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Abstract 

Text classification is an important task in natural language processing that faces the main challenge of high 

dimensionality in the representation of text features, such as Bag-of-Words and TF-IDF. High dimensionality 

leads to data sparsity, increased computational complexity, and decreased model performance due to irrelevant 

and redundant features. Therefore, an effective feature selection method is needed to improve the accuracy and 

efficiency of text classification. This study aims to develop an optimal feature selection method by integrating 

Genetic Algorithm (GA) as a wrapper method, Linear Discriminant Analysis (LDA) for dimension reduction, and 

k-Nearest Neighbors (k-NN) as a classifier in a high-dimensional text classification pipeline. GA is used to 

explore a subset of features in an adaptive and global manner, LDA transforms features into spaces with maximum 

class separability, and k-NN classifies based on proximity within optimized feature spaces. Experiments were 

conducted on three standard text datasets, namely 20 Newsgroups, Reuters-21578, and BBC News, with a 

comprehensive evaluation using a variety of preprocessing configurations and feature representations. The results 

showed that the GA+LDA+k-NN approach significantly improved the classification accuracy compared to 

traditional feature selection methods such as Chi-Square, Information Gain, and Mutual Information. This 

approach is also more robust against noise and is able to handle minority classes better. These findings confirm 

the urgency of using evolutionary optimization-based feature selection methods in high-dimensional text 

classification, which not only improves model performance but also provides a practical solution for large-scale 

and complex text data processing. Thus, this research makes an important contribution both theoretically and 

applicatively in the development of modern text classification systems. 
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1. INTRODUCTION 

Text classification is one of the fundamental tasks in natural language processing that has wide 

applications, such as news categorization, email spam detection, sentiment analysis, and document 

recommendation systems [1]. With the rapid growth of digital text data, the need for classification 

methods that are not only accurate but also efficient has become more urgent. However, conventional 

text representations such as Bag-of-Words or TF-IDF result in very high-dimensional feature spaces, 

where each unique word in the corpus becomes a one-dimensional feature [2],[18]. Popular datasets 

such as 20 Newsgroups or Reuters-21578 can have tens of thousands of features, although only a small 

fraction are actually relevant to distinguish between classes [3],[19]. The high dimensionality in text 

representations gives rise to the curse of dimensionality phenomenon, which leads to a decrease in the 

performance of machine learning models when the number of irrelevant or redundant features increases 

[4],[20]. In the high-dimensional feature space, the data becomes increasingly sparse so that the distance 

between samples loses discriminatory meaning, especially in distance-based algorithms such as k-
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Nearest Neighbors (k-NN) [5],[21]. In addition, computational complexity increases exponentially, 

model training time becomes inefficient, and there is a risk of overfitting because models tend to learn 

noise rather than actual patterns [6]. Features in text representations are also often highly correlated and 

contain redundant information, thus requiring an effective feature selection or dimension reduction 

strategy to improve model generalization [7]. 

Various feature selection methods have been proposed in the literature, generally grouped into 

three main approaches: filters, wrappers, and embedded methods [8]. Filter methods such as Chi-Square 

(χ²), Information Gain (IG), and Mutual Information (MI) evaluate the relevance of features 

independently based on statistical measures, so the process is fast and scalable, but often ignores the 

interactions between features [9]. Embedded methods such as Lasso and Ridge Regression integrate 

feature selection into the model training process, but are limited to assumptions of linearity and depend 

on specific models [10]. Meanwhile, wrapper methods that evaluate a subset of features based on 

classifier performance tend to provide more accurate results, but have a very high computational 

complexity, especially in the exponential feature search space [11]. Previous research has shown that 

traditional filter methods such as χ² and IG often fail to capture combinations of features that are non-

linear and complementary, especially in datasets with semantically adjacent classes, such as technology 

and business categories in the news [12]. Deterministic wrapper methods such as Sequential Forward 

Selection or Backward Elimination are also vulnerable to being trapped in the local optimum and are 

unable to explore the solution space globally [13]. Therefore, the main limitation of existing methods 

lies in the lack of ability to explore complex feature interactions as well as inefficiencies in dealing with 

high-dimensional data. 

