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Abstract

Several students suffer from dyscalculia. Many research and studies have
been carried out to tackle this problem. Most of these researches tried to
identify whether a student suffers from dyscalculia or not, without any fur-
ther details on the case. Based on results of the identification, researchers
proposed solutions and ways to treat dyscalculic students. This research
tries to tackle the dyscalculia problem among grade 3 students in South-
ern Directorate schools in Palestine. The research attempts to use artificial
intelligent methods and tools to cluster students according to their dyscal-
culia case, and proposed information technology-based treatment for each
student according to his/her case. It tries to go a further step into identify-
ing what type of dyscalculic student on sensing number. The approach used
in this research is perhaps the first to use Al tools to cluster; but not classify,
dyscalculic students, and tries to break-down the dyscalculia problem into
three major types using this approach. To achieve this, an intensive litera-
ture review was carried out, then an exam used by the Ministry of Education
and Higher Education in Palestine was modified and tested by experts. The
modified exam was applied to grade three students at schools of both gen-
ders in Hebron and Yatta directorates. Results of the exam were coded and
input to an Al tool R tool. The tool uses hierarchical techniques cluster-

ing. We apply two hierarchical techniques algorithms; the Single link and
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WARD method. WARD algorithm is an agglomerative hierarchical cluster-
ing procedure, where the criterion for choosing the pair of clusters to merge
at each step is based on the optimal value of an objective function. Single
link is technique looks in the distance between two clusters to be equal to the
shortest distance. WARD algorithm show better result than Single Link, af-
ter calculated the Cophenetic Correlalation Cofficient (CPCC ). Single Link
is the lowest CPCC, which is (0.46). But Ward has (0.7) CPCC. Not only
was the use of the clustering to determine if the student is dyscalculic or
not as the previous work, but we also use WARD algorithm clustering more
deeply to determine what kind of dyscalculia a student has. The result was
clustered into seven clusters such as (weakness on the three skills, the ab-
sence of any weakness in the three skills, students who have zero mark in the
exam). Results show differences among gender and among directorates, and
inconsistency between clustering results and students math achievement in
school. Based on the results and the literature review, a model has been pro-
posed for the treatment of dyscalculic students, where it consists also of the
identification and clustering stage. The model was evaluated by 24 experts,

and their comments and suggestion were incorporated in the model.
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Chapter 1

Introduction

Dyscalculia (mathematics difficulties) is widespread all over the world. Most
studies have indicated that the prevalence rate of dyscalculia is between 3%
and 6% of the word population [1] . Low math achievement is clear in the
case of students from low-income households [2].

The substrates in this chapter which will to discussion are : Background,
Problem Research, Objectives of Research, Novelty and Contribution, Re-

search Questions, Scope and Thesis Organization.

1.1 Background

Students with dyscalculia are delayed at least two years behind their peers.
In comparisons with their peers in regular classrooms, they must have ad-
ditional education and training in mathematical tasks related to their indi-
vidual needs [3]. The implication of such difficulties is serious and can be
sensed in adulthood. Low math achievement is specifically clear in students
from low-income households, as mentioned above. Although, there has been
an increasing interest in examining children with mathematics difficulties in

recent years, in the best of cut knowledge perhaps there is no research that
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has addressed this problem through using modern information technology in
teaching and learning. Difficulties with number combinations represent basic
weaknesses in number sense, such as the ability to understand counting prin-
ciples or to manipulate quantities mentally. There may also be underlying
problems in the working memory, spatial representation, and attention [4].
Researches indicate that mathematics content is specifically challenging for
students who have learning disabilities. Learning disabled students face diffi-
culties in processing and retaining information, therefore; they have problems
in time keeping up with classroom instructions. So, it seems that learning
for disabled students may greatly benefit from self-paced computer-assisted

instruction [5, 6, 7, 8].

1.1.1 The Concept of Learning Disability

Onita Nakra, a member of the National Joint Committee for Learning Dis-
ability (NJCLD), defined learning disability in her book; ”Learning disabili-
ties is a general term that refers to a heterogeneous group of disorders mani-
fested by significant difficulties in the acquisition and use of listening, speak-
ing, reading, writing, reasoning, or mathematical abilities. These disorders
are intrinsic to the individual, presumed to be due to central nervous dys-

function, and may occur across the life span.” [7]

1.1.2 Types of Learning Disability

Author in [7] noted in her book different types of learning disability. A
learning disability can be limited to school performance in subjects or skills.
For example, reading, writing, or arithmetic, or watching the child’s perfor-
mance in other aspects such as art, activities in the playground, following

instructions in class, and so on.
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1.1.3 Indicators and Causes of Dyscalculia

Many researchers defined the difficulties of mathematics learning in their
researches, Dyscalculia is about difficulties related to numbers and arith-
metic, and not about other branches of mathematics, such as geometry” [9].
There are some indicators for dyscalculia students as Ronit Bird showed in
his book. These indicators include the ability to subsidy even very small
quantities, to estimate whether a numerical answer is reasonable, to count
backwards reliably and to manage time in daily life. Also, the indicators
include the weaknesses in both short and long term memory and in visual
and spatial orientation Moreover, they include the directional (left/ right)
confusion, slow processing speed when engaged in mathematical activities,
trouble with sequencing, a tendency not to notice patterns, a problem with
all aspect of money and a marked delay in learning to read a clock to tell the
time [5].

The causes of dyscalculia are many and unknown to researchers. However,
they are specified to some factors which refer to as a brain-based condition.

The possible causes of dyscalculia as shown in [10] are:

1. Genes and heredity.

2. Brain development: "The study found differences in the surface area,
thickness and volume of parts of the brain. Those areas are linked to
learning and memory, setting up and monitoring tasks and remember-

ing math facts”.

3. 3. Environment:” Dyscalculia has been linked to exposure to alcohol
in the womb. Prematurity and low birth weight may also play a role

in dyscalculia.”

4. Brain injury.
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But in [11] the possible causes of dyscalculia are the physiology of math-
ematical functioning, genetic and social factors, and scholastic factors. On
the other hand, Victoria Simms et al. showed in their research the effect of
very preterm birth on achievement in mathematics. And this study indicates
that the importance to search in relationship between very preterm children
and mathematics difficulties [12].

There are many researchers who described the types of dyscalculia. For
example, Geary in his article in 2004 showed that there were three subtypes
of dyscalculia; procedural, semantic memory and visuo-spatial. The Proce-
dural Subtype is determined when the individual procedural developmental
behavior is not mature, repetition of the errors in the implementation of pro-
cedures, misunderstanding of the concepts underlying procedural use, and
encountering series of difficulties in complex procedures. This type has evi-
dence of left hemisphere pre-frontal brain dysfunction, which can worsen with
age. The second subtype is Semantic Memory which is determined where the
person faces difficulties in the recovery of mathematical facts along with a
high error percentage. But the third subtype the Visuo spatial Subtype which
considers a difficulty with spatially represented numerical and other kinds of
mathematical information and relationships. Brain differences are shown to

be located in the right hemisphere posterior region [13].

1.1.4 Types of Dyscalculia

In her research, Gupta said that there are six types of dyscalculia which were
identified by Koske (1974); Verbal dyscalculia (a difficulty in using mathe-
matical concepts in oral language), Practognostic dyscalculia (a difficulty in
manipulating concrete materials), lexical dyscalculia (a difficulty in reading

mathematical symbols), graphical dyscalculia (a difficulty in writing mathe-
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matics symbols), ideognostic dyscalculia (a difficulty in understanding math-
ematical relationships), operational dyscalculia (a difficulty in performing
specified mathematical operations).” [14] ”Developmental dyscalculia origi-
nates from a specific impairment in the brain function. Acalculia is observed
when a person loses all sense of meaning of numbers. Pseudo-dyscalculia is
based on emotional blockage or a confidence problem.” These are the three

types of dyscalculia which are referred on Guptas research [14].

1.2 Back Ground to the Problem Statement

It is necessary to address on the main skills by which learning mathematics
occurs in this research. The skills are; a sense of number, long-term memory,
short-term memory, working memory and an ability to learn crucial sequences
of words and numbers [15]. In contrast, on the ” Developmental dyscalcu-
lia and basic numerical capacities: In a study on 89-year-old students, the
researchers concluded that the dyscalculia was the consequence of specific
difficulties on elementary numerical processing, rather than the result of dis-
ability in other cognitive abilities [16]. In another study titled ” Children’s
Mathematics Performance: Five Cognitive Tasks across Five Grades”, the
researchers examined a set of primary mathematical tasks. After that, they
classified performance in grades 1 to 5 [17].

On the other hand, Lyons, I. M., et al (2014), indicated that there is
a difficulty in determining any one elementary numerical skill in grades 35,
that replace the others [18]. Furthermore, depending on the result of the
study conducted by the researchers Magda Praet et al ” Language in the
Prediction of Arithmetics in Kindergarten and grade 1; the number naming

and number comparison are better predictors than number line estimation
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of arithmetic skills in kindergarten” [19].

From the above mentioned description, experts who used judgment exam
in this research concluded the primary skills which play major roles in sens-
ing number, naming numbers, comparison number and operation. There are
models which are designed only to identify and diagnose a student with learn-
ing disability or non-learning disabled. For example, some of the models are
designed by implementing a soft computing technique named Learning Vec-
tor Quantization; a model which is designed to implement a soft computing
technique. This model classifies a student as learning disabled or non- learn-
ing disabled. Also, it finds out the type of learning disability that classifies
the students into dyslexia, dysgraphia and dyscalculia [8]. Also, there are
no clues in the literature for the model which defines the type of weakness
on mathematics skills (type of Dyscalculia), using machine learning on arti-
ficial intelligence to cluster to an appropriate group. For instance, there are
many standard tests for identifying dyscalculic students based on statistical
method [20]. Here we must note that on a previous article and similar re-
search, researchers who used artificial intelligence (supervised learning), were
using the classification not clustering. Classification algorithm needs to learn
groups with label data. For instance, its use category labels which tag ob-
jects with previous identifiers and already learn the things from their train
data. But the clustering algorithm does not use category labels which tag
objects with previous identifiers. It doest know anything before, in another
words, there is no train data for applying it . [21, 22] Hence we will try on
our research use ( un-supervised learning) clustering rather than (supervised
learning) classification for identifying dyscalculic students and determine in
which skills there is weakness. Also, an experts used student grade as criteria

for analysis dyscalculia clusters.
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In addition, the previous independent study and others didn’t find that
any model treatment dyscalculic students in directly. In addition, an IT-
based model to treat dyscalculic students using Machine Learning tools and

techniques could not be found in literature.

