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Abstract: The textual data is increasing exponentially in the internet through various social network platforms like discussion
Forums, Twitter, Reviews sites, Facebook, Blogs and etc. These platforms changed the method of communication among people.
Most of the people are interested to exchange the genuine information in these platforms. Some of them generate false or fake
information and spread this information in these platforms. The fake or false information is spreading to defame the reputation of
companies, people, services, products, and places. The detection of fake news in people’s communication becomes a popular
research area in recent times. Most of the researchers proposed several approaches to detect the fake news or false information by
analysing the written text. One way of restricting the spreading of information is when every user checks the truth of news content
before spreading news into different social media groups. It is very difficult in this abundant information world to know the
correctness of the information. In this context, identification of fake news spreaders is useful for the community of people to
recognize whether the textual message came from fake source or genuine source. The PAN competition organizers introduced a
task of Fake News Spreaders (FNS) detection in 2020. The task is detecting whether the Twitter author is fake news spreader or
not. The organizers provided Twitter dataset for fake news spreaders detection. In this work, we developed a new approach by
combining the feature representation methodologies of machine learning techniques and concepts of BERT for features extraction.
The documents are represented with the combination of features selected by the feature selection algorithm and the documents
representation by the BERT model. Support Vector Machine (SVM) classifier is used for evaluating the efficiency of the proposed
approach. The SVM classifier with combined vector representation shows best accuracy for fake news spreaders detection.

Index Terms - Fake News, Fake News Spreader, BERT, Term Weight Measure, Feature Selection Algorithm.

. INTRODUCTION

In recent times, the people are more trusted on social media platforms for knowing about latest updates on any type of news. This
becomes an advantage for some group of people to spread false information in the social media websites. The Fake News (FN) or
False News is a type of information created by some people to defame the reputation of people, products and services. In latest
times, the fake news spreading was become a common problem in social media platforms. Recent observations told that the fake
news is spreading more viral and faster than real news [1]. Fake news spreading generally used for influencing the decisions of
people on certain aspects like outcomes of elections [2], management of emergency situations and their responses [3], threatening
of public health [4], and citizens trust on social media platforms [5]. The fake news spreaders detection is one primary problem to
control spreading of fake news. For example, bots are fake accounts that are propagating fake news through follower networks,
which influences stock markets and decisions of elections.

In last decade of time, most of the researchers are concentrated on detection of fake news in different varieties of datasets. The
problems of fake news detection are solved in two different ways such as social context model and news content model [6]. The
social context model detects the fake news in two ways such as propagation based and credibility based techniques. The propagation
based techniques focused on the way fake news is spreading through a social media network. Credibility based techniques
investigates the credibility of person who is created and who is spreading these news. In news content model, fake news detected
in two ways such as style based detection and knowledge based detection. The style based detection techniques focused on the
writing styles of fake news rather than knowledge on content of news. The knowledge based detection techniques focused on the
truth-value of the knowledge content of the news.

The controlling of fake news spreading is very important issue to reduce the damage happening to one’s reputation. The persons
who create and pread fake news are called fake news spreaders. The differentiation of FNSs and Real News Spreaders (RNSs) by
seeing the messages came from the author is one important challenge for researcher’s community and social media groups. The
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dataset of FNSs writings and RNSs writings in the form of text is required to detect whether the new message came from FNS or
RNS. PAN competition organized a competition on FNSs detection task in 2020. They provided a Twitter dataset for FNSs
detection. The training dataset contains 150 author profiles of FNSs and 150 author profiles of RNSs. In this work, we conducted
the experiment on the dataset provided in the PAN competition.

The existing researchers proposed different approaches by using the style based features for distinguishing the author’s writing
styles, content based features like words used in the text, concepts of machine learning techniques like feature selection algorithms,
term weight measures and Deep Learning (DL) techniques like RNN, LSTM, GRU, BERT for FNSs detection. In Machine Learning
(ML) techniques based approaches, the features are identified by using different techniques and these features are used for document
vectors representation. In deep learning techniques based approaches, the documents are converted into vectors automatically by
the models of deep learning. In this work, we are proposing an approach by combining the vector representation of ML techniques
and DL techniques. In this approach, the chi-square measure [7] is used as a Feature Selection Algorithm (FSA) for identifying the
important words in the dataset. The identified features are used for representing the document vectors. The value of a feature is
computed by using Term Weight Measure (TWM) of TFRF [8]. This document vector is combined with the document vector
generated by using the BERT model. The combined document vectors are trained with Support Vector Machine (SVM) classifier.
This classifier predicts the accuracy of fake news spreaders detection.

