JMIR INFODEMIOLOGY Yuetal

Original Paper

Early Depression Detection in Social Media: Monitoring of
Individual Nighttime Dynamics and Large Language Model
Analysis

Bicheng Yu, BE; Zhichang Zhang, PhD; Lulu Ma, BE; Jiongfu Cai, BE; Yuanyuan Zhang, BE
College of Artificia Intelligence and Computer Science, Northwest Normal University, Lanzhou, Gansu, China

Corresponding Author:

Zhichang Zhang, PhD

College of Artificia Intelligence and Computer Science
Northwest Normal University

967 Anning E. Road

Lanzhou, Gansu, 730070

China

Phone: 86 13038769329

Email: zzc@nwnu.edu.cn

Abstract

Background: Depression has become a mgjor global public health challenge, and early intervention is critical for improving
patient outcomes. Current depression detection techniques based on social media data (traditional risk detection) rely heavily on
users complete historical information, which cannot meet the timeliness requirements of early intervention. This underscores
the need for early risk detection (ERD) methods emphasizing early-stage, real-time warning. However, existing ERD studies
have notabl e limitations such as (1) they overlook temporal activity patterns hidden in posting time stamps, missing vital warning
signals; and (2) they depend on static templates or resource-intensive sequence models, resulting in limited interpretability and
inefficient use of early data, ultimately constraining their clinical applicability for early intervention.

Objective: This study aims to develop an efficient, reliable, and interpretable ERD model. The core objectives are to extract
temporal activity patterns features from posting time stamps, thereby enriching feature dimensions for risk detection; to leverage
large language models (LLMs) for improved text filtering precision and depression-related factor analysis; and to achieve accurate
early detection of depression to support clinical intervention.

Methods: We propose the Monitoring of Individual Nighttime Dynamics (MIND) and LLM analysis model, which integrates
two key innovations: (1) circadian activity dynamics. posting time stamps are transformed into temporal activity patterns, analyzing
fluctuationsin posting frequency and timing to derive sleep-rel ated features, thereby compensating for the limitations of text-only
approaches, and (2) LLM depression profiler; LLMs are used for dynamic text filtering, automatically removing irrel evant noise
and focusing on potential depression-related cues. Based on LLM semantic understanding, latent depression risk factors are
identified, enhancing interpretability for clinical treatment and robustness to noise.

Results: Experiments on the eRisk2017 (data source: Reddit [Reddit Inc]) benchmark dataset demonstrated that MIND
significantly outperformed existing baseline models in early detection sensitivity, specificity, and accuracy. By combining
deep-related features with text analysis, the model achieved interpretable, traceabl e predictionsthat can support clinical treatment.
ALL relevant experimental codeis publicly available.

Conclusions: The MIND model combines temporal activity pattern features with LLM-based text analysis, addressing the
challenges of poor interpretability and inefficient use of early-stage datain existing ERD methods. It significantly enhances early
detection performance, offering anew paradigm for applying social mediadatain ERD, thereby enabling earlier intervention and
reducing the public health burden of depression.

(IMIR Infodemiology 2026;6:€87138) doi: 10.2196/87138
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Introduction

Background

Depression affects approximately 260 million peopleworldwide
[1-3]. This mental disorder leads to prolonged negative
emotions, feelings of loss, and, in severe cases, life-threatening
risks, making it amajor public health concern. As social media
increasingly becomes a platform for individualsto record their
daily experiences and express emotions, user-generated content
often reflects genuine psychological states[4]. Thishasenabled
the academic community to explore social media data for
depression detection. Over the years, the eRisk workshop has
explored various contextsfor identifying psychological disorders

Yuet a

and predatory conversations [5-7], contributing valuable insights
to the broader field of mental health monitoring through digital
traces. Traditional risk detection (TRD) identifies depression
from users' sufficient, long-term social media history and has
achieved significant success. However, TRD does not align
with the clinical principle of “early detection and early
treatment” [8], asit relies on sufficient, long-term user data. To
bridge this gap, early risk detection (ERD) has been proposed.
ERD aims to predict depression risks based on limited,
early-stage user data, alowing timely warnings and
interventions. Unlike TRD, ERD prioritizes high precision under
constrained data availability, with evaluation criteria focusing
not only on final accuracy but also on the earliness of prediction,
asillustrated in Figure 1.

Figure 1. Task schematic diagram. The left sideillustrates the traditional risk detection (TRD) task, which predicts a user’s depression status using all
available user information. In contrast, the right side represents the early risk detection (ERD) task, which aims to predict a user’s depression status by

using early-stage information.
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Previous Work
ERD research generally follows two strategies:

1 Long-sequence processing methods: recurrent neural
networks[9] and their variants, along with CNNs[10] and
variants of the attention mechanism [11], have been used
to processfull user histories[12-14]. While timestamp data
has occasionally been considered, analyses have been
limited to simple statistical summaries, failing to capture
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rhythmic features. Although comprehensive, such methods
are resource-intensive and often ineffective at detecting
sparse but meaningful emotional signals. Moreover, they
cannot identify specific time points of psychological state
changes, limiting their clinical value.

2. Filtering and denoising methods. template matching and
dliding windows have been used to filter high-information
texts [15,16], reducing noise complexity. However, these
static methods lack adaptability to individual differences
and developmental trgectories. While effective in
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identifying overt depressive content, they struggle with
latent signals due to limitations of earlier NLP methods,
offering insufficient support for intervention.

Studiesin TRD also continuously provide new insights for the
advancement of ERD research. Early TRD approaches relied
on text feature analysis using traditional machine learning
models (eg, support vector machines and decision trees) and
linguisticinquiry and word count—based features[17], but were
limited by noise sensitivity and feature unimodality. Multimodal
fusion of text, audio, and images[18,19] improved robustness,
while more recent studies used large language models (LLMS)
for data augmentation and graph structures for multimodal
fusion, advancing clinical depression dialogue prediction [20].
Nonetheless, TRD methods remain constrained by their reliance
on complete histories, making them unsuitable for early
intervention.

In summary, current ERD methods face the following three
limitations: (1) neglect of temporal information in time stamps,
particularly sleep-related patterns critical to depression; (2)
static, template-driven filtering with weak interpretability; and
(3) resource-heavy, long-sequence methods that fail to capture
sparse but crucia early cues.

Study Objectives

To overcome these challenges, we propose the Monitoring of
Individual Nighttime Dynamics (MIND) model, comprising
the following three key modules:

Yuet a

1. Circadian activity dynamics (CAD): by modeling users
temporal activity patterns from social media posting time
stamps and integrating these temporal featureswith textual
information, this modul e investigates depressive tendencies
through the interaction between activity frequency and deep
regularity. This module is grounded in psychological
evidence demonstrating a strong association between
disrupted sleep patterns and depression. [21-25].

2. LLM depression profiler (LDP): the integration of LLMs
enables the automatic filtering of texts from users at high
risk of depression and mitigates interference. Building on
this, the model analyzes latent negative psychological
factors in the text, which enhances information use
efficiency and interpretability.

3. Text-deep fusion (TSF): this module fuses multimodal
features (sleep and text) for final early risk predictions.

Experiments on the eRisk 2017 dataset validate the effectiveness
of MIND. Our contributions include (1) introducing
timestamp-based temporal activity patternsinference asan ERD
feature; (2) leveraging LLM for text filtering and depression
factor analysis to improve efficiency and interpretability; and
(3) designing a novel multimodal fusion model (MIND) that
significantly enhances early prediction performance. Figure 2
illustrates how user data are transformed into the required
features, and Figure 3 provides the overall architecture of the
proposed MIND model.

