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Abstrak

Analisis sentimen (SA) merujuk kepada pengkomputeran dan teknik pemprosesan
bahasa tabii yang digunakan untuk mengekstrak maklumat subjektif dalam sebaris
teks. Dalam kajian SA ini, tiga pemasalahan utama dikenalpasti: a) ketiadaan sumber
pada dialek bahasa Arab Palestin (PAL), b) kewujudan perkataan sentimen baru
sehingga mengurangkan prestasi model analisis sentimen apabila diterapkan pada twit
yang dikumpulkan, dan ¢) mengendalikan perkataan pengubah valens yang tidak
ditangani dengan teliti dalam analisis sentimen bahasa Arab. Oleh itu, kajian ini
bertujuan untuk membangunkan leksikon PAL untuk twit Palestin dan membina
leksikon yang boleh diperbaharui dan terkini untuk bahasa Arab (EULA). Satu
peratuan pengubah valens yang baru bagi meningkatkan prestasi analisis sentimen
berasaskan leksikon terhadap twit bahasa Arab turut dibina. Dalam kajian ini, leksikon
PAL telah dibina dengan menggunakan algoritma pemadanan fonologi manakala
EULA dibina dengan memanfaatkan leksikon umum pada set data twit untuk mencari
istilah baru dan meramalkan polariti melalui beberapa peraturan linguistik. Tambahan
pula, satu set peraturan telah dicadangkan untuk mengendalikan perkataan pengubah
valens. Dengan menggunakan peraturan untuk mencari skop perkataan, dan nilai
peralihan yang dihasilkan oleh perkataan tersebut. Set data twit Palestin dan Arab dari
bulan Mac hingga Mei 2018 telah digunakan bagi menilai idea yang dicadangkan.
Hasil eksperimen menunjukkan bahawa leksikon PAL yang dicadangkan telah
menghasilkan keputusan yang lebih baik berbanding dengan leksikon lain apabila diuji
pada set data Palestin. Sementara itu, EULA dapat meningkatkan prestasi pendekatan
berasaskan leksikon untuk bersaing dengan pendekatan pembelajaran mesin. Malahan
lagi, penggunaan peraturan pengubah valens yang dicadangkan telah meningkatkan
prestasi purata keseluruhan sebanyak 5%. Leksikon sentimen PAL baru yang
dicadangkan dapat mengendalikan dialek Palestin. Tambahan pula, EULA telah
mengatasi kelemahan kewujudan perkataan slang baru dalam media sosial. Selain itu,
peraturan pengubah valens yang dibina mampu mengatasi penafian, intensifikasi, dan
kontras dalam meningkatkan prestasi analisis sentimen bahasa Arab.

Kata Kunci: Walaupun moden Arabic, Pendekatan berasaskan leksikon, Aturan
peraturan shifter.
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Abstract

Sentiment analysis (SA) refers as computational and natural language processing
techniques used to extract subjective information expressed in a text. In this SA study,
three main problems are addressed: a) absence of resources on Palestinian Arabic
dialect (PAL), b) emergence of new sentiment words, hence decreases the
performance of sentiment analysis models when applied on tweets collected, and c)
handling valence shifter words were not thoroughly addressed in Arabic sentiment
analysis. Therefore, this study aims to construct a PAL lexicon for Palestinian tweets
and to design an Expandable and Up-to-date Lexicon for Arabic (EULA). A new
valence shifter rules in enhancing the performance of lexicon-based sentiment analysis
on Arabic tweets is also been constructed. In this study, a PAL lexicon is built by using
phonology matching algorithm while EULA is constructed by harnessing a general
lexicon on a tweets dataset to find new terms and predict its polarity through some
linguistic rules. Furthermore, a set of rules are proposed to handle the valence shifters
words by applying rules to find the scope of words, and shifting value that is produced
by these words. Palestinian and Arabic tweets datasets from March to May 2018 are
used to evaluate the proposed idea. Experimental results indicate that the proposed
PAL lexicon has produced better results compared to other lexicons when tested on
Palestinian dataset. Meanwhile, EULA enhanced the performance of lexicon-based
approach to be competitive with machine learning approach. Moreover, applying the
proposed valence shifter rules have increased overall performance of 5% on average.
The new proposed PAL sentiment lexicon is able to handle Palestinian’s dialects.
Furthermore, the EULA has overcome the emergence of new slang words in social
media. Moreover, the constructed valence shifter rules are capable to handle negation,
intensifiers and contrasts in enhancing the performance of Arabic sentiment analysis.

