
https://doi.org/10.1177/21501319241312571

Journal of Primary Care & Community Health
Volume 16: 1–11�
© The Author(s) 2025
Article reuse guidelines: 
sagepub.com/journals-permissions
DOI: 10.1177/21501319241312571
journals.sagepub.com/home/jpc

Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons 
Attribution-NonCommercial 4.0 License (https://creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, 

reproduction and distribution of the work without further permission provided the original work is attributed as specified on the SAGE and Open 
Access pages (https://us.sagepub.com/en-us/nam/open-access-at-sage).

Review

Introduction

Primary health care (PHC) is a comprehensive health care 
approach that includes health promotion, disease preven-
tion, treatment, rehabilitation, and chronic disease manage-
ment with the goal of ensuring universal access to 
high-quality PHC services.1 Since the release of the “Almaty 
Declaration” in 1978, PHC has gained global recognition as 
the central objective for achieving universal health cover-
age, improved health outcomes and equity through inte-
grated and coordinated medical services.2

In China, the PHC system is a fundamental component 
of the health care framework, and the implementation of 
“the Healthy China 2030 initiative” and “the 14th Five-Year 
Plan for National Health” needs to be based on strong PHC. 
The Chinese health care system is structured into 3 levels: 
primary care, secondary, and tertiary care. PHC plays an 
indispensable role in the prevention of basic diseases and 
community health management. Over the past few decades, 

China has made remarkable progress in health care ser-
vices, particularly in the areas of maternal and newborn 
care, infectious diseases, and primary care access.3 
However, the PHC system continues to face significant 
challenges. China is currently facing a significant aging 
population and the urgent and growing public health 
demands brought about by varying rural healthcare sys-
tems, making the situation of chronic disease prevention 
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and control quite severe.4 There is also an uneven distribu-
tion of medical resources and a lack of qualified primary 
healthcare personnel, particularly in rural and remote areas, 
where access to quality medical resources is limited. This 
unevenness in medical resources and the healthcare sys-
tem’s excessive reliance on hospitals have led to a central-
ization of disease management, resulting in an ineffective 
implementation of the hierarchical medical treatment.5 
Furthermore, the continuity and coordination of medical 
services are insufficient,6 impeding the effective develop-
ment of PHC. Additionally, the PHC system still lacks com-
prehensive coverage in areas such as disease prevention, 
mental health services, and rehabilitation care.3 The rise of 
digital health technologies (DHTs), particularly artificial 
intelligence (AI), has opened up new opportunities for 
PHC. As a representative AI technology, large language 
models (LLMs) utilize natural language processing and 
generative capacity to improve real-time communication 
and support data analysis for personalized health manage-
ment, disease screening, and disease diagnosis.7,8

In several major national initiatives, the development 
and implementation of medical AI have been emphasized to 
advance the progress of precision medicine and public 
health applications. Relying on the construction of a bio-
logical data system, medical AI represented by LLMs has 
significant creative implications for the development of 
PHC. China has elevated “comprehensive prevention and 
control of chronic diseases” to a national strategy, with 
technologies like medical large models reshaping the means 
of chronic disease prevention and control. Continuous new 
progress is being achieved in the full-process management 
of “prevention - diagnosis - treatment,” emphasizing a pre-
vention-first approach that is centered on people.4

The widespread adoption of LLMs in PHC encounters 
numerous challenges, including a lack of transparency in 
the model, potential misrepresentation of outcomes, data 
privacy concerns, and social biases. Moreover, ensuring the 
safe, reliable, and fair use of LLMs without adding to the 
workload of primary healthcare personnel is still a chal-
lenge that needs thorough investigation and solutions.9 
Consequently, effectively integrating LLMs with the PHC 
system to enhance diagnostics and treatment efficiency 
while maintaining quality and fairness of medical services, 
has become a significant issue in the advancement of medi-
cal technology worldwide.

The Technical Principles of Large 
Language Models

Large language models (LLMs) are neural networks of 
deep learning specifically designed to address complex lan-
guage comprehension and reasoning tasks by processing 
and generating natural language. The core of LLMs is based 

on the Transformer architecture, that significantly improves 
the efficiency of handling large-scale textual data. The 
models showcase their ability to generate grammatically 
accurate and coherent text through 2 crucial stages: pre-
training and fine-tuning.10 With the advancement of compu-
tational capability and the proliferation of data, LLMs 
demonstrate exceptional efficacy in large-scale language 
modeling across a diverse array of natural language pro-
cessing (NLP) tasks, particularly within the domain of 
health care.

