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Abstract

The development of fact-checking systems for
verifying the factuality of text generated by
large language models (LLMs) has been ad-
vancing. In the verdict prediction step of such
systems, the system determines whether claims
in the generated text are supported by retrieved
evidence, formulated as a natural language in-
ference (NLI) task. This study extends the la-
bel set for verdict prediction to capture claim-
evidence relationships that humans would com-
monly interpret as supported or refuted, even in
the absence of strict logical entailment or con-
tradiction. It also constructs a Japanese dataset
comprising 28,147 instances from two sources
based on this extended label set. We analyze
the causes of annotation disagreement and find
that ambiguity in the boundary of acceptable
inference, interpretive characteristics of nega-
tive cases, and incomplete information in the
evidence affect annotation variability. Using
this dataset, we evaluate the performance of
prompt-based verdict prediction methods and
show that prompts that explicitly elicit chain-of-
thought reasoning improve F1 by 4 percentage
points compared to baseline.

1 Introduction

Text generated by Large Language Models (LLMs)
may contain plausible but incorrect information
known as hallucinations (Huang et al., 2025).
Against this background, research and development
have been advancing to apply fact-checking sys-
tems (Guo et al., 2022; Zeng et al., 2021; Kotonya
and Toni, 2020; Kamoi et al., 2023) to text gener-
ated by LLMs (Wang et al., 2024). A fact-checking
system consists of three steps: claim decomposi-
tion, evidence retrieval, and verdict prediction. In
claim decomposition, the input text is decomposed
into claims, which are atomic units of information
that express properties or relations about a single
entity or event. Next, in evidence retrieval, the
system uses each decomposed claim as a query to
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Figure 1: Overview of verdict prediction
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search an evidence database that stores support-
ing information and retrieves evidence for each
claim. Finally, in the verdict prediction step shown
in Figure 1, the system performs Natural Language
Inference (NLI) on each pair of a claim and its re-
trieved evidence and determines whether the claim
is supported (entailed) by the evidence.

This paper focuses on verdict prediction. Verdict
prediction directly affects the final output of a fact-
checking system and largely determines its overall
performance. To develop a high-performance ver-
dict prediction method in a fact-checking system,
an evaluation dataset that includes claims, evidence,
and labels is essential.

In this study, we construct a Japanese evaluation
dataset for verdict prediction on claims obtained
from generated text in a previously developed claim
decomposition dataset (Masano et al., 2026). To en-
able flexible evaluation of the relationship between
claims and evidence, we introduce new labels,
inferentially-supported and inferentially-refuted.
We add these to the labels used in prior work (Wang
et al., 2024), namely supported, partially-supported,
refuted, and not enough information (NEI), where
NEI is assigned to cases that do not fall under any
of the other labels. We develop annotation guide-
lines for verdict prediction and construct the dataset
by annotating claim-evidence pairs accordingly.

We analyze the causes of disagreement in anno-
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tation in the constructed dataset. The results show
that ambiguity in the boundary of acceptable infer-
ence, interpretive characteristics of negative cases,
and incomplete information in the evidence can
lead to disagreement.

We construct a prompt-based verdict prediction
method using GPT-40 and evaluate its performance
based on the constructed dataset. The results show
that using a Chain-of-Thought prompt that explic-
itly describes the procedure for verdict prediction
improves performance.

2 Related Work

2.1 Natural Language Inference (NLI)

Natural Language Inference (NLI) is a task that an-
alyzes the relationship between a given premise and
hypothesis and determines whether the hypothesis
can be logically inferred from the premise. Rep-
resentative datasets for NLI include SNLI (Bow-
man et al., 2015), MultiNLI (Williams et al., 2018),
and XNLI (Conneau et al., 2018). These datasets
have been widely used as benchmarks for evalu-
ating reasoning ability even after the emergence
of LLMs. In these datasets, the relationship be-
tween a premise and a hypothesis is represented
by three labels: entailment, when the hypothesis
can be logically inferred from the premise; con-
tradiction, when the hypothesis conflicts with the
premise; and neutral, when neither condition holds.
In addition to the above labels, some studies intro-
duce partial entailment, which indicates that the
hypothesis supports part of the premise (Nielsen
et al., 2008; Dzikovska et al., 2013).

These NLI datasets are constructed by first pro-
viding a premise and then generating a hypothesis
based on a predefined label. In other words, the
premise and hypothesis are intentionally created
within the same context, and assumptions such as
topic, entity, and time are treated as aligned even
when they are not explicitly stated. As a result, the
relationship between the two is relatively clear, and
ambiguity is less likely to arise.

