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This report critically examines the application of traditional machine learning (ML) models for analysing shopper reviews in a commercial context where computational resources are limited. The focus is exclusively on classical algorithms, such as Naïve Bayes (NB), Support Vector Machines (SVM), Logistic Regression (LR), Decision Trees (DT), and K-Nearest Neighbours (KNN). The evaluation compares these models based on training speed, efficiency, accuracy, and interpretability. A comprehensive ML workflow is detailed, spanning data acquisition, necessary text preprocessing techniques, numerical feature vectorization (e.g., using Term Frequency-Inverse Document Frequency, or TF-IDF), model training, rigorous evaluation using relevant metrics, and practical deployment considerations. Based on this analysis, the report recommends a specific model and workflow designed to provide fast, accurate, and easily interpretable sentiment insights suitable for a small company operating with resource constraints.
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Customer reviews represent a valuable source of data, containing essential feedback that businesses can use to enhance their products and services. Sentiment analysis is the computational process used to automatically determine the underlying opinion or polarity (e.g., positive, negative, or neutral) within this text data. Machine learning (ML) models are typically employed for this task, relying on algorithms trained to predict sentiment after converting linguistic features into numerical representations.
While contemporary deep learning (DL) models, such as BERT and LSTM, often achieve superior accuracy, they impose significant demands regarding computational power and the volume of training data required. These constraints render them impractical for companies operating with limited hardware and resources.
This assignment focuses on satisfying the needs of a young marketing company that requires a full consultation on utilizing ML models for shopper review sentiment analysis. Due to computational cost constraints, the company is seeking traditional ML workflows that minimize resource usage. Therefore, this report investigates and evaluates classical machine learning approaches. Previous studies have established that algorithms such as Naïve Bayes, Logistic Regression, and SVM can effectively solve this problem when provided with adequately prepared data. The subsequent sections detail the current ML landscape relevant to these needs, review appropriate literature, and synthesize a comprehensive workflow to recommend the most accurate and efficient traditional ML algorithm for customer sentiment analysis.
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Academic research has consistently demonstrated the efficacy of classical machine learning models for sentiment analysis tasks. Early studies comparing traditional classification methods, including Naïve Bayes (NB), Logistic Regression (LR), and Support Vector Machines (SVM)-on various review datasets found that all performed significantly better than random classification [1]. Generally, SVM often attained the highest accuracy, closely followed by Logistic Regression, with Naïve Bayes forming a strong baseline.
This literature highlights a typical performance trade-off in traditional ML: simplicity and speed versus absolute accuracy [2]. For instance, one study focusing on app review sentiment found Logistic Regression achieving high accuracy (84.6%), along with strong precision and recall. In the same context, Naïve Bayes demonstrated exceptional speed, classifying a test set in only 0.038 seconds [3]. This pattern confirms that Naïve Bayes is notably efficient, whereas LR and SVM often yield superior predictive results.
Before the widespread adoption of deep learning methods, traditional models such as Naïve Bayes, Decision Trees, and SVM were established as popular and reliable tools for text classification. Research on specific domains, such as travel reviews, confirmed that both SVM and Naïve Bayes provided robust results. Naïve Bayes proved effective for classifying short-form text, such as Twitter posts, when utilizing simple unigram features [4].
In real-world applications requiring efficient processing, traditional ML remains highly relevant. Naïve Bayes is widely recognized for its fast execution and ability to handle large data volumes, making it suitable for applications like spam filtering [5]. SVMs have been historically employed in customer feedback analysis and surveys, capitalizing on their high accuracy even when training data volume is moderate. Hybrid systems have also been deployed, such as one combining SVM and Naïve Bayes to analyse real-time tweets effectively balancing speed and accuracy [6]. These empirical findings reinforce that traditional ML models provide valuable, resource-efficient, and fast solutions for sentiment analysis, fulfilling the core requirements of the consultation.
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To successfully develop an accurate and efficient sentiment analysis model while adhering to low computational resource requirements, a structured Machine Learning (ML) workflow must be followed. The recommended workflow involves several sequential stages: data acquisition, rigorous data preparation and feature engineering, appropriate model selection and training, and thorough evaluation and deployment.
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The process begins with obtaining shopper reviews from internal company databases or suitable public sources. Crucially, each review must be explicitly labelled with the target sentiment (e.g., positive or negative), as sentiment analysis in this context is a form of supervised learning.
