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[bookmark: _Toc212016158]1.Abstract 
This report examines the traditional machine learning techniques of sentiment analysis of
customer reviews and offers a solution to a growing e-commerce environment that is both
cost-effective and of high quality. The workflow has been modeled as a supervised text
classification task and consists of data collection, intensive preprocessing, extraction of TF-
IDF features, stratified train-test splitting and multi-metric evaluation to ensure robust and
generalizable results on positive, negative and neutral classes. The three lightweight
classifiers, i.e. Naive Bayes, Logistic Regression and Support Vector Machines are trained
and assessed based on the accuracy, precision, recall, F1-score, and confusion matrices,
which are trade-offs between the predictive quality and interpretability, and computational
cost. SVM and Logistic Regression always take the first place in the list of literature and
comparative evidence of TF-IDF-based text classification and SVM may be the most accurate
or nearest to the most accurate and may be implemented on minor infrastructure. The
findings indicate that Naive Bayes is a fast baseline model, but not generally the most
accurate, another good, interpretable model, is Logistic Regression, and SVM, the best trade-
off in this task, has been demonstrated to be the best-performing model in very large-
dimensional feature spaces. In this regard, the report recommends SVM with TF-IDF pipeline
because it is precise, can be applied to medium-scale data, is effective in its implementation
than deep learning, and it has been successfully implemented in practical applications of
sentiment analysis.
[bookmark: _Toc212016159]2. Introduction
In the modern digital marketplace, customer reviews are a strong form of business intelligence.  Companies can duly assess whether a feedback is positive, negative or neutral to make more sensible data-driven decisions. This report gives a full consultation on using traditional machine learning for sentiment analysis for a younger firm wanting a powerful but inexpensive solution. The report drives over existing algorithms, explains an easy workflow from scraping data up to model evaluation and ends with an easy conclusion to install a 
 system that provides accurate information efficiently from customer opinions.
[bookmark: _Toc212016160]3. Related work in the literature
[bookmark: _Toc212016161]3.1 Overview of Sentiment Analysis Approaches
Sentiment analysis, often known as view hunting, is a subfield of NLP that emphases on the automated extraction, identification and classification of opinions, sentiments and attitudes expressed in the text. The main goal is to determine whether a paragraph is neutral, good, or negative. [1]. There have been a few distinct techniques to convey feelings for a long time, and they fall into two groups.
Sentiment analysis is the technique of identifying if a customer's opinion or feedback is neutral, negative, or positive [2]. The concept of automatically assessing such feedback has become quite helpful to businesses in helping them better understand their customers, especially given the volume of opinions available on the Internet in the form of online product evaluations and social networking sites in general. [3]. This review will assist in examining the widely used and well-established machine learning (ML) techniques in this way. These conventional techniques are used because they are effective and don't require the enormous amounts of processing power required for more recent and sophisticated procedures.
There are several approaches to sentiment analysis. Others make use of a predetermined set of scoring text rules and terms. Nevertheless, machine learning is currently the most popular and widely used method. With this method, a computer model is used to learn how to classify sentiments based on a sizable sample size. [ 4]. Deep learning techniques and classical machine learning techniques are the two main categories into which sentiment analysis machine learning techniques fall. Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTMs) are two types of deep learning models that are widely used, computationally demanding, and offer a considerable lot of complexity and accuracy [2].
Conventional machine learning models provide a good tradeoff between performance and efficiency to a large number of companies, particularly start-ups.
Lexicons-based approaches make use of precompiled dictionaries or "lexicons" where words are linked to sentiment scores. [5]. These techniques can be categorised into two main types: Dictionary-based techniques, which utilise a manually curated list of words with sentiments, and corpus-based techniques, which employ statistical or semantic methods to discover sentiment orientation in extensive collections of texts. [6]. While easy and interpretable, lexicon-based methods can't easily comprehend context, domain-specific phenomena and complex linguistic phenomena such as sarcasm or irony. 
[bookmark: _Toc212016162]It is possible to think about sentiment analysis as a supervised classification task using machine learning (ML) techniques. [ 4]. A vast amount of previously annotated texts—that is, texts that contain the sentiment of the text, such as positive, negative, or neutral—are used to train a model in this paradigm. After learning how to associate certain textual characteristics with a specific sentiment, the trained model can be applied to forecast the sentiment of previously unseen fresh texts. Because of their excellent interpretability and low computing cost, classical machine learning models remain important even as deep learning models like LSTMs and Transformers become the state of the art. [6].