Figure?2. Illustration of innovation points. Thisfigure outlines how user data are transformed into sleep-related features and depression profile features.
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Figure 3. Overview of the Monitoring of Individual Nighttime Dynamics (MIND) model. H: historical representation; LDP: LLM depression profiler;

LLM: large language model; SD: sleep dynamics; TSF: text-sleep fusion.
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Task Definition subtle and transient fluctuations in nighttime activity patterns,

Let auser’s collection of posts on a social media platform be
denotedasP ={p: ,p2 ,..., P}, with each post associated
with atime stamp, forming a corresponding set of posting time
stampsT ={t, ,t> ,...,t }. Eachuserislabeled according
to their psychological state y; (depressed or control).

In TRD tasks, models typically leverage all available user
history to predict psychological states. By contrast, the ERD
task is defined as a sequential prediction process, where posts
are ordered chronologically, and each post is associated with a
timestepj (j=1,2,...,L). Ateach time stepj (wherej <L),
the model processes available postsP! ={p: ,p2 ,...,p }

andtimestampsTijz{tl ,t2 ,...,t }togenerateaprediction

9ij. Thistask aimsto identify the user’sdepressive state asearly
aspossible (ig, at the earliest possible time step j (1,L)), with
only one fina prediction §' allowed. The evaluation metric

emphasizeswhether the model can make an accurate prediction
at an earlier step rather than waiting for the complete history.

CAD Module

To capture the longitudinal behavioral patterns and temporal
regularity of users, we propose a CAD module. This module
transforms discrete posting time stamps into a continuous
representation of activity density, serving as a robust digital
proxy for the user's tempora activity patterns and circadian
stability.

Activity Rhythm Initialization

We discretize the 24-hour daily cycle into M=768 time slots
(same as the Bidirectional Encoder Representation from
Transformers (BERT) output dimension), yielding a temporal
resolution of approximately 1.875 minutes per slot. Thischoice
of granularity is motivated by two factors. first, it ensures
architectural compatibility for efficient feature fusion with
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which are often critical indicators of depressive behavioral shifts
that coarser temporal scales might overlook. To model the
natural diffusion of activity around a specific posting event, we
use a Gaussian distribution assumption. For computational
efficiency, rather than calculating Gaussian values for every
time stamp, we implement a cyclic shift mechanism.

Wefirst initialize a fixed base activity vector vp,,[IR" derived
from a standard Gaussian distribution (N(u=0 and 0=1)). ¢ is
set to 1 for ease of computation and regul arization, as subsequent
influence factors will adjust the distribution dynamics anyway.
The distribution covers the interval (—384 to 383), centered at
index =384 Here, o isafixed hyperparameter defining the
temporal spread of activity associated with a single post. For a
post occurring at minute m,J(0,1440), we determine its target

slot index as #n=1m:/1875]  The individua activity vector is
then generated by performing a cyclic left shift on vy, by

{ CONCat(Wpaseln: 7681, Vpasel0: $al) ) Coase > i

s and CONCat (Vpaso[768 . 5. T68], Byonal0:768 — 511D »Coose < fin .Thisrotation
ensures that the peak of the Gaussian distribution aligns
precisely with the user’'s posting time on the 768-dimensional
grid, regardless of the absolute time zone.

Adaptive Influence Factor Calculation

We posit that the clinical significance of apost varies depending
on when it was posted and what was said. We introduce a
composite weighting factor o, to modul ate the intensity of each

activity vector:

(1) Hourly influence (a,"™® to capture the inherent importance

of specific periods, we use a learnable lookup table. The 24
hours of a day are mapped to a learnable embedding matrix

EOR*™, which is initialized randomly and updated during
training. For a post in an hour h,, the factor is « =t
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(2) Textua influence (a,'®") to incorporate psychological
intensity, the post text is encoded into a semantic vector
he JR®* viathe paraphrase-MiniLM-L6-v2 model. A trainable
linear layer then projects this embedding to a scalar influence

score o, ®OR “ =l
Aggregation

Thefinal representation SC;JR™ for auser at timestepj isthe
accumulated weighted activity across all historical posts

(So=i Ty The factor (4/j) is a smple normalization
term used to prevent numerical overflow during the
accumulation of the SC vector and provides minimal
performance gain.

By aggregating these weighted Gaussian kernels,SC forms a
dense, continuous waveform. This representation effectively
captures the regularity, intensity, and shifts in the user’s daily
rhythms. Crucially, by focusing on individual temporal
consistency rather than absolute wall-clock time, this

Textbox 1. Prompt for alarge language model (LLM).

Yuet a

formulation remains robust to time zone variations across the
global Reddit (Reddit Inc) population.

LDP Analysis

To overcomerrigidity and lack of interpretability in traditional
text filtering, we redesign the depression-text selection process
by leveraging LLMs with few-shot and zero-shot learning
paradigms [26-29]. The emotion categories used in the Rank
LLM prompt were designed to conceptually align with symptom
dimensions described in established depression screening
instruments such asthe Patient Heal th Questionnaire-9 (PHQ-9)
and the Beck Depression Inventory. Rather than replicating
guestionnaireitemsverbatim, we abstracted common symptom
constructs (eg, anhedonia, hopelessness, suicidal ideation,
fatigue, appetite disturbance, and guilt) into concise semantic
descriptors suitable for LLM-based text scoring. The
corresponding prompt is provided in Textbox 1. Importantly,
the LLM scoring is not intended as a clinical diagnosis, but as
a weakly supervised semantic proxy for depression-related
symptom expression in natural language. We further
implemented a zero-shot large language model (LLM) prompt
for psychological issue detection (Textbox 2).

Prompt for rank large language model (LLM):

You are a psychologist who needs to assess whether a patient’s text contains depression-related emotions in order to score based on the severity of

emotions. Don’t explain why, just output the result.

emotion: {sad, hopeless, failure, suicide, expected to be punished, guilty, cry, lose interest, worthless, low energy, change pattern, irritable, change

appetite, tired}

response: 0~5

<example>

text: Just it looks so lonely

score: 3

text: | still feel awful whenever | make amistake
score: 5

</example>

{input text}

Prompt for analysisLLM:

You are aclinical psychologist. Read the following text and identify any potential psychological issues.

=Your reply must be very brief (one sentence or less).
—Do not explain your reasoning.
—If no issues are found, reply exactly “None.”

{input text}

https://infodemiol ogy.jmir.org/2026/1/e87138

JMIR Infodemiology 2026 | vol. 6 | 87138 | p. 5
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY

Textbox 2. Large language model (LLM) prompt for analysis (zero-shot).

Yuet a

System:
« Youareaclinica psychologist.

User:

« Read thefollowing text and identify any potential psychological issues:

« Your reply must be very brief (one sentence or less).
« Do not explain your reasoning.

o If noissuesare found, reply exactly “None.

Text:

« My jobisunstable. It's fine now, but what about the future?

Response:

«  Potential issues with stress or anxiety related to work hours.

L arge language model application programming interface (API):

« Dueto regiona restrictions, the experiments used a third-party APl proxy. Based on communication with the provider, the default parameters
were fixed at temperature = 1.0 and top_p=1.0 to ensure stability and consistency.

Specifically, the Rank LLM first assigns a depression-related

scoreto each post P, J“’pk:p[opL Prop2:- - - Propk- Under the guidance

of asmall number (2) of expert-labeled examples, each post is
scored from O to 5, and the top-k posts with the highest scores
are selected. These selected posts are then analyzed by the
Analysis LLM, which generates short free-text descriptions of
potential depression-related factors. Each description represents
a latent psychological issue inferred from the post (eg,
hopel essness, self-harm ideation, or emotional instability). The

resulting factor set is denoted as F;*=fo1 fiopar-- -+ fropk-

To encode both the selected posts and the generated factors, we
use a pretrained text encoder, denoted as encoder. In thiswork,
an encoder isimplemented using BERT, but the design allows
replacing it with other pretrained language models to enable
future improvements without changing the overall framework.
While the BERT has a maximum input length of 512 tokens.
To ensure stable processing, each post is truncated to the first
512 tokens before being fed into the encoder. Each text sequence
is tokenized and fed into the encoder independently, which
outputs contextualized token-level representations. For the factor

texts, the encoder output is " ="*¢")  where M (ORSPdm
is the number of selected posts, L is the sequence length, and
dim is the hidden dimension of the encoder. Similarly, the

My = BERT(P™)
1

selected posts are encoded as an where
MpORKSPAM "1 is the number of selected posts, L is the

sequence length, and dim is the hidden dimension of the
encoder.

