
Proceedings of Recent Advances in Natural Language Processing, pages 748–758
Varna, Sep 4–6, 2023

https://doi.org/10.26615/978-954-452-092-2_081

748

BanglaBait: Semi-Supervised Adversarial Approach for Clickbait
Detection on Bangla Clickbait Dataset

Md. Motahar Mahtab
BRAC University

Dhaka, Bangladesh
mahtab27672767@gmail.com

Monirul Haque
BRAC University

Dhaka, Bangladesh
monirul.haque.mail@gmail.com

Mehedi Hasan
BRAC University

Dhaka, Bangladesh
mehedi.hasan@g.bracu.ac.bd

Farig Sadeque
BRAC University

Dhaka, Bangladesh
farig.sadeque@bracu.ac.bd

Abstract

Intentionally luring readers to click on a partic-
ular content by exploiting their curiosity de-
fines a title as clickbait. Although several
studies focused on detecting clickbait titles in
English articles, low-resource language like
Bangla has not been given adequate attention.
To tackle clickbait titles in Bangla, we have
constructed the first Bangla clickbait detection
dataset containing 15,056 labeled news articles
and 65,406 unlabelled news articles extracted
from clickbait-dense news sites. Each article
has been labeled by three expert linguists and
includes an article’s title, body, and other meta-
data. By incorporating labeled and unlabelled
data, we finetune a pre-trained Bangla trans-
former model in an adversarial fashion using
Semi-Supervised Generative Adversarial Net-
works (SS-GANs). The proposed model acts
as a good baseline for this dataset, outperform-
ing traditional neural network models (LSTM,
GRU, CNN) and linguistic feature-based mod-
els. We expect that this dataset and the detailed
analysis and comparison of these clickbait de-
tection models will provide a fundamental basis
for future research into detecting clickbait ti-
tles in Bengali articles. We have released the
corresponding code and dataset 1.

1 Introduction

Due to the widespread usage of the internet, the
news industry has progressively evolved into an
online news industry leading to the explosion of
clickbait titles in recent years. As the concept of
clickbait can be hazy to grasp, the classification of

1https://github.com/mdmotaharmahtab/
BanglaBait

clickbait is a highly subjective endeavor. Biyani
et al. (2016) suggests that clickbait titles can be
roughly categorized into eight types. Table 1 dis-
plays this different clickbait categories2 and their
corresponding Bangla articles.

There are an estimated 11.4 million internet
users in Bangladesh3 who receive their daily news
mostly from online news sites. However, no re-
search has been conducted on tackling the increas-
ing number of clickbait titles on these sites and
other news websites. For English articles, Pot-
thast et al. (2018a) built the first large-scale an-
notated clickbait corpus (Webis Clickbait Corpus
2017) containing 338,517 articles. In the Bangla
language, the lack of an annotated clickbait-rich
dataset is hindering the progress of Bangla Click-
bait Detection. We construct the first Bangla
Clickbait Corpus, which contains an article’s ti-
tle, content, and other metadata collected from
various clickbait-rich websites upon which future
researchers can build an effective Bangla click-
bait detection model. The effectiveness of Semi-
Supervised Generative Adversarial networks (SS-
GANs; Salimans et al., 2016) have been shown
for text classification tasks in Croce et al. (2020).
From our experiments, it is evident that fine-tuning
a Bangla ELECTRA model in this setup improves
clickbait detection performance outperforming all
other model types.

The main contributions of this paper can be sum-
marized as follows:

2’wrong’ category in Biyani et al. (2016) was replaced by
’question’ category - reason described in details in section 3.1

3https://www.cia.gov/
the-world-factbook/countries/bangladesh/

https://github.com/mdmotaharmahtab/BanglaBait
https://github.com/mdmotaharmahtab/BanglaBait
https://www.cia.gov/the-world-factbook/countries/bangladesh/
https://www.cia.gov/the-world-factbook/countries/bangladesh/


749

Category Reason Headline example & Translation
Questions Titles pose a query that

compels the reader to
click to get the answer.

হঠাৎ উধাও সালমােনর নািয়কা রম্ভা, কী করেছন িতিন?

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল!

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট বস্তায়
ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

অিবকল মানুেষর মত কের দরদাম কের বাজাের ফল িবিকৰ্
করেছ বানর, তুমুল ভাইরাল িভিডও

পরীমিণকােণ্ড েসই নািসরেক খুঁজেছ পুিলশ

খঁুজেছ পুিলশ

েসই

েতামােক েকানওিদন ক্ষমা করেবা িকনা জািন না: কয্াটিরনা

আিমও চাই, আমার েকােনা আপিত্ত েনই: অপু িবশব্াস

Here I come.

1

(Salman’s actress Rombha mys-
teriously disappeared, what is she up to?).

Inflammatory Titles evoke strong
emotion.

হঠাৎ উধাও সালমােনর নািয়কা রম্ভা, কী করেছন িতিন?

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল!

