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Abstract

Retrieval-Augmented Generation (RAG) using knowledge graphs effectively mitigates model hallucinations and
improves reasoning over multi-hop queries. However, as RAG systems dynamically ingest data from unverified
web sources, corrupt or contradictory information can severely degrade output reliability—a critical vulnerability
in high-stakes domains such as healthcare. Using the HealthContradict dataset, we systematically evaluate
knowledge-graph-based RAG architectures under noisy data conditions. Specifically, we measure how erroneous
triples in both structured and unstructured contexts impact downstream performance, compare the robustness of
general-purpose versus domain-adapted (fine-tuned) language models against false information, and analyze
the downstream effects of varied graph traversal depth (single-hop, two-hop, and semantic cutoff strategy). Our
findings highlight key trade-offs between context depth and noise resilience in medical fact verification systems.
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1. Introduction

Humanity entered the “Zettabyte Era” in 2016 [1] and is projected to reach the Yottabyte Era by 2030 [2],
representing a thousandfold increase in less than 2 decades. This growth has enabled big-data approaches
to achieve advancements across a wide range of disciplines. However, integrating and reasoning from
heterogeneous, highly-interconnected data remains a central challenge [3]. While relational models
excel for tabular data, they struggle to capture complex, interconnected, multi-dimensional relationships.
Knowledge graphs (KGs) have emerged as a promising technology for modeling this complexity [4].
KGs address this challenge by representing entities and their typed relationships, enriching both with
properties and structuring them through ontologies. The adaptation and usage of knowledge graphs
for storing and representing linked, semantic data has shown success and growth across various
disciplines. For instance, in bioinformatics, KGs have been shown to model the complex, intricate
interconnectedness of relationships between proteins, genes, diseases and symptoms[5] [6].

At the same time, large language models (LLMs) have demonstrated remarkable capabilities in ques-
tion answering, document summarization, and scientific reasoning tasks. Despite these advancements,
LLMs remain susceptible to hallucinations and generate responses that appear plausible, but are unsub-
stantiated or even factually incorrect. This limitation is especially concerning in biomedical domains
where inaccurate information can influence medical decision making. To mitigate these hallucinations,
retrieval augmented generation[7] (RAG) systems incorporate external knowledge sources into the
generation process, grounding the responses in the retrieved evidence rather than solely on pre-trained
model parameters.

RAG approaches largely are based on vector-based retrieval from unstructured text collections
to reduce the context window. Unstructured retrieval can struggle with complex relational queries,
especially queries that require explicit reasoning across multiple entities and relationships. Knowledge
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Graph Retrieval-Augmented Generation (KG-RAG) has emerged as a promising alternative that combines
reasoning with a more structured presentation provided by the KG. By representing the information as
entities connected through relationships, KGs provide interpretable retrieval pathways that support
multi-hop reasoning and provide explicit provenance for retrieved facts.

However, the effectiveness of KG-RAG systems depends on the quality of the underlying knowledge
graph. In real-world deployments, a default assumption of truth in the knowledge graph is broken
as it cannot be assumed that graphs are constantly curated by domain experts. In this model, we
assume that KG will be constructed and continually updated from large and continuously augmented
document collections using named entity recognition, entity linking, and relation extraction. This is an
attractive solution because it improves scalability by reducing the amount of manual curation, but does
introduce opportunities for error, including extraction errors, missing relationships, and contradictory
facts. Once incorporated into the graph, these errors may be assumed as supporting evidence and used
in downstream reasoning tasks by LLMs.

Despite these risks, limited research has been devoted to understanding how errors propagate through
KG-augmented pipelines including 1) How KG construction choices and how they influence downstream
reasoning performance, 2) how retrieval depth affects the propagation of correct or incorrect evidence,
or 3) how different generator models respond when presented with graph-derived information of
varying quality. To address these limitations, we conduct a systematic evaluation of KG-RAG robustness
using the HealthContradict dataset [8]. We investigate different KG construction models, retrieval
strategies, how these perform when provided with only correct context, or in the presence of incorrect
context. The goal of our study was to understand how errors introduced during graph construction and
retrieval influence the reliability of downstream language model reasoning tasks.

Research Questions:

1. How does the choice of knowledge graph construction model impact biomedical fact-verification
accuracy in KG-RAG systems?
2. How does retrieval depth influence the effectiveness of graph-based retrieval for fact verification?

w

How robust are different generator models when reasoning over graph-derived evidence?

4. How does the presence of correct versus incorrect biomedical knowledge affect KG-RAG perfor-
mance?

5. What combinations of KG construction, retrieval strategy, and generator model produce the

highest fact-verification accuracy on HealthContradict?

The primary contributions of this work are:

1. We conduct a systematic factorial evaluation (N = 60 configurations) across five knowledge
graph extraction pipelines, three graph retrieval depths, two generator models, and two context
correctness modes using the HealthContradict benchmark.

