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The global population is aging rapidly, with those aged 65 years and older projected to reach 2.2 billion by the 
2070s, surpassing the number of children.1 This demographic shift presents profound healthcare and socio
economic challenges, driven by the growing burden of chronic diseases such as diabetes, cardiovascular con
ditions, and neurodegenerative disorders among the elderly. Managing these conditions requires continuous 
monitoring and proactive intervention; however, traditional healthcare systems relying on in-clinic visits and 
periodic testing are inadequate to meet the growing demands of an aging population.2 This widening gap 
highlights the urgent need for innovative solutions that enhance healthcare efficiency and effectiveness, to ensure 
healthy aging and improved quality of life.

Emerging large language model (LLM) technology offers a promising path for transforming geriatric 
care.3 LLM-driven agents, equipped with perception, memory, reasoning, and interaction modules, have 
demonstrated exceptional performance in solving complex tasks within specific environments. These 
agents can integrate comprehensive medical knowledge, vast real-world healthcare data, and advanced 
reasoning and natural language processing capabilities to improve healthcare accessibility by auto
mating various clinical tasks.4 For example, they can provide real-time and personalized health gui
dance, monitor chronic health conditions, and support medication adherence and daily self-care.5 Ad
ditionally, LLM-driven systems can alleviate the burden on healthcare professionals by automating 
routine tasks, improving decision-making, and enhancing the overall efficiency of geriatric care delivery.

Here, we provide an overview of the current advancements, ongoing challenges, and future prospects 
in leveraging LLM agents to enhance geriatric care and promote healthy aging.

LLM agents for healthy aging. In the context of healthy aging, the primary goal of LLM-driven agents is 
to enable older adults to live safely and comfortably in their homes and communities while benefiting 
from continuous medical supervision through virtual services. Numerous studies have explored the 
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adoption of LLM agents to optimize the full spectrum of geriatric care, from preventive measures to 
ongoing management and support. These agents can form a collaboration network that integrates health 
data and decision-making knowledge to deliver personalized geriatric care, contributing to the devel
opment of smart homes and communities for healthy aging (Fig. 1).

LLM agents have significantly transformed health education and medical consultations for older 
adults by leveraging advanced information retrieval and natural language generation capabilities. These 
agents can distill complex medical knowledge into clear, accessible language, reducing both manpower 
and economic costs while broadening the reach and effectiveness of health education and medical 
consultation. This helps patients gain a deeper understanding of disease prevention, healthy lifestyles, 
and strategies for managing common health issues. Many studies have demonstrated that LLM-based 
agents used for remote health education and online consultations can substantially reduce the workload 
on medical staff, enhance the consistency of health education, and improve both the clarity and edu
cational value of communication, ultimately delivering higher-quality medical support.6 For example, 
Parmanto et al.7 proposed a caregiving language model (CaLM), which can be deployed as front-line help 
tools for geriatric caregivers.

Combining body-worn sensors and electronic surveillance devices, LLM agents can continuously 
monitor chronic health conditions for the aged population in home settings and deliver personalized 

Fig. 1. LLM-driven healthy aging in home and community settings. LLM, large language model. 
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health management advice based on each patient’s unique data and behavioral patterns.8 Such cap
abilities foster a proactive approach to personal health management and improve adherence to pre
scribed interventions, ultimately enhancing outcomes and reducing the overall healthcare burden. For 
instance, in the management of hypertension, LLM agents can prompt regular monitoring of key phy
siological indicators, perform trend analyses, and generate intuitive feedback reports. This data-driven 
process allows for tailored dietary and physical activity recommendations, as well as scientifically 
grounded guidance for clinical interventions. When abnormal fluctuations occur, the agents can 
proactively conduct an initial risk evaluation and synthesize the patient’s medical history, recent 
symptoms, and physiological data into detailed reports for physician review, thereby facilitating timely 
adjustments to treatment plans. An illustrative case is the Personal Health Insights Agent (PHIA) pro
posed by Google.9 PHIA seamlessly integrates multidimensional, continuous personal health data from 
wearable devices and leverages advanced code generation and information retrieval techniques for 
precise data analysis. This integration enables it to deliver personalized health recommendations and 
support patients in managing their health from home.

In addition to advancements in promoting self-care at home, LLM agents can also help streamline the 
workflow of primary care in community settings, which is crucial for the elderly. By automating routine 
clinical tasks and providing personalized intervention guidance, LLM agents improve access to and the 
quality of community-based healthcare for older adults, particularly in rural or underserved areas.10,11

Recent studies have actively explored the “virtual-first” primary care model driven by LLM agents to 
enhance healthcare efficiency and improve patient experiences. This approach leverages LLM agents to 
assist healthcare professionals in conducting initial consultations and triage, enabling rapid processing 
and analysis of patients’ symptom descriptions and medical histories. An example is the voice-interactive 
agent Talk2Care, which efficiently collects health information through patient-side voice assistants and 
generates professional, structured medical summaries for healthcare providers.10 This simplifies com
munication, improves consultation efficiency, and reduces barriers for elderly patients. Moreover, LLM 
agents have shown significant potential in clinical decision support by assisting physicians in disease 
diagnosis, risk prediction, and treatment planning. For instance, Google’s Articulate Medical Intelligence 
Explorer (AMIE) excels in medical diagnostic reasoning, enhancing the quality of diagnostic and man
agement decisions, particularly for complex cases in underserved communities.12 ZODIAC, an LLM- 
powered multi-agent collaboration framework with cardiologist-level professionalism, has been suc
cessfully integrated into electrocardiography devices to assist cardiological diagnostics.13 Du et al.14

evaluated the effectiveness of LLM agents in enhancing early detection of cognitive decline in the elderly 
using clinical notes. Another noteworthy multimodal agent, the Health Large Language Model for 
Multimodal Understanding (HeLM), can integrate diverse patient data, including demographic, clinical, 
and high-dimensional temporal features, to assess and predict disease progression risks.15 These ad
vancements highlight the transformative role of LLM agents in improving primary care delivery for older 
adults.

