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Abstract

The spread of misinformation has prompted
extensive research on machine-learning–based
fake news detection. However, existing
datasets differ substantially in content distri-
butions and annotation policies, complicat-
ing fair evaluation and generalization assess-
ment. We refer to these structural differ-
ences as dataset bias. In this study, we quan-
titatively analyze dataset bias across multi-
ple public fake news datasets (Kaggle, FNN,
ISOT, and NELA-GT-2019/2020) with differ-
ent annotation granularities, including article-
level and publisher-level labels. Using doc-
ument embedding–based similarity analysis
and article category distributions, we exam-
ine how such biases affect detection perfor-
mance under in-dataset and cross-dataset eval-
uation settings. Furthermore, to leverage
large-scale but coarse-grained publisher-level
data, we compare proxy-label training with a
semi-supervised learning approach based on
Virtual Adversarial Training (VAT). Our re-
sults show that detection performance strongly
depends on dataset-specific biases, and that
proxy-label training and SSL exhibit comple-
mentary, and sometimes opposite, strengths
depending on whether the evaluation empha-
sizes in-dataset performance or cross-dataset
generalization. These findings highlight the
importance of appropriate training strategies
and evaluation protocols when using heteroge-
neous fake news datasets.

1 Introduction

In recent years, instances in which misinforma-
tion and misleading fake news spread rapidly and
widely have increased (Alghamdi et al., 2024).
In response, researchers have actively pursued
machine-learning–based approaches to automat-
ically detect fake news (Raza and Ding, 2022;
Hu et al., 2024; Raza et al., 2025). However,
the performance of detection models strongly de-
pends on biases inherent in the training datasets,

which affect evaluation outcomes and generaliza-
tion performance (Verhoeven et al., 2024). Al-
though large-scale datasets tend to mitigate inci-
dental biases by averaging over many samples,
achieving such scale often requires coarse-grained
labeling to reduce annotation costs, leading to a
trade-off between label granularity and label qual-
ity.

In practice, fake news detection datasets can be
broadly categorized into two types based on la-
bel granularity: article-level and publisher-level
labels. While each type poses distinct chal-
lenges, both also share common issues. Datasets
with fine-grained, article-level annotations, such
as FakeNewsDetectionDataset (UTK Machine
Learning Club, 2018), FakeNewsNet (Shu et al.,
2020), and the ISOT Dataset (Ahmed et al., 2018,
2017), provide high-quality labels that closely re-
flect article content. However, their high an-
notation costs limit dataset scale, often result-
ing in bias toward specific publishers or topics
due to insufficient diversity (Thibault et al., 2025;
D’Ulizia et al., 2021). In contrast, datasets anno-
tated at the publisher level, exemplified by NELA-
GT (Gruppi et al., 2020, 2021), provide labels that
reflect assessments of publisher credibility rather
than direct verification at the individual article
level, and thus offer coarse-grained labels com-
pared to article-level annotations (Thibault et al.,
2025; Burdisso et al., 2024). Their low annotation
costs enable much larger scale, but using such data
at the article level may cause models to learn as-
sociations that are not directly grounded in article
content veracity. Furthermore, both dataset types
share a common issue: definitions and judgment
criteria for fake news are not consistent across
datasets, inducing label mismatches and biased
data distributions (Altay et al., 2023).

Many existing studies rely on small, article-
level datasets and report high detection perfor-
mance under random train–test splits (Raza and
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Ding, 2022; Kaliyar et al., 2021; Arunthavachel-
van et al., 2024). Such evaluation settings share
distributional biases between training and test
data, making it difficult to assess generalization
to unseen data. More broadly, prior work in ma-
chine learning has shown that models trained on
limited, insufficiently diverse data often suffer sig-
nificant performance degradation under distribu-
tion shift (Tang et al., 2020; Ma et al., 2019;
Shibuya et al., 2021). Fake news detection faces
the same risk, and evaluations based solely on
small-scale datasets may overestimate real-world
performance. Therefore, evaluation protocols and
training strategies that appropriately capture gen-
eralization performance must be carefully exam-
ined.

