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[bookmark: _heading=h.mo8kr9p4prjl]Abstract–Sentiment analysis is widely employed to interpret opinions and attitudes expressed in textual data across various domains such as marketing, finance, and customer analytics. In this study, the application of traditional machine learning algorithms is explored to recommend an efficient and resource-conscious model for sentiment classification. The literature is examined to assess the effectiveness of established algorithms including Naïve Bayes, Support Vector Machines, Logistic Regression, and Random Forest. Emphasis is placed on data pre-processing, feature extraction, model evaluation, and performance comparison using standard metrics. Findings from existing research indicate that traditional algorithms offer high interpretability, stable performance, and low computational cost, making them suitable for small and medium-sized datasets. Based on this analysis, a streamlined workflow is proposed to achieve reliable sentiment prediction without dependence on deep learning methods. The study highlights the continued relevance of traditional ML models in data-driven decision-making contexts.
Keywords–Sentiment analysis, Machine learning algorithms, Text classification, Naive bayes classifier, Feature extraction (TF-IDF)
[bookmark: _Toc211271584]I. INTRODUCTION
Sentiment analysis has been employed to enable the elicited of subjective facts of text-based platform like user comments, opinions and commentary in social networks. The sentiment classification is a rapidly developing sphere of the business activity, which allows the companies to understand the attitudes of the consumers, improve the quality of their services and develop the marketing strategies on the basis of the information. With the increasing number of the online interactions, the tone and emotion that is expressed through the customer reviews may be analysed to inform the market tendencies and customer satisfaction.
Conventional machine learning methods, such as “Naive Bayes,” have been proven in the past to be efficient in handling large amounts of text with minimum computational power. “Support Vector Machines” and “Logistic Regression” can also be used but in sentiment analysis, but these are not as efficient as “Naive Bayes”. These algorithms provide interpretable solutions and resource-efficient conclusions compared to the “deep learning” models, so it can be applied to small and medium-sized businesses having few computational resources.
[bookmark: _Toc211271585]II. RELATED WORK IN THE LITERATURE
A. Overview of Sentiment Analysis Research
The study of sentiment analysis has been explored to identify and interpret the viewpoints, emotions, and sentiments embedded within textual information. One has seen that the field has shifted away from lexicon-based approach and a machine learning based approach, with the ultimate goal of classifying opinions as positive, negative or neutral. The support vector machines (SVMs), logistic regression, decision trees, and the random forests have been widely adopted because of their good efficiency and ease of interpretation. The literature illustrates that the models provide a competitive performance at relatively low costs of computation, hence making them well applicable to organizations that operate within resource limitations.
B. Early Developments in Sentiment Classification
Primary studies in sentiment analysis have used lexicon-based approaches with multiple studies involving compendia of a priori positive and negative lexical elements to measure the sentiment polarity. However, these approaches are proven to have lower adaptability in the face of area-specific corpora. Later studies brought in machine learning algorithms to enhance both adaptability and predictive accuracy. Remarkably, the study of supervised learning of film review classification using Naive Bayes, Maximum-Entropy, and Support-Vector-Machine (SVM) is supervised in one of the first studies [1]. The empirical results of the study show that the SVM is better than the other models, thus agreeing that the supervised machine learning methods are effective in predicting sentiments.
C. Feature Extraction and Representation Techniques
Empirical studies prove that feature representation choice has a significant effect on the effectiveness of sentiment classification. Term Frequency-Inverse Document Frequency (TF-IDF), various numerical representation including “Bag-of-Words (BoW)”, and n-gram representations are regularly used to encode text into vectors that a machine can understand. Research has demonstrated that “TF-IDF” weighting increases the discriminatory ability of salient lexical items in comparison to the unweighted BoW method [2]. The dimensionality-reduction methods, namely the “Principal Component Analysis” (PCA), and the chi-square features selection, have been indicated as thereafter extended to enhance computational efficiency (not survival) without a loss of classification sample secondary to the techniques described. All these approaches are a part of traditional machine-learning models, and still rely on carefully crafted feature representations, instead of the autopiloted embeddings of the deep-learning models.
