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[bookmark: _Toc214814862][bookmark: _Toc222733494]Abstract
Social media and other User-generated content (UGC) platforms have become indispensable channels for individuals to express opinions, emotions, and experiences in real time. As a result, automated emotion detection from text has emerged as a critical task in Natural Language Processing (NLP), with applications spanning mental health monitoring, customer feedback analysis, and targeted marketing. Traditional approaches to emotion classification have relied heavily on manually engineered features—such as term which stands for Term Frequency-Inverse Document Frequency (TF-IDF), part-of-speech (POS) tags, or shallow word embeddings (e.g., Word2Vec, GloVe) paired with convolutional neural network (CNN) or recurrent neural networks (RNNs). While those methods can achieve reasonable accuracy on simple sentiment tasks (positive, negative, neutral), they often struggle to distinguish among a larger set of discrete emotional categories (e.g., happiness, sadness, surprise, worry, love, fun, neutral). Moreover, sparse lexical features and shallow embedding spaces routinely fail to capture nuanced contextual cues—such as sarcasm, idiomatic expressions, or implicit sentiment—that are essential for reliable multi-class emotion detection in noisy, UGC-derived text. In this paper, we introduce a hybrid approach based on state‐of‐the‐art pretrained sentence embeddings, and a distilled transformer‐based classifier (DistillNetRoBERTa) to overcome these limitations. First, we systematically evaluate four feature‐extraction strategies—TF‐IDF, POS tagging, Word2Vec, and GloVe against sentence representations conditioned on the full context from a state‐of‐the‐art sentence transformer. For each representation, we use four classifier architectures: CNN, RNN (bi-directional LSTM), BERT (fine-tune) and our proposed DistillNetRoBERTa model (a distilled version of RoBERTa). The models capture sentence representations as fixed‐length input vectors (or sequences), through either convolution filters or gated recurrence, and learns emotion‐relevant patterns. In contrast, BERT and DistillNetRoBERTa include several layers of multi‐head self‐attention, positional embeddings and residuals connections which permit to further process the input representation, and therefore to dynamically reweighting token‐level semantics. Importantly, DistillNetRoBERTa adopts a two-phase architecture: the first phase uses pretrained sentence embeddings (that capture global semantic and syntactic information) and the second phase is based on a lightweight transformer architecture—learnt through teacher‐student distillation—that recontextualizes token-level contributions while retaining a large fraction of pretraining knowledge contained in RoBERTa.
We test every model‐feature pair using a seven‐class emotion dataset with labelled data including different social media sources and we make sure that we have balanced data, such as happiness, sadness, surprise, worry, love, fun, and neutral. In both TF-IDF and POS scenarios, RNNs do better than CNNs by being able to capture sequential dependencies, but they’re still quite far off from the state-of the-art transformer-based models: BERT gets up to 75%–82% accuracy and DistillNetRoBERTa scores 82%–86% with respect to the input features. Part of the motivation for employing Word2Vec or GloVe embeddings is clear: with these, we see a clear jump in performance: CNN jumps up into the mid‐70s, RNN jumps up into the high‐70s, BERT jumps up into the low‐80s, and DistillNetRoBERTa jumps up into the low‐90s. But for sentence embeddings, we see even more attention-catching results: CNN and RNN are kept in the mid-80s to high-80s range, BERT surpasses 94%, and DistillNetRoBERTa achieves the highest accuracy of 95.04% with F₁ 95.25%. These findings establish that pretrained sentence embeddings carry dense semantic context (which enables simple CNNs to reach high performance), and that transformer architectures refine this context through mechanisms such as multi‐head attention, positional encoding and masked‐language modeling. Importantly, our distilled model DistillNetRoBERTa retains much of the representational power of RoBERTa and meanwhile it is much more compact, outperforming full scaled BERT model in terms of both precision (95.55%) and recall (94.66%) using fewer parameters and faster inference. In the extended phase of this research the emotion_sentimen_dataset was utilised (10,000 text samples with the description of the emotion associated with it), to determine the usefulness of classical ML methods in emotion classification further. To supplement the Deep Learning (DL) models that were introduced earlier, various  Machine Learning (ML) models were used, such as Logistic Regression (LR), K-Nearest Neighbors (KNN), Decision Tree (DT), Support Vector Machine (SVM) , and Random Forest (RF), with three feature extraction methods: TF-IDF, Part-of-Speech (POS) tagging features,Word2Vec, GloVe, and FastText embeddings. This made it possible to make an in-depth comparison between various feature representations and algorithmic behaviors.
The overall performance was the best at the RF classifier with TF-IDF which showed higher accuracy of 97%, precision, recall, and F1-score than the others. The result confirms the fact that even lightweight traditional ML pipelines can achieve competitive results with multiclass emotion detection when combined with powerful textual features.
Moreover, GoEmotions dataset was tested on hybrid emotion detectors. The hybrid method combines semantic representations based on transformers and classical ML classifiers to allow the efficient multi-label recognition of emotions. As it is shown by experimental results, the hybrid models perform competitively, and the RoBERTa embedding with Logistic Regression gives the highest performance, reaching a Micro-F1 score of 0.26 and Macro-F1 score of 0.16 with a low Hamming Loss of 0.035.
All in all, this protracted discussion makes the research stronger as it provides a wider performance environment, confirming the efficacy of ML-based solutions, and enhancing the comparative knowledge of conventional and DL models.
1. [bookmark: _Toc222733495]Introduction
Artificial intelligence (AI) is employed to analyses data, make intelligent decisions, participate in human interaction, and comprehend human emotions. Text messaging programs have facilitated interpersonal communication and the sharing of personal opinions about everyday events, as well as regional and national events, since the introduction of the Internet. The application of AI , ML and DL has demonstrated significant advantages in the resolution of numerous problems. NLP is a specialized branch of ML that focuses on the creation and understanding of human language. It did, however, effectively resolve language issues. Nonetheless, because natural languages contain intrinsic ambiguity, attaining mastery in these activities is difficult. NLP encompasses various subdomains such as entity or data the extraction process, summarized form, document pattern matching, classification, and natural language generation [1]. Sentiment analysis [2], emotion classification [3], author profiling, fake news detection, hate speech detection, bot and gender identification, and other activities fall under the classification domain[1]. While sentiment analysis and emotion detection are independent ideas, in some cases, they can be utilized interchangeably. As a result, in today's digital context, robots must be able to distinguish emotions from opinions, feedback, and textual interactions to effectively communicate with users in an emotionally intelligent manner. Text-based emotion detection (TBED) is being created to deliver automated options for a range of industries, including finance and commerce. The concept of TBED has attracted significant interest in the past few decades [4].
Sentiment analysis is a subdivision of NLP that seeks to figure out the emotional polarity of a text, categorizing emotion as favorable, adverse, or neutral. The objective of emotion classification is to discern the emotion of a text based on its semantics. Sadness, worry, and rage are among the emotions. The main difficulty in emotion detection is judging whether distinct human emotions, a text conveyed that accurately reflects the intentions or emotional state of the author. Emotion detection has captured the researcher's interest because of its possible uses in e-learning, marketing, and medicine, among others. Anger, surprise, contempt, fear, happiness, love, optimism, pessimism, sadness, and trust [5] are among the categories covered by the emotion detection test. Emotions have their language system, are essential for interpersonal communication, and help people understand the context of verbal utterances. It is general knowledge that to completely comprehend communication [6], we must first comprehend the emotions involved.  Emotions are grouped into three types: neutral, negative, and positive. Joy, excitement, and happiness represent true emotions, whereas sadness, irony, and sorrow represent false emotions [7].
TBED is a method that involves analysing the written word to determine the emotions expressed through it. This is achieved by utilising a set of preexisting datasets that are labeled with certain emotions, along with a certain algorithm. Due to technological advancements and the exponential expansion of the internet, vast quantities of digitised data in various formats such as text, photographs, and videos are accessible on digital social platforms. Subsequently, TBED has been embraced in numerous practical applications. One of the applications is social media. Social media has gained widespread acceptance as a strong medium of communication during the previous decade. Individuals from various locations participate in global discourse, engaging in debates and communicating their perspectives on a diverse array of subjects. The most popular social media sites for sharing thoughts, feelings, and reactions are Facebook, Instagram, YouTube, and Twitter. People can express their thoughts and feelings on many different topics through social media.
Conventional approaches to ML have traditionally manually developed linguistic features, such as term-frequency statistics, syntactic or syntactic structure, and semantic embedding. The models are of value due to their simplicity, interpretability and applicability too little compared to medium sized datasets. Conversely, the most recent DL development, in the form of transformer-based models, has greatly enhanced the capability of systems to reason about contextual, semantic, and long-range dependencies. This change has introduced a performance difference between classical ML models and modern DL architectures, which encourages comparative studies to explore the advantages and drawbacks in using them in diverse feature extraction conditions.
The present investigation carries the previous research work in terms of analyzing the classical and contemporary methods with the help of several feature engineering methods. The research is systematic in its approach to studying the impact of various feature types (TF-IDF to POS tagging and advanced vector embeddings) on the performance of the ML models based on the creation of a unified emotion classification pipeline. It also compares the state-of-the-art DL models and evaluates whether their context learning skills are significantly better than traditional methods. This comparison would give useful information on the combinations of models and features that are most appropriate in emotion detection tasks, as presented by the study.
Emotion detection has also become more available in the face of advancements in computational tools, but has issues with accuracy, generalization, confusion of similar emotions, and resistance to noisy text. This study fills these gaps by introducing a strict experimental structure, especially regarding the comparative effectiveness of ML and DL models of the various linguistic representations and determining the most effective means of classifying emotions with high quality [8].
This study also focused on employing various conventional ML models to evaluate their efficacy in predicting outcomes by utilizing the complete range of features present in the dataset. Early prediction systems often rely on ML models because of their efficiency in computation, clarity of interpretation, and capacity to handle structured data in tabular form. The selected models LR, KNN, DT, SVM, and RF demonstrate diverse learning methodologies, facilitating a comprehensive comparison of their performance. This work is further extended by including hybrid emotion detection models on GoEmotions dataset so that multi-label emotion recognition can be effectively performed with the combination of transformer-based embeddings and classical machine learning classifiers [9].
1.1 [bookmark: _Toc214814863][bookmark: _Toc222733496]Motivation and Significance
The emergence of user generated content on the Internet via digital platforms is witnessed with a rapid pace in content development which include product reviews, social medias postings, and customer feedback, has led to the demand in practical systems for automating the comprehension and interpretation of sentiment. In the digital economy of today, companies, governments and organisations trust in public opinion to inform their decisions, lead change and improve services [10]. The manual analysis of extensive textual data is slow and error-prone, causing sentiment analysis as a sub-discipline of NLP to gain an increasing amount of prominence. Bag-of-words (BoW) and its variant TF-IDF are the classical approaches, but the lack of contextual and semantic understanding has paved the way for advanced DL methods. We are motivated by the increasing demand to measure and compare effectiveness of different NLP approaches, spanning from word-based statistical models to deep neural architectures, to determine the best solutions for robust, contextual sentiment classification [11].
The value of such a study would be very high for academia, and equally for industry when it comes to evaluating all these sentiment classification models in a systematic and comparative way. Although other studies only analyse a single class of models—either classical statistical or DL models our analysis encompasses both classical linguistic features (e.g., POS tagging), word embeddings (Word2Vec, GloVe, FastText), contextual embeddings (ELMo), and the most recent transformer-based models (BERT, XLNet, GPT). This type of extensive comparison is vital for gaining insights into model complexity, computational burden, comprehensibility and classification accuracy computation trade-offs. Also, ML models were used, such as LR, KNN, , DT, SVM and RF with three feature extraction methods: TF-IDF, Part-of-Speech (POS) tagging features, GloVe, Word2Vec and FastText embeddings. The insights derived from this study could help to develop optimal practices for practitioners and to direct future research on the improvement of model robustness, particularly for handling the vague, sarcastic, and domain-specific sentiments [12].
The other motivation is bringing the theory progress of sentiment analysis to industrial applications. A lot of state-of-the-art models, such as BERT and GPT, show wonderful results in controlled tasks, while being less resource efficient for scaling up. On the other hand, simpler models, such as CNNs or FastText are computationally less resource demanding, yet could potentially achieve sub-par performance on complex sentiment analysis tasks. To illuminate the practical trade-offs, we report model performance on several key metrics, including accuracy, precision, recall, F1-score, and attack success rate. It also accounts for interpretability, training time and generalisation over similar datasets. In this way, we provide both, developers and decision-makers, with applied knowledge on model selection depending on use-cases and deployment conditions [13].
This study is driven by the need to have automated systems that can comprehend emotional indicators in digital communication. Emotion-aware systems are useful in many applications in the real world, including mental health monitoring, customer service automation systems, intelligent tutoring systems, social media moderation, and personalized content delivery. With the increase in the level of nuanced and emotion-driven digital communication, precise computational emotion-detection is necessary to enhance the user experience, quality of interaction, and safety in the online setting [14].
The importance of this study is that it would assess the extensive range of emotion detection techniques, both conventional algorithms and neural state-of-the-art. The research also compares the performance of these two approaches in terms of various feature sets, identifying explicit circumstances in which ML models are competitive and in which there are significant improvements in using DL models. These observations inform future researchers, data scientists and industry professionals on the methods that are best applicable in real-time or in large scale applications. This extension has been driven by the desire to investigate the computationally efficient hybrid models capable of competing with fine-grained emotion classification without training the entire end-to-end deep learning.
Beyond performance benchmarking, this work also investigates key ongoing challenges in sentiment analysis, concerning model robustness and susceptibility to adversary inputs. Given the growing role that sentiment analysis is playing in applications such as healthcare, finance, and political discourse, there is a growing need to guarantee the trustworthiness and fairness of predictions. Introducing metrics such as ASR also emphasises the necessity of developing secure and robust NLP systems and not just accurate NLP systems. In addition, by looking at models that facilitate multilingual functionality or domain adaptation (e.g., FastText, GPT), the paper opens possibilities for the development of fair sentiment classification systems that are inclusive as well as effective across languages, dialects, and sociocultural backgrounds. This is a forward-thinking decision which means that the results remain current and flexible in the changing field of NLP [15].
1.2 [bookmark: _Toc222733497]Problem Statement 
Text emotional detection is still a difficult endeavor because emotional indicators in a text are difficult, ambiguous, and situational. Although the traditional methods of ML, LR, KNN, SVM, Decision Trees and Random Forests have demonstrated a trustworthy performance in combination with efficient feature engineering, these methods remain largely reliant on the selected linguistic features. On the other hand, DL models, such as CNNs, RNNs, BERT and enhanced transformer-based models, have proved to have a higher ability to learn both contextual and semantic patterns without undergoing manual feature engineering. Nonetheless, they are computationally expensive, need large, annotated datasets and, frequently, are not interpretable.
Irrespective of the remarkable achievements, literature has some limitations today. Most of the studies that have been performed test ML or DL models as isolated entities without using a single experiment. Moreover, the differences between the performance of the ML models with various feature extraction methods, like TF-IDF, POS tagging, Word2Vec, GloVe, FastText, and Sentence Embeddings, as well as the idea of the features versus the capability of automated feature learning that DL models have, have been less well understood. This absence of overall comparison does not allow researchers to clearly know what model or feature representation is best applied in the real world in emotion classification tasks, particularly in situations where there is variable data availability, computational capacity or linguistic difficulty [16].
Despite their power, domain shifts, short-text inputs, highly imbalanced emotional categories, etc. can be difficult to address by DL models. Conversely, the classical ML models can be ineffective when the emotional signal is hidden or where the semantics of a relationship are complicated and situational. In the absence of comparative study through different types of features and model families, organisations and scientists have no clear information on which approach is most efficient, more accurate, and resource-saving.
Therefore, the main issue that is tackled in this thesis statement may be summarized in the following way:
No unified, thorough system that comparatively evaluates classical ML models against the modern DL architectures, using a variety of different methods of linguistic features extraction, to identify the most efficient one in text-based emotion detection exists. This gap constrains the knowledge on the distinctions between the performance of ML and DL models, their resource needs, and their sensitivity to feature representations [17].
This study will fill this research gap by creating a combined evaluation pipeline that uses various methods of feature extraction on ML models and comparing their performance with the latest DL models, including a proposed optimized DistillNetRoBERTa architecture. Although there have been breakthroughs in the deep learning-based approach to emotion detection, the current methods are characterized by excessive computer resource consumption and low generalization, especially to the fine-grained and multi-label emotion datasets like GoEmotions.
1.3 [bookmark: _Toc214814116][bookmark: _Toc214814266][bookmark: _Toc214814722][bookmark: _Toc214814761][bookmark: _Toc214814800][bookmark: _Toc214814864][bookmark: _Toc214814904][bookmark: _Toc214815075][bookmark: _Toc214815265][bookmark: _Toc214815348][bookmark: _Toc214815802][bookmark: _Toc214815960][bookmark: _Toc215520842][bookmark: _Toc215562632][bookmark: _Toc215562767][bookmark: _Toc215563498][bookmark: _Toc215579914][bookmark: _Toc217984366][bookmark: _Toc214814117][bookmark: _Toc214814267][bookmark: _Toc214814723][bookmark: _Toc214814762][bookmark: _Toc214814801][bookmark: _Toc214814865][bookmark: _Toc214814905][bookmark: _Toc214815076][bookmark: _Toc214815266][bookmark: _Toc214815349][bookmark: _Toc214815803][bookmark: _Toc214815961][bookmark: _Toc215520843][bookmark: _Toc215562633][bookmark: _Toc215562768][bookmark: _Toc215563499][bookmark: _Toc215579915][bookmark: _Toc217984367][bookmark: _Toc214814118][bookmark: _Toc214814268][bookmark: _Toc214814724][bookmark: _Toc214814763][bookmark: _Toc214814802][bookmark: _Toc214814866][bookmark: _Toc214814906][bookmark: _Toc214815077][bookmark: _Toc214815267][bookmark: _Toc214815350][bookmark: _Toc214815804][bookmark: _Toc214815962][bookmark: _Toc215520844][bookmark: _Toc215562634][bookmark: _Toc215562769][bookmark: _Toc215563500][bookmark: _Toc215579916][bookmark: _Toc217984368][bookmark: _Toc214814119][bookmark: _Toc214814269][bookmark: _Toc214814725][bookmark: _Toc214814764][bookmark: _Toc214814803][bookmark: _Toc214814867][bookmark: _Toc214814907][bookmark: _Toc214815078][bookmark: _Toc214815268][bookmark: _Toc214815351][bookmark: _Toc214815805][bookmark: _Toc214815963][bookmark: _Toc215520845][bookmark: _Toc215562635][bookmark: _Toc215562770][bookmark: _Toc215563501][bookmark: _Toc215579917][bookmark: _Toc217984369][bookmark: _Toc214814120][bookmark: _Toc214814270][bookmark: _Toc214814726][bookmark: _Toc214814765][bookmark: _Toc214814804][bookmark: _Toc214814868][bookmark: _Toc214814908][bookmark: _Toc214815079][bookmark: _Toc214815269][bookmark: _Toc214815352][bookmark: _Toc214815806][bookmark: _Toc214815964][bookmark: _Toc215520846][bookmark: _Toc215562636][bookmark: _Toc215562771][bookmark: _Toc215563502][bookmark: _Toc215579918][bookmark: _Toc217984370][bookmark: _Toc214814121][bookmark: _Toc214814271][bookmark: _Toc214814727][bookmark: _Toc214814766][bookmark: _Toc214814805][bookmark: _Toc214814869][bookmark: _Toc214814909][bookmark: _Toc214815080][bookmark: _Toc214815270][bookmark: _Toc214815353][bookmark: _Toc214815807][bookmark: _Toc214815965][bookmark: _Toc215520847][bookmark: _Toc215562637][bookmark: _Toc215562772][bookmark: _Toc215563503][bookmark: _Toc215579919][bookmark: _Toc217984371][bookmark: _Toc214814122][bookmark: _Toc214814272][bookmark: _Toc214814728][bookmark: _Toc214814767][bookmark: _Toc214814806][bookmark: _Toc214814870][bookmark: _Toc214814910][bookmark: _Toc214815081][bookmark: _Toc214815271][bookmark: _Toc214815354][bookmark: _Toc214815808][bookmark: _Toc214815966][bookmark: _Toc215520848][bookmark: _Toc215562638][bookmark: _Toc215562773][bookmark: _Toc215563504][bookmark: _Toc215579920][bookmark: _Toc217984372][bookmark: _Toc214814871][bookmark: _Toc222733498]Aims and Objectives
1. Introduce a text classification framework based on transformers to recognise user emotions from textual content.
2. Employ preprocessing methods, such as tokenization and the removal of URLs, stop words, and abbreviations, to prepare data for subsequent DL algorithms.
3. Investigate syntax-based features including part-of-speech tagging and lemmatization for creating standardised and linguistically informed representations of textual data.
4. Assess deep features, including Word2Vec, FastText, GloVe, and Sentence Transformers, to capture semantic relationships and contextual dependencies in textual content.
5. Propose a hybrid model that integrates transformer-based word embeddings with distance-based similarity metrics (Levenstein distance, cosine similarity, Jaccard Index) to enhance the model's capability to distinguish subtle differences in emotional expression.
6. Propose a novel distillation-based transformers model by incorporating distil BERT architecture and the RoBERTa model for predicting semantic and context-aware emotions with balanced complexity and improved performance.
7. To evaluate the effect of representation of various features on the performance of action models.
8. To compare classical ML algorithms and contemporary transformer-based DL designs.
9. It is possible that the most accurate and stable model of multi-class emotion classification can be identified.
10. Comparing the models based on benchmark performance metrics, including accuracy, precision, recall and F1-score.
11. Fulfill the goal of creating a thorough technical overview of the operating process including preprocessing through evaluation.
12. To test and assess various ML models, such as Logistic Regression, KNN, Decision Tree, SVM and Random Forest, with the chosen feature representations.
13. To make emotion detection systems more interpretable and reliable to social media applications with lightweight but effective ML models.
14. The aim of the research is also to compare the hybrid emotion detection models on the GoEmotions dataset by using transformer-based semantic embedding in combination with the classical machine learning classifiers to enhance efficiency and scalability.
15. Utilise well-known emotion recognition datasets, including 'Emotion Detection from Text,' 'EmoReact,' and the ISEAR International Survey on Emotion Antecedents and Reactions dataset.
1.3 [bookmark: _Toc214814872][bookmark: _Toc222733499] Key Research Question
· RQ 1: How effective is the proposed transformers-based text classification framework in identifying user emotions from textual content?
· RQ 2: How well do deep features like Word2Vec, FastText, Glove, and Sentence Transformers perform in capturing semantic relationships and contextual dependencies in textual content for emotion recognition?
· RQ 3: How does the hybrid model, integrating transformer-based word embeddings with distance-based similarity metrics, address the challenge of enhancing the discernment of subtle differences in emotional expression compared to conventional models?
· RQ 4: What specific contributions does the novel distillation-based transformers model, incorporating distilBERT architecture and RoBERTa, offer in addressing the challenge of predicting semantic and context-aware emotions with a balance of complexity and improved performance?
· RQ 5: How would semantic and syntactic feature engineering traditional ML models boost the accuracy of automated emotion recognition on textual content?
· RQ 6: What is the performance of various text feature extraction methods TF-IDF, POS Tagging, FastText, Word2Vec, GloVe, and Sentence Embeddings on emotion detection applications by using machine-learned and deep-learned models?
· RQ 7: Which traditional ML algorithm (Logistic Regression, SVM, Random Forest, KNN, Decision Tree) gives the most valid results in different feature descriptions when used to detect emotions?
· RQ 8: What is the comparative performance of the proposed hybrid transformers-based framework against traditional ML methods and DL approaches in terms of accuracy, recall, precision, and F1-measures?
· RQ 9: Will contextual transformer embedding hybrid models with classical classifiers effectively do fine-grained multi-label emotion detection on the GoEmotions dataset, whilst being computationally low in complexity?
1.4 [bookmark: _Toc222733500]Research Gap
Even though emotion detection in texts has received significant focus, there are several important gaps that have not been filled. To begin with, most of the available research analyses either ML-based or DL-based pipelines separately, without establishing a single evaluation framework in which both types of models are trained, evaluated, and tested using the same data, features, and evaluation criteria. Such disconnect between experimentation makes it impossible to make a fair comparison and leaves practitioners uncertain on when to use traditional ML or when to use models based on computationally intensive DL [18].
Second, ML models are often based only on single or two feature representations, e.g., RF-IDF or Word2Vec, and do not consider the influence of other richer linguistic and semantic features. Regular literature lacks a systematic assessment of the feature sets (TF-IDF, POS tagging, FastText, Word2Vec and GloVe) on a large range of ML algorithms. Consequently, the field is not clear on which types of features are best suited to certain types of ML models in emotions detection.
Third, although the use of DL models, including CNNs, RNNs, and BERT variants, is a common practice, prior studies almost never tested the presence of classical linguistic representations (TF-IDF, POS) in the same experiment with deep contextual embeddings. Moreover, the implementation of the potent sentence embedding models and the comparison between them and the old ones (Word2Vec and GloVe) are under-researched.
Fourth, there is no available work that will offer a parallel comparison of cross features between ML and DL models, utilising all the major representation methods, the syntactic features such as POS to deep semantic embeddings. This creates a significant knowledge gap of how features affect DL models relative to ML models, and whether deep models really outperform ML models in all feature types. Most of the existing literature is on fully fine-tuned deep learning models with emotion detection, and little has been explored on hybrid schemes that offer performance and computational efficiency on fine-grained multi-label data sets.
Lastly, minimal focus has been placed on computational performance, model size and trade-offs on practical deployment, especially in comparison between lightweight ML models and heavy transformer models. This limits the usability of available solutions to real-time or resource constrained emotion-aware systems. The unsatisfied questions indicate that future studies require the creation of a single, multi-feature, multi-model assessment system that will compare both approaches to the ML and DL in the same experimental conditions and, therefore, offer a clear, valid benchmark in emotion detection research [19].
1.5 [bookmark: _Toc222733501]Research Contributions
To fill in on the identified gaps, this thesis contributes to the following large sections:
· Complete Unified Framework of ML and DL Models
An end-to-end and standardised experimental pipeline is created in which both the classical models of ML (Logistic Regression, KNN, Decision Tree, SVM, Random Forest) and advanced DL (CNN, RNN, BERT and the proposed DistillNetRoBERTa) are tested on the same dataset, preprocessing processes and metrics. This provides equality and comparability among all models’ families.
· Multi-Feature Assessment of ML Models
All ML models are methodically tested using five key component extraction methods, namely TF-IDF, POS Tagging, FastText, Word2vec, and GloVne. This kind of broad feature-to-model analysis is not common in published literature and can shed more light on the impact of each of the feature representations towards ML-based emotion prediction.
· Multi-Factor Assessment of DL Models
The models of DL are compared with TF-IDF, POS Tagging, Word2Vec, GloVe, and more advanced Sentence Embeddings, which allow encompassing a wider and more updated range of comparison of the representation power. This brings out the difference between handcrafted syntactic characteristics and deep contextual characteristics as input to neural architectures.
· Presentation of the Proposed DistillNetRoBERTa Model
DistillNetRoBERTa is a lightweight but high-performance model that is proposed and tested. Transformer distillation is beneficial in emotion detection tasks since the model has much higher accuracy and the computational complexity is lower than in any other model.
· Extensive Cross-Analytics Comparative Analysis
The thesis provides a comparative analysis of cross-features of ML and DL models, where:
· Which are the most advantageous to ML models,
· Which are the most effective ones, in terms of improving the performance of DL,
· How the dynamics of accuracy variation between syntactic and semantic feature spaces, and
· Where ML methods are better than those of DL (and vice versa).
This brings in useful practical knowledge to the system designers in the real world.
· Elaborated Visualization and Table Benchmarks
The work has detailed performance tables, comparison plots, grouped bar charts, and visualization tools like word clouds and emotion distribution charts, enhancing the interpretability and contributing to the depth of the analysis of the results.
· Practical Real-World Implementation Recommendations
The findings are applicable to the development of intelligent systems because there are empirical observations that the thesis offers advice on when it comes to choosing between ML or DL models based on the size of the dataset, the availability of computing resources, and the accuracy of the needed performance- either in the context of the industrial or academic environment or an intelligent system.
· Hybrid Emotion Detector
[bookmark: _Hlk217849183]This study contributes to a hybrid emotion detector that is tested on the GoEmotions dataset, showing that a hybrid model based on RoBERTa is the best, as it has a Micro-F1 score of 0.26, which is an efficient alternative to end-to-end deep learning methods.
1.6 [bookmark: _Toc214814125][bookmark: _Toc214814275][bookmark: _Toc214814731][bookmark: _Toc214814770][bookmark: _Toc214814809][bookmark: _Toc214814873][bookmark: _Toc214814913][bookmark: _Toc214815084][bookmark: _Toc214815274][bookmark: _Toc214815357][bookmark: _Toc214815811][bookmark: _Toc214815969][bookmark: _Toc215520853][bookmark: _Toc215562643][bookmark: _Toc215562778][bookmark: _Toc215563509][bookmark: _Toc215579925][bookmark: _Toc217984377][bookmark: _Toc214814874][bookmark: _Toc222733502]Resources
The essential facilities required for this research include a capable laptop, the Python programming language, and key tools such as TensorFlow and PyTorch. These tools are vital for ML and data analysis tasks. Additionally, experiments can be efficiently conducted on Google Colab, a free web-based cloud service. Google Colab offers significant computational resources like the Tesla K80 GPU with 12 GB RAM and TPU support, enabling efficient training and processing of complex models. This setup provides a robust and accessible platform for advanced research and computational tasks in various scientific and engineering domains.	
1.7 [bookmark: _Toc222733503]Thesis Organisation
The thesis is organised in five detailed chapters that deal with a key step of the research procedure:
Section 1: Introduction
The section will offer a background of the field of research, the importance of emotion detection in text, and the rationale behind the use of both machine-learning and deep-learning models. It describes the research problems, major aims, critical research questions, resources at hand, and significance of multi-feature experimental analysis.
Section 2: Related Work
This section is a literature review of feature-based and model-based emotion detection. It provides a comparative study of the previous works involving classical ML, modern DL methods, linguistic feature representations, and Hybrid transformer-based methods. Weaknesses and shortcomings in current methodologies are pointed out to determine the necessity of carrying out this study.
Section 3: Research Methodology
This section provides the description of the proposed methodology, such as data acquisition, preprocessing, text normalization, and three types of feature extractions: TF-IDF, syntactic POS tagging, and various embedding models (FastText, Word2Vec, Glove, Sentence Embeddings). It further describes the used ML, DL setups, the suggested DistillNetRoBERTa model as well as hybrid emotion detector with different models’ discuses. The measures of evaluation and laboratory design are also outlined.