2. We demonstrate that knowledge graph construction quality is the single dominant factor gov-
erning downstream fact-verification accuracy (F = 27.85, p < 0.001), outperforming choices in
retrieval depth and generator architecture.

Section I will cover related background work regarding knowledge graphs, entity extraction, retrieval
augmented generation, and how to evaluate these systems. Section III will cover the methodology
including dataset curation, knowledge graph generation, custom retrieval strategy, our RAG pipeline,
an optional LLM-as-a-judge stage, and our statistical analysis framework. Section IV demonstrates the
results from the methodological section, describing the results for each of our five research questions as
well as a full-factor ANOVA analysis for the results. Section V is a discussion on the results from our
methodology and how those impact KG-RAG approaches without an assumption of absolute correct
context. The work concludes in Section VI



2. Background

2.1. Knowledge Graphs in Biomedical Domains

A knowledge graph is a structure defined as G = {E, R}, where E is the set of all entities contained in
the graph and R is the set of all relations in the graph. An RDF knowledge graph is a knowledge graph
expressed using the Resource Description Framework (RDF)[9], with a relationship of entities in the
knowledge graph being expressed as a “triple” in the form of h, r, t where h C E,r C R, and ¢t C E. Each
of these triples is considered to be a "fact” within the RDF knowledge graph which is assumed to be true
for the given context. Knowledge graphs can be traversed by walking relationships which may point
to other head entities from tail entities, with tail entities also consisting of URIs which may point to
domains within the graph or to external resources. Knowledge graphs as a way to store and represent
data are used in many applications including the biomedical domain[10], cybersecurity domain[11],
and quality engineering domain[12].

The usage of knowledge graphs has also integrated them into various systems such as recom-
mender systems[13, 14], and retrieval-augmented generation (RAG) systems[15]. One common ap-
proach of using knowledge graphs is to create knowledge graph embeddings (KGEs) using various
approaches[16, 17, 18, 19, 20], from the entities and relationships to extract patterns which allow
for question answering[21, 22, 23]. These KGEs can be improved by creating strong negative triples
since KGs are assumed to be full of facts[24]. Knowledge graphs and embedding representations have
also found plenty of use in the biomedical domain, especially for representing drug-target interac-
tions[10, 25, 26, 27, 28]. Common tasks for knowledge graphs include knowledge graph creation which
is creating knowledge graphs from an existing body of unstructured data[29, 30], and knowledge graph
completion to infer relationships (link prediction)[31] or infer missing nodes (entity completion).

2.2. Named Entity Recognition and Relation Extraction

Named Entity Recognition is the process of extracting noun phrases from text.[32] Classical flat NER
tasks used large, fine-tuned datasets with a preset number of entity spans which are manually annotated
by humans in order to train models to identify entities aligning with human reasoning[33]. These
classical models employed rule-based learning, machine learning, or a hybrid approach[34]. However,
due to rigid labels of traditional NER systems, their performance in specific domains degrades due
to the dissimilarity between the trained entity labels and domain-specific labels[35]. This motivated
the creation of domain-specific datasets for NER[36, 37]. Advances in machine learning and neural
networks led to new approaches using Large Language Models (LLMs)[38], which show promising
performance across a variety of NLP tasks. For NER tasks, GPT-NER[39] shows comparable performance
to the SOTA supervised-learning models on benchmark NER datasets, especially under the few-shot
learning[40] and in low-resource settings. DEER[41] is an architecture for improving the retrieval of
entity spans for in-context learning (ICL)[42] of LLMs for NER and found increased performance of
LLMs for NER across various flat NER benchmark datasets, outperforming other ICL methods and
approaching supervised SOTA NER models.[43] Evaluated LLMs using different input/output formats,
ICL strategies, and encoders for NER against fine-tuned models and finding strong ICL strategies can
outperform fine-tuned LLMs on some biomedical NER datasets at a lower price. They also evaluated
a retrieval-augmented generation (RAG)[7] approach for zero-shot NER, which demonstrated SOTA
performance in some cases.

Relation extraction (RE) is the process of determining a relationship type between two entities,
which can be expressed as three-tuples <E1, R, E2>.[44] Directly related to NER, datasets and tasks
were developed from human-annotated text for RE including NER.[45] RE methods have improved
over the years from traditional machine learning models[46] to deep learning methods with attention
mechanisms[47]. With the explosion of LLMs, they have been applied to the RE task with mixed
results. SciER[48] is a dataset created over 100 manually annotated full-text scientific documents. The
authors evaluated finetuned supervised SOTA models against LLMs, finding that even with few-shot
prompting the LLMs performed significantly worse than the SOTA models for RE. BioGPT[49] is a GPT



model finetuned upon medical information and evaluated across NLP tasks, and demonstrated the best
performance on the RE task, outperforming the SOTA models and base GPT2.

