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ARTICLE INFO ABSTRACT

Article history Objective To investigate methods for constructing a high-quality instructional dataset for tra-
Received 14 October 2025 ditional Chinese medicine (TCM) mental disorders and to validate its efficacy.

Accepted 14 January 2026 Methods We proposed the Fine-Med-Mental-T&P methodology for constructing high-quali-
Available online 25 March 2026 ty instruction datasets in TCM mental disorders. This approach integrates theoretical knowl-

edge and practical case studies through a dual-track strategy. (i) Theoretical track: textbooks
and guidelines on TCM mental disorders were manually segmented. Initial responses were
generated using DeepSeek-V3, followed by refinement by the Qwen3-32B model to align the
expression with human preferences. A screening algorithm was then applied to select 16 000
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high-quality instruction pairs. (ii) Practical track: starting from over 600 real clinical case
seeds, diagnostic and therapeutic instruction pairs were generated using DeepSeek-V3 and
subsequently screened through manual evaluation, resulting in 4 000 high-quality practice-
oriented instruction pairs. The integration of both tracks yielded the Med-Mental-Instruct-
T&P dataset, comprising a total of 20 000 instruction pairs. To validate the dataset’s effective-
ness, three experimental evaluations (both manual and automated) were conducted: (i) com-
parative studies to compare the performance of models fine-tuned on different datasets;
(if) benchmarking to compare against mainstream TCM-specific large language models
(LLMs); (iii) data ablation study to investigate the relationship between data volume and
model performance.

Results Experimental results demonstrate the superior performance of T&P-model fine-
tuned on the Med-Mental-Instruct-T&P dataset. In the comparative study, the T&P-model
significantly outperformed the baseline models trained solely on self-generated or purely hu-
man-curated baseline data. This superiority was evident in both automated metrics (ROUGE-
L > 0.55) and expert manual evaluations (scoring above 7/10 across accuracy). In benchmark
comparisons, the T&P-model also excelled against existing mainstream TCM LLMs (e.g.,
HuatuoGPT and ZuoyiGPT). It showed particularly strong capabilities in handling diverse
clinical presentations, including challenging disorders such as insomnia and coma, showcas-
ing its robustness and versatility. Data ablation studies showed that T&P-model performance
had an overall upward trend with minor fluctuations when training data increased from 10%
to 50%; beyond 50%, performance improvement slowed significantly, with metrics plateauing
and approaching a saturation point.
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Conclusion This study has successfully constructed the specialized Med-Mental-Instruct-
T&P instruction dataset for TCM mental disorders proposed the systematic Fine-Med-
Mental-T&P methodology for its development, effectively addressing the critical challenge of
high-quality, domain-specific data scarcity in TCM, and providing essential data support for
developing intelligent TCM diagnostic and therapeutic systems.

1 Introduction

As society intensifies competitive pressures, individuals
face escalating mental health challenges !'l. Students race
against the clock for high marks, while professionals
strive relentlessly for promotion, contributing to a persis-
tent rise in mental disorders. The deterioration in global
mental health has been particularly acute. During the
pandemic alone, the incidence of anxiety and depression
cases accounted for more than 20% . This challenge has
drawn significant attention within the field of traditional
Chinese medicine (TCM). Diverging from Western medi-
cine’s predominant focus on micro-level pharmacologi-
cal intervention, TCM emphasizes macro-level systemic
regulation through holistic pattern differentiation. Based
on its principles of pattern differentiation and treatment,
TCM offers personalized therapeutic strategies for men-
tal disorders, demonstrating unique clinical advantages
and potential ¥, However, the translation of this potential
into scalable solutions is constrained by a critical short-
age of specialized human resources. Clinical diagnosis in
TCM mental disorders heavily relies on the clinical exper-
tise of experienced physicians, creating a bottleneck in
service delivery. The shortage of skilled practitioners in
mental disorder diagnosis and treatment represents a
fundamental challenge for healthcare systems [,

The emergence of medical large language models
(LLMs) since 2023 presents a promising avenue to ad-
dress this capacity gap. Models incorporating TCM
knowledge, typically developed by fine-tuning open-
source general-purpose LLMs with domain-specific in-
structional datasets, offer a cost-effective method for
rapid knowledge integration. They have demonstrated
significant efficacy in medical auxiliary diagnosis and
mitigating clinical workforce shortages ©°’. Notable medi-
cal LLMs for general diagnosis and treatment include
MING-MOE ! and HuaTuo [/, as well as models more fo-
cused on mental health such as MindGPT . Despite
these advancements, existing models exhibit significant
limitations in the precise diagnosis and treatment of
mental disorders !. The fundamental reason lies in the
fact that most of these models adopt construction meth-
ods from general medical models, failing to adequately
adapt to the specific characteristics of mental disorders.
Specifically: (i) knowledge depth deficiency: they lack

systematic integration of specialized, high-quality litera-
ture from TCM mental disorders, resulting in superficial
understanding of disease mechanisms and treatment
principles. (ii) data quality and sensitivity challenge:
mental health data is inherently sensitive and complex,
requiring rigorous clinical standards for annotation and
validation, which conventional data collection methods
frequently fail to achieve. Consequently, these models
provide only generic or surface-level response, falling
short of the depth required for in-depth clinical decision
support. This gap underscores the inadequacy of conven-
tional dataset construction methodologies for the special-
ized domain of TCM mental health. To bridge this gap,
this study employs a novel, tailored instruction dataset
construction strategy to develop a high-quality, special-
ized dataset for TCM mental !,

