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Abstract—Clickbait is an article title or a
social media post that attracts readers to follow
a link to the article’s content. It is one of the
major contributors to spread fake news. To
prevent a wide-spread of fake news, it should be
detected as soon as possible. This paper presents
a content-based feature called headline2vec that
is extracted from a concatenation layer of a
convolutional neural network (CNN) on the well-
known word2vec model for high dimensional word
embeddings, to improve an automatic detection
of Thai clickbait headlines. A pioneer dataset for
Thai clickbait headlines is collected using a top-
down strategy. In the experiment, we evaluate
the headline2vec feature for Thai clickbait news
detection using 132,948 Thai headlines where
the CNN features are constructed using a non-
static modelling technique with 50 dimensions of
word2vec embedding with a window size of two,
three, and four with epoch of 5. Using the proposed
features, we compare three classifiers, naive
Bayes, support vector machine, and multilayer
perceptron. The result shows that the headline2vec
with multilayer perceptron achieves up to 93.89%
accuracy and it outperform the sequential features
that utilize n-gram with tf-idf.

Index Teams—Thai Clickbait Detection,
Text Feature, Convolutional Neural Network,
Headline2Vec

I. INTRODUCTION

In the past, research on natural language
processing (NLP) has been focusing on tasks such
as information retrieval, information extraction, and
text summarization [1]-[3]. An emerging of social

networks results in many NLP related tasks such
as opinion mining, sentimental, fraud detection,
etc. While online contents become more popular,
there are many attempts to add advertisements or
useless elements into the contents, particularly news
headline. Towards this issue, one interesting and
impact application is to detect fake news, rumor, and
clickbait, particularly news headlines have gained
attention from researchers in the past 10 years [4].
Fake news is an intentionally and verifiably false
news [5]. Rumor, on the other hand, refers to an
unofficially confirm information that has been spread.
Clickbait refers to article titles or social media posts
are designed to attract readers to click on its hyperlink
and then lead the actual article page [6]. Moreover,
clickbait headlines are the major contributors to
spread fake news [7]. The approaches such as Natural
Language.

Processing (NLP), Data Mining (DM), and
Social Network Analysis (SNA) have been applied
for detecting false information. Two approaches are
used to represent the news: (1) content-based and
(2) context-based features [4]. The first features rely
on the content such as news or headlines. On the
other hand, surrounding information such as users
characteristic, reactions, and network propagation
are included in the context-based features.

Behavior-based analysis is an example of context-
based features that remove clickbait posts from a
social media website. Facebook analyzed a click-to-
share ratio and length of time that the users spent on
the post [8], [9]. Similarly, Twitter detects the clickbait
tweets using the users’ behavior together with a naive
Bayes classifier [10]. A disadvantage of this feature
is that it could only detect the previously known
clickbait headlines. To capture the news headlines,
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machine learning approaches targeting NLP problems
were introduced [11]-[17]. Content-based features
extract from text. In text mining, terms acts as basic
elements for constructing feature space [2]. Besides
simple terms, some higher orders of terms, so-called
n-gram, such as bi30 gram, trigram, etc., can be used.
Together with the definition of terms, some weighting
schemes, such as Term Frequency (TF), and Inverse
Document Frequency (IDF), form the foundation of
the processing. Based on the features constructed, a
number of classifiers can be applied, such as Random
Forest [10], naive Bayes [y], and Support Vector
Machine (SVM) [12], [14], [18] to recognize the
clickbait headlines.

Recently, neural networks based on dense vector
representations have been introduced. Most works
utilize the word embeddings, called word2vec [19]
that allow an input sentence to be transformed into
a matrix and use it as source for any text processing
tasks. Later meaningful or significant features are
implicitly discovered or extracted from this matrix
by means of a Convolutional Neural Network (CNN)
enable multi-level feature extraction and automate
discovery of significant features. The classification of
the input text can be achieved by using deep learning
[20]. In the past, based on this concept, Agrawal [21]
applies CNN to represent English news headlines as
a feature and classify them using deep learning.

