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Abstract 

Analyzing sentiment is crucial for understanding public opinion on various issues in marketing, politics, 

and social sciences. This study compares the performance of seven different machine learning 

algorithms for sentiment classification, focusing on their effectiveness, accuracy, and complexity. The 

research is conducted on a pre-processed dataset with balanced text samples, utilizing feature 

extraction methods such as Term Frequency-Inverse Document Frequency (TF-IDF). The performance 

assessment criteria consist of accuracy, precision, recall, F1 score, and overall computational 

efficiency. Results indicate that Support Vector Machines (SVM) outperform other classifiers, followed 

by ensemble methods like Gradient Boosting and Random Forest. Recent studies have reinforced the 

effectiveness of deep learning models in sentiment classification, particularly Convolutional Neural 

Networks (CNN) and Recurrent Neural Networks (RNN), which have demonstrated higher accuracy 

compared to traditional methods. Additionally, advancements in hybrid approaches, such as quantum-

classical machine learning, have shown promising results, particularly after incorporating dimension 

reduction techniques. Moreover, recent research has highlighted challenges in deep learning-based 

sentiment analysis and emphasized future directions, including improvements in text representation and 

embedding techniques. This study also discusses the implications of model selection and suggests that 

future research should explore deep learning approaches and hybrid models. 
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INTRODUCTION 

Sentiment analysis, also known as opinion mining, involves classifying opinions into categories such 

as positive, negative, or neutral. This technique is widely used in various domains, including customer 

feedback, social media monitoring, political analysis, and assessing public sentiment toward products 

or services. The integration of machine learning techniques has significantly enhanced the automation 

and accuracy of sentiment classification. However, 

selecting the appropriate algorithm necessitates 

careful consideration of performance, scalability, 

and computational efficiency, as each algorithm 

exhibits varying efficiency depending on data types 

and tasks [1]. 

 

This research presents a comparative analysis of 

various machine learning algorithms applied to 

sentiment analysis, including Logistic Regression, 

Naive Bayes, Support Vector Machine (SVM), 

Random Forest, Decision Tree, Gradient Boosting, 

and K-Nearest Neighbors (KNN) [2]. The 

comparison emphasizes classification effectiveness, 
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primarily assessed through accuracy in sentiment prediction, along with computational efficiency, 

which is evaluated based on training and inference speed. Furthermore, the study seeks to understand 

the advantages and drawbacks associated with each algorithm. Recent studies have explored the 

effectiveness of various machine learning algorithms in sentiment analysis, showing that deep learning 

approaches such as Long Short-Term Memory (LSTM) and Transformer-based models like BERT 

significantly improve sentiment classification accuracy compared to traditional machine learning 

methods [3]. 

 

Moreover, sentiment analysis research has expanded to incorporate hybrid approaches, integrating 

quantum computing and deep learning, which have shown promising results in optimizing model 

efficiency and performance [4]. As sentiment analysis evolves, researchers continue to explore 

improved feature extraction techniques such as contextual embeddings. These advancements indicate 

that future studies should explore the potential of combining traditional machine learning with modern 

deep learning architectures to enhance sentiment analysis performance [5–8]. 

 

LITERATURE REVIEW 

Various studies have focused on sentiment analysis and its application in machine learning (Table 1). 

Early works such as highlighted the effectiveness of Support Vector Machines and Naive Bayes for 

sentiment classification, establishing a foundation for using these models in NLP tasks [9–14]. Later 

works introduced Convolutional Neural Networks (CNNs) for sentiment analysis, presenting an 

innovative method of handling complex text patterns, and showing the rise of deep learning techniques 

in this domain. Despite the growing prominence of deep learning, traditional machine learning methods 

still offer advantages in terms of computational efficiency and interpretability [15–19]. 

 

Research from 2015–2020 

• Zhang et al. (2015) [20] explored the use of deep learning techniques, particularly Long Short- 

Term Memory (LSTM) and CNN, for sentiment analysis. Their study demonstrated the ability 

of these models to capture contextual information and long-range dependencies within text data, 

which is particularly useful for understanding sentiment in longer text sequences, such as product 

reviews and social media posts. 

