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Abstract

Large language models (LLMs) are increasingly used to support health information seeking and
decision-making. However, these systems are trained on data sources that may reflect historical
inequities for minorities. This paper examines how the underrepresentation of racial and ethnic
minorities in clinical trials can contribute to algorithmic bias in healthcare LLMs. The study also
provides prompt engineering framework to overcome the LLM health information inequities.
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Introduction

The digital health information landscape has expanded considerably over the past decade. Individuals
increasingly seek health-related information on topics such as nutrition (Powell et al., 2026), disease
prevention, symptom assessment, medical conditions, and treatment options through online resources (Yun
et al., 2025). More recently, health information has become accessible through artificial intelligence (Al)
based large language models (LLMs), including ChatGPT, Google Gemini, and Claude (Nadarzynski et al.,
2023; Nadarzynski et al., 2024). Olsen (2026) reports that one in three Americans uses Al for health
information. Hence, LLMs are becoming increasingly influential in shaping how individuals’ access,
interpret, and apply healthcare information (Omiye et al., 2024; Turchioe et al., 2026; Yun et al., 2025).
LLMs offer several potential benefits for seeking health information. They provide immediate access to
health information, assist users in understanding medical terminology, exploring symptoms and treatment
options, and preparing questions for healthcare providers (Costa-Gomes et al., 2026; Singhal et al., 2023).
These capabilities may be particularly valuable for individuals residing in medically underserved areas and
those with limited access to healthcare services. Additionally, Al-powered chatbots have demonstrated the
potential to improve health literacy, support chronic disease management, facilitate patient-provider
communication, and promote patient engagement and self-management (Barreda et al., 2025; Kurniawan
et al., 2024).

Despite these LLM benefits, concerns remain regarding the reliability, safety, and equity of healthcare-
related outputs (Hanna et al., 2025; Omiye et al., 2023; Singhal et al., 2023; Wu et al., 2025; Yun et al.,
2025). A systematic review by Yun et al. (2025) found that LLMs may generate inaccurate, incomplete, or
potentially unsafe medical information, including responses that omit clinically relevant details, conflict
with established clinical guidelines, or present hallucinated information with a high degree of confidence.
Because patients may rely on these outputs when making health-related decisions, such inaccuracies may
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contribute to inappropriate self-diagnosis, delayed care, poor treatment decisions, and adverse health
outcomes.

While concerns regarding factual inaccuracies and hallucinations have received substantial attention, less
research has examined whether historical disparities in clinical research participation contribute to
knowledge gaps within LLM health-related outputs. In particular, the longstanding underrepresentation of
racial and ethnic minority populations in clinical trials may result in output disparities that become
embedded within the biomedical literature used to train LLMs, potentially affecting the accuracy and
representativeness of health information generated for underserved populations (Hanna et al., 2025; Omiye
et al., 2023).

This paper makes two primary contributions. First, it proposes a conceptual explanation linking historic
racial and ethnic minority underrepresentation in clinical trials to algorithmic bias in healthcare LLM
outputs. Second, it introduces a two-stage prompt engineering recommendation for racial and ethnic
minority users seeking health information from LLMs. These recommendations are not intended to replace
professional medical advice but rather to encourage critical evaluation of Al-generated information and
awareness of potential limitations within LLM health information outputs.

Literature Review

Language Models & Large Language Models
Language models (LMs) are Al-based computational models that can understand, interpret, and generate
human language. They are a form of generative Al (GenAl) systems which understand and generate human
language as they are trained on extensive text corpora to identify, generate, summarize, translate, and
respond to natural language (Chang et al., 2024).

LLMs for Health Information

LLMs were not originally designed, clinically validated, or formally tested for medical decision-making
purposes (Markman, 2026) and they were not intended to serve as substitutes for professional medical
advice, diagnosis, or treatment provided by qualified healthcare practitioners (Shah et al., 2024; Singhal et
al., 2023). However, today, “health is among the most high-stakes domains in which people interact with
conversational artificial intelligence (Al)” (Costa-Gomes et al., 2026).