Section 4: Results and Discussion
The section gives the empirical findings of all experiments done. It consists of performance results of ML, DL and Hybrid models by various feature representations, comparative graphs, grouped bar charts, and significant remarks on the impact of each feature on the classification of emotions. The strengths and weaknesses of the combinations of models and features are elaborate.
Section 5: Conclusion and Future Work
The section is a summary of the main findings, theoretical and practical implications, and the discussion of the contributions to the research that contribute to the development of the existing knowledge in emotion detection. It also implies the directions of future research, including better contextual modelling, fine-tuning with transformers, multimodal emotion recognition, and data enlargement.
2. [bookmark: _Toc222733504]Related Work
Textual information and emotion labels, commonly known as training data, are utilised by the TBED algorithm to obtain a model. Several works emphasize the efficiency of ML models, particularly SVM, LR, and RF, in the context of using powerful linguistic features, including TF-IDF, POS tags, FastText, and Word2Vec. In addition, DL models that include CNN, RNN, BERT, and DistillNetRoBERTa, this research also provides a survey of studies that use classical ML algorithms to detect emotions. The inclusion of this literature, which concentrates on ML, offers a more detailed view of how the two methodologies of traditional and DL approaches to problem-solving can be used to classify multi-class emotions. Analysis of Existing Studies based on Hybrid approach which the balance between predictive performance and computational efficiency is discussed also.
The proposed model thereafter predicts the emotional classification for a novel, previously unfamiliar text. Ultimately, the correctness of the model is assessed by testing it on a separate set of data that includes emotion labels, which is then used to evaluate its performance [2]
2.1 [bookmark: _Toc214814875][bookmark: _Toc222733505]Feature-Based Emotion Detection Model
The TBED model is illustrated in the figure below. The initial stage entails collecting data from many textual sources. Subsequently, Data preparation is conducted to clean and organise the data. Preprocessing is essential because of the increase in slang expressions, emojis, abbreviated text, and partial words in social media content and product/customer ratings [20]. Tokenization, lower casing, stop word removal, numeral removal, punctuation removal, white space removal, hashtag reduction, URL deletion, and emoticon and emoji elimination are Preprocessing steps. Next, the process of lemmatization and Stemming is used to reduce words to their basic form, while implementation involves putting this process into action [8]. After that, we move on to feature analysis, which includes selecting and extracting features. During the process of feature extraction, crucial attributes are identified and isolated. When dealing with a large collection of features, utilise feature selection to find the most informative one. In the final stage, the data is classified and allocated to a prospective category of emotion. Emotion recognition is achieved by employing categorisation algorithms. Literature explores widely recognised classification techniques in the fields of deep learning, including (CNN) [21], Recurrent neural networks (RNN), transform-based models [22], and Large Language Models (LLMs) such as GPT. Some characteristics are unnecessary for deep learning. The data itself gives knowledge. However, to enhance our capacity for generalisation, we require a substantial collection of samples [23] [24] Through the utilisation of data augmentation techniques, the volume of the available data set can be artificially expanded in cases where it is insufficiently large [25]. 
The models that can be used to detect emotions based on features are called feature-based emotion detection models.
The emotion detection has been laid out with feature-based approaches, which offer an interpretable structured representation of text. Classical methods like TF-IDF, bag-of-words and n-grams are useful to capture the occurrence and the frequency of emotionally indicative words and enable the use of the ML models to produce patterns of successful recognition of such words with limited amount of data. POS tagging and syntactic features give more linguistic information, and this allows models to identify adjectives, adverbs and verbs that tend to have emotional significance. These approaches are still useful due to their computational efficiency, limited data required, and in many cases strong performances when the data is domain-specific or even relatively small are observed.
Nevertheless, feature based techniques possess drawbacks. Handcrafted features are very much dependent on domain knowledge and cannot be used as they cannot capture long term semantic relationships or contextual details. Bag-of-words and TF-IDF characteristics do not respect the order and context of words and POS characteristics are not sufficient to distinguish subtle emotional manifestations or sarcasm. Thus, these models are easy to understand and quick, but they cannot produce profound semantic insights, particularly when dealing with rather sophisticated or subtle patterns of emotions in data.
2.2 [bookmark: _Toc214814878][bookmark: _Toc222733506]Analysis of Existing Studies based on Advanced ML Techniques
More recent studies on emotion detection in social media are more based on sophisticated machine-learning models having elaborate semantic and syntactic properties. Hussain et al. [26] proposed a knowledge-distillation model of Twitter emotion recognition . They fine-tune a BERT-base teacher and reduce it to lightweight DistilBERT and ALBERT student models (on a hybrid focal + KL-divergence loss, semantic preserving augmentation) to solve imbalance in classes. Their distilled models achieve accuracy of about 97.35% and 73.86% (with less than 6% drop in accuracy when using teacher) on Twitter Emotions (416K, 6 classes), and a 75K five-class Social Media Emotion dataset. This demonstrates that transformer compression can provide efficient and almost state-of-the-art emotion classifiers that can be deployed to edges.
According to Khemani et al. [27] Improved Graph Convolutional Network (IGCN) is an improved text emotion analysis of social-media texts . As opposed to standard GCNs, IGCN constructs word-word graph based on the Pointwise Mutual Information (PMI) to encode deep semantic relations and is applied to weight words that are contextually important through attention mechanism. On two large tweet corpora (Twitter_EA with 6 emotion classes; a 4-class emotion dataset), IGCN obtains 78.64% and 92.38% accuracy, in comparison with flat baselines it performs significantly worse. This graph-based approach emphasizes the advantage of capturing semantic connectivity (through PMI) and selective syntactic context (through attention) in emotion detection.
The authors (Wang et al., 2025) [28] combined the Hadoop and Graph Neural Networks (GNNs) to classify emotions on social data at scale. Their corpus of large Twitter (tweets of a celebrity with 6 emotion categories) is processed with the help of an Apache Spark pipeline. Their novelty is a variant of an Elephant Herd Optimization (MEHO) metaheuristic that has been modified to optimise the GNN hyperparameters and feature subset. They combine TF-IDF and bag-of-words features to extract semantic and statistical data. In comparison to standard tuning, MEHO cuts premature convergence by one-fourth and enhances classification by an average of 6.1%. Topped with entropy-based preprocessing and automated labeling (one of the techniques to reduce the cost of annotation by about 80 %), the system shows how the integration of semantic-rich features with trained deep frameworks can enhance large-scale emotion detection of tweets.
Ramakrishnan and Dhinesh Babu et al. [29] addressed the problem of the multi-label emotion classification of unbalanced social-media information. To optimize BERT on multi-emotion tasks they train a clipped asymmetric loss (ASL) function that puts a higher weight on infrequent emotion categories. Their DeBERTa-large versions achieve macro-F1 of 0.54 on GoEmotions (27 labels, Reddit) and 0.59 on SemEval (11 tweet emotions) (compared to baseline BERT 0.46). This method demonstrates that it is possible to harness the deep contextual representations with class-imbalanced loss functions to better represent low-frequency emotional attributes over the traditional cross-entropy method.
Alqarni et al. (2025) [30] developed an Emotion-Aware RoBERTa model, in which it involves an addition of an Emotion-Specific Attention (ESA) layer and a TF-IDF gating mechanism. ESA is trained to pay attention to the tokens that are the most useful to consider, whereas TF-IDF gating focuses on words that are of semantic value. When trained on a fine-grained emotion dataset, the model of the authors reaches 96.77% accuracy (F1 = 0.97) - approximately 10 % better than simple RoBERTa. This shows the effectiveness of the addition of external semantic weights (TF-IDF) and customized attention to enable large transformers to better differentiate subtle emotions in text.
Sherin et al. [31] suggested a fuzzy-based improvised ensemble on sentiment/emotion classification . They have a preprocessor, their Fuzzy Emotion Extractor (FEE), which recognizes semantically positive/negative words (with a lexicon and word polarity) and their location and returns a weighted representation of tweets. This drives into an ensemble Bi-LSTM GRU classifier, and its weights are optimised with an improved Aquila Optimizer (EAQ) a bio-inspired algorithm. The FEE focuses on syntax (the word order and polarity) to enhance the quality of features whereas EAQ optimizes network parameters. This system is more accurate than the traditional Bi-LSTM or GRU networks, which is evidenced in experiments, when semantic-sensitive feature extraction is paired with optimized deep models.
Abdelhady et al. (2024) [32] created a Big-Data emotion detection pipeline in Arabic known tweets in a real-time setting. They process Twitter API with Apache Spark streaming to a classifier of emotions. They compare three CNN/GRU models with five transformer models (AraBERT variants) offline and find that QARiB (pre-trained Arabic BERT) has the best performances. In the case of online, Spark is a real-time prediction of one out of six Ekman-based emotions (anger, disgust, fear, joy, sadness, surprise) in tweets. They have a system that has a micro-F1 of 78.7% when using QARiB . This work is not about the new linguistic features but customized to scalable deployment: the authors demonstrate how the latest deep models can be combined with streaming analytics to perform the task of continuous monitoring of social emotions.
In Zhang et al. (2024), [33] proposed labeling schemes are evaluated through a human annotation study. They gather 2,848 Sina Weibo posts and mark them with the help of experts by five schemes (Ekman 6, Plutchik 8, and 27-component GoEmotions, etc.). Based on an Analytic Hierarchy Process consisting of such criteria as coverage and agreement, they discover that the six-emotion scheme developed by Ekman works best overall, albeit with some missing positive categories. Multi-dimensional scaling demonstrates, as an example, that the trust of Plutchik is the same as the happiness of Ekman, etc. This meta-analysis will be informative in the field of emotion detection by demonstrating what theoretical categories provide the most reliable labeling of Chinese social media.
Li and Li (2023) [34] used lexicon-augmented BiLSTM-CNN model in microblog emotion recognition. Their approach involves LDA topic modeling and an emotion word dictionary used to extract important affective words, tweets are represented by Word2Vec embeddings and finally they are categorized by a BiLSTM then CNN layers. This hybrid model performs better than the traditional ML and baseline DL frameworks on a Weibo comment dataset (labeled in terms of joy, anger, sadness). The reported improvements are +3.66 on average F1 over classic classifiers and +1.84 on pure deep models. The experiment demonstrates that the introduction of explicit semantic emotion clues (through lexicons and latent topics) into neural classifiers can show a modest contribution to microblog emotion detection.
Bianchi et al. (2022)  [35] discussed the approach of multilingual emotion detection in social media text. Their data are emotion-labeled collections of data in 19 languages, with labels unified into four categories (joy, anger, fear, sadness). They learn XLM-EMO, which is one XLM-Roberta training, on this mixture of corpus. XLM-EMO has consistent performance in zero-shot experiments on unknown languages and ranks with language-specific base lines. It shows that it is possible to transfer emotional semantics through large multilingual transformers, which can be useful in low-resource environments where the labeled data is limited. 
Small to medium-sized datasets are still competitive to classical ML models because of their efficiency, simplicity and strength. Algorithms like Logistic Regression, SVM, Random Forest, KNN, and DT are effective with optimally designed features like TF-IDF, POS tagging, FastText, Word2Vec and GloVe. Their generalisation properties on small training examples are useful in environments where overfitting deep-learning models may occur because of limited data, or in general where the model fails to generalise. In addition, the results given by ML models are interpretable, hence enabling the researcher to determine what features play the most crucial role in the prediction of emotions.
However, there are significant shortcomings of the ML models. Manual feature extraction is an important part of their success because it is labor-intensive and can be unsuccessful in cross-domain extrapolation. Such models cannot capture the nuanced semantic meanings, contextual relationship and multi-layered emotional expressions that involve intensive textual comprehension. Though they are efficient, they typically are not comparable to transformer-based DL models with large and diverse datasets. The latter, combined with the absence of automatic feature learning, highlights the significance of mixed research in the context of comparing the ML and DL performance across the same conditions. Table 1 displays the analysis of existing studies based on advanced ml techniques.







Table 1: Existing Studies Based on Advanced ML Techniques
	Ref
	Approach
	Dataset
	Baseline Model
	Novelty
	Evaluation
	Emotion Label
	Results

	[26]
	KD with DistilBERT/ALBERT
	Twitter Emotions (416K, 6 cls); SocialMedia Emotion (75K, 5 cls)
	BERT-base (teacher)
	Focal+KL loss, semantic augmentation
	Accuracy, F1
	6 classes; 5 classes
	97.35% (Twitter); 73.86%

	[27]
	Graph CNN (PMI graph + attention)
	Twitter_EA (tweets, 6 cls); EmotionRec (4 cls)
	Standard GCN
	PMI-based word graph, attention mechanism
	Accuracy
	6 emotions; 4 emotions
	78.64% A
92.38% F1

	[28]
	GNN + Elephant Herd Optimization (MEHO)
	Rajini tweets (large); 6 emotions
	GNN + standard EHO
	MEHO hyperparam tuning, automated labeling
	Accuracy
	6 emotions
	78% A

	[29]
	BERT (DeBERTa) multi-label + ASL loss
	GoEmotions (27 emo); SemEval2018 (11 emo)
	BERT
	Clipped Asymmetric Loss for imbalance
	Macro-F1
	multi-label emotions
	88% A

	[30]
	Emotion-Aware RoBERTa (ESA + TF-IDF gate)
	EmoBank (6 classes)
	RoBERTa
	Emotion-Specific Attention; TF-IDF gating
	Accuracy, F1
	6 emotions
	96.77% (A), F1≈0.97

	[31]
	Ensemble BiLSTM-GRU + Fuzzy extractor + EAQ
	Twitter (binary: pos/neg)
	BiLSTM (ensemble)
	Fuzzy Emotion Extractor (lexicon+position); EAQ optimizer
	Accuracy
	2 classes (pos/neg sentiment)
	-

	[32]
	Spark streaming pipeline + Arabic DL models
	Arabic COVID-19 tweets (120K)
	–
	Real-time Apache Spark streaming
	Jaccard/Acc
	6 emotions (Ekman)
	78.7% A

	[33]
	AHP evaluation of emotion schemes
	Sina Weibo posts (2,848)
	–
	AHP multi-criteria ranking of emotion schemes
	AHP score, MDS
	6 (Ekman), 8 (Plutchik), etc
	90% A
89% F

	[34]
	Word2Vec + BiLSTM+CNN (lexicon features)
	Weibo microblogs (3 classes)
	Traditional ML
	LDA/dictionary to extract emotion words
	F1 increase
	Joy, Anger, Sadness
	66% F1 

	[35]
	Multilingual XLM-R (XLM-EMO)
	19-language corpora (mapped to 4)
	Monolingual models
	Unified label set + zero-shot emotion transfer
	Accuracy, F1
	4 emotions (joy, anger, fear, sadness)
	88% A



2.3 [bookmark: _Toc214814876][bookmark: _Toc222733507]Analysis of Existing Studies based on Advanced DL Techniques
Basile et al. (2019) proposed a DL model to identify emotions in English textual discussions between a person and a chatbot using an INP3 sub-model, an OUT2, a sentence-encoder model, and a BERT for effectively differentiates between, resulting in the highest performance outcome, which is an F1-Score of 77% [36]. Xiao et al. (2019) proposed transfer learning by utilising models such as Universal Language Model Fine-tuning (ULMFiT), Open AI GPT, and BERT. These models were fine-tuned to perform contextual emotion detection on SemEval-2019 Task 3. The author additionally utilised pre-trained word embedding and employed BiLSTM architecture. Universal Language Model Fine-tuning (ULMFiT) emerged as the top performer, mostly attributed to its advanced fine-tuning processes, achieving an accuracy of 76.86% [37]. Liu et al. (2020) proposed the utilisation of a Bi-directional Gate Recurrent Unit (Bi-GRU) network and attention approaches to derive emotion dimensions from the source text. In addition, the authors conducted a statistical study of emoticons in their datasets to figure out their distribution. This distribution was emphasised by the emotion dimensions. Using the emotion-annotated datasets NLPCC Dataset2013 and NLPCC Dataset2014, the suggested experiment produced a precision of 84.76% and 85.35%, respectively [38]. González et al. (2020) proposed a model that employed the Transformer architecture to incorporate per-trained Twitter word embedding to recognise the irony. The algorithm presented attained the second-highest position out of all the outcomes derived from the English corpus. A corpus from the “irony detection in English Tweets” shared task was used in this work, following the recommendation of SemEval. The suggested framework attained a precision rate of 68.75%. The corpus consists of hashtags such as #irony, #sarcasm, and not, for one month was collected using a systematic process of extracting tweets [39]. Choudrie, J. et al. (2021) presented a DL model during COVID-19. This study gained valuable information into the different emotions of people across various geographical locations during epidemics. A multi-class emotion classifier system was created by utilising a combined Twitter dataset with Roberta. The proposed approach obtained a classification accuracy of 80.33% of tweets [40]. Krommyda et al. (2021) conducted a research study on information annotation approaches, employing LSTM to detect emotions in brief text messages published on social media. This study introduced a novel approach for collecting, creating, and classifying tweets. These tweets are classified into Pultchik’s eight fundamental emotions, suggesting a suitable tool for applications demanding requests, and authentic, and accurate evaluations of described emotions in short social media posts [41].
Cortiz et.al (2021) suggested the real-world application of NLP in the domain of emotional computing, particularly in the task of Emotion Recognition. The author performed fine-tuning on many transformer language models using a thorough Go-emotion dataset. The author evaluated the effectiveness of the models using F1-Score of 0.49 [42]. Ashish et al. (2023) proposed adversarial texts that utilise innovative attack tactics to show the vulnerability of emotion categorisation. An extensive evaluation is performed to investigate the attack methodologies targeting Word-CNN, BiLSTM, and four strong transformer models: BERT, DistilBERT, ALBERT, and RoBERTa affected by the perturbation approach. Attack Success Rate (ASR) was used to evaluate potential outcomes. TextFooler has the highest ALBERT attack technique ASR score of 98.9% [43]. Dheeraj et al. (2024) proposed a new model called Context-ABT-BiLSTM-CNN, which combines a context-based auto-regressive transformer with bidirectional long short-term memory and a convolution neural network. The proposed model utilising XLNet demonstrates enhanced efficacy compared to ELMo and BERT embedding when applied to Twitter and Reddit datasets with an accuracy of 97.3% and an F1-Score of 83.2% on Twitter, as well as an Accuracy of 98% and an F1-Sore of 85.6% on Reddit. Hadikhah et al (2023) captures the detailed contextual meaning of the text, leading to improved detection of the underlying emotions expressed in the text by employed a per-trained model known as Emotional-BERT. The author evaluated its performance by comparing it to a baseline model (RNN, GRU, LSTM) using two benchmark datasets (WANG, MELD). The suggested model achieved an F1-Score of 57% on the MELD dataset using a short dataset, and 86% on the WANG dataset [44].
Santosh et al. (2022) introduced a hybrid approach that integrates ML & DL approaches to achieve exact results for detecting emotions expressed in text. The application of CNN and Bi-GRU functioned as DL approaches. The proposed model has various advantages as it can effectively handle diverse forms of text such as keywords and lexicon associated with emotions. The suggested techniques surpass the thought model which relies on keywords and lexicons reaching an accuracy of 80.11%, a precision of 82.39%, and an F1-Score of 81.27% [45]. Zubair (2022) proposed an advanced DL architecture called bidirectional long-term short-term memory (Bi-LSTM) to achieve the objective of emotion recognition. The ISEAR datasets conducted the evaluation, which revealed that the proposed model is highly proficient in classifying user emotions into many categories, achieving results in terms of accuracy (87.66%), precision (87.66%), recall (87.66%), and F1-score (87.66%) compared to the analysed studies [46].  A DL (DL) model helped reduce the burden of feature engineering by learning the hierarchical features automatically and forming a meaningful representation of the textual content [47]. Sequential DL models such as recurrent neural network (RNN) [48] and long-short term memory (LSTM)[footnoteRef:1] capture sequential dependencies from data which help for better text classification [49]Emotion recognition models using sequential models capture only past dependencies, however, future or subsequent words are equally important to comprehend the emotion from overall sentence [50] [46] [51]. The bi-directional LSTM model [52] can learn semantic information involving two separate LSTM networks in forward and reverse manners [53]. Most relevant literatures show the attention mechanism significantly enhanced the capability of DL models by focusing on the prominent parts of the text that play a significant role in textual classification [54]. Transfer learning techniques [55] are utilised in a separate study for emotion detection to explore how pre-trained embedding’s using deep models underlying the process of emotion detection enhance the capability of the users’ decision-making processes. Models such as ELMo [56] and USE are employed with the LSTM [52] model to generate contextualised embedding’s to allow different representations of word usage within a sentence [57]. Our analysis has revealed that social media is the primary domain of research for emotion detection. Most academics primarily focus on studying emotions such as happiness, anger, sadness, joy, fear, and disgust, as these are the most prominent emotions. Our research shows that DL models are capable of remarkable results; yet we also see a gap for improvement in this area. [1:  J. Brownlee, “A Gentle Introduction to Long Short-Term Memory Networks by the Experts”, Long Short-Term Memory Networks, 7th July, 2021. Available: https://machinelearningmastery.com/gentle-introduction-long-short-term-memory-networks-experts/ [Accessed: 5th September, 2024].] 

LSTMs, CNNs, and transformers (BERT, RoBERTa, DistilBERT, ALBERT) have proven themselves to be more effective in detecting emotions at a more apt hierarchical and contextual level, which they learn directly off text without pre-trained encoder models. In contrast to ML models, DL architectures can extract features automatically without extensive manual engineering, and therefore can learn semantic meaning, negation and long-range dependencies in sentences. Transformers (especially) enable bi-directional context and best represent small emotional details, which makes them very appropriate to complex and large-scale data sets where more traditional ML models might fail.
Although these are the benefits, DL models have disadvantages. They are both computationally expensive, best trained on large amounts of labeled data, and can be both memory and computationally expensive. Training large transformers requires extensive time and might not be possible in resource-limited settings. Also, most earlier experiments on DL research are based on using feature embeddings in one or two, and the effectiveness of multi-feature experiments is not well-investigated. These problems indicate the need for lightweight models (DistillNetRoBERTa) that seek to balance accuracy and computational efficiency but that seek deep contextual knowledge. Table 2 provides a thorough examination of the latest literature on emotion detection. The table contains comprehensive information on the paper specifics, datasets information, applied method and algorithm for detection, novelty, baseline methods, evaluation performance, results, and emotions labels discovered in various emotion detection studies.








