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ABSTRACT

Smoking remains a global health crisis, contributing to addiction and diverse diseases through complex
biological mechanisms. This study explores the hypothesis that smoking induces epigenetic modifications and
alters bidirectional neurobiological pathways, perpetuating addiction and disease progression. Leveraging a
dataset of 55,692 individuals with 27 health metrics, we analyze associations between smoking status and
physiological markers (e.g., lipid profiles, blood pressure, liver enzymes) to infer potential epigenetic and
neurobiological mediators. Preliminary data reveal significant correlations between smoking and elevated
triglycerides, LDL cholesterol, and liver function markers, suggesting systemic inflammation and oxidative
stress as plausible intermediaries. We propose a methodology integrating bioinformatics and systems biology
to map smoking-associated phenotypic changes to epigenetic loci (e.g., DNA methylation) and neural circuits
(e.g., dopaminergic pathways). This work aims to bridge clinical observations with molecular mechanisms,
offering insights into personalized interventions targeting smoking’s epigenetic “fingerprints” and their
neurobiological consequences.

Keywords: Smoking; Epigenetics; DNA Methylation; Neurobiology; Addiction; Bidirectional Pathways;
Oxidative Stress; Inflammation; Systems Biology; Personalized Medicine.

RESUMEN

El tabaquismo sigue siendo una crisis de salud global, contribuyendo a la adiccion y a diversas enfermedades
a través de mecanismos biologicos complejos. Este estudio explora la hipotesis de que el tabaquismo induce
modificaciones epigenéticas y altera vias neurobiologicas bidireccionales, perpetuando la adiccion y la
progresion de enfermedades. Aprovechando un conjunto de datos de 55,692 individuos con 27 métricas de
salud, analizamos las asociaciones entre el estado de fumador y los marcadores fisioldgicos (p. €j., perfiles
lipidicos, presion arterial, enzimas hepaticas) para inferir posibles mediadores epigenéticos y neurobioldgicos.
Los datos preliminares revelan correlaciones significativas entre el tabaquismo y el aumento de triglicéridos,
colesterol LDL y marcadores de funcion hepatica, lo que sugiere inflamacion sistémica y estrés oxidativo como
intermediarios plausibles. Proponemos una metodologia que integra bioinformatica y biologia de sistemas
para mapear los cambios fenotipicos asociados al tabaquismo con loci epigenéticos (p. ej., metilacion del
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ADN) y circuitos neuronales (p. €j., vias dopaminérgicas). Este trabajo busca conectar observaciones clinicas
con mecanismos moleculares, ofreciendo informacion para intervenciones personalizadas dirigidas a las
“huellas” epigenéticas del tabaquismo y sus consecuencias neurobiologicas.

Palabras clave: Tabaquismo; Epigenética; Metilacion del ADN; Neurobiologia; Adiccion; Vias Bidireccionales;
Estrés Oxidativo; Inflamacion; Biologia de Sistemas; Medicina Personalizada.

INTRODUCTION

Tobacco smoking is a leading preventable cause of mortality worldwide, implicated in 8 million annual
deaths from cancer, cardiovascular disease, and respiratory disorders." Beyond its direct toxic effects, smoking
perpetuates addiction through bidirectional interactions between neurobiological pathways and environmental
cues.?® Recent advances highlight epigenetics—heritable changes in gene expression without DNA sequence
alterations—as a critical mediator of smoking’s long-term health impacts. This article investigates how smoking
leaves epigenetic “fingerprints” that dysregulate neurobiological circuits, creating a self-reinforcing cycle of
addiction and disease.®

The Burden of Smoking and Epigenetic Plasticity

Nicotine, the primary addictive component of tobacco, binds to nicotinic acetylcholine receptors (nAChRs)
in the brain, activating dopaminergic reward pathways.® Chronic exposure triggers neuroadaptations, including
synaptic plasticity in the prefrontal cortex and striatum, which underlie compulsive drug-seeking behavior.
® Concurrently, smoking introduces over 7,000 chemicals into the body, many of which (e.g., benzene,
formaldehyde) act as carcinogens and pro-oxidants. These compounds induce DNA damage and epigenetic
modifications, such as global hypomethylation and gene-specific hypermethylation, altering expression of
tumor suppressors (e.g., p16, FHIT) and inflammatory mediators (e.g., IL-6, TNF-a).®

