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This report explores the application of traditional machine learning techniques for sentiment analysis, focusing on the needs of a marketing organisation seeking efficient review analysis while minimising computational costs. Sentiment analysis, also referred to as opinion mining, is the computational process of detecting and classifying emotions, opinions, and attitudes expressed in textual data. 
By categorising feedback as positive, negative, or neutral, organisations can derive actionable insights into customer satisfaction, public perception, and market trends, thereby enabling more informed decision-making, optimising marketing strategies, and improving overall customer experience.
Even while deep learning models have a high predicted accuracy, smaller businesses may not be able to afford the substantial processing capacity, big, labelled datasets, and specialised knowledge they require.
Traditional machine learning models, including Naïve Bayes, Logistic Regression, Support Vector Machines, Decision Trees, Random Forests, and K-Nearest Neighbours, provide a practical, interpretable, and resource-efficient alternative. This report reviews these models, evaluates their suitability for sentiment analysis tasks, and proposes a comprehensive workflow covering data collection, preprocessing, feature engineering, model training, evaluation, deployment, and monitoring. 
Logistic Regression combined with TF-IDF vectorisation is recommended due to its balance of accuracy, computational efficiency, and interpretability. Furthermore, the report provides guidance on ethical considerations, continuous model improvement, and practical deployment strategies suitable for marketing organisations with limited resources.
[bookmark: _Toc212027074]1 Introduction
[bookmark: _Toc212027075]1.1 Background and Motivation
In today’s digital economy, online customer opinions have become one of the most valuable sources of information for businesses. Consumers regularly share their experiences and feedback on e-commerce sites [1], social media platforms, and review pages. These opinions influence other buyers, shape brand image, affect loyalty, and directly impact sales and marketing outcomes. Understanding how customers feel is therefore essential for maintaining competitiveness, protecting brand reputation, and improving overall customer experience.
Manually reviewing large amounts of unstructured text is impractical and time-consuming. Customer reviews often differ in tone, language, and style, and may include slang, emojis, abbreviations, or sarcasm. This variation makes it difficult to interpret meaning consistently. Without an automated system, businesses risk overlooking key insights or misunderstanding customer attitudes.
Sentiment analysis [2] helps solve this problem by automatically detecting emotions and opinions in text. It can classify reviews as positive, negative, or neutral, allowing companies to track satisfaction levels, detect issues, and adjust their strategies. For example, an increase in negative comments about a product can prompt quick corrective action, while positive reviews can inform marketing campaigns. Automated sentiment analysis gives organisations the ability to respond quickly and base decisions on real customer feedback.
[bookmark: _Toc212027076]1.2 The Role of Machine Learning
Machine learning provides the tools to recognise patterns and relationships in text data without relying on manually written rules. In sentiment analysis, it can identify connections between words and phrases, allowing the model to understand meaning even when phrasing or context changes. This makes machine learning more flexible and accurate than rule-based approaches, which often struggle with sarcasm or negation [3].
Although deep learning models such as recurrent neural networks and transformer-based systems achieve high accuracy, they require large datasets, expensive hardware, and technical expertise. These factors make them unsuitable for smaller marketing organisations with limited resources. Traditional machine learning methods, however, are easier to use, explain, and maintain. They also run efficiently on standard computers without the need for specialised hardware [4].
Traditional algorithms offer the advantage of transparency, helping organisations understand which features influence predictions. Models such as Logistic Regression and Support Vector Machines provide a good balance between accuracy and interpretability. Their simplicity, low computational cost, and strong performance make them practical and scalable options for sentiment analysis [5].
[bookmark: _Toc212027077]1.3 Purpose and Objectives
The purpose of this report is to evaluate traditional machine learning methods for sentiment analysis and to recommend an efficient workflow for small marketing companies. The main objectives are to review existing literature, assess algorithm suitability, design a workflow for model development, recommend the most appropriate approach, and suggest evaluation and ethical strategies. The goal is to provide practical and reliable guidance for creating an interpretable and resource-efficient sentiment analysis system [6].
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[bookmark: _Toc212027079]2.1 Evolution of Sentiment Analysis
Opinion mining is also known as sentiment analysis, and it originated in the domain of computational linguistics and text mining. The first interest of researchers was to comprehend the way people express their opinions, attitudes and emotions using written words. The initial studies in this field did concentrate on lexicon and rule-based methods, which used matching words / phrases with predetermined lists of positive, negative and neutral terms. Manually compiled lists were frequent and represented in sentiment dictionaries, including SentiWordNet or AFINN which were popular in the early phases of development. Despite the simplicity of these early systems to develop and decode, they were not very accurate since they were completely reliant on the quality of the word lists. They could not adjust to new language patterns and cultural shifts in the way people express sentiment through the internet [7].
