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Abstract
The processing, identification and fact checking of online information has received a lot of attention
recently. One of the challenges is that scandalous or “blown up” news tend to become viral, even when
coming from unreliable sources. Particularly during a global pandemic, it is crucial to find efficient ways
of determining the credibility of information. Fact-checking initiatives such as Snopes, FactCheck.org
etc., perform manual claim validation but they are unable to cover all suspicious claims that can be
found online – they focus mainly on the ones that have gone viral. Similarly, for the general user it
is also impossible to fact-check every single statement on a specific topic. While a lot of research has
been carried out in both claim verification and fact-check-worthiness, little work has been done so far
on the detection and extraction of dubious claims, combined with fact-checking them using external
knowledge bases, especially in the COVID-19 domain. Our approach involves a two-step claim verification procedure consisting of a fake news detection task in the form of binary sequence classification
and fact-checking using the Google Fact Check Tools. We primarily work on medium-sized documents
in the English language. Our prototype is able to recognize, on a higher level, the nature of fake news,
even hidden in a text that seems credible at first glance. This way we can alert the reader that a document contains suspicious statements, even if no already validated similar claims exist. For more popular
claims, however, multiple results are found and displayed. We manage to achieve an 𝐹1 score of 98.03%
and an accuracy of 98.1% in the binary fake news detection task using a fine-tuned DistilBERT model.
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1. Introduction
With the help of the internet and social media, getting information on practically any topic has
become a rather simple task. However, the sheer amount of online content makes it impossible
to have any control over its quality and reliability. One of the internet’s most significant advantages, the freedom of speech, has turned into one of its most crucial challenges: anyone can
write anything about any topic without having to take any responsibility for the impact their
content may have on readers. False information exist in various ways, including misinformation and disinformation. A person sharing misinformation was misinformed themselves (i. e.,
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they believe what they are saying is true). In the case of disinformation, however, someone is
spreading false information with the intention of misleading others. Online misinformation,
often compared to online propaganda, has become a major problem. Many people tend to rely
on online sources to get information on current events or topics without keeping in mind that
not everything read online is objective. On top of this development, traditional media often
make use of or republish online content without fact-checking its origin.
This development has become even more concerning with the COVID-19 pandemic. Due
to the uncertainty that comes with the disease, it has become easier than ever to spread false
claims and mislead large groups of people. While claims made by prominent public figures are
usually validated swiftly, it is impossible to fact-check arbitrary statements on any topic made
online. Manual fact-checking is nowadays performed by more than 300 official initiatives1 , but
they still cannot cover everything. For this reason, it is crucial to find a more efficient way of
performing fact-checking or at least to recognize possibly false news hidden in sources that appear to be trustworthy at first glance. On the other side, it is inefficient to fact-check every single sentence in an article, especially if it does not contain potentially suspicious claims. Hence,
a two-step approach of estimating whether a sentence needs to be fact-checked, followed by
its validation, can be a step towards automated fact-checking of whole text documents.
Our goal is the development of a tool that first attempts the identification of dubious sentences in small- to medium-sized English language documents on the topic of COVID-19, followed by a second step of fact-checking the claim, i. e., running the claim against external
knowledge bases. We focus on the detection of false news based solely on the text of the content. False news detection is approached as a binary classification task. Claim validation is
performed using a trusted knowledge base. This subsequent step covers a broader spectrum
by ordering claims on a range from at least 1-5, instead of merely as “true” or “false”. This work
can help users to determine the credibility of online information and it can increase the productivity of fact-checkers by sparing them the work of validating claims, which were already
fact-checked.
Section 2 defines key terms and provides an overview of the state of the art. Section 3 describes the methodology and decompose the challenge into individual steps. Section 4 describes
the implementation and Section 5 explains the experimental setup and data sets. Section 6 provides an evaluation of our approach and Section 7 concludes the paper.

2. Related Work
Below we define key terms (Section 2.1), review more general previous research (Section 2.2)
as well as related work concentrating on the COVID-19 domain (Section 2.3).