• Joulin et al. (2016) [7] proposed a more efficient and scalable text classification model, FastText, 

which significantly reduced training time while maintaining high accuracy. FastText enhanced 

traditional bag-of-words models by considering subword information, improving the model's 

ability to handle rare words, and out-of-vocabulary tokens, which are common challenges in NLP 

tasks. 

• Assiri et al. (2020) [21] examined the combination of traditional machine learning models with 

ensemble methods for sentiment classification tasks. Ensemble learning combines the outputs of 

multiple models (classifiers) to improve the overall accuracy and robustness of predictions. Their 

findings indicated that combining models like SVM, Naive Bayes, and Random Forest in an 

ensemble structure improved classification accuracy and robustness, especially on noisy datasets, 

which are common in real-world applications. 

• Gao et al. (2021) [22] investigated the impact of feature selection on sentiment analysis 

performance. Feature selection refers to the process of identifying and using the most relevant 

features (or variables) for a model. Gao et al. found that using domain-specific lexicons (such as 

sentiment lexicons) in conjunction with traditional feature selection methods significantly 

enhanced the accuracy of sentiment classification models, especially in niche areas like product 

reviews. 

• Zhou et al. (2020) [23] explored the use of BERT (Bidirectional Encoder Representations from 

Transformers) in sentiment analysis tasks. BERT is a transformer-based model pre-trained to 

produce context-aware word embeddings, meaning it generates vector representations that reflect 

the surrounding context of each word. The study found that BERT's contextualized embeddings 

significantly outperformed conventional machine learning approaches by effectively capturing 
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subtle sentiment differences and deeper contextual meaning within text. Their results indicated 

that BERT-based models could handle fine-grained sentiment distinctions and were particularly 

effective for large-scale datasets, where the size and complexity of the text make it difficult for 

traditional models to perform well. 

 

Recent Developments (2021–2025) 

• Dang et al. (2020) [19] studied CNNs and Long Short-Term Memory (LSTM) networks, 

emphasizing their strength in capturing contextual dependencies and temporal patterns in text. 

LSTM, in particular, addresses the issue of vanishing gradients that occurs in traditional RNNs 

(Recurrent Neural Networks) by maintaining long-range memory, making it ideal for sentiment 

analysis tasks with long text sequences. 

• Aamir and Lekha (2024) [24] conducted a comparison of lexicon-based techniques, traditional 

machine learning algorithms, and deep learning models for sentiment analysis. Their findings 

revealed that Long Short-Term Memory (LSTM) networks delivered superior performance 

compared to other methods, primarily because of their effectiveness in modeling sequential 

relationships within textual data. 

• Kayed et al. (2024) [25] surveyed over 100 deep learning models, analyzing the impact of feature 

engineering (i.e., the process of creating features from raw data) and the integration of pre-trained 

models for various datasets. Pre-trained models, such as BERT, have shown considerable 

improvements in sentiment analysis tasks due to their ability to transfer knowledge from large 

amounts of text data. 

• Islam et al. (2024) [16] focused on traditional ML models like SVM, Logistic Regression, Naive 

Bayes, and Random Forest, confirming their continued relevance when working with imbalanced 

datasets (datasets where some sentiment classes, such as "positive", appear more frequently than 

others). 

• Enduri et al. (2023) [26] showed that XGBoost (Extreme Gradient Boosting) outperformed 

several other models in accuracy and computational efficiency. XGBoost is an ensemble 

technique that constructs decision trees in a sequential manner, aiming to reduce prediction errors 

with each iteration. 

 

Table 1. Comparison of deep learning and traditional machine learning techniques in terms of 

interpretability and efficiency. 

Year Author(s) Approach/Model Key Findings 

2015 Zhang et al. 

[20] 

LSTM, CNN LSTM and CNN were shown to capture long-range 

dependencies and contextual information in sentiment 

classification. 

2016 Joulin et al. [7] FastText FastText reduced training time while maintaining high 

accuracy, especially with rare and out-of-vocabulary 

words. 

