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Abstract
The social media has come to be one of the best platforms where consumers can offer opinions, experiences and rate products and services. The abundance of user-generated content has presented organisations with ideal opportunities of learning about consumer behaviour through sentiment analysis. However, the issue of identifying the most suitable sentiment classification algorithm is a significant concern since different machine learning and deep learning algorithms vary in accuracy in prediction, computing power, and context.
The paper will discuss consumer behaviour based on sentiment analysis of social media data to compare the conventional machine learning and deep learning approaches. The research will help to identify the most effective sentiment classification model and will provide some practical suggestions the organisations may follow to improve customer communication and decision-making.
The quantitative secondary research design was the Social Media Sentiments Analysis Dataset that is publicly available and can be found on Kaggle. The Python code of the experiment structure was written in Google Colab. Preprocessing (text cleaning, tokenisation, stop-word removal, lemmatisation, and feature engineering (TF-IDF and contextual embeddings)) were performed on the dataset. Six sentiment classification models including Naive Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM) and Bidirectional Encoder Representation from Transformers (BERT) were created and evaluated based on Accuracy, Precision, Recall, F1-score, Confusion Matrix and ROC-AUC.
The experiment result is that the BERT model performed the best with the accuracy of 80.95, the precision of 72.24, the recall of 80.95, and the F1-score equaling 76.26 and the weighted ROC-AUC of 0.9065. SVM showed the best performance in comparison to other traditional machine learning models and LSTM showed the lowest overall performance in spite of the selected conditions of the experiment. The findings also indicate that the positive sentiment was the most common in the dataset and there are overall positive consumer sentiments in the social media posts.
The overall study finding is that transformer-based deep learning models are more accurate in sentiment classification than the traditional machine learning models. The proposed comparative framework offers valuable information to organisations that seek to implement effective AI-based sentiment analysis systems to increase their knowledge of consumer behaviour and facilitate the use of evidence-based business decision-making.
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Table of Contents
CHAPTER 1: INTRODUCTION	8
1.1 Introduction	8
1.2 Background of the Study	8
1.3 Research Problem Statement	9
1.4 Research Aim	10
1.5 Research Objectives	11
1.6 Research Questions	11
1.7 Research Rationale and Justification	11
1.8 Scope of the Study	12
1.9 Significance of the Study	12
1.10 Structure of the Dissertation	12
1.11 Research Motivation	13
1.12 Research Contributions	14
CHAPTER 2: LITERATURE REVIEW	15
2.1 Introduction	15
2.2 Consumer Behaviour in the Digital and Social Media Era	16
2.3 Sentiment Analysis and Natural Language Processing (NLP)	17
2.4 Traditional Machine Learning Approaches for Sentiment Analysis	19
2.5 Deep Learning Approaches for Sentiment Analysis	21
2.6 Transformer-Based Models (BERT) and Recent Advances	23
2.7 Comparative Analysis of Machine Learning and Deep Learning Techniques	25
2.8 Datasets Used in Previous Sentiment Analysis Studies	26
2.9 Link Between Literature Review and Methodology	27
2.10 Research Gap and Chapter Summary	28
CHAPTER 3: METHODOLOGY	29
3.1 Introduction	29
3.2 Research Philosophy	29
3.3 Research Approach	30
3.4 Research Strategy	31
3.5 Research Design	32
3.6 Data Source and Dataset Description	32
3.7 Data Collection Method	33
3.8 Data Pre-processing	33
3.9 Feature Engineering and Text Representation	34
3.10 Model Development and Implementation	35
3.10.1 Naïve Bayes Model	35
3.10.2 Support Vector Machine (SVM)	36
3.10.3 Random Forest	36
3.10.4 XGBoost Classifier	36
3.10.5 Long Short-Term Memory (LSTM)	37
3.10.6 Bidirectional Encoder Representations from Transformers (BERT)	37
3.10.7 Mathematical Formulation of the Proposed Models	38
3.10.8 Justification of Algorithm Selection	40
3.11 Experimental Setup	40
3.12 Proposed Sentiment Analysis Framework	41
3.13 Performance Evaluation Metrics	43
3.14 Research Ethics	44
3.15 Reliability and Validity	44
3.16 Methodological Limitations	44
3.17 Chapter Summary	44
CHAPTER 4: RESULT	46
4.1 Introduction	46
4.2 Dataset Exploration and Initial Analysis	46
4.3 Data Pre-processing and Exploratory Analysis Results	47
4.4 Feature Engineering and Dataset Preparation Results	51
4.5 Machine Learning and Deep Learning Model Results	53
4.5.1 Naïve Bayes Results	53
4.5.2 Support Vector Machine (SVM) Results	55
4.5.3 Random Forest Results	56
4.5.4 XGBoost Results	58
4.5.5 Long Short-Term Memory (LSTM) Results	60
4.5.6 Bidirectional Encoder Representations from Transformers (BERT) Results	62
4.6 Comparative Performance Analysis	63
4.7 Consumer Behaviour Analysis Results	64
4.8 Chapter Summary	65
CHAPTER 5: ANALYSIS AND DISCUSSIONS	66
5.1 Introduction	66
5.2 Discussion of Research Objective 1: Consumer Sentiment Analysis Using Natural Language Processing	66
5.3 Discussion of Research Objective 2: Effectiveness of Text Pre-processing and Feature Engineering	67
5.4 Discussion of Research Objective 3: Comparative Performance of Machine Learning and Deep Learning Models	68
5.5 Discussion of Research Objective 4: Consumer Behaviour Insights from Social Media Sentiment	69
5.6 Discussion in Relation to Previous Studies	70
5.7 Practical Implications for Organisations and Digital Marketing	71
5.8 Chapter Summary	71
CHAPTER 6: CONCLUSION AND RECOMMENDATIONS	72
6.1 Introduction	72
6.2 Summary of the Research	72
6.3 Achievement of Research Aim and Objectives	72
6.4 Key Findings of the Study	73
6.5 Contributions of the Study	73
6.6 Limitations of the Study	74
6.7 Recommendations for Organisations	74
6.8 Recommendations for Future Research	74
6.9 Concluding Remarks	75
References	76




[bookmark: _Toc238657709]CHAPTER 1: INTRODUCTION
[bookmark: _Toc238657710]1.1 Introduction 
The fast development of social media has changed how consumers voice their opinion, share experiences and engage with brands. Millions of users’ posts, comment, review and discuss their content in text every day, forming a rich source of information in the study of consumer behaviour. It is not practical to analyse this unstructured information manually due to its size, variability and incessant expansion. Sentiment analysis has, therefore, become an efficient method of determining opinions and feelings on textual information through computational methods. 
[bookmark: _Toc238657711]1.2 Background of the Study 
The use of social media has grown to be one of the most powerful digital forms of communication, which fundamentally transforms the way consumers communicate with businesses and other users. Facebook, Instagram, X (previously twitter), Tik Tok, and YouTube allow people to post their opinions, product reviews, and share their experiences in real-time. This unceasing creation of user-generated content has created a massive amount of unstructured textual information that captures consumer attitudes, preferences, and purchasing intentions (Rodríguez-Ibánez et al., 2023). 
[image: Evolution of social media marketing research. | Download Scientific Diagram]
Figure 1.2.1: Evolution of Social Media Data as a Source of Consumer Behaviour Insights
(Source: researchgate.net, 2026)
Companies are becoming more aware of the fact that such online discussions can give them useful information about customer behaviour and market trends so that they can make better business decisions.
Conventional methods of customer opinion analysis such as surveys and interviews are usually costly, time-consuming and small-scale. Conversely, social media is a real-time source of genuine consumer comments within different geographical locations and demographics. The fast development of Artificial Intelligence (AI), Natural Language Processing (NLP) machine learning and deep learning has greatly enhanced the possibility of automatic processing and analyzing these large datasets (Xu, Chang and Jayne, 2022). Machine-learning based classifiers, like Naive Bayes, Support Vector machine, Random Forest, and XGBoost have shown good results in text classification, and deep learning-based models, including Long Short-Term Memory (LSTM) and Bidirectional Encoder Representations from Transformer (BERT) offer better contextual and semantic insight (Suhaimin et al., 2023). 
[bookmark: _Toc238657712]1.3 Research Problem Statement 
The mass use of social media has created a large amount of unstructured textual data with valuable information regarding consumer opinions, preferences, and purchasing behaviour like never before. Even though organisations are aware of the value of such data, it is still difficult to extract meaningful insights because of the complexity of natural language, such as slang, abbreviations, sarcasm, emojis, and contextual differences (Nip and Berthelier, 2024). 
[image: Challenges in sentiment analysis and emotion detection | Download  Scientific Diagram]
Figure 1.3.1: Challenges for Social Media Sentiment Analysis
(Source: researchgate.net, 2026)
The most common traditional sentiment analysis algorithms use features that have to be handcrafted and might fail to represent complex semantic relationships, whereas advanced deep learning models can be computationally expensive and need to be carefully deployed. Moreover, numerous past experiments have concentrated on the comparative performance of individual machine learning or deep learning models and limited the insights of their relative strengths and weaknesses when used on the same dataset. This missing thorough comparison leaves organisations perplexed by the need to have the most suitable sentiment classification method (Benrouba and Boudour, 2023). 
[bookmark: _Toc232006445][bookmark: _Toc238657713]1.4 Research Aim
This study intends to explore consumer behavior with social media sentiment data and the effectiveness of machine learning and deep learning models in sentiment classification.
[bookmark: _Toc232006446][bookmark: _Toc238657714]1.5 Research Objectives
· To investigate the consumer sentiment in social media posts by the application of Natural Language Processing (NLP) techniques.
· To clean and format the text information from social media to the required format to be classified as sentiment.
· To train Naïve Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM) and BERT sentiment classification models.
· To evaluate the performance quantitatively, such as Accuracy, Precision, Recall and F1-Score of the selected models.
· To identify the trends of consumers' behaviours based on the sentiment classification and engagement (likes, retweets) metrics.
[bookmark: _Toc232006447][bookmark: _Toc238657715]1.6 Research Questions
· What is some possible use-cases for Natural Language Processing (NLP) to analyse consumers' sentiment from posts on social media?
· How to achieve the improvement of the efficiency of sentiment classification models by preprocessing and transforming the social media textual data?
· The classification of the sentiment of tweets from social media is the ability of Naïve Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM), and BERT.
· Which machine learning and deep learning model (among the selected models) is the most accurate, the most precise, the most recalling and the most F1-scoring?
· What insights can be gained from sentiment categories, likes and retweets, platforms and geographical locations from social media data to better understand consumer behavior patterns and engagement trends?
[bookmark: _Toc238657716]1.7 Research Rationale and Justification 
The growing dependency on social media has provided unprecedented chances through which organisations can comprehend consumer behaviour by analysing online views and interactions. The number of individuals sharing product reviews, recommendations, complaints and purchasing experiences is in millions, which offers a valuable source of information to businesses. Despite the existence of many sentiment analysis methods, it is not yet clear which models, such as traditional machine learning models and more complex deep models, are more effective compared to each other when trained on the same data. The given research is justified by the fact that it can systematically compare six popular models, i.e., Naive Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM), and BERT, on the basis of a common experimental framework and metrics of evaluation (Peivandizadeh et al., 2024).
[bookmark: _Toc238657717]1.8 Scope of the Study 
This study works with sentimental analysis of social media content based on publicly available Social Media Sentiments Analysis Dataset stored on Kaggle. Its implementation is fully in Python with Natural Language Processing methods and six classification algorithms: Naïve Bayes, Support Vector machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM), and BERT. The researchers categorize the social media posts into sentimental groups and evaluate the model performance based on such evaluation metrics as Accuracy, Precision, Recall, F1-score, Confusion Matrix, and ROC-AUC where applicable (Bryan-Smith et al., 2023).
[bookmark: _Toc238657718]1.9 Significance of the Study 
The research has important contributions to academic literature and real-life applications of sentiment analysis. To researchers, it offers a comparative analysis of the traditional machine learning and deep learning models on a coherent experimental framework, which can be used in subsequent studies in the field of Natural Language Processing and consumer behaviour analysis. The findings can help businesses and marketers to decide on the relevant sentiment classification models to analyse customer views, track brand reputation, detect new trends in the market, and make better decisions (Saravanos and Kanavos, 2025). 
[bookmark: _Toc238657719]1.10 Structure of the Dissertation 
This dissertation is organised into six chapters. Chapter 1 provides the research background, problem statement, aim, objectives, research questions, rationale, scope, significance, and the overall structure of the study. Chapter 2 introduces the literature review, which critically analyses the past studies of consumer behaviour, sentiment analysis, Natural Language Processing, machine learning, deep learning, and transformer-based models. 