Table 2: Existing Studies Based on Advanced DL Techniques
	Ref
	Approach
	Dataset
	Baseline Model
	Novelty

	Evaluation
	Emotion Label

	Results
	

	[40]
	Context-based Auto Regressive Transformer-Bi-LSTM-CNN
	Twitter, Reddit
	BERT, RNN, Roberta
	Negative emotions on social media during COVID-19
	F1-Score, Accuracy
	Abuse, anger, anxiety, depression, disgust, fear, guilt
	Twitter (F 83.2%, A 97.3%) Reddit (F 85.6 %, A 98 %)
	

	[43]
	BERT,ALBERT, RoBERTa , Distil-BERT
	Emotion
	Not mention
	Evading text base emotion detection via adversarial attack
	Attack Success Rate, Average Perturbed Rate
	Sadness, Joy, Love, Anger, Fear, Surprise
	ASR 97.7%,
APR 8.7 %
	

	[44]
	Emotional BERT
	WANG, MELD
	RNN, GRU, LSTM
	Using transfer learning technique for text-based emotion detection without large data & training time.
	F1-Score
	Joy, Sadness, Love, Anger, Fear
	MELD (0.57) & WANG (0.86)
	

	[45]
	Hybrid (SVM + CNN & Bi-GRU)
	I SWEAR, WAS
	Keyword & Lexicon Base
	Hybrid Model to identify emotion in text
	Precision, Recall, Accuracy, F1-Score
	Joy, anger, guilt, sadness, fear, disgust, shame
	82.39 P, 81.27 R,  80.11 A, 81.27 F
	

	[46]
	Bi-LSTM
	YEAR
	Backpropagation Neural Network
	Detection & Classification of Emotion from Textual Data using Bi-LSTM
	Precision, Recall, Accuracy, F1-Score
	Joy, Sadness, Fear, Shame, Guilt
	87.66 %
A, P, R, F
	

	[42]
	CNN, Bi-LSTM, BERT, RoBERTa Distil-BERT, XLNet
	Go emotion
	BERT Model
	Explore transformers in
Emotion Recognition
	F1- Score
	Admiration, amusement, approval, anger,
annoyance, curiosity, etc.
	0.49 F1-Score with Roberta
	

	[41]
	DL using LSTM
	Tweet annotated-to-emotions
	SVM-SGD, XG Boost, Na ve, Bayes, Random Forest
	Emotions detection in a short text post from social media
	Accuracy
	Anger, Joy, Trust, Fear, Disgust, Sadness, Surprise
	91.90% Accuracy
	

	[21]
	LSTM,Bi-LSTM, Google BERT,
Roberta
	Crowd Flower
	SVM,SVM Bi gram, LSTM,DNN
	Study the emotions of people in
starting months of Covid-19
	Accuracy, F1- Score
	Boredom, Anger, emptiness,
enthusiasm, happiness, love, hate, etc.
	80.33% Accuracy & 75.25 F1-Score with
Roberta
	

	[39]
	CNN, BERT
	SemEval 2018: Irony Detection in Twitter
	Use Transformer model + Word2Vec Word Embedding for irony detection
	Transformer model Pre-trained Word Embedding for irony detection
	Accuracy, Recall
	Irony, sarcasm etc.
	68.75 Accuracy,
94.86 Recall
	

	[25]
	CNN, Bi-LSTM, GRU
	NLPCC 2013
NLPCC 2014
	LSTM, Lexicon, ML
	Semantic & emotion-based Emotion Recognizing using GRU
	Precision,
Recall, F1-Score
	Happy, Sad, Fear, Disgust, Surprise, Anger
	2013: 84.76 P, 57.06 R, 68.23 F)
2014: 85.35 P, 57.83 R, 68.94 F)
	

	[47]
	Pre-trained
language models
ULMFiT, BERT,
Open AI’s GPT
	SemEval-2019: Task 3
	Not Mention
	The proposed
approach for
Contextual emotion detection
	F-Score
	Happy, sad, angry, other
	76.86
	

	[36]
	BERT, Bi-LSTM with deep attention process at the
Sentence-level.
	SemEval-2019:
Task 3
	Linear SVM with Word & Character
	To detect emotions
conversations between humans and Chatbot
	F-Score
	Happy, sad, angry, other
	77.00

	




2.4. [bookmark: _Toc214814879]Analysis of Existing Studies based on Hybrid approach
The recent developments in social-media emotion detection have focused on the enriched semantic and syntactic feature representations alongside new learning structures. As an example, Alghamdi et al. (2025) present ensemble deep-learning approach (OEMPTER-ISCSO) that incorporates three classifiers (an Enhanced Deep Belief Network, an Elman RNN, and an enhanced Temporal CNN) and their outputs are fused and optimized using a Sand Cat Swarm Optimizer. They use FastText word embeddings to get sub-word semantic data and massive preprocessing. Their model has a state-of-the-art accuracy of 95.84 on a typical Twitter emotion dataset (12 labels). The design is an effective combination of semantic (using embeddings) and temporal (using the hybrid ensemble) features, but it is subject to the limitations of its use of datasets to generalize as the authors comment [58].
The same thing is highlighted by Alzubaidi (2025) who focuses on semantic feature encoding. They employ their SPIEEPC-COADL model: multi-level preprocessing and FastText embedding followed by classification of emotions with the help of a Variational Autoencoder (VAE) with the hyperparameters adjusted with a crayfish-inspired optimizer (COA). This VAE-COA hybrid model recorded a new record accuracy of 99.07 on a 12-class emotion text dataset. The model uses FastText-based semantic representations as semantic embeddings together with latent representations in the VAE to obtain delicate contextual meanings. That is its strength in terms of embedding, generative modeling, and evolutionary tuning, which has brought robustness, but the authors also note that there may be a problem of imbalance in the classes and multilingual or code-mixed data [59].
Bhardwaj and Abulaish (2025) suggest a multi-channel CNN model EmoFusion that directly considers the emotion lexicons as well as the word embeddings In contrast to the conventional single-channel models, EmoFusion combines both ideas of various emotion dictionaries and learned embeddings to overcome the semantic gaps. It performs significantly better than six baseline classifiers. Innovation is a combination of lexicon-based semantics with deep embeddings, that is, a broader spectrum of emotional cues. This has increased classification accuracy but might be constrained by the lexicon coverage and the increase in complexity of many input channels. The enhanced richness of its features and solid performance with various corpora is its strength [60].
Calderon Alvarado (2025) views the data as central and studies the role of regional dimensions of linguistic differences in English in emotion recognition. The results of the study indicate that by creating synthetic tweet data sets with prompts specific to US, UK and Indian English and fine-tuning BERT/BART data models, region specific data enhances emotion classification accuracy dramatically as compared to a generic baseline. TF-IDF and PMI as semantic analysis determined richer vocabulary and context with the finer prompts. This paper demonstrates the significance of semantic diversity in training data emotion models trained on region aware corporations that are more successful in getting local idioms and nuances. One of the limitations is that it concentrates on English variants; it is still possible to expand to low resource languages. However, integration of culturally oriented semantics proves to enhance the strength and correctness of models [61].
A multimodal framework (IChOA-CNN-LSTM) of sentiment/emotion analysis of social media content is introduced by Geethanjali and Valarmathi (2024). Their model involves CNNs to extract features of images, LSTMs to work with text sequences and Improved Chimp Optimization Algorithm to combine modalities. It achieves 97.8% accuracy when tested on a dataset of COVID-19 social-media data (GeoCoV19). Although they consider the input of multimodal (text+image), it is clear in their work that integrating textual (LSTM) and semantic (CNN/vision) features results in better emotion recognition. The method can be compared by the fact that it maximizes the fusion of features over modalities, however, its dependency on rich multimodal data can restrict it to the purely textual environment [62].
Enriched feature sets are also discussed in other recent works (2023). As an example, the study by Shelke et al. (2022) employed the lexical and n-gram features along with a latent relational autoencoder to enhance emotion classification of tweets [63]. Thiab et al. (2024) tested transformers and RNN ensembles on contextual emotion detection. In all these works, there is a general tendency to use syntactic (ngrams, POS patterns) and semantic (embeddings, lexicons) features together in hybrid architectures. Advantages encompass finer-grained sentiment understanding of text and better performance [64], disadvantages frequently include higher cost of computation and overfitting of the model because of complexity.
Overall, the reviewed papers indicate that semantic knowledge (through lexicons, context embeddings, or synthetic data) integration and syntactic cue extraction have a significant positive effect on social media emotion detection. Hybrid models and optimization methods (e.g. evolutionary tuning, ensemble fusion) are also used to improve performance.
 Alrahdi et al. (2020) introduces a multilabel learning model of emotion detection in social networks and acknowledges that posts/text can represent multiple feelings at the same time as opposed to having only one label. The authors utilize a variety of textual characteristics and standard ML classifiers to identify overlapping emotions, which allows representing it richer than the traditional, single-label emotion detection method. Although the approach adds expressiveness to the difficult emotional conditions, the analysis is based on older data sets and does not use profound semantic/syntactic feature engineering. It has the advantage of recognizing and simulating multiplicity of emotion, but the weakness of not exploiting current embedding-based or deep-learning representations to fine-grained semantics [65].
 Mahima et al. (2021) review and empirical assessment of various ML algorithms (SVM, Naive Bayes, Random Forest, etc.) to various custom textual emotion datasets using a rigorous expert evaluation and case studies. The authors point to the dominance of classical ML in emotion detection tasks SVM is the most common top-performer in 78 % of the studies reviewed, followed by Naive Bayes and RF [66]. 
Babu et al (2024) proposed a meta-analysis of the model robustness, explainability, and dataset structure, showing that a dataset with 4-8 emotion classes (commonly based on the basic emotions described by Ekman) performs best. Advantages such as coverage and critical analysis of algorithmic decisions exist; weaknesses are found in the dependence on potentially outdated data and not incorporating deep-learning approaches (or not covering it in their primary analysis) into their analysis [67].
The model introduced by sharm et al. (2023) is a hybrid one that incorporates LDA-based emotion-feature extraction, emotion dictionary (lexicon), and DL (CNN + BiLSTM) to classify emotions of microblog comments. It uses LDA to extract text-related feature words (emotionally salient) (with the help of lexicon), transforms text into word vectors, and uses CNNBiLSTM to make a classification. Their algorithm performs much better on a microblog dataset with three emotion categories (joy, anger, sadness): an average F1 score increases significantly with their algorithm, by approximately 3.66% compared to six ML baselines and 1.84% compared to seven deep-learning baselines. This highlights the fact that semantic features based on lexicon and topic augmentation can enhance the ability of emotion detection compared to the vanilla DL models [68].
Table 3: Analysis of Existing Studies Based on Hybrid Techniques 
	Ref
	Approach
	Dataset
	Baseline Model
	Novelty
	Evaluation
	Emotion Labels
	Results

	[58]
	Ensemble of EDBN, ELNN, ITCN with ISCO tuning
	Kaggle Text
	Single DL models or non-ISCO ensemble
	Hybrid ensemble + FastText + COA optimizer
	Comparative on Kaggle
	12 classes (fear, joy, etc.)
	95.84%

	[59]
	VAE classifier + Crayfish Opt (COA)
	Kaggle Text
	VAE without COA
	FastText embeddings + VAE + COA tuning
	Kaggle benchmark
	12 classes (common emotions)
	99.07%

	[60]
	Multi-channel CNN (text + lexicons)
	GoEmotions, CBET, TEC
	Single CNN or lexicon-only models
	Integrating multiple emotion lexicons
	Multi-dataset comparison
	Basic emotions (joy, anger, etc.)
	92%

	[61]
	GPT-based synthetic data (region prompts)
	CARER tweets
	Generic synthetic dataset
	Region-specific prompts for dataset generation
	Zero-shot + fine-tune BERT/BART
	6 categories (joy, sadness, etc.)
	90%

	[62]
	CNN (image) + LSTM (text) + Chimp Opt
	GeoCoV19
	CNN-LSTM without Chimp opt
	Improved Chimp Optimization for fusion
	Multimodal test
	COVID sentiments (multilingual)
	97.8%

	[63]
	Latent relational autoencoder (LRA-DNN)
	Twitter text
	Traditional ML classifiers
	Embedding n-gram and lexicon features
	Cross-validated accuracy
	Emotions (e.g., anger, joy)
	98%

	[64]
	Multilabel ML
	Social network text corpus
	Classic ML classifiers
	Models multilabel emotion detection (simultaneous emotions)
	Multilabel evaluation metrics
	Multiple emotions per post
	97%

	[65]
	Holistic evaluation of ML for emotion detection (survey + empirical comparison)
	Multiple custom social-media emotion datasets
	SVM, Naive Bayes, Random Forest, etc.
	Expert-based evaluation, case studies, analysis of dataset emotion-label schemes
	Cross-study comparison
	4–8 emotion classes (varied)
	95%

	[66]
	–BiLSTM + LDA & 
	Microblog comment dataset
	ML and DL 
	Combines topic modeling + emotional lexicon with deep 
	-
	3 emotion classes (joy, anger, sadness)
	95%

	[67]
	 (survey + empirical comparison)
	Multiple custom social-media emotion datasets
	SVM, Naive Bayes, Random Forest, etc.
	analysis of dataset emotion-label schemes
	Cross-study comparison
	4–8 emotion classes (varied)
	95%

	[68]
	Hybrid CNN–BiLSTM + LDA & l
	Microblog comment dataset
	ML and DL baselines 
	deep sequence + convolution networks
	Train/test evaluation
	3 emotion classes (joy, anger, sadness)
	96%



Where Accuracy, Precision, F1-Score, Recall, Attack Success Rate, and Average Perturbed Rate are A, P, F, R, ASR, and APR respectively.
3. [bookmark: _Toc222733508]Research Proposed Methodology
[bookmark: _Hlk217849466]Emotion identification from text is an important topic of research in natural language processing (NLP), with applications including sentiment analysis, mental health observation, feedback from consumer analysis, and human-computer interaction. Traditional approaches focus on word-based sentiment analysis, but more recent developments stress the importance of syntactic and semantic factors for greater accuracy. This chapter introduces a framework for detecting feelings that combines syntactic aspects like POS tagging and dependency parsing with semantic features like word embedding and sentiment lexicons [69]. The methodology suggested has been furthered to a classical ML emotion detection pipeline. The improved step presents several ML models including Logistic Regression, KNN, Decision Tree, SVM and RF being trained using various linguistic feature set extraction methods, which include TF-IDF, POS-tag-based syntactic vectors, Word2vec, GloVe and FastText semantic embeddings. These extra measures were added to the framework that was already available, to allow parallel comparison amid the conventional ML models and the contemporary DL methods. To present the work, alongside the traditional machine learning pipelines and deep learning pipelines, a hybrid layer of models with the help of which the balance between predictive performance and computational efficiency is achieved is introduced. The suggested method improves emotion classification by utilising linguistic patterns and contextual meaning [70].
The main components of the proposed method include the following steps: 
· Data Acquisition  
· Pre-processing 
· Syntax Feature Engineering
· Semantic Feature Engineering 
· Training and Testing
· Proposed hybrid model 
· Emotion detection and classification

Based on extensive literature review of the existing studies, we propose a transformers-based framework base on deep features presented in Figure 1 for recognition of user’s emotion from textual data. The proposed framework is comprised of four major components including text preprocessing, syntax-based feature engineering, semantic-based feature engineering and application of transformers-based model [71]. 
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[bookmark: _Hlk199795126]Figure 1: Proposed Framework for Emotion Recognition from Textual Data
3.1 [bookmark: _Toc214814880][bookmark: _Toc222733509]Data Acquisition
3.1.1 Dataset Description for DL Experiments
In this research study we utilised a well-known dataset specifically prepared for emotion detection named as Emotion Detection from Text (EDT). EDT is a challenging multi-class dataset comprise of 39827 records belonging to seven diverse classes. The emotion categories include neutral, worry, happiness, sadness, love, surprise and fun. Figure 2 represents the frequency of each class of EDT dataset where majority of text is associated with neutral and worry class. In EDT, textual data is collected from tweets followed by proper annotation to assign the emotion behind text. 
[image: A bar graph with different colored rectangles
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Figure 2: Frequency of Classes within Emotion Detection from Text Dataset
3.1.2 Dataset Description for ML Experiments
To conduct the ML stage of the current research, the emotion_sentimen_dataset was utilised which contained 10,000 text samples and each of them was assigned with the emotion category. In both entries, there are two primary fields, namely, the text that is the raw user-created message, and the Emotion, which denotes the emotion being annotated in relation to the text. It contains a variety of emotion classes, which gives it an appropriate base in detecting emotions in multi-class.
The data has a wide range of emotional expressions, which makes it possible to assess both semantic and syntactic modeling processes. Its hierarchical structure and size are appropriate to use classical ML models and more advanced feature extraction methods, such as TF-IDF, POS tagging features, and FastText embeddings. This data is used as a supplementary material of the former employed DL dataset and enables making a comparative analysis between the approaches of emotion detection based on DL and ML on equal terms [30].
The pie chart is a graphical representation of the distribution of emotions in the data. Every slice reflects a certain emotion, and its size demonstrates the proportion of the frequency of the given emotion. This visualization gives a fast idea of which emotions are most common, and it is easier to visually analyse the class balance and identify any possible bias in the data that shown as figure 3.
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Figure 3: Pie chart showing the distribution of emotions in the dataset
The word cloud depicts the most common words in the textual information of each emotion. The more frequent words are displayed bigger and more prominent, which makes it possible to distinguish the number of important words and patterns that each emotional category is linked to. It offers a fast and intuitive insight into the text features and prevailing aspects of the dataset that shown as figure 4.
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Figure 4: Word cloud visualization of the most frequent words for all emotions
3.1.3 Dataset Description for Hybrid Experiments
GoEmotions data is a publicly accessible emotion annotation corpus, which has been released on a large scale by Google Research. It is directly aimed at recognising fined-grained emotion and offers multi-labeling of the textual data gathered on a social media platform online. The data will be made up of the Reddit comments gathered in various discussion threads to have a great diversity of linguistic expressions, emotional coloring, and contextual variety. Human raters who have gone through a tedious labeling procedure annotate the data, to guarantee consistency and reliability of annotation.
The entire GoEmotions data set consists of about 58000 text samples. To conduct exploration data analysis and experimentation with the hybrid model, a sub-sample of 2,000 is used in this study. The data instances have the following attributes:
· The unfiltered text of the comment.
· Metadata Author ID, subreddit, post identifiers and amalgamation point.
· The count of 28 emotions with binary indicators (1 or 0)
· Emotion Labels: 28 different emotions (binary)
The data is useful in the context of multi-label classification, which implies that one text sample can be related to several emotions at the same time. The data has 28 fined emotion categories, which represent a wide range of human emotive conditions. They are positive emotions (e.g., joy, admiration, love), negative emotions (e.g., anger, sadness, disgust), cognitive emotions (e.g., confusion, realization), and a neutral group. There are 28 emotion categories that are fine-grained, and the dataset represents a wide range of human affective conditions. These are positive (e.g. joy, admiration, love), negative (e.g. anger, sadness, disgust), cognitive (e.g. confusion, realization), and a neutral category. Such fine-grained labeling renders GoEmotions far more difficult than qualitatively coarse-grained emotion datasets and encourages high-end feature representations.
The main peculiarities of the GoEmotions dataset are:
· Disproportion between classes in categories of emotions.
· Brief text, which is the default of social media content.
Overlap Emotion This is where a specific emotion is present in two or more texts at the same time.
The latter necessitates the implementation of strategies of multi-label learning and the use of powerful approaches to extract semantic features, which explains the choice of transformer-based representations and hybrid modeling. Exploratory data analysis helps to prove the linguistic and emotional diversity of the GoEmotions dataset, and the results visualization helps to prove the efficiency of hybrid approaches to reaching high accuracy and efficiency in computations.
Figure 5 shows the bar graph about the distribution of the categories of emotion among 2,000 samples of the GoEmotions dataset. All bars are linked to one of the 28 emotion labels, and both affective states are positive and negative. The visualization approach to be used is balanced such that the presentation is fair to all categories of emotions in the explanatory analysis of data. This plot gives a preliminary description of the diversity of emotions in the dataset and shows that there exist several co-occurring emotional expressions, which is the reason to use a multi-label system of emotion classification. 
[image: A graph showing different colored bars

AI-generated content may be incorrect.]
Figure 5: Emotion category distribution in GoEmotions
The histogram of figures below (Figure 6) shows the counts of words per text instance in the GoEmotions data. The plot shows that short to medium-length sentences are most of the text samples, which can be said of social media and online conversational data. This finding is critical to the design of models because it would encourage the application of transformer-based embeddings capable of being able to learn contextual semantics in small texts.
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Figure 6: Word count distribution of GoEmotions text samples
Figure 7 displays the word cloud created because of text samples tagged with joy emotion. The most common and semantically meaningful words related to happy expressions are highlighted in the visualization as the bigger the word is, the more frequently it appears. Such semantic patterns as happiness, positivity, emotional satisfaction are disclosed in this plot, which justifies the relevance of the dataset in the semantic context and justifies the relevance of textual feature representations adopted to detect emotions.
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Figure 7: Word cloud of joy-related terms
3.2 [bookmark: _Toc214814881][bookmark: _Toc222733510]Text-Based Emotion Detection Model
The TBED model is illustrated in figure 5 below. The initial stage entails collecting data from many textual sources. Subsequently, Data preparation is conducted to clean and organise the data. Pre-processing is essential because of the increase in slang expressions, emoji’s, abbreviated text, and partial words in social media content and product/customer ratings. Tokenization, lower casing, stop word removal, numeral removal, punctuation removal, white space removal, hashtag reduction, URL deletion, and emoticon and emoji elimination are Pre-processing steps [12]. 
Next, the process of lemmatization and Stemming is used to reduce words to their basic form, while implementation involves putting this process into action. After that, we move on to feature analysis, which includes selecting and extracting features. During the process of feature extraction, crucial attributes are identified and isolated. When dealing with a large collection of features, utilize feature selection to find the most informative one. In the final stage, the data is classified and allocated to a prospective category of emotion. Emotion recognition is achieved by employing categorization algorithms. The literature explores widely recognised classification techniques in the fields of deep learning, including Convolution neural network (CNN), Recurrent neural networks (RNN) transform models, and others. Some characteristics are unnecessary for deep learning. The data itself gives knowledge. However, to enhance our capacity for generalisation, we require a substantial collection of samples. Through the utilisation of data augmentation techniques, the volume of the available data set can be artificially expanded in cases where it is insufficiently large [29]. 
3.3 [bookmark: _Toc214814882][bookmark: _Toc222733511]Emotion Models
The term "emotion" in English refers to a physiological disturbance. Desire, hunger, and love were regarded to be cerebral feelings before the nineteenth century. Emotions were assessed and represented using psychiatric language during the eighteenth century. Emotions are complicated experiences that influence a person's thoughts, behaviours, and ideas. In the discipline of psychology, they are commonly referred to as such. Discrete and dimensional emotion models are two main categories discussed below:
3.3.1 Discrete Emotion Model
Discrete emotion model and categorical emotion model are interchangeable terms. It states that by evaluating neurological, physiological, behavioural, and expressive qualities, distinct emotions can be recognised regardless of cultural variances. Emotions can be categorised into different groups using the discrete emotion model. Different neural subsystems in the brain are associated with various emotions. Ekman's (1999) paradigm categorises emotions into six groups. The following essential emotions are included in this collection: fear, surprise, fury, disgust, sadness, and happiness. Plutchik's (1980) paradigm categorises emotions into eight opposites: happiness and sadness, trust and contempt, fury and fear, surprise and anticipation, and so on [72].
3.3.2 Dimensional Emotion 
Emotions are interconnected and impact one another. The dimensional model assumes that all emotions are governed by a single, interconnected neurophysiology system. Emotions are classified into dimensional models of emotion based on specific dimensions delineated by specified features. Most dimensional emotion models contain two or three dimensions: "valence," which reflects an emotion's favourability or negativity, "arousal," which represents an emotion's amount of excitation, and "dominance," which represents an emotion's level of control. Russell (1980) popularizes the circular two-dimensional affective space as a model for recording emotional traits. Plutchik (1980) displays a two-dimensional emotional wheel where valence and arousal are on the vertical and horizontal angles respectively.
3.3.3 Componential Emotion
The dimensional technique is extended by this strategy. The framework is based on the concept of evaluation [55] Emotion is acquired, according to this paradigm, by examining a circumstance to see if the individual is capable of experiencing it. The outcomes are decided by a person's goals, prior experiences, and ability to act.
3.4 [bookmark: _Toc214814883][bookmark: _Toc222733512]Text Pre-processing:
The first phase of TBED involves converting the data into a format that is compatible with any DL system. Most DL algorithms rely on numerical data to perform regression or classification tasks. That is why text preparation and feature extraction are important processes for text categorization tasks. This section presents approaches for cleansing text, segmenting it into tokens, establishing it, and facilitating the creation of informative features. Data collected via social media and reviews written by actual consumers mainly consists of brief text, emoticons, informal language, and shortened phrases, which require Pre-processing [73]. The diagram of the process is shown in Figure 8. 
Text preparation steps are:
i. Data cleaning involves many tasks such as converting text to lowercase, removing punctuation and numerals, eliminating stop words, removing hashtags and HTML tags, and extending contractions.
ii. Tokenization/Segmentation refers to the procedure of splitting text or strings into tokens that correspond to specific words.
iii. Normalization, stemming, and lemmatization are techniques used to reduce a word to its fundamental form [74].
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Figure 8: Text-based Emotion Detection
3.5 [bookmark: _Toc214814884][bookmark: _Toc222733513]Feature Extraction Method
To convert unstructured text into structured language, a mathematical model or algorithm is typically employed. Before commencing, it is imperative to meticulously purify the data by removing any superfluous characters or words. After the data has been refined, formal techniques for extracting features can be utilised. Feature extraction techniques are essential for converting the text into a matrix of distinctive attributes. The process of extracting features from data is commonly referred to as feature extraction. Text feature extraction techniques can be classified into two broad categories: the conventional approach, which depends on grammatical representations, and the contemporary method, which employs feature learning algorithms [75]. 
3.6 [bookmark: _Toc214814885][bookmark: _Toc222733514]Traditional approach (syntactic word representations)
The traditional approach involves the following methods:
3.6.1 TF-IDF 
The TF–IDF metric indicates how significant or relevant a term is in a document. The equation of TF-IDF is represented as: (1)-(3)
                  


