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Abstract:
Sentiment analysis is an important method in interpreting the perception of the people and their attitudes towards consumers by use of textual information. The results of the recent literature to assess the performance of traditional classifiers such as, Support Vector Machines, Logistic Regression, Random Forest and Naive Bayes, are synthesised in the research. The report provides a machine learning workflow in a systematic manner, which include preprocessing of data, representation of features via TF-IDF, model selection, training and evaluation of the model using those common performance metrics that include precision, recall and F1-score.
Multinomial Naive Bayes classifier is a solution of choice because it is the most efficient solution when dealing with high-dimensional text features based on the results of the comparative research and theoretical arguments, and is reliable when used in binary sentiment classifications. 
Keywords– Sentiment analysis, Machine learning algorithms, Text classification, Naive bayes classifier, Feature extraction (TF-IDF)













1. [bookmark: _Toc212078461]INTRODUCTION:
Rapid growth of digital communication and e-commerce channels causes a rapid rise in the number of consumers as content with good ratings, social media messages, and customer responses. To the marketing organisations, these textual sources of data can offer them a good understanding of the preferences of the consumers, the level of their satisfaction and the new trends. This information on unstructured text cannot be easily analysed using a computer, and analysis is time-consuming and subject to human error. It is necessary to adopt automated sentiment analysis methods that categorize opinions as positive, negative or neutral to enable making of decisions based on the data.
Machine learning has been central in the development of sentiment analysis through the ability of systems to learn based on annotated data and extrapolate patterns to a wide range of linguistic manifestations. The deep learning models commonly used today in sentiment classification include convolutional networks. Some good algorithms used in text classification include Naive Bayes, Support Vector Machines, Logistic Regression, and Random Forests which are quite good in text classification tasks, especially when used with appropriate pre-processing and feature extraction techniques. The main aim of this report is to identify and suggest a conventional machine learning algorithm capable of sentimentally analyzing reviews of shoppers in a limited resource setting.

2. [bookmark: _Toc212078462]RELATED WORK IN THE LITERATUR
i) [bookmark: _Toc212078463]Overview of Sentiment Analysis and Traditional Machine Learning
Sentiment analysis is a crucial aspect in natural language processing which deals with recognition and classification of emotions, opinions and attitudes in the text. It can help organisations to measure customer satisfaction, brand reputation, as well as the perception of the people by analysing the text-based information including reviews and posts on social media. Conventional machine learning methods still lie at the core of sentiment analysis, especially in the setting where computational cost and interpretability are of importance.
[image: A blue square with white text

AI-generated content may be incorrect.]
Fig. 1. Flow chart of the sentiment analysis process of conventional machine learning

Sentiment analysis is based on two principal components such as feature extraction and classification in conventional methods [1]. The quality of features extracted by term frequency-inverse document frequency (TF-IDF) or the bag-of-words model has a profound impact on the performance of a classifier
ii) [bookmark: _Toc212078464]Naive Bayes Classifier in Sentiment Analysis

Naive Bayes classifier is still among the most popular models of text-based sentiment classification as it is simple and efficient. In accordance with the principle of conditional probability which presupposes the independence of features on each other [2]. The version of multinomial naive Bayes, specifically, is constructed to utilize the frequency information of words, and thus it can be used to classify documents and reviews.
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Fig. 2. Workflow of the Proposed Sentiment Analysis Model
The key strengths of it are fast training, low memory requirements and interpretability. Although it is sometimes restricted in the processing of context-sensitive or correlated terms, the Naive Bayes model provides an effective trade-off between calculation speed and performance..

iii) [bookmark: _Toc212078465]Support Vector Machines for Text Classification

The other widespread sentiment analysis approach is the Support Vector Machines that is especially appreciated due to its capacity to process high-dimensional and sparse textual data. The model works by defining an ideal range of decision that maximises the distance between sentiment classes.
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Fig. 3. Architecture of the Support Vector Machine Text Classification Framework
SVM sensitivity is very much dependent on the size of the dataset as well as the parameter tuning. The computational cost of training the model can be of great importance when there is an increase in data volume.

iv) [bookmark: _Toc212078466]Logistic Regression and Random Forests in Sentiment Modelling

The Logistic Regression is a linear classification model that is commonly used in binary sentiment analysis. It is used to determine the likelihood that a given text is of a certain sentiment class with the help of a logistic function. The model is simple and can be easily interpreted thus can be applied to the areas where decision-making should be transparent. Logistic Regression can be successfully used with feature selection and regularisation, but cannot easily deal with non-linear relationships that are hard to capture with the linguistic data.
Random Forests are model-based algorithms, which integrate several decision trees to enhance the robustness of classification. They are powerful in dealing with non-linearities and interrelations between features, and have high accuracy in a number of text classification applications [4]. The random forest models are more likely to consume more computational resources as they are ensemble models and take more time to train.

v) [bookmark: _Toc212078467]Comparative Analysis of Traditional Machine Learning Approaches