Common approaches for NER and RE tasks work either as a pipeline, where NER is performed and
then RE is performed in a second-pass given the NER label spans, or as joint extraction, where NER and
RE are performed in a single task. While LLMs have strong performance across many NLP tasks[50],
research shows that supervised encoder models achieve comparable or better performance in many
cases, including zero-shot NER[51], zero-shot RE[52], pipeline NERRE[53], and joint NERRE[54], while
only needing a fraction of the time or space. However, these models may require NER or RE labels as
seeds where LLMs may benefit from ICL but do not require it.

2.3. Retrieval Augmented Generation

Retrieval-augmented generation (RAG)[7] is a framework which is meant to allow LLMs access to
knowledge bases in order to provide more relevant information and also avoid hallucinations[55]. RAG
has become a popular harness for applying LLM capabilities in domain-specific scenarios, such as
the biological and medical domains[56], the legal and policy domains[57], and even for enabling Al
agents to improve their tool-retrieval capabilities[58]. A RAG system consists of a knowledge base, a
retriever which finds documents relevant to a given input or query, and a generator which is usually an
LLM to form more accurate or relevant responses. Standard RAG systems use a vector store, which
have multiple types and availabilities[59]. The store acts as the knowledge base for the documents,
which are usually split into separate parts - called "chunks” - due to the limitations of the generator’s
context space. The improvement for different chunking strategies is inconclusive[60], but chunking is
required for performing embedding-based retrieval[61], as each chunk is converted to an embedding
for searching similar chunks based upon the incoming query. Other retrieval methods include sparse
retrieval[62], retrieval with "late interaction”[63], and others.

Other approaches to RAG are current research topics. Graph-based RAG is the RAG architecture
but instead a graph-based store is used instead of the vector store, and retrievers can extract entity-
relations, perform semantic lookup, or offer a hybrid approach. Graph-based RAG has shown increased
performance compared to vector store RAG for NLP tasks such as multi-hop question-answering[64]
and whole corpus focused queries[65]. Since graph RAG is based upon graph structures, which are
usually knowledge graphs, they have found many applications in the biomedical domain. HyKGE[66]
uses hypothesis optimization to first generate hypotheses based upon user medical queries, then use
the retrieved hypotheses to locate related entities rather than solely based on semantic similarity of
entities related to the user query. The authors report HyKGE has the best performance on medical
QA benchmarks regardless of generator choice. MedGraphRAG[67] generates a layered graph based
upon factual medical data, and uses a summary and tag to tie a query to the layer of the graph which
best answers their question. The authors report state of the art performance across multiple medical
benchmarks for both fact-checking and QA benchmarks. In [68] the authors explore the performance
of open-weight LLMs for biomedical accuracy using the HealthContradict dataset[8]. They observe the
next-token prediction statistics based upon incorrect and correct biomedical documents and control for
parametric knowledge, context positions, and context correctness with their results showing all models
have reduced accuracy and change their answers. They also experiment with a scoring mechanism
which uses model confidence and conflicting evidence detection which demonstrated improvements in
model accuracy compared to model confidence only.

2.4. Evaluating RAG systems

RAG systems have demonstrated some advances compared to base LLM-only systems, but increase
the system complexity. While evaluation metrics for text generation tasks can suffice depending on
the query, such as “yes or no” for answer accuracy, more complex queries and responses such as
summarization or logical reasoning require advanced metrics, such as text overlap[69] or using other
LLMs to gauge response quality, referred to as "LLM-as-a-judge”[70], RAG systems incorporate extra



components which need to be measured to determine the output of the system, such as retrieval quality
of chunks and the performance of the retriever itself. RAGAS[71] is a system developed which uses
LLM-as-a-judge to report metrics such as answer relevance, faithfulness, and context relevance.

3. Methodology

3.1. Dataset

The HealthContradict dataset consists of 920 biomedical claim-verification instances. Each instance
contains a query, a supporting document containing evidence consistent with the claim, and a contra-
dicting document containing evidence that opposes the claim. The dataset was designed to evaluate the
ability of models to distinguish factual and contradictory biomedical information. In this work, the
supporting and contradicting documents were used independently to construct knowledge graphs for
retrieval and downstream fact verification.

3.2. Experimental Design

The objective of this study is to evaluate how knowledge graph construction methods, retrieval strategies,
and generator model selection influence downstream biomedical fact-verification performance in KG-
RAG systems. To achieve this objective, we employed a factorial experimental design in which each
component of the KG-RAG pipeline was systematically varied while the remaining components were
held constant.

Four experimental factors were considered. The first factor was the knowledge graph construction
model, consisting of five extraction pipelines: GLINER-Relex[54], GLINER-Bio[51] with GLiREL[52],
GLiNER2[53], Llama3-OpenBio-8B[72], and GPT-OSS-20B[73]. The second factor was the retrieval
strategy, which included 1-hop retrieval, 1-2 hop retrieval, and semantic 1-2 hop retrieval. The third
factor was the generator language model used for fact verification, consisting of Llama3-OpenBio-8B
and Gemma2-2B-IT[74]. The final factor was the document context type, where knowledge graphs
were generated from either supporting (correct) documents or contradicting (incorrect) documents
within the HealthContradict dataset.

