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Abstract

Depression is a prevalent mental disorder af-
fecting millions worldwide, with early detec-
tion crucial for effective intervention. While
existing methods have achieved remarkable re-
sults in automated depression detection, they
face two key limitations: (1) Weak optimiza-
tion of post encoders: Relying solely on coarse
user-level supervision signals prevents mod-
els from capturing depressive cues within in-
dividual posts; (2) Lack of interpretability:
Current frameworks cannot substantiate their
outputs with granular evidence, which under-
mines their trustworthiness. To address these
challenges, we propose PAT, a Personality-
driven Augmentation and Transfer learning
framework. PAT first optimizes the post en-
coder on the post-level depression detection
and then transfers it to the user-level task.
To fully utilize the scarce post-level data and
enhance encoding performance, PAT also in-
troduces personality-driven augmentation and
fine-grained contrastive learning. Extensive ex-
periments demonstrate that PAT significantly
outperforms existing baselines. Moreover, PAT
provides comprehensive interpretability by de-
livering user-level predictions, tracing post-
level mental-state trajectories, and highlight-
ing key symptoms, thereby offering valuable
diagnostic evidence for clinical practice.

1 Introduction

Depression represents a prevalent and debilitating
mental disorder in modern society. According to
the World Health Organization (WHO)', depres-
sion affected approximately 332 million individ-
uals globally in 2021, corresponding to 4.0% of
the world’s population. Its core symptoms include
sadness, pessimism, self-dislike and other affective
disturbances, which can lead to suicidal behavior
in severe cases (Beck, 1996). Early detection and
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Figure 1: A typical Screen-and-Classify framework for
social media user-level depression detection. The hier-
archical model is trained solely on binary supervision
(depressed or non-depressed), which prevents the post
encoder from capturing fine-grained depressive cues in
each post and thus limits its optimization. Moreover,
the screening step may introduce false positives. For
instance, the word “cry” in the fourth sentence of the fig-
ure expresses a positive emotion, misleading the model.

intervention are critical for mitigating disease pro-
gression and preventing these adverse outcomes.

With the popularization of social networks, a
growing number of users are willing to express
their real emotions and personal feelings online,
which provides extensive data for developing auto-
mated tools for depression detection (Tahir et al.,
2025; Wang et al., 2024; Ding et al., 2020). Within
this domain, the primary task is to predict a user’s
depressive status according to their posts, com-
monly termed user-level depression detection. A
leading approach for this task is the Screen-and-
Classify framework (Zhang et al., 2022; Liu et al.,
2024; Wang et al., 2025), as illustrated in Figure 1.
This framework comprises two steps: (1) Post
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Screening: retrieving posts related to depression
using clinical descriptions as queries; and (2) Hier-
archical Classification: encoding the posts and ag-
gregating embeddings for classification. However,
this framework is optimized solely with simple
user-level binary supervision, which fails to pro-
vide sufficient guidance for the post encoder, thus
causing a performance bottleneck. Besides, these
methods only output user-level predictions with
limited explanations, lacking the evidence needed
for clinical interpretation. Recent efforts have at-
tempted to address this gap by leveraging Large
Language Models (LLMs) for post-level informa-
tion extraction and explanation generation (Lan
et al., 2025; Zheng et al., 2024). While promising,
LLM-based approaches face their own constraints:
the risk of hallucination and high computational
costs that hinder real-world deployment(Zhang
et al., 2025; Ravenda et al., 2025).

To address these limitations, we propose the
Personality-driven Augmentation and Transfer
learning framework (PAT), whose overall struc-
ture is shown in Figure 2. PAT tackles the bot-
tleneck in the post encoder through a two-phase
approach: it first trains the encoder on a post-level
detection task to learn precise depression features,
and then leverages this optimized encoder in the
user-level model for further training. However, the
data scarcity problem poses a major challenge for
post-level tasks. An important psychological study
indicates that language serves as a latent behav-
ioral manifestation of personality, and individu-
als with different personality traits exhibit signifi-
cant linguistic differences in their expression (Kout-
soumpis et al., 2022). Informed by this finding, we
leverage a large language model for data augmen-
tation driven by psychological personality theories
including the Big Five (Costa and McCrae, 2008)
and MBTI (Jung and Beebe, 2016), which is able to
enrich data diversity and enable the model to adapt
to diverse expressions. Besides, we design a corre-
sponding fine-grained contrastive learning method
to effectively utilize both the augmented and la-
beled data for representation learning. For the user-
level model, we adopt an architecture similar to
DeCapsNet (Liu et al., 2024), which incorporates a
symptom attention module to inject medical knowl-
edge and enable symptom-wise analysis. More
importantly, PAT can provide multi-granular inter-
pretability: it delivers user-level predictions, traces
post-level mental-state trajectories, and highlights
key symptoms ,thereby offering comprehensive di-

agnostic evidence. The contributions of this paper
are threefold:

* We propose a novel transfer learning frame-
work, PAT. Extensive experiments on multiple
public benchmarks demonstrate that PAT sig-
nificantly outperforms existing strong base-
lines and exhibits excellent generalization
ability.

