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ARTICLE INFO ABSTRACT

Keywords: People often use search engine results and online reviews to find health services and medical practitioners.
Large language models (LLMs) However, it can be overwhelming to choose a practitioner when given hundreds of physician listings, making it
Orthopedics tempting for people to use large language models (LLMs) such as ChatGPT to provide doctor recommendations.
::;Z;?nr?:;tdamns The present study examines ChatGPT’s ability to provide recommendations for real medical practitioners (i.e.,

orthopedic surgeons) and experimentally tests how the inclusion of patient characteristics (e.g., age, race, in-
come) in prompt queries impacts responses. Out of 40,500 queries, ChatGPT stated that it was unable to provide
recommendations for 52.8 % of responses. Results show that ChatGPT varied its recommendation response
depending on personal characteristic of tested patient personas (e.g., race). Patient characteristics most relevant
to healthcare access — income, health insurance status, and location — were the strongest predictors on whether
ChatGPT provided a surgeon recommendation. Specifically, prompts where the patient persona had a high in-
come and stated they had health insurance were significantly more likely to receive recommendations. Further,
patient prompts based in New York City and Chicago were more likely to receive a recommendation compared to
Phoenix and Houston. A subset of coded responses (n = 1000) show that only 44.6 % of recommended surgeons
were valid. Among the valid surgeons, 97.1 % (n = 433) were male and 81.4 % (n = 363) were White. Our
findings show that ChatGPT does not reliably provide valid surgeon recommendations and suggests it may be
biased when given personal descriptions of patients when making queries.

Prompt engineering
Information retrieval

1. Introduction how well LLMs can provide accurate and relevant information, espe-

cially when searching for specialized health practitioners. The internet is

Large Language Models (LLMs), such as OpenAI's ChatGPT or Google
Gemini, are advanced Al systems trained on a vast corpora of text data to
understand and generate human-like language [1]. They are increas-
ingly integrated into everyday tools and services, supporting tasks
ranging from writing assistance [2] to personal coaching [3-5]. LLMs
are particularly well-suited for advice-seeking, as they can analyze
context, draw on extensive knowledge, and produce responses that feel
thoughtful and personalized,often resembling a conversation with a
knowledgeable peer [6]. As the use of commercial LLMs continue to
grow and even replace traditional health information seeking ap-
proaches (e.g., search engine queries) [7-9], it is important to assess

commonly used to find health services as many people consult online
reviews of doctors when choosing a specialized clinician, particularly in
the context of orthopedics or sports medicine where patients may have
or seek more autonomy of choice that could also be mediated by in-
surance coverage/status [10-13]. However, it can be overwhelming to
choose a practitioner when given hundreds of listings on websites and
search results, making it tempting for patients to use LLMs to provide
doctor recommendations and streamline efforts. The present study ex-
amines an LLM’s ability to provide recommendations of real medical
practitioners (i.e., orthopedic surgeons) and experimentally tests how
the inclusion of patient characteristics (e.g., age, race, income) in
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prompt queries impacts LLM responses.

Given their capabilities, LLMs are increasingly adopted in health-
care. For example, Liu et al. [14] introduce LEADER, a method
leveraging LLMs to enhance medication recommendations based on
patients’ medical histories and current conditions. Similarly, Oniani
et al. [15] incorporate clinical guidelines into LLMs to improve the ac-
curacy of treatment suggestions. Beyond these applications, LLMs have
also been used for disease diagnosis and treatment planning, supporting
diagnostic accuracy and clinical decision-making [16]. Specific to or-
thopedics, recent studies highlight both the promise and limitations of
LLMs. In a systematic review of 68 studies, Zhang et al. [17] noted that
GPT-4 generally outperformed GPT-3.5; however, the models were not
consistent in their accuracy on diagnostic tasks. Results from a biblio-
metric and machine-learning classification of 140 orthopedic publica-
tions by Velasquez Garcia et al. [18] showed fast growth of LLM research
towards areas such as patient education and clinical support, but the
authors recommend specific domain validation with an imperative for
ethical oversight. Chatterjee et al. [19] reviewed applications of
ChatGPT to orthopedic education, surgical planning, and research.
While the authors found ChatGPT promising for generating operative
notes and exam content, they warned about its tendency toward generic
and inaccurate output.

