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Abstract
To comprehend consumer opinions and behaviours in the digital marketplace, sentiment analysis has emerged as a crucial analytical technique. Implementing effective and affordable machine learning (ML) models that can reliably understand vast amounts of textual feedback is crucial for marketing organizations, especially those with limited computational resources. This article offers a thorough analysis of conventional machine learning (ML) techniques for sentiment analysis and suggests a detailed workflow for using the Support Vector Machine (SVM) algorithm to create a predictive model. The study examines the body of research on sentiment analysis models, investigates methods for text preprocessing and feature extraction, and contrasts popular classifiers according to their performance, interpretability, and computing economy.
A simplified pipeline that includes data cleansing, tokenization, TF-IDF vectorization, model training, and evaluation using precision, recall, and F1-score metrics is part of the suggested methodology. Because of its exceptional performance in managing high-dimensional textual data and its capacity for efficient generalization with reasonable computational requirements, SVM is advised. The report's conclusion outlines model evaluation and deployment methodologies with a focus on scalability, reproducibility, and simplicity. This study shows that without the need for resource-intensive deep learning systems, standard machine learning (ML), when correctly constructed, may still be a reliable and approachable solution for sentiment analysis applications.
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1. Introduction
In today’s data-driven digital economy, sentiment analysis plays a pivotal role in marketing and customer experience intelligence. Organisations increasingly mine product reviews, social media posts, and survey feedback to assess public opinion and inform strategic decisions. However, the exponential volume of user-generated text demands automated analytical methods capable of efficiently classifying sentiment as positive, negative, or neutral at scale.
Machine learning (ML) offers a powerful framework for this task, enabling models to learn linguistic patterns from labelled data. Although deep learning has gained significant popularity, traditional ML algorithms remain highly relevant — particularly for businesses with limited computational resources, smaller datasets, or the need for explainable and maintainable systems. Classical models such as Support Vector Machines (SVM), Naïve Bayes (NB), and Logistic Regression (LR) have consistently demonstrated strong performance in text classification when combined with effective feature engineering techniques such as TF–IDF or n-gram analysis.
For small and medium-sized enterprises, traditional ML approaches offer key advantages: low computational cost, faster training, strong interpretability, and seamless integration with existing data processing pipelines. These models can be retrained efficiently as customer behaviour evolves, making them highly practical for real-world deployment.
This report is prepared for a marketing company aiming to implement a sentiment analysis system for shopper reviews while prioritising efficiency, transparency, and high predictive accuracy. Its objective is to review the current literature, compare traditional ML algorithms, and propose an optimal workflow tailored to the organisation’s constraints.
The report is structured as follows: Section 2 reviews related academic work; Section 3 presents the proposed sentiment analysis workflow; Section 4 offers discussion, evaluation strategies, and the final recommendation. Overall, this study argues that Support Vector Machine (SVM) is the most suitable algorithm for resource-constrained sentiment analysis, offering an ideal balance between simplicity, performance, and interpretability.











2. Related Work in the Literature

2.1 Overview of Sentiment Analysis in Machine Learning
Sentiment analysis, often referred to as opinion mining, has evolved into a central research area in natural language processing (NLP) and artificial intelligence (AI). It involves determining the emotional tone within textual data—categorising it as positive, negative, or neutral—to derive insights about public opinion, brand perception, or consumer satisfaction[1]. The process integrates linguistic analysis, feature extraction, and classification techniques to automate what would otherwise be a highly subjective and labour-intensive task.

Early research in sentiment analysis relied heavily on rule-based or lexicon-driven methods, which used predefined dictionaries of sentiment-laden words to assign polarity scores. While effective in limited contexts, such methods struggled with linguistic nuances such as sarcasm, negation, and domain-specific vocabulary. The advent of machine learning (ML) transformed sentiment analysis from a manually designed heuristic process into a data-driven predictive modelling task[2]. Researchers began to frame sentiment analysis as a supervised text classification problem, where labelled datasets of textual reviews are used to train classifiers capable of generalising sentiment patterns from unseen data.

2.2 Traditional Machine Learning Algorithms for Sentiment Analysis

A wide range of traditional ML algorithms have been applied to sentiment analysis with considerable success. Among these, Naïve Bayes (NB), Support Vector Machine (SVM), and Logistic Regression (LR) have become dominant due to their effectiveness on high-dimensional text data and interpretability[3].