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট বস্তায়
ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

অিবকল মানুেষর মত কের দরদাম কের বাজাের ফল িবিকৰ্
করেছ বানর, তুমুল ভাইরাল িভিডও

পরীমিণকােণ্ড েসই নািসরেক খুঁজেছ পুিলশ

খঁুজেছ পুিলশ

েসই

েতামােক েকানওিদন ক্ষমা করেবা িকনা জািন না: কয্াটিরনা

আিমও চাই, আমার েকােনা আপিত্ত েনই: অপু িবশব্াস

Here I come.

1

(Lost his cool, kicked, then busted
out the stamps before abusing the umpire!)

Curiosity Gap/Teasing Titles leave the reader
in the dark, which
tempts them to click.

হঠাৎ উধাও সালমােনর নািয়কা রম্ভা, কী করেছন িতিন?

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল!

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট বস্তায়
ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

অিবকল মানুেষর মত কের দরদাম কের বাজাের ফল িবিকৰ্
করেছ বানর, তুমুল ভাইরাল িভিডও

পরীমিণকােণ্ড েসই নািসরেক খুঁজেছ পুিলশ

খঁুজেছ পুিলশ

েসই

েতামােক েকানওিদন ক্ষমা করেবা িকনা জািন না: কয্াটিরনা

আিমও চাই, আমার েকােনা আপিত্ত েনই: অপু িবশব্াস

Here I come.

1

(Explore how to preserve meat
without a refrigerator!)

Ambiguous Imprecise or unclear ti-
tles that pique interest.

হঠাৎ উধাও সালমােনর নািয়কা রম্ভা, কী করেছন িতিন?

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল!

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট বস্তায়
ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

অিবকল মানুেষর মত কের দরদাম কের বাজাের ফল িবিকৰ্
করেছ বানর, তুমুল ভাইরাল িভিডও

পরীমিণকােণ্ড েসই নািসরেক খুঁজেছ পুিলশ

খঁুজেছ পুিলশ

েসই

েতামােক েকানওিদন ক্ষমা করেবা িকনা জািন না: কয্াটিরনা

আিমও চাই, আমার েকােনা আপিত্ত েনই: অপু িবশব্াস

Here I come.

1

(Not even Mir spared Nusrat)

Exaggerate Titles overstating what
is written on the land-
ing page.

হঠাৎ উধাও সালমােনর নািয়কা রম্ভা, কী করেছন িতিন?

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল!

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট বস্তায়
ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

অিবকল মানুেষর মত কের দরদাম কের বাজাের ফল িবিকৰ্
করেছ বানর, তুমুল ভাইরাল িভিডও

পরীমিণকােণ্ড েসই নািসরেক খুঁজেছ পুিলশ

খঁুজেছ পুিলশ

েসই

েতামােক েকানওিদন ক্ষমা করেবা িকনা জািন না: কয্াটিরনা

আিমও চাই, আমার েকােনা আপিত্ত েনই: অপু িবশব্াস

Here I come.

1

! (Three foods when combined with
blackberries, could kill you!)

Graphic Salacious, unsettling,
or implausible subject
matter.

হঠাৎ উধাও সালমােনর নািয়কা রম্ভা, কী করেছন িতিন?

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল!

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট
বস্তায় ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

অিবকল মানুেষর মত কের দরদাম কের বাজাের ফল িবিকৰ্
করেছ বানর, তুমুল ভাইরাল িভিডও

পরীমিণকােণ্ড েসই নািসরেক খুঁজেছ পুিলশ

খঁুজেছ পুিলশ

েসই

েতামােক েকানওিদন ক্ষমা করেবা িকনা জািন না:
কয্াটিরনা

আিমও চাই, আমার েকােনা আপিত্ত েনই: অপু িবশব্াস

Here I come.

1

হঠাৎ উধাও সালমােনর নািয়কা রম্ভা, কী করেছন িতিন?

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল!

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট
বস্তায় ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

অিবকল মানুেষর মত কের দরদাম কের বাজাের ফল িবিকৰ্
করেছ বানর, তুমুল ভাইরাল িভিডও

পরীমিণকােণ্ড েসই নািসরেক খুঁজেছ পুিলশ

খঁুজেছ পুিলশ

েসই

েতামােক েকানওিদন ক্ষমা করেবা িকনা জািন না:
কয্াটিরনা

আিমও চাই, আমার েকােনা আপিত্ত েনই: অপু িবশব্াস

Here I come.

1

(After
he finds her cheating, the mother cuts her son into bits and stuffs him into a
bag before tossing it into the water.)

Formatting Excessive use of punc-
tuation or other sym-
bols.

হঠাৎ উধাও সালমােনর নািয়কা রম্ভা, কী করেছন িতিন?

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল!

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট বস্তায়
ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর
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(Faria ’out’ Porimoni ’in’!)

Bait & Switch Overpromising titles
with under-delivering
content; requires
additional clicks.
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(One body two souls!
One is an English teacher, whereas another is of Mathematics.)

