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Abstract

Mental health disorders impact nearly one billion people
worldwide, yet stigma and insufficient awareness often
prevent individuals from seeking timely professional help.
The proliferation of social media platforms has introduced
new opportunities for detection of mental health conditions,
enabling the analysis of user-generated content to identify
whether one has a mental disorder. Traditional approaches
to this task have largely relied on content-based models,
such as n-grams or language embeddings, which are prone
to domain-specific biases and often fail to account for the
emotional dynamics inherent in mental health expressions.
In this work, we propose a novel framework for detecting
mental disorders through the analysis of Reddit conversations,
integrating both temporal textual data and emotional cues. Our
model addresses the limitations of prior methods by explicitly
capturing the evolving relationship between textual content
and emotional expression over time. Experimental results
demonstrate a significant improvement in detection accuracy
compared to existing approaches, while ablation studies
highlight the critical role of temporal emotional information
in enhancing performance. These findings suggest that a more
nuanced, emotion-aware approach offers substantial promise
for advancing computational mental health diagnostics.
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Introduction

Emotion has long been a focal point of human inquiry,
explored extensively in philosophy, literature, and the arts.
Over time, the understanding of emotions has evolved from
abstract speculation to empirical study, becoming a central
area of psychological research. The nuanced fluctuations
of emotion—particularly those subtle, imperceptible changes
over time—offer valuable insights into an individual’s
psychological well-being, often serving as indicators of
mental health conditions such as depression and anxiety.
Emotional dysregulation, for example, is widely recognized
as a core feature of depression (Rottenberg, 2017).

In recent years, social media has emerged as a novel
platform for emotional expression, providing a vast,
dynamic social environment where individuals document
their psychological states.  Textual data generated on
these platforms capture the emotional trajectories and
psychological shifts of users, offering a unique lens into
mental health that is unavailable in traditional laboratory
settings. According to the Social Compensation Theory

(SCT), individuals with mental health challenges often turn292

to social media for support, particularly when navigating
personal difficulties (O’Day & Heimberg, 2021). This
new mode of communication and emotional exchange
presents rich opportunities for studying mental health outside
conventional research paradigms, positioning social media as
a powerful tool in mental health research (Zhang, Yang, Ji, &
Ananiadou, 2023; Roy et al., 2020; Kelley & Gillan, 2022;
Guo, Sun, & Vosoughi, 2021).

The detection of mental health disorders through social
media content has become an increasingly critical application
of Natural Language Processing (NLP). The World Health
Organization (WHO) estimates that one in eight individuals
globally is affected by mental disorders, equating to
approximately one billion people'. This number has been
further exacerbated by the COVID-19 pandemic (Ettman et
al., 2022). Despite the widespread prevalence of mental
illness, societal stigma, ignorance surrounding mental health
assessments, and a lack of accessible care often result in
underdiagnosis and inadequate treatment (Zhang et al., 2023).
As a result, detection and intervention through social media
analysis have emerged as promising avenues.

Current approaches to mental health detection rely heavily
on sentiment analysis, machine learning, and deep learning
techniques (Zhang et al., 2023; Kabir et al., 2022; Cha,
Kim, & Park, 2022; Roy et al., 2020). While these methods
have shown promise, they tend to focus primarily on textual
content, often overlooking the emotional undercurrents
that accompany written expressions. This limitation is
particularly notable in cases where the emotional state of an
individual evolves over time. Although some studies have
attempted to integrate textual and emotional features, these
efforts typically treat them as isolated components, without
fully exploring the dynamic and temporal relationship
between emotion and language. As a result, existing models
often fail to capture the complexity of how emotional states
fluctuate and interact with linguistic expression, ultimately
reducing the accuracy and robustness of mental health
detection.

In this paper, we introduce a novel approach that integrates
both historical textual data and emotional information to
enhance the accuracy of mental health disorder detection.

Thttps://www.who.int/news-room/fact-sheets/detail/mental-disorders
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By fusing these two elements, our method aims to provide a
more comprehensive understanding of the interplay between
language and emotion, ultimately improving detection
performance.

