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Abstract—The research aims to build a hybrid deep
learning model for sentiment analysis of Indonesian e-
commerce product reviews, which represent the expressed
opinions of customers. A major challenge in the domain
is the presence of non-standard language and highly
imbalanced sentiment classes, which hinder accurate
classification. Most existing Indonesian sentiment analysis
studies rely on relatively small and balanced dataset§
and primarily use attention mechanisms, an ensemble
model, as well as a sequential fusion method. Jfithe
research, a large-scale dataset of Indonesiand product
reviews is collected from the largest e-commerce site An
the country. The dataset consists of review text and cotre-
sponding product ratings. After preprocessing, semantic
features are extracted using a pre-trained Indonesia Bidi-
rectional Encoder Representations’ from Transformers
(IndoBERT) model. The features are then fed into a
hybrid model combining Convolutional Neural Network
(CNN) and Long Short-Term Memory (LSTM) layers
through parallel feature-level fusion. Model hyperparam-
eters are optimized using ‘the Tree-Structured Parzen
Estimator (TPE), while data imbalance is addressed
through resampling métheds. Regularization strategies
are also applied to ‘mitigate overfitting, and the model
is evaluated using stratified k-fold cross-validation. The
model hyperparameters are validated using a learning
curve, showing a stable and consistent curve following
the trend. The results'show that the hybrid CNN-LSTM
model, combined with "Support Vector Machine Syn-
thetic Minority Oversampling Technique (SVMSMOTE),
achieves superior performance in distinguishing positive
and negative reviews. This outcome reaches Receiver
Operating Characteristic - Area Under the Curve (ROC
AUC) score of 92.48%, outperforming baseline and
conventional machine learning models. These results
also show good generalization ability, characterized by
consistent values with a very low standard deviation of
0.0009 for each fold.
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I. INTRODUCTION

NLINEgshepping is a major consumer activity

alongside rapid advances in information tech-
nelogy. A typical example is e-commerce platforms,
whieh offer a wide range of products at competitive
prices, enabling customers to easily compare options
and, read reviews from other users on the desired
product before making a purchase. These reviews pro-
vide valuable feedback and subjective opinions about
the purchased product [1], and are reported to influ-
ence 73%—-87% of purchase decisions among potential
buyers [2]. Consequently, customer-generated reviews
have driven the development of automated sentiment
analysis methods [3]. In real-world applications, review
datasets are often highly imbalanced. Popular or high-
quality products typically receive a large volume of
positive reviews, while low-quality goods generate
fewer, predominantly negative reviews. This imbalance
creates a significant challenge for sentiment analysis
systems. Moreover, sentiment analysis should be ca-
pable of processing large-scale, unstructured text that
contains diverse and non-standard grammar, increasing
the complexity of the task [4].

A variety of studies have been conducted on sen-
timent analysis in the Indonesian language across
many different application domains. These analyses
use several methods, including lexicon-based strate-
gies, machine learning, and deep learning [5]. In
the e-commerce domain, sentiment analysis studies
are dominated by machine learning (48.1%), deep
learning (44.4%), and hybrid (7.4%) methods with
commonly used data sources such as Amazon and
Twitter [1]. However, studies specifically focusing on
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the analysis in the Indonesian language remain rel-
atively limited [5]. For example, a previous study
has evaluated consumer opinions on the Shopee e-
commerce platform using a lexicon-based method [6].
It applies the SentiStrength algorithm to determine sen-
timent polarity and measure the intensity of expressed
opinions. Another study has proposed a sentiment
analysis model based on Naive Bayes combined with
Particle Swarm Optimization for tweet classification
in the Indonesian language [7]. Following the re-
views, a deep learning method is reported to achieve
superior performance in sentiment classification and
rating prediction tasks using a large Indonesian prod-
uct review dataset [8]. The effectiveness of a hybrid
method combining IndoBERT and LSTM for sentiment
analysis in Indonesian-language skincare reviews is
also shown in previous research [9]. Similarly, good ac-
curacy with a hybrid model incorporating a customized
IndoBERT model with BiLSTM, BiGRU, and attention
mechanism layers is achieved [10]. Another research
has proposed an ensemble framework by combining
bagging, boosting, and multinomial Naive Bayes for
multi-level sentiment analysis [11]. Previous studies
have also explored a sequential fusion method using
deep learning models for sentiment analysis in both
English and Indonesian texts [8—11].

