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Abstract
Objective: This study aims to develop and validate a deep learning model to predict smoking status in patients with
chronic obstructive pulmonary disease (COPD) using data from a national survey.
Methods: Data from the Korea National Health and Nutrition Examination Survey (2007–2018) were used to extract
5466 COPD-eligible cases. The data collection involved demographic, behavioral, and clinical variables, including 21 pre-
dictors such as age, sex, and pulmonary function test results. The dependent variable, smoking status, was categorized as
smoker or nonsmoker. A residual neural network (ResNN) model was developed and compared with five machine learn-
ing algorithms (random forest, decision tree, Gaussian Naive Bayes, K-nearest neighbor, and AdaBoost) and two deep
learning models (multilayer perceptron and TabNet). Internal validation was performed using five-fold cross-validation,
and model performance was evaluated using the area under the receiver operating characteristic (AUROC) curve, sen-
sitivity, specificity, and F1-score.
Results: The ResNN achieved an AUROC, sensitivity, specificity, and F1-score of 0.73, 70.1%, 75.2%, and 0.67, respect-
ively, outperforming previous machine learning and deep learning models in predicting smoking status in patients with
COPD. Explainable artificial intelligence (Shapley additive explanations) identified key predictors, including sex, age,
and perceived health status.
Conclusion: This deep learning model accurately predicts smoking status in patients with COPD, offering potential as a deci-
sion-support tool to detect high-risk persistent smokers for targeted interventions. Future studies should focus on external
validation and incorporate additional behavioral and psychological variables to improve its generalizability and performance.
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Introduction
Chronic obstructive pulmonary disease (COPD), a major
public health concern, is projected to cost $4.33 trillion glo-
bally from 2020 to 2050.1 Its global burden increased by
25.7% in disability-adjusted life years from 1990 to
2019.2 In the United States, continued smoking is expected
to significantly boost medical costs and disability-adjusted
life years losses from 2019 to 2038.3 Often referred to as
a “smoker’s disease,” COPD is primarily caused by smok-
ing, with approximately 75% of patients having a smoking
history.4 COPD severity positively correlates with age and
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smoking duration.5 Given these findings, smoking cessation
is essential for self-management and a key consideration in
developing COPD treatment programs.6 Moreover, as
smoking contributes to disease progression in patients
with COPD, quitting is the only effective way to stop its
progression.7 However, 33.6% to 69.5% of patients
with COPD continue smoking despite their diagnosis.8,9

Thus, understanding and predicting their smoking status
is essential for effective disease management, personalized
treatment strategies, and targeted smoking cessation
interventions.10

An accurate model is vital for predicting persistent
smoking in patients with COPD. Machine learning techni-
ques demonstrate effectiveness in various medical applica-
tions, including disease diagnosis, prognosis, and treatment
prediction.11 These techniques enable the effective analysis
of large healthcare datasets to extract meaningful insights
and improve predictive accuracy. Moreover, deep learning
models show excellent performance across various health-
care domains,12 and several studies have investigated their
use in predicting smoking behavior. For instance, a real-
time multiclass classification model using data obtained
from wearable devices achieved 93.1% accuracy in detect-
ing smoking activity.13 In another study, machine learning
models were used to predict smoking behavior based on
genomic data.14 Similarly, Wang et al.15 leveraged isoform-
level ribonucleic acid sequencing data to improve smoking
status predictions. Additionally, natural language process-
ing was used to determine smoking status from unstructured
electronic health records of patients with suspected lung
cancer in Denmark, demonstrating its ability to convert
unstructured text into structured data.16

