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Abstract

The following system description presents our approach for detecting fake news in texts. The given task
was formulated as a multi-class classification problem. Our approach is based on the combination of
two BERT-based classification models: One model determines whether the textual content is relevant
to the task; the second model assigns it a truth value. Starting from a pre-trained model for language
representation, we fine-tuned these models on the given classification task in supervised training steps
using the annotated data provided.
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1. Introduction
The proliferation of disinformation online has given rise to a lot of research on automatic fake
news detection. CLEF 2022 - CheckThat! Lab [1, 2] considers disinformation as a communication
phenomenon. By detecting the use of various linguistic features in communication, it takes into
account not only the content but also how a subject matter is communicated.
Shared Task 3 of the CLEF 2022 - CheckThat! Lab [3] defines the following subtasks:
Subtask 3A Given the “textual content” of an article in English, specify a credibility level for
the content ranging between “true”, “false”, “partially false”, and “other”.
Subtask 3B Solve Subtask 3A by building a transfer learning model, which is trained on
English language and applied to German language.
This paper covers our approach on subtask 3A. To build our models, only textual content
is given as input. The system we present in this paper is based on the combination of two
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BERT-based text classifiers [4]: A binary classifier trained on the CheckThat! training set [5]
that focuses on identifying articles whose content is not relevant for fake news detection (i.e.,
articles that belong to the “other” category), and a multi-class classifier trained on a larger
dataset that focuses on determining the truth value (“truth”, “false”, and “partially false”) of the
textual content.

2. Related Work
A comprehensive survey on fake news and on automatic fake news detection has been presented by Zhou and Zafarani [6]. Based on the structure of data reflecting different aspects of
communication, they identified four different perspectives on fake news: (1) the false knowledge
it carries, (2) its writing style, (3) its propagation patterns, and (4) the credibility of its creators
and spreaders.
CLEF2022 CheckThat! - Task 3 emphasizes communicative styles that systematically co-occur
with persuasive intentions of (political) media actors. Similar to de Vreese et al. [7], propaganda
and persuasion is considered as an expression of political communication content and style.
Hence, beyond the actual subject of communication, the way it is communicated is gaining
importance [8].
We build our work on top of this foundation by first investigating content-based approaches
for information discovery. Traditional information discovery methods are based on content:
documents, terms, and the relationships between them [9]. The methods can be considered as
general Information Extraction (IE) methods, automatically deriving structured information
from unstructured and/or semi-structured machine-readable documents. Communities of
researchers contributed various techniques from machine learning, information retrieval, and
computational linguistics to the different aspects of the information extraction problem. From a
computer science perspective, existing approaches can be roughly divided into the following
categories: rule-based, supervised, and semi-supervised. In our case, we followed the supervised
approach by reframing the complex language understanding task as a simple classification
problem. Text classification also known as text tagging or text categorization is the process
of categorizing text into organized groups. By using Natural Language Processing (NLP), text
classifiers can automatically analyze human language texts and then assign a set of predefined
tags or categories. Historically, the evolution of text classifiers can be divided into three stages:
(1) simple lexicon- or keyword-based classifiers, (2) classifiers using distributed semantics, and
(3) deep learning classifiers with advanced linguistic features.

2.1. Deep Learning for Information Extraction
Recent work on text classification uses neural networks, particularly Deep Learning (DL).
Badjatiya et al. [10] demonstrated that these architectures, including variants of Recurrent
Neural Networks (RNN) [11, 12, 13], Convolutional Neural Networks (CNN) [14], or their
combination (CharCNN, WordCNN, and HybridCNN), produce state-of-the-art results and
outperform baseline methods (character n-grams, TF-IDF, or bag-of-words representations).

2.2. Deep Learning Architectures
Until recently, the dominant paradigm in approaching NLP tasks has been focused on the
design of neural architectures, using only task-specific data and word embeddings such as those
mentioned above. This led to the development of models, such as Long Short Term Memory
(LSTM) networks or Convolution Neural Networks (CNN), that achieve significantly better
results in a range of NLP tasks than less complex classifiers, such as Support Vector Machines,
Logistic Regression or Decision Tree Models. Badjatiya et al. [10] demonstrated that these
approaches outperform models based on character and word n-gram representations. In the
same paradigm of pre-trained models, methods like BERT [4] and XLNet [15] have been shown
to achieve state-of-the-art performance in a variety of tasks.
Indeed, the usage of a pre-trained word embedding layer to map text into a vector space and
then pass it through a neural network, marked a significant step forward in text classification.
The potential of pre-trained language models, as e.g. Word2Vec [16], GloVe [17], fastText [18],
or ELMo [19], to capture the local patterns of features to benefit text classification, has been
described by Castelle [20]. Modern pre-trained language models use unsupervised learning
techniques on large texts corpora to gain some primal ‘knowledge’ of the language structures.
These models are usually fine-tuned for a given task with an additional supervised training step
using more specific labeled data.