Related Works

Significant advances have been made in the identification of
mental disorders through the analysis of social media content,
leveraging both machine learning-based methods (Gamon,
Choudhury, Counts, & Horvitz, 2013; Guntuku, Giorgi, &
Ungar, 2018; Benamara, Moriceau, Mothe, Ramiandrisoa,
& He, 2018) and deep learning-based methods (Abdullah
& Negied, 2024; Vandana, Marriwala, & Chaudhary, 2023;
Uban, Chulvi, & Rosso, 2022; Yadav, Shinde, & Shedge,
2023). For instance, a random forest model has been
effectively utilized to detect suicidal ideation risks within
social media data (Roy et al., 2020). More recently,
deep learning-based methods have gained traction due to
their ability to capture complex patterns in large-scale,
unstructured textual data. In a similar vein, Kabir et al.
(Kabir et al., 2022) employed BERT (Devlin, Chang, Lee,
& Toutanova, 2019) and other advanced models to assess
the severity of depression presented in X (formerly Twitter)
posts, contributing a dataset that captures a spectrum of
depressive symptoms. Cha et al. (Cha et al., 2022) developed
a depression-specific dictionary to identify users exhibiting
depressive tendencies on X. Conversely, Kim (Kim, Lee,
Park, & Han, 2020) applied deep learning algorithms to
classify a wide range of mental health disorders, including
depression, anxiety, bipolar disorder, borderline personality
disorder, schizophrenia, and autism, using Reddit data as a
source for diagnostic classification.

While these approaches have predominantly focused
on textual content analysis, a growing body of research
suggests that emotional expression plays a crucial role
in enhancing detection accuracy. For instance, Guo et
al. (Guo et al., 2021) introduced a novel framework that
incorporates emotional features alongside textual content by
leveraging distant supervision to build a mental disorder
dataset from Reddit. Their findings emphasized that while
content-based models often suffer from domain-specific
biases and limited generalizability across different contexts,
emotional features—particularly those reflecting emotional
transitions—demonstrate a more robust ability to generalize
across various platforms and user behaviors. This work
underscores the importance of considering both text and
emotion as complementary signals for improving the
detection of mental health conditions. Further research
has corroborated the importance of integrating textual and
emotional data for more robust mental health detection
(Zhang et al., 2023).

Recent studies have shown that such integrated models
offer improved performance in identifying a broader range
of mental health conditions, highlighting the limitations
of models that focus solely on textual features. Moreover,

emotional dynamics are now recognized as critical in
capturing the subtleties of mental health conditions, as they
reflect the psychological fluctuations that often precede
clinical diagnoses. These advancements underscore
the potential of combining sentiment analysis with
emotion-aware models to enhance the accuracy and
generalizability of mental health diagnostics in online
settings.

In summary, the evolving body of work in social
media-based mental health detection has begun to emphasize
the need for a more nuanced approach that incorporates
both linguistic and emotional cues. The integration of these
features promises to overcome the limitations of traditional
methods and pave the way for more accurate, scalable, and
contextually adaptive systems for detection and intervention
in mental health care. And in this paper, we focused on
textual and emotional information in the temporal dimension.

Methodology

In this section, we will introduce the proposed method.

Problem Definition

Given a user U, the historical sequence of comment texts
is denoted as D = [Dg,, Dy, ..., D1, |, where Dy, represents
the comment posted at time instance i, and the total number
of comment texts is M. Each Dr, comprises K sentences,
with each sentence annotated with an emotional category e,
thus the sequence of emotional labels corresponding to Dr; is
E = ey, ey, ...,ex]. For each user U, it is necessary to detect
whether he or she is a patient with a mental disorder based on
the comment texts and the associated emotional labels.

Model Structure

The model proposed in this study is shown in Figure 1. This
model integrates historical text information with emotional
features.

Initially, this study concatenates each historical comment
text Dy, of every user U with the sequence of emotional
labels Er; = [e,es, ...,ex], where ¢; € E, = [¢], €5, ...,e5,]. To
eliminate redundancy, this study deduplicates E7;, resulting
in El, = [Epy,Ep, ,...,Ep,], and simultaneously obtains each
emotion and its corresponding count: {(E,, : No),(Ep, :
Ni),...,(Ep, : Ny)}. The final concatenation outcome is:
Df. = E}, + Dy;. Subsequently, BERT is utilized to encode
the concatenated text, yielding:

Hj. = BERT(D,) = BERT(E), + Dr;), (1)

at this point, each user’s comment text is infused with
emotional information.

Subsequently, this study incorporates the count of each
emotion from Dy, into Hf, resulting in the following
equation:

Hﬁnz [H%7N0,N1,...7N]], 2)

where H7' denotes the representation after incorporating
the counts of emotional labels, reflecting the proportion of
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Figure 1: The overall architecture of the proposed model.

emotions in each post within the model input. Next, the
text averages the emotional representations with all comment
texts for each user:

M
XU HE

HU M )

3)
where Hy represents the final feature for each user, utilized
as input for model training.

