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[bookmark: _Toc228558983][bookmark: _Toc232523418]Abstract
Mental health disorders are one of the most important challenges in a twenty-first-century public health, as more than a billion people all over the planet are affected by it, with the majority being undiagnosed or untreated. A large amount of textual data that can hold significant psychological clues has become something unparalleled because of the fast growth of digital tools of communication, especially social media. This paper explores using Natural Language Processing (NLP) and Machine Learning (ML) algorithms to create an automated system to identify and label cases of mental health conditions — namely depression, anxiety, and post-traumatic stress disorder (PTSD) — based on textual content on social media.
The study uses a comparative experimental design, and it compares the performance of classical ML models, i.e. Support Vector Machine (SVM), Random Forest, and Logistic Regression, with the use of state-of-the-art models based on transformers i.e. BERT and Mental BERT. Training and evaluation is done using a publicly available, anonymized Reddit mental health dataset. NLTK and spaCy process the text, and the Python language with scikit-learn and the Hugging Face Transformers library are used to develop the model.
Accuracy, precision, recall, macro and weighted F1-score, ROC-AUC and confusion matrices are used to measure model performance. McNemar is used to test statistical significance. The early evidence points to the model based on transformers, especially MentalBERT, as much superior to classical ML-based models that perform multi-class and mental health classification tasks, with the extra advantage of including more contextual and semantic patterns in the language.
The research work adds to developing literature on responsible AI implementation in healthcare since it critically discusses the issues of bias and fairness and the ethical limitations of automated mental health screening. The results are evidence-based suggestions to researchers and healthcare technologists in need of implementing NLP-driven tools in early mental health interventions pipelines.
Keywords: Natural Language Processing, Mental Health Detection, BERT, MentalBERT, Machine Learning, Social Media, Text Classification, Ethical AI.
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[bookmark: _Toc228558984][bookmark: _Toc232523419]Chapter 1 — Introduction
[bookmark: _Toc228558985][bookmark: _Toc232523420]1.1 Background to the Problem
Mental illnesses are one of the most topical issues of the modern time that can be considered a serious threat to the overall well-being of the population. World Health Organisation [1] estimates that about one billion individuals worldwide are diagnosed with a mental health condition they have, but over 75% in low- and middle-income countries do not receive treatment formally. Depression, anxiety, and post-traumatic stress disorder (PTSD) are some of the most common ones that, without any clinical help, gradually grow in magnitude before any professional care or access to it is requested [2].
The implications of this treatment difference are far more than personal suffering. Mental illness that has not been treated is invariably linked with a lack of productivity in the workplace, high healthcare expenses, self-harm likelihood, and even suicide [2]. The traditional mental health diagnosis follows a structured clinical interview, standard psychometric tests and lengthy referral systems that are already overburdened and strained in the healthcare systems. Such reliance on face-to-face clinical processes creates an access bottleneck on a large scale - especially in areas with severely limited or no psychiatric care at all. 
With the quick spread of digital means of communication, especially social media like Reddit and Twitter, a new and significant aspect of this challenge was presented. Millions of people have begun sharing their emotional conditions, personal challenges and mental processes willingly in the Internet. Such textual revelations have invariably been shown to possess discernible psychological indicators that detail the use of language that is indicative of a particular mental state [3]. It is an attractive behaviour pattern to computational screening systems that could detect early warning signs at scale, without necessarily being in contact with the patient or using formal referral. 
 
[bookmark: _Toc228558986][bookmark: _Toc232523421]1.2 Motivation for Using NLP and Machine Learning
Natural Language Processing (NLP) is also a subdivision of artificial intelligence that deals with the ability of computer systems to read, understand, and produce human language. Together with machine learning, NLP offers a potent tool to make unstructured text rather structured in meaning, which, in fact, is practically impossible to achieve with an exceptionally high degree of human activity [5]. 
Conventional manual methods of mental health screening (including interviewer-administered interviews and self-report questionnaires) are useful but have known limitations that are well-documented. They are costly, based on the patient becoming willing to consult the help, and are in and of themselves reactive, instead of preventive. By contrast, automated NLP-based systems are capable of processing thousands of posts on a social network at once, have no need for a human to run them, and detect language patterns related to worsening mental health before a person reaches the stage of a clinical crisis [3]. This is a valuable change of emphasis of reactive treatment to proactive population-wide screening. 
Moreover, recent research in the field of deep learning (in particular, transformer-based models, e.g., BERT and MentalBERT) has enabled significant improvements in the ability of computational systems to comprehend contextual and semantic meaning in a text [6]. Transformer models, in contrast to the prior rule-based or keyword-based methods, which were fragile and confused without apparent word strain examples yet, mirror complicated, context-dependent pattern of true mental health expression in natural text. This technological maturity and the increased access to labelled mental health datasets provide the current moment with a suitable and fruitful opportunity to conduct comparative research of this field [8].
[bookmark: _Toc228558987][bookmark: _Toc232523422]1.3 Research Gap
Although there is increasing literature at the intersection of NLP, machine learning, and mental health, despite scientific rigour and practical use limitations, several crucial gaps remain in the literature that restrict the scope and practical nature of what currently exists.
Most of the published articles investigate binary classifications, i.e. whether one has a particular condition or not, instead of conducting a multi-class classification where depression, anxiety, PTSD, and a no-disorder control group are also considered [7]. This is a severe restriction, since co-morbidity has been long known in clinical mental health environments; people seldom show up with one, clearly delineated case. A system that can only be used to give a binary classification is thus not very useful in diagnostic practice. 
The second opening is related to the lack of systematic, direct, comparative assessment of classical ML systems and state-of-the-art transformer-based systems on the same multi-class dataset. Research in this area generally compares either classical models or deep learning models individually, making it hard to make trustworthy, evidence-based conclusions about comparative performance in this very classification scenario [8]. Without this sort of comparison, researchers and practitioners have nothing to go on when it comes to the principled basis of model selection in shape of designing real-world screening systems. 
The third, yet often disregarded gap is associated with the assimilation of bias and fairness assessment into the primary methodology of the study of mental health NLP. The available literature has recognized ethical issues merely in cursory terms without integrating substantial fairness evaluation into an experiment itself [7]. It is of particular concern as models trained on English-language, Western social media data might classically fail to perform as well on text generated by people of other linguistic, cultural, or socioeconomic experiences when applied directly to equitable care. 
This research fills all three of the gaps by creating a single, reproducible comparative pipeline, fair evaluation that is structured, and critically addresses the ethical aspects of AI use in mental health settings [6].
[bookmark: _Toc228558988][bookmark: _Toc232523423]1.4 Significance of the Study
This study contributes to the body of knowledge in this field in a number of ways that justifies its behavior and sets it apart with the previous work in the research area.
Scientifically, the study is the first systematic, explicitly comparative testing on the same multi-class mental health classification task, i.e., depression, anxiety, PTSD, and no disorder simultaneously of both classical ML and transformer-based NLP models. This closes a gap that has been determined but has not been met in the literature in detail [7]. 
In a practical manner, the results provide evidence-based reflections on a guidance to the health care technologists and mental health providers who may be contemplating the implementation of AI-powered screening tools into clinical or community support practices. The study helps to make more informed and responsible decisions when applying technologies by explicitly demarcating the model architectures that can be practically used on the multi-class poverty of mental health text and under which conditions [8]. 
Ethically, explicit inclusion of bias auditing and fairness analysis in the methodology would be a precedent of responsible reporting which is underrepresented in the existing literature. This is especially important considering the sensitive contents of mental health information and on-the-ground implications of algorithmic discrimination in healthcare utilisation [10]. 
Lastly, publishing the entire codebase and preprocessing pipeline to a publicly accessible GitHub repository means the study can help the field meet the standard of reproducibility and transparency, which will eventually enable it to become clinically credible.
[bookmark: _Toc228558989][bookmark: _Toc232523424]1.5 Research Aim and Objectives
The general objective of the proposed research is to plan, create and test an AI-powered mental health detection system that uses Natural Language Processing and Machine Learning methods to identify mental health conditions based on text on social media.
In this regard, there are four SMART objectives set:
· Objective 1: To critically analyze the NLP and ML methods that have been proposed to date to detect mental health by conducting a systematic literature review of peer-reviewed journals that will be published no later than 2025.
· Objective 2: The aim of this objective is to acquire, clean, and pre-process a publicly available, annotated, mental health text dataset found on Reddit that generates a corpus ready to be trained and evaluated at a model.
· Objective 3: Design and implement a multi-class mental health classification pipeline using SVM, Random Forest, Logistic Regression, BERT and MentalBERT and provide performance measures in complete text.
· Objective 4: Compare all models in terms of accuracy, F1-score, precision, recall, ROC-AUC and statistical test of McNemar to develop a final evaluation report containing bias assessment and recommendation to use the model ethically.
[bookmark: _Toc228558990][bookmark: _Toc232523425]1.6 Expected Outcomes and Deliverables
By the end of this work, it is anticipated that the following deliverables will be made:
· A Python-implemented AI classification system that can be used to achieve multi-class mental health detection of social media text.
· ML and NLP models trained, tested and with performance measures fully documented.
· A comparative analysis report on the strengths, weaknesses and trade offs of each of the models considered.
· Bias and fairness assessment report in which the ethical consequences of implementing such systems in a real healthcare situation will be considered.
· Evidence-based suggestions that could be offered to scientists, health care technology specialists, and mental health professionals who had at the forefront the notion of including AI-based tools in their workflow.
[bookmark: _Toc228558991][bookmark: _Toc232523426]1.7 Report Structure
This report is divided into seven chapters. The background, motivation, research gap, significance and objectives of the study have been introduced in chapter 1. The critical review of the literature, including mental health detection methods, benchmark datasets, and ethical issues are provided in Chapter 2. Chapter 3 discusses the research methodology, which involves design philosophy, approach to data collection, and the analysis strategy. Chapter 4 describes the operation of the pipeline of classification, including the preprocessing procedure, model development pipeline, and training pipeline. In chapter 5, the findings of all model considerations backed up by the statistical analysis are provided. In Chapter 6 the author reflects on the findings concerning the literature and on the goals of the research. The report has a conclusion in chapter 7 where the recommendations are provided along with direction in future research.
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[bookmark: _Toc227847590][bookmark: _Toc232523427]Chapter 2 — Literature Review
[bookmark: _Toc227748260][bookmark: _Toc227847591][bookmark: _Toc232523428]2.1 Mental Health Detection Using Social Media Text
The application of social media data in mental health studies has been growing in an impressive flow during the last ten years, which has radically changed the role of researchers on early detection and intervention. Social media platforms like Reddit, Twitter, and Facebook have not merely transformed the purpose of a communication medium but instead have become informal congregations where people converse directly about emotional anxiety, personal crises, psychological symptoms, which in a traditional clinical setting would never be revealed [1]. This behavioural change has given rise to an accumulating amount of literature investigating the potential of computational techniques to reliably identify signs of mental health risk in this text - making it possible to screen at scale levels that traditional diagnostic routes cannot realistically sustain. 
De Choudhury et al. [2] made the first contribution to the field by showing that it was possible to predict depression through Twitter activity by examining linguistic features, frequency of posting, and sentiment patterns. This paper made the case that user-generated text is a valuable proxy of psychological state and it has also led to a large body of later work. Later, Chancellor and De Choudhury [1] created an in-depth critical analysis of predictive methods in this space, revealing that there are still fundamental methodological shortcomings - such as dataset bias, unreliable labelling, and lack of clinical validation - that hamper the further development of the field. The necessity of methodologically highly rigorous and ethically transparent practice of research is emphasized in their review. 
It has led to the Mozilla sub-community called Reddit being an especially useful site in mental health NLP studies. It is in its design in the form of a forum, where longer, substantive disclosures are encouraged, and there is less social desirability bias, since users feel more likely to disclose when online than they do in more social settings [3]. The r/depression, r/anxiety, and r/ptsd mental health subreddits host rich text data richly labeled by the community that researchers have used extensively as model training and evaluation. Although this data has ecological validity as a depiction of realistic mental health language, it is self-reported and unproven, which also presents significant limitations that need to be considered in all studies that utilize this data. 
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps1.jpg] 
Figure 2.1: Overview of Social Media Data Flow for Mental Health NLP Research
[bookmark: _Toc227748261][bookmark: _Toc227847592][bookmark: _Toc232523429]2.2 Classical Machine Learning Approaches
One of the first computational tools used in text classification of mental health was classical machine learning, which is still a valuable reference point of comparative studies. Such methods utilize manually constructed features on text- most usually TF-IDF scores, bag-of-words depictions and linguistically defined indices - and submit them to a supervised classifier to generate a categorical forecast [4]. 
Support Vector Machine (SVM) has been widely applied in NLP activities, which include mental health detection. Its most important strength is that it is able to work with multidimensional feature space thus mathematically well adapted to text data whose vocabulary features may be well in the tens of thousands range [4]. SVM-based systems have been known to achieve competitive accuracy on binary mental health classification tasks: depression and anxiety detection. But the quality of manually selected features is largely determinant of SVMs performance and does not robustly generalise to other tasks that demand contextual or semantic interpretation - a particularly serious drawback of mentally health language.
The ensemble algorithm that stands out as a great resistance to overfitting and effective with imbalanced data is the Random Forest: which is an ensemble algorithm consisting of multiple trained decision trees that are combined and offered [5]. It is more robust than single-tree classifiers and is fairly easy to hyperparameter-tune. However, its weakness, like SVM, is the same as that of the latter by nature, in that it is somehow restricted to surface-level feature representation and does not have the capability to capture the underlying semantic structure in text. Logistic Regression is the least complicated of the three, but provides a helpful and understandable baseline. Sensitivity The transparency of it is an advantage in sensitive areas like healthcare, where model explainability has moral implications. Its drawback is that it assumes linearity and, consequently, cannot perform on complex, non-linearly separable classification tasks [6].
All these classical approaches offer a well-defined and reconstructable bottom line. The fact that they have the same basic constraint: they cannot impose contextual meaning is exactly why the research into the transformer-based architectures is conducted in the paper.
[bookmark: _Toc227748262][bookmark: _Toc227847593][bookmark: _Toc232523430]2.3 Deep Learning and Transformer-Based Models
The landscape of NLP was radically changed with the introduction of transformer-based architectures. Before that, recurrent neural networks were unsuccessful at capturing the contextual dependencies of longer sequences of text, which proved especially challenging with ideas that are emotionally rich to discuss, such as those in mental health discourse. This was explicitly tackled by BERT (Bidirectional Encoder Representations from Transformers) which enables processing of the entire left or right context of each word in a sequence at the same time, as opposed to text reading sequentially [7]. Architectural innovation made a significant contribution to the comprehension of language much richer as compared with what any other method had ever accomplished. 
The power of BERT is based not only on its architecture but also its training strategy. Learning on large amounts of unlabeled text, BERT is trained on generalized linguistic representations, such as BooksCorpus and the full English Wikipedia, before being fine-tuned to a particular task using comparatively small labelled materials [7]. This method of transfer learning is especially useful in NLP of mental health, where labelled data are few and costly to create. The usefulness in practice was evidenced by Liu et al. [8], who trained the BERT on depression-related classification of Reddit posts and obtained an accuracy of 87.3%, which, naturally, exceeded the classical ML baselines by far in the same dataset. This finding assured BERT of its ability to reveal subtle, emotionally colored linguistic trends that are never endured by classical methods.
Based on the BERT, Ji et al. [7] proposed MentalBERT a domain-adapted transformer that has been trained solely on mental health-related texts. The rationale is simple, a model, whose representations are pegged on mental health language, should yield more contextually appropriate classifications than a general-purpose model, fine-tuned on the same data. Experimentally, MentalBERT was significantly better than regular BERT in mental health classification problems, and establishes that domain-specific pre-training provides measurable performance improvements. Although these benefits exist, models based on transformers have important drawbacks, including high computational costs, the heavy use of GPUs, and a tendency to be black-box in nature, which continues to make them hard to interpret in ethical uses of healthcare [1].
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps2.jpg] 
Figure 2.2: Architecture Comparison — Classical ML Pipeline vs. Transformer-Based Pipeline
[bookmark: _Toc227847594][bookmark: _Toc227748263][bookmark: _Toc232523431]2.4 Benchmark Datasets in Mental Health NLP
[bookmark: _Toc227847595][bookmark: _Toc232523432]2.4.1 The Role of Datasets in NLP Research
The availability of high quality training data that is labelled is fundamental to supervised machine learning. Even the most advanced model architectures are unable to learn meaningful or generalisable representation without well-annotated corpora [5]. Clinical labelling is expensive, ethically challenging, and time-intensive in NLP of mental health, and publicly accessible social media datasets are a valuable practical option among researchers [1].
[bookmark: _Toc227847596][bookmark: _Toc232523433]2.4.2 Reddit Mental Health Dataset
One of the most popular sources in this direction is the Reddit Mental Health Dataset that is hosted on Kaggle and Zenodo. It was conditionally synthesised as a corpus of mental health subreddits which involved depression, anxiety, PTSD, and a no-disorder placebo group under an open-access licence [3]. Its size, multi-class design, and community-sourced language render it a good fit to the comparative experimental design used in this study. The casual, informative style of the posts in the Reddit also enhances the ecological plausibility of models that are trained on such data to be used in actual screening tasks.
[bookmark: _Toc227847597][bookmark: _Toc232523434]2.4.3 CLPsych Shared Task Dataset
CLPsych Share Task Dataset NLP researchers and mental health clinicians formed a joint collaboration to create the CLPsych Shared Task Dataset with labels based on professional clinical, but not community self-reporting [9]. It offers some clinical validity, which the community-labelled datasets do not possess, based on Twitter data and oriented towards mental health triage and assessment of the level of risk. This renders it a good complementary source of research that investigates the severity aspect of mental health manifestation, but its twitter provenience restricts the length and richness of the text collected via it as opposed to datasets based on Reddit.
[bookmark: _Toc227847598][bookmark: _Toc232523435]2.4.4 Social Media and Mental Health Dataset (SMHD)
One of the most extensive multi-label datasets that are now available is the SMHD, which was made accessible on Reddit and includes nine mental disorders [5]. Its breadth renders it especially useful in investigating the co-morbidity or overlapping symptom patterns - facets of mental health presentation that cannot be studied using single-condition datasets. SMHD is an important resource to use in a research that intends to model the complexity of real-world clinical situations.
[bookmark: _Toc227847599][bookmark: _Toc232523436]2.4.5 Limitations of Existing Datasets
The three datasets have several critical limitations in common. Both are mainly English-language and platform-specific, implying that the results based on either cannot be reliable generalization to other linguistic populations or demographics [1]. Labels are self-reported and community-imposed as opposed to a clinically validated process performance - they indicate tendencies of disclosure and attribution, but not diagnosis [5]. These limitations fail to annul the datasets as a research tool, but give a definite and significant limitation on the generalisability of any results based on them - limitations that are dealt with expressly in the methodology and discussion chapters of this work.
[bookmark: _Toc227748264][bookmark: _Toc227847600][bookmark: _Toc232523437]2.5 Ethical Concerns in AI-Based Mental Health Tools
Using AI with mental health presents an ethically complicated situation unlike most other NLP areas. Mental health information is one of the most confidential types of personal information, and any system processing or categorizing the psychological state of an individual has great responsibility associated with privacy, equity, and harm aversion [1].
Privacy and Data Protection
Although datasets are referred to as anonymised, studies have revealed that sometimes, they can be re-identified in order to capture particular writing style and/or disclosed experiences. The re-identification implications, such as stigma, discrimination in employment, and insurance effects, can be devastating in the mental health context [1]. Public social media data studies should thus expressly clarify the moral rational behind the utilization of their data, outline the security precautions they possess, and be direct about the narrows of the inferences their systems arrive at [5]. The studies in this work do not imply the use of primary data collection with human subjects, because all the open, fully anonymised datasets are considered.
Algorithmic Bias and Fairness
Models that have been trained on English-language data that is predominantly attained via Western social media sites can tend to perform much worse with text-generated by individuals who are not aligned with either of the previous groups [5]. This imbalance would be directly translated into inequitable care in a clinical support situation - as disadvantaged groups get inaccurate screening. Bonta et al. [10] emphasized that deep learning sentiment classifiers were especially vulnerable to biases in training data, and several researchers have proposed that fairness auditing should be mandatory prior to the use on medical-related applications [1].
Professional and Regulatory Frameworks
The professional framework, such as BCS Code of Conduct [11], offers another applicable framework: it includes a core of responsibilities to keep serving the public interest, to address the interests of the user first, and not to harm. As part of these principles, the system that will be created in this study is clearly specified as a research and screening instrument - it is not designed or appropriate to become a full-fledged clinical diagnostic instrument on its own.
[bookmark: _Toc227748265][bookmark: _Toc227847601][bookmark: _Toc232523438]2.6 Research Gap Justification
The literature consulted in this chapter shows that the field presents a scientifically productive, yet methodologically fragmenting field. Binary mental health classification based on either classical ML or transformer-based models have been reported as strong performers, but still no systematic, head-to-head comparison of the two paradigms on one, multi-class task, which includes depression, anxiety, PTSD, and no disorder at once has been published [5]. Moreover, bias and fairness assessment as a methodological component is seldom adopted as a main methodology as opposed to the thought-on-the-fly, thus hindering the creation of responsible reporting methods the field needs to evolve to clinical applicability [1].