The representative GPT series demonstrates exceptional 
proficiency in tasks related to natural language processing 
with its massive parameter scale. Showing the powerful 
ability of in-context learning, with tasks and few-shot dem-
onstrations specified purely via text interaction with the 
model,11 GPT-3 is widely considered to be the first LLM. 
Notably, GPT-4 has significantly improved its capability to 
tackle complex tasks and can process multiple types of 
inputs, including text and images, greatly enhancing its 
potential applications in the medical field.12

In addition, Google’s Med-PaLM series is also focused 
on the medical field, demonstrating excellent capabilities in 
encoding medical knowledge and answering medical ques-
tions.13 Recently, multimodal large language models have 
begun to demonstrate their potential impact in health care, 
with notable examples such as GPT-4, Med-PaLM M, and 
Gemini series, which can process various types of data, 
including medical images and genomic data.12,14,15 This 
multimodal capability presents innovative solutions for 
complex tasks in healthcare, allowing LLMs to perform 
exceptionally well with textual data while also integrating 
various types of medical data.

Potential Applications of Large 
Language Models in Primary Health 
Care

Large language models (LLMs) leverage the capabilities of 
language processing and reasoning, continuously learning 
and updating to provide more precise and personalized 
health services for medical providers and patients in sup-
port of health care work. Here are some key applications of 
large language models in primary health care (PHC).

Health Promotion and Disease Prevention

The essence of PHC lies in promoting health and preventing 
diseases. The “14th Five-Year Plan for National Health” 
clearly proposes the implementation of comprehensive 
strategies for chronic disease prevention and control, 
emphasizing the core requirement of “health-centered” 
approaches.4 By improving health education, personalized 
health management, and disease screening, LLMs can 
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contribute to the implementation of this national strategy. 
They can also improve people’s health literacy and under-
standing of diseases, ultimately leading to better health out-
comes.16 Patients receive individualized health guidance 
through natural language dialogue, covering areas such as 
diet, exercise, and smoking cessation. This approach allows 
for earlier access to tailored information based on lifestyle 
habits and health data through patient empowerment and 
engagement, as well as timely reminders for patients to take 
intervention measures in order to prevent the onset and pro-
gression of diseases.17

Furthermore, LLMs has the potential to assist health care 
institutions in conducting data analysis to identify and pre-
dict high-risk groups. For instance, by analyzing medical 
history, lifestyle habits, and genetic information, LLMs 
have the capability to identify high-risk groups with chronic 
diseases, issue early warnings, and provide guidance for 
intervention measures. At the National University Health 
System (NUHS), Singapore, the team has created a tool 
called CardioSight that can capture and showcase informa-
tion on cardiovascular risk factors at both individual and 
geographical levels. When combined with the Chronic 
Disease Management Program (CHAMP), CardioSight18 
can offer targeted intervention strategies. This personalized 
approach to disease prevention holds promise for enhancing 
primary-level public health outcomes and advancing uni-
versal health coverage.19

Medical Consultation and Health Management

Medical consultation is an important component of PHC. 
LLMs have the potential to function as a physician’s assis-
tant by providing a real-time health advice and initial diag-
nostic support. Through interactive communication with 
LLMs, patients can receive symptom-based health advice, 
thereby addressing the limited availability of PHC resources. 
Acting as an intermediary between patients and physicians, 
LLMs streamline health consultation process and provide 
preliminary diagnostic recommendations20 to alleviate the 
shortage of qualified medical personnel in PHC.

LLMs play a crucial role in personalized health manage-
ment by enabling doctors to create tailored health manage-
ment plans for patients, monitor their health data in real 
time, and dynamically adjust management strategies based 
on this information. Patients can receive telemedicine 
advice and care guidance, improving their remote care 
experience and enjoying the convenience brought by tele-
health services. Recently, Massachusetts Institute of 
Technology (MIT) collaborated with Google to develop a 
Health-LLM21 that analyzes data collected from wearable 
sensors, monitors physiological parameters in real time, and 
reviews health records to make health predictions. This tool 
reminds patients to take necessary intervention measures, 
thereby optimizing their health management.