* We design a personality-driven data augmenta-
tion method with a corresponding fine-grained
contrastive learning algorithm. Experiments
demonstrate that these methods effectively op-
timize the post encoder’s embedding space,
significantly enhancing its ability to capture
semantic patterns of depression.

* We build a comprehensive interpretable anal-
ysis system. Beyond user-level depression
detection, PAT traces post-level mental-state
trajectories and highlights key symptoms of-
fering insights that enhance practical utility
and trustworthiness.

2 Related Work

2.1 User-Level Depression Detection

User-Level Depression Prediction aims to assess
depression risk using a user’s social media posts.
Early researchers explored diverse machine learn-
ing techniques(Ding et al., 2020; Vasha et al.,
2023; Hossain et al., 2021). With the rapid ad-
vancement of deep learning, various neural net-
works have become the dominant approach for this
task, such as Convolutional Neural Networks(Yates
etal.,2017; Lin et al., 2020; Narayanan et al., 2022)
and Recurrent Neural Networks(Kour and Gupta,
2022; Kour and Gupta, 2022; Gamaarachchige and
Inkpen, 2019). Zhang et al. (2022) proposed a post
screening method based on psychological scales
and adopted a hierarchical model that sequentially
conducts post encoding and user classifying, which
has since become a mainstream approach in de-
pression detection. Following this paradigm, Liu
et al. (2024) introduced capsule networks to model
features of different symptoms. Wang et al. (2025)
further improved the screening method by making
it trainable. However, these methods typically rely
on user-level binary labels for the whole training.
This makes it difficult for the models to obtain spe-
cific supervision signals at the post level.
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Figure 2: An overview of the PAT framework: it first performs post-level optimization and then transfers the post
encoder to the user-level depression detection task. For post-level optimization, PAT introduces Personality-Driven
Augmentation and novel Fine-grained Contrastive Learning. Unlike standard supervised contrastive learning, it
distinguishes three data types derived from an anchor post: (1) Augmented Posts, generated under personality
guidance, serving as strong positives; (2) Same-Label Posts, which share the ground-truth label, serving as weak
positives; and (3) Different-Label Posts, which have different labels, serving as negatives.

Several research efforts have attempted to ad-
dress this limitation. Pérez et al. (2023) designed
a semantic retrieval framework that performs de-
tection via K-nearest neighbor voting, which is
not trainable. Nguyen et al. (2022) trained a sep-
arate questionnaire model with a semi-supervised
dataset, which resulted in noisy labels. Ahmed et al.
(2022) proposed a curriculum annotation method
to enhance data quality. Agarwal et al. (2024) lever-
aged medical experts to annotate symptom-level
scores, but this approach is costly and suffers from
label sparsity because certain symptoms are rarely
mentioned in personal posts due to privacy con-
cerns.

2.2 Transfer Learning

The core of transfer learning is to leverage knowl-
edge from a data-rich source domain to alleviate
data scarcity in a target domain (Pan and Yang,
2009). In mental-health research, Ji et al. (2022)
pre-trained a domain-specialized Mental-BERT on
psychological texts. Wu et al. (2023) transferred
knowledge from sentiment classification to depres-
sion detection via distillation, yielding promising

results. These methods perform pre-training or
transfer on domain-related corpora or auxiliary
tasks, whose alignment with the target task re-
mains suboptimal. In this work, we propose to use
post-level depression detection as the source task
and transfer the post encoder to the user-level de-
pression detection model. This design is expected
to achieve tighter knowledge transfer by directly
bridging the gap between the two closely related
levels of depression detection.

3 Methods

The architecture of the proposed PAT framework
is shown in Figure 2. The framework follows
a two-stage design, comprising a post-level task
and a user-level task of depression detection. The
post-level task acts as an auxiliary objective, de-
signed to enhance the post encoder, whose parame-
ters are subsequently transferred to the user-level
task.

3.1 Post-Level Depression Detection

Problem Definition: The input is a single so-
cial media post denoted as p. The objective is



to predict a four-level depression-intensity label
I € {0,1,2,3}, corresponding to the categories
“None”, “Slight”, “Moderate” and “Serious” re-
spectively.

3.1.1 Personality-Driven Augmentation

We employ psychological personality theories to
guide a large language model (LLM) in generat-
ing augmented samples that reflect distinct person-
ality tendencies, thereby mitigating the scarcity
of post-level annotated data and thus enabling the
encoder to adapt to diverse expressions. Specif-
ically, we adopt two mainstream personality the-
ories: (1) the Big Five: taking the high and low
tendencies of each of the five traits (Extraversion,
Agreeableness, Conscientiousness, Neuroticism,
Openness), resulting in ten categories; (2) the
MBTI (Jungian eight-function): directly using its
eight cognitive-function dimensions including Ex-
troverted, Introverted, Sensing, Intuitive, Thinking,
Feeling, Judging, and Perceiving. We constrain the
LLM to preserve the original depressive-symptom
semantics of the input while accentuating the lin-
guistic style associated with the specified personal-
ity trait. This approach achieves style-diverse and
semantically controlled text augmentation. The
detailed prompts are shown in Appendix A.1.

