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Abstract

Depression remains a major global mental
health concern, bringing a higher risk of suicide
and growing social costs tied to mental disor-
ders. Leveraging social media as a valuable
source of emotional signals, we identify two
limitations in current NLP-based depression
detection frameworks: (1) prediction systems
often lack clear, user-friendly explanations for
predictions in Depression Detection, and (2) the
computational and confidentiality demands of
LLMs are misaligned with the need for depend-
able, privacy-focused small-scale deployments.
To address these challenges, we introduce Tiny-
MentalLLMs (TMLs), a compact framework
that offers two key contributions: (a) the con-
struction of a small yet representative dataset
through psychology-based textometry, and (b)
an efficient fine-tuning strategy centered on
multiple aspects of depression. This design
improves both accuracy and F1 scores in gen-
erative models with 0.5B and 1.5B parameters,
consistently yielding over 20% performance
gains across datasets. TMLs achieve results on
par with, and deliver better text quality than,
much larger state-of-the-art models.

1 Introduction

Depression is one of the most common mental dis-
orders and a major contributor to suicide world-
wide. According to the WHO’s March 2023 re-
port1, about 280 million people worldwide are af-
fected. China alone accounts for approximately
2.8 million cases (Wang et al., 2024a), but many
receive no effective treatment.

The rise of social media, such as Weibo, has
formed an ecosystem where users routinely share
their moods, with many posting emotion-related
content each week. These dense, time-stamped

1https://www.who.int/news-room/fact-sheets/
detail/depression

traces enable large-scale, cost-effective early warn-
ing systems for depression.

Early depression-detection systems relied on
handcrafted lexical and psycholinguistic features
combined with traditional machine learning meth-
ods (Islam et al., 2018; Guntuku et al., 2017). Al-
though these models are interpretable, they lack
deep semantic understanding. Transformer-based
classifiers such as BERT offer stronger contextual
representations (Malviya et al., 2021), but they still
struggle with long texts (Gao et al., 2021) and are
not easily interpretable by humans.

Consequently, researchers are increasingly
adopting generative large language models (LLMs)
for depression detection (Lan et al., 2024; Hu et al.,
2024; Xin Yan, 2023; Lai et al., 2023), which gen-
erate both a label and a summary-style explana-
tion (Wang et al., 2024c; Yang et al., 2024b; Xu
et al., 2024; Yang et al., 2023), thereby contextu-
alizing the output for improved transparency and
interpretability. While large-parameter models typ-
ically achieve superior performance, they require
substantial computational resources and raise con-
cerns regarding privacy, security, and cost (Yao
et al., 2024). In contrast, smaller-parameter mod-
els demand fewer resources but often suffer from
quality issues such as hallucination. In the specific
context of depression detection on Chinese social
media, although a number of datasets have been re-
leased2 (Harrigian et al., 2021), most are designed
for binary classification. To date, there is still no
dataset suitable for post-label summary generation
and interpretability analysis.

To address these challenges, in this paper, we in-
troduce TinyMentalLLMs (TMLs), a family of com-
pact generative models (0.5B and 1.5B parameters)
tailored to Chinese social-media texts. We employ
a multi-turn fine-tuning strategy and a new heuristic

2https://github.com/bucuram/
depression-datasets-nlp

https://www.who.int/news-room/fact-sheets/detail/depression
https://www.who.int/news-room/fact-sheets/detail/depression
https://github.com/bucuram/depression-datasets-nlp
https://github.com/bucuram/depression-datasets-nlp
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survey dataset to achieve performance comparable
to larger models. This approach aims to enhance
the quality of the generated text and provide more
structured analytical explanations, making it more
suitable for scenarios with limited computational
resources. Our research aims to detect potential de-
pressive risks and extreme depressive moods as an
auxiliary tool for mental health support, rather than
directly diagnosing clinical depression or other psy-
chological disorders.