Diagnosis, Triage, and Referral

LLMs have the potential to significantly enhance diagnostic 
efficiency in PHC by assisting with routine and repetitive 
medical tasks, such as inputting patient data and summariz-
ing medical information. They also provide clinical deci-
sion support by quickly analyzing a large volume of medical 
documents, electronic health records, and other health data. 
LLMs can provide preliminary diagnoses based on patients’ 
symptoms and medical history, enhancing the diagnostic 
efficiency and accuracy of primary healthcare providers. 
Chat Ella,22 designed as a tool to assist doctors in diagnos-
ing common chronic diseases, has shown excellent diag-
nostic capabilities and has received positive feedback 
regarding its usability. They also offer preliminary diagno-
ses based on symptoms and medical history, as well as cur-
rent treatment recommendations supported by relevant 
medical literature,23 optimizing treatment plans and enhanc-
ing treatment outcomes. By attracting patients with high-
quality service, timely care, and cost-effective solutions, it 
aims to increase the footfall in primary care clinics. 
Leveraging contracted family doctors services, it provides 
patients with continuous healthcare services.

By promptly evaluating a patient’s condition, LLMs 
could identify high-risk emergency and critical cases and 
redirect patients to appropriate specialists or health care 
facilities, thereby reducing instances of misdiagnosis and 
inappropriate referrals. Improving the information system 
of the medical community ensures the immediate exchange 
and verification of medical data.5 Multimodal large lan-
guage models further advance the construction of resource-
sharing centers in areas such as medical imaging, medical 
testing, and electrocardiogram diagnosis. This aids in estab-
lishing a two-way referral order for primary examinations, 
advanced diagnoses, and result recognition,24 optimizing 
the referral process,25 and better implementing the hierar-
chical medical system to improve the current situation of 
patients facing difficulties in accessing medical care.

Chronic Disease Management

Chronic disease management is a crucial component of 
PHC, particularly in China where chronic diseases have 
become a major health burden.26 Leveraging long-term 
patient health data such as electronic health records, family 
history, and lifestyle information, LLMs can offer personal-
ized chronic disease management plans to patients, along 
with remote monitoring of key physiological indicators 
such as blood pressure and blood glucose. This technology 
enables real-time tracking of patient progression and allows 
for adjustments to treatment plans based on the latest medi-
cal research and individual patient conditions,27 ultimately 
leading to a reduction in hospitalizations and emergency 
interventions. LLMs can enhance the capabilities of chronic 
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disease care in primary healthcare. Data statistics indicate 
that over 80% of the disease burden in China comes from 
chronic care needs, and there is a significant shortage of 
nursing staff.28 Hippocratic AI29 has launched a chronic dis-
ease virtual nursing assistant supported by LLMs, which 
reminds patients to take their medications, follow care 
plans, schedule follow-up appointments, and review medi-
cation issues. This meets patients’ needs for care, alleviates 
the burden on medical personnel, and eases the pressure on 
nursing resources.

In addition, LLMs can predict and prevent complications 
of chronic diseases by analyzing data. With the help of 
DeepDR-LLM,30 a diabetes screening model that integrates 
LLMs and image-based deep learning, PHC physicians can 
effectively identify patients with diabetic retinopathy who 
are suitable for referral. Patients are more willing to follow 
recommendations to visit ophthalmologists and adopt 
healthier lifestyles. LLMs also hold the potential to provide 
active rehabilitation guidance and training for patients with 
functional impairments caused by chronic diseases, thereby 
improving their quality of life.31

Mental Health Support

LLMs also demonstrate significant potential in mental 
health support. Accelerating the integration of mental health 
services within primary healthcare and communities is one 
of the best ways to improve the cost-effectiveness of PHC.32 
Through empathetic interactions, LLMs could provide 
emotional support to patients and aid them in managing 
stress, anxiety, and depression associated with their condi-
tion. It is capable of monitoring the patient’s emotional 
fluctuations and providing tailored psychological interven-
tions for individuals encountering psychological chal-
lenges, including companionship, support, and even 
therapeutic approaches such as cognitive behavioral ther-
apy or mindfulness training, to facilitate timely alleviation 
of psychological distress for patients,33 and provide public 
mental health education programs to enhance mental health 
literacy.

