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Abstract—The goal of every company and public sector or-
ganization is to provide quality service to their customers and
make them satisfied. However, as we move to-wards a more
connected world where technology has been integrated into the
business process, handling data has become more complicated.
Today, businesses and High School Institutions (HSI) face one
of the biggest challenge, which is characterized by the exponen-
tial growth of data storage in various formats such as plain
text, relational database, etc...

This massive data can be used to improve decision making
and management, which requires proper extracting and clean-
ing methods. For that reason, data warehousing has become a
major step in the knowledge discovery in databases (KDD)
process which can guarantee a solid description of concepts
and methods for transforming transactional data into analyti-
cal data formats.

The aim of this paper is to provide a way to support and un-
derstand the educational processes of a HSI by offering a new
description to data and making it more venerable using visuali-
zation techniques. We used four different datasets for this
study throughout the years (from 2012 to 2016), which was
collected from a HSI Enterprise resource planning (ERP) da-
tabase.

Keywords— Educational Data Mining, KDD, Data ware-
house, Data provisioning, Data Visualization.

I. INTRODUCTION

The purpose of School Institutions as knowledge centers
and human resource developers is to provide an education of
quality to its pupils by improving the quality of educational
processes and identify the means by which it can be validat-
ed and improved. Education quality is one of the key re-
sponsibilities of any Secondary School Institutions (SSI) or
High School Institutions (HSI) to its stakeholders denoting
not only the requirement for production of high level
knowledge, but also the need to provide efficient education
so that pupils achieve their learning objectives without any
problem [1].

One way to enhance the quality of educational processes
in HSI is to extract insights from educational data to study
the main attributes that may affect the pupil’s performance.
This will reveal more understanding to teachers, school
administrators and parents who have always wanted to know
how the pupils are doing in their education [2].

This knowledge can be discovered from data that reside
in different databases of the organization, or in surveys that
collect data used to evaluate quality criteria (course assess-
ment, lecturer assessment, pupil assessment, etc.) and can be
extracted through KDD process. This new research field

concerned with methods for exploring the unique types of
data that come from educational settings and their use to
better understand learners and their characteristic, is called
Educational Data Mining (also referred to as “EDM”) or
Learning Analytics (also referred to as “LA”). EDM is de-
fined as the area of scientific inquiry centered around the
development of methods to extract insights within the data
that come from educational settings, and using those meth-
ods to better understand pupils and the settings which they
learn in [3].

The supervision of the performance of high school insti-
tutions pupils is vital during an early stage of their curricula.
Indeed, their grades in specific major courses (mathematic,
French....) as well as their cumulative General Point Aver-
age (GPA) are decisive when pertaining to their ability to
pursue their academic studies in higher education institutes.
Furthermore, these compelling strict requirements not only
significantly affect the attrition rates in mathematics and
French studies (on top of probation and suspension) but also
decide of grant management, developing courseware, and
scheduling of programs.

In this paper, we present a study that has a twofold objec-
tive. First, it attempts at correlating the aforementioned
issues with the pupils’ performance in some key courses
taken at early stages of their curricula, then, by using statis-
tics and visualizations techniques, some primary useful
knowledge is presented and refined in order to demonstrate
the capability of data mining to improve the quality of the
educational processes by supporting the administration of
educational institutions in the decision-making process and
in identifying more enhanced policies for educational prac-
tices.

In this paper our aim is to investigate the educational do-
main of data mining using a case study from the pupils’ data
collected from a HSI Enterprise resource planning (ERP)
database. The data include four years’ period from 2012 to
2016. It showed the data that we could collect, how we
could preprocess and visualize it, and finally how can we
benefited from the discovered knowledge.

This paper takes into consideration the ethical and priva-
cy issues. Official approval from the HSI was obtained to
have an access to the related databases for the sole use of
analysis and knowledge discovery purposes. To achieve
privacy, all individual and personal data are extracted from
the database before applying any processing.
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The rest of the paper contains the following sections: sec-
tion 2, presents related work in the field of educational data
mining and describing the capabilities it has as well as the
elements that can be considered as the success factors of its
application. Section 3, contains a description of the process
of data provisioning. Section 4, describe the purpose of data
visualization. Section 5, present the results of the experi-
ments conducted. Finally, in Section 6, we conclude this
paper and give an outlook of future work.

