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Sl What is sentiment Analysis?

Discovering people opinions, emotions and
feeling about a topic being a product, a service,
etc, ...

The movie Is great

The movie iIs horrible

The movie Is 90 minutes




SiMAR

Measure Public Opinion about Elections

Hillary Clinton ~ Donald Trump ~

Democratic Party Republican Party

Mentions Mentions
Tatal Fi 3 1.412 Tota
Last
3 Mo, of pos i 151 255 Mo, of positiv
Ly Mo, of negative 155 402 Mool negative
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Brand Monitoring

€) BMW Sentiment Analysis Example

Dealer Experience
2014 Spring Promotion
5 Series

Mileage

iDrive

Comfort

0 10 20 30 40 50 60 70 80 90 100

Percentage of Analyzed Content

- Positive - Neutral - Negative

" Tweet analyzed as positive for Comfort

&1 Sarah Smith
@sarahsmith

3 BMW. So comfy. Def checking out the new 3 senies next wk.

4 Reply T3 Retweet W Favorite eee More

Source: https://www.crowdsource.com/solutions/content-moderation/sentiment-analysis/ -
4




S@VIAR Where we can find the public opinion?
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S@VIAR Why Social Media?

What Happens Online
in b0 Seconds?

Managing Content Shock in 2017

YOUTUBE [BR(IT

FACEBOOK

posts
WHATSAPP

messages sent

WORDPRESS

Nk GOOGLE

searches

INSTAGRAM
photos uploaded

TWITTER
tweets

https://www.smartinsights.com/internet-marketing-statistics/happens-online-60-seconds/ n




S@VIAR Social Media in the Arab Region

Millions

Salem, F. (2017). The Arab
Social Media Report 2017.
Arab Social Media Report
Series (Vol. 7). Dubai:
Governance and Innovation
Program, MBR School of
Government.
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@VIAR Why Arabic Social Media?

Lack of research on sentiment analysis in Arabic
Colloquial Arabic is challenging




SIIY]  Colloquial Arabic is challenging

Modern Standard Arabic vs Egyptian Colloquial Arabic

This :
Masculine | Xa) >> QD >
singular noun
This :
‘FerFinine O kS)
singular noun
This <

On Social Media
tag, hashtag,
D s> AT >
olllg Hugs and kisses,
(Transliteration) Oh my God
Dangerous:*, : Lol, apppppd > Laugh out Loud E




O ovjectve

Build a platform for applying sentiment
analysis on Social media in Arabic
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-
—
2




WY Case Study: Products Made in Egypt

Measure opinion toward &
products made in Egypt *0209.F-42\°
Proudly ... Made in Egypft




JOMNY Example: a group on Facebook
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S@VIAR Study the effect of special events

Media: e.g. TV shows




S@VIAR Study the effect of special events

Policies: e.g.




Awareness
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S@VIAR Sentiment analysis approaches

Lexicon-based L@ﬂ

Machine-Learning wé'..‘.é

Each has and disadvantages...



s [
@g‘g ++ Fast.

++ No Training data necessary.
ATy

< ++ Good initial accuracy.
Good ©
Bad ©® -- Require a polar lexicon.
Sad ©® -- Underperform well trained

\@/ machine learning.

This is agood Sentiment 0
product. Algorithm

gy PO




S@VIAR Machine Learning Approach

- This is a bad product.
- The price is very good ++ Good accuracy based on:
- .  Collected Training data
Training Data « Features extraction
Train the
Machine Learning
Algorithm
- Model
This is a -
70 0
gOOd 101motmon Q (Bl
product oo | — — L\ 4
\ — —
Input Data Machine Learning
Algorithm




@VI ¥l Feature Extraction

Transforming raw data into features that can be used as input
for a learning algorithm

Training

4

~

\

Features

| Classification




S@VIAR Hand-crafted features

Unigram, bigram,...