This paper is structured in 8 sections. Section 2 analyses the existing works done in the field of fake news spreaders detection.
The dataset description is mentioned in section 3. The evaluation measures for representing the performance of proposed approach
is explained in section 4. The proposed approach is discussed in section 5 and this section also discusses about FSA, TWM, ML
algorithm and BERT model that are used in the proposed approach. The experimentation results of proposed approach are discussed
in section 6. The conclusions of this work are explained in section 7 with future directions.

1. EXISTING WORKS ON FAKE NEWS SPREADERS DETECTION

The main complex task in the approaches based on ML techniques is the recognition of appropriate features for discriminating the
style of writing in real news spreaders and fake news spreaders. This feature identification problem is avoided in the approaches
based on deep learning methods like CNN, RNN, LSTM etc., for detecting the fake news spreaders. In the context of text processing,
researchers are popularly used RNN (“Recurrent Neural Networks”) method. LSTM (“Long Short Term Memory”) is a variety of
RNN which is proposed to address the disadvantages of RNN method. Soumayan Bandhu Majumder et al., developed [9] a
framework of deep learning by using LSTM. They experimented with Google’s pre-trained sentence embedding for generating
embedding vectors. These embedding vectors are passed to LSTM as input. Further, the output embedding vector is fed into
attention layer for predicting the fake news spreader. The developed approach achieved 72% accuracy for fake news spreaders
detection.

Alvaro Lopez et al., experimented [10] with various deep learning methods and identified that the CNN shows good performance
for fake news spreaders detection. They proposed a deep learning based method by following two separate ways to solve the task
of FNSs detection. First, train the classifier with a sequence of tweet messages and assigns a class label to anonymous author.
Secondly, train a classifier with single tweet and voting was conducted for an anonymous tweet with all single tweet classifiers for
predicting the class label of author. Based on the kind of encoding used for tweets, three models such as pre-trained multilingual
encoder, pre-trained neural net language model and untrained embedding are combined together. The first model considered a layer
of untrained embedding for encoding the tweets words. The second model used pre-trained embedding by considering the Feed-
Forward NNLM (Neural Net Language Model) [11] with complete tweet encoding for generating 128-dimensional embedding.
Finally, the last model used pre-trained multilingual encoder which was trained CNN with 16 languages.

Many research works experimented with the combination of RNN and CNN methods for FNSs detection. Oleg Bakhteev et al.,
developed [12] a neural network based approach for FNSs detection on dataset of Twitter. They considered this problem as binary
classification and treated FNSs and RNSs as two class labels. RNN and CNN methods are applied in their work for handling the
dataset of tweets. FastText [13] was used for producing the word embeddings of 100 dimensions. They identified from experiment
results that the RNN method performance was slightly higher than the performance of CNN method and also identified that the
combination of RNN and CNN methods slightly increases the prediction accuracy of fake news spreaders detection.

BERT (“Bidirectional Encoder Representations from Transformers”) is a popular and efficient deep learning method based on
transformers for solving problems of NLP (‘“Natural Language Processing”). Arup Baruah et al., developed [14] a model by using
pre-trained large cased BERT for predicting the FNSs. This BERT model was created with 24 layers and 16 attention heads. BERT
models generate contextualized word embeddings that were opposite to word embeddings generated through GloVE and
Word2Vec. BERT model represents the words with 1024 dimensional vectors. The experiment was carried out with the
concatenation of all tweets of individual authors and vectors of these tweets are used for classification. These vectors are generated
by using max pooling technique on vectors of 1024 dimensions that are extracted from sub-strings of concatenated string.