Common methods for constructing instruction
datasets include manual annotation, data reconstruction,
model-based generation, and human-aligned data syn-
thesis 'l. Manual annotation can produce high-quality
data, but is associated with high costs, limited diversity,
and considerable subjectivity. Data reconstruction meth-
ods reduce costs and integrate cross-domain knowledge
by repurposing existing structured data. However, the
generated instructions may lack relevance to real-world
clinical scenarios. For instance, instruction datasets com-
prising over 110 000 entries have been generated from
open-source Chinese medicine knowledge graphs .
Model-based generation leverages LLMs to produce in-
struction data at scale, significantly enhancing efficiency.
However, its quality depends on seed data and model ca-
pabilities, which can lead to the issues of low quality or
redundancy. For instance, some TCM-specific models ['* !
are trained on datasets that, despite their large volume,
contain numerous grammatical errors and substandard
samples, resulting in datasets that are extensive but lack
precision. Human-aligned synthesis methods generate
instruction-response pairs and then refine them through
alignment optimization with human preferences. The
quality of the final output is contingent upon the accura-
cy of source texts and necessitates additional annotation
efforts. Practical implementations and refinements of this
methodology include the MAGPIE framework by XU
et al. ¥, the method proposed by MA et al. 'Y, and the
JaFIn corpus developed by TANABE et al. 7],
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In conclusion, the core bottleneck of current LLMs
in the field of TCM mental disorders is the lack of high-
quality, specialized, and clinically deeply aligned instruc-
tion datasets. The existing construction methods are un-
able to ensure professional depth and data sensitivity, re-
sulting in the models being unable to deeply understand
the complex pathogenesis and syndrome differentiation
and treatment principles of TCM mental disorders.
Therefore, this study aims to design and implement a sys-
tematic instruction dataset construction plan for the
characteristics of TCM mental disorders, to generate
high-quality, specialized data that meets clinical practice
needs, laying a solid data foundation for training TCM

Fine-Med-Mental-T&P 33

mental disorders LLMs that can provide precise and
in-depth auxiliary diagnosis and treatment support.

2 Data and methods

This paper proposed the Fine-Med-Mental-T&P method-
ology for constructing a high-quality instruction dataset
for mental disorders in TCM. The overall conceptual
framework is illustrated in Figure 1. This strategy is de-
signed to generate both theoretical and practical data,
with its tactical implementation guided by a combination
of human-aligned data synthesis with model-based gen-
eration techniques.

# Fine-Med-Mental-T&P %

# Theoretical generation section F 4 Practice generation section F
Strategic —* Theoretical data source }— —* Practical data source r—
dinogmsen Traditional Chinese Clinical Medical case records of mental
Medicine Mental i disorders
Disorders guidelines
—* Alignment data synthesis r— —* Model construction method r—

: Instruction Instruction Question-answer ] ;
Tactical N ’ generation filtering ‘ generation Manual screening
methods

’ Response generation ‘ ’ Data processing ‘

Final dataset >

Med-Mental-Instruct-T&P

O

Key model >

Generate: DeepSeek-V3 ‘ ’ Reinforce: Qwen3-32B ‘ ’ Fine-tuning: Qwen3-0.6B

Figure 1 Overall concept of the Fine-Med-Mental-T&P methodology

2.1 Theoretical data curation

The theoretical generation process is detailed in Figure 2,
which includes several key steps, such as manual seg-
mentation, instruction screening, and alignment with hu-
man preferences.

2.1.1 Source processing and instruction generation To
ground the instruction generation in established TCM
theory and clinical logic, the textbook Traditional Chi-
nese Medicine Mental Disorders " and relevant clinical
guidelines " were selected as primary data sources.

(i) Manual segmentation and refinement. The source
materials were manually segmented into coherent knowl-
edge modules. Following principles of knowledge unit in-
tegrity, logical self-sufficiency, and appropriate length
(100 - 600 words), specialists iteratively refined the seg-
ments until each represented an indivisible semantic
unit. This process ensured the rigor and quality of the
foundational text ).

(ii) Prompt construction. Structured prompts were
designed based on the segmented content. The prompts

were crafted to be closely aligned with the core subject
matter, avoid redundancy or oversimplification, and en-
courage diverse and in-depth responses, thereby guiding
the model toward human-preferred outputs. Examples of
prompts are provided in Supplementary Table S1.

(iii) Instruction generation. The constructed prompts,
along with their corresponding segmented text, were in-
put into the DeepSeek-V3 ! model to generate the pre-
liminary pool of instructional questions.

