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1 Abstract

Probably anyone using the internet today will have come across clickbait. It presents itself
in the form of video titles or adds that usually come along with an interesting or provoking
picture and in the form of news headlines. It represents a form of textual information that
utilizes various stylistic methods that also feed on human psychology luring people into clicking
a link or video. In a mild form it is just disappointing nuisance because it does not deliver the
information in the expected form or sometimes does not deliver it at all. In a more severe form,
they contribute to spreading fake news, swaying public opinions and have a decisive influence
on elections. To protect ourselves from such kind of misinformation it is necessary to develop
sophisticated and reliable systems to detect it.

In this paper, I discuss two machine learning approaches for classifying clickbait and it
basically consists of three parts: A general introduction to what clickbait is and why it can
be considered fake news (1), the presentation of the two approaches and a brief discussion
of their methodology (2) and the presentation of my own work, the collection of a German
clickbait corpus (3). The two approaches I’d like to introduce are deep learning frameworks.
One is from Agrawal in 2016 utilizing a Convolutional Neural Network (CNN) and the other
from Naeem et al. using a framework of two models: One to analyse parts of speech and the
results of which are used for parameter optimisation of the second, a neural network with
Long-Short-Term-Memory (LSTM). I will also analyse my findings with regards to the parts of
speech of German clickbait headlines and do a comparison to the results of Naeem et al. who
analysed POS on their English clickbait corpus.

2 A general introduction to what clickbait is and why it is consid-
ered fake news

Good news headlines have a certain characteristic. Features that a good headline should have
are defined by Daniel Dor (2003, cited in Köpsel 2016) and two of them are that it does not
contain names and concepts with low news value for the reader and that it connects the headline
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and the story in an appropriate way. As cited in Köpsel (2016), Patterson in 2000 shows an
increasing shift of news publishers away from so called hard news towards soft news which
he defines as “‘typically more personality-centered, less time-bound, more practical, and more
incident-based than other news’ and associated with ‘sensationalism’, ‘human-interest’ or news
you can use’.” (Patterson 2000: 4). Soft news Headlines don’t have a lot of the characteristics
good news headlines should have and free online news usually work on a financial model
that is based on a revenue for clicks. According to Patterson it is this commercialization and
tabloidization that lead to more forward referencing in online news headlines which is one
of the most common features of clickbait. Together with a high level of profanity, the heavy
use certain online media make of it and the fact that social media news feeds get clogged with
such kind of headlines, soft news by now became a great annoyance. The typical characteristic
of luring people into clicking makes them clickbait. Some good examples are given in Thomas
Gauld’s impression that is also printed in the work of Naeem et al (2020):

“29 incredible facts about Napoleon Bonaparte. No°4 will shock you!”

“This man inherited his father’s fortune. You won’t believe what happened next”

“These two men duelled. The outcome will surprise you!”

One can see, those headlines have a characteristic of creating suspense and provoking emo-
tions, which is typical for clickbait, creating interest not by a comprehensive representation of
interesting new facts but by withholding the actual information and using forward referencing.
Together with abusing the so called FoMO (Fear of Missing Out) as mentioned by Köpsel (2016)
it seems to generate a strong urge in users to satisfy the lack of information by clicking the
link or video. Biyani, Tsioutsiouliklis and Blackmer (2016), as cited by Agrawal (2016), define
eight kinds of clickbait [table 1] which show some more features utilized by clickbait. Agrawal
found that clickbait often uses words or phrases that have a strong sentiment and create
an information gap using Personal Pronouns (“They”, “You”, “He” etc.) or WH-Determiners
(“What”, “Which” etc.) that stay unresolved and therefor create curiosity.

Type Definition Example

Exaggeration Title exaggerating the content on the landing page. Cringeworthy tattoos that will destroy your faith in humanity.

Teasing Omission of details from title to build suspense: teasing. New twist in Panthers star’s trial could end his season.

Inflammatory Either phrasing or use of inappropriate/vulgar words. Putin Punched at G20 Summit.

Formatting
Overuse of capitalization/punctuation, particularly
ALL CAPS or exclamation points.

EXCLUSIVE: Top-Secret Method allowed a mother to break the
world record: 12kg in 4 weeks!

Graphic Subject matter that is salacious or disturbing or unbelievable.
Donatella Versace plastic surgery overload: Waxy face resembles
melting candle.

Bait-and-switch
The thing promised/implied from the title is not on the landing
page: it requires additional clicks or just missing. Beers Americans No Longer Drink.

Ambiguous Title unclear or confusing to spur curiosity. Hands on: Samsung’s iPhone 5 is absolutely beautiful.

Wrong Just plain incorrect article: factually wrong. Scientist Confesses: “Global Warming a $22 Billion Scam”.

Table 1: Types of clickbait and their examples (Biyani et al. 2016)

At first glance, clickbait just seems to be annoying. However, when combined with fake
news it can become an actual danger as it facilitates the spread of misinformation which is
especially the case for social media. As mentioned in Kirchner and Reuter (2020), social media
can become an accomplice to the intentional spread of false information. It can be defined as
“false, inaccurate, or misleading information designed, presented and promoted to intentionally
cause public harm or for profit” (de Cock Buning, cited in Kirchner and Reuter 2020). Examples
are so called information operations like the infiltration of the Twitter discourse in the context
of the #BlackLivesMatter movement or targeted PR campaigns used in elections, e.g. to convey
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a certain opinion about a party to certain groups of people by showing only election advertising
that suits the respective groups. The 2016 US presidential elections are an example for such
PR campaigns. The same counts for Germany and the Bundestagswahl in 2017. Often, when
fake news spread, they do so by showing the same characteristics as clickbait that entice users
to click.