Healthcare data sources include electronic health records,
wearable devices, and genetic databases.17 Healthcare data
analytics can minimize treatment costs, prevent diseases,
slow disease progression, and improve quality of life, ultim-
ately leading to life-saving outcomes. To achieve these ben-
efits, the data should incorporate modifiable lifestyles
relevant to health and wellness.18 Although smoking habits
and biomarkers, such as nicotine levels, help determine cur-
rent smoking status, identifying patterns linked to a higher
likelihood of smoking cessation nonadherence remains chal-
lenging for targeted management and policy interventions.
Nonadherence to self-management in patients with COPD
includes failure to quit smoking, inconsistent medication
use, and irregular clinical follow-ups—behaviors influenced
by personal, socioeconomic, disease-related, functional,
treatment-related, health system-related, and environmental
factors.19 However, research on predicting persistent smok-
ing following disease onset using individual, environmen-
tal, socioeconomic, and behavioral data remains limited.
Since smoking cessation is the primary recommendation,
accurately predicting persistent smoking after a COPD
diagnosis can identify high-risk patients who may also
struggle with other essential self-management strategies.

Exploring the potential of machine learning and deep learn-
ing models in predicting smoking status in patients with
COPD is crucial for identifying those at risk of self-
management nonadherence. Therefore, this study aims to
develop a model to predict smoking status in patients
with COPD and to compare this model with machine learn-
ing and deep learningmodels. Thismodel would enable tar-
geted advice, financial assistance for smoking cessation,
and enrollment in cessation programs at the point of
COPD diagnosis, thereby addressing health disparities
among vulnerable patients with COPD.

Methods

Study design
In this study, a secondary analysis of data from a nationally
representative cross-sectional survey was conducted.

Data sources and participant selection
The Korea National Health and Nutrition Examination
Survey (KNHANES)20 is a cross-sectional national survey
designed to investigate key aspects of health and nutrition in
Korea, including environmental factors, health status, med-
ical care, welfare, and dietary habits. Initiated in 1998 and
conducted annually since 2007, its primary objective is to
generate statistically representative data, providing a critical
foundation for formulating health policies. These policies
include setting and assessing objectives for national health
promotion plans and designing targeted health initiatives.20

Accordingly, data from the KNHANES were considered
suitable for predicting persistent smoking behaviors rele-
vant to disease management and quality of life in patients
with COPD. Researchers (CS and REJ) extracted data
from the KNHANES20 between 2007 and 2018, the most
recent available period. Data from 2019 were excluded
due to the COVID-19 pandemic and modifications in
quality-of-life assessment tools, which hindered the collec-
tion of critical measurements.

COPD cases were identified based on two criteria: self-
reported physician diagnosis and pulmonary function test
results. The pulmonary function criterion was defined as
a forced expiratory volume in 1 second (FEV1) to forced
vital capacity (FVC) ratio of ≤0.7%. Respondents who
reported a physician-diagnosed COPD also exhibited pul-
monary function test results consistent with those meeting
the COPD diagnostic criteria. Cases were excluded if data
on the dependent variable, current smoking status, were
missing.

Variables
Dependent variable. In the KNHANES, smoking status was
originally categorized into four groups: daily smokers,
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occasional smokers, ex-smokers, and nonsmokers. Daily
smokers were defined as individuals who smoked ≥1 cigar-
ette per day, while occasional smokers were those who
smoked intermittently but did not meet the criteria for daily
smoking. Based on a previous study21 using KNHANES
data, daily and occasional smokers were grouped as “smo-
kers,” while individuals who had previously smoked or had
never smoked were classified as “nonsmokers.” Using this
binary classification system, the values of “1” and “0”
were assigned to the “smoker” and “nonsmoker” groups,
respectively.

Predictor variables. Predictor variables were selected based
on factors associated with nonadherence to COPD self-
management identified in a previous study.19 The predictor
variables included 21 features categorized as continuous,
categorical, and ordinal variables. Continuous variables
included age, number of household members, quality of
life, average sleep time, and walking days per week.
Categorical variables included sex, occupation, educational
level, economic activity, marital status, pulmonary function
test results, influenza vaccination, diabetes prevalence,
physician-diagnosed lung cancer, physician-diagnosed
depression, physician-diagnosed hypertension, depressive
symptoms for > 2 consecutive weeks, body weight control
for a year, and body weight changes for a year.
Additionally, ordinal variables included perceived stress
level and perceived health status (Supplementary Table S1).

