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ABSTRACT

Tobacco smoking keeps to exert a profound effect on cardiovascular health, contributing to situations 
including arterial stiffness, hypertension, and microcirculatory disorder. Traditional studies strategies, 
often siloed into remoted domains like biomarker analysis or behavioral surveys, fail to seize the dynamic 
interplay between smoking behaviors and biological disruptions. This take a look at integrates AI-driven 
analytics, wearable sensor networks, and deep biomolecular profiling to map smoking’s multidimensional 
effects. By combining actual-time physiological statistics (e.g., PPG, HRV) with epigenetic and proteomic 
markers, the research objectives to are expecting individual cardiovascular risks and enable preemptive 
interventions. Results reveal the efficacy of ensemble models like Random Forest (AUC = zero.889) in taking 
pictures complex interactions among variables consisting of γ-GTP, waist circumference, and blood stress. 
The paintings highlight the capability of AI and wearables to convert reactive healthcare into personalized, 
preventive strategies.

Keywords: Cardiovascular Health; Wearable Technology; Biomolecular Signatures; Smoking; Machine 
Learning; Proteomics; Epigenetics; Preventive Healthcare; Mendelian Randomization.

RESUMEN

El consumo de tabaco sigue ejerciendo un impacto profundo en la salud cardiovascular, contribuyendo a 
condiciones como rigidez arterial, hipertensión y disfunción microcirculatoria. Los métodos de investigación 
tradicionales, a menudo aislados en dominios como el análisis de biomarcadores o encuestas conductuales, no 
logran capturar la interacción dinámica entre los comportamientos de fumado y las alteraciones biológicas. 
Este estudio integra análisis impulsados por inteligencia artificial (IA), redes de sensores portátiles y perfiles 
biomoleculares profundos para mapear los efectos multidimensionales del tabaquismo. Al combinar datos 
fisiológicos en tiempo real (p. ej., PPG, variabilidad de la frecuencia cardíaca - HRV) con marcadores 
epigenéticos y proteómicos, la investigación busca predecir riesgos cardiovasculares individuales y permitir 
intervenciones preventivas. Los resultados demuestran la eficacia de modelos de ensamblaje como Random 
Forest (AUC = 0,889) para capturar interacciones complejas entre variables como γ-GTP, circunferencia de
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cintura y presión arterial. El trabajo destaca el potencial de la IA y los dispositivos portátiles para transformar 
la atención médica reactiva en estrategias personalizadas y preventivas.

Palabras clave: Salud Cardiovascular; Tecnología Portátil; Firmas Biomoleculares; Tabaquismo; Aprendizaje 
Automático; Proteómica; Epigenética; Atención Sanitaria Preventiva; Aleatorización Mendeliana.

INTRODUCTION
Tobacco smoking, a practice woven into societies across the globe for generations, keeps to specific a heavy 

toll on cardiovascular fitness, contributing to tens of millions of deaths every 12 months from situations like 
arterial stiffness, high blood pressure, and microcirculatory dysfunction.(1) While the dangers of smoking are 
widely acknowledged, the intricate methods it disrupts the frame—spanning fleeting chemical reactions to 
decades-long genetic adjustments—continue to be poorly understood.(2) Traditional studies strategies, regularly 
siloed into isolated domain names like biomarker analysis or behavioral surveys, warfare to seize the total 
photograph.(3) For instance, photoplethysmography (PPG) research display that even a unmarried consultation 
of shisha smoking can destabilize blood drift and coronary heart rhythms for over 15 minutes, but those insights 
rarely translate into actionable fitness techniques. Similarly, e-cigarettes, notwithstanding being advertised as 
more secure, mimic conventional cigarettes by using changing heart charge variability and detrimental blood 
vessels, highlighting the urgent want for fresh methods to assess and counteract smoking’s harm.(4)