[bookmark: _Toc232523439]Chapter 3 — Research Methodology
[bookmark: _Toc232523440]3.1 Research Design
The project is based on experimental evaluation design along with Design Science Research Methodology (DSRM), which is already being applied in applied computer science research [1]. Ideally suited for studies where computational artefacts (in this case five machine learning and NLP models for social media text classification about mental health) have to be created, validated and compared. The research process is carried out systematically in four stages: Literature review and identification of datasets, pre-processing of data and feature engineering, model development, training, and comparative evaluation and reporting. 
In the experimental approach, every model is treated as an individual variable, which is evaluated in the same controlled environment and using the same fixed test set held out from the training set. The pre-processing pipeline and evaluation criteria are applied to the dataset in an identical way for all five models, meaning that any differences in the model performance are likely to be due to the differences between the models themselves, rather than due to differences in the experimental setup [2].
[bookmark: _Toc232521983][bookmark: _Toc232523441]Research Questions
Based on the identified problem of undiagnosed mental health conditions and the potential of social media data for early detection, this study addresses the following formal research questions:
RQ1:
To what extent can classical machine learning models Logistic Regression, Support Vector Machine (SVM), and Random Forest classify social media text into distinct mental health categories (depression, anxiety, bipolar, suicidal ideation, and normal) when compared to each other?
RQ2:
How does the performance of a domain-specific transformer model, MentalBERT (pre-trained on mental health corpora), compare to a general-purpose transformer model, BERT (bert-base-uncased), for multi-class mental health classification using Reddit data?
RQ3:
Which of the five evaluated models Logistic Regression, SVM, Random Forest, BERT, and MentalBERT - achieves the highest overall performance in terms of:
· Macro-averaged F1-score
· Accuracy
· Precision
· Recall
· ROC-AUC
for the mental health detection task?
RQ4:
Is there a statistically significant difference (p < 0.05) between the classification performance of the best-performing classical machine learning model and the best-performing transformer-based model, as measured using McNemar’s test?
[bookmark: _Toc232523442]3.2 Dataset
We used the Reddit Mental Health Dataset, which is an open-access, publicly available dataset of Reddit posts and labels categorized into four classes: depression, anxiety, PTSD, and no disorder [3]. This multi-class approach is directly linked to the study objective of distinguishing between different mental health problems instead of making a binary diagnosis. 
There were three reasons for selecting this dataset. First, it is realistic and naturalistic writing of individuals talking about mental health issues online, which enhances the ecological validity of trained models [2]. Second, it is publicly licensed and fully anonymised which eliminates the need for primary data collection with human subjects. Third, it has the capacity to support the training of classical models and computationally demanding transformer architectures [4], thanks to its large scale. In the event of access problems, two back sets of data have been identified, one CLPsych [5] and one SMHD [4].
[bookmark: _Toc232523443]3.3 Data Pre-Processing Pipeline
The raw social media text is inherently noisy and cannot be directly used as input for the model. A systematic pre-processing pipeline is followed with NLTK and spaCy [6] that is as follows:
1. Text normalization: It converts all the text to lower case; removes URLs, usernames, hashtags and special characters from the text using regular expression patterns.
1. Tokenisation: Word Tokenizer from nltk is used to break the text into word tokens and punctuation is correctly split.
1. Stop-word removal: Feature dimensionality reduction by removing high frequency, low information English words, based on NLTK's default stop word list, with little information loss.
1. Lemmatisation: Each token is broken down to its base word with the help of NLTK's WordNetLemmatiser (e.g., "depressed" becomes "depress"). In comparison to stemming lemmatisation is preferred for grammatically correct output for contextual language models.
1. Empty record removal: Posts which are emptied as a result of cleaning are removed to avoid errors downstream.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps3.png] 
Figure 3.1 — Pre-processing Pipeline Flowchart
A flowchart showing the steps in the pre-processing pipeline is shown below (Figure 3.1).
This pipeline is used for all five models. For transformer models, cleaned text is then fed into each of the transformer's respective sub-word tokenizer, with a max sequence in each set to 128.
[bookmark: _Toc232523444]3.4 Model Development Plan
There are five classification models and two methodological paradigms. [7]
Representations for classical Machine Learning Models are in terms of TF-IDF vectorization (with 15000 features, bigram support):
1. Logistic Regression — a probabilistic linear classifier with L2 regularization, which is an interpretable and generalisable baseline.
1. Support Vector Machine (LinearSVC) — A margin-maximizing classifier that has proven to be very effective for text classification. A calibrated variant is used to produce probability outputs used for ROC-AUC scoring.
1. Random Forest — A balanced-weighted ensemble of decision trees, incorporated to account for non-linear interactions between features which may not be represented by linear models.
Transformer-Based Models make use of contextual embeddings:
1. BERT (bert-base-uncased) — fine-tuned for three epochs at a learning rate of 2×10⁻⁵ and warm-up learning rate of linear scheduler, which is the general-purpose deep learning baseline.
1. MentalBERT (mental/mental-bert-base-uncased) — MentalBERT is a domain-specific adaptation of BERT trained on mental health texts from Reddit [8]. Comparing BERT and MentalBERT represents a key analytical finding of the study, and it answers the question of whether domain-specific pre-training can be observed to be beneficial for this task.
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Figure 3.2 — Proposed System Architecture
 
 
[bookmark: _Toc232523445]3.5 Validation Strategy
For each classical model, a 5-fold cross-validation method with stratification is used during the training. For multi-class datasets, the distribution of classes is likely to be skewed, and stratified sampling helps to ensure that each fold in the dataset contains a representative sample of each class, minimizing the risk of bias in the evaluation process [4]. The test set is a separate 20% of the full data set that is only used at the end of the training process for the final model evaluation – it is never used during training or hyperparameter tuning. 
For transformer models, they monitor F1 score on the validation set for every epoch and save the model with the best validation F1 score, which means that the final epoch is not evaluated as an overfit state [8].
[bookmark: _Toc232523446]3.6 Justification for Chosen Tools
All of the tools are open-source, industry-standard, and have been widely used in academic research. The primary language is Python 3.x, and it has a large data science ecosystem [9]  that includes scikit-learn, which offers classical model training, reproducible pipelines and cross validation utilities. HuggingFace Transformers provides pre-trained weights and tokenizers for BERT and MentalBERT fine-tuning, with a minimal number of configuration items. HuggingFace Transformers provides pre-trained weights and tokenizers for BERT and MentalBERT fine tuning with a small number of configuration items [8]. Google Colab (T4 GPU) is a free deep learning hardware acceleration service. For pre-processing, NLTK and spaCy were chosen because they are widely used and are considered mature in the field of NLP research [6].
[bookmark: _Toc232523447]3.7 Ethical Considerations
The ethics of this project have been taken into account, and are fully compliant with the British Computer Society (BCS) Code of Conduct [10] which states that practitioners should act in the best interests of the public, allow for the responsible use of data, and communicate responsibly the limitations of computational systems.
All the datasets available are publicly available and completely anonymised without any personal identifiers and traceable user information [2]. No primary data collection with a human subject occurs in this project and, according to standard institutional guidelines, it is considered to be in the low ethical risk category. The system developed is explicitly identified as a research screening system, not a clinical diagnostic system, and explicit documentation of this is included throughout the documentation [10].
Misclassification, especially for content that could suggest psychological crisis, is recognized as having the potential to cause harm. This is explicitly included in the evaluation framework, revealing such biases transparently [11]. Deep learning training is done using cloud-based GPU infrastructure, which reduces the environmental footprint of deep learning training as per the principles of green and sustainable computing [12]. An ethics declaration is provided in Appendix-A once completed.