Research process
This study involved various steps, including feature selec-
tion (classification and optimization), data preprocessing,
model development, model validation and evaluation, and
result interpretation (Figure 1).

Feature selection process
The RandomForest feature selection method was used as a
foundation for identifying the most important features and
enhancing the interpretability of the results. This approach
enabled a focus on the most influential variables and pro-
vided deeper insights into the underlying relationships
within the data.22 In detail, we transformed continuous vari-
ables into categorical ones and simplified the original fea-
ture categories to assess whether the original or modified
variables enhanced explanatory power (Supplementary
Figure S1). Thus, the RandomForest classifier was used to
identify the most relevant features by excluding two ori-
ginal and five modified features—occupation, education
level, categorical average sleep duration, modified per-
ceived health status, modified walking frequency per
week, modified perceived stress level, and modified number
of household members—based on their importance scores
(Supplementary Figure S1).

Data preprocessing
Before training the models, data preprocessing was conducted,
including variable modification, handling missing values, one-
hot encoding of categorical variables, and normalizing continu-
ous variables to ensure consistency and comparability across
features. Missing values were imputed by replacing them
with the most frequent value of each feature. Since the propor-
tion of missing entries ranged from 0.1% to 18.9%—well
below the 30% threshold considered negligible23—this imput-
ation method was chosen for its simplicity, minimal computa-
tional requirements, and robustness. This approach ensured
consistency while preventing unnecessary complexity in the
preprocessing pipeline. We employed the scikit-learn library
for one-hot encoding and normalization.24

The dataset was randomly divided into training, valid-
ation, and test sets with ratios of 70%, 15%, and 15%,
respectively, using the “train_test_split” function from
scikit-learn.24

Model development
To predict smoking status, we developed a residual neural
network (ResNN), a deep learning model incorporating
residual connections. The feedforward neural network
architecture, enhanced with residual connections, improved
information flow and reduced the vanishing gradient prob-
lem. This design choice enhanced the ability of the model to
capture complex patterns more effectively.25 The proposed
model comprised an input layer with 21 nodes, three fully
connected hidden layers with 512 nodes each, and an output
layer utilizing a Softmax function for classification. The
rectified linear unit (ReLU) served as the activation function
in the hidden layers. A residual connection was incorpo-
rated into the first hidden layer to bypass specific learned
features directly from the input, further alleviating the van-
ishing gradient problem and enhancing the information
flow. For hyperparameter tuning, we selected the AdamW
optimizer with a learning rate of 0.0001 due to its effective-
ness in handling sparse gradients and ensuring stable opti-
mization. Additionally, to address the class imbalance, we
applied focal loss and fine-tuned the learning rate and opti-
mizer settings during the model training process to maxi-
mize performance. Figure 2 displays the architecture of
the proposed classification model. To improve reproducibil-
ity, the trained model weights have been made publicly
available on GitHub.26

Additionally, we conducted experiments using five
machine learning and two deep learning models. The
machine learning models included random forest,27 deci-
sion trees,28 Gaussian Naive Bayes,29 K-nearest neighbor,30

and AdaBoost,31 selected for their performances in previous
healthcare prediction studies. The deep learning models
were selected for their ability to capture complex patterns
in high-dimensional data.32 The multilayer perceptron
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(MLP) model comprised diverse hidden layers with ReLU
activation functions and a sigmoidal activation function in
the output layer. Dropout regularization was applied to miti-
gate overfitting. The MLP model was trained using the
same train-test split and hyperparameter tuning approach
as the traditional machine learning models. For comparison,
we employed TabNet, a deep learning architecture opti-
mized for tabular data.33 The TabNet model was configured
with multiple decision steps, feature selection per step was
determined, and the learning rate was optimized using early
stopping.

