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Automated Arabic Essays Grading System based on Support Vector
Machine and Text Similarity Algorithm
By: Saeda Esmaile odeh Al-awaida
Supervisor: Dr. Bassam Al-shargabi
Abstract
The Automated Essay Grading (AEG) used in universities, companies, and schools
which using computer technology capability to improve the grading system to
overcome cost, time and teacher effort in correcting the student’s paper. The Arabic
Essay Grading system is wide spread over the world because they play critically in
education technologies. AEG system applied for multiple languages such as (English,
French, Bahasa, Hebrew, Malay, Chinese, Japanese, and Swedish). Therefore , this is
thesis, focus on Arabic Essay Grading on the Arabic language, as there are many the
techniques used in automated Arabic essay grading such as natural language processing
and machine learning. Due to the lack of research on Arabic language AEG, this thesis
introduced Arabic automated essay grading system consists of two main processes:
firstly, Applying on Arabic WordNet to all possible or related word in meaning then
select features based on support vector machine after the preprocessing step. Secondly
process, evaluate electronic student essays according to previously determined answer
models to find out the similarity degree using cosine similarity algorithm. According to
the experimental result, reveal that the proposed system improves the performance of

Arabic essay-grading as compared to human scoring.

Keywords: Automated Essay Grading, Support Vector Machine, Arabic

WordNet, Cosine Similarity Algorithm.
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Chapter One

Background and the Study Importance

1.1 Research Context

This thesis focuses on automatic grading for the Arabic essay questions with a score
comparable to human score by using a support vector machine to features selection and

text similarity algorithms to find the score.

1.2 Background

Automated Essay Grading (AEG) continues attracting the attention of public
schools, universities, testing companies, researchers and educators. A number of studies
have been conducted to assess the accuracy and reliability of the AEG systems (Dikli,
2006). Furthermore, there were several AEG studies reported high matching rates
between AEG systems and human raters with different techniques such as latent
semantic analysis(LSA), support vector machine (SVM) and text similarity algorithms
and combine between these technique (Zhang, 2010.). The vision of having effective
algorithms to score student essays should be appealing to the teacher, test, and research
scientist.65tg Teachers freed of the burden of reading and hand-scoring maybe
hundreds of student papers and consequently, would be more likely to assign written

questions and probe for the deeper understanding student.

Test publishers would be able to score essays for less cost and conceivably
provide higher quality assigned grades with using computer’s special capabilities and
techniques to improve AEG system to achieve more accurate results compared to
traditional scoring using standard measures mean absolute error and Pearson correlation

result.



Many of the techniques used in AEG, such techniques within the field of natural
language processing and machine learning and latent semantic analysis used to grade

student essays(Alsaleem, 2011)(Al-Jouie & Azmi, 2017)(Suresh & Jha, 2018).

In this thesis, SVM technique and text similarity algorithms is used to extract
feature and measure the percent of similar between model answer and student answer

to find the proper score.

1.3 Definitions

1.3.1 Automated Essay Grading (AEG)

Automated Essay Grading (AEG) is a technique used to grade student essay
without the direct participation of human which automatically evaluate the score or
grade of a written essay to overcome time, cost and reliability. AEG systems motivated
to develop solutions for assisting teachers in grading essays in an efficient and effective

manner (Surya, et al., 2018).

Most AEG systems have implicitly or explicitly treated as a text classification
problem, utilizing a number of techniques within the field of natural language

processing and machine learning.

AEG system mechanism contained two stages: firstly, preprocess of the texts
that are making the texts useful for further analysis and process after a collection of

student texts in their text corpus forms inputted into the AEG system.

Preprocess techniques include stripping the texts of white space and removing
certain characters such as punctuation, and remove any character from another

language, and splitting text sequences into pieces, referred to as tokens.



Other methods employed in the preprocessing stage such as : tokenize,
normalization ,stop word removal and stemming will be illustrated in the next sections

in more details.

The second stage typically involves feature extraction, which is the process that
maps the text sequences to a vector of measurable quantities,. It considered the most
difficult part of the construction of an AEG system and it is a challenge for humans to
take into account all the factors affecting in the grade. Furthermore, the effectiveness

of the AEG system is constrained by the chosen features. (lilja, 2018)

1.3.2 Support Vector Machine (SVM)

Many of machine learning techniques such as Naive Bayesian (NB), K- Nearest
Neighbors (KNN), decision trees and Support Vector Machine (SVM) have been used
in the scope of building an automatic essay grading. As for the SVM, the techniques

investigated study in this thesis.

The SVM is a supervised classification algorithm, which was first proposed by
Vladimir N. Vapid in 1963. It is based on the minimize errors in the classification

(suresh & jha, 2018).

In this algorithm, plot each data item as a point in n-dimensional space with the
value of each feature being the value of a particular coordinate. Then, perform

classification by finding the hyperplane that differentiates the two classes.

The SVM has two classifiers model distinguish the first one (OAQO) SVM classifier
that classifies the data into two different classes (one class versus one class), another
(OAA) SVM classifier that mean one class against multiple class which classifies the

data into more than two classes. The multiple classes that mapping to multiple binary



classifications. For example, if we have to classify data into M classes, which m is the

number of classes, the number of classifiers define in equation 1.

N: M(M_l)/z ................................................................... l

Where N: Number of classifier , M: Number of class . For example, let us consider a
typical two-class problem (class A, class B ) Figure 1 shows a number of linear
classifiers are possible for (class A, class B). SVM classification aims to find the linear
classifier that maximizes the distance between (class A, class B) and the nearest data

point of each class shown in Figure 2 (Sundaram Arun, 2015).

Figure 1: Number of possible classifiers (Sundaram Arun, 2015).

Figure 2: The nearest data point line of class (Sundaram Arun, 2015).



1.3.3 Text Similarity Algorithms (TSA)

Measuring the similarity between words, sentences, paragraph and documents

are important for use in automated essay grading.

Text similarity contains three approaches: String-based similarities, Corpus-
based similarities, Knowledge-based similarities, or a sample of combinations between

them.

String-based similarities: partitioning them into two types character-based and
term-based where these approaches measure the similarity by counting the number of

different characters in these two sequences.

Corpus-Based similarities are a similarity measure that determines the similarity
between words according to information gained from large texts that are used for

language research.

The knowledge-based similarity is one of the semantic similarity measures that
bases on identifying the degree of similarity between words using information derived
from semantic network, Some of these were combined together to find the best
performance was achieved by using a method that combines several similarity metrics

into one.

1.4 Problem Statement

Recently, advances in electronic exam technologies have attracted considerable
attention from universities and e-learning-based educational schools, helping e-learning

to meet the needs of teachers and learners.



The traditional correction process, needs educational cadres and relatively high
cost of money and a great time in sorting and checking student results, so, an automatic

grading systems would help the teacher in cost and time.