1.3 Problem Statement

Literature review showed that previous dyscalculia studies used previously
assigned criteria to classify students. This classification method put students
in groups depending on their dyscalculia degree. This method of dyscalculia
classification need trained examiner who can apply criteria efficiently as seen
in latent growth modeling [23, 24], and ANN SVM [20].

The research aimed at proposing a diagnosis and treatment model based
on Machine Learning clustering method, and technology; adaptively. It used
clustering analysis to identify whether third grade students have dyscalculia
or not. It also determined which type of dyscalculia students have in sensing
number, focusing on 3 criteria of sensing number: operation, comparison, and
naming numbers. This computer adaptive approach do not need a trained

dyscalculia examiner and do not use train data [21, 22].

1.4 Objectives of Research

The main objective of this research is to suggest computerized model based
on artificial intelligence to identify dyscalculic students, and to determine
where the problem exists, then proposing suitable treatment to the problem.

In particular, this research aims at achieving the following objectives:

1. To determine whether the third grade student is dyscalculic or not.
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2. To determine the type of dyscalculia, by implementing cluster analysis.

3. To propose a model for treatment and enhancement for the dyscalculic

students.

1.5 Novelty and Contribution

Reviewing previous literature explained that there are few works identifying
dyscalculia students through machine learning. Those who used machine
learning, they use classification not clustering. On the other hand, few other
studies have focused on clustering the type of disability. In addition, we use
an exam from the Ministry of Education in Palestine, designed especially for
the students with mathematical learning disabilities. The exam was modified
either by removing or adding questions. Then, it was given to experts for
validity and judgment.

The contribution on this research is focused on the following points:

1. Determining if the student is dyscalculic or not, through criteria which

are identified from experts and previous study.

2. Identifying the specific dyscalculia area (operation, comparison, and
naming number) through hierarchical clustering algorithm, and choos-

ing the best algorithm.

3. Proposing a model to identify and treat dyscalculia students based on

the clustering results reached.

4. Using and applying Machine Learning in this field, and proposed an in-
tegrated model for identifying (through clustering), and treating dyscal-
culic students, by incorporating technology with other elements adap-

tively is the first to attempt.



1.6. RESEARCH QUESTIONS

1.6 Research Questions

In order to accomplish the objective of the research, four questions were

raised to steer the research:

1. How can dyscalculic student be identified? In order to identify dyscal-
culia students, the researcher implemented the exam from the Ministry
of Education in Palestine. The exam was modified either by removing

or adding question.

2. How can we identify the specific dyscalculic area (operation, compari-
son, and naming number)? In order to identify the specific dyscalculia
area, the researcher needs to determine the criteria for mathematic
skills, which relates to the number sensing which was extracted from

the literature.

3. What is the best clustering method for identifying and grouping dyscal-
culic students? To choose appropriate clustering method, there must

be a comparison between a set of algorithm clustering.

4. How could a model be proposed to treat dyscalculic students based
on the clustering results reached? The proposed model combines an

essential component which tries to enhance dyscalculic students.

1.7 Scope

This research diagnoses dyscalculia third grade students and clusters where
they have problem, and propose a model for their enhancement. In this
capacity, the research will cover issues related to the cluster mechanism and

school education in general. The diagnosis for dyscalculia student takes into
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account important criteria for sensing number. These criteria are determined
through the literature review. An essential data obtained from appropriate
exam which contained an important criteria for sensing number. Also, the
study is limited to a proposed model which focuses on enhancing the process.

But the proposed model has not been applied.

1.8 Thesis Organization

The remaining parts of the thesis are organized as follows: Chapter 2 contains
a summary of some previous studies related to this work. Chapter 3 covers
the methodology used in this thesis. Chapter 4 demonstrates experiments,
results and discussion. Finally, chapter 5 concludes the work and proposes

some new direction for the future work.

10



Chapter 2

Literature Review

There are many methodologies for identification and intervention of dyscal-
culia, which addresses different aspects of this task by proposing appropriate
methodologies and procedures. These would be classified into three dimen-
sions. The first is the contribution focusing on using technologies, the second
is based on neurological description, and the third is the diagnostic method

for developmental dyscalculia.

2.1 The Intervention of Using Learning Tech-
nologies

The most important factor of unknowing and unlearning arithmetic in the
normal way is the lack of sense of number [3]. The researchers issued a com-
puterized test which uses the (Dots2Track) and the (Dots2Digits) program,
the Dyscalculia Screener, which works on computers and uses key board re-
sponses. The experiment was applied on four children with dyscalculia. The
results showed the response time of these four children. When each new num-

ber is entered, the learner responds much more slowly, but responses speed up

11
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as they become more trained. Some researchers have addressed this problem
by using the latent growth modeling (LGA) [6], which represents repeated
measures of dependent variables as a function of time and other measures.
The above study tries to identify children with dyscalculia using the latent
growth modeling approach, which reduces several limitations; for example

arbitrary cutoff, measurement error, lacking consideration of growth [6].

Capacity of g4~ T 4
Working Memory STEP 1 STEP 2 STEP 3 STEP 4
Core system of Verbal number Arabic number Mental number line
magnitude (cardinality) system system (ordinality)
Cognitive . et ee
Representation > cen Jone/ ftwo/ o 13, 14,45, T
. . oo 0 10 100 1000 10000
Concrete quantity Number words Digits Spatial image
Brain area Bi-parietal Left prefrontal Bi-occipital Bi-parietal
Subitizing, Verbal counting, t loulat i
Ability approxirfiation, counting strategies, W”“?’Z;;::;mns‘ Ap[;r;)::::;({:;i::;on. |
€omparison fact retrieval =
'
Infancy Preschool School Time

Figure 2.1: Four Step Developmental Model .
23, 24]

LGA was conducted to categorize participants into different teams de-
pending on their arithmetic performance over 3 years. The category which
showed the bad performance over 3 years would be a possible candidate.
According to this, participants were classified into five categories which are
shown in Figure 2.1. Another research identifies this problem faced by dyscal-
culia students and supports the different accommodation for them such as
pedagogy skills, presentation of techniques, and test provisions which en-
ables the dyscalculia student to gain confidence in their mathematical abili-
ties [25]. It would have been better if it provided software training for this
category and measured progress in their results or use the multimedia for

learning [26]. The researchers offer a design and a first pilot evaluation of
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2.1. THE INTERVENTION OF USING LEARNING TECHNOLOGIES

the computer-based training program calcularis for student with dyscalculia.

The learning process provided during multimodal cues is based on current
neuro- psychological results. The characteristics of this program of control
algorithm can adapt with the user and provide the best learning environment
and process. Assessment of this program explains that the important train-
ing affects in the number representation, for instance in subtraction. The
program also proves positively a good adaption to the needs of the student
with dyscalculia, and gives a feedback from the participants. Another design
and evaluation for dyscalculia was addressed by [27]. In this design, authors
discussed requirements imposed on the developed programs which come from
practical experiences, and the development process was analyzed. They used
three tests to measure the levels of achievement. The results showed that
the programs provide an adequate help for teacher working with dyscalculia
students. The feedback of computer program helped dyscalculia students to
become self-confident. It also offered the opportunity to practice individu-
ally. The others offer descriptive summary of the software and the cognitive
tasks. Another point is the review of the results about neural correlates of
computer based cognitive tasks, which is used to examine dyscalculia. It will
also be the assembly for the results of neuro-structural and neuro-functional
imaging. There is no standard dyscalculia examination, so they developed
computer-based examination (DD test) for 6-9 years old school children who
have already begun with multidisciplinary team and approach [4].

Others develop an E-learning and an adaptive E-learning tool which trains
dyscalculia student on an entertaining numerical comparison task using dis-
play problems adapted according to the level of performance of student indi-
vidually. It provides an opportunity to increase learning and skill optimiza-

tion using educational software. The results explained that the software was
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2.1. THE INTERVENTION OF USING LEARNING TECHNOLOGIES

adapted well for different levels of initial knowledge and learning speeds [2].
The problem which dyscalculia students faced was the sense of number, as
discussed earlier. The visual-spatial learning which is one of eight types of
learning styles defined in Howard Gardner’s theory of Multiple Intelligences.
Visual Spatial Learning styles (VSLs) refer to a person’s ability to recognize,
analyze, and understand visual information in the around. Results showed
the importance of spatial ability to identify the learners’ use of cognitive re-
sources [9].These characteristics help in the identification of visual spatial
learners, but not all the visual spatial learners will conform with all these
characteristics: To like complex ideas and tasks, to have poor listening skills,
to have difficulty finishing tasks/school work, to have a poor handwriting,
to love Lego, puzzles, jigsaws, computer games, television, to make things,
likes art and/or music, to have a poor sense of time, to be extremely sen-
sitive to criticism, to be emotionally very sensitive, to have difficulty with
spelling/times tables, to have a vivid imagination and/or disturbing dreams,
to be distractible, to be very disorganized [9]. VSLs learn best by discovery
or inductive techniques. They also excel when they are involved with par-
ticipation, visual representation, models, and computers [9]. In addition,
VSLs remember what they see, so we can use visuals and hands-on expe-
riences. Imagination, creativity, visualization and pattern finding are their
primary strengths [9]. Interactive virtual image displays enhanced by special
processing and by non-visual display methods [28]. It offers a new communi-
cation medium for human-machine interaction. Also, it submits techniques
for solving control problems. In addition, Virtual Environment (VE) displays
have broad applications potential- in education, procedure training, and high
level programming. VE has been used to test whether a fun virtual environ-

