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Abstract
Detecting depression through users’ social me-
dia posting history is crucial for enabling timely
intervention; however, irrelevant content within
these posts negatively impacts detection per-
formance. Thus, it is crucial to extract perti-
nent content from users’ complex posting his-
tory. Current methods utilize frozen and static
screening models, which can miss critical in-
formation and limit overall performance due
to isolated screening and detection processes.
To address these limitations, we propose E2-
LPS (End-to-End Learnable Psychiatric Scale
Guided Risky Post Screening Model) for jointly
training our screening model, guided by psychi-
atric scales, alongside the detection model. We
employ a straight-through estimator to enable
a learnable end-to-end screening process and
avoid the non-differentiability of the screening
process. Experimental results show that E2-
LPS outperforms several strong baseline meth-
ods, and qualitative analysis confirms that it
better captures users’ mental states than others.

1 Introduction

According to data from the WHO, depression af-
fects approximately 3.8% of the world’s popula-
tion1. In the U.S., nearly 15% of adults experience
a major depressive episode in their lifetime (Kessler
et al., 2005). In response, global efforts have fo-
cused on utilizing social media for detection to mit-
igate the severe consequences of depression (Zhou
et al., 2018; Malhotra and Jindal, 2022). 2

User-level depression detection aims to detect
depression from social media posting history. How-
ever, as illustrated in Figure 1, because depression
has an episodic nature with symptom-free peri-
ods (Ma, 2021), much non-depressive content is

*These authors contributed equally to this work.
†Corresponding author.
1https://www.who.int/news-room/fact-sheets/

detail/depression
2This paper contains content on depression and mental

health, which may be sensitive or distressing for some readers.
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Figure 1: Limitations of static unsupervised screening.
User histories contain much irrelevant content, which
static screening often includes. Because it lacks feed-
back from the detection model, this irrelevant content
directly trains the model. Training on such noisy data
confuses the model and reduces its performance.

generated, making the tracking of every post often
unnecessary. The vast volume of user posts fur-
ther complicates this, necessitating some methods
to screen critical content. Current approaches en-
hance accuracy by capturing relevant mental state
information and filtering irrelevant content before
detection. For example, Zogan et al. (2021) uses
hybrid summarization to filter relevant tweets for
detailed information, while Zhang et al. (2022);
Liu et al. (2024) employ psychiatric scales to stati-
cally screen risky posts indicative of mental states.
These methods have achieved some success.

Existing methods typically separate screening
and detection, relying on the results of static, prior
screening processes. While these unsupervised
screening approaches are somewhat effective, they
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often lack strong feedback because they don’t learn
from detection performance. As shown in Figure 1,
inaccurate screening results can introduce detec-
tion errors, leading to models being trained on in-
appropriate data and degrading performance. To
overcome these limitations, we propose a more
flexible, learnable screening process that is trained
end-to-end with other components. This approach
effectively filters out irrelevant content and cap-
tures risky posts most relevant to users’ mental
health, thereby improving detection performance.

Overall, to address this limitation, we propose
E2-LPS (End-to-End Learnable Psychiatric Scale
Guided Risky Post Screening for Depression De-
tection on Social Media). E2-LPS is an end-to-
end training method that integrates the psychiatric
scale-guided screening process with the subsequent
detection process. This method enables the screen-
ing process to receive direct feedback from over-
all detection performance. Specifically, E2-LPS
enhances depression detection by directing the de-
tection model to focus on risky posts identified as
highly relevant by the screening model. Addition-
ally, it produces improved screening results, which
can serve as a reference to assist experts in imple-
menting more effective subsequent interventions.
Since the direct screening process may not be dif-
ferentiable, we employ straight-through estimators
to parameterize the screening decision, transform-
ing the screening process from a passive, isolated
task into an active, supervised learning component.

Extensive experiments, both within- and cross-
dataset, demonstrate E2-LPS’s superior perfor-
mance against strong existing baselines in social
media depression detection. Furthermore, expert
comparisons confirm our screening results are more
clinically meaningful and better at identifying daily
risky posts of depression. Our contributions are
summarized as follows:

• We integrate the screening process and detec-
tion process into a joint training framework to
solve the previous problem.

• We propose our E2-LPS model to extract infor-
mation most relevant to users’ mental health
based on psychiatric scales.

