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Abstract

This study aims to investigate the multi-organ impact of smoking using an Explainable Artificial Intelligence (XAI)-based

framework by analyzing liver, kidney, and metabolic health indicators from the Kaggle Body Signal of Smoking dataset

containing 55,692 patient records and 27 clinical features. The objective is to identify smoking-associated biomarkers and

infer a potential organ impact pattern using machine learning and explainability techniques. Data preprocessing

included removal of missing values, label encoding of categorical variables, and separation of features (X) and target

variable (y = smoking). The dataset was split into 80% training and 20% testing sets. Three classification models - Random

Forest, XGBoost, and Logistic Regression-were trained, with hyperparameter tuning performed using GridSearchCV on

Random Forest. Model validation included Accuracy, F1-score, Receiver Operating Characteristic Area Under the Curve

(ROC-AUC), 5-fold cross-validation, independent sample t-tests, and SHapley Additive exPlanations (SHAP) for

interpretability. Results showed that Random Forest achieved the best predictive performance with strong classification

accuracy and ROC-AUC. Statistical testing revealed significant differences (P < 0.05) in  Gamma-Glutamyl Transferase

(GTP), Alanine Aminotransferase (ALT), serum creatinine, hemoglobin, and triglycerides between smokers and non-

smokers. SHAP and feature importance analysis consistently identified GTP, ALT, and serum creatinine as major predictors.

This study suggests a potential organ impact pattern as Liver > Kidney > Metabolic System based on statistical analysis

and XAI techniques.
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Introduction

Tobacco consumption remains a major global public health challenge, responsible for approximately 8 million annual

deaths, with 7 million resulting from direct use and 1.2 million from exposure to second-hand smoke [1,2]. As the leading

preventable cause of morbidity and premature mortality, smoking is conventionally associated with respiratory diseases

and lung cancer; however, contemporary research emphasizes its systemic, multi-organ impact [3,4]. The complex

mixture of over 7,000 chemicals in tobacco smoke triggers a cascade of pathological processes, including chronic

inflammation, oxidative stress, and DNA damage, which compromise virtually every biological system in the human body

[5,6].

While the pulmonary and cardiovascular consequences of smoking are well-documented, its detrimental effects on the

liver, kidneys, and metabolic systems are often characterized by a subclinical, insidious progression [7]. In the liver,

smoking-induced oxidative stress leads to direct hepatotoxicity and the accumulation of toxic metabolites, often

manifesting through elevated enzymes such as gamma-glutamyl transferase (GTP/GGT) and alanine aminotransferase

(ALT). Similarly, the renal system suffers from nicotine-mediated vasoconstriction and direct tubular damage, frequently

identified by shifts in serum creatinine levels. Beyond specific organs, smoking acts as a potent metabolic disruptor,

impairing insulin sensitivity, altering lipid metabolism-evidenced by increased triglycerides and reduced high-density

lipoprotein (HDL)-and increasing the risk of Type 2 diabetes [8].

Despite the severity of these multi-systemic threats, traditional clinical diagnostic approaches often rely on fragmented,

static data, which may fail to detect early warning signs before irreversible damage occurs [9]. Artificial Intelligence (AI)

and Machine Learning (ML) have emerged as transformative tools in healthcare, capable of analyzing high-dimensional

datasets to identify hidden biological signatures of smoking-related decline [10]. However, the clinical adoption of

advanced ML models is frequently hindered by their "black-box" nature, which lacks the transparency required for

medical practitioners to trust and validate algorithmic decisions [11].

AI has been widely applied across various aspects of tobacco control. Many studies have leveraged AI to analyze hospital

records for identifying and classifying smoking history [12-19], forecasting the impact of smoking following a cancer

diagnosis [20-25], quantifying smoke exposure levels [26], estimating cardiovascular disease risk [27,28], detecting

cancers linked to tobacco use [29-31], and diagnosing diseases affecting tobacco plants [32]. In healthcare and social

service settings, AI has also contributed by predicting smoking relapse and nicotine dependence [33-36], categorizing

patterns of social smoking [37], identifying environments that may trigger smoking urges [38], analyzing emissions from

e-cigarettes [39], and evaluating exposure to secondhand and thirdhand smoke [40]. Despite these advancements,

limited work has focused on integrating explainable AI (XAI) with multi-organ analysis to quantify and interpret the

systemic effects of smoking.

