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[bookmark: _Toc212076000]Abstract 
The fast growth of online platforms has caused a huge rise in user-created content, with customer reviews strongly shaping how people see products and guiding business decisions. Sentiment analysis, which sorts text into groups such as positive, negative, or neutral, has become an important tool for marketing teams to better understand customer behaviour and improve services. But many companies, especially newer ones, struggle to use advanced artificial intelligence because they lack money and computer power.
This report gives a full review of traditional machine learning models for sentiment analysis, focusing on methods that balance accuracy, ease of understanding, and efficiency. By looking at past studies and testing algorithms such as Naïve Bayes, Support Vector Machines, Logistic Regression, and Decision Trees, the report identifies the best model for a marketing company with limited resources. The suggested process includes data cleaning, feature extraction with techniques like TF-IDF, and careful testing using accuracy and F1-score.
Based on the results, the report suggests a practical solution that can grow with the company and keep costs low, while still giving strong predictions. This guidance helps the company set up a reliable sentiment analysis system without needing to use deep learning.
[bookmark: _Toc212076001]1. Introduction 
Today, the amount of online user-created content has grown massively, and customer reviews make up a big part of this. These reviews strongly influence how people see products and affect what they choose to buy. Sentiment analysis, also called opinion mining, is the process of using computers to find and group opinions in text as positive, negative, or neutral [1]. In marketing and customer experience work, sentiment analysis is now a key tool that helps businesses track customer satisfaction, protect brand reputation, and improve services [2].
Big companies often use advanced deep learning for sentiment analysis, but smaller or newer businesses struggle because these methods are expensive and need powerful computers [3], [4]. Deep learning also requires large labelled datasets, which smaller firms may not have. Because of this, there is a strong need for machine learning (ML) methods that are less demanding but still accurate. Traditional ML algorithms are still very useful here, as they are easier to run, simpler to explain, and cheaper to apply [5].
This report focuses only on traditional ML methods for sentiment analysis, leaving out deep learning, as requested by the company. Algorithms such as Naïve Bayes, Support Vector Machines (SVM), Logistic Regression, and Decision Trees have been shown to work well in text classification [6]. When combined with feature engineering tools like TF-IDF and n-grams, these models can reach strong accuracy while keeping costs and resource use low [7], [18].
The aims of this report are to:
· Review past studies on traditional ML methods for sentiment analysis and explain how they are used in marketing.
· Compare traditional ML algorithms, showing their strengths, weaknesses, and fit for text-based sentiment work.
· Suggest a workflow, including data cleaning, feature design, training, and testing, suited for a small marketing company.
· Recommend the best ML model and workflow that balances efficiency, scalability, and accuracy.
The rest of this report is structured as follows: Section 2 reviews past studies and ML methods used in sentiment analysis. Section 3 explains the workflow, covering data cleaning, feature building, and testing. Section 4 discusses findings and gives the final model recommendation. Section 5 ends with key points and advice for the company.
By looking closely at research and comparing approaches, this report aims to provide clear, evidence-based advice that will help the company use sentiment analysis effectively while staying within budget and resource limits.
[bookmark: _Toc212076002]2. Related Work in the Literature 
[bookmark: _Toc212076003]2.1 Overview of Sentiment Analysis Approaches
Sentiment analysis is now one of the most common uses of natural language processing (NLP). It helps organisations find useful insights in text data, including product reviews, social media posts, and survey answers. Two main types of approaches are normally used: lexicon-based methods and machine learning (ML)-based methods [8].
Lexicon-based methods use pre-built dictionaries of words, each linked with a sentiment value such as positive, negative, or neutral. For example, words like excellent are marked as positive, while words like terrible are marked as negative. These methods are simple and easy to apply, but their success depends on the quality of the dictionary [9]. They often fail with sarcasm, informal language, and phrases like “not bad,” which can make them less accurate [9].
ML-based approaches, on the other hand, train algorithms using labelled datasets, which allows the model to learn patterns directly from the data. This makes them better at handling context and adapting to specific domains. Research shows that ML approaches often perform better than lexicon-based ones, especially when dealing with large datasets [10]. For companies with fewer resources, traditional ML algorithms offer a good balance between accuracy and efficiency, making them more practical than lexicon-only methods.

