




RECOMMENDATION OF A SENTIMENT ANALYSIS MACHINE LEARNING MODEL


Abstract
Sentiment analysis takes customer reviews and turns them into practical marketing action of their business processes, although training and serving deep neural models requires resources, which many SMEs cannot afford. In this report, the comparative literature review of the conventional machine-learning methods which include Naive Bayes, Logistics Regression, linear SVM, Decision Trees/Random Forests and KNN is done on sparse TF-IDF features with light preprocessing. It is found that Logistic Regression and linear SVM are effective at providing an almost state-of-the-art accuracy on review polarity with low computational cost, and Multinomial Naive Bayes can provide ultra-fast training as a practical fallback. The report includes a workflow friendly to CPU load (preprocess - TF-IDF - kh2 selection - LR/SVM), evaluation scheme (10-fold CV, F1/ROC-AUC, confusion evasion), and deployment recommendations based on small-scale setting.
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[bookmark: _Toc211274463]1. Introduction
[bookmark: _we3cr53w060e][bookmark: _Toc211274464]1.1 Context and Background
Sentiment analysis, or opinion mining, is an indispensable tool of machine learning (ML) usage in marketing and e-commerce because it allows extracting subjective knowledge about the workings of large amounts of customer feedback and social media data [1]. Sentiment classification is becoming quite common in organisations to detect how consumers feel to enhance service quality and craft a specialised marketing approach [2]. The most recent developments in natural language processing (NLP) have widened the scope of sentiment analysis to non-English texts and into a variety of business environments that help make decisions in fields like brand management, product development, and customer relationship management [3].
Deep learning algorithms, like convolutional neural networks (CNNs) and recurrent neural networks (RNNs), have reached state-of-the-art performance, but traditional ML algorithms remain popular in a resource-constrained context where interpretability, simplicity, and computational efficiency are the key factors [4].
[bookmark: _Toc211274465]1.2 Problem Statement
Although sentiment analysis is becoming more and more adopted, the lack of access to computationally intensive deep learning models has been a hindrance to small and medium-sized enterprises (SMEs) and start-ups. The large processing power and cost in hardware related to neural networks make it out of reach for small-scale businesses with a low budget. As a result, one has an urgent necessity to find light and interpretable ML algorithms that can deliver satisfactory accuracy yet are affordable [3]. 
[bookmark: _7y5ir8kbe4nv][bookmark: _Toc211274466]1.3 Aim and Objectives
The main objective of this report is to provide a recommendation for a plain and effective machine learning algorithm used in the classification of the sentiments of customers in textual data. To fulfil this purpose, the report has the following objectives:
· To review traditional ML algorithms commonly used for sentiment analysis.
· To compare the performance, accuracy, and computational efficiency of these algorithms as reported in recent literature.
· To recommend the most suitable algorithm and an effective workflow methodology for accurate and resource-efficient sentiment classification.
[bookmark: _wb42nlp6ihkh][bookmark: _Toc211274467]1.4 Scope and Limitations
Instead, the report has a theoretical and literature-based approach without experimental training of any model. It is limited to classical ML algorithms like logistic regression, naive Bayes and the support vector machine (SVM) and random forest. 
[bookmark: _rf2gnya34oyq][bookmark: _Toc211274468]1.5 Structure of the Report
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(Source: Self-developed)