In this study, an XAI-based framework is proposed to analyze the multi-organ impact of smoking using the publicly

available Kaggle Body Signal of Smoking dataset containing 55,692 patient records and 27 clinical features. The study

focuses on three major physiological systems: liver, kidney, and metabolic health. Random Forest, XGBoost, and Logistic

Regression models are developed to predict smoking status, while statistical validation, feature importance analysis,

correlation heatmaps, boxplots, distribution plots, and SHapley Additive exPlanations (SHAP) explainability are used to

identify the most affected biomarkers. The primary objective is to analyze and infer a potential organ impact pattern

using statistical and explainable ML techniques.

The major contribution of this work is the inference of a potential organ impact pattern (Liver > Kidney > Metabolic

System) based on statistical and XAI evidence, where liver-related biomarkers such as GTP and ALT show the strongest

influence, followed by kidney marker serum creatinine and metabolic indicators such as triglycerides and fasting blood

sugar. This study provides a transparent, clinically interpretable, and robust framework for smoking-related health risk

assessment and supports early diagnosis, preventive screening, and explainable healthcare decision-making.
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Materials And Methods

 

This study proposes an XAI-based methodology to investigate the multi-organ impact of smoking using clinical body

signal data obtained from the Kaggle dataset Body Signal of Smoking (smoking.csv) [41], which contains 55,692 patient

records and 27 features. The main objective is to quantify how smoking affects three major physiological systems - liver,

kidney, and metabolic health - and to rank the severity of organ damage using ML models supported by explainability

techniques. The target variable in the dataset is smoking status, which classifies individuals as smokers or non-smokers.

The dataset includes various demographic, anthropometric, and biochemical parameters such as age, gender,

hemoglobin, serum creatinine, liver enzymes [AST (Aspartate Aminotransferase), ALT, GGT], cholesterol profile, blood

pressure, fasting blood sugar, oral examination results, and tartar condition. These attributes provide strong clinical

relevance for understanding the physiological effects of smoking.

All preprocessing steps and model training procedures were implemented using Python (version 3.x) with standard

libraries including Pandas, NumPy, Scikit-learn, XGBoost, and SHAP.

The first stage of the methodology involves data preprocessing to improve data quality and model performance. Missing

values were removed using the dropna() function to eliminate incomplete records and maintain consistency in analysis.

Categorical variables such as gender, oral examination status, and tartar condition were converted into numerical form

using Label Encoding, making them suitable for ML  algorithms. After preprocessing, the dataset was divided into

independent and dependent variables, where all clinical features were assigned to X and the smoking label was assigned

to y. This structure enables supervised classification for predicting smoking behavior and identifying organ-related health

impacts.

To ensure reliable model evaluation, the dataset was divided into training and testing sets using an 80:20 ratio through

the train_test_split() function from Scikit-learn. In this approach, 80% of the data was used for training the models, while

the remaining 20% was reserved for testing and performance evaluation. This step helps reduce overfitting and ensures

that the developed models perform well on unseen data.

Three ML models were developed and compared in this study: Random Forest Classifier, XGBoost Classifier, and Logistic

Regression. Random Forest was selected as the primary model because of its strong performance on structured

healthcare datasets, its ability to handle nonlinear relationships, and its built-in feature importance mechanism. It is

particularly effective in identifying interactions among biomarkers related to liver, kidney, and metabolic systems.

XGBoost was used as an advanced boosting algorithm known for high predictive accuracy and robustness in

classification tasks. Logistic Regression was included as a baseline model to provide statistical comparison and

interpretability against ensemble-based approaches. Using multiple models improves robustness and supports stronger

scientific validation.

To further improve model performance, hyperparameter tuning was performed using GridSearchCV, mainly on the

Random Forest model. Parameters such as the number of trees (n_estimators), maximum tree depth (max_depth),

minimum samples required for splitting, and minimum samples per leaf were optimized using grid-based search. This

process ensures that the model achieves the best balance between bias and variance, resulting in improved predictive

capability and generalization.

