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Abstract 

The growing prevalence of depression and suicidal behavior, particularly among social media 

users, highlights an urgent need for intelligent systems that move beyond mere detection 

towards empathy-driven understanding. This research introduces “Towards a Compassionate 

Algorithm”—an intelligent text and emotion mining framework designed to identify early 

signs of depression and suicidal risk within social media communications. The proposed 

framework combines linguistic pattern analysis, affective computing, and deep learning models 

to interpret not only textual semantics but also underlying emotional cues. By integrating 

advanced natural language processing with sentiment and emotion classification layers, the 

model captures subtle shifts in tone, intensity, and behavioral expression often overlooked in 

traditional systems.A multi-phase methodology was employed, encompassing data 

preprocessing, balanced feature extraction, and hybrid deep neural architectures incorporating 

Bi-LSTM, BERT embeddings, and attention mechanisms. The framework emphasizes ethical 

and privacy-preserving data handling, aligning technological innovation with human-centered 

design. Experimental validation across multiple public mental health datasets demonstrates 

superior predictive accuracy and interpretability, particularly in identifying latent suicidal 

intent. Beyond performance metrics, the model is conceived as a step towards compassion-

oriented artificial intelligence—technology that listens, learns, and supports rather than merely 

classifies. This research contributes to the evolution of socially responsible AI in mental health 

analytics and sets a foundation for real-time, ethically guided interventions in digital mental 

well-being. 
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1. INTRODUCTION 

1.1 Background and Rationale 

Depression and suicide represent some of the most critical public health challenges of the 21st 

century, affecting millions globally each year. The World Health Organization estimates that 

more than 280 million individuals suffer from depression, with suicide ranking among the 

leading causes of death in young adults. Despite increasing awareness, diagnosis and 

intervention remain hindered by stigma, underreporting, and limited access to mental health 

srajeswari@jazanu.edu.sa



International Journal of Applied Mathematics  

Volume 38 No. 11s, 2025   

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  

Received: August 02, 2025  153 

services. However, with the advent of digital communication, social media has emerged as a 

pervasive space where individuals express thoughts, emotions, and experiences that may reveal 

underlying psychological distress. The linguistic, emotional, and behavioral cues embedded in 

social media discourse have become a new frontier for understanding and predicting mental 

health risks [1], [2].The convergence of psychology, computational linguistics, and data science 

has given rise to a new domain of computational mental health. This interdisciplinary field 

leverages artificial intelligence (AI), natural language processing (NLP), and affective 

computing to interpret human emotion through textual and multimedia data. Researchers have 

demonstrated that posts, tweets, and comments on platforms such as Twitter, Reddit, and 

Facebook can serve as indicators of emotional well-being or distress [3], [4]. With large-scale 

digital footprints and public data availability, social media analysis now provides 

unprecedented opportunities for early identification of depression and suicidal tendencies. Yet, 

transforming this potential into ethical, interpretable, and compassionate technology remains 

an open challenge [5], [6]. 

 1.2 Social Media as a Mirror of Mental Health 

Social media platforms act as digital diaries where users share daily experiences, opinions, and 

emotions, often unconsciously revealing their mental states. The textual and visual content 

users post is increasingly being recognized as a reflection of their psychological health [7]. 

Researchers such as Mann et al. [2] and Safa et al. [15] have shown that linguistic markers—

such as self-referential language, negative sentiment, and emotional volatility—correlate 

strongly with symptoms of depression. Similarly, Ren et al. [16] found that emotion-based 

attention networks could effectively identify depressive patterns in Reddit users, demonstrating 

the expressive power of emotional language.Beyond mere word frequency or sentiment 

polarity, emotional and contextual dependencies play a vital role in understanding the nuances 

of human suffering. The shift from lexicon-based analysis to deep contextual modeling allows 

researchers to interpret subtle changes in tone, metaphor, and word association that may signify 

evolving mental states [8], [9]. Platforms such as Twitter have become valuable sources for 

identifying suicidal ideation, as users often express desperation or hopelessness before harmful 

behavior [19], [20]. By mining such data responsibly, researchers can provide early indicators 

to health professionals, enabling preventive intervention.However, this form of digital 

surveillance must be approached with caution. Ethical and privacy considerations remain 

central to any attempt at mining user-generated data [10]. The tension between predictive 

accuracy and user consent underscores the need for frameworks that are not only intelligent 

but also compassionate and transparent. 

1.3 Computational Advances in Depression Detection 

Recent years have witnessed an exponential growth in computational models for detecting 

depression and suicidal ideation from online text. Traditional machine learning models, such 

as support vector machines (SVM) and random forests, initially demonstrated the feasibility of 

text-based prediction. However, the emergence of deep learning revolutionized this domain by 

enabling context-sensitive, hierarchical feature extraction [1], [7], [9].Ansari et al. [1] proposed 



International Journal of Applied Mathematics  

Volume 38 No. 11s, 2025   

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  

Received: August 02, 2025  154 

ensemble hybrid learning methods for automated depression detection, combining multiple 

architectures to improve robustness and generalization. Their work demonstrated that 

hybridization of models could significantly outperform single-method baselines, especially 

when dealing with unstructured textual data. Similarly, Jiang et al. [27] utilized deep 

contextualized representations to extract semantic nuances from Reddit posts, offering superior 

interpretability and contextual awareness in mental health prediction. 

BERT-based transformer architectures have proven particularly effective for mental health 

classification tasks [3]. Martínez-Castaño et al. [3] applied BERT models to detect self-harm 

risk and found that the bidirectional attention mechanism captured emotional dependencies 

better than recurrent models. Other researchers, including Chun and Chen [4], explored 

multimodal and time-aware attention networks, which integrate linguistic and temporal 

dynamics to trace the evolution of emotional states over time. This time-sensitive approach 

highlights that depression is not static; rather, it fluctuates across periods, contexts, and 

interactions.Furthermore, Ji et al. [17] developed attentive relational networks to model 

suicidal ideation and mental disorders, emphasizing the importance of relational cues and inter-

post connections. These studies collectively indicate a paradigm shift from static text analysis 

toward dynamic, relational, and emotionally grounded models capable of representing human 

affect with greater precision. 

