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Abstract. In this paper, we present an overview of the Arabic tasks of
the third edition of the CheckThat! Lab at CLEF 2020. The lab featured
three Arabic tasks over social media (and the Web): Task 1 on checkworthiness estimation, Task 3 on evidence retrieval, and Task 4 on claim
verification. For evaluation, we collected a dataset of Arabic tweets and
Web pages consisting of 7.5K tweets and 14,742 Web pages. The systems
in the ranking tasks (Task 1 and Task 3) were evaluated using precision
at 30 (P @30) and precision at 10 (P @10), respectively. F1 was the official evaluation measure for Task 4. Eight teams submitted runs to the
Arabic tasks, which is double the number of teams participating in the
Arabic tasks of the CheckThat! lab at CLEF 2019. The most successful
approach to Task 1 used an Arabic pre-trained language model, while
text similarity measures and linguistic features were used in the other
tasks. We release to the research community all datasets from the lab,
which should enable further research on automatic claim verification in
Arabic social media.
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Introduction

With the rapid growth of social media such as Twitter, large amounts of fake
and unverified claims have emerged and have been propagated to affect online
social media users as well as the offline society. Thus, the automatic detection
and verification of fake claims could help mitigate this negative development and
benefit not only normal users, but also journalists and news agencies.
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A plethora of studies addressed the problem of claim identification [14, 15,
18, 28, 30, 34] and verification [9, 26, 27, 29, 38] in social media, but addressing
these tasks in Arabic is severely under-explored [2, 3]. Similarly, check-worthiness
estimation is under-explored in social media [1]. A considerable body of literature
on check-worthiness estimation exists, but the focus has been mainly on political
debates and speeches [21, 22, 24, 33].
In its third edition, the CheckThat! lab [7]5 focused on social media, specifically Twitter, with the aim of enabling the automatic verification of claims. This
paper focuses on the three Arabic tasks offered by the CheckThat! lab in 2020:6
Task 1 Check-worthiness estimation for tweets: predict which tweet
from a stream of tweets on a topic should be prioritized for fact-checking.
Task 3 Evidence retrieval: given a check-worthy claim in a tweet on a
specific topic and a set of text snippets extracted from potentially relevant
Web pages, return a ranked list of evidence snippets for the claim.
Task 4 Claim verification: given a check-worthy claim in a tweet and a set
of potentially-relevant Web pages, estimate the veracity of the claim.
The Arabic tasks attracted 8 teams, which submitted a total of 30 runs, and
the most successful approaches adopted fine-tuning existing pretrained models,
namely AraBERT [4] and multilingual BERT [16]. The datasets for the three
tasks were created from scratch as the goal for this year was to focus on social
media for the first time, as opposed to previous editions of the lab, which featured automatic identification and verification of political claims [32, 5, 8], and
evidence-based claim verification [17, 6, 20]. We make the datasets available to
the research community to support further research on the three tasks.7
For each of the Arabic tasks, we describe below the evaluation dataset created
to support that task, we present a summary of the approaches used by the
participating systems, and we discuss the evaluation results.

2

Task 1ar : Check-Worthiness on Tweets

Since check-worthiness estimation for tweets in general, and for Arabic tweets
in particular, is a relatively new task, we constructed a new dataset specifically
designed for training and testing systems for this task. We identified the need for
a “context” that affects the check-worthiness of tweets, and we used “topics” to
represent that context. Given a topic, we define a check-worthy tweet as a tweet
that is relevant to the topic, contains one main claim that can be fact-checked by
consulting reliable sources, and is important enough to be worthy of verification.
More on the annotation criteria is presented later in this section.
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https://sites.google.com/view/clef2020-checkthat/
Refer to [35] to read about the English tasks of the CheckThat! 2020 lab.
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 تدخل تركيا في سوريا:عنوان الموضوع
 قررت تركيا الدخول بهدف،2011 ُقارب التسع سنين بعد اشتعال الثورة عام
ِ  بعد استمرار الحرب في سوريا ما ي:شرح الموضوع
 وهو ما أثار الرأي العام في،معلن وهو حماية المدنيين وردع القوات السورية واألجنبية عن توتير األوضاع وقتل وتشريد المدنيين
. يتحدث هذا الموضوع عن تطورات التدخل التركي العسكري في سوريا على جميع األصعدة.العالم
Topic title: Intervention of Turkey in Syria
Topic description: After 9 years of war in Syria since the eruption of the revolution in 2011,
Turkey decided to intervene in Syria with the declared aim of protecting civilians and
deterring Syrian and foreign forces from aggravating the situation, and killing and displacing
civilians, which ignited public opinion in the world. This topic talks about developments
related to the Turkish military intervention in Syria on all aspects.

