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Abstract 

Large Language Model (LLM)–enabled Health Information Systems are increasingly 

transforming how clinical data are captured, exchanged, interpreted, and governed. This 

systematic review examined recent evidence on the integration of LLMs into Health Information 

Systems, with emphasis on FHIR-based interoperability, clinical decision support, privacy 

protection, and trustworthy AI governance. The review adopted a systematic methodology and 

synthesised studies published from 2020 onward across health informatics, clinical artificial 

intelligence, digital health, interoperability, privacy-preserving computing, and governance 

literature. The findings show that LLMs can support health systems by converting unstructured 

clinical narratives into structured data, improving documentation, assisting medical evidence 

summarisation, enhancing patient communication, and strengthening decision-support 

workflows. FHIR and SMART on FHIR emerged as important foundations for standardised and 

reusable clinical data exchange. However, the review also found that LLM-enabled systems 

remain limited by hallucination, weak clinical validation, privacy leakage, algorithmic bias, 

limited transparency, and uncertain accountability. Privacy-preserving approaches such as 

federated learning, secure computation, encryption, and controlled retrieval offer useful 

safeguards, but they require strong institutional governance and continuous monitoring. The 

review concludes that LLM-enabled Health Information Systems should be implemented as 

human-supervised, standards-based, and governance-driven clinical infrastructures rather than 

autonomous decision-making tools. Responsible adoption requires FHIR-conformant 

architecture, clinician oversight, privacy-by-design, fairness evaluation, transparent reporting, 

regulatory alignment, and lifecycle governance. 

Keywords: Large Language Models, Health Information Systems, FHIR Interoperability, Clinical 

Decision Support, Trustworthy AI Governance 

1. INTRODUCTION 
Health Information Systems are increasingly becoming intelligent, 

interoperable, and data-driven infrastructures for supporting 

clinical documentation, diagnosis, treatment planning, patient 

engagement, administrative coordination, and population health 

surveillance. Traditionally, these systems have depended on 

structured electronic health records, rule-based clinical decision 

support, and manually coded clinical data. However, the rapid 

development of Large Language Models has introduced a new 

generation of AI-enabled health information systems capable of 

interpreting, summarising, generating, and reasoning over complex 

clinical language. LLMs are particularly significant because much 

of healthcare knowledge is still stored in unstructured formats, 

including clinical notes, discharge summaries, referral letters, 

laboratory interpretations, imaging reports, medication narratives, 

and patient-provider communication records [1]. Their ability to 

process free-text clinical data has therefore created new 

possibilities for improving the usability, responsiveness, and 

analytical capacity of health information systems [2]. The 

emergence of LLM-enabled health information systems is closely 

linked to the broader shift toward foundation models and generalist 

medical artificial intelligence. Unlike narrow AI models designed 

for single clinical tasks, foundation models can be adapted across 

multiple healthcare functions, including question answering, 

summarisation, patient education, documentation support, and 

decision assistance [3]. In health information systems, this 

flexibility is important because clinical workflows are rarely 

isolated. A single patient encounter may require retrieval of past 
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medical history, interpretation of laboratory results, medication 

reconciliation, risk stratification, communication with patients, and 

referral documentation. LLMs may therefore serve as a natural-

language interface between clinicians, patients, and complex 

digital health records. 

A central challenge in this transformation is interoperability. 

Healthcare systems often operate through fragmented databases, 

incompatible coding structures, and heterogeneous electronic 

health record platforms. The Fast Healthcare Interoperability 

Resources standard has become a major response to this problem 

because it supports modular, web-based exchange of health 

information across systems [4]. FHIR enables clinical data to be 

represented as standardised resources such as Patient, Observation, 

Condition, MedicationRequest, Encounter, Diagnostic Report, and 

Procedure. In LLM-enabled health information systems, FHIR is 

important because it provides a structured foundation for 

transforming unstructured clinical narratives into machine-readable 

and exchangeable health data. Recent work on FHIR-GPT 

demonstrates that LLMs can support conversion of clinical 

narratives into FHIR medication-related resources, suggesting that 

generative AI can contribute to health data standardisation and 

interoperability when combined with validation mechanisms [5]. 

Beyond interoperability, LLMs are gaining attention for clinical 

decision support. Studies have shown that advanced LLMs can 

encode substantial medical knowledge and perform strongly on 

medical question-answering benchmarks [6]. ChatGPT’s 

performance on the United States Medical Licensing Examination 

also demonstrated the capacity of general-purpose LLMs to 

generate clinically relevant explanations and reasoning patterns [7]. 

Similarly, GPT-4 has been discussed as a potentially useful 

medical chatbot, although its risks remain serious in clinical 

contexts [8]. In patient-facing communication, AI chatbot 

responses have been rated highly for quality and empathy when 

compared with physician responses to public patient questions, 

suggesting possible value in supporting patient education and 

response drafting [9]. These developments show that LLMs may 

enhance health information systems by improving information 

retrieval, clinical documentation, triage support, and 

communication. 

However, the clinical promise of LLM-enabled systems must be 

interpreted carefully. LLMs can produce fluent but incorrect 

outputs, generate unsupported recommendations, and omit 

clinically important details, or present uncertainty in a 

misleadingly confident manner. Reviews of LLMs in medicine 

therefore emphasise that their use must be accompanied by careful 

validation, domain-specific testing, clinician oversight, and clear 

boundaries of responsibility [10]. In health information systems, 

these risks are amplified because the output of a model may 

influence real clinical action. A wrong summary, inaccurate 

medication interpretation, or unsafe decision-support 

recommendation may affect diagnosis, treatment, referral, or 

patient trust. Privacy and data protection represent another major 

background issue. Health information systems manage highly 

sensitive personal data, and LLM integration may expose patient 

information through prompts, outputs, model memory, third-party 

processing, or insecure deployment pipelines. Privacy-preserving 

approaches, including local LLM deployment, controlled 

information retrieval, de-identification, access control, and 

structured extraction from clinical text, are increasingly being 

explored to reduce these risks [11]. Nevertheless, technical privacy 

measures alone are insufficient. Ethical concerns remain regarding 

consent, secondary use of data, transparency, patient autonomy, 

accountability, and the possibility of hidden data leakage [12]. 

Trustworthy AI governance is therefore essential. The ethics 

literature on ChatGPT and LLMs in healthcare identifies recurring 

concerns around fairness, bias, misinformation, opacity, non-

maleficence, privacy, and human oversight [13]. Bias is especially 

important because LLMs can reproduce historical inequities 

embedded in training data. Evidence that LLMs may propagate 

race-based medical misconceptions raises serious concerns about 

their use in clinical decision support and patient-facing systems 

[14]. For health information systems, this means that LLM outputs 

must be evaluated not only for technical accuracy but also for 

fairness across demographic groups, clinical populations, 

languages, and health system contexts. Regulatory and governance 

debates have also become more urgent. LLM-enabled health tools 

differ from earlier AI systems because they are general-purpose, 

adaptive, conversational, and capable of being used across multiple 

clinical and non-clinical tasks. These characteristics complicate 

medical device regulation, liability, cybersecurity, data 

provenance, intellectual property, and professional accountability 

[15]. The increasing number of AI-based medical devices and 

algorithms approved by regulators shows that AI is already 

entering clinical practice, but LLM-enabled systems require even 

stronger lifecycle governance because their behaviour may vary 

across prompts, settings, users, and data contexts [16]. 

Clinical evaluation standards are also evolving to address AI-

specific risks. CONSORT-AI provides reporting guidance for 

clinical trial reports involving AI interventions [17], while SPIRIT-

AI strengthens protocol reporting for clinical trials involving AI 

systems [18]. DECIDE-AI further supports early-stage clinical 

evaluation of AI-based decision support systems before wider 

deployment [19]. For prediction models, TRIPOD+AI provides 

updated reporting guidance for regression-based and machine-

learning-based clinical prediction models [20]. These frameworks 

are highly relevant to LLM-enabled health information systems 

because they emphasise transparency, clinical context, human-AI 

interaction, error analysis, and real-world evaluation. 

2. RELATED STUDIES 
Recent studies on Large Language Model–enabled Health 

Information Systems show that the field is developing around four 

closely connected concerns: clinical usefulness, data 

interoperability, privacy protection, and trustworthy governance. 