In contrast, in verdict prediction in fact-checking,
a claim, which corresponds to the hypothesis, is
given first, and evidence, which corresponds to
the premise, is subsequently retrieved through ev-
idence retrieval, after which a label is assigned
based on the relationship between them. Since ev-
idence is obtained from external sources such as
web content, the claims and the evidence originate
form independently collected and different sources.

Therefore, they are not intentionally created to refer
to the same topic, event, time, or location.

As a result, there are cases where differences
in expression or lack of information make it dif-
ficult to determine whether a claim is fully sup-
ported or refuted, even when it appears plausible.
However, in constructing a fact-checking system,
it is not desirable from the perspective of system
usefulness to label all such non-strict cases as not
enough information. To address this issue, we in-
troduce inferentially-supported and inferentially-
refuted for cases where support or refutation can
be determined flexibly by supplementing missing
information through inference.

2.2 Fact-checking System

Research on fact-checking has traditionally focused
on domains such as fake news (Guo et al., 2022;
Zeng et al., 2021; Kotonya and Toni, 2020). Sub-
sequently, FEVER (Thorne et al., 2018), a repre-
sentative dataset for fact-checking, and its succes-
sor datasets (Thorne et al., 2019; Aly et al., 2021;
Schlichtkrull et al., 2023) have been introduced and
have driven research on fact-checking systems. In
these datasets, the labels for verdict prediction are
supported, refuted, and not enough information.

WiCE (Kamoi et al., 2023) assigns verdict pre-
diction labels at the token level in addition to claim-
level labels, which enables fact-checking at a finer
granularity. In WiCE, claims are extracted from
Wikipedia articles, and the web pages cited in those
sentences are used as evidence. The labels for ver-
dict prediction are supported, partially-supported,
and not-supported.

Factcheck-Bench (Wang et al., 2024), a frame-
work for fact-checking targeting text generated by
LLMs, proposes a fact-checking framework that
consists of more fine-grained steps than the afore-
mentioned fact-checking system and constructs a
benchmark. Factcheck-Bench uses four labels for
verdict prediction: support, partially support, re-
fute, and irrelevant. The label irrelevant indicates
that the evidence contains no information related
to the claim.

3 Construction of the Verdict Prediction
Dataset

We construct a dataset for the quantitative evalu-
ation and analysis of verdict prediction. Each in-
stance in the dataset consists of a triplet of a claim,
evidence, and a verdict prediction label.
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3.1 Verdict Prediction Labels

We use the following label set:

* Fully-supported: The evidence contains ex-
plicitly stated information that supports the
entire claim.

¢ Inferentially-supported: The evidence con-
tains information that supports the entire
claim, but only through implicit inference or
background knowledge.

* Partially-supported: The evidence contains
explicitly stated information that supports the
main part of the claim, but not all of its details.

¢ Fully-refuted: The evidence contains explic-
itly stated information that contradicts the
claim.

¢ Inferentially-refuted: The evidence contains
information that contradicts the claim, but
only through implicit inference or background
knowledge.

* Not enough information (NEI): The evi-
dence provides neither explicitly stated nor
inferable information sufficient to assign any
support or refutation label.

Fully supported and fully refuted correspond
to entailment and contradiction in NLI, respec-
tively. Inferentially-supported, partially-supported,
inferentially-refuted, and NEI are all assigned
the neutral label in NLI, but this dataset treats
them as distinct labels for more flexible evaluation.
Example (1) shows an instance of inferentially-
supported.

(1) Claim: RFUIFEER & DR U &
B2 F LT,
‘Tenpyo culture reached its peak during the
reign of Emperor Shomu.’

Evidence: K- LIFEEKED Z A D
At T,

‘Tenpyo culture is the culture of the period
of Emperor Shomu.’
Label: inferentially-supported

The evidence in Example (1) does not explic-
itly support the claim. However, from a pragmatic
perspective, the expression “culture of the period
of ” in the evidence typically refers to the central
period of that culture and is unlikely to refer to its

formative or declining stages. Therefore, it is rea-
sonable as a natural human interpretation to infer
that the reign of Emperor Shomu coincided with
the peak of Tenpyo culture. By distinguishing such
cases from NEI, the dataset enables evaluation of
both logically strict verdict prediction and verdict
prediction that incorporates the kinds of inferences
humans naturally make.

Example (2) shows an instance of partially-
supported.

