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Objective  To develop QingNangTCM, a specialized large language model (LLM) tailored for
expert-level traditional Chinese medicine (TCM) question-answering and clinical reasoning,
addressing the scarcity of domain-specific corpora and specialized alignment.
Methods  We  constructed  QnTCM_Dataset,  a  corpus  of  100  000  entries,  by  integrating  data
from ShenNong_TCM_Dataset and SymMap v2.0, and synthesizing additional samples via re-
trieval-augmented  generation  (RAG)  and  persona-driven  generation.  The  dataset  compre-
hensively  covers  diagnostic  inquiries,  prescriptions,  and herbal  knowledge.  Utilizing P-Tun-
ing  v2,  we  fine-tuned  the  GLM-4-9B-Chat  backbone  to  develop  QingNangTCM.  A  multi-
dimensional evaluation framework, assessing accuracy, coverage, consistency, safety, profes-
sionalism,  and  fluency,  was  established  using  metrics  such  as  bilingual  evaluation  under-
study (BLEU), recall-oriented understudy for gisting evaluation (ROUGE), metric for evalua-
tion of translation with explicit ordering (METEOR), and LLM-as-a-Judge with expert review.
Qualitative analysis was conducted across four simulated clinical scenarios: symptom analy-
sis,  disease treatment,  herb inquiry,  and failure cases.  Baseline models included GLM-4-9B-
Chat, DeepSeek-V2, HuatuoGPT-II (7B), and GLM-4-9B-Chat (freeze-tuning).
Results  QingNangTCM  achieved  the  highest  scores  in  BLEU-1/2/3/4  (0.425/0.298/0.137/
0.064), ROUGE-1/2 (0.368/0.157), and METEOR (0.218), demonstrating a balanced and supe-
rior  normalized  performance  profile  of  0.900  across  the  dimensions  of  accuracy,  coverage,
and  consistency.  Although  its  ROUGE-L  score  (0.299)  was  lower  than  that  of  HuatuoGPT-II
(7B)  (0.351),  it  significantly  outperformed  domain-specific  models  in  expert-validated  win
rates for professionalism (86%) and safety (73%). Qualitative analysis confirmed that the mod-
el  strictly  adheres  to  the “symptom-syndrome-pathogenesis-treatment” reasoning  chain,
though  occasional  misclassifications  and  hallucinations  persisted  when  dealing  with  rare
medicinal materials and uncommon syndromes.
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Conclusion  Combining  domain-specific  corpus  construction  with  parameter-efficient
prompt  tuning  enhances  the  reasoning  behavior  and  domain  adaptation  of  LLMs  for  TCM-
related tasks. This work provides a technical framework for the digital organization and intel-
ligent utilization of TCM knowledge, with potential value for supporting diagnostic reasoning
and medical education.

 

 1 Introduction

The  rapid  evolution  of  large  language  models  (LLMs) [1]

has  fundamentally  transformed  medical  informatics
through  enhanced  dialogue  management  and  knowl-
edge-intensive reasoning [2]. However, for specialized do-
mains  like  traditional  Chinese  medicine  (TCM),  the  fo-
cus  has  shifted  from  general  pretraining  toward  more
standardized domain alignment  and inference strategies
to  handle  its  unique  semantic  complexity.  The  matura-
tion  of  Chinese-optimized  open-source  backbones  such
as  Baichuan [3],  Qwen [4],  DeepSeek-V2 [5],  and  ERNIE
Bot [6] now provides a robust linguistic substrate for such
adaptation.  Given  TCM’s  integration  of  classical  canons
and  complex  clinical  reasoning,  it  has  emerged  as  a
strategically  vital  application  domain  for  validating  the
professional  utility  and  diagnostic  accuracy  of  special-
ized artificial intelligence (AI) [7, 8].

TCM constitutes both a codified medical system and a
body  of  cultural  heritage,  integrating  classical  canons,
clinical  case  records,  and  materia  medica.  Its  clinical
practices  and  canonical  texts,  including  acupuncture,
moxibustion, the Huangdi Neijing (《黄帝内经》 , Inner
Canon of Huangdi), and Bencao Gangmu (《本草纲目》,
Compendium of Materia Medica), are internationally rec-
ognized for their historical and epistemic value. Notwith-
standing this foundation, the digital and intelligent trans-
formation  of  TCM  remains  constrained  by  a  lack  of  ro-
bust platforms and clinically reliable AI-assisted diagnos-
tic  tools,  which  limits  improvements  in  diagnostic  accu-
racy, accessibility, and standardization. While LLMs offer
a promising pathway for structuring knowledge, perform-
ing representation learning on classical corpora, and sup-
porting  for  clinical  reasoning  and  decision-making,  gen-
eral-purpose models often fail to capture TCM’s core on-
tological principles and semantic frameworks. This leads
to  superficial  treatment  of  herbal  entities,  formula  com-
position,  and  case-based  syndrome  differentiation,  ulti-
mately constraining domain fidelity and clinical utility [9].
These  limitations  have  motivated  the  development  of
medical and TCM-specialized LLMs that incorporate do-
main knowledge and task-specific supervision [10].

Given  the  prohibitive  cost  of  training  from  scratch,
domain  adaptation  via  parameter-efficient  fine-tuning
has  become  the  prevailing  strategy [11].  P-Tuning  v2 [12],
for  instance,  achieves  competitive  performance  by

optimizing  only  0.1% – 3%  of  parameters  while  signifi-
cantly reducing computational overhead. Based on these
techniques,  several  TCM-specialized  models  have  been
introduced and can be categorized by their  technical  fo-
cus.  The first  group,  including DoctorGLM [13] and Shen-
Nong-TCM [14],  utilizes  lightweight  adapters  to  enhance
consultation  and  entity  recall,  yet  often  struggles  to
achieve  deep  consistency  with  TCM  pathological  logic,
particularly in the linkage between Bianzheng (辨证, syn-
drome differentiation) and formula prescription. The sec-
ond  group,  such  as  MedChatZH [15] and  HuatuoGPT [16],
emphasizes  dialogue  fluency  via  curated  medical  corpo-
ra,  but  exhibits  superficial  specialization and insufficient
grounding in canonical  TCM texts.  The third group, rep-
resented  by  Qibo [17] and  Zhongjing [18],  integrates  com-
prehensive  pre-training  or  feedback  mechanisms;  how-
ever,  these  models  still  face  challenges  like  inconsistent
citation  alignment  and  limited  robustness  in  authentic
clinical narratives. Collectively, a significant research gap
remains  in  ensuring  that  the  model's  reasoning  path  is
deeply  consistent  with  TCM  pathological  logic  while
maintaining  reliable  stability  across  diverse  and  real-
world clinical scenarios.

