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Chapter 1
Introduction
1.1 Overview
Mental health is an essential component of overall well-being, influencing how individuals think, feel, and behave in their daily lives. Mental health disorders, including depression, anxiety, stress, and suicidal ideation, have become major public health concerns worldwide. According to the World Health Organization (WHO), millions of people experience mental health conditions each year, many of whom remain undiagnosed or do not receive timely intervention. As a result, early identification of individuals at risk has become an important research area for healthcare professionals and researchers.
In recent years, the rapid growth of social media platforms, such as Twitter (X), Reddit, Facebook, and Instagram, has transformed the way people communicate and express their emotions, opinions, and personal experiences. Many users openly share their thoughts, emotions, and daily experiences through online posts, often revealing indicators of their psychological well-being. Consequently, social media has become a valuable source of textual data for studying mental health conditions and identifying early warning signs of psychological distress.
Natural Language Processing (NLP), together with Machine Learning (ML) and Deep Learning (DL), has significantly advanced the automatic analysis of textual data. NLP techniques enable computers to process and understand human language, while ML and DL models automatically learn meaningful patterns from textual information to classify users according to their mental health status. Recent advances in transformer-based language models have further improved the performance of text classification tasks by capturing contextual and semantic relationships more effectively than traditional approaches.
Although considerable progress has been achieved, accurately detecting mental health risks from social media remains challenging. Social media posts are often short, informal, ambiguous, and contain abbreviations, slang expressions, emojis, and spelling variations. In addition, datasets are frequently imbalanced, and the linguistic characteristics of users vary across different platforms. These challenges highlight the need to develop and evaluate robust computational models for accurate and reliable early mental health risk detection.
This thesis investigates approaches for the early detection of mental health risks from social media posts, with a particular focus on Machine Learning and Deep Learning techniques. The study reviews existing approaches, evaluates different text representation methods and classification models, and compares their effectiveness using publicly available benchmark datasets. The findings are expected to provide a comprehensive understanding of current techniques and identify the most effective approaches for early mental health risk detection.

1.2 Problem Definition
The increasing prevalence of mental health disorders has created an urgent need for effective methods that enable early identification of individuals at risk. Traditional mental health assessment primarily depends on clinical interviews, self-report questionnaires, and professional evaluations. Although these approaches provide reliable diagnoses, they often require considerable time, financial resources, and access to healthcare services. Consequently, many individuals experiencing mental health problems remain undiagnosed or receive treatment only after their conditions have significantly worsened, reducing the effectiveness of early intervention.
The widespread use of social media has created new opportunities for identifying early signs of mental health conditions through users' online textual expressions. However, automatically detecting mental health risks from social media remains a challenging task. Social media posts are typically short, informal, and highly unstructured, often containing slang, abbreviations, emojis, misspellings, and context-dependent expressions. These characteristics increase the complexity of text analysis and make accurate mental health risk detection more challenging.
Although numerous computational approaches have been proposed for early mental health risk detection from social media posts, several challenges remain. Previous research has employed various Machine Learning and Deep Learning models, along with different datasets, preprocessing techniques, text representation methods, and classification algorithms, making it difficult to determine the most effective approach. In addition, many studies focus on specific mental health conditions or evaluate only a limited number of models, resulting in inconsistent findings across the literature.
Therefore, there is a need for a comprehensive evaluation of computational approaches for early mental health risk detection from social media posts, with particular emphasis on Machine Learning and Deep Learning techniques. This study addresses this need by reviewing and comparing existing techniques, analyzing their strengths and limitations, and identifying the most effective approaches for accurate and reliable early mental health risk detection.

1.3 Thesis Objectives
The main objective of this thesis is to investigate effective computational approaches for the early detection of mental health risks from social media posts, with a particular focus on Machine Learning and Deep Learning techniques.
To achieve this objective, the study aims to:
1. Review existing research on early mental health risk detection using social media data and identify the strengths and limitations of current approaches. 
2. Examine text preprocessing techniques and text representation methods commonly used for analyzing social media posts in mental health detection tasks. 
3. Evaluate different Machine Learning and Deep Learning models for classifying social media posts related to mental health conditions. 
4. Compare the performance of the selected models using standard evaluation metrics, including accuracy, precision, recall, F1-score, and AUC. 
5. Identify the most effective techniques for early mental health risk detection by analyzing the experimental results and comparing the strengths and weaknesses of different approaches. 
6. Provide recommendations for future research to improve the performance, robustness, and practical applicability of artificial intelligence techniques for mental health risk detection. 

1.4 Thesis Contribution
This thesis contributes to the field of early mental health risk detection from social media posts by providing a comprehensive evaluation of computational approaches, with a particular focus on Machine Learning and Deep Learning techniques. The main contributions of this study are as follows:
1. Providing a comprehensive review of recent studies on early mental health risk detection using social media data, highlighting current trends, challenges, and research gaps. 
2. Presenting a comparative analysis of commonly used text preprocessing techniques, text representation methods, and classification models for mental health risk detection. 
3. Evaluating the performance of Machine Learning and Deep Learning models using benchmark datasets and standard evaluation metrics, including accuracy, precision, recall, F1-score, and AUC. 
4. Identifying the strengths and limitations of different approaches to determine the most effective techniques for early mental health risk detection. 
5. Providing practical recommendations that may assist researchers in selecting suitable artificial intelligence techniques for future mental health detection studies. 