Kaushik Amar Das et al., used [15] ELECTRA models by presenting an ensemble classifier for predicting fake news spreaders.
The main aim of trained ELECTRA (“Efficiently Learning an Encoder that Classifies Token Replacements Accurately”) method
[16] was for retaining all BERT capabilities and for addressing the disadvantages of BERT. All the fine-tuned 15 models in the
developed ensemble were represented on top of ELECTRA model which was pre-trained. In every model, the pre-trained
ELECTRA model generates the embeddings of 256 dimensions. Every model in the ensemble yields a prediction by considering a
different random tweet sample of an individual author. The majority voting technique was used for final prediction, where the final
label for tweet was decided based on the label which was having most frequency. They created two ensembles separately for two
languages that are present in the dataset.

Shih-Hung Wu et al., adopted [17] a BERT pretrained model as tweet classifier for developing a two stage classification method.
In the training phase, BERT pre-trained model acted as a classifier for tweets classification and use this classifier for classifying
every tweet as possible fake news or real news. Later, the proposed classification method identifies fake news spreaders by testing
the proportion of tweets of each author were identified as fake news. The classifier considers the author as FNS when the percentage
of fake tweets was larger than a specified threshold. The proposed method attained 0.71% accuracy for fake news spreaders
detection on the training dataset of English. However, the accuracy was dropped to 0.56% when experiment conducted on test
dataset.
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The Transfer Learning (TL) method used the knowledge that was obtained in learning of one model (source model) in
development of another model (target model). The TL methods are more helpful when the target dataset contains fewer amounts of
training data. In this scenario, the pretrained TL model that was trained on huge amount of source dataset was used for transferring
its knowledge to develop a correct model for target dataset even when the target and source datasets have dissimilar features or
distributions [18, 19]. H. L. Shashirekha et al., developed [20] a Universal Language Fine-Tuning model by using the methods of
transfer learning for predicting the possible FNSs on Twitter. The developed model gathers textual information of wiki for giving
training to the Language Model. This model captures the language’s common features and this knowledge was transferred for
developing a classifier by using a dataset for FNSs detection. The proposed model obtained accuracies of 64% and 62% for FNSs
detection in Spanish and English datasets.

Several researchers developed methods for FNS detection by using the combination of both ML and DL techniques. Most of the
researchers experienced that the ML based approaches return good accuracies for FNSs detection than the accuracies of DL based
approaches. They also noticed that the DL based approaches shows good efficicency when the dataset contains large amount of
data. Xinhuan Duan et al., noticed [21] that the fake news spreaders detection was not possible by using a set of features. Then,
they trained a BERT fine-tuned model for extracting most relevant language specific features that was used to separate two classes
of authors. The BERT pretrained model was considered for determining the word embeddings and these embeddings are fed into a
GRU (“Gated Recurrent Unit”) [22] to predict the probability of the tweet that belongs to FNS. The authors identified from
experiment results that the combination of Hashtags, Emojis, sentiment, and TLSP features obtained best accuracies for fake news
spreaders detection.

Hamed Babaei Giglou et al., developed [23] the representation of LSACoNet by grouping various levels of document
representations with a FCNN (“Fully Connected Neural Network”) classifier. A FCFFNN (“Fully Connected Feed Forward Neural
Network™) [24] contains one input layer, three hidden layers and output layer. The input layer contains 1024 neurons and 3 hidden
layers contain different counts of neurons like 256, 128, and 64 neurons. They conducted experiment with various classifiers such
as Stacking Ensemble, Multi-layer Perceptron, Logistic Regression, Linear SVM, RBF SVM, K Nearest Neighbours, Naive Bayes,
and Ridge classifier and various representations such as LSA (Latent Semantic Analysis), ConceptNet Numberbatch, N-gram, and
TF-IDF. They identified from experimented results that the combination of certain representations are crucial in prediction of
fake/real news spreaders.

