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ABSTRACT

SENTIMENT ANALYSIS OF ARABIC STUDENTS FEEDBACK
THROUGHOUT THE SEMESTER

KHUDHAIR, Ali
M.Sc., Department of Mathematics

Supervisor: Assoc. Prof. Dr. James Little

DECEMBER 2016, 35 pages

Nowadays, sentiment analysis has become a significant area of research related to
machine learning and natural language processing, where sentiments and opinions
about several topics are available on the Internet. This allows many parties such as
companies, customers or governments to gauge and assess thousands of online
opinions automatically. Sentiment on Arabic text is still some way behind that of
English, mainly due to the inherent challenges in the language.

We apply sentiment analysis to higher level education, by taking feedback from
Arabic-speaking students every week during the semester in the form of ‘Tweet’-like
comments. This also has the benefit of allowing the students to express their opinion
in their mother language to obtain a good quality feedback and alert the lecturer to
any issues.

The research shows that using sentiment analysis gives realistic sentiment values for

the students’ feedback, mainly due to the high accuracy of the Arabic sentiment
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lexicon. Over time the sentiment fluctuated in a plausible manner given the order of

content presented.

Keywords: Sentiment analysis, Arabic Lexicon, Arabic language.
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SOMESTRE BOYUNCA
OGRENCILERIN ARAPCA GERIBILDIRIMLERININ
DUYGU ANALIZI

KHUDHAIR, Ali
Yiksek Lisans,

Tez Danismani: Dog. Dr. James Little

Kasim 2016, 35 sayfa

Gilinlimiizde, duygu analizi, ¢esitli konular hakkindaki duygu ve goriislerin internet
iizerinden ulasilabildigi, 6zdevimli 6grenme ve dogal dil islemine iliskin 6nemli bir
arastirma alani haline gelmistir. Bu durum sirketler, miisteriler veya hiikiimetler gibi
bircok 1ilgili tarafin online olarak mevcut olan binlerce goriisii otomatik olarak
Olegmesini ve degerlendirmesini saglamaktadir. Arap¢a metinler hakkindaki duygu
analizi halen Ingilizcenin ¢ok gerisindedir, bunun ana sebebi dilin yapisindan gelen
zorluklardir.

Somestre siiresince her hafta Arapca konusan Ogrencilerden ‘Tweet’® benzeri
yorumlar halinde geribildirimler almak suretiyle, duygu analizini yiiksek seviyede
egitime uyguluyoruz. Bunun ayrica 6grencilerin goriislerini kendi ana dillerinde
ifade etmelerini saglama, yiiksek kalitede geribildirimler alma ve herhangi bir sorun
hakkinda 6gretim iiyesini uyarma gibi faydalar1 vardir.

Aragtirma gostermektedir ki, esas olarak Arapga duygu veri sozliigiiniin yiiksek

dogruluk oranmi sebebiyle, duygu analizini kullanmak Ogrencilerin geribildirimleri
viii



icin gercekei duygu degerleri vermektedir. Zamanla, sunulan icerigin siralamasi

dikkate alindiginda, duygular akla yatkin bir sekilde dalgalanmaktadir.

Anahtar Kelimeler: Duygu Analizi, Arapca veri sozliigii, Arapca dili.
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CHAPTER 1

INTRODUCTION

1.1 Background

With the rapid growth of social media and web applications, feedback in the form of
comments, reviews and ratings are now commonly generated by users. Each user can
express his/her opinion about many things, including politics, services, people,
events, products and education. These require analyzing and processing to get a
general estimation of what users feel and think. In the past, obtaining users' opinions
was difficult, as it takes a long time to examine manually each review. Therefore,
marketing people and managers became interested in providing automatic sentiment
analysis tools to speed up the process.

There are two main approaches to making a sentiment analysis. The first approach is
using machine learning (ML) techniques and the second approach is using lexicon-
based approach, which has been chosen for our thesis.

Our approach depends on a dictionary that it uses to calculate the sentiment of each
word.

Many of the studies conducted on sentiment analysis have been in English, Indian
and Chinese languages [1]. However, few studies have been conducted using the
Arabic language, which is the mother language for more than 300 million speakers.
The reason may be that each word in the Arabic language can have a lot of
morphological forms. Therefore, applying sentiment analysis becomes a challenge
due to this.

One of the application areas for sentiment analysis is in Education. Analysing student
feedback is an obvious, although unexplored idea. We can categorize student
feedback into [2]:

1- Lecturer to student, which is for self-improvement of the students.



2- Student to lecturer feedback, which guides the lecturer into teaching the courses in
ways the students understand better.

We propose a method to obtain the sentiment analysis score for students' feedback in
Arabic. In this approach we use a large-scale sentiment lexicon called ArSenL. It
contains all or most of the Arabic sentiment words. Each record (word or phrase) in
the lexicon has three scores obtained from the mapping with English sentiment
WordNet (ESWN): positive, negative, and neutral. For example, ["good" 0.9, 0.1, 0],
["bad" 0.1,0.9,0] and ["lecture" 0,0,1]. Many words in the same domain can have
different polarity in different contexts, this is why ‘good’ has both a positive and
negative scores [3]. The total of the three scores is 1.

After collecting the text from students, we process this data and attempt a match
between the word and ArSenL to calculate the sentiment score. Each sentence
(collection of words) has two scores (positive and negative). We take the largest of
these scores to identify its polarity. We also compare two other methods (the
Indicoio' and Repustate”) that are already built to calculate the sentiment and

compare these results with our results to verify our results.

1.2 Hypothesis and Research Questions

The following is main hypothesis of this research:

Students feedback in the form of “tweet” like statements can be measured with
sentiment analysis.

In order to test this hypothesis, a number of major research questions were addressed.
1. How well does the sentiment score match reality?

2. Do fluctuations over time reflect difficulty of lectures?

3. Are the software sentiment packages consistent with our results?

1 https://indico.io/

2 https://www.repustate.com/



1.3 Research Contributions

The research contribution of our work is to build a new model that measures the
feeling of foreign students towards each lecture they attend. It allows students write
in their mother language, rather than in English and be assessed automatically. It
provides the universities with a tool to keep better informed in real time on the

sentiments of their foreign students.

1.4 Thesis Structure

This thesis is organized as follows: Chapter two, gives an overview of sentiment
analysis in general and sentiment analysis for students feedback in particular,
reviewing the relevant literature across the range of topics addressed in the thesis.

Chapter three, describes how to collect datasets used in this work and how our
methodology. It also shows how to analyse students feedback in terms of sentiment
and how to calculate the results. Chapter four, presents the results of the sentiment
analysis feedback for two courses and discusses the results in terms of patterns. The
last chapter, concludes our work in terms of its applicability and suggests some

directions for future research.



CHAPTER 2

SENTIMENT ANALYSIS

2.1 Fundamental Concepts

Nowadays sentiment analysis is a significant technology in determining human
reaction to specific topics, usually through social media. Sentiment analysis is the
“field of study that analyses people’s opinions, sentiments, evaluations, appraisals,
attitudes, and emotions towards entities such as products, services, organizations,
individuals, issues, events, topics, and their attributes™ [4].

