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Objective To develop a clinical decision and prescription generation system (CDPGS) specif-
ically for diarrhea in traditional Chinese medicine (TCM), utilizing a specialized large lan-
guage model (LLM), Qwen-TCM-Dia, to standardize diagnostic processes and prescription
generation.

Methods Two primary datasets were constructed: an evaluation benchmark and a fine-tun-
ing dataset consisting of fundamental diarrhea knowledge, medical records, and chain-of-
thought (CoT) reasoning datasets. After an initial evaluation of 16 open-source LLMs across
inference time, accuracy, and output quality, Qwen2.5 was selected as the base model due to
its superior overall performance. We then employed a two-stage low-rank adaptation (LoRA)
fine-tuning strategy, integrating continued pre-training on domain-specific knowledge with
instruction fine-tuning using CoT-enriched medical records. This approach was designed to
embed the clinical logic (symptoms — pathogenesis — therapeutic principles — prescrip-
tions) into the model’s reasoning capabilities. The resulting fine-tuned model, specialized for
TCM diarrhea, was designated as Qwen-TCM-Dia. Model performance was evaluated for dis-
ease diagnosis and syndrome type differentiation using accuracy, precision, recall, and F1-
score. Furthermore, the quality of the generated prescriptions was compared with that of es-
tablished open-source TCM LLMs.

Results Qwen-TCM-Dia achieved peak performance compared to both the base Qwen2.5
model and five other open-source TCM LLMs. It achieved 97.05% accuracy and 91.48% F1-
score in disease diagnosis, and 74.54% accuracy and 74.21% F1-score in syndrome type differ-
entiation. Compared with existing open-source TCM LLMs (BianCang, HuangDi, LingDan,
TCMLLM-PR, and ZhongJing), Qwen-TCM-Dia exhibited higher fidelity in reconstructing the
“symptoms — pathogenesis — therapeutic principles — prescriptions” logic chain. It provid-
ed complete prescriptions, whereas other models often omitted dosages or generated mis-
matched prescriptions.

Conclusion By integrating continued pre-training, CoT reasoning, and a two-stage fine-tun-
ing strategy, this study establishes a CDPGS for diarrhea in TCM. The results demonstrate the
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synergistic effect of strengthening domain representation through pre-training and activating
logical reasoning via CoT. This research not only provides critical technical support for the
standardized diagnosis and treatment of diarrhea but also offers a scalable paradigm for the

digital inheritance of expert TCM experience and the intelligent transformation of TCM.

1 Introduction

Traditional Chinese medicine (TCM), with a history
spanning over 2 000 years, is a valuable part of China’s
cultural heritage. Syndrome differentiation and treat-
ment (SDT), the core principle of TCM, has been consis-
tently practiced across generations of clinicians and re-
mains profoundly significant in modern clinical practice.
It remains the cornerstone of TCM practice !'. However,
its efficacy is inherently subjective and relies heavily on a
practitioner’s expertise. Consequently, national policies
from the General Office of the State Council % are man-
dating the development of intelligent assisted diagnosis
systems to standardize and modernize TCM.

While recent advancements in large language models
(LLMs) have shown promise in digitizing TCM knowl-
edge “°, current approaches are often limited to knowl-
edge graph integration and general clinical question-an-
swering. These approaches often prioritize surface-level
textual alignment over the underlying pathological logic,
thereby failing to capture the multi-dimensional, non-lin-
ear correlations between heterogeneous clinical symp-
toms and their corresponding syndrome differentiation.
Such a deficiency hinders the establishment of robust se-
mantic mappings across diverse TCM data, ultimately
leading to a bottleneck in executing complex diagnostic
reasoning and formulating personalized therapeutic
strategies that adhere to the holistic principles of TCM.
Diarrhea remains a major global public health challenge,
accounting for a significant proportion of outpatient en-
counters. According to the Global Burden of Disease
Study 2021, diarrheal diseases remain a major global
health threat, contributing to substantial morbidity and
an estimated 59.0 million disability-adjusted life-years
(DALYs) annually [. In primary care settings, gastroin-
testinal complaints, dominated by acute diarrhea, contin-
ue to be among the top reasons for patient visits [, Its
clinical complexity stems from a diverse etiology involv-
ing the dysfunction of the spleen, stomach, and liver. In
this domain, subtle variations in stool consistency, fre-
quency, and accompanying abdominal sensations neces-
sitate a rigorous distinction between cold, heat, deficien-
cy, and excess syndromes.

To bridge the gap between raw clinical data and ex-
pert-level diagnosis, we propose a clinical decision and
prescription generation system (CDPGS) powered by
LLMs for the management of TCM diarrhea. Grounded in
the theory of mimicking cognitive paradigms of TCM

experts, our framework employs a two-stage training
strategy that integrates continued pre-training on foun-
dational knowledge of diarrhea with instruction fine-tun-
ing via structured medical records using chain-of-
thought (CoT) reasoning (symptoms — pathogenesis —
therapeutic principles — prescriptions). By evaluating
our approach against nine model variants and existing
open-source LLMs for TCM, we demonstrate that com-
bining domain-specific pre-training with CoT logic pro-
duces clinically interpretable, standardized treatment
plans, offering a scalable paradigm for the digital inheri-
tance of TCM expertise.

2 Data and methods

To develop and rigorously evaluate the CDPGS, we con-
structed two datasets. A benchmark dataset is used to as-
sess the performance of base models. A fine-tuning
dataset is dedicated to the domain adaptation and in-
struction tuning of the base model.

2.1 Data collection

2.1.1 Benchmark dataset A systematic search for pub-
licly available TCM benchmark datasets was conducted.
Three candidates were identified: Traditional Chinese
Medicine QA Dataset (TCMD) ), Traditional Chinese
Medicine Benchmark (TCMBench) '], and Comprehen-
sive Medical Benchmark (CMB) [, Since TCMD and
TCMBench are not publicly accessible, we selected the
CMB dataset as our evaluation standard. The CMB
dataset is structured with 6 major and 28 minor cate-
gories, comprising both single-choice and multiple-
choice questions. To ensure relevance to our specific ap-
plication, we extracted only the TCM-specific sections of
CMB, resulting in a final benchmark collection of 21 008
questions from a total of 269 639 (Figure 1).

2.1.2 Fine-tuning dataset The use of open-source
datasets offers significant advantages by substantially re-
ducing the time required for data collection and annota-
tion. Furthermore, these resources are often prepro-
cessed, ensuring the acquisition of high-quality data. The
complementary nature inherent in multi-source datasets
is also instrumental in enhancing the generalization ca-
pability of LLMs. Consequently, as detailed in Table 1, we
aggregated diverse open-source datasets that contain
both foundational knowledge on diarrhea and medical
records.
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Figure 1 TCM-specific section of the CMB dataset

A, the composition of TCM-specific sections in CMB. B, distri-
bution of single-choice and multiple-choice questions of TCM-
specific sections in CMB.

Table 1 Summary of open-source TCM foundational
knowledge and medical records datasets for fine-tuning
Dataset Number of samples
ShenNong TCM_Dataset 2 112 565
hwtem-sft-v1 [ 7096
TCM Consultation Dataset ['* 106 953
SFT_medicalKnowledge_sourcel %) 548 404
SFT_medicalKnowledge_source2 ') 99 334
SFT_medicalKnowledge_source3 ['*) 556 540
SFT_nlpDiseaseDiagnosed [**! 61486
SFT_nlpSyndromeDiagnosed [* 48 665
SFT_structGeneral " 310 860
SFT_structPrescription ['* 92 896

To capture the nuanced clinical reasoning required
for diarrhea, we supplemented these open-source re-
sources with targeted clinical medical records, which are
critical for refining the LLM’s proficiency in medical ter-
minology, diagnostic logic, and treatment regimens.
These records were curated from the Ancient and
Modern Medical Records Cloud Platform [https://www.
yiankb.com, using the keywords “Xiexie (7#5)” “Xiali ("F
#|, dysentery)” and “diarrhea”] ' and the anonymized
clinical archives for diarrhea of a distinguished TCM clin-
ician, Professor Ming Chen from Beijing University of
Chinese Medicine, spanning from March 28, 2019 to De-
cember 28, 2024.

The final fine-tuning dataset comprises a diarrhea
foundational knowledge dataset and a diarrhea medical
record dataset. To ensure data integrity, we implemented
rigorous preprocessing protocols to extract core content
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and eliminate noise. Furthermore, relative to large-scale
pre-training datasets, the volume of domain-specific da-
ta is often limited. This limitation often leads to overfit-
ting during fine-tuning, in which the acquisition of new
domain knowledge compromises the model’s original
general language representation capabilities . To
mitigate this problem, we selected the open-source
BELLE dataset ' as the general-domain dataset and inte-
grated it into the training set. The mixing ratio was treat-
ed as a hyper-parameter to balance domain-specific and
general capabilities. This approach facilitates a smooth
transition from general linguistic representation to do-
main-specific embedding.