Now, disinformation has been existing for a long time; new is that with social media
everyone has the possibility to share their thoughts across the world and in an instance. The
authors of User Generated Content (UGC), e.g. blogs created by freelancers, often are under
the influence of a confirmation bias and may be unintentionally creating echo chambers thus
further facilitating the proliferation of fake news (Naeem et al. 2020). This is especially true
when those news trigger emotional reactions as Guerini et al. (cited in Köpsel 2016: 7) were
able to showe that emotional stories and headlines receive more attention.

Although not every clickbait is fake news1 in a way mentioned before, a lot of fake news
come in the form of clickbait. They often share certain features like emotional language or
frequent POS, key words and phrases and therefore can be addressed by learning about these
characteristics and developing systems to detect them. So even though the corpora of the two
papers I’m going to introduce and my own collection of German headlines might focus more
on clickbait that is just right out annoying (as opposed to being dangerous), they contribute to
the development of such systems and help filtering out a lot of garbage.

3 Related work

Before going into detail about both deep learning approaches, I would like to mention some
related work referenced by the authors. This shall contribute to further understanding of
clickbait and – when it comes to the labour of manual feature extraction – also contrast the
following ML approaches that often stay a “black box” when it comes to which features are
present in the specific data. Naeem et al. (2020) mention work that focuses more on fake news
in general, which I find worth mentioning since clickbait detection is just one part in combating
fake news and it roughly illustrates some other approaches out there. Agrawal (2016) mentions
research from linguists and computer scientists. Linguists found out that so called listicles –
articles containing a list of things and being one of the major types of clickbait – usually start
with a cardinal number and all of them containing the number in some place or the other2.
Two examples given by Agrawal from his own data set illustrate this form of clickbait: “16
Cancer Causing Foods You Probably Eat Every Day”, “38 Celebrities You Didnt Know Passed”.

The usage of forward reference, one of the most common features in clickbait, was studied
by Blom and Hansen (2015) using 2000 random headlines from a Danish news website. They
found that definite articles, adverbs, and personal and demonstrative pronouns are used most
often to forward reference. Two examples are given by Agrawal: “This shocking news will blow
your mind” and “What He did next shocked everyone”. In those cases, This and He are forward
references to some entities which are not mentioned in the headline, thus enticing readers to
follow a hyperlink, for example.

There is also related research of computer scientists. Potthast, Kopsel, Stein and Hagen
(2016) constructed features not only from headlines or the title but from meta information
and the linked web page itself. They collected 3000 tweets from the top 20 publishers on
Twitter and handcrafted features from the above-mentioned categories: headline (1), meta
information (2) and the linked web page (3). The features were used to train a supervised
classification algorithm that achieved 0.79 ROC-AUC at 0.76 precision and 0.76 recall. They

1There are also other opinions that suggest to generally consider clickbait as fake news because they often
present hoaxes and satire which Journalists for example consider to be deceptive and therefore fake news
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also found that features from the first category alone achieved better results than the other
categories with character n-grams and word 1-grams contributing the most. This finding is in
line with those of Naeem et al. (2020) – the second ML approach I am going to introduce –
who also found keywords most effective when establishing their baseline classification with an
n-gram classifier. Agrawal as well as Naeem et al. render handcrafting and engineering such
features as a time-consuming process which is also hard to reproduce and therefore focus on
deep learning approaches that gradually learn features implicitly during training and might
also consider features unthought of; one of the big advantages of machine learning.

Naeem et al. also mention work that focuses on User Generated Content (UGC). As
mentioned in the previous chapter, UGC is a big factor when it comes to the proliferation of
fake news since its authors – sometimes unknowingly – create echo chambers and do not check
facts thorough enough. The work of Capdevila et al. (2018) presents a probabilistic model that
incorporates spatiotemporal data from content produced on social media to detect local events
by using geo-mapping. According to Naeem et al. this model could be further enhanced to
verify urban events and fight fake news with a crowd-sourced approach.

Further Naeem et al. mention a software called BS Detector that uses domain-classification
to detect fake news. It is a web browser extension which I find quite neat since it brings
an applicable measure against fake news to the everyday user instead of only contributing
to a sophisticated scientific discourse. The extension, once activated by the user, will scan
the web page for URLs to be compared against a manually crafted list of several fake news
URLs of different categories and display a warning if a match occurs. However, Naeem et al.
state that “. . . the issue with this solution is that the websites must be reviewed by a human
observer. Moreover, the websites are taken at face value instead of reviewing the news content
in question.” (p. 4) which points towards the advantages of an automated approach that learns
concrete features of clickbait and the fact that different features from the whole web page
might have to be taken into consideration before classification.

4 Two Deep Learning Approaches

Despite the awareness of social media platforms like Twitter or Facebook regarding clickbait, it
still is a persistent problem on those platforms so further development in the field of clickbait
detection is necessary. Therefore, I would like to introduce two papers that achieve state of the
art results in classifying clickbait and thus also contribute to the recognition of fake news.