There is another term, opinion mining, which is equivalent to sentiment analysis.

Liu [5], defines opinions as “subjective expressions that describe people’s sentiment,
appraisals or feelings towards entities, events and their properties”. He differentiates
between an explicit opinion which grants a positive or negative statement about a
theme, with a comparative opinion which explains the positivity or negativity of an
item by a match to another item.

Kim and Hovy [6], define an opinion as a combination of four principles: topic,
holder, claim, and sentiment, while Liu, defines five principles of an explicit opinion:
object, features, orientation, holder and time. In the first case the opinion holder has a
claim about a certain topic and associates this claim with a certain sentiment. In the
second case, the opinion holder finds some features of a certain object, and associates
a certain orientation about them at a specific time.

In computational linguistics, sentiment analysis is considered as a classification
problem; texts are labelled either positive or negative. If the text does not contain any
opinion, it is then classified as neutral.

In this thesis, we will use as the sentiment items, student feedback, in the form of
‘Tweet-like’ statements that focus on students’ weekly opinion on two courses. We

stipulate that the feedback is delivered in the students’ native language, that of

4



Arabic. In general, the case of sentiment analysis can be branched into four major
aspects, as shown in Figure 1 and summarized below.

1. Tasks - sentiment analysis tasks can be classified into wide range polar detection
and fine-grained task. Such as sentiment strength detection and emotion
detection.

2. Level - the sentiment analysis level is based on the granularity of text used,
word-level, phrase-level or sentence-level, document-level.

3. Approaches — there three approaches used in sentiment analysis, lexicon-based
approaches, supervised approaches or hybrid approaches.

4. Data type -Sentiment data can be obtained from microblogging sites (e.g.
Facebook status updates, tweet messages, SMS) as well as conventional text
(e.g., product reviews, news articles).

Next, we will discuss all four branches in detail.

Sentiment Analysis

v v v v

Tasks Levels Approaches Data Type

- Subjectivity Analysis - Word-Level

- Machine Learning
- Polarity Analysis - Phrase-Level - Conventional Data
- Lexicon-based
- Sentence Level

- Sentiment Strength - Microblogging Data

- Document Level

- Emotion Detection

Figure 1 Four dimensions of the sentiment analysis research problem.
We will use an example® to clarify the various aspects for sentiment analysis. This
example is part of a review about the iPhone 7.
"(I) T get a new iPhone every year.(2) This one is disappointing.
(3) Yes there are important internal improvements.(4) but considering the

price Apple should have done more".

3 https://www.amazon.com/Apple-Plus-Unlocked-128-GB/product
reviews/BOILYSUOEY/ref=cm_cr_dp_qt_hist_three?ie=UTF8&filterByStar=three_star&reviewerType=all_reviews&showVie
wpoints=0. The last access in 7.NOV.2016



2.2 Sentiment analysis tasks

We can determine whether a given text has a positive or negative sentiment by
detecting the polarity (positive, negative or neutral) from the sentiment analysis. This
is a basic task of sentiment analysis we will focus on the polarity detection. In our
example, sentence (2) and (4) have a negative opinion, while sentence (3) has a

positive opinion. If there is no sentiment in the sentence that mean neutral (1)

2.3 Sentiment analysis levels

Broadly speaking, there are three levels of text granularity which can be analysed.

1. Phrase-level sentiment analysis: Given a multi-word expression in a
sentence, the task is to detect sentiment, whether positive or negative (e).

2. Sentence-level sentiment analysis: Sentence (s) consist of multiple words
and phrases, the task at this level is to identify sentiment whether positive or
negative over the whole sentence (s). For instance, sentence (3) has a positive
sentiment while sentence (2) has a negative sentiment, but both are in the
same single review

3. Document-level sentiment analysis:. We can determine the general opinion
of the overall document through averaging the opinion for each sentence in

the document .

2.4 Sentiment classification techniques

Sentiment analysis has three major approaches. They are machine learning, lexicon-
based, and hybrid. Machine learning approaches use machine learning algorithms
based on linguistic features. The lexicon-based approach depends on a sentiment
lexicon. The lexicon is a set of identified and precompiled sentiment terms. The
lexicon-based approach can be divided into two main approaches, dictionary-based
and corpus-based. In order to determine the polarity of sentiment it uses a semantic
or statistical method. The hybrid approach combines machine learning with lexicon-

based approach. We can illustrate sentiment classification approaches in Figure 2.



Machine-learning-based approaches require that there is training data to build a
model and perform classification. Unfortunately, this data is labelled manually one
by one, so requires a high effort.

In machine learning, there are two approaches, supervised and unsupervised learning
techniques. The supervised technique can be used when there exists a large number
of training documents already labelled (as positive or negative sentiment). The
unsupervised techniques are applied by looking for similarities in sentence structure
with other known sentiment sentences.

In the lexicon-based approach, the most important step is to find or identify a
sentiment lexicon for the domain or language you are using. The lexicon-based
approach is divided into two main methods, the dictionary-based approach and the
corpus-based approach. In the dictionary-based approach of the most important steps
is to find or identify the seeds of opinion words, and then looking for these seeds,
such as positive words or negative words like happiness, sadness and love, in a
dictionary of antonyms and synonyms. The corpus-based approach starts with the list
of seeds opinion words, and then finds other sentiment words in a big corpus to aid in
determining sentiment words with context particular orientations. We will explain in

detail both approaches and algorithms used in the next section.

Decision Tree
‘ | Classifiers
_,{ Supervised Learning ]—
| [ (oo v s
N Classifiers B _’{ Neural Network ]
e | Gt | o oo
N Péobabiisﬂc __,{ Bayesian Network ]
.,[ Maximum Entropy ]
Sentiment Analysis "{U"‘-WW""”" L'”m'"o]
Dictionary-based
Approach
N Lexicon-based
P
Compus based
Approach

Semantic

Figure 2 Sentiment classification approaches



2.4.1 Lexicon-based approach

Many sentiment classification approaches are based on opinion words. Positive
opinion words are used to convey positive sentiment, while conversely negative
words are taken for negative sentiment.

An opinion lexicon consists of opinion phrases, sentiment value and idioms. In order
to collect the opinion word list there are three main approaches. The manual
approach can be used, but is not used alone, as it is very time-consuming. It is
usually used in the final steps to check and avoid mistakes resulting from automated

methods. The two automated approaches are presented in the following subsections.

2.4.1.1 Dictionary-based approach

In this approach, opinion words are gathered manually with knowing their positive or
negative opinion these words are [7]. This set is then grown by searching in the well
known corpora thesaurus or WordNet for their antonyms and synonyms. After the
completion of the process, an inspection can be executed manually to correct or
remove errors.

This approach has a main disadvantage in the inability to find opinion words with
domain and context specific orientations. This approach was used by Qiu and He [8]
to identify sentences of sentiment in contextual advertising. Their proposal allowed

advertising strategy to improve user experience and increase relevance.

