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Abstract: This study proposes an explainable machine learning framework for smoking-associated 

health risk assessment and counterfactual analysis. The objective is to estimate the probability of a 

model-defined Health Risk Status and examine how this estimated probability changes under a hypo-

thetical modification of smoking status. The study uses the publicly available Body Signal of Smoking 

dataset from Kaggle, comprising 55,692 records with demographic, anthropometric, physiological, la-

boratory, and behavioral variables. Health Risk Status was constructed as a binary modeling target by 

classifying individuals as high risk when at least three of ten selected physiological indicators exceeded 

their corresponding 75th-percentile thresholds calculated from the training data. This target does not 

represent a clinically diagnosed disease outcome. The target-generating indicators were excluded from 

the predictor matrix to reduce direct target leakage. XGBoost was used as the primary model, with 

sensitivity and ablation analyses examining alternative risk definitions and the contribution of smoking 

status. Comparative evaluation showed that Random Forest achieved the highest discrimination (ROC-

AUC = 0.8920), while XGBoost achieved a ROC-AUC of 0.8348 and was retained for its integration 

with probability-based counterfactual analysis and SHAP interpretation. Counterfactual analysis com-

pared the observed smoking state with a hypothetical non-smoking state while holding other observed 

characteristics constant. SHAP analysis identified gender, waist circumference, and LDL as influential 

predictors, while SHAP stability analysis supported the consistency of the principal feature rankings. 

The framework provides a model-based approach for assessing health-risk sensitivity to hypothetical 

smoking-status changes; these estimates should not be interpreted as causal effects or observed clinical 

outcomes of smoking cessation. 

Keywords: Counterfactual Analysis; Explainable Artificial Intelligence; Health Risk Assessment;   

Machine Learning; SHAP; Smoking Cessation; Smoking Status; XGBoost Classifier. 

 

1. Introduction 

Tobacco use remains a major global public-health concern, contributing to approxi-
mately 8 million deaths annually, including deaths attributable to both direct tobacco use and 
exposure to secondhand smoke [1]–[3]. Although smoking is traditionally associated with 
respiratory diseases and lung cancer, increasing evidence indicates that its effects extend 
across multiple physiological systems and contribute to cardiovascular, metabolic, hepatic, 
and renal dysfunction [4]. The complex mixture of thousands of chemicals in tobacco smoke 
can promote chronic inflammation, oxidative stress, endothelial dysfunction, and cellular 
damage, thereby affecting multiple biological pathways [5], [6]. These effects may develop 
progressively and remain clinically unrecognized for prolonged periods, emphasizing the im-
portance of approaches that can identify elevated health risk before severe clinical manifes-
tations occur [7]. 
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Smoking cessation substantially reduces the risk of smoking-related morbidity and mor-
tality, with measurable health benefits occurring after cessation [8]–[12]. However, conven-
tional approaches to smoking-related risk assessment often rely on observed clinical meas-
urements or smoking-status classifications and may not provide an individualized assessment 
of how predicted health risk could change under alternative smoking conditions [13]–[15]. 
Consequently, computational approaches capable of integrating multiple biological and be-
havioral characteristics may provide complementary information for identifying individuals 
with elevated health risk and exploring alternative risk scenarios [4], [16]–[19]. This suggests 
that smoking-related risk may be better characterized by considering the combined patterns 
of demographic, physiological, and behavioral characteristics rather than smoking status in 
isolation. In this context, a model-based assessment of hypothetical changes in smoking status 
may provide an additional perspective on the sensitivity of estimated health risk while pre-
serving the observed characteristics of each individual. 

Despite advances in machine learning, explainable artificial intelligence, and counterfac-
tual analysis, an important methodological gap remains in integrating these approaches for 
individualized smoking-related health-risk assessment. Existing studies have largely focused 
on smoking-status classification, prediction of smoking-associated diseases, or interpretation 
of observed model predictions, while comparatively less attention has been given to evaluat-
ing how model-estimated health risk changes under a specified hypothetical modification of 
smoking status. The present study addresses this gap by developing a framework that com-
bines probability-based health-risk assessment, explainable machine learning, and constrained 
counterfactual analysis. 

The primary objective of this study is to develop an explainable machine-learning frame-
work for smoking-associated health risk assessment and counterfactual analysis. Specifically, 
the study aims to: 
• Develop an XGBoost-based model to estimate the probability of the model-defined 

Health Risk Status using available demographic, behavioral, and biological characteris-
tics. 

• Identify the demographic, physiological, and behavioral features that contribute most 
strongly to the model-estimated health-risk probability using SHAP-based analysis. 

• Evaluate how the model-estimated health-risk probability changes when smoking status 
is hypothetically modified from the observed smoking state to a non-smoking state while 
other observed characteristics remain unchanged. 
 

To achieve these objectives, this study develops a Counterfactual Smoking Risk Assess-
ment Framework that integrates XGBoost-based prediction, SHAP-based interpretation, and 
counterfactual scenario analysis. Rather than directly predicting smoking status, the frame-
work defines a derived Health Risk Status based on multiple physiological indicators. Im-
portantly, the physiological indicators used to construct the target are excluded from the 
model predictors to reduce direct target leakage. The framework therefore focuses on as-
sessing a model-defined health-risk state and examining the sensitivity of its predicted prob-
ability to a hypothetical modification of smoking status. 

The remainder of this paper is organized as follows. Section 2 reviews related studies on 
smoking-related health assessment, explainable artificial intelligence, and counterfactual anal-
ysis. Section 3 describes the study framework, dataset, data preprocessing, model develop-
ment, experimental configuration, and evaluation procedures. Section 4 presents and dis-
cusses the experimental results, including comparative model performance, sensitivity and 
ablation analyses, SHAP-based interpretation, and counterfactual smoking-state analysis. Fi-
nally, Section 5 concludes the study and discusses its implications, limitations, and potential 
directions for future research. 

2. Literature Review 

2.1. Machine Learning for Smoking-Related Health Assessment 

Machine learning (ML) has increasingly been applied to smoking-related health research, 
particularly to model relationships among demographic, behavioral, and physiological varia-
bles [1], [16], [20], [21]. XGBoost has also been applied to structured smoking-related health 
and disease-risk modeling [4], [22]–[24]. Existing smoking-related ML studies have predomi-
nantly focused on smoking-status classification, prediction of smoking-associated diseases, or 
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estimation of health-risk categories from observed characteristics [4], [20], [25]. For example, 
XGBoost-based approaches have been used to predict smoking-induced noncommunicable 
diseases and identify influential predictors, with analyses primarily focused on predictive per-
formance and feature importance rather than on examining how estimated risk changes under 
alternative smoking-status conditions [4], [22], [26]. These studies demonstrate the utility of 
ML methods for identifying relationships between smoking-related characteristics and health 
outcomes, but they generally treat the observed smoking state as part of the input condition 
rather than explicitly evaluating hypothetical changes in that state. This distinction provides 
an opportunity to extend conventional prediction toward individualized, scenario-based 
health-risk assessment. 