These matrices are not directly reduced to fixed-length vectors.
Instead, we use a cross-attention mechanism to allow the
depression factors to guide the representation of the texts.
Specifically, MT is used as the query, and MF is used as the

key and value (“* "), where MOR¥S¥4™ 'k is the number

https://infodemiol ogy.jmir.org/2026/1/e87138

of selected posts, L isthe sequencelength, and dimisthe hidden
dimension of the encoder. Wtrainable R#™d™M.

The cross-attention output is a contextualized representation
that integrates both the semantic content of the posts and the
depression-related factors inferred by the LLM. After
cross-attention, we extract the hidden state corresponding to
the CLStoken as the final representation of each selected post,

asin "= where CLSORYY™ k is the number of selected
posts, and dim is the hidden dimension of the encoder.

At this point, we have obtained the user depression-text profile
feature CL S enhanced by the LLM. Additionally, to ensure that
the historical information posted by the user is not overlooked
by the model, we average the embeddings of all the user’stexts
and use this as the coarse-grained historical text feature

( history_= Average (Encoder(Pij)) a.n hiStO?’y = Wh - hiStory_ + bh )Wme

history OR®*, historyOR*®*, and W, Otrainable R7%®*%%

represent the corresponding feature vectors and parameter matrix
with specific dimensions.

Text-Sleep Fusion

First, for sleep-aware text feature enhancement, we leverage
the cross-attention mechanism and usetemporal activity patterns
features as prior knowledge to guide the fusion of depressive
text profilefeatures and historical information features, thereby
achieving the goa of targeted text feature enhancement as

Fiext = concate(CLS, history) Frusion = CrossAttention(Feex, SC,SC)
1 7

and
|:| Rk+lx dim

W, WK
CrossAttention(Q,K,V) = softmax (L;d"}) X W,V
v

)v where Ftexv I:fusion

W, Otrainable R*™ ™ represent the corresponding feature
vectors and parameter matrix with specific dimensions.

Next, to preserve the order of text and distinguish between
historical texts and filtered texts, we add trainable positional
encoding. The resulting features are then concatenated with
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temporal activity patterns SC and input into the transformer

F = concate(SC, Frusion + PE)

encoder as and

Fusion = TransformerEncoder(F) where FO Rk+2xdim and

PEOtrainable R*2*9™ represent the corresponding feature
vectors and parameter matrix with specific dimensions. As
global prior knowledge, temporal activity patterns features SC
are inherently different from the sequential attribute of text
seguences due to their time-independence; therefore, SC is
excluded from positional encoding to ensure the model can
correctly distinguish between the two. After in-depth data
mining by the transformer encoder, more accurate multimodal
features are obtained.

To better address the information compression issue when
mapping multimodal features to a single user representation,
we adopt the mixture of experts (M oE) approach—aframework
originaly proposed by Jacobs et al [30] that has recently
reemerged in LLM research. By dynamically selecting expert
combinations, MoE enables more flexible feature fusion and
avoids potential information loss caused by traditional pooling
operations, making it well-suited for the demands of
contemporary multimodal and large-scale model scenarios.
Finaly, the fina prediction is generated through a linear layer

as provided in MRS aswnn o csYeon
9/ = Softmax(Linear(e)) , Where e, Q DRdlm, gl DR, WeDtral nabl e Rdldelm,

and W90trainable RY™* represent the corresponding feature
vectors and parameter matrix with specific dimensions. Since
thisisaclassification task, we use thetraditional cross-entropy

ss = " =Ly x 10g9) + (L =) x log (1=

lossfunction, defined as 7 Weintentionally
did not adjust the class imbalance by reweighting the loss
function because the original class distribution reflects the
real-world prior probability in ERD tasks. Reweighting theloss
may increase fal se positives and harm early warning precision.

Sequential Prediction Strategy

The ERD task requires the model to make predictions as user
postsarrive over time. Therefore, the model performsinference
sequentially over time steps. At each time step j, the model
receives al posts up to step j and generates a prediction
¥0{0,1}. Themodel continues predicting at each time step until
apositive prediction (§=1) is produced. Once the model outputs
1, the inference process stops, and the user is labeled as
depressed. Thetime step j at which the first positive prediction
occursisrecorded asthe decision time, whichisused to evaluate
the earliness metric in ERD.

and

If the model never outputs 1, thefinal prediction at the last time
step is used, and the user is labeled as control. This decision
strategy follows the standard ERD evaluation protocol, where
only one final decision is allowed for each user, and earlier
correct predictions are rewarded.

https://infodemiol ogy.jmir.org/2026/1/e87138
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Responsible Deployment Framewor k

To ensure responsible deployment, severa safeguards should
be maintained in practice. First, model outputs should serve
only as preliminary risk signals. Any high-risk identification
must be reviewed by qualified professionals or trained
moderators before action is taken. Second, predictions should
not trigger account suspension, content removal, or other
restrictive actions without human verification. The system is
intended to support assistance-oriented interventionsrather than
enforcement. Third, when feasible, users should be informed
that automated risk monitoring systems are in place. The
interpretability mechanisms provided by tempora activity
patternsand LL M-generated factors may assist human reviewers
in understanding the basis of risk signals. Fourth, only publicly
available data are processed, and storage duration is limited.
Fifth, the model should not replace professional mental health
assessment; itsroleislimited to identifying behavioral patterns
potentially associated with depression risk and recommending
further evaluation where appropriate.

Ethical Considerations

The proposed MIND model is designed as a risk estimation
framework rather than a diagnostic system. It does not infer
clinical diagnoses and should not be used as a stand-alone
decision-making tool in medical or administrative contexts. The
model should not replace professional mental health assessment;
itsrole islimited to identifying behavioral patterns potentially
associated with depression risk and recommending further
evaluation where appropriate. Only publicly available data are
processed, and storage duration is limited. In real-world
deployment, stronger anonymization and encryption mechanisms
would be necessary. By explicitly distinguishing risk estimation
from clinical diagnosis, the framework aims to balance early
intervention benefits with ethical responsibility and user
autonomy. In accordance with institutional and relevant ethical
guidelines, ethical approval and informed consent were not
required for this study, asonly publicly available datawere used
and no human participants were involved. Privacy and
confidentiality considerations were not applicable.

Results

Dataset

We conducted experiments on the eRisk 2017 dataset, the
standard benchmark for ERD tasks [20]. The dataset contains
137 depressed usersand 755 control users, divided into training
(486) and testing (406) sets, collected from the Reddit platform.
Depressed users were identified through self-reports in
depression-related forums, with explicit confirmation of clinical
diagnosis. Control users were sampled from nondepression
subforums and depression subforums where users exhibited no
depressive symptoms.

To ensure privacy, al user IDswere anonymized, and only text
content and posting times were preserved. Table 1 summarizes
the dataset statistics.

JMIR Infodemiology 2026 | vol. 6 | 87138 | p. 7
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Table 1. Dataset statistics.

Characteristic Train (depression) Train (control) Test (depression) Test (control)

Users 83 403 52 349

Posts 30,851 172,834 18,706 217,665

Average posts per user 3717 655.5 359.7 623.7

The dataset does not provide user time zone information, and
all time stamps are recorded in platform time. Therefore, the
proposed method does not rely on absolute clock time, but
instead modelsthe relative distribution of posting activity within
each user’s history. Because the representation is learned from
long-term aggregated activity, it reflects stable temporal patterns
rather than specific clock-based sleep schedules.