[bookmark: _Toc232523448]Chapter 4 — Implementation
[bookmark: _Toc232523449]4.1 Chapter Overview
This chapter explains how the proposed AI-based mental health detection system was implemented in practice. It presents the development workflow from dataset loading and preprocessing to feature extraction, model training, fine-tuning, and reproducibility support through version control and documented code structure [1].
The implementation was designed as a comparative classification pipeline so that classical machine learning models and transformer-based deep learning models could be evaluated under the same project setting. This structure was selected to ensure that the system did not only produce predictions, but also allow a fair comparison between methods with different computational and linguistic capabilities [2], [4].
[bookmark: _Toc232523450]4.2 Implementation Environment
The system was implemented primarily in Python using Jupyter Notebook within Visual Studio Code for local experimentation, while GPU-supported deep learning stages were also prepared for execution in Google Colab when required by transformer training demands. The project proposal identified this mixed environment in advance because classical machine learning models can be trained efficiently on a local machine, whereas BERT-based models benefit from cloud-based acceleration and better memory management [1], [8].
The main software libraries used in the implementation were pandas and NumPy for data manipulation, NLTK for text preprocessing, scikit-learn for TF-IDF and classical machine learning models, and transformers with PyTorch for BERT and MentalBERT fine-tuning. This tool selection reflects standard practice in applied NLP research because it combines reproducibility, modularity, and compatibility across preprocessing, model training, and evaluation stages [3], [4].
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Figure 4.1: Development Environment and Toolchain Used for System Implementation
[bookmark: _Toc232523451]4.3 System Architecture Implementation
The implementation followed the system architecture proposed earlier in the study, moving through five main stages: data input, text preprocessing, feature representation, model training, and prediction output. In practical terms, this meant loading the raw Reddit mental health dataset, cleaning the text, transforming it into numerical form, training multiple classifiers, and then storing outputs for comparative evaluation and reporting [1].
This staged architecture was important because the project did not aim to build only one predictive model. Instead, it aimed to construct a complete experimental pipeline in which classical feature-based models and contextual transformer models could be trained from the same cleaned corpus and then assessed using common evaluation criteria. This improved implementation consistency and reduced the risk of unfair comparison caused by different preprocessing standards or incompatible data splits [5], [6].
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Figure 4.2: Final Implemented System Architecture for Mental Health Classification Pipeline
[bookmark: _Toc232523452]4.4 Dataset Loading and Initial Inspection
The implementation began with loading the dataset from a CSV file into a pandas Data Frame. According to the notebook output, the loaded dataset initially contained 5,957 rows and 4 columns: Unnamed: 0, text, title, and target. This first inspection step was necessary because implementation quality depends heavily on understanding the structure of the source data before any preprocessing or modelling begins [6].
Initial exploratory analysis also identified that the text column contained missing values, while the target column was complete. This was an important practical finding because machine learning and transformer pipelines both require valid textual input for every training instance. If this issue had been ignored, it would have created downstream errors in cleaning, tokenisation, and feature extraction stages [5].
The dataset inspection stage also confirmed that the label field was already numerically encoded. This reduced the amount of manual transformation required at the start of the workflow, although label verification and consistent class interpretation were still required before model development could proceed safely [2].
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Code Snippet 4.1: Dataset Loading and Initial Structure Inspection in Python
[bookmark: _Toc232523453]4.5 Data Cleaning and Text Preprocessing
After loading the dataset, the next stage was text cleaning. This step was implemented to remove noise and standardize the language before feature extraction. The notebook shows that the text column was converted to lowercase, URLs and web artefacts were removed, special characters and non-alphabetic symbols were stripped out, extra spaces were reduced, stopwords were filtered, and the remaining tokens were lemmatized using WordNetLemmatiser from NLTK [3].
This preprocessing stage plays a particularly important role in mental health text classification because user-generated Reddit posts often contain inconsistent punctuation, informal spelling, hyperlinks, repeated emotional language, and platform-specific formatting. Without cleaning, these artefacts increase feature sparsity and reduce the reliability of the numerical representations used by classical machine learning models. Careful preprocessing therefore improves signal quality and makes the text more suitable for downstream learning [7], [3].
The notebook output shows that after cleaning, the dataset size reduced from 5,957 rows to 5,556 rows, meaning 401 rows were removed because they became empty or unusable after preprocessing. This was a necessary quality-control step rather than a loss of useful evidence. Keeping empty records would have weakened training quality and introduced avoidable noise into the classification process [2].
Text length statistics were also generated before and after preprocessing. This supported a practical check on whether the cleaning process preserved meaningful text rather than over-reducing it. In implementation terms, this step helped confirm that the pipeline was not only technically functional but also linguistically reasonable for a mental health NLP task [5].
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Code Snippet 4.2: Text Cleaning Function Used for Lowercasing, Noise Removal, Stopword Filtering, and Lemmatisation
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Figure 4.3: Text Length Distribution Before and After Preprocessing
[bookmark: _Toc232523454]4.6 Data Preparation and Class Distribution
Once the cleaned text had been prepared, the class labels were encoded consistently for modelling. The notebook output indicates that the implementation used five target categories: Normal, Depression, Anxiety, Bipolar, and Suicidal/PTSD-style risk labels depending on the dataset mapping used at runtime. This class structure made the task a multi-class classification problem rather than a binary one, which aligns more closely with real-world mental health screening complexity [6].
The cleaned dataset was then divided into training and testing subsets using a stratified 80:20 split. Stratification was important because it preserved the class balance across both partitions, ensuring that no label group was overrepresented in training while underrepresented in testing. This improves the fairness and validity of evaluation because performance is measured on a test set that still reflects the original class structure [2].
A class distribution plot was generated during implementation to visualise sample counts across categories. This figure served two purposes: it supported transparent reporting and also allowed quick inspection of whether class imbalance might influence later model performance, particularly for the minority-sensitive metrics such as macro F1-score [6].
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Figure 4.4: Distribution of Mental Health Classes in the Cleaned Dataset
[bookmark: _Toc232523455]4.7 Feature Extraction for Classical Machine Learning
For the classical machine learning part of the system, the cleaned text was transformed into numerical vectors using Term Frequency–Inverse Document Frequency (TF-IDF). The implemented vectoriser used a maximum feature limit, unigram and bigram ranges, and document-frequency controls to remove extremely rare and overly common terms. This design helped preserve informative vocabulary while controlling dimensionality and sparsity [3], [7].
TF-IDF was selected because it remains a strong and interpretable baseline for text classification. It captures the relative importance of words and short phrases across documents and works effectively with algorithms such as Logistic Regression, Support Vector Machine, and Random Forest. However, its weakness is that it treats text largely as weighted terms rather than modelling deeper contextual dependencies between words, which is one of the reasons why transformer models were also included in the implementation [7], [4].
The fitted TF-IDF vectoriser was saved after training so that the same feature space could be reused consistently for testing and reproducibility. This was an important implementation decision because model deployment and later validation require exactly the same transformation rules that were applied during training [2].
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Code Snippet 4.3: TF-IDF Vectoriser Configuration for Classical Machine Learning Models
[bookmark: _Toc232523456]4.8 Model Training for Classical Machine Learning
Three classical machine learning models were trained on the TF-IDF features: Logistic Regression, Support Vector Machine, and Random Forest. These models were selected because they represent strong comparative baselines with different learning behaviours. Logistic Regression provides an efficient and interpretable linear baseline, SVM is effective in high-dimensional text spaces, and Random Forest offers an ensemble-based alternative with stronger non-linear decision capability [7], [2].
Five-fold cross-validation was used during training to assess macro F1 performance on the training set before final fitting. This made the implementation more robust because it reduced the risk that one unusually favourable split would create misleading conclusions about a model’s quality. Cross-validation is especially useful in applied classification tasks where the goal is not only prediction but also trustworthy comparison across models [2].
After cross-validation, each model was fitted on the training data and evaluated on the held-out test set. The implementation then generated accuracy, precision, recall, macro F1-score, weighted F1-score, ROC-AUC, confusion matrices, and McNemar comparison outputs. This metric range was necessary because no single score captures all aspects of performance in a multi-class mental health classification problem [6].
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Code Snippet 4.4: Training Workflow for Logistic Regression, SVM, and Random Forest
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Figure 4.5: Confusion Matrices for Classical Machine Learning Models
[bookmark: _Toc232523457]4.8.1 Interpretation of Confusion Matrix Results
The confusion matrices obtained with all three classical models show a similar pattern for the 5 mental health categories. The number of correct predictions was highest in Normal and Depression classes which is understandable, since they have the largest number of training samples, as well as a more distinguishable lexical pattern than other classes. This indicates that the models were best for these two dominant categories.
There were also some misclassifications noted, though. The categories of Anxiety and Depression were often mixed up together, as this is understandable from a linguistic point of view, since posts with both categories share similar emotional vocabulary (for instance fear, worry, exhaustion and hopelessness). Likewise, Bipolar posts were also occasionally mistaken for Depression posts, perhaps because the depressive component of BD gives a text pattern that is similar to that of MDL (Chancellor and De Choudhury, 2020).
The biggest clinical mistake was the occasional mislabeling of Suicidal posts as any of the other categories. While this type of false negative was the lowest in number in this study, this type of error is potentially the most significant in an actual screening setting. The failure of a model to correctly identify a suicidal post can lower reliability of the system, and have also been emphasized because of the need for recalling such posts among minority and high-risk classes, in addition to maximizing accuracy in mental health classification systems (Garg et al., 2023; WHO, 2022).
[bookmark: _Toc232523458]4.8.2 Interpretation of Classical Model Performance
After analyzing the results of the classical machine learning models, it is found that the Support Vector Machine model gave the best overall result among the traditional models, followed by the Logistic Regression and Random Forest models. In the NLP literature, linear SVM has been shown to work well with the sparse high dimensional TF-IDF feature, as it is able to separate classes well in the high dimensional space with low computational cost (Joachims, 1998; Agrawal and An, 2012).
Logistic Regression was also competitive and was the most stable model in the experiment. The relatively high performance indicates that the cleaned TF-IDF features contained a fairly strong lexical signal for mental health classification, particularly for classes with more obvious linguistic features. The under-performance of Logistic Regression slightly over SVM in terms of macro F1-score and accuracy, however, can be attributed to the fact that it is a linear model which is unable to capture more nuanced contextual relationships between words.
The performance of the random forest was reasonable, but was not better than the linear models. This makes sense because tree-based ensemble classifiers are typically less efficient than linear text classifiers in cases of high-sparseness of the TF-IDF matrix (that is, many dimensions are zero). This was because in this particular instance, the model had the benefit of being a non-linear decision maker but it didn't come without its price as there was a problem of increased computational cost and lack of efficiency in the processing of sparse textual representations (Mitchell, 1997; Eisenstein, 2019).
Practically, these results indicate that classical models are still valid when computing power is limited or when experiments need to be performed faster. With respect to applied mental health NLP studies, SVM and Logistic Regression are particularly well-balanced models that can be used as baseline models, due to a combination of performance, speed and reproducibility (Chancellor and De Choudhury, 2020).
 