As areal-world application, detection of clickbait
from the Thai news headlines is useful and promising.
The clickbait detection from Thai news headlines has
been studied in [22]. Since it is an early-staged study,
there is still much room for further investigation and
performance improvement. In the past, the traditional
approach usually used dictionary-based word
segmentation to tokenize a Thai running text into a
bag of words, the performance varied upon several
factors, such as definition of words in the dictionary
and the segmentation algorithm. This variety of word
definition and algorithm affects the counting of term
frequency and inverse document frequency [23], [24].

As an alternative to the dictionary-based word
segmentation, Sarawoot et al. [22] proposed to apply
word2vec [19] to encode each segmented headline as
a matrix using conditional probability of the target
term and its surrounding terms. In this approach, the
text is encoded in the form of term vectors that are
standardized and preserve the consistency between
distance and similarity. The CNN-based term vectors
are acted as features for representing a text and the
deep learning algorithm is applied to learn the optimal
classification model.

In this work, a feature called Headline2Vec is
retrieved from convolutional neural network (CNN)
architecture, originally proposed by Kim [25]. A
number of experiments are conducted to investigate
the performance of our proposed method, which

aims to optimize the hyper-parameters for clickbait
classification from Thai news headlines. The
experiment compares the classification performance
of Headline2Vec features retrieved from CNN
and the simple sequential feature, i.e. tf-idf. The
experiments are conducted using three classification
schemes: the SVM, naive Bayes, and Multilayer
Perceptron on a collected dataset of preprocessed
Thai clickbait headlines, which is available online.
This paper is organized as follows. Section 2 presents
a number of works related to clickbait classification,
word2vec feature extraction, and convolutional
neural networks. Implementation details of our
CNN architecture and our headline2vec method are
described in Section 3. In Section 4, experimental
settings related to hyperparameter selection are
described and the experimental results on comparison
of our headline2vec with tf-idf (the baseline) is
discussed on four machine learning algorithms;
naive Bayes, decision tree, support vector machine,
and convolutional neural network. Error analysis is
made in Section 5, to identify the issue of our method.
Finally, Section 6 provides the concluding remarks
and future works.

II. RELATED WORK

A. Clickbait Classification from News Headlines

The machine learning approach for a clickbait
detection was firstly introduced by Potthast et al. [10].
The work used the dataset of 2,992 tweets, including
767 clickbait tweets. To obtain an unbiased choice
of publishers, this corpus was created by randomly
selecting Twitters from a several social media
platform by many content publishers; including
Business Insider, the Huffington Post, and BuzzFeed;
BuzzFeed. Each tweet was annotated independently
by three assessors who rated them being clickbait or
not. Judgments were made only based on the tweet’s
plain text and image but not by clicking on links. With
majority vote as ground truth, a total of 767 tweets
(26 %) out of 2,992 tweets are considered as clickbait.
More details can be found from [10].

The clickbait tweets were classified into three
categories: (1) the teaser message, (2) the linked
web page, and (3) the meta information. The
clickbait detection model was constructed based on
215 features of the tweets such as linked web page,
word n-gram, and a sender’s name. The result showed
76% precision and recall using Random Forest, which
outperformed Logistic Regression and naive Bayes.

Later, Chakraborty et al. [12] collected 7,500
non-clickbait headlines from Wiki-news and 7,500
clickbait from the clickbait websites. The Stand
ford Core NLP tools [2] as applied to extract 14
features from the clickbait headlines such as sentence
structure, or patterns, clickbait language, n-gram, etc.
The experimental result shows that SVM achieved
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93% accuracy, which outperformed Decision Tree
and Random Forest.

Instead of using the set of manually selected
features as in [12], [10], Agrawal [21] applied CNN to
automatically discover the features of the dataset. The
814 clickbait and 1574 non-clickbait headlines were
collected from Reddit, Facebook, and Twitter. The
experimental result reported that the CNN model with
word embedding from Word2Vec achieves 90.00%
accuracy at 85.00% precision and 88.00% recall.

