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Abstract

This study aims to develop an accurate and explainable lung cancer risk prediction model using a TabNet
approach optimized with Bayesian Optimization and applying Explainable Al (XAI) methods through LIME
(Local Interpretable Model-Agnostic Explanations). TabNet was selected for its efficiency in processing
tabular data and its ability to produce high-accuracy predictions. In the initial stage, the TabNet model
was tested using a dataset that was preprocessed through standardization and split into training and
testing sets. The performance evaluation of the model without optimization showed an accuracy of
95.83%, precision of 95.87%, recall of 95.76%, and F1-Score of 95.81%. Subsequently, Bayesian
Optimization was applied using the Optuna library to find the best hyperparameter combination for the
TabNet model. The optimization results demonstrated a significant improvement, achieving an accuracy
of 98.33%), precision of 98.48%, recall of 98.21%, and F1-Score of 98.32%. After optimizing the TabNet
model, LIME was implemented to provide interpretability for the generated predictions. LIME was used to
identify the most influential features contributing to the predictions, enhancing the model's transparency
in the lung cancer risk prediction process. Through the combination of TabNet, Bayesian Optimization,
and Explainable Al, this study successfully developed a lung cancer prediction model that is not only
accurate but also highly interpretable. This model can assist medical professionals in identifying key risk
factors and providing transparent explanations for each prediction made.

Keywords: TabNet, Bayesian Optimization, Explainable Al, LIME, Lung Cancer, Risk Prediction.

Abstrak

Penelitian ini bertujuan untuk mengembangkan model prediksi risiko kanker paru-paru yang akurat dan
dapat dijelaskan dengan menggunakan pendekatan TabNet yang dioptimalkan dengan Bayesian
Optimization serta diterapkan metode Explainable Al (XAI) menggunakan LIME (Local Interpretable Model-
Agnostic Explanations). Model TabNet dipilih karena kemampuannya dalam memproses data tabular
dengan efisiensi tinggi dan menghasilkan prediksi yang akurat. Pada tahap awal, model TabNet diuji
menggunakan dataset yang telah diproses melalui teknik standarisasi dan pembagian data menjadi training
dan testing sets. Evaluasi performa model tanpa optimasi menunjukkan nilai akurasi 95.83%, precision
95.87%, recall 95.76%, dan F1-Score 95.81%. Selanjutnya, dilakukan proses Bayesian Optimization
menggunakan pustaka Optuna untuk menemukan kombinasi hyperparameter terbaik pada model TabNet.
Hasil optimasi menunjukkan peningkatan signifikan dengan nilai akurasi 98.33%, precision 98.48%, recall
98.21%, dan F1-Score 98.32%. Setelah model TabNet dioptimalkan, diterapkan metode LIME untuk
memberikan interpretasi terhadap prediksi yang dihasilkan. LIME digunakan untuk mengidentifikasi fitur-
fitur yang memiliki kontribusi terbesar terhadap hasil prediksi, sehingga meningkatkan transparansi model
dalam proses prediksi risiko kanker paru-paru. Dengan kombinasi TabNet, Bayesian Optimization, dan
Explainable Al, penelitian ini berhasil mengembangkan model prediksi kanker paru-paru yang tidak hanya
akurat, tetapi juga dapat dijelaskan dengan baik. Model ini dapat membantu tenaga medis dalam
mengidentifikasi faktor risiko utama serta memberikan penjelasan yang transparan terhadap setiap prediksi
yang dihasilkan.

Kata Kunci: TabNet, Bayesian Optimization, Explainable Al, LIME, Kanker Paru-Paru, Prediksi Risiko.
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INTRODUCTION

Early detection of lung cancer is a crucial
component in improving patient survival rates.
Lung cancer remains one of the most common and
deadliest types of cancer worldwide, with statistics
showing a high prevalence (Sung et al. 2021).
Effective treatment depends on the ability to
detect the disease at an early stage, where
therapeutic intervention is more effective (Smith
et al. 2022). Traditional methods, such as low-dose
CT imaging, have proven helpful in detecting lung
cancer in high-risk individuals; however,
accessibility and cost remain significant challenges.

Over the past decade, the development of
risk prediction models has become increasingly
important as an alternative approach for early
detection. These models analyze tabular data that
includes risk factors such as age, smoking history,
and underlying respiratory diseases (Chandran et
al. 2023). For example, models like the Liverpool
Lung Project version 3 (LLPv3) combine
demographic and clinical factors to predict the risk
of lung cancer (Zhang et al. 2022). Studies have
shown that these factors not only contribute to
risk assessment but can also be integrated with
machine learning methods to enhance predictive
accuracy.

