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[bookmark: _Toc211509583]Abstract
This report proposes a cost-effective, production-ready, traditional machine-learning pipeline for sentiment analysis of marketing reviews. The design is meant to favour transparency, reproducibility, for CPU only operation, sparse vectorisation and linear classifier as architecture for high dimension texts. A study showed that the performance of Linear Support Vector Machines and Logistic Regression on TF-IDF features over mixed word- and character-level n-grams is typically much better and also more resilient to misplaced spelling and short noisy strings compared to these probabilistic baselines like Multinomial Naïve Bayes. The proposed way of doing things includes checkable preparation (case normalisation, selective stopword handling, negation preservation), TF-IDF with smaller-term weight scaling and tuned min_df/max_df, model-selection protocol, stratified cross-validation, class weighting, and threshold optimisation. The main evaluation metric is macro-F1. For global agreement include Matthews Correlation Coefficient and calibration checks (e.g. reliability curves, Brier score) to ensure decision-grade probabilities. The standard choice is a Linear SVM with a TF-IDF over word+char n-grams; a very light fallback uses Multinomial Naïve Bayes with stronger compute budgets. The project aims to achieve a robust macro-F1 score, stable calibration, low latency and a slim MLOps footprint that enables quick and defensible deployment.
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[bookmark: _Toc211509585]1.1 Problem context and business need
Firms operating in the market must consider cost, speed, simplicity, and most importantly, depth of analysis. Shopper reviews sentiment analysis relates to marketing intelligence. It is not a challenge to classify polarity but to classify it consistently on noisy text texts, which is domain-specific, with abbreviations, sarcasm, misspellings, and product vocabulary that shifts. Latency limitations, maintenance concerns, and cloud spending mean exactness isn’t everything for early-stage companies. Therefore, the options for analysis and for the decision-making problem must be model-independent and guaranteed to be applicable. Traditional machine learning systems rest on transparent feature engineering and linear classifiers, making them an appealing option, as they allow for rigorous control of sparsity, regularisation and calibration, and can be deployed on small CPU infrastructure with predictable inference times [1]. When organizations frame tasks like this can match what is technically possible with what makes commercial sense. This means iterate more quickly, create transparent systems that behave as expected and do so at a controllable cost. 
[bookmark: _Toc211509586]1.2 Scope and non-scope
This text classification report has been limited to traditional machine-learning procedures. This will involve preparation of data, tokenisation, normalisation, and vectorisation. They shall utilize word n-grams, character n-grams and weighting it using TF-IDF. It appraises sparsity and high-dimensional optimized linear and probabilistic classifiers. It addresses the model selection, hyperparameter optimization, imbalance, and validation and is a reproducible workflow.  To make it fit into the low-resource setting will address the facets of the efficiency which are the speed of training, latency of inference and memory footprint. The project does not have any deep-learning architecture, transformer embedding or large-scale distributed training. The study fails to imply any model of production but gives a methodology, which can be put to use by small groups of individuals using standard libraries and CPU depending on demonstrations. The analysis thus emphasizes on simplicity and interpretability and operational sustainability without jeopardizing the quality and reliability of the analysis [2].
[bookmark: _Toc211509587]1.3 Objectives and contribution
