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Abstract

We present a systematic analysis of module-
level design choices in GraphRAG, a
retrieval-augmented generation framework
that integrates structured knowledge graphs
into question answering. Focusing on triple
extraction, community clustering, and report
generation, we evaluate multiple strategies
across two knowledge-intensive benchmarks.
Our results show that high-quality triple
extraction is critical, as the accuracy and
coverage of the resulting knowledge graph
can become a bottleneck for downstream
reasoning. We also find that the granularity of
fundamental knowledge units, as determined
by community clustering, has a significant im-
pact on downstream performance: Achieving
a balance between factual detail and topical
coherence within each unit is important to
enable precise and comprehensive retrieval
and to facilitate effective multi-hop reasoning.
In addition, simple template-based reporting
outperforms LLM-based summarization in
both accuracy and efficiency. These findings
provide practical guidance for the structure-
aware design of retrieval-augmented systems.

Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across a wide range
of natural language processing tasks (Brown et al.,
2020; Kojima et al., 2022; Liu et al., 2023). How-
ever, they suffer from inherent limitations in their
internalized knowledge, particularly in domains
that are highly specialized or rapidly evolving
(Dhingra et al., 2022; Luu et al., 2022; Kasai
et al.,, 2023). Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020; Izacard et al., 2023;
Zhao et al., 2024) enhances LLMs by providing
access to external documents at inference time, al-
lowing the model to generate responses grounded
in up-to-date knowledge.
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Recently, GraphRAG (Edge et al., 2024; Wen
et al., 2024; Chang and Zhang, 2024; Li et al.,
2025; Han et al.,, 2025a,b) has emerged as
a promising variant that incorporates knowl-
edge graphs, constructed from source documents
via triple extraction, to generate grounded an-
swers. These graphs organize scattered facts into
structured knowledge in the form of (sub-
ject, relation, object) triples, which
capture high-level semantics and make it easier
to find relevant information and draw connections
between them.

Despite its conceptual appeal, the internal de-
sign space of GraphRAG remains under-explored.
While prior work (Edge et al., 2024) has
demonstrated its utility in tasks such as corpus
summarization, its applicability to tasks requiring
factual specificity and multi-hop reasoning has not
been fully examined. In particular, it is unclear
which components of GraphRAG are essential
and how their design affects overall performance.

To address this gap, we analyze GraphRAG in
a modular manner, examining how different de-
sign settings influence its performance on factoid
question answering in knowledge-intensive tasks.
Rather than asking simply whether graph-based
retrieval improves QA, we aim to understand
when it helps and which components are essential
to its effectiveness. Specifically, we investigate
the following questions: (1) How much does
the quality of triple extraction influence down-
stream QA accuracy? (2) What is the optimal
granularity for partitioning a knowledge graph
into meaningful units? (3) Is it necessary to
use large language models for report genera-
tion, or can simpler alternatives suffice? To this
end, we systematically vary the implementation
of each core module in the GraphRAG pipeline,
namely, triple extraction, community clustering,
and report generation, and evaluate their impact
on QA performance. Experiments are conducted
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on two benchmarks, CDR-QA and DocRED-QA,
constructed from biomedical and encyclopedic
corpora, respectively.

Our experiments show that the effectiveness
of GraphRAG depends not only on the use of a
knowledge graph, but also on how the graph is
constructed, partitioned, and verbalized. (1) The
quality of extracted triples is critical: fine-tuned
small language models yield cleaner and more
precise triples than LLMs with in-context prompt-
ing, leading to more reliable QA performance. (2)
The granularity of fundamental knowledge units,
which are determined by community clustering,
strongly affects the GraphRAG effectiveness: seg-
menting the graph into moderately fine-grained,
topically coherent communities enables both pre-
cise and comprehensive retrieval of relevant facts
and facilitates effective multi-hop reasoning. (3)
For report generation, template-based methods
outperform LLM-based counterpart by ensuring
complete factual coverage, avoiding omissions
or hallucinations, and offering much higher effi-
ciency. To facilitate further research, we release
our implementation and two QA benchmarks. !

2 Related Work

GraphRAG: Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020; Izacard et al., 2023;
Zhao et al., 2024; Gao et al., 2024) faces chal-
lenges such as sensitivity to noisy retrievals
(Cuconasu et al., 2024; Yang et al., 2024b;
Soudani et al., 2024; Chen et al., 2024a; Wang
et al., 2025a), imcomplete retrievals (Leto et al.,
2024), and limited reasoning over retrieved con-
texts (Yang et al., 2024b; Chen et al., 2024a; Kim
et al., 2025). GraphRAG mitigates these issues by
leveraging knowledge graphs (Edge et al., 2024;
Wen et al., 2024; Chang and Zhang, 2024; Li
etal., 2025; Han et al., 2025a,b). While prior work
shows its effectiveness, most studies focus on spe-
cific components or domains, e.g., graph-based
retrieval (Huang et al., 2023; Xu et al., 2025; Zhu
et al., 2025), graph-based reasoning (Jin et al.,
2024; Han et al., 2025c), recommendation (Wang
et al., 2025b), or biomedical applications (Wu
etal., 2024). This work fills the gap by conducting
a modular analysis of GraphRAG, examining how

"https://github.com/norikinishida
/kapipe.
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knowledge graph quality, graph partitioning gran-
ularity, and verbalization methods affect factoid
QA performance.

Triple Extraction: Triple extraction, compris-
ing named entity recognition (Yu et al., 2020),
entity disambiguation (Wu et al., 2020), and re-
lation extraction (Zhou et al., 2020), has been
widely studied with a focus on accuracy or model
architecture (Ye et al., 2022; Zhong et al., 2023).
Recent work often adopts LLM-based extrac-
tion, using few-shot prompting to derive triples
from raw text (Wadhwa et al., 2023; Ozyurt
et al.,, 2024; Bhattarai et al., 2024). We aim
to shift focus from extraction accuracy alone to
its downstream impact on factoid QA. We com-
pare extractors with different precision-coverage
trade-offs and analyze their effects on GraphRAG
in knowledge-intensive QA.

Community Clustering: GraphRAG systems
typically adopt two main strategies for detect-
ing communities (subgraphs) within knowledge
graphs. The first extracts entities from the user
query, links them to concept nodes, and tra-
verses the corresponding subgraphs (Feng et al.,
2020; Xia et al., 2025). This method works well
when extraction and linking are accurate and the
knowledge graph is complete, but degrades when
extraction fails, a suitable linker is unavailable, or
the graph is incomplete (Huang et al., 2023; Xu
et al., 2025). The second strategy detects commu-
nities in advance using algorithms (Traag et al.,
2019; Chang and Zhang, 2024; Yu et al., 2023;
Li et al., 2024), thereby avoiding reliance on
linking. However, prior work in Document-RAG
(Chen et al., 2024b; Sarthi et al., 2024; Zhong
et al., 2025) shows that community granularity
significantly affects response quality, and naive
partitioning can be suboptimal. Building on these
insights, we focus on the latter strategy and evalu-
ate how different graph partitioning and subgraph
extraction methods influence QA performance,
identifying granularity levels that best support
accurate answering.

Report Generation: The task of verbalizing
knowledge graphs, or converting structured graph
data into natural language, has long been studied
as graph-to-text generation (Ke et al., 2021; Zhao
etal., 2023), predating the rise of LLMs. There are
two main strategies. The first is template-based
generation, which uses predefined patterns to
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Figure 1: Overview of our GraphRAG pipeline. The study focuses on module-level variations in triple extraction,

community clustering, and report generation.

transform triples into text (Huang et al., 2023;
Yu et al., 2023; Li et al., 2024), The second
strategy uses pretrained language models (Edge
et al., 2024; Yuan and Faerber, 2023), which gen-
erate text from graph structures but often struggle
to capture graph topology (Chang and Zhang,
2024) and require substantial computational and
financial resources. In this work, we evaluate
how LLM-based and template-based verbalization
strategies impact downstream QA performance,
aiming to clarify their effect on overall GraphRAG
effectiveness.