2.1. Topic-specific Definitions
According to the Cambridge English dictionary, fake news can be defined as “false stories that
appear to be news, spread on the internet or using other media, usually created to influence po-
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litical views or as a joke”.2 Fake news can be further separated into different categories. Wardle
[1] defines seven types of mis- and disinformation, the “mildest” case being (harmless) satire
or parody. Further on the scale are false connection, misleading content, false context, and
imposter content. The final two categories are manipulated and fabricated content. Both have
the intention to deceive, with the latter one being completely false. As Wardle states, people
tend to share content on social media without double-checking, so even the more “harmless”
types of fake news spread quickly and have the potential to fool. We consider fake news to be
text sequences of all types mentioned above. A suspicious claim or statement contains possibly
false, or misleading information, or in general, is proved not to be entirely true. Fact checking
the veracity of claims, statements or sentences in a text (document) includes the assessment of
their average veracity using the ratings of existing relevant claims on a scale of 1 to 5.

2.2. State of the Art
In the following, we review the current state of the art in the area of automated fake news
detection and automated claim verification.
2.2.1. Fake News Detection
There are three types of features used to detect purely textual fake news: content features,
propagation features, and source features [2, 3]. Linguistic features, both lexical and syntactic,
fall under the umbrella of content features, see, e. g., [4]. In contrast, approaches focusing
on the source/user features analyze a source’s reliability, previous behavior, etc. Propagationbased research relies on the assumption that fake news has a different propagation process,
including that fake news spreads faster and reaches more people [5]. Current approaches [6, 7,
8] work on combining the different groups of features, the relations and connections between
them [9] or crowd-sourced information to achieve better results, see, e. g., [10, 11].
Collins et al. [12] give an overview of the type of fake news and the different detection
techniques (human fact-checkers, crowd-sourcing, ML, NLP, combinations thereof). However,
they mostly cover outdated approaches, i. e., Gradient Boosted Decision Trees and Naive Bayes,
and do not go in-depth with state-of-the-art ML algorithms and models. Vishwakarma and Jain
[3], Li et al. [13], Gundapu and Mamidi [14] show that pre-trained language models (such as
BERT) achieve better performance in fake news detection than traditional NLP algorithms, e. g.,
Support Vector Machines, Random Forests, or Naive Bayes. They can detect stylistic differences
much better due to their learned understanding of language, achieved during pre-training [2].
Fact-checking initiatives, such as Fullfact, also strive towards automating their workflows by
identifying fact-check-worthy claims using their own fine-tuned BERT model.3
For fake news detection, most state-of-the-art approaches focus on the article level and use
groups of features. For full articles, the author feature is important but we do not have access
to it in our experiments. Moreover, our goal is to detect fake news on a sentence level by
just using content features. A major challenge for fake news detection on a sentence level is
that widely accepted benchmark datasets do not exist. Existing datasets, such as CREDBANK
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[15], LIAR (created from fact-checks from Politifact) [16] and FakeNewsNet [17], although suitable for general fake news detection, are outdated and do not include data from the past year
and consequently, do not prove useful for our use case. Moreover, they traditionally either
include full articles or social media posts (most often tweets) and rely on crowd-sourcing. The
tool that is most similar to our approach (it identifies claims, skips over irrelevant statements,
and fact-checks individual claims), is ClaimBuster.4 It relies on human data-labeling contributions and has been trained using a large dataset of sentences from political debates in the
US from 1960-2016 [18]. They experiment with different “claim spotting” models, including
SVM, bi-directional LSTMs, and Transformers but “claim spotting” and “claim checking” are
two separate tools; plus, “claim spotting” is not yet optimized for COVID-19 related texts.
2.2.2. Automated Claim Verification
Verifying claims is a time-consuming process, which relies on manual research and information assessment. Previous work in this area is rather limited. The claim verification process
cannot be automated fully when it comes to more than a simple information lookup. Still,
knowledge bases, through which fact-checkers can at least find already validated claims, are
a big step in the right direction. Chernyavskiy et al. [19] propose a system, which finds relevant Wikipedia articles, extracts relevant sentences, and determines if they support or refute a
given claim. Other approaches use ClaimReview markup, which allows for easy tagging of factchecks. It is used by all fact-checking initiatives, making it possible to assemble a collaborative
knowledge base, accessible through the Google Fact Check Tools API (see Section 3.2). Other
approaches include evidence retrieval using existing datasets, which can, similarly to fake news
detection, be done using Transformer models [20]. Thorne et al. [21] use TF-IDF features to
find the k-nearest documents and select sentences using TF-IDF similarity. Such implementations, however, cannot be a long-term solution since datasets need to be updated and models
trained constantly. A considerable contribution towards COVID-19 knowledge retrieval are
knowledge graphs (KGs), which use, e. g., the CORD-19 dataset. Wise et al. [22] present a KG
with different relations between scientific articles on COVID-19. Domingo-Fernández et al.
[23] provide an even more complex COVID-19 KG covering ten entity and 9484 relation types.
Similar KGs can facilitate verified information retrieval for claim validation.

