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Abstract—Despite the remarkable success of large language
models (LLMs), their ability to effectively incorporate long-
tail domain knowledge remains a fundamental challenge. In
specialized domains such as medicine, reliable question answering
requires structured and precise knowledge that is often poorly
captured by purely parametric representations. We observe that
the key limitation of existing LLM-based approaches to long-
tail medical QA lies in a misalignment between how specialized
knowledge is represented and how it is accessed during inference.
To address this limitation, we propose MedLTRAG, a framework
that tightly integrates LLMs with knowledge graphs (KGs) to en-
able grounded medical reasoning. MedLTRAG follows an offline-
to-online paradigm: domain-specific KGs are first constructed
from medical literature to encode specialized expertise, and are
then selectively retrieved at inference time to support reasoning
through a multi-stage beam search mechanism. By externalizing
long-tail knowledge into structured representations and explicitly
incorporating them into the inference process, MedLTRAG
reduces the brittleness of purely parametric reasoning. Extensive
experiments on multiple disease-centric medical QA benchmarks
demonstrate that MedLTRAG consistently outperforms state-
of-the-art methods. Beyond empirical improvements, this work
outlines a generalizable paradigm for integrating structured
knowledge with LLMs, offering a principled pathway toward
robust reasoning in knowledge-intensive, long-tail domains.

Index  Terms—LLM-KG  Co-Augmentation, Retrieval-
Augmented Generation, Large Language Models, Long-tail
Knowledge, Medical Question Answering

I. INTRODUCTION

Large Language Models (LLMs) have achieved strong per-
formance in natural language understanding and reasoning
tasks [1]. Recent advances in the biomedical domain show that
LLMs assist clinicians and researchers in complex diagnostic
QA. However, reliably answering questions involving long-tail
medical knowledge remains a fundamental challenge [2].

In medical QA, long-tail knowledge refers to specialized,
low-frequency information that is critical for reasoning about
specific diseases, symptoms, or treatments, yet is sparsely
represented in large-scale corpora. Such knowledge is often
scattered across heterogeneous medical literature, expressed
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through diverse terminologies, and connected by implicit se-
mantic relations. As a result, long-tail medical knowledge is
difficult to organize, retrieve, and reason over using conven-
tional data curation pipelines [3], and remains poorly captured
by purely parametric language models.

In this work, we identify the core bottleneck of long-tail
medical QA as the disconnect between specialized knowledge
representation and inference-time utilization. To address this
issue, we propose MedLTRAG, a co-augmentation frame-
work that tightly integrates LLMs and knowledge graphs for
grounded medical reasoning. MedLTRAG is designed as a
plug-and-play framework that can be seamlessly integrated
with existing LLMs without additional training. Our contri-
butions are summarized as follows:

e We propose MedLTRAG, a novel framework that tightly
integrates LLMs with domain-specific KGs through an
offline-to-online paradigm, enabling grounded reasoning
over long-tail medical knowledge.

e« We introduce a fine-grained entity sampling strategy
together with a novel multi-stage beam search reranking
mechanism, which progressively selects question-relevant
subgraphs and aligns structured knowledge retrieval with
the model’s reasoning process.

o We construct three disease-centric long-tail medical QA
benchmarks to fill the gap in specialized evaluation.
Extensive experiments demonstrate that MedLTRAG con-
sistently outperforms state-of-the-art biomedical LLMs
and existing RAG baselines across diverse backbones.

II. RELATED WORK

KG Construction and Completion with LLMs. Leverag-
ing the generative power of LLMs, researchers have explored
various methods for KG construction and completion. For
instance, SF-GPT [4] utilizes an entity extraction filter and
LLMs for subgraph fusion , while EP-RSR [5] introduces
the “Entity Pair-Relation-Fact” paradigm for relation extrac-
tion. Our work distinguishes itself by proposing an LLM-KG
co-augmentation framework specifically for long-tail medi-
cal question answering. Injecting Knowledge Graphs into



