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Abstract
The shift to electronic health records (EHRs) has enhanced patient
care and research, but data sharing and complex clinical terminol-
ogy remain challenges. The Fast Healthcare Interoperability Re-
source (FHIR) addresses interoperability issues, though extracting
insights from FHIR data is still difficult. Traditional analytics often
miss critical clinical context, and managing FHIR data requires ad-
vanced skills that are in short supply. This study presents FHIRViz,
a novel analytics tool that integrates FHIR data with a semantic
layer via a knowledge graph. It employs a large language model
(LLM) system to extract insights and visualize them effectively. A
retrieval vector store improves performance by saving successful
generations for fine-tuning. FHIRViz translates clinical queries into
actionable insights with high accuracy. Results show FHIRViz with
GPT-4 achieving 92.62% accuracy, while Gemini 1.5 Pro reaches
89.34%, demonstrating the tool’s potential in overcoming healthcare
data analytics challenges.

CCS Concepts
• Applied computing → Health informatics; • Computing
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1 Introduction
The digital transformation of healthcare through Electronic Health
Records (EHRs) has improved patient care and enabled large-scale
medical research [10]. However, fully leveraging EHR data is hin-
dered by challenges like data sharing issues, variations in stan-
dards, and regulatory constraints [4]. Inconsistent data formats
and terminologies across systems exacerbate this, complicating the
integration of patient records [25].

The Fast Healthcare Interoperability Resources (FHIR) standard,
developed by Health Level 7 (HL7), provides structured formats
for common healthcare concepts like patients and observations
[15]. FHIR’s modular structure, along with its use of modern web
technologies, facilitates data sharing between different systems [20].
Despite this, the complex and heterogeneous nature of clinical data
across systems remains a major challenge [5]. FHIR data is deeply
nested, making it difficult to query within traditional databases.
Terminologies like SNOMED CT further complicate queries, and
the shortage of professionals skilled in FHIR data analytics worsens
this issue [3, 13]. These factors lead to inefficiencies in analyzing
clinical data and making informed decisions.

To address these challenges, we introduce FHIRViz, a healthcare
analytics platform that integrates a multi-agent system with large
language models (LLMs) to interpret complex EHR data. At the
core of FHIRViz is a knowledge graph that enhances the LLM’s
ability to understand medical concepts within FHIR data, enabling
accurate and relevant analysis. By providing advanced visualization
tools, FHIRViz offers a solution to FHIR’s data analytics complexity
challenges.

The key contributions of this work are:
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• Developed a Semantic Layer using a Knowledge Graph:
That bridges LLM Multi-Agents and FHIR data. This graph
encodes medical concepts and relationships, helping LLMs
understand query context and retrieve relevant data more
accurately.

• Proposed a novel FHIR-Analytics using Multi-Agents
Graph LLM: These agents collaboratively interpret clinician
queries and extract insights from varied data types, providing
comprehensive and precise analysis.

• Implemented System Improvement through Human-
in-the-loop: Using clinician feedback and storing query
resolutions. This allows the system to learn over time, im-
proving its query-handling capabilities and enhancing future
performance by fine-tuning LLM models.

2 Related Work
Several efforts have focused onmapping FHIR into relational
databases to enhance data storage and query handling. Gruendner
et al. [14] introduced KETOS, a Jupyter Notebook platform that
integrates FHIR with PostgreSQL for efficient storage and prepro-
cessing. Cerner’s SQL on FHIR [11] aligns the FHIR model with
relational queries, improving handling capabilities. Additionally,
Ayaz et al. [3] proposed a comprehensive FHIR Data Analytics
Framework, which includes data storage, retrieval, and visualiza-
tion, organized into six layers to optimize healthcare data analysis.
In a related effort, Grimes et al. [13] developed Pathling to extend
FHIR APIs, addressing limitations in data aggregation and search
functionalities in FHIR REST API. Pathling provides additional
operations for exploratory data analysis (EDA), patient cohort se-
lection, and data preparation, easing analytics tasks for developers,
though requiring some technical expertise. Moreover, Big Data
Tools used to manage large FHIR datasets. for example, Liu et al.
[18] explored Apache Parquet and Apache Spark for efficient stor-
age and query handling at scale. Furthermore, Cerner’s Bunsen
library and Google’s FhirProto also provide specialized tools for en-
coding and processing FHIR data, facilitating type safety, validation,
and cross-language compatibility [1, 6]. These tools streamline the
integration of FHIR data with cloud services and machine learning
workflows.