Table 1: Clickbait news titles and their categories.

• We create an annotated dataset of 15,056 ar-
ticles and an unannotated dataset of 65,406
Bangla articles rich with clickbait titles. The
dataset contains the title, body, domain, article
category, publication date, and English trans-
lation of title and content. We plan to release
both of these datasets upon acceptance of the
paper.

• We develop the first Bangla Clickbait Detec-
tion model for Bangla textual data by thor-
oughly experimenting with different statistical
machine learning algorithms, deep neural net-
works using state-of-the-art embeddings, and
Transformer networks (Vaswani et al., 2017)
to discover the best approach for detecting
clickbait. Section 7 analyzes the quantitative
comparisons among all these different mod-
els.

• We train a Bangla Transformer model in
a Semi-Supervised Generative Adversarial
setup and show that it improves upon existing
models trained in a supervised manner.

2 Related Work

The origin of clickbait is rooted in tabloids which
have been in journalism since the 1980’s (Bird,
2008). Generally, clickbait detection features can
be obtained from 3 different origins: clickbait
teaser phrase or post text, the attached article that

the post text wants the user to click, and meta-
data for both (Potthast et al., 2018a). Apart from
the post text, which is used by most to identify
clickbait, the works of Potthast et al. (2016) and
Biyani et al. (2016) also considered the linked ar-
ticle, metadata and used handcrafted features, TF-
IDF similarity between headline and article con-
tent and Gradient Boosted Decision Trees (GBDT).
Potthast et al. (2018a) suggested that clickbait de-
tection should be a regression problem instead of
a binary classification challenge, as the latter pro-
vides a way to measure how much clickbait is in the
teaser message. They initiated the Webis clickbait
challenge 2017, which boosted research activity
in clickbait detection giving rise to highly effec-
tive and flexible deep learning techniques. For
clickbait challenge 2017, Zhou (2017) first used
self-attentive RNN (Elman, 1990) to select the im-
portant words in the title and created a BiGRU
(Cho et al., 2014) network to encode the contextual
information. Thomas (2017), on the other hand,
incorporated article content into an LSTM model
(Hochreiter and Schmidhuber, 1997) for the click-
bait challenge. Rony et al. (2017) used contin-
uous skip-gram model (Mikolov et al., 2013) to
generate the word embedding of clickbait titles.
However, Indurthi et al. (2020) first investigated
the application of transformer regression models
in clickbait detection and achieved the first posi-
tion in the clickbait challenge. Besides, Hossain



750

et al. (2020) created the first Bengali newspaper
dataset for Bengali fake news detection containing
an annotated dataset of ≈ 50K Bangla news. To
the best of our knowledge, the first attempt to de-
tect clickbait in Bangla was made by Munna and
Hossen (2021). They created a dataset on video-
sharing platforms containing Bangla and English
video links and used numerical features to detect
clickbait links. However, no research has been con-
ducted to tackle clickbaits in written news mediums
using the textual features of the article. We present
the first clickbait detection dataset in Bangla and
also provide a comprehensive comparison of vari-
ous models to detect them.

3 First Bangla Dataset for Detecting
Bangla Clickbait News Articles

3.1 Data Collection

We first compile a list of websites that publish
Bangla news articles. Although Potthast et al.
(2018b, 2016) used metrics like the number of
retweets to select the most influential websites,
such metric providing services like Alexa ranking4

is unavailable for most prominent Bangla Websites.
Instead, we first create a preliminary list of Bangla
news article sites from where we choose a website
for scraping if the homepage seems to contain more
clickbait than non-clickbait titles after a cursory
glance by the annotators. We also select some fa-
mous Bengali online news publishers such as Kaler
Kantha5, SomoyTV6, and RTV news7 for scrap-
ing to facilitate future investigation into clickbait
practices in popular Bangla news mediums. Be-
fore scraping, we check whether the publishers we
select have terms and conditions against scraping
or using their content for educational or research
purposes to avoid copyright infringement. Utiliz-
ing the Python Selenium module, we have scraped
data from the first week of February 2019 to the
last week of February 2022.

Although Hossain et al. (2020) published the first
dataset of Bangla Fake news, we find it necessary
to create a separate dataset for clickbait in Bangla
as a news title can be a clickbait without necessarily
being fake news (Dong et al., 2019) 8. To enrich our
dataset size, one thousand titles labeled ’clickbait’

4https://www.alexa.com/
5https://www.kalerkantho.com/
6https://www.somoynews.tv/
7https://www.rtvonline.com/
8More details can be found in section A.3

from Bangla Fake News Dataset (Hossain et al.,
2020) are added to our own dataset after their labels
are revised again by annotators.