To  address  these  gaps,  this  study  introduces  Qing-
NangTCM,  a  specialized  LLM  tailored  for  expert-level
TCM question-answering and clinical reasoning. We pro-
posed  a  systematic  research  framework  that  began  with
the  curation  of  a  domain-specific  corpus,  designed  to
align  model  representations  with  TCM  pathophysiologi-
cal  theories.  Subsequently,  we  leveraged  the  parameter-
efficient fine-tuning method (P-Tuning v2) to specialize a
general-purpose  backbone  for  advanced  medical  tasks.
Finally,  we  established  a  comprehensive,  multidimen-
sional  evaluation  framework  that  integrates  automated
metrics  with expert  verification to assess the model's  ca-
pabilities.  This  study  seeks  to  validate  the  efficacy  of  the
proposed  model  in  enhancing  diagnostic  and  treatment
support, thereby contributing a practical pathway for the
digital and intelligent modernization of TCM.

 2 Data and methods

This  section  discusses  the  construction  process  of  the
QingNangTCM model,  including the development of the
dataset, the fine-tuning of the model, as well as the evalu-
ation of its capability.
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 2.1 Construction and processing of the dataset

 2.1.1 Dataset construction　The QnTCM_Dataset,  an in-
struction  dataset  for  fine-tuning  LLMs  in  TCM  domain,
was  constructed  in  the  study.  It  was  assembled  by  inte-
grating  two  primary  data  sources  and  applying  a  multi-
stage preprocessing pipeline to ensure task relevance and
data integrity.

The first source is ShenNong_TCM_Dataset [14], which
contains over 110 000 instruction instances covering fun-
damental TCM theories, syndrome differentiation-orient-
ed  reasoning,  herb  compatibility,  prescription  inference,
and clinical  applications.  According to the dataset  docu-
mentation,  part  of  the  ShenNong_TCM_Dataset  is  de-
rived  from  classical  TCM  literature,  including Huangdi
Neijing, Shanghan Lun (《伤寒论》 , Treatise  on Febrile
and  Miscellaneous  Diseases),  and Shennong  Bencao  Jing
(《神农本草经》 , Divine Farmer’s  Materia Medica).  To
ensure quality of the dataset, we applied a multi-stage cu-
ration  pipeline.  First,  rule-based  cleaning  using  regular
expressions removed non-informative symbols, Chinese-
English mixed sentences, and duplicate entries. Next, se-
mantic-level  screening  filtered  out  samples  with  incom-
plete  context  or  reasoning  structures  inconsistent  with
TCM  clinical  logic.  Finally,  the  retained  data  underwent
manual proofreading and verification. This process yield-
ed 80 000 entries, spanning core TCM tasks such as clini-
cal  question  answering,  formula  prescription  guidance,
and diagnostic reasoning.

The  second  source  is  the  SymMap  v2.0  TCM  syn-
drome  association  database [19],  which  was  integrated  to
strengthen the dataset’s structured knowledge of the rela-
tionship  between  TCM  symptoms,  syndromes,  herbal
medicines,  and  their  connections  to  modern  medical
concepts. SymMap v2.0 comprises 1 717 TCM symptoms,
499  herbs,  961  modern  medical  symptoms, 5 235 dis-
eases, and 19 595 herbal constituents.

After  format  standardization,  703  instances  were  in-
corporated  into  QnTCM_Dataset,  thereby  improving  the
coverage  of  herbal  attributes,  clinical  use  scenarios,  and
dosage-related knowledge within the training data.

 2.1.2 Data augmentation via retrieval-augmented genera-
tion  (RAG)  and  persona-driven  generation　To  address
data  scarcity  and  enhance  the  quality  of  conversational
data, we implemented two targeted augmentation strate-
gies. First, adhering to RAG principles [20],  we utilized the
LangChain  framework  to  retrieve  contextually  relevant
evidence from the foundational ShenNong_TCM_Dataset
and SymMap v2.0  datasets.  This  approach grounded the
generation  process  in  verified  domain  knowledge,  effec-
tively mitigating hallucinations and ensuring medical fac-
tual  accuracy.  Second,  we  employed  a  persona-driven
generation  strategy  using  GLM-4-9B-Chat [21, 22].  Guided
by  a  carefully  designed  system  prompt  (Supplementary
Table  S1),  this  strategy  established  a “senior  TCM

practitioner” persona.  The prompt imposed strict  logical
constraints,  instructing  the  model  to  generate  responses
that  strictly  adhere  to  the “symptom-syndrome-patho-
genesis-treatment” TCM  reasoning  chain.  This  method
effectively  refined  semantic  clarity  and  ensured  profes-
sional  consistency  in  the  generated  medical  responses.
Through these strategies,  a  total  of  21 000 raw candidate
entries were generated for further validation.

 2.1.3 Data validation and safety verification　To ensure
high data quality, we established a comprehensive quali-
ty  control  framework  focused  on  medical  accuracy  and
data safety.

First, regarding medical accuracy, a hybrid validation
pipeline was applied to all augmented samples. (i) Manu-
al expert review. Three licensed TCM practitioners (aver-
aging five years of clinical experience) conducted a blind-
ed assessment of  a  randomly selected 10% sample.  Each
entry  was  evaluated  on  a  five-point  Likert  scale  across
factual accuracy, semantic clarity, and clinical safety, with
the  anchors  defined  as  1  (theory  violation/incoherent
reasoning/critical  risk),  2  (major  errors/semantic  confu-
sion/potential  hazard),  3  (minor  deviations/ambiguous
phrasing/unverified  advice),  4  (theory  consistent/clear
expression/safe  guidance),  and  5  (canonical  alignment/
professional  terminology/fully  compliant).  Entries  scor-
ing < 4 in any dimension were subject to mandatory revi-
sion  or  rejection.  The  process  demonstrated  high  inter-
rater  reliability  (Cohen’s  kappa  =  0.82).  (ii)  Automated
cross-verification.  All  generated  entries  were  systemati-
cally  cross-referenced  against  authoritative  knowledge
bases (SymMap v2.0 and ShenNong_TCM_Dataset). This
involved  calculating  Sentence-BERT  embedding  simila-
rity [23],  with  a  cosine  similarity  threshold  of ≥ 0.85  de-
fined  for  semantic  alignment.  Additionally,  inspired  by
the  LLM-as-a-Judge  framework [24],  a  GPT-4o-based
screening  strategy  was  implemented,  requiring  a  mini-
mum  score  of  4  out  of  5  for  logical  consistency  with  the
TCM diagnostic framework. This stage achieved an initial
pass  rate  of  92%.  The  remaining  8%  of  flagged  cases  un-
derwent  secondary  manual  review,  with  unrecoverable
errors being permanently discarded. Through this multi-
stage  process,  a  final  set  of  19  297  validated  instances
were retained for inclusion in the dataset.