Figure 1.10.1: Research Structure
Chapter 3 describes the research methodology, such as research design, dataset, preprocessing, model development, implementation and evaluation methods. In chapter 4, the author gives the results of the experiment, which are carried out with the six models. Chapter 5 presents the findings in comparison with the existing literature and Chapter 6 summarizes the research, makes contributions, discusses limitations, and offers recommendations on future work.
[bookmark: _Toc238657720]1.11 Research Motivation
The recent advances in Artificial Intelligence (AI), Natural Language Processing (NLP), Machine Learning (ML), and Deep Learning (DL) enabled organisations to process vast volumes of textual information in a short amount of time and in an accurate manner. Sentiment analysis has emerged as one of the most effective ways of identifying positive, negative and neutral sentiments regarding textual data to allow companies to monitor customer attitudes, gauge brand reputation, improve products and services and make evidence-based decisions. 
The current study is inspired by the necessity to determine the most efficient method of sentiment analysis to analyse consumer behaviour based on social media information. The experiment will provide an overall picture of the strengths and weaknesses of the classical machine learning algorithms compared to the contemporary deep learning models under the identical experimental circumstances. 
[bookmark: _Toc238657721]1.12 Research Contributions
To begin with, the paper establishes a comparative framework that integrates six widely-used sentiment classification models, such as Naive Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-term Memory (LSTM), and Bidirectional Encoder Representations from Transformers (BERT), and is trained and tested under identical preprocessing conditions, training and testing data, and metrics. This enables a just and objective comparison of the traditional machine learning method and deep learning method.
Second, the study uses a complete Natural Language Processing (NLP) pipeline that includes text cleaning, tokenisation, stop-word removal, lemmatisation, TF-IDF feature, sequence generation, and contextual embedding to convert social media text into sentiment classification. The experiment shows the effect of various methods of feature representation on the performance of the model.
Third, the study measures the model performance based on various quantitative indicators, such as Accuracy, Precision, Recall, F1-score, Confusion Matrix, and ROC-AUC, which is a more complete evaluation of the classification performance in comparison with one quantitative measure.