Fig. 1: Task 1: topic CT20-AR-19 from the training dataset.

2.1

Dataset

In order to construct the dataset for this task, we first manually created fifteen
topics over the period of several months. We then selected trending topics at the
time among Arab social media users. Each topic was represented using a short
title and a much longer text description. Figure 1 shows an example topic from
the training dataset.
Examples of other topic titles include “Coronavirus in the Arab World”,
“Sudan and normalization”, and “Deal of the century”. We augmented each
topic with a set of keywords, hashtags, and usernames to track in Twitter. Once
we had created a topic, we immediately crawled a one-week stream of tweets
using the constructed search terms, where we searched Twitter (via the Twitter
search API) using each term by the end of each day. We limited the search
to original Arabic tweets (i.e., we excluded retweets). We then de-duplicated
the tweets and we dropped those matching our qualification filter that excludes
tweets containing terms from a blacklist of explicit terms and tweets that contain
more than four hashtags or more than two URLs. Afterwards, we ranked the
tweets by popularity (defined by the sum of their retweets and likes), and we
selected the top-500 to be annotated.
The annotation process was performed in two steps; we first identified the
tweets that are relevant to the topic and contain factual claims, then we identified
the check-worthy tweets among those relevant tweets.
We first recruited one annotator to annotate each tweet for its relevance with
respect to the target topic. In this step, we labeled each tweet as one of three
categories:
– Non-relevant tweet for the target topic.
– Relevant tweet but with no factual claims, such as a tweet expressing an
opinion about the topic, reference, or speculation about the future.
– Relevant tweet that contains a factual claim and that can be fact-checked
by consulting reliable sources.
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Fig. 2: Task 1: tweet with a check-worthy
claim related to topic CT20-AR-19.
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3 the check-worthiness criteria by several quesworthiness, we chose to represent
tions, to help the annotators think about different aspects of check-worthiness.
The annotators were asked to answer the following three questions for each tweet,
using a Likert scale between 1 and 5:

1. Do you think the claim in the tweet is of interest to the public?
2. To what extent do you think the claim can negatively affect the reputation
of an entity, country, etc.?
3. Do you think journalists will be interested in covering the spread of the claim
or the information discussed by the claim?
Once the annotator has answered the above questions, s/he is required to answer
the following fourth question considering all the ratings given previously:
Do you think the claim in the tweet is check-worthy?
This is a yes/no question, and the resulting answer is the label we use to represent
check-worthiness in this dataset. Figure 2 shows an example of a tweet making
a check-worthy claim.
For the final set, all tweets but those labelled as check-worthy were considered
not check-worthy. Given 500 tweets annotated for each of the fifteen topics, the
annotated set contained 2,062 check-worthy claims (27.5%). Three topics constituted the training set, and the remaining twelve topics were used to evaluate
the participating systems.

Table 1: Task 1: summary of the approaches. We show information about
the learning models (including Transformers), about the main representations,
whether the participants used external data, and whether they used machine
translation (MT) to be able to use additional data in English.
Distrib.

Represent. Other

Accenture
bigIR
check square
DamascusTeam
EvolutionTeam
NLP&IR@UNED
TOBB ETU
WSSC UPF

2.2

MT

Models

BERT
Bi–LSTM
NN
SVM
SGD
LASER
FastText
GloVe
word2vec
PCA
One-hot
Morphology
Syntax
Sentiment
Dependencies
NER
External data

Team

[37] ○
○ ○
[19] ○
○
[13]
○
○○
○
○
[23]
○
○
○
[36]
○
○○
[31]
○
○
[25] ○
○
–
○○
○○
○