Automated Arabic essay grading is still at the beginning, most of the
methodologies used still do not achieve the accuracy required to achieve high precision

in the correction process.

1.5 Question of the study

What the improvement in the automated grading system in terms of accuracy when

using support vector machine and text similarity algorithms?

1.6 Objectives of the study

The main objectives of this study are:

1- Proposing an Arabic automated grading model that is based on support vector
machine and text similarity algorithms.

2- Validating the proposed model in terms of accuracy.
1.7 Motivation

The main significance of the proposed technique is to enhance the accuracy of
an automated grading system that based on composed of support vector machine and
text similarity algorithms, as we need a system to generate scores for the student essay

questions with a better accuracy that matches the human scoring.



1.8 Contribution

To help the teacher, to automatically score student essays freed of the burden of
reading and hand scoring where hundreds of student papers and consequently would be

more likely to assign written questions and probe for the deeper understanding student.

The system will be able to score essays for less cost and conceivably provide
higher quality assigned grades with using computer’s special capabilities to improve

AEG system to achieve more accurate results compared to traditional scoring.

1.9 Scope and limitations

The scope of this study is to design an automated essay grading model based on
SVM and text similarities approach. This study will be limited only for the grading

essays written in the Arabic language.

1.10 Thesis outlines

Chapter 2: discuss the literature review and related work.
Chapter 3: presents the proposed technique.
Chapter 4: discuss the experiments work and result.

Chapter 5: will discuss the conclusion and future work.



Chapter Two

Literature Review and Related Work
2.1 Introduction

This chapter presents an overview of the concepts and main topics of Arabic
automated essay grading, also presents the definition of Arabic automated essay
grading including its history, and definition of support vector machine. This chapter

will also define the text similarity algorithm and some types of it.

2.2 Automated Grading System

Based on the type examination as it is divided into two types : multiple choices
and essay systems. Multiple choices systems are easy to implement but difficult to
measure student-understanding courses that require asking students essay questions.
Nevertheless, essays demand a better-measured depth level of understanding for the
student (Rababah & Al-Taani, 2017). Accordingly, an essay grading (EG) through
using specific computation technologies used to score essay questions by a number of
studies conducted to assess the accuracy and reliability of the AEG system for multiple
languages such as (English, Arabic...). From another side, the AEG have different

systems will distinguish in the next section.

2.3 Automated Essay Grading Systems

Four types of AES system is used in testing universities and schools, The first
automated essay scorer was developed by Ellis Page in 1966 with his Project Essay
Grader (PEG ) which concern to measure the quality of essay refer to writing construct
such as word length, essay length, punctuation and soon (Hutchison, 2011). PEG
system results were predicted score is nearest to human score this best advantage of the

system. Later PEG was modified in several aspects in the 1990s; it incorporated special



collections and classification schemes. Another system that Intelligent Essay Assessor
(IEA) which they scored an essay using semantic text analysis method called latent
semantic analysis which text is presented as matrix which rows in the matrix stand for
a words and columns stands for context, and each cell included the word frequency,
each cell frequency consider feature denoted a degree to which the word type carries

information in the domain.

Electronic Essay Rater (E-rater) system was developed by the Educational
Testing Service (ETS) to evaluate the score for an essay by identifying linguistic

features (lexical and syntactic).

IntelMetric system is using a blend of artificially intelligent, natural language
processing and statistical technology) which concern to measure the quality of essay

refer to write construct and content of the text(Hutchison, 2011).

Table 1: provide a summary for the AES systems and their main approaches.

Table 1: Arabic Essay Scoring System

PEG Page (1966) Statistical Style
IEA Land Auer, Foltz, & Latham (1997) LSA Content
Style and
E-rater ETS development team (Burstein, et al.,1998) NLP
content
Style and
IntelliMetric Vantage Learning (Elliot, et al., 1998) NLP
content
Bayesian text Style and
BETSY Rudner (2002)
classification content
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2.4 Text Similarities

Text similarities are defined as the distance between words, sentences, paragraph,
and documents based on the likeness of their meaning or lexically and semantically.
Three approaches of text similarity String-based, Corpus-based, and Knowledge-based
similarities. String-based operates on string sequence and character composition while
character based on the distance between characters. Corpus similarity measures similar
words according to information gained from large corpora. Knowledge-based similarity
also measures the similarities between words and information derived from WordNet.

In this thesis, the cosine similarity to grade the student answer is used.

2.5 Arabic WordNet

Arabic WordNet is a useful knowledge-based tool for several semantic
similarity measures created in 2006 then had extended in 2015. It used in many natural

language processing applications.

Arabic WordNet is a lexical database for the Arabic language, which concerns the

meaning of words, rather than forms, words are semantically similar.

Also it lexical resources containing not only words of the targeted language but also
synsets and semantic relations between them such as synonymy, meronymy, and
antonym which Synsets are groups of words that each can substitute others in a sentence

without changing its general meaning (Abouenour, Bouzoubaa, & Rosso, 2013).

This thesis uses Arabic WordNet to find all related words from student answer to
give the answer of student a score. Students do not oppress in the mark because he did

not write the same model answer exactly.
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2.6 Support Vector Machine

SVM is a machine learning technique using for classification and features
extraction which is features extraction methods of creating combinations of the
variables to get around the problem while still describing the data with effective
accuracy and it used to reduce the number of features from all input features which

selecting useful features to perform the best classification.

Many methods used SVM for feature extraction such as Fishr score, Gradient
Algorithm, K-means, RelieF, and SVM-RFE. This thesis the Fisher score is used which

learns in more detail in the next subsection.

2.7 Fisher Score for Feature Selection

Support vector machine is represented by sparse vector s under the vector space,
where each word in the vocabulary is mapped to one coordinate axis. Used on data to
train a linear classifier which is characterized by the normal to the hyperplane dividing

positive and negative instances.

The aim of apply feature selection that to Pre-defining the number of highest

scoring features to be included in a classifier by using the F-score technique.

F-score is a simple feature selection technique in SVM, Which measures the
distinction between two classes (positive and negative), the value of F-score for each

feature is computed in the following equation (gunes, polat, & yossunkaya, 2010):

— 2 2
(xf %) +(-m)

F(i) = 3 T e tteeeaateeeeaeaeeaaeaateaeeaanans 2
1 ont (L) (4 1 gn- (L()_. (=)
Zkzl(xk,i X ) + Zk=1<xk,i X )

ny—1 n—-1

Where K is a positive or negative instance, n is a number of feature, (xi , xi +) the
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average of | feature positive and negative dataset, ki : the feature of the ith positive

/negative instances.

After determining, the score for each feature then obtained threshold value by

calculating the average of F-score for all features.

If the value of F-score is larger than the mean value of all f-score, so that feature
is added to feature space otherwise if F-score value is less than the mean value of all F-

score, the feature is removed from feature space.