[bookmark: _Toc211274469]2. Related Work in Literature
[bookmark: _Toc211274470]2.1 Overview: concept, importance, and data sources
Sentiment analysis (SA) transforms the opined text into systematic cues that organisations can cognise to make decisions related to the fields of marketing, customer experience, and product management. Big Data indicates that SA is often valued for predicting buyer reactions and also auditing brand perceptions in internet markets [5]. Extensive surveys follow the history of SA through lexicon and classical machine-learning (ML) pipelines to deeper and transfer-learning models, and to keeping industrial values on light ML pipelines to reasons of cost and control [6], [7]. The common data sources are messages written on short-form social media (e.g., tweets), reviews of products and services, and forum posts; each has a distinct signal-to-noise ratio, topic drift, imbalance of classes, and a distinct vocabulary of the domain [5]-[7].
[image: Process of Sentiment Analysis (SA) (a)Training process of a sentiment... |  Download Scientific Diagram]
Figure 2.1.1: Process of Sentiment Analysis (SA)
(Source: Developed based on J. Hartmann et al., 2023)
[bookmark: _Toc211274471]2.2 Feature extraction: Bag-of-Words, TF-IDF, and n-grams
Classical text pipelines encode unstructured text into numeric vectors using Bag-of-Words (BoW) and term frequency-inverse document frequency (TF-IDF) with uni/bi/tri-gram extensions to ensure limited locality of word use [6], [7]. 
[image: A screenshot of a graph
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Figure 2.2.1: Performance and time of the random forest classifier on the Amazon dataset
(Source: N. A. Semary et al., 2024)
A 2024 empirical study comparing feature extractors across Twitter and Amazon reviews found TF-IDF offered a strong balance of accuracy and runtime, achieving up to 99% accuracy on Amazon Musical Instruments and 96% on Twitter Airlines with a standard Random Forest backend, while also providing relatively fast training and prediction times [13]. Sparse BoW/TF-IDF is often utilised in conjunction with feature selection (e.g., kh2/Information Gain) so as to dimensionality reduce and train faster without reducing accuracy- such as in linear models, SVMs, etc. [12]. In surveys, n-gramised TF-IDF remains one of the competitive baselines in polarity classification in resource-constrained environments [6], [7], [13].
[bookmark: _Toc211274472]2.3 Traditional ML algorithms for sentiment classification
Naive Bayes (NB): Multinomial/Bernoulli NB are incredibly fast to train and infer; they perform well with BoW/TF-IDF features and tend to perform well even in short text. A series of literature results in NB as a powerful baseline on tweet/review data, usually within a few points of more complex models, especially in classes which are balanced and preprocessing is sound [7], [13]. Feature selection kh2 can additionally stabilise NB performance and diminish noise [12].
[image: Naive Bayes Theorem in Machine Learning]
Figure 2.3.1: Naive Bayes (NB)
(Source: Developed based on Alantari et al., 2022) 
Logistic Regression (LR): LR is often used as a baseline first point due to its convex optimisation, interpretability (log-odds valued feature weights) and good results on high-dimensional sparse TF-IDF [5], [8]. 
Support Vector Machine (SVM): Linear SVMs are also the leading SVMs in the field of text classification with sparse representations due to the use of margin maximisation in very high-dimensional spaces [6], [7]. Further improvements can be gained by computing kernel SVM at the expense of extra computation. Empirical comparisons of consumer review corpora variously consistently chart SVM at or top the accuracy boundary of customary techniques, yet the training and, in particular, the hyperparameter hunt are more expensive than LR/NB to the SMEs [8], [10].
[image: Support Vector Machines (SVM) Made Simple & How To Tutorial]
Figure 2.3.2: Support Vector Machine (SVM)
(Source: Developed based on Tan et al., 2023) 
Decision Tree / Random Forest (RF): RFs are resistant to noisy characteristics and can learn non-linearities without requiring much feature engineering. Comparative pipelines demonstrate that RFs are capable of being competitive with linear models on certain data sets, especially with attentively tuned TF-IDF and n-grams; however, forests are generally more costly to use in terms of inference and have higher memory footprints than LR/NB [9], [13]. RFs in some oversampled or domain-specific systems have surpassed baselines, though performance differs with feature engineering and on classes with disproportions [13].
[image: Random Forest (RF) algorithm example | Download Scientific Diagram]
Figure 2.3.3: Decision Tree / Random Forest
(Source: Developed based on Occhipinti  et al., 2022) 