Second,  regarding  data  safety,  although  QnTCM_
Dataset was constructed exclusively from publicly acces-
sible sources, we implemented a dedicated screening and
normalization  protocol  to  eliminate  potential  privacy
risks and ensure compliance. This involved applying reg-
ular expression-based rules to remove any personal iden-
tifiers,  followed  by  natural  language  processing  (NLP)-
driven  terminology  normalization  to  reduce  semantic
ambiguity. Manual spot-checks were conducted to verify
the absence of any residual sensitive information.

In summary, through a process of data cleaning, inte-
gration,  validation,  and  screening  for  safety  reasons,  we
curated  the  final  QnTCM_Dataset,  comprising  100  000
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entries.  To  support  domain  research  and  transparency,
this dataset will be released on GitHub under the CC BY-
SA  4.0  license  within  three  months  after  publication.  As

detailed in Table 1, this refined corpus provides a compli-
ant  and  task-specific  foundation  for  subsequent  model
training and evaluation.

 2.2 Foundational model

We  selected  GLM-4-9B-Chat  as  the  backbone  for  Qing-
NangTCM due to its strong Chinese language capabilities
and its practical suitability for domain adaptation [25]. As a
recent open-source model in the GLM series, GLM-4-9B-
Chat  supports  long-context  inputs,  which  was  beneficial
for  incorporating  evidence  from  TCM  classics,  clinical
narratives, and materia medica descriptions. In this work,
we  primarily  leveraged  two  properties  of  this  backbone:
(i) stable instruction following, which facilitated parame-
ter-efficient  adaptation  with  P-Tuning  v2  to  align  the
model  closely  with  TCM  clinical  reasoning;  (ii)  tool-use
compatibility,  including support for function/tool calling
interfaces  when  available,  simplifying  integration  with
our  retrieval-augmented  data  construction  pipeline.  In
addition,  the  model’s  9  billion  parameter  scale  offers  a
practical  trade-off  between  performance  and  computa-
tional  cost,  making  it  suitable  for  resource-constrained
fine-tuning and evaluation.

 2.3 Model fine-tuning with P-Tuning v2 for TCM knowl-
edge integration

To adapt GLM-4-9B-Chat for the TCM domain under re-
source constraints, we employed P-Tuning v2, a parame-
ter-efficient  fine-tuning  strategy  that  specializes  in  a
frozen  backbone  by  learning  a  small  set  of  continuous
(soft)  prompt  parameters  on  the  QnTCM_Dataset.  This
design  enables  effective  domain  adaptation  with  mini-
mal  parameter  updates,  while  preserving  the  model’s
general language competence.

(x,y)
p (y|x)

Formally, given an instruction-response pair , we
optimized  the  conditional  likelihood  while  keep-
ing  all  backbone  weights  frozen.  We  introduced  layer-
wise prefix prompts that were injected into the self-atten-
tion  modules  across  all  Transformer  layers  as  key-value
prefixes.  These  continuous  prompts  steered  the  model’s
intermediate  representations  toward  TCM-specific  se-
mantics and reasoning patterns, learned end-to-end from
data  without  reliance  on  handcrafted  rules.  This  deep
prompt-injection mechanism enabled the model to inter-
nalize  domain  knowledge  across  multiple  levels  of

abstraction.  In  practice,  prompts  in  the  lower  Trans-
former  layers  tend  to  capture  lexical  and  surface-level
features, such as symptom descriptions, while prompts in
the upper layers guide higher-order reasoning structures,
such as Bianzheng, Bingji (病机, pathogenesis) inference,
and formula-herb associations. As illustrated conceptual-
ly  in Figure  1,  this  hierarchical  encoding  ensures  that
TCM semantics are embedded throughout the entire gen-
eration process.

  

h0 hi CLS e (liver) e (fire) e (exuberant)…

… …

Reparameterization
Optimization

… … …

Layer 1 prompts

Layer 2 prompts

Layer n prompts
…

…

…

…
Embedding

…

Liver Fire Exuberant

 
Figure 1   Architecture of  the P-Tuning v2 deep prompt-
based adaptation strategy used in QingNangTCM

{h0,h1, · · ·,hi}

The  diagram  highlights  two  primary  components  in  the  input
embedding stack: the learnable prompt block (orange), which is
optimized during training, and a frozen token embedding block
(blue),  which  remains  unchanged.  For  illustration,  the  phrase
“liver fire excess” is tokenized and represented as word embed-
dings e (liver), e (fire), e (excess). The classification (CLS) token
embedding  is  used  to  form  a  global  sentence  representation.
Crucially,  the  vectors  denote  continuous  soft
prompts  learned  by  P-Tuning  v2.  These  vectors  are  systemati-
cally  injected  into  the  attention  computation  of  each  Trans-
former layer to serve as prefix conditioning.
 

Compared  with  full  supervised  fine-tuning  (SFT),
which updates the entire parameter space and risks insta-
bility  or  overfitting  in  specialized  domains,  P-Tuning  v2
limits updates to a lightweight set of prompt parameters.
This  approach  enhances  training  efficiency  and  mini-
mizes  interference  with  the  pre-trained  backbone.  Rela-
tive  to  methods  like  low-rank  adaptation  (LoRA),  which
inserts  low-rank adapters  into selected linear  layers,  lay-
er-wise  prefix  prompting  provides  a  simpler  mechanism
to  modulate  attention  behavior  throughout  the  entire
network, supporting fine-grained domain alignment with
minimal architectural changes.

 

Table 1   Statistics and composition of the QnTCM_dataset

Dataset Scale Attribute description Validation method
ShenNong_TCM_Dataset 80 000 TCM consultations, prescriptions, and treatment

methods for syndromes
Rule-based cleaning + manual review

SymMap v2.0      703 Types of Chinese herbal medicines, usage, and
dosage

Rule-based cleaning + manual review

RAG + GLM-4-9B-Chat 19 297 TCM data generated by enhancement and
optimization algorithm

Expert review + automated cross-
verification
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 2.4 Baseline models

To  evaluate  the  performance  of  QingNangTCM,  we  se-
lected  four  baseline  models  with  distinct  architectures
and  design  objectives.  These  are  categorized  as  follows.
(i)  General-purpose  models:  we  employed  GLM-4-9B-
Chat  (the  foundational  backbone  of  our  model) [25] and
DeepSeek-V2  (a  mixture-of-experts  model) [26].  The  two
models  were  applied  to  quantify  the  performance  gains
achieved  by  fine-tuning  and  to  provide  a  reference  for
general  reasoning  capabilities  in  non-domain-specific
contexts.  (ii)  Domain-specific  model:  we  selected  Hua-
tuoGPT-II  (7B) [16],  a  model  developed  via  a  single-stage
adaptation strategy that  integrates  pre-training and fine-
tuning,  which  has  demonstrated  competitive  perfor-
mance across established TCM benchmarks. (iii) Tuning-
variant  model:  to  validate  the  efficacy  of  our  model,
we  implemented  a  freeze-tuning  variant  of  GLM-4-9B-
Chat [27, 28].  Under  identical  dataset  conditions,  only  the
last three Transformer layers were updated. This compar-
ison  highlights  the  specific  advantages  of  P-Tuning  v2
over partial parameter freezing.

