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Abstract

We present our submission to the CLEF 2021 CheckThat! challenge. More specifically, we took part
in Task 3a, Multi-class fake news detection of news articles. The conceptual idea of our work is that (a)
transformer-based approaches represent a strong foundation for a broad range of NLP tasks including
fake news detection, and that (b) compressing the original input documents into some form of automatically generated summary before classifying them is a promising approach. The official results indicate
that this is indeed an interesting direction to explore. They also confirm that oversampling to address
the class imbalance was effective to further improve the results. We also note that both abstractive and
extractive summarization approaches score way better when we do not apply hypertuning of parameters suggesting that the small scale of the test collection leads to overfitting.
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1. Introduction
Fake news, misinformation and disinformation is by no means a recent phenomenon, but instead
has been around since classical antiquity when manipulated information was used to discredit
political opponents or alter battle courses [1]. What did change though over time was the scale
and extent of the problem, e.g. initially dissemination happened verbally, but the invention
of the printing press marked a major milestone as easy access and distribution of information
combined with increasing literacy enabled more people to consume and create information.
The advent of social media with the freedom to publish marks the birth of a yet another era
altogether [2]. The term fake news has been particularly prevalent in the mainstream media
since the 2016 US election, when a large amount of intentionally false news was spread through
social media during the campaign [3]. These platforms operate with a non-restrictive content
policy by design and provide various ways for automation which eases the spread of mis- and
disinformation. Combined with their enormous user bases (e.g. Facebook with 2.8 billion active
users in December 2020 1 ) information is able to reach many people in a very short period
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of time. In an age of information pollution (irrelevant, redundant, unsolicited and low-value
information [4]) it is therefore important to (semi-) automatically identify such claims and
minimize their harm – in particular as humans appear to not be very skilled at identifying
disinformation, with typical recognition rates only being slightly better than chance [5].
CheckThat! Lab [6] is an evaluation campaign which is part of the 2021 Cross-Language
Evaluation Forum (CLEF) conference and contains three tasks related to fact-checking or fake
news detection with two subtasks each. Our team participated in this year’s Task 3a whose
goal it is to create a system to identify fake news in a multi-label scenario. We built four models
based on fine-tuned BERT [7], a highly-popular bidirectional transformer architecture, and
abstractive respectively extractive summarization technologies [8, 9]. Our best submitted model
(abstractive summarization) was ranked 8th among all 25 participating teams in the lab for this
task. Post-hoc runs reveal though that the same runs but without hyperparameter tuning lead
to substantially improved results (placing our best run 3rd in the ranked list). In this paper, we
describe our participation in Task 3a at CLEF 2021 in detail.

2. Related Work
Traditionally, fake news detection is modelled as a classification problem but often with varying
class numbers. While datasets like FakeNewsNet [10], MM-COVID [11] or ReCOVery [12]
provide only two labels and hence see fake news detection as a binary classification, there
exist also several datasets which got multiple labels such as FEVER [13], NELA-GT-2019 [14] or
the dataset provided by the organizers of this task (see Section 3). Unfortunately, generating
comprehensive datasets still takes a lot of work as the ground-truth labels often need to be
assigned by, e.g., journalists or domain experts. Fake news detection systems typically adopt
one of three general approaches or a combination of them. The most commonly used way
is based on the news content which can be either linguistic, auditory (e.g., attached voice
recordings) or visual (e.g., images or videos) [15]. This is based on the assumption that real
and fantasy statements differ in content style and quality [16]. Therefore, it is possible to
successfully differentiate claims solely on their content with either hand-engineered features
[17] or deep learning methods [18]. However, approaches which only focus on the news content
might miss valuable context information. Hence, feedback-based solutions target secondary
information such as user engagements [19] and dissemination networks [20]. These approaches
are often used in combination with content-based methods to increase performance [21]. While
contextual information can be useful when available, it is often not or only partially available
(as reflected by common benchmark collections for fake news detection [22, 13]). While both
methods discussed above are limited to a snapshot of features present at the time of training,
intervention-based methods try to dynamically interpret real-time dissemination data. These
are arguably the least common approaches used at the moment because of their difficult way
to evaluate [23]. When used though, they try to intervene the process of fake news spreading
through e.g., injecting of true news into social networks [24] or user intervention [25, 26]. In
this work we use a solely content-based approach simply because the dataset provided for this
challenge has no additional context data. Additionally, gathering of some context data was
explicitly forbidden as described in Section 4, so we decided to focus on a text-based solution.

