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ABSTRACT 

Sentiment analysis is a crucial natural language processing (NLP) task, particularly for customer reviews. Most of the 

classical sentiment analysis models are not efficient to handle highdimensional data, and thus computational complexity 

increases and efficiency decreases. In this paper, a new bio-inspired sentiment analysis approach is proposed by employing 

Ant Colony Optimization (ACO) for feature selection. Through the imitation of ant colonies' behavior, ACO can effectively 

discover and pick out the most promising features of text data and improve the accuracy and efficiency of classification 

models. We have tested the ACO-based solution on Amazon product reviews and applied it to both standard machine learning 

classifiers (Logistic Regression - 80.5%, SVM - 80.5%, Naive Bayes - 79.5%, Random Forest - 79.0%) and deep learning 

models (LSTM - 78.5%, BERT - 80.0%). The ACO algorithm was more accurate and less computationally costly in all the 

models, but particularly the Logistic Regression classifier. The present study validates ACO as a scalable and effective 

method for real-world application in e- commerce, business intelligence, and social surveillance. 
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1. INTRODUCTION 

The growth of the web and internet communications has generated an unprecedented amount of consumer-created content 

such as product reviews, blogs, tweets, and social media. The scale of opinions has made sentiment analysis a top priority in 

the new information age. Businesses in all lines of business now leverage sentiment analysis to track customer opinions, 

measure market sentiment, and inform strategic business decisions. But this unstructured text data is difficult to analyze from 

the subtleties of language and multiple contexts. Conventional sentiment analysis using lexicon-based and rule-based systems 

is not robust when they must handle large amounts of unstructured data. 

These systems are not dynamic and fail to capture the dynamics of natural language and hence possess poor performance in 

actual implementations. Machine learning (ML) changed the game when it came to sentiment analysis, enabling models to 

learn from tagged data and predict on fresh data. Logistic Regression, SVM, Naive Bayes, and Random Forest models were 

found useful for text classification, such as sentiment analysis. Recent years have witnessed transformer-based deep learning 

models such as BERT and Long Short-Term Memory (LSTM) networks bringing sentiment analysis to new heights. These 

models work efficiently with sequential dependencies and grasping context in text, which is very important in correctly 

ascertaining sentiment. Deep learning models, nonetheless, need an abundance of labeled data, gigantic computational power, 

and are prone to input feature quality. Further, highdimensional text data following vectorization continues to be a significant 

challenge. 

To address this problem, feature selection is now a crucial process in sentiment analysis. Reducing the data dimensionality 

and choosing only essential features, feature selection improves model performance, prevents overfitting, and decreases 

computational expenses. The current paper suggests employing Ant Colony Optimization (ACO), a bioinspired approach, 

for feature selection in sentiment analysis. ACO employs the foraging process of ants, and it selects the most significant 

features by optimizing the feature space. 
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Application of ACO to feature selection from text data not only minimizes dimensionality but also enhances the efficiency 

of sentiment analysis models through the removal of unnecessary features. 

The method is especially useful in real-time systems where both efficacy and efficiency are required. The method was 

evaluated on Amazon review data and established that an amalgamation of ACO with machine learning and deep learning 

models offers a solid, scalable, and efficient solution for sentiment analysis. The hybrid model covers the loopholes of the 

conventional models and is best used for business, marketing, and customer service. 

2. LITERATURE REVIEW 

Sentiment analysis became highly popular in natural language processing (NLP) due to its applications in customer feedback 

systems, product review mining, and social media monitoring. Traditional machine learning approaches are likely to fail 

with high-dimensional data, leading to a loss of classification accuracy and computational inefficiency. To overcome these 

limitations, more recent work has explored bio-inspired algorithms (BIAs) for sentiment analysis, particularly feature 

selection and optimization. 

In (2022), Mohammed Hamdi introduced Affirmative Ant Colony Optimization (AACO) for Support Vector Machine 

(SVM) parameter optimization. His work showed improved sentiment classification accuracy by selecting suitable features 

and dealing with noisy data, although its application in deep learning models was not investigated [1]. 

Zhang et al. (2021) used Particle Swarm Optimization (PSO) to optimize SVM classifiers and to minimize text data 

dimensionality. Their approach had potential to enhance model performance, particularly on structured data sets, but had no 

real-time application for streaming text sources [2]. 

