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Abstract 

The detection and classification of mental health conditions present considerable challenges 

due to the variability of symptoms and the complexity of integrating diverse data sources. 

This study aims to enhance the precision and reliability of mental health detection by 

leveraging artificial intelligence techniques. Using a dataset comprising textual data from 

social media posts and behavioral data from wearable sensors, we developed and evaluated 

multiple models, including traditional machine learning approaches such as Random Forest, 

alongside advanced deep learning architectures like Long Short-Term Memory (LSTM). The 

models' performances were assessed using metrics such as accuracy, precision, recall, F1-

score, and ROC-AUC score. The experimental results demonstrated that deep learning 

models significantly outperformed traditional methods, with the LSTM achieving an 

accuracy of 93% and the Random Forest reaching 73%, supported by an AUC of 0.7228 for 

the latter. These findings indicate a substantial improvement in diagnostic performance, 

suggesting that AI-based systems can play a pivotal role in reducing diagnostic errors and 

enhancing the efficiency of mental health detection. Implemented with Streamlit 5.6, the 

system offers a user-friendly interface, with proposed enhancements including additional data 

modalities and clinical scalability. Implications for healthcare include improved early 

intervention and personalized care, paving the way for integrating AI into mental health 

workflows. 

Keywords: Mental Health Detection, Artificial Intelligence, Deep Learning, Machine 

Learning, LSTM, Random Forest, Multimodal Data, Accuracy, Precision, F1-Score, 
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Résumé 

La détection et la classification des troubles de santé mentale présentent des défis 

considérables en raison de la variabilité des symptômes et de la complexité de l'intégration de 

sources de données diverses. Cette étude vise à améliorer la précision et la fiabilité de la 

détection des troubles de santé mentale en exploitant des techniques d'intelligence artificielle. 

À l'aide d'un ensemble de données comprenant des textes issus de publications sur les réseaux 

sociaux et des données comportementales provenant de capteurs portables, nous avons 

développé et évalué plusieurs modèles, incluant des approches d'apprentissage automatique 

traditionnelles telles que la Random Forest, ainsi que des architectures avancées 

d'apprentissage profond comme le Long Short-Term Memory (LSTM). Les performances des 

modèles ont été évaluées à l'aide de métriques telles que l'exactitude, la précision, le rappel, 

le score F1 et le score ROC-AUC. Les résultats expérimentaux ont démontré que les modèles 

d'apprentissage profond surpassent significativement les méthodes traditionnelles, avec le 

LSTM atteignant une exactitude de 93 % et la Random Forest atteignant 73 %, soutenue par 

une AUC de 0,7228 pour cette dernière. Ces résultats indiquent une amélioration substantielle 

des performances diagnostiques, suggérant que les systèmes basés sur l'IA peuvent jouer un 

rôle clé dans la réduction des erreurs diagnostiques et l'amélioration de l'efficacité de la 

détection des troubles de santé mentale. Implémenté avec Streamlit 5.6, le système offre une 

interface conviviale, avec des améliorations proposées incluant des modalités de données 

supplémentaires et une évolutivité clinique. Les implications pour les soins de santé incluent 

une intervention précoce améliorée et des soins personnalisés, ouvrant la voie à l'intégration 

de l'IA dans les flux de travail en santé mentale. 

Mots-clés: Détection de la santé mentale, Intelligence artificielle, Apprentissage profond, 

Apprentissage automatique, LSTM, Random Forest, Données multimodales, Exactitude, 

Précision, Score F1, AUC, Intégration clinique 
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 ملخص

لبيانات تشكل كشف وتصنيف حالات الصحة العقلية تحديات كبيرة بسبب التباين في الأعراض وتعقيد دمج مصادر ا

الذكاء تقنيات  المتنوعة. تهدف هذه الدراسة إلى تعزيز الدقة وموثوقية كشف حالات الصحة العقلية من خلال استغلال

لوكية من الاصطناعي. باستخدام مجموعة بيانات تتضمن نصوصًا من منشورات وسائل التواصل الاجتماعي وبيانات س

خضع للتقييم عدة نماذج، تشمل نهج التعلم الآلي الت ُُ ُ  Random قليدي مثلأجهزة الاستشعار القابلة للارتداء، طُور وأ

Forestلمتقدمة مثل، إلى جانب معماريات التعلم العميق ا Long Short-Term Memory (LSTM). أداء  تم تقييم

لتجريبية أن ا. أظهرت النتائج ROC-AUC ، ودرجةF1 النماذج باستخدام مقاييس مثل الدقة، الدقة، الاستدعاء، درجة

%، 73 إلى Random Forest % ووصلت93دقة  LSTM نماذج التعلم العميق تفوق بكثير الطرق التقليدية، حيث حقق

شير إلى أن للأخيرة. تشير هذه النتائج إلى تحسن كبير في الأداء التشخيصي، مما ي 0.7228تبلغ  AUC مدعومة بـ

ين كفاءة كشف الأنظمة القائمة على الذكاء الاصطناعي يمكن أن تلعب دورًا محورياً في تقليل أخطاء التشخيص وتحس

ع مقترحات لتحسينات ، مما يوفر واجهة مستخدم ودودة، مStreamlit 5.6 حالات الصحة العقلية. تم تنفيذ النظام باستخدام

التدخل المبكر  تشمل إضافة طرق بيانات إضافية وتوسعة الاستخدام السريري. تشمل الآثار على الرعاية الصحية تحسين

 .والرعاية الشخصية، مما يمهد الطريق لدمج الذكاء الاصطناعي في سير العمل الصحي العقلي

، LSTM ،Random Forestكشف الصحة العقلية، الذكاء الاصطناعي، التعلم العميق، التعلم الآلي،  :كلمات المفتاحيةال

 ، التكامل السريريF1 ،AUC البيانات متعددة القنوات، الدقة، الدقة، درجة
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Chapter 1: Introduction 

 1.1 Context and Motivation 

 Mental health disorders (e.g., depression), including anxiety and other psychological 

conditions, represent a major global public health challenge, affecting millions across all age 

groups. These disorders, particularly depression, not only diminish individuals’ quality of life 

but also impose significant economic and social burdens. The rising prevalence of these 

conditions underscores the urgent need for effective diagnostic solutions to enable early and 

tailored interventions. Early detection and accurate classification of mental health disorders 

(e.g., depression) are critical for improving treatment outcomes. Textual data from social 

media and behavioral data captured by wearable sensors provide valuable insights, yet 

manual analysis is time-consuming and prone to errors. Automated tools capable of reliably 

identifying these indicators are therefore essential to facilitate rapid and personalized 

interventions. Artificial intelligence (AI), particularly deep learning and machine learning, 

offers transformative potential to overcome the limitations of traditional detection methods 

for mental health disorders (e.g., depression). These technologies enable the analysis of 

multimodal data with enhanced precision, providing new opportunities in contexts where 

specialized expertise is scarce. An AI-based system could democratize access to mental 

health diagnostics, promoting swift and effective interventions on a global scale. 

 1.2 Problem Statement 

 Current approaches to detecting and classifying mental health disorders (e.g., depression) 

face several obstacles that undermine their effectiveness: 

 • Variability of Symptoms: Mental health manifestations, such as those of depression, vary 

widely among individuals, making complex identification and subject to divergent 

interpretations. 

 • Reliance on Human Expertise: Diagnoses often depend on subjective assessments by 

professionals, leading to inter-observer inconsistency. 
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• Data Limitations: Textual and behavioral data may contain noise or biases, and limited data  

volumes in certain populations complicate analysis. 

 • Access to Resources: Unequal access to advanced analytical technologies and specialists 

restricts early diagnostics, particularly in underdeveloped regions. 

 • Data Management: The exponential growth of mental health data poses challenges in 

storage, processing, and interpretation, necessitating scalable solutions. These challenges 

highlight the need for innovative approaches like AI to address the shortcomings of 

conventional methods, laying the groundwork for the chapters that follow. 