Several studies have explored deep learning mieth-
ods for sentiment analysis across different languages
and dataset conditions. For example, Convolutional
Neural Network (CNN) and Long Short=Term Mem-
ory (LSTM) models are applied to Indemesianfhotel
reviews, achieving high performance on 2,500 class-
balanced samples [12]. Then, a hybrid deep léarning
model is evaluated on four imbalaneed English datasets
and reported good accuracy [13]. Angther research has
combined RoBERTa with Bi-IESTEM, improving senti-
ment analysis accusdey across various large English-
language datasets with'balancediclasses [14]. Address-
ing the challenge of imbalanced ¢lasses in Indonesian
texts, previous researchers haye applied a hybrid model
with an under-sampling method to improve perfor-
mance on 14,975 reviews [15].

Based on the discussion mentioned earlier, study
gaps concerning the issue remain. In particluar, rela-
tively few studies evaluate hybrid deep learning models
for sentiment analysis of Indonesian-language product
using large-scale data and imbalanced datasets. The
research aims to develop a sentiment analysis model
for large-scale Indonesian-language data, with a focus
on product reviews. The dataset is obtained from online
reviews on Shopee, an e-commerce platform that has
surfaced as the most visited online shopping site in
Indonesia by 2024 [16]. The proposed hybrid model in-

corporates the IndoBERT pre-trained language model,
CNN, stacked LSTM, and the resampling methods.
This model uses parallel feature-level fusion, allowing
more comprehensive incorporation of complementary
information. In addition, the model is evaluated on
a large-scale Indonesian e-commerce dataset that has
been resampled through a combination of over-under
sampling method. The sampling strategy proposed in
previous research [17] that has effectively addressed
the class imbalance problem. Improving data diversity
can increase variability in the dataset and advance the
generalizability of the model, allowing a more compre-
hensive evaluation of hybrid deep learning methods in
sentiment analysis tasks. The hyperparameter tuning
process and regularization_imethod are also applied
to ensure optimal model performance and prevent
overfitting [18]. The research focuses)on developing
a model capable of accurately detecting both positive
and negative senfiment classes. Thé main contribu-
tion of this regearch is topprovide a large Indonesian
language dataset,for product reviews. Additionally,
the resedrch proposes a cgmbination of reliable and
consistent hybrid déepgléarning models in analyzing
Indonesiandanguage sentiment from product reviews
with imbalanced classes.

II. RESEARCH METHOD

Figure'l shows the proposed deep learning frame-
work. It incorporates a pre-trained language model,
ahybrid CNN-LSTM architecture, and a resampling
method for sentiment analysis on Indonesian language
reviews. The proposed framework starts with a data
preprocessing phase, followed by the transformation
of inputs into embedding vectors. These features are
subsequently processed in parallel through a hybrid
architecture consisting of CNN and LSTM layers. To
enhance model generalizability, hyperparameter op-
timization and resampling techniques are integrated.
Finally, a comprehensive evaluation is conducted to
identify the most optimal hybrid configuration.

A. Dataset

The dataset consists of product reviews obtained
from Shopee Indonesia. The review includes textual
comments posted on the platform as well as numerical
ratings given by buyers. Data collection is restricted to
the most popular product categories on Shopee, namely
fashion and beauty [19]. In each category, products
containing customer comments section are identified.
These sections include customer-related information,
comment text, and corresponding rating. The data
crawling process is conducted repeatedly across mul-
tiple products.
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Fig. 1. Proposed hybrid deep learning model. Note: Lofig"Shorts
Term Memory (LSTM) and Convolutional Neural Network (CNN).