4.1 Agrawal’s CNN approach

The first paper I’d like to introduce is from Agrawal 2016. He proposes a model to detect
clickbait using a framework with a CNN and contributes an English corpus of 814 clickbait and
1574 legitimate news headlines collected from Twitter, Reddit and Facebook. His work can be
coarsely divided into three parts: (1) Collecting the data (1), conversion of the data into word
embeddings (2) and feeding them into the CNN for classification (3). These three sections are
described in more detail in the following.

To create a more general model, as Agrawal says, he collected clickbait headlines from
three different sources: Twitter, Reddit and Facebook. In this way, he also wants to compensate
for the 140-character limitation of Twitter messages and contribute to a more varied data set,
he says. To Collect clickbait and non-clickbait headlines he used different pages, subreddits
and twitter handles that were known for those categories. For non-clickbait headlines, data

2Vijgen (2014) studied 700 listicles from BuzzFeed of which 85% start with a cardinal number.
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from /r/news3 and /r/worldnews4 were drawn. For clickbait headlines they used the subreddit
/r/SavedYouAClick5, the twitter handle @HuffPoSpoilers and a Facebook page named StopClick-
bait6 which are all about making people aware of clickbait. All the data was viewed by three
independent assessors. In Both categories a high inter-assessor agreement was achieved. In
total Agrawal collected 814 clickbait and 1574 non-clickbait samples that are available online7.

As mentioned, Agrawal uses a CNN to classify the headlines. It has one convolution layer
and the whole frame work is based on the architecture of Kim (2014). In the first layer the
words of a headline are embedded into vectors for which they use two different forms: Word
embeddings learned from scratch and word embeddings learned from a word2vec model8. Like
Kim, Agrawal uses filters of different sizes (3, 4, 5) that are applied in the next layer to create
convolutions over the word embeddings resulting in one feature map for each such operation.
Max-over-time pooling is applied to the feature map thus returning the feature with the highest
value for that particular feature map. All features together form the penultimate layer. The
features are passed forward to a fully connected softmax layer which outputs the probability
distribution over labels. Agrawal uses cross-entropy to measure loss and Adam as a stochastic
optimization of the loss function. As hyperparameters he used the same as Kim (filter sizes;
dropout rate of 0.5; embedding dimension of 300; etc.) except for the number of epochs and
the batch size which were increased to 200 and 128 respectively.

Agrawal compared both models, the non-static word2vec representations referred to as
click-word2vec and the embeddings learned from scratch which are referred to as click-scratch.
For both models he obtained precision, recall and F1-Score [table 3] by averaging over a
5-fold cross validation and measures accuracy and ROC-AUC for evaluation [table 2]. The
Accuracy was measured every 100 steps and was plotted for visualization (Figure 1 and Figure
2). According to Agrawal both models stop to learn at around 2000 steps. However, the plots
show that the models almost immediately seem to over fit, that is why I would see that just as
the authors misspelling meaning 200 steps. The plots also show that the click-word2vec model
keeps on evolving regarding the testing accuracy whereas the click-scratch model doesn’t. The
Author attributes that to the use of word2vec embeddings in general and the fact that they keep
changing during training. Overall, the click-word2vec model outperforms the click-scratch
model with an accuracy and ROC-AUC of 0.90. Agrawal’s work shows that a basic CNN model
for clickbait detection achieves better results compared to none-deep-learning approaches he
mentioned as related work and that using pretrained word embeddings can further enhance a
deep learning approach.

Model Accuracy ROC-AUC

Click-Scratch 0.89 0.87

Click-Word2vec 0.90 0.90

Table 2: Accuracy and ROC-AUC scores (Agrawal 2016)

3https://www.reddit.com/r/news
4https://www.reddit.com/r/worldnews
5https://www.reddit.com/r/SavedYouAClick
6https://www.facebook.com/StopClickBaitOfficial
7https://github.com/pfrcks/clickbait-detection
8Word vectors trained by Mikolov et al. (2013) on 100 billion words of Google News. They are available here:

https://code.google.com/p/word2vec/
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Model Class Precision Recall F1-Score

Click-Scratch
Clickbait 0.88 0.80 0.84

None-clickbait 0.90 0.94 0.92

Click-Word2vec
Clickbait 0.85 0.88 0.86

None-clickbait 0.94 0.92 0.93

Table 3: Performance metrics for both models (Agrawal 2016)

(a) (b)

Figure 1: Train and test accuracy for both click-scratch(a) and click-word2vec(b) (Agrawal 2016)

4.2 Naeem et al. using LSTM

The second paper I would like to introduce is the work of Naeem et al. (2020). They state
that although detecting fake news is a complex problem since there are various factors that
need to be considered before classifying news as fake9, detecting clickbait would be a crucial
step towards detecting fake news since it eliminates news that exaggerate and sensationalize
to monetise clicks and gain profit from it. Their framework consists of two modules: (1) The
Part Of Speech Analysis Module (POSAM) which is a classification by focusing on discovering
syntactic features of clickbait headlines using an n-gram classifier and a (2) classification
module using Long Short-Term Memory (LSTM), a form of Recurrent Neural Network.