2.1.2 Multi-dimensional instruction scoring and filter-
ing Following the generation of preliminary instruc-
tions, a scoring phase was implemented to assess their
quality. The DeepSeek-V3 model was employed to evalu-
ate each instruction autonomously against three defined
dimensions (Supplementary Table S2). (i) Quality: evalu-
ated the professional accuracy and theoretical fidelity of
the instruction to TCM mental disorders. (ii) Complexity:
assessed the inferential demand and scenario difficulty to
ensure a spectrum of cognitive challenges. (iii) Rele-
vance: measured the alignment with real-world clinical
scenarios to guarantee practical utility.
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Figure 2 Workflow for theoretical knowledge-based data construction and alignment

A dual-threshold screening algorithm was construct-
ed based on the three scoring dimensions by Equation
(1) and (2). The algorithm first calculates a weighted
composite score for each instruction using predefined
weights: 0.4 for quality, 0.3 each for complexity and rele-
vance. The weighting scheme was designed to prioritize
content accuracy, which is the fundamental prerequisite
for medical data, while assigning equal importance to
training depth (complexity) and clinical applicability (rel-
evance). Subsequently, a dual-threshold filter was ap-
plied. (i) Based on the existing literature on prompt
engineering, we set the quality threshold at 7 points,
where the score of 7 represents the minimum standard
for clear and accurate output of LLMs. (ii) A comprehen-
sive performance threshold of 6.5 was determined by em-
pirical method. This threshold was optimized by analyz-
ing the preliminary score distribution on a small valida-
tion set (n = 100) and correlating it with the experts' as-
sessment of "acceptable” instructions. The algorithm en-
sures that the selected instructions meet strict quality
standards while maintaining a balanced distribution
across all aspects, ultimately forming a complete set of 16
495 high-quality teaching questions.

W:=04x0:+03xC;+0.3XR; 1)

Fﬁllered = (W > 65) N (Q > 7) (2)

We define four variables, namely W as the weighted
composite score, Q as the quality score, C as the complex-
ity score, and R as the relevance score.

2.1.3 Response generation and preference alignment In
the response generation phase, the DeepSeek-V3 model
generated multiple candidate answers for each selected
instructional question. To align these responses with ex-
pert standards, the Qwen3-32B model was employed for
refinement and ranking. The ranking process was guided

by a structured evaluation prompt (Supplementary Table
S3), which instructed the model to evaluate each candi-
date answer on three criteria: accuracy (alignment with
TCM theory and the source text), completeness (cover-
age of key information points), and readability (linguistic
fluency and logical clarity). Based on a composite score
derived from these dimensions, the candidate answers
were ranked. The highest-scoring answer for each ques-
tion was selected as the final, optimized response. This
methodology effectively simulates the human preference
selection process for identifying optimal solutions.

2.2 Practice data expansion

The generation of practical, case-based instruction pairs
followed a seed-based expansion approach, as outlined
in Figure 3. Over 600 manually collected case reports on
mental disorders served as seed data. These cases were
formatted into structured prompts and input into the
DeepSeek-V3 model for batch generation.

(i) Case collection. To ensure the comprehensiveness
and scientific rigor of the dataset, clinical cases were col-
lected from four diverse sources, with approximately 100
cases per source, with variations. The inclusion criteria
for cases were complete medical records of patients diag-
nosed with TCM mental disorders (such as depression,
insomnia, and mania), including four diagnostic meth-
ods, syndrome differentiation, treatment methods, and
prescriptions. The exclusion criteria were records with se-
vere deficiencies, ambiguous diagnoses, or incomplete
follow-up information. (a) Classical TCM texts: including
Comprehensive Analysis of Verified Cases by Renowned
Experts in Mental Disorders Throughout History, Collec-
tion of Typical Medical Cases by Contemporary Eminent
TCM Practitioners, and Selected Verified Cases by Duzhou
Liu. (b) Modern hospital records: electronic clinical
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Medical case studies
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classical Chinese medical texts
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4.China National Knowledge
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Figure 3 Workflow for practical (case-based) data generation

records from the TCM Diagnosis and Treatment Centre
for Mental Disorders at Hunan Second People’s Hospital,
after strict adherence to medical data privacy and ethical
norms, were extracted for outpatient and inpatient medi-
cal records that met the inclusion criteria. (c) Digital
archives: case data from the “Ancient and Modern Medi-
cal Case Cloud Platform” (https://www.yiankb.com/
home). (d) Contemporary academic papers and refer-
ences: selected paper-reviewed case reports indexed in
China National Knowledge (CNKI1)
database.

Infrastructure

Case selection prioritized geographic representative-
ness (Hunan Province and surrounding regions), bal-
anced demographic distribution (age and gender), and
multi-specialty perspectives. This multi-source strategy
maximized the diversity and clinical representativeness
of the seed cases, which covered a broad spectrum of
mental disorder conditions, presentations, and treat-
ment regimens.

(ii) Case-based instruction generation. The collected
600 seed cases were processed into structured prompts
(Supplementary Table S4) and input into the DeepSeek-
V3 model for batch generation. The model was tasked
with producing varied diagnostic narratives and thera-
peutic plans based on each prompt, thereby efficiently
expanding the dataset while ensuring diversity and gen-
eralizability. This process yielded a large pool of prelimi-
nary case-based instruction pairs.

(iii) Data quality control. Throughout the data genera-
tion process, anomalous data including garbled charac-
ters and content of excessive length are first filtered out
directly by algorithms. Subsequently, the generated data
undergo multiple rounds of rigorous manual screening
and verification by a team of TCM specialists. This en-
sures logical integrity and accuracy, thereby ensuring
high-quality data output.

