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Abstract

Sentence-level claim detection is a critical first
step in the fact-checking process. While Large
Language Models (LLMs) seem well-suited
for claim detection, their computational cost
poses challenges for real-world deployment.
This paper investigates the effectiveness of both
small and large pretrained Language Models
for the task of claim detection. We conduct
a comprehensive empirical evaluation using
BERT, ModernBERT, RoBERTa, Llama, and
ChatGPT-based models. Our results reveal that
smaller models, when finetuned appropriately,
can achieve competitive performance with sig-
nificantly lower computational overhead on in-
domain tasks. Notably, we also find that BERT-
based models transfer poorly on sentence-level
claim detection in out-of-domain tasks, often
over-predicting the positive outcome. We dis-
cuss the implications of these findings for prac-
titioners and highlight directions for future re-
search.

1 Introduction

Due to the increasing flow of global information,
distinguishing factual content from opinion, spec-
ulation, or misinformation through fact-checking
has become critically important. A foundational
step in the fact-checking process is sentence-level1

claim detection, or identifying whether a given sen-
tence contains a factual claim or assertion. Without
accurate claim detection, fact-checking efforts risk
wasting resources.

Tools and approaches for automatically detect-
ing factual claims from text have been developed
in tandem with advances in Natural Language
Processing. As of the writing of this paper, ap-
proaches using BERT-based models (Ni et al.,
2024; Soleimani et al., 2020) are being replaced
with those using state-of-the-art Large Language

1Sentence-level claim detection is distinguished from
document-level claim extraction (Deng et al., 2024).

Models (LLMs) (Wang et al., 2024; Metropolitan-
sky and Larson, 2025). Yet, there are inherent
disadvantages to using LLMs for sentence-level
claim detection: the computational demands of
these models — both during training and inference
— pose significant barriers to their deployment in
real-time or in resource-constrained environments.

To this end, in this short paper, we present an em-
pirical evaluation of the performance of different-
sized Language Models on sentence-level claim
detection. Specifically, we evaluate BERT, Mod-
ernBERT, RoBERTa, Llama, and ChatGPT-based
models on a composite dataset constructed from
three publicly available, human-curated datasets.
we also test the ability of finetuned Language Mod-
els to generalize on “out-of-domain” data.

Contributions. First, we conduct experiments
evaluating both the in-domain (Section 3) and out-
of-domain (Section 4) performance of six models
on sentence-level claim detection tasks. Second,
we release four artifacts:2 a composite dataset of ap-
proximately 13,000 sentences containing sentences
and a binary label for whether or not the sentence
is a claim, a finetuned BERT model, a finetuned
ModernBERT model, and a finetuned Llama-3.2-
1B-Instruct model. Third, in Section 5, we offer
recommendations to practitioners on when it is
worthwhile to use BERT-based language models
as opposed to LLMs. Fourth, also in Section 5, we
identify several research gaps and future research
directions.

Findings. This paper finds that smaller, fine-
tuned BERT-based models outperform LLMs on
in-domain sentence-level claim detection tasks,
making them a practical choice for resource-
constrained settings. However—and perhaps
expectedly—LLMs generalize better to out-of-
domain data without the need for fine-tuning. In

2https://github.com/VeritaResearch/
claim-extraction
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Source # of records % positive

Claimbuster (Has-
san et al., 2017)

7,976 25.00

PoliClaim Gold (Ni
et al., 2024)

1,953 59.09

AVeriTeC (Schlichtkrull
et al., 2023)

3,068 100.00

Total 12,997 47.83

Table 1: Composite dataset used for training and testing
claim detection models.

some cases, finetuning can even harm LLM perfor-
mance. Therefore, our results suggest that special-
ized models are more suitable for narrow domains,
while LLMs are more effective for broad, diverse
domains.

