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Abstract 
In response to the growing burden of liver-related disorders, this research develops a supervised learning approach using the 
Light Gradient Boosting Machine (LightGBM) algorithm to support the early identification of Non-Alcoholic Fatty Liver 
Disease (NAFLD). The study focuses on constructing and assessing a robust classification model that differentiates individuals 
with NAFLD from those without the condition based on routinely collected clinical indicators and lifestyle-related 
characteristics. The dataset, obtained from an open-access NAFLD repository, consists of 1,700 patient records with 10 
predictor variables and one binary diagnosis label. The proposed framework employs a stratified shuffle split evaluation 
scheme with 5-fold and 10-fold cross-validation, using out-of-fold (OOF) probabilities to compute overall performance 
metrics. The baseline LightGBM model already demonstrated strong performance, achieving 88.94% accuracy, 90.74% 
precision, 88.99% recall, 89.85% F1-score, and 92.52% AUC under 10-fold cross-validation. To further improve predictive 
performance, hyperparameter tuning was performed using Optuna and Bayesian Optimization. Among the evaluated 
approaches, Bayesian-optimized LightGBM achieved the best results, with 93.17% accuracy, 94.49% precision, 92.52% recall, 
93.72% F1-score, and 93.28% AUC under 10-fold cross-validation. These findings indicate that systematic hyperparameter 
optimization can improve the discriminative capability of LightGBM for NAFLD detection and support its potential as a 
reliable decision-support tool in clinical settings. 
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1. Introduction  

The rapid advancement of information technology and 
the increasing availability of large-scale health data 
have driven the development of various intelligent 
computational approaches to support clinical decision-
making [1]. With non-communicable diseases on the 
rise around the world, machine learning has become a 
promising way to find them early, figure out who is at 
risk, and predict how they will progress. Liver disease 
comprises a broad spectrum of disorders that have 
received considerable medical and research attention. 
These conditions range from metabolic dysfunction–
associated steatotic liver disease (MASLD) and viral 
hepatitis to more advanced stages, including cirrhosis 
and hepatocellular carcinoma. MASLD is now known 
to be the most common liver disease in the world, 
affecting about 25–38% of the global population. The 

number of people with it is rising along with the number 
of people who are obese and have type 2 diabetes. This 
condition implies that the at-risk population for liver 
disease is actually enormous, yet often remains 
undiagnosed because the disease is frequently 
asymptomatic in its early stages [2]. 

The burden of liver disease becomes even more 
concerning when viewed from the perspective of global 
morbidity and mortality. According to GLOBOCAN 
2020, liver cancer was one of the major contributors to 
global cancer mortality, accounting for an estimated 
905,677 newly diagnosed cases and 830,180 deaths 
during that year. The high mortality-to-incidence ratio 
indicates that many cases are diagnosed at advanced 
stages, when treatment options are limited, and the 
likelihood of cure decreases sharply. A similar pattern 
is observed in Indonesia, where GLOBOCAN 2020 
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shows that liver cancer belongs to the group of cancers 
with high incidence and mortality, with tens of 
thousands of new cases and deaths annually, 
positioning it as a serious challenge for the national 
health system [3]. 

In parallel, several studies in the health domain have 
demonstrated that gradient boosting family algorithms, 
particularly Light Gradient Boosting Machine 
(LightGBM), can deliver highly competitive predictive 
performance. For example, one study employed 
LightGBM to predict insulin resistance based on a 
combination of clinical and metabolomic features and 
found that LightGBM outperformed other models in 
terms of accuracy and its ability to capture non-linear 
relationships among metabolic risk factors [4]. 

These findings suggest that LightGBM is highly 
promising for application to liver disease prediction, 
given the similar data characteristics, namely multiple 
interacting clinical and biochemical variables. 
However, the use of LightGBM specifically for liver 
disease detection, especially within rigorously 
designed, early-detection-oriented experimental 
settings, remains relatively limited in the literature, 
particularly in the context of populations and datasets 
relevant to the Indonesian setting. Hyperparameter 
optimization strongly influences the quality of 
predictive models beyond algorithm selection.  