3 Methods

3.1 GraphRAG Framework

GraphRAG is a retrieval-augmented generation
framework that constructs structured knowledge
from source documents and leverages it to an-
swer user queries. Our implementation follows a
seven-stage pipeline, outlined in Figure 1. The
pipeline is conceptually divided into two phases:
(1) Offline knowledge indexing (Stages 1-5), where
documents are transformed into a knowledge
graph, then partitioned, verbalized, chunked, and
indexed to support efficient retrieval; (ii) Online
question answering (Stages 6—7), where relevant
chunks are retrieved and used to generate answers.

The overall process is as follows: (1) Triple
Extraction extracts (subject, relation,
object) triples from raw text. This step defines
the semantic backbone of the knowledge graph.
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A relation refers to a semantic connection be-
tween entities, categorized in a knowledge base
(e.g., located_in). (2) Graph Construction
builds a directed knowledge graph by merging en-
tity mentions that share the same knowledge base
concept ID (e.g., MeSH term,”> DBpedia label
(Bizer et al., 2009)%). (3) Community Cluster-
ing partitions the graph into semantically coherent
subgraphs (communities), each of which serves as
a fundamental unit of knowledge. The choice of
clustering strategy determines the granularity (i.e.,
the size and specificity of each unit) and cohesion
of these units. (4) Report Generation converts
each community into a natural language report
(or summary), making structured knowledge ac-
cessible to language models. (5) Chunking splits
each community report into non-overlapping text
chunks, capped at 100 tokens, and prepends the
community title to preserve context. These chunks
are then indexed to support dense retrieval. (6)
Retrieval selects top-k relevant chunks using a
pre-trained dense retriever, which scores similar-
ity between queries and candidate chunks via inner
product. (7) Question Answering uses GPT-40
(OpenAl, 2024) to generate an answer based on
the retrieved chunks and the user query.
Although all stages contribute to the overall
system, we focus our empirical analysis on the
three core modules: triple extraction, community
clustering, and report generation, as they directly

’https://www.nlm.nih.gov/mesh/meshhome
.html.
Jhttps://www.dbpedia.org/.
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Figure 2: Variants of core modules in the GraphRAG
pipeline. Each block illustrates alternative strategies
for a key module: Triple Extraction, Community
Clustering, and Report Generation.

shape how knowledge is extracted, organized, and
represented for retrieval and question answering.
Other components are held constant across con-
figurations to isolate the effects of these design
choices. We now detail the alternative strategies
evaluated for each core module.

3.2 Triple Extraction Strategies

The triple extraction process consists of three
subtasks. First, Named Entity Recognition (NER)
identifies entity mentions in text and assigns pre-
defined types such as Chemical, Disease, or
Person to them. Second, Entity Disambiguation
(ED) links each mention to a canonical concept in
an external knowledge base (e.g., MeSH or DB-
pedia), merging mentions that refer to the same
concept ID. In practice, ED itself involves two
steps: (i) retrieving candidate concepts for each
mention, and (ii) reranking these candidates to
select the best match. Finally, Document-level
Relation Extraction (DocRE) identifies semantic
relationships between entity pairs that co-occur
within a document.

To assess how extraction quality affects
downstream QA performance, we compare two
strategies for this pipeline, as illustrated in
Figure 2(a). These differ in their degree of schema
control and reliance on supervised training data.

SLM-SFT Triple Extraction: The first strat-
egy uses a pipeline of smaller language models
(SLMs), each fine-tuned for a specific subtask via
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supervised fine-tuning (SFT). For NER, we use
Biaffine-NER (Yu et al., 2020) to identify entity
mentions and assign predefined types. ED is per-
formed using BLINK (Wu et al., 2020), which
adopts a two-stage architecture: a Bi-Encoder for
retrieving candidate concepts from the knowledge
base, followed by a Cross-Encoder for reranking
these candidates to select the most appropriate
concept for each mention. DocRE is handled by
ATLOP (Zhou et al., 2020), trained to predict re-
lations between entity pairs. All components are
trained on gold-annotated datasets such as CDR
(Li et al., 2016) and Linked-DocRED (Genest
et al., 2023). This strategy yields high-precision
triples that conform to a fixed schema defined
by the underlying dataset. However, its coverage
is inherently constrained by the predefined entity
and relation types available in the training.

LLM-ICL Triple Extraction: In the second
strategy, a large language model (LLM) is applied
to multiple subtasks. It performs NER and DocRE
through in-context learning (ICL) (Wadhwa et al.,
2023; Ozyurt et al., 2024; Bhattarai et al., 2024),
and also contributes to ED by reranking candidate
concepts. Candidate retrieval for ED is still per-
formed by the BLINK Bi-Encoder, as the number
of concepts in large knowledge bases (e.g., MeSH,
DBpedia) is prohibitively large and cannot be rea-
sonably included in the LLM prompt. We provide
few-shot demonstrations to prompt the model to
(i) extract entity mentions and assign types, (ii)
rerank candidate concepts for each mention, and
(iii) identify relations directly from raw text (see
Figures 6, 7, and 8 in Appendix A for the prompt
templates). This strategy allows for schema flex-
ibility, enabling the model to produce entity and
relation types beyond those defined in the training
schema. As a result, it has the potential to discover
long-tail relations that may be missed by super-
vised fine-tuning models. However, as the model
is not supervised and operates without schema
constraints, the outputs are often noisy, including
hallucinated relation types. Rather than filtering
these outputs, we retain them in the graph.

3.3 Community Clustering Strategies

To examine how community granularity influ-
ences retrieval and QA performance, we compare
three clustering strategies that vary in structural
assumptions and level of detail. As shown in
Figure 2(b), these methods range from broad,



topic-based groupings to fine-grained, triple-level
partitions. Evaluating them within the same
GraphRAG framework allows us to assess which
granularity is most effective for factoid QA.

Hierarchical Leiden: Hierarchical Leiden re-
cursively applies the Leiden algorithm (Traag
et al., 2019) to partition the knowledge graph into
communities. At each level, it optimizes modu-
larity based on node connectivity and attempts to
further subdivide any community that exceeds a
predefined size threshold. Subdivision continues
until no additional splits are accepted by the algo-
rithm or all resulting communities satisfy the size
constraint. Even the smallest communities tend to
be coarser-grained than those produced by more
localized strategies, such as Neighborhood Ag-
gregation or Triple-Level Factorization. Despite
this, Hierarchical Leiden provides global cover-
age and a hierarchy-aware decomposition, and has
been adopted in prior work (Edge et al., 2024),
making it a strong structural baseline for graph
partitioning. In our experiments, we fixed the
hyperparameters rather than tuning them: specifi-
cally, the threshold was set to 10 across all datasets
to isolate the effect of community granularity.

Neighborhood Aggregation: Neighborhood
Aggregation forms communities by grouping each
node with its immediate in- and out-neighbors,
producing fine-grained and highly localized
subgraphs. These clusters preserve entity-centric
semantics and reflect the immediate relational
context of each entity, in contrast to the
coarser-grained communities produced by Hi-
erarchical Leiden. This strategy has no tunable
hyperparameters: the neighborhood size is fixed
to one hop and applied deterministically for
every node.

Triple-Level Factorization: Triple-Level Fac-
torization takes an edge-centric approach, assign-
ing each individual (subject, relation,
object) triple to its own atomic community.
This design yields maximally fine-grained knowl-
edge units, each representing a single atomic
fact, and eliminates intra-community noise. How-
ever, the lack of surrounding context makes it
challenging to support multi-hop reasoning in
cases that require integrating multiple related
facts. This strategy is parameter-free by design,
as each triple deterministically forms its own
atomic community.
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3.4 Report Generation Strategies

Each community (i.e., subgraph) is converted into
a natural language report, which serves as the
interface between structured knowledge and the
language model. We compare two strategies for
report generation: prompting an LLLM to produce
structured summaries, and using templates to gen-
erate fixed-format text (Figure 2(c)). The former
offers fluent, adaptive descriptions, while the latter
ensures efficiency and full factual coverage. We
evaluate how these choices affect answer accuracy
and scalability in GraphRAG.

