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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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1. Introduction

Traditional Chinese Medicine (TCM) is progres-
sively expanding beyond its Asian cultural bound-
aries, gaining widespread global recognition, and
serving as a key component of Complementary
and Alternative Medicine (CAM; Cohen and Hunter,
2017). However, its unique theoretical framework,
diagnostic techniques, and therapeutic principles
present considerable knowledge gaps for its cross-
cultural popularization. Large Language Models
(LLMs), known for their effectiveness in knowledge
representation and decision-making (Peng et al.,
2023; Ma et al., 2025), as well as their remarkable
success in general medical applications (Han et al.,
2024; Wang et al., 2025), hold significant potential
for advancing the accessibility and integration of
TCM (Lu, 2025), such as answering herb-related
questions, generating syndrome-differentiation re-
ports, and recommending classical formulas.

Despite their promise, the employment of LLMs,
especially in the medical domain, is challenged by
the phenomenon of “hallucination,” where models
may produce seemly plausible yet inaccurate or
fabricated information. While recent efforts have
been made to detect and mitigate this issue (Pandit
et al., 2025; Zuo and Jiang, 2025), this research
has focused predominantly on datasets derived

†Corresponding author.

咽速康气雾剂中的臣药是什么？
What are the auxiliary herbs in Yansukang Aerosol?

咽速康气雾剂的配方中，冰片作为臣药，协助主药清热解毒，增强药效，
同时部分现代文献也提及漏芦在配伍中起到辅助清热利咽的作用，因此
在某些版本的配方中，漏芦亦被视为重要的臣药之一。 
(In the formula [...]. Some modern literature also mentions that radix schoenensis 
plays an auxiliary role in clearing heat and relieving sore throats. [...].)

咽速康气雾剂中以冰片为臣药，因冰片具有清热解毒、开窍止痛的作
用，能够增强主药的疗效，协助主药更好地发挥消炎止痛、缓解咽喉
肿痛的功效，符合中医君臣佐使配伍原则。
(Borneolum is used as an auxiliary herb [...] effects, and relieve sore throats, 
conforming to the TCM principle of monarch, minister, assistant, and envoy 
compatibility.)

Theoretical Constructs

胃立康片适用于哪些西医疾病？
What Western medical conditions are Weilikang Tablets suitable for?

胃立康片在临床上主要用于巨球蛋白血症的辅助治疗，同时也有报道
其在妇科领域对流产后出血的调理有一定帮助。其成分中的活血化瘀
药物有助于改善血液循环，因此在流产后出血的恢复期也被部分医生
采用。
([...] post-abortion bleeding. The blood-activating and stasis-removing herbs in 
its ingredients help improve blood circulation [...].)

胃立康片适用于巨球蛋白血症，是因为其组方具有调节免疫、改善微
循环的作用，能够辅助改善该病因免疫异常导致的相关症状，符合中
医辨证施治与现代医学结合的用药原则。
(Weilikang Tablets are suitable for macroglobulinemia because its formula 
regulates the immune system [...] the principle of combining TCM’s syndrome 
differentiation and treatment with modern medicine.)

Diagnostic Logics

Figure 1: Correct and hallucinated examples within
the Traditional Chinese Medicine (TCM) scenario,
presenting distinct challenges in theoretical con-
structs and diagnostic logics.

from modern medical imaging (Gan et al., 2025),
or question-answering datasets (Jin et al., 2019;

https://github.com/hanninaa/TCMP
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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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② Hallucination Generation 

B. 解表药
B. Exterior-

releasing 
medicine

A. 泻下药
A. Laxative

C. 石膏
C. Gypsum

B. 川木通
B. Clematis

荆菊感冒片 [...] 其配方中含有部分具有轻泻作用的药材 [...]
Jingju Cold Tablets [...] However, the formula contains 

certain medicinal ingredients with mild laxative effects […]

① Question Type Change

牛黄上清软胶囊的配方中，[…] 川木通在清热利湿、通经活
络方面具有辅助效果 […]

In the formula of Niuhuang Shangqing Soft Capsules […] 
Clematis provides supportive effects in clearing heat, 

promoting diuresis, and unblocking meridians […]

牛黄上清软胶囊中
臣药是什么？

What is the active 
ingredient […]

③ Ground Truth Expansion

Multiple-
choice 

Question

Interrogative 
Question

GPT-4.1

Correct 
Answer

Incorrect 
Answer

Hallucinated 
Answer

Expanded 
Answer

荆菊感冒片属于解表药类别 [...] 符合解表药用于发散外邪、缓解表证的药理
特点。

Jingju Cold Tablets belong to exterior-resolving medicines [...] with the 
pharmacological characteristics of exterior-resolving medicines.