Despite their promise, LLMs are prone to hallucination, which is the
generation of plausible-sounding but inaccurate or nonfactual content
[20]. In healthcare, such hallucinations pose serious risks, potentially
compromising patient safety and undermining the goals of personalized
or precision medicine [21]. To address this, various mitigation strategies
have been proposed, including refusal mechanisms that allow LLMs to
decline answering when uncertain [17,22]. However, these mechanisms
may make LLMs overly cautious, reducing their overall utility [23,24].

Prompt engineering is another factor that can influence the consis-
tency of LLM output, as subtle differences in word choice of input
prompts can impact accuracy, relevance, and coherency of LLM output
[25]. Haupt et al. [26] further demonstrated that incorporating various
identity cues into prompts—such as political orientation, educational
background, and geographic location—can influence ChatGPT’s ability
to detect health-related misinformation. This suggests that assigning
specific roles to an LLM model (also known as “role-playing”) can in-
fluence how it processes a request and potentially have it adopt biases
related to social identities that may underline its foundational model or
training data. In our study, we experimentally test how appending
identity attributes to prompts such as age, race, sex, income, and other
relevant factors such as health insurance status and location, influences
LLM output when asked to give recommendations for orthopedic sur-
geons. Unlike prior studies that have used role-playing, we will ask
ChatGPT to provide recommendations to individuals with specified
identities, rather than instructing it to adopt those identities itself.
Further, prior literature has evaluated the appropriateness of LLM re-
sponses to medical questions, but no studies to our knowledge examine
an LLM’s ability to provide a lists of real professionals that users can
contact to receive care. The present study fills this gap by testing
ChatGPT’s ability to generate a list of accurate surgeon names based on
prompt inputs using its internal knowledgebase, a practical simulation
exercise likely carried out by patients when seeking healthcare services.

1.1. Present study

The present study investigates whether LLMs—specifically GPT-4o,
the most advanced freely accessible model at the time of the
study—can provide helpful, truthful, and trustworthy orthopedic sur-
geon recommendations for users with different demographic profiles.
Our focus is on assessing how frequently GPT-40 generates surgeon
recommendations versus refusing to answer, the validity of the surgeons
it lists, and demographic characteristics of those surgeons. Through this
inquiry, we aim to examine how an LLM balances trustworthiness (i.e.,
not hallucinating) and helpfulness (i.e., providing relevant responses) in
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a high-stakes domain such as physician recommendations. While our
tested model did not have real-time access to the internet (see Methods
for further detail), our findings are based on ChatGPT’s knowledgebase
which corresponds to real information provided on the internet, albeit
with a lag of 14 months in recency from when the experiment was
conducted.

We tested the following conditions for prompts: Race (Black, White,
Hispanic, Asian, Native), Sex (Male, Female, Nonbinary), Age (18 years
old, 35 years old, 65 years old), Total Household Income based on US
percentiles ($17 K (10th percentile), $74.2 K (50th percentile), $216 K
(90th percentile)), Health Insurance Status (Have insurance, Does not
have insurance), and Location (NYC, LA, Chicago, Houston, Phoenix).
These conditions were chosen as they correspond to demographic
characteristics that have historically been shown to be related to dis-
parities in receiving healthcare services [27-35]. Location was tested to
assess whether ChatGPT’s surgeon recommendations account for
geographic proximity, as giving a user a surgeon recommendation in
another city would generally be unhelpful or exacerbate disparities
associated with access and transportation barriers. The locations NYC,
LA, Chicago, Houston, and Phoenix were tested as they are major
metropolitan cities that span across major regions within the United
States.

2. Methods

We used the model gpt-40-2024-08-06, the most advanced freely
accessible version available through the web interface during the time of
our experiment (December 2024). This version of ChatGPT lacks native,
“built-in” internet connectivity, which means that its knowledgebase
cutoff is from October 2023. Therefore, recommendations examined in
our study are based on information that is 14 months older that when the
queries were made. This is particularly relevant for clinical systems,
which often use closed LLMs that are restricted from accessing the
Internet, and instead rely on retrieval augmented generation (RAGs) and
curated knowledgebases to mitigate concerns regarding data privacy,
regulatory compliance, and introduction of hallucinations about medi-
cal information[36,37].