Il. RELATED WORKS

Although, using KDD in higher education is a recent re-
search field, there are many works in this area. That is be-
cause of its potentials to educational institutes. Remero and
Ventura [4], established a survey on educational data mining
between 1995 and 2005, they concluded that educational
data mining is a promising area of research and it has a spe-
cific requirements not presented in other domains. Thus,
work should be oriented towards educational domain of data
mining.

An educational institution often has many diverse and
varied sources of information. A real life application of
KDD was presented by [5], to find weak pupils. They visu-
alized that the education domain offers many interesting and
challenging applications for KDD. These applications not
only enhance an educational institute in delivering a better
quality of education experience, but also aid the institution
in running its administrative tasks effectively. With so much
information and so many diverse needs, it is foreseeable that
an integrated data mining system that is able to cater to the
special needs of an educational institution will be in great
demand. KDD can be used in educational field to enhance
our understanding of educational process to focus on identi-
fying, extracting and evaluating attributes related to the
educational process of pupils as described by [6].

Data warehousing is a powerful repository of integrated
information, available for querying and analysis [7], which
enables educational institutions to better allocate resources
and staff, and proactively manage pupil outcomes. The
management system can improve their policy, enhance their
strategies and thereby improve the quality of that manage-
ment system [8].

A model was developed by [9], to find similar patterns
from the data gathered (such as assignment marks, attend-
ance, test marks etc...) and to make predication about pu-
pils’ performance. The goal of the paper was to make the
description and predictions about the pupil performance as
well as to find similar pattern from the collected data.

I11. DATA PROVISIONING

Data provisioning constitutes the prerequisite for any
Business Intelligence (BI) project. Clearly, without any data
basis, there will be no analysis at all, and without a database
of good quality, the quality of the analysis can be expected
to be low. However, data collection, extraction, and integra-

tion are often the most complex and expensive tasks in a Bl
project. As already stated by [8]: “What at first appears to be
nothing more than the movement of data from one place to
another quickly turns into a large and complex task far larg-
er and more complex than the programmer thought.” Ac-
cording to [10], companies state that “information integra-
tion is thought to consume about 40 % of their budget.”
Kimball states that the design and development of the under-
lying “systems consumes the lion’s share of effort during a
DW/BI project” [11]. In addition, due to current develop-
ments, such as big data, more and more data is available
holding potential for valuable analysis [12].

A. Data Collection and Description

Data collection is the process of gathering and measuring
information of interest that can provide answers to stated
research questions and evaluate outcomes. In practice, an
often-occurring realistic outcome is a compromise between
the desired analysis goals and the available data [13]. In our
case study we collected the pupils’ data from a private
school ERP database, which contains personal records and
academic records of pupils (i.e. the tow period grades, num-
ber of school absences, Address etc...).

B. Data Extraction

After selecting the relevant data sources and describing
them, the next step is to extract relevant data from various
possibly heterogeneous data sources and create a data-
warehouse (DWH) area for analysis purposes [14]. Typical-
ly, data extraction is part of the so-called extraction-
transformation-load (ETL) process [15].

A data warehouse is a collection of integrated and the-
matic databases (Fig. 1), which is designed to support the
decision-making function, where each unit of data is rele-
vant to events at a given time [7].
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Fig. 1. Data Warehousing Architecture

Data warehouses, in contrast, are targeted for decision sup-
port. Historical, summarized and consolidated data is more
important than detailed, individual records. Since data ware-
houses contain consolidated data, perhaps from several op-
erational databases, they tend to be magnitude larger and
complex than operational databases.