LLM-Based Report Generation: In this strat-
egy, a large language model is prompted to
generate a report for each community. First, the
LLM takes as input the community’s entities,
the relationships between them, and, if available,
the reports of its child communities, and produces
a JSON-style object using the prompt template
shown in Figure 9 (Appendix A). This object
contains a title describing the community, a sum-
mary of its content, and a list of several findings.
The JSON-style object is then converted into a
plain-text report based on a deterministic template
(see Figure 10 in Appendix A). Specifically, the
title appears as the report heading, followed by the
summary as an introductory paragraph, and then
the findings are listed sequentially.

Template-Based Report Generation: This
strategy provides a lightweight alternative to
LLM-based report generation by constructing
each report deterministically from the graph
structure. For each community, we identify its
most central entities (top three by degree) to
form the report title. The body text is then
generated using a fixed template that enumerates
all entities in the format ‘‘{name} | {type}
| {definition},”” where entity names,
types, and definitions are derived from external
dictionaries such as MeSH or DBpedia, followed
by a list of all relations in the form ‘‘{head}
| {relation} | {tail}.”” The template
used to render these components into a plain-text
report is shown in Figure 11 in Appendix A. This
deterministic formatting guarantees full coverage
of the community content and efficiency,
at the cost of reduced fluency compared to
LLM-based generation.



Dataset Question Type

Question-Answer Pair

Question: What chemical compounds induce Defects, Intraventricular Septal?

Neighborhood
cighborioo Answer: Sulfasalazine; Aspirin; flumioxazin
Question: What diseases are commonly induced by both Oral Contraceptives
CDR-QA Intersection and Unfractionated Heparin?
Answer: Venous Thromboembolism; Venous Thrombosis
. Question: What chemical compounds induce the diseases that are also induced
Multi-hop .
by Clonazepam?
Answer: Amiodarone; Alprazolan; Ammonia; . . .
. Question: On which platform was Shadowrun Returns released?
Neighborhood Answer: Microsoft Windows; Linux
—— - - 5
DocRED-QA  Intersection Question: thch Sports team'do both Pavy Jones (baseball) and Bo McLaughlin play for:
Answer: Chicago Cubs; Baltimore Orioles
Multi-hop Question: What did the person who has Emily Bronté as a sibling write!

Answer: Villete (novel); Jane Eyre

Table 1: Examples of the three question types in CDR-QA and DocRED-QA. Each question expects a set
of entity-level answers. Underlines indicate entities instantiated into the question template placeholders.

3.5 Chunking, Retrieval, and QA

Each community report, once generated, is treated
as a standalone document and segmented into
fixed-length chunks. These chunks are stored in
the vector database and serve as candidates dur-
ing query-time retrieval. At inference time, the
retriever selects the top-k relevant chunks. Then,
the top-k chunks are concatenated with the query
and provided to the LLM for answer generation.
We did not apply any fine-tuning to the LLM.
The prompt template used for answer generation
is shown in Figure 12 in Appendix A.

4 Experimental Setup

4.1 Datasets

Most existing QA datasets offer only independent
QA pairs, or at best link questions to a single
document or an existing knowledge graph. In con-
trast, few datasets provide a complete package that
combines documents, manually annotated triples,
a multi-document knowledge graph constructed
from them, and reasoning-based questions with
multiple correct answers.

Thus, we introduce two new QA datasets,
CDR-QA and DocRED-QA, to enable a sys-
tematic analysis of GraphRAG’s performance.
CDR-QA and DocRED-QA were constructed
based on biomedical (CDR (Li et al.,, 2016))
and encyclopedic (Linked-DocRED (Genest et al.,
2023)) corpora with manual annotations. They
pair multiple documents with gold triples and
reasoning-oriented questions that are fully an-
swerable on the constructed knowledge graphs,
often requiring multi-hop reasoning and admitting
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multiple correct answers. Each question is anno-
tated with a ground-truth answer set, represented
as canonical concept IDs accompanied by mul-
tiple surface-form synonyms, and the answer set
always contains at least two elements. This design
supports both (i) evaluating the effect of automatic
triple extraction, and (ii) conducting controlled ex-
periments under an ‘‘ideal extraction’’ condition,
where gold triples are provided so that subsequent
modules can be assessed independently.

Knowledge Graph Construction: We now de-
tail the construction procedures for CDR-QA
and DocRED-QA. First, for each QA dataset,
we constructed a directed knowledge graph from
manually annotated triples provided in existing
corpora. For CDR-QA, we used the CDR corpus
(Li et al., 2016), which contains 1,500 PubMed
abstracts annotated with chemical and disease
mentions linked to MeSH terms, along with causal
relations (Chemical-Induce-Disease) be-
tween entities. For DocRED-QA, we used the
Linked-DocRED corpus (Genest et al., 2023),
which includes 4,051 Wikipedia articles anno-
tated with named entities linked to DBpedia and
inter-entity relations such as located_in.

Question Generation: Then, from each knowl-
edge graph, we generate three types of factoid
questions designed to probe different reason-
ing patterns: neighborhood, intersection, and
multi-hop. These question types vary in the num-
ber and structure of graph traversals required to
reach the answer: (1) Neighborhood Questions
ask for all entities directly connected to a given



# Answers
Dataset Type #Cases Tot. Avg. Max.
Neighborhood 128 798  6.23 60
CDR-QA Intersection 128 310 2.42 6
Multi-Hop 128 5089 39.76 191
Neighborhood 128 412 3.22 18
DocRED-QA  Intersection 128 304 2.38 7
Multi-Hop 128 8,441 6595 2,264

Table 2: Statistics of question types and answer
counts in CDR-QA and DocRED-QA (min. = 2
in all cases).

node via a specific relation. For example, given a
chemical and the CHEMICAL-INDUCE-DISEASE rela-
tion, the question asks which diseases are induced
by that chemical. These questions test the sys-
tem’s ability to retrieve facts through single-hop
relations. (2) Intersection Questions ask for en-
tities that are connected to two different nodes
via the same relation. For example, a question
might ask which diseases are induced by both
Drug A and Drug B. These questions test the
model’s ability to identify overlapping facts un-
der a shared relational constraint. (3) Multi-Hop
Questions ask for entities that are connected to
the source entity through a chain of two relations.
For example, given a chemical, the question might
ask which other chemicals are connected via an
intermediate disease (e.g., chemical — disease —
chemical). These questions evaluate the model’s
ability to perform compositional reasoning and
traverse multiple relational steps. For each ques-
tion type, we generate 128 question—answer pairs
per dataset using predefined templates (Yanget al.,
2018; Sciavolino et al., 2021; Mallen et al., 2023).
We show question-answer examples in Table 1.

Statistics: Table 2 shows the statistics of
CDR-QA and DocRED-QA. Both datasets in-
clude three types of reasoning-oriented questions:
Neighborhood, Intersection, and Multi-Hop. In
CDR-QA, Neighborhood and Intersection ques-
tions yield relatively small answer sets (average
6.23 and 2.42, respectively), while Multi-Hop
questions produce substantially larger answer
spaces (average 39.76 answers, with a maximum
of 191). This distribution indicates that even rel-
atively short reasoning chains in the biomedical
knowledge graph can lead to a large number of
possible answers, which makes multi-hop rea-
soning particularly challenging. In DocRED-QA,
a similar pattern emerges on a larger scale.
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Multi-Hop questions yield much larger answer
sets, with an average of 65.95 answers and ex-
treme cases exceeding 2K entities. This reflects the
dense relational structure of the Linked-DocRED
dataset, which is constructed from encyclope-
dic documents. By contrast, Neighborhood and
Intersection questions remain more constrained
(average 3.22 and 2.38 answers, respectively).

Triple Extraction Datasets: We used anno-
tated corpora to support supervised training and
in-context prompting for the triple extraction mod-
ules, including named entity recognition (NER),
entity disambiguation (ED), and document-level
relation extraction (DocRE). For CDR-QA, we
used the CDR dataset, which provides 500 train-
ing examples. For DocRED-QA, we used the
training split of Linked-DocRED. For LLM-based
extraction, we sampled the 3 most densely anno-
tated examples from each training set as few-shot
examples.