2.3 Evaluation metrics

The evaluation metric system encompassed both auto-
mated and manual categories, measuring the quality of
generated text from distinct dimensions. Automated met-
rics, which yield scores on a scale from 0 to 1, primarily
gauge formal similarity between the generated and refer-
ence texts. These metrics include BLEU-4 for overall

quadruple phrase similarity, ROUGE-1 for word-level
matching, ROUGE-2 for diphrase matching, and ROUGE-
L for longest common subsequence matching. In con-
trast, human evaluation metrics employed a 0 - 10 scale,
focusing on assessing the deeper quality of textual con-
tent across three dimensions, namely accuracy (evaluat-
ing the professionalism and precision of responses to
mental health queries), simplicity (judging whether an-
swers are succinct and to the point), and integrity (assess-
ing whether responses cover all key information points).

2.4 Experimental dataset

To ensure dataset quality and model application perfor-
mance, three distinct datasets were constructed using dif-
ferent instruction generation methods to serve as fine-
tuning data.

(i) Med-Mental-Self: this dataset was generated using
the Self-Instruct method based on a mental disorder
knowledge graph, comprising 22 000 Instruction pairs.
(i) Med-Mental-Human: this dataset was manually cu-
rated, consisting of over 1 000 high-quality instruction-
response pairs for mental disorders. (iii) Med-Mental-
Instruct-T&P: this dataset was constructed using the pro-
posed Fine-Med-Mental-T&P methodology. It contains
16 000 theoretical question-answer pairs and 4 000 clini-
cal diagnostic-therapeutic question-answer pairs for
mental disorders. The dataset and associated code are
scheduled to be open-sourced in February 2026 (https://
github.com/hnzyy/wyb), with the aim of fostering fur-
ther research and collaboration in the field of Al for TCM
domain.

The test dataset employed in the study is Med-Men-
tal-Test-9, an independent test set that was specifically
developed for the purpose of conducting relevant model
evaluations. It consists of 200 expert-validated cases cov-
ering nine common mental disorders (e.g., mania, in-
somnia, depression). Each case is formatted as a clinical
question with a standardized answer. The data originate
from neuropsychiatric hospital case studies and textbook
question-and-answer sections.

All instruction pairs across the training and test
datasets adhere to a unified structure that is composed of
three distinct fields, namely instruction, input which
presents the question, and output which provides the an-
swer (Figure 4).
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Instruction

As an expert in traditional Chinese medicine
mental disorders, you are required to provide
relevant knowledge regarding mental
disorders based on the user's query. If
the question pertain to a clinical presentation,
please outline the symptoms of the mental
disorder, the TCM syndrome pattern, the
diagnostic and therapeutic approach, the
principles and methods of treatment, and the
prescribed herbal formula.

Question EBZI Answer

For patients with forgetfulness due to
phlegm-turbidity obscuring the mind,
when concomitant syndromes such as

For patients with forgetfulness due to
phlegm-turbidity obscuring the mind

spleen deficiency with predominant
dampness or phlegm stagnation
transforming into fire arise, how
should the formulation of the Guiding
Phlegm Decoction be adjusted? Please
separately outline the principles for

who present with concomitant spleen
deficiency and dampness
predominance, adjustments to the
Guiding Phlegm Decoction should
prioritise fortifying the spleen and
transforming dampness...

modification and the rationale for drug
selection.

Figure 4 Structure of an instruction-response pair in the
Med-Mental-Instruct-T&P dataset

2.5 Experimental setup

The fine-tuning task was deployed on a parallel comput-
ing platform equipped with four NVIDIA A100 GPUs
(80-GB VRAM), running on Linux #150-Ubuntu with CU-
DA 12.4 drivers and the PyTorch 2.60 framework. Compu-
tational efficiency was optimized using a distributed da-
ta-parallel (DDP) strategy. The Qwen3-0.6B base model
was fine-tuned with low-rank adaptation (LoRA). The pri-
mary hyperparameters were set to the following values: a
learning rate of 1 x 10™, a LoRA rank (r) of 8, a LoRA al-
pha (o) of 32, a LoRA dropout rate of 0.1, 30 training
epochs, a per-device batch size of 4, 4 gradient accumula-
tion steps, and a model save interval of 1 000 steps.

2.6 Experimental design for T&P-model comparison

To validate the efficacy of the proposed Fine-Med-Men-
tal-T&P methodology, three comparative models were
fine-tuned from the Qwen3-0.6B base model using the
LoRA approach on different datasets: (i) T&P-model:
fine-tuned on Med-Mental-Instruct-T&P dataset; (ii) Self-
model: fine-tuned on the Med-Mental-Self dataset;
(iii) Human-model: fine-tuned on Med-Mental-Human
dataset. All models were evaluated on the independent
Med-Mental-Test-9 test set. Evaluation targeted four rep-
resentative mental disorders including insomnia, forget-
fulness, mania, and depression. While performance was
quantified via two modalities: the first being automated
metrics that include bilingual evaluation understudy
(BLEU)-4, recall-oriented understudy for gisting evalua-
tion (ROUGE)-1, ROUGE-2 and ROUGE-L, and the sec-
ond being manual assessment in which three TCM diag-
nostic experts independently rated a random sample of
30 model-generated responses for each system across
three dimensions, namely accuracy, simplicity, and in-

tegrity.
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2.7 Experimental design for TCM large model compari-
son

To further evaluate the practical utility of the Fine-Med-
Mental-T&P methodology, a comparative analysis was
conducted against several mainstream TCM-specialized
LLMs. Two variant model were developed based on the
Med-Mental-Instruct-T&P dataset: T&P_Full (full-param-
eter fine-tuning) and T&P_P-T (P-Tuning). These vari-
ants were evaluated alongside existing models—Hua-
tuoGPT, ZuoyiGPT, Sunsimiao LLM, and Shuzibencao-
GPT—on the Med-Mental-Test-9 dataset covering nine
mental disorders. The evaluation employed the
DeepSeek-V3 model as an automated judge. It scored
each model’s responses on a 0 — 10 scale across three di-
mensions—accuracy, simplicity, and integrity. Scores
were recorded for each disorder, and an overall average
score was calculated to assess the comprehensive com-
petitiveness of the Fine-Med-Mental-T&P methodology.