Relative tests on classical machine learning algorithms have shown that Naive Bayes and Support Vector machines are always better at accuracy and generalisation compared to simpler algorithms like Decision Trees and K-Nearest Neighbours. Naive Bayes models can be particularly effective when the data is large yet vocabulary is not so varied, which is the case in product review analysis [5]. SVMs are more accurate on smaller, more balanced datasets with clear lines of sentiment classes.
Logistic Regression is a solid reference of sentiment analysis. It can be not as effective in case there is a non-linear relationship between features and sentiment labels because of its simplicity and straightforwardness. Random Forests are expected to deliver good performance but take more time to process.

vi) [bookmark: _Toc212078468]Feature Representation and Preprocessing in Sentiment Analysis

The preprocessing and feature representation stages are critical to the success of the traditional machine learning classifiers in sentiment analysis. The good methods of preprocessing involve lowercasing, tokenisation, removal of stopwords, stemming, and lemmatisation, which in combination, can make the model more accurate by minimizing noise and enhancing text consistency [6]. TF-IDF is the best because it emphasizes more on unique words and less on the frequency of words.

vii) [bookmark: _Toc212078469]Summary of Literature Findings

Traditional machine learning methods remain dependable and effective in sentiment analysis particularly in the low-resource computational environment. The best tradeoffs between simplicity, speed, and performance are always Multinomial Naive Bayes, which is one of the models studied. It works well with text data, needs very little parameter optimization, and works well on short, structured reviews.
Support Vector Machines and Logistic Regression also demonstrate high accuracy but demand more computational resources and fine-tuning. Random Forests model is powerful, but may not be optimal for real-time or lightweight applications. For small marketing companies seeking a practical solution for sentiment analysis, Multinomial Naive Bayes is the most suitable choice.


3. [bookmark: _Toc212078470]WORKFLOW METHODOLOGY

The phase of system development the sentiment analysis process follows a workflow and methodology so that the system is reliable, interpretable, and computationally-efficient [3]. The process involved eight phases including “data collection”, “data preprocessing”, “feature extraction”, “model selection”, “training and validation”, “evaluation”, “optimization” and “planning deployment”.
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Fig. 4. Flow chart for machine learning workflow

i) [bookmark: _Toc212078471]Data Collection

At the starting point in the sentiment analysis protocol, a textual dataset of customer reviews is chosen, such data sources as “Amazon Product Reviews”, “IMDb” movie reviews, and publicly available “Twitter” repositories are considered on the grounds of accessibility and earlier consideration in the sentiment analysis literature.
ii) [bookmark: _Toc212078472]Data Preprocessing

The data preprocessing phase, the data is required to be ready and the textual data is pretreated so that it could be used in the numerical modelling. Cleaning and linguistic normalization are also required since raw text is not interpretable by machine learning [14]. The tokenization method is used to cut sentences down into individual words, and stop-word deletion to remove frequent though semantically loyal words like the, is, and and, Lemmatization and stemming converted inflected words to the base forms of the word, and lowercasing fixed anomalies between semantically related words.

iii) [bookmark: _Toc212078473]Feature Extraction

The second processing stage encodes the text using feature extraction algorithms to transform it into numbers, which is manipable by machine learning. Two conventional forms of the vectorization have been compared, which are, the Bag of Words (BoW) model and the Term Frequency-Inverse Document Frequency (TF-IDF) scheme.
The BoW paradigm uses frequencies of all of the lexical items thereby trimming out the syntactic structure and reflects the existence of words. The process is interpretable and cost of calculation is low hence applicable to small and medium-sized corpora [7].

iv) [bookmark: _Toc212078474]Model Selection

The choice of an adequate algorithm is a vital milestone towards the retention of the emotive classifier with a combination of computational effectiveness and prediction precision. Classical machine learning models such as Naive Bayes, “Support Vector Machines” (SVM), “Logistic Regression” and “Decision Trees” are idea-wised compared on the basis of feature vectors generated in the preprocessing stage. Accuracy, precision, recall, and F1 -score are the metrics used to evaluate performance [8]. Naive Bayes is more efficient in the process of working with textual data due to its probabilistic model “SVM” returned larger classification margins in case of complex patterns and “Logistic Regression” offered post facto stability and greater interpretability when used to process linearly distinguishable data sets.

v) [bookmark: _Toc212078475]Training and Validation

The training and validation both steps use k-fold cross-validation because it is a strong, widely accepted method for accurately evaluating a model's generalizability. The data is divided into k equal-sized subsets and the validation set is used only once and the training data consists of the rest of the datasets. This step alleviated overfitting and also made sure that the effectiveness of the model is evaluated in a way that is disconnected under any particular arbitrary pollution of data.