Roberto Labadie-Tamayo et al., developed [25] two representations for each tweet in the dataset of FNSs detection. The first
representation used LSTM and CNN for evaluating tweets at word level, while the second representation used the similar
architecture for evaluating tweets at character level without weights sharing. They also conducted experiment with different
representation by considering stylistic traits, which consists of correlations among the grammatical structures like nouns, adjectives,
word lengths, function words, and so on. They defined total number of 177 features for the text representation. The features are
separated into six subsets such as Boolean, character, sentence, paragraph, syntactic and document by using different textual layers.
The LSTM nets with attention mechanism (LSTM-Att) were used to build the overall classification model.

Jacobo Lopez Fernandez et al., experimented [26] with various classifiers such as Multilayer Perceptron, traditional RNN with
LSTM, Gaussian Naive-Bayes, Support Vector Machine, Gradient Boosting, Stochastic Gradient Descent, and K-nearest
Neighbours for FNSs detection. They developed a model for Spanish language based on trigrams and bigrams of words, where the
top 1000 features are identified from the total dataset as vocabulary based on their frequency and also considered the punctuation
symbols. The linear SVM classifier return best accuracies for FNSs detection in Spanish language and the Gradient Boosting
classifier attained good results in English language.

Usman Saeed et al., analysed [27] the impact of DL and machine learning techniques for the FNSs detection. The experiment
performed with various methods such as Bi-LSTM, LSTM with and without attention, Logistic Regression (LR), Decision tree
(DT), SVM, Multi-Layer Perceptron (MLP), and KNN for evaluating the proposed approach. The researchers considered only
English dataset for experimentation. They generated GloVe embeddings [28] of 50 dimensional vectors for deep learning methods
and the input feature vectors are generated for machine learning methods by using CountVectorizer and TF-IDF transformer.

Anu Shrestha et al., developed [29] a machine learning techniques based approach by using various types of features such as
writing style based features specific to Twitter, terms based TFIDF scores, character n-grams (where n range is from 1 to 3),
semantic embeddings generated through BERT, features specific to sentiment in the tweets. They used various classifiers such as
Random Forest, Extra Trees, Logistic Regression, and SVM with linear kernel in their experiment. For Spanish language dataset,
they experimented with Extra Trees as classifier for n-grams, Logistic Regression for sentiment analysis, Random Forest for tweet
embedding, and SVM for style features. For English language dataset, they experimented with SVM for both n-grams and tweet
embeddings, Logistic Regression for sentiment analysis, and Extra Trees as the classifier for style features. N-grams achieved
highest accuracy of 0.72 for FNSs detection on English dataset, followed by BERT embeddings attained an accuracy of 0.69,
sentiment features obtained an accuracy of 0.66 and style based features return an accuracy of 0.64.

I11. DATASET PROPERTIES

In this work, the FN spreaders detection dataset was taken from the 2020 PAN competition sub-task of FNSs detection [30]. The
information about the dataset is presented in Table 1.
Table 1: The information about FNSs detection dataset

Training Dataset Testing Dataset
Language Total
FNSs RNSs FNSs RNSs
Spanish 150 150 100 100 500
English 150 150 100 100 500
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The organizers of competition released Twitter dataset for fake news spreaders detection in two different languages like English
and Spanish. The training dataset in both languages contains 150 FNSs and 150 RNSs tweets and each author contain 100 tweets.
The testing dataset contains 100 FNSs and 100 RNSs tweets and each author contain 100 tweets. The dataset is balanced which
means that both FNSs and RNSs contain equal number of authors. The organizers hides the sensible information like “URL”,
“hashtag”, “rt” (re-tweet), and “user” in the dataset by replacing with standard keywords to make author as anonymous. In this
work, the English dataset is considered for experimentation. Some of the characteristics of English dataset are out of 500 authors
284 authors are not used emojis in tweets, average tweet length is nearly 15 words, the length of longest tweet is 86 words and the
length of shortest tweet is one word, and 343 author’s documents contain all unique tweets out of 500 authors [31]. In this work,
the English language dataset is considered for fake news spreaders detection.

IV. EVALUATION MEASURES
The classification metrics play an important role for evaluating the effectiveness of proposed models. The researchers in the task of
FNS classification used various classification metrics like Recall, Precision, Accuracy and F1-score for evaluating the efficiency of

their proposed approach [32]. To define these metrics, we used confusion matrix. Table 2 displays the confusion matrix.