2.4.1.2 Corpus-based approach

The Corpus-based approach relies on syntactic patterns or patterns of words that
happen together. Many of these patterns or words can be discovered by starting from
a small set of ‘seed terms’. To develop these sets, the Corpus-based approach

exploits the relationships between terms [9].



For example, sets can be extended to conjoining adjectives based on "but", "and"
connectives where "and" refers to alike polarities and "but" refers to contrasting
polarities among the conjoining adjectives. For example, in the following sentence
"This car is beautiful and spacious" the word "beautiful" is positive, and that leads to
make "spacious" positive as well. This is called sentiment consistency. The phrase

“beautiful but dangerous” indicates that dangerous should be negative.

2.4.2 Machine learning approach

To solve the problem of classification of regular text in sentiment analysis, we use
the common algorithms in machine learning based on syntactic and/or linguistic
features. We have a set of training records D = {X1, X2, . . ., Xn} where each record
may have an outcome called Class associated with it. Given a text with unknown

sentiment, a machine learning model will determine it for sentiment.

2.4.2.1 Supervised learning

For supervised learning, we start in the same way as our lexicon approach with a
tokenisation of the sentence followed by removed stop word, stemming,
normalization. However, instead of checking the sentiment value of each word, we
build array where each row contains two elements, a review text and the sentiment
label for that review. This method is based on pre-labelled training data. The goal of
the classification model is to predict the class for each record of the test dataset.
There are various types of supervised classifiers. In the following sections, we

present some of the most commonly used classifiers in sentiment analysis.

*  Support Vector Machines Classifiers (SVM)

A Support Vector Machine performs classification by finding the hyperplane that

maximizes the margin between the two classes. The vectors (cases) that define the

hyperplane are the support vectors



* Naive Bayes Classifier

The Naive Bayesian classifier is based on Bayes’ theorem with independence
assumptions between predictors. A Naive Bayesian model is easy to build, with no
complicated iterative parameter estimation which makes it particularly useful for

very large datasets

e Decision tree classifier

Decision tree builds classification or regression models in the form of a tree
structure. It breaks down a dataset into smaller and smaller subsets while at the same
time an associated decision tree is incrementally developed. The final result is a tree

with decision nodes and leaf nodes.

2.4.2.2 Unsupervised learning

Sometimes in the classification of text, it is difficult to create labelled training data,
but easier to collect this unlabelled data. Many researchers have work in this area,
such as, Ko and Seo [10] who suggest a method to convert documents into sentences
and classify each sentence using a sentence similarity measure and a keyword lists
for each sentiment type. Xianghua and Guo [11] also used an unsupervised approach
to automatically find the aspects discussed of social reviews in China and the
sentiments associated. They tested social reviews that were based on a Chinese
lexicon (300-SINA Hownet) and extracted from a blog data set. They discovered that
the approach they used obtained a good subject partitioning and improved SA
accuracy. It also helped to find out multi-aspect, fine-grained subjects and their
related sentiment.

There are other types of unsupervised approaches based on semantic spaces, lexical
association using PMI [12], and distributional similarity that measures the similarity

between polarity and words [13].

10



2.5 Microblogging Data

Clearly, the development of microblogging and social networking services in the last
eight years, has created new add-on services. These services have imposed a big
requirement from the field of sentiment analysis. This new area is known as
Sentiment Analysis of Microblogs [14].

Unlike conventional content, microblogging content is generally short (e.g., tweet
messages are restricted to 140 characters), contains some abbreviations, ill-formed
irregular phrases and words, emoticons and lacks of correct and complete sentence
structures. Most of the present work on sentiment analysis for microblogging
concentrates on the Twitter data sentiment analysis. Research has also been carried
out on sentiment analysis with other social media platforms such as Facebook,

MySpace, Sina Weibo.

2.6 Sentiment analysis of Twitter

We refer to Twitter because the student feedback is similar in length to what Twitter
allows. Twitter is one of the most popular applications in social networking. It was
created in March 2006 and provides micro-blogging services that allows users to
send “tweets” about their condition or about the events in their lives and opinions, up
to a maximum of 140 characters per message.

With the rapid growth of Twitter users to about 500 million worldwide and with
millions of messages every day, it became necessary for organizations to monitor
their reputation by analysing the views of Twitter users. This can be done by
extracting the sentiment of Tweets about the products and services of their own
company and also competitors.

Many Twitter users use abbreviations (because of short tweets no more than 140
characters), have spelling mistakes, poor grammar and sentences are irregular.
Therefore, it can be difficult to use sentiment analysis methods designed for
conventional texts. However, tweets provide useful indicators for many different
purposes. We can classify tweet sentiment into two classes, which are positive and

negative polarity [15].
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We can extract the sentiment automatically by using the two main approaches, which

are lexicon-based approach and machine-learning-based approach.

2.7 Sentiment Analysis Tools and Applications

Sentiment analysis can be applied commercially in many different fields to extract
the opinion of the user and the level of satisfaction with the product or service. In this
section, we will discuss some of the common Tools and applications and will give

brief descriptions of each.

2.7.1 Tools

There are commercial sentiment analysis tools such as Lexalytics, socialmention and
text-processing.com. There are some online services available such as, Viralheat®,
Radiant6’, Sysomos®, etc which provide sentiment values for a sentence.

Lexalytics is one of the major players in the field. It was the first seller to produce a
commercial sentiment engine, in 2003. Lexalytics provides two methods of
measuring sentiment. The first one is called phrase-based sentiment and the second
one is called model-based sentiment. In short, the first method uses a very large
dictionary with a score for every word starting from -1 very bad words and ranging
to 1 very good words. This method works well and is easy to use for a non-expert.
The second method, in short, requires to train the machine learning model on a set of
texts, labeled (positive or negative) by humans.

Lexalytics supports many languages, for example, English, French, Chinese and
Arabic . However, it does not support the Arabic language completely, such as the

sentiment of the Arabic language,.

4 https://www.viralheat.com/
5 https://www.marketingcloud.com/

6 https://sysomos.com/
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2.7.2 Applications

Sentiment analysis can applied in many application in following sections we will

explain some of them.

2.7.2.1 Online Commerce

E-commerce allows users or customers to provide their opinions about the product or
services online. These opinions for instance can help in providing a summary about a
product or a service and from that, identify common issues. Web sites can display
previous opinions and recommendations easily for new customers in order to help in
their decision-making. Common websites like "amazon.com" provide reviews from
customers and also with rating information. These sites contain 75 million opinions
from all over the world. Sentiment analysis can assist these sites by converting

dissatisfied customers into promoters by analysis of sentiment [16].

2.7.2.2 Voice of the Market (VOM)

Voice of the Market determines what customers feel about your or your competitors’
services and products. Convenient and accurate information from the Voice of the
Market can help in directing new product development and gaining competitive
advantage. Detecting such information early also helps in targeting and directing key
marketing campaigns. Management can get customer real-time opinion by using
Sentiment Analysis. Zhang et al. [17] proposed a weakness finder system that helps

manufacturers discover the weakness of their product from Chinese reviews.