Additionally, LLMs could assist mental health profes-
sionals in identifying high-risk patients and offering early 
intervention recommendations. Through monitoring lan-
guage patterns and emotional changes, LLMs could 
promptly detect mental health issues in patients, including 
early signs of schizophrenia or mental disorders,34 and pro-
vide further treatment or referral suggestions. Only a very 
small number of patients reporting depressive symptoms 
receive adequate treatment.35 Soulchat36 can offer human-
ized psychological counseling services through multi-turn 
empathetic dialogues, providing a convenient support ave-
nue for those who cannot access mental health services in a 
timely manner.

Medical Training and Education

LLMs could serve as a valuable training tool for medical 
professionals, particularly in the realm of PHC where doc-
tors frequently encounter the need to acquire new knowl-
edge and skills in order to navigate the intricate medical 
landscape. The key bottleneck in building a strong PHC sys-
tem is the lack of qualified healthcare personnel.16 Interactive 
learning through LLMs is emerging as a viable method to 
provide doctors with current research findings and clinical 
guidelines, thereby enhancing their diagnostic and therapeu-
tic capabilities. LLMs potentially generate personalized 
educational materials tailored to expedite doctors’ mastery 
of specific areas of expertise, such as chronic disease, tradi-
tional Chinese medicine, oncology. China’s first large lan-
guage model for traditional Chinese medicine, “Zhongjing,”37 
can generate diagnostic analyses, interactive stories, and 
explanations of disease causes and mechanisms based on 
data from traditional Chinese gynecological prescriptions. 
This can assist doctors in improving their reasoning abilities 
in traditional Chinese medicine consultations. By simulating 
case analyses and providing immediate feedback, LLMs 
also hold promise for augmenting doctors’ clinical decision-
making abilities and elevating their professional skills. 
Recently, the Chinese Expert Consensus on Artificial 
Intelligent General Practitioner(AIGP)38 has been proposed, 
which is expected to assist general practitioners in fulfilling 
the learning requirements of their professional training. 
Additionally, these models can simulate clinical scenarios, 
providing practical training and skill development.

Challenges and Limitations

Although large language models (LLMs) have shown signifi-
cant promise in the primary health care (PHC) field, yet their 
extensive implementation remains hindered by a multitude of 
technical, ethical, and legal challenges and limitations.

Transparency and Interpretability

The internal mechanism of LLMs, as deep learning mod-
els, is usually considered a “black box,” making them chal-
lenging to explain the reasoning process in complex 
medical scenarios. The lack of transparency has a direct 
impact on the interpretability of models, particularly in the 
context of medical diagnosis and decision support. It is 
essential for both doctors and patients to comprehend how 
the models arrive at specific conclusions. In China, many 
patients have low trust in primary-level healthcare institu-
tions and weak understanding of the primary care first 
diagnosis system. The outputs of the model must provide 
reasonable explanations to enhance trust and guide patients’ 
healthcare beliefs and habits. However, most of the current 
LLMs, especially commercial models such as GPT-4, have 
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not yet disclosed their specific training data or internal 
mechanisms.39

The research has  shown that the use of techniques such as 
Chain of Thought (CoT) can enhance the interpretability of 
models in PHC, elucidating the reasoning process and facili-
tating users’ comprehension of the logic behind the models’ 
output. Additionally, advancements in more transparent and 
traceable LLMs contribute to their increased adoption rate in 
medical settings.40 However, despite these technological 
advancements offering some solutions, further research and 
improvement are necessary to advance the interpretability of 
LLMs beyond their current exploratory stage.

Hallucinations

LLMs exhibit a proclivity for generating content that is 
seemingly reasonable but ultimately inaccurate or unveri-
fied, commonly referred to as “hallucinations.”41 This inac-
curate information may have a substantial impact on patient 
health in medical environments, especially when utilized 
without the supervision of professional medical personnel. 
Depending solely on LLMs diagnostic recommendations 
may also pose potential risks. Primary-level healthcare 
institutions bear the important responsibility of the primary 
care first diagnosis system,5 which is the core of the hierar-
chical medical system. This system affects the patients’ sub-
sequent initial treatment, triage, and referral, as well as their 
overall sense of trust. Therefore, it is imperative in PHC to 
meticulously verify and debug LLMs to ensure the accu-
racy and reliability of the information they provide.