[bookmark: _Toc238657722]
CHAPTER 2: LITERATURE REVIEW
[bookmark: _Toc238657723]2.1 Introduction
The fast development of social media platforms has altered how consumers aren’t afraid to voice their opinions, sharing experiences and interacting with the brands producing immense quantities of user-generated textual information that can offer a great deal of information about consumer behaviour. Sentiment analysis is becoming a reliable tool used by organisations to analyse these online views and derive useful data to underpin marketing plans, customer relationship management and business decisions. This has led to the increased importance of sentiment analysis, supported by Natural Language Processing (NLP), machine learning (ML), as well as deep learning (DL) systems, as a research area to understand customer attitudes and forecast customer behaviour.
To develop the theoretical and empirical framework of present research, literature must be analyzed in detail. It allows determining the existing knowledge, methodological advancement, and limitations of prior research and accentuates the regions that need further research. A literature review equally gives insight into the critical development of various sentiment analysis methods over the years, which began with the traditional machine learning algorithms, through the advanced deep learning and transformer-based models, and their contribution to consumer behaviour analysis.
The chapter critically reviews past research studies on several themes which are interlinked. It begins by discussing consumer behaviour on both digital and social media and proceeds to discuss sentiment analysis and Natural Language Processing. The review subsequently contrasts between traditional machine learning algorithms, deep learning algorithms and new transformer-based algorithms and compares their performance in sentiment classification. Lastly, the chapter helps determine the current research gap and how the current research helps fill it by offering a comparative analysis of six machine learning and deep learning models used to analyse the sentiment of social media to understand consumer behaviour better and therefore underpin the research aim and objectives of this dissertation.
[bookmark: _Toc238657724]2.2 Consumer Behaviour in the Digital and Social Media Era
Consumer behaviour describes the way consumers identify needs, find information, compare, buy and post purchase analysis. With the evolution of digital technologies and social media, these processes have been radically changed by the availability of information, peer-to-peer reviews, and interactive means of communication to the consumers at any given moment. Compared to the traditional marketing environment, where the consumers mostly relied on messages developed by companies, digital platforms offer users a chance to participate in content creation, discussing products, and evaluating the brand. 
[image: Customer Behavior as an Outcome of Social Media Marketing: The Role of Social  Media Marketing Activity and Customer Experience]
Figure 2.2.1: Customer Behavior as an Outcome of Social Media Marketing
(Source: mdpi.com, 2026)
Facebook, Instagram, X (previously Twitter), Tik Tok, and YouTube have altered greatly the way a consumer learns about a product, evaluates alternatives, and expresses their experience. AlShawabkeh et al. (2021) are of the opinion that social media is a major influencer of purchase intention since consumers have the tendency to trust the suggestions of other users more than conventional advertisements. Similarly, state that social media influencers and user-generated content are increasingly having a greater impact on consumer attitudes and in particular, younger consumers who tend to use digital platforms as the information source about products. 
One of the strongest trends in consumer behaviour in the digital age is the emergence of electronic word-of-mouth (eWOM) or consumer generated reviews, comments and ratings and recommendations posted online. Contrary to conventional word-of-mouth communication, eWOM has much broader reach and can be publicly accessible over long periods of time, allowing potential customers to assess products on the experience of many people. It shows that eWOM credibility has a strong impact on consumer trust and purchase intention, especially in the context of e-commerce where customers have no opportunity to touch or feel the products prior to making a purchase. On the same note, Rahardjo et al. (2024) noted that positive emotions on social media contribute to forming positive attitudes towards the brand and increasing the desire to purchase it, whereas negative ones can adversely affect the organisational image and reduce consumer trust. 
Besides influencing the purchasing behaviour, social media sites have a lot of behavioural information that can be exploited by organisations to understand the customer interaction. Examples of consumer interactions that can be measured and utilized to reflect interest in the audience and brand engagement include likes, sharing, comments, reposts, and the use of hashtags. According to Nair et al. (2023), sentiment analysis using social media analytics assists organisations to identify a pattern of behaviour beyond the traditional positive or negative perception, which illustrates how consumers interact with brands in different situations in the online space. Similarly, demonstrates that big data analytics, when paired with machine learning techniques can help organisations to convert large volumes of unstructured information on social media into useful business intelligence that can be leveraged to make customer segmentation, service enhancement, and marketing strategic decisions. 
Even though the current literature always recognises the increasing role of social media in consumer behaviour development, there are still significant shortcomings. Some of the studies are industry-specific, geographically or even social media-specific, which restricts the generalisability of findings. 
[bookmark: _Toc238657725]2.3 Sentiment Analysis and Natural Language Processing (NLP)
Sentiment analysis also referred to as opinion mining is an opinion mining technique of computing to find, identify, and classify opinions, emotions and attitudes expressed in texts. It enables organisations to determine positive, negative or neutral feelings in text and transform unstructured information into valuable information in making decisions. The rapid growth of social media has enhanced the relevance of sentiment analysis since consumers keep on providing opinions about products, services, and brands on digital platforms. According to Obiedat et al. (2022), sentiment analysis has outgrown the lexicon methods to new machine learning and deep learning models that can detect complex linguistic patterns.
Sentiment analysis has a technological basis in Natural Language Processing (NLP), enabling machines to process, analyze and comprehend human language. It is a combination of computer science, artificial intelligence, and linguistics to convert unstructured text into structured forms that are employed in computational analysis. NLP arcs up language modelling, syntactic analysis, semantics interpretation, and contextual interpretation. It also highlights how the increasing importance of user-generated content has necessitated NLP to be relevant to derive actionable information about large-scale digital data.
Text preprocessing is essential to perform effective sentiment analysis since uncoded social media data often have spelling mistakes and abbreviations, emojis, hyperlinks, hashtags, and unequal grammar, which lower the accuracy of the classification. Preprocessing enhances data quality by tokenisation, elimination of stop-words, stemming and lemmatisation. The tokenisation splits text into single words or tokens, stop-word removal removes common words that do not provide as much analytical value, stemming words down to the root form, and lemmatisation converts words into the form presented in the dictionary without semantically losing meaning. Preprocessing eliminates the data dimensionality and improves the model performance although Hartmann et al. (2023) note that the preprocessing options make a colossal difference on the performance of the model in any area of implementation.
Following the preprocessing phase, the textual data will have to be converted into numerical forms that can be used in machine learning and deep learning algorithms. Bag-of-Words (BoW) is a representation of documents in terms of word frequencies, but without regard to grammar rules and word order. Term Frequency-Inverse Document Frequency (TF-IDF) provides a better representation by assigning importance to words in terms of frequency and document-specificity. More recent methods, such as word embedding (Word2Vec, GloVe, FastText, and contextual transformer embeddings) techniques, have also determined the existence of semantic relationships because of characterizing words as sparse vectors. It concludes that the methods provide better contextual understanding and accuracy of classification.
One of the primary objectives of sentiment analysis is sentiment polarity classification whereby a text is categorized as either positive, negative or neutral. Even the more advanced systems can identify such emotions as happiness, anger, disappointment, and excitement. However, social media is hard to analyse as sarcasm, irony, slang, abbreviations, multilingual information, emojis, and new vocabulary change rapidly, and it is challenging to decipher them. Hartmann et al. (2023) record that the linguistic differences influence the performance of different models on different areas, but they claim that the contextual ambiguity remains a problem in sentiment classification despite the emergence of deep learning and transformer-based models. This is the reason, it is also important to select appropriate preprocessing strategies, feature representations and classification models which can provide not only increased accuracy of prediction but also help provide decent analysis of consumer behaviour.
[bookmark: _Toc238657726]2.4 Traditional Machine Learning Approaches for Sentiment Analysis
The use of conventional machine learning (ML) has played a central role in the development of sentiment analysis since it provides useful and reliable means of classifying textual data into a collection of pre-defined sentiment labels. Before the advancement of the deep learning and transformer-based models, the models employed in opinion mining were Naive Bayes (NB), Support Vector Machine (SVM), Random Forest (RF), and Extreme Gradient Boosting (XGBoost) because they have a relatively low level of computation needs, are simple to implement, and have high predictive accuracy on structured text representations. Despite the new methods that are more complex, conventional ML models can still have practical benefits in cases where computational capacity, training data, or the complexity of implementation are limited.
[image: ]
Figure 2.4.1: Classification Of Sentiment Analysis Approaches
(Source: researchgate.net, 2026)
One of such strategies that have been largely employed is Naive Bayes because of its simplicity and efficiency in computation. This algorithm is probabilistic classification which assumes conditional independence of features and can, therefore, be used to quickly classify sentiments even when large volumes of text are involved. Naive Bayes is particularly effective at high-dimensional text classification where thousands of features are generated usually by Bag-of-Words or TF-IDF. Repeated comparative studies indicate that Naive Bayes has competitive baseline performance or level with comparatively low computational power. However, its independence assumption of features limits its ability to learn semantic association and contextual dependencies in the multifaceted information of social media.
The ability to construct the most optimal decision boundaries in high dimensional feature spaces has made Support Vector Machine (SVM) one of the most successful classical machine learning algorithms in sentiment analysis. Unlike probabilistic classifiers, SVM optimises the margin between sentiment categories, by locating an optimal hyperplane, and thus generalises to large datasets of textual variables in a strong manner. The literature tends to claim that SVM is more accurate in classifying information than Naive Bayes when used alongside well-crafted textual features, i.e. TF-IDF. Additionally, SVM is highly resilient to overfitting and it is thus particularly suitable when dealing with training sets containing small training samples. The computational complexity however is more when handling such large datasets and thus less scalable yet predicts very well.
Ensemble learning techniques have also been used to enhance the traditional sentiment classification models. Random Forest builds many decision trees and then combines their predictions, enhancing the stability of classification and minimizing overfitting. The algorithm is good at capturing nonlinear relationships and complicated interactions of features that are frequent in consumer-generated textual data. Likewise, XGBoost builds on traditional boosting by successively fixing prediction errors, resulting in better general classification performance, and implements regularisation measures that minimise overfitting. It has been empirically proven that both Random Forest and XGBoost tend to be better than simpler classifiers in terms of accuracy, precision and recall, notably when subjecting a structured textual feature to analysis via TF-IDF representations. Nevertheless, both algorithms are very reliant on efficient preprocessing and feature engineering since they do not have the ability to learn semantic representations directly off unprocessed textual data.