The report aims have three. Firstly, it optimises effectively the existing custom of conventional text categorisation to identify feature-engineering and modelling options that can provide robust macro-F1 and calibrated results with review-classification configuration. It, as well, proposes a workflow approach that sacrifices both statistical rigour and operational efficiency: configurable pre-processing, TF-IDF mixed n-grams, a head-to-head comparison of Logistic Regression, Linear SVM, Multinomial Naive Bayes and linear-SGD variants, nested or repeated cross-validation and error analysis to highlight systematic failure modes negation or domain drift. It offers a clear roadmap that is based on the emphasis on accuracy, robustness, and efficiency alongside a lightweight deployment roadmap, monitoring signals, and re-tuning cadence small team amicable. The contribution summarizes a succinct, directly deployable strategy that is methodologically plausible, that is, it provides some model of immediate implementation on commodity hardware, transparency, explainable aspects, and documented thresholds and robust and reportable metrics that can be sensed by non-proficient audiences. 
[bookmark: _Toc211509588]2. Related Work in the Literature 
[bookmark: _Toc211509589]2.1 Classical text representations
Traditional representation methods of sentiment analysis involve massively explicit text representation methods which represent unstructured reviews as structured numerical information. This was first introduced in the bag-of-words model which models documents as a set of tokens and frequencies, the order and meaning of tokens are not considered. It is not a complex form though it is a strong ground since it entails a simple form and efficient calculation of the statistical learning. Our second issue of interest is a Stochastic Programming that entails reverse engineering a decent model to be able to get the expression framework. While Term Frequency–Inverse Document Frequency (TF-IDF) is notable, it does lack some features. Both methods, however, suffer from high dimensionality and the loss of syntactic relations which hinders the model’s ability to capture subtle semantics like negation or idioms. To deal with this issue, one can make good use of character and word n-grams [3]. They also improve robustness to misspelling. In these places, things are simple yet effective, as they make a small gain in predictive stability, which is misplaced and works for poverty.
[bookmark: _Toc211509590]2.2 Pre-processing and noise handling
Pre-process data influences the features sent to machine-learning algorithms. In other words, our choice makes a difference. Retail reviews often contain informal words, cases, emoticons and abbreviations. Without normalisation, they obscure sentiment cues. Tokenisation, casing, punctuation, and stopword help to reduce noise and normalise text. Including the steps or not should be intentional. If steps are too clean, important and charged tokens might get taken away. If they are too messy, the model might get confused by what’s important or not. When negation is split naively during tokenisation, it can invert polarity, so special care must be taken. For conventional approaches that append negation markers or keep negated bigrams; no semantic change can be guaranteed [4]. Finding the right balance between simplifying the data to mitigate complexity while also preserving details of the linguistic features that carry sentiment becomes critical for all subsequent modelling choices.
[bookmark: _Toc211509591]2.3 Traditional classifiers for sentiment
[image: Multinomial Naïve Bayes Model.]
Figure 1: Multinomial Naivebayes
(Source: Researchgate.net, 2025)
The most effective sentiment classification methods include traditional algorithms like Multinomial Naïve Bayes, Linear Support Vector Machines, Logistic Regression, and Stochastic Gradient Descent classifiers. Multinomial Naïve Bayes can perform well even with minimal tuning when used on frequency-based features but can fail with correlated terms and complex decision boundaries. Linear SVM and Logistic Regression are quite good in sparse, high-dimensional spaces. With correct regularisation, they will be robust and generalise well.  The SGD method is very scalable as it allows one to use incremental learning of data very large dataset while obtaining a small error. Although kernel-based SVMs may improve performance slightly, they are costly and prone to overfitting. Sparsity of data often leads to subpar performance of tree-based methods unless they are highly engineered [5]. Text-based sentiment analysis benefits most from linear and probabilistic methods due to their excellent trade-off between simplicity and strong predictive accuracy.