The Naïve Bayes classifier operates on the principle of conditional probability, assuming independence among features—a simplification that enables computational efficiency and rapid training. It has shown good baseline performance for text classification tasks, particularly when applied with bag-of-words or TF–IDF features. However, its independence assumption can limit performance on complex linguistic data where contextual relationships between words are crucial[4].

Logistic Regression, on the other hand, provides a probabilistic framework that models the relationship between features and sentiment polarity. It is widely valued for its interpretability and ability to output calibrated probabilities. Yet, it can struggle when features exhibit non-linear relationships, which are common in sentiment-bearing text [3].

In contrast, the Support Vector Machine (SVM) has consistently demonstrated superior performance in numerous sentiment classification studies. SVM aims to identify an optimal hyperplane that maximally separates classes in a high-dimensional feature space. The algorithm’s use of kernel functions enables it to manage non-linear separability effectively without incurring the computational cost associated with deep learning models. SVM also performs well in sparse and high-dimensional settings—conditions typical of text data represented through TF–IDF or n-gram features [5].

Empirical comparisons have confirmed SVM’s dominance in traditional sentiment analysis. For instance, Pang et al.[5] conducted seminal research comparing SVM, NB, and Maximum Entropy models on movie review datasets, finding that SVM achieved the highest classification accuracy. Similarly, Moraes et al. [6] analysed Twitter sentiment using multiple classifiers and concluded that SVM provided the best balance between accuracy and generalisability. These findings have since been reinforced by numerous modern studies demonstrating SVM’s robustness across varied domains such as e-commerce reviews, product feedback, and financial text analysis.


2.3 Text Preprocessing and Feature Engineering in Sentiment Analysis
Two crucial steps that affect the effectiveness of ML-based sentiment analysis are text preparation and feature extraction. To improve model accuracy, redundant information like punctuation, hyperlinks, emojis, and stop words must be eliminated from raw text data, which is naturally noisy[7]. Tokenization, lowercasing, stemming or lemmatization, and removing non-alphanumeric characters are examples of common preprocessing techniques.

After preprocessing, the text needs to be transformed into a numerical format that machine learning algorithms can use. One of the first models, the Bag-of-Words (BoW) model, counts word occurrences but ignores contextual linkages. Term Frequency–Inverse Document Frequency (TF–IDF) weighting is typically used to address its drawbacks by elevating uncommon but significant words and diminishing the impact of commonly occurring keywords [8].
The n-gram model is another crucial feature extraction method that represents short-term context by capturing local word sequences (such as "good" versus "not good"). Bi-grams or trigrams with TF-IDF have been found to enhance the performance of linear classifiers such as SVM and Logistic Regression. Furthermore, by keeping only the most informative features, dimensionality reduction techniques like Principal Component Analysis (PCA) or Chi-square feature selection are occasionally used to further improve computing efficiency[9].






2.4 Comparative Studies of Traditional ML Algorithms
Several comparative studies have benchmarked traditional ML algorithms for sentiment analysis across diverse datasets. For example, Patil et al.[9] used Twitter data and compared NB, SVM, and Maximum Entropy models, finding that SVM with uni-gram features achieved the highest accuracy. Likewise, Narayan [10] noted that while NB performed faster on small datasets, SVM consistently yielded superior precision and recall on larger, more complex corpora.

Gupta et al. [11] evaluated traditional algorithms using the IMDb movie review dataset and observed that SVM achieved an average accuracy of 88.5%, outperforming NB (83.2%) and LR (85.4%). Similarly, in e-commerce sentiment classification, Tommy et al. [12] reported that TF–IDF combined with a linear SVM classifier achieved higher F1-scores than decision tree-based methods or K-Nearest Neighbours (KNN), largely due to its ability to handle sparse feature spaces effectively.

These consistent outcomes demonstrate how robust SVM is across dataset scales, languages, and disciplines. Fine-tuning to sentiment circumstances is also made possible by its kernel flexibility. For instance, radial basis function (RBF) kernels may be used when complicated non-linear decision boundaries are needed, however linear kernels are recommended for text data because of its large dimensionality.

