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A B S T R A C T

Hypertension disparities persist despite effective lifestyle and pharmacological therapies, underscoring the need for strategies that deliver evidence-based care more 
equitably. This commentary examines the potential for patient-facing large language model-based systems to reduce hypertension disparities and proposes an 
implementation science approach to their development, integration, and evaluation. These systems could expand access to personalized health education, behavioral 
support, care navigation, and clinical escalation between traditional care encounters. However, biased training data, inaccurate or overly agreeable responses, 
unequal digital access and literacy, and mistrust of automated systems could reinforce existing inequities. Technical safeguards are necessary but insufficient. 
Equitable implementation should begin with meaningful community engagement and human-centered co-design, incorporate trusted knowledge sources and human 
oversight, complement team-based care, and iteratively address local barriers and facilitators. Evaluation should assess both clinical effectiveness and imple
mentation outcomes, including reach, adoption, acceptability, feasibility, cost, sustainability, and equitable distribution of benefits. Patient-facing large language 
model systems should augment rather than replace established care models. Their value will depend not only on technical capabilities, but on whether they safely, 
sustainably, and equitably extend evidence-based hypertension care in real-world settings.

1. Introduction

Hypertension is the leading preventable risk factor for premature 
death and disability worldwide [1], accounting for approximately 10.8 
million cardiovascular disease deaths and 209 million 
disability-adjusted life years [2]. Despite the availability of safe and 
effective lifestyle and pharmaceutical therapies, substantial disparities 
in hypertension care and control persist across race, income, and ge
ography in the United States (U.S.) [3–5]. For example, Black patients 
are initiated on antihypertensive therapy at higher systolic blood pres
sure (BP) levels (136.0 mmHg versus 130.9 mmHg) and are less likely to 
receive guideline-recommended medications (60.5% versus 73.8%) 
compared with White patients [4]. Similarly, compared to patients with 
higher incomes, those with lower incomes had lower rates of hyper
tension awareness (54.6% versus 60.5%) and control (81.7% versus 
85.8%) [5]. Reducing these persistent inequities in hypertension care is 
essential to improving cardiovascular health and achieving meaningful 
gains in population health.

Achieving equitable hypertension control remains limited by bar
riers at multiple levels [6,7]. At the patient level, adverse social de
terminants of health, including poor housing environments, food 
insecurity, and psychosocial stressors, influence patients’ ability to ac
cess healthy foods, engage in safe physical activity, and access hyper
tension care. At the clinician level, insufficient time for lifestyle 
counseling and nonadherence to clinical guidelines impede 
evidence-based care. At the heath system level, fragmented care and 
lack of reimbursement for preventive services further contribute to 
inequitable hypertension control. Thus, achieving population-level hy
pertension control is limited not by a lack of evidence-based in
terventions, but by our ability to deliver them effectively, consistently, 
and equitably.

Team-based care led by physicians, pharmacists, or community 
health workers (CHWs), is an evidence-based strategy that addresses 
many of the barriers to hypertension control [8]. In particular, CHWs 
play a critical role in delivering culturally tailored, relationship-based 
hypertension interventions outside of traditional healthcare settings 
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[9–11]. However, team-based care remains resource intensive, with 
limitations in workforce capacity, training, and reimbursement that 
constrain its scalability and long-term sustainability [12].

Recent advances in generative artificial intelligence (AI) may present 
unprecedented opportunities to improve hypertension control [13–16]. 
Large language models (LLMs) are generative AI systems trained on 
large volumes of text and increasingly, multimodal data such as images 
and audio. These systems can understand and generate human-like 
language as well as simplify and contextualize complex information 
from multiple sources [17].

Patient-facing LLM-based systems, in which patients interact directly 
with LLMs independently or as part of clinician- or team-based care, are 
a promising avenue to deliver personalized education, lifestyle coun
seling, and treatment support at scale. Such systems can extend support 
outside of traditional care settings without increasing clinician burden 
[15,18–20]. To date, much of the discussion surrounding healthcare 
applications of LLMs has focused on technical performance, safety, and 
ethical considerations, with comparatively less attention devoted to the 
equitable development and implementation of LLM-enabled in
terventions. Technical performance is essential but, on its own, cannot 
ensure that these interventions are effective in real-world settings and 
improve health equity. Further, without meaningful engagement of 
communities disproportionately affected by hypertension throughout 
the development and implementation process, patient-facing LLM-based 
systems risk exacerbating rather than reducing existing disparities.