For each HealthContradict query, a knowledge graph was first constructed from the associated
document collection using one of the five extraction approaches. The custom retrieval framework was
then used to generate a retrieval context according to the selected graph traversal strategy. The retrieved
triples were supplied as evidence to a generator model, which produced an initial classification of Yes,
No, or Unknown. Responses and associated reasoning were subsequently passed to the LLM-as-Judge
framework to generate a final prediction. This prediction was compared against the HealthContradict
ground-truth label to determine classification correctness.

The resulting experimental design evaluates the independent and combined effects of graph construc-
tion quality, retrieval depth, and language model selection on downstream fact-verification accuracy.
The complete experimental matrix is summarized in Table 1.

Table 1
Experimental factors and evaluated configurations.

Factor Configurations

KG Construction GLiNER-Relex, GLINER-Bio+GLIiREL,
GLiNER2, Llama3-OpenBio-8B, GPT-OSS-20B

Retrieval Strategy  1-hop, 1-2 hop, Semantic 1-2 hop

Generator Model ~ Gemma2-2B-IT, Llama3-OpenBio-8B

Context Type Correct, Incorrect

The full factorial design produced a total of 5 x 3 x 2 x 2 = 60 unique KG-RAG configurations. Each
configuration was evaluated across all 920 HealthContradict queries, resulting in a comprehensive



assessment of how retrieval and reasoning performance change as knowledge graph construction
methods, retrieval depth, and generator models are varied.

This design enables the investigation of the research questions outlined in Section 1, including the
impact of knowledge graph construction quality on fact verification, the role of multi-hop retrieval, the
robustness of biomedical versus general-purpose language models, and the influence of correct versus
incorrect biomedical knowledge on KG-RAG system performance.

3.3. Knowledge Graph Creation

To evaluate the impact of knowledge graph construction on downstream fact verification performance,
we generated knowledge graphs from the HealthContradict dataset using both the correct and incorrect
document types using five open-source extraction models GLiINER-Relex, GLiNER-bio, GLiNER2, GPT-
0SS, and LLAMA3-OPENBIO.

Prior to knowledge graph extraction, documents were segmented using semantic chunking with
semchunk([75]. Chunk sizes were selected based on the computational requirements of the extraction
model. For the structured extraction pipelines, documents were segmented using a chunk size and over-
lap ratio of 256:32 tokens. Larger chunk sizes of 1024:128 tokens were used for dense language-model-
based extraction approaches to reduce memory consumption while preserving contextual information.

The evaluated extraction approaches consist of both structured and unstructured knowledge graph
construction methods. Three structured pipelines utilize zero-shot Named Entity Recognition (NER)
frameworks: GLINER-Relex, GLiINER-Bio , and GLiNER2. These models require predefined entity and
relation labels during extraction. Standard biomedical entity categories were provided to the models[76].
However, relation labels required manual definition due to the absence of benchmark relation schemas
within HealthContradict. GLINER-Bio performs entity extraction only and does not directly generate
relationships. Consequently, entities identified by GLINER-Bio were passed to GLiREL, which utilized
the predefined relation labels to extract relationship triples.

In contrast, the unstructured extraction approaches do not require predefined entity or relation
schemas. Instead, Llama3-OpenBio-8B and GPT-OSS-20B were prompted to directly generate biomedical
subject-predicate-object triples from document text. This approach provides greater flexibility in entity
and relation discovery, allowing extraction of relationships that may not fit a predefined label. Llama3-
OpenBio-8B is additionally specialized through biomedical fine-tuning on healthcare-related corpora,
including doctor-patient interactions, making it well suited for biomedical knowledge extraction tasks.

The extracted triples from each model were subsequently ingested into a Neo4j graph database to
create property knowledge graphs. Each graph node and relationship was enriched with associated
metadata, including document chunks, entity labels, instance identifiers, document type indicators
(correct or incorrect), document identifiers, and entity names. This process enabled the construction of
a structured biomedical knowledge repository for retrieval and downstream reasoning tasks.

Because structured extraction pipelines rely on predefined entity and relation schemas, they generally
produce graphs with a more constrained set of node and relationship types. Conversely, the unstructured
extraction approaches generate a broader and more diverse set of entities and relations, increasing graph
expressiveness at the cost of reduced standardization. All generated knowledge graphs were deployed
to Neo4j AuraDB and served as the retrieval backend for the subsequent KG-RAG fact-verification
experiments.

3.4. Custom Retrieval Strategy

To ensure that differences in downstream performance could be attributed to knowledge graph con-
struction quality rather than the retrieval capabilities of a separate language model, we developed a
custom graph retrieval framework. A strictly-LLM-based retriever can also introduce variability due to
their non-deterministic nature. Consequently, retrieval was performed directly from the graph structure
using deterministic graph traversal methods.