One approach to mitigate the risk of “hallucinations” is to 
curate datasets tailored for medical scenarios during the pre-
training phase of the model and regularly update these datas-
ets to align with the latest medical research findings.42 
Furthermore, integrating an external knowledge retrieval sys-
tem to enhance the accuracy of LLMs could effectively reduce 
distortions and bolster the credibility of LLMs in health care.43 
In resource-scarce western and remote rural areas, developing 
high-quality LLMs that are suitable for the local primary 
healthcare system faces significant challenges. These chal-
lenges include difficulties in attracting professional talent and 
collecting and updating training data. To achieve these goals, 
it is essential to establish effective collaboration and resource 
sharing with higher-level hospitals, as well as to get govern-
ment financial incentives and policy support to retain the nec-
essary technical talent. The application of artificial intelligence 
in healthcare at the grassroots level is continuously being 
advanced for better and more widespread use.

Data Privacy and Security Concerns

During the training process, LLMs require a significant 
amount of patient data, including electronic health records 
(EHR), which contain highly sensitive personal privacy 

information. Improper use or leakage of this data may result 
in serious harm to patient rights, particularly as LLMs 
increasingly support personalized medical services and 
have  the potential to infer specific individual information, 
thereby posing privacy risks.44

To address these issues, the World Health Organization 
(WHO)45 supports the enforcement of data protection regu-
lations, requiring that the collection and processing of data 
must be conducted legally. Additionally, some researchers 
have proposed the use of privacy-enhancing technologies 
(PETs) like differential privacy and federated learning 
while safeguarding personal information. Differential pri-
vacy guarantees that the model maintains anonymity when 
analyzing patient data, while federated learning enables 
secure sharing and updating of model parameters across 
multiple distributed devices.44 Meanwhile, primary-level 
healthcare institutions must obtain informed consent from 
patients and adhere strictly to data privacy regulations 
before utilizing LLMs in order to safeguard the security of 
patient information.46

Bias and Fairness

The training data for LLMs usually reflects societal preju-
dices based on race, gender, and geographical location, 
potentially leading to unfairness in medical applications. 
For instance, certain social groups may lack access to high-
quality health advice due to insufficient data or may receive 
unconsciously biased recommendations from LLMs.47 This 
issue is particularly significant in PHC, where the emphasis 
is on health equity and ensuring equal access to quality 
medical services for all individuals.48 China has a diverse 
cultural background with multiple ethnic groups and is 
experiencing a significant aging population. It is essential to 
ensure that minority groups and the elderly have equal 
access to high-quality healthcare services.

To address these challenges, researchers have proposed 
deep reinforcement learning techniques to mitigate model 
bias and align it with social ethics.47 Additionally, it is nec-
essary to introduce cross-cultural datasets and provide intel-
ligent models that cater to dialects and the elderly, ensuring 
that the models can meet the diverse healthcare needs of 
patients and avoid injustice stemming from cultural or 
racial differences.49 Currently, multimodal large models are 
placed in “paid access areas,”45 raising the urgent issue of 
how to improve the accessibility of these models to cover a 
broader range of populations.

Human Participation and Ethics Concerns

While LLMs boast powerful automation capabilities, human 
involvement remains crucial in medical settings. LLMs can-
not fully replace doctors, especially in scenarios involving 
complex ethical decisions or the emotional needs of patients. 
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Some patients may feel uneasy about relying on artificial 
intelligence for diagnosis or treatment, particularly in criti-
cal moments concerning their health and well-being.50

Moreover, it is essential to emphasize the role of LLMs 
as a supplementary tool rather than a replacement for human 
decision-making. Researchers have proposed techniques 
such as reinforcement learning from human feedback 
(RLHF) and direct preference optimization (DPO) to align 
the output of LLMs more closely with human values and 
preferences, thereby bolstering patient satisfaction and 
trust.51 In China, the economic returns for healthcare pro-
viders depend on the quantity of medical services pro-
vided.16 As a new type of artificial intelligence technology, 
how LLMs can encourage healthcare professionals to 
engage in training and active learning, and how to educate 
them to correctly handle information from LLMs without 
relying solely on it, requires further solutions.

