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Abstract 

Background  Large language models (LLMs) may perpetuate or amplify social biases toward patients. We systemati-
cally assessed potential biases of three popular Chinese LLMs in clinical application scenarios.

Methods  We tested whether Qwen, Erine, and Baichuan encode social biases for patients of different sex, ethnicity, 
educational attainment, income level, and health insurance status. First, we prompted LLMs to generate clinical cases 
for medical education (n = 8,289) and compared the distribution of patient characteristics in LLM-generated cases 
with national distributions in China. Second, New England Journal of Medicine Healer clinical vignettes were used 
to prompt LLMs to generate differential diagnoses and treatment plans (n = 45,600), with variations analyzed based 
on sociodemographic characteristics. Third, we prompted LLMs to assess patient needs (n = 51,039) based on clinical 
cases, revealing any implicit biases toward patients with different characteristics.

Results  The three LLMs showed social biases toward patients with different characteristics to varying degrees 
in medical education, diagnostic and treatment recommendation, and patient needs assessment. These biases were 
more frequent in relation to sex, ethnicity, income level, and health insurance status, compared to educational attain-
ment. Overall, the three LLMs failed to appropriately model the sociodemographic diversity of medical conditions, 
consistently over-representing male, high-education and high-income populations. They also showed a higher refer-
ral rate, indicating potential refusal to treat patients, for minority ethnic groups and those without insurance or liv-
ing with low incomes. The three LLMs were more likely to recommend pain medications for males, and considered 
patients with higher educational attainment, Han ethnicity, higher income, and those with health insurance as having 
healthier relationships with others.

Interpretation  Our findings broaden the scopes of potential biases inherited in LLMs and highlight the urgent need 
for systematic and continuous assessments of social biases in LLMs in real-world clinical applications.
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Introduction
Large Language Models (LLMs), such as the GPT-series 
and LLaMA [1, 2], have emerged as prominent artificial 
intelligence technologies, attracting significant interest 
across various sectors, including healthcare [3]. LLMs 
have demonstrated potential for extensive utility in 
healthcare, including medical documentation and report 
generation, clinical decision-making support for diagno-
sis and treatment, medical training, and patient educa-
tion [4]. Pilot studies have been initiated within hospitals 
and physicians have already started using these tools 
to help draft clinical notes and summarize physician–
patient communications [5, 6]. As LLMs are increasingly 
integrated into healthcare, they are considered a trans-
formative force that could reshape health care delivery.

Despite their great potential, LLMs may also pose risks, 
and one of the primary concerns is the perpetuation of 
social biases [7–9]. Ideally, LLMs should facilitate more 
equitable treatment and health outcomes for all patients, 
regardless of their sociodemographic characteristics. 
However, because LLMs are typically trained on vast, 
uncurated, human-generated corpora, they tend to inter-
nalize and replicate the prejudices, misrepresentation, 
derogatory language, and other discriminatory tenden-
cies present in their training data [10, 11].

Systematic reviews have highlighted several forms of 
social biases in healthcare, including racism, sexism, and 
socioeconomic discrimination [12–15]. If LLMs mirror 
and amplify these biases inherent in healthcare delivery 
and decision-making processes, their use could result in 
lower quality care and worse health outcomes for mar-
ginalized and underrepresented populations already at 
a disadvantage. This concern has been substantiated by 
some studies. A recently developed LLM trained on clini-
cal notes, for example, showed significantly poorer per-
formance in predicting 30-day re-admissions for Black 
patients compared to other populations [16].

Efforts to mitigate social biases in LLMs have included 
reinforcement learning from human feedback (RLHF), 
which is a machine learning technique that uses feed-
back from humans to optimize machine learning models 
through reinforcement learning [17]. However, because 
RLHF is a human-driven process, a lack of benchmarking 
for social biases in LLMs can hinder effective model fine-
tuning. Without a clear understanding of the existing 
biases within LLMs, RLHF may inadvertently introduce 
biases from the trainers, potentially exacerbating rather 
than correcting social biases in the models [18].

To date, two studies have quantified the potential 
social biases of LLMs in healthcare contexts [19, 20]. 
Hanna et  al. used ChatGPT-3.5 to generate healthcare-
related texts for HIV patients and did not identify signif-
icant racial bias [19]. In contrast, Zack et  al. found that 

ChatGPT-4 exhibited sex and racial biases in its potential 
use for medical education and decision support. Specifi-
cally, the model was substantially more likely to gener-
ate cases describing men for conditions that have similar 
prevalence by gender and race (eg, COVID-19), and His-
panic and Asian populations were generally underrep-
resented in LLM-generated cases compared with their 
corresponding proportion in epidemiological statistics. 
The distortion not only would translate to overestima-
tion of risk for specific groups, but also pose concerns for 
using LLMs to generate simulated data for training other 
LLMs [20]. However, there is limited literature address-
ing social biases beyond sex and race, despite significant 
inequalities in healthcare services related to income, edu-
cation, and health insurance [12–15].

Recently, Chinese-language LLMs have advanced rap-
idly [21], demonstrating comparable performance in 
medical reasoning and responses to medical questions as 
their English-language counterparts [22]. Given the large 
number of potential users and the sociodemographic 
diversity of Chinese-speaking communities, it is criti-
cal to comprehensively assess the potential social biases 
of Chinese LLMs and compare them with other western 
LLMs. Due to their distinctive training corpora, Chinese 
LLMs may display different social biases, though this 
remains largely unknown.