Model validation and performance evaluation
Model validation. Five-fold cross-validation was utilized to
evaluate the performance of the proposed model in predicting
smoking status after a COPD diagnosis. Supplementary
Figure S2 illustrates that the model showed consistent per-
formance across all five folds, indicating strong generalizabil-
ity. Supplementary Table S2 presents the hyperparameters for
classifiers, selected using the Grid Search method,34 which
resulted in the highest area under the receiver operating
characteristic curve (AUROC). These hyperparameters
include RandomForest (n_estimators= 500), DecisionTree

(max_depth= 5), Gaussian Naïve Bayes (regularization par-
ameter C= 0.1, gamma= 1), K-nearest neighbors (n_neigh-
bors= 7), AdaBoost (n_estimators= 100), and MLP
(regularization parameter alpha= 1, max_iterations= 2000).

Model performance evaluation. The receiver operating char-
acteristic (ROC) curve was generated by plotting the true
positive rate (sensitivity) against the false positive rate
(1 – specificity) across various thresholds.35 The AUROC
was computed to evaluate the predictive power of the
model, which achieved a high AUROC score of 0.72 during
five-fold cross-validation. To minimize the influence of ran-
dom sample partitions, we calculated the arithmetic mean of
the performance metrics across all five folds.

Interpretable artificial intelligence
To enhance the interpretability of the proposed model, we
used the Shapley additive explanations (SHAPs) frame-
work, a game-theoretic approach for attributing the contri-
bution of each feature to the predicted outcome.36 SHAP
values were computed for each feature in our proposed
model, which was used to predict smoking status in patients
with COPD. These values were used to quantify the marginal

Figure 1. Flowchart illustrating the prediction of smoking status in patients with chronic obstructive pulmonary disease. Abbreviations:
AI, artificial intelligence; AUC, area under the curve; ResNN, residual neural network; SHAP, Shapley additive explanations; TabNet,
tabular neural network.

Figure 2. Overview of the proposed classification model for predicting smoking status. Abbreviations: BatchNorm, batch
normalization; FC, fully connected layer; ReLU, rectified linear unit; SMOTE, synthetic minority over-sampling technique.
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contribution of individual featureswhile accounting for interac-
tions and dependencies, enhancing the interpretability of the
deep learning model and offering a clearer understanding of
the factors influencing smoking status predictions in patients
with COPD. In the SHAP summary plot, the x-axis represents
the SHAP values, indicating the direction andmagnitude of the
contribution of each feature to the prediction. Positive SHAP
values (blue) increase the output of the model, while negative
values (red) decrease it. Features are ranked by significance
along the y-axis. Each point represents an observation, with
its color reflecting the featurevalue across the x-axis, illustrating
the variability in feature effects.

Ethical consideration
The KNHANES was approved annually by the Research
Ethics Review Committee of the Korea Disease Control
and Prevention Agency. However, the surveys conducted
in 2015, 2016, and 2017 were exempt from ethical review,
as they were directly conducted by the Korean government
for public welfare purposes. Additionally, this study was
approved by the Institutional Review Board of C National
University Hospital (CNUH-2022-232).

Results

Participants and data flow characteristics
Among the 89,512 cases, 5503 responders met the COPD
criteria from the 84,009 eligible participants. After exclud-
ing cases with missing data on current smoking status
(n= 37), the final sample included 5466 responders
(Supplementary Figure S3).

The 5466 responders had a mean age of 64.81± 10.72
years, with 3921 being male (71.7%). Of the responders,
2100 (38.4%) were current smokers, 2426 (44.4%) had an
education level of elementary school or lower, and >50%
were employed. Most responders were married (98.0%)
and lived with family members (88.0%). Influenza vaccin-
ation had been administered to 3495 (63.9%) responders,
and 3141 (57.5%) had normal blood glucose levels
(<126 mg/dL). Additionally, the prevalence of physician-
diagnosed conditions among responders varied: 99.9%,
96.9%, and 66.8% did not have lung cancer, depression,
and hypertension, respectively. High-stress levels were
reported by 1444 (26.4%), while 537 (9.8%) experienced
depressive symptoms over 2 weeks. Approximately 1589
(29.1%) responders rated their health status as good. The
average EQ-5D score was 0.89± 0.12. Additionally, 3678
(67.8%) engaged in daily exercise, while 2719 (49.7%)
had never attempted to control their weight. Overall, 4026
(73.7%) responders indicated no weight change over the
past year (Supplementary Table S3).