2.7.2.3 Politics

Sentiment analysis can help politics to assess their weaknesses and strength of parties
and policies through an opinion analysis process across the population. In figure 3

we see three politicians in 2 hours tv debate in how the public tweet against each

politician. We note the varying sentiment level ratios between positive to negative
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over time and across the three politicians. This allows each politician to understand

the reactions of the public to what they say

Twitter Sentiment over the last 2 Hours
R !
1 ——te
- 7 N/
DA\ / \/ A\
-~
s v N\

= Gordon Brown s« David Cameron Nick Clegg

Figure 3 Sentiment level through time’

2.7.2.4 Brand Reputation Management

Reputation can be improved or damaged by customers’ opinions. This creates an
opportunity for companies to manage and strengthen its brand reputation. If, for
example, there was negative feedback on the keyboard being faulty, an early recall
could be made and a modification issued. Sentiment analysis helps identify the
customer's perspective on the brand of the company as well as its products and

services [16].

2.8 Arabic Language

Arabic, as a language, comprises 28 letters made up of 25 consonants and 3 long
vowels. Arabic can be best described as a cursive, joined-up and longhand language.
Cursive means that the letters in an Arabic word are connected to one another in a
continuous flowing line, unlike English which is non-cursative. In fact, the letter
shape in the Arabic language depends on its position in the word. Note that the
writing in Arabic runs in the direction of right to left. Arabic has no capitalization,
similar to other languages, such as Korean and Japanese.

Arabic letters have various shapes, depending on their communicative position in
the word. This is also unlike English, which has designated letters to represent short

vowels. Arabic has diacritics (marks) that play the same unique role as the short

7 http://www.bbc.co.uk/blogs/thereporters/rorycellanjones/2010/04/the_tv_debate_what_did_twitter.html
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vowels in English and determine the sound or the pronunciation of the letter. In
Arabic, it is interesting to note that almost all words are derived from a specific root
which is a composition of constants. Roots are generally categorized into three or
four major letters called radicals [18].

These basic specific characteristics introduce challenges in the Natural Language
perspective; therefore, it needs different techniques by researchers to accomplish a
better comparable performance level to what has been accomplished in other
languages, such as English.

There are three main kinds of Arabic, these are Classical Arabic (CA), Modern
Standard Arabic (MSA) and Dialect Arabic (DA). The oldest version of Arabic is the
CA, which has been used since the earliest ages of the Arab nation. The MSA is
regarded as the formal and academic Arabic language, which is used nowadays in
written books and intellectual materials. The DA 1is a kind of colloquial language
(street form) which differs from region to region, based on the culture in that region
[19].

The reason behind choosing Arabic over English in students’ feedback in DA within
this research, is to make them comfortable in expressing their opinion by using full
meaning of feeling explanation. Using English in our sentiment may cause our
students to utilize trivial or inappropriate words.

However, Arabic language has many additional challenges for natural language
processing, as illustrated by these points:

- A given root can take a few forms relying upon the context, for example ( esaal
i ¢ ual)

- Arabic has a variety of diacritics; depending on absence or presence of such
diacritics, words can have totally different meanings. For example, “school” 7443+ ”
and “teacher” “4w 2", both, when written without diacritics “4w,~”, can be read as
the same word.

- Words of negation, which can be used to negate present or past tense verbs, change
the verb meaning to the exact opposite. e.g. Ul 1xgy el ol | T didn’t like this
book.”
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2.9 Sentiment Analysis in student feedback

Sentiment analysis has been carried out in the education domain. Typically, this
approach has gathered the opinions of students through social networking, to
improve the level of feedback and hence education. Models have been applied to
monitor the performance of students, as well as trying to understand how students
benefit from the lecturer [20]. When you combine education and sentiment analysis
together, education can be improved by saving time to analyse feedback in real-time,
rather than at the end of the semester. Students can use any method (e.g. open-ended
text responses to questionnaires, SMS, and social media) to express their opinion
about the lecturer or some topic in the lecture, e.g. if it is difficult to understand. By
finding out students’ opinions over time periods, the lecturer can change teaching
technique according to the results.

In general, by analysing the sentiment in the text, it can help the teacher to also
understanding the student more deeply. The student can express his/her opinions in
short phrases or words. The student’s feedback can be taken at any time in the
lecture, but there will also be time points chosen by the lecturer as he moves from
one topic to another.

The lecturer can change the way the lectures are presented depending on the
sentiment levels and trends. For example, if students have a negative average
sentiment towards a lecture, then after deeper analysis, changes can be made. It is
possible for the lecturer to put more examples in the next lesson to make students
understand better. However, it may be a one off and the lecturer does not have to
respond to every negative review. Some parts of a course are hard, but over time a
fuller understanding will hopefully emerge.

After obtaining the results, they can be verified with discussions to make sure

sentiment analysis has reflected reality and achieved success in the education area.
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CHAPTER 3

THE EMPIRICAL WORK
3.1 Implementation

In this section, we will show how to apply the text processing and lexicon based

approach. The diagram of our system architecture is shown in Figure 5.

Input Student
Feedback
Output Sentiment
[ Y

Stored
Student
Feedback

Lexicon based
approach

Get Score

[

ArSenL

Figure 5 System Architecture

3.2 Programming Frameworks

This section is intended to give a brief overview of the programming languages,

principle libraries and environments that used to implement this research.

3.2.1 Hardware Platform
18



All processes have been implemented on the Mac OS version 10.11.3 (15D21) with

processor core i5 and ram 6GB.

3.2.2 RapidMiner

RapidMiner is one of the best tools in data mining. “RapidMiner is the world wide
leading open source and business source® data mining solution. It is a java-based data
mining library and environment[21]. RapidMiner has a graphical user interface
(GUI) which allows access to the algorithms and results, where the user can design
his/her model through drag-and-drop operations, without writing any code. Text
mining is one of the most important extensions that has been added to RapidMiner,
so there are operations for tokenization, remove stopwords, and stemming, etc. The

main reason for our choice of RapidMiner is that it supports the Arabic language.
3.2.3 Python

After considering all the possible options, we decided to choose Python 3°, because
Python can handle natural languages well and in particular strings. Python supports

libraries that provide natural language processing tools, which we need in this thesis

3.2.4 NLTK and Scikit

The NLTK' and Scikit-learn'' are the most important tools used in the
implementation of this project, and worth mentioning when using these tools to write
the code, it will facilitate and shorten the time of writing code. We used these
libraries for preprocessing, in particular NumPy'? and Pandas'”.

3.3 The Data

8 https://rapidminer.com/the-core-of-rapidminer-is-open-source/
9 http://www.python.org/

10 http://nltk.org

11 http://scikit-learn.org/stable/index.html

12 http://www.numpy.org/

13 http://pandas.org/
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In this project, we generated our dataset by collecting students’ feedback using the
FluidSurvey'* website. FluidSurvey questionnaire is a system designed to interact
with people, whose views are sought, without the need for installing software on
their PC. It performs the following tasks: feedback forms, building questionnaires
directly through the Internet, evaluations and calculating survey results.

