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Abstract

The rapid proliferation of large language models (LLMs) in medicine highlights their potential to revolutionize research
in Traditional Chinese Medicine (TCM). While these models have shown great promise in assisting TCM practitioners
by answering herb-related questions, generating syndrome-differentiation reports, and recommending classical
formulas, a persistent challenge that arises is the issue of hallucination, where LLMs might produce content that
appears plausible yet inaccurate. This issue has received limited attention within the context of TCM research,
leaving a significant gap in understanding how hallucination manifests within the unique theoretical frameworks
and diagnostic principles. Motivated by this phenomenon, we present TCMPHal, the first dataset specifically
curated for hallucination detection in TCM pharmacy, comprising 10,000 high-quality question-answer pairs with
hallucination annotations. Our experimental results across diverse LLMs, under standard, knowledge-based, and
search engine-augmented conditions, demonstrate the capabilities and limitations of these models. A notable
observation is that, for thinking LLMs, incorporating search engine results yields minimal improvement over their
intrinsic reasoning abilities. We further conduct an in-depth error analysis, paving the way for future research
directions in this domain. We release the TCMPHal dataset at https://github.com/hanninaa/TCMP.
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from modern medical imaging (Gan et al., 2025),
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Chen et al., 2025). These datasets, however, are
not suited to capture the distinct theoretical con-
structs (e.g., Jun-Chen-Zuo-Shi) and diagnostic
logics in TCM (see Figure 1), creating a significant
gap in hallucination detection in this field. Moreover,
when constructing datasets for hallucination detec-
tion, selecting appropriate references for creating
hallucinated examples is critical, as the choice of
reference directly determines the semantic plausi-
bility and clinical realism of the synthesized halluci-
nation samples. Inappropriate reference selection,
such as pairing conceptually unrelated syndromes
or incompatible treatment principles, can lead to
trivial or uninformative hallucinations that fail to re-
flect the nuanced reasoning errors typically made
by LLMs in real diagnostic scenarios.

Motivated by this gap, we introduce TCMPHal,
the first dataset tailored for Hallucination detection
in TCM Pharmacy. It consists of 10,000 question-
answer (QA) pairs, with each question paired with
a correct and a hallucinated response. To se-
lect appropriate hallucinated references and con-
struct high-quality samples, we build an automated
pipeline based on the TCMChat dataset (Dai et al.,
2024), as depicted in Figure 2. Given a multiple-
choice question alongside both correct and incor-
rect answers, we construct a hallucinated sample
by embedding the incorrect answer into the cor-
rect answer, thereby introducing subtle inaccura-
cies using a powerful LLM, GPT-4.1. Conversely,
a correct sample is derived by expanding the cor-
rect answer. This construction method facilitates
the evaluation of models and frameworks in de-
tecting hallucinations while ensuring that perfor-
mance on accurate samples remains uncompro-
mised. We conduct comprehensive experiments on
both non-thinking (e.g., GPT-4.1 and DeepSeek-V3
(Liu et al., 2025)) and thinking models (e.g., Qwen3
(Yang et al., 2025) and GLM-Z1) across three
different settings: (1) standard setting, which di-
rectly detects hallucination via prompt engineering,
(2) knowledge-based setting, which leverages the
most relevant domain knowledge, and (3) search
engine-augmented setting, which retrieves multiple
results from search engine tools. Experimental re-
sults reveal that existing models fall short in halluci-
nation detection within the TCM pharmacy context,
significantly lagging behind human performance,
and that search engine results bias thinking mod-
els toward making them more prone to classifying
non-hallucinated output as hallucinated.

The key contributions of this work can be sum-
marized as follows:

+ We present TCMPHal, the first dataset specifi-
cally designed for hallucination detection within
the TCM pharmacy context, containing 10,000
QA pairs with correct and hallucinated re-
sponses.

» We develop an automated pipeline to gener-
ate high-quality samples, inserting hallucina-
tions and expanding correct answers based
on multiple-choice questions.

