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This report provides a comprehensive consultation for a marketing company seeking to implement sentiment analysis for shopper reviews under significant computational constraints. The primary objective is to recommend a traditional machine learning algorithm and end-to-end workflow balancing predictive performance with operational efficiency. Through critical review of contemporary academic literature, this investigation compares the efficacy, complexity, and computational demands of Naive Bayes, Support Vector Machines, and Logistic Regression. A detailed workflow is proposed, encompassing data preprocessing, TF-IDF feature engineering, model training, and robust evaluation. Based on rigorous comparative analysis prioritizing low computational cost, scalability, and implementation simplicity while maintaining effectiveness, this report formally recommends the Multinomial Naive Bayes classifier. This recommendation rests on MNB's optimal alignment with operational constraints, delivering 86-90% accuracy with sub-second training times on standard hardware. The report concludes with a comprehensive evaluation framework emphasizing F1-Score as the principal metric for imbalanced datasets, alongside practical implementation guidance and computational benchmarks.

[bookmark: _Toc211984412]1.0 Introduction: The Strategic Importance of Sentiment Analysis
[bookmark: _Toc211984413]1.1 Business Context and Challenge
In the contemporary digital marketplace, customer reviews represent invaluable business intelligence. Sentiment analysis refers to the computational process of identifying emotional tone within text, enabling marketing organizations to gain insights into consumer perceptions, product strengths, and emerging trends [1]. Recent studies demonstrate that 93% of consumers consult online reviews before purchasing, with businesses using sentiment analysis showing 25-30% improvement in customer satisfaction metrics [2].

However, sentiment analysis presents substantial technical challenges for computational systems. Unlike humans who naturally understand context, sarcasm, and implied meaning, machines process text as sequences of characters without natural comprehension. Consider the review "This product is not bad at all", a human immediately recognizes this as positive feedback, but a machine sees the word "bad" and may incorrectly classify it as negative. Similarly, "I expected much more for this price" contains no explicitly negative words yet conveys disappointment. These linguistic complexities including negation, sarcasm, context-dependent meanings, and implied sentiment make automated classification substantially more difficult than simple keyword matching.

For young companies, accessing effective sentiment analysis tools presents additional challenges related to computational resources and cost. Current state-of-the-art sentiment analysis employs deep learning models such as BERT and RoBERTa, which achieve 94-97% accuracy but demand substantial computational resources including large datasets with over 100,000 labelled examples, specialized GPU hardware costing several thousand pounds, and personnel with advanced technical expertise [3]. This creates practical barriers for organizations with limited budgets.

Traditional machine learning algorithms including Naive Bayes, Support Vector Machines, and Logistic Regression offer viable alternatives for resource-constrained organizations. Recent research demonstrates that optimized traditional machine learning models achieve 85-92% of deep learning performance while requiring only 2-5% of computational resources [4]. This translates to training times measured in seconds rather than hours, and deployment on standard office computers rather than specialized GPU servers. A 2023 industry survey found that 64% of production sentiment systems still employ traditional ML due to favourable resource-performance trade-offs [5].

[bookmark: _Toc211984414]1.2 Report Objectives
This report addresses three primary objectives. First, it conducts a focused review of contemporary academic literature concerning traditional machine learning algorithms for text classification, examining their comparative performance, computational requirements, and practical applicability. Second, it proposes a complete, practical workflow for developing, training, and evaluating a sentiment analysis model suitable for deployment in resource-constrained environments. Third, it delivers a clear, evidence-based recommendation for a specific algorithm optimally aligned with requirements for simplicity, effectiveness, and computational economy.

[bookmark: _Toc211984415]2.0 Literature Review: Contemporary Perspectives on Sentiment Classification
[bookmark: _Toc211984416]2.1 Evolution from Lexicon-Based to Machine Learning Approaches
Early sentiment analysis relied on lexicon-based methods, which matched text against predefined dictionaries containing words with associated sentiment scores [6]. A 2020 comparative study found these approaches achieve only 62-68% accuracy on modern review datasets, struggling with context, sarcasm, and domain-specific language [7]. Machine learning approaches developed as superior alternatives because they learn patterns from labelled examples rather than relying on fixed dictionaries, achieving 82-92% accuracy across diverse datasets [8].

