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Abstract
Customer reviews are a vital resource, but their high volume makes manual analysis impossible. This study explores using sentiment analysis to convert shopper opinions into actionable insights, helping companies identify feedback and trends. This report acts as a consultation for a marketing company seeking a cost-effective, efficient machine learning (ML) solution. Per their request, this investigation focuses only on traditional ML models, avoiding resource-heavy deep learning. We will conduct a comparative literature review of Naive Bayes, Logistic Regression, Support Vector Machine (SVM), Random Forest, Decision Tree, and K-Nearest Neighbours (KNN). The core of this investigation is to compare their effectiveness based on published case studies. We will analyse performance using key metrics (accuracy, precision, etc.) and computational cost. This report will also outline the necessary data preprocessing and feature extraction (TF-IDF) workflow. The final goal is to provide an evidence-based recommendation for the best traditional ML algorithm that balances performance with the company's resource constraints.
1. Introduction
Lexicon-based methods were used for sentiment analysis before the widespread adoption of machine learning (ML) and deep learning (DL) approaches [1]. These early methods relied on dictionaries, or "lexicons," of positive and negative words to calculate an overall sentiment score for a piece of text. While simple and interpretable, this approach struggled with the nuances of human language, such as sarcasm, domain-specific terms, and context-dependent polarity. As the volume of online text grew, researchers shifted to machine learning to automatically learn patterns from data, with early influential work focusing on classifying movie reviews [2].
This pioneering research in the early 2000s, including the work by Pang and Lee [2], compared foundational algorithms like Naive Bayes (NB), Maximum Entropy, and Support Vector Machines (SVM). Their work proved that these "traditional" models could outperform human-generated baselines for sentiment classification [3]. This marked a significant turn in the field, moving from simple rule-based systems to more complex, data-driven classification.
While the field has since evolved toward complex, resource-heavy deep learning models (like BERT and GPT), the foundational ML models from that era remain powerful, efficient, and cost-effective. This is a critical factor for a young marketing company that has requested a consultation on analysing its shopper reviews. Their primary requirement is to leverage their growing database of customer feedback without investing in specialised hardware (like GPUs) or extensive computational time. They need a traditional, low-cost ML workflow that can run on standard computers, specifically avoiding complex neural networks.
This report provides the full analysis to meet this need. Our work is conducted through a systematic literature review. First, in Section 2, we will review academic and industry studies to compare the established performance of traditional models (NB, SVM, Logistic Regression, etc.) on text classification tasks. Next, in Section 3, we will detail the complete workflow methodology required, explaining the step-by-step process from data cleaning to feature extraction. Finally, in Section 4, we will discuss these findings and provide a clear recommendation for the most suitable algorithm for the company, balancing performance with their resource constraints.
2. Related Work and Literature Review
This review synthesises academic research on the application of traditional machine learning algorithms for sentiment analysis. The goal is to build an evidence-based foundation for recommending a model that is both accurate and computationally efficient.
2.1 What is Sentiment Analysis? 
Sentiment analysis, or opinion mining, is a subfield of Natural Language Processing (NLP) that automatically identifies and extracts subjective information from text. As defined by Liu [4], it is the computational study of opinions, sentiments, and emotions expressed in text. For businesses, this translates to understanding the "voice of the customer," whether in reviews, social media, or surveys [2]. This report focuses on classification at the document level (i.e., classifying an entire shopper review as "positive" or "negative").
2.2 Review of Traditional Algorithms 
The literature consistently evaluates a core set of traditional algorithms for this task.
Naive Bayes (NB): This is a probabilistic classifier based on Bayes' Theorem. It is "naive" because it assumes that the presence of one word (feature) is independent of the presence of others. Despite this simple, and often incorrect, assumption, NB is a powerful baseline for text classification [5] and is noted for its high speed and low computational cost [6].
Support Vector Machines (SVM): SVMs are widely regarded as one of the best "off-the-shelf" traditional classifiers for text. An SVM model finds the optimal hyperplane that separates data points of different classes. Seminal review papers [7] confirmed that SVMs are highly effective for text categorisation, especially in high-dimensional feature spaces, which is typical for text data.
Logistic Regression (LR): This is a statistical model that, like SVM, is a discriminative classifier. It models the probability that a given review belongs to a certain class. It is highly interpretable, fast to train, and often performs at a level comparable to SVMs [8].
