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Abstract—The widespread adoption of electronic health
records has generated a vast amount of patient-related data,
mostly presented in the form of unstructured text, which could
be used for document retrieval. However, querying these texts
in full could present challenges due to their unstructured and
lengthy nature, as they may contain noise or irrelevant terms
that can interfere with the retrieval process. Recently, large
language models (LLMs) have revolutionized natural language
processing tasks. However, despite their promising capabilities,
their use in the medical domain has raised concerns due to their
lack of understanding, hallucinations, and reliance on outdated
knowledge. To address these concerns, we evaluate a Retrieval
Augmented Generation (RAG) approach that integrates medical
knowledge graphs with LLMs to support query refinement in
medical document retrieval tasks. Our initial findings from
experiments using two benchmark TREC datasets demonstrate
that knowledge graphs can effectively ground LLMs in the
medical domain.

Index Terms—Information retrieval, medical documents, query
expansion, large language models, knowledge graphs

I. INTRODUCTION

The rapid growth of published medical literature poses
challenges for clinicians when attempting to retrieve relevant
information through conventional systems [1]. Furthermore,
the availability of electronic records has increased the volume
of patient-related data, highlighting the need for tailored
Clinical Decision Support systems for document retrieval and
recommendation [2], aimed at assisting clinicians in patient
care and decision-making processes.

Patient-related data, including demographics, family medi-
cal history, and current health issues, is typically conveyed as
unstructured text. While this format eases documentation, it
also poses challenges for document retrieval [3]. Issues such as
medical jargon, negated content, and vocabulary mismatches
between queries and documents can lead retrievers to priori-
tize documents closely matching lengthy queries rather than
focusing on matching related information [4]. This can hinder
retrieval performance, leading to the inclusion of irrelevant or
noisy terms. The main challenge is to understand the complex
information needs of medical applications and develop meth-
ods to enhance the discovery of relevant documents [5]. In this

We gratefully acknowledge funding of this research by the Innovation Fund
Denmark (IFD) through the Grand Solution project Hospital@Night.

context, accurate query reformulation can help clinicians to
better express their information needs, quickly access relevant
medical knowledge, and make informed decisions, ultimately
improving patient care.

Various language processing methods have been developed
for query reformulation by extracting insights from clinical
narratives [6]. These include techniques for information extrac-
tion, synonym resolution, and disambiguation. Recently, large
language models (LLMs) have revolutionized natural language
processing tasks. While LLMs excel in dialogue generation
tasks, they struggle with factual information due to a lack
of knowledge integration [7, 8]. This limitation hinders their
effectiveness in knowledge-intensive tasks, often requiring
domain knowledge [9]. In this regard, concerns about their
suitability for the medical domain have been raised, including
issues with hallucinations, reliance on outdated knowledge,
and lack of interpretability [10, 11]. For example, ChatGPT
can generate plausible but incorrect answers, contradicting
clinical and societal values and potentially leading to the
spread of medical misinformation and incorporating biases that
could worsen health disparities [12, 13].

One effective solution for addressing these issues is ex-
ercising a Retrieval Augmented Generation (RAG) approach
in which an external knowledge source is used to retrieve
documents aligned with an initial task prompt, which are then
passed to the LLM to produce the final output. Knowledge
Graphs (KGs) represent interconnected entities that contex-
tualize and link heterogeneous data resources, enabling the
integration and analysis of information in an explicit and
structured format [14, 15]. KGs are known for their symbolic
reasoning capabilities and can evolve by incorporating new
knowledge [11], allowing to adapt to dynamic domains. In
the medical domain, KGs synthesize unstructured information
by connecting patients, drugs, and diagnoses [14], and are
used in medical knowledge retrieval, and drug analysis and
discovery, among other tasks. In a RAG context, KGs play
an instrumental role for LLMs by grounding them in factual
knowledge, enhancing their knowledge awareness, and pro-
viding more control over generated answers, as the accessed
knowledge can be inspected and interpreted [7].

We contribute a study to assess whether medical KGs
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Fig. 1. Overview of the proposed pipeline

can guide LLMs in information extraction tasks and enhance
document retrieval performance. Our approach integrates a
medical KG and LLMs for query reformulation, focusing on
case-based information retrieval, which involves retrieving the
most relevant documents based on a patient’s clinical note.
Given a query represented by a patient’s clinical notes, the
goal is to reformulate it into a set of keywords for improved
retrieval. We conducted an experimental evaluation over two
benchmark TREC datasets. Results showed improved perfor-
mance compared to existing approaches and, in some cases,
comparable performance to human-generated queries. These
preliminary findings suggest that KGs can effectively ground
LLMs in the medical domain, avoiding fine-tuning costs, and
contribute to developing techniques that increase the reliability
and transparency of retrieval systems, thereby enhancing sup-
port for clinical decision-making [16]. Furthermore, this work
shows how integrating structured knowledge with advanced
language models can address challenges in managing and
retrieving insights from large, unstructured datasets, a common
issue in big data applications.