D. Naive Bayes-Based Sentiment Classification
Naive Bayes algorithm is extensively studied by scholars due to its simplicity and the concept of its reliance on the statistical probability theory. The assumption of conditional independence is postulated, and the posterior probability of each class is calculated by aggregating the empirical frequencies of lexical features. Empirical data shows that Naive Bayes is competitive about the strength of classification even after violating the assumption of independence on a significant front in text categorization employment [3]. Use of the emoticons to act as proxy labels, and the algorithm reaches significant accuracy in terms of detecting polarity. Later studies have shown the Multinomial (versus Bernoulli) variant of “Naive Bayes” (MNB) is often more effective at learning on sparse textual collections, due to the explicit consideration of word frequency by “MNB”, which is a better indicator of the extent of sentiment.
E. Support Vector Machines (SVM) in Sentiment Analysis
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Fig. 1. The data flow of SVM
SVM algorithm is a well-known program in the literature that has been used as one of the most effective traditional classifier in sentiment analysis. It aims at finding the best hyperplane which will have the most abundance of the difference between classes of sentiments. SVM does not need a lot of textual data as it operates on high-dimensional data [4]. The papers by a further testimony to the fact that SVM always gives a higher accuracy than “Naive Bayes” and “Decision Trees”. Such kernel functions commonly used include linear kernel and radial basis function (RBF), where linear kernels are commonly used with sparse text data. The efficiency of “SVM” to handle very large numbers of data has made it a universal standard of the literature on sentiment classification.
F. Logistic Regression and Linear Classifiers
Logistic regression LR that we are going to discuss has turned out to be a dominant approach in binary sentiment analysis due to the fact that it is interpretable, and resilient. The model is used to estimate the probability of an observation falling into a specific sentiment defence by a use of a logistic function being a conditional probability. In the follow-up comparative studies, researchers have demonstrated that LR produces comparable results as that of “SVM”, however, with lower training times. In order to curb overfitting and improve the generalization quality, regularisation measures like L1 and L2 penalties are habitually used. LR gives probabilistic results making it particularly beneficial when making decisions in business analytics.
G. Decision Tree and Ensemble Learning Approaches
Decision trees can be used as the tool to describe the hierarchical nature of making a decision in the course of sentiment classification research. These types of models are preferred primarily because they are easy to interpret and their structure can be visualised easily, even though they make the approximate problem of overfitting. The methods of pruning used in the C4.5 algorithm attempted to reduce the effect of overfitting on a model hence augmenting its predictive capacity. Empirical results also suggest that “Random Forest” can demonstrate high-performance even on datasets of sentiment that are characterized by a class imbalance because they will integrate the bagging strategy in their nature. In addition, the effectiveness of majority algorithms like “AdaBoost” can be increased to serve family of minority classes better by optimizing weights of each pair of instances.
H. Evaluation Metrics Used in Literature
Accuracy, precision, recall, and F1-score are usually used as indicators of how well the model perform in sentiment analysis. Where a relationship is anticipated to be imbalanced across class boundaries, the “Area under the Receiver Operating Characteristic Curve” (AUC-ROC) is more often the choice, and offers a measurements independent of any threshold. The balanced evaluation metrics are crucial in the reduction of biasness in majorities of sentiment categories. The cross-validation usually applies k-link validation in order to determine the robustness of the model when using different reservations of data. Taken as a set of metrics, these represent the normative baseline of comparative evaluation of sentiment analysis algorithms.
I. Comparative Studies of Traditional Algorithms
The literature involves the finds of several comparative studies to compare the conventional machine-learning algorithms. Support “Vector Machines” and “Logistic Regression” and random “Forest classifiers” are indeed significantly more effective in a range of data than others. The technique of ensemble has stability in domains and “Naive Bayes” and “K-Nearest Neighbour” performance is different in terms of data sparseness and the amount of noise. The general agreement in the research is that “Support Vector Machines” and “Logistic Regression” are high in accuracy and medium in computation terms, making it possible to include them in a sentiment-analysis scenario in the real world.
J. Limitations Highlighted in Traditional Approaches
Nevertheless, their usefulness is deeply limited in tackling sarcasm, idiomatic phrase and sentiment based on context despite the traditional models. Such limitations are mainly brought about by the fact that it is hard to model subtle phenomena in the language in the finite “bag-of-words” models. According to semantic comprehension on the bag-of-words models is non-existent because it lacks the contextual interrelations. Despite the fact that “Deep Learning” architectures can also be used to represent such subtle language nuances, the traditional models remain to be more appropriate in cases, when computational resources are limited.