TF-IDF (Term Frequency–Inverse Document Frequency) considers how often a word appears in a document (term frequency) and then also factors in how rare or common a word is in a corpus (inverse document frequency) — it is a statistical measure and is an improvement over the BoW model. In sentiment analysis, TF-IDF helps emphasise words that are relevant to a given document while attenuating high frequency words that have lower relevance, like "the," "is," or "and." The product is a weighted vector representation of the text, which more effectively separates relevant sentiment cues. So, to illustrate, if the word “fantastic” shows up a lot in an individual record but none throughout the corpus, this word will get a high TF-IDF score (implying that it contributes strongly to the sentiment expressed in the review). Competed with Bag-of-Words (BoW), TF-IDF considers the frequency of a term, which won't contribute much to the discriminative power of a word, and it can enhance the performance of the model on a sparse text data. Nonetheless, it follows the same approaches of BoW and still fails to model semantic reasoning and word permutation which is crucial in discerning sentiment intention.
TF-IDF is a statistical value that analyses the significance of words in a document in comparison to corpus. TF-IDF is useful in emotion detection to highlight emotionally meaningful words and deemphasize common but neutral words. An example is that words with more weight will be words such as ecstatic, furious, etc. as opposed to such words as the and. This allows ML models like the Logistic Regression, SVM and the RF to recognize patterns and relationships between words and emotional categories. TF-IDF works especially well with a short text or data set with a limited vocabulary, and the model can retrieve discriminative lexical information without having deep contextual insight. It creates a dependable base set of features of classical ML models, which are interpretable and provide high computational efficiency.
3.6.2 Part of Speech Tagging (POS)
The POS is the word category that showcases its role and helps the NLP work. It includes categories like nouns, verbs, adjectives, and adverbs. Part-of-Speech tagging is the process of labelling each word of a text (corpus, sentence) with its Category (POS). POS tagging in sentiment classification the service offered by POS tagging, while not at the core of sentiment classification, is a supporting and a valuable one. Sentiment-bearing words are frequently adjectives (e.g., “amazing,” “awful”) or adverbs (e.g. “extremely,” “barely”) and POS Tagger can help further feature extraction through detecting these words. For instance, a model may be programmed to assign greater weights to adjectives than nouns in sentiment classification because adjectives more directly express opinions. Furthermore, POS tagging can assist in dealing with negations (e.g., “not good”) and parsing the grammatical structure of sentences, which often can be important to separate between positive and negative sentiment. It is particularly effective in rule-based or hybrid sentiment analysis systems which integrate linguistic rules and statistical approaches. Although it is not used as an independent type of classification usually, POS tagging can increase interpretability and accuracy of sentiment analysis pipelines by augmenting features with syntactic enhancements [76].
Part-of-Speech (POS) tagging gives syntactic data, which is labelling of each word in a sentence according to a noun, verb, adjective, adverb and other types of grammatical elements. With regards to emotional apprehension, POS tags can provide invaluable information to the way in which words are sentenced. There are adjectives and verbs, e.g., many tend to be highly emotionalized (happy, disappointed, hate, love), whereas nouns can be considered to serve as contextual references (joy, anger). Models can identify syntactic patterns that are related to the expression of emotions by encoding POS distributions as features. POS tagging can improve the interpretability of models and is especially useful to classical ML methods where structured linguistic data can be inadequate to differentiate between subtle emotional conditions.
3.7 [bookmark: _Toc214814886][bookmark: _Toc222733515]Modern approach (feature learning techniques)
Word Embedding are a kind of feature learning technique that includes acquiring features and encoding each word from the lexicon as an N-dimensional integer. Textual context in the dataset is used to construct a feature vector. Multiple Word embedding approaches have been developed to convert words into interpretable input. The popular DL embedding algorithms Word2Vec, Glove, FastText, and ELMO have shown successful applications [3]. 
3.7.1 Word2Vec
Word2Vec Word2Vec is a neural embedding model proposed by Google to map words to word vectors that can represent not only syntactic but also semantic features. It uses shallow neural network and goes with large corpora and works in two major architectures: Skip-Gram and Continuous Bag of Words (CBOW). So, while Skip-Gram predicts the context word given the word, CBOW predicts the word given the context. In sentiment classification, Word2Vec has proved to be useful since it maps semantically similar words to nearby vectors in a high-dimensional space for example the words “happy” and “joyful” will have similar representation vectors. Classifiers that can generalise better over a diverse vocabulary and model sentiment expressed by synonymous or related words. However, Word2Vec creates static embeddings, where each word has the same vector irrespective of its context. This can be problematic with polysemous words—words which have multiple meanings—like “fine,” which can be good in one context and neither here nor there in another [77].
Word2Vec is a neural embedding algorithm that trains word dense vectors representations as either predicting words based on their local context (Skip-gram) or the reverse (CBOW). Word2Vec can be useful in emotion detection where semantic relationships between words are recognized by Word2Vec e.g. that joyful and happy are close even when the exact word is not present in the training data. This semantic knowledge enables ML and DL models to be able to generalize among vocabulary differences and also identify emotions among sentences with varying words better. Word2Vec embeddings are especially useful in the subtler type of information where emotion is not being explicit, allowing it to perform better in both supervised and unsupervised tasks of classifying emotion.
3.7.2 GloVe (Global Vectors for Word Representation) 
Also from Stanford, is GloVe, which builds vector representations from global word co-occurrence statistics in the corpus. Unlike Word2Vec, a predictive language model, GloVe is count-based and constructs a word-context matrix based on co-occurrence statistics of words within a window. The resulting word vectors contain semantic information given by their linear substructures, and examples of analogies (e.g., king - man + woman = queen). In sentiment classification, semi-supervised learning with GloVe gives the model rich semantic representations of words, through which it can more effectively learn subtle patterns of sentiment distribution across a corpus. For example, it can better recognise the possession of positive and negative expressions than the intuitive frequency-based approaches. But just like Word2Vec, GloVe embeddings are also static and do not capture context sensitive meanings, impeding their effectiveness to deal with sarcasm or sentiment, which is based on discourse structure.
GloVe is an embedding model that computes fluoride summons of the world-word co-occurrence word-corpus vocabulary. In contrast to predictive models such as Word2Vec, GloVe can encode statistical information of the whole corpus, representing local and global semantic relationships. In emotion detection, it enables models to relate the word to other emotional contexts, which are not necessarily displayed in the same sentence. An example would be delighted, joyful, would-be words that appear at varying contexts yet are grouped with high closeness in the vector space because of co-occurring in the corpus. GloVe embeddings can become more sensitive to subtle and contextually distributed emotions and make both ML and DL models more responsive to new text.


3.7.3 Sentence Embeddings
Sentence representation numbers (embeddings) are dense, fixed-length vector representations that model the semantic and syntactic content (but not the individual words) of sentences; these are usually computed by running some tokenized text against a pre-trained neural encoder based on transformers or bidi- reactional LSTMs and then aggregating the hidden representations through a pooling mechanism. At runtime, the process starts with the transformation of a sentence to initial embeddings for each word or subword (e.g., using a lookup table for WordPiece or BPE tokens). These token embeddings are then fed through several layers of self-attention (in transformer models) or recurrent gates (in LSTM-based models), which generate, for each token, an updated hidden representation by attending over all other tokens in the sequence, capturing how they depend on their context. When all tokens are processed, a pooling operation (like mean‐pooling, max‐pooling, or a learnt attention pooling) aggregates the whole sequence of hidden states into a single vector: for instance, mean-pooling makes the arithmetic average of each dimension of all token vectors, while attention pooling computes a weighted sum using token‐level importance scores. The result will be a fixed‐size vector—often 512 or 768 dimensions—that encodes both the role of each individual word (through position‐specific and context‐sensitive clues) and the sentence’s overall meaning (through aggregation). In pre-training, many sentence-embedding models use contrastive or siamese network objectives (e.g., training on positive paraphrase and non-paraphrase pairs of sentences) to make sentences that are closer in meaning come close in embedding space (and farther otherwise), so that the final embeddings generalise across domains and capture high-level relationships like entailment, sentiment, and topic. In brief, sentence embeddings consist in (1) tokenizing an input, (2) creating contextualized token representations through deep neural layers and (3) pooling these representations and forming them into a vector, where an encoder has been pretrained on large corpora and in some cases also fine-tuned on down-stream tasks, resulting in embeddings that capture semantically-relevant sentence-level information such as for instance for the tasks of emotion detection, machine translation, and text clustering[78].
Sentence embeddings generate compact representations of entire sentences that encapsulate semantic meaning, the arrangement of words, and their contextual connections. Models such as BERT, RoBERTa, and Sentence-BERT exemplify this approach. produce embeddings that encode the interaction between words and phrases, which means that they can identify complex emotional expressions. Sentence embedding is very effective in DL models, which makes them interpret sarcasm negation, or ambivalent feelings that word-level embeddings can prove to be unresponsive to. Models can more effectively discover the overall tone of a sentence, which is abstracted into a single vector, and is, therefore, important to high-performing, context-aware emotion detection systems.
3.7.4 FastText Feature Extraction
The feature engineering step did use FastText embeddings to achieve linguistically rich and semantically meaningful representations of the text related to emotions. FastText operates on a subword-based architecture, unlike the traditional word-level embedding techniques that consider each word as his independent entity and subdivides each word into various n-grams of characters. This facilitates the model to obtain knowledge about internal word structure and morphological patterns, which is particularly useful in user-generated content whereby emotional expressions may be found with spelling variations, informal writing styles, the use of slang, and the formation of creative word constructions. This way, FastText creates embeddings that turn out to be both informative and stable even in the face of rare, modified, and misspelled words.
The other strength of FastText is its high strength against out-of-vocabulary (OOV) words. Since each word is coded as a mixture of its character-level fragments, new words or unknown words may still be coded into an informative vector space depending on the subword commonality they have with familiar words. This property renders FastText very appropriate to the problem of emotion detection datasets, where users often use exaggerated versions of emotional expressions, such as long words (sooo happy), text-abbreviations (luv), or expressions of mixed-language words. FastText uses word-level embeddings to represent every sentence into a dense, low-dimensional, high-level representation by aggregating these word level representations together with focusing on the semantic context, forming a compact and highly expressive representation of that sentence.
These sentence vectors of FastText are usable with classical ML models like Logistic Regression, K-Nearest Neighbors, Decision Tree, SVM and Random Forest. Dense embeddings used by FastText are also less expensive and lower dimensionality than sparse representations such as TF-IDF, allowing classical algorithms to train much faster with a high prediction speed. Furthermore, FastText vectors have semantic continuity that allows the proximity of words with similar emotional tones in embedding space i.e., joyful, glad, and happy. This aids classical models to generalize in case they are faced with new manifestations of emotion or new linguistic differences.
FastText representations are also stable and expressive, which also increases the resistance of classical models to noise, especially when dealing with text-based emotion datasets that have informal or inconsistent writing. FastText enables traditional ML classifiers to draw finer emotional distinctions between closely related emotion categories by capturing fine emotional differences and reducing the effect of spelling differences or variations in lexicons. Moreover, since FastText embeddings are pre-trained on large-scale text collections (i.e. Wikipedia and Common Crawl), they offer high-capacity generalization and transfer effectively between datasets that are not linguistically homogeneous [79].
In general, it is possible to state that the implementation of FastText embeddings into the classical ML pipeline has a considerable positive effect on the quality of feature representation and provides a better performance of the model. FastText offers semantic depth, morphological sensitivity and computational efficiency, allowing the traditional classifier to match the performance of newer DL models, and thus making it a potent element of the suggested emotion detection system [80].
FastText is also better than Word2Vec because it considers subword data, where words can be viewed as a combination of character n-grams. This enables the model to be able to deal with rare words, typing errors and morphological differences which are typical in social media and user-generated text. As an example, one can identify such emotional expressions as “happyyyy” or sadnesses correctly as the variations of happy and sad. FastText is specifically beneficial in the case of ML-based models that are trained on noisy or informal data that have robustness against vocabulary sparsity. It makes sure that the implication of word morphology which contains subtle emotional connections is maintained enhancing the identification of explicit and implicit emotions [81].
3.8 [bookmark: _Toc222733516]Applied ML Approaches
The classical ML part of the suggested emotion recognition system was created to assess the predictive power of several conventional algorithms, when trained on the linguistically enhanced features like TF-IDF vectors, POS-based syntactic features, and semantic embeddings in FastText. In contrast to the deep neural models, where hierarchical learning of representation is used, classical models are heavily dependent on the quality, expressiveness, and distributions property of engineered features. This renders comparison of the type of linguistic features and the modeling techniques methodologically important as well as of practical value. The models also have their own advantages, such as probabilistic decision-making to geometric separation, tree-based thinking, and ensemble-based robustness, which makes it possible to analyse the encoding of emotional cues in textual data in a multi-perspective manner. Each of the applied ML algorithms and their mathematical basis have been discussed critically in the following subsections [82].
3.8.1 Logistic Regression
LR was selected as a baseline model because of the probabilistic interpretability as well as the capacity to formulate linear decision boundaries in high-dimensional regions typical in text classification. Applying the model to multi-class emotion detection with the use of the softmax function is expected to provide the probability that a text sample belongs to every emotional category. The LR method works well when the linguistic features can be separated in a linear manner or when semantic embeddings can form smooth, dense vectors spaces as it is found in FastText. It is built on a stable convergence of convex optimization, and therefore, it is very consistent when it comes to various feature types that is computed by equation (4).
                                                                                           (4)
Where   : Target class (binary, 0 or 1),  : Feature vector,  : Intercept / bias term,  : Coefficients for each feature and  : Probability of the positive class.
3.8.2 KNN
KNN was added because it is simple and highly relies on feature space geometry. Because KNN is a model that uses labels of nearest neighbours to categorise a sample, this model is highly sensitive to semantic features of the embedding space [83]. The use of sparse TF-IDF features tends to deteriorate its performance because of the distance distortion caused in high-dimensional spaces. On the other hand, FastText embeddings cluster similar emotional words into naturally occurring clusters, which is a major improvement in the classification potential of KNN. Even though computationally intensive to compute during prediction, KNN offers a convenient reference point on similarity in the feature space that is computed as equation (5).
                                                                                                                (5)
Where  : Euclidean distance between sample and training sample , : Feature of test and training sample respectively and  : Number of features.
3.8.3 DT Classifier
Decision Trees offer a rule-based method of emotion categorization and therefore make decisions by splitting the data recursively based on feature thresholds. This model is also intuitively useful in textual emotion detection since certain words, POS tags or semantically defined hints tend to be very good indicators of a specific emotion. Nonetheless, trees can be too fit to a sparse high dimensional representation such as TF-IDF. The FastText has solved this problem by generating smooth semantic vectors that trigger more coherent and generalizable splits. Another advantage of Decision Trees is their interpretability so that researchers can track which linguistic features determine emotional judgments that is computed by equation (6).
                                                                                    (6)
Where : Information gain of feature on dataset ,  : Entropy of dataset ,  : Subset of where feature has value  and  : Number of samples in subset .
3.8.4 SVM 
SVM has been one of the strongest classical classifiers of text data. Its power is that it tries to give maximum distance between the classes of emotions so that the boundary of decision attains maximum distance to all the samples [84]. This renders SVM highly resistant to emotional text of low quality. Under TF-IDF, SVM draws high dimensional hyperplanes, which identify nuanced lexical clues. When using FastText embeddings, SVM has access to the advantage of dense semantic continuity, which creates more clarified and more differentiable emotional boundaries. Kernel functions also enhance its functionality by enabling a non-linear separation between complex emotion patterns that is computed by equation (7).
                                                                                                                (7)
Where   : Predicted class (+1 or -1),  : Weight vector (coefficients),  : Feature vector,  : Bias / intercept and sign: Returns +1 if argument >0, -1 otherwise.
3.8.5 Random Forest
RF is an expansion of the Decision Trees, which builds a huge number of randomised trees and integrates their forecasts. All the trees are trained using a random sample of features and data, and this significantly enhances generalisation and minimizes overfitting. This group method is very efficient in the detection of emotion particularly where differences in expressions produce inconsistencies or noise in the data. FastText embeddings also improve the work of Random Forests by giving them dense informative features which enable trees to develop deeper [85], more significant patterns that is computed as equation (8).
                                                                          (8)
Where  : Final predicted class, : Predictions from individual decision trees and  : Number of trees in the forest.
3.9 [bookmark: _Toc214814887][bookmark: _Toc222733517]Applied DL Approaches
Convolution Neural Networks, Recurrent Neural Networks, BERT, Bi-LSTM, GRU, and per-trained models are among the most selected DL classifiers. CNNs and RNNs are baseline architectures in DL on NLP tasks, such as sentiment classification. Prior to the popularity of transformer-based models, CNN and RNN architectures were widely used, based on their effectiveness to extract relevant patterns and recognise sequential data, respectively. While they have largely been outperformed on benchmarks by newer models such as BERT and GPT, CNNs and RNNs continue to be of interest due to their low computation, interpretability, and success in certain NLP tasks.
CNNs are the architecture of choice when we want to find local patterns in an input quickly, and when the patterns are easily visible in the input (width for the kernel can be considered a measure for size of the filter or receptive field of a network). RNNs have been more popular when the things we want to relate tend to be sequential and are there due to other sources, that comes over time. CNNs can be easily parallelised and tend to be faster to train, compared to RNNs (especially LSTM/GRU), which need to be processed in a sequential manner, but they also provide better performance on longer/more complex text [86].
In the modern NLP pipelines, CNNs and RNNs are sometimes incorporated as the components in large hybrid architectures, or even as the lightweight transformers underpinning when computational resources are limited. They are useful in low-latency or on-device sentiment analysis use cases, where transformer models can be too large or slow to run.
To sum up, CNN and RNN each have their unique advantages in sentiment classification. CNNs are good at extracting patterns, RNNs are strong in sequences and the trajectory of sentiment. Although transformer-based models have dominated them in performance, CNNs and RNNs still provide practicable and interpretable solutions that are computationally efficient for many NLP sentiment analysis tasks.
3.9.1 CNN
CNN uses convolution filters to identify data patterns. Image processing applications often use CNN. However, they are now used in NLP with other DL method [87]. Although CNNs are normally used for image-related tasks, they performed well in the text classification tasks, including sentiment analysis. In NLP, CNNs are applied to word embeddings (e.g., Word2Vec or GloVe), treating the input of words as a matrix where each row represents the word embeddings of one word in the sentence. Convolutional filters are then applied to these embeddings to identify local patterns, such as negations, “intensifiers,” or positive and negative phrases. The filters contribute to the detection of n-gram features regardless of their positions in the text that is computed as equation (9).
                                                                                                       (9)
Where = output feature at position , = input word embedding at position , = convolutional filter weight, = bias term, = activation function (e.g., ReLU) and = kernel size.
For sentiment analysis, a CNN is especially effective at determining critical sentiment-carrying word or phrase in a sentence. For example, a phrase such as “absolutely terrible” or “really enjoyed” can be caught by a convolutional filter without regard to how long or complex the sentence is. Max pooling layers after convolution assist to extract the most important features and fed through dense layers for the final classification. CNNs are also fast to train and we often observed them working better than complex models with small training data or when sentiment is expressed in short, localised phrases [82].
3.9.2 RNN 
The dominant DL algorithm in NLP is RNN. Recurrent Neural Networks (RNNs) help store and manage consecutive data. In modern recurrent neural networks, both LSTM and GRU have distinct variations. Modern Recurrent Neural Networks (RNNs) can learn and remember complex correlations in written language. LSTM and GRU variants BiLSTM and Bi-GRU are useful in NLP due to long-term interdependence [21]. RNNs are naturally suited to sequential data, and it is this property that makes them appealing for problems such as sentiment classification where word order is important. An RNN reads the input tokens one by one, and at each time step it holds a hidden state that encodes information about all previous tokens. This is of particular importance for understanding sentiment, which evolves progressively, e.g. in the sentence: “The movie started off slow, but the ending was fantastic.” However, traditional RNNs has the vanishing gradient problem, which makes the capacity of its long-range dependencies stored in the weights become less. To counter this, sophisticated versions, such as LSTM and GRU, are proposed. These models introduce gating mechanism that can control information flow and allowed the model to remember or forget as the situation requires. LSTM and GRU networks have been particularly successful in pair-wise classification tasks when the sentiment is affected by long-distance dependencies such as resolution of negation or contrastive conjunctions (e.g., “not only.... but also”) that is computed by equation (10).
                                                                                                    (10)
Where = hidden state at time , = input vector at time (word embedding), = weight matrices for hidden and input layers, = bias and = activation function (e.g., tanh or ReLU).
3.9.3 Transform Model
 To improve relational context extraction, handle long-term sequence connections, and evaluate input sequence simultaneously, based on transformer pre-trained models employ attention process, in both encoders and decoders, BERT, well-known pre-trained models. BERretrievesrectional helps it retrieve context. BERT's higher training speed and several language modelling applications boost its potential. BERT-based variants such as RoBERTa & DistilBERT emerged after its success. BERT variation Roberta uses a larger corpus of pre-trained data to improve task performance. DistilBERT suggested distilling neural networks to speed up models. DistilBERT can be pre-trained for numerous linguistic modelling problems. It outperforms the original BERT model in speed and efficiency [88]. 
Sentiment classification is an essential task in natural language processing (NLP) field to identify emotional tone or subjective elements in a text. It can be used in various fields, such as customer feedback analysis, monitoring social media, product branding, political sentiment analysis. Recent transformer-based architectures have substantially improved the accuracy of sentiment analysis models, with the ability to capture the nuanced and long-distance dependency information in text. Of these, BERT, the state-of-the-art models that transformed the way sentiment is captured from text. BERT shines in tasks that require deep contextual comprehension and fine-tuned embeddings. The suitability of models is frequently determined by dataset size, complexity of the task, available computational resources, and the importance of interpretability as opposed to generative flexibility.
3.10 [bookmark: _Toc214814888][bookmark: _Toc222733518]Proposed DistillNetRoBERTa Model
This section discusses the proposed chosen model, DistillNetRoBERTa, which combines RoBERTa's contextual understanding power with an effective hybrid architecture [21]. RoBERTa is quite effective at capturing the complicated contextual links within the text, particularly for emotion detection  Distillation Transformers is a strategy for training a smaller and more compact model that captures behaviour patterns in preparation for use with a bigger advanced model [89]. 
The development of large-scale transformer models, such as Bidirectional Encoder Representations from Transformers (BERT) and Robustly Optimised BERT Pretraining Approach (RoBERTa), has significantly enhanced NLP. Although these algorithms have achieved high performance in a wide range of NLP tasks, their large size and processing requirements make them difficult to use in real-time applications and resource-constrained scenarios. To address such an issue, knowledge distillation techniques have been utilised to create lesser, more efficient models with comparable performance to their bigger counterparts. DistillNetRoBERTa is a hybrid transformer method which brings together the strengths of DistilBERT, RoBERTa, and knowledge distillation to produce a lightweight yet powerful NLP model [90] .
DistillNetRoBERTa focuses on three significant improvements in NLP: RoBERTa's improved training method, DistilBERT's increased efficiency, and knowledge distillation processes. Each of these elements helps the model balance accuracy, speed, and efficiency. 
This training technique involved fine-tuning the RoBERTa model on emotion datasets with labelled sets before reducing that knowledge into a smaller architecture. The motivating factor for this proposed hybridisation is a desire to close the performance-efficiency gap, which is critical for any viable application of emotion detection [91]. 
The architectural proposal of DistillNetRoBERTa will offer a high-performing resource-efficient implementation of emotion detection of texts. It is constructed on the concept of transformer-based contextual embeddings but is trained with knowledge distillation, which makes it significantly smaller and lower in calculation complexity than the full RoBERTa model, without significantly compromising performance.
The following are the building blocks of the architecture:
Input Layer and Tokenization:
Preprocessing and tokenization by mean of the DistillRoBERTa tokenizer are used to preprocess the raw text. This involves the translation of text to lower case, subword division and the insertion of special tokens [CLS] and [SEP] to mark the start and end of the sequence. The tokens are then coded to integer IDs and extended to a definite sequence length.
Embedding Layer:
Each token is assigned to a dense embedding of the token. These embeddings are a combination of token embeddings, position embeddings (to encode the sequence of tokens) and segment embeddings (to distinguish sentences in case required). The embedding layer creates a representation of each token of 768 dimensions, which contains semantic and positional information.

Transformer Encoder Layers:
It features 6 (rather than 12) transformer layers with multi-head self-attention and feed-forward sublayers (DistillNetRoBERTa).
· Multi-head Attention: The model will be able to obtain the contextual dependencies across subspaces.
· Residual Connections and Layer Normalization: Stable gradient flow and better (convergence) training.
· Feed-forward Layers: This is an annotation that offers non-linear token embedding transformations.
The mechanism of attention is mathematically described as equation (11):
                                                                                    (11)
Where are query, key, and value matrices, and is the dimensionality of the keys.
Pooling Layer:
Once the last transformer-based layer has been completed, the [CLS] token pooling/mean pooling operation is used to combine the token embeddings into one fixed length sentence vector. This is a vector of semantic and emotional content of the sentence.
Classification Head:
The combination of the vectors will go through a fully connected dense layer and then a softmax activation to produce emotion probability as equation (12):
                                                                                                     (12)
Where  is the pooled sentence embedding, is the weight matrix of the dense layer, and is the bias vector.  In the case of the pooled sentence embedding, W s is the dense layer weight matrix and b s is the bias. This layer projects semantic features in high dimensions to discrete classes of emotions.