[bookmark: _Toc212076004]2.2 Traditional Machine Learning Algorithms for Sentiment Analysis
Different traditional ML algorithms have been used for sentiment classification. The choice usually depends on the size of the dataset, available resources, and the need to balance accuracy with computational cost.
Naïve Bayes (NB):
NB is one of the most widely used methods for text-based sentiment analysis because it is simple, scalable, and requires very little computing power [5]. It is based on Bayes’ theorem and assumes that features are independent of each other. Although this assumption is rarely true in natural language, NB still works well in practice. It has been found to perform strongly on short texts such as tweets or quick product reviews [11]. However, NB is less effective on longer texts where context is more complex.
Support Vector Machines (SVM):
SVMs are considered one of the most accurate ML methods for sentiment analysis. They work especially well with high-dimensional data, like text, where thousands of words or phrases can be used as features [7]. SVMs perform even better when combined with feature extraction tools such as TF-IDF. Studies consistently show that SVM achieves higher F1-scores and stronger performance than other classifiers across different domains [12]. The main drawback is that training SVMs can take longer and require more resources, although they are still lighter than deep learning methods.
Logistic Regression (LR):
LR is often used as a baseline for sentiment analysis because it is efficient and easy to understand [13]. Unlike NB, it does not assume independence between features, which allows it to capture more detailed relationships. Research shows that LR can achieve competitive accuracy when paired with strong feature engineering, making it a good option for smaller firms that lack high-end computing resources [14].
Decision Trees and Random Forests:
Decision Trees make classifications by splitting data into smaller groups based on certain rules. They are very easy to interpret but tend to overfit when used with high-dimensional text data [15]. Random Forests, which are ensembles of many Decision Trees, solve this problem by combining their outputs to improve accuracy and generalisation [16]. While Random Forests often perform well, they require more computing power than NB or LR, which makes them less ideal for small companies.
k-Nearest Neighbours (k-NN):
k-NN assigns a class to a document by comparing it with the most similar examples in the training set. While simple, it does not scale well with large datasets and can be slow to process [17]. It also struggles in high-dimensional data, like text, where there are thousands of features. Because of these issues, k-NN is not commonly used for large-scale sentiment analysis tasks.

[bookmark: _Toc212076005]2.3 Feature Engineering Methods
The success of ML models in sentiment analysis relies heavily on feature engineering. Common techniques include Bag-of-Words (BoW), Term Frequency–Inverse Document Frequency (TF-IDF), and n-grams [18].
BoW represents text as a count of how often each word appears, while TF-IDF adjusts these counts by reducing the weight of common words and highlighting unique ones. N-grams extend these methods by considering sequences of words, which helps capture some context — for example, bigrams like not good can express a negative sentiment.
To make models more efficient, dimensionality reduction techniques such as Principal Component Analysis (PCA) or Chi-square tests are often applied. These reduce the number of features by removing less useful or redundant ones [7]. This helps lower computing costs, reduce overfitting, and make models easier to interpret. Studies show that careful feature selection improves both speed and accuracy of ML models in sentiment analysis [14].

[bookmark: _Toc212076006]2.4 Evaluation Metrics in Prior Research
To measure the performance of sentiment analysis models, researchers commonly use metrics such as accuracy, precision, recall, and F1-score [20].
Accuracy measures overall correctness, but it can give misleading results if the dataset is unbalanced (for example, if most reviews are positive). Precision and recall give more detail, showing how well a model identifies positive or negative reviews. The F1-score, which combines precision and recall, is often seen as the most reliable measure in sentiment analysis, especially when dealing with unbalanced datasets [15], [20].

[bookmark: _Toc212076007]2.5 Comparative Performance of Traditional Models
Studies comparing traditional ML models show that their performance depends on the dataset and preprocessing methods. For example, one study comparing NB, SVM, and LR on Amazon product reviews found that SVM achieved the highest F1-score, while NB was the fastest and most scalable [7], [11]. Another study on Twitter data showed that LR performed almost as well as SVM but required less time to train, making it more practical for real-time applications [13]. Random Forests showed good accuracy on many datasets but were more resource-heavy [16].
Overall, SVM and LR are usually the top-performing algorithms in sentiment analysis, particularly when combined with TF-IDF or n-grams. NB remains attractive for resource-limited companies because of its speed and efficiency. Random Forests give strong performance but are harder to run on low-resource systems. These findings highlight the need to balance accuracy with efficiency, especially for smaller companies with limited computing resources.