To facilitate complex analyses and visualization, the data in
a warehouse is typically modeled multi-dimensionally and
might be implemented on standard or extended relational
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DBMSs, called Relational On-Line Analytical Processing
(ROLAP) servers. These servers almost always query over a
database which is structured as a star schema. As discussed
in [16], the star schema provides, obviously, a more com-
pact representation of the multidimensional data. In our
cases, the dimensions of our star schema are shown in Fig. 2
(classes_dim, courses_dim, dates_d, lesson_d, student_dim).
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Fig. 2. A Star Schema

IV. DATA VISUALIZATION

The main challenge in the description and visualization of
a collection of process instances is the definition of appro-
priate summaries and displaying these multivariate summar-
ies in such a way that the complexity of the educational
process is captured in an understandable way for the observ-
er. For readers, a graphic is usually more instructive than a
table of numbers, and it is of utmost importance to give a
correct impression about reality.

Data visualization is a general term that describes any effort
to help people understand the significance of data by placing
it in a visual context. Patterns, trends and correlations that
might go undetected in text-based data can be exposed and
recognized easier with data visualization software [17].
Visual Data Mining is the process of searching and analyz-
ing databases to find implicit but potentially useful infor-
mation [18].

The starting point for all kinds of description and visualiza-
tion is the selection of an appropriate data frame containing
the variables of interest. This means that we have to decide
what process instances we want to analyze and what attrib-
utes should be used. The selection of the instances is usually
accomplished by defining a certain time interval for which
data in the cross-sectional view or in the state view are ana-
lyzed.

The data structures mentioned (see Fig.2) are those occur-
ring most frequently in applications. Multidimensional ta-
bles, often called fact tables, are defined by the values of
qualitative variables called dimensions and by a summary
attribute for the cells of the fact table. This summary attrib-
ute is usually defined by the counts or means for a quantita-
tive variable describing process instances. Simple data struc-
tures are defined by a matrix with rows representing the
process instances and columns representing the values of the
variables for the instances. Although the data have a simple
matrix structure, there may be some internal structure, for
example, groups of instances according to attributes like sex
or age.

V. PROPOSED WORK

In Morocco, the high school education consists of 3 years
of schooling, preceding by 9 years (3 of secondary educa-
tion and 6 of basic education) and followed by higher educa-
tion. There are several divisions (e.g. Sciences, Economy,
Literature) that share core subjects such as the French Lan-
guage and Mathematics. Like several other countries (e.g.
France or Turkey), a 20 point grading scale is used, where 0
is the lowest grade and 20 is the perfect score. During the
school year, pupils are evaluated in tow periods and the last
evaluation (GPA of Table 1) corresponds to the average and
final grade.

This study was based on data collected throughout the
school years (from 2011-2012 to 2015-2016) that belongs to
a private school from the grand Casablanca region of Mo-
rocco. Although there has been a trend for an increase of
Information Technology investment from the Government,
by using a management system information to save and
control the pupils’ grades. Hence the majority of the Moroc-
can private school uses an ERP software, which provides a
set of tools that enhance school administrators to smoothly
run the institution and do so in a way that demonstrates
efficiency, cost-savings and ingenuity.

As part of the data provisioning for transforming transac-
tional data into analytical data formats, the following steps
are performed as part of the preparation and preprocessing
of the dataset: Tools, Data collection, Data selection and
preparation.

A. Tools

Today, in computer era, different data extraction tools are
available in the market and each tool has its own merits and
demerits. For the analysis, we have concentrated on HSI
dataset and will study the result analysis to look into some
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parameter for pupil’s performance using data mining clus-
tering, classification and association techniques. For this we
are going to use the Talend Open Studio (open source) ver-
sion 6.3.1 for data integration, then we will be using our
own application for students’ grades description and visuali-
zation. That we name HSIgrading.

Talend Open Studio (TOS) is an open source data integra-
tion platform, based on Java language. TOS allows to an-
swer all the problems related to the processing of the data in
the decision chain: ETL, EAI: Inter-Application Data Ex-
change, Synchronization of data. One of the great strengths
of TOS is the ability to connect virtually to any data source
(DBMSs, Plain text...).