B. Feature Extraction

Shu et al. [26] classified the features for fake news
detection into two categories: (1) Content-based and
(2) Context-based. The content-based feature relies
on the information that can be extracted from text.
Text mining techniques such as number of content
words or POS [27], [28]. Such features have also
been applied with machine learning and deep learning
approach for detecting rumors. The context-based
considers the 110 surrounding information such as
user’s information [29].

1) Vectorized Word-based Features: Word2vec

Word embedding is a method that transforms text
into a numerical representation. A common fixed-
length features of text is bag-of-words. The limitation
of bag-of-words is its inherited issue on lacking word
orders and phrase structure. Word2vec is a word
embedding that considers a continuous bag-of-word
(CBOW) and a skip-gram models [29]. Given the
context words surrounding by a target word across a
window of size ¢, CBOW computes the conditional
probability of a target word. On the other hand, the
skip-gram model predicts the surrounding context
words of the given target word.

In this way, the words with similar meanings
tend to occur in similar context. Thus, these vectors
capture the characteristics of the surroundings of the
term. The advantage of this transformation is that
the similarity between words can be captured [30]
and computed using measurement such as cosine
similarity. In our preliminary study in [22], a publicly
available library called Gensim [31] was applied to
compute a Word2Vec of the Thai headlines. Examples
of the words in the same context are shown in
Table I. The meaning of the words is similar.

A limitation of utilizing Word2 Vec for a sentence
or headlines classification in widely used classifier is
its variable number of dimensions. To cope with this
issue, the word embedding must be transformed in
such a way that a headline is represented as a vector.
The simplest method is to concatenate the word
embedding of each word in the sentence [32].

2) Data Collection Strategies

To collect the dataset, two strategies are
considered: (1) top-down and (2) bottom-up [33].
The first strategy requires a set of keywords and
tag of the rumor or fake news for collection. The
second strategy requires to manually evaluate by a
human. The major drawback for this method is the
requirement of the human resource. On the other
hand, the fake news or rumor can be found when
they were spread to collect using top-down approach.

Due to the small number of data such as rumors,
fake news, or clickbait, there are not many datasets
available for fake news, rumors, and clickbait
headlines [4]. Moreover, the dataset of clickbait
headlines in Thai language was initially be collected
in our companion paper [22].

3) Convolution Neural Network

The convolutional neural network (CNN) has
been utilized in computer vision application [34],
[35].

It allows many filters to be used and automatically
select the features that are able to represent the salient
points in an image. In addition, the features can be
refined using the feedback from the classification
layer.

Recently, CNN has been applied to problems in
Natural Language Processing (NLP) [25], [36], [37].
CNN enables us to extract salient n-gram features
from the input sentence [25] to create an informative
latent semantic representation for downstream tasks.

Given a word embedding of a sentence, a few
convolutional filters, also called kernels, of different
window sizes slide over the entire word embedding
matrix to extract a specific pattern of n-gram.
A convolution layer maps the feature into a vector
by selecting the maximum weight of each window.
The outcome is a fixed-length feature vector that
keeps the salient n-gram of the whole sentence.
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TABLE I

AN EXAMPLE OF WORDS IN THE SAME CONTEXT.

Word

Top 5 similar words

mdei¥o (incredible)
Fon (shock)

Tﬂljlﬁ?ﬂ'ﬂa (social)

w5 (share)

e (magnificently)

e (surprise), wir9338  (wonderful), 1ndd (awful), uan (strange), d@=wie (horrible)
Fon (shock), vuragn (thrilling), w3z (flinch), aeu (haunt), anly (shock)

TwFwoa (social), Wi (comment), i (loudly), nouuiu (comment), lsiGoa (social)
atlyFea (share to social), las (like), ‘T;mm (admire), 70U (in a cloud), na (push)
usn(good), Fa (chic), $1u (prominent), 015@ (art), 8a3 (magnificent)

TABLE II

AN EXAMPLE OF THE NEWS HEADLINE IN THE PREPROCESSING STEP

Collected headline

Output of text cleaner

Preprocessed Headline

padudomemaion wds-weuan-lny
Tnd w5

http://tnn24.tv/2gMf

3n8 #TNN24 #159416

(@tnnthailand

Original Headline

India Ambassador says; the India-
Myanmar-Thailand road connectivity is
almost

done.