To achieve these goals, we make the following
contributions:

• Construction of a small depression survey
dataset: Currently, there is no suitable survey-
based dataset exists for Chinese social me-
dia users’ depressive states. To address this,
we employed Lafon-based textometry (Lafon,
1980), a proven effective method for mining
semantic dimensions in textual data, facilitat-
ing both quantitative and qualitative analysis
(Pincemin, 2022; Eensoo and Valette, 2012),
and a heuristic semantic framework (Anony-
mous, 2024) for multidimensional feature se-
lection. Experts then conducted semi-manual
labeling on a specially representative dataset,
producing a small high-quality depression sur-
vey dataset.

• Proposed Strategies for Domain-Specific
Fine-tuning and Model Implementation in
Chinese Depression Detection task: Tiny
Mental LLMs: To enhance the applicability
of small language model-based detection sys-
tems and improve interpretability, we imple-
mented an efficient multi-turn fine-tuning pro-
cess. Accompanied by a textometry-semantic
strategy, this process uses a newly created
dataset and existing datasets. The approach
aims to mitigate formatting errors that arise
during the generation of analytical explana-
tions by small models.

• Evaluation of comparative results between
different methods: We conducted experimen-
tal evaluations on several mainstream Chinese
general-purpose large language models with
more parameters and some supervised meth-
ods. We compared their performance with
our two TML models, demonstrating that, de-
spite their smaller size, our models achieve
comparable or superior results and offer bet-

ter text quality from a semantic information
perspective.

2 Related Works

Early research on depression detection and mental
health analysis relied on classical machine learning
(Cortes, 1995; Breiman, 2001; McCallum et al.,
1998; Dreiseitl and Ohno-Machado, 2002) and neu-
ral networks (Schmidhuber, 2015), often employ-
ing diverse text feature extraction techniques. Lin-
guistic features (Arora and Arora, 2019; Eensoo
and Valette, 2012; Yang et al., 2020), lexeme- or
n-gram-based statistical extraction (Ramos et al.,
2003), and textometry approaches focusing on se-
mantic chunks (Brown et al., 1992) were used
across different corpora, alongside psychological
dictionaries (Tausczik and Pennebaker, 2010).

Word embedding techniques (Mikolov et al.,
2013; Pennington et al., 2014; Joulin et al., 2016)
were introduced to better capture semantic infor-
mation. When integrated with deep learning frame-
works (Zhang and Wallace, 2015; Zeiler and Fer-
gus, 2014; Graves, 2013; Wang et al., 2016), they
improved semantic feature extraction. Recently,
Transformer architectures, especially BERT, have
dominated classification tasks, leveraging attention
mechanisms and advanced pre-training/fine-tuning
to advance the state of the art in mental health de-
tection (Zhai et al., 2024; Ji et al., 2022).

With the rise of ChatGPT3, generative large lan-
guage models such as LLaMA (Touvron et al.,
2023), GLM (Du et al., 2022), Qwen (Bai et al.,
2023), DeepSeek (DeepSeek-AI et al., 2025),
and Claude4 are used across disciplines, includ-
ing mental health detection. Researchers employ
these models with prompt strategies like Chain-of-
Thought (Wei et al., 2023; Li, 2024) to evaluate
different applications (Shi et al., 2024; Li et al.,
2024; Cai et al., 2024), e.g. mental health, and
some fine-tune them via multi-turn dialogues for
real-world scenarios (Hu et al., 2024; Xu et al.,
2024).

3 Dataset

To align with our multi-stage training framework,
we constructed three types of training sets and three
corresponding test sets (see Table 1). The raw
data originated from the SWDD) (Cai et al., 2023)

3https://chat.openai.com/
4https://claude.ai/

https://chat.openai.com/
https://claude.ai/
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and WU3D (Wang et al., 2020) datasets, both col-
lected from Sina Weibo (China’s largest microblog-
ging platform). Each dataset is organized by user,
with each user contributing dozens to hundreds
of posts labeled as either depression (positive) or
non-depression (negative). To focus on more ac-
tive users, we restricted our dataset to those with
over 60 posts and total text lengths of 3,000–5,000
characters.