2.5 Advantages of SVM for Sentiment Analysis
Several significant benefits are responsible for SVM's continued success in sentiment analysis:
Generalization Ability: By maximizing the margin between classes, SVM lessens overfitting and enhances generalizability to data that has not been seen yet[2]
Effectiveness with Sparse Data: SVM uses kernel-based techniques to effectively handle high-dimensional but sparse feature matrices that are frequently produced by textual data.
High Robustness and Accuracy: Several studies show that SVM performs better than other conventional models in sentiment classification tasks using both balanced and imbalanced datasets.
Moderate Computational Cost: SVM provides a good balance between accuracy and computational economy when compared to ensemble or deep learning models[2]
Interpretability: A crucial component of commercial decision-making, feature-weight inspection is made possible by linear SVMs, which offer insight into the words that have the greatest impact on sentiment categorization.

These characteristics make SVM a particularly suitable choice for organisations with limited computational resources seeking accurate, interpretable, and maintainable sentiment analysis systems.

2.6 Gaps and Future Directions
Traditional SVM-based sentiment analysis still has drawbacks despite its benefits. Domain adaptation is still a major problem: because linguistic patterns and sentiment expression differ when models trained on one dataset (like movie reviews) are applied to another (like retail goods reviews), the models may perform poorly. Furthermore, efficient feature engineering and parameter optimization—which call for meticulous design and tuning—are critical to SVM's performance [13].

However, recent research has demonstrated encouraging outcomes when combining SVM with sophisticated preprocessing and hybrid feature extraction (for example, combining TF–IDF with lexicon-based polarity scores). These methods slightly improve model interpretability and accuracy while preserving the ease of use and computational effectiveness of conventional machine learning [14].

When deep learning is not practical, the literature shows that Support Vector Machine (SVM) is still one of the most reliable, well-understood, and computationally effective methods for sentiment analysis. As a result, the workflow technique suggested in the next part is built upon this algorithm [15].


















3. Workflow Methodology

3.1 Overview of the Proposed Workflow
A systematic workflow that converts unprocessed textual data into actionable insights through several precisely specified steps is necessary for designing an efficient sentiment analysis system. The suggested workflow (described in Appendix) describes the entire procedure for creating a sentiment analysis model based on machine learning with the Support Vector Machine (SVM) method. The workflow follows the accepted guidelines of the CRISP-DM (Cross-Industry Standard technique for Data Mining) methodology and the Knowledge Discovery in Databases (KDD) technique[16].

The process consists of seven interrelated stages:

Data collection
Data preprocessing and cleaning
Feature extraction
Dataset partitioning
Model training
Model evaluation
Model interpretation and deployment



Each stage contributes to building a sentiment analysis model that is both accurate and computationally efficient, satisfying the client’s requirement for a traditional ML solution that can operate on limited resources.








3.2 Stage 1: Data Collection
Getting a representative dataset of customer reviews is the first step. The business might gather proprietary consumer feedback data for this project using its own e-commerce platform or customer survey systems, or it could use publicly accessible datasets like Twitter Sentiment140, IMDb Movie Reviews, and Amazon Product Reviews.
Class balance, data volume, and data quality are important factors to consider when gathering data. To facilitate efficient training and generalization, a minimum of several thousand tagged reviews—positive, negative, and neutral—are preferred. To avoid model bias toward the sentiment of the majority, care should also be taken to ensure a balanced class distribution[17]. To ensure consumer anonymity and informed permission, ethical and legal compliance should also be upheld in line with GDPR and other pertinent data protection regulations.

3.3 Stage 2: Data Preprocessing and Cleaning
Textual data obtained from user reviews is inherently unstructured and noisy. Preprocessing is therefore critical to transforming raw text into a form suitable for analysis. This phase typically includes the following sub-steps.
Text Normalization: To get rid of case sensitivity problems, convert all text to lowercase.
Tokenization is the process of dividing sentences into discrete words or terms.
Eliminate any punctuation, HTML elements, emojis, hyperlinks, and numeric values that do not express emotion to remove noise.
Eliminate common terms that do not contribute to sentiment polarity, including "the," "and," or "is."
Lemmatization or stemming: To combine word variations, reduce words to their base forms (for example, "running" → "run").
Managing Negations: To maintain sentiment direction, identify negation phrases (such as "not," "never"). For instance, "not bad" should be construed as a positive rather than a negative statement.
The quality of preprocessing directly affects model performance, as noisy or inconsistent text can degrade the discriminative power of extracted features. Automated preprocessing can be performed using tools such as NLTK, spaCy, or Weka’s text filters, ensuring reproducibility and efficiency[18].

