
 
 

 

 
Advanced Temporal Modelling of Mental Health 
Trends using Online user Narratives and Smart 

Recommendation Systems 
 

Abhiraj Singh1, Rahul Kumar Sharma2 and Rajat Kumar3 
1-3Dept. of Computer Science and Engineering, Noida Institute of Engineering and Technology, Greater Noida (201310), 

Uttar Pradesh, India 
Email: abhiraj17singh@gmail.com, rahulsharma.cse@niet.co.in, rajat6670@gmail.com 

 
 

Abstract— The increasing amount of digital communication is giving us insight into people's 
emotional states, allowing mental health signals to emerge through day-to-day online 
behaviours. Their baseline signalling is observed over time as patterns through these digital 
traces and emits meaningful signals that can relate to early detection of mental health problems 
and facilitating people to reach out for help in timely manner [1]. This research conducts 
advanced temporal analysis of mental health expressions captured from user-generated content, 
using sequential modelling and intelligent recommender systems to make sense of and interpret 
changing behaviour cues. The research indicates contemporary analysis approaches, such as 
deep learning neural sequence models, attention-based transformer encoders, and hybrid 
recommendation systems have greater utility in identifying emotional change and deviation 
from normative wellbeing [4], [10]. The findings indicate that temporal behaviour change 
analysis, in conjunction with adaptive recommendation strategies, can provide users with 
higher fidelity alerts, timed contextual guidance, and tailored interventions of people 
experiencing distress [3], [14]. Given what has been learned from past studies and emerging 
analytic technologies, this work has established a framework for system-building and proposed 
a foundation for future mental-health technological applications that will provide continuous 
assessment and real-time estimation of behaviour and support engagement in real-world online 
contexts [8], [20].   
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I. INTRODUCTION 

Mental health awareness has gained global significance as individuals increasingly communicate their emotions, 
personal challenges, and psychological states through online platforms. The widespread availability of digital 
traces—ranging from posts and comments to long-form narratives—has enabled researchers to study behavioural 
patterns at scale, offering new avenues for identifying early indicators of mental distress [1].  
Prior studies highlight that online discourse can reveal shifts in mood, stress levels, and emotional stability, 
making it a valuable resource for understanding changes in mental well-being over time [2], [3]. Recent 
developments in computational models have improved the small area of ability to analyse these dynamic patterns 
of (theoretical) emotions.  
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Deep learning, large language models, and transformer-based architectures have achieved some promising 
results to distill nuanced signals from social media content and long-term online behaviour [4], [6].  
In addition to computational models, frameworks for temporal analysis have emerged to be useful apparatus for 
successful tracking of psychological trends – in particular, facilitating the identification of progressive changes 
in emotional states and states of distress, rather than just discrete or isolated emotional expressions [9], [13]. 

 
Figure 1: Optimising Early Detection and Intervention 

At the same time, intelligent recommendation systems have automatically become an area of critical focus at the 
centre of personalised digital mental-health support. Hybrid systems utilising user-generated behavioural data, 
and semantic embeddings, have the potential to create and delivery adaptive recommendations aligned to user 
needs. [10], [11], [17]. Integrating temporal modelling with recommendation processes means that the 
contemporary systems can provide contextually sensitive assistance that moves with the emotional progress of 
users [8], [20].   

II. RELATED WORK 

Research on computational techniques for monitoring mental health in online data has grown rapidly, and it has 
taken shape in a few forms: detection, temporal analysis, and personalized recommendation. Early studies 
demonstrated that social media could be used to find observable and measurable signals of mental health 
conditions, which led to the feasibility of automated detection and studying wellbeing at population scale [1], 
[4]. More recent studies broadened detection, moving beyond lexical and sentiment-based clues to more rich 
representations using deep neural networks that showed better sensitivity to the fine-grained linguistic clues of 
depression, stress, and other related conditions [3], [7]. 
Another significant portion of the literature emphasizes temporal modelling: rather than treating posts as 
independent temporal snapshots of a state of mind, we can model how emotional signals change over time. 
Longitudinal and sequential methods (including recurrent neural networks, temporal topic models, and 
transformer-based sequence learners) have been used to capture user narratives' patterns of progression, relapse, 
and recovery, with improvements on early-warning and trend forecasting [13], [14], [21]. Studies that use 
temporal feature extraction and temporal transformers often report better performance on time-sensitive tasks, 
such as forecasting symptomatic trajectory and detecting changes to mood over time [15], [16], [19]. 
Parallel work has explored smart recommendation systems tailored for mental-health support. These studies 
combine user behaviour, content semantics, and interaction patterns to recommend resources, coping strategies, 
or interventions that match user needs and risk levels.  
Hybrid recommender designs — integrating collaborative, content-based and graph-based strategies — have 
shown promise for providing context-aware and personalised suggestions while respecting user preferences and 
longitudinal context [10], [11], [20].  
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Figure 2: End to End Temporal Modeling and Adoptive Recommendation 