LLMs are popular across numerous domains, including healthcare, for many reasons. For example,
Kurniawan et al. (2024) found that Al-powered chatbots can support chronic disease management, facilitate
patient-provider communication, deliver health education, and encourage positive behavioral changes.
Similarly, Barreda et al. (2025) report that healthcare chatbots can assist individuals with appointment
management, medication reminders, health promotion, and disease-specific education while providing
information in a conversational and user-friendly format. These capabilities may empower patients to take
a more active role in their healthcare by increasing their understanding of medical conditions and treatment
recommendations (Barreda et al., 2025; Kurniawan et al., 2024).

Furthermore, for individuals facing financial, geographic, or structural barriers to healthcare access, LLMs
such as ChatGPT may serve as a readily available and low-cost source of health information, symptom
interpretation, medical explanations, and treatment guidance when professional healthcare services are
inaccessible or delayed (Blease et al., 2024; Turchioe et al., 2026). This reliance may be particularly
pronounced among underserved and racial and ethnic minority populations, who are more likely to
experience disparities in access to traditional healthcare services (Hill et al., 2023).
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Additionally, LLMs often provide a low-cost alternative for individuals who cannot easily access traditional
healthcare because of cost, lack of insurance, transportation barriers, provider shortages, or distrust of
healthcare institutions. This is especially important because recent national data continues to show uneven
access to affordable care. For example, the Commonwealth Fund’s 2024 State Health Disparities Report
found persistent racial and ethnic disparities in health outcomes, healthcare access, and quality of care
across the United States (Hill et al., 2023).

Despite the promising benefits of LLMs for healthcare information retrieval, concerns still exist (Wu et al.
2025) especially regarding their ability to provide reliable, safe, equitable and representative health
guidance across diverse populations (Hannah et al., 2025; Omiye et al., 2023; Singhal et al., 2023; Yun et
al., 2025). In a systematic review of LLM for health information, Yun et al. (2025) found that many studies
reported inaccuracies, omissions, and potentially unsafe recommendations generated by these systems.
Specifically, LLMs were found to occasionally produce factually incorrect medical information, generate
incomplete responses that omitted clinically relevant details, and provide recommendations that were
inconsistent with established clinical guidelines. In some cases, models exhibited hallucinations, whereby
plausible sounding but inaccurate information was presented with a high degree of confidence. These
limitations are particularly concerning for health information because patients may rely on LLM-generated
information to make decisions regarding symptom evaluation, treatment options, medication use, and
disease management. Consequently, inaccurate or incomplete information may contribute to delayed care,
inappropriate self-diagnosis, poor treatment decisions, and adverse health outcomes.

Similarly, Stiennon et al. (2020) noted that as LLM become more advanced and are entrusted with important
tasks, the mistakes they generate may become less obvious but more safety critical. Thus, they argue that
additional research is needed. Their concern is particularly relevant with health information, where subtle
inaccuracies, omissions, or biases in LLM information may influence health-related decisions and
potentially exacerbate existing disparities among underserved populations.

Disparities in Medical Research: Minorities Underrepresented in Clinical Trials

The Centers for Disease Control and Prevention (CDC, 2022a, 2022b) states that racial and ethnic minority
populations experience disproportionately higher rates of chronic disease compared to White populations.
Specifically, 14.7% of American Indians/Alaska Natives, 12.5% of Hispanics, and 11.7% of non-Hispanic
Black individuals are diagnosed with diabetes compared to 7.5% of non-Hispanic Whites. Given these
disparities in disease burden, one would expect clinical trials to reflect proportionate racial representation.
However, research findings consistently report the opposite. For example, Ahmed et al. (2022) conducted
a meta-analysis examining racial participation in type 2 diabetes randomized clinical trials. They found that
the participation-to-prevalence ratio (PPR) for White participants was 2.19 in industry-funded trials and
1.11 in government-funded trials. In contrast, minority representation ratios were substantially lower (0.33
in industry-funded trials and 0.73 in government-funded trials), indicating persistent and systematic
underrepresentation. These findings and many other similar medical research findings suggest that clinical
trial enrollment does not align with disease prevalence. Thus, this raises concerns regarding external
validity and equitable evidence generation.

