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Abstract

Background: Helicobacter pylori (H. pylori) infection is a global health issue, leading to a growing demand for medical
counseling. Large Language Models (LLMs) have the potential to serve as valuable auxiliary tools for medical counseling.
However, their performance in terms of accuracy, relevance, completeness, clarity, and reliability in providing H. pylori related
medical counseling within a Chinese-language context remains unclear.

Objective: This study aimed to evaluate the effectiveness of three LLMs: ChatGPT 3.5 turbo?OpenAI?, Kimi?Moonshot AI?,
and Ernie Bot 3.5(Baidu, Inc), in providing H. pylori related medical counseling in a Chinese context.

Methods: A total of 20 H. pylori related questions were included covering the following domains: definition and symptoms,
diagnosis, treatment and prevention. Each question was being asked three times in Chinese to each LLM. An evaluation team of
3 physicians assessed the responses using a Likert scale across 5 dimensions: accuracy, relevance, completeness, clarity, and
reliability, and came up with an overall assessment.

Results: A total of 20 H. pylori related questions were included covering the following domains: definition and symptoms,
diagnosis, treatment and prevention. Each question was being asked three times in Chinese to each LLM. An evaluation team of
3 physicians assessed the responses using a Likert scale across 5 dimensions: accuracy, relevance, completeness, clarity, and
reliability, and came up with an overall assessment.

Conclusions: This study is the first to evaluate the effectiveness of various LLMs in H. pylori related medical counseling in a
real-world setting. All the interactions were conducted in Chinese, not English, demanding a higher level of linguistic
comprehension. The study showed that while the LLMs generally performed acceptably in accuracy, relevance and
completeness, their clarity and reliability were less satisfactory. Kimi and Ernie Bot, both developed by Chinese companies,
outperformed ChatGPT in some aspects of medical counseling in Chinese language. With the guidance of professionals, LLMs
can serve as potential aids for medical counseling.
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Abstract
Background 

Helicobacter pylori (H. pylori) infection is a global health issue, leading to a
growing demand for medical counseling. Large Language Models (LLMs) have
the  potential  to  serve  as  valuable  auxiliary  tools  for  medical  counseling.
However,  their  performance  in  terms  of  accuracy,  relevance,  completeness,
clarity, and reliability in providing H. pylori related medical counseling within a
Chinese-language context remains unclear.
Objective

This study aimed to evaluate the effectiveness of three LLMs: ChatGPT 3.5
turbo（OpenAI）, Kimi（Moonshot AI）, and Ernie Bot 3.5(Baidu, Inc), in providing H.
pylori related medical counseling in a Chinese context.
Methods

A total of 20 H. pylori related questions were included covering the following
domains: definition and symptoms, diagnosis, treatment and prevention. Each
question was being asked three times in Chinese to each LLM. An evaluation
team of  3  physicians  assessed  the  responses  using  a  Likert  scale  across  5
dimensions:  accuracy,  relevance,  completeness,  clarity,  and  reliability,  and
came up with an overall assessment. 
Results

1. The overall distribution of good, medium and poor performance across all
models was 33.3% (60 instances), 66.1% (119 instances) and 0.6% (1 instance),
respectively.  There  was  no  significant  difference  between  the  three  LLMs
(P=0.12).

2.Good  performance  was  observed  in  47.8%  (86  instances)  for
accuracy ， 53.9%  (97  instances) for  relevance, 68.9%  (124  instances) for
completeness ， 36.7% (66 instances) for clarity and 36.1% (65 instances) for
clarity.  While  the  three  LLMs  showed  no  significant  differences  in  accuracy,
relevance,  completeness  and  clarity.  A  significant  difference  was  noted  in
reliability (P＜0.001),with Ernie Bot performing the best.

3. Ernie Bot outperformed the others in the diagnosis domain, while all three
LLMs showed comparable performance in definition and symptom, treatment
and prevention.