4.2 Evaluation Metrics

We evaluate QA performance using a recall-based
metric that measures how completely a model re-
covers the correct answer entities. Let Gy be the
set of gold-standard entities for question ¢, and let
a4 be the model-generated response. Each gold en-
tity is associated with a set of known surface-form
synonyms, and is considered correctly predicted
if any of its synonyms appears as a substring

in a4. Formally, Answer Recall is defined as
>~ NumCoverep(aq,Gq)

2q1Gql
returns the number of gold entities in G, that are

covered by the model’s answer a,.*

In addition to Answer Recall, we measure
how completely the retrieval stage recovers the
necessary supporting triples within the top-% re-

sults. Formally, Evidence Recall @k is defined as

>, {teTyteUkY|
> g 1Tyl

the set of gold support triples required to answer

q, R’; is the set of top-k retrieved chunks, and Ué“

is the union of triples contained in those chunks:

, where NUMCOVERED(ay, Gg)

, where ¢ denotes a question, Tj, is

“While recall can be directly measured against the gold
annotations, a precision-based metric cannot be meaningfully
defined in our setting. This is because plausible entities
absent from the knowledge graph (or annotations in CDR or
Linked-DocRED) would be counted as false positives, even
though they may in fact be correct. For this reason, we report
recall as the primary metric, which emphasizes coverage
of gold-standard entities without penalizing plausible extra
outputs.



U(f =U.e RE Triples(c). In practice, Triples(c) is
obtained by mapping aretrieved chunk cback to its
source report and collecting the triples associated
with that report,’

4.3 Default Configuration

Unless otherwise specified, all experiments fol-
lows a default configuration of GraphRAG (Edge
et al., 2024) in which only the core modules are
varied, while all other components are held con-
stant. By default, triple extraction uses manually
annotated triples to provide an upper-bound input
for downstream modules. Community clustering
is performed using the Hierarchical Leiden, and
report generation uses an LLM-based strategy.
Chunking is applied by splitting each report into
non-overlapping spans of up to 100 tokens, with
the corresponding community title prepended. Re-
trieval is conducted using Contriever (Izacard
et al., 2021), which ranks chunks by inner prod-
uct similarity and selects the top 10 chunks per
question. Answer generation is performed us-
ing GPT-40 (OpenAl, 2024), conditioned on the
retrieved chunks.

5 Results and Discussion

5.1 How Much Do GraphRAG Design
Choices Matter?

We begin by asking whether different design
configurations of GraphRAG lead to significant
differences in QA performance. We compare
the following systems: (1) Direct LLM, where
the LLM generates an answer without any
retrieved context; (2) Document-RAG, which re-
trieves passage chunks from source documents;
(3) GraphRAG (default), which uses knowledge
graphs constructed from the same sources and
mainly follows common design choices in prior
work (Edge et al., 2024); and (4) GraphRAG
(best), which employs the best-performing config-
uration identified through module-level analysis
(see subsequent sections). In all cases, the final
answer is generated by GPT-40 conditioned on
the selected context.

5As a result, there is no guarantee that the chunk itself
explicitly describes those triples, particularly for LLM-based
report generation, where not all community triples are faith-
fully expressed, and for chunking, where the alignment
between chunks and triples is imprecise. Evidence Recall @k
should therefore be interpreted as an approximate upper
bound on retrieval quality.
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Figure 3: Answer Recall for four system configura-
tions on CDR-QA (top) and DocRED-QA (bottom).
GraphRAG achieves substantially higher performance
when all modules are carefully configured, highlighting
the importance of design choices across benchmarks.

As shown in Figure 3, GraphRAG in its
default configuration slightly underperformed
Document-RAG, consistent with prior findings
(Edge et al, 2024) that graph-based RAG
often falls short on factoid queries. This sug-
gests that without careful design, structured
knowledge integration alone does not guaran-
tee improved QA performance. More notably,
the best-performing GraphRAG configuration,
which combines SLM-SFT Triple Extractor,
Neighborhood Aggregation, and Template-based
Report Generator, yielded substantial further
improvements, achieving 56.7% Answer Re-
call on CDR-QA and 26.7% on DocRED-QA.
These results indicate that the effectiveness of
GraphRAG hinges not only on the use of
a knowledge graph, but also on how that
graph is constructed, clustered, and verbalized.
Carefully chosen module configurations signif-
icantly enhance the utility of graph-structured
knowledge and directly impact the quality of
downstream answers.

5.2 How Much Does Triple Extraction
Quality Affect Performance?

Triple extraction forms the foundation of the
knowledge graph, yet its quality can vary
substantially depending on the extraction strategy.
We compare three configurations: (1) Man-
ual, which uses gold-standard triples from CDR
and Linked-DocRED; (2) SLM-SFT, which uses
task-specific smaller language models fine-tuned
on those annotations; and (3) LLM-ICL, which



NER ED DocRE

Dataset Triple Extraction Ans. Recall Ev. Recall@10
P R F1 Acc. P R F1
Manual 11.7 26.3 100.0 100.0 100.0 100.0 100.0 100.0 100.0
CDR-QA SLM-SFT 7.7 14.5 877 8.1 884 90.7 66.0 702 68.0
LLM-ICL 4.8 8.4 60.6 80.8 693 895 382 902 537
Manual 18.3 45.1 100.0 100.0 100.0 100.0 100.0 100.0 100.0
DocRED-QA SLM-SFT 18.2 33.0 882 880 88.1 855 665 589 625
LLM-ICL 14.5 5.6 70.7 76.1 733 875 10.8 187 13.7

Table 3: Comparison of triple extraction strategies on CDR-QA and DocRED-QA (averaged over
the three question types), and performance on NER, ED, and DocRE on the CDR test set and the
Linked-DocRED development set. Each score is reported with precision (P), recall (R), F1, and In-KB
normalized accuracy (Wu et al., 2020).

. . Answer Recall Evidence Recall@10 Community Statistics
Community Clustering
Manual SLM-SFT LLM-ICL Manual SLM-SFT LLM-ICL #Comm. Avg. Size
CDR-QA
Hierarchical Leiden 11.7 7.7 4.8 26.3 14.5 8.4 330 9.6
Neighborhood Aggregation  33.5 23.6 16.9 58.8 42.9 37.2 1,263 4.9
Triple-Level Factorization 24.7 17.5 11.0 27.2 17.8 9.7 2,435 2.0
DocRED-QA
Hierarchical Leiden 18.3 18.2 14.5 45.1 33.0 5.6 3,099 13.7
Neighborhood Aggregation  26.5 25.1 19.7 74.3 56.4 104 17,859 3.7
Triple-Level Factorization 22.4 20.4 19.7 54.8 39.9 7.7 29,205 2.0

Table 4: Comparison of community clustering strategies on CDR-QA and DocRED-QA (averaged over
the three question types). Columns under ‘‘Answer Recall’’ and ‘‘Evidence Recall@10’’ correspond to
triple extraction methods used to construct the input graph. We also report community statistics (number
of communities and their average size) for the manually constructed graph.

uses in-context learning with GPT-40-mini to per-  (common in LLM-ICL) can undermine both an-
form triple extraction without additional training. ~ swer and evidence recall, while precise extraction
Other modules are fixed to their default settings  substantially improves downstream QA. Results of
(Hierarchical Leiden for community clustering, the error analysis of the LLM-ICL strategy are
LLM-based report generation). also provided in Appendix B.1.