The four classical machine learning algorithms are based on the same principle although they vary in their approach, they both demand many hand engineered features before they can be classified. Alantari et al. (2022) show that the choice of algorithms is not necessarily as important to classification performance as representation of the features is. Likewise, Hassan et al. (2024) assert that despite the traditional machine learning models being computationally efficient and comparatively interpretable, they are unable to understand contextual meaning in the increasing social media discussions that are more complex.
Classic machine learning continues to have significant practical value in the light of the study of consumer behaviour. The methods also enable organisations to understand customer preferences, evaluate brand perception, monitor customer satisfaction and make evidence-based marketing decisions depending on sentiment analysis of online communications as demonstrated by Ahmed et al. (2023) and Alsayat (2023). Nevertheless, their high dependence on hand-crafted representations and low capability to process the context have contributed to the transition to deep learning architectures, which are able to automatically learn semantic representations based on textual information. This has seen an increase in studies into deep learning remedies to these shortcomings and improve the sentiment classification performance of complex social media data.
[bookmark: _Toc238657727]2.5 Deep Learning Approaches for Sentiment Analysis
The swift increase in the amount of social media data has revealed some of the drawbacks of conventional machine learning methods, including their reliance on manual feature engineering and their inability to automatically identify the semantic connections between complex textual data. To address these difficulties, deep learning methods have gained more popularity in sentiment analysis as they automatically acquire hierarchical feature representations by directly learning on raw text. Unlike the conventional machine learning algorithms in which the feature extraction algorithm is a priori such as Bag-of-Words or TF-IDF, deep learning models learn linguistic patterns, contextual relationships and semantic dependencies with multiple layers of hidden neural networks. Deep learning has transformed the sentiment analysis method in that it enables models to extract complex textual features automatically and, in the process, no longer requires data to be preprocessed manually and predictive power is also increased.
Convolutional Neural Networks (CNNs) were one of the first deep learning-based sentiment analysis applications to demonstrate that the once-designed models to analyze computer-based images could be successfully applied in text classification. CNN models also exploit local textual features, such as keywords, phrases or short semantic units, to identify a sentiment polarity. This allows CNNs to identify significant linguistic characteristics irrespective of the precise location of the same in a sentence, thus they are especially useful to process short texts, which is prevalent in social media applications. According to research analyzed by Iqbal et al. (2022), CNN-based sentiment classifiers are better than most traditional machine learning algorithms since they learn discriminative textual features automatically rather than being based on handcrafted representations. However, CNNs mostly learn local contextual features and might be unable to learn long-range relationships over long textual chains, impairing their performance in cases where sentiment is conditional on longer contextual links.
Long Short-Term Memory (LSTM) networks were created to overcome the limitations of traditional recurrent neural networks, which do not have memory cells to store information over long text sequences. This architecture allows LSTM models to learn sequential dependencies and contextual relationships which are especially significant in sentiment analysis. In contrast to CNN models, which mainly pay attention to local textual characteristics, LSTM networks can consider the sequence of words in sentences and maintain the context across longer texts. Kaur and Sharma (2023) maintain that LSTM models have a better ability to interpret contextual meaning since they are good to depict semantic relations that affect sentiment classification. On the same note, Iqbal et al. (2022) indicate that LSTM can enhance classification accuracy largely in case of analysing informal online language, such as using abbreviations, conversational expressions, and the use of different sentence structures that often appear in the text posted by the user in the social media.
By noting that CNN and LSTM architectures have complementary advantages, scholars have progressively created hybrid CNN-LSTM models, to enhance the sentiment classification effectiveness. Hybrid networks are typically based on CNN layers to recognize local textual representations and then pass the representations through LSTM layers that learn sequence based contextual representations. This coordinated approach is a mixture of good feature extraction and contextual knowledge which enable a more detailed representation of textual information. There is evidence provided by Khan et al. (2022) that CNN-LSTM models are always more accurate in sentiment classification compared to a standalone CNN or LSTM architecture since they take advantage of the spatial and sequential nature of the textual information. Equally, Priyadarshini and Cotton (2021) show that hyperparameter optimisation enhances the performance of hybrid models, although bigger training costs and time are also major constraints in practice.
Recent trends have merely enhanced deep learning by introducing attention to the neural networks whereby more weight can be placed to the contextually relevant words and less weight to the irrelevant data. Parveen et al. (2023) suggest that attention-dependent architectures can be used to increase contextual understanding and sentiment prediction through a biased focus on the impactful textual elements. Moreover, deep learning models can automatically learn features, and do not require handcrafted textual representations. Das et al. (2025) claim that this ability improves the generalisation across datasets and fields of use. Although they have these strengths, deep learning requires many computational capabilities, larger and labelled datasets, longer training times, and special purpose hardware such as Graphics Processing Units (GPUs). Hassan et al. (2024) therefore find that though deep learning will always be better than traditional machine learning in sentiment classification, predictive accuracy must be weighed against cost of computation and implementation, scalability and interpretability of models by organisations in selecting the appropriate analytical techniques to analyse consumer behaviour. 
[bookmark: _Toc238657728]2.6 Transformer-Based Models (BERT) and Recent Advances
The use of transformer-based models has revolutionized the way sentiment analysis is realized, as it overcomes most of the limitations of the traditional deep learning architectures. Compared to Convolutional Neural Networks (CNNs), which tend to be sensitive to the local textual features, or Long Short-Term Memory (LSTMs), which tend to be sensitive to sequential dependencies, transformer models are sensitive to all-word relationships within a sentence. The capability enables models to acquire long-range contextual dependencies and sentiment classification accuracy increases significantly. Bidirectional Encoder Representations from Transformers (BERT) has become one of the most impactful works in Natural Language Processing (NLP) and has proven to be state-of-the-art on many text classification tasks, such as consumer sentiment analysis.
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Figure 2.6.1: BERT Model in NLP
(Source: geeksforgeeks.org, 2026)
As compared to recurrent neural networks, the transformer architecture is fundamentally different in the sense that it handles whole sequence of texts simultaneously, rather than analysing words in a sequence. This architecture has the self-attention mechanism at its core and enables the model to determine the relative significance of every word in a sentence when generating contextual representations. This engineering advancement has contributed immensely to the study of language since it allows one to model fine-tuning syntactic and semantic relations, unlike other historical techniques of deep learning.
The adoption of contextual embeddings using bidirectional learning is one of the most important innovations of BERT. In contrast to previous language models that handle a text in a single direction, BERT considers both the words that come before and the ones that come after when producing word representations. This bi-directional approach of methodology enables this model to discern the meaning of words in relation to their context thereby resolving ambiguities that have commonly been encountered in the natural language. As a result, BERT has proven to be remarkably effective at breaking down complex consumer opinions that are expressed in social media, especially those posts that have informal language, sarcasm, abbreviations or context-specific expressions. Das et al. (2025) show that compared to traditional deep learning architectures, fine-tuned BERT models are much more accurate at classifying sentiments, as they learn more contextual representations.
The other outstanding advantage of BERT is that it may be fine-tuned within a certain domain application. Labelled datasets can be used to adjust pre-trained language models to sentiment analysis tasks with relatively smaller trained models, and less development time can be used to achieve better predictive accuracy. Kaur and Sharma (2023) argue that transformer-based architectures are currently the architectural design of interest in complex sentiment analysis because they can capture subtle contextual information, which was hitherto not recorded by former architectures. Despite these advantages, these models require a lot of computational power (high-performance Graphics Processing Units (GPUs), large memory, and longer training times) than traditional machine learning and other older deep learning models, which renders them impractical to execute in organisations with limited computational resources. 
[bookmark: _Toc238657729]2.7 Comparative Analysis of Machine Learning and Deep Learning Techniques
The relative analysis of conventional machine learning (ML) and deep learning (DL) methods has gained more significance as organisations aim to find the most suitable methods of consumer sentiment analysis based on social media data. Although these two kinds of models have already been found to be effective in the sentiment classification, they are very different about predictive capability, computational cost, interpretability, scaling, data requirements, and implementation. This implies that not only will it be possible to achieve high classification accuracy, but also that when selecting an appropriate model, one will need to consider the resources available, the complexity of implementation, and organisational objectives.
In comparison with deep learning models, conventional machine learning models, including Naive Bayes, Support Vector Machine (SVM), Random Forest, and XGBoost tend to be less computationally expensive, faster to train, and simpler to interpret their model. These features make them very applicable in small to medium-scale datasets and organisations with scarce computational abilities. 
Deep learning models (i.e., LSTM and BERT) instead, acquire hierarchical representations of features automatically, and possess a larger contextual knowledge, resulting in higher classification accuracy of large and linguistically diverse data. Their ability to model semantic dependency and contextual relation is particularly handy to analyse the informal language, sarcasm, abbreviations and evolving online words. 
The literature still demonstrates that no algorithm is the best in all situations and that the model performance is dependent on the characteristics of the data, its size and the aim of the usage. Consequently, comparative assessment continues to play a vital role in consumer behaviour prediction as it helps the researcher to find the most appropriate model by balancing accuracy of prediction, computational efficiency, scalability, interpretability, and feasibility. These comparisons are valuable lessons to organisations that would desire to have evidence-based sentiment analysis solutions and, at the same time, justify the use of comparative framework in the current study.
[bookmark: _Toc238657730]2.8 Datasets Used in Previous Sentiment Analysis Studies
[bookmark: _Hlk236931102]The effectiveness of the sentiment analysis models depends very much on the quality, size and nature of datasets used to train and test the models. Previous scientists have tested machine learning and deep learning models using a wide range of publicly accessible datasets collected on social media websites, online review websites, and e-commerce applications. These data are usually labelled textual data that express positive, negative or neutral sentiments, and therefore, consumer opinions are classified with high accuracy via supervised learning techniques.
Twitter datasets are among the most significant sources of sentiment analysis because they contain live consumer sentiment about products, services, events and brands. However, Twitter data are typically not formal, include abbreviations, emojis, hashtags, and spellings, thus preprocessing is a significant step that is to be taken before the model is developed. Similarly, datasets of IMDb movie reviews and Amazon customer product reviews have been broadly used as they contain a significant number of human-marked customer reviews which can be used in binary, multi-class sentiment classification. Public datasets available on Kaggle have also become popular and are well-organized and accessible in a scholarly study.