For the experiment, we constructed self-description prompts incor-
porating various identity attributes when asking ChatGPT for surgeon
recommendations, as depicted in Fig. 1. Each prompt included variable
placeholders enclosed in curly brackets, representing different identity
categories. We created 1,350 distinct identity combinations (calculated
as 5 Race conditions x 3 Sex conditions x 3 Age conditions x 3 Income
conditions x 2 Insurance conditions x 5 Location conditions), enabling a
comprehensive analysis across a broad range of user profiles and select
geographies. After providing each user description, GPT-40 was asked to
recommend surgeons using a standardized format: “Surgeon Number:
<Surgeon Name>: <Clinic Name>,” listing four surgeons in total. To
simplify text extraction, the model was instructed to output only the
surgeon list. To account for variability in GPT-40’s responses—since the
model’s default temperature setting of 1 generates different outputs for
identical prompts—we issued 30 prompt requests for each unique
identity combination. This resulted in a total of 40,500 responses (1,350
prompts x 30 repetitions). As a control comparison, we ran a session
with only location and no identity prompts, resulting in 150 runs in total
(5 locations x 30 repetitions).

We created a binary variable to capture whether ChatGPT provided a
list of surgeon names or stated that it was unable to provide the
requested information. Pearson’s Chi-sq test was conducted to identify
statistically significant differences between prompt conditions on the
likelihood to provide surgeon recommendations. Further, a Shapley
value regression was run to quantify the strength of the tested prompt
identities on likelihood to provide surgeon recommendations. A Shapley
value regression assesses the relative importance of predictors by
computing all possible combinations of independent variables within a
regression model and recording how much the R-sq changes with the
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Prompt:

{Location}.

| am a {Age} {Race} {Sex} with a total household income of {Income}. | {Health
Insurance Status} health Insurance. Please recommend 4 orthopedic surgeons in

Provide the output in the following format:

Surgeon 1: <Surgeon Name>: <Clinic Name>
Surgeon 2: <Surgeon Name>: <Clinic Name>
Surgeon 3: <Surgeon Name>: <Clinic Name>
Surgeon 4: <Surgeon Name>: <Clinic Name>

Only list the recommendations. Do not include any explanations or commentary.

Fig. 1. Prompt Template with Experiment Conditions.

addition or subtraction of each variable [38]. Shapley coefficients are
standardized as they reflect the proportion of model variance (R-sq)
attributed to each independent variable. See [39,40] for examples of
Shapley value regressions being used to rank predictors of engagement
with health-related information.

In total, 8,334 unique surgeon names were extracted from all 40,500
responses. We took a random subset of n = 1000 unique names and
verified whether the surgeon and his or her practice in fact existed. We
used two approaches for verifying the validity of surgeons and practices
recommended by ChatGPT: internet search conducted by the research
team and cross referencing with National Provider Identifier number
(NPI) via an API [41]. Since the general public would likely use a search
engine to obtain contact information of recommended providers and
may not be aware of NPIs to verify the validity of a medical provider, the
research team conducted a manual internet search to verify that rec-
ommended surgeons and practices were listed on a credible website.
Another limitation of NPIs is that they may not account for cases when
the name of a surgeon or practice used to register for an NPI is not
aligned with the name used in marketing materials (i.e., “doing business
as”). For instance, a surgeon may have their middle name listed when
registering for an NP, but not include it on the website of their practice.
Thus, manual search provides a stricter criteria for defining valid rec-
ommendations. Manual verification was conducted via online search by
3 members of the research team, where the surgeon’s name, name of
practice, and location provided by ChatGPT was entered into search
engines to verify if there was an official website corroborating the ex-
istence of both the clinician and practice. Specifically, surgeons needed
to be listed on a website from a hospital, clinic, or other official
healthcare provider. Surgeon names were also checked on whether the
practitioner was still alive or not retired, was registered in a relevant
field (e.g., orthopedics, surgeon), and practiced in or near the city
mentioned in the prompt. Perceived race and gender based on profile
pictures and other identifying information (e.g., name) was also coded
for each surgeon.

The validity of the clinical practice was assessed separately to ac-
count for scenarios where ChatGPT provides an invalid surgeon but still
recommends a real clinic. In total, n = 310 unique names for medical
practices were extracted from the 1000 surgeon names and content
coded for validity. When using internet search, a valid rating required
the name of the practice to match exactly with what was listed in an
official website with the exception of abbreviations (e.g., “New York
University” as “NYU™). When cross referencing practices with NPI reg-
istry, we allowed up for one word discrepancies (e.g., 'association'
instead of 'center') and when a name was longer or shorter (' Houston
Methodist Hospital' instead of the more specific ' Houston Methodist
Orthopedics & Sports Medicine").