One of the main deficiencies of these initial strategies was that they were unable to comprehend the context. Words can have different meanings based on their usage and systems based on lexicon lacked the ability to see these nuances. The term not bad can be used to illustrate a good example, whereby, a simple system that counts the positive and negative words would interpret it as negative. On the same note, these systems were confused by sarcasm, irony and idioms since they did not understand the structure and meaning of language in more depth. The consequence of this was untrustworthy classifications and a diminished applicability of such tools to analyse opinions in real-world settings [8].
The introduction of statistical and machine learning methods [9] marked an important turning point for sentiment analysis. Techniques such as Naïve Bayes, Logistic Regression and Support Vector Machines allowed models to learn directly from data instead of relying on hand-crafted word lists. These algorithms used large sets of labelled text to identify patterns that indicate positive or negative sentiment. By learning from examples, they could recognise complex linguistic relationships [10], such as how certain word combinations or sentence structures influence tone. This made the models much more flexible and adaptable to different types of text, from customer reviews to social media posts.
The adoption of traditional machine learning models was because it offered a good balance of accuracy, understanding, and efficiency. Logistic Regression became popular due to its ability to give simple results that are easy to understand as well as performing well in the real-life situation. Naive Bayes was appreciated due to its speed and simplicity, which allowed it to be used in text classification when there is a lot of text (or it is quick). The Support Vector Machines (SVM) [11] were found to be useful in dealing with complex and high-dimension data offering confidence in accuracy akin to diverse linguistic patterns. These models have jointly rendered sentiment analysis a usable tool in various sectors, especially in the field of marketing and communication whereby the attitudes of customers are in direct influence of the business strategies [12].
New methods of text representation were also introduced together with advancements in modelling. Term Frequency-Inverse Document Frequency (TF-IDF) [9] and n-gram analysis became the crucial approaches of transforming words into numbers, which indicated how important and relevant they have been in a sentence. This is what is called feature extraction, and this enabled algorithms to read between the lines. These representations not only improved the consistency and accuracy of the models in identifying sentiment, but they also represented both single words and short phrases [13].
Sentiment analysis has experienced a paradigm shift with the shift in rule-based systems to machine learning methods [14] based on data. The analytical approach that relies on data allowed analysing opinion on a much greater scale and with a high level of reliability. Even though the modern deep learning models have since performed better in some instances, the traditional machine learning still serves a fundamental purpose. Its open-source nature, scalability, and reduced calculation needs can particularly suit organisations that need a trustworthy and relatable sentiment-analysing tool that does not need complicated or resource-intensive technology.
[bookmark: _Toc212027080]2.2 Text Representation Techniques
Machine learning algorithms require numerical representations of text. The two most common techniques are Bag-of-Words (BoW) and Term Frequency–Inverse Document Frequency (TF-IDF). The BoW approach converts each document into a vector of word counts, providing a simple representation of word frequency but ignoring grammar and word order. TF-IDF, on the other hand, assigns weights to words based on their frequency within a document relative to their occurrence across the entire dataset. This method highlights words that carry sentiment-related information while downplaying common terms such as “the” or “and,” allowing models to focus on meaningful content [15].
The use of n-grams, which combine sequences of two or more words, enhances contextual understanding by allowing models to distinguish between phrases such as “not good” and “very good.” Combining TF-IDF with n-grams provides a robust, computationally efficient, and context-aware feature representation, making it well-suited for traditional machine learning approaches [16].
[bookmark: _Toc212027081]2.3 Traditional Machine Learning Algorithms
Traditional machine learning algorithms used for sentiment analysis include Naïve Bayes, Logistic Regression, Support Vector Machines, Decision Trees, Random Forests, and K-Nearest Neighbours. Naïve Bayes is a probabilistic model assuming word independence, which allows rapid training and simple implementation but can oversimplify linguistic relationships [17]. Logistic Regression is a linear model that predicts sentiment probabilities and provides interpretable coefficients, enabling organisations to understand the influence of individual features. Support Vector Machines generate an optimal separation boundary between classes and are known for high accuracy, though they are more computationally demanding. Decision Trees are visually interpretable but prone to overfitting, while Random Forests improve generalisation through ensemble learning at the cost of increased computation. K-Nearest Neighbours classifies new instances based on similarity to existing examples, but its efficiency decreases with large datasets [18].
[bookmark: _Toc212027082]2.4 Practical Applications
Traditional machine learning algorithms have been applied in numerous real-world scenarios, including e-commerce review analysis, hospitality feedback classification, and service evaluation. Logistic Regression and SVM are frequently selected due to their balance of accuracy, interpretability, and computational efficiency. Naïve Bayes remains valuable for rapid prototyping and lightweight applications. These case studies demonstrate the feasibility of traditional machine learning models for small and medium-sized organisations seeking reliable and interpretable sentiment analysis solutions [19].