Several studies have specifically used the Body Signal of Smoking dataset, although their 
analytical objectives and target definitions differ from those of the present study. Sung Ah-
young et al. [27] treated smoking status as the binary target and evaluated feature-selection 
and AutoML-based stacking approaches, reporting an AUC of 0.8209 using a selected subset 
of predictors. Aishwarya et al. [28] similarly predicted smoking status using a balanced sample 
of 2,000 observations and evaluated Random Forest, Logistic Regression, Decision Tree, 
KNN, CatBoost, and artificial neural networks, complemented by SHAP, LIME, QLattice, 
and Anchor explanations. More recently, Somashekar [29] used the full Body Signal of Smok-
ing dataset to predict the binary smoking label using Random Forest, XGBoost, and Logistic 
Regression, with SHAP-based interpretation of smoking-associated biomarkers. 

In contrast, the present study does not use smoking status as the prediction target. In-
stead, it constructs a model-defined Health Risk Status from ten physiological indicators, ex-
cludes these target-generating variables from the predictor matrix, and retains smoking status 
as a counterfactual variable. This formulation shifts the analytical focus from predicting smok-
ing status to assessing model-estimated health risk and examining how that estimated proba-
bility changes under a specified hypothetical smoking-state modification. The main distinc-
tions between the present study and previous studies using the same dataset are summarized 
in Table 1. 

Table 1. Comparison of Studies Using the Body Signal of Smoking Dataset. 

Ref Target definition Data/features Models 
Evaluation/      

interpretation 

[27] 
Binary smoking   

status 

55,692 records; feature-
selection procedure  

applied 

AutoML and multilayer 
stacking; RF, XGBoost, 

CatBoost, and other   
classifiers 

Accuracy, precision, 
recall, F1-score, AUC 

[28] 
Binary smoking   

status 

Balanced subset of 
2,000 observations 

from the Body Signal 
of Smoking dataset 

RF, Logistic Regression, 
Decision Tree, KNN,  
CatBoost, and ANN 

Accuracy, precision, 
recall, F1-score; 

SHAP, LIME, QLat-
tice, and Anchor 

[29] 
Binary smoking   

status 

Full 55,692-record   
dataset; clinical and  
biological predictors 

Random Forest, XGBoost, 
and Logistic Regression 

Accuracy, F1-score, 
ROC-AUC, 5-fold 

CV, SHAP 

Ours 

Model-defined 
Health Risk Status: 
≥3 of 10 indicators 

above training-    
derived P75    
thresholds 

55,692 records; target-
generating physiologi-
cal indicators excluded 

from predictors 

XGBoost as the primary 
model; RF, Logistic Re-
gression, and LightGBM 

for comparison 

ROC-AUC, PR-
AUC, calibration, 

Brier score, sensitiv-
ity, specificity, F1-

score; SHAP stability 
and counterfactual 

analysis 

2.2. Explainable AI for Health-Risk Assessment 

Explainable artificial intelligence (XAI) methods such as SHAP have increasingly been 
used to interpret machine-learning predictions and identify influential variables in health-risk 
modeling [30]–[36]. In smoking-related research, recent XAI-based studies have further im-
proved the interpretation of smoking-status predictions by identifying influential clinical and 
biological variables using approaches such as SHAP, LIME, QLattice, and Anchor [28], [37]. 
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These approaches provide valuable information about the contribution of individual fea-
tures to observed model predictions. However, feature-level explanations do not directly ad-
dress an individual-level counterfactual question: how would the model-estimated health risk 
change if smoking status were hypothetically modified while the individual's other observed 
characteristics remained unchanged? Thus, conventional ML prediction and feature-level 
XAI can characterize what is predicted and which variables contribute to the prediction, but 
provide more limited information about how an individual's predicted risk changes under a 
specified hypothetical modification [29], [38]–[40]. 

This distinction is particularly relevant for smoking-related health-risk assessment, where 
smoking status may be considered not only as an observed characteristic but also as a variable 
through which alternative risk scenarios can be explored. Accordingly, integrating feature-
level explanation with constrained counterfactual analysis can provide complementary infor-
mation: SHAP can characterize the relative contribution of observed features to the model 
prediction, while counterfactual analysis can examine changes in the model-estimated proba-
bility under a predefined alternative smoking state. This complementary perspective provides 
the basis for the counterfactual analysis developed in the present study. 

2.3. Counterfactual Explainability 

Counterfactual analysis extends model interpretation by examining how predictions 
change under hypothetical modifications of input variables. Recent studies have emphasized 
the importance of feasibility, actionability, and causal constraints when constructing counter-
factual explanations. For example, DiFACE2 introduced a causal-DAG-constrained frame-
work for generating diverse, feasible, and actionable counterfactual explanations, highlighting 
the role of domain knowledge and causal structure in intervention-oriented counterfactual 
analysis [41]. 

In smoking-related health assessment, counterfactual analysis can provide a complemen-
tary perspective to feature-level explanations by examining how model-estimated health risk 
changes under an alternative smoking-status condition. In the present study, smoking status 
is therefore modified from the observed smoking state to a hypothetical non-smoking state 
while other observed characteristics are held constant. The analysis does not construct a 
causal DAG or estimate causal intervention effects; rather, it evaluates the sensitivity of the 
model-estimated health-risk probability to this specified counterfactual change at the individ-
ual level. 

Together with the studies discussed in the preceding sections, this perspective provides 
an opportunity to extend smoking-related health assessment beyond smoking-status predic-
tion and conventional feature-level interpretation toward individualized, scenario-based anal-
ysis. The resulting counterfactual estimates represent model-based hypothetical scenarios and 
should not be interpreted as observed longitudinal effects or causal treatment effects of smok-
ing cessation. 

3. Materials and Methods 

This study develops a Counterfactual Smoking Risk Assessment Framework that inte-
grates health-risk assessment, explainable machine learning, and counterfactual analysis. The 
framework estimates the probability of a model-defined Health Risk Status from demo-
graphic, anthropometric, behavioral, and physiological characteristics and examines how this 
estimated probability changes when smoking status is hypothetically modified. Because the 
dataset records smoking status as a binary variable and does not provide quantitative smok-
ing-exposure measures such as cigarettes consumed per day, smoking duration, or pack-years, 
the counterfactual analysis is limited to the observed smoking state and a hypothetical non-
smoking state. The overall methodological workflow is illustrated in Figure 1. 

