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Abstract - The high dimensionality and noisy 

characteristics of Indonesian social media text present 

significant challenges for sentiment classification models. 

Redundant and irrelevant features may reduce 

classification efficiency and negatively affect model 

generalization performance. This study evaluates a hybrid 

wrapper-based feature selection approach that integrates 

Genetic Algorithm (GA) and Support Vector Machine 

(SVM) to optimize TF-IDF feature representations before 

classification using Long Short-Term Memory (LSTM). 

The experiments were conducted on 1,918 Indonesian 

Twitter comments related to SARS-CoV-2 sentiment, 

consisting of 1,044 negative and 874 positive labels. The 

proposed GA-SVM mechanism reduced the feature space 

from 35,343 to 17,931 selected features. Two evaluation 

scenarios were employed in this study. Under the hold-out 

train-test split evaluation, the GA-SVM+LSTM model 

achieved the best accuracy of 91.41% using a learning rate 

of 0.0001. Meanwhile, the 10-fold cross-validation 

evaluation produced an average accuracy of 89.41%, 

indicating stable generalization performance across 

different data partitions. The experimental results also 

show that the proposed feature selection approach 

improved computational efficiency by reducing training 

time from 263.64 seconds to 173.54 seconds. Overall, the 

findings indicate that hybrid GA-SVM feature selection 

can effectively improve TF-IDF-based sentiment 

classification performance for Indonesian social media text. 
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I. INTRODUCTION 

Sentiment analysis has become an important research 

area for understanding public opinion expressed through 

social media platforms [1-4]. In Indonesia, social media 

data are widely used to analyse public responses toward 

social, political, and health-related issues due to the large 

volume of user-generated textual content [5-7] . 

However, sentiment classification for Indonesian social 

media text remains challenging because the language 

used in online communication is often informal, noisy, 

and unstructured. The frequent use of slang words, 

abbreviations, inconsistent spelling, and non-standard 

writing styles may increase data complexity and reduce 

classification performance [8-11]. 

Another major challenge in sentiment analysis is the 

high dimensionality of textual feature representations 

[12, 13] . Text preprocessing and feature extraction 

methods such as Term Frequency–Inverse Document 

Frequency (TF-IDF) often generate large feature spaces 

containing redundant and irrelevant information [14, 15] . 

High-dimensional feature representations may 

negatively affect computational efficiency, increase 

training complexity, and reduce model generalization 

capability [13, 16]. Therefore, feature selection plays an 

important role in identifying representative features 

while reducing noise and unnecessary attributes from 

textual datasets [17]. 

Various feature selection approaches have been 

investigated in sentiment analysis studies, including 

filter-based, wrapper-based, and hybrid methods [17-19]. 

Among these approaches, wrapper-based methods 

generally provide better feature subset optimization 

because they evaluate feature combinations directly 

using classifier performance [20, 21]. Previous studies 

have demonstrated that Genetic Algorithm (GA) is 

effective for exploring large feature search spaces and 

identifying representative feature subsets [22, 23]. In 

addition, Support Vector Machine (SVM) has frequently 

been employed as a fitness evaluation mechanism in 

wrapper-based feature selection due to its strong 

classification capability in high-dimensional text data 

[24, 25]. 

Deep learning models have also been widely applied 

in sentiment classification tasks because of their ability 

to learn complex feature interactions from textual 

representations [26-28] . Among various deep learning 

approaches, Long Short-Term Memory (LSTM) has 

shown promising performance in text classification 

studies [29-31]. Previous work by [32] reported that GA-

SVM-based feature selection improved sentiment 

classification performance under a hold-out evaluation 
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setting. However, previous studies have primarily 

focused on performance improvement under limited 

evaluation configurations and have provided limited 

discussion regarding model robustness, comparative 

feature selection evaluation, and generalization 

performance across different validation scenarios. 

In addition, although hybrid wrapper-based feature 

selection approaches have been explored in several 

studies [20-21], limited attention has been given to 

evaluating their effectiveness for Indonesian noisy social 

media text using multiple validation schemes, 

particularly under both hold-out and cross-validation 

settings. Furthermore, the impact of optimized TF-IDF 

feature representations on LSTM-based sentiment 

classification performance remains insufficiently 

discussed in comparative experimental studies. 