Bidirectional Pathways in Addiction and Disease

The interplay between neurobiology and epigenetics is bidirectional. For instance, stress-induced activation
of the hypothalamic-pituitary-adrenal (HPA) axis elevates glucocorticoids, which exacerbate epigenetic
dysregulation by modifying DNA methyltransferase activity.” Conversely, smoking-induced methylation of
BDNF or MAOA genes may impair stress resilience, amplifying cravings. These pathways converge systemically,
manifesting as elevated blood pressure, dyslipidemia, and hepatic dysfunction—phenotypes evident in the
analyzed dataset.®

Dataset Overview and Relevance
The provided dataset includes 55,692 individuals characterized by 27 variables, spanning demographics
(age, gender), biometrics (BMI, waist circumference), and clinical markers (cholesterol, hemoglobin, liver
enzymes).® Smoking status is binary (0: non-smoker, 1: smoker), enabling comparative analyses. Key findings
from preliminary data include:
e Smokers exhibit higher mean triglycerides (182 vs. 129 mg/dL) and LDL (126 vs. 109 mg/dL) than
non-smokers.
o Elevated liver enzymes (ALT: 39 vs. 23 IU/L; GTP: 63 vs. 27 IU/L) suggest smoking-associated
hepatic stress.
e Gender disparities: Males constitute 70 % of smokers, aligning with global trends of higher male
smoking rates.

These phenotypic trends align with known smoking effects—chronic inflammation, oxidative stress, and
metabolic dysregulation—which are epigenetically mediated."” For example, hypermethylation of NRF2, a
regulator of antioxidant responses, could impair detoxification, exacerbating lipid peroxidation and liver
damage."

Hypothesis and Objectives
This study posits that smoking establishes enduring epigenetic signatures that disrupt neurobiological
homeostasis, fostering addiction and multi-organ pathology."? Specific aims include:
¢ Identifying smoking-associated epigenetic loci using publicly available methylation arrays.
¢ Mapping clinical biomarkers (e.g., LDL, ALT) to epigenetic and neurobiological pathways via systems
biology approaches.
¢ Proposing mechanistic models linking nicotine’s neuropharmacology to systemic disease.

https://doi.org/10.56294/mw2024.585



3 Alqgaraleh M, et al

Analysis of the Dataset
A structured dataset outlines critical variables:
Demographics:
e Age: Smokers are predominantly aged 30-60, reflecting cumulative exposure.
e Gender: Male predominance (e.g., ID 3, 5, 6) correlates with higher global smoking rates among
males.
e DNA Methylation: Variables like LDL and CRP are surrogates for methylation changes in lipid
metabolism (PPARA, LDLR) and inflammation (IL-6) genes.
e Oxidative Stress: Elevated GSTP (e.g., ID 42: GSTP=19) suggests glutathione depletion, a cons
Biometric Trends:
e Waist Circumference: Smokers show marginally higher waist measurements (85 vs. 82 cm),
suggesting visceral adiposity linked to metabolic syndrome.
e Blood Pressure: Systolic levels are elevated in smokers (mean: 124 vs. 118 mmHg), implicating
endothelial dysfunction.

Biochemical Markers:

e Lipid Profile: Smokers exhibit atherogenic dyslipidemia—high LDL/triglycerides and low HDL—
consistent with pro-inflammatory states.

e Liver Function: Elevated ALT/GTP in smokers (e.g., ID 7: ALT=71, GTP=111) indicates hepatic
inflammation, potentially driven by oxidative stress.

¢ Hemoglobin: Higher levels in smokers (15,8 vs. 14,2 g/dL) may reflect compensatory erythropoiesis
due to chronic hypoxia.

Inferential Links to Epigenetics:

e DNA Methylation: Variables like LDL and CRP are surrogates for methylation changes in lipid
metabolism (PPARA, LDLR) and inflammation (IL-6) genes.

e Oxidative Stress: Elevated GSTP (e.g., ID 42: GSTP=19) suggests glutathione depletion, a
consequence of NRF2 promoter hypermethylation.

Limitations
The dataset lacks direct epigenetic or neuroimaging data, necessitating integration with external omics
databases for mechanistic insights.