Translation

YD UIRLINENE B
PO .
dudoidionnlnglng

a A El a A A
nalouaglinenalyoul dudelfisuanilngl
ndl
15l

Non-Clickbait
% 5000 - o
c Clickbait
B
4000 -
e
=
[S)
% 3000 -
0
IS
2 2000 -
[)
<
1000 |
0 -
0 10 20 30 40 50 60

The number of wordsper sentence

Fig. 1. A comparison of the number of words per sentence of clickbait and non-clickbait headlines.

II1. THAI CLICKBAIT HEADLINES CORPUS

A Thai headline news corpus for a natural
language processing task has initially been gather
in [22]. The headline news is gathered using
top-down strategy. An online content crawler is used
for retrieving headlines from known clickbait website.
Then, text preprocessing is applied to remove any
unwanted data from the collected headlines.

The sources of clickbait and non-clickbait
headlines are identified by human. For the clickbait
websites, the sources are selected from “Jobkaow”
Facebook page, which shows the summary of the
clickbait news. The sources of the news in this page

are considered as a clickbait website. On the other
hand, the non-clickbait websites are selected from the
Twitter account of the news agency in Thailand. Both
clickbait and non-clickbait headlines are collected
using an online content crawler.

The collected headlines as shown in the first
column of Table II contains unwanted information
such as a hyperlink, hashtag, and the source of the
tweet. A regular expression called a text cleaner
is used during the preprocessing to remove that
unwanted information. The outcome of the text
cleaner of the headline of the collected headline is
shown in the second column of Table II.
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To allow the text to be processed, each headline is
segmented into a list of words using a software called
LextoPlus [38], which is a segmentation for Thai text.
An example of the segmented list of words is shown
in third column of Table II. The total number of the
collected headlines is 132,938, in which 11.96%
of words are in out of vocabulary set (OOV). The
number of clickbait and non-clickbait headlines are
60,393 and 72,545, respectively. The comparison of
the number of words of the collected clickbait and
non-clickbait headlines are shown in Fig. 1.

I'V. CNN-BASED FEATURES FOR CLICKBAIT
DETECTION

This section describes how to implement clickbait
detection from news headlines, by extending the
headline2vec concept proposed in our previous
work [22]. Two issues; (1) feature extraction and (2)
hyperparameter tuning in CNN are described.
A. Feature Extraction

To allow a computer to understand the text, the
list of the segmented words of the headlines are
transformed into a numerical representation, which
is called a word embedding. In this work, two features
are investigated to represent each segmented headline:
1) a simple sequential feature called tf-idf and 2) CNN
feature extracted from Word2vec embedding.
1) Headline to Vector

To extract the patterns of the training set, each
headline is presented in a form of a vector. Unlike
a numerical data type, a word can be converted to
a vector called a word embedding. A model called
Word2Vec [19] allows a word to be represented as
a vector in such a way that the relationship among
words that frequently occurred in the same context
is maintained. It is possible to transform a word into
a vector and then use such vector for classification,

d a\‘

you
wont

believe
this

simple m
trick

padding

Word embedding of
headline h

ilter
Window size, n = {2,3}
Filter, k = 2

-

I
E—

Feature Map

such as naive Bayes, support vector machine, and
multi-layer perceptron classifiers. Therefore, the word
embedding must be transformed in such a way that a
headline is represented as a vector.