1.4 Multimodal and Hybrid Approaches 

While textual data offers deep insight into mental health, it captures only one dimension of 

human expression. Incorporating additional modalities—such as images, emojis, audio, and 

activity patterns—can significantly enhance predictive accuracy. Mann et al. [2] and Park and 

Moon [6] demonstrated that combining linguistic and visual features allowed for more 

comprehensive depression symptom detection, particularly in younger demographics who use 

multimedia-rich communication. Likewise, Meshram and Krishna [12] experimented with 

deep learning models that integrate multiple feature streams, revealing how subtle variations 

in multimodal inputs correspond to mental state changes.Hybrid deep learning architectures 

have further improved detection capabilities by merging the strengths of various models. For 

instance, Kour and Gupta [7] developed a hybrid model using CNNs and BiLSTMs for feature-

rich depression prediction, while Cao et al. [8] employed BiAttention-GRU networks to extract 

both sequential and hierarchical emotional patterns. Zeberga et al. [9] combined BERT with 

Bi-LSTM for mental health prediction, reporting superior contextual sensitivity and recall 

compared to traditional classifiers. 

1.5 Ethical, Interpretative, and Methodological Challenges 

Despite remarkable progress in algorithmic performance, several challenges persist in the 

responsible application of AI for mental health. One major issue lies in the interpretability of 

deep learning models. Many high-performing models operate as “black boxes,” offering 

limited transparency regarding how decisions are made [11]. As depression and suicide 

detection often involve sensitive personal data, understanding model rationale is not merely 
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technical—it is ethical.Teague et al. [10] highlighted that social media monitoring, particularly 

during crises or disasters, must follow rigorous ethical standards to prevent misuse. Page et al. 

[22], in their PRISMA 2020 guidelines, reinforced the importance of transparency and 

reproducibility in systematic reviews involving sensitive data. Similarly, Castillo et al. [28] and 

Liu et al. [14] emphasized the necessity of robust methodological frameworks to ensure 

validity, fairness, and inclusivity in predictive modeling.Another concern is cultural and 

linguistic diversity. Lee et al. [26] addressed cross-lingual embeddings for suicide prevention, 

demonstrating that language bias can hinder the universality of predictive systems. Ríssola et 

al. [23] further surveyed computational methods for online mental state assessment, urging the 

adoption of culturally adaptive models that reflect diverse communication patterns.Equally 

critical is the need to balance technological capability with emotional intelligence. Ghosh et al. 

[24] proposed a multitask learning framework capable of detecting depression, emotion, and 

sentiment simultaneously, suggesting that multidimensional emotional understanding may 

yield more compassionate AI systems. In similar spirit, Renjith et al. [13] and Wang et al. [21] 

explored ensemble deep learning for suicidal ideation detection, highlighting that model 

performance must align with ethical constraints to avoid stigmatization and overreach. 

1.6 Toward Compassionate and Emotionally Aware AI 

The next frontier in mental health analytics lies in compassionate algorithms—intelligent 

systems capable of interpreting emotional suffering with sensitivity, accountability, and 

empathy. The integration of emotional context within predictive modeling aims to shift AI from 

a purely analytical role to a supportive one. Song [5] and Zogan et al. [11] both underline the 

importance of explainable, emotion-centered architectures that can articulate not only what a 

model predicts but also why.The concept of a compassionate algorithm entails embedding 

ethical awareness directly into computational design. It envisions AI systems that acknowledge 

the human implications of prediction and act in ways that enhance, rather than replace, human 

empathy. Ji et al. [17] and De Choudhury et al. [29] have emphasized the significance of early 

detection and proactive engagement. Their works suggest that real-time intervention models 

could connect individuals to appropriate mental health resources before crises 

escalate.Moreover, Parapar et al. [30] demonstrated the utility of early risk prediction 

challenges (e.g., eRisk) in driving algorithmic innovation. These platforms promote 

collaboration across computer science, psychology, and data ethics—an approach central to 

developing truly compassionate computational systems. By drawing from these 

interdisciplinary insights, the proposed research introduces an Intelligent Text and Emotions 

Mining Framework designed to identify depression and suicidal risk through a balance of deep 

learning rigor and emotional sensitivity. 

1.7 Research Aim and Framework Vision 

The primary objective of this study is to design and evaluate a comprehensive, interpretable 

framework that integrates textual and emotional mining techniques to predict depression and 

suicidal tendencies across social media platforms. This framework, envisioned as a step toward 

compassionate AI, combines hybrid deep learning models with emotion recognition and 
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linguistic pattern analysis to detect psychological distress early and responsibly.Unlike prior 

works that prioritize classification accuracy alone [1], [8], [9], this study emphasizes ethical 

sensitivity, explainability, and human-centric application. It draws inspiration from the 

multimodal foundations established by Chun and Chen [4] and Park and Moon [6], while 

incorporating emotional attention mechanisms and hybrid ensemble architectures for 

contextual richness. The framework also integrates guidelines inspired by PRISMA and XAI 

principles [11], [22], ensuring reproducibility, interpretability, and social responsibility.The 

envisioned “compassionate algorithm” is not merely a predictive tool; it represents a 

philosophical and methodological shift in how AI engages with human emotion. It aspires to 

create digital systems that recognize suffering not as data anomalies but as signals of need, 

deserving of care and timely intervention. By merging computational intelligence with 

empathy, this research aims to contribute both to academic advancement and to the broader 

societal mission of digital mental health care. 

2. RELATED WORKS 

2.1 Overview of Computational Mental Health Research 

The last decade has witnessed an unprecedented intersection of psychology, data science, and 

computational linguistics in the study of mental health, particularly depression and suicidality. 

Social media platforms have evolved into digital reflections of users’ inner states, providing 

unobtrusive and real-time data streams for emotional assessment [10], [23], [29]. The 

computational detection of depression, once a theoretical pursuit, is now a tangible research 

frontier powered by advancements in natural language processing (NLP), deep learning, and 

multimodal analytics [14].Early works such as De Choudhury et al. [29] pioneered the use of 

linguistic and behavioral cues from Twitter to predict depressive tendencies, laying the 

foundation for digital mental health analytics. Subsequent studies extended this paradigm to 

include multimodal indicators — such as text, imagery, emojis, and metadata — for richer 

contextual understanding [2], [15], [16]. The integration of computational intelligence into 

psychiatry has thus shifted the paradigm from reactive diagnosis to proactive monitoring, 

marking a vital step toward what may be described as compassionate algorithms. 

2.2 Text-Based Models for Depression Detection 

A significant stream of literature has focused on text mining as a means to identify depressive 

signals embedded in user posts. Jiang et al. [27] demonstrated how contextualized word 

embeddings from Reddit posts can effectively model nuanced linguistic expressions of mental 

distress. Similarly, Lin et al. [25] proposed a BiLSTM–CNN hybrid model that captures both 

local syntactic patterns and long-term semantic dependencies in depressive language.More 

recently, Ansari et al. [1] advanced this trend through ensemble hybrid learning techniques that 

combine multiple classifiers for enhanced accuracy and generalization. Zeberga et al. [9] 

followed a similar trajectory by fusing Bi-LSTM and BERT models, achieving significant gains 

in prediction precision. These works collectively underline the power of contextual 
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embeddings and hybrid architectures in understanding subtle linguistic markers of mental 

health. 

