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ABSTRACT
Data mining techniques are used to extract useful knowledge from raw data. The knowledge gathered is
valuable and greatly influences the decision maker. School Educational Data Mining (SEDM) is a method of
gathering useful information that affects an organization. The increasing use of technology in education systems
has led to the storage of large amounts of student data, which is important for the use of SEDM to improve
teaching and learning processes. SEDM is useful in many areas such as identifying vulnerable students,
identifying priority learning needs for different groups of students, increasing 12th grade rates, effectively
assessing organizational performance, maximizing campus resources, and optimizing subject course renewal.
This paper surveys the relevant studies in the SEDM field and contains the data and methodology used in those
studies.
Index Terms—Data mining, School Educational Data Mining (SEDM), Knowledge extraction.
I. I NTRODUCTION
One of the primary goals of any education system is to equip students with the knowledge and skills needed
to move into a successful career in a given period of time. How effectively the global education system
achieves this goal is a major determinant of economic and social progress.
Some countries offer free education to all citizens from grade one to graduation. Therefore, a large number
of students enter schools every year. It is difficult to give high quality teaching and guidance to such a large
number of students. As a result, many students fail to complete their middle school in the required period.
SEDM can be presented with a clear picture of specific barriers to student learning. For example, students
may fail in advanced subjects because they did not take basic information from pre-existing subjects. Using
data mining (DM) methods to analyze student information can help identify the causes of student failures.
Data mining offers several methods for data analysis. The large amount of data currently in student databases
exceeds the human capacity to analyze and gather highly useful information without the aid of automated
analysis methods. Knowledge Discovery (KD) is the nontrivial extraction process of vague, unknown and
useful information from a large database. Data mining in KD was used to find samples related to customer
needs. Sample definition is the expression in language that describes a subset of data. An example of the KD
model definition appears in [1].
Growing technology in education systems has made large amounts of data available. SEDM provides
significant relevant information [2] and provides a clear picture of practitioners and their learning processes. It
uses DM methods to analyze educational data and solve educational problems. Like the extraction methods of
other DM methods, SEDM captures interesting, detailed, useful, and novel information from educational data.
However, SEDM specifically aims to develop methods that use specialized data in education systems [3].
Such techniques are used to increase knowledge about educational programs, students and the settings they
learn in [4]. Developing computational methods that combine data and theory can help improve the quality of
T&L processes.
From a practical point of view, SEDM allows users to extract knowledge from student data. This
knowledge can be used in a variety of ways, such as validating and evaluating the education system,
improving the quality of T&L processes, and laying the groundwork for a more effective learning process [5].
Similar ideas have been successfully applied to increase sales profits, especially in business datasets and

15452

www.ijariie.com

99

IJARIIE-ISSN(O)-2395-4396

Vol-1 Issue-1 2015

various datasets such as e-commerce systems. Therefore, the success of applying DM methods in business
data encourages its adoption in various fields of knowledge. In particular, DM is applied to educational data
for research purposes such as improving learning processes and guiding learning students or gaining an indepth understanding of academic topics. However, although SEDM has made little progress in this direction
compared to other sectors, this situation is changing, with increasing interest in the use of DM in the academic
environment [7].
Many tasks or problems in the educational environment are handled or solved by SEDM. Baker [8], [4]
suggested four main areas of SEDM application: improving student design, improving domain design,
studying and collaborating on the educational support provided by software learning, and minimizing
scientific research by learners. Five methods / techniques are available: prediction, clustering, relationship
mining, data distillation for human judgment, and search with models. Castro [9] categorizes SEDM tasks
into four distinct categories: applications with learning recommendations to optimize student learning based
on student performance evaluation, course adaptation, and individual student behavior. Work, develop a
method for assessing content in online courses, use feedback from students and teachers in e-learning courses,
and identify patterns to highlight student learning behavior.
II. DATA MINING
DM is a powerful Artificial Intelligence (AI) tool that can search for useful information by analyzing data from
multiple angles or dimensions, classifying that information, and capturing the relationships found in the database.
Subsequently, this information can help in decision making or improvement. In DM solutions, the algorithm can
be used independently or together to achieve the desired result. Some algorithms can detect data; Others get a
specific result based on that data. For example, clustering algorithms that identify patterns can convert data into
separate n-groups. The data in each group is more or less consistent and the results help to create better decision
models. Multiple algorithms, when applied to a single solution, can do different things. For example, by using
the regression tree method, they can obtain financial references or association rules for conducting market
analyzes.
Today the vast amount of data in databases goes beyond the ability of HA-MAN to analyze and collect highly
useful information without the aid of automated analysis methods. Knowledge Discovery is the process of
extracting vague, unknown and useful information from a large database. Data mining used in KD explored
patterns related to customer needs. Sample definition is the expression in language that describes a subset of
data; An example is shown in [1].
Accurate innovation of models by DM is influenced by a number of factors such as sample size, data integrity
and support from domain knowledge, all of which affect the level of certainty required to identify samples.
Typically, a DM opens several models in one database; However, only a few of them are interesting. Useful
knowledge makes the user interested. It is important for consumers to consider the level of trust in a given model
when evaluating its authenticity.
The KD process is interactive and examines many decisions made by the user. There may be loops between any
two stages in this process, which require further repetition.
First, it is important to raise awareness about the application domain, which includes relevant prior knowledge
and identifying the end user target. Second, select the target dataset and focus on a subset of the target variable or
data models for testing. Third is the process of minimizing noise, creating strategies to deal with missing data,
and cleaning and pre-processing data by calculating time-order information and known changes. Fourth (data
reduction and projection phase), find useful features to indicate data such as dimensionality reduction or
transition methods. Fifth, use KD's objectives to select the appropriate DM strategy. Sixth, compare the dataset
with the DM algorithm to search for patterns. Seventh, collect interesting patterns from a specific represented
form or set. Eighth, describe these mining patterns and / or go back to the previous steps for additional repetition.
Finally, take action using the knowledge found and document or report the knowledge [10].
III. E DUCATIONAL DATA MINING
Educational data mining is an emerging discipline, concerned with developing methods for exploring the
unique types of data that come from educational settings and using those methods to better understand students
and the settings which they learn in [3]. Different from data mining methods, SEDM, when used explicitly,
accounts for (and avail of opportunities to exploit) the multilevel hierarchy and lacks independent educational
data [3].