The literature does not treat LLMs merely as conversational tools; 

rather, it increasingly examines them as components of digital 

health infrastructure that may support electronic health records, 

clinical decision support, documentation, patient communication, 

and health data standardisation. However, related studies also show 

that LLM-enabled systems remain uneven in maturity. Some 

studies demonstrate strong performance in summarisation, 

evidence synthesis, FHIR-based data exchange, and clinical 

workflow support, while others warn that hallucination, poor 

reproducibility, privacy leakage, bias, and weak accountability may 
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undermine safe implementation. The following related studies are 

organised into four subtopics: LLM-enabled clinical decision 

support, FHIR-based interoperability, privacy-preserving health 

data processing, and trustworthy AI governance. 

2.2 LLM-Enabled Clinical Decision Support and Clinical 

Workflow Support 

Related studies show that LLM-enabled clinical decision support is 

one of the most active areas of health information system research. 

Hager et al. [21] evaluated the limitations of LLMs in clinical 

decision-making and found that high performance on medical 

examinations does not necessarily translate into safe clinical 

reasoning, especially when models must interpret incomplete 

information, follow clinical guidelines, and operate within realistic 

workflow constraints. Their study is important because it shifts 

attention from benchmark scores to practical clinical decision-

making conditions. Van Veen et al. [22] also demonstrated the 

value of adapted LLMs in clinical text summarisation, showing 

that carefully adapted models could produce summaries 

comparable to, and sometimes better than, expert-generated 

summaries. This finding suggests that LLMs may reduce 

documentation burden in health information systems. Tang et al. 

[23] examined medical evidence summarisation and showed that 

LLMs can assist with synthesising clinical evidence, although their 

outputs require careful factual verification. Reddy [24] proposed a 

translational value assessment framework, arguing that healthcare 

LLMs must be evaluated according to clinical value, safety, 

usability, fairness, and implementation readiness rather than 

technical performance alone. Cascella et al. [25] similarly explored 

multiple healthcare scenarios and concluded that ChatGPT-like 

tools may support education, documentation, research, and clinical 

communication, but cannot replace professional judgement. 

Collectively, these studies suggest that LLM-enabled decision 

support should be designed as an assistive, human-supervised layer 

within health information systems rather than as an autonomous 

clinical authority. 

2.3 FHIR-Based Interoperability and Health Data 

Standardisation 

FHIR-based interoperability is central to related studies because 

LLM-enabled health information systems require structured, 

exchangeable, and semantically meaningful clinical data. Mandl et 

al. [26] discussed the SMART/HL7 FHIR Bulk Data Access API 

as a mechanism for population-level extraction of standardised 

health data from electronic health records. Their work is relevant 

because LLM-enabled systems require scalable access to structured 

clinical data if they are to provide context-aware support across 

patient populations. Jones et al. [27] extended this discussion 

through a landscape survey of planned SMART/HL7 Bulk FHIR 

implementations and tools, showing that FHIR-based APIs were 

becoming increasingly important for analytics, research, and 

system-wide data exchange. Griffin et al. [28] examined real-world 

health applications using FHIR and found that FHIR apps vary in 

clinical focus, technical design, and implementation maturity. This 

indicates that interoperability standards alone do not guarantee 

effective deployment; usability, security, workflow fit, and 

governance remain important. Kapitan et al. [29] further argued 

that interoperability depends not only on the selection of open 

standards but also on open-source implementations, institutional 

context, and the practical ecosystem around each standard. Tsafnat 

et al. [30] added that the coexistence of multiple open health data 

standards can create both opportunity and fragmentation. Together, 

these studies suggest that LLM-enabled health information systems 

should not rely on free-text prompts alone. They require FHIR-

conformant architecture, validated data exchange, terminology 

alignment, and implementation strategies that connect LLM 

outputs to standardised clinical resources. 

2.4 Privacy-Preserving Health Data Processing in LLM-

Enabled Systems 

Privacy is a major issue in related studies because LLM-enabled 

health information systems may process sensitive patient histories, 

diagnoses, medications, laboratory values, imaging reports, and 

clinician notes. Rieke et al. [31] argued that federated learning 

could support digital health by allowing institutions to develop 

machine learning models without directly sharing patient data. This 

is relevant to LLM-enabled systems because many hospitals cannot 

centralise patient data due to privacy, legal, and ethical restrictions. 

Kaissis et al. [32] also examined secure, privacy-preserving, and 

federated machine learning in medical imaging, emphasising that 

privacy protection must include technical safeguards, secure 

computation, and governance controls. Sheller et al. [33] 

demonstrated the feasibility of federated learning in medicine by 

showing how institutions could collaborate on model development 

without sharing raw patient data. Dayan et al. [34] applied 

federated learning to prediction of clinical outcomes in patients 

with COVID-19, showing that privacy-preserving collaboration 

can produce clinically useful models across institutions. Feretzakis 

et al. [35] reviewed privacy-preserving techniques in generative AI 

and LLMs, including differential privacy, federated learning, 

homomorphic encryption, and secure multi-party computation. 

Their work is especially relevant because LLM-enabled health 

information systems may expose sensitive information through 

prompts, outputs, embeddings, or model updates. These studies 

collectively show that privacy in LLM-enabled health systems 

cannot depend only on de-identification. It requires privacy-by-

design architecture, local or controlled deployment, access 

restrictions, secure audit trails, and continuous monitoring of how 

patient data are processed. 

2.5 Trustworthy AI Governance, Fairness, and 

Accountability 

Trustworthy AI governance is another major theme in related 

studies because LLM-enabled health information systems can 

affect clinical decisions, patient safety, equity, and institutional 

accountability. Meskó and Topol [36] argued that LLMs in 

healthcare require regulatory oversight because their general-

purpose nature, conversational flexibility, and uncertain boundaries 

make them different from traditional medical software. Their work 

highlights the need for transparency, accountability, and post-

deployment monitoring. Liu et al. [37] contributed to this debate by 

developing a translational perspective on clinical AI fairness, 

arguing that fairness should be assessed in relation to real clinical 

impact, patient groups, data quality, and implementation settings. 

Seyyed-Kalantari et al. [38] showed that AI algorithms applied to 

chest radiographs may underdiagnose underserved populations, 

demonstrating how algorithmic systems can reproduce inequities 

when data and model performance differ across groups. Vyas et al. 
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[39] similarly warned that race correction in clinical algorithms can 

embed social assumptions into medical decision-making, thereby 

producing unequal care. Norgeot et al. [40] proposed the MI-

CLAIM checklist to improve transparency in clinical AI 

modelling, including reporting of data sources, model 

development, validation, and intended use. These studies are 

highly relevant to LLM-enabled health information systems 

because LLM outputs may appear persuasive even when biased, 

incomplete, or clinically unsafe. Therefore, governance should 

include model documentation, subgroup evaluation, human 

oversight, clinical accountability, incident reporting, and 

continuous performance monitoring. 

3. METHODOLOGY 
This review adopted a systematic review methodology to examine 

how Large Language Model–enabled Health Information Systems 

are being studied and implemented in relation to FHIR-based 

interoperability, clinical decision support, privacy protection, and 

trustworthy AI governance. The methodology was designed to 

ensure that the review process was transparent, reproducible, and 

sufficiently rigorous for synthesising evidence from health 

informatics, artificial intelligence, clinical decision support, digital 

health governance, and medical data interoperability literature. 

Since the topic cuts across technical, clinical, ethical, and 

regulatory domains, the review was not limited to purely clinical 

studies but also considered peer-reviewed technical articles, health 

informatics studies, AI governance papers, and interoperability-

focused research. The methodology therefore sought to capture 

both the practical uses of LLMs in health information systems and 

the broader governance conditions required for their safe and 

responsible implementation. 