3. Task Description
This year there have been a total of three CheckThat! tasks with two subtasks each [6]. We
participated in Task 3a: Multi-class fake news detection of news articles, which is a part of Task
3: Fake News Detection. The goal is to “given the text of a news article, determine whether the
main claim made in the article is true, partially true, false, or other”. The data used in this task
is only available in English. As this task is designed as a four-class classification problem, the
official evaluation metric introduced by the organizers is the F1-macro score. The F1-macro
score is simply the mean of class-wise F1 scores:
𝐹1 = 2 *

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 * 𝑟𝑒𝑐𝑎𝑙𝑙
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Up to five runs were permitted for each team. We submitted three competitive configurations
and one baseline run to compare against our own approaches. Further details on all tasks can
be found in the task overview [6].

4. Dataset
As this work is part of this year’s CLEF CheckThatLab! [6] Task 3a, we used a modified version
of the dataset by Shahi [27] provided by the organizers. This dataset also got four different
classes to predict as defined in [28]. The distribution of each class in the provided training and
test data can be seen in Table 1. The dataset was given in .csv format with four columns:
•
•
•
•

public_id — unique identifier of the news article
title — title/heading of the news article
text — text content of the news article
our rating — class of the news article (either false, partially false, true or other)

Table 1
Dataset statistics
Dataset
Training
Test

False
486
113

Partially False
235
141

True
153
69

Other
76
41

The training set contains 950 data points including the 50 sample data points released before
both batches of data. The provided test set got 364 data points without labels. We received
the ground-truth labels separately after the competition had finished (see Table 1). Each group
had to submit a .csv file with their predictions separately on Codalab2 . Additionally, through
a data sharing agreement, it was forbidden to identify individuals and the original entries on
the fact-checking websites. Therefore, we refrained from finding this information, although it
would have been useful for classification purposes as demonstrated on a similar task [17].
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5. Methodology
In the following section we provide an overview on how we prepared the data, the models
we used as well as the training and evaluation process. Everything has been implemented in
Python and is available on Github.3

5.1. Data preparation
We started our preprocessing with first converting all labels to numeric values. We used 0
for true, 1 for false, 2 for partially false and 3 for other. As seen in Table 1, the four classes
are not equally distributed. We therefore applied random oversampling of all classes except
the majority class using the imbalanced-learn package [29] with the aim to train a better
classifier. Additionally, we generated abstractive and extractive summaries (we did this offline
as in particular the generation of abstractive summaries was time-consuming). Before sending
the text into our models we also tokenized and normalized the texts.

5.2. Model architecture
All models used are fine-tuned variants of Google’s BERT [7] and use the bert-base-uncased
implementation provided by Wolf et al. [30] in conjunction with a linear layer on top to predict
the output. We have chosen BERT because it already has shown good performance in various
text classification tasks [31] as well as in fake news detection [32]. Due to limited computational
resources we could not use a more sophisticated BERT model like RoBERTa [33]. One of the
main drawbacks of BERT-based models is the maximum sequence length each model is able to
process which is at a maximum of 512 tokens (word pieces) for BERT. Unfortunately, fake news
articles often are a longer than this value [34]. In the provided dataset the mean token length is
806 with at least 55% of texts exceeding the 512 token limit. As these values are calculated with
nltk [35] and word pieces do not exactly match tokens, the real ratio is even higher (all other
token values reported are calculated similarly). By default, BERT-based models simply truncate
the text to the desired input length (or apply padding if it is too short). This leads to the loss of
potentially important information in the input text. To circumvent this issue we propose three
different solutions, all aimed at compressing the original text:
• Modified hierarchical transformer representation
• Extractive summarization
• Abstractive summarization
Hierarchical transformer representations have been introduced by Pappagari et al. [36]. In their
work they suggest splitting the input text into smaller text segments with overlapping parts
(stride) to represent the structure of the text. In our model we split the text into parts of 500
tokens with a stride length of 50. After getting the BERT embeddings for each text segment we
then calculated the mean representation dimensionally and fed this into BERT. The output of
BERT is then used to classify the input text. Mean embeddings have been successfully used
before by Mulyar et al. [37]
3
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Another possible solution is to use automatic summarization to get a more condensed text
representation. Deep learning models such as BART [8], XLNet [38] or ALBERT [39] perform
exceptionally well on summarization tasks like SQuAD [40] or ELI5 [41] - even sometimes
surpassing humans. These algorithms are able to reduce the text length by a significant amount
if desired, which is ideal for the initial problem with BERT. In our work we use the extractive
summarization technology implemented by [42]. Note that while this method is also based on
BERT it has no maximum sequence length. To ensure a better summarization quality while
keeping the running time reasonable we activated co-reference handling (better contextualization) and used distilBERT [43] as the underlying model. In contrast to [9] we are interested in
long sequences and not only the first two sentences for classifying. After manually inspecting
different configurations we settled with a summarization ratio of 0.40.
Apart from an extractive approach we also implemented an abstractive technique based on
BART. This model is specifically well suited for text generation, outperforming similar ones on
summarization tasks like SQuAD 1.1 [8]. The Huggingface transformers library [30] provides
an easy way to use BART-models for sequence generation. Because of the repetitive nature of
greedy and beam search [44, 45] we used Top-K [46] and Top-p sampling [47] for our summaries.
The exact model we used is sshleifer/distilbart-cnn-12-6 4 , which is a smaller BART model trained
on a news summarization dataset by Hermann et al. [48]. In our final configuration we used
the 100 (Top-K) most likely words and a probability (Top-p) of 95%. Like BERT, BART has a
sequence limit of 1024 tokens. Therefore, if the input text was longer than 1000 tokens we
used our first approach to ensure all parts of the text are taken into consideration when getting
summarized. We also tried to get a summarization ratio of roughly 40% for better comparability
to the extractive approach. However, as both approaches are not deterministic this cannot
always be guaranteed (also, as noted, both approaches take quite a while to execute, so we
saved the results in files once generated). Additionally, due to the late release of the dataset we
could not try out many configurations but instead had to use suggested configurations.
Finally, the submitted models all use the hierarchical text representation (even when using
text summaries). There is one model for each type of input text aka. no summary, extractive
summary or abstractive summary. We also submitted a run without oversampling for better
comparability.