2.3. Approaches in the COVID-19 Domain
In terms of applying such approaches to the COVID-19 domain, there are already a number
of published results. Manual claim validation is constantly being performed by fact-checking
initiatives, e. g., Snopes, Politifact, etc. Below, however, we only discuss automatic approaches.
Wadden et al. [24] concentrate on scientific claims, they use CORD-19 as a source of evidence.
Given a claim and CORD-19 abstracts, they identify abstracts that support or refute the claim.
Instead of scientific articles, we focus on more general claims including, say, statements from
politicians or social media captions, as long as they fall under the umbrella of COVID-19.
Vijjali et al. [25] propose a model, which takes a claim and explanations and determines
the probability of the claim being in entailment with the explanations. A first model fetches
4
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relevant explanations and is trained on sentence entailment. A second model identifies the
veracity of a claim. Both models are trained on sequence classification and evaluated with
Transformer architectures [26, 27, 28]. The approach shows the dominance of Transformer
models, but the final model is not applicable in real-life scenarios because it cannot distinguish
fake news from genuine news but merely considers explanations.
Barrón-Cedeño et al. [29] give an overview of the third edition of the CheckThat! lab, which
was hold under the umbrella of CLEF 2020. The first task focuses on the importance of estimating the fact-check-worthiness of a claim. The dataset consists of COVID-19-related tweets,
annotated manually into two classes (fact-check-worthy or not), based on the answers of two
questions [29]. The best solutions use Transformer models (RoBERTa, BERT).
Das et al. [30] research the impact of using an ensemble approach rather than a single model
for detecting COVID-19 related fake news. The results show that an ensemble of Transformer
models, combined with soft voting (averaging out the prediction probabilities of multiple models for each class), delivers state-of-the-art results.

3. Methodology
The brief overview of the architecture we developed includes descriptions of the process pipeline
and the tools and models used (Section 3.1). Section 3.2 presents the claim validation and the
knowledge bases we used.

3.1. Process Pipeline
We process text in multiple steps. First, it is parsed into sentences, where each one is classified into one of two categories: a sentence, which contains possibly dubious claims related to
COVID-19, or a regular one. For all regular sentences, the process ends here. For the remaining
ones, we perform two additional steps: claim extraction and claim validation. The first one is
done with an existing tool, while the latter is done by searching for similar claims in a trusted
knowledge base. Finally, all results returned are analyzed and classified into six categories.
The first step of our fact-checking task is also our main focus, i. e., training a sentence classification model, which can detect sentences containing potentially suspicious claims or fake
news. We experimented with a number of techniques including different types of Transformerbased language models [31], which exhibit state-of-the-art performance in multiple NLP tasks
including BERT [26], RoBERTa [32], DistilBERT [33] and SciBERT [34], which was trained on
a random sample of 1.14 million papers from Semantic Scholar. SciBERT outperforms BERT
on tasks in the scientific domain, which our topic also partially overlaps with. Wadden et al.
[24] report SciBERT to be among the best performing models when it comes to experiments
using claims concerning COVID-19.
The subsequent step of sentence parsing and claim extraction is performed using spaCy,
which supports tokenization, part-of-speech-tagging, etc.5 We opt for a rather simple approach when it comes to claim extraction. Various processors can be added to the default
spaCy pipeline, including a sentencizer to split text into sentences, which is the first step in
5
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our process pipeline. Punctuation removal can be performed using POS tagging. Stopword
removal is supported out of the box through its set of stopwords, which can also be manually
modified. In addition to spaCy, we also conducted experiments with Stanza [35].