Implementation Details

The experiments were conducted via a third-party application
programming interface (API) proxy service (due to regional
access restrictions), which implemented a preconfigured
environment for model deployment. To ensure system stability
and experimental consistency within this framework, we used
the default decoding parameters as confirmed by the service
provider: temperature = 1.0 and top_p = 1.0. Other auxiliary
parameters were maintained at their default settings to ensure
the reproducibility of the scoring results under the same API
environment. The encoder was implemented with BERT [31],
and embeddings were generated using the frozen
paraphrase-MiniLM-L6-v2 model. In the CAD module, the
Gaussian parameter o was set to 1. All attention layers adopted
multihead attention with 8 heads.

In the text-deep fusion module, the transformer encoder was
configured with 4 layers. Training was performed using the
Adam optimizer with alearning rate of 2e-5, a batch size of 4,
and 7-14 epochs. Early stopping was applied based on validation
performance, where training was terminated if the validation
metric did not improve for 3 consecutive epochs. Training was
conducted on NVIDIA A30 graphics processing units (GPUs)
with PyTorch (version 2.3.0; Meta Al), supported by an AMD
EPY C 7543 CPU and 64 GB memory. To mitigate randomness,
5 random seeds were used.

Comparison Methods

We compared MIND with multiple baselines, including official
dataset baselines and subsequent studies. “ L ogistic regression”
uses term frequency—inverse document frequency features and
logistic regression, reframing ERD as multiclass classification
[32]. “Feature-Rich” methods rely on feature engineering,
including topic extraction using latent Dirichlet allocation and
user-level statistical features[33]. “BiLSTM+Attention” models
sequence information from the full user history using LSTM
networks with attention mechanisms [16]. The “risk window”
approach applies adiding-window strategy to trigger warnings
when depressive posts appear consecutively [16]. The “1-SS3”
model uses an enhanced n-gram-based approach for dynamic
phrase sequence detection [34]. The “early list” introduces
reinforcement learning-based gating to encourage early
predictions [12]. “HAN-Psych” uses hierarchical attention
networks inspired by clinical questionnaire structure [15].
Finaly, “ESDM” balances earliness and accuracy using aloss

https://infodemiol ogy.jmir.org/2026/1/e87138

function combining LSTM and linear attention mechanisms
[13].

For fairness, all modelsfollowed their original decision-making
rules. For methodswithout explicit rules, we adopted the default
“diagnose-as-soon-as-identified” strategy.

Dueto GPU memory constraints, the original implementations
of ESDM and EarlyList require substantially higher
computational resources. Therefore, in our experiments, these
2 methods were limited to processing the most recent 64 posts
per user. Inthe ERD setting, later posts usually contain stronger
depressive signals, so this restriction does not disadvantage the
baselines and may even simplify the prediction task. We also
verified that the performance obtained under this setting is
consistent with the results reported in the original papers. This
constraint mainly affects runtime measurement; therefore, the
inference time of these methods is not reported for fair
comparison. Theinferencetime of 1-SS3isdifficult to compute
and is not discussed in this paper.

Metrics

ERD introduces a specialized evaluation metric balancing
“earliness’ and “accuracy.” This metric penaizes late
predictions exponentially beyond a certain time threshold,
ensuring models are rewarded for early and correct predictions,
=7 where |4()0[0,1],

e, (D =1

as provided in [l and

Crp=positive/total.

In addition, we also introduced the F;-score of the final early
warning results for the ERD task (F;grp) and the F;-score for
the TRD task (F;1rp) respectively, to more accurately evaluate
the model’s accuracy and its generalization ability on the TRD
task. Overadll, asuperior modd ischaracterized by smaller values
in metrics ERDE; and ERDEg,, and larger values in metrics

Fierp @nd Fi7rop.

Evaluation Outcomes

Tables 2 and 3 show that our proposed MIND model
consistently outperforms al baseline models across al key
metrics. Specifically, based on the best-performing runs reported
in Table 3, MIND achieves a relative improvement of 25.4%
in ERDE;5 and 10.7% in ERDEs, compared to the strongest
baseline. Furthermore, to addressthe potential biasof single-run
results, we also evaluated the average performance across 5
random seeds. As shown in Table 3, the model maintains a
robust advantage with mean improvements of 22% (ERDE;)
and 13.1% (ERDEs), respectively. This demonstrates that the
performance gain of MIND isnot aresult of stochastic variance
but represents a systemic enhancement in early depression
detection. It can be observed that two of the F;-scores achieve
only dlight improvements, while the increased inference time
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ismainly attributed to theintroduction of LLMs. Wealsopresent  current state-of-the-art modelsin Table 4.

the Cohen d comparison results between our model and the 2

Table 2. Best-performing metrics across 5 random seeds.
Model | ERDE5" | ERDEg 1Fierp” 1 FitRD® 1 Time cost (s)
LR 13.70 8.49 40.50 60.20 4710
Feature-Rich 13.10 8.45 35.85 63.08 7558
BiLSTM+Attention 12.49 9.63 56.22 62.93 1101
Riskwindow 13.01 9.79 60.61 62.90 920
1-SS3 13.36 8.60 49.76 54.69 _e
EarlyList 16.45 14.87 27.34 17.54 —
HAN-Psych 10.77 811 63.19 70.31 1330
ESDM 10.98 7.78 66.23 71.26 —
MIND' 8.03 6.94 67.17 72.72 2208

3ERDE: early risk detection error.

bERD: early risk detection.

°TRD: traditional risk detection.

4R logistic regression.

®Not available.

*MIND: monitori ng of individual nighttime dynamics.

Table 3. Mean (SD) of metrics across 5 random seeds.
Model | ERDEg® | ERDEgg t F1eRD? 1 FarRD®
LRY 13.70 (0.00) 8.49 (0.00) 40.50 (0.00) 60.20 (0.00)
Feature-Rich 13.35(0.23) 8.66 (0.22) 34.68 (1.23) 62.10 (0.68)
BiL STM-+Attention 12.71 (0.40) 10.37 (0.49) 54.87 (1.30) 62.17 (0.80)
Riskwindow 13.57 (0.55) 9.89 (0.21) 58.79 (2.29) 62.36 (0.33)
1-SS3 13.66 (0.72) 9.25 (0.53) 47.72 (1.50) 53.20 (1.18)
EarlyList 16.97 (0.86) 15.73 (0.63) 26.50 (0.91) 17.19(0.27)
HAN-Psych 11.27 (0.56) 8.36 (0.43) 60.27 (1.80) 66.59 (2.14)
ESDM 12.37 (0.99) 8.81(0.95) 58.81 (4.50) 66.03 (3.05)
MINDE 8.79 (0.67) 7.26 (0.44) 64.54 (2.80) 69.57 (3.44)

3ERDE: early risk detection error.

PERD: early risk detection.

°TRD: traditional risk detection.

IR logistic regression.

EMIND: Monitoring of Individual Nighttime Dynamics.

Table 4. Comparison of Cohen d metrics between Monitoring of Individual Nighttime Dynamics (MIND) and SOTA baselines.

Model ERDEs? ERDEsg F1erD
HAN-Psych 3.998 2.719 1.800
ESDM 4.217 2.198 1.527

3ERDE: early risk detection error.
bERD: early risk detection.

https://infodemiol ogy.jmir.org/2026/1/e87138
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We computed the Cohen d values between the state-of-the-art
models and our MIND model on the ERD task based on
experimental resultsfrom 5 random seed runs, so asto quantify
the statistical significance of performance improvements
achieved by our model.