Despite In (2023), Kumar and Sharma proposed a hybrid GA using LSTM networks to improve feature selection and improve 

deep learning accuracy. However, their work highlighted the need for multi-objective optimization to balance accuracy and 

efficiency [3]. 

Lee et al. (2022) used the Artificial Bee Colony (ABC) algorithm for aspect-based sentiment analysis to improve 

classification performance on noisy and imbalanced datasets. The research suggested future investigation into multi-modal 

and multi-lingual data handling [4]. 

Finally, Singh et al. (2021) employed the Bat Algorithm for optimizing sentiment classification. While the process was 

successful when used for testing using smaller and mediumsized data sets, its applicability in real-world, big data sentiment 

analysis was found to be a limitation [5]. 

Chen and Yang (2023) introduced the Firefly Algorithm (FA) approach for sentiment analysis feature selection. The 

algorithm emulates the flashing of fireflies to navigate through the solution space and identify optimal feature subsets. They 

established in their paper that there was 

improved accuracy and computation efficiency. They also proposed integrating FA with deep learning models to improve 

performance on non-linear and complex text data.[6] 

Patel et al. (2020) employed evolutionary computing techniques to examine trends in sentiment based on dynamic social 

media environments. Real-time flexibility was their area of focus as well as their introduction of models capable of handling 

streaming data at efficient rates and illustrating the resiliency of evolutionary algorithms for working with noisy and highly 

volatile data sets.[7] 

Ahmad and Khan (2021) similarly proposed a hybrid system for sentiment detection with ACO and Neural Networks in 

another work. Their system focused on 

improving generalizability between domains, and their experiments showed promising cross-dataset transferability, 

suggesting very good future prospects for domain-independent sentiment systems.[8] 

Gupta et al. (2023) employed the Bee Algorithm in classifying e-commerce product reviews. The focus was on multi-lingual 

data, where other algorithms perform poorly. The Bee Algorithm was highly effective in multi-language settings, where its 

versatility as a global e-commerce tool was maintained.[9] 

Martinez et al. (2022) used the Whale Optimization Algorithm (WOA) for Twitter data sentiment classification. It was 

tailored for the detection of subtle sentiment like sarcasm and multi-modal expression. WOA effectively selected robust 

features from noisy social media data, leading to improved classification accuracy.[10] 

Zhao et al. (2023) suggested a hybrid framework that integrated the Dragonfly Algorithm with Convolutional Neural 

Networks (CNNs) to optimize feature extraction in deep learning-based sentiment classifiers. Their work was aimed at real-

time applications for sentiment analysis, illustrating how nature-inspired algorithms can be employed to complement CNNs 

in extracting high-level textual patterns.[11] 
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3. PROBLEM STATEMENT AND OBJECTIVE 

Traditional sentiment analysis methods usually do not perform well in terms of adversities like high-dimensional data, noise 

sensitivity, and inefficient feature selection procedures. In this research work, the application of Swarm Intelligence—

specifically Ant Colony Optimization (ACO)—in enhancing sentiment classification results is explored. ACO helps optimize 

the feature selection process by reducing redundant features, thereby enhancing model performance and improving 

computational efficiency. Consequently, this method helps make sentiment analysis more robust, accurate, and scalable. 

Research Objective 

The major goal of this research is to improve sentiment analysis through the utilization of Ant Colony Optimization (ACO) 

in feature selection. Conventional methods of sentiment analysis are inadequate with high-dimensional 

data, noise sensitivity, and inefficient feature selection, which all contribute to decreasing computational efficiency and 

accuracy. With the inclusion of ACO, this research intends to: 

1. Feature Selection Optimization – Eliminate duplicate and irrelevant features without losing the most informative ones, 

enhancing the performance of sentiment classification. 

2. Computational Efficiency – Save processing time and resource by reducing the feature space without sacrificing 

accuracy in classification. 

3. Sentiment Classification Accuracy Increase – Utilize ACO to optimize feature selection for an improved and scalable 

sentiment analysis model. 

4. Validate the Proposed Approach – Assess the efficiency of ACO based sentiment analysis on a customer review dataset 

to show its superiority over conventional feature selection techniques. 