B. Preprocessing

Preprocessing is a crucial step(for text classification
accuracy in the research [20, 21]Fhedprocess trans-
forms the raw dataset into a structured,format, which
is suitable as input for¢the classificationymodel. The
preprocessing stages include, case folding, tokeniza-
tion, stopword remeval, stemming, and duplicate [22].
During case folding, the“comiment text is converted
to lowercase o, ensure, uniform representation. The
next process is toKenization, which separates texts into
individual words or tekens. Stopword removal elimi-
nates meaningless words that do not contribute signif-
icant semantic meaning. Stemming reduces words by
removing prefixes and suffixes to obtain root forms.
The application of stemming has been commonly used
in sentiment analysis studies, such as the evaluation
of Twitter user sentiment in Lazada and Shopee ser-
vices [23]. Other studies have included Indonesian
public opinion on sentiment analysis [15], sentiment
analysis of consumer reviews, film assessments, and
social media with a combination of deep learning
algorithms [13], and analysis of Virtual Reality (VR)
social community in user evaluations using a combi-
nation of feature extraction [24]. In the research, the
MPStemmer algorithm is used for stemming [25].

The final process includes duplicate removal, where
comments containing identical words and ratings are
deleted.

C. Embedding

Feature extraction is conducted at this stage from
words to obtain vector values, which are often called
word embedding. The analysis uses a derivative of
the Bidirectional Encoder Representations from Trans-
formers (BERT) method [26]. It is capable of capturing
the semantic meaning of words, reducing dimensions,
adding contextual information, and inspiring efficient
learning by transferring linguistic knowledge through
previously trained embeddings [27]. The word embed-
ding process for Indonesian comments uses the BERT
method specifically for citizensyof the country, namely
the IndoBERT method [28]. In addition, the output
of IndoBERT"i$ a vector of 768 data points for each
comment processed,[29].

D, Hybrid Deep Learning

CNN'is a neural network that is often used for im-
age processilg. However, the CNN model has proven
effective 4 the field of text classification [30]. The
architecture of this model consists of three different
layers, namely convolutional, pooling, and flattening.
The pooling layer reduces computational complexity,
with max pooling being the primary method. The
flattened layer receives the output from the pooling
layer and prepares it for input into the next layer of
the model [19]. In the domain of text processing, a
word is typically represented as a complete vector.
The width of the convolutional kernel in the con-
volutional layer generally corresponds to the dimen-
sionality of this word vector. For the input matrix
V = [v],vh,...,v},...,vu}], the convolution operation
is in Eq. (1) [31].

vi' = f(W - Vigigr—1) +b). (1)

where W € RF*™ signifies a weight matrix, k& and
m represent the height and width of the convolution
kernel, b shows the offsets, and f represents the
activation function. The Rectified Linear Unit (ReLu)
activation function is applied to all layers, except the
final layer, which uses a SoftMax activation. After
completing the convolution operation, the eigenvector
matrix V' is represented in Eq. (2) [20].

! 1 " " "
v =[], vy, 0 ] 2)

LSTM networks are initially introduced by Hochre-

iter and Schmidhuber, providing a model capable
of capturing long-term dependencies in sequential
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Fig. 2. Long Short-Term Memory (LSTM) unit [33].

data [32], as shown in Fig. 2. Different from conven-
tional recurrent components, the LSTM unit retains the
current memory c; € R™ at time ¢. The input at time
t is x¢, hs—1,ct—1, and the output is hy, c;, which can
be updated by Eqgs. (3)—(8).

it = oc(Wixy + Uihy—1 + b;), 3)
fi=0Wyx,+Uphi—1 + by), 4)
oy = o(Woxy + Ughi—1 + b,), &)
g+ = tanh(Wyxy + Ughi—1 + by), (6)
= ft©ci—1+ 1 O gi, @)
ht = o; ® tanh(cy). (8)

where o(.) represents the logistic sigmoid function,
and the operation © signifies the element-wise vecter
product. At every time step ¢, there exists an_input gate
iy, a forget gate f;, an output gate o;, ahemory cell
¢; and a hidden unit h;. The hy and ¢§ can be get to
0, and the parameters of the LSTM are W U, and
b. The research tests the use of stacked CSEM and
several LSTM layers in sequenegy where the output of
one LSTM layer becomes the inputifor the next layer.

E. Hyperparameter{uning and Resampling

Determining the bestyhyperparameters is needed
to ensure a robust and gemeralizable deep learning
model with the best performance. Many studies [34-
36] have showed that the Tree-structured Parzen Es-
timator (TPE) algorithm, a Bayesian hyperparameter
optimization method, is capable of improving the ac-
curacy of machine learning and deep learning models.
In the research, TPE is used to obtain the optimal
hyperparameter values in the CNN and LSTM hybrid
model.