We collected data from two courses in one semester, by posting the questionnaire
link to students via email. We have to ask two questions in the survey about students
satisfaction about the lecture and lecturer, students wrote their comments and

opinions in the text box. As shown in Figure 6.

MlS :Lubd

P ole JSh g guia gall clagh o A Lo

95 palaal) s e L jll (520 g8 La

Lall g2 g ailas

Submit

Figure 6. FluidSurvey questionnaire
We also collected data manually from the students by distributing a paper
questionnaire at the end of each lecture.

3.4 The Preprocessing

14 http://fluidsurveys.com/
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After collecting the data from the students, it must be preprocessed before starting
the sentiment analysis.

We will explain in detail all steps at this process, as shown in Figure 7.

Remove StopWord Normalization H Stemming

Figure 7. Preprocessing operation

3.4.1 Tokenization

The NLTK libraries offer a number of tokenization functions such as
TreebankWordTokenizer, = WordPunctTokenizer, = PunctWordTokenizer = and
WhitespaceTokenize. These divide documents into sentences and divide sentences
into words and divide words into letters depending on tokenization functions type
[1]. In our project, we used word tokenize for dividing the sentences to words,
because the data type is a sentence, as shown in this example.

>>> from nltk.tokenize import word tokenize

>>>word_tokenize(‘Hello World.”)

The output is <<<*Hello” , “World”.

3.4.2 Remove StopWords

StopWords is a set of words that are excluded during the preprocessing of data
(texts). These words appear in the text repeatedly, such as (in, from, to, ...) and it is
advisable that they are ignored and not indexed, in order to improve the accuracy. It
is important to note that when you delete stop-words, it does not affect the sentiment
of the sentence. The Arabic stop words listis ( ¢« ¢ sa¢ gae e ¢ b ¢ 5o e ¢ Jd ¢ (pa
cag Wi Ul eamt e gme g o A ead oS e N e Ulas e ol casall cancamy e S0
JMA ¢ (5S cplal e cilS e e e aeagle g oS gl e lial e aals I ete...)

In our project we used function get stop words ( 'arabic') and stopword.remove()

from the nltk library to remove the Arabic stopwords.
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3.4.3 Normalization

Normalization is important for the Arabic language because it contains a lot of
diacritics, unlike the English language. Normalization is the process of replacing
similar letters (letters interchangeable) with one of these letters, as well as deleting
the symbols from the sentences. In our project we put these conditions to work on the
normalization of our data.

1. Remove any punctuation from the string such as (. “;").

).

. Remove non-letters from the word such as (+ =~ $).

. Remove any diacritics (short vowels) such as ( :

2
3
4. Replace « 1”1+, and “ 7" with bare alif " " regardless of position in the word.
5

. Remove Tatweel “ 17 (for example, using Tatweel the word “ <> may look like
" .ng._ﬁ]
. Replace final “ &” with " "

(13 2

6

7. Replace final “ 3” with “ . 7
8. If a word starts with *“ ¢ then replace it with «.”)
9

. Replace “ 5" and ““ 5" with “ .

10. Replace “ s” and “ s 17 with* 15 ] 7.
3.4.4 Stemming

Stemming is the process of removing all prefixes and/or suffixes of the words to
produce their root. Table 1 and 2 [21] show the Arabic prefixes and suffixes. It
reduces the impact of the pattern difference and the shape difference of the Arabic
words. It also contributes in decreasing the required size to store the words in
indexes. Stemming is a mathematical method of gathering all the words that share
the same origin and have some semantic relations. Arabic stemming algorithms are
classified according to the required level of analysis: based on origin or based on the
root [22]. In our project we used the Information Science Research Institute's (ISRI)
Arabic stemmer. The reason for our choice of ISRI stemmer is that the design of
ArSneLll (Arabic Sentiment Lexicon) uses ISRI to get the root of the words, so we

used it to facilitate the matching process between ArSnel and our data.
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Prefixes Meaning Example
< | with, in, by 3 5Ll
& | same as oaalls
o | will il
5| and PAAEP
JI| the Ll g
1| question mark Alsii
< | then | gan 28
J | because, to alal
Table 1 Arabic prefixes
Suffix Derivative Meaning Example
¢ | Singular female Ol
o' | male dual Oleedy
s | Plural male g
s | Singular female A pa
& | Addresser singular masculine el
I'| male dual Py
< | Singular female N
O | Plural oA
< | Singular female EhY
< [ Female plural CleY
Os | absent male plural O sl
|5 | absent male plural AN
& | addresser male AllS|
#» | absent male plural PYEpY]




< [ addresser male pSo pa

Table 2 Selected Arabic suffixes

3.4.5 Buckwalter

Buckwalter '°[23] is a system designed to represent the Arabic language characters
on the computer, in standard encoding. The Buckwalter transliteration has been used
in many applications for natural language processing for the academic and
commercial purposes. It is designed and developed by the Linguistic Data
Consortium'®. The Buckwalter transliteration is a strict conversion tool for Arabic
characters (one-to-one) to ASCII characters.

In our research, we have built a script in Python to convert the Arabic characters into
ASCII symbols following the buckwalter method (see Table 3 [23]). We did this
because Python neither supports Arabic characters nor handles it like English

characters. The other reason is that the ArSenL dictionary is written in Buckwalter

translation.
Letter Description Buckwalter
¢ | Letter Hamza ,
1| Letter Alef, Madda above
i Letter Alef, Hamza above >
5 | Letter Waw, Hamza above &
) | Letter Alef, Hamza Below <
i | Letter Yeh, Hamza above }
I Letter Alef A
< | Letter Beh b
5 [ Letter Teh Marbuta p
< | Letter Teh t

15 http://www.qamus.org/transliteration.htm

16 https://catalog.ldc.upenn.edu/LDC2010L01
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<& | Letter Theh \4
z | Letter Jeem ]
z | Letter Hah H
¢ | Letter Khah X
2 [ Letter Dal d
3| Letter Thal *
o | Letter Reh r
2| Letter Zain z
| Letter Seen S
o | Letter Sheen $

Table 3 A selection of Arabic language characters and their Buckwalter

correspondence

3.5 Arabic Sentiment Lexicon (ArSenL)

The main resources to build the ArSenL are Arabic Word-Net (AWN), English
WordNet (EWN), SAMA and English SentiWordNet (ESWN),shown in Table 4.

There is no direct Arabic Sentiment lexicon. There are however English Sentiment

lexicons. For this reason ArSenL gets its sentiment from the English version, but

ArSenL obtains the sentiment of Arabic words from the English lexicon that

corresponding to Arabic words. We will explain each resource as follows.

Lexicon Language Sentiment #Lemmas
AWN Arabic No ~7K
EWN English No ~120K
SAMA Arabic-English No ~40K
ESWN English Yes ~120K
ArSenL Arabic Yes 28,760

Table 4 The main resources contributing to the ArSenL database
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3.5.1 English WordNet (EWN)

WordNet is a classified and categorized database of words. The parts of speech such
as: nouns, verbs, adjectives and adverbs are logically grouped into sets of synonyms,
antonyms and part of speech tags.. English version of WordNet is one of the most
important tools used in the natural language processing (NLP) for the English

Language.

