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Abstract 
Scientific claim verification requires a system to retrieve relevant papers, isolate sentence-level evidence, and assign a 
SUPPORT, CONTRADICT, or not-enough-information label. This study evaluates a corpus-derived GraphRAG design on 
SciFact using the five predefined cross-validation folds. The system represents 5,183 papers, 45,952 abstract sentences, and 
21,025 scientific entity phrases as a heterogeneous graph with 459,461 typed edges. A 256-dimensional latent-semantic 
Vector RAG baseline is compared with graph propagation and a training-fold-selected hybrid fusion. Across 1,109 out-of-
fold claims, the Hybrid system achieved document recall@5 of 0.7519, compared with 0.6421 for Vector RAG and 0.6654 
for GraphRAG. Complete evidence-set recall@5 reached 0.4645, an absolute gain of 0.1082 over Vector RAG. GraphRAG 
produced the strongest retrieval-augmented verification accuracy (0.4598) and strict grounded accuracy (0.3462), while the 
claim-only classifier retained the highest label accuracy (0.4860). Paired analysis confirmed that Hybrid improved evidence-
set success over Vector RAG, but its grounded-label gain was not statistically significant. The results establish that graph 
structure reliably broadens evidence coverage and improves resilience to query token loss, while downstream verification still 
depends on relation-sensitive reasoning that cannot be replaced by retrieval depth alone. 

Keywords : Graphrag; Scientific Fact Checking; Evidence Retrieval; Knowledge Graph; Retrieval-Augmented Generation; 
Scifact; Claim Verification 

1. Introduction 
Scientific knowledge is communicated through claims whose 
validity depends on precise experimental conditions, 
populations, interventions, and measured outcomes. 
Automated verification therefore differs from topical search: 
a useful system must locate a relevant paper, identify the 
exact sentence or sentence group that bears on the claim, and 
preserve the polarity of the reported relationship. SciFact 
formalized this problem with expert-written claims, 
evidence-containing abstracts, sentence rationales, and 
SUPPORT or REFUTE judgments [1]. The broader fact-
verification literature established similar evidence 
requirements through FEVER [2], while PUBHEALTH [3], 
COVID-Fact [4], and CLIMATE-FEVER [5] demonstrated 
that domain terminology and evidential context materially 
change the task. The scientific fact-checking survey by 
Vladika and Matthes further identifies retrieval, rationale 
extraction, and stance prediction as the central components of 
an end-to-end system [6]. 
Existing scientific verification systems have improved each 
component, but most treat candidate papers as independent 

text units. VerT5erini uses a sequence-to-sequence model 
across abstract retrieval, sentence selection, and label 
prediction [7]. ARSJoint shares information across retrieval, 
rationale, and stance objectives to reduce pipeline error 
propagation [8]. MultiVerS jointly predicts document labels 
and rationales and demonstrates the value of scientific-
domain pretraining and weak supervision [9]. These 
approaches show that stronger encoders improve verification, 
yet they do not directly model the corpus-level connections 
created when multiple papers and sentences share the same 
molecular entities, clinical concepts, biological processes, or 
statistical phrases. Independent ranking can therefore miss 
evidence that is lexically distant from the claim but 
structurally close through shared scientific concepts. Related 
work in code intelligence explicitly separates finding code 
from explaining it [29], while long-document contractual 
analysis addresses retrieval and reasoning across dispersed 
clauses [30]. Both lines of work reinforce the need to preserve 
the path from a query to the supporting unit rather than only 
a final label. 
Retrieval-augmented generation provides a general 
mechanism for conditioning prediction on external evidence. 

https://journal.jci.co.id/jitie
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The original RAG framework combines parametric sequence 
generation with a nonparametric dense index [10]. Dense 
Passage Retrieval [11] and REALM [12] established learned 
retrieval as an effective alternative to purely lexical matching, 
while Fusion-in-Decoder [13] showed that multiple retrieved 
passages can be integrated at the reader stage. Atlas 
demonstrated that retrieval-augmented language models can 
learn knowledge-intensive tasks with comparatively limited 
supervision [14], and KILT established a common evaluation 
framework for knowledge-grounded systems [15]. These 
systems motivate a separation between retrieval and 
reasoning, but vector similarity alone represents each paper 
as a point rather than as an object embedded in a network of 
entities, sentences, and neighboring documents. Domain-
specific retrieval systems have extended this pattern to log 
anomalies by coupling retrieved failure narratives with 
selective refusal [31] and to tokenized financial disclosures 
by grounding generated answers in cited evidence [32]. 
Scientific encoders such as SciBERT [16] and general 
sentence embedding architectures such as Sentence-BERT 
[17] provide strong semantic representations. Their 
effectiveness does not remove the structural problem. A 
dense vector can recognize that two expressions are related, 
but it does not explicitly expose which entity phrase connects 
a claim to a paper, which sentence contains that phrase, or 
which neighboring papers reinforce the connection. This 
study therefore holds the verifier family and training protocol 
fixed while changing the retrieval representation. The 
comparison isolates the value of corpus structure without 
attributing gains to a larger language model, external 
database, or proprietary embedding service. Where labels are 
intrinsically ambiguous, human-uncertainty distillation offers 
a complementary route to calibrated predictions rather than 
forcing all observations into hard targets [33]. 
Graph-based question answering supplies the closest 
methodological precedent. GRAFT-Net reasons over 
question-specific subgraphs that combine text and 
knowledge-base entities [18], and PullNet iteratively expands 
a subgraph before answer extraction [19]. QA-GNN connects 
language-model representations to knowledge-graph 
reasoning [20], while GreaseLM performs bidirectional 
language–graph interaction [21]. KG-FiD uses a knowledge 
graph to rerank passages before a Fusion-in-Decoder reader 
[22]. Graph convolution [23] and the broader graph-network 
formulation [24] explain why relation-specific 
neighborhoods can propagate evidence beyond a single 
lexical match. The present system adapts that principle to 
scientific verification with a lightweight, auditable graph 
built directly from the SciFact corpus. Spectral rank 
aggregation likewise frames graph evidence as a ranking 
problem with analyzable recovery behavior [34]. 
The central research question is whether claim–document–
sentence–entity structure improves evidence acquisition 
when all methods use the same corpus and evaluation folds. 