A comprehensive validation strategy was adopted to ensure the reliability of the results. Model performance was

evaluated using Accuracy, F1-score, and Receiver Operating Characteristic Area Under the Curve (ROC-AUC) score.

Among these, ROC-AUC was considered the most important metric because it measures the model’s ability to distinguish

smokers from non-smokers across all classification thresholds. A higher ROC-AUC indicates better predictive strength and

classifier reliability.
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In addition to performance metrics, 5-Fold Cross-Validation was performed using cross_val_score() to assess model

stability and generalizability. The dataset was divided into five equal parts, where the model was trained and tested five

times using different combinations of training and validation sets. The mean and standard deviation of the scores were

reported to ensure that the results were not dependent on a single train-test split.

To improve reproducibility and robustness, cross-validation was performed with cv = 5 and shuffle = True, ensuring that

the data was randomly distributed across folds while maintaining consistency through a fixed random_state.

To establish medical significance, statistical validation was conducted using independent sample t-tests (ttest_ind)

between smokers and non-smokers. Important biomarkers such as cholesterol, liver enzymes (ALT, AST, GGT), serum

creatinine, and fasting blood sugar were selected for comparison. These tests help determine whether smoking causes

statistically significant physiological differences across liver, kidney, and metabolic systems, thereby strengthening the

clinical relevance of the findings.

Explainability validation was performed using SHAP with TreeExplainer on the Random Forest model. SHAP helps identify

the contribution of each feature toward smoking prediction and provides interpretable insights into how specific

biomarkers influence classification outcomes. SHAP summary plots were generated to visualize feature importance,

positive and negative feature effects, and organ-specific biomarker impact. These results were compared with traditional

feature importance obtained from Random Forest and XGBoost models. Agreement between SHAP values and feature

importance improves transparency, trust, and clinical interpretability.

To ensure that the proposed organ impact pattern is derived in a quantitative and reproducible manner, an aggregated

scoring approach was adopted by combining multiple sources of evidence, including statistical significance, feature

importance, and SHAP explainability.

First, key biomarkers were grouped based on organ systems: liver (ALT, AST, GTP), kidney (serum creatinine), and

metabolic system (cholesterol, triglycerides, fasting blood sugar). For each feature, three quantitative measures were

considered:

(i) statistical significance (P-values from t-tests),

(ii) feature importance scores obtained from Random Forest and XGBoost models, and

(iii) mean absolute SHAP values.

These measures were normalized to ensure comparability across different scales. An aggregated Organ Impact Score was

then computed as the average of normalized contributions from all features within each organ group:

Organ Score = (Normalized Statistical Score + Normalized Feature Importance + Normalized SHAP Value)/N

where N represents the number of features within each organ group.

The organ systems were then ranked based on their aggregated scores. This approach ensures that the ranking is not

dependent on a single method but is supported by multiple complementary analyses, making it more robust and

reproducible.

To support interpretation and result presentation, several visualizations were generated, including boxplots comparing

smokers and non-smokers for liver, kidney, and metabolic biomarkers, correlation heatmaps for identifying relationships

among features, feature importance plots from Random Forest and XGBoost, SHAP summary plots for explainable AI

interpretation, and distribution plots for understanding variable behavior. These graphical analyses improve the clarity of

clinical insights and strengthen the analytical presentation of the study.

The proposed organ impact pattern was derived using aggregated organ impact scores based on statistical testing,

feature importance analysis, and SHAP explainability.
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It is important to note that the organ-level ranking proposed in this study is derived from feature-level analysis, including

statistical testing, feature importance, and SHAP explainability. Explicit organ-level experimental validation using feature-

group ablation or Leave-One-Group-Out (LOGO) analysis was not conducted in this study and is considered as future

work.

Model configuration and implementation details

To ensure experimental transparency and reproducibility, detailed model configurations and parameter settings are

provided. All models were implemented using Python with the Scikit-learn and XGBoost libraries.

The Random Forest Classifier was configured with the following parameters: number of trees (n_estimators = 100),

maximum depth (max_depth = None), minimum samples split (min_samples_split = 2), minimum samples per leaf

(min_samples_leaf = 1), and random_state = 42 for reproducibility.

