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Abstract
While the discussion about the effects of large language models (LLMs) on health equity has 
been largely cautionary, LLMs also present significant opportunities for improving health 
equity. We highlight three such opportunities: improving the detection of human bias; cre-
ating structured datasets relevant to health equity; and improving equity of access to health 
information.

Introduction

I nterest in the societal impacts of large language models (LLMs) has increased due to 
recent improvements in their capabilities. Discussions about how they will affect health 
equity have been largely cautionary (Fig. 1), focusing on questions such as, “How might 

LLMs be biased, and how would we mitigate those biases?” This is a vital conversation; the 
ways that AI — and LLMs specifically — can entrench biases have been extensively docu-
mented.1,2 But equally vital, and much less discussed, is the more opportunity-focused coun-
terpoint: “What promising applications do LLMs enable that could promote health equity?”

A long tradition of efforts to promote equitable AI, both in health and more broadly, shows that 
it is essential for researchers and policy makers to take this broader view, seeking out equi-
ty-promoting use cases from the outset.3 There are many choices that determine the impacts 
of AI, and a fundamental choice very early in the pipeline is the problems we choose to apply 
it to. If we focus only later in the pipeline — making LLMs somewhat fairer as they facilitate 
primary use cases that intrinsically entrench power — we will miss an important opportunity 
to guide them to equitable impacts. Past research has highlighted the many equity-promoting 
use cases of AI,4 such as formalizing social problems,5 supporting the work of activists,6 and 
diagnosing biases.7 Past health equity research has also shown that, without a deliberate focus 
on equity-promoting use cases, the needs of underserved populations will be underfunded 
and overlooked.3 We build on this tradition of work to explore such possibilities for LLMs.

Rapid recent improvements in LLMs mean that the set of possible health equity–promoting 
use cases involving language has expanded dramatically and has yet to be fully explored. 
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We highlight the emerging potential of LLMs to promote 
health equity by presenting three newly possible, promis-
ing research directions while keeping risks in clear view. 
We draw on extensive conversations with AI researchers, 
health care practitioners, and policy makers who see the 
potential in using LLMs to promote health equity.

Equity-Promoting Applications of 
LLMs

APPLICATION 1: LLMS CAN IMPROVE THE 
DETECTION OF BIAS

Human biases contribute to inequity. For example, doctors 
describe Black patients as “difficult” more often than white 
patients,8 a textual indicator of the stigmatization and bias 
that can pervade the medical pipeline and contribute to 
health disparities. LLMs can improve our ability to detect 
human bias from text data. For example, previous research 
finding evidence of biased language in clinical notes has 
often relied on relatively rudimentary linguistic analysis 
methods, such as searching for specific words. Relative 
to prior methods, LLMs can more precisely characterize 
subtle linguistic biases (e.g., in sentiment, tone, and refer-
ences to stereotypes) that rely on understanding the sur-
rounding context. Recent work has highlighted the value 
of using LLMs to identify such biases within medicine (e.g., 
racialized doubts of patient credibility and compliance).9 
(Importantly, LLMs themselves have biases,1 but past work 

has shown that they can nonetheless serve as useful diag-
nostics for bias.9) Similar LLM–based techniques could 
accelerate the detection of biases in medical textbooks, 
which often involves time-consuming manual annotation 
by domain experts. All of these applications flow from the 
fact that rich text datasets, like clinical notes and medical 
textbooks, frequently document human behavior. LLMs 
can characterize biases in behavior detectable from text. 
The approach treats each text data point as an “artifact”7 
created by a biased health ecosystem, which can be exam-
ined to understand and mitigate biased practices. This 
echoes calls for researchers to “study up” — focusing their 
analysis on the powerful actors, structures, and institutions 
perpetuating disparities.5

APPLICATION 2: LLMS CAN CREATE STRUCTURED 
DATASETS RELEVANT TO HEALTH EQUITY

Structured datasets, which track a standardized set of fields 
(e.g., the race and health insurance provider of a patient), 
allow us to quantify health disparities and develop policies 
to mitigate them. LLMs, which have shown great promise in 
structured information extraction,10 can reduce the human 
effort required to create these structured datasets from raw 
text data. For example, health care researchers manually 
extract employment, housing, and insurance measures 
from clinical notes to understand the impact of these factors 
on patient outcomes. Clinicians manually extract details on 
the demographics of clinical trial participants from unstruc-
tured trial reports to assess trial diversity. Activists collect 

Among LLM articles that focus on equity-related impacts...