Table 2: Confusion Matrix

Predicted Class
FNSs RNSs
FNSs TRPO (TRue POsitive) | FANE (FAlse NEgative)
RNSs FAPO (FAlse POsitive) | TRNE (TRue NEgative)

Actual
Class

From Table 2, the parameters used to represent the evaluation metrics are TRPO, TRNE, FAPO and FANE. True Positive (TRPO)
refers to samples count in the dataset that are predicted as FNSs. True Negative (TRNE) refers to samples count in the dataset that
are predicted as RNSs. False Positive (FAPO) refers to samples count in the dataset that are incorrectly predicted as FNSs. False
Negative (FANE) refers to samples count in the dataset that are incorrectly predicted as RNSs.

Accuracy (ACC) is the most intuitive metric and it can be defined as the ratio among the number of samples that are correctly
predicted and the total count of predictions. Equation (1) is used to determine the accuracy of a model M.

ACC(M) = TRPO + TRNE "
TRPO + FAPO + FANE + TRNE

Precision (P) is the count of positive predictions for a class divided by the count of total predictions for that class. Equation (2) is
used for calculating the precision of a model M.

_ TRPO
TRPO + FAPO

P(M) 2

Recall (R) is the count of positive predictions for a class divided by the total count of instances in the positive class. Equation (3)
is used for calculating the recall of a model M.

_ TRPO
TRPO + FANE

R(M) (3)

F-score is a combination of precision and recall where the relative importance of the two metrics can be specified by using B.
Equation (4) is used for determining the F-Score of a model M.

PxR
B (P+R)

F1-score (F1) is widely used in the literature which is essentially the harmonic mean of recall and precision. Equation (5) is used
for calculating the F1-Score of a model M.

Fs(M) =(1+ %) (4)

PxR

(P+R)

In this work, the experiment results are presented by using Accuracy evaluation metric.

Fi(M)=2x (5)

V. PROPOSED APPROACH

In this work, we proposed an approach by combining the techniques of machine learning and deep leaning. The steps followed in
proposed approach are displayed in Figure 1.
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In this proposed approach, the document vectors are created by using ML techniques and DL techniques. Finally, these two
vectors are concatenated to produce the final document vector for training the classification algorithm. In this approach, the first
step is collection of standard dataset for experimentation. We used a standard dataset of fake news spreaders detection provided in
the PAN competition 2020. Once collected the dataset, the next step in machine learning based vector representation is identifying
the suitable preprocessing techniques. In this work, we used lowercase conversion, stopword removal and stemming as
preprocessing techniques. Lowercase conversion converts the all characters in a text into lower case letters. Stopwords are words
like prepositions, punctuations, pronouns etc., which are frequently occurred in the dataset but they are not having any distinguishing
power [33]. We removed the stop-words from reviews dataset. Stemming is used to convert the words into its base form by using
stemming algorithms. Stemming reduces the unique words in a dataset. After applying pre-processing techniques, the data become
ready to process the next step. After cleaning the non-informative words, apply FSA to find the important features based on the
scores of features. We extracted top scored features of 4000 as feature set. The documents are represented as vectors with identified
features and vector value is determined by using the TWM.

p

Training
Dataset

U <

Pre-processing
Techniques

1y <

Extract All Document
Words Vectors

<

Feature Selection
Algorithm

U

Document Vectors

Term Weight :> ) -
with Identified
Measure
Features

< U
U

Combined
Document Vectors

U

Classification |_Predicts , [ Accuracy of Fake
Algorithm News Spreaders
Detection

Figure 1: The proposed Approach for FNSs Detection

BERT Model

In other way of vector representation, the deep learning technique of BERT is used for generating the document vectors by
aggregating the vector representations of words in that document. Finally, concatenate the feature based vector representation and
BERT based vector representation. These concatenated document vectors are forwarded to classification algorithms for generating
the model for classification. This model predicts the accuracy of fake news spreaders detection.