Raw text data is typically noisy and requires significant preprocessing before any algorithm can utilize it. This preparation involves several key steps [7]:
1. Text Cleaning: Irrelevant components such as HTML tags, URLs, extraneous special characters, or emojis that do not convey sentiment are removed. Normalization is performed by converting all text to lowercase and standardizing whitespace. This step reduces noise and ensures that the model is not confused by irrelevant text variations.
2. Tokenization: The text is divided into basic units called tokens, which are usually individual words. Tokenization transforms the continuous sequence of a review into a list of terms, which are necessary inputs for subsequent feature processing steps.
3. Stop Word Removal: Common, frequent words that contribute little semantic meaning (e.g., "the," "is," "a") may be removed to reduce the size of the feature space. However, caution is vital in sentiment tasks, as negation words like "not" are often classified as stop words but are critical for determining polarity; these negation terms should usually be retained or handled via techniques like affixing a "NOT_" prefix to subsequent tokens.
4. Stemming and Lemmatization: These normalization techniques reduce words to their base or root forms. Stemming applies crude rules (e.g., "excited" "excit"), while lemmatization uses linguistic knowledge to map words accurately to dictionary forms (e.g., "better" "good"). Lemmatization is generally preferred for sentiment analysis because its accuracy preserves more context. This normalization process reduces data sparsity by collapsing variations of the same root word into a single token, enhancing feature occurrences for the model.
Successful implementation of these preprocessing steps transforms the text into a clean, consistent sequence of tokens, which is fundamental for high-quality model training [8].
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Machine learning algorithms require numerical input, requiring the conversion of pre-processed text into quantifiable feature vectors. This process is known as vectorization.
1. Bag-of-Words (BoW): This simple method represents a document based on the frequency of each unique word within it. A vocabulary of all unique tokens is created, and each document is converted into a vector where dimensions correspond to word counts. Although BoW disregards word order and context, its simplicity is often sufficient for basic sentiment analysis, where the sheer quantity of positive or negative terms is a strong indicator of overall sentiment.
2. TF-IDF (Term Frequency-Inverse Document Frequency): This technique builds upon BoW by weighting word counts based on how unique or informative a word is across the entire corpus of documents. Words common across many documents (like "product") are down-weighted, while rarer, more specific sentiment-bearing words ("horrible," "excellent") receive higher weights. Using TF-IDF often provides minor accuracy benefits over raw counts by emphasizing terms more discriminative of sentiment.
3. N-grams: To incorporate rudimentary context without full sequential modelling, features can include contiguous sequences of words (e.g., bigrams: "not good"). This helps capture basic polarity shifts, although it substantially increases the feature space size (dimensionality).
Given the requirement for simple and efficient models, TF-IDF features utilizing unigrams and potentially bigrams are recommended, as they offer a strong balance of expressiveness and efficiency.
High dimensionality, a typical characteristic of text data (where vocabulary size can reach tens of thousands), can slow training time and complexity. To mitigate this, Feature Selection is a crucial technique. Feature selection reduces model complexity, shortens training time, improves overall performance and generalisation, and aids interpretability by eliminating redundant or irrelevant features.
Feature selection methods are generally categorized into three types:
· Filter Methods: These techniques select features based on statistical properties, independent of the chosen ML model. Examples include the Chi-Square Test or Pearson’s correlation. Filter methods are fast and suitable for preliminary selection.
· Wrapper Methods: These methods use the performance of the actual machine learning model (e.g., accuracy or F1-score) to iteratively select the best subset of features. Examples include Recursive Feature Elimination (RFE). Wrapper methods are generally more effective but are computationally expensive.
· Embedded Methods: Feature selection occurs inherently during the model training process. Examples include Lasso Regression (L1 Regularization) or using feature importance scores derived from tree-based models like Decision Trees or Random Forest.
For this report, limiting the vocabulary size based on frequency or Information Gain (an entropy-based metric used in Decision Trees) acts as an implicit feature selection approach, speeding up subsequent model training [9].
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Once feature vectors are prepared, a suitable supervised learning algorithm-focused on classification in this case, predicting discrete values (positive/negative), is selected and trained [10]. 
Training involves optimizing the model’s parameters to fit the data. The training methodology differs significantly across models:
· Naïve Bayes: Training is extremely fast; it is a closed-form estimation involving simple counting of word occurrences per class to calculate conditional probabilities. NB essentially "trains almost instantaneously".
· Logistic Regression and Linear SVM: These models require optimization algorithms (like stochastic gradient descent) to find the weight coefficients that maximize the separation between positive and negative classes. Training these models takes longer than NB but is usually manageable on moderate datasets.