3.2 Feature Engineering Techniques
Feature engineering is the process of converting unstructured text into a numerical format so that conventional machine learning algorithms may use it. The performance of the model is greatly impacted by this crucial phase. [7].
[bookmark: _GoBack]The Bag-of-Words (BoW) model is used to represent the text by breaking it into a set of words, just keeping count of the frequency without taking into account the grammar and order of words. [5]. It is used to vectorise a document such that each element is a number indicating the index of a word from the vocabulary. 	
The TF-IDF model enhances the BoW model with its clever advances. TF-IDF is a statistical measure that assesses the importance of a word in a collection of documents [4]. It makes the words that are common in a document less common in other documents, making them heavier than they are, to try to eliminate the common words and leave the more unique and meaningful words. However, TF-IDF has been demonstrated to give highly accurate results when used in conjunction with typical machine learning classifiers. [8].  
[bookmark: _Toc212016163]3.3 Comparative Review of Algorithms
The decision of the algorithm is the key to creating a successful sentiment classification system. Many classical ML algorithms have been directly compared for this task in the literature, and several robust and lightweight ones were found.
· Naive Bayes (NB): The Naive Bayes (NB) probabilistic classifier is based on Bayes' Theorem and assumes independence of features (e.g. words) of a document [7]. This naive assumption makes the algorithm very efficient and fast, and it performs surprisingly well in text classification tasks, particularly when the underlying dataset is small. 
· Logistic Regression (LR): A statistical algorithm used for classification, LR is well-known for its simplicity and interpretability as well as strong baseline performance. It is a model for the probability of some discrete outcome given an input variable [6].
· Support Vector Machine (SVM): A robust non-probabilistic classifier that operates by finding the optimum hyperplane to separate the data points into changed classes. SVM is mighty in high-dimensional space, which is the case for text data, which is represented by thousands of features [4]. It is often cited for its high level of accuracy in sentiment classification tasks. 
· Random Forest (RF): A collaborative learning technique that functions by constructing a multitude of results during training. It outputs the period that is the mode of the classes of the individual trees, which benefits to progress accuracy and limit for overfitting [6].​
In a comparison study of models for three-class (i.e. positive, negative, neutral) sentiment analysis, Logistic Regression and SVM provided the highest accuracy of 86.22% compared to Naive Bayes and more complex ensemble methods. [2]. Another study demonstrated the efficacy of SVM for the multi-label aspect-based sentiment classification. Given the business requirement for such a model to be accurate but computationally cheap, SVM and Logistic Regression are among the top contenders.
[bookmark: _Toc212016164]3.4 Review of Datasets
Supervised ML models' performance is susceptible to data quality and the data type used to train them. There are a vast number of benchmark datasets in the literature to be used in the development and evaluation of sentiment analysis models. [9]. For the business problem of analysing e-commerce reviews, the following are most relevant: 
· Amazon Product Reviews: This is one of the most extensive and most widely used datasets for sentiment analysis. It contains millions of reviews spanning numerous product categories, making it ideal for understanding customer satisfaction and product feedback [7].​
· Yelp Reviews Dataset: This dataset contains reviews of businesses, restaurants, and other services. It is valuable for analysing customer experiences and satisfaction in a service-oriented context [2].​ 
Other famous datasets are the IMDb movie reviews for binary sentiment analysis, the Twitter datasets for the short, informal public opinion analysis, and the Stanford Sentiment Treebank for the fine-grained sentiment analysis [3]. A large-scale annotated dataset from e-commerce sites such as Amazon and Yelp is an essential facilitator of this project.
[bookmark: _Toc212016165]3.5 Literature Gaps
Despite extensive research in sentiment analysis, several gaps remain, particularly concerning the application of traditional, lightweight models.
1. Handling Linguistic Nuances: Traditional models relying on BoW features or TF-IDF features to obtain a robust interpretation of complex linguistic phenomena such as sarcasm, irony, and context-dependent sentiment still have some issues [5]. Everything that can help in addressing these challenges explicitly with the lightweight approaches remains an open research area without deep learning.  