Many previous studies still rely on simple approaches 
such as grid search or manual trial-and-error, which are 
time-consuming, prone to bias, and often explore only 
a narrow region of the hyperparameter space [5]. 
Recently, more advanced and efficient hyperparameter 
optimization frameworks have emerged, one of which 
is Optuna, an open-source library that implements the 
Tree-structured Parzen Estimator (TPE) approach, 
automatic pruning, and adaptive search, enabling the 
discovery of good hyperparameter configurations with 
fewer trials compared to grid or random search. Optuna 
has been widely applied to tune state-of-the-art machine 
learning models, including gradient boosting methods 
[6]. 

In parallel, Bayesian optimization has long been 
recognized as a powerful and sample-efficient approach 
for black-box optimization, including the tuning of 
machine learning hyperparameters. Several studies in 
the health domain have applied Bayesian optimization 
to tune hyperparameters of disease classification 
models, for example, in predicting HIV infection risk 
and in modeling survival and progression of other 
chronic diseases, and have reported consistent 
performance gains over conventional tuning strategies 
[7]. 

Bayesian optimization works by probabilistically 
modeling the relationship between hyperparameter 
configurations and model performance (e.g., AUC) 
using surrogate models such as Gaussian processes or 
tree-based models, and then iteratively selecting new 
candidate points that are expected to be most 

informative [8]. Nevertheless, most of these studies 
focus on a single optimization framework (e.g., only 
Bayesian Optimization or only TPE/Optuna), without 
exploring the potential of combining multiple 
optimization strategies in a hybrid manner to maximize 
model performance. 

From this review, several important research gaps can 
be identified. First, although there are existing studies 
that apply machine learning algorithms for liver disease 
detection, most still rely on classical methods (Naive 
Bayes, K-Nearest Neighbors, Decision Tree, and 
Random Forest) whose performance is not yet optimal 
and which do not deeply explore next-generation 
gradient boosting algorithms such as LightGBM that 
are theoretically and empirically superior for handling 
high-dimensional and non-linear data[9].  

Second, although Optuna and Bayesian optimization 
have each been shown to be effective for 
hyperparameter optimization in various contexts, their 
combined use within a hybrid optimization scheme to 
refine LightGBM models for liver disease detection has 
not been widely investigated. Most prior studies simply 
compare a single optimization technique with a basic 
baseline and therefore do not systematically address 
whether a hybrid approach can yield significant and 
stable performance improvements. 

Motivated by these gaps, this study proposes a 
LightGBM-based model for liver disease detection and 
evaluates two hyperparameter optimization approaches, 
namely Optuna and Bayesian Optimization, to obtain 
more optimal model configurations than those produced 
by a single tuning strategy alone. Empirically, the study 
compares the predictive performance of the baseline 
LightGBM model, the Optuna-optimized LightGBM 
model, and the Bayesian-optimized LightGBM model 
using comprehensive evaluation metrics, including 
accuracy, precision, recall, F1-score, and AUC. To 
ensure a more reliable assessment and minimize data-
splitting bias, the evaluation was conducted using a 
Stratified Shuffle Split scheme.  

2. Research Methods 

Our study used a supervised machine learning approach 
to develop a model for assessing the risk of liver disease 
based on a cross-sectional dataset. The dataset, sourced 
from the public repository Kaggle 
(https://www.kaggle.com/datasets/rabieelkharoua/pred
ict-liver-disease-1700-records-dataset), consists of 
records from 1,700 patients undergoing liver disease 
screening. The data collection protocol encompassed 
demographic data, behavioral risk factors, medical 
history, and diagnostic test outcomes, thereby 
constructing a thorough representation of each patient's 
risk profile across various domains of potential 
carcinogenic impact. The ethical framework governing 
this study prioritized patient privacy; all records were 
de-identified before analysis using standard medical 
research protocols. Methodologically, as illustrated in 
Figure 1, this study proposes a framework for 
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developing a LightGBM-based model that is combined 
with two hyperparameter optimization approaches 
Optuna (TPE-based) and Bayesian Optimization, each 
of which has distinct characteristics in exploring the 
hyperparameter space. 

 
Figure 1. Research Flow 

LightGBM is a tool created by Microsoft Research Asia 
that uses the Gradient Boosting Decision Tree (GBDT) 
method to make it faster and easier to solve prediction 
problems with large amounts of data. Relative to 
alternative GBDT frameworks, LightGBM provides 
several computational and predictive benefits. These 
include shorter training times, efficient resource 
utilization, reduced memory requirements, competitive 
predictive performance, scalability to large datasets, 
and compatibility with both parallel processing and 
GPU-accelerated training [10]. LightGBM is a quick 
and powerful tool that uses decision tree algorithms for 
gradient boosting, and it can be used for tasks like 
ranking, classification, regression, and other machine 
learning applications [11]. The core concept can be 
represented by the following Equation 1. 