Recent advancements in Large Language Models (LLMs)
offer potential solutions to this gap. Yao et al. [27] highlighted
LLMs’ ability to interpret user intentions and perform tasks like
generating visualizations from natural language prompts [16, 19].
TaskWeaver introduces autonomous LLM agents that translate
requests into executable code [24], while an agent-based graph
method enhances collaborative data analysis with minimal human
input [9]. Gao’s framework [12] categorizes LLM interactions into
four modes: Standard Prompting, User Interface, Context-based,
and Agent Facilitator. Leveraging LLMs and this framework, our
study presents FHIRViz (figure 1), integrating a multi-agent system
and knowledge graph to overcome FHIR data challenges, enabling
stakeholders to perform diverse analytical tasks with patient data.

3 Methods
The development of FHIRViz utilized the Synthea dataset, a syn-
thetic but realistic collection of FHIR-standard electronic health

records. GPT-4 was integrated for its advanced language compre-
hension, enabling insights from complex healthcare data. A Neo4j
knowledge graph served as a semantic layer, capturing relationships
and temporal data, while a Qdrant vector store archived successful
query resolutions for efficient retrieval and system improvement.
Themulti-agent system,managed via a finite statemachine, ensured
smooth operations across retrieval, coding, execution, and debug-
ging. Evaluation through accuracy assessments and user feedback
on visualizations guided further improvements.

3.1 Model and Dataset
We employed GPT-4 for this scenario because of its superior capa-
bility in comprehending intricate queries and nuanced language. Its
advanced understanding, facilitated by its deep learning architec-
ture and extensive training on diverse datasets, enables it to produce
contextually accurate and relevant responses, crucial for interpret-
ing healthcare data and queries effectively. Additionally, GPT-4’s
capacity to generate code further enhances its suitability for this
task. We leveraged GPT-4’s strengths in conjunction with Synthea’s
synthetic health record data to thoroughly test and demonstrate its
effectiveness. Synthea is an open-source, completely synthetic col-
lection of electronic health record data developed byWalonoski et al.
[26], which is a synthetic compilation of patient records crafted to
mimic real health data while upholding privacy measures. Synthea
consists of 150 patient records that include 4,195 conditions, 7,074
encounters, 1,968 medications, 6,535 medication requests, 85,434 ob-
servations, and 15,328 procedures. These records adhere to the FHIR
standard, facilitating seamless interoperability within healthcare
applications. While the dataset encompasses many FHIR resources,
We deliberately excludes some of the FHIR resources for proof of
concept purposes, focusing on the most commonly utilized ones as
shown in Table 1.

Table 1: FHIR Resources Used in the Synthea Dataset

Resource Description Count

Patient Represents an individual receiving care 115
Encounter Represents a healthcare interaction 7074
Condition Represents a clinical condition 4194
Observation Represents clinical information 85434
Procedure Represents an action performed on a patient 15328
Medication Represents a substance used for medical treatment 1968
MedicationRequest Represents a request for medication 6535
Practitioner Represents an individual involved in healthcare 271
Organization Represents an entity responsible for providing

healthcare services
271

3.2 Semantic Layer Generation
To establish the semantic layer, we transformed the FHIR resources
into a knowledge graph for several critical reasons. Firstly, this
conversion ensures that complex data relationships and temporal
aspects are accurately captured and maintained [8]. Secondly, it
enables more efficient and advanced querying capabilities, allowing
for sophisticated semantic searches and analytics that are challeng-
ing to achieve with traditional relational databases. Thirdly, it im-
proves data visualization and understanding of the interconnected
nature of healthcare information, aiding clinicians and researchers
in uncovering insights. Finally, it enhances data quality and con-
sistency by enforcing standardized relationships and attributes,
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Figure 1: Multi-Agents Graph LLM for FHIR Analytics

reducing redundancy, and preserving the temporal aspects of the
data.

