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Abstract
The marketing organisation is concerned with a good level of sentiment analysis of shopper reviews at a relatively low compute cost. It is a literature review of the standard machine-learning approaches to text classification, considers realistic workflow choices between the data ingestion stage and model evaluation, and provides a sparse pipeline that is optimized on accuracy, intelligibility, and cost-effectiveness. Existing methods comparative analysis reveals that the best trade-off between effectiveness and efficiency on short and noisy review-text is the linear model that is trained using the sparse bag-of-words and character n-gram features. The discussion discusses how tokenisation, case and punctuation normalisation, stop-word/emoji processing, negation processing, and feature curation influence downstream performance. It compares Multinomial Naive Bayes, Logistic Regression, Linear Support Vector Machines and variants of linear-kernel SGD candidate classifiers with different regularisation, class-imbalance corrective actions, thresholding and probability calibration. The proposed algorithm involves TF-IDF and a combination of word and character level n-gram and a linear SVM to maximize the separation on a maximal margin and optional probability calibration of business measures that require well-behaved scores. Its design is oriented towards reproducibility, auditable choices, and simple deployment journeys absent of in-depth learning or thick dependency layers. It concludes with certain suggestions to the selection of metrics, Human-in-the-loop quality control, Risk avoidance, and a gradual improvement roadmap.
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[bookmark: _Toc211507988]1. Introduction
Organisations that are based on the internet are dependent on fast dependable perception of customer views. Star ratings are concealing the nuance, free-text reviews are revealing to the issues of product, shipping, or service delight. The issue is that these texts are supposed to be categorized appropriately and with less infrastructure as possible. Although it is computationally expensive, state of the art performance of modern transformer models, and introduces maintainability, privacy, and latency trade-offs that are not relevant to most small and medium-sized businesses. The traditional machine-learning techniques remain attractive because they are inexpensive, can be audited with ease, and effective when well-constructed.
This report addresses the practical question: which traditional algorithm and workflow should a lean marketing company adopt to classify shopper reviews into sentiment categories? The design goals are deliberately conservative: high predictive quality relative to cost; transparent choices a non-specialist can audit; and operational reliability on commodity CPUs without GPUs. The structure proceeds as follows. First, the related literature on classical text representations and linear classifiers is synthesised to distil design principles that matter in production. Second, a complete workflow is specified from raw text to deployable artifact covering pre-processing, feature engineering, model selection, tuning, and evaluation. Third, the discussion translates technical conclusions into operational recommendations, including metrics, monitoring, and governance. The report ends with a concise set of actions that deliver value quickly while keeping room for future enhancement.
[bookmark: _Toc211507989]2. Related work in the literature
Two broad traditions inform practical sentiment analysis without deep learning. The first is the representation tradition: how words, subwords, symbols, and structure are mapped into numeric spaces that emphasise discriminative information. The second is the decision tradition: how linear discriminants, probabilistic models, or margin-based methods convert those features into stable predictions under noise, imbalance, and drift.
Classical text representations
Classical representations such as bag-of-words and n-gram models remain central to efficient sentiment analysis pipelines. The Term Frequency–Inverse Document Frequency (TF-IDF) technique adjusts token importance by reducing the weight of frequent words and emphasising rare, informative terms, thereby improving class separability for linear algorithms [1]. Blended n-gram features are especially valuable for short, informal consumer reviews where context is minimal. Word-level unigrams and bigrams capture thematic and polarity signals such as “excellent quality” or “poor design,” while character-level trigrams to five-grams enhance robustness against spelling variations, slang, concatenations, and emotive punctuation commonly observed in social and e-commerce text. In contrast to dense vector embeddings, sparse TF-IDF matrices are computationally lightweight, memory-efficient after vocabulary capping or feature hashing, and require no pre-training, making them ideal for cost-sensitive sentiment classification tasks.