(2) Claim: K7 % v FAE7 XV A ERE 2
a7 MNHETT,
‘Bob Sapp is from Colorado, United
States.’
Evidence: ;R 7% v F137 XV HERE
HETY,
‘Bob Sapp is from the United States.’
Label: partially-supported

Partially-supported is used for cases where the en-
tire claim cannot be fully supported, but there is no
evidence that explicitly contradicts the additional
details included in the claim. By distinguishing
such cases, the dataset enables evaluation of ver-
dict prediction that accounts for differences in the
granularity of information. For refutation, if any
part of a claim contradicts the evidence, the entire
claim is considered contradictory. Therefore, we
do not introduce a label for partial refutation.

3.2 Annotation Procedure

The verdict prediction dataset includes claims and
evidence. The claims are taken from a previ-
ously constructed Japanese claim decomposition
dataset (Masano et al., 2026). The Japanese claim
decomposition dataset is created by annotating
claim decomposition on text generated by LLM-jp-
3 13B Instruct!. The model takes as input questions
from the Japanese QA dataset “Al Official Dataset
Version 2.02” (AIO) and user utterances from the
Japanese dialogue dataset “LLM-jp Chatbot Arena
Conversations>” (CBA).*

1https: //huggingface.co/11lm-jp/
11m-jp-3-13b-instruct

2https://sites.google.com/view/project-aio/
dataset

3ht’cps: //huggingface.co/datasets/11lm-jp/
11m-jp-chatbot-arena-conversations

*Because the input is in Japanese, we selected a model
specialized for Japanese. We also considered that the model is
open and allows its training corpus to be used as a source of
evidence in verification. Furthermore, since the goal of this
study is to detect hallucinations, we employed a model that is
prone to generating hallucinations to some extent.
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To assign verdict prediction labels, we first re-
trieve evidence for each claim. We use the LLM-jp
Corpus v3° as the source of evidence. To obtain
diverse documents while maintaining relevance to
each claim, we rerank the results of full-text search
based on BM25 (Robertson et al., 1995) using Max-
imal Marginal Relevance (Carbonell and Goldstein,
1998) and select the top five documents.® In addi-
tion, the input text to the LLM may contain infor-
mation that serves as evidence for the generated
text, such as source text for summarization. Taking
this into account, we add the input text correspond-
ing to each claim to the five retrieved documents
and use the resulting set of six documents as the
evidence set for the claim.

We manually annotate verdict prediction labels
for each claim-evidence pair. First, two annota-
tors independently assign verdict prediction labels
to each pair as primary annotators. When their
judgments do not agree, a third annotator reviews
their annotations and determines the final label.”
When annotators are unable to understand the tar-
get data, for example when specialized knowledge
such as chemistry is required, they assign the label
not understandable. Instances assigned this label
are excluded from the evaluation dataset. In addi-
tion, to prevent annotation errors due to inattention,
annotators also mark the supporting spans in the ev-
idence when assigning supported or refuted labels.
This allows the dataset to be used for evaluation of
fact-checking systems that present not only verdict
prediction but also the supporting evidence.

In total, we obtain verdict prediction annotations
for 13,642 claim-evidence pairs in AIO and 14,505
pairs in CBA, excluding instances labeled as not
understandable. We split the constructed dataset
into development and test sets at a 1:1 ratio while
maintaining similar label distributions. As a re-
sult, the AIO dataset contains 6,818 instances in
the development set and 6,824 in the test set, and
the CBA dataset contains 7,256 instances in the
development set and 7,249 in the test set.

5https ://gitlab.11lm-jp.nii.ac.jp/datasets/
11m-jp-corpus-v3

®While we observed multiple cases in which the evidence
discussed the same topic as the claim but did not contain the
main subject term, evidence completely unrelated to the claim
was rarely selected.

"The third annotator has comparable expertise to the pri-
mary annotators; however, because they can refer to both
annotators’ judgments, they are expected to make the final
decision from a more comprehensive perspective.

AIO CBA
Label Count Ratio  Count Ratio
Fully-supported 3,983  0.292 1,798 0.124
Inferentially-supported 1,198  0.088 1,033  0.071
Partially-supported 555  0.041 436 0.030
Fully-refuted 173 0.013 62  0.004
Inferentially-refuted 70 0.005 64  0.004
NEI 7,663 0.562 11,112 0.766

Table 1: Label distribution of the dataset
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Figure 2: Confusion matrix of the primary annotators’
annotations for AIO

3.3 Dataset Statistics

This section reports the label distribution and inter-
annotator agreement in order to examine the char-
acteristics of the constructed verdict prediction
dataset.

Table 1 shows the distribution of verdict pre-
diction labels in the dataset, excluding instances
labeled as not understandable. Overall, NEI is the
most frequent label, followed by fully-supported.