Legal and Regulatory Frameworks

The widespread use of LLMs in PHC requires robust legal 
and regulatory backing. Currently, there is a lack of consis-
tent laws and regulations globally to govern the use of 
LLMs in health care, which poses potential risks due to the 
high-stakes nature of medical care. In the context of PHC, 
the patient harm caused by the use of LLMs cannot be 
clearly attributed to any party, and there is a lack of regula-
tory accountability. Therefore, it is essential for LLMs 
developers, medical institutions, and government regula-
tory agencies to establish clear lines of responsibility and 
implement stringent regulatory measures.52

Due to issues related to interpretability and safety, some 
companies’ LLMs are unable to comply with existing legal 
regulations, which restricts their formal operation. This year, 
the World Health Organization released guidelines on the 
ethics and governance of large multi-modal models for 
health to further regulate and standardize the development 
and application of LLMs, particularly when integrated into 
the high-risk field of healthcare.45 The updates and iterations 
of LLMs are dynamically evolving processes that brings 
new risks and challenges. Moving forward, global coopera-
tion must be strengthened to ensure that the applications of 
LLMs align with ethical norms, prioritize patient safety, and 
promote responsible usage in health care settings.

Future Prospect

The integration of large language models (LLMs) in pri-
mary health care (PHC) is anticipated to yield systematic 
enhancements through optimized resource allocation, 
improved diagnosis and treatment efficiency, and personal-
ized health management. However, achieving full integra-
tion poses several technical, ethical, and legal challenges 
that require addressing, as well as the promotion of techno-

logical innovation and practice. The focus of future pros-
pects can be summarized as follows:

Interdisciplinary Collaboration and Data 
Integration

The multimodal capabilities of LLMs are poised to play a 
transformative role in revolutionizing health care applica-
tions. In the future, LLMs will increasingly integrate with 
various digital health technologies, including wearable 
devices, electronic health records, genomics, to achieve 
comprehensive health management that covers the entire 
population and the entire life cycle of individuals. This 
necessitates close collaboration between medical institu-
tions and technology companies, as well as interdisciplin-
ary cooperation in medicine, data science, and ethics to 
develop model products for PHC that genuinely meet the 
requirements of patients and healthcare providers, resulting 
in the integration of “code to bedside”.53

The integration of services from primary care to tertiary 
care, as well as the collaboration between public and private 
healthcare providers is of crucial significance.54 The potent 
data analysis capability of LLMs can facilitate the sharing 
and standardization of patient health information, and 
LLMs may turn into the hub of medical data, providing 
comprehensive clinical care pathways and enabling patients 
to obtain more convenient 2-way referral services, thereby 
alleviating the complex care challenges posed by chronic 
diseases and geriatric diseases.

It is recommended to staff primary-level healthcare insti-
tutions with a diverse range of professionals, including 
medical workers like dentists, traditional Chinese medicine 
practitioners, and rehabilitation doctors, as well as non-
medical personnel such as psychological consultants and 
community workers. As a mediator for multi-disciplinary 
cooperation, LLMs can incorporate public services such as 
elderly care, disability care, and mental health care into pri-
mary healthcare services. In rural and remote areas, the 
addition of multi-disciplinary roles may mitigate the short-
age of qualified general practitioners, and the combination 
of multidisciplinary teams and LLMs can assist in estab-
lishing a comprehensive healthcare service centering on 
primary-level medical services, coordinating the healthcare 
needs of patients and residents.55

Continuous Improvement in Health Equity

The use of LLMs in PHC should prioritize tackling social 
biases and health disparities. In the future, as more cross-
cultural and diverse data are incorporated, LLMs will be 
better positioned to deliver equitable health services, pre-
venting unfair treatment of specific groups due to con-
straints of the training data.56 Furthermore, developers 
should further enhance the bias correction mechanism of 
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the model to ensure that LLMs offer consistent quality of 
care to patients from various backgrounds.