Ablation Study

To evaluate each component’s contribution, we performed
ablation experiments. The “Sleep” variant removed the CAD
module, relying solely on text. The “Text” removed the LLM
depression profiler, using only tempora activity patterns
features. The“LLM” variant replaced LLM-based filtering with
the previous method, the template matching-based approach.
The “History” variant removed historical text features. The

Table 5. Results of the ablation study.

Yuet a

“Fusion” variant removed cross-attention and MoE, using only
atransformer encoder.

Table 5 presents the results of our ablation experiments. It can
be observed that removing the CAD has a significant impact
on the model; furthermore, the CAD alone strugglesto achieve
favorable performance. Replacing the LLM component in the
model with existing methods exerts a substantial influence on
the experimental results. Removing user historical features has
amore pronounced effect on ERDEg, which is more sensitive
to earliness, but a relatively minor impact on ERDEg,, which
has a higher tolerance for earliness. Removing the
cross-attention and expert gating mechanisms only has aslight
impact on the overall performance of the mode.

Model | ERDE5? | ERDEg t F1erRD?
MIND® 0.080 0.069 0.671
Sleep 0.094 0.078 0.633
Text 0.153 0.122 0.430
LLME 0.103 0.093 0.655
History 0.106 0.078 0.668
Fusion 0.084 0.071 0.669

3ERDE: early risk detection error.

bERD: early risk detection.

°MIND: Monitoring of Individual Nighttime Dynamics.
dLLm: large language model.

Case Study

We visualize temporal activity patterns in heatmaps for
depressed and control users. Control users (A) typically show
near-zero activity between 6 AM and 11 AM, indicating
sufficient and regular sleep. In contrast, depressed users (B)
display irregular activity across al hours, often engaging in
late-night posting, with loosely defined sleep windows (eg, 5
AM to noon).

Table 6 shows examples of LLM scoring and analysis. These
examples highlight MIND’s interpretability: high-risk posts
(eg, self-harm) are prioritized, whilelatent depressive tendencies

are also captured, providing actionable insights for clinical
support.

It should be noted that due to the lack of time zone information
in the dataset, direct quantitative comparisons of absolute
posting times (eg, mean active hour) are not statistically robust.
Instead, our analysis of the heatmaps in Figures 4A and B
focuses on relative activity rhythms. We specifically look for
indicators of circadian rhythm disruption, such as fragmented
activity during typical rest periods and the lack of a stable,
continuous inactivity window. These patterns provide more
reliable clinical signals for depression than absolute temporal
metrics.

Table 6. Examples of large language model ranking scores and corresponding depression factor analysis.

Score User post Depression factor

5 Today is abad day, maybe | should cut my wrist. Potential self-harm ideation

2 My jobisunstable. It'sfine now, but what about the future.  Potential stress or anxiety related to work hours.

1 | tried to express this meaning without directly accusing  Potential fear of confrontation or difficulty addressing
OP of abusive behavior. conflict directly.

0 | always thought this was why boys urinate standingup.  None

https://infodemiol ogy.jmir.org/2026/1/e87138
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Figure 4. Visualization of temporal activity patternsin depressed vs control users.
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Contribution Analysis

We visualized the contribution degree of different features to
the fina classification. Column 1 corresponds to the user’s
temporal activity patterns, Column 18 corresponds to the
historical features, and Columns 2-17 correspond to the texts
with the strongest depressive state among the texts posted by
users. “Expert” represents the contribution degree of the expert
model in Moe to the result. A higher contribution to the final
discrimination result is indicated by a larger number at the

Figure 5. Heatmaps of feature contribution analysis.

corresponding position and a color that leans more toward
yellow, whilealower contribution is shown by asmaller number
and a color that leans more toward dark blue. As shown in
Figure 5, Expert 1issensitiveto thefeatures of depressed users,
whereas Expert 2 is more sensitive to those of control users
(Figure 5A and 5B). Although temporal activity patterns and
historical features have arelatively stable contribution ratio to
thediscrimination, the text features of users contribute the most
to the final result.

o
5%
Value

-0.2

-0.4

0.8

Reduction-Based Validation

This subsection presents the visualization of user features
mapped in a 2D space, where the features have been processed
using our proposed method. For dimensionality reduction, we
adopted t-distributed stochastic neighbor embedding [35] and
principal component analysis [36]. Specifically, features of
depressed users are displayed in blue, while those of

https://infodemiol ogy.jmir.org/2026/1/e87138

XSL-FO

RenderX

10 11

12 13 14 15 16 17

18

nondepressed users are shown in red. As illustrated in Figure
6, the features of depressed users are clustered in a distinct
region. Meanwhile, thefeatures of most nondepressed usersare
far apart from those of depressed users; in contrast, the
difference between the features of a small number of
nondepressed users and those of depressed users is not
significant.
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Figure 6. Dimensionality reduction visualization of the distinction between depressed and control users.
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Hyperparameter Analysis

The most computationally intensive component of the entire
model is the encoder layer. To strike a balance between
computational  efficiency and accuracy, we conducted
experiments on the selection of the number of encoder layers.
As shown in Figure 7, performance changes of the model in

https://infodemiol ogy.jmir.org/2026/1/e87138
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terms of F;-score and early risk detection error as parameters
vary. When the number of encoder layers is between 3 and 5,
theearly risk detection error values reach their minimum, while
the F;-score also peaks in a similar range. Within this range,
increasing the number of layersyields limited improvement in
model performance; thus, we selected 4 layers, which offer the
most efficient computation speed.
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Figure 7. Performance changes of the model in terms of F1-score and early risk detection error (ERDE) as model parameters vary.
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Discussion

Overall Analysis

The previous section presented the performance of MIND on
the eRisk 2017 dataset, a ong with resultsfrom ablation studies,
case analyses, contribution visualization, and reduction-based
validation. Overall, our findings demonstrate that the proposed
approach consistently outperforms existing methods across
evaluation metrics, except for higher inference-time costs. In
this section, we provide a detailed analysis of each module’'s
strengths and limitations.

CAD Analysis

In the abl ation experiments, removing the CAD module resulted
inal17.5% increase in ERDE; and a 13% increase in ERDEs,
while Figrp decreased by 5.6%. These results indicate that
CAD’s primary contribution lies in enhancing earliness, with
arelatively smaller impact on accuracy.

Although theintroduction of temporal activity patterns modeling
provides a novel modality for ERD, the CAD module alone
yieldslimited performance, confirming that text featuresremain
the dominant modality, while CAD serves as an auxiliary
enhancement. This observation aligns with the contribution
analysis, where temporal activity patterns provided stable
contributions but were not the most decisive factor compared
to the text feature.

Case studies showed that temporal activity patterns clearly
distinguished depressed from nondepressed users. Depressed
usersexhibited irregular, insufficient temporal activity patterns,
while nondepressed users displayed consistent sleep cycles.
Such visualization not only aids classification but also offers
clinicians interpretable evidence for interventions. However,
the approach has limitations: since temporal activity patterns
are inferred from aggregated posting time stamps, the model
only captures coarse-grained, long-term sleep habits. While
effective for users with persistent depressive tendencies, it is
less sensitive to short-term depressive episodes, underscoring
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the need for finer-grained integration with contextual textual
analysis.

Clinical Alignment With Depression-Related Sleep
Disturbances

Extensive clinical research has established sleep disturbance as
a core feature of major depressive disorder. Patients with
depression frequently exhibit insomnia, early morning
awakening, sleep fragmentation, circadian rhythm instability,
shortened rapid eye movement latency, and altered sleep
architecture [21-24].

Although the proposed CAD module does not measure
physiological sleep architecture, the extracted temporal activity
patterns may reflect behaviora correlates of these clinically
observed abnormalities. For example, early morning awakening
may correspond to premature termination of low-activity
interval sin posting behavior; sleep fragmentation may manifest
as increased nighttime posting density; and circadian rhythm
instability may be reflected by higher variance in inferred
rest-activity windows across days.