Next, to evaluate annotation reliability, we ana-
lyze the agreement between the two primary anno-
tators. Cohen’ s k coefficient for their annotations
is 0.48 for AIO and 0.34 for CBA. These results
reflect the inherent difficulty of the task. In verdict
prediction, some cases require inference to inter-
pret the relationship between a claim and evidence.
In such cases, the correct judgment is not uniquely
determined. This also suggests room for improve-
ment in the annotation guidelines, particularly in
the definitions of labels and the decision criteria.

The confusion matrices of the primary annota-
tors’ annotations are shown in Figure 2 (AIO) and
Figure 3 (CBA). Figure 2 shows that, in AIO, the
diagonal elements are not the largest in either the
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Figure 3: Confusion matrix of the primary annotators’
annotations for CBA

row or column direction for inferentially-supported,
partially-supported, and inferentially-refuted. In
other words, for these labels, even when one an-
notator assigns a given label, the other annotator
often assigns a different label.

For example, in the case of inferentially-
supported, many instances that Annotator 1 la-
bels as inferentially-supported are labeled as fully-
supported by Annotator 2, followed by cases la-
beled as NEI. A similar tendency is observed when
examining instances that Annotator 2 labels as
inferentially-supported.

Meanwhile, Figure 3 shows that, in CBA, dis-
agreements with NEI are observed for many labels.
When using Annotator 1’s judgments as the refer-
ence, the label most frequently assigned by Anno-
tator 2 is NEI in all cases. A similar tendency is
observed when using Annotator 2’s judgments as
the reference, where a large proportion of instances
are labeled as NEL

In the next section, we analyze the factors that
lead to annotation disagreement by examining in-
stances where the annotators’ labels do not match.

4 Analysis of Annotation Disagreement

We analyze the factors that lead to annotation vari-
ability by examining cases where the two primary
annotators do not agree. The results suggest that
annotation disagreement mainly arises from the
following three factors: (1) ambiguity in the ac-
ceptable range of inference, (2) characteristics of
refutation labels, and (3) incompleteness of infor-
mation in the evidence. For readability, only En-

glish translations of the examples are provided be-
low; the original Japanese examples are given in
the Appendix D.

4.1 Ambiguity in the Boundary of Acceptable
Inference

The newly introduced inferential labels,
inferentially-supported and inferentially-refuted,
require judgment based on inference. However, the
criteria for what level of inference is acceptable are
ambiguous. While shallow inference is permitted,
inference involving substantial leaps may not
be allowed. This ambiguity in the boundary of
acceptable inference leads to label disagreement.

4.1.1 Boundary between Fully-Supported and
Inferentially-Supported

At the boundary between fully-supported and
inferentially-supported, we observe variability in
judgments regarding the acceptable range of infer-
ence. In this study, the criterion for fully-supported
is whether the evidence contains a statement that
expresses content equivalent to the claim, allow-
ing for differences in word order and synonymous
expressions. However, we do not provide a clear
definition of the scope of synonymous expressions.
As aresult, annotators differ in their judgments on
whether a given expression should be regarded as
substantially equivalent to the claim.

(3) Claim : The Great Fire of Meireki burned
down Edo.
Evidence: This fire, known as the Great
Fire of Meireki, is famous as the largest fire
in the history of Edo, burning many samu-
rai residences and townhouses, including
the main enclosure of Edo Castle.

In Example (3), the point at issue is whether the
claim “burned down Edo” is sufficiently supported
by the evidence stating that it “burned many samu-
rai residences and townhouses, including the main
enclosure of Edo Castle.” The expression “burned
down” literally implies that the entire target was
completely destroyed by fire. In contrast, the ev-
idence only states that many samurai residences
and townhouses were burned and does not explic-
itly state that all of Edo was completely destroyed.
Therefore, if “burned down” is interpreted literally,
the evidence cannot be said to express exactly the
same content.

However, the expression “burned down” in the
claim can also be interpreted as a figurative ex-
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pression that emphasizes the scale of the damage
caused by the fire. Based on this interpretation,
the label fully-supported may have been assigned.
On the other hand, if “burned down” and “burned
many” are not regarded as synonymous, the label
inferentially-supported is likely to have been as-
signed.

A similar type of disagreement due to the ac-
ceptable range of inference is also observed at the
boundary between fully-refuted and inferentially-
refuted. However, the number of such cases is
limited, and for refutation labels, issues related to
determining whether the claim and evidence are
mutually exclusive, as discussed later, are more
prominent.

4.1.2 Boundary between Inferential Labels
and NEI

The acceptable range of inference also causes dis-
agreement at the boundary between inferential la-
bels and NEL In cases where the evidence is not
entirely unrelated to the claim but requires substan-
tial inference to determine support or refutation,
annotators differ in their judgments.