3.2 Annotation Process
The dataset is annotated by three annotators with an
MA in Bangla Linguistics. At first, they study the
annotations of popular English clickbait datasets
(Potthast et al., 2018b; Agrawal, 2016; Potthast
et al., 2016). Investigating English titles help the
annotators understand how titles induce curiosity
in practice, which they can then use to annotate
Bangla titles. As questions naturally entice interest,
a new clickbait category named ’question’ is added
to the clickbait categories in Table 1. No publisher
or source of the article is available to the annota-
tors to avoid any induced publisher-based biases as
reported by Potthast et al. (2018a) to be the case
for several clickbait datasets (Rony et al., 2017;
Ganguly, 2016; Agrawal, 2016). A majority vote
among the annotators decides the final annotation.
The annotators reach an inter-annotator agreement
Fleiss kappa (Fleiss et al., 1971) of 0.62, which is
substantial Landis and Koch (1977) and enough for
a good speculative conclusion regarding annotator
agreement (Artstein and Poesio, 2008).

The annotators mark clickbait news as a numeric
value of 1 and non-clickbait news as a numeric
value of 0. Our labeled and unlabelled datasets con-
tain eight categories - Economy, Education, Enter-
tainment, Politics, International, Sports, National,
and Science & Technology of clickbait and non-
clickbait titles. After removing all duplicates from
labeled and unlabeled datasets, our dataset con-
tains 15,056 unique news articles with 9,817 non-
clickbait and 5,239 clickbait articles, and 65,406
unique unlabelled articles. The labeled and unla-
beled datasets do not have any overlapping content
or titles. The test set is further curated by remov-
ing titles that have similar titles in the training set
through Levenshtein distance (Levenshtein, 1965).
Table 2 shows that clickbait titles have a slightly
higher average number of words and punctuation
than non-clickbait titles. The most frequent fifteen
words in clickbait titles are -

এই (this), �য (that), না (no), ভাইরাল (viral), 
িভিডও (video), যা (which), কের (does), িনেয় (with),
িবেয় (marriage), �থেক (from), �সই (that), এক (one),
তুমুল (intense), িক (what), করেত (do)

It contains words like viral, video, and intense
which usually induce readers to click. Each data
instance contains the title and content of the article,
publishing date, domain, news category, translated

https://www.alexa.com/
https://www.kalerkantho.com/
https://www.somoynews.tv/
https://www.rtvonline.com/
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Information Value
Crawling Period Feb 2019 - Feb 2022
Total Clickbait 5239
Total Non-clickbait 9817
Total Unlabelled 65406

Title Analysis Clickbait Non-clickbait

Average number of characters 52.845 49.097
Average number of words 8.983 7.8356
Average word length 4.99 5.4
Average Punctuation 1.003 0.805

Table 2: Summary statistics of our dataset.

Column Value
Domain https://www.rtvonline.com/

Date 2021-05-25
Title মা� ১৩ টাকায় িমলেছ বািড়!

Content �নেত অবাক লাগেলও এটাই সত�। 
মা� ১৩ টাকায় �কনা যােব বািড়। 
ফুটবেলর সুবােদ অেনেকই ��ােয়িশয়ার 
নাম জােনন। �সই �দেশই মা� ১৩ 
টাকায় �কনা যােব বািড়। 
�দশিটর �ল"াড শহর এমন অিব%াস�
অফার িদেয়েছ। খবর িহ(ু)ান টাইমেসর।...

Label 1 (Clickbait)
Translated Title It’s only Rs. 13!
Translated Content That’s the truth, though it sounds surprising.

Only 13 rupees can be bought at home...
Category Science & Technology

Table 3: Sample Data

title, and translated content as shown in Table 3.

4 Human Baseline

Five human annotators who are undergraduate and
regular newspaper readers are given 200 news ar-
ticle titles from the test set to annotate. They
achieve an inter-annotator agreement of Fleiss’
kappa (Fleiss et al., 1971) score of 0.374, which is
fair according to Landis and Koch (1977). Com-
pared to our dataset annotators’ score, this score is
much lower. Our annotation process includes inves-
tigating English titles first to better form a coherent
perception of clickbait titles. By majority voting
among the five annotators, we select the final labels
and achieve an F1 score of 76.82% and an accuracy
of 77.01% on the clickbait class, which serves as
the human baseline for Bangla clickbait detection
shown in Table 4.

5 Approach

5.1 GAN-BanglaBERT

In Generative Adversarial Network (Goodfellow
et al., 2014), a generator G is trained to gener-
ate a data distribution similar to the real data to
’fool’ the discriminator D and D is trained to dif-
ferentiate between the two in an adversarial fash-
ion. Semi-Supervised GANs (SS-GANs; Salimans
et al., 2016) train the discriminator D to predict
the classification labels along with the additional
task of predicting whether the data is real or fake.
This training technique helps the model improve
its inner representations by utilizing the unlabelled
and generated data (Croce et al., 2020). Following
researchers of Croce et al. (2020), we finetune a
BanglaBERT (Bhattacharjee et al., 2021), a state-
of-the-art ELECTRA (Clark et al., 2020) model
pre-trained on 35 GB of Bangla textual data from

the web and call it ’GAN-BanglaBERT’ through-
out the paper. Figure 1 shows the overall architec-
ture of the GAN-BanglaBERT model. Generator
G and discriminator D both are a 2-layered deep
neural network(DNN). A 100-dimensional noise
vector is drawn from a standard normal distribu-
tion N