3.1 Review Design 

The study employed a systematic review design guided by the 

principles of structured evidence identification, screening, 

eligibility assessment, and thematic synthesis. This design was 

considered appropriate because the study aimed to organise and 

critically examine existing scholarly evidence on an emerging and 

multidisciplinary field. A systematic review approach allows the 

researcher to move beyond a general narrative discussion by 

applying a clear search strategy, explicit eligibility criteria, defined 

data extraction procedures, and a transparent synthesis process. In 

this study, the systematic review design was used to identify how 

LLM-enabled health information systems are currently represented 

in the literature, what benefits and risks are reported, and what 

gaps remain in relation to interoperability, clinical decision 

support, privacy, and trustworthy AI governance. The review was 

also interpretive in nature because the included literature covered 

diverse study designs, including empirical evaluations, system-

development studies, conceptual frameworks, governance 

discussions, clinical AI assessment papers, and interoperability 

studies. Due to this diversity, a purely statistical meta-analysis was 

not suitable. Instead, the review adopted a thematic synthesis 

approach that enabled the findings to be grouped according to the 

major concerns of the study. This approach was useful because the 

evidence on LLM-enabled health information systems is still 

developing, and many studies remain experimental, prototype-

based, or conceptual rather than fully implemented in real clinical 

environments. 

3.2 Scope of the Review 

The scope of the review focused on studies that addressed Large 

Language Models within the context of health information 

systems, electronic health records, FHIR-based interoperability, 

clinical decision support, health data privacy, and trustworthy AI 

governance. The review considered LLMs as advanced AI systems 

capable of processing, generating, summarising, and reasoning 

over clinical language and health-related data. Within this scope, 

health information systems were understood broadly to include 

electronic health record systems, clinical information systems, 

patient-facing digital health platforms, decision support tools, 

documentation systems, health data exchange platforms, and AI-

supported clinical workflow systems. The review was limited to 

literature published from 2020 onward because the rapid growth of 

LLMs, generative AI, and foundation models in healthcare became 

especially visible during this period. This timeframe also captures 

recent developments in FHIR implementation, AI reporting 

standards, privacy-preserving machine learning, clinical decision 

support evaluation, and trustworthy AI governance. The review did 

not focus on general artificial intelligence applications unless they 

had clear relevance to LLM-enabled systems, health information 

infrastructure, interoperability, privacy, or governance. This helped 

to maintain the focus of the review while still allowing the 

inclusion of relevant AI governance and health informatics 

literature. 

3.3 Search Strategy 

The search strategy was developed to capture literature across four 

major concept areas: Large Language Models, Health Information 

Systems, FHIR-based interoperability, and trustworthy clinical AI 

implementation. Search terms were combined using Boolean 

operators to ensure that the search retrieved studies related to both 

the technical and clinical dimensions of the topic. Terms relating to 

LLMs included ―large language model,‖ ―LLM,‖ ―generative AI,‖ 

―foundation model,‖ ―medical chatbot,‖ and ―clinical language 

model.‖ These terms were combined with health information 

system terms such as ―electronic health record,‖ ―EHR,‖ ―clinical 

information system,‖ ―health information system,‖ ―digital health,‖ 

and ―clinical decision support.‖ Additional search terms were 

included to capture the specific focus areas of the review. For 

interoperability, the terms included ―FHIR,‖ ―HL7 FHIR,‖ 

―SMART on FHIR,‖ ―health data exchange,‖ ―interoperability,‖ 

and ―clinical data standardisation.‖ For privacy, the search 

included terms such as ―privacy-preserving,‖ ―federated learning,‖ 

―data protection,‖ ―health data privacy,‖ ―de-identification,‖ and 

―secure clinical AI.‖ For trustworthy AI governance, the terms 

included ―trustworthy AI,‖ ―AI governance,‖ ―algorithmic 

fairness,‖ ―clinical AI safety,‖ ―AI accountability,‖ ―bias,‖ 

―transparency,‖ and ―human oversight.‖ These terms were searched 

in different combinations to ensure comprehensive coverage of the 

literature relevant to the review objectives. 
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3.4 Information Sources 

The review drew evidence from major scholarly databases 

and digital libraries relevant to medicine, health informatics, 

computer science, and digital health. These included 

PubMed, Scopus, Web of Science, IEEE Xplore, ACM 

Digital Library, ScienceDirect, SpringerLink, JMIR 

Publications, Nature Portfolio, BMJ, JAMA Network, and 

The Lancet Digital Health. These sources were selected 

because they contain peer-reviewed literature on clinical AI, 

health information systems, interoperability standards, 

clinical decision support, medical informatics, and digital 

health governance. In addition to journal databases, selected 

standards-based and policy-oriented sources were 

considered where they were directly relevant to the review. 

These included literature and guidance related to FHIR, 

SMART on FHIR, AI reporting standards, clinical AI 

evaluation, and responsible AI governance. However, the 

primary emphasis of the review remained on scholarly peer-

reviewed literature. Preprints were considered only when 

they provided highly relevant technical evidence on 

emerging LLM-enabled health information systems, but 

such sources were treated cautiously because they may not 

have undergone formal peer review. 

3.5 Inclusion and Exclusion Criteria 

Inclusion Criteria Exclusion Criteria 

Studies published from 2020 

onward 

Studies published before 

2020 

Studies focused on LLMs, 

generative AI, or foundation 

models in healthcare 

Studies on general AI 

without LLM relevance 

Studies addressing EHRs, HIS, Studies unrelated to health 

FHIR, interoperability, or 

clinical decision support 

information systems 

Studies discussing privacy, 

security, governance, fairness, 

or trust in clinical AI 

Opinion pieces without 

scholarly or technical 

contribution 

Peer-reviewed articles, 

reviews, frameworks, and 

relevant technical studies 

Non-healthcare LLM 

studies 

English-language publications Duplicate or inaccessible 

records 

3.6 Study Selection Process 

The study selection process followed a structured screening 

procedure to ensure that only relevant studies were included in the 

review. First, all retrieved records were examined by title to 

remove clearly irrelevant studies. The remaining studies were then 

screened by abstract to determine whether they addressed LLMs, 

health information systems, interoperability, clinical decision 

support, privacy, or AI governance. Studies that appeared relevant 

after abstract screening were subjected to full-text review to 

confirm their eligibility. During the full-text review stage, each 

article was assessed against the inclusion and exclusion criteria. 

Particular attention was given to whether the study had a direct 

connection to the review topic rather than only mentioning LLMs 

or healthcare in passing. Studies were retained when they provided 

evidence, analysis, framework development, evaluation, or 

governance insight relevant to LLM-enabled health information 

systems. Where articles overlapped in focus, the most relevant and 

methodologically useful studies were prioritised. This process 

helped to ensure that the final evidence base was both focused and 

sufficiently diverse to answer the review questions. 

3.7 Data Extraction Procedure 

Data extraction was conducted using a structured approach to 

ensure consistency across the included studies. For each selected 
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article, key information was extracted on the author, year of 

publication, study aim, study design, healthcare context, type of 

LLM or AI system examined, data source, health information 

system function, FHIR or interoperability component, clinical 

decision support role, privacy-related issues, governance 

considerations, main findings, and reported limitations. This 

allowed the review to compare studies across technical, clinical, 

and governance dimensions. The extraction process also focused 

on the maturity of implementation. Studies were examined to 

determine whether they were conceptual papers, prototype designs, 

retrospective evaluations, benchmark studies, simulation studies, or 

real-world clinical implementations. This distinction was important 

because many LLM-enabled health information system studies 

demonstrate technical feasibility but do not yet provide strong 

evidence of safety, usability, effectiveness, or sustainability in 

routine healthcare settings. Extracting this information made it 

possible to interpret the findings in relation to both promise and 

readiness for practical deployment. 

3.8 Quality Appraisal 

The quality appraisal process considered the methodological 

strength and relevance of each included study. Since the review 

included different types of literature, a flexible appraisal approach 

was adopted. Empirical studies were assessed based on clarity of 

objectives, appropriateness of design, quality of data sources, 

transparency of methods, validity of evaluation metrics, 

consideration of clinical context, and discussion of limitations. 

Technical studies were assessed for system description, 

reproducibility, validation strategy, error analysis, and relevance to 

health information system implementation. For studies addressing 

governance, privacy, ethics, or policy, appraisal focused on 

conceptual clarity, relevance to clinical AI, strength of argument, 

practical applicability, and alignment with healthcare safety and 

accountability concerns. This approach was necessary because 

governance and ethical studies are often not evaluated using the 

same criteria as experimental studies. Overall, the quality appraisal 

helped to determine the weight given to each study during 

synthesis. Studies with stronger methodological clarity, direct 

relevance, and practical health-system implications were given 

greater emphasis in the review findings. 