We utilized Neo4j for creating the semantic layer [21]. Neo4j
was chosen for its robust handling of highly interconnected data,
which is typical in healthcare contexts. Each FHIR resource 𝑅 ∈
{Patient, Encounter, Condition, . . .} was converted into a node 𝑁𝑅

within the knowledge graph. The attributes of these resources, such
as a Patient’s name, gender, and birth date, were mapped as prop-
erties 𝑃 (𝑁𝑅) of the corresponding nodes. References within FHIR
resources were transformed into relationships 𝐸 between nodes;
for instance, a reference from a Condition resource 𝑁Condition to a
Patient resource 𝑁Patient was represented as a relationship between
both 𝐸 (𝑁Condition, 𝑁Patient). Temporal aspects were maintained by
representing dates and times as nodes 𝑁𝑇 , allowing for efficient
querying of temporal relationships, such as retrieving all conditions
diagnosed within a specific time frame. This transformation ensures
that the complex and nested structure of FHIR data is flattened and
organized in a way that facilitates semantic queries and analytics.

Nodes:
∀𝑅 ∈ {Patient, Encounter, Condition, . . .}, ∃𝑁𝑅

𝑃 (𝑁𝑅 ) = {attributes of 𝑅}
Edges:
𝐸 (𝑁Condition, 𝑁Patient ) = {references from Condition to Patient}
Temporal Nodes:
∃𝑁𝑇 = {dates and times associated with events}

(1)

example is in figure 2. This transformation ensures that the com-
plex and nested structure of FHIR data is flattened and organized
in a way that facilitates semantic queries and analytics.

3.3 Vector Store
The Vector Store serves two primary purposes: storing successful
generations with the associated user queries and providing an initial
check for similar past queries when a new user query is submitted.
This dual functionality ensures efficient query handling by referenc-
ing a historical record of interactions. We have implemented this
using the Qdrant dataset [23], a high-performance, open-source

Figure 2: Example of Converting FHIR Resource to Knowl-
edge Graph

vector database optimized for real-time, scalable operations. To com-
plement this setup, we utilized the text-embedding-ada-002 model
[22] for embedding user queries. The model provides high-quality,
versatile embeddings for various NLP tasks, enhancing efficiency
and understanding of text. It supports multilingual applications,
scales well with text length, and integrates easily with OpenAI’s
ecosystem.

Data storage in the Vector Store involves embedding the user
queries while storing the successful generations without embed-
ding them. We employed cosine similarity with a score threshold
of 0.7 for ranking. The cosine similarity between two vectors 𝐴
and 𝐵 is given by: cosine_similarity(𝐴, 𝐵) = 𝐴·𝐵

∥𝐴∥ ∥𝐵 ∥ . Where 𝐴 · 𝐵
represents the dot product of vectors𝐴 and 𝐵, and ∥𝐴∥ and ∥𝐵∥ are
the magnitudes of vectors 𝐴 and 𝐵 respectively. By setting a score
threshold of 0.7, we ensure that only the most relevant and contex-
tually similar results are prioritized: cosine_similarity(𝐴, 𝐵) ≥ 0.7.
This improves the overall efficiency of query resolution by filtering
out less pertinent matches. Moreover, the accumulated data in the
Vector Store presents an opportunity for fine-tuning LLMs in the
future, continually improving their performance and adaptability
to user needs.
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3.4 Multi-Agents Graph LLM
We have integrated the Multi-Agent Graph Architecture into our
methodology, centered on an agent-based graph where multiple
agents collaborate to address data analytics challenges. The agent
workflow utilizes a Finite State Machine (FSM) [2] developed us-
ing LangGraph [17], a tool for building stateful, multi-actor LLM
applications (Figure 1).