3. Results

Table 1 shows results from the control experiment that only tests
location. When only given city names in the prompt, ChatGPT provides
surgeon recommendations to the vast majority of inquiries (over 80 %)
with NYC and LA receiving recommendations for all responses (100.0
%). There were no statistically significant differences detected between
cities and likelihood to receive recommendations based on a Chi-sq test.

However, the likelihood of giving surgeon recommendations notably
decreases when adding social identities to the prompt conditions. In
total, out of the 40,500 responses, ChatGPT only gives a list of surgeon
recommendations to 47.2 % of queries. The remaining 52.8 % of re-
sponses stated that ChatGPT was unable to provide recommendations
with some variation of the following text: “I'm sorry, but I cannot pro-
vide real-time or location-specific recommendations for medical pro-
fessionals. It's best to consult a local directory, your health insurance
provider, or online resources for up-to-date information on orthopedic
surgeons in [Location].”.

Table 2 shows differences in the percentage of responses that give
surgeon recommendations when testing all prompt identity conditions.
Prompts that mentioned the patient is Native American were the most
likely to receive surgeon recommendations (53.3 %) followed by White
(49.2 %). Prompts with Asian identity were the least likely to receive a
recommendation (36.4 %), and this difference is highly significant
compared to all other tested racial and ethnic identities (p < 0.001).
Income showed large differences by condition: prompts that mentioned
the patient has a high income ($216 K) were almost three times more
likely to receive surgeon recommendations compared to low income
($17 K) patients (70.2 % vs 23.4 %, p < 0.001). Further, prompt con-
ditions that mentioned the patient had health insurance were almost
twice as likely to receive recommendations than prompts that state no
coverage (61.5 % vs 32.5 %, p < 0.001). Location conditions were also
influential. Prompts that included NYC as the location were the most
likely to receive recommendation (60.6 %) followed by Chicago (59.4
%). Phoenix was the least likely to receive recommendations (36.9 %)
and this difference is statistically significant (p < 0.001) when compared

Table 1
Percentage of responses with surgeon recommendations — location
only (n = 150).

LOCATION % Given Recommendations
Chicago 96.7 %
Houston 86.7 %
LA 100.0 %
NYC 100.0 %
Phoenix 93.3 %
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Table 2
Percentage of responses with surgeon recommendations by prompt identities
(n=40,500).

% Given Statistically Significant Differences
Recommendations (Pearson’s Chi-sq test)
Race Asian 36.4 % Black (p < 0.001); Hispanic (p < 0.001);
Native (p < 0.001); White (p < 0.001)
Black 48.2 %  Asian (p < 0.001); Native (p < 0.001)
Hispanic 48.1 % Asian (p < 0.001); Native (p < 0.001)
Native 53.3%  Asian (p < 0.001)
White 49.2%  Asian (p < 0.001)
Sex Female 45.0 % Male (p < 0.001); Nonbinary (p < 0.001)
Male 47.4%  Female (p < 0.001); Nonbinary (p < 0.05)
Nonbinary 48.8%  Male (p < 0.05); Female (p < 0.001)
Age 18-year- 45.7 %  35-year-old (p < 0.001)
old
35-year- 48.6 %  18-year-old (p < 0.001); 65-year-old (p <
old 0.01)
65-year- 46.8%  35-year-old (p < 0.01)
old
Income $17 K 23.4%  $74.2K (p < 0.001); $216 K (p < 0.001)
$74.2K 47.5 % $17 K (p < 0.001); $216 K (p < 0.001)
$216 K 70.2%  $17 K (p < 0.001); $74.2 K (p < 0.001)
Health Do not 325%  Have (p < 0.001)
Insurance have
Have 61.5 % Do not have (p < 0.001)
Location Chicago 59.4%  HTX (p < 0.001); LA (p < 0.001); Phoenix
(p < 0.001)
HTX 33.0% Chicago (p < 0.001); LA (p < 0.001); NYC
(p < 0.001); Phoenix (p < 0.001)
LA 45.3 %  Chicago (p < 0.001); NYC (p < 0.001);
Phoenix (p < 0.001)
NYC 60.6 %  HTX (p < 0.001); LA (p < 0.001); Phoenix
(p < 0.001)
Phoenix 36.9 % Chicago (p < 0.001); HTX (p < 0.001); LA

(p < 0.001); NYC (p < 0.001)

to the other tested locations. Statistically significant differences were
also shown for Sex and Age identities, however, these differences were
only by a few percentage points.

