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Abstract 
This report recommends a detailed alternative to a more traditional machine learning (ML) model that would be employed to sentiment analyse reviews on shoppers in a marketing firm setting, which is resource-constrained. This is in order to achieve an efficient and understandable workflow at the minimum cost of computation and acceptable performance at classification. The literature presents that the traditional ML algorithms, namely the Support Vector Machine (SVM), Naive Bayes, and the Logistic Regression are perform powerfully in the text-based sentiment classification problems. In this method, critical comparison is employed in determining the most effective solution; in this regard, Linear SVM and Term Frequency-Inverse Document Frequency (TF-IDF) feature extraction are determined as the most useful solution. The proposed workflow will contain the systematised steps related to pre-processing, data feature engineering, training, validation, and evaluation of the model in terms of the accuracy, F1-score, and ROC-AUC evaluation measures. The model provides low-priced scales and a viable sentiment analysis system to provide data-based marketing intelligence and operational efficacy and adaptability of small and medium enterprises.
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1. [bookmark: _Toc212071724]Introduction
1.1. [bookmark: _Toc212071725]Background of Sentiment Analysis 
Sentiment analysis, also known as opinion mining, is a machine learning method that is used to categorise textual information to identify emotional content, which includes positive, negative, and neutral sentiments. It is an important tool in marketing to gain insights about the perception of customers, as well as enhance the engagement strategy. Interpretations of shopper reviews can enable the business to draw information on consumer satisfaction, product preferences, and brand names. Naive Bayes and Support Vector Machine are classic examples of machine learning (ML) techniques that can still be used in small and medium enterprises (SME) since they have low computing needs as well as interpretability and functional performance in the context of moderately sized datasets [13].
1.2. [bookmark: _Toc212071726]Problem Context
The marketing company that is being discussed is a young business that is interested in affordable and scalable sentiment analysis software, able to process the reviews made by the shoppers effectively. The company has small needs in the computational capabilities, and therefore it requires a light model which is accurate and also cost-effective. The older ML methods can better make use of such an environment since they do not require a large amount of hardware and can be used to obtain dependable results based on structured features. Deep learning (DL) models, on the contrary, are more powerful but also require large datasets, larger processing capacity, and more training time. Consequently, deep learning-based methods are not included in this recommendation to guarantee the simplicity of the methods and efficiency of the operations [3].
1.3. [bookmark: _Toc212071727]Aim and Objectives
Aim:
To provide a recommendation on an efficient, conventional machine learning algorithm and workflow to be used to implement sentiment analysis on shopper reviews, in a resource-limited marketing company environment.
Objectives:
1. To be in a position to critically identify literature on traditional ML models that analyse sentiments.
2. To compare the algorithm performance and feature extraction methods.
3. To recommend the optimisation of a workflow and evaluation framework for implementation.

1.4. [bookmark: _Toc212071728]Structure of the Report

The report starts with an introduction providing the context and the goals, then moves to the literature review, touching upon the previous work and algorithmic methods. The section of the methodology describes the suggested ML workflow. Thereafter, it is followed by discussion, recommendations, and conclusions with supporting academic evidence on the topic, references, and appendices, which are included to ensure transparency and completeness.

2. [bookmark: _Toc212071729]Literature Review and Related Work

2.1. [bookmark: _Toc212071730]Overview of Sentiment Analysis in Research

Sentiment analysis has become an important part of natural language processing (NLP) as it allows for automatically recognising the opinions and feelings in the textual data [1]. It finds a wide usage in areas like product marketing, politics, as well as customer relationship management. Some applications that have been researched by scholars as text-based applications are as follows: social media analytics and consumer review mining to gain insights into the user attitudes [10]. IMDB, Amazon reviews, and Yelp reviews are the prevalent benchmark databases used in the evaluation of sentiment classification performance, as it is diverse and a large-scale text samples [7]. The conventional ML algorithms, such as Naive Bayes and Logistic Regression, have been shown to produce competitive accuracy on these datasets to be used in conjunction with proper preprocessing and feature engineering. The predictability and relevance of such models have rendered them desirable to real-world business settings where clarity of decision and computer performance rank highly [15]. As a result, sentiment analysis studies still focus more on efficiency and understandability than on algorithmic complexity.
2.2. [bookmark: _Toc212071731]Traditional Machine Learning Algorithms Used 