(
µ = 0, σ2 = 1

)
following the initialization

practice in GANs (Goodfellow et al., 2014). Gen-
erator G produces hfake ∈ Rd vector from this
noise vector where d is the last layer size of the
pre-trained Transformer network. Discriminator D
takes in input the concatenation of both real and
fake data’s representation [hreal;hfake]. Detailed
training loss calculation is provided in Croce et al.
(2020), which remains unchanged in our implemen-
tation. The average of the last hidden layer outputs
of BanglaBERT is the transformer encoding hreal
for a real title.

5.2 Comparison Methods

We compare the GAN-BanglaBERT model to the
following models.

- Statistical Models: For statistical methods, we
employ a Logistic and Random Forest classi-
fier on a combination of various features like
TF-IDF (term frequency–inverse document
frequency) of the word and character n-grams
(n-gram range=3-5), Bangla pre-trained word
embeddings, punctuation frequency, and nor-
malized Pars-of-Speech frequency according
to Hossain et al. (2020).

- Zhou (2017): employ a BiGRU (Cho et al.,
2014) network with a self-attentive network
(Yang et al., 2016) on top of the BiGRU
representations and achieve the first position
at Clickbait Challenge 2017 (Potthast et al.,
2018a) with an F1 score of 0.683.

https://www.rtvonline.com/
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Figure 1: GAN-BanglaBERT architecture. Generator G generates fake data given random noise, and Discriminator
D takes both real and this fake data and outputs four labels: 0 for non-clickbait, 1 for clickbait, 2 for real and 3 for
fake data.

- Agrawal (2016): employ a multi-channel
CNN model with one convolutional layer sim-
ilar to the model demonstrated by Kim (2014).
Pre-trained word embeddings are passed to
multiple filters, and their concatenated repre-
sentation is sent to a Max Pooling layer for
the final representation.

- Lee et al. (2021): We translate all our arti-
cle titles using a Bangla-to-English transla-
tor model Bangla-NMT (Hasan et al., 2020a)
which outperformed Google Translate on
SUPara-benchmark test set (Hasan et al.,
2019). The translated titles are passed into
a state-of-the-art misinformation detection
model UnifiedM2 (Lee et al., 2021) trained on
fake, clickbait, rumor, and news-bias datasets
in English. We investigate if translating the ti-
tles and using a state-of-the-art model trained
in English suffices for clickbait detection or
whether language-specific training is neces-
sary.

6 Experimental Setup

6.1 Pre Processing
Normalizer module by Hasan et al. (2020b) and
Bangla unicode normalizer by (Alam et al., 2021)
are used for Unicode and nukta normalization, re-
moving HTML tags, URL links, etc. High punc-
tuation usage is a common trait of clickbait titles.
We preserve all syntactically correct punctuation
in our titles and remove punctuation that appeared
in the middle of words causing words to break and
create out-of-vocabulary words for models.

6.2 Experimental Settings
For all models, we use the article’s title as input as
the title mainly creates the curiosity gap that is the
principal characteristic of a clickbait title (Potthast

et al., 2016). We use Bangla Fasttext (Bojanowski
et al., 2017) and Bangla Word2Vec embedding pre-
trained on Bangla Wikipedia Dump Dataset with
coverage of 65.16% and 60.91% respectively, on
the total vocabulary size of article titles as embed-
ding inputs. We extract the Parts of Speech (POS)
tags using BNLP toolkit (Sarker, 2021). We derive
a Bangla punctuation list from Alam et al. (2021).
We experiment with both BiGRU and BiLSTM
models for (Zhou, 2017) model and show the better
performing one in section 7. The above models
are trained for 40 epochs with Adam optimizer
(Kingma and Ba, 2017) and learning rate = 2e-5,
which is changed dynamically according to 1cycle
learning rate scheduler (Smith and Topin, 2018).
The GAN-BanglaBERT and BanglaBERT models
are trained for 20 epochs with AdamW optimizer
(Loshchilov and Hutter, 2019), and the learning
rate is slowly increased from zero to 1e-5 within a
warmup period. For GAN-BanglaBERT, the learn-
ing rate for the generator and discriminator model
is kept the same. For all models, we pad or truncate
titles to lengths of 64. The labeled dataset is split
into 70:10:20 fashion for training, validation, and
test splits using stratified sampling. All models
are trained with batch size=64, and the best model
based on the validation result is used to evaluate
the final test set. Each experiment is repeated five
times, and the average result on the held-out test
set is used for the final result of all the models.