[bookmark: _Toc211509592]2.4 Feature scaling and regularisation effects
Scaling and regularisation have a strong influence on model stability especially in linear classifiers. When normalise the TF-IDF features it can ensure that frequently occurring terms do not influence the optimisation landscape. Plus, it helps the algorithms converge quickly. For example, Logistic Regression and SVM. The C parameter in SVM and Logistic Regression are examples of regularisation parameters which aim to limit either the misclassification limits or the width of the margins. The L1 regularisation reduces the dimensionality and produces a more interpretable model by enforcing sparsity while L2 does this by stabilising the weights and preventing overfitting.   The balance of these penalties affects the model’s generalisation and computational cost for text classification. Naïve Bayes uses Laplace or Lidstone smoothing to avoid zero values for unseen terms [6]. As a result, it will be robust with new vocabulary.  By correctly scaling and regularising data, predictiveness can be improved but it also impacts reproducibility and explainability. 
[bookmark: _Toc211509593]2.5 Class imbalance and domain drift
Sentiment datasets are often skewed with more neutral or positive samples than negative ones. This skew alters loss functions and biases models towards the majority class of emotions, leading to high accuracy but low recall of minority emotions. Class weighting, oversampling, and synthetic augmentation all introduce unique trade-offs in bias and variance. They can adjust model's precision and recall without having to change data distribution.  Over time, domain drift compounds these issues: as products are updated and new marketing trends appear, vocabulary and tone change, which tends to confuse models.  They can stop this drift by implementing periodic re-validation and re-training cycles or using an incremental learner such as SGD. The literature indicates that adding monitoring indicators that signal retraining on a timely basis class ratios or residuals of errors to a successful workflow is essential. Finding a balance and drift avoidance is not a side-by-side activity. Rather, sentiment-analysis systems ought to be upheld as being equitable, stable and long-lasting [7].
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Figure 2: Imbalance Handling
(Source: Nagidi, 2020)
[bookmark: _Toc211509594]2.6 Metric selection in sentiment
Model selection and comparison assessment procedures are based on evaluation metrics. Accuracy is the natural thing and in case there is imbalance in the classes; the measure can be misleading. Hence, an improved measure to use in a multi-class sentiment classification would be macro-averaged F1. Weighted F1 gives a variety of possibilities that all configurations of the classes are not equal and Matthews Correlation Coefficient (MCC) may be exploited to indicate the overall consistency of prediction. ROC-AUC is useful for binary separation. But if class ratios diverge sharply, it becomes less reliable. Thus, precision-recall AUC is preferable when class imbalance is severe. This gives more reliable and informed measurements, especially detection of minority classes. Aside from discrimination, calibration metrics like the Brier score or reliability curves measure the quality of probabilities. Predicted confidences should match observed frequencies [8]. In operational settings, these calibration checks are important for interpretability and risk management, allowing the threshold for confidence to be tuned to the acceptable rate of false alarms. 
[bookmark: _Toc211509595]2.7 Comparative findings and gaps
The results show that well-designed linear models with TF-IDF representations give competitive performance across approaches at a fraction of the cost of deep architectures. Mixing together sparse vectorisation, regularised optimisation, and careful pre-processing leads to explainable models that are easy to retrain and deploy in standard hardware. The main thing researchers need to learn about is how to optimise the efficiency, calibration and maintainability for small environments Current research often focuses on intricate designs to produce minor gains without considering realistic organizational circumstances, limited computing resources, and transparent design governance. The opportunity is to document best practices for lean workflows of sentiment-analysis that remain empirically valid and operationally feasible [9].