1.5 Thesis Organization
This thesis is organized into five chapters, each addressing a specific aspect of the research.
Chapter 1 introduces the research by presenting the study overview, problem definition, research objectives, thesis contributions, and the overall organization of the thesis.
Chapter 2 provides the background and related work. It introduces the fundamental concepts of Natural Language Processing (NLP), Machine Learning (ML), and Deep Learning (DL), discusses text preprocessing and text representation techniques, presents commonly used evaluation metrics, and reviews recent studies on early mental health risk detection using social media data.
Chapter 3 describes the research methodology. It presents the datasets used in the study, data preprocessing procedures, feature extraction methods, the selected Machine Learning and Deep Learning models, the experimental setup, and the evaluation metrics used to assess model performance.
Chapter 4 presents the experimental results and discussion. It compares the performance of the selected models, analyzes the experimental findings, discusses their strengths and limitations, and compares the results with those reported in previous studies.
Chapter 5 concludes the thesis by summarizing the main findings, highlighting the contributions of the study, discussing its limitations, and providing recommendations for future research.

 
 



 
 
Chapter 2 Background and Related Work 
2.1 Natural Language Processing (NLP)
Natural Language Processing (NLP) is a branch of Artificial Intelligence (AI) that enables computers to process, analyze, understand, and generate human language. It combines techniques from computer science, linguistics, and machine learning to transform unstructured textual data into structured representations that can be analyzed computationally. NLP provides the foundation for many text mining and text classification applications, including sentiment analysis, emotion recognition, and mental health risk detection from social media posts [6].

  [image: ]

2.1.1 NLP Pipeline
The Natural Language Processing (NLP) pipeline refers to a sequence of processing stages that transform raw textual data into structured information suitable for computational analysis and classification. Although the implementation may vary depending on the application, a typical NLP pipeline consists of data collection, text preprocessing, feature representation, model training, text classification, and performance evaluation. This pipeline enables machine learning and deep learning models to effectively analyze textual information and generate meaningful predictions [6].
[image: ]

2.2 Text Preprocessing
Text preprocessing is the process of cleaning, normalizing, and transforming raw textual data into a consistent format before feature extraction and model training. The objective of preprocessing is to reduce textual noise, eliminate irrelevant information, standardize the input data, and improve the effectiveness of machine learning and deep learning algorithms for text classification [2].
[image: ]
2.2.1 Tokenization
Tokenization is the process of dividing textual data into smaller units, known as tokens, which may represent words, subwords, or sentences. This process converts continuous text into manageable linguistic units that can be processed by Natural Language Processing algorithms and machine learning models [2].

[image: ]
2.2.2 Stop-word Removal
Stop-word removal is a preprocessing technique that eliminates frequently occurring words with limited semantic value, such as articles, conjunctions, and auxiliary verbs. Removing these words reduces data dimensionality, decreases computational complexity, and allows classification models to focus on more informative textual features [6]. 
[image: ]

2.2.3 Stemming
Stemming is a text normalization technique that reduces inflected or derived words to their root or stem form. By grouping words with similar morphological structures into a common representation, stemming decreases vocabulary size and improves the efficiency of text classification algorithms [4]. 
[image: ]

2.3.1 Bag-of-Words (BoW)
Bag-of-Words (BoW) is a traditional text representation technique that converts documents into numerical vectors based on the occurrence or frequency of words within a predefined vocabulary. Each document is represented independently of word order, making BoW computationally efficient but unable to capture contextual or semantic relationships between words [6]. 
[image: ]

2.3.2 N-grams
N-grams are text representation units consisting of consecutive sequences of words extracted from textual data. A unigram represents a single word, a bigram represents two consecutive words, and a trigram represents three consecutive words. Compared with the Bag-of-Words model, N-grams preserve limited local word-order information and can capture short contextual patterns within text [15]. 
[image: ] 

2.3.3 Term Frequency–Inverse Document Frequency (TF-IDF)
Term Frequency–Inverse Document Frequency (TF-IDF) is a statistical text representation technique that assigns a weight to each term according to its frequency within a document and its rarity across the entire document collection. Words that appear frequently in a specific document but infrequently in other documents receive higher weights, enabling the representation to emphasize discriminative textual features while reducing the influence of common words [1].
[image: ]

2.3.4 Word2Vec
Word2Vec is a distributed word embedding technique that learns dense numerical vector representations by analyzing the contextual relationships between words in a text corpus. Words that occur in similar contexts are mapped to nearby positions in the embedding space, enabling semantic similarities to be captured more effectively than traditional frequency-based representations [2].
[image: ]
2.3.5 GloVe
Global Vectors for Word Representation (GloVe) is a distributed word embedding method that generates dense vector representations by learning global word co-occurrence statistics from a large text corpus. Unlike local context-based embedding techniques, GloVe captures semantic relationships by considering the overall distribution of words across the corpus [3].
[image: ]
2.3.6 FastText
FastText is a distributed word embedding technique that extends Word2Vec by representing words as collections of character-level subword units. This approach enables the model to generate meaningful vector representations for rare, misspelled, and previously unseen words, making FastText particularly suitable for processing informal social media text [3].
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