Several conventional ML algorithms have already been studied in the research of sentiment analysis. Naive Bayes classifiers are known to be quite simple probabilistically and give high-baseline instantiations in text classification problems [9]. The Support Vector Machines (SVMs) provide strong generalisation by finding the best hyperplanes to classify data, and they are usually better than other models when dealing with texts with high dimensionality [16]. A linear classifier, Logistic Regression, is commonly used in binary sentiment prediction because it is also interpretable and scalable. Although not as effective on sparse text models, Decision Trees and Random Forests offer understandable rules of decision and ensemble accuracy benefits [5]. The k-Nearest Neighbour (KNN) algorithm is not only a simple algorithm, but it is also computationally expensive during the prediction time. Compared studies done recently have indicated that SVM and Naive Bayes are always more accurate and lower in training cost thus which is favourable in low resource environments [2]. The combined findings confirm the appropriateness of classical models in sentiment analysis when there are constrained conditions of computational abilities.
2.3. [bookmark: _Toc212071732]Feature Extraction and Preprocessing Approaches 

Text preprocessing and feature extraction are indispensable to efficient sentiment analysis because they are required to convert raw text into numbers that can be understood with the help of the ML algorithms. Methods like tokenisation, removing stop-words, stemming, and lemmatisation increase the quality of data and give better models [8]. Text representation using features such as the Bag-of-Words (BoW) model and Term Frequency -inverse Document Frequency (TF-IDF) weighting is very common in text representation. BoW and TF-IDF differ by the frequency pattern from which BoW derives, whereas contextual meaning is disregarded, whereas the discriminative terms of the context are given a higher rate of accuracy in classification [14]. Local context is included in the n-gram model, which requires a high-dimensional cost. Researchers have claimed that the decision between them lies with computational resources and data sets since a more advanced representation would need more processing power [13]. In the case of SMEs that have limited resources, TF-IDF and simple tokenisation provide a relative trade-off between computational and model efficiency, with a viable computational load and high predictive reliability.
2.4. [bookmark: _Toc212071733]Evaluation Metrics in Literature

Measurement indicators are important towards measuring the effectiveness of sentiment classification models. The simplest metric is accurate, and it denotes the percentage of the correctly predicted instances, but it can be misleading when using skewed data [15]. Precision and recall are more detailed, and the first one determines the correctness of positive predictions, and the latter is the capacity to capture all the significant cases [3]. The F1-score, the harmonic mean of the precision and the recall, strikes a balance between the two and provides a more explicit view of the performance [10]. Confusion matrices also contribute to the interpretability by displaying the results of classification in the form of categories. Other metrics applied in advanced research to evaluate the power of model discrimination include ROC-AUC. The choice of suitable metrics would make a fair comparison between algorithms and datasets. As a result, sentiment analysis research is always written to incorporate a variety of measures to give a factual report on the sustainability of the model, especially when proposing algorithms to be used in a real-world context in the field of marketing and consumer reviews [9].
2.5. [bookmark: _Toc212071734]Summary of Key Insights 

It is consistently shown in the literature that the conventional ML algorithms, especially Naive Bayes and Support Vector Machines, can secure high performance at sentiment classification at a low value of computational costs [13]. The research has also noted the contributions of TF-IDF and n-gram features in enhancing efficiency when it comes to text representation [14]. The benefits of Logistic Regression and Random Forests are that they have better interpretability, but might need extra preprocessing to achieve the best performance [5]. Deep learning models are more marginal than simple models in low-resource settings, due to their simplicity and scalability [4]. One limitation that occurs frequently in the literature is the use of language-specific data in studies and which can limit generalisation. Moreover, there has been little literature on adaptive feature selection in light of the constraints of SMEs. These loopholes indicate that there is a necessity for a harmonised workflow, which incorporates effective preprocessing, lightweight algorithms, and transparent evaluation steps. Hence, the results justify the use of conventional ML algorithms, especially the SVM or Naive Bayes, to be applied in feasible and resource-sensitive sentiment analysis processes that can be used in marketing businesses [15].
3. [bookmark: _Toc212071735]Workflow Methodology

3.1. [bookmark: _Toc212071736]Overview of Proposed Workflow
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Figure 1: Overview of Proposed Workflow
(Source: Self-created in draw.io)
The workflow of sentiment analysis, as suggested, is based on a composed machine learning (ML) pipeline that involves data acquisition, data preprocessing, feature extraction, model selection, model training, validation, and evaluation. This order helps to make sure that text data is converted effectively to make numbers out of it and employ classification. All the stages are aimed at maximising performance with minimum computational requirements, which makes it appropriate when small enterprises are involved. The model is meant to find the sentiment polarity in the reviews of the shopping done by the customers, employing a few but effective steps. Ultimately, a balance between accuracy of performance and its computational feasibility will be reached by managing data and performing evaluations in accordance with lightweight ML methods [12].