We constructed three sub-datasets for training.
The SWDD dataset includes self-reported depres-
sion markers, forming a positive sub-dataset from
confirmed depressed users and a matched amount
of negative data (meeting length/post-count crite-
ria). Since the labels are limited to depression or
non-depression, we name this sub-dataset SWDD
self-reported-label (SR Label).

The second sub-dataset is a small yet repre-
sentative survey of depressed users. We applied
textometry-based semantic modeling to positive
users from the SR Label dataset to identify the
most representative cases, which then underwent a
two-step AI-human collaborative annotation flow:

• AI-assisted pre-screening: GPT-o1 API
generated preliminary labels via structured
prompts incorporating DSM-5 5 criteria.

• Expert verification: Two experts with
advanced degrees (Master’s or higher) in
psychology conducted a dual-blind review,
achieving a 92.3% inter-annotator agreement
rate and a Fleiss’ kappa (McHugh, 2012) of
0.89. Discrepancies were resolved through it-
erative consensus meetings, ensuring rigorous
alignment in structured analyses.

This step aims to select some "golden", representa-
tive data in the production of such depression de-
tection datasets. We name this dataset the SWDD
self-reported-survey (SR Survey) dataset, with
detailed construction steps outlined in section 4.1.

The third sub-dataset involves splitting the sec-
ond sub-dataset based on semantic dimensions de-
rived from textometry. This process enhances the
model’s analytical and interpretative capabilities
during training by aligning it with different seman-
tic dimensions identified in the survey. We name
this subset the SWDD self-reported multi-dims
(SR Multi-Dims) dataset.

5https://www.psychiatry.org/psychiatrists/
practice/dsm/educational-resources/
dsm-5-fact-sheets

In our testing phase, we utilized three test
datasets. The first originates from the WU3D
dataset, the second comprises users from the
SWDD dataset who have self-reported (SWDD
SR Test), and the third includes SWDD users with-
out self-reported depression but labeled as positive
by expert reviewers (SWDD Test). For these test
datasets, approximately 200 users were randomly
selected for the positive data within the original
dataset range, and the negative data were also ran-
domly chosen.

We specifically isolated the SWDD self-reported
users from the SWDD dataset because labeling de-
pression in internet data is exceptionally challeng-
ing. Even if users mention numerous symptoms of
depression or expressions of depressive mood in
their posts, these cannot definitively classify them
as depressed. Data from self-reported markers are
considered to have fewer annotation errors and to
be more representative, making them more suitable
for use in low-resource and constrained settings dur-
ing training or fine-tuning. Furthermore, although
some sub-datasets are derived from the same orig-
inal dataset, there is no overlap between the test
datasets, and the datasets used for training are also
independent of each other.

Dataset
Type

Dataset Name Positive
Users

Negative
Users

train
SR Label 733 733
SR Multi-Dims 540 270
SR Survey 90 45

test
SWDD SR Test 206 197
SWDD Test 200 200
WU3D 200 200

Table 1: Datasets Overview.

4 Methodology

In this section, we discuss the construction of effi-
cient, small models for depression detection under
resource constraint. (See Figure 1 and Figure 2)

4.1 Survey Dataset construction

This new survey dataset is derived from the self-
reported section of the SWDD dataset. We em-
ployed the Lafon Specificity-based method (Lafon,
1980), an established approach in textometry, for
extracting semantic dimensions from textual data.
This method is useful for both quantitative and

https://www.psychiatry.org/psychiatrists/practice/dsm/educational-resources/dsm-5-fact-sheets
https://www.psychiatry.org/psychiatrists/practice/dsm/educational-resources/dsm-5-fact-sheets
https://www.psychiatry.org/psychiatrists/practice/dsm/educational-resources/dsm-5-fact-sheets
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Figure 1: Dataset Construction and Fine-Tuning Pro-
cess.

qualitative analyses and is commonly used in cor-
pus linguistics and digital humanities. It facilitated
the filtering and multi-dimensional modeling of
data from representative target user groups. Sub-
sequently, we used the GPT-o1 preview model6

for dimension-specific user survey generation. Fi-
nally, two psychology experts cross-verified and
refined each generated survey to validate accuracy
and relevance.