+ We perform extensive experiments with cur-
rent LLMs, providing detailed error analysis to
underscore their limitations within this domain,
offering valuable potential avenues for future
model improvements.

2. Related Work

Traditional Chinese Medicine (TCM). With the
increased global recognition of TCM, its integration
with NLP has seen sustained progress. TCM-SD
(Mucheng et al., 2022) centers on syndrome dif-
ferentiation, a core component of the TCM diagno-
sis and treatment. TCMBench (Yue et al., 2024)
comprises the TCM-ED dataset sourced from the
TCM Licensing Exam. TCMChat (Dai et al., 2024)
develops an LLM through pre-training and super-
vised fine-tuning on extensive TCM text corpora
and question-answering datasets. While valuable,
these datasets and models primarily focus on TCM
knowledge, yet they fail to address the hallucination
problem, which is widely recognized as one of the
most critical challenges in current research.

Medical Hallucination Detection. Early efforts
of hallucination detection have primarily concen-
trated on general-domain texts (Li et al., 2023,
2024). Recently, there has been a shift towards cre-
ating specialized hallucination datasets within the
medical context. MedHalu (Agarwal et al., 2025)
is constructed through various QA pairs, with the
focus limited to health queries. MedHallBench
(Zuo and Jiang, 2025) leverages medical literature
databases to collect scenarios. Med-HALT (Pal
et al., 2023) is a multinational dataset from reason-
ing and memory perspectives, but does not explore
its manifestation across diverse medical contexts.
Others like MedHal (Mehenni et al., 2025), CMHE
(Dou et al., 2024), and MedHallu (Pandit et al.,
2025), also evaluate LLMs’ ability to detect hallu-
cinations. However, most of these initiatives are
centered on modern medicine, with limited atten-
tion on TCM. Unlike previous work, we focus on
hallucination detection in TCM pharmacy, present-
ing the first dataset along with a comprehensive
analysis of current LLMs’ performance.

Hallucination Detection Approaches. Halluci-
nation detection involves the process of recognizing
content that is not factual or unverifiable. Recent
methods mainly focus on using internal or exter-
nal knowledge to enhance models’ ability. Many
efforts leverage large, publicly available knowledge
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Figure 2: Overview of the dataset construction pipeline, for which we propose deliberate methods for
collecting hallucinated (Hallucination Generation) and non-hallucinated (Ground Truth Expansion) samples.

bases (KBs), such as FAVA (Mishra et al., 2024),
or utilize Retrieval-Augmented Generation (RAG;
Augenstein et al., 2024; Rakin et al., 2024; Singal
et al., 2024) as guidance. However, this approach
faces a significant limitation when applied to spe-
cialized domains. Specifically, Wikipedia and most
other common knowledge bases lack the compre-
hensive, structured data required for TCM-related
knowledge retrieval. To overcome this knowledge
deficit and the constraints of static KBs, an increas-
ing number of studies have shifted to deploying
search engines (Li et al., 2025a,b). Despite this
emerging trend, the highly specialized and sensi-
tive medical domain has been largely underserved.
In our work, we build upon these observations and
compare the utility of multiple knowledge sources,
from relevant knowledge to search engines, so as
to bypass the static constraints of conventional KBs
and the low efficiency of manual data collection.

3. Dataset Construction

Figure 2 presents the overall pipeline for construct-
ing the TCMPHal dataset, developed through a
streamlined three-stage process: question type
change, hallucination generation and ground truth
expansion, facilitated by the use of an LLM, GPT-
4.1. In this section, we provide a detailed overview
of each step.

3.1. Data Generation Pipeline

Data Collection. We begin by collecting TCM
QA pairs from the existing TCMChat dataset (Dai

et al., 2024), where each question is formulated
as a multiple-choice question, complete with an
answer and its corresponding explanation. Since
incorrect answers are often designed to mislead di-
agnosis—appearing plausible yet inaccurate, much
like hallucinations—such responses are well-suited
for generating hallucinated samples. Consequently,
each sample in TCMChat D; is defined as follows:

Di = {Qi7Gi7wi7Ei}a (1)

where Q;, G;, E;, and w; represent the question,
ground truth, explanation, and a randomly selected
incorrect answer, respectively. We sample 10,000
QA pairs to build our dataset.

