing different classifier perfor- sification [16], drum sound classification [17], and noise
mance across diverse datasets are lacking. Most compar- detection and elimination in datasets [18]. Educational
ative studies focus on algorithm-specific improvements applications included student performance prediction
or examine datasets only within specific domains. This [19] and research on education quality improvement [20].
study contributes to a broader understanding of machine Additional works covered multi-criteria ABC analysis

learning classifier behavior. [21] and bank soundness assessment [22].

2. Study objectives and motivation Literature shows a lack of comprehensive compara-

) . . tive studies evaluating multiple classification techniques
This study quantifies the performance of classifiers

across different datasets. The study examines how classi-
fiers with different architectures perform on datasets
from diverse domains with varying data characteristics,
and analyzes the impact of dataset characteristics on clas-
sifier performance. Based on this objective, the following tilayer perception (MLP) appeared most frequently in 12
research hypothesis was formulated: articles, followed by classification and regression trees
(DT) in 10 works. Naive Bayes (NB) classifier and sup-
port vector machines (SVM) each appeared in 9 studies.

across diverse datasets and domains. Methodology varies
in these studies, making comparisons between studies
difficult. Literature review also revealed that certain clas-
sification techniques are widely used across fields. Mul-

HI. No single classifier dominates performance across all

datasets. K-nearest neighbors algorithm (KNN) was the least com-

mon, used in 7 studies. Their prevalence suggests
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fundamental importance and their comprehensive com-
parisons would improve understanding of them.

4. Methodology

The implementation utilized Python 3.11.9 with key li-
braries including scikit-learn 1.7.2, matplotlib 3.10.6,
numpy 2.3.3, pandas 2.3.2. Experiment was concluded
on a system equipped with system machine with AMD
Ryzen R7 4700U (8-core/8-thread, 2.0 - 4.1 GHz) and
16GB of RAM (DDR4, 3200MT/s) running Windows 11
(24H2). Study covers dataset selection, data prepro-
cessing and evaluation using nested cross-validation.

4.1. Dataset selection

Four datasets were selected for classification. The Heart
Disease dataset [23] contains 303 patient records with 13
medical features collected from four medical institutions,
designed for binary classification of heart disease pres-
ence balanced target with 53.9% negative cases. Features
encompass demographic data, clinical measurements,
and diagnostic test results, making it valuable for medical
classification studies. The German Credit dataset [24]
consists of 1,000 loan applications with 20 attributes de-
scribing personal, financial, and credit history details,
used to classify applicants as good credit risks in 70 per-
cent of cases and bad credit risks in 30 percent. This da-
taset reflects real-world financial decision-making sce-
narios with mixed categorical and numerical variables.
The Spambase dataset [25] includes 4,601 email mes-
sages characterized by 57 features for spam detection,
with 60.8% legitimate emails and 39.2% spam. Features
represent word frequencies, character occurrences, and
statistical measures of email content collected from ac-
tual spam reports and personal correspondence. The
Online Shoppers Purchasing Intention (OSPI) dataset
[26] contains 12,330 user sessions with 17 features pre-
dicting purchase conversion in e-commerce, where only
15.5% of sessions result in purchases. Features include
page navigation patterns, time spent in different catego-
ries, bounce rates, and temporal factors like special days
and weekends, with each session representing a unique
user over one year. These datasets provide diverse clas-
sification challenges across healthcare, cybersecurity, fi-
nance, and e-commerce domains with varying class bal-
ance and feature types suitable for comparative algorithm
evaluation.