In precision medicine, LLM agents are increasingly used to analyze omics data to accelerate the 
identification of targets and drug discovery for age-related diseases.3 For example, Precious1GPT, a 
multimodal LLM agent, leverages methylation and transcriptomic data for interpretable age prediction 
and target discovery.16 Similarly, AlphaFold 3, an advanced LLM-driven structural biology tool devel
oped by DeepMind, has been applied to model the structures of proteins linked to Alzheimer’s disease, 
Parkinson’s disease, and stroke, aiding in the discovery of new disease mechanisms and potential drug 
targets.17

Evaluating LLM agents using clinical simulations. The rapid advancements in LLM technologies have 
presented significant challenges in establishing a comprehensive evaluation framework for their appli
cations in healthcare. Currently, there is no unified framework to rigorously assess the effectiveness, 
potential risks, feedback mechanisms, and health-economic value of LLM agents. While some researchers 
have proposed quantitative evaluation frameworks using methods like the Delphi technique and lit
erature reviews, these traditional static approaches are ill-suited for the dynamic and evolving nature of 
LLMs. Furthermore, existing evaluation frameworks for general LLMs fail to address the patient-centered 
and safety-critical requirements of geriatric care. To address these gaps, emerging dynamic simulation- 
based evaluation methods have been proposed.4 One such approach is Agent-Based Modeling (ABM), 
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which models LLM agents as autonomous entities to analyze their decision-making processes, adapt
ability, and collaboration within diverse clinical scenarios. ABM provides a dynamic and adaptive fra
mework, enabling a holistic assessment of how LLM agents function in complex clinical environments. 
Another promising framework is Artificial Intelligence Structured Clinical Examinations (AI-SCEs), in
spired by the Objective Structured Clinical Examination (OSCE) used in medical education. AI-SCEs 
involve multidisciplinary teams designing scenario-based benchmarks to evaluate not only the final 
outputs of LLM agents but also their reasoning processes, data integration capabilities, and interactions 
with healthcare providers and patients. By focusing on critical metrics like reliability, interpretability, 
feasibility, and effectiveness, AI-SCEs provide a comprehensive and practical evaluation system for LLM- 
based agents in real-world clinical applications. These innovative frameworks pave the way for devel
oping standardized and robust evaluation systems, ensuring that LLM agents meet the complex demands 
of geriatric care while maintaining safety and efficacy.

What is next? Despite their potential, deploying LLM agents in aging-related healthcare raises several 
critical concerns. General issues include hallucinations, interpretability, and ethical considerations.3,18

For instance, hallucinations—where LLM agents generate plausible but incorrect information—pose a 
significant risk for older adults who may struggle to differentiate accurate health information from 
misinformation.6 Ensuring the reliability and stability of these systems is essential to safeguard their 
well-being and foster trust in digital healthcare solutions. Moreover, equity in healthcare delivery re
mains a major concern, given the socioeconomic disparities within the elderly population. Prioritizing 
accessibility and affordability is key to ensuring a fair distribution of healthcare resources.3

There are also issues specific to the geriatric population. Older adults often have limited familiarity 
with digital technologies and unique health needs that demand tailored solutions. Enhancing these 
agents with the ability to integrate multimodal health data—such as speech, text, and sensor-based 
inputs—can significantly boost their utility. In addition, designing user-friendly devices with intuitive 
interfaces (e.g., larger text, fewer buttons, improved color contrast) and developing passive agents that 
require minimal user interaction can simplify use and improve adherence.2 Addressing the complexities 
of geriatric healthcare and the diverse needs of the aged across their full lifecycle necessitates multi
disciplinary collaboration and multidimensional decision-making. A range of software and hardware 
agents, such as wearable patient monitoring devices, machine learning-based decision-support systems, 
and robotic therapy tools, can work alongside LLM-driven agents to enhance healthcare delivery. In
tegrating these various functional agents into a multi-agent healthcare collaboration network can enable 
efficient, cross-disciplinary, and cross-system collaboration in complex geriatric care scenarios. For 
example, integrating LLM-based virtual medical agents with physical systems such as nursing robots 
could facilitate end-to-end intelligent healthcare services—from information processing to hands-on 
patient care. Finally, widespread adoption of LLM agents in geriatric care will require rigorous valida
tion through large-scale clinical trials focusing on cost-effectiveness and safety. It is also essential to 
seamlessly integrate these agents into existing geriatric healthcare workflows and assess how their 
systematic addition or removal affects overall outcomes and quality of life for older adults.4

In conclusion, the rapid growth of the global geriatric population is outpacing healthcare systems’ 
ability to address the complex needs of older adults. LLM agents have significant potential to re
volutionize geriatric care by enhancing access, personalizing interventions, and improving interactions 
between older adults and healthcare providers. However, their current value remains largely theoretical, 
with clinical efficacy yet to be validated through prospective research and real-world applications. 
Misuse could lead to unintended health consequences, emphasizing the need for a robust, multi
dimensional evaluation framework that accommodates their dynamic nature. It is crucial to define LLM 
agents as supportive tools for healthcare professionals—not as replacements for human judgment—and 
to provide appropriate training for both users and caregivers. Additionally, addressing the financial 
implications of integrating digital care is essential to ensure these technologies remain accessible and 
affordable for diverse populations. With continued advancements in digital innovation, LLM agents are 
poised to enable timely, effective, and scalable interventions, ultimately reshaping the landscape of 
geriatric care.
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