3.1. Study Framework and Dataset 

The study uses the Body Signal of Smoking dataset obtained from Kaggle, comprising 
55,692 records and 27 variables representing demographic, anthropometric, behavioral, phys-
iological, and laboratory characteristics [42]. The framework is not intended to estimate cu-
mulative smoking exposure or reconstruct individual smoking histories. Instead, the available 
physiological and biochemical measurements are used to characterize the observed health-
risk profile of the study population. Variables such as blood pressure, lipid measures, blood 
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glucose, waist circumference, liver-related biomarkers, and renal indicators represent different 
aspects of cardiovascular, metabolic, hepatic, and renal health. These variables are therefore 
treated as health-related characteristics within the framework rather than as direct measures 
or surrogates of cumulative smoking exposure. 

 

Figure 1. Counterfactual Smoking Risk Assessment Framework based on XGBoost, SHAP, and 
counterfactual analysis. 

3.2 Data Preprocessing and Variable Definition 

The dataset contains demographic variables including age, gender, height, and weight; 
anthropometric measurements such as waist circumference; physiological measurements in-
cluding systolic and diastolic blood pressure; biochemical variables including fasting blood 
glucose, total cholesterol, triglycerides, HDL, LDL, hemoglobin, serum creatinine, AST, 
ALT, and GTP; and behavioral or health-related variables including hearing, dental health, 
and smoking status. Together, these variables provide a multidimensional representation of 
the characteristics used for health-risk assessment. 

Smoking status is retained as a predictor rather than used as the primary prediction tar-
get. Instead, a derived binary target, termed Health Risk Status, is constructed to represent 
the presence of multiple elevated physiological indicators. Ten indicators are used to construct 
this target: systolic blood pressure, diastolic blood pressure, fasting blood glucose, total cho-
lesterol, triglycerides, hemoglobin, serum creatinine, AST, ALT, and GTP. 

For each indicator, the percentile threshold is calculated using the training data only to 
prevent information leakage. The primary analysis uses the 75th percentile (P75) as the thresh-
old. An indicator is considered elevated when its value exceeds the corresponding training-
set threshold, and the number of elevated indicators is then calculated for each individual. 
The Health Risk Status is defined as: 
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Health Risk Status𝑖 =

{
 
 

 
 1, ∑𝐼(𝑋𝑖𝑗 > 𝑇𝑗) ≥ 3,

10

𝑗=1

0, ∑𝐼(𝑋𝑖𝑗 > 𝑇𝑗) < 3,

10

𝑗=1

  

 (1) 

where 𝑋𝑖𝑗  represents the value of indicator 𝑗 for individual 𝑖, 𝑇𝑗 represents the 75th-per-

centile threshold of indicator j calculated from the training data, and 𝐼(·) is an indicator func-
tion that takes a value of 1 when the condition is satisfied and 0 otherwise. Thus, an individual 
is classified as high risk when at least three of the ten selected indicators exceed their corre-
sponding training-derived thresholds. 

The physiological variables used to construct Health Risk Status are excluded from the 
predictor matrix used for model training. This design prevents direct target leakage and en-
sures that the model does not reproduce the target using the same measurements from which 
it was constructed. 

Before model development, the resulting Health Risk Status distribution was examined 
to assess class proportions. In the complete dataset, 21,792 individuals (39.13%) were classi-
fied as high risk and 33,900 (60.87%) as low risk. The training and testing subsets contained 
17,481 (39.24%) and 4,311 (38.70%) high-risk observations, respectively, indicating that the 
class proportions were preserved across the two subsets. The resulting distribution is pre-
sented in Table 2. 

Table 2. Distribution of Health Risk Status 

Dataset Low Risk, n (%) High Risk, n (%) Total 

Overall 33,900 (60.87%) 21,792 (39.13%) 55,692 

Training 27,072 (60.76%) 17,481 (39.24%) 44,553 

Testing 6,828 (61.30%) 4,311 (38.70%) 11,139 

3.3. Feature Matrix and Data Partitioning 

Following the construction of the Health Risk Status target, the predictor matrix was 
defined using the available demographic, anthropometric, behavioral, and remaining health-
related variables. The ten physiological indicators used to construct the target were excluded 
from the predictor matrix to avoid direct target leakage. Accordingly, the predictor matrix can 
be represented as 

𝐗 = [𝐗demo, 𝐗anthro, 𝐗behavior, 𝐗health] (2) 

where 𝐗demo, 𝐗anthro, 𝐗behavior, and 𝐗health denote the demographic, anthropometric, 
behavioral, and remaining health-related predictors, respectively. The target-generating phys-

iological indicators are not included in 𝐗health. 
The dataset was then divided into training and independent testing subsets using an 

80:20 stratified split. Stratification was applied to preserve the proportion of high- and low-
risk observations across the two subsets, while a fixed random seed of 42 was used to ensure 
reproducibility. The training subset was used for model development and hyperparameter 
selection, whereas the independent test set was reserved for final performance evaluation and 
counterfactual analysis. The resulting partition can be expressed as 

𝒟 = 𝒟train ∪ 𝒟test,    𝒟train ∩ 𝒟test = ∅ (3) 

with 

|𝒟train| = 0.80|𝒟|,   |𝒟test| = 0.20|𝒟| (4) 

The Health Risk Status thresholds were estimated from the training data and subse-
quently applied to the independent test set. No test-set information was used for model de-
velopment, hyperparameter selection, or other model-selection procedures. 
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3.4. Experimental Configuration and XGBoost Model Settings 

All experiments were implemented in Python using the XGBoost and scikit-learn librar-
ies. Categorical variables were converted to numerical representations using label encoding, 
and observations containing missing values were removed. Model development and hyperpa-
rameter selection were performed exclusively using the training subset, while the independent 
test set was retained for final evaluation. 

Hyperparameter selection was performed using GridSearchCV with 5-fold stratified 
cross-validation, shuffling, and a fixed random seed of 42. ROC-AUC was used as the selec-
tion criterion because the study evaluates discrimination between the model-defined high- 
and low-risk groups across classification thresholds. For XGBoost, the search covered the 
parameter combinations listed in Table 3. The best estimator identified during cross-valida-
tion was subsequently refitted on the complete training subset and evaluated on the inde-
pendent test set. 