2. Domain and Language Specialisation: Most of the current models and lexicons are general-purpose and do not work as well on domain-specific language (e.g., reviews of technical products) or with low-resource languages. Although various languages are getting datasets, there remains a motivation to do more studies on how to adapt and fine-tune classic models to specific fields and languages without the need to use large datasets or computation.


[bookmark: _Toc212016166]4. Workflow methodology
[bookmark: _Toc212016167]4.1 Data Collection & Preprocessing
The first and most critical step is to gather and prepare the data. High-quality data is the foundation of an accurate model [10].​
· Data Collection: The primary data source will be shopper reviews. It can find reviews on the web from storefronts, Amazon, social media, and its own shopping website [11]. Large groups of people ought to be asked a multitude of questions.
· Data Preprocessing: Raw text data is often "noisy" and cannot be used directly. Preprocessing of text is necessary to make the analysis better by cleaning and standardising it. This automated process involves several key actions:​
· Text Cleaning: Removing irrelevant information like HTML tags, URLs, and special characters [3].
· Normalisation: Converting all text to a single case (typically lowercase) to ensure words like "Good" and "good" are treated as the same.
· Tokenisation: Breaking down sentences into individual words or "tokens."
· Stop-word Removal: Eliminating common words (e.g., "a," "the," "is") that do not contribute to sentiment [12].
· Lemmatisation: Reducing words to their base or dictionary form (e.g., "running" becomes "run"). This helps consolidate different forms of a word into a single feature.
[bookmark: _Toc212016168]4.2 Feature Extraction
Machine learning is unable to process plain text because of its numerical structure. Cleaned text is changed into a numeric format at the extraction stage. The recommended method for this workflow is the Term Frequency-Inverse method [11]. TF-IDF gives a score to words in each review. The scores are higher when the words often appear in that review but not in others. Compared to basic methods, advanced techniques like this identify the most meaningful words in determining attitudes over simple methods. 
[bookmark: _Toc212016169]4.3 Data Splitting
Before training the model, the labelled dataset (reviews marked as positive, negative, or neutral) must be divided into two separate sets: a training set and a testing set.
· Training Set: This portion of the data (typically 80%) is used to teach the model how to associate certain words and phrases with specific sentiments [12].
· Testing Set: The remaining 20% of the data is kept aside. Outside data is utilised to determine how well the model successfully recognises and responds to a sentiment on a review it hasn't had training on. By breaking down the tests, people can evaluate the real effect the model will have later [2].
[bookmark: _Toc212016170]4.4. Model Selection and Training
A multiple model approach involves multiple frameworks with distinct strengths running all in real time. The following three algorithms will be trained and compared:​
· Naive Bayes: A fast and simple probabilistic classifier that works well as a baseline model [7].
· Logistic Regression: An efficient and highly interpretable model that is effective for binary classification tasks (positive vs. negative).
· Support Vector Machine (SVM): A robust algorithm known for its high accuracy, especially in text classification tasks where there are many features [8].​
The new models will be fed the features from the training sets first. Models will develop the ability to identify the key factors that create positivity and negativity.
[bookmark: _Toc212016171]4.5 Model Evaluation
Once the models are built, their usefulness is tested over a data set. The evaluation used to mirror the qualities for which the system is intended is multifaceted; it considers various factors that work together cohesively [13]. The key metrics to be used are:​
· Accuracy: The overall percentage of correct predictions.
· Precision: It shows the percentage of successful predictions out of the positive actual results.
· Recall: This section explains the measurement of how many picked up actual positive reviews.
· F1-Score: The harmonic mean of precision and recall, providing a single, balanced score that is especially useful for datasets where one sentiment class might be more frequent than another.
Each model will also generate a confusion matrix that will help visualise the performance of the model. It will have the true positive, true negative, false positive, and false negative. 
[bookmark: _Toc212016172]4.6 Performance Comparison and Selection
In the final stage, the comparison of evaluation metrics of all three models, such as Naive Bayes, etc. The purpose is to pick the single best model based not just on accuracy, but also on F1 score. The F1 score is a stronger metric [14]. The selected model will be recommended for deployment to assess the company's shopper reviews that offer the best trade-off of accuracy and computational efficiency.