Hallucination Generation involves creating a
hallucinated response H; for each sample D, that
mixes correct and incorrect information by prompt-
ing the LLM, conditioned on the instruction I that
requests the imperceptible combination of both. As
shown in Figure 3, the content of the prompt in-
cludes a role setting, three key requirements, and
in-context examples. This process can be formally
described as follows:

H; = LLM(Q;, Gi, wi, I ), (2)

which enables the construction of a set of positive,
hallcinated samples necessary for rigorous evalua-
tion of factual integrity.

Ground Truth Expansion is designed to produce
accurate responses, preventing LLMs from mistak-
enly labeling all inputs as hallucinations. In this
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Benchmark \ Hallu. Know. Language Source Quantity Scenario
BiQA (Lamurias et al., 2020) X - English Clinical Records 14,239 Biomedical
CliMedBench (Ouyang et al., 2024) X - Chinese EHR, NMLEC, Books 33,735 Clinical
K-QA (Manes et al., 2024) X - English Medical Records 1,212 Clinical
TCMBench (Yue et al., 2024) X - Chinese TCMLE 5,473 TCM
CMHE (Dou et al., 2024) v X Chinese CMD, cMedQA2 42,198 Clinical
MedHallu (Pandit et al., 2025) v 4 English PubMedQA 10,000 Clinical
TCMPHal | v v Chinese TCMChat 10,000 TCM

Table 1: Comparison of TCMPHal against existing medical datasets. “Hallu.” denotes whether the
dataset is for hallucination detection, whereas “Know.” means whether external knowledge is included for

hallucination detection.

Role Setting

RE—A B BV 2 hE &5, Hm 2R L%
B REG IR ITCAE R A D A A R [

You are a confident and authoritative expert in creating
hallucinations [...]

Key Requirements

1. REMBRE, BASHEMNENHE, KORERE
B & TobsmtA . (Avoid using obvious transitional
words such as “though” and “although,” and
seamlessly integrate the illusory answer with the
correct one.)

2. g JSON, £I-8hallucination generation
FBt. (The output format must be JSON and include
the "hallucination generation” field.)

3. MEAPSCmIE . AEWEE, REHREHAMIEREL .
(Answer in Chinese. Don't be verbose and don’t
return any irrelevant information.)

In-context Examples

Figure 3: Prompt example for constructing halluci-
nated examples.

process, we remove the incorrect answer and gen-
erate an expanded, correct response G, for D;
conditioned on the instruction Ig:

Gg, = LLM(Q, Gi, Ig), (3)

which establishes a set of negative examples with-
out hallucination. Overall, our methodology utilizes
an interrogative question format in TCM principles,
combined with carefully constructed positive and
negative examples. This strategy effectively miti-
gates the ambiguity inherent in hallucination detec-
tion, relying solely on simple prompting or open-
ended generation instructions, thereby ensuring
the reliability of the constructed dataset.

3.2. Dataset Characteristics

Overall Statistics. Table 1 presents a compar-
ison of TCMPHal with existing medical datasets
across six key dimensions. Notably, TCMPHal dis-

19%

51%

30%

Drug Indications and Efficacy
Drug Classification and Mechanism

Drug Ingredients and Formula

Figure 4: Distirbution of question types in the TCM-
PHal dataset.

tinguishes itself as the first hallucination detection
dataset for TCM pharmacy, featuring 10,000 sam-
ples with a balanced distribution of correct and
hallucinated responses. Besides,the 10,000 ques-
tions within our dataset comprehensively cover core
knowledge points across the specialized TCM phar-
macy domain. The questions are systematically
classified into three dimensions using GPT-4.1, as
shown in Figure 4: Drug Indications and Efficacy
(51%), Drug Ingredients and Formula (30%) and
Drug Classification and Mechanism (19%).

