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FIGHTING FAKE-NEWS VIA ADAPTIVE MIXTURE OF
TRANSFORMERS

Alexandru Petrescu®, Patricia Vasile?

The increase of online political propaganda and misinformation presents
a significant challenge to the integrity of public discourse. This paper proposes an
adaptive Mizture of Transformers (MOT) framework for the detection of Misin-
formation and extremist content across multiple domains. The methodology inte-
grates advanced Transformer-based models, including ALBERT, RoBERTa, and
DeBERTa variants, within a unified pipeline that encompasses data aggregation,
preprocessing, model training, and evaluation. Experiments leverage diverse, pub-
licly available datasets and employ a standardized multi-class labeling scheme to
ensure robust, generalizable results. The evaluation demonstrates that the MOT
ensemble consistently outperforms individual models in terms of F1-score and re-
call, particularly when datasets are combined. The approach is further validated
against graph neural network baselines, highlighting its scalability and suitability
for automated content moderation systems.

Keywords: Misinformation detection, propaganda detection, Mixture of Trans-
formers, ensemble learning

1. Introduction

Online misinformation has become an increasingly serious threat due to the
growing popularity of social networks. Misinformation refers to false, inaccurate,
or misleading information that is spread, regardless of an intent to deceive. Unlike
disinformation, which is deliberately created and disseminated to mislead or ma-
nipulate, misinformation is often shared by people who believe it to be true. This
growing challenge has led the scientific community to focus on developing automated
detection systems [9]. Thanks to recent advances in natural language processing, es-
pecially Transformer-based models, modern Al systems now significantly outperform
traditional methods in identifying propaganda and disinformation at scale.

Detecting and managing misinformation remains a complex challenge, as a
single text can simultaneously employ multiple manipulative techniques, making
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conventional filtering methods insufficient. Automated and scalable solutions capa-
ble of analyzing large volumes of online content in real-time are therefore essential to
effectively distinguish legitimate discourse from intentional misinformation or hate
speech [38].

Our objectives for this article are:

e Misinformation Detection: Identification of clues and patterns associated
with misinformation, for example radical or extremist political propaganda .

e Machine Learning Algorithms: Integrating advanced Transformer models
(e.g. BERT) to enhance detection accuracy [39].

e Advanced NLP Pipelines: Extracting, cleaning, standardizing, and effi-
ciently representing textual features for classification.

¢ Automated Mitigation Strategies: Implementing automatic moderation
and filtering mechanisms to reduce misinformation impact.

e Scalability: Ensuring real-time processing of large data volumes and providing
visualization tools to monitor system performance.

e Methodology Focus: Primarily centered on textual content analysis [37],
aiming to protect users and foster a responsible digital environment.

In this article, we begin with a review of related work in misinformation de-
tection, providing context and highlighting previous approaches in the field, chapter
2. The methodology, chapter 3, follows, detailing the pipeline for detecting misin-
formation content. This is further broken down into a discussion of the datasets
used for misinformation detection, each described in its own subsection. The exper-
iments, chapter 4, presents the evaluation framework and results, with additional
subsections dedicated to the components of the Mixture of Transformers (MOT)
architecture. The article concludes with a summary, chapter 5, where we discuss
findings and implications.

2. Related Work in Misinformation Detection

In recent years, researchers have explored different approaches to detecting
and mitigating the spread of misinformation. The most common strategy integrates
transformer-based embeddings with deep learning architectures to create models
for classifying textual information [15, 29, 30, 32, 22, 7, 24, 25]. Another research
direction emphasizes enhancing contextual understanding by incorporating meta-
data, such as social dynamics [33] or the propagation patterns of content across net-
works [35]. Moreover, some research directions propose the use of network immuniza-
tion strategies to stop the online dissemination of harmful content [28, 20, 31, 6, 23].
Complementing these efforts, end-to-end real-time systems have also been developed
to continuously monitor and analyze social media platforms in real-time, aiming to
detect and stop the spread of harmful content [5, 34].