K. Comparative Advantages of Traditional ML Models
The classic models which have been highlighted in the academic literature are always provided with a set of benefits. Their intrinsic characteristics are that they are understandable, and their execution is not hard. The models lessen the number of inputs required as well as the straightforward calculations therefore, offer training utilization with straightforward numeric representations [8]. They also exhibit consistency on small and medium sized data and the consequent explainable outcomes are also required in making informed decisions. This is what renders the applicability of the traditional models in the field of applied sentiment analysis enduring.
[bookmark: _heading=h.93ks4mtfhm4g][bookmark: _Toc211271586]III. WORKFLOW METHODOLOGY
The type of sentiment analysis using the assistance of the classical machine learning algorithm implies the usage of the systematic workflow, which implies that the ultimate aims are performance in the operation, the results precision, and the explanatability of the results. All these processes are especially cumbersome as far as converting the raw textual data into something that can be acted upon to be used in the decision-making process. A further subdivision of the workflow into the major steps such as the data acquisition, the pre-processing and feature extraction, the model selection, the training and validation, the performance and follow up optimization assessment is possible. Combining the above steps into a unified pipeline entails the creation of a consistent sentiment classification processing, with fairly limited calculations.
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Fig. 2. Workflow and methodology of machine learning model
[bookmark: _Toc211271587]A. Data Collection
Obtaining “high-quality” and relevant “datasets” is the backbone of any sentiment analysis task. The information should be a broad spectrum of views that is projected by customer reviews, feedback, or posts made online [10]. The commonly used publicly available datasets include “IMDb” movie reviews, Amazon product reviews, or Twitter datasets, because such datasets are non-polar, and their text data is diverse.
The data collection process includes making sure the dataset has well-defined sentiments that are either positive, negative, or neutral, and letting the supervised learning algorithms do the classification. In the case of the organization, customer relationship management (CRM) systems, surveys, or e-commerce websites can also be mined to give data. It is very important to ensure that all data is private and adheres to ethical practices, including the GDPR, at this stage.
[bookmark: _Toc211271588]B. Data Pre-processing
Unstructured raw text data is inherently noisy and unstructured, and needs a lot of pre-processing before it is used to perform an analysis on it. Pre-processing of text can improve the model in terms of pattern recognition and minimize the irrelevant information that is likely to lead to overfitting or misclassification.
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Fig. 3. Data pre-processing 
· Text Cleaning: This can be achieved by removing unnecessary characters such as punctuation, numbers, emojis, URLs, and HTML tags [11]. Lowering all the letters helps to bring about uniformity and avoid adding the word, which has different individuals as distinct items, since it has two letters.
· Tokenization: Tokenization can help to split the text into small units or words, letting algorithms work with each of them one by one. The custom is based on a language model that is word-based and mostly sentence-based, but in sentiment analysis, word-based tokenization is noticed.
· Stopword Removal: The typical words that are stopwords, including “is”, “the”, and “and”, are not relevant to meaningful semantical content. Elimination of them reduces dimensionality and enhances the computational power with no effect on sensation-bearing information.
· Lemmatization and Stemming: Both lemmatization and stemming work towards minimizing words to their original meanings [12]. Lemmas (for example, running - find referred to as running) Lemmatization use of linguistic rules to transform words into their root in the dictionary base (such as running). Lemmatization can be contrasted with stemming (such as connected as connect). Lemmatization is highly applicable in sentiment analysis because it is more contextually accurate.
· Handling Imbalanced Data: In most datasets, one sentiment can overshadow another, resulting in bias in the model. Balancing the class representation is done by techniques such as random under sampling or oversampling, and the “Synthetic Minority Oversampling Technique (SMOTE)” [13].
[bookmark: _Toc211271589]C. Feature Extraction and Representation
Machine learning models do not understand raw text, and hence, feature extraction is used to convert a text into numerical features. Features quality is one of the main factors of the model’s performance and ease of interpretation.
· Bag-of-Words (BoW): “BoW” model helps to translate a text into a frequency representation in the form of a matrix of the frequency of word occurrences. Even though it is simplistic, it does not consider contextual sense and word sequences, yet it is computationally efficient in sentiment tasks of standard size.
· Term Frequency–Inverse Document Frequency (TF-IDF): “TF-IDF” builds upon “BoW” with preference to terms that occur in more documents, and appear with more weighing frequency [14]. The words that have been used frequently in one single review receive higher weights, and words that are used frequently across all reviews are penalised. This way enhances the discrimination ability of features in sentiment classification.