The Fisher score used in this study to decided or selected the feature that
affected in the score of student answer which determined the positive and negative
according to related for an answer or not related, which the related to answer (positive)

take it but the others(negative) ignore it.

/ Load the data ( SA,MA) /

:

Calculation of F- score
for each feature

;

F-score > mean
value of all F-
score

Take the feature Ignore the feature

Figure 3: Flow chart of Fisher score feature selection
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2.8 Related work

This section, describes the latest related work that presents different approaches

for building AEG using SVM, LSA and text similarities follow as:

2.8.1 Latent Semantic Analysis (LSA)

A technique that uses statistics and natural language processing in information

retrieval to get the semantic meaning in texts (content analysis of essay)

In (Refaat, Ewees, Eisa and Sallam, 2012) presented an automated assessor
of Arabic free text answer based on LSA after unifying the form of letters, deleting the
formatting, replacing synonyms, stemming and decreasing the number of stop words to
be deleted (Refaat et. Al. ,2012 produced a matrix that better than the traditional form
of LSA matrix, then using cosine similarity method to compare between the current
answer and the model answers, then the large similarity ratio is taken to set a degree to

current essay based on model answers degrees.

In (Alghamdi, Alkanhal , 2014) presented ' Abbir ' system for the Arabic
language that was used LSA with some features such as word stemming, spelling
mistake, the proportion of spelling mistake and word frequency to show that after a
different experiment for automated essay scoring system the performance of very close

to the human raters.

In (Mezher and N. Omar ,2016) proposed a modified LSA for automatic essay
scoring using Arabic essay answers, a hybrid method of syntactic feature and LSA is
based on Bag-of-words .after preprocessing create a matrix then apply cosine to define
similarity, Results noted that syntactic feature improves the accuracy.This thesis use

Arabic WordNet to apply the meaning features.
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In (Al-jouie, Azmi, 2017) presented a hybrid method LSA and rhetorical
structure theory for automated Arabic essay scoring this hybrid applies LSA for the
semantic analysis of the essay, and the RST to assess the cohesion and the writing style
of the essay. They assign 50% of the total score on the cohesion of the essay, 40% for
writing style and the remaining 10% for spelling mistakes. After tested the system on

the different school to achieve sufficient accuracy.

2.8.2 Support vector machine

This section, presents the approaches for building AEG that rely on the use of

SV M for the feature selection process:

In (Gharib, Habib, Fayed, 2009) they applied multi-classifier such SVM, K-
NN and Bayes in classifying documentation text in Arabic language and compare
between them, using dataset from Aljazeera news web site and Al-Hayat website
.according measures (recall, precision and F1) presented the result that SVM classifier
significantly better outperform other classifiers in high dimensional feature spaces.

accordingly, the SVM was used in our proposed model.

In (Alsaleem Saleh, 2011) presented a comparison between Naive Bayesian
method (NB) and SVM algorithm on different Arabic data sets. Using SVMs to define
the hyperplane separating the space into two half-spaces with the maximum-margin to
use in text classification. The results of all measures (F1, Recall, and Precision) against
different Arabic text categorization data sets reveal that the SVM algorithm is better
than the NB method in text classification. accordingly, the SVM was used in our

proposed model.
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In (Martinez, Dong Hong, Lee, 2013) proposed automated essay scoring
system, firstly extract numerical features vector extracted from the text data of essays
using support vector machine classifier, then construct a predictive model with
extracted features and solve the multi-classification problem into multiple binary
classifications to find the score between pairs of class. The results show that the

performance of the proposed scoring system achieves accuracy near to teacher score.

In (R. Abbas, S.Al-gaza, 2014) suggested an Automated Arabic Essays Scoring
(AAES) system in a web-based learning context based on the Vector Space Model
(VSM).Two main processes approach ,firstly process extract the important information
from essays, then apply support vector machine to find out the similarity degree
between the previously written essays by the teacher and the essay written by the
student after convert each essay to vector space, which using VS to matching terms in
document after that we apply cosine similarity to find score of student answer. This

thesis using SVM to extract feature from answers.

2.8.3 Text similarity algorithms

This section, presents the approaches for building AEG that rely on the use of

text similarity approach for grading process:

In (Gomaa, Fahmy ,2013) suggested a short answer system written in the Arabic
language to evaluate the student answer after they translated into English, to overcome
the challenges in Arabic text, but some problem occurs through translation, such as a
word in Arabic, not the same context structure and semantic translated. After that apply

multiple similarity measures and combine between them to define the score of answer
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tested student. In this thesis, we directly apply similarity measure after extract feature

without translated.

In (al-Jameel, James shea, Keeley, 2016) presented a survey for similarity
approaches and challenges faced by the Arabic language. Three types of similarity were

surveyed,

1- Lexical similarity based on (character similarity, statement similarity).

2- Semantic similarity based on (corpus similarity, knowledge-based similarity).

3- A hybrid similarity which combines between lexical and semantic.

The survey concluded that the cosine similarity measurement was used in many
Arabic systems and compared to other lexical measurements the results show a more
efficient performance. However, due to the different features in the Arabic language
such as morphology and the semantic similarity using the lexical similarity approach is
not reliable. It is not reliable because of the weakness of Arabic WordNet and Arabic
Corpora. Because it combines more than one type of measurements which leads to the
similarity being more robust, the hybrid similarity approach is considered as a

promising approach with the Arabic language

In ( Emad al Shalabi, 2016) presented a system for automated essay scoring of
online exams in Arabic language that based on stemming technique in two approach
heavy stemming and easy (light) stemming process and Levenshtein similarity measure
to conduct question to check the efficiency of both mechanisms, where the light
stemming is stopped removal of prefixes and suffixes, without attempting to identify
the actual root of the word and heavy stemming referred to root-based stemming that

removing prefixes and suffixes to extract the actual root of a word. after finding the
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stemming word the Levenshtein similarity measure done by giving each word a weight,

then define the distance between every two words to find the score.

In (Shehab, Faroun, Rashad, 2018) presented a system based on the
comparison of different text similarity algorithms for Arabic essay gradings such as
string algorithm and corpus algorithm. They applied multiple similarity measures to
find an effective solution for article grading systems. They used the N-gram approach
has many advantages, such as simplicity; it is more reliable for noisy data such as
misspellings and grammatical errors; and it outputs more Ngrams in given strings than
N-grams resulting from a Word-based approach, which leads to collecting a sufficient

number of N-grams that are significant for measuring the similarity.

Table 2 invoked the previous related work briefly:

Table 2: Related work.