Meanwhile, NELA-GT, a large-scale dataset
with publisher-level labels, attracts attention as a
valuable resource due to its size. It is expected
to be useful both independently and in combi-
nation with smaller, higher-quality article-level
datasets (Özgöbek et al., 2022; Raza and Ding,
2022). However, because NELA-GT lacks article-
level labels, its usage is limited to two main ap-
proaches: (i) directly using publisher-level labels
as proxy labels for articles, and (ii) leveraging
article text without labels. Which approach is
more appropriate under different conditions has
not been systematically studied.

When labels are unavailable or unreliable, semi-
supervised learning (SSL) provides a principled
framework for leveraging unlabeled data. Clas-
sical SSL approaches include self-training with
pseudo-labeling (Lee, 2013) and label spread-
ing (Zhou et al., 2003). More recent methods, such
as FixMatch (Sohn et al., 2020), exploit consis-
tency between weakly and strongly perturbed in-
puts. In addition, many SSL methods are based
on enforcing prediction smoothness under pertur-
bations, including Mean Teacher (Tarvainen and
Valpola, 2018), Noisy Student (Xie et al., 2020),
and Virtual Adversarial Training (VAT) (Miyato
et al., 2019). Among these, VAT computes ad-
versarial perturbations that maximize prediction
changes and trains models to be robust against
them. Prior studies report that VAT achieves
strong performance across various tasks (Li and
Qiu, 2021).

Motivated by these findings, we first identify
dataset-specific biases in publicly available fake
news datasets that arise from differences in arti-
cle content distributions and annotation policies,

such as labeling granularity and criteria. In partic-
ular, we examine how strong source- or publisher-
specific correlations can lead to overly optimistic
in-dataset evaluation results that do not reflect true
generalization ability. Next, to achieve robust fake
news detection, we investigate how to effectively
leverage large-scale publisher-level datasets with
low label reliability. Specifically, we compare two
strategies: using publisher-level labels as proxy ar-
ticle labels, and applying VAT as a label-agnostic
SSL approach. Furthermore, we compare these
approaches with predictions from recent zero-shot
large language models (LLMs) and discuss their
effectiveness and limitations in practical scenar-
ios.

This study makes the following two main con-
tributions.

1 We demonstrate that dataset-specific biases
strongly influence fake news detection per-
formance across datasets.

2 We show that the effectiveness of proxy-label
training and SSL depends on the task objec-
tive.

2 Related Works

2.1 Fake News Detection
Fake news detection constitutes a critical chal-
lenge in preventing the spread of misinforma-
tion, and researchers have proposed a wide range
of machine-learning–based approaches. Fake-
BERT (Kaliyar et al., 2021) introduces a deep
learning framework that combines BERT (De-
vlin et al., 2019) with a convolutional neural
network and achieves an accuracy of 98.8 per-
cent. FND-NS (Raza and Ding, 2022) proposes
a Transformer-based model that integrates news
articles and titles with metadata related to so-
cial context, achieving an F1 score of 74.9 points
even when trained on a small dataset collected
over a limited time period. Arunthavachelvan et
al. (Arunthavachelvan et al., 2024) extract linguis-
tic and psychological features from news article
text and feed them into a multilayer perceptron
(MLP) model, which achieves an F1 score of 96.7
points and outperforms existing baselines by ap-
proximately three points.

However, many existing studies evaluate their
methods on a single dataset, without sufficiently
considering biases inherent in the data. As a re-
sult, the robustness of proposed models and train-
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ing strategies across datasets with different bias
characteristics has not been adequately examined.