Based on these considerations, this study evaluates a 

hybrid GA-SVM feature selection approach for 

Indonesian sentiment classification using LSTM. In the 

proposed approach, Genetic Algorithm is employed to 

explore the feature search space, while Support Vector 

Machine is used as a fitness evaluation mechanism to 

identify representative TF-IDF feature subsets. The 

selected features are subsequently used as input for the 

LSTM classification model. The experiments were 

conducted using both hold-out train-test split and 10-fold 

cross-validation scenarios to evaluate classification 

performance, robustness, and computational efficiency. 

The main contributions of this study are summarized 

as follows: 

1. Evaluating the effectiveness of hybrid GA-SVM 

feature selection for Indonesian sentiment 

classification using LSTM under multiple 

evaluation scenarios. 

2. Providing comparative analysis between hybrid 

GA-SVM and several conventional feature 

selection approaches, including Information Gain, 

Chi-square, and standard Genetic Algorithm. 

3. Investigating the impact of optimized feature 

subsets on classification performance and 

computational efficiency for Indonesian noisy 

social media text. 

The remainder of this paper is organized as follows. 

Section II describes the research methodology, including 

preprocessing, feature extraction, hybrid GA-SVM 

feature selection, and LSTM classification. Section III 

presents the experimental results and discussion. Finally, 

Section IV concludes the study and provides 

recommendations for future work. 

 

 

II. METHOD 

The overall research framework used in this study is 

presented in Fig. 1. The proposed approach consists of 

text preprocessing, TF-IDF feature extraction, hybrid 

GA-SVM feature selection, LSTM-based classification, 

and performance evaluation using hold-out and 10-fold 

cross-validation scenarios. 

A. Data Collection 

The dataset used in this study consists of Indonesian 

Twitter comments related to SARS-CoV-2 sentiment. 

The data were collected from social media platforms and 

manually labeled into two sentiment categories, namely 

positive and negative sentiments. In total, the dataset 

contains 1,918 text samples, consisting of 1,044 negative 

comments and 874 positive comments. The collected 

dataset was subsequently prepared for preprocessing and 

feature extraction stages. Although the dataset size is 

relatively limited for deep learning experiments, the 

study focuses primarily on evaluating the impact of 

feature optimization on classification behaviour rather 

than developing large-scale language representation 

models. 

B. Text Preprocessing 

Text preprocessing was performed to reduce noise 

and improve the quality of textual data before feature 

extraction. Several preprocessing steps were applied, 

including case folding, text cleaning, tokenization, stop 

word removal, and stemming. Case folding was used to 

convert all characters into lowercase format, while text 

cleaning removed unnecessary symbols, punctuation, 

URLs, and special characters. Tokenization separated 

sentences into individual words, followed by stop word 

removal to eliminate irrelevant common words. Finally, 

stemming was applied to transform words into their root 

forms to reduce vocabulary variations in Indonesian text 

data. 

C. Frequency-Based Feature Representation 

This research uses Term Frequency-Inverse 

Document Frequency (TF-IDF) to transform textual data 

into numerical representations. The TF-IDF weight for a 

term 𝑡  in document 𝑑  is calculated by multiplying the 

frequency of occurrence of the term (Term Frequency) 

by the inverse of its document frequency (Inverse 

Document Frequency) [33]. Mathematically, this 

weighting is formulated as in (1): 

𝑤𝑡,𝑑 = 𝑡𝑓𝑡,𝑑  𝑥 log (
𝑁

𝑑𝑓𝑡
)                       (1) 
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Where 𝑤𝑡,𝑑  is the final weight of feature 𝑡  in 

document 𝑑. 𝑡𝑓𝑡,𝑑 is the number of occurrences of term 𝑡 

in document 𝑑. 𝑁 is the total number of documents in the 

dataset. 𝑑𝑓𝑡 is the number of documents containing term 

𝑡 [34, 35]. 

Although LSTM architectures are traditionally 

designed to capture sequential dependencies from 

ordered token representations, the objective of this study 

is different. The primary focus is to evaluate the 

effectiveness of the proposed GA-SVM feature 

optimization framework on high-dimensional textual 

features. Therefore, TF-IDF was intentionally selected as 

the input representation because it provides an 

interpretable and sparse feature space that allows the 

impact of feature selection to be directly observed. In this 

context, the LSTM model is utilized as a non-linear 

classifier to learn complex interactions among optimized 

feature subsets rather than to model linguistic sequence 

information. 