· Word Embeddings (Optional Traditional Representation): Although word embeddings, including “Word2Vec” or “GloVe”, are a more recent development, it can still be applied to a traditional workflow in case there are ready-trained models. They give the semantic connection of words and have higher memory resources compared to “TF-IDF”
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Fig. 4. Multiscale text feature extraction
· Dimensionality Reduction: High dimensional feature space adds computational complexity and chances of overfitting [15]. Techniques of dimensionality reduction, such as “Principal Component Analysis (PCA)” or “Singular Value Decomposition (SVD)”, are used to select the most informative features and ignore other repetitive features.
[bookmark: _Toc211271590]D. Model Selection
Model selection is a crucial part, and in this step, choosing the most appropriate classical machine learning algorithm. The choice can be based on the characteristics of the data, interpretability requirements, and computational constraints.
[bookmark: _Toc211271591]1) Naïve Bayes Classifier
“Naive Bayes” is premised on the “Bayesian” principle of “Bayes’ theorem”. It presupposes feature independence and is quite successful with text classification. It is suitable for sentiment analysis tasks because of its simplicity, low training time, and the good results obtained on sparse datasets [16].
[bookmark: _Toc211271592]2) Support Vector Machine (SVM)
“SVM” forms a hyperplane, which maximizes the distance between classes of sentiments. It can handle high-dimensional “TF-IDF” vectors with ease, and it is good at separating and non-separable textual data using kernel functions that include “linear”, “polynomial”, and “radial basis functions (RBF)”.
[bookmark: _Toc211271593]3)  Logistic Regression
“Logistic Regression” model assumes the likelihood of the polarity of sentiments as a sigmoidal expression. It can be enabled and deciphered with little difficulty and has high baseline performance. Overfitting can be avoided by regularization methods like L1 or L2.
[bookmark: _Toc211271594]E. Model Training and Validation
Once an algorithm has been chosen, the data is broken down into training and testing sections, usually in an 80:20 or 70:30 split. Such icons of cross-validation as “k-fold” validation are used to guarantee the applicability of a clear model to unseen data.
· Cross-Validation: “K-fold” cross-validation splits the data into k segments, where k segments are used to train the model, and the remaining one to validate the model. This is repeated k times, and an average of the performances on the folds gives a strong measure of its accuracy.
· Hyper parameter Tuning: The hyper parameters that affect fitness in a model include the smoothness parameters in “Naive Bayes”, the type of kernel in “SVM”, or the level of regularization in the case of the “Logistic Regression”. Methods such as “grid search” and “random search” are used to find the best pair of parameters.
· Avoiding Overfitting: Overfitting can be mitigated by the use of “regularization”, “cross-validation”, as well as “feature selection”. Reduction of high-dimensional terms in “TF-IDF” and applying techniques to the use of early stopping allows keeping the model generic.
[bookmark: _Toc211271595]F. Model Evaluation Metrics
Effective monitoring results in a precise estimation of the predictive power of the classifier of sentiment. Several measures are applied to evaluate different areas of performance.
[bookmark: _Toc211271596]1) Accuracy
Accuracy measures the precision of all the reviews that are properly classified amongst the predictions. In a heavily imbalanced collection of data, though useful, it may be deceptive.
[bookmark: _Toc211271597]2) Precision, Recall, and F1-Score
· Precision evaluates the number of positive sentiments projected against those that are positive.
· The percentage of correct identifications of positive feelings is referred to as recall.
· F1-Score, also known as the harmonic mean of recall and precision, is a balanced measure of performance, where sentiment classes are distributed disproportionately.
[bookmark: _Toc211271598]3) Confusion Matrix
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Fig. 5. Confusion matrix for the binary classification problem
A confusion matrix is used to visualize the results of classification, and it shows the true positives, false positives, true negatives, and false negatives. It assists in making mistakes of biased models and different misclassification patterns.
[bookmark: _Toc211271599]4) ROC Curve and AUC
“Receiver Operating Characteristic (ROC)” curve is a curve that can help to illustrate the rate of true positive against false positive, and the “Area under the Curve (AUC)” represents the total discriminative efficiency.
[bookmark: _Toc211271600]5) Computational Efficiency
The analysis of execution time and memory usage is also performed to ascertain that the model is suitable for the requirements of low-resource environments.