2.3. About BERT
BERT stands for Bidirectional Encoder Representations from Transformers [4]. It is based on
the Transformer model architectures introduced by Vaswani et al. [21]. The general approach
consists of two stages: first, BERT is pre-trained on vast amounts of text, with an unsupervised
objective of masked language modeling and next-sentence prediction. Second, this pre-trained
network is then fine-tuned on task specific, labeled data. The Transformer architecture is
composed of two parts, an Encoder and a Decoder, for each of the two stages. The Encoder
used in BERT is an attention-based architecture for NLP. It works by performing a small,
constant number of steps. In each step, it applies an attention mechanism to understand
relationships between all words in a sentence, regardless of their respective position. By pretraining language representations, the Encoder yields models that can either be used to extract
high quality language features from text data, or fine-tune these models on specific NLP tasks
(Classification, Entity Recognition, Question Answering, etc.).

3. Dataset
The dataset for the CLEF2022 CheckThat! - Task 3 was originally developed during the CLEF2021 CheckThat! campaign [22, 23, 24] and provided by Shahi et al. [25]. The AMUSED
framework presented by Shahi [26] was used for data collection. A benchmark classification for
the dataset was defined by Shahi and Nandini [27]. The adopted task was framed as multi-class
classification problem. Class labels were provided as credibility levels (false, partially false,
true, or other) as proposed by Shahi et al. [28]. The initial training dataset consisted of 1,264
documents.

In addition to this training data, we collected other data from external sources suggested by
the organizers. We used the dataset built for a similar shared task called Fake News Detection
Challenge KDD 2020 [29], as well as the Fake News Classification Datasets [30], a collection of
similar datasets for fake news classification, which is available on Kaggle. By combining all the
data, we obtained a large training dataset consisting of 44,910 labeled articles.
The exploratory analysis started with the investigation of inconsistencies in the dataset.
Unexpectedly, ambiguities in the annotation of the documents could be detected. For example,
identical documents were found with contradictory annotations “true” vs. “false”. In this case,
we decided to remove all affected documents from the training data, as otherwise an alternative
decision would have led to a inadvertently weighting of the remaining class. After cleaning up
these ambiguities, remaining unique duplicates could be easily removed.
Unbalanced class distribution Imbalance in data can exert a major impact on the value and
meaning of accuracy and on certain other well-known performance metrics of an analytical
model.
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Figure 1a depicts a clear skew towards false information and Figure 1b towards true information. Furthermore, the “true” class is significantly underrepresented compared to the “partially
false” class in the original training data. For the large corpus, it is exactly the opposite.

4. Our Approach
Our approach is based on the combination of two BERT-based text classifiers: a binary classifier
that focuses on identifying articles whose content is not relevant to fake news detection (i.e.,
articles that belong to the category “other”), and a multi-class classifier trained on a large corpus,
which focuses on determining the truth value (“true”, “false”, and “partially false”) of the content.

4.1. Baseline Model
As a first attempt, we created a simple BERT-based multi-class classifier model using the
Tensorflow/Keras API. The model consists of the following layers:
Preprocessing. This layer lowercases and tokenizes the raw input text and converts it into
multiple numeric tensors that will feed the BERT Encoder layer.
BERT Encoder. We use the official BERT model [4] with 12 hidden layers, a hidden size of 768,
and 12 attention heads. This model has been pre-trained for English on the Wikipedia
and BooksCorpus. All parameters are fine-tuned during training with our dataset.
Dropout. A dropout rate of 0.1 is used for regularization during training.
Linear Classifier. The final layer is a tensor of 4 units, one for each label. The predicted label
is determined using the argmax function.
To estimate the performance of our baseline model, we split our dataset with a ration of 82/18
into training and validation set. The model was trained for 10 epochs, minimizing cross entropy
loss using AdamW optimizer with an initial learning rate of 3e-5. As shown on the report in
Table 1, we achieve an accuracy of 0.96 and a macro F1-score of 0.53 on our validation set. In
particular, the baseline model does not return any hit for the label “other” and achieves a low
recall of 0.17 for the label “partially true”. We tried to improve this in our next experiments.
Table 1
Classification report for our baseline model on our validation dataset.
false
true
partially false
other
accuracy
macro avg
weighted avg