As shown in Table 3, manually annotated
triples unsurprisingly achieved the best results,
establishing an upper bound. Among automatic
methods, SLM-SFT consistently outperformed To evaluate how the granularity of knowledge
LLM-ICL, with gains of +2.9 Answer Recall graph partitioning affects QA performance, we
and +6.1 Evidence Recall@10 on CDR-QA, compare three clustering strategies: (1) Hierarchi-
and +3.7 Answer Recall and +27.4 Evidence cal Leiden, a global modularity-based method that
Recall@10 on DocRED-QA. This advantage is  produces coarse-grained clusters; (2) Neighbor-
largely explained by higher DocRE precision (66.0  hood Aggregation, a localized method that forms
vs. 38.2 on CDR, 66.5 vs. 10.8 on DocRED). communities from each node and its immediate
These results indicate that the quality of ex-  neighbors; and (3) Triple-Level Factorization, an
tracted triples critically determines Graph- edge-centric method that treats each triple as an
RAG performance. Even when the source corpus  independent community.
is identical, differences in knowledge graph qual- As shown in Table 4, Neighborhood Aggrega-
ity can lead to significant variation in GraphRAG’s  tion consistently outperformed both Hierarchical
final performance. Moreover, not only broad Leiden and Triple-Level Factorization, yielding
coverage but also precision in triple extrac- the highest Answer Recall and Evidence Re-
tion is important. Noisy or hallucinated relations  call@10 across datasets and extraction settings.

5.3 What Is the Optimal Granularity for
Community Clustering?
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Answer Recall

Evidence Recall@10

Dataset Report Generation Total Time [min.]
HL NA HL NA TF
CDR.QA LLM-based 117 335 247 263 588 272 46.129
Template-based ~ 24.4 567 28.6 411 704  32.0 0.005
LLM-based 183 265 224 451 743 548 590.905
DocRED-QA 1o blate-based 229 267 253 624 741 593 0.070

Table 5: Comparison of report generation strategies on CDR-QA and DocRED-QA (averaged over
the three question types). Columns under ‘‘Answer Recall’” and ‘‘Evidence Recall@10’’ correspond
to community clustering methods used to create the input communities: Hierarchical Leiden (HL),
Neighborhood Aggregation (NA), and Triple-Level Factorization (TF). We also report the total
processing time (in minutes) required to generate reports for all communities obtained by applying

Hierarchical Leiden to the manually annotated graph.

Hierarchical Leiden produced the fewest but
largest communities (e.g., 330 with an average
of 9.6 nodes on CDR-QA), while Triple-Level
Factorization produced the most numerous and
smallest ones (e.g., 2,435 communities with 2.0
nodes). Neighborhood Aggregation offered mod-
erate granularity (1,263 communities, 4.9 nodes).
These results highlight the importance of
choosing an appropriate level of granular-
ity when partitioning the knowledge graph,
which is roughly consistent with prior findings
on Document-RAG (Chen et al., 2024b). If the
communities are too coarse (as in Hierarchical
Leiden), they may help with multi-hop reason-
ing, but important facts can get lost in broad
and less focused contexts, making them harder to
retrieve accurately. On the other hand, if the com-
munities are too fine-grained (as in Triple-Level
Factorization), they keep individual facts clear,
but split related information into separate parts,
which makes it hard to gather enough context for
reasoning. Neighborhood Aggregation strikes a
balance: by preserving local semantic cohesion
while avoiding excessive breadth or fragmen-
tation, it improves the precision and recall of
retrieval and facilitates multi-hop reasoning. This
suggests that granularity is not a mere struc-
tural detail but a key design variable that directly
shapes how well structured knowledge can support
complex information needs. Results of the sensi-
tivity analysis on hyperparameters are presented
in Appendix B.2.

5.4 Does Template-Based Report Generation
Outperform LLMs?

Once the knowledge graph is partitioned into
communities, these must be transformed into a
textual report that serves as a retrieval unit. To
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evaluate how the report generation strategy affects
downstream QA, we compare two systems: (1)
LLM-based, which uses GPT-40-mini to generate
structured summaries (including a title, abstract,
and key findings) that are then converted into
natural language; and (2) Template-based, which
deterministically formats entities and triples in
each community using predefined templates.

As shown in Table 5, the Template-based gener-
ator achieved higher Answer Recall and Evidence
Recall @10 than the LLM-based alternative across
nearly all community clustering settings and
datasets, with only one exception. Template-based
generation also required substantially less process-
ing time (e.g., 0.005 minutes vs. 46.129 minutes).
These findings indicate that in fact-centric QA,
fully capturing key details is more impor-
tant than producing natural-sounding text.
LLM-based reports, despite their fluency, often
omitted important facts or introduced irrele-
vant or hallucinated content, which degraded
retrieval quality and answer accuracy. In con-
trast, the template-based approach ensured full
coverage of entities and relations in each com-
munity, providing consistent input for retrieval
and improving both Answer Recall and Evidence
Recall@10. In addition, Template-based genera-
tion offers a more efficient and scalable solution
for structured retrieval and factoid QA, as it
requires orders of magnitude less processing time
compared to LLLM-based generation. Results of
the analysis of LLM-based report generation
variations are shown in Appendix B.3.

5.5 Ablation Study

While the previous sections analyzed each mod-
ule of GraphRAG in isolation, we now turn to



TE CC RG CDR-QA  DocRED-QA
Manual NA Temp. 56.7 26.7

LLM  NA Temp. 28.0(-28.7) 21.1(-5.6)
Manual HL Temp. 24.4(-323) 22.9(-3.8)
Manual NA LLM 33.5(—-23.2) 26.5(-0.2)
LLM  HL LLM  48(-519) 145(—122)
Table 6: Ablation results on CDR-QA and

DocRED-QA (averaged over three question
types), showing Answer Recall (%) under differ-
ent module settings. Each configuration replaces
one module from the best-performing setup while
keeping others fixed. Parentheses indicate recall
drop relative to the best. Abbreviations: TE =
Triple Extraction; CC = Community Clustering;
RG = Report Generation; HL. = Hierarchical Lei-
den; NA = Neighborhood Aggregation; Temp. =
Template-based.

a more holistic question: Among triple extrac-
tion (TE), community clustering (CC), and report
generation (RG), which module contributes most
to overall QA performance? To answer this, we
perform a controlled ablation study. Starting from
the best-performing configuration, we vary one
module at a time by replacing it with its least
effective alternative, while holding the other two
fixed. This allows us to isolate the impact of each
module.

As shown in Table 6, replacing triple extrac-
tion or community clustering with their weakest
alternatives caused substantial drops in Answer
Recall on CDR-QA (—28.7 and —32.3, respec-
tively) and moderate drops on DocRED-QA (—5.6
and —3.8). Changing the report generation method
led to smaller decreases (—23.2 on CDR-QA and
—0.2 on DocRED-QA). These findings indicate
that all three modules contribute to GraphRAG’s
effectiveness, but high-quality triple extraction
and appropriate community granularity are
especially critical. Errors in either can com-
promise the structure and retrievability of the
knowledge graph, leading to significant losses in
QA performance.

5.6 Retrieval Scale Analysis

The effectiveness of retrieval-augmented QA
systems depends not only on the quality of
retrieved content, but also on how well the
system scales with increased retrieval depth.
In this section, we investigate how retrieval
scale, i.e., the number of retrieved chunks (k),
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Figure 4: Answer Recall on CDR-QA across different
retrieval sizes.

impacts the QA performance of two contrast-
ing approaches: Document-RAG, which retrieves
unstructured raw text, and GraphRAG, which
retrieves structured symbolic summaries. By vary-
ing k € {1,5,10, 15,20, 25, 30}, we analyze how
each system responds to additional context and
whether they benefit equally from larger retrieval
budgets. We report Answer Recall (%) as the eval-
uation metric. All results are based on CDR-QA
(similar trends were observed on DocRED-QA).
For GraphRAG, we use the best-performing con-
figuration identified in previous sections (manual
triple extraction, Neighborhood Aggregation, and
Template-based report generation).

As shown in Figure 4, GraphRAG shows
clear gains as k increases, with Answer Recall
peaking at k = 20, with a slight decline to
k = 30. Document-RAG, in contrast, exhibits
only marginal improvements across all question
types, with Multi-Hop performance remaining
nearly flat. These results highlight the benefit
of increasing the retrieval size in GraphRAG,
where structured knowledge allows for effective
accumulation of relevant evidence from multi-
ple communities or graph clusters. Performance
generally saturates around k£ = 25, with a minor
drop at k = 30, possibly due to redundancy or mild
information overload. In contrast, the limited gains
in Document-RAG suggest that simply retrieving
more unstructured text does not substantially im-
prove performance. Raw text chunks may lack
cohesion and contextual salience, making them
less useful for answering complex queries. This
highlights a key strength of GraphRAG: it encodes
relevant knowledge into compact, semanti-
cally coherent units that scale well with larger
retrieval budgets.
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Figure 5: Answer Recall of hybrid settings on CDR-QA
(averaged over the three question types).