Significant differences were observed between smokers and
nonsmokers across various variables: age (t=−11.61, p< .001),

sex (X2=697.24, p< .001), occupation (X2=279.74, p< .001),
education level (elementary school or below) (X2=64.92,
p< .001), economicactivity (X2=71.25,p< .001),marital status
(X2=12.90, p< .001), household size (X2=34.34, p< .001),
influenza vaccination status (X2=96.65, p< .001), pulmonary
function test results (X2=94.61, p< .001), physician-diagnosed
lung cancer (X2=6.85, p= .009), physician-diagnosed hyper-
tension (X2=50.25, p< .001), walking frequency per week
(X2=213.23, p< .001), body weight control for a year
(X2=68.16, p< .001), body weight change over a year
(X2=19.77, p< .001) depressive symptoms for > 2 consecutive
weeks (X2=5.76, p= .016), and perceived health status
(X2=8.80, p= .066). However, no significant differences
were observed in diabetes prevalence (X2=3.43, p= .180),
physician-diagnosed depression (X2=2.75, p= .097), quality
of life scores (t=0.58, p= .559), perceived stress levels
(X2=8.80, p= .066), and average sleep duration (t=−0.06,
p= .957).

Performance across different models
Table 1 lists the AUROCs, true positive rate (sensitivity), false
positive rate (1-specificity), and F1 scores for various models.
The proposed ResNN outperformed previously established
machine learning and deep learning models across four key
metrics: AUROC (.73), sensitivity (.70), specificity (.75), and
F1-score (.67), in predicting smoking status following a
COPD diagnosis. The adjusted accuracy, which accounts for
class prevalence (38.4%), provides a more reliable measure
of classifier performance in an imbalanced dataset. Table 1
shows that, among traditional classifiers, the Random Forest
and AdaBoost classifiers achieved the highest adjusted accur-
acy (0.70). The proposed ResNN model achieved an adjusted
accuracy of 0.73, indicating its competitive performance com-
pared to those of traditional models and other deep learning
approaches, such as TabNet (0.70) and MLPClassifier (0.72).
These findings underscore the robustness of the ResNNmodel
in mitigating the challenges associated with the imbalance of
the dataset.

Figure 3 shows the ROC curves generated for each clas-
sifier. Despite the class imbalance, our proposed model,
which incorporates advanced imbalance-handling techni-
ques (focal loss), outperformed the traditional classifiers
that rely on less effective class-weighting strategies. This
highlights its superior predictive accuracy and ability to
handle class imbalance.

Figure 4 presents the confusion matrices for all the classi-
fiers used in this study, providing a comparison of their per-
formance on the held-out test set. The results showed that
the proposed ResNN method outperformed other classifiers.

Features importance
SHAP values were visualized using summary plots, which
displayed the feature importance and their influence on the
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predicted smoking status (Figure 5). The most influential
factors included sex, age, body weight control for a year,
and walking frequency per week. The plot showed that
male patients with COPD were more inclined to be classi-
fied as smokers. In this study, age exhibited a wider spread
of SHAP values on both sides of the plot, suggesting a
bidirectional influence on smoking status predictions.

Specifically, younger individuals were associated with a
higher probability of being classified as smokers, while
older individuals had an increased probability of being clas-
sified as nonsmokers. Body weight control over a year also
exhibited a bidirectional influence, but with red and blue
colors appearing oppositely in age. This suggests that indi-
viduals who did not manage their body weight were more

Table 1. Comparison of classification performance metrics with 95% bootstrap confidence intervals (1000 iterations) for different
models.

