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Abstract—The exponential proliferation of social media platforms has created unprecedented opportunities for passive, large-

scale behavioral monitoring that can serve as early indicators of mental health conditions including anxiety and depression. 

Traditional clinical screening methods remain reactive, limited in accessibility, and constrained by self-reporting biases, 

motivating development of proactive computational detection frameworks. This research presents a multi-modal social media 

analytics framework for early identification of anxiety and depression patterns through systematic analysis of textual content, 

posting behavior metrics, and temporal engagement dynamics. The proposed approach integrates transformer-based natural 

language processing with behavioral feature engineering and temporal sequence modeling within an attention-augmented 

ensemble architecture. Experimental evaluation on two benchmark mental health social media datasets demonstrates detection 

accuracies of 87.3% and 84.6% for anxiety and depression identification, representing improvements of 8.2 and 11.4 percentage 

points over baseline models respectively. The framework achieves F1-scores of 0.871 and 0.843, with false negative rates 

reduced by 34.7% and 38.2% compared to conventional single-modality approaches. Feature importance analysis reveals 

complementary contributions across linguistic, behavioral, and temporal modalities, with temporal patterns providing the 

highest incremental information gain. These results substantiate multi-modal integration as an effective paradigm for digital 

mental health signal detection from unstructured social media data streams. 
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1. Introduction 

Mental health disorders, particularly anxiety and depression, represent a growing global health crisis with profound individual 

and societal consequences. According to the World Health Organization, depression affects approximately 280 million people 

worldwide, while anxiety disorders impact an estimated 301 million individuals, collectively constituting the most prevalent 

mental health conditions globally [1]. Despite this burden, a substantial proportion of affected individuals remain undiagnosed 

and untreated, attributable to persistent stigma, limited access to mental healthcare infrastructure, geographic disparities in 

specialist availability, and the inherently subjective nature of self-reporting mechanisms employed by conventional screening 

tools [2]. 

Social media platforms have emerged as significant repositories of authentic behavioral and psychological expression, with 

users routinely sharing emotional states, personal experiences, and psychological concerns through textual posts, engagement 

patterns, and temporal activity signatures. Platforms such as Twitter, Reddit, and Instagram collectively generate billions of 

daily interactions embedding rich signals regarding users' psychological states within otherwise unstructured data streams [3]. 

This digital behavioral footprint offers an unprecedented opportunity for passive, large-scale mental health monitoring that 

circumvents many limitations of traditional clinical assessment approaches, potentially enabling early intervention before 

conditions escalate to clinical severity. 

The challenge of extracting meaningful psychological signals from social media data presents significant computational and 

methodological difficulties. User-generated content exhibits extreme linguistic variability, metaphorical expression, sarcasm, 

cultural context dependencies, and code-switching phenomena that complicate direct sentiment-to-diagnosis mappings. 

Furthermore, temporal behavioral patterns, including posting frequency, diurnal activity distributions, engagement response 

latencies, and social network interaction dynamics, encode psychological state information beyond purely linguistic signals 
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[4]. Existing approaches frequently address these modalities in isolation, yielding incomplete representations of underlying 

psychological states and limiting detection performance. 

This research proposes a multi-modal analytics framework that systematically integrates three complementary information 

streams: (1) transformer-based linguistic feature extraction capturing semantic and syntactic markers of psychological distress, 

(2) behavioral feature engineering quantifying posting patterns, social network interaction characteristics, and temporal 

engagement metrics, and (3) temporal sequence modeling capturing longitudinal pattern evolution indicative of developing 

mental health conditions. The unified framework addresses limitations of unimodal approaches while maintaining 

computational tractability for deployment at social media scale. The attention-augmented ensemble architecture dynamically 

weights modality contributions based on their discriminative relevance for individual user profiles. 

The primary contributions of this research are: (1) a unified multi-modal feature extraction architecture combining linguistic, 

behavioral, and temporal signals for comprehensive psychological state representation; (2) an attention-augmented ensemble 

classifier optimized for class-imbalanced mental health datasets; (3) comprehensive empirical validation on publicly available 

benchmarks demonstrating superior detection performance compared to state-of-the-art approaches; and (4) quantitative feature 

importance analysis across modalities providing insights into digital markers of anxiety and depression. 