The Authors collected a total of 32.000 data points from Reddit: 16.000 samples of clickbait
headlines from the user Saved You A Click and 16.000 samples of legitimate news collected
from international news. Both data sets are crowd-sourced since Saved You A Click explicitly
posts clickbait and the users of international news accounts would downvote headlines having
a clickbait characteristic. According to the authors it is the biggest data collection of clickbait
and non-clickbait headlines to their knowledge

As already mentioned, the framework consists of two modules. The POSAM module that
helps to gain further insight into clickbait specific syntactical features and an LSTM that focuses
on the semantic aspects. They experiment with a basic n-gram classification as a base line, an
n-gram classification augmented with knowledge about parts of speech (POSAM) and their
final LSTM, which achieves the best results. POSAM is a variation of the traditional n-gram
classifier calculating Maximum Likelihood Probabilities. To avoid 0 probability, they apply
Laplace Smoothing. They tokenized the data and contextualized it by adding start and end tags.

9The authors mention that general fake news detection also requires fact checking and name Google Knowledge
Graph as a knowledge data base that could be utilized for that.
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They also used log probabilities to avoid underflow. The part of speech (POS) information used
to enhance the classifier and build the POSAM were obtained by tagging the data with NLTK.
The ratios of the POS were used as factors to scale the probabilities of the n-gram classifier thus
arriving at the altered classification module. To find out the right amount of context, they used
different values for their n-grams with parameter n ∈ [1; 7]. It was cross validated by splitting
the initial data set: The Training Set consisted of 70% of the collected data, the Validation Set
of 20% and the Test Set of 10%. They did this for both n-gram classifiers and the results are
depicted in table 4 and table 5.

N Accuracy Precision Recall F1-Score
1 93.40 88.89 99.62 93.95
2 92.77 88.00 98.69 93.04
3 91.43 88.88 97.50 92.99
4 91.65 88.02 97.06 92.32
5 91.74 87.82 96.12 91.78
6 91.74 87.82 96.12 91.78
7 91.70 88.81 96.37 92.44

Table 4: Statistics of a baseline n-gram model. N is the n-gram size.
The data set is split as follows: Training Data: 70%, Validation Data:
20%, Test Data: 10%. Log Probabilities were used in calculations to
avoid underflow.

N Accuracy Precision Recall F1-Score
1 88.27 80.47 99.81 89.11
2 87.93 81.74 99.44 89.72
3 86.90 80.92 98.05 88.67
4 86.36 85.69 86.12 85.90
5 82.15 87.15 75.53 80.93
6 79.27 88.76 68.71 77.46
7 77.50 90.66 64.96 75.68

Table 5: Statistics of the POSAM module. Same as the baseline n-
gram model. The probabilities calculated were multiplied by a factor
calculated based on the occurrence of various Parts of Speech.

The Authors found that in both cases unigrams achieved the best result and that this
indicates that the classification is based more on identifying keywords rather than understanding
the context or semantics of a sentence. Table 6 is an overview of some example headlines with
the confidence value of every classifier in its decision. For the baseline classification (N) the
confidence lies between 45% to 65% indicating that the model does not really differentiate
the two categories. When using POSAM, the accuracy using unigrams drops by 5%, but the
classifiers decision increases and lies between 45% to 72% (P) which, according to the authors,
shows that the model has learned more about the characteristics of clickbait.

In general, POSAM is also the approach to further gain knowledge about syntactical features
and the authors describe their findings as follows: “[. . . ] Possesive Pronouns (PRP) occur almost
ten times as often in clickbait headlines as compared to legitimate news headlines. Similarly,
Wh-Determiners (WDT) and WH-Adverbs (WRB) create a curiosity gap by asking questions and
it is this very exploitation of one’s curiosity gap that forces the users to click in order to satiate
their need for information.” (p. 6) (emphasizes added). This is in line with the observations
of prior related work and the findings of Agrawal (2016). The authors used NLTK to tag the
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Headline N P L
C

li
ck

ba
it

N
ew

s 12 women that actually exist in real life you won’t believe this 64.92 70.31 100.00
33 Heartbreaking photos taken just before Death, you will cry 60.91 64.28 100.00
You won’t believe how these 9 people changed their lives 63.72 72.62 100.00
Which Marvel Comics Character Are You? 65.33 68.12 100.00
How Much would you care If Your Life Depended On It? 61.74 68.46 100.00
Here are the top 20 cringe worthy dad jokes! 60.93 63.92 100.00

Le
gi

ti
m

at
e

N
ew

s

Sri Lanka whitewash Pakistan to win Test Series in UAE 45.48 45.04 0.00
Jamaat-ul-Ahrar Chief Umar Khalid Khurasani killed in drone strike 45.03 45.39 0.00
Xi Jinping claims ‘new era’ for China 46.31 46.50 4.00
Kenyan official flees to US before poll 46.58 48.74 0.00
Hassan Ali takes five as Sri Lanka dismissed for 208 45.14 47.29 0.00
Karachi to be made center of peace and prosperity: PM Abbasi 47.92 48.46 2.00
Greek Navy thrills people with ‘Despacito’ performance 50.49 50.96 17.00
Coldplay to perform in India in November 51.83 51.38 28.99

Table 6: Example headlines from clickbait and legitimate data set. N represents the n-gram model, P represents the
n-gram model with Part of Speech Tagging and L represents the LSTM model.

headlines and a comparison of POS frequencies is given in Figure 2. They do not explicitly
mention it, but looking at the acronyms for the parts of speech one can tell that the PENN tag
set (Santorini 1990) is used.

Figure 2: Parts of Speech occurrences in clickbait and legitimate instances (Naeem et al. 2020: 9).