 2.5 Evaluation metrics

To  systematically  assess  model  performance,  we  estab-
lished  a  multi-dimensional  evaluation  framework  span-
ning  accuracy,  coverage,  consistency,  safety,  profession-
alism, and fluency. Quantitative evaluation was first con-
ducted using three complementary standardized metrics.
All  evaluations  were  performed  on  an  independent  test
set constructed from QnTCM_Dataset and excluded from
model  training  and  fine-tuning.  The  test  samples  were
designed  to  reflect  representative  TCM  diagnostic  and
treatment-oriented  question-answering  scenarios,  sup-
porting the assessment of model performance within the
proposed multi-dimensional evaluation framework.

(i) Bilingual evaluation understudy (BLEU)-1/2/3/4 [29],
which  measures n-gram  precision,  was  used  to  evaluate
accuracy by quantifying the model’s fidelity in reproduc-
ing standardized TCM clinical terminology.

(ii)  Recall-oriented  understudy  for  gisting  evaluation
(ROUGE)-1/2/L [30],  a  recall-oriented  metric,  was  em-
ployed to assess coverage, evaluating whether the gener-
ated responses contain all key elements of the diagnostic
reasoning chain.

(iii)  Metric  for  evaluation  of  translation  with  explicit
ordering  (METEOR) [31],  which  incorporates  synonym
matching and stemming-aware alignment to mitigate the
limitations  of  exact  string  matching,  was  adopted  as  a
consistency  metric  to  measure  the  semantic  coherence
and  linguistic  naturalness  of  TCM  explanations.  Collec-
tively,  these  metrics  provided  a  multi-faceted  quantita-
tive view of performance, measuring factual term match-
ing,  information  coverage,  and  semantic  alignment,  re-
spectively.

(iv)  Hybrid  evaluation  strategy [32],  which  integrates
LLM-as-a-Judge  with  expert  review  to  transcend  the
limitations  of  surface-form  overlap,  was  employed  as  a
qualitative alignment protocol to evaluate higher-level at-
tributes  including  safety,  professionalism,  and  fluency.
Safety prioritizes clinical reliability, harm prevention, and
ethical  compliance.  Professionalism  emphasizes  the
depth of comprehension, explanatory clarity, and clinical
initiative. Finally, fluency evaluates discourse coherence,
stylistic  consistency,  and  professional  empathy.  Specifi-
cally,  grounded  in  the  methodological  framework  delin-
eated by YANG et al. [18], the protocol first used GPT-4o as
an  auxiliary  evaluator  to  produce  preliminary  scores
based on predefined rubrics. These scores were then vali-
dated and calibrated by senior TCM practitioners to cor-
rect  potential  deviations  from  clinical  and  professional
standards. This hybrid approach preserved domain fideli-
ty  and  clinical  reliability  while  substantially  improving
the scalability of safety-oriented evaluation.

 2.6 Task-oriented clinical scenario simulation for qualita-
tive assessment

To comprehensively assess the model’s performance un-
der  clinically  motivated  TCM  consultation  settings,  such
as adherence to  the syndrome differentiation-based rea-
soning  chain,  the  appropriateness  of  formula/herb  rec-
ommendations, and potential safety risks,  we designed a
task-oriented  clinical  scenario  simulation  framework
based on predefined, expert-curated prompts rather than
real clinical cases. This qualitative assessment focuses on
evaluating the model’s  response behavior and reasoning
coherence, rather than on conducting clinical validation.
We  designed  four  representative  qualitative  evaluation
tasks.

(i)  Symptom  analysis.  This  scenario  evaluates  the
model's  ability  to  accurately  diagnose  TCM  symptoms,
including  syndrome  differentiation,  identification  of
treatment principles, and generation of personalized rec-
ommendations  while  maintaining  strict  standards  of
safety and professionalism.

(ii) Disease treatment. This task presents prompts an-
chored  by  common  disease  names,  requiring  the  model
to perform TCM-style  syndrome differentiation and pro-
pose  appropriate  therapeutic  interventions.  The  evalua-
tion  focuses  on  whether  the  output  remains  strictly
grounded in the TCM diagnostic-therapeutic framework,
demonstrating  coherent  syndrome-treatment  alignment
rather than defaulting to recommendations for biomedi-
cal medications.

(iii) Herb inquiry. This task centers on knowledge-ori-
ented questions about a single herb or medicinal materi-
als. It evaluates the completeness and accuracy of provid-
ed  herb  attributes,  as  well  as  the  adequacy  of  dosage
guidance and contraindication/caution information.
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(iv)  Failure  cases.  Rare  medicinal  materials  and  un-
common  syndromes  are  introduced  for  stress  testing,
aiming  to  identify  typical  failure  modes  in  long-tail  set-
tings,  including  hallucinations,  syndrome  misclassifica-
tion,  unsafe  recommendations,  and  breakdowns  in  the
reasoning chain.

 2.7 Experimental setup

 2.7.1  Computational  environment　 All  fine-tuning  and
evaluation experiments were conducted in a high-perfor-
mance  computing  environment  running  Ubuntu  20.04.5
long-term  support  (LTS).  The  software  stack  included
Python  3.10.8,  PyTorch  2.7.0,  and  CUDA  12.9,  to  ensure
compatibility  and  optimized  acceleration.  Model  fine-
tuning  was  performed  using  two  NVIDIA  A800  GPUs
(80  GB  VRAM  per  card),  providing  the  memory  band-
width  required  for  efficient  large-scale  parameter  opti-
mization.  To  ensure  reproducibility,  the  source  code  of
QingNangTCM  will  be  made  available  on  GitHub  under
the  Massachusetts  Institute  of  Technology  (MIT)  license
within the same timeframe as the dataset release.