Papers

Year

Description

Gharib, Habib,

Fayed

2009

Applied support vector machine (SVM) in classifying
Arabic text documentation, and using SVM classifier to
convert data to vector space in high dimensional feature
spaces significantly outperforms the other classifiers after

that apply cosine similarity to score answer

Alsaleem Saleh

2011

Investigated Naive Bayesian method (NB) and (SVM) on
different Arabic data sets. and the results against different
Arabic text categorization data sets reveal that the SVM

algorithm outperforms the NB with regards to all measures
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(F1, Recall and Precision) according to that we use SVM to

extract feature.

(M. Refaat, A.
Ewees, M. Eisa,

A. Sallam)

2012

Presented a assess Arabic free text answer based on LSA
after unifying the form of letters, deleting the formatting,
replacing synonyms, stemming and decreasing the number
of Stop Words to be deleted to produce a matrix that better
than the traditional form of LSA matrix and using Cosine
Similarity method to compare between the current answer
and the model answers, then the similarity measure is

taken. In this thesis, we are using SVM.

Gomaa, Fahmy

2013

Suggested a short answer system written in Arabic
language, evaluated the student answer after they translated
into English to overcome challenges in Arabic text then
apply multiple similarity measures.in this thesis apply

similarity directly without translate.

Martinez, Dong

Hong, Lee

2013

Proposed automated essay scoring system to construct the
automated essay scoring system, we first extract numerical
features using SVM classifier from the text data of essays
then extracted features then define similarity. In this thesis,

we apply similarity measure after extract features.

R. Abbas, S.Al-

Gaza

2014

Suggested an Automated Arabic Essays Scoring system in
web-based learning context based on the Vector Space Model
that consists of two main processes. Firstly, the process deals

with applying extract the important information from essays,




19

then SVM is applied after convert information extraction as

a vector space to find out the similarity using cosine measure.

Alghamdi,

Alkanhal,

2014

Presented 'Abbir' system for the Arabic language that was
used LSA with some features such as word stemming,
spelling mistake, the proportion of spelling mistake and
word frequency to show that after a different experiment for
automated essay scorer the performance very close to the

human raters.

Emad al Shalabi

2016

Presented a system for online exams in the Arabic language
of automated essay scoring that based on stemming
techniques (with heavy stemming and light stemming) and
Levenshtein similarity. But in the proposed model use

cosine similarity.

al-Jameel, James

shea, Keeley

2016

Presented a survey paper for similarity approaches and
challenging faced by the Arabic language, three types of
similarity. Firstly that lexical similarity based on (character
similarity, statement similarity), secondary semantic
similarity based on (corpus similarity, knowledge-based
similarity), finally that hybrid similarity which combines
between lexical and semantic the result that cosine
similarity more efficient in the Arabic language which used

in term and knowledge similarity in the proposed model.

Mezher and N.

Omar

2016

Proposed a modified LSA for automatic essay scoring using
Arabic essay answers, a hybrid method of syntactic feature

and LSA .they find a syntactic feature that concerned to pag
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of words, which the research concern to solve drawbacks in
LSA. After preprocessing create a matrix then apply cosine
to define similarity, Results noted that syntactic feature

improves the accuracy, in this thesis we use Arabic wordnet

to apply the meaning features.

jouie, Azmi

2017

Presented a hybrid method LSA and rhetorical structure
theory for automated Arabic essay scoring this hybrid
applies LSA for the semantic analysis of the essay, and the
RST to assess the cohesion and the writing style of the
essay. after testing the system on the different school to

achieve sufficient accuracy.

Shehab, Faroun,

Rashad

2018

presented a system based on comparison of different
algorithms for Arabic automated assay system such as
string algorithms and corpus algorithms, and they applied
multiple similarity measures to find an effective solution for
article grading systems, they achieved that N-gram better

resulted than the other types of measures.
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Chapter Three

Proposed methodology
3.1 Methodology Technique

The methodology approach used in this thesis is experimental to validate the
result of proposed technique. The proposed technique proposes an essay-grading model
to enhance accuracy scoring of student exams to match traditional scoring by using
SVM to extract feature from text answer and similarity measure to define the score of
student answer. The experimental work will use a dataset of questions and three levels
of the answer will illustrate in more detail in next chapter. The results evaluated by

accuracy measures (Pearson Correlation Result and Mean Absolute Error Value).

3.2 Outline of the proposed technique

The proposed model developed to enhance the accuracy of grading in essay

exams. We use a dataset (corpus) that created for testing the model.

Student answer ~ Corpus
(Question & model answer)

v v

Preprocessing Preprocessing

Arabic WordNet
(AWN)

}

Feature extraction using SVM

Cosine similarity

The Score

Figure 4: The Block Diagram of the Proposed technique.
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3.3 Preprocessing

e Stop words

Text To enlza_tlon_ and ____ (removal) I
normalization Filtering)

Text after preprocessing «— Stemming —

Figure 5: The Block Diagram of the preprocessing.

3.3.1 Tokenization and normalization process

Tokenization is a preprocessing step, which splits strings of student answer and
model answer into smaller pieces. Text of student answer and model answer in the
corpus is a sentence that separated by a stop mark such as (“<”, “.”, “¢” or “!””). Can be

tokenized into sentences, then sentences can be tokenized into words, etc.
Text "sandl lpany s dliaiall Gl (e de gaaa"
Token as HM\H , " t‘ ,HMH ,"Ub’%n" naw\n’ ,"L.)"‘", " a.c}‘a.;.a"

The normalization process is the process of transforming character and words into
a single form. Normalizing text before processing it allows for separation of concerns
since input guaranteed to be consistent before operations performed on it. Text
normalization requires being aware of what type of text is to normalize and how it is to

be processed.

3.3.2 Arabic Stop words

The stop words can define as words that do not have any remarkable importance

or any word that do not give any importance and meaning in finding text classification,
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so they removed these words from the text. After converting the input Arabic text to a
list of tokens, then inputted to the next stage which they stop words removal will be
listed in the dictionary to remove it from tokens output. For example , " LS " | "éual
Maale ! MGl It Mot Al A et AT At Mgt M AT e A Mt I
and so on. These words will remove from text to assure useful classification. In this
research, they list the stop word in the dictionary to use in classification.

Token as " 3_‘._ . n’uwn’n@_’\s. #X\u,u'“ - S\n ’cr. t‘ ’m . .n ’n . .“"
After applying the stop word removal output as ,"alaiall" "G 1 Ae gana

3.3.3 Stemming

A stem is a procedure which retrieves the word to basic root, by processing removing
all words prefixes and suffixes and infixes Lemmatization is closely related to
stemming which extracts the base root of words. It creates an actual dictionary for

words.

Different types of stemmer used in Arabic text classification in this research we use

ISRI Arabic Stemmer is used to extract the roots of the word.

