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Abstract

Misinformation that cites legitimate papers can
be especially harmful when it distorts what
those studies actually report. While existing
automatic fact-checking systems based on large
language models (LLMs) can assess whether a
model assigns an Incorrect verdict and can gen-
erate explanations for that decision, they typi-
cally do not indicate whether the model follows
the same reasoning path as human experts or
arrives at the verdict through a different but still
valid path. In this work, we introduce a graph-
based framework (typed reasoning graph) for
comparing human and LLM reasoning paths
in scientific fact-checking. Building on prior
work on fallacious reasoning in biomedical
misinformation, MISSCIPLUS (Glockner et al.,
2025), we model each explanation as a rea-
soning graph that links the false claim to the
relevant study context, study findings, fallacy-
supporting premises, and fallacy labels. This
representation enables one-to-one alignment
of human and LLM reasoning at the level of
fallacy-specific sub-graphs. For non-human-
aligned LLM paths, we validate grounding in
the cited study, relevance to the claim, and suf-
ficiency for the verdict. Using 84 false claims
from MISSCIPLUS, we evaluate GPT-5, Claude
Opus 4.7, and Qwen3-32B across prompt and
evidence settings. Results show distinct perfor-
mance dimensions: Qwen3-32B has the lowest
verdict failure rate, GPT-5 the highest human
alignment, and Claude Opus 4.7 weak verdict
prediction but often valid reasoning in success-
ful cases.1

1 Introduction

Misinformation is often most persuasive when it
cites real scientific studies while misrepresenting
what they report (Glockner et al., 2024, 2025). For
scientific fact-checking, the main challenge is there-
fore not only to determine a claim as true or false,

1Code and data will be released upon acceptance.

but also to assess how the cited evidence is inter-
preted and how the reasoning from study findings
to verdict is constructed. This distinction is impor-
tant in the context of fact-checking systems based
on large language models (LLMs): a model may
produce a correct verdict and a fluent explanation,
yet rely on reasoning that diverges from human ex-
perts, is insufficiently grounded in the cited study,
or fails to justify the verdict (Atanasova et al., 2023;
Parcalabescu and Frank, 2024).

Previous work on scientific and biomedical fact-
checking has advanced claim verification, evidence
retrieval, rationale selection, and explanation gener-
ation (Wadden et al., 2020, 2022; Kotonya and Toni,
2020; Sarrouti et al., 2021; Vladika et al., 2024). A
closely related line of work shows that false scien-
tific claims frequently arise from fallacious reason-
ing over genuine studies: MISSCI (Glockner et al.,
2024) reported such cases as fallacious arguments,
and MISSCIPLUS (Glockner et al., 2025) grounds
those fallacies in passages from misrepresented
studies. However, existing evaluations primarily
assess verdicts, retrieved evidence, fallacy labels,
or free-text explanations, rather than directly com-
paring whether LLMs and human experts reach
the verdict through the same reasoning path. They
also leave open a crucial question: when an LLM’s
reasoning diverges from expert reasoning, is it still
a valid alternative path, or is it ungrounded, irrele-
vant, or insufficient to justify the verdict?

We frame this gap as a process-level evaluation
problem: to assess whether an LLM explanation is
trustworthy, we must evaluate the inferential struc-
ture that connects the cited study to the verdict. We
define a typed reasoning graph as this structure: it
links the claim, relevant study context and findings,
the premises that expose the misrepresentation, and
the fallacy label that characterizes it (Section 2).

As illustrated in Figure 1, this structure matters
because two explanations can reach the same In-
correct verdict while citing different parts of the
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CLAIM Federal	agencies	already	knew	that	hydroxychloroquine
and	chloroquine	were	very	likely	to	be	effective	against	COVID-19.

cited	scientific
paper

Study
context

Study
finding

Fallacy	Support
Premise Fallacy	label(s) Verdict

Human
expert

explanation

In	vitro	screen	of	290	drugs
in	Vero	E6	(monkey	kidney)
cells	against	MERS-CoV

and	SARS-CoV.

72	drugs	active	against
MERS-CoV,	6	against
SARS-CoV.	Chloroquine

diphosphate	and
hydroxychloroquine
sulfate	hit	both.

In	vitro	cell	results	cannot
replace	clinical	trials
testing	safety	and

effectiveness	in	people.

Hasty
generalization

Incorrect

LLM
explanation

Screened	290	approved/
developmental	drugs	in
Vero	E6	cells	against

MERS-CoV	and	SARS-CoV
to	find	in	vitro	hits	for
animal/clinical	studies.

Chloroquine	and
hydroxychloroquine	showed

micromolar	antiviral
activity	in	cell	culture.
Authors	note	further

in	vivo	testing	is	needed.

Extrapolating	limited	in	vitro
findings	to	COVID-19	clinical
effectiveness	is	a	major
distortion	of	the	study.

Prior	animal	data:	chloroquine
inhibited	coronavirus	in	vitro	but
did	not	reduce	SARS-CoV	titers
in	mice;	protection	studies

still	required.

Hasty
generalization

Fallacy	of
exclusion

Incorrect

This	second	sub-graph	is	not	aligned	with	the	human	reference

Figure 1: Example reasoning-path comparison for a misleading scientific claim: Both explanations reach the same
verdict, Incorrect. The LLM aligns with the human reference on the upper reasoning path labeling it as Hasty
Generalization. In addition, the LLM extracts a second reasoning path labeling it as Fallacy of Exclusion

study, drawing different intermediate premises, or
identifying different fallacy types. In the exam-
ple, the human expert and the LLM agree on the
final verdict, but the LLM extracts an additional
fallacy-supporting premise, leading to a second
fallacy label that does not align with the human
reference. Such differences are difficult to capture
through verdict accuracy, fallacy labels, or free-text
comparison alone. This representation allows us
to align human and LLM explanations at the level
of fallacy-specific subgraphs: fine-grained reason-
ing units that capture a particular fallacy judgment
together with its supporting premises.

Conversely, divergence from the human refer-
ence should not automatically be treated as an er-
ror: an LLM may reach the same verdict through
a different but still valid reasoning path. We there-
fore assess non-aligned reasoning paths by asking
whether they are grounded in the cited study, rele-
vant to the claim, and sufficient to justify the ver-
dict. This separates principled alternative reason-
ing from explanations that merely sound plausible,
drawing on work in attribution, grounded expla-
nation, and structured rationales (DeYoung et al.,
2020; Dalvi et al., 2021; Fabbri et al., 2022; Min
et al., 2023; Li et al., 2024; Tang et al., 2024).

Building on our typed reasoning graph repre-
sentation, we study three questions that separate
verdict correctness from reasoning quality. (RQ1)
Given a misleading scientific claim and its cited
study, how reliably do LLMs predict the expected
Incorrect verdict? (RQ2) When LLMs reach the ex-

pected verdict, how often do their reasoning paths
align with the human expert path at the level of
fallacy-specific sub-graphs? (RQ3) When LLM
reasoning is not human-aligned, does it remain
grounded in the cited study, relevant to the claim,
and sufficient to justify the verdict?