 1.3 Objectives of the Study 

 This study aims to develop and validate an AI-based system for the automated detection and 

classification of mental health disorders (e.g., depression) using multimodal data. Specific 

objectives include: 

1. Designing an automated system integrating deep learning and machine learning techniques 

to analyze textual and behavioral data. 

2. Facilitating access to accurate and rapid diagnostics, especially in regions with limited 

mental health resources. 

3. Contributing to improved healthcare by providing healthcare professionals with reliable 

tools for optimal patient management. 

 1.4 Research Questions 

 The research will address the following questions: 

 • How can artificial intelligence enhance the precision and speed of mental health disorder 

(e.g., depression) detection? 

 • What are the primary barriers to effectively integrating AI into routine clinical practices for 

mental health disorders (e.g., depression)? 
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 • How does the variability of multimodal data influence the performance of AI models for 

mental health disorders (e.g., depression)? 

 1.5 Scope and Limitations 

 This section examines factors that may affect the study’s outcomes: 

 • Quality and Quantity of Data: Model performance depends on the quality and diversity 

of training data. Insufficient volume or noisy data could limit effectiveness. 

 • Data Representativeness: Datasets must reflect a variety of populations and contexts to 

ensure model generalizability for mental health disorders (e.g., depression). 

 • Technical Resources: Implementing deep learning models requires significant 

computational resources, potentially restrictive in low-budget environments. 

 • Expert Annotations: Model accuracy relies on reliable annotations, and errors in these 

data could compromise results. 

 • Complexity and Interpretability: Complex models may lack transparency, posing 

challenges for adoption in medical contexts requiring explanations for mental health 

disorders (e.g., depression). 

 • Ethics and Regulation: AI use in sensitive applications must comply with strict ethical 

and legal standards, including patient data confidentiality and informed consent. 

 These limitations underscore the need for a cautious approach in applying the findings.  

1.6 Thesis Structure  

This thesis is organized into seven main chapters, each contributing to the study of automated 

mental health disorder (e.g., depression) detection using AI:  

• Chapter 1: Introduction: Provides the context, motivations, objectives, research questions, 

limitations, and structure of the thesis.  
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• Chapter 2: An Overview of Depression — Clinical Perspectives and Diagnostic 

Challenges: Examines the clinical understanding of depression and the inherent challenges in 

its diagnosis.  

• Chapter 3: State of the Art and Historical Overview of Artificial Intelligence for 

Depression Diagnosis: Reviews existing research and historical developments in AI 

applications for depression detection.  

• Chapter 4: Conceptual Study: Outlines the theoretical framework and proposed models for 

mental health detection.  

• Chapter5: Methodology: Details the research design, data collection, preprocessing 

methods, and evaluation strategies.  

• Chapter 6: Implementation: Describes the system architecture, tools utilized, and the user 

interface developed with Streamlit 5.6.  

• Chapter 7: Results and Further Enhancement: Presents the model performance, analyzes 

outcomes, proposes improvements, and discusses future directions.  

This structure offers a logical progression, preparing the ground for in-depth exploration and 

practical applications. 
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Chapter 2: An Overview of Depression — Clinical Perspectives 

and Diagnostic Challenges 

Introduction 

Depression, a pervasive mental health disorder, represents a significant global health 

challenge due to its high prevalence, substantial morbidity, and profound impact on quality of 

life. As a critical foundation for this thesis, which explores the application of artificial 

intelligence (AI) in depression diagnosis, this chapter provides a comprehensive overview of 

depression from clinical and diagnostic perspectives. It delineates the definitions, symptoms, 

and diagnostic criteria of depression, examines its biological, psychological, and social 

underpinnings, analyzes its epidemiological profile, and addresses the complexities inherent 

in its diagnosis. By establishing a thorough understanding of depression, this chapter sets the 

stage for subsequent discussions on AI-driven diagnostic advancements. The objectives are to 

elucidate the clinical nature of depression, highlight diagnostic challenges, and underscore 

the need for innovative diagnostic tools. 

2.1 Understanding Depression — Definitions, Symptoms, and Diagnostic 

Criteria 

Definition 

Depression, clinically termed Major Depressive Disorder (MDD) or related conditions, is 

characterized by persistent low mood, diminished interest in activities, and a constellation of 

emotional, cognitive, and physical symptoms. According to the Diagnostic and Statistical 

Manual of Mental Disorders (DSM-5), a diagnosis of MDD requires at least five symptoms 

persisting for a minimum of two weeks, with at least one being either depressed mood or 

anhedonia (loss of interest or pleasure) [1]. The International Classification of Diseases 

(ICD-11) similarly emphasizes core symptoms but allows flexibility in symptom count [2]. 
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Symptoms 

Key symptoms include: 

 Persistent sadness, emptiness, or irritability 

 Anhedonia or loss of interest in previously enjoyable activities 

 Significant changes in appetite or weight 

 Sleep disturbances (insomnia or hypersomnia) 

 Psychomotor agitation or retardation 

 Fatigue or reduced energy 

 Feelings of worthlessness or excessive guilt 

 Impaired concentration or indecisiveness 

 Recurrent thoughts of death or suicidal ideation 

Diagnostic Criteria 

Key definitions: 

 DSM-5 (Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition): 

Published by the American Psychiatric Association, the DSM-5 is a standardized 

classification system used primarily in the United States for diagnosing mental disorders. It 

provides criteria for disorders like Major Depressive Disorder (MDD), requiring at least five 

symptoms (e.g., depressed mood, loss of interest, sleep disturbances) present for at least two 

weeks, with at least one being depressed mood or anhedonia. It’s widely used by clinicians 

and researchers to ensure consistent diagnosis across settings. [3] 

 ICD-11 (International Classification of Diseases, 11th Revision): Developed by the World 

Health Organization, ICD-11 is a global standard for classifying diseases, including mental 

disorders. For depression, it defines conditions like single-episode depressive disorder and 

recurrent depressive disorder, emphasizing symptoms like persistent sadness, loss of interest, 

and fatigue lasting at least two weeks. Unlike DSM-5, it’s used internationally, including for 

health statistics and insurance purposes, and is more integrated into general medical practice. 

[4] 

 PHQ-9 (Patient Health Questionnaire-9): A nine-item self-report screening tool designed to 

assess the severity of depression based on DSM criteria. It evaluates symptoms like low 

mood, anhedonia, and suicidal thoughts over the past two weeks, with scores ranging from 0 
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to 27 (higher scores indicate greater severity). It’s widely used in primary care and research 

for screening, diagnosing, and monitoring treatment response. [5] 

 BDI-II (Beck Depression Inventory, Second Edition): A 21-item self-report questionnaire 

developed by Aaron T. Beck to measure the severity of depression. It assesses emotional, 

cognitive, and physical symptoms (e.g., sadness, guilt, fatigue) over the past two weeks, with 

scores from 0 to 63. Higher scores reflect more severe depression. It’s used in clinical and 

research settings, particularly for tracking symptom changes over time. [6] 

Depression manifests in various subtypes, including: 

 Major Depressive Disorder (MDD): Severe, episodic depression meeting DSM-5 criteria. 

 Persistent Depressive Disorder (Dysthymia): Chronic, milder symptoms lasting at least two 

years. 

 Bipolar Depression: Depressive episodes within bipolar disorder. 

 Seasonal Affective Disorder (SAD): Depression linked to seasonal light changes. 

 Postpartum Depression: Occurring post-childbirth, affecting parents. 

Diagnosis relies on clinical interviews, patient self-reports, and standardized tools such as the 

Patient Health Questionnaire (PHQ-9) or Beck Depression Inventory (BDI-II). However, 

reliance on subjective reporting introduces variability, necessitating rigorous diagnostic 

frameworks. 

Aspect DSM-5 ICD-11 

Duration ≥2 weeks ≥2 weeks 

Core Symptoms 
Depressed mood or 

anhedonia 

Depressed mood, anhedonia, 

or reduced energy 

Total Symptoms ≥5 symptoms ≥4 symptoms 

Functional Impact 
Significant distress or 

impairment 
Impacts daily functioning 

Exclusions 

Not due to substances, 

medical conditions, or 

bereavement 

Not better explained by other 

conditions or substances 

Table 1: Comparison of DSM-5 and ICD-11 Criteria for Major Depressive Disorder 
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2.2 Depression — A Psychological and Medical Perspective 

Depression is best understood through the biopsychosocial model, which integrates 

biological, psychological, and social factors. 