LLM Reasoning. Advancing LLM capabilities have led
researchers to inject structured graph information via prompt
engineering to support biomedical reasoning. For example,
MindMap [6] employs a dual-path strategy to create chain-
of-thought evidence subgraphs , while DALK [7] utilizes a
self-aware retrieval module to filter redundant data. However,
these methods often rely on general-purpose KGs, limiting
their effectiveness when the KG coverage is insufficient or se-
mantically mismatched with the query. Multi-Agent Systems
in Medical Reasoning. Multi-agent systems have recently
entered the medical domain, with MAIN-RAG [8] utilizing
multiple agents and adaptive filtering to reduce document
noise. Similarly, ToR [9] employs tree-structured reasoning
paths and cross-verification to ensure decision consistency.
However, these multi-round agent discussions are prone to
topic drift and information loss, and often lack process in-
terpretability by focusing only on final diagnostic outputs.

In summary, although existing studies in the medical domain
have separately explored the applications of LLMs and KGs,
to the best of our knowledge, no prior work has investigated
the potential of mutual co-augmentation between the two in
long-tail medical knowledge scenarios. Given the high infor-
mation density of domain-specific KGs, capturing question-
relevant key information is essential [10]. Therefore, we
propose MedLTRAG to leverage LLM-KG co-augmentation,
enhancing knowledge representation and reasoning for long-
tail medical question answering.

III. METHODOLOGY

This section elaborates on the proposed MedLTRAG co-
augmentation framework. Fig. 1 illustrates the overall pipeline
of MedLTRAG.
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Fig. 1. The overview pipeline of MedLTRAG. X denotes the filtered-out
knowledge during the reranking process. We first extract structured knowledge
from unstructured corpora and construct a domain-specific knowledge graph
(Section III-B). Then, we utilize a fine-grained entity sampling strategy
combined with a novel three-stage beam-search-based reranking mechanism
to select appropriate knowledge from the knowledge graph (Section III-C).

A. Background

High-quality and large-scale training corpora are crucial
for LLMs to comprehensively capture disease-related details.
However, real-world medical data exhibit imbalanced sample
distributions. Taking leprosy, measles, and tuberculosis as
examples, these diseases have relatively low incidence rates
in developed countries and regions [11], resulting in their

limited presence in mainstream public corpora and general
medical texts. Nevertheless, in many resource-limited regions
and developing countries, they continue to pose persistent
challenges to public health systems and primary healthcare
practice. Therefore, we select leprosy, measles, and tubercu-
losis as three representative long-tail medical diseases to sys-
tematically evaluate the applicability and effectiveness of the
proposed approach in long-tail medical question answering.

B. Offline KG construction

1) Corpus Collection: To construct an accurate and com-
prehensive knowledge graph (KG), we systematically retrieved
PubMed articles that primarily focus on leprosy, measles, and
tuberculosis. To capture recent advances in the field and avoid
the interference of outdated knowledge in earlier publications
on KG quality, we restricted our search to articles published
after 2005. Subsequently, we compiled keyword lists for lep-
rosy, measles, and tuberculosis based on authoritative medical
resources, specifically drawing from two main sources: (1) the
World Health Organization (WHO); and (2) the Centers for
Disease Control and Prevention (CDC). We then used these
keyword lists to systematically filter the retrieved literature.

2) KG Construction: To construct an accurate and high-
quality KG, we systematically categorize LLM-based KG
construction methods into two major types for comprehen-
sive comparison: (a) LLM-based relation extraction [7]; and
(b) LLM-based generative construction [12], as illustrated in
Fig. 2. We denote the KGs constructed by these two types of
methods as K G, and K Gy, respectively.
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Fig. 2. The detailed process of disease-specific KG construction. The left
panel illustrates the LLM-based relation extraction pipeline. The right panel
depicts the LLM-based generative construction, with both methods employing
a filtering discriminator to ensure quality.