Retrieval begins by extracting entities from the input query using the same Named Entity Recognition
(NER) model that was used to construct the corresponding knowledge graph. The extracted entities
are then used to query the graph database, retrieving all triples in which the identified entities appear
as either the source or target node. To ensure that retrieved knowledge remains associated with the
appropriate HealthContradict query instance, all graph queries utilize the instanceID_type property,
allowing retrieval to be constrained to the subgraph corresponding to a specific query-document pair.

The baseline retrieval strategy consists of a 1-hop neighborhood search, in which all directly connected
triples associated with the query entities are returned. To support more complex reasoning, this approach
was extended to include two additional retrieval strategies: a 1-2 hop retriever and a semantic 1-2
hop retriever. The 1-2 hop retriever expands the retrieved subgraph by traversing one additional edge
from the initial set of retrieved triples, allowing access to indirectly related entities and relationships.
Because unrestricted graph expansion can rapidly increase the number of retrieved triples and exceed
available GPU memory during generation, retrieval depth was constrained through a series of heuristics.
Specifically, only the first 50 triples retrieved during the initial 1-hop search were considered for
expansion, and the final retrieval context supplied to the generator model was capped at 150 triples.

For the semantic 1-2 hop retrieval strategy, an additional filtering stage was introduced prior to
graph expansion. Similarity scores between the query and the retrieved 1-hop triples were computed
using the Qwen3-4B[77] embedding model. Only triples with a semantic similarity score greater than
0.55 were retained as candidates for expansion. To further control context size, a maximum of 50
semantically relevant triples were selected and expanded into their corresponding 2-hop neighborhoods.
This process prioritizes graph regions that are more closely aligned with the query while reducing the
inclusion of unrelated or noisy relationships.

The resulting retrieval strategies, namely 1-hop, 1-2 hop, and semantic 1-2 hop retrieval, provide
progressively larger and more context-rich subgraphs. These retrieved triples serve as the evidence con-
text supplied to downstream generator models for biomedical fact-verification and retrieval-augmented
generation experiments.

3.5. Retrieval-Augmented Generation

The triples retrieved using the custom retrieval framework serve as the context provided to the down-
stream generation models for fact verification. Given a query and its associated retrieved triples, the
objective of the generator is to classify the claim as Yes, No, or Unknown based solely on the evidence
present in the retrieved subgraph.

To evaluate the influence of generator model selection, two language models were used: Llama3-
OpenBio-8B and Gemma2-2B-IT. Llama3-OpenBio-8B is a biomedical domain-adapted model designed to
incorporate medical and healthcare knowledge, whereas Gemma2-2B-IT is a general-purpose instruction-
tuned language model. Both models were provided with identical query and evidence contexts and
prompted using a common fact-verification framework. Minor modifications were made to the prompt
templates to accommodate model-specific response formatting and output parsing requirements.

The models were instructed to evaluate the retrieved evidence and return one of three possible
stances: Yes, No, or Unknown. In addition to the classification label, both models were prompted to
provide a justification explaining the reasoning process used to arrive at the predicted stance. While
Gemma2-2B-IT generally produced structured responses that explicitly separated the predicted stance
from supporting reasoning, Llama3-OpenBio-8B often generated less standardized outputs due to its
conversational fine-tuning objectives. Consequently, normalization procedures were applied to extract
the final prediction labels from model responses.

During preliminary experimentation, we observed that both insufficient retrieval context and exces-
sively large retrieval contexts frequently resulted in an Unknown prediction. In some cases, relevant
evidence was absent from the retrieved subgraph, while in others, the volume of retrieved triples
introduced ambiguity and reduced the model’s confidence in selecting a definitive stance. Although the
Unknown category is appropriate when supporting evidence is genuinely inconclusive, excessive use
of this response can obscure meaningful differences in fact-verification capability across retrieval and



graph construction configurations.

3.6. LLM-as-Judge Evaluation

The proportion of inconclusive predictions varied substantially across the evaluated KG-RAG configu-
rations. In particular, Llama3-OpenBio-8B demonstrated a strong tendency to predict Unknown when
presented with either limited evidence or large retrieval contexts containing potentially conflicting
information. Although abstaining from a definitive prediction is appropriate when insufficient evidence
exists, excessive use of the Unknown category makes direct comparison between retrieval strategies and
generator models difficult and may obscure meaningful differences in fact-verification performance.

To enable a more consistent evaluation across all experimental configurations, an LLM-as-Judge
framework was introduced as a secondary decision stage. The objective of the judge model was not to
generate new evidence, but rather to evaluate the reasoning and supporting context already produced
by the KG-RAG pipeline and determine whether a conclusive stance could be inferred from the available
information. For this purpose, Qwen3-14B[78] was selected as the judge model. The judge was provided
with the original query, the retrieved knowledge graph triples, and the response generated by the
primary KG-RAG model, including any supporting reasoning. Using this information, the judge model
was instructed to produce a final verdict of Yes, No, or Unknown based on the evidence available in the
retrieval context.