K-Nearest Neighbours (KNN): KNN is easy and has minimal parameters but is not scalable in terms of inference since it increases in complexity as the size of the training set increases; predicting on a point requires calculating the distance to lots of points [10], [14]. Distance metrics and normalisation are also very important in the performance of KNN.
[image: K-Nearest Neighbors Algorithm - Intuitive Tutorials]
Figure 2.3.4: K-Nearest Neighbours (KNN)
(Source: Developed based on Wang et al., 2024) 
[bookmark: _Toc211274473]2.4 Benchmark evidence (2019-2025)
Online review comparisons Empirically LR, linear SVM, NB, RF, with TF-IDF/n-grammes, traditional models continue to be competitive, however [8], [9], [11]. An ensemble of 12 ML classifiers tested on text data in 2022 introduced the argument that high-quality features are key and showed that linear methods (LR/SVM) and ensembles (RF/GBM) were constantly strong due to the well-engineered features [9]. 
[image: A diagram of a software development process
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Figure 2.4.1: 12-machine-learning-models-for-text-classification
(Source: Developed based on Annalisa et al., 2022)
A five-way comparison of Amazon reviews (traditional vs. CNN/RNN) in 2024 once more revealed that LR/RF/NB were viable baselines with favourable cost-accuracy Ratios in production situations where peak performance was not required [11]. A recent 2024 Soft Computing paper comparing ten algorithms operating within a five-class news sentiment scenario reaffirmed the theme that SVM/LR using n-gram TF-IDF are difficult to surpass in cases where the text remains sparse and high-dimensional, and tree ensembles offer viable alternatives based on the particularities of a dataset [10].
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Figure 2.4.2: Decision Tree Summarizing Consolidated Results
(Source: Developed based on Hartmann et al., 2023)
A meta-analysis of 272 datasets has determined from a marketing perspective that modern transfer-learning models tend to lead in terms of accuracy, although the choice of the method used in analytics can be better based on analytical resource and governance requirements; simpler models may prove to be more trustworthy and cost-effective in business pipelines [5]. In the case of social-network datasets, systematic reviews equally note that ensembles (bagging/boosting) have potential, however, with the caveats of their computational/memorial cost relative to linear ones [15].
[bookmark: _Toc211274474]2.5 Trade-offs: accuracy vs. computational efficiency
However, in the literature, linear SVM and LR generally achieve high accuracy on sparse features with quite small training times; it is also sometimes the fastest to train and simplest to regularise and calibrate [6], [8], [10]. NB is the fastest champion and very memory-efficient, very powerful in short-text conditions, but may not perform so well in case of feature independence is severely violated [7], [12]. RF/trees can minimise bias on more complicated decision barriers but increase larger models and may reduce inference speed, which is significant in the context of low-latency review monitoring [9], [13], [15]. The training of KNN is a trivial task, but its inference is poorly scalable without approximate search or vigorous dimensionality reduction, so it is not as high-throughput a production method as specialised indices are engaged [10], [14].
These trade-offs are exaggerated by the extractors of features: n-gram TF-IDF can be used with ease by LR/SVM with manageable compute; kh2 choice minimises memory and tuning; and embedding can be used to transfer the domain, but may add additional training/inference cost that is incompatible with the constraints of SME [12], [13]. 
[bookmark: _Toc211274475]2.6 Identified gaps for resource-constrained environments
There are two gaps, even though it has much comparative work that has been done. To start with, most benchmarks do not provide much information on the total cost of ownership (TCO) that would be of importance to SMEs/start-ups: training time, inference latency, memory footprint and ease of deployment [5], [8]. Second, research usually confounds datasets and preprocessing options, and it is difficult to generalise the most effective traditional model to small organisations without access to GPU clusters or MLOps teams [9], [10], [11], [15]. More current research on feature extraction selection is starting to measure runtime/accuracy trade-offs (e.g. TF-IDF is good as it has), but resource-conscious evaluations should be more standardised to inform lean deployments [13]. This has led to a very strong demand for prescriptive workflows that can predict simple, auditable models (e.g. LR, n-gram TF-IDF, kh2 selection) and provide the accuracy and compute/latency measures that can be achieved in realistic SME contexts [6], [7], [12], [13].
[bookmark: _e2q4ouyakqh3][bookmark: _Toc211274476]3. Workflow Methodology
[bookmark: _Toc211274477]3.1 Data collection
Utilise high-quality curated, publicly-reviewed datasets that exemplify actual shopper language and good labels: IMDb movie reviews, Amazon product reviews and Yelp business reviews. According to recent comparative studies of customer reviews, all of these sources continue to serve as typical testbeds and are extensive in covering informal vocabulary, domain slang, and text variance in length conditions, which are like e-commerce feedback loops [16], [19]. Where feasible, stratify samples to even out classes and maintain the rotation of ratings (e.g. star ratings at Amazon as proxies of polarity).
[bookmark: _Toc211274478]3.2 Data pre-processing
Use a noisy, hard deterministic text-cleaning procedure: lower-case; URL, handle, and punctuation conversion; tokenisation; stop words stripping; lemmatisation. A variety of reviews observe that, with traditional ML, regular normalisation/lemmatisation is both cheap and provides measurable improvements as long as the text being normalised is social/review text, which is noisy [17], [19]. In my field, use emojis/emoticons where they have a sentimental meaning; otherwise, delete them to save on space [17].
[bookmark: _Toc211274479]3.3 Feature extraction
Use TF-IDF on uni / bi-grams instead of more dense embeddings. TF-IDF has one of the most desirable accuracies vs. compute trade-offs in high-dimensional sparse text data, and has been used in the best traditional models, such as Logistic Regression (LR) and linear SVM, on Amazon/Twitter/Yelp-like corpora [17], [19]. N-gramme ranges of (1,2) tend to be cheap on local negation (not good) and multiword (usually cheap) [17], [20].
[bookmark: _Toc211274480]3.4 Feature selection
Use sparse space - apply kh2 (chi-square) or Information Gain to reduce sparse space by 20-60% without or with minimal reduction in accuracy - can usually help generalisation and also can accelerate training/inference. The experimental results that compare kh2 and linear SVM on app-store reviews have high F1 scores and less run time than the selection baselines, where there is no selection, and it shows the importance of simple filters in resource-limited pipelines [20]. 
[bookmark: _Toc211274481]3.5 Model training (traditional baselines)
Train 3 light classifiers in parallel:
· Multinomial/Bernoulli Naive Bayes (NB): quickest to train and test; powerful when characterising a sparse number of counts on short texts. Has the ability to serve as a formidable floor baseline and manufacturing fallback [17].
· Logistic Regression (LR, L2-regularised): dependable heavy-horse on TF-IDF, is simple to calibrate and interpret, through feature weights; generally, one of the leading traditional methods to work on reviews and is highly stable across domains [16], [19].
· Linear SVM: usually has the best accuracy on sparse n-grammes at a slightly greater tuning/training cost than LR/NB; nevertheless, remains practical using a CPU on SMEs [17], [19].
Light Reduce Singular Value + TF-IDF are often found to be identical or close to the more complex models on moderate-sized review sets, which is why they are best suited to the target context [18], [19].
[bookmark: _Toc211274482]3.6 Evaluation metrics
Precision (Accuracy on reports), Recall (macro when classes are imbalanced) and ROC-AUC binary settings only [19]. Symbolise the confusion table and a classification report to unveil any mistake patterns and asymmetries in the classes [16].
[bookmark: _Toc211274483]3.7 Cross-validation
Cross-validate the training set using a stratified 10-fold to estimate low variance generalisation. The most recent SA research uses K-fold CV, which provides consistent comparisons between NB/LR/SVM and requires low computing to be accessible to the SME community [22]. Make certain that the original proportions of classes are kept.
[bookmark: _Toc211274484]3.8 Hyperparameter tuning
Apply grid (or small randomized) search over compact spaces:
· NB: α (smoothing) ∈ {0.1, 0.5, 1.0}.
· LR: C ∈ {0.1, 1, 3}, penalty=L2, solver=‘liblinear’/‘lbfgs’.
· Linear SVM: C ∈ {0.1, 1, 3}.
A 2024 systematic review of hyperparameter optimisation demonstrates that smaller, more informed grids frequently achieve most of the gain without appealing to costly meta-heuristics, particularly of convex linear models on sparse text [21]. Achieve faster and more accurate co-optimisation coupled tuning with kh2 feature cutoffs (e.g. top-50k vs top-100k terms) [18], [20].
[bookmark: _Toc211274485]3.9 Model interpretation and reporting
Give the best weighted features (positive/negative) to be used by LR/SVM to explain signals that result in the predictions, and also in the form of confusion matrices, display errors localisation by class [16]. To the stakeholders, convert the metrics into operational directions (e.g. thresholding to prioritise negative reviews). Corresponding calibration of probabilities where necessary (Platt scaling/Isotonic on validation) to produce outputs useful in running queueing/alert rules [18].
[bookmark: _Toc211274486]3.10 Rationale for excluding deep learning
Even though CNN/RNN/transformer models can narrow the gap with the old ones, recent comparisons on Amazon-specific reviews find that carefully tuned TF-IDF + LR/SVM can achieve near-frontier results at a fraction of the cost and complexity no GPUs, faster training, smaller footprint and easier to govern [16], [18], [19]. In CPU-only environments with minimal or no MLOps (non-expert) SMEs/start-ups, the suggested pipeline implies maximum accuracy-per-watt and time-to-production with maintainable interpretability to the audit and iteration [16], [18], [19].
[bookmark: _1s6vdtmace4q]