After data augmentation, we perform post-level
model training. First, a pretrained encoder My,
encodes the post p into a text embedding h. Then,
we utilize a two-layer linear classifier to output the
predicted label distribution ¢. Let y denote the
one-hot vector of the ground-truth label for p. The
cross-entropy loss is computed as:

ﬁce =Y lOg(:l)) (1)

3.1.2 Fine-Grained Contrastive Learning

In addition to the classification objective, we in-
troduce fine-grained contrastive learning to fully
leverage augmented data for optimizing the em-
bedding space. The core idea of contrastive learn-
ing is to pull positive (same-class) samples closer
and push negative (different-class) samples apart.
Our proposed fine-grained contrastive learning dis-
tinguishes two types of positive samples: strong
positives (augmented posts) and weak positives
(same-label posts), as illustrated in Figure 2.
Specifically, for a post embedding h; in a data
batch, we transform it via a projection head ®
into a contrastive embedding z;. Correspondingly,
we obtain the set of strong-positive contrastive

embeddings Z = {#1,..,Zm} and the set of
weak-positive embeddings Z = {21, ..., 2;}. The
fine-grained contrastive loss is formulated as:
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where B denotes the batch size, I = {1,2,...B}
indexes all samples in a batch, I \ 7 denotes the in-
dex set of the batch excluding the i-th sample, I'(7)
represents the set of indices of all positive samples
(strong or weak) for the i-th sample, sim(z;, z;)
is the cosine similarity between the anchor sample
z; and one of its positive samples z;. 7 is the tem-
perature hyper-parameter. w;; is the weight that is
set to 1 for strong positive samples, and dynami-
cally varies between wj,,, and 1 for weak positive
samples, depending on its distance to the anchor
sample. We define the distance between samples

as follows:

dij =1- sim(zi, Zj) (3)

The average distance from strong positive sam-
ples Z to the anchor sample z; is calculated as
follows:

d; = — Z(l — sim(z;, 2)) “)
|2 zeZ

For a weak positive sample z, its weight decays
exponentially with the distance:

Wiow + (1 — wlow)e T4 if dij > El
1 if dij < d;
)
where v is a hyper-parameter and wy,,, is the
decay lower bound.
Finally, let the weighted coefficient for L.; be «,
and the overall loss is:

['total = 'Cce + O“Ccl (6)

3.2 User-Level Depression Detection

Problem Definition: The input is a set of so-
cial media posts from a user, denoted as P =
{p1, ..., pn} Where p; is the i-th post. The objective
is to predict a binary depression label [ € {0, 1},
with 0 indicating non-depressed and 1 indicating
depressed.



3.2.1 Post Screening

Given a set of user posts P = {p1,...,pn},
we adopt the screening approach of Zhang et al.
(2022), which leverages symptom descriptions
from clinical scales to identify depressive con-
tent. Specifically, we derive 21 symptom descrip-
tions from the Beck Depression Inventory-II (BDI-
II) (Beck, 1996), as provided in Appendix A.4.
We employ the Sentence-BERT (Reimers and
Gurevych, 2019) to obtain sentence embeddings
for all posts and symptom descriptions, denoted as
P ={p1,...,pn}tand S = {s1,..., S21} respec-
tively. The depression risk score for each post p; is
then calculated as follows:

I's
r; = E ITEETEETERT
seS

i=1,2...n (1)
il - [[sl]

We select the top- K posts with the highest depres-
sion risk scores as the input X = {p;, ..., px } for
the user-level model.

3.2.2 C(lassification via Parameter Transfer

We extract and freeze the parameters of the well-
optimized post-level post encoder M,,,s; from the
post-level task to preserve its learned semantic
representations. Using this encoder, we encode
the filtered user posts into embeddings H =
[h1,....,hg] € REX4  Likewise, symptom de-
scriptions are encoded into embeddings Z =
(21, ..., z01] € R?1X9, We than adopt the symp-
tom attention module from Liu et al. (2024), which
employs projection matrices W, and W, to trans-
form H into the key matrix K € R *d" and the
value matrix V' € RE Xd/, and uses W, to trans-
form Z into the query matrix Q € R2*? The
user embedding U is computed as follows:

T
A= Softmax(W) (8)
U=AV 9

where d’ denotes the hidden dimension, and A €
R21>K represents the symptom-attention weight
matrix. The user embedding U is subsequently
mapped to U’ € R?'*? via a 12-layer transformer
encoder. Finally, U’ is pooled and fed into a two-
layer classifier to produce the user label ¢yge;.

3.2.3 Comprehensive Interpretability

In addition to the user-level depression prediction
result Jyger, the PAT framework can also output the
following two types of explanatory information:

* Post-Level Mental-State Trajectory: Since
we have already trained a effective post clas-
sifier in the post-level task, we leverage it to
analyze each of the user’s posts, thereby con-
structing a mental-state trajectory.

* Key Symptoms: From the symptom attention
module, We extract A € R22XK where each
element A;; reflects the relevance between
the j-th post and the ¢-th BDI-II symptom.
We select the top-3 symptoms with the high-
est attention weights as the user’s symptom
explanation.

4 Experimental Settings

4.1 Datasets

For the post-level dataset, we employ the depres-
sion severity four-class dataset constructed by Yang
et al. (2021). The dataset contains 6,112 Chinese
posts from Sina Weibo (a Chinese social media
platform), each labeled with one of four depression
levels: None, Slight, Moderate, Serious. The data
are split into training, validation, and test sets in an
8:1:1 ratio.