II. RELATED WORKS

Query reformulation is essential for retrieval systems, aiding
users in navigating the information space by refining queries,
switching to alternative search tasks, or broadening the re-
trieved documents [17]. Query expansion involves extracting
relevant concepts and entities (e.g., symptoms, drugs, events,
medical procedures or treatments) from queries and augment-
ing them using various methods such as thesauri, query logs,
and semantic relationships. For example, Zhu and Carterette
[18] and Liu et al. [19] enriched queries with keywords
from external medical resources, observing mixed impacts
on performance. Huang et al. [20] used dictionaries, medical
embeddings, and LDA for expansion, finding the best results
with topic-based approaches. Peikos et al. [3] investigated ex-
pansion techniques for medical document retrieval and patient
allocation in clinical trials. While some methods improved
patient allocation, they did not significantly enhance document
retrieval.

Different works have leveraged LLMs for query expansion
in general domain tasks [21, 22]. Wang et al. [21] prompted
the LLM to generate a paragraph answering the query (in

a zero- or few-shot scenario), which was then concatenated
to the query for retrieval. Results showed that the gener-
ated paragraph achieved worse retrieval performance than the
original query, but combining both improved performance.
Jagerman et al. [22] proposed several prompt alternatives
(zero-shot, few-shot, RAG, chain-of-thought) to obtain either
a set of keywords or a paragraph, which were concatenated
to the original query for retrieval. For the RAG approach,
context was defined as the top-3 documents retrieved for
the original query. Results showed that the best performance
was obtained when expanding the query with the explanation
paragraph obtained with the chain-of-though approach. Results
also showed that the RAG approach was more robust when
combined with small LLMs. Observed differences were small,
and, in most cases, not statistically significant.

Despite concerns about hallucinations (i.e., answers that are
incorrect or non-sense), outdated knowledge, and inconsistent
answers [23], LLMs have been applied in the medical domain
[24] for tasks like, text anonymization [25], information ex-
traction [26], and clinical note summarization [27]. However,
outcomes have been inconclusive. General-purpose LLMs like
GPT often fail to consistently outperform specialized mod-
els like BioBERT, particularly in tasks reliant on semantic
similarity. Furthermore, performance has been found to be
highly dependent on prompt formulation. Related to this study,
Wang et al. [28] and Peikos et al. [29] leveraged ChatGPT
for query expansion. Wang et al. [28] focused on generating
and refining queries for systematic literature reviews. Results
showed that ChatGPT included nonexistent medical terms in
queries, although no significant correlation was found between
the ratio of incorrect terms and query effectiveness. Peikos
et al. [29] evaluated three expansion alternatives for clinical
trial retrieval, varying the LLM’s role and task description
comprehensiveness. Results showed that some expansion alter-
natives were able to outperform baselines and, in some cases,
human-generated queries. Nonetheless, several shortcomings
like query drift, correct abbreviation resolution, and semantic
changes were encountered.

III. METHOD

Retrieval-Augmented Generation (RAG) enhances the ca-
pabilities of LLMs by integrating external knowledge sources



during the generation process, allowing the model to access
relevant and real-time information. While the LLM’s knowl-
edge remains fixed, it is grounded by up-to-date or domain-
specific knowledge without requiring fine-tuning. Thus, RAG
improves the reliability and consistency of responses, which
helps to mitigate hallucinations [7]. In this context, we focus
on whether medical KGs are adequate knowledge sources to
guide LLMs in query reformation tasks to enhance document
retrieval performance.

Most RAG approaches in the literature rely on textual
documents as the external knowledge source. These documents
are split into chunks and queried via similarity search to
be appended to the task prompt. While effective for general
tasks, this method may struggle when the task requires linking
diverse pieces of information through shared attributes [30],
or a holistic understanding of the semantic concepts across
large datasets. Additionally, achieving the necessary document
granularity to answer complex queries within similar chunks
remains a challenge [30, 31]. In contrast, KGs not only allow
to retrieve relevant nodes but also focused, context-rich sub-
graphs, enabling more accurate and informative responses
[30]. KGs also provide transparent reasoning paths, aiding in
the potential explanation of the generated responses.

To address the limitations of LLMs in the medical domain,
we exercise a RAG model by leveraging an extended medical
KG and LLMs to generate keyword-based query representa-
tions. Figure 1 provides an overview of our query expansion
methodology. In particular, we study the combination of a
KG and LLMs to generate the new query q′. Starting with
a patient’s clinical note representing a query q (1), the KG
retrieves the context relevant to q (represented by graph nodes
and their relations) (2). This context is then fed into the LLM
(3) to generate a new query q′ (e.g., by extracting relevant
medical keywords from the context). Finally, the generated
query q′ is used for medical document retrieval (4).

Knowledge graph extraction

In the clinical domain, KGs usually include nodes repre-
senting entities like drugs, diseases, and proteins, along with
their relations [14]. However, these KGs often only cover basic
medical facts, lacking details on clinical outcomes, disease-
drug prescriptions, and diagnostic interplays. For example,
there might be an “adverse interaction” between drugs, but no
information on how it affects simultaneous treatments [14].
Clinical data can bridge this gap by enriching traditional
KGs with practical clinical outcomes [14]. Wang et al. [14]
combined biomedical KGs with medical entities extracted
from MIMIC-III (Medical Information Mart for Intensive Care
III)1, where nodes represent patients, admissions, prescrip-
tions, drugs, and ICD (International Classification of Diseases)
diagnoses, with hospital admissions linking patients to their
medical histories and drug prescriptions.