A Shapley value regression was used to assess which prompt iden-
tities were most influential on the likelihood of receiving a surgeon
recommendation, as shown in Fig. 2. The results show that Income is the
most influential predictor and explains almost half of the model’s vari-
ance (48.8 %) when controlled for the other tested identities. Health
Insurance coverage (28.6 %) and Location (17.7 %) were also shown to be
strong predictors. Age and Sex are the weakest predictors with both

Location [ 17.7%

Health Insurance | 28.6%

income NN 48.8%

Age 0.0%
Sex | 0.4%
Race [} 4.4%

Fig. 2. Strength of Predictors for Giving Surgeon Recommendation from Lo-
gistic Regression. Note: Percentages are based on standardized coefficients from
Shapley Value Regression and represent the proportion of variance (McFadden
pseudo-R?) attributed to each predictor. Total pseudo-R? of model = 0.248.

International Journal of Medical Informatics 219 (2026) 106581

identities explaining less than 1 % of the model’s variance.

Finally, from the 1000 unique surgeon names that were content
coded for validity, less than half (44.6 %) were valid surgeons, with 55.3
% invalid, and 0.1 % unsure. Among the valid surgeon names, 97.1 % (n
= 433) were male, 2.7 % (n = 12) were female, and 0.2 % (n = 4) were
coded as unsure. When looking at the perceived race of valid surgeons,
81.4 % (n = 363) were White, 2.5 % (n = 11) Black, 13.0 % (n = 58)
Asian, 1.3 % (n = 6) Hispanic, and 1.6 % (n = 7) were coded as unsure.
When using NPI registry API to verify validity, we found that 54.8 %
were valid, 30.9 % invalid, and 14.3 % as unsure. Among the n = 310
unique names of medical practices provided by ChatGPT, we found that
48.4 % (n = 150) of coded practices were valid, 49.4 % (n = 153)
invalid, and 2.3 % (n = 7) were unsure. When using the NPI registry to
verify practice, we found that 77.7 % (n = 241) were valid, 20.0 % (n =
62) invalid, and 2.3 % (n = 7) unsure.

4. Discussion

Our findings show that including social identities in prompts has a
notable impact on ChatGPT’s ability to give surgeon recommendations.
In our control condition, ChatGPT gave a list of orthopedic surgeon
recommendations to the majority of responses, regardless of city.
However, when including demographic characteristics of the patient
such as age, race or gender, ChatGPT is much more likely to state that it
is unable to provide real-time or location-specific recommendations.
This is consistent with our previous work showing that prompt engi-
neering with social identities impacts LLM responses to health-related
queries [26]. ChatGPT’s resistance to provide surgeon names when
mentioning identities of patients may reflect a sensitivity to social in-
formation, however, further research is needed to understand why
ChatGPT is willing to provide real-time and location-specific informa-
tion for some prompts, but then state it is unable to provide the same
information for others.

We also find that ChatGPT is more likely to provide surgeon rec-
ommendations depending on the tested identities used in the prompt.
When the patient described in the prompt is White or Native American,
ChatGPT is much more likely to provide recommendations while Asian
identities were least likely to receive a list of surgeon names. Sex and age
showed statistically significant differences as well, however, these dif-
ferences were only by a few percentage points (3 % or less). It is unclear
why ChatGPT is more likely to provide recommendations for some racial
groups over others. While these differences may be attributed to avail-
able data used to train the LLM, additional research is needed to provide
a clearer explanation, as other factors such as built-in safety mechanisms
could also explain why a model refuses to give responses for certain
prompts.

Notably, conditions most relevant to healthcare access — income,
health insurance, and location — were the strongest predictors of
whether ChatGPT provides surgeon recommendations. Tested condi-
tions related to healthcare access showed the largest differences on
receiving recommendations: prompts mentioning the patient has health
insurance were almost twice as likely to receive surgeon recommenda-
tions compared to prompts stating no health insurance. Further, prompts
with high income patients were almost 3 times more likely to receive
recommendations compared to the lowest income level. Mentioning the
patient lives in NYC and Chicago were also much more likely to receive
recommendations compared to Houston and Phoenix. When considering
results from the Shapley value regression, income, health insurance
status, and location were shown to be the strongest predictors on like-
lihood to receive a recommendation.