Using 84 false claims and the corresponding sci-
entific papers from MISSCIPLUS (Glockner et al.,
2025), we evaluate GPT-5, Claude Opus 4.7, and
Qwen3-32B across prompt and evidence settings.
Our results show that verdict accuracy alone sub-
stantially overstates reasoning quality (Section 4).
Even under the full-study evidence setting with
the detailed prompt, human-aligned reasoning ac-
counts for only a minority of claims: 32.1% for
GPT-5, 8.3% for Claude Opus 4.7, and 15.5% for
Qwen3-32B. However, many non-aligned reason-
ing paths are still valid after validation, indicat-
ing that LLMs often reach correct verdicts through
alternative reasoning paths rather than by repro-
ducing expert rationales. This pattern is most pro-
nounced for Qwen3-32B, which has the lowest
verdict failure rate but limited human alignment,
and for Claude Opus 4.7, whose high verdict fail-
ure rate contrasts with a substantial share of valid
non-aligned reasoning among the remaining cases.

These findings suggest that LLM-based systems
may support real-world scientific fact-checking by
generating structured reasoning paths for inspec-
tion. Experts can use these paths as candidate ex-
planations to verify or revise, while the public can
use them to see how a verdict is justified and where



a claim misrepresents cited evidence. However,
such systems should remain explanation aids rather
than standalone arbiters, since assessing grounding
and sufficiency often requires domain expertise.

To summarize, our main contributions are: (1)
we propose a graph-based framework for compar-
ing human and LLM reasoning paths in scientific
fact-checking that decomposes each explanation
into fallacy-specific sub-graphs and aligns them
one-to-one, moving beyond final-verdict evalua-
tion; (2) we introduce a validation for non-human-
aligned sub-graphs that define valid alternative rea-
soning paths from paths that are not grounded in
the cited study or inadequate to justify the ver-
dict; (3) we apply this method to GPT-5, Claude
Opus 4.7, and Qwen3-32B on 84 false claims from
MISSCIPLUS, and show that verdict accuracy and
reasoning-path quality dissociate: the model with
the highest Incorrect recall is not the model with
the highest human-aligned reasoning rate.

2 Problem Definition and Method

We study whether LLMs follow the same evidence-
based reasoning paths as human expert fact-
checkers when evaluating scientific claims that mis-
represent cited studies. We approach Human-LLM
reasoning comparison as a graph alignment and
validation problem. Given an inaccurate scientific
claim and its cited study, we generate LLM ver-
dicts and explanations, convert Incorrect-verdict
explanations into reasoning graphs, and compare
them with human expert reasoning graphs.

As shown in Figure 2, proposed framework pro-
ceeds in four stages. First, we characterize model
verdict behavior by aggregating outputs across re-
peated runs. Second, for outputs that assign the ex-
pected Incorrect verdict, we represent both human
and LLM explanations using a shared reasoning-
graph schema (Section 2.2). Third, we compare
both reasoning using fallacy-specific sub-graphs
(Section 2.3). Fourth, non-aligned LLM sub-graphs
are further assessed for study grounding, relevance,
and sufficiency (Section 2.4).

2.1 Task Formulation

Each instance consists of a misleading scientific
claim c and a cited primary study s. The claim mis-
represents the study by overstating, generalizing,
or incorrectly interpreting the evidence reported in
s. Given c and evidence e from the cited study, we
define the human reference as (v, x), where v is

the expert verdict and x is the expert explanation;
an LLM produces a corresponding output (v′, x′),
where v′ is the model verdict and x′ is its natural-
language explanation.

The model is prompted to output a verdict in
{Correct, Incorrect, Not Enough Information}; out-
puts that are missing, malformed, or refused are
labeled No Response for analysis. The analysis-
time verdict space is therefore {Correct, Incorrect,
Not Enough Information, No Response}. Since all
claims in our dataset are false or misleading, the
expected verdict is Incorrect.

We treat verdict prediction, reasoning-path align-
ment, and validation of non-aligned reasoning as
distinct evaluation targets. Verdict prediction asks
whether the model reaches the expected Incorrect
verdict. Reasoning-path alignment asks, among
expected-verdict outputs, whether the LLM follows
the same fallacy-specific reasoning path as the hu-
man expert. Validation of non-aligned reasoning
asks whether divergent LLM paths are nevertheless
grounded in the cited study s, relevant to the claim
c, and sufficient to justify the verdict.

2.2 Reasoning Graph Construction
Building on prior work on fallacious reasoning in
biomedical misinformation (Glockner et al., 2025),
we represent both human and LLM explanations
(x and x′) using a shared reasoning-graph schema.
The graph makes explicit the reasoning chain by
which the cited study is used to identify the mis-
match between the claim and the evidence, and
how this mismatch supports a fallacy assignment.
Each graph follows the structure:

Study Context: captures information needed
to interpret the cited study, such as the study de-
sign, population, scope, setting, methodology, or
limitations. Study Findings: capture the relevant
reported outcomes, conclusions, effects, or empir-
ical observations. Fallacy-Supporting Premises:
are reasoning statements that justify the assignment
of a fallacy label by explaining the mismatch be-
tween the claim and the cited evidence. Fallacies:
are the reasoning-error labels assigned to the claim.

Formally, each reasoning graph is a directed
graph G = (V,E) whose nodes V are typed by
the five classes above (Claim, Study Context, Study
Findings, Fallacy-Supporting Premises, Fallacies)
and whose edges E follow the chain order shown.

We use GPT-5 as the graph constructor. Given
a free-text explanation x or x′, GPT-5 is prompted
to extract the Study Context, Study Findings, and



Inputs

False	Claim

Cited	scientific
Study

Human	reasoning	path

Human
Experts

Verdict
Correct	/
Incorrect	/

NEI	/
No	Response

Explanation
Incorrect-Verdict
Explanation

Reasoning	Graph
(Graph	of	the	explanation)

Sub-graphs
Decompose	the	graph

into	sub-graphs

...

LLM	reasoning	path

AI

LLM
(Experts)

Verdict
Correct	/
Incorrect	/

NEI	/
No	Response

Explanation
Incorrect-Verdict
Explanation

Reasoning	Graph
(Graph	of	the	explanation)

Sub-graphs
Decompose	the	graph

into	sub-graphs

...

Do	any	LLM
sub-graphs	align
with	any	human

sub-graphs?

Yes

LLM	reasoning	path	aligns
with	human	reasoning.

No

Validation	of	non-aligned	LLM	sub-graphs

Stage	1:	Grounding	Validation

QA-based	grounding	check
(Study	Context	/	Study	Findings	/
Fallacy-Supporting	Premise)

Not	grounded

Human	re-check
(verify	QA	grounding	decision)

Stage	2:	Relevance-Sufficiency	Validation
(for	grounded	sub-graphs	only)

Relevance

Does	the	sub-graph
address	the	claim?

Sufficiency
Does	the	sub-graph

provide	enough	support
to	justify	the	incorrect

verdict?