The Lafon Specificity (Lafon, 1980) allows us
to assess a corpus containing two sub-corpora, pos-
itive and negative, by analyzing each repeated se-
mantic segment (whether unigrams or n-grams with
important meaning) and their relevance to one of
the sub-corpora under study. It assigns a score to
each repeated segment (Salem, 1986), identifying
those with the highest semantic relevance to the
target sub-corpus. This method also helps reduce
the impact of high-frequency words common to
both sub-corpora.

Using this method, we extracted thousands of
semantically relevant and highly scored repeated
segments from positive user texts. we divided
these segments into six semantic categories based
on existing psychological questionnaires, criteria
(Kroenke et al., 2001; American Psychiatric As-
sociation et al., 2000; Beck et al., 1996) and the
characteristics of internet texts (Mothe et al., 2022)
and Chinese semantics. These six dimensions in-
clude two levels: a primary level including Nega-
tive Emotions, Depressive Psychological States,
and Clinical Symptoms; and a secondary level

6https://openai.com/index/
introducing-openai-o1-preview/

Figure 2: Data Samples for SR-Label, SR Survey, and
SR-Multi-Dims.

including Potential External Factors, Medically
Related Aspects, and Special Language Expres-
sions. Experts then manually assigned each re-
peated segment to its respective category. .

We assigned and summed values for all repeated
segments appearing in user posts, selecting the top
40 users in each dimension based on their scores,
totaling 240 users (ensuring that scores in other di-
mensions did not exceed the score of the dimension
under study). Subsequently, we randomly selected
20 users from the three main semantic categories
and 10 users from the three secondary categories,
totaling 90 positive user tweet data sets. Finally,
we randomly selected another 45 users from the
negative sub-corpus. This selection of highly repre-
sentative users was used to complete the production
of the survey dataset.

4.2 Training Strategies

We chose QWEN2.5-0.5B-Instruct and QWEN2.5-
1.5B-Instruct (QwenTeam, 2024; Bai et al., 2023)
as our base models because they are currently the
only ultra-small models among the most popu-

https://openai.com/index/introducing-openai-o1-preview/
https://openai.com/index/introducing-openai-o1-preview/
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lar Chinese LLMs. Due to the small model size
and limited dataset, overfitting was a primary con-
cern. To address this, we implemented a struc-
tured, step-by-step approach that progressively in-
troduced more complex tasks, while applying tech-
niques such as text shuffling, prompt variation, and
sentence replacement. These strategies were cru-
cial in helping the model generalize well to new
data while maintaining its ability to handle both
binary classification and detailed analysis of de-
pressive text across multiple dimensions.

In the first stage of our fine-tuning process, we
trained the model for one epoch on the SWDD
self-reported-label dataset. The prompt instructed
the model to decide whether the user in the pro-
vided text showed signs of depression. The prompt
template used was: "Please determine whether the
user has depressive emotions based on the follow-
ing text. If there are depressive emotions, answer

’yes’; if not, answer ’no’."
This step focused purely on binary judgments,

whether the user is depressed or not, with responses
limited to "yes" or "no." By starting with this sim-
ple task, we ensured that the model could reliably
classify depressive states before moving on to more
complex tasks. This also helped the model become
familiar with the typical language used in social
media texts.

In the second stage, we moved to a more de-
tailed analysis by dividing the task into six specific
semantic dimensions of the depressive text. We
used the SWDD self-reported multi-dims as the
training set for this stage, the model was fine-tuned
for two epochs on data corresponding to each di-
mension using relevant prompts. The goal was to
ensure that the model could analyze user texts using
these dimensions, preparing it for more nuanced
and comprehensive analysis in the later stages.