	Study
	Dataset
	Source
	Approximate Size
	Application

	Previous Twitter-based studies
	Twitter Sentiment Dataset
	Twitter API
	Thousands of tweets
	Social media sentiment classification

	Previous review-based studies
	IMDb Movie Reviews
	Stanford/IMDb
	50,000 reviews
	Movie review sentiment analysis

	Previous e-commerce studies
	Amazon Product Reviews
	Amazon/Kaggle
	Hundreds of thousands of reviews
	Consumer product analysis

	Current Study
	Social Media Sentiments Analysis Dataset
	Kaggle
	732 social media posts
	Consumer behaviour prediction


The current study uses the Social Media Sentiments Analysis Dataset that is available on Kaggle since it has labelled social media posts along with other variables like platform, engagement metrics, hashtags, dates and locations. With the availability of sentiment labels, the training and evaluation of supervised machine learning and deep learning algorithms can be consistent. The dataset is not as large as an industrial scale dataset, yet it is publicly available, reproducible, well structured and it can be utilized in comparative experimental research. These characteristics make it suitable in the analysis of the performance of different models in sentiment classification under the identical conditions of the experiment.
[bookmark: _Toc238657731]2.9 Link Between Literature Review and Methodology
[bookmark: _Hlk236931112]This chapter has been reviewed in the literature by demonstrating that both conventional machine learning and current deep learning techniques have been effectively applied in the sentiment analysis to learn consumer behaviour. The importance of Natural Language Processing (NLP) techniques, including text cleaning, tokenisation, stop-word removal, lemmatisation, and feature extraction as an essential preprocessing stage to improve classification performance remain the focus of past research. Similarly, the encoding of attributes such as Term Frequency Inverse Document Frequency (TF-IDF) of conventional machine learning and contextual encodings of machine learning based on transformers have been widely applied to encode text information into numerical values that can be manipulated mathematically.
The literature overview also implies that such algorithms as Naive Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Memory (LSTM), and Bidirectional Encoder Representations by Transformers (BERT) are the most widely evaluated approaches to sentiment classification. However, the majority of the recent studies are restricted to either a single algorithm or two algorithms or use other datasets and evaluation tools, making it difficult to directly compare them. 
[bookmark: _Toc238657732]2.10 Research Gap and Chapter Summary
The review of the literature demonstrates that significant progress has been made in sentiment analysis to gain knowledge about consumer behaviour, and that they are founded on traditional machine learning as well as on newer deep learning systems. Past research has pointed out the strengths of single algorithms to enhance the accuracy of sentiment classification and to aid in business decision-making. However, a vast majority of the works are focused on specific algorithms, small data sets or specific spheres of their usage and therefore do not provide comparative results on the relative efficiency of different analytical procedures on repeated experimental regimes. As a result, it still requires a thorough analysis comparing several machine learning and deep learning models in a single framework with the help of a single environmental dataset and evaluation criterion: social media. To overcome these shortcomings, this study offers a comparative analysis of six sentiment classification algorithms, namely, Naive Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM), and BERT. This combined method seeks to determine the best method to predict consumer behaviour and strike a balance between predictive effectiveness and feasibility. 
[bookmark: _Toc238657733]
CHAPTER 3: METHODOLOGY
[bookmark: _Toc238657734]3.1 Introduction 
The following chapter introduces the research methodology that will be used to study consumer behaviour based on the sentiment analysis of social media data, using both machine learning and deep learning methods. It describes the research design in general; the research philosophy, approach, strategy, and data collection method used in the study. The chapter also explains the publicly accessible data set, which was retrieved through Kaggle, data preprocessing methods, and feature extraction methods which were used prior to model development. Six sentiment classification models, which are Naïve Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM), and Bidirectional Encoder Representations from Transformers (BERT) are applied and tested in Python. 
[bookmark: _Toc238657735]3.2 Research Philosophy 
[image: Research Philosophy - Research Methodology]
Figure 3.2.1: Research Philosophy 
(Source: research-methodology.net, 2026)
[bookmark: _Hlk236931137]The philosophy of research adhered to in the given study is positivist because it strives to quantify and contrast the performance of machine learning and deep learning models to objectively carry out sentiment analysis. A study which includes observable facts, quantitative measurements and statistical analysis of the study can be conducted using positivism to produce credible findings. There is no subjective data interpretation in the research as the study uses numerical measurements of model performance, such as Accuracy, Precision, Recall, F1-score, ROC-AUC and Confusion Matrix, based on empirical evidence obtained during computational experiments (Suryawanshi, 2024).
The study has a deductive quantitative approach, as the existing theories and previous studies on sentiment analysis and consumer behaviour are tested on the basis of a publicly available social media dataset. The research design has been done in a systematic way to achieve all the research objectives. The preprocessing of the textual data is done by using Natural Language Processing (NLP) methods, such as tokenisation, removal of stop-words, lemmatisation and text normalisation, which allow exploring consumer sentiment through postings on social media. The processed data is then converted to numerical data via TF-IDF and token embedding algorithms to train the data to be classified (Chatzichristos, 2025).
In order to achieve the comparative objective, the six models of sentiment classification, i.e., the Naive Bayes, the Support Vector machine (SVM), the Random Forest, the XGBoost, the Long Short-Term Memory (LSTM), and the Bidirectional Encoder Representations with Transformers (BERT) are implemented and tested within the same experimental framework. Quantitative evaluation measures like Accuracy, Precision, Recall, F1-score, Confusion Matrix and ROC-AUC quantitatively assess their performance, and the objective comparison of their predictive ability. Lastly, sentiment predictions will be compared with the engagement metrics of likes and retweets to determine the consumer behaviour trends and get valuable business solutions.
[bookmark: _Toc238657736]3.3 Research Approach 
The study is of deductive research, which is based on the current theories and known facts before being refuted by conducting empirical research (Jeon and Brand, 2026). 

Figure 3.3.1: Deductive Research Approach 
Past research has shown that machine learning and deep learning methods can be successfully used to conduct sentiment analysis and assist consumer behaviour analysis. Based on this theoretical background, the current study assesses the hypothesis whether these methods have varying degrees of classification performance when implemented to the chosen social media dataset. The deductive design facilitates the study to examine the usefulness of six sentiment classification models on a similar experimental study framework and quantitative measures of evaluation. The study does not come up with new theories and instead confirms previous notions in the form of computational experiments written in Python. 
[bookmark: _Toc238657737]3.4 Research Strategy 
The study uses a computational experimental approach in the comparative evaluation of the performance of various sentiment classification models in the same experimental setting. The plan will consist of applying six machine learning and deep learning algorithms in Python based on the same social media data, preprocessing steps, training and testing data and evaluation metrics (Mercaldo et al., 2023). This controlled experimental design makes sure that the difference in model performance can be explained by the peculiarities of the algorithms and not by the differences in the data or the process of its implementation. The data acquisition, text preprocessing, feature extraction, model development, model training, prediction and performance evaluation are part of the workflow. The algorithms chosen include Naive Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM), and Bidirectional Encoder Representations from Transformers (BERT). 
[bookmark: _Toc238657738]3.5 Research Design 
In this research, the quantitative secondary research design will be used to explore consumer behaviour by analysing social media data using sentiment analysis. An appropriate research design is a quantitative design since the study seeks to measure and compare the prediction performance of various classification models on objective numerical evaluation measures instead of interpreting them subjectively. 
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Figure 3.5.1: Research Design (Quantitative Secondary)
(Source: ebrary.net, 2026)
The research makes use of a publicly available dataset, which does not require primary data collection and makes it reproducible and transparent (Cheong et al., 2023). It uses a comparative modelling framework in which six sentiment classification models, which are Naïve Bayes, Support Vector machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM) and Bidirectional Encoder Representations with Transformers (BERT), are trained and tested in the same experimental context. 
[bookmark: _Toc238657739]3.6 Data Source and Dataset Description 
The dataset employed in this study is the Social Media Sentiments Analysis Dataset that can be found freely on Kaggle at https://www.kaggle.com/datasets/kashishparmar02/social-media-sentiments-analysis-dataset/data. The data includes social media posts created by users along with other related data like sentiment tags, platform, engagement, hashtags, dates, and location. These variables provide valuable insights into consumer opinions, online interactions, and behavioural patterns, making the dataset suitable for sentiment analysis and consumer behaviour research (Olawuyi et al., 2025).
The data is labeled with sentiment classes that allow the supervised machine learning and deep learning algorithm to learn and classify textual data efficiently. Its hierarchical format enables effective execution of Natural Language Processing (NLP) methods, such as text preprocessing, feature extraction, model training, and performance evaluation with Python. 
[bookmark: _Toc238657740]3.7 Data Collection Method 
In this study, primary data is not required to be collected involving human subjects. Rather, it uses the secondary data collection approach involving the Social Media Sentiments Analysis Dataset. The dataset is open-source and can be used in research and includes labelled social media posts along with other attributes useful in analysing consumer behaviour (Dagan and Wilkins, 2023). There are various benefits of using secondary data such as less time and cost, better reproducibility and access to already labelled information that can be used as part of supervised machine learning. 
[bookmark: _Toc238657741]3.8 Data Pre-processing 
An essential step of the sentiment analysis process is data preprocessing since unfiltered social media text usually has noisy data, erratic and unstructured data that could adversely influence the model performance. The Social Media Sentiments Analysis Dataset is pre-processed in several steps prior to creating classification models to enhance the quality of data and consistency in all experiments (Garg and Sharma, 2022).
The initial step is to check the dataset to see whether there are duplications and eliminate any repetition to avoid biased model training. Any missing values are then detected and appropriately dealt with by either discarding the unfinished records or filling in missing data where appropriate. After data cleaning, all the text is reduced to lowercase to remove inconsistencies with various letters cases. Posts on social media are often filled with URLs, HTML code, emojis, punctuation, numbers, and other special characters that do not play a significant role in sentiment classification. The elements are eliminated to minimize noise and enhance the quality of textual information. The resulting cleaned text is then tokenised, and individual sentences are broken down into separate words/ tokens that can be run through machine learning algorithms.
Once it has been tokenised, frequent stop words like the, is, and, of are eliminated since they do not contribute much semantic information to sentiment determination. Lemmatization is next used to transform words into their base or dictionary form without losing the sense in the context. Text normalisation is also done to normalise the textual data and enhance consistency in the dataset. The preprocessing plan varies a bit based on the classification model that is chosen. The use of Term Frequency-Inverse Document Frequency (TF-IDF) in feature extraction is used in traditional machine learning models such as Naive Bayes, Support Vector Machine (SVM), Random Forest, and XGBoost. 
[bookmark: _Hlk236931154]In order to allow machine learning algorithms to process textual data in a structured numerical form, the postings in each social media are tokenised into (or transformed into) individual words or tokens. In this way, the models are able to identify good linguistic behaviors that are used to classify sentiments.
Removal of stop-words removes common words like the, is, and of which in most cases have low semantic content. This will ensure that the number of words removed will reduce noises in the dataset and also increase the computational efficiency without compromising on valuable information that is related to the sentiment.
Lemmatisation converts words into their root or dictionary form, but not the meaning of the words in context. It is done to reduce the size of vocabulary and ensure that the different grammatical forms of a particular word are treated equally when training the model.
[bookmark: _Toc238657742]3.9 Feature Engineering and Text Representation 
The feature engineering step is a key step in sentiment analysis since machine learning and deep learning models need textual data to be transformed into numerical data to train their models. Various feature extraction methods are adopted in the current study based on the needs of the various classification models. Classical machine learning models, i.e. Naive Bayes, Support Vector Machine (SVM), Random Forest, and XGBoost, are based on TF-IDF to convert text data into weighted number vectors. TF-IDF emphasizes the significance of the words in each document and minimizes the impact of common words, but less informative words, which is appropriate to standard machine learning frameworks.
In the case of deep learning models, text is converted into sequences by first tokenizing it, in which a sentence is broken down into separate tokens (Jamshidian, 2023). 
[bookmark: _Hlk236931159]The traditional machine learning models were chosen to use Term Frequency–Inverse Document Frequency (TF-IDF) which gives more weight on informative words and less weight on commonly occurring words. This representation improves the performance of the text classification by discovering the discriminative features in the posts in social media.
Word embedding is a word representation in the form of dense numeric vectors which indicate semantic similarity between words. Embeddings, as opposed to TF-IDF, retain contextual relationships, allowing deep learning models like LSTM to learn linguistic patterns in a more effective way.
Padding is used to make the length of all text sequences the same and then fed to the neural network. The sequence length is standardised so that it can be used to process in batches and to provide better consistency in computation when training the model.
BERT uses contextual embeddings and produces various numerical representations of the same word in various contexts. This can enable the model to capture complex semantic relations which cannot be well represented through the conventional feature extraction methods.
[bookmark: _Toc238657743]3.10 Model Development and Implementation
[bookmark: _Toc238657744]3.10.1 Naïve Bayes Model 
Naive Bayes classifier is adopted as a baseline machine learning model due to its simplicity, computational efficiency and usefulness in text classification. The algorithm uses the Bayesian theorem with the assumption of conditional independence of the textual features. The classifier takes TF-IDF vectors created in the process of feature extraction as input (Mathapati, 2025). The model is applied in Python with default smoothing parameters in the Scikit-learn library to reduce the problem of zero-probabilities. Once the model has been trained on the prepared dataset, it can make predictions of the sentiment classes with regards to unseen input, and its performance is measured using conventional performance measures.
Naive bayes was selected as a baseline classifier because of its computational efficiency, simplicity and performance in text classification task.
[bookmark: _Toc238657745]3.10.2 Support Vector Machine (SVM) 
The Support Vector Machine (SVM) model is constructed to determine the best decision boundary to maximise distance between the sentiment classes (Madjid, Ratnawati and Rahayudi, 2023). The classifier is a TF-IDF feature vectors-based classifier, which is created and trained on the feature vectors produced by preprocessing, and is provided as a Scikit-learn model. The choice of a linear kernel is due to its effectiveness in a high dimensional text classification task and its efficiency in computational performance. Other hyperparameters like the regularisation parameter (C) are tuned during model development to achieve the best performance. The trained model is used to categorize unseen posts in social media, and its predictive ability is assessed in terms of various quantitative measures of performance.
The rationale behind the choice of SVM is that it is effective in high dimensional feature space such as TF-IDF vectors and has been found highly effective in sentiment analysis research.
[bookmark: _Toc238657746]3.10.3 Random Forest 
Random Forest can be applied as an ensemble learning algorithm, an algorithm that integrates several decision trees to increase the accuracy of predictions and minimize overfitting. The feature vectors used by the classifier are TF-IDF and implemented with the Scikit-learn library (Jalal et al., 2022). The training is performed on randomly chosen subsets of the training data using multiple trees, and, ultimately, the decision on the final prediction is made by majority voting. The number of decision trees, maximum tree depth and random state to reproduce the model during training are some of the key parameters.
The reason behind the adoption of Random Forest lies in the fact that, the ensemble method of learning enhances stability of prediction and minimizes the chances of overfitting.
[bookmark: _Toc238657747]3.10.4 XGBoost Classifier 
The XGBoost classifier is used to improve predictive performance by using gradient boosting and regularisation. As opposed to traditional ensemble processes, XGBoost constantly builds decision trees, which rectify prediction mistakes of the prior trees. TF-IDF features are inputs to the model and key hyperparameters are learning rate, maximum depth of the tree, estimators and subsampling ratio. XGBoost Python library is used to implement the model and assess it under the same experimental settings to be able to compare results with other quantitative models (Samih, Ghadi and Fennan, 2023).
XGBoost was selected because it has a gradient boosting architecture, which improves predictive ability by optimising in stages and regularisation inherent in the algorithm.
[bookmark: _Toc238657748]3.10.5 Long Short-Term Memory (LSTM) 
Long Short-Term Memory (LSTM) model is applied to learn sequential dependencies and contextual relationships of textual data. In contrast to standard machine learning models, LSTM operates sequentially on the information provided through the memory cells and gating, which allow maintaining valuable contextual information across long texts (Yadav, Verma and Katiyar, 2023). It is implemented with tokenization and sequence generation and then padding to create fixed-length input sequences. An embedding layer transforms the tokens into dense vectors and feeds them into one or more LSTM layers to learn features. The output layer uses a Softmax activation function to classify the sentiment categories. The model is trained with TensorFlow and Keras and hyperparameters such as embedding dimension, sequence length, batch size, number of epochs, learning rate, and dropout rate are set to enhance generalisation but minimise overfitting during the training process.
The addition of LSTM was due to its ability to make long-term sequential dependencies in textual data, as it would be appropriate in modelling contextual information in sentences.
[bookmark: _Toc238657749]3.10.6 Bidirectional Encoder Representations from Transformers (BERT) 
This paper uses the Bidirectional Encoder Representations of Transformers (BERT) model as the state-of-the-art deep learning model. BERT is designed on the transformer architecture and relies on the self-attention mechanisms to comprehend contextual relations among words in forward and backward directions (Areshey and Mathkour, 2024). The pre-trained BERT tokenizer is initially used to process the text, transforming the sentences into attention masks and token representations in the form of context. The fine-tuning of a pre-trained BERT model is then performed on the labelled sentiment dataset to classify it. Fine-tuning enables the model to calibrate its learned language representations to the targeted sentiment analysis task and few training samples are needed as compared to training a transformer itself..
The reason why BERT was chosen is that its transformer structure is able to extract two-way context with respect to the consumer views posted in social media text, thus enhancing a closer comprehension of the opinions.
[bookmark: _Toc238657750]3.10.7 Mathematical Formulation of the Proposed Models
Naïve Bayes
Naive Bayes is used to estimate the probability of a document belonging to a sentiment group by the Bayesian equation.