· Decision Trees: Training is fast on smaller data, involving a greedy, recursive splitting process where features are chosen to maximize Information Gain (reducing the entropy/uncertainty of the class label).
Before formal evaluation, model validation is necessary to tune model hyperparameters and prevent overfitting. Overfitting occurs when a model learns the training data and its noise too exactly, resulting in excellent performance on training data but poor generalisation to new, unseen data. The opposite, under-fitting, occurs when the model is too simple to capture the data’s complexity.
To address overfitting, techniques like Regularization, which simplifies the model or limits its flexibility, are used. For LR and SVM, this involves tuning a regularization parameter (e.g., C in SVM). For Decision Trees, this involves pruning (stopping the tree growth early or removing nodes post-training).
A common and robust validation approach is K-fold Cross-Validation (CV). CV involves randomly dividing the training dataset into equal-sized folds. The model is trained times; in each iteration, one-fold is used as the validation set, and the remaining folds are used for training. The average evaluation score across all runs provides a reliable estimate of model skill and helps in selecting optimal hyperparameter settings. A standard value for is 5 (5-fold cross-validation).
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After training and validation determine the best model configuration, the final performance is assessed using a strictly held-out test set. Selecting the right performance metric is critical, especially when dealing with imbalanced datasets.
1. Accuracy: This is the simplest metric, representing the proportion of correctly classified instances. While a straightforward indicator of overall performance, accuracy can be misleading in scenarios where classes are imbalanced (e.g., if 90% of reviews are positive, a simplistic model predicting everything as positive achieves 90% accuracy but is useless). This pitfall is known as the "accuracy paradox".
2. Precision: This measures the proportion of instances predicted as positive that were genuinely positive. High precision means the model rarely flags a negative review as positive (minimizing false positives). Precision is essential when minimizing false alarms is a priority.
3. Recall (True Positive Rate, TPR): This measures the proportion of all actual positive instances that the model successfully identified. High recall means the model is effective at finding the target class (minimizing false negatives). In the context of sentiment analysis, achieving high recall on negative reviews is often vital to ensure that critical feedback is never missed.
4. F1-Score: This metric is the harmonic mean of Precision and Recall. The F1-Score is particularly valuable because it provides a single value that balances the trade-off between false positives and false negatives, making it a robust measure for model comparison, especially with imbalanced data.
By using a Confusion Matrix, which is a tabular visualization of ground-truth labels versus model predictions, one can derive these metrics and understand the types of errors (true positives, false negatives, etc.) the classifier is making [11]. For the purpose of recommending a suitable model, the F1-Score, alongside accuracy, is generally preferred for summary comparison.
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Deployment involves packaging the final trained model (e.g., serializing its learned weights or probabilities) and integrating it into the production environment. The models recommended here are generally lightweight and can run inference (prediction) efficiently on standard CPUs, often within milliseconds.
A successful deployment requires ensuring that the preprocessing steps applied to new, incoming reviews precisely match those used during training, especially concerning tokenization and feature vectorization using the original vocabulary and weights. The speed of traditional models like Naïve Bayes and Logistic Regression makes them ideal for real-time analysis or high-volume streaming data. Post-deployment, continuous monitoring is advised to detect performance drift, ensuring the model maintains its accuracy over time.
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The consultation requires recommending a traditional ML model and workflow that prioritizes low computational cost and high efficiency without compromising effectiveness. A comparison of the most promising candidates is essential.
Table 1 Comparison table
	Algorithm
	Training Speed
	Prediction Speed
	Accuracy (typical)
	Notable Strengths
	Notable Weaknesses

	Naïve Bayes (NB) [12]
	Very Fast
	Very Fast
	Moderate
	Extremely simple and scalable. Requires minimal training data. Highly interpretable.
	Relies on the strong assumption of feature independence. Accuracy generally lower than SVM/LR.

	Logistic Regression (LR) [13]
	Fast
	Fast
	High
	Excellent balance of simplicity, speed, and solid accuracy. Outputs well-calibrated probabilities. Good interpretability via feature weights.
	Ignores word order (Bag-of-Words approach). Requires tuning of regularization to prevent overfitting.

	Support Vector Machine (SVM) (Linear)
	Moderate
	Fast
	High (Often highest)
	Robust in high dimensions and handles sparse text data effectively. Strong baseline classifier when DL is infeasible. Maximizes margin distance for stability.