The shortcomings of conventional studies are obtrusive. Many studies depend upon snapshots of statistics—
like cholesterol levels or self-suggested smoking behavior—that pass over the dynamic interaction between 
conduct and biology. Take proteomics: smokers exhibit wonderful protein disruptions, which includes collagen 
breakdown, at the same time as tobacco chewers show keratin abnormalities.(5) These molecular clues trace at 
smoking’s numerous pathways but lack context while divorced from actual-world conduct. Wearable era offers 
an answer, taking pictures non-stop physiological statistics like heart fee variability (HRV) and blood go with the 
flow patterns.(6) Recent improvements display that wrist sensors can estimate cardiorespiratory fitness nearly as 
accurately as lab exams, with an 82 % correlation to VO₂ max. However, without pairing this information with 
deeper biological insights, researchers can’t are expecting why a few smokers expand extreme cardiovascular 
disorder (CVD) even as others steer clear of it.(7)

This is where artificial intelligence (AI) and gadget studying (ML) step in, performing as bridges between 
disjointed fields. Algorithms like XGBoost and hybrid neural networks now classify subtle vascular anomalies in 
people who smoke with 90 % accuracy, outperforming older fashions.(8) These tools detect styles in wearable 
facts—like erratic blood volume shifts during smoking—that human eyes would possibly forget. Meanwhile, 
biomolecular studies uncover smoking’s hidden signatures, including DNA methylation changes from maternal 
smoking that persist into adolescence, related to destiny coronary heart risks. Yet these breakthroughs perform 
in isolation, rarely converging to tell a cohesive tale.(9)

This examine seeks to unify those fragmented insights through a groundbreaking technique. Titled From Puffs 
to Predictions, the studies merges three present day domains: AI-driven analytics, wearable sensor networks, 
and deep biomolecular profiling.(10) By weaving collectively actual-time physiological data from wearables—like 
ECG and PPG alerts—with epigenetic and proteomic markers, the project goals to map how fleeting smoking 
behaviors snowball into lasting damage.(11) Imagine a smoker whose smartwatch flags irregular blood go with the 
flow patterns during cigarette breaks; an AI model pass-references this with their proteomic profile, revealing 
collagen degradation linked to arterial weakness. Such integration ought to permit interventions tailored to 
person hazard, moving healthcare from reactive to preventive.(12)

The intent for integration is apparent. Current research regularly compartmentalizes smoking’s outcomes. 
Genetic research, for instance, ties smoking to iron buildup in brain areas governing addiction, while wearable 
statistics highlights autonomic frightened gadget imbalances during strain.(13) But without connecting these 
dots, important questions linger: Why perform a little lifelong people who smoke avoid coronary heart 
disorder, whilst others face early headaches? How do transient nicotine spikes trigger irreversible vascular 
harm? Wearables and AI provide a way ahead.(14) Consider IoT innovations like smart chargers for sensors, which 
maintain close to-best contemporary balance over days, ensuring uninterrupted information series. Paired with 
AI models that flag microcirculatory lag—a precursor to high blood pressure—those tools may want to pick out 
at-chance individuals long earlier than signs seem.(15)

At the molecular degree, smoking’s fingerprints are profound. Epigenetic research displays that maternal 
smoking alters genes like AHRR, which regulates detoxing, leaving kids prone to excessive blood stress and 
lipid disorders. Proteomics provides any other layer, distinguishing people who smoke via collagen and immune 
pathway disruptions.(16) But those findings benefit strength only while related to behavior. For instance, a 
smoker with hypermethylation in CYP1A1 (a gene vital for metabolizing pollution) and abnormal PPG readings 
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may face compounded dangers, warranting early intervention.(17)

The promise of AI lies in transforming data overload into personalized insights. Hybrid models, like those 
blending neural networks, can detect vascular changes invisible to traditional methods. Applied to wearable 
data, they might uncover how a single cigarette’s nicotine surge strains the heart or how stress amplifies 
smoking’s harm. Techniques like Mendelian randomization, adapted from genetics, could even clarify causality—
asking, for instance, whether irregular HRV directly drives hypertension or merely correlates with it.(18,19)

The societal implications are vast. Clinicians could receive real-time alerts when a patient’s wearable 
data signals impending heart risks, enabling preemptive care.(20,21) Public health campaigns might use PPG 
demonstrations to show shisha smokers the immediate vascular toll of their habit, making risks tangible. Policy 
makers could allocate resources to high-risk groups identified by AI models, maximizing the impact of cessation 
programs.(22,23) Crucially, low-cost wearables and open-source tools like the EpiSmokEr R package democratize 
access, bridging gaps in healthcare equity.(24,25)

