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INTRODUCTION(1/2)

»Nowadays Social Media has been taking a huge part in people’s life and
IS the most common place for fake news such as Facebook and Twitter As
It has no restrictions on people’s posts as anyone can edit their posts
Whenever they want. Digital Statistics & Trends

% | 45 million

Internet users B K
» However, that didn’t stop people from using Social Media as their 7o o oo

Source.

»Fake news is one of the most common critical types of deception.




INTRODUCTION(2/2)

» Studies have shown that human ability to differentiate betweel
fake news and real ones are only 54%

»Machine Learning is the best way to enhance the accuracy of
this detection.

MACHINE LEARNING

Bl alamy stock photo




MOTIVATION

» The spread of economical and political fake news can directly affect the stock
market.

»Tourism income can also be affected by fake news, as spreading fake news in
countries can make tourists not interested in visiting certain places which costs
losing a lot of income.

» As reported by the NBC teenagers earned at least $60,000 due to spreading fake
news and their expected wage is $4,800 which motivates them to increase spreading



PROBLEM STATEMENT

Our aim is to build a website to keep track of fake news on twitter in
an interval of time because social media became a reliable source for
news and it has no restrictions so it affects the economy of the
country . The output on this website will help the user differentiate
between fake and real news according to a certain category and in a

specific interval of time using machine learning and a combination of
the best two algorithms.



CHALLENGES

1. Detecting news from social media (Twitter)
2. Finding trained dataset.
3. Enhancing accuracy in detecting the Fake news.

4. Combining multi- classifiers.
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Techmque ACC  PRE  REC FM

STM 8220 4435 4055 4059
|RELATED WORK(1/3) isvbep 778 96 %71 309

LSTM-CNN - 8038 4394 3955 39.70

“+Aim : ldentifies relevant features associated with fake news stories
without previous knowledge of the domain.

<»Dataset : CharlieHebdo - SydneySiege - Ottawa Shooting - Germanwings-
Crash - Ferguson Shooting

“*Classifiers: LSTM ,LSTMDrop, LSTM-CNN

[3] Oluwaseun Ajao, Deepayan Bhowmik, and Shahrzad Zargari. 2018. Fake News Identification
on Twitter with Hybrid CNN and RNN Models. In Proceedings of the International Conference on
Social Media & Society, Copenhagen, Denmark (SMSociety). 1 DOI:
https://doi.org/10.1145/3217804.3217917
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| RELATED WORKS(2/3)

»Entitled by: Identifying Tweets With fake news

»Aims: This papers aims to identify fake news by making users analysis and context analysis by using
NLP.

»Dataset: Dataset containg husseican candy and another one containing

»Classifier: SVM.
»Accuracy:62%

[4]Krishnan, Saranya, and Min Chen. “Identifying Tweets with Fake News.” 2078 IEEE International
Conference on Information Reuse and Integration (IR[), 201 8.
https://doi.org/10.1109/iri.2018.00073.
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| RELATED WORK(3/3)

»Aim: The main idea is to explore applications for
NLP techniques to detect fake news that has

misleading events from non-reputable sources. TABLE 1 Average mode peormance wihboth PCHC and TF-IDF i-ram fatures at 07 scoe thesholdfor categonzation,
»Dataset: Signal Media, OpenSource.co Model Aved Under Curve | Precison | Recall | Accuracy
> The dataset contains about 1 million articles from ¢ Bounded Dectston Trees | 65.9% 09% | 379% | 676%
variety of news sources these sources include major T | , . ‘
news outlets, local news sources and blogs CradentBosng AL A | Il | B
, " [ ( i [
~Classifiers: SVM, Bounded Decision tree, Kidom Fore Wl Wik | 14 | bk
Random Forests and Gradient Boosting. dlochastc radiet Descent | 87,5 W | % | 6T
Support Vectr Machine | 843% 9% | W3k | T36%
[5] Gilda, Shlok. “Evaluating Machine Learning Algorithms for Fake News Basc]inc 32[8% 32'8% 6789%
Detection.” 2017 IEEE 15th Student Conference on Research and

Development (SCOReD), 2017.
https://doi.org/10.1109/scored.2017.8305411.
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TABLE OF COMPARISON

According to the information in this table
we will try to combine every two classifier
together then we’re going to compare their
accuracy and fl-score to develop a hybrid
classification that can reach the optimum
results.

Papernzme | Classifier | Datasst Accurac | Reference
¥
Fake Mews | LSTM CharlieHsbdo | 82.20% | Oluwaseun Ajao, Deepayan Bhowmik, and
Identificatio | LSIMDrap [ * |ggE Shahrzad Zargarl. 201E. Faks Mews
non Twitter | |, LETM- * Ottawa Identification on Twitter with Hybrid CHMN
with Hybrid | CNN shooting = and RMM Models. In Proceedings of the
CMN and GErMANWInEs- Internaticnzal Conference on Social Media &
RMN Mod E|5| Crazh = society, Copenhagen, Denmark (SMSociety].
i Ferguson 1 DOI:
(Ctrl) ~ shooting https://doi.crg/10.1145/3217804.3217917

Identifying | SVM. Datasst 62% 41Krishnan, Saranya, and Min Chen.
Tweets with canfaing “Identifying Tweets with Fake News." 2018
Fake News.” huszgican IEEE international Conference on information

candy and Reuse and integration [iRY), 201E.

another one https://doi.org/10.1108,in.2018.00073

containing
Evaluating | SVM, Signal Media, | 72.6% | [5] Gilda, Shiok, "Evaluating Machine
Machine Bounded | Opensource.c Lezrning Algorithms for Fake News
LEZrRInE Decision | o Detection.” 2017 JEEE 15th Student
Algorithms | tree, Conference on Research ond Development
for Fake Random [SCOReD), 2017.
MEws Forests https:/fdoi.org/10.1109/scored . 201783054
Detection. | and 11.

Boosting.
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ANY QUESTIONS ?