The use of an independent judge model serves two purposes. First, it reduces variability introduced
by differences in response style and confidence across generator models. Second, it provides a mecha-
nism for reevaluating inconclusive predictions using the reasoning already generated by the primary
model, allowing potentially valid evidence to be considered before assigning a final classification. This
approach promotes a more equitable comparison between generator models and retrieval strategies
while maintaining reliance on the same underlying knowledge graph evidence.

The final verdict produced by the judge model was used as the prediction for downstream evaluation.
These predictions were subsequently compared against the HealthContradict ground-truth labels to
calculate classification accuracy, error rate, and other performance metrics across all knowledge graph
construction methods, retrieval configurations, and generator models considered in this study.

3.7. Statistical Analysis Framework

To rigorously evaluate the individual and combined effects of knowledge graph construction, retrieval
strategy, generator model choice, and context mode on biomedical fact-verification performance, we
employed a multi-tiered statistical evaluation framework. All statistical tests were evaluated at a
significance threshold of @ = 0.05.

Factorial Analysis of Variance (ANOVA): To evaluate main effects and interaction terms across our
5x3x2x2 experimental matrix (N = 60 unique configurations), we computed a 4-Factor Type-II Analysis
of Variance (ANOVA [79]) on classification accuracy (Accuracy,,). Type-I ANOVA was selected to
account for main effects while controlling for higher-order interactions without assuming complete
orthogonality among factors. The test evaluated four experimental factors: (1) KG Construction
Model (5 levels: GLiNER-Relex, GLiNER-Bio+GLiREL, GLiNER2, Llama3-OpenBio-8B, GPT-OSS-20B);
(2) Retrieval Strategy (3 levels: 1-hop, 1-2 hop, Semantic 1-2 hop); (3) Generator Model (2 levels:
GemmaZ2-2B-IT, Llama3-OpenBio-8B); and (4) Context Mode (2 levels: Correct, Incorrect).

Tukey’s Honestly Significant Difference (HSD) Post-Hoc Tests: Where ANOVA indicated sta-
tistically significant main or interaction effects (p < 0.05) among multi-level categorical factors (KG
construction models and retrieval strategies), we conducted Tukey’s HSD post-hoc pairwise com-
parisons [80]. Tukey’s HSD controls the Family-Wise Error Rate (FWER) across multiple pairwise
comparisons, allowing us to identify specific pairwise differences between extraction frameworks and
retrieval depths without inflating Type I error rates.



Paired Hypothesis Testing: Because each unique architectural pipeline (KG Model x
Retrieval Strategy x Generator Model) was evaluated under both Correct and Incorrect context
conditions (N = 30 paired configurations), we performed paired statistical comparisons using both
a Paired Student’s t-test (to measure systematic mean accuracy shifts assuming normality) and a
Wilcoxon Signed-Rank Test [81] (a non-parametric alternative ranking paired differences without
assuming normality). This provided robust verification of performance degradation when systems
reason over contradicting biomedical evidence.

3.8. Compute Infrastructure & Reproducibility

Experiments were conducted on Pittsburgh Supercomputing Cluster Briges-2 as described in the
Acknowledgments. Depending on model sizing and extraction memory demands, the resources were
selected from NVIDIA V100 (32GB), L40S (48GB), and H100 (80GB) GPUs. The underlying software
environment is built on Python 3.10 with PyTorch (v2.x) and CUDA 12.6, utilizing FlashAttention-2
for accelerated transformer inference. Graph operations were backed by a Neo4j instance (v5.28) and
orchestrated using the Llamalndex framework.

To ensure exact reproducibility, the complete environment configuration (‘requirements.txt’)
containing precise package versions is made publicly available at https://github.com/AESIRLab/
graphRAG-reasoning.

4. Experiments and Results

4.1. Experiment 1: KG-Construction Models

For Experiment 1, we investigated the performance of the five Knowledge Graph constructions described
in Table 1. For each construction method, we calculated the per-family mean accuracy across the 920
total queries (N = 12 pipeline configurations per family). These results are reported in Table 2.

Table 2
Mean accuracy (%) for each KG Construction Model family across all pipeline configurations.

KG Configuration Mean (%) Std Min Max N

Llama3-OpenBio-8B 74.10 098 7261 7565 12
GLINER-Bio+GLIiREL 65.45 8.12 5435 7598 12
GLiNER-Relex 63.02 3.56 56.30 6837 12
GPT-OSS-20B 60.79 11.26 45.76 7293 12
GLiNER2 51.93 3.58 46.09 5696 12

The primary factorial ANOVA revealed a significant main effect of KG construction model on fact
verification accuracy, F(4,51) = 27.85, p < 0.001. This result indicates that choice of KG construction
method is a major determinant of downstream fact verification accuracy. Post-hoc Tukey HSD compar-
isons showed that Llama3-OpenBio-8B consistently outperformed every other model family (p < 0.02
for all pairwise comparisons), achieving the highest mean accuracy (74.10%) with minimal variance
(SD = 0.98). Conversely, GLINER2 demonstrated the lowest performance (51.93%), lagging significantly
behind L1ama3-OpenBio-8B (A = —22.17%, p < 0.001). GLiNER-Bio+GLiREL (65.45%), GLINER-Relex
(63.02%), and GPT-0SS-20B (60.79%) formed an overlapping middle-tier cluster with no statistically
significant differences between one another (p > 0.40).