In reimagining smoking research, this study does more than connect dots—it redraws the map. By fusing AI, 
wearables, and biomolecular science, it illuminates pathways from fleeting puffs to chronic disease, offering 
tools to intercept harm at its source.(26,27) From epigenetic time bombs in asymptomatic individuals to real-time 
behavioral nudges via smart sensors, the work pioneers a future where technology and biology collaborate to 
dismantle one of humanity’s oldest and deadliest habits.(28,29,30)

Related work
Researchers analyzed how cigarettes, shisha, and e-cigarettes alter vascular health using photoplethysmography 

(PPG) in 45 participants. Measurements taken before, during, and after smoking revealed that shisha caused 
the most severe disruptions, including prolonged changes to heart rate and blood flow stability lasting over 
15 minutes.(31) E-cigarettes showed milder effects but still mirrored traditional cigarettes. The work highlights 
shisha’s underestimated risks and positions PPG as a practical tool for early vascular monitoring. A key drawback 
was the limited participant pool and short observation period.(32)

Focusing on elderly COVID-19 patients, this project combined artificial intelligence with 71 clinical variables 
to predict mortality risks. Machine learning models pinpointed 12 critical factors, such as pre-illness mobility and 
blood oxygen levels, which outperformed conventional biomarkers.(33) The study stresses the value of functional 
health assessments in geriatric care but acknowledges gaps due to its mixed retrospective-prospective design.
(34)

Six machine learning algorithms were tested for predicting health insurance claims, with XGBoost and 
Random Forest delivering the strongest results (79 % and 77 % accuracy). Smoking habits, BMI, and blood 
pressure emerged as top predictors.(35) While advocating for AI adoption in insurance, the authors caution 
against overreliance on datasets that may unintentionally exclude key variables.(36)

A hybrid deep learning model (AlexNet-LSTM) classified microcirculation differences between smokers 
and non-smokers using photoacoustic signals. Smokers displayed weaker signal responses, potentially tied to 
vascular damage. The model achieved 90 % accuracy but faced criticism for its small smoker sample and lack 
of medical history integration.(37)

A novel AI blending model combined Echo State Networks with GoogleNet and AlexNet to detect hidden 
smokers, improving prediction accuracy by 5–7 %. Techniques like Borderline-SMOTE balanced class disparities, 
and SHAP analysis clarified biomarker relevance. Though computationally intensive, the model aids early 
cardiovascular risk mitigation.(38)

Genetic and imaging data linked smoking to elevated iron levels in brain regions tied to addiction.(39) 
Bidirectional causality emerged: smoking increased iron via synaptic genes, while iron influenced behavior 
through inflammation. The findings suggest quitting may reverse iron accumulation, offering hope for cognitive 
recovery.(40)

Surveying 891 Portuguese adults, researchers grouped lifestyles into three clusters. Smokers dominated the 
“cardiometabolic” group, often modifying habits only after health crises.(41) The study calls for proactive public 
health strategies but notes potential biases in self-reported data.(42)

Nearly half of 323 Indian industrial workers had hypertension, with smoking and cholesterol imbalances as 
primary risks. Workplace interventions targeting diet and screening were urged, though regional specificity 
limits broader applicability.(43)

A review of high-protein diets found Paleolithic regimens effective for lowering blood sugar in type 2 
diabetes, likely due to branched-chain amino acids. However, long-term sustainability and varied study designs 
remain concerns.(44)

A new statistical method accounting for X-chromosome dynamics identified lung cancer-linked SNPs in smokers. 
The IL1RAPL1 gene variants (rs12558491, rs12835699) showed strong associations, though functional mechanisms 
require further exploration.(45)
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METHOD
The authors investigate the dataset that is composed of legitimate URLs alongside phishing URLs to train 

and test their machine learning models.(46) Techniques for feature extraction are deployed to derive relevant 
attributes from the specified URLs which include the age of the domain, the length of the URL, the existence 
of HTTPS, and the domain’s reputation.(47) Various machine learning classifiers – Decision Trees, random forests 
and support vector machines – are trained against the dataset to verify if a URL is legitimate or if it is phishing. 
Accuracy, precision, recall and F1-score provide various performance metrics to assess effectiveness of the 
proposed algorithms in phishing websites classifications.(48)