This study aimed to assess whether popular Chinese 
LLMs exhibit common societal biases when generat-
ing clinical advice for patients with varying sociodemo-
graphic characteristics, specifically for use in medical 
education, diagnosis and treatment decision-making, and 
patient needs assessment.

Methods
Study design
Building on a previous work from Zack et  al., [20] this 
study assessed whether three popular Chinese LLMs 
(Qwen-turbo, Erine-lite-8  k, and Baichuan2-turbo) 
encode social biases related to sex, race, education, 
income, and health insurance status in healthcare across 
three typical clinical application scenarios: medical edu-
cation, decision support for diagnosis and treatment, and 
assessment of patient needs. This design not only allows 
us to comprehensively assess the potential social biases 
of Chinese LLMs, but also to compare the differences 
between Chinese LLMs with Chat-GPT to understand 
whether social biases of LLMs are similar across different 
countries and cultures. In each scenario, we prompted 
the LLMs to generate clinical vignettes or asked them to 
respond to clinical questions based on provided clinical 
vignettes. All experiments were conducted via the LLMs’ 
application programming interface (API).
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The three LLMs were selected based on their first-class 
performance in medical tasks, market share, public acces-
sibility, and whether they were open or closed source. 
Among them, Qwen and Baichuan were both open 
sources and were listed as top performing Chinese LLMs 
in the MedBench [23], in which LLMs were systemati-
cally assessed based on medical language comprehen-
sion, medical language generation, medical knowledge 
question answering, complex medical reasoning, and 
medical safety and ethics [24]. On the other hand, Erine 
was chosen since it is the most influential closed source 
LLM and have the biggest market share in China [25].

Since the outputs of LLMs can vary with different 
prompt phrasing, several versions of each clinical ques-
tion prompt were tested, and each version was executed 
multiple times to ensure robust quantification of social 
biases (the English translations of the prompts and clini-
cal cases used can be found in Appendix pp 2–6). A pre-
vious pilot study found no significant changes in LLM 
responses to test scenarios under varied temperature 
parameters (from 0 to 1), which determines the degree of 
the randomness (or creativity) of generated responses by 
LLMs [20]. Thus, we maintained the default temperature 
parameters for the selected LLMs in our study: 0·85 for 
Qwen, 0·70 for Erine, and 0·30 for Baichuan.

This study did not involve human participants or any 
clinical vignettes from published literature; therefore, 
ethical approval from the institutional review board was 
not required.

Testing procedures and data collection
Application one: clinical cases for medical education
LLMs can generate virtual clinical cases to enhance case-
based learning (CBL) in medical education [4, 26], serv-
ing as an important tool to help medical trainees translate 
theory into practice [27]. However, social biases may be 
introduced if the LLMs generate inaccurate descriptions 
of the epidemiology and presentations of diseases.

In this study, we selected three diseases with well-
documented epidemiological characteristics due to their 
high prevalence and burden: hypertension, diabetes, and 
hepatitis B. For each disease, the LLMs were prompted to 
provide a virtual clinical case, describing patient demo-
graphics (including sex, ethnicity, education, income, 
and health insurance status), symptoms, and medical 
history. Ten versions of the prompt (Appendix p 2) were 
used consistently across the three diseases, with the dis-
ease name as the only variation. Each prompt was exe-
cuted 100 times for each disease per LLM. Considering 
that we assessed three diseases (hypertension, diabetes, 
and Hepatitis B) generated by three LLMs (Qwen-turbo, 
Erine-lite-8  k, and Baichuan2-turbo), this resulted in a 

total of 9000 clinical cases (3,000 cases per disease across 
all LLMs).

Application two: differential diagnosis and treatment
LLMs are commonly used to assist in decision-making 
for disease diagnosis and treatment [4]. In this study, we 
tested sociodemographic variations in the recommended 
diagnoses and treatments generated by the LLMs for 19 
clinical cases proposed by the New England Journal of 
Medicine (NEJM) Healer: ten for emergency depart-
ments and nine for outpatient clinics (Appendix p 3–4) 
[28]. These clinical cases described patients with chest 
pain, dyspnea, oral pharyngitis, headache, abdominal 
pain, and cough, which had limited, if any, association 
with patient sociodemographic characteristics.

For each clinical vignette, we maintained the same 
problem presentations and relevant medical information 
while varying the patient sociodemographic characteris-
tics: sex (male vs. female), ethnicity (Han vs. minorities), 
educational attainment (primary school vs. university), 
income (low vs. high), and health insurance coverage (yes 
vs. no). This resulted in a total of 32 prompts for each 
clinical vignette, representing varied combinations of the 
patient sociodemographic characteristics.

The LLMs were asked to return: (1) the top ten most 
likely diagnoses in descending order; (2) a list of "cannot-
miss" diagnoses that are serious, urgent, and life-threat-
ening, albeit occurring at a very low chance; (3) the next 
diagnostic steps; and (4) the next treatment steps. Each 
prompt was executed 25 times, resulting in a total of 
45,600 responses from the three tested LLMs.

Application three: patient needs assessment
Triage is a commonly expected clinical use scenario for 
LLMs [29], where they are required to appropriately 
infer patient needs before assigning the proper services. 
In this study, we tested eight clinical vignettes developed 
by Haider and colleagues for patient needs assessment 
(appendix p 5–6) [30]. For each clinical vignette, we cre-
ated 32 prompts that varied combinations of patient sex, 
ethnicity, educational attainment, income, and health 
insurance status.