The LLM-based relation extraction method, we utilize
PubTator Central (PTC) [13], developed and continuously
maintained by NCBI, to extract relevant entities from the
corpus. PTC is a widely used biomedical entity recognition
tool for PubMed literature, and supports six types of biomedi-
cal concepts, including genes, diseases, chemicals, mutations,
species, and cell lines. The extracted entities are treated as
nodes in the KG. Then, we design structured prompt templates
to guide the LLM to take the document and its corresponding



entity set as input and identify semantic relations among the
entities, which are then treated as edges in the knowledge
graph.

The LLM-based generative construction method employs
prompt templates to guide the LLM to directly identify all
triples from the document. To reduce irrelevant or noisy triples,
we further append a filtering discriminator after both construc-
tion methods. The document D together with a triple (ey,, r, e;)
is provided to the model as input. If the document contains the
candidate triple relation, the model outputs “YES”; otherwise,
it outputs “NO”. The corresponding formulation is defined as
Yiest = LLM(Pprompt, D, (€n,7,€;)). Table I presents detailed
statistics of the K G,.. and K G s, respectively, including the
number of corpora used and the numbers of nodes and triples.

TABLE 1
DETAILED STATISTICS ABOUT K Grg AND K Gcons

KGchrosy K Gyeast KGTuberculosis

#Corpus 6,319 5,832 9,332
#K Gre

Nodes 7,389 5,081 9,174
Triples 16,173 10,129 20,388
#K Geons

Nodes 21,625 18,216 28,236
Triples 33,567 31,786 55,130

C. Online knowledge retrieval

1) Fine-grained entity sampling: To more effectively iden-
tify entities relevant to queries and enable accurate information
retrieval from the KG, we introduce a fine-grained entity sam-
pling strategy. Specifically, for a given query Q, a preliminary
response draft is first generated using an LLM. Assertions
requiring further verification are then extracted from this draft.
Subsequently, the domain-specific entity set E is extracted
from these assertions. All these steps are performed by the
LLM without manual intervention.

We then follow MindMap [6] to perform similarity-based
entity linking, aligning entities in the entity set E with those in
the target knowledge graph G. Specifically, we use Sentence-
BERT [14] to encode all entities in G and E as dense vector
representations, denoted Hs and Hg, respectively. Then using
cosine similarity, we link each entity in E to its nearest
neighbor in G. This process yields the initial aligned entity
set Eq = {e1,...,en} for subsequent processing.

2) Three-stage beam search reranking: We observe that
noise is a common challenge in automatically constructed
KGs. To address this issue, we draw inspiration from beam
search [15] and reranking techniques in the medical domain
[16], and propose a three-stage beam-search-based reranking
method. Specifically, we decompose the retrieval process into
three stages, namely relation reranking, path reranking, and
subgraph reranking, and adopt the medical pre-trained model
MedCPT [17] as the ranking model to highlight key informa-
tion relevant to the question and filter out noisy information.
Furthermore, considering that the constructed graph exhibits

strong topical relevance, we introduce a reranking mechanism
at each retrieval step to improve search efficiency and reduce
computational cost.

In each iteration of the beam search algorithm, the
top-K reasoning paths are expanded, defined as P,? =
{(en,ksTk,€1k)}, Where ep g, T, and e denote the head
entity, relation, and tail entity, respectively, and D denotes the
current iteration of the beam search process.

Relation rerank. This stage performs a beam search with
depth 1 and beam width N from the current entity e,, to iden-
tify relevant relations r. For e,,, we collect all connected out-
degree and in-degree relations to form a candidate set Rcand,n.-
Then, we rerank the candidate relations in Rcang,, based on
the semantic context of the input question and select the top
N relevant relations. The corresponding formulation is defined
as RP = Rerank (Q, {(en, Reand.n)s (Reand.ns €n) }, N).

Path rerank. First, we identify a new entity set £ based
on the selected relation r,. Specifically, for entity e,, we
construct the candidate entity set, where the corresponding
formulation is defined as FEepan = {e | (en,Tn,€) €
Gy U {e | (e,rn,en) € G}. To further optimize retrieval,
we rerank the candidate paths P4, obtained from entity
en, retaining at most N paths with the highest semantic
relevance, where the corresponding formulation is defined as
PP = Rerank (Q, Peand.n, N)-

Subgraph rerank. In the D-th iteration, all candidate paths
Prana,n are aggregated into a global candidate set FPyng. We
rerank the paths based on their semantic relevance and select
the top K paths, denoted as P72, for subsequent iterations or
as final evidence subgraphs, i.e., P2 = Rerank (Q, Peand, K).