	Model
	Strengths
	Weaknesses
	Typical Use-Cases

	Naïve Bayes
	Simple, fast, works well with small datasets
	Assumes independence, less effective with correlated features
	Text classification, spam filtering

	SVM
	High accuracy, effective in high-dimensional spaces
	Computationally expensive, sensitive to parameter tuning
	Sentiment analysis, document classification

	Logistic Regression
	Interpretable, works well with linearly separable data
	Limited performance on complex relationships
	Binary/multiclass classification with clear boundaries

	Random Forest
	Handles non-linear data, robust, good accuracy
	Computationally intensive, risk of overfitting
	Complex classification, ensemble tasks

	k-NN
	Simple, no training time, effective for small datasets
	Slow with large datasets, sensitive to irrelevant features
	Pattern recognition, recommendation systems


Table 1: Comparative Performance of Traditional Machine Learning Models for Sentiment Analysis


[bookmark: _Toc212076008]3. Workflow Methodology 

Designing a good sentiment analysis system for a marketing company with limited resources requires a clear, step-by-step workflow. This ensures the system is accurate, affordable, and efficient. The process can be divided into five key steps: data collection and preprocessing, feature extraction, model selection and training, evaluation, and resource considerations. Each step is based on proven methods from research and adapted for companies that do not have access to advanced infrastructure.
	Step
	Task
	Purpose

	1. Data Cleaning
	Remove noise, duplicates, missing values
	Ensure dataset quality

	2. Preprocessing
	Tokenization, stop-word removal, normalization
	Prepare text for analysis

	3. Feature Extraction
	Convert text into numerical vectors (BoW, TF-IDF, embeddings)
	Represent text data in a machine-readable form

	4. Model Training
	Train ML models (Naïve Bayes, SVM, etc.)
	Build predictive models for sentiment classification

	5. Evaluation
	Measure performance with metrics (Accuracy, Precision, Recall, F1-score)
	Assess model effectiveness and select the best one


Table 2: Workflow Methodology for Sentiment Analysis Model Development


[bookmark: _Toc212076009]3.1 Step 1: Data Collection and Preprocessing

The first step in any sentiment analysis task is gathering a dataset that reflects the type of opinions the company wants to study. For this project, reviews can be collected from e-commerce sites, company feedback forms, or online review platforms. Publicly available datasets such as IMDB movie reviews or Amazon product reviews are also widely used as benchmarks [1].

Once data is collected, it must go through preprocessing to change raw text into a format suitable for machine learning. Preprocessing usually involves:
Lowercasing: Converting all words to lowercase so that “Good” and “good” are treated the same.
Stopword removal: Removing very common words such as “the,” “is,” and “at,” which add noise but do not affect the meaning of sentiment [2].
Stemming and lemmatization: Reducing words to their root form. For example, “loved,” “loving,” and “loves” are grouped as “love” [3].
Noise removal: Deleting punctuation, numbers, and unnecessary symbols.
These steps are essential because they reduce the size of the dataset, make the analysis more efficient, and improve accuracy. Studies show that proper preprocessing improves performance, especially for small companies with fewer resources [4].

[bookmark: _Toc212076010]3.2 Step 2: Feature Extraction
After preprocessing, the text must be converted into numbers that machine learning models can understand. Two common and effective methods are Term Frequency–Inverse Document Frequency (TF-IDF) and n-grams.
TF-IDF: This method assigns weights to words based on how often they appear in a document compared to how often they appear in all documents. Words that appear everywhere are given less weight, while rare but important words are given more weight [18].
N-grams: These represent sequences of words. For example, “not good” has a very different meaning from the single words “not” or “good.” Using unigrams (one word) and bigrams (two words) is especially useful in sentiment analysis [6].
Research shows that combining TF-IDF with unigrams and bigrams often works better than the simpler Bag-of-Words (BoW) approach [18]. For a company with limited resources, TF-IDF provides a good balance between accuracy and efficiency.