Currently, the uneven distribution of medical resources 
and the imbalanced development between regions and 
urban-rural areas remain significant challenges hindering 
the advancement of healthcare in China. Medical artificial 
intelligence is an effective means to empower primary 
healthcare.24 The applications of LLMs are anticipated to 
significantly enhance telemedicine services, including 
remote consultations and chronic disease management. 
This will ensure that primary-level healthcare institutions 
are accessible across all regions and provide real-time ser-
vice support, while also fostering remote collaboration with 
higher-level hospitals. Additionally, it is essential to fully 
leverage the role of county-level medical communities to 
promote the descent of high-quality medical resources. By 
integrating Large Language Model-assisted diagnosis and 
treatment technologies, the clinical decision-making capa-
bilities of PHC physicians can be enhanced, ultimately 
improving the quality of medical services.

Furthermore, an effective PHC system requires commu-
nity outreach.54 It is crucial to strengthen health promotion 
efforts beyond medical institutions. Through real-time and 
convenient health monitoring and education enabled by 
LLMs, we can enhance health awareness among more resi-
dents and encourage them to actively adopt healthy life-
styles. This involves promoting family-based and 
technology-supported self-health management to proac-
tively prevent diseases and promote health equity.

Construct Ethical and Legal Frameworks

As LLMs continue to be integrated into PHC, enhancing 
ethical and legal frameworks becomes more vital. At pres-
ent, major countries and regions around the world are accel-
erating the improvement of legal supervision related to 
LLMs to ensure that their development and applications 
adhere to ethical standards and legal frameworks. For 
instance, the European Union promulgated the first compre-
hensive legislation on artificial intelligence, the “Artificial 
Intelligence Act”,57 which has become the core of the super-
vision and governance of large models. Combined with 
other acts in the fields of personal data protection strategies 
and market supervision, they jointly constitute the supervi-
sion system. In the United States, the regulatory framework 
for large models and the artificial intelligence systems they 
support is primarily comprised of various legislation at 
both the federal and state levels. This framework empha-
sizes the need to balance the rights and interests of enter-
prises with those of users.58 The current supervision system 
for large models in China mainly adopts a strategy of paral-
lel vertical regulations and horizontal supervision tools, 
reflecting the balance between government leadership and 

collective interests.59 In the development of digital medical 
technologies, including LLMs, there are differences in 
research transparency, privacy, and medical device approval 
mechanisms between China and other countries and 
regions.60 When the government collects biological data, it 
may infringe on the privacy of individual patients. However, 
these privacy data can only be utilized domestically in accor-
dance with compliance regulations. Additionally, there are 
issues related to the unclear responsibilities of various enti-
ties and the absence of regulatory accountability.

In the future, the accountability mechanism will be a sig-
nificant topic. The government, developing companies, and 
primary-level healthcare institutions need to clearly define 
responsibilities to ensure that timely remedial actions can 
be taken when issues arise during the utilization of LLMs. 
Collaborative efforts should be made to develop and refine 
relevant technical and compliance standards. Furthermore, 
it is advocated to establish flexible and adaptive governance 
pathways for LLMs to address the new opportunities and 
challenges brought about by the rapid development of 
LLMs, adapt to diverse medical scenarios in different socio-
economic backgrounds, continuously monitor and provide 
feedback in practical applications, and update relevant ethi-
cal acts in a timely manner Lastly, issues such as model 
transparency, privacy, and fairness are universally applica-
ble and require international cooperation and consensus to 
promote the establishment of a safe, effective, and equitable 
compliance framework for LLMs.

Continuous Innovation and Long-Term 
Development

The applications of LLMs in PHC are still evolving, with 
future innovations aiming to enhance the intelligence of 
LLMs and expand their range of applications. Ongoing 
updates and iterations are anticipated to improve the reli-
ability and adaptability of LLMs in handling more complex 
medical tasks. Develop large models of traditional Chinese 
medicine with Chinese characteristics, fully leveraging the 
advantages of traditional Chinese medicine in disease pre-
vention, control, diagnosis, and treatment. Meanwhile, inte-
grate local ethnic medical services in minority regions to 
better serve the local population. The development of LLMs 
also requires addressing its flexible application in diverse 
medical scenarios and promoting it to rural and remote 
areas. It’s critical to identify the health needs of residents in 
low-resource areas, provide them with information-based 
infrastructure, and offer policy incentives and economic 
guarantees to the researchers and medical personnel who 
develop and use LLMs locally, enabling this new technol-
ogy to a broader population.