Universality. When the maximum search depth is reached
and the LLM evaluates that the current reasoning paths are
insufficient to generate an answer, MedLTRAG generates an
answer based solely on the inherent knowledge in the LLM.
The pseudo-code is shown in Algorithm 1.

IV. EXPERIMENTS

This section systematically evaluates the effectiveness of
MedLTRAG on long-tail medical question answering. Our
experiments are designed to answer the following research
questions. Q1: Can MedLTRAG consistently improve long-tail
medical QA performance across different diseases and model
backbones? Q2: How does MedLTRAG compare with existing
biomedical LLMs and retrieval-augmented approaches? Q3:
How do individual components of MedLTRAG contribute to
its overall performance?

To answer these questions, we conduct comprehensive eval-
uations on disease-centric QA benchmarks, compare MedL-
TRAG with strong biomedical and retrieval-based baselines,
and perform extensive ablation and sensitivity analyses.

A. QA Benchmark

Evaluating long-tail medical question answering requires
benchmarks that emphasize specialized, low-frequency disease
knowledge rather than common clinical facts. To this end, we
construct three disease-centric QA benchmarks focusing on



Algorithm 1 MedLTRAG
Require: Questions Q, Knowledge Graph GG, max depth L
Ensure: Answer generated by MedLTRAG
for all ¢ € Q do
E < EXTRACT_ENTITIES(q)
topic < ENTITY_MATCHING(E)
if topic = () then
return baseline LLM answer
end if
for d=1to L do
R+ RELATION_SEARCH_PRUNE(e, G, ¢, N)

ectopic

P <, cr PATH_SEARCH_PRUNE(e, 7, G, q, N)
if P = () then
return baseline LLM answer
end if
paths < SUBGRAPH_PRUNE(P, ¢, K)
if paths = () then
return baseline LLM answer
end if
(isRes,ans) <— REASONING(q, paths)
if isRes then
return ans
else
topic <— UPDATE_TOPIC(paths)
end if
end for
end for

leprosy, measles, and tuberculosis, which are representative
long-tail diseases that remain clinically important yet under-
represented in general medical corpora.

We derive the benchmarks from two large-scale multiple-
choice medical QA datasets, MedQA [18] and MedM-
CQA [19], comprising 205,878 questions of diverse biomed-
ical topics. To extract long-tail disease-related questions, we
adopt a two-stage filtering strategy. We first perform keyword-
based matching using curated disease-specific vocabularies
(Section III-B1). Then, we employ an LLM to semantically
assess disease relevance and eliminate spurious matches. This
process yields 435 leprosy-related, 443 measles-related, and
1,105 tuberculosis-related questions, forming three challeng-
ing long-tail QA benchmarks that emphasize structured med-
ical reasoning over specialized knowledge.

B. Experiment Settings

Biomedical LLMs: We compare MedLTRAG with sev-
eral representative biomedical language models, including
BioMedGPT-LM-7B [20], Bio-Medical-Llama-3-8B [21], and
Llama3-OpenBioLLM-70B [22]. These models are explicitly
fine-tuned on biomedical corpora and serve as strong domain-
specific baselines.

Retrieval-Augmented LLMs: We further include state-
of-the-art retrieval-augmented approaches in the biomedical
domain, including Almanac [23], Clinfo.ai [24], MindMap [6],

DALK [7], and ToR [9]. These methods represent diverse RAG
paradigms, ranging from text-based document retrieval to KG-
guided reasoning.