3.9 Data Synthesis 

The review used thematic synthesis to organise the findings 

because the included studies were diverse in design, scope, and 

outcome measures. Thematic synthesis was appropriate because 

the review was not attempting to calculate a pooled statistical 

effect but to understand how the literature explains the 

development, application, risks, and governance of LLM-enabled 

health information systems. The extracted findings were grouped 

according to recurring themes that aligned with the objectives of 

the review. Four major synthesis themes were developed: FHIR-

based interoperability, LLM-enabled clinical decision support, 

privacy and security in health data processing, and trustworthy AI 

governance. Under each theme, the review examined the reported 

benefits, limitations, risks, and implementation requirements. This 

approach made it possible to identify both technical and non-

technical issues affecting LLM-enabled health information 

systems. It also allowed the review to compare areas where the 

evidence is relatively strong with areas where research remains 

limited, fragmented, or mainly theoretical. 

3.10 Ethical Considerations 

Since this study was a systematic review of existing literature, it 

did not involve direct contact with human participants, patient 

recruitment, clinical intervention, or collection of primary health 

data. Therefore, formal ethical approval was not required. 

However, ethical considerations remained important because the 

topic itself concerns patient privacy, data governance, clinical 

safety, fairness, accountability, and responsible use of AI in 

healthcare. The review therefore treated ethical and governance 

concerns as substantive components of the analysis rather than as 

secondary issues. The review also maintained academic integrity 

by ensuring that selected studies were properly acknowledged and 

that interpretations were based on the content and relevance of the 

reviewed literature. Since LLM-enabled health information 

systems may influence clinical decision-making and patient trust, 

the methodology was designed to avoid overstating the maturity of 

the evidence. Studies were interpreted cautiously, especially where 

findings were based on prototypes, limited datasets, simulated 

environments, or benchmark evaluations rather than real-world 

clinical deployment. 

3.11 Methodological Limitations 

The methodology has some limitations. First, the field of LLM-

enabled health information systems is rapidly evolving, meaning 

that new studies, systems, and governance frameworks may 

emerge after the review period. Second, the diversity of study 

designs limited the possibility of conducting a meta-analysis. Many 

studies used different datasets, evaluation metrics, clinical tasks, 

model types, and implementation contexts, making direct statistical 

comparison inappropriate. Third, some relevant technical studies 

may exist as preprints or industry reports, but these may not have 

undergone full peer review. Another limitation is that evidence on 

real-world implementation remains relatively limited. Many 

studies demonstrate model capability in controlled settings, but 

fewer examine long-term clinical safety, workflow integration, 

user acceptance, institutional governance, and post-deployment 

monitoring. As a result, the review methodology is better suited for 

mapping and synthesising the current state of evidence than for 

drawing final conclusions about clinical effectiveness. Despite 

these limitations, the methodology provides a rigorous and 

transparent basis for examining how LLM-enabled health 

information systems are developing across interoperability, clinical 

decision support, privacy, and trustworthy AI governance. 

4. Results  
This section presents the findings of the systematic review 

according to the four objectives of the study. The results are 

organised into four tables, each addressing a major dimension of 

Large Language Model–enabled Health Information Systems. The 

first table focuses on FHIR-based interoperability and health data 

standardisation. The second table presents studies on clinical 

decision support and workflow improvement. The third table 

examines privacy, security, and data protection concerns. The 

fourth table addresses trustworthy AI governance, fairness, 

accountability, and reporting standards. The results show that 

LLM-enabled Health Information Systems are developing rapidly, 

but the evidence remains uneven across technical, clinical, ethical, 

and governance domains. While several studies demonstrate that 

LLMs can support clinical language processing, summarisation, 

decision assistance, and interoperability, others emphasise the need 
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for human oversight, privacy-preserving design, regulatory control, 

and fairness evaluation. Therefore, the results should be understood 

as evidence of both opportunity and caution in the implementation 

of LLM-enabled systems in healthcare. 

Table One: To Examine How LLMs Support FHIR-Based Interoperability and Health Data Standardisation 

Author(s) and 

Year 

Study Focus Key 

Variable/Concept 

LLM-Related 

Function 

FHIR/Interoperability 

Contribution 

Key Finding Implication for 

Health 

Information 

Systems 

Thirunavukarasu 

et al. (2023) [1] 

LLMs in 

medicine 

Clinical language 

processing 

Interpretation 

and 

summarisation 

of clinical text 

Supports conversion of 

unstructured clinical 

narratives into usable 

digital health data 

LLMs can 

process clinical 

language and 

support the use 

of health data in 

clinical and 

administrative 

contexts. 

LLMs can 

improve the 

structuring of 

clinical 

information for 

electronic health 

records and 

interoperability 

workflows. 

Clusmann et al. 

(2023) [2] 

Future of 

LLMs in 

medicine 

Clinical workflow 

integration 

Documentation 

support, 

information 

retrieval, and 

workflow 

assistance 

Bridges the gap between 

clinical text and 

standardised health 

information systems 

LLMs may 

improve clinical 

workflow, 

reduce 

documentation 

burden, and 

support digital 

health systems. 

LLMs can 

strengthen 

interoperability 

when embedded 

into clinical 

documentation 

and EHR 

systems. 

Moor et al. 

(2023) [3] 

Foundation 

models for 

medical AI 

Generalist medical 

AI capability 

Multi-task 

medical 

reasoning and 

data 

interpretation 

Enables flexible 

interpretation of diverse 

medical data across 

systems 

Foundation 

models can 

support a wide 

range of medical 

AI tasks across 

different 

healthcare 

settings. 

Generalist 

LLMs can 

support health 

data 

standardisation 

across diverse 

clinical domains 

and institutions. 

Ayaz et al. 

(2021) [4] 

FHIR 

implementation 

review 

FHIR adoption 

and 

implementation 

Not directly 

LLM-focused; 

provides 

interoperability 

foundation 

FHIR improves 

healthcare data 

exchange through 

standardised resources 

and APIs 

FHIR improves 

healthcare 

interoperability 

but requires 

strong technical 

and 

organisational 

implementation. 

FHIR provides 

the standard 

structure that 

LLMs can 

support through 

automated 

mapping and 

data 

transformation. 

Li et al. (2024) 

[5] 

FHIR-GPT and 

interoperability 

Clinical-to-FHIR 

data conversion 

Mapping 

clinical 

information 

into FHIR-

compatible 

resources 

Directly supports 

automated generation of 

FHIR resources from 

clinical text 

LLMs can help 

convert clinical 

information into 

FHIR resources. 

LLMs can 

reduce manual 

coding burden 

and improve the 

speed of health 

data 

standardisation. 

Mandl et al. 

(2020) [26] 

SMART/HL7 

Bulk FHIR API 

Large-scale data 

access 

Not LLM-

focused; 

supports data 

extraction and 

population-

level analytics 

Bulk FHIR enables 

large-scale health data 

exchange across 

systems 

Bulk FHIR 

supports 

population health 

data access for 

analytics, 

research, and 

public health 

monitoring. 

LLMs can be 

used alongside 

Bulk FHIR to 

summarise, 

query, and 

interpret large 

interoperable 

datasets. 
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Jones et al. 

(2021) [27] 

SMART/HL7 

Bulk FHIR 

tools 

Health data 

analytics 

Analytics 

support through 

interoperable 

datasets 

Bulk FHIR tools 

support structured 

access to healthcare data 

Bulk FHIR tools 

are useful for 

health data 

analytics and 

population health 

management. 

LLMs can 

enhance 

analytics by 

generating 

explanations, 

summaries, and 

insights from 

standardised 

FHIR datasets. 

Griffin et al. 

(2022) [28] 

Real-world 

FHIR 

applications 

Clinical system 

integration 

Potential 

support for 

app-based 

interpretation 

and 

documentation 

FHIR apps support 

clinical integration but 

vary in maturity 

FHIR-based 

applications 

support clinical 

integration, 

though 

implementation 

quality differs 

across settings. 

LLMs may 

improve the 

usability of 

FHIR 

applications by 

supporting 

natural language 

interfaces and 

clinical decision 

support. 

Kapitan et al. 