4.2. Data preprocessing

The data processing follows a two-stage approach to pre-
vent information leakage during cross-validation. Global
preprocessing removes instances with missing values and
converts targets to binary classification. The Heart Dis-
case target is transformed from multi-level severity
scores to a binary indicator of disease presence. Fold-spe-
cific processing applies different methods based on fea-
ture types, using only training data to maintain proper

data isolation. Continuous features use StandardScaler
normalization, non-ordinal categorical features employ
OneHotEncoder, and ordinal features use OrdinalEn-
coder followed by StandardScaler. Binary categorical
features use OrdinalEncoder without scaling. Features
that required no processing remained unchanged. During
cross-validation, unknown categories are mapped to 0
with OneHotEncoder or —1 with OrdinalEncoder to pre-
vent model errors. Feature selection then retains 50% of
features using SelectKBest with f classif which is calcu-
lated based on the post-processing dimensions.

4.3. Evaluation design

This study employed nested cross-validation. The nested
structure consists of two loops working together. The
outer loop serves as an independent evaluation mecha-
nism, completely isolating test data to ensure unbiased
performance assessment. The inner loop handles hy-
perparameter optimization exclusively on training por-
tions of the data. This separation prevents the common
problem where the same data is used for both model tun-
ing and performance evaluation, which typically inflates
results since algorithms perform better on data, they were
specifically tuned for [27]. Implemented nested cross-
validation used a 5-fold outer loop and 5-fold inner loop
configuration, with StratifiedKFold ensuring consistent
class distributions across all folds. Hyperparameter opti-
mization used GridSearchCV to test all parameter com-
binations, selecting the best performers based on accu-
racy. The same hyperparameter grid was used across all
datasets to ensure fair comparison between algorithms.
Measured metrics include accuracy, precision, recall,
ROC-AUC and training time. Additionally, confusion
matrices and learning curves were generated.

5. Results

The results presented are the averages obtained from five
evaluations through cross-validation. All values have
been rounded to three decimal places.

The results showed (Table 1) that MLP had three
times the highest accuracy score (Heart Disease: 0.838,
Spambase: 0.929, OSPI: 0.898) while SVM had the top
score once (German Credit: 0.770). NB had twice the
lowest score (Spambase: 0.905, OSPI: 0.847). DT and
KNN had the lowest score once each (German Credit:
0.727, Heart Disease: 0.801). However, the differences
were small. Classifiers had comparable performance with
average difference between the highest and the lowest ac-
curacy score being 0.041. The precision and sensitivity
results showed greater differences, but most classifiers
still maintained similar results. The best overall results
classifiers achieved for the Heart Disease and Spambase
datasets. The lowest results were for the German Credit
dataset, particularly lacking in precision and sensitivity
scores. The OSPI dataset, despite good accuracy scores,
fell behind with the other metrics.

60



Journal of Computer Sciences Institute

38 (2026) 59-65

Table 1: Detailed results

Dataset Classifier Accuracy Precision Recall
Heart SUM 0.835 0.853 0.773
Disease +0.069 +0.074 +0.098

0.838 0.846 0.796

MLP £0.037 0039  +0.067

- 0.815 0.821 0.773

£0.072  +0.093  +0.087

0.801 0.818 0.744

KNN £0.057  £0.090  +0.078

B 0.825 0.815 0.809

£0.083 0101  +0.077

German SVM 0.770 0.659 0.480
Credit £0.014 20022 +0.052
0.751 0.621 0.473

MLP £0.017  +0.047  +0.082

.- 0.727 0.560 0.443

£0.035  £0.077  £0.050

0.752 0.643 0.413

KNN £0.020  +0.080  +0.073

NB 0.750 0.627 0.410

£0.016  +0.038  +0.096

0.927 0.919 0.894

Spambase  SVM 10006 0014  +0.017
0.929 0.926 0.891

MLP £0.002  £0.015  +0.017

or 0.923 0.913 0.891

£0.004  +0.006  +0.015

0.905 0.924 0.828

KNN £0.008  +0.008  +0.018

NB 0.897 0.861 0.883

£0.005  £0.015  +0.012

0.894 0.715 0.523

OSPI SVM £0.005  £0.020  +0.032
0.898 0.715 0.568
MLP £0.006  £0.027  +0.040

- 0.893 0.691 0.562

£0.004  +0.026  +0.033

0.882 0.727 0.380

KNN £0.004  £0.015  +0.032

B 0.847 0.506 0.450

£0.004 0013 +0.029

The AUC results (Figure 1) were good regardless of
the dataset and were also similar for all classifiers. The
average AUC score was 0.893 for Heart Disease, 0.766
for German Credit, 0.958 for Spambase, and 0.871 for
OSPL

The training times were consistently the shortest for
DT, KNN, and NB (Figure 2). As the dataset size in-
creased, the training times for SVM and MLP increased
significantly.