Data Quality. To maintain high data quality, we
randomly select 200 samples (each with correct
and hallucinated instances) for verification by do-
main experts, with payment and workload agreed
upon. Each expert must meet at least two of the
following key criteria: a comprehensive understand-
ing of TCM principles, an accredited TCM certifica-
tion, and extensive practical experience in clinical
or practical settings. Prior to involvement, they un-
derwent project-specific training and subsequently
assessed the accuracy of each response based
on their expertise in TCM principles. The dataset
achieved a correctness rate of 97%, indicating the
high quality of both the constructed dataset and the
underlying data construction pipeline.
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Model Standard Content R@5 R@3 R@1 C & R@5 \ AKc AKras
General-Purpose LLMs
GPT-4.1 0.70 0.83 0.73 0.74 0.73 0.79 0.13 0.03
GPT-4.1 mini 0.61 0.78 0.73 0.75 0.70 0.78 0.17 0.12
GLM-4-32B 0.51 0.67 0.67 0.67 0.65 0.71 0.16 0.16
DeepSeek-V3 0.64 0.87 0.72 0.72 0.71 0.80 0.23 0.08
Qwen3-30B-A3B 0.59 0.78 0.71 0.71 0.69 0.75 0.19 0.12
Qwen3-32B 0.64 0.80 0.72 0.72 0.69 0.79 0.16 0.08
Reasoning-Oriented LLMs
GLM-Z1-32B 0.73 0.86 0.72 0.71 0.68 0.76 0.13 -0.01
Qwen3-30B-A3B 0.69 0.88 0.72 0.72 0.69 0.79 0.19 0.03
Qwen3-32B 0.70 0.86 0.73 0.72 0.70 0.79 0.16 0.03

Table 2: Main evaluation results of LLMs on the TCMPHal dataset. “Standard" refers to detecting halluci-
nations relying solely on the QA pair and the task instructions. “Content” (C) denotes the incorporation of
knowledge content, and “R@:” (i € {1, 3,5}) refers to the inclusion of search engine results. A denotes
the performance increase under different settings. The best performances are highlighted in bold.

4. Experiments

4.1. Problem Definition

We define the hallucination detection task as fol-
lows: Given a question ¢ and a response r gen-
erated by an LLM, the objective is to determine
whether r contains hallucinated information, which
is framed as a binary classification problem. We
assess the performance across three different set-
tings: standard, knowledge-based, and search
engine-augmented settings.

Standard Setting. In the standard setting, hallu-
cination detection relies exclusively on the QA pair
and the task instruction Ig, as described below:

R =LLM(q,r, Is), (4)

where R € {yes, no} denotes the hallucination de-
tection result.

Knowledge-based/Search Engine-augmented
Settings. To enhance hallucination detection with
richer contextual knowledge, we propose integrat-
ing two types of supplementary information. First,
following MedHallu (Pandit et al., 2025), we incor-
porate the most relevant knowledge content asso-
ciated with the question, derived from the explana-
tions in TCMChat. Additionally, we leverage search
engine results, incorporating 1, 3, or 5 retrieved re-
sults related to the question. Formally, let & denote
the knowledge (either from explanations or search
results), the task can be defined as follows:

R =LLM(q,r k,Is), (5)

where R € {yes, no} denotes the hallucination de-
tection result.

4.2. Experimental Setup

We conduct comprehensive experiments on both
non-thinking and thinking LLMs on the TCMPHal
dataset. For non-thinking LLMs, we evaluate GPT-
41", GPT-4.1 mini, GLM-4-32B (Zeng et al., 2024),
DeepSeek-V3 (Liu et al., 2025), and Qwen3 models
(without thinking ability, Yang et al., 2025). We also
experiment with GLM-Z1-32B and Qwen3 mod-
els with reasoning abilities to assess the impact
of thinking on task performance. The temperature
setting varies from 0.2 to 1.3, selected based on
the recommended values of different models and
the requirements of the current scene. Evaluations
are conducted under the accuracy metric, based
on the entire dataset, as well as both positive and
negative samples.