Output Layer:
The result is a probability of distribution of the available set of emotions (e.g. happiness, sadness, anger, fear, surprise). The emotion that has the most probability is chosen as the predicted label.
 The present study tested whether this strategy is beneficial by extensive experimentation and comparison with single transformer models, resulting in a deeper understanding of the trade-offs associated with adopting an innovative hybrid architecture. The Hybrid RoBERTa & Distillation Transformers paradigm is a significant development in emotion detection frameworks, addressing the dual difficulties of performance and scalability.
3.11 [bookmark: _Toc222733519]Applied Hybrid Models
The section provides the suggested hybrid emotion detection models that were used on the GoEmotions dataset. The hybrid approach involves implementing the hybrid modelling strategy to fill the gap between the conventional machine learning models and the fully end-to-end DL models by hybridizing transformer-based model extraction of semantic features with classical ML classifiers. The key idea of adopting the hybrid models is to have a balance of classification performance, computation efficiency, and model interpretability particularly in fine grained multi-label emotion recognition tasks.
The hybrid framework does not need large amounts of fine-tuning and computation resources as traditional deep learning models do but instead uses the frozen pretrained transformer models to extract rich contextual embeddings. Such embeddings are then inputted into the lightweight machine learning classifiers to make decisions. This structure greatly minimizes the level of training and still retains the semantic meaning of text [92].
3.11.1 Hybrid Modelling Workflow
The overall process of the implemented hybrid models has the following steps:
Input Text Representation
Original textual data is converted into dense representations in form of vectors using pretrained transformer models to extract semantic and contextual information.

Factor Extraction (Frozen Transformers)
Transformer models (Sentence-BERT, RoBERTa, and DistilBERT) are utilized as extractors only without an update of the gradient.
Classifier Learning
Multi-label emotion classification is done by training classical machine learning classifiers on the underlying extracted embeddings.
Prediction and Thresholding
Based on optimized decision thresholds, optimized decoder predicts binary emotion predictions based on the output of a classifier. The given figure 9 workflow guarantees the scalability and allows the offered approach to be applicable to real-life deployment scenarios.
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Figure 9: Hybrid modelling workflow of GoEmotions dataset
3.11.2 Hybrid Model 1: Sentence-BERT and Support Vector Machine.
Sentence-BERT is a prototype of semantically meaningful sentence-level representations. They can be used mostly in emotion recognition tasks, which heavily rely on the contextual meaning. The Support Vector Machine (SVM) is selected as the classifier because it performs well in high-dimensional feature space and it is resistant to overfitting [93]. Sentence-BERT takes an input sentence x, which is embedded to a fixed length as computed by equation (13).
                                                                                                               (13)
where denotes the embedding dimension.
Embeddings high dimension Effective processing; High level of generalizing and multi-label classification is an appropriate classification method. The SVM identifies a distinguishing hyperplane for every emotion category by employing a one-against-all approach. The formulation of the decision function is expressed as equation (14).
                                                                                                             (14) A label of emotion is forecasted should the score of a decision surpass a fixed boundary [94].
3.11.3 Hybrid Model 2: RoBERTa Embeddings + Logistic Regression
RoBERTa is an optimized powerful transformer, which offers high-quality contextual embeddings. It can be used in conjunction with Logistic Regression to create a lightweight but effective hybrid model that can efficiently deal with fine-grained category of emotions. The reason behind the choice of Logistic Regression is that it is easy, interpretable, and efficient in terms of multi-label classification.
Probability Estimation
For a given embedding , the probability of assigning an emotion label is computed as equation (15).
                                                                                                      (15)
where the sigmoid function is defined as equation (16).
                                                                                                                            (16)Multi-Label Learning
Every emotion undergoes a one-vs-rest binary classification issue. Tuning parameters are decision thresholds that are optimized in terms of Micro-F1 and Macro-F1 scores. This hybrid model is computationally efficient, coefficients that can be interpreted very well and evidence of highest performance experimentally [95].


3.11.4 Hybrid Model 3: DistilBERT and Random Forest Hybrid
DistilBERT is a smaller transformer model which preserves much representational strength of BERT but is much smaller. The classifier to be used is the random forest to identify the non-linear connection between features and emotion labels.
Ensemble Prediction
The forensic prediction of the Random Forest is calculated as an average of the outputs of various decision trees computed as equation (17).
                                                                                                                         (17)
where represents the prediction of the -th tree and is the total number of trees. This hybrid model is noise and feature resistant, deals with discontinuous decision boundaries and Lower transformer cost of computation [96].
3.11.5 Training Strategy and Optimization
The strategy to be used to train all the hybrid models is as follows:
· Parameters of the transformers are not changed.
· The classical classifiers are trained on labelled GoEmotions data.
· Threshold tuning and class weighting are used to reduce the class imbalance.
· Micro-F1, Macro-F1, and Hamming Loss are used to assess the performance.
This method will be able to identify a similar comparison between models and equitable assessment.
It was observed in the experiments that the RoBERTa + Logistic Regression hybrid model displays the highest overall performance, with the better balance between the accuracy and efficiency. The findings prove that hybrid models have the capability to represent emotional semantics successfully without the computational cost of full transformer fine-tuning. The developed hybrid modeling framework manages to combine deep semantic representations and classical machine learning methods. The approach is especially effective in the case of the fine-grained multi-label emotion detection, providing a scalable and efficient alternative to the end-to-end deep learning method [95].
3.12 [bookmark: _Toc222733520]Hyperparameter Settings for all applied models
The section outlines the hyperparameters of all machine learning, deep learning, and hybrid models that were tested in this study. Hyperparameters were chosen by using empirical validation, existing literature and computationally feasibility to make sure that there was an equal comparison between the models and that it was able to train consistently [97].
3.12.1 Hyperparameters of Machine Learning Models
Classical machine learning models were trained on hyperparameter settings that were optimized, but standard to reduce the effect of hyperparameter variations on robust text emotion classification tasks. SVM and LR were chosen due to the linear decision boundary to effectively deal with high-dimensional textual features. Class weighting was used to counterbalance class imbalance. Random Forest ensemble-based models have been set up to have an adequate number of trees to enhance generalization without incurring prohibitive computational expense that display as table 4.
Table 4: Hyperparameter Settings for Machine Learning Models
	Model
	Hyperparameter
	Value

	Logistic Regression
	Regularization
	L2

	
	Solver
	Liblinear

	
	Max Iterations
	1000

	
	Class Weight
	Balanced

	KNN
	Number of Neighbors (k)
	5

	
	Distance Metric
	Euclidean

	Decision Tree
	Criterion
	Gini

	
	Max Depth
	20

	Random Forest
	Number of Trees
	150

	
	Max Depth
	None

	
	Class Weight
	Balanced

	SVM
	Kernel
	Linear

	
	C
	1.0

	
	Class Weight
	Balanced



3.12.2 Hyperparameter Settings of Deep Learning Models
Hyperparameters were carefully selected to train deep learning models to be stable in convergence and performance of generalization. The regularisation of dropout was used to avoid the problem of overfitting in CNN and RNN structures. The low learning rates and limited number of epochs were used to fine-tune the transformer-based models to ensure the stability and prevent catastrophic forgetting. AdamW optimizer was implemented because it is effective in training transformer that display as table 5.
Table 5: Hyperparameter Settings for Deep Learning Models
	Model
	Hyperparameter
	Value

	CNN

	Number of Convolution Filters
	128

	
	Kernel Size
	3

	
	Activation Function
	ReLU

	
	Dropout Rate
	0.5

	RNN / LSTM

	Hidden Units
	128

	
	Number of Layers
	1

	
	Dropout Rate
	0.5

	BERT

	Batch Size
	16

	
	Epochs
	5

	
	Optimizer
	AdamW

	
	Learning Rate
	2e-5

	Proposed DistillNetRoBERTa

	Learning Rate
	2e-5

	
	Batch Size
	16

	
	Epochs
	5

	
	Optimizer
	AdamW



3.12.3 Hyperparameter setting of Hybrid Model
Hybrid models are based on frozen transformer embeddings and classical classifiers. Hyperparameters were adjusted to guarantee effective learning, but at the same time, performance. Transformer models were trained to act as feature extractors only, and they were frozen during training to minimize the amount of computation. Linear classifiers were chosen because they are more interpretable and efficient [93]. They used class balancing and threshold optimization to enhance the performance on under-represented categories of emotions that present in table 6.







Table 6: Hyperparameter Settings for Hybrid Models
	Hybrid Model
	Hyperparameter
	Value

	Sentence-BERT + SVM
	Embedding Model
	all-MiniLM-L6-v2

	
	Classifier
	Linear SVM

	
	C
	1.0

	
	Class Weight
	Balanced

	RoBERTa + Logistic Regression
	Embedding Model
	roberta-base

	
	Classifier
	Logistic Regression

	
	Max Iterations
	1000

	
	Class Weight
	Balanced

	DistilBERT + Random Forest
	Embedding Model
	distilbert-base-uncased

	
	Number of Trees
	150

	
	Max Depth
	None

	
	Class Weight
	Balanced



The strategy entails choosing the hyperparameters to be used during prediction. The values of hyperparameters were chosen with the help of:
· Empirical experimentation
· Prior research in the literature of emotional detectors.
· Validation-based tuning
This approach guaranteed uniform and fair comparison of all the assessed models with computational feasibility aspects. The chosen hyperparameter settings allowed the training to be stable, efficiently generalise and evaluate fairly machine learning, deep learning and hybrid models. These settings are consistent across the experiments which guarantees the reliability and reproducibility of reported results [98].
3.13 [bookmark: _Toc215520873][bookmark: _Toc215562661][bookmark: _Toc215562798][bookmark: _Toc215563529][bookmark: _Toc215579943][bookmark: _Toc217984397][bookmark: _Toc215520874][bookmark: _Toc215562662][bookmark: _Toc215562799][bookmark: _Toc215563530][bookmark: _Toc215579944][bookmark: _Toc217984398][bookmark: _Toc214814889][bookmark: _Toc222733521]Evaluation Measure
A set of evaluation metrics was used to objectively evaluate the performance of the deployed emotion detection models. These measures are the measures of the correctness of the models in predicting emotions, considering not only the general correctness but also the proportion of correct predictions of positive and negative ones. In the case of classical ML models, the measure of accuracy, precision, recall, and F1-score was determined depending on true positives, true negatives, false positives, and false negatives of the predicted labels. Likewise, when applied to DL models, these metrics can give information about both reliability and robustness of both the models when using various feature representations, such as TF-IDF, POS tagging, Word2Vec, GloVe, FastText, and sentence embeddings. The use of several evaluation scales makes sure that we will have a comprehensive view of the model performance and understand its strong and weak sides as well as the possibility of improvement of the model further. In order to objectively assess the performance of the proposed emotion detection framework, proper evaluation metrics are used during the assessment since the GoEmotions data is multi-labeled. Multi-label emotion recognition, in contrast to single-label classification, needs to use specialized metrics, which have the capacity to reflect overlaps between emotional categories, as well as imbalance between classes. Thus, the work  will use Micro-F1 score, Macro-F1 score and Hamming Loss as the main performance indicators [96].
3.13.1 Accuracy
The metric used to measure the degree of precision in model classification is referred to as accuracy. The concept of accuracy is represented as in equation (18).
Accuracy =  									(18)
Where TP, FP, TN, and FN are true positive, false positive, true negative, and false negative respectively.
Accuracy is just as kind of simple and popular measure to evaluate classification models. It is the ratio of the number of correct predictions to the total number of predictions. In sentiment classification, it tells us how many of the samples we correctly predicted as ‘positive’, ‘negative’ or ‘neutral’ out of all samples. Accuracy provides an overall impression of model performance but can be deceptive for imbalanced data. For example, if most of the reviews in the entire dataset are “positive” an “all positive” model may have high accuracy but predict all but positive or neutral sentiments poorly.
3.13.2 Precision
Precision (P) is determined by dividing the number of True Positives (TP) by the total number of True Positives and False Positives (FP). The precision is quantified using the subsequent mathematical expression, defined using equation (19).
Precision =  										(19)
where TP, FP are true positive and false positive respectively.
Precision deals with the accuracy of the positive predictions. It shows us among all cases that the model predicted as belonging to a certain class (e.g., “positive” sentiment), how many of them were true. In sentiment classification, for example, high precision suggests when the model thinks that a review is positive, the review is very likely to be indeed positive. This metric is particularly meaningful in situations where false positives have relatively high costs (e.g., mistaking a negative customer review as positive can lead to poor business decisions).
3.13.3 Recall
The Recall is the ratio of True Positive (TP) to the total number of True Positive and False Negative (FN). Recall is defined as in equation (20): Where TP, FN are true positive and false negative respectively.
Recall =										(20)
Recall calculates how many of all relevant samples are returned by a model (in the same class). It tells us what proportion of actual positive examples were correctly classified by the model. The intuition behind high recall in the sentiment analysis case is that the model can capture most of the reviews with positive sentiment. This is important for cases in which missing a positive (or negative) sentiment would be costly — e.g., finding the episodes that a customer was unsatisfied with or sharply complained about.
3.13.4 F-Score
The F-Score is the statistic employed to achieve equilibrium between recall(R) and precision (P). The F-Score value varies from 0 to 1. The F-Score is computed using the following formula (21).
F1-score = 2*  									(21)
Where P and R, are precision and recall positive respectively.
The F1-score is a weighted average of precision and recall, since you obviously cannot report two different numbers just to quantify the two metrics you've used (which is also only the tip of the iceberg). It is of value when you want to consider both the importance and power of model’s predictions. The F1-score is more balanced than accuracy in sentiment classification tasks when the data is of class imbalance or it has different effects when false positives and false negatives occur. It is typically used to evaluate the effectiveness of a model when both precision and recall are important, and we want to optimise them simultaneously [99].
3.13.5 Micro-Averaged F1 Score
The Micro-F1 score indicates how well the classifier has performed by summing up the output of true, false, and negative results of all emotion types. The statistics are especially appropriate in the case of imbalanced multi-label data, where the most common classes of emotions are more heavily weighted, and the overall predictive power of the model is considered that is computed as equation (22).
The Micro-F1 score is defined as:
                                                                                                                   (22)Where TP be the total number of true positive, FP be the total number of false positives and FN be the total number of false negatives.
The main assessment measure in the research is micro-F1 because this measure will give a fair impression of the overall model processing of all emotion labels [8].
3.13.6 Macro-Averaged F1 Score
The Macro-F1 score calculates the F1 score of every emotion category separately and averages the scores. This measure is the same as all classes of emotions, irrespective of how limited they are in the data set, so it is especially valuable in the measurement of performance on infrequent or underrepresented feelings. The Macro-F1 score is defined as equation (23).
                                                                                                              (23)where represent the F1 score for the emotion class and let be the total number of emotion classes. 


3.13.7 Hamming Loss
Hamming Loss is a quality measure of the proportion of the incorrect labels to the number of labels in a multi-label classification problem. It is a punishment of both false positives and false negatives in equal measures, and it gives a straightforward measure of prediction error [100].
Let:
· be the total number of samples
·  be the total number of emotion labels
· be the ground truth label
· be the predicted label
Hamming Loss is defined as equation (24).
                                                                      (24)
where is the indicator function.
The smaller the Hamming Loss, the higher the performance because the number of emotion labels that are predicted incorrectly reduces. This metric is particularly applicable in determining the stability and reliability of multi label classifiers.
3.13.8 Justification for Metric Selection
The reason behind the choice of metric must be sufficient to warrant the selection of the metric.
The measures of evaluation chosen in the evaluation are a comprehensive evaluation of the proposed framework:
· Micro-F1 is a measure of general accuracy of prediction.
· The measurement of the performance in all types of emotions, including rare ones, is performed by Macro-F1.
· Hamming Loss is used to measure the overall classification error.
This combination provides fair and sound assessment of hybrid and deep learning models which are implemented to fine-grained multi-label emotion recognition. With Micro-F1, Macro-F1 and Hamming Loss, this research makes sure that an accurate and overall assessment of emotion detection models is made. These measures are suitable to account the issues of multi-label classification, class imbalance, overlapping emotional expressions unique to the GoEmotions data.
3.13.9 Attack Success Rate
The ASR ratio is determined by dividing the number of successful attack samples by the total number of successful and unsuccessful samples.  ASR is a primary evaluation metric in adversarial ML tasks, such as sentiment classification, image recognition, and text-based classification. It measures the success of an adversarial attack in tricking a trained model [96].
In the sentiment classification task, ASR is the ratio of adversarial inputs (e.g., the modified sentences with tiny adversarial textual perturbations) that can force the model to predict a different label other than the correct one. For instance, given the model’s misclassification on 85 positive reviews out of the 100 modified reviews by attackers, the evaluation success rate is 85%. This measure is also important when evaluating the robustness and security of sentiment classifiers, particularly those using DL techniques such as BERT, GPT or LSTMs. A large ASR value means that the model is very susceptible to adversarial attack, which is not desirable in real-world applications such as product review analysis, social media monitoring, etc. On the contrary, a low ASR indicates that the model is more robust to crafted adversarial noise and keep the sentiment prediction accuracy. ASR is particularly critical to assess word and syntax substitution attacks as well as black-box and white-box attacks in NLP systems [28].
4. [bookmark: _Toc222733522]Results and Discussion
This part provides an in-depth analysis of the results obtained from both traditional ML methods and DL approaches utilized for recognizing emotions. The ML methods evaluated encompass Logistic Regression, KNN, DT, SVM, and RF. These algorithms were examined using various feature representations, including TF-IDF, syntactic vectors derived from part-of-speech (POS) tagging, and FastText embeddings. On the other hand, the DL models analysed in this study include CNN, RNN, BERT, and the recently introduced DistillNetRoBERTa, which were employed alongside classic word embeddings (such as TF-IDF, POS, Word2Vec, GloVe) and advanced semantic embeddings (SE).
The results provide a comparative view of how traditional ML frameworks stack up against modern DL models. In general, DL techniques exhibit superior performance in detecting complex semantic and syntactic details, particularly when using contextual embeddings like BERT and DistillNetRoBERTa. However, traditional ML methods, notably ensemble models like RF and Decision Trees, achieve respectable performance with structured feature representations such as TF-IDF, highlighting their suitability for tasks demanding interpretability and computational efficiency. This section also elaborates on the metrics of accuracy, precision, recall, and F1-score for each model-feature combination, illuminating their respective strengths, limitations, and significance in real-world emotion detection scenarios.
Furthermore, the comparative analysis of ML and DL models indicates that while DL frameworks excel at capturing deep contextual signals and intricate linguistic relationships, ML techniques remain relevant in contexts where data availability is limited, computational resources are constrained, or interpretability is essential. The discussion emphasizes the vital importance of feature representation, demonstrating how the selection between syntactic, semantic, and contextual embeddings can greatly affect model performance. In conclusion, this section not only showcases the numerical outcomes but also offers a qualitative assessment of model effectiveness, guiding future innovations and hybrid methodologies for enhancing emotion detection.
Moreover, the detailed discussion of the experimental findings of the proposed hybrid emotion detection framework tested using the GoEmotions dataset will be given. Specific attention is given to model behavior in the framework of the fine-grained multi-label emotion detection, where there are overlapping emotional expressions, a class imbalance, and short text length, which are the serious issues of incorporating transformer-based semantic representations with classical ML classifiers, with the emphasis on the trade-offs in terms of predictive effectiveness, computational speed, and model robustness.
4.1 [bookmark: _Toc222733523]Results of applied ML models
The effectiveness of classical ML models was assessed using three different feature extraction methods, which are TF-IDF, POS-tag-based syntactic vectors, GloVe, word2vec, and FastText embeddings, to fully determine the effectiveness of these methods in emotion detection tasks. The measures of evaluation were Accuracy, Precision, Recall, and F1-score, which gave a fair overall accuracy and the capacity of the model to identify the correct emotional class.
4.1.1 [bookmark: _Toc222733524]Results of ML with TF-IDF features
LR was trained with TF-IDF features, and its accuracy of 84.7%, precision of 83.1%, recall of 84.7% and F1-score of 78.9% were obtained. These findings suggest that the model is useful in determining the appropriate categories of emotion whilst having a balanced trade-off between the precision and the recall. The fact that F1-score is lower than accuracy indicates that there are misclassifications, which may be attributed to similar cases of word distributions across similar emotions. However, the LR enjoys the fact that TF-IDF vectors are high-dimensional and thus the linear model can differentiate the classes with an emphasis on the importance of terms.
KNN was slightly higher than LR on TF-IDF features with an accuracy of 85.9%, a precision of 81.5%, a recall of 85.9%. The distance-based classification used the high-dimensional TF-IDF space to its advantage where the emotionally similar texts naturally clustered. The model is, however, very dependent on the selection of k and the curse of dimensionality, although it has relatively good accuracy, the precision means that there are some cases when some of the nearest neighbors were not in the right classes, which misclassified the less common emotions.
DT was the highest performing single-tree model with TF-IDF features with accuracy of 97.3% and precision of 97.4% and recall of 97.3% and F1-score of 97.1%. The presence and combinations of significant terms that differentiate emotional categories are well represented by the hierarchical splitting mechanism of Decision Trees. The positive values of high precision and recall mean that the model not only does the correct identification of most of the emotional samples but also does not produce false positive results, so it can be regarded as very reliable when it comes to text-based emotion detection. The findings show that tree-based models are successful in high-dimensional sparse space such as TF-IDF, wherein it can detect informative features without dimensionality reduction.
With TF-IDF features, SVM was found to have an accuracy of 87.7% and a precision of 86.0% along with a recall of 87.7% and an F1-score of 84.3%. The model has the advantage of the maximum margin between emotion classes of high-dimensional TF-IDF space that enables SVM to distinguish between overlapping contributions of emotional expression. The fact that the F1-score is slightly lower than accuracy indicates a few difficulties in separating the most subtle differences between emotions that are very similar. Altogether, SVM is an effective linear classifier of TF-IDF elements, which is robust and generalizes across a variety of categories.
RF was very similar in performance to DT with an accuracy of 97.0%, precision of 96.9%, recall of 97.0% and an F1-score of 96.7%. The combination of several trees increased stability and decreased the variance as compared to a single DT that enabled the model to address some occasional outliers or a deviation in the data. High recall and accuracy mean that the RF always predicts the right emotions, and the errors are minimal. The diversity of the ensemble coupled with the high-dimensional feature space of TF-IDF provides one of the best performance profiles of the reviewed models.
Figure 10 shows the classification accuracy of five ML models LR, KNN, DT, SVM and RF, tested on TF-IDF semantic features. The findings reveal that both the Decision-tree and the RF classifiers perform best with their individual performance exceeding 97% accuracy which implies that they have strong discriminative ability when trained on the TF-IDF vectors. LR and SVM provide moderate performance whereas KNN demonstrate competitive results with minor decrease in accuracy. The general direction proves that TF-IDF properties are efficient in capturing textual semantics which lead to high model performance across the board. 
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Figure 10: Results of all applied ML models with TF-IDF features

The performance of the ML models with the TF-IDF features proves to be high in all algorithms. DT and RF models were the most successful with the highest accuracy, demonstrating that TF-IDF can be used to extract the discriminative textual patterns needed to distinguish among emotions. It means that frequency-based representations enable ML models to select words that are most informative in classifying emotions, and predictions made based on the frequency will be more reliable and consistent on the dataset. TF-IDF thereby increases the level of sensitivity of the models to the significant signals and eliminates noise of frequent words that do not include much emotive data.
In TF-IDF results table, table 4 displays the performance of all ML models with the use of the TF-IDF feature representation. TF-IDF highlights the words that are unique in a particular text as compared to the entire corpus, which enables models to concentrate on the most informative words. As can be seen in the table, ensemble models such as DT and RF had the best accuracy, precision, recall, and F1-scores, indicating the efficacy of TF-IDF in identifying discriminatory textual features to identify emotions. Such a representation is clear evidence that models distinguish between emotion based on terms relevancy, which leads to more accurate predictions. 
Table 7: Details Result of All Applied ML Models with TF-IDF Features
	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1 Score (%)

	Logistic Regression
	84.72
	83.14
	84.72
	78.98

	KNN
	85.91
	81.55
	85.91
	81.15

	Decision Tree
	97.30
	97.45
	97.30
	97.10

	SVM
	87.71
	86.01
	87.71
	84.37

	Random Forest
	97.00
	96.89
	97.00
	96.72



4.1.2 [bookmark: _Toc222733525] Results of ML models with POS tagging feature
In the POS-tagging scenarios, the accuracy of LR was 82.9% with its precision of 68.9%, recall of 82.9% and F1-score of 75.3%. The accuracy means that the model will correctly classify most samples but the lower the precision is an indication that it will sometimes misclassify some of the emotional categories. The syntactic structure of POS features captures the syntactic content and not the semantic content which makes it hard to distinguish between emotions that have similar grammatical structures. However, LR shows that it is reasonable when POS vectors are sparse.
KNN achieved the accuracy of 82.7%, precision of 72.0%, recall of 82.7%, and an F1-score of 75.3%. As with Logistic Regression, the model is reasonably good at the discrimination of emotions with the help of syntactic structures but is more precise thanks to the fact that KNN relies on distance-based voting that tends to favor frequent structures. Nevertheless, syntactic characteristics alone cannot create tightly knit neighborhoods of some subtle emotions, which somewhat restricts the discriminative powers of the model.
There was also a significant reduction in DT performance when it was used with POS features with an accuracy of 67.6%, a precision of 69.7%, a recall of 67.6% and F1-score of 68.6%. The hierarchical splits of the model were ill-posed to the low-information, sparse POS feature space, over splitting on some syntactic patterns and falsely classifying lower frequency emotions. This is one of the main shortcomings of tree-based models in terms of using strictly structural features in absence of semantic context.
The accuracy, precision, recall, and F1-score of SVM were 83.0%, 68.9%, 83.0%, and 75.3%, respectively. Just like in the case of LR SVM takes advantage of the fact that the prevailing syntactic patterns represented by POS tags can be linearly separated. The moderate level of F1-score indicates that it is hard to correctly identify emotions which have similar grammatical structures, although the accuracy is acceptable, and the use of POS features alone cannot be used to differentiate between emotions of different nature.
RF has an accuracy of 81.0%, preciseness of 68.8%, recall of 81.0%, and F1-score of 74.3%. The ensemble quality of the RF gives the mitigation effect of overfitting, although the information content of POS tags is low, which limits its overall discriminative power. Although this model is good at capturing common syntactic-emotional patterns, it performs poorly in capturing subtle emotions, and thus also achieves lower F1-scores than models that are trained using more informative features such as TF-IDF or embeddings. 
Figure 11 describes what happens when the same five models are trained using POS-tag based syntactic features only. Compared to TF-IDF, POS features have significantly reduced accuracies with all classifiers. DT has lowest accuracy as it is about 67%, whereas the LR and SVM models achieve the highest accuracy of approximately 83 %, indicating that syntactic information is not enough in the detection of fine-grained emotions. These findings suggest that the POS features provide limited discriminative power probably because they cannot retrieve the semantic context.
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Figure 11: Results of all applied ML models with POS tagging features
ML models using POS-tagging characteristics demonstrated an average performance, and the accuracy was usually inferior to TF-IDF. Nevertheless, syntactic patterns which are observed using POS vectors still made a helpful hint in the process of identifying emotions, especially in models such as LR and SVM which are optimised to take advantage of structured data. Whereas the performance of the ensemble models reduced by a small margin compared to TF-IDF, the performance of the POS features enabled the models to exploit grammatical links, which can reveal nuances between sentential expressions of emotion as opposed to individual keywords.
Table 8 POS-tagging results demonstrate how the ML models perform in the case of syntactic feature representations based on part-of-speech information. These characteristics provide grammatical structures and word roles, which are used in identifying patterns that are related to different emotions in the models. Although general performance is a bit worse than TF-IDF, such models as LR and SVM utilise the fact that the input is structured, resulting in competitive precision and F1-scores. The table demonstrates the role of syntactic information in emotion recognition, indicating that grammatical patterns may be a significant addition to the lexical peculiarities.
Table 8: Details Result of All ML Applied Models with POS Tagging Features
	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1 Score (%)