3.2. Claim Verification
Automatic claim verification can be done in various ways, but mainly by searching for similar
claims, which are already validated. This search can be done by using external knowledge
graphs or knowledge bases or by using a dataset of validated claims. This means that the claim
verification always relies on third-party data or services. We choose the Google Fact Check
Tools for this step due to their reliability and up-to-date information.
ClaimReview is a type of structured markup, based on Schema.org, that fact-checkers can
use to enrich their articles for search engines and social media platforms.6 Each ClaimReview
object includes multiple properties. Of interest to us is the reviewRating property, which is of
type Rating7 with a ratingValue that can be textual or numerical. The convention, however, is a
numerical value between 1 and the number stated as “bestRating”. In the case of ClaimReview,
a value of 1 is equivalent to “False”, while 5 means “True”.
Google’s Fact Check Tools have three main functions. The Google Fact Check Explorer is like
the traditional Google Search, with the difference that a user searches for fact checks (validated
claims). Results have a claimant, text of the claim and data about the review, including a textual
rating. Second, users can add ClaimReview Markup to their site using the Markup Tool in order
for their reviews to pop up as results in, e. g., the Fact Check Explorer. Of interest to us is the
Claim Search API, which developers can use via HTTP GET requests to query the same set of
Fact Check results available via the Fact Check Explorer.8 The request body includes the query
text (i. e., the claim), language code, pageSize and maxAgeDays. By limiting the maximum
age of a claim review, we somewhat prevent fetching already outdated results. This is crucial
especially in the COVID-19 domain, where the scientific community has repeatedly changed
its conclusions about the effectiveness of certain protective measures, the effects/diffusion of
COVID-19, etc.
The response body includes an array of fact-checked claims, where each one includes the
claim text, the claimant, a claim date and the claim review with a textual rating. One crucial
disadvantage of this JSON structure concerns the fact that there is only a textual rating provided
rather than a numerical one, i. e., the textual ratings from multiple fact-checking sources cannot
be compared, which calls for a meaningful mapping. With a numerical rating, we can easily
compute an average from all relevant results, in order to have the final rating of our initial
claim.
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4. Implementation
Below we present the architecture of our implementation and describe the individual steps.9
Although our use-case addresses the COVID-19 domain, we believe that the following implementation is also applicable to other areas, such as political disinformation, climate change
disinformation, etc.

4.1. Overall Architecture
The system takes a text as input and performs various processing steps. First, it is parsed
into sentences using the spaCy library. Second, each sentence is classified as either suspicious
or regular using a pre-trained Transformer model, fine-tuned using our dataset. Third, for
all dubious sentences we perform claim extraction by simplifying the sentence using simple
preprocessing, again using spaCy. Fourth, the simplified sentence is used as input for the
Google Claim Search API. Fifth, from its results, textual ratings are mapped to numerical ones,
and an average is taken to determine the veracity of the claim. The process is visualized using
the Streamlit library and a custom Vue frontend component that presents the text to the user,
with all suspicious sentences highlighted in colours corresponding to their veracity.

4.2. Fake News Detection
For all Transformer models (BERT, DistilBERT, SciBERT, RoBERTa) we use a standard HuggingFace implementation,10 also making use of Auto Classes.11 We tokenize sentences, with
padding and truncation enabled and a maximum sequence length of 512, with the main training
arguments being two epochs, train batch size 8, eval batch size 64, 2000 steps.
Additionally, we calculate the following metrics in each evaluation step: accuracy, crossentropy-loss, precision, and recall, as defined in the sklearn.metrics module.12 Finally, we use
the Trainer class, which takes our training arguments, the train and validation datasets, the
model initializing function, and our compute_metrics function. Once initialized, we run the
train function to complete the fine-tuning procedure. The exact parameters, training time,
evaluation results, etc. for all fine-tuning procedures are recorded in our W&B projects.

4.3. Claim Extraction
For the claim extraction step we simplify the initial sentence. We decided against extracting
claims on the discourse level and focus upon individual sentences. First, each suspicious sentence is tokenized and all tokens of type “punctuation” are removed. Second, we remove all
stop words from the sentence using spaCy’s default set of stopwords. This results in an array
of keywords (i. e., the claim), which we use to query Google’s Fact Check Tool.
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4.4. Claim Verification
We limit the results from the Google Fact Check Tool API to the English language only. An
example query may look like this:
1

GET https://factchecktools.googleapis.com/v1alpha1/claims:search? languageCode=en&maxAgeDays=200&query=ginger%20cures%20corona&key=[YOUR_API_KEY]
↪