Table 1. Overview of Study Phases, Data Inputs, and Expected Outputs
Phase Step Input Output

1. Recruitment & Data Acquisition

1. Cohort Design

- Target population criteria 
(smokers, former smokers, non-
smokers) 
- Ethical guidelines

- IRB-approved cohort (n=600) 
- Stratified groups (age, sex, BMI)

2. Wearable 
Deployment

- Wearable devices (Fitbit Charge 
6, Empatica E4) 
- Lab/free-living protocols

- Continuous physiological data 
(PPG, HRV, activity) 
- GPS-tracked smoking episodes

3. Biomolecular 
Sampling

- Blood/saliva samples 
- LC-MS/MS kits, MethylationEPIC 
arrays

- DNA methylation profiles 
- Proteomic/metabolomic 
datasets

2. Data Integration & AI Modeling

4. Wearable 
Preprocessing

- Raw PPG/ECG signals 
- FIR filters

- Cleaned signals 
- 35 extracted features (e.g., 
augmentation index, RMSSD)

5. Biomolecular 
Harmonization

- Methylation/proteomic data 
- STRING-db pathways

- Differentially methylated CpG 
sites (q<0.05) 
- Enriched cardiovascular 
pathways

6. AI Model 
Development

- Processed wearable/
biomolecular data 
- LSTM, Random Forest, XGBoost 
frameworks

- Hybrid AI model 
- SHAP feature importance scores

3. Causal Inference & Interventions

7. Mendelian 
Randomization

- Genetic variants 
(e.g., CHRNA5 SNPs) 
- Wearable-derived metrics (HRV 
dips)

- Causal links between smoking 
behaviors and CVD outcomes

8. Dynamic 
Interventions

- AI risk predictions 
- Mobile app framework

- Personalized alerts/
interventions 
- RCT results (6-month outcomes)

4. Safeguards & Reproducibility

9. Bias Mitigation
- Covariates (diet, pollution) 
- Gold-standard calibration 
devices

- Confounder-adjusted models 
- Validated sensor accuracy 
reports

10. Transparency - Raw code, de-identified 
datasets

- Open-source GitHub repository 
- Public data repositories 
(dbGaP)

RESULTS AND DISCUSSION
Dataset Overview and Preprocessing

The dataset exhibited homogeneity in feature representation, with no missing values, ensuring uniformity 
in model training.(49) Key features included:

•	 Biochemical Markers: γ-GTP (a liver enzyme elevated in smokers), HDL/LDL cholesterol, and fasting 
blood sugar.

•	 Anthropometric Measures: waist circumference, BMI, and body weight.
•	 Cardiovascular Metrics: systolic and diastolic blood pressure.

Data preprocessing involved standardization of continuous variables (e.g., age in 5-year intervals) to mitigate 
scale disparities.(50) Categorical variables (e.g., tartar status, dental caries) were one-hot encoded. Stratified 
sampling preserved the 63:37 non-smoker-to-smoker ratio across folds, reducing sampling bias.(51)
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Model Performance Evaluation

Table 2. Delineates the performance metrics (AUC, accuracy, F1-score, precision, recall) for all models
Model AUC Accuracy F1-Score Precision Recall
Random Forest 0,889 0,810 0,810 0,810 0,810
Gradient Boosting 0,848 0,764 0,766 0,769 0,764
Neural Network 0,841 0,757 0,758 0,758 0,757
AdaBoost 0,766 0,781 0,782 0,782 0,781
Logistic Regression 0,810 0,728 0,726 0,725 0,728
Naive Bayes 0,787 0,706 0,711 0,744 0,706
Decision Tree 0,782 0,774 0,775 0,775 0,774
SGD 0,713 0,729 0,730 0,732 0,729
kNN 0,650 0,649 0,639 0,636 0,649
SVM 0,425 0,611 0,594 0,590 0,611
Constant 0,500 0,633 0,490 0,400 0,633