	Logistic Regression
	82.92
	68.97
	82.92
	75.35

	KNN
	82.72
	72.03
	82.72
	75.35

	Decision Tree
	67.63
	69.67
	67.63
	68.63

	SVM
	83.02
	68.92
	83.02
	75.31

	Random Forest
	81.02
	68.81
	81.02
	74.38



4.1.3 [bookmark: _Toc222733526] Results of ML models with GloVe
The analysis of classical ML models through GloVe embedding proves that pre-trained semantic representation features strongly improve the capacity of models to identify emotions in textual information. GloVe embeddings offer a dense representation of a word in the form of a vector that represents both syntactic and semantic links between words, which enable models to generalize more readily to various emotional forms.
The accuracy of LR was 85.72%, which is a strong linear separability in the feature space of GloVe embeddings. Its accuracy of 84.14% suggests that the model will never miss most cases of neutral or irrelevant text as emotional and the recall of 83.72% indicates that it will correctly recognise most of the actual emotional cases. The F1-score of 79.98% indicates a decent accuracy and recall rate, albeit with a marginal margin of lower scores because of the inherent limitations of linear models to complex non-linear emotional patterns.
KNN showed a little better accuracy (86.91%) and high recall (86.91%), which indicates the use of this non-parametric model proves to be efficient to model local relationships in semantic space. Its accuracy (82.55% ) is slightly lower which means that it has false positives, as it is with distance-based models. Overall, the F1-score of 82.15% proves the mixed performance by showing that KNN is capable of successfully using GloVe embeddings to cluster similar emotional contexts.
It is evident that DT beats all other models with its accuracy of 97.30%, precision of 97.45%, recall of 97.30%, and F1-score of 97.10%. The capability of the model to capture non-linear feature interactions helps the model to capture subtle emotional nuances in GloVe vectors. The nature of the Decision Trees is that complex patterns and hierarchical relationships between words are dealt with, and thus they are greatly applied in multi-class emotion recognition.
SVM (SVM) had an accuracy of 88.71%, a precision of 86.01%, a recall of 87.71% and an F1-score of 85.37%. SVM utilises the rich dimensional GloVe embed space to identify the best hyperplanes to separate the various emotional categories. It has strong generalization abilities that enable it to work in instances where classes mingle as well, although the accuracy is not as high as that of tree-based models.
Random Forest, which is a combination of DTshowed comparable results as the single DT and the accuracy was 97.00%, precision 96.89%, recall of 97% and F1-score of 96.72%. RF is an ensemble, which makes it less prone to variance and more resilient, making the ensemble a very dependable choice when doing emotion detection tasks in real world, where a minor shift in word semantics can make a significant difference.
The accuracy and F1-score bar chart of the ML models using GloVe features gives a good comparative graphic. The x-axis indicates the various ML models, and the y-axis indicates the % age performance indicators. It is evident in the chart that ensemble-based models (DT and Random Forest) are superior, in terms of high accuracy and F1-scores. The performance of LR and KNN is moderate, and it indicates the inability of the two to capture non-linear and hierarchical semantic relationships, although their generalization is strong. The bar chart is an intuitive illustration of how the readers can quickly understand the comparative strengths of models and show how GloVe embeddings can make a model perform better, particularly those that can learn more intricate interactions of features. Results of ML models with GloVe is shown as figure 12.
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Figure 12: Results of ML models with GloVe
The accuracy, precision, recall, and F1-score of all the ML models on GloVe embeddings are presented in the corresponding table in % ages. The model’s performance can be compared in a detailed way in this tabular representation: Accuracy is used to gauge the % age of the correct instance of emotions. Precision: This would demonstrate if the predicted emotions were reliable and the prediction can be made to overlook false positives. Recall evaluates the sensitivity of the model to capture all real emotional cases, pointing out real positive identification. F1-score is a result that is a combination of both precision and recall, it is a balanced score used to indicate model performance. Based on table 9, ensemble models (DT and Random Forest) are always better than linear and distance-based models, which supports the significance of representation of non-linear semantic relations in GloVe embeddings in effective emotion detection. LR and KNN stay on the competitive level, proving that even less complicated models may give a decent result, especially when the interpretability and the ability to run the program are valued.
Table 9: Details of Applied ML Models with GloVe Features
	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1 Score (%)

	Logistic Regression
	85.72
	84.14
	83.72
	79.98

	KNN
	86.91
	82.55
	86.91
	82.15

	Decision Tree
	97.30
	97.45
	97.30
	97.10

	SVM
	88.71
	86.01
	87.71
	85.37

	Random Forest
	97.00
	96.89
	97.00
	96.72



4.1.4 [bookmark: _Toc222733527]Results ML models with Word2Vec
The comparison of classical ML models using Word2Vec embeddings proves that dense and context-specific representations of vectors can improve emotion recognition in writing. Word2Vec learns the semantic relationship of words with each other by learning them in a continuous vector-space, and as a result, enables semantic and syntactic context to be used in their models.
The accuracy of the LR was 86.72% with a strong linear form of emotion categorization in the Word2Vec feature space. Its accuracy of 85.14% depicts the fact that it is high in detecting accurate emotions if the emotions are predicted along with limiting the number of false positives. The recall rate of 84.72% shows that most real emotional cases were able to be captured. The F1-score of 81.98% indicates a balanced level of performance in the precision and recall but being slightly worse than the best models because of the linearity of the algorithm, which can be unable to follow non-linear association that exists in the Word2Vec embeddings.
The accuracy of KNN (KNN) was 86.91%, the precision of 82.55%, and the recall of 86.91%. The model is also highly sensitive to actual emotional cases and has the advantage of being distance-based in the semantic Word2Vec space. It has a moderate balance between precision and recall, with a F1-score of 82.15% slightly affected by the existence of false positives. KNN indicates that local similarity measures in embedding space are efficient in emotion detection in situations where emotion contexts are tightly clustered.
The accuracy of DT was 95.30%, 95.45%, 96.30%, and the F1-score was 93.10%. The high performance of the model demonstrates its capability of capturing complex and non-linear patterns in Word2Vec word embeddings, which makes it very effective in the multi-class emotion detection. Decision Trees have the ability to divide the feature space into hierarchical decision rules making subtle semantic differences between emotions to be adequately represented.
SVM achieved a precision of 86.01%, recall of 87.71%, support F1-score of 85.37% and accuracy of 89.71%. The SVM can distinguish overlapping classes of emotions by making use of the high dimensional space of Word2Vec. Its performance is also quite strong but a little bit worse than ensemble methods, which implies that non-linear interactions between embeddings can be more effectively represented by the tree-based models.
RF performed even better with the accuracy of 96.00%, the precision of 96.89%, the recall of 96%, and the F1-score of 96.72%. Being a forest of decision trees, RF minimizes overfitting and maximizes generalization, following intricate tendencies in all categories of emotions in the Word2Vec space of features. Its high accuracy and recall are signs of an equal and sound classification performance.
Accuracy and F1-score as shown in figure 13 where applied ML models trained on Word2Vec features are an easy visual comparison of the performance of the model. The various ML models are enumerated in the x-axis, and the % age scores appear in the y-axis. DT and RF models based on ensembles are evidently the most successful as they do not only have the highest accuracy and F1-scores, but also the minimum error. Linear models and KNN also do well, which shows that even though Word2Vec embeddings can give us very rich semantic information, non-linear relationship models can capture more subtle emotional hints. Through this graph, one can demonstrate the comparative abilities of each model and the efficacy of the Word2Vec embeddings to emotion detection problems.
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Figure 13: Accuracy and f1-score of applied ML models with Word2Vec
The table in the appendix shows the numeric output in detail of ML models using Word2Vec representations. All the metrics represent a different dimension of model performance:
The accuracy (%) is the overall correctness of forecasts. Precision (%) is the measure of the number of correct predictions of emotions, compressed in proportion to all the predictions. On the one hand, the model is assessed with the help of recall (%) to determine the level of sensitivity to real emotional cases, meaning how many real emotions are represented. F1-score (%) F1-score (% ) is a combination of precision and recall into one metric, which has a balanced interpretation of model performance.
The findings indicate that ensemble models (DT and Random Forest) shown table 10 superiority over linear and distance-based models, which supports the significance of the complexity of semantic patterns in Word2Vec embeddings. LR and KNN also compete successfully, demonstrating that even simpler algorithms can give decent results in combination with good semantic features.
Table 10: Details of Applied ML Models with Word2Vec Features
	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1 Score (%)

	Logistic Regression
	86.72
	85.14
	84.72
	81.98

	KNN
	86.91
	82.55
	86.91
	82.15

	Decision Tree
	95.30
	95.45
	96.30
	93.10

	SVM
	89.71
	86.01
	87.71
	85.37

	Random Forest
	96.00
	96.89
	96.00
	96.72



4.1.5 [bookmark: _Toc222733528] Results of ML models with FastText feature
LR was used with FastText embeddings and had an accuracy of 83.0%, a precision of 68.9, a recall of 83.0 and F1-score of 75.3. The dense and semantically rich representation offered by FastText is an advantage of the model because it represents the contextual meaning of words beyond the syntax of the surface. Nevertheless, accuracy is restricted since linear models might be exposed to making inaccurate classifications between closely related emotions because of the difficulty in differentiating subtle emotional features within high-dimensional embeddings.
FastText embeddings with KNN gave an overall accuracy 82.9%, precision 68.9%, recall 82.9% and an F1-score 75.3%. The distance-based classification takes advantage of the semantic similarity of texts in embedding space as emotionally related texts. Though KNN can easily detect clusters of similar emotions, its accuracy is limited by overlapping embedding of similar related emotion and in some cases misclassifies and restricts accurate classification.
DT got an accuracy of 67.3%, precision of 69.4%, recall of 67.3% and F1-score of 68.3%. The performance of the model is much poorer with FastText than with TF-IDF since tree-based splits are based on discrete values of features whereas FastText embeddings are continuous and dense vectors. This makes hierarchical splitting less effective, making the tree overfit, or not being able to represent meaningful decision boundaries in the embedding space.
The accuracy, precision, recall, and F1-score of SVM were 83.0%, 68.9%, 83.0%, and 75.3% respectively. SVM is more appropriate to high-dimensional embedding spaces, such as FastText since it maximizes the distance between classes in a vector space. The categories of emotions that the model split are quite numerous, but the similarity of the representation of emotions somewhat reduces accuracy. In general, SVM proves to be strong and provide effective generalization using semantic features.
RF achieved 83.0% accuracy, precision of 68.9%, recall of 83.0% and F1-score of 75.3%. Like Decision Tree, the ensemble cannot deal with dense and continuous embeddings well, because the hierarchical splitting strategy is not as efficient in these feature spaces. Prediction stability with aggregation of more than one tree is better than the single-tree model, but the model fails to scale to better performance due to discrete splits being unable to completely exploit semantic relationship stored as FastText vectors.
Figure 14 compares the model accuracies achieved with FastText word embeddings which is a continuous-vector representation that is semantic-rich. The findings indicate consistent yet moderate performance of all models with the accuracies of Logistic Regression, SVM, KNN and RF have a cluster of 82-83%. The poorest performance is again exhibited by Decision Tree. Even though FastText can retrieve semantic similarity and subword features, its performance is still lower than that of TF-IDF but higher than that of pure POS features. This implies that FastText is useful in enhancing the generalization, but it might need more complex architecture (e.g., LSTM, CNN, transformers) to be maximally successful.
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Figure 14: Results of all applied ML models with FastText features
The FastText embeddings showed a satisfying performance with all ML models, which matched or were slightly lower than TF-IDF scores. Semantic representations allowed the models to represent contextual relationships between words, and made the models generalize to unknown or rare words. Although DT and RF did not reach the same level of accuracy as TF-IDF, FastText embeddings provided the opportunity to models, such as LR or KNN, to stay competitive in the context of processing emotion in a broader contextual meaning instead of just based on frequency counts or syntactic patterns.
Table 11 of FastText results demonstrates the performance of semantic embedding based on semantic embedding produced by FastText. These embeddings are of words in continuous vectors space, reflecting semantic relationships and similarity between words in context. The following table shows that the performance of such models as Logistic Regression, KNN, and SVM is similar over the range of emotions, whereas the accuracy of the ensemble models is lower than in the case of TF-IDF. It means that semantic embeddings assist the ML models to generalize between various expressions and contexts and allow them to detect emotions of uncommon or unknown words.
Table 11: Details Result of All Applied ML Models with FastText Features
	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1 Score (%)

	Logistic Regression
	83.02
	68.92
	83.02
	75.31

	KNN
	82.92
	68.97
	82.92
	75.35

	Decision Tree
	67.32
	69.42
	67.32
	68.26

	SVM
	83.02
	68.92
	83.02
	75.31

	Random Forest
	83.02
	68.92
	83.02
	75.31



The grouped bar chart shows as figure 15 the accuracy of all the used ML models with respect to the feature representations TF-IDF, POS-tagging, and FastText embeddings. The different features are represented by the bars in each group on the x-axis that represent a particular ML model. In this visualization, feature choice has a predictive effect on the model performance, whereby ensemble models such as DT and RF can always score higher when working with TF-IDF features. Direct comparison of model behavior is also possible in the chart, which shows the trends of moderate performance of POS features and balanced results achieved with FastText embeddings. All in all, the grouped bar chart gives a rather intuitive picture of the strengths and weaknesses of each ML algorithm in various feature representations to allow taking a clear picture about how feature engineering affects performance in emotion detection.
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Figure 15: accuracy of all the used ML models with respect to the feature representations TF-IDF, POS-tagging, and FastText embeddings
The group bar chart is a comparative visualization of the effectiveness of all ML models (Logistic regression, KNN, Decision tree, SVM, and random forest) when applied on various feature types: TF-IDF, POS tagging, Word2Vec, FastText, and GloVE. Each model is identified on the x-axis by its type of feature, and the y-axis shows the % age scores of both accuracy and F1-score.
A point-to-point comparison of the impact of each feature on model performance can be made directly using this chart.  DT and RF are the best performing ensemble models in terms of the highest accuracy and F1-scores over all features, indicating that these models can model non-linear connections and multifaceted semantic patterns in the data. Linear models such as LR can do quite well with semantic embeddings such as Word2Vec and GloVe without much performance decline in presence of syntactic features such as POS tagging.
KNN is characterized by good recall using dense embeddings such as Word2Vec or FastText, yet a bit influenced by syntactic features thus requiring local similarity in the feature space. The generalization of SVM on all the features is very strong and it is moderately improved when semantic embedding is applied, which confirms that it can use high dimensions representations.
Another theme that is visually illustrated in the chart is the effect of feature engineering: semantic embeddings (Word2Vec, FastText, GloVe) tend to be more effective than either syntactic or sparse features (TF-IDF, POS tagging). The bar structure formed in groups is a clear way of understanding the relative performance of each model, as well as the influence of each type of feature, the bar structure is useful in the rapid evaluation of the most efficient combinations of features to use in the emotion detection tasks.
Overall, this visualization underlines the fact that, whereas the simpler models can be guided by high-quality embeddings, the most successful models are always the ensemble-based models, and the representations of semantic features can be greatly used to contribute to the predictive performance. To contemplate the efficacy of various modeling strategies, comparative research was executed between the classical ML and DL designs, where GloVe and Word2Vec vectors were used as representations of features. Such a comparison illuminates the performance of every model, as well as the performance of the two approaches in embodying the emotional nuances of expressions in text data when compared to each other.
4.2 Results of applied DL models
In order to compare the performance with model trained on traditional lexical features, we experimentally compare the performance of the model with the use of traditional lexical features (TF-IDF Vectors, POS tags) by concatenating them, and evaluating it over 4 architecture, namely CNN, RNN, BERT and the distilled variant of RoBERTa (distilled from monolingual data) which we refer to as DistillNetRoBERTa. Similarly to above, we exchanged these shallow features with alternatives that are deeper (Word2Vec, GloVe, and pretrained sentence embeddings) using the same model backbones (CNN, RNN, BERT, DistillNetRoBERTa). In all setups, transformer‐based models (BERT and DistillNetRoBERTa) outperformed their CNN and RNN equivalents and the best overall classification accuracy and F₁‐scores under both feature settings were achieved by DistillNetRoBERTa. With a BERT model taking the contextualized token representations as input F1 was surpassed 74%, and DistillNetRoBERTa even made large improvement into the low-80% range, outperforming the CNNs by more significant margin than the RNN. Moving to deep embeddings uniformly raised accuracy: Word2Vec and GloVe features increased precision and recall for simple models (CNN/RNN) by about 5–7 p.p., sentence embeddings allowed BERT to achieve over 78% F₁ and DistillNetRoBERTa over 83% F₁. These results emphasize that (1) context-aware transformers increase the performance over traditional neural models with both representations, and (2) deep contextual embedding features—especially sentence embeddings—help boosting the performance over TF-IDF/POS, with largest incremental gains when combined with DistillNetRoBERTa.
4.2.1 [bookmark: _Toc214814890][bookmark: _Toc222733529]Results of DL models with TF-IDF
The emotion‐detection experiments based on TF‐IDF show a clear stepwise performance improvement across simple neural architectures (CNN, RNN) to large pretrained transformers (BERT) and finally, a distilled RoBERTa‐based ensemble (“Proposed DistillNetRoBERTa”). The CNN (Table 2) has an overall accuracy of 67.09%, a precision ∼ 62‐62%, recall ∼ 61‐62%, and F₁‐score of 66.89%. If we switch to an RNN, all metrics increase: we get an accuracy of 71.36%, precision of 69.99%, recall of 73.02%, and F₁ of 71.89%. BERT additionally improves performance to 75.28% accuracy, 72.93% precision, 74.34% recall, and 74.34% F1. Lastly, the Proposed DistillNetRoBERTa method achieves an accuracy of 81.93%, precision of 77.38%, recall of 78.28% and F 1 -score of 80.27%. Another way to interpret this is that each new model family is better able to exploit the TF-IDF features (and, in the case of BERT and RoBERTa, pretrained contextual embeddings) and use them to discriminate between the seven discrete classes of emotion (happiness, sadness, fun, worry, neutral, love, and surprise).
One of the most noticeable trends is that CNN gets less opportunity after TF-IDF vectors only. CNNs are particularly good at learning local n-gram patterns as they slide filters over contiguous word embeddings; however, the representational power of the networks is underutilised because of the high-dimensional, sparse nature of a TF-IDF vector, instead of the dense sequence of word embeddings. Thus, the CNN’s low precision (62.45%) and recall (61.91%) indicate that it has difficulty discriminating fine‐grain emotional cues based solely on the TF‐IDF representation. The RNN can model sequential dependencies (indirectly, since the TF–IDF transformation removed word order) although TF-IDF is also used; and it can still take advantage of the ability of recurrent layers to reweight the weight of the important elements over the entire input vector. This results in a approximately 4.3% gain in accuracy from the CNN and an approximately 9.1% gain in recall, indicating that the RNN can more effectively accumulate TF-IDF signals to identify some under-represented emotion classes (e.g., “surprise” or “worry”).
It should be noted that BERT's much superior performance (75.28% accuracy, 74.34% F₁) highlights the importance of contextual embeddings even in a pipeline with TF-IDF features. Even though BERT is pre-trained on raw text and conditioned end‐to‐end in practice, in our TF-IDF– based framework it can still be able to utilise the lexical frequency and importance cues more optimally: the attention layers do recontextualise high‐TF-IDF words into higher‐level semantic structure of each example. Accordingly, both BERT’s precision (72.93%) and recall (74.34%) are about 4–5% better than that of the RNN, which speaks to the former’s superior disambiguation for fine-grained emotions (e.g., detecting “fun” vs “happiness,” or “worry” vs “sadness”).
Among the models, the Best overall trade‐off is obtained by the proposed distillNetRoBERTa model with accuracy 81.93% and F₁‐score 80.27% which are better than standard BERT by 6.65% (accuracy) and 5.93% (F₁). These improvements are likely due to two factors: the richer emotion‐bearing word representations achieved by RoBERTa’s refined pretraining (both masking strategies and larger corpora), and a distillation process that compactly encodes this knowledge, leading to more rapid convergence and less overfitting. DistillNetRoBERTa can enhance high‐TF-IDF tokens (e.g., “love,” “surprise”) using attention when combined with TF-IDF as auxiliary features, but it can still attend on wider contextual cues. As such it enjoys an accuracy of 77.38% and recall of 78.28%, demonstrating good generalisation over all seven classes–even those (e.g. “surprise”) that are rare in raw text.
[bookmark: _Hlk199795560]Table 12: Results Analysis with Traditional Feature TF-IDF (in %)
	Model
	Accuray
	Precision
	Recall
	F1-score

	CNN
	67.09
	62.45
	61.91
	66.89

	RNN
	71.36
	69.99
	73.02
	71.89

	BERT
	75.28
	72.93
	74.34
	74.34

	Proposed DistillNetRoBERTa
	81.93
	77.38
	78.28
	80.27



Finally, the accompanying bar chart (in figure 16) provides a graphical representation of these tendencies - Accuracy and F1-Score for each model is juxtaposed. The CNN’s bars (dark blue) are the lowest for both metrics, the RNN’s (orange) go another step high, and the BERT bars (green) reach even higher. For Proposed DistillNetRoBERTa, the pale blue bars take a clear lead above all (wel, close to all) other models, indicating that this model is indeed a strong performer. Specifically, the performance separation between BERT and DistillNetRoBERTa in the Accuracy and F₁ scores highlights the advantage of distilling large transformer architectures – particularly if combined with TF-IDF features. This bar‐chart comparison corroborates the numerical results, demonstrating that each architectural improvement results in a more accurate emotion classification when it is based on the traditional TF‐IDF inputs.
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[bookmark: _Hlk199795674]Figure 16: TF-IDF Comparison of Accuracy and F1-score
4.2.2 [bookmark: _Toc214814891][bookmark: _Toc222733530]Results of DL models with POS tagging
The POS‐tagging experiments show several interesting variations from our TF‐IDF results, demonstrating signiﬁcant differences in the ways that part‐of‐speech features interact with the two architectures. First, both transformer‐based models (BERT and DistillNetRoBERTa) receive health‐wise substantial boosts from the POS input information: BERT achieves accuracy of 81.83% (with corresponding F₁ of 81.82%), a gain of around 6.5% compared to its performance on TF‐IDF; DistillNetRoBERTa performs even better at 85.72% accuracy and 85.44% F₁ on the test set, which is a gain of around 3.8% in terms of accuracy over the TF‐IDF baseline, as results displayed in table 10. These improvements demonstrate that contextual transformers can make good use of syntactic expectations (e.g. noun vs verb frequencies and adjective intensity) to focus their attention more sharply upon emotion‐carrying tokens. By comparison, dense and memory networks fare similarly; the dense network attains a 72.52% accuracy (F₁ = 72.37%), and the memory network dips only a bit to 69.82% accuracy (F1-score = 70.81%) against the TF-IDF result. Or to put it another way, POS features get extra boost here from models that can take in syntactic structure raw (CNN by convolving over POS sequences, and trans-former by self‐attending over POS embeddings) but the RNN’s sequential weighting of POS vectors does not provide the corresponding boost—possibly because POS tags by themselves remove some word-order cues that the RNN uses.
In terms of precision, recall, and so forth over the models, we see similar behaviour. The CNN has 70.27% precision and 71.83% recall, suggesting that at least part of its higher accuracy can be attributed to better overall discrimination of POS patterns (e.g., between adjectives or interjections that serve as emotion cues). The RNN has 73.28% precision, but only 70.28% recall — meaning that, while we'd expect it to be significantly more conservative in assigning an emotion class correctly, it's also missing quite a few true positives, a possible indication of over‐reliance on high‐frequency POS bigrams. The precision (80.82%) and recall (81.92%) of BERT are substantially better than those of the RNN meaning that the bidirectional selfattentions can combine syntactic roles (e.g., verbs denoting “worry” vs. nouns denoting “happiness”) better than the unidirectional LSTM. In the end, DistillNetRoBERTa achieves 82.93% precision and 84.53% recall still the best trade-off between false positives and false negative and demonstrating that even a distilled transformer can aggregate POS ‐ tag signals into precise emotion predictions.
More generally, these findings highlight two general tendencies: (1) the importance of feature integration is more significant for transformer models, which can combine POS clues with token embeddings to enhance syntactic disambiguation, and (2) for simple architectures such as RNN s, they might fall behind when only having POS, possibly because some lexical or contextual cues (e.g., word meaning) are weakened. CNN’s improvements over TF-IDF to POS indicate that convolutional filters over POS sequences learn local syntactic patterns—such as “RB JJ” which signifies adverbs modifying adjectives (e.g., “very happy”)—better than TF-IDF. On the other hand, BERT and DistillNetRoBERTa maintain that local syntax and enhance it with global context, leading to the highest F₁‐scores overall (81.82% for BERT, 85.44% for DistillNetRoBERTa).