5.7 Complementarity Analysis

While GraphRAG has been shown to outper-
form Document-RAG in isolation, it remains
unclear whether the two offer complementary in-
formation. We explore whether combining chunks
retrieved from symbolic graphs and raw docu-
ments improves QA performance beyond either
source alone. We compare four configurations:
(1) Document-RAG, retrieving k£ chunks from
unstructured documents; (2) GraphRAG, retriev-
ing k chunks from structured community reports;
(3) HybridRAG (Merge-Then-Retrieve), merg-
ing all chunks into one pool and retrieving the
top k£ based on Contriever similarity; (4) Hy-
bridRAG (Retrieve-Then-Merge), retrieving k/2
chunks from each source and concatenating them.
We fix k = 10 for all settings.

As shown in Figure 5, Document-RAG yields
substantially lower Answer Recall across all
question types. GraphRAG achieves the high-
est Answer Recall on Intersection and Multi-Hop
questions and performs well on Neighborhood
questions. HybridRAG (Merge-Then-Retrieve)
matches GraphRAG on average and slightly sur-
passes it for Neighborhood questions, while Hy-
bridRAG (Retrieve-Then-Merge) performs worst
overall. These results highlight several important
observations. First, GraphRAG consistently ex-
cels in complex reasoning settings, underscoring
the advantage of structured knowledge for inte-
grating dispersed evidence. Second, HybridRAG
(Merge-Then-Retrieve) demonstrates partial
complementarity: By incorporating raw docu-
ment chunks into the retrieval pool, it can capture
highly localized information that is sometimes un-
derrepresented in community summaries, leading
to improved performance on Neighborhood ques-
tions. However, the overall benefit of merging
sources remains marginal, as GraphRAG alone is
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Backbone LLM Ans. Recall Ev. Recall@10
GPT-40-mini 16.9 37.2
Qwen-2.5-7B-Instruct 13.8 384
Llama-3.1-8B-Instruct 18.9 38.4
Llama-3.1-70B-Instruct 21.1 41.3
GraphRAG (best) (w/o LLM) 56.7 70.4

Table 7: Comparison of backbone LLMs on
CDR-QA (averaged over the three question types).

competitive or superior for most question types.
Finally, HybridRAG (Retrieve-Then-Merge) con-
sistently underperforms, likely because splitting
the retrieval budget across sources reduces the
retriever’s ability to prioritize the most relevant
evidence.

5.8 Sensitivity to Backbone LL.Ms

In our main experiments, GPT-40-mini was used
for LLM-ICL triple extraction and LLM-based
report generation. We conducted additional ex-
periments by replacing these LLM-based modules
with open-source models: Qwen-2.5-7B-Instruct
(Yang et al, 2024a; Qwen-Team, 2024),
Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
and Llama-3.1-70B-Instruct. Table 7 reports
QA performance under these settings, where
the same LLM was used consistently for both
triple extraction and report generation. Neigh-
borhood Aggregation was used for community
clustering. Answer Recall was 16.9% with
GPT-40-mini, 13.8% with Qwen-2.5 (7B),
18.9% with Llama-3.1 (8B), and 21.1% with
Llama-3.1 (70B). Although proprietary models
often outperform open-source ones, this was not
always the case here: GPT-40-mini produced
triples of comparable or lower quality (e.g.,
53.7 vs. 58.7 F1 for Llama-3.1 70B), reducing
its overall performance. Importantly, this drop
does not alter our conclusions: even with
stronger backbones, LLM-ICL triple extraction
and LLM-based reporting remain weaker than
non-LLM configurations (GraphRAG (best) in
Table 7). Thus, backbone choice shifts absolute
scores but preserves the relative ranking of
GraphRAG strategies.

6 Conclusion

We presented a systematic analysis of
module-level design choices in GraphRAG
for factoid question answering. By evaluating



multiple strategies for triple extraction, com-
munity clustering, and report generation, we
identified how each component contributes to
overall performance. Our results show that
high-quality triple extraction is critical; the
granularity of fundamental knowledge units,
as determined by community clustering, has a
significant impact on downstream performance;
in addition, simple template-based reporting
outperforms LLM-based summarization in both
accuracy and efficiency. Our evaluation focused
on biomedical abstracts and encyclopedic articles.
Generalization to domains with different levels
of triple extraction difficulty, knowledge graph
definition, knowledge complexity, and retriever
availability remains an open question. Future
work will expand evaluation across diverse
domains to examine the broader applicability of
our findings.
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A Prompts

Figures 6,7, 8,9, and 12 show the prompts used for
NER, ED (reranking), DocRE, report generation,
and QA, respectively. Figures 10 and 11 show
the templates to generate plain-text community
reports.

B Complementary Results

B.1 LLM-ICL Triple Extraction Analysis

Figures 13, 14, 15, and 16 show the results of the
error analysis for the LLM-ICL triple extraction.

B.2 Community Clustering
Hyperparameter Analysis

Table 8 and Figure 17 show the results of the
hyperparameter-sensitivity analysis, varying the
maximum cluster size for Hierarchical Leiden
and the neighborhood size for Neighborhood
Aggregation, respectively.

B.3 LLM-Based Report Generation Analysis

Table 9 and Figure 18 show the results of the
analysis of LLM-based report generation varia-
tions, including the freeform design and different
number of findings per report.
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Community Statistics

Max. Cluster Size  Ans. Recall

#Comm. Avg. Size
5 25.1 515 7.2
10 24.4 330 9.6
15 26.0 225 12.2
20 25.8 163 15.4

Table 8: We investigated the sensitivity of the
maximum cluster size parameter (i.e., threshold) in
the Hierarchical Leiden strategy. For each setting,
we constructed communities and then evaluated
QA performance using the Answer Recall (%) on
CDR-QA (averaged over three questions). Man-
ually extracted triples and Template-based report
generation were used consistently across all set-
tings. The results indicate that the performance of
Hierarchical Leiden is not highly sensitive to the
choice of the maximum cluster size, as Answer
Recall varied only modestly across settings.

Report Type Answer Recall Evidence Recall@10
Structured 33.5 58.8

Freeform 31.3 56.5

Table 9: To assess the impact of report de-

sign, we evaluated a freeform variant in which
the LLM was instructed to produce plain text with
only ““TITLE”’ and ‘‘REPORT’’ sections, remov-
ing explicit structural constraints. These results
indicate that structured reports provide clearer
retrieval cues by explicitly separating salient
information, whereas freeform reports disperse
relevant content and introduce variability that re-
duces retrieval effectiveness. We therefore adopt
the structured setting as our default configuration.
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### Instruction

Given the text of a document, extract all entity mentions and classify them into one
of the *predefined entity types* specified below. Each entity mention must be exact
copies of their corresponding original text spans, without any modifications or
alternations. Provide the output in bullet-point format, with each line containing
the entity mention and its corresponding entity type, separated by a pipe (T |7)
symbol.

Predefined Entity Types:
- {entity_type_13}: {definition_1}
- {entity_type_2}: {definition_2}

Output Format:
- Entity Mention 1 | Entity Type of Entity Mention 1
- Entity Mention 2 | Entity Type of Entity Mention 2

### Examples

Example 1:

Text: {example_text_1}

Output:

- {example_mention_1_1} | {example_type_1_1}
- {example_mention_1_23} | {example_type_1_2}%}

Example 2:

Text: {example_text_2}

Output:

- {example_mention_2_13} | {example_type_2_1}

- {example_mention_2_2} | {example_type_2_2}

### Test Case

Now, extract entity mentions along with their predefined types for the following text.

Text: {input_document_text}

Provide the output in the bullet-point format specified above.