Table 3. Model configurations and hyperparameter search spaces 

Model Tuning procedure 
Cross-  

validation 
Selection 

metric 
Search space Final selected configuration 

Logistic  
Regression 

GridSearchCV 
5-fold  

stratified CV 
ROC-AUC 

C = [0.01, 0.1, 1, 10]; class_weight = 
[None, balanced]; L2 penalty 

C = 1; class_weight = balanced; 
penalty = L2 

Random 
Forest 

GridSearchCV 
5-fold  

stratified CV 
ROC-AUC 

n_estimators = [200, 400]; max_depth 
= [None, 10, 20]; min_samples_split 
= [2, 10]; min_samples_leaf = [1, 4] 

n_estimators = 400; max_depth 
= None; min_samples_split = 2; 

min_samples_leaf = 1 

XGBoost GridSearchCV 
5-fold  

stratified CV 
ROC-AUC 

n_estimators = [200, 400]; max_depth 
= [3, 5, 7]; learning_rate = [0.03, 0.1]; 

subsample = [0.8, 1.0]; colsam-
ple_bytree = [0.8, 1.0]; 

min_child_weight = [1, 5]; gamma = 
[0, 1] 

n_estimators = 400; max_depth 
= 7; learning_rate = 0.1; sub-

sample = 0.8; colsample_bytree 
= 1.0; min_child_weight = 1; 

gamma = 0 

LightGBM GridSearchCV 
5-fold  

stratified CV 
ROC-AUC 

n_estimators = [200, 400]; max_depth 
= [3, 5, 7]; learning_rate = [0.03, 0.1]; 
num_leaves = [31, 63]; subsample = 
[0.8, 1.0]; colsample_bytree = [0.8, 
1.0]; min_child_samples = [5, 20] 

n_estimators = 400; max_depth 
= 7; learning_rate = 0.1; 

num_leaves = 63; subsample = 
0.8; colsample_bytree = 0.8; 

min_child_samples = 5 

 
The final XGBoost model used the binary logistic objective function and generated 

probability estimates through its probability output. The selected configuration comprised 
n_estimators = 400, max_depth = 7, learning_rate = 0.1, subsample = 0.8, colsample_bytree 
= 1.0, min_child_weight = 1, and gamma = 0, with random_state = 42. This selected 
XGBoost estimator was used for the final test-set evaluation, SHAP interpretation, and coun-
terfactual analysis. 

For the sensitivity and ablation analyses reported in Table 5, an earlier XGBoost config-
uration was used. These analyses followed the same leakage-controlled target and data-parti-
tioning framework but were conducted using a previous model configuration and are there-
fore treated as a separate robustness analysis rather than as results from the final selected 
XGBoost model. 

3.5. XGBoost-Based Health Risk Assessment 

XGBoost was selected as the primary model for health-risk assessment because of its 
suitability for structured tabular data and its ability to capture nonlinear relationships and 
interactions among heterogeneous demographic, anthropometric, behavioral, and health-re-
lated variables [43]–[45]. In addition, its probability-based output supports the counterfactual 
analysis, while its tree-based structure enables SHAP-based interpretation. 

The selected XGBoost model was fitted using the training subset and the predictor ma-
trix defined in Section 3.3. Rather than producing only a binary class label, the model gener-
ates an estimated probability that an individual belongs to the model-defined high-risk cate-

gory. For individual 𝑖, this probability is denoted by 𝑝𝑖 . 
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The probability output serves as the primary quantity for the subsequent counterfactual 
analysis. Specifically, the estimated probability under the observed smoking state is compared 
with the probability obtained after the smoking variable is hypothetically modified, while all 
other observed predictor values remain unchanged. This allows the analysis to characterize 
individual-level changes in model-estimated health-risk probability while maintaining the ob-
served characteristics of each individual. 

3.6. Sensitivity and Ablation Analysis 

To assess the robustness of the Health Risk Status definition and examine the contribu-
tion of smoking status to model performance, sensitivity and ablation analyses were con-
ducted using the same target-construction and data-partitioning framework. First, the sensi-
tivity of the Health Risk Status definition to the percentile threshold was evaluated by varying 
the threshold from the 70th to the 85th percentile while maintaining the requirement that at 
least three physiological indicators exceed their corresponding thresholds. Specifically, the 
70th, 75th, 80th, and 85th percentile configurations were evaluated, with the 75th-percentile 
definition retained as the primary configuration. All thresholds were calculated exclusively 
from the training data and subsequently applied to the test data. 

Second, sensitivity to the number of elevated physiological indicators required for high-
risk classification was examined while maintaining the 75th-percentile threshold. The required 
number of elevated indicators was varied from two to five to assess whether model perfor-
mance was sensitive to the selected criterion of at least three elevated indicators. Performance 
across the alternative definitions was evaluated using ROC-AUC, PR-AUC, sensitivity, spec-
ificity, precision, F1-score, and Brier score, providing complementary information on dis-
crimination, classification performance, and probability reliability. 

Finally, an ablation analysis was conducted to examine the contribution of smoking sta-
tus to health-risk assessment. Two otherwise identical XGBoost models were evaluated using 
the same training and test partitions and predictor framework. The first model included smok-
ing status as a predictor, whereas the second excluded the smoking-status variable. Differ-
ences in ROC-AUC, PR-AUC, sensitivity, specificity, precision, F1-score, and Brier score 
were used to assess the additional predictive information associated with smoking status 
within the model. Together, these analyses provide complementary checks on the robustness 
of the model-defined target and the role of smoking status in the predictive framework. 

3.7. Comparative Classifier Analysis 

Four tabular machine-learning classifiers—Logistic Regression, Random Forest, 
XGBoost, and LightGBM—were evaluated using the same predictor matrix and stratified 
training/test partition. All classifiers were tuned using GridSearchCV with 5-fold stratified 
cross-validation, shuffling, a fixed random seed of 42, and ROC-AUC as the model-selection 
criterion. Each algorithm was evaluated using a model-specific hyperparameter grid, with hy-
perparameter selection performed exclusively on the training subset. The selected estimators 
were then refitted on the complete training subset and evaluated on the independent test set. 

The classifiers were compared using ROC-AUC, PR-AUC, sensitivity (recall), specificity, 
precision, F1-score, accuracy, and Brier score. ROC-AUC and PR-AUC were used to assess 
discrimination, while sensitivity, specificity, precision, F1-score, and accuracy were calculated 
at the predefined classification threshold. Brier score was used to assess the reliability of the 
predicted probabilities. Applying the same data partitioning and evaluation protocol across 
classifiers enabled a consistent comparison of discrimination, classification performance, and 
probability estimation. 