4.3. Experimental Results

Tables 2 and 3 present the results of LLMs on the
TCMPHal dataset, positive examples and negative
examples. We also engage two professionals and
test human performance on a subset of the positive
dataset. From the tables, we have the following
observations:

(1) Current LLMs exhibit limitations in detecting
hallucinations within TCM pharmacy, with the top-
performing model, GLM-Z1-32B, still trailing behind
human performance. This can be attributed to the
inherent complexity of TCM and the extensive expe-
rience accumulated by human experts, underscor-
ing the necessity of the TCMPHal dataset. Among
the experimented models, GPT-4.1 and GLM-Z1-
32B demonstrate the highest performance across
non-thinking and thinking models. Furthermore,
while GLM-Z1-32B outperforms GLM-4-32B, the
reasoning process does not consistently contribute

"https://openai.com/index/gpt—-4-1/
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Model Standard Content R@5 R@3 R@1 C & R@5
Human Performance on Positive Samples
TCM Consultant 0.94 - - - - -
TCM Assistant Evaluator 0.85 - - - - -
General-Purpose LLMs

Pos. & Neg. Pos. & Neg. Pos. & Neg. Pos. & Neg. Pos. & Neg. Pos. & Neg.
GPT-4.1 0.76 | 0.64 0.84|0.82 0.88|0.58 0.88|0.59 0.88 | 0.57 0.89|0.59
GPT-4.1 mini 0.58|0.63 0.80|0.76 0.87|0.58 0.88|0.61 0.91]0.49 0.86 | 0.69
GLM-4-32B 0.15]0.87 0.46 | 0.87 0.74 | 0.60 0.730.60 0.72]0.57 0.750.66
DeepSeek-V3 0.52|0.75 0.880.86 0.910.52 0.91|0.52 0.92|0.49 0.92|0.67
Qwen3-30B-A3B 0.49|0.69 0.790.77 0.88 | 0.54 0.89|0.52 0.90 | 0.48 0.86 | 0.63
Qwen3-32B 0.68]0.65 0.690.81 0.930.48 0.93|0.46 0.920.40 0.91]0.56

Reasoning-Oriented LLMs

GLM-Z1-32B 0.80| 0.65 0.91 | 0.81 0.95|0.48 0.95 | 0.46 0.96 | 0.40 0.95 | 0.56
Qwen3-30B-A3B 0.86 | 0.52 0.90|0.86 0.95|0.48 0.95|0.48 0.96 | 0.41 0.95|0.62
Qwen3-32B 0.810.59 0.86 | 0.86 0.93|0.52 0.94 | 0.50 0.94 | 0.46 0.94 | 0.64

Table 3: Experimental results of LLMs on positive, hallucinated (Pos.) and negative, non-hallucinated
(Neg.) samples, respectively. “Standard" refers to detecting hallucinations relying solely on the QA pair
and the task instructions. “Content” (C) denotes the incorporation of knowledge content, and “R@:”
(i € {1,3,5}) refers to the inclusion of search engine results.

to improved hallucination detection, as evidenced
by the performance comparison of Qwen3 models.

(2) Leveraging external knowledge or search
engine results enhances hallucination detection
when processing hallucinated samples; however,
the search engine results demonstrate interfering
effects when it comes to non-hallucinated samples,
leading to a noticeable performance degradation
by compromising the model’s intrinsic judgment
capabilities. By analyzing the performance on non-
hallucinated and hallucinated samples, as shown
in Table 3, we find that this performance ceiling is
largely attributed to the disproportionate impact of
non-hallucinated samples, where the degradation
in performance on non-hallucinated items offsets
the gains achieved elsewhere, particularly among
thinking LLMs. We hypothesize that this divergence
arises from the adoption of a more conservative
decision boundary when the model processes and
integrates retrieved information. Specifically, in the
Figure 5, the model operating in the standard set-
ting correctly identifies the response as factual and
without hallucination. However, when operating
under the search engine-augmented setting, the
model’s internal thinking process exhibits height-
ened sensitivity, consequently leading to an in-
creased propensity to misclassify non-hallucination
samples as hallucinated.