 Biological Perspective: Neurobiological research highlights dysregulation of monoamine 

neurotransmitters (serotonin, dopamine, norepinephrine) as a key factor [7]. Functional 

neuroimaging reveals altered activity in the prefrontal cortex, amygdala, and hippocampus 

[8]. Genetic studies estimate heritability at 30-40%, with polygenic risk scores identifying 

vulnerability [9]. Dysregulation of the hypothalamic-pituitary-adrenal (HPA) axis, leading to 

elevated cortisol, is also implicated in stress-related depression [10]. 

 Psychological Perspective: Cognitive theories, such as Beck’s Cognitive Triad, suggest that 

negative schemas about the self, world, and future drive depressive symptoms [11]. 

Behavioral models, like Lewinsohn’s, emphasize reduced environmental reinforcement or 

learned helplessness [12]. Psychodynamic approaches highlight unresolved conflicts or 

attachment issues from early life as contributors [13]. 

 Social Perspective: Social determinants, including poverty, unemployment, trauma, or social 

isolation, significantly increase depression risk [14]. Cultural factors influence symptom 

expression, with somatic complaints (e.g., pain, fatigue) more prominent in non-Western 

populations [15]. Gender disparities, with women at higher risk, may reflect social pressures 

or hormonal influences [16]. 

This multidimensional framework underscores the need for holistic diagnostic and treatment 

approaches, informing the potential role of AI in integrating diverse data sources. 

2.3 Depression — Epidemiology, Symptoms, and Diagnosis 

Depression is a leading cause of global disability, affecting over 264 million people and 

contributing to significant economic and social burdens [17] 

. Epidemiological data reveal: 

 Prevalence: Approximately 4.4% of the global population, with higher rates in women 

(5.1%) than men (3.6%) [18]. 
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 Age Distribution: Peak onset occurs in young adulthood (20-30 years), though late-life 

depression is common due to comorbidities [19]. 

 Geographic Variation: Low- and middle-income countries face higher burdens due to 

limited mental health infrastructure. 

Diagnosis typically involves: 

 Clinical Assessment: Structured interviews (e.g., Structured Clinical Interview for DSM-5) 

and clinician observations. 

 Screening Tools: PHQ-9, BDI-II, or Hamilton Depression Rating Scale (HDRS) quantify 

symptom severity. 

 Diagnostic Challenges : 

 Subjectivity: Self-reports are susceptible to recall bias or stigma-related underreporting. 

 Cultural Variability: Non-Western patients may prioritize somatic symptoms, complicating 

standardized assessments [20]. 

 Access Barriers: Only 1 in 5 individuals in low-resource settings receives adequate mental 

health care [17]. 

These challenges highlight the need for objective, scalable diagnostic tools, such as AI-based 

systems, to enhance accuracy and accessibility. 

2.4 Clinical Overview of Depression and Its Diagnostic Complexity 

The diagnosis of depression is fraught with complexity due to its heterogeneous presentation 

and overlap with other disorders. Key issues include: 

 Differential Diagnosis: Depression must be distinguished from bipolar disorder, anxiety 

disorders, or adjustment disorders. Misdiagnosis of bipolar depression as MDD can lead to 

inappropriate treatment, such as antidepressants exacerbating mania [21]. 

 Comorbidities: Over 50% of MDD cases co-occur with anxiety disorders, substance use 

disorders, or chronic medical conditions (e.g., diabetes, cardiovascular disease), complicating 

symptom attribution [22]. 

 Heterogeneity: Patients exhibit varied symptom profiles, from cognitive (e.g., guilt) to 

somatic (e.g., fatigue), challenging standardized tools [23]. 
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 Cultural and Contextual Influences: Socioeconomic stressors or cultural norms shape 

symptom expression, requiring culturally sensitive diagnostic approaches [24]. 

Clinicians address these complexities through longitudinal assessments, collateral 

information (e.g., family reports), and integrated diagnostic tools. The advent of AI offers 

potential to analyze multimodal data (e.g., speech, text, behavior) to improve diagnostic 

precision, as explored in subsequent chapters. 

Conclusion 

This chapter has provided a detailed examination of depression, encompassing its clinical 

definitions, biopsychosocial underpinnings, epidemiological profile, and diagnostic 

challenges. Depression’s complexity, marked by subjective variability, comorbidities, and 

cultural influences, underscores the limitations of traditional diagnostic methods. These 

challenges necessitate innovative approaches, such as AI-driven tools, to enhance diagnostic 

accuracy and accessibility. By establishing a robust clinical foundation, this chapter paves the 

way for exploring AI’s role in revolutionizing depression diagnosis in the following chapters. 
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Chapter 3: State of the Art and Historical Overview of Artificial 

Intelligence for Depression Diagnosis 

Introduction 

The integration of artificial intelligence (AI) into mental health care, particularly for 

depression diagnosis, represents a transformative frontier in clinical practice. This chapter 

provides a comprehensive historical and state-of-the-art overview of AI applications in 

depression diagnosis, tracing their evolution from rudimentary systems to advanced machine 

learning and large language models. It examines the data modalities employed, the 

progression of AI models across generations, and the ethical and practical challenges of 

deployment. The objective is to contextualize AI’s role in addressing the diagnostic 

complexities outlined in Chapter 2, setting the foundation for the conceptual and 

methodological discussions in subsequent chapters. This analysis underscores AI’s potential 

to enhance diagnostic precision while highlighting areas for further development. 

3.1 Definitions  

Artificial Intelligence (AI) 

Artificial Intelligence refers to the development of computer systems that can perform tasks 

typically requiring human intelligence, such as reasoning, problem-solving, perception, and 

learning. AI encompasses a broad range of techniques, including machine learning, natural 

language processing, computer vision, and robotics, aimed at mimicking or augmenting 

human cognitive abilities. 
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Machine Learning (ML) 

Machine Learning is a subset of AI that focuses on enabling systems to learn from data and 

improve performance over time without being explicitly programmed. ML algorithms 

identify patterns in data to make predictions or decisions, used in applications like 

recommendation systems, fraud detection, and medical diagnosis. 

Figure1: Venn diagram of the components of Artificial Intelligence 

 

Types of Machine Learning 

ML is categorized into three main types based on the nature of the learning process: 

 Supervised Learning: Involves training a model on a labeled dataset, where each input is 

paired with an output. The model learns to predict outputs for new inputs. Examples include 

regression (predicting continuous values, e.g., house prices) and classification (predicting 

categories, e.g., spam detection). Common algorithms: Linear Regression, Logistic 

Regression, Support Vector Machines (SVM), and Neural Networks. 

 Unsupervised Learning: Deals with unlabeled data, where the model identifies patterns or 

structures within the data. Common tasks include clustering (grouping similar data points, 

e.g., customer segmentation) and dimensionality reduction (simplifying data, e.g., PCA). 

Common algorithms: K-Means Clustering, Hierarchical Clustering, and Principal Component 

Analysis (PCA). 
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 Reinforcement Learning: Involves an agent learning to make decisions by interacting with 

an environment, receiving rewards or penalties based on actions. The goal is to maximize 

cumulative reward over time. Used in robotics, game playing (e.g., AlphaGo), and 

autonomous systems. Common algorithms: Q-Learning, Deep Q-Networks (DQN), and 

Proximal Policy Optimization (PPO). 

 

Figure2:Machine Learning architecture 
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Deep Learning (DL) 

Deep Learning is a subset of ML that uses artificial neural networks with multiple layers 

(deep architectures) to model complex patterns in large datasets. DL excels in tasks like 

image recognition, natural language processing, and speech synthesis, leveraging vast 

computational power and data. It requires significant computational resources and large 

datasets compared to traditional ML. 

 

Figure3: Deep neural network architecture. 