To determine the veracity of a claim, we need to map the heterogeneous textual ratings of a
claim to numerical ones since the API returns query results from different sources13 that use
their own way of expressing or encoding the result of the verification step. We map as follows:
•
•
•
•
•

1:
2:
3:
4:
5:

“false”, “four pinocchios”, “inaccurate”, “miscaptioned”, “misattributed”, “scam”
“mostly false”, “three pinocchios”, “misleading”
“mixture”, “two pinocchios”, “biased”, “cherry-picking”, “not the whole story”, “exaggerates”
“mostly true”, “half true”, “one pinocchio”
“true”, “accurate”, “unbiased”, “correct”

With this approach, we combine the ratings of all relevant claims to calculate an average
value and determine the veracity of the original claim, which is why we put some terms that
are not exactly equivalent under the same umbrella (e. g., “true” and “unbiased”). It must be
noted, though, that there is no standard or convention with regard to this mapping approach.
We use the default maximum number of ten results for each search query since the further
one goes through the list of results, the more irrelevant and outdated they become (similarly
to the standard Google Search). Additionally, the results for many of the claims are repetitive
since the most prominent fact-checking initiatives fact-check the same claims.
We realise that this manner of computing numerical ratings is not perfectly accurate. The
required fields for Google’s Fact Check products are only the fact checked article, the claim
reviewed, and a rating text. While there is the option to also add a numerical rating, also indicating the best and worst possible ratings, they are present neither in the Fact Check Explorer
nor in the Fact Check Tools API.

4.5. Deployment and Visualization
We implement an additional UI, which has two main functions: firstly, we make use of it for the
qualitative evaluation of both steps of the system, by feeding text documents and looking at the
final result. Moreover, the tool can be used by fact-checkers with no technical knowledge to
easily check the credibility of texts and find suspicious claims and whether they have already
been verified. For the UI prototype of our approach we use the Streamlit14 framework so that
we can develop the application in Python, also making use of Vue and Vuetify.15
The user can either upload a Word or plain text file or type text into a text field. The text
is parsed into sentences, which are then classified. Once the claim extraction and queries are
completed, the UI receives the following data as input: an array of all sentences and an array of
13
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Figure 1: A processed text in the UI

labels/claims. The UI shows the text and an explaination of what the different highlight colours
mean. When the user hovers over a suspicious sentence, for which relevant claims exist, those
claims and their ratings are displayed (Figure 1).

5. Experimental Setup
5.1. Datasets
Many different datasets and publications exist for the wider COVID-19 domain. The primary
purpose of the data is to fine-tune the pre-trained language models for the sequence classification but a dataset of whole documents in which individual sentences are labeled as “suspicious”
does not exist, which is why we combine different datasets to achieve this structure. Initially,
we used suspicious sentences taken from the archives of fact-checking websites, such as Snopes
and Politifact, and regular ones from scholarly articles on COVID-19. While this dataset performed well during cross-validation, it showed weaknesses in real-life scenarios by labeling
a significant amount of regular sentences as suspicious. Consequently, we use an additional
dataset to increase the model’s accuracy. A brief description of all used datasets follows. The
first three are part of the initial dataset, on which multiple Transformer models are fine-tuned
and compared. The last one is added later and used for fine-tuning all models one more time.
1. COVID-19 Open Research Dataset (CORD-19) consists of more than 500,000 scholarly articles, including over 200,000 with full text, about COVID-19 and related coronaviruses
[36]. We use only a small portion, i. e., the abstracts of the most recent articles at the

time of data collection (the first week of January 2021). We use CORD-19 as the source
for non-suspicious sentences.
2. FakeCovid: A Multilingual Cross-domain Fact Check News Dataset for COVID-19 consists
of articles in 40 languages but the majority have titles in English [37]. These articles
have been fact-checked by reliable online sources. We use FakeCovid as the source for
suspicious sentences in the initial dataset.
3. CoAID (Covid-19 heAlthcare mIsinformation Dataset) includes fake news on websites and
social media, along with users’ social engagement about such news [38]. We only use
part of it since many of the claims are also present in FakeCovid.
4. COVID19 Fake News Detection in English consists of real and fake news on COVID-19
[30]. We improve our models using this dataset as it introduces a different type of regular sentences. Unlike the ones from scientific articles, the non-suspicious sentences are
merely real news on the topic of COVID-19, which do not necessarily have the same
structure or use scientific terms as the other ones do but are still just as trustworthy, i. e.,
the models can learn the specifics of fake news, rather than the differences between a
scientific and non-scientific text.
All datasets are preprocessed in accordance with their specific structure and parsed into
sentences using Stanza. We also performed additional cleaning (all sentences which either
contain no verb or consist of less than four words are removed). The two sets of genuine and
dubious sentences contain 7908 samples each. We merge together the two sets and split them
into train (80%), and test sets (20%) using Scikit-learn’s train_test_split function. The fourth
dataset was added due to the unsatisfactory initial results, arriving at a final train dataset of
9426 (49.4%) suspicious samples and 9646 (50.6%) non-suspicious ones as well as a final test
dataset of 2562 (48.3%) suspicious samples and 2742 (51.7%) non-suspicious ones.