4.  Kimi  and  Ernie  Bot demonstrated  stable  outputs, whereas  ChatGPT
exhibited less consistent performance.
Conclusion 

This study is the first to evaluate the effectiveness of various LLMs in H.
pylori  related medical  counseling  in  a  real-world  setting. All  the  interactions
were conducted in Chinese, not English, demanding a higher level of linguistic
comprehension.  The  study  showed  that  while  the  LLMs  generally  performed
acceptably in accuracy, relevance and completeness, their clarity and reliability
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were  less  satisfactory.  Kimi  and  Ernie  Bot,  both  developed  by  Chinese
companies,  outperformed ChatGPT in some aspects of  medical  counseling in
Chinese  language.  With  the  guidance  of  professionals,  LLMs  can  serve  as
potential aids for medical counseling.
Keywords: 

artificial intelligence; large language model; medical counseling; Helicobacter
pylori

Introduction
H. pylori infection is a global health concern, with prevalence varying widely

across countries, ranging from 20% to 50% in high-income countries to more
than 80% in  some low-income countries[1].  H.  pylori  infection  causes  chronic
gastritis  and increases  the  risk  of  peptic  ulcer,  gastric  cancer,  and mucosa-
associated lymphoid tissue lymphoma[2]. In 2020, gastric cancer accounted for
more than 1 million new cases and approximately 770 000 deaths, with China
alone accounting for approximately half of these new cases [3].Concerns about H.
pylori infection are rising among the Chinese population, leading to increased
demands  for  medical  counseling.  The  high  prevalence  of  H.  pylori  infection
poses a substantial challenge to public health, largely due to a lack of health
awareness and education. Health education not only affects individual health
outcomes, but also has a broader socioeconomic impact.

Medical  counseling  plays  an  important  role  in  facilitating  communication
between  patients  and  healthcare  professionals,  enabling  patients  to  better
understand  their  health  status  and  make  informed  health  management
decisions.  The  shortage  of  professionals  leads  to  the  inefficiency  of  health
counseling and disease screening. How to meet the rapid growth of people's
health management needs is an urgent problem to be solved.

LLMs  are  artificial  intelligence  models  trained  on  extensive  amounts  of
textual  data  to  generate  human-like  responses.  LLMs  have  been  utilized  in
various  medical  applications,  from  answering  health  inquiry  to  generating
clinical reports[4,  5]. With continuous improvements, LLMs show great promise in
enhancing healthcare delivery.

The Superbench Large Model Comprehensive Capability Evaluation Report
jointly released by the Basic Model Research Center of Tsinghua University and
Zhongguancun  Laboratory  provided  an  open,  dynamic,  scientific  and
authoritative  evaluation  of  large  models  based  on  five  benchmarks
(ExtremeGLUE， NaturalCodeBench, AlignBench, AgentBench and safetyBench).
The report  affirmed the ability  of  LLMs to understand inputs and generating
outputs  stably,  and  indicated  that  LLMs  developed  by  Chinese  companies
outperform  their  foreign  counterparts  in  a  Chinese  setting. In  practice,  the
performance  of  LLMs  has  also  been  found  to  be  language-dependent  [6]. In
addition, caution is warranted regarding the phenomenon known as “artificial
intelligence (AI) hallucinations”[7].
  Given the potential of LLMs in healthcare communication, this study aimed to
evaluate the performance on H. pylori  related medical counseling in Chinese
language.

Methods
Data source and study design
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    Data generation for this study was conducted in August 2024. Based on the
March 2024 edition of the Superbench Large Model Comprehensive Capability
Evaluation  Report,  we  selected  three  well  performed  LLMs:  ChatGPT  3.5
turbo（OpenAI）, Kimi（Moonshot AI）, and Ernie Bot 3.5(Baidu, Inc)，with the latter
two developed by Chinese companies and designed for the Chinese language.