(4) Claim : The Rust Belt developed through

automobile manufacturing in the past.
Evidence: It is that he won almost all states
in the industrial region known as the “Rust
Belt”(note). Note: At the time of writing,
the final results for Michigan have not been
announced, but based on the vote count,
Trump’s victory in the state is almost cer-
tain. And this is precisely the reason for
Trump’s victory.
## The main factor behind Trump’s victory
States such as Pennsylvania, Ohio, Michi-
gan, and Indiana, with a concentration of
factories in the automobile and steel indus-
tries

In Example (4), the first part of the evidence men-
tions an industrial region called the “Rust Belt,”
while the latter part states that several states once
had a concentration of factories in the automobile
and steel industries. However, it is not explicitly
stated that these states are part of the Rust Belt.
Therefore, to regard the claim as supported, the
following inference is required.

1. Interpreting Pennsylvania, Ohio, Michigan,
and Indiana as states included in the Rust Belt

2. Interpreting “concentration” at the end of the
evidence as indicating “had a concentration”

Annotators who regard these inferences as valid
assign inferentially-supported, while those who do
not assign NEI. This example is characterized by
the fact that the evidence is not unrelated to the
claim, yet multiple steps of inference are required
to establish a support relation. In situations where
there is relevance but insufficient explicitness, dif-
ferences in the acceptable level of inference lead
to disagreement between inferentially-supported
and NEI. Similar cases are also observed between
inferentially-refuted and NEI.

4.2 Interpretive Characteristics of Refutation
Labels

For refutation labels (fully-refuted and
inferentially-refuted), we observe a different
type of disagreement from that in support labels
(fully-supported, inferentially-supported, and
partially-supported).

In the case of support labels, it is sufficient to
check whether the evidence contains statements
that could support the claim. In contrast, for refuta-
tion labels, when the evidence contains statements
that describe facts different from the claim, it is
necessary to determine whether those statements
are logically compatible with the claim, that is,
whether they are mutually exclusive. Therefore,
the judgment process is more complex than for
support labels, as it requires a two-step decision.

When logical incompatibility is obvious, annota-
tors tend to agree and assign fully-refuted. For ex-
ample, this occurs when the name of the youngest
person in a group or the specific date of an event
differs between the claim and the evidence. In these
cases, where uniquely determined facts clearly dif-
fer, mutual exclusivity is clear, leading to consistent
judgments among annotators.

On the other hand, when it is not clear whether
the statements are logically compatible, label dis-
agreement occurs.

(5) Claim : The milt of Alaska pollock is pro-
cessed into mentaiko [seasoned pollock
roe].

Evidence: The salted tarako [pollock roe]
is marinated in a seasoning made with red
chili peppers is called “karashi mentaiko”
[spicy seasoned pollock roe].

The eggs of Alaska pollock have fine grains
and a moist, sticky texture, and are very
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tasty whether boiled or grilled.

The milt of Alaska pollock is also called
suketachi. It is more affordable than cod
milt and, although it does not match the
quality of cod milt, it is still quite tasty.

In Example (5), the claim states that “the milt of
Alaska pollock is processed into mentaiko,” while
the evidence explains that “karashi mentaiko is
made by processing tarako.” That is, the evidence
indicates that mentaiko is produced by processing
tarako, but it does not mention the relationship
between milt and mentaiko.

If one assumes that only processed tarako is
called mentaiko and that processed milt is not
referred to as mentaiko, the claim may be con-
sidered incorrect. Based on this interpretation,
inferentially-refuted may have been assigned. On
the other hand, the evidence does not explicitly
state that milt is not processed into mentaiko.
Therefore, if it is judged that the claim and the
evidence are not necessarily logically incompati-
ble, the label NEI is likely to have been assigned.

4.3 Incomplete Information in the Evidence

Even when the information contained in the ev-
idence is fragmentary, fully-supported or fully-
refuted may be assigned if the content of the claim
can be clearly supported or refuted by interpret-
ing multiple statements in relation to each other.
However, due to limitations in the retrieval process,
evidence may contain missing fragments, lack con-
textual information, or appear in an inappropriate
format. As a result, annotators may differ in their
judgments depending on how they interpret infor-
mation that is not explicitly stated in the evidence.
This type of error is not limited to specific labels
and is observed across all labels.

First, some expressions in the evidence are par-
tially missing. In some cases, named entities or ex-
pressions corresponding to keywords in the claim
appear at the beginning or end of the evidence span
and are partially missing. For example, a fragment
such as “-uglena” may appear instead of the full
noun “Euglena” mentioned in the claim. In such
cases, it is unclear whether the expression refers to
the same entity as in the claim, and differences in
interpretation lead to annotation disagreement.