For the user-level dataset, three datasets are cho-
sen: SWDD (Cai et al., 2023), eRisk2017 (Losada
and Crestani, 2016), and eRisk2018 (Losada et al.,
2018). All three datasets are annotated with bi-
nary depression labels for users, based on user self-
reports. The SWDD dataset is sourced from the
Chinese social media platform Sina Weibo, while
eRisk 2017 and eRisk 2018 are collected from the
English Reddit forum. For each dataset, we split
the data into training, validation, and test sets in an
8:1:1 ratio.

All the detailed dataset statistics are shown in
Appendix A.3.

4.2 Implementation Details

Since our task comprises both Chinese and En-
glish datasets, we employ ernie-3.0-base-zh
(ERNIE) (Sun et al., 2021) as the post encoder
for PAT and all the competing methods. While its
architecture aligns with that of BERT (Devlin et al.,
2019), ERNIE supports both Chinese and English
tasks. In the post-level task, we set 7 = 0.05,
Wiow = 0,3, « = 0.3, and v = 4. For the
user-level task, we set K = 16 and d = 768.
The learning rate is fixed at le-5 for all experi-
ments. The model is optimized with AdamW and
trained for 10 epochs with a batch size of 16. The



Train  Method Test: SWDD Test: eRisk2017 Test: eRisk2018

F1 Prec  Recall F1 Prec  Recall F1 Prec  Recall

SWDD HAN 84.87 8256 8732 3529 60.00 25.00 33.33 63.50 22.72

DeCapsNet 90.01 85.67 94.81 4125 56,50 3266 21.87 3033 9545
Mental-BERT 85.86 79.26 93.66

LLM 4541 29.38 98.23 60.92 4790 83.65 58.72 5022 70.68

LLM-COT 63.42 4643 100.00 6244 4820 88.60 57.65 4430 82.50

PAT(BIGS) 90.01 89.79 90.39 66.66 5555 83.33 58.06 45.00 81.81

PAT(MBTTI) 8827 89.85 86.74 72.00 69.23 75.00 55.81 57.14 54.54

eRisk HAN 7.52 56.00 4.03 64.00 61.53 6666 6274 5517 72.73

2017  DeCapsNet 35.37 3025 4257 6428 5625 75.00 62.22 60.86 63.63

Mental-BERT 62.06 5294 75.00 7037 5937 86.36

LLM 46.89 31.28 93.66 58.32 42.85 9230 68.09 64.00 77.73

LLM-COT 64.68 5231 8472 4849 40.00 61.54 65.33 60.87 70.50

PAT(BIGS) 73.06 87.85 6253 67.80 6940 66.67 6538 56.66 77.27

PAT(MBTTI) 69.43 9320 5533 66.67 60.00 75.00 69.39 6296 77.27

eRisk HAN 10.36 51.28 5.76 61.12 55.86 68.18

2018  DeCapsNet 20.18 38.61 13.66 66.67 68.18 65.22

Mental-BERT 68.09 64.00 72.73

LLM 51.71 3532 96.45 65.31 59.26 72.73

LLM-COT 59.41 46.43 82.46 5143 37.50 81.82

PAT(BIGYS) 5447 97.76 37.75 72.37 68.11 77.27

PAT(MBTTI) 65.81 90.86 51.59 69.57 66.67 72.73

Table 1: Main results of experiments in the user-level depression detection. The experiments include both within-
dataset and cross-dataset tests. The F1 of the top-2 model in each group are highlighted in bold. The eRisk2018 to
eRisk2017 experiment was omitted to avoid data leakage, given that eRisk2018 encompasses the entire eRisk2017

dataset.

checkpoint achieving the best performance on the
validation set is selected for final testing. To ensure
robustness, each model is trained with three differ-
ent random seeds. All experiments are conducted
on an NVIDIA GTX 3090 GPU (24GB).

compare the effectiveness of our encoder op-
timization. For the Chinese dataset SWDD,
we use Chinese Mental-BERT (Zhai et al.,
2024).

4.3 Competing Methods

We compare our proposed method in the user-level
depression detection task with the following ones:

* HAN (Zhang et al., 2022): This method em-
ploys post screening followed by a hierarchi-
cal attention network for classification.

e DeCapsNet (Liu et al., 2024): Similar to
HAN, this approach replaces the user-level hi-
erarchical module with a capsule network and
additionally incorporates contrastive learning
loss for optimization.

* Mental-BERT (Ji et al., 2022): This method
pre-trains BERT on a psychology-specific cor-
pus to improve domain adaptation. We re-
place our post encoder with its parameters to

e LLM: We perform depression detection via
prompting a large language model, providing
the BDI-II diagnostic criteria and 2-shot exam-
ples from the train set. Concretely, we adopt
Qwen-plus-2025-07-28 (Yang et al., 2025)
for testing. In addition, we also test the ver-
sion that uses the Chain-of-Thought (COT)
prompt (Wei et al., 2022).

5 Results

In the experiments , we focus on the five research
questions (RQs) below:

* RQ1: How dose the proposed PAT framework
perform compared to existing baselines?