Policy and Regulatory Context

To eliminate the bias and help provide more equitable data, the National Institutes of Health (NIH)
implemented the Inclusion of Women and Minorities policy (Office of the Law Revision Counsel, 2022).
However, it is important to note that this policy does not mandate enforceable quotas or proportional targets.
Thus, researchers argued that while inclusion language exists, measurable recruitment goals are often absent
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(Andrasik et al., 2021). More importantly, Ahmed et al. (2022) reported that the inclusion requirements do
not uniformly apply to industry-funded trials, thereby limiting the policy’s systemic impact.

Additional legislative efforts have attempted to address financial barriers for the economic disadvantage to
participate in clinical trials. For example, Section 210 of the Consolidated Appropriations Act 2021
mandated Medicaid coverage for routine costs associated with qualifying clinical trials beginning January
1, 2022 (United States Congress, 2020). While this provision may reduce financial disincentives, awareness
remains limited.

Research consistently shows that individuals in poor and low-income households face disproportionately
worse access to routine health care services compared to those in higher-income groups, including limited
insurance coverage, reduced access to ongoing care, and fewer opportunities to build relationships with
providers. Reduced access to routine care can in turn limit awareness of clinical trial opportunities and
related protections (Chun and Park, 2012; Agency for Healthcare Research and Quality [AHRQ], 2021).
Although these policies address direct medical costs, they do not remediate distrust, structural access
limitations, or the absence of enforceable diversity benchmarks in industry-sponsored trials.

LLM Algorithm/Learning

LLMs are generally not trained directly on proprietary clinical trial datasets or patient medical records. As
illustrated in Figure 1, LLMs learn from large corpora of publicly available text for the web (Kasneci. et
al., 2023) which may include biomedical literature, clinical guidelines, textbooks, educational materials,
and other publicly accessible sources (Singhal et al., 2023). It is important to note that LLMs often acquire
knowledge regarding clinical trial findings indirectly through published research and related educational
resources rather than through direct access to raw clinical trial data (Bommasani et al., 2021; Singhal et al.,
2023). This indirect learning process has important implications for healthcare equity.

It is important to note that historically, racial and ethnic minority populations have been underrepresented
in many clinical trials and biomedical research studies, resulting in evidence-generation disparities and gaps
in knowledge regarding minority-specific health outcomes (Ahmed et al., 2017; National Academies of
Sciences, Engineering, and Medicine [NASEM], 2022). As a result, the published biomedical literature
may disproportionately reflect findings derived from majority populations, which can subsequently
influence medical textbooks, clinical guidelines, and other healthcare knowledge resources (Ahmed et al.,
2017; Oh et al., 2015). Because LLMs derive much of their healthcare knowledge from these sources,
concerns have emerged that existing disparities and omissions within the biomedical evidence base may
become reflected in LLM-generated healthcare information (Chauhan, 2025; Omiye et al., 2023). Thus, the
concern is not necessarily that LLMs are intentionally biased, but rather that they may reproduce or
reinforce biases, limitations, and knowledge gaps that already exist within the underlying healthcare
evidence ecosystem (Shah et al., 2024).
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LLM Barries

Systemic underrepresentation of minority populations in clinical trials introduces bias into the evidence
base that informs biomedical research. This bias does not remain isolated; rather, it becomes encoded in the
scientific literature and subsequently embedded within LLMs like ChatGPT, which are trained on and
retrieve from these sources. Consequently, even when models generate responses grounded in peer-
reviewed clinical evidence, users may encounter outputs that reflect historically skewed data. This raises
critical concerns regarding equity, generalizability, and the reliability of LLM health information,
particularly for underrepresented populations.

Bias embedded within clinical trial populations has significant implications for LLMs used to seek health
information. Systemic underrepresentation of racial and ethnic minority populations in clinical trials
introduces bias into the biomedical evidence base, limiting the generalizability of research findings (Oh et
al., 2015; U.S. Food and Drug Administration, 2020). As large language models, including ChatGPT, are
trained on and retrieve from this literature, these biases may be perpetuated in generated responses (Bender
et al., 2021; Birhane et al., 2022). Consequently, individuals querying health-related information may
receive outputs that reflect historically skewed data, increasing the risk of inequitable clinical guidance,
delayed or missed diagnoses, and reduced treatment effectiveness for underrepresented populations
(Seyyed-Kalantari et al., 2021; Gianfrancesco et al., 2018). Moreover, the amplification of biased
recommendations at scale raises critical concerns regarding health equity, patient trust, and the ethical
deployment of Al in healthcare settings (Rajkomar et al., 2018; World Health Organization, 2021).
Collectively, these challenges highlight the need for more inclusive data practices and responsible Al
governance to ensure equitable and reliable health information delivery.
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Prompt Engineering Strategies