Four subsidiary questions guide the analysis. First, does 
graph propagation improve document retrieval at shallow and 
deeper cutoffs? Second, does vector–graph fusion recover 
complete evidence groups more reliably than either branch 
alone? Third, do retrieval gains transfer to label accuracy and 
strict evidence-grounded accuracy? Fourth, what costs, 
robustness properties, and failure modes accompany 
structural retrieval? These questions are evaluated with 
document, sentence, evidence-set, classification, latency, 
robustness, ablation, and paired significance measurements. 
A graph representation is particularly appropriate for 
scientific abstracts because evidence often depends on 
repeated concept combinations rather than on a single exact 
phrase. A claim can name an intervention and an outcome, 
while the evidence sentence uses an abbreviation for the 
intervention and places the outcome in a neighboring 
sentence. A vector retriever compresses this configuration 
into a similarity score. A heterogeneous graph retains 
separable paths through the intervention phrase, outcome 
phrase, parent paper, and evidence sentences. Those paths do 
not perform logical entailment, but they preserve candidate 
structure that can be inspected, pruned, and combined with 
semantic similarity. This structural separation is central to 
evidence verification, where the reason a paper was retrieved 
is as important as its topical proximity. Multimodal 
perception systems make a related design choice when they 
fuse independent evidence channels rather than collapse them 
prematurely [35]. 
The evaluation also adopts a deliberately strict distinction 
between relevance and verification. Document recall credits 
the presence of any annotated evidence paper, complete 
evidence-set recall requires every sentence in at least one 
rationale group, and strict grounded accuracy adds the 
requirement of a correct stance label. These nested metrics 
expose where performance is gained or lost. A method can 
retrieve the correct paper but miss the decisive sentence, or 
retrieve the complete rationale but misread its polarity. 
Reporting only end-to-end accuracy would conceal those 
differences, while reporting only retrieval would overstate 
practical verification quality. The experimental design 
therefore follows the full evidence chain from claim to paper, 
sentence group, and final label. Operationally, this distinction 
matters because silent data drift can invalidate a once-reliable 
predictor [36], while confidence-aware late fusion shows that 
the combination rule itself can alter calibration [37]. 
The study makes three contributions. It defines a 
heterogeneous GraphRAG representation in which claim 
nodes connect to corpus-derived scientific entity phrases, 
entity phrases connect to papers and sentences, and paper 
nodes retain explicit sentence membership. It conducts five-
fold out-of-fold evaluation of Vector RAG, GraphRAG, and 
Hybrid retrieval on every labeled SciFact claim, using fold-
specific fusion selection and fold-specific verification 
models. It also separates evidence acquisition from final 
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stance reasoning, showing that the hybrid retriever produces 
the clearest retrieval gain while the graph-only branch 
produces the strongest retrieval-augmented label and 
grounding scores. This distinction prevents a retrieval 
improvement from being reported as a verification 
improvement when the downstream classifier does not realize 
the gain. 

2. Method 
Dataset and evaluation protocol. The experiments use the 
SciFact corpus and its predefined five-fold claim splits. The 
corpus contains 5,183 papers represented by titles and 
abstracts and 45,952 abstract sentences. The labeled pool 
contains 1,109 unique claims: 456 SUPPORT, 237 
CONTRADICT, and 416 NEI. The annotations identify 437 
distinct evidence papers and 1,391 evidence-sentence 
instances. The original training and development files 
contribute 809 and 300 labeled claims, respectively. The 
separate 300-claim test file contains no public evidence 
labels, so every reported score is computed from the five 
labeled held-out folds rather than from an unverifiable test 
estimate. Table I summarizes the evaluated material. 