In each prompt, a challenging clinical case was pre-
sented, followed by a judgmental scale assessing the 
patient’s situation. This judgmental scale consisted of 
five domains: patient dishonesty (six items), patient 
understanding (three items), patient-caregiver relation-
ship (four items), pain treatment needs (four items), and 
other treatment needs (five items). The LLMs were asked 
to rate each statement on a five-point Likert scale, rang-
ing from one (strongly disagree) to five (strongly agree). 
Each prompt was executed 25 times, resulting in a total 
of 52,800 responses.
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Data cleaning and analysis
Responses from the LLMs were screened for eligibil-
ity before data analysis. For the clinical cases related to 
medical education, responses pertaining to residents 
outside of China and those missing required sociode-
mographic information were excluded. A total of 8,289 
responses were deemed valid, representing 92·1% of the 
clinical cases generated by the LLMs.

The sociodemographic distributions of the LLM-
generated cases by sex, ethnicity, education, income, 
and health insurance status were compared with those 
documented in national representative surveys for 
each disease (Appendix p 7). This comparison was con-
ducted using independent χ2tests with corrections for 
multiple hypothesis testing via the Benjamini–Hoch-
berg procedure [31]. Furthermore, subgroup analyses 
were conducted based on the specific LLMs used.

All 45,600 responses generated by the LLMs for dif-
ferential diagnosis and treatment were deemed valid. 
We used the expert-preferred diagnosis list (ranked 
one to ten) to code the corresponding disease diagno-
ses recommended by the LLMs, with diagnoses not 
listed by experts coded as ’11’. The list is an expert-
generated differential diagnosis list for the test case, 
curated by NEJM group [28], in which differential 
diagnoses were organized in order of descending like-
lihood. The coding was conducted manually by CX.L. 
and J.Z. For responses that did not perfectly align with 
expert diagnosis, we referred to the Chinese clinical 
guidelines of the specific diagnoses to decide whether 
the response is a synonymy or distinguished diagnosis. 
The discrepancies were resolved by consensus by invit-
ing another Researcher Y.L. The details of the cases and 
recommended differential diagnoses could be found in 
Table S2 (Appendix p3).

The ranking of the different expert-preferred diag-
nosis in the LLM-generated list were calculated. Three 
indicators were calculated to assess social biases in the 
LLM-generated responses:

•	 The average ranking of the top expert-preferred pri-
mary diagnosis in the LLM-generated list, reflect-
ing the LLMs’ ability to generate the primary dif-
ferential diagnosis.

•	 The percentage of inclusion of the top expert-pre-
ferred primary diagnosis in the LLMs’ top three 
diagnoses, indicating the LLMs’ ability to avoid 
missing the primary diagnosis.

•	 The average ranking of each expert-preferred diag-
nosis in the LLM-generated differential diagnosis 
list for each case, reflecting the overall alignment 
with expert preferences.

We also calculated the percentages of cases recom-
mended for advanced imaging (computed tomography, 
magnetic resonance imaging, or ultrasound) and referrals 
to other hospitals by the LLMs.

Differences in the three above-mentioned indicators 
and the percentages of recommendation for advanced 
imaging and referral were compared across sex (male 
vs. female), ethnicity (Han vs. minorities), educational 
attainment (primary school vs. university), income (low 
vs. high), and health insurance coverage (yes vs. no) using 
Mann–Whitney tests or χ2 tests (or Fisher’s exact test) 
with the Benjamini–Hochberg procedure. Additionally, 
subgroup analyses were conducted based on the specific 
LLMs used.

For the needs assessment, self-contradictory responses 
were excluded (e.g., when the LLMs indicated disagree-
ment but rated a five on the corresponding Likert scale). 
This resulted in 51,039 valid responses across 22 state-
ments, representing 96·7% of the total responses. The 
22 tested statements of eight clinical cases were catego-
rized into five aspects based on previous research: patient 
honesty (n = 6), patient understanding (n = 3), patient 
relationships with others (n = 4), treatment decisions 
regarding pain (n = 4), and other treatment decisions 
(n= 5) [20].

Mann–Whitney tests were performed to evaluate 
whether patient sociodemographic characteristics were 
associated with the agreement ratings for each state-
ment. The Benjamini–Hochberg procedure was applied 
to account for multiple hypothesis testing for each state-
ment. Subgroup analyses were also conducted based on 
the specific LLM used.

Python (version 3·12·2) was used to call the APIs from 
the LLMs, while STATA was utilized to perform all sta-
tistical analyses, with p < 0·05 considered statistically 
significant.

Results
Clinical cases for medical education
Overall, compared with the national prevalence data 
(Appendix p 7), the LLMs were more likely to generate 
clinical cases for patients characterized as male, Han, 
highly educated, high income, and without health insur-
ance. Significant biases in disease prevalence estimations 
were found (p < 0·05) based on sex, ethnicity, education, 
income, and health insurance status for hypertension; by 
sex and income for diabetes; and by sex and educational 
attainment for hepatitis B (Fig.  1; p-values of paired χ2 
tests are shown in Appendix p 8). Detailed results relat-
ing to individual prompts can be found in Appendix p 
9–14.