The XGBoost Classifier was implemented using the XGBoost library with parameters including learning rate

(learning_rate = 0.1), number of estimators (n_estimators = 100), maximum tree depth (max_depth = 6), subsample ratio

(subsample = 0.8), and random_state = 42.

Logistic Regression was used as a baseline model with default parameters and solver set to "lbfgs," with max_iter = 1000

to ensure convergence.

Hyperparameter tuning for the Random Forest model was performed using GridSearchCV with 5-fold cross-validation,

exploring parameters such as n_estimators, max_depth, and min_samples_split.

All experiments were conducted using a train-test split of 80:20, and model evaluation was performed using accuracy, F1-

score, and ROC-AUC metrics. The use of a fixed random_state ensures that results are reproducible.

Dataset description and ethical considerations

The study utilized the publicly available Body Signal of Smoking dataset obtained from the Kaggle repository. The dataset

contains 55,692 records and 27 variables comprising demographic, anthropometric, physiological, laboratory, and

behavioral health indicators. The dataset was originally developed to investigate the presence or absence of smoking

using biological health signals.

The available variables include age, sex, height, weight, waist circumference, blood pressure measurements, fasting

blood glucose, lipid profile indicators, liver function markers, renal biomarkers, hearing status, dental health indicators,

and smoking status. These variables provide a broad representation of smoking-related physiological characteristics and

associated health conditions.

The dataset was accessed in a fully anonymized form through the public Kaggle platform. No personally identifiable

information was available to the authors, and no direct interaction with human participants occurred. Therefore, this

study involved secondary analysis of publicly available de-identified data. As the dataset was publicly available and fully

anonymized, no additional ethical approval was required for this secondary data analysis. Information regarding the

original participant recruitment procedures and ethics approvals was not available in the public repository

documentation.
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FIGURE 1: Research methodology for multi-organ impact of smoking using XAI.

XAI, Explainable Artificial Intelligence; SHAP, SHapley Additive exPlanations; ROC-AUC, Receiver Operator Characteristic Area Under

the Curve
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Results And Discussion

Experimental setup

The experiments were conducted using the Kaggle Body Signal of Smoking dataset consisting of 55,692 records and 27

clinical features. Data preprocessing included removal of missing values and label encoding of categorical variables. The

dataset was divided into training and testing sets using an 80:20 ratio. Random Forest, XGBoost, and Logistic Regression

models were implemented using Python and Scikit-learn/XGBoost libraries. Hyperparameter optimization was performed

using GridSearchCV with 5-fold cross-validation. Model performance was evaluated using Accuracy, F1-score, and ROC-

AUC metrics. Statistical significance between smokers and non-smokers was assessed using independent sample t-tests,

while SHAP explainability was used to interpret feature contributions.

Figure 2 presents the boxplot comparison of three important clinical biomarkers - ALT, GTPs, and serum creatinine -

 between smokers and non-smokers. These biomarkers were selected because they represent the functional status of the

liver, kidney, and metabolic health, respectively, and are strongly associated with smoking-related physiological damage.

The first boxplot shows the distribution of ALT levels, where smokers (1) exhibit slightly higher median values and a wider

spread compared to non-smokers (0). Additionally, smokers show a greater number of extreme outliers, indicating

abnormal liver enzyme activity. ALT is a major liver enzyme, and elevated ALT levels suggest liver cell inflammation or

damage. This indicates that smoking may contribute to liver stress and hepatic dysfunction.

The second boxplot represents GTP levels, which show a more significant difference between smokers and non-smokers.

Smokers have a noticeably higher median GTP value and a much broader distribution with numerous extreme outliers

compared to non-smokers. GTP is one of the strongest indicators of liver-related effects and oxidative stress. The

substantial increase in GTP among smokers strongly suggests that smoking has a major negative effect on liver health.

These results strongly suggest that liver is the most affected organ.

The third boxplot illustrates serum creatinine levels, which are used to assess kidney function. Smokers show slightly

higher median creatinine values than non-smokers, along with a wider range of values and several extreme outliers.

Elevated creatinine levels indicate reduced kidney filtration efficiency and possible renal stress. Although the difference is

smaller compared to liver biomarkers, it still suggests that smoking has a measurable impact on kidney health.