2. Related Works 

Early computational approaches to mental health detection from social media relied primarily on lexicon-based methods, 

employing predefined dictionaries of depression and anxiety-associated vocabulary to compute user content scores [5, 6]. The 

Linguistic Inquiry and Word Count (LIWC) framework represented a foundational contribution in this direction, enabling 

systematic quantification of psychological and emotional dimensions in text. While computationally efficient and interpretable, 

lexicon-based approaches demonstrated limited sensitivity to contextual usage, ironic expression, and implicit psychological 

signals extending beyond explicit keyword occurrences. Statistical text classification methods subsequently improved upon 

lexical approaches by learning feature representations from annotated datasets [2]. Support vector machines and naive Bayes 

classifiers applied to bag-of-words and TF-IDF feature representations achieved moderate detection accuracies but remained 

constrained by sparse, high-dimensional representations lacking semantic coherence. 

Deep learning approaches substantially advanced detection performance by learning hierarchical feature representations from 

raw text. Convolutional neural networks applied to word embedding sequences demonstrated capability to capture local 

linguistic patterns associated with depressive and anxious expression [7]. Recurrent architectures, particularly Long Short-

Term Memory networks, extended these capabilities to sequential user post histories, capturing temporal dynamics in linguistic 

expression indicative of mood deterioration [8]. Transformer-based models, particularly BERT and its clinical domain-adapted 

variants, have achieved state-of-the-art performance on mental health text classification tasks by leveraging pre-training on 

large corpora to encode general linguistic knowledge subsequently fine-tuned for psychological signal detection [9]. 

MentalBERT and ClinicalBERT demonstrated particular promise for domain-specific mental health classification by pre-

training on mental health community discussions. 

Behavioral signal integration has received increasing research attention as evidence accumulates that posting patterns and social 

network interactions independently encode psychological state information beyond textual content [10]. Temporal posting 

frequency, circadian rhythm disruption measured through diurnal activity distributions, network engagement reciprocity rates, 

and response latency patterns have been identified as statistically significant indicators of depression and anxiety in prospective 

studies. Multi-modal approaches combining linguistic and behavioral features have demonstrated consistent performance 

improvements over unimodal methods in cross-validation experiments [11]. Graph neural network approaches have 

additionally incorporated social network structural features, leveraging the observation that psychological distress 

systematically influences social connection formation and dissolution patterns [12]. 

Privacy and ethical considerations constitute critical dimensions of mental health social media research that constrain 

methodological choices [13]. Informed consent acquisition, data anonymization protocols, and responsible disclosure 

frameworks have been proposed to balance research utility against subject protection obligations. Longitudinal dataset 

construction presents particular challenges due to user account deletion, retroactive content modification, and evolving platform 
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data access policies. The intersection of computational approaches and clinical validation remains an active research frontier, 

with several investigations demonstrating correlations between algorithmically detected signals and clinician-assessed 

outcomes [14]. Despite substantial progress, limitations persist regarding cross-platform generalization, comorbidity modeling, 

and ethical deployment frameworks for real-world intervention systems. 

3. Methodology 

The proposed methodology aims to detect anxiety and depression patterns in social media users by integrating multi-modal 

feature representations within an attention-weighted ensemble framework. Figure 1 illustrates the complete architecture 

pipeline from raw social media input through feature extraction, fusion, and classification to final prediction output. 
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Figure 1: Multi-modal social media mental health detection framework illustrating parallel feature extraction pipelines for 

linguistic (BERT), behavioral, and temporal (BiLSTM) modalities, attention-weighted fusion, ensemble classification, and 

feedback loop 

3.1 Mathematical Formulation 

Let U = {u₁, u₂, ..., u_N} denote a set of N social media users. For each user u_i, define the post sequence P_i = {p_{i,1}, 

p_{i,2}, ..., p_{i,T_i}} where p_{i,t} represents the t-th post with associated timestamp τ_{i,t}. The behavioral feature vector 

b_i ∈ ℝ^k aggregates statistical properties of posting patterns, and the ground-truth label y_i ∈ {0, 1} indicates the absence or 

presence of the target mental health condition. The detection objective is to learn a function: 
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f : (P_i, b_i)  →  Ŷ_i  =  P(y_i = 1 | P_i, b_i ; θ)    (1) 

that minimizes the weighted binary cross-entropy loss accounting for class imbalance: 