2.2 Data preprocessing

2.2.1 Quality filtering Quality filtering represents a criti-
cal procedure for guaranteeing the integrity and rele-
vance of the training data. The primary objective of this
step was to exclude data that could compromise model
performance. For the diarrhea foundational knowledge
dataset, we strictly filtered for diarrhea-specific content,
excluding all other diseases. For the diarrhea medical
record dataset, cases were included only if the chief com-
plaint explicitly identified diarrhea. Conversely, cases
were excluded if they contained incomplete clinical infor-
mation (e.g., missing chief complaints, symptoms, tongue/
pulse diagnostics, or prescriptions) or if the treatment in-
volved non-herbal modalities (such as acupuncture or
massage).

2.2.2 Quality deduplication Data deduplication is a cru-
cial preprocessing step to remove redundant instances,
as repeated patterns in training data can lead LLMs to
overfit, thereby impairing generalization. To mitigate this,
we applied the MinHash-Locality Sensitive Hashing
(LSH) algorithm for efficient duplicate detection. Follow-
ing established protocols ', we set the similarity thresh-
old to 0.95. This conservative deduplication approach
eliminated redundant records while preserving the se-
mantic diversity and distributional integrity of the
dataset.

2.3 Data annotation

2.3.1 Instruction construction Raw, unannotated medi-
cal records are often ill-suited for supervised fine-tuning
because they lack explicit task definitions and target out-
puts. To bridge this gap, we structured the data into in-

n, an

struction-response pairs (formatted as {“instruction”: “”,
“input”: “”, “output”: “”}). Such datasets typically consist
of three elements: an instruction that defines the specific
task or command, an input that provides the necessary
context or data for the task, and an output representing
the target response. However, manual annotation at scale

is prohibitively costly and time-consuming. Therefore, we
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adopted the self-instruct method ', which leverages an

LLM'’s generative capabilities to synthesize large-scale in-
struction data iteratively. Specifically, we employed the
high-performing LLM Qwen2.5-Max, using medical
records as input and carefully crafted prompts to gener-
ate diagnoses, syndrome types, therapeutic princi-
ples, and prescriptions. To ensure the quality of the
instruction-tuning dataset, a manual review process was
implemented. The outputs were rigorously evaluated and
refined by three TCM experts, each with over five years of
clinical experience. The review criteria focused on three
dimensions: (i) clinical accuracy, ensuring diagnoses and
prescriptions align with medical practice; (ii) logical con-
sistency between syndromes, therapeutic principles, and
medications; and (iii) terminological standardization.
This expert-led refinement yielded a high-quality dataset
for instruction tuning (Diarrhea Medical Record Dataset).

2.3.2 Chain-of-thought (CoT) integration CoT reason-
ing involves explicitly generating intermediate inference
steps before producing the final output of LLMs. By de-
composing complex tasks into sequential sub-steps, CoT
improves the LLM’s reasoning accuracy, especially in
challenging problem-solving contexts ?!. To evaluate
CoT’s utility in LLM-assisted diagnosis and treatment of
diarrhea, we constructed an instruction dataset in the for-
mat <question, CoT, answer>, replacing the conventional
<question, answer> structure used in standard fine-tun-
ing. The components are defined as follows. (i) Question:
comprehensive TCM clinical records, including demo-
graphic data (gender and age), chief complaints, history
of present illness, and tongue and pulse manifestations;
(ii) CoT: key symptoms — pathogenesis analysis — TCM
diagnosis — SDT. This path is designed to simulate a
clinician’s diagnostic logic; (iii) answer: the final deci-
sion-making output, consisting of the specific prescrip-
tion (formula name and herbal composition) along with
dosage and administration instructions. Guided by the
“diarrhea” chapter in Traditional Chinese Medicine Inter-
nal Medicine *?', we categorized syndromes into six types:
Hanshi Neisheng (5272 A %, internal exuberance of cold-
dampness), Shire Shangzhong (% # 45 ¥, damp-heat in-
juring the middle Jiao), Shizhi Changwei (2 # # & , food
stagnation in the gastrointestinal tract), Ganqgi Chengpi
(FF & # A%, liver Qi invading the spleen), Piwei Xuruo (%
H JE 33, spleen and stomach deficiency), and Shenyang
Xushuai ('F 8 £ 3%, kidney Yang depletion and failure).
Using the high-performing Qwen2.5-Max, we generated
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reasoning traces and answers via application program-
ming interface (API) calls with a one-shot prompting
strategy. As with the instruction dataset, all CoT traces
were rigorously validated by our expert panel to ensure
clinical accuracy, logical consistency, and terminological
standardization, resulting in the Diarrhea Medical Record
CoT Dataset.

2.4 Data partitioning

Upon completion of quality filtering, deduplication, and
annotation protocols, we consolidated the datasets of ex-
ternally sourced open-source data and internally con-
structed medical records into three subsets: the Diarrhea
Foundational Knowledge Dataset, the Diarrhea Medical
Record Dataset, and the Diarrhea Medical Record CoT
Dataset. Detailed specifications for these final datasets
are presented in Table 2.

2.5 Base model evaluation

The choice of base model critically influences fine-tuning
performance. As shown in Table 3, recent open-source
LLMs exhibit strong capabilities in knowledge compre-
hension and logical reasoning, making them suitable for
a wide range of natural language processing (NLP) tasks.
To identify the model best aligned with TCM require-
ments, we established a systematic evaluation frame-
work. Considering computational constraints (e.g., GPU
memory), we selected models with 4B - 9B parameters,
all pretrained on multilingual corpora comprising tril-
lions of tokens. This extensive pre-training endows these
models with broad multilingual and multidomain knowl-
edge, supported by large vocabularies that include com-
mon words, domain-specific terminology, rare terms,
slang, and multilingual expressions. Additionally, con-
text length is crucial: a larger window enables richer con-
textual understanding, which is essential for complex di-
agnostic reasoning. Notably, Qwen2.5 and LLaMA-3 sup-
port a context window of up to 131 072 tokens, signifi-
cantly enhancing their capacity for accurate natural lan-
guage understanding and generation.

To ensure a rigorous and reproducible evaluation, all
LLMs listed in Table 3 were evaluated on the benchmark
dataset using the same prompt. Model outputs were in-
dependently assessed against reference answers over
three runs, with performance measured along three di-
mensions: inference time, accuracy (agreement with

Table 2 Composition of fine-tuning datasets and their functional allocation across the two-stage training strategy

Dataset Efltl;}ll;iz;:s::;s il::; Training stage
Diarrhea Foundational Knowledge 4151 The first stage/the second stage (continued pre-training)
Diarrhea Medical Record 4086 The second stage
Diarrhea Medical Record CoT 632 The second stage (CoT)
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Table 3 Key technical specifications of the 16 representative general-purpose open-source LLMs selected for base

model evaluation
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Model Language Parameter Training token Context token Vocabulary
Falcon3 Multilingual 7B 14T 32768 131072
Qwen2.5 4 Multilingual 7B 18T 131072 152 064
MiniCPM3 ! Chinese, English 4B Unknown 32768 73 448
Mistral Multilingual 7B Unknown 32768 32768
LLaMA-3 7/ Multilingual 8B 15T 131072 128 256
GLM-4 ! Multilingual 9B 10T 128 000 151 552
InternLM-2.5 ) Chinese, English 7B Unknown 32768 92 544
Gemma-2 ! Chinese, English 9B 8T 8192 256 000
Mengzi3 P! Multilingual 8B 3T 8192 128 256
MAP-NEOQ B2 Chinese, English 7B 4.5T 4096 64 256
Chinese-LLaMA-Alpaca-3 ] Chinese, English 8B 15T 8192 128 256
Yi-1.5 B4 Chinese, English 9B 0.5T 4096 64 000
Baichuan-2 ! Multilingual 7B 2.6T 4096 125 696
XVERSE ¥ Multilingual 7B 2.6T 8192 100 534
TigerBot 7 Chinese, English 7B Unknown 2048 60 928
YAYI2 ¥ Multilingual 7B 2T 4096 32005

reference answers), and output quality (adherence to
prompt instructions and question format constraints). To
enhance efficiency, all models were quantized via one of
the following methods: GPT-generated unified format
(GGUF) ¥ GPT quantization (GPTQ) ™, activation-
aware weight quantization (AWQ) *!, or BitsandBytes 1?,
and deployed using llama.cpp [, vLLM [*, or the Hug-
ging Face Transformers library . For fairness and con-
trollability, inference hyperparameters were fixed across
all models: temperature = 0.7, top_p = 0.7, top_k = 50, and
repetition_penalty = 1.0.