D. Feature Selection Stage: Hybrid Wrapper GA-SVM 

The hybrid GA-SVM feature selection stage was 

employed to identify representative TF-IDF feature 

subsets before the LSTM classification process. In this 

approach, the Genetic Algorithm was used to explore 

candidate combinations of features. Although the final 

classification model is an LSTM, SVM was selected as 

the fitness evaluator because wrapper-based 

optimization requires repeated fitness evaluations over 

hundreds of generations. Using LSTM as the fitness 

evaluator would substantially increase computational 

cost and optimization time. Previous studies have shown 

that SVM provides reliable discriminative evaluation for 

high-dimensional sparse text representations and can 

effectively guide feature subset selection. The optimized 

feature subset is subsequently validated using LSTM to 

assess its generalizability across a different classification 

architecture. 

1) Population Initialization: Randomly generates 

chromosomes, where each gene (bit 0 or 1) represents 

whether a feature is selected or not. 

2) Fitness Function Evaluation (SVM): Each candidate 

feature subset generated by the Genetic Algorithm was 

evaluated using an SVM classifier under a train-test split 

evaluation scheme. The SVM classification accuracy 

was used as the fitness value to measure the quality of 

the corresponding feature subset as in (2). 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝑆𝑉𝑀(𝑥𝑠𝑢𝑏𝑠𝑒𝑡,𝑦))     (2) 

where 𝑥𝑠𝑢𝑏𝑠𝑒𝑡,𝑦 is the TF-IDF features that have been 

selected by a particular chromosome in the GA. To 

reduce computational complexity during the GA 

optimization process, fitness evaluation was performed 

using a fixed train-test split rather than nested cross-

validation. Since the optimization involved evaluating 

many candidate feature subsets across 200 generations, 

repeated cross-validation would significantly increase 

computational requirements. Model robustness was 

subsequently assessed using a separate 10-fold cross-

validation procedure on the final selected feature subset. 
 

 
Fig. 1 Research framework of the Evaluation hybrid 

GA-SVM and LSTM-based sentiment classification 

model 
 

 
Fig. 2 Workflow of the hybrid GA-SVM feature 

selection process. 
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Fig. 3 Architecture LSTM proposed 

 

3) Genetic Operations: The crossover and mutation 

operations were applied to generate new offspring 

populations and increase feature subset diversity during 

the optimization process. 

4) Stopping Criterion: The process repeats until the 

maximum number of generations is reached or the fitness 

value converges. The result is the Optimal Feature 

Subset. 

The parameter configuration used in the hybrid GA-

SVM feature selection process is presented in Table I. 

The optimal feature subset obtained from the hybrid 

GA-SVM process was subsequently used as input for the 

LSTM classification model in the final evaluation stage. 

E. LSTM Classification 

This subsection describes the architectural design of 

the LSTM model proposed in this research. The model 

architecture Fig. 3 is designed to capture long-term 

dependencies in text data through the utilization of 

LSTM layers and is optimized to reduce the risk of 

overfitting and improve the model's generalization 

ability in classification tasks [36]. 

Description of the LSTM architecture used in this 

research: 

1) Input Sequences: Text data is represented as a 

sequence of feature vectors of size (1, 17,931), where 

each element represents a feature extracted from the text 

(e.g., TF-IDF). 

2) LSTM Layer (128 Units): An LSTM layer with 

128 memory units is used to learn sequential patterns and 

capture long-term dependencies in the text data, thus 

better understanding the context between features. 

3) Dropout (0.5): A dropout layer with a 50% rate 

is applied to reduce the risk of overfitting during the 

training process by randomly deactivating some units. 

4) Dense Layer (Fully Connected): The dense layer 

maps the LSTM feature representations to the output 

class space, with the number of units adjusted to the 

number of target classes. 

5) SoftMax Activation: The SoftMax activation 

function is used to generate probability values for each 

output class. 

6) Output Layer: The model produces a final 

prediction of two classes, namely the positive and the 

negative class, based on the highest probability 

generated. 

F. Performance and Robustness Evaluation 

Model performance evaluation was conducted to 

assess the extent to which the proposed LSTM model can 

accurately classify text data into positive and negative 

classes. This evaluation process aims to measure the 

model's effectiveness in generalizing to test data and 

ensure that the model not only produces accurate 

predictions overall but also consistently within each class 

[37]. Therefore, the evaluation was conducted using 

several relevant measurement metrics to provide a 

comprehensive picture of the model's performance. For 

this reason, in this research an evaluation model will be 

created, including: 

1)  The model was evaluated using standard 

metrics for text classification: 

2)  Accuracy (3), Precision (4), Recall (5), and F1-

Score (6). 