HSlIgrading is a web application designed for data descrip-
tion and visualizations (students’ grades) of High School
Institutions. It allows an easy connection to our data ware-
house (Fig. 2) to access all students’ data for use. It also
allows data visualization with various types of chart for
dashboards, to help the different stockholder understanding
the students’ performance to make better decision and sup-
port the student at risk.

B. Data Collection

Data collection is the process of gathering and measuring
information of interest that enables to answer stated research
questions and evaluate outcomes. In our case study we col-
lected the pupils’ data from a private school ERP database,
which contains personal records and academic records of
pupils (i.e. the tow period grades and number of school
absences, Address etc...).

C. Data selection and preparation

Data selection is the first stage of mining process. In our
work data is selected from the school institutes management
database, throughout the school years (from 2011-2012 to
2015-2016) from the grand Casablanca region of Morocco.

During the preprocessing stage, some features were discard-
ed due to large variances or duplicates information which
make them irrelevant for data mining. The remaining attrib-
utes are shown in Table 1

Finally, the data was integrated into two datasets related to
Mathematics (with 1454 examples) and the French language
(1262 records) classes.

Table 1. The preprocessed student related attributes

Attributes Description (Domain)
student_id Student’s id
numeleve Student’s number
age Student’s age (numeric: from 15 to 22)
eleve_sexe Student’s sex [binary: male (MASCULINE)
or female (FEMININE)]
address Student’s home address type (string)
parents Parent’s status [binary: married(MARIES), di-
_situation vorced(DIVORCES), father deceased (PERE
DECEDE), mother deceased (MERE DECEDE)]

Parents Student’s guardian [nominal: mother(MERE)
_responsable , father(PERE) , both(PARENTS)
or other(AUTRE)]
pére Father’s job (nominal)
_profession
mere Mother’s job (nominal)
_profession
nomniveau The class level of the student
groupe_rang The class group of the student
absences Number of school absences (numeric: from 0 to 93)
session School year
note_s2 first period grade (numeric: from 0 to 20)
note_s2 Second period grade (numeric: from 0 to 20)
notes General Point Average :
final grade (numeric: from 0 to 20)
mention Student’s performance [nominal : excellent(TB),
very good(B), good(AB), poor(P) and failure (D)]
valider Student’s class graduation [binary: true or false]

To get better input data for data mining techniques, we did
some preprocessing for the collected data. After we integrat-
ed it into one file for each dataset (Mathematics and
French), to increase interpretation and comprehensibility,
we discretized the GPAs “NOTES” attribute to categorical
one “MENTION”. For example, we grouped all grades into
five groups excellent "TB" (GPA >= 16), very good "B" (16
> GPA >= 14), good "AB" (14 > GPA >= 12), poor "P" (12
> GPA >=10) and failure "D" (GPA < 10).

For our work we choose MySQL database to design the
datasets. All the information collected from data collection
phase will then transform into data table. The choice of the
database was justified by several elements (simplicity, effi-
ciency of data processing and excellent portability).

D. Data description and visualization
After cleaning and loading the data, we can easily compute
different statistics using our data visualization application
HSlgrading (Fig. 3).

HEIgracng System aarin |

HSlIgrading

HSlgrading is a web application designed for data description and visualizations of high school nstitutions. It allows an
i
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Fig. 3. Home page of HSIgrading
HSlIgrading is designed to provide incentive for achievement
and assist in identifying problem areas of students in a Mo-
roccan HIS. Students’ grades are vital information needed in
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advancing to the next grade/year level and its accuracy is
very important.

In the following, we will present the qualitative and quanti-
tative variables using some basic visualization techniques.
We will also comment on the structure and description of
the data.

1) Description and visualization of qualitative variables.

For qualitative variables, we structured the data as s pivot
table with counts for the different attributes using tableau
software. The pivot table gives the frequencies of the differ-
ent combination of values, either as absolute values or as
percentages.

We visualize our data using charts; the purpose of a chart is
to package information in a way that makes it quickly un-
derstandable. The thing that makes charts so useful is that
they provide a quickly recognizable shape for our data. For
the visualization of more than one variable, we used a bar
chart.