[bookmark: _Toc211274487]4. Discussion and Recommendations
[bookmark: _56kn2kuq7mfn][bookmark: _Toc211274488]4.1 Comparative analysis of traditional models
In recent comparative experiments, linear models using sparsity n-gram TF-IDF features, especially Logistic Regression (LR) and linear SVM, are repeatedly ranked highest in text sentiment tasks, and remain equally effective as more elaborate models on commonly moderate-sized review corpora and are easier to tune and scale out [23], [25], [26]. Meta-evidence with marketing orientation indicates that the choice of method must consider the resources available for analysis and governance, rather than raw accuracy concept which supports the use of compact traditional pipelines in most business scenarios [23]. In a study by Amazon Reviews comparing deep learning (CNN/RNN) with LR, NB, and RF, traditional models showed competitive performance with significantly low computation overheads- a competitive profile of SMEs [24]. In a pipeline-style analysis that tested 10-12 canonical classifiers, it is also confirmed that feature engineering + light models (LR/SVM, sometimes RF) is capable of providing good baselines when preprocessing and hyperparameters are taken into consideration [25].
Selecting features can also be an accelerator in such pipelines: dimensionality reduction coupled with either SVM or LR can be used with coupling kh2 filtering, and F1 can easily be maintained or slightly improved, which is useful when the memory or latency is a limiting factor [27]. 
[bookmark: _t65u9br3g75f][bookmark: _Toc211274489]4.2 Summary table: performance vs. efficiency (from recent literature)
[image: ]
*Bands synthesised from the cited comparative studies; actual values vary by dataset, class balance, preprocessing, and evaluation design.
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[bookmark: _fgjy2jv948g0][bookmark: _Toc211274490][image: ]4.3 Trade-offs: performance, cost, and practicality