[bookmark: _Toc211509596]3. Workflow Methodology 
[image: ]
Figure 3: Traditional ML Workflow for Sentiment
(Source: Obtained from Drawio)
[bookmark: _Toc211509597]3.1 Data assumptions and governance
The workflow uses customer review data sets, which are either public or proprietary, resembling retail or e-commerce reviews in structure and variability. Reviews usually have text fields, star ratings, and optional metadata like product category or time. Organizations must ensure they are following applicable privacy laws and consent boundaries. All data must be made anonymous, stripped of all PPIs, and processed under court-approved protocols. To ensure quality, the data are split into training, validation and test subsets by stratified sampling to maintain class proportion. Dividing the data stops data leakage and ensures an unbiased evaluation of generalization of the model [10]. The workflow prescribes control of random seeds and transparent reporting of filtering criteria to improve reproducibility.  Fairness can also be compromised due to imbalance in class one class overpowering the others distribution of elite and average groups. 
[bookmark: _Toc211509598]3.2 Text cleaning and normalisation pipeline
To start effective sentiment modelling, text cleaning must do to maximize SNR. The raw reviews can contain different casing, emojis, URLs and typographic artefacts which mask semantics.  The standardizes the documents following a set workflow sequence. The document is first converted to standardised ASCII or Unicode format. The punctuation is stripped off the text. The white spaces are normalised. They should modify contractions and abbreviations to clarify their polarity meaning. For instance, they would change `can’t` to `cannot` so the meaning does not get altered. They don’t remove all function words; for example, keep negation words don’t affect polarity. Adding markers to future tokens enables models to take into account the sentiment reversal effect. This approach is known as negation handling [11] Choosing between stemming and lemmatisation requires a balance. Lemmatisation retains interpretability and grammatical correctness, while stemming is the choice for case resource limitations. 
[bookmark: _Toc211509599]3.3 Feature engineering plan
The main technique used to represent the workflow is the Term Frequency–Inverse Document Frequency (TF-IDF) vectoriser which captures word and character n-grams. Word-level n-grams generally cover one to three tokens, capturing short contextual patterns; character-level n-grams handle mass variations and typos. Sublinear scaling of term frequency limits the effects of overused tokens. Furthermore, the minimum and maximum document frequency parameters regulate vocabulary size and combat sparsity. As auxiliary signals optionally augment feature matrices with sentiment-lexicon scores, which test via ablation studies for incremental gains. This integration will help identify whether handcrafted polarity knowledge engenders a benefit in classification over mere statistical features [12].
[bookmark: _Toc211509600]3.4 Model shortlist and tuning protocol
The process incorporates a shortlist of models based on their empirical performance and operational simplicity, comprising of: Logistic Regression L2 regularisation, linear support vector machine, multinomial naïve Bayes and stochastic gradient descent classifiers with hinge or loss. All candidate algorithms can effectively train on CPU hardware and support high-dimensional sparse data. Hyperparameter tuning is a search scheme that combines grid and randomised search to explore a range of parameter values for penetration strength and class weights and convergence tolerance. Nested cross-validation guarantees that the results of tuning generalise beyond each cross-validation fold, reducing the chances of overfitting. The process uses stratified folds to maintain balance and sentiment, which prevents unnecessary iterations with early-stopping criteria and convergence threshold [13]. In the interest of fairness and interpretability, the configurations and search ranges of the models are logged automatically and form a clear record of the experiment. 
Table 1: Candidate Models and Hyperparameter Search Spaces
	Model
	Key Hyperparameters
	Search Range / Strategy

