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Quality safety and disparity of an AI
chatbot in managing chronic diseases:
simulated patient experiments

Check for updates

Yafei Si1, Yurun Meng2, Xi Chen3,4, Ruopeng An5, Limin Mao6, Bingqin Li7, Hazel Bateman8, Han Zhang2,
Hongbin Fan2, Jiaqi Zu2, Shaoqing Gong9 , Zhongliang Zhou2, Yudong Miao10, Xiaojing Fan2 &
Gang Chen1

The rapid development of AI solutions reveals opportunities to address the underdiagnosis and poor
management of chronic conditions in developing settings.Using themethodof simulatedpatients and
experimental designs, we evaluate the quality, safety, and disparity of medical consultation with
ERNIE Bot in China among 384 patient-AI trials. ERNIE Bot reached a diagnostic accuracy of 77.3%,
correct drug prescriptions of 94.3%, but prescribed high rates of unnecessary medical tests (91.9%)
and unnecessary medications (57.8%). Disparities were observed based on patient age and
household economic status, with older and wealthier patients receiving more intensive care. Under
standardized conditions, ERNIE Bot, ChatGPT, and DeepSeek demonstrated higher diagnostic
accuracy but a greater tendency toward overprescription than human physicians. The results suggest
the great potential of ERNIE Bot in empowering quality, accessibility, and affordability of healthcare
provision in developing contexts, but also highlight critical risks related to safety and amplification of
sociodemographic disparities.

The rapid development of AI solutions presents new opportunities to
address urgent challenges in the prevention and management of non-
communicable chronic diseases (NCDs) in low- and middle-income
countries (LMICs). NCDs are now leading causes of mortality and mor-
bidity worldwide, and are responsible for around 41 million (equivalent to
74%) global deaths in 20191. Among these, cardiovascular diseases (CVDs)
account for the largest proportion of deaths of 17.9million people2, followed
by chronic respiratory diseases (4.1 million)3. Of all deaths, 77% are in
LMICs4. Theprevalenceof chronic diseases is projected to continually rise in
LMICs due to rapid population aging and lifestyle changes5. However,
despite advancements in healthcare, many chronic conditions remain
underdiagnosed and poorly managed6,7, leading to excessive avoidable
deaths. The heightened likelihood of underdiagnoses and poor chronic
disease control is particularly concerning, especially among the more dis-
advantaged sub-populations living outside urban areas8.

One of themost important contributors to the disproportionately high
ratesofunderdiagnoses andpoormanagementofNCDs inLMICs is the fact

that a substantial proportion of primary care providers are less accessible,
affordable, and qualified6,9. In rural areas of India, three out of every four
people who seek primary healthcare use informal providers rather than
licensed doctors or formal clinics10. Studies in China have found that only
around one-quarter of NCD diagnoses and about one-third of medication
prescriptions by primary care practitioners were deemed accurate and
appropriate according to the standard clinical guidelines11–15. Developing
countries like Ghana, Kenya, and Vietnam face the same challenge16. It is
well documented that primary care practitioners outside the metropolis
often lack the necessary resources, training, and support to diagnose and
manageNCDs properly. This is further compounded by the severe shortage
of essential healthcare facilities and personnel in more rural areas17.

The emergence of generativeAIpresentsnewopportunities to improve
healthcare accessibility.Unlike traditional clinical decision-support systems,
many generative AI tools are freely available to the public and can provide
health-related information across geographic and institutional boundaries.
Agrowing bodyof researchhas demonstrated the effectiveness of generative
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AI in some CVDs18 and orthopaedic diseases19. Patients, the general public,
and health providers also favour the introduction of AI-powered healthcare
services20,21. However, to our knowledge, the performance of AI tools in
diagnosing andmanaging commonNCDs in primary care settings remains
scarce, especially in LMICs. In the absence of robust legal regulations and
professional safeguards, there are rising concerns about the safety and
ethical conduct of generative AI in patient interactions and clinical man-
agement processes22. This is particularly crucial in medical practices where
patient-centred decision-making is based on providing accurate, reliable,
and ethically safe information. To fill these gaps, this study evaluates the
quality, safety, and disparity of two common NCD consultations provided
by one of the most popular Chinese AI chatbots.

We used ERNIE (Enhanced Representation through kNowledge
IntEgration) Bot, officially released inAugust 2023, one of themost popular
AI chatbots in China (equivalent to ChatGPT used internationally),
developed by Baidu. By April 2024, ERNIE Bot has recorded over 200
million active users in China, ranking first in comprehensive capabilities
among China’s large language models (LLMs), significantly outperforming
the international average23. Compared tomodels like ChatGPT, ERNIE Bot
has been uniquely developed and optimized for the Chinese language and
cultural context. It is trained on a large-scale corpus that includes Chinese
medical literature, regulatory documents, and clinical guidelines, making it
particularly relevant for application in mainland China. ERNIE Bot is
regarded as surpassing the general chat functions of an ordinary bot as a
comprehensive platform to enable industry-quality AI-driven applications,
including inhealthcare,whereERNIEBot has demonstrated its competency
by passing the standardChineseNationalMedical LicensingExamination24.
However, its conversational capacity for medical consultations remains
unclear. These features position ERNIE Bot as a locally optimized but
globally significant case study for understanding AI in healthcare delivery
within LMICs.

