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Abstract

Purpose: Convolutional neural networks, as one of the most important models of deep
learning, have gained high accuracy on these issues. In this study, discussion and text analysis at
the sentence level and improving the performance of neural networks to detect fake news has
been convolution. The network of words for bags of words in the data model so that each word
according to the two-dimensional vector space to become matrices. One of the limitations of
convolutional networks is that it works at the word level and cannot consider the relationship
and distance between sentences. And sentence-level analysis is a major problem in this research.
Sentence level analysis is a major problem in this research.

1. This present study is taken from: PhD. Thesis, Information Technology Management, business
Intelligence Orientation, Student: Vahid Mottaghi, Improving deep learning approaches to the
problem of detecting fake news A Case Study of Persian News in The Field of COVID-19.
Supervisor: Mahdi Esmaeili, Ghasem Ali Bazaee, Advisor: Mohammad Ali Afshar Kazemi,
Islamic Azad University, Qeshm Branch.

Received: 2021/06/05 ; Accepted: 2021/08/07

Mottaghi, Vahid; Esmaeili, Mahdi; Bazaee, Ghasem Ali & Afshar Kazemi, Mohammad Ali (2021).

Providing a Three-Dimensional Tensor Approach For Classifying and Detecting Fake News - A Case

Study of Persian News in The Field of COVID-19. Sciences and Techniques of Information Management,
7(4). DOI: 10.22091/stim.2021.7014.1592

© the authors / Publisher: University of Qom




\f'“Ol:..ujcfg@c‘/w\,:c@b)\b‘q#.haﬂ}r}b

Yyy

Jr-oe'wobwns//:dny/

In this research, a basic model based on convolutional networks is proposed in which
documents are given to the network in the form of 3D tensors to solve the mentioned problem.
Considering 3D tensors allows the model to learn the position of words in a sentence and
achieve more accurate results in detecting fake news.

Methodology: This study is applied research in which about 42,000 Persian news from
different cities of Iran were collected from Twitter and using preprocessing, additional and
useless data is deleted and after tagging the deleted texts, the news text is used for the proposed
approach using Python software and related libraries.

Findings: During testing, some machine learning algorithms had more power in
classification problems, but with the changes in the structure of the convolutional network
algorithm, better results were obtained than machine learning algorithms and other similar
algorithms.

Conclusion: Considering 3D tensors allows the model to learn the position of words in a
sentence, and this proposed model has gained considerable accuracy compared to the proposed
approaches in the literature. The proposed model without adding additional overhead in terms of
the number of features and network depth, by changing the input has been able to achieve better
and more acceptable results than other approaches in the literature and achieve an accuracy of
more than 94%.

Keywords: Natural Language Processing, Text Classification, Convolutional Neural
Networks, Fake News Detection.
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2. Natural Language Processing
3. Tacchini

4. RNN

5.CNN
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2. Embedding Space
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1: Initialization weights to randomly generated value
(small)

2: Set learning rate to a small value (positive)

3: Iteration n = 1; Begin

4: for n< max iteration OR Cost function criteria met, do

5: for image x) to xi, do

6: a. Forward propagate through convolution, pooling and
then fully conflected layers

7:  b. Derive Cost Fuction value for the image

8: c.Calculate error term 8) with respect to weights for
each type of layers.

9:  Note that the error gets propagated from layer to
layer in the following sequence

10:  ifully connected layer

11: iipooling layer

12:  iii.convolution layer

13: d.Calculate gradient vV, nandV ‘,.for weights Vi 0
and bias respectively ﬁn each /a\'er

14:  Gradient calculated in the following sequence

15:  i.convolution layer

16: ii.pooling layer

17:  iii.fully connected layer

18: e.Update w. e:ehls

19: ;:“ ﬂ +A\ 11)
20: f.Update bias
21: b b+ Ab" P GBS S a0 JSUS

1. Convolutional layers
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2.Cho

3. Kochkina
4. Liakata
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Methods Accuracy | Precision | Recall F1
Decision Tree 0.9200 0.9200 | 0.9200 | 0.9200
Random Forest 0.9100 0.9100 | 0.9100 | 0.9100
SVM 0.9100 0.9300 | 0.9100 | 0.9200
Char based model 0.8400 0.9300 | 0.7700 | 0.8700
Multi-channel CNN 0.8800 0.8800 | 0.8800 | 0.8800
3D-TCNN 0.9476 0.9430 | 0.9362 | 0.9388
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