Based on the description above, there is still a research gap in developing feature selection 

methods that are able to: (1) explore combinations of features in an adaptive and global manner, (2) 

capture non-linear interactions between features, (3) work effectively on high-dimensional datasets with 

complex classes, and (4) provide significant performance improvements compared to conventional 

methods. This gap indicates the need for a new approach that is able to overcome the limitations of 

existing methods, especially in the context of large-scale and complex text classification. 

To answer this gap, this study proposes a Genetic Algorithm (GA)-based approach as a wrapper 

method for the selection of optimal features in text classification. GA is a metaheuristic algorithm 

inspired by the process of biological evolution, using selection, crossover, and mutation mechanisms to 

explore the search space globally [14]. In contrast to the deterministic method, GA is able to avoid the 

local optimum through the exploration of the solution population in parallel and stochastically [15]. In 

the context of feature selection, each individual in the population represents a subset of features 

evaluated based on fitness functions that directly measure classifier performance, thus being able to 

capture complex interactions between features [16]. This study further integrates GA with Linear 

Discriminant Analysis (LDA) for dimension reduction and k-Nearest Neighbors (k-NN) as a classifier. 

The combination of GA + LDA + k-NN is designed to take advantage of each other's advantages: GA 

selects a subset of discriminative features adaptively, LDA transforms features into spaces with 

maximum class compatibility, and k-NN classifies based on proximity within optimized feature spaces 

[17]. This hybrid approach is expected to provide a more robust solution to noise, be able to handle 

minority classes better, and significantly improve classification accuracy compared to conventional 

methods[25]. The main contributions of this research are as follows: 

Propose and implement a hybrid GA + LDA+ k-NN framework for the classification of high 

dimensional texts, with an evaluation on three standard datasets (20 Newsgroups, Reuters-21578, and 

BBC News) covering a wide range of complexity characteristics. 
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A systematic comparative analysis was conducted between GA and conventional feature selection 

methods (Chi-Square, Information Gain, Mutual Information) and statistical significance tests (ANOVA 

and Tukey HSD) to provide empirical evidence of the superiority of the proposed approach. 

Conduct ablation studies on various feature representations (TF-IDF, Word2Vec, BERT 

embeddings) and preprocessing configurations to provide practical recommendations based on the trade-

offs between accuracy and computational efficiency. 

Provides an in-depth analysis of GA parameters (population size, number of generations, mutation 

rate), computational costs, as well as misclassification analysis to understand when and why the 

proposed method is effective. 

The results of this study are expected to make a theoretical contribution to the development of 

feature selection methods based on evolutionary optimization, as well as provide practical guidance for 

the implementation of large-scale text classification systems. 

2. METHOD 

2.1. Research Methodology 

 

 
Figure 1 Research Methodology 

 

Process Details in Flowchart 

1. Start with the Text Dataset: The process starts with the collection of the dataset in the form of text. 

2. Preprocessing and Vectorization :D text attachments are preprocessed and then converted into 

numerical representations using the TF-IDF or BERT method. 

3. Early GA Population: Created an early population for genetic algorithms (GA). 

4. GA Wrapper Optimization 

a) The main process of feature optimization uses the wrapper method with genetic algorithms. 
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b) The steps in this optimization include: 

• Select a Subset of Features based on Binary Chromosomes: Select specific features based on 

a representation of binary chromosomes. 

• Dimension Transformation with LDA: Perform dimension reduction using Linear 

Discriminant Analysis (LDA). 

• Classification with k-NN: Perform the classification using the k-Nearest Neighbors 

algorithm. 

▪ Calculate Fitness Score: Calculate fitness score to evaluate the performance of a selected 

subset of features. 

5. Stop Criteria 

a) Check whether the criteria for quitting genetic algorithms have been met. If not, then a process 

of selection, crossover, and mutation is carried out to produce a new population and return to 

the optimization process. 

b) If yes, then the optimization process is complete. 

6. Final Output 

a) Get the best LDA features and weights. 

b) Conduct a final evaluation on the test set. 

c) sProcess complete. 

2.2.  Dataset 

This study uses the Reuters text dataset, which is a standard dataset in the field of document 

classification. This dataset contains a collection of news documents that have been labeled topic 

categories. The dataset is divided into training data and test data to ensure that the evaluation of model 

performance is carried out objectively. 