Deep Learning Algorithms 

DL algorithms are based on neural network architectures, including: 

 Artificial Neural Networks (ANNs): Basic feedforward networks with input, hidden, and 

output layers, used for general prediction tasks. 

 Convolutional Neural Networks (CNNs): Specialized for processing grid-like data, such as 

images or time-series, using convolutional layers to extract spatial features. Widely used in 

computer vision (e.g., object detection, facial recognition). 
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 Recurrent Neural Networks (RNNs): Designed for sequential data, with connections that 

form cycles to retain memory of previous inputs. Used in time-series analysis and natural 

language processing. 

 Long Short-Term Memory (LSTM): A type of RNN (detailed below). 

 Generative Adversarial Networks (GANs): Consist of two models—a generator and a 

discriminator—trained simultaneously to generate realistic data (e.g., images, audio). 

 Transformers: Advanced architectures for sequential data, particularly in NLP (e.g., BERT, 

GPT). They rely on attention mechanisms to process input data in parallel, improving 

efficiency over RNNs. 

Long Short-Term Memory (LSTM) 

LSTM is a specialized type of RNN designed to model long-term dependencies in sequential 

data. It addresses the vanishing gradient problem in standard RNNs by using memory cells 

and gates (input, forget, and output gates) to selectively remember or forget information over 

extended time periods. LSTMs are used in tasks like speech recognition, language modeling, 

and time-series forecasting. 

 

Figure4: Long Short-Term Memory (LSTM) architecture 
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Random Forest 

Random Forest is an ensemble learning method used for classification and regression tasks. It 

constructs multiple decision trees during training, each on a random subset of the data and 

features, and aggregates their predictions (e.g., majority voting for classification, averaging 

for regression). It is robust, handles high-dimensional data well, and reduces overfitting 

compared to single decision trees. Applications include credit scoring, medical diagnosis, and 

feature importance analysis. 

 

Figure5: Random Forest architecture 
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3.2 Introduction to Artificial Intelligence in Mental Health 

AI encompasses computational systems that emulate human cognitive functions, such as 

learning, reasoning, and pattern recognition. In healthcare, AI has revolutionized diagnostics, 

treatment planning, and patient monitoring, with applications in radiology, oncology, and 

cardiology [25]. In mental health, AI’s emergence has been driven by the need for objective, 

scalable tools to address the subjective and resource-intensive nature of psychiatric 

assessments. 

AI applications in mental health include: 

 Diagnostic Support: Analyzing multimodal data (e.g., speech, text) to detect depression. 

 Predictive Modeling: Identifying individuals at risk of developing depression. 

 Therapeutic Interventions: Chatbots and virtual therapists for cognitive behavioral therapy 

(CBT). 

The adoption of AI in psychiatry reflects advancements in machine learning, natural language 

processing (NLP), and computer vision, enabling the analysis of complex behavioral and 

physiological data [26]. 

3.3 Evolution of AI Techniques in Depression Diagnosis 

The evolution of AI in depression diagnosis mirrors broader trends in AI development: 

 Rule-Based Systems (1980s-1990s): Early systems relied on expert-defined rules to interpret 

clinical data, such as symptom checklists. These systems were limited by their rigidity and 

inability to handle ambiguous cases [27]. 

 Machine Learning (2000s): The shift to data-driven approaches enabled models to learn 

patterns from labeled datasets. Techniques like Support Vector Machines (SVM) and Random 

Forests were used to classify depression based on survey or clinical data [28]. 

 Deep Learning (2010s-Present): Neural networks, particularly Convolutional Neural 

Networks (CNNs) and Recurrent Neural Networks (RNNs), have improved performance by 

capturing complex patterns in multimodal data (e.g., audio, video) [29]. Transformers, such 

as BERT, have further advanced NLP-based depression detection [30]. 
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This progression reflects increasing computational power, larger datasets, and algorithmic 

sophistication, enabling more accurate and generalizable models. 

3.4 Data Modalities Utilized in AI-Based Depression Detection 

AI systems leverage diverse data modalities to detect depression: 

 Textual Data: Social media posts, clinical notes, or transcribed speech provide linguistic 

cues (e.g., sentiment, word choice). NLP models analyze these for depressive language 

patterns [31]. 

 Audio and Speech Patterns: Acoustic features (e.g., pitch, tone, pauses) correlate with 

depression. Machine learning models process audio from interviews or voice diaries [32]. 

 Visual Data: Facial expressions, eye movements, and body language captured via video 

reveal behavioral cues. Computer vision models, such as CNNs, detect subtle indicators [33]. 

 Physiological Data: Wearable devices measure heart rate variability or sleep patterns, 

providing objective biomarkers [34]. 

Integrating multiple modalities enhances diagnostic accuracy but requires sophisticated 

feature fusion techniques. 
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3.5 Generational Progression of AI Models in Psychiatry 

AI models in psychiatry have evolved across three generations: 

Generation Approach Characteristics Examples 

First (1980s-1990s) Knowledge-Driven 
Rule-based, expert-

defined logic 

MYCIN, early 

diagnostic systems 

Second (2000s-

2010s) 
Data-Driven 

Machine learning, 

statistical pattern 

recognition 

SVM, Random 

Forests, early NNs 

Third (2010s-

Present) 
Hybrid 

Combines knowledge 

and data-driven 

methods 

BERT, hybrid RNN-

CNN models 

Table 2: Generations of AI Models in Psychiatric Diagnosis 

 

First-Generation: Knowledge-driven systems encoded expert rules but struggled with 

scalability and ambiguity [27]. 

 Second-Generation: Data-driven models learned from large datasets, improving flexibility. 

However, they required extensive feature engineering [28]. 

 Third-Generation: Hybrid approaches integrate domain knowledge (e.g., clinical guidelines) 

with data-driven learning, enhancing interpretability and performance [35]. 

3.6 Integration of Large Language Models (LLMs) in Depression Diagnosis 

LLMs, such as GPT and BERT, have transformed depression diagnosis by processing 

unstructured text with unprecedented accuracy. Applications include: 

 Sentiment Analysis: Detecting negative or depressive language in patient narratives [30]. 

 Conversational Agents: Chatbots engage patients to assess symptoms interactively [36]. 

 Clinical Note Analysis: Extracting diagnostic insights from electronic health records. 
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Advantages: 

 High contextual understanding 

 Scalability across languages and settings 

 Ability to handle nuanced expressions 

Challenges: 

 Computational resource demands 

 Risk of overfitting to training data 

 Ethical concerns (e.g., privacy, bias) [37] 

3.7 Ethical Considerations and Challenges in AI Deployment 

Deploying AI in depression diagnosis raises critical ethical issues: 

 Data Privacy: Patient data (e.g., social media, health records) must comply with regulations 

like HIPAA and GDPR [38]. 

 Algorithmic Bias: Models trained on non-representative datasets may misdiagnose 

underrepresented groups [39]. 

 Transparency: Black-box models hinder clinical trust. Explainable AI (XAI) is needed to 

clarify decision-making [40]. 

 Misdiagnosis Risk: Overreliance on AI could lead to errors, particularly in complex cases. 

Addressing these requires robust ethical frameworks, bias mitigation strategies, and clinician-

AI collaboration. 

3.8 Future Directions and Potential of AI in Mental Health Care 

Future advancements in AI for depression diagnosis include: 

 Personalized Diagnostics: Tailoring models to individual patient profiles [41]. 

 Real-Time Monitoring: Wearables and mobile apps for continuous assessment [42]. 

 Integration into Clinical Workflows: Embedding AI tools in electronic health systems. 

 Cross-Cultural Models: Developing AI that accounts for cultural variations in symptom 

expression. 
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Ongoing research focuses on multimodal fusion, ethical AI, and longitudinal studies to 

validate clinical efficacy. 