ment can improve math efficiency levels and motivate dyscalculia students
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to face challenges conducting mathematical skills. The results were positive
not only because the computer was eye-catching to the students, but also
because of the learning strategy implemented in the VE. In addition the VE
was designed to enter featured games that address mathematical skills. The
positive results show that pedagogical methods implemented using games
may help students learn and make efficient, flexible use of learning time if
the games are related to a virtual environment which allows free exploration
without an established order of execution [29]. The rational use of multi-
media in an educational context provides a great potential in offering the
learning environment more accessible to dyscalculia students. E-learning re-
source developers, multimedia producers and teachers must work together to
establish the context of a multimedia resource in order to ensure that the
learning experience is accessible as possible to the dyscalculia students [30].
[24] The researcher offers new software with a structure which is based on
neuro cognitive models. The number design, which is developed for the soft-
ware, enhances important aspects of number understanding and facilitates
learning of important concepts of number. The adaptability of the software
allows to adjust learning speed and to focus on specific problems of each
particular student. The family has an influence on the school development
of their students. The results showed that family socioeconomic level, its
classification characteristics, an appropriate home environment, and parents’
positive attitude on education and their active participation in it, are factors
affecting the academic development of the vast majority of students. This
effect is even more important for dyscalculia students. Other factors which
affect students learning are positions, perceptions and parental expectations
regarding their academic performance. Where, parents’ positive positions

towards their children and family provide an increased students’ confidence
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2.2. THE INTERVENTION BASED ON NEUROLOGICAL
DESCRIPTION

in their abilities. Also, the cooperation between their families and schools is
an important aspect for students’ academic success [31].

On the other hand [32] research aims at designing a decision support sys-
tem in e-learning which adapts with the learner automatically through the
assessment to the students learning style by using literate- based method. In
addition, [33] developed a software program to enhance dyscalculia students
[33]. Another study showed the nature of dyscalculia. It follows that Emer-
son House (EH) may be effective for children who faced various difficulties
[34] Thus, there is no study indicating to this problem as suitable model

involving set of variables to enhance academic level for dyscalculia.

2.2 The Intervention Based on Neurological
Description

Some researchers described a four-step developmental model which allows
expectations of neuropsychological imbalances for Developmental Dyscalcu-
lia (DD) with treatment models that can be deduced, recommended, and
applied [35]. While others discussed the advancement in understanding the
reasons of dyscalculia ,the treatment of this case, and the indications that
we shouldn’t be confused with ”primary” and ”secondary” developmental
dyscalculia. The primary DD associated with the weakness of development
of brain’s mechanisms for processing numerical magnitude information which
leads to self-neuro developmental factors. The secondary DD, which relates
to mathematical deficits, results from external factors such as poor teach-
ing, low socioeconomic status and behavioral attention problems [36]. The
important factor in the development of mathematical cognition is the work-

ing memory WM. Researchers test Baddeley and Hitch’s multi-component
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2.3. DIAGNOSTIC METHOD FOR DEVELOPMENTAL
DYSCALCULIA

WM in the context of arithmetic problem solving abilities in children. They
used a group of neuropsychological assessments of mathematical ability and
working memory, and functional neuro-imaging in the context of a single
well-controlled cognitive task involving arithmetic problem solving. Their
results indicated a basic role for visual-spatial VS abilities through ages 7-
9, a major stage in the development of mathematical abilities in children,
and the usefulness of the multi-component Baddeley and Hitch WM model
in fractionating the neural-correlates of arithmetic problem solving through
development. There are studies needed to test how brain systems are associ-
ated with each WM component interacting dynamically to provide arithmetic
problem solving and skill development in young children [37]. Dinkel PJ et
al showed in their research that there are no differences in performance for
the set of dyscalculia children based on deviating neural mechanisms. Also,
they indicated in their study that the FMRI examination results can’t be at

the same diagnostic level with behavioral examination results [38].

2.3 Diagnostic Method For Developmental Dyscal-
culia

The diagnosis of students with learning disabilities (Dyscalculia) requires
very hard work. Especially for teacher work, who doesnt have enough tech-
nical skills. Although that there are two artificial intelligence techniques
have been applied, for identification or diagnosis of students with learning
disabilities. There are artificial neural network (ANN) and support vector
machine (SVM) which were explained by Tung Kuang .. et al in their re-

search. The results experiment showed that the (ANN) performance better
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than (SVM) [39]. Identification of children with mathematical learning dis-
abilities (MLDs) using latent class growth analysis research for the purpose
of trying to identify children with MLD using the latent growth modeling
approach. It showed deficits in all number- related cognitive processing, in-
cluding number sense. During the class, it was identified that there were no

observable deficits in cognitive processing [40].

In 2012, Manghirmalani P. et al [41] presented a model which could clas-
sify any learning disability into its various types using fuzzy expert system.

Another study addressed that the most representative researches aimed
at applying artificial intelligence tools for solving problem in diagnosis and in-
tervention of specific difficulties [42] In 2009, Kavita Jain et al [43] suggested
a perceptron based on an artificial neural network model for diagnosing the
learning disability by using a method based on a test. The model consisted
of a single input layer with eleven units which were connected to different
sections of a conventional test and one output unit. In 2013, Athanasios S.
et al [44] reviewed the existing literature related to diagnostic and interven-
ing approaches based on the artificial intelligence techniques, but they didnt

make comparison between them.

In 2011, Tung-Kuang Wu et al [20] applied two artificial intelligence
techniques, for the identification or diagnosis of students with learning dis-
abilities. The two techniques were artificial neural network (ANN) and sup-
port vector machine (SVM). The results of the experiment showed that the
(ANN) performance was better than (SVM).

Lain Kaufmann and Michael von Aster showed in their research particu-

lar skills which are important for the scope special of treatments. They also

18



2.3. DIAGNOSTIC METHOD FOR DEVELOPMENTAL
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found a tool for intervention whenever it is effective [45].

The study [46] indicated that the measures which are valid and reliable
indicators for prospective mathematics difficulties in kindergartners . The
researchers in [18] tested 125 children with phonological, visualspatial short-
term memory (STM), and non-symbolic quantitative skills which support the
calculation skills . Another research tested the relations between eight ele-
mentary numerical skills on (1391) children from grades 1-6. [47] Researchers
in thesis [48] were tested the latest version of the Number Race (version 3.0).
The number of participants was twelve aged 5-7 years old. The Participants
varied in comparing numbers in terms of the speed and accuracy. They got
their results after taking standardized tests and a computerized battery, the

participant carry out the number race for a month (20 minutes daily) .

Giannis Karagiannakis and Anna Baccaglini-Frank described that the
DeDiMa battery available group of mathematical tasks helped identify the
features of students mathematical performances. The participants for this
study were fifth and sixth grade students. [49].

The study [50] showed that the systematic provides procedures for deter-
mining and clustering students who have dyscalculia in elementary schools in
India. Researchers describe in their study different tools which were used in
the study sample. Through this paper, it was tackled ” Arithmetic Diagnostic
Test (Ramaa, 1990, 1994)”. It diagnoses the difficulties faced by students
in elementary schools for grades ITIV. This test include three main scopes for

” namely number concept, arithmetic processes (operations)

mathematics;
addition, subtraction, multiplication and division, and arithmetical reason-

ing.” [50]
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2.4 Discussion:

The following table will explore the features and the differences between the
models that diagnose dyscalculia students.

In our research we are depending more than one study to conclude the
diagnosis and treatment dyscalculic student . For example using machine
learning clustering ( Hierarchical techniques ) from some research for instance
[1, 51, 52, 53, 54, 55, 56, 22| rather than another techniques. These study
does not use for diognosis dyscalculic students.

Also, we are conclude and determine a basic criteria for sensing number,
which is an elementary element for diagnosis duscalculic student [40, 18, 12,
27,7, 10, 8, 25, 13]

In addition in [2, 29, 28, 24, 30] studies, we are deduce an essential

component for proposed model.
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Table 2.1: Methods To Diagnose Dyscalculia

Frame work Model

Summary

Features

1.Artificial neural
network (ANN)

and support vector
machine (SVM).

(W. Tung, et al , 2007)

This model to diagnose
if the student
have dyscalculia or not.
Uses machine
learning based on
classification
methods.

Classification methods

needs to knowing
the groups
depending
on label data.
This model does
not determine
type of the
dyscalculia.

2.Model Learning
Vector Quantization.
(M.Pooja , et al , 2011).

This model to diagnose
if the student has learning
disableor not. Then
determine the type
of learning diable
( dyscalculia, dylexia
and dysgraphia).

This model does
not determine
type of the
dyscalculia.

3.Latent growth
modeling
( Wong, et al ,2014).

LGA was conducted
to categorize
participants into
different teams
depending on their
arithmetic
performance
over 3 years.

This model does
not determine
type of the
dyscalculia.
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2.5. CLUSTERING

2.5 Clustering

Clustering technique have been used in different scopes of research. For
example, engineering, medicine, biology and data mining [57]. 7 Cluster
analysis is the formal study of methods and algorithms for grouping, or clus-
tering, objects according to measured or perceived intrinsic characteristics or
similarity.” [21] The goal of clustering is to look for the structure in data, so
it is considered as an exploratory analysis. [57, 21].

Data clustering is usually used for three major objectives: underlying

structure, natural classification and compression [21].

e Underlying structure: For having an insight into data, creating assump-

tions, discovering anomalies and determining key features.

e Natural classification: For determining measures of similarity between

forms or organisms.

e Compression: As a way for grouping the data and summarizing by

cluster forms.

Below we will address the schemes of clustering [53, 51]:

1. Densitybased: This technique depends on the density , which is the
detection of cluster based on the continually increasing density in a
particular group as long as the density in the neighborhood overrun

certain threshold.

2. Distance-based: For categorical feature vectors, the concept of distance

which works in some cases is the number of common characteristics.

3. Partition-based: Constructing a partition of database D of n objects

into a set of k clusters.
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4. Hierarchical: This will be in two forms. Initially, all objects are sup-
posed to be single cluster. After that, each step is divided into two
clusters which are ” far” from each other. The operation finished when
each point is in a cluster by itself. The researcher will later talk about

this technique extensively.