2.3.  Preprocessing Text 

The preprocessing stage aims to clean and normalize the text data before feature extraction is 

carried out. The preprocessing process includes: 

1. Case folding, which is turning the entire letter into lowercase. 

2. Tokenization, which is breaking text into word units. 

3. Removal of stopwords, to eliminate common words that do not have a significant contribution 

to classification. 

4. Stemming, to change a word to its basic form. 

This stage aims to reduce noise and improve the quality of the features produced. 

2.4.  Text Vectorization 

After preprocessing, the text document is represented in numerical form using the vectorization method, 

namely: 

• Term Frequency–Inverse Document Frequency (TF-IDF), which represents the importance of a 

word in a document relative to the entire document. 

• Another alternative is using BERT-based embedding, which is able to capture the semantic context 

of words in more depth. 

The vectorization results are in the form of a matrix of high-dimensional features that are inputs for the 

optimization stage. 

2.5.  Feature Selection Using Genetic Algorithm 

This study applies Genetic Algorithm (GA) as a wrapper-based feature selection method. Each 

chromosome is represented as a binary vector, where a value of 1 indicates a selected feature and a value 

of 0 indicates a feature not selected. The initial population was raised at random. 

The GA process is done iteratively to find a subset of features that produce the best classification 

performance. 

https://jutif.if.unsoed.ac.id/
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2.6.  Dimension Transformation with Linear Discriminant Analysis 

A subset of features of GA selection results was then transformed using Linear Discriminant 

Analysis (LDA). LDA is used for: 

Reduce data dimension 

• Maximizing separation between classes 

• Generate new features that are more discriminatory 

• This transformation is performed on each individual chromosome during the GA evaluation 

process. 

2.7.  Classification Using k-Nearest Neighbor 

The LDA transformation results are then used as inputs for the classification process using the k-

Nearest Neighbor (k-NN) algorithm. This algorithm classifies the data based on the proximity of the 

distance to the training data. The value of the k parameter  is determined based on the initial experiment. 

2.8.  Fitness Evaluation 

The performance of each chromosome was evaluated using evaluation metrics as fitness values, 

namely: 

a) Accuracy 

b) F1-score macro, which is more representative of data with unbalanced class distributions. 

This fitness value is used as the basis for the individual selection process in the Genetic Algorithm. 

2.9.  Operator Genetic Algorithm 

To generate a new population, three main GA operators are used: 

a) Selection: to select the individual with the best fitness. 

b) Crossover: to combine two parent chromosomes and produce new offspring. 

c) Mutation: to change genes randomly to maintain population diversity. 

This process is repeated until the quit criteria are met, such as the maximum number of generations or 

the convergence of fitness values. 

2.10.  Final Evaluation 

After the optimization process is complete, the best chromosomes that produce the highest fitness 

values are selected as the final model. The model is then evaluated using test data (test set) to measure 

the generalization performance of the classification system. 

3. RESULT 

This section reports the results of experiments aimed at answering RQ1--RQ4 through evaluation 

on three standard datasets. All metrics are reported as averages of 5-fold cross-validation. 

3.1.  Dataset & pre-processing statistics 

 

Table 1: Dataset summary statistics 

Dataset Document (total) class Average words per document Proportion of the majority class 

20 Newsgroups 18.846 20 300 5% 

Reuters-21578 21.578 10  200 12% 

BBC News 2.225 5 350 24% 
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This study used three standard text classification datasets: 20 Newsgroups, Reuters-21578, and 

BBC News. The original Reuters-21578 dataset had 90 categories with a multi-label structure reduced 

to 10 main labels in a single-label scheme to maintain evaluation consistency and compatibility with the 

classification methods used. This reduction is done by selecting the first label (primary label) for each 

document that has more than one category. 

Pra-proses standar diterapkan: lowercasing, penghapusan URL/angka, tokenisasi, stopword 

removal, dan lemmatization. Representasi TF-IDF menggunakan max_features=3000, sementara 

Word2Vec menggunakan embedding 300-dimensional. 