2.2 Issues on dataset: Size, Quality, and Bias

Fake news detection datasets can be broadly clas-
sified into two categories based on label gran-
ularity and construction cost. Article-level la-
beled datasets provide high-quality annotations,
but high annotation costs constrain their scale
and limit topic coverage and diversity. Rep-
resentative examples include FakeNewsNet (Shu
et al., 2020), FakeNewsDetectionDataset (UTK
Machine Learning Club, 2018), and the ISOT
Dataset (Ahmed et al., 2018, 2017), each con-
taining approximately 20,000 to 40,000 articles
with binary Real/Fake labels. Fake News Elec-
tions (Raza et al., 2024) has a comparable scale
but focuses on discriminatory and biased expres-
sions in North American political speeches. Re-
COVery (Zhou et al., 2020) offers a larger dataset
with more than 140,000 articles, but its scope
is restricted to COVID-19–related news. As a
result, many article-level datasets remain small
or domain-specific, limiting their effectiveness
for improving model generalization. Publisher-
level labeled datasets enable lower-cost construc-
tion and therefore provide substantially larger cor-
pora. However, they do not assign veracity la-
bels to individual articles, requiring researchers
to use publisher-level labels as surrogate supervi-
sion. A representative example is the NELA-GT
dataset (Gruppi et al., 2020, 2021), which contains
more than one million articles but does not guar-
antee the veracity of each news item, raising con-
cerns about label reliability.

2.3 Large Language Models for Zero-shot
Fake News Classification

In recent years, zero-shot fake news detection us-
ing large language models (LLMs) has attracted
increasing attention. Hu et al. (2024) evaluate
fake news detection in zero-shot and few-shot set-
tings using LLMs such as GPT-4, showing that
these models achieve lower accuracy than fine-
tuned BERT-based models. They also report that,
although LLMs exhibit strong analytical capabil-
ities, such as generating multi-perspective ratio-
nales, they struggle to accurately integrate such
information for veracity judgment, particularly in
fact-checking tasks. Raza et al. (2025) compare
BERT-based models with LLMs and conduct fake
news detection using AI-assisted annotation gen-

erated by GPT-4. Their results indicate that BERT-
based models achieve higher accuracy, whereas
LLMs show greater robustness to textual para-
phrasing. Despite these limitations, recent ad-
vances suggest that zero-shot LLMs can exhibit
strong robustness to out-of-distribution data with-
out additional training, making LLM-based ap-
proaches increasingly promising for fake news de-
tection.

3 Cross-Dataset Evaluation of Fake
News Detection

In this paper, we conduct two sets of experi-
ments to analyze generalization performance in
fake news detection. First, we evaluate biases in-
herent in public datasets. Second, we investigate
effective strategies for leveraging large-scale un-
labeled datasets. For these experiments, we use
BERT (Devlin et al., 2019), a widely adopted pre-
trained baseline model in natural language pro-
cessing, and evaluate performance using Accuracy
and macro-F1 score.

3.1 Datasets

In this study, we use several widely adopted pub-
lic datasets for fake news detection that provide
article-level truth labels, namely FakeNewsDetec-
tionDataset (Kaggle), FakeNewsNet (FNN), and
the ISOT Dataset. We also use the NELA-GT
datasets (NELA-GT-2019 and NELA-GT-2020),
which provide publisher-level reliability labels
rather than article-level labels.

For preprocessing, we remove samples without
article body text and clean the text by removing
line breaks and extraneous symbols.

FakeNewsDetectionDataset (Kaggle) (UTK
Machine Learning Club, 2018)1 consists of 20,800
training samples and 5,193 test samples. Each ar-
ticle includes a title, body text, and author, and is
assigned a binary Real/Fake label. The label dis-
tribution (Real: 13,267; Fake: 12,726) shows no
substantial class imbalance, and we use the offi-
cial train–test split.

FakeNewsNet (FNN) (Shu et al., 2020) is a
multimodal dataset including article text, social
context, and images. To ensure consistency across
datasets, we use only article titles and bodies. The
dataset contains 18,018 articles (Real: 13,574;
Fake: 4,444). We apply a label-preserving random

1Kaggle is currently not publicly available.
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split, using 15,000 articles for training and 3,018
for testing.

