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Abstract

Transformer-based fake news classifiers often perform well within their training domain
but show substantial performance degradation when applied to a different domain. This
degradation is commonly attributed to changes in learned representations, while the role
of the classification decision rule, which assigns the class with the highest predicted proba-
bility, receives less attention. In this study, four transformer encoders were trained under
a common configuration across four training conditions and five random seeds, yielding
80 training runs. The models were evaluated within their training domains, across do-
mains, and on an external dataset. During preprocessing, source-identifying terms such
as publisher names, news agency names, and website domains were removed from the
texts before duplicate records were eliminated within and across datasets. Prior to clean-
ing, a classifier relying on source-identifying terms achieved a Macro-F1 score of 0.994
on ISOT and 0.756 on the pooled dataset. After removing these terms, the pooled score
decreased to 0.355, reflecting a class-prior baseline rather than meaningful classification
performance. In the most severely affected transfer condition, Macro-F1 decreased to 0.217,
although discrimination remained above chance. Calibration error increased by a factor of
2.2 to 4.4. The models classified 82-95% of the target examples as fake, although only 20%
were actually fake. Post-hoc class-weight compensation improved performance in the most
severely affected transfer direction but had a near-zero average effect overall. Additional
cross-fitted threshold analysis recovered approximately 63% of the observed Macro-F1
loss in PolitiFact — GossipCop, compared with approximately 1% in the reverse direction.
Class-conditional score and representation analyses showed that the observed changes
could not be explained by class-prior differences alone. Overall, the findings indicate that
decision-rule misalignment contributes to cross-domain performance degradation, but its
effect varies substantially with transfer direction.

Keywords: fake news detection; misinformation detection; cross-domain generalization;
domain adaptation; transformer models; model calibration; label shift; data leakage;
text classification

1. Introduction

The reliability of online information is increasingly challenged by misinformation.
Automated misinformation detection systems play an important role in identifying poten-
tially misleading content. Research in this field has revealed a wide range of methods that
utilize various information sources, such as news content, social context, and dissemination
patterns [1]. Text-based Transformer classifiers are widely used because they do not require
social context data and can be deployed independently of social media platforms.
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The performance of these classifiers in domain-specific evaluations is often very good,
but declines sharply when applied to another domain. This decline in performance is
well-known and often attributed to domain-specific learned representations that do not
generalize well to other domains [2,3]. As a consequence, most proposed solutions focus
on adapting the architecture or the representations to account for domain differences.

Testing this hypothesis, however, presents two methodological challenges. First, as
noted earlier, limitations in current evaluation protocols make it difficult to determine
whether reported performance is indicative of the understanding of content. Previous work
has found that fake news classification performance is sensitive to the particular dataset,
the evaluation design, and the metric used [4]. Second, although it is well documented
in the general machine learning literature that classifier probabilities are distorted under
distribution shifts [5,6], the contribution of this phenomenon to cross-domain failure in
fake news detection has not been disentangled. The positioning of the decision threshold
relative to the source distribution can lead to systematic error if the class prior differs in the
target domain, and this error is not apparent in metrics independent of the threshold.

This study assesses cross-domain fake news detection in a leakage-controlled protocol,
covering both transfer directions, and analyzing discriminative degradation, calibration
drift, and decision-rule misalignment, in addition to representation-level differences. The
research question is formulated as follows: To what extent do decision-rule and calibration
misalignment contribute to the Macro-F1 degradation observed under domain shift, in
addition to the changes in threshold-independent discriminative performance?

This study tests the hypothesis that loss of Macro-F1 across domains is not only due to
loss of discriminative performance, but also includes a component that is threshold-sensitive
and whose magnitude varies with the direction of transfer. This hypothesis is tested by
comparing the performance of threshold-dependent and threshold-independent metrics,
measuring the performance that can be recovered by cross-fitted threshold adjustment, and
studying the changes in calibration and the distribution of predictions across the different
transfer directions.

The contributions of this study are as follows:

e  The classification performance provided solely by source-based shortcut terms was
measured and compared before and after cleaning; this measurement provides di-
rect evidence of the extent to which the dataset’s performance relies on non-content-
related cues.

e  Duplicate records within and across datasets were removed before partitions were
created; it was verified that there was zero overlap between the external validation set
and the training set, thereby confirming the independence of the external evaluation
set from the training data.

e  The transfer was reported separately for both directions; it was demonstrated that the
model ranking can be reversed depending on the direction, and it was shown that
one-way evaluations can be misleading in model selection.

o  The threshold-independent discrimination power, decision-based performance, cali-
bration error, and the performance effect of post-hoc class-weight compensation were
jointly evaluated to assess the contribution of calibration and decision-rule misalign-
ment to the observed performance loss.

e  No hyperparameter tuning was performed per model, and this constraint is enforced
at the code level through automatic checks that trigger a failure if it is violated.

The rest of the paper is organized as follows: Section 2 reviews the relevant literature,
presents the benchmark datasets used in the experiments, and describes the research gap
that is filled by this paper; Section 3 describes the experimental design, the models used
in the experiments, and the statistical analysis used; Section 4 presents the results of the
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experiments; Section 5 discusses the results, in the context of previous work, and describes
the limitations of this study; Section 6 summarizes the results of this study and outlines
future work.

2. Literature Review
2.1. Text-Based Fake News Detection

Most existing fake news detection methods can be categorized into three different
approaches: those using only news content, those using social context and information on
how the news was disseminated, and multimodal approaches using a combination of both
types of information. Social context information contains useful unique information but can
be very difficult to use in practice, as it may not exist at the time of publication of the news
and requires access to social media platform data. For these reasons, classifiers using only
text content are preferred for early detection as well as for use in platforms where social
media information is not available.

Text-based fake news detection has been investigated across multiple languages and
platforms. A study of Spanish-language misinformation detection evaluated BERT and
RoBERTa-based models on political news, demonstrating their applicability to this linguistic
setting [7]. For Romanian, both direct fine-tuning and back-translation-based data augmen-
tation have been tested [8,9]; deep learning architectures have been evaluated on Arabic
tweet data [10]. A cloud-based system using BERT has also been proposed to analyze
sentiment associated with fake news on X (Twitter) [11]. Recent research has also explored
XLNet-based architectures incorporating attention and contextual embeddings for misinfor-
mation detection [12]. A common feature of these studies is that the evaluation is largely
limited to a single dataset and domain-specific tuning.

2.2. Pre-Trained Transformer Encoders

Pre-trained encoders have become the de facto standard in text classification. BERT has
popularized the learning of contextual representations through bidirectional masked lan-
guage modeling [13]. RoBERTa demonstrated that changes to pretraining data, batch size,
training duration, and masking strategy can substantially improve BERT-based representa-
tions [14]. ELECTRA improves pretraining efficiency through a replaced-token detection
objective [15]. Distillation-based approaches reduce the number of parameters and infer-
ence cost while preserving a significant portion of the teacher model’s performance [16].
DeBERTa proposed an attention mechanism that separates content and position represen-
tations [17]; more recent encoders, meanwhile, combine efficiency gains with support for
long context [18].

These encoders are used in a wide range of text classification tasks beyond fake news
detection; it has been shown that deep learning architectures combined with lexical on-
tologies improve performance in multi-class document classification [19]. Adaptations
of the attention mechanism specifically tailored for fake news detection have also been
proposed [20].

The fine-tuning behavior of architectures has been the subject of a separate study. It
has been shown that in long-text classification, the pruning strategy, learning rate, and
layer-based adjustments significantly affect performance [21]. This observation implies
that comparing different architectures under a common hyperparameter budget measures
not only architectural differences but also hyperparameter sensitivity. Model-independent
explainability methods are used to examine which input components a model relies on
to make its decisions; Shapley additive explanations (SHAP) are widely applied for this
purpose in data types other than text, such as clinical decision support models [22].
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The attention-based architectures can be applied to visual information processing.
Recently, a multimodal framework for Al-generated video detection was proposed in [23],
which uses spatial, frequency-domain and optical-flow features and applies cross-attention
to detect inconsistencies between appearance and motion.

Another study proposed Mutual Retinex, which integrates global feature modeling
using Transformer with local feature extraction using CNNs for low-light and underwater
image enhancement [24]. These studies are for different tasks but illustrate the use of atten-
tion mechanisms and complementary feature representations for different data modalities.

2.3. Cross-Domain and Multi-Domain Detection

The degradation of classification performance across domains is a recurring finding in
this literature. Studies on cross-domain fake news detection have shown that differences in
distribution across domains reduce performance and have proposed solutions that explicitly
model these domain differences [2]. In a multi-domain setting, expert-blend architectures
have been developed that distinguish between common and domain-specific patterns across
domains [3]. A common assumption in these studies is that the performance loss stems
from a problem at the representation level and, therefore, the solution must also be sought
at the representation level.