 

 
Figure 2 Comparison of Feature Selection Methods 

 

3.2.  Comparison of Feature Selection Methods  

The analysis in this section aims to evaluate the effectiveness of various feature selection methods 

in improving the performance of text classification models. The feature selection process plays an 

important role in reducing the data dimension, eliminating less relevant features, and retaining features 

that contribute significantly to model performance. Five approaches were tested to answer Research 

Question 1 (RQ1), namely how the feature selection method affects the results of TF-IDF representation-

based classification. 

The first method is the approach proposed by the Genetic Algorithm, which selects a subset of the 

optimal features of the TF-IDF representation. In this approach, the fitness function  is set based on the 

F1-macro value in the validation process, so that the feature selection is directly oriented towards 

improving classification performance. The second approach, Chi-Square (χ²), uses the principle of 

ranking features based on the strength of the relationship between the feature and the target class, then 

selects the best features as many top-k based on the highest score. 

The third method, Information Gain (IG), evaluates the contribution of each feature to entropy 

reduction, so that the feature with the  highest gain value  is considered the most informative to the class 

label. Furthermore, the Mutual Information (MI) implemented using the mutual_info_classif function  

of the scikit-learn library, assesses the statistical dependencies between the features and the target labels 

without assuming a linear distribution. Finally, No Feature Selection (No FS) is used as a baseline, 

where all 3,000 TF-IDF features are fed directly into the model without any filtering process. 

The comparison between these five methods provides a comprehensive overview of the extent to which 

feature selection techniques are able to improve the accuracy and efficiency of the model. Thus, the 

RQ1 analysis not only tests the effectiveness of the proposed algorithm, but also confirms the 

contribution of feature selection to performance improvement in the context of TF-IDF representation-

based text classification. 

https://jutif.if.unsoed.ac.id/
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3.2.1. Experimental setup 

To maintain fairness in the comparison process between feature selection methods, all approaches 

were tested with the same number of final features in each experiment. Three feature count scenarios 

are defined, namely k = 500, 1000, and 3000, which are used as sensitivity analysis to the size of a subset 

of features. This approach ensures that the observed performance differences come from the 

effectiveness of the selection method itself, not from variations in the number of features used in the 

classification model. 

In the Genetic Algorithm (GA) method as the proposed approach, the parameters are set using the 

default configuration used in the main experiment, namely a population (pop_size) of 50 individuals, a 

number of generations of 40, a crossover rate of 0.8, and a mutation rate of 0.02. The evaluation process 

of each chromosome in the population is carried out using a fitness function  based on the F1-macro 

value, which is calculated through a 3-fold internal cross-validation (CV) scheme. With the design of 

these parameters, GA is expected to be able to find the optimal combination of features adaptively, while 

maintaining a balance between exploration of the search space and convergence towards the best 

solution. 

3.2.2.  Result 

 

Table 2: Feature selection performance on 20 Newsgroups 

Method FS F1-macro Accuracy Precision Recall Number of Features (k) 

No FS 0.64 0.68 0.66 0.65 3000 

χ² (top500) 0.66 0.70 0.68 0.67 500 

IG (top500) 0.65 0.69 0.67 0.66 500 

MI (top500) 0.65 0.69 0.67 0.66 500 

GA (k=500) 0.70 0.73 0.72 0.71 500 

 

 
Figure 3 Model performance on the Reuters dataset 

 

GA consistently outperformed filter methods (χ², IG, MI) with an F1-macro increase of 4-6 points 

across different feature subset sizes (see Table 2). The most prominent advantage is seen in minority 

classes, indicating the ability of GA to find combinations of discriminatory features that are not captured 

by statistically based univariate methods. 

3.3.4 Significance test 

One-way ANOVA was carried out on F1-macro between FS methods (No FS, χ², IG, MI, GA) 

and then post-hoc Tukey HSD. Results: the difference between GA and traditional filter methods was 

significant with p < 0.01 (Tukey).  
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Discussion: Filter methods (χ², IG, MI) work quickly and steadily for global rankings, but tend to 

ignore complementary combinations of features. GA, as a wrapper/heuristic, evaluates a subset o 

features based on classifier performance so that it is able to find feature combinations that improve 

generalization, especially in datasets with high feature redundancy such as 20 Newsgroups.   
 