3.5.2 Arabic WordNet (AWN)

Arabic WordNet (AWN) [24] is a collection of Arabic words that is built on English
WordNet.

3.5.3 Standard Arabic Morphological Analyzer (SAMA)

Standard Arabic Morphological Analyzer (SAMA ) [25] considers each Arabic word
token in all possible prefix-stem-suffix segmentations, and lists all known/possible
annotation solutions, with assignment of all diacritic marks, and all Part-of-Speech

(POS) labels and glosses for each morpheme segment. As shown in Table 5.

Buckwalter
Orginal Segmentaion Part-of-speech Synonym
translation
Jés | mivAl mivAl +u NOUN+ example/model
CASE DEF NOM
o= | libaEoDi li + baEoD +1i PREP + for/to + some, a
NOUN QUANT + | few, little, part
CASE DEF GEN
<~ | Harof Harof NOUN Latter

Table 5 The SAMA examples

3.5.4 English SentiWordNet (ESWN)
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English SentiWordNet (ESWN) is a large-scale sentiment lexicon for English
language. Each word in EWN appears in ESWN. All the words in ESWN have three
sentiment scores : positive, negative, and neutral, whose sum is equal to 1, for
example, the word (love ) has sentiment score (1, 0, 0) [26]. Other words are not so

definite such as ‘well” which has a score (0.7,0.1,0.2)

3.5.5 Arabic WordNet-based Approach

For Arabic, the approach follows two steps: mapping SAMA to AWN and mapping
AWN to ESWN. The mapping between AWN and SAMA gives us the correct
lemma forms for the words in AWN and the mapping between AWN to EWSN gives
us the sentiment scores. We can refer to the resulted lexicon as ArSenL-AWN. In
this way, we show how the ArSenL is built. More details are in Barado et al [27].

In our research, we added some normalization to the ArSnel, such as removing all
the diacritics (marks on the base letter) from the dictionary. The reason for this is that
all the students’ feedback was written without diacritical marks. To make a matching
between the ArSnel and the students feedback, after implemented the preprocessing

operation on it .

3.6 Calculating the Sentiment Score

After executing the previous operations, we want to find the sentiment of an input
sentence. The system sends word by word to the ArSenl where a matching process
takes place against its list of words. If the matching hits, then we retrieve the positive
and the negative value and store these values. This is repeated for each word in the
sentence. In the case where there is no match, we ignore the word. After fetching the
positive and negative values for all the words in the sentence and storing them, we
sum the positive values across all the words to get the score, and likewise for the
negative ones. Eventually, if the total score of the positives is greater than the
negatives, the sentiment is considered positive and vice versa. We have also stored
the negation constructs in the Arabic language such as ( &l ¢ ¥ <o, .)). If one of the

negation constructs shows in the sentence, we will invert the positive and negative
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values (replace the positive instead of the negative and the negative instead of the

positive) for the word that comes after the negation.

3.7 The summary of empirical work

* Input the students' feedback.

* Split sentences to words by tokenization and remove stop words.
* Implemented the normalization and stemming on texts.

* Applied the Buckwalter method.

* Get word polarity score from ArSenL.

* Compute sentence polarity from word polarities.

¢ (Obtain results for students' feedback.
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CHAPTER 4

RESULTS

In this chapter, we present the Arabic sentiment analysis results for student feedback
using Python language built in the RapidMiner platform. Due to the difficulty of the
Arabic language that was collected from students, we used Buckwalter translation to
convert to ASCII characters from Arabic ones. Also, we utilized ArSenL to calculate
the score of sentiment as mention previously.

We also sent our data to the Indicoio and Repustate companies to compare our
results with these companies.

We divided our experiment into four parts as follows.

1. Apply Preprocessing operations on our data.

2. Obtain sentiment score.

3. Compare our results and the companies’ results.

4. Display final results for two courses on excel graph.

4.1 Apply Preprocessing operations

At the first stage, we loaded our data into RapidMiner and then this data was passed
to a Python library to apply the operations Tokenization, Remove stopwords,
Normalization, Stemming and Buckwalter.

Tokenization splits the sentence to words, while Remove stopwords removes any
word that has no effection on the meaning of the sentence like prepositions as in the

Table 6 below:
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Row Tokenization & Remove
No. Text Translation StopWords
Cmaz 53820 J3sy laa 32 3 sukalawd! The lecture was very good, and Dr james has [osSailt "Jdaay' ,‘lh‘
1 Wl Cile glaadl Juad (2m5ad 3528 13 e[ put efforts in order to deliver the information R S
1o us.
Ja: 5 5383l 3 Andaa y lax 32 3 sulawl! | The lecture was very good, joyful and Dr ['OosSall g Andaa y laa?
W A ylaall Juad dse (A Aiias 13 4| James has made appreciated efforts to deliver ‘A-;S-J" ‘J\-—m‘_‘ J»-—' R . S LT
BT 38y 333y Baske Tile slaa Wilac) s the information to us, given us useful fresh ' .‘a\—,i-a‘ S ilac ) ‘U',
2| ,Sal o3 1S5 LSETl e Aalus s Asede |information, opened new scientific horizons | "Skal 'S L SEN Ralas s Rsade’ 58
=azx|and a space of thinking thanks a lot Dr. ez '.)J-SA“‘]
James.
a8 LYy las 3am g Andes y Ainl 3 ualawd!(The lecture was joyful, interesting and very [N J3am ' JAxdea ' A
Tl simall Juayl A laa a: 3 ssae J3:|good, the lecturer has made very good efforts ‘Jl—n,i' Maal laa! tasgaa’ 3
3 583 aa 3am 3B e Jseasdl Aad3iyin delivering the information to us, we wish Baat i N seanldl T Saliy il il
Cmazs 5983 1SS Cwemswe get high grades with Dr. James, thank you 'u--e:" JoSat MSE Mot 15 380"
Dr. James
4 Lo o Algae 3 4ndl ) S3S & ull 3 ks [ Today's lecture was a great and very easy to [(odST Maat Jadgad asdl ! east
22S »a38 <l3 <SS |where it was of interest to big. To xS e
SAall SIS 3 4a sghe <idS o yklaall| The lecture was understandable and the [Camadia’ MDall’ Maa ygia’ '-)a\adl'
5 aS JSZ: 5 ¢Sa0l ae Cumeaise|students were highly concentrated with the TSt ' IS0
instructor.
6 ped! 2l y Asmaa laa <S35l The lecture was very difficult and I didnt [ seasall’ Jagdl' [l [ Amaat Mlaat '3 kladl,
228 JSZ g s sedl|understand the topic very well. ' eS")
7 Jgas SIS £ yaia gall 3 Agae ullS 3 klalll | The lecture was easy and the topic was quite [ Cragdy' JABYY [gasay' ekl 'c_)—-,
understandable. o Slaa' 'AEs yla])
23 OSJ i)l Cam: camaa JAS g saia sl | The topic was hard to understand somehow, [(O8" [ Akaid o el amaa’ e gada sall')
8 LB aa Al Aagdy lalaall B e Adaki|however it was been covered by the lecturer T aat aagdy’ ' klaadl']
and I understood very few things.