Overview of the Approaches

Eight teams participated in this task submitting a total of 26 runs. Table 1 shows
an overview of the approaches. The most successful runs fine-tuned existing pretrained models, namely AraBERT and multilingual BERT. Other approaches
relied on pre-trained models such as Glove, Word2vec, and Language-Agnostic
SEntence Representations (LASER) to obtain embeddings for the tweets, which
were fed either into a neural network or other machine learning models, such
as SVM. In addition to text representations, some teams used other features,
namely morphological and syntactic features, part-of-speech (POS) tags, named
entities, and sentiment features.
2.3

Evaluation

We treated Task 1 as a ranking problem, where we expect check-worthy tweets
to be ranked at the top. We evaluated the runs using precision at k (P @k) and
Mean Average Precision (MAP). We considered P @30 as the official evaluation
measure, as we anticipated that the user would check a maximum of 30 claims
per week. We also developed two simple baselines: baseline 1 which ranks tweets
in descending order based on their popularity score (sum of likes and retweets a
tweet has received), and baseline 2 which ranks tweets in reverse chronological
order, i.e., the most recent ones first. Table 2 shows the performance of the best
run per team in addition to the two baselines, ranked by the official measure.
We can see that most teams managed to improve over the two baselines by a
large margin.

Table 2: Task 1: performance of the best run from each team.
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RunID

P @10

P @20

P @30

MAP

Accenture-AraBERT
TobbEtu-AF
bigIR-bert
check square-w2vposRun2
DamascusTeam-Run03
nlpir01-run4
baseline2
baseline1
EvolutionTeam-Run1
WSSC UPF-RF01

0.7167
0.7000
0.6417
0.6083
0.5833
0.6083
0.3500
0.3250
0.2500
0.1917

0.6875
0.6625
0.6333
0.6000
0.5750
0.5625
0.3625
0.3333
0.2667
0.1667

0.7000
0.6444
0.6417
0.5778
0.5472
0.5333
0.3472
0.3417
0.2833
0.2028

0.6232
0.5816
0.5511
0.4949
0.4539
0.4614
0.3149
0.3244
0.2675
0.2542

Task 3ar : Evidence Retrieval

Evidence retrieval represents the second major step in an automatic fact-checking
system where evidence is collected to be used for claim verification. Potentially,
systems can extract evidence from any source. However, in order to unify the
evaluation setup and to ensure that all systems have access to the same source of
evidence, this was defined as a ranking task over a set of text snippets provided
along with check-worthy claims. We define an evidence snippet as a text snippet
from a Web page that constitutes evidence supporting or refuting the claim.
3.1

Dataset

For this task, we needed a set of claims and a set of potentially relevant Web
pages, from which evidence snippets would be extracted. We first collected the
set of Web pages using the topics for Task 1. While developing the topics, we
represented each one by a set of search phrases. We used these phrases as queries
to Google Web search daily, and in a week we collected a set of Web pages, which
we then used to construct a dataset for the task.
As for the set of claims, we draw a random sample from the check-worthy
tweets identified for each topic from Task 1. Since the data from Task 2, Subtask
C in last year’s edition of the lab could be used for training [20], we only released
test claims and Web pages for the twelve test topics used in Task 1. The dataset
for this task contains a total of 200 claims and 14,742 corresponding Web pages.
Since we seek a controlled method to allow systems to return snippets, which
in turn would allow us to label a consistent set of potential evidence snippets, we
automatically pre-split these pages into snippets, which we eventually released
for each page. To extract snippets, we first de-duplicated the crawled Web pages
using the URL. Then, we extracted the textual content from the HTML document after removing any markup and scripts. Finally, we detected the Arabic
text and we split it into snippets, using full-stops, question marks, or exclamation
marks as delimiters. Overall, we extracted 169,902 snippets.
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Fig. 3: Task 3: Example of a check-worthy tweet and two annotated snippets
for the topic “Coronavirus in the Arab world.”