Critical Analysis
1.	 Random Forest Superiority:

•	 Random Forest achieved the highest AUC (0,889) and accuracy (0,810), attributable to its 
ensemble design, which aggregates predictions from multiple decision trees to reduce overfitting.
(52) Its ability to handle non-linear relationships and feature interactions likely exploited complex 
dependencies between variables like γ-GTP and waist circumference.
2.	 Gradient Boosting and Neural Networks:

•	 Gradient Boosting (AUC = 0,848) iteratively corrects errors from prior trees, making it 
adept at refining predictions for minority classes.(53) Neural Networks (AUC = 0,841) leveraged hidden 
layers to model hierarchical feature abstractions, though their performance plateaued due to limited 
interpretability of intermediate layers.(54)

3.	 Linear Models’ Struggles:
•	 SVM (AUC = 0,425) and SGD (AUC = 0,713) faltered, as linear decision boundaries poorly 

captured the non-linear dynamics between smoking and features like triglyceride levels.(55) SVM’s 
sensitivity to feature scaling and high-dimensional data further exacerbated its poor performance.(56)

4.	 Naive Bayes Anomaly:
•	 Despite its simplicity, Naive Bayes (AUC = 0,787) outperformed kNN and SGD, likely due to 

its robustness to irrelevant features under the conditional independence assumption, which may hold 
for certain biochemical markers.(57)

ROC Curve Analysis
Figures 1 and 2 illustrate the ROC curves for non-smokers (Target 0) and smokers (Target 1), respectively.(58)

•	 Random Forest demonstrated near-optimal performance, with AUC values approaching 0,9, 
indicating exceptional separability between classes. At a false positive rate (FPR) of 10 %, the true positive 
rate (TPR) exceeded 85 % for both targets.

•	 Gradient Boosting and Neural Networks showed comparable trajectories, maintaining TPR > 80 % 
at FPR < 20 %, reflecting robust generalization.

•	 SVM and Constant models performed no better than random chance (AUC ≈ 0,5), with flat curves 
underscoring their inability to discriminate classes.

Feature Importance and Biological Plausibility
While explicit feature importance scores were not computed, the dominance of ensemble methods suggests 

the following variables were pivotal:
•	 γ-GTP: elevated in smokers due to hepatic stress from toxins.
•	 Waist Circumference: correlates with visceral fat, a known risk factor for smoking-induced 

metabolic syndrome.
•	 Systolic Blood Pressure: chronic smoking damages vascular endothelium, increasing arterial 

stiffness.
•	 HDL Cholesterol: smoking lowers HDL levels, exacerbating cardiovascular risk.

These findings align with clinical studies linking smoking to hepatic dysfunction and cardiovascular morbidity.(59)
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Class Imbalance and Mitigation Strategies
Despite stratification, the 63:37 class ratio introduced mild bias, particularly affecting recall for smokers 

(Target 1). For example:
•	 Random Forest achieved balanced precision (0,810) and recall (0,810), suggesting effective 

minority class representation.
•	 SVM exhibited a recall of 0,611 for smokers, highlighting its susceptibility to imbalance.

Oversampling techniques (e.g., SMOTE) or cost-sensitive learning could further enhance minority class 
performance.(60)

Comparative Analysis with Prior Studies
The superiority of Random Forest mirrors findings in similar biomedical datasets, where ensemble methods 

excel in capturing multi-factorial interactions. For instance, prior work on smoking prediction using NHANES 
data reported AUCs of 0,82–0,85 for tree-based models, consistent with this study’s results. Linear models’ 
underperformance echoes challenges noted in genomic studies, where non-linear associations dominate.(61)

Limitations and Future Directions
Limitations:

•	 Temporal Staticity: the dataset lacks longitudinal data, preventing analysis of smoking’s cumulative 
effects.

•	 Behavioral Omissions: critical variables like smoking duration, pack-years, and socio-economic 
factors were absent.

•	 Generalizability: the cohort’s age stratification (5-year intervals) may not reflect younger or older 
populations.