The existence of imbalanced datasets profoundly
influences the performance of learning models. This
skewed distribution leads to biased model training,
causing poor predictive performance. Addressing the
challenges that arise from imbalanced datasets to im-
prove both the reliability and the accuracy of the

TABLE I
EVALUATION METRIC IN THE RESEARCH.

Evaluation Formula
TP+ TN
Accuracy
TP+TN 4+ FP+ FN
L. TP
Precision _—
TP+ FP
TP
Recall —_—
TP + FN
e TN
Specificity e
TN+ FP
Precision X Recall
F1-Score 2 X

Precision + Recall
ROC AUC Score N/A
Note: Receiver Operating Characteristic - Area Under the
Curve (ROC AUC), True Positive (TP), True Negative (TN),
False Positive (FP), and False Negative (FN).

results obtained from leapfiing models is essential [37].
Several resampling methods have been developed re-
cently to handle the _class“imbalance./In the research,
the resampling anethods used jare SMOTE, Borderli-
neSMOTE, Support VeetomMachine Synthetic Minor-
ity OversamplinggTéchnique (SVMSMOTE), Adaptive
Syntheti€” Sampling (ADASYN), Synthetic Minority
OversamplinggTechfique Ensemble Neural Networks
(SMOTENN), and Synthetic Minority Over-sampling
Technique and Tomek Links (SMOTETomek).

Ef Combination Layer

The combination layer (fully connected layer) com-
bines the outputs generated from the CNN and LSTM
levels to understand consumer reviews. During the
process, CNN extracts local features from text and
spatial patterns. Then, LSTM handles sequence as well
as temporal dependencies.

G. Output Layer

The output layer is the classification stage using
the sigmoid function to process the combined layers.
The layer produces a probability distribution across all
classes during the process. In this case, the sigmoid
function is used for binary classification into positive
or negative sentiment.

H. Evaluation

The performance of the learning model is assessed
using evaluation metrics. A confusion matrix is used to
quantify correct and incorrect predictions based on the
actual values [38], including True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative
(FN). Additionally, the ROC value is calculated from
the probability outputs to evaluate the overall perfor-
mance of the model, with the corresponding formula
shown in Table I.
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TABLE II
THE ORIGINAL DATASET INFORMATION.

Rating  Reviews
1 14,287
2 10,165
3 31,999
4 47,111
5 325,438
TABLE III
THE ORIGINAL DATASET SENTIMENT AFTER CLEANSING
PROCESS.
Sentiment Reviews
Positive 299,733
Negative 50,244

III. RESULTS AND DISCUSSION
A. Dataset Insight

Dataset is collected from the Shopee Indonesia
platform, consisting of product reviews and ratings.
Product reviews focus on the Indonesian language, and
the total collected was 429,000 data points. The data
are shown in Table II.

After the cleansing process, the original dataset
comprises 349,977, which are grouped into tweflabel
categories. The sentiment labels of the datasét follow
the predetermined criteria of the analysis. Reviews with
a rating higher than three are categorized as_poSitive
sentiment. Those with a rating lower than three,are
categorized as negative sentiment, The details of ‘the
final dataset information are showmyin Table III. This
dataset has an imbalanced composition in the number
of sentiment labels.

The characteristics of ‘téxt reviews are shown in
the form of a distribution of text lengths in Fig. 3.
The collected dataset“isiprocessed in a pre-trained
model before(being used as input to the training model
to convert review, text'into vectors. The pre-trained
language model used is ‘the BERT, specifically for
Indonesian, namely indeBERT [17].

B. Experimental Results

The initial sentiment analysis model is formed by
determining the appropriate hyperparameters for gen-
eralization. The dataset is split in a stratified method
into training, validation, and testing with a ratio of
4:1:1. As a result, the training, validation, and testing
sets have the same proportion for positive and negative
class labels. TPE is applied to obtain the optimal
hyperparameters with a total of 200 iterations, and the
results are shown in Table IV.