Second, we observe cases in which the evi-
dence lacks sufficient contextual information. Frag-
mented paragraphs or the absence of explicit rela-
tionships between elements can make it difficult

to determine relationships between statements, as
the contextual information needed to connect sen-
tences or words is insufficient. For example, when
the content of a claim is described across multi-
ple paragraphs in the evidence, the relationships
between those paragraphs may not be clearly indi-
cated. In such cases, judgments vary depending on
whether connections between sentences are consid-
ered part of natural reading or require inference.

Third, we observe cases where inappropriate ev-
idence is retrieved. Some evidence does not pre-
serve the original document structure and includes
mixed elements such as headings and fragmented
phrases, failing to meet the requirements for reli-
able evidence. This is likely caused by the loss
of structural information and the inclusion of frag-
ments such as tags during HTML-to-plain-text con-
version. Such text may contain words related to the
claim, but the intent of the information is unclear
and it cannot be regarded as reliable evidence.

The three types of cases described above are all
errors caused by formal deficiencies in the evidence.
In these cases, annotators differ in their judgments
depending on how much they compensate for in-
complete information in the evidence, which leads
to annotation disagreement.

5 Prompt-Based Verdict Prediction

In this section, we evaluate prompt-based methods
using the constructed verdict prediction dataset.

5.1 Experimental Setup

We design four types of prompts and conduct ex-
periments to assign six labels: fully-supported,
partially-supported, inferentially-supported, fully-
refuted, inferentially-refuted, and NEL

First, we define a base prompt that includes
only the task instruction and the definitions of
claims and labels. In addition, we evaluate few-shot
prompting and Chain-of-Thought (CoT) prompt-
ing, which are representative prompting methods.
In few-shot prompting, examples consisting of a
claim, evidence, and the correct label are added
to the base prompt. In this study, we use exam-
ples extracted from the development set and pre-
pare two settings, 6-shot and 12-shot, to analyze
the relationship between the number of examples
and verdict prediction performance. In CoT, the
prompt includes the content of the base prompt
as well as instructions for the reasoning procedure
and examples of step-by-step reasoning that follow
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Prompt Acc. Prec. Rec. F1

base 0.669 0408 0475 0418
+ 6-shot 0.650 0.387 0.482 0.402
+ 12-shot 0.653 0.388 0.482 0.401
+ CoT 6-shot  0.704 0.440 0.507 0.459

Table 2: Prompt-based verdict prediction

label base  6-shot 12-shot CoT
Fully-supported 0.754 0.760 0.762 0.773
Inferentially-supported 0.157 0.231  0.223 0.278
Partially-supported 0.202 0.191 0.201 0.299
Fully-refuted 0.435 0.391 0.386 0.481
Inferentially-refuted 0.129 0.068 0.071 0.077
NEI 0817 0.771 0.773 0.818

Table 3: F1 score for each label for each prompt

those instructions. In this study, the authors cre-
ate reasoning processes for the examples used in
the 6-shot setting. The prompt that specifies the
reasoning process is shown in Appendix A.

For evaluating verdict prediction performance,
we compare the labels assigned by the model with
the gold labels in the dataset and report accuracy,
precision, recall, and F1 as macro averages. The
LLM used in the experiments is gpt-40% °. Each
method is run three times on the AIO test set, and
the average results are reported'”.

5.2 Experimental Results

As shown in Table 2, CoT achieves the best per-
formance among the four prompts. Table 3 shows
the F1 score for each label for all methods. Com-
pared with 6-shot, CoT shows an improvement
trend for all labels, with particularly large improve-
ments in partially-supported and fully-refuted. Fig-
ure 4 presents a confusion matrix constructed from
the outputs of CoT for the first run. Based on a
comparison between Figure 4 and the confusion
matrix for 6-shot, the tendency to incorrectly pre-
dict inferentially-supported and fully-supported as
partially-supported is reduced, and the number of
cases where NEI is incorrectly predicted as fully-
refuted decreases. As a result, the performance for
these two labels improves.

Few-shot prompting with added examples to

8https://platform.openai.com/docs/models/
gpt-4o

° As this model is known to exhibit generally high perfor-
mance, it was adopted as a baseline for comparison in this
study.

0The designed prompts did not function well for the in-
put text to the LLM, so they are excluded from subsequent
experiments.
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Figure 4: Confusion matrix for the CoT prompt

the base prompt (6-shot and 12-shot) results in
decreased performance in all cases. A detailed
analysis is provided in Appendix B.1.

Increasing examples from 6-shot to 12-shot does
not improve performance. Analyzing the factors
limiting performance gains with few-shot prompt-
ing remains future work.