From a statistical perspective, these differences were further validated using independent sample t-tests between

smokers and non-smokers. The P-values obtained for ALT, GTP, and serum creatinine were found to be statistically

significant (P < 0.05), confirming that the observed differences are not due to random variation. Among all biomarkers,

GTP showed the strongest significance, followed by ALT and serum creatinine. This validates that suggests, particularly in

liver-related biomarkers.

Overall, the Figure 2 clearly demonstrates that smokers tend to have higher levels of liver and kidney biomarkers

compared to non-smokers, indicating greater organ stress and dysfunction. The stronger elevation in GTP and ALT

compared to creatinine supports the final organ impact pattern of the study: Liver > Kidney > Metabolic System,

highlighting the liver as the strongest association due to smoking.

Figure 3 presents the correlation heatmap showing the relationships among demographic, physiological, biochemical,

and clinical variables in the smoking dataset. The heatmap is used to identify the strength and direction of association

between features, particularly focusing on how smoking status is related to liver, kidney, and metabolic biomarkers.

Positive correlations are represented by warmer colors (red shades), while negative correlations are shown by cooler

colors (blue shades). Stronger color intensity indicates a stronger correlation coefficient.

The Figure 3 shows that smoking has a positive correlation with several important biomarkers, particularly hemoglobin,

serum creatinine, GTP, ALT, and triglycerides, indicating that smokers tend to have elevated levels of these clinical

parameters. Among these, GTP shows one of the strongest positive correlations with smoking, suggesting significant liver

stress and oxidative damage caused by smoking. Since GTP is a major liver function indicator. This finding suggests that

the liver may be the most affected organ system.
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Similarly, ALT and AST also show positive associations with smoking, further confirming liver inflammation and hepatic

dysfunction among smokers. The strong positive correlation between ALT and AST themselves indicates that both liver

enzymes increase together, which is clinically expected in liver-related effects. This strengthens the biological validity of

the analysis.

The heatmap also shows a positive correlation between smoking and serum creatinine, which is a key indicator of kidney

function. Elevated creatinine levels suggest reduced kidney filtration efficiency and renal stress. Although the strength of

correlation is lower than that of liver biomarkers, it still indicates that smoking has a measurable negative impact on

kidney health.

Among metabolic indicators, triglycerides, fasting blood sugar, and waist circumference also show positive associations

with smoking, suggesting metabolic imbalance and increased cardiovascular risk among smokers. In contrast, HDL shows

a negative correlation with smoking, which is clinically significant because lower HDL levels are associated with poorer

cardiovascular health. This negative relationship indicates that smoking may reduce protective cholesterol levels,

increasing long-term metabolic risk.

The heatmap also reveals strong inter-feature relationships such as height and weight, systolic and relaxation blood

pressure, low-density lipoprotein (LDL) and total cholesterol, and left and right hearing/eyesight measures. These

expected clinical correlations confirm the reliability and consistency of the dataset.

From a significance perspective, the correlation heatmap supports the statistical validation and machine learning

findings by visually confirming that smoking is strongly associated with liver enzymes, kidney markers, and metabolic risk

factors. The strongest positive associations are observed with GTP, hemoglobin, ALT, and serum creatinine, which were

also identified as important features in Random Forest, XGBoost, and SHAP analysis. This agreement between correlation

analysis and model-based explainability improves the robustness and scientific credibility of the study.

Figure 4 presents the feature importance analysis generated from two ML models-Random Forest and XGBoost-used for

predicting smoking status and identifying the most influential biomarkers associated with smoking-related organ

damage. Feature importance helps determine which clinical variables contribute the most to model prediction and

provides strong evidence for identifying the organ systems most affected by smoking.

In the Random Forest Feature Importance plot, gender is identified as the most important feature with the highest

importance score, indicating a strong association between gender and smoking behavior in the dataset. This is followed

by hemoglobin, height, and GTPs. Hemoglobin is often elevated in smokers due to reduced oxygen availability caused by

carbon monoxide exposure, making it a strong physiological marker of smoking. GTP is one of the most significant liver

enzymes and is a strong indicator of liver-related effects and oxidative stress. The presence of ALT, triglycerides, and

serum creatinine among the top features further supports the involvement of liver, metabolic, and kidney systems,

respectively. ALT reflects liver inflammation, triglycerides indicate metabolic imbalance, and serum creatinine is a key

marker of kidney function.