Table 6 Results of Tokenization and Remove stopwords

On one hand, the diacritics are removed by the Normalization, on the other hand,

Steamming returns the word to its root. Table 7 shows the results of the

Normalization and Stemming:

1;‘:: Text Translation Normalization & Stemming
12 3¢ e 533820 J3sy las 33 3 jualawdl| The lecture was very good, and Dr james has put [2ea' omam' 'S0 A Maal fam! [ jeaal)
1 Gl ite ylxadl Juad i xd 3 :8 |efforts in order to deliver the information to us. el a8
133> J3: 53820l 5 Andas y laa 33 3 jualawl| The lecture was very good, joyful and Dr James has gt A S0 ade’ Mlaal aat Y jeaal,
Wilac) y W Aa yixall Juad i b Licas|made appreciated efforts to deliver the information to| '3 ‘p&:‘ Jislac' U alet ‘J—as‘ RN
O Aalice s Asale 3T 238y 5200y 338a Tila slaa(us, given us useful fresh information, opened new Tl S SE el
2 mazs S0 M 5a | S Sl scientific horizons and a space of thinking thanks a lof
Dr. James.
Ja: 38 SELY!y laa 3y Andea y Al 3 jualawdl| The lecture was joyful, interesting and very good, the
ey Sila glnall Juad 3 laa 22 3 sgae|lecturer has made very good efforts in delivering the
3 1S5 Cea ) 985 aa 33 33 e J seaadl|information to us, we wish we get high grades with
Umaz 83| Dr. James, thank you Dr. James
CES Cum laa Algas 3 axdl ;) CAS ol 3 51| Today's lecture was a great and very easy to where it [ld ClSt Maal dgad Jad)' JCds! ke
4 N B
228 2235 <il3|was of interest to big. TS ')
&a Opadie el JIS y Ae sgie CulS s yklaall| The lecture was understandable and the students were [OS' 15585 s’ e’ fagd' ' ylaal]
5 eS8 JS& , giSall(highly concentrated with the instructor.
6 £ sua sall agdl &l Amaa laa iS5 kLl The lecture was very difficult and I didnt understand ['>S' Jasay agd' ol 'camaa’ Maat [ kat]
S JSZlthe topic very well.
7 Jgae SIS g gata gall 3 Agae TS 3 55ladl [ The lecture was easy and the topic was quite [ 55" G aed' e Jas ! [ a5l
understandable.
O Agkaid a3 ST il ans Canaa IS & gaiasall | The topic was hard to understand somehow, however [aat i el ad il e’ ey,
8 JiB s ) 4agd s Hilaadl JB|it was been covered by the lecturer and I understood T taal Tagd']
very few things.

Table 7 Results of Normalization and Stemming

Buckwalter literally translates each Arabic letter to its mapping English alphabet.

This is shown in Table 8.
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1;0: Text Translation buckwalterMode

13 g seas )38 Jasy laa 333 jualaall The lecture was very good, and Dr james has put efforts |['HDr', 'jyd', 'jdA", 'b*1', ‘dktwr’, jyms', 'jhd', 'kbr', 'grD', 'y!
1 Ul e glaadl Juad (a %l s S in order to deliver the information to us. 'Elm’, 'ynA']

13 yga Ji ) 8all y Axlea y 13 330 3 pualaall| The lecture was very good, joyful and Dr James has ['HDr', Yjyd', jdA', 'mtE', 'dktwr', 'b*1', 'jhd', 'Dnp', 'sbl', 'ys|

ilac| 5 U 4 yixall Juad Jis b Aas|made appreciated efforts to deliver the information to us,['Elm', 'InA', '<ETA}', 'Elm', 'fyd', 'jdd', 'ftH', 'Afq', 'Elm’,
2 | e Aoy Al BT 23y 3300y Bia il glna| piven us useful fresh information, opened new scientific |'sAH', 'fkr', '$kr', 'jzI', 'dktwr', 'jyms']
sz ) ySall Jy3a | S5 Sidll | horizons and a space of thinking thanks a lot Dr. James.
Ji: 28 0LV laa Sy Andea s Al 3 jualaall The lecture was joyful, interesting and very good, the  |['HDr', '$yq', 'mtE', 'wjd', 'jdA’, 'sA*, 'b*1', 'jhd', ‘jyd', 'jdA

3 riadiy Sila glnall Juad (A laa a2 3 s lecturer has made very good efforts in delivering the 'ysl', 'Elm', 'mnY", 'Hsl', 'ntj', ‘jyd', 'dktwr’, ‘jyms', '$kr',

1S4 Ceain ) 553 aa 53 il (e J yeasdl|information to us, we wish we get high grades with Dr. |'dktwr', 'jyms']

s )83 James, thank you Dr. James
4 S i laa Algas g 4ndl ) CiS o ol 5 )4las| Today's lecture was a great and very easy to where it was|['HZr', 'kAnt', 'r}E', 'shl', 'jdA", 'kAnt', "*At, 'f}d', 'kbr']
23S 22 <3| of interest to big.
5 &a Oadie Ol ISy 4a ggie S » ySlaall| The lecture was understandable and the students were ['HZr', 'fhm', 'TIb', 'dmj', 'dktwr’, 'kbr']
S JS& ) gSall highly concentrated with the instructor.
6 & swagall agdl oy Lmaaa 132 S 3 55004l The lecture was very difficult and I didnt understand the |['HZr', 'jdA", 'sEb', 'Im', 'fhm', 'wDE', 'kbr']
S JS&topic very well.
7 Jgae IS g gulapall g U S 5,50l The lecture was easy and the topic was quite ['$eH', 'HZr', 'dEm’, 'mvl', 'fhm', 'Trq, 'mtz']
understandable.
O Akl o3 080 (ol ans Canaa IS g gua gall | The topic was hard to understand somehow, however it |['wDE', 'sEb', 13}, 'tm', 'gTy", 'gbl', 'HZr', 'thm’, 'Hd', 'qll']
8 il s ) Aagdy yhlaall Jiwas been covered by the lecturer and I understood very
few things.

Table 8 Results of Buckwalter

4.2 Obtain sentiment score

We applied our method to calculate the sentiment score. There are two scores

positive and negative for each sentence. The sentence appears as positive if the

positive score is greater than the negative score and vice versa. As we can see in

Tables (9) and (10)
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Row
No.