precision
0.97
0.96
0.24
0.00

recall
0.95
0.98
0.17
0.00

0.54
0.96

0.53
0.96

F1-score
0.96
0.97
0.20
0.00
0.96
0.53
0.96

support
3,631
4,392
46
15
8,084
8,084
8,084

4.2. Text Content Shortening
Transformer-based models are not able to handle long sequences because their self-attention
mechanism scales quadratically with sequence length. In particular, our BERT encoder sets a
hard limit of 512 tokens. However, most of the text content in our training set exceeds this limit.
Therefore, anything beyond this limit is truncated and ignored by our baseline classifier.
To solve this problem, we experimented with feeding our classifier a shorter version of
text content. We first try to process the input text using the BERT Extractive Summarizer
Python module [31] to create summaries with a maximum length of 500 tokens. We are also
experimenting with truncating long texts by simply cutting out the middle and keeping the
first 250 tokens at the beginning and the last 250 tokens at the end of each document. In case of
short text with less than 500 tokens, the overlapping text segments are duplicated.

4.3. Two Models Approach
In order to get more hits for the label “other”, we trained a second binary classifier model that
focuses on detecting documents from this category. This model has the same layout as the
multi-class classifier and was trained with the small dataset that was provided for this subtask
[5] in which the proportion of the label “other” is more important than in our large training set.
The final prediction result is obtained by combining the predictions of the two models: If
the binary classifier assigns the label “other” to a document, then this label is selected without
considering the label predicted by the multi-class classifier. If this is not the case, the category
predicted by the multi-class classifier is retained.

4.4. Early Stopping and F1-Score Monitoring
Finally, we also tuned the training loop in TensorFlow by monitoring accuracy and macro
F1-score obtained on the validation data at the end of each epoch. The training loop was
stopped earlier if no improvement was observed in any of these value in the last 5 epochs. At
the end of the training, the model weight was selected that had the best macro F1-score on the
validation data from all iterations, usually at the expense of a small hit on accuracy.

4.5. Preliminary Results on our Test Dataset
Table 2 shows the evaluation results we obtained with our own test data. The different text
Table 2
Preliminary results on our test dataset.
accuracy
F1-score

head only
0.957817
0.604506

summarization
0.964944
0.464823

head+tail
0.958436
0.632744

shortening heuristics are represented: head only, summarization, and head+tail truncation. We
can see that all of these variants provide reasonable accuracy. The summarization heuristic
gives the lowest macro F1-score. The BERT Extractive Summarizer that we use was primarily

developed for the creation of summaries of lecture courses, and is thus not particularly suited
to process the news articles of our dataset. On the other hand, head+tail truncation provides
the best macro F1-score of 0.63. This is the variant we keep for our submission and to compare
our result with the gold standard.

4.6. Results and Discussion
Table 3
Classification report for the final comparison with the gold standard.
false
other
partially false
true
accuracy
macro avg
weighted avg

precision
0.594937
0.026316
0.139073
0.535714

recall
0.746032
0.032258
0.375000
0.071429

0.324010
0.504100

0.306180
0.444444

F1-score
0.661972
0.028986
0.202899
0.126050
0.444444
0.254977
0.404007

support
315
31
56
210
612
612
612

The official evaluation results on the test set are shown in the Tables 3 and 4. We observe
a significant degradation in performance for both accuracy and F1-score compared to our
evaluation on our own test dataset. This suggests a big discrepancy between the gold standard
and our training dataset. Further exploratory data analysis would be required.
We focused on appropriate combinations of Deep Learning methods as well as their hyperparameter settings. Even without extensive pre-processing of the training data, we already
obtain competitive results and strong baseline models that, when fine-tuned, significantly
outperform models trained from scratch.
When improving the pre-trained baseline models, class imbalance seems to be one of the
main challenges. This can be clearly seen in Figure 3. The poor performance, especially for
the categories “true” and “other”, correlates with the distribution of training data across these
categories.
A commonly used tactic for dealing with imbalanced datasets is assigning weights to each
label. Alternative solutions for dealing with imbalanced datasets in supervised machine learning
include undersampling or oversampling. Undersampling considers only a subset of an overpopulated class to obtain a balanced dataset. With the same goal, oversampling creates copies of
the unbalanced classes.

5. Conclusion and Future Work
With the above findings, we achieve state-of-the-art performance in text classification on our
validation dataset. The performance decreases significantly on the test data due to a too large
gap between the gold standard and our extended training dataset. Nevertheless, BERT has
proven to be a powerful language representation model for multi-class text classification. In

future work, we plan to investigate more recent neural architectures for language representation
such as T5 [32], GPT-3 [33], or its open competitor OPT-175B [34].
Furthermore, we expect great opportunities for transfer learning from the areas such as
argumentation mining [35] and offensive language detection [36]. To deal with data scarcity as
a general challenge in Natural Language Processing, we examine the application of concepts
such as active learning, semi-supervised learning [37] as well as weak supervision [38].
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Figure 3: Confusion matrix for subtask 3A on the gold standard.
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