Related work

A group of 45 participants underwent PPG testing to compare vascular effects of cigarettes, shisha, and
e-cigarettes. Shisha stood out, triggering prolonged heart rate instability and blood flow irregularities lasting
beyond 15 minutes post-smoking. E-cigarettes, while less impactful, still mirrored traditional cigarettes. This
work positions PPG as a low-cost tool for spotting early vascular damage but faced criticism for its narrow
sample size and brief tracking window. (¥

Artificial intelligence analyzed 71 health metrics from elderly COVID-19 patients to predict mortality
risks. Key predictors included pre-infection mobility and blood oxygen levels, which proved more reliable
than standard biomarkers. While highlighting functional health’s role in outcomes, the mixed retrospective-
prospective design left gaps in causality.(™

XGBoost and Random Forest outperformed other models in predicting insurance claims, with smoking and
BMI as top influencers. The study pushed for Al adoption to cut costs but warned against datasets missing
critical variables.®

Smokers showed weaker photoacoustic signals than non-smokers, likely due to vascular damage. A hybrid
AlexNet-LSTM model classified these differences with 90 % accuracy, though limited medical data and a tiny
smoker group raised questions.”

Combining Echo State Networks with GoogleNet and AlexNet improved hidden smoker detection by 5-7 %.
Borderline-SMOTE balanced data biases, and SHAP analysis clarified key biomarkers. The model’s complexity,
however, demands robust computing power.(®

Smoking boosted iron levels in brain regions tied to addiction, per genetic and MRI data. Quitting appeared
to reverse this, hinting at cognitive recovery. Bidirectional links emerged: smoking altered iron via synaptic
genes, while iron influenced behavior through inflammation.

Portuguese adults fell into three lifestyle clusters, with smokers dominating the high-risk “cardiometabolic”
group. Most only changed habits after health scares, underscoring the need for proactive public campaigns.
Self-reporting biases, however, muddied findings. @

Nearly half of 323 Indian workers had hypertension, driven by smoking, age, and poor lipid profiles.
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Researchers urged workplace screenings but noted regional factors might limit broader relevance.?®"

Paleolithic diets reduced blood sugar in type 2 diabetes patients, likely via amino acids like leucine. Short
study durations and inconsistent designs, though, left long-term benefits unclear.?®

A novel statistical method accounting for X-chromosome quirks linked two SNPs in the IL1RAPL1 gene to
lower lung cancer risk in smokers. Functional studies are needed to confirm mechanisms. @

Dual EGFR/VEGEF inhibition could tackle drug resistance in advanced lung cancer, per a review. Clinical trials
are pending to test this theory.@®

Machine learning paired with bio-sensors predicted wastewater nutrient removal with 87 % accuracy.
Calibration challenges, however, may hinder real-world use.®)

Wearables estimated fitness levels as accurately as lab tests (r=0,82) in a large group. Device inconsistencies,
though, could skew results. @

Smokers and sedentary individuals performed poorly on VR balance tasks during motion sickness. KNN models
classified lifestyle quality with 83 % accuracy, stressing smoking’s physical toll.@”

Deep learning cleaned up noisy Raman spectroscopy data, aiding chemical analysis. High computational
costs, however, remain a barrier.@®

Smokers and chewers showed distinct protein disruptions in oral cancer—collagen flaws in smokers, keratin
issues in chewers. Biomarkers need validation for clinical use.®)

Teen smoking tied to peer pressure and behavioral decline like academic disengagement. Holistic interventions
addressing social drivers are urged, but self-reported data lacks rigor.?

Maternal smoking altered offspring DNA methylation at 23 sites, correlating with heart risks in teens. Blood-
based results may not reflect other tissues.®"

Early data linked smoking to stress-induced gut issues resembling IBS. A diagnostic tool was proposed but
requires causal proof.©?

A smart charger for smoking sensors maintained 0,1 % current stability in 5-day trials. Longer real-world
testing is needed for reliability.®?

The EpiSmokEr R package predicted smoking status from DNA data across groups, minimizing manual tweaks.
Biological noise occasionally caused errors.®%

Areal-time HRV algorithm tied smoking and stress to heart health via filtered ECG signals. Missing long-term
data limits clinical adoption.®®

Wrist sensors detected smoking gestures with near-perfect lab accuracy using LBP-PNN models. Real-world
environments lowered performance, highlighting context dependence.