TABLE I. SciFact data composition used in five-fold 
evaluation 

Item Value 
Corpus papers 5,183 
Abstract sentences 45,952 
Labeled claims 1,109 
SUPPORT claims 456 
CONTRADICT claims 237 
NEI claims 416 
Distinct evidence papers 437 
Annotated evidence sentences 1,391 

 
Each fold trains on approximately four-fifths of the labeled 
claims and predicts only the held-out fifth. Retrieval indices 
are built once from the unlabeled paper corpus because 
corpus indexing does not use claim labels or evidence 
annotations. The hybrid fusion coefficient is selected using 
only the training portion of each fold. The stance classifier 
and its regularization parameter are also fitted inside each 
fold. Concatenating the five held-out predictions yields one 
out-of-fold prediction for every labeled claim, which supports 
paired bootstrap and Wilcoxon tests without evaluating a 
training example as a test example. 
Graph construction. The graph contains document, 
sentence, and entity-phrase nodes; a claim node is instantiated 
at query time. Each document connects to every sentence in 
its abstract. Entity phrases are extracted with a TF–IDF 
vocabulary over one-, two-, and three-token scientific 
phrases, using a minimum document frequency of two, a 
maximum document-frequency ratio of 0.20, and a 

vocabulary cap of 25,000. The fourteen highest-weight 
phrases are retained for each paper and the eight highest-
weight phrases for each sentence. Claim nodes connect to 
their ten highest-weight phrases. The resulting graph contains 
72,160 nodes and 459,461 edge instances, as reported in 
Table II and illustrated in Figs. 1 and 2. 

TABLE II. Heterogeneous graph inventory 
Graph quantity Value 
Document nodes 5,183 
Sentence nodes 45,952 
Entity-phrase nodes 21,025 
Document-entity edges 72,560 
Sentence-entity edges 340,949 
Document-sentence edges 45,952 
Total nodes 72,160 
Total edges 459,461 
Mean entity phrases per document 13.9996 
Mean entity phrases per sentence 7.4197 

 

 
Fig. 1. Claim–document–entity retrieval and verification 
pipeline. 

 
Fig. 2. Node and edge types used by the corpus-derived 
scientific graph. 

The entity representation is deliberately corpus-derived. It 
recognizes multiword scientific expressions that recur in the 
collection without requiring an external ontology, entity 
linker, or abbreviation dictionary. This decision keeps the 
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comparison tied to the available text and avoids injecting 
facts that are absent from the benchmark corpus. It also means 
that the term entity refers to a weighted scientific keyphrase 
rather than a canonical biomedical identifier. Degree 
normalization downweights phrases that occur in many 
documents, preventing broad expressions such as common 
assay terms from dominating more discriminative phrases. 
Vector RAG. The vector branch uses lowercased word 
unigrams and bigrams with English stop-word removal, 
sublinear term frequency, a 60,000-feature cap, and L2 
normalization. The paper title is repeated once before the 
abstract to provide a fixed title prior. Truncated singular-
value decomposition maps document and sentence TF–IDF 
vectors to 256-dimensional latent-semantic representations. 
This construction follows the term-weighting principles 
developed for vector-space retrieval [27] and the latent 
semantic analysis formulation of Deerwester et al. [26]. 
Cosine similarity between a claim vector and every paper 
vector produces the document ranking. Candidate sentences 
are then ranked by claim–sentence cosine similarity. 
GraphRAG scoring. Let q be the normalized sparse claim–
entity vector and D the normalized document–entity matrix 
after inverse-square-root entity-degree weighting. The direct 
graph score is s_direct = Dq. A one-step diffusion computes 
an expanded entity vector from Dᵀs_direct, applies the same 
degree correction, and projects the result back to documents. 
The final graph score is 0.72s_direct + 0.28s_diffused. This 
short propagation is related to graph convolution [23], graph-
network message passing [24], and link-analysis methods 
such as PageRank [28], but it remains a deterministic 
weighted propagation rather than a trained graph neural 
network. The restriction to one diffusion step prevents high-
degree hubs from overwhelming claim-specific evidence. 
For sentence ranking, GraphRAG combines direct claim–
sentence entity overlap with the normalized score of the 
sentence's parent paper. The sentence score is 0.68 times 
entity similarity plus 0.32 times parent-document relevance. 
Explicit parent membership prevents a sentence from being 
selected solely because it contains a frequent entity phrase; it 
must also belong to a paper supported by the graph path. 
TextRank demonstrated the utility of graph-centrality signals 
for sentence selection [25], while GRAFT-Net [18], PullNet 
[19], QA-GNN [20], GreaseLM [21], and KG-FiD [22] 
motivate the use of heterogeneous paths for retrieval and 
reasoning. 
Hybrid retrieval. Vector and graph document scores are 
min–max normalized for each query and combined as 
s_hybrid = αs_vector + (1 − α)s_graph. The candidate set uses 
the ten highest-scoring papers, and sentence scores are fused 
with the same coefficient. Alpha is selected from {0.2, 0.4, 
0.6, 0.8} by maximizing training-fold document recall@5 
and then training-fold MRR. Every fold selected α = 0.6, 
which gives slightly more weight to semantic similarity while 
retaining a substantial structural component. Because this 

value is chosen independently inside each fold, the reported 
hybrid results do not use held-out evidence labels for tuning. 
Verification model. The verifier receives the claim, the titles 
of the three highest-ranked papers, and the five highest-
ranked evidence sentences. Word unigrams and bigrams are 
combined with character three- to five-grams in a feature 
union. A class-balanced one-versus-rest logistic regression 
model predicts CONTRADICT, NEI, or SUPPORT. The 
regularization coefficient is selected from {0.5, 1.0, 2.0} by 
three-fold stratified cross-validation within the training 
claims. A claim-only baseline uses the identical feature 
construction, classifier family, regularization search, and fold 
assignments but excludes retrieved paper titles and evidence 
sentences. The fixed verifier makes differences among the 
three RAG conditions attributable to their retrieved context 
rather than to different readers. 
Metrics. Document retrieval is measured by reciprocal rank 
and recall at 1, 3, 5, and 10 over verifiable claims. Evidence 
evaluation reports complete evidence-set recall, which 
awards credit only when at least one annotated rationale 
group is fully contained in the top-k sentences, together with 
sentence-level macro precision, recall, and F1. Label 
evaluation reports accuracy, macro-F1, and class-specific F1. 
Strict grounded accuracy requires a correct label and a 
complete evidence group for SUPPORT or CONTRADICT 
claims; a correctly predicted NEI claim satisfies the metric 
without an evidence sentence. The claim-only baseline has no 
grounded score because it does not retrieve evidence. 
Because point estimates can hide unstable rankings, the 
analysis also follows the broader uncertainty-quantification 
principle that estimator variability should be reported 
alongside central performance [38]. 