Three  board-certified  physicians  participated  in  the  study.  Based  on  an
overview of the clinical guidelines for H. pylori and personal experiences during
face-to-face, telephone, and doctor-patient news portal interactions, we selected
20  questions  covering  four  domains:  definition  and  symptoms,  diagnosis,
treatment and prevention.
Response generation and grading

The 20 questions were compiled into a set and then presented three times to
each LLM. The answers generated from each set of questions were labeled as
iterations A, B, and C. We analyzed the results of three iterations to evaluate the
consistency of LLM responses. All browsing data, including cookies, was cleared
after each iteration to avoid bias from correlation interference. 

All evaluations were guided by the Sixth Chinese national consensus report
on the management of Helicobacter pylori infection (treatment excluded)[8] and
Management  of  Helicobacter  pylori  infection:  the  Maastricht  VI/Florence
consensus  report[9].  Responses  were  recorded  and  blindly  assigned  to  three
physicians who assessed them on the following five dimensions using a 5-point
Likert scale：

1.  Accuracy: This  dimension evaluates  whether  the  answer  is  completely
correct without factual errors. A score of 5 indicates that the answer is complete
accuracy without any errors; A score of 1 indicates that the answer contains
either critical errors or outright errors.

2.  Relevance:  This  dimension  evaluates  whether  the  answer  directly
addresses  the  question  and  does  not  deviate  from the  topic.  A  score  of  5
indicates that the response is completely related to the question; A score of 1
indicates that the answer that is irrelevant to the question or completely off
topic.

3.  Completeness: This  dimension  evaluates  whether  the  answer  is
comprehensive  and  covers  all  the  key  points  of  the  question.  A  score  of  5
indicates a thorough answer that covers all necessary information; A score of 1
means that the answer is incomplete and missing key information.

4. Clarity: This dimension evaluates how clearly the answer is expressed and
its ease of understanding. A score of 5 indicates the response is clear, well-
articulated, and easy for readers to understand; A score of 1 indicates that the
response is confusing or difficult to understand.

5. Reliability: This dimension evaluates whether the answer is credible based
on the quality of  the information or logical reasoning provided. A score of 5
reflects a highly reliable response grounded in trustworthy information or sound
reasoning.  A  score  of  1  indicates  low  confidence,  in  the  response  due  to
insufficient support, or poor logic.

Overall evaluation: The overall evaluation is derived comprehensively on the
above scores. An average score of 4 or above is classified as good, an average
score between 3 and 4 (not included) is classified as medium, and an average
score below 3 is classified as poor.
   All outputs were scored independently by 3 physicians with the average score

https://preprints.jmir.org/preprint/68692 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Zhang et al

used for model evaluation. In addition, the assessment of one of the physicians
were used to evaluate the stability of the LLMs by determining whether there
are differences among the three responses to the same question.

The  study  complied  with  the  ethical  standards  outlined  in  the  Helsinki
Declaration and complied with  national  regulations  in  their  respective  fields.
Since the study did not involve the use of human or animal data, it  did not
require approval from an ethics committee.
Data Analysis 
    SPSS 27.0 statistical software was employed for analysis. Categorical data
were described using frequency and percentage, tested by chi-square test or
Fisher’s  exact  probability  method.  A  repeated  measure  ANOVA was  used  to
evaluate  the  stability  of  the  three  LLMs,  respectively.  P<0.05  indicated  a
statistically significant difference.
Results
1.Overall evaluation: The average scores of the three LLMs for 60 answers to
20 questions were shown in Table 1. The overall distribution of good, medium
and poor performance was 33.3% (60 instances), 66.1% (119 instances) and
0.6% (1 instance), respectively. There were no significant differences among
the three LLMs (P=0.12).