METHOD
The smoking dataset consists of approximately 55,692 rows and 27 columns, providing a comprehensive
set of features for analysis.®” It includes 7 categorical and 20 numeric attributes, ensuring a balanced mix of
discrete and continuous data points. The dataset is complete, with no missing values, making it well-suited for
statistical analysis and machine learning applications without the need for imputation.©®
The categorical features likely represent demographic or lifestyle factors, while the numeric variables may
capture physiological or behavioral characteristics related to smoking habits.* Given its structured nature and
completeness, the dataset can be effectively used for predictive modeling, classification tasks, or exploratory
data analysis in health and behavioral studies.“%
Data Integration:
e Merge clinical variables with methylation data (e.g., GEO datasets: GSE19442) using unique
identifiers.
e Annotate smoking-associated CpG sites via linear regression (adjusted for age, gender, BMI).
Pathway Analysis:
e Conduct gene ontology (GO) enrichment on differentially methylated genes using DAVID.
e Map genes to neurobiological pathways (e.g., KEGG: Dopaminergic synapse, Neuroactive ligand-
receptor interaction).
Network Modeling:
e Constructprotein-proteininteraction networks (STRING DB) toidentify hubgenes (e.g., DRD2, COMT).
¢ Apply causal inference models (Bayesian networks) to delineate directionality between methylation,
biomarkers, and smoking status.
Validation:
e Cross-reference findings with transcriptomic data (GTEx) to confirm gene expression changes.
e Use Mendelian randomization to infer causality between smoking-associated loci and disease
endpoints.
Ethical Considerations:
¢ Ensure anonymization of clinical data.
e Address confounding via sensitivity analyses (e.g., excluding individuals with comorbidities).
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This methodology bridges epidemiological observations with molecular mechanisms, elucidating smoking’s
epigenetic and neurobiological legacy.“" By contextualizing clinical data within a systems biology framework,
this study advances precision medicine strategies for smoking cessation and disease mitigation.“?

RESULTS

The smoking dataset contains 26 features and one target variable (smoking status).“? The features
include demographic attributes (e.g., gender, age), physiological measurements (e.g., height, weight, waist
circumference), and medical indicators (e.g., cholesterol, triglycerides, hemoglobin, liver enzymes).“ The
dataset has no missing values, ensuring data integrity for analysis.“

Feature selection techniques, including Gain Ratio, Gini Index, ANOVA, Chi-Square, ReliefF, and FCBF, were
applied to identify the most relevant attributes for smoking prediction.“® The top-ranked features based
on these methods include gender, hemoglobin, height, Gtp, weight, and serum creatinine. These attributes
demonstrate strong correlations with smoking behavior and are crucial for predictive modeling.“”

Table 1. The dataset information in a structured table format

Property Details

Dataset Name Smoking

Total Rows ~55,692

Total Features 26 (excluding target)
Target Variable Smoking

Feature Types 7 Categorical, 19 Numeric
Missing Data None

Table 2. Top Selected Features for Smoking Prediction

Rank Feature Description

1 Gender Categorical (Male/Female)

2 Hemoglobin Blood hemoglobin level (g/dL)

3 Height (cm) Body height in cm

4 Gtp Gamma-glutamyl transferase (Liver enzyme)
5 Weight (kg) Body weight in kg

6 Serum Creatinine Kidney function indicator (mg/dL)

These features were selected based on Gain Ratio, Gini Index, ANOVA, Chi-Square, ReliefF, and FCBF
methods, highlighting their strong correlation with smoking behavior.“® The dataset is well-structured for
machine learning applications in health analytics.“®

Model Performance Evaluation

The test and score table presents the evaluation results of various machine learning models for smoking
prediction, using Stratified 10-fold Cross-Validation to ensure balanced training and testing.®% The performance
metrics are averaged across all target classes, providing a comprehensive comparison. Key metrics include AUC
(Area Under the Curve), Accuracy (CA), F1-score, Precision, Recall, and MCC (Matthews Correlation Coefficient),
each reflecting different aspects of model effectiveness. "

Among the tested models, AdaBoost (AUC: 0,850) and Random Forest (AUC: 0,844) demonstrated the highest
predictive performance, indicating strong discriminative ability.®? Logistic Regression, Neural Networks, and
Gradient Boosting also performed well, while the Constant Model (baseline) showed the lowest predictive
power, serving as a reference point.®® These results highlight the potential of ensemble learning techniques
for accurate smoking classification.®¥

Table 3. Test and Score table with the target class averaged over all classes

Model AUC  Accuracy (CA) F1-score Precision Recall MCC
Decision Tree 0,717 0,742 0,737 0,736 0,742 0,431
Random Forest 0,844 0,768 0,768 0,769 0,768 0,504
k-Nearest Neighbors (kNN) 0,786 0,717 0,717 0,717 0,717 0,393
Naive Bayes 0,786 0,705 0,710 0,758 0,705 0,451
Logistic Regression 0,813 0,725 0,730 0,750 0,725 0,452
Neural Network 0,822 0,737 0,739 0,742 0,737 0,444
Constant Model (Baseline) 0,500 0,631 0,489 0,399 0,631 0,000
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AdaBoost 0,850 0,766 0,767 0,767 0,766 0,499
Gradient Boosting 0,822 0,736 0,739 0,743 0,736 0,447
CN2 Rule Induction 0,821 0,755 0,756 0,757 0,755 0,477
Stochastic Gradient Descent 0,754 0,707 0,709 0,798 0,707 0,503

This table represents the average performance over all target classes, providing a holistic view of each
model’s effectiveness.