In the final stage, the model’s task was to gen-
erate both a binary decision and an explanation of
the reasoning process, regarding whether the user’s
text showed depressive emotions and to explain
its reasoning. To do this, we used the following
prompt:

"Please determine whether the user has depres-
sive emotions based on the following text. If there
are depressive emotions, answer ’yes’; if not, an-
swer ’no’. After providing the answer, please ex-
plain your reasoning step by step."

We fine-tuned the model for one epoch on the
SWDD self-reported Survey dataset to improve

its accuracy and provide clearer explanations for
its decisions.

Given the small size of both our model and train-
ing dataset, it is evident that overfitting was a ma-
jor concern. To mitigate overfitting during the
fine-tuning process, we implemented the following
strategies:

• Shuffling User Text: For each training epoch,
we shuffled the order of user texts in the train-
ing set to introduce variability.

• Prompt Randomization: For the prompts
used during training, we randomly selected
a prompt from a list of alternatives. Each
prompt had a similar meaning but varied in
wording, ensuring that the model was not con-
ditioned on the specific wording of a single
prompt.

• Sentence and Word Replacement: For re-
sponses in the SWDD self-reported multi-
dims and the SWDD self-reported Survey
training set, we randomly replaced frequently
occurring sentences and words with similar
alternatives, using sentences or words with
equivalent meanings. This further reduced
the risk of the model overfitting to specific
phrases or terms.

These strategies aimed to introduce diversity into
the fine-tuning process and ensure that the model
could generalize better to new data.

5 Experimental Settings

5.1 Baselines

We employed various supervised models, includ-
ing BERT-based methods like BERT-base-chinese
(Devlin et al., 2019), Chinese-RoBERTa-wwm-
ext (Cui et al., 2019), and StructBERT-mental
(Wang et al., 2019).

We also considered generative models, including
Llama3-8B-Chinese-Chat (Wang et al., 2024b),
GLM-4-9B-Chat (GLMTeam et al., 2024), and
Qwen2.5 series (QwenTeam, 2024; Yang et al.,
2024a).

Finally, to ensure a comprehensive evaluation,
we also incorporated GPT-4o, GPT-4o Mini7 and
DeepSeek-R1-671B8 (DeepSeek-AI et al., 2025)
models into our baseline comparisons.

7https://chat.openai.com/
8https://www.deepseek.com/

https://chat.openai.com/
https://www.deepseek.com/
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Model SWDD self-reported SWDD WU3D
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1

Baseline Supervised Models
RoBERTa Chinese 0.76 0.68 0.99 0.80 0.85 0.78 0.97 0.86 0.74 0.66 0.96 0.78
BERT based Chinese 0.77 0.69 0.98 0.81 0.83 0.76 0.96 0.85 0.75 0.68 0.95 0.79
StructBERT-mental 0.77 0.70 0.97 0.81 0.86 0.79 0.97 0.87 0.77 0.69 0.96 0.80

Baseline Generative Models
Llama3-8B-Chinese-Chat 0.83 0.84 0.82 0.83 0.86 0.83 0.90 0.86 0.79 0.81 0.76 0.79
GLM-4-9B-Chat 0.75 0.68 0.97 0.80 0.76 0.68 1.00 0.81 0.77 0.69 0.98 0.81
Qwen2.5-7B-Instruct 0.86 0.81 0.95 0.88 0.88 0.82 0.98 0.89 0.84 0.78 0.94 0.85
GPT-4o Mini 0.66 0.60 1.00 0.75 0.65 0.58 1.00 0.74 0.65 0.59 1.00 0.74
GPT-4o 0.93 0.88 1.00 0.93 0.92 0.86 1.00 0.92 0.91 0.85 1.00 0.92
DeepSeek-R1-671B 0.88 0.82 0.99 0.89 0.86 0.78 0.99 0.87 0.89 0.82 0.99 0.90
Qwen2.5-0.5B-Instruct 0.52 0.52 0.67 0.59 0.51 0.50 0.68 0.58 0.52 0.52 0.62 0.56
Qwen2.5-1.5B-Instruct 0.56 0.55 0.83 0.66 0.63 0.59 0.87 0.70 0.58 0.56 0.78 0.65

Fine-tuned Models
TML-0.5B 0.81 0.83 0.80 0.82 0.84 0.89 0.77 0.82 0.78 0.82 0.71 0.76
TML-1.5B 0.87 0.94 0.80 0.87 0.84 0.90 0.76 0.82 0.81 0.95 0.66 0.78

Table 2: Performance of Baseline and Fine-tuned Models on SWDD self-reported, SWDD, and WU3D datasets.
The best scores are in bold.