Accuracy =  
𝑇𝑝+ 𝑇𝑛

𝑇𝑝+ 𝑇𝑛+𝐹𝑝+ 𝐹𝑛
                  (3) 

Precision =  
𝑇𝑝

𝑇𝑝+ 𝐹𝑝
                             (4) 

Recall =  
𝑇𝑝

𝑇𝑝+ 𝐹𝑛
                                   (5) 

F1 =  2 ∗
Precision∗Recall

Precision+Recall
                    (6) 

𝑇𝑝:  True Positive, instances where the model 

correctly identifies the positive class. 

𝑇𝑛:  True Negative, example where the model 

correctly identifies the negative class. 

𝐹𝑝:  False Positive, an event where the model 

mistakenly predicted the positive class. 

𝐹𝑛:  False Negative, an event where the model 

mistakenly predicted a negative class.  
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TABLE I 

PARAMETER OF GENETIC ALGORITHM (GA-SVM) 

No Parameter Value 

1 Initial TF-IDF Features 35,343 

2 Population Size 150 

3 Parent Size (n_parent) 30 

4 Mutation Rate 0.01 

5 Number of Generation (n_gen) 200 

6 Fitness Evaluation Classifier SVM 

7 SVM Kernel Linear 

3) K-Fold Cross Validation: To ensure model 

stability across different data subsets. For each fold, the 

metrics calculated include accuracy, precision, recall, 

and F1-score, based on the error matrix of the model 

prediction results. The average value of these ten folds 

provides a comprehensive picture of the accuracy, 

consistency, and generalization ability of the tested 

model. Mathematically, the average accuracy value can 

be formulated as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑎𝑣𝑔 =
1

𝐾
 ∑ 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖

𝐾=10
𝑖=1      (7) 

 The use of 10-Fold Cross Validation in this 

research helps ensure that the model's performance does 

not depend solely on a single data distribution but 

reflects the model's true ability in classifying texts with 

various language features and contexts. 

4) Significance Test: To compare the performance 

of the hybrid GA-SVM + LSTM model against a 

baseline model (LSTM without feature selection or 

LSTM with a filtering method such as Information Gain 

[38], Chi-Square  [39], and GA [22]). 

III. RESULT AND DISCUSSION 

This section presents the experimental results of the 

proposed hybrid GA-SVM feature selection approach for 

Indonesian sentiment classification using the LSTM 

model. The analysis focuses on the effectiveness of the 

feature selection process, the impact of learning rate 

configurations on classification performance, and 

robustness evaluation using both hold-out validation and 

10-fold cross-validation schemes. 

A. Convergence Analysis of the GA-SVM Optimization 

Fig. 4 illustrates the convergence behavior of the 

Genetic Algorithm during the feature optimization 

process across 200 generations. 

The convergence curve demonstrates that the GA 

optimization process progressively improved the fitness 

score throughout the evolutionary iterations. Rapid 

improvement occurred during the early generations, 

indicating effective exploration of the feature search 

space. After approximately generation 174, the fitness 

values became relatively stable, suggesting that the 

optimization process had reached convergence and 

successfully identified near-optimal feature subsets. 

The absence of significant performance degradation 

after convergence also indicates that the GA-SVM 

mechanism was relatively resistant to premature 

convergence. Minor fluctuations observed in later 

generations were caused by stochastic crossover and 

mutation operations, which helped maintain population 

diversity during optimization. 

The optimization process reduced the original feature 

space from 35,343 features to 17,931 selected features, 

corresponding to approximately 49.24% dimensionality 

reduction. Despite the substantial reduction, the retained 

features were still able to preserve important semantic 

information required for sentiment classification. 

The relatively large number of retained features 

suggests that sentiment information in Indonesian social 

media text is distributed across various lexical forms, 

including slang expressions, abbreviations, informal 

writing styles, and context-dependent word 

combinations. Unlike structured textual corpora, social 

media texts contain diverse linguistic variations that 

contribute to sentiment discrimination. Therefore, 

aggressive dimensionality reduction may remove useful 

semantic information and negatively affect classification 

performance. 
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Fig. 4 Best fitness score progression during the GA-

SVM feature optimization process over 200 generations. 

B. Results of Sentiment Classification Using LSTM 

(Hold-Out Evaluation) 

This section presents the sentiment classification 

results obtained using the LSTM model with two 

learning rate configurations, namely 0.0001 and 0.001. 

The selected feature subsets generated from the hybrid 

GA-SVM feature selection process were used as input 

representations for the LSTM classification model. The 

evaluation was performed using a hold-out train-test split 

validation scheme as in Table II. 