2020 Assiri et al. [21] Ensemble Learning (SVM, 

NB, RF) 

Ensemble methods improved classification accuracy by 

combining multiple classifiers to reduce error. 

2021 Gao et al. [21] Feature Selection with 

Lexicons 

Using domain-specific sentiment lexicons improved the 

accuracy of sentiment classification models. 

2020 Zhou et al. [23] BERT BERT outperformed traditional machine learning models, 

excelling at capturing contextual sentiment distinctions. 

2020 Dang et al. [19] LSTM, CNN LSTM networks effectively addressed vanishing gradients 

and improved performance on sentiment tasks. 

2024 Aamir and 

Lekha [24] 

Comparison of ML vs. DL for 

Sentiment Analysis 

LSTM outperformed traditional ML methods for 

sentiment analysis of long-form text. 

2024 Kayed et al. 

[25] 

Deep Learning (CNN, LSTM, 

BERT) 

Deep learning models like BERT significantly improved 

sentiment classification performance. 

2024 Kumar et al. 

[27] 

BERT BERT's pre-trained contextualized embeddings improved 

sentiment classification on large-scale datasets. 
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• Kumar et al. (2024) [27] demonstrated that transformer-based models such as BERT outperform 
traditional methods in sentiment analysis, especially when dealing with large datasets like 

Amazon product reviews. BERT's ability to handle large amounts of text data efficiently makes 
it suitable for modern sentiment analysis applications. 

 
These studies reflect the shift towards deep learning, while still recognizing the importance of 

traditional machine learning techniques, particularly when interpretability and computational efficiency 
are crucial. 

 
METHODOLOGY 

Dataset 

To ensure proper evaluation of the model, we use a dataset with equal proportions of text samples 
having both positive and negative sentiments [28–31]. The dataset is composed of product reviews and 

social media texts where the sentiments have already been classified. A balanced dataset helps in 
preventing model bias to the majority class, for instance if the model predicts ‘positive’ far too often 

[32, 33]. 
 

Preprocessing 

• Text Cleaning: Removal of special characters (e.g., @, #), URLs, and HTML tags to prevent 
noise from interfering with the analysis. 

•  Tokenization: The process of splitting text into individual words or tokens. This is essential 

because machine learning models typically work with individual words, not entire sentences. 

•  Stopword Removal: Commonly occurring words (e.g., "and", "the") that do not contribute 

meaningful information to the sentiment classification task are removed. 

• Stemming and Lemmatization: These techniques involve transforming words into their root or 
base forms. Stemming typically trims word suffixes (e.g., converting "running" to "run"), 

whereas lemmatization reduces words to their dictionary form, considering the context and part 
of speech. 

• Feature Extraction: TF-IDF (Term Frequency-Inverse Document Frequency) is a vectorization 

technique that transforms textual data into numerical values suitable for machine learning 
algorithms. It evaluates the significance of a word within a specific document relative to its 

frequency across an entire corpus. 

 
Machine Learning Models 

• Logistic Regression (LR): A statistical approach commonly used for binary classification, which 
predicts the likelihood of a particular sentiment class based on input features. 

• Naive Bayes (NB): A probabilistic model grounded in Bayes' theorem that assumes feature 

independence. It is known for its simplicity and efficiency in text classification tasks. 

• Support Vector Machine (SVM): A supervised classification algorithm that identifies the optimal 

hyperplane to separate different classes within the data. 

• Random Forest (RF): An ensemble technique that constructs multiple decision trees and 

combines their outputs to enhance prediction accuracy and minimize overfitting. 

• Decision Tree (DT): A classification model that divides data into subsets based on feature values, 

forming a tree-like structure to make predictions. 

• Gradient Boosting (GB): An ensemble strategy that builds a series of decision trees in succession, 

with each new tree aiming to correct the errors made by its predecessors. 

• K-Nearest Neighbors (KNN): A non-parametric technique that assigns a label to a data point by 

considering the most common class among its k closest neighbors. 