TheRetrieval Node consists of a Knowledge Graph and a Vector
Store. A semantic search is performed on user queries by checking
the Vector Store for similar past queries. If a match is found, the
corresponding stored response is used, enhancing efficiency. If no
match exists, the Knowledge Graph is queried for relevant data or
returns a "no data found" message to mitigate hallucinations. The
retrieved data is passed to the Coding Node, which transforms the
data into visual formats using Chain-of-Thought (CoT) prompting
to generate accurate, well-commented Python code. The system
ensures data availability and manages errors by returning specific
messages when issues arise. Visualizations are generated following
a Matplotlib stylesheet and saved as PNG files to ensure consistency
and reliability. The generated code is transferred to the Executor
Node, which handles code execution and creates visual outputs.
This node verifies the code’s integrity to ensure reliable results
and prevent runtime errors before returning the outputs to the
user. If the Executor Node encounters errors, the Debug Node
resolves them by leveraging LLM-generated insights to produce
revised code. Once the errors are corrected, the process returns to
the Executor Node for re-execution, ensuring robust error handling
throughout the process.

The multi-agent graphmethodology involves four key phases: re-
trieval, coding, execution, and debugging. These phases aremodeled
using a Finite State Machine (FSM) with states 𝑆 = {𝑠1, 𝑠2, 𝑠3, 𝑠4, 𝑠5},
representing retrieval, coding, execution, debugging, and the end
of the process, respectively. The transition function 𝛿 dictates the
movement between states based on specific conditions. The process
starts in the retrieval state 𝑠1, moves to coding (𝑠2, and then to
execution 𝑠3. If execution is error-free, it transitions to the end state
𝑠5. If errors are detected, the process moves to debugging 𝑠4, and
loops back to coding until successful execution is achieved.

The FSM is represented with a transition matrix 𝑃 , where each
element 𝑃𝑖 𝑗 indicates the probability of transitioning from state 𝑖
to state 𝑗 . These transitions are deterministic, with probabilities
either 0 or 1, except during execution, where 𝑃34 = 𝑝1 (probability
of error) and 𝑃35 = 𝑝2 (probability of success), ensuring 𝑝1 + 𝑝2 = 1.
The transitions can be formally described as follows:

𝛿 (𝑠1, complete) = 𝑠2,

𝛿 (𝑠2, complete) = 𝑠3,

𝛿 (𝑠3, no error) = 𝑠5,

𝛿 (𝑠3, error) = 𝑠4,

𝛿 (𝑠4, complete) = 𝑠2 .

The transition matrix 𝑃 can be defined as:

𝑃 =

©­­­­­«
0 1 0 0 0
0 0 1 0 0
0 0 0 𝑝1 𝑝2
0 1 0 0 0
0 0 0 0 1

ª®®®®®¬
(2)

This FSM model ensures efficient workflow management and error
handling

3.5 Human in the Loop
The methodology integrates a robust feedback mechanism involv-
ing healthcare professionals, who contribute insights regarding the
efficacy of the generated analytics. This iterative human feedback
loop is instrumental in continuously refining the model, thereby
enhancing its performance incrementally. Specifically, after the
successful generation of a requested chart, clinicians are prompted
to assess and provide feedback on the generation process’s effec-
tiveness. Positive feedback is systematically archived in a vector
store, serving as a valuable reference for future iterations. Moreover,
these successful generations can be leveraged to fine-tune an LLM,
thereby improving its capabilities in health analytics. This dynamic
interplay between human expertise and machine learning models
ensures the ongoing optimization of analytical outputs, aligning
them more closely with clinical needs and improving their utility
in real-world healthcare settings.

4 Evaluation
For the FHIRViz to achieve success and effectively assist clinicians,
it must 1. enhance data analysis by accurately interpreting EHR
data, 2. simplify FHIR data queries for easy visualization without
technical skills, and 3. continuously improve through feedback to
better understand user needs.

4.1 Evaluation Dataset and Baseline
In the evaluation phase, we curated an evaluation dataset from the
Synthea FHIR dataset, extracting 122 analytical charts to represent
various medical administration scenarios. These charts were catego-
rized into three complexity levels based on the number of queried
FHIR resources. This categorization structured the assessment of
data processing tasks, with complexity increasing as more resources
were queried. The complexity levels and their details are summa-
rized in Table 2. The charts include histograms, bar charts, pie
charts, network graphs, line charts, heatmaps, stacked bar charts,
tree maps, scatter plots, and box plots. Manual comparison with
FHIR Synthea data provided a baseline for benchmarking system
performance and identifying areas for improvement.