5.2. Hyperparameter Search
The choice of hyperparameters can have a major influence on the machine learning models’
performance [39]. For this reason, it is crucial to use a scalable hyperparameter optimization
framework. Our choice is Ray Tune [40], due to its possibility of early termination of bad runs
and intelligent choice of parameters within the defined space. Our search for hyperparameters
is documented in a Weights & Biases project.16 Experiments are conducted using the following
hyperparameters:
•
•
•
•
•
•

Learning Rate: between 1e-5 and 1e-3
Number of Training Epochs: between 1 and 4
Seed: between 1 and 42
Per Device Train Batch Size: 8 or 16
Warmup Steps: between 0 and 1000
Weight Decay: between 1e-6 and 0.1

Most of the hyperparameters are an obvious choice, except for the random seed. However,
Dodge et al. [41] found that by checking many different random seeds they obtained significant
16
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improvements on the performance of BERT and some seeds are statistically more likely to
diverge. An explanation for this influence is that the random seeds directly determine the
values for weights when the neural network is initialized. Some of the seeds may lead to a
more beneficial starting point for the following learning phase, compared to others that put
the network very close to a local minimum.
In total, 20 random combinations are trained and evaluated at the end of each epoch using
the DistilBERT for Sequence Classification architecture. The best model is picked taking into
account the accuracy, precision, recall, 𝐹1 and cross-entropy loss.
Figure 2 shows the combination of hyperparameters and achieved accuracy in each run. The
models with the worst performance are the purple ones with an accuracy of slightly over 50%.
The one with the second biggest learning rate has an accuracy of 86.5%, while all others have
similar results: between 95% and 98%.
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Figure 2: Summary of all performed runs

Considering the above metrics we choose our final model with the following rankings:
• Highest accuracy, 𝐹1 score and recall
• Second smallest cross-entropy loss
• Sixth highest precision

The importance of each of the hyperparameters with respect to the accuracy can be seen in
Figure 3, calculated by training a random forest classifier with the hyperparameters as inputs
and the metric (in our case, accuracy and cross-entropy loss) as the target output and reporting
the feature importance values for the random forest classifier. A negative correlation is colored
in red, while a positive one is colored in green.
The learning rate has the biggest influence on the accuracy, and they have a negative correlation. The random seed has a decent level of importance, though not as high as the learning
rate. The correlation between learning rate and loss is even more pronounced than that between learning rate and accuracy, and naturally, in the opposite direction. The only metric
with an opposite correlation is the weight decay, but its importance with regard to both accuracy and loss is very low. All other metrics can be neglected.
An interesting observation is that this best model does not offer a big increase in accuracy
compared to the out-of-the-box model, fine-tuned using the default parameters of the Train-

(b) Cross-entropy loss

(a) Accuracy

Figure 3: Hyperparameter importance and correlation with respect to accuracy and cross-entropy loss

ingArguments class from Huggingface.17 Despite that, it is clear that especially the learning
rate plays a significant role in the model’s performance.