ISOT Dataset (Ahmed et al., 2018, 2017) fo-
cuses primarily on political news and contains
44,898 articles (Fake: 23,481; Real: 21,417), each
with a title and body text. Metadata such as author
or publication date is not provided. Real news ar-
ticles are sourced from Reuters, while Fake news
articles are collected from multiple online media
sources. We perform a label-preserving random
split, using 40,415 articles for training and 4,483
for testing.

NELA-GT Dataset (Gruppi et al., 2020, 2021)
is a large-scale news corpus providing publisher-
level reliability labels. We use NELA-GT-2019
(NELA2019) and NELA-GT-2020 (NELA2020).
NELA2019 contains approximately 1.18 mil-
lion articles from 261 news sources, each la-
beled as Reliable, Mixed, Unreliable, or with-
out an assigned reliability label. Following prior
work (Özgöbek et al., 2022; Zhou et al., 2021), we
assign publisher labels as proxy labels to all as-
sociated articles, noting that this assumption does
not strictly reflect article-level veracity. We ex-
clude Mixed and unlabeled sources, treating Re-
liable as Real and Unreliable as Fake, result-
ing in 445,655 Real and 125,999 Fake articles.
We apply a label-preserving random split, allo-
cating 407,970 articles for training and 163,684
for testing. NELA2020 contains approximately
1.78 million articles from 519 news sources. Un-
der the same conditions as NELA2019, we extract
1,019,062 articles (Real: 491,487; Fake: 527,575)
and use all of them as test data.

3.2 Experiment 1: Assessing Dataset Bias

In this study, we conduct three experiments to an-
alyze the presence of dataset bias in public fake
news datasets and its impact on detection perfor-
mance.

(1) Analysis of article categories We analyze
skewness in article category distributions as
one source of dataset bias. Articles in Kag-
gle, FNN, ISOT, and NELA2019 are classi-
fied using a BERT model fine-tuned on the
News Article Category Dataset (Timilsina,
Bimal, 2023), and the predicted category dis-
tributions are compared across datasets.

(2) Analysis of dataset similarity We extract ar-
ticle embeddings using BERT and visualize

cosine similarity distributions between arti-
cles from Kaggle, FNN, and ISOT and their
most similar counterparts in NELA2019.

(3) Evaluation of the impact of dataset dif-
ferences on model performance We train
separate BERT models on the training data
of Kaggle, FNN, ISOT, and NELA2019,
and compare detection performance on the
test datasets, excluding NELA as a test set
due to its low label reliability. This eval-
uation examines how differences in train-
ing datasets influence model performance.
Additionally, we compare fake news detec-
tion performance on NELA2019 test data
and NELA2020, which follow the same an-
notation policy, to assess distribution shifts
caused by different collection periods.

3.3 Experiment 2: Using large-scale
unlabeled data

To develop a robust fake news detector, we inves-
tigate effective strategies for leveraging the large-
scale NELA2019 dataset, which provides coarse-
grained publisher-level labels. We compare two
approaches: using publisher labels as proxy arti-
cle labels, and treating NELA2019 as unlabeled
data for SSL.

We evaluate these approaches under two set-
tings. In-dataset evaluation tests on data drawn
from the same dataset used for training, which is
common but may overestimate performance due
to data leakage. Cross-dataset evaluation tests
on datasets with different annotation policies or
collection conditions and provides a more practi-
cal measure of generalization performance. The
performance gap between these settings reflects
dataset bias.

Additionally, we include zero-shot classifica-
tion using two LLMs (LLaMA3.1-7B and GPT-
OSS-20B) as baselines. For zero-shot classifica-
tion, outputs other than True or False are treated
as incorrect, and their frequency is recorded.