 2.7.2 P-Tuning v2 configuration　This study adopted the
P-Tuning  v2  strategy  for  parameter-efficient  fine-tuning.
The  configuration  was  as  follows:  64  trainable  prefix  to-
kens  were  introduced  at  the  input  layer  and  mapped  to
the  key  and  value  matrices  in  every  Transformer  layer.
For  training,  the  maximum  input  and  output  sequence
length was set to 512 tokens, a value chosen to fully repre-
sent  clinical  narratives  while  maintaining computational
efficiency. A per-device batch size of 8 with 2 gradient ac-
cumulation steps was used, resulting in an effective glob-
al batch size of 32. This approach optimized memory us-
age while maintaining stable gradient updates. In the in-
ference phase,  the  output  length was  also  capped to  512
tokens to ensure the coherence and completeness of  the
generated responses.

 2.7.3  Ablation  studies  and  hyperparameter  optimiza-
tion　As part of the experimental design, we conducted a
systematic ablation study to empirically justify the select-
ed hyperparameter  configuration reported in the experi-
mental setup and to assess model robustness, rather than
to present additional performance results. The study was
structured into three comparative groups. (i) Training du-
ration:  with  the  learning  rate  fixed  at  1  ×  10−4,  we  varied
the number of epochs (1 vs 3) to analyze convergence dy-
namics.  (ii)  Learning  rate:  under  extended  training,  we

compared learning rates of 1 × 10−4 and 1 × 10−5 to exam-
ine  optimization  stability  and  potential  overfitting.
(iii)  Prefix  length:  using  the  optimal  epoch  and  learning
rate configuration,  we evaluated prefix  lengths of  32 ver-
sus 64 tokens to evaluate the trade-off between semantic
alignment  and  feature  coverage.  The  configuration  of
“epoch = 1, learning rate = 1 × 10−4” served as the baseline
for measuring incremental performance gains.

Figure  2 summarizes  the  end-to-end  construction
pipeline  of  QingNangTCM,  including  dataset  curation,
augmentation,  validation,  and  parameter-efficient  fine-
tuning.
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Figure  2   Overall  workflow  of  QingNangTCM  construc-
tion

 3 Results

 3.1 Quantitative evaluation via automatic metrics

A  systematic  quantitative  evaluation  was  conducted  us-
ing  three  complementary  automated  metrics,  including
BLEU,  ROUGE,  and  METEOR,  to  assess  performance
across the dimensions of accuracy, coverage, and consis-
tency.  The  evaluation  compared  our  proposed  model
again  general-purpose  LLMs  (DeepSeek-V2,  GLM-4-9B-
Chat) as well as domain-specific models tailored for TCM
[HuatuoGPT-II  (7B)  and  GLM-4-9B-Chat  (freeze-tun-
ing)].

Table  2 summarizes  the  comprehensive  automated
evaluation  results,  including  ROUGE,  METEOR,  and
BLEU  metrics.  QingNangTCM  demonstrated  superior

 

Table 2   Quantitative comparison of QingNangTCM and baseline models using BLEU, ROUGE, and METEOR metrics

LLM ROUGE-1 ROUGE-2 ROUGE-L METEOR BLEU-1 BLEU-2 BLEU-3 BLEU-4

GLM-4-9B-Chat 0.312 0.129 0.244 0.127 0.385 0.262 0.108 0.037

DeepSeek-V2 0.345 0.120 0.276 0.135 0.368 0.273 0.114 0.051

HuatuoGPT-II (7B) 0.308 0.131 0.351 0.179 0.394 0.274 0.107 0.049

GLM-4-9B-Chat (freeze-tuning) 0.315 0.129 0.345 0.182 0.386 0.269 0.112 0.054

QingNangTCM 0.368 0.157 0.299 0.218 0.425 0.298 0.137 0.064
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overall  performance,  achieving the  highest  scores  across
most  evaluated  indicators.  In  terms  of  coverage  and
consistency,  QingNangTCM  attained  the  highest  scores
for ROUGE-1 (0.368) and ROUGE-2 (0.157), as well as the
highest  METEOR  score  (0.218)  among  all  models.  Re-
garding lexical  accuracy,  it  consistently  outperformed all
baseline models across all n-gram orders, with BLEU-1 to
BLEU-4  scores  of  0.425,  0.298,  0.137,  and  0.064,  respec-
tively.  Conversely,  for  the  ROUGE-L  metric,  which  em-
phasizes the longest common subsequence, the domain-
specific  baseline model  HuatuoGPT-II  (7B) achieved the
highest  score  (0.351),  followed  by  the  GLM-4-9B-Chat
(freeze-tuning)  (0.345),  while  QingNangTCM  recorded
0.299. Among the baseline models, the freeze-tuned vari-
ant  exhibited  competitive  performance  on  METEOR
(0.182)  and  BLEU-4  (0.054),  whereas  the  general-pur-
pose  DeepSeek-V2  model  achieved  a  relatively  higher
BLEU-4 (0.051) compared with GLM-4-9B-Chat (0.037).

To  enable  comparative  analysis  across  different  met-
rics,  we  applied  a  normalization  strategy  using  the  Ro-
bustScaler  method. Figure  3 illustrates  the  normalized
performance  profile  across  consistency  (METEOR),  cov-
erage (ROUGE), and accuracy (BLEU) dimensions. Qing-
NangTCM  exhibited  a  superior  and  balanced  profile,
achieving  a  uniformly  high  normalized  score  of  0.900
across  all  three  dimensions,  resulting  in  the  largest
enclosed area on the radar chart. In contrast, the domain-
oriented  models  [HuatuoGPT-II  (7B)  and  GLM-4-9B-
Chat  (freeze-tuning)]  remained  competitive  in  coverage
(0.898  and  0.878,  respectively)  but  demonstrated  sub-
stantial  deficits  in  consistency  (0.478  and  0.504,  respec-
tively) and accuracy (0.700 and 0.600, respectively). Gen-
eral-purpose  models  recorded  the  lowest  scores;
DeepSeek-V2  achieved  an  accuracy  of  0.400  but  only
0.159  in  consistency,  while  the  base  GLM-4-9B-Chat  de-
fined  the  lower  performance  bound,  scoring  approxi-
mately 0.100 across all metrics.
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Figure 3   Radar chart comparing the normalized perfor-
mance of QingNangTCM and baseline models

 3.2 Assessment of professionalism, fluency, and safety

Figure  4 depicts  the  pairwise  comparison  of  Qing-
NangTCM  with  the  baseline  models  across  three
dimensions:  professionalism,  fluency,  and  safety.  The
judgments  shown  were  obtained  using  a  hybrid  evalua-
tion  strategy,  wherein  GPT-4o  provided  preliminary  rat-
ings that were subsequently validated by experts.
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Figure  4   Pairwise  evaluation  of  QingNangTCM  against
baseline models
 

(i)  Professionalism and fluency.  In these dimensions,
QingNangTCM  achieved  higher  win  rates,  particularly
against  domain-specific  baseline  models.  It  recorded  a
win  rate  of  86%  versus  HuatuoGPT-II  (7B)  and  72%  ver-
sus  the  GLM-4-9B-Chat  (freeze-tuning),  with  corre-
sponding  loss  rates  limited  to  4%  and  11%,  respectively.
In  comparisons  with  general-purpose  models,  Qing-
NangTCM  achieved  a  win  rate  of  58%  against  the  base
GLM-4-9B-Chat and 41% against DeepSeek-V2.