3.8. Counterfactual Smoking-State Analysis 

The counterfactual analysis examines how the model-estimated health-risk probability 
changes when the smoking-status variable is hypothetically modified. Because smoking status 
is recorded as a binary variable and the dataset does not provide quantitative smoking-expo-
sure measures such as cigarettes per day, smoking duration, or pack-years, the analysis is re-
stricted to the observed smoking state and a hypothetical non-smoking state. Intermediate 
values such as 0.25, 0.50, and 0.75 are therefore not considered because they do not corre-
spond to observed or clinically defined levels of smoking exposure in the dataset. 
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The analysis is restricted to individuals observed as smokers, for whom the smoking-
status variable has a value of 1. For each eligible individual, a copy of the observed predictor 
vector is created, and only the smoking-status variable is changed from 1 to 0. All other ob-
served characteristics are kept unchanged. The final XGBoost model is then applied to both 
the observed and modified records to obtain the corresponding model-estimated high-risk 
probabilities. The observed and counterfactual probabilities are defined as: 

𝑝𝑖
(obs) = 𝑓(𝐗𝑖, Smoking = 1),    𝑝𝑖

(cf) = 𝑓(𝐗𝑖, Smoking = 0) (5) 

where 𝐗𝑖 represents the other observed predictor characteristics of individual 𝑖, 𝑓(∙) de-
notes the trained XGBoost model. The individual-level counterfactual probability difference 
is then calculated as: 

∆𝑝𝑖 = 𝑝𝑖
(obs) − 𝑝𝑖

(cf) (6) 

A positive ∆𝑝𝑖 indicates that the model estimates a higher health-risk probability under 
the observed smoking state than under the hypothetical non-smoking state. The distribution 

of ∆𝑝𝑖 across the evaluated individuals is used to characterize the direction and magnitude 
of the model-estimated changes. 

The counterfactual analysis represents model-based sensitivity to a hypothetical change 
in smoking status rather than an observed longitudinal response or causal treatment effect. 
Accordingly, changes in predicted probability should not be interpreted as direct evidence of 
health recovery following smoking cessation. Robustness of the counterfactual findings is 
further considered through the sensitivity and ablation analyses described in Section 3.6. 

3.9. Model Interpretation Using SHAP 

SHapley Additive exPlanations (SHAP) was used to interpret the contribution of indi-
vidual predictors to the XGBoost model output. SHAP values were calculated for the inde-
pendent test set after final model training. Mean absolute SHAP values were used to quantify 
the overall contribution of each predictor and establish the global feature-importance ranking. 
Larger mean absolute SHAP values indicate a greater contribution to the model output, alt-
hough they do not imply a causal effect. 

To assess the stability of the model explanations, SHAP values were additionally evalu-
ated across repeated subsets of the independent test set. For each subset, mean absolute 
SHAP values were calculated and the corresponding feature rankings were recorded. Expla-
nation stability was assessed using the mean feature rank, rank variability, and the frequency 
with which a feature appeared among the five highest-ranked predictors. Global SHAP im-
portance and ranking stability were visualized using the resulting feature-importance and 
ranking measures. 

3.10. Model Performance Evaluation 

Multiple complementary metrics were used to evaluate classification performance and 
the reliability of predicted probabilities. ROC-AUC was used to assess discrimination between 
high- and low-risk individuals across classification thresholds. PR-AUC was also reported to 
provide complementary information on discrimination, particularly under alternative Health 
Risk Status definitions with different class proportions. Calibration analysis was used to assess 
the agreement between predicted probabilities and observed outcome frequencies. Predicted 
probabilities were grouped into probability ranges and compared with the corresponding ob-
served proportions. The Brier score was additionally calculated to quantify the accuracy of 
probabilistic predictions, with lower values indicating better probability reliability. 

For threshold-dependent evaluation, sensitivity (recall), specificity, precision, F1-score, 
and accuracy were calculated at the predefined classification threshold. Sensitivity represents 
the proportion of high-risk individuals correctly identified, whereas specificity represents the 
proportion of low-risk individuals correctly classified. Precision represents the proportion of 
individuals predicted as high risk who were actually high risk, while the F1-score provides a 
balance between precision and recall. All performance metrics were calculated on the inde-
pendent test set using the same evaluation procedure for the final XGBoost model and the 
comparative classifiers. The distribution of Health Risk Status was also reported to provide 
context for interpreting the classification and probability-based performance measures. 
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4. Results and Discussion 

4.1. Predictive Performance of the XGBoost Model 

The predictive performance of the XGBoost model was first evaluated on the independ-
ent test set using discrimination, classification, and probabilistic metrics. The model achieved 
a ROC-AUC of 0.8348 and a PR-AUC of 0.7635. At the predefined classification threshold, 
the model obtained a sensitivity of 0.6698, specificity of 0.8280, precision of 0.7243, F1-score 
of 0.6960, and accuracy of 0.7643, with a Brier score of 0.1616. These results indicate that the 
model provides reasonable discrimination and probability estimation for the model-defined 
Health Risk Status. 

The ROC-AUC provides an overall measure of discrimination between the model-de-
fined high- and low-risk categories, while the PR-AUC and threshold-based metrics provide 
complementary information on classification performance. The Brier score further evaluates 
the reliability of the predicted probabilities, which is particularly relevant because these prob-
abilities are subsequently used in the counterfactual analysis. Since the target represents a 
derived physiological-risk category rather than a clinically diagnosed outcome, these perfor-
mance measures should be interpreted as evidence of predictive performance within the study 
dataset rather than as evidence of clinical diagnostic performance. 

Figure 2 presents the calibration curve of the XGBoost classifier. The x-axis represents 
the mean predicted probability, while the y-axis represents the observed fraction of positive 
cases (high-risk individuals). The dashed gray diagonal represents perfect calibration, where 
predicted probabilities correspond exactly to observed outcome frequencies. A calibration 
curve that remains close to this reference therefore indicates better agreement between pre-
dicted and observed probabilities. 

 

Figure 2. Calibration curve of the XGBoost classifier for health-risk probability prediction. 

The red curve remains close to the diagonal across most probability ranges, indicating 
generally consistent probability estimation. At lower predicted probabilities (0.05–0.35), the 
curve shows close alignment with the reference line, while the mid-probability range (0.45–
0.75) also exhibits relatively stable calibration. At the highest predicted-probability range, a 
slight deviation from the diagonal is observed, with predicted probabilities marginally lower 
than the observed fraction, indicating minor under confidence for very high-risk cases. Over-
all, the deviation is limited relative to the general calibration pattern, supporting the use of 
the predicted probabilities for the subsequent counterfactual analysis. 