Based on Table II, the learning rate of 0.0001 

achieved the best classification performance, with 

an accuracy of 91.41%, precision of 91.41%, recall 

of 91.41%, and F1-score of 91.39%. In contrast, the 

learning rate of 0.001 resulted in lower performance 

across all evaluation metrics. 
Fig. 5 presents the training and validation loss and 

accuracy curves of the GA-SVM-LSTM model under 

both learning rate configurations. At a learning rate of 

0.0001, the training and validation curves exhibit a more 

stable convergence pattern with relatively small 

differences between training and validation performance. 

This indicates that the optimization process was able to 

achieve more stable classification behaviour and 

improved model generalization on unseen data. 

Conversely, the learning rate of 0.001 produced larger 

fluctuations between training and validation 

performance, indicating less stable optimization 

behaviour during the learning process. A larger learning 

rate tends to update model weights more aggressively, 

potentially reducing model stability during training and 

negatively affecting classification performance. 

TABLE II 

RESULT EVALUATION LSTM USING HYBRID FEATURE SELECTION (GA-SVM) 

Learning Rate Time Training Accuracy Recall Precision F-Score 

0.0001 138.23140358924866 91.41 91.41 91.41 91.39 

0.001 147.23239493370056 84.11 84.11 84.24 84.15 

 

 
(a) Lr 0.0001 

 
(b) Lr 0.001 

 

Fig. 5 Graph training and validation loss/accuracy GA-SVM-LSTM 
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(a) Lr 0.0001 (b) Lr 0.001 

Fig. 6 Confusion matrix GA-SVM-LSTM 

 

The confusion matrices shown in Fig. 6 further 

demonstrate the classification behaviour of the GA-

SVM-LSTM model. Using a learning rate of 0.0001, the 

model produced fewer misclassifications for both 

positive and negative sentiment classes compared to the 

learning rate of 0.001. These results confirm that a 

smaller learning rate provides a more stable optimization 

process for the proposed classification model. 

The superior performance achieved using a learning 

rate of 0.0001 indicates that smaller weight updates 

enable more stable optimization when training LSTM 

models on high-dimensional TF-IDF feature 

representations. The confusion matrix further reveals 

that the model successfully classified most sentiment 

instances with relatively few false predictions, 

suggesting that the selected feature subset preserved 

discriminative sentiment information required by the 

classifier. 

C. Results of 10-Fold Cross-Validation Evaluation 

The robustness of the proposed LSTM model was 

evaluated using a 10-fold cross-validation scheme. This 

evaluation provides a more reliable estimate of model 

generalization by testing performance across multiple 

data partitions. The following Table III shows the 

evaluation results with 10-fold cross validation. 

Fig. 7 illustrates the distribution of accuracy across 10 

folds. The results show minor fluctuations with most 

folds concentrated around 0.89, indicating stable model 

performance and good generalization ability.” 

The LSTM model achieved an average accuracy of 

89.41% with a standard deviation of 0.0129, indicating 

stable performance across different folds. The relatively 

low variance suggests that the1model is not overly 

sensitive to variations in training and testing splits. 

Accuracy values across folds range from 0.8715 to 

0.9237, showing minor fluctuations in performance. 

Most folds produce results close to the mean, indicating 

consistent generalization behaviour. Similar stability is 

also observed in precision, recall, and F1-score metrics. 

The close balance between precision and recall 

indicates that the model does not exhibit strong bias 

toward any specific class and is capable of handling both 

positive and negative sentiment effectively. Overall, 

these results confirm that the LSTM model trained with 

the GA-SVM-selected feature subset is robust and 

generalizable for Indonesian sentiment classification 

tasks.

TABLE III 

10-FOLD CROSS-VALIDATION EVALUATION RESULTS 

Metrik Mean Std Dev Minimum Maximum 

Accuracy 0.894103 0.012854 0.871486 0.923695 

Precision 0.900659 0.011713 0.881989 0.927686 

Recall 0.889221 0.014435 0.863645 0.919671 

F1-Score 0.892012 0.013548 0.867905 0.922413 
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Fig. 7 Distribution of accuracy across 10 folds 

 
Error analysis revealed that most misclassifications 

occurred among sentiment instances containing 

overlapping emotional characteristics and ambiguous 

linguistic expressions. Short texts with implicit 

sentiment cues were particularly difficult to classify 

because they provided limited contextual information. 

These findings are consistent with challenges commonly 

observed in sentiment analysis of social media data, 

where informal writing styles and context-dependent 

meanings often increase classification complexity. 