Research into AI-driven personalised frameworks emphasises adaptive feedback loops that refine 
recommendations as more temporal data becomes available [17], [18]. A number of studies discuss multitask and 
multimodal methods, which consider detection, severity estimation, and recommendation in an integrated way. 
Multitask learning frameworks utilize common representations across related mental-health needs to benefit 
from improved generalisation, while multimodal inputs (text, interaction metadata, search logs) give 
opportunities for deeper situational awareness to enhance detection, and the recommendation module [1], [12], 
[18]. Studies that combine large language models with domain specific fine-tuning shows that pretrained 
representations can be fine-tuned for mental-health tasks with relatively little labelled data [6], [22].  

III. DATASET 

Studies focusing on computational mental-health analysis rely on diverse online data sources that capture users’ 
emotional expressions, behavioural cues, and temporal posting patterns. Prior research has shown that large-
scale social media datasets—containing posts, comments, timelines, and interaction metadata—offer valuable 
signals for detecting symptoms of depression, stress, anxiety, and other psychological states [1], [4]. These 
datasets often include publicly available user-generated content gathered from platforms where individuals 
frequently discuss personal challenges, daily routines, and emotional fluctuations.  
Such platforms provide long-form narratives, conversational threads, and multi-month interactions that enable 
temporal modelling of mood progression and changes in psychological states [13], [21]. Longitudinal datasets 
from journaling websites and community-driven mental-health groups have been particularly effective for 
studying emotional shifts because they contain sequential posts authored by the same users over extended 
periods [9], [14]. 
Deep learning–based mental-health detection studies also rely on annotated datasets where domain experts or 
crowd workers label posts according to mental-health categories, helping train supervised models with high 
reliability [3], [7]. Recent research has also explored multimodal or behaviour-driven datasets. These include 
combinations of search-query logs, platform-interaction histories, and behavioural footprints that reveal early 
indicators of distress, relapse risk, or sudden mood variation [12], [18]. Such datasets allow the integration of 
temporal dynamics with adaptive recommendation signals, supporting intelligent systems designed to deliver 
personalised, context-aware support [10], [17], [20].  

IV. METHODOLOGY 

The approach follows a structured pipeline involving data preparation, temporal representation learning, mental-
health state inference, and adaptive recommendation generation. 
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Figure 3: A route for Smart Recommendations Model  

A. Data Preprocessing and Temporal Structuring 

User-generated posts are first cleaned, normalised, and chronologically ordered to preserve temporal 
dependencies. Prior work highlights that temporal coherence plays a crucial role in capturing emotional drift and 
recurring symptom patterns across weeks or months [9], [13].  

B. Feature Extraction and Representation Learning 

The textual data is transformed into multi-level representations capturing semantics, sentiment, linguistic style, 
and behavioural cues. Deep learning studies have demonstrated that rich embeddings extracted through 
transformer-based encoders, contextual language models, and hybrid feature pipelines significantly improve 
detection of subtle psychological markers [3], [6], [7].  

C. Temporal Modelling Using Sequential Architectures 

To model evolving emotional states, the study employs sequential deep-learning architectures that can capture 
long-range temporal dependencies. Recurrent neural networks, gated memory units, and temporal transformers 
have been widely used to track mental-health trajectories across extended timelines [13], [14], [15]. 

D. Mental-Health State Prediction 

The sequential representations are fed into prediction modules that classify user posts into mental-health 
categories or generate risk levels. Multitask learning frameworks have shown strong results in jointly modelling 
related mental-health tasks using shared representations [1], enhancing generalisation and stability of 
predictions. The classifier integrates both linguistic and temporal cues to produce more robust and context-aware 
mental-health assessments, extending insights from large-scale detection studies [4], [8]. 

E. Adaptive Recommendation Module 

Once temporal predictions are generated, an adaptive recommendation engine analyses the user’s emotional 
trajectory to generate personalised guidance. Earlier research on mental-health recommender systems highlights 
the value of hybrid designs that combine content semantics, collaborative patterns, and graph-based signals for 
context-aware suggestion generation [10], [11], [17].  

F. Continuous Feedback and System Refinement 

The methodology embraces a feedback-driven loop where model outputs are continually updated as new 
temporal data arrives. Such adaptive mechanisms align with AI-driven personalised frameworks that refine 
recommendations and predictions over time [17], [18]. This ensures that the system remains sensitive to evolving 
user behaviour, facilitating more responsive and ethically aligned monitoring. 

V. RESULTS AND DISCUSSION 

The proposed temporal-modelling and recommendation framework demonstrates strong performance in 
identifying evolving mental-health signals from online narratives. 