Therefore, the CAD representation should be interpreted as a
digital behavioral proxy of circadian irregularity rather than a
direct physiological dleep measurement. This alignment
strengthens the clinical interpretability of the model while
remaining within the scope of computational social media
analysis.

LDP Analysis

Replacing the LDP modul e with template matching in ablation
studies caused the ERDE; to increase by 28.7% and ERDEg,
by 34.7%, with a 2.3% decrease in Fyggp. This demonstrates
that the LLM component substantially improves early detection
capability, although gainsin accuracy are more modest.

One of the most significant benefits of LDP isitsimprovement
in interpretability. Unlike static filtering, the LLM not only
identifies depressive posts but also traces underlying risk factors
(eg, hopelessnessand suicidal idestion). Thisprovidesactionable
insightsinto users’ depressive triggers and key posts.
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However, performance was found to be sensitive to the choice
of base model. During experiments, different LLMs yielded
varying results, with GPT-40 (OpenAl) showing the most
balanced performance. This suggests that model selection and
optimization remain critical directions for future research.

Moreover, reliance on external APIsand longer inferencetime
limits scalability. Deploying locally optimized LLM could
address both efficiency and privacy concerns. Historical features,
while lessimpactful overal, contributed significantly at earlier
time steps, indicating their importance for very early detection.

TSF Analysis

The TSF modulewas designed to aign and integrate multimodal
features. Ablation experiments confirmed its role: removing
TSF increased the ERD metric by 9.16% and earliness by 7.2%,
although F; remained stable (fluctuations <1%).

Thisdemonstratesthat TSF consistently enhances early warning
performance while maintaining accuracy. Itslightweight fusion
process effectively balances multimodal collaboration without
incurring significant overhead.

Further analysis revealed that when only text features were
available, TSF offered no clear advantage over a simple
transformer encoder. This suggests that its benefit primarily
arises from the cross-modal aignment between text and
temporal activity patterns. Improving TSF's generalization
ability to text-only scenarios is a potential avenue for future
improvement.

Computational Cost of the LDP

As provided in Table 3, our model exhibits a relatively
noticeableincrease in time consumption, with an additional 878
seconds compared to the existing state-of-the-art models. The
LDP introduces additional computational overhead due to
repeated API calls. For each user, the Rank LLM evaluates all
posts, and the Analysis LLM processes the top-k posts (k=16).
In the eRisk2017 dataset, the average number of posts per user
isapproximately 419. Thus, each user requires about 419 Rank
LLM calsand 16 Analysis LLM calls. The experiments were
conducted using an online LLM API service. Because the API
server is located overseas, all requests must be sent through a
virtual private network proxy, which introduces significant
network latency. In addition, the experimental environment
processes requests sequentially, without multithreading or
batching. Under this setting, the averagetime cost for processing
a single post (including network communication and API
response) is approximately 1.7-2.5 seconds. It should be noted
that most of the time, overhead comes from network
communication rather than model inference itself. In practical
deployment, API calls can be parallelized and executed without
virtual private network routing, so the actual runtime can be
significantly lower than in the experimental environment.

Deployment and Generalization

The core method of this paper, CAD, aims to analyze users
deep patternsthrough the timing of their posts, enabling earlier
warning of users depressive states. In practical deployment,
platforms can obtain more detailed user information—not only
time stamps of users’ posting behavior but also those of their

https://infodemiol ogy.jmir.org/2026/1/e87138
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reading behavior. This allows the model to generate more
accurate temporal activity patterns, thereby improving
performance.

The proposed method should achieve favorable results on most
social media platforms. However, it is difficult to generalize to
platforms focusing primarily on visual content, such as
Instagram (Meta Platforms). This is because the method takes
textual information as the primary input and temporal activity
patterns as an auxiliary feature to predict user depression.

Regarding generalization to other mental disorders, the method
proposed in this paper cannot be directly applied. This is due
to thelack of authoritative and widely accepted evidence linking
other mental illnesses to sleep patterns, which requires further
research.

Because the LLM component operates via explicit prompt
instructions rather than model-specific fine-tuning, the
framework ismodel-agnostic. Future researchers can substitute
GPT-40 with other LLMs by preserving the prompt structure
and scoring scale, facilitating adaptation as LLM technologies
evolve.

Limitations

Due to GPU memory limitations, 2 baselines (ESDM and
EarlyList) were evaluated using only the most recent 64 posts
per user. Although this setting follows the practical constraints
of the original implementations and does not negatively affect
performance in the ERD scenario (where later posts usually
contain stronger signals), it may still introduce minor differences
compared with fully unrestricted evaluation. Future work will
include experiments under larger computational resources to
further verify fairness across all baselines.

The proposed CAD module modelslong-term temporal activity
patterns derived from posting time stamps rather than actual
sleep behavior. Reduced posting activity does not necessarily
indicate dleep, asit may also result from work schedul es, social
engagement, travel, or decreased platform usage. Therefore, the
extracted features should be interpreted as proxies of
rest—activity regularity rather than direct measurements of
sleep-wake rhythms.

Conclusions

In this study, we proposed a novel method for early risk
detection of depression on social media, integrating temporal
activity patterns modeling and LLM-based text filtering and
analysis. Unlike prior work, which exclusively relies on text
featuresfor depressive state analysis, our approach incorporates
posting time stamps to infer users temporal activity patterns
and leverages LLM to improve upon traditional
template-matching methods, thereby constructing a more
accurate profile of depressive texts.

Experiments on the eRisk 2017 benchmark demonstrate that
MIND not only achieves superior performance across multiple
evaluation metrics, despite higher inference costs, but aso
provides enhanced interpretability (viatemporal activity patterns
visualization and LLM-based tracing of latent depressive
factors). The temporal activity patterns and the LLM’s
identification of latent depressive factors allow the model to

JMIR Infodemiology 2026 | vol. 6 | 87138 | p. 14
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY Yuetal

trace back depressive risk signas, offering strong support for  language modeling, breaking the limitation of prior text-only
clinical intervention and treatment. methods—with high practical valuefor real-world applications

Overal, MIND establishes a new paradigm for multimodal in mental health monitoring.

ERD by combining temporal activity patterns and advanced

Acknowledgments

We acknowledge the support of artificial intelligence tools in completing this paper. Within the research methodology, large
language models were adopted as a functional component to facilitate the study’s technical implementation. For the paper text,
GPT (OpenAl) was used to provide partia linguistic polishing assistance. Notably, the author retains full responsibility for the
paper’s academic integrity, including all research content, analytical processes, and conclusions, which have undergone independent
validation.

Data Availability

Our research on depression risk may raise ethical concerns. The data used in this study come from a publicly available dataset
shared by other researchers. To protect user privacy, al social media data underwent a strict anonymization process conducted
by the dataset providers before usage. We followed all relevant ethical guidelinesand legal requirementsto ensure that no privacy
violations occurred during the research process. The proposed model is not intended as a diagnostic tool but rather as a risk
estimation framework to support monitoring and early intervention. All textual examples shown in this paper were paraphrased
by the authors to remove sensitive information and do not represent original user posts.

Funding

Thisstudy issupported by the National Natural Science Foundation of China(62163033), Talent |nnovation and Entrepreneurship
Project of Lanzhou, China (2021-RC-49), and the Gansu Provincial Department of Education: Industrial Support Program Projects
(2025CY ZC-010). Thefunding bodieshad no rolein study design, data collection and analysis, decision to publish, or preparation
of the paper.

Authors Contributions

The author independently designed the research, devel oped the methodol ogy, conducted experiments, analyzed data, and drafted
the entire paper. The corresponding author provided critical guidance on research design, paper structure, and result interpretation.
A fellow student offered auxiliary support, such as partial data collection and preprocessing.

Conflictsof I nterest
None declared.