4.2. Experiment 2: Retrieval Depth

To evaluate research question 2 on the effect of retrieval depth, we evaluated fact-verification accuracy
across the retrieval depths described in Section 3.4, namely: 1-hop, 1-2 hop, and Semantic 1-2 hop
(N = 20 configurations per strategy). Descriptive statistics are summarized in Table 3.
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Table 3
Mean accuracy (%) grouped by retrieval strategy.

Retrieval Strategy  Mean (%) Std  Min Max N

Semantic 1-2 hop 64.56 892 50.76 7598 20
1-2 hop 63.53 9.86 45.76 7598 20
1-hop 61.09 10.28 46.09 75.65 20

Although multi-hop retrieval strategies yielded higher descriptive mean accuracies (Semantic 1-2
hop reaching 64.56% compared to 61.09% for 1-hop), the overarching factorial ANOVA indicates that
the main effect of retrieval depth alone is not statistically significant, F(2,51) = 2.30,p = 0.111. A
comprehensive decomposition of retrieval interactions across KG models is provided in Section 4.6.

4.3. Experiment 3: Generator Models and Abstention Behavior

To evaluate generator robustness, we evaluated both overall fact-verification accuracy and initial
abstention rates (the proportion of Unknown responses returned prior to judging) between Llama3-
OpenBio-8B and Gemma2-2B-1IT (N = 30 per generator).

When controlling for variance across KG construction, retrieval, and context modes in our primary
factorial model, generator choice exhibited a statistically significant main effect on final accuracy,
F(1,51) = 9.03, p = 0.0041, with L1ama3-OpenBio-8B (65.10%) outperforming Gemma2-2B-IT (61.02%).

Table 4

Initial abstention rate (proportion of Unknown responses prior to LLM-as-Judge) by generator model.
Generator Model Initial Unknown Rate (%) Std  Min Max N
Llama3-OpenBio-8B 75.82  0.1451 50.22 97.61 30
Gemma2-2B-IT 3295 0.1690 16.30 65.11 30

Prior to the judge stage, the two generators exhibited starkly different initial decision-making
behaviors, F(1,58) = 111.19, p < 0.001 (Table 4). L1ama3-OpenBio-8B adopted a highly conservative
strategy, abstaining on an average of 697.57 queries per run (75.82% initial unknown rate), whereas
Gemma2-2B-1IT abstained on 303.10 queries (32.95%).

The LLM-as-Judge stage virtually eliminated abstentions entirely across both models. The judge stage
successfully resolved over 99.9% of all initial Unknown responses, driving the final unclassified query rate
down to near-zero (0.036% for Llama3-OpenBio-8B and 0.011% for Gemma2-2B-1T). This demonstrates
that while the generator choice heavily dictates initial prediction confidence, the secondary judge phase
acts as an effective complete resolution layer for ambiguous or uncommitted outputs.

4.4. Experiment 4: Presence of Incorrect Context Data

In Experiment 4, we assessed system resilience when presented with deliberately corrupted or incorrect
context data compared to solely correct context (N = 30 matched configurations per mode).

Table 5
Fact-verification accuracy (%) by context correctness mode.

Context Mode Mean (%) Std Min  Max N

correct 66.28 8.30 48.37 7598 30
incorrect 59.83 994 4576 7598 30

When pipelines are provided with correct context, they achieved a mean accuracy of 66.28%, compared
to 59.83% when provided incorrect context as shown in Table 5. A paired t-test was used to measure
the effect of this condition because each experiment was conducted for both correct and incorrect
context modes. The resulting t-statistic confirms that context corruption causes a statistically significant



degradation in performance, t(29) = 4.54, p < 0.001. To verify this finding without an assumption of
normally distributed differences, we conducted a non-parametric Wilcoxon signed-rank test, which
confirmed the paired t-test result (W = 6.50, p < 0.001).

4.5. Experiment 5: Top Pipeline Configurations

To identify optimal end-to-end architectures, we ranked all 60 pipeline configurations by fact-verification
accuracy. The top 10 pipelines are presented in Table 6.