Let & € H be a headline in the form of bag of
words in the headline corpus A and m be the length
of the longest headline in H. Let W= {w,w,,.. .,le‘}
be the entire vocabulary of words in the headline
corpus H. A segmented headline /4 is embedded on
a Word2Vec model of size m X d, where d is the
word vector dimension. It is transformed into a
feature vector using a Convolutional Neural Network
(CNN) [25]. Two main parts are feature extraction
and classification. In this work, a Word2Vec of the
segmented headline is transformed into a vector
feature at the concatenation layer of CNN architecture.
See Fig. 2 for illustration. The detail of the feature
extraction is described below. A word embedding
of a headline /% is given in the first layer as shown
in Fig. 2. For each headline, let w;, € W represent
the word embedding of the i" word in the headline,
where d is the dimension of the word embedding.
The headline % is represented as an embedding
matrix W € med, where m is the number of words
of the longest headline in the corpus. Then, the word
embedding is filtered using different window size
and filter. It works correspondingly with n-gram. Let
W, be the concatenation of vectors w,w;, ;. . . w;.
Convolution is performed on this input embedding
layer by applying a filter k € W'to a window of size
n to produce a feature vector of each window size.
Then, a feature c; is generated using the window of
words w,,;,,, , in h of a filter as follow:

¢, = f(wiitn—1.k"+ b)

where, b is the bias term and f'is a non-linear

activation function, such as the hyperbolic tangent.

Clickbait
e
Not Clickbait

Classifier

Concatenate
Fixed-length feature
called headline2vec

Max Weight
Largest weight
¢ of C;

Feature map c; of each window and filter

Fig. 1. The headline feature extraction using Convolutional Neural Network (CNN) architecture for clickbait Detection.
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The filter k is applied to all possible windows
using the same weights to create the feature map as
shown in Fig. 2. It can be defined as followed:

€= [€1ComCy )]

The convoluted word vector is passed to a
maximum-pooling layer to adjust an appropriate
weight for representing a vector of each word. A
limitation of the feature map is the dimension of ¢ is
depended on the length of the headline and the filter £.
To cope with the problem, the input is subsampled by
applying a max operation on each filter in such a way
that ¢” = max {c}. In this way, the output is mapped to
a fixed dimension while keeping the salient n-gram
features of the whole headline.

The concatenation of the weight ¢” of the word
features of the headline % using n windows and &
filters results in a vector of size n x k. This vector is
a Headline2Vec of an input headline 4. It is used for
classifying into ‘clickbait’ or ‘not clickbait’ using the
SoftMax function.

The Headline2 Vec is a feature vector of a headline
h, whose size is n x k, where n is a window size and
k is a filter. See, concatenation layer in Fig. 2. In
this way, the machine learning techniques such as
naive Bayes, Support Vector Machine (SVM), and
Multilayer Perceptron can utilize the feature vector
for a headline classification task.

2) TF-IDF

Term frequency (tf) is the frequency of a word
occurs in the document. If a certain word occurs
frequently, the term has the great effect on the
document. Given a segmented headline # where &
€ H of the headline corpus, let f,; | be the raw count
of the word w; in the headline %, where it is equal 1
if the word w; occurs in / and 0 otherwise. The term
frequency is defined as the ratio of f; to the size
of the words in 4. Inverse document frequency (idf)
measures how often a word occurs in the documents.
Let idf (w,,H) be an inverse document frequency of
the word w; of the corpus H. It can be defined as idf
(WiH) =108 ept."i ew y - In this way, tf-idf of the
word w; in a headline / of the corpus H can be defined
as thdf (w;,h,H) = fw,; % idfw, ;. The tf-idf feature of
h is a vector thdf (w,,n,H) of size |W|.

A limitation of representing each headline using
tf-idf feature is the exclusion of the relationship
among the surrounding words, which results in
the different vector representation of the wrong
segmentation words.

B. Hyperparameters for CNN

To achieve a good classification result, the four
hyperparameters: (1) numbers of epoch, (2) word
vector dimension, (3) window size (n-gram), and
(4) modelling technique are studied.