* RQ2: Can post-level training improve user-
level performance?



* RQ3: How effective are the personality-
driven data augmentation and fine-grained
contrastive learning? And why?

* RQ4: How accurate and clinically meaningful
are the explanations generated by PAT?

5.1 Main Results

To answer RQ1, we evaluate user-level depres-
sion detection under both within-dataset and cross-
dataset settings. The within-dataset setting involves
training and testing on the same dataset, while the
cross-dataset setting assesses models’ generaliza-
tion ability by training on one dataset and testing
on another. The main results are summarized in
Table 1.

Within-Dataset Performance: The proposed
PAT framework (with either BIG5 or MBTI the-
ory) achieves the best performance across all three
datasets. On the SWDD dataset, its performance
is on par with that of DeCapsNet. On the English
datasets (eRisk 2017 and 2018), PAT yield statis-
tically significant improvements over other strong
baselines. Additionally, the BIG5-based imple-
mentation consistently exceeds the MBTI-based
counterpart in all within-dataset evaluations.

Cross-Dataset Performance: In cross-dataset
evaluations, PAT demonstrates superior generaliza-
tion, outperforming most baselines in the majority
of the dataset pairs. Performance is marginally
lower than the top baseline only in the SWDD to
eRisk2018 and eRisk2017 to eRisk2018 experi-
ments. Notably, in the SWDD to eRisk2017 cross-
dataset experiment, all methods are trained only on
Chinese data. While the performance of HAN and
DeCapsNet deteriorate substantially on the English
(eRisk2017) test set, the PAT(MBTI) achieves the
best performance, even surpassing its own within-
dataset results. Our further analysis indicates that
the post encoder is capable of capturing depression
patterns in English text, even without explicit En-
glish training. A detailed discussion is provided in
Appendix A.2.

5.2 Ablation Study

We perform an ablation study for the user-level task
with four settings: (1) w/o T: Removing the transfer
learning module, using only the original pre-trained
model parameters. (2) w/o FGCL: Replacing the
fine-grained contrastive learning module with a
standard supervised contrastive learning approach.
(3) w/o PA: Removing the data augmentation. (4)

w/o Freeze: Unfreezing the post encoder for fine-
tuning. The results are presented in Table 2.

For RQ2, the w/o T setup results in a substan-
tial performance decline, which confirms that the
post-level auxiliary task is crucial. The correspond-
ing drop in the w/o Freeze setting indicates that
fine-tuning the encoder with the coarse supervision
signal from the user-level task is suboptimal and
risks introducing noise, as explained in Section 1.

Method SWDD eRisk2017 eRisk2018
F1 F1 F1
PAT 90.01 67.80 72.37
w/o T -11.21 -15.49 -9.38
w/o FGCL  -1.32 -1.84 -0.42
w/o PA -2.34 -4.89 -2.05
w/o Freeze  -1.20 -2.72 -2.65

Table 2: Results of the ablation analysis on the user-
level task.

For RQ3, The performance drop in the user-level
ablation study, observed when either fine-grained
contrastive learning or personality-driven augmen-
tation is removed, confirms the effectiveness of
both components. To investigate this more deeply,
we conducted an additional ablation study on the
post-level task. The results, presented in Table 3,
yield consistent findings, further validating the util-
ity of both modules.

Furthermore, we visualize the embedding space
to compare the embedding space of different con-
trastive learning methods. As shown in Figure 4, al-
though supervised contrastive learning can achieve
clear separation among the four class clusters, the
distances from the "None", "Slight", and "Mod-
erate” clusters to the "Serious" cluster are almost
identical. By comparison, in the embedding space
learned by fine-grained contrastive learning, the
distribution of representations exhibits a clear pat-
tern: the clusters from right to left in the figure
correspond to progressively increasing levels of de-
pression severity. This indicates that fine-grained
contrastive learning can more effectively optimize

Method Acc F1

our 75.12 73.84
w/o FGCL -193 -1.11
w/o PA -2.63 -2.58

Table 3: Results of the ablation analysis on the post-
level task.
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Figure 3: A case study demonstrating the comprehensive interpretability of the PAT framework.

the embedding space, thereby enhancing the ability
of the post encoder.
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Figure 4: Visualization of the embedding space of dif-
ferent contrastive learning methods.

5.3 Case Study

For RQ4, a detailed user case analysis is provided
in Figure 3. The PAT framework not only flags this
user as depressed but also outputs the longitudi-
nal mental-state trajectory and key symptoms. The
severity trajectory shows the user’s depression level

long oscillated between "Slight" and "Moderate",
before escalating to "Serious" in the latest post.
The post content validates this trend against the
defined criteria: "Slight" (mild, short-term symp-
toms); "Moderate" (severe, long-term symptoms);
"Serious" (suicidal ideation) (Yang et al., 2021).
The key symptoms (suicide, sadness, tiredness)
also match the content. All the detailed information
can support experts in diagnosis and intervention.
Additional cases are provided in Appendix A.S5.