The three LLMs exhibited varying degrees of bias. 
The over-representation of male patients was most 
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pronounced in the clinical cases generated by Erine 
in comparison with the national representative data 
(hypertension: 79·2% vs. 42.4%, diabetes: 80·8% vs. 
52.3%, hepatitis B: 84·3% vs. 57.8%). In contrast, Qwen 
was more likely to generate clinical cases that over-rep-
resented minority ethnicities in comparison with the 
national representative data (hypertension: 20·2% vs. 
10.3%, diabetes: 20·2% vs. 7.5%, hepatitis B: 27·0% vs. 
11.6%), while Erine (hypertension: 1·5%, diabetes: 2·1%, 
hepatitis B: 1·1%) and Baichuan (hypertension, diabetes 
and hepatitis B: 0%) under-represented minority ethnic 
patients. Patients with low education and low income 
were significantly over-represented in the cases gen-
erated by Erine for hypertension in comparison with 
the national representative data (low education: 90·9% 
vs. 79.5%, low income: 94·8% vs. 78.5%) and diabetes 
(low education: 84·1% vs. 45.5%, low income: 61·1% 
vs. 43.2%), whereas the opposite trend was observed 
in the cases generated by Qwen (low education: 17·8% 
[hypertension] and 14·9% [diabetes], low income: 43·9% 
[hypertension] and 13·2% [diabetes]) and Baichuan 
(low education: 33·3% [hypertension] and 27·0% [dia-
betes], low income: 73·6% [hypertension] and 23·1% 
[diabetes]). All LLMs significantly over-stated that hep-
atitis B patients were highly educated compared with 
the national representative proportion 22.2% (Qwen: 
92·4%, Erine: 38·4%, Baichuan: 85·2%). The propor-
tion of hypertension patients not covered by health 

insurance were also significantly over-represented by 
Erine (4·6% vs. 0.5%) and Baichuan (2·7%).

Differential diagnosis and treatment planning
For the 19 cases from NEJM Healer, changes in patient 
demographics significantly altered the ranking of expert-
preferred primary diagnosis in LLMs-generated diag-
nosis list in eleven (58%) cases. These ranking changes, 
as shown in Fig.  2, occurred in eight (42%) cases when 
changing patient sex, seven (37%) cases in ethnicity, five 
(26%) cases when changing income, three (16%) cases in 
education, and two (11%) cases in health insurance status 
change. Despite the fact that LLMs consistently signifi-
cantly prioritized expert-preferred primary diagnosis for 
patients with health insurance, no consistent pattern of 
biases was identified towards a particular patient group. 
All 19 cases are depicted in Appendix p15, with False 
Discovery Rate (FDR)-corrected p-values presented in 
Appendix p 16.

In terms of the risk of potential missed diagnosis, the 
percentage of inclusion of the expert-preferred pri-
mary diagnosis in the LLM-generated top three diag-
noses varied by ethnicity in seven (37%) cases, by sex 
in three (16%), and by income, health insurance status, 
and education in two (11%) cases (Fig.  3; FDR-correted 
p values from chi-square or Fisher exact test in appen-
dix p 17), covering a total of 8 (42%) of the 19. The vari-
ation exceeded 10% on four occasions, with the most 

Fig. 1  Demographic distributions of LLMs generated clinical cases relating to hypertension, diabetes and hepatitis B. Legends: This figure shows 
the differences between the true and LLMs-generated prevalence of patients with different characteristics (sex, race, education attainment, income 
level and health insurance status) for hypertension, diabetes and hepatitis B. The results for hepatitis B by income and health insurance status, 
and for diabetes by health insurance status are missing due to the lack of nationally representative estimates. LLM: Large Language Model
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Fig. 2  Cases with significant differences by patient sociodemographic characteristics in LLMs’ ranking of the top expert-preferred diagnoses. 
Legends: This figure shows all statistically significant changes in the ranking of expert-preferred primary diagnosis in LLM-generated diagnosis 
list when one patient characteristic changed (e.g. male vs. female). A lower ranking indicates the higher ability of LLMs to correctly prioritize 
expert-preferred primary diagnosis. All p values have been corrected for multiple hypothesis testing based on Benjamini–Hochberg procedure. 
* FDR-corrected p value < 0·05. † FDR-corrected p value ≤ 0·001. The used NEJM Healer clinical vignettes were indicated based on its department 
and the expert-preferred primary diagnosis. ED: Emergency Department

Fig. 3  Percentages of inclusion of the top expert-preferred diagnoses in LLMs’ generated top three diagnoses by patient sociodemographic 
characteristics. Legends: This figure shows changes in the percentage that LLM-generated top 3 diagnoses included expert-preferred 
primary diagnosis when one patient characteristic changed (e.g. male vs. female). A lower percentage indicates a higher risk of LLMs to miss 
expert-preferred primary diagnosis. All p values have been corrected for multiple hypothesis testing based on Benjamini–Hochberg procedure. 
* FDR-corrected p value < 0·05. † FDR-corrected p value ≤ 0·001. The used NEJM Healer clinical vignettes were indicated based on its department 
and the expert-preferred primary diagnosis. ED: Emergency Department



Page 7 of 15Liu et al. International Journal for Equity in Health          (2025) 24:206 	

significant difference observed in the outpatient case of 
anxiety/panic attack related to educational attainment 
(53·3% for low education compared to 31·8% for high 
education; FDR-corrected p < 0·001).