Conclusion 

This chapter has traced the historical and contemporary landscape of AI in depression 

diagnosis, highlighting its evolution from rule-based systems to sophisticated deep learning 

and LLMs. By leveraging diverse data modalities and hybrid models, AI offers significant 

potential to address diagnostic challenges. However, ethical concerns, including privacy, bias, 

and transparency, must be addressed to ensure responsible deployment. These insights 

provide a critical foundation for the conceptual, methodological, and implementation phases 

explored in subsequent chapters, emphasizing AI’s role in advancing mental health care. 

 

 

 

Figure6: how ai can improve the diagnosis of depression? 

 

 



34 
 

  

Chapter 4: 

Conceptual 

Study 



35 
 

Chapter 4: Conceptual Study 

Introduction 

The application of artificial intelligence (AI) to depression diagnosis necessitates a robust 

conceptual framework that integrates theoretical foundations, data processing methodologies, 

and ethical considerations. This chapter delineates the theoretical underpinnings of AI in 

mental health, explores conceptual models for depression detection, and examines the data 

sources, machine learning paradigms, and ethical challenges relevant to this domain. The 

objective is to provide a cohesive theoretical and conceptual basis for developing AI-driven 

diagnostic systems, bridging the clinical insights from Chapter 2 and the technological 

advancements outlined in Chapter 3. By synthesizing these elements, this chapter aims to 

establish a foundation for the methodological and implementation phases of the thesis, 

ensuring a comprehensive approach to AI-based depression diagnosis. 

4.1 Theoretical Foundations of Artificial Intelligence in Mental Health 

Artificial intelligence encompasses computational systems designed to emulate human 

cognitive processes, such as learning, reasoning, and pattern recognition. In mental health, AI 

leverages machine learning (ML), natural language processing (NLP), and neural networks to 

analyze complex behavioral and physiological data [43]. Key theoretical concepts include: 

 Machine Learning: ML algorithms learn patterns from data without explicit programming. 

Supervised learning predicts outcomes from labeled data, while unsupervised learning 

identifies patterns in unlabeled data [44]. 

 Natural Language Processing: NLP enables machines to interpret and generate human 

language, critical for analyzing patient narratives or clinical notes [45]. 

 Neural Networks: Inspired by biological neurons, neural networks process high-dimensional 

data (e.g., speech, images) through layered architectures, enabling complex pattern 

recognition [46]. 

These concepts underpin AI’s ability to detect depression by identifying subtle patterns in 

multimodal data, such as linguistic cues or behavioral markers, that may elude human 

clinicians. 
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4.2 Conceptual Models of Depression Detection 

Conceptual models provide frameworks for identifying depression through observable 

indicators. These models guide AI system design by defining how depression manifests and 

can be measured: 

 Cognitive-Behavioral Models: Based on Beck’s Cognitive Theory, these models posit that 

depression is characterized by negative cognitive biases (e.g., negative self-perception) 

detectable in language or behavior [11]. AI systems can analyze text or speech for negative 

sentiment or cognitive distortions. 

 Psychometric Frameworks: Tools like the PHQ-9 or Beck Depression Inventory quantify 

symptom severity through structured questionnaires. AI can automate scoring or enhance 

these tools by integrating additional data sources [47]. 

 Biomarker-Based Models: Depression is associated with physiological markers, such as 

altered heart rate variability or cortisol levels. AI models can incorporate these biomarkers 

alongside behavioral data for comprehensive analysis [48]. 

 Ecological Momentary Assessment (EMA): EMA captures real-time behavioral data (e.g., 

via smartphones), enabling dynamic monitoring of depressive symptoms [49]. 

These models provide a theoretical scaffold for AI systems, ensuring alignment with clinical 

understandings of depression. 

4.3 Data Sources and Feature Extraction in Depression Analysis 

AI-based depression detection relies on diverse data sources, each requiring specific feature 

extraction techniques to derive meaningful predictors: 

 Textual Data: Social media posts, clinical notes, or transcribed interviews provide linguistic 

features (e.g., sentiment, lexical density). NLP techniques, such as tokenization or sentiment 

analysis, extract features like negative word frequency [31]. 

 Audio Data: Speech patterns (e.g., pitch, pauses, speaking rate) correlate with depression. 

Signal processing extracts acoustic features like mel-frequency cepstral coefficients (MFCCs) 

[32]. 

 Visual Data: Facial expressions or body language captured via video reveal nonverbal cues. 

Computer vision extracts features like facial action units or gaze patterns [33]. 
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 Physiological Data: Wearables measure heart rate, sleep, or activity levels. Feature 

extraction focuses on variability metrics or temporal patterns [34]. 

Feature engineering is critical to reduce noise and enhance model performance, often 

involving dimensionality reduction (e.g., PCA) or feature selection algorithms. 

4.4 Machine Learning Paradigms for Mental Health Applications 

Machine learning paradigms shape the design of AI systems for depression diagnosis: 

 Supervised Learning: Models like Support Vector Machines (SVM) or Random Forests 

classify depression using labeled datasets (e.g., depressed vs. non-depressed) [28]. These are 

effective for structured data but require large, labeled datasets. 

 Unsupervised Learning: Clustering techniques (e.g., k-means) identify patterns in unlabeled 

data, useful for discovering novel depressive subtypes [50]. 

 Deep Learning: Neural architectures, such as Convolutional Neural Networks (CNNs) for 

visual data or Recurrent Neural Networks (RNNs) for sequential data, excel at processing 

high-dimensional inputs [29]. Transformers, like BERT, enhance text-based analysis [30]. 

 Reinforcement Learning: Emerging in mental health, reinforcement learning optimizes 

interventions (e.g., chatbot responses) based on patient feedback [51]. 
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Table 3: Machine Learning Paradigms for Depression Diagnosis 

 

4.5 Ethical and Conceptual Challenges in AI-Based Mental Health 

Diagnosis 

AI in depression diagnosis raises significant ethical and conceptual challenges: 

 Bias and Fairness: Models trained on non-representative datasets may misdiagnose 

underrepresented groups (e.g., cultural minorities) [39]. 

 Privacy: Handling sensitive data (e.g., health records, social media) requires compliance with 

regulations like HIPAA and GDPR [38]. 

 Misdiagnosis Risk: Overreliance on AI could lead to errors, especially in complex cases with 

comorbidities [35]. 

 Philosophical Questions: Can AI truly understand mental states, or does it merely correlate 

patterns? This raises questions about the validity of AI-driven insights [52]. 

Paradigm Description Applications Strengths Limitations 

Supervised 

Learning 

Predicts 

outcomes from 

labeled data 

Classification 

of depression 

High accuracy 

with labeled 

data 

Requires large 

labeled datasets 

Unsupervised 

Learning 

Identifies 

patterns in 

unlabeled data 

Subtype 

discovery 

Handles 

unlabeled data 

Less 

interpretable 

results 

Deep Learning 

Processes 

complex data 

via neural 

networks 

Multimodal 

analysis 

Captures 

complex 

patterns 

Computationally 

intensive 

Reinforcement 

Learning 

Optimizes 

actions based 

on feedback 

Personalized 

interventions 

Adaptive to 

patient 

responses 

Limited current 

applications 
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 Explainability: Black-box models reduce clinical trust. Explainable AI (XAI) techniques, 

such as SHAP, are needed to clarify decisions [40]. 

Addressing these challenges requires ethical guidelines, transparent algorithms, and clinician 

oversight. 

4.6 Integrative Framework for AI-Driven Depression Diagnosis 

An integrative framework combines data, models, and ethical considerations into a cohesive 

system: 

 Data Integration: Multimodal data (text, audio, visual) are fused using techniques like early 

or late fusion to enhance diagnostic accuracy [53]. 

 Model Architecture: Hybrid models combine domain knowledge (e.g., clinical guidelines) 

with data-driven learning to balance interpretability and performance. 

 Ethical Safeguards: Incorporate fairness metrics, privacy-preserving techniques (e.g., 

federated learning), and explainable outputs. 

 Clinical Integration: The framework ensures compatibility with clinical workflows, 

providing actionable insights for clinicians. 

This framework serves as a blueprint for the methodological and implementation phases, 

ensuring alignment with clinical and ethical standards. 