4.2 Evaluation Metrics
To assess the accuracy of generated charts using this formula:
Accuracy of Generated Charts = Number of Correct Charts

Total Charts Generated ×100. This
formula quantifies FHIRViz’s accuracy by comparing the number
of correct charts to the total charts produced, thereby evaluating its
performance in accurately representing medical data. This metric is

Table 2: Evaluation Dataset by Complexity

Complexity Description # Reports

1-Resource Only one FHIR resource is queried 49
2-Resources Aggregated two FHIR resources 57
3-Resources Aggregated three FHIR resources 11
4-Resources Aggregated four FHIR resources 5
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crucial for facilitating optimization and refinement decisions. The
generated output is compared with manually curated charts in the
evaluation dataset described in Section 4.1, ensuring a thorough
assessment of FHIRViz’s capability to produce reliable and accurate
visualizations.

4.3 Comparative Analysis
After evaluating the accuracy of the FHIRViz with GPT-4, we con-
ducted a thorough comparison to assess the performance of three
distinct LLMs: GPT-4, ChatGPT 3.5, and Gemini Pro 1.5. Utilizing
the dataset described in Table 2 , we prompted each LLM using vari-
ous prompting styles, including Zero shot, Chain of Thought (CoT),
and ReAct, to generate Python code to create the chart. We then
executed the generated code and examined the outputs to assess
chart accuracy and alignment with the knowledge graph data. This
comparative analysis provided valuable insights into the nuances of
each LLM’s performance with different prompting styles, allowing
us to identify potential strengths and weaknesses and inform future
optimization strategies and decision-making processes.

4.4 Human Evaluation
The quality of chart presentations was evaluated based on readabil-
ity, visual appeal, and accuracy, focusing on chart components like
axis labels and titles. Six participants from medical and health infor-
mation fields assessed 10 use cases, comparing system-generated
charts with manually created ones. Chart ratings ranged from "Ex-
cellent" (high clarity, accuracy, and usability) to "Very Poor" (un-
clear and unusable). Overall satisfaction was categorized from "Very
Satisfied" to "Not Satisfied at All," providing insights into user con-
tentment with chart quality.

5 Results
5.1 Performance Results
The performance of FHIRViz, as compared to other prompting
styles across various models, reveals significant differences in ef-
fectiveness. According to (Table 3), GP4-FHIRViz leads with 113
successful generations out of 122, achieving an accuracy rate of
92.62%. Gemini 1.5 Pro - FHIRViz follows with 109 successful re-
sponses (89.34%). In contrast, GPT 3.5 - Zero Shot achieved only 23
successful generations with an accuracy rate of 18.85%. The Chain
of Thought (CoT) and ReAct prompting styles also demonstrated
notable improvements, with GPT-4 - CoT achieving 84 successful
responses (68.65%) and Gemini 1.5 Pro - CoT generating 82 (67.21%).
The ReAct style performed even better, with GPT-4 - ReAct gener-
ating 94 successful responses (77.04%) and Gemini 1.5 Pro - ReAct
achieving 91 (74.59%). These results show that advanced prompt-
ing methods like CoT and ReAct significantly outperform simpler
zero-shot methods.

Our experiments suggest that response quality improves with
more detailed and precise queries, leading us to enhance FHIRViz
to request additional information when queries are ambiguous.
The system’s flexibility in generating various chart types, such as
bar and pie charts, was also evident. However, the evaluation re-
sults indicated that complex queries involving two to four FHIR
resources negatively impacted accuracy, highlighting a need for
improvements in managing complex data requests. These findings

emphasize the importance of continuous refinement, particularly
in data visualization and user satisfaction. While FHIRViz demon-
strates high accuracy and effectiveness, ongoing enhancements are
essential to maintain and improve its performance, especially as the
complexity of queries grows. Sample Generations are in Figure4.