Prompt Engineering Strategies for Racial and Ethnic Minority Health Information Seeking

One common approach to interacting with LLMs is prompt engineering (Clavié et al, 2023; White et al,
2023), where users design and provide specific prompt texts to guide LLMs in generating desired responses
or completing specific tasks. “The quality of the output(s) generated by a conversational LLMs like are
directly related to the quality of the prompts provided” (White et al, 2023)”.

Prompt engineering refers to the process of designing and structuring prompts to improve the quality,
transparency, and relevance of LLM responses (White et al., 2023). Prompt engineering plays a critical role
in shaping the quality, specificity, and usefulness of Al-generated responses. Research has demonstrated
that prompt design can significantly influence the accuracy, reasoning, and overall performance of LLMs
with more detailed and context-rich prompts generally producing more relevant and informative outputs
(Wei et al., 2022; White et al., 2023). Because LLMs generate responses based on patterns learned from
their training data, underspecified prompts may produce generalized outputs that fail to account for
important demographic, cultural, or contextual factors, particularly for populations that have historically
been underrepresented in the biomedical literature (Bommasani et al., 2021; Chauhan et al., 2025; Omiye
et al., 2023; White et al., 2023). For example, a generic or zero shot prompt such as, "Tell me about Type
2 diabetes," is likely to produce a broad overview of the condition. In contrast, a more detailed context
prompt which involves providing demographic, clinical, and situational information (e.g., age, race or
ethnicity, comorbidities, and healthcare access factors) to help the model generate more relevant and
personalized response (White et al., 2023).

Given concerns regarding evidence-generation disparities and potential bias in LLM health information
outputs, racial and ethnic minority users may benefit from employing prompt engineering strategies to
obtain more relevant, transparent, and contextualized health information (Esmaeilzadeh, 2025). Table 1
provides three foundational prompt engineering strategies and examples that may help racial and ethnic
minority users obtain more relevant health information from LLM:s.

Our first strategy, demographic context, encourages users to include characteristics such as age, race or
ethnicity, and gender within their prompts. Because health risks, disease prevalence, treatment responses,
and preventive care recommendations frequently differ across demographic groups, this strategy is essential
to include this type of context prompting as it encourages the model to generate responses that are more
specific to the population being described rather than relying on generalized health information.
Nevertheless, demographic prompting cannot compensate for all biases presented within the underlying
training data. If racial and ethnic minority populations were historically underrepresented in clinical trials
or biomedical literature, LLM outputs may still reflect incomplete evidence or majority-centered
recommendations despite highly specific prompts (Bender et al., 2021; Omiye et al., 2023).

Our second strategy expands the prompt by incorporating clinical context, including existing diagnoses and
comorbid conditions. This strategy aligns with the prompt engineering principle of contextual conditioning,
whereby additional domain-specific information improves the relevance of generated responses (White et
al., 2023). Rather than producing generic educational information about a single disease, clinically enriched
prompts encourage the model to consider interactions among multiple chronic conditions and generate more
comprehensive health information. For example, asking about Type 2 diabetes together with hypertension
encourages discussion of cardiovascular risk, medication interactions, and lifestyle modifications that may
not appear in a more general prompt. However, LLMs remain educational tools rather than diagnostic
systems. Specifically, general LLMs like ChatGPT and Gemini lack access to patient histories, laboratory
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results, medication lists, and physical examinations necessary for individualized clinical decision-making
(Bender et al., 2021).

Finally, our third strategy incorporates constraint-based prompting in which users specify practical
constraints that guide the model toward recommendations that are feasible within the user's real-world
circumstances (White et al., 2023). For example, instead of assuming ideal access to healthcare resources,
the model is prompted to discuss lower-cost treatment options, community resources, patient assistance
programs, or questions that patients can raise with their healthcare providers. This strategy is particularly
important because healthcare disparities often result not only from medical conditions but also from social
determinants.