Conclusion 

This chapter has articulated the conceptual foundations of AI-driven depression diagnosis, 

integrating theoretical principles, data processing strategies, and ethical considerations. By 

delineating machine learning paradigms, data sources, and conceptual models, it provides a 

robust framework for developing AI systems that address the diagnostic complexities of 

depression. The ethical challenges underscore the need for responsible AI deployment. This 

conceptual study forms the theoretical backbone for the methodological and practical 

advancements explored in subsequent chapters, paving the way for innovative diagnostic 

solutions. 
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Chapter 5: Methodology  

Introduction  

The methodology for an AI-based depression diagnosis system serves as a preparatory 

framework, establishing the processes and principles to guide the development of a multi 

modal diagnostic tool. This chapter outlines the research design, data collection methods, 

preprocessing techniques, model development strategies, evaluation metrics, and ethical 

considerations. Designed to lay the foundation for the implementation phase in Chapter 6, the 

methodology ensures a structured approach to integrating textual and behavioral data for 

effective depression detection. 

5.1 Research Design  

The research adopts an experimental design to develop and evaluate a multimodal AI system 

for depression diagnosis. This approach involves collecting and preprocessing diverse data 

types, developing and testing separate models for each modality, and integrating their outputs 

for a unified diagnosis. The experimental framework allows for systematic exploration of AI 

techniques, with performance assessed through standardized metrics to align with clinical and 

technical goals. This design prepares the groundwork for practical implementation by 

defining a controlled environment for model testing and refinement. 

5.2 Data Collection Methods  

Data was sourced from two publicly available Kaggle datasets, selected for their relevance to 

depression diagnosis:  

• Textual Data: A dataset like the “Suicide Watch” dataset [54], containing social media 

posts labeled for depression-related content, provides a large volume of text for natural 

language processing. 

• Behavioral Data: A dataset such as “The Depression Dataset”[55], comprising sensor data 

from wearables (e.g., sleep patterns, motor activity) labeled for depression status, offers 

behavioral indicators. 
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Data acquisition will follow ethical procedures, including:  

• Anonymization: Ensuring all data is stripped of personally identifiable information.  

• Compliance: Adhering to regulations like GDPR (GDPR Guidelines) through the use of 

anonymized public datasets. 

• Secure Handling: Implementing protocols to store and process data securely, maintaining 

privacy throughout the research process. 

These steps ensure ethical data usage and prepare high-quality inputs for subsequent analysis. 

5.3 Data Preprocessing and Feature Engineering 

 Preprocessing will be tailored to each data modality to ensure data quality and compatibility 

with AI models: 

 • Textual Data: 

– Cleaning: Removing noise such as URLs, special characters, and punctuation to 

standardize text. 

– Normalization: Applying tokenization and lemmatization to prepare text for 

analysis. 

– Feature Extraction: Converting text to numerical sequences using tokenization and 

padding techniques, suitable for sequential models. 

 • Behavioral Data: 

– Normalization: Scaling features to a uniform range (e.g., [0, 1]) to enhance model 

performance. 

– Imputation: Addressing missing values through mean or median substitution. 

– Feature Engineering: Extracting statistical features (e.g., mean, standard deviation, 

minimum, maximum) from time-series data. 
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– Class Balancing: Applying techniques like SMOTE to address potential class 

imbalances, particularly in smaller datasets  

Feature selection will focus on linguistic features (e.g., sentiment scores, n-grams) for text 

and behavioral indicators (e.g., activity levels) for sensor data, ensuring relevant inputs for 

model development. 

5.4 Model Development and Selection 

Model selection will be guided by predefined criteria to ensure effectiveness:  

• Performance: Prioritizing models with high accuracy and generalizability for de pression 

detection.  

• Interpretability: Choosing models that provide insights into decision-making, critical for 

clinical acceptance.  

• Scalability: Selecting algorithms capable of handling varying dataset sizes and 

complexities.  

• Suitability: Matching models to data types, such as sequential models for text and tree-

based models for tabular data. The development process will include:  

• NLP Model: A Long Short-Term Memory (LSTM) network may be developed for textual 

data, leveraging its ability to capture sequential patterns. The process will involve defining 

layers (e.g., Embedding, LSTM, Dense) and training with an optimizer like Adam.   

• Behavioral Model: A Random Forest classifier could be selected for behavioral data, 

utilizing its robustness with tabular inputs. Hyperparameter tuning will optimize parameters 

such as the number of trees and maximum depth.  

The process will employ libraries like keras, tensorflow, and scikit-learn, with techniques like 

GridSearchCV for tuning, preparing models for implementation. 
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5.5 Evaluation Metrics and Validation Techniques 

 Performance evaluation will rely on a range of metrics to assess model effectiveness: 

 • Precision, Recall, F1-Score: To measure classification performance across classes. 

 • Accuracy: To evaluate overall predictive success. 

 • ROC-AUC: To assess the model’s ability to distinguish between depressed and 

non-depressed cases. 

 Validation techniques will ensure robustness: 

• Train-Test Split: A common split (e.g., 80% training, 20% testing) will be used for 

larger datasets to evaluate model performance. 

• Cross-Validation: Techniques like k-fold cross-validation (e.g., k=5) or leave-one-

out validation will be applied, particularly for smaller datasets, to maximize data 

utilization and reduce overfitting. 

 These methods will establish a baseline for performance, setting expectations for the 

implementation phase. 

5.6 Ethical and Practical Considerations  

Ethical and practical aspects will be addressed to ensure a responsible and feasible 

methodology:  

• Bias Mitigation: Techniques like data augmentation or balancing (e.g., SMOTE) will be 

considered to reduce bias from imbalanced datasets. Diverse data sources will be prioritized 

to enhance generalizability.  

• Data Privacy: Anonymized datasets will be used, with compliance to regulations like 

HIPAA (HIPAA Guidelines) and GDPR ensured through secure data handling protocols.  
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• Practical Challenges: Anticipated issues, such as computational demands for deep learning 

models or limitations from small datasets, will be planned for with strategies like batch size 

optimization or alternative model selection.  

These considerations prepare the methodology for ethical implementation and real-world 

applicability. 

 

5.7 Summary  

This chapter establishes a comprehensive methodology for an AI-based depression diagnosis 

system, encompassing an experimental design, data collection from public repositories, 

preprocessing tailored to multimodal data, model development with defined criteria, and 

evaluation with robust metrics. Ethical and practical considerations, including bias mitigation 

and data privacy, are integrated to ensure a responsible approach. This framework serves as a 

preparatory step, providing the necessary structure and guidelines for the implementation 

phase in Chapter 6, where the system will be built and tested based on these foundations. 
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Chapter 6: Implementation  

Introduction  

Implementing an AI-based system for depression diagnosis represents a pivotal phase in 

translating theoretical and methodological frameworks into a functional prototype. This 

chapter details the system architecture, dataset preprocessing, model implementation, training 

and evaluation procedures, development environment, user interface, and challenges 

encountered during the process. Drawing on the researcher’s experience, it highlights the use 

of Jupyter Notebook, specific libraries, and strategies to address practical constraints, such as 

limited dataset sizes. The objective is to provide a comprehensive account of the 

implementation phase, setting the stage for evaluation and further enhancements in Chapter 6.  

6.1 System Architecture and Design  

The system adopts a modular architecture to facilitate multimodal depression diagnosis, 

integrating textual and behavioral data. The architecture comprises three core components:  

• Front-end Interface: Developed using Streamlit, an open-source Python framework for 

building interactive web applications, the front-end allows users to upload text files or 

behavioral data (e.g., CSV files from wearables) and view diagnostic results. It features a 

user-friendly dashboard with color-coded alerts (green for low risk, red for high risk) and 

downloadable summary reports. 

• Back-end Server: The back-end handles data preprocessing, feature extraction, and model 

inference, ensuring efficient processing of multimodal inputs. It integrates the NLP and 

behavioral models into a cohesive pipeline.  

• ModelPipeline: This component processes input data through two models—a Long Short-

Term Memory (LSTM) network for textual data and a Random Forest classifier for 

behavioral data—and fuses their predictions to generate a final diagnosis. The pipeline 

includes stages for data input, preprocessing, model execution, and output generation. 