(ii)  Safety.  Regarding  the  safety  dimension,  Qing-
NangTCM  exhibited  a  distinct  advantage  over  domain-
specific  models,  achieving  a  win  rate  of  73%  against
HuatuoGPT-II  (7B)  and 68% against  the GLM-4-9B-Chat
(freeze-tuning).  Compared  with  the  base  GLM-4-9B-
Chat, QingNangTCM recorded a 50% win rate and an 18%
loss  rate.  The  comparison  with  DeepSeek-V2  yielded  a
balanced outcome, with a win rate of 37% and a loss rate
of 38%.

 3.3 Ablation study results under different training config-
urations

To  further  evaluate  the  stability  of  QingNangTCM  and
verify the experimental design, we conducted an ablation
study  on  the  GLM-4-9B-Chat  backbone.  The  results,
summarized in Table 3,  illustrate the performance varia-
tions across different training epochs, learning rates, and
virtual token lengths.

(i)  Training  epochs.  Compared  with  the  baseline
model  (epoch  =  1)  with  the  epoch  =  3  setting  [both  with
learning  rate  (LR)  =  1  ×  10−4],  significant  improvements
were  observed.  The  baseline  model  showed  insufficient
convergence  (ROUGE-1  =  0.220),  while  three  epochs  of
training  increased  ROUGE-1  to  0.331  and  METEOR  to
0.195.  This  indicates  that  a  moderate  number  of  itera-
tions  is  essential  for  the  model  to  adequately  capture

Xuming Tong, et al. / Digital Chinese Medicine 9 (2026) 1-12 QingNangTCM: a TCM-specialized LLM    7



semantic patterns in the TCM corpora. However, extend-
ing  training  further  to  four  epochs  without  appropriate
hyperparameter tuning (e.g.,  reducing LR to 1 × 10−5)  re-
sulted  in  degraded  performance  (ROUGE-1  dropped  to
0.248),  suggesting  that  continuing  with  a  fixed  learning
rate may hinder optimization in later stages.

(ii)  Virtual  token  length.  Using  a  stable  training  con-
figuration (epoch = 4, LR = 1 × 10−5), we examined the im-
pact  of  virtual  token  length.  With  num_virtual_tokens  =
32, the model maintained decent structural matching but
suffered a drop in METEOR score (0.119).  Increasing the
virtual  tokens to 64 yielded the best  overall  performance
(ROUGE-1  =  0.368,  METEOR  =  0.218,  BLEU-4  =  0.064).
These  results  suggest  that  a  longer  prefix  length  (64  to-
kens)  provides  greater  capacity  to  encode  task-specific
TCM  knowledge,  thereby  improving  both  precision  and
semantic coverage.

 3.4 Qualitative results on simulated task-oriented clinical
scenarios

We  analyzed  the  generated  responses  of  the  four  model
categories  across  the  clinical  scenarios  detailed  in  Sup-
plementary Table S2 − S5.

(i) General-purpose models (DeepSeek-V2 and GLM-
4-9B-Chat). In the symptom analysis (Supplementary Ta-
ble  S2)  and disease  treatment  (Supplementary  Table  S3)
tasks, these models generated lists of common herbs and
general lifestyle advice. However, the outputs lacked spe-
cific  TCM  diagnostic  terms  such  as  Bianzheng  or  Bingji.
When queried about Baizhi (Angelicae Dahuricae Radix)
in  the  herb  inquiry  task  (Supplementary  Table  S4),  they
provided basic indications but omitted critical details like
Guijing  (归经 ,  meridian  tropism)  and  contraindications
specific to patient’s constitutions.

(ii)  Domain-specific  model  [HuatuoGPT-II  (7B)].  In
the symptom analysis task, HuatuoGPT-II (7B) attributed
the symptoms to “hormonal changes” and included Pro-
gesterone  (a  Western  medication)  in  its  recommenda-
tion list. Similarly, for the hypertension scenario (Supple-
mentary Table S3),  it  suggested Losartan alongside TCM
formulas.  In the herb inquiry,  the output  included phar-
macological descriptions related to anti-inflammatory ef-
fects  based  on  modern  medical  terminology  rather  than
TCM-specific attributes.

(iii) Comparative fine-tuning strategy (freeze-tuning).
The  GLM-4-9B-Chat  (freeze-tuning)  generated  respons-
es containing TCM-specific terminology. For instance, in
the symptom analysis  task,  it  recommended the formula
Huanglian Jiedu Tang (黄连解毒汤). In the herb inquiry
task, the model provided traditional efficacy descriptions
but  did  not  provide  specific  dosage  modifications  or  tai-
lored recommendations for different TCM syndromes.

(iv)  QingNangTCM.  In  standard  clinical  tasks  (Sup-
plementary Table S2 − S4), QingNangTCM exhibited high
medical  accuracy and strict  adherence to the TCM theo-
retical  framework.  For  symptom  analysis  and  disease
treatment,  the  model  accurately  identified  core  TCM
pathologies, such as “liver Qi stagnation transforming in-
to fire” or “Yin deficiency with internal heat” for irritabili-
ty, and “liver Yang rising” with “Yin deficiency with Yang
excess” for  hypertension.  Correspondingly,  it  recom-
mended  targeted  formulas,  including  Danzhi  Xiaoyao
San (丹栀逍遥散), Yangyin Qingxin Tang (养阴清心汤),
Tianma Gouteng Yin (天麻钩藤饮), and Zhengan Xifeng
Tang  (镇肝熄风汤 ).  Furthermore,  the  model  provided
personalized  therapeutic  principles  and  lifestyle  guid-
ance  (e.g.,  dietary  adjustments  and  emotional  regula-
tion),  effectively  embodying  the  clinical  principles  of
Bianzheng  Lunzhi  (辨证论治 ,  syndrome  differentiation
and treatment) and Zhiweibing (治未病, preventive care).
Regarding  the  herb  Baizhi  (Angelicae  Dahuricae  Radix),
QingNangTCM  generated  precise  information  covering
properties,  Guijing,  and  common  uses.  It  also  provided
dosage instructions tailored to specific symptoms and de-
tailed  contraindication  warnings,  ensuring  both  com-
pleteness and safety in its clinical recommendations.