• We conduct experiments across multiple
datasets. Comprehensive within-dataset and
cross-dataset evaluations demonstrate that
our E2-LPS significantly outperforms many
strong existing baselines.

2 Related Work

2.1 User-Level Psychiatric Problem Detection

Modern individuals share their lives on social me-
dia, revealing personal activities and characteristics
that offer valuable insights for modeling psychiatric
states. Computational techniques are increasingly
used for analyzing users’ mental health states from
this data, which studies show can detect disorders
like depression, PTSD, and anxiety (Choudhury
et al., 2013; Coppersmith et al., 2015). Identify-
ing depression symptoms is a key research focus.
CNNs and RNNs have significantly improved de-
pression detection accuracy over traditional meth-
ods (Husseini Orabi et al., 2018), as seen in chal-
lenges like CLPsych-2015 (Coppersmith et al.,
2015). Due to lengthy, often irrelevant post his-
tories, summarization and scale-based screening
are employed to extract depression-relevant infor-
mation (Zogan et al., 2021; Zhang et al., 2022;
Liu et al., 2024). While Large Language Models
(LLMs) incorporating scales and Chain-of-Thought
(COT) reasoning are being explored for mental
health detection (Wang et al., 2024a), efficiency
constraints still demand simple screening methods
for collecting representative posts, especially for
resource-limited real-time applications.

2.2 Depression Detection

Depression detection often uses data from clini-
cal interviews or social media (Gratch et al., 2014;
Salas-Zárate et al., 2022). Diagnostic cues come
from self-reports or involvement in depression com-
munities (Ernala et al., 2019). Some studies use vi-
sual cues and engagement metrics via VGGNet (Si-
monyan and Zisserman, 2015; Zogan et al., 2021),
while others combine psychiatric features with
neural networks, integrating topic features with
attention-enhanced pre-trained models (Song et al.,
2018; An et al., 2020). Other research uses stan-
dardized scales, focusing on metaphor and moral
language in diagnosis (Coll-Florit et al., 2021; Han
et al., 2022). Recent studies emphasize early detec-
tion (Sadeque et al., 2018), proposing psychiatric
scale-based risk screening (Zhang et al., 2022) and
early detection loss functions (Wang et al., 2024b).

However, these methods usually depend on com-
plete user history or basic static screenings, separat-
ing screening from detection. Our approach try to
create a learnable dynamic screening mechanism,
providing an end-to-end solution, which improves
model by refining the information for detection.
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Figure 2: An overview of the E2-LPS method: Unlike traditional depression detection methods, we employ a
psychiatric scale-based screening model to identify significant risky posts and utilize an end-to-end framework to
optimize the E2-LPS model. During training, E2-LPS allows the screening process to adaptively focus on the most
relevant content by receiving feedback signals from the detection process.

3 E2-LPS: End-to-End Learnable
Psychiatric Scale Guided Risky Post
Screening Model

Problem Formulation: Given a user U with posts
P = {p1, . . . , pn}, where pi is the i-th post, we
aim to detect if the user is depressed based on P .
This involves predicting a label y ∈ {0, 1}, indicat-
ing the user’s mental health: y = 0 (not depressed),
or y = 1 (depressed).

As shown in Figure 2, our E2-LPS operates
as follows: The screening process identifies risky
posts based on templates from the Beck Depres-
sion Inventory II (BDI-II) (Beck et al., 1996), a
widely recognized clinical tool in psychology, cov-
ering both direct and indirect depressive indicators
(e.g., pessimism, loss of appetite). For further de-
tails, please refer to Table 4 in the Appendix. We
represent the results of the screening as a mask
m = {mi}ni=1, where mi = 1 indicates post pi is
selected as risky.

3.1 Screening Process
During screening, a template set S = {s1, . . . , sk}
from psychological scales is used, where each si

is a symptom template. Posts and templates are
encoded using Sentence-BERT (Reimers, 2019)
into embeddings P = {p1, . . . ,pn} and S =
{s1, . . . , sk}. The risk score ri for each post pi
is calculated by finding its maximum cosine simi-
larity with any symptom template in S:

ri =
k

max
j=1

pi
T sj

∥pi∥∥sj∥
(1)