To create a realistic testing environment like daily medical
consultations25, the Simulated Patients (SPs) method was applied to the
freely accessible version of ERNIE Bot 3.5. SPs are healthy individuals
trained to systematically represent patients’ key sociodemographic char-
acteristics, medical histories, and biomedical status to facilitate patient-
doctor communication during typical medical consultations. The SP
method has been widely recognized as a “gold standard” for quality eva-
luation, particularly for primary healthcare in LMICs16,26. In this study,
ERNIE Bot was designated as a doctor to offer medical consultation to the
trained SPs from our previous studies11,27,28. Each SP presented a primary
complaint (e.g., recent chest pain or shortness of breath) followed by pre-
defined, consistent responses to all subsequent inquiries posed by ERNIE
Bot. One complete SP-AI interaction was recorded as a trial. Two SPs were
trained to use predefined response scripts11,15 to ensure standardization
across trials. The scripts were created based on clinical guidelines and
validated by senior clinicians to ensure medical accuracy and completeness
(see Supplementary Note 1). To ensure standardization, all SPs underwent
structured training sessions, including script memorization, supervised
rehearsals, and pilot trials.

Health disparities embedded in health systems, but learnt by AI
chatbots, are also of interest in the study. First, gender, older age and
socioeconomic status are the most common sources of health disparities.
Second, like many LMICs, the urban-rural divide is a prominent feature in
China. Especially, peoplewithurbanHukouhavebetter access tohealthcare,
education, housing, and employment opportunities than their rural
counterparts29. Further, the Urban Employee Medical Insurance (UEMI)
scheme caters to current or retired employees of government agencies,
public or private enterprises, and institutions30,31. Comparedwith theUrban
and Rural Resident Medical Insurance (URRMI) scheme catering to
unemployed residents, the UEMI coverage is more comprehensive.
Although the Hukou system and health insurance schemes are specific to
China’s policy context, they exemplify broader patterns of institutional
inequality found inmanyLMICs—particularly thosewith segmented access
to public services and unequal healthcare entitlements. The Hukou system

captures institutionalized rural–urban disparities, which parallel
urban–rural divides in access to health and social services in countries such
as India, Indonesia, and Vietnam. Similarly, differential insurance coverage
reflects disparities in financial protection and healthcare entitlements, an
issue common in segmented or tiered health systems across LMICs.

Based on literature related to health disparities27,29,32,33, six patient-level
binary factors were used to assess variations in the AI-generated medical
consultations, including i) gender (women vs. men), ii) age (65 years vs. 55
years old), iii) registered Hukou category (urban vs. non-urban), iv) per-
manent residence (urban vs. rural), v) household economic status (poor vs.
rich), and vi) health insurance coverage (UEMI vs. URRMI). Following
common physician practice, SPs revealed their gender and age information
at the beginning of a consultation, the Hukou and residence information
during a consultation, and the household economic status and health
insurance coverage before the prescriptionofmedications.Weacknowledge
that only themost apparent patient traits and levels are included in the study
to simplify the experiments, althoughother factors are also important.These
six patient-level factors were randomly assigned to SPs, resulting in 64 (=26)
artificially manipulated scenarios.

The study is innovative in assessing the quality, safety, and disparity of
medical consultations provided by AI chatbots and offers several metho-
dological advantages. First, SPs allow for the creation of standardized sce-
narios in which disease conditions and relevant optimal care could be
predefined, enabling subsequentdirect comparisonofAI-generatedmedical
consultations against clinical guidelines. Second, SPs help ensure con-
sistency in symptom presentation by reducing unobservable variations
during doctor-patient communication. Third, SPs can record the entire
consultation process and outcomes in detail, minimizing the recall bias
inherent in traditional patient self-completed surveys. Fourth, because the
background medical history and SP responses are standardized, except for
deliberately varied patient traits, differences in outcomes should be attri-
butable to theAImodel rather than patient preferences or demands. Finally,
the SP method avoids exposing real patients to potential harm during the
evaluation ofAI-generated consultations. In the study,we trained twoSPs to
present the common diseases, i.e., unstable angina and asthma. These
conditions were selected due to their high burden among older adults and
their prior use in existing literature11,14,34.

Results
Datawere collected from thebeginningofDecember 2023 toApril 2024 (see
SP-AI interaction examples in Supplementary Note 3). Each disease con-
dition was presented to ERNIE Bot three times to increase the trial’s
robustness. New chats were created to ensure the AI did not carry over its
understanding from one trial to another. Out of the 64 independent SP
scenarios, afinal sample of 384 trials (=26*2*3)was generated, half (n = 192)
for unstable angina and the other half for asthma. All six traits were
orthogonally presented, with each trait level having 96 counts for each
disease. All SP-AI trials successfully generated experimental data for the
analysis. The Bot’s responses were cross-validated with the most recent
standard clinical guidelines to create four care quality and safety indicators.