Text

Gl Cila glaadl Juad e 5ad 5 S 13 g Cea 53830 J3sy laa 320 5l

W Za sl Jiad e g Guiaie 13 3¢ J33 55301 3 Andan s 13 B3 5_yuimlanal
13_)_;'_)5&_)95&3'J&MJ%J&'@‘.J'Q.\QJ;JR.\?AQ\APM!J
mazs ) yiSall

MJ’.\;.\QJHJ:\Q.\‘:}LLY|J |.\_;3.\9,&3~.,2.i,\.:3).b1;.d|
Cmaz )982 | SE Ceam 350 aa B 23S o J peaadl ey Sile gl

o)gﬁoﬁ\b's&hﬁp'.\_;«i‘ajd)s:ﬂseﬁ!iﬁbu

_ﬁﬁMJﬁﬂ'e\p‘&gm‘ﬁJuwﬁ.ﬁhﬂ

23S JS2 g yaia gall agdl &l 3 Asmaa laa iS5kl

Jge IS g yuda gall y Algas S 5 laall

i 2n ) Anghy SElaall JB m gt o3 oI ) lany e OS g s sal

Table 9 Sentiment scores

Translation

Pos_score

Neg_score

Sentiment

The lecture was very good, and Dr james has put efforts
in order to deliver the information to us.

1,59940883

0,386772643

positive

The lecture was very good, joyful and Dr James has
made appreciated efforts to deliver the information to us,
given us useful fresh information, opened new scientific
horizons and a space of thinking thanks a lot Dr. James.

2,334613352

0,760431135

positive

The lecture was joyful, interesting and very good, the
lecturer has made very good efforts in delivering the
information to us, we wish we get high grades with Dr.
James, thank you Dr. James

2,925804663

0,817222048

positive

Today's lecture was a great and very easy to where it was|
of interest to big.

0,72928338

0,37307423

positive

The lecture was understandable and the students were
‘highly concentrated with the instructor.

0,394570229

0,092980296

positive

The lecture was very difficult and I didnt understand the
topic very well.

0,438690476

0,904761905

negative

The lecture was easy and the topic was quite
understandable.

0,35452381

0,139440267

positive

The topic was hard to understand somehow, however it
was been covered by the lecturer and I understood very
few things.

0,43156682

0,599071941

negative

Table 10 Sentiment scores
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4.3 Compare our results with the Indicoio and Repustate companies

We also sent our data to Indico and Repustate companies that are interested in the
text analysis. Indico and Repustate companies have a function called Sentiment, this
function has three arguments (data, api_key and language). The output of the Indico
system returns a number between 0 and 1, if a value greater than 0.5 indicate to
positive sentiment, if the value less than 0.5 indicate to negative sentiment. The
output of the Repustate system returns a score range from -1 (negative) to 1
(positive) with a score of 0 being "neutral". When we compare our results with the
companys’ results, we can see our results are more realistic. We determine ground
truth by manual inspection of the sentence and just reading them to determine
sentiment. Sentences such as 6 and 10 appeared in our results positive and negative
respectively while the same sentences appeared in these companies opposite way, as

shown in Table 11.

Translation Indico Repustate

The lecture was very good, and Dr james has put efforts
in order to deliver the information to us. 0,91949042 {'score': -0.5611798493101557, 'status': 'OK'}

The lecture was very good, joyful and Dr James has
made appreciated efforts to deliver the information to us,
given us useful fresh information, opened new scientific

horizons and a space of thinking thanks a lot Dr. James. | 873723544 {'sccre'’: 0.47977399901215406, 'status': 'OK'}

The lecture was joyful, interesting and very good, the
lecturer has made very good efforts in delivering the
information to us, we wish we get high grades with Dr.

James, thank you Dr. James 0,734921341 {'score': 0.4134663047161541, 'status': 'OK'}
Today's lecture was a great and very easy to where it was|

of interest to big. 0,588983641 {'score': 0.3319971466928432, 'status': 'OK'}
The lecture was understandable and the students were

highly concentrated with the instructor. 0,764796942 {'score': 0.95, 'status': 'OK'}

The lecture was very difficult and I didnt understand the

topic very well. 0,059373301 {'score': -0.3983965760314119, 'status': 'OK'}
The lecture was easy and the topic was quite

understandable. 0,791520521 {'score': 0.95, 'status': 'OK'}

The topic was hard to understand somehow, however it
was been covered by the lecturer and I understood very
few things. 0,343847957 {'score': -0.95, 'status': 'OK'}

Table 11 Indico and Repustate results

4.4 Display final results for two courses in Excel

Our data consisted of two courses, Web Analytic (WA) and Management
Information System (MIS) in one semester. The WA had four students and the MIS
had five students. We reported the maximum and minimum scores for each week and

calculated the average also. These three points (maximum, minimum and average)
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were inserted into an Excel sheet and each course was plotted over time, as in the

figures below.

Average

0,157
0,272
-0,009
0,036
0,318
0,247

MIS course sentiment

Max Min

02/02/16 0,805 -0,228
09/02/16 0,712 -0,296
16/02/16 0,466 -0,432
23/02/16 0,406 -0,298
01/03/16 0,746 -0,023
08/03/16 1,000 0,000

3,000

2,500

2,000

1,500

1000

M

0,000 /[\

0500 s

Figure 8 Final results for MIS course

As we saw in the previous figure, we got one average value for just one week that

equals to -0.009. this avrage can be considered as a neutural score because it is so

close to the value of 0 (neutural value). This is also applied to the week number four

(23/2/2016) in the next figure.
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Max Min Average

02/02/16 1,000 0,169 0,623
09/02/16 0,693 0,079 0,215
16/02/16 0,646 0,079 0,203
23/02/16 0,379 0,432 0,024
01/03/16 0,253 0,495 0,201
08/03/16 0,545 0,134 0,147
15/03/16 0,805 0,142 0,486
22/03/16 0,547 40,300 0,068

WA course sentiment
3,000
2,500

2,000

1,500

-1,000

Figure 9 Final results for Web Analytic course
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CHAPTER 5

CONCLUSIONS

Based on the outcome of system tests and analysis, it can be concluded that the
sentiment results using a lexicon-based approach for the Arabic language, is able to
classify sentiment into positive and negative.

Our results are very realistic. We used the ArSenL dictionary to find the sentiment
score. We conclude from the sentiment graphs that variations in the curve during the
course, is as a result of the different level of difficulty or ease of lecture and lecturer.
The graphs are plausible because there is no curve out of range over time of every
week of the semester. We found for example that the curve during a midterm exam
or some difficult lectures moved down and during some periods of time increased.
Our data that was collected from students seemed normal because it ranged between
the positive and negative depending on the level of the lecture.

We compared our results with two tools the Indicoio and Repustate to verify results.
We found the Indicoio and Repustate accuracy is not always accurate as we have
seen Arabic sentences positive, but in Indicoio and Repustate they showed the
opposite. The system could be improved in many ways. (1) Making our work as a
website instead of installing the application on the computer we can reach it online to
make it available for everyone as well as to get results in real time. (2) Using
supervised learning we can make comparison between these two approaches. (3)
Designing a Web page that has some audio recording tools that allow students to
recording their voice to express their opinion and translate this audio to text. (4) We
can address repeating the letter more than ones to Identifying the meaning or feeling
(A typical style found in casual channels) for instance, WIWINIas in MSA can be

written as 2>, Extremely or too much is its meaning
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