ISRI is oriented towards finding the minimal representation of a word, which is used
for information retrieval after normalizing the input word, removing diacritics, and non-
related Arabic characters, stemming process, stopped when the remaining length of the
input word is three or fewer characters (EI-Defrawy , Belal , & Elsonbaty, 2015)(Al-
Shargabi, Olayah, Al-romimah 2011) Al-Shargabi, Al-romimah, Olayah 2011).
Example the word "<wX\" input to stemming then the output is the third root is "—2",
Previous stage stop word removal output as: ,"ilaidl" "G " de gaas" The

stemming process output as: " Jaay ", "elui" Maaa",
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3.4 WordNet (Arabic WordNet)

WordNet is a lexical database, It groups words into sets of synonyms called
synsets when use for Arabic language, also records a number of relations among these
synonym sets, which it find a lexical resource offers broad coverage of the general
lexicon to each word in student answer that extracted from the previous stage to define
all the words that have near to meaning. Used in this thesis to find all the words that are
synonymous with the student's answer to increasing the likelihood of the correct answer

to the student which was used after the preprocessing step.

For example, the word "e<x"defines all the words, which possibly have it or
near meaning according to a list of data that stored previously in the system. Also, the
words "d-=y" "<lii"make the same process to define the possible alternative words

which the same and related.

3.5 Support Vector Machine

SVM is a machine-learning method that used for Text Classification, creating a
feature space to use some scoring function to rank each feature, and then choose the
best k features by using F-score method, which this method used to extract feature in
SVM. In case, the data is nonlinearly separable, SVM makes the data linearly separable
using kernel functions. A kernel function maps the input data patterns to some high
dimensional space according to the text, to make the points linearly separable in high

dimensional space.

3.5.1 Feature space

The features and samples from the student answer defined as each individual

token occurrence treated as a feature. Then the vector of the entire token for a given
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document considered a multivariate sample. The SVM that maps feature to a higher

dimensional space and tries to separate the classes.

Usually, a text vector spans your vocabulary size. Let's consider we have four
texts in the corpus:
Text 1 (2 4s Ll g i) J85 e 5 080 Led Jluail Ja ghadh Adalun g3 Lglas Lo o 15 cannd gl (10 A gana
Claaall
Text 2; Juail b ghi Al g i Lagd Jadi 5 quad gal) (0 4 gara

Text 3: L Lad b 5 cuad gal) (0 4o gana

Text4: []

After some preliminary filtering, stop word removal and stemming, you obtain.
Text1l: s yd— Gn— J8- )8 Jiag dany oy ) ccoun — aea
Text 2: das— vy — by ) -cos — xaa

Text 3: k) -cus — zaa

Text4:[]

Let's have a look at the total vocabulary now: -

e @l - - oo ,8 e by — ) s — paa

you have got 10 words. sorted them in lexicographical order. Your vocabulary size is
10. Therefore, the vector will have 10 dimensions...

Jx—dﬂ—dﬁ—dﬁ_)ﬁ_&arku}—#)_%—@;

Let's fit our documents in the transform:
Text1:01,1,1,1,1,1,1,1,1,1]
Text 2: [0,0,0,0,0,1,1,1,1,1]

Text 3: [0,0,0,0,0,0,0,1,1,1]
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Text 4: [0,0,0,0,0,0,0,0,0,0 ]

This is bag of words model. fill in each space of the vector based on whether

the corresponding word in the vocabulary exists or not.

The student answer inputted to preprocessing to filter and remove stop word
and stem then represent a list of words in student answer after that created a dimensional
of a word to decide which class is more significant to student answer to give a score.
After selecting the most significant terms in the super vector, each answer text is

represented as a weighted vector of the terms found in the vector space as shown in

figure 6.
o ¥
E
T
E 1
1
1
1
: sentence n
1
1
sentence 2 !
1
1
1
____________________ h,
term 1
o -"/
({\ -
& L7 sentence 1
.n-”’

Figure 6: Example of implement vector space.

3.5.1.1 Term weight

After selecting the most significant term in the vector, each model answer

presented as a weighted vector of the term found in the super vector. Every word in the
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model answer is given a weight. There are used the term frequency/inverse document
frequency (TFIDF) weighting scheme in this thesis. Which define the weight for each
term using equation 4 that selected from answers (Fouad Gharib, Badieh Habib, &

Taha Fayed, 2013):

Where t: denote to term, d: denote to document, N: denote to number of

documents, df: denote to the frequency of document.

TF-IDF is one of the most popular term weighting, Used for measuring the
information content of the terms in the documents. The number of times a word appears
in the document called TF and the number of documents in the corpus that contain the

word is called IDF.

3.6 Text Similarity Approaches

The similarity is the measure of how many matches data between two documents
(A, B). In addition, Similarity in data context usually described as a distance with
dimensions representing features of the document. The similarity between words is a
fundamental part of text similarity, which then used as a primary stage for sentence,

paragraph and document similarities.

Different type of similarity measure that used in two way lexical and semantic, a
lexical similar which has the same character sequence. Semantically similar if they have
the same word, used in the same way, used in the same context and one is a type of

another.
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The similarity measure used to define the score of student answer .After select
ranking answer to reducing the computation of numeric scores on document pairs; a
baseline score function for this operation the cosine similarity between student answer

and ranked answer representing the query and the document in a vector space model.
3.6.1 Cosine similarity

It measures the cosine of the angle between two vectors space. It can see as a
comparison between documents on a normalized space because we are not taking into
consideration only the weight of each word count of each document, but the angle
between the documents. This is the cosine similarity formula. Cosine Similarity will
generate a metric that says how related are two documents by looking at the angle

instead of magnitude (rahutomo & kitasuka, 2012).

G D =NAN N D I COSO oo 4
ib
COS B = o 5
llall bl

Where a, b is a vector space

XiW qi Wij 6

W ....................................................................

Where w = tf , i is a document, j is a term, Wij :is the weight of term j in document i.

cos @ =

If had a vector pointing to a point near from another vector, they have a small
angle measurement near zero that means high similarity between document a and b
shown in figure 7 part one. while the angle between two vectors is 90, so cosine of the
angle is 0 that means the two documents a and b don’t have any similarity

(nonrelated) between them, shown in figure 7 part two. The last one shown in figure 7



part three the angle is 180, so the cosine of an angle is -1 which mean the two

documents are the opposite of each other.

Figure 7: Cosine similarity values for document (a , b)

29
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Chapter Four

Experimental Results and Discussion
4.1 Introduction

In this thesis, the proposed automated Arabic essay grading system used the SVM
technique fisher score to extract features from text, then used cosine similarity to score
student answer. The proposed technique was implemented in python (2.7) because it is
more widely used in machine learning and support library for Arabic processing, also
using models in python Django Application Program Interface (API) to create tables
using class of model. Because it faster deployment and easy to perform. The
experimental work included inputted student answer to system then preprocessing the
text to take the keywords and vocabulary which most significant, to convert in vector
space in n-diminution, the same process goes for model answers derived from dataset
for the same question, after that we apply similarity measure to find score of the student

answer .