2.8 Data ablation study design

To investigate the relationship between dataset size and
model performance, a data ablation study was per-
formed. Using the LoRA method, the Qwen3-0.6B model
was fine-tuned on progressively larger subsets of the
Med-Mental-Instruct-T&P dataset, including 10% (2 000
pairs), 30% (6 000 pairs), 50% (10 000 pairs), 70% (14 000
pairs) and 100% (20 000 pairs). All subsets were stratified
to preserve the original theoretical-to-practical ratio (80 :
20) and the distribution of disease categories. The result-
ing models were evaluated on the Med-Mental-Test-9
benchmark using automated metrics (BLEU-4 and
ROUGE-L). This design aimed to identify the point of
diminishing returns, where additional data yields negligi-
ble performance improvement relative to the cost of data
annotation.

3 Results
3.1 Performance comparison on Med-Mental-Test-9

To validate the advantages of the proposed methodology,
the base Qwen3-0.6B model ! was fine-tuned using the
LoRA on three distinct datasets, which include the T&P-
model that is fine-tuned on the Med-Mental-Instruct-
T&P dataset, the Self-model that is fine-tuned on a self-
generated dataset created by the base model itself, and
the Human-model that is fine-tuned on a purely human-
annotated dataset. All models were evaluated on the
Med-Mental-Test-9, focusing on critical conditions, like
insomnia, forgetfulness, and depression. The compara-
tive inference performance is presented in Table 1.

The results indicated that the T&P-model achieved
superior performance across all automated metrics and
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Table1 Performance comparison of the T&P-model and various models on Med-Mental-Test-9
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Model Dataset BLEU-4 ROUGE_1 ROUGE 2 ROUGE-L Accuracy Simplicity Integrity
Insomnia 0.133 0.613 0.204 0.225 5.67 6.33 6.67
Forgetfulness 0.109 0.530 0.158 0.190 5.33 5.67 3.33
Qwen3-0.6B .
Mania 0.145 0.635 0.217 0.238 6.00 6.12 6.00
Depression 0.141 0.619 0.218 0.227 5.67 6.00 4.67
Insomnia 0.546 0.816 0.626 0.637 9.00 8.67 9.00
Forgetfulness 0.530 0.795 0.606 0.615 7.33 7.33 8.00
T&P-model .
Mania 0.505 0.797 0.573 0.589 8.00 8.67 8.67
Depression 0.564 0.835 0.631 0.634 7.67 8.00 8.00
Insomnia 0.126 0.555 0.207 0.229 7.00 6.00 8.00
Forgetfulness 0.086 0.492 0.163 0.206 7.00 7.00 6.00
Self-model .
Mania 0.097 0.534 0.177 0.208 6.67 6.00 7.00
Depression 0.116 0.548 0.187 0.221 6.00 6.67 5.33
Insomnia 0.130 0.606 0.205 0.221 4.67 4.00 4.87
Forgetfulness 0.101 0.514 0.158 0.191 6.00 6.00 6.00
Human-model .
Mania 0.159 0.640 0.228 0.242 5.67 6.00 6.00
Depression 0.157 0.627 0.226 0.237 6.00 5.00 6.00

human assessment dimensions. In automated evalua-
tion, its BLEU-4 score consistently exceeded 0.5, and its
ROUGE-L score remained above 0.55 across tests (Figure
5). In manual expert evaluation, the T&P-model achieved
scores of 7 or above in terms of accuracy (with the score
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Figure 5 Comparison of ROUGE-L scores of the four
fine-tuned models on different datasets of mental disor-
ders

A, insomnia dataset. B, forgetfulness dataset. C, mania dataset.
D, depression dataset.

Table 2 Evaluation scores for TCM LLMs

ranging from 0 to 10), and it outperformed other models
in terms of simplicity and integrity.

3.2 Comparison with existing TCM LLMs

To further assess the Fine-Med-Mental-T&P methodolo-
gy, two fine-tuning strategies—full parameter fine-tuning
and P-Tuning—were applied to the Med-Mental-Instru-
ct-T&P dataset, resulting in the T&P_Full and T&P_P-T
models, respectively. These models, along with existing
TCM LLMs (e.g., HuatuoGPT, ZuoyiGPT), were evaluat-
ed on the Med-Mental-Test-9 dataset. The DeepSeek-V3
model served as an automated judge, scoring responses
across nine mental disorders.