 
Figure 4 Ablation study effect vectorization 

 

3.3.  Performance of GA + k-NN + LDA hybrid system vs classical method  

3.3.1. Models compared 

This experiment was designed to evaluate the effectiveness of a hybrid approach based on Genetic 

Algorithm (GA) in improving text classification performance through integration with multiple machine 

learning algorithms. The three model groups were systematically compared, including the main hybrid 

model, the classical baseline, as well as additional hybrid variations for comparative analysis. 

First, a hybrid approach of GA + k-NN + LDA was developed as the main model. In this scheme, 

Genetic Algorithm (GA) is used to perform feature selection (FS), resulting in a subset of optimal 

features that are then fed into  the classification pipeline. Two variations were tested to observe the 

contribution of dimension reduction components, namely: 

(a) GA + k-NN, where the features of the GA selection results are directly classified using the k-

NearestNeighbors algorithm(k=5), and 

(b) GA + LDA + k-NN, where Linear Discriminant Analysis (LDA) acts as a linear transformation or 

dimensionality reducer before the classification process by k-NN. This variation allows analysis of the 

influence of the combination of dimension reduction and feature selection in improving model 

performance. 

Second, the classic baseline group is used as a benchmark to assess the extent to which the hybrid 

approach provides performance improvements. Models included in the baseline include Naïve Bayes 

(MultinomialNB), Support Vector Machine (SVM) with linear kernel, k-NN without a feature selection 

process, and LDA applied directly to TF-IDF data. This baseline serves as a benchmark for the 

effectiveness of GA integration in the classification pipeline. 

Third, to assess the consistency of GA's influence on other algorithms, additional experiments 

were conducted with the Hybrid ML approach: GA + SVM. This combination aims to observe whether 

the performance improvements achieved by GA are specific to k-NN, or also have a positive effect when 

integrated with SVM as an alternative classifier. 

Overall, the design of these three experimental groups allows a comprehensive analysis of GA's 

contribution in the feature selection process, both in the context of feature reduction, dimensional 

transformation, and adaptability to various machine learning algorithms. 

https://jutif.if.unsoed.ac.id/
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3.3.2. Summary results  

 

Table 3: Model performance on Reuters (5-fold average CV) 

Model Accuracy F1-macro Precision Recall 

MultinomialNB 0.72 0.60 0.63 0.59 

SVM (linear) 0.78 0.69 0.71 0.69 

k-NN (no FS) 0.74 0.66 0.67 0.66 

LDA (no FS) 0.70 0.62 0.63 0.62 

GA + SVM 0.80 0.71 0.73 0.71 

GA + k-NN 0.81 0.73 0.74 0.73 

GA + LDA → k-NN 0.83 0.76 0.77 0.76 

 

The GA+LDA+k-NN pipeline achieved the highest performance (accuracy 0.83, F1-macro 0.76) 

on the Reuters dataset, exceeding the SVM baseline by 5 points. LDA integration improves class 

separability after GA feature selection, allowing k-NN to work optimally in more discriminative feature 

spaces. 

 

  
Figure 5 Population Size Sensitivity Analysis 

3.3.3.  Analysis per class  

The confusion matrix shows the greatest increase in classes with adjacent semantics (e.g., 

business ↔ finance) and minority classes. GA was able to find domain-specific word combinations that 

were ignored by the univariate filter method, increasing recall by up to 8-12% in classes with a limited 

sample. 

3.4.  Ablation study: Preprocessing & Vectorization  

3.4.1. Variants tested 

The initial stages of this research are focused on the process of preprocessing, vectorization, and 

feature selection (FS) to ensure that text data is ready to be processed in the machine learning pipeline. 
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Each stage is designed with multiple configurations to systematically evaluate its effect on model 

performance. 

In the preprocessing stage, a series of text cleaning operations are carried out to reduce noise and 

retain relevant linguistic information. The variables explored included three main aspects, namely the 

removal of stopwords (on/off) to assess the influence of common words on feature representation, the 

selection of morphological normalization techniques between stemming and lemmatization to identify 

the most effective form of root words, and the setting of number preservation (keep numbers on/off) to 

determine the contribution of numerical information in the context of the analyzed text. The combination 

of these three aspects results in multiple pipeline variations that allow sensitivity analysis of 

preprocessing configurations. 