Prompt Strategy & Example
Purpose Al Principle  Supporting Literature Limitation

Demographic Context

"I am a 52-year-old African American male. What are my risk factors for Type 2 diabetes?"
or
"What health disparities affect African Americans males with Type 2 diabetes?"

Not all highly specific prompts
can compensate for biased or
incomplete training data. If
minority populations were
underrepresented in clinical

Prompt specificity reduces

Context L .
ambiguity and generally improves

Provide age .
£° enrichment and

race/ethnicity, prompt respon'se quality by Natrowing the trials or biomedical literature,
and gender e model's search space (White et al., .
specificity 2023) model outputs may still reflect

those  underlying  biases
(Bender et al., 2021; Omiye et
al., 2023).

Clinical Context

"I am a 52-year-old African American male with Type 2 diabetes and hypertension. What should T know about
managing these conditions?"

Provide LLMs do not perform

.. More complete contextual prompts individualized medical
clinically . . : .
relevant Contextual may improve relevance and reduce diagnosis and may omit

. conditioning  overly generic responses (White et important clinical  factors
diagnoses and . .

e al., 2023). making professional (Bender et
comorbidities
al., 2021).

Healthcare Access Context

"I have Type 2 diabetes, limited transportation, and no health insurance. What management options should I discuss
with my doctor?"
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Describe Training datasets often
healthcare Constraint-based prompting provides underrepresent social
access Constraint- better responses regarding the user's  determinants of  health,
barriers and based real-world circumstances rather than  reducing the relevance of
social prompting ideal clinical scenarios (White et al., recommendations for
determinants 2023). underserved populations
affecting care. (Omiye et al., 2023).

Follow-up/Conversational Prompt Engineering Strategies for Racial and Ethnic Minority Health
Information Seeking

It is important to note that current LLMs are designed to support multi-turn dialogue which enables users
to engage in iterative conversations by asking follow-up questions that clarify recommendations, identify
knowledge gaps, and request supporting evidence (Kwan et al., 2024). Rather than accepting the initial
response as complete or authoritative, users can employ conversational prompt engineering techniques to
improve transparency, encourage critical evaluation, and better understand the strengths and limitations of
Al-generated information. This iterative process is particularly important when individuals from racial and
ethnic minority populations seek health information because the underlying evidence supporting model
responses may itself reflect historical underrepresentation in clinical research. As a result, users may benefit
from going beyond passive consumption of Al-generated information and instead engaging in active,
evidence-informed dialogue with LLMs by asking follow-up questions regarding research representation,
supporting evidence, assumptions, and limitations. Table 2 provides suggested follow-up/conversational
strategies and examples which may help racial and ethnic minorities seeking health information from LLM.

Our first follow-up strategy uses reflective prompting for understanding research gaps and clinical trial
representation. among the output. Users may benefit from explicitly questioning whether the available
scientific evidence adequately represents populations similar to themselves rather than accepting them at
face value (Jeevarathinam, 2026). For example, by asking whether African Americans or other minority
populations were sufficiently represented in the clinical trials supporting a recommendation, users
encourage the model to acknowledge potential limitations in the evidence base rather than presenting
findings as universally applicable. This approach aligns closely with the central premise of the present study
that algorithmic bias may originate from sample selection bias within clinical research.

It is important to note; this follow-up strategy is limited because excessive or repetitive follow-up
questioning may lead the model to overemphasize uncertainty or generate increasingly speculative
responses. As a result, this may lead to prompt overfitting and diminished response stability (Jeevarathinam,
2026).

Our second follow-up strategy incorporates evidence-based prompting and metacognitive prompting to
encourage the model to explain its reasoning and explicitly communicate the confidence and limitations
associated with its responses (Esmaeilzadeh, 2025) rather than simply accepting the initial output.
Transparency is particularly valuable in healthcare because users often assume that confident responses
indicate factual accuracy. Requesting supporting evidence encourages greater critical evaluation and may
reduce the likelihood of unquestioningly accepting incorrect or incomplete information.

However, this type of prompting will still require the user to use their judgement with regards to

understanding that the LLM may provide outdated, incomplete, or not directly applicable to the user's
clinical situation (Xu et al., 2025). Additionally, the LLM may sometimes confuse generated explanations
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with actual supporting evidence, producing poor scientific literature (Huo et al., 2023). Therefore,
users should independently verify cited guidelines and research findings through trusted clinical
sources and healthcare professionals before making healthcare decisions. Often this requires asking for
the digital object identifier (DOI) and reading the resource.