5.3. Experimental setup
For training, we represented each input as [CLS] + title + [SEP] + text, where text is either the
original text or one of the two summaries produced and [CLS] is a classification token and
[SEP] is a token to indicate a separator between two sentences. For training, we use an 80/20
training/validation split and optimize hyperparameters based on the loss of the validation
set. We used the same initial random state and split for all configurations to provide a better
comparability. We used a batch size of 8, an initial learning rate of 5e-5, a weight decay of 0.01
with 500 warm-up steps and three training epochs with an AdamW [49] optimizer. Everything
was trained on a single RTX 2080 Ti with 11 GB VRAM using the Huggingface library.
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6. Results
We report three sets of results – (a) official results for all four of our runs, and for comparison
we also present results obtained on (b) the development set as well as (c) the test set without
hyperparameter tuning (not submitted to the challenge).
First of all, in Table 2 we present the official results as returned to us by the shared task
organizers. We marked the best-performing model for each metric in bold.5 Recall, that
hierarchical transformer representation is applied to the source text in all of our runs, i.e. the
term "original texts" refers to text that has been created this way but without subsequently
applying abstractive or extractive summarization, respectively.
Table 2
Official results
Model
BERT w/o oversampling
BERT w/ original texts
BERT w/ extractive summaries6
BERT w/ abstractive summaries

Accuracy
0.387
0.432
0.370
0.438

Precision
0.636
0.409
0.549
0.476

Recall
0.300
0.402
0.362
0.385

F1-macro
0.25570
0.40413
0.32986
0.40415

To contextualise the official results better (and also due to the fact that at this point we
do not have official baseline results to compare against), we also report the results on the
validation set (see Table 3). The configuration is the same as described in section 5.3 but without
hyperparameter tuning (using a 80/20 split of the training data).
Table 3
Performance on validation/dev set without hyperparameter tuning
Model
BERT w/o fine-tuning
BERT w/o oversampling
BERT w/ original texts
BERT w/ extractive summaries
BERT w/ abstractive summaries

Accuracy
0.421
0.584
0.511
0.568
0.542

Precision
0.379
0.525
0.378
0.498
0.362

Recall
0.370
0.371
0.379
0.463
0.397

F1-macro
0.356
0.329
0.369
0.459
0.376

Table 4 also follows the same configuration, but has been calculated once the test set was
available and does not use hyperparameter tuning either (using all training data and evaluating
on the test data).