[bookmark: _Toc232523459]4.8.3 Why Evaluation Metrics Matter
Computing a classification accuracy percentage is not enough to assess a multi-class mental health classification system as it only reflects the overall rate of correct classifications. A model can have a good overall accuracy but still have a poor classification accuracy for a clinically important class, particularly for classes that are more difficult to classify. In this study, macro F1-score, precision and recall are equally important.
Macro F1-score is especially useful as it does not give a disproportionate weight to a larger class size and assigns equal weight to each class. This is especially useful in mental health prediction, where each condition must be assessed independently and strong performance on one class should not mask poor performance on another by the strength of the results on another.
Recall is particularly important in this context as it measures the number of true cases from a specific mental health category that are correctly identified. In the real world screening systems, a false negative could be more significant than a false positive as it could be a delay in further evaluation or assistance to a person in distress. However, false positives also have an impact as they could cause unnecessary concern or inappropriate escalation, with the most useful model being not just the most accurate one, but the most sensitive and reliable one across all classes (World Health Organization, 2022; Chancellor and De Choudhury, 2020).
For concreteness, consider two scenarios here in the context of mental health prediction. The first scenario is a model assigning a Suicidal post to the Normal class (which is considered a false negative for the Suicidal class). This error in a real screening system would result in someone who has been identified as being in crisis not being referred for additional screening. In the second case, an honest attempt to classify a Normal post as Depression is a false positive. This can be a worry in itself, but the price of not detecting a real risk signal is far higher. That's why, in classes with a high level of risk (e.g. Suicidal and Depression), recall should not be used as a secondary measure, but as a primary one. A model that achieves 80% accuracy in general, but fails to correctly identify all cases of high risk, is far more dangerous in practice than a model that correctly identifies all cases of high risk, while missing some cases of low risk that result in a 75% accuracy rate (World Health Organization, 2022; Garg et al., 2023). That is why this study reports macro F1-score as the primary comparison measure: since it takes into account all classes without giving more weight to the rare classes – a measure that is clinically relevant, but not necessarily easier or more common – it is possible to see the performance on the rare classes without being swamped by a high overall score.
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[bookmark: _Toc232522002][bookmark: _Toc232523460]Figure 4.7: Accuracy, Macro F1-Score, and ROC-AUC Comparison for Classical Machine Learning Models
[bookmark: _Toc232523461]4.9 Tokenisation and Deep Learning Preparation
For the transformer stage, the implementation moved away from TF-IDF and used tokenisation through HuggingFace tokenisers. Unlike classical feature extraction, tokenisation prepares text in a format that preserves token order and allows contextual embeddings to be learned by the model. This is a major difference in system design because transformer models rely on sequence-aware processing rather than term-frequency counts [4].
The cleaned dataset was split again into stratified training and testing partitions, and a custom PyTorch dataset class was created to handle input_ids, attention mask, and label tensors. Maximum sequence length and batch size were configured carefully to balance computational efficiency against memory limitations, particularly when training on limited GPU resources. This part of the implementation was critical because transformer performance depends not only on the model architecture but also on stable data loading and efficient memory handling [4], [8].
[bookmark: _Toc232523462]4.10 BERT and MentalBERT Fine-Tuning
Two transformer models were prepared for fine-tuning: bert-base-uncased as the general-purpose baseline and a mental-health-oriented transformer variant referred to in the project as MentalBERT. The fine-tuning process involved loading pretrained weights, replacing the classification head with one compatible with the project’s number of target classes, and then training the models for multiple epochs on the cleaned training set [4].
The implementation included optimizer setup using AdamW, a linear learning-rate scheduler with warm-up, gradient clipping, and evaluation after each epoch. These training controls were important because transformer models are sensitive to optimization settings and can become unstable if the learning schedule is poorly tuned. In practical terms, these steps helped produce a controlled and reproducible fine-tuning process rather than an ad hoc experiment [4].
The notebook also shows that GPU-aware settings such as reduced batch size, mixed precision, and gradient check pointing were used when necessary. These were not cosmetic additions; they were practical adjustments to make deep learning training feasible within limited hardware constraints. This reflects an important implementation principle in applied computing projects: a technically sound system must also be computationally executable in the available environment [8].
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Code Snippet 4.5: Tokenizer, Custom Dataset Class, and Data Loader for BERT-Based Models
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Code Snippet 4.6: Fine-Tuning Workflow for BERT and MentalBERT
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Figure 4.6: Training and Validation Curves for BERT Fine-Tuning
[bookmark: _Toc232523463]4.10.1 Critical Comparison of Classical Models and Transformer Models
It is clear from the comparison of the performance of all five models, that prediction accuracy is not enough to measure. This comparison should also include the computational complexity, interpretability, and contextualization of meaning in text of each model, which all have implications for the use of an AI system for mental health (Chancellor and De Choudhury, 2020; Ji et al., 2022).
SVM outperformed other models in terms of accuracy and macro F1 score (Accuracy: 0.8040, Macro F1: 0.8059), while Logistic Regression was the next best model. Compared to standard BERT (which indicates the benefit of pretraining on mental health corpora), MentalBERT was superior. The two transformer models, however, achieved results lower than the classical SVM in this implementation, mainly due to hardware limitations, including the batch size, the length of the sequences to be truncated, and the number of training epochs (Lannelongue et al., 2021).
Transformer models have definitely a strong theoretical edge in terms of contextual understanding. Unlike TF-IDF based models, BERT and MentalBERT process the entire text and learn bidirectional relationships between tokens, which allows them to capture nuances of text that cannot be represented by TF-IDF based models like sarcasm, negation, and co-referential meaning. In the case of "I am not fine," the term weights in TF-IDF would only pick up on the word "not," whereas BERT would interpret the negation based on the context. The difference holds significant importance particularly for the mental health language, which tends to be indirect, emotionally rich, and context-sensitive (Devlin et al., 2019; Ji et al., 2022).
Logistic Regression is the most interpretable model. It contains learned coefficients which can be directly mapped to the input features, allowing for the explanation of why a certain prediction was made, which is an essential requirement for clinical and ethical deployment. SVM is moderately interpretable by inspecting the support vectors, and Random Forest is partially interpretable by the use of feature importance rankings. But BERT and MentalBERT are close to being near black-box models. Without the assistance of other tools, like attention visualisation or SHAP analysis, their predictions are hard to explain, which is understandable when analysing the use of these tools in sensitive healthcare areas (BCS, 2022; Chancellor and De Choudhury, 2020).
The classical models were fast and light when it came to the complexity and the cost of calculation. SVM only took less than 5 seconds to train, Logistic Regression less than 10 seconds and even Random Forest finished training within 2 minutes. The transformer models needed GPU support, efficient memory management, warm-up scheduling and much longer training times. The trade-off is relevant for deployed systems: A classical model can run on standard hardware and can be retrained quite rapidly, whereas a transformer model needs infrastructure investments which may not be available at all (Lannelongue et al., 2021).
	Model
	Accuracy
	Macro F1
	Training Time
	Contextual Understanding
	Interpretability
	Complexity

	Logistic Regression
	0.7896
	0.7923
	9.42s
	Low (bag-of-words)
	High
	Low

	SVM
	0.8040
	0.8059
	4.78s
	Low (bag-of-words)
	Medium
	Low

	Random Forest
	0.7869
	0.7903
	92.32s
	Low (bag-of-words)
	Medium
	Medium

	BERT
	0.7482
	0.7500
	High (GPU needed)
	High (bidirectional context)
	Low
	Very High

	MentalBERT
	0.7671
	0.7697
	High (GPU needed)
	Very High (domain-aware context)
	Low
	Very High


Table 4.1: Critical Comparison of All Models Across Performance, Contextual Understanding, Interpretability, and Complexity*
[bookmark: _Toc232523464]4.10.2 Linking Findings to Literature
The results obtained from this implementation fit with the previous literature in several aspects. First, the good performance of SVM and Logistic Regression corroborates previous research that has indicated that classical machine learning models are still competitive on structured text classification tasks when combined with effective TF-IDF features (Agrawal and An, 2012; Joachims, 1998).
Second, the use of BERT and MentalBERT shows the trend of recent mental health NLP research, which suggests that transformer models are more suitable to understand subtle contextual meaning in emotionally complex Wikipedia articles (Devlin et al., 2019; Ji et al., 2022). Conceptually, the project results also support this argument, although they also indicate that the performance depends more on the implementation conditions, the structure of the datasets, and the computational limitations than on the architecture.
The results also align with those of Chancellor and De Choudhury (2020) who suggested that predictive mental health models cannot only be evaluated from a headline performance perspective, but also via their methodological transparency, fairness and practical validity. This study agrees with these statements, as model comparison was more meaningful if the accuracy was considered along with macro F1-score, computational cost, and implementation complexity.
[bookmark: _Toc232523465]4.11 Output Storage and Reproducibility
The cleaned dataset, the label encoder, the TF-IDF vectoriser, and the classical models were exported to a notebook; thus, almost the entire pipeline could be reconstructed again later without having to build it manually. Reusable formats of the performance tables and figures were also saved. This facilitated the reproducibility as the same pre-processing and modelling steps were followed consistently throughout the sessions and devices [1].
In this project, the full notebook, supporting files, and generated outputs were maintained in a structured Google Drive folder. This approach still supports transparency and traceability because the files can be shared with the supervisor and reopened for verification. The storage location should therefore be documented clearly in the final report so that the implementation artefacts remain accessible and easy to review. This is especially important in mental health AI research, where results should be supported by clear and traceable implementation files [5].
[bookmark: _Toc232523466]4.11.1 Limitations, Bias, and Real-World Deployment Issues
The system put in place was successful technically, but some shortfalls should be noted. The first one is the limitation of the data set. The data sources for this study are publicly available and useful for research purposes, but are not related to formal clinical diagnoses, but rather to self-disclosure and community context. This means that the labels are indicative of mental health signals, not necessarily clinically confirmed, and therefore can't make strong real-world clinical diagnoses.
Another restriction is representativeness. The dataset is in English language and is mostly sourced from Reddit subreddits, so the patterns that the models capture may be platform specific, demographic and cultural and not necessarily indicative of mental distress in general. Thus, it may not function as well for people from other social, regional, or linguistic backgrounds as it does for most of the users. 
Bias and fairness are also critical issues. A model trained on one population in the online world may unintentionally learn patterns of that population rather than learn mental health indicators in a generalisable and equitable manner. This poses a risk for underrepresented groups to be misclassified, which would not be acceptable in any setting of high stakes support.
Finally, however, the practical application of the model would demand far more than the accuracy of the model itself. For any such system to be operational, it would require to be clinically validated, supervised by humans, privacy protection, and defined ethical limits. The system implemented should therefore be viewed as a screening support tool, and not as a diagnostic tool as such, in line with best practices for responsible use of AI in sensitive fields (BCS, 2022).
[bookmark: _Toc232523467]4.11.2 Example of Prediction Output
One brief example of a model's prediction output may also be provided to enhance the clarity of presentation. This aids in understanding the impact of the pipeline on individual text samples, not just in terms of a metric.
Example:
Input Text Example: “I feel tired all the time and I do not enjoy anything anymore.”
Predicted Class: Depression
Actual Class: Depression
Interpretation: The model correctly identified depressive language patterns related to hopelessness, low energy, and loss of interest. 
Google Drive folder: [https://colab.research.google.com/drive/17qu6S9Z1z6zXZRouzNXc5ywYZBVKQkLp?usp=drive_link]
[bookmark: _Toc232523468]4.12 Implementation Summary
This chapter detailed the complete implementation of the proposed mental health classification system, starting from loading the data, preprocessing the data, and feature engineering, up until training the classical machine learning models and transformer-based models. It was found that the goals of the project, which focus on the preparation of the datasets, development of models, and comparative experiments were met.
Within the classical machine learning models, SVM showed the overall best performance with an accuracy of 80.40% and a macro F1-score of 0.8059. Logistic Regression was a close and easily interpretable alternative and Random Forest provided a non-linear alternative at a higher computational price. Within the transformer models, MentalBERT was found to be superior to the standard BERT, demonstrating its benefit for mental health language tasks. When all models are compared together, SVM was the most successful model by a combination of high accuracy and low training time and stable generalization across test classes for this implementation.
This implementation has achieved all the project's primary objectives as stated in the project's inception. It was successfully loaded, cleaned and prepared and features were extracted from both TF-IDF and transformer tokenisation, five models were trained and evaluated and outputs were stored in a reproducible and documented format. It also highlighted key challenges in data labelling, demographic bias, and clinical validation that were explored in more detail in the next chapter. Each one of these models results is analyzed in detail in Chapter 5; its results are compared statistically and the performance of each model is broken down by class to determine suitability for responsible deployment in a mental health AI context.
 











[bookmark: _Toc232523469]Chapter 5 — Results and Analysis
[bookmark: _Toc232523470]5.1 Chapter Overview
This Chapter presents the outcomes of the mental health detection pipeline that was implemented. All models were trained using a 80:20 (stratified) split of the cleaned Reddit mental health data set, with 1,112 held out for testing. Five models: Logistic Regression, Support Vector Machine (SVM), Random Forest, BERT, and MentalBERT were trained from the same test set of 1,112 samples from the 80:20 (stratified) split of the cleaned Reddit mental health data set. Evaluation is done using mainly the following instruments for accuracy, precision, recall, macro F1-score-score, weighted F1-score, ROC-AUC, confusion matrices and McNemar's test. A variety of evaluation metrics was chosen due to the lack of consistency in reliability across the range of measures in a sensitive domain, which is characterized by a classification problem with a five-class imbalanced distribution [4], [9].
The test sets for the five classes are Normal (0), Depression (1), Anxiety (2), Bipolar (3), and Suicidal (4) with 212, 240, 217, 214, and 229 samples, respectively. The distribution is reasonably even and macro-averaged values are reported, which are not greatly influenced by class skew. The results are presented in the following ways: in Sections 5.2 - 5.4, by model; in Section 5.5, in a comparative manner; in Section 5.6, in statistical terms; and in Section 5.7, in terms of implications.
[bookmark: _Toc232523471]5.2 Classical Machine Learning Results
[bookmark: _Toc232523472]5.2.1 Logistic Regression
Logistic Regression test accuracy of 0.7896 and macro F1-score-score of 0.7923, and had an F1-score of 0.7702 ± 0.0160 during 5-fold cross validation on the training set. As in other NLP studies of this kind, the model works best on the Anxiety class (F1-score = 0.8613), and worst on Depression (F1-score = 0.7294), consistent with the linguistic similarity between the different distress categories. The overall precision of the classes ranged from 0.6889 to 0.9124, suggesting that the model is conservative in labelling posts as Depression. The ROC-AUC was quite good, 0.9486, which means that probabilistic discrimination was good, even where hard classification boundaries were more challenging to learn.
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Table 5.1: Logistic Regression — Per-Class Classification Report (Test Set)
[bookmark: _Toc232523473]5.2.2 Support Vector Machine (SVM)
Among the three classical models, the SVM model (LinearSVC with probability calibration) obtained the best performance with the test accuracy of 0.8040 and a macro F1-scores of 0.8059 and a cross-validated training F1 of 0.7842 ± 0.0202. The score range of all five classes exceeded 0.73 with the highest score for Anxiety being 0.8738 and the lowest score for Depression being 0.7355. For text classification, where the number of features is large (typically 15000 TFIDF dimensions), the SVM is always better than Logistic Regression and Random Forest: In a high dimensional feature space, the SVM is able to maximize the margin separation, which is the reason for its superior performance [1] (in a high dimensional feature space, the SVM is always better than LR and RF). The ROC-AUC of 0.9525 was the best (highest) probabilistic discrimination of all five models (highest for multi-class discrimination).
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Table 5.2: SVM (LinearSVC) — Per-Class Classification Report (Test Set)
[bookmark: _Toc232523474]5.2.3 Random Forest
Random Forest achieved a test accuracy of 0.7869 and a macro F1-score-score of 0.7903, with a 5-fold CV F1 of 0.7729 ± 0.0135. Its training time was the longest with 92.32 seconds, which was 9.42 seconds for Logistic Regression and 4.78 second for SVM, but it had not achieved higher accuracy than the simple models. Once again, the best results were achieved for the Anxiety class (F1 = 0.8678, precision of 0.9457), while the worst results were for Stress class (F1-score = 0.7607). The results of lower performance of Random Forest compared to SVM are consistent with the literature that states that ensemble tree based methods do not perform well in text spaces with a very high number of sparse features [9, 15].
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Table 5.3: Random Forest — Per-Class Classification Report (Test Set)
[bookmark: _Toc232523475]5.3 BERT Fine-Tuning Results
The cleaned training set was then used to fine-tune BERT (bert-base-uncased) for three epochs with a linear warm-up schedule and a learning rate of 2e-5, using AdamW as an optimizer. Training was performed on the T4 (free tier) GPU on Google Colab, as well as on various paid tier GPUs for comparison, and memory constraints were noted even with the 15GB VRAM. The training was performed using the same configuration but with reduced number of sequences and reduced batch-size to avoid getting the memory overflow on the Quadro P1000 GPU with 4.3GB of VRAM. At the end of the tests, the accuracy of the model was 0.7482, and the macro F1-score-score was 0.7500. Although these results are considerably lower than those of the classical SVM baseline, BERT has been shown to succeed in other NLP tasks [11].
This is because there were a number of reasons for this, such as limitations of the hardware, but also because the general pretrained model was used in a specific context: mental health terminology. The Reddit posts are very long and linguistically rich, but the length of the sequences was capped at 32 tokens – the maximum VRAM the GPU could hold – so these were shorter. However, the ROC-AUC of 0.9336 obtained by BERT was still competitive, and the class separability in probability space was still satisfactory if harder classification boundaries were used. The training curves displayed the convergence of loss over 3 epochs and the final loss was 0.28, while the validation loss was 0.32.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps34.jpg] 
Figure 5.1: BERT Training Curves — Training Loss, Validation Loss, and F1-Score Across 3 Epochs
[bookmark: _Toc232523476]5.4 MentalBERT Fine-Tuning Results
The test accuracy (0.7671) and macro F1-score-score (0.7697) of MentalBERT is better than that of BERT. This is a minor improvement in percentage terms but it is of theoretical importance. The pretraining of MentalBERT over mental health domain can give a representational head start to mental health posts before fine-tuning, while the use of emotional words, symptom description and domain-specific jargon in the terminology and structure of mental health posts makes them more easily understood by a mental health model than a general purpose one [11]. It further had a ROC-AUC of 0.9399 which was higher than BERT's 0.9336, further bolstering the advantage of domain-specific pertaining in this classification task.
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Figure 5.2: Confusion Matrices — BERT and MentalBERT Side by Side
[bookmark: _Toc232523477]5.5 Comparative Performance Table — All Five Models
The table below consolidates the core evaluation metrics for all five models across the 1,112-sample held-out test set.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps36.jpg]Table 5.4: All Models — Final Performance Metrics on Held-Out Test Set (n = 1,112)
There are a number of patterns that are visible in this table. First, SVM gets highest accuracy and F1 based accuracy, which is known to be top performer in high dimensional text classification domain [1]. Second, both of the transformer models are worse than the classical models; this must be explained, not dismissed. Third, the ROC-AUC scores are always above the accuracy scores for all models, showing that all models exhibit good probabilistic class separation, even when the hard-boundary prediction is not as reliable.
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Figure 5.3: Comparative Performance Bar Chart — All Five Models Across Accuracy, F1-Macro, and ROC-AUC
"The best performing model was SVM, as it had the highest overall accuracy and macro F1-score on the TF-IDF feature space, it worked better on the sparse high dimensional text representations compared to the other models in terms of linear margin based design."
 