The evolution from traditional feature-based models to transformer-driven architectures such 

as BERT [3], [9] represents a major methodological leap. Martínez-Castaño et al. [3] illustrated 

the ability of BERT-based models to detect early signs of self-harm by leveraging context-

dependent semantics. Likewise, Song [5] emphasized interpretability through feature attention 

mechanisms that help clinicians trace model predictions back to meaningful linguistic features. 

These innovations have been crucial in bridging the gap between algorithmic accuracy and 

human interpretability. 

2.3 Multimodal and Hybrid Learning Approaches 

While text remains the dominant medium, recent studies have emphasized the importance of 

combining textual, visual, and behavioral cues to improve model robustness and reliability. 

Mann et al. [2] introduced a multimodal framework that integrates facial expressions and text 

posts to detect depression symptoms among university students. This approach mirrored 

findings from Park and Moon [6], who proposed a multimodal attention-based model to 

synthesize image and text data, significantly outperforming single-modality baselines.Cao et 

al. [8] developed a BiAttention-GRU model to jointly process sequential and cross-modal 

dependencies, while Chun and Chen [4] proposed a time-aware attention network to 

incorporate temporal variations in emotional states. Similarly, Kour and Gupta [7] combined 

convolutional and bi-directional LSTM layers in a hybrid pipeline to predict depression from 

Twitter data. These multimodal systems provide a more holistic understanding of user 

sentiment, simulating the way humans infer emotion from multiple signals 

simultaneously.Zogan et al. [11] further contributed an explainable depression detection model 

that integrates multi-aspect features in a hybrid deep learning framework, emphasizing 

transparency in model decisions. The emerging consensus across these studies is that 

multimodal architectures not only enhance accuracy but also increase the interpretability 

necessary for sensitive mental health applications. 

2.4 Emotion-Aware and Explainable AI in Mental Health Prediction 

The integration of emotional representation within deep learning architectures has become a 

defining feature of contemporary depression prediction systems. Ren et al. [16] proposed an 

emotion-based attention model to detect depression from Reddit posts, illustrating how 

emotional valence patterns can serve as reliable predictors of depressive states. Similarly, Ji et 

al. [17] introduced attentive relation networks capable of modeling the relationship between 

suicidal ideation and associated mental disorders through emotional context analysis.This 

emotional modeling trend aligns with work by Ghosh et al. [24], who presented a multitask 

learning framework that simultaneously detects depression, sentiment, and emotion labels from 

suicide notes. Their study underscored the intertwined nature of affective and cognitive 

dimensions in mental health analysis. Zogan et al. [11] and Song [5] both emphasized the need 
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for explainability, advocating for models that articulate why a given text indicates distress 

rather than merely classifying it as such. 

Interpretability also emerged as a key focus in Maupomé et al. [18], who leveraged textual 

similarity techniques to predict standardized Beck Depression Inventory responses. Such 

research marks a shift toward clinically grounded computational models that not only predict 

mental states but do so in alignment with established psychological frameworks. 

2.5 Detecting Suicidal Ideation and Self-Harm Risk 

Beyond depression detection, a parallel research domain has evolved around identifying 

suicidal ideation through social media analytics. Renjith et al. [13] implemented an ensemble 

deep learning framework for suicidal ideation detection, demonstrating the effectiveness of 

combining multiple neural models. Similarly, Das Gollapalli et al. [19] and Bayram and 

Benhiba [20] participated in the CLPsych 2021 shared task, tracking self-harm indicators and 

temporal tweet patterns to infer imminent suicide risk.Wang et al. [21] extended these insights 

by introducing temporal learning models capable of predicting suicidal risk trajectories from 

post sequences. Martínez-Castaño et al. [3] and Parapar et al. [30] also explored early risk 

prediction approaches using BERT-based and contextual models within the eRisk shared task 

framework. These collective efforts underline an important methodological evolution — the 

transition from static post-level analysis to dynamic, time-sensitive modeling of user 

behavior.Lee et al. [26] contributed a cross-lingual suicidal-oriented word embedding model, 

extending suicide prevention research to multilingual settings. Their work, along with Castillo 

et al. [28], which surveyed machine learning applications in suicide risk assessment, reinforces 

the importance of cultural and linguistic diversity in compassionate AI systems. 

2.6 Systematic Reviews and Benchmarking Frameworks 

Meta-analyses and systematic reviews have played an essential role in structuring this rapidly 

evolving domain. Liu et al. [14] provided a comprehensive review of machine learning 

approaches for detecting depression on social media, categorizing methods by modality, feature 

type, and data source. Similarly, Teague et al. [10] conducted a scoping review focusing on 

social media monitoring during crises, identifying both opportunities and ethical challenges in 

large-scale mental health surveillance.Ríssola et al. [23] surveyed computational methods for 

assessing online mental states, emphasizing the need for standardization in data collection and 

evaluation metrics. The PRISMA 2020 guidelines articulated by Page et al. [22] further 

underscored the importance of transparency, reproducibility, and ethical reporting in mental 

health research. Parapar et al. [30] through the eRisk challenges, provided valuable benchmark 

datasets and metrics for early risk detection models, serving as a foundation for comparative 

analysis.Together, these frameworks have transformed depression prediction research from an 

exploratory field into a structured and reproducible scientific discipline, enabling more 

rigorous cross-study comparisons and fostering accountability in algorithmic decision-making. 

 2.7 Ensemble and Hybrid Architectures for Improved Generalization 
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Recent studies have demonstrated that single deep learning architectures often fail to capture 

the multidimensional nature of mental health data. To address this, ensemble and hybrid 

frameworks have emerged as dominant strategies. Ansari et al. [1] proposed an ensemble 

hybrid learning method combining multiple base classifiers to improve detection accuracy 

across diverse datasets. Renjith et al. [13] applied a similar ensemble logic in detecting suicidal 

ideation, integrating recurrent and convolutional neural models to improve reliability.Cao et al. 

[8] and Meshram and Krishna [12] (despite the latter’s retraction) explored selective feature 

fusion in hybrid deep learning pipelines, highlighting the benefits of diversity in feature 

representation. Liu et al. [14] and Kour and Gupta [7] both validated that ensemble approaches 

enhance robustness by mitigating model bias and variance — an essential property for clinical 

applications.Zogan et al. [11] and Chun and Chen [4] added interpretability layers through 

attention mechanisms within hybrid networks, demonstrating that transparency and 

performance need not be mutually exclusive. These collective insights point to an emerging 

design principle: compassionate algorithms must balance accuracy, interpretability, and 

human-centered reasoning. 