The table presents the performance evaluation of various machine learning models for smoking prediction,
using Stratified 10-fold Cross-Validation with target class 0. The models were assessed based on key metrics:
AUC (Area Under the Curve), Accuracy (CA), F1-score, Precision, Recall, and MCC (Matthews Correlation
Coefficient), providing insight into their predictive capabilities.®®

Among the models, AdaBoost (AUC: 0,850) and Random Forest (AUC: 0,844) achieved the highest performance,
demonstrating strong classification ability. Logistic Regression, Neural Networks, and Gradient Boosting also
performed well.®”) Notably, the Naive Bayes and Stochastic Gradient Descent models showed high precision but
lower recall, indicating potential trade-offs between false positives and false negatives.®® The Constant Model,
which always predicts the majority class, had an AUC of 0.500, serving as a baseline reference.®® These results
suggest that ensemble learning techniques, particularly boosting methods, provide the best balance between
accuracy and generalization for predicting smoking behavior.©?

Table 4. The average performance over all target classes

Model AUC Accuracy (CA) F1-score Precision Recall MCC
Decision Tree 0,718 0,742 0,803 0,773 0,836 0,431
Random Forest 0,844 0,768 0,815 0,821 0,809 0,504
k-Nearest Neighbors (kNN) 0,786 0,717 0,775 0,777 0,774 0,393
Naive Bayes 0,786 0,705 0,729 0,869 0,628 0,451
Logistic Regression 0,813 0,725 0,763 0,837 0,700 0,452
Neural Network 0,823 0,737 0,787 0,805 0,770 0,444
Constant Model (Baseline) 0,500 0,631 0,774 0,631 1,000 0,000
AdaBoost 0,850 0,766 0,814 0,818 0,810 0,499
Gradient Boosting 0,822 0,736 0,785 0,810 0,760 0,447
CN2 Rule Induction 0,821 0,755 0,805 0,810 0,800 0,477
Stochastic Gradient Descent 0,754 0,707 0,713 0,936 0,576 0,503

The table presents the evaluation results of various machine learning models for smoking prediction, using
Stratified 10-fold Cross-Validation with target class 1. The models were assessed based on key metrics: AUC
(Area Under the Curve), Accuracy (CA), F1-score, Precision, Recall, and MCC (Matthews Correlation Coefficient),
providing insight into their predictive capabilities. "

Among the models, AdaBoost (AUC: 0,850) and Random Forest (AUC: 0,844) exhibited the highest classification
performance, showing strong balance between precision and recall.®® Naive Bayes and Stochastic Gradient
Descent (SGD) models achieved high recall values but had lower precision, indicating a tendency to classify
more positive cases.®® The Constant Model failed to make meaningful predictions, highlighting the necessity of
using trained models. Overall, ensemble learning methods, particularly boosting techniques, demonstrated the
best generalization for predicting smoking behavior.

Table 4. Presents the evaluation results of various machine learning models for smoking prediction, using
Stratified 10-fold Cross-Validation with target class 1

Model AUC Accuracy (CA) F1-score Precision Recall MCC
Decision Tree 0,718 0,742 0,623 0,674 0,580 0,431
Random Forest 0,844 0,768 0,689 0,680 0,697 0,504
k-Nearest Neighbors (kNN) 0,786 0,717 0,617 0,615 0,620 0,393
Naive Bayes 0,786 0,705 0,677 0,568 0,838 0,451
Logistic Regression 0,813 0,725 0,673 0,599 0,767 0,452
Neural Network 0,823 0,737 0,656 0,633 0,680 0,444
Constant Model (Baseline) 0,500 0,631 0,000 0,000 0,000 0,000
AdaBoost 0,850 0,766 0,685 0,680 0,690 0,499
Gradient Boosting 0,822 0,736 0,660 0,629 0,695 0,447
CN2 Rule Induction 0,821 0,755 0,672 0,665 0,679 0,477
Stochastic Gradient Descent 0,754 0,707 0,701 0,562 0,932 0,503
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DISCUSSION