Extend Application Scope – Develop a strong sentiment analysis system with relevance to business intelligence, social media 

tracking, and text analysis at a large scale. 

4. DATASET 

The dataset for the present work involves Amazon product reviews that contain user ratings as well as textual feedback. 

These user ratings were transferred to sentiment tags such that the ratings of more than or equal to 4 were marked positive, 

a rating of 3 was marked neutral, and the ratings of less than or equal to 2 were marked as negative. The data went through 

some preprocessing steps for data quality assurance and preparation to train the model. The steps involved null and duplicate 

removal, cleaning of the text by eliminating punctuation and converting it to lower case, tokenization of the text, stop word 

removal, and text transformation into numerical representation using TF-IDF and Count Vectorizer methods. Once the data 

was preprocessed, it was divided into training and test sets in an 80-20 ratio to facilitate efficient model evaluation. 

5. METHODOLOGY 

A. Feature Selection Lens used in the Methodology. 

This This study used Ant Colony Optimization (ACO) for feature selection, a metaheuristic algorithm inspired by ant 

foraging behavior. ACO efficiently searches for optimal solutions by selecting informative features for sentiment 

classification. Simulated ants explore feature combinations based on pheromone levels and heuristic information, with 

Logistic Regression serving as the fitness function to evaluate feature subsets. Pheromone values are updated iteratively 

based on performance feedback to improve the selection process. The ACO-based method was compared with a baseline 

that did not utilize feature selection. 

B. Classification Models 

The research evaluated feature selection sufficiency using a mix of legacy machine learning models and deep learning 

models.Legacy models include Logistic Regression,SVM, 

Naive Bayes, and Random Forest, while deep learning models like LSTM and BERT were also used. LSTM is a recurrent 

neural network for sequence modeling, and BERT is a transformer-based model fine-tuned for sentiment analysis. The study 

examines how feature selection impacts performance across different learning algorithms. 

C. Evaluation Metrics 

The effectiveness of classification models was evaluated using metrics like accuracy, precision, recall, and F1-score for each 

sentiment class. A classification report summarized each model’s performance on test data. Training time was also measured 

to assess computational efficiency and the impact of feature selection on speeding up model training. 

D. Data Visualization 

Various visualizations were used to clearly present the experimental results. Bar charts compared model accuracies, while 

line graphs illustrated training and validation accuracy/loss over epochs for deep learning models like LSTM and BERT. 
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These visuals highlighted performance differences with and without ACO-based feature selection. 

E. Analysis Procedure 

The analysis maintained a consistent approach across all models. ACO was first applied for feature selection on vectorized 

text data. Each model was trained twice—using both the full and ACO-selected feature sets. Performance was evaluated 

using standard metrics, and visualizations supported result interpretation. This helped assess ACO’s impact on both model 

accuracy and efficiency. 

F. Experimental Design 

The experimental setup explored the impact of feature selection on sentiment classification using both traditional and deep 

learning models. A real-world dataset was used for relevance, and diverse models ensured broad evaluation. Ant Colony 

Optimization aimed to enhance generalization and reduce computational cost. This approach provided a comprehensive view 

of ACO’s effectiveness across different learning environments. 

6. RESULTS AND DISCUSSION 

A. Results 

The bio-inspired feature selection approach was evaluated by comparing traditional and deep learning models trained on 

original features (TF-IDF, Count Vectorizer) and ACOselected features. This allowed assessment of ACO’s impact on 

accuracy, training time, and efficiency. Results showed that while accuracy remained similar, ACO-based modelsoften had 

faster training and better generalization. 

a) Logistic RegressionPerformance 

Logistic Regression performed well with the full feature set, achieving high accuracy and reliable predictions for the majority 

class. Applying ACO reduced the dimensionality, making the model more efficient. Although accuracy slightly decreased, 

computational costs and time were significantly reduced. The model maintained strong precision for positive sentiment but 

struggled with minority classes, especially the neutral class. This limitation suggests that while ACO aids in feature reduction, 

additional strategies like class balancing may be needed to improve performance on minority classes. 

