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Abstract—Smoking is a major risk factor that poses serious
impacts on global public health. Early detection of smoking
status is crucial for supporting prevention efforts and health
promotion. This study aims to compare the performance of two
classification methods, namely Support Vector Machine (SVM)
and Neural Network (NN), in identifying smokers and non-
smokers. Model evaluation was conducted using several metrics,
including the Area Under the Curve (AUC), accuracy, F1-score,
precision, recall, and Matthews Correlation Coefficient (MCC).
The experimental results showed that the SVM achieved the best
performance, with an AUC of 0.984, accuracy of 0.924, F1-score
of 0.924, precision of 0.924, recall of 0.924, and MCC of 0.848.
Meanwhile, the NN also demonstrated excellent results, with an
AUC of 0.972, accuracy of 0.911, F1-score of 0.911, precision
of 0.912, recall of 0.911, and MCC of 0.823. Therefore, it can
be concluded that SVM outperforms NN in classifying smoking
status, although both methods are capable of providing a very
high classification performance. Furthermore, the findings indi-
cate that exposure to cigarette smoke can lead to immune gene
dysregulation, including reduced expression of genes associated
with cellular defense, increased inflammatory mediators, and
alterations in adaptive immune cell functions

Index Terms—Smoking, Gen expression, Machine Learning,
SVM, Neural Network

I. INTRODUCTION

The prevalence of tobacco smoking poses a critical chal-
lenge to global health [1], causing more than eight million
deaths worldwide each year, and continues to be the subject
of extensive scientific investigations [2], [3]. In addition to its
impact on the respiratory and cardiovascular systems, smoking
has widespread consequences for the immune system [4]. In
addition to its impact on the respiratory and cardiovascular
systems, smoking exerts broad consequences on the immune
system [5]. Transcriptomic and epigenetic studies have shown
that exposure to cigarette smoke alters gene expression pat-
terns in peripheral blood cells, including B lymphocytes,

which play a vital role in adaptive immune responses [6].
These alterations affect various biological pathways, including
inflammation, xenobiotic metabolism, apoptosis, and immune
cell differentiation [7].

Although several genetic biomarkers have been reported,
most studies have focused on univariate analyses or single-
gene associations [8]. This approach has limitations in cap-
turing the complexity of multigenic interactions underlying
smoking status [9]. In this context, machine learning (ML) has
emerged as a relevant approach [10]. Machine learning enables
the simultaneous modeling of large-scale gene expression
patterns, thereby enhancing the ability to classify smoking
status [11]. However, the main challenge lies in selecting an
appropriate model for high-dimensional data with a limited
number of samples, which is prone to overfitting and poor
generalization [12].

The Support Vector Machine (SVM) is well recognized for
its strength in handling high-dimensional data owing to its
ability to identify an optimal hyperplane that separates classes
[11], [13]. On the other hand, neural networks (NN) represent
a more flexible nonlinear model capable of capturing complex
relationships among variables, although they require a larger
number of parameters and data to achieve stable training [14]
[14]. To date, there are limited studies that systematically com-
pare the performance of these two approaches in classifying
smoking status based on B lymphocyte gene expression [15],
[16].

In this context, the present study aimed to develop a clas-
sification model of smoking status using B lymphocyte gene
expression data and to compare the performance of SVM and
neural networks using multiple evaluation metrics (AUC, accu-
racy, F1-score, precision, recall, and MCC). The contribution
of this study lies in providing a reproducible methodological
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baseline for research on smoking status biomarkers, while
also offering comparative insights into the effectiveness of
SVM and Neural Network algorithms on high-dimensional
gene expression data.

II. REVIEW OF RELETED WORK

Research on smoking status classification based on gene
expression has advanced rapidly in line with the progress
of high-throughput omics technologies and machine learning
(ML) methods [17]. The main challenge in this field lies in the
complexity of high-dimensional transcriptomic data combined
with the limited number of samples, making the choice of an
An appropriate ML model is crucial to avoid overfitting while
ensuring good generalization [18].

The study “Machine Learning Reveals Impacts of Smoking
on Gene Profiles of Different Cell Types in Lung” demon-
strated that ML algorithms can be employed to identify
differences in gene expression patterns between smokers and
non-smokers across various lung cell types. This study high-
lights that cigarette smoke exposure leaves specific molecular
signatures that can be modeled using ML, thereby opening
opportunities to discover novel biomarkers associated with
smoking behavior [7].