LLM	reasoning
path	is	valid	but
different	from

human	experts.

The	sub-graph	is	grounded	but	does	not
meet	relevance	or	sufficiency.

Ungrounded
sub-graph

Figure 2: Overview of our graph-based framework for comparing human and LLM reasoning in scientific fact-
checking. For Incorrect-verdict cases, human and LLM explanations are converted into reasoning graphs and
compared at the level of fallacy-specific sub-graphs. Non-aligned LLM reasoning paths are further evaluated for
study grounding, relevance to the claim, and sufficiency for the verdict.

Fallacy-Supporting Premises fields with spans
copied verbatim from the explanation (paraphras-
ing, summarisation, and rewording are explicitly
disallowed) and to assign each premise a Fallacy la-
bel drawn from the nine-class taxonomy defined in
MISSCI (Glockner et al., 2024). The full prompt
is provided in Appendix Figure 10. To calibrate
our LLM-based graph constructor, we conducted
human annotations of the constructed reasoning
graphs. Appendix Figure 5 provides details. The
graph constructor achieved strong alignment with
human annotators, indicating that it reliably cap-
tures the reasoning structure expressed in LLM-
generated or human-written explanations.

2.2.1 Fallacy-Specific Sub-graphs:
A single explanation may contain multiple reason-
ing errors. We therefore decompose each reasoning
graph into fallacy-specific sub-graphs and use them
as the basic unit of alignment and validation. Each
sub-graph is centered on one fallacy type and con-
tains the study context, study findings, and fallacy
support premise.

2.3 Human and LLM Sub-graph Alignment

For each claim, we compare every LLM fallacy-
specific subgraph against human reference. An
LLM subgraph is marked as human-aligned if it
matches at least one human subgraph. A match

requires two conditions: the two subgraphs must
assign the same fallacy type, and their text-based
components must be semantically aligned.

We assess semantic alignment with three LLM
judges: GPT-5, Qwen3-32B, and Claude Opus
4.7. Each judge assigns a semantic textual simi-
larity (STS) score from 0 to 5 to each component
pair, following the rubric in Appendix Figure 8. A
score of 5 indicates complete semantic equivalence,
whereas a score of 0 indicates unrelated or contra-
dictory meanings. We aggregate the three judge
scores by majority vote; if no two judges assign the
same score, we use the median.

A component pair is considered matched if its
final STS score is at least 3. This threshold corre-
sponds to cases where the two components express
the same semantic facet, although some details may
differ or be omitted.

2.4 Validation of Non-Aligned Sub-graphs

Non-alignment with the human reference does not
necessarily imply invalid reasoning. An LLM may
identify a reasoning path that is absent from the
human explanation but still grounded in the cited
study and sufficient to support the Incorrect verdict.
We therefore validate non-aligned LLM sub-graphs
in two stages: grounding and relevance–sufficiency
validation.



Grounding Validation. Grounding validation
checks whether each component of a non-aligned
sub-graph is supported by the cited study. We eval-
uate grounding for Study Context, Study Findings,
and Fallacy-Supporting Premise. For each com-
ponent, we use GPT-5 to generate five questions
capturing its key information and answers each
question using two sources: the component itself
and the full cited study, refer to Appendix Figure 11
for full prompt. One author of this paper manually
compares the component-based and study-based
answers. If any answer pair does not match, the
component is initially marked as not grounded.

Relevancy and Sufficiency Validation.
Grounded non-aligned sub-graphs are fur-
ther evaluated for relevance to the claim and
sufficiency for the Incorrect verdict using the
prompt in Appendix Figure 9. Three LLM
judges GPT-5, Claude Opus 4.7, and Qwen3-32B
score each sub-graph on both dimensions using
a three-point scale: 2 = clearly satisfied, 1 =
partially satisfied, and 0 = not satisfied. Scores
are aggregated using the same majority-vote and
median procedure described in Section 2.3. Finally,
we combine the final relevance and sufficiency
scores into a single label. A sub-graph receives a
combined score of 2 only if both receive 2.

3 Experimental Setup

3.1 Data and Evidence Settings

We use the MISSCIPLUS (Glockner et al., 2025)
test set, which contains 84 false scientific claims
paired with cited primary studies and claim-
relevant study passages. Each claim is associated
with a HealthFeedback2 expert review explaining
why the cited study does not support the claim.

One author of this paper manually extracts, for
each of the 84 instances, the portion of the Health-
Feedback review that explains the mismatch be-
tween the claim and the cited study. The extracted
text serves as the human expert reasoning refer-
ence for the Incorrect verdict. We treat Health-
Feedback reviewers as the underlying experts and
the extracted spans as a faithful selection of their
reasoning; we do not paraphrase, summarise, or
otherwise rewrite the review text.

We consider two evidence settings. In the
selected-passage setting, the model receives the
claim-relevant passages provided in MISSCIPLUS

2https://science.feedback.org/

(Glockner et al., 2025) as the evidence. In the full-
study setting, the model receives the full text of the
cited primary study as the evidence.

3.2 LLM Verdict and Explanation Generation
For each claim – evidence pair, we prompt an test-
ing LLM to assign a verdict and generate an ex-
planation.3 Each experimental configuration is de-
fined by the model, prompt template, and evidence
setting. We use two prompt templates: a concise
prompt adapted from Glockner et al. (2025) and
a detailed fact-checking prompt designed for this
study. The detailed prompt is provided in Appendix
Figure 7. For each configuration, we run the same
input three times to account for output variability.

For claim i and verdict label ℓ, we compute the
per-claim verdict proportion as:

pi,ℓ =
ni,ℓ

3
, (1)

where ni,ℓ is the number of runs, out of three, in
which the model produces label ℓ for claim i. We
then average these per-claim proportions across all
N claims:

p̄ℓ = 100 · 1

N

N∑
i=1

pi,ℓ. (2)

The resulting value p̄ℓ represents the overall per-
centage assigned to verdict label ℓ under a given
experimental configuration. We also report verdict
consistency, defined as the proportion of claims for
which all three runs produce the same verdict.

Verdict distributions are computed over three
runs for each experimental configuration, defined
by model, one of two prompt templates, and one of
two evidence settings. Since all claims are false or
misleading, the expected verdict for each instance
is Incorrect. The reported Incorrect rate therefore
corresponds to recall on the expected label rather
than overall accuracy; the Correct column repre-
sents Type-I errors (false-positive support of mis-
leading claims), and the NEI column represents
abstention. We discuss this asymmetry and its im-
plications in Section 4.4.