Table 1：
good(score≥4) medium （3≤score

＜4）
poor（score＜3）

Kimi 19（31.7%） 41（68.3%） 0（0%）
Ernie Bot 26（43.3%） 34（56.7%） 0（0%）
ChatGPT 15（25%） 44（73.3%） 1（1.7%）

2.Sub-index evaluation：
2.1 Accuracy
The  accuracy  scores  of  the  three  LLMs  were  shown  in  Table  2,  with  no

significant differences (P=0.422). The overall distribution of good, medium and
poor performance was 47.8% (86 instances), 51.1% (92 instances) and 1.1% (2
instances), respectively.

Table 2
good(score≥4) medium （3≤score

＜4）
poor（score＜3）

Kimi 27（45%） 33（55%） 0（0%）
Ernie Bot 32（53.3%） 28（46.7%） 0（0%）
ChatGPT 27（45%） 31（51.7%） 2（3.3%）
2.2 Correlation
The correlation scores of  the three LLMs were shown in  Table 3,  with no

significant differences (P=0.414). The overall distribution of good, medium and
poor performance was 53.9% (97 instances), 46.1% (83 instances) and 0% (0
instance), respectively. 

Table 3
good(score≥4) medium （3≤score

＜4）
poor（score＜3）

Kimi 28（46.7%） 32（53.3%） 0（0%）
Ernie Bot 34（56.7%） 26（43.3%） 0（0%）
ChatGPT 35（58.3%） 25（41.7%） 0（0%）

2.3 Completeness
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The completeness scores of the three LLMs were shown in Table 4, with no
significant differences (P=0.100). The overall distribution of good, medium and
poor performance was 68.9% (124 instances), 31.1% (56 instances) and 0% (0
instance), respectively.

Table 4
good(score≥4) medium （3≤score

＜4）
poor（score＜3）

Kimi 36（60%） 24（40%） 0（0%）
Ernie Bot 47（78.3%） 13（21.7%） 0（0%）
ChatGPT 41（68.3%） 19（31.7%） 0（0%）

2.4 Clarity
The  clarity  scores  of  the  three  LLMs  were  shown  in  Table  5,  with  no

significant differences (P=0.261). The overall distribution of good, medium and
poor performance was 36.7% (66 instances), 60.6% (109 instances) and 2.8%
(55 instances), respectively.

Table 5
good(score≥4) medium （3≤score

＜4）
poor（score＜3）

Kimi 26（43.3%） 32（53.3%） 2（3.3%）
Ernie Bot 24（40%） 34（56.7%） 2（3.3%）
ChatGPT 16（26.7%） 43（71.7%） 1（1.7%）

2.5 Reliability
The  reliability  scores  of  the  three  LLMs  were  shown  in  Table  6,  with

significant difference (P ＜ 0.001). The reliability of ERNIE Bot is better,  with a
good performance rate of 55%. The overall distribution of good, medium and
poor performance was 36.1% (65 instances), 56.7% (102 instances) and 7.2%
(13 instances), respectively.

Table 6
good(score≥4) medium （3≤score

＜4）
poor（score＜3）

Kimi 18（30.0%） 41（68.3%） 1（1.7%）
Ernie Bot 33（55.0%） 24（40%） 3（5%）
ChatGPT 14（23.3%） 37（61.7%） 9（15%）

3. The  performance  of  three  LLMs  in  four  different  domains  (definition  and
symptoms, diagnosis, treatment, prevention).
3.1 The performance on responses of the definition and symptoms part

was shown in Table 7, with no statistical difference among the three LLMs
(p=0.140).

Table 7
good(score≥4) medium （3≤score

＜4）
poor（score＜3）

Kimi 7（58.3%） 5（41.7%） 0（0%）
Ernie Bot 10（83.3%） 2（16.7%） 0（0%）
ChatGPT 5（41.7%） 7（58.3%） 0（0%）

3.2 The performance on responses of  the diagnosis  part  was shown in the
Table 8. There is a statistical difference(p=0.0.028), and ERNIE Bot performs
the best.
Table 8
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good(score≥4) medium （3≤score
＜4）

poor（score＜3）

Kimi 4（26.7%） 11（73.3%） 0（0%）
Ernie Bot 11（73.3%） 4（26.7%） 0（0%）
ChatGPT 5（33.3%） 10（66.7%） 0（0%）

3.3 The performance on responses of the treatment part was shown in
Table 9, with no statistical difference among the three LLMs (p=0.349).