References

1. YuBicheng/MIND. GitHub. URL: https://github.com/YuBicheng/MIND [accessed 2026-05-01]

2. GBD 2017 Diseaselnjury IncidencePrevalence Collaborators. Global, regional, and national incidence, prevalence, and
years lived with disability for 354 diseases and injuries for 195 countries and territories, 1990-2017: a systematic analysis
for the Global Burden of Disease Study 2017. Lancet. 2018;392(10159):1789-1858. [doi: 10.1016/S0140-6736(18)32279-7]
[Medline: 30496104]

3. Ferrari AJ, Charlson FJ, Norman RE, Patten SB, Freedman G, Murray CJL, et al. Burden of depressive disorders by country,
sex, age, and year: findings from the global burden of disease study. PLoS Med. 2013;10(11):e1001547. [doi:
10.1371/journal.pmed.1001547] [Medline: 24223526]

4.  DeChoudhury M, Gamon M, Counts S, Horvitz E. Predicting depression viasocial media. 2013. Presented at: International
AAAI Conference on Web and Social Media; July 8-11, 2013; Cambridge, MA. URL: https.//www.researchgate.net/
publication/259948193 Predicting_Depression_via Social Media[doi: 10.1609/icwsm.v7i1.14432]

5.  Parapar J, Martin-Rodilla P, Losada DF, Crestani F. Overview of eRisk 2022: early risk prediction on the internet. 2022.
Presented at: Proceedings of the International Conference on Runtime Verification (RV 2022); October 2-5, 2022:233-256;
Thilisi, Georgia. [doi: 10.1007/978-3-031-13643-6_18]

6.  Parapar J, Martin-Rodilla P, Losada DF, Crestani F. Overview of eRisk 2023: early risk prediction on the internet. 2023.
Presented at: Proceedings of the IFIP International Conference on Entertainment Computing (ICEC 2023); September
27-29, 2023:294-315; Dundee, United Kingdom. [doi: 10.1007/978-3-031-42448-9 22]

7.  Parapar J, Martin-Rodilla P, Losada DF, Crestani F. Overview of eRisk 2024: early risk prediction on the internet. 2024.
Presented at: Proceedings of the International Joint Conference on Knowledge Discovery, Knowledge Engineering and
Knowledge Management (1C3K 2024); November 17-19, 2024:73-92; Porto, Portugal . [doi: 10.1007/978-3-031-71908-0_4]

https://infodemiol ogy.jmir.org/2026/1/e87138 JMIR Infodemiology 2026 | vol. 6 | 87138 | p. 15
(page number not for citation purposes)


https://github.com/YuBicheng/MIND
http://dx.doi.org/10.1016/S0140-6736(18)32279-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30496104&dopt=Abstract
http://dx.doi.org/10.1371/journal.pmed.1001547
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24223526&dopt=Abstract
https://www.researchgate.net/publication/259948193_Predicting_Depression_via_Social_Media
https://www.researchgate.net/publication/259948193_Predicting_Depression_via_Social_Media
http://dx.doi.org/10.1609/icwsm.v7i1.14432
http://dx.doi.org/10.1007/978-3-031-13643-6_18
http://dx.doi.org/10.1007/978-3-031-42448-9_22
http://dx.doi.org/10.1007/978-3-031-71908-0_4
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY Yuetal

8.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Marco JH, Alonso S, Andani J. Early intervention with cognitive behavioral therapy reduces sick leave duration in people
with adjustment, anxiety and depressive disorders. J Ment Health. 2020;29(3):247-255. [doi:
10.1080/09638237.2018.1521937] [Medline: 30322314]

Elman JL. Finding structure in time. Cognitive Science. 1990;14(2):179-211. [doi: 10.1016/0364-0213(90)90002-€]
Yoon K. Convolutional neural networksfor sentence classification. 2024. Presented at: Proceedings of the 2014 Conference
on Empirical Methods in Natural Language Processing (EMNLP); Octaober 25-29, 2014:1746-1751; Doha, Qatar. [doi:
10.3115/v1/d14-1181]

Zhang E, Masoud N, Bandegi M, Lull J, Malhan R. Step attention: sequential pedestrian trajectory prediction. 2022.
Presented at: 2022 IEEE International Conference on Data Science and Information System (ICDSIS 2022); July 21-23,
2022:8071-8083; Hassan, Karnataka, India. [doi: 10.1109/jsen.2022.3158271]

Hartvigsen T, Sen C, Kong X, Rundensteiner E. Adaptive-halting policy network for early classification. 2019. Presented
at: Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining; August
4-8, 2019:101-110; Anchorage, AK. [doi: 10.1145/3292500.3330974]

Bichen W, Yuzhe Z, Yanyan Z, Pengfei D, Bing Q. ESDM: Early sensing depression model in social media streams. 2024.
Presented at: Proceedings of the 2024 Joint International Conference on Computationa Linguistics, Language Resources
and Evaluation (LREC-COLING 2024); May 22, 2024; Torino, Italy. [doi: 10.63317/2yha3uabx9j4]

Trotzek M, Koitka S, Friedrich CM. Utilizing neural networks and linguistic metadata for early detection of depression
indications in text sequences. |EEE Trans Knowl Data Eng. 2020;32(3):588-601. [doi: 10.1109/tkde.2018.2885515]
Zhang Z, Chen S, Wu M, Zhu KQ. Psychiatric scale guided risky post screening for early detection of depression. 2022.
Presented at: Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence; July 23-29,
2022:5220-5226; Vienna, Austria. [doi: 10.24963/ijcai.2022/725]

SadequeF, Xu D, Bethard S. Measuring thelatency of depression detection in social media. 2018. Presented at: Proceedings
of the Eleventh ACM International Conference on Web Search and Data Mining; February 5-9, 2018:495-503; Marina Del
Rey, CA. [doi: 10.1145/3159652.3159725]

Idam MR, Kabir MA, Ahmed A, Kamal ARM, Wang H, Ulhagq A. Depression detection from social network data using
machinelearning techniques. Health Inf Sci Syst. 2018;6(1):8. [FREE Full text] [doi: 10.1007/s13755-018-0046-0] [Medline:
30186594]

Yang L, Jiang D, HeL, Pei E, Oveneke MC, Sahli H. Decision tree based depression classification from audio video and
language information. 2016. Presented at: Proceedings of the 6th International Workshop on Audio/Visual Emotion
Challenge; October 15-19, 2016:89-96; Amsterdam, The Netherlands. [doi: 10.1145/2988257.2988269]

An A, Wang J, Li S, Zhou G. Multimodal topic-enriched auxiliary learning for depression detection. 2020. Presented at:
Proceedings of the 28th International Conference on Computational Linguistics, Dec 8, 2020:1078-1089; Barcelona, Spain.
[doi: 10.18653/v1/2020.coling-main.94]

Chen Z, Deng J, Zhou J, Wu J, Qian T, Huang M. Depression detection in clinical interviewswith llm-empowered structural
element graph. 2024. Presented at: Proceedings of the 2024 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies; June 16-21, 2024:8181-8194; Mexico City, Mexico. [doi:
10.18653/v1/2024.naacl-1ong.452]

Nutt D, Wilson S, Paterson L. Sleep disorders as core symptoms of depression. Dia ogues Clin Neurosci. 2022;10(3):329-336.
[doi: 10.31887/dcns.2008.10.3/dnuitt]

Franzen PL, Buysse DJ. Sleep disturbances and depression: risk relationships for subsequent depression and therapeutic
implications. Dialogues Clin Neurosci. 2022;10(4):473-481. [doi: 10.31887/dcns.2008.10.4/plfranzen]

Riemann D, Berger M, Voderholzer U. Sleep and depression--results from psychobiological studies: an overview. Biol
Psychol. 2001;57(1-3):67-103. [doi: 10.1016/s0301-0511(01)00090-4] [Medline: 11454435]