[bookmark: _Toc211984417]2.2 Core Traditional Machine Learning Algorithms
[bookmark: _Toc211984418]2.2.1 Naive Bayes
Naive Bayes represents a family of probabilistic classifiers based on Bayes' theorem, operating under an assumption of conditional feature independence [9]. While this assumption is theoretically oversimplified, Naive Bayes models demonstrate remarkable effectiveness for text classification in practice [10].

A 2022 meta-analysis examining 47 studies found Multinomial Naive Bayes achieved mean accuracy of 86.4% across diverse review datasets [10]. Recent research on e-commerce reviews demonstrated Multinomial Naive Bayes achieving 89.7% F1-score with only 8,000 training examples [11]. Computational benchmarks show training times of 0.3-1.2 seconds on 50,000 reviews using standard CPU hardware [12].

The training complexity of Naive Bayes is expressed as O(n×d), meaning training time increases linearly with the number of reviews (n) and the number of unique words (d). In practical terms, if you double the number of reviews, training time approximately doubles rather than increasing exponentially. This linear relationship makes Naive Bayes highly efficient and predictable.

The algorithm demonstrates particular strengths when working with high-dimensional sparse data, which characterizes text after conversion to numerical format. Naive Bayes handles this sparsity naturally without requiring dense matrix operations, exhibits minimal overfitting risk, and enables quick experimentation and retraining as new data becomes available. The primary limitation involves the independence assumption, which may underestimate relationships between words, though empirical results demonstrate strong practical performance despite this theoretical constraint.

[bookmark: _Toc211984419]2.2.2 Support Vector Machines
Support Vector Machines identify optimal hyperplanes that separate data points in high-dimensional space [13]. The algorithm seeks the hyperplane that maximizes the margin between different classes, which theoretically provides better generalization to new data.

A 2021 comparative analysis found Linear Support Vector Machines achieved 88.2% accuracy on product reviews, outperforming Naive Bayes by 2-3 percentage points but requiring 15 times longer training time [14]. Recent research demonstrated RBF kernel Support Vector Machines achieving 90.1% accuracy but with training times of 45-180 seconds on 50,000 reviews [15]. Scalability studies show polynomial complexity ranging from O(n²) to O(n³), making Support Vector Machines problematic for datasets exceeding 100,000 examples [16]. This means that doubling the dataset size increases training time by a factor of four or more [16].

Support Vector Machines offer several advantages including high accuracy potential, effectiveness in high-dimensional spaces, and theoretical robustness to overfitting [16]. However, limitations include slow training on large datasets, memory-intensive operations requiring substantial RAM, and reduced interpretability compared to simpler models.

[bookmark: _Toc211984420]2.2.3 Logistic Regression
Logistic Regression models class probability through a logistic function, which converts a linear combination of input features into a probability value between 0 and 1 [17]. Despite its name suggesting a regression task, Logistic Regression performs classification by setting a threshold where probabilities above indicate positive sentiment and below indicates negative sentiment [17].

A 2022 benchmark on Amazon reviews found regularized Logistic Regression achieved 87.3% accuracy with training times of 2-4 seconds on 50,000 reviews [18]. Regularization refers to a technique that penalizes overly complex models, preventing them from fitting noise in the training data. A 2024 study demonstrated Logistic Regression with L2 regularization matching Naive Bayes performance while providing interpretable feature coefficients [19].

Logistic Regression provides several advantages including computational efficiency relative to Support Vector Machines, direct probability scores that indicate prediction confidence, and highly interpretable feature coefficients that explain which words drive sentiment predictions. The primary limitation involves an assumption of linear relationship between features and log-odds, though for sentiment analysis this limitation rarely causes practical problems [18].

[bookmark: _Toc211984421]2.3 Critical Evaluation of Comparative Performance
Contemporary literature reveals no universally superior traditional algorithm, with performance highly dependent on dataset characteristics, preprocessing techniques, and hyperparameter configurations [20]. Several factors explain divergent results across studies [20].

Review length and linguistic complexity play important roles in determining optimal algorithm choice [21]. Naive Bayes excels with shorter reviews ranging from 50-150 words, achieving 88-90% accuracy [21]. Logistic Regression performs better with longer, more structured text exceeding 200 words, demonstrating 2-3% accuracy advantage over Naive Bayes in these contexts.