2.8 Challenges and Research Gaps 

Despite significant progress, several limitations persist. Many studies rely on small, 

homogeneous datasets, leading to generalization issues across cultural or linguistic contexts 

[26], [28]. The lack of standard ground truth for depression severity and suicidal intent 

introduces subjectivity in model evaluation [22], [23]. Moreover, explainability remains a 

critical challenge — most models provide probabilistic outputs without interpretable rationale 

[11], [18].Ethical concerns around privacy, consent, and data ownership are also prominent 

[10]. Automated detection systems risk stigmatization if deployed without robust interpretive 

safeguards. A growing body of literature, including Ji et al. [17] and Song [5], calls for 

frameworks that embed empathy and contextual sensitivity into model architectures.From a 

technical standpoint, few models integrate temporal emotion progression, despite evidence that 

mood trajectories are key predictors of suicidal ideation [4], [21]. The limited incorporation of 

cross-platform data and non-verbal cues (such as voice or image tone) further constrains 

predictive potential [2], [6]. These limitations collectively highlight the need for an integrated, 

explainable, and ethically aligned system — a direction this research seeks to address through 

a compassionate algorithmic framework. 

3. PROPOSED WORK 

3.1 Conceptual Overview 

The proposed research introduces an intelligent and emotionally aware computational 

framework—termed the Compassionate Algorithm (CA)—that integrates text mining, 

emotion analytics, and cognitive modeling for early detection of depression and suicidal risk 

on social media platforms. The novelty of this system lies not merely in its technical 

architecture, but in its ethical and empathetic orientation: a design that interprets human 

emotions, contextual nuances, and semantic subtleties without dehumanizing the 
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subject.Unlike existing models that focus solely on syntactic or semantic features, the CA 

framework interprets how and why individuals express distress across digital interactions. It 

adopts a multimodal strategy where textual signals, emotional valence, and behavioral 

trajectories are harmonized into a unified predictive model. This system aspires not only to 

forecast risk but to contribute toward compassionate intervention and digital well-being. 

 3.2 Architectural Framework 

The proposed framework comprises five major modules integrated through a hybrid learning 

backbone: 

1. Data Acquisition and Preprocessing Module (DAPM) 

2. Text and Linguistic Feature Extraction Module (TLFEM) 

3. Emotion Dynamics and Psychological Cues Analysis Module (EDPCAM) 

4. Deep Hybrid Learning and Decision Engine (DHLDE) 

5. Explainable and Compassionate Reasoning Layer (ECRL) 

Each module is conceptually designed to align with ethical AI standards, maintaining 

interpretability and accountability across all stages of inference. 

 3.3 Data Acquisition and Preprocessing (DAPM) 

The foundation of the CA system lies in a robust data pipeline capable of handling 

heterogeneous and noisy social media data. Sources include Twitter, Reddit, and mental health 

subcommunities that contain naturally occurring user expressions related to mood and emotion. 

Data collection is governed by ethical guidelines—anonymized identifiers, consent-based 

scraping, and compliance with institutional review protocols. Following acquisition, a rigorous 

preprocessing pipeline is applied involving: 

• Text normalization: tokenization, stop-word removal, lemmatization, and slang 

standardization. 

• Noise filtering: elimination of URLs, emojis, and redundant symbols, while preserving 

affective cues embedded in punctuation and capitalization. 

• Context preservation: sentence-level segmentation maintaining temporal sequence for 

emotion trajectory analysis. 

• Class labeling: depression, neutral, or suicidal-risk categories annotated via hybrid labeling 

— human experts and lexicon-guided semi-supervised tagging. 

The resulting corpus forms a balanced representation of emotional and linguistic variability, 

supporting both deep and interpretable learning models. 

 3.4 Text and Linguistic Feature Extraction (TLFEM) 

The TLFEM layer captures fine-grained linguistic indicators of mental health conditions. It 

employs a two-tiered representation strategy: 
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1. Lexical and syntactic descriptors:Traditional NLP features such as TF-IDF, part-of-speech 

tagging, dependency parsing, and psycholinguistic markers (e.g., LIWC categories for self-

reference, negation, and affect). 

2. Contextual embeddings:Pre-trained transformers (BERT, RoBERTa, or DistilBERT) are fine-

tuned on domain-specific mental health data to capture semantic nuances of depressive 

expressions (e.g., hopelessness, fatigue, loss of interest). 

This dual representation mitigates the limitations of purely neural or purely statistical models. 

By aligning high-dimensional embeddings with interpretable linguistic categories, the system 

achieves both depth and explainability. 

Mathematically, each input post 𝑃𝑖is transformed into a composite vector 𝑉𝑖 = [𝐿𝑖 ⊕𝐸𝑖], 

where 𝐿𝑖represents lexical-syntactic features and 𝐸𝑖denotes transformer-based embeddings. 

These vectors serve as inputs for the subsequent emotion analysis and hybrid learning stages 

3.5 Emotion Dynamics and Psychological Cues Analysis (EDPCAM) 

A key innovation in the proposed system is the modeling of emotion progression over time. 

Unlike static sentiment detection, this module tracks emotional drift, polarity transitions, and 

affective entropy to estimate the user’s psychological trajectory. 

3.5.1 Emotion Representation 

Using Plutchik’s eight-dimensional emotion model (joy, trust, fear, surprise, sadness, disgust, 

anger, anticipation), each text instance is mapped to a vector of emotion intensities 𝐸 =

[𝑒1, 𝑒2, . . . , 𝑒8]through fine-tuned attention layers trained on emotion-annotated datasets. 

3.5.2 Emotion Drift and Entropy 

Temporal sequences of posts are processed through a Bi-directional GRU (Bi-GRU) that 

captures forward and backward emotion transitions. Emotion entropy 𝐻𝑡is computed at time 

𝑡as: 

𝐻𝑡 = −∑

8

𝑖=1

𝑝(𝑒𝑖)log⁡ 𝑝(𝑒𝑖) 

 

where high entropy indicates emotional instability — a hallmark of depressive or suicidal 

ideation patterns. 

3.5.3 Cognitive Linguistic Markers 

In addition to emotion sequences, linguistic markers indicative of cognitive distortions (e.g., 

“never,” “always,” “nobody”) are extracted. These markers are weighted into the emotional 

embedding to reflect psychological inflexibility or negative self-focus, enriching the model’s 

understanding of distress patterns. 