We compute the maximum cosine similarity be-
tween each post and all symptom templates. The
scores for all posts are r = {r1, . . . , rn}. Posts cor-
responding to the top K% highest risk scores ri are
selected as representative risky posts. The screen-
ing mask m = {mi}ni=1 is defined as mi = 1 if
ri is in the top K%, and 0 otherwise. A straight-
through estimator is employed to enable gradient
flow through the discrete selection process repre-
sented by m, facilitating end-to-end optimization.
Additionally, the attention mechanism in the de-
tection process is modified to facilitate gradient
propagation back to the screening process, ensur-
ing differentiability throughout the E2-LPS model.
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3.2 Ensuring Differentiability
The non-differentiable Top K operator hinders gra-
dient flow to the screening parameters. To ad-
dress this, we employ a straight-through estima-
tor, attaching gradients from risk scores ri to their
corresponding mask entries mi. Given the set of
risk scores r = {r1, r2, . . . , rn}, we compute the
threshold τ as the (100 − K)% quantile of these
scores. A hard selection mask m′ is then gener-
ated using the indicator function m′ = I{r≥τ}. To
achieve differentiability, we introduce a mask m:

m = r+ (m′ − r̄) (2)

where r̄ = detach(r), representing the stop-
gradient version of r. We facilitate gradient flow
by incorporating the linear term r.

Forward Pass Equivalence: During the forward
computation, since r̄ is merely a stop-gradient ver-
sion of r, we can express:

m = r+ (m′ − r̄) = m′ (3)

This indicates that in the forward pass, the hard se-
lection mask m′ is identical to the screening mask
m. Thus, the model’s behavior remains unchanged
during the forward propagation.

Backward Pass Differentiability: In the back-
ward pass, since both m′ and r̄ are treated as con-
stants (i.e., without gradients), we can differentiate
with respect to r:

∂m

∂r
=

∂

∂r
[r+ constant] = 1 (4)

Despite the non-differentiability of m′ = I{r≥τ},
the construction of m enables gradient propagation
back to r, making the process differentiable. It is
evident that as long as the gradient can be propa-
gated to m, we can update r based on the gradient
of m, thereby adjusting the screening results.

3.3 Detection Process
In the detection process, E2-LPS focuses on iden-
tifying users with depression based on the screen-
ing results. However, it is essential to ensure that
m receives updated gradients during this phase to
guide the updating of the screening results. We
utilize BERT to encode all posts made by the user
and employ a Transformer encoder to model the
interactions among various posts. The encoding
equation is presented as follows:

p̂i = BERT[CLS](pi) (5)

Given the n representations of a user’s posts
p̂1, p̂2, . . . , p̂n, the user encoder models the rela-
tionships among these representations to generate
updated contextual representations p′

1,p
′
2, . . . ,p

′
n

for each post, and further aggregate these embed-
dings into a unified user representation u. We use a
Transformer to capture inter-post dependencies via
self-attention. The updated post representations are
further passed to an attention layer, which produces
the final detection results. To update m during
training, we modify the masking mechanism for all
attention layers as follows:

A =
QKT

√
d

, Âi,j =
exp(Ai,j)mj∑n
k=1 exp(Ai,k)mk

(6)

In this modification, the self-attention mech-
anism ensures that during training, posts where
mi = 0 do not participate in subsequent computa-
tions; only posts with mi = 1 are considered. The
detection model requires access to all posts during
training to ensure that all posts from the screening
process receive gradient feedback from the detec-
tion process. However, during inference, we can
discard the posts where mi = 0 after the screen-
ing process, which does not increase the model’s
inference time.

We use the transformer encoder using a modified
attention mechanism, allowing screened posts to
interact with one another in a differentiable manner.
We also apply this approach to enhance the general
attention mechanism used for aggregating all se-
lected information. Consequently, the user encoder
can be represented as:

p′
1,p

′
2, . . . ,p

′
n = Transformer(p̂1, p̂2, . . . , p̂n)

(7)

αl =
exp(W′p′

l + b)ml∑n
i=1 exp(W

′p′
i + b)mi

(8)

u =

n∑

l=1

αlp
′
l (9)

The probability of depression based on the user
representation is computed as:

ŷ = sigmoid(FFN(u)) (10)
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eRisk2017 eRisk2018 SMHD
Train Test Train Test Train Test