𝑓𝑓(𝑥𝑥) = ∑ α𝑞𝑞T�x,θq�
𝑄𝑄
𝑞𝑞=1                                            (1) 

In Equation (1), f(x) denotes the final prediction 
produced by the LightGBM ensemble for the input 
feature vector x. Q is the total number of decision-tree 
learners, and q is the index of an individual learner. The 
coefficient αq represents the contribution (or weight) of 
the q-th learner, θq denotes the parameters of that 
learner, and T(x; θq) is the output generated by the q-th 
decision tree for input x. Thus, the final prediction is 
obtained as the weighted sum of the outputs of all Q 
base learners. Once the training data and loss function 
have been specified, the boosting training procedure 

can be formulated as an optimization task that 
minimizes the empirical loss between the observed 
target values and the predictions generated by the 
ensemble model, as expressed in Equation 2 [12]. 

∑ (𝑦𝑦𝑖𝑖 ,𝑦𝑦𝚤𝚤�)𝑁𝑁
𝑖𝑖=1                                            (2)                                       

(N) denotes the total number of training samples, (i) 
refers to the index of an individual sample, (𝑦𝑦𝑖𝑖) 
represents the observed target value of the (i)-th sample, 
and (        ̂{𝑦𝑦}_𝑖𝑖) denotes the value predicted by the 
LightGBM ensemble model. The function �𝑙𝑙(𝑦𝑦𝑖𝑖 ,𝑦𝑦𝚤𝚤�)� 
represents the loss incurred for the (𝑖𝑖) − 𝑡𝑡ℎ 
observation. Therefore, the objective function 
minimizes the aggregate prediction error across all 
training samples. 

𝑌𝑌ℎ represents the observed value of the ℎ − 𝑡𝑡ℎ sample, 
whereas 𝑓𝑓(𝑋𝑋ℎ) denotes the value predicted for that 
sample. The term 𝐿𝐿�𝑌𝑌ℎ,𝑓𝑓(𝑋𝑋ℎ)� expresses the loss 
associated with the ℎ − 𝑡𝑡ℎ observation. In Gradient 
Boosting Machine (GBM), successive decision-tree 
models are added iteratively using a gradient-descent 
procedure. At each iteration, the newly introduced sub-
model is trained to reduce the residual error by moving 
in the direction of the negative gradient of the loss 
function, thereby progressively minimizing the overall 
prediction error [13], as shown in Equation 3. 

arg𝑚𝑚𝑚𝑚𝑚𝑚∑ 𝐿𝐿�𝑌𝑌ℎ,𝑓𝑓(𝑋𝑋ℎ)�𝐻𝐻
ℎ=1                                        (3) 

𝐿𝐿(𝐹𝐹𝑗𝑗(𝑥𝑥), (𝑌𝑌) and 𝐿𝐿�𝐹𝐹𝑗𝑗 − 1(𝑥𝑥),𝑌𝑌� represent the loss 
values obtained at the 𝑗𝑗 − 𝑡𝑡ℎ and (𝑗𝑗 − 1)th iterations, 
respectively. Likewise, 𝐹𝐹𝑗𝑗(𝑥𝑥) and 𝐹𝐹𝑗𝑗 − 1(𝑥𝑥) denote the 
model predictions generated at those iterations Y 
represents the actual target value of the sample as 
shown in Equation 4 [14]. 

𝐿𝐿(𝐹𝐹𝑗𝑗(𝑥𝑥), (𝑌𝑌) < 𝐿𝐿(𝐹𝐹𝑗𝑗 − 1(𝑥𝑥),𝑌𝑌)                                  (4) 

A distinctive feature of LightGBM compared with other 
gradient-boosted decision-tree algorithms is its leaf-
wise tree construction mechanism. Rather than 
expanding all nodes at an identical depth 
simultaneously, as performed in the conventional level-
wise approach, LightGBM selects and splits the leaf 
that provides the greatest decrease in the loss function. 
This strategy can accelerate loss minimization and 
improve predictive performance, although the tree 
depth must be properly controlled to prevent overfitting 
[15] A comparison between the leaf-wise and level-
wise tree growth mechanisms is presented in Figure 2. 