Although the KG generated by Wang et al. [14] includes
a comprehensive set of nodes and relations derived from

1https://mimic.mit.edu/

patients’ hospital admissions, it lacks of textual data describing
the different nodes. In this context, we enrich the initial
graph from [14]2 by adding new relations between nodes and
different textual features that later will be used to find the
relevant context for a query. For the drug nodes, we added their
name, description, indication and actuation extracted from
DrugBank3. We also add relations between drugs based on
drug interaction information, also from DrugBank. For the
diagnosis nodes, add their name from ICD-94. We also add
relations between them based on the ICD-9 hierarchy and
semantic relations from UMLS (Unified Medical Language
System)5. Finally, we link the hospital admission nodes to
their corresponding entry in MIMIC-III and add the “chief
complaint” and “history of recent illness” attributes. Using
BioBERT [32], we process the “chief complaint” and “history
of recent illness” to extract symptoms. These symptoms are
added to the KG as a new node type to allow linking hospital
admissions sharing common symptoms.

The resulting combination of structured (nodes and edges)
and unstructured text enhances transparency and interpretabil-
ity. The structure enables navigation and multi-hop reasoning
for complex tasks [11] involving multiple heterogeneous enti-
ties, and allowing the discovery of indirect relations between
them. For example, given a clinical note describing symptoms,
it is possible to identify hospital admissions with similar
symptoms, the drugs prescribed for those admissions, and
other drugs targeting the same symptoms. Similarly, starting
from a drug node, it is possible to find all treated diagnoses,
and the hospital admissions related to them.

Retrieval of relevant context

We use a combined retrieval approach, first retrieving the
graph nodes that are most similar to the query, and then
expanding the node selection to include their induced sub-
graph based on their relations.

To find the most similar nodes (i.e., documents) to a given
clinical note in the medical KG, we search the KG based on
the embedding similarity of the newly added textual attributes,
including diagnoses (name), drugs (name, description, action),
and hospital admissions (chief complaint and history of recent
illness). Both the clinical note and these textual attributes are
embedded using a pre-trained SentenceBERT model6. The top-
n most similar nodes to the clinical note are retrieved based on
Cosine Similarity. Then, starting from these retrieved nodes,
we capture their multi-hop context by defining a sub-graph
including their neighbours at distance k. While all nodes can
help identify interactions and paths, their textual content may
not always align with the query’s original intent. Therefore,
restrictions can be applied to the types of nodes retrieved,

2A depiction of the graph schema can be found in the companion repository:
https://github.com/tommantonela/query-rag-medical-retrieval

3https://go.drugbank.com/releases/5
4https://www.cdc.gov/nchs/icd/icd9cm.htm
5https://uts.nlm.nih.gov/uts/umls/home
6https://www.sbert.net/



such as limiting the search to nodes representing hospital
admissions, or to how paths are navigated to find neighbours.

Retrieval Augmented Generation

In this RAG model, the external source is the medical KG,
and the documents are the nodes in the retrieved sub-graph.
The textual content of these nodes is concatenated (including
connectors related to their semantic relation in the KG) with
the original input prompt and fed to the LLM to produce the
final output.

LLMs behaviour has been shown to be greatly influenced by
the role assigned to them and the phrasing of the prompt [29,
33], affecting the generated responses, the vocabulary used,
and the level of expertise reflected. We assigned the LLM
the role of a “medical assistant” [29], resembling the duties
of physician assistants, which include both clinical tasks and
administrative responsibilities7. We define different prompts
(shown in Table I), responding to diverse task definitions [29]:

i) KG+LLM_Extract. Extracts the most relevant keywords
from the clinical note based on the provided context. Context
should only be used as a ground for selecting the keywords
in the clinical note without adding new keywords. Figure 2
shows an example for this prompt, including the query, the
top-2 retrieved documents (no neighbouring documents are
included), and the reformulated query.

ii) KG+LLM_Expand. Expands the clinical note with the
most similar and relevant keywords from the context.

iii) KG+LLM_Combined. First, extracts the most relevant
concepts from the clinical note. Then, expands them by adding
keywords based on the provided context.

As shown in Table I, prompts also guide the LLM in the
expected answer format, a comma-separated list of keywords
with no extra information. The model is instructed to extract
information only, which could also help to reduce hallucina-
tions.

IV. EXPERIMENTAL SETUP

Data collections

Evaluation is based on the clinical notes and documents
from the TREC 2014 and TREC 2015 Clinical Decision
Support Track [34]8. The goal is to retrieve relevant documents
for answering generic questions. The collections comprise 60
clinical notes, each including a textual description (the base for
all queries) and its summary. Documents belong to a subset of
PubMed Central9, and are judged as “non-relevant”, “possibly
relevant” and “definitely relevant”. For each document, title,
abstract and body text are indexed.