No. of users (Depression) 83 52 135 79 2,482 327
No. of users (Control) 403 349 752 741 4,964 2,054
No. of posts (Depression) 30,851 18,706 49,557 40,665 242,033 30,653
No. of posts (Control) 264,172 217,665 481,837 504,523 522,008 210,650
Avg. posts per user (Depression) 370.3 359.3 367.4 514.0 97.5 93.7
Avg. posts per user (Control) 656.0 623.0 641.8 680.2 105.2 102.6

Table 1: Dataset statistics for eRisk2017, eRisk2018, and SMHD. The table presents the number of users categorized
by depression and control groups, the total number of posts for each group, and the average number of posts per
user in both categories.

where ŷ ∈ (0, 1) denotes the probability of de-
pression based on the screened risky posts identi-
fied through the screening process. We utilize the
cross-entropy loss function for end-to-end updates
of the E2-LPS model.

4 Experiments

4.1 Datasets

In our experiments, we use three datasets:
SMHD (Cohan et al., 2018), eRisk2017 (Losada
and Crestani, 2016), and eRisk2018 (Losada et al.,
2018). SMHD, designed for multi-disorder de-
tection, allowed us to select depressed and con-
trol users. It contains 7,446 training users and
2,381 testing users. eRisk2017 includes 486 train-
ing users and 401 testing users. eRisk2018 com-
prises 887 training users and 820 testing users.
These datasets identify depressed users through
phrases like "I have been diagnosed with depres-
sion", while control users interact with depression-
related content without a diagnosis. As can be seen,
all datasets contain a large number of user posts,
including substantial noisy signal. To avoid direct
self-report leakage and prevent learning indirect
depression signals, these datasets filter identifica-
tion anchor points. Detailed dataset statistics are in
Table 1.

4.2 Experimental Setups

We use all-MiniLM-L6-v2 as the screening model
and bert-base-uncased as the detection base
model. The screening threshold is set at 12.5%
(K%) per dataset. Batch size is 1; learning rates
are 1 × 10−5 for BERT and 2 × 10−5 for other
components. The user encoder is a single-layer
TransformerEncoder with eight heads. We opti-
mize with AdamW and train for 10 epochs. Train-
ing uses PyTorch 2.2 on Nvidia A100 40GB

GPUs. To mitigate randomness, we run each model
three times with different seeds (Zhang et al., 2022;
Liu et al., 2024).

4.3 Competing Methods
We compare our approach with several existing
methods that researchers previously employed.

• BERT (Clus+Abs) (Zogan et al., 2021): This
method employs Sentence-BERT (Reimers,
2019) for post embeddings, K-means clus-
tering for representative post selection, and
BART (Lewis et al., 2020) for abstractive sum-
marization (Clus+Abs). The aim of this ap-
proach is to capture the content of the posting
history through summarization.

• HAN-BERT (Zhang et al., 2022): This ap-
proach utilizes a Hierarchical Attention Net-
work (HAN) with BERT as the post encoder.
Its variant, HAN-BERT (Psych), further em-
ploys a static scale-based screening method,
filtering data by similarity based on a prede-
fined scale.

• COMMA (Gui et al., 2019): This work’s co-
operative multi-agent model uses reinforce-
ment learning to select textual and visual in-
dicators for depression detection. We use its
RL-driven text screening component as a base-
line.

• DeCapsNet (Liu et al., 2024): Similar to
HAN-BERT (Psych), this method screens data
before training using a predefined scale based
on similarity and introduces contrastive learn-
ing via symptom capsule extraction.

• GPT-4.1 (Achiam et al., 2023): This explores
the analytical capabilities of advanced LLMs
in a 2-shot setting with balanced sampling
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Train Method Test: eRisk2017 Test: eRisk2018 Test: SMHD
F1 Recall F1 Recall F1 Recall

eRisk2017 COMMA 0.552 0.552 0.500 0.519 0.509 0.842
Bert(Clus+Abs) 0.531 0.500 0.468 0.468 0.573 0.502
HAN-BERT 0.626 0.685 0.570 0.570 0.677 0.781
HAN-BERT(Psych) 0.692 0.692 0.659 0.700 0.687 0.599
DeCapsNet 0.699 0.705 0.614 0.646 0.748 0.700
GPT-4.1(Psych) 0.556 0.769 0.484 0.785 0.706 0.714
GPT-4.1(E2-LPS) 0.583 0.808 0.527 0.873 0.732 0.746
E2-LPS(Ours) 0.714 0.821 0.688 0.706 0.748 0.894

eRisk2018 COMMA — — 0.511 0.443 0.550 0.775
Bert(Clus+Abs) — — 0.515 0.557 0.602 0.560
HAN-BERT — — 0.622 0.653 0.639 0.886
HAN-BERT(Psych) — — 0.654 0.646 0.656 0.505
DeCapsNet — — 0.641 0.747 0.753 0.731
GPT-4.1(Psych) — — 0.467 0.798 0.707 0.722
GPT-4.1(E2-LPS) — — 0.510 0.835 0.721 0.737
E2-LPS(Ours) — — 0.683 0.727 0.777 0.907