The next stage is vectorization, which aims to convert raw text into numerical representations that 

can be processed by machine learning algorithms. Three approaches were used in this study. First, TF-

IDF as  a traditional sparse representation  that is widely used in classical text analysis. Second, 

Word2Vec average embedding, which represents each document as a word vector average to capture 

the semantic relationships between words. Third, BERT embeddings, which produce sentence-level 

contextual representations and are optionally used to compare the effectiveness  of deep contextual 

representation-based approaches  to conventional methods. 

The last stage is feature selection (FS) which functions to filter the most relevant features from 

the vectorization results. Two main methods were used for comparison purposes, namely Genetic 

Algorithm (GA) as the main approach with the configuration that had been established in the main 

experiment, and Chi-Square (χ²) as the baseline statistical method. The comparison between GA and χ² 

allows an analysis of the advantages of an evolutionary optimization-based approach compared to 

conventional feature selection methods based on feature–class correlation. 

With this combination of preprocessing, feature representation, and feature selection stages, the research 

can comprehensively test the influence of each configuration on the final performance of the text 

classification model. 

3.4.2.  Summary results  

 

Table 4: Effect of vectorization and preprocessing on F1-macro (GA used for FS in each 

representation) 

Representasi Preprocess F1-macro 

TF-IDF (3000) Lemmatize + stopwords removed 0.70 

TF-IDF (3000) Stem + stopwords removed 0.68 

Word2Vec (avg) Lemmatize + stopwords removed 0.66 

BERT (CLS) Minimal cleaning 0.74 

 

3.4.3.  Practical recommendations 

Based on the results of experimental analysis and performance interpretation between model 

configurations, two main recommendations were obtained that considered the balance between model 

accuracy and computational resource efficiency. 

First, for scenarios with limited computing resources, the combination of TF-IDF + lemmatization 

+ Genetic Algorithm (GA) is the most efficient and balanced option. This approach provides stable 

performance with competitive accuracy levels, while maintaining relatively low computational 

complexity. The lemmatization process preserves meaningful linguistic representations, while GA 

effectively filters out the most relevant features without the need for high-powered hardware. As such, 

this configuration is the  best trade-off solution  for experimental environments or applications that have 

GPU and memory limitations. 

https://jutif.if.unsoed.ac.id/


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3414-3428 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5423 

 

 
3424 

Second, for maximum accuracy-oriented scenarios, a combination of BERT embeddings + GA is 

recommended as the flagship approach, noting that GPU resources are available. BERT is able to capture 

the deep semantic context between words and sentences, while GA can act as an adaptive selection 

mechanism to optimize the most informative subset of embedding dimensions. In its implementation, a 

dimension reduction strategy or feature pooling is needed  so that the evolution process in GA remains 

efficient in the high-dimensional feature space. This combination provides the best performance in terms 

of F1-macro and prediction stability, although it demands greater computing capacity. 

Overall, these findings suggest that the selection of the optimal configuration in text classification 

is not universal, but rather depends on the operational context and availability of resources. The TF-

IDF-based approach is more appropriate for efficiency and scalability, while the BERT-based approach 

is suitable for applications that demand high precision and can accommodate additional computing 

costs. 

3.5.  Analysis of GA parameter sensitivity & computational costs 

3.5.1  Sensitivitas parameter 

Evaluation of Genetic Algorithm parameters was carried out to understand the influence of 

evolutionary configuration on the stability and performance of the feature selection process. The three 

main parameters analyzed include population size, number of generations, and mutation rate. The results 

of the analysis show that each parameter has a different contribution to the balance between model 

accuracy and computational efficiency. 

First, in the aspect  of population size (pop_size), an increase in the number of individuals from 

20 to 100 indicates a marginal increase in model performance, which is about 1–2 points on the F1-

macro metric. However, this increase was followed by an almost linear increase in computing time 

relative to population size. Based on the observations, the pop_size range between 40 to 60 provides an 

optimal balance (sweet spot) between solution quality and time efficiency, making it the recommended 

configuration for the main experiment. 