Optuna is utilized to optimize model hyperparameters 
through a Bayesian search mechanism implemented 
using the Tree-structured Parzen Estimator (TPE). 
During the optimization process, information obtained 
from earlier trials is used to estimate which areas of the 
search space are more likely to produce better results. 
This adaptive procedure allows subsequent evaluations 
to focus on promising hyperparameter combinations 
rather than examining all possible configurations 
uniformly. Consequently, Optuna can identify suitable 
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parameter settings with fewer trials and lower 
computational cost than exhaustive methods such as 
grid search [16]. 

 
Figure 2. LightGBM  

Bayesian optimization is a probabilistic optimization 
method used to search for the best combination of 
parameter values for a model with as few iterations as 
possible. In this study, Bayesian optimization is 
employed to tune the hyperparameters of the 
LightGBM model. The optimization process proceeds 
iteratively through two main components, namely a 
surrogate model and an acquisition function, which 
together guide the selection of the most promising 
hyperparameter configurations at each step [17].  

Stratified Shuffle Split is a data splitting technique that 
partitions a dataset into training and testing sets in a 
random manner while preserving the original class 
distribution in each subset. In other words, the 
proportion of each label (e.g., liver disease vs. non–liver 
disease) is kept approximately the same in both the 
training and testing data. This procedure can be 
repeated multiple times to generate several randomized 
yet class-balanced splits. By maintaining a proportional 
representation of all classes, Stratified Shuffle Split 
helps ensure that the model is trained and evaluated 
fairly across all categories, reducing the risk of bias 
toward majority classes and improving the reliability of 
performance estimates[18]. 

 
Figure 3. Stratified Shuffle Split 

3. Results and Discussions 

3.1 Results 

The dataset used in this study comprises 1,700 patient 
records with 10 predictor variables, including age, 
gender, body mass index (BMI), alcohol consumption, 

smoking status, genetic risk, physical activity, diabetes, 
hypertension, and liver function test results. The 
diagnosis column is treated as the target variable, 
representing whether a patient is classified as having 
liver disease (class 1) or not (class 0). These variables 
were selected because they reflect both lifestyle-related 
factors and clinical indicators commonly associated 
with liver disease risk. 

In terms of class composition, the dataset is fairly 
balanced, containing 764 samples in class 0 and 936 
samples in class 1. This means that approximately 55% 
of the patients are labeled as having liver disease. 
Although class 1 is slightly more frequent, the 
imbalance is mild, which helps reduce the likelihood 
that the model will overly favor one class during 
training and evaluation. This distribution also supports 
the use of standard classification metrics without 
requiring aggressive rebalancing strategies. 

To ensure a more reliable and less split-dependent 
evaluation, the study adopts an Out-of-Fold (OOF) 
evaluation scheme using Stratified Shuffle Split, which 
preserves class proportions in each split. Experiments 
are conducted under 5-fold and 10-fold settings with a 
30% test proportion per split. In each fold, the model is 
trained on the stratified training subset and then 
produces predicted probabilities for the corresponding 
test subset; these outputs are accumulated across folds 
to form complete OOF predictions, ensuring each 
record is evaluated by a model that did not see it during 
training. Finally, performance is reported using 
accuracy, precision, recall, F1-score, and AUC-ROC, 
providing a comprehensive view of both classification 
correctness and discriminative ability. 

Table 1. Attributes Description 

Attributes Description 
Age Patient age, ranging from 20 to 80 years. 
Gender Patient gender: male (0) or female (1). 
BMI Body mass index, ranging from 15 to 

40. 
AlcoholConsumption Weekly alcohol intake, ranging from 0 

to 20 units. 
Smoking Smoking status: no (0) or yes (1). 
GeneticRisk Genetic predisposition to liver disease: 

low (0), medium (1), or high (2). 
PhysicalActivity Duration of physical activity per week, 

ranging from 0 to 10 hours. 
Diabetes Diabetes status: no (0) or yes (1). 
Hypertension Hypertension status: no (0) or yes (1). 
LiverFunctionTest Liver function test value, ranging from 

20 to 100. 
Diagnosis Target variable indicating the absence 

(0) or presence (1) of liver disease. 