7. Discussion
First of all we observe that the non-fine-tuned model and the model which has been trained
without oversampling the minority classes perform worst in all setups. This is in line with
expectations.
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Table 4
Performance on test set without hyperparameter tuning
Model
BERT w/o fine-tuning
BERT w/o oversampling
BERT w/ original texts
BERT w/ extractive summaries
BERT w/ abstractive summaries

Accuracy
0.251
0.379
0.472
0.531
0.489

Precision
0.328
0.419
0.487
0.525
0.509

Recall
0.315
0.355
0.481
0.523
0.450

F1-macro
0.251
0.333
0.465
0.508
0.459

It however gets more complicated when comparing the other models. The official runs
suggest that BERT w/ abstractive summaries wins overall by a tiny bit, but is on par with BERT
w/ original texts (i.e. the original articles hierarchically transformed but without applying
summarization). Given that this makes it into 8th place of 25 submissions and the fact that
abstractive summarization is becoming more and more competitive, we see this as a clear signal
that our general conceptual idea is a promising one.
When taking a look at the official results for BERT w/ extractive summaries and BERT w/o
oversampling, both models are still reasonably well-placed in the rankings. They would have
ranked 16th and 18th respectively showing how well a vanilla BERT is pre-trained already.
Looking beyond the official results, we observe some wide variation of scores though. While
BERT w/ extractive summaries performs better than other approaches when not using hyperparameter tuning (see Table 4), it scores way worse when hyperparameter tuning is in place (Table
2). In fact, not applying hyperparameter tuning would rank the system in 3rd position of the
ranked list of 25 runs with an F1-macro of 0.508. This seems to be an indication of overfitting
happening internally. The validation set in general seems to be not well suited to learn with, as
all tuned models perform better when applying them to the test dataset directly (this is also the
case, when the training set is exactly the same). All this raises some concerns about the size,
robustness and generalisability of the test collection. This is by no means a novel finding, and
some researchers go as far as to call the current (commonly applied) NLP evaluation approach
to be broken [50]. We conclude that we will have to test our methodology on a wide range of
additional collections to gain a better understanding of its strengths and weaknesses.
One last point to note, there seems to be only little difference in performance when using
BERT w/ original texts or BERT w/ abstractive summaries. Interestingly, the respective models
achieve very similar performance independently of the dataset and experimental setup used.

7.1. Limitiatons
Due to the nature of such challenges there was not much time to try different experimental
setups. Especially abstractive summarization generation has a lot of different parameters to
work with. Unfortunately, one iteration for those alone takes about half a day of computing time
on our system. While we always tried to use the recommended configurations when possible,
we could only use BERT with a maximum batch size of 8. It would have been interesting to see,
whether batch sizes of 16 or greater make a significant difference in performance. Previous work
on parameter tuning of BERT suggests this [51]. While BERT itself is a very sophisticated system,
an approach using an even better system like RoBERTa [33] or XLNet [38] could outperform it.

This has already been proven in their respective papers on other NLP tasks. The substantial
difference in performance between the official results (Table 2) and our reruns on the test set
(Table 4) indicate that the chosen experimental setup might either not have been ideal for
this task or the data sets were simply too small. While hyperparameter tuning is often useful,
in this case we achieve better results without it. However, this could also be because of the
validation/dev set we acquired. As seen in Table 3 all models perform worse here than on
the actual test set. This indicates a bad seed for our validation set we optimized on. Also, a
summarization ratio of 0.40 was picked quite arbitrarily which might or might not restrict the
full potential of summarizations.

7.2. Future Work
In future it would certainly be interesting to explore more configurations and applications
of automatic summarization. We believe summarization has the potential to enable better
transferable knowledge. This could be useful for a variety of classification tasks as many models
often only work in a certain domain. Therefore, it would be interesting to compare models
trained on automatic summarizations and compare their performance in different domains
working as a kind of “normalization” technique. We expect summarization of texts to limit
overfitting in the future. With the results of Table 4 in mind, we hypothesize that there is a lot
of room for improvement still available. We plan to apply our approaches on more datasets in
the future and try to optimize the tuning further.

8. Conclusions
We presented an approach for fake news detection that is based on the powerful paradigm of
transformer-based embeddings and utilises text summarization as the main text transformation
step before classifying a document. The results suggest that this is indeed a worthwhile direction
of work and in future work we plan to explore this further. We note that using oversampling
has a strong positive effect on system performance. What we did also observe was that the
performance obtained on different datasets and based on different models of hypertuning varied
substantially. One way forward is to apply our framework to larger datasets to see how robust
extractive and abstractive summarisation might be for the task at hand.
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