(2025) [29] 

Open standards 

and 

interoperability 

Open standards 

implementation 

Possible 

support for 

mapping and 

harmonisation 

Open standards require 

practical 

implementation support 

Open standards 

are important but 

must be 

supported by 

governance, 

infrastructure, 

and institutional 

readiness. 

LLMs can assist 

implementation 

by helping users 

interpret 

standards, map 

data elements, 

and identify 

inconsistencies. 

Tsafnat et al. 

(2024) [30] 

Open health 

data standards 

Standard 

fragmentation and 

harmonisation 

Cross-standard 

interpretation 

and semantic 

mapping 

Multiple standards can 

support exchange but 

may also create 

fragmentation 

Open health data 

standards create 

opportunities for 

interoperability 

but may lead to 

fragmentation if 

poorly 

coordinated. 

LLMs can help 

harmonise 

different 

standards by 

mapping 

concepts across 

systems and 

improving 

semantic 

consistency. 

Table One shows that LLMs support FHIR-based interoperability 

mainly through clinical language processing, data mapping, 

documentation support, semantic interpretation, and automated 

conversion of clinical information into structured formats. The 

evidence suggests that FHIR provides the technical foundation for 

standardised health data exchange, while LLMs can enhance the 

practical use of FHIR by helping to transform unstructured clinical 

narratives into machine-readable resources. Studies such as Li et 

al. (2024) [5] directly demonstrate the potential of LLMs to 

support clinical-to-FHIR conversion, while studies on 

SMART/HL7 Bulk FHIR show the importance of structured APIs 

for large-scale data access and analytics. However, the table also 

shows that interoperability is not achieved by technology alone. 

Successful implementation depends on governance, technical 

infrastructure, institutional readiness, data quality, and 

coordination among stakeholders. Therefore, LLMs should be 

understood as supportive technologies that can strengthen FHIR-

based interoperability when combined with strong standards, clear 

governance, and reliable health information system infrastructure. 

Table Two: Role of LLMs in Clinical Decision Support and Clinical Workflow Improvement 

Author(s) 

and Year 

Study Focus Key 

Variable/Concept 

LLM-Related 

Clinical 

Function 

Workflow 

Contribution 

Key Risk or 

Limitation 

Key Finding Implication for 

Health 

Information 

Systems 

Singhal et 

al. (2023) 

[6] 

Medical 

knowledge in 

LLMs 

Clinical 

knowledge 

encoding 

Medical 

question 

answering, 

clinical 

Supports faster 

access to 

medical 

knowledge and 

Performance on 

medical 

benchmarks 

may not fully 

LLMs can 

encode and 

apply clinical 

knowledge 

HIS can use 

LLMs to 

support 

knowledge 
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reasoning, and 

knowledge 

retrieval 

evidence-based 

explanations 

represent real-

world clinical 

safety 

across different 

medical tasks. 

retrieval and 

clinical 

information 

assistance, but 

outputs must be 

clinically 

verified. 

Kung et 

al. (2023) 

[7] 

ChatGPT and 

USMLE 

performance 

Medical education 

and reasoning 

support 

Answering 

examination-

style clinical 

questions and 

explaining 

medical 

concepts 

Supports 

medical 

learning, 

training, and 

educational 

decision 

support 

Examination 

performance 

does not mean 

readiness for 

independent 

clinical 

decision-

making 

ChatGPT 

showed 

potential for 

AI-assisted 

medical 

education and 

clinical 

learning 

support. 

LLM-enabled 

HIS may 

support 

clinician 

training and 

decision-

support 

education, but 

should not 

replace expert 

judgement. 

Lee et al. 

(2023) [8] 

GPT-4 in 

medicine 

Clinical promise 

and model 

limitation 

Clinical 

conversation, 

reasoning 

support, and 

health 

information 

explanation 

Improves 

access to 

clinical 

explanations 

and may 

support 

complex 

information 

interpretation 

Risk of 

inaccurate, 

incomplete, or 

overconfident 

responses 

GPT-4 has 

significant 

clinical 

promise but 

requires careful 

oversight and 

responsible 

use. 

HIS should 

integrate LLMs 

with clinician 

supervision, 

validation 

controls, and 

clear 

boundaries of 

use. 

Ayers et 

al. (2023) 

[9] 

AI responses 

to patient 

questions 

Patient 

communication 

and empathy 

Generating 

patient-friendly 

health 

responses 

May improve 

response 

drafting, 

patient 

education, and 

communication 

support 

AI responses 

may still lack 

full clinical 

context or 

patient-specific 

judgement 

AI responses 

were rated 

highly for 

quality and 

empathy 

compared with 

physician 

responses in 

public patient 

questions. 

LLM-enabled 

HIS can support 

patient 

communication, 

but final 

messages 

should be 

reviewed by 

qualified 

professionals. 

Omiye et 

al. (2024) 

[10] 

Potentials and 

pitfalls of 

LLMs 

Clinical 

usefulness and 

safety risk 

Documentation, 

summarisation, 

information 

retrieval, and 

decision 

assistance 

Can support 

multiple 

clinical and 

administrative 

tasks 

May produce 

hallucinations, 

unsafe advice, 

bias, or 

misleading 

outputs 

LLMs are 

useful in 

medicine but 

may generate 

unsafe or 

unreliable 

outputs without 

adequate 

safeguards. 

HIS must 

include safety 

checks, human 

oversight, error 

monitoring, and 

accountability 

mechanisms. 

Hager et 

al. (2024) 

[21] 

LLMs in 

clinical 

decision-

making 

Clinical decision 

reliability 

Assisting 

diagnostic 

reasoning and 

clinical 

decision 

support 

Can support 

clinicians by 

organising 

information 

and suggesting 

possible 

reasoning 

pathways 

LLMs may 

struggle with 

realistic clinical 

uncertainty, 

incomplete 

information, 

and complex 

decision 

contexts 

LLMs require 

mitigation 

strategies 

before being 

used in clinical 

decision-

making. 

LLM-enabled 

HIS should 

apply 

validation, risk 

controls, 

clinician 

review, and 

restricted 

deployment in 

high-risk 

clinical tasks. 
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Van Veen 

et al. 

(2024) 

[22] 

Clinical text 

summarisation 

Documentation 

efficiency 

Summarising 

clinical notes, 

reports, and 

patient records 

Reduces 

documentation 

burden and 

improves 

access to key 

clinical 

information 

Summaries 

may omit 

important 

clinical details 

or introduce 

inaccuracies 

Adapted LLMs 

can produce 

strong clinical 

summaries and 

may 

outperform 

experts in some 

summarisation 

tasks. 

HIS can use 

adapted LLMs 

to improve 

documentation 

workflows, but 

summaries 

should be 

reviewed for 

completeness 

and accuracy. 

Tang et 

al. (2023) 

[23] 

Medical 

evidence 

summarisation 

Evidence 

synthesis 

Summarising 

medical 

literature, 

guidelines, and 

clinical 

evidence 

Helps 

clinicians 

access 

condensed 

evidence for 

decision 

support 

Evidence 

summaries may 

contain factual 

errors or 

unsupported 

conclusions 

LLMs can 

summarise 

medical 

evidence but 

require careful 

verification. 

HIS can support 

evidence-based 

practice through 

LLM 

summarisation, 

provided that 

outputs are 

checked against 

trusted sources. 

Reddy 

(2023) 

[24] 

Translational 

value 

assessment 

Clinical value and 

implementation 

readiness 

Assessing 

usefulness, 

safety, fairness, 

usability, and 

workflow fit 

Guides 

responsible 

movement 

from technical 

performance to 

clinical 

adoption 

Technical 

accuracy alone 

is insufficient 

for healthcare 

implementation 

LLMs must be 

assessed for 

clinical value, 

safety, 

usability, 

fairness, and 

implementation 

readiness. 

HIS adoption 

should be based 

on translational 

value 

assessment, not 

model 

performance 

alone. 

Cascella 

et al. 

(2023) 

[25] 

ChatGPT in 

healthcare 

scenarios 

Multi-purpose 

clinical and 

research support 

Supporting 

education, 

documentation, 

research 

writing, and 

communication 

Improves 

efficiency in 

selected 

clinical, 

academic, and 

administrative 

tasks 

ChatGPT 

cannot replace 

professional 

expertise or 

clinical 

accountability 

ChatGPT can 

support clinical 

and research-

related 

healthcare tasks 

when used 

cautiously. 