15452

www.ijariie.com

100

IJARIIE-ISSN(O)-2395-4396

Vol-1 Issue-1 2015

IV. SEDM M ETHODS
The methods of educational mining come from various literary sources, including data mining, machine learning,
psychometrics and computational modeling, statistics and other fields of data viewing. Work in SEDM can be
divided into two main categories: 1) web mining and 2) statistics and visualization [11]. The category of statistics
and visualization has found a prominent place in theoretical discussion and research in SEDM [8], [7], [12].
Another approach proposed by Baker [3] categorizes work in SEDM as follows:
1) Prediction.
Classification.
Regression.
Density estimates.
2) Clustering.
3) Relationship mining.
Association Governance Mining.
Re correlation mining.
Sequential pattern mining.
Reason DM.
4) Distillation of data for human determination.
5) Discovery with model.
Most of the above are considered DM cat- e.g. However, the distillation of data is not universally regarded
as DM for human decision. Historically, a wide variety of relationship mining practices have been very significant in
SEDM research.
Discovery with models from the perspective of classical DM is probably the most unusual category in the
Bakers SEDM classification. It has been widely used to model an event through any process that can be verified in
some way. That model can be used as a component of another model, such as relation mining or prediction. This
category (searching with models) has become one of the lesser known methods in the research field of educational
data mining. It seeks to find out which learning content subcategories are most beneficial to students [13], how
specific student behavior affects students learning in different ways [14] and how tutorial design [15] for students
affects learning. Historically, relation mining methods have been increasingly used in educational data mining
research over the past few years.
Other SEDM policies that are not widely used include:
Det More detectors search for data points that are significantly different from the rest of the data [16]. At
SEDM, they can identify learning problems and students with irregular learning processes using learning reaction
time data from e-learning data [17]. In addition, they can also eliminate unusual behavior by groups of students on
the virtual campus. External identification can also detect manipulations and differences in the actions of learners or
teachers [18].
Mining Text Mining can work with semi-structured or stretched-dataset datasets such as text documents,
HTML files, emails and more. It has been used in the SEDM field in discussion boards. ILMS [19], [20]. It is also
proposed to automatically build textbooks through web content mining [21] for use in text content. The use of text
mining for clustering of documents based on similarity and content has been proposed [22], [23].
Network Social Network Analysis (SNA) is a study that seeks to understand and measure the relationships between
entities in network information. Data mining can be used with network information to study online interactions [24].
In SEDM, this approach can be used for mining group operations [25].
An estimate
The goal of estimation is to estimate unknown variables based on history data for the same variable.
However, input variables (predictive variables) can be classified or continued as variables. The effect of the model
attendance pattern depends on the type of input variable. The estimated model requires limited label data for the
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output variable. Labeled data provides some foreknowledge of the variables we need to follow. However, in order to
obtain a model attendance model, it is important to consider the effects of the quality of the training data.