It should also be emphasized that the term “cross-domain” in this literature encom-
passes distinctly different protocols. Some studies access unlabeled records from the target
domain and select a subset of them for labeling [2]; in multi-domain models, however, the
target domain is already included in the training mix [3]. In zero-shot transfer, a model
is trained only on source-domain data. It is then evaluated on an unseen target dataset.
Differences in style, topic, and class distribution can substantially reduce performance [25].
This distinction means that cross-domain values reported by different studies cannot be
directly compared: the value produced by a setup with access to the target domain is not
on the same scale as the value produced by a setup that uses no target domain data.

This assumption has not been directly tested. Performance loss is often reported using
a single decision-based metric. Without threshold-independent metrics, discrimination loss
cannot be clearly distinguished from decision-rule misalignment. Furthermore, transfer
is mostly reported in a single direction or by averaging across directions, which obscures
direction-dependent effects.

2.4. Dataset Bias, Leakage, and Benchmark Datasets

In the area of fake news classification, existing studies that have developed evaluation
frameworks have highlighted the large variation in the performance of classifiers depending
on the dataset, the evaluation setup and the metric used [4]. This variation is driven by two
mechanisms that have already been documented in the general machine learning literature.

First, there is content overlap between the training and the test sets of data. When
no cross-validation is used, a model can recognize content from the training set in the test
set and thus get a high score. It has been shown that such content overlap has a positive
effect on the performance of a model in the evaluation of natural language processing
tasks [26]. Second, there are superficial features that are strongly correlated with the class
label of a data point but do not represent the content of the data. Such shortcut learning
is a well-known cause of poor generalization of deep learning models [27]. In the case of
datasets that consist of real news from certain agencies and fake news from certain websites,
the agency or the publisher of the news can even be used as a single feature to determine
the class label of a data point. Such dataset bias is not specific to the fake news domain and
it has already been shown that even small changes in correlation and diversity can cause
measurable bias problems [28].
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While the existence of these risks is conceptually recognized, quantitatively measur-
ing their magnitude across relevant datasets is not a common practice. This means that
comparing performance metrics reported by different studies is risky, because of possible
differences in cleaning protocols.

The benchmark datasets used in the study are the following: FakeNewsNet [29], which
contains two natural domains, PolitiFact (politics) and GossipCop (gossip); LIAR [30], a
dataset of short claims, all from PolitiFact, used as a robustness metric as it represents a
different text regime than the long news articles in the dataset; and ISOT [31], a dataset
of news articles, independent of the training data used in the study, and thus used as an
external validation set.

2.5. Calibration, Prior Shift, and Decision-Rule Misalignment

It has been shown that the prediction probabilities of modern neural networks tend to
be overly confident, and that accuracy and calibration can diverge [5]. This tendency be-
comes more pronounced under distribution shift: a systematic evaluation conducted across
numerous model families and types of shift revealed that the reliability of predicted uncer-
tainty decreases as the shift increases [6]. Recent studies propose methods that address
out-of-distribution detection and confidence calibration together [32], examine the identi-
fication of out-of-distribution examples in text data using statistical techniques [33], and
investigate the interaction between class imbalance and out-of-distribution detection [34].

In label shift—a specific form of drift—class-conditional input distributions are pre-
served while class prior distributions change. In this case, it has long been known that the
outputs of a classifier trained on the source distribution must be corrected according to the
new prior, and that this correction can be performed without retraining the classifier [35].
Domain adaptation under label shift is also the subject of current studies; approaches based
on conditional support alignment report performance improvements in this setting [36].
The expected calibration error is widely used to assess predictive calibration [5]. Bayesian
binning has also been used as a calibration method for predicted probabilities [37]. To
compare multiple conditions and models, non-parametric rank-based tests and multiple
comparison corrections are recommended [38]. Differences in class prevalence alone do
not establish label shift, as this requires approximately invariant class-conditional input
distributions. Hence, we distinguish observed class-prior mismatch from verified label shift
and evaluate the latter assumption through class-conditional distribution diagnostics.

Fake news detection in different domains and calibration under distribution shift
are two fields of research that have so far developed largely in isolation from each other.
Calibration metrics are rarely reported in the former field, while calibration research often
focuses on image classification and general text tasks.

This paper presents a novel approach for evaluating cross-domain fake news detection
models. Unlike previous work that has attempted to improve transfer performance via
architectural, representation-level, or domain adaptation methods, this work focuses on
validly interpreting the results of cross-domain evaluations. The evaluation framework pre-
sented in this work incorporates leakage and shortcut auditing, bidirectional transfer with
no access to target-domain data, threshold-independent discrimination, calibration analysis,
prediction distribution analysis, and controlled ablations into one comprehensive evalua-
tion framework. The results of this study can be used to determine if poor decision-based
performance under domain shift is due solely to a reduction in discriminative power or both
a reduction in discriminative power and misalignment of the decision rule and calibration.

The above synthesis points to three gaps. First, quantitative reporting of duplicate and
leakage control remains limited in cross-domain fake news evaluation. Second, transfer
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is rarely reported separately in both directions. Third, discriminative degradation and
calibration/decision-rule misalignment are rarely examined jointly.

This study addresses these three gaps within a single controlled experimental design by
quantitatively auditing duplicates and shortcut signals, reporting transfer separately in both
directions, and jointly examining threshold-independent discrimination, decision-based
performance, and calibration.

3. Materials & Methods
3.1. Dataset

In this study, three different datasets were used: FakeNewsNet, LIAR, and ISOT.
FakeNewsNet was used for the primary cross-domain evaluation because it includes two
natural news domains: PolitiFact and GossipCop. LIAR was included in the secondary
robustness evaluation because it presents a different text structure consisting of short
political claims. ISOT, on the other hand, was used for external evaluation because it is an
independent data source.

The official FakeNewsNet release does not distribute news body text; therefore, this
study used the publicly available MM-SOC derivative datasets [39]. Specifically, Politi-
Fact was obtained from the Ahren09/MMSoc_PolitiFact Hugging Face repository (commit
6228a621f5e2bedf8aa’715bdb0bb35707e204a9f) and GossipCop from Ahren09/MMSoc_Gos-
sipCop (commit 67a204e93e6bc058dab3a8bad118218707c923c5). These versioned releases
contain 483 PolitiFact records and 12,660 GossipCop records. Accordingly, the results re-
ported in this study apply to these specific MM-SOC subsets rather than to the complete
canonical FakeNewsNet distribution. Data inspection identified two records with identical
links and headlines but conflicting Fake and Real labels. Since they contained conflicting
label information, both copies of these records were removed from the dataset.

The LIAR dataset originally contains six different truth labels. To establish a binary
classification framework consistent with the other datasets in this study, these labels were
converted into two classes using a fixed mapping determined before the experiments
began. Accordingly, the “pants-fire,” “false,” and “barely-true” labels were assigned to the
“Fake” class, while the “half-true,” “mostly-true,” and “true” labels were assigned to the
“Real” class.

The statistics for the datasets obtained after cleaning and duplicate auditing are pre-
sented in Table 1. The FakeNewsNet/PolitiFact dataset consists of 479 records, FakeNews-
Net/GossipCop of 12,604, LIAR of 12,805, and ISOT of 38,770. The proportion of the “Fake”
class in the datasets is 34.0%, 20.0%, 44.1%, and 46.1%, respectively.

Table 1. Dataset statistics after deduplication and leakage cleaning.

) Fake Ratio Mean Length Median Truncated at
Dataset/Domain Records Real Fake (%) (Chars) Tokens 128 Tokens (%)
FakeNewsNet/PolitiFact 479 316 163 34.0 6710 564 77.0
FakeNewsNet/GossipCop 12,604 10,084 2520 20.0 3200 498 88.4
LIAR 12,805 7154 5651 44.1 106 23 0.0
1SOT 38,770 20,900 17,870 46.1 2463 — —

Table 1 also highlights the significant differences in text lengths and token structures
across the datasets. While PolitiFact examples contain an average of 6710 characters and a
median of 564 tokens, these values for GossipCop examples are 3200 characters and 498
tokens, respectively. LIAR, on the other hand, presents a significantly shorter text regime
with an average of 106 characters and a median of 23 tokens. At 128 tokens, 77.0% of
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PolitiFact training examples were truncated. The corresponding rate for GossipCop was
88.4%. No truncation was observed in LIAR.

The character counts reported in the table represent the final input to the model, i.e.,
the combination of the headline and body text. Token counts were calculated using the bert-
base-uncased tokenizer, and truncation rates were reported across the training partitions.
Since ISOT was used exclusively as an external evaluation set and did not have a training
partition within the scope of this study, token counts and truncation rates were not calculated
for this dataset. In all evaluations, the “Fake” class was defined as the positive class.