D. Comparative Performance of Feature Selection 

Methods 

Table IV presents the comparative classification 

accuracy achieved by different feature selection methods 

evaluated using the same preprocessing pipeline and 

LSTM architecture. All feature selection methods were 

evaluated using identical preprocessing procedures, 

training-testing partitions, LSTM architecture, optimizer 

settings, batch size, epoch configuration, and learning 

rate to ensure a fair comparison. 

Fig. 8 shows that the hybrid GA-SVM method 

achieved the highest classification accuracy of 91.41%, 

outperforming conventional feature selection approaches 

including PCA, Chi-Square, GA, and RFE. 

Among the evaluated methods, PCA produced the 

lowest performance because dimensionality reduction 

was performed based on variance representation rather 

than class discriminative capability. Consequently, 

several informative textual features may have been 

removed during transformation. Meanwhile, RFE 

demonstrated relatively better performance because the 

feature elimination process considered iterative feature 

contribution during model training. 

The superior performance of the hybrid GA-SVM 

method can be attributed to its ability to balance 

exploration and exploitation during feature subset 

optimization. The Genetic Algorithm explored various 

combinations of textual features, while SVM evaluated 

the discriminative quality of each subset. This interaction 

enabled the model to retain semantically informative 

terms while eliminating redundant features that 

contributed minimally to classification performance. 

Qualitative examination of the selected features 

suggests that the GA-SVM mechanism consistently 

retained emotionally informative terms, repetitive 

emphasis patterns, and context-specific sentiment 

expressions. By combining the global search capability 

of Genetic Algorithms with the discriminative evaluation 

power of SVM, the proposed approach was able to 

identify feature subsets that improved classification 

performance while maintaining important semantic 

information. This explains the substantial performance 

improvement observed over PCA, Chi-Square, 

conventional GA, and RFE approaches. 

IV. CONCLUSION 

This study evaluated the effectiveness of a hybrid 

Genetic Algorithm–Support Vector Machine (GA-SVM) 

feature selection approach for Indonesian sentiment 

classification using an LSTM model on high-

dimensional textual datasets. The experimental results 

demonstrated that the proposed optimization strategy 

successfully   reduced   the   original  feature space from  

TABLE IV 

COMPARATIVE PERFORMANCE OF DIFFERENT 

FEATURE SELECTION 

Feature Selection 

Method 
Accuracy (%) 

PCA 71.0 
Chi-Square 74.0 

GA 72.0 
RFE 78.0 

GA-SVM 91.41 

 

 
Fig. 8 Comparison of feature selection methods based on 

accuracy 



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 14, Issue 2, July 2026 

300  Evaluating Hybrid GA-SVM ... | Mujilahwati, S., Safar, N.Z.B.M., 292 – 302  

5,343 to 17,931 representative features while preserving 

essential semantic information required for sentiment 

classification. The integration of the GA-SVM-selected 

feature subset with the LSTM classifier achieved the 

highest classification accuracy of 91.41% under the 

hold-out evaluation scheme and an average accuracy of 

89.41% under 10-fold cross-validation, outperforming 

conventional feature selection methods including PCA, 

Chi-Square, GA, and RFE. The convergence analysis 

further revealed that the optimization process 

progressively identified increasingly discriminative 

feature subsets throughout the evolutionary search 

process, indicating the effectiveness of combining the 

global search capability of Genetic Algorithms with the 

discriminative evaluation power of SVM. These findings 

suggest that the proposed hybrid feature selection 

mechanism can improve feature representation quality 

and classification performance for noisy Indonesian 

social media text. Nevertheless, several limitations 

should be acknowledged. The experiments were 

conducted on a relatively limited dataset, which may 

restrict the generalizability of the findings across broader 

domains and textual contexts. In addition, the study 

employed TF-IDF feature representations and evaluated 

only the LSTM architecture, whereas alternative 

contextual embeddings and more advanced deep 

learning models such as BiLSTM, GRU, Transformer-

based architectures, and IndoBERT may exhibit different 

optimization behaviors and classification performance. 

Furthermore, the computational cost associated with the 

GA-SVM optimization process remains a practical 

challenge when applied to large-scale datasets. Therefore, 

future research should investigate the proposed feature 

optimization strategy using larger and more diverse 

Indonesian textual datasets, explore its integration with 

contextual embedding techniques and advanced deep 

learning architectures, and examine approaches for 

improving computational efficiency, feature 

interpretability, and cross-domain generalization to 

further enhance the robustness and applicability of the 

proposed method. 
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