We define six experimental conditions. For all
non-LLM experiments, we use BERT and evaluate
performance on the test sets of Kaggle, FNN, and
ISOT.

i) Supervised (baseline): BERT trained on
Kaggle, FNN, and ISOT.

ii) Supervised + proxy labels: BERT trained on
Kaggle, FNN, and ISOT labels, along with
NELA2019 publisher-level labels.
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Figure 1: Distribution of article categories across datasets (Experiment 1-(1)).

iii) Supervised + SSL (VAT): BERT trained on
Kaggle, FNN, and ISOT labels using SSL
(VAT), without using NELA2019 publisher
labels.

iv) Proxy labels only: BERT trained solely on
NELA2019 with publisher labels.

v) LLaMA3.1-7B Zero-shot (Grattafiori
et al., 2024): Zero-shot classification using
LLaMA3.1-7B.

vi) GPT-OSS-20B Zero-shot (Agarwal et al.,
2025): Zero-shot classification using GPT-
OSS-20B.

Furthermore, we examine how differences in
article category distributions identified in Exper-
iment 1 affect the performance gap between VAT-
based SSL and supervised learning under the in-
dataset setting.

4 Results

4.1 Experiment 1: Assessing Dataset Bias

Figure 1 shows the estimated distributions of arti-
cle categories. Kaggle, ISOT, and NELA2019 are
heavily skewed toward POLITICS, whereas FNN
exhibits a markedly different distribution with a
strong concentration in ENTERTAINMENT. Fig-
ure 2 presents, for each article in Kaggle, FNN,

Figure 2: Cosine similarity distributions between
BERT embeddings of articles from Kaggle, FNN, and
ISOT and their most similar counterparts in NELA2019
(Experiment 1-(2)).

and ISOT, the cosine similarity to its most sim-
ilar counterpart in NELA2019, computed us-
ing low-dimensional BERT-based text representa-
tions. The y-axis shows the proportion of articles
in each dataset whose maximum cosine similarity
to any NELA2019 article falls within a given sim-
ilarity range. The resulting similarity distributions
differ substantially across datasets, indicating vari-
ations in textual characteristics. Table 1 summa-
rizes the performance of BERT models trained and
evaluated on different datasets. Hereafter, the no-
tation X → Y denotes a setting in which the model
is trained on dataset X and evaluated on dataset
Y . Across all datasets, in-dataset evaluation (X =
Y ) consistently outperformed cross-dataset eval-
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Test Data
Kaggle FNN ISOT NELA2019 NELA2020

Training Data

Kaggle 0.631 0.437 0.816 - -
FNN 0.462 0.768 0.482 - -
ISOT 0.354 0.224 0.999 - -

NELA2019 0.671 0.600 0.961 0.787 0.613

Table 1: Fake news detection performance in terms of F1 score (Experiment 1-(3)). Results from in-dataset
evaluations are highlighted in bold.

uation (X ̸= Y ). In particular, FNN → FNN,
ISOT → ISOT, and NELA2019 → NELA2019
achieved substantially higher performance than
their cross-dataset counterparts. Among these,
ISOT → ISOT reached near-perfect scores (Ac-
curacy and macro-F1 of 0.999), whereas its per-
formance dropped sharply when evaluated on
other datasets. In contrast, Kaggle → Kaggle
achieved lower performance than NELA2019 →
Kaggle. Kaggle provides a predefined train–test
split rather than relying on a random post hoc
split, which likely reduces data leakage and results
in more conservative but realistic in-dataset per-
formance. In cross-dataset settings, most dataset
combinations resulted in macro-F1 scores be-
tween 0.3 and 0.6, indicating limited transfer-
ability of discriminative patterns learned from a
single dataset. Notably, NELA2019 → Kag-
gle/FNN/ISOT maintained moderate performance.
However, NELA2019 → NELA2020 exhibited an
approximately 17-point drop in F1 compared with
NELA2019 → NELA2019, despite following the
same annotation policy. ISOT showed particularly
large gaps between in-dataset and cross-dataset
evaluations. Models trained on ISOT performed
well in-dataset but degraded severely when evalu-
ated on other datasets.