vi) [bookmark: _Toc212078476]Evaluation Metrics

Conventional statistical measures are used to control (or assess) the performance of the model. Accuracy is the implicit correctness of sentiment predictions in general, and the precision and recall are the ratios between significant and retrieving outputs. The harmonic parameter of F1 -score indicating the performance concentration between precision and recall displayed only one comparative measure [9]. A confusion matrix is also used to present the summary of the prediction results per sentiment category and, thus, silence gives a clearer overview of the classification strengths and weaknesses.

vii) [bookmark: _Toc212078477]Optimization

The problem of hyperparameter optimization is demonstrable as the answer to the higher quality and the stability of the models. Empirical experimentation is not adopted; it is a sign that there is some systematic search through a network of hyperparameter settings that may happen with the assistance of “Grid Search” [11]. The kitcheners might have been selected to give more effective results in terms of classification. It is this abstract manoeuvre that is required in making sure that the optimal model setup has been determined in principle without requiring actual execution of the software and processing resources.

viii) [bookmark: _Toc212078478]Deployment Plan

The deployment plan is created to show how the trained sentiment analysis model would have been applied into an organizational process. The model has been hosted as a light-weight analytical capability of the marketing system of the company upon validation [15]. Emotional reactions to customers could have been automatically processed in on-line comments, and the information presented in managerial dashboards.



4. [bookmark: _Toc212078479]DISCUSSION AND RECOMMENDATIONS

All phases of the process including the acquisition of data and the model analysis and implementation are questioned to identify major findings, support methodological decisions, and offer appropriate recommendations to attain the efficiency and accuracy within the limits of computational capabilities.

i) [bookmark: _Toc212078480]Adoption of Traditional Machine Learning Models

The fact that the algorithms are traditional as opposed to neural networks is informed by the necessity to reduce the complexity of computation. Naive Bayes, Logistic Regression, and “Support Vector machine” (SVM) models are conceptualists since they are efficient and interpretable. Multinomial Naive Bayes is identified as the most suitable among them to perform sentiment analysis of texts, since it is able to process high dimensional word frequency data and provides high reliability and few tuning results.

ii) [bookmark: _Toc212078481]Dataset Selection and Composition

The analysis is based on the assumption of utilizing publicly available sentiment datasets such as “Amazon Product Reviews”, “IMDb” Movie Reviews, or “Twitter Sentiment Data”. The data sets are used to obtain labelled customer comments that could be used in supervised learning [16].
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Fig. 5.  Supervised learning flowchart
Class imbalance where positive or negative reviews are pre-emerged is found to be capable of biasing model predictions [10].

iii) [bookmark: _Toc212078482] Importance of Data Pre-processing

Pre-processing of data is identified as an important step to the quality of the models. The application of steps, including tokenization, elimination of stopwords, lemmatization, and lowercasing, is implemented to remove noise and bring standardization to text [13]. This guaranteed that the classifier emphasized on significant linguistic patterns.

iv) [bookmark: _Toc212078483] Feature Extraction and Representation

Two popular representation mechanisms that include Bag of Words (BoW) and Term Frequency-Inverse Document Frequency (TF-IDF) representations that has been used to convert text data to a numerical form that will be utilized to generate the models. Although BoW is simple to utilize, TF-IDF provides greater distinction between highly and not.

v) [bookmark: _Toc212078484]Model Validation and Evaluation Metrics

K-fold cross-validation is a conceptual method of achieving model reliability by dividing the dataset into more than 2 strata to test performance on different data splits. The standard evaluation metrics such as the accuracy, precision, recall, F1-score and the confusion matrix are suggested. F1-score is the most weighted point of predictive performance, especially at situations that have skewed sentiment distributions.

vi) [bookmark: _Toc212078485] Model Optimization and Refinement

Predictive consistency is quoted to be essential with the focus on the optimization process. The technique of grid search is suggested as a method of fine tuning hyper-parameters like the smoothing parameters in “Naive Bayes” model or the degree of regularization in “Logistic Regression” [12].

vii) [bookmark: _Toc212078486]Deployment and Practical Recommendations

The suggested deployment plan has outlined how the sentiment analysis model can be incorporated into the operations of the company in marketing. The trained model would get integrated in the form of a lightweight application in a review monitoring system, and thus it would automatically classify the feedback coming in.

5. [bookmark: _Toc212078487]CONCLUSION

The research paper has revealed that the conventional machine learning algorithms exhibit an efficient resource-conserving way of customer review sentiment analysis. The conceptual workflow consisting of data preprocessing, feature extraction, model selection and evaluation is also theoretically intended to support itself with accuracy and interpretability. Out of the algorithms discussed, Multinomial Naive Bayes proved to be the most appropriate decision because it is able to process high-dimensional text data and is sufficiently fast to run. The fact that TF IDF objectifies and k fold contains cross validation further enhanced the validity of the model. Even though no model is put into practice in practice, the proposed framework provided a clear baseline by which organisations that are in need of a lightweight and explainable sentiment classification framework that do not have to use the advanced neural networks or even high-end computational state.
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