4.4. Error Analysis

To point out directions for future research, we con-
duct a thorough error analysis and organize the
errors made by current LLMs into the following four
aspects, with examples shown in Figure 6:

TEHA 5o 5385 FHIF-IIR L v BRI

Which TCM syndromes are smokeless moxibustion strips suitable for?
TeMH 7 5% B2 PRI SEEAT i [-.]

Smokeless moxibustion sticks are mainly used for wind-cold-dampness
stagnation of muscles and bones [...]

Thinking for “Standard”

Thinking for "R@i"

Sy, BIUETEEAIH PR
ZREBEARREMIEL [ T
TARFAEA L RI—FIER, WHEI
RS, AHHZRBOR S FE G RS
AP ISR Bl 7 A SR B v
B — AN DL [ ] 28 5B 2 R 9tk
I, A LIBENE

(Okay, now | need to determine
whether the user’s answer contains
false or fabricated information. [...]
Smokeless moxibustion sticks, as a
form of moxibustion, may produce

T, JATEI RO E R
AR E AR L] R g
FGERE, TOHA 2 35 B 2 B4 e /e

[] S A AUAR . PRt

S E BAEHERAR A HE
F, WREEIEEMINA L] BRI R
AR JHRT REAE T SRR RIS, )8
FAWERAE Ko

(Okay, | need to determine whether the
user's answer contains non-factual or
fabricated information. [...] According
to the information provided,

smokeless moxibustion's indications
primarily focus on the [...] as well as
some other pain and gynaecological
issues. [...] the specific applications
mentioned in the answer may exceed
the scope of the provided information
and be inaccurate.)

less smoke, but their medicinal
ingredients are similar to those of
traditional moxibustion. Wind-cold-
dampness stagnation of tendons
and bones is indeed a common one
[...] The answer should be factual
and free of illusions.)

Figure 5: Thinking outputs of Qwen3-32B in stan-
dard and search engine-augmented setting, respec-
tively. The model fails to integrate retrieved informa-
tion effectively, making “hallucinated” conclusion
for this non-hallucinated sample.

Efficacy Overgeneralization. Models may be un-
able to detect overstated or misattributed drug effi-
cacies. Forinstance, as shown in the upper left part
of the Figure 6, the model erroneously classifies
a drug as a tonifying medicine. This underscores
the lack of deep, critical reasoning capabilities and
the absence of real-world, verified clinical trial data,
which are essential for distinguishing between valid
efficacy claims and exaggerated or unsupported
assertions.
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Efficacy Overgeneralization

08 B AL R R A 23 2
Which category does Tongxuan Lifei Granules belong to?
,\ T S L P R LR, PR, R LR PR,
= WA AR L Y, BRI R, DRI AE IR IR
NP AR HE 2, A PO 55 5 i o
Tongxuan Lifei Granules are mainly used to clear the lungs and
relieve cough, relieve asthma and resolve phlegm [...] At the
same time, their formula contains tonic ingredients, which can
replenish lung qi [...] weak lung qi.

V/x Prediction: 0 (No Hallucination)

Misapplied Categorization and Specialized Concepts

AEHRIELAL BT b, HRAHE T A2 62

What role does licorice play in the formula of Shufeng Huoluo Pills?

O HEAERPRGAT AR MAREL, R, G AEA L2 R 450

= RIES BRI AR WA P A2, b Bh 25 BT
o WM, HRAASETIEAPERIER, %55 LRI 2.
Licorice not only [..] Licorice also has the function of guiding the
meridians and harmonizing and is traditionally often classified as a
guiding drug.