3.3 Reasoning Graph Construction Settings
For reasoning-graph analysis, we focus on the full-
study evidence with the detailed prompt. This set-
ting gives the model the strongest opportunity to

3The model outputs a verdict in {Correct, Incorrect, Not
Enough Information} and a free-text explanation. Outputs
without a valid verdict or usable response are labeled No
Response for analysis.

https://science.feedback.org/


ground its explanation in the complete cited study
while following explicit fact-checking instructions.
Because each claim-model pair is run three times,
we select one valid explanation that assigns the ex-
pected Incorrect verdict for graph construction. We
then convert the selected explanations into reason-
ing graphs and evaluate them using the alignment
and validation procedures described in Sections 2.2

3.4 Testing Models

We evaluate three LLMs as fact-checkers: GPT-
5 (OpenAI, 2026), Claude Opus 4.7(Anthropic,
2026), and Qwen3-32B (Team, 2025). GPT-5 is ac-
cessed through the Academic-AI gateway, Claude
Opus 4.7 through the Anthropic API, and Qwen3-
32B is served locally using vLLM. Within each
experimental configuration, all models receive the
same claim, evidence, and prompt template. Tem-
perature is set to 0.1 for all models.

4 Results and Discussion

We evaluate models along two complementary
axes: verdict prediction and reasoning-path quality.
The first measures whether models identify false
claims as Incorrect; the second examines whether
their explanations align with human expert reason-
ing or, when non-aligned, still form grounded and
sufficient alternative reasoning paths.

4.1 Verdict Prediction

Table 1 reports verdict distributions across mod-
els, evidence settings, and prompt templates. Since
all instances in the dataset are false claims, higher
Incorrect rates correspond to higher recall of the
expected label. Overall, the detailed prompt im-
proves Incorrect prediction for GPT-5 and Qwen3-
32B. For GPT-5, the Incorrect rate increases from
32.54% to 74.60% in the full-study setting and
from 42.46% to 69.05% in the selected-passage
setting. Qwen3-32B achieves the highest overall
Incorrect rate, reaching 76.98% with selected pas-
sages and the detailed prompt, and 73.41% with
full-study evidence and the detailed prompt. These
results suggest that explicit fact-checking instruc-
tions help models connect the claim to the cited
evidence and produce the expected verdict.

The effect of evidence length is model-
dependent. GPT-5 performs best with full-study ev-
idence under the detailed prompt, whereas Qwen3-
32B performs best with selected passages. This in-
dicates that more evidence is not uniformly benefi-

GPT-5 Claude Opus 4.7 Qwen3-32B
0

20

40
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80

N
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r 

of
 fa

ls
e 
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ai

m
s

17 (20.2%)

47 (56.0%)

23 (27.4%)

27 (32.1%)

7 (8.3%)

13 (15.5%)

36 (42.9%)
25 (29.8%)

39 (46.4%)

4 (4.8%) 5 (6.0%) 9 (10.7%)

n = 84 n = 84 n = 84

Failed at verdict
Aligned with human

Grounded, sufficient, relevant
Failed (not grounded / sufficient / relevant)

Figure 3: Claim-level outcome breakdown under the
full-study evidence setting with the detailed prompt
(n = 84 per model).

cial: selected passages may reduce distracting con-
text for some models, while full studies may help
others access information needed for a more com-
plete interpretation. Surprisingly, Claude Opus 4.7
shows lower Incorrect rates overall, with its best
result reaching 44.58% in the full-study/detailed-
prompt setting. However, Claude is highly stable
across repeated runs, reaching 100% consistency in
both detailed-prompt settings. This contrast shows
that a model can be stable while still assigning
many false claims to the wrong verdict label.

4.2 Reasoning-Path Alignment and Validation

Table 2 reports the alignment and validation re-
sults for LLM reasoning sub-graphs. A sub-graph
is accepted if it either aligns with a human sub-
graph or, when non-aligned, passes grounding and
receives the maximum relevance and sufficiency
score. This evaluation tests whether models reach
the expected verdict through expert-like or other-
wise valid reasoning paths (DeYoung et al., 2020).
To reduce false rejections caused by QA or annota-
tion errors, all initially not-grounded components
undergo a second human re-check by the same au-
thor. If the re-check confirms study support, the
component is treated as grounded; otherwise, it
remains not grounded. A sub-graph is classified
as not grounded if at least one of its components
remains unsupported after re-check.

GPT-5 produces the strongest reasoning results:
19.0% of its 158 sub-graphs are human-aligned,
and 81.6% are accepted overall after validation.
This indicates that GPT-5 often reasons differently
from the human expert, but many of its alternative
paths are grounded, relevant, and sufficient for the



Model Evidence Prompt Correct Incorrect NEI No Response Consistency

Qwen3-32B

Internal Knowledge (IK) IK_Prompt 4.76 82.14 8.33 4.76 100.00

Full Study Short Prompt 30.56 39.68 29.76 0.00 80.95
Detailed Prompt 23.81 73.41 2.78 0.00 85.71

Selected Passages Short Prompt 27.78 31.75 40.48 0.00 79.76
Detailed Prompt 19.84 76.98 3.17 0.00 86.90

GPT-5

Internal Knowledge (IK) IK_Prompt 7.54 84.92 7.54 0.00 78.57

Full Study Short Prompt 20.63 32.54 46.83 0.00 71.43
Detailed Prompt 15.87 74.60 9.52 0.00 72.62

Selected Passages Short Prompt 18.65 42.46 38.10 0.79 77.38
Detailed Prompt 19.05 69.05 11.90 0.00 95.24

Claude Opus 4.7

Internal Knowledge (IK) IK_Prompt 12.70 76.59 9.52 1.19 85.71

Full Study Short Prompt 32.14 19.84 45.63 2.38 87.80
Detailed Prompt 38.55 44.58 15.66 1.20 100.00

Selected Passages Short Prompt 48.81 34.52 16.67 0.00 95.24
Detailed Prompt 26.59 48.02 21.83 3.57 97.62

Claude Sonnet 4.6
Internal Knowledge (IK) IK_Prompt 8.73 78.97 11.11 1.19 88.10
Full Study Detailed Prompt 15.48 76.19 7.14 1.19 –
Selected Passages Detailed Prompt 18.25 66.67 12.70 2.38 94.05

Table 1: LLM-based fact-checking results across prompting strategies and evidence settings. Values report average
verdict distribution (%) over three runs and model consistency (agreement across runs), except Claude Sonnet 4.6
full-study results, which are from seed 1 only. The internal-knowledge setting uses no external evidence.

Incorrect verdict. The hydroxychloroquine case
in Figure 1 illustrates this pattern: the human ref-
erence assigns only Hasty generalization, while
the LLM additionally introduces Fallacy of exclu-
sion via an extra fallacy-supporting premise. As
confirmed by the validation pipeline (Section 2.4),
this additional subgraph is grounded, relevant, and
sufficient to be accepted as a valid alternative rea-
soning path. Qwen3-32B shows a different pattern.
Although it achieves the strongest verdict-level per-
formance in Table 1, only 10.2% of its sub-graphs
are human-aligned, with 80.3% accepted overall.
Thus, high verdict accuracy does not necessarily
imply strong human reasoning alignment. Claude
Opus 4.7 obtains the highest accepted proportion,
with 86.9% of its evaluated sub-graphs accepted,
despite its lower Incorrect verdict rate. This sug-
gests that Claude less often reaches the expected
verdict, but when it does, its reasoning is frequently
grounded and adequate. Figure 3 further shows that
models differ not only in verdict failures, but also
in whether their Incorrect-verdict explanations are
human-aligned, valid but different, or rejected after
validation. Overall, these results show that verdict
prediction and reasoning quality capture distinct
aspects of model behavior.