6 Results and Discussions

6.1 Experiment Setup
During the fine-tuning phase, we used an Nvidia
A800 GPU with 80GB of memory. Fine-tuning
was performed using LlamaFactory9 (Zheng et al.,
2024) with a learning rate of 2e-05, a batch size
of 4, and a linear learning rate scheduler, ensuring
full-parameter fine-tuning throughout the process.

For testing, the smaller models (TML-0.5B and
TML-1.5B) were evaluated on a consumer-grade
Nvidia RTX 4090 GPU, demonstrating their flex-
ibility and accessibility. In contrast, the baseline
generative models were tested on an Nvidia V100
32G GPU. We conducted two experiments. Even
compared with ultra-large models like DeepSeek-
R1-671B, GPT-4o, and GPT-4o Mini, our results
remain competitive. All tests used the same gen-
eration parameters: temperature of 0.7, top p of
0.8, and top k of 20, based on the official configu-
ration of the Qwen model. This setup allowed us
to maintain consistency and compare the models’
performance under the same conditions

6.2 Depression Classification
The results shown in Table 2 provide a clear com-
parison between the baseline models and the fine-
tuned models across multiple datasets, highlighting
the performance improvements achieved through
fine-tuning.

Our fine-tuned models outperform the baseline
models in many aspects:

• The TML-0.5B model delivers performance
comparable to traditional supervised models

9https://github.com/hiyouga/LLaMA-Factory

like RoBERTa-Chinese. On the SWDD self-
reported dataset, it achieves an accuracy of
0.81 and an F1 score of 0.82, closely matching
the results of traditional models.

A key advantage of TML-0.5B is its resource
efficiency. Despite being a generative model,
it remains competitive in computational and
memory requirements, making it suitable for
resource-limited scenarios. Moreover, unlike
traditional supervised approaches, it provides
explanations for its predictions, enhancing in-
terpretability and transparency critical in tasks
like depression detection.

• TML-1.5B demonstrates notable advantages
over larger generative models (Llama3-8B-
Chinese, GLM4-9B-Chat, and Qwen2.5-7B-
Instruct). In terms of performance, it achieves
an F1 score of 0.87 on the SWDD dataset,
outperforming Llama3-8B-Chinese (0.83) and
GLM4-9B-Chat (0.80). This shows that, even
with fewer parameters, the fine-tuned TML-
1.5B performs better on specific tasks, partic-
ularly in classification tasks like depression
detection.

Additionally, TML-1.5B offers an efficiency
advantage over models like Qwen2.5-7B-
Instruct. Despite having fewer parameters, it
achieves higher accuracy and F1 scores across
most datasets while consuming fewer compu-
tational resources.

• Compared to other baseline methods, our
fine-tuned models show higher precision but
lower recall, reflecting more precise yet cau-
tious judgments. For example, the TML-1.5B

https://github.com/hiyouga/LLaMA-Factory
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model achieves a precision of 0.94 on the
SWDD self-reported dataset, surpassing mod-
els like Llama3-8B-Chinese and GLM4-9B-
Chat, but the recall is lower at 0.80. This
suggests that while our models are highly ac-
curate in identifying positive cases, they tend
to be conservative, possibly missing some true
positives to maintain higher precision. In prac-
tice, we prioritize precision over recall, and
the smaller models’ efficiency allows multiple
evaluations as new user data emerges (e.g.,
updated Weibo posts).

We hypothesize that this conservative ten-
dency arises from the textometry approach
used in constructing the training data and fine-
tuning phase, which likely emphasizes fine-
grained semantic distinctions and promotes
selective predictions. This will be examined
further in Section 6.5.2 Ablation Studies.