5. Model-based: This method deals with each cluster as a mixture of
ordinary distributions and computes the probability which indicates

that each point belongs to a certain cluster.

The researcher will address the partition-based and hierarchical tech-

niques in details in the next section.

2.5.1 Clustering Methods

The fact states that the concept of cluster is undefined carefully; the cluster-
ing method is under development. Farley and Raftery divided the clustering

method into two main groups: hierarchical and partitioning methods [58, 59].

2.5.2 Hierarchical Methods

A hierarchical clustering method is based on grouping objects into a tree of
clusters. There are two categories for hierarchical technique; agglomerative
and divisive. These categories depend on whether the hierarchical decom-
position is formed in a buttom-up (merging) or top-down (splitting) fashion

58, 52].

e Agglomerative Hierarchical Clustering: At first, each object is in its
own cluster. Then, these clusters merge into larger and larger clus-
ters, until all of the objects become in a single cluster or until certain

termination conditions are satisfied [59].
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Figure 2.2: Agglomerative and divisive clustering.
[60]

e Divisive Hierarchical Clustering: This technique works in a reverse
order to the agglomerative hierarchical clustering. In the beginning, it
takes all objects in one cluster. Then, it splits the clusters into smaller
pieces until each object forms a cluster on its own or until it satisfies

certain termination conditions [59].

The hierarchical clustering methods could also be classified according
to the degree of similarity as measuring technique which is estimated as

following: [59, 60]

1. Single-link clustering: It has other names such as connectedness, the
minimum method or the nearest neighbor method. This technique
looks in the distance between two clusters to be equal to the short-
est distance from any object of one cluster to any object of the other

cluster.

2. Complete-link clustering: It also has other names such as the diameter,
the maximum method or the furthest neighbor method. In contrary

to the work of the first technique, it looks in the distance between
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2.5. CLUSTERING

two clusters to be equal to the longest distance from any object of one

cluster to any object of the other cluster.

3. Average-link clustering: It also has other names such as the minimum
variance method. This method depends on the distance between two
clusters. It is defined as the average distance between every pairs of

the two clusters objects.

4. Centroid: At first, this technique calculates the geometric center (cen-
troid) of every cluster. The distance between the two clusters equivalent

the distance between the two centroids.
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Figure 2.3: Clustering Procedures.

[60]
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Chapter 3

Research Methodology

3.1 Introduction

This chapter explains the methodology which was used in the research. The
methodology has four parts; the mechanism for the identification of dyscalcu-
lia students, determining the specific dyscalculia area (operation, comparison,
and naming number), employing a better clustering technique for identifying
and grouping dyscalculia students, and proposing a model to treat dyscalcu-

lia students based on the clustering results reached.

3.2 Identifying Dyscalculic Students

Previous related work showed that there was no specific way to help the pri-
mary school teacher identify dyscalculia student. So, the first step in this
research is identifying the dyscalculia student through an exam. We read
a set of exams for this purpose. They were structured in specific criteria
for mathematical skills. We address the most important skill in the exam:;
sensing number. It is based on three criteria; operation, comparison and

naming number. We used an exam from the Ministry of Education in Pales-
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3.3. IDENTIFYING TYPE DYSCALCULIC STUDENTS

tine, designed especially for learning disabilities in mathematics. An exam
was modified either by removing or adding questions, and then it was given
to experts for validity and judgment. After that the study sample which is
needed to implement the test was drawn from two areas; Hebron and Yatta.
530 students of third grade in eight schools - four female and four male schools
took the exam.

There were 500 valid exams. Exam results will be used as an input to a
clustering tool. In the contrast on the previous studies for example (Calvo,
et. Al, 2015) [18] examined 125 children, also in ( Kucian, etal, 2013) [23]
evaluated 15 children. We took into the consideration such as Lain Kaufmann
and Michael von Aster who noted in their research, that ” A child is said to
have a mathematical learning disability (MLD) when his or her performance
on a test of mathematical skills falls below an arbitrarily chosen percentile
in a study population, without reference to the childs general intelligence
level”. [45]Also, experts used the level of grade on an exam for determining

the level of difficulties which any student has.

3.3 Identifying Type Dyscalculic Students

Sensing number is an important skill in tests which is used for determining
if the student is dyscalculia or not. Every students result in each skill will
identify whether the problem exists or not. We noted from the previous study
that the focus was on determining only if the student is dyscalculia or not.
But in our research we identify which skill has problem, through students
grade as experts used to. The test was also given at the same time to all

students in order to give accurate results.
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GROUPING DYSCALCULIC STUDENTS

3.4 Best Clustering Method For Diagnosis and
grouping Dyscalculic Students

After taking the exam and getting the results, we used the exams results as
an input to a clustering tool.

Here, we must take into consideration the cluster evaluation which is part
of cluster analysis. In other research, they used the Cophenetic Correlation
Coefficient ( CPCC) for evaluating the clusters which is a popular evaluation
to hierarchical clustering [56].

A series of experiments will be implemented on hierarchical cluster, after
calculating the ( CPCC) for the four techniques. The four hierarchical clus-
tering techniques which were calculated by CPCC are: single link, complete
link, group average and ward’s. Depending on the result of (CPCC) we de-
cided to select appropriate techniques. After that, we determine the correct
number of cluster by Elbow Method.

Next, we saved the result of clusters as excel file for calculating some
criteria. After that, we must analyze this result and find the relationship in
it. It is possible to suggest a model for the working mechanism as described

in the figure [3.1].

3.5 Proposing Model

In this stage, we will draw a proposed model to treat dyscalculia students.
A questionnaire was used after the first version of the proposed model. The
questionnaire contained several questions and the answers were five-point
Likert scale, such as SA strongly agree, A agree, N neutral, D disagree, and

SD strongly disagree. The number of questions was suitable for the proposed
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Exam
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Proposed
Treatment
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k.

Clustering

Dyscalculia
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Dyscalculia
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Figure 3.1: Proposed Model For Diognosis.

model. ”The questionnaire was adopted from Shahin (2012) [61] to evaluate

the proposed model which is distributed to experts.

The attached proposed model is to find a suitable artificial intelligence;
a based approach to identify students with dyscalculia, the type of dyscal-

culia they have, and propose a technology-based treatment by taking into

consideration other elements, as shown in the model.
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3.5. PROPOSING MODEL

The proposed model is graphically represented above. It aims at identify-
ing (diagnosis) the dyscalculia students, and particularly, the type of dyscal-
culia a student might have. The model consists of two parts; the diagnosis
part and the treatment part. The diagnosis part depends on the students
results to identify the type of dyscalculia he/she has (if any), based on a set
of criteria. These criteria include three main skills (naming number, com-
paring number and adding / subtracting process) which are the basic skills
for sensing number. They are the main criteria that teacher depends on to
evaluate students in traditional way at the school.

The exams’ results were processed clustering tool/ algorithm to find what
and how many clusters there will be, so the student will be identified and clas-
sified according to the cluster they belong to. Based on the result, dyscalculia
students will be a subject of a treatment procedure as shown in the model.
The treatment part of the model consists of several components such as fam-
ily environment, teacher, Visual Spatial learning (VSL), education material,
and technology-based mathematical activities.

The subject of the treatment would be an enhanced dyscalculia student.
This student would be sent back to set for the dyscalculia identification exam
to measure the level of enhancement, and to decide if he/she needs further
treatment or, just become a normal student. The teacher plays a core role
in this part of the model, where he/she is the center for such treatment. The
teacher uses technology tools and educational materials, and coordinates
with family and the overall VSL. After preparing the proposed model graph-
ically, it was given to experts for validity and judgment. The experts have
high academic qualifications and have experience in these fields (education,

mathematics and information technology).
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Chapter 4

Research Results and

Discussions

4.1 Introduction

In our research, we use the hierarchical techniques clustering for our data.
We use hierarchical rather than k- means, because the hierarchical cluster
permits to choose from a large number of distance functions invented for
binary data and it sounds more theoretically for them than simply Euclidean
distance [62].

We also use R(R 1386 3.1.3) tool for clustering analysis and evaluation.
The laptop we use during our experiments has the following characteristics:
the processor is ( intel core Tm i3-2348 M, Cpu @2.3 GHz), RAM memory
has 4 G. Byte and the operating system is windows system 32bit).

We used an exam designed for dyscalculic students. 530 students of third
grade in eight schools were took the exam. There were 500 valid exams.
Exam results will be used as input to a clustering tool. A series of experiments

were implemented by using the four hierarchical clustering techniques.
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4.2. OPTIMAL NUMBERS OF CLUSTERS:

4.2 Optimal Numbers Of Clusters:

We also use the elbow method to find the correct number of clusters. It
is "direct method which consists of optimized criterion, such as the within
cluster sums of squares” [63].

The following figure shows that the seventh cluster is the optimal number
of clusters we must use in our experiments; because the values in this figures
start fixing from the sixth number. So that adding another cluster doesn’t

give much better result of the data.
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Figure 4.1: Four Step Developmental Model.

4.3 Different Between Single and Ward Tech-
niques:

In our research, we apply two hierarchical techniques algorithms; the single
link and Ward’s method. Depending on an unsupervised evaluation of Hier-
archical clustering which measures the goodness of clustering structure with
no consideration to external information. This measurement of cluster va-

lidity is divided into two classes: cluster cohesion (compactness, tightness),
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4.3. DIFFERENT BETWEEN SINGLE AND WARD TECHNIQUES:

And the result we obtained is in the table below:

Table 4.1: Cophenetic Correlation Coefficient (CPCC) and Four Agglomera-
tive Hierarchical Clustering Techniques.

Technique CcpPCC
Single Link 0.46
Complete Link 0.74
Group Average | 0.74
Ward’s 0.70

that decides how the joining related to the objects is in a cluster. And clus-
ter separation (isolation) which determines how featured or well divisive a
cluster is from other clusters.