Quality and safety indicators
Based on the 384 independent trials, overall ERNIE Bot completed 14.5%
(95% CI: 13.8–15.3%) of the standard full checklist items and 20.3% (95%
CI: 18.4–22.1%) of the standard essential checklist items. ERNIE Bot per-
formed better for unstable angina (full-17.6%, 95% CI: 16.6–18.6%; essen-
tial- 35.4%, 95% CI: 33.6–37.2%) than for asthma (full-11.5%, 95% CI:
10.6–12.3%; essential-5.1%, 95%CI: 4.1–6.1%). The detailed checklist items
for the two diseases are reported in Supplementary Note 4.

Despite such low-to-moderate levels of adherence to standard check-
lists, ERNIE Bot performedmuchmore satisfactorily in the last two quality
indicators overall, where correct diagnosis rates (77.3%, 95%
CI: 73.1–81.5%) and correct medication prescription rates (94.3%, 95%
CI: 91.9–96.6%) reached medium high-to-high. Here, ERNIE Bot per-
formed equally well for unstable angina (correct diagnosis-76.6%, 95% CI:
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70.5% - 82.6%; correct prescription - 94.8%, 95% CI: 91.6–98.0%) and
asthma (correct diagnosis - 78.1%, 95%CI: 72.2–84.0%; correct prescription
- 93.8%, 95% CI: 90.3–97.2%).

Regarding safety, on average, ERNIE Bot had requested 3.09 (95% CI:
2.96–3.23; range 0–7) lab tests andprescribed4.09 (95%CI: 3.89–4.30; range
0–14) medications. Among the 384 trials, ERNIE Bot reached alarmingly
high rates of requesting unnecessary lab tests (91.9%, 95% CI: 89.2–94.7%)
and prescribing inappropriate or even potentially harmful medications
(57.8%, 95% CI: 52.9–62.8%). For both disease conditions, ERNIE Bot
performed equally poorly. For unstable angina, ERNIE requested 3.09 (95%
CI: 2.91–3.27; range 0–7) lab tests and prescribed 3.97 (95% CI: 3.69–4.26;
range 0–12) medications. Among the 192 trials, 96.9% (95% CI:
94.4–99.4%) included unnecessary lab tests, and 52.6% (95% CI:
45.5–59.7%) included inappropriate medications. For asthma, ERNIE Bot
requested 3.10 (95% CI: 2.90–3.30; range 0–6) lab tests and prescribed 4.21
(95% CI: 3.91–4.51; range 0–14) medications. Among the 192 trials, 87.0%
(95% CI: 82.2–91.8%) included unnecessary lab tests, and 63.0% (95% CI:
56.1–69.9%) included inappropriate medications. The results are presented
in Table 1.

Influencesof the six patient-level factors: bivariable associations
As shown in Fig. 1, comparedwith SPs aged 55 years, for those aged 65 years
ERNIE Bot achieved a relatively higher correct diagnosis rate (82.3% vs.
72.4%; P = 0.021) and prescribed marginally more medications (4.26 vs.
3.92; P = 0.052); compared with poorer patients, for wealthier ones, ERNIE
Bot requested substantiallymore lab tests (3.26 vs. 2.93; P = 0.009) as well as
prescribed more medications (4.45 vs. 3.73; P < 0.001); in Supplementary
Fig. 4, compared to patients with URRMI health insurance coverage, for
those covered byUEMI, ERNIE Bot prescribed relativelymoremedications
(4.28 vs. 3.90; P = 0.030).

However, neither gender, residential Hukou registration, nor perma-
nent residence of the SPpatients had anydifferential influenceover the eight
performance indicators (Supplementary Figs. 1–3).

Influences of six patient-level factors: multivariable regression
model estimation
As shown in Table 2, ERNIE Bot performed better in achieving higher
correct diagnosis rates for the older SPs (aged 65 vs 55 years - 9.8%, 95%CI:
1.7% to 18.0%; P < 0.05). There was also a slightly increased possibility for
ERNIE Bot to requestmore lab tests 0.323, 95%CI: 0.059 to 0.587; P < 0.05)
and a substantially increased likelihood of prescribing more medications
(0.724, 95% CI: 0.327 to 1.121; P < 0.001) for the wealthier SPs. Again, no
performance variations were identified regarding SPs’ gender, residential
hukou registration, or permanent residential locations.

Further, compared with unstable angina, asthma was associated with
significantly lower adherence to the checklist (complete- −6.2%, 95% CI:
−7.5% to -4.9%; P < 0.001; essential-−32.1%, 95% CI:−34.5% to−29.6%;
P < 0.001). Interestingly, asthma was linked with a reduced likelihood of
unnecessary lab test requests (−10.2%, 95%CI: -16.2% to−4.2%;P < 0.001)
on the one hand but an increased possibility of inappropriately prescribed
medications (10.4%, 95% CI: 0.8% to 19.9%; P < 0.05) on the other.