A total of 121 differential diagnoses were proposed by 
experts for the 19 cases. Significant variations in relevant 
rankings were observed based on sex in 37 (31%) diagno-
ses (Mean difference in ranking: 0·45; SD: 0·45), by eth-
nicity in 34 (28%) diagnoses (Mean difference in ranking: 
0·36; SD: 0·24), by income in 28 (23%) diagnoses (Mean 
difference in ranking: 0·29; SD: 0·25), by education in 17 
(14%) diagnoses (Mean difference in ranking: 0·36; SD: 
0·16), and by health insurance status in 17 (14%) diagno-
ses (Mean difference in rank: 0·36; SD: 0·50). However, no 
consistent bias patterns emerged and we did not observe 
consistent poor performance of LLMs towards a par-
ticular patient group from this indicator. For instance, a 
relatively lower priority was given to male patients for the 
expert-preferred top primary diagnosis of gastroesopha-
geal reflux disease (mean ranking: 4·01 [male] vs. 3·18 
[female], p < 0·001) in the emergency department case 
(ED#1) (Fig. 4A); In contrast, a relatively higher priority 
was assigned to male patients for pulmonary embolism 
(expert-preferred the 3rd diagnosis) for the same case 

(mean ranking: 5·74 [male] vs. 6·40 [female], p < 0·001). 
Additional details are provided in Figs. 4A–D and appen-
dix p 18–21, with FDR-corrected p-values presented in 
Appendix p 22–23.

The performance of the three LLMs varied across the 
ranking indicators (Appendix p 24–26) and different 
LLM showed different level of susceptibility to differ-
ent sources of biases. Among them, Erine performed the 
best. Specifically, the ranking of the expert-preferred top 
primary diagnosis in LLMs-generated diagnosis list were 
significantly changed by altering patient demograph-
ics in 11 cases (58%) with Qwen and Baichuan, and in 
five cases (26%) with Erine. These changes were primar-
ily influenced by patient sex (n = 9) and income (n = 8) 
in Qwen (n = 10), by sex (n = 8) and education (n = 6) in 
Baichuan, and by sex (n = 3) and ethnicity (n = 3) in Erine. 
Additionally, patient sociodemographic characteristics 
were associated with the percentage of responses which 
LLMs included the expert-preferred top primary diag-
nosis in its generated top three differential diagnoses in 
seven cases (Appendix p 27–29). The most significant 
variation occurred in the outpatient case of anxiety/
panic attack, where the expert-preferred top primary 
diagnosis was included in 98·3% of LLMs top three lists 

Fig. 4  Heatmap indicating the differences in the ranking of expert-preferred differential diagnoses produced by LLMs by patient sociodemographic 
characteristics. Legends: This figure shows differences in the rank of each expert-preferred differential diagnosis in LLM-generated diagnosis list 
for patient with a specific characteristic (e.g. male) when compared with the mean rank across all patients for the same case. Four clinical vignettes 
were presented, including emergency department patient with gastro esophageal reflux disease (A), emergency department patient with acute 
appendicitis (B), outpatient patient with acute coronary syndrome (C) and outpatient patient with anxiety/panic attack (D). All p values have been 
corrected for multiple hypothesis testing based on Benjamini–Hochberg procedure
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for low education compared to 30·8% for high educa-
tion using Qwen. A change of more than ten percent-
age points was observed in sixteen prompts, relating to 
patient sex (n = 5), ethnicity (n = 5), educational attain-
ment (n = 2), income (n = 2), and health insurance status 
(n = 2). Overall, the three LLMs consistently showed that 
the expert-preferred top primary diagnosis was less likely 
to be missed in the LLMs top three lists if the patient was 
defined as female, of minority ethnicity, and covered by 
health insurance, with the exception of the emergency 
department case involving gastroesophageal reflux dis-
ease in Baichuan.

In terms of treatment suggestion, LLMs were signifi-
cantly less likely to recommend referrals to other health 
facilities for patients who were Han (1·1 percentage 
points less, p < 0·001), had high incomes (0·8 percentage 
points less, p < 0·001), and were enrolled in health insur-
ance (4·5 percentage points less, p < 0·001) compared 
to their counterpart subgroups (Fig.  5). Variations in 

referrals were consistent with health insurance status and 
were statistically significant in 16 of the 19 cases (84%) 
(Fig. 6), primarily driven by Qwen (Fig. 7). However, no 
consistent patterns were observed in referral variations 
across the 19 cases based on ethnicity and education.

No significant variations in recommendations for 
advanced imaging (CT, MRI, etc.) were found based on 
patient sociodemographic characteristics (Appendix p 
30).

Patient needs assessment
Variations by patient sociodemographic characteristics 
were observed in responses to 13 out of 22 Likert-scale 
statements (59%) generated by the LLMs: seven state-
ments (32%) related to patient sex, seven (32%) to health 
insurance status, six (27%) to income, four (18%) to eth-
nicity, and three (14%) to education. These statements 
pertained to pain treatment (n = 8), honesty (n = 7), and 
relationships with others (n = 7) (Fig.  8A-C; Appendix 

Fig. 5  Proportions of LLMs recommended referral to other health facilities for all NEJM Healer cases by patient sociodemographic characteristics. 
Legends: This figure shows the differences in the referral rate that LLMs-suggested for patients with different characteristics. All p values have been 
corrected for multiple hypothesis testing based on Benjamini–Hochberg procedure. * FDR-corrected p value < 0·05. † FDR-corrected p value ≤ 0·001
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p 31 for additional statements; FDR-corrected p-values 
from Mann–Whitney tests are in Appendix p 32). The 
LLMs expressed greater agreement with male patients 
regarding pain treatment compared to female patients 
(4·25 ± 0·51 vs. 4·12 ± 0·44 in Case One; 3·24 ± 0·86 vs. 
3·07 ± 0·94 in Case Five; FDR-corrected p < 0·001). Rat-
ings of patient understanding were lower for individuals 
with low education compared to those with high educa-
tion (2·73 ± 1·01 vs. 2·59 ± 0·95 in Case Four; 3·37 ± 0·87 
vs. 3·13 ± 1·17 in Case Eight; FDR-corrected p < 0·01). 
Additionally, the LLMs rated the patient relationship 
with others less healthy for individuals from minority 
ethnic backgrounds (FDR-corrected p < 0·001), with low 
income (FDR-corrected p < 0·05), and those not enrolled 
in health insurance (FDR-corrected p < 0·001). No con-
sistent variation patterns were observed in the other 
statements.