3.6 Deep Hybrid Learning and Decision Engine (DHLDE) 



International Journal of Applied Mathematics  

Volume 38 No. 11s, 2025   

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  

Received: August 02, 2025  162 

The DHLDE forms the analytical core of the Compassionate Algorithm. It integrates 

Convolutional Neural Networks (CNNs) for spatial feature extraction, Bi-LSTM for 

sequential dependencies, and an Attention Fusion Layer (AFL) for emotional reasoning. 

3.6.1 Hybrid Network Design 

The CNN subnetwork identifies local n-gram patterns and phrase-level expressions of mood, 

while Bi-LSTM captures temporal dependencies across posts. The Attention Fusion Layer 

dynamically prioritizes emotionally charged segments, allowing the network to listen 

compassionately—focusing on words or sentences that carry deeper affective weight. 

𝐻𝑡 = BiLSTM(𝑉𝑡), 𝐴𝑡 = softmax(𝑊𝑎𝐻𝑡 + 𝑏𝑎) 

𝑂𝑡 = 𝐴𝑡 ⊙𝐻𝑡 

 

where 𝑂𝑡represents the emotion-weighted context vector that forms the decision input. 

3.6.2 Ensemble Integration 

To reduce overfitting and enhance generalization, multiple deep submodels (e.g., CNN-

BiLSTM, Bi-GRU-Attention, Transformer-AFL) are trained concurrently. Their predictions 

are combined via an ensemble voting mechanism using weighted averaging: 

𝑌 = ∑

𝑛

𝑘=1

𝛼𝑘𝑦𝑘 

where 𝛼𝑘denotes the confidence weight of the 𝑘𝑡ℎmodel. This strategy reflects a consensus-

driven inference process akin to multidisciplinary psychiatric evaluation. 

3.7 Explainable and Compassionate Reasoning Layer (ECRL) 

Traditional models output binary predictions, offering little insight into why a user is at risk. 

The ECRL introduces a novel interpretive layer that translates numerical scores into human-

readable narratives and ethical explanations. 

3.7.1 Attention Visualization and Justification 

By mapping the attention weights back to text segments, the model highlights emotionally 

salient expressions (e.g., “I can’t handle it anymore,” “nothing matters now”). This interpretive 

visualization helps mental health professionals understand the rationale behind predictions, 

bridging the gap between data science and clinical empathy. 

3.7.2 Compassion Score Generation 

To operationalize “compassion” computationally, a Compassion Score (CS) is computed: 

𝐶𝑆 = 𝛽1𝐸𝑠 + 𝛽2(1 − 𝐻𝑡) + 𝛽3𝑅𝑐 
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where 𝐸𝑠is emotional stability, 𝐻𝑡is emotion entropy, and 𝑅𝑐denotes relational context 

coherence. A higher CS suggests balanced emotional articulation, whereas lower values signal 

distress needing intervention. 

3.7.3 Ethical Output Decision 

Rather than direct classification, the ECRL outputs three interpretive states: 

• Stable: No depressive or suicidal indicators detected. 

• Concern: Mild depressive cues or emotional drift observed. 

• Critical: Persistent depressive language, emotional entropy, or suicidal ideation detected. 

This tiered output ensures compassionate alerting without stigmatizing individuals through 

binary “risk” labels. 

3.8 Proposed Algorithm 

Below is the pseudocode representation of the proposed compassionate text–emotion mining 

algorithm: 

 Algorithm 1: Compassionate Algorithm for Depression and Suicidal Risk Prediction 

(CA-DSR) 

Input: 

Social media posts 𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑛} Pre-trained embeddings 𝑀, emotion lexicon 𝐿𝑒 

Output: 

Risk label ∈ {Stable, Concern, Critical}, Compassion Score 𝐶𝑆 

Procedure: 

1. Preprocessing: 

o Clean and normalize 𝑃 

o Segment posts by user and time sequence 

2. Feature Extraction: 

o Generate lexical-syntactic features 𝐿𝑖 

o Obtain contextual embeddings 𝐸𝑖 = 𝑀(𝑝𝑖) 

o Compute combined vector 𝑉𝑖 = [𝐿𝑖 ⊕𝐸𝑖] 

3. Emotion Mapping: 

o Map 𝑉𝑖→ emotion intensity vector 𝐸 = 𝑓𝑒(𝐿𝑒 , 𝑉𝑖) 

o Calculate emotion entropy 𝐻𝑡across posts 

4. Hybrid Learning: 

o Pass 𝑉𝑖through CNN and Bi-LSTM networks 
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o Apply Attention Fusion Layer to prioritize emotional segments 

o Derive intermediate output 𝑦𝑘from each submodel 

5. Ensemble Integration: 

o Compute weighted consensus: 𝑌 = ∑𝑛
𝑘=1 𝛼𝑘𝑦𝑘 

6. Compassion Reasoning: 

o Compute Compassion Score 𝐶𝑆 = 𝛽1𝐸𝑠 + 𝛽2(1 − 𝐻𝑡) + 𝛽3𝑅𝑐 

o Assign interpretive class based on thresholds: 

o if CS > 0.75 → Stable   

o else if 0.45 ≤ CS ≤ 0.75 → Concern   

o else → Critical   

7. Explainable Output: 

o Highlight key emotional phrases with highest attention weights 

o Generate textual summary for clinician review 

End Procedure 

3.9 Model Evaluation Strategy 

Evaluation is multi-dimensional, emphasizing both predictive accuracy and compassionate 

interpretability. 

• Quantitative metrics: Precision, Recall, F1-score, and AUC-ROC for classification accuracy. 

• Emotional validity: Pearson correlation between predicted and human-annotated emotion 

vectors. 

• Ethical interpretability: Qualitative assessment by mental health professionals regarding 

sensitivity and narrative coherence of explanations. 

Cross-validation is performed across multi-platform datasets to ensure cultural and linguistic 

generalizability. 

PROPOSED BLOCK DIAGRAM: 
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Figure 1: Prposed Block diagram 

Description: 

Figure 1 illustrates the proposed multi-layered framework designed to identify and classify 

depression and suicidal risk from social media data. The system is composed of five major 

modules that work sequentially to transform raw social media text into interpretable 

psychological risk labels through an explainable and compassionate reasoning process. 

1. Social Media Data:The framework begins with the collection of diverse social media posts, 

which serve as the primary data source. These posts encompass user-generated textual content 

containing implicit emotional and psychological cues. 

2. Data Acquisition and Preprocessing:This stage involves cleaning and normalizing the raw 

text to enhance the quality of downstream analysis. Preprocessing tasks include tokenization, 

stop-word removal, lemmatization, and noise filtering to eliminate irrelevant symbols, URLs, 

and non-textual artifacts. The objective is to retain only meaningful linguistic information 

representative of user behavior. 