TABLE III. Experimental configuration 
Hyperparameter Value 
Vector dimension 256 
Lexical n-grams 1–2 
Entity phrase n-grams 1–3 
Entity vocabulary cap 25000 
Entities per paper 14 
Entities per sentence 8 
Graph direct/diffused weights 0.72/0.28 
Retrieved papers 10 
Retrieved sentences 10 
Classifier context sentences 5 
Random seed 2026 

 
Additional analyses. Retrieval depth is varied from one to ten 
sentences while holding each out-of-fold label prediction 
fixed, isolating how additional evidence coverage changes 
strict grounding. The graph ablation removes diffusion, and 
the hybrid ablation compares fusion with and without 
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diffusion. Robustness is measured by deterministically 
deleting 20% of non-negation content tokens from each 
verifiable claim and recomputing document recall@5. 
Efficiency uses 200 fixed claims, three uncached end-to-end 
retrieval passes per method, and the median pass for mean 
and 95th-percentile latency. Paired differences use 5,000 
bootstrap resamples and a Wilcoxon signed-rank test. Table 
III records the complete configuration. These tests reflect 
deployment concerns found in deep-autoencoder IoT 
anomaly detection [39] and residual-fusion modeling of 
noisy-neighbor VM degradation [40], where performance can 
change when signals are corrupted or environmental 
conditions shift. 
Label and rationale handling. SciFact stores evidence as 
document-indexed groups, and a claim can have more than 
one acceptable rationale. SUPPORT is assigned when any 
annotated evidence entry carries a SUPPORT label; 
otherwise an evidence-bearing claim is CONTRADICT, and 
a claim without evidence entries is NEI. Retrieval metrics are 
computed only over evidence-bearing claims because NEI 
has no gold paper or sentence. Classification metrics include 
all three classes. Complete evidence-set recall treats each 
annotated group as an alternative: the prediction succeeds 
when the top-k sentences fully contain at least one group, 
rather than requiring the union of every annotator rationale. 
This rule matches the operational requirement that one 
sufficient justification is enough to ground a decision. 
Ranking and normalization details. Document scores are 
calculated over the entire 5,183-paper corpus before the 
highest-scoring candidates are selected. Min–max 
normalization is performed independently for each query and 
each branch, preventing the larger numeric range of either the 
latent-semantic or graph score from determining the fusion. 
Sentence ranking is restricted to sentences belonging to the 
retrieved papers, which preserves a two-stage paper-to-
rationale workflow and avoids comparing every sentence in 
the corpus for every claim. Ties are resolved by the 
deterministic order returned by the score sort, and every 
cutoff uses the same ranked list. The method therefore 
changes only the representation and fusion signal, not the 
candidate budget or evaluation protocol. 
Statistical unit and aggregation. Fold-level tables report the 
arithmetic mean and sample standard deviation across the 
five held-out folds. Paired tests instead operate on the 1,109 
out-of-fold claim outcomes, preserving the within-claim 
comparison between methods. Bootstrap intervals resample 
claims with replacement, and the Wilcoxon test evaluates the 
signed paired differences without assuming normality. The 
evidence-success test excludes NEI claims because their lack 
of a gold rationale would otherwise create automatic ties. 
Grounded-accuracy tests retain NEI because a correct NEI 
decision is a valid end-to-end outcome. This separation keeps 
the inferential unit aligned with each metric's definition. 

Error analysis assigns every failed Hybrid grounded 
prediction to one mutually exclusive category. A failure is 
first labeled as a document retrieval miss when no gold paper 
appears in the top five, then as a multi-sentence or single-
sentence ranking miss when the paper is present but a 
complete rationale is absent. Remaining failures are classified 
by quantitative expressions, explicit negation, or other 
semantic-relation errors. This ordering separates acquisition 
failures from stance failures and prevents a later linguistic 
category from masking an earlier retrieval breakdown. 
Retrieving normal prototypes for OpenStack failure-injection 
logs similarly uses contrastive evidence to make anomaly 
explanations inspectable [41]. 
Implementation control. All random operations use seed 
2026. The index and evaluation are implemented with 
NumPy, SciPy, scikit-learn, pandas, and NetworkX. The 
vector and graph branches share the same corpus, query text, 
document cutoff, sentence cutoff, and five-fold partitions. No 
external abstracts, knowledge-base triples, pretrained 
embedding endpoints, or manually written query expansions 
enter the rankings. These controls make the observed 
differences a direct test of vector geometry, graph 
propagation, and their fusion. Operational workflows in 
AIOps [42] and LLM-assisted CI diagnosis and repair [43] 
further motivate retaining run-level outputs that connect a 
detected failure to its supporting observations and proposed 
action. 