Stemming os 2 || sslol> lazsl
S5 g acy, &0l |9 49551
S0 9 O Wi b 991> s>
LdSon -> USo | L et
. ILJ%,_J.U olioo 9--| L
as=x Domain
kum I FC VY. Specific

POS-Tagging (Names, verbs, adjectives,...)
Job & =g = Ul
x> ¢l> avsb ade gl sl
wwolal e (sJleg an3V sl ad Vg




S@VI AR Word Embedding for Feature Extraction

Using Neural word embedding to represent each word
with a low-dimensional vector

Similarity in meaning = Similarity in vectors

Two words have close meanings if their local neighborhoods are similar

Word Embedding

dog

Jrun ® o
o

rabbit

e tree
o flower




S@VI AR Word Embedding for Feature Extraction

Trains a Neural Network Model from a large corpus

_Learning Word Vector

D-dimensional vector

Voca b 000 00000000000
00 000000000000

- 000000000000000
man:woman :: king:? 1
+ king [0.300.70] - . queen
: . king
man [0.200.20]
05
+ woman [0.600.30] "
woman
0.25 man
queen [0.70 0.80 ]
0
0 0.25 05 0.75 1



S@VIAR Using the embedding in feature extraction

Training
_ Features .
/
Word ’ '_H
Embedding \
o R oo
Features
| ] Classification
\_ / e, \_/09.1:70917 9_1,\
sl> Solel>  la>gl>
g acy, &0 ":: 09994>
i sy 99 9l>
Solgl>
oliodo - oguluw \ /




How to generate a Word
Embedding?

Collect a larges Corpus

Preprocessing the corpus

Learning the Embedding




SITPY] 1. Collect a large Corpus

We collected a large Arabic corpus from social media
Source: Facebook and Twitter
Size: more than 50 Million feeds/comments/tweets
Domain: Products domain
Number of tokens (476 Million token)




S@VIAR 2. Preprocessing the corpus

* Decreasing number of vocabularies in a corpus
decreases the computation complexity while learning
the embedding

Foreign English, 2 < __QUES

language ACEE, o http://www..... __URL

Repeated FPPPPTRORILY =

characters @PersonName __TAG

Punctuations “ : ; , ° £ f up __FOUOW

Diactrice —swj 1234 567890 _N UM

Tatweel | , © :-D LOL, .... __EMOT_POS,
= ® :( .. __EMOT_NEG,

® ] .. __EMOT_NEU

o |

S S S

o 0 o
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S@VIAR 3. Learning the Word Embedding

Learning Models
C BOW(Continuous Bag of Words)

Predict the word given its context.

Skip Gram
Predict the context given a word. 9

G love(Global Vectors)

Tries to capture the counts of overall statistics.

Learning Parameters

Vector Dimension
Window-size to be included as the context of a target word
Number of training Iterations over the corpus

————————————



s@VIAR How to choose the best model?

Learning Word Embeddings on BA HPC

More than 45 different embedding have been
generated with different models and parameters

On BA HPC (92 nodes, 128G RAM, 24 threads)

Preprocessing the corpus
Learning one embedding took up to 13 hours.




S@VI IN:} Analogies tests

Accuracy based on Arabic Analogies test

Lty X

+ king [0.300.70] - - queen
: 100 10 15 59.98  47.27  49.93
man [0.200.20] 200 10 15 6577 57.80  57.10
+ woman [0.600.30] o 300 10 15 67.70 59.49  58.58
. 400 10 15 67.77 60.56  58.10
queen  [070080] L 500 10 15 64.35  61.15  0.042
O 300 5 15 66.49 62.84  56.50
0 0.25 05 0.75 1 300 10 15 67.70 59.49 58.58

300 15 15 67.46 56.83% 59.16
300 20 15 67.19 54.58  60.37
300 10 5 64.78 57.40 0.00?

- Increasing dimensions increase the accuracy. 300 10 10 ~ 66.61  59.16  58.10
300 10 15 67.70  59.49  58.58

- Glove model has the worst accuracy.