6. Evaluation
6.1. Sentence Classification
We perform hyperparameter optimisation using DistilBERT (see Section 4). Below, we present
the results from all models and explain why we chose DistilBERT for our further experiments.
6.1.1. Model Comparison
We compare four Transformer models, which are fine-tuned using the same parameters, using
the HuggingFace TrainingArguments defaults. We use a batch size of 8 per device for training
and 64 for evaluation, which is performed at the end of each epoch. The models are fine-tuned
for two epochs. We take into account the metrics already mentioned in Section 5, i. e., precision,
recall, 𝐹1 score, accuracy and cross-entropy-loss.
Although RoBERTa has the highest performance in the GLUE benchmark, BERT achieves
the highest accuracy and 𝐹1 score and the lowest cross-entropy-loss in our case, see Table 1.
Table 1
Model comparison results
Model

Accuracy

CE loss

F1

Precision

Recall

BERT
DistilBERT
SciBERT
RoBERTa

98.11%
97.89%
97.64%
97.61%

0.0952
0.09849
0.1197
0.1006

0.9805
0.9781
0.9755
0.975

0.9816
0.9796
0.9799
0.9818

0.9793
0.9773
0.9711
0.9684

Although the differences are minimal, SciBERT (our domain-specific model) and RoBERTa,
which were possible favorites, deliver slightly worse results than DistilBERT and BERT.
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6.1.2. Cross-validation
We perform 10-fold cross-validation on the two best performing models (BERT, DistilBERT).
Here, we only use our train dataset. In each of the ten iterations, 30% of the data is chosen
randomly for testing only. Although BERT achieves higher accuracy in the simple comparison,
the results during cross-validation are much closer, see Table 2.
Table 2
Cross-validation results
Model

Accuracy

CE loss

F1

Precision

Recall

BERT
DistilBERT

97.7185%
97.692%

0.1216
0.0966

0.9769
0.9766

0.9762
0.9773

0.9777
0.976

Although BERT still has higher accuracy, this time the difference is much smaller (0.02%),
and DistilBERT has a significantly lower cross-entropy loss and higher precision. Moreover,
DistilBERT is fine-tuned at least twice as fast as BERT. For these reasons, we choose to further experiment with different hyperparameters for fine-tuning DistilBERT and pick the best
configuration as the final model for the prototype UI. We manage to increase the accuracy of
DistilBERT to 98.1%, the 𝐹1 score to 98.03%, and minimize cross-entropy-loss to 0.08619. Such
a high performance is possible, because the presented dataset simplifies the problem considerably: the suspicious sentences are mostly article headlines or individual statements from
public figures. Consequently, they differ more from normal sentences and non-scandalous
article headlines than more carefully hidden fake news would.
6.1.3. Qualitative Evaluation
As a first step of the qualitative evaluation, we compare our implementation to a similar tool –
ClaimBuster, already mentioned in Section 2. In contrast to our approach, users have to set a
threshold themselves between 0 and 1 to determine at which point claims are considered unreliable. We notice that many of the suspicious sentences are still not marked as such even with
a rather low threshold of 0.3. Also, checking a claim is done via a separate search bar, which
does not allow for fact-checking multiple claims at once. In comparison, our implementation
not only performs these two steps automatically and for a whole text, but also with a higher
accuracy. Moreover, it starts with binary classification, which is then extended to five classes
after the claim validation step.
Since the evaluation dataset is not the perfect match for our use case, i. e., the fake news are
often headlines, photo captions, etc., rather than sentences found in a full text, we perform a
qualitative evaluation using a small number of articles. We use the “Global Social Responses
to Covid-19 Web Archive”18 and a couple of articles from reliable sources. The web archive includes social responses to the Covid-19 pandemic, as represented in local news, NGOs, art, blogs
and social media. We focus mainly on articles from local news in English. The archive does
not contain North American or West European sources, where the majority of fact-checkers
are based. For this reason, although some sentences from local news are labeled as suspicious,
18
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Figure 4: Top 20 most common terms within regular sentences and ones containing fake news

no relevant claims can be found for them. This uncovers the problem that suspicious statements from regional news are often not fact-checked at all, or at least not annotated using
ClaimReview, and as a result, cannot be found using Google’s tool.
Another observation is that hardly any sentences in articles from trusted sources, e. g., in
the article “Coronavirus outbreak and kids” from Harvard Health Publishing19 , are labeled as
suspicious. This is the expected behavior of the model.
With such complex model architectures, however, it is hard to determine which specifics of
the data prove to have the biggest influence on the final predictions. We look at a couple of
the misclassified examples (Table 3). A human annotator would possibly also classify the real
example as dubious. However, the false negative is probably caused by the scientific terms
used. This is the case for most of the wrongly classified examples, which stresses the point
that a priority should be avoiding false negatives.
Table 3
Misclassified Examples
Sentence
There is no one in New Zealand receiving hospital-level care
for COVID-19.
Even discharged patients could be a long-term asymptomatic
carriers.