6 Conclusion

In this paper, we introduce PAT, a personality-
driven augmentation and transfer learning frame-
work, designed to overcome the bottleneck in the
post encoder for depression detection. PAT intro-
duces an auxiliary post-level task that effectively
trains the post encoder using personality-driven
augmentation and fine-grained contrastive learning.
Subsequently, this well-optimized encoder is trans-
ferred to the user-level model. These techniques
enable the post encoder to better capture depression
semantics while remaining robust against coarse
user-level signals. Extensive experiments validate
PAT’s effectiveness and strong generalization ca-
pability across datasets. Moreover, by providing
detailed evidence, PAT enhances the trustworthi-
ness of its predictions and offers actionable insights
for diagnosis and intervention.



7 Limitations

While the proposed PAT framework demonstrates
notable advantages in both performance and gen-
eralization capability, this study still has certain
limitations, which we hope will provide direction
for future work.

Limitations in Data Resources: The post en-
coder of PAT was optimized on Chinese data,
whereas the user-level evaluation spanned both Chi-
nese (SWDD) and English (eRisk series) datasets.
While training with English post-level data could
lead to further performance gains and more robust
validation, the current lack of annotated English
post-level depression datasets remains a primary
constraint.

Lack of Expert Validation for Interpretability:
Although PAT provides intuitive interpretability ev-
idence, and case studies show consistency with
the content of the posts, this evidence has not yet
been systematically evaluated by domain experts.
Future work should involve large-scale human ver-
ification, particularly incorporating assessments by
psychology experts, to rigorously quantify its clini-
cal validity and practical utility.

Breadth of Application for Psychological
Methods: This study validated the use of two per-
sonality theories (BIG5 and MBT]I) for data aug-
mentation. An important direction for extension
is to apply such psychology-driven augmentation
strategies to a broader range of mental health com-
puting tasks and to explore more diverse theoretical
frameworks.

8 Ethical Statement

The goal of this study on detecting depression using
social media data is to help individuals with depres-
sion recover as early as possible and prevent severe
consequences such as suicidal behavior. However,
we also recognize that this research involves certain
ethical risks. To mitigate these risks, we issue the
following statement:

Data Source and Privacy Protection: This
study exclusively utilizes publicly available
datasets, and their use was formally approved by
the publishers following the submission of a usage
application form. Through a combination of auto-
mated tools and manual review, we have rigorously
de-identified all data, permanently removing all per-
sonally identifiable information such as usernames,
nicknames, geographical locations, and contact de-
tails. Any sample texts cited in the paper have been

paraphrased to prevent any possibility of tracing
them back to specific individuals.

Nature of the Model and Usage Restrictions:
The model developed in this study is intended
solely as a preliminary detection tool for research
purposes and is in no way a professional diagnostic
tool. It cannot and should not replace formal as-
sessment, diagnosis, or treatment by qualified men-
tal health professionals. The output of the model
is limited to academic research purposes and is
strictly prohibited from being used for any form of
individual assessment or in contexts that may lead
to discrimination.

Awareness of Risks and Responsibility: We
are fully aware that algorithms may contain biases
and inaccuracies, and that misunderstandings and
discrimination regarding mental health issues ex-
ist in society. We take full responsibility for the
security of the data to prevent any breaches that
could cause further harm to potentially affected
individuals.
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A Appendix

A.1 Prompt Templates

The prompt template adopted for the personality-
driven augmentation is shown in Figure 5.

A.2 Analysis of Language Transfer

To investigate why the PAT framework, despite not
being trained on English, still achieves impressive
performance on English datasets (as demonstrated
in the SWDD to eRisk2017 experiment), we con-
ducted a visualization study. Specifically, we used
the post encoder to encode both sentences from the
eRisk2017 test set and posts from the post-level
dataset, followed by dimensionality reduction and
visualization using t-SNE, as shown in Figure 6.

It can be observed that although the posts in
the eRisk2017 dataset are not perfectly aligned
with the sample points from the Chinese post-level
dataset, the "Depressed" data points overall exhibit
higher density near the "Moderate" and "Serious"
clusters, and lower density near the "None" and
"Slight" clusters. This indicates that the post en-
coder, despite being trained without English data,
can still capture the depression distribution pat-
tern to some extent, thereby demonstrating strong
cross-lingual transfer capability. It should be noted
that although some "Depressed" points also appear
near the "None" cluster, we labeled all posts from
depressed users in the user-level dataset as "De-
pressed”, which inevitably introduces false-positive
samples. This is exactly the issue we highlighted
in Figure 1.

A.3 Dataset Statistics

The statistics of the post-level and user-level
datasets are shown in Table 4 and Table 5, respec-
tively. Specially, the post-level dataset originally
comprises five classes: None, Slight, Moderate, Se-
vere, Very Severe. Considering label balance and
the fact that most medical depression scales adopt
four-level classifications, we merge the “Severe”
and “Very Severe” labels into a single “Serious”
category.

A4 Symptom Descriptions

To screen for depressive posts, we converted the
descriptions of the 21 questions from the Beck
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You are a psychology expert and writing style conversion assistant. Your task is

to rewrite the input blog post sentence based on the user input and the Big Five

personality traits, assuming you are the speaker, to make it conform to the typical

expression style of that personality, without changing the original sentence's level of

depressi pi . Depressi pi refer to PHQ-9, including loss of interest, low mood,
sleep disturbances, appetite changes, low self-esteem, concentration difficulties, and self-harm.