Deep learning models have demonstrated
significant potential across various predictive
applications, including healthcare and cancer
diagnosis. However, most traditional deep learning
architectures are not designed to process tabular
data, which is often the primary format used in
medical records and epidemiological studies.
Tabular data contains important structured
information about patients, such as age, gender,
medical history, and laboratory test results. Due to
the limitations of existing architectures in handling
such datasets effectively, the development of new
models like TabNet has become highly relevant.

TabNet is a deep learning architecture
that adopts an attention mechanism for efficient
feature selection and optimized processing of
tabular data. Unlike conventional neural networks,
TabNet is specifically designed to handle the
complexity and heterogeneity of tabular data
without losing critical information (Nguyen and
Byeon 2023). Studies have shown that TabNet not
only improves predictive accuracy but also offers
interpretability—an essential aspect in medical
contexts where decisions often need to be
explained to both patients and healthcare
professionals.

For example, in the field of oncology, the
use of TabNet can aid in building more accurate
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predictive models for lung cancer diagnosis.
Research utilizing TabNet has demonstrated that
this model can process data more efficiently,
enhance diagnostic accuracy, and enable medical
teams to carry out faster and more informed
interventions (Lee, Chao, and Hsu 2021) (Tao et al.
2022). By leveraging the advantages of the
attention mechanism, TabNet is capable of
identifying patterns in tabular data that might be
overlooked by traditional methods, thereby
improving the predictive capabilities in diagnosing
diseases such as lung cancer and beyond.

The development of the TabNet model,
while promising in generating accurate predictions
from tabular data, faces challenges related to
effective hyperparameter tuning. Conventional
hyperparameter tuning methods such as grid
search and random search are often inefficient,
particularly when applied to models with high
complexity. In contrast, more advanced
approaches like  Bayesian  Optimization—
implementable through libraries such as Optuna—
have proven to be more efficient solutions for
identifying optimal hyperparameter combinations.

Bayesian  Optimization leverages a
probabilistic model to estimate the objective
function being optimized, which helps identify
hyperparameter values that are more likely to
yield optimal model performance. In the context of
TabNet, studies have shown that this method can
significantly enhance model performance, as
TabNet heavily relies on well-tuned
hyperparameters to achieve the desired level of
accuracy (Arik and Pfister 2021) (Nguyen and
Byeon 2024). For instance, the use of Optuna for
hyperparameter tuning has been reported to
produce substantial improvements in performance
metrics, making it a valuable tool for developing
more effective models in healthcare applications
and beyond.

A study by (Sun et al. 2024). demonstrated
that applying Bayesian Optimization to TabNet
leads to significantly better performance
compared to traditional hyperparameter tuning
methods. They reported that the model’s
performance improved markedly both before and
after the tuning process, highlighting the
effectiveness of optimization in enhancing the
accuracy and reliability of TabNet for real-world
applications (Sun et al. 2024). This approach also
offers the added benefit of improved model
interpretability, enabling researchers to better
explain the model’s decisions based on the
features selected during training.

Data Dbalancing techniques such as
oversampling, SMOTE, and ADASYN are commonly
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used to address class imbalance issues that
frequently occur in various machine learning
applications. For instance, the implementation of
SMOTE and SMOTETomek has been proven
effective in improving prediction accuracy on
imbalanced datasets (Indra, Maulana, and
Ernawati 2024). However, ADASYN, which
employs an adaptive approach to generate
synthetic samples, is considered superior in
producing more representative examples of the
minority class—especially in cases where the data
distribution is highly skewed (Maulana, Ernawati,
and Indra 2024)Consequently, the use of ADASYN
can more effectively enhance the performance of
predictive models, particularly in contexts
involving datasets with significant class variation.

In the context of medical applications, the
interpretability of deep learning models is
critically important—particularly given that high
predictive accuracy alone is not sufficient.
Understanding how a model makes its decisions is
equally vital, especially in the diagnosis and
treatment of cancer kanker (Ahmed et al. 2021).
Deep learning models are often perceived as "black
boxes," meaning their decision-making processes
are not always transparent. To address this
challenge, Explainable Al (XAI) techniques such as
LIME (Local Interpretable Model-agnostic
Explanations) are applied. LIME provides insights
into which features most influence the model’s
predictions, enabling clinicians and researchers to
better understand the rationale behind each
decision.

The LIME method works by generating a
simple local model around the prediction made by
a more complex model. This allows LIME to
identify features that significantly contribute to a
given prediction, producing explanations that are
understandable to humans (Raptis, Ilioudis, and
Theodorou 2024). Studies have shown that the
application of LIME in analyzing medical imaging
data, such as radiographs for lung cancer detection,
has yielded results that clarify the model’s
decision-making process and enhance user trust in
the system (Ahmed et al. 2021) (Gandhi et al.
2023). For example, in studies exploring variability
in lung cancer mortality, XAI techniques—
including LIME—have been used to demonstrate
how specific factors contribute to the model’s
predictive outcomes.