Keywords: Arabic sentiment analysis, Palestinian dialect lexicon, Lexicon-based
approach, Valence shifter rules, Twitter.
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CHAPTER ONE

INTRODUCTION

1.1 Background

People all over the world are getting used to express feelings and present their own
opinions using different social media platforms with more than five hundred millions
of tweets per day by millions of people on Twitter only. This has been a good
destination for organizations to investigate objectives, to study people’s reactions and
opinions on several things in life. This has attracted researchers to benefit more from
the data produced from social media for analyzing aims, using techniques as language
processing, sentiment analysis, text mining, text processing, and information

extraction on Twitter and any other microblogging services.

In this thesis, sentiment analysis has been under investigation. In order to study
sentiment analysis, the word “sentiment” should be defined as terms like opinion,
emotion, sentiment, evaluation and belief, also, expressions that are not related to
objective observations or verification. Yet, the diversity in these terms could make
beginners in this area misunderstand the nature of this term or become uncertain about
it. Mainly, the informational sentence has an objective meaning and one with personal
opinion and feelings is called a subjective sentence. Therefore, sentiment analysis is

to view subjective information that will be extracted from a given text (Turney, 2002).

Different names are given to sentiment analysis such as subjectivity analysis, review
mining, opinion mining, and appraisal extraction (Pang & Lee, 2008). More officially,

sentiment analysis can be well-defined as: Given a text ¢ from a text set 7,
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Appendix A
Tweepy Code for Collecting Tweets

#1/usr/bin/env python

# -*- coding: utf-8 -*-

from _ future__ import unicode_literals
from tweepy import Stream

from tweepy import OAuthHandler

from tweepy.streaming import StreamListener
import tweepy

import csv

import pandas as pd

#consumer key, consumer secret, access token, access secret.

ckey = "consumer key"
csecret = '‘consumer secret”
atoken = "access token™
asecret = '"'access secret”

auth = OAuthHandler(ckey, csecret)

auth._set_access_token(atoken, asecret)

api = tweepy.APl(auth,wait_on_rate limit=True)

# Open/Create a file to append data

csvFile = open("Datasetl.csv®, "a")
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#Use csv Writer

cswriter = csv.writer(csvFile)

for tweet in tweepy .-Cursor(api .search,q="key-word or
emoticon',count=10000, lang=""ar",since="DATE") .items():

print (tweet.created _at, tweet.text)

cswriter.writerow([tweet.text.encode("utf-8")])

Appendix B
Code of Expanding EULA

def insertToEula(self,data,pol):
logger.debug(*"insert To Eula(%s,%s)"™ ,data,pol,totalP,totalN)

word = data[O]

counterP = data[1]

counterN data[2]

counterSum = data[3]

polarity = 0

stepper = 1

if pol == "negative":
counterN += stepper

if pol == "positive'":

counterP += stepper
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counterSum = counterP + counterN

tfP = counterP / (counterP + counterN)
tfN = counterN / (counterP + counterN)
idfP = (totalP + totalN)/totalP

idfN = (totalP + totalN)/totalN

if ( counterP / totalP) > ((counterN / totalN)+alpha):
polarity = tfP * idfP * counterP / totalP

elif (( counterP / totalP)+ alpha) < ((counterN / totalN):

polarity = tfN * iIdfN * counterN / totalN else :
polarity = 0

query = """ UPDATE eula words SET counterP=?,counterN=?,
polarity=? WHERE word=?

data = (counterP,counterN,polarity,word)
run = self.writeSingle(query,data)
def sendToEula(self,word,pol):
data = self.iskEula(word)
if data == False:
self.insertNewkEula(word,pol)
else:

self._insertExistsEula(data,pol)
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Appendix C

Implementation of Contrast Rules

import sys
import logging
logger = logging.getLogger("mylog™)
class ContrastRule:
def __init__ (self,tweetparser,db):

logger.info("Applaying contrast rule™)

self.db = db

self.tp = tweetparser
self.contrast_index 1 = []
self._contrast_index 2 = []

self.searchContrastindex()

self.reConstructSentence()

self.applyRule(self.contrast_index_1)

self_applyRule(self._contrast_index 2)

def searchContrastindex(self):

logger.debug(*'search for Contrast()")

for i1 in xrange(self.tp.getTweetSentenceLength()):

tuple_index =

for j in xrange(self.tp.getWordLength(i)):

data = self.db.isContrast(self.tp.getWordOof(i,j))
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if data = "null':

if type(data) == tuple:

if str(data[2]) == "null":

tuple_index = (i,j,str(data[3]))

self.contrast_index_1.append(tuple_index)

if str(data[2]) '= "null":

second_word = self.tp.getNextWord(i,j)

logger.debug(**Comparing %s with
%s',second_word,data[2])

if second _word == str(data[2]):

tuple_index = (i,j,str(data[3]))

logger.debug("*Found 2 indexes of
contrast word.")