One of the major findings that the work with POSAM provides, however, is that the most
characteristic features enticing to click (referencing forward or creating suspense by using
specific vocabulary etc.), are in the second half of the sentence whereas the first half of the
sentence mainly introduces the topic. They use this knowledge to optimize the traditional
LSTM model (the second module of their framework) and it’s this augmentation they attribute
their outperforming results to. Details of the LSTM are given in the following.

As mentioned, LSTM focuses more on semantic than on syntactic aspects. It consists of
a single layer of 256 cells and has a time stamp of 10 units. As Input, they use word2vec
representations from Google’s pre-trained word2vec model, just like Agrawal. As mentioned
before, they modified the classic LSTM model with their knowledge of their POS analysis.
They choose a loop back parameter of 5 words, which is the average length of a headline in
their data set thus making it possible for the model to focus on the latter half of the sentence
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and thus on the most characteristic features of clickbait. According to the authors “notions of
curiosity, mystery, shock, and sensationalism are detected and learned as key characteristics by
the classification model.” (p. 7). Their evaluation of the model is depicted in Table 7.

Accuracy Precision Recall F1-Score
97.04 96.65 97.90 97.27

Table 7: Test statistics for LSTM with 1 hidden layer; Cells: 256;
Timestamp: 10; using an Adam Optimizer and Sigmoid Activation
Function.

4.3 Discussion of the two papers

Reviewing both papers we can make several observations: As to ML approaches in general, both
papers show that ML outperforms the mentioned related non-deep-learning work by a significant
margin. Where Agrawal uses a CNN, Naeem et al. use an LSTM that was supplemented by a
preceding module called POSAM which helped in achieving state of the art results in clickbait
detection. This shows that investigating features manually is still to be preferred for some tasks
instead of keeping the whole process a mere black box. However, it is sometimes questionable
if the modules really learn about clickbait or reach good classification results instead by just
learning more about legitimate news.

In general, favouring headlines over the body of an article also seems to be a good idea
since those features seem to contribute the most to a classification with handcrafted features
as mentioned in section [4.2]. This also makes sense when thinking of videos as they do not
have an actual body of text on a landing page (although one might consider extracting and
investigating subtitles for more features). However, some example from my own headline
collection presented in section [5] show that there are also more subtle forms of clickbait that
might make it necessary to incorporate features from the actual main body, meta data of the
text and landing page, etc. into classification.

Using a crowd-sourced approach to collect the samples seems quite reasonable given the
different appearance of clickbait, the vast number of different features that can be consid-
ered for classification and the fact that a reliable classification is difficult to achieve without
proper definition, manual annotation and implementation of those features, which can be a
quite time-consuming process indeed (cf. section 2 and 3). Data sets collected from sources
that want to educate about clickbait seem to be especially well suited as they do not feature
only a single kind of clickbait as for example Buzzfeed does (as they mostly present listicles)
but incorporate a greater variety and also might take into account headlines that are on a
more subtle level and only reveal their disappointing nature when reading the article. Un-
fortunately, data of such kind still seems to be a little sparse - especially for the German language.

As to Agrawal’s work, looking at the fact that with a ratio 1574 to 814 the non-clickbait
samples are almost twice as much as the clickbait samples, it could be possible that Agrawal’s
model learned more about legitimate news than about clickbait. Also were the word2vec
representations from Google trained on news, which might also add to that. What confirms
this suspicion is the evaluation matrix [table 3] that shows an overall better prediction of
the non-clickbait class for both the models (click-word2vec and click-scratch). For example,
the metrics for click-word2vec with a precision of 0.94 for non-clickbait vs. 0.85 for clickbait
indicate that the model made more correct predictions for the non-clickbait class.
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What is not discussed in the paper is the decrease in testing accuracy of the click-word2vec
model. It could be attributed to the fact that the embeddings were fine-tuned during the
training process and the fact that there were not enough data points. Freezing the embeddings
would be a good alternative to test. Also, a final evaluation on a separate test data set might
have been better than using the average over the 5-fold cross validation. On the other hand,
the data points are quite sparse and very similar, so using a separate test data set may not have
made that much a difference after all.

After randomly viewing some of the 814 samples of clickbait collected by Agrawal, I found
that most of them work in a way that is quite obvious to the reader. It would be interesting to
see how well the system would perform on headlines that introduce clickbait in more subtle
ways, like the ones I collected from the Twitter handle @Erspartdenklick. One example would
be the following tweet:

“Sehr erfolgreich: Tagesschau gewinnt 2014 Zuschauer, Tagesthemen knapp unter
Höchstwert. ARD http://t.co/YoBxMCNlZT”

This was only considered clickbait because the increase of viewers of the Tagesschau was only
due to the football world championship according to @Erspartdenklick. The headline itself,
however, does not read very suspicious.

The advantage of the data set of Naeem et al. over Agrawals data set is the amount of
samples they collected. Since data sparseness can be a problem for training machine learning
tasks, having such a rich collection is good. With their LSTM augmented with their knowledge
of semantic and syntacticle features of clickbait they achieve state of the art results and thus
contribute to the detection of clickbait and fake news. Their results show that using ML
algorithms and word2vec models for training is a successful concept. Their attribute the better
performance in comparison to Agrawals results to the POSAM model and the knowledge derived
from it.
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5 Own Work

As there is to my knowledge no German clickbait corpus so far, I decided to collect one using a
similar approach as Agrawal and Naeem et al., i.e. using a crowd-sourced approach to collect
my samples. After collecting headlines from different sources, all the sub corpora were merged
into one corpus that will be the main contribution of my work. It will be described in mor
detail later. I also contribute a discussion of characteristic parts of speech also comparing them
to the findings of Naeem et al.