7 Results and Analysis

Table 4 illustrates the performance of all mod-
els on our test set. For each type of model,
only the best-performing feature’s result is shown.
GAN-BanglaBERT outperforms all other models
regarding F1 score, precision, metric, and recall.
It achieves a 75.13% F1 score on the clickbait
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Model F1 Score Precision Recall Accuracy
Zhou et al. (2016) (Fasttext) 39.37 39.88 38.87 57.87
Agrawal (2016) (Fasttext) 35.15 40.05 31.32 59.33
Logistic Regression (character 3,4,5 gram) 66.28 75.36 59.15 78.82
Random Forest (character 3 gram) 67.01 61.06 74.25 74.27
Lee et al. (2021) 11.02 39 6.4 63.53
BanglaBERT 71.72 80.42 64.71 82.04
GAN BanglaBERT 75.13 75.45 74.81 82.57
Human Baseline 76.81 77.6 76.04 77.01

Table 4: Performance comparison of GAN-BanglaBERT and all other models on the test set. F1 score, precision,
and recall are for the clickbait class. For Zhou (2017) model, a better performing BiLSTM-attn model result is
shown. GAN-BanglaBERT outperforms all other models and the performance difference is statistically significant
(p < 0.01) according to McNemar’s test (Dietterich, 1998)

class, which is 3.41% greater than the supervised
BanglaBERT model. The performance is close to
the human upper bound of 76.8% F1 score. The
human baseline score shows that separating click-
bait and non-clickbait titles is a difficult task even
for humans, and clickbait may not be perceptible
to all humans (Potthast et al., 2018b).

Figure 2 shows the ROC curve (receiver oper-
ating characteristic curve) for all models where
the GAN-BanglaBERT model achieves the high-
est AUC (area under ROC curve) score of 0.8925,
which is higher than the BanglaBERT. The high
AUC score of GAN-BanglaBERT suggests that it
can distinguish between clickbait and non-clickbait
titles more accurately than other models.

Figure 2: ROC curve for all models where GAN-
BanglaBERT achieves the highest Area Under ROC
Curve (AUC) score.

To investigate whether training in a semi-
supervised approach improves BanglaBERT’s in-
ner representations as stated by (Croce et al., 2020),

we plot the average of the last layer hidden repre-
sentations of GAN-BanglaBERT and BanglaBERT
using a t-SNE projection (van der Maaten and Hin-
ton, 2008) in Figure 3b. GAN-BanglaBERT better
separates the clickbait class from the non-clickbait
than the BanglaBERT model, proving that training
a BERT model in a semi-supervised adversarial
manner can improve the learned representations of
the model and thus improve performance.

For creating the unlabelled dataset, we choose
clickbait-dense websites from the web to ensure
a higher abundance of clickbait titles. To inves-
tigate whether this helps performance, we create
another unlabelled dataset of the same size from
Daily Prothom Alo archive9, which has a substan-
tially lower clickbait ratio. Our model achieves
72.38% F1 score on this second unlabelled set com-
pared to 75.13% F1 score on the original unlabelled
set, proving that a higher clickbait ratio in the unla-
belled set improves performance on the Clickbait
class.

Table 5 shows a prominent clickbait category -
’ambiguous’ where GAN-BanglaBERT performs
better than other models. ’They did not even for-
sake my mother! - Bhabna’ is a quotation that
implies something ostentatious happened with the
mother, although expressed very vaguely.

মাতৰ্ ১ রােত পা ফাটা ও পােয়র েগাড়ািল ফাটা েথেক
মুিক্ত!

এরা ছাড়ল না ২৪ ঘণ্টা আেগ

এই সব্ভােবর েমেয়েদর েপৰ্েম পড়েল জীবন েশষ! ভাইরাল িভিডও আেরা পড়ুন

বুবলীর সন্তােনর বাবা েক? েজেন িনন একু্ষিন! পড়েল মজা পােবন

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল! িজজ্ঞাসাবােদ িক তথয্

আজ িবসু্কট েখেয়েছন েতা? িবস্তািরত েভতের

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও এই ৭ িট

েছেলর হােত প’রকীয়া ধরা পরায় মা েছেলেক েক’েট
বস্তায় ভের পািনেত েফেল েদয়

েবকাররা যােবন েকাথায়

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক
অপরজন গিণেতর

বাবার কথা

এরা আমার মােকও ছাড়ল না: ভাবনা এরা ছাড়ল না

1

মাতৰ্ ১ রােত পা ফাটা ও পােয়র েগাড়ািল ফাটা েথেক
মুিক্ত!