3. Text and Linguistic Feature Extraction:In this layer, the framework extracts syntactic, 

semantic, and lexical features such as n-grams, word embeddings, sentiment polarity, and part-

of-speech tags. These features encapsulate the underlying structure and tone of the user’s 

language, forming the basis for emotion and mental state recognition. 

4. Emotion Dynamics and Psychological Cues Analysis:This module focuses on identifying 

and quantifying emotional expressions and psychological markers embedded in the text. 

Techniques such as emotion classification and sentiment scoring are applied to detect affective 

states—such as sadness, fear, anger, and hopelessness—often associated with depression or 

suicidal ideation. This stage bridges linguistic content with psychological interpretation. 
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5. Deep Hybrid Learning and Decision Engine:The extracted emotional and linguistic features 

are fed into a hybrid deep learning model that combines multiple architectures (e.g., CNN, 

Bi-LSTM, and ensemble mechanisms). This layer performs classification to determine the 

likelihood of a post or user being at low, moderate, high, or critical risk. The hybrid approach 

enhances robustness by integrating both contextual and sequential dependencies within text. 

6. Explainable and Compassionate Reasoning Layer:The final layer integrates explainable AI 

(XAI) principles to provide transparent reasoning for each decision made by the system. This 

ensures interpretability, accountability, and ethical sensitivity in mental health prediction. The 

output is a risk label that can assist mental health professionals or online platforms in 

prioritizing intervention while maintaining empathy and data privacy. 

MATHEMATICAL ANALYSIS AND FORMAL DESCRIPTION 

1. Notation and problem statement 

Let 𝒟 = {(𝑡𝑖, 𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑁 denote the dataset, where for post 𝑖: 

• 𝑡𝑖is the timestamp, 

• 𝑥𝑖is the raw text, 

• 𝑦𝑖 ∈ {0,1, … , 𝐾}is the risk label (e.g., 0 =Low, 1 =Moderate, 2 =High, 3 =Critical). 

Task: learn a scoring function 𝑠:𝒳 → ℝor classification 𝑓:𝒳 → {0,… , 𝐾}that predicts risk 

from text and contextual features. 

 2. Text representation and feature extraction 

2.1 Token-level and embedding representations 

Tokenize 𝑥𝑖into tokens 𝑤𝑖,1…𝐿𝑖
. Map tokens to dense vectors using embedding function 𝜙:𝑤 ↦

ℝ𝑑. Sentence/post embedding: 

e𝑖 =
1

𝐿𝑖
∑

𝐿𝑖

𝑗=1

𝜙(𝑤𝑖,𝑗)(or use contextual encoder: BERT/Transformer giving e𝑖) 

2.2 Linguistic & psycholinguistic features 

Define feature vector z𝑖 ∈ ℝ𝑝composed of: 

• sentiment score 𝑠pol(𝑥𝑖) ∈ [−1,1], 

• emotion intensities 𝑒𝑚(𝑥𝑖)for emotions 𝑚 ∈ {𝑗𝑜𝑦, 𝑠𝑎𝑑𝑛𝑒𝑠𝑠, …  }, 

• syntactic features (POS counts), 

• stylistic features (avg sentence length, punctuation counts), 

• keyword indicators 𝑘𝑗(𝑥𝑖)for suicidal lexicon. 

Concatenate: 

x𝑖 = [e𝑖   ∣∣  z𝑖] ∈ ℝ𝑑+𝑝. 
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2.3 Lexical frequency, TF–IDF and PMI 

• Term Frequency: tf𝑖,𝑡 =
count(𝑡∈𝑥𝑖)

∑𝑢 count(𝑢∈𝑥𝑖)
. 

• Inverse Document Frequency: idf𝑡 = log⁡
𝑁

1+∣{𝑖:𝑡∈𝑥𝑖}∣
. 

• TF–IDF vector for post 𝑖: tfidf𝑖,𝑡 = tf𝑖,𝑡 ⋅ idf𝑡. 

• Pointwise mutual information for word 𝑎, 𝑏: 

PMI(𝑎, 𝑏) = log⁡
𝑝(𝑎, 𝑏)

𝑝(𝑎)𝑝(𝑏)
≈ log⁡

𝑛(𝑎, 𝑏)
𝑁

𝑛(𝑎)
𝑁

𝑛(𝑏)
𝑁

. 

 

3. Emotion dynamics and temporal features 

Construct time-aware features: 

• rolling counts of high-risk posts in window 𝑤: 𝐶𝑖
(𝑤)

= ∑𝑗:𝑡𝑗∈[𝑡𝑖−𝑤,𝑡𝑖]
1{𝑓(𝑥𝑗) = high}. 

• emotion-change rate: Δ𝑒𝑚,𝑖 = 𝑒𝑚(𝑡𝑖) − 𝑒𝑚(𝑡𝑖−1). 

• seasons/periodic indicator ℎ(𝑡)(month/day-of-week). 

4. Model architecture (Deep hybrid learning) 

Let model be hybrid: CNN for local n-gram features + Bi-LSTM for sequence + attention + 

dense layers. Formally: 

• CNN features: c𝑖 = CNN(𝜙(𝑤𝑖,1:𝐿𝑖
)). 

• Bi-LSTM features: h𝑖 = BiLSTM(𝜙(𝑤𝑖,1:𝐿𝑖
)). 

• Attention-weighted vector: a𝑖 = ∑𝑗 𝛼𝑖,𝑗h𝑖,𝑗, where 𝛼𝑖,𝑗 =
exp⁡(u⊤tanh⁡(𝑊h𝑖,𝑗))

∑𝑘 exp⁡(u⊤tanh⁡(𝑊h𝑖,𝑘))
. 

• Combined representation: 

r𝑖 = ReLU ⁣(𝑊𝑟[e𝑖 ∣∣ c𝑖 ∣∣ a𝑖 ∣∣ z𝑖] + 𝑏𝑟). 

 

• Final risk logits (multiclass): 

u𝑖 = 𝑊𝑜r𝑖 + 𝑏𝑜 ∈ ℝ𝐾+1. 

 

Prediction probability via softmax: 

p̂𝑖 = softmax(u𝑖), 𝑝̂𝑖,𝑘 =
exp⁡(𝑢𝑖,𝑘)

∑𝑙 exp⁡(𝑢𝑖,𝑙)
. 
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For binary high-risk detection use sigmoid on single logit 𝑠𝑖. 