- Window-size 10 generates best results. 300 10 20 67.60 60.10  58.31
_ 300 10 25 63.50 59.28  58.60
- 15 to 20 Iterations has the best results. 300 10 30 63.65 59.98  58.29




@VIAR Sentiment Classification test

- o
.-'/ '\I

Training

Features

Word
Embedding

Features

T O

Classification

Split training data for evaluation Sentiment Classification in 2 steps:
* 90% training data 1. Subjectivity Classification (= =
 10% test data (Subjective/Objective)

Classification Algorithm 2. Polarity Classification @e
e Support Vector Machine (Positive/Negative) -



ST Training data

Judging Application

@”ﬁ;& 15,000

¥V
6&@_# 15,000

@

@VM; | 15,000

(r

1d: [S576201539250730]

e 43y sl e s 00 2l g gl e glas Ll

Welcome haneen.qasem | Judge | History | Hints | Stats | Sign out

DPosttive | Megative | MNeutral Tlized
overall ¢[+] [-] [] [+-]
price [+] [-] [] [+-]
cuality o [+] [-] [] [+-]

availability [+] [-] [] [+-]
AVATENEss [+] [-] [] [+-]
[+] Submit Clear All

Overall

Price

Quality

24

5,127 3,453 5,304
469 @ 744 536
4,238 2,018 151

Availability 11,082 476 183

X'Awar eness 93 39 3



(S?VI AR Best embedding for Sentiment Classification task

Dim
100
200
300
400
500
300
300
300
300
300
300
300
300
300
300

Win
10
10
10
10
10
5
10
15
20
10
10
10
10
10
10

Iter.
15
15
15
15
15
15
15
15
15
5
10
15
20
25
30

F Pr Rec F Pr Rec F

Pr Rec F Pr Rec

0.912 0.911 0.913 0.863 0.853 0.873 0.9142 0.912 0.917 0.859 0.849 0.869

0.921 0.924 0.918 0.868 0.858 0.878 0.925

0.927 0.929 0.924 0.877 0.871 0.8850.9223 0925 092 0874 0868 (.88

0.926 0.923 0.867 0.856 0.879

0.932 0.935 0.928 0.874 0.865 0.883 0.935
0.929 0.93 0.928 0.875 0.866 0.884 0.
0.928 0.93 0.927 0.875 0.868 0.882 0.936
0.927 0.931 0.923 0.876 0.87 0.884 0.925
0.929 0.929 0.93 0.874 0.871 0.876 0.929
0.927 0.928 0.927 0.878 0.865 0.89 0.935
0.924 0.929 0.919 0.876 0.868 0.885 0.931
0.93 0.933 0.926 0.876 0.869 0.884 0.929
0.929 0.935 0.923 0.874 0.868 0.88 0.93
0.928 0.936 0.921 0.875 0.873 0.878 0.925
0.928 0.928 0.928 0.876 0.872 0.879 0.927
0.923 0.926 0.92 0.873 0.865 0.882 0.93

(@

)

87.5%
93.5%

0.938 0.933 0.875 0.862 0.888

0.937 0.935 0.875 0.867 0.883
0.926 0.924 0.877 0.866 0.889
0.928 0.929 0.87 0.866 0.874
0.938 0.932 0.873 0.865 0.883
0.934 0.929 0.875 0.866 0.884
0.933 0.924 0.869 0.864 0.875
0.931 0.928 0.873 0.865 0.88
0.93 0.92 0.877 0.869 0.885
0.931 0.923 0.872 0.866 0.878
0.932 0.928 0.871 0.866 0.876

Subjectivity Classification
Polarity Classification



S@VI ;Y Category classification Approach

@34 Ihesame machine learning

“‘éﬁ approach using the word
embedding is used to classify
the Dataset.

0.722 0.832 0.638
0.849 0.867 0.835
0.768 0.821 0.722

Awareness

— R ——



SIIY]  Experiments setup

Dataset: E ?PT
645 Facebook page/group of products made in Egypt
Period from 1-1- 2016 till 31-12-2017 -0200.F42°\°

4,104,538 Arabic feeds and comments out of 5,161,247 Frouclly s hade I Egypl
3,409,461 Arabic text
695,077 tags, follows,..