Current research in the field of misinformation has evolved significantly beyond
simple descriptive statistics or vocabulary visualization. Today, experts use semantic
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representations and complex architectures that can identify stylistic, syntactic, and
pragmatic features specific to manipulative discourse.

3. Methodology

The methodology adopted in this work is organized as a pipeline, encompass-
ing several critical stages to ensure robust and reliable detection of misinformation
content. The initial phase involves data collection and preprocessing, which includes
aggregating textual data from diverse sources such as Twitter posts and news arti-
cles. This stage further incorporates standard NLP techniques, including tokeniza-
tion, normalization, and the removal of irrelevant terms, to prepare the data for
subsequent analysis.

Following preprocessing, the next stage focuses on the training and fine-tuning
of Transformer-based classification models. These models are trained using labeled
datasets that contain unbiased content, enabling the system to generalize effectively
across various forms of political discourse.

The performance of the trained models is rigorously evaluated using a suite
of standard metrics, including precision, recall, and F1-Score. This evaluation facil-
itates the identification of the models’ strengths and weaknesses.

Central to our approach is the proposed Mixture of Transformers (MOT) ar-
chitecture, initially introduced in [22]. The MOT framework enables the evaluation
of individual Transformer models as well as their performance in an ensemble con-
figuration, thereby leveraging the complementary strengths of multiple architectures
to enhance overall detection accuracy.

3.1. Data sets for misinformation detection

This chapter provides an overview of several publicly available datasets that
are frequently utilized in academic and applied research aimed at the detection
of misinformation. These datasets serve as valuable resources for developing and
benchmarking algorithms designed to identify and mitigate the spread of misleading
or harmful information online.

To facilitate a consistent and meaningful comparison across the selected datasets,
we propose a unified multi-class classification. This framework categorizes each data
instance into one of the following three distinct classes:

e 0 = True: This class includes content that is verified as factual, authentic, or
otherwise trustworthy (e.g., Real, Non-Rumor, etc.).

e 1 = Misinformation: This category encompasses content identified as false,
deceptive, manipulative, or intended to mislead.

e 2 = Cannot Decide: This class is reserved for cases where the veracity of
the content cannot be confidently determined due to insufficient information,
ambiguity, or lack of consensus among annotators.

By adopting this standardized classification scheme, we aim to harmonize
the labeling conventions across diverse datasets, thereby enabling more robust and
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generalizable evaluation of detection methods and fostering greater reproducibility
in future research.

3.1.1. LIAR dataset. The LIAR dataset [41] represents a sophisticated and widely
used resource for the study of misinformation and political discourse. It consists
of a large collection of short statements sourced from PolitiFact.com, each meticu-
lously annotated with one of six fine-grained veracity labels. This nuanced labeling
scheme facilitates in-depth linguistic and stylistic analyses, enabling researchers to
explore the subtle characteristics of propaganda, ideological framing, and contextual
distortions within political communication [26].

As illustrated in Figure 1, the majority of the dataset’s content is at the
tweet level, reflecting the concise nature of the statements analyzed. Furthermore,
the distribution of instances among the 0 (True) and 1 (Misinformation) classes is
relatively balanced, which is advantageous for training and evaluating classification
models. However, it is important to note that the 2 (Cannot Decide) class exhibits a
significant imbalance, a trend that is expected to persist across experimental setups.
This imbalance should be carefully considered when interpreting model performance,
as it may impact both the training process and the generalizability of the results.

Class Distribution

5000 -

Distribution of Text Length by Class

0.010 —1 4000 -
— 0

0.008 3000 1

count

2 0.006
2 2000 4

0.004

1000 1
0.002

0.000

0 500 1000 2000 2500 3000

1500 1
text_length label

(A) Length - LIAR (B) Class - LTIAR

Fic. 1. LIAR text length and class distributions

3.1.2. Horne 2017 Dataset. The Horne 2017 dataset [12] is a valuable resource for
research in misinformation and media studies. It comprises news articles systemat-
ically labeled as real, fake, or satirical, with sources drawn from a diverse range of
mainstream news outlets, misinformation sites, and satire platforms. The dataset
was specifically curated to facilitate the examination of linguistic and structural dif-
ferences among real, fake, and satirical news, making it particularly well-suited for
studies focused on stylistic features such as readability, headline complexity, and
lexical usage patterns.