In the failure case analysis (Supplementary Table S5),
the  model  exhibited  specific  limitations  when  handling
rare  entities  and  complex  syndromes.  For  the  inquiry  of
rare  herb  Tianmingjing  (Carpesii  Herba),  the  model  in-
correctly described its efficacy as “dispelling wind and re-
lieving  cough” (restricted  to  respiratory  indications),
which  diverges  from  its  documented  TCM  functions  of
clearing  heat  and  cooling  blood.  Regarding  Piyuezheng
(脾约证, spleen bind syndrome), the model misclassified
the  pathology  as  general “spleen  deficiency”,  leading  to
recommendations  focusing  on “spleen-strengthening”
that  failed  to  address  the  syndrome’s  core  pathogenesis
of fluid depletion and intestinal dryness.

 

Table 3   Ablation study results of QingNangTCM under different hyperparameter configurations

Hyperparameter setting METEOR ROUGE-1 ROUGE-2 ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4

Epoch = 1, LR = 1 × 10−4 0.134 0.220 0.118 0.240 0.353 0.265 0.107 0.031

Epoch = 3, LR = 1 × 10−4 0.195 0.331 0.143 0.267 0.398 0.289 0.117 0.056

Epoch = 4, LR = 1 × 10−5 0.106 0.248 0.088 0.198 0.238 0.122 0.066 0.022

Epoch = 4, LR = 1 × 10−4, tokens = 32 0.119 0.322 0.121 0.269 0.286 0.172 0.112 0.041

Epoch = 4, LR = 1 × 10−4, tokens = 64 0.218 0.368 0.157 0.299 0.425 0.298 0.137 0.064
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 4 Discussion

 4.1 Bridging the TCM knowledge gap in foundation mod-
els via the construction of QnTCM_Dataset

Comparative  analysis  indicates  that  general-purpose
large language models  exhibit  inherent  limitations when
applied to knowledge-intensive,  vertical  TCM tasks.  This
gap  stems  not  from  insufficient  linguistic  fluency,  but
from inadequate internalization of the structured knowl-
edge  schemas  that  underpin  TCM  reasoning.  Conse-
quently, general models tend to rely on surface-level lan-
guage patterns, resulting in constrained semantic consis-
tency and limited higher-order reasoning under domain-
specific  requirements.  These  limitations  are  particularly
evident  in  tasks  involving  fine-grained  TCM  knowledge,
such as Guijing and Peiwu Jinji (配伍禁忌, compatibility
contraindications), where responses often remain gener-
ic and lack well-supported etiological analysis and thera-
peutic justification.

In  contrast,  the  advantages  observed  in  Qing-
NangTCM  can  be  attributed  to  targeted  domain  knowl-
edge  injection  through  the  construction  of  QnTCM_
Dataset  rather  than  model  scale  or  architectural  differ-
ences.  By  introducing  aligned  concept–relation–expres-
sion signals,  the dataset facilitates more effective organi-
zation  of  domain  terminology  and  diagnostic  reasoning
pathways,  thereby  mitigating  domain-specific  knowl-
edge  sparsity.  More  broadly,  this  analysis  suggests  that
adapting  foundation  models  to  TCM  relies  less  on  in-
creasing  model  capacity  and  more  on  systematic  corpus
design and knowledge alignment, which are essential for
bridging  the  gap  between  general-purpose  language
models and specialized medical reasoning tasks.

 4.2 Reducing paradigm conflation and establishing clini-
cal professionalism via hybrid validation

Comparison  with  HuatuoGPT-II  (7B)  demonstrates  that
surface-level  text  coverage  alone  cannot  ensure  clinical
professionalism  in  TCM-oriented  language  models.
Training  on  mixed  biomedical  corpora  often  blurs  con-
ceptual  boundaries  between  traditional  and  modern
medical  systems,  leading  to  paradigm  conflation.  This
manifests  as  the  inappropriate  introduction  of  Western
medications or modern pharmacological explanations in-
to  TCM  contexts,  thereby  weakening  syndrome-treat-
ment coherence and reducing clinical specificity.

These  limitations  arise  primarily  from  data  composi-
tion  and  validation  strategy  rather  than  model  capacity.
When  heterogeneous  medical  paradigms  are  jointly  en-
coded  without  explicit  constraints,  models  struggle  to
maintain  a  consistent  diagnostic  logic,  particularly  in
safety-critical  settings  involving  contraindications  and

therapeutic  boundaries.  This  suggests  that  professional-
ism  in  TCM  applications  depends  less  on  linguistic  ade-
quacy  than  on  the  integrity  of  domain-specific  para-
digms.

In contrast, QingNangTCM benefits from a hybrid ex-
pert-automated  validation  framework  that  enforces
paradigm  purity  during  data  construction.  By  filtering
paradigm-mismatched  content  and  risk  signals  at  the
source,  the  model  preserves  syndrome-treatment  corre-
spondence  and  integrates  safety  awareness  within  a  co-
herent TCM framework. More broadly, this analysis indi-
cates  that  establishing  clinical  professionalism  in  medi-
cal  LLMs  requires  explicit  alignment  between  domain
knowledge,  validation  criteria,  and  intended  clinical
paradigms, rather than post hoc correction at the output
stage.

 4.3 Achieving deeper semantic alignment via P-Tuning v2
deep prompt tuning

Comparison  with  the  freeze-tuning  variant  highlights  a
fundamental  limitation  of  shallow  fine-tuning  strategies
in supporting deep semantic alignment for TCM reason-
ing. Updating only posterior layers may preserve surface-
level  textual  relevance,  but  it  fails  to  guide  reasoning
across  the  full  representational  hierarchy  of  the  model.
Consequently, such models tend to rely on term-level as-
sociations, resulting in limited consistency and weak syn-
drome-specific  treatment  adaptation,  which  constrains
their  ability  to  capture the logic  of  syndrome differentia-
tion.

In  contrast,  QingNangTCM  employs  P-Tuning  v2  to
perform  layer-wise  continuous  prompt  optimization  by
injecting  trainable  prefixes  into  all  Transformer  layers.
This  design  allows  domain  knowledge  to  influence  the
reasoning  process  throughout  the  model  depth,  rather
than being appended at the output stage. As a result, the
model  can  better  internalize  structured  causal  relation-
ships  in  TCM  reasoning,  such  as  the  progression  from
pathogenesis  to  treatment  principles,  instead  of  relying
on shallow statistical co-occurrence.