This study aims to develop a lung cancer
risk prediction model using TabNet, enhanced with
Bayesian Optimization for hyperparameter tuning,
and evaluated through Explainable Al techniques
using the LIME method. The combination of these
approaches is expected to produce a model that is
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highly accurate, efficient, and interpretable—
enabling medical professionals to identify key risk
factors and understand the rationale behind each
prediction. By improving both accuracy and
transparency, this approach seeks to enhance the
reliability and practical applicability of predictive
models for lung cancer risk assessment.

RESEARCH METHODS

This study was conducted through several
key stages, including data collection, data
preprocessing, predictive model development
using TabNet, hyperparameter optimization with
Bayesian Optimization, application of Explainable
Al using LIME, and model evaluation. The dataset
used contains various features related to lung
cancer risk, which were processed using
techniques such as standardization, encoding, and
splitting into training and testing sets.

Dataset
Lung Cancer

Figure 1. Research Stages

The TabNet model was built using the
PyTorch TabNet library, incorporating various
hyperparameters such as n_d, n_a, n_steps, gamma,
lambda_sparse, optimizer, and learning rate.
Subsequently, hyperparameter optimization was
carried out using Bayesian Optimization through
the Optuna library, aiming to maximize the model’s
accuracy. The best-performing model was then
interpreted using Explainable Al methods with
LIME to provide insights into its predictions,
particularly by identifying the most influential
features. Model performance was evaluated using
accuracy, precision, recall, and F1-Score metrics,
both before and after the hyperparameter
optimization process.
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Dataset

This study utilizes the “Lung Cancer
Prediction Dataset” available on Kaggle, which
consists of 309 samples with 16 descriptive
features and one target column indicating lung
cancer status. The dataset includes information
reflecting risk factors related to lifestyle, medical
history, and physical symptoms experienced by
individuals, allowing for a holistic approach to lung
cancer risk prediction.

Explicitly, previous studies using Kaggle
datasets have shown that data structures
containing a range of significant features per
individual provide an effective foundation for
building predictive models. For example,
(Moozhippurath and Natarajan 2025) utilized the
“Lung Cancer Prediction Dataset” from Kaggle,
consisting of 309 instances and 16 attributes, to
develop a graph neural network-based model.
Their findings demonstrated that clustering risk
factor and symptom information can improve
predictive accuracy. This approach confirms the
relevance of using such data in the context of in-
depth evaluation of lung cancer risk.

In addition, (Ji, 2024) applied deep
learning models such as bidirectional LSTM and
GRU using a dataset with 16 similar features,
providing insight that the variety of data types—
ranging from clinical indicators to lifestyle
patterns—greatly influences the design of
algorithms capable of detecting lung cancer at an
early stage. The combined findings from these
studies support the selection of this dataset to
identify critical factors correlated with the
emergence of lung cancer, and also provide a
strong foundation for further exploration through
exploratory data analysis (EDA) and the testing of
various classification methods, as also noted by
(Aqila and Faisal 2023) in their implementation of
Decision Trees. The detailed list of features used in
this study is presented in Table 1.

Table 1. Features and Target Used in the

Experiment
Type Name Description
Fitur  AGE Age of the
respondent
Whether the
Fitur SMOKING respondent
smokes
Presence of
Fitur YELLOW_FINGERS yellow-stained
fingers
Fitur ANXIETY Whether the

Type

Name

Description

Fitur

Fitur

Fitur

Fitur

Fitur

Fitur

Fitur

Fitur

Fitur

Fitur

Target

PEER_PRESSURE

CHRONIC
DISEASE

FATIGUE

ALLERGY

WHEEZING

ALCOHOL
CONSUMING

COUGHING

SHORTNESS OF
BREATH

SWALLOWING
DIFFICULTY

CHEST PAIN

LUNG_CANCER

respondent
experiences
anxiety

Social pressure
to smoke
History of
chronic illness
Frequent
tiredness or
fatigue
Presence of
allergies
Wheezing or
high-pitched
breathing sound
Whether the
respondent
consumes
alcohol
Whether the
respondent
experiences
frequent
coughing
Experience of
breathlessness
or shortness of
breath
Difficulty in
swallowing
Experience of
chest pain
Diagnosis
indicating
presence or
absence of lung
cancer

200

150

100

Number of Cases

50

Lung Cancer Diagnosis Distribution
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Figure 2. Data Distribution graph Based on Target

The visualization in Figure 2 displays the
distribution of data based on the target labels in
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the Survey Lung Cancer dataset. It is evident that
the number of cases labeled as "Lung Cancer (1)" is
significantly higher than those labeled as "No Lung
Cancer (0)", with 238 and 38 samples, respectively.
This imbalance indicates that the majority of
individuals in the dataset are classified as having
lung cancer, while only a small portion are not.