Table 1 summarizes the dataset structure, which 
comprises ten independent variables and one dependent 
variable. The input features cover four main categories: 
demographic information, lifestyle-related factors, 
prior health conditions, and clinical indicators. 
Continuous or numerical attributes include age, body 
mass index, alcohol intake, weekly physical activity, 
and liver function test values. In contrast, gender, 
smoking behavior, diabetes status, and hypertension 
status are represented using binary encoding. Genetic 
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risk is treated as an ordinal variable with three levels, 
namely low, moderate, and high. The diagnosis variable 
is defined as the classification target, with a value of 0 
representing individuals without liver disease and a 
value of 1 identifying those diagnosed with the 
condition. 

In this study, the dataset testing used the LightGBM 
model had parameters in Table 2, with cross validation 
of 5 and 10, so that the accuracy results were obtained 
as in Table 3. 

Table 2. LightGBM Parameters (Base) 

No Parameter Value 
1 boosting_type "gbdt" 
2 objective "binary"  
3 metric "binary_logloss"   
4 n_estimators 200 
5 learning_rate 0.1 
6 num_leaves 31 
7 max_depth -1 
8 subsample 0.8 
9 colsample_bytree 0.8 
10 reg_lambda 1.0 
11 min_child_samples 20 
12 random_state 42 
13 n_jobs -1 

Table 3. LightGBM Base Model Accuracy 

Fold Accuracy 
(%)  

Precision Recall F1 
Score 

AUC 

5 82.70 90.63 76.49 82.96 81.20 
10 88.94 90.74 88.99 89.85 92.52 

Model demonstrates reasonably good performance 
under both cross-validation scenarios, namely 5-fold 
and 10-fold. In the 5-fold cross-validation setting, the 
model achieves an accuracy of 82.70%, with a precision 
of 90.63% and a recall of 76.49%. This indicates that 
the model relatively rarely produces false positive 
predictions but still misses a portion of true positive 
cases (false negatives). This behavior is reflected in the 
F1 score of 82.96% and an AUC of 81.20%, which 
together suggest that the discriminative ability of the 
model falls within a good performance range. 

In contrast, when the number of folds is increased to 10, 
there is a notable improvement across almost all 
evaluation metrics. Accuracy increases to 88.94%, 
precision remains stable at around 90.74%, while recall 
rises substantially to 88.99%. This improvement in 
recall indicates that the model becomes more capable of 

detecting patients with liver disease without sacrificing 
precision. The F1-score also increases to 89.85%, and 
the AUC reaches 92.52%, reflecting a forceful ability to 
separate positive and negative classes. In the context of 
disease detection, particularly liver disease, the 10-fold 
cross-validation configuration is therefore more 
advantageous, as it yields higher recall and AUC, 
thereby reducing the risk of failing to identify patients 
who actually have the disease. 

To improve the performance of the model in diagnosing 
liver disease, researchers also use Optuna and Bayesian 
Optimizer as a hyperparameter in Tables 4 and 5, with 
cross validation of 5 and 10 so that the accuracy results 
were obtained as in Table 5. 

Based on the experiments using the LightGBM model 
with the parameters shown in Table 3, Table 6 shows 
that Optuna yields a consistent improvement in 
performance under both 5-fold and 10-fold cross-
validation settings. In the 5-fold scenario, accuracy 
increases to 83.88%, with a precision of 92.05%, recall 
of 77.45%, F1-score of 84.10%, and AUC of 81.58%, 
indicating that the model becomes slightly more 
sensitive to positive cases without sacrificing the 
correctness of its positive predictions. When the 
number of folds is increased to 10, the performance 
improves more substantially: accuracy rises to 90.76%, 
precision to 92.29%, recall to 90.81%, F1-score to 
91.54%, and AUC to 93.03%. 