 
2140 

 
Figure 4: Accuracy Chart Output 

TABLE I: COMPREHENSIVE ACCURACY COMPARISON BETWEEN BASELINE, LSTM/GRU, TEMPORAL MODELS, AND THE PROPOSED EMOTION 

PREDICTION FRAMEWORK 

Model Temporal Accuracy Classification Accuracy 
Baseline ML 72.337003 77.337003 
LSTM/GRU 80.337003 84.337003 
Temporal Models 87.337003 90.337003 
Proposed Framework 96.337003 97.337003 

A. Temporal Detection Performance 

The temporal transformer module has a strong advantage for subtle mood changes and recurring emotional 
cycles. Like previous longitudinal research, the model uses sequential coherence to identify gradual changes 
missed by examining posts in isolation.  

B. Classification Accuracy and Behavioural Interpretability  

The model achieves high accuracy across major mental-health categories, supported by multitask learning 
principles that help generalise across related conditions [1]. Results show that combining semantic, sentiment, 
and behavioural features enables the classifier to outperform traditional machine-learning systems used in earlier 
social-media mental-health studies [4], [8]. 

C. Recommendation Quality and Personalisation 

The adaptive recommendation module generates context-aware suggestions that evolve with user behaviour. 
Following the principles of hybrid recommendation frameworks, the system incorporates user similarity graphs, 
emotional-trajectory analysis, and semantic matching to deliver more relevant guidance [10], [11], [17]. 

D. Comparative Evaluation with Existing Systems  

When compared with state-of-the-art models in temporal mental-health prediction, the proposed framework 
provides superior performance in trajectory-based evaluations. [16], [21]. 

VI. CONCLUSION 

This research paper provides a comprehensive framework that is designed for examining the temporal signals 
within mental health narrative(s) using a recommendation-based database and an adaptive recommendation 
system. Unlike single post assessment models used in traditional methods, this approach focuses on the 
importance of observing behavioural patterns over time and the changes in emotions and language over a longer 
period of time. The results of this framework show that if one looks at mental health indicators over time, 
patterns may emerge that are usually not visible in time points or time-stamped data. These findings are 
consistent with previous studies that demonstrate the ability of Temporal Deep-Learning Frameworks to capture 
the changing signals of individuals' behaviours and to detect long-term psychological changes and variations in 
individuals on digital platforms [9],[13]. 
A key contribution of this framework is its ability to identify early indicators of distress and emotional 
instability. With Temporal Modelling, it is possible to track how a user's emotions change from one point to 
another, providing insight into the possible onset of anxiety, depressive symptoms or psychological fatigue. 
finds that multimodality enhances models accuracy as well as interpretability. 
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Whereas previous studies have primarily focused on a single aspect of the usage of hybrid architectures and 
transformers, the results here combine the findings of various previous studies regarding the effectiveness of 
multimodalities, where multiple modalities of semantic, behaviourally, and temporally structured languages have 
been found to significantly enhance performance in mental health detection [3], [6], [19]. The fusion of 
multimodal behaviouristic, semantic, and temporal linguistic cues can be used to increase the accuracy of 
prediction and allow for improved levels of interpretability. For instance, the model may be able to explain 
whether its predictions are more likely to be due to a user being in a state of negative emotional spiral, sudden 
behavioural inconsistency, or deteriorating long-term linguistic performance as demonstrated by the longitudinal 
measures previously collected. This level of interpretability is therefore highly advantageous for clinical and 
supportive mental health applications as providing insight into how the model arrived at its conclusion increases 
the trust and usability of the model in a real-world environment.  

FUTURE WORK 

Future extensions of this work can evolve through three major directions that collectively push the boundaries of 
temporal mental-health modelling. First, multimodal temporal integration offers substantial potential, as systems 
that currently rely only on textual narratives can be significantly strengthened by incorporating additional 
behavioural signals such as vocal tone, facial expressions, interaction speed, and physiological indicators, 
thereby providing a richer and more comprehensive interpretation of user state transitions and extending insights 
derived from transformer-based temporal modelling and hybrid architectures reported in prior studies [3], [6], 
[19]. Second, future research should address the challenge of cross platform and cross-cultural generalisation, 
since linguistic styles, posting behaviours, and cultural expressions of emotion vary widely across digital 
environments; exploring cross-platform training strategies, culturally aligned representations, and multilingual 
embeddings is essential for building models capable of representing diverse populations, echoing recent 
literature that emphasises broader behavioural generalisation across online communities [12], [18]. Third, an 
important direction involves the development of real-time mental-health monitoring and early-warning systems 
capable of identifying sharp variations in a user’s emotional trajectory and signalling crisis-prone transitions at 
an early stage; such proactive systems, informed by ongoing advances in temporal forecasting and anomaly 
detection [14], [21]. 
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