Such an imbalanced distribution is crucial
to address, as it can lead to predictive model bias
toward the majority class. If left unaddressed, the
model may become highly accurate for the
dominant class while performing poorly on the
minority class. Therefore, specialized strategies
such as resampling techniques, threshold
adjustments, or the use of appropriate evaluation
metrics (e.g., F1-Score or ROC-AUC) are necessary
to ensure that the model remains fair and accurate
across both classes.

Data Preprocessing

The Data Preprocessing stage is a crucial
process carried out to ensure that the data used for
model training is of high quality and ready for
analysis. This process involves several key steps,
including removing duplicate entries, checking for
missing values, performing label encoding,
analyzing the distribution of the target variable,
visualizing data, eliminating irrelevant features,
examining feature correlations, and conducting
feature engineering.

The first step, Removing Duplicates,
ensures that each row in the dataset is unique and
that no repeated data skews the analysis. This is
followed by Checking for Missing Values, which
identifies any null entries across rows or columns.
If missing data is found, appropriate action is
taken—either by imputing the values (e.g., using
mean or median) or by removing the affected
entries. Next, Label Encoding is performed to
convert categorical data into a numeric format that
machine learning models can interpret. For
instance, the column GENDER with values 'M' and
'F' is converted into 0 and 1, and the target
variable LUNG_CANCER with 'YES' and 'NO'
becomes 1 and 0.

After encoding, the Distribution of the
Target Variable is analyzed to observe the balance
between positive and negative classes. If the data
is found to be imbalanced, techniques such as

oversampling or undersampling may be
considered. To gain deeper insight into
relationships between features, Visualizations
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(Plotting) and Correlation Analysis are carried out.
A correlation matrix helps identify features that
are strongly related to each other. If high
correlation is detected between two or more
features, it may be necessary to remove or
combine them through Feature Engineering, to
reduce redundancy and improve model
performance.

uuuuuu

Figure 3. Heatmap of Feature Correlation Matrix in
Lung Cancer Dataset

Figure 3 presents a heatmap of the
correlation matrix among features in the Survey
Lung Cancer Dataset. The colors in the heatmap
represent the strength and direction of
relationships between feature pairs—where light
red approaching +1 indicates a strong positive
correlation, and blue approaching -1 represents a
strong negative correlation. From this visualization,
it is evident that features such as SMOKING,
YELLOW_FINGERS, and CHEST_PAIN have
relatively higher positive correlations with the
target label LUNG_CANCER, suggesting that these
features may play a significant role in the
classification process.

Conversely, features with correlation
values close to zero exhibit weak relationships
with the target variable, indicating they may be
less relevant for prediction tasks. This correlation
analysis is critical for feature selection, as it helps
identify which variables contribute meaningfully
to the model and which might be redundant or
non-informative. Eliminating or transforming
weakly correlated features can lead to more
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Figure 4. Heatmap of Feature Multicollinearity
Matrix in Lung Cancer Dataset

Figure 4 displays a heatmap of the
multicollinearity matrix among features in the
Survey Lung Cancer Dataset. This visualization
focuses on the lower triangle of the correlation
matrix to highlight pairwise relationships without
visual redundancy. Darker colors indicate higher
correlation values, while lighter colors represent
weaker correlations.

The results reveal that most features
exhibit low correlations with each other, indicating
a low level of multicollinearity in the dataset. This
condition is ideal for machine learning models, as
it reduces the risk of redundant information across
features and helps maintain both the stability and
accuracy of the predictive model. Low
multicollinearity ensures that each feature
contributes uniquely to the learning process,
improving interpretability and overall model
reliability.

Feature Importance - TabNet Model

0 1 2 3 4 5 6 7 8 9 10 1

Feature index

015

01

H

Importance Score

0.0

Figure 5. Feature Importance
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Figure 5 presents a feature importance
graph that illustrates the relative contribution of
each feature to the prediction outcomes. The
vertical axis represents the importance scores,
while the horizontal axis indicates the feature
indices. It is evident that certain features exert
significantly greater influence than others, as
indicated by importance scores exceeding 0.15.

Features with the highest importance are
likely to have a strong relationship with the target
variable (LUNG_CANCER) and thus become central
to the model’s decision-making process. This
information is particularly valuable for model
interpretation, feature selection, and validation of
results in a way that is understandable to medical
practitioners and decision-makers. By identifying
the most impactful features, stakeholders can
focus on the most relevant risk factors in both
diagnostic processes and policy development.