3.4 Stage 3: Feature Extraction
After being cleaned, the text needs to be converted into a numerical representation that can be processed by a machine learning algorithm. While preserving computational simplicity, the selected form should convey the underlying semantics and frequency of phrases. The Term Frequency–Inverse Document Frequency (TF–IDF) strategy is still the most popular and successful way for traditional machine learning[19].

Each phrase is given a weight by TF-IDF according to how frequently it appears in a document compared to how frequently it appears throughout the corpus. Higher importance is given to words that appear frequently in one review but infrequently in others, enhancing discriminative ability. By treating all words as equally informative, the Bag-of-Words (BoW) model's drawbacks are lessened.

To capture brief contextual relationships, n-grams—especially bi-grams—should be used in addition to TF-IDF. For instance, even if "good" and "not good" have the same individual token, their bigram representation successfully separates sentiment polarity. Due to SVM's resilience when dealing with such data structures, the resulting feature space is usually sparse and high-dimensional[20].

Feature selection can be used to lessen computational load and dimensionality. The most important terms influencing sentiment classification can be found using techniques like chi-square, mutual information, or information gain. By emphasizing words that convey sentiment, this step not only increases efficiency but also has the potential to improve interpretability[19].
3.5 Stage 4: Dataset Partitioning
The dataset needs to be separated into distinct training and testing subsets to assess model generalization. Although 70/30 or 75/25 splits may also be utilized, depending on the volume of data, 80% training and 20% testing is a typical split ratio[20].

It is strongly advised to use k-fold cross-validation for a thorough evaluation of performance; usually, k = 5 or 10. By splitting the dataset into k equal pieces, the model is trained on k–1 folds and then validated on the remaining fold. This process is repeated until each fold has been used as validation once. While reducing overfitting, the average accuracy over all folds offers a trustworthy assessment of model performance[20].

To ensure that all sentiment classes are equally represented in the training and testing sets, stratified sampling should also be used.


3.6 Stage 5: Model Training (Support Vector Machine)
The feature vectors produced by the TF–IDF representation are then used to train the SVM model. In its most basic version, SVM creates a hyperplane with the greatest margin possible between sentiment classifications (such as positive and negative). Strong generalization on unseen data is ensured by this margin maximization principle[21].
To visualize the model's performance across sentiment categories, a confusion matrix ought to be created. Weighted F1-scores can be used for applications with different misclassification costs (for example, false negatives are more important than false positives).

Furthermore, Area Under the Curve (AUC) values and Receiver Operating Characteristic (ROC) curves offer more information on the discriminatory power of the model. Strong model performance is indicated by an AUC near 1.0.
For textual data, a linear kernel typically performs well due to the high-dimensional feature space. The Radial Basis Function (RBF) kernel can be utilized if non-linear separability is predicted, however it usually leads to large accuracy gains for sentiment data at the tradeoff of higher computing cost[18].
During the training process, the regularization parameter (C) is selected, which controls the trade-off between maximizing the margin and minimizing classification error. Grid search or random search techniques can be used to find the optimal parameter values. Tools like Scikit-learn, Weka, or RapidMiner may automate this process, ensuring efficient and repeatable model building.

3.7 Stage 6: Model Evaluation
The model's performance needs to be assessed using objective quantitative criteria after training. For classification tasks like sentiment analysis, the most widely used evaluation measures are F1-score, recall, accuracy, and precision.
Accuracy is defined as the proportion of cases that are correctly classified.
Precision quantifies the percentage of anticipated positive thoughts that really materialized.
Recall (sensitivity) quantifies the proportion of true positive cases that were correctly identified.
The F1-score provides a harmonic mean of precision and recall, making it a balanced statistic for datasets that are not balanced.

A confusion matrix should be constructed in order to visualize the model's performance across sentiment categories. Applications with varying misclassification costs (for instance, false negatives are more significant than false positives) can benefit from the usage of weighted F1-scores.

Additionally, Receiver Operating Characteristic (ROC) curves and Area Under the Curve (AUC) values provide additional details on the model's discriminatory capability. An AUC close to 1.0 indicates strong model performance[22].

To guarantee consistency and the model's capacity to generalize to new data, cross-validation should also be performed again during evaluation.