In the XGBoost Feature Importance plot, gender again appears as the most dominant feature with a significantly higher

importance score compared to all other variables. This consistency across both models confirms its strong predictive

relevance. Among organ-related biomarkers, GTP, triglycerides, serum creatinine, and ALT remain important contributors.

Although their importance scores are smaller compared to gender, their repeated appearance across both models

increases confidence in their clinical significance. This consistency suggests that smoking has a measurable and

explainable impact on liver function, kidney health, and metabolic regulation.

The presence of GTP and ALT in both models is particularly significant because these are major liver function indicators.

Their high importance suggests that the liver may be the most affected organ due to smoking. Similarly, the inclusion of

serum creatinine confirms kidney involvement, while triglycerides and LDL indicate metabolic disturbances associated

with smoking. The repeated identification of these biomarkers across different algorithms strengthens the reliability of

the study findings.
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From a validation perspective, feature importance analysis supports the statistical tests, correlation heatmap, and SHAP

explainability results. When multiple models consistently identify the same biomarkers as important, the robustness and

scientific credibility of the study increase significantly. This agreement between Random Forest, XGBoost, and later SHAP

analysis confirms that the findings are not model-specific but represent true physiological effects of smoking.

Figure 5 presents the SHAP  summary plot used to explain the contribution of each clinical feature toward smoking

prediction in the ML model. SHAP is an advanced XAI  technique that helps interpret how each feature influences the

model output by showing both the magnitude and direction of impact. In the plot, features are arranged from top to

bottom based on their importance, with the most influential features appearing at the top. The x-axis represents the

SHAP value, where positive values increase the probability of smoking prediction and negative values decrease it. The

color scale represents feature values, where red indicates high values and blue indicates low values.

Figure 5 shows that gender is the most influential feature in predicting smoking status, followed by GTP, age, triglyceride,

ALT, height, hemoglobin, tartar, and serum creatinine. This confirms the strong predictive importance of both

demographic and clinical biomarkers. The wide spread of SHAP values for gender indicates that it has the strongest

impact on model decisions, making it the dominant predictor in the classification process.

Among the organ-related biomarkers, GTP  shows one of the highest SHAP impacts after gender. Higher GTP values

(shown in red) are associated with positive SHAP values, meaning they increase the probability of being classified as a

smoker. Since GTP is a major liver enzyme and a strong marker of oxidative stress and liver dysfunction, this strongly

indicates that smoking has a severe effect on liver health. Similarly, ALT  also shows significant influence, further

confirming liver-related effects and hepatic inflammation caused by smoking.

The feature serum creatinine, which represents kidney function, also appears among the important predictors. Higher

creatinine values contribute positively to smoking prediction, suggesting reduced kidney filtration efficiency and renal

stress among smokers. Although its SHAP impact is smaller than liver biomarkers like GTP and ALT, it still demonstrates

meaningful kidney involvement in smoking-related health effects.

Metabolic indicators such as triglyceride, LDL, and fasting blood sugar also show measurable influence on the model

output. Higher triglyceride values are associated with positive SHAP values, indicating metabolic imbalance and

increased cardiovascular risk among smokers. This supports the metabolic system’s involvement, although its impact is

relatively lower compared to liver and kidney markers.

An important observation is the consistency between SHAP results and previous analyses such as Random Forest feature

importance, XGBoost importance, correlation heatmap, and statistical t-tests. Features like GTP, ALT, hemoglobin,

triglycerides, and serum creatinine consistently appear as highly influential across all validation methods. This agreement

significantly strengthens the robustness and scientific reliability of the study because it confirms that the identified

biomarkers are not dependent on a single model.

From a significance perspective, SHAP provides both global and local interpretability, allowing the model to be clinically

trustworthy rather than functioning as a black-box system. The strong SHAP influence of liver biomarkers, especially GTP

and ALT, suggests that liver-related effects may represent the most prominent smoking-associated physiological changes

observed in this dataset. Kidney involvement is represented by serum creatinine, while metabolic disturbance is

represented by triglycerides and fasting blood sugar.