Journal of Future Artificial Intelligence and Technologies 2026 (December), vol. 3, no. 3, V. 452 
 

 

4.2. Comparative Classifier Analysis 

Table 4 compares the performance of four tabular machine learning classifiers using the 
leakage-controlled Health Risk Status definition. Random Forest achieved the highest 
standalone discrimination, with a ROC-AUC of 0.8920 and a PR-AUC of 0.8531, together 
with a sensitivity of 0.7451, specificity of 0.8587, precision of 0.7806, and F1-score of 0.7624. 
LightGBM achieved a ROC-AUC of 0.8326 and PR-AUC of 0.7647, whereas XGBoost 
achieved a ROC-AUC of 0.8348 and PR-AUC of 0.7635. Logistic Regression produced a 
ROC-AUC of 0.7926 and PR-AUC of 0.7023. The complete comparison, including calibra-
tion-related and threshold-based metrics, is presented in Table 4. 

Table 4. Comparative Performance of Tabular Machine Learning Classifiers 

Model ROC-AUC PR-AUC Sensitivity Specificity Precision F1-score Brier Score Accuracy 

Logistic Regression 0.7926 0.7023 0.7420 0.6985 0.6242 0.6780 0.1865 0.7160 

Random Forest 0.8920 0.8531 0.7451 0.8587 0.7806 0.7624 0.1315 0.8129 

XGBoost 0.8348 0.7635 0.6698 0.8280 0.7243 0.6960 0.1616 0.7643 

LightGBM 0.8326 0.7647 0.6562 0.8256 0.7174 0.6854 0.1628 0.7573 

 
The substantially higher Random Forest performance warrants consideration of whether 

the result could arise from target leakage or data-partitioning artifacts. The Health Risk Status 
target was constructed exclusively from the ten predefined physiological indicators, which 
were subsequently excluded from the predictor matrix. In addition, the percentile thresholds 
used for target construction were estimated from the training data only and then applied to 
the independent test set. All classifiers used the same stratified 80:20 training–testing parti-
tion, leakage-controlled predictor matrix, and test-set isolation during model development. 
These procedures reduce the possibility that the observed Random Forest performance re-
sulted from direct inclusion of the target-generating variables or from inconsistent data par-
titioning. 

Nevertheless, the performance of Random Forest should be interpreted in the context 
of the derived target and the available cross-sectional feature space. Although the ten target-
generating indicators were excluded, some remaining demographic, anthropometric, behav-
ioral, or health-related variables may still be associated with the underlying physiological bur-
den represented by the constructed label. Random Forest may therefore capture complex 
nonlinear relationships among these proxy characteristics and the model-defined Health Risk 
Status. This interpretation does not imply equivalent performance for independently meas-
ured clinical outcomes. 

From a framework perspective, XGBoost was retained as the primary model despite the 
higher standalone predictive performance of Random Forest. The selection was based on the 
broader analytical objective of integrating probability-based counterfactual analysis with 
SHAP-based interpretation and stability analysis. In particular, the XGBoost probability out-
put can be recalculated after the controlled modification of the smoking-status variable, ena-
bling individual-level comparison between observed and hypothetical model outputs. Its tree-
based structure also supports consistent SHAP decomposition of model predictions. Thus, 
the selection of XGBoost represents a framework-level methodological choice rather than a 
claim of superior standalone predictive performance. 

This comparison also highlights an important distinction between predictive perfor-
mance and framework suitability. Random Forest produced stronger discrimination under 
the present target definition, whereas XGBoost provided the modeling basis used for the 
subsequent counterfactual and explainability analyses. The observed differences should there-
fore be understood as empirical performance characteristics of the evaluated models rather 
than as evidence that one algorithm is intrinsically preferable across other datasets or clinically 
defined outcomes. 

4.3. Sensitivity and Ablation Analysis 

Sensitivity and ablation analyses were conducted to examine the robustness of the Health 
Risk Status definition and the contribution of smoking status to model performance. Table 5 
summarizes the results obtained under alternative percentile thresholds, different numbers of 
elevated indicators required to define high risk, and the inclusion or exclusion of smoking 
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status. For clarity, these analyses were conducted using an earlier XGBoost configuration 
within the same leakage-controlled modeling framework and are therefore not directly com-
parable with the final XGBoost results reported in Table 4. 

Across the percentile-based sensitivity analysis, the ROC-AUC remained relatively stable 
when the threshold was varied from P70 to P85, ranging from 0.8396 to 0.8430. However, 
the PR-AUC decreased as the percentile threshold increased, from 0.8281 at P70 to 0.5914 at 
P85. This pattern indicates that changing the threshold affects not only discrimination but 
also the composition of the high-risk group captured by the derived target. The Brier score 
also decreased with higher thresholds, suggesting differences in probability error under alter-
native target definitions. These results indicate that the model's discrimination is relatively 
stable across percentile thresholds, whereas the resulting probability and positive-class char-
acteristics are more sensitive to the target definition. 

Table 5. Sensitivity and Ablation Analysis of the Health Risk Status Definition and Smoking Status 

Analysis 
Percentile 
Threshold 

Elevated 
Indicators 

Smoking 
Status 

ROC-
AUC 

PR-AUC 
Brier 
Score 

Threshold sensitivity P70 ≥3 Yes 0.8430 0.8281 0.1620 

Threshold sensitivity P75 ≥3 Yes 0.8407 0.7722 0.1578 

Threshold sensitivity P80 ≥3 Yes 0.8397 0.7115 0.1471 

Threshold sensitivity P85 ≥3 Yes 0.8396 0.5914 0.1168 

Indicator-count sensitivity P75 ≥2 Yes 0.8376 0.8710 0.1627 

Indicator-count sensitivity P75 ≥3 Yes 0.8407 0.7722 0.1578 

Indicator-count sensitivity P75 ≥4 Yes 0.8527 0.6743 0.1288 

Indicator-count sensitivity P75 ≥5 Yes 0.8679 0.5755 0.0942 

Smoking ablation P75 ≥3 No 0.8383 0.7687 0.1590 

Smoking ablation P75 ≥3 Yes 0.8407 0.7722 0.1578 

 
The sensitivity analysis based on the required number of elevated indicators produced a 

broader range of ROC-AUC values, from 0.8376 for ≥2 indicators to 0.8679 for ≥5 indica-
tors. The corresponding PR-AUC decreased from 0.8710 to 0.5755 as the required number 
of elevated indicators increased. Thus, a stricter definition of high risk produces a more se-
lective target and changes the balance between discrimination and positive-class representa-
tion. The primary P75/≥3 definition provides an intermediate formulation that retains a sub-
stantial high-risk group while avoiding an excessively broad or restrictive definition. This bal-
ance supports its use as the primary target definition while acknowledging that the choice of 
threshold and indicator count influences the resulting predictive task. 