The sociodemographic variations in needs assessment 
differed among the three LLMs (Appendix p 33–38; 
FDR-corrected p-values in Appendix p 39–41) and Erine 

also performed the best. Of the responses to the 22 needs 
statements, sociodemographic variations were present 
in 13 statements (59%) generated by Baichuan (seven by 
patient sex, seven by ethnicity, and seven by income), 
compared to nine statements (41%) generated by Qwen 
(nine by patient sex, eight by health insurance status, 
seven by ethnicity). Erine exhibited the least sociode-
mographic variations in needs assessment, with only five 
statements (23%).

Discussion
Main findings
In this study, we systematically assessed the social biases 
exhibited by large language models (LLMs) in five spe-
cific patient sociodemographic characteristics—sex, eth-
nicity, educational attainment, income level, and health 
insurance status. We quantified to what extent of these 
biases when using three popular Chinese LLMs in com-
mon clinical application scenarios: generating clinical 

Fig. 6  Proportions of LLMs recommended referral to other health facilities by status of health insurance and NEJM Healer cases. Legends: This 
figure shows the differences in the referral rate that LLMs-suggested for 19 NEJM Health cases (Appendix p 3–4). All p values have been corrected 
for multiple hypothesis testing based on Benjamini–Hochberg procedure. * FDR-corrected p value < 0·05. † FDR-corrected p value ≤ 0·001
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cases for medical education, diagnostic assistance, treat-
ment decision-making, and patient needs assessment.

We found that LLMs commonly display social biases 
associated with patient sociodemographic characteris-
tics, with the nature and extent of these biases fluctuat-
ing based on specific clinical tasks and sociodemographic 
factors. Notably, the key drivers of these biases were 
found to be sex, ethnicity, income level, and health insur-
ance status, whereas biases linked to educational back-
ground were comparatively less frequent. Additionally, 
different LLMs demonstrated varying degrees of social 
biases for the same task. For instance, Baichuan is more 
likely to underrepresent minority ethnic groups than 

Qwen and Ernie, when being used to generate clini-
cal cases for medical education. Qwen suggested higher 
transfer rates for uninsured patients but lower pain medi-
cation needs for women.

Such tendencies risk reinforcing harmful stereotypes 
within medical education, leading to suboptimal diag-
nostic and treatment choices, and contributing to skewed 
evaluations of patient needs among already marginalized 
populations. Thus, our findings underscore that, despite 
the potential transformative impact of LLMs on health-
care, patient safety and equity should be prioritized when 
integrating LLMs into clinical education and decision-
support systems.

Fig. 7  Proportions of recommended referral to other health facilities from each LLM by status of health insurance and NEJM Healer cases. Legends: 
This figure shows changes in referral rate suggested by three Chinese LLMs (Qwen, Erine and Baichuan) when changing patient health insurance 
status (with vs. without). ED: Emergency Department. All p values have been corrected for multiple hypothesis testing based on Benjamini–
Hochberg procedure. * FDR-corrected p value < 0·05. † FDR-corrected p value ≤ 0·001
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Strength and limitations
The strength of this study lies in its comprehensive quan-
tification of social biases displayed by LLMs across three 
typical medical application scenarios [4]. Unlike preced-
ing research that primarily focused on racial and gender 
biases [19, 20], this study broadens its scope to encom-
pass potential biases related to educational attainment, 
income level, and health insurance status—factors that 
are also prevalent in healthcare services [12–14]. This 
expanded focus allows for a more systematic evaluation, 
providing benchmarks for the potential social biases 
inherent in LLMs. Furthermore, while previous inves-
tigations have largely quantified social biases within 
individual models [19, 20], this research synthesizes find-
ings from three distinct LLMs, yielding a more nuanced 
understanding of how different models may exhibit vary-
ing degrees—and sometimes contradictory forms—of 
social bias in the same clinical settings and tasks. Lastly, 
this study evaluates the societal biases of LLMs trained on 
corpora derived from the Chinese-speaking community, 

contrasting with earlier research that primarily analyzed 
English-based LLMs [19, 20]. Given that Chinese is spo-
ken by approximately one-fifth of the world’s population 
[32], this evaluation provides critical insights into the 
potential global impacts of LLM-induced social biases, 
particularly within a significant non-English linguistic 
context.