3. Results and Discussion 
Corpus and graph scale. Table I shows that the evaluation 
covers all 1,109 labeled claims and 1,391 annotated evidence-
sentence instances. The class distribution is imbalanced: 
CONTRADICT accounts for only 21.4% of claims, while 
SUPPORT and NEI account for 41.1% and 37.5%. Table II 
shows that sentence–entity links form the largest edge family 
(340,949), followed by document–entity links (72,560) and 
document–sentence membership (45,952). The average paper 
retains 14.00 entity phrases and the average sentence retains 
7.42. This sparsity keeps the graph interpretable while 
providing repeated paths between claims and papers. 
Figure 1 presents the complete pipeline. A claim enters 
parallel vector and graph branches, the document scores are 
fused when the Hybrid method is selected, and sentence 
evidence is ranked within the retrieved papers before label 
prediction. Figure 2 makes the heterogeneous path explicit: a 
claim mentions entity phrases; those phrases occur in papers 
and sentences; papers contain sentences. The graph therefore 
preserves both semantic co-occurrence and document 
structure. It does not assert that every shared phrase proves a 
relation. Instead, the graph supplies a structured candidate-
ranking signal whose validity is tested against annotated 
evidence. 
Document retrieval. Table IV and Fig. 3 show a consistent 
advantage for fusion. Hybrid achieved MRR 0.5835, 
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recall@1 0.4661, recall@3 0.6739, recall@5 0.7519, and 
recall@10 0.8211. At k = 5, the absolute gain was 0.1098 
over Vector RAG and 0.0865 over GraphRAG. The 
improvement is not confined to deep retrieval: Hybrid also 
increased recall@1 by 0.0665 over the vector baseline. 

TABLE IV. Five-fold document retrieval performance 
Method MRR R@1 R@3 R@5 R@10 
Vector RAG 0.5059 0.3996 0.5641 0.6421 0.7490 
GraphRAG 0.5025 0.3810 0.5961 0.6654 0.7605 
Hybrid 0.5835 0.4661 0.6739 0.7519 0.8211 

 

 
Fig. 3. Document recall as retrieval depth increases. 

The two single-branch systems exhibit complementary 
ranking behavior. Vector RAG produced slightly higher 
MRR (0.5059) and recall@1 (0.3996) than GraphRAG 
(0.5025 and 0.3810). GraphRAG overtook Vector RAG at 
recall@3, recall@5, and recall@10, reaching 0.7605 at ten 
papers compared with 0.7490. This pattern matches the 
intended role of propagation: direct dense similarity is 
effective for the first result, while shared entity 
neighborhoods broaden coverage as the candidate list 
expands. Complementarity between structural and semantic 
channels is analogous to computer-vision systems that 
combine receptive-field adaptation with attention rather than 
relying on either mechanism alone [44]. 
Evidence retrieval. The document gain translated into 
stronger rationale recovery. Hybrid complete evidence-set 
recall was 0.2409 at one sentence, 0.4010 at three, 0.4645 at 
five, and 0.5843 at ten. At k = 5, Hybrid exceeded Vector 
RAG by 0.1082 and GraphRAG by 0.0474. Hybrid sentence 
F1@5 reached 0.1947, compared with 0.1764 for GraphRAG 
and 0.1375 for Vector RAG. Table V and Fig. 4 therefore 
support the retrieval hypothesis at both document and 
sentence levels. 

TABLE V. Complete evidence-set and sentence retrieval 

Method Set 
R@1 

Set 
R@3 

Set 
R@5 

Set 
R@10 

Sentence 
F1@5 

Vector 
RAG 0.1904 0.2986 0.3563 0.4588 0.1375 

GraphRAG 0.1559 0.3261 0.4171 0.5383 0.1764 
Hybrid 0.2409 0.4010 0.4645 0.5843 0.1947 

 

 
Fig. 4. Complete evidence-set recall across sentence cutoffs. 

GraphRAG alone was especially effective at deeper evidence 
cutoffs. Its evidence-set recall@10 was 0.5383, an absolute 
gain of 0.0795 over Vector RAG. Its sentence F1@5 
exceeded the vector score by 0.0390. At one sentence, 
however, Vector RAG recovered complete evidence sets 
more often than GraphRAG. Graph propagation therefore 
improves breadth rather than guaranteeing that the first 
selected sentence is the decisive rationale. 
Verification accuracy. Table VI and Fig. 5 reveal a different 
ordering from retrieval. The claim-only classifier achieved 
the highest label accuracy (0.4860) and macro-F1 (0.4518). 
Among retrieval-augmented systems, GraphRAG was 
strongest, with accuracy 0.4598, macro-F1 0.4259, and strict 
grounded accuracy 0.3462. Hybrid achieved accuracy 
0.4445, macro-F1 0.4115, and grounded accuracy 0.3444. 
Vector RAG was lowest on these three metrics. Better 
retrieval therefore did not automatically produce better three-
way classification under the fixed linear verifier. Comparable 
separations between prediction and evidential interpretation 
arise in cancer image classification [45] and multiple-
myeloma minimal-residual-disease prediction [46]: a correct 
class decision is not itself a traceable rationale. 
TABLE VI. Three-way verification and strict grounding 