Clasification Model

The classification model used in this study
is TabNet, a deep learning architecture specifically
designed for tabular data that incorporates an
attention mechanism to dynamically select
features during training. TabNet was chosen due to
its strong capability to efficiently process
structured data while maintaining a high degree of
interpretability. The model produces accurate
results by optimizing data processing through its
integrated decision steps mechanism.

Prior to model training, a Handling
Imbalance Data step was performed using the
ADASYN (Adaptive Synthetic Sampling Approach
for Imbalanced Learning) technique. This method
addresses class imbalance in the target variable
(LUNG_CANCER) between the positive and
negative classes. ADASYN works by synthesizing
new examples from the minority class based on
the spatial proximity of existing samples. As a
result, this process enhances the model’s ability to
detect minority class instances and reduces
potential bias during training, ultimately leading to
more balanced and reliable predictions.

The training and testing process was
carried out by splitting the balanced dataset into
two parts: 75% for training and 25% for testing.
This division aims to objectively evaluate the
model’s performance using data that the model has
not previously seen, thereby ensuring a more
realistic assessment of its generalization capability.
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The training of the TabNet model involved
tuning several key hyperparameters, including n_d
(decision representation size), n_a (attention
representation size), n_steps (number of decision
steps), gamma (relaxation parameter),
lambda_sparse (sparsity regularization), learning
rate, and mask type (e.g., sparsemax or entmax).
To optimize the model, Bayesian Optimization was
employed using the Optuna library, aiming to
identify the best combination of hyperparameters
by maximizing the model's accuracy metric. This
approach ensures that the final model
configuration is both efficient and tailored for the
specific characteristics of the lung cancer dataset.

Bayesian Optimization applies Bayes'
Theorem to select the best values in an
optimization process. The equation for Bayes'
Theorem is:

(P(Y | Z)P(Z))

P(Y)

Where P(Z|Y) is the posterior probability.
P(Y|Z) is the likelihood, which represents the
probability of obtaining YYY given that ZZZ is
known. P(Z) is the prior probability, which is the
initial probability before observing the data YYY.
P(Y) is the marginal probability.

P(Z|Y)= (1)

Explainable Al

Explainable Al (XAI) is an approach in
artificial intelligence that aims to make the
prediction or decision-making process of models
more transparent and interpretable. In the context
of traditional machine learning and deep learning,
complex models such as deep neural networks,
TabNet, or ensemble methods are often viewed as
"black boxes"—models whose internal logic is
difficult for humans to understand. By
implementing XAl, models can provide human-
readable explanations that help increase trust and
understanding of their outputs.

In this study, XAl is applied using the LIME
(Local Interpretable Model-Agnostic Explanations)
method to explain the predictions made by the
optimized TabNet model. LIME works by
generating a simple and interpretable model (such
as linear regression or decision trees) around a
specific prediction made by a complex model. By
evaluating the influence of each feature on a local
level, LIME provides clear and accurate
explanations of how the model arrived at a
particular  decision. This enables users—
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particularly in medical and clinical settings—to
better understand the rationale behind predictions,
ultimately supporting more informed decision-
making.

The LIME method provides two types of
explanations: global explanations and local
explanations. Global explanations focus on how the
overall model functions and which features
generally have the most influence on predictions.
In contrast, local explanations concentrate on why
a particular sample is classified in a specific way by
the model. In this study, LIME is used to generate
local explanations, allowing researchers to identify
the most influential features contributing to the
lung cancer risk prediction for each individual.

The visualizations generated by LIME
highlight which features contribute positively or
negatively to the model’s prediction. In the
resulting charts, green bars indicate features that
support the prediction of a specific class (e.g., 'YES'
for lung cancer), while red bars represent features
that oppose it. The length of each bar reflects the
magnitude of the feature’s influence. By using
LIME, researchers can pinpoint critical features for
further analysis and provide clearer explanations
to medical professionals or end users.

The application of Explainable Al using
LIME to the TabNet model addresses the challenge
of interpreting complex models. As a result, the
model not only achieves high predictive accuracy
but also offers clear justifications for each
prediction it makes. This is especially crucial in the
medical field, ~where transparency and
interpretability are essential for making informed
and trustworthy decisions.