6.3 Text Generation quality
We used our optimization pipeline to fine-tune two
lightweight models, reducing textual hallucinations
and improving text quality. Typically, generated
text is assessed with n-gram-based metrics like
BLEU (Papineni et al., 2002) or ROUGE (Lin,
2004), but these methods are sensitive to expres-
sion or format differences. Moreover, our gold
reference texts, which are structured analyses con-
taining many annotations of depressive expressions
(words/phrases), make n-gram matching unreliable.
Since we focus on semantic similarity between gen-
erated and reference texts, we adopt BERTScore
(Zhang et al., 2020) as our primary metric, and
includ ROUGE-1 and BLEU as complementary
references, with evaluation results detailed in Table
3.

Model BertScore BLEU ROUGE1
Llama3-8B-CN-Chat 0.5925 1.2025 0.0944
Glm4-9B-chat 0.5705 1.8607 0.2059
Qwen2.5-7B-Instr. 0.6401 1.4009 0.2025
Qwen2.5-0.5B-Instr. 0.2857 3e-99 0.0000
Qwen2.5-1.5B-Instr. 0.5774 0.9306 0.0855
GPT-4o 0.6548 2.2707 0.2970
GPT-4o Mini 0.6360 1.7500 0.1012
DeepSeek-R1-671B 0.7084 10.8407 0.4076
TML-0.5B 0.6919 13.1084 0.0548
TML-1.5B 0.6866 13.4499 0.0702

Table 3: Quality Evaluation of Generated Text.

For the test samples, we randomly selected 15
positive and 15 negative users from the SWDD
SR Test dataset. Two psychology experts compiled

Tokens/S Memory (Mb)
Glm4-9B-chat 32 18773

Llama3-8B-Chinese-Chat 34 20231
Qwen2.5-7B-Instruct 43 15588

TML-0.5B 56 1188
TML-1.5B 48 3428

Table 4: Efficiency Comparison of Different Models.

and cross-validated the gold reference texts by sum-
marizing and analyzing the user data. They were
required to make judgments about the users’ risk
of depression based on the data, annotate and cat-
egorize key phrases or expressions according to
DSM-5 standards, and provide a brief evaluative
summary for each category. Subsequently, we ex-
tracted the generated texts from all previously men-
tioned models and computed their BERTScores
against each gold reference text. The results show
that, aside from the extremely large-parameter
DeepSeek R1-671B, our TML0.5B and 1.5B mod-
els achieved excellent scores on BERTScore.

6.4 Efficiency Comparison

The efficiency comparison in Table 4 shows that
our models, TML-0.5B and TML-1.5B, outperform
larger models in both generation speed and mem-
ory usage. TML-0.5B generates 56 tokens per sec-
ond, much faster than GLM4-9B-chat (32 tokens/s),
Llama3-8B (34 tokens/s), and Qwen2.5-7B (43 to-
kens/s), while using only 1188 Mb of memory, con-
siderably less than the larger models. TML-1.5B
also performs efficiently, generating 48 tokens per
second and using 3428 Mb of memory.

6.5 Ablation Studies

In our ablation studies, we focus on two key factors
that potentially influence the model’s performance:

6.5.1 Impact of Fine-Tuning Order
We are particularly interested in exploring the ef-
fects of an alternative fine-tuning order, as it aligns
more closely with a human-like reasoning process.
In this setup, the model first analyzes the six di-
mensions of the depressive text before making a
binary decision about whether the text contains de-
pressive emotions. This order reflects how humans
typically approach such tasks: by first examining
various aspects of the text (such as psychological
state, medical expressions, and external causes)
before drawing a final conclusion.