Comparison of ERNIE Bot with China’s primary care providers,
ChatGPT, and DeepSeek
We conducted additional SP trials using the same clinical scenarios to
benchmark ERNIE Bot’s performance against healthcare providers and
other popular LLMs. These included consultations with primary care pro-
viders in Luohe, China, and two advanced LLMs: ChatGPT-4o and Deep-
Seek R1 (Table 3). We deliberately set up eight SPs in February 2025,
collecting 40 independent trials (20 for unstable angina and 20 for asthma)
for each comparator under the same case scenarios and standardized pro-
tocols. This design allows for a controlled, internally valid comparison
across human and AI-based care.

Primary care providers completed 26.1% (95% CI: 22.1–30.1%) of the
full checklist items and37.1% (95%CI: 27.9–46.4%)of the essential checklist
items. They achieved relatively low rates of correct diagnosis (25.0%, 95%
CI: 11.0–39.0%) and correct medication prescription (10.0%, 95% CI:
0.3–19.7%). In contrast, ChatGPT-4o completed 41.3% (95% CI:
39.3–43.4%) of the complete checklist and 53.3% (95% CI: 45.8–60.7%) of
the essential checklist, achieving high diagnostic accuracy (92.5%, 95% CI:
80.1–97.4%) and perfect prescription accuracy (100.0%, 95% CI:
100.0–100.0%). DeepSeek R1 performed similarly, completing 47.8% (95%
CI: 44.8–50.8%) of the complete checklist and 64.6% (95% CI: 56.1–73.1%)
of the essential checklist, with perfect scores in both diagnosis and medi-
cation prescription (100.0%, 95% CI: 100.0–100.0%).

Regarding safety indicators, primary care providers requested 2.78
(95%CI: 2.31–3.24) laboratory tests andprescribed0.65 (95%CI: 0.22–1.08)
medications on average. Unnecessary test orders were recorded in 35.0%
(95% CI: 19.6–50.4%) of cases, and inappropriate or potentially harmful
medications were prescribed in 20.0% (95% CI: 7.0–33.0%) of cases. In
comparison, ChatGPT-4o requested 3.65 (95% CI: 3.22–4.08) lab tests and
prescribed 5.50 (95% CI: 5.05–5.95) medications, with substantially higher
rates of unnecessary tests (92.5%, 95% CI: 80.1–97.4%) and inappropriate
prescriptions (67.5%, 95% CI: 52.3–82.7%). DeepSeek R1 exhibited similar
patterns, requesting 4.93 (95% CI: 4.41–5.44) lab tests and prescribing 5.92
(95% CI: 5.53–6.32) medications, with rates of unnecessary tests and
inappropriate medications reaching 100.0% (95% CI: 100.0–100.0%) and
60.0% (95% CI: 44.1–75.9%), respectively.

Table 1 | Quality and safety performance by ERNIE (N = 384)

Unstable angina
(n = 192)

Asthma
(n = 192)

Total
(n = 384)

Mean 95% CI Mean 95% CI Mean 95% CI

Quality indicators

% completion of the full checklists (0-1) 0.176 0.166, 0.186 0.115 0.106, 0.123 0.145 0.138, 0.153

% completion of the essential checklists (core, subset,
0-1)

0.354 0.336, 0.372 0.051 0.041, 0.061 0.203 0.184, 0.221

% Correct diagnosis (0-1) 0.766 0.705, 0.826 0.781 0.722, 0.840 0.773 0.731, 0.815

% Correct medication (0-1) 0.948 0.916, 0.980 0.938 0.903, 0.972 0.943 0.919, 0.966

Safety

No. of tests requested 3.09 2.91, 3.27 3.10 2.90, 3.30 3.09 2.96, 3.23

% Unnecessary test requested (0-1) 0.969 0.944, 0.994 0.870 0.822, 0.918 0.919 0.892, 0.947

No. of medication prescribed 3.97 3.69, 4.26 4.21 3.91, 4.51 4.09 3.89, 4.30

% Inappropriate medication prescribed (0-1) 0.526 0.455, 0.597 0.630 0.561, 0.699 0.578 0.529, 0.628

Note. Means and 95% confidence intervals (CIs) for binary and continuous variables.
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Fig. 1 | The quality and safety indicators of AI consultations by patient age and
household economic status. Note: Means and 95% confidence intervals (CIs) are
presented in red, including the distribution of all observations in blue dots; chi-

square tests were performed on binary and analysis of variance (ANOVA) for
continuous variables.