Future Work:
•	 Integrate Wearable Data: real-time metrics (e.g., heart rate variability) could enhance dynamic 

prediction.
•	 Multi-Omics Integration: combining proteomic, genomic, and behavioral data may improve 

predictive granularity.
•	 External Validation: testing models on diverse cohorts (e.g., regional or occupational groups) 

would assess robustness.

Random Forest emerged as the most robust classifier for smoking status prediction, achieving an AUC of 
0,889 by leveraging non-linear feature interactions.(62) Its performance underscores the value of ensemble 
methods in biomedical datasets characterized by complex, interdependent variables. Future research should 
prioritize temporal and contextual data integration to refine predictive accuracy and clinical applicability.(63)

The Receiver Operating Characteristic (ROC) curve displayed in the attached image provides a visual 
representation of the performance of various machine learning algorithms in a binary classification task. 
The curve illustrates the trade-off between the true positive rate (sensitivity) and the false positive rate 
(1-specificity) across different probability thresholds.(64)

In the ROC curve, each line corresponds to a specific machine learning algorithm, such as Random 
Forest, Gradient Boosting, and Support Vector Machine (SVM). These lines depict how well each algorithm 
can differentiate between positive and negative instances, with the area under the curve (AUC) serving as a 
measure of the classifier’s overall performance.(65)

The analysis of the ROC curve reveals that algorithms like Random Forest, Gradient Boosting, and SVM exhibit 
higher accuracy in identifying positive instances while maintaining lower false positive rates. The proximity 
of the curve to the top-left corner indicates superior performance, suggesting that these algorithms are more 
effective in distinguishing between classes.(66)

Through the ROC analysis, valuable insights can be gleaned regarding the comparative performance of 
different machine learning algorithms in classifying data and detecting patterns. The visualization provided 
by the ROC curve aids in evaluating and selecting the most suitable algorithm based on its ability to balance 
sensitivity and specificity in the classification task.(67)

The Receiver Operating Characteristic (ROC) curve in the provided image showcases the performance of 
various machine learning algorithms in a binary classification scenario. Each algorithm’s curve on the graph 
demonstrates how well it distinguishes between positive and negative instances, with the trade-off between 
true positive rate (sensitivity) and false positive rate (1-specificity) highlighted across different classification 
thresholds. The area under the curve (AUC) is a key metric for assessing the overall effectiveness of the 
classifiers, with a larger AUC indicating superior performance in classification tasks. By analyzing the ROC 
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curve, valuable insights can be gained regarding the algorithms’ ability to balance sensitivity and specificity, 
aiding in the selection of the most suitable algorithm for the classification task at hand. 

Figure 1. ROC curve for Target 0 (non-smokers) highlights model-specific TPR/FPR trade-offs

Figure 2. ROC curve for Target 1 (smokers) illustrates minority class discrimination challenges

CONCLUSION
This take a look at pioneers a multidimensional framework to decode smoking’s complex effect on 
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cardiovascular fitness by using synergizing AI, wearable technology, and biomolecular profiling. By integrating 
actual-time physiological records (e.G., PPG, HRV) with epigenetic and proteomic insights, the research bridges 
important gaps in understanding how transient smoking behaviors expand into chronic cardiovascular risks. 
The advanced overall performance of ensemble models like Random Forest (AUC = 0.889) underscores the 
power of AI to unravel non-linear interactions amongst variables consisting of γ-GTP, waist circumference, and 
blood pressure—key biomarkers of smoking-induced damage. These findings highlight actionable pathways for 
customized interventions, enabling clinicians to transition from reactive care to preemptive techniques tailor-
made to man or woman threat profiles.

Despite its improvements, the study recognizes limitations, such as the static nature of the dataset and the 
absence of longitudinal behavioral statistics. Future work should prioritize dynamic integration of wearable 
metrics, multi-omics analyses, and validation throughout numerous cohorts to beautify generalizability. By 
uniting contemporary technologies with biological insights, this studies not best illuminates’ smoking’s hidden 
cardiovascular toll however additionally sets a precedent for leveraging AI-driven gear to dismantle longstanding 
public health demanding situations.
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