This commentary examines the potential role of patient-facing LLM- 
based systems in reducing hypertension disparities and presents an 
implementation science perspective for the equitable development, 
integration, and evaluation of patient-facing LLM-based hypertension 
interventions.

2. Patient-facing LLM-based systems: A new opportunity for 
hypertension control

LLM-based systems are applications are systems that use an LLM as a 
core component, often combined with additional tools, data sources, 
and safeguards tailored to a specific health-related purpose. These sys
tems have many promising applications in healthcare, which have been 
reviewed elsewhere [13–16,20]. Relevant to hypertension, LLM-based 
systems have the potential to improve prevention, treatment, and 
long-term BP control [15,16,21]. Although these models have applica
tions for both clinicians and patients, patient-facing LLM-based systems 
have unique potential to expand access to evidence-based hypertension 
support beyond traditional healthcare settings. These systems could be 
used as a standalone tool or be integrated into clinician- or team-based 
care with human oversight. This commentary focuses primarily on in
tegrated applications, in which patient-facing LLM-based systems 
augment rather than replace human-delivered care.

Broadly, patient-facing LLM-based systems have focused on four 
functions: (1) care navigation, (2) health education, (3) behavioral 
support, and (4) clinical escalation (Table 1). Patient-facing LLM-based 
systems can facilitate navigation by helping patients understand 
discharge instructions, prepare for clinic visits, and connect with 
appropriate healthcare and community resources [22]. They can also 
provide interactive, personalized education tailored to patients’ lan
guage, literacy, and cultural context, while reinforcing guideline-based 
recommendations [14,19]. For example, LLM-based systems could 
instruct patients on best practices for home BP measurement, explain 
common medication side effects, and describe the consequences of 
suboptimal risk factor control.

Beyond education, these LLM-based systems have the potential to 
support sustained behavior change through motivational interviewing, 
goal setting, and personalized feedback to encourage medication 
adherence, healthy dietary patterns including DASH-patterned (Dietary 
Approaches to Stop Hypertension) diets and low-sodium food sub
stitutions, and regular physical activity [23,24]. Finally, these systems 

can identify emergency symptoms, including those related to hyper
tensive crises and suicidal ideation, and facilitate escalation to appro
priate clinical care. Collectively, these capabilities represent a shift from 
episodic hypertension care delivered during clinic visits toward 
continuous support that extends hypertension management into pa
tients’ daily lives.

3. Will patient-facing LLM-based systems reduce or exacerbate 
hypertension disparities?

Several technical challenges may limit the equitable use of patient- 
facing LLM-based systems in hypertension care. Given that these sys
tems are trained on real-world data that reflect existing societal in
equities, patient-facing LLM-based systems may inadvertently amplify 
those inequities [25,26]. These concerns have been demonstrated across 
healthcare AI more broadly. For example, Obermeyer et al. found that an 
algorithm widely used by U.S. health systems failed to identify more 
than half of Black patients in need of additional care [26]. Similarly, 
LLM-based systems may generate inaccurate responses (“hallucina
tions”) or affirm users’ inaccurate beliefs (“sycophancy”), potentially 
undermining patient safety and trust [13,27,28]. In addition, disparities 
in digital literacy and access as well as broadband limitations and 
mistrust of automated systems may prevent the benefits of LLM-based 
systems being equitably distributed across the population.

Several approaches may mitigate these risks. For example, safe
guards must be implemented to clearly define the boundaries of re
sponses from LLM-based systems, with clinical diagnoses and 
medication management decisions deferred to qualified clinicians. 
Technical approaches such as retrieval-augmented generation (RAG) 
have been shown to reduce hallucinations in LLM-based systems [14,
29]. RAG grounds the system’s responses in trusted knowledge bases, 
which may also improve user trust [14]. Working with end-users to 
design and shape the functionality of LLM-based systems, while 
providing tools to increase digital literacy and overcome broadband 
limitations, may also help distribute the benefits of these systems to 
those who stand to benefit most.

However, addressing technical limitations alone is unlikely to ensure 
that patient-facing LLM-based systems reduce, rather than exacerbate, 
hypertension disparities. The larger challenge is ensuring that patient- 
facing LLM-based systems are designed around the needs, preferences, 
and lived experiences of the communities they are intended to serve.

4. Framing patient-facing LLM-based systems through an 
implementation science lens

Implementation science is the systematic study of methods to pro
mote the adoption, integration, and sustainment of evidence-based in
terventions in real-world settings [30,31]. Whereas efficacy research 

Table 1 
Barriers to hypertension control addressed by patient-facing large language 
models.