Table 2 | Influences of six patient-level factors on the quality and safety performance of the AI consultations

Quality indicators Full checklists Essential checklists Correct diagnosis rate Correct medication rate

dy/dx 95% CI dy/dx 95% CI dy/dx 95% CI dy/dx 95% CI

Asthma (ref: Unstable Angina) −0.062*** −0.075, −0.049 −0.321*** −0.345, −0.296 0.011 −0.071, 0.093 −0.010 −0.054, 0.034

Male (ref: female) −0.007 −0.020, 0.006 −0.005 −0.025, 0.015 −0.005 −0.088, 0.078 0.014 −0.030, 0.058

65 years old (ref: 55 years old) −0.001 −0.014, 0.012 0.018* −0.002, 0.038 0.098** 0.017, 0.180 0.032 −0.014, 0.078

Urban registration (ref: non-urban) 0.009 −0.004, 0.022 0.005 −0.015, 0.025 0.046 −0.036, 0.129 0.001 −0.045, 0.046

Urban residence (ref: rural) 0.009 −0.004, 0.022 0.011 −0.009, 0.032 0.013 −0.069, 0.096 0.010 −0.036, 0.055

Wealthier (ref: poorer) household
economic status

0.004 −0.009, 0.017 0.015 −0.005, 0.036 −0.023 −0.105, 0.060 0.020 −0.026, 0.065

UEMI (ref: URRMI) 0.008 −0.005, 0.021 −0.000 −0.021, 0.020 −0.057 −0.139, 0.026 −0.010 −0.056, 0.035

Safety indicators No. of lab tests requested Unnecessary requested lab
tests rate

No. of medications
prescribed

Inappropriate prescribed
medications rate

dy/dx 95% CI dy/dx 95% CI dy/dx 95% CI dy/dx 95% CI

Asthma (ref: Unstable Angina) 0.010 −0.254, 0.274 −0.102*** −0.162, −0.042 0.234 −0.162, 0.631 0.104** 0.008, 0.199

Male (ref: female) 0.094 −0.170, 0.358 0.024 −0.028, 0.076 −0.214 -0.610, 0.183 −0.063 −0.159, 0.034

65 years old (ref: 55 years old) 0.198 −0.066, 0.462 −0.003 −0.056, 0.050 0.339* −0.058, 0.735 0.093* −0.002, 0.189

Urban registration (ref: non-urban) 0.156 −0.108, 0.420 −0.001 −0.053, 0.051 0.089 −0.308, 0.485 −0.010 −0.108, 0.087

Urban residence (ref: rural) 0.156 −0.108, 0.420 0.004 −0.048, 0.056 −0.036 −0.433, 0.360 −0.033 −0.130, 0.064

Wealthier (ref: poorer) household
economic status

0.323** 0.059, 0.587 0.044 −0.009, 0.097 0.724*** 0.327, 1.121 0.083* −0.013, 0.180

UEMI (ref: URRMI) 0.073 −0.191, 0.337 −0.017 −0.068, 0.035 0.391* −0.006, 0.787 0.021 −0.076, 0.118

*p < 0.1, **p < 0.05, ***p < 0.01; Coefficients (dy/dx, all in absolute decimal points) and the 95% confidence intervals (CIs) estimated by the multivariable General Linear or Poisson Regression models.
UEMI Urban Employee Medical Insurance, URRMI Urban and Rural Resident Medical Insurance.
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Sensitivity analysis
Althoughphysicians andAI chatbotswere compared using the samequality
metrics,AI chatbotsmaybe advantageous by providingmore diagnoses and
drug prescriptions. To fully address this concern, we benchmark physicians
by using only thefirst diagnosis anddrug prescription fromAI chatbots.We
find the rates of correct first diagnosis and appropriatemedication dropped
only slightly but still substantially outperformed those of physicians in both
dimensions (Supplementary Table 1). In addition, despite the higher pre-
valence of unnecessary prescriptions in AI chatbots, we find their propor-
tion of unnecessary lab tests and medications was very comparable to
physicians (Supplementary Table 1).

Discussion
The rise of generative AI, exemplified by LLMs like ChatGPT and ERNIE
Bot, is transforming healthcare landscapes, especially in LMICs. These
regions, aided by the growing internet and smartphone access35, are
increasingly usingAI chatbots formedical consultation. This study provides
one of the first empirical evaluations of a widely accessible generative AI
chatbot, ERNIE Bot 3.5, for chronic disease management in a low-resource
setting, benchmarking its performance against human clinicians and other
LLMs under standardized conditions, providing critical insights into the
care quality, safety, and disparity.

ERNIE Bot achieved a relatively high diagnostic accuracy (77.3%) and
correct drug prescription (94.3%). The performance remained high even
when using the first diagnosis (55.5%) and first drug prescription (86.2%).
The results are consistent with a pilot study using ChatGPT 3.5 covering 9
chronic and infectious diseases28, although ChatGPT performed better in
managing NCDs than infectious diseases. Consistent with national and
international efforts to improve data surveillance36, studies using similar SP
methods suggested that primary care providers in LMICs like China, India,
and Kenya can reach correct diagnoses in 12–52% of visits11,16. These results
indicate that ERNIE Bot has the potential to address significant gaps in
healthcare delivery by empowering less qualified healthcare providers in
LMICs settings and addressing the underdiagnosis and poor management
of NCDs.