Classifier AUROC (95% CI) Recall (sensitivity) Specificity F1-score (95% CI) ACCPrev (95% CI)

RandomForestClassifier .66 [0.63, 0.70] .51[0.46, 0.56] .82 [0.79, 0.85] .57 [0.52, 0.62] .70 [0.67, 0.73]

DecisionTreeClassifier .67 [0.64, 0.70] .62[0.57, 0.67] .72 [0.68, 0.76] .60[0.56, 0.65] .68[0.65, 0.72]

GaussianNB .68 [0.64, 0.71] .81[0.77, 0.86] .54[0.50, 0.58] .64[0.59, 0.67] .64[0.61, 0.67]

KNeighborsClassifier .58 [0.55, 0.62] .42[0.36, 0.47] .75 [0.71, 0.78] .46[0.40, 0.51] .62[0.59, 0.65]

AdaBoostClassifier .68 [0.64, 0.71] .55[0.49, 0.61] .80[0.77, 0.84] .59 [0.54, 0.64] .70 [0.67, 0.73]

MLPClassifier .70 [0.67, 0.73] .63[0.58, 0.69] .77[0.73, 0.80] .63 [0.59, 0.68] .72 [0.69, 0.75]

TabNet .69 [0.65, 0.72] .62[0.56, 0.67] .76[0.72, 0.79] .61[0.57, 0.66] .70 [0.67, 0.73]

ResNN (Proposed) .73 [0.70, 0.76] .70[0.65, 0.75] .75[0.71, 0.79] .67 [0.63, 0.71] .73 [0.70, 0.76]

Abbreviations: AUROC: area under the receiver operating characteristic curve; GaussianNB: Gaussian Naive Bayes; MLPClassifier: multilayer perceptron
classifier; ResNN: residual neural network; TabNet: tabular neural network; ACCPrev: adjusted accuracy for prevalence 38.4%.

Figure 3. Comparison of receiver operating characteristic curves across various classification models. Abbreviations: AUC, area under
the curve; GaussianNB, Gaussian Naïve Bayes; KNeighborsClassifier, K-nearest neighbors classifier; MLPClassifier, multilayer
perceptron classifier; ResNN, residual neural network; TabNet, tabular neural network.
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likely to be classified as smokers. Additionally, pulmonary
function test results played a critical role in the decision-
making process of our model. The longer tail extending
toward the positive side (colored in red) in the SHAP value
plot indicates that individuals with inconclusive test results
tend to be classified as smokers.

Discussion
A report by the United States Centers for Disease Control
and Prevention on adult smoking cessation behaviors shows
that most adult cigarette smokers express a desire to quit.
However, only 7.5% successfully achieved smoking cessa-
tion in 2018.37 Moreover, individuals with COPD have his-
torically attempted to quit at higher rates than those without
COPD. Despite this, their recent successful cessation rates
remain similar, and they exhibit a lower lifetime quit ratio.38

These findings highlight the significance of efficiently pre-
dicting persistent smokers with COPD and detecting future
smoking behaviors based on similar patterns.
Nonadherence to smoking cessation is a hazardous behavior
for individuals with COPD. Although smoking habits and
biomarker analyses can determine the current smoking sta-
tus of an individual, adherence to other self-management
domains—such as medication use and symptom monitor-
ing—may also reflect the efforts to quit smoking, which
is a primary aspect of COPD self-management.

This study aims to develop a model for predicting smok-
ing status following a COPD diagnosis and compare its per-
formance with five machine learning and two deep learning
models. Predictive artificial intelligence is widely used in
healthcare to forecast future events or behaviors. For
instance, studies were conducted to predict future events,
including COPD prevalence,34 the progression of
COPD,39 and medication adherence in noncommunicable

diseases.40 Key applications of predictive artificial intelli-
gence include diagnosis and treatment recommendations,
patient engagement and adherence, and administrative
functions.41 However, predicting the adherence of patients
to healthy behaviors remains challenging due to the com-
plexity of these behaviors.42 A systematic literature review
reports that machine and deep learning models were used to
predict medication adherence in patients with noncommu-
nicable diseases with 56–93% of AUC, with most studies
showing confusion matrix-linked performance around
70%.40 Therefore, studies on predicting adherence to
healthy behaviors—including smoking cessation, regular
exercise, and ideal body weight maintenance—remain lim-
ited. Conversely, adherence to self-management is a cost-
effective strategy for reducing personal and societal burdens
in patients with chronic diseases.10