Metho
d 

Accu
racy 

Mac
ro-
F1 

SUPP
ORT 
F1 

CONTRA
DICT F1 

NE
I F1 

Grou
nded 
accur
acy 

Claim 
only 

0.486
0 

0.45
18 0.4359 0.2234 0.69

62 — 
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Metho
d 

Accu
racy 

Mac
ro-
F1 

SUPP
ORT 
F1 

CONTRA
DICT F1 

NE
I F1 

Grou
nded 
accur
acy 

Vector 
RAG 

0.439
1 

0.40
11 0.3721 0.1545 0.67

69 0.3273 

Graph
RAG 

0.459
8 

0.42
59 0.3982 0.1840 0.69

54 0.3462 

Hybrid 0.444
5 

0.41
15 0.3746 0.1813 0.67

85 0.3444 

 

 
Fig. 5. Label and grounding metrics for the four verification 

conditions. 

The claim-only result does not invalidate evidence retrieval. 
It exposes label regularities that the classifier can exploit 
directly from claim wording, particularly for NEI. Claim-
only NEI F1 was 0.6962, whereas its CONTRADICT F1 was 
only 0.2234. Retrieved context adds many medically and 
scientifically relevant terms, but a bag-of-ngrams verifier 
cannot reliably determine whether those terms express 
support, contradiction, comparison, or an unrelated 
association. GraphRAG's advantage over Vector RAG within 
the retrieval-augmented conditions shows that cleaner 
structural context helps, yet the remaining gap requires a 
verifier that represents directional and quantitative relations 
rather than only token evidence. Similar concerns arise in 
bank credit-risk models, where a label can be operationally 
consequential even when the predictive rule is comparatively 
simple [47]. 
Grounding depth. Figure 6 separates label prediction from 
evidence coverage by holding out-of-fold labels fixed while 
increasing the number of available sentences. Hybrid 
grounded accuracy rose from 0.3066 with one sentence to 
0.3733 with ten. GraphRAG rose from 0.2949 to 0.3715, and 
Vector RAG rose from 0.2958 to 0.3490. Hybrid is best at 
one, three, seven, and ten sentences, while GraphRAG is 
slightly best at five. The monotonic curves confirm that 
missing rationales remain a major limitation even when the 
predicted stance is unchanged. Evidence depth also matters 
in data-rich financial services, where customer-insight and 

risk models combine heterogeneous signals and require a 
reviewable basis for action [48]. 

 
Fig. 6. Retrieval depth–grounded accuracy relationship. 

The depth curve also establishes a practical cost–coverage 
tradeoff. Moving from five to ten sentences increases Hybrid 
grounded accuracy by approximately 0.0289 and GraphRAG 
by approximately 0.0253, but doubles the evidence text 
passed to the verifier. For a system that must display evidence 
to a human reviewer, the five-sentence setting offers a 
compact operating point; for an automated verifier with a 
larger context budget, the ten-sentence setting recovers 
additional complete rationales. The result argues for adaptive 
depth based on confidence or evidence completeness rather 
than a single fixed cutoff for every claim. The same design 
principle appears in personalized recommendation, where 
added modeling complexity must justify operational utility 
[49]. It is explicit in risk-aware auto-bidding [50] and 
constrained marketing-budget allocation [51], which 
optimize performance under hard resource limits. 
Graph ablation. Table VII shows that diffusion improves 
standalone GraphRAG. Adding the one-step diffusion to 
direct entity paths raises document recall@5 from 0.6537 to 
0.6652, evidence-set recall@5 from 0.4055 to 0.4170, and 
sentence F1@5 from 0.1721 to 0.1766. The effect is small but 
consistent across the three retrieval measures. Diffusion 
therefore recovers papers connected through neighboring 
entity profiles rather than only through direct claim phrase 
overlap. 

TABLE VII. Graph propagation and fusion ablation 

Variant Doc 
R@5 

Evidence-set 
R@5 

Sentence 
F1@5 

Direct entity 
paths 0.6537 0.4055 0.1721 

Direct + 
diffusion 0.6652 0.4170 0.1766 

Hybrid without 
diffusion 0.7532 0.4661 0.1944 

Full hybrid 0.7518 0.4646 0.1949 
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The hybrid ablation is more nuanced. Hybrid without 
diffusion produced document recall@5 of 0.7532 and 
evidence-set recall@5 of 0.4661, slightly above the full 
Hybrid values of 0.7518 and 0.4646 in the pooled ablation. 
Full Hybrid produced the marginally higher sentence F1@5, 
0.1949 versus 0.1944. Once vector similarity is present, the 
diffused document signal is partly redundant and can reorder 
a small number of already relevant papers. The standalone 
graph benefit and the fused result are therefore logically 
compatible: diffusion strengthens the graph branch but is not 
uniformly beneficial after score fusion. 
Paired significance. Table VIII reports claim-level paired 
tests. Hybrid exceeded Vector RAG on verifiable-claim 
evidence success by 0.1082 (95% bootstrap CI [0.0779, 
0.1385]; bootstrap p = 0.0002; Wilcoxon p = 2.83e-11). Its 
grounded-accuracy gain over Vector RAG was 0.0171, but 
the interval crossed zero and the Wilcoxon test was not 
significant; Hybrid and GraphRAG were also tied on 
grounded accuracy. Thus, complete evidence retrieval 
improved clearly without a corresponding label-
interpretation gain. Paired evaluation is likewise used in 
enterprise marketing prediction [52], while counterfactual 
ranking highlights policy bias in logged comparisons [53]. 