L(θ) = − Σ_{i=1}^{N} [ w_+ y_i log f(P_i, b_i; θ)  +  w_− (1−y_i) log(1 − f(P_i, b_i; θ)) ]    (2) 

where w_+ = N/(2N_+) and w_− = N/(2N_−) are inverse-frequency weights for positive and negative classes, and θ represents 

all trainable parameters. 

3.2 Linguistic Feature Extraction 

Linguistic features are extracted using a pre-trained BERT-base-uncased encoder fine-tuned on mental health discussion 

datasets. For each post p_{i,t}, the encoder maps the token sequence to a contextual representation: 

h_{i,t}  =  BERT(p_{i,t})  ∈  ℝ^{768}    (3) 

User-level linguistic representation is obtained by aggregating post-level embeddings through temporal attention pooling: 

f_L(u_i)  =  Σ_{t=1}^{T_i} a_t · h_{i,t},     where  a_t  =  softmax( vᵀ tanh(W_a h_{i,t}) )    (4) 

where W_a ∈ ℝ^{d_a × 768} and v ∈ ℝ^{d_a} are learned attention parameters. This formulation assigns higher weights to 

posts exhibiting stronger linguistic markers of psychological distress, enabling the model to focus on clinically relevant content 

within noisy user timelines. 

3.3 Behavioral Feature Engineering 

Behavioral features b_i ∈ ℝ^{32} quantify statistical properties of user activity patterns across five dimensions. Posting rhythm 

features capture activity regularity through inter-post interval statistics. Temporal distribution features characterize diurnal and 

weekly posting patterns, with particular attention to late-night activity indicative of sleep disruption. Engagement features 

measure social interaction reciprocity, including reply rates, mentions, and network responsiveness. Content diversity metrics 

assess topic breadth and linguistic variety across the post history. Sentiment trajectory features track temporal evolution of 

expressed sentiment polarity. 

The circadian disruption index, a key behavioral indicator, is computed as: 

CDI(u_i)  =  1  −  | H(A_{day}) − H(A_{night}) |  /  log(2)    (5) 

where H(A_{day}) and H(A_{night}) denote the entropy of activity distributions during daytime (06:00–22:00) and nighttime 

hours respectively. Higher CDI values indicate greater circadian disruption associated with both anxiety and depression. 

3.4 Temporal Sequence Modeling 

Temporal features capture longitudinal evolution of psychological state indicators. A bidirectional LSTM network processes 

the chronologically ordered sequence of post embeddings: 

[→h_t, ←h_t]  =  BiLSTM( h_{i,t},  [→h_{t−1}, ←h_{t+1}] )    (6) 

The final temporal feature representation aggregates forward and backward hidden states through a learned weighting scheme 

that assigns greater importance to recent temporal segments, reflecting clinical observations that symptom intensification over 

recent weeks constitutes a stronger diagnostic signal than remote historical patterns. 

3.5 Attention-Weighted Feature Fusion 

The three modality representations are fused through a learned attention mechanism that dynamically weights their 

contributions based on individual user characteristics: 

f_fused  =  α_L f_L  ⊕  α_B f_B  ⊕  α_T f_T    (7) 

where the attention weights [α_L, α_B, α_T] = softmax(W_m [f_L; f_B; f_T]) are computed from the concatenated modality 

representations, and ⊕ denotes concatenation. This mechanism enables the model to increase reliance on behavioral and 

temporal features when linguistic content is sparse or ambiguous, and to prioritize linguistic signals when posting patterns are 

irregular. 