The confusion matrices confirm the obtained results
(Figures for 3 to 6). Heart Disease and Spambase had the
highest rate of correct classifications with a small rate of
incorrect classifications. In the other datasets, the rate of
incorrect classifications was quite high compared to cor-
rect classifications of the positive class, and even ex-
ceeded it in the German Credit dataset.
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Figure 1: ROC curves with AUC scores.

The learning curves show different behaviors (Fig-
ures from 7 to 10). In the Heart Disease dataset, all clas-
sifiers quickly learned to generalize well. The German
Credit dataset showed that increasing the amount of data
did not significantly increase performance, quickly
reaching a limit. In the Spambase dataset, all classifiers
showed consistent improvement in performance as more
data became available. The OSPI dataset showed similar
patterns to the German Credit dataset.
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6. Discussion

The results demonstrate that no single classifier consist-
ently outperformed others across all datasets. However,
the performance differences were relatively small com-
pared to other classifiers, which frequently offered com-
petitive results and sometimes performed better in spe-
cific metrics (Table 1). On the Heart Disease dataset,
while MLP achieved the highest accuracy, SVM demon-
strated superior precision (0.853) and NB achieved the
highest recall (0.809). Similarly, on the Online Shopping
dataset, KNN achieved the highest precision (0.727) de-
spite having lower overall accuracy than MLP. These
metric-specific advantages highlight the importance of
considering individual performance requirements, as dif-
ferent applications may prioritize precision over recall or
vice versa. This pattern suggests that classifier selection
should be context-dependent rather than based on general
superiority assumptions.

Despite varying accuracy and precision-recall perfor-
mance, ROC-AUC scores remained consistently high
across all datasets, indicating strong class discrimination
capabilities for all classifiers (Figure 1) even on challeng-
ing datasets like German Credit. It suggests that poor pre-
cision-recall performance may stem from suboptimal
threshold selection rather than fundamental classification
inability and results could be improved.

Dataset properties emerged as the most critical factor
influencing classifier performance. Class imbalance
proved particularly problematic, as evidenced in the Ger-
man Credit and Online Shopping datasets, where all clas-
sifiers struggled with positive class prediction, often with
higher false positive rates than true positives.

The learning curve analysis further support class im-
balanced impact on performance. On the Spambase da-
taset, most classifiers showed continuous improvement
with increased data while on German Credit and Online
Shopping datasets, learning curves plateaued early,
which might be caused by class imbalance rather than in-
sufficient data

The standard deviation analysis revealed that larger
datasets promoted more stable performance, with varia-
bility decreasing as dataset size increased. This stability
improvement suggests that an adequate sample size is
crucial for reliable classifier evaluation and deployment.

Training time scores revealed that longer training
does not always guarantee better results. DT, KNN and
NB consistently required minimal training time across all
datasets (0.007-0.066 seconds) while maintaining com-
petitive performance levels (Figure 2). This efficiency
advantage became particularly pronounced on larger da-
tasets, where SVM training time increased dramatically
to 7.85 seconds on the Online Shopping dataset, com-
pared to 0.040 seconds for KNN while offering similar
performance.

7. Conclusion

This comprehensive evaluation of five machine learning
classifiers across four diverse datasets confirms the hy-
pothesis that no single classifier performs better across
all datasets. The optimal classifier selection depends on
dataset characteristics, computational constraints, and
application requirements.
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