”Cophenetic Correlation Coefficient (CPCC) is a standard measure of
how well a herarchical clustering fits the data” [56]. We apply the following

code to calculate the Cophenetic Correlation Coefficient (CPCC).

require(graphics)
data=readworksheetFromrile("D:/dalal.xIsx", sheet=1)
dl <- dist(data)

hc <- hclust(dl, "ave")

d2 <- cophenetic(hc)

cor(di,d2)

hc <- hclust(dl, "ward.D")
d2 <- cophenetic(hc)
cor(di,d2)

hc <- hclust(dl, "single")
d2 <- cophenetic(hc)
cor(di,d2)

hc <- hclust(dl, "complete")

d2 <- cophenetic(hc)
cor(dl,d2)

Figure 4.2: R Code for Calculate The Cophenetic Correlation Cofficient
(CPCCQC).
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4.3. DIFFERENT BETWEEN SINGLE AND WARD TECHNIQUES:

We notice that the single link is the lowest CPSS, but the other values
are close to each other. When we use a single technique, we get the following
results figure.

The below diagram shows seven clusters, each cluster has one to two
objects. And one cluster has large objects as the research mentioned as
reference [60]. But this may be illogical for the objective of this research.
Also, the single link technique is one of the oldest techniques of hierarchical
clustering [54]. In addition, there are some disadvantages for single link
and complete link. Some points on single link appear as bridge between two
clusters, which makes them look like one cluster. While, average-link leads

to elongated clusters to divide neighboring elongated clusters to merge [59].
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4.3. DIFFERENT BETWEEN SINGLE AND WARD TECHNIQUES:

Although the value of CPCC for ward technique is close to the values of
other techniques, we decide to choose it rather than others in our research.
This technique was described in 1963 [55] it’s advantage is providing memory,
However, not all distance values are stored but distances are computed as
they are needed [64]. The results of Ward experiments, which are applied

on our data set, are shown in the following chart:
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4.4. RESULT RESEARCH AND DISCUSSION:

4.4 Result research and discussion:

The result we obtain from the first experiment, which used ward technique

is shown in the figure below:

1e0
140
120
100

146
91 20 ag
B0
B Num of Students
60
34 a0
2 35 40
I [ .
T T T T T T I~ D
7 3] 5 4 3 2 1

Figure 4.5: Students Number for Each Cluster.

4.4.1 Experiment 1:

In the first cluster, 22 students get zero in all the questions of the exam.
The students have three difficulties in mathematical skills. The result of this
cluster is 4% from the sample of this research which has 50% of the research
population from the city and the remainder from Yatta.

Also, 27% of the population are female. All of them are from villages.
The other 73% are male. 31% are from Yatta and 69% are from Hebron.
On the other hand, 45% of the students have an average of (50 Marks) in
mathematics and less which are named delinquent. 27% of the students have
acceptable estimate. But 18% have average estimate, and only 10% have
good estimate.

The second cluster has 146 students whose grades are ranging from 5 to

14. In this cluster, we classify them into six groups as the following:
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4.4.

RESULT RESEARCH AND DISCUSSION:

. The first group does not have any problems regarding mathematical

skills. It includes 41 students equivalent to a rate of 29%.

. The second group has the highest rate problem in the second skill

which identifies the comparison area for dyscalculia students. This

group cluster has 70 students equivalent to a rate of 49%.

. The dyscalculic students in the third group have a problem in naming

numbers skill. There are only 7 students in this group, equivalent to a

rate of 4%.

. The fourth group has 22 students equivalent to a rate of 15%. The

dyscalculia students have a problem in naming numbers and making

comparison.

. The fifth group has only 4 students equivalent to a rate of 2%. The

dyscalculia students in the this group have a problem in the three skills

(naming numbers, making comparison and operation).

. The final group is the lowest one. It includes only 2 students equivalent

to a rate of 1% , They have a problem in making comparison and

operation.

On the other hand, we can analyze this cluster in order to find the strength

and weakness for each skills (naming numbers, comparison and operation).as

shown in the figure below:

From the ratio above, we must focus on the second skill in the first stage,

with a little focus on the first skill.

In this cluster, it was noted that 40% of the population were from Yatta,

and 60% were from Hebron. 60% of the students from Yatta are female and

40% are male. While 34% of the students from Hebron are male and 66%
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4.4. RESULT RESEARCH AND DISCUSSION:

120%

96% 100%

80%

60%

m Strenth

B Weakness 40%

4%

Mumber operation Comparison Maming number
number

Figure 4.6: Strength and Weakness for Three Skills to Second Cluster.

are female. In addition we must note that the ratio with excellent average
in mathematics is the greatest majority.
The table above shows the percentage of the independent students based

on their averages in mathematics.
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.2: Relationships Between Geographical Distribution, Gender and
Mathematics Average in Second Cluster.

Yatta Hebron
(40%) (60%)

Female | Male | Female | Male
(60%) | (40%) | (66%) | ( 34%)

Excellent

Estimate 37% 52% 36% 64%

(45%)

Very good

Estimate 31% 22% 31% 13%

(26%)

Good

Estimate 17% 18% 17% 0%

(14%)

Average

Estimate 16% 0% 19% 13%

(%)

Reasonable

Estimate 13% 4% 7% 7%

(5%)

Delgg%‘)lent 6% | 4% | 0% | 3%
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4.4. RESULT RESEARCH AND DISCUSSION:

The third cluster has 90 students. The grades of 18% from the population
are ranging from 6 to 15. In this cluster, we calculate the strength and
weakness in three skills (naming numbers, comparison and operation).The

results are shown in the figure below:

120%

G205 100%

80%

60%

M Strenth

m Weakness

40%

20%

8%

Number operatlon Comparison Maming number
number

Figure 4.7: Strength and Weakness for Three Skills to Third Cluster.

The results of the implicit analysis for this cluster are as the following:

1. The first group does not have any problem in mathematics skills. There

are only 78 students in this group equivalent to a rate of 87%.

2. The second group is weak in the first skill (naming numbers). There

are only six students in this group equivalent to a rate 7%.

3. The third group is weak in the second skill (comparing number), there

are only four students in this group equivalent to a rate 4%.

4. The final group in this cluster has only two students equivalent to a
rate (2% ). They have weakness in the first and second skills (naming

numbers and making comparison).
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.3: Relationships Between Geographical Distribution, Gender and
Mathematics Average in Third Cluster.

Yatta Hebron
(50%) (50%)

Female | Male | Female | Male
(33%) | (67%) | (58%) | (42%)

Excellent

Estimate 53% 60% 35% 74%

(62%)

Very good

Estimate 27% 10% 35% 11%

(20%)

Good

Estimate % 3% 0% 0%

(2%)

Average

Estimate 13% 17% 4% 11%

(11%)

Reasonable

Estimate 0% 7% 0% 0%

(2%)

Del(lg%")lem 0% | 3% | 0% | 5%

50% of the students in this cluster are from Yatta and the other 50% are
from Hebron. But it’s not the same orientation for gender. The greatest
result (87%) is for the students who do not have any problem in the three
mathematical skills. 67% of the students from Yatta are male. 58% of the
students from Hebron are female. Some literature review shows that male
and female had similar probability, although the fact that we found that the
majority is for males than females as in Vivian and et.al article [65]. But
in our research, especially in this cluster, the influence of gender varies de-

pending on the geographical areas.
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4.4. RESULT RESEARCH AND DISCUSSION:

In the fourth cluster, 25 students out of 28 have weaknesses in the three
skills (naming numbers, comparison and operation) equivalent to the rate
89%. The grades in this cluster are ranging from 1 to 5. The proportion of
weakness in the first skill (Naming number) and the second skill (Comparison
number) is 11%.

Here, we notice that the three skills are weak. The figure below shows the

results:

120%

100% 100%
100%

289%

B0%

60%%

M Strenth

H Weakness

A40%

20%

0% 0%
T 0%

Mumber operation Comparison Maming number
number

Figure 4.8: Strength and Weakness for Three Skills to Fourth Cluster.

From above ratio, this cluster shows the weakness clearly in the three
skills. And the great majority consists of males from Hebron, rating 85%.
The result we obtain shows that only 6% of the students have excellent
estimates for the mathematical average at school. The result, as shown in
the table 4.4, may be the average in mathematics at a school for males. It’s
not accurate as at the school for females. The majority of this cluster is for
females from Yatta.

In the fifth cluster we get the results below:

1. The percentage of those who have weakness in the first skill (Naming

number) and the second skill (Comparison number) is only 3%.

2. The percentage of those who have weakness in the second skill (Com-
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.4: Relationships Between Geographical Distribution, Gender and
Mathematics Average in Fourth Cluster.

Yatta Hebron
(T1%) (29%)

Female | Male | Female | Male
(62%) | (38%) | (15%) | (85%)

Excellent

Estimate 0% 0% 0% 6%

(4%)

Very good

Estimate 0% 67% 0% 6%

(11%)

Good

Estimate 0% 33% 33% 24%

(21%)

Average

Estimate 40% 0% 33% 11%

(18%)

Reasonable

Estimate 20% 0% 33% 24%

(21%)

Deg;%‘%ent 0% | 0% | 0% | 29%
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4.4. RESULT RESEARCH AND DISCUSSION:

parison number) and the third-skill (Number operation) is only 9%.

3. The percentage of those who have weakness in the first skill (Nam-
ing number), the second skill (Comparison number) and the third-skill

(Number operation) is 74%.

4. The percentage of those who have weakness in the first skill (Naming

number) and the third skill (operation) is only 5%.

5. Finally, the percentage of those who have weakness in the third skill

(Number operation) is only 9%.

120%

M Strenght

B Weakness

Number operation Comparison Naming number
number

Figure 4.9: Strength and Weakness for Three Skills to Fifth Cluster.

In this cluster, the grading of the exam ranges from 1 to 9. Each skill has
ratios of weakness and strength separately as the following figure shows:

In the contrast, we present an independent analysis below based on the
geographical areas of the students, their gender, and their average in math-
ematics. In this cluster, we notice that the weakest majority in the three

skills is found in the males from Hebron.
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.5: Relationships Between Geographical Distribution, Gender and
Mathematics Average on Fifth Cluster.