Decision Trees (DT): A Decision Tree classifies text by using a tree-like structure of "if-then" rules based on the presence of certain words. While highly interpretable, a single Decision Tree is often prone to overfitting the training data and is sensitive to minor changes in the data [9].
Random Forest (RF): This is an ensemble method designed to correct the overfitting problem of single Decision Trees. A Random Forest builds many different decision trees and classifies by taking a "vote" from all of them [10]. This approach is robust and generally achieves high accuracy.
K-Nearest Neighbours (KNN): This is a "lazy learner" that does not build an internal model; instead, it stores the entire training dataset. It classifies a new review by finding the "k" most similar reviews from the training set. A key drawback noted in the literature is its high computational cost at prediction time [11].
2.3 Direct Performance Comparisons from Research 
The true value of these algorithms is revealed in direct, comparative studies.
NB vs. SVM (The Classic Showdown): The foundational study by Pang, Lee, and Vaithyanathan [3] directly compared NB, Maximum Entropy, and SVM on movie review sentiment. They found that while NB performed surprisingly well, SVMs consistently provided the highest accuracy, concluding they are "a very good 'baseline' classifier for sentiment." This finding has been replicated numerous times; SVM's ability to handle high-dimensional, sparse data (like text) often gives it an edge in accuracy over the simpler probabilistic model of Naive Bayes [7].
Ensemble Methods (Random Forest) vs. SVM: More recent studies have compared SVMs to ensemble methods. A 2017 comparative study [10] on movie reviews tested Naive Bayes, SVM, and Random Forest. Their results showed that Random Forest achieved the highest accuracy (88.9%), slightly edging out SVM (88.0%), while both significantly outperformed Naive Bayes (84.4%). This suggests that for tasks where maximum accuracy is the goal, Random Forest is a top-tier contender, though it often requires more computational resources and time to train than an SVM.
KNN Performance and Cost: The literature is also clear on the limitations of KNN. A 2019 study on hotel reviews [11] noted that while KNN can be effective, its high computational cost during the prediction phase (as it must compare a new review to all training reviews) makes it unsuitable for the company's goal of an efficient, low-cost workflow, especially as their dataset grows.
Logistic Regression vs. SVM: Other studies focus on the trade-offs between SVM and Logistic Regression. While SVMs are known for their high accuracy in high-dimensional spaces [7], Logistic Regression is often found to be nearly as accurate but significantly faster to train and easier to implement, as demonstrated in large-scale sentiment studies [8].


2.4 The Importance of Feature Extraction 
These traditional models cannot read raw text. The text must first be converted into a numerical format, a process called feature extraction. Two common methods are the Bag of Words (BoW) model, which represents text by counting the occurrence of each word, and TF-IDF (Term Frequency-Inverse Document Frequency). TF-IDF is a more advanced statistical measure that increases the "weight" or importance of words that appear frequently in a single review but rarely in the whole collection of reviews. This theoretical model for term weighting, explained in detail by Robertson [12], helps the model focus on words that are more descriptive and discriminating rather than frequently-used words. Many studies, such as [10], confirm that using TF-IDF features typically results in better performance than simple BoW counts.
2.5 Summary of Findings 
The literature review confirms a general consensus. For simple, fast, and surprisingly effective baselines, Naive Bayes is a common starting point [5], [6]. However, for tasks requiring higher accuracy, SVMs and Random Forests are consistently reported as the top performers in traditional ML [3], [10]. Specifically, SVMs offer a powerful balance of high accuracy and efficiency, especially when combined with TF-IDF features [7], while Random Forest may offer a slight accuracy boost at the cost of more training time [10]. The choice is not just about the algorithm, but a trade-off between training speed (NB, LR), prediction speed (KNN is poor), and overall accuracy (SVM, RF).
3. Workflow Methodology
3.1 The General Machine Learning Pipeline 
A machine learning workflow, or pipeline, is a systematic, end-to-end process for building, deploying, and maintaining an ML model. This concept is standardised in frameworks like the Cross-Industry Standard Process for Data Mining (CRISP-DM), which outlines an iterative cycle of business understanding, data understanding, data preparation, modelling, evaluation, and deployment [13]. This structured approach is derived from earlier Knowledge Discovery in Databases (KDD) processes [14]. While modern workflows for deep learning may involve complex, automated pipelines (MLOps), the core stages for a traditional, research-based project remain consistent: data must be gathered, cleaned, transformed into a usable format, and then used to train and evaluate a model.