Table 4. Parameters with Optuna 

No Parameter Value 
1 n_estimators 100 – 500  
2 learning_rate 0.01 – 0.3 
3 num_leaves (15, 31, 63, 127) 
4 max_depth (-1, 3, 5, 7, 9) 
5 subsample 0.6 – 1.0 
6 colsample_bytree 0.6 – 1.0 
7 reg_lambda 0.01 – 10.0 
8 min_child_samples 5 – 50 

Table 5. Parameters with Bayesian Optimization 

No Parameter Value 
1 n_estimators 100 – 500 
2 learning_rate 0.01 – 0.3 
3 num_leaves 15 – 127 
4 max_depth -1 – 9 
5 subsample 0.6 – 1.0 
6 colsample_bytree 0.6 – 1.0 
7 reg_lambda 0.01 – 10.0 
8 min_child_samples 5 – 50 

Table 6. LightGBM Accuracy with Hyperparameters 

Fold Hyperparameter Accuracy (%) Precision Recall F1 Score AUC 
5 Optuna 83.88 92.05 77.45 84.10 81.58 
10 Optuna 90.76 92.29 90.81 91.54 93.03 
5 Bayesian 86.05 94.40 79.38 86.24 81.84 
10 Bayesian 93.17 94.49 92.52 93.72 93.28 

In contrast, Bayesian optimization produces results that 
are slightly superior to Optuna across all scenarios. 
Under 5-fold cross-validation, accuracy further 
increases to 86.05%, with very high precision (94.40%), 
recall of 79.38%, F1-score of 86.24%, and AUC of 

81.84%. This indicates that the LightGBM model tuned 
with Bayesian optimization not only makes fewer false 
positive predictions for healthy patients (as reflected by 
the high precision) but is also more effective at 
identifying true positive cases compared with both the 
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baseline and the Optuna-tuned models in the 5-fold 
setting. Under 10-fold cross-validation, the model 
achieves its overall best performance: accuracy of 
93.17%, precision of 94.49%, recall of 92.52%, F1-
score of 93.72%, and AUC of 93.28%. 

In general, the findings confirm that LightGBM 
performance depends considerably on the selection of 
its hyperparameter values. Applying Optuna and 
Bayesian optimization enables the model to identify 
more effective configurations, resulting in noticeably 
better predictive performance than that achieved using 
the default baseline parameters [20]. Nevertheless, this 
study still relies on a dataset of relatively limited size, 
which constrains the model’s potential generalizability 
to broader populations. Future work employing larger 
datasets, combined with more systematic feature 
selection techniques and deeper hyperparameter 
exploration, is expected to produce liver disease 
detection models that are not only more accurate but 
also more stable and reliable to support clinical 
decision-making. 

3.3 Discussion 

The discussion of the experimental results indicates that 
the use of the LightGBM model for liver disease 
detection, when combined with a systematic 
hyperparameter optimization strategy, is capable of 
producing highly competitive classification 
performance. In general, the baseline model with a 
controlled default configuration already achieves 
satisfactory results; however, the experimental findings 
demonstrate that hyperparameter tuning using Optuna 
and Bayesian Optimization consistently enhances 
predictive quality in both the 5-fold and 10-fold cross-
validation scenarios [19].  

Both approaches are model-based search methods that 
optimize an objective function (in this case, 
AUC/ROC). Optuna, through its Tree-structured Parzen 
Estimator (TPE), models the distribution of 
hyperparameters associated with high versus low scores 
and selects candidate configurations with high 
Expected Improvement. This yields an adaptive search 
process that rapidly focuses on promising regions of the 
hyperparameter space (exploitation) while still probing 
new regions (exploration).  

In contrast, Bayesian optimization approximates the 
objective function using a surrogate model and uses this 
approximation to select promising hyperparameter 
configurations. Consequently, it can approach an 
optimal solution with substantially fewer evaluations 
than exhaustive grid search or unguided random search. 
This mechanism may explain the consistent 
improvement observed across the evaluation metrics, 
particularly in the 10-fold cross-validation scenario. 
Rather than exploring hyperparameter combinations 
indiscriminately, Bayesian optimization incorporates 
information from earlier trials to determine which 
configurations should be evaluated next, thereby 

making the search process more efficient and 
directed.[20]. 