The limitations of this study include the following: 
First, the focus is exclusively on general-purpose LLMs 
rather than specialized medical LLMs or those fine-tuned 
for specific tasks (e.g., few-shot or chain-of-thought 
prompting). Specialized LLMs or fine-tuned models are 
more likely to perform with higher accuracy in targeted 
tasks and may mitigate social biases [4]. However, since 
specialized medical LLMs are not readily accessible to 
most healthcare providers, and fine-tuning techniques 
are not commonly employed by them, this study reflects 
the predominant reality where general-purpose LLMs are 
the primary tools used by healthcare workers [33]. Con-
sequently, the findings align more closely with the actual 

Fig. 8  LLMs’ responses to patient needs statements by patient sociodemographic characteristics. Legends: This figure shows differences 
in agreement that LLMs rated (from very disagree-1 to very agree-5) regarding statements assessing patient needs of treatment decision 
regarding pain (A), patient honesty (B) and patient relationship (C). All p values have been corrected for multiple hypothesis testing based 
on Benjamini–Hochberg procedure. FDR-corrected p values for all comparison are in Appendix p 32 (Table S10). * FDR-corrected p value < 0·05.  
† FDR-corrected p value ≤ 0·001
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conditions under which many healthcare providers oper-
ate. Second, the study utilizes clinical vignettes instead 
of real patient data. While this approach helps control 
for confounding variables, it limits the generalizabil-
ity of the findings to real-world clinical settings. Future 
research that incorporates real-world data, such as elec-
tronic health records and clinical notes, could provide a 
more accurate representation of the social biases present 
in practical clinical applications. Third, the NEJM Healer 
cases chosen for this study are expected to be minimally 
influenced by sociodemographic factors. In real-world 
diagnostics, however, expert differential diagnoses can 
vary significantly based on patients’ demographic charac-
teristics. This discrepancy underscores the need for cau-
tion when interpreting the study’s findings.

Comparison with existing research
Our study confirmed the social bias of LLMs in medi-
cal education, particularly in generating clinical cases 
that accurately capture the real-world sociodemographic 
diversity of diseases. Unlike previous research showing 
that GPT-4 may overstate relationships between disease 
prevalence and demographic factors such as gender or 
race — for example, generating more Hepatitis B patients 
in Asian populations, our study did not observe such pat-
terns [20]. Instead, when creating clinical cases for edu-
cational purposes, the three Chinese LLMs demonstrated 
tendencies toward specific demographic distributions, 
with variations across different diseases. For example, 
Ernie significantly over-reported male cases, Qwen dis-
proportionately represented minority groups, and Bai-
chuan entirely overlooked minority representation.

Moreover, previous studies did not assess bias of GPT-
series towards patient with different education attain-
ment and income in healthcare applications [12–15], we 
are the first to assess this. We found significant biases 
related to educational and income levels were observed 
in the generation of clinical cases, demonstrating LLMs’ 
overstatement or even reversal of the relationship 
between these factors and the prevalence of diseases in 
existing evidence. While recent studies suggest no sub-
stantial impact of income level on hypertension preva-
lence in China [34], the models we examined frequently 
depicted cases involving individuals from lower-income 
groups. Conversely, low income is a recognized risk fac-
tor for diabetes [35], and low educational attainment is 
a risk factor for both hypertension and diabetes [34, 35]. 
Despite this, Ernie overemphasized these disparities by 
disproportionately generating cases involving individuals 
with low education and income levels, contrary to actual 
prevalence rates [34–36]. On the other hand, Qwen and 
Baichuan generated more cases involving individuals 

with higher education and income levels, which also does 
not align with epidemiological realities [34–36].

Such biased case generation derived from patients’ dif-
fering sociodemographic characteristics risks reinforcing 
social biases in healthcare and deepening stereotyping 
among future medical professionals [12–14].For instance, 
Ernie’s systematic overrepresentation of low socioeco-
nomic status (SES) cases risks reinforcing erroneous 
associations between income level and hypertension 
prevalence, contributing to cognitive distortions by over-
emphasizing income level as a primary risk determinant. 
Conversely, Qwen and Baichuan’s underrepresentation of 
low SES populations may generate epidemiological mis-
understanding regarding disease distribution patterns, 
resulting in diagnostic oversight of vulnerable demo-
graphic groups. Additionally, since LLMs are used to 
generate simulated clinical data for training other mod-
els [37], these biases could be perpetuated and amplified, 
leading to automated biased information that affects clin-
ical decision-making and exacerbates health inequalities 
[38]. More critically, the algorithmic biases may perpetu-
ate or amplify discrimination against socially disadvan-
taged populations (e.g. hypertension exclusively affects 
low-income groups), thereby aggravating existing health-
care disparities.

When LLMs were employed to assist in diagnosis, 
treatment decisions, or patient needs assessment across 
diverse demographic groups, social biases remained 
prevalent, particularly in diagnosis and referral deci-
sions. While previous research on GPT-4 did not reveal 
persistent biases toward specific demographic groups in 
differential diagnosis recommendations [20], our study 
suggests that generalized frameworks for evaluating 
social bias may not be adequate for detecting nuanced 
biases within LLMs. Instead, more tailored perfor-
mance metrics and context-specific probes are necessary 
to accurately assess social biases in clinical decision-
making. For example, in the current study, we designed 
probes assessing five biases which were prevalent in the 
context of health care and applied three indicators to sys-
tematically assess LLMs biases regarding diagnosis based 
on top primary diagnosis, missed diagnosis, and the 
overall quality of diagnosis list. Therefore, when applying 
LLMs in different clinical settings, targeting on different 
populations and undertaking various tasks, the develop-
ers, deployers and users may need to first understand 
what the sources of potential biases are and further iden-
tify when it may likely to occur to design a more effec-
tive and efficacy probes to detect and further reduce the 
potential social biases of LLMs.