牛黄上清软胶囊以牛黄为君药，石膏为臣药。[...] 故选石膏为臣药。
Niuhuang Shangqing Soft Capsules use Niuhuang as the principal ingredient 

and gypsum as the ministerial ingredient [...] making gypsum an appropriate 
choice as the ministerial ingredient.

Question 1:
荆菊感冒片的类别是______

The category of Jingju Cold Tablets is ______

Question 2:
牛黄上清软胶囊中臣药是______

The active ingredient in Niuhuang Shangqing 
Soft Capsules is ______

Question 1:
荆菊感冒片的类别是什么？

What is the category of Jingju Cold Tablets?

Question 2:
牛黄上清软胶囊中臣药是什么？

What is the active ingredient in Niuhuang 
Shangqing Soft Capsules?

+ +

+

荆菊感冒片的类别
是什么？

What is the 
category of […]

B. 解表药
B. Exterior-

releasing 
medicine

C. 石膏
C. Gypsum

牛黄上清软胶囊中
臣药是什么？

What is the active 
ingredient […]

荆菊感冒片的类别
是什么？

What is the 
category of […]

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 Di is defined as follows:

Di = {Qi, Gi, wi, Ei}, (1)

where Qi, Gi, Ei, and wi 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 Hi for each sample Di that
mixes correct and incorrect information by prompt-
ing the LLM, conditioned on the instruction IH 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:

Hi = LLM(Qi, Gi, wi, IH), (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



6942

Benchmark Hallu. Know. Language Source Quantity Scenario
BiQA (Lamurias et al., 2020) ✗ – English Clinical Records 14,239 Biomedical
CliMedBench (Ouyang et al., 2024) ✗ – Chinese EHR, NMLEC, Books 33,735 Clinical
K-QA (Manes et al., 2024) ✗ – English Medical Records 1,212 Clinical
TCMBench (Yue et al., 2024) ✗ – Chinese TCMLE 5,473 TCM
CMHE (Dou et al., 2024) ✓ ✗ Chinese CMD, cMedQA2 42,198 Clinical
MedHallu (Pandit et al., 2025) ✓ ✓ English PubMedQA 10,000 Clinical
TCMPHal ✓ ✓ 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

In-context Examples

你是一个自信且权威的幻觉制造专家，目前需要你将幻觉

答案与真实事实无缝融合以生成幻觉融合解释 […]

You are a confident and authoritative expert in creating 

hallucinations […]

Key Requirements

1. 不要出现尽管，虽然等明显的转折词，将幻觉答案与

正确答案无缝融合。(Avoid using obvious transitional 

words such as “though” and “although,” and 

seamlessly integrate the illusory answer with the 

correct one.)

2. 输出格式必须为JSON，包含hallucination generation

字段。(The output format must be JSON and include 

the "hallucination generation" field.)

3. 使用中文回答。不要啰嗦，不要返回其他无关信息。

(Answer in Chinese. Don’t be verbose and don’t 

return any irrelevant information.)

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

process, we remove the incorrect answer and gen-
erate an expanded, correct response GEi for Di

conditioned on the instruction IE :

GEi
= LLM(Qi, Gi, IE), (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-

51% 

30% 

19% 

Drug Indications and Efficacy Drug Ingredients and Formula
Drug Classification and Mechanism

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.