7https://www.aama-ntl.org/medical-assisting/what-is-a-medical-assistant
8Although there are newer data collections and TREC shared tasks, in

addition to the TREC 2014 and TREC 2015 collections still being used [35],
we chose them due to the availability of human curated keyword-based queries
[36].

9http://www.ncbi.nlm.nih.gov/pmc/

A 58-year-old African-American woman presents to the ER 
with episodic pressing burning anterior chest pain that 

began two days earlier for the first time in her life. (..) She 
is known to have hypertension and obesity. 

The patient is an 83-year-old African American male with a 
known history of hypertension, dyslipidemia and coronary 

artery disease. (…)

The patient presented to the emergency room after two 
episodes of substernal chest pain. The pain was "stabbing" 
and had no association with dyspnea, nausea, vomiting, or 

diaphoresis. (…)

You are a helpful medical assistant who needs to 
retrieve relevant medical documents for your patient. 
Extract the most relevant keywords from the clinical 

note and rank them using the provided context.

LLM

episodic chest pain, hypertension, obesity, African-
American woman (…)
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Fig. 2. A query reformulation example

Analyzed LLMs

We evaluate five general-domain LLMs, including commer-
cial and open-source: GPT-3.5, Llama3-7b, Mistral7b,
Gemma2b-instruct, and Phi3:mini. All models are
accessed from Ollama or HuggingFace through LangChain.
In all cases, temperature is set to 0, to reduce the responses’
randomness, making it more focused and deterministic10. Each
clinical note is processed in a separate interaction with the
API. These models differ in scale, purpose, and adaptabil-
ity. GPT-3.5 is the largest, suitable for general-purpose
tasks like content generation and reasoning. Llama3-7b and
Mistral7b are smaller but offer high efficiency and strong
performance in content generation. Gemma2b-instruct
specializes in instruction-following tasks but can be less ef-
fective for broader applications, while Phi3:mini is a small
model designed for resource-constrained environments.

Selected baselines

The RAG-generated queries are compared with11:
i) Full query description and summary.

ii) Keyword-based queries by extracting entities with pre-
trained biomedical models (e.g., BioBERT and SciSpacy).

iii) Query expansion based on RM3 [37].
iv) Query variants proposed by Peikos et al. [3], including

detection of family history, negated content, historical infor-
mation and entity expansion. These queries are chosen as they
summarize multiple enrichment techniques in the literature.

v) Keyword-based queries by LLMs without KG grounding
[29] (defined in Table I as LLM w/o KG).

10https://platform.openai.com/docs/api-reference/chat
11As the goal is not to outperform the results of the shared-task, but show

the feasibility of grounding LLMs with KGs, we only compare the RAG
generated queries with other keyword-based query reformulation approaches.



TABLE I
PROMPTS USED IN THE PERFORMED EVALUATION

System template You are a helpful medical assistant that needs to retrieve relevant medical documents from the PMD medical document
repository for your medical patient. Your task is to write a list of keywords that can be used in a search engine to search
relevant medical documents.

ANSWER_FORMAT Follow this format closely. Answers’ format:
• Respond with a comma-separated list of keywords that will be used for searching documents.
• Do not include the same keywords twice.
• Do not use bullets.
• Do not use abbreviations.
• Do not explain or elaborate.
• Do not add any introductory or explaining sentence.
• Return the keywords and only the keywords.

LLM w/o KG From the MEDICAL NOTE, identify the patient’s medical condition and current treatments, including any alternative names,
abbreviations, or synonyms for these terms, as well as any additional criteria to create a keyword-based query that can be
used to retrieve medical documents of interest.
MEDICAL NOTE: {medical_note}
{ANSWER_FORMAT}

KG+LLM_Extract Extract the most relevant keywords from the MEDICAL NOTE, including medical concepts, symptoms, diseases, synonyms,
or other relevant information. Use the CONTEXT to rank the extracted keywords. MEDICAL NOTE: medical_note
CONTEXT: context
{ANSWER_FORMAT}

KG+LLM_Expand Using the provided CONTEXT, expand the MEDICAL NOTE with keywords referring to medical concepts, symptoms,
diseases, synonyms or other relevant information.
MEDICAL NOTE: medical_note
CONTEXT: context
ANSWER_FORMAT

KG+LLM_Combined 1. Using the provided CONTEXT, extract the most relevant keywords from the MEDICAL NOTE that fully describe its
content. ANSWER_FORMAT
2. Use the provided CONTEXT and only the provided CONTEXT, expand the extracted list of keywords with 10 additional
relevant keywords. ANSWER_FORMAT
MEDICAL NOTE: medical_note
CONTEXT: context

vi) Concatenation of keyword-based queries written by four
human clinician assessors [36]. We summarized the overall
medical assessor’s knowledge by concatenating all unique
keywords suggested by each assessor.

vii) Three LLMs tailored for the medical domain
(BioLLMs): MMedLM2, PMC-Llama, and Biomistral.
Since these models are already based on medical knowledge,
they were only considered for the LLM w/o KG scenario 12.