Implementation Details: Unless otherwise specified, all
experiments use GPT-5.1 as the backbone LLM. For text-
based RAG baselines, documents are chunked into segments
of up to 128 tokens, and the top-8 most relevant chunks
are retrieved for inference. For KG-based methods, the same
disease-specific KG is used to ensure fair comparison. In
MedLTRAG, we use the precision-oriented KG constructed
via LLM-based relation extraction approach K G,. by default.
The beam width is set to N=8 and the top-K retained reasoning
paths to K=15, with further analysis provided in Section I'V-F.

C. Experimental Results

We first report the overall performance of MedLTRAG to
answer Q1 and Q2. Table II summarizes the results across the
three disease-centric long-tail QA benchmarks.

As shown in Table II, MedLTRAG consistently achieves the
best performance across all three datasets, outperforming both
biomedical LLMs and existing retrieval-augmented methods.
These results demonstrate that explicitly integrating structured
domain knowledge into the inference process substantially
improves long-tail medical QA performance.

TABLE II

RESULTS ON THE QA BENCHMARK.
Method QAIepmsy QAmeasles QATB
Biomedical LLMs
MedFound-7B  [25] 25.7 30.0 22.5
BioMedGPT-LM-7B [20] 31.5 343 37.6
Asclepius-Llama2-7B [26] 29.0 27.3 30.0
Meditron-7B [27] 25.3 239 27.8
Bio-Medical-Llama-3-8B [21] 63.7 66.4 72.0
Llama3-OpenBioLLM-70B [22] 75.6 68.8 75.1
Retrieval-Augmented LLMs
Clinfo.ai [24] 81.1 82.6 82.7
Almanac [23] 78.2 80.1 79.9
MindMap [6] 81.9 82.6 83.2
DALK [7] 82.1 83.7 85.3
ToR [9] 82.8 849 86.0
GPT-5.1 80.0 81.9 81.9
MedLTRAG 85.5 86.2 87.8

Compared with text-based RAG approaches, MedLTRAG
yields larger performance gains, indicating that structured
subgraph retrieval provides more precise and less noisy ev-
idence than unstructured document retrieval. Moreover, the
improvement over vanilla GPT-5.1 highlights the limitation of
purely parametric reasoning in long-tail settings and validates
the effectiveness of the proposed co-augmentation paradigm.

We further observe that biomedical LLMs generally lag
behind general-purpose LLMs, and we attribute this gap to
their relatively smaller parameter sizes and insufficient task-
specific fine-tuning. Although they may perform adequately
in general medical scenarios, they fall short in long-tail med-
ical settings that require stronger domain-specific knowledge,
thereby limiting their generalization ability in specialized QA
tasks. Overall, these experimental results demonstrate the
effectiveness of the proposed method on long-tail medical



question answering tasks and further suggest that combining
general-purpose LLMs with structured domain knowledge
holds strong potential for biomedical question answering.

D. Ablation Study on the MedLTRAG framework

To answer Q3, we conduct an ablation study to quantify the
contribution of each key component in MedLTRAG, including
fine-grained entity sampling, adaptive iterative retrieval, and
the multi-stage beam search reranking mechanism.

As shown in Table III, removing the multi-stage rerank-
ing mechanism leads to the most significant performance
degradation, underscoring its importance in suppressing noisy
knowledge and progressively aligning retrieved subgraphs with
the reasoning objective. Removing adaptive iterative retrieval
or fine-grained entity sampling also results in noticeable
performance drops, indicating that accurate entity grounding
and progressive retrieval are both essential for effective long-
tail reasoning. Importantly, these results confirm that MedL-
TRAG’s gains do not stem from naive knowledge injection,
but from carefully structured and iteratively refined knowledge
utilization.

TABLE III
ABLATION STUDY OF THE MEDLTRAG FRAMEWORK
Method QAlcpros Q Ameasles QATp
MedLTRAG w/o reranking in beam search 82.1 80.7 82.6
MedLTRAG w/o adaptive iterative 83.4 84.4 84.5
MedLTRAG w/o Fine-grained entity sampling 85.3 84.2 84.7
GPT-5.1 80.0 81.9 81.9
MedLTRAG 85.5 86.2 87.8

E. Ablation Study on KG Construction

We further investigate how different KG construction strate-
gies affect downstream QA performance. Specifically, we
compare the precision-oriented K G,. (LLM-based relation
extraction) with the scale-oriented K G5 (LLM-based gen-
erative construction).As shown in Table IV, MedLTRAG with
KG@G,. consistently outperforms its K G,,,s counterpart. Al-
though K G,y contains more entities and triples, its increased
noise negatively impacts retrieval quality and reasoning effec-
tiveness. These results highlight that, for long-tail medical QA,
knowledge precision is more valuable than sheer graph size,
and careful KG curation is essential.