Pre-processing and noise handling
[image: Data preprocessing steps include (1) noise removal and (2) word... |  Download Scientific Diagram]
Figure 1: Data Preprocessing Workflow
(Source: researchgate.net, 2025)
Minimalist normalisation tends to work best: lowercasing, Unicode normalisation, punctuation standardisation, and controlled stop-word removal. Sentiment-bearing tokens such as “not”, “never”, “no” should be preserved, and simple negation handling (e.g., attaching a “_NEG” suffix to tokens following a negator up to the next punctuation) often yields gains. Emojis and emoticons carry strong sentiment signals; mapping them to textual descriptors during tokenisation keeps their information. Excessive lemmatisation or stemming can harm n-gram matching and should be applied cautiously.
Traditional classifiers
Three families recur in credible deployments. Multinomial Naïve Bayes is exceptionally fast and strong with term-count features, particularly when class priors capture imbalance; its independence assumption, however, limits peak F1 for nuanced polarity. Linear Support Vector Machines find large-margin separators in high-dimensional sparse spaces and deliver consistently high accuracy on sentiment tasks, especially with hinge or squared-hinge loss [2]. Logistic Regression offers probabilistic outputs with well-behaved calibration and performs similarly to linear SVMs when regularised appropriately. Stochastic Gradient Descent (SGD) with hinge or log loss provides scalable online learning that approximates SVM or Logistic Regression while enabling incremental updates useful where data drift is a concern.
Regularisation and scaling 
L2 regularisation is typically superior for text because signal is distributed across many correlated features; L1 can induce sparsity, but aggressive coefficient zeroing risks discarding weakly predictive cues that aggregate into performance. Feature scaling is unnecessary for raw TF-IDF with linear models because the weighting already normalises magnitude; further scaling can even flatten informative contrasts.
Imbalance, thresholds, and calibration
Real-world review distributions are rarely balanced. Class weights or focal loss variants can counteract this; threshold moving on decision scores supports business-aligned trade-offs, for instance favouring recall of negatives in risk screening [3]. For applications that convert scores into downstream decisions refund prioritisation, escalation triage well-calibrated probabilities matter. Isotonic regression or Platt scaling applied to validation folds can improve calibration without major complexity.
Metrics and evaluation design
Accuracy is misleading under imbalance. Macro-averaged F1, class-specific F1 for the minority class (often negative), Matthews Correlation Coefficient, and calibration metrics such as Brier score provide a fuller picture. The stratified cross-validation over time is recommended in the case when the reviews are time-varying to minimize the optimism due to the time leakage.
The practical inference is thyat literature provides is that at fine-grained sentiment, both linear SVMs and the Logistic Regression are consistently superior, at the cost of low computational expenses and predictability [4]. Character-level cues are an overall feature of noisy text and even simple negation processing offers consistent and small enhancement.
[bookmark: _Toc211507990]3. Workflow methodology
The workflow has been structured in a manner that it is easy to comprehend, replicate and has limited operations. It uses an example of a commodity of CPU, universal open-source libraries and simple engineering. Besides accuracy, the maintainability, and cost are also warranted at each of the stages.
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Figure 2: Model Selection Overview
(Source: draw io, 2025)
[bookmark: _Toc211507991]3.1 Data definition and governance
1. Scope of labels. A three-class scheme (negative, neutral, positive) is recommended for initial deployment. Binary polarity can inflate reported performance while masking neutral ambiguity that is common in product feedback.
2. Data sources. Inputs include on-platform reviews, post-purchase survey comments, and help-desk free text [5]. Each source should carry provenance tags and timestamps to support time-aware validation and drift monitoring.
3. Privacy and compliance. Sensitive attributes that are irrelevant to sentiment (names, emails, phone numbers) must be removed at ingestion. A data retention policy should state how long raw text and predictions are stored, with audit logs for access.
[bookmark: _Toc211507992]3.2 Ingestion and base cleaning
1. Normalisation. Apply Unicode NFC and lowercase text. Replace repeated whitespace, convert smart quotes, and standardise punctuation.