But LLMs have created important new equity-related opportunities:

Detecting
human biases

Creating structured datasets
for equity research

Improving equity of access
to information

2 3

85% focus on
equity harms

Only 15% focus on
equity opportunities

1

Figure 1.  Many more LLM Articles Focus on Equity-Related Harms than Opportunities.
We discuss three significant opportunities for using large language models to promote health equity. (See Supplementary Appendix for 
Methods.) LLM denotes large language model.
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news articles to create databases tracking public health 
threats that disproportionately impact marginalized popu-
lations, like gender-based violence. Journalists collate leg-
islative texts to produce structured databases of restrictions 
on women’s and reproductive health care.

These use cases have traditionally required either exten-
sive manual effort to extract structured data by hand or 
custom-built engineering pipelines. In contrast, LLMs can 
extract structured information from unstructured datasets, 
even with limited training and very little technical modifica-
tion, in domains where they were not specifically trained,10 
dramatically broadening both the settings in which these 
strategies can be applied and the participants who can 
lead these efforts. As with all applications we discuss here, 
researchers need to center the communities they seek to 
support. For example, LLM tools that track gender-based 
violence should be codesigned with activists across many 
countries who have extensive involvement in this work in 
order to ensure their true needs are being addressed.6,11

APPLICATION 3: LLMS CAN IMPROVE ACCESS TO 
HEALTH INFORMATION

Significant inequities persist in access to specialized health 
information. For patients who lack easy access to a medi-
cal provider or cannot afford to see one, LLMs can be used 
to help provide accurate and understandable answers to 
patient questions,12 empowering patients to advocate for 
their health needs. In contrast to a traditional Internet 
search, which can only direct users to preexisting web-
pages, LLMs can produce answers tailored to patient ques-
tions from multiple sources, conversationally and, when 
relevant, crosslingually. Indeed, there are ongoing global 
health efforts to build and deploy LLM–based systems in 
developing countries to alleviate gaps in patient access to 
health information.13 For patients and caregivers who do 
interact with the health care system, LLMs can be applied 
to translate clinical jargon13 within diagnostic reports or 
clinical notes into easy-to-understand language. LLMs 
are still not a replacement for clinicians14 and should not 
be used as a magic bullet for displacing existing efforts to 
improve access to care,15 but rather as a supplement on 
top of these efforts that expands patient access to health-
related information.

Steps toward Implementation
As the research community’s discussion of the impact of 
AI on equity has centered on risks, the policy landscape 

has largely followed suit; AI research has been framed 
as having significant potential for growth but potentially 
harmful effects on marginalized groups. As such, policy has 
focused on audits and regulation with an eye toward possi-
ble harms. Our main policy recommendation thus echoes 
our call for researchers: policy makers should seek not 
only to reduce equity-related harms, but also to incentivize 
equity-promoting use cases. Markets are unlikely to provide 
adequate rewards for tools that benefit underserved popu-
lations; policy levers such as research funding and procure-
ment can be used to provide adequate incentives.

For example, consider one of our proposed use cases: build-
ing a medical conversational AI system to broaden access 
to health information for underserved populations. Policy 
makers can incentivize the development of such equity-
promoting systems through research funding and procure-
ment calls. Research funding could incentivize evaluations 
that center equity: conversational AI systems need to be 
tested on actual queries from diverse patient populations, 
including underserved patient populations; perform well 
in multiple languages; and avoid caricaturing or stereo-
typing patients.2 This should happen in parallel with basic 
research funding to mitigate errors like hallucinations and 
to fine-tune general LLMs to create health-specific models. 
Finally, because health inequity stems from myriad socio-
economic, environmental, and structural factors16 that defy 
simple technical fixes, LLMs are only one tool in the tool-
box, not a panacea for health inequity.

However, the use cases we highlight suggest that LLMs are 
potent tools that can improve bias detection, create struc-
tured datasets relevant to health equity, and improve access 
to health information. We stand to gain enormously if we 
recognize these applications by intervening in the early 
stages of design and advancing the interests of underserved 
populations.
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