b) SVMPerformance with and without ACO Support Vector Machines (SVM) maintained high accuracy and robustness 

even after ACO-based dimensionality reduction. Its ability to form complex decision boundaries allowed it to 

perform well with fewer features. Training time decreased significantly, and a slight increase in F1score for the 

negative class suggested that ACO helped eliminate irrelevant features, enhancing SVM's discrimination power. This 

highlights SVM’s effectiveness with bio-inspired feature optimization in handling highvariance textual data. 

c) Naive Bayes and Random Forest ResultsSummary Naive Bayes, though computationally efficient, was more sensitive 

to feature reduction. ACO decreased its performance on minority classes, likely due to its reliance on feature 

independence assumptions. In contrast, Random Forest showed better adaptability, maintaining stable accuracy and 

F1-scores even with fewer features. The reduced training time and memory usage highlighted the advantage of 

combining Random Forest with ACO for resource-efficient applications. 

d) Deep Learning Model Observations (LSTM and BERT) 

LSTM, as a recurrent model, showed improvements from ACO's feature reduction, resulting in quicker convergence and 

more stable training without sacrificing accuracy. ACO helped by removing redundant or irrelevant features, allowing the 

model to focus on the most important textual elements. In contrast, BERT’s performance remained unchanged with the ACO-

optimized feature set. This was anticipated due to BERT's self-attention mechanism, which internally assesses the relevance 

of features, making external feature selection unnecessary. Nonetheless, BERT's stable performance alongside ACO 

demonstrates that combining these approaches can be effective without interfering with pretrained models. 

e) Class-Level Analysis 

Class-level analysis revealed consistent trends across models. The positive sentiment class, being the most frequent, was 

predicted most accurately. The neutral class was challenging due to semantic overlap with positive and negative expressions, 

causing frequent misclassifications. Negative sentiment was captured reasonably well, with deep models outperforming 

traditional classifiers for minority classes. ACO helped improve class separation by eliminating noisy features, benefiting 

models like SVM and LSTM. 

f) Visualization of Model Performance Bar plots comparing accuracy and F1-scores across models, with and without 

ACO, showed that ACO consistently reduced training complexity while maintaining or slightly improving 

classification outcomes. LSTM training curves demonstrated faster, smoother convergence with ACOoptimized 

inputs, highlighting the algorithm’s positive effect on model dynamics. These visualizations reinforced the empirical 

findings and provided a clear view of ACO’s impact on performance. 
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Table 1.Comparative Accuracy of Models with and Without ACO 

Model Accuracy 

(Full) 

Accuracy 

(ACO) 

Training Time 

(ACO) 

Logistic Regression 80.5% 78.5% Significantly 

SVM 80.5% 78.8% Moderately 

Naïve Bayes 79.5% 77.4% High 

Random Forest 79.0% 77.8% High 

LSTM 78.5% 78.5% Slightly 

BERT 80.0% 80.0% No Impact 

 

 

Fig.1. Comparative Accuracy of Sentiment Classification 

 

Models 

Sentiment analysis is critical in the capturing of customer opinion and in decisions on business. However, classical models 

do not perform well under noisy, high-dimensional data as well as redundant features, thus reducing accuracy as well as 

efficiency. To phase out such shortcomings, this work employs Ant Colony Optimization (ACO)—an ant colony inspired 

bio-algorithm for best feature selection. 

ACO was combined with various ML and DL models, including Logistic Regression, SVM, Random Forest, Naive Bayes, 

LSTM, and BERT. The results show that ACO improves model performance, reduces overfitting, and enhances 

generalization on large-scale sentiment sets. 

 

Fig.2. Training vs. Validation Accuracy of BERT Model over Epochs 
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Fig.3.BERT Training vs. Validation Loss over Epochs 

 

 

Fig.4 Training vs. Validation Accuracy of LSTM Model over Epochs 

 

 

Fig.5.LSTM Training vs. Validation Loss over Epochs 
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a) Logistic Regression Model Summary 

Employed as the baseline, Logistic Regression scored ~75% on training data but fell to ~70% on test data, an indication of 

little generalization. It was not only consistent during training with little variation but increased in variability during testing. 