2. Token policy. Preserve alphabetical tokens, numbers, and selected punctuation that forms emoticons. Convert emojis to textual descriptors (e.g., “: smiling_face_with_hearts:”).
3. Negation handling. Mark scope from a negator to the next punctuation, e.g., “good_NEG”, to capture polarity flips in short clauses [6].
4. Stop-words. Use a conservative list that retains negation words; remove only the most frequent function words if they bloat the vocabulary without signal.
5. De-duplication and leakage control. Drop exact and near-duplicate reviews; ensure that mirrored content from marketing responses does not enter the training set.
[bookmark: _Toc211507993]3.3 Feature engineering
1. TF-IDF representation. Build two parallel views:
· Word n-grams: unigrams and bigrams with minimum document frequency capping to reduce rare noise.
· Character n-grams: 3-5 grams to capture misspellings and stylistic cues.
2. Blended features. Concatenate the two TF-IDF matrices into a single sparse representation. Cap the vocabulary size with top-k per view to bound memory.
3. Feature hashing (optional). For very large corpora, hashing can fix dimensionality without maintaining a static vocabulary; however, for an auditable v1, a fixed curated vocabulary is preferable.
[bookmark: _Toc211507994]3.4 Model selection
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Figure 3: Model Selection Overview
(Source: draw io, 2025)
1. Primary candidate: Linear SVM with L2 regularisation and class-weighting set to “balanced” or tuned by validation. Squared-hinge loss provides smoother margins and often stabilises training on sparse features.
2. Secondary candidate: Logistic Regression with L2 regularisation, limited-memory optimisation, and the same class-weighting scheme [7]. This acts as a drop-in alternative when calibrated probabilities are first-class requirements.
3. Baselines: Multinomial Naïve Bayes and a linear-kernel SGD classifier. Baselines quantify the marginal value of the recommended models and provide fallback options for extreme resource constraints.
[bookmark: _Toc211507995]3.5 Hyperparameter tuning
1. Regularisation strength (C). Explore logarithmic grid around the default to trade off bias and variance. Emphasise stability across folds rather than peak score in one split.
2. Vocabulary caps. Tune maximum features per view. Diminishing returns usually arise beyond tens of thousands of features for small to medium datasets.
3. Class weights and thresholds. If the negative class is the business priority (e.g., issue triage), tune decision thresholds explicitly to hit target recall while monitoring precision.
4. Probability calibration. If required, apply cross-validated Platt scaling (for SVM) or isotonic regression. Always evaluate calibration on held-out data to avoid optimistic estimates.
[bookmark: _Toc211507996]3.6 Evaluation protocol
1. Data splits. Use stratified time-aware splits where the validation fold occurs after the training fold in time to mimic production, reducing temporal leakage.
2. Primary metrics. Macro-F1 and per-class F1, with negative-class F1 highlighted in dashboards. Report MCC to provide a single-number summary resilient to imbalance.
3. Calibration metrics. If probabilities are consumed downstream, include Brier score and reliability curves in the validation report [8].
4. Error analysis. Sample false positives and false negatives by class and length; create a lightweight taxonomy of failure modes (negation scope, sarcasm, domain terms, mixed sentiment) to guide targeted feature or rule tweaks.
[bookmark: _Toc211507997]3.7 Robustness and drift controls
1. Cross-domain checks. If reviews span product categories, evaluate per-category to detect domain sensitivity and vocabulary mismatch.
2. Temporal monitoring. Track rolling window performance using weak labels (e.g., star ratings) as noisy proxies, with human spot-checks to confirm shifts.
3. Adversarial sanitation. Guard against repeated characters, excessive punctuation, or template spam by normalising and adding simple heuristics that flag low-quality text for manual review.
[bookmark: _Toc211507998]3.8 Packaging and deployment
1. Deterministic pipeline. Use a single vectoriser instance serialised with the model to prevent train-serve skew. Fix random seeds and record library versions.
2. Footprint. A linear SVM over blended TF-IDF typically serialises to tens of megabytes and serves in sub-millisecond CPU time per review on modest hardware.
