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Abstract

Much research has been conducted on debunking and analyzing misinformation, often focusing on specific
events. In 2022, when the Russo-Ukrainian conflict began, a large volume of misinformation circulated across
online platforms. In response, multiple fact-checking organizations actively worked to debunk false claims on
social media. In this paper, we present a BERT-based classification model to predict both the domain and class
of misinformation tweets collected during the 2022 Russo—-Ukrainian conflict. Additionally, we incorporate
supplementary data from fact-checked articles to enhance model performance. The proposed classification model
achieved a best weighted average accuracy of 82% which outperformed the baseline model by 84%.
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1. Introduction

Data journalism is a new journalistic discipline that focuses mainly on data-driven research and
presentation formats. However, a fundamental problem of data journalism and classical journalism is
that much data of journalistic interest is only available in the unstructured form: as texts, tables and
graphics in documents of various types (Word, PDF, e-mail, etc.) or on websites. Also, there is a lack of
a centralized data hub for gathering information from different sources.

There is an increasing amount of fake news in the media, social media, and other web sources. Much
research has been done for fake news detection and debunking of fake news [1]. In the last two decades,
there is a tremendous increase in the spread of misinformation, which is also reflected by the number
of fact-checking websites [1]. Fact-checking websites can help to investigate claims and assist citizens
in determining whether the information used in an article is true or not. More than 213 fact-checking
websites are working in 40+ languages across 100+ countries [2, 3, 4].

There is no standard protocol for fact-checking services across different fact-checkers, and they do
not publish their proofed articles in a standard format, which leads to several conflicts. Shahi et al. [3]
discuss the need to detect news articles potentially containing false information.

Crises are complex, involve different stakeholders, and evolve over time. As the crises change, so
does crisis communication. One option to consider the dynamic course of crisis communication in the
analysis is to separate the communication into several time frames [5]. Previous research categorized
crises into multiple stages [6, 7], which captures the different behaviors and emotions that individuals
might exhibit and experience depending on the current development of the crisis. For example, before
(or at the beginning of) a crisis, there might be higher uncertainty, perceived risk, and associated
information-seeking behavior than in later crisis stages. Furthermore, as the COVID-19 pandemic
evolved differently in different countries and local authorities responded differently to the threat, an
investigation of the connection between the development of the pandemic and public communication
must consider geographical factors [8]. Therefore, similar to Park, Park, and Chong [9], who analyzed
the COVID-19 conversation in Korea, our research focuses on German-language communication.

Through analysis of the data generated by social media, we want to deliver a useful insight into crisis
communication, which can support the management of future crisis situations more effectively [10].
Additionally, by analyzing how information is distributed on social media, we can obtain information
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that might be useful in guiding health professionals, researchers, and policymakers to better influence
public health, policy decisions, and quality health information [11].

Crisis management could greatly benefit from a stronger use of Al, both for information extraction
and for information dissemination [12]. During COVID-19, a massive amount of data was generated on
social media, which is a good infrastructure and facility to process it. The use of Artificial Intelligence
in crisis management has already been tested in data analysis for disaster [13], public health [14].

In this paper, we discussed the method used for the fake news detection for the shared task at PROMID
[15]. The task uses the dataset from 2022 Russo—Ukrainian conflict which consists of tweets collected
during the one year of the crises.

The remainder of the paper is organized as follows: the related work describes the past work, the task
description gives an overview of the task, the Experiment section emphasizes the experiment details,
the Conclusion, and the Future Work focuses on the conclusion and future aspects of the work.

2. Related Work

Fact-checking is a damage control method that is both essential and not scalable. It might be hard to
take the human component out of the picture any time soon. But still, automatic fake news classification
could help reduce the workload for the fact-checkers. The fake content is spread in multiple formats;
many of them are repurposed by changing the text, location, etc. Fake news detection is a complex
problem. Research has been done on fake news detection using social media data like tweets [2],
YouTube videos [3], but less research has focused on the news articles. One of the primary reasons is
the lack of a corpus of news articles. Fake news is spread in several domains, such as crime, elections,
and the economy.

There is a lack of corpus to train Machine Learning based on fact-checking. In the last few years, a
collection of small datasets related to fact-checking has been published. These datasets are a mixture of
fake news topics, for instance, the US election 2016[16]. Still, fact-checking is dominant in the English
language, and a few sources like Snopes, Politifact, etc.

Multi-FC corpus describes the different kinds of fact-checking datasets available and their limita-
tions[17]. The authors have come up with a multi-domain, evidence-based fact-checking dataset. They
have also described the metadata of Fact-check articles. [18] describes the task of fact-checking and
the construction of a dataset using the process used by journalists. Several methods are published for
automatic detection of fake news, Pérez-Rosas et al. discusses the automatic detection of fake news and
linguistic differences in false and legitimate content. [20] analyzes, compares, and summarizes several
different methods available for fake news detection. The authors give an overview of methods that
have been tested for fake news detection. Research has been done to look inside the feature of a news
story in the modern diaspora, along with different kinds of story and their impact on people[21].