Table 6

Top 10 highest-performing experimental pipeline configurations.
KG Model Retrieval Generator Context Mode  Accuracy (%)
GLIiNER-Bio+GLiREL  1-2 Hop Llama3-OpenBio-8B  Incorrect 75.98
GLIiNER-Bio+GLiREL  Semantic 1-2 Hop  Llama3-OpenBio-8B  Correct 75.98
Llama3-OpenBio-8B  1-Hop Llama3-OpenBio-8B  Correct 75.65
GLIiNER-Bio+GLiREL  1-2 Hop Llama3-OpenBio-8B  Correct 75.33
Llama3-OpenBio-8B  1-2 Hop Llama3-OpenBio-8B  Correct 75.11
Llama3-OpenBio-8B  Semantic 1-2 Hop  Llama3-OpenBio-8B  Correct 74.78
Llama3-OpenBio-8B  Semantic 1-2 Hop Gemma2-2B-IT Correct 74.78
Llama3-OpenBio-8B  Semantic 1-2 Hop  Llama3-OpenBio-8B  Incorrect 74.67
Llama3-OpenBio-8B  1-Hop Gemma2-2B-IT Correct 74.35
GLiNER-Bio+GLiREL  Semantic 1-2 Hop  Llama3-OpenBio-8B  Incorrect 74.35

The highest individual accuracy reached 75.98%, achieved by gliner-bio-glirel coupled with
OpenBio. However, 11ama3-openbio demonstrated superior stability, accounting for 6 of the top 10
overall configurations across multiple retrieval depths and both generator models.

4.6. Unified Factorial ANOVA Analysis

A 4-factor Type-IIl ANOVA evaluated the main and interaction effects of our architectural choices across
all 60 experimental runs (Ridj = 0.730). The complete ANOVA results are detailed in Table 7.

Table 7

Unified 4-Factor ANOVA table for fact-verification accuracy.
Factor Sum of Squares  df F-Value p-value
C(kg_model) 3080.01 4  27.85 < 0.001
C(retrieval) 127.16 2 230  0.1106
C(generation_model) 249.70 1 9.03  0.0041
C(context_mode) 62417 1 22,58 < 0.001
Residual 1409.92 51 - -

The factorial analysis establishes that Knowledge Graph construction model selection is the pre-
dominant factor governing system accuracy (F = 27.85, p < 0.001), followed by context integrity
(F = 22.58, p < 0.001) and generator selection (F = 9.03, p = 0.0041). Retrieval depth did not achieve
main-effect significance when accounting for model choice (p = 0.1106), indicating that graph quality
outweighs retrieval depth in downstream verification performance.

5. Discussion

The superior performance of biomedical-specialized extraction frameworks, particularly GLiNER-
Bio, highlights the critical necessity of domain alignment during knowledge graph construction. We
hypothesize that GLINER-Bio’s pre-training on domain-specific corpora allowed it to extract more
nuanced biomedical entities and relations, yielding denser, high-fidelity subgraphs that provided richer



context for downstream verification. However, architectural constraints imposed operational trade-
offs during graph generation. Specifically, structured encoders like GLiNER-Bio are constrained to
smaller chunk sizes (< 300 tokens), whereas dense generative models (e.g., GPT-OSS-20B) accommodate
larger windows (1024 tokens). While processing dense models at smaller chunk sizes would have
incurred prohibitive computational costs (= 14 days per graph variant), using larger chunks introduced
a granularity trade-off, diluting localized relation density.

A central trade-off observed between structured and unstructured graph construction is the balance
between schema expressiveness and extraction consistency. Open-ended LLMs generated a significantly
more diverse array of entities and edge types. However, this high expressiveness introduced severe
entity-linking inconsistencies during retrieval. When processing query-time entities, generative models
like Llama3-OpenBio-8B frequently extracted surface forms that diverged from those generated during
document ingestion. This representation drift inhibited Cypher-based subgraph matching, directly
driving the high rate of initial Unknown abstentions across non-judge configurations. These align-
ment challenges were further compounded by deployment hurdles. Specifically, base models lacking
standardized chat templates on HuggingFace[82] required extensive prompt engineering and few-shot
formatting to ensure reliable output parsing when acting as primary generators.

Our evaluation also highlights key design considerations regarding retrieval architectures and gener-
ator selection. The deterministic Cypher retrieval strategies employed in this work prioritized strict
experimental control over adaptive search. Implementing dynamic, LLM-guided graph traversal algo-
rithms could mitigate entity-mismatch issues but have an increased computational cost. Furthermore,
while computational constraints prevented evaluating additional domain-adapted open-weights archi-
tectures (e.g. Meditron[83]) or conducting exhaustive ablation studies across isolated error modes, our
unified framework effectively isolates model robustness in the presence of noisy and contradictory
context. Future work will explore instruction-tuned biomedical generators and adaptive graph traversal
frameworks to further enhance KG-RAG resilience in high-stakes reasoning domains.

6. Conclusion

In this study, we evaluated the robustness of KG-RAG architectures under correct and corrupted
context conditions across 60 unique pipeline configurations. Our findings reveal that KG construction
quality had the strongest influence on downstream fact-verification performance, more than retrieval
depth and generator choice. Additionally, we demonstrated that an LLM-as-a-Judge resolution layer
eliminates nearly all generator abstentions, recovering actionable predictions from non-instruction-
tuned models. Ultimately, ensuring high-fidelity graph construction remains the most critical factor in
building resilient KG-RAG systems capable of reasoning through misinformation and context conflicts.
For reproducibility, our results and prompts are provided at the following repository https://github.
com/AESIRLab/graphRAG-reasoning.
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