Due to the large number of snippets collected for the claims, annotating all
pairs of claims and snippets was infeasible given the limited amount of time we
had. Therefore, we followed a pooling method: we annotated pooled evidence
snippets returned from the submitted runs by the participating systems. Since
the official evaluation measure for the task was P @10, we first extracted the
top 10 evidence snippets returned by each run for each claim. We then created
a pool of unique snippets per claim (considering both snippet IDs and content
for de-duplication). Finally, a single person annotated each snippet for a claim.
The annotators were asked to decide whether a snippet contained evidence that
would be useful for verifying the input claim. This evidence can be statistics,
quotes, facts extracted from verified sources, etc.
Figure 3 shows an example of a check-worthy tweet. We observe that the
example evidence snippet (Fig. 3a) repeats the same information from the tweet
referring to a report as the source of the information. While the non-evidence
snippet (Fig. 3b) is also very related to the tweet, it states a smaller number of
infections since the snippet was extracted from a Web page posted a day before
the tweet posting time.

ﻣﻴ
ﻋﺎﻣﺎ
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Overall, we annotated 3,380 snippets. After label propagation, we had 3,720
annotated snippets of which only 95 were evidence snippets. Our annotation
volume was limited due to the very small number of runs participating in the
task (two runs submitted by one team).
3.2

Overview of the Approaches

Only one team, EvolutionTeam [36], participated in the task and they submitted
two runs. They used the cosine similarity between the claim and the snippet as
their ranking score to rank the candidate evidence snippets. In a second run, the
similarity was weighted by the intersection between the snippet and a lexicon of
sentiment words.
3.3

Evaluation

This task was modeled as a ranking problem, where the system is expected
to rank the evidence snippets at the top of the list. In order to evaluate the
submitted runs, we computed P @k at different cutoffs (k = 1, 5, and 10). The
official measure was P @10.
The participating team’s best-performing run achieved an average P @10 of
0.0456 over the claims.

4

Task 4ar : Claim Verification

Starting with the same 200 claims used in Task 3, one expert fact-checker verified
each claim’s veracity. We limited the annotation categories to two, True and
False, excluding partially-true claims. A True claim is a claim that is supported
by a reliable source that confirms the authenticity of the information published in
the tweet. A False claim can be a claim that mentions information contradicting
that in a reliable source or that has been explicitly refuted by a reliable source.
4.1

Dataset

The claims in the tweets were annotated considering two main factors; the content of the tweet (claim) and the date of the tweet publication. For the annotation, we considered supporting or refuting information that was reported before,
on, or a few days after the time of the claim. We consulted several reliable sources
to verify the claims. These sources differed depending on the topic of the claim.
For example, for health-related claims, we consulted refereed studies or articles
published in reliable medical journals or websites, such as APA.
Out of the initial 200 claims, we ended up with 165 claims for which we
managed to find a definite label. Only six claims among these 165 were found to
be False. Since data from Task 2-Subtask D in the last year’s edition of the lab
can be used for training [20], the final set of 165 annotated claims was used to
evaluate the submitted runs.
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Figure 4 shows an example of two claims for topic CT20-AR-03 “Novel
Coronavirus”. The second claim is False since it reports a wrong number of cases at
the time of tweet posting, as compared to official Chinese sources.

4.2

Overview of the Approaches

There were two runs submitted by EvolutionTeam [36]. They used a scoring
function that computes the degree of concordance and negation (using a manual
list) between a claim and all input text snippets for that claim.
4.3

Evaluation

We treated the task as a classification problem and we used typical evaluation
measures for such tasks in the case of class imbalance: F1 measure (official),
Precision, and Recall. The best run achieved a macro-averaged F1 score of 0.5524.

دب_اﻟﺮﻳﺎض#
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Conclusion and Future Work

In this overview paper, we presented a description of the three Arabic tasks
that were opffered as part of the third edition of the CheckThat! lab at CLEF
2020. Unliek previous editions of the lab, this time we focused on false information propagated on Arabic social media (specifically, on Twitter). Task 1 on
check-worthiness ranking of tweets attracted the highest number of participating
teams. Generally, the best approaches for that task relied on pre-trained language
models such as multi-lingual BERT and AraBERT. Moreover, one team participated in Tasks 3 and 4. We suspect that the low number of participants in these
two tasks was due to the lack of new training data provided for this edition of
the lab.
For future editions of the lab, we plan to focus on Task 1, since it is a very
critical step in the process of automatic verification over social media, where a
huge stream of tweets needs to be processed in order to identify claims that are
worth fact-checking.
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