A data split refers to the division of a dataset into training, validation, and test subsets.
The PolitiFact and GossipCop datasets were stratified into training (70%), validation (15%),
and test (15%) sets while preserving class distribution. For LIAR, the official training, vali-
dation, and test sets were preserved; only records removed during duplicate auditing were
excluded from the respective sets. All data partitions were generated once independently
of random seeds and versioned with content summaries. Thus, five different random seeds
were used solely to illustrate the stochastic variability of model training; no changes were
made to the data partitions. The final training, validation, and test set sizes are presented in
Table 2.

Table 2. Training, validation, and test split sizes for datasets used in model training. Splits are
seed-independent and versioned by a content hash.

Split Train Validation Test Total

PolitiFact 335 71 73 479
GossipCop 8823 1890 1891 12,604
FakeNewsNet source union 9158 1961 1964 13,083
LIAR (official splits) 10,241 1282 1282 12,805

3.2. Data Preprocessing and Leakage Control

The reliability of the evaluation results may be affected by the model’s ability to
recognize content it encountered during training or by its reliance on source clues associated
with the class label but unrelated to the content. For this reason, an identical preprocessing
and validation pipeline, independent of the model, was applied to all datasets.

During the preprocessing stage, empty records were removed, HTML tags were
stripped, and elements that could carry source information—such as links, email addresses,
and usernames—were replaced with placeholders. Unicode NFKC normalization and
whitespace simplification were then applied. Lowercasing, punctuation removal, stop-word
filtering, stemming, and lexicalization were not performed. The reason for this is that the
Transformer models used employ subword-based tokenizers, and case and punctuation
information can serve as meaningful signals for some models. The preprocessing function
was designed independently of the model identifier, ensuring identical data transformations
across all models.

For FakeNewsNet, the original MM-SOC text field was used directly, with the headline
appearing at the beginning of the article. For ISOT, the headline and body were concatenated
using a period and a space, whereas LIAR used the statement text alone. Inputs exceeding
128 tokens were truncated from the end, preserving the beginning of each document. The
128-token limit included two special tokens, leaving up to 126 content tokens. No model-
specific delimiter tokens were inserted.

After source-identifying terms had been removed from the texts, duplicate records
were identified and removed within and across datasets before the data splits were cre-
ated. Exact duplicates were identified using the SHA-256 hashes of the normalized texts.
Near-duplicate candidates were identified using MinHash with locality-sensitive hashing
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(MinHash-LSH), a method for efficiently identifying similar documents. Candidate pairs
were then represented using character-level 5-grams weighted by term frequency—inverse
document frequency (TF-IDF). Cosine similarity was used to measure their textual similar-
ity. A threshold of 0.85 was applied for Jaccard similarity, and the identified near-duplicates
were removed from the dataset.

To control for source-based shortcut signals, a 53-term dictionary was created consisting
of publisher names, link domain names, verification site names, and news agency bylines.
These terms were removed from the model inputs. To determine the extent to which these
terms alone contributed to classification performance, a logistic regression classifier was
trained on a bag-of-words representation consisting solely of these terms, and performance
was measured using Macro-F1 with three-fold cross-validation. This classifier is not part of
the main experimental models; it was used solely to quantitatively assess data quality and
the magnitude of source-based shortcut signals.

The results of the reference classifier based on shortcut terms are presented in Table 3
and Figure 1. A Macro-F1 score of 0.756 was achieved on the pooled data prior to cleaning.
Marked differences were observed across the datasets: Macro-F1 was 0.994 for ISOT, 0.629
for GossipCop, 0.515 for PolitiFact, and 0.361 for LIAR. The proportion of records containing
shortcut terms also showed a similar distribution. While 77.8% of ISOT records contained at
least one shortcut term, this proportion was 28.8% for GossipCop, 27.7% for PolitiFact, and
only 0.4% for LIAR. The record counts in Table 3 reflect the values prior to duplicate removal,
as the shortcut check was performed on the entire dataset before duplicate removal.

Table 3. Shortcut-only baseline using 53 source-related terms with 3-fold cross-validation.

Scope Records Records Containing  Share of Records Shortcut-Only
P Shortcut Terms (%) Macro-F1
Pooled (all datasets) 70,877 38,744 54.7 0.756
ISOT 44,898 34,912 77.8 0.994
FakeNewsNet/GossipCop 12,660 3651 28.8 0.629
FakeNewsNet/PolitiFact 483 134 27.7 0.515
LIAR 12,836 47 0.4 0.361
@) (b)
ISOT ISOT 77.8%
GossipCop GossipCop
PolitiFact PolitiFact
LIAR LIAR 4 0.4%
OTO OTZ OT4 0f6 OTS lfO (I) 2I0 4IO 6IO 8I0
Macro-F1 of the shortcut-only classifier Records containing at least one shortcut term (%)
per-dataset majority-class baseline (= score after cleaning) --- prior-matched random guessing (expected Macro-F1 = 0.5)

- pooled, after cleaning (0.355)

Figure 1. Shortcut audit. (a) Macro-F1 of a classifier that sees only the 53 source-related terms, per
dataset, against the pooled score obtained after those terms are removed. (b) Proportion of records
in which at least one shortcut term occurs. ISOT separates sharply from the remaining corpora on
both panels.

After the shortcut terms were removed, the shortcut feature matrix contained no
non-zero features. The resulting pooled Macro-F1 of 0.355 therefore corresponds to the
degenerate class-prior baseline rather than to classification based on shortcut features.
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During duplicate auditing, 64,658 of 70,877 records were retained; 5850 records were
removed as exact duplicates and 369 as near-duplicates. Within ISOT, 6128 pairwise exact-
overlap matches were identified; this count refers to duplicate matches rather than to the
number of removed records. No overlap was found between FakeNewsNet and ISOT,
confirming the independence of the external evaluation set from the training data.

3.3. Training and Experimental Setup

In this study, four Transformer encoders were evaluated under four different training
conditions with the same training budget. Each condition was repeated with five indepen-
dent random seeds, resulting in a total of 80 training runs. The general workflow of the
experimental process is shown in Figure 2.

Raw corpora Audit Audited corpora
FakeNewsNet - LIAR - ISOT exact + near-duplicate removal 64,658 records
70,877 records 53-term shortcut removal seed-independent splits

Training - identical budget for all models
BERT - RoBERTa - ELECTRA - DistilRoBERTa

5 seeds x 4 conditions = 80 runs
checkpoint selected on source-domain validation only

l

In-domain Cross-domain External validation
PolitiFact - GossipCop PolitiFact — GossipCop (CD-1) FakeNewsNet — ISOT
LIAR - FNN source GossipCop — PolitiFact (CD-2) zero training overlap

Evaluation: Macro-F1 - MCC - AUROC - AF1 - Retention - ECE - Brier

Figure 2. Experimental pipeline for leakage-controlled in-domain, cross-domain, and external
evaluation.

The experimental conditions are presented in Table 4. No separate model training was
performed for cross-domain evaluations. Model checkpoints trained on the source domain
and selected solely based on the source domain validation set were evaluated directly on the
target domain test set. Thus, no labeled or unlabeled data from the target domain was used
in model training, hyperparameter selection, or checkpoint selection. This design ensures
that cross-domain results are measured independently of target domain knowledge.

Table 4. Experimental conditions for in-domain, cross-domain, and external evaluation.

Condition Training Set Validation Set Evaluation Sets Runs
FAM_A PolitiFact train PolitiFact val PolitiFact test (in-domain); GossipCop test (CD-1) 20
FAM_B GossipCop train GossipCop val GossipCop test (in-domain); PolitiFact test (CD-2) 20
FAM_C LIAR train LIAR val LIAR test (in-domain) 20
FAM_D PolitiFact + GossipCop train  PolitiFact + GossipCop val Source test (in-domain); ISOT (external) 20

Under these experimental conditions, four Transformer encoders were evaluated:
bert-base-uncased, roberta-base, google/electra-base-discriminator, and distilroberta-base.

In the original experimental design, microsoft/deberta-v3-base was planned as the
fourth model. However, under the fixed learning rate of 2 x 107, its validation Macro-F1
remained at the majority-class baseline (0.398), while training loss increased across epochs.
Similar majority-class predictions were observed with microsoft/deberta-v3-small and
in a preliminary float32 run. No skipped optimization steps were observed. Layer-wise
learning rate decay was not tested, because model-specific optimization adjustments were
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excluded from the predefined common-budget protocol. An additional diagnostic run with
a maximum of 10 epochs and patience of 10, using the same learning rate and seed 42, also
failed to converge; training loss became NalN in epoch 3. This single-seed diagnostic does
not establish an inherent limitation of DeBERTa-v3. The DeBERTa family was therefore
excluded from the main comparison and replaced with distilroberta-base.

All models were trained using the identical training configuration provided in Table 5.
No hyperparameter tuning was performed per model; this constraint was enforced through
automated checks that verified the absence of hyperparameters in the model configuration
files and generated errors when attempts were made to override them on a per-model basis.