A block diagram illustrates the data flow: [User Input] → [Front-end Interface] → [Back-end 

Server] → [Model Pipeline] → [Diagnostic Output]  
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This modular design ensures scalability and maintainability, aligning with the integrative 

framework proposed in Chapter 4.  

6.2 Dataset Description and Preprocessing  

The system leverages two publicly available datasets from Kaggle, selected for their 

relevance to depression diagnosis:  

• Textual Data: The “Suicide Watch” dataset containing approximately 233,337 social media 

posts labeled as “non-suicide” 1 or “suicide” (indicating depression-related content). 

Preprocessing involved cleaning text by removing noise (e.g., URLs, special characters), 

tokenization, lemmatization, and conversion to numerical sequences using tokenization and 

padding. 

• Behavioral Data: “TheDepression Dataset” , comprising 55 samples of sensor data from 

wearables (e.g., sleep patterns, motor activity) labeled for depression status. Preprocessing 

included normalizing features to a [0, 1] range, imputing missing values using mean substi 

tution, and addressing class imbalance with the Synthetic Minority Over-sampling Technique 

(SMOTE).  

The experience emphasized the importance of these preprocessing steps, particularly SMOTE 

for balancing the small behavioral dataset, which was critical for model training.  

6.3 Model Selection and Justification  

Two models were selected based on their suitability for the data types and their proven 

effectiveness in similar tasks:  

• NLP Model (LSTM): A Long Short-Term Memory network was chosen for textual data 

due to its ability to capture sequential dependencies in language, essential for analyzing 

depression-related text. The model leverages keras and tensorflow libraries, with layers 

including Embedding, LSTM, GlobalMaxPooling1D, and Dense. The choice of LSTM was 

justified by its high performance in natural language processing tasks, achieving 93% 

accuracy in preliminary tests.  
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• Behavioral Model (Random Forest): A Random Forest classifier was selected for 

behavioral data due to its robustness in handling tabular data and its ability to provide feature 

importance scores, useful for identifying key behavioral indicators. the model used scikit-

learn’s RandomForestClassifier, with hyperparameter tuning via GridSearchCV to optimize 

parameters like the number of trees and maximum depth. However, the researcher noted that 

its performance was constrained by the small dataset size, suggesting potential for 

improvement with larger datasets. Alternatives such as Support Vector Machines were 

considered but discarded due to lower performance on complex, high-dimensional data. The 

researcher’s experience with these models highlighted the trade-offs between computational 

complexity and dataset size.  

6.4 Training and Evaluation Procedure  

The training and evaluation procedures were tailored to each model:  

• NLP Model (LSTM): Trained on 185,659 samples with a batch size of 32, using the Adam 

optimizer and cross-entropy loss function over 10 epochs. Early stopping and learning rate 

reduction (via ReduceLROnPlateau) were employed to prevent overfitting. The model was 

evaluated on a testing set of 46,415 samples, achieving:   

– Precision: 0.93 for both “non-suicide” and “suicide” classes 

– Recall: 0.93 for both classes– F1-Score: 0.93 for both classes 

– Accuracy: 0.93  

• Behavioral Model (Random Forest): Trained on a smaller dataset, with hyperparameter 

tuning via GridSearchCV. The model was evaluated on 55 testing samples, achieving: 

– Precision: 0.75 for class 0 (non-depressed), 0.70 for class 1 (depressed) 

– Recall: 0.77 for class 0, 0.67 for class 1 

– F1-Score: 0.76 for class 0, 0.68 for class 1 

– Accuracy: 0.73 
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– ROC-AUC: 0.7228  

Cross-validation (k=5) was used to ensure robustness, particularly for the behavioral model 

due to its limited sample size. The researcher’s experience underscored the computational 

demands of the LSTM, mitigated through batch size optimization and early stopping. 

 

Model Metric Class 0 (Non-

Depressed) 

Class 1 

(Depressed) 

Overall 

NLP (LSTM) Precision 

Recall 

F1-Score 

Accuracy 

0.93 

0.93 

0.93 

- 

0.93 

0.93 

0.93 

- 

- 

- 

- 

0.93 

Behavioral (RF) Precision 

Recall 

F1-Score 

Accuracy 

ROC-AUC 

0.75 

0.77 

0.76 

- 

- 

0.70 

0.67 

0.68 

- 

- 

- 

- 

- 

0.73 

0.7228 

Table 4: Model Performance Metrics 
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6.5 Tools, Frameworks, and Environment  

The development environment was established using Jupyter Notebook, which provided an 

interactive platform for coding, data exploration, and visualization. Jupyter Notebook 

instrumental for iterative development, allowing real-time debugging and visualization of 

results using libraries like matplotlib, seaborn, and plotly.express. The environment was 

configured with Python 3.9 on a standard computing setup, ensuring compatibility with the 

following libraries:  

• Behavioral Model : os, pandas, numpy, scikit-learn (RandomForestClassifier, metrics, 

modelselection), imblearn(SMOTE), matplotlib,seaborn. 

• NLP Model: numpy, pandas, scikitlearn(modelselection), neattext.functions, plotly.express, 

scikit−learn(metrics), keras(Embedding,Dense,LSTM,GlobalMaxPooling). 

The experience with these tools facilitated efficient data manipulation, model training, and 

result visualization, aligning with best practices in AI development. 

6.6 User Interface and Interaction  

The user interface, implemented in app.py using Streamlit, an open-source Python framework 

for building interactive web applications, enables users to upload text files or behavioral data 

(e.g., CSV files) and receive diagnostic feedback. The interface processes inputs through the 

LSTM and Random Forest models, fusing their predictions to produce a probability score (0–

1) for depression likelihood, displayed with a color-coded alert system (green for low risk, 

red for high risk). Users can download a summary report of the analysis. The researcher’s 

experience in developing this interface involved designing a simple yet functional web 

application, ensuring accessibility for clinicians and patients. The fusion mechanism, likely a 

weighted average of model predictions, was a critical aspect, though further optimization 

(e.g., attention-based fusion) could enhance performance. 
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6.7 Challenges Encountered and Solutions  

The implementation phase presented several challenges, as experienced:  

• Small Behavioral Dataset: The limited size of the behavioral dataset (55 samples) 

constrained the Random Forest model’s accuracy. This was mitigated using SMOTE for class 

balancing and k-fold cross-validation to ensure robustness. The researcher noted that a larger 

dataset would significantly improve performance, as Random Forest benefits from diverse 

data for building decision trees.  

• Computational Demands of LSTM: The NLP model’s training required substantial 

computational resources. This was addressed by optimizing batch sizes and implementing 

early stopping and learning rate reduction.  

• Multimodal Fusion: Integrating predictions from disparate models required careful design. 

The fusion mechanism in app.py likely uses a weighted average, though more advanced 

methods could be explored in future iterations. These solutions reflect the researcher’s 

practical approach to overcoming implementation hurdles, ensuring a functional prototype.  
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6.8 Summary  

The implementation phase successfully developed a multimodal AI system for depression 

diagnosis, achieving key milestones:  

• A modular architecture integrating front-end, back-end, and model pipeline components.  

• Preprocessing and feature extraction for textual and behavioral datasets, leveraging Jupyter 

Notebook for interactive development.  

• Training and evaluation of LSTM (93% accuracy) and Random Forest (73% accuracy) 

models, with detailed metrics provided.  

• A Streamlit-based user interface for multimodal input and diagnostic output.  

• Mitigation of challenges like small dataset size and computational demands through 

SMOTE, cross-validation, and optimization techniques 

The experience with Jupyter Notebook and the selected libraries facilitated a robust 

implementation, setting the stage for evaluation and refinement in Chapter 7. 
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Chapter 7: Results and Further Enhancements  

Introduction  

This chapter presents the results of the AI-based depression diagnosis system implemented in 

Chapter 6, evaluating its performance through quantitative metrics and visualizations. It 

analyzes the findings in the context of depression diagnosis, identifies limitations, proposes 

enhancements, and explores implications for clinical practice and future research. The 

objective is to synthesize these outcomes to guide further development and application, 

culminating in a transition to the general conclusion.  