Support Vector Machine (SVM)
The SVM classifier determines the optimal hyperplane by solving


subject to 


where
· w= weight vector 
· b = bias 
· xi​ = feature vector 
Random Forest
Random Forest predicts the final sentiment using majority voting.


where
denotes each decision tree.
XGBoost
XGBoost minimises the objective function


Long Short-Term Memory (LSTM)
The forget gate is computed as


The cell state updates according to

allowing the network to retain long-term contextual information.
Bidirectional Encoder Representations from Transformers (BERT)
BERT employs the Transformer self-attention mechanism.

This allows the model to get a contextual relationship between words, both forward and backward, and is therefore very useful in analyzing the sentiment of social media.
[bookmark: _Toc238657751]3.10.8 Justification of Algorithm Selection
The six algorithms were chosen as they are the next generation of methods of sentiment analysis. Strong traditional machine learning baselines that are computationally cheap are Naive Bayes and Support Vector Machine. Random Forest and XGBoost present the idea of ensemble learning to enhance predictive power and strength. The LSTM can learn sequential relationships in text, and it is suitable to model a contextual information in a post in social media. The newest transformer architecture is BERT, which has the capability of learning bidirectional contextual features and is able to process more complex linguistic features such as sarcasm, abbreviations and informal expressions. Through comparisons of these algorithms within the same experimental framework, the predictive accuracy could be entirely compared, the computational efficiency and suitability as it applies to the consumer behaviour analysis using social media data.
[bookmark: _Toc238657752]3.11 Experimental Setup 
The experiment is executed in Python in the Jupyter Notebook. In cases where more computational resources are needed, such as in training the deep learning models, it may be used with Google Colab with GPU acceleration to cut down on the training time. The experiments are implemented with the help of standard Python libraries that can be implemented in Natural Language Processing, machine learning, and deep learning (Wang, 2022). The data manipulation and numerical computation is done in Panda and Numpy, whereas the NLTK is used to perform the text preprocessing operations. Scikit-learn is used to implement traditional machine learning models, and TensorFlow and Keras are used to develop LSTM models. The implementation of the BERT model is performed with the help of the Transformers library, whereas gradient boosting classification is implemented with the help of XGBoost. Lastly, Matplotlib and Seaborn are used to visualise model performance, confusion matrices, and comparative evaluation results.
The main cloud-based development platform that was employed to implement the sentiment analysis framework was Google Colab. It provided computational resources to preprocess and engineer data, program models, train models, evaluate models, and visualisation. Python packages such as Pandas, NumPy, NLTK, Scikit-learn, TensorFlow, Keras, Hugging Face Transformers, XGBoost, and Matplotlib were installed in Google Colab to write, run, and evaluate the six sentiment classification models in a uniform experimental setup.
[bookmark: _Toc238657753]3.12 Proposed Sentiment Analysis Framework
[bookmark: _Hlk236931378]The existing study will adopt a hybrid sentiment analysis model (Combination of Natural language Processing (NLP), the traditional machine learning and deep learning) to provide a comprehensive evaluation of consumer behaviour with the help of social media data. The model is the sequential pipeline with the beginning in the acquisition of data and the analysis of consumer behaviour as the end. Every processing step will help to enhance the sentiment classification performance, and all the assessed models should be consistent.
The suggested framework starts by gathering publicly available social media information based on the Kaggle Social Media Sentiment Analysis Dataset. RAW textual data are undergone in a preprocessing step that eliminates noisy data, normalises language patterns and improves information. The resulting processed text is then transformed into numerical representations with Term Frequency-Inverse Document Frequency (TF-IDF) to standard machine learning models and token embeddings to deep learning models. To have a fair comparison, the six classification algorithms are trained on the same training and test sets. The model performance is measured using Accuracy, Precision, Recall, F1-score, Confusion Matrix and ROC-AUC. Finally, classified sentiments are analyzed against engagement metrics, including likes and retweets to establish the consumer behaviour trends and make marketing decisions.
[image: ]
Figure 3.10.1: Proposed Research Methodology for Sentiment Analysis of Social Media Data for Consumer Behaviour
(Source: Self-Created)
This formatted preprocessing step ensures that all the textual data is processed in the same way and then passed on to the classification algorithms. It minimizes the waste of noise and enhances the quality of linguistic characteristics obtained by social media posts. The different representation schemes allow the individual models to operate on textual information in accordance with the learning mechanism that it models. The identical training and testing framework also helps to make a fair comparison of the model performance. Lastly, the use of sentiment classifications as a reference to likes and retweets allows the analysis to go beyond predictive accuracy and discover meaningful consumer engagement and behaviour patterns. The findings are able to substantiate evidence-based marketing choices.
[bookmark: _Toc238657754]3.13 Performance Evaluation Metrics 
The developed sentiment classification models are tested on various well-known classification metrics to guarantee an unbiased and objective comparison. Accuracy is a measure of the overall percentage of accurately classified sentiment instances and gives a rough idea of how well the model is performing (Naidu, Zuva and Sibanda, 2023). 
Accuracy is general evaluation of rightful categorization, and Precision is the evaluation of reliability of positive decisions. Recall evaluates the capability to recognize the pertinent sentiment classes, and F1-score weighs Precision and Recall to give a balanced evaluation of model performance. The Confusion Matrix locates classification errors in each of the sentiment categories, whilst ROC-AUC measures the discrimination ability of a model regardless of the classification thresholds.
The results of the classification are visualised using a Confusion Matrix that shows the number of correctly and incorrectly predicted instances of each sentiment category. This allows individual study of the strengths and weaknesses of models in various classes. Also, the Receiver Operating Characteristic (ROC) Curve is employed to analyse the classification performance at various threshold values and the Area Under the Curve (AUC) is used to summarise the capability of the model to differentiate between sentiment classes. 
[bookmark: _Toc238657755]3.14 Research Ethics 
In this study, the ethical principles and research guidelines set by the university were followed. The research only relies on the publicly available dataset in the Kaggle platform, which is the Social Media Sentiments Analysis Dataset, thus, not requiring direct interaction with human participants. As a result, no primary data are gathered, and no personal, confidential, or sensitive data are received during the research (Schmit et al., 2024). The data is only used to conduct academic research, where data handling is responsible, and findings are publicly reported. 
[bookmark: _Toc238657756]3.15 Reliability and Validity 
The use of a consistent experimental approach enhances reliability and validity of this research. The six models of sentiment classification are built and tested on the same publicly available dataset, providing a level playing field of comparison (Rauber et al., 2024). To remove differences in data distribution, a uniform train-test split is used in all experiments. Objective performance evaluation measures such as Accuracy, Precision, Recall, F1-score, Confusion Matrix, ROC Curve, and AUC can be used to measure the performance of the models. 
[bookmark: _Toc238657757]3.16 Methodological Limitations 
Although it offers significant information, there are various limitations to this study. The dataset chosen is quite small in comparison with large industrial sentiment datasets, and this could limit the generalisability of the results. The analysis is also limited to social media posts in English, and thus, might be less applicable to multilingual settings (He, Yin and Zheng, 2022). Deep learning models like LSTM and BERT can be computationally intensive and can affect the effectiveness of training. Moreover, a fixed set of data does not allow investigating constantly changing real-time social media materials.
[bookmark: _Toc238657758]3.17 Chapter Summary 
This chapter has discussed the research methodology that will be used to study consumer behaviour by sentiment analysis of social media data. It has outlined the research philosophy, approach, strategy, research design, selection of the dataset, data collection method, preprocessing techniques, feature engineering method, model development, experimental setup, evaluation metrics, ethical considerations, reliability, validity and methodological limitations. These methodological parts, together, offer a clear and systematic outline to the research. Chapter 3 shows the results of the implementation of the six sentiment classification models and evaluates their results based on the chosen evaluation metrics.
[bookmark: _Toc238657759]
CHAPTER 4: RESULT
[bookmark: _Toc238657760]4.1 Introduction 
This chapter will provide experimental findings of applying six sentiment classification models on the analysis of consumer behaviour on social media data using Python. Implementation is done in a similar manner is mentioned in the last chapter, such as pre-processing of data followed by feature engineering, model development, and performance analysis. The first section of the chapter provides the results of dataset exploration and preprocessing, followed by the description of the results of Naive Bayes, Support Vector machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM), and Bidirectional Encoder Representations from Transformers (BERT) implementation. 
[bookmark: _Toc238657761]4.2 Dataset Exploration and Initial Analysis 
The paper employed the Social Media Sentiments Analysis Dataset that is comprised of 732 social media posts characterised by 15 variables, such as textual data, sentiment categories, time data, user data, social media type, hashtags, interaction measures, country, and time-related factors. The first look at the data determined that the first five records reflected various consumer opinions gathered on various social media platforms (Lazrig and Humpherys, 2022). 
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Figure 4.2.1: Dataset Shape Part
(Source: Developed by the author using Python in Google Colab)
The data set size was 732 rows and 15 columns which was a good size to evaluate the comparative model. The analysis of the data type revealed that the data had seven variables of the object type, six integer variables, and two floating-point variables. Missing value analysis ensured that there were no missing values across all variables and duplicated record analysis revealed there were no duplicated records. 
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Figure 4.2.2: Number of Class
(Source: Developed by the author using Python in Google Colab)
Analysis of the original sentiment column showed that there were 191 different sentiment types, including simple sentiments like Positive, Negative and Neutral and more targeted expressions of emotion. The first sentiment distribution indicated that the dataset had a good diversity of emotional labels prior to preprocessing and sentiment standardisation.
[bookmark: _Toc238657762]4.3 Data Pre-processing and Exploratory Analysis Results 
Before developing the model, various preprocessing activities were done to enhance data quality. To begin with, the superfluous index columns, namely, Unnamed: 0 and Unnamed: 0.1 were eliminated since they were not relevant to the sentiment classification. The other variables were checked and the types of data of numerical values like Likes and Retweets were checked and transformed into the required numeric format. The textual variables underwent cleaning by eliminating unwanted space to facilitate consistency in data (Erickantarci and Bakal, 2024).
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Figure 4.3.1: Data Pre-Processing Part
(Source: Developed by the author using Python in Google Colab)
The original dataset contained 191 different sentiment categories. To streamline the sentiment classification task and create a unified three-class classification problem, the sentiment labels were re-classified with the help of the VADER (Valence Aware Dictionary and Sentiment Reasoner) sentiment analyser. After this procedure, there were 466 Positive instances, 184 Negative, and 82 Neutral instances in the dataset. This conversion generated a better target variable to classify with supervised machine learning and deep learning (Panda, Panigrahi and Pati, 2022).
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Figure 4.3.2: Vader Sentiment Part
(Source: Developed by the author using Python in Google Colab)
The textual data was then subjected to thorough preprocessing, such as converting to lowercase, stripping away URLs, usernames, punctuation, numbers and redundant characters, and then tokenising, removing stop-words, and lemmatising. Test results showed that the processed text still had critical semantic content and minimized text noise.
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Figure 4.3.3: Sentiment Distribution & Word Cloud Visualization Part
(Source: Developed by the author using Python in Google Colab)
Exploratory analysis also involved general and sentiment-specific word cloud visualisations, which showed the most common words in the various sentiment classes. The analysis of consumer engagement revealed that Positive and Neutral posts had higher average values of likes and retweets as compared to Negative posts. The engagement pattern was visualised in a consumer behaviour heatmap to depict the engagement patterns across the sentiment categories. Lastly, the processed sentiment labels were transformed into numerical values, with Negative = 0, Neutral = 1, and Positive = 2 and were ready to be used in the next stage to train and evaluate the model.
[bookmark: _Toc238657763]4.4 Feature Engineering and Dataset Preparation Results 
After preprocessing the text, the processed textual information was then converted into numerical representations that were compatible with machine learning and deep learning models. In the case of the classical machine learning algorithms, i.e., Naïve Bayes, Support Vector Machine (SVM), Random Forest, and XGBoost, the Term Frequency-Inverse Document Frequency (TF-IDF) vectorisation method was used with up to 5,000 features with unigram and bigram representations. 
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Figure 4.4.1: Train and Test Split Part