Another notablefinding is that ERNIEBot completed a relatively small
proportion of the standard checklist items, and primary care physicians
completed a similar proportion. While the ability of LLMs to achieve high
diagnostic accuracy with minimal checklist adherence highlights their

powerful pattern recognition capabilities, it also raises concerns about
transparency, reproducibility, and medico-legal accountability. In tradi-
tional clinical encounters, checklist adherence is a proxy for thorough
history-taking and contributes to medical accountability37. Incomplete
documentation or reasoning trails could hinder clinician oversight, audit-
ability, and patient trust. In AI-driven interactions, low process complete-
ness could lead to missed comorbidities or contradictions that are not
explicitly prompted. Future development should prioritize explainability
and interactive probing capabilities to ensure that AI tools do not sacrifice
safety for efficiency.

However, one of the most concerning findings is the high rate of
unnecessary lab tests requested (91.9%) andmedications prescribed (57.8%)
by ERNIE Bot. The pattern is consistent with our previous findings using
ChatGPT 3.528. Earlier studies suggested that primary care doctors offered
low-value care in28-64%ofSPvisits inLIMCs11,16,which ismainlydrivenby
finance and organization, thinking frameworks38, and patient-physician
relationships39. In contrast, the observed tendency of AI toward over-
prescription andover-requesting pathology testsmay reflect both the lackof
real-world accountabilitymechanisms28 andpotential biases in trainingdata
that reward exhaustive workups40. Without external constraints, generative
AI models may prioritize comprehensiveness over clinical appropriateness.
In resource-constrained settings, such overprescription drives up unne-
cessary costs and increases patient exposure topotential harm, offsetting the
intended benefits of AI-driven efficiency.

While this study focuses on ERNIE Bot, it is essential to situate its
performance within the broader ecosystem of generative AI models and
humanphysicians.Wefind that primary care providers inLuohe,China can
only reach very low accuracy in correct diagnosis (25.0%) and correct drug
prescriptions (10%); compared with ERNIE Bot 3.5, ChatGPT-4o and
DeepSeek-R1 which have reported similar or even higher diagnostic accu-
racy and prescribing reliability in clinical simulations, since they are
regarded as more advanced but paid AI models41,42. Although direct head-
to-head trials between physicians and LLMs are still limited, these models
appear to share strengths, such as high recall for diagnostic hypotheses, and
limitations in tendencies towardoverprescription28. The results indicate that
this common feature of LLMs and that professional oversight is necessary
for the automated decision-making process in AI medical consultation.
Together, these results reinforce the importanceof rigorous, context-specific
evaluation of AI tools before large-scale deployment. Future studies should

Table 3 | Comparing ERNIE Bot with China’s Primary Care Physicians, ChatGPT 4o, and DeepSeek R1

ERNIE Bot
(n=384)

Physicians#

(n=40)
ChatGPT 4o
(n=40)

DeepSeek R1
(n=40)

Mean 95% CI Mean 95% CI Mean 95% CI Mean 95% CI

Quality indicators

% completion of the full checklists (0-1) 0.145 0.138, 0.153 0.261 0.221, 0.301 0.413 0.393, 0.434 0.478 0.448, 0.508

% completion of the essential checklists
(core, subset, 0-1)

0.203 0.184, 0.221 0.371 0.279, 0.464 0.533 0.458, 0.607 0.646 0.561, 0.731

% Correct diagnosis (0-1) 0.773 0.731, 0.815 0.250 0.110, 0.390 0.925 0.801, 0.974$ 1.000 1.000, 1.000

% Correct medication (0-1) 0.943 0.919, 0.966 0.100 0.003, 0.197 1.000 1.000, 1.000 1.000 1.000, 1.000

Safety

No. of tests requested 3.09 2.96, 3.23 2.78 2.31, 3.24 3.65 3.22, 4.08 4.93 4.41, 5.44

% Unnecessary test requested (0-1) 0.919 0.892, 0.947 0.350 0.196, 0.504 0.925 0.801, 0.974$ 1.000 1.000, 1.000

No. of medication prescribed 4.09 3.89, 4.30 0.65 0.22, 1.08 5.50 5.05, 5.95 5.93 5.53, 6.32

% Inappropriate medication prescribed
(0-1)

0.578 0.529, 0.628 0.200 0.070, 0.330 0.675 0.523, 0.827 0.600 0.441, 0.759

#The SP-physician data was collected in Luohe, China, in 2025. The 40 SP visits in LuoheCity were randomly sampled through amultistage random cluster sampling strategy. Asthma and unstable angina
were equally stratified among visits. Luohe is a prefecture-level city in central Henan Province, China, with a population of approximately 2.37million and awell-developed primary healthcare system. As a
mid-sized city with amix of urban and peri-urban communities, Luohe reflects many structural and resource characteristics typical of primary care delivery in China’s low- andmiddle-income regions. It is
also situated alongmajor transport corridors,making it logistically accessible for SP research. Luohe’s healthcare infrastructure includes abroadnetwork of community health service centres and township
clinics operating under national essential public health programs. These features make Luohe a representative setting for evaluating the quality and safety of routine outpatient care delivered by human
primary care providers and for benchmarking AI performance in a real-world, yet generalizable, LMIC context. Means and 95% confidence intervals (CIs) for binary and continuous variables. $Wilson CIs
were presented.
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extend benchmarking to a broader range of acute and chronic conditions,
explore dynamic interactions with real patients, and conduct prospective
head-to-head comparisons between AI chatbots and human clinicians
across diverse LMIC contexts.