LLM-enabled 

HIS should 

position LLMs 

as assistive 

tools for 

workflow 

support rather 

than 

autonomous 

healthcare 

providers. 

Table Two shows that LLMs have significant potential to support 

clinical decision support and workflow improvement in Health 

Information Systems. The reviewed studies demonstrate that LLMs 

can encode medical knowledge, answer clinical questions, 

summarise clinical text, generate patient-friendly responses, assist 

medical education, and support evidence synthesis [6]–[9], [22], 

[23]. These functions can improve the efficiency of clinical 

workflows by reducing documentation burden, improving access to 

clinical information, and supporting communication between 

clinicians and patients. However, the evidence also shows that 

clinical usefulness should not be interpreted as clinical autonomy. 

Studies by Omiye et al. [10], Hager et al. [21], and Reddy [24] 

emphasise that LLMs may produce unsafe, incomplete, biased, or 

overconfident outputs if they are not properly evaluated and 

supervised. Therefore, LLMs should be integrated into Health 

Information Systems as assistive technologies rather than 

independent clinical decision-makers. Their safest role is to 

support clinicians through summarisation, retrieval, explanation, 

documentation assistance, and workflow support while leaving 

final diagnosis, treatment decisions, and patient management to 

qualified healthcare professionals. Overall, LLM-enabled clinical 

decision support requires human oversight, validation mechanisms, 

safety monitoring, and clear accountability structures before 

routine clinical deployment. 
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Table Three: Privacy, Security, and Data Protection Issues in LLM-Enabled Health Information Systems 

Author(s) and 

Year 

Study 

Focus 

Key 

Privacy/Security 

Variable 

Main Data 

Protection 

Concern 

Proposed/Relevant 

Safeguard 

Key Finding Implication for 

LLM-Enabled 

Health 

Information 

Systems 

Wiest et al. 

(2024) [11] 

Privacy-

preserving 

LLMs 

Privacy-preserving 

retrieval 

Risk of exposing 

sensitive patient 

information 

during LLM-

based search and 

retrieval 

Structured retrieval, 

access control, and 

privacy safeguards 

LLMs can support 

structured 

information 

retrieval when 

privacy safeguards 

are embedded into 

the system design. 

LLM-enabled 

HIS should use 

controlled 

retrieval systems 

that limit 

unnecessary 

exposure of 

patient data. 

Harrer (2023) 

[12] 

Ethical use 

of LLMs in 

healthcare 

Ethical 

responsibility and 

patient privacy 

Possible misuse 

of patient data, 

unsafe outputs, 

and lack of 

transparency 

Ethical governance, 

human oversight, and 

responsible AI 

principles 

Ethical use of 

LLMs in healthcare 

requires privacy, 

safety, 

transparency, and 

accountability. 

HIS using LLMs 

must be guided 

by clear ethical 

policies and 

responsible 

deployment 

standards. 

Haltaufderheide 

and Ranisch 

(2024) [13] 

Ethics of 

ChatGPT in 

healthcare 

Accountability 

and confidentiality 

Difficulty in 

assigning 

responsibility 

when LLM 

outputs affect 

patient care 

Accountability 

frameworks, clinical 

supervision, and data 

protection protocols 

Privacy and 

accountability are 

major ethical 

concerns in the use 

of ChatGPT and 

similar LLMs in 

healthcare. 

LLM-enabled 

HIS should 

clearly define 

responsibility 

among clinicians, 

developers, 

institutions, and 

system users. 

Ong et al. (2024) 

[15] 

Ethical and 

regulatory 

challenges 

Privacy, liability, 

and safety 

Legal 

uncertainty, 

patient data 

exposure, and 

safety risks from 

unreliable AI 

responses 

Regulation, clinical 

validation, and risk 

assessment 

LLMs raise 

concerns around 

privacy, liability, 

clinical safety, and 

regulatory 

compliance. 

Healthcare 

institutions must 

ensure that LLM 

systems comply 

with privacy laws 

and clinical safety 

standards before 

deployment. 

Rieke et al. 

(2020) [31] 

Federated 

learning in 

digital 

health 

Distributed data 

protection 

Direct sharing of 

patient data 

across 

institutions may 

increase privacy 

risks 

Federated learning Federated learning 

reduces the need for 

direct patient data 

sharing while 

enabling 

collaborative model 

development. 

LLM-enabled 

HIS can adopt 

federated 

approaches to 

support learning 

across institutions 

without 

centralising 

sensitive data. 

Kaissis et al. 

(2020) [32] 

Privacy-

preserving 

machine 

learning 

Secure medical 

data processing 

Medical data are 

highly sensitive 

and vulnerable to 

misuse when 

used for AI 

training 

Secure computation, 

encryption, and 

privacy-preserving 

machine learning 

Secure learning 

techniques can help 

protect medical data 

during AI 

development and 

deployment. 

LLM systems 

should integrate 

encryption, 

secure 

computation, and 

privacy-aware 

model training 

methods. 
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Sheller et al. 

(2020) [33] 

Federated 

learning in 

medicine 

Multi-institutional 

collaboration 

Hospitals may 

need to 

collaborate 

without 

transferring raw 

patient data 

Federated learning 

and decentralised 

training 

Institutions can 

collaborate on 

model development 

without directly 

sharing raw data. 

LLM-enabled 

HIS can improve 

collaborative 

healthcare AI 

while maintaining 

institutional 

control over 

patient data. 

Dayan et al. 

(2021) [34] 

Federated 

learning for 

COVID-19 

outcomes 

Privacy-preserving 

clinical prediction 

Clinical 

prediction 

models require 

large datasets, 

but data sharing 

may threaten 

confidentiality 

Federated model 

training 

Privacy-preserving 

models can support 

clinical prediction 

across institutions 

without exposing 

patient-level data. 

LLM-based 

clinical decision 

support can 

benefit from 

privacy-

preserving 

training methods 

when using multi-

site health 

datasets. 

Feretzakis et al. 

(2024) [35] 

Privacy 

techniques 

in 

generative 

AI 

Differential 

privacy, 

encryption, and 

secure design 

Generative AI 

may memorise, 

reproduce, or 

expose sensitive 

health 

information 

Differential privacy, 

encryption, 

anonymisation, and 

secure system 

architecture 

LLMs require 

strong privacy 

techniques such as 

differential privacy, 

encryption, and 

secure-by-design 

implementation. 

LLM-enabled 

HIS should be 

designed to 

prevent patient 

data leakage, 

unauthorised 

access, and model 

memorisation 

risks. 

Meskó and 

Topol (2023) 

[36] 

Regulatory 

oversight of 

LLMs 

Governance and 

regulatory 

supervision 

Unregulated 

LLMs may 

create risks for 

privacy, trust, 

safety, and 

clinical 

accountability 

Strong regulatory 

oversight, audit 

systems, and clinical 

governance 

Health-related 

LLMs require 

strong regulatory 

supervision to 

ensure safe and 

trustworthy use. 

LLM-enabled 

HIS should be 

subject to 

continuous 

monitoring, 

auditing, 

regulatory 

review, and 

institutional 

governance. 

Table Three shows that privacy, security, and data protection are 

central concerns in LLM-enabled Health Information Systems. The 

reviewed studies indicate that LLMs may improve clinical 

documentation, retrieval, prediction, and decision support, but they 

also introduce risks related to patient confidentiality, unauthorised 

data exposure, model memorisation, liability, and weak 

accountability. The evidence further shows that privacy-preserving 

approaches such as federated learning, encryption, differential 

privacy, secure computation, access control, and structured 

retrieval can reduce the risks associated with using sensitive health 

data. However, technical safeguards alone are not sufficient. 

Ethical governance, regulatory oversight, clinical supervision, 

institutional accountability, and continuous auditing are required to 

ensure safe implementation. Therefore, LLM-enabled HIS must be 

designed as secure, privacy-aware, and governance-driven systems 

that protect patient data while still supporting responsible clinical 

innovation. 