SMHD COMMA 0.532 0.500 0.478 0.443 0.743 0.723
Bert(Clus+Abs) 0.520 0.635 0.438 0.608 0.663 0.685
HAN-BERT 0.599 0.506 0.512 0.383 0.734 0.644
HAN-BERT(Psych) 0.633 0.731 0.570 0.747 0.778 0.768
DeCapsNet 0.605 0.705 0.527 0.747 0.779 0.795
GPT-4.1(Psych) 0.566 0.827 0.458 0.835 0.693 0.741
GPT-4.1(E2-LPS) 0.577 0.827 0.491 0.848 0.713 0.762
E2-LPS(Ours) 0.639 0.697 0.611 0.566 0.797 0.902

Table 2: Main results of our experiments. The training set for eRisk2018 includes some user from eRisk2017;
hence, model trained on eRisk2018 is not tested for eRisk2017. GPT-4.1(Psych) refers to results utilizing the same
screening results as HAN-BERT(Psych). Conversely, GPT-4.1(E2-LPS) denotes results obtained using screening
results consistent with our E2-LPS.

of depressed and healthy controls from the
training set.

All implementations adhere to prior research
methodologies. We evaluate both within-dataset
and cross-dataset performance across three datasets.
Additionally, we showcase the capabilities of ad-
vanced LLMs in mental health analysis using GPT-
4.1. Concurrently, we demonstrate the challenging
nature of this task.

5 Results

5.1 Main Result
We evaluate performance using two scenarios.
The within-dataset scenario tests on the original
dataset, while the cross-dataset scenario uses ex-
ternal datasets to specifically assess generalization
capabilities. We aim to demonstrate that E2-LPS
not only fits well on the specific dataset due to our
training, but also exhibits generalization ability.

Comparison in Within-Dataset Setting: As
demonstrated in Table 2, our method achieves
better performance than other baseline models in
the within-dataset scenario, particularly on the
eRisk2018 and SMHD datasets. On the eRisk2017
dataset, our approach achieves comparable perfor-
mance to the strongest baseline.

It is noteworthy that methods without a screen-
ing process perform worse than those incorporat-
ing screening, underscoring the importance of this
process in user-level depression detection. Ad-
ditionally, GPT-4.1(Psych)’s lower performance
compared to GPT-4.1(E2-LPS) is interesting be-
cause only the input content differed, indicating
E2-LPS screening more accurately identifies de-
pressed users and improves performance. Simul-
taneously, COMMA, as a reinforcement learning
method, performs well even when the average num-
ber of user posts is low. We believe this is due to its
sampling process, which updates based on sampled
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posts each time, and the absence of a psychiatric
scale as an initial basis. Despite employing the
most complex detection model, DeCapsNet’s per-
formance is limited by its screening results. Thus,
E2-LPS is crucial for better depression detection.
Therefore, our study highlights the important role
of E2-LPS in enhancing the overall performance of
depression detection methods.

Comparison in Cross-Dataset Setting: We test
the trained models across different datasets. Ta-
ble 2 reveals that our method outperforms baseline
models in cross-dataset evaluations. This indicates
that our gains do not solely originate from over-
fitting to the training dataset; instead, they reflect
enhanced generalization capabilities, suggesting
strong potential for practical deployment in diverse
depression detection tasks.

We believe that the screening process in E2-LPS
does not merely overfit to a specific training set;
it effectively extracts critical information that con-
tributes to improved model performance.