Evaluation

Evaluation is a critical phase in this study
to ensure that the developed model delivers
accurate and interpretable predictions. The
TabNet model in this research was evaluated using
several key metrics: Accuracy, Precision, Recall,
F1-Score, and AUC-ROC. Accuracy measures the
proportion of correct predictions out of all
predictions made by the model. While accuracy
provides an overall picture of model performance,
it can be misleading when the dataset is
imbalanced between positive and negative classes.
Therefore, additional evaluation metrics like
Precision and Recall were employed. Precision
assesses the model'’s ability to avoid false positives,
which is crucial to ensure that lung cancer risk
detection does not result in unnecessary alarms.
Recall (or Sensitivity), on the other hand, evaluates
the model’s ability to correctly identify positive
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cases, which is vital in medical applications where
missing a true positive case could have serious
consequences.

In addition, the F1-Score is used as a
balanced measure that considers both Precision
and Recall, especially in imbalanced datasets. The
F1-Score provides a harmonic mean of Precision
and Recall, offering a fairer representation of
model performance under class imbalance
conditions. To assess the model’s overall ability to
distinguish between positive and negative classes,
the AUC-ROC metric is utilized. This metric
visualizes the trade-off between the True Positive
Rate and False Positive Rate across different
thresholds, with an AUC value approaching 1
indicating excellent classification capability.

Evaluations were conducted both before
and after hyperparameter optimization using
Bayesian Optimization with Optuna, and the
results showed a significant improvement in
model performance after optimization.
Furthermore, the integration of Explainable Al
using LIME enhanced understanding of how each
feature contributes to the model’s predictions,
thereby improving transparency and
interpretability. Thus, this evaluation process
ensures that the resulting TabNet model is not
only highly accurate but also explainable and
practical for effective lung cancer risk detection.

RESULTS AND DISCUSSION

This study proposes the implementation
of an Explainable Al-driven TabNet as a predictive
model for detecting lung cancer risk, with
enhanced performance through hyperparameter
optimization using Bayesian Optimization via
Optuna. TabNet was chosen for its advantages in
handling complex structured tabular data, as well
as its interpretable learning capabilities, allowing
it to identify the most influential features in
decision-making processes. To achieve optimal
performance, an automatic and efficient
hyperparameter tuning process was conducted
using the Bayesian approach, which is capable of
exploring the parameter space more intelligently
compared to conventional methods such as grid
search or random search.
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Figure 6. Model Performance Before vs After
Bayesian Optimization

Figure 6 illustrates the comparison of
TabNet model performance before and after the
hyperparameter optimization process using
Optuna. The initial model, which employed default
hyperparameters, achieved an accuracy of 95.83%,
precision of 95.87%, recall of 95.76%, and an F1-
Score of 95.81%. After optimization, all four
metrics showed significant improvement: accuracy
increased to 98.33%, precision to 98.48%, recall to
98.21%, and F1-Score to 98.32%.

These results indicate that the
hyperparameter optimization process using
Bayesian Optimization effectively enhanced the
model’s classification performance. Furthermore,
the improvement underscores the reliability of the
explainable AI approach in delivering both
accurate and  accountable lung  cancer
predictions—making it a promising tool for real-
world medical applications where both
performance and interpretability are essential.

Confusion Matrix - TabNet Model

True label

20

10

Predicted label

Figure 7. Confusion Matrix
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Figure 7 displays the confusion matrix
resulting from the predictions of the TabNet model
after hyperparameter optimization. This matrix
provides a detailed view of the model's
classification performance in distinguishing
between two classes: patients diagnosed with lung
cancer (label 1) and those without (label 0). From
the test dataset, the model correctly classified 62
negative samples (true negatives) and 53 positive
samples (true positives). Meanwhile, there were
only 2 false positives and 3 false negatives.

These values indicate that the model has a
very low error rate and high accuracy, especially in
correctly identifying lung cancer cases. The strong
ratio of correct to incorrect predictions reinforces
previous findings that the integration of TabNet
with Bayesian Optimization produces a model that
is not only accurate but also reliable—particularly
in critical diagnostic contexts such as lung cancer
detection.

Table 3. Comparison of Lung Cancer Prediction
Models Based on Accuracy

Authors Dataset Best Algoritm  Accuracy(%)
Survey CatBoost (with
(Zamzam et Lung .
Bayesian 95.7%
al. 2024) Cancer Optimization)
(Kaggle) P
Survey Random
(Zamzam et Lung Forest (Wlth 97.1%
al. 2024) Cancer Bayesian
(Kaggle) Optimization)
Survey Stochastic
(Nemlander Lung Gradle.:nt 81.5%
etal. 2022) Cancer Boosting
(Kaggle) (SGB)
Survey TabNet (with
Proposed Lung Bayesian 98.33%
Model A
Cancer Optimization)

Table 3 presents a comparison of accuracy
scores from various lung cancer prediction models
applied to the Survey Lung Cancer Dataset from
Kaggle. The models compared in this study include
CatBoost, Random Forest, and Stochastic Gradient
Boosting (SGB), all of which were previously
optimized using Bayesian Optimization in prior
research. According to Zamzam et al. (2024),
CatBoost achieved an accuracy of 95.7%, while
Random Forest performed slightly better with
97.1%. In contrast, a study by Nemlander et al.
(2022) reported that SGB only reached 81.5%
accuracy.