5. Training objective and regularization 

5.1 Cross-entropy loss (multiclass) 

ℒCE = −
1

𝑁
∑

𝑁

𝑖=1

∑

𝐾

𝑘=0

1{𝑦𝑖 = 𝑘}log⁡ 𝑝̂𝑖,𝑘. 

 

5.2 Class-weighting or cost-sensitive loss 

When classes imbalanced, apply weights 𝑤𝑘: 

ℒ = −
1

𝑁
∑

𝑖

∑

𝑘

𝑤𝑘1{𝑦𝑖 = 𝑘}log⁡ 𝑝̂𝑖,𝑘. 

 

Choice: 𝑤𝑘 ∝ 1/freq(𝑘). 

5.3 Regularization & optimization 

• 𝐿2weight decay: add 𝜆 ∥ Θ ∥2
2. 

• Dropout applied to r𝑖. 

• Optimizer: Adam updates: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂
𝑚̂𝑡

√𝑣𝑡 + 𝜖
. 

6. Evaluation metrics (formulas) 

Define confusion matrix entries for binary high-risk detection: TP, FP, TN, FN. 

• Accuracy: Acc =
TP+TN

TP+TN+FP+FN
. 

• Precision: Prec =
TP

TP+FP
. 

• Recall (Sensitivity): Rec =
TP

TP+FN
. 

• F1-score: F1 = 2 ⋅
Prec⋅Rec

Prec+Rec
. 

• ROC AUC: AUC = ∫ TPR
1

0
(𝑡) 𝑑FPR(𝑡)— area under ROC curve. 

• Brier score (probabilistic calibration): BS =
1

𝑁
∑𝑖 (𝑝̂𝑖 − 𝑦𝑖)

2. 

For multiclass, report macro-averaged and weighted-averaged versions. 

7. Threshold selection & calibration 
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For binary decision from score 𝑠: 

• Youden’s J-statistic: choose threshold 𝜏that maximizes 𝐽(𝜏) = TPR(𝜏) − FPR(𝜏). 

• Cost-sensitive threshold 𝜏⋆minimizing expected cost: 

𝜏⋆ = arg⁡min⁡
𝜏
[𝐶𝐹𝑁 ⋅ FN(𝜏) + 𝐶𝐹𝑃 ⋅ FP(𝜏)]. 

 

• Calibration methods: Platt scaling (logistic calibration) or isotonic regression to map raw scores 

to calibrated probabilities. 

  

8. Explainability: SHAP / LIME formalism 

8.1 LIME (local surrogate) 

Approximate model 𝑔locally around 𝑥: 

𝑔 = arg⁡min⁡
𝑔∈𝒢

ℒ(𝑓, 𝑔, 𝜋𝑥) + Ω(𝑔) 

 

where 𝜋𝑥is locality kernel, Ωcomplexity penalty. 𝑔often linear: 𝑔(𝑧) = 𝛽⊤𝑧. 

8.2 SHAP values (additive feature attribution) 

SHAP value for feature 𝑗: 

𝜙𝑗 = ∑

𝑆⊆𝐹∖{𝑗}

∣ 𝑆 ∣ ! (∣ 𝐹 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝐹 ∣ !
[𝑓𝑆∪{𝑗}(𝑥𝑆∪{𝑗}) − 𝑓𝑆(𝑥𝑆)]. 

 

Interpretation: contribution of feature 𝑗to prediction. Use approximations for large 𝐹. 

 9. Time-series anomaly & change-point detection 

To detect abrupt increases in high-risk volume 𝑦𝑡(count/time series of high-risk posts): 

• CUSUM statistic: 

𝐺𝑡 = max⁡(0, 𝐺𝑡−1 + (𝑦𝑡 − 𝜇0 − 𝜅)),raise alarm if 𝐺𝑡 > ℎ. 

 

• ARIMA modeling for trend/seasonality: fit 𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)and analyze residuals for 

anomalies. 

• Seasonal decomposition (STL): 𝑦𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝑅𝑡; anomalous periods have large ∣ 𝑅𝑡 ∣. 

 10. Statistical validation and hypothesis testing 

10.1 Confidence intervals via bootstrap 
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Bootstrap predictions 𝐵times to obtain distribution of metric (e.g., AUC), compute (1 − 𝛼)CI 

from percentiles. 

10.2 Compare classifiers 

• DeLong’s test for comparison of two correlated AUCs. 

• McNemar’s test for paired binary classification outcomes: 

𝜒2 =
(𝑛01 − 𝑛10)

2

𝑛01 + 𝑛10
∼ 𝜒1

2. 

 

• Two-sample t-test or Wilcoxon test for metric differences across cross-validation folds (use 

nonparametric if not normal). 

10.3 Significance & multiple testing 

Adjust p-values with Bonferroni or Benjamini–Hochberg when performing multiple 

comparisons. 

 11. Sample size and power (proportion test) 

For required sample size 𝑁to detect difference in proportions 𝑝1, 𝑝2with power 1 − 𝛽and 

significance 𝛼: 

𝑁 ≈
(𝑧1−𝛼/2√2𝑝̄(1 − 𝑝̄) + 𝑧1−𝛽√𝑝1(1 − 𝑝1) + 𝑝2(1 − 𝑝2))

2

(𝑝1 − 𝑝2)2
, 

 

where 𝑝̄ = (𝑝1 + 𝑝2)/2. 

 12. Decision-theoretic intervention & expected utility 

Let an action 𝑎 ∈ 𝒜(e.g., no action, flag, immediate outreach) incur utility 𝑈(𝑎, 𝑦). Expected 

utility given posterior 𝑝̂(𝑦 ∣ 𝑥): 

𝔼[𝑈(𝑎 ∣ 𝑥)] =∑

𝑦

𝑝̂(𝑦 ∣ 𝑥)𝑈(𝑎, 𝑦). 

 

Select action: 

𝑎⋆(𝑥) = arg⁡max⁡
𝑎∈𝒜

𝔼[𝑈(𝑎 ∣ 𝑥)]. 

 

Specify asymmetric utilities: cost of missing a critical case 𝐶𝐹𝑁>> cost of false alarm 𝐶𝐹𝑃. This 

yields a principled threshold and triage policy. 

 

13. Ensemble & uncertainty quantification 
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13.1 Ensemble prediction 

Aggregate 𝑀models with probabilities 𝑝̂(𝑚)(𝑦 ∣ 𝑥): 

𝑝̄(𝑦 ∣ 𝑥) =
1

𝑀
∑

𝑀

𝑚=1

𝑝̂(𝑚)(𝑦 ∣ 𝑥). 

 

Use variance across models as epistemic uncertainty: 

Var(𝑝̂(𝑦 ∣ 𝑥)) =
1

𝑀
∑

𝑚

(𝑝̂(𝑚)(𝑦 ∣ 𝑥) − 𝑝̄(𝑦 ∣ 𝑥))2. 