To further improve results, feature selection and dimensionality reduction can be used. The Chi-square test can rank features based on their link to sentiment classes, while Principal Component Analysis (PCA) can reduce redundant features [7]. Removing unnecessary features lowers costs and makes models easier to interpret [14].

[bookmark: _Toc212076011]3.3 Step 3: Model Selection and Training
This project focuses only on traditional ML models, not deep learning, since deep learning requires more resources. The most suitable traditional models are:
Naïve Bayes (NB): Fast, scalable, and effective for short reviews. It needs very little memory [5].
Support Vector Machines (SVM): Performs well in high-dimensional data, especially when combined with TF-IDF [7], [12].
Logistic Regression (LR): Easy to interpret and reliable as a baseline classifier [13].
Random Forests (RF): Good at capturing complex relationships and reducing overfitting, but heavier in computation [16].
To train these models, the dataset should be split into training and testing sets. Cross-validation, such as k-fold validation, helps test models on multiple parts of the data to reduce the risk of overfitting [19].

[bookmark: _Toc212076012]3.4 Step 4: Evaluation
Evaluating models properly is key to finding the best option. Several metrics should be used together:
Accuracy: Measures overall correctness but can mislead if one sentiment class is much larger than others.

Precision and Recall: Precision shows how many predicted positives are correct, while recall shows how many actual positives were found.
F1-score: Combines precision and recall into one measure, useful when classes are imbalanced.
Confusion Matrix: Shows details of true positives, false positives, true negatives, and false negatives [20].
Studies suggest placing more importance on the F1-score, since customer review datasets often have far more positive than negative reviews [15], [20]. Using several metrics together ensures models are not only accurate but also fair and reliable.

[bookmark: _Toc212076013]3.5 Step 5: Resource Considerations
Since the company has limited resources, choosing models that are efficient and affordable is essential. NB and LR are very suitable because they are fast, require little memory, and still perform well [5], [13]. SVMs require more power but can still be applied to medium-sized datasets if dimensionality reduction is used. RFs, while strong, may be too heavy for low-resource systems [16].
In practice, the company could adopt a two-tier strategy:
Use NB or LR as the main models for fast, scalable classification.
Use SVM for situations where higher accuracy is required on more complex datasets.
This hybrid approach ensures the company can get both efficiency and accuracy, depending on its needs.

Figure 1: Workflow of the sentiment analysis model recommendation process.


[bookmark: _Toc212076014]Summary of Workflow
The workflow described here provides a systematic plan for sentiment analysis in a resource-limited setting. Preprocessing ensures data is cleaned and consistent. Feature extraction using TF-IDF and n-grams provides meaningful input. Feature selection reduces complexity. Traditional ML models, particularly NB, SVM, and LR, form the basis of classification, while evaluation with multiple metrics ensures fairness and robustness. Finally, resource considerations guarantee the system is both practical and scalable.
[bookmark: _Toc212076015]4. Discussion and Recommendations 
This section reviews traditional machine learning (ML) models used in sentiment analysis and provides a recommendation for a company with limited resources. The discussion focuses on four models: Naïve Bayes (NB), Support Vector Machines (SVM), Logistic Regression (LR), and Random Forests (RF). Each model’s benefits and weaknesses are considered, followed by a practical recommendation.

[bookmark: _Toc212076016]4.1 Comparison of Models
Naïve Bayes (NB):
NB is one of the most common models in sentiment analysis because it is simple, scalable, and efficient [5]. It can handle very large datasets with little memory or time needed. This makes it ideal for real-time analysis such as customer feedback monitoring. However, it assumes that words in text are independent, which is not usually true in natural language [9]. This limits its ability to capture complex meanings. Still, NB performs surprisingly well for short texts like tweets or product reviews, where the independence assumption causes fewer problems [11].
             
            [image: ]
Figure 2: Comparison of sentiment analysis models (Naïve Bayes, SVM, Logistic Regression, Random Forest) across Accuracy, Precision, Recall, and F1-score.