Barriers to hypertension 
control

Potential role of patient-facing LLMs

Inconsistent delivery of 
evidence-based care

Standardize and extend the delivery of guideline- 
concordant hypertension education and behavioral 
support

Limited accessibility to care Provides ongoing support without need for 
transportation

Fragmented care Maintains continuity between visits
Insufficient time for lifestyle 

counseling
Extends counseling beyond brief office visits

Poor medication adherence Provides ongoing reminders, motivation, and 
problem-solving

Limited health literacy Tailors hypertension education to appropriate levels
Poor care navigation Supports navigation to healthcare and community 

resources
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asks whether an intervention works under ideal conditions, imple
mentation science seeks to understand how effective interventions can 
be successfully integrated into routine practice to maximize population 
health impact. In hypertension, the evidence-based interventions are 
already well established and include lifestyle modification and phar
maceutical interventions [32]. The challenge is no longer identifying 
what works, but determining how to deliver these interventions effec
tively, equitably, and sustainably. From this perspective, patient-facing 
LLM-based systems represent not a new intervention, but a promising 
implementation strategy for delivering evidence-based hypertension 
care beyond traditional clinical encounters.

An implementation science perspective fundamentally changes the 
development process for patient-facing LLM-based systems (Fig. 1). 
Rather than beginning with model development, implementation sci
ence starts by engaging communities to understand local priorities, 
needs, and contextual factors that influence implementation. These in
sights guide the co-development of the AI-enabled intervention and its 
implementation strategies, including the features and capabilities of the 
patient-facing LLM and future integration with traditional team-based 
care approaches.

Differences in culture, language, resources, and lived experience can 
substantially influence how interventions are adopted and sustained, 
highlighting the importance of meaningful community engagement in 
implementation projects targeted towards health equity [33]. Commu
nity engagement emphasizes engaging a wide range of stakeholders in 
the implementation process, including policymakers, clinicians, com
munity organizations, and other community members with expertise 
regarding local context that may affect the implementation process [34,
35]. Ideally, community representatives should be members of the 
target population and included as partners in intervention and imple
mentation design and decision-making.

To operationalize this approach, implementation scientists use the
ories, models, and frameworks to identify barriers and facilitators of 

implementation, select evidence-based implementation strategies, and 
provide a blueprint for implementation and evaluation [36]. Several 
process frameworks have been proposed to guide the implementation 
digital interventions, including the Integrate, Design, Assess, and Share 
(IDEAS) and the Discover, Design/Build, and Test (DDBT) framework 
developed by colleagues at the University of Washington [37]. The 
DDBT framework may be especially useful for the equitable imple
mentation of patient-facing LLM-based systems as it emphasizes an 
iterative, stakeholder-informed development grounded in 
human-centered design, which centers the needs and experiences of 
intended users throughout development [38].

Following development and deployment, patient-facing LLM-based 
systems should undergo rigorous evaluation of both implementation and 
effectiveness outcomes. Hybrid effectiveness-implementation designs 
may be particularly useful for simultaneously assessing these outcomes 
in real-world settings. Implementation outcomes may be guided by 
established evaluation frameworks, such as Reach, Efficacy, Adoption, 
Implementation, Maintenance (RE-AIM) or Proctor’s implementation 
outcomes, including acceptability, appropriateness, feasibility, and cost. 
Effectiveness outcomes, including behavioral (e.g., minutes of physical 
activity per week, diet scores) and metabolic outcomes (e.g., blood 
pressure and cholesterol levels), should also be assessed to establish 
clinical relevance. Finally, post-deployment monitoring and planning 
for long-term sustainability are essential to ensure that the benefits are 
maintained and equitably distributed.

5. Conclusion and future directions

Hypertension disparities persist despite decades of effective thera
pies, highlighting the need for strategies that improve the equitable 
delivery of evidence-based care. Patient-facing LLM-based systems 
should not replace evidence-based models of care, such as team-based 
care, but may complement and extend their reach by providing educa
tion, behavioral support, and care navigation between in-person en
counters, while facilitating escalation to appropriate clinical care, as 
appropriate. A research agenda for these systems should progress from 
usability and safety testing in target communities to pilot implementa
tion in clinical and community settings, hybrid effectiveness- 
implementation trials, and post-deployment monitoring. Framing 
patient-facing LLM-based systems as implementation strategies shifts 
the focus from what these tools can do to whether they can equitably 
extend evidence-based hypertension care and reduce disparities in real- 
world settings.
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