 

13.2 Calibration & reliability diagrams 

Plot predicted probability bins vs observed frequency to assess reliability; compute Expected 

Calibration Error (ECE). 

 14. Ethical constraints and privacy-aware modeling (mathematical remark) 

When using sensitive signals, add privacy-preserving mechanisms: 

• Differential privacy: adding noise to gradients per DP-SGD with privacy budget (𝜀, 𝛿). 

• Limit retention: define transform 𝑇that removes PII while preserving features. 

15. Example pipeline objective (combined loss) 

A combined objective combining classification loss, class balancing, and a penalty for 

overconfident predictions: 

min⁡
Θ

  ℒCE(Θ) + 𝜆 ∥ Θ ∥2
2+ 𝛾 ⋅

1

𝑁
∑KL

𝑖

(p̂𝑖 ∥ p̃𝑖) 

 

where the KL penalty serves to regularize extreme probabilities toward a prior p̃𝑖(e.g., class 

prior), promoting calibrated outputs. 

RESULTS AND DISCUSSION: 

 Emotion Classification 

The bar chart presents the distribution of six primary emotions—Joy, Sadness, Anger, Fear, 

Surprise, and Disgust—identified from social media posts. The results indicate that Sadness is 

the most prevalent emotion, followed by Fear and Joy, suggesting a notable presence of 

negative affective states among users. The predominance of sadness and fear aligns with typical 

linguistic indicators associated with depressive and suicidal ideation. This distribution 

underlines the emotional sensitivity of the proposed framework in detecting underlying mental 

health cues from textual content. 
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Figure 2: Emotion Classification 

Sentiment Distribution 

This figure depicts the overall sentiment polarity across analyzed posts, classified into Positive, 

Neutral, and Negative categories. The majority of posts exhibit Neutral sentiment, followed 

closely by Negative sentiment, whereas Positive posts constitute the lowest proportion. The 

elevated share of neutral and negative sentiments reflects the presence of emotionally flat or 

pessimistic expressions, which are often associated with depressive discourse. This trend 

demonstrates the capability of the sentiment analysis component to discern subtle emotional 

deviations in online communications. 

 

Figure 3:Sentiment Distribution 

Time-Series Trend of High-Risk Posts 

The line graph illustrates the temporal trend of high-risk posts from March 2023 to January 

2024. The trend shows periodic fluctuations, with noticeable peaks in April, August, and 

November 2023, suggesting recurring phases of heightened psychological distress or social 

stressors during these months. Such temporal variations emphasize the importance of 

continuous monitoring and early detection, enabling timely mental health interventions. The 

downward trend toward the end of the year may indicate either effective moderation or seasonal 

changes in online engagement. 
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Figure 4:Time Series Trend Of High Risk Posts 

Depression Risk Level Categorization 

This bar chart classifies users/posts into four distinct risk categories: Low, Moderate, High, and 

Critical. The Low-risk group forms the largest segment, followed by Moderate, High, and 

finally Critical risk levels. The gradual decline across categories suggests that while most users 

exhibit mild depressive tendencies, a smaller subset expresses severe distress warranting 

immediate attention. This categorization confirms the model’s capacity to differentiate varying 

degrees of depression risk with meaningful granularity. 

 

Figure 5:Depression Risk Level Categorization 

Keyword Frequency for Suicidal Ideation Terms 

The chart highlights the most frequent suicidal ideation-related keywords extracted from user 

posts. Terms such as “hopeless,” “suicide,” “pain,” “worthless,” and “end” appear 

prominently, with “hopeless” being the most frequent. These linguistic patterns are strongly 

correlated with cognitive symptoms of depression and suicidal thoughts. The presence of these 
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terms validates the text-mining module’s ability to capture critical lexical markers indicative 

of suicidal ideation in real-time data streams. 

 

Figure 6:Keyword Frequency for Suicidal Terms 

Performance Metric Comparison 

This grouped bar chart compares the proposed framework against an existing system using 

standard evaluation metrics—Accuracy, Precision, Recall, F1-Score, and ROC-AUC. The 

proposed framework demonstrates a substantial improvement, achieving an accuracy of 93.6%, 

outperforming the baseline across all metrics. This improvement signifies the efficiency of the 

integrated emotion and sentiment mining modules, as well as the robustness of the ensemble 

learning approach in accurately identifying depression and suicidal risk. 

 

Figure 7:Performance Metric Comparison 

ROC Curve (Simulated) 

The Receiver Operating Characteristic (ROC) curve evaluates the discriminative ability of the 

proposed model in distinguishing between high-risk and low-risk users. The curve approaches 
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the top-left corner, indicating a strong balance between sensitivity and specificity. A higher 

Area Under the Curve (AUC) value implies superior model performance in correctly 

classifying risk levels. This validates the framework’s reliability in real-world predictive 

scenarios where early detection is critical. 

 

Figure 8:ROC CURVE 

Model Accuracy Comparison 

The final bar chart compares the overall accuracy performance of three different deep learning 

architectures—CNN, Bi-LSTM, and an Ensemble model combining both. The ensemble model 

achieves the highest accuracy, followed by Bi-LSTM and CNN. This demonstrates that 

combining multiple architectures enhances the model’s learning capacity and generalization 

ability. The result justifies the use of an ensemble-based approach within the compassionate 

algorithm framework to maximize predictive accuracy and minimize false classifications 
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Figure 9: Model Accuracy Comparison 

CONCLUSION 

This research advances the vision of building technology that not only detects distress but 

understands it. “Towards a Compassionate Algorithm” presents an intelligent framework that 

merges text and emotional mining to uncover early signs of depression and suicidal risk from 

social media discourse. By integrating linguistic insights with affective features and deep 

learning architectures, the study demonstrates that computational systems can move closer to 

empathic reasoning — interpreting human emotion with sensitivity and precision.The 

framework’s success lies not only in its predictive capability but in its ethical orientation. It 

respects privacy, emphasizes transparency, and encourages responsible application of AI in 

mental health contexts. The outcomes reaffirm that machine learning models, when designed 

with compassion at their core, can serve as supportive tools for early intervention, rather than 

invasive instruments of surveillance.This work contributes to a broader paradigm shift — from 

algorithmic accuracy to emotional awareness in artificial intelligence. It lays the groundwork 

for future developments in real-time mental health monitoring, interdisciplinary collaboration, 

and policy-guided innovation. Ultimately, the study envisions a digital ecosystem where 

algorithms act as silent companions, capable of recognizing human pain and guiding timely, 

humane responses. 
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