3.2 Proposed Workflow for Shopper Sentiment Analysis 
For this project, we recommend a workflow that prioritises clarity, efficiency, and the use of well-established, traditional techniques. This workflow is designed to be executed without specialised hardware.
Step 1: Data Collection and Understanding The first step involves gathering the dataset of shopper reviews provided by the marketing company. This raw data, presumably in a format like CSV or JSON, will contain the review text and a preexisting label (e.g., a 1–5-star rating). This star rating will serve as the "ground truth." For this binary classification, we will convert these ratings into two classes: "Negative" (e.g., 1-2 stars) and "Positive" (e.g., 4-5 stars). Neutral 3-star reviews are often discarded in sentiment analysis research, as this creates a clearer, less ambiguous distinction between the positive and negative classes, a methodology used in foundational papers like [3].
Step 2: Data Preprocessing (Text Cleaning) Raw text data is "dirty" and cannot be fed directly to an ML model. This is one of the most critical stages for any NLP task, as the quality of cleaning directly impacts model performance [15]. The recommended preprocessing steps are:
Lowercasing: Converts all text to lowercase ("Great" and "great" become the same word).
Punctuation and Number Removal: Removes characters and digits that add noise for traditional models.
Stop Word Removal: Removes common, low-value words.
Lemmatisation: This process reduces words to their root form, or "lemma".This is preferred over "stemming," as lemmatisation is context-aware and produces valid words, leading to more accurate feature representation [16].
Step 3: Feature Extraction (Vectorisation) As discussed in Section 2.4, the cleaned text must be converted into numerical vectors. We will use the TF-IDF (Term Frequency-Inverse Document Frequency) method. Each review will be transformed into a vector where each number represents the TF-IDF weight of a specific word from the entire vocabulary [12]. This creates a large, sparse matrix that is ideal for algorithms like SVM.
Step 4: Data Splitting The dataset must be split into two parts using a standard hold-out method [17]:
Training Set: The model will "learn" the patterns from this data.
Test Set: This data is held back and is never seen by the model during training. It is used for the final, unbiased evaluation of the model's performance.
Step 5: Model Training and Selection The algorithms identified in Section 2 (NB, SVM, LR, RF, DT, KNN) will be trained on the pre-processed training set. This involves feeding the TF-IDF vectors and their corresponding labels (positive/negative) to each algorithm, allowing them to learn the relationship between the word patterns and the sentiment.
Step 6: Model Evaluation Once trained, each model's performance will be measured against the unseen test set. We will use a standard set of classification metrics to determine which model is best [18]:
Accuracy: The percentage of reviews the model classified correctly.
Precision: Of all the reviews the model predicted as positive, what percentage was actually positive? This metric is important for avoiding false positives.
Recall: Of all the actual positive reviews, what percentage did the model find? This is important for finding all positive cases.
F1-Score: The harmonic mean of Precision and Recall. This is a crucial metric, especially if the dataset is imbalanced, as it provides a single score that balances both concerns [18].
Training Time: We will also log the time (in seconds) it takes to train each model, as this is a key constraint for the company.
3.3 Visual Workflow Diagram 
The proposed methodology follows a clear, linear progression, as illustrated in the flow chart below. Each stage's output is the input for the next, ensuring a reproducible and systematic process.
3.4 Typical Time Distribution 
A critical factor for the company is the computational cost, which translates to time. In a traditional NLP workflow, the time is not distributed evenly. The "Model Training" step, while important, is often one of the fastest parts. The vast majority of time and effort is spent on data preparation.
3.5 Justification of the Proposed Workflow 
This workflow is superior to more complex alternatives for this specific client for four reasons:
Cost-Effective: It avoids the need for expensive GPUs and large cloud computing budgets, which are prerequisites for deep learning models like BERT [1].
Proven and Reliable: Every algorithm and technique in this pipeline (SVM, TF-IDF, Naive Bayes) is supported by decades of academic research as being effective for text classification [3], [7].
Interpretable (to a degree): While not as simple as a lexicon, the features (TF-IDF weights), and models (like Logistic Regression or Decision Trees) can offer some insight into which words are driving the classification, which is valuable for the marketing company.
Efficient: As shown in the time distribution chart, this workflow focuses on models known for fast training (NB, LR) and high performance (SVM, RF), creating the best balance of accuracy and efficiency to meet the company's constraints.
4. Discussion and Recommendations
The literature review and workflow methodology provide a clear path to a recommendation that directly addresses the client's needs. The primary goal is to find the optimal balance between classification effectiveness (accuracy) and cost-effectiveness (low computational resources, fast training time).