The proposed model in this study—
TabNet with Bayesian Optimization—
demonstrated the highest performance, achieving
an accuracy of 98.33%. These findings confirm that
the TabNet approach, when combined with
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advanced optimization methods like Optuna, not
only competes with but significantly outperforms
conventional models. The strength of TabNet lies
not only in its high accuracy but also in its ability
to provide clear feature interpretability, making it
an ideal choice for medical applications that
demand transparency and clarity in decision-
making processes.

ROC Curve - TabNet Model
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\
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14
Y
\
\
\

0.2 -

0.0 = ROC curve (area = 0.98)

0.4 06 0.8 1.0

False Positive Rate

Figure 8. ROC Curve

02

Figure 8 illustrates the Receiver Operating
Characteristic (ROC) curve of the TabNet model
used for lung cancer prediction. The ROC curve
represents the trade-off between the True Positive
Rate (TPR) and the False Positive Rate (FPR)
across various classification thresholds. The blue
curve depicts the actual performance of the model,
while the dashed gray line serves as a reference
line for random guessing (AUC = 0.5). The Area
Under the Curve (AUC) value of 0.98 indicates that
the model possesses excellent—and nearly
perfect—classification capability in distinguishing
between patients with and without lung cancer.

This high AUC score reflects that TabNet
excels not only in terms of accuracy but also in
maintaining a strong balance between sensitivity
(recall) and specificity. This balance is crucial in
medical applications, where failing to detect true
positive cases (false negatives) or incorrectly
classifying healthy individuals (false positives) can
have serious consequences. The ROC curve in
Figure 8 reinforces the conclusion that the
optimized Explainable Al approach using TabNet
delivers highly reliable performance in medical
classification tasks.
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Precision-Recall Curve - TabNet Model
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Figure 9. Precisian-Recall Curve

Figure 9 presents the Precision-Recall
Curve of the TabNet model used for lung cancer
prediction. This curve illustrates the relationship
between recall (sensitivity) and precision across
different prediction thresholds. A curve that trends
closer to the top-left corner indicates excellent
classification performance, especially in scenarios
involving imbalanced datasets, such as this one
where the number of cancer-positive cases
significantly outweighs the negatives.

From the curve, it is evident that precision
remains consistently high even as recall increases,
up to a certain point before slightly declining. This
pattern suggests that the model is capable of
maintaining a high level of accuracy in identifying
positive cases without producing an excessive
number of false positives. In other words, the
model is not only sensitive in detecting lung cancer
but also selective in ensuring the relevance of its
positive predictions. This Precision-Recall Curve
complements the previous ROC Curve evaluation,
offering additional evidence of the reliability and
effectiveness of the TabNet model in medical
classification tasks.
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Figure 10. LIME Explanation for Feature
Contributions in Lung Cancer Prediction

Figure 10 presents a LIME (Local
Interpretable Model-agnostic Explanations)
analysis of a single sample from a lung cancer
prediction model. The prediction outcome shows a
strong confidence toward the "NO" class, with a
probability of 0.97, indicating that the model
believes the patient does not have lung cancer. The
top portion of the figure displays the actual values
of  the patient's features, such as
YELLOW_FINGERS = -1.18, GENDER = -1.02, and
ANXIETY = 1.05, providing context for how the
model interpreted this individual input.

The lower part of Figure 10 visualizes the
contribution of each feature toward the prediction
using horizontal bars. Red bars represent features
that pushed the prediction toward "NO", while
green bars show features that supported a "YES"
prediction. The most influential negative
contributors were YELLOW_FINGERS, GENDER,
and ALCOHOL CONSUMING, all of which heavily
pulled the prediction away from a lung cancer
diagnosis. On the other hand, features such as
SWALLOWING  DIFFICULTY and CHRONIC
DISEASE had a positive impact, slightly nudging
the prediction toward "YES", though not enough to
overcome the dominant negative factors.