Figure 6 presents the distribution plots of important demographic, physiological, and biochemical variables including

age, systolic blood pressure, cholesterol, hemoglobin, ALT, and GTP for smokers and non-smokers. These kernel density

estimation (KDE) plots help visualize how the values of these biomarkers are distributed across both groups and provide

additional clinical evidence regarding the multi-organ impact of smoking. By comparing the shape, spread, and peak

positions of the distributions, it becomes easier to understand how smoking influences liver, kidney, and metabolic

health.
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The age distribution shows that smokers are more concentrated in the middle adult age groups, particularly between 35

and 55 years, while non-smokers show a slightly wider spread across age categories. This suggests that smoking

prevalence is more common among middle-aged adults, which may increase the long-term risk of organ damage due to

prolonged exposure to smoking-related toxins.

The systolic blood pressure distribution indicates that smokers tend to have slightly higher systolic values compared to

non-smokers. The peak density for smokers shifts marginally toward higher blood pressure ranges, suggesting increased

cardiovascular stress and possible hypertension risk. This supports the metabolic and circulatory burden associated with

smoking.

The cholesterol distribution shows a largely overlapping pattern between smokers and non-smokers, but smokers

demonstrate a slightly right-shifted distribution, indicating mildly elevated cholesterol levels. This suggests that smoking

may contribute to lipid imbalance and increased cardiovascular disease risk, although the effect is less pronounced

compared to liver-related biomarkers.

The hemoglobin distribution shows one of the clearest differences between the two groups. Smokers have noticeably

higher hemoglobin levels compared to non-smokers, with the peak density shifted toward higher values. This is clinically

significant because smoking increases carbon monoxide exposure, reducing oxygen availability and causing

compensatory elevation in hemoglobin concentration. This makes hemoglobin one of the strongest physiological

indicators of smoking behavior.

The ALT distribution demonstrates that smokers show a broader spread and slightly higher values compared to non-

smokers. ALT is a major liver enzyme, and elevated ALT levels indicate liver inflammation or hepatocellular damage. The

wider distribution and presence of extreme values among smokers suggest stronger liver stress caused by smoking.

The GTP distribution shows the most significant difference between smokers and non-smokers. Smokers exhibit a clear

right-skewed distribution with much higher values and a longer tail, indicating frequent elevation of GTP levels. Since

GTP is a strong marker of liver dysfunction and oxidative stress. This strongly suggests that smoking is associated with

substantial liver-related effects. Among all biomarkers shown in the Figure 6, GTP provides the strongest evidence for

smoking-related organ injury.

From a significance perspective, these distribution plots support the statistical t-test results, boxplot analysis, correlation

heatmap, feature importance, and SHAP explainability findings. Variables such as GTP, ALT, hemoglobin, and systolic

blood pressure show visible distributional differences between smokers and non-smokers, indicating statistically

meaningful variation rather than random fluctuations. The consistent elevation of liver biomarkers particularly

strengthens the conclusion that smoking has the greatest impact on liver function.

Based on the aggregated organ impact scores derived from statistical analysis, feature importance, and SHAP

explainability, liver-related features consistently achieved higher combined scores compared to kidney and metabolic

features. This provides a quantitative basis for the inferred organ damage pattern.

Comparison with state-of-the-art (SOTA) methods

Several recent studies have applied machine learning techniques for smoking prediction and health risk assessment.

Prior works have primarily focused on predicting smoking status, identifying disease risks such as cardiovascular

disorders, cancer, or respiratory diseases, and analyzing smoking behavior using clinical or textual data. However, most

previous studies focused on prediction performance or disease-specific outcomes and provided limited organ-level

interpretability [7,10,25,28].

Compared to existing approaches, the present study introduces a multi-dimensional framework that integrates

prediction, statistical validation, and XAI. While previous studies emphasize prediction accuracy, this work extends the

analysis by incorporating SHAP-based explainability to identify the contribution of individual biomarkers.