 
Deep Learning Models 

• Long Short-Term Memory (LSTM): LSTM is a specialized form of recurrent neural network 

(RNN) designed to learn patterns and preserve information across extended sequences. It excels 
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at modeling dependencies over time, making it suitable for applications like analyzing sentiment 

in lengthy texts. 

• BERT (Bidirectional Encoder Representations from Transformers): BERT is a transformer-

based model that has been pre-trained to understand the context of words by examining text in 

both directions. It generates context-aware word representations and is widely used in natural 
language understanding tasks. It captures both left and right contexts in the text simultaneously, 

which helps in understanding the meaning of words based on their context, making it effective 
for sentiment analysis. 

 

Hybrid Models 

Hybrid models combine multiple machine learning and deep learning models to take advantage of 
their complementary strengths. For example, combining a traditional machine learning model like 

Random Forest with a deep learning model such as LSTM could improve classification accuracy by 
leveraging both structured feature extraction and context-based learning. 

 

Multilingual Sentiment Analysis 

Multilingual sentiment analysis focuses on handling text written in different languages. Pre-trained 
multilingual models, like mBERT (Multilingual BERT) or XLM-R (Cross-lingual Language Model), 

can be used to classify sentiment across languages, enabling sentiment analysis for a global audience. 

 

Evaluation Metrics  

1. Accuracy: provides an overall measure of correct predictions across all sentiment classes. 
2. Precision: is crucial when it is important to minimize false positives, such as in customer service 

applications where incorrectly identifying negative sentiment could lead to unnecessary 
interventions. 

3. Recall: is vital when it is critical not to miss any instances of a particular sentiment, such as in 
brand monitoring where missing negative sentiments could be detrimental. 

4. The F1-Score: provides a harmonic balance between precision and recall, making it especially 
valuable in situations like sentiment analysis where maintaining an equilibrium between the two 

metrics is important (Figure 1). 
 

RESULTS AND DISCUSSION 

Algorithm Performance Analysis 

1. SVM demonstrated the highest performance across all metrics, with an accuracy of 83% and an 
F1-score of 0.8291. This indicates that SVM is especially appropriate for sentiment analysis, 

likely because it performs well when dealing with data that has many features or dimensions 

(Figure 2). 
2. Gradient Boosting and KNN showed identical accuracy (79%) and similar performance across 

other metrics. This indicates that both ensemble methods and instance-based learning can be 
effective for sentiment classification. 

3. Random Forest performed well, with an accuracy of 78%, showcasing the power of ensemble 
learning in capturing complex patterns in text data. 

4. Naive Bayes, despite its simplicity, achieved respectable performance with 70% accuracy, 
highlighting its efficiency in text classification tasks. 

5. Logistic Regression and Decision Tree algorithms showed the lowest performance, with 
accuracies of 62 and 63% respectively. This suggests that these algorithms may struggle with 

capturing the nuances of sentiment in text data. 
 

Efficiency and Suitability 
1. SVM's superior performance comes at the cost of higher computational complexity, especially 

for large datasets. 

2. Naive Bayes may not deliver the highest accuracy, but it strikes a solid balance between 

performance and speed, making it a practical choice for real-time use cases. 
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3. Ensemble methods like Random Forest and Gradient Boosting provide robust performance and 

can handle non-linear relationships in the data effectively. 

4. KNN's performance is noteworthy, but its efficiency may decrease with larger datasets due to its 

instance-based nature. 

 

 
Figure 1. Performance Metrics. 

 

 
Figure 2. Evaluation metrics comparison across models. 
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CONCLUSION AND FUTURE WORK 

The results reveal that deep learning models like BERT and LSTM outperform traditional machine 
learning models in sentiment analysis tasks. Hybrid models, such as combining SVM with LSTM, 

further enhance performance by leveraging both machine learning and deep learning strengths. For 
multilingual sentiment analysis, multilingual pre-trained models like mBERT show promising results. 

Future research should explore incorporating additional hybrid models and multilingual sentiment 
analysis frameworks, particularly for handling large-scale, diverse datasets. Additionally, incorporating 

attention mechanisms within hybrid models could further boost performance, especially for long and 
complex text inputs. 
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