As shown in Table 5 in the Appendix B, the
results of the one-tailed Welch’s t-test indicate
a statistically significant improvement in the per-
formance of our model over the strong baseline
(p < 0.05). Concurrently, we note a distinct varia-
tion in the recall scores. The data imbalance reflects
a real-world scenario in which the recall score is a
more critical metric for practical applications, espe-
cially when F1 scores are similar. This emphasis on
recall is because it better reflects the model’s ability
to identify signals of depression from a large vol-
ume of data. Achieving a high recall score is chal-
lenging for this highly imbalanced task, given that
the real-world prevalence of depression is substan-
tially lower than that of non-depression. Therefore,
the F1 score, in conjunction with the significance
test, clearly demonstrates the superiority of our
proposed method.

Method eRisk2017 eRisk2018 SMHD
F1 F1 F1

E2-LPS 0.714 0.683 0.797
w/o P 0.640 0.634 0.693
w/o LPS 0.652 0.631 0.751
w/o E2 0.657 0.640 0.748

Table 3: Results of the ablation analysis.

6 Ablation Analysis

We examine the effects of various modules within
the E2-LPS model. We also examine the impact
of jointly training the screening and detection pro-
cesses and the effect of incorporating a psychiatric
scale. As shown in Table 3, we evaluate three vari-
ants: E2-LPS w/o P, E2-LPS w/o LPS, and E2-LPS
w/o E2.

• E2-LPS w/o P: We replace the psychiatric
scale with a set of learnable vectors, enabling
the model to learn independently of the psy-
chological scale.

• E2-LPS w/o LPS: We freeze the screening
process entirely during training, which fixes
the parameters of the screening process.

• E2-LPS w/o E2:We train the screening pro-
cess separately on a post-level labeled depres-
sion dataset (Turcan and McKeown, 2019) and
use its output for screening.
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Figure 3: Expert evaluation of model screening effec-
tiveness: E2-LPS vs. HAN-BERT (Psych).

Table 3 presents the ablation study results. The
significant performance drop across the three vari-
ants underscores the critical role of each component
within the E2-LPS framework.

7 Screening Analysis

This analysis examines two key aspects: the com-
parison of model screening results before and after
training, and the impact of the percentage of posts
used (K%) on model performance.
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Hardly anyone notices that my mental health problems
are getting worse... I spent time in a psychiatric
institution back... In the end, I’ll likely either take my
own life or harm someone else, it’ll be myself.

I haven't felt genuine anger in years; I just
experience mild irritation or frustration at things.
I'm incapable of becoming angry—I simply don't
know how.

I’m going through moments where I feel unusually high
and unusually low all at once, and on top of that, I’ve
been a lot more on edge lately… My feelings also seem
to be changing really quickly...with my therapist yet…

The primary cause for me is that I'm anxious about
failing. But since I'm now anxious constantly,
what's the purpose?

...I didn’t want to just mask the problem with
medication instead of facing it head-on… I chose my
own medication on my own accord… I decided to try
Bupropion as an alternative, and I’ve been taking it...

Did you quit them simultaneously? I expect it
would be challenging to cease both nail-biting and
cigarettes concurrently. "Refraining from biting is
causing me stress. I need a smoke...DAMNIT!"

...I also manage to steer clear of most of those self-
harming thoughts that used to plague me… This
medication is often paired with an SSRI treatment
plan... It’s also done a lot to ease my anxiety, too…

...but when it reaches its most severe stages, I
typically seclude myself in my room for several
hours and fully release my emotions. I attempt to
logically analyze the root causes...
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Figure 4: Two illustrative cases of screening results for depression users from the eRisk2018 dataset. The two most
significant risky posts for each such user are presented, with relevant mental health-related sections highlighted
in red. The content selected by E2-LPS notably includes more insights into users’ psychological states, thereby
demonstrating the effectiveness of our approach.
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Figure 5: E2-LPS performance on percentage of posts
used (K%). Performance initially increases then de-
creases, indicating a complex relationship.

We conduct an expert evaluation where two ex-
perts compare the screening results of our method
(E2-LPS) and an original HAN-BERT (Psych)
method for posts in the eRisk2017 and eRisk2018
datasets. The comparison focuses on Depression
Relevance (alignment with core depression symp-
toms) and Clinical Validity (practical value for as-
sessment). The results, shown in Figure 3, indicate
that E2-LPS enhances the model’s ability to screen
depression-related signals. Furthermore, the posts
selected by E2-LPS hold greater potential to assist
experts in accurately assessing users’ mental states.
We believe that providing experts with this infor-

mation is even more significant than accuracy itself.
Specific details are available in Appendix C.