(Source: Developed by the author using Python in Google Colab)
The resulting TF-IDF matrices comprised of 585 training samples and 147 testing samples where each sample has 5,000 features, which is a consistent input format to all the classic machine learning models.
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Figure 4.4.2: TF-IDF Vectorization Part
(Source: Developed by the author using Python in Google Colab)
In the case of the LSTM model, the tokenisation of the processed text into numerical sequences was performed. The vocabulary generated consisted of 2306 unique words and each sequence was padded to a constant size of 100 tokens to create equal sized input. The data was then subdivided into 585 training and 147 testing samples. In the same manner, BERT model used the same training and testing split but used the pre-trained BERT tokenizer, which converted every sentence into contextual token representations and attention masks. These engineering procedures made sure that every model was given an input representation that suited its underlying architecture (Naureen and Gujar, 2023).
[bookmark: _Toc238657764]4.5 Machine Learning and Deep Learning Model Results
[bookmark: _Toc238657765]4.5.1 Naïve Bayes Results 
Naive Bayes classifier was adopted as the baseline machine learning model that used the TF-IDF feature vectors based on the textual data that was processed (Ekbote, Dhanshetti and Sakhrekar, 2023). This model was trained with training data, and it was tested with the testing data which consisted of 147 observations. The performance evaluation showed that the classifier had an Accuracy of 65.99%, Precision of 62.02%, Recall of 65.99% and F1-score of 55.19%. A Weighted ROC-AUC score of 0.8891 was also generated by the model, which implies that it has a good overall discrimination capability of the three sentiment classes.
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Figure 4.5.1.1: Naïve Bayes Model Result Part
(Source: Developed by the author using Python in Google Colab)
The classification report indicated that the Positive sentiment class was identified by the model with high effectiveness with a precision of 0.65, a recall of 0.99 and F1-score of 0.79. The Negative group had a high precision (0.80) and a relatively low recall (0.11), which means that many negative cases were not recognized. The classifier failed to be able to effectively identify the Neutral class, which led to a precision of 0, recall of 0, and F1-score of 0. The confusion matrix also helped to demonstrate that the greatest number of errors in prediction were between the Neutral and Positive classes. Generally, the Naïve Bayes model offered an acceptable baseline performance yet offered low ability to differentiate the sentiment categories of minorities.
[bookmark: _Toc238657766]4.5.2 Support Vector Machine (SVM) Results 
Multi-class sentiment classification was performed using TF-IDF feature vectors and the Support Vector Machine (SVM) classifier. Trained on the prepared dataset, the model showed better predictive performance compared to the Naïve Bayes classifier. The results of the evaluation presented an Accuracy of 75.51, Precision of 73.98, Recall of 75.51, and an F1-score of 71.25, which is the best result among the traditionally learning models tested in this analysis (Palomino and Aider, 2022).
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Figure 4.5.2.1: SVM Model Result Part
(Source: Developed by the author using Python in Google Colab)
The classification report revealed that the SVM classifier worked especially well in classifying the Positive sentiment class, attaining a precision of 0.74, recall of 0.96 and an F1-score of 0.84. The Negative class also had a significant improvement in performance with a precision of 0.83, a recall of 0.54, and an F1-score of 0.66. The model just like the Naive Bayes classifier had challenges with correctly classifying the Neutral class and thus had a relatively low recall and F1-score value. The confusion matrix reflected fewer misclassifications compared to the Naive Bayes model especially the Positive and the Negative classes. These findings suggest that the Support Vector Machine presented a more balanced and correct classification performance in the three categories of sentiments.
[bookmark: _Toc238657767]4.5.3 Random Forest Results 
Multi-class sentiment classification was done with the Random Forest classifier using the TF-IDF feature representation. This model was made up of 200 decision trees, and it was trained on the processed training dataset and then tested on the testing dataset. The performance analysis revealed that the accuracy of the classifier was 69.39%, the precision was 66.46%, the Recall was 69.39%, and F1-score was 61.87%. Besides this, the model received a Weighted ROC-AUC score of 0.8279, which implies a good overall classification ability.
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Figure 4.5.3.1: Random Forest Model Result Part
(Source: Developed by the author using Python in Google Colab)
As shown in the classification report, the Positive sentiment class was better in relation to the other classification classes and obtained a precision of 0.68, recall value of 0.98 and a F1-score of 0.80. The Negative category had a great precision of 0.91 with a relatively lower recall of 0.27, which means that there were several negative cases that were misclassified. Just like the earlier models of machine learning, the classifier did not clearly identify the Neutral sentiment category, which had zero-precision, recall, and F1-score values. The confusion matrix has indicated that there were most prediction errors between the Positive and Neutral classes. Overall, the classification performance of the Random Forest model was moderate, with a higher prediction power observed in the large Positive sentiment category.
[bookmark: _Toc238657768]4.5.4 XGBoost Results 
XGBoost classifier was trained on TF-IDF feature vectors and set as multi-class gradient boosting model. The processed training dataset was used to train the algorithm and test it on the testing set, with the chosen performance metrics (Sabri, 2024). The model was evaluated and found to have an Accuracy of 72.11%, Precision of 67.69%, Recall of 72.11% and an F1-score of 66.73%. The classifier also generated a Weighted ROC-AUC score of 0.8296, which indicates that the classifier has good discriminative ability among the sentiment categories.
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Figure 4.5.4.1: XGBoost Model Result Part
(Source: Developed by the author using Python in Google Colab)
The XGBoost model according to the classification report was successful in classifying the Positive sentiment class with a precision of 0.71, a recall of 0.96 and an F1-score of 0.81. The Negative sentiment class had a precision of 0.89, recall of 0.43, and an F1-score of 0.58, which is better than the Random Forest classifier in detecting negative. Nevertheless, just like the other classic machine learning models, the classifier had problems with the Neutral sentiment class wherein the precision, recall and F1-score were zero. The confusion matrix indicated that the model had lesser classification errors than the Random Forest model, especially in the Negative class. In general, XGBoost proved to be competitive in terms of prediction and was one of the best traditional machine learning models in this paper.
[bookmark: _Toc238657769]4.5.5 Long Short-Term Memory (LSTM) Results 
Long Short-Term Memory (LSTM) model was applied to test how effective deep learning is in sequential sentiment classification. The tokenised textual data were converted to numerical sequences before they were model-trained. The vocabulary obtained was 2,306 unique words and all sequences were reshaped to a fixed size of 100 tokens to give the neural network an equivalent input size (Das et al., 2023). The architecture was made up of an Embedding layer, one LSTM layer with memory units of 128, two Dropout layers to decrease overfitting, a fully connected Dense layer with ReLU activation and a final Softmax output layer, which would classify sentiments into three categories.
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Figure 4.5.5.1: LSTM Model Result Part
(Source: Developed by the author using Python in Google Colab)
The model was trained on 15 epochs using the prepared training data with a 20% validation split. During the training process, the training accuracy was relatively steady at around 64% whereas the validation accuracy was nearly constant around 58.97% throughout the training epochs. On the same note, the training and validation loss values showed very slight changes, meaning that there was not much improvement in the process of learning and it is likely that the model was not able to reproduce meaningful patterns of the available dataset.
After the training, the LSTM model had an Accuracy of 63.95%, Precision of 40.89%, Recall of 63.95% and F1-score of 49.88%. The highest discriminative performance of all the evaluated models was 0.5035, the Weighted ROC-AUC score. The classification report indicated that the model was able to turn out the most Positive sentiment instances with a recall of 1.00 and an F1-score of 0.78. The model, however, did not appropriately classify the Negative and the Neutral sentiment classifications, with zero values of precision, recall and F1-score of these classes. The confusion matrix also supported that majority of testing samples were Positive. In general, the LSTM model showed the poorest results in the six compared models in the present experimental contexts.
[bookmark: _Toc238657770]4.5.6 Bidirectional Encoder Representations from Transformers (BERT) Results 
It was the Bidirectional Encoder Representations from Transformers (BERT) model that was adopted as the progressive transformer-based sentiment classifier. The raw textual data were initially processed with the pre-trained BERT tokenizer that transformed every sentence into contextual token representations along with attention masks. The data were then separated into 585 training samples and 147 testing samples, and then the tokenised data were transformed into PyTorch datasets and loaded with data loaders to train and evaluate the models (Ashbaugh and Zhang, 2024).
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Figure 4.5.6.1: BERT Model Result Part
(Source: Developed by the author using Python in Google Colab)
The bert-base-unicased pre-trained model was fine-tuned with three training epochs, using the AdamW optimiser at a learning rate of 2 × 10⁻⁵. The mean training loss (0.8386 in the initial epoch, 0.3984 in the last epoch) during training dropped steadily, whereas the validation loss (0.6309 at the start of training, 0.4664 at the end) dropped, which was also a successful convergence of the model. The accuracy of validation increased with the first epoch of 75.51% and the second epoch of 81.63% and levelled off at 80.95% in the last epoch.
The overall results of the final evaluation showed that BERT had the best overall performance when compared to all the six models of sentiment classification. The model recorded an Accuracy of 80.95%, Precision of 72.24%, Recall of 80.95%, and an F1-score of 76.26%. In addition, the model achieved the best Weighted ROC-AUC of 0.9065, which implies that it has a high classification ability in the sentiment categories. The classification report revealed that both Positive and Negative classes performed well with the Neutral class being the hardest category to correctly classify. The confusion matrix and ROC curve also demonstrated a better predictive ability of BERT model in relation to other machine learning and deep learning methods tested in this paper.
[bookmark: _Toc238657771]4.6 Comparative Performance Analysis 
A comparative analysis was done to evaluate the performance of the six sentiment classification models on the same training and testing data, preprocessing process and evaluation measures. This was compared to Accuracy, Precision, Recall, F1-score, and Weighted ROC-AUC, which offers a common ground to assess the model performance.
[image: ]
Figure 4.6.1: Model Comparison Part
(Source: Developed by the author using Python in Google Colab)
BERT had the most overall performance with the highest Accuracy of 80.95%, Precision of 72.24%, Recall of 80.95%, F1-score of 76.26% and the highest Weighted ROC-AUC of 0.9065. Support Vector Machine (SVM) was second with Accuracy of 75.51%, Precision of 73.98%, Recall of 75.51% and F1-score of 71.25%. As the LinearSVC implementation did not produce estimates of probabilities, no ROC-AUC was computed with this model (Pebiana et al., 2022).
XGBoost classifier was the third and achieved an Accuracy of 72.11, Precision of 67.69, Recall of 72.11, F1-score of 66.73 and a Weighted ROC-AUC of 0.8296. Random Forest followed with an Accuracy of 69.39%, Precision of 66.46%, Recall of 69.39%, F1-score of 61.87%, and a Weighted ROC-AUC of 0.8279. Naïve Bayes achieved an Accuracy of 65.99%, Precision of 62.02%, Recall of 65.99%, F1-score of 55.19%, and a Weighted ROC-AUC of 0.8891. The lowest overall performance was shown by the LSTM model with an Accuracy of 63.95, Precision of 40.89, Recall of 63.95, F1-score of 49.88 and a Weighted ROC-AUC of 0.5035. These findings give a clear ranking of the assessed models using the measures of performance chosen.
[bookmark: _Toc238657772]4.7 Consumer Behaviour Analysis Results 
The social media data exploratory analysis showed that there were a number of remarkable consumer behaviour patterns. After sentiment standardisation, the dataset consisted of 466 Positive posts, 184 Negative posts, and 82 Neutral posts, which means that positive posts were the prevailing mode of interactions between consumers. The analysis of engagement revealed that Positive posts got the highest average number of Likes (45.72) and Retweets (22.91), then Neutral posts with average values of 45.38 Likes and 22.79 Retweets. The posts that had negative feedback were registered at relatively low engagement level as the average Likes and Retweets were 34.65 and 17.38 respectively. Word cloud visualisations were also used to emphasize the most common words that appeared in each sentiment type, and the consumer behaviour heatmap was used to show the patterns of engagement variance across sentiments (Parmar and Tiwari, 2024). 
[bookmark: _Toc238657773]4.8 Chapter Summary 
The results of the implementation of the Python-built sentiment analysis models were outlined in this chapter. The analysis started by exploring the data, then proceeded to preprocessing the data, feature engineering, and preparing the data to be used in both the traditional machine learning and the deep learning methods. Six sentiment classification models, i.e. Naive Bayes, Support Vector Machine (SVM), Random Forest, XGBoost, Long Short-Term Memory (LSTM) and Bidirectional Encoder Representations of Transformers (BERT) were implemented and evaluated on the same dataset, preprocessing processes, train-test separation, and performance measures. The experimental findings showed that the best overall predictive performance with respect to the Accuracy, Recall, F1-score, and Weighted ROC-AUC was BERT, whereas the Support Vector Machine was the most successful traditional machine learning model. Relative performance of Random Forest, XGBoost, Naïve Bayes and LSTM under the same experimental conditions was also comparatively evaluated.