Document retrieval

Retrieval is based on Pyterrier’s [38] BM25. We focus on
an sparse retriever, where query reformulation (and expansion)
plays a crucial role in bridging the vocabulary gap or mis-
match [22]. In contrast, dense retrieval systems, such as dual
encoders, are less affected by vocabulary gaps and thus benefit
less from query expansion techniques [22]. Their architecture
inherently bridges semantic gaps without requiring external in-
terventions, making them less sensitive to mismatches between
query and document terms, a common issue in sparse retrieval
systems. However, sparse retrieval systems are often preferred
for their interpretability, efficiency, and scalability [39]. They
provide transparent relevance scoring based on exact term
matches, which is critical in domains like legal and medical
applications. Additionally, sparse systems are generally more

12We evaluated the inclusion of three additional models, but they were
discarded due to the quality of the generated responses, reported performance
lower than GPT-3.5 or availability. More details regarding the medical LLMs
can be found in the supplementary material in the repository.

robust to domain shifts since they rely on exact matches rather
than on embeddings learned from training data, which can
limit the effectiveness of dense retrievers on out-of-domain
data.

Documents are indexed using the default Pyterrier stemming
and stopword removal parameters. Performance is evaluated
following TREC guidelines, considering precision, nDCG
(normalized Discount Cummulative Gain) and binary prefer-
ence (bpref) [40]. Paired t-tests, implemented by PyTerrier, are
used to evaluate the significance of differences.

We also evaluate the quality of the LLMs’ responses and
the provided KG-extracted context. This evaluation uses three
metrics from DeepEval13: i) Answer Relevancy (measures how
relevant the obtained response is compared to the provided in-
put), ii) Faithfulness (measures whether the obtained response
factually aligns with the RAG context), and iii) Contextual
Relevancy (measures the relevance of the RAG context for
the given input, independently from the obtained LLM output).
As these metrics rely on LLMs to compute scores and provide
explanations of those scores, we average the results obtained
for two LLMs, Gemma2b and Llama3.

V. EXPERIMENTAL EVALUATION

Table II presents the average top-10 retrieval performance
for the evaluated clinical notes14, and Table III presents the

13https://docs.confident-ai.com/
14Detailed results for other top-k can be found in the repository.



TABLE II
AVERAGE TOP-10 RETRIEVAL PERFORMANCE FOR THE GENERATED

QUERIES
BEST RESULTS IN BOLD, SECOND BEST ARE UNDERLINED.

TREC 2014 TREC 2015
prec nDCG bpref prec nDCG bpref

description 0.083 0.066 0.036 0.143 0.123 0.059
summary 0.077 0.068 0.035 0.143 0.11 0.076
biomedical models 0.12 0.122 0.113 0.143 0.114 0.096
description + RM3 0.126 0.095 0.135 0.156 0.121 0.106
Peikos et al. [3] 0.103 0.089 0.035 0.153 0.113 0.075
BioLLM-pmc-Llama 0.13 0.12 0.107 0.12 0.1 0.081
BioLLM-BioMistral 0.06 0.059 0.044 0.043 0.045 0.033
BioLLM-MMedLM2 0.077 0.059 0.102 0.11 0.103 0.094
human-generated [36] 0.3 0.279 0.26 0.34 0.275 0.223
GTP-3.5 w/o KG 0.11 0.102 0.084 0.15 0.115 0.054
Mistral w/o KG 0.09 0.089 0.102 0.127 0.106 0.043
Phi3 w/o KG 0.13 0.124 0.118 0.123 0.096 0.082
Llama3 w/o KG 0.13 0.134 0.111 0.127 0.112 0.126
Gemma2b w/o KG 0.113 0.093 0.105 0.113 0.105 0.101
KG+LLM_Ext-GPT3.5 0.103 0.098 0.06 0.15 0.123 0.086
KG+LLM_Exp-GPT3.5 0.11 0.11 0.094 0.11 0.084 0.108
KG+LLM_Comb-GPT3.5 0.103 0.097 0.052 0.023 0.022 0.041
KG+LLM_Ext-Mistral 0.13 0.117 0.073 0.167 0.151 0.107
KG+LLM_Exp-Mistral 0.127 0.145 0.083 0.147 0.128 0.098
KG+LLM_Comb-Mistral 0.09 0.073 0.06 0.147 0.122 0.097
KG+LLM_Ext-Phi3 0.097 0.092 0.112 0.093 0.088 0.078
KG+LLM_Exp-Phi3 0.123 0.107 0.099 0.087 0.071 0.071
KG+LLM_Comb-Phi3 0.063 0.053 0.07 0.13 0.102 0.067
KG+LLM_Ext-Llama3 0.083 0.083 0.05 0.06 0.05 0.048
KG+LLM_Exp-Llama3 0.083 0.09 0.066 0.107 0.079 0.053
KG+LLM_Comb-Llama3 0.137 0.12 0.099 0.13 0.099 0.096
KG+LLM_Ext-Gemma2b 0.09 0.07 0.072 0.07 0.057 0.073
KG+LLM_Exp-Gemma2b 0.06 0.046 0.068 0.057 0.044 0.064
KG+LLM_Comb-Gemma2b 0.06 0.045 0.081 0.083 0.066 0.078

average results for the DeepEval metrics across clinical notes.
Faithfulness and Contextual Relevancy are only available for
those alternatives exercising the RAG scenario. Retrieved doc-
uments are considered correct if they are tagged as “possibly
relevant” or “definitely relevant” to the corresponding clinical
note. For [3, 29], we selected the best query in the original
papers.