5.1 Data Collection

Clickbait headlines were sampled from the twitter handles @BuzzFeedGermany (3250 samples)
and @Erspartdenklick (235) and from the web page heftig.de (557). The number of samples
collected from Buzzfeed were in my case limited by a rate limit of 3250 statuses of a user time
line. Buzzfeed, like its English pendant, almost exclusively contributes with listicles to the
collection and is thus quite one-sided as a data source. None-clickbait headlines were collected
from newspaper articles from taz (a German daily newspaper) available as a corpus on the
CQP-Webserver of our Chair of Computational Computer Linguistics at Friedrich-Alexander-
Universität Erlangen-Nurnberg, that I was kindly granted access to. It consists of editions
from 1986-09-02 to 2011-06-27. I collected 4042 headlines to have an equal amount of
none-clickbait and clickbait headlines which makes a total of 8084 samples for the entire
corpus. @Erspartdenklick is a German version of @SavedYouAClick that not only contains
“classical” clickbait like found on Buzzfeed, but also got headlines from well-none German
online magazines like Spiegel Online or Stern and even a few from trusted news programs like
Tagesschau for example which seem to show characteristics of clickbait in a more subtle way.
They blure the line between clickbait and non-clickbait and might be much harder to classify
for an automated system which makes them interesting for further research and evaluation
of existing classifiers. Though, the data for such kind of headlines seem to be very sparse:
For example, Only 388 tweets could be collected from @Erspartdenklick resulting in 235
usable headlines (excluding retweets of user messages). So, it seems quite difficult to find rich
crowd-sourced data providing all the diversity found in clickbait.

All tweets were collected using tweepy10, a python wrapper for the Twitter-API. Samples
from heftig.de were taken using webscraper11, a free web scraper available as a browser extension.
None-clickbait was sampled from the xml versions of the taz articles by parsing them with
beautifulsoup12, which is an xml/html parser for python. After defining and extracting additional
domain specific meta data all sub corpora were merged into the main corpus. The meta data
were chosen in a way they are useful in further research, hopefully. For headlines collected
from tweets meta information are, for instance, the url of a referred website, the url of media
present in the tweet, number of retweets, the tweed id, etc. For the news headlines I collected
resort, author, word count and the like.

In the following table you will find some examples for each subcategory (data source) in
the corpus (table 8). The following examples from @Erspartdenklick illustrate the variance
of the headlines regarding style and characteristic. They reach from headlines, that do give
actual information but withhold something like a name, to headlines that are clickbait in a
quite obvious way. The author of @Erspardenklick also warns from satire and writes:

“Satire! http://t.co/7oaCpXgYWV RT @focusonline: „Du siehst aus wie Hitlers

10https://github.com/tweepy/tweepy
11https://webscraper.io/
12https://www.crummy.com/software/BeautifulSoup/
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Traum": Brad Pitt muss sich gegen peinliches Interview wehren”

As mentioned in section 2, such news would be considered ‘fake’ by journalists as well because
of its deceiving nature.

Source Headline

@Erspartdenklick
(clickbait)

Auszeichnung 2014: Medizin-Nobelpreis geht an Entdecker des Orientierungssinns

Warum Michelle Obama mit einer Rübe tanzt und das Ganze zum Internethit wird

Du siehst aus wie Hitlers Traum": Brad Pitt muss sich gegen peinliches Interview wehren

@BuzzFeedGermany
(clickbait)

Diese 15 Gemüse- und Obstsorten haben es satt, immer nur gegessen zu werden https://t.co/zIYc5UQPKl

Nur echte Hundemenschen können diese Hunde voneinander unterscheiden https://t.co/9cPIdA8GV7

Welches Powerpuff Girl bist du? https://t.co/6guG3gcXvt https://t.co/YRg3nYw6Ed

heftig.de
(clickbait)

Friseur-Desaster, die nie hätten geschnitten werden sollen

Alufolie, Klopapier, Strohhalm: 10 Alltagsgegenstände, die wir oft falsch verwenden

17 Leute verraten dunkle Berufsgeheimnisse

taz
(none-clickbait)

Extrem hohe Dioxinwerte im Futterfett

Der kalifornische Traum ist aus

"Es ist fast schon eine Ersatzreligion"

Table 8: Examples from the corpus

5.2 Pre-Processing

As mentioned, heftig.de was scraped using webscraper and once getting ones had around the
tool, it is quite straight forward. However, some additional processing was necessary to remove
unwanted white spaces caught during the scraping process or parsing out time stamps indicating
the time passed since the day of the post. Although webscraper offers the possibility to use
regular expressions already during scraping, it was done in post using python.

For clickbait tweets referencing a website, I first decided to concatenate the heading and
subheading of a site with a ‘-’ to form the final headline that would be in the corpus because the
tweet contains a preview that shows both headings and therefore gives the reader additional
information – or not. The idea was to think about the ‘clickbaitness’ by how much information
a user is provided to decide if to click or not. Though, the characteristics are strongest in the
primary heading. For that reason and because a subheading might not be available in other
clickbait sources my collection might be compared with later on, I redecided to take that first
heading only. However, both headings are available in the corpus as additional data in case
they are needed for further research. Another option would have been to just always use the
full text of the tweet itself instead of the primary heading of the referred website, since the text
is clickbait as well. I decided, however, to go with the websites heading and use the text of the
tweet only as a fallback if somehow a website could not be reached or parsed (unless of course
there was no website referred to but maybe just a picture instead). Since every tweets full text
was collected as well, the texts of tweets referring to a website could technically be used for
data augmentation. Although some additional parsing might be necessary in some cases, most
full texts of the more “tame”13data set from BuzzFeed are suitable for boosting the clickbait
class right out of the box.