In addition, Yang et al. (2018), in their study entitled
“Construction of a 26-feature gene Support Vector Machine
classifier for smoking and non-smoking lung adenocarcinoma
sample classification,” developed a classification model based
on support vector machine (SVM). They demonstrated that
with proper feature selection, SVM is capable of distinguishing
between smoker and non-smoker samples in lung adenocarci-
noma cases with high accuracy. This finding underscores the
strength of SVM in handling high-dimensional data, particu-
larly in the context of gene expression [19].

On the other hand, Zhang et al. (2019), in their article
“Machine learning selected smoking-associated DNA methy-
lation signatures that predict HIV prognosis and mortality,”
highlighted the importance of feature selection strategies in
ML. By employing regularization approaches such as LASSO,
they successfully identified epigenetic markers associated with
smoking behavior and their relevance in predicting HIV prog-
nosis. This indicates that the integration of ML with regular-
ization methods can reduce data complexity and improve the
classification performance [20].

Babichev et al. (2021), in their study entitled “A Hybrid
Model of Cancer Diseases Diagnosis Based on Gene Expres-
sion Data with Joint Use of Data Mining Methods and Ma-
chine Learning Techniques,” explored various ML algorithms,
including SVM and neural networks, for cancer diagnosis
based on gene expression data. Their findings revealed that
combining data mining approaches with ML techniques can
enhance classification accuracy while emphasizing the impor-
tance of selecting algorithms that align with the characteristics
of the data [17].

Based on this review, it can be concluded that although
numerous studies have applied ML in the context of smoking
and genetic data, there are limited investigations specifically

comparing the performance of different ML methods for
smoking status classification based on B lymphocyte gene
expression. Therefore, this study seeks to address this gap
by developing a classification model and conducting a com-
parative evaluation of SVM and Neural Network algorithms
on high-dimensional gene expression data. The following is a
literature review of this study.

A. Support Vector Machine (SVM)

Support Vector Machine (SVM) is well-recognized for its
effectiveness in classifying high-dimensional data such as
the gene expression. This method operates by determining
the optimal hyperplane that maximizes the separation margin
between classes, thereby achieving strong generalization even
when the number of features (p) is substantially larger than
the number of samples (n) [21].

B. Multi-Layer Perceptron (MLP) Neural Network

The Multi-Layer Perceptron (MLP) neural network is ca-
pable of learning non-linear representations through hidden
layers, resulting in a flexible modeling approach. Nevertheless,
its performance is highly dependent on the architecture, the
number of neurons and layers, the application of regularization
techniques, and the size of the dataset [22].

Several studies have employed machine learning (ML) in-
cluding Support Vector Machines (SVM) and Neural Networks
to detect molecular signatures (biomarkers) of smoking status
using PBMC or whole blood data. For example, studies by [11]
identified genes such as GPR15 and LRRN3 as strong markers
of smoking, which was supported by ML-based analyses.

III. METHODE

The subjects were selected from a data source available
in Orange, namely Smoking Effect on B Lymphocytes. This
dataset contains 79 samples (39 smokers and 40 non-smokers),
3,001 variables (gene expression features randomly selected
from the original data), with the target variable being smoker
vs. non-smoker.

B lymphocytes are a type of white blood cellthat play
a key role in the immune system, particularly in antibody
production. This study aims to classify smoking status (smoker
vs. non-smoker) based on B lymphocyte gene expression and
to compare the performance of Support Machine (SVM), and
Neural Network (MLP). The following are the stages of the
research methodology:

Based on the research stages illustrated above, the The
following explanations are provided:
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Fig. 1. Research Stages.

A. Data Collection

B lymphocyte gene expression dataset (tabular format; fea-
tures = genes; label = smoking status). Samples were selected
with clearly defined smoking status labels, and adequate ex-
pression quality. The following figure presents the data utilized
in the classification process in this study:

Fig. 2. Smoking effect on B lymphocytes Data

B. Preprocessing

Data cleaning was performed by removing features with
entirely missing or constant values. Standardization using z-
score normalization per gene (mean = 0, sd = 1) within each

fold. Light feature selection: removal of near-constant or low-
variance genes to reduce noise.

C. Modelling

Model 1 – SVM (RBF); Effective for cases where p - n with
maximum margin optimization, suitable for high-dimensional
data. Model 2 – Neural Network (MLP). Capable of capturing
non-linear relationships, overfitting mitigated through regular-
ization and early stopping.

D. Cross-Validation

Stratified 5-fold cross-validation was applied to preserving
class proportions.