2.6 Model fine-tuning

2.6.1 Fine-tuning method Fine-tuning refers to the addi-
tional training of a pre-trained model on domain-specific
data to improve its performance on specific tasks or do-
[ Its primary goal is to align task-specific knowl-
edge with instructions, thereby enhancing model gener-
alization and utility while reducing training costs 7.
Fine-tuning approaches are generally divided into two
categories based on parameter update strategies: full pa-
rameter fine-tuning (FPFT), which updates all model pa-
rameters, and parameter-efficient fine-tuning (PEFT),
which modifies only a subset of parameters. Due to the
high computational demands of FPFT, especially for
LLMs, PEFT methods offer a more efficient alternative.
Related study that evaluated FPFT against multiple PEFT
techniques across over 100 NLP tasks shows that low-rank

mains

adaptation (LoRA) achieves comparable performance
with substantially lower computational cost “*l. Conse-
quently, LoRA was selected for this study. Specifically, the
LLaMA-Factory framework ! was used to fine-tune the

base model. The instruction dataset was split into train-
ing and test sets at a 9 : 1 ratio. To emulate real-world
clinical conditions and assess diagnostic accuracy and
misdiagnosis rates, diarrhea-specific medical records
were intentionally combined with records of other dis-
eases at a 1 : 5 ratio. A curriculum learning strategy was
implemented in two sequential stages: the first empha-
sized foundational knowledge of diarrhea, while the
second focused on complex diarrhea medical records to
facilitate progression from foundational understanding to
advanced clinical reasoning.

2.6.2 Fine-tuning stages and experimental metrics (i) The
first stage. The first stage of fine-tuning focuses on inves-
tigating the impact of critical hyperparameters on model
performance. These include LoRA parameters (rank, al-
pha, and target modules) and training parameters (learn-
ing rate, total batch size, number of epochs, and the ratio
of domain-specific to general-domain datasets). The ex-
perimental design employs a sequential tuning strategy:
first, controlling single variables independently, and sub-
sequently performing combined optimization to deter-
mine the optimal hyperparameter configuration. To sta-
bilize the learning process and ensure convergence, the
Cosine-Warmup learning rate scheduling strategy is
adopted . Furthermore, the total batch size is defined
as the product of the single-step batch size and the num-
ber of gradient accumulation steps. Gradient accumula-
tion is used to simulate the training effect of a larger
batch under limited video memory, thereby mitigating
the potential instability issues commonly associated with
small-batch training.

Systematic evaluation of text generation quality dur-
ing the fine-tuning process is essential for validating
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model performance and guiding subsequent optimiza-
tion. Commonly employed automatic evaluation metrics
in this context include recall-oriented understudy for
gisting evaluation (ROUGE) Y, bilingual evaluation un-
derstudy (BLEU) ©?, and metric for evaluation of transla-
tion with explicit ordering (METEOR) 1*°!,

ROUGE is a family of recall-based text similarity met-
rics used to quantify the quality of a generated text. It
functions by calculating the number of overlapping lexi-
cal units (words or sequences) between the generated
output and a set of reference texts. The primary variants
utilized are ROUGE-N and ROUGE-L. ROUGE-N mea-
sures the degree of n-gram overlap between the
generated and reference texts. ROUGE-L evaluates text
similarity based on the longest common subsequence.

BLEU quantifies text quality by measuring the degree
of n-gram overlap between the generated text and a set of
reference texts. Specifically, it assesses the precision of
the generated output against the references. The metric
typically calculates the geometric mean of the modified
n-gram precision scores (e.g., n = 1, 2, 3, 4), coupled with
a brevity penalty to penalize overly short outputs.

METEOR provides a more nuanced evaluation of con-
sistency between the generated and reference texts. It
achieves this by comprehensively integrating multiple
factors, including exact word matching (unigram preci-
sion and recall), word-order consistency (measures such
as chunking), and semantic relevance (through stem-
ming and synonym matching).

(ii) The second stage. The first stage determined the
optimal hyperparameter combination, yielding a fine-
tuned model that improved its domain understanding of
diarrhea compared to the base model. However, as the
overarching objective of this study is to construct a
CDPGS, a second stage of fine-tuning is imperative. This
stage is designed to explore the impact of structured
medical records for diarrhea, aiming to enable the model
to automatically generate accurate and comprehensive
treatment plans for given medical records, encompass-
ing diagnoses, syndrome types, therapeutic principles,
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and prescriptions. Drawing on existing research [,
which indicates that knowledge acquisition in LLMs pri-
marily stems from the pre-training stage, while instruc-
tion fine-tuning focuses on output format standardiza-
tion, the use of continued pre-training was deemed nec-
essary to effectively inject domain-specific knowledge.
Based on three key variables, namely the sequence of the
data curriculum, the inclusion of continued pre-training,
and the integration of CoT reasoning, a total of nine fine-
tuning models were established for comparative analysis
in this second stage (Table 4).

The model’s performance is comprehensively as-
sessed using two classification tasks. First, disease diag-
nosis is structured as a binary classification task, where
the positive class is defined as “diagnosed with diarrhea”
and the negative class as “not diagnosed with diarrhea”.
Second, syndrome diagnosis is approached as a multi-
class classification task, encompassing six categories of
TCM syndromes: Hanshi Neisheng, Shire Shangzhong,
Shizhi Changwei, Ganqi Chengpi, Piwei Xuruo, and
Shenyang Xushuai. To mitigate the potential bias inher-
ent in relying solely on accuracy, particularly when deal-
ing with imbalanced data distributions, we employed
four metrics derived from the confusion matrix: true posi-
tive (TP), true negative (TN), false positive (FP), and false
negative (FN). These foundational counts subsequently
enable the calculation of comprehensive derived metrics,
namely accuracy, precision, recall, and F1-score, which
facilitate a multi-dimensional assessment of model per-
formance. Furthermore, to provide a robust and repre-
sentative overall measure when the class distribution is
significantly unbalanced, the weighted average of accura-
cy, precision, recall, and Fl-score is computed. To en-
sure robust model performance evaluation, we adopted a
10-fold cross-validation strategy during fine-tuning.

To systematically build and evaluate CDPGS, we de-
signed a two-stage technical framework (Figure 2), con-
sisting of four main stages: data preparation, base model
evaluation, model fine-tuning, and model evaluation.

Table 4 Overview of model variants for the second-stage fine-tuning based on data curriculum, continued pre-training,

and CoT reasoning

Model Description
Base Qwen2.5-7B
Base-K Base model fine-tuned on the Diarrhea Foundational Knowledge Dataset
Base-R Base model fine-tuned on the Diarrhea Medical Record Dataset
Base-R_CoT Base model fine-tuned on the Diarrhea Medical Record CoT Dataset
Base-K-R Base-K model fine-tuned on the Diarrhea Medical Record Dataset
Base-K-R_CoT Base-K model fine-tuned on the Diarrhea Medical Record CoT Dataset
Base-K_CP Base model with continued pre-training on the Diarrhea Foundational Knowledge Dataset
Base-K_CP-R Base-K_CP model fine-tuned on the Diarrhea Medical Record Dataset

Base-K_CP-R_CoT

Base-K_CP model fine-tuned on the Diarrhea Medical Record CoT Dataset
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Figure 2 Overall research design and technical roadmap
2.7 Statistical analysis

Statistical analyses were performed using Python 3.12.
Based on the normality test, all experimental results were
reported as mean * standard deviation (SD) or median
(interquartile range, IQR). To assess statistical signifi-
cance, we used the Kruskal-Wallis test, Welch’s analysis
of variance (ANOVA), one-way ANOVA, one-way repeat-
ed-measures ANOVA, or the Friedman test, and em-
ployed the corresponding post hoc tests. P < 0.05 was
considered statistically significant.

3 Results
3.1 Base model evaluation and selection

Figure 3A illustrates the inference time for base models,
revealing substantial disparities across different architec-
tures. Specifically, Qwen2.5-7B and TigerBot-7B, despite
sharing the same 7B parameter size, exhibited an over
fourfold difference in average inference time (2 040 s ver-
sus 8 635 s, respectively). The other 7B models, such as
Falcon3 and XVERSE, averaged approximately 1 h. Mis-
tral and YAYI2 required approximately 1.5 h on average.
These results underscore the profound impact of model
architecture and optimization strategy on inference effi-
ciency. In terms of stability, most models demonstrated
close consistency across the three evaluation runs, with
notable exceptions, such as Falcon3, InternLM-2.5, and
TigerBot, which exhibited significant fluctuations in in-
ference time.

Figure 3B illustrates the accuracy of the base models
on single- and multiple-choice questions, showing a sig-
nificant range in performance. Qwen2.5 achieved the
highest accuracy at 75.52%/37.52%, while TigerBot
recorded the lowest at 2.73%/0.21%. Based on this accu-
racy profile, the 16 evaluated models can be broadly cate-
gorized into four groups: the high-accuracy group com-
prises Qwen2.5, InternLM-2.5, Yi-1.5, and GLM-4; the
medium-accuracy group includes MiniCPM3, Baichuan-
2, XVERSE, Mengzi3, LLaMA-3, Chinese-LLaMA-Alpaca-
3, and Gemma-2; the low-accuracy group consists of
Falcon3, Mistral, and MAP-NEQO; the extremely low-
accuracy group was limited to TigerBot and YAYI2.