4.2 Objective of the experimental work

The experimental work aimed to evaluate scoring accuracy using the proposed

automated essay-grading model. The following objective is considered:

1- Creation of the dataset of question and model answer of the student.

2- Creation proposed model by python, preprocessing of student answer and stored
model answers in the dataset, then apply the Arabic WordNet, then using
support vector machine to extract features, finally using similarity measure to
define the score of the answer.

3- Calculate the accuracy of the proposed model use Mean Absolute Error and

Pearson Correlation Coefficient Results.
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4.3 The collected dataset

The dataset created in MYSQL as CSV file, data collected from computer,
science and social books from Allu’lu’a modern school, contain 40 questions and 3
classes of the answer. That built on the database style in Hewlett Foundation Automated
student assessment prize. Used models in python Django (API) to create tables using
class of model because this faster deployment and easy to perform. The first table for
question data and table two for model answer for question. The parameters of the

dataset are as follow:

Id: is a unique Id introduce for each answer.

Score: the score that was given by examiner to student answer of the particular data.
Answer-text: represent the answer given by students on the

Question Id: is a unique Id introduced for each question.

a sample of the dataset for questions shown as in figure 8:

id correct answer Text  question name

1 e il ) i i )

4 ) e Cod ol 1 s 'l b B

7, gl Jo sl ol sl cllal 5 o5 09 50§ Al ' o i a0 )
0\ e sl gl A o 0 A i, gl el L e 2 'l

5 e sy o kS0 58" A dnis sy Bl !

B, i e s g A

7, A1 0550, 4 g o i) AUl

9yl cl o ' a8 i 53 e

9 1Y Y3 b ol Sy 3 0 R il i 4S8 4 S g o, 'l el
10"l i a5l gl ki e § s sl S ' e gl

1 il J sl U ! glas gl i s g3

Figure 8: Questions dataset
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Then the sample dataset created by the researcher for model answers shown in the

following figure 9, more details can be seen in appendix A.

id,score,Answer_Text,question_id

1,100, "l 8 ja Jo ol Ll Jload) Lo ghos adad o Lyt L i ool gl 30 4 giaa
2,?5,"\ "J-—ﬂll'-a_;-na ol g ..‘...n.l._l:.d_.n!.uj el gl 4o gana

3,25,V i Lpony o sl ) 0 40 gana

4.100,"7" &) pand g g bl (Jpea ) allad o o) ¢ LS s it i glal) ol e
B75,"Y" ot s s ind e el (1)

6,25,"7<"Uat (130 g ol ym il ghaall ol

7100, " clagmd) o cadl aid apal @) 8020 dmmata il

8,75,"7"clighdd) Jo ] jecall ciald) olis

9.25,"% " il 3y gl gy o s oo

10,100,"¢<" i i) privaia g anssll oy g jall IS 0 sl el B angee cogula Jlaa

11,75," ") lllall oy e oilla Jos gf ¢ s igda

([

12,28,"¢" Jlgz 5

13,100,"="3) Ay g5k o < @ I pen g il Wil A5 30800

14,75, o @) o Jgenadl o il ol o 35

15,25 "o gl cﬂ'ui.ﬁ“l ailtal

16,100, "l ke I i o g 2l 31 B el g s il Sl ol o i 5 il sy el b e
17,75, g Jal o Jaldl 3 o 5 il sy ool oy T arany i g0

18,25, ="J11“ i g pulad) byl sty g

19,100,"v."aell 0 Ly oulll g Sl o) et Lt o ) e alal) cilonal e ) cdaal)
20,75,"v"ci gl i al cdliaal 5 ool wim

2125 " Kall s ) I s el B aalall i Ll 5 cbilaal i

22,100 "4 g geally i) 5 S0 o

23,78,"A" Uiiasa gt pa g (Jilu ) (il

24,25 "A:"gand g J g Bl ) S e

25,100,"3" 1 1y ) 32¥ Gy ¥ g i) Y a8 glan s g gall 2 gall iy p00) 5 g Y

26,75," 3" gdle Jundll 3y ¥ 5 sl oflla Ly

27 253" jala Y dnm pnty Jadi ey Vi

Figure 9: Scoring dataset for model answer

4.4 \Work Procedures

The experimental work consists of three main modules:

1- Preprocessing text
2- Feature selection

3- Similarity measure
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4.4.1 Preprocessing text

In the total all of the data of student answer and model answer from the corpus,

we are processing by python library that used for Natural Language Processing (NLP).
The library is NLTK contains different text processing libraries for classification,

tokenization, and stemming.

Firstly, after the text input the tokenization and normalization do to split the text
to words then removing spaces and punctuation, also take the same shape for some
character such as () ,J ) to standardize the process. Secondly, the stop word will be,

remove that will illustration and explain in the next subsection.
For example, answer student:
St Ja ghad Adabua g3 L Lad Jast 3 clamal) g <l ga¥) 9 capesd gl (1 A8 gana
The result after tokenizing:
LI D RS N v QTR T DO SR A R TR N LR T PP R TRV T PPURR

" Zku‘” "o an it om g .',!.'

4.4.1.1 Removing stop word

After splitting the text, the system found words do not have any meaning, which these

words listed in the system this some it.

o) L) c‘fa\ 43 L su\ ‘(ai “;‘Dd\ “;)\J\ 69555\ N Y) s‘;ﬁ\ s)ﬁ\ Al sd§\ ¢l cud\ cl.né\ 6\5} ‘US:J\ sd\
c‘;\ o) “_;\jﬂ\ ¢opalll cu.\.\\ eI ¢l L) ¢ Ul o) | ‘Y"‘L\ ‘Lﬁ\ 41,3‘ ‘aji uﬂﬂji ‘}!‘9\ || ‘(s
Y,S.d\ Ll Lm\ ‘\.g_ﬂ ‘LS‘ ‘u..g\ cQS.] 6LAS.] ‘es..l s«ﬂ.} Jg>-LX] s(gS.) Ay ¢ ‘44\ | ‘Y""“‘ c}i AN U:‘ﬂ‘ Ll LAS:\M

?S ceﬁﬁ Al e clagn (pg c&.ﬁ las o eda Lo cda i e pan )l
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After apply stop word removal for previous the result that:

LS W= UL PO PRI LS P R UG IO LA RPN LUV PP L "kw" vv&uxn

4.4.1.2 Stemming

Stem algorithm employed in a different task in information retrieval. The
algorithm which used in stemming is IRIS stemming (Taghva et al., 2005) that applied
on the normalized word then follows a series of decisions to remove possible prefixes
and suffixes to give roots from words, stemming process should be stopped when the
remaining length of the input word is three or fewer characters. In this work, we use the