Second,  the number of generation parameters  showed a consistent pattern of performance 

improvement up to about 40 generations, where the model still received significant improvements 

through the selection process and exploration of the solution space. However, after crossing that 

threshold (more than 60 generations), the relative performance improvement began to slow down, while 

computing costs increased disproportionately. This indicates that the relative efficiency of GA decreases 

after the convergence point, where the population has reached solution stability. 

Third, analysis of the mutation rate shows that low mutation values in the range of 0.01–0.05 

result in the best performance and stable convergence. Too high a mutation value causes the algorithm 

to lose its optimal search direction, because the excessive mutation process makes the evolutionary 

mechanism almost random. Therefore, conservative mutation rate  settings  are important to maintain a 

balance between exploration and exploitation in the feature optimization process. 

Overall, these results suggest that GA performance is highly dependent on balanced parameter 

settings. The combination of  moderate pop_size (40–60), the number of generations around 40, and the 

low mutation rate (0.02–0.05) proved to provide the best compromise between the accuracy of feature 

selection results and the efficiency of computational time. 

 

Table 5. Performance vs compute time 

Konfigurasi F1-macro Waktu (menit) 

20×20 0.69 18 

50×40 0.73 62 

100×60 0.74 210  
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3.5.2. Complexity & recommendations 

GA is computationally expensive because fitness evaluation requires classifier training for each 

individual. Recommendation: use a fitness surrogate (e.g. subset evaluation with a mild classifier), 

parallelization (multiprocessing), and early stopping (if fitness does not improve in n generations). 

3.6.  Fault analysis 

3.6.1.  Common Error Patterns 

Analysis of the classification results shows that there are a number of common error patterns that 

consistently appear across different model configurations. Understanding these error patterns is 

important to identify the limitations of the approach used and provide a basis for developing 

improvement strategies at a later stage. In general, the most common misclassification can be 

categorized into three main types: semantic ambiguity, limited information in short documents, and 

noise due to noisy text. 

First, errors caused by ambiguity/overlap semantics appear in documents that contain cross-

domain topics, such as texts that discuss technology and business aspects. In cases like these, feature 

representations tend to capture words that have double relevance, so the model has difficulty 

determining dominant classes. As a result, the documents are often misclassified into semantically 

incorrect categories but are still thematically close. This shows the limitations of the model in dealing 

with overlapping conceptual contexts. 

Second, errors associated with very short documents are generally caused by feature sparsity. 

Documents that consist of only one or two sentences, such as news headlines or short quotes, do not 

provide enough contextual information for the model to make accurate class inferences. This condition 

mainly impacts the low recall metrics  , as the model fails to recognize semantic variations from minor 

instances that rarely appear in the training data. 

Third, the most prominent category of errors comes from text that contains noise, such as emails 

or forum posts that contain signatures, quotes, or pieces of program code. These elements generate 

irrelevant tokens and add noise to the feature space. In these cases, a more aggressive text cleanup 

strategy, such as the removal of regex patterns  for HTML tags, email addresses, or code snippets, is 

necessary in order for the model to focus on the main semantic content. 

Overall, this error pattern indicates that the performance of text classification models is highly 

dependent on the quality of representation and cleanliness of the data. By improving preprocessing 

strategies  and enriching the context of semantic representations, especially for short and ambiguous 

documents, model performance can be significantly improved in later stages of development. 

4. DISCUSSIONS 

this study successfully showed that the integration of genetic algorithm (ga) for feature selection, 

linear discriminant analysis (lda) for dimension reduction, and k-nearest neighbors (k-nn) as a classifier 

consistently improved the performance of high-dimensional text classification on various standard 

datasets such as 20 newsgroups, reuters-21578, and bbc news [22]. ga is able to increase f1-macro by 

up to 4 percentage points compared to traditional filter methods, especially in minority classes and cases 

with non-linear complementary features. the ga+lda+k-nn pipeline has also been shown to be more 

robust against noise and preprocessing variations, and provides an optimal trade-off between accuracy 

and computational efficiency in the tf-idf + lemmatization configuration.  