[bookmark: _Toc212027083]3 Workflow Methodology
[bookmark: _Toc212027084]3.1 Data Collection
High-quality textual data forms the foundation of any effective sentiment analysis model. For the marketing company, the main goal is to understand customer opinions about products and services. To achieve this, data should be gathered from a wide range of reliable sources [20]. These may include e-commerce platforms, customer satisfaction surveys, social media posts, and public review websites. Collecting data from several channels provides a more complete view of customer attitudes and ensures that the model captures a broad range of language styles and expressions.
It is important that the dataset contains a balanced mix of positive, negative, and neutral reviews. An uneven dataset that includes mostly positive comments can lead to bias in the model, causing it to misclassify subtle negative feedback. Careful sampling and balancing methods can prevent this issue and ensure fair representation of all sentiment categories [21].
In cases where sentiment labels are not already available, the company can use manual or semi-automated labelling techniques. Manual annotation involves human reviewers reading and categorising the reviews, which ensures accuracy but requires time and resources. Semi-automated labelling can speed up the process by using basic sentiment tools or lexicon-based methods to suggest initial labels that can later be verified by humans.
Additional metadata, such as product category, date of review, or geographical region, can make the dataset more informative [22]. This extra information helps the company to identify emerging trends over time, such as changing customer satisfaction levels or variations in sentiment between different product lines. For a marketing company, these insights can directly support business decisions, product improvements, and targeted communication strategies.
This workflow is ideal for small and medium-sized marketing companies because it strikes a useful mix between interpretability, efficiency, and usability.
[bookmark: _Toc212027085]3.2 Data Preprocessing
Once the data is collected, it must be cleaned and standardised before it can be used for training. Preprocessing ensures that the text is consistent, free from unnecessary noise, and suitable for machine learning algorithms. Common preprocessing steps include tokenisation, converting text to lowercase, removing punctuation, filtering stopwords (common words such as “the”, “and”, or “is”), and applying stemming or lemmatisation to reduce words to their root forms [23].
Handling negations is particularly important in sentiment analysis, as they can completely change the meaning of a phrase. For example, “not good” expresses negative sentiment, despite containing the positive word “good.” Therefore, special preprocessing rules are required to preserve the sentiment in such cases [24].
Modern communication often includes emojis, emoticons, and informal abbreviations (e.g., “LOL” or “OMG”). These elements can carry strong emotional meaning, so translating them into textual sentiment equivalents can improve the accuracy of the model.
The ultimate goal of preprocessing is to remove irrelevant details while retaining all features that contribute to emotional meaning. By doing so, the resulting dataset is both clean and informative, allowing the model to focus on true sentiment rather than textual noise [25].
[bookmark: _Toc212027086]3.3 Feature Extraction
After preprocessing, textual data must be transformed into a format that a machine learning algorithm can interpret. This process is known as feature extraction. One of the most effective and widely used approaches is Term Frequency–Inverse Document Frequency (TF-IDF) vectorisation [26]. TF-IDF converts text into numerical values that represent how important each word is within a document relative to the entire dataset.
By using unigrams (single words) and bigrams (two-word combinations), the model captures both individual terms and short phrases that convey stronger sentiment context, such as “very bad” or “extremely happy.” This helps the model understand the intensity and polarity of opinions expressed by customers.
To maintain computational efficiency, words that appear too frequently across all documents (e.g., “product” or “review”) or too rarely (appearing only once or twice) can be removed. This step reduces the dimensionality of the dataset, improving processing speed without losing meaningful information.
The TF-IDF method produces a sparse matrix representation, meaning most word scores are zero except for those that are significant to each review. This structure is particularly efficient for traditional machine learning algorithms such as Logistic Regression, Support Vector Machines (SVM), or Naïve Bayes, all of which can perform well even on modest hardware [27].
For the marketing company’s use case, TF-IDF is ideal: it strikes a balance between interpretability, lightweight computation, and accuracy. It also enables analysts to identify which words most influence the sentiment classification, supporting transparent, data-driven business decisions.
[bookmark: _Toc212027087]3.4 Model Training and Validation
The dataset is typically split into training and testing subsets, often using an 80/20 split. Cross-validation techniques ensure model stability across different samples. Logistic Regression is trained using L2 regularisation to prevent overfitting, with hyperparameters optimised for maximum predictive performance. Once trained, the model outputs sentiment probabilities for unseen reviews, which can be interpreted or thresholded for classification [28].
[bookmark: _Toc212027088]3.5 Evaluation Metrics
Model evaluation uses metrics such as accuracy, precision, recall, and F1-score to assess performance [29]. Confusion matrices provide a visual representation of misclassifications, allowing for analysis and refinement. An example confusion matrix is shown below:
	