self._contrast_index_2.append(tuple_index)

if type(data) == list:

for k In data:

logger.debug(*'Comparing %s with
%s',self.tp.getNextWord(i,j),.k[2]D)

if str(k[2]) == "null":

tuple_index = (i,j,str(k[31))

self._contrast_index_1.append(tuple_index)

if k[2] == self.tp._.getNextWord(i,j):

logger.debug("Found 2 indexes of
contrast word.")
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tuple_index = (i,j,str(k[31))

self.contrast_index_2.append(tuple_index)

def reConstructSentence(self):

logger.debug(*'Checking for reconstruction of sentence')

if self.contrast_index 2:

logger.debug(*'Reconstructing the sentence')

for contrast in reversed(self.contrast_index 2):

contrast[0]

contrast[1]

[
Il

contType = contrast[2]

temp_word_1 self.tp.getWordOf(i,j)

temp_word_2 self._tp.getNextWord(i,j)

new_word = temp_word 1 + + temp_word_2
self.tp.removeWordfromlndex(i, j+1)
self._tp.setWord(i, j,new_word)
self.setContrast(i,j,contType)

if self.contrast_index 1:

for 1 in self.contrast_index_1:

self_setContrast(i[0],i[1].,i[2])
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def applyRule(self,contrast):

if contrast:

for i In contrast:

if 1[2] == "C1":
index_i = i[0]
index_j = i[1]

self.contrastRulel(index_1i,index_j)

else:

index_i i[0]

index_j = i[1]

self.contrasRule2(index_i,index_j)

def contrastRullel(self,index_i,index_j):

logger.debug(""Applying rule 1 for sentence %s', index_1i)

for i1 in xrange(O,index_j):

score = self.tp.getScore(index_i,i)

logger.debug("'Index: %s with score : %s',i,score)

if score:

score = score*3.0

logger.debug(*'New score : %s',score)

self._tp.resetScore(index_i,i,score)

def contrasRule2(self,index_i,index_j):
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logger.debug("'Applying rule 2')
for i in xrange(index j+1,self.tp.getWordLength(index i)):
score = self.tp.getScore(index_i,i)
logger.debug(*'Index: %s with score : %s",i,score)
it score:
score = score*3.0

self.tp.resetScore(index_1i,1,score)

def setContrast(self, index_i,index_j,contType):
self._tp.setType(index_i,index_j,"Contrast-"+str(contType))
def getContrastindex(self):

return "Index 1:° + str(self.contrast _index 1) + " Index 2% +
str(self.contrast_index_ 2)

Appendix D
Implementation of Intensifier Rules

import sys
import logging
logger = logging.getLogger("mylog'™)
class Intensify:
def __init__ (self,tweetparser,db):

self.tp = tweetparser

self.db = db

self.intens_index = []
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logger.info(""Applying intensifier rule'™)

self._searchintens()
for i in self._intens_index:
self._setintense(i[0],i[1])
self.applylntenseRule()
def searchintens(self):
for i in xrange(self.tp.getTweetSentenceslLength()):
tuple_index = )
for J in xrange(self.tp.getWordLength(i)):
data = self.db.islIntense(self.tp.getWordof(i,j))
it data:
tuple_index = (i,j,data[0])
self.intens_index.append(tuple_index)
def applylntenseRule(self):
logger.debug("Applying intensifier rule™)
if self.intens_index:
for i1 in self.intens_index:
next_score = self.tp.getScore(i[0],i[1]+1)
if next _score:
new_score = next_score * (i[2]/100)
self._tp.resetScore(i[0],i[1]+1,new_score)

def setintense(self,index_i,index_j):
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self._tp.setType(index_i,index_ j,"Intensifier™)
def getlntenselndex(self):

return self.intens_index

Appendix E

Implementation of Negation Rules

import sys
import logging
logger = logging.getLogger('mylog™)
class NegationRule:
def __init__ (self,tweetparser,db,flag):
logger.info(""Applying Negation Rule 1)
self.flag = flag

self.db = db

self.tp = tweetparser

self.negation_index = []

self.searchNegation()

for i1 in self.negation_index:
self_setNegation(i[0],i[1])

if self.flag == 1:
self.applyRule2()

if self.flag == O:

self._applyRulel()

def searchNegation(self):
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for i in xrange(self.tp.getTweetSentenceslLength()):

tuple_index =

for j in xrange(self.tp.getWordLength(i)):

it self.db.isNegation(self.tp.getWordOf(i,j)):

tuple_index = (i,])

self._negation_index.append(tuple_index)

def applyRulel(self):

logger.debug('Applying rule 1')

if self.negation_index:

for 1 in self.negation_index:

for j in xrange(1,5):

logger.debug(*'Checking: (%s,%s)",i[0],i[1]+})

next_type = self.tp.getTypeBylndex(i[0],i[1]+]))

if next_type == "Negation"

break

if next _type:

next_score = self.tp.getScore(i[0],i[1]+))

if next_score:

if next_score > 2.0:

next_score= next_score -6

elif next_score <= -2.0:

next_score= next_score +5

elif next_score > 0 and next_score <= 2:
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next_score= next_score -4

elif next _score > -2 and next_score < 0O:

next_score= next_score +3

elif next_score ==

next_score= next_score -1

else:

pass

self._tp.resetScore(i[0],i[1]+]),next_score)

def applyRule2(self):

logger.debug("Applying rule 2')

if self.negation_index:

for 1 in self._negation_index:

next_score = self.tp.getScore(i[0],i[1]+1)

logger.debug("'Got score :%s', next score)

if next_score:

next_score = next_score*-1.0

logger.debug(""Thus, new score %s',next _score)

self._tp.resetScore(i[0],i[1]+1,next_score)

else:

pass

def setNegation(self,index_i,index_j):
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self._tp.setType(index_i,index_j,"Negation')

def getNegationlndex(self):

return self._negation_index
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Appendix F
Snapshot of Data

Example of EMAR tweets without emoticons:

Negative EMAR tweets
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Positive EMAR tweets
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Example of EMAR tweets with emoticons:

Negative EMAR tweets
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Positive EMAR tweets
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Example of PAL tweets:

Negative PAL tweets
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Positive PAL tweets
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Sample of stop words

Appendix G
Valence Shifter Lists

Word English Translation Word English Translation
I Me e Seven
< You rd Until
saddl Word ¢ @) Meeting
Sl And eedld Nations
&)a That lad When
pdll Talk 1% J For that
I Both 13la What

°F Face ol March
) One Jla Still

o el All sola Keeps
sl How 3 Hundred
o Be SR When
! Was Je Like

sg On % Since
= In e Once
Jia Said sla Evening
o So SJa That
by Time 8 g Will

o)) Because g There
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Intensifier words

Word English Intensify
Translation value
lalach Exactly 150
dladia Definitely 150
Jib Tremendously 150
s Specially 150
Sl Extraordinary 150
e Really 150
b3 Precisely 150
ldlg Mostly 150
g A lot 150
laz Extremely 150
Prs! Numerous 150
By Much more than 150
B very 150
Sl Extraordinary 150
rlo Overwhelmingly 150
Sglo Overwhelmingly 150
e Greater than 150
b s over 150
oA More 150
[T Almost 50
Al i Nearly 50
& 50 Sort of 50
B! Rarely 50
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Jda Little bit 50
ladd Rarely 50
Contrast words
Contrast 1 | English Translation Contrast 2 English Translation
BES although Ad%E Although
sdee Even though e s Despite
Jee Even though 13l JIl Unless
SO g Even though I el Only it
ot g Though o But
et F Although Ol But
Ol s Even if bl On the contrary
Ja Substitute dd¥ o Even though
s Even though Jo Yet
Negation words
Word English Translation Word English Translation
la No Agla Do not
S Not ad Did not
Js Neither U3 Without
J Don’t/ No g Other than you
Jia Nothing lo ) s¢ Other than
U9 Without loa No
Jidlo No need xgJ Other than
ey And not g Not
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od Will not lsond Not
d No Jla No still
JAQF a [ didn’t S0 Not
e I’'m not ods And will not
i Not @ s and not
€ Other than Jz Without
las And not las And not
Iads never Se Not
9 And not St Not
|&ha ever
Special words
word English Translation | word English Translation
ase Lacking S Lost
e Without O3S Lacks
& S Mis-(prefix) U230 Deficiency
) Lacks 3Jcs Shortage of
3= Lose 830 Shortage of
— s Lose O Lacking
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Appendix H
Experts Biography

e Laila Al-Haneene

Laila was born in Palestine in1990, attended Al-Ittihad School in Nablus Palestine,
and graduated from the Beit Dajan School. She enrolled in the University of Al-
Najah and focused her studies on linguistics and literature, earning her bachelor

degree in linguistics and master degree in Educational & Psychological Counseling.

e Ahmad Ali

Ahmad is a Palestinian linguist who was born in Jordan in1983, attended Al-
Karamah School in Ramallah, and graduated in 2005 from Al-Najah University from

the Arabic Language and Literature department with a bachelor degree.

e Suha Foqaha’

Suha is a Palestinian engineer, was born in Palestine in 1991, attended Al-Beirah
school in Ramallah, and graduated from Birzeit University in 2015 from the
Architectural Engineering department with a bachelor degree in urban planning, with

an interest in novel writing and poetry.
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Appendix I
Links to Datasets

The link to the Palestinian dataset (PAL-Tweets) is :

https://github.com/baha2107/Palestinian-Tweets

The link to the EMAR-Tweets is :

https://github.com/baha2107/EMAR-Tweets
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