Further  analysis  indicates  that  the  effectiveness  of  P-
Tuning  v2  stems  from  sustained  representational  guid-
ance rather than isolated hyperparameter choices. Stable
deep  semantic  alignment  requires  sufficient  prompt  ca-
pacity combined with consistent optimization dynamics,
underscoring  deep  prompt  tuning  as  a  more  suitable
paradigm  for  domain  knowledge  integration  than  shal-
low  fine-tuning  methods  in  complex  medical  reasoning
tasks.

 4.4 Limitations and future work

From a practical  perspective,  QingNangTCM is  designed
to  support  several  common  TCM-oriented  tasks,
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including  herbal  medicine  inquiry,  symptom-oriented
reasoning,  and  disease-oriented  treatment  support.  In
these  settings,  the  model  provides  structured  informa-
tion  on  herbal  properties  and  syndrome-related  thera-
peutic  principles,  which  may  assist  information  retrieval
and  communication  in  routine  use.  The  model’s  re-
sponse  patterns  in  the  evaluated  scenarios  reflect  an  ex-
plicit  syndrome differentiation-oriented reasoning struc-
ture  and  are  relevant  to  educational  and  auxiliary  deci-
sion-support contexts.

Several limitations of the present study should be not-
ed.  First,  the  qualitative  analyses  are  conducted  using
simulated  clinical  scenarios  rather  than  real-world  pa-
tient cases,  and thus the findings do not constitute clini-
cal  validation.  Second,  the failure case analysis  indicates
that  the  model  can  produce  inaccurate  or  incomplete
outputs  when  queried  about  rare  medicinal  materials  or
complex  syndromes,  highlighting  challenges  associated
with  long-tail  knowledge  coverage.  Third,  the  model’s
outputs  depend  on  user-provided  inputs  and  should  be
interpreted as reference information rather than diagnos-
tic  or  therapeutic  decisions,  underscoring  the  continued
need for professional clinical judgment.

Future work will focus on expanding the diversity and
coverage  of  training  data,  refining  evaluation  protocols
under  more  varied  and  realistic  settings,  and  investigat-
ing  mechanisms  to  better  constrain  model  behavior  in
rare  or  ambiguous  cases.  Additional  directions  include
incorporating  structured  expert  feedback,  improving  in-
terpretability  of  reasoning  traces,  and  exploring  deploy-
ment scenarios that comply with relevant ethical and reg-
ulatory requirements.

 5 Conclusion

This  study  presents  QingNangTCM,  a  specialized  LLM
optimized for TCM through parameter-efficient fine-tun-
ing.  By  synergizing  the  systematic  construction  of  the
high-fidelity  QnTCM_Dataset  with  the  deep  semantic
alignment enabled by P-Tuning v2, the model significant-
ly surpasses both general-purpose baselines and existing
domain-specific models across critical dimensions of ac-
curacy,  coverage,  consistency,  safety,  professionalism,
and  fluency.  Comprehensive  evaluations,  spanning
quantitative metrics, hybrid expert-AI reviews, and simu-
lated  clinical  scenarios,  confirm  QingNangTCM’s  capa-
bility to deliver accurate, logically coherent, and clinical-
ly reliable responses. It effectively empowers core clinical
tasks, including syndrome differentiation, herbal inquiry,
and  treatment  planning,  serving  as  a  trustworthy  deci-
sion-making  support  tool.  Ultimately,  this  work  offers  a
robust  theoretical  and  technical  foundation  for  the  digi-
talization,  intelligent  modernization,  and  international
dissemination of TCM.
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QingNangTCM：一种面向中医领域的参数高效微调大语言模型

通旭明a, b†, 刘利岩b†, 袁艳红c, 丁晓征b, 贾慧茹b, 杨旭a, 严肇基d, 王涵e, 熊璋f, 王雅鹏a*

a. 澳门理工大学应用科学学院, 澳门 999078, 中国

b. 河北北方学院信息科学与工程学院, 河北 张家口 075000, 中国

c. 河北北方学院教务处, 河北 张家口 075000, 中国

d. 澳门理工大学机器翻译暨人工智能应用技术教育部工程研究中心, 澳门 999078, 中国

e. 香港中文大学医学院, 香港 999077, 中国

f. 北京航空航天大学计算机学院, 北京 100191, 中国

 
【摘要】目的  针对通用大语言模型在中医专业问答与临床推理中存在领域知识、专业对齐程度有限等问

题，构建一种面向中医应用场景的专用大语言模型 QingNangTCM。方法  构建了一个包含 10 万条样本的中

医领域语料库 QnTCM_Dataset，该语料库在整合 ShenNong_TCM_Dataset 和 SymMap v2.0 的基础上，引入

检索增强生成与角色驱动生成策略进行数据扩展，覆盖中医诊断问答、处方建议及中药知识等核心任务。以

GLM-4-9B-Chat 为基座模型，采用 P-Tuning v2 方法进行参数高效微调，得到 QingNangTCM 模型。本研究

建立了多维评测体系，从准确性、覆盖性、一致性、安全性、专业性与流畅性等方面进行综合评估，采用双

语评估替补（BLEU）、面向召回的摘要评估研究（ROUGE）、机器翻译评估的度量（METEOR）等自动指

标，并结合基于专家校验的 LLM-as-a-Judge 评测方法。同时设计症状分析、疾病诊疗、中药查询和失败案

例四类模拟临床场景开展定性分析，并与 GLM-4-9B-Chat、DeepSeek-V2、HuatuoGPT-II（7B）及 GLM-4-

9B-Chat（freeze-tuning）模型进行对比。结果  QingNangTCM 在 BLEU-1/2/3/4（0.425/0.298/0.137/0.064）、

ROUGE-1/2（0.368/0.157）及 METEOR（0.218）指标上均取得最优表现，在准确性、覆盖性与一致性维度

上的归一化综合性能达到 0.900。尽管其 ROUGE-L 指标（0.299）略低于 HuatuoGPT-II（7B）（0.351），

但在专家验证的专业性与安全性胜率评估中分别达到 86% 和 73%。定性分析显示，该模型能够较好遵循“症

状−证候−病机−治法”的中医诊疗推理链条，但在处理罕见中药及复杂证候组合时仍存在一定误判与幻觉现

象。结论  通过将中医领域语料构建与参数高效的提示微调方法相结合，可增强大语言模型在中医相关任务

中的推理与领域适配能力。相关工作为中医知识的数字化与智能化提供了一种技术框架，对辅助中医诊疗与

教育具有一定的应用价值。

【关键词】大语言模型；中医；微调；P-Tuning v2；临床决策支持
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