4.2 Experiment 2: Using Large-Scale
Unlabeled Data

Table 2 reports the performance of BERT mod-
els and zero-shot LLMs on small-scale, high-
quality datasets (Kaggle, FNN, ISOT) and on the
large-scale NELA2019 dataset. Table 3 shows
the proportion of zero-shot LLM outputs that
were neither True nor False; these inference fail-
ures are already reflected in Table 2. When
BERT was trained on labeled data augmented
with NELA2019 proxy labels, cross-dataset per-
formance improved substantially in many settings,
with an average F1 increase of 27.0 points. In con-

trast, in-dataset performance slightly decreased
(average -0.7 F1). When NELA2019 was treated
as unlabeled data and incorporated via VAT-based
semi-supervised learning (SSL), performance im-
proved over the supervised baseline in many in-
dataset and cross-dataset settings. VAT achieved
the highest in-dataset F1 scores, with an average
improvement of 0.7 points. However, in cross-
dataset evaluations, VAT often underperformed
compared with training using proxy labels. In
highly divergent settings, such as Kaggle/FNN →
ISOT, VAT even degraded performance below the
baseline. Figure 3 shows category-wise F1 im-
provements obtained by VAT in in-dataset evalu-
ations. Kaggle exhibited consistent gains across
categories, whereas FNN showed more variable
effects. Among zero-shot LLMs, LLaMA3.1-7B
consistently outperformed GPT-OSS-20B across
all settings. GPT-OSS-20B occasionally pro-
duced invalid outputs and showed a strong bias
toward predicting Fake. Although LLaMA3.1-7B
achieved the best results among LLMs, it gener-
ally underperformed supervised BERT models in
in-dataset evaluations, while occasionally match-
ing or exceeding them in cross-dataset settings.

5 Discussion

5.1 Dataset Bias and Generalization

The results clearly demonstrate that fake news de-
tection models are strongly affected by dataset-
specific biases. Across all datasets, in-
dataset evaluation consistently overestimated per-
formance compared with cross-dataset evaluation,
indicating that models often rely on spurious cor-
relations rather than generalizable indicators of ve-
racity. This effect was particularly pronounced for
ISOT. The near-perfect in-dataset performance of
ISOT-trained models, combined with their catas-
trophic degradation in cross-dataset evaluations,
suggests that these models primarily learned to
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Model

Training Data Test Data

Labeled
Dataset NELA2019

† Kaggle FNN ISOT

Acc F1 Acc F1 Acc F1

BERT

Kaggle
- 0.632 0.631 0.438 0.437 0.817 0.816

Proxy 0.630 0.629 0.637 0.572 0.927 0.927
SSL 0.637 0.636 0.443 0.443 0.628 0.616

FNN
- 0.498 0.462 0.837 0.768 0.502 0.482

Proxy 0.666 0.665 0.807 0.756 0.940 0.940
SSL 0.544 0.540 0.838 0.785 0.490 0.461

ISOT
- 0.548 0.354 0.285 0.224 0.999 0.999

Proxy 0.708 0.704 0.679 0.589 0.993 0.993
SSL 0.558 0.401 0.290 0.232 0.999 0.999

- Proxy 0.679 0.671 0.637 0.600 0.961 0.961

LLaMA3.1-7B zero-shot - - 0.668 0.667 0.637 0.604 0.853 0.851
GPT-OSS-20B zero-shot - - 0.547 0.439 0.366 0.360 0.674 0.642

† Proxy : Uses NELA2019 publisher-level labels as proxy labels for articles.
SSL : Applies VAT-based SSL (Miyato et al., 2019) without NELA2019 publisher-level labels.

Table 2: Comparison of fake news detection performance across different methods and datasets. The best results
in in-dataset evaluations are highlighted in bold, while the best results in cross-dataset evaluations are underlined.

Kaggle FNN ISOT

LLaMA3.1-7B zero-shot 0.000 0.000 0.000
GPT-OSS-20B zero-shot 0.002 0.011 0.004

Table 3: Proportion of invalid (non-Real/Fake) outputs
produced by the LLM.

distinguish news sources rather than assess fac-
tual correctness. Because real news in ISOT origi-
nates from a single source while fake news is col-
lected from multiple outlets, truth labels are tightly
coupled with source-specific writing styles. As a
result, ISOT is unsuitable for evaluating general-
ization in fake news detection. In contrast, Kag-
gle exhibited more conservative in-dataset perfor-
mance. Its predefined train–test split likely re-
duced data leakage and prevented overly opti-
mistic evaluation, highlighting the importance of
dataset design in fair performance assessment.