Yatta Hebron
(41%) (59%)

Female | Male | Female | Male

(86%) | (14%) | (25%) | (75%)
Excellent

Estimate 0% 0% 0% 7%
(3%)
Very good

Estimate 17% 0% 20% 0%
(9%)
Good

Estimate 8% 0% 20% 20%
(15%)
Average

Estimate 17% 50% 20% 40%
(24%)
Reasonable

Estimate 25% 50% 20% 40%
(32%)

Dea‘;‘%ent 3% | 0% | 0% | 13%
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4.4. RESULT RESEARCH AND DISCUSSION:

In the sixth cluster which has ratio 18%. The students grades are ranging

from (1) to (10). The students are classified into seven groups:

1. The first group includes the students who show weakness in the three
skills (Naming number, Comparison number and Number operation),

its ratio is 57%.

2. The second group includes the students who show weakness in the sec-
ond and the third skills (Comparison number and Number operation),

its ratio is 12%.

3. The third group includes the students who show weakness in the first
and the third skills (Naming number, and Number operation), its ratio

is 1%.

4. The fourth group includes the students who show weakness in the first
and the second skills (Naming number and Comparing number), its

ratio is 18%.

5. The fifth group includes the students who show weakness in the first

skill (Naming number) only, which ratio is 1%.

6. The sixth group includes the students who show weakness in the second

skill (Comparison number), its ratio is 10%

7. Finally, the members of the last group in this cluster have weakness in

the third skill (Number operation), its ratio is 1%.

The next figure shows the ratio of weakness and strength in each skill

separately:
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4.4. RESULT RESEARCH AND DISCUSSION:

120%%

97 %

1002

m Strenth

m Weakness

3%

Mumbe r operation Comparison Maming number
number

Figure 4.10: Strength and Weakness for Three Skills to Sixth Cluster.

To sum up, it seems to be a priority to focus on the weakness of the
students in the second skill based on the previous results.

In the analysis presented above, the great majority of students in this
cluster are males from Hebron. In the final cluster we get the following

results :

1. 1% of the students groups do not show any weakness in the three skills.

2. 31% of the students groups have weakness in the three skills (Naming

number, Comparison number and Number operation).

3. 39% of the students groups have weakness in the first skill (Naming

number) and the second skill (Comparison number).

4. 15% of the students groups have weakness in the second skill (Compar-

ison number) and the third skill (Number operation).

5. 1% of the students groups have weakness in the first skill (Naming

number) and the third skill (Number operation ).

6. 11% of the students groups have weakness in the second skill (Compar-

ison number).
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.6: Relationships Between Geographical Distribution, Gender and
Mathematics Average on Sixth Cluster.

Yatta Hebron
(37%) (63%)
Female | Male | Female | Male
(48%) | (52%) | (21%) | (79%)
Excellent
Estimate 6% 0% 0% 14%
(8%)
Very good
Estimate 23% 0% 17% 7%
(10%)
Good
Estimate 47% 13% 8% 18%
(16%)
Average
Estimate 12% 31% 50% 23%
(26%)
Reasonable
Estimate 6% 56% 8% 27%
(26%)
Del(lg%ent 6% | 0% | 17% | 11%
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4.4. RESULT RESEARCH AND DISCUSSION:

7. 2% of the students groups have weakness in the third skill (Number

operation).

In this cluster, we must focus on the second skill which has the highest
weakness ratio.

As it is shown in the figure:

120%

96%

m Strenth

m Weakness

4%

Mumberoperation Comparison Maming number
number

Figure 4.11: Strength and Weakness for Three Skills to Seventh Cluster.

In this cluster, Hebrons males schools have the highest percentage as the
next table shows.
We conclude with the results in the table above, that female schools in

Yatta are more reliable in the mathematics grades.
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.7: Relationships Between Geographical Distribution, Gender and
Mathematics Average on Seventh Cluster.

Yatta Hebron
(23%) (77%)
Female | Male | Female | Male
(48%) | (52%) | (31%) | (69%)
Excellent
Estimate 0% 18% 27% 25%
(22%)
Very good
Estimate 20% 27% 23% 21%
(22%)
Good
Estimate 20% 18% 32% 21%
(23%)
Average
Estimate 30% 0% 5% 17%
(13%)
Reasonable
Estimate 30% 18% 14% 13%
(15%)
Del(lg%ent 0% | 18% | 0% | 4%
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.8: Distributed Ratio for Second Cluster.

Kind of Weakness Ratio

No Problem 31%
Weakness on Second
Skills 59%

Weakness on Second and
Third Skills
Weakness on First and
Second Skills

6%

4%

Table 4.9: Strength and Weakness for Three Skills to Second Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 97% 31% 94%
Weakness 3% 69% 6%

4.4.2 Experiment 2:

We apply the same algorithm which was used in experiment 1, but on differ-
ent sample size. The sample is only for female students which contains 226

students. The results we obtain are shown in the following seven clusters:

e The first cluster has six students whose grades are zero in the exam.

e The second cluster has 32 students who are distributed as in table 4.8.
From the ratio in table 4.9 we must focus on the second skill.

e The third cluster has 69 students who are distributed in the following
tables:

Table 4.10: Distributed Ratio for Third Cluster.

Kind of Weakness | Ratio

No Problem 81%
Weakness on First
Skills 4%
Weakness on Second
Skills 12%

Weakness on First and

Second Skills 3%
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.11: Strength and Weakness for Three Skills to Third Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 93% 86% 100%
Weakness 7% 14% 0%

From the result presented above, we noted that there is no problem in

general.

e The fourth cluster has 58 students who are distributed in the following

tables:

Table 4.12: Distributed Ratio for Fourth Cluster

Kind of .
Weakness i
Weakness on
Second Skills 40%
Weakness on
Third Skills 2%
Weakness on First
and Second Skills 22%
Weakness on First and Third Skills 2%
Weakness on Second 16%
and Third Skills 0
Weakness on First, 39,
Second and Third Skills 0

Table 4.13: Strength and Weakness for Three Skills to Fourth Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 69% 16% 69%
Weakness 31% 84% 31%

e Fifth cluster has 18 students who are distributed in the following tables:

e Sixth cluster has 22 students who are distributed in the following tables:

e Seventh cluster has 21 students who are distributed in the following

tables:
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4.4. RESULT RESEARCH AND DISCUSSION:

4.4.3

In this experiment, we apply the same algorithm, but the sample is the result
of the seventh cluster from the first experiment. It has the highest ratio 39%

regarding weakness in the first and the second skills.

Table 4.14: Distributed Ratio for Fifth Cluster.

Kind of
Weakness

Ratio

Weakness on
Second Skills

6%

Weakness on First and
Second Skills

44%

Weakness on Second and
Third Skills

6%

Weakness on First,
Second and Third Skills

44%

Table 4.15: Strength and Weakness for Three Skills to Fifth Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 11% 0% 50%
Weakness 89% 100% 50%

Table 4.16: Distributed Ratio for Sixth Cluster.

Kind of
Weakness

Ratio

Weakness on
Second Skills

4.5%

Weakness on First and
Second Skills

4.5%

Weakness on Second and
Third Skills

4.5%

Weakness on First,
Second and Third Skills

86.5%

Table 4.17: Strength and Weakness for Three Skills to Sixth Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 9% 0% 9%
Weakness 91% 100% 91%

Experiment 3:

The seventh cluster result is:
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.18: Distributed Ratio for Seventh Cluster.

“I/'{el:lfngis Ratio
Third Skils 4.5%
W | o
O i skl | 5%
Second and Third Sialls | 565%

Table 4.19: Strength and Weakness for Three Skills to Seventh Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 29% 19% 0%
Weakness 1% 81% 100%

e The first cluster has 13 students who are distributed in the following
tables:

Table 4.20: Distributed Ratio for First Cluster.

Kind of .
Weakness Lizie
Weakness on
Second Skills 23%
Weakness on First
and Second Skills 547
Weakness on Second and 15%
Third Skills ©
Weakness on First, Second 8%
and Third Skills 0

Table 4.21: Strength and Weakness for Three Skills to First Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 40% 0% 23%
Weakness 60% 100% 7%

From the result presented above, we must focus on the second skill.

e The second cluster has 19 students who are distributed in the following
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4.4. RESULT RESEARCH AND DISCUSSION:

tables:

Table 4.22: Distributed Ratio for Second Cluster.

Kind of .
Weakness ltizlitto
Weakness on
Second Skills 21%
Weakness on First and 5%
Second Skills ©
Weakness on First 5%
and Third Skills 0
Weakness on Second and
Third Skills 32%
Weakness on First , 377
Second and Third Skills ©

Table 4.23: Strength and Weakness for Three Skills to Second Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 53% 5% 26%
Weakness 47% 95% 74%

e The third cluster has 7 students who are distributed in the following

tables:
Table 4.24: Distributed Ratio for Third Cluster.
. Weakness on | Weakness on First,
Kind of
Woak Second and Second and
CAKNESS | Phird Skills Third Skills
Ratio 29% 71%

Table 4.25: Strength and Weakness for Three Skills to Third Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 29% 0% 0%
Weakness 1% 100% 100%

e The fourth cluster has 15 students who are distributed in the following

tables:
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4.4. RESULT RESEARCH AND DISCUSSION:

Table 4.26: Distributed Ratio for Fourth Cluster.

Kind of .
Weakness Lsizitdo
Weakness on
Second Skills 6.5%
Weakness on First and
Second Skills 87%
Weakness on First , 6.5%
Second and Third Skills | ~°"°

Table 4.27: Strength and Weakness for Three Skills to Fourth Cluster

Skills First Skills | Second Skills | Third Skills
Strengh 6% 0% 93%
Weakness 94% 100% 7%

Table 4.28: Strength and Weakness for Three Skills to Fifth Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 0% 0% 0%
Weakness 100% 100% 100%

e The fifth cluster has 5 students who have weakness in the three skills.

e The sixth cluster has 15 students who are distributed in the following
tables:

Table 4.29: Distributed Ratio for Sixth Cluster.