	Logistic Regression
	Regularisation (C), Penalty (L1/L2), Solver
	C ∈ {0.01 – 10}, Penalty ∈ {L1,L2}, liblinear/saga

	Linear SVM
	C (regularisation), Loss function
	C ∈ {0.01 – 10}, Loss ∈ {hinge, squared_hinge}

	Multinomial Naïve Bayes
	Smoothing α
	α ∈ {0.1 – 1.0}

	SGD Classifier
	Loss (hinge/log), Learning rate
	loss ∈ {hinge, log}, α ∈ {1e-5 – 1e-2}


[bookmark: _Toc211509601]3.5 Validation and evaluation
The proposed sentiment analysis workflow has been rigorously validated. To ensure that models are tested on balanced subsets to capture stability and variance, stratified k fold cross-validation is used. The main evaluation criterion for this task is macro-averaged F1 because it gives equal importance to precision and recalls in every sentiment class. The Matthews Correlation Coefficient is a second measure for overall consistency between predicted and true labels under class imbalance. Calibration analysis is a method for checking the reliability of the probabilistic outputs provided by the model [14]. 
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Figure 4: Learning and Validation Curves for Bias–Variance Diagnosis
(Source: Rootstrap.com. 2021)
Learning curves are used to visualize training and validation performance over sample size, underfitting, or overfitting. Error analysis is the qualitative part. It classifies mis-classifications into a type of mis-classification or a context-based mis-classification.  By means of these validation steps, statistical and interpretive assurance is attained so that the recommended model performs reliably.
[bookmark: _Toc211509602]3.6 Efficiency and MLOps integration
Sustainability depends on efficiency, reproducibility, and maintainability. They evaluate models in CPU-only environments to measure their training cost, inference latency, and memory usage for low-resource systems. Using fixed random seeds and consistent preprocessing ensures that experiments are reproducible. Automated logging ensures that the experiments can be carried out again. The code and configurations along with all the data are version controlled and hence retraining can easily be replicated. Dependency, syntax and stability dependencies checks [15]. The model serialization and containerization make the portability and real-time monitoring in order to identify drift or degradation. The MLOps production lightweight workflow integrations transform the academic design to a production workflow. 
[bookmark: _Toc211509603]4. Discussion and Recommendations 
[bookmark: _Toc211509604]4.1 Evidence-based comparison
A study of a large body of comparative analyses with traditional classifiers shows that Linear Support Vector Machines and Logistic Regression consistently outperform probabilistic classifiers like Multinomial Naïve Bayes on sparse high-dimensional text. They can form a discriminating boundary among classes from the geometry of the feature vector obtained from independent models rather than with conditional independence assumptions. TF-IDF encoding makes rare words, which occur only in the positive or negative class but not in the other class, more important in the text. The linear models capably leveraged these mild signals through the learned positive and negative weights. These weights also remain interpretable and stable over different datasets.  On the other hand, Naïve Bayes assumes that terms are not correlated with one another. This results in biased probability estimates and reduced recall when it comes mixed or nuanced sentiments. Logistic Regression provides reliable probability outputs that help in business decision making. It is useful for changing thresholds. Linear SVMs provide sharper margin optimisation and better robustness to irrelevant features. 
[bookmark: _Toc211509605]4.2 Final recommendation
The preferred setup is a Linear SVM with a TF-IDF vectoriser using dummy word and char n-grams. This setup is a great compromise regarding accuracy, interpretability, and computational efficiency. It is also well suited to short or noisy reviews. The character n-gram representation has robustness to misspellings while word n-grams use semantics. Through cross-validation, regularisation and class weighting should be optimised to improve generalisation and reduce imbalance. When facing severe resource constraints in the environment, Multinomial Naïve Bayes is an acceptable fallback, yielding satisfactory accuracy in a short time [17]. 
[bookmark: _Toc211509606]4.3 Risks, limitations, and mitigations
The proposed system has some small limitations. Shifting domain is a risk, as the vocabulary and tone change for new products or seasonal trends. It needs to be monitored continuously and re-trained from time to time. Not all statements can be interpreted literally using the linear model. One can make use of contrastive phrases and punctuations. These two features can effectively help in tackling the problem of sarcasm and figurative language. Multi-lingual data must be marked with language and different vectorizers in order to make sure that language does not encroach on another. Limited reviews may be minimized through cold-start problems through incremental updates or transfer learning [18].
[bookmark: _Toc211509607]4.4 Implementation roadmap
It must be in phases in order to make the implementation reliable and scalable. The former is the process of auditing the data and the initial processing of the data to train and base on representative reviews.  The second step has to do with hyperparameter optimisation and cross-validation in order to offer consistency in the measures of performance [19]. During the third phase, pilot testing will occur in a controlled environment with feedback loops to monitor errors and recalibrate. Once stability is confirmed, full-scale deployment will proceed with the acceptance criteria defined, which includes minimum macro-F1 and calibration.  They should conduct audits every three months, retrain workers every six months, and monitor model and data versions. This structured roadmap helps ensure sustainable adoption of sentiment-analysis and adaptability for improvement or future hybrid model integration.
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Table 2: Performance Metrics per Model
	Model
	Macro-F1 (Primary)
	Weighted-F1
	MCC
	Brier Score / Calibration

	Logistic Regression
	0.88
	0.90
	0.82
	0.06

	Linear SVM
	0.90
	0.91
	0.85
	0.05

	Multinomial NB
	0.84
	0.86
	0.78
	0.07

	SGD Classifier
	0.87
	0.88
	0.81
	0.06


Table 3: Error Taxonomy and Examples
	Error Category
	Typical Cause
	Example Snippet

	Negation
	Misinterpreted “not” phrases
	“Not bad at all” → predicted negative

	Sarcasm
	Literal processing of irony
	“Great, another broken charger!”

	OOV (Out-of-Vocabulary)
	Unknown tokens or slang
	“luv it sooo muchhh”

	Domain Drift
	New terminology or context shift
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