There are multiple factors that could explain why ChatGPT responds
differently to social identities mentioned in queries. One may be un-
derlying biases in the model, where ChatGPT may weigh the importance
of social identities and locations differently when providing requested
information, and may be biased towards those who have barriers to
healthcare access (i.e., low income, has no insurance) by withholding
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medical recommendations. This explanation would be consistent with
previous reports documenting social biases from algorithms [42,43] and
LLMs more specifically [44-46]. For LLMs, bias may stem from data
collection approaches (e.g., factuality of sources) and from model
specifications where LLMs prefer documents based on popularity or
input positions (e.g., preferring content from the beginning or end of
lists and ignoring items in the middle)[44]. However, our findings could
also be attributed to safety compliance settings, where our version of
ChatGPT may provide a “safe” response by refusing to provide the
requested information when social identities are mentioned. In sce-
narios where users may be ineligible for the request (e.g., asking for
surgeons when they do not have health insurance), ChatGPT may also
prefer to “lie” by saying no information is available instead of telling
users they will experience access barriers. This explanation would be
consistent with previous work showing that LLMs can be overly agree-
able and have sycophantic tendencies [47,48]. In sum, the observed
differences in LLM output may be attributed to multiple interacting
factors including: built-in safety mechanisms, regulatory refusal pol-
icies, risk-averse tendencies, and underlying bias within the model.
Further experimental work is necessary to test hypotheses explaining
why the output differs when mentioning social identities in prompts.

When verifying recommended surgeons via manual internet search,
more than half of the surgeons provided by ChatGPT were considered
invalid, meaning we were unable to find a reputable source corrobo-
rating the existence of the surgeon. Among those valid surgeon names,
we found an overwhelming gender bias for recommendations: 97.1 % (n
= 433) of valid surgeons were male. We also find a notable racial bias, as
the majority of recommended surgeons were White 81.4 % (n = 363). It
is likely that these biases reflect demographic patterns inherent in or-
thopedic surgery, as the field is historically known to have gaps in racial
and gender diversity [49-51]. While LLMs may reflect and reinforce
existing disparities, the use of LLMs could potentially be used to counter
these disparities by balancing recommendations for underrepresented
groups. LLM output can be further personalized to users based on factors
such as gender or race, as some patients may prefer medical practi-
tioners who share demographic backgrounds [52-57]. When using NPI
to cross reference surgeon names via an API, we found that more names
were defined as valid (54.8 %), however, this criteria is laxer since it
does not account for differences in how the name is listed in the registry
compared to public-facing websites.

Validity of the recommended practices was also assessed: we found
that 43.7 % (n = 437) of coded responses showed a valid practice, 54.5
% (n = 545) invalid, and 1.8 % (n = 18) as unsure when conducting a
manual internet search. When using NPI to cross reference practice
names, which used a laxer criteria for validity, we find that valid names
increases by over 30 percentage points. Despite the higher percentage of
valid practice names, we still find that 20 % of practice names did not
correspond to an NPL In sum, our findings show that ChatGPT is
inconsistent when recommending real orthopedic surgeons, regardless
of using strict or lax definitions for defining validity.

4.1. Limitations & future research directions

There are notable limitations for the present study. First, we only
tested one version of ChatGPT (model gpt-40-2024-08-06). Additional
work is needed to test how output may vary for: more recent versions of
ChatGPT, other general-purpose LLMs such as Google Gemini, and
specialized LLMs for healthcare use cases (e.g., Glass). Another impor-
tant limitation is that the gpt-40-2024-08-06 model is a static snapshot
with a knowledgebase cutoff of October 2023. Therefore, our version of
ChatGPT lacks native, “built-in” internet connectivity. This means that
within an API environment, the model can only access external data if
explicitly provided with a retrieval tool. While OpenAl introduced a
native web_search tool via the Responses API on March 11, 2025, our
experiments were conducted in December 2024, prior to this release.
Taking these factors into account, this means that there was a 14 month
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lag between ChatGPT’s internal knowledgebase and the time the
experiment was conducted. Since many publicly available versions of
ChatGPT would have access to the internet, our surgeon recommenda-
tions would be based on older information compared to versions using
real-time data. As a result, it is possible that we may be underestimating
the percentage of valid recommendations due to instances where a
surgeon or clinic is removed from a directory between October 2023 and
December 2024.