The epoch is the numbers of times that the
entire dataset is passed through a neural network for

updating the weights. On the other hand, the small
number of epoch may make model underfit and
overfit. The word vector dimension is the vector size d
that represents each word in a dictionary of millions
of words into a small dense vector. It relates to the
efficiency of the features because the high number
of the dimension could lead to a sparseness and
results in the loss of its semantic. The window size
for surrounding words is considered as an n-gram.
There are three model variations of CNN, i.e., static,
non-static, and random. The static is the model that
uses the weight in the first layer, i.e. Word2Vec, to
represent all word in dataset and kept its static. On
the other hand, the non-static technique initially uses
the weight from the Word2Vec. Then, it is adjusted
during training of the model. The random variation
initially assigns a random weight to every word and
modified during model training.

V. EXPERIMENT

The preprocessed and segmented [38] headlines
from Sarawoot et al. [22] are used in the experiment.
The data set contains 132,938 headlines. The total
number of the headlines in the training and the testing
sets are 106,350 and 26,588, respectively. See Table 111
for the detail.

Two features are extracted from the dataset:
(1) Headline2Vec and (2) tf-idf. The features are
separated into training and testing set, where the
number of each set can be found in Table III. The
experiments of the classification performance of each
feature are conducted using the separated training and
testing set. The detail of each step is explained in the
following subsections.

Two experiments were conducted in this work. The
first one is to find the value of the hyperparameters
that enable the CNN to achieve the best performance.
The hyperparameters are (1) numbers of epoch, (2)
word vector dimension, (3) window size (n- gram),
and (4) modelling technique. The second experiment
compares the performance of the feature vectors, i.e.,
Word2Vec which are extracted from CNN, and
tf-idf. The classification methods being used are
naive Bayes (NB), support vector machine (SVM),
multilayer perceptron (MLP), and deep learning.
The machine learning libraries of Python are used for
NB, SVM and MLP. The CNN feature extraction and
classification implementation of Kim [25] is applied.

The performance of the classification is evaluated
using four measures precision, recall, F1-score, and
accuracy. Precision is the percentage of the correctly
predicted headlines for a clickbait by the size of the
test set. Recall is the percentage of correctly predicted
headlines for a clickbait divided by the total number
of clickbait headlines over the test set. F-measure is
the weight of precision and recall. Lastly, accuracy
is the percentage of the retrieved headlines that are
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correctly in the same class as the query by the number
of headlines in test set.

Hyperparameters Tuning of CNN

To study the effects of the hyperparameters of
CNN, a number of experiments were conducted. Four
hyperparameters: (1) Modelling technique (2) n-gram
(3) Epoch, and (4) Dimension of Word2 Vec are being
focused.

For the modeling technique, we applied static,
non-static, and random weight adjustment techniques.
The experimental result in Table IV shows that the
non-static modeling technique achieves the highest
accuracy of 95.28%.

To find an appropriate window size for the word
embedding, the numbers of n-gram are {2,3,4,5,6,7}
are applied. The experimental result can be found in
Table V. The result shows that the most appropriate
window size is n = {2,3,4}, which gives 95.284%
accuracy. Combining the three modelling techniques
and the different window size, the result can be
found in Fig. 3. The graph shows that the non-static

modeling technique 305 with the window size
n=1{2,3,4,5,6} gives the highest accuracy of 94.37%.

The number of epochs equals to {1,5,10} are used
in the experiment. The result in Fig. 4 shows that 5
passes gives the highest accuracy of 95.28%. The
comparison of the accuracy of the combination of the
three modeling techniques and the different number
of epoch can be found in Fig. 4. From the figure, the
non-static model 310 and epoch equals to 4 achieves
the highest accuracy of 94.82%.

Lastly, the dimensions of Word2Vec are set
as {25,50,100}. The comparison of the result in
Table VI shows that using 25 dimensions gives
the highest accuracy of 95.28%. Applying the
non-static modeling technique using 50 dimension
gives the highest accuracy of 93.36%. Combining
the parameters that individually achieves the best
result, i.e. n-gram equals {2,3,4}, 50 dimensions of
word2vec, epoch equals to 5, and non-static model,
it achieves 94.373%. The comparison to the other
models can be found in Table VII.