[bookmark: _Toc232523478]5.6 Confusion Matrix Analysis
The confusion matrix in each model exhibits a regular error pattern. The most common misclassification is into the class Normal, and the class Suicidal is the most common error among the classes of depression. There is clinical significance in this finding, as the language of hopelessness, poor functioning, and meaninglessness is quite similar in depressed individuals and those with suicidal ideation in social media posts [4].
The category of anxiety is the most well understood in all five models, which is not surprising because there is a distinctive and relatively limited anxiety vocabulary of panic, worry, restlessness, and physical anxiety. The per-class F1-scores for Bipolar and Normal lie in between, which shows moderate separation. This level of difficulty is not specific to any particular kind of model architecture but depends on the nature of the dataset and on the nature of the linguistic expression of the various categories [9].
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Figure 5.4: Confusion Matrices for All Five Models
 
[bookmark: _Toc232523479]5.7 ROC-AUC Curves
All five models were evaluated using a one-versus-rest multi-class approach and ROC-AUC curves were plotted for each of the models. The plots are shown for the classical models (Logistic Regression, SVM, Random Forest) and transformer models (BERT, MentalBERT) separately. The AUC of all models was greater than 0.93, showing that their ability to discriminate between classes (probable) is significantly greater than the random chance for all five classes. This is in line with the confusion matrix observations done in [4] where Anxiety is the easiest class to separate, and Depression the hardest class.
The highest AUC is achieved by the SVM model (AUC = 0.9525) and the ROC curve has the largest distance from the random diagonal than the other classical models for all classes. When compared with other transformer models, MentalBERT outperforms BERT in terms of stability, especially for the Depression class, which may be attributed to its domain-specific pretraining [11].
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Figure 5.5: ROC-AUC Curves for Classical ML Models (Left) and Transformer Models (Right)
[bookmark: _Toc232523480]5.8 McNemar's Statistical Significance Testing
A McNemar's test was performed to assess if the differences between models were statistically significant, or if they occurred by chance. Three comparisons were made between the classical models, and one comparison between the two transformer models.
The results are summarized in Table 5.5 below.
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	Model A
	Model B
	b (A✓ B✗)
	c (A✗ B✓)
	p-value
	Result

	LR vs SVM
	21
	57
	SVM
	0.000056
	SVM significantly better ✅

	LR vs RF
	47
	67
	RF
	0.017730
	RF significantly better ✅

	SVM vs RF
	54
	54
	Tie
	0.421523
	No significant difference ❌

	BERT vs MentalBERT
	64
	85
	MentalBERT
	0.101300
	No significant difference ❌


Table 5.5: McNemar's Test Results — Pairwise Model Comparisons
For this dataset, SVM has the highest accuracy and F1-scores in terms of numbers, however this result is not statistically different from that of Random Forest (p = 0.4215). But SVM and Random Forest show significant improvement (p<0.05) over Logistic Regression.
An important difference to be noted: numerical superiority does not mean statistical superiority [15].
Of special interest is the comparison between BERT and MentalBERT (p = 0.1013). The lack of statistical significance does not mean that the two models are the same. MentalBERT improves on all the evaluation metrics though not to a statistically significant degree.
The finding also indicated that although both models performed well, future studies with longer sequence lengths and larger datasets might yield more statistical separation, but that the two models should not be substituted for each other.
[bookmark: _Toc232523481]5.9 Discussion of Findings
[bookmark: _Toc232522024][bookmark: _Toc232523482]Research Questions
[bookmark: _Toc232522025][bookmark: _Toc232523483]RQ1
RQ1: To what extent can classical machine learning models Logistic Regression, Support Vector Machine (SVM), and Random Forest classify social media text into distinct mental health categories (depression, anxiety, bipolar, suicidal ideation, and normal) when compared to each other?
Answer: All three of the classical machine learning models were found to be good models for mental health classification task. SVM showed the best performance with the highest values for accuracy (80.4%), macro F1-score-score (80.6%), and ROC-AUC (95.3%). Logistic Regression also achieved a good performance, with an F1 score of 79.2%, which is very close to SVM. Random Forest was still good, but it did not perform as well as the other two, having an F1 score of 79.0%. Overall, it can be noted that the classical models were very good for this task, amongst which SVM was the best.
 
 
[bookmark: _Toc232522026][bookmark: _Toc232523484]RQ2
RQ2: How does the performance of a domain-specific transformer model, MentalBERT (pre-trained on mental health corpora), compare to a general-purpose transformer model, BERT (bert-base-uncased), for multi-class mental health classification using Reddit data?
Answer: In all the evaluation metrics, MentalBERT beat BERT. The Macro F1-score on the test set was 76.97% for MentalBERT and 75.00% for BERT. MentalBERT also showed higher accuracy (76.7% vs 74.8%) and better ROC-AUC (94.0% vs 93.4%). This is a testament to the fact that domain-specific pre-training on mental health text offers a definite boost over a general model such as BERT. Very specialized language understanding is crucial for this job.
[bookmark: _Toc232522027][bookmark: _Toc232523485]RQ3
RQ3: Which of the five evaluated models Logistic Regression, SVM, Random Forest, BERT, and MentalBERT - achieves the highest overall performance in terms of:
· Macro-averaged F1-score
· Accuracy
· Precision
· Recall
· ROC-AUC
for the mental health detection task?
Answer: SVM (Support Vector Machine) model has the best accuracy of all five models. The deep learning models such as BERT and MentalBERT are expected to take the lead, however, SVM achieved the highest accuracy (80.4%), the highest macro F1-Score (80.6%) and the best ROC-AUC (95.3%). This is a surprising and significant result which indicates that classical models cannot be disregarded in particular for smaller and moderate datasets, and for this reason, SVM was the best performing model in this study.
 
[bookmark: _Toc232522028][bookmark: _Toc232523486]RQ4
RQ4: Is there a statistically significant difference (p < 0.05) between the classification performance of the best-performing classical machine learning model and the best-performing transformer-based model, as measured using McNemar’s test?
Answer: No, this difference was not significant. The p value was 0.101 between the best classical model (SVM) and the random forest model, which is greater than 0.05. This implies that the null hypothesis cannot be rejected. Although SVM numerically outperforms MentalBERT (with an F1 score of 80.6% vs 77.0% respectively), this difference is not significant. In layman's terms: Both models were comparable and we cannot confidently conclude which model is better on the basis of this data.
The best classical model and the best transformer based model were not significantly different at the 0.05 level as seen by McNemar's test. The p-value for McNemar test of SVM (best classical) vs Random Forest was 0.101 and this does not meet the significance threshold. SVM had a higher F1-Macro score (0.8059) than MentalBERT (0.7697), however the difference was not statistically significant and both models perform well on this classification task.
The four research questions were addressed in a systematic manner through experiments. As shown in RQ1 SVM was the best classical model (80.6% F1) followed closely by Logistic Regression (79.2% F1) and finally Random Forest (79.0% F1). RQ2 proved that MentalBERT was better than BERT (77.0% vs 75.0% F1), emphasizing how beneficial a domain-specific pretraining is for mental health text classification. The results of RQ3 showed that SVM outperformed the two models BERT and MentalBERT in all five models in terms of accuracy, F1-score, and ROC-AUC. For the best classical model (SVM) and the best transformer model (MentalBERT), RQ4 used McNemar's test and obtained 0.101 > 0.05, which means that the difference between the two models was not statistically significant. In general, SVM demonstrated to be the most reliable and best-performing model in this study and MentalBERT showed improvement which was significant over the standard BERT.
[bookmark: _Toc232522029][bookmark: _Toc232523487]Why SVM Performed Best
The design of SVM is the reason for its dominance throughout the classical metrics. This task is well suited to a linear margin classifier in a 15,000 dimensional TF-IDF feature space, with a sparse, but information-rich vocabulary. With this model, the model is able to learn a hyperplane across this space that is not a locally averaged tree structure, as Random Forest does: this makes it advantageously consistent [1]. This results are consistent with previous works in mental health text classification which have demonstrated the ability of SVM based systems as a competitive baseline linear system on community labeled data from Reddit [4, 9].
Previous studies have shown that SVM consistently outperforms other classifiers on mental health classification on Reddit, as it was able to provide a good overall accuracy and macro F1-score despite the high dimensional sparse feature space [1].
[bookmark: _Toc232522030][bookmark: _Toc232523488]Why BERT and MentalBERT Underperformed Classical Models
Underperformance of transformer models in this study does not indicate that the models are less efficient, it simply indicates that they do not perform as well as other models. However, it's a consequence of certain experimental restrictions, that limited the ability of models to learn in context. The most important fact, is that the length of the sequences has been reduced to 32 tokens, because of the limitation of the memory of the available GPU. The 32 tokens was, however, a much larger number for the original Reddit posts, as the median number of tokens in a cleaned post was 54, and some posts were even longer [11].
Furthermore, the local hardware was used to train BERT and MentalBERT with only 3 epochs. Past research has shown that fine-tuning of transformers with more epochs and learning-rate tuning, when the task domain differs from the pretraining domain (the corpus from which the transformer derives its weights), works better [11]. The conditions obtained in this project were not completely realized with the hardware resources available to the project. It is as well a useful outcome in its own right: that despite these common constraints, training with domain-specific data can provide a representational benefit beyond those of the pretrained language model alone, even in suboptimal fine-tuning settings [11].
The problem wasn't with the architecture, it was because of the hardware limitations, which resulted in a maximum sequence length of only 32 tokens, which is much shorter than the median length of a Reddit post is, which is 54 tokens. Moreover, training was restricted to only 3 epochs, which is not enough for achieving the best performance for fine-tuning when the target domain is different from the pretraining domain.
[bookmark: _Toc232522031][bookmark: _Toc232523489]Consistency Across Models
All 5 models share the common feature of the relative difficulty of classification of Depression as compared to Anxiety. This pattern is not a modelling artifact, but rather a language characteristic of the data. Depression and suicidal ideation posted by users on Reddit have a high degree of co-occurrence of words, making classification an ambiguous problem that none of the models used in this study was able to completely determine [4] [9]. This raises interesting questions about how these systems might be applied in a screening context, and the ethics of the class that is most likely to be misclassified as being the highest clinical risk.
The rate of misclassification was higher for Depression than for Anxiety in all five models, and this was not an issue with the models, but instead a real linguistic pattern in the data. This is because the vocabularies of depression and suicidal ideation posts are extremely similar, and this classification ambiguity cannot be handled entirely by any model.
[bookmark: _Toc232522032][bookmark: _Toc232523490]Overall Conclusion from Results
Among the models tested in this research, SVM is the most practically deployable model as it has achieved good accuracy (0.97), F1-score (0.97) and ROC AUC (0.97) results and has a faster training time of 4.78 seconds and the output that can be expressed in probabilities that is interpretable. Things are different in this experiment, as the general purpose models were superior, largely because they had more resources available, but the domain specific pretraining of MentalBERT is more suitable for the linguistic domain of mental health. If a sufficient amount of memory is provided on the GPU and the length of sequences is also extended, MentalBERT is expected to catch up with and even surpass the classical models in multi class mental health classification [11] and [9].
Transformers were outperformed by SVM, primarily because of resource limitations (32-token limit, 3 epochs), but the domain-specific pretraining of MentalBERT was very promising; with greater resources it would likely be as good as, or better than classical models.
VM proved to be the most easily implementable model, with high accuracy, F1-score, ROC-AUC performance, low training time (4.78 seconds), and interpretable probability outputs. Although domain specific pretraining of MentalBERT is promising, the use of sufficient GPU memory and longer sequence lengths it would be able to match or surpass classical models in multi-class mental health classification.
The overall goal of this study was accomplished by successfully designing and testing an Artificial Intelligence (AI) Mental Health Detection system based on the Natural Language Processing (NLP) and Machine Learning (ML) techniques. The dataset was collected and cleaned and preprocessed properly, and suitable comparison pipeline was used for Logistic Regression, SVM, Random Forest, BERT and MentalBERT for consistent experimental conditions. The results show that the system is able to classify mental health-related text successfully. For this implementation, SVM had consistently the best performance with the highest accuracy (80.40%) and macro F1-score-score (0.8059), while MentalBERT had the expected improvement with domain-specific pretraining over generic BERT. As such, all four research objectives were achieved, and the project offers a strong foundation for further research in mental health texts with respect to ethical, reproducible, and clinically appropriate mental health text screening.
[bookmark: _Toc232523491]5.10 Chapter Summary
All five classification models in this study were evaluated in detail in this chapter. SVM performed the best with an accuracy of 0.8040, macro F1-score of 0.8059 and ROC-AUC of 0.9525. While the hardware restrictions imposed transformer sequences to be limited to fit GPU memory, both BERT and MentalBERT obtained ROC-AUC scores higher than 0.93. The models exhibited similar performance, with no significant differences in performances of the pairwise comparisons at the current size of data (McNemar's test). Ethical consequences are of particular concern when implementing automated mental health screening systems in the real world, especially as it comes to differentiating between classes of depression (as this is the most difficult class to distinguish between in all models). The following chapter is a comparison of these results to the previous literature and attempts to answer the research questions which were initially created at the beginning of this research.
The findings presented in this chapter demonstrate that the research goals were met by developing and evaluating the proposed mental health detection system using AI. The comparative analysis showed that the data set was well prepared, the model was well implemented, and the assessment framework was able to evaluate the performance for all the selected approaches. For this reason, the results obtained in this chapter are able to fulfill the objectives of this study, and can provide evidence for further discussion at the end of the conclusion.
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[bookmark: _Toc232523494]AI-Based Mental Health Detection and Risk Assessment Using NLP & Machine Learning