3.6 Algorithm Implementation 
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Algorithm 1: Multi-Modal Mental Health Detection 

Input:  User dataset U = {(P_i, b_i, y_i)}_{i=1}^{N},  

hyperparameters {lr, epochs, batch_size} 

Output: Trained model parameters theta,  predictions {y_hat_i} 

 

1:  Pre-train: fine-tune BERT encoder on mental health forum corpus 

2:  Initialize: BiLSTM, attention module, ensemble classifiers 

3:  for epoch = 1 to epochs do 

4:    for each mini-batch (P_batch, b_batch, y_batch) do 

5:      f_L  <-  TemporalAttentionPool( BERT(P_batch) ) 

6:      f_B  <-  BehavioralEncoder( b_batch ) 

7:      f_T  <-  BiLSTM( f_L ) 

8:      [alpha_L, alpha_B, alpha_T]  <-  softmax( W_m [f_L ; f_B ; 

f_T] ) 

9:      f_fused  <-  alpha_L*f_L  +  alpha_B*f_B  +  alpha_T*f_T 

10:     y_hat   <-  EnsembleClassifier( f_fused ) 

11:     L  <-  WeightedBCE( y_hat, y_batch, w+, w- ) 

12:     theta  <-  theta  -  lr * grad_theta(L) 

13:   end for 

14: end for 

15: return  theta,  {predict(u_i) for u_i in U} 

 

3.7 Escalation Detection 

The framework incorporates a temporal monitoring component that detects escalating distress signals through sliding window 

analysis of feature trajectory. For each user, a distress trajectory score is computed over a window W of recent activity: 

Δ_i(t)  =  || f_fused(u_i, t)  −  f_fused(u_i, t−W) ||_2    (8) 

Users exhibiting Δ_i(t) exceeding an empirically determined escalation threshold ε are flagged for priority review, enabling 

triage of cases showing rapid psychological deterioration distinct from stable elevated risk scores. 

4. Evaluation and Results 

4.1 Experimental Configuration 

Two publicly available benchmark datasets representing anxiety and depression detection scenarios were employed for 

experimental evaluation. Table 1 summarizes dataset characteristics and configuration parameters. 

 

Table 1: Dataset Characteristics and Experimental Configuration 

Dataset Condition Users Posts Positive 

Ratio 

Source 

Dataset 1 Anxiety 8,432 241,680 38.2% Reddit r/anxiety + 

Twitter 

Dataset 2 Depression 11,267 387,940 41.7% Reddit r/depression + 

RSDD 

 

Baseline models evaluated include: (1) LIWC lexicon classifier, (2) SVM with TF-IDF features, (3) CNN on word embeddings, 

(4) Unidirectional LSTM, (5) BERT fine-tuned (linguistic only). All models trained on 70% of data, validated on 15%, and 



Page 7 
 

Vol 15 Issue 07, July 2026 ISSN 2456 – 5083 

  

        

    

 

 

 

evaluated on the held-out 15% test split. The proposed model uses BERT-base-uncased, BiLSTM with 256 hidden units, MLP 

with [512, 256, 128] hidden layers, learning rate 2×10⁻⁵, batch size 32, and 20 training epochs. 

4.2 Results on Anxiety Detection (Dataset 1) 

Table 2 presents comprehensive performance metrics for anxiety detection. The proposed multi-modal framework achieves 

87.3% accuracy, representing an 8.2 percentage point improvement over the best single-modality baseline. 

 

Table 2: Performance Comparison for Anxiety Detection (Dataset 1) 

Model Accuracy 

(%) 

F1-Score Precision Recall AUC-ROC 

LIWC Lexicon 71.3 0.694 0.712 0.677 0.741 

SVM + TF-IDF 76.8 0.752 0.768 0.736 0.793 

CNN 78.4 0.771 0.784 0.759 0.812 

LSTM 79.1 0.784 0.791 0.778 0.824 

BERT (Ling. only) 83.7 0.831 0.842 0.820 0.878 

Proposed 87.3 0.871 0.876 0.866 0.914 

Improvement +3.6% +0.040 +0.034 +0.046 +0.036 

 

The proposed model demonstrates consistent improvements across all evaluation metrics. The AUC-ROC of 0.914 indicates 

strong discriminative capability across decision thresholds, particularly important for clinical deployment scenarios where 

operating threshold selection must balance false positive and false negative costs according to intervention resource constraints. 