Table Four: Trustworthy AI Governance, Fairness, Accountability, and Reporting Standards for LLM-Enabled Health Information 

Systems 

Author(s) 

and Year 

Study Focus Key 

Governance 

Variable 

Fairness/Accountability 

Concern 

Reporting or 

Governance 

Standard 

Key Finding Implication for 

LLM-Enabled 

Health Information 

Systems 

Omiye et 

al. (2023) 

[14] 

Race-based 

medicine in 

LLMs 

Algorithmic 

bias and race-

based 

LLMs may reproduce 

biased clinical assumptions 

if trained on historical or 

Bias auditing, 

fairness 

evaluation, 

LLMs may 

reproduce race-

based clinical bias 

LLM-enabled HIS 

must be tested for 

racial, ethnic, gender, 
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reasoning unbalanced medical data. and inclusive 

dataset 

governance 

and generate 

recommendations 

that reflect unequal 

assumptions in 

healthcare. 

and socioeconomic 

bias before clinical 

deployment. 

Benjamens 

et al. 

(2020) [16] 

FDA-

approved AI 

medical 

devices 

Regulatory 

monitoring and 

post-market 

surveillance 

AI systems may change 

over time or perform 

differently in real clinical 

environments. 

Regulatory 

approval, 

monitoring, 

validation, and 

safety review 

Clinical AI requires 

continuous 

regulatory 

monitoring to ensure 

safety, reliability, 

and effectiveness. 

LLM-enabled HIS 

should undergo 

formal regulatory 

review, real-world 

monitoring, and 

periodic performance 

evaluation. 

Liu et al. 

(2020) [17] 

CONSORT-

AI reporting 

guideline 

Transparent 

reporting in AI 

clinical trials 

Poor reporting can make 

AI clinical trial findings 

difficult to interpret, 

reproduce, or evaluate. 

CONSORT-

AI guideline 

AI clinical trials 

require transparent 

reporting of 

intervention details, 

human-AI 

interaction, data 

handling, and 

evaluation methods. 

LLM-enabled HIS 

used in clinical trials 

should report model 

design, data sources, 

user interaction, 

outcomes, and 

limitations clearly. 

Cruz 

Rivera et 

al. (2020) 

[18] 

SPIRIT-AI 

protocol 

guideline 

Protocol 

transparency 

and trial design 

AI study protocols may 

lack sufficient detail on 

model integration, data use, 

and clinical workflow. 

SPIRIT-AI 

guideline 

AI trial protocols 

need clear reporting 

of study design, AI 

intervention, and 

data requirements, 

and clinical 

implementation 

plans. 

LLM-enabled HIS 

studies should 

describe trial design, 

model role, target 

users, safety 

procedures, and 

governance 

arrangements before 

implementation. 

Vasey et al. 

(2022) [19] 

DECIDE-AI 

guideline 

Early-stage 

clinical 

evaluation 

AI decision-support 

systems may be deployed 

before sufficient clinical 

testing. 

DECIDE-AI 

guideline 

Early-stage AI 

decision-support 

tools require 

structured clinical 

evaluation before 

wider adoption. 

LLM-based decision-

support systems 

should be tested in 

controlled clinical 

settings before full 

integration into HIS. 

Collins et 

al. (2024) 

[20] 

TRIPOD+AI 

statement 

Transparent 

prediction 

model 

reporting 

AI prediction models may 

lack clarity on data 

sources, model 

development, validation, 

and intended use. 

TRIPOD+AI 

statement 

AI prediction 

models need 

transparent reporting 

to support trust, 

reproducibility, and 

clinical 

interpretation. 

LLM-enabled HIS 

that support 

prediction or risk 

assessment should 

report model inputs, 

outputs, validation 

results, and clinical 

limitations. 

Liu et al. 

(2023) [37] 

Clinical AI 

fairness 

Real-world 

fairness 

assessment 

AI systems may perform 

unequally across patient 

groups when used in actual 

healthcare settings. 

Fairness 

testing, 

subgroup 

analysis, and 

external 

validation 

Fairness must be 

evaluated in real 

clinical settings 

rather than relying 

only on laboratory 

performance. 

LLM-enabled HIS 

should be evaluated 

across diverse 

populations, hospital 

contexts, languages, 

and patient groups. 

Seyyed-

Kalantari et 

al. (2021) 

[38] 

Bias in chest 

radiograph 

AI 

Health equity 

and diagnostic 

fairness 

AI systems may 

underdiagnose or perform 

poorly for underserved 

patient populations. 

Equity-

focused 

evaluation and 

subgroup 

performance 

reporting 

AI may 

underdiagnose 

underserved patient 

groups, creating 

risks of unequal 

healthcare outcomes. 

LLM-enabled HIS 

must include equity 

checks to ensure that 

clinical 

recommendations do 

not disadvantage 

vulnerable groups. 
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Vyas et al. 

(2020) [39] 

Race 

correction in 

clinical 

algorithms 

Fairness, 

equity, and 

clinical justice 

Race-based corrections in 

algorithms may reinforce 

unequal care and limit 

access to treatment. 

Removal of 

harmful race 

correction, 

ethical review, 

and equity-

based redesign 

Clinical algorithms 

can reinforce 

unequal care when 

race is used 

uncritically as a 

correction factor. 

LLM-enabled HIS 

should avoid 

uncritical use of race-

based assumptions 

and promote 

clinically justified, 

equity-sensitive 

decision-making. 

Norgeot et 

al. (2020) 

[40] 

MI-CLAIM 

checklist 

Transparent 

documentation 

of clinical AI 

models 

Lack of documentation can 

reduce reproducibility, 

accountability, and trust in 

clinical AI systems. 

MI-CLAIM 

checklist 

Clinical AI 

modelling requires 

transparent 

documentation of 

data, model 

development, 

validation, and 

intended clinical 

use. 

LLM-enabled HIS 

should document 

training data, model 

behaviour, validation 

procedures, 

limitations, and 

accountability 

structures. 

Table Four shows that trustworthy AI governance in LLM-enabled 

Health Information Systems depends on fairness, transparency, 

accountability, regulatory oversight, and clear reporting standards. 

The reviewed studies indicate that LLMs and other clinical AI 

systems may reproduce bias, particularly where training data, 

clinical assumptions, or historical healthcare practices contain 

inequalities. Evidence from studies on race-based medicine, 

diagnostic bias, and race correction shows that AI systems can 

reinforce unequal care if fairness is not deliberately evaluated. The 

table also shows that governance frameworks such as CONSORT-

AI, SPIRIT-AI, DECIDE-AI, TRIPOD+AI, and MI-CLAIM 

provide important reporting structures for improving transparency, 

reproducibility, and clinical accountability. These standards are 

especially relevant because LLM-enabled HIS may influence 

clinical documentation, diagnosis, decision support, prediction, and 

patient communication. Therefore, trustworthy implementation 

requires more than technical accuracy. It requires continuous bias 

auditing, subgroup evaluation, regulatory monitoring, transparent 

reporting, human oversight, and institutional responsibility. 

Overall, LLM-enabled HIS should be governed as socio-technical 

systems where fairness, safety, explainability, and accountability 

are built into the design, evaluation, deployment, and post-

deployment monitoring process. 

5. DISCUSSION 
This section discusses the major findings of the review in relation 

to existing literature on Large Language Model–enabled Health 

Information Systems. The discussion is organised around the four 

central areas of the review: FHIR-based interoperability, clinical 

decision support, privacy protection, and trustworthy AI 

governance. Overall, the findings show that LLM-enabled Health 

Information Systems have strong transformative potential, but their 

implementation must be approached with technical caution, clinical 

responsibility, and governance maturity. The reviewed studies 

suggest that LLMs can improve clinical data processing, 

summarisation, documentation, decision support, and patient 

communication. However, the literature also shows that these 

benefits are accompanied by risks involving hallucination, unsafe 

clinical reasoning, data leakage, algorithmic bias, weak 

accountability, and insufficient real-world validation. Therefore, 

the discussion positions LLM-enabled Health Information Systems 

as socio-technical infrastructures rather than simple digital tools. 

5.1 FHIR-Based Interoperability and Health Data 

Standardisation 

The findings of this review show that FHIR-based interoperability 

is a critical foundation for the meaningful integration of LLMs into 

Health Information Systems. This agrees with Ayaz et al. [4], who 

observed that FHIR improves healthcare data exchange by 

supporting modular, standardised, and web-based health 

information sharing. The present review further shows that LLMs 

can support interoperability by helping to process unstructured 

clinical text and convert it into structured digital health resources. 