Rules:
Depressive tendency includes four levels: asymptomatic; mild and transient symptoms; severe
and chronic symptoms; suicidal ideation or behavior. Do not alter the original sentence's tendency.

Big Five personality style adjustments (10 types):
1. High extraversion: Use more social, active expressions (e.g., "I want to talk to a friend")
2. Low

raversion: More introverted, concise (e.g., "I need some time alone”).

3. High agreeableness: Gentle, empathetic (e.g., "I understand how you feel”)
4. Low agreeableness: Direct, critical (e.g., "The problem is obvious")

5. High conscientiousness: Structured, responsibility-oriented (e.g., "I should make a plan”).
6. Low ienti Casual, (e.g., "Whatever, doesn't matter").

7. High neuroticism: Emotional, anxious (e.g., "I always feel like something will go wrong")

8. Low neuroticism: Calm, stable (e.g., "Things will work out eventually”).
9. High openness: Abstract, metaphorical (e.g., "Life is like a fog").

10. Low openness: Concrete, direct (e.g., "Work hasn't been going well lately")

Output requirements:

* Return only the rewritten no expla or I notes. Output for all ten
cases, one per line. For example, the first line should be "High extraversion: [Rewrite for High
version]"

+ Ensure the rewritten sentences are natural, fluent, and conform to everyday language habits.

User Input:
[Post Text]

o J

/. You are a psychology expert and a writing style conversion assistant. Your task is to
rewrite the input blog post sentence into a natural expression on social media, imitating
the daily posting style of real users on platforms like Moments and Weibo, based on the

user input and the eight cognitive function dimensions of MBTI, while strictly maintaining the

original sentence's level of depressive symptoms.

Rules:
Maintain the Four Levels of Depressive Tendency: Strictly preserve the depressive severity of the
original sentence (asymptomatic / mild and transient / severe and chronic / suicidal ideation)

MBTI personality style adjustments (8 types)
1. Extroverted (E): Socialized expression, with a tendency toward descriptions related to interaction
with others, e.g., "Refused all invites from friends, really not in the mood to socialize.”
2. Introverted (1): Introspective expression, focusing on internal feelings,
e.g., "When I'm alone, this sense of helplessness feels even more obvious."
3. Sensing (S): Concrete, practical description, focusing on details and reality
e.g., "Haven't slept for three nights, dark circles are so bad I can't face people.”
4. Intuition (N): Abstract, associative expression, focusing on possibilities and meaning,
e.g., "Feels like the future is all fog, can't find the way."
5. Thinking (T): Logical-analytical expression, describing problems objectively,

"Analyzed it a bit, this state is already affecting my normal work."

6. (F): Value- and care-oriented expression, emphasizing feelings and empathy,
" know this isn't good, but just can't control my emotions."
7. Judging (J): Plan-oriented expression, emphasizing order and decisiveness
my original plans are messed up, now I can't get anything done."
8. 1g (P): Flexible, adaptive expression, openness and

e.g. "Thought of just going with the flow, but things seem 1o be getting worse."

Output requirements:

« Return only the rewritten sentences, no explanations or additional notes. Output for all ten cases,
one per line. For example, the first line should be "Extroverted: [Rewrite for Extroverted]”

+ Ensure the rewritten sentences are natural, fluent, and conform to everyday language habits.

User Input:

QM Text] Y,

Figure 5: Personality-Driven Augmentation Prompt Templates. The templates are built on two personality theories:
the Big Five (ten traits from high/low tendencies of its five dimensions) and MBTI (eight Jungian cognitive
functions). Each template guides the LLM to rewrite a sentence in the linguistic style of a specified personality trait
while preserving its original depressive-symptom description, with a one-shot example provided per trait.

None

slight

Moderate
e Serious
e Control

o Depressed Fgsa%, %,

Figure 6: Visualization of the embedding space of the
post-level dataset and eRisk2017 dataset. The data
points labeled "None," "Slight," "Moderate," and "Seri-
ous" are sourced from the post-level dataset. The "De-
pressed" and "Control" data points are taken from the
eRisk2017 dataset, where all posts from depressed users
are labeled as "Depressed," and all posts from control
users are correspondingly labeled as "Control."

Depression Inventory-1I (BDI-II) into first-person
symptom descriptions. All symptom descriptions
are given in Table 6.

A.5 More Cases

A Case of Healthy User Figure 7 presents the
interpretability analysis results of PAT for a normal
user. It can be observed that none of the user’s posts
reach the "Serious" level, with the majority falling
below "Slight," indicating a relatively low risk of

Train Test Val
No. of posts(None) 1922 218 210
No. of posts(Slight) 1193 151 158
No. of posts(Moderate) 1107 135 144
No. of posts(Serious) 670 107 100
Sum 4892 611 612

Table 4: Label Distribution and Data Split of the Post-
Level Depression Severity Classification Dataset.

depression. In the symptom analysis, the user in-
deed exhibits linguistic patterns associated with
agitation and pessimism. However, suicide is not
mentioned in the user’s posts. The high attention
weight given to this category may be attributed to
the fact that suicide is a critical factor in depression
diagnosis.