There are three common types of estimates:
Ification taxonomy uses prior knowledge to construct a learning model and uses that model as a binary or
hierarchical variable for new data. Most models are used as classifiers such as de-liquidated and logistic regression
and support vector machines (SVMs).
Regression is a model used to estimate variables. In contrast to classification, regression models predict continuous
variables. Various methods of regression, such as linear regression and neural networks, are widely used in the
SEDM field to help students categorize risk.
Density estimates are based on a variety of kernel fungi, including Gaussian functions.
The estimation method in SEDM is used in a variety of ways. In general, it studies the features used for assessment
and uses those features in the underlying structure to evaluate students' academic outcomes [26]. While different
Procedures attempt to estimate the output output value based on hidden variables in the data, the output label
obtained is not clearly defined in the data.
For example, if a researcher’s intention is to exclude students from school, it is difficult to use traditional research
methods such as questionnaires, with a large number of schools and students participating. The SEDM method, with
its limited sample data, can help achieve that goal. It should begin with defining students at risk and following the
definition of variables that affect students, such as their parents' educational background. The relationship between
variables and the school dropout can be used to construct a model attendance model that can assess students at risk.
Doing these tips in advance can help organizations avoid problems or reduce the impact of specific problems.
Various methods have been developed to assess the quality of the predictor, including the linear correlation, the
accuracy of Cohen's Kappa and A [27]. However, accuracy is not recommended for the evaluation of the
classification method because it depends on the base rates of different classes. In some cases, it is easy to achieve
high accuracy by classifying all data based on large groups of data. It is also important to calculate the number of
taxonomies missing from the data to measure the sensitivity of the taxonomy using recall [28]. To give an overall
evaluation of the classification, a mixed method, such as F-measurement, considers the true and false classification
results to be accurate and recall based.
B. Clustering
Clustering is a method used to separate data into different groups based on certain characteristics. Unlike the
classification method, in clustering, the data labels are unknown. The clustering method gives the user a
comprehensive view of what is going on in that dataset. Clustering is sometimes called an unsupervised
classification because class labels are unknown [10].
In clustering, we start searching for naturally grouped data points to divide the dataset into separate groups. The
number of clusters can be predefined in the clustering method. In general, the clustering method is used when the
most common group in the dataset is unknown. It is also used to reduce the size of the study area. For example,
different schools can be classified based on their similarities and differences [29], [30].
C. Relationship Mining
The purpose of relationship mining is to find relationships between different variables in a data set consisting of a
large number of variables. It helps to identify which variables are strongly related to a particular variable of
particular interest. Relationship mining also measures the consistency of relationships between different variables.
Relationships discovered through relationship mining must meet two criteria: statistical significance and interest.
Large amounts of data contain many variables and therefore many related rules. Therefore, the measure of interest
determines the most important rules that data support for specific interests. Researchers have developed a number of
interesting activities over the years, including support and confidence. However, some research has shown that
elevators and cations are very relevant in educational data mining [31].
A variety of relationship mining can be used, such as association rule mining, sequential pattern mining and often
sample mining. Association rule mining is the most common SEDM method. The rule found in Association Rule
Mining fıf → then the rule. For example, {If the student's GPA is less than two, and the student has a job, the
student leaves school. The main goal of relationship mining is to determine whether the coverage of two events in a
data set, such as Tetrad [32], or the induction of one event causes another event.
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3D Discovery with Model
In search, models are usually based on clustering, prediction or knowledge engineering, using human logic rather
than automated methods. The developed model will be used as part of other comprehensive models such as linkageship mining.
E. Distillation of data for human determination
The purpose of distilling data for human decision making is to make the data understandable. Presenting data in
different ways helps the human brain discover new knowledge. Specific methods are required to visualize different
types of data. However, the methods of visualization used in educational data mining differ from those used in
different data sets [33], [34] in that they examine the structure and hidden meaning of educational data. Huh.
Data distillation for human judgment is applied in educational data for two purposes: taxonomy and / or
identification. Data distillation model for classification A manufacturing process to create a hazardous model [35];
The purpose of identification is to present easily identifiable data through models that cannot be formalized [36].
As mentioned earlier, a wide variety of methods are used in educational data mining. These methods are divided into
five categories by Ray [37]: clustering, prediction, relationship mining, search with models, and data distillation for
human determination as described in Table I.

TABLE I: Educational data mining methodology categories.