2 Methods

2.1 Dataset

We construct and release a composite dataset for
training and testing sentence-level claim detec-
tion models made from three high-quality, publicly
available datasets, summarized in Table 1. Im-
portantly, all three of these datasets are human-
curated. Claimbuster (Hassan et al., 2017) and
PoliClaim (Ni et al., 2024) were collected specif-
ically to train and test machine learning mod-
els for sentence-level claim detection, and con-
tain sentences from US political speeches and de-
bates. AVeriTeC (Schlichtkrull et al., 2023) con-
tains claims published by over 50 different organi-
zations, including fact-checking organizations like
FullFact and Snopes.3

For finetuning and evaluation, wedivided this
composite dataset into a training set (via random
sampling of 80% of the samples), and a testing set
(the remaining 20%). These samples were frozen
throughout the finetuning and evaluation procedure,
and can be found in the accompanying GitHub
repository.4

2.2 Models

We evaluated the efficacy of using six models for
sentence-level claim extraction, which are listed

3The full AVeriTeC dataset contains 4,568 real-world
claims, but weonly include the publicly released training
dataset which contains 3,068 claims.

4https://github.com/VeritaResearch/
claim-extraction

Figure 1: Overlap in positively predicted labels corre-
sponding to Table 2.

in Table 2 (and 3). The first two models were
a finetuned BERT model5 and a finetuned Mod-
ernBERT model,6 an updated version of its name-
sake (Warner et al., 2024). These models have
110 million and 150 million parameters, respec-
tively. The third model, known as AFaCTA, comes
from Ni et al. (2024), and is a fine-tuned RoBERTa
model (Zhuang et al., 2021) containing 125 mil-
lion parameters.7 The fourth and fifth models
were a base Meta-Llama-3.2-1B-Instruct model8

and a finetuned version of that same model. The
sixth model used was Factcheck-GPT (Wang et al.,
2024), for which the underlying model is OpenAI’s
ChatGPT-3.5 Turbo model.9 The system and user
prompts used for Factcheck-GPT and the Llama-
3.2-1B-Instruct model can be found in Appendix
Section A.

2.3 Finetuning details

As described in Section 2.1, 80% of the composite
dataset constructed and released with this work was
reserved for finetuning (training). Full parameter
finetuning was used for the BERT and Modern-
BERT models, while LoRA was used to finetune
the Llama-3.2-1B-Instruct model. Finetuning was
carried out using the Huggingface Trainer class,
and exact implementation details can be found in
the GitHub repository accompanying this work.

5https://huggingface.co/google-bert/
bert-base-uncased

6https://huggingface.co/answerdotai/
ModernBERT-base

7https://huggingface.co/JingweiNi/
roberta-base-afacta

8https://huggingface.co/meta-llama/Llama-3.
2-1B-Instruct

9https://platform.openai.com/docs/models/
gpt-3.5-turbo
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Table 2: Sentence-level claim detection results (speeches & fact-checks, composite dataset described in Section 2.1).

Model Accuracy Precision Recall F1 Score

BERT (Finetuned) 0.917 0.918 0.904 0.911
ModernBERT (Finetuned) 0.911 0.907 0.902 0.904
AFaCTA (Ni et al., 2024) 0.831 0.755 0.945 0.839
LLama-3.2-1B-Instruct 0.571 0.526 0.816 0.640
LLama-3.2-1B-Instruct (Finetuned) 0.850 0.844 0.834 0.839
Factcheck-GPT (Wang et al., 2024) 0.824 0.802 0.829 0.815

All finetuning was performed on an NVIDIA GTX
4060 Ti with 8GB of VRAM and took 24 hours
or less to complete for each model. The train-
ing loss can be seen in Figure 2. The BERT and
ModernBERT models were trained over 5 epochs
which was sufficient for training loss to converge to
close to 0. Due to resource constraints, the Llama-
3.2-1B-Instruct model was only trained for 30
epochs and training loss was reduced from 2.3932
to 0.8570 (a 64.2% decrease).

3 Results

The performance for all six models on sentence-
level claim extraction can be found in Table 2. The
best performing model with respect to accuracy,
precision, and F1 score was the finetuned BERT
model at 91.7%, 91.8%, and 91.1%, respectively.
We found that the AFaCTA model had the best
recall at 94.5% — although, the model has a rel-
atively low precision. As we will discuss in Sec-
tion 4, we observed a tendency of BERT-based
models to over-predict claims (the positive out-
come) when used on “out-of-domain” data.

We observe a significant performance difference
between the two “base” LLMs used in our ex-
periments: the Llama-3.2-1B-Instruct model and

Figure 2: Finetuning training loss.