The optimization process explores diverse search
spaces for both CNN and LSTM layers to maximize

Length Distribution
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Fig. 3. Text length distribution in the dataset.

model performance. For them€NN layer, the optimal
parameter includes agkernel size of 3, tanh activation
function, 32¥filters, and a stfide value of 8, which
collectiyely enable effective feature extraction from
the input, sequénces. \The learning rate is optimized
t049.232776 x 1075, 'while dropout is set to 0.394
to prevent oyerfitting during training. However, the
stacked LSTM model does not provide a significant
influence ingentiment analysis on Indonesian text, as
theshyperparameter tuning results show that the optimal
performance is achieved with single layer containing
176 units, a recurrent dropout of 0.30119, and a batch
size of 56. The model is trained for 10 epochs, which
provide sufficient iterations for convergence without
overfitting. These fine-tuned hyperparameters, selected
from their respective search spaces through rigor-
ous experimentation, demonstrate the importance of
architecture-specific optimization in achieving superior
performance for sentiment analysis tasks. The resulting
configuration balances model complexity with gener-
alization capability, ensuring robust performance on
unseen data. Relating to this discussion, the hybrid
deep learning model is obtained according to the
optimal hyperparameter settings. The proposed model
uses Adam optimizer, binary_crossentropy for loss
calculation, and sigmoid in the classification layer.

Model performance is compared with baseline deep
learning methods and other machine learning algo-
rithms. Table V shows the comparison between the
results of the proposed model and other models. The
comparison is conducted by evaluating several ma-
chine learning methods, namely Decision Tree (DT),
Gaussian Naive Bayes (GNB), Random Forest (RF),
Stochastic Gradient Descent (SGD), and baseline deep
learning methods namely CNN and LSTM. In general,
the proposed model has slightly better F1-Sscore and
Receiver Operating Characteristic - Area Under the
Curve (ROC AUC) values compared to other learning
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TABLE IV
THE HYPERPARAMETER TUNING RESULTS.

Layer Hyper Parameter Search Space Optimal Value
. Dropout [0.2, 0.5] 0.39405608201176756
Learning rate [1e-5, 1e-3] 9.232776262466981e-05
Kernel size [2, 5] 3
CNN Activation [’relu’, ’tanh’, ’swish’, ’leakyrelu’] tanh
Filters [8, 128] 32
Strides [2, 32] 8
Units [32, 512] 176
Layer number [1, 3] 1
LSTM Recurrent dropout [0.2, 0.5] 0.3011980090275241
Batch_size [32, 128] 56
Epochs [5, 30] 10
TABLE V
THE LEARNING MODEL EVALUATION RESULTS.
Learning Model Accuracy  Precision Recall Specificity ~ Fl-Score _4ROC AUC
Gaussian Naive Bayes 77.470% 94.030% 78.690% 70.190% 85.680% 80.262%
Decision Tree 83.120% 90.660% 89.510% 44.980% 90.080% 67.245%
Random Forest 89.130% 90.110% 98.070% 35(760% 93.920%, 89:1093%
Convolutional Neural Network (CNN) 85.439% 86.122% 98.942% 4.896% 92:088% 157772%
Long Short-Term Memory (LSTM) 90.888% 92.995% 96.640% 56.577%, 94°782% 92.325%
Proposed Model (CNN-LSTM) 91.068% 93.272% 96.534%, 58.468% 94.875% 92.429%

Note: Receiver Operating Characteristic - Area Under the Curve (ROC AUC).
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Fig. 4. Comparison of the ROC AUC score in the learning model.

models. F1-Score is the harmonic mean value of pre-
cision and recall, which shows the balance between
positive and negative class predictions in this case.
The proposed model also distinguishes positive and
negative classes better, as shown by the higher ROC
AUC value. Through the specificity value, the proposed
model focuses extensively on predicting the majority
class. It is reviewed by a TN value that is lower than
the Naive Bayes model. It is capable of predicting the
negative class with the best specificity value of 70.19%.