Figure 6: Prompt used for few-shot named entity recognition (NER) using an LLM. Curly braces {} indicate
variable substitution for entity types, examples, and test input.
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### Instruction

Given the text of a document, a list of entity mentions (extracted through Named
Entity Recognition), and candidate {knowledge_base_name_prompt} concepts, assign the
most appropriate Concept ID from the provided candidates to each entity mention based
on the context of the document. If none of the candidates is appropriate for a
mention, simply assign "NA" for it. Provide the output in bullet-point format, with
each line containing the entity mention and its corresponding concept ID, separated
by a pipe (T|°) symbol.

Output Format:
- Entity Mention 1 | Concept ID of Entity Mention 1
- Entity Mention 2 | Concept ID of Entity Mention 2

### Examples

Example 1:

Text: {example_text_1}

Mention 1: {example_mention_1}

Candidate Concept IDs for Mention 1:

- ID: {example_id_1_1} | Name: {example_name_1_1} | Description: {example_desc_1_1}
- ID: {example_id_1_23} | Name: {example_name_1_2} | Description: {example_desc_1_2}

Mention 2: {example_mention_2}

Candidate Concept IDs for Mention 2:

- ID: {example_id_2_1} | Name: {example_name_2_1} | Description: {example_desc_2_1}
- ID: {example_id_2_23} | Name: {example_name_2_2} | Description: {example_desc_2_2}
OQutput:

- {example_mention_1} | {gold_concept_id_1}

- {example_mention_2} | {gold_concept_id_2}

Example 2:

### Test Case

Now, assign the most appropriate Concept ID to each entity mention in the following
text.

Text: {input_document_text}

Mention 1: {input_mention_1}

Candidate Concept IDs for Mention 1:

- ID: {cand_id_1_1} | Name: {cand_name_1_1} | Description: {cand_desc_1_1}
- ID: {cand_id_1_2} | Name: {cand_name_1_2} | Description: {cand_desc_1_2}

Mention 2: {input_mention_2}

Candidate Concept IDs for Mention 2:

- ID: {cand_id_2_1} | Name: {cand_name_2_1} | Description: {cand_desc_2_1}
- ID: {cand_id_2_2} | Name: {cand_name_2_2} | Description: {cand_desc_2_2}

Provide the output in the bullet-point format specified above.

Figure 7: Prompt used for few-shot entity disambiguation (ED) reranking using an LLM. Curly braces {} indicate
variable substitution for candidate concepts, examples, and test input.
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### Instruction

Given the text of a document and a list of detected {knowledge_base_name_prompt}
entities (associated with their corresponding mentions in the text), identify the
relationships between these entities. Each relationship must be selected from the
*predefined set of relationship labels* provided below. Provide the output in
bullet-point format, with each line containing the subject entity, the relationship
label, and the object entity, separated by a pipe (°|°) symbol.

Predefined Relationship Labels:
- {relation_label_1}: {relation_definition_1}
- {relation_label_2}: {relation_definition_2}

Output Format:
- Subject Entity | Relationship Label | Object Entity
- Subject Entity | Relationship Label | Object Entity

### Examples

Example 1:

Text: {example_text_1}

Entities:

- Entity@: {example_entity_0_mentions} ({example_entity_0_type})
- Entityl: {example_entity_1_mentions} ({example_entity_1_type})
Output:

- {example_subject_1} | {example_relation_13} | {example_object_1}
- {example_subject_2} | {example_relation_2} | {example_object_2}

Example 2:

### Test Case

Now, identify the relationships for the following text and entities. Each
relationship must be selected from the xpredefined set of relationship labelsx*
provided above.

Text: {input_document_text}

Entities:

- Entity@: {input_entity_0_mentions} ({input_entity_0_type})
- Entityl: {input_entity_1_mentions} ({input_entity_1_type})

Provide the output in the bullet-point format specified above.

Figure 8: Prompt used for few-shot document-level relation extraction (DocRE) using an LLM. Curly braces {}
indicate variable substitution for relation labels, examples, and test input.
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### Instruction

Write a comprehensive report of a community, given a list of entities that belong to the
community as well as their relationships. The report will be used to inform
decision-makers about information associated with the community and their potential
impact.

The report should include the following sections:

- TITLE: community's name that represents its key entities - title should be short but
specific. When possible, include representative named entities in the title.

- SUMMARY: An executive summary of the community's overall structure, how its entities
are related to each other, and significant information associated with its entities.

- DETAILED FINDINGS: A list of 1-3 key insights about the community. Each insight should
have a short summary followed by multiple paragraphs of explanatory text. Be
comprehensive.

Return output as a well-formed JSON-formatted string with the following format:
{{

"title": <report_title>,

"summary"”: <executive_summary>,

"findings": [

18

"summary”:<insight_1_summary>,
"explanation”: <insight_1_explanation>

13,
18
"summary”:<insight_2_summary>,
"explanation”: <insight_2_explanation>
13

13

### Real Data
Use the following tables for your answer. Do not make anything up in your answer.

Entities:
- {entity_name_1} | {entity_type_1} | {entity_definition_1}
- {entity_name_2} | {entity_type_2} | {entity_definition_2}

Relationships:
- {head_entity_13} | {relation_1} | {tail_entity_1}
- {head_entity_23} | {relation_2} | {tail_entity_2}

Sub-Communities' Reports:
[Sub-Community 1]

Title: {subcommunity_title_1}
{subcommunity_text_1}
[Sub-Community 2]

Title: {subcommunity_title_2}
{subcommunity_text_2}

Output:

Figure 9: Prompt used for LLM-based report generation. Curly braces {} indicate variable substitution.

650




{title}

{summary}

[Finding 1] {finding_summary_1}: {finding_explanation_1}
[Finding 2] {finding_summary_2}: {finding_explanation_2}

Figure 10: Template used for LLM-based report generation. This template is applied after parsing the LLM’s
response into a structured object.

The primary entities in this community are: {entity_13}, {entity_2}, {entity_3}

This community contains the following entities:
- {entity_name_13} | {entity_type_1} | {entity_definition_1}
- {entity_name_23} | {entity_type_2} | {entity_definition_2}

The relationships between the entities are as follows:
- {head_entity_1} | {relation_1} | {tail_entity_1}
- {head_entity_2} | {relation_2} | {tail_entity_2}

Figure 11: Template used for Template-based report generation. Curly braces {} indicate variable substitution.

### Instruction

Answer a given question based on the provided context. Additionally, provide a score
between 0.0 and 1.0, indicating how well your answer addresses the question. Provide
the output in the following format.

Output Format:

Answer: [Your answer here, a single line without line breaks]

Score: [Score between 0.0 and 1.0]

### Context

[1]1 {chunk_title_13}: {chunk_text_1}

[2] {chunk_title_23}: {chunk_text_2}

[10] {chunk_title_103}: {chunk_text_10}

#it# Test

Now, based on the context, answer the following question and provide a score.
Question: {input_question}

Provide the output in the format specified above.

Figure 12: Prompt used for zero-shot question answering with supporting context. Curly braces {} indicate
variable substitution for retrieved chunks, examples, and test input.
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Figure 13: Distribution of F1 scores for each stage in LLM-ICL triple extraction. These results suggest that while
mention detection is generally reliable, performance sharply degrades by the time the pipeline outputs triples.
Importantly, these triple-level errors do not solely stem from the DocRE model (LLM-ICL). Since DocRE operates
on the entities provided by earlier stages, errors in NER or ED can propagate and compound, ultimately lowering
the final triple F1 scores. Thus, the low triple F1 reflects both intrinsic DocRE errors and accumulated upstream
errors.
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Figure 14: Scatter plots showing pairwise relationships between stages in LLM-ICL triple extraction. Overall,
these results highlight DocRE as a fundamental bottleneck, introducing substantial additional errors beyond those
inherited from earlier stages. At the same time, the scatter plots also show evidence of error propagation from
upstream components (NER and ED), indicating that low triple-level performance can stem from both intrinsic
DocRE failures and accumulated upstream errors.
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PMID: 12739036

Text:

Differential diagnosis of high serum creatine kinase levels in systemic lupus erythematosus . We report the
clinical and bioptic findings for a 57 - year - old woman with severe chloroquine - induced myopathy .
Since 1989, she had been suffering from systemic lupus erythematosus ( SLE ) with renal involvement and
undergone periods of treatment with azathioprine and cyclophosphamide . Additional therapy with
chloroquine ( CQ ) was started because of arthralgia . At the same time , slightly increased creatine kinase
( CK) levels were noted . Myositis was suspected , and the patient was treated with steroids . The CK
increase persisted , however , and she developed progressive muscular weakness and

Routine controls revealed markedly elevated CK levels of 1, 700 U /1. The neurological and
electrophysiological findings were not typical of myositis . Thus , muscle biopsy of the deltoid muscle was
performed in order to exclude polymyositis or toxic myopathy . As it revealed chloroquine - induced
myopathy , medication was stopped . Discriminating between primary SLE - induced affection of the
musculoskeletal system and drug - induced side effects is important for appropriate treatment of SLE
patients .