Since the heading of a taz article can be less than three words long or sometimes even
consist of only one, I decided to combine it with the second title of the article. Every combined

13Meaning they are not very diverse and appear as commonly known, plain clickbait.

– 12 –



EMANUEL KIRSCH SS 2021 HStheo - VTen & SMM

headline longer than five words was taken, which seemed to be a good threshold. By doing so,
I wanted to guarantee that a given headline always holds a sensible amount of information
regarding syntactic and semantic features. However, since the second title tends to be much
longer, the average combined headline was exceptionally larger than its clickbait pendant. So I
decided to just take the first title but only if it had a length of more than 5 words. As it turns out,
roughly only 650 of 4000 articles feature a first title long enough. But since data sparseness
is not a problem in regard to the taz corpus, re-sampling suitable headlines was no problem.
Admittedly, depending on how the taz corpus is filtered we might get a somewhat different
composition of headlines which in turn can have an influence on the observed frequencies of
parts of speech. But since the nature of the taz corpus is quite different from twitter, some
decission had to be made. It might have been better to stay in domain and collect legit news
from twitter as well.

5.3 POS Analysis

For analysing the headlines, they were tokenized using SoMaJo (Proisl and Uhrig 2016), which
is a rule based state-of-the-art tokenizer for German web and social media texts, and tagged
using the ASPtagger from SoMeWeTa (Proisl 2018), a social media and web tagger based on the
Average Structured Perceptron that uses an altered version of the STTS (Stuttgart-Tübingen-
Tag-Set)14. SoMeWeTa provides models for different specific domains (German newspaper,
English newspaper, German web and social media etc.) that can be downloaded15 to be used
with the ASPTagger. I used the model for German web and social media texts. Also, some of
the POS tags were ignored because I considered them biased either by domain (like ‘URL’) or
through the way I sampled the data (like for ‘$.’ indicating punctuation not present in TAZ
headlines) and thus do not show in the figures although they may occur frequently in either class.

Since an examination of POS can quickly get out of hand, I have limited myself to those
that stood out to me. Figure 3 shows relative frequency distribution for each source and figure
4 shows the share of each source per POS to see more clearly which source contributes most to
which parts of speech. The sources are labelled klick (@Erspartdenklick), buzz (@BuzzFeedDE),
heftig (heftig.de) and taz (none-clickbait from the taz corpus). One can see that klick contributed
most to ‘FM’ ("Fremdsprachliches Material"). That is because it is not a genuinely German
source of clickbait but more a German collection of different clickbait sources which also
includes sources in English language. This also means that a certain amount of vocabulary
cannot be used for a comparison of clickbait to none-clickbait in the German language and
shows again the diverse nature of the klick sub corpus. When we look at the distribution of
POS for both classes (clickbait and none-clickbait; figure 5), one can see that proper nouns
(‘NN’) are most common for both classes whereas ‘APPR’, ‘ART’ and ‘NE’ are for none-clickbait.
Very common POS for clickbait are for example commas as punctuation (‘$,’), cardinal numbers
(‘CARD’) and irreflexive personal pronouns (‘PPER’).

14STTS_IBK that introduces 18 additional tags, mainly for phenomena typically found in CMC data.
15https://github.com/tsproisl/SoMeWeTa
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Figure 3: Relative POS frequencies for each source sorted by total frequency

Figure 4: Share of each source per POS
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Figure 5: Relative POS frequencies per class

Figure 6: Share of clickbait and none-clickbait for certain POS

To have a better view on which class contributes most to a certain part of speech, the shares
were calculated and are shown in figure 6, which basically magnifies the findings from figure 5
and helps to put focus on relevant POS. To see which parts of speech are characteristic for one
of the two classes, figure 7 shows some measures of association: chi-squared (1) represents the
general keyness of a POS and the t-scores (2) each represent the keyness in regard of either of
the classes.

χ2 =
∑

i j

�

Oi j − Ei j

�2

Ee j
(1)

t =
O11 − E11
p

O11

(2)
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Figure 7: Association measures for POS with a chi-squared value greater than 200