Second, we investigate the effect of varying the
risk post selection ratio (K%) on model perfor-
mance. As shown in Figure 5, initially, increasing
K% improves depression detection by incorporat-
ing more relevant information. However, exceed-
ing an optimal threshold leads to performance de-
cline as the inclusion of excessive, potentially noisy
posts outweighs the benefits. This underscores the
importance of relevant input data for model perfor-
mance and highlights the necessity of the screening
process, thus confirming the influence of the screen-
ing process.Another key benefit of screening is its
ability to highlight risky posts for professionals,
facilitating human judgment.

8 Case Analysis

To further validate the efficacy of the E2-LPS
model in screening users’ mental health con-
tent compared to previous methods, this paper
presents the screening results of different ap-
proaches. Specifically, two case studies of users
with depression from the eRisk2018 dataset are
showcased. Due to the privacy protection limita-
tions of the dataset, the original posts have been
paraphrased to preserve the core meaning while
ensuring that the original sentence structure or

4061



specific, identifiable wording is not retained. Fig-
ure 4 compares the top two posts screened by dif-
ferent methods (HAN-BERT (Psych) (Zhang et al.,
2022)), which also uses all-MiniLM-L6-v2 for
screening. The results show that for both users, the
outcomes from E2-LPS clearly surpass those of
the Psych methods, better reflecting users’ mental
states. Our method captures not only more rele-
vant mental health content but also captures more
severe issues, including hospitalization, medica-
tion, and anxiety, highlighting the superiority of
our approach.

9 Conclusion

In this paper, we introduce E2-LPS, an end-to-
end learnable psychiatric scale-guided risky post-
screening model for depression detection on so-
cial media. This model addresses the limitations
of existing methods by jointly training a screen-
ing model, guided by psychiatric scales, along-
side the detection model. The learnable screen-
ing process effectively extracts relevant mental
health information from users’ posting history, en-
hancing the detection performance. Our compre-
hensive experiments, conducted within and across
datasets, demonstrate that E2-LPS outperforms sev-
eral strong baseline methods. The results highlight
the importance of integrating the screening and
detection processes and the effectiveness of using
psychiatric scales to guide the screening. Qualita-
tive analysis further confirms that E2-LPS better
captures users’ mental states. 3

Limitations

We attempted to contribute to the detection and
analysis of depression; however, we acknowledge
that our article has potential limitations and may
cause some harm.

• False positive results: Incorrectly identify-
ing individuals as at-risk, which may lead to
unnecessary interventions and psychological
distress. We believe that screening results can
help experts make informed decisions.

• False negative results: This occurs when the
tool fails to identify individuals who genuinely
require support. We emphasize that this tool
is only a simple screening tool and cannot be
used as evidence for a clinical diagnosis.

3Our code will be released in: https://github.com/
Nocturne-ZYZ/E2-LPS-EMNLP-2025

• Potential stigmatization: Users may be de-
tected as depressed by the model without their
knowledge, potentially violating their privacy
and leading to discrimination in employment
and internet-related aspects. We emphasize
the correct use of research tools, which should
not contribute to discrimination.

The findings from this study are preliminary.
Therefore, the broader public, educators, and
healthcare professionals should not rely on this
or any similar computational model as a standalone
diagnostic or screening tool. It should be viewed
solely as an early-stage investigative instrument.
Any future consideration for clinical utility will
require extensive, independent, and rigorous val-
idation, refinement, and ethical review to ensure
its safety, efficacy, and alignment with established
clinical best practices.

Ethical Statement

This study involves a collaboration with a reputable
academic medical center. The expert evaluators are
board-certified psychiatrists, each possessing ex-
tensive clinical experience. The research on depres-
sion detection may raise certain ethical concerns.
The data used in this study are acquired from pub-
licly available datasets shared by other researchers.
In order to protect individuals’ privacy, all social
media data undergoes strict anonymization proce-
dures by the data providers before it is used. We
comply with relevant ethical guidelines and legal
regulations, ensuring that there is no risk of privacy
violations during the research process. The E2-LPS
is not intended as a diagnostic tool, but rather as
a risk estimate for individual users that can then
be used to support monitoring and evidence-based
prevention and support for users.
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A Depression Templates