This study also sheds light on the disparities perpetuated by the
application of AI in healthcare43–45. ERNIE Bot mainly exhibited a sig-
nificantly higher rateof achieving an accurate diagnosis for older adults than
for younger ones. It is reasonable since chronological age is often considered
a key contributor to the onset of chronic conditions33. However, it was
unexpected that older adults receivedmarginallymoremedications andhad
a higher chance of receiving unnecessary medications. Further, patients
frombetter-off households receivedmore lab tests andmedicines than those
from poorer ones. ERNIE Bot overserved wealthier patients, which inevi-
tably leads to a higher chance of excessive pathology tests and inappropriate
medication prescriptions. This is supported, to some extent, by real-world
evidence where patients with more generous health insurance coverage or
higher out-of-pocket affordability tend to obtain more medical
resources46,47. In general, offering AI models a budget constraint in their
decision-making has been understudied. Offer information on insurance
type or socioeconomic statusmaynot be as direct as a budget constraint.We
will consider pursuing this as a future direction. Again, no performance
variations were identified regarding SPs’ gender, residential hukou regis-
tration, or permanent residential location.

Although ERNIEBot is not integrated into health systems in China, its
growing accessibility through commercial platforms raises the possibility of
informal use in health decision-making. Potential integrationpathwaysmay
include deployment as a triage tool for low-acuity conditions, a health
literacy assistant for patients, or a decision-support tool for less-experienced
clinicians in under-resourced settings. However, integrating AI tools like
ERNIE Bot into healthcare systems presents both an opportunity and a
challenge. Studies in China have shown that LLMs can improve primary
diabetes care and outpatient reception48,49, but equitably scaling the findings
will require attention to rural, low-resource settings50. ERNIE Bot holds
promise in alleviating the burden of NCDs by extending diagnostic and
treatment capabilities in settings where resources are scarce. However, our
findings also emphasize balancing AI’s potential with necessary safeguards.
Especially, ‘donot harm’ remains a foundational principle about usingAI in
health care. Such integration would require rigorous evaluation of safety,
clinical validity, and system compatibility.

Future research should embed ethical, stakeholder-driven design
principles from the outset to enhance the safety and equity of AI chatbots in
healthcare. Rather than assessing AI safety and equity after deployment,
proactive engagement with key stakeholders, including patients, health care
providers, and policymakers, at an early stage is essential. This early
engagement will capture diverse expectations, values, and concerns, parti-
cularly from underrepresented groups, thereby informing the ethical, cul-
tural, and contextual alignment of AI chatbot systems. Second, future work
should focus on operationalizing safety and responsibility throughpractical,
empirically validated mechanisms. Building on stakeholder insights and
empirical performance evaluations, the development of automated AI
alignment solutions and best practice toolkits should be prioritised. Agent-
based tools for pre- and post-processing AI-generated outputs and user
guides should be co-designed and iteratively refined through stakeholder
workshops and chatbot re-testing cycles. Third, future studies can explore
collaborative decision-making models that integrate LLMs with human
providers to evaluate their assistive potential in real-world clinical work-
flows. This translational approach may offer tangible, practice-ready solu-
tions for policymakers, AI developers, and healthcare institutions.

This study acknowledges several limitations. First, our analysis focuses
on two specific chronic conditions, which may limit the generalizability of
the findings to other diseases or specialties. Unstable angina and asthma
were selected due to their clinical significance in ageing populations, the
availability of establishednational clinical guidelines, and their suitability for
SP simulation. Importantly, the presenting symptoms of these conditions
align with some of the most common complaints encountered in primary

care, thereby enhancing our study’s relevance and practical value for pri-
mary healthcare settings. Second, the SP method may not fully capture the
complexity of real-world patient interactions. However, previous studies
have shown that provider behaviour toward SPs closely mirrors their
behaviour with actual patients10,37. Third, we did not account for emotional
communications. Compared to factual information exchange, patient-
centred communication is also essential, as it is perceived as trustworthy,
accurate, reliable, and actionable51. Fourth, ERNIE Bot has been trained on
data containing the Chinese language, limiting our results’ broader
applicability to other healthcare contexts. The evolving nature of generative
AI models means that outputs may vary over time as models are updated,
potentially affecting replicability.

Despite the limitations,wepresent oneof thefirst empirical evaluations
of a generative AI chatbot’s diagnostic and prescribing performance against
human clinicians and frontier LLMs under standardized, real-world
simulated conditions in a low-resource setting. While ERNIE Bot demon-
strated high diagnostic accuracy and medication appropriateness, critical
challenges remain, including low adherence to standard clinical processes,
high rates of unnecessary care, and amplification of socioeconomic dis-
parities. These findings highlight AI chatbots’ dual potential to expand
healthcare access while introducing new risks if deployed without safe-
guards. Future development and integration of AI systems should prioritize
equity-centred design, explainability, rigorous, context-specific validation,
and continuous human oversight to ensure AI chatbots contribute safely
and ethically to strengthening global health systems.