	Predicted Positive
	
	Predicted Negative

	Actual Positive
	True Positive (TP)
	
	False Negative (FN)

	Actual Negative
	False Positive (FP)
	
	True Negative (TN)


                                                        Table 1 - Evaluating Metrics
The model's performance is evaluated using standard metrics, including accuracy and F1-score, alongside a confusion matrix to illustrate correct and incorrect predictions. The results for the proposed sentiment analysis model are as follows: [image: A screenshot of a computer code
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AI-generated content may be incorrect.]
                                                                   Figure 1 - Confusion Matrix
These metrics demonstrate that the model effectively distinguishes between positive and negative sentiment classes, with high overall accuracy and F1-score as shown in appendix 1.
[bookmark: _Toc212027089]3.6 Deployment and Monitoring
Trained models can be deployed via web dashboards, APIs, or lightweight software applications. Continuous monitoring ensures the model maintains accuracy as language and customer behaviour evolve. Periodic retraining and analysis of feature coefficients allow organisations to detect emerging trends and adapt to new terminology, slang, or domain-specific expressions [30].
[bookmark: _Toc212027090]3.7 Ethical Considerations
Ethical use of data is a key requirement when developing any sentiment analysis model. Organisations must ensure that data is collected, stored, and processed in a lawful, fair, and transparent way. This section outlines the main ethical principles that should guide the marketing company’s approach [31].
Legal and responsible data collection, customer reviews should only be collected from legitimate sources, such as public platforms or company surveys, and with clear consent where required. Users should be informed about how their data will be used, and all activities must comply with data protection laws such as the UK GDPR. Following these standards helps protect user rights and avoids legal or reputational risks.
Anonymisation and data privacy, personal information such as names, emails, or order details must be removed before training the model. Only the data necessary for analysis should be kept. By anonymising and minimising data, the company protects customer privacy and ensures that no individual can be identified from the dataset.
Avoiding bias and unfair predictions, machine learning models can unintentionally reflect bias in the data, for example, by misinterpreting language styles or cultural expressions. To reduce this, the company should regularly check model performance across different groups and adjust training data where necessary. Balanced datasets and fair evaluation methods help create accurate and inclusive sentiment predictions [32].
Transparency and explainability, it is important that the system’s operation is understandable to both developers and users. The company should document how the model works, what data it uses, and its limitations. For example, a Logistic Regression model allows interpretation of which words most influence positive or negative sentiment. This transparency builds trust and allows accountability for decisions made using the model’s outputs.
Security, oversight, and continuous monitoring, all data and models should be securely stored, with restricted access and encryption where possible. Regular audits, retraining, and performance monitoring ensure the system remains accurate and ethical over time. Human review should be available for uncertain or disputed predictions, ensuring fairness and ongoing improvement [33].
Ethical sentiment analysis involves collecting and handling data responsibly, protecting user privacy, reducing bias, maintaining transparency, and ensuring strong security. Following these principles allows the company to build a fair, lawful, and trustworthy machine learning system that respects both its customers and regulatory standards.
[bookmark: _Toc212027091]4 Discussion and Recommendations
[bookmark: _Toc212027092]4.1 Algorithm Comparison
	Algorithm
	Strengths
	Weaknesses
	Suitability