5.1 Feature Selection Algorithm - Chi Square (CHI2) Measure

Chi-Square (y?) is a FS technique for recognizing the significant features by using the concept of relationship among feature and
class [34]. The CHI2 measure assigns values to the terms in between 0 to 1 [35]. The term score value 1 indicates there exist a
strong relevancy among a term and a class and score value 0 denotes the term is totally not relevant to the class. CHI2 of a term T;
specific to class C;j is computed by using Equation (6).

N x(aidi —bi Ci)2

2(1,C) = (ai +bi)><(ai+Ci)><(bi +di)><(Ci +di)

(6)

Where, N denoted documents count in dataset, ajand b; are the documents count in class C;those contain term T; and those doesn’t

contain term T;. cijand d; are the documents count in other than class Cjthose contain term T; and those doesn’t contain term Ti.
5.2 Term Weight Measure — TFRF (“Term Frequency and Relevance Frequency”) Measure

Lan, M. et al., developed [36] TFRF measure for determining the term importance in a document. According to this TFRF measure,

the terms that are occurred in positive class of documents are having more weight than the terms that are appeared in negative class
of documents when the term weight is computed in positive class of document. These terms are more helpful to separate the positive
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class documents from negative class documents. This method was achieved best accuracies in several text classification problems
[37]. This is the reason we used this measure in our experiment. The TFRF value of a term T; in document Dy is computed by using
Equation (7).

TFRF (Ti, Dk)zTFik *log| ————+2 7

MAX (B,1)
In Equation (7), A is count of documents in positive class those contain the term T;, B is documents count in negative class those
contain the term T;, TFix is number of times T; appeared in Dy.

5.3 BERT

Bengio et al., (2003) introduced [38] the concept of word embeddings. Word Embeddings is a technique used for feature
engineering. In word embedding approach, every word is represented as a real-valued, dense vector by considering the distributional
semantics and syntactic information [39]. Word embeddings are used to replace the usage of one-hot encoding representation and
overcome many problems faced by such encoding schema. A relation between words in the dataset is drawn by the learning process
and translated into numbers updated in the distributed representation vector ending up in distribution similar words adjacent to each
other in the continuous space. There are many ways to represent the words as vectors. In this work, we obtain the word vectors by
constructing BERT model.

As opposed to context-free word embeddings such as Word2Vec, GloVe and FastText, BERT uses transformers, an attention
mechanism that learns the contextual relationships between input tokens (which can be word or character sequences). The
transformer model tries to learn using the entire window of input tokens, with no directional input (i.e. reading the left or right most
words first). This results in what is known as a “bi-directional model”. At the time of proposal, BERT is arguably the state-of-the-
art model in almost all-natural language problems. BERT relies on the attention mechanism. BERT is a group of transformers that
help BERT to understand the context of the natural language by looking at both directions. As an example, considering the
sentence, I visited the bank.’ If the sentence is followed by the word ’to deposit funds,” the context of the sentence helps us
understand the term related to a ’financial institution,” given the scope of other words like ’blood bank’ and ’river bank.’

BERT works in two major steps, the first step is commonly known as the “pre-training” step which is a semi-supervised task
where the objective is to predict masked words from input sentences and then predict the next sentence. The second major step is
widely known as “fine tuning”. The fine tuning process of BERT is an example of transfer learning. Depending on the task, the
network will change the input and outputs accordingly (such as sentence classification, question answering, and named entity
recognition). BERT is primarily used on classification tasks, however, feature extraction can also be done to generate word
embeddings to be put in existing models. BERT has been provided with two variants based on the number of transformers they
contain at the time of proposal, one being base BERT with 12x transformers and 110 million parameters, and the other being large
BERT with 24x transformers and 340 million parameters.

The base BERT generate the word embeddings size of 768 dimensional and large BERT generate the word embeddings size of
1024 dimensional. In this work, we used base BERT to generate the word embeddings. The base BERT used 12 transformers and
each word in the document passed through these 12 transformers. Each transformer creates 768-dimensional representation for each
word and transfers to next transformer. In general, the 12" transformer output is considered for final vector representation of word.
But, in this work, we considered the concatenations of different transformer layers outputs as word embeddings for generating the
document vector representation.