TABLE III
THE NUMBER OF COLLECTED HEADLINES.
Headlines Training Set Testing Set
Clickbait 60,393 48,314 12,079
Non-Clickbait 72,545 58,036 14,509
Total 132,938 106,350 26,588
TABLE IV
RESULT OF APPLYING THE THREE DIFFERENT MODELING TECHNIQUE
Setting Precision Recall F1 Accuracy
Static 95.11% 94.76% 94.93% 94.46%
Non-Static 95.15% 95.34% 95.24% 95.28%
Random 93.28% 92.74% 93.01% 92.80%
TABLE V
RESULT OF APPLYING THE THREE DIFFERENT MODELING TECHNIQUE
n-gram Precision Recall F1 Accuracy
2 94.85% 94.79% 94.82% 94.86%
2,3 95.06% 95.16% 95.11% 95.15%
2,3,4 95.15% 95.34% 95.24% 95.28%
2,3,4,5 94.58% 95.08% 94.83% 94.84%
2,3,5 95.25% 95.22% 95.23% 95.27%
2,3,5,7 94.27% 94.98% 94.62% 94.61%
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Modelling Technique of CNN

9 94.37
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go a{‘m , ‘ 91.27 2 S
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3 N 96 > 5055 -
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973 e O
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’
4
87.83
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®1) @2 @3 @49 @5 (@Le 17 22 (23 (@24 (@25 26 @7 63

Window Size (n)

=4 -CNN-rand —+- CNN-static ~&-CNN-non-static

Fig. 3. Experiment result of the three modelling techniques using the different number of window size.

TABLE VI
RESULT OF THE DIFFERENT WORD2VEC DIMENSION.
Dimension Precision Recall F1 Accuracy
25 95.45% 95.09% 95.27% 94.90%
50 95.15% 95.34% 95.24% 95.28%
100 95.00% 95.13% 94.07% 95.11%

Modelling Technique using Different Number of Epoch

94.83

1 2 3 4 5 6 7 8 9 10
Number of Epoch

~a-CNN-rand ~+- CNN-static ~8-CNN-non-static

Fig. 4: Experiment result of the three modeling techniques using the different number of epoch.
TABLE VII

RESULT WHEN APPLYING THE DIFFERENT MODELLING TECHNIQUES ON N-GrRAM EqQuaLs {2, 3, 4, 5, 6}, 50
DIMENSIONS OF WORD2VEC, AND 5 EPOCH.

27

Modelling Technique Precision Recall F1 Accuracy
Non-static 93.526% 94.055% 93.79% 94.37%
Static 87.532% 93.591% 90.46% 91.61%
Random 94.644% 89.466% 91.982% 92.50%
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1) TF-IDF Features

The classification results of tf-idf feature are
reported in Table VIII. The accuracy of NB, SVM,
and MLP are 89.69%, 92.05%, 90.88%, respectively.
Comparing to the accuracy of the most appropriate
hyperparameter setting of CNN, it achieves higher
accuracy of 94.37%. Fig. 5 shows the comparison to
the CNN and tf-idf features using different window
sizes. The CNN feature achieves the highest accuracy
for every window size.

2) Headline to Vector

The Headline2Vec of every headline is extracted
using the hyperparameters of the highest accuracy as
reported in Table VII. The headlines are embedded
on a 50 dimension of word2vec. The non-static
modelling technique with n-gram of {2,3,4,5,6} and
5 epoch of CNN framework is used to extract the
headline2vec feature.

The comparison of the classifiers can be found
in Table IX. Among the classifiers, Multilayer
Perceptron achieves the highest result of 93.89%
which outperform SVM and naive Bayes. Comparing
the result using tf-idf feature in Table VIII, the
Headline2Vec achieves higher accuracy for every
classifier. However, the accuracy of Multilayer
Perceptron classifier using Headline 2Vec in Table
9 is still lower than the classification of the CNN
architecture, which achieves 94.37%.