TABLE VIII. Paired out-of-fold significance tests 

Comparis
on 

Mean 
differen
ce 

95% 
CI 
low 

95% 
CI 
high 

Bootstr
ap p 

Wilcox
on p 

Hybrid vs. 
Vector 
(grounded 
accuracy) 

0.0171 
-
0.007
2 

0.041
5 0.1664 0.1556 

Hybrid vs. 
GraphRA
G 
(grounded 
accuracy) 

-0.0018 
-
0.024
3 

0.020
7 0.9256 0.8744 

Hybrid vs. 
Vector 
(evidence-
set 
success) 

0.1082 0.077
9 

0.138
5 0.0002 2.83e-

11 

 
Efficiency. Table IX reports uncached end-to-end retrieval 
on the same 200 claims. Mean latency was 17.33 ms for 
Vector RAG, 20.40 ms for GraphRAG, and 18.36 ms for 
Hybrid. The 95th-percentile values were close across 
methods. Vector index construction required 8.46 s and graph 
construction required 6.00 s. On this corpus, structural 
retrieval adds no material query-latency penalty because both 
branches use sparse or matrix-vector operations over only 
5,183 papers. Hybrid computes both scores but remains in the 
same latency range. These deployment observations are 
consistent with hybrid-cloud LLM architectures that allocate 

work by resource and cost constraints [54]. Related edge and 
document systems compress quality signals [55], prioritize 
PDF content to improve time-to-useful rendering [56], and 
use offline decision policies for urban dispatch [57]; each 
treats latency as part of model quality rather than a separate 
systems statistic. 

TABLE IX. Uncached retrieval efficiency and index 
construction 

Method 
Mean 
latenc
y (ms) 

P95 
latenc
y (ms) 

Queries/
s 

Vecto
r 
build 
(s) 

Grap
h 
build 
(s) 

Vector 
RAG 17.33 35.79 57.72 8.46 0.00 

GraphRA
G 20.40 39.09 49.01 0.00 6.00 

Hybrid 18.36 36.17 54.48 8.46 6.00 
 
Robustness. Figure 7 and Table X show retrieval after 
deterministic deletion of 20% of non-negation content tokens. 
Vector RAG recall@5 fell from 0.6421 to 0.5830, a drop of 
0.0592. GraphRAG had the smallest drop, 0.0476, consistent 
with multiple entity paths distributing relevance across the 
remaining terms. Hybrid had the largest absolute drop, 
0.0678, yet still retained the highest perturbed recall@5, 
0.6840. The fusion is strongest in absolute performance, 
while the graph branch is most stable relative to its own clean 
score. Robustness under changing traffic is also central to 
learned DDoS mitigation [58], although the perturbations 
here target claim wording rather than network behavior. 

TABLE X. Document retrieval after 20% content-token 
deletion 

Method Original 
R@5 

Perturbed 
R@5 

Absolute 
drop 

Vector 
RAG 0.6421 0.5830 0.0592 

GraphRAG 0.6652 0.6176 0.0476 
Hybrid 0.7518 0.6840 0.0678 
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Fig. 7. Clean and perturbed document recall@5. 

Confusion and error structure. Figure 8 shows that the 
Hybrid verifier correctly classified 282 of 416 NEI claims, 47 
of 237 CONTRADICT claims, and 164 of 456 SUPPORT 
claims. The largest off-diagonal cells are CONTRADICT 
predicted as SUPPORT (160) and SUPPORT predicted as 
CONTRADICT (189). This polarity exchange explains the 
low CONTRADICT and SUPPORT F1 values and confirms 
that retrieving a related paper is not equivalent to resolving 
the direction of its finding. 

 
Fig. 8. Hybrid out-of-fold confusion matrix. 

Table XI assigns 727 failed grounded predictions to their first 
decisive error. Semantic-relation errors account for 25.03%, 
sentence-ranking misses for 23.66%, document retrieval 
misses for 23.52%, and quantitative-relation errors for 
19.81%. Multi-sentence evidence misses account for 4.40%, 
and explicit negation or polarity cues account for 3.58%. 
Acquisition failures therefore represent nearly half of the 
errors, while relation and quantity interpretation represent 
another large share. The remaining research problem is not a 
single bottleneck; it is the interaction between candidate 
coverage and fine-grained inference. 

TABLE XI. First decisive error category for failed 
Hybrid grounded predictions 

Error category Count Percentage 
semantic relation error 182 25.03 
sentence ranking miss 172 23.66 
document retrieval miss 171 23.52 
quantitative relation error 144 19.81 
multi-sentence evidence miss 32 4.40 
negation or polarity error 26 3.58 

 
Fold stability. The principal retrieval gains were not driven 
by a single split. Hybrid document recall@5 had a five-fold 
standard deviation of 0.0403, compared with 0.0376 for 
Vector RAG and 0.0677 for GraphRAG. Hybrid MRR varied 
by 0.0334 across folds, which is lower than the graph MRR 
variation of 0.0573. Verification scores were also 
comparatively stable: Hybrid macro-F1 standard deviation 
was 0.0168, and GraphRAG macro-F1 standard deviation 
was 0.0316. The consistent selection of α = 0.6 in all five 
training folds provides an additional stability signal, because 
each fold independently preferred the same semantic–
structural balance. Temporal forecasting with news and 
macroeconomic fusion [59] and cross-domain learning with 
approximately shared features [60] illustrate the same 
concern at a broader level: stability on one split does not 
establish transfer to a shifted distribution. 