Factcheck-GPT, which uses OpenAI’s ChatGPT-
3.5 Turbo model. While the size of ChatGPT-3.5
Turbo is not publicly available, it is believed to
be significantly larger than 1B parameters, indi-
cating that larger LLMs may be better suited for
claim detection tasks. Significantly, fine-tuning the
Llama-3.2-1B-Instruct model results in strong per-
formance improvements: the F1 score increased
from 64.0% to 83.9%.

Figure 1 shows the overlap in positive predic-
tions between the six models. In general, overlap
closely follows from similarities between model
precisions. Perhaps unsurprisingly, BERT and
ModernBERT share 94% of their positively pre-
dicted labels, indicating that the two models are
likely learning the same underlying semantic struc-
tures of claims.

4 Transfer and out-of-domain
performance

We also evaluated the performance of the six mod-
els on out-of-domain claims to test how well per-
formance generalizes. In this short paper use “out-
of-domain” to refer to a domain of claims that may
have a different underlying semantic structure as
compared to the domain a model was trained on.

To carry out this evaluation, we obtained a
dataset released by CheckThat10 containing Tweets
posted to X.com in the English language, where
each Tweet has a label indicating whether or not
it contains verifiable, factual claims (Nakov et al.,
2022). The dataset contains 911 human-labeled
Tweets, where 63.0% are labeled as claims (the
positive outcome). Results for sentence-level claim
detection among the six models studied can be
seen seen in Table 3. Importantly, Tweets have a
different semantic character than political speeches:
many examples in CheckThat contain internet

10https://gitlab.com/checkthat_lab/
clef2022-checkthat-lab/clef2022-checkthat-lab
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Table 3: Sentence-level claim detection results on out-of-domain samples (Tweets posted to X.com, described
in 4). For clarity: we did not re-finetune the BERT, ModernBERT, and Llama-3.2-1B-Instruct model on these
out-of-domain samples—models were finetuned using the composite dataset in Table 1 as described in Section 2.1.

Model Accuracy Precision Recall F1 Score

BERT (Finetuned) 0.633 0.632 0.998 0.774
ModernBERT (Finetuned) 0.637 0.634 1.000 0.776
AFaCTA (Ni et al., 2024) 0.633 0.642 0.940 0.763
LLama-3.2-1B-Instruct 0.607 0.663 0.765 0.710
LLama-3.2-1B-Instruct (Finetuned) 0.634 0.633 0.996 0.774
Factcheck-GPT (Wang et al., 2024) 0.680 0.676 0.944 0.788

slang, leet-speak, hashtags and other emojis.
Performance varies significantly on out-of-

domain samples. In all cases and across all models,
F1 scores dropped between 2.7% and 13.7%. Accu-
racy only increased for the Llama-3.2-1B-Instruct,
and otherwise saw similar drops as observed with
F1 score. The model with the best accuracy, preci-
sion, and F1 score was Factcheck-GPT with 68.0%,
67.6% and 78.7%, respectively. The ModernBERT
model had the highest recall at 100.00%.

Importantly, we observe another salient finding:
all models reported high recall on out-of-domain
samples, yet relatively low precision scores close
to the number of positive samples in the dataset
(63.0%). This indicates a bias of all models—
but particularly by those finetuned on in-domain
samples—to over-predict the positive label (i.e.,
that a sentence is a claim). Perhaps most surpris-
ingly, the finetuned Llama-3.2-1B-Instruct model
actually performed worse than the non-finetuned
base version.

5 Discussion

Takeaways. The findings of this short paper sug-
gest two key takeaways: first, when restricted
to in-domain data, less can be more. we found
that smaller, finetuned BERT-based models outper-
formed LLMs. This is good news for practitioners
who are resource constrained: we found that BERT-
based models can easily be finetuned over a small
number of epochs (we use 5 in this paper) and with
a small GPU having only 8GB of VRAM.

Our second key takeaway is a drawback of us-
ing finetuned, BERT-based models for claim detec-
tion: LLMs perform better on out-of-domain prob-
lems without finetuning. In fact, we present one
example where finetuning actually worsened out-
of-domain performance for an LLM. Overall, this

finding is consistent with current literature which
shows that LLMs perform well on zero- and few-
shot learning (Kojima et al., 2022). It’s also worth
noting that because LLMs are trained on such large
and diverse sets of data, the out-of-domain data
may actually be “in-domain” for an LLM.