LLM for TCM diarrhea diagnosis and treatment 19

A 9000 B ,
3 8000 360
2 7000 e o
= 6000 . Z 10
L4 I
g 5000 £ 3
£ 4000 8 20
& 3000 + < 10

2000 0

& Single-choice &
S . ; RS
o Multiple-choice (o
Base model Base model
C 100 D 100
§ 80 § 80
2 60 2 60
£ £
3 40 5 40
o o
< <

Base model

Base model

Figure 3 Multi-dimensional comparative evaluation of
16 open-source LLMs on the TCM benchmark

A, inference time. B, accuracy (task performance). C accuracy
(format conformance). D, accuracy (content purity). For all
plots, individual data points are shown with the horizontal line
representing the median (n = 3). Statistical significance was de-
termined using the Kruskal-Wallis test (A, C, D) or one-way
ANOVA (B, C).

Generally, the accuracy across all models on multiple-
choice questions was significantly lower than on single-
choice questions, underscoring the greater demands
placed on their comprehensive reading and complex rea-
soning capabilities. Notably, the two top-performing
models (Qwen2.5 and InternLM-2.5) both possess a pa-
rameter size of 7B, surpassing several models in the 8B
and 9B range. This trend is particularly evident in
MiniCPM3 (4B), whose accuracy exceeds that of multiple
7B - 9B models. All models demonstrated high stability,
with consistent outputs across evaluation runs and mini-
mal variation.

Output quality was introduced as a metric to assess
the LLM'’s adherence to specific prompt instructions dur-
ing answer generation. This quality was measured using
two criteria. First, we evaluated format conformance by
ensuring the number of options in the generated output
matched the question’s requirements (e.g., single- or
multiple-choice). Outputs that satisfied this numerical
criterion were marked as correct (Figure 3C). Second, we
assessed content purity, confirming that the output con-
tained only the selected options, excluding extraneous
content such as internal reasoning or descriptive expla-
nations. Outputs were marked correct only if they ad-
hered to this purity constraint (Figure 3D).

Figure 3C illustrates conformance to the format across
different models. Overall, with the notable exception of
TigerBot and YAYI2, LLMs generally produce high-quali-
ty outputs on single-choice questions. Conversely, multi-
ple-choice questions, which necessitate the simultane-
ous identification of multiple correct options, pose a
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significantly greater challenge to the models’ reasoning
and instruction-following capabilities. InternLM-2.5, for
example, demonstrates a perfect 100% format confor-
mance on single-choice tasks, yet this drops drastically to
only 27.51% on multiple-choice questions. This disparity
strongly suggests a bias toward interpreting instruction or
a preference for strategies specific to single-choice for-
mats. Similar conformance issues were also observed in
Baichuan-2, Falcon3, and Mistral. Qwen2.5, GLM-4, and
Yi-1.5 performed relatively well in both scenarios, indi-
cating strong adaptability and robustness when handling
complex output constraints. Models with moderate per-
formance include XVERSE, MiniCPM3, Mengzi3, Gem-
ma-2, Chinese-LLaMA-Alpaca-3, and LLaMA-3. While
these models perform acceptably on single-choice
questions, their performance on multiple-choice tasks
clearly requires further optimization. Finally, the poorest
performers, TigerBot and YAYI2, suffered from severe
output quality issues.

Figure 3D details the content purity assessment re-
sults. All models exhibited varying degrees of accuracy
decline, indicating a general failure to produce outputs
that meet purity requirements. MAP-NEQ’s accuracy ap-
proached zero for both single- and multiple-choice ques-
tions; output analysis revealed excessive explanatory text
for nearly every response. Mistral, Mengzi3, and Yi-1.5 al-
so suffered significant drops, as Mistral’s multiple-choice
accuracy neared zero due to verbose option-by-option
explanations. Yi-1.5 and Mengzi3 similarly generated re-
dundant content. TigerBot and YAYI2 performed poorly
again: TigerBot often produced blank responses or in-
cluded special tokens [e.g., (INST)] and HTML tags (e.g.,
<br>). YAYI2 emitted special tokens (e.g., <YaYi>ail) and
verbose explanations akin to MAP-NEO. In contrast, the
high-performing group, consisting of Qwen2.5, GLM-4,
Falcon3, MiniCPM3, LLaMA-3, Gemma-2, Chinese-LLa-
MA-Alpaca-3, Baichuan-2, and XVERSE, demonstrated
superior content purity, with Qwen2.5 and GLM-4
achieving the highest accuracy.

The findings demonstrate that model performance is
affected by numerous factors, including model architec-
ture. Qwen2.5 exhibited the superior overall perfor-
mance across all metrics and was consequently selected
as the base model for subsequent fine-tuning to develop
a CDPGS for diarrhea in TCM.

3.2 Two-stage fine-tuning and evaluation

3.2.1 The first stage: hyperparameter optimization Fig-
ure 4A shows the model’s performance under fixed hy-
perparameters (rank = 8, alpha = 16, total batch size = 16,
epochs = 3), evaluating the effects of data ratios and
LoRA target modules. Fine-tuning improves BLEU,
ROUGE, and METEOR scores. While individual metrics
may peak at different points, the best overall perfor-
mance is achieved at a 1 : 1 data ratio and when LoRA
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target modules are set to all. Figure 4B examines the im-
pact of learning rate on fine-tuning performance under
consistent hyperparameters (target = all, epochs = 3, data
ratio = 1 : 0), confirming that 1.0 x 10™ yields optimal re-
sults. Figure 4C examines the effect of LoRA rank and al-
pha values on fine-tuning performance. Results show that
increasing both parameters consistently improves model
performance, consistent with theoretical expectations:
higher rank and alpha provide greater parameter flexibili-
ty and representational capacity, thereby enhancing the
model’s ability to capture complex features and adapt to
domain-specific data distributions. The preceding analy-
sis demonstrates that optimal fine-tuning performance is
achieved with a LoRA rank of 256, an alpha of 512, all
modules targeted, a learning rate of 1.0 x 10™, and a spe-
cific ratio of general-domain and diarrhea-domain data.
The remaining hyperparameter to optimize is the num-
ber of training epochs. As shown in Figure 4D, model per-
formance was evaluated at a data ratio of 1 : 1; peak per-
formance occurred at three epochs. The complete set of
optimal hyperparameters is summarized in Table 5.
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Figure 4 The performance of fine-tuned models with dif-
ferent hyperparameters

A, data ratios and LoRA target modules. B, learning rates. C,
ranks and alphas of LoRA. D, epochs. In some metrics, bars for
specific classes are present but not visible because their values
are minimal.

Table 5 Optimal hyperparameters for the first fine-tun-
ing stage

. Optimal
Hyperparameter Candidate parameter parameter
Data ratio 1:0,1:05,1:1 1:1
Learning rate 1.0x10731.0x 10 5.0 x 1.0x10™*
107%,5.0x 10°°
Rank/alpha 16/32, 32/64, 256/512
64/128/128/256, 256/512
Target module  q_proj. v_proj, all All
Epoch 3,5,10 3

3.2.2 The second stage: diagnostic efficacy and TCM rea-
soning We evaluated the diagnostic performance of
fine-tuned models on the test set of medical records for
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diarrhea using confusion matrices (Figure 5) and classifi-
cation metrics (Figure 6). Overall, all models achieved
high accuracy in distinguishing non-diarrhea, yet showed
variation in detecting diarrhea. The Base showed the
highest false negatives, indicating the lowest sensitivity to
diarrhea. In contrast, the Base-R_CoT, Base-K-R, Base-K-
R_CoT, Base-K_CP-R, and Base-K_CP-R_CoT significant-
ly improved TP rates while minimizing FN, demonstrat-
ing that two-stage fine-tuning combined with continued
pre-training and CoT reasoning effectively enhances di-
agnostic sensitivity for diarrhea. Notably, the Base-K-R
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Figure 5 Confusion matrices of fine-tuned models for
disease diagnosis performance in TCM diarrhea
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Figure 6 Comparison of disease diagnostic performance
metrics across fine-tuned models for TCM

A, accuracy. B, precision. C, recall. D, Fl-score. Data are pre-
sented as mean * SD (n = 10). Statistical significance was as-
sessed using a one-way repeated-measures ANOVA, followed
by Holm-corrected paired ¢ tests for post hoc comparisons. ™P >
0.05, *P < 0.05, P < 0.01, **P < 0.001, and ***P < 0.0001.
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and its pretrained variant exhibited higher FP; however,
integrating CoT reduced this effect, suggesting that CoT
helps the model discern subtle distinctions between
diarrhea and non-diarrhea cases, thereby improving di-
agnostic precision.