The sustainable development of LLMs necessitates a 
substantial amount of clinical practice data and long-term 
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follow-up studies. Therefore, further research should priori-
tize the assessment of the long-term effectiveness of LLMs 
in PHC, monitoring their impact on patient outcomes, and 
identifying areas for continuous updates and improvements 
to ensure their genuine benefit to patients.

Conclusion

Large language models (LLMs) hold great promise as a 
valuable tool in primary health care (PHC). With their out-
standing natural language processing and data analysis 
capabilities, LLMs can provide support for health care ser-
vices across various key areas. The effective utilization of 
LLMs is expected to significantly improve the overall effi-
ciency and quality of PHC, particularly in optimizing 
resource allocation, enhancing diagnosis and treatment 
capabilities, and preventing and controlling chronic dis-
eases. To ensure the safe, effective, and fair use of LLMs, it 
is essential to deepen the technological research and devel-
opment of medical large models.

Looking ahead, the continued innovation of LLMs in 
PHC will depend on interdisciplinary collaboration, tech-
nology integration, and extensive clinical validation. 
Through their close integration with digital health technol-
ogy, LLMs are anticipated to facilitate the modernization of 
PHC systems and enhance public health, particularly in 
underserved and remote areas. Accessibility will continue 
to be a critical factor. Therefore, the global health care com-
munity should work together to ensure that LLMs technol-
ogy can be responsibly applied in medical practice in the 
future, thereby achieving more efficient and equitable 
health coverage goals.

Appendix

  1.	 Natural language processing(NLP): NLP is a field 
of AI research focusing on the interaction between 
computers and human language. It automates con-
tent creation, facilitates language translation, and 
improves chatbot interactions.

  2.	 Neural networks: Neural networks are computing 
systems inspired by biological neural networks. It 
consists of interconnected groups of nodes, often 
referred to as neurons, which work together to solve 
specific problems or perform tasks

  3.	 Deep learning: Deep learning is a variant of machine 
learning involving neural networks with multiple 
layers of processing nodes, which together facilitate 
extraction of unstructured input data (eg, images, 
video, and text).

  4.	 The Transformer architecture: The Transformer 
architecture is a deep learning model designed for 
processing sequential data. It utilizes self-attention 

mechanisms and feedforward neural networks to 
capture relationships between elements in the input 
sequence, effectively addressing long-distance 
dependency issues.

  5.	 Pre-training: Pre-training is the models acquire 
knowledge of grammar, vocabulary, and language 
context from a comprehensive corpus. This enables 
the models to proficiently grasp the fundamental 
structure and semantics of the language.

  6.	 Fine-tuning: Fine-tuning is the process of taking a 
pre-trained model and training it on a smaller, task-
specific dataset to improve its performance on that 
particular task.

  7.	 Few-shot : Few-shot is developed to complete 
tasks with exposure to only a few initial examples 
of the task, with accurate generalization to unseen 
examples.

  8.	 Diabetic retinopathy: Diabetic retinopathy is an eye 
condition that can cause vision loss and blindness in 
people who have diabetes. It affects blood vessels in 
the retina (the light-sensitive layer of tissue in the 
back of your eye).

  9.	 Chain-of-thought(CoT): CoT refers to a reasoning 
process in which a model or individual arrives at a 
conclusion through a step-by-step reasoning trajec-
tory when solving complex problems.

10.	 Deep reinforcement learning: Deep reinforcement 
learning refers to a powerful framework that allows 
machines to learn from their environment and 
improve their performance over time by leveraging 
the strengths of both reinforcement learning and 
deep learning.

11.	 Reinforcement learning from human feedback 
(RLHF): RLHF uses a reward model to learn align-
ment from human feedback. This reward model, 
after being tuned, is able to rate different outputs and 
score them according to their alignment preferences 
given by humans. The reward model gives feedback 
to the original LLM and this feedback is used to tune 
the LLM further.

12.	 Direct Preference optimization: DPO is a mapping 
between reward functions and optimal policies to 
show that this constrained reward maximization 
problem can be optimized exactly with a single 
stage of policy training.
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