Table 5. Training configuration, identical for all four models; no per-model tuning was performed.

Parameter Value
Task head Sequence classification, num_labels = 2
Maximum sequence length 128 tokens
Effective batch size 16
Optimizer AdamW (fused CUDA kernel)
Learning rate 2x107°
Weight decay 0.01
Scheduler Linear decay with 10% warmup
Gradient clipping 1.0 (global norm)
Maximum epochs 5
Early stopping Patience 2, monitored on validation Macro-F1
Checkpoint selection Highest validation Macro-F1
Loss Class-weighted cross-entropy (weights from training split only)
Mixed precision bfloat16
Random seeds 42,52,62,72,82
Inference batch size 128
Decision rule Argmax (no threshold search)

Class weights were calculated solely from the class frequencies of the relevant training
partition; validation and test distributions were not included in this calculation.

The two ablation conditions presented in Section 4.4 were written to separate output
roots outside the main matrix and did not affect the main 80 runs in any way. In the first
ablation (Al), class weighting was completely removed, and unweighted cross-entropy was
used; all other hyperparameters and partitions remained unchanged. In the second ablation
(A2), the GossipCop training set was downsampled to the same size (335 examples) as the
PolitiFact training set; only the amount of data was changed while preserving GossipCop’s
own class ratio, and the validation and test sets were left untouched. Both ablations were
run with four models and five seeds—that is, 20 runs, just as in the main matrix.

Input-length sensitivity was examined separately from the main 80-run comparison.
DistilRoBERTa was trained with maximum sequence lengths of 256 and 512 tokens on both
source domains using three random seeds (42, 52, and 62), yielding 12 additional training
runs. The corresponding 128-token results were obtained from the original experiments. A
complementary inference-time chunking analysis was conducted using all four encoders
with seed-42 checkpoints retrained under the original 128-token configuration because the
original checkpoints had not been retained. Without further model training, document-level
predictions were generated by averaging logits across the first 1, 2, 4, or all available chunks
of 126 content tokens. Results were also examined separately for documents identified
as not requiring truncation according to the BERT tokenizer. Additional methodological
details and results are reported in Supplementary Tables S13 and S14.
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During training, steps where the overall gradient norm before clipping was infinite
were skipped. This safeguard is necessary: the clipping function applies the total norm
as a multiplier to all gradients; if a single corrupted gradient norm becomes infinite or
undefined, all parameters are corrupted in a single step. No skipped steps were observed
in the reported runs.

Experiments were conducted on a single NVIDIA GeForce RTX 4050 Laptop GPU (6 GB
VRAM). Software environment: Python 3.13, PyTorch 2.13.0 (CUDA 12.6), Transformers
5.15.0. For each run, a configuration snapshot, seed, split ID, version information, epoch-
based log, metric values, and sample-level predictions (ID, true label, prediction, probability,
and logit vectors) were written to disk. A total of 80 runs were completed, with no failed
runs observed.

Code validation combined automated protocol checks with independent verification
of the saved experimental results. All 11 protocol checks passed. Dataset integrity was
examined using record-level hashes, class distributions, and overlap checks. Independent
recalculation from saved predictions reproduced the reported performance and calibration
results and confirmed consistency across all 80 training runs. Following code refactoring,
the analyses were rerun and numerical differences remained below 10~'4. Additional
calibration, chunked-inference, and representation analyses were checked against existing
implementations or saved predictions. Package imports, execution paths, and static-analysis
checks were also verified. Together, these procedures provide evidence of implementation
consistency and support the reliability of the reported results.

3.4. Evaluation Metrics and Statistical Analysis

This section explains the metrics used to evaluate model performance and the statistical
analysis methods applied in comparing models.

Macro-F1 was used as the primary evaluation metric. This metric was chosen because
it assigns equal weight to both classes under class imbalance. The F1 score is the harmonic
mean of precision and recall. Macro-F1 averages class-specific F1 scores equally, whereas
Weighted-F1 weights them by class support, giving greater influence to the majority class.
To ensure comparability with the literature, accuracy, precision, and recall values were also
reported. However, since accuracy can produce misleading results in favor of the majority
class in imbalanced datasets, the Matthews correlation coefficient (MCC) was also reported
as a complementary threshold-dependent measure. In addition, two threshold-independent
metrics were included: the area under the receiver operating characteristic curve (AUROC)
and the area under the precision—recall curve (AUPRC). Precision and recall values were
calculated for the positive class, and the “Fake” class was fixed as the positive class in all
experiments. Balanced accuracy and weighted F1 were also calculated but were not reported
separately in the main tables because they largely overlap with Macro-F1 and accuracy.

Two derived metrics were defined to evaluate transfer performance. Let F1;5 de-
note a model’s Macro-F1 score in the source domain and F1l,pp its score in the target
domain. The performance drop and retained performance ratio were calculated using
Equations (1) and (2), respectively.

AF1 = Fl;p — Flpop (1)
F1
Retention = —222 x 100 (2)

These metrics were calculated using seed-matched data and then averaged across
five seeds.

For calibration, the expected calibration error (ECE) was calculated using 15 equal-
width bins, and the Brier score was computed. The calibration analysis is not part of the
main performance claim and is reported separately.
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To quantify threshold-sensitive performance loss, the original argmax Macro-F1 was
compared with the best achievable threshold-based Macro-F1 using saved prediction
scores. The observed loss was decomposed into source-threshold, class-prior, residual
discrimination-related, and target-threshold components, as detailed in Supplementary
Table S1. Because oracle thresholds selected on the evaluation set may be optimistic, strat-
ified two-fold cross-fitting with 20 repetitions was additionally performed, with thresh-
olds selected on one half and evaluated on the other. Balanced accuracy was used as a
complementary measure, and bootstrap confidence intervals were calculated for the oracle
estimates. These diagnostic comparisons do not represent target-free adaptation or uniquely
identifiable causal contributions. Post-hoc class-weight compensation was used solely as
an inference-time diagnostic intervention. Its purpose was to examine the sensitivity of
classification decisions to source-derived class weights without retraining the models. It
was not intended as a general-purpose performance improvement or a validated correction
for target-domain class priors.

Uncertainty in the threshold-sensitive performance estimates was quantified using hi-
erarchical bootstrap resampling across training seeds and test instances. A total of 1000 boot-
strap repetitions were performed, except for the ISOT evaluation, which used 200 repetitions.
During cross-fitting, repeated copies of the same test instance were assigned to the same
partition to prevent overlap between threshold selection and evaluation. Exploratory one-
sided Wilcoxon signed-rank tests were applied to run-level estimates, with Holm correction
across 20 mechanism-related tests. Calibration sensitivity was assessed using equal-width
ECE with 10, 20, and 30 bins, equal-mass and debiased estimators, kernel-based calibration
error, Brier score, and negative log-likelihood. Detailed procedures and results are provided
in the Supplementary Materials.

To distinguish class-prior mismatch from pure label shift, class-conditional prediction-
score distributions were compared using Kolmogorov-Smirnov statistics, Wasserstein dis-
tance, and Jensen—Shannon divergence. Within-class domain discrimination was addi-
tionally assessed using TF-IDF features and Transformer representations, together with
maximum mean discrepancy tests. Synthetic label-shift controls and exploratory feature—
label association analyses were used to examine whether the observed differences could
be explained by changes in class prevalence alone. Detailed procedures and results are
provided in the Supplementary Materials.

Overall differences between models were tested using the Friedman test, in which
blocks (scenario x seed) and treatments (model) were defined. When the test was signifi-
cant, paired Wilcoxon signed-rank tests were applied, and the Holm correction was used
for multiple comparisons. Effect size was reported using the matched-pairs rank-biserial
correlation. The significance level was set at « = 0.05. If any cells were missing, the test
was not performed and an error was generated; missing values were not imputed with
the mean.

4. Experimental Results
4.1. Model Performance Results

This section presents the in-domain, cross-domain, and external evaluation results.
Model performance is compared across these conditions.