3. Interfaces. Expose a simple REST endpoint that accepts text and returns label, score, and explanation stubs. Batch scoring via CSV is useful for backfills.
[bookmark: _Toc211507999]3.9 Explainability and analyst tooling
1. Global insights. Provide top weighted features per class to support face-validity checks. This reassures stakeholders that the model aligns with common sense.
2. Local explanations. For individual predictions, show the highest-contributing n-grams with their signed weights. Linear models make this trivial and highly interpretable [9].
3. Analyst feedback loop. Permit analysts to tag systematic error patterns; maintain a small rules layer (e.g., product-specific bigrams) only were justified by consistent evidence.
[bookmark: _Toc211508000]4. Discussion and recommendations 
The preceding workflow balances effectiveness with operational simplicity. In short-form, user-generated text, most of the predictive signal arises from surface forms, negation patterns, and short phrases rather than long-range dependencies. Linear models are particularly well matched to this structure. The marginal performance advantage of complex neural models does not typically outweigh their serving cost, latency, carbon footprint, and governance burden for this use case. Moreover, linear models enable direct introspection of feature weights, supporting faster iteration and stakeholder trust.
Adopt Linear SVM with Blended TF-IDF Features
The first recommendation is to adopt a linear SVM with blended TF-IDF features as the primary classifier. This choice maximises margin in sparse spaces, handles high-dimensional vocabularies gracefully, and tends to produce superior class separation for subtle polarity distinctions [10]. The second advice that would manifest in the scenario of calibrated probabilities (ranking tickets by risk) would be to cross- validate Platt scaling of the SVM scores of even to replace Logistic Regression by similar features. Both methods provide well-mannered probability estimates and provide the low-cost footprint.
Use Business-Aligned Metrics (Macro-F1, Class F1, MCC, Brier)
The second important recommendation is with regards to the metrics. The accuracy is the default mode of business stakeholders which can be misleading if there are positive reviews. The model should be controlled by the negative-class F1 and the macro-F1 since it represents the cost of failing to attract satisfied customers [11]. Headline scores are advised to be in-companied with MCC as it is informative in skewnesses of classes and can be more fairly compared with models.
Implement Drift Monitoring and Scheduled Retraining
The third suggestion is the management of data governance and drift. Emotional words change quickly based on products being released, offers during seasons and jokes on platforms. The other human judgment of drift checks to be used by the team are weak label and sample through rolling evaluation. The proposed models can be trained in seconds and updating them every month/quarterly may be possible without specialized hardware.
Enable Interpretability via Global and Local Feature Weights
The fourth recommendation is correlated with the interpretability and analyst enablement. The credibility of a classifier in marketing is not so related to marginal accuracy as it is in reason transparency [12]. The linear models depict linear vectors of weights that can be validated by the non-technical employees. Intuition is obtained by providing class excellent service by positives and waste of money by negatives dashboards with the greatest weight. The customer-experience teams are able to audit individual reviews at single-review level by using local explanations. Such openness would assist in upsurge the responsible use and deter overdependence on opaque automation.
Automate and Version-Control the Entire Pipeline
The fifth suggestion is that the workflow and reproducibility should be automated. Any text processing and feature generation algorithms and model-training should be scriptable in some version-controlled environment. Random seeds and library versions need to be automatically logged to allow any model to be re-created in the future at the exact version [13]. Portability A common file format (such as YAML or JSON) is provided. The field gives the analyst an opportunity to experiment with parameters that change without affecting the production line.
Optimise Serving for CPU Efficiency and Cost Control
The sixth recommendation increases the management and size of the costs. Sparse vectorisers and linear models run efficiently on ordinary CPUs, so cloud deployment can use small virtual machines rather than GPU instances. Batch scoring of archived reviews is typically faster and cheaper than real-time inference; however, where immediate responses are required for example, alerting a support agent when a review is highly negative micro-batch inference (every few seconds) offers a compromise between latency and cost [14]. The chosen architecture should include a resource-usage dashboard that tracks CPU time, memory footprint, and throughput.