The response quality of LLMs varied across models.
GPT-3.5 and Gemma2b closely following the defined output
format, while Mistral7b and Llama3 required some pre-
processing to remove extra phrases and itemizations. In con-
trast, BioLLMs required extensive pre-processing, as their re-
sponses often did not match the expected output and included,
for example, repetitions of the provided input.

Baselines

For the clinicians query, Table II reports the results for the
concatenation of all medical assessors, which achieved the
highest results. As reported by Peikos et al. [3], clinicians
achieved the best performance, showing statistically significant
differences for most clinical notes compared to description,
summary, biomedical models, BioLLMs, [3] and LLM w/o
KG. BioLLMs performed statistically significantly better than
summary. BioLLM-PMC-Llama achieved similar results to
biomedical models, but no statistically significant differences
were observed. Answer Relevancy showed similar scores for
the three BioLLMs.

TABLE III
AVERAGE RESULTS FOR LLM PERFORMANCE IN TERMS OF RESPONSE

RELEVANCE TO INPUT AND ALIGNMENT BETWEEN THE KG CONTEXT AND
THE RESPONSE

BEST RESULTS IN BOLD, SECOND BEST ARE UNDERLINED.

TREC 2014 TREC 2015
Answer Rel. Faithful. Answer Rel. Faith.

BioLLM-PMC-Llama 0.769 - 0.763 -
BioLLM-BioMistral 0.728 - 0.754 -
BioLLM-MMedLM2 0.791 - 0.797 -
GPT-3.5 w/o KG 0.746 - 0.762 -
Mistral w/o KG 0.723 - 0.735 -
Phi3 w/o KG 0.772 - 0.761 -
Llama3 w/o KG 0.782 - 0.804 -
Gemma2b w/o KG 0.718 - 0.714 -
KG+LLM_Ext-GPT-3.5 0.856 0.132 0.816 0.146
KG+LLM_Exp-GPT-3.5 0.715 0.06 0.712 0.096
KG+LLM_Comb-GPT-3.5 0.893 0.109 0.882 0.163
KG+LLM_Ext-Mistral 0.814 0.114 0.864 0.138
KG+LLM_Exp-Mistral 0.705 0.150 0.717 0.107
KG+LLM_Comb-Mistral 0.89 0.167 0.9 0.151
KG+LLM_Ext-Phi3 0.744 0.520 0.802 0.568
KG+LLM_Exp-Phi3 0.707 0.487 0.711 0.517
KG+LLM_Comb-Phi3 0.850 0.515 0.814 0.535
KG+LLM_Ext-Llama3 0.783 0.214 0.743 0.188
KG+LLM_Exp-Llama3 0.705 0.183 0.726 0.093
KG+LLM_Comb-Llama3 0.906 0.159 0.908 0.167
KG+LLM_Ext-Gemma2b 0.866 0.142 0.888 0.147
KG+LLM_Exp-Gemma2b 0.706 0.203 0.714 0.162
KG+LLM_Comb-Gemma2b 0.907 0.175 0.919 0.158

LLM w/o KG

Statistically significant differences favouring LLM w/o KG
were observed compared with summary and description, with
improvements in up to 70% of queries for bpref. No sta-
tistically significant differences were found for GPT-3.5
and Mistral7b compared with biomedical models and
clinicians. On other hand, Phi3, Llama3, and Gemma2b
showed statistically significant differences with clinicians for
up to 30% of queries in terms of nDCG. Most differences
for BioLLMs were not statistically significant, except for
Mistral7b and BioLLM-PMC-Llama (with Mistral7b
improving results for up to 50% of clinical notes) and Phi3,
Llama3, and Gemma2b compared to BioLLM-MMedLM2
(with improvements for up to 60% of clinical notes).
Phi3 and Llama3 achieved similar levels of Answer

Relevancy to BioLLMs, even improving the scores of
BioLLM-PMC-Llama, although differences were not statis-
tically significant. These results suggest that fine-tuning LLMs
to a specific domain does not necessarily improve performance
across all related tasks. Results also highlighted the strong per-
formance of biomedical models (even compared to BioLLMs)
for entity/keyword identification. As noted by Peikos et al.
[29], LLMs sometimes struggled with correctly identifying
negated content, which can affect concept expansion and, thus,
retrieval performance.