IRIS stemming which bring it from NLTK library.
After applying stem process on previous output the result that:
"d*ﬂj" iy vvhujvv " k:U MM alt Mgt RN "&‘Au

4.4.2 Arabic WordNet

After extract root of each word in the student answer along with model answers, then
apply the word net to define all possible or related word in meaning for each extracted

from the text as shown in table 3:

Table 3: Example of WordNet

Jas e ple &l
bay ald e s ad
Ly EVINE D)
e BELEN ,‘Jﬂ Wl O A s



35

4.4.3 Feature extraction

A common method that is used to perform supervised learning to select features
using Support Vector Machine (SVM) with the Fisher score approach, as shown in
chapter two it used to select a feature from student answer and model answer in corpus

to decided which positive or negative feature as shown table 4:

Student answer: nd‘a\’u iy "hu‘g" " L:'J "non - AN Mac I R "é"%"

Table 4: Fisher score feature selection

nb“’n "h.u" " A" éAA"

Positive

vv&a‘sn g

Negative LR K

In the last step, used cosine similarity to define the degree of similarity between
the student answer and model answer after previous processing, to give a score of

students answers.

4.5 Experiment work

In order to evaluate the proposed model effective in the automated essay grading
system, this study carried out a comparative analysis of the impact of Arabic WordNet

in automated essay grading. The experimental work divided into two-stage as follow:

4.5.1 Experiment one

This experiment implements the result of the proposed model without using
Arabic WordNet, with a comparison between human score and automated score as

shown in table 5:

Table 5: Result of the proposed technique without WordNet
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Question(id) human score cosine result
without WordNet

1 1 0.94
2 1 0.94
4 0.75 0.67
5 0 0

11 0.75 0.66
12 0.75 0.82
15 0.25 0.21
30 0.25 0.22
36 0.25 0.1
40 1 0.97

4.5.2Experiment two

The next section that implements the proposed model by using WordNet with

the result shown in table 6:

Table 6: Result of the proposed technique using WordNet

1 1 0.98
2 1 0.98
4 0.75 0.8
5 0 0
11 0.75 0.67
12 0.75 0.85
15 0.25 0.24
30 0.25 0.3
36 0.25 0.21
40 1 0.98

Table 7: Comparison result between cosine result with WordNet and without WordNet



37

1 0.98 0.94
2 0.98 0.94
4 0.8 0.67
5 0 0

11 0.67 0.66
12 0.85 0.82
15 0.24 0.21
30 0.3 0.22
36 0.21 0.1
40 0.98 0.97

The figure 10 gives a graphical description of the result of two part of the experiment.

Rate

M cosine result without wordnet

M cosine result with word net

1 2 3 4 5 6 7 8 9 10 11

Sample Quetions answers

Figure 10: Rates of Cosine similarity with and without Arabic WordNet

The results of the automatic grading system when using Arabic WordNet are
better than the results without the use of Arabic WordNet as shows in table 7 and figure

10 where it shows a difference in cosine result.
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4.6 Evaluation Result
Evaluation of WordNet in Arabic automated essay grading performed by

comparison between the human score and automated score for student answer using the

mean absolute error value and the Pearson correlation coefficient:

4.6.1 Mean Absolute Error Value

The mean absolute error value is used to determine the accuracy of the

proposed technique. Equation 7 used to derive the mean absolute error value:

MAE(X) = 220 7

Where x: human score, y: automated score, n: number of data test.

For mean absolute error for human score and automated essay score using cosine

similarity with WordNet and without using WordNet, after measured listed in table 8

Table 8: Mean absolute error

MEAN ABSOLUTE

0.117335572 0.120527628
ERROR

The mean absolute error value between human score and AAEG using cosine
similarity with AWN and without use WordNet were computed for our dataset as shown
in table 7, an MAE of AAEG using cosine similarity with Arabic WordNet is 0.117 is
less than MAE of AAEG using cosine similarity without using Arabic word net, so this
result indicates that the proposed model will improve in the Arabic Automated Essay

System with Arabic WordNet. As shown in figure 11.The improved accuracy of
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proposed technique for MAE with AWN as compared to MAE without AWN is

computed in equation 8 :

MAE1-MAE?2

Enhancement =———————= % 100 U0uuuueereeeeeeeeeeeeeee e ee e 8
MAE1

According to the values of MAE shown in table 8 and figure 11 , the enhanced

accuracy is 2.648 % .

MAE

0.121

0.12

0.119

0.118

0.117

0.116

0.115
MAE without AWS MAE With AWS

Figure 11: Mean Absolute Error Result
4.6.2 Pearson Correlation Result
Pearson Product Moment Correlation r that measure the strength between
variables and relationship between them, equation 8 used to measure the correlation
between the dependent variable and independent variable which in this thesis indicate
to human score for the dependent variable and automated score for the independent

variable.

TxXy
Xy E=E=
r= O e T T P 9

Tx? Ty?
i G




40

Where x: Human score, y: Automated score, N: number of question test.

Table 9: Pearson Correlation Result

Pearson Correlation
0.990227853 0.989475216

Result

Equation 8 represents the Pearson correlation coefficient formula, the valid
result for r lies between -1 and +1. If the result lies between 0 and 1, it shows there is a
positive correlation that is X increases as Y increases. If r = 1, it shows that the result
is perfect positive. If r is between 0.5 and 1, it shows a high positive correlation, when
r is between 0 and 0.49, it exhibits a low positive correlation. When r = -1, it shows a
perfect negative correlation that is the rate at which the dependent variable increases is
exactly equal to the rate at which the independent variable decreases. When r is between
-0.5 and 0, it shows a weak negative correlation, when r is between -0.49 and -1, it

exhibits a strong negative correlation.

As shown in table 9 the Pearson correlation result for the proposed technique
compared to human score r is between 0.5 and 1, it shows a high positive correlation
that represented having the best correlation magnitude. In addition, the figure 12 give a

graphical description of the result indicate that Arabic automated essay grading using
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cosine similarity with AWN in this study significantly correlate to human score.

0.9904
0.9902
0.99
0.9898
0.9896
0.9894
0.9892
0.989

0.989475216

0.990227853

B Person Corelation without AWS B Person Corelation With AWS

Figure 12: Pearson Correlation Result
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Chapter Five

Conclusion and Future Work

5.1 Conclusion

This thesis presented the Automated Arabic essay grading model to achieve the
accuracy with using support vector machine to select a feature from student answer and
model answer, after using Arabic WordNet to get more choices for student answer.
Finally, we use cosine similarity to define the score of student answer. The focus of this
work was on enhancing the accuracy of Automated Essay System to match human score
by adding Arabic WordNet. The dataset created which contain 40 questions with 120
answer model according to helmet ASAP form Kaggle datasets, the AAEG proposed
in this thesis, as experimental results shows that the AAEG with using the WordNet is
better in terms of accuracy compared AAEG without using WordNet according to mean

absolute error value and Pearson correlation.