This gives a good overview which POS are most characteristic and confirms the assumptions
made from figure 5 and 6 regarding specificity of certain POS. It shows that, although not
appearing very often in general, relative pronouns (‘PRELS’) have the highest keyness for
the clickbait class and thus are most characteristic for it. They are mostly found in buzz and
heftig and interestingly only occur in form of the word ‘die’ due to the fact that it is mostly
used in listicles like “19 Fotos, die deinen Glauben in Deutschland wieder herstellen” where
the subordinate part of the sentence naturally refers to more than one and in this case only
leaves the words ‘die’ or ‘welche’ as words to start the relative clause. This example could
be translated to “19 pictures which . . . ” that shows that syntactically PRELS have a similar
function as WH-Pronouns in the English language which Naeem et al. 2020 also found to be
one of the most characteristic parts of speech for clickbait. As opposed to the English language,
where commas (‘$,’) seem to not really occur in headlines in general, the given example also
shows why they become a key part of speech in German clickbait: they syntactically simply
precede PRELS in this case and do not occur in my collected legit news headlines. For the
English language, as presented in chapter 4.2, Naeem et al. found Possessive Pronouns to occur
almost 10 times more often in clickbait than in legit news. However, according to my data,
in German language they only occur about 2.5 times more often in clickbait and seemingly
only as Attributive Possessive Pronouns (‘PPOSAT’) like ‘dein’, ‘sein’, ‘ihren’ and so on. Another
English word type that Naeem et al. found to occur about three times as often in clickbait are
Determiners. Comparing them to German is difficult because different word types fall into this
category and are tagged differently following the German tag set I used (STTS_IBK). According
to the Part-of-Speech Tagging Guidelines for the Penn Treebank Project (Santorini, 1990), for
example, Determiners (‘DT’, PENN) can be: definite or indefinite articles (‘ART’, STTS_IBK)
(1) ; indefinite determiners (‘another’, ‘any’) (2) and words like ‘either’, ‘these’, ‘both’, ‘each’
etc. (3). Indefinite determiners and the other words mentioned can in turn in German be
Attributive Indefinite Pronouns (‘PIAT’, STTS_IBK) or Attributive Demonstrative Pronouns (‘PDAT’,
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STTS_IBK) or sometimes only be expressed using several words. So, as we can see this is a
rather tedious task and diving into such realms might be justified for the sake of a special
linguistic interest in that matter, however, when it comes to ‘just’ solving the task of classification
the advantages of ML once more become clear as they learn different compositions of parts of
speech implicitly as features. Since the results for 4 are filtered by chi-squared value, excluding
all POS with a value lower or equal to 200, ‘PWAT’ (Attributive Interrogative Pronouns), for
example, do not appear in the figure. I found that quite interesting since in English they would
count as Wh-Determiners which occur very frequently in English clickbait according to Naeem
et al. However, they do not occur very frequently in my data set but if they do, they occur with
over 90% in clickbait with the buzz data contributing by far the most. Finally (table 9) presents
an overview of the most characteristic parts of speech for clickbait according to figure 4 with
the examples from the STTS_IBK tag set.

POS Beschreibung Beispiele

NN Appellativa Tisch, Herr, [das] Reisen
APPR Präposition, Zirkumposition links in [der Stadt], ohne [mich]
ART bestimmter oder unbestimmter Artikel der, die, das, ein, eine
NE Eigennamen Hans, Hamburg, HSV
$, Komma ,
VVFIN finites Verb, voll [du] gehst, [wir] kommen [an]
CARD Kardinalzahl zwei [Männer], [im Jahre] 1994
ADJA attributives Adjektiv [das] große [Haus]
PPER irreflexives Personalpronomen ich, er, ihm, mich, dir
ADJD adverbiales oder prädikatives Adjektiv [er fährt] schnell[er ist] schnell
ADV Adverb schon, bald, heute, jetzt
VAFIN finites Verb, aux [du] bist, [wir] werden
$( sonstige Satzzeichen; satzintern [ ] ( )
PRELS substituierendes Relativpronomen [der Hund,] der
VVINF Infinitiv, voll gehen, ankommen
FM Fremdsprachliches Material [Er hat das mit“] A big fish [”übersetzt]

Table 9: Most characteristic POS for clickbait with examples

We see that there are some language specific differences in English and German clickbait.
But looking at some examples we also see that the mechanics are quite the same: Provoking
a user to click by creating suspension and interest when holding back information and using
forward referencing (1) and by using emotional language (2). When looking at listicles, they
function completely identical to the way Naeem et al. describe it for the English language:
They first introduce the topic itself (“19 süße Bilder, die ihr gesehen haben müsst.”) and create
suspension in the second half of the headline (“Nummer 17 wird euch begesitern”). But as
already mentioned: despite the annoyance that such forms of clickbait can pose, they do
not seem to be a real threat in my opinion. I render more subtle forms that are (sometimes
willingly) used to proliferate false information fare more dangerous.
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6 Conclusion

In this work I presented two deep learning approaches that make a contribution to curve
the annoyance of clickbait. Both frameworks achieve state-of-the-art results in detecting
clickbait with Agrawal lacking sufficient training data to achieve better results and Naeem
et al. introducing a combination auf semantical and syntactical insight and LSTM, which
is known to work great for sequential data. I also presented my own collection of German
clickbait and none-clickbait headlines collected from various sources and examined some of
the POS most characteristic for clickbait. It showed that some POS are more characteristic for
the German language and vise versa and that a direct comparison can be somewhat difficult
pointing out once more the advantage of ML learning features automatically. The diversity
of my data set shows the difference in quality of what people consider clickbait. It reaches
from an obvious style as found on Buzzfeed, for example, to more subtle forms also used by
popular none-tabloid political magazines. ‘Classical’ clickbait features as discussed can thus
be rare in a given headline which might also be taken into consideration when working with
the data set. To further enhance measures against fake news So to catch those none-obvious
forms, it might be necessary to look at features that cannot be found in a headline directly.
Facebook, for example, according to Köpsel (2016) uses attributes like the time a user spends
on a site before returning to Facebook or how many visitors to the link than share it in turn, etc.
Unfortunately, such features seem to be available exclusively to the platform itself. But there is
data like spatiotemporal information as mentioned in section 3, that is available publicly and
thus can be used to further enhance measures against fake news - also combination with the
knowledge and detection of clickbait.
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