As illustrated in Figure 2, the dataset is relatively modest in size compared
to other resources, and its class distribution is balanced between the 0 (True) and
1 (Misinformation) categories. Notably, the 2 (Cannot Decide) class is absent from
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this dataset, which should be taken into account when comparing results across
datasets with different labeling schemes.
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Fig. 2. HORNE2017 text length and class distributions

3.1.3. Twitter15 & Tuwitter16 Dataset. The Twitterl5 and Twitterl6 datasets are
influential resources in the study of rumor detection and stance classification on
Twitter. Each dataset comprises annotated tweets, accompanied by their complete
reply threads, allowing for the analysis of conversational context and information
propagation. Specifically, Twitterl5 contains approximately 1,500 distinct events,
while T'witter16 includes around 800 events, with each event representing a rumor
or news story that sparked discussion.

As depicted in Figures 3 and 4, both datasets exhibit a balanced distribution
across the available classes, including the 2 (Cannot Decide/Unverified) category.
Notably, these datasets present an interesting scenario in which the 0 (True) and 2
(Unverified) classes are approximately balanced, while the 1 (Misinformation/False)
class contains as many examples as the other two classes combined. This unique
distribution poses interesting challenges and opportunities for model development,
particularly in handling class imbalance and capturing the subtleties of misinforma-
tion in social media contexts.

Class Distribution

Di of Text Length by Class

0.0200
00175
0.0150

_ oo125

g o000
0.0075
0.0050

0.0025

0.0000

= 1 2 0
text_length label

0 25 100 125 150

(A) Length - Twitterl5 (B) Class - Twitterl5

Fia. 3. Twitterld text length and class distributions



126 Alexandru Petrescu, Patricia Vasile

Class Distribution

Distribution of Text Length by Class
\ — o
00175 \ —1
\ —2

/

00150

count

00125

% 0.0100
00075
00050

0.0025

0.0000

75 100 125 150 1 o 2
text_length label

(A) Length - Twitterl6 (B) Class - Twitterl6

Fi1c. 4. Twitterl6 text length and class distributions

4. Experiments

The proposed framework first assesses individual models and the MOT archi-
tecture on each dataset separately, followed by evaluation on a combined dataset en-
compassing all sources. Evaluation was performed using an 80/20 stratified train/test
split by class. Reported metrics include accuracy, macro-averaged precision, recall,
and Fl-score. The pipeline’s main goal is to maximize F1, with an early stop of 3
and a maximum of 50, that is never reached in our experiments, as the models reach
saturation fast on small datasets.

4.1. MOT Components

For our MOT architecture, we utilize the following models:

e microsoft/Multilingual-MiniLM-L12-H384 [42]: A distilled multilingual
Transformer with 21 million parameters, designed for cross-lingual natural lan-
guage inference and question answering.

e distilbert/distilbert-base-uncased-finetuned-sst-2-english [36]: A Dis-
tiIBERT model fine-tuned on the SST-2 sentiment analysis dataset.

e facebook/roberta-hate-speech-dynabench-r4-target [40]: A RoBERTa-
base model adversarially fine-tuned for hate speech detection in English.

e KoalaAI/Text-Moderation !: A DeBERTa-v3 based moderation model,
trained on data aligned with OpenAl’s content policy.

e jy46604790/Fake-News-Bert-Detect 2 A RoBERTa-base model for fake
news detection, trained on a large dataset of fake and real news.

e XSY /albert-base-v2-fakenews-discriminator ®: An ALBERT-base model
trained exclusively on news headlines.