	Training can be slow or memory-intensive for exceptionally large datasets. Requires tuning of hyperparameters (e.g., C parameter for regularization). Less direct interpretability than LR.

	Decision Tree (DT) [14]
	Fast (small/medium data)
	Very Fast
	Moderate/Low
	Highly interpretable, yielding human-readable rules. Automatically performs implicit feature selection.
	High risk of overfitting, especially with complex high-dimensional text data. Single trees often underperform linear models.

	K-Nearest Neighbours (KNN) [15]
	Minimal (stores data)
	Slow (requires distance computation)
	Low-Moderate
	Conceptually simple: prediction based on neighbours. Non-parametric, capable of modelling complex boundaries.
	Scalability issues: Prediction is computationally expensive on large datasets. Performance weakens in very high-dimensional feature spaces due to the "curse of dimensionality".
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Given the mandate to recommend the simplest effective solution for a resource-constrained environment, Naïve Bayes, Logistic Regression, and Linear SVM are the primary candidates.
Naïve Bayes (NB) is unsurpassed in terms of speed and scalability. Training is near-instantaneous, relying only on probability estimation based on counts. This makes NB an excellent choice for processing large streams of data on limited hardware. Its primary drawback is its foundational assumption that features (words) are independent of one another (the "Naïve" assumption). This independence assumption means NB struggles to capture subtle language patterns, such as the polarity flip caused by negation ("not good"). Although its accuracy is often sufficient (e.g., 75–80%), it generally serves best as a highly efficient baseline.
Support Vector Machines (SVM), specifically with a linear kernel, are historically recognized for delivering the highest accuracy among these traditional methods for text classification. SVM is robust to the high dimensionality and sparsity typical of text features, achieving separation by finding the maximum-width hyperplane (the "street") between classes, defined by the "support vectors". SVM training can be more time-intensive than NB or LR for large datasets. However, once trained, prediction speed is high. The primary issue is the potential memory and time burden of training if the dataset is exceedingly large, and the need for parameter tuning (e.g., the C parameter, which controls regularization and margin width).
Logistic Regression (LR) occupies a highly desirable middle ground. It is conceptually simple, highly interpretable (by inspecting weight coefficients assigned to features), and consistently achieves accuracy comparable to linear SVM. Unlike NB, LR does not rely on the feature independence assumption, allowing it to learn relative weights more effectively to maximize prediction accuracy. Training is efficient, and its prediction speed is exceptionally fast. Crucially, LR naturally outputs probabilities, which is valuable for determining the confidence of sentiment predictions. Studies have shown LR yielding competitive results in sentiment tasks among traditional methods, making it a "sweet spot" [16].
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Based on the requirements: simplicity, resource efficiency, and strong performance, the recommended primary algorithm is Logistic Regression using TF-IDF features [17].
Logistic Regression is preferred over SVM because, while accuracy might be negligibly different in practice, LR provides better interpretability (weights are easily understood by non-technical marketing staff) and greater simplicity (no need to manage complex concepts like support vectors or dual formulations). LR models are lightweight (a simple vector of weights) and deploy quickly, making them perfectly suited for real-time analysis on modest hardware. LR is expected to achieve robust binary classification accuracy, likely in the mid-to-high 80% range.
The full recommended workflow components are:
1. Data Preparation: Implement rigorous text cleaning, tokenization, lemmatization (preferred over stemming), and careful stop word filtering that preserves negation words.
2. Feature Extraction: Utilize TF-IDF to weight word features, potentially including bigrams alongside unigrams to capture simple context, as this combination typically yields balanced performance.
3. Model Training: Train the Logistic Regression classifier, optimizing its parameters using a solver. Crucially, employ 5-fold Cross-Validation during the training phase to robustly estimate performance and tune the regularization parameter to ensure good generalization and prevent overfitting.
4. Evaluation and Monitoring: Evaluate the final model on a dedicated test set, prioritizing F1-Score, Precision, and Recall, particularly for the minority (negative) class, given that marketing teams often prioritize capturing all instances of dissatisfaction.
Secondary Recommendation (Baseline): Multinomial Naïve Bayes should be implemented as a mandatory baseline model. NB can be rapidly deployed and provides an immediate benchmark. If the data volume suddenly increases or if computational strain becomes a significant issue, NB serves as a rapid and reliable fallback, providing useful insights despite slightly lower accuracy.
In conclusion, the proposed approach are Logistic Regression with TF-IDF features, provides a fast, accurate, and interpretable solution that perfectly aligns with the company's limitations and requirements [18].
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