This finding is consistent with Li et al. [5], whose work on FHIR-

GPT demonstrated that LLMs can enhance health interoperability 

by generating FHIR-compatible clinical resources. Similarly, 

Mandl et al. [26] and Jones et al. [27] showed that SMART/HL7 

Bulk FHIR APIs can support large-scale health data access, 

population health analytics, and system-wide clinical data 

exchange. However, the findings also indicate that interoperability 

cannot depend on LLM generation alone. Although LLMs can 

interpret clinical language, their outputs may be incomplete, 

inconsistent, or semantically inaccurate if not validated. This 

supports Griffin et al. [28], who found that real-world FHIR 

applications vary in technical maturity and implementation quality. 

Kapitan et al. [29] and Tsafnat et al. [30] also emphasised that open 

standards require practical implementation ecosystems. Thus, 

LLM-enabled interoperability must combine generative 

intelligence with FHIR validation, terminology alignment, 

governance, and institutional readiness. 

5.2 LLM-Enabled Clinical Decision Support and 

Workflow Improvement 

The review findings indicate that LLMs can support clinical 

decision support and workflow improvement through 

summarisation, information retrieval, documentation assistance, 

patient communication, and medical evidence synthesis. This 

agrees with Singhal et al. [6], who showed that LLMs can encode 

substantial clinical knowledge, and Kung et al. [7], who reported 

that ChatGPT demonstrated potential for medical education and 

medical reasoning tasks. The results also align with Lee et al. [8], 

who argued that GPT-4 has important medical potential but must 

be used with awareness of its limitations. In the same direction, 
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Ayers et al. [9] found that AI-generated responses to patient 

questions were rated highly for quality and empathy, suggesting 

usefulness in patient communication. Nevertheless, the review also 

shows that LLM-enabled decision support must remain clinician-

supervised. This is because clinical language fluency does not 

guarantee clinical safety. Omiye et al. [10] warned that LLMs may 

produce unsafe or misleading outputs, while Hager et al. [21] 

showed that LLMs still have limitations in realistic clinical 

decision-making. Van Veen et al. [22] and Tang et al. [23] 

demonstrated strong performance in summarisation, but both areas 

still require factual verification. Therefore, LLMs should be 

understood as assistive tools that strengthen clinical workflow 

rather than autonomous systems that replace professional 

judgement. 

5.3 Privacy, Security, and Data Protection in LLM-

Enabled Health Information Systems 

The findings of this review show that privacy and security are 

among the most serious concerns in LLM-enabled Health 

Information Systems. This is because LLMs may process sensitive 

clinical information through prompts, embeddings, summaries, 

model outputs, and retrieval pipelines. Wiest et al. [11] 

demonstrated that privacy-preserving LLMs can support structured 

medical information retrieval, but their work also reinforces the 

need for careful data protection mechanisms. Harrer [12] similarly 

argued that the ethical use of LLMs in healthcare requires serious 

attention to privacy, safety, responsibility, and patient protection. 

Haltaufderheide and Ranisch [13] further confirmed that privacy 

and accountability are major ethical concerns in ChatGPT-related 

healthcare applications. The review findings also align with studies 

on privacy-preserving machine learning. Rieke et al. [31], Kaissis 

et al. [32], Sheller et al. [33], and Dayan et al. [34] showed that 

federated learning can support multi-institutional collaboration 

without direct sharing of raw patient data. Feretzakis et al. [35] 

extended this argument by identifying differential privacy, 

encryption, federated learning, and secure computation as 

important protections for generative AI and LLMs. However, 

technical protection alone is insufficient. Effective privacy 

protection also requires access control, audit trails, consent 

governance, local deployment decisions, and clear institutional 

responsibility. Therefore, privacy-by-design must be embedded 

into LLM-enabled systems from development to deployment. 

5.4 Trustworthy AI Governance, Fairness, and 

Accountability 

The review findings show that trustworthy AI governance is 

essential for the safe and responsible implementation of LLM-

enabled Health Information Systems. This finding is strongly 

supported by Meskó and Topol [36], who argued that LLMs in 

healthcare require regulatory oversight because of their general-

purpose nature, clinical influence, and unpredictable boundaries of 

use. The review also confirms that fairness must be treated as a 

central governance concern. Omiye et al. [14] demonstrated that 

LLMs may reproduce race-based medical assumptions, while Liu 

et al. [37] argued that clinical AI fairness must be assessed in real 

healthcare settings rather than only through abstract technical 

metrics. Seyyed-Kalantari et al. [38] also showed that AI systems 

may underdiagnose underserved populations, and Vyas et al. [39] 

warned that race correction in clinical algorithms can reinforce 

unequal care. The findings further suggest that trustworthy 

governance requires transparent reporting and structured 

evaluation. This agrees with CONSORT-AI [17], SPIRIT-AI [18], 

DECIDE-AI [19], TRIPOD+AI [20], and MI-CLAIM [40], which 

emphasise transparency in data sources, model design, clinical 

evaluation, human-AI interaction, and intended use. Therefore, 

LLM-enabled Health Information Systems should be governed 

across their full lifecycle. This includes design review, validation, 

bias assessment, clinical monitoring, user training, incident 

reporting, and continuous revision after deployment. 

6. CONCLUSION 
This review concludes that Large Language Model–enabled Health 

Information Systems represent an important but complex 

development in digital healthcare. The findings show that LLMs 

can improve the capacity of health information systems to process 

clinical narratives, support documentation, enhance information 

retrieval, assist clinical decision support, and strengthen patient 

communication. The review further establishes that FHIR-based 

interoperability is central to the safe and meaningful integration of 

LLMs into healthcare systems because it provides a standardised 

structure for exchanging clinical data across platforms. However, 

the evidence also shows that LLM-enabled systems are not yet 

mature enough to function as autonomous clinical decision-making 

tools. Their outputs may be affected by hallucination, incomplete 

reasoning, privacy risks, algorithmic bias, weak validation, and 

uncertain accountability. Therefore, their clinical value depends on 

careful implementation, human oversight, privacy-preserving 

design, transparent reporting, and trustworthy governance. LLM-

enabled Health Information Systems should be understood as 

assistive clinical infrastructures that can improve healthcare 

delivery when they are properly validated, ethically governed, and 

aligned with clinical standards. 

7. RECOMMENDATION 
Health institutions should adopt LLM-enabled Health Information 

Systems cautiously and ensure that such systems are built on 

FHIR-compliant interoperability standards. Developers should 

integrate strong validation mechanisms to check the accuracy, 

completeness, and clinical safety of LLM-generated outputs. 

Clinicians should remain responsible for final decision-making, 

while LLMs should serve only as assistive tools for summarisation, 

documentation, retrieval, and decision support. Healthcare 

organisations should apply privacy-by-design principles, including 

access control, audit trails, encryption, controlled retrieval, and 

data minimisation. Regulators and institutional review bodies 

should establish clear rules for accountability, fairness, 

transparency, and post-deployment monitoring. Health systems 

should also evaluate LLM performance across different patient 

groups to reduce bias and promote equity. Continuous training 

should be provided for clinicians, administrators, and technical 

teams to ensure safe and responsible use. 

8. CONTRIBUTION TO KNOWLEDGE 
This review contributes to knowledge by bringing together 

evidence on Large Language Models, Health Information Systems, 

FHIR-based interoperability, clinical decision support, privacy 

protection, and trustworthy AI governance within a single 

scholarly synthesis. It advances understanding by showing that 

LLM-enabled health systems should not be assessed only by their 

language-generation ability but by their capacity to operate safely 
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within clinical, technical, ethical, and regulatory environments. 

The review also highlights FHIR as a critical foundation for 

responsible LLM integration because it supports structured, 

standardised, and interoperable clinical data exchange. In addition, 

the study contributes by clarifying that privacy, fairness, 

accountability, and lifecycle governance are not secondary 

concerns but essential conditions for trustworthy implementation. 

The review therefore provides a useful conceptual and practical 

foundation for researchers, developers, health managers, clinicians, 

and policymakers seeking to design, evaluate, or regulate LLM-

enabled Health Information Systems. 
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