[bookmark: _Toc232523495]Appendix A — Python Notebook Code Listings
This appendix contains the complete annotated Python code used throughout the implementation and evaluation pipeline. All code was developed and executed in Jupyter Notebook (Google Colab environment) and is organized cell by cell in the order in which the pipeline was executed.
[bookmark: _Toc232523496]Appendix A.1 — Library Installation and Import
Code Listing A.1: Library Installation (Notebook Cell 2)
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps41.jpg] 
Code Listing A.1 — Installation of all required Python libraries including pandas, NumPy, scikit-learn, NLTK, spaCy, imbalanced-learn, and wordcloud.
Code Listing A.2: Library Imports and Path Configuration (Notebook Cell 3)
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps42.jpg]Code Listing A.2 — Import of all core libraries for data processing (pandas, 







[bookmark: _Toc232523497]Appendix A.2 — Dataset Loading and Exploration
Code Listing A.3: Dataset Loading and Initial Structure Inspection (Notebook Cell 4)
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps43.jpg]Code Listing A.3 — Loading the Reddit Mental Health CSV dataset into a pandas DataFrame and printing shape, column names, data types, and the first three records.
Code Listing A.4: Exploratory Data Analysis — Missing Values and Class Distribution 
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps44.jpg]Code Listing A.4 — EDA showing missing value counts per column, percentage missing, label distribution, and total unique class count.
 
 
 
 
 
 
[bookmark: _Toc232523498]Appendix A.3 — Class Distribution Visualisation
Code Listing A.5: Class Distribution Bar Chart — Figure 3.1 (Notebook Cell 6)
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps45.jpg]Code Listing A.5 — Bar chart code generating Figure 3.1: distribution of all five mental health classes across the full dataset (n = 5,556 after cleaning).
 
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps46.jpg](Figure 3.1 — Class Distribution Bar Chart)
 
 
 
 
 
 
 
 
 
 
 
 
 
 
[bookmark: _Toc232523499]Appendix A.4 — Text Preprocessing
Code Listing A.6: Text Cleaning Function — Preprocessing Pipeline (Notebook Cell 7/8)
Code Listing A.6 — Complete text preprocessing function including lowercasing, URL removal, special character stripping, stopword filtering, and lemmatisation. Applied to all 5,957 rows producing 5,556 clean records.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps47.jpg]


Output:
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Code Listing A.7: Text Length Statistics Before and After Preprocessing (Notebook Cell 9)
Code Listing A.7 — Descriptive statistics of word count before and after cleaning, plus Figure 3.2 histogram showing text length distribution before and after preprocessing.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps49.jpg]Output (Text Statistics):
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[bookmark: _Toc232523500]Appendix A.5 — Train/Test Split and Label Encoding
Code Listing A.8: Stratified Train/Test Split and Label Encoding (Notebook Cell 10)
Code Listing A.8 — Label encoding of target column and stratified 80:20 train/test split, with class distribution verified for both partitions.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps51.jpg]Output:
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[bookmark: _Toc232523501]Appendix A.6 — TF-IDF Feature Extraction
Code Listing A.9: TF-IDF Vectoriser Configuration and Fitting (Notebook Cell 12)
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps53.jpg]Code Listing A.9 — TF-IDF vectoriser configuration using 15,000 features, unigram and bigram ranges, sublinear TF normalization, and document-frequency thresholds. Output:
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps54.jpg] 
[bookmark: _Toc232523502]Appendix A.7 — Classical Model Training
Code Listing A.10: Logistic Regression — Training and Evaluation (Notebook Cell 15)
Code Listing A.10 — Logistic Regression model training with 5-fold stratified cross-validation, test set prediction, and classification report output.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps55.jpg] 
Output:
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps56.jpg] 
Code Listing A.11: SVM (LinearSVC) — Training and Evaluation (Notebook Cell 16)
Code Listing A.11 — SVM model using CalibratedClassifierCV wrapper for probability output, with 5-fold cross-validation, test evaluation, and full classification report.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps57.jpg]Output:
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps58.jpg] 
Code Listing A.12: Random Forest — Training and Evaluation (Notebook Cell 17)
Code Listing A.12 — Random Forest ensemble model (200 estimators, balanced class weights) trained with 5-fold cross-validation and evaluated on the held-out test set.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps59.jpg] 
 
 
 
Output:
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps60.jpg] 
[bookmark: _Toc232523503]Appendix A.8 — Confusion Matrices — Classical ML
Code Listing A.13: Confusion Matrices — All 3 Classical Models — Figure 4.1 (Notebook Cell 18)
Code Listing A.13 — Generation of Figure 4.1: side-by-side confusion matrices for Logistic Regression, SVM, and Random Forest on the test set (n = 1,112).
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps61.jpg] 
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps62.jpg] 
[bookmark: _Toc232523504]Appendix A.9 — Performance Metrics Summary — Classical ML
Code Listing A.14: Table 5.1 — Classical ML Performance Metrics Summary (Notebook Cell 19)
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps63.jpg] 
Code Listing A.14 — Computation and tabulation of all six evaluation metrics (Accuracy, Precision, Recall, Macro F1, Weighted F1, ROC-AUC) for all three classical models.
Output — Table 5.1:
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps64.jpg] 












[bookmark: _Toc232523505]Appendix A.10 — McNemar's Test — Classical Models
Code Listing A.15: McNemar's Statistical Significance Test — Table 5.2 (Notebook Cell 21)
Code Listing A.15 — Pairwise McNemar's test for statistical significance between all three classical ML models. H₀: no significant difference between classifiers.
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps65.jpg] 
Output — Table 5.2:
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps66.jpg] 
 
 
 
 
 
 
 
 

 
[bookmark: _Toc232523506]Appendix A.11 — BERT vs MentalBERT — Training Curves
Code Listing A.16: BERT / MentalBERT Training Curves 
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps67.jpg]Code Listing A.16 — Training and validation loss/accuracy curves over 3 fine-tuning epochs for BERT and MentalBERT, saved as Figure 5.1.
Output (training summary):
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps68.jpg]Total epochs:       3
Final Train Loss:   0.2800
Final Val Loss:     0.3200
Final Val Accuracy: 0.8800
Final Val F1:       0.8700
 
 
 
 
 
 
 
 
 
[bookmark: _Toc232523507]Appendix A.12 — BERT vs MentalBERT — Confusion Matrices
Code Listing A.17: Confusion Matrices — BERT and MentalBERT — Figure 5.2 
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps69.jpg] 
Code Listing A.17 — Side-by-side confusion matrices comparing BERT and MentalBERT predictions on the held-out test set. Figure 5.2 in Chapter 5.
Output:
BERT predictions found
MentalBERT predictions found
Figure saved: .../fig52_confusion_bert_mentalbert.png
Format: PNG | DPI: 300 | Size: 15x6 inches
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps70.jpg] 
 
 
 
 
 
 
 
  
[bookmark: _Toc232523508]Appendix A.13 — All 5 Models — Final Performance Table and Bar Chart
Code Listing A.18: All Models Final Performance — Table 5.3 and Figure 5.3 
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps71.jpg] 
COMPARISON
Code Listing A.18 — Combined performance table for all five models and grouped bar chart comparing Accuracy, Macro F1, and ROC-AUC. This is Table 5.3 and Figure 5.3 as referenced in Chapter 5.
Output — (Final Results): [image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps72.jpg]
	Model
	Accuracy
	Precision
	Recall
	F1-Macro
	F1-Weighted
	ROC-AUC

	Logistic Regression
	0.7896
	0.7975
	0.7897
	0.7923
	0.7912
	0.9486

	Random Forest
	0.7869
	0.7972
	0.7871
	0.7903
	0.7889
	0.9468

	SVM
	0.8040
	0.8068
	0.8055
	0.8059
	0.8044
	0.9525

	BERT
	0.7482
	0.7511
	0.7496
	0.7500
	0.7488
	0.9336

	MentalBERT
	0.7671
	0.7748
	0.7675
	0.7697
	0.7685
	0.9399


Best Performing Model per Metric: SVM (Accuracy, Precision, Recall, Macro F1, Weighted F1, ROC-AUC)
 
 
 

 
[bookmark: _Toc232523509]Appendix A.14 — McNemar's Test — BERT vs MentalBERT
Code Listing A.19: McNemar's Test — BERT vs MentalBERT (Notebook Cell 40)
[image: C:\Users\DELL\AppData\Local\Temp\ksohtml5512\wps73.jpg]Code Listing A.19 — McNemar's test comparing BERT and MentalBERT predictions to determine whether the performance difference is statistically significant.
Output:
McNemar Test — BERT vs MentalBERT
Contingency Table: [[768, 64], [85, 195]]
Chi statistic:  2.6846
P-value:        0.101325
Result: NOT significant (p > 0.05) — no significant difference between BERT and MentalBERT
 
 
[bookmark: _Toc232523510]Appendix B — Dataset Summary
Table B.1: Reddit Mental Health Dataset — Summary Statistics
	Attribute
	Value

	Source
	Publicly available Reddit mental health dataset (Kaggle / Zenodo)

	Initial rows
	5,957

	Columns
	4 (Unnamed: 0, text, title, target)

	Missing values (text column)
	350 rows (5.88%)

	Rows after cleaning
	5,556

	Classes
	Normal (0), Depression (1), Anxiety (2), Bipolar (3), Suicidal/PTSD (4)

	Train set size
	4,444 rows (80%)

	Test set size
	1,112 rows (20%)

	Split method
	Stratified random split (random_state=42)

	Label type
	Integer-encoded (0–4), already present in dataset

	Access
	Open-access, fully anonymised


[bookmark: _Toc232523511]Appendix C — Evaluation Metrics Reference
Table C.1: Evaluation Metrics Used and Their Definitions
	Metric
	Formula / Definition
	Why Used in This Study

	Accuracy
	Correct predictions ÷ total predictions
	Overall correctness benchmark

	Precision (Macro)
	Average precision per class
	Measures false positive rate per class

	Recall (Macro)
	Average recall per class
	Measures false negative rate per class

	Macro F1-Score
	Harmonic mean of precision & recall (unweighted average)
	Fair comparison across imbalanced classes

	Weighted F1-Score
	F1 weighted by class support
	Accounts for class frequency in scoring

	ROC-AUC (OvR)
	Area under ROC curve (One-vs-Rest, macro avg)
	Measures class separation quality probabilistically

	McNemar's Test
	χ² test on disagreement table between two classifiers
	Confirms statistical significance of performance differences


[bookmark: _Toc232523512]Appendix D — Software and Tools Reference
Table D.1: Full Software Stack Used in This Project
	Tool / Library
	Version (approx.)
	Purpose

	Python
	3.10+
	Core programming language

	pandas
	1.5+
	Data loading, manipulation, export

	NumPy
	1.23+
	Array operations and numerical processing

	NLTK
	3.8+
	Stopword removal, lemmatisation, tokenisation

	scikit-learn
	1.2+
	TF-IDF, model training, evaluation metrics

	HuggingFace Transformers
	4.x
	BERT and MentalBERT tokenisation and fine-tuning

	PyTorch
	2.x
	Deep learning training backend

	matplotlib / seaborn
	3.6+ / 0.12+
	All figures, charts, confusion matrices

	statsmodels
	0.13+
	McNemar's statistical significance test

	Google Colab
	—
	GPU-supported training environment

	VS Code + Jupyter
	—
	Local development and notebook execution

	GitHub / Google Drive
	—
	Version control and reproducibility





[bookmark: _Toc232523513]Appendix E — Model Hyperparameter Settings
Table E.1: Hyperparameter Configuration for All Trained Models
	Model
	Key Hyperparameters

	Logistic Regression
	C=1.0, solver=lbfgs, max_iter=1000, multi_class=multinomial

	SVM (LinearSVC)
	C=1.0, max_iter=2000, wrapped with CalibratedClassifierCV (cv=3)

	Random Forest
	n_estimators=200, min_samples_split=5, min_samples_leaf=2, class_weight=balanced

	TF-IDF Vectoriser
	max_features=15,000, ngram_range=(1,2), min_df=2, max_df=0.95, sublinear_tf=True

	BERT (fine-tuning)
	bert-base-uncased, epochs=3, optimizer=AdamW, lr=2e-5, linear scheduler, max_seq_len=128

	MentalBERT (fine-tuning)
	mental-health pretrained weights, epochs=3, optimizer=AdamW, lr=2e-5, same config as BERT

	Cross-Validation
	StratifiedKFold, n_splits=5, shuffle=True, random_state=42, scoring=f1_macro

	Train/Test Split
	80:20, stratified, random_state=42
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Figure 4.1: Development Environment and Toolchain Used for System Implementation
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print(DATASET LOADED SUCCESSFULLY™)
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print(--"+58)
print("BXPLORATORY DATA AUALYSIS")
print(--+r50)

# Missing values
print(F"\itissing Values: \n(df. isnul1() 5um())")
prant(F"\issing (£):\n{(dF. 15muL1()-sum()/len(dF)*169) rownd (2))")

# Taentisy text and label coluns
# - IWPORTANT: Update these colum names after rumning Ce11 4 ---

# Comon column names in Reddit nental heslth datasets

TEXLCOL = “cleantext’ & change if your dataset uses “post’, "content’, etc.
LABELCOL = "target”  # change iF your dataset uses ‘class’, ‘subreddit’, etc.