The in-domain performance results are presented in Table 6. The four Transformer
models generally performed similarly across all datasets. On PolitiFact, the difference
between the highest and lowest average Macro-F1 values is 0.026, while on GossipCop
it is only 0.012. The fact that these differences fall within the range of their respective
standard deviations indicates that there is no clear superiority among the models under
in-domain conditions.
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Table 6. In-domain performance over five random seeds (mean + standard deviation).
Dataset Model Accuracy Precision (Fake) Recall (Fake) Macro-F1 MCC AUROC AUPRC
PolitiFact BERT 0.803 £ 0.021 0.753 + 0.032 0.640 £ 0.120 0.770 £ 0.038 0.552 + 0.056 0.842 £ 0.053 0.767 £ 0.065
RoBERTa 0.800 % 0.039 0.694 + 0.067 0.752 + 0.059 0.782 + 0.041 0.568 + 0.083 0.898 + 0.033 0.788 + 0.056
ELECTRA 0.789 + 0.037 0.731 + 0.078 0.616 £ 0.061 0.756 £ 0.041 0.520 + 0.084 0.887 + 0.020 0.796 + 0.033
DistilRoBERTa 0.803 £ 0.028 0.728 £ 0.063 0.688 + 0.066 0.778 £ 0.030 0.560 + 0.061 0.870 £ 0.019 0.755 + 0.034
GossipCop BERT 0.850 % 0.005 0.617 + 0.019 0.662 + 0.036 0.772 £ 0.005 0.545 + 0.011 0.868 + 0.012 0.707 = 0.020
RoBERTa 0.862 + 0.022 0.669 + 0.085 0.652 £+ 0.061 0.784 £ 0.018 0.573 + 0.033 0.879 + 0.006 0.733 £ 0.018
ELECTRA 0.863 £ 0.009 0.672 £ 0.040 0.623 + 0.036 0.780 + 0.007 0.562 + 0.015 0.864 + 0.004 0.714 + 0.012
DistilRoBERTa 0.859 + 0.012 0.654 + 0.046 0.648 + 0.059 0.780 + 0.011 0.562 + 0.020 0.874 + 0.008 0.722 + 0.008
LIAR BERT 0.637 = 0.010 0.586 + 0.010 0.556 + 0.068 0.627 £ 0.014 0.257 + 0.028 0.672 £ 0.012 0.588 £ 0.011
RoBERTa 0.643 £ 0.012 0.600 + 0.022 0.536 + 0.024 0.631 + 0.008 0.265 + 0.019 0.684 + 0.010 0.613 + 0.012
ELECTRA 0.642 + 0.011 0.607 + 0.020 0.501 + 0.055 0.626 + 0.015 0.261 + 0.025 0.684 + 0.018 0.605 = 0.016
DistilRoBERTa 0.646 + 0.011 0.607 £ 0.016 0.524 +0.023 0.633 £ 0.011 0.270 + 0.022 0.687 £ 0.014 0.606 £ 0.020
FakeNewsNet source BERT 0.843 £ 0.010 0.625 £ 0.046 0.607 + 0.053 0.757 £ 0.004 0.517 £ 0.008 0.853 + 0.010 0.681 £ 0.018
RoBERTa 0.864 + 0.006 0.698 + 0.037 0.605 + 0.042 0.781 + 0.003 0.567 + 0.007 0.875 + 0.004 0.732 + 0.009
ELECTRA 0.858 + 0.011 0.675 £ 0.048 0.607 £ 0.052 0.774 £ 0.006 0.552 + 0.012 0.864 + 0.005 0.714 £ 0.006
DistilRoBERTa 0.859 + 0.006 0.669 + 0.029 0.623 + 0.045 0.778 £ 0.007 0.558 + 0.013 0.874 £ 0.004 0.724 £ 0.009
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On the LIAR dataset, Macro-F1 values ranged from 0.626 to 0.633 and were lower than
those observed in other in-domain conditions. This result suggests that LIAR’s structure,
consisting of short political claims, presents a different classification problem compared to
long news texts.

The effect of class imbalance is particularly evident in the GossipCop results. Although
accuracy in this dataset ranges from 0.850 to 0.863, Macro-F1 is only between 0.772 and
0.784. Similarly, for the “Fake” class—defined as the positive class—precision ranges from
0.617 to 0.672, while recall ranges from 0.623 to 0.662. This discrepancy between accuracy
and Macro-F1 highlights that evaluating model performance based solely on the accuracy
metric in cases of class imbalance may overstate the model’s actual performance.

The transfer results are presented in Table 7, the degradation based on in-domain
performance in Table 8, and a comparative view with in-domain performance in Figure 3.
Related analyses of threshold-sensitive performance loss and statistical uncertainty are
provided in Supplementary Tables S1, S2 and S9. A substantial loss in performance is
observed in both directions, but the magnitude of the loss varies sharply depending on the
direction. Retention ranges from 28.1% to 42.5% in the PolitiFact — GossipCop direction,
while it ranges from 60.2% to 77.8% in the GossipCop — PolitiFact direction.

(a)mm BERT B RoBERTa B ELECTRA M DistilRoBERTa (b)
1.0 A in-domain transfer 100
0.8 1 S 80

i ~
[
o 067 § 60 -
g =
§ 0.4 A 8 40
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Figure 3. Performance under domain shift: (a) Macro-F1 across in-domain and transfer conditions;
(b) retained performance relative to the corresponding in-domain score. Error bars indicate one
standard deviation over five seeds.

The model rankings are reversed between the directions. RoBERTa achieves the highest
Macro-F1 (0.609) in the GossipCop — PolitiFact direction, while producing the lowest value
(0.217) in the PolitiFact —» GossipCop direction. BERT exhibits the exact opposite behavior
in these two directions.

BERT produced MCC values close to zero in these settings, indicating weak agreement
between predictions and true labels.

Reporting precision and recall separately makes the nature of the loss immediately
apparent. In the PolitiFact —» GossipCop direction, recall for the “Fake” class rises to
0.877-0.964, while precision remains at 0.204-0.215—a level close to the baseline rate of
“Fake” in the target set. This combination is the expected signature of a situation where the
models label nearly all examples as “Fake”: nearly all actual “Fake” examples are correctly
identified, but only one-fifth of the positive predictions turn out to be correct.

The joint evaluation of threshold-dependent and threshold-independent metrics pro-
vides further insight into performance degradation under domain shift. In Figure 4, results
for the transfer from PolitiFact to GossipCop fall well below the diagonal, indicating sub-
stantially lower Macro-F1 values than those observed under in-domain conditions, despite
comparable AUROC values. Supplementary Table S7 provides synthetic prior-shift con-
trols, while Table S9 reports discrimination and threshold-sensitivity estimates supporting
this interpretation.

https://doi.org/10.3390/app162111026


https://doi.org/10.3390/app162111026

Appl. Sci. 2026, 16, 11026 15 of 27
Table 7. Cross-domain and external validation performance over five random seeds (mean =+ standard deviation).
Transfer Model Accuracy Precision (Fake) Recall (Fake) Macro-F1 MCC AUROC AUPRC
BERT 0.333 £ 0.087 0.215 £ 0.007 0.877 £ 0.126 0.324 £ 0.076 0.082 £ 0.011 0.623 £ 0.032 0.282 + 0.028
PolitiFact — GossipCo RoBERTa 0.238 + 0.061 0.204 +£ 0.011 0.964 + 0.026 0.217 = 0.073 0.014 + 0.066 0.662 + 0.024 0.321 + 0.065
p-op ELECTRA 0.314 £+ 0.032 0.213 + 0.007 0.903 + 0.025 0.311 £ 0.035 0.077 £ 0.030 0.626 = 0.020 0.282 + 0.019
DistilRoBERTa 0.249 £+ 0.024 0.204 £ 0.003 0.952 £ 0.021 0.235 £ 0.030 0.040 + 0.017 0.679 £ 0.018 0.360 + 0.048
BERT 0.485 + 0.091 0.328 + 0.085 0.432 £ 0.033 0.465 + 0.075 —0.050 £ 0.139 0.491 £ 0.039 0.380 + 0.034
GossinCop — PolitiFact RoBERTa 0.660 £ 0.063 0.516 £ 0.089 0.440 £ 0.094 0.609 £ 0.059 0.228 £ 0.120 0.603 £ 0.057 0.506 + 0.059
p-op ELECTRA 0.573 + 0.058 0.397 + 0.049 0.432 + 0.095 0.533 + 0.041 0.079 £ 0.075 0.540 + 0.058 0.427 + 0.056
DistilRoBERTa 0.616 £+ 0.026 0.437 + 0.040 0.432 £+ 0.095 0.571 £ 0.035 0.145 £+ 0.070 0.532 + 0.072 0.429 £ 0.079
BERT 0.439 + 0.061 0.414 + 0.050 0.519 + 0.087 0.435 + 0.065 —0.115 £ 0.124 0.442 + 0.078 0.485 + 0.065
FakeNewsN. ISOT RoBERTa 0.601 + 0.063 0.578 + 0.090 0.599 + 0.079 0.596 + 0.061 0.207 = 0.118 0.632 + 0.050 0.671 £ 0.040
akelNewsNet ~ ELECTRA 0.523 + 0.051 0.490 + 0.043 0.630 + 0.062 0.518 + 0.055 0.061 + 0.096 0.576 + 0.047 0.618 + 0.042
DistilRoBERTa 0.581 + 0.036 0.537 +£ 0.033 0.700 %+ 0.063 0.576 + 0.040 0.183 + 0.063 0.665 + 0.030 0.694 + 0.035
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Table 8. Transfer degradation based on seed-paired Macro-F1 loss (AF1) and retained performance
(Retention). | indicates that lower values are better, whereas 1 indicates that higher values are better.