	Step
	Description
	Example Tools
	Output
	Purpose

	Data Acquisition
	Collect shopper reviews
	APIs, CSV files
	Raw text
	Source input

	Preprocessing
	Clean and normalise text
	NLTK, Regex
	Tokenised text
	Remove noise

	Feature Extraction
	Convert text to vectors
	TF-IDF, BoW
	Feature matrix
	Represent text numerically

	Model Selection & Training
	Apply a traditional ML model
	SVM, Naïve Bayes
	Trained model
	Classify sentiment

	Validation & Evaluation
	Assess model accuracy
	Cross-validation
	Metrics report
	Evaluate performance



Figure 1. Proposed Sentiment Analysis Workflow





3.2. [bookmark: _Toc212071737]Data Preparation

The data will be grounded in the reviews of the shoppers of such websites as Amazon or Yelp, which represent the actual customer reviews. The process of data cleaning is normalisation of all the texts to lower-case and removal of punctuations, stop-word filtering and tokenisation of the text so that there is stable input of textual data [7]. In lemmatisation and stemming, morphological variability is reduced, and this enhances accuracy in classification. This low-resource consumption text processing process is achieved through effective use of tokenises and a dictionary-based filter, which reduces the resource consumed but does not lose any context [6]. This pre-processing will ensure that the dataset is best organised regarding its vectorisation and its classification, and provides a clean and appropriate platform to extract features and train models during the subsequent stages [14].

3.3. [bookmark: _Toc212071738]Feature Engineering

[image: ]
Figure 2: Feature Extraction Process (TF-IDF Illustration)
(Source: [16])
With feature extraction, a structured form of numerical data can be generated out of textual information. The reason behind the selection of the method of Term Frequency inverse Document Frequency (TF-IDF) is the middle position that it offers between computational speed and context. The unique words have the highest scores assigned by TF-IDF, which improves the classification between the classes of sentiment and reduces the occurrence of neutral words [11]. Investigators found out that TF-IDF is more powerful than basic Bag-of-Words (BoW) models in medium-resource specification systems in sentiment classifications [14]. BoW is highly uncomplicated and normally does not consider semantic meaning and contextual frequency variations. Conversely, TF-IDF has a higher degree of interpretability, and it is light on computation, thus it ought to be applied to small marketing data. The model is applicable in having the unigram and bigram representations that provide the word patterns associated with either positive or negative sentiment. Consequently, the text representation process in the provided workflow becomes successful due to TF-IDF vectorisation, where the use of traditional ML models enables them to be highly accurate without necessarily consuming excessive amounts of memory as well as processing capabilities [15].

3.4. [bookmark: _Toc212071739]Model Selection and Training

The Linear Support Vector Machine (SVM) is the recommended algorithm that can be used in this sentiment classification workflow based on the comparative literature. The SVM is capable of giving strong generalisation to sparse and high-dimensional text data with a small amount of computation time [16]. It has been demonstrated that Linear SVMs are more accurate compared to Logistic Regression or Decision Trees on TF-IDF feature space because they provide optimal margin separation [15]. In addition, the linear nature of the kernel used in the SVM makes its training time and tuning low and sufficient to meet the limitations of small businesses. The model is therefore a great trade-off between explainability, interpretability, and predictive ability when using it in sentiment analysis [13].







3.5. [bookmark: _Toc212071740]Model Evaluation and Validation
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Figure 3: Performance Evaluation Model
(Source: [17])
The evaluation phase will entail the testing of the model on a train-test split of 80:20 to determine the generalisation performance of the model. Moreover, cross-validation (k-fold, i.e., k=5, on average) is performed to reduce the effects of sampling bias and stability testing across different data folds [8]. The metrics used to evaluate the performance are accuracy, precision, recall, and F1-score to compare the performance in relation to a balanced view [10]. The ROC-AUC measure also estimates the discriminative power between good and bad sentiment classes [6]. Confusion matrices are used to visualise the errors in classification to make them interpretable. This thorough test process ensures the suggested model has a high reliability level, as well as reproducibility across datasets, thus providing the model with an acceptable level of suitability in low-resource sentiment classification settings [15].

3.6. [bookmark: _Toc212071741]Resource Considerations

The suggested workflow focuses on low hardware requirements and simplicity of the algorithms used, and it is cost-effective for small and medium enterprises. The SVM and Naive Bayes traditional ML algorithms have fewer iterations and less use of the GPU compared to the deep learning counterparts [3]. The Python libraries (Open-source), including Scikit-learn and NLTK, have ready-made, optimised implementations that minimise the development overhead even more [14]. Furthermore, with no deep layers of neural networks, it can be trained easily on typical CPUs and can be deployed on entry-level systems. Such a structure guarantees scaling and low costs whereby the marketing firm can conduct sentiment analysis effectively whilst retaining both interpretability and model transparency [11].