As illustrated in Figure 2, Tables 1 and 2 create two-step prompt engineering framework designed to
improve health information seeking among racial and ethnic minority populations. The framework is
intended to be applied sequentially.

Prompt Engineering Strategies

Prompt Engineering Strategies for Racial and Ethnic Minority Health Information Seeking

One common approach to interacting with LLMs is prompt engineering (Clavié et al, 2023; White et al,
2023), where users design and provide specific prompt texts to guide LLMs in generating desired responses
or completing specific tasks. “The quality of the output(s) generated by a conversational LL.Ms like are
directly related to the quality of the prompts provided” (White et al, 2023)”.

Prompt engineering refers to the process of designing and structuring prompts to improve the quality,
transparency, and relevance of LLM responses (White et al., 2023). Prompt engineering plays a critical role
in shaping the quality, specificity, and usefulness of Al-generated responses. Research has demonstrated
that prompt design can significantly influence the accuracy, reasoning, and overall performance of LLMs
with more detailed and context-rich prompts generally producing more relevant and informative outputs
(Wei et al., 2022; White et al., 2023). Because LLMs generate responses based on patterns learned from
their training data, underspecified prompts may produce generalized outputs that fail to account for
important demographic, cultural, or contextual factors, particularly for populations that have historically
been underrepresented in the biomedical literature (Bommasani et al., 2021; Chauhan et al., 2025; Omiye
et al., 2023; White et al., 2023). For example, a generic or zero shot prompt such as, "Tell me about Type
2 diabetes," is likely to produce a broad overview of the condition. In contrast, a more detailed context
prompt which involves providing demographic, clinical, and situational information (e.g., age, race or
ethnicity, comorbidities, and healthcare access factors) to help the model generate more relevant and
personalized response (White et al., 2023).

Given concerns regarding evidence-generation disparities and potential bias in LLM health information
outputs, racial and ethnic minority users may benefit from employing prompt engineering strategies to
obtain more relevant, transparent, and contextualized health information (Esmaeilzadeh, 2025). Table 1
provides three foundational prompt engineering strategies and examples that may help racial and ethnic
minority users obtain more relevant health information from LLMs.

Our first strategy, demographic context, encourages users to include characteristics such as age, race or
ethnicity, and gender within their prompts. Because health risks, disease prevalence, treatment responses,
and preventive care recommendations frequently differ across demographic groups, this strategy is essential
to include this type of context prompting as it encourages the model to generate responses that are more
specific to the population being described rather than relying on generalized health information.
Nevertheless, demographic prompting cannot compensate for all biases presented within the underlying
training data. If racial and ethnic minority populations were historically underrepresented in clinical trials
or biomedical literature, LLM outputs may still reflect incomplete evidence or majority-centered
recommendations despite highly specific prompts (Bender et al., 2021; Omiye et al., 2023).
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Our second strategy expands the prompt by incorporating clinical context, including existing diagnoses and
comorbid conditions. This strategy aligns with the prompt engineering principle of contextual conditioning,
whereby additional domain-specific information improves the relevance of generated responses (White et
al., 2023). Rather than producing generic educational information about a single disease, clinically enriched
prompts encourage the model to consider interactions among multiple chronic conditions and generate more
comprehensive health information. For example, asking about Type 2 diabetes together with hypertension
encourages discussion of cardiovascular risk, medication interactions, and lifestyle modifications that may
not appear in a more general prompt. However, LLMs remain educational tools rather than diagnostic
systems. Specifically, general LLMs like ChatGPT and Gemini lack access to patient histories, laboratory
results, medication lists, and physical examinations necessary for individualized clinical decision-making
(Bender et al., 2021).

Finally, our third strategy incorporates constraint-based prompting in which users specify practical
constraints that guide the model toward recommendations that are feasible within the user's real-world
circumstances (White et al., 2023). For example, instead of assuming ideal access to healthcare resources,
the model is prompted to discuss lower-cost treatment options, community resources, patient assistance
programs, or questions that patients can raise with their healthcare providers. This strategy is particularly
important because healthcare disparities often result not only from medical conditions but also from social
determinants.