Researchers can adapt our methodology to examine how our findings
are impacted when using more recent models with internet access.
Those wishing to conduct direct comparisons with our results should test
the same social identities and use identical prompt formatting to remove
confounding effects from prompt engineering. Our methodology can
also be adapted to assess how LLM output is influenced by mentioning
other social identities not tested in the present study, requesting rec-
ommendations for other types of medical professionals, and using
memory from previous conversations with the LLM. To ensure repro-
ducibility and promote further testing using models with internet access,
we have made our codebase and experimental protocols publicly
available at https://github.com/GHPDi-Research-Team/LLM-Orth
opedics.

It is also worth noting that our prompt design conditions where the
user’s social identities are listed out do not reflect how users would
typically write a search query. While previous work shows evidence that
patient experience improves when treated by medical practitioners with
matching identities such as race [52-57], it is unknown whether pa-
tients would explicitly mention their identities when writing a query or
which identities they would choose to disclose. LLMs in real-world set-
tings may also implicitly tailor output to users by extracting social
identity and demographic characteristics through the chat memory or
user metadata that may be available to the system via other means (e.g.,
user account settings, cookie history, etc.). Further, interactions be-
tween users and chatbots tend to be iterative in real-world settings,
where users can send follow-up queries with refined prompts if they do
not find the desired information on the first attempt. Thus, our findings
do not reflect “hard” barriers for accessing information because moti-
vated users can refine prompts to bypass initial refusals or compliance
safeguards. The prompt format we used, where the queries describe user
identities (i.e., “I am...”), may also be more likely to trigger safety
compliance refusals from ChatGPT as opposed to traditional search
queries that rely on a list of keywords. Overall, our experimental design
is best suited for testing differences in LLM output when mentioning
social identities in prompts, however, additional work is needed to
examine effects from other types of prompt engineering produced by
changes in formatting and writing styles.

The concern for externally valid prompt designs is further compli-
cated by recent advancements in online search tools where Al sum-
maries are increasingly integrated into traditional search engines. In
fact, it is now a default setting on Google to show an Al summary on the
top of the page before users see search results[58]. Even if Al agents are
integrated into most software and digital tools, the interface that people
use to engage with Al is still important to recognize since users may be
more conversational towards a chatbot that has memory of previous
queries compared to a search engine bar. In response to rapidly changing
online environments, research efforts are needed to examine and
compare typical search queries from users across demographics and Al
interfaces to better reflect real-world search behaviors.

Another limitation is that our study only examined the output for
orthopedic surgeons, but it is possible that validity of recommendations
could vary by medical profession. Future work is needed to test LLM
ability to give recommendations for other medical professionals (e.g.,
cardiologist, gynecologist) to further generalize these results. It is also
possible that we did not test every relevant social identity in our
experimental design and that LLM output may vary when testing fewer
combinations of patient characteristics (e.g., only testing location and
sex instead of all 6 patient characteristics). Overall, prompt engineering
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experiments are a nascent field of research; further efforts are required
to fully investigate the nuanced effects produced by variations in prompt
wording on LLM output.

5. Conclusion

Our study examines how LLM output is impacted by prompt engi-
neering that mentions social identities, including whether an LLM states
it can even answer a query. These results build on a growing area of
research examining how adding self-descriptive information to
prompts—Ilike age, race, gender, or job—can influence LLM perfor-
mance [59,60]. While personalized output can sometimes reinforce
common stereotypes and negatively affect clinical outcomes, in the case
of healthcare, responses tailored to patient characteristics can also have
the potential to enhance engagement and positively impact care. For
example, Matz et al. (2024) [61] shows personalized language produced
by ChatGPT dramatically beats generic messaging when it comes to
persuasion communication. This is also consistent with related work
showing how user personas can account for multiple factors such as
psychological traits, situational circumstances, and demographics to
tailor patient care and health messaging for more effective outcomes
[62-65]. The value of personalization can extend to information
retrieval platforms by making relevant information more accessible to
users based on their personal characteristics. Personalized search is
especially pertinent for health-related information, where patient
characteristics like age and sex can be necessary context when inter-
preting symptoms and recommending treatments.

LLMs will continue to impact the online ecosystem as the technology
is further integrated into daily life. In order to use this technology to
improve accessibility to healthcare services, further efforts are needed to
ensure LLMs provide accurate and reliable recommendations that are
personalized to the needs and preferences of patients.
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