4. [bookmark: _Toc212071742]Discussion and Recommendations
4.1. [bookmark: _Toc212071743]Comparative Discussion of Algorithms

A comparison between Naive Bayes, SVM and Logistic Regression reveals that there are unique performance and complexity trade-offs. Naive Bayes has computational simplicity and poorly correlated features [12]. Logistic Regression is easy to interpret and is prone to perform poorly in high-dimensional text spaces. On the other hand, the SVM is always associated with better classification accuracy and generalisation, especially when used together with the TF-IDF representations [15]. Random Forests achieve the same levels of accuracy, but due to their ensemble nature, they raise the cost of training. Thus, SVM provides the optimal trade-offs between performance and computational efficiency, which renders it much more appropriate in sentiment classification tasks in small or resource-limited marketing organisations [4].
4.2. [bookmark: _Toc212071744]Final Recommendation 

According to the empirical results and comparative performance studies, the best model to be used by the marketing company in its sentiment analysis application will be the Linear Support Vector Machine (SVM). SVMs are better placed to analyse sparse and high-dimensional data, which is a characteristic of textual data obtained through shopper reviews [15]. It has been found that Linear SVM models with TF-IDF features have accuracy rates of more than 85 percent on testing datasets like IMDB and Amazon Reviews with low computational costs [13]. In comparison to deep learning models, SVMs do not need much data or much parameter optimisation, which makes them less time-consuming and less energy-intensive to train [17]. The generalisation capability has made the model useful in terms of the consistency in the sentiment prediction accuracy, even with moderate training data. As a result, the Linear SVM is the most efficient and pragmatic option, as it meets the two-fold need of the company, namely, low resource utilisation and dependable performance of the analytical tool on diverse datasets of consumer reviews [14].
4.3. [bookmark: _Toc212071745]Implementation and Evaluation Strategy

The implementation would entail the use of Python-based tools like Scikit-learn to train the model and Pandas to process data. The grid search optimisation can be used to find the optimal regularisation parameter (C) for the SVM by parameter tuning [7]. Synthetic Minority Oversampling Technique (SMOTE) can be used to handle the issue of class imbalance, thus having a balanced distribution of training [3]. The consistency of performance with time will be achieved through constant model reviewing with the help of new shopper reviews. Automated retraining lines may be programmed periodically to update data inputs. This plan makes it possible to guarantee the flexibility, stability, and sustainability of the model in changing online marketing conditions [13].
4.4. [bookmark: _Toc212071746]Ethical and Practical Considerations

To render sentiment analysis ethical, customer data privacy needs to be safeguarded, and the data protection laws, such as GDPR laws [10], are to be observed. There is also a need to reduce bias because the training data may have language biases, which will corrupt the user sentiment. Balanced data and frequent audits minimise biases about discrimination in automated predictions [17]. In addition, decision-making that is transparent through algorithms enhances trust in the stakeholders. Facts on the ground ought to incorporate anonymity in terms of the storage of user information as well as the preprocessing of text inputs. Responsible AI extends beyond just making sure that the findings of sentiment analysis reflect an ethical perspective of consumers to also include the diversity of consumer views [14].
4.5. [bookmark: _Toc212071747]Summary of Benefits
The offered solution offers a cheap yet high-precision sentiment analysis system that would meet the requirements of small marketing firms. TF-IDF using Linear SVM Mariea gives the benefit of computational efficiency as well as interpretability and scaling [15]. This mixture improves the capability to attain subtle consumer views without using the deep-learning models that require a lot of resources. The simplicity of the workflow allows for deploying the workflow quickly and integrating it with the existing marketing analytics systems. Finally, the solution equips the decision-maker with practical insights based on the shopper feedback, enhancing the strategic planning, customer contact and general favour of the marketing on the competitive digital marketplaces [13].



5. [bookmark: _Toc212071748]Conclusion

This piece indicated a traditional implementation path of the machine learning refined to money-strained marketing organisations. The workflow is a product of the data preprocessing, which is further split into feature extraction based on the TF-IDF and the Linear SVM classifier, thereby rendering it highly interpretable and cost-effective. SVMs, as it was demonstrated in literature, are more efficient in text classification than other similar models, such as Naive Bayes and Logistic Regression and SVMs do not impose that much computational load. The offered methods of estimation that involve cross-validation and standard measurements will ensure the consistency of models. The proposed framework enables one to conduct an appropriate sentiment detection by using open-source and lightweight tools that can be easily applied to SMEs. Future studies can entail the expansion of the research to multilingual data or bilingual models to apply the sentiment correction guided by the rules to complement the situational insights in customer analytics.
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