Our takeaway for those building claim detection
models can be summarized in the following way:
if one is detecting claims in a restricted domain
(e.g., political speeches), we recommend training
a small, specialized model. However, if one will
be detecting claims from an unrestricted domain,
LLMs will likely yield better performance over the
long run.

Research gaps. We leave several important re-
search gaps for future researchers working on claim
detection: first, what constitutes a domain in claim-
detection? In this paper, we separate domain by
speeches and fact-checks versus Tweets posted to
X.com. However, if one adopted a speech-like pat-
tern to writing their Tweets, or wrote the sentences
of their speech in the style of Tweets, would do-
main transfer be possible? One could explore the
boundary of domains in claim detection, perhaps
relating measures of semantic structures or word
distributions to define a domain distance. Second,
how many training samples are required to ensure
that a claim detection model performs well on a
domain (Kocielnik et al., 2023)? Third, is it possi-
ble to generalize a BERT or ModernBERT model
to multiple domains, and is there a limit to that
generalization? These research questions generally
drive at fundamental questions of transfer learning
in Natural Language Processing (Wang and Chen,
2022).11

11See the Transfer Learning for Natural Language Pro-
cessing workshop co-located with NeurIPS in 2022 at https:
//tl4nlp.github.io/.
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6 Limitations

This short paper has several limitations. First, we
only explore two different domains, giving a lim-
ited insight on when domain transfer may (or may
not) be possible. Instead, this paper only serves as
a single “counterexample” demonstrating the dif-
ficulty of generalizing BERT-based models tuned
for sentence-level claim detection across domains.
Second, we only explore two LLM choices in this
paper, one which is known to be small (1B pa-
rameters) and another which is thought to be very
large. Future work could include adding “medium”-
sized LLMs (like those with 7B or 8B parameters)
and mixture-of-experts type models (Jiang et al.,
2024).
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A Prompts

Factcheck-GPT System Prompt

You a r e a h e l p f u l f a c t c h e c k e r
a s s i s t a n t .

Factcheck-GPT User Prompt

Your t a s k i s t o i d e n t i f y whe the r
t e x t s a r e checkwor thy i n t h e
c o n t e x t o f f a c t − c h e c k i n g .

Let ' s d e f i n e a f u n c t i o n named
checkwor thy ( i n p u t : L i s t [ s t r ] ) .

The r e t u r n v a l u e s h o u l d be a l i s t
o f s t r i n g s , where each s t r i n g
s e l e c t s from [ " Yes " , "No " ] .

" Yes " means t h e t e x t i s a f a c t u a l
checkwor thy s t a t e m e n t .

"No" means t h a t t h e t e x t i s n o t
checkwor thy , i t might be an
o p i n i o n , a q u e s t i o n , o r o t h e r s .

For example , i f a u s e r c a l l
checkwor thy ( [ " I t h i n k Apple i s
a good company . " , " F r i e n d s i s a

g r e a t TV s e r i e s . " , " Are you
s u r e P r e s l a v i s a p r o f e s s o r i n
MBZUAI? " , " The S t a n f o r d P r i s o n
Exper imen t was c o n d u c t e d i n t h e

basement o f Enc ina H a l l . " , " As
a l a n g u a g e model , I can ' t

p r o v i d e t h e s e i n f o . " ] )
You s h o u l d r e t u r n a py thon l i s t

w i t h o u t any o t h e r words ,
[ " No " , " Yes " , "No " , " Yes " , "No " ]
Note t h a t your r e s p o n s e w i l l be

p a s s e d t o t h e py thon
i n t e r p r e t e r , SO NO OTHER WORDS!

checkwor thy ( { t e x t s } )

Llama-3.2-1B-Instruct System Prompt

Only answer w i th Yes o r No

Llama-3.2-1B-Instruct User Prompt

SENTENCE : { t e x t s }

I s t h e s e n t e n c e a f a c t u a l c l a i m
t h a t c o u l d be v e r i f i e d by a
f a c t c h e c k e r ? Yes o r No
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