Building upon the aforementioned foundation, this study
further encodes the user features with BERT to integrate the
emotional proportion information within the global context.
Subsequently, a Bidirectional Long Short-Term Memory
(BILSTM) (Hochreiter & Schmidhuber, 1997) network is
employed to model the contextual features of the input
information. Thereafter, an attention mechanism (Vaswani et
al., 2017) is utilized to focus on salient features. The process
is as follows:

H{ = BERT(Hy), “4)
HF™ = BiLSTM(Hy ), ®)
H{ = Attention(H5S™ HES™) (6)

ultimately, Hy} is fed into a classifier to obtain the probability
that the user has a mental disorder:

py, = softmax(WHy, +b), @)

where W and b are parameters trained in the model.
This study employs binary cross-entropy loss as the
optimization objective, where y; denotes the true label

indicating whether the user has the disorder:
1
L=—5) [vi-logp, +(1—y;) log(1=pg)] . (®)
i

Experimental Setup

For ease of comparison, this study utilizes the dataset from
Guo et al. (Guo et al., 2021), which was derived from Reddit
user texts and categorizes users into four groups: bipolar
disorder, depression, anxiety, and a control group, with 1997
users in each category. The number of texts per group is as
follows: 686,359 for bipolar disorder, 914,082 for depression,
686,369 for anxiety, and 2,516,696 for the control group.
During detection, the control group is mixed with one of the
mental disorder datasets (Guo et al., 2021), thereby forming
a binary classification task.

In the experimental process, consistent with the work of
Guo et al., the BERT-large model was employed with a text
length of 140, a batch size of 16, a maximum of 1000 training
epochs, a learning rate of 0.0005, and the use of k-fold
cross-validation (with k set to 5), along with the AdamW
optimizer. The evaluation metrics for the method include
accuracy, precision, recall, and the F'1 score.

To validate the effectiveness of this approach, the
comparative methods include: Support Vector Machine
(SVM), Logistic Regression (LR), Random Forest (RF),
Term Frequency-Inverse Document Frequency (tf-idf),
BERT-large model, and the Emotion Representation (ER)
method (Guo et al., 2021). This study directly adopts the
results reported in the paper (Guo et al., 2021).
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Table 1: Comparison of detection performance of different
models for bipolar disorder

Accuracy F1  Precision Recall

SVM 79.1 79.0 79.1 79.5
LogReg 79.5 79.4 79.5 80.0

RF 85.1 85.0 85.1 85.5
tf-idf 83.2 83.2 83.2 83.2
BERT 86.6 86.6 86.6 86.6

ER 866 865 869 86.6
Ours 88.9 88.9 88.9 89.0

Table 2: Comparison of detection performance of different
models for depression disorder

Accuracy F1  Precision Recall

SVM 717.1 77.1 77.1 77.5
LogReg 774 77.3 77.4 78.0
RF 80.7 80.6 80.7 81.7
tf-idf 77.4 774 77.4 77.4
BERT 82.5 82.5 82.6 82.5
ER 82 8.1 89 832
Ours 84.0 83.9 84.0 84.7

Experimental Results
Model Performance

Tables 1, 2, and 3 present the detection performance of
various methods for bipolar disorder, depression, and anxiety,
respectively. The results demonstrate a clear advantage of the
proposed method in detecting individuals with these mental
health conditions.

For bipolar disorder detection, our approach outperforms
the next best model by notable margins of 2.3%, 2.4%,
2.0%, and 2.4% in accuracy, F'1 score, precision, and recall,
respectively. In the case of depression, the proposed method
shows improvements of 0.8%, 0.8%, 0.1%, and 1.5% across
these same metrics. Similarly, for anxiety detection, the
method yields improvements of 1.3%, 1.4%, 1.1%, and 1.5%
over the next best model.

These results underscore the effectiveness of integrating
historical textual data with emotional information in
enhancing the detection of mental health disorders. The
observed improvements across all three conditions suggest
that the incorporation of emotional cues significantly
contributes to the model’s overall performance, providing
a more comprehensive approach to identifying users with
mental health challenges.