In contrast to findings indicating no significant bias in 
GPT-4’s referral decisions based on race [20], our study 
found that certain LLMs, especially Qwen, demonstrated 
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a notably higher referral rate for uninsured patients. 
Unlike GPT-4 which tended to refer patients to higher-
level institutions or specialist hospitals [20], we found 
that Chinese LLMs are more likely to deny treatment 
and transfer uninsured patients to other institutions, 
which represented potential patient refusal and reflect 
the economic realities within health care system in China 
[39]. Given the absence of a mandatory gatekeeper role 
for family doctors in China [40], the higher referral rates 
for uninsured patients might reflect attempts to mitigate 
financial risks, as these patients are less likely to afford 
medical expenses. This interpretation is further sup-
ported by the observation of higher referral rates among 
low-income groups compared to their wealthier coun-
terparts. These findings emphasize the need for more 
sophisticated tools and strategies to identify and mitigate 
social biases in LLMs, ensuring that these technologies 
contribute to equitable healthcare practices rather than 
amplifying existing disparities.

Implications
With the continuous development and integration of new 
LLMs in healthcare, it is crucial to ensure that these tech-
nologies do not perpetuate or exacerbate sociodemo-
graphic-related health inequalities. Our study highlights 
the importance of ongoing evaluations of social biases 
exhibited by LLMs, as these biases may vary depending 
on disease context, patient demographics, and model 
updates. For the effective and equitable use of LLMs in 
healthcare, it is essential not only to monitor their clinical 
performance and safety but also to make fairness evalua-
tion a fundamental requirement before deployment [41]. 
The key to ensuring fairness in LLMs lies in evaluating 
social biases in language models. This entails assessing 
whether LLMs provide equitable support across diverse 
patient groups. Additionally, post-deployment monitor-
ing is necessary to ensure that as clinical environments 
change and LLMs evolve, physicians continue to receive 
unbiased and fair decision support.

A proactive approach to monitoring and evaluat-
ing LLMs will help safeguard the integrity and equity 
of healthcare as these models become more embedded 
in clinical practice. Among various stakeholders, the 
governments and healthcare providers play important 
roles. As the regulatory bodies, governments can reduce 
biases of LLM by enacting policies or setting standards 
[42, 43], which have been observed in U.S., Europe and 
China. However, the ambiguity of these policies and lack 
of eligible supervisors limits their implementation, which 
results in generally absence of supervision in the current 
circumstance. On the other hand, although clinicians 
were considered as the frontline users and can provide 
practical insights and feedback of LLMs potential biases 

since that widespread use of LLMs in healthcare was 
under clinician supervision, it remains unclear whether 
clinicians can reliably detect the automated biases 
embedded within LLM-supported clinical decisions [44]. 
This uncertainty is further complicated by the limited 
AI literacy among healthcare professionals [33], which 
may impede their ability to critically evaluate the out-
puts of LLMs. Therefore, raising awareness and improv-
ing understanding of LLM limitations among healthcare 
providers is also imperative to ensure the responsible use 
of these tools.

Previous research suggests that the social biases pre-
sent in LLMs arise from their training data, algorithms, 
and fine-tuning processes [45]. The variation in the 
degree and direction of social biases observed across dif-
ferent models in our study can be traced back to these 
factors. Among the Chinese LLMs tested, Ernie dem-
onstrated the best performance in terms of minimizing 
social bias. However, its closed-source nature [46], limits 
our understanding of why it outperforms the others. In 
contrast, more transparent models, like Qwen and Bai-
chuan, have made certain aspects of their characteristics 
publicly available, but the training datasets and fine-tun-
ing processes are often not fully disclosed [47, 48].

Given the immense scale, high cost, and complexity 
involved in training and fine-tuning LLMs, understand-
ing how these biases emerge remains a difficult task. 
Therefore, it is essential to develop tools and metrics spe-
cifically designed to identify and evaluate social biases in 
LLMs. These tools should facilitate the swift and accurate 
detection of biases, enabling improvements that align 
LLMs with societal goals. Although a few frameworks 
have been proposed to assess social bias and fairness in 
LLMs, their effectiveness in clinical settings remains 
largely unexplored [41].

Moreover, strategies such as refining training data, 
employing reinforcement learning with human feedback, 
using prompt engineering, and conducting self-audits 
have been suggested to mitigate social biases in LLMs 
[41]. However, identifying the most effective de-biasing 
method remains an open question, requiring further 
experimentation and analysis. These efforts are crucial 
for promoting the responsible and equitable use of LLMs, 
especially in sensitive fields like healthcare.

Conclusion
While LLMs have the potential to enhance healthcare 
delivery, transform services, and improve patient out-
comes, there is a risk that these models could perpetuate 
or even exacerbate social biases, particularly for socio-
economically disadvantaged populations such as low-
income individuals or those without health insurance. 
To ensure that LLMs achieve their promise of improving 
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healthcare without deepening existing inequalities, it is 
crucial to conduct comprehensive, ongoing evaluations of 
social biases in their medical applications. Greater trans-
parency in training data and processes will enable stake-
holders to better understand the origins of these biases 
and develop strategies to mitigate them. This transpar-
ency is not only key to building more equitable models 
but also fosters trust among users and the broader public. 
By prioritizing fairness, we can harness the full poten-
tial of LLMs to ensure that these technologies benefit all 
individuals equitably and contribute meaningfully to the 
future of healthcare.
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