Both the COVID-19 pandemic and the infodemic spread in parallel. Mesquita et al. propose a
framework to fight against fake medical news because fake news can intensify the effect of the COVID-
19 pandemic [22]. All health workers, scientists, the government are trying to fight against fake medical
news. In March 2020, several cases were discovered where people were consuming partially true
information about COVID-19 on Facebook and WhatsApp without using the proper medical terms,
which created panic about medicine and prevention for COVID-19 [23]. By analysing the search
behaviour of people in Italy from January to March 2020 and found that a ”large number of infodemic
monikers were observed across Italy” [24].

During the time of the pandemic, fake news was spread all over the world in different languages.
The fake news is covered in different domains like origin and spread, conspiracy theory, etc. There is a
lack of resources that are multilingual and cross-domain and have been collected from multiple sources.



3. Task Description

The objective of this task is to automatically classify tweets related to the Russo-Ukrainian conflict into
two categories: misinformation and non-misinformation. The dataset consists of manually annotated
tweets collected via the Twitter API during the first year of the 2022 Russo—Ukrainian conflict [25]
using AMUSED framework [26]. The dataset consists of 36,174 non-misinformation tweets and 778
misinformation tweets, divided into training and the test set as shown in Table 1. A detailed description
of the dataset and the task are given in the overview paper of PROMID [27, 15].

Table 1

Class Distribution of the PROMID Dataset
Class Label Number of Tweets Percentage (%)
Non-Misinformation 36,174 97.89
Misinformation 778 2.11
Total 36,952 100.00

4. Experiment & Results

Transfer learning is a technique where a deep learning model trained on a large dataset performs similar
tasks on another dataset. We call such a deep learning model a pre-trained model. The most renowned
examples of pre-trained models are the computer vision deep learning models trained on the ImageNet
dataset. So, it is better to use a pre-trained model as a starting point to solve a problem rather than
building a model from scratch.

To classify fake news articles, we used the state-of-the-art neural network language model BERT,
which has been pre-trained on a large corpus to solve language processing tasks [28]. An essential
advantage of BERT is that it can be fine-tuned for task-specific datasets and allows high text classification
accuracy even for smaller datasets. In the context of fake news classification, BERT has already been
applied for multiclass classification tasks, for example, on the Chinese social media platform Weibo,
where it achieved considerable accuracy [29]. The randomisation of the data prevents seasonal patterns
from being learned by the model. The randomisation of the data prevents seasonal patterns from being
learned by the model. For BERT fine-tuning, the models for the videos were trained on for four epochs,
and the models for the comments were trained on for three epochs with a learning rate of 2e-5. We
set the hidden units to 300 and the training epoch to 200. Each training process continues until the
restriction or validation loss is continued. The batch size is set to 10, and the learning rate is 0.001. After
the individual prediction on the two test datasets, we evaluated the accuracy of the two models using
the weighted F1 score. For classification, the model gave a macro F1 score of 82 % with a precision of 82
% and 84 %. A description of classification model is given in Table 2. The obtained result is also get
compared with the baseline models as SVM, LSTM and CNN as shown in Table 3

Table 2

BERT Model Configuration for Fake News Classification
Parameter Value
Pre-trained Model BERT
Video Training Epochs 4
Comment Training Epochs 3
Fine-tuning Learning Rate 2e-5
Hidden Units 300
Maximum Training Epochs 200
Batch Size 10

Optimizer Learning Rate 0.001




Table 3
Performance Comparison of Different Models

Model Macro F1 (%) Precision (%) Recall (%)

SVM 70 71 72
CNN 68 69 70
LSTM 72 72 74
BERT 82 82 84

5. Conclusion & Future Work

In this paper, we have presented a classification model for detecting fake news and its domain. Using
the BERT model, the model performed well compared to the traditional machine learning technique.
With the proposed model, the problem of fake news classification is addressed. The experimental results
demonstrate that the proposed BERT-based model significantly outperforms traditional deep learning
approaches such as CNN and LSTM, as well as the state-of-the-art baseline model. In particular, the
proposed model achieves a Macro F1 score of 82%, showing an improvement of approximately 10% over
the state-of-the-art baseline. This performance gain highlights the effectiveness of transformer-based
contextual language representations for fake news classification tasks.

As a limitation of the work, the dataset size was highly imbalanced, and building a generalizable
model was difficult. Getting a fake news corpus is a challenging task, and with the limited dataset, it is
hard to enhance the machine learning model’s performance. With the external dataset, the performance
of the classifier is increased. We also observed that different fact-checking websites are checking several
duplicates of claims. Several old claims are repurposed as fake news.

So, in future work, detecting similar claims would help find fake news classes using text matching.
Incorporating semantic similarity techniques and transformer-based embedding models could improve
the detection of paraphrased or reworded misinformation. Additionally, addressing class imbalance
through data augmentation or synthetic sample generation may further enhance model robustness.
Expanding the dataset across multiple domains and languages would also improve generalization
capability. Integrating metadata such as temporal patterns and source credibility could strengthen
detection performance. Finally, deploying the model in a real-time large-scale monitoring system could
support proactive misinformation identification.
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