E. Evaluation

Primary metrics include AUC, Accuracy (CA), Precision,
Recall, F1-score, and MCC (more informative for imbalanced
data), comparing the performance of these two models.

F. Interpretation

Analysis was conducted to determine the best- performing
model.

IV. RESULTS AND DISCUSSION

The gene expression profile of B lymphocytes can classify
smoker vs. non-smoker status with very high performance.
The results support the use of gene expression–based ma-
chine learning as a molecular biomarker of cigarette smoke
exposure. Findings indicate significant differences in B lym-
phocyte gene expression patterns between smokers and non-
smokers. Many of the involved genes are associated with
adaptive immune functions, inflammation, and oxidative stress
responses induced by nicotine exposure in rats. These gene
expression changes provide further evidence that smoking
weakens immune function and increases Susceptibility to
diseases. The following is an overview of data classification
processes, including data preprocessing, cross- validation, and
modeling using the SVM and Neural Network methods.

Fig. 3. Preprocessing Settings with Two Models.

The figure above illustrates the application of two modeling
approaches: the Support Vector Machine (SVM), a classifi-
cation algorithm based on the optimal hyperplane, and the
Neural Network (Multi-Layer Perceptron, MLP), an artificial
neural network algorithm with backpropagation. Both models
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were evaluated using the Test and Score procedure with 5-
fold stratified cross-validation to maintain class proportions
and assess model performance.

The B lymphocyte gene expression data were obtained from
transcriptomic databases. Normalization and feature selection
were performed to reduce noise and improve the model accu-
racy. A number of significant genes associated with cigarette
smoke exposure were identified, including those related to
immune response (e.g., CD19, CD79, etc.). The following
section presents the classification The results obtained from
both models are as follows:

Fig. 4. Classification Results.

The results demonstrate significant differences in the B
lymphocyte gene expression profiles between smokers and
non-smokers. Many of the differentially expressed genes are
associated with adaptive immune function, inflammation, and
oxidative stress responses induced by nicotine exposure. These
gene expression alterations support the evidence that smoking
weakens immune function, and increases susceptibility to
diseases.

Support Vector Machine (SVM) proved to be superior in
this dataset, consistent with its effectiveness in handling high-
dimensional data such as gene expression. The evaluation
results show that SVM achieved the best performance on
the Smoking Effect on B Lymphocytes dataset. The model
obtained an AUC of 0.984, accuracy (CA) of 0.924, F1-score
of 0.924, precision of 0.924, recall of 0.924, and MCC of
0.848. These findings indicate that SVM is highly capable of
classifying smoking status with excellent accuracy and a well-
balanced trade-off between the precision and recall.

Meanwhile, the Neural Network (NN) also demonstrated
strong performance, albeit slightly lower, likely due to the lim-
ited sample size (only 79 samples). Neural networks generally
require larger datasets to avoid overfitting and to better capture
complex non- linear patterns. In this study, NN achieved an
AUC of 0.972, accuracy (CA) of 0.911, F1-score of 0.911,
precision of 0.912, recall of 0.911, and MCC of 0.823. These
results confirm that NN provides competitive classification
performance, although it does not surpass SVM on this dataset.

This study highlights that machine learning can serve as
an important tool in bioinformatics education, public health,

and molecular biology, respectively. It also illustrates how
computational algorithms can be applied to real biological data
to support health-related research in the future.

BIBTEX does not work like magic. It doesn’t get the bib-
liographic data from thin air, but from. bib files. If you use
BIBTEX to produce a bibliography you must send the .bib files.

LATEX cannot read your mind. If you assign the same label
to a subsubsection and a table, you might find that Table I has
been cross-referenced as Table IV-B3.

CONCLUSION

Based on the findings obtained from the Smoking Effect
on B Lymphocytes dataset, it can be concluded that both
Support Vector Machine (SVM) and Neural Network (NN)
are capable of classifying smoker and Non-smoker status
with high performance. However, SVM demonstrated superior
results compared to NN, achieving an AUC of 0.984 and
an accuracy of 0.924, which are slightly higher than those
obtained by NN (AUC: 0.972, accuracy 0.911).

This indicates that SVM is more effective in handling high-
dimensional gene expression data and is able to maintains
a balance between precision and recall. Nevertheless, NN
remains a relevant alternative classification model with a
competitive performance. These findings provide a valuable
methodological baseline for developing predictive models of
smoking status based on gene expression data and open
opportunities for further research through external validation
and integration of multi-omics approaches.

This study highlights that the integration of machine learn-
ing with biological data can generate promising biomarker
prediction tools for detecting smoking exposure.
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