[bookmark: _Toc211271601]IV. DISCUSSION AND RECOMMENDATION
[bookmark: _heading=h.p940ix12xoac][bookmark: _Toc211271602]A. Comparative Performance of Models
The relative evaluation of conventional machine learning algorithms of Naive Bayes (NB), Support Vector Machine (SVM), and Logistic Regression (LR) indicates that each has different advantages and limitations, depending on the nature of the data to be explored and computation capabilities. SVM will always perform better in prediction where the accuracy level and good generalization is high based on high-dimensional representation of features such as TF-IDF [6]. It is particularly suitable in textual information that contains complex trends, as it is able to categorize sentiment in the most optimal method by choosing the most suitable hyperplane.
Naive Bayes by contrast is computationally lightweight and efficient and has satisfactory performance in small and medium-sized datasets. It has a simplifying assumption of conditional independence among features, NB works effectively with sparse text data and has a high baseline accuracy. A balanced option is offered by the Logistic Regression which is easy to interpret and has a competitive accuracy but has moderate computational requirements. It has a probabilistic output, so it can be used in decision-making procedures where it is crucial to have confidence estimates, and regularization techniques are useful in avoiding overfitting.
[bookmark: _heading=h.jlj0tinwihjd][bookmark: _Toc211271603]B. Effect of Feature Extraction on Model Effectiveness
The model performance is largely determined by the representation of features. Term Frequency-Inverse Document Frequency (TF-IDF) is empirically a good feature extractor, and it has been shown to increase the discriminative power of a classifier when words are weighted according to how significant they are as features in a corpus. The representation, combined with n-gram models, particularly bigrams, models local contextual dependencies (negations, e.g. not good) to perform better sentiment discrimination [11]. It requires an extension of dimensionality of features, and dimensionality-reduction techniques of Principal Component Analysis (PCA) or Singular Value Decomposition (SVD) are required to utilise computation as much as possible.
An intermediate hybrid method of extracting features based on using TF-IDF weighting and bigram representation gives a good trade-off between the richness of context and model simplicity, of which it aids the enhanced performance of classification across different algorithms.
[bookmark: _heading=h.agmb7mw67ntj][bookmark: _Toc211271604]C. Model Robustness and Evaluation Metrics
The comparative analysis with metrics (including accuracy, precision, recall, F1-score and AUC) has shown that SVM and LR may be considered as reliable in a series of datasets. In general, SVM has the highest accuracy and F1-scores, as it has a good balance between sensitivity and specificity. On the other hand, NB is not very efficient on class-unbalanced data, tending to forecast the prevailing sentiment classes. Synthetic Minority Oversampling (SMOTE) is a technique that can address this weakness by equalizing the representation of classes.
K-fold cross-validation and hyper parameter tuning enhance the reliability of the model and reduce the effect of overfitting [4]. Although SVM requires more computational resources, it is always the most accurate in sentiment prediction, whereas NB is always more suitable in the low resource environment because it is cost effective and easy to use.
[bookmark: _heading=h.5x70rkopkzkc][bookmark: _Toc211271605]D. Practical Implications and Recommended Model
The trade-off between accuracy, interpretability and resource availability has to be thought through in the practical implementation of the traditional algorithms. Naive Bayes is still the best option when dealing with real-time and light-weight applications since it has a low cost of computation. Logistic Regression is also suggested in business analytics where the interpretability and the need to conduct probabilistic reasoning is needed. But in the case of research or a large-scale sentiment analysis in which accuracy and strength are paramount, the Support Vector Machine (SVM) becomes the model of choice.
The high generalization of SVM, capability to extend to high dimensional feature space and stability in mixed datasets justify its choice as the recommended algorithm [15]. Although it has increased computational costs, its predictive accuracy and flexibility make it an ideal option in situations of sentiment classification where accuracy and scalability are critical.
[bookmark: _heading=h.1iogb0mop0o6][bookmark: _Toc211271606]E. Summary of Recommendation
Existing machine learning algorithms remain useful, interpretable and resource-efficient to solve sentiment analysis problems. SVM is suggested to be the best classifier in considered models in cases of combining it with TF-IDF and bigram-based features extraction and guarantees high accuracy and strength [9]. Logistic Regression is the right option when the business needs interpretability, and Naive Bayes is applicable in time-sensitive or low-resource situations.
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