As shown in Table 2, the T&P_Full model exhibits sta-
ble and superior performance across most disorders. It
achieved notably high scores (8.22 - 8.85) for more com-
plex conditions such as dementia, coma, forgetfulness,
and vertigo, indicating strong diagnostic precision. How-
ever, its performance was slightly lower for mania (8.22)
and depression (8.67), showing a discernible gap com-
pared to the ShuzibencaoGPT model. This discrepancy
may be attributed to a relative data imbalance within a
training set, resulting in less robust generalization for

Model Insomnia Dementia Coma Forgetfulness Mania Vertigo Depression Restless Stroke
HuatuoGPT 8.67 8.37 8.67 8.67 8.44 8.44 8.56 7.89 8.44
ZuoyiGPT 8.67 8.47 8.89 8.67 8.67 8.67 8.33 8.67 7.44
Sunsimiao LLM 7.11 8.33 7.22 6.00 7.44 8.00 7.78 7.56 7.78
ShuzibencaoGPT 9.22 8.33 8.67 8.33 9.22 7.00 9.33 9.11 9.33
T&P-model 8.67 8.67 8.91 8.89 8.22 8.93 8.37 8.67 8.67
T&P_Full 8.33 8.64 8.85 8.64 8.22 8.67 8.67 8.67 8.64
T&P_P-T 6.67 6.67 8.11 7.56 6.87 7.89 6.87 6.33 8.00
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these specific conditions. In contrast, the T&P_P-T mod-
el underperformed. The effectiveness of P-Tuning is high-
ly dependent on the design of its continuous prompt em-
beddings. Suboptimal prompt design or inadequate task-
specific tuning for certain TCM symptom patterns may
have limited the model’s adaptability and comprehen-
sion during evaluation.

3.3 Data efficiency results

Figure 6 presents the performance of the T&P-model
fine-tuned on progressively larger fractions of the Med-
Mental-Instruct-T&P dataset, averaged across the four
evaluated conditions. The results revealed an overall up-
ward trend in model performance as the training data in-
creased from 10% to 50%. This phase indicates that the
model efficiently assimilated core patterns and task-rele-
vant knowledge despite minor fluctuations, establishing a
strong performance baseline with the first half of the
dataset.

0.5 % 0,470 BLEU-4
0443 0431 (e ~— ROUGE-L
04 L0401 T Gagn 0451 T ROUGE-2
0.385{ 039] - 0391 0.390
039 0360 T T
203 G313 030 '
% : :
02}
0.1}
i ] i i i

10% 30% 50% 70% 100%
Proportion of Med-Mental-Instruction-T&P dataset size

Figure 6 Performance metrics across different dataset
sizes

Beyond the 50% data threshold, a trend of slowed per-
formance improvement was observed rather than a clear
decline. The performance curves began to plateau, most
notably between the 70% and 100% data points. These
findings suggest that for the Qwen3-0.6B model under the
LoRA fine-tuning paradigm, simply augmenting the
dataset beyond a certain volume yields progressively
smaller performance benefits, indicating the approach of
a performance saturation point.

3.4 Dataset analysis

Following the described methodology, a high-quality in-
struction dataset comprising 20 000 pairs was construct-
ed. This section analyzes the dataset’ scale, structure, and
intrinsic quality.

3.4.1 Scale and structural analysis The Med-Mental-In-
struct-T&P dataset contains 20 000 high-quality instruc-
tion pairs, adhering to a dual-source strategy of theory
and practice. Theoretical instruction pairs, a set of 16 000
pairs making up 80% of the dataset, encompass nine core
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syndromes defined in Traditional Chinese Medicine
Mental Disorders, namely insomnia, dementia, coma, for-
getfulness, mania, vertigo, depression, restless, and
stroke (Figure 7).

_Insomnia

Strok
roxe 7.71%

14.93% _a

Dementia @ Insomnia

13.44% Dementia
Restless Coma
9.17% @ Forgetfulness
Come Mania
Depression oma @ Vertigo
3,429 12.54% .
A2% ) Depression
@ Restless
Vertigo ) jorgetfuiness @ Stroke
15.62% Mania  10-03%

7.54%

Figure 7 Distribution of responses for nine mental disor-
ders

Among these, vertigo-related queries were the most
frequent (15.62% of theoretical pairs), while manic
episodes were the least frequent (7.54%). Overall, the dis-
tribution across disease categories was balanced, ensur-
ing comprehensive coverage.

Practical instruction pairs, consisting of 4 000 pairs
that represent 20% of the overall dataset, are derived from
600 clinical seed cases and primarily take the form of di-
agnostic and therapeutic question-answer pairs con-
structed based on real-world clinical scenarios.

3.4.2 Intrinsic quality assessment The intrinsic quality
of the dataset was evaluated using the DeepSeek-V3
model. As shown in Figure 8, 69.95% of all instruction
pairs achieved the highest quality score of 9, confirming
the dataset’s overall high standard.

Score 7
2 (0.01%)
Score 8
6319 (30.04%)
@8 Score 7
Score 8
Score 9
Score 9
14 714 (69.95%)

Figure 8 Quality score distribution of the Med-Mental-
Instruct-T&P dataset

3.4.3 Text complexity analysis To evaluate the linguis-
tic complexity of the Med-Mental-Instruct-T&P dataset,
we conducted statistical analysis of text lengths across in-
struction pairs. The descriptive statistics for question and
answer lengths are summarized in Table 3.