Transfer Model AF1) Retention (%) 1
PolitiFact — GossipCop BERT +0.446 42.5
RoBERTa +0.565 28.1
ELECTRA +0.445 41.2
DistilRoBERTa +0.543 30.2
GossipCop — PolitiFact BERT +0.307 60.2
RoBERTa +0.175 77.8
ELECTRA +0.247 68.4
DistilRoBERTa +0.209 73.2
FakeNewsNet — ISOT BERT +0.322 57.5
RoBERTa +0.185 76.3
ELECTRA +0.255 67.0
DistilRoBERTa +0.201 74.1
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Figure 4. Relationship between AUROC and Macro-F1 across evaluation settings, highlighting
decision-rule misalignment under domain shift. Colors indicate models, and marker shapes indicate
evaluation settings. The dashed diagonal line represents Macro-F1 = AUROC (visual reference only),
while the vertical dotted line marks chance-level AUROC (0.5).

An analysis of the prediction distributions shows that models trained on PolitiFact
classify 82-95% of the examples in the GossipCop test set as “Fake”; the actual “Fake” rate
in this set is 20%. In contrast, under the same conditions, the AUROC ranges from 0.623 to
0.679 and therefore remains above the 0.5 chance reference.

No such deviation is observed under in-domain conditions: the prediction distri-
butions of models trained on GossipCop and evaluated on GossipCop are close to the
true distribution (a “Fake” rate of 0.20 versus 0.19-0.22). The comparison is presented in
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Figure 5. Supplementary Tables S7 and S9 provide complementary evidence on predicted
class proportions and distribution shifts.
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Figure 5. Predicted versus true Fake-class proportions across evaluation settings, showing decision-
distribution collapse under CD-1.

4.2. Calibration and Class-Weight Correction Analysis

To further examine the degradation in decision-based metrics, probability calibration
and the effect of post-hoc class-weight compensation at inference were analyzed separately.

The calibration results are presented in Table 9. Under in-domain conditions, ECE
ranges from 0.044 to 0.215. Under distribution shift, this value increases significantly across
all three conditions. Based on the original ECE calculation using 15 equal-width bins, the
mean ECE under domain shift was 4.4 times the in-domain mean for BERT, 4.0 times for
ELECTRA, 3.8 times for RoBERTa, and 2.2 times for DistilRoBERTa. Sensitivity analyses
using alternative binning schemes and calibration estimators, together with Brier score and
negative log-likelihood, consistently indicated deterioration under domain shift. However,
the estimated magnitude of this deterioration varied across the measures considered.

The highest ECE value is 0.603, produced by RoBERTa in the PolitiFact — GossipCop
direction; Macro-F1 also reaches its lowest value (0.217) for the same model and direction.
The reliability diagrams are presented in Figure 6. Additional calibration sensitivity analyses
complementing the results in Table 9 and the reliability diagrams in Figure 6 are provided
in Supplementary Tables S11 and S12.

As a post-hoc diagnostic correction, the predicted class probabilities were divided by
the corresponding class weights used during training and subsequently renormalized. This
correction uses no information about the target domain and contains no free parameters;
it relies solely on the statistics of the training partition of the source domain. It should
therefore be interpreted as an inference-time compensation for the decision-boundary shift
associated with class-weighted training rather than as an exact reversal of the effects of
weighted optimization. The effect of this correction on Macro-F1, expressed as the difference
relative to the argmax decision rule, is presented in Table 10 and Figure 7. Supplementary
Table S3 further examines how this effect varies with predicted class imbalance.
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Figure 6. Reliability diagrams under in-domain and domain-shift conditions, illustrating calibration
degradation under domain shift.

Table 9. Calibration under domain shift. Expected calibration error (15 equal-width bins) and Brier
score; mean * standard deviation over five seeds.

Setting Metric BERT RoBERTa ELECTRA DistilRoBERTa
PolitiFact (in-domain) ECE 0.105 £+ 0.032 0.137 + 0.058 0.115 £ 0.037 0.215 + 0.090
Brier 0.151 £ 0.025 0.156 + 0.047 0.143 £ 0.010 0.193 + 0.049
GossipCop (in-domain) ECE 0.077 £ 0.043 0.048 £ 0.031 0.044 £+ 0.033 0.057 £ 0.041
Brier 0.123 + 0.011 0.108 + 0.013 0.110 + 0.008 0.113 £ 0.010
PolitiFact — GossipCop ECE 0.419 + 0.119 0.603 £+ 0.249 0.427 £+ 0.058 0.390 + 0.166
Brier 0.425 £+ 0.078 0.595 + 0.199 0.419 £+ 0.038 0.364 + 0.137
GossipCop — PolitiFact ECE 0.379 + 0.104 0.224 + 0.115 0.240 £ 0.107 0.247 + 0.076
Brier 0.393 £+ 0.080 0.272 £ 0.079 0.307 £ 0.069 0.298 £+ 0.041
FakeNewsNet — ISOT ECE 0.398 £ 0.162 0.227 £ 0.121 0.296 £ 0.069 0.244 £+ 0.043
Brier 0.443 + 0.114 0.306 + 0.063 0.346 £+ 0.041 0.303 + 0.026
Mean ECE, in-domain 0.091 0.092 0.079 0.136
Mean ECE, under shift 0.399 0.352 0.321 0.294
ECE increase factor 4.4x% 3.8x 4.0x 2.2x

The correction improved performance in all four models for the transfer from PolitiFact
to GossipCop, where substantial Fake-class overprediction was observed, with Macro-F1
improvements ranging from 0.038 to 0.159. The effect is smaller in external evaluation but
remains positive. Under in-domain conditions and in the GossipCop — PolitiFact direction,
the correction generally reduces performance. The average correction effect across the
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evaluated conditions was approximately zero at +0.002, with improvements concentrated
in settings characterized by substantial Fake-class overprediction rather than class-prior
mismatch alone.
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Figure 7. Effect of post-hoc class-weight compensation at inference across evaluation conditions,
illustrating the direction-dependent variation in Macro-F1.

Table 10. Effect of post-hoc class-weight compensation at inference. Positive values indicate improve-
ment in Macro-F1 relative to the argmax decision rule.

Setting BERT RoBERTa ELECTRA DistilRoBERTa
PolitiFact (in-domain) —0.034 —0.053 —0.047 —0.234
GossipCop (in-domain) —0.001 +0.002 —0.006 —0.001
LIAR (in-domain) —-0.010 —0.007 —0.004 —0.012
FakeNewsNet source (in-domain) —0.006 —0.011 —0.013 —0.007
PolitiFact — GossipCop +0.107 +0.038 +0.099 +0.159
GossipCop — PolitiFact +0.044 —0.074 —0.006 —0.023
FakeNewsNet — ISOT +0.016 +0.004 +0.058 +0.071

The results of the diagnostic analysis can be seen in Table 11. The loss decomposition,
threshold-sensitivity analyses, uncertainty estimates, and exploratory statistical tests asso-
ciated with Table 11 are detailed in Supplementary Tables 51, S2, S9 and S10. Additional
class-conditional distribution diagnostics are provided in Supplementary Tables S4-S8. In
the transfer from PolitiFact to GossipCop, cross-fitted threshold adjustment yields an im-
provement of 0.315 Macro-F1 points, corresponding to approximately 63% of the observed
total Macro-F1 loss. The recoverable difference is much smaller in the reverse transfer from
GossipCop to PolitiFact (0.003) and in the transfer from FakeNewsNet to ISOT (0.060). The
directional pattern is also found under balanced accuracy and after removing the training-
time class weighting. The post-hoc correction effect is related to Fake-class overprediction,
as can be seen from a Spearman correlation coefficient of 0.71. This explains why the average
effect of the post-hoc correction is near-zero across heterogeneous evaluation conditions.
The hierarchical bootstrap analysis also supports this directional difference. In the transfer
from PolitiFact to GossipCop, the cross-fitted threshold-sensitive share is 0.63 with a 95%
confidence interval of 0.54 to 0.77. The corresponding cross-fitted performance difference is
0.315 Macro-F1 points with a 95% confidence interval of 0.285 to 0.342. The difference is
positive and also statistically significant after Holm correction. In the reverse transfer from
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GossipCop to PolitiFact, no statistically significant recoverable difference is found. These
results characterize threshold sensitivity and do not uniquely identify its causal contribution
to performance loss.

Table 11. Quantification of threshold-sensitive performance loss and class-conditional distribu-
tion shift.