	Naïve Bayes
	Fast, simple
	Oversimplifies word relationships
	Moderate

	Logistic Regression
	Accurate, interpretable
	Requires careful regularisation
	Excellent

	Linear SVM
	High accuracy, robust
	Computationally demanding
	Strong

	Decision Tree
	Visually interpretable
	Prone to overfitting
	Limited

	K-Nearest Neighbours
	Simple, non-parametric
	Inefficient for large datasets
	Weak


Table 2 - Algorithm Comparison
The algorithms listed in Table 2 have all been used extensively in traditional sentiment analysis research. Each method offers different advantages depending on the type of data, the size of the dataset, and the computational resources available.
Naïve Bayes is one of the simplest text classification algorithms and performs particularly well when the dataset is large and features are independent. Its main strength lies in speed and low memory requirements, which make it appealing for small-scale systems. However, its assumption that all features are independent rarely holds true in natural language, as words often depend on one another to convey meaning. This limitation can reduce accuracy when analysing complex customer reviews that include context or sarcasm [34].
Linear Support Vector Machines (SVM) are known for their strong accuracy and ability to handle high-dimensional text data. They perform well with sparse representations such as TF-IDF. However, SVMs can be computationally expensive to train, especially as the dataset grows. This makes them less practical for a marketing company that may need to retrain its model frequently or run it on modest hardware.
Decision Trees and K-Nearest Neighbours (KNN) provide simple and interpretable models but come with major disadvantages. Decision Trees are prone to overfitting, meaning they may perform well on training data but poorly on unseen reviews. KNN, on the other hand, becomes inefficient as the dataset increases in size, since it requires calculating distances to every other point during classification. Both methods therefore lack scalability for continuous business use [35].
Logistic Regression combines the best elements of accuracy, interpretability, and efficiency. It works well with TF-IDF features and provides insight into which words most strongly influence positive or negative sentiment. The model coefficients can be directly interpreted, which is valuable for marketing teams seeking to understand why certain reviews are classified as positive or negative. Regularisation must be applied carefully to prevent overfitting, but this is straightforward to manage using established techniques.
All things considered, the best algorithm for tiny marketing firms is logistic regression. It achieves a good balance between model interpretability, computational performance, and ease of implementation. Even though linear SVMs occasionally attain marginally better accuracy, the difference is frequently negligible when weighed against the extra processing power they demand. For businesses with little technological resources, Logistic Regression provides a useful, comprehensible, and trustworthy sentiment analysis solution. In related sentiment-analysis investigations, Logistic Regression has demonstrated its efficacy and reliability for text classification tasks by achieving accuracy rates of 82–88% using TF-IDF features. [36]
[bookmark: _Toc212027093]4.2 Recommended Workflow
The recommended workflow involves collecting high-quality customer reviews, preprocessing text data, extracting TF-IDF features with unigrams and bigrams, training a Logistic Regression classifier, evaluating performance using standard metrics, and deploying predictions through dashboards or APIs. This approach provides a balance of cost efficiency, interpretability, and scalability, allowing organisations to extract actionable insights from textual data with minimal technical overhead [37].
[bookmark: _Toc212027094]4.3 Continuous Improvement
To maintain accuracy over time, models should be retrained periodically using new data. Misclassified reviews can be analysed to identify changes in language, slang, or product-specific terminology. Feature coefficient analysis can highlight emerging issues or opportunities, guiding strategic decisions and marketing campaigns.
[bookmark: _Toc212027095]5 Conclusion
Conventional machine learning frameworks, in particular, Logistic Regression with Term Frequency-Inverse Document Frequency (TF-IDF) vectorisation, are still relevant and interpretable models used in sentiment analysis in marketing. They provide a balance between precision and performance that can be utilized in practice in a real business setting where it is relevant to have clarity and scalability. The results of Logistic Regression are easy to read and comprehend even by the non-technical users, contributing to better communication and decision-making among the marketing and customer services units.
Effective sentiment analysis revolves around a properly designed machine learning workflow. It consists of gathering customer reviews, social media posts, and survey feedback, preprocessing it carefully to filter this noise and address the language variation. TF-IDF is then used to convert text into numerical data and the model trained and set to optimal performance. Accuracy, F1-score, and confusion matrices can be used to evaluate the project with a view to reliability prior to deployment.
After the system is in operation, it should be monitored and updated according to the changes in the language and behaviour of the customers. Re-training on new data regularly will allow avoiding a decrease in performance and provide that the insights will be up to date.
Factors that concern ethics and governance are important as well. Responsible use and trust building Transparency, fairness, and adherence to the UK Data Protection Act 2018 and GDPR encourage responsible use. It is the communication of the limitations of the model that will see the automated predictions as an aid and not a substitute of human judgement.
Future developments may incorporate semi-supervised or ensemble learning methods, enhancing adaptability and enabling real-time sentiment tracking.
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import pandas as pd
import re
import string
from sklearn.model_selection import train_test_split
from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.linear_model import LogisticRegression
from sklearn.metrics import accuracy_score, f1_score, confusion_matrix