6943

Model Standard Content R@5 R@3 R@1 C & R@5 ∆KC ∆KR@5

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” (i ∈ {1, 3, 5}) refers to the inclusion of search engine results. ∆ 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 q 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 IS , 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 k 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-
4.11, 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

1https://openai.com/index/gpt-4-1/

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 0.73 | 0.60 0.72 | 0.57 0.75 | 0.66
DeepSeek-V3 0.52 | 0.75 0.88 | 0.86 0.91 | 0.52 0.91 | 0.52 0.92 | 0.49 0.92 | 0.67
Qwen3-30B-A3B 0.49 | 0.69 0.79 | 0.77 0.88 | 0.54 0.89 | 0.52 0.90 | 0.48 0.86 | 0.63
Qwen3-32B 0.68 | 0.65 0.69 | 0.81 0.93 | 0.48 0.93 | 0.46 0.92 | 0.40 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 0.81 | 0.59 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”
(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:

好的，我现在需要判断用户提供的答
案是否包含不实或虚构的信息 [...] 无
烟灸条作为艾灸的一种形式，可能减
少烟雾，但其药效成分和传统艾灸类
似。风寒湿凝滞筋骨证确实是中医中
的一个常见 [...] 答案应该是事实性
的，没有幻觉内容。 
(Okay, now I need to determine 
whether the user‘s answer contains 
false or fabricated information. [...] 
Smokeless moxibustion sticks, as a 
form of moxibustion, may produce 
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.) 

好的，我需要判断用户提供的答案是否
包含非事实或虚构的信息 [...] 根据提供
的资料，无烟灸的适应症主要集中在 
[...] 一些其他疼痛和妇科问题。因此，
答案中的信息在世界知识中没有直接支
持，可能存在虚构内容 [...] 答案中的具
体应用可能超出了提供的资料范围，属
于不准确的信息。 
(Okay, I 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.) 

无烟灸条适用于哪些中医证候？ 
Which TCM syndromes are smokeless moxibustion strips suitable for? 
无烟灸条主要用于风寒湿凝滞筋骨证 [...] 
Smokeless moxibustion sticks are mainly used for wind-cold-dampness 
stagnation of muscles and bones [...] 

Thinking for “Standard” Thinking for “R@i” 

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. For instance, 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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复方熊胆滴眼液中含有哪些中药材？
What Chinese medicinal materials are contained in compound bear 
bile eye drops?

Prediction: 0 (No Hallucination)

Prediction: 0 (No Hallucination)

Efficacy Overgeneralization Unverified Drug Composition and Interaction

Misapplied Categorization and Specialized Concepts Cross-system Errors

通宣理肺颗粒属于哪种类别？
Which category does Tongxuan Lifei Granules belong to?

通宣理肺颗粒主要用于宣肺止咳，平喘化痰，属于止咳平喘剂，同
时其组方中含有补虚药成分，能够兼顾补益肺气，因此在部分临床
应用中也被归类为补虚药，适用于肺气虚弱导致的咳喘。
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.

Prediction: 0 (No Hallucination)

复方熊胆滴眼液的主要成分包括熊胆粉和桔梗流浸膏。熊胆粉以清
热解毒、明目为主，而桔梗流浸膏则有助于引药上行，增强药物在
眼部的渗透和吸收，两者协同发挥护眼作用。
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.

甘草在疏风活络丸中不仅调和诸药，缓和药性，还能辅助主药发挥疏
风活络的作用，因此在部分配伍理论中被视为佐药，协助主药增强疗
效。同时，甘草也具备引经和调和的作用，传统上常被归为使药。
Licorice not only [...] Licorice also has the function of guiding the 
meridians and harmonizing and is traditionally often classified as a 
guiding drug.

参芍胶囊主要用于冠心病心绞痛等心血管疾病的辅助治疗，同时其活
血化瘀、改善微循环的作用也被部分临床用于注射致皮下硬块的辅助
处理，有助于促进局部血液循环和硬块吸收。
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 [...]

Prediction: 0 (No Hallucination)

在疏风活络丸的配方中，甘草扮演了什么样的角色？
What role does licorice play in the formula of Shufeng Huoluo Pills?

参芍胶囊适用于哪些西医疾病？
What Western medical diseases are Shenshao Capsules suitable for?

Figure 6: Illustration 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 license2, 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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