[bookmark: _Toc212016173]5. Discussion and Recommendations
[bookmark: _Toc212016174]5.1 Model Comparison and Trade-offs
The workflow that was proposed trained and evaluated three traditional machine learning algorithms, namely, Naive Bayes, Logistic Regression, and SVM [6]. These models have different levels of performance, speed and complexity.
· Naive Bayes serves as an excellent baseline. This method is relatively fast and straightforward. Thus, it has the least computational expense. Its performance, however, is usually weaker than that of more complex models [3]. Based on research, Naive Bayes may not be as accurate as other statistical classifiers. For example, Naive Bayes gained 77.70% accuracy in one comparative study, which is relatively low. The model assumes that a feature (word) has no influence on another feature in the document, which could make it less effective in the context of reviews [15]. 
· The performance boost from Logistic Regression is significant, which does not raise its computational cost much [9]. It is very effective and easy to read, meaning that it is easy to see which words are contributing the most to a positive or negative classification. Various studies have proven Logistic Regression to be the best performer. A study found that this model achieved an accuracy of 86.22% which is the highest accuracy obtained by the model. The accuracy was the same as SVM [16]. An additional study highlighted a performance of 84.58% accuracy in a two-label classification task. 
· Support Vector Machine (SVM) is one of the most accurate traditional models for text classification. It works better inside high-dimensional spaces, which is what text data with TF-IDF [2]. SVMs are highly effective for finding the best boundary between classes in a dataset. SVM is put in the top place according to many studies. In a study, an SVM achieved an accuracy of 91.27% which was better than LR and NB. In another competition, it provided the best output with Logistic Regression. The most likely drawback of SVM is that it could be a bit more computationally expensive to train than Logistic Regression when it is huge [12]. This difference is often negligible for a smaller or medium-sized data set of shopper reviews.  
[bookmark: _Toc212016175]5.2 Recommendation
Taking into account the literature and the performance against cost ratio, the recommended solution is the use of a Support Vector Machine model, involving TF-IDF features.
This recommendation is justified for several key reasons:
1. Highest Accuracy: Multiple comparative studies show that SVM (Support Vector Machine) yields the highest or one of the highest accuracies among any other methods for the sentiment analysis task, thus the company gets the best insight from the reviews [4].
2. Robustness: SVM performs well even when the dataset is not massive. The ability to effectively create an evident margin to separate one class from the other class indicates a robust choice that can generalise well from the training data to new ones not seen before [4].
3. Efficiency: In training, SVM may be a bit more expensive than Logistic Regression, but recent versions of SVM are very efficient in memory use [13]. The simulation cost is still way lower than deep learning costs, meaning it is perfect for a resource-constrained company.
4. Proven Effectiveness: SVM and TF-IDF are tested and proven techniques in the field of natural language processing for text classification. Therefore, it is a low-risk, high-reward proposition [12].
Business Implications
Implementing the recommended SVM-based sentiment analysis workflow will provide the marketing company with significant business advantages:
· Actionable Customer Insights: The organisation will be capable of reliably and automatically categorising a massive amount of shopper reviews in terms of positive, negative and neutral sentiments [4].  This gives insight into customer satisfaction levels, product reception, and things that need changing.
· Scalability and Integration: The proposed workflow is highly scalable. As the volume of reviews grows, the system can be expanded. The output of the model can easily plug into other business systems, such as a CRM system and live analytics dashboards, to provide immediate feedback to marketing and product teams [15].
[bookmark: _Toc212016176]6. Conclusion
This report outlines an easy-to-implement method to generate a regular ML sentiment analysis workflow.  As mentioned in the literature, it is possible to compare established algorithms to the customer reviews that a young low-cost player is using.  The mechanism presented reads data and accomplishes processing, followed by model training and evaluation, which occurs concurrently. In short, it formats clients’ unstructured reviews into a structured one. 
Based on the evidence presented, the SVM model with TF-IDF features was ultimately recommended. This method is more accurate and efficient than its simpler counterparts, like Naive Bayes. Further, this approach is as accurate as or more accurate than Logistic Regression and is typically more dependable. As a result, the company will build a reliable and scalable data-driven tool for better understanding customer opinion in real-time. The marketing will improve, and the quality of the product will. The created customer data platform will aid in creating predictive models and utilising advanced functionality and machine learning. To build a competitive advantage against more customer-centric competition, it will also create a scaling analytics infrastructure that can grow with the business.  
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