Both the Base and the Base-K achieved more than
85% accuracy and precision, indicating a low misdiagno-
sis rate. However, the low recall suggests a significant
number of underdetections of diarrhea. This reflects a
limited capacity to identify disease-specific features, hin-
dering comprehensive clinical diagnosis. The Base-R ex-
hibited modest improvements in accuracy, precision, and
recall over both the Base and the Base-K, suggesting that
refined training on diarrhea-related medical records en-
hanced its ability to capture subtle diagnostic features
and complex clinical logic, thereby improving discrimi-
native power and generalization. The Base-R_CoT achie-
ved higher accuracy and recall than Base-R, albeit with
reduced precision. These results suggest that CoT reason-
ing improved contextual understanding and partially mit-
igated the limitations of limited domain knowledge. Re-
maining misclassifications likely arise from class imbal-
ance in the training data, which may bias the model to-
ward over-predicting the diarrhea class and neglecting
discriminative features of negative cases. The Base-K-R
displayed aggressive behavior, with lower accuracy and
precision, yet perfect recall. This over-sensitivity suggests
severe overfitting during fine-tuning, possibly eroding
previously acquired general knowledge despite the inclu-
sion of general-domain data. Introducing CoT into the
Base-K-R improved accuracy and precision, demonstrat-
ing that structured reasoning mitigates overfitting by pro-
moting generalizable diagnostic logic rather than pattern
memorization. Continued pre-training further enhanced
performance. The Base-K_CP outperformed the Base-K
across all metrics, confirming that extended pre-training
strengthens theoretical grounding in diarrhea. Similarly,
the Base-K_CP-R_CoT surpassed its non-pretrained
counterpart. The Base-K_CP-R_CoT exhibits no signifi-
cant performance gain after continued pre-training but
improves following CoT fine-tuning (accuracy: 97.05%;
precision: 87.36%; recall: 96.04%; F1-score: 91.48%). This
indicates that continued pre-training primarily strength-
ens the model’s representational capacity. In contrast,
CoT fine-tuning effectively unlocks its latent reasoning
capabilities, facilitating task-aligned logical decomposi-
tion and translating accumulated knowledge into accu-
rate reasoning outputs.

Figure 7 presents the syndrome diagnosis confusion
matrix for the second-stage fine-tuning models on the di-
arrhea record test set. The matrix confirms that the syn-
drome types Hanshi Neisheng and Shire Shangzhong
constitute the highest proportions, which aligns with clin-
ical observations and reflects an inherent class distri-
bution imbalance. The two-stage fine-tuned model
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Figure 7 Confusion matrices of fine-tuned models for
syndrome differentiation performance in TCM diarrhea

outperforms the base model in classification; however,
data-scarce classes exhibit unstable confusion patterns,
posing a major bottleneck for further performance gains.
This imbalance necessitated the use of a weighted aver-
age when calculating the multi-classification metrics.

As Figure 8 illustrates, syndrome diagnosis proved
significantly more challenging than disease diagnosis, ev-
idenced by a universal decline in performance across all
models. This difficulty is inherent to SDT in TCM, which
requires recognizing complex, multifaceted patterns in
etiology, pathogenesis, symptoms, and the subtle charac-
teristics of the tongue and pulse, thereby imposing high-
er demands on the model’s reasoning capabilities. The
low accuracy of the Base indicates that, without targeted
tuning, the model struggles to capture the discriminative
features needed to identify and classify different types of
diarrhea syndromes effectively. Our findings suggest that
applying either continued pre-training or CoT fine-
tuning in isolation yields limited performance gains;
however, their combined application significantly en-
hances the model’s domain-specific expertise in diar-
rhea-related tasks. The modest improvements observed
in the Base-K and Base-K_CP are likely attributable to
their training being restricted to general foundational
knowledge of diarrhea, and to their lack of exposure to
the specific patterns embedded in medical records that
are crucial for accurate instruction following. In contrast,
the models fine-tuned using both foundational knowl-
edge and medical records substantially outperform the
Base, particularly Base-K_CP-R_CoT (accuracy: 74.54%;
precision: 75.99%; recall: 74.54%; F1: 74.21%), highlight-
ing the synergistic effect of integrating domain knowl-
edge with instruction-based fine-tuning.
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Figure 8 Comparison of syndrome differentiation per-
formance metrics across fine-tuned models for TCM diar-
rhea

A, accuracy. B, precision. C, recall. D, F1-score. Data are pre-
sented as mean + SD or median (IQR) (n = 10). Statistical sig-
nificance was analyzed using one-way repeated-measures
ANOVA or the Friedman test, followed by Holm-corrected
paired t tests or Holm-corrected Wilcoxon tests for post-hoc
comparisons. P > 0.05, *P < 0.05, and ***P < 0.0001.

Table 6 presents the diagnostic performance of fine-
tuned models across different training stages on a com-
plex TCM medical record. The Base, lacking domain-spe-
cific knowledge, performs poorly in both disease diagno-
sis and syndrome differentiation. The fine-tuning of first
and second stages (on foundational knowledge and med-
ical records, respectively) improves syndrome identifica-
tion but still yield inaccurate disease diagnoses. Incorpo-
rating CoT reasoning in the second stage enhances diag-
nostic accuracy through structured logical inference, un-
derscoring CoT’s value in complex clinical reasoning.
Comparing models with and without CoT reveals that
two-stage fine-tuning effectively integrates declarative
and procedural knowledge, strengthening the alignment
between diagnosis and syndrome differentiation. No-
tably, the Base-K_CP shows performance degradation,
suggesting that extended pre-training without task-spe-
cific fine-tuning may lead to knowledge forgetting or mis-
alignment. In contrast, continued pre-training in the pre-
trained Base-K-Rs reinforces the model’s grasp of TCM
semantic structures. The whole pipeline (Base-K_CP-
R_CoT) not only achieves high accuracy in both diagno-
sis and syndrome classification but also generates clini-
cally interpretable reasoning that explicitly links symp-
toms to pathogenesis and corresponding prescriptions.
These results robustly demonstrate the synergistic bene-
fits of continued pre-training, progressive two-stage fine-
tuning, and CoT reasoning in advancing clinical decision
support for TCM.
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Table 6 Diagnostic performance of fine-tuned models at different stages on the complex TCM medical record

Information of patients Model Diagnostic performance
Base TCM diagnosis: irregular menstruation. Syndrome type: blood stasis and Qi stagnation.
Therapeutic principle: promoting blood circulation to transform stasis, soothing the liver
to regulate Qi. Formula: modified Xuefu Zhuyu Tang (£ #+i%#%% ). The specific
composition and dosage are as follows: Taoren (Persicae Semen) 9 g, Danggui (Angelicae
Sinensis Radix) 12 g, Chuanxiong (Chuanxiong Rhizoma) 9 g, Dihuang (Rehmanniae
Radix) 15 g, Chishao (Paeoniae Radix Rubra) 9 g, Niuxi (Achyranthes bidentata Radix) 9 g,
Chaihu (Bupleuri Radix) 6 g, Xiangfu (Cyperi Rhizoma) 9 g, and Gancao (Glycyrrhizae
Radix et Rhizoma) 6 g. Note: the above prescription should be administered under the
guidance of a TCM practitioner, with dosages adjusted according to the patient’s specific
condition.
Base-K TCM diagnosis: menstrual disease. Syndrome type: liver depression and spleen deficiency.
Therapeutic principle: soothing the liver and regulating Qi, strengthening the spleen and
regulating menstruation. Formula: modified Xiaoyao San (if i #%).
Base-R TCM diagnosis: abdominal pain. Syndrome type: liver Qi attacking the spleen. Therapeutic
principle: suppressing the liver and strengthening the spleen. Formula: Tongxie Yaofang
Basic information: age (#4758 25 77 ): Baizhu (Atractylodis Macrocephalae Rhizoma) 9 g, Baishao (Paeoniae Radix
(29 years old); gender Alba) 9 g, Fangfeng (Saposhnikoviae Radix) 6 g, and Chenpi (Citri Reticulatae Pericarpium)
(female). 68
Past medical history: Base-R_CoT Let's analyze step by step. First, the patient’s symptoms include “diarrhea (during
irregular menstruation; 3 menstruation)” “precocious menstruation” “menorrhagia” “dark-colored menses”
months post-abortion. “menstrual blood clots” “bitter taste in the mouth” “dry mouth” “epigastric fullness and
Chief complaint: diarrhea suffocation” “irritability” “dysphoria and agitation” “palpitations” “anemia” “lumbago
during menstruation, (during menstruation)” and “mental fatigue and physical weakness”. Physical examination
precocious menstruation, revealed a “thin physique” “lusterless complexion” “string-thready pulse” and “thin white
and menorrhagia. tongue coating”. Next, a syndrome differentiation analysis was performed. Symptoms such
History- of present illness: as “bitter taste in the mouth” “dry mouth” “epigastric fullness and suffocation” “irritability”
the patient presented “dysphoria and agitation” and “palpitations” suggest stagnation of liver Qi and flaming-up
with dark mfen.strual of liver fire. Meanwhile, “precocious menstruation” “menorrhagia” “dark-colored menses”
blood containing Clqts, and “menstrual blood clots” indicate internal accumulation of blood heat. Combined with
accompanied by a bitter . . q o« . s \na . .
and dry mouth, and manlfesta,',ul(')ns like “lumbago (.durjrtltg n.lenstruatlon) mfzntal £atlgue apd physical .
fullness and oppression weakness” “lusterless complexion” “string-thready pulse” and “thin white tongue coating
in the epigastrium. the pathogenesis of liver depression and blood heat is further supported. Therefore, the
Urination was normal. diagnosis is “diarrhea” with the syndrome pattern of “liver Qi invading the spleen”. The
Emotionally, she established therapeutic principle is “suppressing the liver and strengthening the spleen”
reported irritability, a and the selected formula is Tongxie Yaofang, consisting of Baizhu (Atractylodis
propensity to anger, and Macrocephalae Rhizoma) 9 g, Baishao (Paeoniae Radix Alba) 9 g, Fangfeng
palpitations. Other (Saposhnikoviae Radix) 6 g, and Chenpi (Citri Reticulatae Pericarpium) 6 g.
symptoms included Base-K-R TCM diagnosis: diarrhea. Syndrome type: liver Qi invading the spleen. Therapeutic
anemia, menstrual principle: suppressing the liver and strengthening the spleen. Formula: Tongxie Yaofang
lumbago, and mental consisting of Baizhu (Atractylodis Macrocephalae Rhizoma) 9 g, Baishao (Paeoniae Radix
fatig.tledwnh physical Alba) 9 g, Fangfeng (Saposhnikoviae Radix) 6 g, and Chenpi (Citri Reticulatae Pericarpium)
assitude. o 6g.
gggzlgfxl/\?axsatrgilg?/\ga? .athe Base-K- Let’s analyze the case step by step. First, the patient’s symptoms include diarrhea (during
R_CoT menstruation), precocious menstruation, menorrhagia, three months post-abortion, dark-