5.4 Machine Learning (ML) Algorithms

The ML algorithms are used for evaluating the effectiveness of proposed approaches. In this work, SVM is used as a machine
learning algorithm. Support Vector Machines originally introduced in 1992 [40] and become increasingly popular for supervised
classification tasks and regression tasks also. After representing our data points as vectors in a vector space, the goal is to find a
hyperplane that divides the two classes of data. Specifically, the algorithm finds a maximum margin hyperplane which is meant to
maximize the distance between the hyperplane and the nearest data points of either class. Most real-world data is not linearly
separable. SVM has two mechanisms to deal with this nonlinearity. The first approach allows the algorithm to make mistakes and
misclassify a few examples in the training set. It introduces slack variables to penalize the model for the misclassified examples.
The second approach is what is popularly known as the “kernel trick". They transform the feature space to a higher dimensional
space, and the intuition is that the data would be linearly separable in that higher-dimensional space. This allows the algorithm to
learn better complex decision boundaries. There exist many types of kernel functions such as polynomial, linear and Gaussian radial
basis function (RBF) [41].

V1. EXPERIMENTAL RESULTS

In this work, the experiment performed with the combination of ML techniques and DL techniques for generating the document
vectors. The chi-square FSA is used for identifying the important features. We used top scored features of 4000 for experimentation.
The experiment started with top scored 1000 features and incremented by 1000 in every iteration. The vector value is calculated by
using TFRF measure. In each iteration, these features are combined with the output of BERT model. The small cased BERT is used
in this experimentation. This BERT model has12 layers and each layer output is forwarded to next layer. The experiment conducted
with concatenation of different layers output for generating the document vector. All the words of a document are passed through
all BERT layers and BERT model generates the 768-dimensional word embedding for each word after every layer. The document
vector is generated by aggregating the 768-dimensional vectors of all words in that document. In this work, the first iteration starts
with the BERT outcome of 121" layer with 1000 features identified by feature selection algorithm. Second iteration is executed with
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concatenation of 11" and 121" layers outputs of BERT with 2000 features identified by feature selection algorithm. The third iteration
is implemented with concatenation of 10%, 11" and 12™ layers outputs of BERT with 3000 features identified by feature selection
algorithm. The fourth iteration is implemented with concatenation of 9™, 10™, 11" and 12" layers outputs of BERT with 4000
features identified by FSA. After 4" iteration it was observed that the accuracies of FNSs detection were reduced. The Table 2
displays the accuracies of proposed approach with SVM classifier for FNSs detection.

Table 2: The SVM Accuracies of Proposed Approach for FNSs Detection

Features Vector size Total Accuracy of
Fake News
Through Through Document Spreaders
FSA BERT Vector Size pread
Detection
1000 768 1768 83.56
2000 1536 3536 85.49
3000 2304 5304 86.23
4000 3072 7072 88.67

Form Table 2, the concatenation of top scored 4000 features and outputs of last 4 layers achieved best accuracy of 88.67 for FNSs
detection. We observed that the accuracy of fake news spreaders detection is improved when the number of features is augmented
up to 4000 and concatenation of last four layers output of BERT. It is also observed that the accuracy of fake news spreaders
detection was reduced when the number of features is used more than 4000 in the experiment.

VI1Il. CONCLUSION AND FUTURE SCOPE

Due to the exponential growth in user generated text in social media platforms, the fake information in the form of text also steadily
increased. The fake news is fabricated information which is created and forwarded by people to change the opinion of people and
to improve hate feeling on set of people or products. Identification of persons who spread the fake information is one challenging
task in the research community. In this work, we proposed an approach by combining the methods of ML and DL techniques to
predict the fake news spreaders. The chi-square algorithm was used for identifying the best informative features from the dataset.
The BERT model is used for representing the documents as vectors. The experiment conducted with the concatenation of feature
based document vector and BERT based document vector. The SVM classifier with proposed document vector representation
attained best accuracy of 88.67 for fake news spreaders detection.

In future work, we are planning to develop a new TWM for improving the importance of a feature in document vector
representation and also planning to identify other DL techniques that are suitable for increasing the accuracy of FNSs detection.
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