Kind of .
Weakness izt
Weakness on
Second Skills 7%
Weakness on First and
Second Skills 80%
Weakness on First |, 13%
Second and Third Skills ©

Table 4.30: Strength and Weakness for Three Skills to Sixth Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 7% 0% 13%
Weakness 93% 100% 87%
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4.4. RESULT RESEARCH AND DISCUSSION:

e The seventh cluster has 17 students who are distributed in the following

tables:

Table 4.31: Distributed Ratio for Seventh Cluster.

Kind of .
Weakness Lzt
Weakness on
Second Skills 12%
Weakness on
Third Skills 5.5%
Weakness on First and
Second Skills 12%
Weakness on Second
and Third Skills 24%
Weakness on First |, 41%
Second and Third Skills ©
Without any Problem | 5.5%

Table 4.32: Strength and Weakness for Three Skills to Seventh Cluster.

Skills First Skills | Second Skills | Third Skills
Strengh 47% 18% 24%
Weakness 63% 82% 86%
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4.5. VALUATING THE RESULTS CLUSTERS:

We conclude from the three experiments that the result is better when we
use a small number of sample data as shown in first experiment. From above
results, we noted that a logical similarity in each category. For example the
first cluster which has zeros mark, is mostly from male Hebron school. Also,
there is many important factors, which play a role on the nature of clusters,

for instance Geographical area and gender.

4.5 Valuating The Results Clusters:

Since this study is the first study study that used machine learning cluster
methods for dyscalculic student. We compared the results of the study with

results of 30 students clustered by an experts.

1. The first cluster has 100% validity. Which contains students having

zeros mark for each skills.

2. The second cluster has 60% validity. Which contains students having
weakness on comparison skills. Here, we must note that this cluster

need a second level clustering.

3. The third cluster has 100% validity. Which represent un- dyscalculic

students.

4. The fourth cluster has 100% validity. Which represent dyscalculic stu-

dents in three skills .

5. The fifth cluster has 75% validity. Which represent dyscalculic students

in three skills .

6. The sixth cluster has mixed result as shown in section (4.2), this cluster

has dyscalculic in three skills or in comparison and operation dyscal-
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4.6. RESULT OF MODEL EVALUATION:

culic. 50% validity is dyscalculic in three skills and 50% validity is

comparison and operation dyscalculic.

7. The seventh cluster has 75% validity Which represent dyscalculic stu-

dents in comparison and operation skills.

4.6 Result of Model Evaluation:

The proposed model has been undergone evaluation by experts to clarify the
extent of acceptance, and to show that the model includes all the necessary
components. It also aims at proving that the proposed model is a feasible and
acceptable solution to diagnose and treat dyscalculic students. The following
table shows the result of the analysis has been collected from 24 experts after

distributing 60 model design evaluation forms.
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4.6. RESULT OF MODEL EVALUATION:

Table 4.33: Means Questions .

Item SA
A

A. The model is :
1. Understandable 3.9565 0.92826
2.Clear 3.8696 0.75705
3.Complate 3.9130 0.66831
4.Comprehensive 3.9130 0.59643
5.Self-explained 3.5652 1.03687
B. The graphical representation ( layout ) of the model is:
6.Understandable 3.7826 0.79524
7. Clear 3.6957 0.8756
8. Complete 3.7391 0.75181
9.Comprehensive 3.7391 0.75181
10. Matching the textual explanation 3.7391 0.91539
C. The textual explanation of the model is :
11.Understandable 3.7826 0.85048
12. Clear 4.0870 0.41703
13. Complete 3.9545 0.65300
14.Comprehensive 3.7391 0.68870
D. The components are all:
15. Understandable 3.7391 0.81002
16.Necessary 3.9130 0.59643
17. Relevant 3.8696 0.62554
18.Sufficient 3.7826 0.67126
E. The relationships between components are :
19.Understandable 3.9565 0.76742
20.Clear 3.7826 0.59974
21. Meaningful 3.7826 0.59974
F. The graphical representation of the components is :
22.Understandable 3.8261 0.77765
23. Clear 3.7826 0.73587
24. Suitable 3.6957 0.82212
G. ’Students’ component is :
25.Necessary 3.6087 0.72232
26.In the right place 3.9565 0.63806
H. ’ Exam’ component is :
27.Necessary 4.00 0.52223
28.In the right place 3.9565 0.56232
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4.6. RESULT OF MODEL EVALUATION:

Item SA
A

I. > Criteria ’ component is :
29.Necessary 3.9565 0.63806
30.In the right place 3.8261 0.83406
J. ’ Clustering ’ component is :
31.Necessary 4.2174 0.67126
32.In the right place 4.2174 0.59974
K. ’Dyscalculia Cluster ’ component is :
33. Necessary 3.8696 0.75705
34.In the right place 3.7391 0.91539
L. 'Normal Students’ component is :
35.Necessary 4.0435 0.47465
36.In the right place 3.7391 0.75181
M. ’Dyscalculia Students’ component is :
37. Necessary 4.000 0.60302
38. In the right place 3.9565 0.5632

N. > Adaptive Technology Based Math Activities > component is :

39. Necessary 3.9130 0.66831
40. In the right place 3.9130 0.59643
O. ’Family Environment’ component is :

41. Necessary 3.9130 0.79275
42. In the right place 3.9565 0.63806
P.’ Teacher ’ component is :

43. Necessary 4.0870 0.59643
44. In the right place 3.9130 0.66831
Q. ’ Visual- spatial learning > component is :

45. Necessary 3.8696 0.75705
46. In the right place 3.8696 0.75705
R. ’ Education Material ’ component is :

47. Necessary 4.0435 0.63806
48. In the right place 3.8696 0.62554
S. > Enhancements Dyscalculia Students > component is :

49. Necessary 3.9565 0.92453
50. In the right place 3.9565 0.70571
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4.6. RESULT OF MODEL EVALUATION:

In general, the reported means show that the model has received accep-
tance and was evaluated positively to a large extent. The lowest mean is
(3.5652) which was observed during the evaluation to the model. After get-
ting the results of the evaluation and the comments from the experts about
model, we received some suggestions for a modified model as the following
figure shows.

In chapter two, section (2.1) (2.2), the researchers discussed the anal-
ysis of different researches in this scope. Perhaps, none of them focus on
the treatment of the problem using a combination of several factors to build
appropriate model. This research tries to develop a model based on several
factors combined together. Some researchers present a model of the cogni-
tive processes of mathematical development. Here, this system is adaptive to
the learning experience, which improves both success and motivation. These

benefits would be improved if we combine it with other factors.

So, in the proposed model shown in figure 4.12, the system of train-
ing consists of the following components (technology, VE, and family) that
would improve both success and motivation for dyscalculic student. As we
have seen; a problem of sense of number coordinates is the base of dyscal-
culia. There are many factors, when combined together; we might get the
best result. In addition, we consider that each factor is represented as an
adaptive learning. The tool uses an algorithm to adapt to an individual stu-
dent’s ability and submit intensive training in an entertaining context. This
approach for remediation of Dyscalculia allows intensive training in num-
ber sense, and Specifically the type of weakness on the three number sense
skills. So, we suggest the following conceptual model which describes how

we deal with the dyscalculic students. The teachers can identify the level of
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4.6. RESULT OF MODEL EVALUATION:

the problem in the student’s usage of software technology. After that they
decide to provide him/her with software training using appropriate multi-
media. Depending on the education material, which is activated by teacher
and family, using software training, and appropriate multimedia that is ded-
icated to find out the number and improvement on the mathematical skills
of the student. Also, teacher can implement learning strategy in the (VE).
We must note that, whenever we train student, we get a positive change on
the level of their mathematical skills. After that student must be submitting
adaptive exam, which depending on type of weakness in number sense skills.
The result of kind clustering student (dyscalculic or not ), determine where
student directed.

It should be note that an e-learning system can provide great opportuni-
ties to create and acquire knowledge for dyscalculic student. Following skills
are required by the learner for e-learning: Observation, attention, manipula-
tion, and problem solving [66]. The previous skills are important for students
using e-learning system. However to DD students who face problems with
these skills, the most important factors to help them would be family and

teacher as shown in figure 4.12.
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4.7. SCENARIO OF HOW THE MODEL WORKS:

4.7 Scenario of How The Model Works:

Third grade students took the exam which was adopted and built on the
criteria of the basic skills. It depends on the grading of the test, this helps
decide the cluster for each student. Based on this, we can identify if the
student has a problem in his/ her basic mathematical skills, or not. If the
student has a problem in the basic skills, he/ she must be transferred to
the treatment part of the model. This part of the model includes several
components, which work with each other in an integrated way. For example,
if the student has two problems (naming number and comparison number),
the teacher plays a major role in uniting the efforts to improve the level of
the student.

An important component is to adopt technology in mathematical activ-
ities in which the content is appropriate for the skills which have problems.
In a parallel way, the teacher provides an appropriate exercise for the stu-
dent, in his/ her problem, through family by using appropriate visual spatial
learning. The teacher may also use appropriate visual spatial learning with
educational materials. After that, we get an evaluation for the student based
on an evaluation through issuing a judgment either by re-examination or

enhancement to the students.

4.8 Algorithm for Dyscalculic Students:

To ensure good working for this treatment part model. We supposed some

theoretic hypotheses:

1. If student mark in operation skills less than 3; then student has oper-

ation dyscalculia.

68



4.8. ALGORITHM FOR DYSCALCULIC STUDENTS:

2. If student mark in comparison skills less than 3; then student has com-

parison dyscalculia.

3. If student mark in naming numbers skills less than 3; then student has

naming numbers dyscalculia.

When student combines more than one rule of cluster dyscalculia. The
model will use priorities.

Priorities of the skills in the following order: naming numbers, comparison
and operation skills. An adaptive treatment model is designed to trains
dyscalculic students naming numbers tasks; if the student has level mark
greater or equal 3. The model automatically transfers him/ her to the next
skills. This operation will repeat until we get the level un-dyscalculic student.