Prompt Strategy & Example
Purpose Al Principle  Supporting Literature Limitation

Demographic Context

"I am a 52-year-old African American male. What are my risk factors for Type 2 diabetes?"
or
"What health disparities affect African Americans males with Type 2 diabetes?"

Not all highly specific prompts
can compensate for biased or
incomplete training data. If

Prompt specificity reduces L )
. Context . . minority populations were
Provide age, . ambiguity and generally improves . .

... enrichment and . . underrepresented in clinical

race/ethnicity, response quality by narrowing the . . . .
prompt . . trials or biomedical literature,

and gender s model's search space (White et al., .
specificity 2023) model outputs may still reflect

those underlying biases
(Bender et al., 2021; Omiye et
al., 2023).

Clinical Context

"I am a 52-year-old African American male with Type 2 diabetes and hypertension. What should T know about
managing these conditions?"

LLMs do not perform

Provide T .
clinicall Cont'e{(tua.ll More complete contextual prompts individualized medical
relevanty conditioning may improve relevance and reduce diagnosis and may omit

important  clinical  factors
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diagnoses and overly generic responses (White et making professional (Bender et
comorbidities al., 2023). al., 2021).

Healthcare Access Context

"I have Type 2 diabetes, limited transportation, and no health insurance. What management options should I discuss
with my doctor?"

Describe Training datasets often
healthcare Constraint-based prompting provides underrepresent social
access Constraint- better responses regarding the user's  determinants of  health,
barriers and based real-world circumstances rather than  reducing the relevance of
social prompting ideal clinical scenarios (White et al., recommendations for
determinants 2023). underserved populations
affecting care. (Omiye et al., 2023).

Follow-up/Conversational Prompt Engineering Strategies for Racial and Ethnic Minority Health
Information Seeking

It is important to note that current LLMs are designed to support multi-turn dialogue which enables users
to engage in iterative conversations by asking follow-up questions that clarify recommendations, identify
knowledge gaps, and request supporting evidence (Kwan et al., 2024). Rather than accepting the initial
response as complete or authoritative, users can employ conversational prompt engineering techniques to
improve transparency, encourage critical evaluation, and better understand the strengths and limitations of
Al-generated information. This iterative process is particularly important when individuals from racial and
ethnic minority populations seek health information because the underlying evidence supporting model
responses may itself reflect historical underrepresentation in clinical research. As a result, users may benefit
from going beyond passive consumption of Al-generated information and instead engaging in active,
evidence-informed dialogue with LLMs by asking follow-up questions regarding research representation,
supporting evidence, assumptions, and limitations. Table 2 provides suggested follow-up/conversational
strategies and examples which may help racial and ethnic minorities seeking health information from LLM.

Prompt Strategy & Example

Purpose Al Principle  Supporting Literature Limitation

Research Gaps & Clinical Trial Representation

“What research gaps exist regarding Type 2 diabetes among African Americans?"
or
“Were African Americans adequately represented in the clinical trials supporting these treatments?"

Reflective prompting encourages

Identif; .
genttly . thoughtful  evaluation of Al- .
limitations in ~ Reflective .. . Overfitting may occur
. . generated responses, helping identify .
available prompting . . . ((Jeevarathinam, 2026).
research missing information and reduce

errors (Jeevarathinam, 2026).
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Evidence Request

"What evidence or clinical guidelines support these recommendations?"
or
“What assumptions, limitations, or potential biases should I consider when interpreting this information?"

Request Supporting literature may be
supporting Evidenced- Metacognitive prompting aids in limited in scope, outdated,
evidence & Based and/ or acknowledging uncertainties and irrelevant, and/or inaccurate
identify Metacognitive limitations and can prevent errors (Xu et al., 2025). Also, LLMs
uncertainty or prompting (Esmaeilzadeh, 2025). can confuse the answer with
limitations evidence (Huo et al., 2023).

Our first follow-up strategy uses reflective prompting for understanding research gaps and clinical trial
representation. among the output. Users may benefit from explicitly questioning whether the available
scientific evidence adequately represents populations similar to themselves rather than accepting them at
face value (Jeevarathinam, 2026). For example, by asking whether African Americans or other minority
populations were sufficiently represented in the clinical trials supporting a recommendation, users
encourage the model to acknowledge potential limitations in the evidence base rather than presenting
findings as universally applicable. This approach aligns closely with the central premise of the present study
that algorithmic bias may originate from sample selection bias within clinical research.