Figure 10 effectively demonstrates how
interpretable machine learning can offer
transparency in healthcare models. By breaking
down the prediction into individual feature
contributions, clinicians and researchers can
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understand not only what the model predicted, but
also why it made that decision. This level of
interpretability is crucial when applying Al models
to sensitive domains such as medical diagnosis,
where trust and accountability are essential.
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Figure 11. LIME Explanation for Feature
Contributions in Lung Cancer Prediction

Figure 11 displays a LIME-based
explanation for Sample Index 1 in a lung cancer
prediction task. According to the model's output,
there is a 68% probability that the patient has lung
cancer ("YES"), while the probability for the "NO"
class is 32%. The top section presents the actual
values of the patient's features, including variables
such as GENDER = 0.98, YELLOW_FINGERS = 0.85,
and ANXIETY = 1.05. These inputs feed into the
model and are used by LIME to interpret how each
feature contributes to the prediction outcome.

The bottom part of Figure 11 shows a bar
chart that visualizes feature contributions. Green
bars indicate features that pushed the prediction
toward "YES" (lung cancer), while red bars reflect
those that contributed toward a "NO" prediction.
In this case, features like GENDER,
YELLOW_FINGERS, and SHORTNESS OF BREATH
were strong positive contributors toward
predicting lung cancer. Conversely, ALCOHOL
CONSUMING, SWALLOWING DIFFICULTY, and
CHRONIC DISEASE acted against the lung cancer
prediction, pulling the model’'s confidence
downward, though not strongly enough to change
the final prediction.
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Figure 11 highlights how LIME can
identify both supporting and contradicting factors
in a single prediction. By providing insight into
how individual features impact the model's

decision, this figure supports transparency and
trust in machine learning predictions, especially in
critical applications such as healthcare. This
detailed view helps practitioners and researchers
validate whether the model’s logic aligns with
requires

medical understanding further

refinement.
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Figure 12. LIME Explanation for Feature
Contributions in Lung Cancer Prediction

Figure 12 illustrates a LIME explanation
for Sample Index 3 in the lung cancer prediction
model. The model's prediction in this case is nearly
evenly split, with a slight lean toward "NO" (no
lung cancer) at 51%, and 49% toward "YES". This
close probability suggests the model finds the
input data ambiguous, with both classes receiving
substantial support. The top section of the figure
displays the input feature values for this individual,
showing attributes like GENDER 0.98,
YELLOW_FINGERS =-1.18, and ANXIETY = 1.05.

The bar chart at the bottom of Figure 12
provides a visual representation of how each
feature influenced the model’s prediction. Green
bars indicate support for the "YES" class, while red
bars indicate support for "NO". Notably, GENDER,
SWALLOWING DIFFICULTY, and CHRONIC
DISEASE positively contributed toward a lung
cancer prediction. However, features like
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YELLOW_FINGERS, ALCOHOL CONSUMING, and
CHEST PAIN significantly pushed the model's
confidence toward predicting "NO", which
ultimately swayed the final decision despite strong
opposing signals.

Figure 12 highlights the interpretability
power of LIME in understanding edge cases where
the prediction is not definitive. By breaking down
and quantifying the impact of each input feature,
LIME enables analysts and medical professionals
to investigate not only which decision the model
made, but also the reasoning behind it. In critical
applications like healthcare, this transparency is
crucial for building trust and ensuring that model
outputs are medically reasonable.

CONCLUSIONS AND SUGGESTIONS
Conclusion
This study successfully developed a highly

accurate and interpretable lung cancer risk
prediction model by combining TabNet, Bayesian

Optimization, and Explainable Al (LIME).
Hyperparameter optimization wusing Optuna
proved effective in enhancing  model

performance—raising accuracy from 95.83% to
98.33%, along with significant improvements in
precision, recall, and F1-Score. The application of
the ADASYN technique to address class imbalance
also contributed positively, improving the model’s
ability to identify minority class cases more
effectively.

Furthermore, the implementation of LIME
as an Explainable Al method provided transparent
explanations for each prediction, enabling clear
identification of key features influencing lung
cancer risk. With these results, the proposed
model demonstrates strong potential for use in
medical settings, particularly for supporting early
detection of lung cancer with predictions that are
both accurate and understandable to healthcare
professionals. Nonetheless, further research is
needed to evaluate the model’s generalizability
across larger and more diverse datasets.

Suggestion

Future research is recommended to
evaluate the developed model on larger and more
diverse datasets to ensure its generalizability and
robustness under various conditions. Additionally,
further exploration of other Explainable Al
methods such as SHAP (SHapley Additive
exPlanations) or Integrated Gradients is necessary
to compare their interpretive capabilities with

LIME. Implementing more advanced explainability
techniques and conducting global explanation
analysis would provide a more comprehensive
understanding of the model’s behavior.

This research can also be extended by
integrating ensemble learning techniques or
combining TabNet with other models to further
enhance predictive performance. Moreover, testing
the model’s effectiveness in other medical
applications could serve as a promising area of
study and significantly contribute to the
advancement of Al-driven solutions in healthcare.
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