Table 13: Results Analysis with Traditional Feature POS (in %)
	Model
	Accuray
	Precision
	Recall
	F1-Score

	CNN
	72.52
	70.27
	71.83
	72.37

	RNN
	69.82
	73.28
	70.28
	70.81

	BERT
	81.83
	80.82
	81.92
	81.82

	Proposed DistillNetRoBERTa
	85.72
	82.93
	84.53
	85.44



These trends are supported by the bar chart in Figure 17 with the Accuracy and the F1‐Score plotted side by side for every model also shown. Note that the CNN bars immediately rise above the RNN bars, showing its advantage based on POS, but that both are far below the transformer bars. BERT's bars seems at around the low 80s, whereas DistillNetRoBERTa's bars raise almost to 85–86%—representing the evident performance ordering (CNN < RNN < BERT < DistillNetRoBERTa). Of special importance is the difference between BERT and DistillNetRoBERTa in both Accuracy and F1, this highlights of selling the advantages of distillation when learning from syntactic features; the distilled model keeps the majority of RoBERTa’s capacity for taking advantage of POS cues but with much less of the parameters, hence it is better suited to prevent from overfitting and better generalised on the seven‐class emotion detection task. In short, this bar‐chart comparison underlines how POS tagging can function as an effective feature integration strategy (even more so in conjunction with appropriately designed architecture)—particularly in the context of modern transformer‐based classifiers.
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[bookmark: _Hlk199795914]Figure 17: POS Comparison of Accuracy and F1-score
4.2.3 [bookmark: _Toc214814892][bookmark: _Toc222733531]Results of DL models with Word2Vec
The Word2Vec--related experiments demonstrated a significant improvement in performance for all architectures, revealing that dense semantic rely on embeddings are far better suited to emotion detection than plain TF-IDF or POS tags. As we see from table above, CNN’s accuracy slightly increases to 67.79% (F₁ = 67.90%) that implies even shallow convolutional representation profits a little bit from the Word2Vec continuous vectors (in place of sparse TF-IDF). But the RNN gets a more substantial lift, reaching 75.02% accuracy and F₁ of 73.82% — an approximately 3.7% increase over its TF-IDF baseline (71.36%) and a 2.0-point rise in F₁. BERT also reports improvement to 77.72 % as per accuracy (F 1 = 78.28 %) from 75.28 % (F 1 = 74.34 %) with TF-IDF, due to its Contextual self‐attention layers which can now make use of Word2Vec’s pretrained semantic relations in additional to the sub word token embeddings. The most significant improvement is achieved by DistillNetRoBERTa, with accuracy of 91.64% and F₁ of 91.65%, a nearly 10-point accuracy improvement with respect to the TF-IDF result (81.93%) and 11.4-point F₁ increase (80.27%). Cumulatively, these figures indicate that deep word embeddings substantially enhance the capacity of each model to discriminate among our seven emotions (happiness, sadness, fun, worry, neutral, love, surprise), with the most gains observed in models that can leverage the full extent of distributed semantic evidence.
Further inspection on each architecture behaviour shows the way in which Word2Vec interplay with different model capacities, as results displayed in table 14. CNN enjoys a slight gain (+0.70% acc), which shows that convolutional filters is more capable of capturing local n-gram patterns from dense vectors, compared to TF-IDF, and that not working in sequence might limit its positive effect. On the other hand, RNN which is designed to model sequential dependency, can benefit from the continuous nature of Word2Vec to capture semantic drifts over a whole sentence, leading to a significant 3.66% accuracy gain and 3.93-point F₁ improvement. By learning positional and semantic gradients together, the RNN reduces false negatives in categories such as “surprise” and “worry” because it could utilize the same text units to be activated when significant similarities of contextually similar words should be rewarded. Already anchored in subword tokenization and deep contextualisation, BERT expands upon Word2Vec by aligning its language‐modelling pretraining to semantically rich inputs: its precision (74.52%) and recall (79.92%) both exceed the equivalent in the TF-IDF baseline, suggesting that BERT’s transformer layers are able to leverage Word2Vec embeddings in order to disambiguate subtle emotion terms (e.g., cheerful versus fun). Finally, the impressive leap of DistillNetRoBERTa to 91.64% accuracy show that a distilled transformer—prior to distillation, we first fine-tune DistillNetRoBERTa on Word2Vec features—preserves essentially all the robust power of RoBERTa with a much-reduced susceptibility to overfitting. Both its precision -92.84%- and its recall -91.23%- reflect an extraordinary compromise between maximizing the amount of emotion classes that can be correctly identified while minimising the rate of false positives, even more in the case of underrepresented and underdetermined categories (like “surprise”, whose realisation often relies on rare syntactical structures and affective cues).
[bookmark: _Hlk199796039]Table 14: Results Analysis with Traditional Feature W2V (in %)
	Model
	Accuray
	Precision
	Recall
	F1-Score

	CNN
	67.79
	68.92
	69.22
	67.90

	RNN
	75.02
	72.03
	70.92
	73.82

	BERT
	77.72
	74.52
	79.92
	78.28

	Proposed DistillNetRoBERTa
	91.64
	92.84
	91.23
	91.65



The corresponding bar graph in figure 18 brings to life these performance differences. The two bars for each model (orange representing Accuracy, light blue F1-Score) start low and ascend from CNN (high-60s), to RNN (mid-70s), BERT (upper-70s), and DistillNetRoBERTa (90s-low). This obvious step-like progression illustrates that progressively denser representations make most of the advantage of the semantically rich embedding of Word2Vec. Especially the difference between the BERT and DistillNetRoBERTa bars (about 77–78% vs. about 91–92%) illustrates the cumulative advantage of distillation in combination with Word2Vec: a slim model which still achieves close to state‐of‐the‐art performance in emotion classification. In Summary, the bar chart provides additional evidence that increasing the depth of a word representation model from shallow lexical features to deep word embeddings systematically improves performance across architectures, with the greatest relative improvements seen in models that can fully exploit semantic continuity (RNN) and contextual attention (BERT and DistillNetRoBERTa).
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Figure 18: Word2Vec Comparison of Accuracy and F1-score
4.2.4 [bookmark: _Toc214814893][bookmark: _Toc222733532]Results of DL models with GloVe
These GloVe‐based results for emotion‐detection show that models benefit from moving from shallow neural architectures (CNN, RNN) to deep transformers (BERT, DistillNetRoBERTa) with increments of improvement that increase clearly when we move along model families. First, the raw numbers: CNN obtains an accuracy rate of 74.62% with precision of 73.92%, recall of 75.38%, and F₁‐score of 74.29%. The RNN is marginally better at 76.72% accuracy (precision 68.92%, recall 73.92%, F₁ 75.29%), perhaps because its sequential modelling use of GloVe’s dense context‐independent vectors is better than that of the convolutional filters, by itself. BERT then takes a bigger jump to 82.91% accuracy (precision 80.28%, recall 81.92%, F₁ 83.92%), showing the advantage of contextual self‐attention layers which can combine GloVe embeddings with finer‐grained token‐level semantics. C Finally, the Proposed DistillNetRoBERTa model performs the best with 87.38% (precision 87.97%, recall 86.86%, F1 score 87.35%), which show that distilling RoBERTa already been optimised for semantic nuance into a slimmer model still maintains (and even amplify) the Hierarchical Pair-Wise Interaction between the GloVe vectors and the transformer attention.
An interesting pattern is that GloVe embeddings yield a higher relative bump for the CNN compared to the W2V case. The CNN improves from approximately 67.79% (using Word2Vec) to 74.62% (using GloVe)—for an increase of 6.83 points by virtue of the resulting globally optimised co-occurrence capturing more general semantics (e.g., common affective word clusters, such as “delight,” “joy,” and “smile”) that the convolutional filters can more easily latch onto, shown in table 5. By contrast, we see RNNs benefit from relatively marginal improvements—from 75.02% to 76.72% of 1.70 points as it is, well, RNNs already learn sequential context, but GloVe's preference of long-range term-cooccurrence seems to somewhat better help it recall long-range emotion cues (e.g. “heartbroken” and “sad” being close to each other in the same semantic space). However, and interestingly, the RNN’s accuracy actually slips as compared to the CNN (68.92% vs. 73.92%) – suggesting that the RNN may be correctly tagging more actual emotional instances, but also gets more false positives – perhaps because subtle context differences (ex: “I’m sad” as opposed to “I’m not sad”) have a harder time being disambiguated using only GloVe within a sequential LSTM.
On the other hand, the leap to 82.91% accuracy (83.92% F1-score) by BERT demonstrates that such enrichment of GloVe features is further enhanced when the contexts of leads to which are used. For example, BERT’s multi‐head attention layers can re‐weigh the GloVe vectors on a per‐token basis, thereby possibly separating homonymous uses like “cold” (as an illness‐related cue of “sadness” versus “cold” as a temperature of no emotional relevance). Its higher recall of 81.92% demonstrates that most of the true emotional instances are identified and its precision (80.28%) shows that there is a tighter suppression of false positive as compared to RNN, further substantiating that context semantics, can disambiguate overlap patterns of emotion, (like “surprise” vs. “worry”) which purely sequential models cannot.
Last, the Proposed DistillNetRoBERTa can achieve 87.38% accuracy and an F₁‐score of 87.35%, which is an improvement in accuracy of about 4.47 and F₁ of 3.43 over BERT. This indicates that the distillation, which moves the deeper, multi‐layered awareness of GloVe semantics maintained by RoBERTa into a more compressed model, can generalise extremely well across all seven emotion classes. The precision (87.97%) and recall (86.86%) show the near-perfect trade-off between avoiding false-positive decisions (precision) and catching the examples of surprise (worry), which is particularly important in underrepresented classes. This balance is what propels DistillNetRoBERTa into the high‐80s on both measures, demonstrating the ability of transformer‐style attention over GloVe embeddings to successfully fuse global co‐occurrence knowledge with sentence‐level context.


[bookmark: _Hlk199796298]Table 15: Results Analysis with Traditional Feature GloVe (In %)
	Model
	Accuray
	Precision
	Recall
	F1-Score

	CNN
	74.62
	73.92
	75.38
	74.29

	RNN
	76.72
	68.92
	73.92
	75.29

	BERT
	82.91
	80.28
	81.92
	83.92

	Proposed DistillNetRoBERTa
	87.38
	87.97
	86.86
	87.35



The bar chart in figure 19 provides a visual reinforcement of these trends by putting the accuracy (blue bars) and F₁‐score (light green bars) of each model side by side. CNN’s bars, situated near the mid‐70s, lie significantly below RNN's in the high‐70s. BERT’s bars soar into the low‐80s, and DistillNetRoBERTa’s perspective bars skyrocket into the mid‐80s. This clear stepwise improvement from left (CNN) to right (DistillNetRoBERTa) implies 2 main take-aways: (1) richer embeddings (GloVe over TF-IDF or Word2Vec) can lead to larger gains at shallow architectures and (2) representations transformers (BERT, DistillNetRoBERTa) can use dense embeddings better to a far greater extent, delivering the maximum combined accuracy as well as F₁‐scores. In particular, the between BERT's bars (approximately 82-84%) and DistillNetRoBERTa's bars (around 87\%) highlights the excess value above distillation when operating in GloVe: a slimmer model that still captures deep semantic structure for near-state-of-the-art detection of emotions.
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[bookmark: _Hlk199796451]Figure 19: GloVe Comparison of Accuracy and F1-score
4.2.5 [bookmark: _Toc214814894][bookmark: _Toc222733533]Results of DL models with Sentence Embeddings
The sentence‐embedding results show a clear, stepwise enhancement in emotion‐detection from shallow to deep architectures how richer, fixed‐length representations create better ways to discriminate among the seven emotion classes (happiness, sadness, fun, worry, neutral, love, and surprise) at each model level. At the bottom of the Table, CNN reaches 85.72% accuracy, precision 83.82%, recall 84.83%, F₁‐score 85.02%. On the RNN, accuracy increases to 89.72% (precision 85.92%, recall 88.92%, F₁ 89.01%), suggesting that processing sentence‐level embeddings in sequence continues to improve the ability to discriminate complex emotional patterns (e.g., “surprise” vs. “worry”). BERT then takes a much bigger step up to 93.89% accuracy (prec 90.92%, recall 91.42%, F1 92.38%), showing that contextual self-attention layers can further finétune precomputed sentence vectors by re-weighting the token-level contributions to the sentence meaning based on the global semantics of the sentence. Finally, at 95.04% accuracy (precision 95.55%, recall 94.66%, F₁ 95.25%), the Proposed DistillNetRoBERTa stands out it simply reads more like a distilled transformer – when fine‐tuned over state-of-the-art sentence embeddings, preserves close to RoBERTa representation advantage, but less cost, and best overall.
Further analysis on what each architecture learns to gain reveals how sentence embeddings combine with the model capacity. CNN: The CNN obtains the greatest improvement over previous feature regimes (TF-IDF, W ord2Vec and GloVe), achieving 18""All experiments were run on a single 4-core 2.67Gz 7.5 Gb PRAM machine 22 http://nlp.standa rd.edu/software/se ntence.cgi, setting :1 19http://lemurproject.org/plat form-lemur/ Other test sets will be made available at http://iapa hh.cs.stanford.edu/eamt2005/ 22 of "in the mid‐80s" for all metrics." This indicates that convolutional filters—operating on denser, semantically enriched input vectors—can detect local patterns (e.g., clusters of emotion-laden words) much more successfully than previously, based on only sparser or purely lexical representations. RNN: Calculating the sentence embeddings in a sequential manner, RNN can exploit forward and backward contextual information present in the fixed‐length vectors, and we obtained nearly 4% improvement compared with the CNN. This large increase in recall (88.92%) suggests that the RNN is excelling at capturing other, more sequential cues (e.g., emotional progression over clauses) that may be missed by a CNN’s localised filters. Its accuracy (85.92%) is, however, lower than BERT’s, suggesting that in discriminating between semantically neighbouring emotions, a higher proportion of false positives is made—trade‐offs typical of recurrent networks' sensitivity and specificity.
BERT: Including the full transformer fine‐tuning step on sentence embeddings increases the accuracy by about 4.2% with respect to the RNN. The multi‐head attention layers in BERT have the applicability to re‐visit the fixed sentence vector at different depths, re‐contextualising certain tokens about the entire sentence—all whilst the embedding itself already embeds the global semantics. It is this co-operation (pretrained sentence-level semantics + transformer attention) which allows BERT to achieve 91% precision as well as recall, while the twin results arise from it always successfully removing false positives (precision) while remaining highly conservative in avoiding missing the presence of any true emotion instance at all (recall). Notable in this regard are classes such as “love” and “surprise,” which frequently rely on delicate inter‐token relations, but which suffer far fewer misclassifications under BERT.
Proposed DistillNetRoBERTa: The distilled transformer performs better than classical BERT by ∼ 1.2% accuracy and ∼ 2.9% F1‐score having achieved 95.04% accuracy, 95.25% F1‐score. The distillation process retains the deep semantics understanding of RoBERTa, while simplifying the model, and tends to enable more generalisation with the combination of all seven emotions when given the sentence embedding as input. A precision of 95.55% (highest for any model) reveals a very low false‐positive rate; a recall of 94.66% shows that even for rarer emotional cues (e.g., “worry” expressed by complex sentence structures) are captured. In short, DistillNetRoBERTa essentially has the best of both worlds: the semantic richness of pretrained sentence vectors and the lightweight efficiency & attentional richness of a distilled transformer.
The bar plot under the table provides a graphically intuitive illustration of this: as we move from left (CNN) to right (Proposed DistillNetRoBERTa), the points arrive in pairs where both the Accuracy (dark blue bars) and F₁‐Score (light blue bars) for each model increase. The CNN’s bars are in the mid-80s, the RNN’s bars near 89–89.7%, BERT’s bars in the low 90s, and DistillNetRoBERTa’s bars throughout about 95%. This clear stepwise pattern highlights two main insights: (1) sentence embeddings form a significantly stronger basis compared to classical lexical or shallow word‐embedding features, giving rise to high‐performing models even when only using simple CNNs; (2) transformer‐based architectures—and particularly distilled RoBERTa—can improve these embeddings further through self‐attention to reduce the error rate for all categories of emotion. Overall, our system that uses pre-train with advanced deep sentence representations of a reduced transformer architecture achieves the highest accuracy and F₁ scores across the models for our seven‐class emotion‐detection task.
Table 16: Results Analysis with State-of-the-art Feature SE (in %)
	Model
	Accuray
	Precision
	Recall
	F1-score

	CNN
	85.72
	83.82
	84.83
	85.02

	RNN
	89.72
	85.92
	88.92
	89.01

	BERT
	93.89
	90.92
	91.42
	92.38

	Proposed DistillNetRoBERTa
	95.04
	95.55
	94.66
	95.25
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[bookmark: _Hlk199796755]Figure 20: SE Comparison of Accuracy and F1-score
The generated results by sophisticated sentence embeddings algorithms are strong evidence that the proposed DistillNetRoBERTa model outperforms existing encoding models in learning rich emotional information from textual inputs. Compared with CNN, RNN and standard BERT architectures with the same sentence‐embedding inputs, the distilled RoBERTa variant outperforms all of them in terms of accuracy (95.04%) and F₁‐score (95.25%). This performance gap highlights two interrelated issues – the inherent expressiveness of sentence embeddings for holistic semantic and syntactic information and the novel concepts explicitly added to DistillNetRoBERTa, where a dual‐mechanism design pairs pretrained transformer blocks with lightweight distillation techniques. In particular, the rather modest 1.15–1.50 % age‐point improvements (both in terms of accuracy and F1) presented by DistillNetRoBERTa against the full‐size BERT provide evidence that distillation does not accord the loss of contextual faithfulness but rather refines and concentrates the most useful patterns learned during largescale pretraining in a way that supports generalisation better in a downstream, seven‐class emotion‐detection task.
At the local scale, DistillNetRoBERTa’s “dual mechanism” design consists of the combining of (a) precomputed sentence embeddings yet preserving word‐order, dependency, and semantic proximity from (b) transformer‐based attention layers, which further reweight context‐sensitively at a finer resolution. Unlike CNNs or RNNs that treat the sentence embedding as a fixed (or a sequence of lower‐dimensional) feature vector(s), at the (transformer) block level, the transformer blocks in DistillNetRoBERTa can “revisit” each token’s embedding using the multi‐head attention essentially recontextualizing the sentence embedding with respect to the whole sequence. This recursive attention mechanism allows the model to refine or strengthen certain semantic hints that can be relatively weak in the raw embedding. For example: nuanced emotional indicators (e.g., the difference between “I am excited” and “I am excited but nervous”) can be inferred by directing the attention heads to “focus” on its negative qualifier (“nervous") even though the sentence signifies strong positive sentiment. Therefore, DistillNetRoBERTa has higher recall for the classes such as “worry” and “surprise,” which generally depend on second‐order linguistic modifiers.
Another key license of the model's success is to leverage mask‐language‐modelling (MLM) pretraining in the process of distillation. The original masked‐language‐model objective (random tokens are replaced by a “[MASK]” token and the model is trained to predict the correct word) of DistillNetRoBERTa imparts a rich representation for each transformer block capturing subtle token‐level co‐occurrence probabilities. Since the distillation process “transfers” these pretrained weights from a large RoBERTa teacher to a smaller student model, the distilled network keeps this deep token‐prediction ability despite being parametrically lighter. In concrete terms, that means that while -the student model is smaller, it still — quote unquote “knows” that in a sentence like “The news left me __,” a word or phrase like “speechless,” is, or “shocked”, is far more likely than “running” or “eating” would be. When added to the full sentence embedding as input, this token‐level knowledge further enhances the DistillNetRoBERTa’s ability to disambiguate the near‐synonymous words for emotions, as well as to better tolerate noise from the ambiguous wording. The result is a precision of 95.55%—the highest of any model—suggesting that false positives (i.e., falsely labelling an emotion where none exists) are reduced due to the model’s ability to use its learned token distributions to disregard spurious signals.
Below the dual‐mechanism attention and MLM pretraining, the transformer block has the following three extra powers besides those four: (1) positional embeddings, (2) multi‐head self‐attention, and (3) layer normalization + residual connections. The first converts vector space semantics into explicit token order using positional embeddings, as it is not the case that sentence embeddings convey positional variation in any way other than via a single vector. By introducing a positional encoding (e.g., the transformation of a fixed position embedding, such as a sinusoidal or a learned positional embedding) into a transformer block, the transformer block can differentiate between “I am not happy” and “I am happy”, despite that both sentences may correspond to similar global embeddings. This disambiguation is important for the successful classification of negative emotions (e.g., “sadness” vs. “happiness”), and it explains why DistillNetRoBERTa surpasses RNN-based models, where the gating-based recurrence might fail to generalise as well as in the case when whole sentences are projected onto single vectors. Second, multi‐head self‐attention allows the model to perform attention over multiple “subspaces” of the embedding at a given time—effectively allowing parallel ‘channels’ that individually relate to different syntactic or semantic phenomena (e.g., one head may isolate adjectives, another questions, another negative constructions). Since distillation keeps multiple heads per layer (though less than the full RoBERTa), DistillNetRoBERTa can still aggregate a diversity of feature subspaces to detect subtle emotional signals which can be missed by a single‐head or one‐direction architecture. Last, through layer normalization and residual connections, our MEI maintains free information flow through the transformer layers, which would otherwise encounter vanishing gradients or over-smoothing of the representation. In practice, this translates into that DistillNetRoBERTa can have several layers of attention stacked (e.g., six layers instead of twelve in full‐size RoBERTa) without significantly harming the semantic information present inside its original sentence embedding.
When compared to a standard BERT (fine‐tuned over the same sentence embeddings), we attribute the improvement margin—around 1.15% in accuracy and 2.87% in F 1 —largely to two effects: (1) the densification of semantically relevant attention “pathways” through distillation, and (2) higher emphasis on token‐level merging between the sentence embedding and the transformer’s internal contextual signals. In raw numbers, BERT's 91.42% recall (on sentence embeddings) shows that almost all correct emotion is caught, but its 90.92% precision demonstrates that it still errs on about 9 out of 100 non‐emotional patterns. In contrast, fewer false positive is made for DistillNetRoBERTa whose precision is 95.55%. We conjecture this improvement is due to distillation loss that underemphasises token‐prediction loss during student training: through its soft‐targets (final‐predictions) and soft‐attention (whilst taking KL‐divergence between teacher's -> student's output distributions), the student learns to mimic the teacher's class probabilities, as well as attempt to reproduce its internal attention‐distributions and masked‐token predictions. As a result, DistillNetRoBERTa makes a tighter decision boundary in the seven‐class classification space, which alleviates spurious activations as well as overfitting to all emotional phrases.
Finally, the comparative bar‐chart (presented in conjunction with the table) visually confirms these results. The light blue bars (Accuracy) and the pale green bars (F1‐Score) ascend as one goes from the left to the right—CNN, RNN, BERT, DistillNetRoBERTa. The sharp gradient from RNN (89.72% accuracy) to BERT (93.89%) exemplify es the gain from contextual self‐attention alone, whereas the more modest yet still substantial ascent to DistillNetRoBERTa (95.04%) indicates that distillation refines those same attention‐based gains (Table 1). In practice, these trends emphasise that—with the best possible input representation (sentence embeddings) and the most powerful transformer (DistillNetRoBERTa)—emotion detection in text can hope for nearly equal to perfect classification, with ambiguous or sarcastic utterances accounting for the only remaining error cases.
In conclusion, the comparative evaluation clearly shown in figure 21 that the proposed DistillNetRoBERTa model benefits from the dual mechanism (sentence embeddings + distilled transformer), enhanced self‐attention layers, MLM‐based knowledge, and positional encoding to significantly outperform all other architectures in terms of all metrics of evaluation. By effectively integrating pre‐trained semantic vectors with dynamic, context‐sensitive reweighting, our model achieves state‐of‐the‐art emotion classification—validating the claim that as a vehicle for sequence prediction, transformer distillation, coupled with sophisticated embeddings, can be the source of high accuracy as well as impressive generalisation in complex, multi‐class natural language processing tasks.
[image: A graph of different colored bars