Table 3 reports moderate cross-model agree-
ment on fallacy choice. Agreement is highest
between GPT-5 and Qwen3-32B (κ = 0.511),
followed by GPT-5 and Claude Opus 4.7 (κ =
0.466), and Claude Opus 4.7 and Qwen3-32B
(κ = 0.428). This moderate agreement suggests
that fallacy assignment remains a challenging and

Human GPT-5 Claude Opus 4.7 Qwen3-32B
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Figure 4: Fallacy-label distributions across human
and model reasoning graphs. Black outlines mark
the highest percentage within each fallacy type. The
most frequent labels are Fallacy of Exclusion (FOE),
Causal Oversimplification (CO), and Hasty Generaliza-
tion (HG). Fallacy abbreviations are listed in Appendix
Table 5.

model-sensitive aspect of scientific fact-checking.
It also supports the need to evaluate reasoning com-
ponents rather than relying only on final verdicts.

4.3 Contamination check

Table 4 reports a small contamination check on 10
recent false claims from 2025–2026 that are not
part of the main dataset. All three models still
identify most of these claims as Incorrect, but their
human-alignment rates differ substantially: GPT-5



LLM (n) Human- Not Human-Aligned Final
Aligned Grounded (QA) Grounded (final) Ungrounded Relevance Sufficiency Rel.+Suff. Accepted Not Accepted

2 1 0 2 1 0 2 1 0

GPT-5 (158) 19.0 62.7 74.7 6.3 74.1 0.6 0.0 63.3 11.4 0.0 62.7 12.0 0.0 81.7 18.3
Qwen3-32B (127) 10.2 49.6 81.1 8.7 79.5 0.8 0.8 70.1 10.2 0.8 70.1 10.2 0.8 80.3 19.7
Claude Opus 4.7 (84) 11.9 69.0 82.1 6.0 81.0 1.2 0.0 75.0 6.0 1.2 75.0 6.0 1.2 86.9 13.1

Table 2: Alignment and validation of LLM reasoning sub-graphs, reported as % of each model’s total sub-graph set.
Human-Aligned + Grounded (final) + Ungrounded sum to 100% per row; Accepted + Not Accepted also sum to
100%. Grounded (QA) is the subset of Grounded (final) admitted by the automatic QA layer alone; QA over-flagged
premises as not-grounded due to overly generic questions and granularity mismatches with the document ; human
re-verification corrected these cases, raising the Grounded (final) number. Relevance, Sufficiency, and Rel.+Suff.
columns report the three-LLM-judge consensus score distribution (2/1/0) over the Grounded (final) pool. A sub-
graph is Accepted if it is human-aligned, or if its Rel.+Suff. score is 2; otherwise Not Accepted. A high accepted
rate alone does not imply strong overall performance, since Claude performs poorly at verdict prediction.

Model pair Cohen’s κ

GPT-5 ↔ Qwen3-32B 0.511
GPT-5 ↔ Claude Opus 4.7 0.466
Claude Opus 4.7 ↔ Qwen3-32B 0.428

Table 3: Cross-model agreement in fallacy assignment.
Cohen’s κ measures whether two models assign the
same fallacy label to the same claim, showing moderate
agreement across model pairs.

reaches 64.7% human alignment, compared with
27.8% for Claude Opus 4.7 and 11.8% for Qwen3-
32B. This limited check suggests that the observed
reasoning behavior is not confined to the original
benchmark instances, and that verdict-level success
can again diverge from reasoning alignment.

4.4 Discussion

Our results clarify the relationship between verdict
correctness and reasoning quality in scientific fact-
checking. First, at the level of verdict prediction
(RQ1), Table 1 shows that LLMs often identify mis-
leading scientific claims as Incorrect, but their per-
formance depends on the model, prompting strat-
egy, and evidence setting. Detailed prompting im-
proves Incorrect prediction for GPT-5 and Qwen3-
32B, whereas the benefit of providing the full study
rather than selected passages is model-dependent.
This suggests that additional evidence does not uni-
formly improve verdict prediction; models differ in
how effectively they use broader scientific context.

Second, when models do reach the expected
Incorrect verdict, their reasoning paths do not
necessarily match the human expert explanation
(RQ2). Table 2 shows that Qwen3-32B achieves
the strongest verdict-level performance, while GPT-
5 produces more fallacy-specific reasoning sub-
graphs that align with the human expert path and

are accepted by validation. This gap demonstrates
that final-label accuracy and reasoning-path align-
ment capture distinct aspects of model behavior. A
model can assign the expected verdict while relying
on a different fallacy decomposition or evidence-
use pattern than the human reference.

Third, when model reasoning diverges from the
human path, the divergence is not always an er-
ror (RQ3). The validation results show that many
non-human-aligned sub-graphs remain grounded
in the cited study, relevant to the claim, and suffi-
cient to justify the verdict. These cases represent
valid alternative reasoning paths rather than reason-
ing failures. At the same time, rejected sub-graphs
expose genuinely defective reasoning, including un-
supported, irrelevant, or insufficient justifications.

Overall, these findings show that scientific fact-
checking evaluation should move beyond verdict
accuracy alone. Typed reasoning graphs make it
possible to distinguish four behaviorally important
cases: human-aligned reasoning, valid alternative
reasoning, ungrounded reasoning, and grounded
but inadequate reasoning. This distinction is es-
pecially important for misleading scientific claims,
where a correct Incorrect label can mask substantial
variation in how models interpret evidence, identify
fallacies, and justify their decisions.

5 Conclusion

We present a graph-based framework for evaluating
LLM reasoning in scientific fact-checking by com-
paring typed reasoning graphs with human expert
paths and validating divergent paths for ground-
ing, relevance, and sufficiency. Our Experiments
shows that verdict accuracy and reasoning qual-
ity diverge: Qwen3-32B performs best at verdict
prediction, while GPT-5 produces more human-
aligned reasoning, and many non-human-aligned



paths remain valid alternatives. These results sug-
gest that LLM-based systems have the potential to
serve as explanation aids: they can help experts
inspect candidate reasoning paths and help readers
understand how claims misrepresent cited evidence.
However, final judgments should remain human-
led, since models can still produce reasoning paths
that are unsupported, irrelevant, or insufficient, and
distinguishing these failures from valid alternative
reasoning often requires expert assessment.

Limitations

We outline several limitations of the present study;
addressing them is the focus of our planned follow-
up work.

Sample size and scope. Our evaluation uses 84
false claims from the MISSCIPLUS test set, which
constrains the statistical resolution of cross-model
comparisons. We do not report confidence inter-
vals, paired bootstrap estimates over claims, or
significance tests; differences of a few percentage
points in Tables 1 and 2 should therefore be read
as indicative rather than conclusive. The dataset is
also restricted to English-language biomedical and
health claims, so generalization to other languages
and scientific domains remains open.