Events

Increase in fuel prices

TV show ‘Made in Egypt’ episode ¢
Floating the Egyptian pound %
TV show ‘Made in Egypt’ episode 2 ©
Egyptian decision to stop importing &,
Increase in fuel prices |




SIIPY]  Overall Sentiments

180000 E] w $’ TN

160000
140000 \ / \/ |
120000 v\@
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80000 /
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79%

40000

20000 SN

0
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e
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NN NN NY N N NY N
B S S A A A A A

—o—Neutral Pos —Neg

79% Neutral 14% positive posts 7% Negative posts

R —————




SIIPY]  Overall Sentiments

BV
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0
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Pos —Neg
Positive and Negative sentiments following the same pattern
across time, with positivity almost double negativity

R —————



Availabi .
S@VI IV:} Interested aspects tity S

Number of feeds/comments

60000 Quality
50000 =
40000
30000 \_/
20000 N \W
10000

0

NG O PO LD DO O
\‘09\‘09\‘09\‘09\‘09\‘09\‘09\‘09\‘09\‘0' NG WO KV RV RV RV XV XV XV XV KV XV KV KV
D AR A AR A AR A AD A A A A AR A AR A AR A AD A AP A AP AD
Price ——Quality =-e—Availability

People are equally concerned to the 3 aspects.
Quality was hot topic after 1st media show
Availability was of interest when pound floated $,. m

Prices became main interest during the importing ban and increase in fuel pricen
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S@V‘ I¥] Price Sentiments

6000
5000
4000
3000

2000

Number of Feeds/comments

1000

0
SSL S ,s“bbbb,@ SRS NN SR RN SRR UNN NSNS
NY NV NYANY AN NY N
S A A A A AP A A A S S S S S
——Pos —Neg

People are more negative about price than positive
Negativity is observed more 2 ﬂ]




QWAR Quality Sentiments Tﬁi e

40000
35000
30000
25000
20000
15000

10000 Q
S N

0 =

NN NN N NN N SN S N NI RN SRR NN NN
CSHCHCHCHATHCHCHC AT HCHC AT A I N i i e e e
P AR PPRRRP DDA AR ADADAD DD DD AN A AP

Pos
77%

Number of Feeds/comments

—e—Neutral Pos ——Neg
People tend to express positive sentiments toward Egyptian products 77%
The TV show boosted the positivity feeling towards quality.

R ————




SiMAR

25000

20000

15000

10000

o //\/\

0 _

Number of Feeds/comments

C—
——

\‘°'Q\\b'@:\b'6‘)\‘0'Qb;b'Q{’)\b'Qb\b'é\\bg%\b@\b'\g\b'\\\b:Q:(\9\(\'6\:(\'6‘)(\gb&\s)(\gb(\'é\(\g‘b(\@(\'\g(\'\\(\'&
PR AR PR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AP AR AP D
Neutral Pos ——Neg
More than 50% of the people feel positively about availability
36% of the public discuss availability but do not express their opinion

The negativity is only 12% and mostly not affected by events

R —————




Y] Corona Chocolate

Corona

4000
Corona Overall
Sentiments

Neg
13%

3500
3000
2500
2000

1500

1000

500 III |||
0

Price Quality

Pos
20%

Neu
67%

Number of Feeds/comments

Neu = Pos = Neg

Neutral mPos mNeg

e




Y Mffco Helwan Furniture

MffcoOverall

Sentiments
Neg
4%
Pos
14%

Neu
82%

Neu = Pos = Neg

Number of Feeds/comments

roA mffco

oAl e Ul

Mffco Sentiments per Aspe:
7000

6000

500

400

Availability

[]
Quality



@VI IN:} Al-Ahram Aluminum

Pliz2olill

LR IP7% ZSlaVaaz
1VPso N0 "S/DVIG09
Ahram Overall Ahram Sentiments per Aspects
Sentiments 3500 _
Pos Nfg
8% 3% P 3000
o
= 2500
-
S 2000
2
) 1500
Neu L
89% ‘S 1000
I
Neu =Pos = Neg g 500 I
=
0

Availability

Neutral mPos mNeg

@




S@VIAR Conclusions and Future Work

Sentiment analysis in Arabic is still a fertile field for research,
especially for social media.

A platform has been established for sentiment analysis in
Arabic social media.

A case study has been applied analyzing sentiments towards
products Made in Egypt.

The results needs to be more carefully examined to draw
insights.
Future work will include:

Further tuning of parameters.

Enlarging the corpus and the data to include Twitter, Instagram and
others.

Apply other case studies of interest to the platform.
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