Vocabulary size and feature dimensionality also affect algorithm performance [21]. Support Vector Machines show advantage with larger vocabularies exceeding 30,000 unique terms, outperforming Naive Bayes by 1-2%. However, Naive Bayes maintains competitive performance with smaller vocabularies ranging from 5,000-15,000 terms while training considerably faster.

Class imbalance severity refers to situations where one sentiment category substantially outnumbers the other [21]. Logistic Regression demonstrates superior performance on imbalanced datasets with extreme ratios of 85:15 or worse, where its probability calibration prevents majority class bias.

Recent comparative results illustrate context-dependent performance. A 2023 study analysing 50,000 Yelp reviews found Linear Support Vector Machines achieved 89.4% accuracy, Logistic Regression 88.1%, and Multinomial Naive Bayes 87.6%, though Support Vector Machines training time was 14 times longer [22]. A 2022 analysis of 20,000 mobile app reviews found Multinomial Naive Bayes achieved 90.2% accuracy, Logistic Regression 89.8%, and Support Vector Machines 88.4%, demonstrating that Naive Bayes can outperform more complex algorithms when dataset characteristics align with its assumptions [23]. A 2024 meta-analysis across 12 datasets found mean accuracy Multinomial Naive Bayes 86.9%, Logistic Regression 87.2%, Support Vector Machines 88.1%, but Support Vector Machines training time 18 times longer than Multinomial Naive Bayes [24]. Critically, when normalized for computational cost (accuracy per second of training time), Multinomial Naive Bayes achieved 72.4 points, Logistic Regression 29.1 points, and Support Vector Machines 5.8 points, demonstrating Multinomial Naive Bayes' superior efficiency.

An important insight from recent industry research indicates that the marginal utility of accuracy improvements diminishes quickly beyond 85-87% for most business applications. A 2024 industry survey of 156 organizations found that 73% prioritize deployment and maintenance costs over marginal accuracy improvements of 2-3% [25]. This evidence suggests that for resource-constrained organizations, the optimal algorithm is not necessarily the most accurate but rather the one offering the best effectiveness-to-cost ratio.

[bookmark: _Toc211984422]2.4 The Niche for Traditional Models
While transformer-based models dominate research benchmarks, achieving 93-97% accuracy [26], their resource requirements create a clear niche for traditional approaches. Resource comparison for training on 50,000 reviews shows traditional machine learning with Multinomial Naive Bayes requires 1 second versus 6-12 hours for BERT, standard CPU versus GPU with 16GB VRAM, 5-20 MB model size versus 400-1,300 MB, and approximately £500 annual cost versus £8,000+ for deep learning [27]. Traditional machine learning represents not a compromise but a strategically optimal choice for resource-constrained organizations.

[bookmark: _Toc211984423]3.0 Proposed Workflow for Sentiment Model Development
[bookmark: _Toc211984424]3.1 Overview and Pipeline Architecture
The workflow encompasses seven sequential stages: Data Collection and Exploratory Data Analysis, Text Preprocessing, Feature Engineering using TF-IDF, Train-Test Split, Model Training, Evaluation, and Deployment. Figure 1 illustrates the complete pipeline architecture.
[image: ]
Figure 1: A diagram illustrating the end-to-end sentiment analysis workflow, from initial data collection and preprocessing through to model training, evaluation, and final deployment.

[bookmark: _Toc211984425]3.2 Data Collection and Exploratory Analysis
Effective sentiment analysis requires well-structured labelled data. Minimum recommended characteristics include 5,000-20,000 labelled reviews with clear sentiment categories [28]. Each review should contain the text content and a corresponding sentiment label, typically binary classification as positive or negative.

Exploratory data analysis provides understanding of dataset characteristics that inform subsequent decisions. Class distribution assessment examines the balance between positive and negative reviews. Review datasets commonly exhibit 60-70% positive reviews [29], creating class imbalance that requires mitigation strategies such as class weighting. Statistical profiling should examine average review length, vocabulary size, and most frequent terms per sentiment class.

[bookmark: _Toc211984426]3.3 Text Preprocessing Pipeline
Text preprocessing converts raw, noisy text into clean, standardized format suitable for machine learning algorithms. The recommended sequential pipeline includes six steps.