Human annotation protocol. Both the Health-
Feedback gold extraction (Section 3.1) and the hu-
man re-check of QA-based grounding (Section 2.4)
were performed by a single annotator (an author
of this paper), not blinded to the source LLM. We
therefore did not measure inter-annotator agree-
ment and did not perform double annotation with
adjudication. The grounding re-check shifts the
Grounded (final) column by 5–19 percentage points
relative to the QA-only baseline in Table 2, so
a stricter multi-annotator and blinded protocol—
particularly for the re-check step—is a clear prior-
ity for future work.

Evaluation set design. Because all 84 instances
are false claims, the reported Incorrect rate corre-
sponds to recall on the expected label rather than
to verdict accuracy. The Correct column reflects
false-positive endorsement of misleading claims
and NEI reflects abstention. A model that systemat-
ically prefers Incorrect can therefore score highly
on this metric without engaging with the evidence;
a held-out set of correctly-supported claims (e.g.,
drawn from HealthFC or SciFact) would be needed
to compute precision on Incorrect and to separate

verdict-class bias from genuine fact-checking abil-
ity.

Training-data exposure. MISSCIPLUS and the
underlying HealthFeedback reviews are public web
content that may have been seen during pretraining
or post-training of the proprietary models (GPT-5,
Claude Opus 4.7). The contamination check on
ten 2025-2026 claims (Section 4.3) is too small to
bound this effect. Reported human-alignment rates
for the proprietary models may therefore be inflated
relative to Qwen3-32B, which is an open-weight
model with weaker memorization of the same web
sources.
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A Related Work

Scientific and Biomedical Claim Verification.
Scientific fact-checking is commonly treated as ver-
ifying claims against scientific evidence. SciFact
evaluates evidence retrieval, rationale selection,
and veracity prediction (Wadden et al., 2020),
while PUBHEALTH, HEALTHVER, and HealthFC fo-
cus on public-health and biomedical claim veri-
fication (Kotonya and Toni, 2020; Sarrouti et al.,
2021; Vladika et al., 2024). Later work extends
this setting to open-domain and richer evidence
scenarios, including SciFact-Open, SciVer, and
CLAIM-BENCH (Wadden et al., 2022; Wang et al.,
2025; Javaji et al., 2025). These benchmarks estab-
lish evidence-grounded claim verification, but they
mainly evaluate verdicts, retrieved evidence, or ra-
tionale spans rather than the evidence-to-verdict
reasoning path followed by the model.

Misrepresentation of Scientific Evidence. A
closely related line of work studies how scientific
evidence is misrepresented. MISSCI models mis-
leading scientific claims as fallacious arguments,
where real studies are used to support inaccurate
claims through implicit reasoning errors (Glockner
et al., 2024). MISSCIPLUS grounds these fallacies
in passages from the misrepresented publications
(Glockner et al., 2025). These studies show that sci-
entific misinformation often arises from distorted
reasoning over valid evidence. However, they pri-
marily focus on reconstructing premises, grounding
fallacies, or classifying fallacy types, rather than
comparing human and LLM explanations as paral-
lel reasoning paths.

LLMs for Fact-Checking and Explanation Gen-
eration. Recent work evaluates LLMs for scien-
tific, biomedical, and public-health fact-checking.
LLMs can generate plausible verdicts and expla-
nations when guided by evidence or structured
prompts (Alvarez et al., 2024; Liang and Son-
ntag, 2025; Vladika et al., 2025; Zarharan et al.,
2024; Tan et al., 2025). However, explanation-
faithfulness studies show that fluent explanations
may not faithfully reflect the underlying decision
process (Turpin et al., 2023; Atanasova et al., 2023;
Parcalabescu and Frank, 2024). This motivates
evaluating whether LLM explanations follow ex-
pert reasoning paths, not only whether they provide
plausible evidence-based justifications.

Human Rationales and Structured Reasoning
Explanations. Our work also relates to human ra-

tionales and structured explanations. Datasets such
as e-SNLI and ERASER use human explanations
and rationales as evaluation targets beyond final la-
bels (Camburu et al., 2018; DeYoung et al., 2020).
Explanation-graph and multi-step reasoning work,
including WorldTree and EntailmentBank, repre-
sents explanations as connected reasoning struc-
tures (Jansen et al., 2018; Xie et al., 2020; Dalvi
et al., 2021). Argument-mining research similarly
models claims, premises, warrants, and support re-
lations (Lawrence and Reed, 2019). Building on
these ideas, we represent fact-checking explana-
tions as reasoning graphs and compare them at the
level of fallacy-specific sub-graphs.

Grounding and Faithfulness Evaluation.
Grounding and faithfulness work examines
whether generated content is supported by source
documents. Prior studies evaluate attribution,
citation faithfulness, QA-based factuality, and
atomic-fact support (Gao et al., 2023; Min et al.,
2023; Fabbri et al., 2022; Tang et al., 2024; Li
et al., 2024). These approaches usually assess
grounding at the level of claims, sentences, cita-
tions, or atomic facts. Our study shifts the focus to
grounded reasoning paths: for non-human-aligned
LLM graphs, we test whether the alternative path
is grounded in the cited study, relevant to the claim,
and sufficient for the Incorrect verdict.

These lines of work address complementary
parts of process-level evaluation but remain dis-
connected. Verification benchmarks emphasize ver-
dicts and retrieved evidence; fallacy work identifies
reasoning errors; faithfulness and grounding work
assess whether explanations are decision-consistent
or evidence-supported; and structured-rationale
datasets model generic reasoning chains rather than
fallacy-specific paths. Our framework connects
these perspectives by aligning human and LLM ex-
planations through fallacy-specific subgraphs and
validating non-aligned LLM paths for grounding
in the cited study, relevance to the claim, and suffi-
ciency for the verdict.

B Fallacy Abbreviations

Table 5 lists the abbreviations used along the axes
of the fallacy-distribution panels (Figure 4) to-
gether with their full names. The nine categories
follow the taxonomy used throughout the annota-
tion protocol.
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Figure 5: Agreement between human and GPT-5 annotations for the same 84 GPT-5 fact-checking explanations.
Each explanation was independently converted into a reasoning graph by a human annotator and by GPT-5. The
figure summarizes the extent to which the GPT-5-generated reasoning graphs align with the human reference graphs.
Left: fallacy-type agreement at the argument level, including at-least-one type match, mean Jaccard similarity,
precision, recall, and F1 under type-equal multiset matching. Middle: total fallacy labels produced by each annotator
and the subset matched between them. Right: mean cosine similarity using all-mpnet-base-v2 for corresponding
textual components: Study Context, Study Result, and Fallacy-Supporting Premise. For fallacy-supporting premises,
each GPT-5 premise is scored against its best-matching human premise and then averaged at the argument level.