Cases of Model Misidentification In this sec-
tion, we present several error cases for analysis. As
shown in Figure 8, a depressed user was incorrectly
classified as normal. The depression trajectory of
this user’s posts indicates that their depression level
remained at "Moderate" for an extended period but
never reached the "Serious" level, which likely con-
tributed to the missed detection. The results of the
symptom attribution analysis are largely consistent
with the user’s expressions, except for the absence
of any mention of "suicide."

Another case in which a normal user was mis-
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SWDD eRisk 2017 eRisk 2018

Train Test

Val Train Test Val Train Test Val

No. of Users (Dep) 2,968 347

396 110 12 13 165 27 22

No. of Users (Con) 15,604 1976 1925 599 77 76 1,199 144 149

No. of Total Users

18,572 2,323 2321 709 8 89 1,364 171 171

Table 5: Label Distribution and Data Split of the User-Level Datasets.

Symptom Descriptions

1 Sadness I feel so sad or unhappy

2 Pessimism I feel the future is hopeless

3 Past Failure I feel I am a complete failure as a person

4 Loss of Pleasure I am dissatisfied or bored with everything

5 Guilty Feelings I feel guilty all of the time

6  Punishment Feelings I feel I am being punished

7  Self-Dislikes I hate myself

8  Self-Criticalness I blame myself all the time for my faults

9  Suicide I would like to kill myself

10 Crying I cry all the time now

11 Agitation I feel irritated all the time

12 Loss of Interest I have lost most of my interest in other people
13 Indecisiveness I have greater difficulty in making decisions
14  Worthlessness I believe that I am worthless

15 Loss of Energy I have to push myself very hard to do anything
16  Sleep Question I can’t sleep well

17 Irritability I get angry very easily these days.

18 Changes in Appetite My appetite has changed drastically

19  Concentration Difficulty I can’t concentrate.
20 Tiredness I feel tired all the time
21 Loss of Interest in Sex I am much less interested in sex now

Table 6: Symptom descriptions adopted for screening and the symptom-attention module.

classified as depressed is presented in Figure 9.
Although the user’s depression trajectory shows
prolonged "Moderate" levels and occasional spikes
to "Serious", further analysis reveals that many
of the posts, especially those reaching "Serious",
actually contain quotes expressing negative emo-
tions from comics or movies, which likely led to
the model’s misjudgment. However, it is worth
noting that some of the user’s posts also reflect ex-
periences of domestic violence and prolonged low
mood, indicating a state of emotional distress that
carries a risk of further deterioration. Therefore,
while the classification may be technically inaccu-
rate in a diagnostic sense, the model’s identification
of this case could still be considered meaningful
from a risk-aware perspective.
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Thi. i o .
h S‘ user is normal I wouldn't say "falling apart," but yes, lacking daily access i have been asked to "
Let's see the extra to their hormones poses a significant mental/emotional tone down " my "
information for details. hazard. negative rhetoric . do i
seem negative fo you ?
Serious you know it * s just an ajusshi feeling
old and worthless
<number> more years , op ,
and i will be joiningya !'i
Moderate o e am <number> and worked
all my life . what * s it like suck up and
not working ? quit wh
Possible Symptoms: Slight (5 !
agitation
suicide waste of my time voat s i am a cranky old man . i will
None PP retire in <number> years
pessimism
0 1 2 3 4 5 6 7 8 9 10 " 2 3 " 15 16

This depressed user was
diagnosed as normal.
Let's check his posts.

Serious
Moderate
Possible Symptoms: Slight
self-dislikes
suicide
None
sleep question

Post Timeline

Figure 7: A case of a normal user.

my friends who date, and despite my self-improvement efforts, I can't shake the

I'm [age] in community college, struggling with feeling like a failure compared to
lonely kid I see in the mirror.

reading, documentaries, and gaming, but recently I've grown bored
and now crave social activities.

i

[ T'm an INTP who's always enjoyed typical introverted hobbies like ]

somewhere between every two
weeks to a month . yay depression ! disrupted for the past week, and it

started about two weeks ago.

I hadn't realized that: my sleep has been }

L] L) o [
., BN L[ RS
I think my depression comes from both
life stress and a chemical imbalance, and it
likely started with community college.
0 1 2 3 4 5 6 7 s 9 10 " 2 3 1 15 16

Post Timeline

Figure 8: A case of a depressed user that was missed in detection.

ThIS normal user was "oh of course they are pricks , i know he ' s “all it takes is one bad day to reduce the sanest man alive to lunacy . thats how
diagnosed as depressed. leaving but can not be arsed with a new sto far the world is from where i am . just one bad day . you had a bad day once , am i
g P 9 ry J
Let's check his posts. every day with nothing in it till he leaves" right ? —— the joker"
Dad's an alcoholic who beat me, so I never wanted to follow his path. Fezls
great to be judged for not drinking, as if I'm a freak for not partaking.
Serious
Moderate o\/ o ° 0\ / A ) ™
Possible Symptoms: Slight ° ° She was my ex's orthoptics tutor, said she was really
\/ nice. Her daughter Rebecca suffered from anorexia and
punishment passed away a few months ago. Gail then found out she
feelings had a brain tumor and sadly passed. Horrible really.
suicide
None ) ()
sadness
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Figure 9: A case of a normal user misdiagnosed with depression.
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