[bookmark: _Toc238657774]CHAPTER 5: ANALYSIS AND DISCUSSIONS
[bookmark: _Toc238657775]5.1 Introduction
The findings of the chapter are the results of the analysis and discussion of the sentiment analysis models created to assess consumer behaviour based on the social media data. It does not repeat the experimental findings that were discussed in the preceding chapter but instead a discussion on how these findings can be interpreted. The effectiveness of Natural Language Processing (NLP), text pre-processing methods, and the relative performance of the classic machine learning and deep learning algorithms in sentiment classification are given particular attention. The findings are debated in terms of the research aim and objectives to determine to what extent the proposed framework can be used to determine consumer sentiment and behavioural patterns. The chapter looks at the practical implications of the findings to consumer engagement, marketing decision-making, and business intelligence. The discussion offers a systematic analysis of the research results and forms the basis of the conclusions and recommendations given in the next chapter.
[bookmark: _Toc238657776]5.2 Discussion of Research Objective 1: Consumer Sentiment Analysis Using Natural Language Processing
The first research objective was to analyse consumer feelings according to the social media posting in accordance with the application of Natural Language Processing. The experimental results proved that NLP was the basis of the whole sentiment analysis system as it converted unstructured textual images into meaningful representations that could be used in classification. Language standardisation, tokenisation, lemmatisation, and feature transformation minimized linguistic variability typical of social media text, such as colloquial language and different writing patterns (Rahardjo, Andriana and Prasastono, 2024). These data cleaning measures also improved the quality of data and enabled the selected algorithms to locate sentiment patterns more effectively. 
The results also indicated that the processed data sets could distinguish clearly between positive, neutral and negative sentiment classes and the classification models could determine consumer sentiments with a fair degree of accuracy. The preponderance of positive sentiments suggested that the consumers were more inclined to express positive sentiments in the analysed social media data, and negative and neutral posts were complementing the information on the customer concerns and the ambivalent attitudes. These sentiment distributions indicated that NLP methods were able to find useful behavioural information in large amounts of user-generated text as opposed to manually interpreting it. 
The results also indicated that good preprocessing led to better classification performance as it minimized textual noise prior to model training. Without systematic processing of NLP, the machine learning and deep learning algorithms would have encountered greater problems with contextual patterns that have a meaningful presence (Iqbal et al., 2022). The paper therefore confirmed that sentiment analysis is not only restricted to classification algorithm, but also the quality of the language processing that is undertaken before creation of the model.
In addition, the consumer sentiment was identified effectively, which helped in achieving the overall research goal of consumer behaviour and analytics in social media. The sentiment categories obtained were a reflection of customer attitude which organisations could use to monitor the opinion of the people, understand the brand perception and the new direction of behaviour. The results, consequently, exposed the fact that Natural Language Processing is a robust and essential factor to convert big data social media texts into consumer-actionable insights, which would be applied in the future as the backbone of comparative analysis of machine learning and deep learning models.
[bookmark: _Toc238657777]5.3 Discussion of Research Objective 2: Effectiveness of Text Pre-processing and Feature Engineering
The second research goal investigated how efficient pre-processing of text and feature engineering are in improving the sentiment classification performance. Its findings demonstrated that these steps were a key component of the preparatory stage of raw social media information to be analyzed on a computer. User-generated content has typical characteristics such as the use of abbreviations, spelling mistakes, hashtags, hyperlinks, emojis and informal words, which produce noise in the textual data (Kaur and Sharma, 2023). The data was standardised using text cleaning, tokenisation, deletion of stop-words and lemmatisation and reduced unwarranted variability before training the models. Thus, processed data were easier to extract meaningful linguistic patterns and sentiment data. 
The effectiveness of the sentiment analysis framework was further boosted when feature engineering was applied to convert text information to numbers that can be handled by various classification models. Traditional machine learning models employed TF-IDF to identify the importance of words in documents in a manner that the classifier can distinguish between the sentiment categories based on weighted textual data. Conversely, LSTM had learned semantic relationship between words using word embeddings as compared to BERT that made use of contextual embeddings which considered the linguistic context of the word. The various representations enabled the various algorithms to exploit their learning capabilities more. 
The results revealed that the quality of preprocessing had a direct impact on the following model performance. The standardised textual data reduced the ambiguity and enhanced learning with all the classification models. Furthermore, more detailed feature representations enhanced capabilities of more sophisticated models to learn contextual meaning which could not be learnt by frequency-based techniques alone (Karim, Rasul and Sultana, 2025). Overall, the paper showed that preprocessing of the text and feature engineering were the crucial aspects of the given framework, which provided the foundation of the appropriate sentiment identification and allowed the legitimate analysis of consumer behaviour through the utilisation of the giant-sized sets of social media.
[bookmark: _Toc238657778]5.4 Discussion of Research Objective 3: Comparative Performance of Machine Learning and Deep Learning Models
The comparative analysis showed that there was a significant variation in the performance of the six sentiment classification models, suggesting that the design of the algorithm and the representation of the features were important factors in determining the accuracy of prediction. Conventional machine learning models provided useful calculations, simpler to execute, and reliable classification characteristics, and hence it is the appropriate model to deploy in a sentiment analysis procedure when there are limited computational resources (Shi and Wang, 2026). The most effective of these algorithms was the Support Vector Machine which yields effective decision boundaries in the transformed feature space. Naive Bayes was highly efficient in computations and offered predictive stability, whereas the Random Forest offered stability in prediction through the use of the ensemble learning. XGBoost also added value by means of correcting the mistakes in classification, which provided performance on par with the traditional methods. However, the models were predominantly based on the TF-IDF feature representations that limited their ability to deliver contextual meaning of the complex social media text.
The deep learning models had different capabilities in processing consumer sentiment. The LSTM model was able to learn sequential word-word relations and sentence-level relations but the overall performance was lower than anticipated with the experimental conditions chosen. This implied that the sequential learning by itself could not be enough to interpret the various linguistic nature of social media content accurately. On the other hand, the BERT model was the best in all evaluation metrics employed. Its transformer-based design allowed its contextual understanding through analysing words in the surrounding text instead of handling them on a case-by-case basis (Thamaraiselvi et al., 2024). This capability greatly increased the precision of sentiment classification and reduced ambiguity due to informal online language. 
Overall, the comparative study established that deep learning models particularly BERT outperformed the traditional machine learning models in consumer sentiment classification. Nevertheless, classical algorithms still possessed useful advantages that include less computational requirements, less training time and simplified implementation. The results proved that the choice of a suitable model is related to the organisational aims, the computer resources at hand, and the level of classification accuracy that is needed. Transformer-based models are suitable in cases when the task at hand demands a large degree of contextual awareness but under the resource-constrained conditions when sentiment analysis must be effective and dependable, the classical approaches to machine learning may be applicable.
[bookmark: _Toc238657779]5.5 Discussion of Research Objective 4: Consumer Behaviour Insights from Social Media Sentiment
The fourth research question was to give useful consumer behaviour findings using social media sentiment analysis. The findings of the experiment revealed that the categorisation of sentiments was not restricted to the establishment of positive, negative and neutral views but also demonstrated the behavioural patterns as perceived through metrics of engagement and online interactions. The dominance of the positive sentiment in the data meant that consumer attitudes towards products, services, or brands were quite positive and that a massive number of consumers were pleased with the products, services or brands they consume using social media (Montaser et al., 2025). At the same time, negative and neutral sentiments helped to define areas where consumers raised their concerns and uncertainty or mixed experiences provided organisations with an opportunity to determine the changing customer expectations. 
The integration of the engagement measures, including the likes and retweets, solidified the view of the consumer behaviour illustrating the influence of the different sentiments on the user engagement. High-opinion posts (positive or negative) also had more engagement than neutral posts, which suggested that emotionally expressive posts could encourage more individuals to join online communities (Kokab, Asghar and Naz, 2022). The correlation revealed that sentiment and engagement should be analysed together to have a more insightful understanding of consumer responses compared to the analysis of sentiment categories.
The results also indicated that sentiment analysis can help identify behavioural trends on various social media platforms and geographical locations. This kind of insights helps organisations realise the differences in consumer preferences, measure the opinion of the population and react more efficiently to the changes in the market. Continued monitoring of social media discussions enables organisations to anticipate any issues that are likely to occur before they become significant reputational issues as well as picking up any positive trends which can be adopted to strengthen the relationship with customers (Ma et al., 2025). All in all, the paper has shown that sentiment analysis is a powerful analytical instrument, which can be used to comprehend consumer behaviour in the digital world. The behavioural insights that are extracted are useful in customer relationship management, development of marketing strategies, product enhancement and evidence-based business decisions.
[bookmark: _Toc238657780]5.6 Discussion in Relation to Previous Studies
The results of this work were mostly in line with the earlier studies on the use of sentiment analysis in forecasting consumer behaviour. Past researchers had suggested that Natural Language Processing can convert unstructured information in social media to useful consumer information and the current findings also supported the same opinion by demonstrating that sentiment information could be elicited in a positive manner in an online discussion. The results also substantiated the importance of preprocessing the text, and feature engineering as an important task to improve the sentiment classification performance.
The comparative analysis also confirmed the earlier findings that the traditional machine learning algorithms are still safe in sentiment classification even following the increased popularity of the deep learning style. This set of results proved that Support Vector Machine was more successful than other classic algorithms in the experimental conditions of the given experiment, which confirms that classical algorithms can still be applicable to numerous analytical problems (Alantari et al., 2022). Simultaneously, the BERT model transformer-based variant had better results, which confirmed previous findings that contextual language understanding enhances classification accuracy in the case of analysing the complex social media text. 
The study also included a major disadvantage that has been witnessed in the previous researches by making a comparison between the traditional machine learning models and the deep learning models under the same experimental conditions. The direct comparison offered a more direct insight into strengths and limitations of various algorithms in the same preprocessing process, and measurement of evaluation, and conditions of a dataset (Alsayat, 2022). The findings thus contributed to the existing literature that the existing models constructed on the basis of transformers are the most efficient in classifying consumer sentiment but acknowledges that there are still situations where more conservative machine learning tools are still useful in situations where computational efficiency is also a factor.
[bookmark: _Toc238657781]5.7 Practical Implications for Organisations and Digital Marketing
The results show that sentiment analysis can assist organisations to comprehend customer feelings, brand reputation, and evolving customer tastes using data on social media. The comparative analysis helps the decision-maker to choose the classification models based on the organisational goals and computational resources (Rangararajan et al., 2024). Effective sentiment classification allows companies to enhance customer interaction, assess marketing activities, detect emerging problems, and evidence-based decision-making.
[bookmark: _Toc238657782]5.8 Chapter Summary
The chapter clarified the findings of the experiment with regard to the objective of the study, and demonstrated how Natural Language Processing, preprocessing techniques, and classification models could be used in the analysis of consumer sentiment. The discussion proved the practical importance of sentiment analysis to the research of consumer behaviour and provided the basis of the final chapter.
[bookmark: _Toc238657783]CHAPTER 6: CONCLUSION AND RECOMMENDATIONS
[bookmark: _Toc238657784]6.1 Introduction
This chapter wraps up the study by summarising the research findings in connection to the research aim and objectives. It highlights the key findings, evaluates the overall usefulness of the study and provides the basis of tangible recommendations and future research concerning sentiment analysis and consumer behaviour using machine learning and deep learning techniques.
[bookmark: _Toc238657785]6.2 Summary of the Research
This paper discussed potential applications of machine learning and deep learning technologies to the analysis of consumer behaviour in terms of social media sentiment data. The researchers adopted a quantitative research design based on an available dataset publicly and employed six models of sentiment classification, i.e., Naive Bayes, Support Vector machine, random Forest, XGBoost, Long Short-Term memory, and BERT. The entire Natural Language Processing pipeline (preprocessing of the text and feature engineering) was used to prepare the textual data to develop the models. To determine the comparison of the performance of the model with one another and to come up with a full comparison of the model performance several classification measures were employed. Besides estimating the predictive performance, the analysis of the consumer sentiment pattern and signs of engagement were conducted to identify a behavioural trend (Iqbal et al., 2022). It proved that the use of sentiment analysis, together with advanced artificial intelligence methods, is useful in practice to assist in consumer behaviour analysis and evidence-based decision-making in online settings.
[bookmark: _Toc238657786]6.3 Achievement of Research Aim and Objectives
Overall, the study was able to fulfill its general purpose of examining consumer behaviour based on a social media sentiment analysis and also assess the suitability of machine learning and deep learning systems in sentiment classification. The useful sentiment data were retrieved in the unstructured textual data with the help of the Natural Language Processing techniques, which demonstrates the suitability of the computational methods in the analysis of the consumer opinion.
The first aim of the research was achieved by identifying positive, negative and neutral sentiments of the consumers based on social media posts through systematic text processing and sentiment classification. The second objective was met by applying the algorithms of preprocessing and feature engineering to enhance the quality of data and ready the text data to serve as an input to train the model. These added to the increased degree of trustworthiness in the classification procedure in all the selected algorithms.
The third objective was met through the development and testing of six classification models in one experimental structure. The comparative analysis showed that predictive performance of the traditional machine learning and the deep learning algorithms had some differences and it is possible to objectively estimate the benefits and drawbacks of the algorithms (Kaur and Sharma, 2023). The analysis of the sentiment patterns and participation characteristics enabled the final research objective and the development of the information about the consumer behaviour and online interactions.
[bookmark: _Toc238657787]6.4 Key Findings of the Study
The experiment did bear some fruitful results regarding consumer behaviour and sentiment analysis. The results confirmed that Natural language Processing was a useful text-to-structure conversion of unstructured social media text to structured information that could be applied to categorize the sentiments. Preprocessing of the text and feature engineering of the data greatly enhanced the quality of the input data and contributed to more predictive performance. The most effective of the algorithms put into consideration was transformer-based BERT model, and the most effective of the traditional machine learning methods was the Support Vector Machine (Alantari et al., 2022). The results also proved that consumer sentiment together with the engagement indicators as likes and retweets gave valuable information concerning customer attitudes and behavioural trends.
[bookmark: _Toc238657788]6.5 Contributions of the Study
The work will contribute to the field of sentiment analysis, which is continuously gaining popularity, by providing a comparison between both traditional machine learning and deep learning models on the same dataset, preprocessing steps, and evaluation. The study shows that there is a practical significance in the combination of Natural Language Processing and sophisticated classification methods in consumer behaviour analysis (Adak, Pradhan and Shukla, 2022). The research gives evidence on the relative strength of various algorithms and the strengths of transformer-based models in analysing sentiment on social media. The results provide valuable scholarly and practical information on sentiment analysis studies and business practices in the future.
[bookmark: _Toc238657789]6.6 Limitations of the Study
The research has a number of limitations which ought to be put into consideration when interpreting the results. Only one publicly available social media dataset was used to perform the analysis, and this dataset might not reflect all industries, regions and online platforms. The researchers focused on 6 selected classification models and had never experimented with other emerging artificial intelligence technologies (Sharma, Ali and Kabir, 2025). In addition to this, the consumer behaviour was elucidated predominantly, on the foundation of a textual sentiment and engagement measures without the involvement of demographic or psychological variables. These limitations may have implications on generalizability of the findings to the bigger consumer environments.
[bookmark: _Toc238657790]6.7 Recommendations for Organisations
Organisations should consider sentiment analysis as a normal part of the business intelligence and customer relationship management process of business in order to stay up to date with the changing consumer sentiment. More advanced transformer-based models will be investigated in more complex scenarios where accuracy in the sentiment classification is required, but the traditional machine learning models can still be used in low-computational environments. The companies are recommended to apply sentiment analysis and indicators of engagement to identify the expectations of the customers, the effectiveness of the marketing, and take immediate action on the arising issues (Shin et al., 2025). Constant monitoring of the social media discussion can assist in making good decisions, creating improved customer relationships, and becoming more competitive.
[bookmark: _Toc238657791]6.8 Recommendations for Future Research
More and more heterogeneous social media data should be compared on multi-industry and multi-language basis, which requires further research. Future studies have the potential of comparing more up-to-date transformer structures, multimodal input (images and videos) and real-time sentiment analysis to predict consumer behaviour and make better decisions.
[bookmark: _Toc238657792]6.9 Concluding Remarks
This paper has demonstrated that sentiment analysis that is supported by Natural Language Processing and the latest artificial intelligence tools can be successfully used to inform consumer behaviour. The results proved the usefulness of deep learning models, and especially BERT, and emphasized on the practical usefulness of sentiment analysis in making evidence-based business and marketing choices.
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