True Label

Predicted Label

regular

suspicious

suspicious

regular

In the hopes of discovering specific terms which can distinguish fake news from real ones,
we calculate the word frequency in our validation dataset. The 20 most common words in each
group of sentences can be seen in Figure 4.
Sentences from real news or scientific articles tend to prefer the term “COVID-19” instead
of “coronavirus”. Due to the nature of the suspicious sentences, typical words are “video”,
“lockdown”, “facebook”, etc. Also, we notice that verbs, such as “shows”, “says” and “claim”,
are only present in the suspicious sentences, whereas the verbs among the top 20 of the regular
19
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sentences are “states” and “reported”. Altogether, the language in the non-suspicious sentences
seems to be more factual and scientific, with more formal terms.

6.2. Claim Extraction
With regard to the evaluation of the claim extraction procedure we cannot measure the success
of claim validation in a mathematical sense since the Google Claim Search API does not expect
the claim to be structured data. While we can limit our results by choosing a language, a factchecking website, etc., the claim itself is simply a text string. For this reason, we briefly measure
the success of claim extraction/validation by the number of fetched relevant results. We search
for claims relevant to each sentence in the validation dataset using Google’s Fact Check Tools:
once by using the full20 sentence and once with the simplified sentence (without punctuation
and stopwords). Surprisingly, there are slightly more cases in which no relevant results are
found when removing the stopwords but choosing the more suitable approach depends on the
type of sentence: in the case of, e. g., statements from or about known figures, full sentences
deliver the same, if not better, results. However, when it comes to more general claims or more
complex sentences, only keeping the keywords works better. Since the Google Claim Search
API seems to work well with exact terms/structures, we decided not to perform additional
processing, such as lemmatization or stemming.
Our approach, however, is not optimal for the following reason: we test using individual
sentences, which are usually either a news title or a standalone statement, so they are not part
of a text. This means that we do not have to deal with the problem of context, pronouns, etc.
In these cases, removing them proves useful for finding more relevant results. Nevertheless,
we are aware that future work should include a more sophisticated way of extracting claims.

7. Conclusion and Future Work
In terms of tackling the misinformation challenge, the approach we propose includes two separate steps: the identification of suspicious sentences (i. e., fact-check-worthiness estimation)
followed by claim validation using trusted knowledge bases, both components can also be used
separately. In comparison, existing approaches usually only implement one or the other, the
middle ground between the two, i. e., claim extraction, is usually missing. Moreover, in this
combined way, we can allow, at least to a certain degree, for some error in the first step, which
can be corrected in the second, and we also introduce some nuance since each claim is categorised into one of five separate classes.
Our initial experiments, using datasets from different origin, proved not to adapt well in reallife cases. Using scientific articles as a source of non-suspicious sentences caused the problem
that a large amount of non-scientific sentences were falsely labeled as suspicious and therefore
unnecessarily fact-checked. One solution was bringing more variety to this part of the dataset
by using real news. With this new dataset, curated using multiple sources of suspicious and
non-suspicious sentences, much better results could be achieved.

20

Here, we still remove punctuation since it often causes invalid queries.

As for claim extraction, a simple approach proved to be sufficient to find similar claims using the Google Fact Check Tools API. A problematic aspect was the deviation of the format of
Google’s claim search results from the standard ClaimReview markup. While a numerical rating is defined, only a textual one is present in what the tool provides. Moreover, fact-checkers
are not required to stick to a certain format of their textual ratings, as even full sentences are
allowed. As a result, we came up with a mapping from textual to numerical ratings.
All in all, our tool can help journalists and other people that rely on extensive fact-checking.
It is fully automatic, easily accessible using an intuitive graphical interface and comes with a
fast AI-based fake news detector. Thus, suspicious content can be detected in real time and
validated against high-quality external databases. This procedure leads to a more productive
fact-checking workflow, both in terms of speed and accuracy.
There are multiple directions in which our work can be taken further. They include more
research on the performance of the models on full articles, Twitter threads, etc., extending
the current datasets by adding data from full texts (instead of only titles and headlines), testing out different sequence classification models (including ensembles), and claim extraction
approaches. Additionally, we plan to carry out a user study with journalists to assess if the
developed prototype is helpful and if it makes them more efficient.
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