lusterless complexion.
The pulse was wiry and
thready. The tongue
coating was thin and
white.

colored menses with blood clots, bitter taste in the mouth, dry mouth, epigastric fullness
and oppression, irritability, dysphoria and agitation, palpitations, anemia, lumbago
(during menstruation), and mental fatigue with physical exhaustion. Physical examination
revealed a thin physique, a lusterless complexion, a wiry and thready pulse, and a thin
white tongue coating. Next, the syndrome differentiation and analysis are conducted. The
manifestations of menstrual diarrhea, lumbago, mental fatigue, a lusterless complexion,
and a wiry and thready pulse, combined with a bitter and dry mouth, epigastric fullness,
and emotional instability (irritability and agitation), suggest liver Qi stagnation. This leads
to the liver Qi attacking the spleen, causing dysfunction of the spleen and stomach in
transportation and transformation, which generates internal dampness and results in
diarrhea and abdominal pain. Meanwhile, menstrual abnormalities (precocious, profuse,
dark, and clotted) along with menstrual lumbago indicate liver stagnation with blood stasis
and dysfunction of the Chong and Ren meridians. Furthermore, the symptoms of anemia
and palpitations point to a deficiency of both the heart and spleen. Collectively, the
pathogenesis is identified as liver Qi stagnation combined with spleen deficiency and
dampness encumbrance. Therefore, the diagnosis is “diarrhea”, with the syndrome pattern
identified as “liver Qi attacking the spleen”. The established therapeutic principle is
“suppressing the liver and strengthening the spleen”, and the selected formula is Tongxie
Yaofang, consisting of Baizhu (Atractylodis Macrocephalae Rhizoma) 9 g, Baishao
(Paeoniae Radix Alba) 9 g, Fangfeng (Saposhnikoviae Radix) 6 g, and Chenpi (Citri
Reticulatae Pericarpium) 6 g.
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Table 6 Continued

Information of patients Model Diagnostic performance
Basic information: age Base-K_CP  TCM diagnosis: irregular menstruation. Syndrome type: liver Qi stagnation and blood
(29 years old); gender stasis. Therapeutic principle: soothing the liver and regulating Qi, activating blood and
(female). resolving stasis. Formula: modified Xiaoyao San.
Past medical history: Base-K_ TCM diagnosis: diarrhea. Syndrome type: liver Qi invading the spleen. Therapeutic

irregular menstruation; 3 cp.R
months post-abortion.

Chief complaint: diarrhea
during menstruation,

principle: suppressing the liver and strengthening the spleen. Formula: Tongxie Yaofang
consisting of Baizhu (Atractylodis Macrocephalae Rhizoma) 9 g, Baishao (Paeoniae Radix
Alba) 9 g, Fangfeng (Saposhnikoviae Radix) 6 g, and Chenpi (Citri Reticulatae Pericarpium)

6g.

precocious menstruation
and menorrhagia.
History of present illness:
the patient presented
with dark menstrual
blood containing clots,
accompanied by a bitter
and dry mouth, and
fullness and oppression
in the epigastrium.
Urination was normal.
Emotionally, she
reported irritability, a
propensity to anger, and
palpitations. Other
symptoms included

R_CoT

’ Base-K_CP-

Let’s analyze the case step by step. First, the patient’s symptoms include diarrhea (during
menstruation), precocious menstruation, menorrhagia, dark menstrual blood with clots,
bitter taste in the mouth, dry mouth, epigastric fullness and oppression, irritability,
palpitations, mental fatigue and physical exhaustion, waist pain (during menstruation),
anemia, and a tendency to anger; physical examination reveals a thin physique, a lusterless
complexion, a string-like and fine pulse, and a thin white tongue coating. Next, the
syndrome differentiation is conducted. The patient presents with menstrual disorders, a
history of abortion three months ago, perimenstrual diarrhea, perimenstrual waist pain,
palpitations, mental fatigue, and a lusterless complexion, alongside a string-like and fine
pulse; combined with the bitter taste in the mouth, dry mouth, epigastric fullness,
irritability, and easy anger, these signs indicate liver Qi stagnation. The liver Qi attacks the
spleen, leading to dysfunction of the spleen and stomach in transport and transformation,
which manifests as diarrhea, epigastric fullness, and mental fatigue. The thin white tongue
coating and string-like fine pulse further support the pathogenesis of liver Qi stagnation.
The precocious menstruation, menorrhagia, and dark menstrual blood with clots indicate
that the liver Qi stagnation has affected the Chong and Ren meridians, leading to their

anemia, menstrual
lumbago, and mental
fatigue with physical
lassitude.

Physical examination: the
patient was thin with a
lusterless complexion.
The pulse was wiry and
thready. The tongue
coating was thin and
white.

disharmony and insecurity, thus causing menstrual abnormalities. Consequently, the
diagnosis is “diarrhea”, with the syndrome identified as “liver Qi attacking the spleen”. The
established therapeutic principle is “repressing the liver and strengthening the spleen”,
and the selected formula is Tongxie Yaofang, consisting of Baizhu (Rhizoma Atractylodis
Macrocephalae) 9 g, Baishao (Radix Paeoniae Alba) 9 g, Fangfeng (Radix Saposhnikoviae)
6 g, and Chenpi (Pericarpium Citri Reticulatae) 6 g.

To assess the robustness and generalizability of our
fine-tuning strategies, we evaluated diagnostic accuracy
on non-diarrhea medical records. As shown in Figure 9,
models without targeted fine-tuning exhibited lower ac-
curacy on non-diarrhea medical records. In contrast, all
models incorporating the CoT fine-tuning mechanism
demonstrated significant improvements, as evidenced by
comparisons between Base-R_CoT and Base-R, Base-K-
R_CoT and Base-K-R, and Base-K_CP-R_CoT and Base-
K_CP-R. These results confirm that CoT fine-tuning effec-
tively enhances non-diarrhea diagnostic performance,
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Figure 9 The accuracy of non-diarrhea disease diagno-
sis by fine-tuned models

Data are presented as mean + SD (n = 10). Statistical signifi-
cance was assessed using a one-way repeated-measures ANO-
VA.™P>0.05 and *P < 0.05.

thereby improving model robustness. Therefore, in sum-
mary, we take Base-K_CP-R_CoT as the final model and
name it Qwen-TCM-Dia.

3.3 Model evaluation

To systematically evaluate the performance of our fine-
tuned model within the diarrhea domain and its profi-
ciency in both diagnosis and treatment generation from
medical records, we selected publicly available open-
source LLMs specializing in TCM for comparative analy-
sis (Table 7). These models were built upon various base
architectures and fine-tuned using diverse strategies. It is
important to note, however, that the scope of some mod-
els, such as LingDan and TCMLLM-PR, is limited to gen-
erating TCM prescriptions.

Table 7 Parameters and architectures of representative
open-source TCM LLMs

Model Parameter Base model
BianCang ! 7B Qwen2.5
HuangDi P 13B Ziya-LLaMA-v1
LingDan 7 13B Baichuan2
TCMLLM-PR % 6B ChatGLM
ZhongJing ! 13B Baichuan2
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In addition to quantitative evaluation, qualitative as-
sessment of output quality is equally critical. Traditional
approaches rely on subjective criteria and manual anno-
tation, which are time-consuming, labor-intensive, and
prone to inconsistency. To address this issue, we employ
the Alibaba Cloud Judge Model ™ to assess outputs
across multiple dimensions automatically. Figure 10
presents a comprehensive evaluation of model perfor-
mance, including diagnostic accuracy on both general
and diarrhea-specific medical records, as well as scores
from the Alibaba Cloud Judge Model. Qwen-TCM-Dia
outperforms BianCang, HuangDi, and ZhongJing in dis-
ease diagnosis, and surpasses LingDan and TCMLLM-PR
in prescription generation.