[bookmark: _v2oetwbwldp6][bookmark: _Toc211274491]4.4 Why traditional methods remain valuable for SMEs
When start-ups and SMEs have CPU-based stacks, lower MLOps, and must be transparent in decision-making, then traditional models coupled with TF-IDF are proving hard to beat. They can be trained within minutes, deployed as small artefacts, and monitored as well as retrained easily [23], [24]. An application-facing audit focuses on matching method selection with analysis conscientiousness, conformity and swiftness-to-benefits; within numerous of these settings, analysis conscientiousness by forming LR/SVM viable boundaries is adequate and safer to execute than heavier neural answer than their more compact counterparts [23]. The Amazon reviews comparison also reveals that deep nets can assist in winning the race (based on a few points), but the TCO (tuning, serving, hardware, and governance) tends to sway the outcome in favour of light ML, when it comes to production pipelines without the allocation of GPU resources [24]. 
[bookmark: _Toc211274492]4.5 Recommendation
Primary Logistic Regression (TF-IDF uni/bi-grammes, L2 calibrated): Rationale: near-frontier performance across our conventional models; rapid training of CPU models, compact model, work well on probabilities once calibrated, and explanations of stakeholders in terms of features. Regularly discussed as being a reliable workhorse in comparative pipeline analysis and business-driven measures [23], [25]. 
Alternative: Multinomial Naive Bayes when the dataset size is very small or when the time spent on training and inference is critical, and when small accuracy differences can be tolerated; when it is especially accurate on shorter texts, and the contextual conditions are favourable [24], [25]. 
[bookmark: _4sn2vzu6negv][bookmark: _Toc211274493]4.6 Recommended workflow diagram and evaluation strategy
Stakeholder communications Figure 3 gives the path of data-preprocessing - TF-IDF (1,2) - kh2 selection - LR/SVM - evaluation. Use stratified 10-fold cross-validation when developing to make good estimates of generalisation on small data. To report, provide confusion matrices, precision/recall/F1 (macro), ROC-AUC (binary), including any effects due to class-imbalance (e.g., the ability to catch negatives and send them to triage) [23], [25]. As it has been seen in the literature, multi-metric reporting helps to avoid the illusion of accuracy and more accurately represent business risk. In the case of feature selection, ensure the recall of the minority class is checked. The use of pair metrics when a decision (e.g. auto-escalating very negative reviews) is made based on the calibrated probabilities [23], [25]. 
[bookmark: _Toc211274494]4.7 Potential enhancements
· Ensemble averaging (e.g. LR + NB soft-vote) is extremely small but still pragmatic, and does not substantially affect performance till heavy boosting is added; some pipelines have made wins using basic model averaging without any complex deployment [25].
· Feature engineering: domain stop lists, emoji handling, negation propagation (not good), and character n-grams on noisy text are usually helpful, particularly in the SNS [24].
· Hybrid TF-IDF + lexicons: add a small number of carefully-constructed sentiment/negation tokens to sparse values at minimal overhead cost. Comparative points out that these hybrids can bridge small gaps to intricate models in some domains [24].
· χ²/Information Gain sweeps: use ‘top-50k/top-100k co-tune feature cutoffs with LR/SVM C-values to trade-off between accuracy and latency [27].
[bookmark: _Toc211274495]4.8 Ethical and data management.
Last but not least, learning about responsible deployment focuses on bias, fairness, and the quality of information. The review datasets can encode skews in demographics or product categories that impact the false-positive/negative rates across the segments. By sampling categories, practitioners should track sub-group error (where feasible and legal), revise models as vocabularies evolve, keep clear records of preprocessing decisions and constraints: these practices also mirror recent marketing analytics advice on reliable SA in production.
[bookmark: _5vrqqvprh0bv][bookmark: _Toc211274496][bookmark: _Reference_List]5. Conclusion
In this report, the SME will have access to efficient sentiment analysis by analyzing the latest literature on conventional ML pipelines. Empirical data within the set of benchmarked studies suggests that TF-IDF using light classifiers is highly competitive with Logistic regression being highly accurate, explainable, and experimental. Multinomial Naive bayes can be used as a cheaper and less costly but fast alternative. The proposed workflow will focus on the CPU efficient preprocessing, feature selection, and the powerful evaluation that is applicable to small businesses. 
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[bookmark: _Toc211274499]Appendix A — Example dataset schema & text samples
[bookmark: _Toc211274500]A1. JSON Schema (reviews)
[image: A screen shot of a computer code