Diagnostic PF - GC GC - PF FNN - ISOT
Total Macro-F1 loss 0.500 0.234 0.241
Cross-fitted threshold difference 0.315 0.003 0.060
Relative threshold-sensitive share 63% ~1% 25%
Real-class score distribution difference (KS statistic) 0.787 0.617 0.686
Real-class domain AUROC (TF-IDF) 0.995 0.995 0.998

Class-conditional diagnostics showed that the transfer asymmetry could not be ad-
equately explained by class-prior mismatch alone. In the transfer from PolitiFact to Gos-
sipCop, the mean Fake-class logit for true Real instances shifted from —1.20 in the source
domain to +1.19 in the target domain, with a Kolmogorov-Smirnov statistic of 0.787. Within-
class domain classifiers also strongly distinguished PolitiFact from GossipCop, achieving
AUROC values of 0.976 for Fake instances and 0.995 for Real instances. Representation-level
maximum mean discrepancy analyses provided further evidence of substantial domain dif-
ferences. Moreover, synthetic label-shift controls produced substantially smaller class-prior
estimation errors than actual cross-domain transfer. These findings are inconsistent with a
pure label-shift explanation and indicate substantial class-conditional distribution changes,
with possible changes in feature-label relationships. The corresponding class-conditional
score-distribution, lexical domain-discrimination, encoder-representation, synthetic prior-
shift, and exploratory feature-label diagnostics are presented in Supplementary Tables S4,
S5, 56, S7 and S8, respectively.

4.3. Statistical Comparison Analysis

Performance differences among the four models were evaluated to determine whether
they remained statistically significant beyond variability introduced by random seeds.

The Friedman test was conducted across 35 blocks, corresponding to 7 evaluation
scenarios and 5 random seeds, with the four models treated as the comparison groups. The
test indicated a significant overall difference among the models, x2(3) = 14.79, p = 0.0020.
Secondary full-target evaluation sets were excluded from the block structure. The mean
ranks of the models and the results of the subsequent pairwise comparisons are reported in
Table 12 and Figure 8.

Table 12. Statistical comparison of the four models using the Friedman test and Holm-corrected
pairwise Wilcoxon signed-rank tests. Lower mean rank indicates better performance, and negative
effect sizes favor the second model in each pair.The downward arrow (1) indicates that lower mean
rank values are preferable.

Model Mean Rank | Pairwise Comparison p (Raw)  p (Holm) Decision Effect Size r Magnitude
DistilRoBERTa 213 BERT vs. DistilRoBERTa 0.0096 0.0576 Fail to reject —0.509 Large
RoBERTa 2.14 BERT vs. RoBERTa 0.0118 0.0590 Fail to reject —0.483 Medium
ELECTRA 2.57 BERT vs. ELECTRA 0.0182 0.0730 Fail to reject —0.454 Medium
ELECTRA vs. RoBERTa 0.1037 0.3111 Fail to reject -0.318 Medium
BERT 3.16 DistilRoBERTa vs. ELECTRA 0.1898 0.3796 Fail to reject +0.257 Small
DistilRoBERTa vs. RoBERTa 0.8020 0.8020 Fail to reject —0.051 Negligible
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Friedman y?(3) = 14.79, p = 0.0020; no pair differs after Holm correction (min p = 0.058)

RoBERTa (2.14) ——
DistilRoBERTa (2.13) ——

—— ELECTRA (2.57)
—— BERT (3.16)

2.00 2.25 2.50 2.75 3.00 3.25

mean rank (lower is better)

Figure 8. Mean ranks of the four encoders across the 35 Friedman blocks. Although the omnibus test

is significant, no pairwise comparison remains significant after Holm correction.

Following the significant Friedman test, pairwise Wilcoxon signed-rank tests were
performed with Holm correction for multiple comparisons. After correction, none of the
model pairs differed significantly at the & = 0.05 level; the lowest adjusted p-value was
0.058. Although rank-biserial effect sizes were moderate to large in some comparisons, these
results do not support a general superiority claim for any individual model. Negative effect
sizes indicate an advantage for the second model in the corresponding pairwise comparison.

4.4. Ablation Analysis

The proposed interpretation of cross-domain degradation was further examined
through two controlled ablation experiments targeting plausible alternative explanations:
training-time class weighting and differences in source-domain training size. The results
are summarized in Table 13. Additional threshold-sensitivity analyses for the ablation
conditions are reported in Supplementary Tables S1, S2 and S9.

Table 13. Ablation results for class weighting and matched training size. Macro-F1 values are reported
as mean + standard deviation over five seeds.

Ablation Evaluation Set Model Main Matrix Ablated A Macro-F1
PolitiFact (in-domain) BERT 0.770 + 0.038 0.774 + 0.032 +0.004
RoBERTa 0.782 £ 0.041 0.820 £ 0.027 +0.038
ELECTRA 0.756 £ 0.041 0.747 + 0.050 —-0.010
DistilRoBERTa 0.778 £ 0.030 0.787 £ 0.040 +0.009
Al: unweighted loss
CD-1 PolitiFact — GossipCop BERT 0.324 £ 0.076 0.351 £ 0.034 +0.027
RoBERTa 0.217 £ 0.073 0.193 £ 0.008 —0.024
ELECTRA 0.311 £ 0.035 0.395 £ 0.076 +0.084
DistilRoBERTa 0.235 + 0.030 0.236 + 0.031 +0.001
GossipCop (in-domain) BERT 0.772 £+ 0.005 0.652 + 0.022 —0.120
RoBERTa 0.784 £+ 0.018 0.695 £ 0.012 —0.089
ELECTRA 0.780 £ 0.007 0.645 + 0.017 —0.135
DistilRoBERTa 0.780 + 0.011 0.688 £ 0.008 —0.091
A2: matched training size
CD-2 GossipCop — PolitiFact BERT 0.465 £ 0.075 0.462 £ 0.058 —0.003
RoBERTa 0.609 £ 0.059 0.590 + 0.043 —-0.019
ELECTRA 0.533 + 0.041 0.498 £ 0.030 —0.035
DistilRoBERTa 0.571 £ 0.035 0.604 £ 0.022 +0.033

In the first ablation (A1), class weighting was removed from the training objective

while all other settings were kept unchanged. This modification increased the mean in-
domain Macro-F1 on PolitiFact by 0.010 and the mean cross-domain Macro-F1 in the transfer
from PolitiFact to GossipCop by 0.022. Neither difference was statistically significant, with
p = 0.295 and p = 0.154, respectively. Removing class weighting nevertheless altered the
decision boundary in the expected direction: Fake-class precision increased by 0.028-0.099
across the four models, whereas recall decreased by 0.016-0.080. However, this change did
not eliminate the cross-domain collapse. Even without class weighting, the models still
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classified 73.2-97.2% of GossipCop test instances as Fake, compared with 81.8-94.7% under
the weighted setting.

The second ablation (A2) examined whether the directional asymmetry could be
attributed to the much larger GossipCop training set. The GossipCop training split was
therefore reduced from 8823 to 335 instances, matching the size of the PolitiFact training
split while preserving the original class ratio. As expected, this substantially reduced
in-domain GossipCop performance, with a mean Macro-F1 change of —0.109 (p < 0.001).
In contrast, CD-2 performance remained essentially unchanged, with a mean change of
—0.006 (p = 0.869). Under the matched-size condition, CD-2 Macro-F1 values remained
between 0.462 and 0.604 and therefore did not approach the substantially lower CD-1 range
of 0.217-0.324. Because in-domain performance decreased while transfer performance
remained comparatively stable, the corresponding retention rates increased to 70.8-87.7%.

Taken together, these ablations indicate that the observed transfer asymmetry cannot be
explained solely by training-time class weighting or by differences in source-domain training-
set size. However, these ablations do not exclude other domain-specific factors, including
differences in text length, truncation severity, lexical distribution, and topic composition.

Additional input-length analyses were conducted to assess whether truncation could
explain the observed directional asymmetry. For DistilRoBERTa, increasing the maximum
sequence length from 128 to 512 tokens improved in-domain PolitiFact Macro-F1 from 0.779
to 0.841, whereas PolitiFact-to-GossipCop transfer Macro-F1 remained low (0.198-0.239).
Across the three input lengths, approximately 93-97% of GossipCop examples were pre-
dicted as Fake, despite an actual Fake prevalence of 20%. The cross-fitted share of the
observed Macro-F1 loss remained between 0.63 and 0.69 (Supplementary Table 513). In
the reverse direction, cross-fitted differences were comparatively small, with confidence
intervals including zero. A complementary single-seed chunked-inference analysis across
four encoders showed a similar directional pattern, including in a subset of documents
identified as not requiring truncation under the BERT tokenizer. These findings suggest
that truncation alone is insufficient to explain the observed directional asymmetry, although
input length affects absolute predictive performance. Detailed results are provided in
Supplementary Tables 513 and S14.

5. Discussion

Three key findings can be derived from the present study: First, source-based shortcuts
exist in measurable magnitude. Second, cross-domain transfer is highly asymmetric; in other
words, transfer from source to target is much more effective than transfer in the reverse di-
rection. Third, calibration drift, defined here as a deterioration in calibration accompanying
performance degradation, has been quantitatively measured. These findings can be used to
qualify the traditional interpretation of failure on out-of-domain instances: such failure may
involve decision-rule and/or calibration effects in addition to representational degradation.