Mathematic

. | I :

Grades

Humber of students
Number of students
Number of students

Graduate Performance

Fig. 4. Dashboard of bar chart for pupils’ characteristics in Math-
ematic

Using Tableau software, we created dashboard for the
Mathematic courses. On the left side of Fig. 4, there is a bar
chart for pupils’ graduation status which shows that the
number of pupil that passes is not high enough from the
number of pupil that fails. In the middle, we note that the
majority of pupils scored poor and good results. By looking
at the graphic on the right side we confirm our previous
statement, which display the grades of pupils and shows that
a lot of pupils scored grades between 10 and 14.

Fig. 5 present a dashboard of graphs for the French courses.
On the left side, we notice that there are a satisfactory num-
ber of the graduate pupils. In the middle, the bar chart of
performance shows that the majority of pupils had very
good and excellent results. This is confirmed by the last
graphic in the right, which display the grades of pupils and
shows that a lot of pupils scored grades between 15 and 20.

French

mber of students

Nul
Humber of students

Number of students

o
I I . |

Grades

Graduate Performance

Fig. 5. Dashboard of bar chart for pupils’ characteristics in French
COUrses.

Many a time, a mosaic plot is more instructive than a bar
chart for displaying two or more variables. In a mosaic plot,
all data are represented as a square. The horizontal edge of
the square is split according to the proportions of the first
variable, and we obtain a number of rectangles with areas
corresponding to the relative frequencies.

A mosaic plot corresponding to the math clustered bar chart
is shown on the left side in Fig. 6. One can learn, for exam-
ple, that female pupils scored more frequently excellent
"TB" and very good "B" than male pupils, but less frequent-
ly good "AB" and poor "P" than male pupils. A mosaic plot
also incorporating French courses is shown on the right side
in Fig.4. We notice the same results obtained in the mathe-
matic courses.

2) Description and visualization of quantitative variables.

A standard description of quantitative variables can be
obtained by calculating the summary statistics such as mean,
variance, standard deviation, minimum, maximum, and

quartiles.

Fig. 6. Dashboard of mosaic plot for pupils’ grades grouped by
gender.

Mathematic French

furnber

mumbar

g

3 of the total students

We visualize our data using box plots, also known as a box-
and-whisker plot are a good way to summarize large amount
of data. It displays the range and distribution of data along a
number line. Box plots are descriptive statistics used when
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there is no prior information about the distribution of the
underlying population.

In the left side of Fig. 7 we compare performance of female
and male pupils in the mathematic courses. And on the right
side we compare performance of classes. The black lines
show the median of the scores in each categories where the
boxes denote the quartile of the grades (25%-70% of data
points are placed inside the box, we define it as “interquar-
tile range”).

Judging by the median of the tow boxes in the left side
graph of Fig. 7, we can see that female pupils have slightly
better performance than male. However, the difference is not
significant. With this plots, we can also compare the overall
shape of the two genders, not only their average perfor-
mance. For example, we can see that the female pupils’
score has slightly better performance than male in the lower
and upper quartile.

Mathematic

Grades

Grades
|
1
|
.‘....|

Gender Classes

Fig. 7. Dashboard of boxplots for pupils’ performance in Mathe-
matic courses.

We compare the performance in similar manner for pupils’
classes. In the right side graph of Fig. 7, we note that the
pupils in second mathematic class scored the best grades.
Using the median to compare the results the second mathe-
matic class has the upper hand, however the difference is not
significant between all the classes. As the right graph shows
the lowest median is scored by second economy class and
also it has the most distribution of grades (0 at the min and
20 at the max).

VI. CONCLUSION

To conclude, using the data generated from different sys-
tems and by using the techniques mentioned before, we can
give a better understanding and provide insights that can
help solve various problems and even predict them before
happening. This can be useful in our case to improve the
quality of education system and help to identify the problem
gasier.

For further work, we will work on using the Principal com-
ponent analysis (PCA) procedure to identify correlated vari-
ables and to define the factors that affect student achieve-

ment, also we will apply data mining techniques to predict
student grades and performance.
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