3.8 Stage 7: Model Interpretation and Deployment
Interpretability is a critical factor for business users. By offering feature weights (coefficients) that show the relative impact of each phrase on sentiment categorization, the linear SVM model makes interpretation easier. To improve transparency and system trust, analysts can examine the top-weighted features to determine which words are most responsible for positive or negative sentiment[23].

The trained model can be deployed by integrating it into an API-based service or batch-processing pipeline within the organization's analytics infrastructure. The model may categorize sentiment, process fresh customer reviews on a regular basis, and provide the results to dashboards or CRM systems[24].

To maintain performance, the model should undergo periodic retraining with newly acquired data to adapt to evolving linguistic patterns and customer behaviour. This process ensures that the model remains relevant and accurate over time.

3.9 Workflow Summary
The suggested methodology blends computational simplicity with methodological rigor. Following this procedure will enable the marketing firm to create a trustworthy sentiment analysis model that uses the fewest resources possible while providing useful insights. The workflow’s strengths lay in: Efficient preprocessing and feature extraction using TF–IDF; Robust and interpretable classification using SVM; Objective evaluation using detailed performance indicators; and Scalable deployment into current business systems[25].
The client's operational and analytical goals are thus met by this workflow, which represents a fair, open, and economical approach to sentiment analysis.

4. Discussion and Recommendations

4.1 Critical Discussion of Algorithm Performance
Support Vector Machine (SVM) is the best classical machine learning algorithm for sentiment analysis in resource-constrained contexts, as shown by the comparative literature and workflow evaluation in the preceding sections. Across a range of sentiment analysis tasks, SVM consistently performs better in terms of accuracy, robustness, and generalization than other traditional algorithms like Naïve Bayes (NB), Logistic Regression (LR), Decision Trees (DT), and K-Nearest Neighbours (KNN)[26].

When it comes to textual data represented by Term Frequency–Inverse Document Frequency (TF–IDF) or n-gram features, SVM excels in creating optimal decision boundaries in high-dimensional feature spaces. SVM maximizes the margin between sentiment classes, improving generalizability, in contrast to NB, which presumes feature independence, or DT models, which may overfit small datasets. Additionally, the linear kernel variant of SVM provides interpretability and computational efficiency, allowing organizations to determine which textual elements have the greatest influence on classification results.
Conversely, despite its computational simplicity, Naïve Bayes relies on oversimplifying probabilistic assumptions that frequently fall short of capturing the intricate linguistic structures present in human mood expression. Although it performs well at baseline and yields conclusions that are easy to understand, logistic regression may have trouble with non-linear data distributions. KNN and Decision Trees are less appropriate for extensive text analysis due to their different scalability and variance problems. These drawbacks support SVM's acceptability as the best option for striking a compromise between cost-effectiveness, simplicity, and performance[25].



4.2 Computational Efficiency and Resource Considerations
Limited computational capacity is one of the main limitations for the customer organization. SVM's training procedure is computationally possible on modest hardware configurations while still achieving competitive prediction performance, in contrast to neural networks or ensemble-based models like Random Forests. SVM is useful for medium-sized customer review datasets since it scales linearly with the number of samples when implemented with a linear kernel and optimized with the right regularization parameters[27].

Furthermore, SVM eliminates the requirement for substantial hardware resources due to its effective utilization of sparse matrix representations (as produced by TF–IDF) and comparatively small memory footprint. This feature is ideal for the company's objective of implementing a traditional machine learning workflow that can be periodically maintained and retrained without requiring a significant investment in infrastructure[28].

For implementation, robust, well-documented SVM libraries that facilitate model training, hyperparameter adjustment, and performance visualization are offered by open-source tools like Scikit-learn, Weka, or RapidMiner. The business may operationalize the model with little extra expense thanks to these platforms' smooth integration with current analytics infrastructures.

4.3 Evaluation and Metrics Justification
Assessing performance is a crucial part of confirming the suggested workflow. As previously mentioned, accuracy by itself can be deceptive, especially in cases where sentiment classes are unbalanced. Therefore, to get a more detailed picture of model performance, a mix of precision, recall, and F1-score should be used[29].