AI-generated content may be incorrect.]
[bookmark: _Toc211274501]A2. Sample (CSV, 6 rows)
[image: A screen shot of a computer code

AI-generated content may be incorrect.]


[bookmark: _Toc211274502]Appendix B: Pseudocode & workflow diagram
[bookmark: _Toc211274503]B1. End-to-end pipeline (pseudocode, scikit-learn style)
[image: ]
[bookmark: _Toc211274504]B2. ASCII workflow diagram
[image: A diagram of a process

AI-generated content may be incorrect.]

[bookmark: _Toc211274505]Appendix C — Supplementary performance comparison tables
[bookmark: _Toc211274506]C1. Accuracy & F1 (macro)
	Model
	Features
	Accuracy
	F1 (macro)
	Notes

	Multinomial NB
	TF-IDF (1,2)
	0.83–0.92
	0.82–0.91
	Very fast; may underfit nuanced syntax.

	Logistic Regression (L2)
	TF-IDF (1,2)
	0.88–0.95
	0.88–0.95
	Strong baseline; interpretable weights.

	Linear SVM
	TF-IDF (1,2)
	0.89–0.96
	0.89–0.96
	Often top among traditional.

	Random Forest
	TF-IDF (1,2)
	0.84–0.93
	0.84–0.92
	Robust; larger footprint.

	KNN (k=5)
	TF-IDF (1,2)
	0.80–0.90
	0.79–0.89
	High inference cost without ANN.



[bookmark: _Toc211274507]C2. Efficiency & footprint
	Model
	Train Time (s)
	Inference (ms/doc)
	Model Size (MB)
	Fit Hardware
	Comment

	Multinomial NB
	5–20
	<0.2
	<5
	CPU
	Fastest end-to-end

	Logistic Regression
	20–90
	0.2–0.6
	5–20
	CPU
	Calibratable probabilities

	Linear SVM
	40–150
	0.2–0.6
	5–25
	CPU
	Slightly more tuning

	Random Forest (500 trees)
	120–600
	0.8–2.0
	40–120
	CPU
	Slower inference

	KNN (k=5)
	~0
	5–50
	n/a
	CPU
	Inference scales with dataset size



[bookmark: _Toc211274508]C3. Feature-selection sweep (example layout)
	k top terms
	NB F1
	LR F1
	SVM F1
	Train Time (s)
	Note

	20,000
	0.88
	0.91
	0.92
	35
	Lowest RAM

	50,000
	0.89
	0.93
	0.94
	55
	Good balance

	100,000
	0.89
	0.93
	0.94
	95
	Diminishing returns





[bookmark: _Toc211274509]C4. Reporting pack checklist
· Confusion matrix (normalised and raw counts)
· Precision/Recall/F1 (macro + per class)
· ROC-AUC (binary) or PR-AUC where class imbalance is high
· Threshold analysis (precision-recall curve) for alerting rules
· Top weighted features (LR/SVM) for explainability
· Model card (dataset, preprocessing, metrics, caveats, retrain trigger)
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