The smoking ablation analysis showed only a modest difference between models with 
and without smoking status under the earlier XGBoost configuration. Including smoking sta-
tus increased the ROC-AUC from 0.8383 to 0.8407 and the PR-AUC from 0.7687 to 0.7722, 
while the Brier score changed from 0.1590 to 0.1578. The relatively small change suggests 
that smoking status provides additional predictive information within the modeled risk frame-
work, but that the derived Health Risk Status can also be substantially characterized by the 
other available predictors. Because these ablation results were obtained using the earlier 
XGBoost configuration, they should be interpreted as a robustness analysis of the role of 
smoking status rather than as a direct decomposition of the final model performance reported 
in Table 4. 

Overall, the sensitivity and ablation analyses indicate that the study conclusions are not 
solely dependent on a single threshold specification or on the inclusion of smoking status. At 
the same time, the changes in PR-AUC and Brier score across alternative target definitions 
demonstrate that the operational definition of Health Risk Status materially influences the 
prediction task. This finding is relevant to the interpretation of the subsequent counterfactual 
analysis, which is conditioned on the primary P75/≥3 definition. 

4.4. SHAP-Based Model Interpretation and Stability Analysis 

To further interpret the final XGBoost model, SHAP analysis was used to quantify the 
contribution of individual predictors to model output. Figure 3 presents the global SHAP 
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feature importance together with the corresponding ranking stability analysis. The SHAP 
analysis identified gender, waist circumference, LDL, weight, and age among the most influ-
ential predictors of the model-estimated Health Risk Status. Height, smoking status, and HDL 
also contributed to the model output, although their relative influence was lower than that of 
the principal features. The distribution of feature importance indicates that the model does 
not rely predominantly on smoking status alone. Instead, the estimated health-risk probability 
reflects a broader combination of demographic, anthropometric, and health-related charac-
teristics. 

The prominence of waist circumference, LDL, weight, and age is consistent with the 
multidimensional structure of the derived Health Risk Status, which is constructed from mul-
tiple physiological indicators. Since the target represents the simultaneous elevation of several 
physiological measures, the model may capture relationships between these characteristics 
and the broader physiological profile represented by the constructed label. The SHAP results 
should therefore be interpreted as model-attribution patterns rather than as evidence of causal 
relationships between individual predictors and health risk. 

 

Figure 3. SHAP-based feature importance and ranking stability for the final XGBoost model. 

The stability analysis further examined whether the principal feature rankings were con-
sistent across repeated subsets of the independent test set. The leading features remained 
broadly consistent across these subsets, indicating that the main attribution pattern was not 
strongly dependent on a single subset of test observations. This provides additional support 
for interpreting the principal SHAP rankings as a relatively stable characteristic of the fitted 
model rather than as an artifact of one particular test subset. 

The role of smoking status can also be considered in relation to the ablation analysis in 
Section 4.3. Smoking contributed to the model output but was not among the most dominant 
predictors identified by the global SHAP analysis. Together, these findings suggest that smok-
ing status provides additional information within the modeled risk framework while the esti-
mated risk remains influenced by a broader set of individual characteristics. The ablation ev-
idence, however, was obtained using an earlier XGBoost configuration and should therefore 
be interpreted as complementary rather than as a direct quantitative decomposition of the 
final model. 

Taken together, the SHAP importance and stability analyses provide two complementary 
perspectives on model interpretation: the SHAP values characterize the relative contribution 
of predictors to the estimated risk, while the stability analysis examines whether the principal 
feature-ranking pattern is consistent across test subsets. These results provide the interpretive 
basis for the subsequent counterfactual analysis, in which smoking status is modified while 
the other observed characteristics are held constant. 
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4.5. Counterfactual Smoking-State Analysis 

Figure 4 illustrates the counterfactual analysis of health-risk probability under the ob-
served and hypothetical non-smoking states. The analysis examines how the model-estimated 
health-risk probability changes when smoking status is hypothetically modified from smoking 
to non-smoking while all other observed characteristics are held constant. 

The x-axis represents the first 100 smokers selected from the independent test set, and 
the y-axis represents the health-risk probability predicted by the final XGBoost model. The 
red line indicates the predicted probability under the observed smoking state, whereas the 
green line represents the recalculated probability after setting the smoking-status variable to 
zero. The difference between the two curves therefore represents the change in model-esti-
mated health-risk probability associated with the specified counterfactual input modification. 

Figure 4 shows that the hypothetical non-smoking state generally resulted in a lower 
model-estimated health-risk probability for many individuals, although both the magnitude 
and direction of the changes varied across individuals. This variation indicates that the model's 
sensitivity to smoking status is conditioned by the broader predictor profile rather than de-
termined by smoking status alone. The result therefore complements the global SHAP anal-
ysis in Section 4.4 by illustrating how the contribution of a single variable can translate into 
different changes in predicted probability across individuals. 

 

Figure 4. Counterfactual analysis of health-risk probability under observed and hypothetical non-
smoking states. 

The counterfactual results should be interpreted strictly as model-based hypothetical 
predictions. Because the underlying data are cross-sectional and the counterfactual modifica-
tion changes only the smoking-status variable, the analysis does not model the physiological 
changes that may occur over time following smoking cessation. Consequently, the observed 
differences cannot establish a causal effect of smoking cessation or quantify an individual's 
future clinical benefit. Instead, they indicate the sensitivity of the trained model to an alterna-
tive smoking-status input while the individual's other observed characteristics remain un-
changed. 

SHAP and counterfactual analysis therefore provide complementary forms of explaina-
bility. SHAP addresses a feature-level “why” question by characterizing the relative contribu-
tion of observed predictors to model output, whereas counterfactual analysis addresses a sce-
nario-level “what-if” question by recalculating the predicted probability after a specified mod-
ification of smoking status. Their combination allows the framework to relate the broader 
structure of model predictions to the individual-level response to a predefined smoking-status 
scenario. 
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4.6. Individual-Level Counterfactual Risk Changes 

Table 6 summarizes the distribution of individual-level counterfactual risk differences 
for the 4,103 individuals identified as smokers in the independent test set. The counterfactual 
difference is defined as the predicted probability under the observed smoking state minus the 
predicted probability under the hypothetical non-smoking state. A positive Δp therefore in-
dicates a lower model-estimated probability under the hypothetical non-smoking condition. 