Normalization through lowercasing converts all text to lowercase, so that "Great" and "great" are treated the same way. Tokenization segments text into individual words using whitespace and punctuation boundaries. Punctuation and number removal eliminates non-semantic characters that rarely contribute to sentiment classification. Stop word removal filters high-frequency, low-information words such as "the", "is", and "at", reducing feature space by 40-50% with minimal accuracy loss. Stemming applies the Porter Stemmer algorithm for heuristic suffix removal, reducing words to their root forms and consolidating related word forms into single features. Recent research comparing stemming versus lemmatization found only 0.3-0.8% accuracy difference, with stemming being 50 times faster [40].

A 2023 study analysing preprocessing impact found each step contributes incrementally, with stop word removal providing the largest single improvement of 2.2% accuracy while halving feature count [40].

[bookmark: _Toc211984427]3.4 Feature Engineering with TF-IDF
Machine learning algorithms require numerical input, but text exists as sequences of characters. Term Frequency-Inverse Document Frequency (TF-IDF) converts pre-processed text into numerical feature vectors [42]. This technique balances two competing factors: how frequently a word appears in a specific document (term frequency) and how rare that word is across all documents (inverse document frequency) [43].

Configuration parameters control TF-IDF behaviour and require careful selection. The max_features parameter limits vocabulary size to the most informative terms, typically set to 10,000-15,000 [42]. The ngram_range parameter set to (1,2) captures both unigrams (single words) and bigrams (two-word sequences), enabling negation detection such as "not good" [43]. As demonstrated in Appendix B, Table B2, using both unigrams and bigrams with a vocabulary of 10,000-15,000 features provides an optimal balance of accuracy and training speed. The min_df parameter set to 5 removes words appearing in fewer than 5 documents, filtering noise and typos. 

[bookmark: _Toc211984428]3.5 Model Training and Evaluation
The dataset undergoes stratified 80/20 train-test split, allocating 80% of reviews for training and 20% for evaluation while preserving class distribution. Multinomial Naive Bayes training calculates prior probabilities and word likelihoods, applying Laplace smoothing with alpha parameter set to 1.0 to handle unseen words [36]. Training complexity O(n×d) enables efficient processing, with typical training time of 0.5-1.5 seconds for 40,000 reviews on standard CPU hardware.

[bookmark: _Toc211984429]4.0 Discussion and Recommendation
[bookmark: _Toc211984430]4.1 Comprehensive Comparative Analysis
Table 1 synthesizes findings from literature review and workflow analysis, providing decision-makers with clear comparison across multiple dimensions.

Table 1: Comparative Analysis of Traditional Machine Learning Classifiers
	Criterion
	Multinomial NB
	Logistic Regression
	Linear SVM

	Training Complexity
	O(n×d) Very Fast
	O(n×d×k) Fast-Medium
	O(n²×d) Slow

	Training Time (50k)
	0.5-1.2s
	2.5-5.0s
	8-15s

	Typical Accuracy
	86-90%
	87-89%
	88-91%

	Memory Requirements
	Very Low (5-15MB)
	Low (10-25MB)
	Medium (30-60MB)

	Scalability
	Excellent
	Very Good
	Poor

	Interpretability
	Moderate
	High
	Low

	Key Strength
	Speed-accuracy-efficiency balance
	Interpretable probabilities
	Highest accuracy potential

	Key Weakness
	Independence assumption
	Linear boundary
	Computational cost



[bookmark: _Toc211984431]4.2 Formal Recommendation: Multinomial Naive Bayes
Based on analysis of effectiveness, simplicity, computational efficiency, and alignment with organizational constraints, the formal recommendation is the Multinomial Naive Bayes classifier.

Multinomial Naive Bayes delivers 86-90% accuracy across diverse review datasets, falling within 2-4 percentage points of Support Vector Machines while requiring only 6-12% of training time [24]. For a company processing 100,000 reviews monthly, Multinomial Naive Bayes enables near-instantaneous retraining as new data arrives, whereas Support Vector Machines would require 5-8 minutes per training cycle. From a business perspective, both algorithms provide actionable insights. A model achieving 87% accuracy versus 90% accuracy both identify the vast majority of negative reviews requiring attention.