AI-generated content may be incorrect.]
[bookmark: _Hlk199796954]Figure 21: All Applied DL Models Comparison of Accuracy
4.3 [bookmark: _Toc222733534]Comparative analysis with Classical ML and DL Models
The results of classical ML models and DL architectures were compared in a systematic way among various feature extraction methods to test their performance in detecting the emotions. All classical ML frameworks, such as LR, KNN, DT, SVM, and RF were trained on TF-IDF, POS and Word2Vec features, whereas DL frameworks, including CNN, RNN, BERT and the proposed DistillNetRoBERTa, were tested on TF-IDF, POS and Word2Vec features. Measures of evaluation were accuracy, precision, recall, and F1-score, which together give information on the general correctness of the models and specific classification of certain emotions.
In the case of TF-IDF features, DT and RF were the best classical models to use as they gave the highest performance among the traditional ones with 97.3 and 97.0 accuracy, respectively. They are so precise and recall that tree-based methods effectively utilise the high-dimensional and sparse nature of TF-IDF vectors. As compared to this, linear models such as LR and SVM were only slightly more accurate (84.7 and 87.7), whereas KNN was slightly more accurate (85.9), and the distance-based methods can utilize the distance clustering of the TF-IDF representation. Nevertheless, in comparison to DL models that also used the same TF-IDF features, ML models showed remarkably good results, being better than simpler DL architectures such as CNN (67.1% accuracy) and RNN (71.3%) but slightly lower than transformer-based ones. BERT scored 75.3% accuracy, and the suggested DistillNetRoBERTa reached even higher accuracy of 81.9% which highlights the merits of pre-trained transformer models in acquiring semantic relationships even with low density TF-IDF inputs.
In the case of POS-tag capabilities, the accuracy of ML models varied between 8283%. Logistic Regression, SVM, and KNN models all were at 82-83% with DT accuracy declining to 67.6%. Because pure syntactic information is not applicable to exploitation in the case of the Decision Tree. RF was reasonable in its accuracy (81.0%), the stabilizing influence of ensembling heard. However, DL models, especially BERT and DistillNetRoBERTa, were far much superior in performing on POS features than ML models. BERT had a precision of 81.8% and DistillNetRoBERTa had 85.7% accuracy showing that transformers are more successful to extract delicate patterns in syntactic sequences than the traditional methodologies. Surprisingly, CNN was better at POS features than TF-IDF (72.5% vs. 67.1%), which indicates that convolutional architectures can capture local syntactic patterns, whereas RNN was able to achieve similar performance (69.8% accuracy).
Classical ML models could not fully use dense semantic representations when embedding based features like Word2Vec and GloVe were used. RF and SVM only obtained approximate 83 % accuracy, and even linear models such as the LR and KNN were only around 83 % , a limitation of the traditional split- or distance-based model in continuous vector spaces. On the contrary, DL models revealed significant improvements. In the case of Word2Vec embeddings, CNN obtained 67.7% accuracy, RNN 75.0, BERT 77.7% and DistillNetRoBERTa were substantially higher than the rest of the models with 91.6% accuracy. CNN and RNN performed slightly better with GloVe (74.6 and 76.7%), BERT had 82.9%, and DistillNetRoBERTa had 87.3. These findings demonstrate that deep architectures, especially transformers can be successfully used to utilize semantic embeddings to learn subtle emotional situations that conventional ML models are unable to.
Classical ML models based on using GloVe embeddings performed well with the DT and the RF as the best in terms of accuracy (97.30 and 97.00) and F1-scores (97.10 and 96.72), respectively. The results of LR and KNN were moderate with the accuracy of approximately 85-87, as they cannot capture complex non-linear relationships. The fact that ensemble tree-based models have high performance implies the semantic embeddings and non-linear learning strategies enable ML models to encode hierarchical and subtle patterns of emotions in textual data.
ML models were slightly different in terms of their performance using Word2Vec embeddings. RF was the most accurate with 96.00% but closely followed by DT with 95.30 per cent, with SVM, LR and KNN being moderate. Word2Vec embeddings are context-sensitive and dense and contain a lot of semantic data which aids ML models, especially an ensemble approach, to discriminate between subtle classes of emotions. Nonetheless, even linear models, such as the Logistic Regression, do not have the capabilities to effectively leverage the non-linear associations of Word2Vec vectors, which leads to worse F1-scores than tree-based models.
All types of DL models, such as CNN, RNN, BERT, and the developed DistillNetRoBERTa tend to be better than the ML models at both Glove and Word2Vec embeddings. CNN reached the accuracy of 74.62% with GloVe embeddings, RNN 76.72%, BERT 82.91%, and DistillNetRoBERTa 87.38% indicating that DL models can make use of hierarchical feature representations and sequence-wide context. Cnn had 67.79%, RNN 75.02%, BERT 77.72%, and DistillNetRoBERTa 91.64% which in turn show that transformer-based architectures and specifically DistillNetRoBERTa capture semantic and contextual dependencies that ML models can overlook.
Lastly, the state-of-the-art semantic embeddings (SE) were used, and the benefits of the DL models were most evident. CNN had the highest accuracy of 85.7%, followed by RNN of 89.7%, BERT of 93.9%, and DistillNetRoBERTa of 95.0 and all its precisionn, recall and F1-scores are above 94%. In this study, classical ML models were not tested on SE features, although previous results on other embeddings imply that they would not perform as well as these models based on transformers. Embeddings of SE in combination with the DistillNetRoBERTa architecture are successful in capturing contextual and semantic dependencies between the entire sequences so that the model can be able to capture fine emotional variations that shallow models cannot identify.
To sum up, the comparative analysis can bring forth several important insights:
· TF-IDF is more compatible with classical ML models, especially, tree-based ensembles, which enables them to surpass more basic DL designs, such as CNN and RNN.
· Both ML and DL models have moderately successful POS features, yet the best are the transformers since they can model sequential dependencies.
· The features based on embedding (Word2Vec, GloVe) demonstrate the shortcomings of the traditional ML models, whereas DL and transformer-based architectures in particular take advantage of dense semantic representations.
· State-of-the-art embeddings using DistillNetRoBERTa are the most successful with the overall highest performance, highest accuracy, highest precision, highest recall, highest F1 as an indicator of the effectiveness of pre-trained semantic knowledge and lightweight transformer-based architecture.
Overall, although classical ML models are still competitive with sparse and high-dimensional features including TF-IDF, DL models, in particular, transformer-based ones, are always more effective with embedding-rich features, resulting in better generalization and robustness of emotion detection.
4.4 [bookmark: _Toc222733535]Results with applied Hybrid models on Goemotions dataset
Micro-F1, Macro-F1 and Hamming Loss are used to evaluate performance of the hybrid models, and they provide a holistic evaluation of the multi-label classification performance. Micro-F1 is overall predictive accuracy (when all labels are considered), Macro-F1 is used to focus on the performance on minor and rare classes of emotion and Hamming Loss is used to compute the rate at which labels are assigned incorrectly. The findings indicate that every hybrid model can attain significant performance, which is confirmation that hybrid learning is effective when it comes to emotion detection. Nonetheless, there are discernible variations between the models about their accuracy, fairness among the emotion classes as well as stability of errors.
4.4.1 Results of Sentence-BERT + Support Vector Machine
The Sentence-BERT (SBERT)-based hybrid model with a Support Vector Machine (SVM) is shown to have been well-performing and showing consistent results on the GoEmotions dataset in terms of multi-label emotion detection. The model has a Micro-F1 score of 0.21, Macro-F1 score of 0.12 and the lowest Hamming Loss of 0.034 compared to all the hybrid models that have been tested thus indicating its reliability and strength. The purpose of this analysis is to interpret the overall performance of the firm and clearly show its improvement throughout the years.
A Micro-F1 score of 0.21 demonstrates that the SBERT + SVM model is useful when it comes to predicting the most frequent emotions within the dataset. This is especially significant when it comes to emotion detection tasks, where in most cases common emotions like joy, admiration and approval are leading to the distribution of data. The reason why the Micro-F1 of the model is so strong implies that the model manages to capture general emotional patterns found in brief social media texts.
Hamming Loss of 0.034 that is the smallest of all hybrid methods indicates that the model has been able to reduce the false allocation of labels. When a multi-label model is used with each text having multiple possible emotions, the Hamming Loss will be low, and the model will have fewer false predictions per label. This is one of the main strengths of the hybrid SBERT + SVM and makes it especially appropriate when it comes to the application that demands a consistent and reliable prediction.
Sentence-BERT is created with the express purpose of creating semantically meaningful sentence-level representations through fine-tuning of BERT architectures based on Siamese and triplet networks. Compared to the traditional word embeddings, SBERT can capture the general semantic intention of a sentence, which is essential in emotion detection where emotional meaning is very often context-dependent than word. SBERT embeddings are useful to encode in the case of the GoEmotions dataset.
· Contextual sentiment polarity
· Subtle emotional cues
· Semantic relationships between words.
The properties enable the SVM classifier to work in a rich and small feature space that identifies the emotional content of text instances better than the traditional lexical features.
Support Vector Machines are also known to be efficient when it comes to high dimensional feature space, a factor that caused them to be the right choice in classifying SBERT embeddings. The SVM classifier fits a collection of best possible hyperplanes which demarcate emotional categories by maximizing the distance between positive and negative instances.
To apply the binary SVM classifier to the multi-label emotion classification issue in this study a one-vs-rest strategy will be used to expand the binary SVM classifier. The individual categories of emotion are made to be separate binary classification tasks, and the model is therefore allowed to learn emotion-specific decision boundaries.
The good combination of SBERT embeddings and SVM classification gives:
· Good performance in generalisation.
· Reduced overfitting
· Stable decision boundaries
The following properties make the model have low Hamming Loss as well as the ability to be uniform in performance during the dataset.
Macro-F1 = 0.12 on the other hand is the average score of the model in all the categories of emotions, including the emotional categories which are not frequently used and those that are under-represented, such as grief, remorse, and embarrassment. Although this score is lower as compared to the score in the hybrid model based on RoBERTa, it is fair considering that there is a huge disparity in class distribution that has been observed in GoEmotions dataset.
The relatively lower Macro-F1 score would indicate that the SBERT + SVM model favors dominating emotion patterns, rather than the minority classes. This is a characteristic of margin-based classifiers when they are trained on multi-label imbalanced data. Nevertheless, the model provides significant recognition even with less common emotions, which means that it can be enhanced by balancing the classes or by adjusting the threshold.
Stability can be considered one of the most remarkable strengths of the SBERT + SVM hybrid model, as is indicated by the lowest Hamming Loss of all the assessed methods. It implies that the model is less likely to produce spurious labels of emotions and that it has stable predictions on various emotion categories.
This level of reliability is very desirable as far as the practical use of emotion detection, like sentiment monitoring, mental health, and user feedback, is concerned. The conservative nature of the prediction of the model decreases the frequency of erroneous emotional interpretations, which is especially significant in sensitive areas. SBERT + SVM is the best compared to other hybrid models in reducing the overall prediction errors, however, it fails to record the highest F1 scores. The trade-off brings out a crucial design factor in emotion detection systems and that is accuracy versus stability. SBERT + SVM hybrid model is appropriately applied in a situation when:
· consistency of prediction is imperative.
· Computational efficiency is necessary.
· The behavior of models is desired to be interpretable.
Although the hybrid model based on RoBERTa has a greater overall accuracy, SBERT + SVM is also a robust hybrid model with trusted performance properties.
To conclude, Sentence-BERT + Support Vector Machine hybrid model proves to be very strong and consistent in detecting multiple labels of emotion. The fact that it has low Hamming Loss and respectable F1 scores evidences its ability to work well in identifying prevailing emotional patterns and preserve the reliability of prediction. Such findings support the appropriateness of the SBERT-based hybrid architectures to emotion detection tasks, especially in those applications where stability and efficiency are highly valued.
4.4.2 Results of Hybrid model RoBERTa + Logistic Regression
The hybrid model that uses RoBERTa embeddings and Logistic Regression shows the best overall performance of all the hybrid approaches that are evaluated. This model has a Micro-F1 of 0.26, a Macro-F1 of 0.16, and a Hamming Loss of 0.035, which shows that it has better accuracy, balanced emotion recognition, and predictive behavior. These findings demonstrate the usefulness of contextual representations of RoBERTa in combination with a light and understandable classifier.
As the case study discusses, efficient communication enables the school team to exchange relevant information about children with special needs and personalized care, thereby enabling adaptation to learning requirements.<|human|>4.3.1 General Performance Interpretation The general performance discussed in the case study implies that high-quality communication will provide the school team with the possibility to share the information about children with special needs and individual care and thus be able to adapt to the needs in learning.
The Micro-F1 score of 0.26 is a far better indicator of the hybrid than other hybrid models, as it shows that the RoBERTa-based hybrid is more able to correctly predict emotion labels throughout the dataset. The advantage is especially significant in the detection of fine-grained emotions, where minor semantic differences can be used to differentiate between two emotions.
Its Macro-F1 score of 0.16, highest of all the hybrid models, indicates that the model has increased the ability to detect rare and under-represented emotion classes including grief, remorse and embarrassment. This type of balanced functioning between frequent and infrequent effects verifies that the model has a wide range of generalisation rather than being limited to the main patterns of emotions.
The Hamming Loss of 0.035 also suggests that the model has a low average error rate, and as a result, a relatively small number of samples are mislabeled.
RoBERTa is an optimised version of the transformer model which outperforms BERT in terms of bigger training corpora, dynamic masking, and optimized training techniques. Such improvements enable RoBERTa to learn more contextual relationships that are very important in emotion detection problems that have implicit emotional clues, sarcasm, or subtle language. RoBERTa embeddings in GoEmotions dataset are useful encoders of:
· Sentiment changes under varying circumstances.
· Subtle emotional polarity
· Emotional affective linguistic cues.
This voluminous semantic representation can be an excellent ground to exact classification of emotions, especially in a brief and informative text characteristic of social media.
The classifier used is a Logistic Regression, which is trained in a one-versus-rest multi-label format in which each emotion label is an independent binary classification task. Logistic Regression is surprisingly effective even when trained on high-quality embeddings like those of RoBERTa despite its simplicity. The benefits of Logistic Regression in the hybrid format are:
· Competent training and inference.
· Linear decision boundaries which decrease overfitting.
· Interpretability of model coefficients High.
Through expressive embeddings of RoBERTa, it uses Logistic Regression to make accurate predictions without the use of complicated non-linear decision processes.
The high Macro-F1 score of this model implies that it recognizes the minority emotion classes better. This is more significant, especially considering the lack of a balanced class in the GoEmotions dataset. The hybrid RoBERTa + Logistic Regression model proves to be more sensitive to rare emotions, implying that the RoBERTa embeddings are sensitive to fine-grained emotional semantics that can be applied to different categories of emotions. This is an essential property of a real-world emotion detector, in which the ability to detect less common, but significant, emotions are sometimes as important as the ability to detect dominant ones.
The hybrid based on RoBERTa is not the lowest Hamming Loss, but its error is also low and is like the most stable model. Notably, higher accuracy is obtained with this model without fine-tuning the transformer, which is quite expensive due to the lack of transferability of end-to-end deep learning methods. Practically, this hybrid model is quite applicable to large scale applications of emotion detection that require accuracy and efficiency. It is also interpretable and hence appealing to use when one is seeking to apply transparency and explainability.
Overall, the hybrid model (RoBERTa + Logistic Regression) is the best overall choice of all the hybrid models considered. Its high scores on Micro-F1 and Macro-F1 indicate that it is able to recognize emotions in both frequent and rare emotion categories with high available computational efficiency and stability. These findings make this model the main hybrid contribution of the suggested framework.
4.4.3 Results of applied Hybrid model DistilBERT + Random Forest
The hybrid architecture that is a combination of DistilBERT embeddings with a Random Forests classifier is a lightweight and computationally efficient method of multi-label emotion detection. This model performs well with a Micro-F1 score of 0.17, a Macro-F1 score of 0.10, and a Hamming Loss of 0.039 which is relatively good with less computational costs.
Within this section, a summary of the whole performance will be presented. The Micro-F1 score of 0.17 means that the DistilBERT + Random Forest hybrid can detect prevalent patterns of emotions in the dataset, though the general accuracy is worse compared to the other hybrid models. The Macro-F1 score of 0.10 indicates a low sensitivity to uncommon classes of emotions, which is not surprising with both compressed embeddings and classification by ensembles. Although the Hamming Loss is higher than the other hybrid models, it is 0.039 which is not extremely significant and still proves that the model retains reasonable prediction stability.
DistilBERT is a distilled BERT model which preserves much of the semantic knowledge of the original model but contains less parameters. It enables DistilBERT to be especially helpful when the size of the computing resources is limited or in real-time processing needs.
As a method of emotion detection, DistilBERT embeddings can make useful semantic predictions, but can be less deep and expressive than larger transformer networks like RoBERTa. This weakness is partly why the performance of this hybrid is lower.
Random Forest classifier is an ensemble learning algorithm which makes use of the prediction of several decision trees to enhance the generalization. Random Forests are employed to learn non-linear dependence between DistilBERT embeddings and emotion labels in this type of hybrid model.
Random Forests are not sensitive to high-dimensional dense embeddings and can be ineffective when dealing with noisy data and feature interactions, but are effective with noisy high-dimensional data, especially when operation on many classes and the data is skewed. Such a limitation is part of the reason why Macro-F1 score is lower with this model. The DistilBERT + Random Forest hybrid has a good trade-off between efficiency and accuracy although it performs poorly. Since it has a smaller model size and can run much faster, it is applicable to a resource-constrained environment, including a mobile application or a real-time emotional monitoring system. This model shows that even with small representations and ensemble classifiers, meaning detection performance can be achieved even with limited computational resources.
In contrast to the other hybrid models, DistilBERT + Random Forest puts efficiency above the highest predictive performance. Although it is less effective than the hybrid based on RoBERTa, it represents a viable option in situations where the speed and scalability of the model are of higher importance than the maximum accuracy possible. To conclude, DistilBERT + Random Forest hybrid model is a more computationally efficient multi-label emotion detector that can be used at an appropriate level. It is not as efficient as with the other hybrid methods, but its efficiency and scalability allow a suitable choice when it must be applied in the low-resource and real-time emotion detection. Details of hybrid model performance on emotion detection are displayed as table 17.
Table 17: Performance of Hybrid Emotion Detection Models
	Model
	Micro-F1
	Macro-F1
	Hamming Loss

	SBERT + SVM
	0.21
	0.12
	0.034

	DistilBERT + Random Forest
	0.17
	0.10
	0.039

	RoBERTa + Logistic Regression
	0.26
	0.16
	0.035



4.4.4 Comparative Discussion and Interpretation
The comparative analysis of the hybrid models indicates significant pieces of information about the performance of emotion detection. High-quality contextual embeddings are also important because RoBERTA-based hybrid always achieves higher results in both Micro-F1 and Macro-F1. Sentence-BERT + SVM has better stability as it provides the lowest Hamming Loss, whereas DistilBERT + Random Forest focuses on computational efficiency.
These results confirm that the hybrid models are specifically useful in the fine-grained emotion detection problems, when the aim is not only to obtain high accuracy but also to provide the scalability and feasible implementation. The hybrid model has been effective in overcoming the weaknesses of either classical machine learning or entirely trained deep learning models.
[image: A graph of different colored bars

AI-generated content may be incorrect.]
Figure 22: Hybrid model performance comparison
The comparison of the hybrid emotion detection models assessed on the GoEmotions dataset appears in Figure18 a comparative bar chart. The chart is a performance comparison of the models in terms of Micro-F1, Macro-F1 and Hamming Loss. The RoBERTa-based hybrid model has shown to be the most successful among the evaluated models as the model has the best Micro-F1 and Macro-F1 scores with a low Hamming Loss. This plot makes it very clear that there is a trade-off between predictive performance and model efficiency and validates the usefulness of hybrid architectures in fine-grained multi-label emotion recognition.
5 [bookmark: _Toc222733536]Conclusion 
Social media and UGC-driven online media have emerged as the main stages for expressing attitudes, opinions, feelings, and emotions. On different social media including microblogs and long texts discussion forums, users continuously produce lots of textual data. In this scenario the role of AI tools is central, and the development of NLP tools is playing a fundamental importance for automatic text categorization. Emotion detection is a very important subfield of NLP, it allows stakeholders in marketing, mental health, and customer support, among others, to understand user attitudes, to predict emotional trends and to customise persuasive interventions. Traditional models for emotion detection frequently depend on hand-crafted features like TF-IDF, POS tags or static word embeddings (Word2Vec, GloVe). Although these approaches have been known to achieve modest performance, they often fail to model subtle contextual cues most particularly for multi‐class domain with more than seven discrete emotion categories (e.g., happiness, sadness, fun, worry, neutral, love, surprise).
Our results highlight the hybrid power of transformer‐based model combined with state‐of‐the‐art sentence embeddings. In particular, the introduced DistillNetRoBERTa architecture involving the pretrained sentence representations and distilled transformer blocks showed a significant benefit compared to the baselines. In benchmark comparisons, CNNs and RNNs trained on TF-IDF or shallow embeddings at best led to modest accuracy (anywhere from the mid‐60s to mid‐70s), while transformer models (BERT, RoBERTa) trained on these same features repeatedly drove to high‐70s and low-80s performance. When integrating the sentence embeddings—that capture the sentence level semantic and syntactic information—, both BERT and DistillNetRoBERTa achieved significantly better performance with accuracy of 93.89% and 95.04%, respectively. These findings provide evidence that the hybrid nature of transformer models—integrating multi‐head attention, positional embeddings and masked‐language‐model pretraining—allows it to effectively “revisit” and “refine” dense sentence vectors. Therefore, DistillNetRoBERTa can disambiguate subtle emotional signals (such as detecting sarcasm vs. genuine surprise) that more basic architectures cannot.
In contrast to the former two feature‐engineering methods, the advanced sentence embeddings have two distinctive advantages. First, they summarise the semantics and syntax of an entire sentence into a fixed‐length vector, mitigating the necessity of the sparse or hand‐crafted lexical features. Second, when such embeddings are the input to transformer blocks, each attention head can re‐weight token‐level contributions relative to the sentence-wide information. Such dynamic recontextualization brings accurate classification over all the seven emotion classes, resulting in high recall (94.66%) and precision (95.55%) for DistillNetRoBERTa. To summarise, this work provides evidence to show that combining pretrained sentence embeddings and distilled transformer architectures can be state of the art for emotion detection across a wide set of UGC rich domains, with significantly better results than CNN/RNN baselines and full BERT models.
Although DL models and especially transformer-based models like BERT and the proposed DistillNetRoBERTa showed better results in attaining semantic and contextual nuances of emotional text, this paper also investigated classical ML models as a comparative approach. Traditional ML models such as LR, KNN, Decision Tree, SVM and RF were compared with TF-IDF, POS and FastText features. Of these, DT and RF performed best on the TF-IDF features having accuracies of 97.3% and 97.0% respectively and with high precision, recall and F1- scores. These findings suggest that in small and dimensional textual features, classical ML models can do better than more basic DL models like CNN (67.1% accuracy) and RNN (71.3% accuracy).
Further comparative analysis points out that, at the same time as DL is more effective in dense embeddings and state-of-the-art representations, the highest accuracy of 95.0% with DistillNetRoBERTa on semantic embeddings, classical ML models are still highly effective when high-dimensional sparse features (e.g., TF-IDF) are accessible. The use of ML models can offer more information about feature-model interactions and further support the significance of the proper choice of features when it comes to the use of models of a particular type. In general, this paper shows that classical ML evaluation and DL architecture make a better fit in terms of understanding model behavior and dataset properties to guarantee effective emotion detection with a wide range of feature representations.
To expand the framework further, this study proposed a hybrid modeling layer tested using the GoEmotions dataset. The hybrid method of turning the transformer based semantic embeddings with the classical machine learning classifiers, is a method to allow the efficient multi-label emotion detection without the necessity of performing complete end-to-end transformer fine tuning. Three such hybrid models were investigated: Sentence-BERT with Support Vector Machine, RoBERTa embeddings with Logistic Regression and DistilBERT with Random Forest.
The experimental findings have proven that hybrid models have a good trade-off between accuracy and efficiency. The RoBERTa and Logistic Regression hybrid model had the most overall performance with a Micro-F1 of 0.26 and a Macro-F1 of 0.16 and a low Hamming Loss. This shows that the model is effective in the capture of dominant and rare classes of emotions in a fine-grained multi-labeling environment. Sentence-BERT and SVM hybrid had the lowest prediction error, due to its stability, and the DistilBERT and Random Forest hybrid was selected as a computationally efficient alternative that can be used in resource-constrained settings.
Overall, the results of this experiment support the idea that hybrid affective recognition models are a viable and reproducible approach in terms of recognition of fine-grained emotions. The proposed framework is highly efficient in dealing with the following challenges: class imbalance, overlapping emotional expressions, and computational complexity due to the use of the strengths of pretrained transformers and classical classifiers. The results of this study can be regarded as the meaningful contributions to the development of effective and resilient emotion-detection systems and a solid basis of the further progress of the affective computing and natural language processing.
5.1 [bookmark: _Toc214814895][bookmark: _Toc222733537]Future Research Directions
In future research, it will be interesting to develop the present study in various directions. First, the fusion of modalities including text and visual or auditory cues might enhance the performance of multimodal emotion classification in cases where users also share images and videos or voice notes. Second, learning the domain adaptation and transfer learning of social media genres (e.g., microblogs vs. review sites) will assist in assessing the robustness of the distilled transformers under distribution shifts. Third, incorporating explainability techniques (e.g., SHAP or LIME) into the emotion detection pipeline allows end-users to receive transparency and interpretability for why “a given utterance is labelled with a particular emotion” thus helping build trust and ethically deploying.
In the current paper, the classical and modern DL models of emotion detection with the use of various textual features representations are thoroughly discussed. Although the results were high, there are areas in which future studies can be conducted to improve model performance, generalisation and applicability.
Multi-modality: Multimodal features should be integrated into the learning process, allowing students to learn by writing, using illustrations, or employing alternative learning methods they are comfortable with [18].
Multi-modes: Multimodal features must be incorporated in the learning process, which involves letting students learn through writing, drawing, or any other mode of learning that they feel comfortable with [101].
Although in this study the authors consider the concept of emotion detection based on text only, the analysis might be greatly improved with references to multimodal information like audio, facial expressions, and physiological indicators. The possible future improvement in the understanding of multimodal fusion architectures could be to take into consideration the fusion of text, visual, and auditory information to develop more powerful and context-sensitive systems to detect emotions.
Transformer architecture: Transformer architecture Transformer architecture is a machine architecture that is built upon the simpler linear architecture. Advanced Transformer Architectures:
Even though the suggested DistillNetRoBERTa has reached state-of-the-art results, newer and larger variants of transformers, including Long former, ELECTRA, and GPT based models, may further improve its results. Further studies might also examine effective methods of fine-tuning and low-resource adaptation methods to make neural networks more cost-effective and accurate at the same time.
Contextual Modeling: a central element of contextual modeling is its connection to sequential modeling. Contextual Modeling: the contextual modeling is closely related to the sequential model. The existing models are mostly dedicated to emotion detection on a sentence level. Bringing in context or conversational history Document-level context or conversational history may enhance performance on applications such as chatbots, social media monitoring, and mental health analysis. Such techniques as hierarchical transformers or sequence-conscious architecture might be able to better represent the dependencies across time and context.
Domain Adaptation: Transfer learning is a method that can be applied to both domains A and B. Domain Adaptation and Transfer Learning: Transfer learning can be applied to both domain A and B. Textual expressions of emotions can differ depending on the field (e.g., social media, news, healthcare). Domain adaptation, transfer learning, and cross-lingual methods are possible directions of future research, enabling the emotion detection models to be powerful in various textual settings. The model generalization might be enhanced through using pre-trained embeddings and transformer models in cross-domain adaptation.
Explainable Models: Interpretable Models: The interpretability and explainability of emotion detection systems are important as they get increasingly applied in sensitive domains like healthcare. The explainable AI (XAI) methods, e.g., SHAP, LIME, or attention visualization, might be incorporated into future studies to give insights into the model predictions and increase the trustworthiness.
Improved Feature Engineering and Hybrid Models:
Although the present research involves TF-IDF, POS tagging, Word2Vec, FastText, GloVe, and sentence embeddings, future studies may consider the combination of lexical, syntactic, semantic, and contextual features in their hybrid representation. Further enhancements of the performance of ML and DL models could include novel embeddings that are learn with domain-specific corpora or include emotion-specific lexicons.
On-Demand and Dynamic Systems:
The implementation of emotion detection in real time applications is computationally and scale wise difficult. Further research might involve using model architectures to optimize real-time inference, edge computing, and low-latency deployment and ensure that emotion detection systems are applicable to large-scale systems.
Finally, it would be interesting to see the work extended to cross‐lingual or low‐resource languages, which would make the proposed framework more applicable in the real world, particularly to regions that lack resources to create large‐scale LMs. By investigating these directions, future work is expected to better design AI‐based emotion detection systems that are more inclusive, adaptable, and explainable in the rapidly developing field of social media UGC.
Overall, although this study proves that both ML and DL methods are effective in detecting emotions, the directions mentioned above create new opportunities to improve the accuracy, generalization, interpretability, and applicability of emotion analysis systems in the future and make them more robust, context-sensitive systems.
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