V. Educational data mining data and Applications
The main objective of SEDM is to gather useful knowledge from academic data, including student data,
student usage data, and LMS systems. Acquired knowledge improves the teaching and learning process in the
education system [38]. It also leads to the development of new learning processes. Similar ideas have been
successfully applied in the fields of science. For example, popular applications in e-commerce systems and
basket analysis data mining [39]. They increase sales by analyzing consumers' shopping behavior. It is clear that
data mining methods in education have not yet progressed as they are in business [40], and over the years,
SEDM has attracted much attention from researchers. Applying DM to educational data is different in other
domains, as defined below:
1) Objective: By applying DM methods to any specific data. The main purpose of using SEDM is to improve
teaching and learning processes. Research goals such as gaining a deeper understanding of teaching and learning
phenomena sometimes affect goals. Applying traditional research methods to achieve goals is sometimes
difficult.
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2) Data: The use of technology in education has led to an increase in data in education systems, which is
different from basic information such as student information because it contains more information that is
generated by different systems such as LMS systems. Applying SEDM methods to educational data can be very
simple or complex in gathering specific knowledge such as implementing relational mining. An example is the
application of relational mining to establish relationships between student success in courses that have multiple
chapters in school.
3) Techniques: The application of DM to any problem is motivated by the objectives of the research and the
type of data at hand. Therefore, specific adoption of educational data is required for successful implementation
of data mining. Adoption can be for DM methods or pre-processing of data. Some DM methods can be applied
directly without modification and some will not. In addition, some DM methods are used for specific problems
in the field of education. However, the choice of certain methods depends on the researcher's approach to the
problem and the objectives of the research [41]. For example, SEDM techniques can improve teaching and
learning processes in the classroom, identify students at risk, optimize learning processes, and make
recommendations to teachers and students. Only teachers and students were involved in the current research.
However, more groups may be involved in rediscovery with other goals, such as curriculum development [42].
A. Data used in SEDM
SEDM provides a clear picture and a better understanding of learners and their learning processes. It uses DM
methods to analyze educational data and solve educational problems. Like the extraction methods of other DM
methods, SEDM captures interesting, detailed, useful, and novel information from educational data. However,
SEDM is particularly relevant for development methods to explore the unique types of data in educational
settings [3].Such methods are used to enhance knowledge about educational phenomena, students, and the
settings in which they learn [4]. Developing computational approaches that combine data and theory will
help improve the quality of T& L processes.
Growing technology in education systems has made large amounts of data available. Educational Data Mining
(SEDM) provides significant relevant information [2]. Therefore, the main sources of data used so far in SEDM can
be classified as follows:
Offline learning, also known as traditional traditional education, where knowledge is transferred to learners based on
face-to-face interaction. Data can be collected through traditional methods such as observations and questionnaires.
It studies students ’cog-local skills and determines how they learn. Therefore, statistical methods and psychometrics
can be applied to data.
-E-Learning and Learning Management Systems (LMS) loses convenient materials, teaching, communication and
reporting tools from students. Data mining methods can be applied to data stored by the system in a database.
Intelligent Tutoring System (ITS) and Adaptive Educational Hypermedia System (AEHS) seek to customize the data
provided to students based on student profiles. As a result, it is important to apply data mining techniques to create
user profiles. The data generated by that system will aid in further research.
Based on the three categories founded by Romero Etl [26], we can group SEDM research into the data type used:
traditional education, web-based learning (e-learning), learning management systems, intelligent tutoring systems,
adaptive education system, and test questionnaire. Others.
B. SEDM Applications
Several studies have been developed in the field of SEDM. Alexandro and Georgios recommended a framework to
examine the behavior of learners in online education videos [43].
The proposed framework includes the capture of practitioner performance data, the creation of a data model for
storing activity data, and the creation of modules to monitor and visualize practitioner behavior using the extracted
data. Researchers relied heavily on students to watch the video a few days before the exam or deadline. In addition,
stagnation and the onset of relapse appeared primarily in videos associated with an appointment. One lament is that
the author did not study the factors that influenced the learner's behavior or why some practitioners completely
avoided watching online videos.
Among other researches, Saurabh Paul [4] created a model using data mining techniques to estimate that students
will drop out of the university program within their first year. That study used the Nave Base classification
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algorithm to build a prediction model based on current data. The result of the system is to identify students who need
special attention to reduce the drop out rate. Leela Dodkhan [45] sought to justify dropping out of higher education
institutions what was needed to retain students. As a result, the use of data mining methods has increased student
retention and graduation rates.

End of VI
The increasing use of technology in education is generating large amounts of data every day, which has become a
target for many researchers around the world; The field of academic data mining is growing rapidly and has the
advantage of utilizing new algorithms and methods developed in various data mining areas and in machine learning.
Data Mining of Educational Data (SEDM) helps to develop development methods for extracting interesting,
detailed, useful and novel information, enabling students to better understand and have the settings they are learning.
SEDM can be used in many areas such as identifying students, identifying students at risk, identifying the learning
needs of different groups of students, raising graduation rates, and effectively evaluating organizational
performance.
Optimization of campus resources and revival of subject curriculum. This paper surveys the most relevant studies
conducted in the field of SEDM, including the data used and the methodology used in some studies. It defines the
most common functions used in SEDM, as well as the most promising for the future.
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