As shown in Table 8 and 9, Qwen-TCM-Dia achieves
superior performance in identifying diarrhea-related sym-
ptoms, etiologies, pathogenesis, and treatments by effec-
tively integrating professional knowledge to generate tar-
geted diagnosis and treatment plans. In contrast, Ling-
Dan and TCMLLM-PR are restricted to prescription gen-
eration and perform poorly on questions beyond medical
records; while TCMLLM-PR yields more concise pre-
scriptions, it omits essential herbal dosage information,
limiting clinical utility. BianCang misinterprets the term
“Qinggu (7 %, diarrhea with undigested food)” and de-
spite including humanistic elements and disclaimers ab-
sent in our model, frequently mixes factual errors with in-
consistent prescriptions. HuangDi provides only general
therapeutic principles and non-specific prescriptions that
conflict with the medical record and contain redundan-
cies. ZhongJing exhibits catastrophic forgetting, resulting

Table 8 Models’ answers to the diarrhea question
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in significant diagnostic errors. By contrast, Qwen-TCM-
Dia leverages the CoT mechanism to enable accurate
syndrome differentiation and deliver complete, clinically
coherent prescriptions with explicit herbal components.
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Figure 10 Evaluation of Qwen-TCM-Dia and publicly
available open-source LLMs specializing in TCM

A, accuracy of diagnosis in all medical records. B, accuracy of
diagnosis in diarrhea medical records. C, judge model total
score. D, judge model correctness score. E, judge model rele-
vance score. Data are presented as mean + SD or median (IQR)
(n = 10). Statistical significance was analyzed using the Kruskal-
Wallis test, one-way ANOVA, or Welch’s ANOVA, followed by
Holm-corrected Conover-Iman test, Tukey's HSD, or Games-
Howell test for post-hoc comparisons. ***P < 0.0001.

Question Model Answer
BianCang  Xiali Qinggu, characterized by watery stools with a pale color and accompanied by abdominal pain,
may be attributed to dyspepsia or gastrointestinal stagnation of cold-evil. It is recommended to
maintain warmth, avoid the consumption of raw or cold foods, and appropriately administer
warming-middle and cold-dispersing formulas such as Lizhong Wan (32 ¥ #0); should symptoms
persist or exacerbate, timely medical consultation is advised. Furthermore, maintaining disciplined
dietary habits and a regular circadian rhythm contributes to the restoration of gastrointestinal health.
(The aforementioned information is for reference only; please consult a professional physician for
specific therapeutic interventions).
HuangDi  Xiali Qinggu is a clinical syndrome in TCM primarily characterized by increased frequency of
defecation and clear, thin stool consistency; it presents with pronounced diarrheal symptoms
What are the accompanied by abdominal pain, tenderness, muscle tension, spasms, and localized muscular pain.
clinical LingDan Zexie (Alismatis Rhizoma) 10 g, Danshen (Salviae Miltiorrhizae Radix et Rhizoma) 20 g, Fuchao
manifestations Zhigiao (Aurantii Fructus Praeparatus cum Furfure) 10 g, Shanyao (Dioscoreae Rhizoma) 15 g,
of diarrhea with Binglang (Arecae Semen) 10 g, Muxiang (Aucklandiae Radix) 10 g, Fuling (Poria) 30 g, Mudanpi
undigested food (Moutan Cortex) 10 g, Fuchao Baizhu (Atractylodis Macrocephalae Rhizoma Praeparatum cum
in the stool Furfure) 30 g, Chao Baishao (Paeoniae Radix Alba Praeparata) 15 g, Chao Yiyiren (Coicis Semen
(Xiali Qinggu)? Praeparatum) 15 g, Dangshen (Codonopsis Radix) 20 g, Fangfeng (Saposhnikoviae Radix) 10 g,

Zhigancao (Glycyrrhizae Radix et Rhizoma Praeparata cum Melle) 5 g, Chaihu (Bupleuri Radix) 10 g,
Fuchao Cangzhu (Atractylodis Rhizoma Praeparatum cum Furfure) 15 g, Chenpi (Citri Reticulatae
Pericarpium) 10 g, Dihuang (Rehmanniae Radix) 15 g.

TCMLLM- Huanggqi (Astragali Radix), Dangshen (Codonopsis Radix), Baizhu (Atractylodis Macrocephalae
PR Rhizoma), Fuling (Poria), Danggui (Angelicae Sinensis Radix), Shudihuang (Rehmanniae Radix
Praeparata), Baishao (Paeoniae Radix Alba), and Gancao (Glycyrrhizae Radix et Rhizoma).

ZhongJing Xiali Qinggu refers to the clinical manifestation of diarrhea characterized by clear, thin stool, which
may be accompanied by symptoms of dehydration.

Qwen-
TCM-Dia

Xiali Qinggu refers to the discharge of thin, watery stools containing undigested food particles.
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Table 9 Models’ answers to the diarrhea medical record

Question Model Answer

BianCang The patient presented with “diarrhea and lower abdominal pain”. The medical history
included chronic gastroenteritis, with normal sleep and urination. Clinical observations
noted a sallow complexion, a greasy tongue coating, and a red tongue body; physical
examination revealed a thin habitus. The recommended TCM prescription included:
Huanglian (Coptidis Rhizoma) 10 g, Huanggin (Scutellariae Radix) 10 g, Banxia (Pinelliae
Rhizoma) 10 g, Ganjiang (Zingiberis Rhizoma) 10 g, Gancao (Glycyrrhizae Radix et
Rhizoma) 6 g, Baizhu (Atractylodis Macrocephalae Rhizoma) 10 g, Chenpi (Citri
Reticulatae Pericarpium) 10 g, Houpo (Magnoliae Officinalis Cortex) 10 g, Dahuang (Rhei
Radix et Rhizoma) 10 g, Binglang (Arecae Semen) 10 g, Zhishi (Aurantii Fructus
Immaturus) 10 g, Rougui (Cinnamomi Cortex) 10 g, and Gancao (Glycyrrhizae Radix et
Rhizoma) 6 g. The formula was based on a modified combination of Xiaochaihu Tang (+*
3£ 477%) and Pingwei San (-F § #%).

HuangDi Based on the patient’s medical history and physical examination, it can be inferred that the
patient may suffer from chronic gastroenteritis; TCM treatment can employ prescriptions
formulated to clear heat, remove toxins, strengthen the spleen, and nourish the stomach,

Based on the input such as Dachenggqi Tang (X 7K 4.i% ) and Sishen Wan (294¥ ).

patient medical record,  LingDan Cu Jineijin (Gigeriae Galli Endothelium Corneum Praeparatum cum Aceto) 10 g, Binlang
directly provide the (Arecae Semen) 7 g, Chao Yiyiren (Coicis Semen Praeparatum) 15 g, Huanggqin

proposed therapeutic (Scutellariae Radix) 10 g, Fuling (Poria) 30 g, Dangshen (Codonopsis Radix) 15 g, Shanyao
regimen: Chinese herbal (Dioscoreae Rhizoma) 15 g, Bei Baijiangcao (Patriniae Herba) 20 g, Diyu (Sanguisorbae
medicine and formula. Radix) 10 g, Zhigancao (Glycyrrhizae Radix et Rhizoma Praeparata cum Melle) 10 g,
Chief complaint: diarrhea Dihuang (Rehmanniae Radix) 10 g, Danggui (Angelicae Sinensis Radix) 10 g, Chao Zhizi
and lower abdominal (Gardeniae Fructus Praeparatus) 10 g, Fuchao Baizhu (Atractylodis Macrocephalae

pain; history of present Rhizoma Praeparatum cum Furfure) 30 g, Cebaiye (Platycladi Cacumen) 10 g, Fuchao
illness: chronic Shenqu (Massa Medicata Fermentata Praeparata cum Furfure) 15 g, Huanglian (Coptidis
gastroenteritis, normal Rhizoma) 6 g, Machixian (Portulacae Herba) 20 g, Muxiang (Aucklandiae Radix) 5 g,
sleep, and normal Fangfeng (Saposhnikoviae Radix) 5 g, Chao Maiya (Hordei Fructus Germinatus
urination; facial Praeparatus) 15 g.

complexion: sallow; TCMLLM-  Cangzhu (Atractylodis Rhizoma), Baizhu (Atractylodis Macrocephalae Rhizoma), Houpo

tongue manifestation: PR
greasy coating with a red
tongue body; physical
examination: thin

ZhongJin
habitus. gimns

Qwen-TCM-
Dia

(Magnoliae Officinalis Cortex), Fuling (Poria), Chenpi (Citri Reticulatae Pericarpium),
Muxiang (Aucklandiae Radix), Huanglian (Coptidis Rhizoma), Huanggin (Scutellariae
Radix), Dangshen (Codonopsis Radix), and Gancao (Glycyrrhizae Radix et Rhizoma).
Based on the patient’s medical record, please provide your proposed treatment plan. Chief
complaint: fever, sore throat; present illness: upper respiratory tract infection, with cough,
phlegm, nasal congestion, and poor sleep. History of stomach problems, frequent stomach
discomfort, frequent belching, normal bowel movements, and yellow urine. Red tongue
with a yellow, greasy coating; physical examination: thin.