KG+LLM – Number of retrieved documents

We evaluated retrieving the top-1, 2, 3 and 5
nodes/documents and the corresponding sub-graphs including
neighbours at distance 1 from the KG. The best results
for KG+LLM, reported in Table II, were achieved when
retrieving the top-2 documents/nodes, for which statistically



significant differences were observed for most models15.
These results suggest that adding more context does not
necessarily lead to better performance, as a larger context
can “confuse” the LLMs, affecting their ability to generate
relevant responses [41]. This is supported by the observation
that Contextual Relevancy decreased as the number of top
documents increased. For example, retrieving the top-2
documents decreased the Contextual Relevancy by a 14% and
2% for TREC 2014 and TREC 2015 compared to retrieving
the top-1, while retrieving the top-3 documents decreased it
by 35% and 29% for TREC 2014 and TREC 2015 when
compared to retrieving the top-2 documents. Similarly, the
Faithfulness of responses tended to peak when retrieving the
top-2 or top-3 documents. This highlights the importance of
thoroughly assessing the quality of the KG and the retrieved
context.

KG+LLM – Context length

Since increasing the number of documents in the context
also increases the number of tokens in the final prompt, we
assessed the effects of prompt compression by removing non-
essential tokens. This helps accelerate model inference and
reduce costs [42].

We implemented prompt compression using LLMLingua
[42]16 with the default model parameters. After preliminary
evaluations, we set the number of tokens to 1000. To as-
sess the semantic similarity between the original and com-
pressed prompts, we computed the Cosine Similarity over their
SentenceTransformers embeddings17. The average similarity
between the original and compressed context across queries
was over 0.75 (±0.1), indicating a high semantic agreement
between both texts.

For TREC 2015, as the number of retrieved docu-
ments/nodes increased, differences between compressing and
not compressing the prompt became larger. While minimal
differences were observed when retrieving the top-1 and top-
2 documents, significant differences emerged when retriev-
ing the top-3 and top-5 documents across the three defined
prompts. In these cases, compressing the context improved
results for at least half of the queries. For TREC 2014,
statistically significant differences favouring the compressed
prompts were observed when retrieving the top-2 and top-3
documents. Unlike the results observed for the uncompressed
prompts when retrieving the top-2 documents, compressing
prompts also increased Contextual Relevancy by 115% (0.247
vs 0.532) for TREC 2014 and 104% (0.246 vs 0.504) for
TREC 2015 for the top-2 documents. These improvements
increased as the number of selected top documents also
increased. These findings suggest that prompt compression is
a valuable strategy for enhancing the relevance of the context,
particularly when dealing with larger ones, by effectively
mitigating noise and ensuring that relevant information is
prioritized, without negatively affecting retrieval performance.

15The result for the other top-n can be found in the companion repository.
16https://github.com/microsoft/LLMLingua
17all-mpnet-base-v2: https://www.sbert.net/.

KG+LLM – Baseline comparison

Although KG+LLM did not improve the best results of
clinicians for more than 20% of queries, they improved results
for at least one medical assessor for over 30% of queries. Sta-
tistically significant differences were observed when compared
to description and summary, with KG+LLM improving, on
average, over 50% of queries in terms of bpref for TREC 2014.
For TREC 2015, differences were observed in precision and
nDCG, with improvements for 15% of queries. Similar trends
were observed when compared to biomedical models, where
KG+LLM improved results for 10% of queries in terms of
bpref for Mistral7b. For GPT-3.5, statistically significant
differences were only observed for KG+LLM_Combine for
10% of queries.

When compared with BioLLMs, Llama3 statistically sig-
nificant improved bref for 27% of queries. When compared
to LLM w/o KG, statistically significant differences were
observed for Mistral7b and Llama3 in both datasets,
with KG+LLM improving results for at least 30% and 13%
of queries, respectively. For Gemma2b, differences were only
statistically significant for TREC 2015. No statistically signifi-
cant differences were observed for GPT-3.5 and Phi3. The
lack of statistically significant differences between KG+LLM
and BioLLMs for most LLMs and prompt definitions suggests
that grounding LLMs with a medical KG could be a cost-
effective alternative to re-training and fine-tuning LLMs, while
still providing adequate responses [7].

In general, KG+LLM statistically significantly improved the
Answer Relevancy of LLM w/o KG for all models and at
least two prompt variations, for both TREC 2014 and TREC
2015. However, for some combinations of LLM and prompt
(e.g., for Gemma2b), performance decreased when adding the
KG context, suggesting a limited capacity to leverage such
provided context, possibly due to the quality of the prompt.
These findings highlighted that KGs can provide LLMs with
sufficient information for extracting and expanding medical
concepts while offering control over the information source.