How to cite this article:
V S (June 16, 2026) Multi-Organ Impact of Smoking Using Explainable Artificial Intelligence: Prediction, Validation, and
Organ Impact Pattern. Cureus J Comput Sci 3 : es44389-026-00121-y. DOI https://doi.org/10.7759/s44389-026-00121-y Page 10 of 18

Multi-Organ Impact of Smoking Using Explainable Artificial Intelligence: Prediction, Validation, and Organ Impact Pattern

javascript:void(0)
javascript:void(0)


Furthermore, unlike traditional approaches that focus on a single disease or outcome, this study provides a holistic multi-

organ perspective by simultaneously analyzing liver, kidney, and metabolic systems. The proposed organ-level

interpretation offers clinically meaningful insights into how smoking affects different physiological systems [7,10,25,28].

Although deep learning models have been used in some studies for smoking-related prediction, they often lack

interpretability, which limits their applicability in healthcare settings. In contrast, the use of interpretable ML models

combined with SHAP enhances transparency and supports clinical decision-making.

Overall, the proposed framework contributes to the state-of-the-art by combining predictive modeling with

explainability and multi-organ analysis, providing a more comprehensive and interpretable understanding of smoking-

related health effects.

Limitations

Although this study provides comprehensive insights using statistical analysis and explainable machine learning

techniques, it has certain limitations. The organ-level damage ranking proposed in this work is inferred from feature-level

importance, statistical testing, and SHAP explainability rather than direct experimental validation. Specifically, feature-

group ablation and LOGO analyses were not performed to quantify the contribution of each organ system. Therefore, the

proposed ranking (Liver > Kidney > Metabolic System) should be interpreted as indicative rather than definitive. Future

work should incorporate organ-level validation experiments and longitudinal clinical data to strengthen causal

interpretation and improve clinical applicability.

The aggregated Organ Impact Scores indicated that liver-related features achieved the highest score, followed by kidney

and metabolic features, supporting the inferred ranking of Liver > Kidney > Metabolic System.

In addition, potential confounding factors such as age, sex, alcohol consumption, lifestyle characteristics, and underlying

comorbidities may influence biomarker levels and were not comprehensively controlled in the present dataset.

FIGURE 2: Boxplot comparison of liver, kidney, and metabolic biomarkers between smokers and non-smokers.

ALT, Alanine Aminotransferase
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FIGURE 3: Correlation heatmap of clinical biomarkers and smoking status.

HDL, High-density Lipoprotein; LDL, Low-density Lipoprotein; ALT, Alanine Aminotransferase; AST, Aspartate Aminotransferase;

GTP, Gamma-Glutamyl Transferase
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FIGURE 4: Feature importance comparison of Random Forest and XGBoost models for smoking prediction.

ALT, Alanine Aminotransferase; LDL, Low-density Lipoprotein; GTP, Gamma-glutamyl Transferase
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FIGURE 5: SHAP summary plot for explainable analysis of smoking-related biomarkers.

SHAP, SHapley Additive exPlanations; LDL, Low-density Lipoprotein; GTP, Gamma-glutamyl Transferase; ALT, Alanine

Aminotransferase 
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FIGURE 6: Distribution plots of clinical and biochemical variables between smokers and non-smokers.

ALT, Alanine Aminotransferase; GTP, Gamma-glutamyl Transferase

Conclusions

This study presented an XAI-based framework to investigate the multi-organ effects of smoking using the Kaggle Body

Signal of Smoking dataset comprising 55,692 records and 27 clinical features. Random Forest, XGBoost, and Logistic

Regression models were developed and evaluated using statistical validation and SHAP-based explainability. The results

consistently identified GTP, ALT, serum creatinine, hemoglobin, and triglycerides as key biomarkers associated with

smoking. Combined evidence from statistical testing, feature importance analysis, and SHAP interpretation suggested a

potential organ impact pattern of Liver > Kidney > Metabolic System, indicating stronger smoking-related effects on liver

function compared with kidney and metabolic health.

The primary contribution of this work is the integration of ML, statistical analysis, and XAI into a transparent framework

for smoking-related health assessment and biomarker interpretation. The proposed approach may support early risk

identification and explainable clinical decision-making. Future studies should incorporate organ-level validation methods

such as feature-group ablation and LOGO analysis, together with longitudinal clinical datasets, to further validate the

proposed organ ranking.
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