Let’s think step by step. First, the patient’s clinical manifestations include “diarrhea, lower
abdominal pain, and a sallow complexion” with a tongue presentation of a “greasy coating

and red tongue body”; physical examination reveals the patient is “relatively thin”, while
sleep and urination are normal. Next, performing the pattern differentiation analysis, the
diarrhea, greasy tongue coating, and red tongue body indicate the presence of damp-heat
pathogens within the body, which have impaired the transport and transformation
functions of the spleen and stomach. Consequently, the diagnosis is “diarrhea”,
categorized under the “damp-heat injuring the top Jiao” pattern. Based on this
differentiation, the treatment principle is established as “clearing heat and promoting
diuresis”, utilizing the formula Gegen Qinlian Tang (% 1% %% %): Gegen (Puerariae
Lobatae Radix) 24 g, Huangqin (Scutellariae Radix) 9 g, Huanglian (Coptidis Rhizoma) 6 g,
and Zhigancao (Glycyrrhizae Radix et Rhizoma Praeparata cum Melle) 6 g.

4 Discussion

As a core contribution, our study validates a two-
stage training strategy designed to mirror the cognitive
development of a TCM practitioner. Our results indicate
that fine-tuning on foundational knowledge alone im-
proves the recognition of diarrhea-related terminology
but fails to translate this knowledge into accurate clinical
decision-making, evidenced by high false-negative rates
in disease diagnosis. This aligns with prior findings that
standard instruction tuning primarily prioritizes format
compliance over deep logical inference [ %?l, The integra-
tion of CoT reasoning proved pivotal in bridging this

gap [ %I, By enforcing a structured reasoning path
(“symptoms — pathogenesis — therapeutic principles —
prescriptions”) the CoT models significantly enhanced
diagnostic precision and recall. This mechanism effec-
tively mitigates the “black box” nature of LLMs by exter-
nalizing the diagnostic logic inherent to SDT. Further-
more, CoT acted as a semantic regularizer. While the
Base-K-R exhibited overfitting and over-sensitivity to the
positive class (diarrhea), the addition of CoT reduced
false positives and improved the identification of non-
diarrhea cases, thereby enhancing the model’s robust-

ness and clinical reliability.
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Syndrome differentiation remains the primary bottle-
neck in TCM automation due to the inherent class imbal-
ance in clinical data >, Our confusion matrices reveal a
divergence in performance. While common syndromes
are readily identified, rare syndromes exhibit lower clas-
sification accuracy. The Base-K_CP-R_CoT achieved the
most balanced performance across these disparate class-
es. We attribute this success to a “knowledge buffer” ef-
fect, wherein domain-specific continued pre-training re-
inforces the model’s semantic representation of rare con-
cepts prior to fine-tuning on limited instruction data. This
dual approach, strengthening the Base through pre-train-
ing and refining the logic through CoT, effectively coun-
ters the “catastrophic forgetting” often observed when
adapting general models to vertical domains.

Our proposed model offers superior clinical utility
and reasoning depth compared to existing open-source
TCM LLMs. Specialized models such as LingDan and
TCMLLM-PR are limited to prescription generation, fre-
quently omitting critical dosage details due to the inabili-
ty to explain the diagnostic rationale. Conversely, broad-
er models like BianCang and HuangDi frequently halluci-
nate or provide generic advice that conflicts with specific
medical records, likely due to insufficient vertical-do-
main fine-tuning on disease-specific nuances .. In con-
trast, Qwen-TCM-Dia explicitly links pathogenesis with
treatment, ensuring the generation of accurate and inter-
pretable prescriptions. This interpretability is essential
for building trust in CDPGS.

Despite the promising performance of our LLM-based
CDPGS for TCM diarrhea diagnosis, three primary limita-
tions delineate critical pathways for future research. First,
while we incorporated open-source benchmarks, the re-
liance on a single expert’s clinical records (Professor
Ming Chen) risks encoding an individualized diagnostic
style and prescription preferences, potentially limiting
the model’s generalizability across diverse practitioners.
Second, the current system is restricted to diarrhea, a sin-
gle-condition scenario that fails to reflect the complexity
of real-world TCM practice, which frequently involves co-
morbid syndromes. In response to these limitations, we
plan to construct a multi-center, multi-expert cohort and
capture a broader spectrum of TCM reasoning patterns,
significantly improve the model’s external validity, and
expand datasets to encompass a wider range of diseases.
Third, while the 7B-parameter models offer a practical
balance between performance and deployability, it repre-
sents a computational trade-off that may not fully lever-
age the superior knowledge retention and reasoning ca-
pabilities of larger models. Therefore, scaling to larger
foundation models is necessary to fully leverage superior
reasoning capabilities. Moreover, the system currently re-
lies exclusively on textual input, neglecting essential TCM
diagnostic modalities, particularly inspection. Future
work should pursue multimodal integration to replicate
expert TCM diagnostic processes more faithfully.
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5 Conclusion

This study developed the CDPGS for TCM diarrhea based
on LLM, establishing a methodological framework that
integrates LLMs with TCM’s semantic logic and diagnos-
tic reasoning patterns. Through systematic evaluation
and a two-stage training strategy, we demonstrated that
combining continued pre-training on foundational
knowledge, instruction fine-tuning with structured medi-
cal records, and CoT reasoning significantly enhances di-
agnostic accuracy and clinical reasoning capability. The
Base-K_CP-R_CoT achieved the highest performance,
outperforming publicly available open-source TCM LLMs
in both diagnostic precision and prescription generation.
This work not only delivers an effective diarrhea-specific
diagnostic model but also provides a generalizable
methodology for integrating LLMs with TCM’s unique di-
agnostic paradigm, contributing to the digital inheri-
tance and intelligent transformation of TCM. Future re-
search should explore expanding to multi-disease scenar-
ios and integrating multiple modalities to better replicate
expert TCM diagnostic processes.
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AT RBZERAG T EREIERERS LT AR

R AR F, R 2t R, W R BN, 2] E AP

a. L7 FEZGXFFE S L F 100029, F EH

b. T#EAA FA T P E KR, AL 100010, F B
c. HH P EZKXFFELHFRE Hk KV 410208, F E
d. 7T E BRI RS E, 3L 100010, F B

e. GAREFK F ¥ E 25 5%, 4L % 100069, ¥ 5

(#HE) B8 AR AT HEE AN KETHEA Qwen-TCM-Dia, FA T T E®EB G REEL &L F R EZ
%, ATHREESHIESHEL T ZE, Fk MAMET 2HNEZEHELE . FHAEREE ALK
B, BhalEMBEEMmit, EEMSEEIBIHEE,. A3 16 MR KIE TR JATIHENF, EH
EFaly B E 5 - E S, Qwen2.5 B I F AL 69 B AR AR A R B AR AL . BF 7R R B - BUAR AR IE B
(LoRA ) #iAR R, ¥ HE TABMBF L iRt RS MI L5480 B H4E30 %16 R EZALE ST AM
iR, EHEREHE (FR - BIL - B - AF ) SARAGIEIER AP, B 304 F E IS e #%
AR A% 1 Qwen-TCM-Dia, AFRBEEAHE | HAE | 8wl Ffe F1 5 R R4 T A L& IR W fo ik
MEFN T @O, FECANFRPERB AV FHLFEETRATERAE, £R Qwen-TCM-
Dia #9M ek T R AR Qwen2.5 fe il 5 AR P IE K35 2 A, EEBL W EHME A 97.05%, F1 54
7 91.48%; ER U 5| AR 74.54%, F1 48k 74.21%. 5K G AR ¥ E KEFHA ( BianCang.
HuangDi. LingDan, TCMLLM-PR #= ZhongJing ) #8t, Qwen-TCM-Dia /& & #) “J& K —J& H—78 0] — 4L
FUBAEE T AT B HMRAE, BRGNS, WA E R A B R R I AL &
7o B AFRAEI BA SR TRN 4. st fe IO R s, MET PERIB IR E R LT AR
o, R T SRS TRI SR IRALARIR RAE S B 24k g S T B LA W RB 20, BF R A B 6 ALTE AT
RET AR LIH, CAVTES RERGRFTHE R EFRERARET —FTH REX,

[ X4 ]| w5, PEZ,;, REZHEE; BRERSATAKR; AREZLARE
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