4.1 Process of Elimination Based on the literature review (Section 2), we can immediately eliminate several algorithms that are a poor fit for the company's requirements:
K-Nearest Neighbours (KNN): This algorithm is non-viable. Its high computational cost at prediction time makes it unscalable. As the company's review dataset grows, the time to classify a new review would become unacceptably slow [11].
Decision Tree (DT): A single Decision Tree is generally not recommended for a final model due to its high tendency to overfit the training data [9]. It is outperformed in accuracy and robustness by its ensemble equivalent, Random Forest.
Naive Bayes (NB): While exceptionally fast and cost-effective [6], NB consistently underperforms SVM and Random Forest in accuracy [3], [10]. It serves as an excellent baseline to measure against, but it should not be the final recommended model where accuracy is a key concern.
4.2 Analysis of Top Contenders 
This process leaves three strong contenders: Logistic Regression (LR), Support Vector Machine (SVM), and Random Forest (RF). The choice between them is a trade-off.
Random Forest (RF): The literature indicates that RF often produces the highest accuracy, even if by a small margin [10]. However, this effectiveness comes at an excessive cost. As an ensemble method, it trains hundreds of individual trees, making it the most computationally expensive and time-consuming of the three [10]. This high training cost conflicts with the client's desire for an efficient, low-resource solution.
Logistic Regression (LR): LR is extremely fast, highly interpretable, and requires minimal resources. Its performance is often cited as being "comparable" to SVM [8]. It represents the best option for speed and cost-effectiveness, but it may sacrifice a few percentage points of accuracy compared to a well-tuned SVM [7].
Support Vector Machine (SVM): SVM represents the best compromise. For over two decades, SVMs have been a "gold standard" for text classification [3]. They are highly effective in high-dimensional, sparse feature spaces, which is precisely what TF-IDF creates [7]. While more complex than LR, an SVM (especially with a linear kernel) is still computationally efficient and runs perfectly on a standard CPU. It consistently delivers accuracy near or at the top of traditional models, rivalling RF without the extreme training cost [10].
4.3 Final Recommendations 
Based on this analysis, we provide two primary recommendations, allowing the company to choose their preferred trade-off.
Recommendation 1 (Best Balance): Support Vector Machine (SVM) We recommend the Support Vector Machine (SVM) as the primary model for the company's sentiment analysis workflow.
· Effectiveness: It is cited in foundational [3] and major survey [7] papers as a top-performing classifier for text, offering exceptionally high accuracy.
· Cost-Effectiveness: When paired with TF-IDF features, an SVM is highly efficient. It does not require a GPU and can be trained on a standard computer in a reasonable timeframe, perfectly matching the client's constraints. It provides the best balance of high performance and low computational cost.
Recommendation 2 (Fastest/Simplest): Logistic Regression (LR) If the company's priority is maximum speed and interpretability over achieving the highest possible accuracy, then Logistic Regression (LR) is an excellent secondary choice.
· Effectiveness: Its performance is often only slightly below that of an SVM [8].
· Cost-Effectiveness: It is one of the fastest algorithms to train and is simple to implement. This makes it the most cost-effective solution if the company needs a "good enough" model that can be trained and retrained very quickly.
This two-tiered recommendation provides the client with an obvious choice: SVM for the best-balanced performance, and LR for the fastest, most efficient deployment.
5. Conclusion
This report has served as a full consultation for a marketing company seeking a low-cost, traditional machine learning solution for shopper sentiment analysis. We began by reviewing the history of the field, from early lexicon-based methods to the foundational ML models that remain effective today [1], [3]. The literature review (Section 2) identified that while deep learning is popular, traditional models like SVM, Random Forest, and Logistic Regression are powerful, low-cost alternatives [7], [8], [10].
We then detailed a complete, six-step workflow (Section 3) that adheres to the client's constraints, prioritising efficient and proven techniques such as TF-IDF vectorisation [12] and standard evaluation metrics [18]. This workflow is designed to be implemented without specialised or expensive hardware.
Finally, our discussion (Section 4) concluded with a clear recommendation. We identified the Support Vector Machine (SVM) as the best primary solution, offering the optimal balance of high effectiveness and cost-effectiveness. We also recommended Logistic Regression (LR) as a strong secondary option if speed is the absolute highest priority. This report provides the company with an evidence-based, actionable plan to leverage its customer data efficiently.
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