 
Figure 4. Summary of LightGBM Hyperparameter Configuration 

Results 

Figure 4 compares accuracy, precision, recall, F1-score, 
and AUC across the Optuna- and Bayesian-optimized 
LightGBM configurations under 5-fold and 10-fold 
cross-validation. The chart shows that the 10-fold 
setting generally improves the metrics for both 
optimization methods, while the 10-fold Bayesian 
configuration produces the strongest and most balanced 
performance, with accuracy of 93.17%, precision of 
94.49%, recall of 92.52%, F1-score of 93.72%, and 
AUC of 93.28%. The application of hyperparameter 
optimization using Optuna yielded a meaningful 
improvement in model performance. Under the 5-fold 
cross-validation setting, accuracy increased from 
82.70% to 83.88%, precision from 90.63% to 92.05%, 
and recall from 76.49% to 77.45%, accompanied by an 
increase in F1-score to 84.10% and a slight 
improvement in AUC to 81.58%. The impact of Optuna 
becomes even more pronounced under 10-fold cross-
validation, where accuracy rises to 90.76%, precision to 
92.29%, recall to 90.81%, F1-score to 91.54%, and 
AUC to 93.03%. Compared with the 10-fold baseline, 
nearly all metrics show consistent gains, indicating that 
Optunathis approachable to identify a LightGBM 
configuration that achieves a better trade-off between 
model complexity and generalization ability, allowing 
the model to learn patterns that are truly relevant for 
liver disease diagnosis rather than merely memorizing 
the training data. 

Bayesian optimization provides an even more 
substantial performance boost compared with Optuna, 
particularly when considering the combination of 
metrics most critical for disease detection. Under 5-fold 
cross-validation, accuracy increases to 86.05%, with 
very high precision (94.40%), recall of 79.38%, F1-
score of 86.24%, and AUC of 81.84%. The high 
precision indicates that almost all patients predicted as 
having liver disease are truly positive, thereby 
minimizing the risk of incorrectly labeling healthy 
patients as sick. At the same time, recall improves 
relative to both the baseline and Optuna-tuned models, 
meaning that more true cases of liver disease are 
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successfully detected. The best overall performance is 
achieved with Bayesian Optimization under 10-fold 
cross-validation, yielding an accuracy of 93.17%, 
precision of 94.49%, recall of 92.52%, F1-score of 
93.72%, and AUC of 93.28%.  

This configuration represents the most balanced and 
robust result, combining high discriminative ability 

with low classification error for both positive and 
negative cases. Additionally, as shown in Table 7, our 
optimized LightGBM models are more accurate than 
previous machine learning studies on Non-Alcoholic 
Fatty Liver Disease (NAFLD) datasets. This shows that 
our approach is competitive and could help doctors 
make better decisions about liver disease. 

Table 7. Compare Our Work Results with the Previous Results 

Title ML Algorithm Dataset Best Acc Year 
Attention-driven graph-based machine learning for non-
invasive diagnosis of NAFLD  

KNN NAFLD 75.02% 2025 

Large-Scale Identification and Classification of Non-
Alcoholic Fatty Liver Disease Using Machine Learning 

LR, RF, Xgboost, Nb NAFLD 88.80% 2022 

The Effect of Data Balancing Techniques on NAFLD 
Classification Using the SVM Algorithm 

SVM, 
SMOTE 

NAFLD 78.70% 2025 

Machine Learning-Based Prediction of Non-Alcoholic 
Fatty Liver Disease Using NHANES Data 

Ensemble  
boosted trees 

NAFLD 71.01% 2021 

Our Study LightGBM,Hyperparameter NAFLD 93.01%  

Based on the comparative summary in the table, the 
proposed model in this study, LightGBM with 
hyperparameter optimization, achieves an accuracy of 
93.01% for NAFLD detection, outperforming all prior 
works used as benchmarks. The study in [21] which 
employed K-Nearest Neighbors (KNN) for non-
invasive NAFLD diagnosis, reported an accuracy of 
only 75.02%, indicating that neighbor-based methods 
tend to struggle in capturing complex, non-linear 
patterns in clinical data, especially when the number of 
features and inter-patient variability are relatively high.  

The work in [22], which utilized Support Vector 
Machines (SVM) combined with SMOTE for data 
balancing, achieved a slightly better accuracy of 
78.70%, yet still lags significantly behind the 
performance of the proposed model. This gap may be 
attributed to inherent limitations of SVM in modeling 
intricate feature interactions without extensive feature 
engineering, as well as its sensitivity to kernel choice 
and parameter settings, which can constrain its 
effectiveness compared to modern gradient boosting 
approaches such as LightGBM. The study in [23] which 
employed ensemble boosted trees on the NHANES 
database, reported an even lower accuracy of 71.01%. 
Although this approach also relies on tree-based 
ensembles, its relatively modest performance may be 
influenced by differences in population characteristics, 
predictor variables, and evaluation design, but it also 
suggests that simply using boosted trees without 
thorough hyperparameter tuning is not sufficient to 
achieve optimal results. Meanwhile, the work in [24], 
which combined several classical algorithms such as 
Logistic Regression, Random Forest, XGBoost, and 
Naive Bayes, obtained a higher accuracy of 88.80% and 
can be regarded as one of the stronger baselines in the 
NAFLD literature.  