Prediction: 0 (No Hallucination)

Unverified Drug Composition and Interaction

5277 R 5 A7 R s 2447
What Chinese medicinal materials are contained in compound bear
bile eye drops?
pa 5277 RENATHIRL R ) FE S AR B IR RIS BB 7 o RBIURS DAY
= e RO, MRREREEE WA BT 5125 BT, WEZSmE
HRFRA AR, 38 Bl ) R4 RATE o
The main ingredients of compound bear bile eye drops include
bear bile powder and platycodon grandiflorum fluid extract. Bear
bile powder is mainly [...] protect the eyes.

v, Py " .
Prediction: 0 (No Hallucination)

Cross-system Errors

S AG PR FH T VIR 1 i ?
What Western medical diseases are Shenshao Capsules suitable for?

pa ST R 5t oo o BRSO MU PR BIRRYT TR IR
S= AR SGEAARER A A B A A P TS Bz R bl D
AbRE, AT BT S L AR R e o
Shenshao Capsule [...] removing blood stasis and improving
microcirculation is also used in some clinical cases as an auxiliary
treatment for subcutaneous lumps caused by injection [...]

"/x Prediction: 0 (No Hallucination)

Figure 6: lllustration of the four error types: Efficacy Overgeneralization, Unverified Drug Composition
and Interaction, Misapplied Categorization and Specialized Concepts, and Cross-system Errors.

Unverified Drug Composition and Interaction.
Current models struggle to identify misapplications
of drug composition and interactions. For instance,
the model incorrectly includes “Jie-Geng-Liu-Jin-
Gao” in the upper right part of the Figure 6 as part
of the formulation. Identifying erroneous or harm-
ful drug-drug/herb-herb interactions requires more
than surface-level recognition but a deep under-
standing of pharmacological properties and poten-
tial conflicts.

Misapplied Categorization and Specialized Con-
cepts. Errors arise when the context surround-
ing TCM concepts (e.g., Jun-Chen-Zuo-Shi), which
may involve fabricated or inaccurately attributed
medicines. The lower left part of the Figure 6 shows
an example that the model incorrectly categorizes
a drug, highlighting its inability to align with intricate
TCM principles.

Cross-system Errors. LLMs are also difficult to
evaluate the use of TCM with the context of West-
ern medicine. As shown in the lower right part of
the Figure 6, the response incorrectly recommends
TCM herb for a condition based solely on a Western
diagnosis, neglecting the essential TCM principle
of pattern differentiation. This underscores the in-
ability of LLMs to identify misapplications that stem
from the fundamental differences between TCM
and Western medical frameworks.

5. Conclusion and Future Work

We introduce TCMPHal, the first dataset specifi-
cally designed for hallucination detection in TCM
pharmacy, consisting of 10,000 medical QA pairs,
with each question paired with a correct and a hal-
lucinated response. Experimental results under
standard, knowledge-based, and search engine
settings reveal the limitations of current LLMs in de-
tecting hallucinations within the TCM context. Build-
ing on this exploration in TCM pharmacy, our future
work will focus on developing a more comprehen-
sive dataset with broader aspects of TCM. We will
also design specialized models to effectively miti-
gate hallucinations in the future.

6. Limitations

We recognize the following limitations of our work:
(1) Since reasoning-oriented models such as GLM-
Z1-32B and Qwen3 models are included, our ex-
periments primarily focused on direct verification
methods, without exploring advanced prompting
techniques like Chain-of-Thought (CoT). (2) The
scope of the dataset is limited to the TCM phar-
macy. Future research could expand upon this by
constructing more comprehensive datasets encom-
passing a wider range of topics within TCM.
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7. Ethical Considerations

We discuss the following ethical considerations
related to our TCMPHal dataset: (1) Intellectual
property. The original TCMChat dataset is shared
under the GPL-3.0 license?, which is free for re-
search use. (2) Worker Treatments. We hired
human experts for data verification and human per-
formance with agreed payment and workload, in full
accordance with regional legal requirements. (3)
Intended Use. TCMPHal can be utilized to develop
and verify future models in hallucination detection
within the TCM pharmacy context. Researchers
can also inherit our dataset design to develop their
own datasets. (4) Risk Management. Since the
TCMChat and TCMPHal do not contain private infor-
mation and the dataset construction process does
not require making many judgments about social
risks, we believe TCMPHal does not introduce any
additional risks. We manually verified some ran-
domly sampled data to ensure the dataset did not
contain risky issues.
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