In this study, the performances of our proposed and com-
parative models were relatively lower than those of models
reported in previous studies on predicting healthy beha-
viors.43,44 However, models with a performance level of
≥.7 are generally considered acceptable.45 A previous study
developed a predictive model for estimating healthy life
years without activity limitations, achieving a significantly
high AUROC of .85 using the extreme gradient boosting
classifier.45 Additionally, 14 features were employed to pre-
dict medical appointment no-shows, yielding an AUROC>
.8 using AdaBoost and decision tree algorithms based on a
dataset from the Kaggle database.43 The random forest algo-
rithm also demonstrates superior predictive performance,
achieving an AUROC of 93% for medication adherence
and 96% for healthcare-seeking behaviors among mothers.46

In this study, AdaBoost and random forest demonstrated
lower predictive performance. This may be due to model
limitations and the variables used. Despite efforts to address
the imbalance between smokers and nonsmokers, these

Figure 4. Confusion matrices for the evaluated classifiers on the held-out test set.
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Figure 5. Shapley additive explanations analysis of the features based on the proposed model. Abbreviations: BWChangefY, body
weight change for a year; BWControlfY, body weight control for a year; DSf2Ws, depressive symptoms for more than 2 consecutive
weeks; Educationallevel_M, educationallevel_modified; EEA, economic engagement activity; FoPFT, findings of pulmonary function test;
NoHM, number of household members; Occupation_M, occupation_modified; PdD, physician-diagnosed depression; PdH,
physician-diagnosed hypertension; PdLC, physician-diagnosed lung cancer; QoL, quality of life; SHAP, Shapley additive explanations;
WDiW, walking days in a week.
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measures were insufficient to fully mitigate the imbalance
in the dependent variable.47 Additionally, the inherent diffi-
culty of smoking cessation among patients with COPD
probably contributed to the relatively low predictive accur-
acy of our model. For complex healthcare challenges such
as smoking cessation, deep learning models may offer
advantages over traditional machine learning models.
A ResNN uses residual connections to overcome the
vanishing gradient problem in deep neural networks, enab-
ling efficient learning even in deeper architectures.48

Therefore, the model can be effective at learning hidden
patterns in complex data, making it well-suited for health-
care data predictions, where various variables interact.
Although the ResNN achieved the highest performance in
this study, its predictive accuracy for persistent smoking
remains relatively low.

A gap exists between the intention of smokers to quit and
their actual cessation outcomes.49 Furthermore, one possible
reason for the relatively low-model performances is the
absence of key predictive features identified in previous stud-
ies, such as willpower and support systems for smoking cessa-
tion.50 These factors were not included in the KNHANES.
Further studies should identify features that can enhance the
performance of models for prospective patients with COPD
by exploring additional behavioral or psychological variables
with data from electronic health records.

Smoking cessation is challenging owing to the complex
factors involved, such as nicotine addiction, lifestyle habits,
and unsuccessful cessation attempts.51 We estimated the
effect of various features on model performances using per-
mutation importance and evaluated their influence on model
output through SHAP values. The utilization of the SHAP
framework facilitated the interpretability of our model in
predicting smoking status in patients with COPD, enabling
the development of targeted interventions and personalized
treatment strategies. Features such as sex, age, body weight
control over a year, and walking frequency per week con-
tributed to the classification of performances. These features
can be divided into modifiable or nonmodifiable variables.
For instance, nonmodifiable variables include age, sex, and
pulmonary function test results, while modifiable variables
encompass body weight control per year, walking fre-
quency per week, average sleep duration, and perceived
stress level. In this study, the SHAP revealed that male
patients with COPD were more inclined to be smokers.
Younger individuals also had a higher probability of being
classified as smokers. Similarly, those with inconclusive
pulmonary function test findings tended to be classified as
smokers. These findings align with those from previous
studies. A hospital-based prospective follow-up study
reports that younger and milder patients with COPD are
less likely to quit smoking.52 Additionally, diabetes preva-
lence emerged as the strongest comorbidity-related pre-
dictor of smoking status, consistent with findings from a
previous study showing that diabetes negatively affects

smoking cessation in women.53 However, in this study, per-
sistent smoking was primarily associated with education
level among socioeconomic variables. Previous studies
show that socioeconomic variables, such as low income
or marital status, influence smoking cessation.50,52 This
finding suggests that, within Korean culture, education level
may serve as a broader indicator of socioeconomic vari-
ables. Consequently, continuous counseling from health-
care providers and access to smoking cessation programs
should be provided to patients with COPD with nonmodifi-
able risk variables. This support is particularly critical for
younger patients with lower socioeconomic status and
less severe pulmonary function test findings.