KG+LLM – LLM comparison

For TREC 2014, statistically significant improvements
favouring Mistral7b were observed when compared to
Gemma2b and Llama3 for the KG+LLM_Extract and
KG+LLM_Extend prompts. Mistral7b improved 73% of
queries when compared to Llama3 and 36% for Gemma2b
in terms of bpref. For KG+LLM_Extract, GPT-3.5 and
Phi3 improved the bpref of Llama3 for over 53% of
queries. For KG+LLM_Combine, the only statistically signifi-
cant differences were observed for GPT-3.5 over Gemma2b,
improving results for 43% of queries. For TREC 2015,
statistically significant differences in bpref were observed
for KG+LLM_Extract and KG+LLM_Combine favour-
ing Phi3, Mistral7b, and Gemma2b over Llama3,
with improvements for 26% to 40% queries. Addition-
ally, Gemma2b outperformed Phi3 for 26% of queries for
KG+LLM_Combine. Phi3 achieved slightly lower aver-
age Answer Relevancy than the other LLMs, with an aver-



age 5% difference (with significant differences observed for
KG+LLM_Combine), but achieved the highest Faithfulness,
with an average 290% statistically significant improvement,
highlighting its ability to capture information from the pro-
vided KG context. Conversely, Mistral7b, despite being
one of the best-performing LLMs, achieved good Answer
Relevancy but low Faithfulness. These results suggested the
need for further analysis of the KG’s quality and its integration
with LLMs.

KG+LLM – Prompt analysis

For TREC 2014, statistically significant differences
were observed between KG+LLM_Extend and
KG+LLM_Extract, favouring the former for 50% of
the queries in terms of bpref. For Phi3, KG+LLM_Combine
outperformed KG+LLM_Extend in terms of precision
and nDCG for nearly 50% of queries. Overall,
KG+LLM_Combine achieved the highest Answer Relevancy
for all LLMs, followed by KG+LLM_Extract, with
significant differences observed for all LLMs. No significant
differences were observed for Faithfulness. Differences varied
based on the number of retrieved documents, emphasizing
the importance of appropriately defining the context for the
LLM.

To examine the effect of prompting, we introduced slight
variations to KG+LLM_Extract’s prompt by asking the
LLM to “summarize” the clinical note with keywords instead
of “extracting” keywords. For TREC 2014, contrasting re-
sults were observed for Mistral7b and Llama3. While
KG+LLM_Extract achieved the best results for about 60%
of queries in terms of bpref for Mistral7b, the “summarize”
prompt improved results for about 30% of queries in terms
of precision for Llama3. No differences were observed for
GPT-3.5. These observations suggested varying levels of
sensitivity to slight changes in prompt wording.

KG+LLM – Impact of neighbour expansion

We compared results with and without expanding the
retrieved documents with their neighbours beyond distance
1. We observed small but significant differences favouring
not further expanding the retrieved documents. This finding,
similar to the effect of the number of retrieved documents, may
be related to the length and order of the context, reinforcing
the importance of further evaluating the quality of the KG and
the retrieved context.

In summary, results showed that KGs can effectively
ground LLMs in the medical domain, achieving perfor-
mance comparable to baselines in the literature, BioLLM
models and hand-crafted clinician queries, without the need
for costly fine-tuning. KGs provided sufficient informa-
tion for extracting and expanding medical concepts while
allowing control over information sources. In particular,
sensitivity to prompt wording and the length and order of
context emerged as important factors of retrieval quality,
emphasizing the need for further evaluation of the retrieved
context quality and its integration with the LLMs.

VI. CONCLUSIONS

We studied whether KGs can enhance LLMs query gener-
ation capabilities for document retrieval. Experimental evalu-
ation showed that grounding LLMs with external knowledge
sources leads to comparable, and sometimes improved, perfor-
mance. These results suggest that KGs can successfully ground
LLMs in the medical domain. While focused on the medical
domain, the methods and findings could be transferable to
other domains involving big unstructured datasets (such as
finance and legal), broadening the impact of the proposal.

The study acknowledges several limitations for future im-
provement. First, the study was conducted using specific
benchmark TREC datasets, which may not fully represent
the diversity of real-world clinical texts. Then, to ensure the
generalizability of observations, the study can be extended to
other related tasks, such as clinical trial allocation [43], or even
more complex scenarios such as treatment suggestion. Second,
while major approaches are included, our study does not
cover all query reformulation techniques, thus, replication with
additional techniques and advanced retrievals is recommended.
Also, LLMs could be used for the full retrieval pipeline. Third,
based on the observed differences, a more comprehensive
examination of prompt variations is needed [29]. Additional
more complex prompting techniques, like chain-of-thought,
could be evaluated [22], in which the LLMs work in smaller
tasks and provide the reasoning for them. For example, instead
of directly extracting or suggesting keywords, LLMs could be
asked to summarize the text, identify the most central terms,
and then expand that set with related keywords. Fourth, the
evaluation showed that each LLM had different performance
under the different prompts and added context, suggesting that
an ensemble of LLMs could be employed to leverage their
complementary strengths and improve coverage across various
medical document retrieval tasks. Finally, further investigation
is necessary into the impact of document and graph embedding
representation, and how to select the relevant documents, as
well as context’s length and order, as these factors can affect
LLMs’ response generation ability [41].

ETHICAL STATEMENT

The presented method does not aim to influence patient care
decisions; hence, its outputs do not directly impact patient
care. Since the KG grounds the LLM, and the task involves
extracting rather than generating new content, the risk of
hallucinations should not affect performance. However, using
LLMs to analyze patient data raises valid privacy and security
concerns. Implementing the proposed approach will require
anonymizing and de-identifying data, or even using a locally
hosted LLM.
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