Yasugaki S, OkamuraH, Kaneko A, Hayashi Y. Bidirectional relationship between sleep and depression. Neurosci Res.
Feb 2025;211:57-64. [FREE Full text] [doi: 10.1016/j.neures.2023.04.006] [Medline: 37116584]

Akre S, Cohen ZD, Welborn A, Zbozinek TD, Balliu B, Craske MG, et al. Comparing self reported and physiological sleep
quality from consumer devices to depression and neurocognitive performance. NPJ Digit Med. 2025;8(1):92. [EREE Full
text] [doi: 10.1038/s41746-025-01493-6] [Medline: 39924572]

Fei-Fei L, FergusR, PeronaP. A bayesian approach to unsupervised one-shot |earning of object categories. 2003. Presented
at: Proceedings Ninth IEEE International Conference on Computer Vision (ICCV); October 13-16, 2003:1134-1141; Nice,
France. [doi: 10.1109/iccv.2003.1238476]

Palatucci M, Hinton GE, Pomerleau D, Mitchell TM. Zero-shot learning with semantic output codes. 2009. Presented at:
Proceedings of the Advancesin Neural Information Processing Systems (Neurl PS 2009); December 7-12, 2009:1410-1418;
Vancouver, BC. [doi: 10.5555/2984093.2984252]

Brown TB, Mann B, Ryder N, Subbiah M, Kaplan J, Dhariwal P, et al. et al. Language models are few-shot learners.
Cambridge. MIT Press; 2020. Presented at: Proceedings of the 34th International Conference on Neural Information
Processing Systems; December 6-12, 2020:1877-1901; Vancouver, BC. [doi: 10.5555/3495724.3495883]

https://infodemiol ogy.jmir.org/2026/1/e87138 JMIR Infodemiology 2026 | vol. 6 | 87138 | p. 16

(page number not for citation purposes)


http://dx.doi.org/10.1080/09638237.2018.1521937
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30322314&dopt=Abstract
http://dx.doi.org/10.1016/0364-0213(90)90002-e
http://dx.doi.org/10.3115/v1/d14-1181
http://dx.doi.org/10.1109/jsen.2022.3158271
http://dx.doi.org/10.1145/3292500.3330974
http://dx.doi.org/10.63317/2yha3uabx9j4
http://dx.doi.org/10.1109/tkde.2018.2885515
http://dx.doi.org/10.24963/ijcai.2022/725
http://dx.doi.org/10.1145/3159652.3159725
https://europepmc.org/abstract/MED/30186594
http://dx.doi.org/10.1007/s13755-018-0046-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30186594&dopt=Abstract
http://dx.doi.org/10.1145/2988257.2988269
http://dx.doi.org/10.18653/v1/2020.coling-main.94
http://dx.doi.org/10.18653/v1/2024.naacl-long.452
http://dx.doi.org/10.31887/dcns.2008.10.3/dnutt
http://dx.doi.org/10.31887/dcns.2008.10.4/plfranzen
http://dx.doi.org/10.1016/s0301-0511(01)00090-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11454435&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0168-0102(23)00087-1
http://dx.doi.org/10.1016/j.neures.2023.04.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37116584&dopt=Abstract
https://doi.org/10.1038/s41746-025-01493-6
https://doi.org/10.1038/s41746-025-01493-6
http://dx.doi.org/10.1038/s41746-025-01493-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39924572&dopt=Abstract
http://dx.doi.org/10.1109/iccv.2003.1238476
http://dx.doi.org/10.5555/2984093.2984252
http://dx.doi.org/10.5555/3495724.3495883
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY Yuetal

29.

30.

31.

32.

33.

35.
36.

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez A, et a. Attentionis all you need. 2017. Presented at:
Proceedings of the 31st International Conference on Neural Information Processing Systems (N1PS17); December 4-9,
2017:6000-6010; Long Beach, CA. [doi: 10.65215/ctdc8e75]

Jacobs RA, Jordan M1, Nowlan SJ, Hinton GE. Adaptive mixtures of local experts. Neural Comput. 1991;3(1):79-87. [doi:
10.1162/nec0.1991.3.1.79] [Medline: 31141872]

Jacob D, Ming-Wei C, Kenton L, KristinaT. BERT: Pre-training of deep bidirectional transformers for language
understanding. 2019. Presented at: Proceedings of the 2019 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies; June 2-7, 2019:4171-4186; Minneapolis, MN. [doi:
10.18653/v1/N19-1423]

Losada DE, Crestani F. A test collection for research on depression and language use. 2016. Presented at: Proceedings of
the 7th International Conference of the CL EF Association (CLEF 2016); September 5-8, 2016:28-39; Evora, Portugal . [doi:
10.1007/978-3-319-44564-9_3]

Koltcov S, Koltsova O, Nikolenko S. Latent dirichlet allocation: stability and applications to studies of user-generated
content. 2014. Presented at: Proceedings of the 2014 ACM conference on Web science; June 23-26, 2014; Bloomington,
IN. [doi: 10.1145/2615569.2615680]

Burdisso SG, Errecalde M, Montes-y-Gomez M. 1-SS3: atext classifier with dynamic n-gramsfor early risk detection over
text streams. Pattern Recognit Lett. 2020;138:130-137. [doi: 10.1016/j.patrec.2020.07.001]

Van der Maaten L, Hinton G. Visualizing data using t-SNE. J Mach Learn Res. 2008;9(86):2579-2605. [FREE Full text]
Felipe LG, Gustavo RF, Henrique FDA, Filipi NS, Cesar HC, Diego RA, et al. Principal component analysis: a natural
approach to data exploration. ACM Comput. 2022:34. [doi: 10.1145/3447755]

Abbreviations

BDI: Beck Depression Inventory

BERT: Bidirectional Encoder Representation from Transformers
CAD: circadian activity dynamics

ERD: early risk detection

GPU: graphics processing unit

LDP: LLM depression profiler

LLM: largelanguage model

MIND: Monitoring of Individual Nighttime Dynamics
MoOE: mixture of experts

PHQ-9: Patient Health Questionnaire-9

TRD: traditional risk detection,

TSF: text-dleep fusion

Edited by W Ahmed; submitted 05.Nov.2025; peer-reviewed by B Patel, S Sazzed; comments to author 29.Jan.2026; revised version
received 30.Mar.2026; accepted 29.Apr.2026; published 29.May.2026

Please cite as:

Yu B, Zhang Z, Ma L, Cai J, Zhang Y

Early Depression Detection in Social Media: Monitoring of Individual Nighttime Dynamics and Large Language Model Analysis
JMIR Infodemiology 2026;6:e87138

URL: https://infodemiology.jmir.org/2026/1/e87138

doi: 10.2196/87138

PMID:

©Bicheng Yu, Zhichang Zhang, Lulu Ma, Jongfu Cai, Yuanyuan Zhang. Originaly published in JIMIR Infodemiology
(https://infodemiol ogy.jmir.org), 29.May.2026. Thisisan open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in IMIR Infodemiology, is properly cited. The complete bibliographic
information, alink to the original publication on https.//infodemiology.jmir.org/, aswell asthis copyright and license information
must be included.

https://infodemiol ogy.jmir.org/2026/1/e87138 JMIR Infodemiology 2026 | vol. 6 | 87138 | p. 17

(page number not for citation purposes)


http://dx.doi.org/10.65215/ctdc8e75
http://dx.doi.org/10.1162/neco.1991.3.1.79
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31141872&dopt=Abstract
http://dx.doi.org/10.18653/v1/N19-1423
http://dx.doi.org/10.1007/978-3-319-44564-9_3
http://dx.doi.org/10.1145/2615569.2615680
http://dx.doi.org/10.1016/j.patrec.2020.07.001
https://www.jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf
http://dx.doi.org/10.1145/3447755
https://infodemiology.jmir.org/2026/1/e87138
http://dx.doi.org/10.2196/87138
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