Establish Human-in-the-Loop Quality Assurance
A seventh recommendation highlights human-in-the-loop quality assurance. Fully automated sentiment tagging can misinterpret sarcasm, cultural idioms, or mixed feelings. Periodic manual audits, supported by simple annotation tools, keep the system calibrated. Human reviewers should focus on boundary cases with low prediction confidence, because these examples carry the highest informational value for retraining [15]. Over time, active-learning loops that prioritise uncertain samples can reduce labelling effort while improving coverage.
Conduct Privacy, Bias, and Ethics Governance Checks
Risk management and ethics involves one of the eighth recommendations. The classification of the text of the feedbacks on the customers should be the basis of the privacy law and company ethics. The security of the clients and the staff is ensured by the anonymity before analysis. The bias audits will be used to make sure that the model weights are not tilted towards or against language patterns of a particular demographic or geography [16]. Linear coefficients can be diagnosed and cured (due to interpretability): Add data (where necessary) or re-weight features.
Set a Continuous-Improvement Cadence and Dashboards
The ninth recommendation is that of continuous improvement. Language and product service variations have the potential to exacerbate the models despite their curation. The performance can be maintained through the development of a periodic review. It is suggested that the metrics dashboard must point out trends and not a single point score in order to be able to observe a decline. This can be then followed by planning proactive retraining instead of reactive retraining [17].
Integrate Scores with Operational Triggers and Workflows
The 10th recommendation has business process integration. Operational triggers must be added to sentiment scores forward really negative reviews to customer-service managers or raise alarm about product issues with design teams [18]. Business decisions should be the basis of the confidence level and not arbitrary figures. Workflow automation coupled with analytics transforms the crude predictions into quantifiable service deliverables.
Summary and Final Insights
The report explains that the legacy machine-learning algorithms are very competitive at classifying sentiment on shopper review when well-crafted. It has been demonstrated in the literature and the workflow that the sparse n-gram features as defined by linear models are both computationally-low and performance-high. TF-IDF feature based pipeline on equal class occurrence and maximisation of linear-margins bring accuracy, transparency and efficiency where marketing organisations are small or middle-size.
Key findings can be summarised as follows:
· Complexity of classifiers is not as significant as the text representation. Word-level and character-level TF-IDF are noisy-insensitive and topical and stylistic.
· Exotic architecture is not as giving back in terms of returns as the regularisation and threshold tuning. Appropriate weighted losses and probabilities make sure that stable deployment takes place.
· Explainability, not volitionally but naturally. The weight analysis of the features and linear coefficients allow the business users to interpret results of models and trust them.
· The sustainability is guaranteed by the governance, cost discipline, and reproducibility. Hidden technical debt is avoided by version control, deterministic builds and CPU level serving.
· The control of human and bias assists in fairness and ethical model.
The recommended production plan therefore proceeds in three phases:
1. Pilot Phase (Month 1–2). TF-IDF vectorisation, linear SVM training on filtered review set. Compete with Naive Bayes and Logistic regression. Check measure and make interpretability reports.
2. Deployment Phase (Month 3–4). Prepare the chosen model, develop batch inference and monitoring dashboards, and combine sentiment scores and customer-service notifications.
3. Optimisation Phase (Month 5 onward). Apply probabilistic calibration, active-learning feedback loops and low-weight overlays of business events with high value.
The systematic roadmap would lead to a gradual development of an insight that is non-computational heavy like deep neural models. It can be extended in its architecture and can readily support: extensions can be added where cost benefit analysis merits its, domain focussed lexicons, contextual embeddings or can be made as hybrid.
Overall, the researchers conclude that academic development of the traditional algorithms can potentially offer the quality sentiment analysis of the business to meet business, ethical and operation objectives. The resultant system is open, long-term and scalable with the organization bound to obtain actionable finding in the reaction of its customers alongside being efficient and accountable at the same time.
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