According to Table 3, even with CoT, which
achieves the best overall performance, inferentially-
refuted shows the lowest prediction performance.
Figure 4 shows that errors for the inferentially-
refuted label often involve predicting it as fully-
refuted or predicting NEI as inferentially-refuted.

In cases where inferentially-refuted is incorrectly
predicted as fully-refuted, we observe instances
where the model assumes that the texts refer to the
same entity and makes a judgment, even though
the relevant conditions are not explicitly stated. We
also observe cases where the model makes a judg-
ment without considering ambiguity in sentence
interpretation. In cases where NEI is incorrectly
predicted as inferentially-refuted, the model some-
times draws a premature conclusion by assuming
that entities not mentioned in the evidence do not
exist. Specific examples of these cases are provided
in Appendix B.2.

In addition, analysis of the recall for refutation
labels and the precision for support labels in Ap-
pendix C suggests that CoT is an effective method
for the purpose of hallucination detection in fact-
checking systems.

6 Discussion

In the dataset analysis described in Section 3.3, a
high degree of annotation disagreement is observed
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for inferentially-supported, partially-supported,
and inferentially-refuted. In addition, in the ex-
periments on verdict prediction using LL.Ms de-
scribed in Section 5, inferentially-refuted shows
consistently low performance across all methods.
As shown in Table 3, inferentially-supported and
partially-supported also exhibit relatively low per-
formance in addition to inferentially-refuted.

The similarity between human annotations and
LLM predictions suggests that the difficulty of
inference-based cases in this dataset may also af-
fect the experimental results. Furthermore, as dis-
cussed in Section 4, lack of contextual informa-
tion in the evidence and ambiguity in the accept-
able range of inference contribute to annotation
disagreement. These factors may also affect LLM
predictions. Therefore, in constructing a verdict
prediction dataset, it is necessary to consider im-
provements in evidence retrieval methods and to
develop annotation guidelines that clearly define
the acceptable range of inference.

7 Conclusion

We construct a Japanese verdict prediction dataset
for fact-checking of LLM-generated text. We an-
alyze annotation disagreement and clarify the dif-
ficulty of verdict prediction. We also confirm that
prompts that include reasoning process improve
verdict prediction performance. However, errors
remain frequent in cases that involve ambiguity. Fu-
ture work will aim to improve performance by re-
fining annotation guidelines, expanding the dataset,
and improving prompt design.
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Limitations

This study has several limitations. First, the dataset
construction is limited to AIO and CBA. It remains
unclear whether the verdict prediction labels and
annotation criteria proposed in this study are ef-
fective for generated text and claims derived from
other datasets. In addition, the scope of this study
is limited to Japanese, and its applicability to other
languages has not been examined.

Second, this study uses LLM-jp-3 13B Instruct
for response generation and GPT-40 for verdict pre-
diction experiments, with both dataset construction
and performance evaluation are conducted using a
single model in each case. Therefore, differences in
performance due to model selection and robustness
across different models have not been thoroughly
examined.

Third, this study does not conduct a quantitative
evaluation of the retrieval results used to obtain
evidence, and the impact of retrieval performance
on verdict prediction has not been sufficiently ana-
lyzed.

Finally, as shown in Section 4, annotation vari-
ability exists among annotators in this dataset, and
this disagreement may affect not only the quality
of the dataset but also the evaluation of model per-
formance.
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A Instructions for the Reasoning
Procedure in the CoT Prompt

Please perform reasoning according to the fol-
lowing procedure and output the reasoning pro-
cess and the answer.

1. Analyze the meaning of the claim and
identify what is being asserted.

2. Determine whether the evidence contains
content relevant to the claim. If it does,
extract that content. If it does not, stop
the reasoning, assign “NEIL,~ and proceed
to the answer.

3. Determine what stance the content
extracted from the evidence takes
toward the claim:  “fully-refuted,”
“inferentially-refuted,” “fully-supported,”
“inferentially-supported,” “partially-
supported,” or “NEI.”

4. Determine which of the follow-
ing labels applies:  “fully-refuted,”
“inferentially-refuted,” “fully-supported,”
“inferentially-supported,” “partially-
supported,” or “NEL”

/

Note that the prompts used in the experiments are
in Japanese.

B Analysis of Results

B.1 Label-wise Analysis of base and few-shot

As shown in Table 2, few-shot does not improve
performance compared with the base prompt. A
label-wise analysis shows that, the error of predict-
ing inferentially-supported as partially-supported,
which is prominent in the base prompt, is re-
duced in few-shot, leading to improved perfor-
mance for inferentially-supported. On the other
hand, for inferentially-refuted, fully-refuted, and
NEI, both base and few-shot show tendencies to
predict inferentially-refuted as fully-refuted and to
predict NEI as inferentially-refuted or fully-refuted,
and these errors increase in few-shot.