The Med-Mental-Instruct-T&P dataset exhibits a bal-
anced text complexity profile. Questions average 42
words (median is 37.00), with 75% under 46 words, indi-
cating concise clinical queries. Answers are substantially
more detailed, averaging 176 words (median is 171.00),
reflecting comprehensive explanations.
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Table 3 Text length statistics of instruction pairs (char-
acters)

Metric Question_length  Answer_length
Mean 42.07 175.85
Standard deviation 25.06 48.74
Minimum 13.00 22.00
Median 37.00 171.00
75th percentile 46.00 201.00
Maximum 598.00 713.00

4 Discussion
4.1 Research contributions and their implications

To address the dual challenges of low-precision, large-
scale instruction datasets, and shortage of diagnostic re-
sources in mental disorders, this study proposed the
Fine-Med-Mental-T&P methodology for constructing
high-quality, domain-specific instruction datasets for
TCM mental disorders. This strategy synergistically inte-
grates theoretical knowledge from TCM mental disorders
and clinical guidelines with practical evidence from real-
world diagnostic cases. Leveraging the domestically de-
veloped DeepSeek-V3 for generation and implementing a
rigorous human-in-the-loop quality assurance protocol,
the methodology produced the high-quality Med-Men-
tal-Instruct-T&P dataset containing 20 000 pairs of in-
structions, which comprehensively covers the theoretical
knowledge and diagnostic methods of key TCM mental
disorders such as insomnia, dementia, mania, and de-
pression. This work establishes a robust data foundation
for advancing Al application in TCM mental health #°/,

To further validate the effectiveness of this dataset
and methodology, we established multiple benchmark
datasets for rigorous evaluation, including the training
datasets Med-Mental-Self, Med-Mental-Human, and the
test set Med-Mental-Test-9 covering nine common men-
tal disorders. Through a multi-dimensional evaluation
framework that combines expert assessment and auto-
matic scoring by large models, we conducted compre-
hensive experimental verification. The results consistent-
ly demonstrated that the Med-Mental-Instruct-T&P
dataset has significant advantages in quality and perfor-
mance, fully proving that the Fine-Med-Mental-T&P
methodology we proposed is reliable and efficient. This
work ultimately laid a solid data foundation for promot-
ing the in-depth application of artificial intelligence in the
field of TCM mental health.

4.2 Analysis of evaluation metric applicability

To enhance the comprehensiveness and rigor of model
evaluation, this study critically analyzed the applicability
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and limitations of conventional automated metrics—spe-
cifically BLEU-4 ) and ROUGE-L—in the context of TCM
mental disorder question-answering tasks.

While BLEU-4 and ROUGE-L are standard metrics for
evaluating surface-level text similarity in general natural
language processing (NLP), their utility for evaluating
medical Q&A systems, particularly within TCM, is limited
for two principal reasons.

(i) Inadequacy for semantic and logical assessment
(BLEU-4). BLEU-4 based on n-gram overlap, is well-suit-
ed for tasks like translation where lexical match is
paramount. However, it fails to capture the semantic
comprehension and the symptom-pathogenesis logic es-
sential to TCM. Given the complexity of TCM syndrome
differentiation, relying on phrase overlap cannot accu-
rately gauge a model’s capability in theoretical adapta-
tion and diagnostic reasoning, potentially underestimat-
ing its practical medical utility.

(ii) Overemphasis on structure over theoretical depth
(ROUGE-L). ROUGE-L assesses similarity via the longest
common subsequence (LCS), reflecting fluency and
structural coherence. In the rich and nuanced domain of
TCM, this can over-prioritize textual consistency while
overlooking theoretical rationale, logical deduction, and
clinical applicability of the knowledge presented *”). TCM
diagnosis hinges not on textual resemblance, but on the
accurate deduction of pathogenesis from specific symp-
toms and the proposal of coherent treatment plans %,

Therefore, although instrumental for general purpos-
es, BLEU-4 and ROUGE-L exhibit clear limitations for do-
main-specific evaluation in TCM. The manual evaluation
dimensions introduced in this study—accuracy, simplici-
ty, and integrity—address this gap by emphasizing the log-
ical coherence and diagnostic depth of the model’s rea-
soning process from symptoms to treatment *”, This hu-
man-centric framework more faithfully reflects the prac-
tical diagnostic capability and theoretical alignment of
TCM question-answering systems 1/,

Future work should focus on developing specialized,
domain-aware evaluation metrics for TCM. Incorporat-
ing measures of semantic consistency with TCM pattern
differentiation principles could significantly improve the
accuracy and practical relevance of model assessment.

4.3 Methodological innovation and comparative advan-
tage

The proposed Fine-Med-Mental-T&P methodology en-
hances the quality of TCM mental disorder instruction
data through two synergistic innovations: (i) the dual-
source integration of theoretical knowledge (textbooks/
guidelines) and practical evidence (authentic clinical cas-
es), and (ii) a dual-track quality control mechanism com-
bining algorithmic screening with expert verification.
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The core strengths of this methodology lie in its rigor-
ous quality control and its effective integration of theory
with practice. First, it grounds the dataset in authoritative
theoretical sources (Traditional Chinese Medicine Mental
Disorders, clinical guidelines) ['* ') while enriching it with
600 real-world clinical cases. This ensures the generated
instructions possess both professional depth and practi-
cal relevance. Second, it implements a robust, multi-stage
quality assurance protocol. During the theoretical data
generation, knowledge units were manually segmented
and reviewed, followed by algorithmic filtering based on
multi-dimensional scores (quality, complexity, and rele-
vance). This human-machine collaborative loop ensures
high fidelity from source curation to final output.