3) Sentiment Dataset

The proposed framework for extracting
headline2vec is applied with a dataset for a sentiment
analysis from the comment of the restaurants in
Thailand. The dataset can be found on the web site.
The experimental result is shown in Table X. The
classification using MLP achieve 98.49%, which is
lower than SVM.

4) BERT Feature Extraction

Bidirectional Encoder Representations from
Transformers (BERT) is a new language representation
model [39]. In this experiment, BERT is applied for
extracting features from the headlines. The same
classifier as shown in Fig. 2 is used to predict the
result. In this work, an implementation from [40]
was utilized. The experimental result shows 58.34%
accuracy.

VI. ANALYSIS

The experimental results in Table VIII and Table [X
show that the Headline2Vec feature extracted from
CNN achieves a higher accuracy than tf-idf for every
classifier. The reason is that the Word2 Vec can capture
the similarity between words and CNN preserves
n-gram feature of the whole headline. With the
characteristic of Word2Vec and CNN, it allows the
proposed Headline2 Vec to classify the text even if the
keywords are not existed in the headline. Comparing
to the classification result using the Headline2Vec
feature and CNN architecture [25], the Headline2 Vec
using Multilayer Perceptron achieves lower accuracy.
However, the different is 0.48%. One reason is
because the CNN architecture allows the weight to be
adjusted to achieve the best accuracy of the headline
classification in the last layer.

We also applied BERT [39] model to extract
feature from the headline. The result shows that
BERT achieves lower accuracy than the proposed
method. The reason is the segmentation outcome of
BERT is finer than the word level. Since the length
of the headline is not long as compared to the text in
the paragraph, the extracted feature becomes sparse.
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TABLE VIII
RECALL, PRECISION, F1 SCORE, AND ACCURACY USING TF-IDF FEATURE ON THAI CLICKBAIT DATASET.
Classifier Precision Recall F1 Accuracy
Naive Bayes 86.78% 91.21% 88.94% 89.69%
Support Vector Machine 89.37% 93.63% 91.45% 92.05%
Multilayer Perceptron 87.76% 92.88% 90.25% 90.88%
TABLE IX
REcALL, PRECISION, F1, AND AccURACY USING HEADLINE2VEC THAI CLICKBAIT DATASET.
Classifier Precision Recall F1 Accuracy
Naive Bayes 98.77% 71.81% 86.14% 86.78%
Support Vector Machine 92.70% 93.47% 93.64% 93.69%
Multilayer Perceptron 94.32% 92.11% 93.83% 93.89%
TABLE X
RESULT OF THE SENTIMENT ANALYSIS DATASET.
Classifier Precision Recall F1 Accuracy
Naive Bayes 49.03% 100.00% 51.27% 55.60%
Support Vector Machine 100.00% 99.37% 99.72% 99.73%
Multilayer Perceptron 97.34% 99.16% 98.46% 98.49%
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VII. CONCLUSION

A comparison of the traditional sequential feature
and Headline2 Vec extracted from the two-dimensional
word embedding for Thai clickbait classification
using CNN is presented. The two-dimensional word
embedding allows a widely used automatic feature
extraction architecture called CNN to be used as an
input. However, it cannot be used with the machine
learning techniques such as SVM, naive Bayes, and
Multilayer Perceptron. In this way, a feature vector
called Headline2Vec is retrieved from the last layer
of the feature extraction of the CNN architecture. The
Headline2 Vec allows a learning techniques to utilize
a high dimension Word2Vec embedding, which is a
word embedding that includes the relationship among
the surrounding words.

A number of experiments were conducted to find
the most suitable hypermeters settings for the CNN
configuration. Moreover, the experiments of applying
the Headline2Vec feature and the traditional tf-idf
feature are conducted with SVM, naive Bayes, and
Multilayer Perceptron. Comparing to the traditional
feature, the Headline2Vec achieves higher accuracy
for every classifier. It can be concluded that
relationship among words of Word2Vec improve the
accuracy for classifying the clickbait headline for
Thai.
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