Nevertheless, this value still falls below the accuracy 
achieved by the LightGBM-based model in the present 
study. These findings indicate that even when prior 
studies have utilized relatively powerful algorithms 
(e.g., RF and XGBoost), there remains considerable 

room for improvement through the selection of a more 
efficient gradient boosting framework and the 
application of more systematic hyperparameter tuning 
strategies. 

The strength of the proposed model in this study lies not 
only in the choice of LightGBM as a more modern and 
efficient variant of gradient boosting, but also in the use 
of targeted hyperparameter optimization strategies 
(Optuna and Bayesian Optimization) and a rigorous 
cross-validation scheme (5- and 10-fold). LightGBM is 
specifically designed to handle tabular data with mixed 
feature types and complex non-linear relationships, 
while hyperparameter optimization enables the 
discovery of configurations (e.g., number of trees, tree 
depth, learning rate, and regularization strength) that are 
well aligned with the characteristics of the NAFLD 
dataset used in this work [25].  

This is reflected in the consistent improvement in 
accuracy across different fold settings, as well as in the 
high precision, recall, and F1-score, indicating that the 
model is not only accurate in aggregate but also well 
balanced between detecting NAFLD cases and avoiding 
misclassification of healthy patients. Thus, although 
differences in population, feature sets, and evaluation 
protocols across studies mean that accuracy figures are 
not fully comparable in an “apple-to-apple” manner, the 
overall pattern clearly suggests that the LightGBM 
approach with hybrid hyperparameter optimization 
proposed in this study delivers a tangible performance 
gain over several comparative methods previously 
reported in the NAFLD literature. 

4. Conclusions 

Based on the series of experiments conducted, this 
study concludes that the LightGBM model with hybrid 
hyperparameter optimization using Optuna and 
Bayesian Optimization can significantly improve the 
performance of liver disease detection compared to the 
baseline configuration. By utilizing 10 clinical and 
lifestyle features from 1,700 patient records and an Out-
of-Fold evaluation scheme based on Stratified Shuffle 
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Split (5-fold and 10-fold), the baseline model already 
demonstrated reasonably good performance, yet its 
results could still be enhanced. The application of 
Optuna improved almost all evaluation metrics, while 
Bayesian Optimization yielded the best overall gains, 
particularly in the 10-fold cross-validation setting, 
achieving an accuracy of around 93%, precision and 
recall above 92%, F1-score above 93%, and AUC above 
93%.  

The obtained results demonstrate a favorable balance 
between the model’s ability to detect individuals with 
liver disease and its capacity to avoid incorrectly 
classifying healthy subjects. These findings answer the 
primary research question by confirming that 
systematic hyperparameter tuning is an important factor 
in improving the classification performance of 
LightGBM. The results also suggest that the proposed 
method achieves better predictive performance than 
several models previously evaluated for comparable 
liver disease classification tasks. 

From a methodological perspective, the principal 
contribution of this study is the combination of 
LightGBM with a hybrid hyperparameter optimization 
framework involving Optuna and Bayesian 
Optimization. This framework is further supported by a 
rigorous out-of-fold evaluation procedure, which 
produces a more stable performance estimate and 
reduces the model’s dependence on a particular train–
test split. 

From a practical standpoint, the developed model may 
serve as a supporting instrument for the early 
identification of liver disease risk. By analyzing 
relevant clinical and lifestyle-related variables, the 
model could assist healthcare professionals in 
identifying patients who may require further 
examination. However, its predictions should be 
regarded as supplementary information rather than a 
substitute for clinical diagnosis. 

Several limitations should also be acknowledged. The 
experiments were conducted using only one dataset of 
moderate size, and the evaluation was restricted to 
internal validation. Future studies should therefore 
examine the proposed method using larger and more 
heterogeneous datasets, conduct external validation 
involving multiple healthcare institutions, and 
investigate feature-selection and model-interpretability 
methods such as SHAP. Further evaluation within 
actual clinical environments is also required to 
determine the feasibility, reliability, and practical value 
of integrating the model into routine healthcare 
workflows. 
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