7.1 Presentation of Results  

The performance of the implemented models is summarized based on evaluation metrics 

derived from the testing phase:  

• NLP Model (LSTM): Achieved an accuracy of 93%, with precision, recall, and F1-score of 

0.93 for both “non-suicide” and “suicide” classes, reflecting strong performance on the 

textual dataset.  

• Behavioral Model (Random Forest): Recorded an accuracy of 73%, with precision of 0.75 

and 0.70, recall of 0.77 and 0.67, and F1-score of 0.76 and 0.68 for non-depressed and 

depressed classes respectively, alongside a ROC-AUC of 0.7228.  

Visualizations enhance the understanding of these results:  

• ROC Curves: Plotted for both models to illustrate their ability to distinguish between 

classes, with the LSTM curve showing a higher area under the curve (AUC) compared to 

Random Forest.  

• Confusion Matrices: Presented to detail true positives, false positives, true negatives, and 

false negatives, highlighting the LSTM’s balanced classification and the Random Forest’s 

challenges with the smaller dataset.  

These metrics and visualizations, generated using libraries like matplotlib and seaborn, 

provide a clear overview of model efficacy. 
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Figure7: Subscription plan. 

 

 

Figure8: Main page. 
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Figure9: Detection result. 
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Model Metric Class 0 (Non-

Depressed) 

Class 1 

(Depressed) 

Overall 

NLP (LSTM) Precision 

Recall 

F1-Score 

Accuracy 

0.93 

0.93 

0.93 

- 

0.93 

0.93 

0.93 

- 

- 

- 

- 

0.93 

Behavioral (RF) Precision 

Recall 

F1-Score 

Accuracy 

ROC-AUC 

0.75 

0.77 

0.76 

- 

- 

0.70 

0.67 

0.68 

- 

- 

- 

- 

- 

0.73 

0.7228 

Table 4: Model Performance Metrics. 

7.2 Analysis of Results  

The LSTM model’s high accuracy (93%) suggests it effectively captures depression-related 

linguistic patterns in social media text, indicating potential for identifying at-risk individuals 

through online behavior. The Random Forest model’s moderate accuracy (73%) reflects its 

ability to detect behavioral indicators, though its lower performance highlights limitations in 

dataset size and complexity.  

Compared to baseline models (e.g., logistic regression or simple decision trees), the LSTM 

outperforms in text analysis, while Random Forest aligns with standard machine learning 

approaches for tabular data. Existing studies on multimodal depression detection (e.g., those 

using audio and text) report accuracies of 80-90%, suggesting the current system’s textual 

component is competitive, but the behavioral component lags due to data constraints. This 

analysis underscores the need for balanced multimodal integration to enhance diagnostic 

reliability.  
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7.3 Limitations of the Study  

Several constraints impact the study’s outcomes:  

• Dataset Size: The behavioral dataset’s small size (55 samples) limits the Random Forest 

model’s training and generalizability, potentially leading to overfitting.  

• Model Generalizability: The system’s performance may not extend to diverse populations or 

clinical settings due to the specific nature of the datasets.  

• Computational Resources: Training the LSTM model required significant resources, which 

could pose challenges for scalability without optimization. Potential sources of error or bias 

include:  

• Sampling Bias: The datasets may not fully represent global depression demographics.  

• Class Imbalance: Despite preprocessing, residual imbalances could skew results.  

• Noise in Data: Unremoved artifacts in text or sensor data may affect model accuracy.  

These limitations suggest areas for refinement in future iterations.  

7.4 Further Enhancements  

To improve the system, the following enhancements are proposed:  

• Additional Data Modalities: Incorporating audio data (e.g., speech patterns) or 

physiological signals (e.g., heart rate) could enrich the multimodal approach, potentially 

boosting diagnostic accuracy.  

• Algorithm Refinement: Enhancing the Random Forest with ensemble techniques or 

replacing it with a neural network tailored for small datasets could improve behavioral 

analysis. Fine-tuning the LSTM with attention mechanisms may further enhance text 

processing. 
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• Scaling for Clinical Use: Developing a cloud-based infrastructure with optimized resource 

allocation would enable real-time processing and deployment in clinical settings. A user-

friendly API could facilitate integration into healthcare systems.  

These enhancements aim to address current limitations and prepare the system for broader 

application.  

7.5 Implications for Clinical Practice  

The system holds significant potential for depression diagnosis and patient care:  

• Impact: Early identification through text analysis could enable timely interventions, while 

behavioral insights could support personalized treatment plans, improving patient outcomes.  

• Integration Recommendations: The system could be integrated into electronic health records 

(EHRs) as a decision-support tool, with clinician oversight to validate outputs. Training 

programs for healthcare providers on interpreting AI results would ensure effective adoption.  

These implications highlight the system’s role in augmenting traditional diagnostic methods, 

pending further validation.  

7.6 Future Research Directions  

Open research questions include:  

• Long-Term Monitoring: Investigating how the system performs over extended periods to 

detect chronic depression or relapse.  

• Cross-Cultural Applicability: Assessing the system’s effectiveness across different cultural 

and linguistic contexts.  

Opportunities for extension include:  

• Other Mental Health Conditions: Adapting the framework for anxiety, schizophrenia, or 

bipolar disorder, leveraging similar multimodal data.  
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• Real-Time Analysis: Developing real-time monitoring tools using wearable data for 

continuous assessment.  

These directions promise to expand the system’s scope and impact.  

7.7 Summary of Results and Enhancements  

The system demonstrates strong performance with the LSTM model (93% accuracy) and 

moderate results with the Random Forest (73% accuracy), supported by visualizations like 

ROC curves and confusion metrices. Analysis confirms its potential for depression diagnosis, 

though limitations in dataset size and generalizability require attention. Proposed 

enhancements, such as adding data modalities and scaling for clinical use, along with future 

research into long-term monitoring and other conditions, outline a clear path forward. This 

chapter transitions to the general conclusion, synthesizing these findings for a comprehensive 

overview. 
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General Conclusion  

This thesis has undertaken a comprehensive exploration of an AI-based system designed for 

the automated detection and classification of mental health disorders (e.g., depression) using 

multimodal data, marking a significant contribution to the field of mental health diagnostics. 

The study began by establishing the critical context and challenges surrounding these 

disorders, followed by an in-depth review of existing knowledge, a conceptual framework, 

and a detailed methodology to guide the research process. The work has illuminated the 

potential of artificial intelligence, particularly through the integration of deep learning and 

machine learning techniques, to address the complexities of mental health detection. By 

leveraging textual and behavioral data, the proposed system offers a promising approach to 

overcoming the limitations of traditional diagnostic methods, which often rely on subjective 

assessments and face resource constraints. The development of a user-friendly interface 

further underscores the study’s commitment to accessibility, providing a platform that could 

support clinicians and patients alike. Despite these advancements, the research acknowledges 

inherent challenges, including the variability of symptoms, the need for representative 

datasets, and the computational demands of advanced models. Ethical considerations, such as 

ensuring data privacy and model interpretability, also remain pivotal areas for ongoing 

attention. These limitations highlight the importance of continued refinement to ensure the 

system’s robustness and fairness across diverse populations. Looking to the future, the study 

suggests a path forward through the incorporation of additional data modalities, such as audio 

or physiological signals, and the scaling of the system for broader clinical application. Future 

research opportunities, including long-term monitoring of mental health conditions and the 

extension of the framework to other disorders, hold the promise of expanding the system’s 

impact. This work lays a foundational stone for a transformative shift in mental health care, 

fostering early intervention and personalized treatment strategies on a global scale. In 

conclusion, this thesis provides a valuable framework for integrating AI into mental health 

diagnostics, demonstrating its theoretical and practical potential. As the field progresses, 

collaboration between technologists, healthcare providers, and policymakers will be crucial to 

harness these innovations, ultimately enhancing the lives of those affected by mental health 

disorders worldwide. 
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