Table 9
good(score≥4) medium （3≤score

＜4）
poor（score＜3）

Kimi 2（11.1%） 16（88.9%） 0（0%）
Ernie Bot 3（16.7%） 15（83.3%） 0（0%）
ChatGPT 0（0%） 17（94.4%） 1（5.6%）

3.4 The performance on responses of the prevention part was shown in Table
10, with no statistical difference among the three LLMs (p=0.346).
Table 10

good(score≥4) medium （3≤score
＜4）

poor（score＜3）

Kimi 6（40%） 9（60%） 0（0%）
Ernie Bot 2（13.3%） 13（86.7%） 0（0%）
ChatGPT 5（33.3%） 10（66.7%） 0（0%）

4．Output stability evaluation
Based on the assessment of one of the physicians, the stability of the three

responses from each LLM for every question was assessed. The results showed
that the outputs from Kimi and Ernie Bot were stable, while the outputs from
ChatGPT were different (p=0.014), indicating a lack of stability.

Discussion：
Overall,  the responses of  LLMs to H. pylori  related medical  counseling in

Chinese  were  acceptable,  providing  valuable  medical  guidance  to  general
public. However, their performance was not entirely satisfactory, which may be
linked to language factors. At present, most LLMs are still designed based on
English,  receiving  more  training  in  English  than  in  other  languages.  Studies
demonstrated that LLMs tend to perform better in English comprehension and
output compared to Chinese in medical  practice[6,  10]. Therefore,  we speculate
that LLMs designed based on Chinese language may have more advantages in
Chinese medical counseling. This study showed that LLMs developed by Chinese
companies outperformed GhatGPT in several aspects.

LLMs can potentially reduce costs while maintaining patient satisfaction and
medical efficiency, and they have broad application prospects in medical field[11].
However,  there  are  also  potential  risks  and  challenges,  such  as  ethical  and
social  impacts,  including  bias,  privacy,  misinformation  transmission,  AI
hallucinations[12] .

In this study, LLMs received high scores in terms of completeness. LLMs tend
to  output  all  relevant  content  and  provide  a  more  comprehensive  answer.
However, excessive information can lead to a decline in logical coherence and
clarity.  As  showed in  this  study,  LLMs performed unsatisfactorily  in  terms of
clarity, indicating that AI's linguistic competence is still not on pair with that of
humans. Although LLMs excel  at  formal  linguistic  competence (knowledge of
linguistic  rules  and  patterns),  their  performance  on  functional  linguistic
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competence (knowledge of linguistic rules and patterns) tasks remains spotty[13].
It  is  noteworthy  that  LLMs  performed  poorly  in  reliability.  Due  to  the

complexity of AI language models, interpretability and transparency are difficult
to ensure. Online health information sometimes can lead to the dissemination of
false  information,  possibly  endangering  individual  health[14].  The  tendency  of
LLMs  to  hallucinate  in  varying  degrees  in  both  content  and  references  is
disturbing[15-17]. During the scoring process, we also found instances where LLM
outputs  were  “imagined”  without  literature  and  data  support,  known  as  AI
hallucinations. How to identify and restrict hallucinations remains a significant
concern for professionals. Reasonable policies and regulations are necessary to
ensure the safe and effective application of LLMs in medical practice. Healthcare
professionals  can  play  an  important  role  in  integrating  AI  into  medicine[7],
emphasizing the need for professional oversight in the application of LLMs in the
medical field. 

In  conclusion,  LLMs  demonstrate  great  potential  in  medical  counseling,
although professional review and further evaluation are still required.
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