Shortcut validation shows that a classifier based on only 53 terms in the ISOT dataset
achieved a Macro-F1 score of 0.994. This value suggests that a substantial portion of the
high performance reported on this dataset may rely on source-signature detection rather
than content understanding. This finding is consistent with previous warnings regarding
artificialities arising from dataset construction and aligns with the observation that even
relatively small distribution shifts can lead to measurable bias. It is also noteworthy that the
density of shortcuts varies greatly across datasets: while 77.8% of ISOT records contain at
least one shortcut term, this proportion is 0.4% in LIAR. The comparatively lower in-domain
scores reported here may partly reflect the stricter duplicate and shortcut-cleaning protocol;
therefore, direct numerical comparisons with studies using different cleaning procedures
should be interpreted cautiously.
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A more detailed analysis of the cross-domain degradation beyond the Macro-
F1-AUROC divergence is presented. For the transfer from PolitiFact to GossipCop, cross-
fitted threshold adjustment recovers approximately 63% of the observed Macro-F1 loss. This
is in contrast to the reverse transfer from GossipCop to PolitiFact where only approximately
1% of the observed Macro-F1 loss can be recovered. For the external transfer, approximately
25% of the observed Macro-F1 loss can be recovered by cross-fitted threshold adjustment.
These results show that while discrimination also deteriorates in the transfer from PolitiFact
to GossipCop, substantial performance can still be recovered by threshold adjustment. Note
that these are threshold-sensitive performance differences under a specified diagnostic
procedure and do not uniquely identify causal effects. Bootstrap confidence intervals as well
as adjusted statistical tests support direction-dependent threshold sensitivity. However, the
small PolitiFact test set as well as the dependence among model-seed observations severely
limit the uncertainty estimates. In summary, the additional diagnostic analysis supports
the central hypothesis that threshold-sensitive degradation contributes to cross-domain
performance loss in a direction-dependent manner. However, the negligible difference in
the reverse transfer from GossipCop to PolitiFact indicates that this mechanism does not
explain performance degradation equally across all transfer conditions.

Although PolitiFact and GossipCop have different class-prior probabilities (34% vs. 20%),
the presence of label shift is not established solely based on class-prior mismatch. To estab-
lish pure label shift, one must assume that the class-conditional input distribution remains
constant across domains. This assumption was tested using score-level, text-based, and
representation-level diagnostic tools. The most direct explanation for the observed predic-
tion imbalance when transferring from PolitiFact to GossipCop is the marked displacement
of Real-class scores toward Fake predictions. Therefore, the evidence supports both class-
prior differences and significant class-conditional distribution changes, which may include
changes in feature-label relationships. As such, post-hoc class weight compensation can
serve as a diagnostic tool for evaluating the sensitivity of a decision rule. However, its
directional effects and near-zero average benefit do not suggest that it should be used as a
general-purpose performance improvement method.

Calibration deterioration was observed across alternative measures. However, ECE esti-
mates varied across methods, particularly for the 73-instance PolitiFact test set. The reported
2.2- to 4.4-fold increases therefore apply only to the original 15-bin ECE formulation.

The fact that the transfer values reported in Table 7 fall below those of many published
cross-domain results is not a methodological weakness but a direct consequence of protocol
differences. As detailed in Section 2.3, studies reporting high cross-domain performance
typically access unlabeled data from the target domain or include the target domain in
a multi-domain training mix; in this study, however, no data from the target domain—
whether labeled, unlabeled, or for model selection—was used. To ensure comparability
across evaluation protocols, the F1 score for the positive class is also reported. For the “Fake”
class, the F1 score derived from the precision and recall values in Table 7 ranges from 0.337
to 0.345 for the PolitiFact — GossipCop direction, from 0.369 to 0.469 for the GossipCop
— PolitiFact direction, and from 0.459 to 0.606 for external evaluation. These values are
consistent with the range reported in the literature for protocols without access to the target
domain. Additionally, the in-domain ceiling measured for retention is lower than the ceiling
in studies using less stringent duplicate and shortcut-cleaning procedures; therefore, the
rates reported here are calculated based on a lower but more accurate reference.

Three practical implications emerge from these findings. First, decision-rule calibration
should be examined before attributing transfer failure solely to representation degradation.
Second, in-domain performance alone is insufficient for model selection. Differences among
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models are small in Table 6 but reach 0.144 Macro-F1 points in Table 7. Third, source-based
shortcut auditing should be included in fake news detection evaluations.

Several limitations should be considered when interpreting these findings. The maxi-
mum sequence length was limited to 128 tokens due to computational constraints, resulting
in the truncation of 88.4% of the documents in the GossipCop training set and 77.0% of
those in the PolitiFact set; the reported absolute performance values may underestimate
the performance attainable with longer input contexts. Although the same maximum
sequence length was applied to all models, architecture- and tokenizer-specific sensitivity
to truncation cannot be excluded. Moreover, PolitiFact documents are approximately twice
as long as GossipCop documents on average (6710 vs. 3200 characters), while substan-
tial truncation occurs in both domains. Consequently, the observed transfer asymmetry
should not be attributed exclusively to class-prior or decision-rule mismatch. Differences
in document length, the amount and location of information removed by truncation, and
other domain-specific characteristics may also contribute to the directional effect. While the
additional input-length and chunking analyses further confirmed the directional pattern,
they did not completely disentangle the effects of truncation, domain-specific content and
other distributional differences. Long-context retraining was restricted to DistilRoBERTa
with three seeds, while chunking was analyzed at inference time with one seed. The Fak-
eNewsNet subset used in this study is smaller than the canonical dataset. The PolitiFact
training set contains only 335 examples, which may cause the observed Macro-F1 standard
deviations of 0.030-0.041. Five random seeds were therefore used to assess training variabil-
ity, and the data partitions remained identical across runs in order to attribute the observed
variation to training stochasticity rather than differences in the dataset splits. DeBERTa-v3
could not be included in the evaluation because it did not converge under the common
fixed learning rate specified in the original design; this observation is consistent with prior
evidence that fine-tuning hyperparameters can affect architectures differently and limits
the generalizability of the comparison to the four models evaluated here. Although the
Friedman test was significant, no pairwise comparison remained significant after Holm
correction, indicating that the present experimental design does not support a definitive
claim of superiority for any individual architecture.

6. Conclusions

This study investigated performance degradation in cross-domain fake news detection.
A controlled experimental design was used to examine data leakage and source-based
shortcut signals. Four Transformer encoders were evaluated under in-domain, cross-domain,
and external evaluation conditions with five random seeds, and a total of 80 training runs
were conducted.

The findings support the central hypothesis that cross-domain Macro-F1 degradation
reflects both reduced discriminative performance and a threshold-sensitive component
whose magnitude varies with transfer direction. In the PolitiFact-to-GossipCop transfer,
cross-fitted threshold adjustment yielded a Macro-F1 improvement of 0.315, with a 95% hi-
erarchical bootstrap confidence interval of 0.285 to 0.342. This corresponds to approximately
63% of the observed performance loss, with a 95% confidence interval of 54% to 77%. The
improvement was supported by an exploratory Holm-adjusted test, with an adjusted p-value
of 1.9 x 107°. In contrast, the reverse transfer showed an improvement of only 0.003, with
a 95% confidence interval of —0.053 to 0.016 and no statistically significant improvement.
The external FakeNewsNet-to-ISOT evaluation showed an intermediate threshold-sensitive
share of 25%, with an improvement of 0.060 and a 95% confidence interval of 0.047 to 0.076.
Class-conditional analyses further indicated that differences in class prevalence alone could
not explain the observed degradation. Together, these results identify threshold sensitivity
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as an important, but not universal, contributor to cross-domain performance loss. The
estimated improvements reflect diagnostic threshold sensitivity rather than causal effects
or gains achievable without target-domain labels.

In terms of evaluation validity, the fact that a classifier based on only 53 source-related
terms achieved a Macro-F1 of 0.994 on ISOT revealed that superficial source signals can
significantly affect reported performance. Therefore, it is important to systematically report
duplicate and shortcut checks in fake news detection studies.

Furthermore, it was observed that model rankings varied depending on the direction of
transfer. Models with similar in-domain performance differed substantially under domain
shift. However, no pairwise model comparison remained statistically significant after
multiple-comparison correction. This result does not support the general superiority of a
single Transformer architecture.

Future work will need to extend the input-length robustness analysis to more en-
coder architectures, more training seeds and more long-context modeling strategies. Also,
post-hoc class-weight compensation should be compared to other methods of label-shift
adaptation and calibration. Shortcut removal should be studied in more detail using con-
trolled ablations. Token-level signals should be studied using SHAP-based explanations.
Finally, the evaluation framework should be applied to more languages and multilingual
datasets to see if the observed calibration drift and decision-rule misalignment generalize
to other domains.
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