B.2 Error Analysis of Inferentially-Refuted

Analysis of cases where inferentially-refuted is pre-
dicted as fully-refuted reveals the following two
types of cases.
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The first type involves cases where the model
makes a judgment by assuming that the claim and
the evidence refer to the same entity, without con-
sidering ambiguity in their presuppositions or refer-
ents. For example, when a claim refers to the “FIFA
World Cup” and the evidence uses only the term
“World Cup” to present contradictory information,
annotators assign inferentially-refuted by consid-
ering the possibility that “World Cup” refers to a
different competition. In contrast, the LLM, guided
by the prompt, does not consider this ambiguity in
the subject and interprets both as referring to the
same entity, resulting in a fully-refuted prediction.

The second type involves cases where the model
makes a judgment without considering ambiguity
in sentence interpretation. For example, consider a
claim stating that “four moons of Mars have been
confirmed,” along with an evidence stating that
“Phobos and Deimos are also the names of two
moons of Mars.” In the evidence, it is ambiguous
whether Mars has exactly two moons or at least
two moons. However, the LLM interprets this as
Mars having two moons and predicts fully-refuted.
For this instance, the two primary annotators also
differed in their judgments between fully-refuted
and inferentially-refuted.

We also observe cases where NEI is incorrectly
predicted as inferentially-refuted, in which the
model assumes that entities not mentioned in the
evidence do not exist and draws a premature con-
clusion. For example, given a claim that “Dosto-
evsky wrote a work titled Fathers and Sons” and
an evidence that lists several of Dostoevsky’ s
works, there are cases where the model predicts
inferentially-refuted solely because the title Fathers
and Sons does not appear in the evidence.

C Evaluation with Hallucination
Detection in Mind

In this paper, we have mainly discussed perfor-
mance differences between methods based on
F1. However, given that the purpose of the fact-
checking system constructed in this study is hallu-
cination detection, recall for refutation labels (fully-
refuted and inferentially-refuted) is an important
evaluation metric. In addition, incorrectly predict-
ing support for a claim that should be judged as re-
futed means failing to detect a hallucination, which
is a serious problem. For this reason, precision
is important for support labels (fully-supported,
inferentially-supported, and partially-supported).

Based on this perspective, for CoT, which
achieves the best performance in terms of F1, we
calculate recall for refutation labels and precision
for support labels, and evaluate their arithmetic
mean. We conduct the same evaluation for the
base prompt and compare the results. As shown
in Table 4, CoT outperforms the base prompt on
both metrics, which suggests that it is an effective
method for the purpose of hallucination detection
in this system. However, the margin of improve-
ment is limited, and further improvement in verdict
prediction methods remains necessary.

D Original Japanese Examples

(3) Claim : TBHEBDORK ) FILF Z2HEE R L
L% L7,
Evidence: Z D KX TBHED AR K &
XA, LR AALZIZ T HZ  DERFK
B - iR ZBe N7 3 B KD RK
ELTHATTY,

(4) Claim : Rust Belt(Z X b~V b)) 15
DOTITHHEHEETREL L,
Evidence: X)L b (Rust Belt)] ¥ FE X
2 THEHEDIRFTRNTOMZHI L
7 (). ¥ AREHERNRTI A
VN D FAREAERIZDNR I N TR VD,
it ER 22, AMNTH b7V TR
DBEFNIEHETHA S5, 2L T, ZhZ
EZB N7 TERBHOEHETS %,

# b7V TRBA U 7o i KDE K
RYTINARZT, FNAF, ITH,
A>T 4 7FOFEMNE, »oT, BEEHE
PESEOPRIMPE SE D TG0 A

(5) Claim: 27 b X7 OHTFIFIART &
LTHLENE T,
Evidence: = L CTHRET L7=&X Z a%jR
JEEF 2 o 7 ARENSIET A S O
M, e LIHKRF) I3 DI
BRDET, A7 MR I OINE, SOk
Dl Lo o hLTED, &
THHVTHREEKLNVTT, X7 b
X ZIOHTIEAF L HEENE T,
~XITOHET LD DEEMNRERTE S
CEMTE, vXTDHTIIEPRVE
BADRZELHTHEKLWVWTT,

1150



Recall (refutation labels) Precision (support labels)

base 0.3898 0.3657
+ CoT 6-shot 0.4075 0.4162

Table 4: Recall for refutation labels and precision for support labels
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