Metric Claude Opus 4.7 GPT-5 Qwen3-32B

Veracity
Correct 30.0 10.0 0.0
Incorrect 70.0 70.0 80.0
Not Enough Information 0.0 20.0 20.0
No Response 0.0 0.0 0.0

Consistency 90.0 90.0 90.0

Human Alignment 27.8 64.7 11.8

Table 4: Contamination check on 10 false claims pub-
lished in 2025–2026 that are not part of the dataset used
in this study. Values are reported as %.

Abbr. Full name

FOE Fallacy of Exclusion
CO Causal Oversimplification
HG Hasty Generalization
FE False Equivalence
AM Ambiguity
BSP Biased Sample Fallacy
FOC Fallacy of Composition
FD False Dilemma
IE Impossible Expectations

Table 5: Abbreviations for the nine fallacy categories
used in Figure 4.
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n To support her claim,
Nass cited a 2014
study published in the
journal Antimicrobial
Agents and
Chemotherapy by
Dyall et al.Briefly, the
study screened 290
drugs using an in
vitro cell culture
system to determine if
they had antiviral
activity against the
coronaviruses MERS-
CoV and SARS-CoV.
...................

StudyContext : Briefly, the study screened 290 drugs using an in
vitro cell culture system to determine if they had antiviral activity
against the coronaviruses MERS-CoV and SARS-CoV. The study
was performed in an artificial environment, using cell cultures of
Vero E6 cells, derived from the kidney of the African green monkey.

StudyFinding: The researchers identified 72 and six drugs showing
antiviral activity against MERS-CoV and SARS-CoV, respectively.
Among the drugs that were active against both viruses were
chloroquine diphosphate and hydroxychloroquine sulfate, which are
listed in Table 2 of the study.
Fallacy Support Premise 01: While in vitro studies are essential
during early stages of the drug discovery process, they cannot
replace clinical trials, which test the safety and effectiveness of a
drug in people.
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StudyContext :The cited study screened a library of 290 approved
or developmental drugs against MERS-CoV and SARS-CoV in Vero
E6 cell cultures to identify compounds with in-vitro antiviral
activity and generate candidates for future animal and clinical
studies.

StudyFinding: It reports that chloroquine diphosphate and
hydroxychloroquine sulfate are among several antiparasitic drugs
showing micromolar EC50 values against these coronaviruses in
cell culture and notes that such drugs “could be beneficial for
treatment of coronaviral infections” and “provide new candidates
for future research studies and clinical intervention protocols,” but
emphasizes the need for further in-vivo testing.
Fallacy Support Premise 01: Extrapolating these limited in-vitro
findings to a later, different virus and to “very likely” clinical
effectiveness against COVID-19 is a substantial distortion of what
the paper actually shows.
Fallacy Support Premise 02: The authors explicitly cite prior work
showing that, although chloroquine inhibited coronavirus replication
in vitro, it did not reduce SARS-CoV virus titers in a mouse model,
and they state that protection studies in animals are still required to
determine in-vivo efficacy.

Claim : Federal agencies already knew that hydroxychloroquine and
chloroquine were very likely to be effective against COVID-19. Evidence
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Figure 6: Illustration of human and LLM reasoning
paths for a scientific fact-checking example. The exam-
ple shows that an LLM reasoning path can align with the
human reasoning path, while it can also take a different
but valid reasoning path.



You are an expert scientific fact-checker specializing in evaluating whether public claims
accurately represent findings from scientific research papers. You have access to the full cited
study provided as input. Your task is to determine if the claim faithfully reflects the evidence
presented in that study.

Input

## Claim:
{[claim]}

## Cited Study:
{[study]}

Instructions

1. Study Understanding
Carefully read and summarize the main purpose, methods, and findings of the cited study.
Identify the key conclusions or outcomes that the authors report.

2. Claim Interpretation
Summarize what the claim asserts or implies.
Identify whether the claim refers to a specific result, a general conclusion, or a causal statement.

3. Evidence Mapping
Locate and quote or paraphrase the specific parts of the study that:
(a) Support the claim, if any.
(b) Contradict or differ from what the claim asserts.
(c) Have been distorted or exaggerated by the claim.

4. Verdict
Choose one clear verdict:

Correct -- The claim correctly represents the cited study.
Incorrect -- The claim misrepresents or contradicts the study's findings.
Not Enough Information -- The study does not provide adequate evidence to support or refute the claim.

5. Reasoning behind verdict
Provide the justification and reasoning behind the final verdict in 3--10 sentences, based on the
evidence above.

6. Output Format
{Justification and reasoning behind final verdict in 3--10 sentences based on the evidence above.}
{"final_verdict": "Correct / Incorrect / Not Enough Information"}

Figure 7: Scientific fact-checking prompt used to assess whether a claim faithfully represents the evidence presented
in its cited scientific paper.

You are a careful annotator. Score the semantic textual similarity (STS) of two texts using the
rubric the user provides. Reply with valid JSON only.

Classify the following pair of arguments by SIMILARITY using this scale:

(5) Completely equivalent, meaning pretty much exactly the same thing, using different words.

(4) Mostly equivalent, but some unimportant details differ. One argument may be more specific
than another or include a relatively unimportant extra fact.

(3) Roughly equivalent, but some important information differs or is missing. This includes cases
where the argument is about the same FACET but the authors have different stances on that facet.

(2) Not equivalent, but share some details. For example, talking about the same entities but
making different arguments or addressing different facets.

(1) Not equivalent, but on the same topic.

(0) On a different topic.

Text A:
{human_text}

Text B:
{llm_text}

Return only valid JSON in this format:

{"sts": <integer from 0 to 5>}

Figure 8: Prompt used to score semantic textual similarity (STS) between human and LLM reasoning components.
(Misra et al., 2015)



You are an expert evaluator of scientific fact-checking explanations and argumentative reasoning.

Task: Evaluate whether the reasoning graph is relevant to the Claim and sufficient to justify an
Incorrect verdict.

Important: Assume the graph components are valid. Judge only whether they are relevant to the
Claim and sufficient to support the Incorrect verdict. The Claim is the target statement being
assessed; it is not itself evaluated as a graph component.

Target Statement

Claim:
{[CLAIM]}

Reasoning Graph Components

StudyContext:
{[STUDY_CONTEXT]}

StudyResult:
{[STUDY_RESULT]}

ContextPremises / FallacySupportingPremises:
{[CONTEXT_PREMISES]}

FallacyType, if available:
{[FALLACY_TYPE]}

FinalVerdict: Incorrect

Graph Component Definitions

1. StudyContext: Contextual information used in the graph, including scope, setting,
population, method, comparison, limitation, or other relevant details.

2. StudyResult: The study result, finding, conclusion, outcome, or reported effect represented
in the graph.

3. ContextPremises / FallacySupportingPremises: Reasoning premises that explain how the Claim
relates to the graph context and result, and why the Claim may be false, misleading, overstated,
unsupported, or inconsistent.

4. FallacyType, if available: The type of reasoning error identified in the explanation. Treat
this as an optional part of the reasoning chain, not the main evaluation target.