No. Statement
1 I feel depressed.
2 I am diagnosed with depression.
3 I am treating my depression.
4 I feel sad.
5 I am discouraged about my future.
6 I always fail.
7 I don’t get pleasure from things.
8 I feel quite guilty.
9 I expected to be punished.
10 I am disappointed in myself.
11 I always criticize myself for my faults.
12 I have thoughts of killing myself.
13 I always cry.
14 I am hard to stay still.
15 It’s hard to get interested in things.
16 I have trouble making decisions.
17 I feel worthless.
18 I don’t have energy to do things.
19 I have changes in my sleeping pattern.
20 I am always irritable.
21 I have changes in my appetite.
22 I feel hard to concentrate on things.
23 I am too tired to do things.
24 I have lost my interest in sex.

Table 4: Depression-related Statements

Here we provide the detailed templates in Ta-
ble 4. Following prior work (Zhang et al., 2022),
we employ the same combination of 3 direct depres-
sion descriptions and the 21 indirect symptoms de-
rived from the Beck Depression Inventory-II (BDI-
II) (Beck et al., 1996).

B Significance Test

Here we supplement with the results of the signifi-
cance test in Table 5, which further demonstrates
the effectiveness of our method.
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Figure 6: Web-based evaluation interface displaying paired posts from File A (left) and File B (right). Experts
performed two independent comparative judgments per pair based on predefined criteria.

Dataset Baseline Model P-Value
eRisk2017 HAN-BERT 0.0003

HAN-BERT(Psych) 0.0214
DeCapsNet 0.0348

eRisk2018 HAN-BERT 0.0078
HAN-BERT(Psych) 0.0095
DeCapsNet 0.0016

SMHD HAN-BERT 0.0009
HAN-BERT(Psych) 0.0299
DeCapsNet 0.0301

Table 5: Significance Test Results of Our Method
against the Baseline Model on Various Datasets.

C Expert Evaluation Scheme

C.1 Overview and Purpose

To assess the relevance and clinical utility of
depression-related content identified by different
screening approaches, an expert evaluation was
conducted. Two senior experts participate in this
study. The evaluation aimed to compare content
selected by our proposed model (E2-LPS) against
content from a baseline model (Psych).

C.2 Evaluation Interface and Procedure

The evaluation materials consist of 133 pairs of
user posts. These posts were all sampled from de-
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pressed users within the eRisk2017 and eRisk2018
test datasets. For each of the 133 selected depressed
users, each pair includes the post identified by our
proposed model as having the highest risk score
for that user, and the post identified by the baseline
model as having the highest risk score for the same
user. To mitigate potential bias, the source of each
post within a pair is anonymized and presented to
the experts simply as "File A" and "File B".

A custom-developed web-based interface was
used for the evaluation (see Figure 6). For each pair,
posts from "File A" and "File B" were displayed
side-by-side. Experts were instructed to perform
two independent comparative judgments for each
pair of posts based on the following criteria:

1. Depression Relevance: This criterion as-
sessed how well the content aligned with core
symptoms or expressions typically associated
with depression. For this, experts chose one
of the following options:

• File A is more relevant than File B (A >
B)

• File A and File B are equally relevant (A
= B)

• File B is more relevant than File A (A <
B)

2. Clinical Validity: This criterion evaluated the
practical value or insight the content offered
that could assist a clinical expert in assessing
a user’s potential mental state regarding de-
pression. For this, experts chose one of the
following options:

• File A has more clinical validity/insight
than File B (A > B)

• File A and File B have equal clinical va-
lidity/insight (A = B)

• File B has more clinical validity/insight
than File A (A < B)

The experts proceeded through the evaluations item
by item, submitting their judgments for both crite-
ria before moving to the next pair.

C.3 Inter-Rater Reliability

To quantify the level of agreement between the
two experts, Cohen’s Kappa (κ) coefficients were
calculated independently for each evaluation cri-
terion. The results are presented in Table 6. The
Kappa value for Depression Relevance was 0.63

Evaluation Criterion Cohen’s Kappa (κ)
Depression Relevance 0.63
Clinical Validity 0.74

Table 6: Cohen’s Kappa (κ) Scores for Inter-Rater Reli-
ability

and for Clinical Validity was 0.74. According to the
guidelines proposed by Landis and Koch (1977),
both these values indicate Substantial agreement
between the experts. These levels of agreement sug-
gest a reliable basis for the evaluation outcomes.
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