1KoalaAlL KoalaAl/Text-Moderation: DeBERTa-v3 based text moderation model. Hugging Face.
2024. Available at: https://huggingface.co/KoalaAI/Text-Moderation

2jy46604790. Fake-News-Bert-Detect: RoBERTa-base model for fake news detection. Hugging
Face: https://huggingface.co/jy46604790/Fake-News-Bert-Detect

3XSY. albert-base-v2-fakenews-discriminator. Hugging Face: https://huggingface.co/XSY/
albert-base-v2-fakenews-discriminator
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e vikram71198/distilroberta-base-finetuned-fake-news-detection *: A Dis-
tilRoBERTa model trained on over 40,000 examples from various Kaggle fake
news datasets.

The baseline proposed in this methodology is ALBERT [16], chosen for its
efficiency and reduced risk of overfitting on smaller datasets, but, as can be seen in
Figure 5, it averages the highest training time. An important thing to consider is
that the MOT adds no overhead for the proposed datasets in terms of training time,
which is why it is not represented in the Figure 5.

4.2. Results

In all our experiments, we notice
that MOT behaves better than the av- :
erage of its components for all the met-
rics and all datasets. Interestingly, our .
‘, .

experiments show that its average F1-
Score [27] is not the best when it comes

to individual datasets, as depicted in
Figure 6a, but when we combine the
datasets, it becomes best, as depicted in  Fig. 5. Average training time (in sec-
Figure 6b. The same phenomenon can onds) for each model

be seen for Recall, Figure 7, but not for

precision due to the baseline model, as

can be seen in Figure 8, but still above average.
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The difference in individual vs due to the liar dataset, where we have:
e F1: avg 0.41 / max 0.44 (MOT)
e Precision: avg 0.47 / max 0.7 (roberta-hate-speech-dynabench-r4-target)

4yikram71198. distilroberta-base-finetuned-fake-news-detection: DistilRoBERTa model for fake
news detection. Hugging Face. 2022. Available at: https://huggingface.co/vikram71198/
distilroberta-base-finetuned-fake-news-detection
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e Recal: avg 0.44 / max 0.46 (MOT)

This behavior can be expected due to the nature of the content used in the
pipelines, the headlines, as they fit in the area of the used models. The full text is
also aivalbe, but the current setup can not be used for this, another one should be
employed and would change the nature of the experiments.

Another consideration for this particular experiment is the imbalance of the
classes, to be specific the ”Cannot Decide” class, here MOT manages to score the
highest metrics for Recal and F1, as previously mentioned, but they are both under
0.1 where the average is under 0.05.

We have decided to keep this experiment as it provides powerful insights and
gives us future research opportunities.

5. Conclusions

This work demonstrates that an adaptive Mixture of Transformers (MOT)
framework provides a robust and scalable solution for the detection of Misinforma-
tion and extremist political content. By integrating multiple Transformer-based
models and leveraging diverse, publicly available datasets, the proposed system
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achieves improved generalization and higher detection accuracy compared to in-
dividual models. Experimental results show that the MOT ensemble consistently
outperforms its components, especially when evaluated on combined datasets, with
notable gains in Fl-score and recall. The approach also maintains efficiency, intro-
duces minimal training overhead, and proves suitable for real-world deployment in
automated content moderation systems. Future work will explore the integration of
multi-modal signals and advanced graph-based models to further enhance detection
capabilities and adapt to evolving patterns of online misinformation.

For general future directions we plan to use different strategies in the MOT
architecture, to better leverage the strengths and weaknesses of each component, as
well as emphasize to the specific models for the given task.

For the interesting aspect that the experiments with the LIAR dataset we
plan to expand on the analysis of length vs nature, as we have observed that while
the headline of the article makes sense as of text length and nature of content
(misinformation) considerations, current techniques yield unsatisfactory results. We
can top stating that the nature of the content is important, as we had a multitude
of topics for those headlines.
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