Support Vector Machines (SVM):
SVM is widely recognised for being one of the most accurate and reliable traditional ML algorithms. It works well with high-dimensional data such as text, where thousands of features may exist. Using TF-IDF, SVM can capture patterns effectively and usually achieves higher F1-scores than NB or LR [7], [12]. The main drawback is that SVM requires more training time and computing power than NB or LR. However, it is still far less demanding than deep learning and is practical for medium-sized review datasets.
Logistic Regression (LR):
LR is frequently used as a baseline model because it is efficient, easy to interpret, and does not assume independence between features [13]. Its coefficients can show how different words influence predictions, which helps with model transparency. LR often performs close to SVM but with faster training and simpler computation. However, when datasets are more complex, SVM usually performs better [14].
Random Forests (RF):
RF is an ensemble of multiple Decision Trees that together improve robustness and reduce overfitting [15]. It often performs better than NB or LR in accuracy, especially with more complex datasets [16]. However, the model is computationally heavy, needs more memory, and is less transparent than LR. Training is slower, which can make it unsuitable for small businesses with limited infrastructure.

[bookmark: _Toc212076017]4.2 Critical Evaluation
Selecting the best model requires balancing accuracy, efficiency, and resources. Studies highlight these trade-offs:
· On IMDB reviews, SVM scored an F1-score of 0.89, compared to 0.84 for NB and 0.86 for LR. RF matched SVM but took nearly twice the training time [7], [11], [16].
· On Twitter data, NB was the fastest, predicting in milliseconds, but its accuracy was lower than SVM and LR [11], [13].
· In e-commerce studies, SVM consistently provided the most reliable results, especially when paired with TF-IDF or n-gram features [2], [12].
These comparisons suggest that SVM is the best overall model, offering strong accuracy and robustness. NB, however, is unmatched in speed and scalability. LR strikes a balance but does not provide enough improvement over NB to justify it as the main choice. RF, while accurate, is resource-heavy and not practical for smaller companies.
Metrics also play an important role. Accuracy alone can mislead if one sentiment class dominates the data. The F1-score, which combines precision and recall, is more reliable. Studies show that SVM consistently gives the highest F1-score across different datasets [20].
[bookmark: _Toc212076018]4.2.1 Bias, Fairness, and Explainability in Sentiment Analysis
Even when machine learning models work well, they can still have problems with bias and fairness. Many sentiment datasets include more data from some groups of people than others, which can cause the model to make unfair mistakes [9], [10]. For example, sarcasm or local ways of speaking are often read wrongly, which may affect some users more than others. The choice of features, such as which words are given more weight, can also create bias if not checked carefully [18].
Another issue is explainability. Some models, like Naïve Bayes and Logistic Regression, are easier to explain because they show which words or features influence the result [13]. This helps managers understand why a review is marked as positive or negative. Other models, such as Random Forests and Support Vector Machines, are harder to explain and can look like a “black box” [16]. For a business, models that can be explained are useful because they build trust and make it easier to justify decisions.
To make sentiment analysis fair, companies need to make sure their models work equally well for different groups of customers. This means using balanced datasets, fair feature selection, and methods that allow people to understand the model’s decisions [7], [20].
[bookmark: _Toc212076019]4.2.2 Why Sentiment Models Fail in Some Contexts
Although traditional machine learning models can perform well on standard datasets, they often struggle when used in real-world situations. One common issue is sarcasm and irony. A sentence like “Yeah, that movie was just amazing…” might look positive because of the word “amazing”, but the real meaning is negative. Models such as Naïve Bayes and Logistic Regression rely heavily on word frequency, so they cannot easily detect sarcasm [9], [10].
Another weakness is domain transfer. A model trained on product reviews, for example, might not work well when applied to social media comments or healthcare feedback. This is because the vocabulary, style, and even sentiment expressions change across domains [18]. Words that are positive in one context can be neutral or negative in another. For example, the word “sick” may indicate illness in a medical dataset but can mean something “cool” or positive in social media slang.
These failures show that even with strong accuracy scores in testing, models may not generalise well outside the data they were trained on. To reduce this risk, companies should use training data from multiple domains, apply feature selection carefully, and re-train models regularly to keep them up to date with changing language use [7], [20].
[bookmark: _Toc212076020]4.2.3 Ethical and Regulatory Considerations
When using sentiment analysis in business, ethical and regulatory issues must also be considered. Customer reviews and social media posts often contain personal data, meaning companies must comply with data protection laws such as the General Data Protection Regulation (GDPR) in the UK and EU. These rules require that personal data is collected and processed fairly, securely, and only for clear purposes [3].
Bias in AI is another key concern. If training datasets are unbalanced, models may produce unfair results that disadvantage certain groups of people [9], [10]. For example, cultural expressions, slang, or dialects might be misclassified, leading to inaccurate or discriminatory outcomes. To address this, firms should use diverse datasets, test models for bias, and apply fairness-aware feature engineering techniques [7].
Finally, transparency and accountability are important. Businesses need to be able to explain how sentiment predictions are made, especially when these results affect marketing strategies or customer decision-making. Choosing interpretable models, such as Logistic Regression, or adding explainability tools to complex models can help organisations build trust and meet ethical standards [13], [16].