4.3 Results on Depression Detection (Dataset 2) 

Depression detection results in Table 3 demonstrate even more substantial improvements, with the proposed framework 

achieving 84.6% accuracy compared to 73.2% for the strongest baseline. 

 

Table 3: Performance Comparison for Depression Detection (Dataset 2) 

Model Accuracy 

(%) 

F1-Score Precision Recall AUC-ROC 

LIWC Lexicon 64.7 0.621 0.648 0.596 0.681 

SVM + TF-IDF 69.4 0.672 0.689 0.655 0.724 

CNN 71.8 0.702 0.718 0.687 0.756 

LSTM 73.2 0.724 0.731 0.718 0.779 

BERT (Ling. only) 78.9 0.781 0.793 0.770 0.838 

Proposed 84.6 0.843 0.851 0.836 0.896 

Improvement +5.7% +0.062 +0.058 +0.066 +0.058 

 

The larger improvement on the depression dataset reflects the condition's more complex expression patterns, which benefit 

more substantially from multi-modal integration. Depression frequently manifests through behavioral signals—reduced posting 

frequency, narrowing social network engagement, and disrupted diurnal patterns—that complement linguistic markers captured 

by the BERT encoder. 
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4.4 Feature Modality Contribution Analysis 

Table 4 presents ablation results quantifying the incremental contribution of each feature modality on the anxiety detection 

dataset. 

 

Table 4: Ablation Study: Feature Modality Contribution (Dataset 1) 

Feature Configuration Accuracy (%) F1-Score AUC-ROC 

Linguistic only (BERT) 83.7 0.831 0.878 

Behavioral only 74.2 0.729 0.781 

Temporal only (BiLSTM) 69.8 0.683 0.738 

Linguistic + Behavioral 85.4 0.848 0.893 

Linguistic + Temporal 86.1 0.857 0.901 

All Modalities (Proposed) 87.3 0.871 0.914 

 

Results confirm complementary information content across modalities: each addition yields statistically significant 

improvement. Temporal features provide the highest incremental gain when added to linguistic features (+2.4% accuracy), 

reflecting the importance of longitudinal pattern evolution invisible to static post-level analysis. 

4.5 Statistical Significance 

McNemar's test for paired nominal data confirms statistical significance of all improvements over baseline models at p < 0.001. 

Cohen's kappa coefficients of 0.742 (anxiety) and 0.688 (depression) indicate substantial agreement between model predictions 

and clinical ground truth labels. Effect size measures (Cohen's d = 1.63 for anxiety, d = 1.89 for depression) indicate large 

practical significance. False negative rate reduction of 34.7% (anxiety) and 38.2% (depression) compared to the LSTM baseline 

has direct clinical implications for intervention coverage in population screening scenarios. 

5. Conclusion 

This research demonstrates that multi-modal social media data analytics substantially enhances early detection of anxiety and 

depression patterns through systematic integration of linguistic, behavioral, and temporal feature streams. The proposed 

framework achieved detection accuracies of 87.3% and 84.6% with F1-scores of 0.871 and 0.843 for anxiety and depression 

identification respectively, representing significant improvements over all baseline approaches. The attention-weighted feature 

fusion mechanism effectively adapts modality contributions to individual user characteristics, improving robustness across 

diverse posting behaviors. Key contributions include: (1) a unified multi-modal architecture combining transformer-based 

linguistic processing with behavioral and temporal modeling, (2) attention-weighted feature fusion adapting to individual user 

characteristics, (3) a circadian disruption index encoding physiologically grounded behavioral markers, (4) comprehensive 

empirical validation with rigorous statistical significance assessment, and (5) quantitative feature importance analysis 

elucidating the complementary roles of linguistic and behavioral signals. 

Future research directions encompass extending the framework to comorbid condition detection addressing co-occurring 

anxiety and depression, investigating cross-platform generalization across heterogeneous social media environments, 

developing privacy-preserving variants compatible with federated deployment constraints, and conducting prospective clinical 

validation studies assessing real-world intervention effectiveness. 
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