Because it reflects both false positives and false negatives and harmonically balances precision and memory, the F1-score is especially helpful. By describing categorization errors across sentiment categories, a confusion matrix improves interpretability even more. Refining marketing strategy and consumer interaction activities for commercial applications requires knowing whether the model tends to misclassify positive feelings as neutral or vice versa.
Furthermore, the model's discriminative capacity is evaluated quantitatively and visually using the Area Under the Curve (AUC) metrics and the Receiver Operating Characteristic (ROC) curve. The capacity to discriminate across sentiment groups is strongly indicated by a higher AUC (around 1.0). The business may keep an open and fact-based grasp of the model's efficacy and dependability by regularly assessing it using these indicators[30].

4.4 Interpretability and Business Relevance
In marketing situations, where decision-makers need a clear explanation for analytical results, model interpretability is crucial in addition to quantitative performance. The weight coefficients of the linear SVM can be analysed to determine which words or phrases have the most impact on the classification of positive or negative emotion. This feature provides qualitative insights into consumer perspectives in addition to enhancing system trust[31].

For example, the frequent use of adjectives like "delayed," "poor," or "unhelpful" in negative sentiment classifications may direct specific enhancements in customer service or logistics. On the other hand, advertising campaigns can benefit from the identification of positive emotion drivers like "value," "quality," or "recommend." As a result, the model accomplishes two goals: it automates classification and offers interpretable intelligence to assist in strategic business decisions.

4.5 Limitations and Future Enhancements
Although SVM offers a practical and efficient solution, it should be noted that it has several limitations. Feature engineering plays a major role in the model's performance, especially the caliber of TF-IDF representations and preprocessing procedures. While uneven or poorly cleaned text can reduce accuracy, domain-specific language can need stop word lists or custom tokenization[32].

Furthermore, once trained, SVM models remain static; they do not automatically adjust to new sentiment trends or language patterns. To keep the model relevant, the organization should plan for recurring retraining using recent review data. Long-term, hybrid models that use semi-supervised learning techniques or lexicon-based sentiment characteristics may improve resilience even further without appreciably raising computing costs[33].

Nonetheless, given the company’s stated requirement to avoid deep learning due to cost and complexity, the current approach remains optimal within the constraints[34].


4.6 Final Recommendation
The marketing company should use a Support Vector Machine (SVM) classifier with a linear kernel and TF-IDF feature extraction as the basis for its sentiment analysis methodology, according to the data evaluated. This method satisfies the commercial and technical goals of the organization by offering a fair trade-off between interpretability, classification accuracy, and computing efficiency[35].
The recommended workflow, as described in Section 3, should be implemented using the following configuration:
Algorithm: Support Vector Machine (Linear Kernel)
Feature Representation: TF–IDF with uni-grams and bi-grams
Preprocessing: Tokenisation, stopword removal, lemmatisation, and negation handling
Evaluation Metrics: Precision, Recall, F1-score, and AUC
Tools: Scikit-learn or Weka for model training and evaluation

This workflow will enable the company to build a scalable and maintainable sentiment analysis system capable of extracting actionable insights from customer reviews with minimal computational resources.

In summary, the SVM-based workflow aligns with the organisation’s needs by offering high accuracy, operational simplicity, and business interpretability. Implementing this approach will provide the company with a robust foundation for understanding customer sentiment, improving marketing strategies, and enhancing overall customer engagement.
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Appendix
Sentiment Analysis Workflow
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Evaluation Metrics Comparison Chart
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Evaluation Metrics Comparison Table

Why SVM Often Comes Out on Top

Handles sparse data well: Shopper reviews converted to TF-IDF or word embeddings are often sparse — SVM thrives in this space.
Generalizes effectively: Especially with linear kernels, SVM avoids overfitting even with noisy or imbalanced data.
Scalable for binary classification: Perfect for tasks like “positive vs negative” sentiment.


	ALGORITHM
	ACCURACY
	PRECISION
	RECALL
	F1-SCORE
	NOTES

	SVM
	89- 92%
	90%
	88%
	89%
	Excellent for high-dimensional text data; robust to overfitting


	LR
	85-88%
	86%
	84%
	85%
	Fast and interpretable; good baseline for linear problems


	NB
	82-88%
	83%
	80%
	81%
	|Simple and fast; assumes feature independence

	RF
	86-89%
	87%
	85%
	86%
	Handles non-linear patterns slower with large text datasets


	KNN
	78-83%
	80%
	77%
	78%
	Sensitive to feature scaling; less effective with sparse text vectors 

	LTSM
	90-93%
	91%
	89%
	90%
	Best for large datasets, requires more compute and tuning
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