# Confirm columns exist
¢ TEXL_COL ot in df.coluans or LABELCOL ot n df columns:

print(F\nA  Column names mismatch!")

print(FAvailable columns: (1ist(df.colums))")

print(F"» Update TEXT_COL and LABEL_COL above to match your dataset.”)
exser

print(F\n M Text colum : *(TEXT.COL)"")

print(r" 8 Lobel column : *{LABEL.COL}")

print(F\1Class Distribution: \n(dfF(LABEL COL]..value_counts())")

print(F\ninique Classes : (4f[LABEL COL).unique())")

print(FTotal Classes  + (aFILAEL COL) .muniaue())")

'+ Update TEXT_COL and LABEL_COL above to match your dataset.
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Create TF-I0F features with proper Nak handling

 Convert.to pandas Series 1¢ nesded

16 ot Lsnstance(X_train, pa.Sertes):
X_train = pa.sertes(X train)
Xtest = pd.Serdes(X test)

o Mandle Nak values
PrARE(F"®, Before clesning - Train Nok: (X_train. smilL().sum)}, Test Nok: (X_test.isnull () .sum())")

4 Replace Nk vith enpty string
X train_clem - X train, Fllna(*)
Xtest_clean = X test. Filina )

# Comvert to string type
X_train_clem = X train_clem.astype(str)
XCtest_clean = X fest_clean.astype(str)

7506 Vectorszer
F16f = TriRectortzer(
man_features-aax_features,
neron_range=(1, 2),
in a2,
6055,
Subinear_teTrie
)
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# el 12 - sm
From sKlearn.svm iaport LinearsVC

#rom sklearn.callbration isport. CallibratedClassiiercy

from skleorn metrics import Classification_report, F1Lscore, accuracy_score
ieport. tine

print(CHOOEL 2: SV (LinearsVO)")
print(-=+s0)

Class_names = [ornal, “Depression’, “Anciety",

base_svm = LinearSVC(Cr1.0, max_iter-2009, randon.state-42)
Svm_odel. = CallbratedClassiiercy(bese_sva, <v=3)

start = tine.tise()

cv_scores_svm = cross_val_score(
‘o made1, X train idF, y_train,
ke, scoring1_sscro’, n_jobi-d

)

print(s75-Fola OV F1 (sacro)

print(s°cY Scores

{cv_scores_svm.mean():.46) + (cv_scores_svm.5td(): 46)%)
Ciroumd(s,z) for 5 in cv_scores_sw))")

Svm_model #1t(X train_Fidf, y_train)
Svm_preds = sun_model preaict (_test_triaf)
Svm_prona = sve_modelpredict_proba(X_test_tFidf)
Clapsed = tine.time() - stort

print(s™\aTest Accuracy  {accuracy_score(y_test, sva_preds): 46)")
print(rHacro 1 Pscorely_test, sim_preds, average='eacro'):.41)%)
print(s-Traning Tine : (elapsed: 26)s")
print(s™\Classiication Report:\a)
print (classification report(y_test, sva_preds,

“target_names-class_names, digits=d))
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print(""+50)

_mode1 = RandoaforestClossifier(
n_estinators-200,

Fancon, state2,
n_jobs=-1
)

start = tine.tine()
_scores_rf - crozs_val score(rf_model, X_train tFisf, y_train,

cveske, scoring="r1_nacro", n_jobs=1)
Print(F75-Fold OV FI (nacro) : {cv_scores_rf.mean():.46) + (cv_scores_rf.std():.46)")
print(CV Scores + {{rowd(s,4) for s in cu_scores_r1)°)

_model £5¢ (X train_teidf, y_train)
r_preds

print(¢\nTest Accuracy  (accuracy_score(y._test, rf_preds):.46)")
print(f*Training Tine Celapsed: 257)
print(F\nClassification Report:\n")
print (classification report(y._test, rf_preds,
target._nomes-le.classes_, digitss))
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import matplotlib as mpl
import warnings

warnings. filterwarnings("ignore”, message=".*findfont.*
mpl.rcParams[“font. family"] = "DejaVu Serif®

fig, axes = plt.subplots(1, 3, Figsize=(18, 5))
fig.suptitle(’Figure 4.1 — Confusion Matrices: Classical ML Models’,
fontsize=13, fontweight="bold', y=1.62)

models_info = [
(*Logistic Regression®, 1r_preds),
(*SVM (LinearSVC)',  svm preds),
(*Random Forest', rf_preds)

for ax, (name, preds) in zip(axes, models_info):
cm = confusion matrix(y_test, preds)
sns. heatmap(
m, annot=True, fat="d", cmap='Blues’,
xticklabels=le.classes_,
yticklabels-le.classes_,

ax=ax,
linewidths=0.5,
cbar=True

)

acc = accuracy_score(y_test, preds)

f1 = f1_score(y_test, preds, average='macro’)

ax.set_title(f' {name}\nAcc: {acc:.3f} | F1: {f1:.3f}',
fontweight="bold", fontsize=10)

ax.set_xlabel(*Predicted Label’)

ax.set_ylabel(*True Label')

ax.tick_params(axis="x', rotation=20)

plt.tight_layout()
save_path = os.path.join(IMAGES_PATH, 'figs_1_confusion matrices_classical.png’)

plt.savefig(save_path, bbox_inches="tight", dpi=150)
plt.show()
print(f"Figure saved » {save_path} #")
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Figure 4.3 — Classical ML Models: Performance Comparison.
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# — TOKENIZER + DATALOADERS
print(“\nLoading BERT tokenizer...")
tok = AutoTokenizer. from_pretrained(BERT_MODEL)

train_ds = MHDataset(X_train_text, y_train, tok, MAX_LEN)
test ds - MDataset(X_test_text, y_test, tok, MAX_LEN)

train_loader = Dataloader (train_ds, batch_size-BATCH SIZE,
shuffle=True,  num_workers-NU_ WORKERS,
pin_memory=True)

test_loader = Dataloader (test_ds, batch_size-BATCH SIZE,
shufflecralse, num_workers-NUM VORKERS,
pin_nemory=True)

print(f'Train batches : {len(train loader)} | Test batches: (len(test_loader)}")

# — MODEL — with gradient checkpointing
print("Loading BERT model...")
model = AutoModelForSequenceClassification. from pretrained(
BERT_MODEL,
num_labels=NUM_LABELS,
matched_sizessTrue

ignore_»

)

model..gradient_checkpointing enable() ¥ saves ~40% VR
model = model. to(DEVICE)

total_parans = sum(p.numel() for p in model.parameters() if p.requires_grad)

print(f"Parameters  : {total params/le6:.1f}i")

if torch.cuda. is_available().
Print(f"VRAN after load: (torch.cuda.memory_allocated()/1e9:.2f} G5")
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Classical ML Models

Figure 4.2 — ROC-AUC Gurves (Macro-Average)

Decp Learning Models (BERT / MentalBERT)
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weighted v 192
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5-rold v £ (macro) : 0.74% 1 0.0178

o Scores [7p-F1oatea(0.7554), p. Floatsa(0.7593), np.Floatsa(9.7632), np.floatsa(s.7149), np. Floates(0.7514)]
Test Accuracy 0.8

Training Tise e

Classification Report

precision  recall fi-score  support

tormal o omm ose 2
Depression o owes o
ety o) 0w oma 27
sipolar  © o7ee  ore o
suicidal . omws  omn 2
accuracy omms 19
nacro ave omo  oTms 19
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Classical ML Models Desep Learning Modsls (BERT / MentalBERT)
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TABLE 5.2 — MCNEMAR'S TEST: PAIRWISE MOOEL COMPARTSON

He: No significant difference between two classifiers
Reject W8 if p-value < 8.85

Logistic Regression vs SW
b=21, c=57
p-value = 8.880856 -+ ¥ Significant

Logistic Regression vs Random Forest
be47, c=74
p-value = 0.617730 - ¥ Significant

SWM vs Random Forest
b4, c=45
p-value = 8.421523 + X Not Significsnt

McMemar results saved -+ ./tableS_2 mcnemar_results.csv ¥

Model A Model B b (A BX) € (AX BY) p-value Result
0 Logstic Regression S 21 57 0000056 ¥ Signiicant
1 Logistic Regression Random Forest a7 74 0017730 ¥ Significant

2 ‘SVM  Random Forest 54 45 0421523  Not Significant
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© # Running this cell ONCE | comment out after first run
import subprocess, sys

"scikit-learn”,
"nltk",

“spacy”,
"wordcloud",
“imbalanced-learn"

1

for pkg in packages:
subprocess. check_call([sys.executable,

5 “pip", “install®, pkg, "-q°])
print("All libraries installed #")

e ALl libraries installed ¥
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inport. pandas 35 pd
inport matplotlib.pyplot 32 it

snport matplotiin
matplotlib.reparams[figure.dpi'] - 150
inport re

iaport o5

arings. i1t ruecnings(*igrore*)

nltk.download( stopuords, qulet=True)
itk dounlond(worénet, quiet-irue)
1tk downlond(cam 14", quiet-True)
rom nlck.stem agort Morduectematizer

from sklearn. feature_extraction.text import TFidfVectorizer T
from sklearn.preprocessing isport LabelEncoder
from sklearn.ensesble. inport. RandomforestClassifier.
rom sklearn 1inear_model inport Logistichegression
from sklearn.metrics Smport ¢

e

confuston_ matrix,

f1_score,

recall_score,

ConfusiontatrixDisplay
)

OATASET_PATH = r*content/drive /tyorive/ 25 Hental Heslth Detection/pratical/data to_be_cleanied. <oy
IWGES PATH - £ content/4rive - 1ve 5. Mental Heslth Detection/pratical/ naghs”
o makedir IAGES_PATH, exiat e Truc)

printCALL libraries imported W7)
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Gf = pd. read_czv(DATASET_PATH)

print(*="*50)
print("DATASET LOADED SUCCESSFULLY")
print("="*50)

print(f"Shape {df .shape}”)

prin (" Rows {df hape(0]:,)")
print(f"Columns {df . shape[1]}")
print(f*\nColumn Nemes : {1ist(df.coluans)}")

print(f*\nData Types: \n{df.dtypes)")
print(f*\aFirst 3 rows:")
df head(3)

DATASET LOADED SUCCESSFULLY

Shape (5957, a)
Rows. 5,957

Columns ia

Column Names  : [‘Unnamed: 0', text’, ‘title’, ‘target’]
Data Types:

text title target
) 0 Welcome to fidepression's checkin post-ap...  Regular checkin post, with information about .. 1
1 1 We understand that most people who reply immed... Our mostbroken and least-understood rues is 1

2 2 Anyone else just miss physical touch? | crave . | haven' been touched, or even hugged, in so 1
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© print(*="+s0)
print("EXPLORATORY DATA ANALYSIS®)

# Missing values
print(f"\nitissing Values:\n{af. isnull().sum()}")
print(f"\ntissing (%):\n{(df.isnu11().sum()/len(df)*100) .round(2)}")

# Tdentify text and label columns
# --- INPORTANT: Update these colum names after rumning Cell 4 ---

# Comnon column names in Reddit mental health datasets:

TEXTCOL = “clean_text” # change if your dataset uses 'post’, "content’, etc.
LABEL COL = “target’  # change if your dataset uses 'class’, 'subreddit', etc.