TABLE IV
ABLATION STUDY RESULTS WITH K Gre AND KGeons-
Method QAlepmsy QAmeasles QATB
GPT-5.1 80.0 81.9 81.9
MedLTRAG w/ K Gcons 79.7 80.5 80.3
MedLTRAG w/ K Ghe 85.5 86.2 87.8

F. Hyperparameter Analysis

We analyze the sensitivity of MedLTRAG to key hyperpa-
rameters, including the beam width N and the Top-K candidate
size. Fig. 3 reports results for K € {5,10,15,20} and N €
{4,6,8,10}. The results indicate that the performance initially

improves as these parameters increase, but declines beyond
a certain threshold due to the introduction of redundant and
noisy subgraphs. This trade-off further motivates the design of
the multi-stage reranking mechanism, which balances retrieval
diversity and precision during inference.
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Fig. 3. Hyperparameter Analysis. (a) Effect of Top-K candidates on
accuracy (K). (b) Effect of search beam width on accuracy (N).

G. Case Study

We present qualitative case studies in Fig. 4 and Fig. 5
to illustrate how MedLTRAG integrates structured knowl-
edge into the reasoning process. In representative examples,
MedLTRAG retrieves compact, question-relevant subgraphs
that explicitly encode disease—symptom—treatment relations,
enabling the LLM to arrive at correct answers that are dif-
ficult to obtain through unstructured retrieval alone. These
examples qualitatively demonstrate how MedLTRAG grounds
LLM reasoning in structured medical knowledge, reducing
hallucinations and improving interpretability.

Question
 Q: An adult with newly diagnosed tuberculosis is most likely to have which of the following types of lesions? __. ]
i A). A single lesion in a lung apex 1
! B). Assingle lesion in the gastrointestinal tract {
I C). Asingle lesion subjacent to the pleura 1
|\ D). Both a lesion subjacent to the pleura in the lower pa of an upper lobe and active disease in the mediastinal lymph nodes ,,'

Retrieved
candidate
triplets

Primary TB->progresses_to->TB disease,
Primary TB->differs_fi post-prit y TB, t-pi
Primary TB->located_in->lower or middle lung zones

MTB->produces->primary TB
P imary TB->located_in->lung apex,

Answer A v

Fig. 4. An Example for the Case Study. MedLTRAG retrieves question-
relevant subgraphs from the knowledge graph to guide the reasoning process,
thereby enabling the large language model to produce the correct answer.
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() Partial examples of triples related to leprosy. (b) An example ofa knowledge graph constructed from these triples.

Fig. 5. An illustrative example of knowledge extraction and visualization.



H. Experiment Results with GPT-5.2

To evaluate robustness and generalizability, we further apply
MedLTRAG to GPT-5.2, a stronger and more recent LLM. As
shown in Table V, MedLTRAG continues to yield consistent
performance improvements over the vanilla GPT-5.2 model.
This result suggests that MedLTRAG is model-agnostic and
complements advances in foundation models, making it well
suited for future LLM generations.

TABLE V
PERFORMANCE ON GPT-5.2
Method QAleprosy QAmeasles QATB
Vanilla GPT-5.2 81.4 79.5 84.0
MedLTRAG + GPT-5.2 86.4 86.9 89.7

V. CONCLUSION

We propose MedLTRAG, a framework integrating offline
KG construction with online retrieval via fine-grained entity
sampling and a three-stage beam search reranking strategy.
Benchmarks demonstrate the effectiveness of this approach in
enhancing medical QA reasoning.
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