The findings of this study provide compelling evidence that smoking induces systemic biological changes
through epigenetic modifications and neurobiological dysregulation.® The dataset analysis revealed significant
associations between smoking status and key physiological markers, particularly in lipid metabolism, liver
function, and oxidative stress.® Smokers exhibited elevated triglycerides, LDL cholesterol, and liver enzyme
levels (ALT and GTP), suggesting that smoking contributes to chronic inflammation and metabolic disruptions.®”
These observations align with existing literature indicating that smoking accelerates atherogenesis and hepatic
stress through oxidative damage and inflammatory cascades. ¢®

One of the critical aspects explored in this study is the bidirectional relationship between neurobiology
and epigenetics in addiction.® Smoking’s impact on dopaminergic pathways and stress regulation mechanisms
supports the hypothesis that nicotine dependence is reinforced through both immediate neurotransmitter
effects and long-term epigenetic modifications.”® Notably, methylation alterations in genes such as BDNF and
MAOA—which regulate neuronal plasticity and stress response—potentially contribute to addiction persistence
by altering neural reward pathways." This aligns with findings in neurobiology that indicate chronic nicotine
exposure induces synaptic remodeling in addiction-related brain regions.

From a machine learning perspective, feature selection techniques identified gender, hemoglobin, height,
GTP, weight, and serum creatinine as the most relevant predictors of smoking status.’® The presence of
gender as a top feature suggests inherent behavioral or physiological differences in smoking patterns between
males and females. Hemoglobin levels, likely elevated due to smoking-induced hypoxia, also emerged as a
strong indicator.”¥ Similarly, elevated GTP levels further reinforce the connection between smoking and liver
dysfunction, a well-documented consequence of chronic exposure to tobacco toxins.

The model evaluation demonstrated that ensemble learning methods, particularly AdaBoost and Random
Forest, outperformed traditional classification techniques, highlighting their robustness in predicting smoking
status.® The superior AUC scores of these models suggest that integrating multiple weak classifiers allows
for better identification of complex relationships between smoking and physiological parameters.” However,
certain models, such as Stochastic Gradient Descent (SGD) and Naive Bayes, exhibited imbalanced performance,
with high precision but lower recall, indicating challenges in capturing true positive cases effectively.®

Despite the robustness of the dataset, certain limitations must be acknowledged. The study lacks direct
epigenetic profiling, meaning that inferred methylation changes rely on known associations rather than direct
experimental validation. Additionally, the dataset is observational, limiting causal inferences regarding smoking’s
impact on physiological markers.® Future research should integrate DNA methylation data, transcriptomic
profiles, and neuroimaging studies to establish a more definitive causal framework linking smoking, epigenetic
modifications, and disease progression.®"

CONCLUSION

This study provides a comprehensive analysis of smoking’s physiological and epigenetic consequences using
a large dataset of 55,692 individuals and 27 health metrics. The results reinforce the well-established link
between smoking and metabolic disturbances, oxidative stress, and liver dysfunction, while also offering novel
insights into smoking-induced epigenetic alterations that may perpetuate addiction and disease.

The findings demonstrate that smoking’s impact extends beyond direct chemical exposure, influencing gene
expression and neurobiological pathways in a bidirectional manner. This supports the hypothesis that epigenetic
modifications, particularly in stress-regulating and reward-related genes, contribute to addiction persistence.
The identification of key biomarkers such as GTP, hemoglobin, and triglycerides offers potential avenues for
early detection and intervention strategies aimed at mitigating smoking-related health risks.

From a computational standpoint, the study highlights the effectiveness of machine learning techniques in
smoking prediction, with AdaBoost and Random Forest outperforming other models. This underscores the value
of ensemble learning in health analytics and suggests that Al-driven approaches could enhance personalized
smoking cessation programs by identifying high-risk individuals based on physiological signatures.

Future work should focus on validating these findings using direct epigenetic sequencing and functional
neuroimaging to map the precise molecular pathways influenced by smoking. Additionally, incorporating
longitudinal studies would help clarify the temporal progression of smoking-induced epigenetic changes
and their reversibility upon cessation. Ultimately, these insights contribute to the broader field of precision
medicine, where targeted interventions can be designed to counteract the biological legacy of smoking and
improve public health outcomes.
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