Predicted Entity Mentions (listed in the order they appear in the text, with type and ID):
creatine kinase(Chemical,D003402); systemic lupus erythematosus(Disease,D008180);
chloroquine(Chemical,D002738); myopathy(Disease,D009135);
systemic lupus erythematosus(Disease,D008180); azathioprine(Chemical, D001379);
cyclophosphamide(Chemical,D003520); chloroquine(Chemical,D002738); arthralgia(Disease,D018771);
creatine kinase(Chemical,D003402); CK(Chemical,D003401); Myositis(Disease,D009220);
steroids(Chemical,D013256); CK(Chemical,D052276); muscular weakness(Disease,D018908);

; CK(Chemical,D003401); myositis(Disease,D009220);
polymyositis(Disease,D017285); toxic myopathy(Disease,D009135); myopathy(Disease,D009135);
chloroquine(Chemical,D002738); myopathy(Disease,D009135)

Gold Entity Mentions (listed in the order they appear in the text, with type and ID):
creatine(Chemical,D003401); systemic lupus erythematosus(Disease,D008180);
chloroquine(Chemical,D002738); myopathy(Disease,D009135);
systemic lupus erythematosus(Disease,D008180); SLE(Disease,D008180);
renal involvement(Disease,D007674); azathioprine(Chemical, D001379);
cyclophosphamide(Chemical,D003520); chloroquine(Chemical,D002738); CQ(Chemical,D002738);
arthralgia(Disease,D018771); creatine(Chemical,D003401); Myositis(Disease,D009220);
steroids(Chemical,D013256); muscular weakness(Disease,D018908);

; myositis(Disease,D009220); polymyositis(Disease,D017285);
myopathy(Disease,D009135); chloroquine(Chemical,D002738); myopathy(Disease,D009135);
SLE(Disease,D008180); affection of the musculoskeletal system(Disease,D009140); SLE(Disease,D008180)

Predicted Triples:

D003402 - CID - D018908; D003402 - CID - D009133; D002738 - CID - D009135;
D001379 - CID - D009135; D003520 - CID - D009135; D013256 - CID - D009135;
D052276 - CID - D018908; D052276 - CID - D009133

Gold Triples:
D002738 - CID - D018908; D002738 - CID -

Mention F1: 70.8 / Entity F1: 85.7 / Triple F1: 0.0

Figure 15: Case study where all entities required for the gold triples were recognized but relation extraction
failed (PMID:12793036). The model failed to extract the gold triples (chloroquine: D002738, CID,
muscular weakness: D018908) and (chloroquine: D002738, CID, muscular atrophy:
D009133), resulting in a triple F1 of 0, because the causal link was only implied by temporal and clinical
context. Although it correctly predicted (chloroquine: D002738, CID, myopathy: D009135),this
higher-level relation was excluded from the gold triples, penalizing the prediction as a false positive.
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PMID: 19642243

Text:

Acute renal failure in patients with AIDS on tenofovir while receiving prolonged vancomycin course for
osteomyelitis . Renal failure developed after a prolonged course of vancomycin therapy in 2 patients who
were receiving tenofovir disoproxil fumarate as part of an antiretroviral regimen . Tenofovir has been
implicated in the development of Fanconi syndrome and renal insufficiency because of its effects on the
proximal renal tubule . Vancomycin nephrotoxicity is infrequent but may result from coadministration with
a nephrotoxic agent . Clinicians should be aware that tenofovir may raise the risk of renal failure during
prolonged administration of vancomycin .

Predicted Entity Mentions (listed in the order they appear in the text, with type and ID):

renal failure(Disease,D051437); tenofovir(Chemical,C096918); vancomycin(Chemical,D014640);
osteomyelitis(Disease,D010019); Renal failure(Disease,D051437); vancomycin(Chemical,D014640);
tenofovir(Chemical,C096918); tenofovir disoproxil fumarate(Chemical, C418563);
Tenofovir(Chemical,C096918); Fanconi syndrome(Disease,D005198); renal
insufficiency(Disease,D051437); Vancomycin(Chemical,D014640); nephrotoxicity(Disease,D007674);
tenofovir(Chemical,C096918); renal failure(Disease,D051437); vancomycin(Chemical,D014640)

Gold Entity Mentions (listed in the order they appear in the text, with type and ID):

Acute renal failure(Disease,D058186); AIDS(Disease,D000163); tenofovir(Chemical,C096918);
vancomycin(Chemical,D014640); osteomyelitis(Disease,D010019); Renal failure(Disease,D051437);
vancomycin(Chemical,D014640); tenofovir disoproxil fumarate(Chemical,C418563);
Tenofovir(Chemical,C096918); Fanconi syndrome(Disease,D005198); renal
insufficiency(Disease,D051437); Vancomycin(Chemical,D014640); nephrotoxicity(Disease,D007674);
nephrotoxic(Disease,D007674); tenofovir(Chemical,C096918); renal failure(Disease,D051437);
vancomycin(Chemical,D014640)

Predicted Triples:

C096918 - CID - D051437; C096918 - CID - D005198; C096918 - CID - D007674;
D014640 - CID - D051437; D014640 - CID - D007674; C418563 - CID - D051437,
C418563 - CID - D005198

Gold Triples:
D014640 - CID - D058186; C418563 - CID - D058186

Mention F1: 84.8 / Entity F1: 87.5 / Triple F1: 0.0

Figure 16: Case study where triple extraction failed due to upstream entity recognition errors (PMID:19642243).
The model failed to extract the gold triples (vancomycin: D014640, CID, acute renal failure:
D058186) and (tenofovir disoproxil fumarate: C418563, CID, acute renal fail-
ure: D058186), yielding a triple F1 of 0. Although the text explicitly mentions ‘‘Acute renal failure”
(D058186), it was incorrectly linked to renal failure (D051437), omitting the critical modifier ‘‘acute.”’
This case shows how even minor upstream entity errors can cascade into complete triple extraction failure despite
relatively high mention- and entity-level scores.
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Figure 17: Neighborhood Aggregation forms com-
munities from each node and its neighbors, and we
examined its effect on CDR-QA by varying the neigh-
borhood size k from 1 to 4. The opposite trends of
Answer Recall and Evidence Recall can be explained
by the growing scope of communities as neighborhood
size increases. With larger neighborhood sizes, com-
munities include more neighboring nodes. As a result,
nodes that are far from the evidence triples but irrele-
vant to them are also grouped into the same community.
This means that a retrieved chunk may be counted as a
correct one simply because it comes from a community
containing the evidence triples, even if the chunk only
describes irrelevant triples. In addition, the growing
presence of irrelevant or noisy triples within commu-
nities with evidence triples makes it harder for the QA
model to combine the scattered evidence and identify
the correct answers, leading to the observed decline in
Answer Recall.
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Figure 18: Within the structured design, we further
varied the number of findings per report. Adding more
findings increases the likelihood that relevant evidence
is preserved in the report, which directly benefits re-
trieval and improves Evidence Recall. At the same time,
additional findings inevitably introduce less salient or
irrelevant details. This effect is particularly harmful for
multi-hop questions, which require precise reasoning
across multiple pieces of evidence. In such cases, ex-
traneous content acts as noise, making it harder for the
QA model to identify and combine the correct evidence
even when it is present in the provided context.