এরা ছাড়ল না ২৪ ঘণ্টা আেগ

এই সব্ভােবর েমেয়েদর েপৰ্েম পড়েল জীবন েশষ! ভাইরাল িভিডও আেরা পড়ুন

বুবলীর সন্তােনর বাবা েক? েজেন িনন একু্ষিন! পড়েল মজা পােবন

সপােট লািথ েমের স্টয্াম্প েভেঙ্গ আম্পায়ারেক গািল! িজজ্ঞাসাবােদ িক তথয্

আজ িবসু্কট েখেয়েছন েতা? িবস্তািরত েভতের

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও এই ৭ িট

েছেলর হােত প’রকীয়া ধরা পরায় মা েছেলেক েক’েট
বস্তায় ভের পািনেত েফেল েদয়

েবকাররা যােবন েকাথায়

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক
অপরজন গিণেতর

বাবার কথা

এরা আমার মােকও ছাড়ল না: ভাবনা এরা ছাড়ল না

1

(not, forsake) words create this ambiguity which
GAN-BanglaBERT correctly gives more attention
to, but BanglaBERT fails to do so. The high AUC
score and better separation in encoding shown in
Figure 3 enables GAN-BanglaBERT to perform
better in these harder-to-detect cases.

Table 4 shows that Lee et al. (2021) model on
translated titles performs very poorly compared to

9https://github.com/zabir-nabil/bangla-news-rnn
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(a) BanglaBERT t-SNE (b) GAN-BanglaBERT t-SNE

Figure 3: Visualization of last layer hidden representations using t-SNE for BanglaBERT (3a) and for GAN-
BanglaBERT (3b). 0 represents Non-Clickbait and 1 represents Clickbait in both figures.
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Translation They did not even forsake my mother

Table 5: Comparison between GAN-BanglaBERT and BanglaBERT on ambiguous type clickbait title prediction.
Each word is highlighted according to the attention weight given by the model.

other models. Machine translation produces more
synthetic text, which diminishes the lexical and
syntactical style and richness of the source lan-
guage (Vanmassenhove et al., 2021). For example,

চাঁেদ জিম িকনার িহিড়ক, েজেন িনন আপিনও িকভােব িকনেবন

েনােবল শািন্ত পুরস্কাের মেনানীত হেলন বাংলােদেশর িপৰ্য়াংক

গুপ্তচর হেয় পািকস্তান যােচ্ছন ইমরান হাশিম

অিবকল মানুেষর মত কের দরদাম কের বাজাের ফল িবিকৰ্
করেছ বানর, তুমুল ভাইরাল িভিডও

পরীমিণকােণ্ড েসই নািসরেক খুঁজেছ পুিলশ

খঁুজেছ পুিলশ

েসই

1

is translated to ’Monkeys selling fruit in the mar-
ket at the expense of the real man, viral video.’ Al-
though this translation is factually correct, it loses
the source language’s exaggerated tone, leading to
misclassification.

Logistic regression and Random Forest model
on character TF-IDF features heavily outperform
neural network models like BiLSTM with attention
network and CNN (Zhou, 2017; Agrawal, 2016).
These models can effectively identify certain key-
words that are very significant in classifying click-
bait titles. For instance, a top character feature re-
turned by logistic regression is বলেলন (told), which
is a common keyword found in many clickbait
titles, e.g., বড় সুখবর িদেয় যা বলেলন দীিঘ (What Dighi
said about the great news). The poor performance
of neural network models can be attributed to
Bangla pre-trained Fasttext and Word2Vec embed-
dings, which are trained on the Bangla Wikipedia
dump and are significantly smaller in size than En-
glish. Training these embeddings on training data
and then initializing the neural models with these
embeddings may improve performance.

All models perform poorly on Bait & Switch

type titles as mentioned in Table 1 where titles
where the main content under-delivers the title’s
statements. As these types of clickbait require read-
ing the content to predict correctly, all models un-
derperform as they are trained on only the article’s
title. Effectively combining content features with
titles to classify these types of clickbait titles is a
future research endeavor for us.

8 Conclusion

We present the first clickbait detection dataset con-
taining 15,056 labeled new articles and 65,406 un-
labelled articles containing article title, content and
metadata to enable researchers to use this dataset
to build state-of-the-art clickbait detection models.
By conducting a comprehensive study on various
architectures, we provide a strong baseline for de-
tecting clickbait in Bangla articles. We show that
training a pre-trained Transformer model in a semi-
supervised approach by incorporating unlabeled
data improves performance and inner representa-
tion. As simple statistical models perform strongly
on clickbait titles, we aim to investigate how these
features can be combined with word embeddings
to pass into neural networks. We also plan to in-
vestigate how features from article content can be
utilized to detect clickbait. We wish to publicly
release the dataset and code to further progress into
Bangla clickbait detection.
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RTV news6 for scraping to facilitate future inves-
tigation into clickbait practices in popular Bangla
news mediums. Table 6 contains the data sources
for our dataset’s labeled and unlabelled portions.