Figure 4 shows a comparison of the ROC AUC

values ‘inf the leamiing model. The best ROC AUC
evaluationhresulfs” for machine learning models are
obtained by the SGD model with 0.9086. Then, the
deeprlearning model is obtained by the LSTM model
with 0.9232. The lower results of the CNN model
compared to many machine learning models indicate
that it is not suitable if applied directly to natural
language processing cases. The proposed model still
has a slight advantage compared to other models, with
0.9243. The proposed model distinguishes positive and
negative classes better, as shown by the higher ROC
AUC value. These results indicate the superiority of
the hybrid model compared to the standalone model.
Resampling methods are applied to the proposed
model to generate new data for training the model.
Table VI shows the results of the transformation of
existing data and increasing the size of the training set.
Resampling techniques, such as SMOTE, BorderlineS-
MOTE, SVMSMOTE, ADASYN, and SMOTETomek,
successfully balance the negative and positive senti-
ment classes. While the negative class is augmented by
approximately 180,000 synthetic samples to match the
positive classes, SMOTENN yields different results.
Due to outlier detection, SMOTENN reduces the over-
all data count by eliminating positive samples located
near the negative decision boundary. Improving the
diversity of the data contributes to a greater variability,
augmenting the generalizability of the model. The
resampling methods used consist of oversampling on
the minority class and a combination of under- and
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TABLE VI
THE DETAILS OF THE DATASET AFTER RESAMPLING.

Resampling Method

Original Training Set After Resampling

Negative Positive Negative Positive

Synthetic Minority Oversampling Technique (SMOTE) 40,195 239,786 239,786 239,786

BorderlineSMOTE 40,195 239,786 239,786 239,786

Support Vector Machine Synthetic Minority Oversampling Technique (SVMSMOTE) 40,195 239,786 239,786 239,786

Adaptive Synthetic Sampling (ADASYN) 40,195 239,786 240,879 239,786

Synthetic Minority Oversampling Technique Ensemble Neural Networks (SMOTENN) 40,195 239,786 238,693 122,893

Synthetic Minority Over-sampling Technique and Tomek Links (SMOTETomek) 40,195 239,786 239,760 239,760

TABLE VII
THE RESAMPLING EVALUATION RESULTS ON THE PROPOSED MODEL.

Learning Model Accuracy  Precision Recall Specificity ~ F1-Score  ROC AUC
Proposed Model (CNN-LSTM) 91.068% 93.272%  96.534% 58.468% 94.875% 92.429%
Proposed Model (CNN-LSTM) + SMOTE 86.416% 96.569%  87.239% 81.512% 91.667% 91.904%
Proposed Model (CNN-LSTM) + BorderlineSMOTE 85.671% 96.780%  86.134% 82.905% 91.147% 91.851%
Proposed Model (CNN-LSTM) + SVMSMOTE 88.208% 96.286%  89.691% 79.363% O0871% 92.480%
Proposed Model (CNN-LSTM) + ADASYN 86.476% 96.517%  87.362% 81.194% 9KT11% 91.829%
Proposed Model (CNN-LSTM) + SMOTENN 73.553% 98.235%  70.383% 92.458% 82:009% 91.251%
Proposed Model (CNN-LSTM) + SMOTETomek 86.431% 96.635%  81.192% 81.891% 91.671% 92.024%

Note: Receiver Operating Characteristic - Area Under the Curve (ROC AUC), Long Short-Term Memory{(LSTM), Convolutional Neural
Network (CNN), Synthetic Minority Oversampling Technique (SMOTE), Support Vector Méachine’Synthetic Minority Oversampling
Technique (SVMSMOTE), Adaptive Synthetic Sampling (ADASYN), Synthetic ' Minouify Oversampling Technique Ensemble Neural
Networks (SMOTENN), and Synthetic Minority Over-sampling Techniqué and Tomek Links (SMOQTETomek).

oversampling. The methods only affect the amount
of data trained on the model, without affecting these
being tested. This condition is to ensure no bi@s when
testing the model during the process.

Table VII shows the proposed modelsgeombingd with
resampling methods on the traindata for)sentiment
analysis of Indonesian languagedproduct reviews. The
resampling results present an increéasedin the ability
of the proposed model to detect minosity classes. In
addition, the model accdracy decreases slightly, show-
ing that the models have a‘fairer assessment between
the majority andgminority classes. The oversampling
method significantlyyincreasesispecificity by approx-
imately 20% ‘compared,to the model without resam-
pling. However,“¢embining the under-over sampling
method in SMOTENN and SMOTETomek does not
produce any performance improvement. The Ensemble
Neural Networks (ENN) method in SMOTENN ap-
pears overly aggressive in altering the data distribution
by removing instances that do not associate with the
majority. Moreover, SMOTETomek achieves relatively
good results, outperforming several other oversampling
methods. The Tomek links in SMOTETomek helps to
clarify feature boundaries between sentiment classes.
In general, the proposed model combined with the
SVMSMOTE method provides the best performance
in separating positive and negative classes, with an
ROC AUC score of 92.48%. The combination of
the proposed model and SVMSMOTE succeeds in
increasing the specificity value by around 9% from