From a technical implementation perspective, the
study consistently employed domestically developed
LLMs (DeepSeek-V3 for generation, Qwen3-32B for align-
ment). This choice aligns with practical considerations
for data handling and contributes to the application and
validation of the domestic Al technology stack in special-
ized medical domains. These design choices not only ad-
dress the long-standing challenge of insufficient high-
quality instruction data in TCM mental disorder research
but also establish a replicable framework for dataset con-
struction in other specialized TCM fields.

5 Limitations and future outlook

While the Fine-Med-Mental-T&P methodology and the
resulting Med-Mental-Instruct-T&P dataset have achiev-
ed significant advancements, several limitations warrant
attention, and outline clear directions for future resear-
ch 9, First, the current quality control process heavily re-
lies on experts, which limits efficiency and scale. The fu-
ture focus will shift to developing automated and semi-
automated technologies, such as using fine-tuned mod-
els for semantic segmentation and developing intelligent
screening algorithms based on knowledge graphs, to
build an efficient human-machine collaboration process.
Second, the existing evaluation metrics cannot capture
the deep semantics and clinical logic specific to tradition-
al Chinese mental disorders, and manual evaluation is
highly subjective. Therefore, in the future, a domain-spe-
cific evaluation system needs to be constructed. By defin-
ing core dimensions, developing semantic tools based on
ontologies, and integrating automatic scoring and expert
calibration composite models, more accurate and scal-
able evaluations can be achieved. Finally, the single data
source and insufficient generalization ability are also sig-
nificant challenges. The future direction lies in systemati-
cally expanding data sources, including extracting knowl-
edge from classic medical texts, conducting multi-center
clinical collaboration to collect diverse cases, and explor-
ing generative models to enhance rare disease data, ulti-
mately improving the generalization ability and clinical
applicability of the model.
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6 Conclusion

This study successfully developed the Med-Mental-In-
struct-T&P, a high-quality instruction dataset resource
for TCM mental disorders, and proposed the Fine-Med-
Mental-T&P systematic construction methodology. This
methodology innovatively integrates theoretical knowl-
edge with clinical practice through a dual-track strategy,
supported by a rigorous human-in-the-loop quality con-
trol process, thereby addressing the critical bottleneck of
scarce, high-quality data in this specialized domain. Ex-
perimental results demonstrate that models fine-tuned
on this dataset achieved significant improvements in
both domain-specific accuracy and practical utility. This
work establishes a robust data foundation for developing
precise and reliable intelligent diagnostic systems in TCM
mental disorders and offers a replicable technical
paradigm for constructing high-quality datasets in other
verticals of TCM.
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Fine-Med-Mental-T&P: —Fr#E 52 F EAv EImI8 053 5 09 Ry ik
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a. B EHKX G585 Hk Ki) 410208, FH
b. HHALHFE P ELIE, %k K7) 410208, + 5
c. WP E RGP EF L Hd K 410208, #

(B2 ) B RAHEPENIRIRERSHUELEN T X, FRIELALE, FiEk KN4 E T Fine-

Med-Mental-T&P X —7 ki, B THET BEAYERFAARG &R ZI845RIEE . % F kil i s Rk F 22
HRIRE EFREAFRAAES, (1) BRIl XTENERGHAM R ERATTALZSE ., A
DeepSeek-V3 & s An45vm i, RJGiBit Qwen3-32B A #H/74h4L, DE R A FEAERIT, G A IF ik
Fok, ikt 16000 2 Z A Eag4e 4, (2) FEME . RAIE 600 AN E 569 16 R IR T 46, 128
DeepSeek-V3 £ R 15 Wi fuig 97 09 384 3F, MGEEA TIRFEAT L, RA/TE] 4000 4 &0 28 EERF @
By Fe -5, W ANHLIE B9 AT ik T Med-Mental-Instruct-T&P # 3 4E, %34 20000 3354, A T Bird g
LA, RNAATT 3ALHEIFE (AT HRERAHNLRE) . (1) AR, AR ERE S
FBELHOABBER GEEE; (2) AAENRX, 5 EAPEREBZEARTIE; (3) HBEHBHRL, AR
REFEZTEHEAMEZ AN LR, R FHEZER LW, AT Med-Mental-Instruct-T&P # 4% & #4749
T&P-model £ A A6 M 4L, EXTIAF T P, T&P-model A B4 TAUL T B ) A R AHA LG ko Ko
HAED 4o R EAER . AP HAME B 33547 (ROUGE-L>0.55) ot RALRE CEAHAFIFH BT T) F
BRI, R ELE T, T&P-model 44k TIA 69 27 P E KA E A (44 HuatuoGPT #= Zuoyi-
GPT) , CAAFEEAE KA T @EIEFIN RGOS, OieEekR5EE LARKRENRE, &
TTRRKALBEETEN ., HEHBARIE T, BINEHIEN 10% 38 mF] 50% B, T&P-model #9124 2
M B EAGEE, RRGLE—RIEE; BT 50% /5, HRRAGRERZIHE, SREHL TR
TR e s R KT R E T AT P E AP E R 69+ kb Med-Mental-Instruct-T&P 35 4~ % 3%
4%, 42 # T Fine-Med-Mental-T&P 7 %, AR ET P EHIRT SR T, 45 T HRHIBEA ik — £ 4
MR, ARG R BL W ARG 203 T L R0y 38 34,
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