These results confirm that evolutionary optimization-based feature selection such as GA can 

explore feature combinations that are not covered by conventional statistical methods [21]. GA 

adaptively selects features that synergistically improve model generalization, while LDA clarifies class 

boundaries in the reduced feature space. Superior performance on minority classes and borderline cases 
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indicates that this approach is effective in handling sparsity and semantic ambiguity common in text 

data. 

The validity of the results was supported by a 5-fold cross-validation scheme and statistical 

significance tests (ANOVA and Tukey HSD), which showed that the performance difference between 

the ga and the filter method was statistically significant (p < 0.01). all experiments were carried out with 

consistent control of the number of features between methods, as well as testing on various 

preprocessing configurations and feature representations (tf-idf, word2vec, bert), so that the results 

obtained could be directly attributed to the effectiveness of the test feature selection method[24]. 

Compared to filter methods such as Chi-square, Information Gain, and Mutual Information, the Ga 

approach consistently yields better results, especially on datasets with high feature redundancy levels 

and semantically adjacent classes. While the filter method is fast and stable for global rankings, they 

tend to ignore complex feature interactions[20].  GA, as a heuristic wrapper, is able to find combinations 

of features that improve generalization, and these results are in line with findings in the current literature 

that highlight the advantages of metaheuristics in feature selection for high-dimensional data[23]. 

The main contribution of this study is the empirical proof that the GA + LDA + k-NN hybrid 

pipeline can significantly improve the accuracy of text classification on high-dimensional datasets. 

theoretically, this study strengthens the position of ga as an effective feature selection method to capture 

non-linear interactions between features. practically, this study provides recommendations for efficient 

system configuration for various resource scenarios, as well as provides a sensitivity analysis of the ga 

parameter that can be used as a reference in the implementation of large-scale text classification systems. 

The main limitation of this study lies in the high computational cost required by GA, especially 

in very high-dimensional feature datasets and representations such as BERT. In addition, although it has 

been tested on several domains, the generalization of results to very specific domains still needs to be 

further validated. The model also still faces challenges on short documents and multi-label cases, where 

contextual information is limited or the document labels more than one. 

The theoretical implication of this study is the need for further development on evolutionary 

optimization-based feature selection strategies, in particular to address contextual embedding and 

complex label structures. Practically, this study opens up opportunities for the application of the Ga + 

Lda + K-Nn pipeline in the production text classification system, with adjustments to computing 

resources. Further research directions include the integration of surrogate models to accelerate fitness 

evaluation in GA, exploration of hybrid embeddings (tf-idf + bert), testing on multi-label and 

hierarchical classification scenarios, and validation in more diverse domains and languages. In addition, 

it is necessary to quantify energy and time efficiency to ensure the sustainability of large-scale 

implementation. 

5. CONCLUSION 

5.1.  Conclusion of the Research Results 

This study emphasizes the importance of developing effective text classification methods to face 

the challenge of high dimensionality in text datasets. Feature selection is a crucial stage in this process, 

as it reduces redundancy and improves the performance of the classification model. The proposed 

approach, namely a combination of Genetic Algorithm (GA) for feature selection, Linear Discriminant 

Analysis (LDA) for dimension reduction, and k-Nearest Neighbors (k-NN) as a classifier, has been 

proven to be able to overcome the limitations of conventional methods. GA adaptively explores the 

solution space and selects the most relevant feature subsets, while LDA improves interclassibility, and 

k-NN provides competitive classification results on optimized feature spaces. Testing on several 

standard text datasets showed that the integration of GA + LDA + k-NN resulted in a significant increase 

in accuracy compared to traditional feature selection methods. In addition, this approach is also more 

robust against noise and is able to handle data complexity better. Thus, this research makes a significant 
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contribution to the development of large-scale text classification systems, as well as offering  practical 

and empirical solutions for the implementation of evolutionary optimization-based feature selection on 

different types of text datasets. 

5.2. Development Suggestions  

1. Hybrid Strategy Variants: Explore other hybridization strategies such as parallel hybrids, 

embedded hybrids, or sequential hybrids with different intensities. 

2. Machine Learning Integration: Integrates machine learning to automatically predict the best 

phase transitions. 

Distributed Computing: Implement hybrid algorithms in distributed computing environments for 

better scalability. 
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