Linear training complexity O(n×d) exhibits graceful scaling behaviour as data volume increases. Empirical testing demonstrates that doubling dataset size increases Multinomial Naive Bayes training time by approximately 2.1 times, which is near-linear. In contrast, Support Vector Machines exhibit 4.3 times increase, which is super-linear and increasingly problematic at scale. This enables processing 100,000+ reviews in under 5 seconds with real-time inference at 15,000-25,000 predictions per second [11].

Multinomial Naive Bayes deploys on commodity hardware including standard CPU and 8-16GB RAM with 5-15 MB model size, eliminating GPU requirements that would add £2,000-£5,000 in hardware costs plus £150-£300 monthly cloud GPU expenses. Total operational cost approximates £500 annually for CPU instance and storage versus £8,000+ for deep learning alternatives [27]. For a young company with limited capital expenditure budgets, this 16 times cost differential represents the difference between feasible and infeasible implementation.

Industry surveys show 64% of production sentiment systems employ Multinomial Naive Bayes or ensemble methods including Multinomial Naive Bayes as a base learner [5]. Notable production deployments include major e-commerce platforms processing millions of reviews daily, validating Multinomial Naive Bayes' reliability and scalability in demanding real-world environments.

The Multinomial variant is specifically recommended over Bernoulli Naive Bayes. Bernoulli treats features as binary, recording only whether a word is present or absent and discarding frequency information. Multinomial captures word counts, enabling detection of sentiment intensity through repetition. Empirical studies consistently show Multinomial outperforming Bernoulli by 2-4% on review datasets [37].

While Multinomial Naive Bayes is optimal for the stated constraints, specific scenarios warrant alternative algorithms. Logistic Regression becomes preferable if stakeholders require highly interpretable feature importance coefficients for regulatory compliance or detailed business reporting [19]. Support Vector Machines become preferable if maximum accuracy is essential and justifies computational cost, particularly for smaller datasets below 20,000 samples where training time remains acceptable [15].

In addition, should the company seek to moderately increase predictive accuracy in the future without adopting costly deep learning methods, ensemble techniques like Random Forests could be explored. These approaches combine multiple classifiers to yield more dependable performance and represent a logical next step in advancing the company's sentiment analysis capabilities.

[bookmark: _Toc211984432]4.3 Evaluation Framework
The confusion matrix provides granular performance insight beyond simple accuracy, breaking down predictions into four categories: True Positive (positive review correctly classified), True Negative (negative review correctly classified), False Positive (negative review incorrectly classified as positive), and False Negative (positive review incorrectly classified as negative).
Table 2: Evaluation Metrics for Sentiment Classification
	Metric
	Formula
	Interpretation
	Target Range

	Accuracy
	(TP+TN)/(TP+TN+FP+FN)
	Overall correct classification rate
	85-92%

	Precision
	TP/(TP+FP)
	Of predicted positives, proportion truly positive
	84-90%

	Recall
	TP/(TP+FN)
	Of actual positives, proportion correctly identified
	85-91%

	F1-Score
	2×(Precision×Recall)/(Precision+Recall)
	Harmonic mean balancing both metrics
	86-91%



Evaluation metrics derived from the confusion matrix each capture different performance dimensions. Accuracy measures overall correct classification rate but proves misleading with imbalanced datasets. Precision measures the proportion of positive predictions that are correct. Recall measures the proportion of actual positive reviews that the model successfully identifies. F1-Score represents the harmonic mean of precision and recall, balancing both metrics into a single value.

F1-Score functions as the primary metric because accuracy proves misleading with imbalanced datasets [38]. Consider a dataset with 90% positive reviews. A naive model that always predicts positive sentiment achieves 90% accuracy without learning anything useful. F1-Score addresses this limitation by balancing precision and recall, preventing gaming where a model achieves high accuracy through biased predictions.

[bookmark: _Toc211984433]4.4 Implementation Guidance
Performance benchmarks on standard hardware with 8-core CPU and 16GB RAM provide realistic expectations. Processing 5,000 reviews through the complete pipeline requires approximately 15 second’s total. Processing 50,000 reviews requires approximately 137 seconds, demonstrating near-linear scaling. Inference performance after model training enables real-time applications, achieving 15,000-25,000 reviews per second for batch processing and less than 10 milliseconds latency per review for real-time API deployment.