Table 5 highlights key differences between the
two fine-tuning orders. For the 0.5B models, we
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Model SWDD self-reported SWDD WU3D
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1

TML-0.5B_multi-dims_first 0.77 0.76 0.81 0.79 0.76 0.80 0.75 0.77 0.76 0.81 0.68 0.75
TML-1.5B_multi-dims_first 0.86 0.92 0.82 0.87 0.81 0.90 0.69 0.78 0.81 0.88 0.72 0.79
TML-1.5B_random 0.88 0.85 0.93 0.89 0.81 0.81 0.82 0.81 0.83 0.81 0.86 0.83
TML-1.5B_standard 0.83 0.78 0.92 0.84 0.80 0.75 0.91 0.82 0.72 0.96 0.46 0.62

Table 5: Results of Ablation Studies.

observe a clear accuracy gap: the classification first
approach consistently performs better than the six
dimensions first approach. For instance, on the
SWDD self-reported dataset, TML 0.5B achieves
0.81 accuracy, outperforming TML 0.5B trained
with six dimensions first, which reaches 0.77. This
pattern holds across other datasets, suggesting that
for smaller models, starting with the simpler classi-
fication task supports more robust learning.

In contrast, the accuracy gap narrows signifi-
cantly with the 1.5B models. Although classifica-
tion first still performs slightly better, the difference
is minimal. On SWDD, TML 1.5B achieves 0.87
accuracy, while the six dimensions first version
closely follows at 0.86. This indicates that larger
models are less sensitive to fine-tuning order, al-
though classification first retains a slight advantage.

For both model sizes, precision remains consis-
tently higher with the classification first strategy.
On SWDD, TML 1.5B reaches 0.94 precision com-
pared to 0.92 with six dimensions first. Similarly,
TML 0.5B achieves 0.83 precision versus 0.76 with
six dimensions first.

6.5.2 Impact of user selection method
In our initial experimental setup, we used the Lafon
index to identify users whose texts showed statis-
tical features across each of the six dimensions,
ensuring that selected samples accurately repre-
sented traits in these areas. This method helped
the model emphasize the most relevant character-
istics per dimension, whereas randomly selected
training data might fail to capture these distinct pat-
terns effectively. Therefore, we were particularly
interested in assessing the impact of a randomly
selected training set.

For a controlled comparison, we replaced the
Lafon-selected depressive users in the original
training set with an equal number of randomly se-
lected depressive users, keeping all negative sam-
ples unchanged. We then analyzed these ran-
domly selected users’ texts using the same six-
dimensional framework—covering psychological
state, medical expressions, clinical symptoms, and
more—to maintain consistency in data preparation.

All other experimental parameters, including the
fine-tuning method and order, remained the same.

The results showed that models trained on Lafon-
selected users achieved higher precision but lower
recall, making more conservative yet accurate judg-
ments. In contrast, models trained on randomly
selected users had higher recall, identifying more
positive cases but at the cost of precision. This sug-
gested that Lafon-selected users had clearer char-
acteristic patterns across one or more dimensions,
whereas random selection offered greater general-
izability. The Lafon-based model tended to predict
only when distinctive characteristics were present
in the six dimensions, leading to fewer false pos-
itives but more false negatives, while the model
trained on randomly selected users made broader
decisions, with less focus on clear or typical cases.

A promising approach would be to combine both
strategies, mixing Lafon-selected users with ran-
domly chosen ones. This hybrid method could bal-
ance precision and recall, improving overall model
performance by capturing both distinctive and gen-
eral user characteristics.

7 Conclusion and Future Work

We introduced the TMLs family of lightweight
depression detection systems for Chinese social
media texts (currently 0.5B and 1.5B parameters).
Despite their modest size, the models achieve per-
formance comparable to much larger LLMs while
operating efficiently on consumer-grade GPUs and
requiring no cloud upload of user data. This makes
TMLs well suited for scenarios with limited com-
putational resources and heightened privacy con-
straints. Future work includes evaluating the TMLs
models on additional social platforms and extend-
ing them to a wider range of mental health condi-
tions.

Ethical considerations All experiments use
publicly released, expert-annotated, and further
anonymised Weibo corpora. The system is in-
tended solely for risk screening and cannot replace
professional diagnosis.
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