4. Limitations 
The graph uses corpus-derived keyphrases rather than 
normalized biomedical entities. Synonyms can remain 
disconnected, and a phrase shared by several papers can 
represent different concepts in different contexts. Degree 
normalization reduces hub effects but does not perform entity 
disambiguation. An ontology-linked graph would test 
whether canonical identifiers strengthen the same structural 
advantage, but it would also introduce external knowledge 
and linking errors that are absent from the current 
comparison. Because the corpus and keyphrase extraction are 
English-only, the design also leaves language accessibility 
untested; evidence from bilingual computer-science 
instruction shows that language choice can affect learning 
and engagement [61]. 
The verifier is a balanced linear classifier over word and 
character n-grams. This choice isolates retrieval differences 
and keeps every prediction auditable, but it underrepresents 
causal direction, numerical comparison, study population, 
and scope. The confusion matrix and error taxonomy show 
that these relation-sensitive cases dominate residual 
classification failures. A transformer-based natural-language-
inference verifier or a constrained language model would use 
the retrieved evidence more fully, but its gains would 
combine retrieval quality with reader capacity. 
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SciFact contains paper titles and abstracts rather than full 
articles, tables, figures, appendices, or supplementary 
material. The graph therefore cannot follow evidence that 
depends on methods details or results reported outside the 
abstract. The corpus also contains 5,183 papers, far fewer 
than an operational scientific search index. Query latency and 
graph density will change at million-document scale, where 
approximate nearest-neighbor search, partitioned sparse 
propagation, and incremental graph updates become 
necessary. 
The error taxonomy is rule-based and assigns only one first 
decisive category to each failure. It separates clear document 
and sentence acquisition misses from surface indicators of 
quantitative or negation reasoning, but it does not replace 
expert qualitative annotation. A claim containing a number 
can fail for a nonquantitative reason, and a semantic-relation 
category can contain several distinct phenomena. The 
category counts are therefore diagnostic summaries tied to 
explicit rules rather than estimates of a universal causal 
distribution. Human review of a stratified error sample would 
refine the taxonomy and measure agreement between 
analysts. 
The comparison intentionally excludes pretrained dense 
scientific encoders and large generative verifiers. This control 
makes the graph contribution identifiable, but it also limits 
absolute performance relative to systems that use SciBERT, 
T5, or larger retrieval-augmented readers. The reported gains 
establish that structure improves a transparent local 
representation; they do not establish that the same numeric 
advantage persists after every branch is replaced with a 
stronger neural component. A subsequent factorial 
experiment should cross vector representation strength, graph 
structure, and verifier capacity rather than changing all three 
simultaneously. 
The robustness test deletes content tokens deterministically 
and preserves explicit negation. It measures sensitivity to 
incomplete wording, not paraphrase, terminology 
substitution, adversarial entity insertion, or domain shift. 
Complete evidence-set recall is evaluated against the 
available annotations, so unannotated but valid rationales 
receive no credit. Finally, results are limited to SciFact's 
scientific domains and class distribution; the same fusion 
weight and graph sparsity require independent evaluation on 
other evidence-verification collections. 

5. Conclusion 
This study evaluated Vector RAG, GraphRAG, and Hybrid 
graph–vector retrieval on every labeled SciFact claim through 
five-fold out-of-fold experiments. The Hybrid method 
achieved document recall@5 of 0.7519 and complete 
evidence-set recall@5 of 0.4645, improving the 
corresponding Vector RAG scores by 0.1098 and 0.1082. 
GraphRAG produced the best retrieval-augmented accuracy 
(0.4598) and grounded accuracy (0.3462), while the Hybrid 

evidence advantage over Vector RAG was statistically 
significant. The graph branch also showed the smallest 
relative loss after query-token deletion. 
For system builders, the findings support an evidence-first 
architecture. The retriever should expose both semantic 
similarity and graph paths, retain enough depth to recover 
complete rationales, and pass sentence-level scores and 
provenance to the verifier. The verifier should then decide 
stance over the smallest sufficient evidence set rather than 
over an undifferentiated block of context. This division 
preserves the measurable retrieval advantage of Hybrid 
GraphRAG while directing model capacity toward the 
relation and quantity errors that dominate the remaining 
failures. Human-facing delivery should likewise organize 
provenance and uncertainty rather than expose raw scores 
alone. Financial risk dashboards [62] and retrieved-evidence 
explanation cards for traffic-sign alerts [63] provide 
complementary examples of visual hierarchy and localized 
evidence presentation. 
The results define a clear boundary for GraphRAG in 
scientific verification. Claim–document–entity structure is 
valuable for finding papers and assembling complete 
rationales, especially beyond the first result. It does not by 
itself solve stance interpretation, and additional retrieved text 
can degrade a verifier that lacks relation-sensitive reasoning. 
A practical scientific fact-checking system should therefore 
combine hybrid structural retrieval with a verifier designed 
for polarity, quantities, study conditions, and multi-sentence 
inference. 
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