The mean counterfactual difference was 0.074, with a median of 0.070 and an interquar-
tile range of 0.038–0.107. Thus, for the central 50% of smokers, the hypothetical change in 
smoking status was associated with a decrease of approximately 3.8–10.7 percentage points 
in model-estimated health-risk probability. Overall, 3,939 individuals (96.0%) had a positive 
Δp, whereas 164 individuals (4.0%) had a negative Δp. 

The range of Δp from −0.080 to 0.279 indicates substantial individual-level heterogene-
ity in the model response. Although the majority of individuals showed lower predicted risk 
under the hypothetical non-smoking state, the presence of negative differences demonstrates 
that this response was not uniform across the test population. This pattern is consistent with 
the broader feature-level interpretation in Section 4.4, suggesting that the modeled sensitivity 
to smoking status depends on interactions with an individual's other observed characteristics. 

Table 6. Distribution of Individual-Level Counterfactual Changes in Model-Estimated Health-Risk 
Probability 

Statistic Δp 

Number of smokers 4,103 

Mean 0.074 

Median 0.070 

Standard deviation 0.050 

Minimum −0.080 

25th percentile 0.038 

75th percentile 0.107 

Maximum 0.279 

Positive Δp, n (%) 3,939 (96.0%) 

Δp = predicted probability under the observed smoking state − predicted probability under the hypo-
thetical non-smoking state. 

 
Importantly, Δp represents a change in model-estimated probability rather than a per-

centage reduction in actual disease risk. The observed differences should therefore not be 
interpreted as clinically expected benefits of smoking cessation or as estimates of causal treat-
ment effects. Rather, they quantify how the trained XGBoost model responds when the 
smoking-status input is changed while the remaining observed characteristics are held con-
stant. 

4.7. Implications 

This study presents an explainable machine learning framework for assessing smoking-
associated health risk using a model-defined physiological-risk target and counterfactual anal-
ysis. The framework extends conventional smoking-status prediction by examining how the 
model-estimated health-risk probability changes under a hypothetical modification from 
smoking to non-smoking. The integration of XGBoost, SHAP, and counterfactual analysis 
provides complementary information on both the factors contributing to model predictions 
and the individual-level sensitivity of those predictions to a specified smoking-status scenario. 

The results indicate that the estimated risk is influenced by a broader combination of 
demographic, anthropometric, and health-related characteristics, while smoking status pro-
vides additional information within the modeled risk framework. The counterfactual analysis 
further demonstrates heterogeneity in the model response across individuals, highlighting the 
value of examining scenario-specific predictions alongside global feature attribution. 

Nevertheless, the framework remains exploratory and is based on cross-sectional data 
and a model-defined health-risk target rather than longitudinal clinical outcomes. The coun-
terfactual estimates should therefore be interpreted as model-based hypothetical scenarios 



Journal of Future Artificial Intelligence and Technologies 2026 (December), vol. 3, no. 3, V. 457 
 

 

rather than causal effects or predictions of future health improvement. Further validation 
using longitudinal data and clinically defined outcomes would be necessary to assess whether 
this approach can support practical health-risk assessment or smoking-related preventive re-
search. 

5. Conclusions 

This study developed a Counterfactual Smoking Risk Assessment Framework that inte-
grates XGBoost-based health-risk assessment, SHAP-based interpretation, and individual-
level counterfactual analysis. Rather than predicting smoking status itself, the framework con-
structs a model-defined Health Risk Status from multiple physiological indicators and exam-
ines how the estimated probability of high health risk changes when an individual's observed 
smoking status is hypothetically changed to a non-smoking state while other observed char-
acteristics are held constant. The comparative analysis showed that model performance varied 
across classifiers, while the sensitivity and ablation analyses demonstrated that the resulting 
predictive task was influenced by the definition of the derived health-risk target. SHAP anal-
ysis further identified the relative contribution of demographic, anthropometric, and health-
related variables to the model predictions, while the counterfactual analysis quantified the 
model's individual-level sensitivity to the specified smoking-status modification. 

The findings provide two complementary insights. First, smoking status contributes in-
formation to the modeled health-risk assessment but does not determine the prediction inde-
pendently of the individual's broader observed characteristics. Second, the counterfactual 
analysis revealed heterogeneous changes in model-estimated risk across individuals, indicating 
that the modeled response to a smoking-status modification depends on the overall predictor 
profile. These findings support the use of explainable and scenario-based analysis as a com-
plement to conventional predictive modeling. However, the resulting probability differences 
describe the behavior of the trained model under a controlled input modification and should 
not be interpreted as causal effects of smoking cessation or as estimates of future clinical 
outcomes. 

Several limitations constrain the interpretation of these findings. First, the cross-sec-
tional nature of the dataset prevents the assessment of temporal relationships and causal ef-
fects between smoking status and health outcomes. Second, the publicly available dataset 
provides limited information on the original data-collection procedures, participant recruit-
ment, ethics approval, and data-governance framework, which limits assessment of the 
broader provenance and representativeness of the data. Third, smoking status is represented 
only as a binary variable, without detailed exposure information such as cigarettes consumed 
per day, smoking duration, pack-years, or time since cessation. Consequently, the counterfac-
tual analysis represents a discrete smoking-to-non-smoking scenario and cannot capture 
graded changes in smoking exposure or physiological changes occurring over time following 
cessation. Finally, Health Risk Status is a derived modeling target based on predefined physi-
ological thresholds rather than a clinically diagnosed disease endpoint. The predictive and 
counterfactual findings should therefore be interpreted within the scope of this study-specific 
target rather than generalized directly to clinical disease risk. 

Future research should address these limitations through independent and prospective 
longitudinal cohorts with detailed smoking histories, quantitative exposure measures, time 
since cessation, repeated physiological measurements, and clinically validated outcomes. Such 
data would enable the evaluation of dose- and time-dependent counterfactual scenarios and 
provide a stronger basis for assessing whether model-estimated changes correspond to sub-
sequent health trajectories. External validation across populations and healthcare settings 
would also be necessary to examine the generalizability of the framework. In addition, incor-
porating longitudinal measurements could extend the current cross-sectional framework to-
ward individualized risk trajectories, allowing future studies to distinguish changes in model-
estimated risk associated with smoking-status scenarios from broader temporal changes in 
physiological health. 
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