A realistic six-week implementation plan balances thoroughness with timely deployment. Weeks 1-2 focus on data preparation including collecting labelled reviews, cleaning data quality issues, and conducting exploratory data analysis. Week 3 focuses on preprocessing pipeline development. Week 4 focuses on feature engineering and training. Week 5 focuses on evaluation and refinement. Week 6 focuses on deployment and documentation.

4.5 Ethical Considerations and Data Bias
While the proposed workflow is technically robust, it is crucial to consider the ethical implications of its deployment, particularly concerning data bias. The sentiment expressed in shopper reviews can vary across different demographic groups, and if the training dataset is not representative of the entire customer base, the model may learn these biases [45]. For example, a model trained predominantly on reviews from one demographic might perform less accurately for others, leading to their feedback being misinterpreted or overlooked. To mitigate this risk, it is essential to audit the training data for representativeness and continuously monitor the model's performance across different customer segments post-deployment to ensure fairness and reliability for all users.

[bookmark: _Toc211984434]5.0 Conclusion
This report has systematically examined contemporary traditional machine learning methodologies to provide a resource-conscious, high-performance sentiment analysis solution for a marketing company facing computational constraints. Through comparative analysis of literature from 2020-2025, this report demonstrated that optimized traditional machine learning models achieve 85-92% accuracy while requiring only 2-6% of deep learning computational resources.

The Multinomial Naive Bayes classifier proved to be the optimal choice through multi-criteria analysis balancing performance of 86-90% accuracy, efficiency with sub-second training, scalability through linear complexity, simplicity with minimal infrastructure requirements, and cost-effectiveness at approximately £500 annual operational cost. The evaluation framework emphasizing F1-Score as primary metric addresses class imbalance challenges common in review datasets.

The final recommendation is to deploy a sentiment analysis pipeline built upon a Multinomial Naive Bayes classifier with TF-IDF vectorization, optimized through cross-validated hyperparameter tuning, and monitored via comprehensive metrics. This solution represents not a technical compromise but a strategically optimal decision for the specific business context, enabling the organization to deploy effective, scalable sentiment analysis capability delivering actionable insights without substantial investment in specialized hardware or personnel.
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[bookmark: _Toc211984436]Appendix A: Preprocessing Implementation Checklist
	Step
	Action
	Purpose
	Quality Check

	1
	Load Data
	Import raw reviews
	Verify all reviews loaded

	2
	Convert to Lowercase
	Normalize case
	Check case consistency

	3
	Tokenize Text
	Split into words
	Verify proper separation

	4
	Remove Punctuation
	Filter noise characters
	Ensure content preserved

	5
	Remove Numbers
	Filter numerical tokens
	Verify appropriate removal

	6
	Remove Stop Words
	Filter low-information words
	Check critical words preserved

	7
	Apply Stemming
	Reduce to root forms
	Verify common variations stemmed

	8
	Rejoin Tokens
	Reconstruct clean text
	Ensure no artifacts

	9
	Quality Validation
	Manual inspection
	Compare before/after samples

	10
	Save Processed Data
	Store for reproducibility
	Verify saved data loads correctly


[bookmark: _Toc211413493][bookmark: _Toc211984437]Appendix B: Key Performance Benchmarks
Table B1: Performance vs. Dataset Size (Standard CPU Hardware)
	Dataset Size
	Training Time
	Accuracy
	F1-Score
	Memory

	5,000
	0.3s
	84.2%
	84.4%
	8 MB

	10,000
	0.5s
	86.7%
	86.8%
	12 MB

	20,000
	0.9s
	88.3%
	88.4%
	18 MB

	50,000
	1.5s
	89.6%
	89.6%
	35 MB

	100,000
	3.2s
	90.1%
	90.1%
	62 MB


Table B2: TF-IDF Configuration Impact
	Configuration
	Features
	Accuracy
	Training Time

	Unigrams, max_features=5000
	5,000
	86.2%
	0.6s

	Unigrams+Bigrams, max_features=10000
	10,000
	88.9%
	0.9s

	Unigrams+Bigrams, max_features=20000
	20,000
	89.2%
	1.3s


Recommended: Unigrams+Bigrams with max_features=10,000-15,000
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Data Collection & EDA
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labeled reviews.
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text data.
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into a numerical matrix.

Output. TF-IDF Feature

Train-Test Split
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Output. A Trained Model

Model Evaluation
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Deployment
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predict sentiment on new,
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