[bookmark: _Toc212076021]4.3 Recommendation
The most suitable option for the company is Support Vector Machines (SVM) with TF-IDF features as the primary model. Research confirms SVM’s strong accuracy, robustness, and ability to handle high-dimensional text [7], [12]. It is particularly effective in customer review analysis, where data is often sparse.
However, due to resource limits, the company should also use Naïve Bayes (NB) as a secondary model. NB can provide fast results when the company needs quick or low-cost analysis, such as real-time monitoring of short reviews. While it sacrifices some accuracy, NB is easy to scale and reliable with small datasets [5], [11].
A hybrid strategy is therefore recommended:
· Use SVM for batch processing and deeper analysis of customer feedback.
· Use NB for real-time, lightweight analysis.
This two-tier approach ensures flexibility, letting the company switch between efficiency and accuracy depending on the situation.

[bookmark: _Toc212076022]Summary of Recommendations
· Primary Model: Support Vector Machines (SVM) with TF-IDF features, offering high accuracy and strong performance across datasets.
· Backup Model: Naïve Bayes (NB), for rapid and scalable analysis when resources are tight.
· Workflow: Apply preprocessing, TF-IDF feature extraction, and evaluate with multiple metrics (accuracy, precision, recall, F1-score).
· Strategy: Use a hybrid setup where SVM is the main model, supported by NB for quick or low-cost tasks.
This recommendation gives the company a practical, affordable, and scalable sentiment analysis system. By using both models, the organisation can adapt to different business needs, improve decision-making, and track customer opinions effectively. Importantly, it avoids the high costs of deep learning while still ensuring reliable results.
[bookmark: _Toc212076023]5. Conclusion 
This report reviewed traditional machine learning (ML) methods for sentiment analysis and designed a workflow suitable for a small marketing company with limited resources. While lexicon-based methods are simple, they often fail when dealing with sarcasm, slang, or domain-specific language. In contrast, ML models learn directly from data and give more reliable results.
Among the traditional models, Naïve Bayes (NB) is very fast, scalable, and requires little computing power, making it practical for companies that need low-cost solutions. Support Vector Machines (SVM) provide higher accuracy and strong F1-scores, which makes them useful for more complex datasets. Logistic Regression (LR) is easy to interpret and provides competitive performance but is often slightly weaker than SVM. Random Forests (RF) can give strong accuracy but require more memory and processing time, which is not ideal for smaller firms.
The recommended workflow includes data cleaning, feature extraction with TF-IDF and n-grams, feature selection with methods like Chi-square, and evaluation with multiple metrics such as accuracy, precision, recall, and F1-score.
By following this workflow, SMEs can set up a practical and affordable sentiment analysis system. Using SVM as the main model and NB as a backup provides flexibility: SVM ensures high accuracy when needed, and NB allows fast, low-cost predictions for real-time tasks. This hybrid approach helps SMEs make better decisions, improve customer engagement, and respond quickly to market changes. Importantly, it provides a scalable system that can grow as the business grows, keeping the company competitive in a fast-changing digital market.
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