Labelled

Domain
News Count

clickbait non-clickbait
twentyfourbd 1727 1062
topdhaka 1004 920
rtvonline 1003 86
BanFakeNews 623 415
kureghornews 634 375
newzcitizen 633 351
nbtimes24 750 228
citynewszet 503 451
authoritynewz 561 385
thebasenewz 537 268
newzauthority 308 281
newsholder21 361 117
techzoom 369 60
channeldhaka 291 38
kalerkantho 285 37
somoynews 194 38
beanibazarview24 109 52

Unlabelled

Domain News Count

mtnews24 16194
dakpeon24 1567

newsfastcreator 8836
propernewsbd 1830

thecityvpn 14455
usbanglanews 16099

glamourbd 6197
jagonews24 228

Table 6: Data sources of Bangla Clickbait Datset

A.2 Detailed Results
For statistical models, we experimented with Ran-
dom Forest and Logistic Regression networks. We
passed various types of lexical, syntactical, and em-
bedding features to these networks to investigate
which performs best. For neural network mod-
els, we employ architectures from two previous re-
search works Zhou et al., 2016; Agrawal, 2016. For
Transformer networks, we train commonly avail-
able Bangla pre-trained transformer models in both
classic and semi-supervised GAN manner. Table 7
contains the results of these experiments.

Statistical Classifiers
Traditional

Linguistic Features
Logistic

Regression
Random
Forest

Unigram (U) 57.39 56.11
Bigram (B) 29.7 53.34

U+B+T 57.68 55.94
C-3 gram 64.81 67.01
C-4 gram 65.59 62.48
C-5 gram 65.13 58.58

C3+C4+C5 66.28 65.36
All Lexical(L =
U+B+T+C3-C5)

64.29 65.6

Parts of Speech(POS) 33.14 40.37
L+POS 62.23 65.97

Embedding
Word2Vec (E W)

53.11 51.35

Embedding Fasttext
(E F)

50.19 49.4

L+POS+E W 64.2 65.04
L+POS+E F 64.43 65.05

Punctuation (P) 5.88 52.06
L+POS+E W+P 63.34 64.7
L+POS+E N+P 64.34 64.91

All features 64.73 63.26

Transformer Networks Classic SS-
GAN

BERT base multilingual cased 62.37 70.21
Bangla BERT Base 68.13 68.54

Indic-BN-BERT 72.21 73.36
Indic-BN-RoBERTa 67.76 70.52

DistilBERT base multilingual
cased

69.61 70.38

Indic-BN-DistilBERT 71.32 72.35
Bangla-Electra 66.79 67.77

Indic-BN-XLM-RoBERTa 71.82 70.75
CSENLP-BanglaBert 71.72 75.13

CSENLP-BanglaBert Large 71.66 72.07

Neural Networks
CNN (Agrawal, 2016) 35.15

Bi-LSTM (Zhou et al., 2016) 39.37

Table 7: Detailed result of all experiments conducted on
BanglaBait dataset
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A.3 Difference between Clickbait and Fake
news

Although Hossain et al. (2020) published the first
dataset of Bangla Fake news, we don’t focus on the
misinformation, fabricated or fake content within
the articles, or their authenticity to detect clickbait
in this dataset. The following two examples explain
the difference between fake and clickbait titles in
detail-
Example 1: Buying land on the Moon is the current
craze. Explore how you can do that too!
চাঁেদ জিম িকনার িহিড়ক, েজেন িনন আপিনও িকভােব িকনেবন

অস্কাের মেনানয়ন েপেয়েছ ’হাওয়া’

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট বস্তায়
ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

এরা আমার মােকও ছাড়ল না: ভাবনা এরা ছাড়ল না

1

Example 2: ’Hawa’ got nominated for the Oscars
চাঁেদ জিম িকনার িহিড়ক, েজেন িনন আপিনও িকভােব িকনেবন

অস্কাের মেনানয়ন েপেয়েছ ’হাওয়া’

েজেন িনন িফৰ্জ ছাড়াই দীঘর্িদন মাংস সংরক্ষেণর উপায়!

মীরও ছাড় িদেলন না নুসরাতেক

জােমর সেঙ্গ েয িতন খাবার েখেল হেত পাের মৃতুয্ও

েছেলর হােত পরকীয়ায় ধরা পরায় মা েছেলেক েকেট বস্তায়
ভের পািনেত েফেল েদয়

ফািরয়া ‘আউট’ পরীমিন ‘ইন’!

এক শরীের দুই পৰ্াণ! একজন ইংেরিজ িশক্ষক অপরজন
গিণেতর

এরা আমার মােকও ছাড়ল না: ভাবনা এরা ছাড়ল না

1

Example 1 presents an accurate title (verified by
renowned news publishers such as the Kalerkantho
and the Somoynews) in a clickbait-style by using
hyperbolic words like ’craze’ and alluring phrases
like ’Explore how you can do that too.’ It proves
a clickbait article does not have to be fake to be
clickbait. Example 2, on the other hand, is fake
news verified from the official Facebook page of the
movie ’Hawa’, however, the title style is not exactly
luring readers to click, proving that an article can
be fake without being clickbait. In short, clickbait
headlines do not necessarily have to be fake news;
they may contain genuine information but in an
exaggerated fashion (Dong et al., 2019). Biyani
et al. (2016) includes factually wrong articles in
the ’wrong’ category of clickbait articles.