5.2 Role of Large-Scale and Diverse Data

NELA2019 demonstrated relatively stable cross-
dataset performance, suggesting that large-scale
and diverse datasets can partially mitigate dataset
bias. Although NELA2019 contains noisy labels,
its breadth appears to compensate for this noise
by exposing models to a wider range of linguis-

tic patterns. However, the performance drop ob-
served in NELA2019 → NELA2020 indicates that
even datasets following identical annotation poli-
cies can differ substantially due to temporal fac-
tors or media composition. This finding under-
scores that scale alone does not guarantee robust-
ness and that distributional shifts remain a critical
challenge.

5.3 Proxy Labels vs. Semi-Supervised
Learning

Augmenting labeled data with NELA2019 proxy
labels substantially improved cross-dataset perfor-
mance, while slightly reducing in-dataset perfor-
mance. This trade-off suggests that large-scale
proxy-labeled data reduce overfitting to dataset-
specific artifacts and lead to more realistic gen-
eralization estimates. VAT-based SSL was par-
ticularly effective in in-dataset settings, where la-
beled and unlabeled data shared similar distribu-
tions. However, in cross-dataset settings charac-
terized by domain mismatch, regularization meth-
ods such as VAT, which enforce smooth decision
boundaries learned from labeled data, may prop-
agate these biases across unlabeled data, reinforc-
ing decision boundaries that are misaligned with
the target data and thereby limiting performance
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Figure 3: F1 score improvements obtained by VAT under in-dataset evaluation.

gains. Taken together, this analysis suggests that
proxy-labeled large-scale data are more suitable
for cross-dataset settings, whereas SSL methods
are better suited to in-dataset scenarios with lim-
ited distributional shift.

5.4 Zero-Shot LLMs under Distribution Shift
Zero-shot LLMs, especially LLaMA3.1-7B,
showed greater robustness under cross-dataset
evaluation than supervised BERT models in some
cases. This suggests that LLMs, pretrained on
extremely large and diverse corpora, rely less
on dataset-specific cues. Nevertheless, their
weaker in-dataset performance indicates that they
do not fully replace supervised models when
high-quality labeled data are available.

6 Conclusion

In this study, we investigated how training data
composition and dataset bias affect fake news de-
tection performance and examined strategies for
combining small high-quality datasets with large-
scale low-quality data. Our main findings are sum-
marized as follows. (1) Dataset bias severely lim-
its the generalization of fake news detection mod-
els. (2) Large-scale and diverse datasets can mit-
igate, but not eliminate, distributional bias. (3)
SSL methods such as VAT are effective when la-
beled and unlabeled data are well aligned, whereas
proxy-labeled large-scale data are more suitable
for cross-dataset generalization. (4) Zero-shot

LLMs offer a practical alternative when labeled
data are scarce, particularly under distribution
shift. These results emphasize the importance of
evaluating fake news detection models under both
in-dataset and cross-dataset settings and of explic-
itly accounting for dataset bias when designing
and deploying practical detection systems.

Limitations

This study has several limitations. The datasets
used in our experiments are English-language
news corpora constructed under specific collection
policies, which may limit generalization to other
domains, languages, or social and temporal con-
texts. Moreover, cross-dataset performance is af-
fected by inter-dataset similarity and does not nec-
essarily reflect models’ ability to capture intrinsic
properties of fake news.

Regarding methodology, we focused on VAT as
a representative SSL approach and relied on pre-
trained standard BERT models to analyze general
trends. As a result, different SSL methods, train-
ing paradigms, or stronger pretrained models may
lead to different outcomes. Our zero-shot LLM
evaluation was also restricted to single-shot infer-
ence with constrained prompts. Exploring broader
datasets, alternative SSL techniques, and more
flexible model and prompting choices remains im-
portant future work.
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