It is important to note; this follow-up strategy is limited because excessive or repetitive follow-up
questioning may lead the model to overemphasize uncertainty or generate increasingly speculative
responses. As a result, this may lead to prompt overfitting and diminished response stability (Jeevarathinam,
2026).

Our second follow-up strategy incorporates evidence-based prompting and metacognitive prompting to
encourage the model to explain its reasoning and explicitly communicate the confidence and limitations
associated with its responses (Esmaeilzadeh, 2025) rather than simply accepting the initial output.
Transparency is particularly valuable in healthcare because users often assume that confident responses
indicate factual accuracy. Requesting supporting evidence encourages greater critical evaluation and may
reduce the likelihood of unquestioningly accepting incorrect or incomplete information.

However, this type of prompting will still require the user to use their judgement with regards to
understanding that the LLM may provide outdated, incomplete, or not directly applicable to the user's
clinical situation (Xu et al., 2025). Additionally, the LLM may sometimes confuse generated explanations
with actual supporting evidence, producing poor scientific literature (Huo et al., 2023). Therefore, users
should independently verify cited guidelines and research findings through trusted clinical sources and
healthcare professionals before making healthcare decisions. Often this requires asking for the digital object
identifier (DOI) and reading the resource.
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As illustrated in Figure 2, Tables 1 and 2 create two-step prompt engineering framework designed to
improve health information seeking among racial and ethnic minority populations. The framework is
intended to be applied sequentially. In the first step, users develop context-rich initial prompts by
incorporating demographic, clinical, and healthcare access information to improve the relevance and
personalization of LLM-generated responses. In the second step, users engage in iterative follow-up
prompting to critically evaluate those responses by requesting supporting evidence, identifying research
gaps, recognizing uncertainty, and examining potential bias. Together, these complementary steps integrate
contextual and constraint-based prompt construction with reflective and evidence-based conversational
refinement to provide a more transparent and contextually appropriate LLM output.

Step 1: Initial Prompting Step 2: Follow-up/Conversational

Strategies (Table 1) Prompting Strategies (Table 2) Prompt
Engineering
A Context enrichment and A. Reflective prompting li‘rag;]:ework
spectficity prompting ) for Racial
B. Evidenced-Based and/ or and Fthnic

B. Contextual conditioning Metacognitive prompting

Minorities

C. Constraint-based prompting

Figure 2. Two-Stage Prompt Engineering Framework for Racial and Ethnic Minorities Seeking Health
Information via LLMs

Conclusion

LLMs are increasingly being used by the public as a readily accessible source of health information
(Olsen, 2026). However, LLM healthcare information outputs may be dependent upon the evidence
base from which the system learns (Chauhan, 2025; Omiye et al., 2023). As this review demonstrates,
longstanding underrepresentation of racial and ethnic minority populations in clinical trials has
contributed to evidence-generation disparities that may ultimately influence healthcare-related LLM
outputs.

While continued efforts are needed to improve diversity and inclusion within clinical research and LLM
health information, minorities must also be equipped with the digital literacy skills necessary to critically
use LLM for health information. Prompt engineering represents one practical approach for encouraging
more contextualized, transparent, and evidence-informed interactions with LLMs (Clavié et al, 2023;
White et al, 2023). By incorporating demographic, clinical, and health equity considerations into
prompts, users may obtain responses that better reflect their individual circumstances while increasing
awareness of potential research limitations.

It is important to note that this paper is not without limitations. First, this research is limited in that it is
theoretical in nature. Second, this study did not test any of the techniques described. Future research
should address the above limitations and test the suggested prompts provided in Tables 1 and 2 against
multiple LLMs. Finally, this paper has practical implications which include an overview of the literature
and knowledge for health-seeking minority individuals, health educators, LLM developers, health equity
researchers, IT practitioners designing health information systems, practitioners, and academics as a
teaching resource regarding using generic LLMs for health information and understanding how clinical
trial underrepresentation shapes healthcare LLM outputs.
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