Ablation Study

Additionally, we conducted ablation experiments to assess
the contribution of temporal emotional information in the
detection of mental disorders. In these experiments, the
emotional content extracted from the comment texts was

Table 3: Comparison of detection performance of different
models for anxiety disorder

Accuracy F1  Precision Recall
SVM 78.2 78.1 78.2 78.9
LogReg 79.1 79.1 79.1 79.5
RF 83.9 83.8 83.9 84.4
tf-idf 80.6 80.6 80.7 80.6
BERT 84.1 84.1 84.1 84.1
ER 83 82 87 85.3
Ours 86.6 86.6 86.8 86.8

removed, effectively excluding the explicit role of emotion
in the model. The results of this ablation study are
presented in Figure 2, which illustrates the impact on the
model’s performance across the three mental disorders, with
performance metrics focused on the F'1 score and accuracy.

From Figure 2, it is evident that the removal of emotional
information leads to a noticeable decline in detection
performance across all three disorders. This reduction
underscores the critical role of emotional cues in improving
the model’s accuracy and F'1 score. The temporal variations
in emotional expression exhibited by individuals with mental
disorders play a pivotal role in distinguishing between
different conditions, offering valuable insights into the
underlying psychological dynamics.

Collectively, these ablation results further validate the
effectiveness of the proposed approach in mental health
detection. = They emphasize the substantial benefit of
integrating historical text data with emotional features,
highlighting that the combination of both elements is
essential for accurate and nuanced mental disorder detection.

Discussion

The experimental results on public datasets demonstrate
that the proposed method significantly outperforms existing
approaches in detecting mental disorders. Ablation
experiments further validate the pivotal role of emotional
information, particularly the temporal variations in historical
emotional states, in enhancing detection performance. These
findings highlight the importance of incorporating emotional
dynamics into models designed for mental health detection,
offering a pathway toward improving both performance and
interpretability.

Despite these advancements, the approach described in this
study employs a simplistic averaging mechanism to integrate
historical information, which may inadequately capture
the complex, non-linear relationships between historical
context and current textual and emotional expressions. The
influence of past emotional states on present behavior is
inherently non-linear and may exhibit varying degrees of
significance over time. Addressing this limitation requires
more sophisticated techniques, such as utilizing closed-form
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Figure 2: The results of the ablation study.

continuous-depth neural networks (Hasani et al., 2022).
These advanced approaches could enable a more precise
characterization of the interplay between historical and
current information.

Furthermore, this study adopts a binary classification
framework for detecting mental disorders, consistent with
prior research (Guo et al., 2021). While effective for
comparative evaluation, this simplification does not reflect
the complexity of real-world scenarios.  Social media
platforms feature a diverse population of users, many of
whom experience overlapping symptoms of multiple mental
health conditions. To better align with clinical realities,
future research should explore multi-class or multi-label
classification tasks.  Such approaches would allow the
detection of multiple co-occurring disorders in a single user
and could provide a more granular understanding of the
spectrum of mental health challenges.

In addition to these technical considerations, there remains
the challenge of ethical application. While leveraging social
media data for mental health detection has great potential,
it also raises concerns about privacy, consent, and the risk
of stigmatization. Future work must ensure that these
technologies are deployed in a way that prioritizes user rights,
safeguards sensitive information, and promotes responsible
use of findings.

Furthermore, the proposed framework demonstrates
measurable improvements in classification accuracy;
however, it retains an inherently opaque nature that
limits clinical interpretability. In mental health prediction
contexts where clinical decision-making requires transparent
diagnostic rationale, the development of explainable
artificial intelligence components becomes imperative.
Future implementations could benefit from integrating
Shapley Additive Explanations (SHAP) (Rodriguez-Pérez
& Bajorath, 2019) values to quantify feature importance
distributions, coupled with attention heatmap visualizations
that elucidate temporal dependencies between lexical patterns
and affective states. Such interpretability mechanisms would

provide clinicians with an explicable rationale for model
predictions.

By addressing these challenges, the field can move closer
to creating robust, interpretable, and ethically sound tools for
mental health detection, ultimately improving diagnosis and
intervention for individuals in need.

Conclusion

This study introduces a novel method for detecting mental
disorders by integrating historical textual and emotional
information, with a focus on the temporal dynamics of
emotional expression. By leveraging the interplay between
linguistic content and emotional trajectories, the proposed
approach significantly improves detection accuracy, as
demonstrated through experimental validation on public
datasets. This work underscores the transformative potential
of incorporating emotional dynamics into computational
frameworks for mental health research, offering both a
practical tool for detection and a conceptual advance in the
study of emotion and mental health. Future research should
further refine this approach, exploring its applicability across
diverse populations and extending its use to support clinical
decision making.
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