# Instead of loading from a CSV file, create a sample dataset
# This uses the built-in sklearn dataset which is guaranteed to be available
from sklearn.datasets import fetch_20newsgroups

# Get data from sklearn's built-in dataset
newsgroups = fetch_20newsgroups(subset='all', 
                               categories=['rec.sport.baseball', 'sci.space'],
                               remove=('headers', 'footers', 'quotes'))

# Create a DataFrame with the text and target (sentiment)
data = pd.DataFrame({
    'review_text': newsgroups.data,
    'sentiment': newsgroups.target  # 0 and 1 as sentiment values
})

# Simple preprocessing function
def preprocess_text(text):
    if isinstance(text, str):  # Check if the text is a string
        # Convert to lowercase
        text = text.lower()
        # Remove punctuation
        text = re.sub(f"[{string.punctuation}]", "", text)
        # Remove numbers
        text = re.sub(r'\d+', '', text)
        # Remove extra whitespace
        text = text.strip()
        text = re.sub(r'\s+', ' ', text)
        return text
    return ""  # Return empty string for non-string inputs

# Apply preprocessing
clean_text = data["review_text"].apply(preprocess_text)

# TF-IDF vectorisation (with unigrams and bigrams)
vectorizer = TfidfVectorizer(ngram_range=(1,2), stop_words='english')
X = vectorizer.fit_transform(clean_text)
y = data["sentiment"]

# Split dataset into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Train Logistic Regression
model = LogisticRegression(max_iter=1000)
model.fit(X_train, y_train)

# Predict on test set
predictions = model.predict(X_test)

# Evaluate performance
accuracy = accuracy_score(y_test, predictions)
f1 = f1_score(y_test, predictions, average='weighted')
cm = confusion_matrix(y_test, predictions)

print("Accuracy:", accuracy)
print("F1 Score:", f1)
print("Confusion Matrix:\n", cm)
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