thedNaive Bayes model. The best model for detecting
negative classes is the proposed model combined with
SMOTENN. The model detects 92.458% of negative
classes and obtains the best precision value. Generally,
the Use of resampling methods successfully improves
the ability of the model to detect negative classes.

C. Validation Model

The selection of optimal hyperparameter values
plays an important role in the deep learning model. In
the research, hyperparameters include control over the
training process, model complexity, regularization, op-
timization process, and activation function. The train-
ing process control parameter consists of the learning
rate, batch size, and epoch values. The model complex-
ity control parameters comprises the number of layers,
the number of units, kernel size, stride, and number
of filters. Additionally, the activation function control
parameters include the type of activation in the layer.
The model also implements the Adam optimization
function and regularization using Dropout.

The hyperparameters with the best classification
effect of the model are studied using TPE. The data
is divided into a training and validation set from the
original dataset. The evaluation metric is the loss value
to find the optimal hyperparameter. Figure 5 shows the
learning curve of the proposed model using the optimal
hyperparameters searched using the TPE method. The
curve signifies that the loss values in training and
validation tends to be stable and consistently follows
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the trend. It shows that the hyperparameters in the
proposed model captures the underlying patterns and
sentiment of the reviews, implying its reliability as well
as predictive ability.

The stratified k-fold cross-validation method is used
to validate the model performance, where the k£ value
in the research is 5. Figure 6 shows the mean ROC
AUC curve for the proposed model with 5-fold cross-
validation. The ROC AUC results for each fold signify
consistent values with a very low standard deviation of
0.0009. These results also show good generalization
ability of the proposed model using optimal hyperpa-
rameters. The average value of the ROC AUC in the
proposed model is 0.9249.

IV. CONCLUSION

In conclusion, the research examines the hybrid
deep learning model for training Indonesian product
reviews, optimizing the model through hyperparameter
tuning and resampling methods. The main objective
of the analysis is to develop a model capable of reli-
ably predicting sentiment in the Indonesian language
dataset. To support this, a large Indonesian sentiment
dataset is constructed with multiple resampling vari-
ations, enabling further investigations into handling
data imbalance in deep learning. The hybrid model,
combining IndoBERT and a CNN-LSTM architec-
ture with six resampling methods, is trained using
parallel feature-level fusion and optimized with TPE
tuning for sentiment analysis.“Experimental results
show that the hybrid model achieves,an F1-Score of
94.875%, outperforming ‘thesbaseline model and other
machine learningmodels. On an imbalanced customer
review dataset/eombining theChybrid model with the
SVMSMOTE resampling method produces promising
results, achieving" ROC AUC score of 92.48% in dis-
tinguishing positive ,anddfiegative sentiment. During
thegprocess ©Of this analysis, many customer reviews
contaimymixed Indonesian and English text.

Despitey showilg promising results, the research
still 'has limitdtions. First, while the hybrid approach
addresses_class imbalance, the computational cost of
model CNN-LSTM is higher than traditional methods,
posing challenges for real-time applications. Second,
the) model’s performance on mixed-language texts,
such as Indonesian and English, requires further op-
timization. Future work should focus on optimizing
computational efficiency and expanding the training
data to include diverse domains.

Future studies need to develop a multilingual sen-
timent analysis model that incorporates Large Lan-
guage Models (LLMs) and a Generative Adversarial
Networks (GANs) to improve information extraction
and address class imbalance challenges. The ability of
LLMs to capture semantic knowledge is demonstrated
by their strong performance in natural language under-
standing tasks across multiple languages. Meanwhile,
GANs can generate synthetic samples for minority
classes in multilingual datasets. This integration offers
a robust solution for sentiment analysis on imbalanced
datasets, leveraging GANs for data augmentation and
LLMs for maintaining semantic fidelity.
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