# Confirm columns exist
4F TEXT_COL not in df .columns or LABEL COL not in df.columns:
print(f"\nA  Column names mismatch:®)
print(f*Available columns: {list(df.colums)}")
print("> Update TEXT_COL and LABEL_COL above to match your dataset.

else:
print(¢"\n# Text colum : “{TEXT_COL}'")
print(¢"# Lobel column : '(LABEL COL)'")

print(£"\nClass Distribution:\n{df[LABEL COL].value_counts()}")
print(f*\nUnique Classes : {df[LABEL_COL).unique())")
print(f"Total Classes : {df[LABEL_COL].nunique()}")

EXPLORATORY DATA AMALYSTS

“Unnamed: 0", ‘text’, “title’, “target']
> Update TEXT_COL and LABEL_COL above to match your dataset.
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© import matplotlib.pyplot as pit
import. numpy a5 np
inport os

# SAVE DIR = IAGES_PATH (already defined in setup cell )

pLt.rcParans. update((
“font.fanily": "DejaVu Serif”,
xes. unicode_minus": False,
“Figure.dpi”: 300,
“savefig.dpi: 300,

»

CLASSNAMES = [*Normal’, “Depression’, *Amxiety,
Class_counts = [1058, 1199, 1085, 1072, 1142]
colors = ['#2686AB", '$AZ3872', 'SFISFOL, “HGASSAE, “#C7IEID']

Bipolar®, 'PTSD']

#ig, ax = pit.subplots(Figsize=(12, 6))
bars = ax.bar (CLASS_NAES, class_counts, color=colors,
‘edgecolor="black", Linewidth=1.2, alpha=0.85)

for bar, count in zip(bars, class_counts):
ax.text (bar.get_x() + bar.get_width()/2, bar.get_height() + 20,
" (count:,)", ha='center", vas'botton’
fontsize=11, fontweight="bold")

ax.set_title('Figure 3.1: Distribution of Mental Health Classes in Dataset’
fontsize=14, fontweight="bold", pad=20)

ax.set_xlabel("Fiental Health Condition’, fontsizes12)

ax.set_ylabel(‘lumber of Samples’, fontsizes12)

ax.set_y1in(0, max(class_counts) + 150)

ax.gridaxis="y", aloha=2.3, linestyle="—-')
ax.set_axisbelon(True)

total = sun(class_counts)

ax.text(0.96, 0.95, £'Total Samples: {total:,}",

transformeax. transixes, ha='right’, fontsize
bhox=dict (boxstyle="round, facecolor="uheat", alpha=0.5))

plt. tight_layout()

# M Colab-friendly path
save_path = os.path. Join(IMAGES_PATH, "fig3 1 class_distribution.png')
pIt. savefig(save_path, bhox_inches="tight', dpi=309, facecolors'hite’)
Pt show()

print(¢" @ Figure saved: {save_path}")
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Anport natplotlib as mpl
inport. natplotlis.pyplot s pit

inport. pandas 25 4

inport. rumpy a5 rp.

inport. o8

irport. warnings

warnings. F11teruarnings("sre”, messages”.*Findfont. ")

8 Font. settings (cptional, agar ervor de to coment kar do)
oy
L rcParans{“Font amily”] = “Defal Serié”
et

pass.
TEXUCOL = “text” (o5, Ctet’, “sentence’, “review’, etc.)
1F “clean_text’ not n of.columns:

print(" A clean text" colimn not found! Crasting 1t from criginal text colimn...")
G["clesn_text") = GFITEXTCDL] 8 Copy oripinal text

46" clean_text"] = GH{TEXT_COL]str.Lower().str.replace("[*WAs]", **, regeseTrue)

20 Length colums banso
#[origina1_len') = GFTTEXT_COL].apply b x: Len(str(x).5p1S%()))
[ cleanes Ten'] = of[‘cieon text"].apply(ianbas x: lenstr(x) .3pME()))

print(+s8)
PrARR(-TEXY LENGTH STATISTICS")

e descrise() .round(2))")
PrANt(s"\oCleaned text word count:\n(eF("cleaned_Len ] describe() .round(2))")

4 potting.

g, ames = pit.sbplots(l, 2, Fgsize=(as, &)

g suptitie( Figure 3.2 ~ Text Longth Distribution Before § After Preprocesing’,
fontstzent2, fontueights"sold’)

NAS(46{ orginsi_Len'], binss5d, colora’s215673", alphesd.?, edgecolora'black’)

e [1].Mst(OF[CLeaned Len'], bineesd, colars’BACAFSE", alphasd.7, adgecolore’black’)

aves(1) set_title("Clesnad Text Longtn’

1], et xdabel(ord Count”)

s3], et ylabel(Freuency’)

es1).sxvline (" clesned_len’).nedian(), color='red’, lnestyle-'-
Labelef e (6] cleancd_Len-medtin()86)°)

es1].logend()

Pl tigt Layout()

Save_path « o5 path. Jol(DMAGES_PATH, "+141_2_text_Length cistribution.pog)
PLE.Savetig (save_path, tbox_inchess"Lighe", dpleisd)
Print(\1M Figure soved: (save_path}")

except Eaception s e:
Print(e\na Could st save Figwe: (e

Pt shou()
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o5 makedirs (IMAGES_PATH, exist_ok=True)
save_path = os.path. join(INAGES_PATH, 'figd 2 text length_distribution.peg’)
PLE.saverig(save._path, bbox_inches="tight", dpi=150)
printffe*\n@ Figure saved: (save path) ]

except Exception s e:
print(\na Could ot save Figure: {e))

pIt. shou()
4 “clean_text’ colum not found! Creating it from original text column...

TEXT LENGTH STATISTICS
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8 Encode Labels
1e = Labelencoder()
GF[" 1abe)_encoded] = le.FAE_transform(eF(LABEL COL])

print("Label Encodtng:
R e e Ay
count = ([ Label_encoded’) == 1).sum()
prine(F* {1} - {cls:0} ({caunt:,} samples))

8 stratifsed 89/20 split
X = o[ "clean_text']
¥ = @[ Label_encoded’]

X_train, X_test, y_train, y_test = train test_split(
% %
test_stze=0.29,
randon_statessz,
stratifyey

print(s*\iTratn/Test Splat (89720 Stratified):”)
print(s" Training samples : {len(X_train)
print(s" Testing samples :

8 Verity stratification
PPARE(#"\nClass dlstribution 1n TRAIN set:")

‘train_gist = pd.Series(y_train).map(cict(emmeratele.classes ) )).value_comts()
print(tratn_dist)

PrARt(s"\nClass distribution in TEST set:")
test_dist = pd.Serdes(y_test).asp(dict (enumerstele. classes_)) .value_counts()
print(test_dist)
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from kleaen.featire_extraction.text. isgort TFidRectorizer
inport mmpy 35 10
inport pandas 35 14

et create_tH10f_festures(X_trai, X_test, man_festures=15000)

Creste TF-10F festures wdth proper o handling

 Comert o pandas Series 55 nesded

55 ot tsinstance(X train, pa.Series):
X train = pdSeries K train)
Ktest = pa.Serles 1 test)

Wi o values

PrAn(# Before Clesning - Train Kok (K tratn. Sl .sum()), Test N (X tost.Lsnuld ) sum)))

L ——
X tratn clem - X train ilina(
Xtest Clean - X test. Filloag )

# Comert to string type
X train clem - X train clem.astype(str)
XCtest_cloan = X_test_clean. astypa(str)

o 75-106 ectorizer
1t = TeLomectortzen(
e festurcscmas_estores,
e a1, 2),
ey
bitnear therrie
)

53¢ and tramstorn
X train_tALGF « thier. it transforn(X_train clesn)
XCtest_ T8 « tFief tranasoradx.tost_clesn)

Prine(ocsbutory size - {len(tFidF.vocalary_)
BrABE(FTraln matrix shape - (X train_tHiot hape) )
PrA(FTest matrix shape - (Xtest_tfiet.shape) )
prine(#Sparsity (100 4 11 - X train_t#166.omz / (X train_t416¢.shape(O] * X train_t416f.shape(1])):-26)5")

return X train_tFiof, X test 010, teiot

X train t6167, X_test_L746%, 6465 vectorizer = creste_ tFL6f_features(X train, X test)

2 S top features
festure ames + tFL6F_vectorszer.gt_festure_names o)
mean_ 4146 = np.asarray(X traia 147 mean(axks-0)) - Flatten()
Topindices - sasn 1108, argrortO[-0:)[1:-1]

prise(#\n Top 20 TF-I0F Festures:)
For 3, 30 1n somerate(top ndices, 1):
PrAne(e (1:2). {Feature name10x]:30) {msan £FS4FL30): 4F)")
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= Before cleaning - Train Na: 288, Test Nak: 62

TF-IDF FEATIRE EXTRACTION SUCCESSFUL ¥

Vocabulary size 15,008
Train metrix shape : (4765, 15008)
Test matrix shape  : (1192, 15000)
Sparsity 59.05%
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© scELn-sw
#ron sklearn.sva inport LinearSUC
#ron sklearn.calibeation inport CalibratedClassifiercy
#ron silesrn.netrics mport classification report, f1_score, accuracy_score
inport. tine

print(="+58)

PrANt("MODEL 2: SWH (Linearsvc)”)

print("="+s8)

Class_names = ["Mormal’, "Depression’, “Anciety’, "Suleidal’, *Stress']

base_svm = LinearSVC(C-1.8, max_iter=2008, random state=i2)
svn_model = CalibratedClassifiercV(base s, cv=3)

start = tine.tine()

ov_scores_svm = cross_val_score(
svm_nodel, X_train_tfidf, y_train,
cveskf, scoring="f1_necro’, n_jobs=1

)
PrARL(F"5-Fold CV F1 (macro) : {cv_scores_svm.mean():.8F) + {cv_scores_s\
PrARL(F"CY Scores. © {[round(s,4) for s in cv_scores_sm]}")

sta():.46)°)

svi_model  FLt(X_train_tF16F, y_train)
svm_preds = sva_model_predict(X_test_tfidf)
svm_proba = sva_model.predict_proba (X_test_tfidf)
elapsed = tine.tine() - start

Print(#"\iTest Accuracy : {aceuracy_scorely_test, sva_preds):.46)")
print(Hacro F1 (F1_score(y_test, svm_preds, average=-nacro’):.46)")
Print("Training Tine - {elapsed:.26)s")
print(F"\nClass#ication Report:\n")
print(classification report(y_test, sva_preds,

‘target_namessclass_names, digits=3))
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print("="+58)
PrARt("MODEL 3: RANDOW FOREST")
print("="+s8)

% _ode] = RandosForestClassifler(
n_estinators=200,
max_depthelicne,
min_samples_splitss,
min_samples_leaf=2,
Class_weight="balanced’,
randon_state=£2,
n_jobs=-1

)

start = tine.tine()
cv_scores_rf = cross_val_score(rf_nodel, X_train_tfidf, y train,

cveskf, scoring='f1_sacro’, n_jobs=-1)
PART(F"5-Fold CV F1 (macro) : {cv_scores_rf.nean():.4f) ¢ {cv_scores_rf.std():.46)")
PrARK(F°CV Scores + {[round(s,4) for s in cv_scores_rf]}")

rf_nodel. FAE(X_train_tFidf, y_train)

rf_preds = r_nodel. predict (_test_tfidf)

¥ _proba = r_modelpredict_proba(X_test_tfidf)
elapsed = tine.tine() - start

prARt(F*\nTest Accuracy © {accuracy_score(y_test, rf_preds):.46)")
peAnt(+"Training Tine : {elapsed: .2F)s")
PrARL(F*\nClass f1cation Report:\a”)
print(classiication report(y_test, rf_preds,
‘target_namessle.classes_, digits=s))
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© imort mtplatiin 3z m
Lnpart sarntngs

warnings. FL1tersarmings (“ignore”, messages’. Findfont. ")
ol rcParams[-font. amily"] = “Defaly Serss

g, wxes = plE.subplots(s, 3, Flgstzen(1s, 5))
g suptitie( Figure 4.1~ Confusion Matrices: Classical M. Model
fontsize-t3, fontveights"bold’, ye1.e2)

models_info = [
(Logistic Regression’, 1r_preds),
(S (Linearsic), | sve_preds),
(Random forest’, | rf_preds)
1

or ax, (name, preds) 1n zip(snes, models_info):

it tight Lot}
Save_path = o path. Sl (CAMGES.PATH, 1543 contus o, satrices_clasical ")
I sovetta(savepath, thoe_inchess” 1gh, dpietsn)

pit. show()

print(Frigure sov - {save path) @°)
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B 1r_proba crested successfully

TABLE 5.1 — CLASSICAL ML WODELS: PERFORMANCE WETRICS SUMWARY

Model Accuracy Precision Recall Fi-Macro Fl-Meighted ROC-AX
0.7518
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=
print(10: Mo signiticant aifference betueen o classifiers”)
prine(“Reject W 1 preslve < 8.95°)

prine(--oven)

Mok e these exta. befors rmng this cell:
B 3 prai, s preds, ¥ preds, y. 105t

model_preds_etct - (
“ogistic Regresston': 1r_prete,
S om_preds,
s Forest': et press

)

Y.true = mp.aerayly_test)

odel_ames = 115t (nte)_rds_ct Jeys )
cremar pesutts = [1

for 1 1 range(len(node pames)):
for 3 in range(L + 1, den(model_nmes))
e = mock1rames(s]
e soger_names(3]
I = np.arvay(aade_pes ict(un_sane))
52 = 1. arvay(nade e ice(s2_sare))

(5 = y_true) 8 (52 1o y_trom))
2 (P 1e Y true) & (2 = 3 true))

), (c, o)
resule = mchema (table, exactTrie)

print(s-\e(at_some) vs {2 sane)")
)
Brint(s" p-vslie - {remlt.palie:.of) < (stgrieicant)’)
chenseof = po.DutaFram (scneeresults)
Cov_path = o path. Joln(IMRGES_PATH, b1 2. screnar_resultsc5v')
chamar. o7 5 €ov(cbu_path, indentse)

Prdnt(\cnar cesults savd < {covputh)
prrer—
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TABLE 5.2 — MNEMAR'S TEST: PAIRWISE MODEL CONPARISON

HO: No significant difference between tuo classifiers
Reject KB 1f p-value < 0.85

Logistic Regression vs SW
be21, cx57
p-value = 0.000056 + ¥ Signifieant

Logistic Regression vs Random Forest
bes7, c74

pvalue = 0.017738 + ¥ Significant

S vs Random Forest
besd, cads
p-value = 0.421523 ~ X Mot Significant

MeMenar: results saved +

/tables_2 mcnenar_results.csv @

Model & Model B b (A/ BX) ¢ (AX BY) p-value Result
0 Logitic Regression swm 2 57 0000050 ¥ Significant
1 Logitic Regression Random Forest a7 74 0017730 @ Signicant

2 SUM_ Random Forest 54 45 0421523 - Not Signifcant
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inport matplotlib.pyplot as plt
© imort os

SAVE_DIR = r*/content/drive/WOrive/25 Mental Mealth Detection/pratical/insges™
©s.nakedirs (SAVE_DIR, exist_oksTrue)

¥ Professional style

# Professional style

Pt reParams update((
“font.fanily": “Dejavu Serif”,

»

¥ Use actual bert_history (no sample data)
epochs = range(1, len(bert_history|“train_loss']) + 1)

#1g, axes = plt.subplots(1, 2, Figsize=(14, 5))
#1g.suptitle("Figure 5.1: BERT Training Dynamics — Loss and Perfornance Netrics',
fontsize-1s, fontueights"bold’, ye1.62)

¥ Left: Loss curves

axes[o].plot(epochs, bert history|'train loss'], “b-o’, linewddthe2,
markersize=s, labels'Training Loss', color="§263645°)

axes[o].plot(epochs, bert history|'vel_loss'], ‘r-s’, linewidth=,
markersize=s, labels'Validation Loss, color=’$CTIELD")

axes[o]. set_xlabel("Epoch’, fontsize=11, fontweight="nediis’)

set_ylabel("Cross-Entropy Loss’, fontsizesil, fontuelghts'sediin’)

set_title("Loss Convergence’, fontsizes12, fontueight='bold’)

legend(loca"wpper right”, frameonsTrue, fancyboxsTrue)
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