5. FinalVerdict: The target verdict for all samples in this task is Incorrect.

Evaluation Dimensions

1. Relevance to the Claim

Evaluate whether the graph components are relevant to the Claim.

Ask:
- Do the components address the same main assertion as the Claim?
- Are they focused on the Claim's key issue, entity, relation, population, outcome, comparison,
or causal statement?

- Do they explain why the Claim may be false, misleading, overstated, unsupported, or inconsistent?
- Are any components off-topic or unrelated?

Score:
2 = Clearly relevant: the components directly address the Claim.
1 = Partially relevant: the components are related, but the connection is incomplete, indirect,

or only partly focused.
0 = Not relevant: the components do not meaningfully address the Claim.

2. Sufficiency for the Incorrect Verdict

Evaluate whether the graph components, taken together, provide enough support for judging the
Claim as Incorrect.

Ask:
- Assuming the graph components are true, do they justify an Incorrect verdict?
- Does the chain explain why the Claim is false, misleading, overstated, unsupported, or
inconsistent?

- Are important reasoning steps missing?
- Could the same components reasonably support a verdict other than Incorrect?

Score:
2 = Clearly sufficient: the graph chain supports an Incorrect verdict.
1 = Partially sufficient: the graph chain gives some support, but important reasoning is missing,

weak, or underdeveloped.
0 = Not sufficient: the graph chain does not justify an Incorrect verdict.

Overall Adequacy:
- Adequate: relevance = 2 and sufficiency = 2.
- Partially adequate: neither relevance nor sufficiency is 0, but at least one score is 1.
- Not adequate: relevance = 0 or sufficiency = 0.

Important Instructions:
- Do not require the graph to match a human expert's reasoning path.
- Do not focus only on the FallacyType.
- Treat FallacyType only as an optional component in the reasoning chain.
- Give short, direct reasons.
- Return only valid JSON.
- Do not include markdown, explanations outside JSON, or extra text.

Return format:

{
"relevance_to_claim": {
"score": 0,
"label": "Clearly relevant / Partially relevant / Not relevant",
"reason": ""

},
"sufficiency_for_incorrect_verdict": {
"score": 0,
"label": "Clearly sufficient / Partially sufficient / Not sufficient",
"reason": ""

},
"overall_adequacy": {
"label": "Adequate / Partially adequate / Not adequate",
"reason": ""

}
}

Figure 9: Prompt used to evaluate whether non-human-aligned reasoning sub-graphs are relevant to the claim and
sufficient to justify an Incorrect verdict.



You are converting a fact-checking explanation into a structured reasoning graph and assigning
fallacy labels.

You will receive a CLAIM and an EXPLANATION that evaluates the claim using a primary scientific
study.

VERBATIM EXTRACTION RULE: All textual fields below (StudyContext, StudyResult,
supporting_premise) MUST be COPIED VERBATIM from the EXPLANATION. Do NOT paraphrase,
summarise, rephrase, abbreviate, expand, or change the wording in any way. Only select
word-for-word spans from the explanation. Preserve original wording, punctuation, numbers,
casing, and references exactly as written.

Reasoning flow: perform internally IN THIS ORDER, then emit the JSON.

Step 1 -- Find StudyContext
Locate the span(s) in the explanation that describe the cited primary study: study design,
population, setting, time period, and what was measured. Take the relevant sentence(s)
verbatim. If multiple studies are referenced, focus on the primary study the claim is based on.
If the explanation does not contain study context, leave StudyContext as an empty string.

Step 2 -- Find StudyResult
Locate the span(s) in the explanation that state the study's reported finding(s). Take them
verbatim. Numbers and effect sizes must be preserved exactly. If the explanation does not state
a study finding, leave StudyResult as an empty string.

Step 3 -- Collect candidate supporting premises
From the explanation, pick out single sentences that help REFUTE the claim, e.g., sentences that
point out biases, scope limits, missing evidence, oversimplifications, ambiguity, or other
reasons the claim does not follow from the study. Each candidate must be one sentence copied
verbatim from the explanation. Ignore background, tangential, or non-refuting sentences.

Step 4 -- Pair-and-classify
For each candidate supporting_premise, pair it with StudyContext + StudyResult and ask whether
this 3-tuple identifies one of the allowed fallacy types. If yes, emit a fallacy entry whose
`type` is that fallacy and whose `supporting_premise` is that single verbatim sentence. If the
3-tuple does not clearly fit any allowed fallacy type, drop that supporting_premise. Even if
StudyContext or StudyResult is empty, classify a fallacy using whatever information is available.

Step 5 -- Empty Fallacies when the claim is supported
If the explanation indicates the claim is correct or well-supported by the study, return an empty
Fallacies list. Still emit StudyContext and StudyResult.

Allowed fallacy types:
[
"Ambiguity", "Impossible Expectations", "False Equivalence", "False Dilemma",
"Biased Sample Fallacy", "Hasty Generalization", "Causal Oversimplification",
"Fallacy of Composition", "Fallacy of Exclusion"

]

Fallacy Definitions:
[definitions and logical forms for each of the nine fallacy types follow the MISSCI taxonomy;
abbreviated here for space, full text in the released code.]

Input

Claim:
<CLAIM TEXT>

Explanation:
<EXPLANATION TEXT>

Output requirements
- Return only valid JSON. No prose, no code fences.
- Schema: exactly these keys, in this order.
{
"StudyContext": "...",
"StudyResult": "...",
"Fallacies": [
{
"type": "<one of the allowed fallacy types>",
"supporting_premise": "<single most-relevant premise sentence>"

}
]

}
- supporting_premise must be a non-empty string: a single sentence taken VERBATIM from the
explanation. It is NOT a list and NOT an index.

- Only emit a fallacy entry when the 3-tuple clearly identifies one of the allowed fallacy types.
- StudyContext, StudyResult, and supporting_premise text MUST appear word-for-word in the
EXPLANATION. Do not rewrite or summarise.

- StudyContext or StudyResult may be empty strings if the explanation does not contain that
information.

- "Fallacies" must be an empty list when the explanation supports the claim.

Figure 10: Prompt used to extract structured reasoning graphs from free-text fact-checking explanations. The
prompt is applied to both human expert explanations and LLM-generated explanations. The verbatim-extraction
rule constrains the extractor to copy spans word-for-word. The full fallacy definitions block, omitted here for space,
follows the nine-class MISSCI taxonomy (Glockner et al., 2024).



You are helping with premise verification.

<premise label>:
<premise text>

Generate exactly 5 short factual questions from this premise.

Rules:
- Each question must be directly based on a specific factual statement in the premise.
- The answer to each question must be contained in the premise itself.
- Do not ask broad, random, background, or speculative questions.
- Do not ask questions that require information outside the premise.
- Questions must focus on the core factual content needed to verify the premise against the
scientific paper.

- Return only valid JSON in this format:

{
"questions": ["...", "...", "...", "...", "..."]

}

Figure 11: Prompt used with GPT-5 to generate five factual questions per premise during the QA-grounding stage.
<premise label> is one of Study context premise, Study finding premise, or Fallacy supporting premise.
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