It is important to note that for all eventualities expected cases of third

grade student. As shown in the bellow table:
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4.8. ALGORITHM FOR DYSCALCULIC STUDENTS:

Table 4.34: Cluster Rule and Conditions

Rule Condition Model Results and Acted
If it is True Stud(?nt hfas operation dy.scalcul.la: .
c1 So, give him/her appropriat training exercise
If it is False | Student hasn’t operation dyscalculia
If it is True Stude.:nt hfas comparison d.yscalc.ul.la. .
2 So, give him/her appropriat training exercise
If it is False | Student hasn’t comparison dyscalculia
If it is True Stud(.ent hff;\s naming num‘t.)ers d}:'sc.:alcuha .
C3 So, give him/her appropriat training exercise
If it is False | Student hasn’t naming numbers dyscalculia
If it is True Stud.ent lr.las operation arfd comparison dyscalcuha.
Cl & C2 So,give him/her appropriat training exercise
If it is False | Student hasn’t operation and comparison dyscalculia.
Student has operation and naming numbers
If it is True | dyscalculia.
So,give him/her appropriat training exercise
5 : :
C1&C3 If it is False Student I.lasn t operation and naming numbers
dyscalculia.
Student has comparison and naming numbers
If,it,is True | dyscalculia.
So,give him/her appropriat training exercise
C2 & C3 If it is False Student I.las comparison and naming numbers
dyscalculia.
Student has operation, comparison and naming
If it is True | numbersdyscalculia.
C14C24: Sadont hasn 't opeetion, somparisen and
C3 | Ifit is False P ) comp

naming numbers dyscalculia.
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Chapter 5

Conclusion and Future Work

5.1 Introduction

This research proposes a novel approach that aims at finding a suitable ar-
tificial intelligence- based approach in order to identify the students with
dyscalculia, the type of dyscalculia they have, and proposes a technology-
based treatment mechanism, taking into consideration several other elements,

as shown in the model.

5.2 Conclusion

To conclude the study, we must consider the results in light of the objectives:
The first objective in our research is finding out a mechanism for identify-
ing the students with of dyscalculia. As we saw in the literature review,
the mechanism used for analyzing data from the students is the statistical
analysis or the classification mechanism. The result we obtained after using
cluster analysis is a good one as indicated by experts. The results were logi-
cally categorized to determine if the student is dyscalculic or not. The second

objective was to determine the specific dyscalculia area i.e. operation, com-
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5.2. CONCLUSION

parison, and naming number. This objective was achieved after analyzing
the results clustering and through the evaluation received from the experts.
Having determined that the student is dyscalculic, the weakness problems
have been accurately determined, as shown in the analysis of results.

The third objective was to employ a better clustering technique for iden-
tifying and grouping dyscalculic students. It was implemented through us-
ing Ward technique rather than single technique. As shown in the results,
Ward technique has advantages, i.e. providing memory and having logic
clusters. The clusters obtained from applying Ward technique included the
students with zero marks on exam, weakness on second skills (comparison
skills), strengths on the three skills, weakness on three skills and weakness
on first skills (naming number) and second skill (comparison of numbers).
In contrast, the Single technique results were illogical, that is, two clusters
were abridged as one cluster. The fourth objective was to propose a model
for treating dyscalculia students. This objective was achieved by evaluating
the proposed model and receiving feedback from experts. Next, the com-
ments and suggestions were incorporated within the model. As shown earlier
throughout the literature review, several models and attempts have been
conducted to identify and/or treat Dyscalculia focusing on one side or factor
of the problem. Our proposed conceptual model for identifying dyscalculic
student, determining specific weakness problems in sensing number and en-
hancing learning of dyscalculic students focuses on visual- spatial learning,
technology, and family environment. The aim was to develop this concep-
tual model which allows each dyscalculia student, parent, and teacher to
use through technology based on clustering algorithm which would result in
diagnosing the student learning ability, and through software training that

consists of an appropriate multimedia and VE in treatment part. We in-
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5.3. RECOMMENDATIONS TO THE MINISTRY OF EDUCATION IN
PALESTINE:

tend to expand our research one step further into enhancing, validating and

testing this proposed model in Palestine.

5.3 Recommendations to the Ministry of Ed-
ucation in Palestine:

Taking into account the male schools rather than female schools in terms of
follow-up when taking their mathematics exam, the evaluation of the results
showed that female schools have more credibility in the results of academic
achievement than male schools. On the other hand, results analysis indi-
cated that, results of male schools in Hebron and female schools in Yatta
were bad. Henceforth, new mechanisms of dealing with these matters need
to be followed in girls’ schools in villages and boys’ schools in cities, with
disregard to the relative improvement noticed. This can be achieved through
amending and reforming the existing rules. Submission of computerized ex-
ams is easy using and electronic entering of exam results for clustering would
be better than using paper exams. So, Ministry of Education ought to work
on improving the existing technology infrastructure all over schools that may

allow submission of computerized exam.

5.4 Recommendation to Researchers:

Clustering result is very good and logically-valid as experts said. However,
when the researchers use the hierarchical clusters for their data set, it is
better to employ another cluster level to obtain better results if the data set
is large. Also, attention need to be paid to the type of data. Hierarchical

clusters algorithm could be better for binary data. Orientation researchers
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5.5. FUTURE WORK

also need to shed more light on the causes of gender differences and other

relevant areas as shown in the research results section.

5.5 Future Work

Although this research has covered an important issue regarding identifying
the third grade students with dyscalculia, and the type of dyscalculia they
have in Hebron and Yatta, there is still a need for further research and

enhancement to this study. Suggested future work may include:

1. Using other mathematical skills suitable for other grades, through using
the same steps and operations taking into consideration the criteria for

each skill.

2. Applying the proposed model on other students in different grades to

compare the results of this study.

3. Adding a new case to our data set, and repeating the cluster process.

Thus, for analysis the mechanism hierarchical clustering algorithm.

4. Submitting mathematics exam online rather than handwritten exam,
in order to implement the exam in short time. To consider the time

element which helps to determine dyscalculic student or not.

5. Focusing and analyzing the difference between expert clusters and our

cluster noticed as shown in section 4.3 Valuating The Results Clusters.

6. The proposed model in our search highlighted diagnosis of dyscal-
culic students and presenting methods of treatment. Dealing with un-
dyscalculic students and promoting their performance have not been

approached.
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Palestine Polytechnic University
Deanship of Graduate Studies and Scientific Research

MS in Informatics

Dear Prof/ Dr.

This evaluation form is part of a Master Dissertation of the Informatics program at
Palestine Polytechnic University, titled “Diagnosis and Clustering Of Dyscalculia
Third Grade Students",

The attached proposed model is to find a suitable artificial intelligence based
approach to identify students with dyscalculia, the type of dyscalculia they have, and
propose a technology-based treatment taking into consideration several other

elements, as shown in the model.

Your efforts and feedback will be invaluable for the improvement of the proposed

model, and is highly appreciated.

Thank you for spending your time to fill this form.

Dalal Al-Adrah.
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Proposed Conceptual Model for Diagnosis and Enhancement of Dyscalculia
Students.

The proposed model is graphically represented above. It aims at identifying
(diagnosis) of dyscalculia students, and more specific, the type of
dyscalculia a student might has. The model consists of two more parts; the
diagnosis part and the treatment part. A student will set for an exam to
identify the type of dyscalculia he/she has if any, based on a set of criteria.
Exams’ results will be used by a clustering tool/ algorithm to find what and
how many clusters there will be, so student will be identified base on which
cluster they belong to. Based on the result, dyscalculia students will be
subject to a treatment procedure as shown in the model. The treatment part
of the model consists of several components; Family environment, Teacher,
Visual Spatial learning (VSL), education material, and technology-based
math activities. The result of the treatment would be an enhanced
dyscalculia student. This student would be sent back to set for the
dyscalculia identification exam to measure the level of enhancement, and to
decide if he/she needs further treatment or, just become a normal student.
The teacher plays a core role in this part of the model, where he/she is the
center for such treatment. Teacher uses technology tools, education
material, and coordinates with family and the overall VSL

Dyscalculia: is a brain-based condition that makes it hard to make sense of numbers and
math concepts.

Visual Spatial Learning styles (VSLs): refer to a person's ability to recognize, analyze,
and understand visual information in the around.



Model Design Evaluation Form

Please read the attached brief description and the sketch of the model design. Based on
that, please fill in this evaluation form. Your objective feedback is highly appreciated.
Please feel free to comment on the model. Thank you for your time and invaluable
feedback and comments.

Please write (X) in the appropriate answer of each item of the evaluation form. (“SA”

Strongly Agree, “A” Agree, “N” Neutral, “D” Disagree, and “SD” Strongly Disagree).

ftem | salalln o jlso]

A. The model is

Understandable
Clear
Complete
Comprehensive

Ao

CD | s s s

lis:

6. Understandable

7. Clear

8. Complete

9. Comprehensive

10. Matching the textual explanation
C. The textual explanation of the model is :

11. Understandable

12. Clear

13. Complete

14. Comprehensive
D. The components are all:

15. Understandable

16. Necessary

17. Relevant

5. Self- explained
B. The graphical representation ( layout ) of the mod

18. Sufficient

E. The relationships between components are :

H. ' Exam' component is :

27. Necessary

28. In the right place
I. " Criteria' component is:

29. Necessary

30. In the right place

19. Understandable
20. Clear
21. Meaningful
F. The graphical representation of the components is :
22. Understandable
23. Clear
24, suitable
G. 'Students' component is :
25. Necessary I H I I
26. In the right place




J. ' Clustering ' component is :
31. Necessary
32. In the right place

K. 'Dyscalculia Cluster ' component is :
33. Necessary
34. In the right place

L. 'Normal Students’' component is :
35. Necessary
36. In the right place

M. 'Dyscalculia Students' component is :
37. Necessary
38. In the right place

N. " Adaptive Technology Based Math Activities ' componen
39. Necessary
40. In the right place

O. 'Family Environment’ component s :
41. Necessary
42. In the right place

P. " Teacher' componentis:
43. Necessary
44. In the right place

Q. " Visual- spatial learning ' component is :
45. Necessary
46. In the right place

R. ' Education Material ' component is :
47. Necessary
48. In the right place

S. ' Enhancements Dyscalculia Students ' component is :
49. Necessary

IS :

~—+

50. In the right place

Comments/suggestions:

Thank you for your cooperation.