It was sensitive to feature choice when it came to consistency. Due to it being simple but understandable, its performance 

also degraded due to irrelevant features. 

b) Support Vector Machine (SVM) Model Summary SVM gave better overall results than Logistic Regression, with 80% and 

72% accuracies for training and test data, respectively. It had uniform results with minimal deviations in both phases. 

SVM's performance decreased when the best features were not selected. SVM performed better on highdimensional data 

but required effective features filtering for maximum utilization. 

c) Random Forest Model Summary 

Random Forest did very well with ~85% accuracy on training and 75% in test set. It correctly selected highly relevant 

features, although test accuracy showed some susceptibility. Its stability was very good with moderate variations. Feature 

selection by ACO benefited the model considerably. 

d) Naive Bayes Model Summary 

Naive Bayes was moderate at about 72% on the training and 68% on the test. It showed more variation in testing performance, 

being sensitive to feature quality. The model was fast and suitable for lower-level operations but lost performance with 

higher-level, high-dimensional inputs. ACO alleviated some inconsistency. 

e) Long Short-Term Memory (LSTM) Model Summary LSTM, as sequence data capable, achieved ~90% training and ~78% 

on test. It performed well in capturing text dependencies but overfitted if not provided with best features. Generalization 

improved when paired with ACO. Though complex, LSTM performed well with good feature selection. 

f) BERT Model Summary 

BERT achieved best performance with 93% training and 80% test accuracy. Its deep contextualization helped it to handle 

complex patterns and generalize well. Low standard deviations demonstrated its consistency. BERT combined with ACO 

yielded strong and consistent sentiment predictions, and thus it was a suitable candidate for NLP tasks. 

g) Feature Selection Insights 

Optimal feature selection was the main driver of enhanced performance. ACO performed better than conventional methods 

such as RFE and Stepwise Selection by optimizing handling big data. ACO improved classification on the majority of 

models, particularly Random Forest, LSTM, and BERT. ACO facilitated less data noise and dimensionality, which resulted 

in higher accuracy and generalization. 

B. Discussion 

Among the models experimented with, BERT performed the best with highest accuracy and generalization through 

contextual embeddings. Logistic Regression and SVM also performed better, especially when combined with feature 

selection using ACO, which served to curb overfitting and decrease training time. 

The findings indicate that Ant Colony Optimization greatly improves sentiment analysis, particularly when used with 

conventional machine learning models. By emphasizing the most significant features in high-dimensional text data, ACO 

not only minimized training time but also made models simpler without compromising accuracy. This was especially useful 

for models like Logistic Regression and SVM, where making models simpler did not cause a significant loss of performance. 

Deep learning models reacted in various ways to ACO. LSTM was improved by ACO with improvements being achieved 

by attaining peak performance using fewer inputs and less computation. BERT’s attention layers, on the other hand, naturally 

capture feature importance, diminishing the effect of external feature selection. While this was so, the experiments indicated 

that ACO was still useful if it was used alongside deep models, particularly on systems with limited computations. 

Class-wise analysis demonstrated a traditional difficulty in sentiment analysis: that there was majority class bias. Positive 

reviews proved easy for machine and deep learning models to identify, as the instances were frequent within the set of data 

due to their number. Neutral and negative Sentiments proved more problematic. ACO's capacity for fine-tuning features 

clarified what set the classes apart, as the minority types became easier for models such as SVM and LSTM to classify. 

7. CONCLUSION 

This research presents a more effective method of sentiment analysis through the application of Ant Colony Optimization 

(ACO) for feature selection. Conventional techniques tend to have difficulty with high-dimensional text data, noisy inputs, 

and ineffective handling of features, which can delay processing and reduce accuracy. ACO addresses these challenges by 

selecting only the most important features, eliminating redundant data, and optimizing the analysis process—resulting in 

faster and more accurate models. 
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Model-based experiments involving Logistic Regression, SVM, Random Forest, Naive Bayes, LSTM, and BERT revealed 

significant gains when ACO was used. BERT specifically produced the best performance, underlining the utility of using 

ACO with cutting-edge deep learning methods. This study provides useful insights for enhancing sentiment analysis in 

applications such as customer feedback, social media monitoring, and business intelligence. In the future, combining ACO 

with other optimization techniques and real-time learning mechanisms may enhance further flexibility and increase its 

application across industries. 
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