Modifiable lifestyle variables (such as body weight con-
trol for a year and weekly walking exercise) exhibited a rela-
tively strong effect on smoking status in individuals with
COPD. A randomized trial reports that quitters are more
inclined to walk (as a form of exercise) and increase their
fruit and vegetable intake compared to those who continue
smoking.54 This suggests that adopting one healthy behavior
may encourage other positive lifestyle changes. However,
the relationship between lifestyle changes and smoking sta-
tus remains unclear, as does the direction of causality
between these variables. Further studies are needed to clarify
these associations. A similar association may exist between
smoking status and psychological variables in our dataset.
Among psychological factors, perceived stress levels had
the highest effect on smoking status in individuals with
COPD. A study that utilized data from the World Health
Survey—a cross-sectional, community-based study con-
ducted in 70 countries across the world—reports that per-
ceived stress is associated with daily smoking in most
countries.55 Given the cross-sectional nature of the previous
research and our study, prospective studies are needed to
confirm the causal relationship between predictors and
smoking status and to enhance the predictive performance
of our model for patients with COPD.

Limitations
To our knowledge, this is the first experimental study to pre-
dict smoking status in individuals with COPD and contribu-
tion to the advancement of artificial intelligence-based
prediction models in healthcare. However, the study has
some limitations. First, this study relies on data from
2007–2018, constrained by the completeness of the avail-
able features. This led to a comparatively small training
set after separating the test set for evaluation. Although
cross-validation was employed, the lack of external valid-
ation remains a limitation. While internal validation offers
valuable insights, external validation with comparable
external datasets is necessary to enhance generalizability.
Second, the causal relationships between smoking status
and predictive variables cannot be established using cross-
sectional data alone. Future studies incorporating cohort
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data may better capture these trajectories. Third, imputing
missing values using the mode was appropriate given the
low proportion of missing data, but this approach may intro-
duce bias in datasets with more complex missing data
mechanisms. Future research should explore advanced
techniques, such as multiple imputation or model-based
methods, to enhance robustness and generalizability, par-
ticularly in more intricate scenarios. Furthermore, variables
such as smoking cessation attempts and participation in
smoking cessation programs exhibited an effect on smoking
status in individuals with COPD but were not included in
the features selected from our national dataset. Ultimately,
cultural or sociodemographic characteristics from Korea
may influence the global generalization of the model.

Clinical usability
The deep learningmodel developed in this study has the poten-
tial for clinical application, particularly in helping healthcare
providers identify persistent smokers at higher risk of adverse
outcomes. The model showed strong performance during
internal validation. Future studies should focus on external val-
idation and incorporating additional behavioral and psycho-
logical factors to enhance its accuracy and generalizability.
With these advancements, this could become a valuable tool
in personalized COPDmanagement, particularly in optimizing
smoking-related interventions. Its reliance on easily accessible
clinical data, including demographic information and pulmon-
ary function test results, supports its practical implementation
in routine care. Furthermore, the explainability of the model,
facilitated by SHAP, allows healthcare providers to identify
the key predictors influencing the predictions, thereby support-
ing informed decision-making.

Conclusions
In this study, we developed a high-accuracy deep learning
model for predicting smoking status in individuals with
COPD. Our proposed model outperformed several machine
learning and deep learning models in this predictive task.
With further improvement of its performance measures, it
could serve as a valuable decision-support tool, aiding
healthcare providers and policymakers in identifying smo-
kers with COPD and implementing targeted interventions
to prevent disease progression.
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