Table 3: Performance of Different Models and Prompting
Styles and FHIRViz

Model & Prompt Style Successful Gen. Accuracy
(%)

GPT 3.5 - Zero shot 23 18.85
Gemini 1.5 Pro - Zero Shot 72 59.01
GPT 4 - Zero shot 72 59.01

GPT 3.5 - COT 42 34.42
Gemini 1.5 Pro - COT 82 67.21
GPT-4 - COT 84 68.65

GPT 3.5 - ReAct 53 43.44
Gemini 1.5 Pro - ReAct 91 74.59
GPT-4 - ReAct 94 77.04

GPT 3.5 - FHIRViz 75 61.47
Gemini 1.5 Pro - FHIRViz 109 89.34
GP4-FHIRViz 113 92.62

5.2 Human Evaluation Results
The human evaluation metrics for FHIRViz’s chart generation re-
vealed notable findings in chart quality and user satisfaction (Figure
3). The chart presentation was evaluated on a rating scale. Results
showed 60% of charts rated as Excellent and 25% as Good, with 85%
rated as either Excellent or Good, indicating a high overall quality.
Similarly, user satisfaction was rated on five levels. Findings showed
62.5% of users were Very Satisfied, and 22.5% were Satisfied, with
85% overall satisfaction. Despite the positive feedback, users high-
lighted issues with charts containing too much information, making
them difficult to interpret. Limiting data points in a single chart
is recommended to improve clarity. While FHIRViz provides high-
quality visualizations, attention to information density is essential
for maintaining clarity and usability.

Figure 3: Summary of Human Evaluation Metrics. The left
chart shows the quality of chart presentation, The right chart
presents the satisfaction rating
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6 Discussion
FHIRViz effectively supports FHIR analytics. Our evaluation
of the multi-agent LLM for FHIR analytics demonstrates high ac-
curacy and user satisfaction. The system successfully interprets
user queries and generates visually appealing charts, addressing
the challenges associated with FHIR data standard analytics. How-
ever, this study focuses on FHIR version R4, indicating a need for
further validation across other versions. User feedback has been
overwhelmingly positive, with users appreciating the system’s abil-
ity to understand queries on the first attempt. High satisfaction and
ease of use suggest that our multi-agent LLM solution effectively
fills gaps in existing user-friendly analytics frameworks. Yet, there
are calls for more dynamic chart customization and faster genera-
tion times, with limitations like resource constraints and dataset
size highlighting the need for larger datasets and improved visuals
in future studies.

Our findings align with previous studies. Our results align
with Ayaz et al. [3], who pointed out the lack of comprehensive
analytics tools. We build on this by enhancing user interaction
with advanced natural language processing, aligning with the LLM
advancements noted by Yao et al. [27], Maddigan and Susnjak [19],
and John et al. [16]. Although the Synthea dataset was useful, it
lacks real-world care variations, limiting chart evaluation [7]. The
innovative FHIRViz approach incorporates a multi-agent system
with a knowledge graph, improving the efficiency of handling com-
plex queries while reducing human intervention, resonating with
the findings of Chugh et al. [9]. Ethical considerations, such as
securing patient data and ensuring transparency, are critical to the
system’s success, though further validation with real-world data
and larger datasets is essential for confirming our findings.

7 Conclusion
The FHIRViz platform showcase the innovation integration of FHIR
data with LLM Multi-Agents and Knowledge graph Semantic Layer,
marking a significant advance in healthcare analytics by enhancing
the accuracy and efficiency of data analysis and visualization. This
approach opens new avenues for improving healthcare decision-
making and patient care through sophisticated, data-driven in-
sights. By expanding the system to include a broader range of FHIR
resources and integrating real-world data, future developments
promise to further leverage LLM Multi-Agents'potential in health-
care, aiming to revolutionize how healthcare professionals access
and utilize data for better clinical outcomes.
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A Generated Charts Samples

Figure 4: a. The top chart displays the number of condition
onsets over time.
b. The middle chart displays the number of condition onsets
over time.
c. the bottom chart displays the number of condition onsets
over time.

B Code Availability
The source code for this project is available at https://github.com/Mars-
2030/FHIRVIz.
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