5.2 Future Work
In the research fields, there is not complete research, but each research work can
provide new ideas for another work. Based on the outcome of the present research, the

following ideas are suggested for future work:

1- Using machine learning and neural network models to enhance accuracy.
2- Using big dataset to implement the system.

3- Add word-embedding technique.
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# encoding=utf-8
import ..

Appendix B

Pseudo code

from math import sqgrt
from sklearn.feature extraction.text import CountVectorizer,

TfidfTransformer

from nltk.corpus import stopwords
from nltk.corpus import wordnet

from nltk.stem.isri

import ISRIStemmer

from nltk.tokenize import word tokenize

import pandas as pd
import numpy as np

from sklearn.linear model import SGDClassifier
from sklearn.naive bayes import MultinomialNB
from sklearn.pipeline import Pipeline

stopwords = set (stopwords.words ("arabic"))

def UncommonWords (A,

B) :

# count will contain all the word counts

count = {}

# insert words of string A to hash

for word in A:
count [word]

= count.get (word, 0) + 1

# insert words of string B to hash

for word in B:
count [word]

= count.get (word, 0) + 1

7

# return required list of words
return [word for word in count if count[word] == 1]

def word(data) :
data = word toke
filter = []
IS = ISRIStemmer
for w in data:
if w not in
stem = T
filter.a
return filter

def word net (word 1i
synonyms = []

nize (data)

0
stopwords:

S.stem(w)
ppend (stem)

st) :

for word in word list:

try:
syn = wo
result =
synonyms
except:
synonyms
return synonyms

# word then word net
def similerty(answer

rdnet.synsets (word, lang=('arb')) [0]
[lemma.name () for lemma in syn.lemmas (lang='arb')]
.append (result)

.append (word)

~word, test word):
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score = 0
for words in answer word:
for word s in test word:
if words == word s:
score += 0.5
return score

from sklearn.metrics.pairwise import linear kernel, cosine similarity
from sklearn.feature extraction.text import TfidfVectorizer

def find similar(tfidf matrix, index, top n=5):

cosine similarities = linear kernel (tfidf matrix[index:index + 1],
tfidf matrix).flatten()

related docs indices = [i for i in cosine similarities.argsort() [::-1]
if i !'= index]

return [ (index, cosine similarities[index]) for index in
related docs indices] [0O:top n]
def data():

corpus = []

file = "answer.csv"

with open(file, "r") as paper:

corpus.append ( (paper.read()))

tf = TfidfVectorizer(analyzer='word', ngram range=(l, 3), min df=0,
stop words=stopwords)

tfidf matrix = tf.fit transform([content for content in corpus])

return tfidf matrix

from difflib import SequenceMatcher

import csv
def write(answer ,g_answer ,score):
# csv file name

filename = "answer.csv"

with open(filename,mode='a',newline="'",encoding='utf-8') as csvfile:
writer = csv.writer (csvfile)
rows ={"answer": answer, "q_answer": g answer, '"score": score}

writer.writerow (rows.values())
csvfile.close()
def doc (doc) :

documents = []

from nltk.stem import WordNetLemmatizer

stemmer = WordNetLemmatizer ()

for sen in range (0, len(doc)):
# Remove all the special characters

document = re.sub(r'\W', ' ', str(doc[sen]))

# Substituting multiple spaces with single space
document = re.sub(r'\s+', ' ', document, flags=re.I)
# Removing prefixed 'b'

document = re.sub(r'~b\s+', '', document)

# Converting to Lowercase

document = document.lower ()

# Lemmatization

document = document.split ()

document = [stemmer.lemmatize (word) for word in document]
document = ' '.join (document)

documents.append (document)
return documents

def extract words (sentence):
ignore words = ['a']
words = re.sub ("[*\w]", " ", sentence).split()



#nl

def

def

def

tk.word tokenize (sentence)

print ('words:' + re)
print ('words:' + words)
words cleaned = [w.lower() for w in words if w not in stopwords]

return words_ cleaned

tokenize sentences (sentences):
words = []
for sentence in sentences:
w = extract_words(sentence)
words.extend (w)

words = sorted(list (set (words)))
return words

bagofwords (sentence) :

vectorizer = CountVectorizer (stop words=stopwords)

return vectorizer.fit transform(sentence).toarray()

SVM () :

Corpus = pd.read csv("answer.csv","ar")
test data = Corpus|['answer']

train data =Corpus|'qg_answer']

test =doc(test data)

train =doc(train data)

vocabulary train =tokenize sentences(train)
vocabulary test =tokenize sentences (test)

vectorizer = CountVectorizer (stop words=stopwords)

X train counts = vectorizer.fit transform(train)

transformer = TfidfTransformer ()

tfidf matrix train = transformer.fit transform(X train counts)

clf = MultinomialNB().fit (tfidf matrix train, test)

('vect', CountVectorizer()),

("tfidf', TfidfTransformer()),
('clf-svm', SGDClassifier(loss='hinge',

text clf svm = Pipeline ([

penalty='12",

42)

def

def

alpha = le-3, n iter =
) 1)
text clf = text clf svm.fit(train, test)
predicted svm = text clf svm.predict(train)
score= np.mean (predicted svm == test)
return str (score)

word2vec (word) :
from collections import Counter
from math import sqgrt

# count the characters in word

cw = Counter (word)

# precomputes a set of the different characters
sw = set (cw)

# precomputes the "length" of the word vector
lw = sqgrt(sum(c*c for c in cw.values()))

# 1w = sum(c * ¢ for c¢ in cw.values())/len(cw)
print('ew:' + '$.2f' % 1lw)

# return a tuple

return cw, sw, 1w

cosdis (vl, v2):

# which characters are common to the two words?
common = vl1[l].intersection(v2[1])

# by definition of cosine distance we have

5,

random state

return sum(v1[0] [ch]*v2[0] [ch] for ch in common)/v1[2]/v2[2]
# return sum(v1[0][ch] * v2[0][ch] for ch in common) /(sqrt(sum(c*c for c
in vl1))*sqgrt(sum(c*c for c in vl1)) )
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import nltk, string
from sklearn.feature extraction.text import TfidfVectorizer

stemmer = nltk.stem.isri.ISRIStemmer ()
remove punctuation map = dict((ord(char), None) for char in
string.punctuation)

def stem tokens (tokens):
return [stemmer.stem(item) for item in tokens]

'''remove punctuation, lowercase, stem'''
def normalize (text):
return
stem tokens(nltk.word tokenize (text.lower().translate(remove punctuation map

)))

vectorizer = TfidfVectorizer (tokenizer=normalize, stop words=stopwords)

def cosine sim(textl, text2):
tfidf = vectorizer.fit transform([textl, text2])
return ((tfidf * tfidf.T).A) [0,1]