Methods
Ethical approvals were obtained from the relevant Chinese institutional
reviewboards: the First AffiliatedHospital of Xi’an JiaotongUniversity (No:
LLSBPJ-2024-WT-019) and LuoheMedical College (No: LYZLL-2024012).

We clarify that each SP was assigned one disease case (unstable angina
or asthma). Each case was tested three times to evaluate repeatability
through independently initiated sessions. A new, independent chat session
was initiated for each trial to avoidmemory retention effects. In addition, the
AI chatbots’ memory was cleared before a new chat. This ensured that AI
chatbots treated each interaction as a separate, first-time consultation,
maintaining consistency and real-world reliability of the outputs. All trials
were completed in the same sitting to ensure consistency and minimize
external variability. SPs did not take any diagnostic tests themselves for AI
consultations. This is because SPswere trained to portray predefined clinical
cases representing common diseases, where appropriate history-taking
alone was sufficient to support an unambiguous and accurate diagnosis and
treatment recommendation.

Mandarin was used to test the performance of ERNIE Bot, ChatGPT,
and DeepSeek to be consistent with human physicians. Written consent
formswere obtained fromhospitals andphysicians before the SPs’ visits, but
physicians were not aware of the diseases to be tested. The SP scripts have
been translated into English and can be found in Supplementary Note 1.
Physicians’ and AI chatbots’ responses were cross-validated with the most
updated standard clinical guidelines, Guidelines for the Prevention and
Control of Bronchial Asthma (2020Edition) andGuidelines for theDiagnosis
and Treatment of Unstable Angina (2024 Edition), for the two selected
NCDs, to assess the accuracy and appropriateness of its diagnoses and
medication prescriptions. A panel of six senior doctors and pharmacists
with over 15 years of clinical experience at tertiary hospitals independently
reviewed and validated the scripts11,52. The details about the scripts and their
associated checklists can be found in Supplementary Note 2.

Four quality indicators reflected the extent to which patients receive
timely and accurate diagnoses and evidence-based treatment53. (1) Adher-
ence to the standard complete checklist: including clinical inquiries and
recommended laboratory-based pathology tests in agreement with the
standard complete checklists14,34. This first indicator was coded as a con-
tinuous variable, ranging from0 (nil agreement) to 1 (complete agreement).
(2)Adherence to the standard essential checklist: including clinical inquiries
and recommended laboratory tests in agreement with the standard
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‘essential’ (core) checklists (a subset). This second indicator was also coded
as a continuous variable, ranging from 0 (nil agreement) to 1 (complete
agreement). (3) Correct diagnosis: At the end of each trial, the artificial SP
directly requested that ERNIE Bot provide a diagnosis. This third binary
indicatorwas assigned to either 1 (correct) if theAI-driven consultation trial
produced at least one expected diagnosis according to the standard
guidelines37 or 0 (incorrect / misdiagnosis). (4) Correct medication pre-
scription: Similarly, the fourth binary indicator was assigned to 1 (correct) if
at least one guideline-recommended medication was prescribed at each AI
trial. Otherwise, it was assigned to 0 (incorrect), denoting irrelevant,
unnecessary, or even potentially harmful medication advice. We note that
this is a commonly accepted rule when using SP to evaluate health care
quality, although the standard is somewhat low in high-income countries.

An additional four safety indicators were included, focused on the AI-
generated outcomes thatwere incongruentwith the standarddiagnostic and
treatment guidelines: (i) the absolute number of irrelevant or unnecessary
pathology tests requested (the5th indicator, a numeric continuous variable),
(ii) the presence of any of these test requests (the 6th binary indicator), (iii)
the absolute number of inappropriate medications prescribed (the 7th
indicator, a numeric continuous variable), and (iv) the presence of any of
these medication prescriptions (the 8th binary indicator).

Descriptive analysis was conducted to summarize the four quality and
four safety indicators of the total sample, respectively, for each disease
condition. Apart from the absolute trial numbers, means and standard
deviations (SDs) were used to report the continuous variable indicators,
whereas proportions were used for the rest of the binary variable indicators.

Next, trial outcomes involving the six patient-level factors were
examined. To assess the AI-generated outcome variations, chi-square tests
were performed on binary variables and analysis of variance (ANOVA) for
continuous variables.

Finally, to identify the associations of the six patient factors with the
extent of variability of the quality and safety indicators, generalized linear
models (GLM) were applied for continuous variable indicators and probit
regressions for binary variable indicators. Average marginal effects were
reported, and 95% confidence intervals (CIs) were presented. Statistical
significance was set at p < 0.05. All analyses were performed in Stata 18.0
(Stata Corporation, College Station, TX).

Data availability
Data from this simulation study are available to anyone for any non-
commercial purposes. The data from human physicians are not publicly
available due to restrictions of the ethics approval for this study.

Code availability
The code scripts used in this analysis are available from the corresponding
authors upon reasonable request.
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