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ABSTRACT Huge amounts of educational data are being produced, and a common challenge that many
educational organizations confront, is finding an effective method to harness and analyze this data for
continuously delivering enhanced education. Nowadays, the educational data is evolving and has become
large in volume, wide in variety and high in velocity. This produced data needs to be handled in an
efficient manner to extract value and make informed decisions. For that, this paper confronts such data
as a big data challenge and presents a comprehensive platform tailored to perform educational big data
analytical applications. Further, present an effective environment for non-data scientists and people in the
educational sector to apply their demanding educational big data applications. The implementation stages
of the educational big data platform on a cloud computing platform and the organization of educational data
in a data lake architecture are highlighted. Furthermore, two analytical applications are performed to test
the feasibility of the presented platform in discovering knowledge that potentially promotes the educational
institutions.

INDEX TERMS Artificial intelligence in education, education, educational big data, educational data
mining.

I. INTRODUCTION
Massive complex educational related data is being produced
and with proper management, immense knowledge can be
extracted. Over the past two centuries, theworldwent through
a great expansion and enhancement in education quality. The
desire to enhance the quality of education is continuous.
Recently, artificial intelligence techniques are being utilized
to assist in making informed decisions related to improving
educational outcomes. Among those artificial intelligence
techniques are data mining and knowledge discovery meth-
ods [1]–[7].

There are numerous challenges in handling educational
data efficiently. In general, these challenges can be catego-
rized into technical and organizational challenges [8]–[11].
The technical challenges can be summed into four main
challenges: 1) the capability of the infrastructure at
the universities premises to process the produced data,
2) the ability to monitor the effect of the made decisions,
3) the absence of a comprehensive platform tailored for edu-
cational organizations for gathering and analyzing the pro-
duced data effectively, 4) deploying and using technologies

The associate editor coordinating the review of this manuscript and

approving it for publication was Francisco J. Garcia-Penalvo .

that handle educational data require skilled and talented prac-
titioners. In order to tackle those challenges, the characteris-
tics of educational datamust be considered to find appropriate
tools that may assist in the gathering and analyzing of the
produced data. The educational data is: 1) produced at large
volumes, 2) the educational data produced varies in type, for
example the produced data could be in a structured or unstruc-
tured form, 3) the rate of educational data produced is high in
velocity, 4) the produced data needs to be handle in an appro-
priate manner to extract value. From those aforementioned
characteristics, educational data can be considered as a big
data challenge. The characteristics of big data is having data
that incorporates the 4V’s, i.e., volume, variety, velocity and
value, which matches the nature of educational data. While
handling big data requires costly infrastructure and expertise,
there has been much progress using big data analytics in busi-
ness and industry sectors for enhanced working, effectiveness
and informed decision making. However, constructing a big
data platform for a specific area can be a complex task due
to the lack of rigidity in the produced data. This makes it
more difficult to precisely define what the constructed big
data platform will achieve. This applies to communication
interfaces, communication with other applications and com-
putation on various types of data. Accordingly, constructing
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FIGURE 1. The educational big data platform that covers the flow of educational data from data production to data analytics, featuring a feedback
loop.

and big data platform for a specific sector is data and applica-
tion dependant. For example, a big data platform for specific
healthcare applications was presented in [12]. Another big
data platform to handle the smart grid data for energy opti-
mization was presented in [13], [14]. Also, for fraud detection
and prevention in [15]. In education, numerous research has
been conducted to improve the quality of education in many
aspects. In predicting student academic success [16], predict-
ing the students’ final grades [1], and course recommendation
[17]. As the volume, variety and velocity of educational data
is increasing, there has been growing interest in the education
community to utilize this produced big data for improving the
educational outcomes in many aspects including enhancing
the learning performance of students, enhancing the work-
ing effectiveness of instructors and reducing administrative
workload. Big data is being considered a revolutionary sig-
nificance to education, and educational big data is becoming
of research interest. Many works highlight the challenges
and opportunities of big data analytics for education [18].
In [10] a big data architecture for higher education analytics
was presented, in [19], a model for dropout prediction in Edx
and massively open online courses (MOOCs) platforms was
proposed. Also, a recent work in curriculum reformation for
big data in Chinese universities is highlighted [20]. However,
a comprehensive platform to handle educational big data that
takes into consideration the four aforementioned challenges
is of interest. For that, this paper presents an educational big
data platform considering the following contributions to field:
1) an infrastructure that is able to handle the educational big
data from data production to analytics. 2) includes a feed-
back loop to monitor the short-term and long-term affects of
the decision-making process. 3) A comprehensive platform
to perform various educational data analytical applications.
4) an effective environment for non-data scientists and people
in the educational sector to apply their demanding educa-
tional applications.

The remainder of the paper is structured as follows.
Section 2 presents the educational big data platform including
the life-cycle of the educational data from data production to
data analytics. Section 3, highlights the data lake architecture
to store the educational data in a way that maximizes its avail-
ability and accessibility for analytical applications. Further,
the implementation of the education big data platform on a
cloud platform is also presented in Section 3. The application
of the educational big data platform on two studies to test the
feasibility of the platform is presented in Section 4. Finally,
the conclusions are drawn in Section 5.

II. EDUCATIONAL BIG DATA PLATFORM
The educational big data platform can be decomposed into
layers. The produced data flows through five subsequent
stages: 1) data production, 2) data storing, 3) data processing,
4) data querying, 5) data analytics. Once the data is analyzed
and decisions are made with respect to the desired applica-
tion, the effects of the made decisions are observed through
a feedback loop. Fig. 1, presents the educational big data
platform and the following subsections highlight the stages
of the platform.

A. DATA PRODUCTION
Educational data is being produced from numerous sources
at high rates. This includes any data that an educational
organization may produce, such as, data generated from
administrative processes and systems, student demographic
data, coursework, projects, grades, admissions, research,
buildings’ information, video footage and events. Also, this
includes any data that is related to the educational organiza-
tion, such as, social media data. The data is produced from
multiple sources at large volumes and high rates. In addition,
the data is produced in various forms i.e., structured, semi-
structured and unstructured data. This multiple source and
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FIGURE 2. Data lake architecture for educational big data.

various form data needs to be stored efficiently in a proper
repository.

B. DATA LAKE STORAGE
The produced educational data needs to be stored efficiently
in its raw form. This data belongs to an educational institution
and is logically related. For that, in this educational big data
platform, a data lake architecture is utilized. This allows to
store the multiple source and various form produced data at
any scale before different analytical studies are performed to
uncover insights or find answers for queries in the future. The
utilization of a data lake architecture in this educational big
data platform is to have all data available in its raw original
form. The produced educational data is ingested and orga-
nized in the data lake, and called upon for analysis and when
needed. However, the ingestion of data from multiple sources
may end-up forming a collection of disconnected unorga-
nized data (data puddles) that is unusable (data swamp).
In order to avoid the risk of data swamping, in this educational
big data platform, the data lake architecture is organized into
‘‘data ponds’’ that typically form a data lake. Fig. 2, illustrates
the data lake architecture. Based on the data produced for an
educational organization, the data lake could be divided into
four ponds (zones) taking into account sensitive data:

1) Raw Data Zone: Where data is ingested and kept in its
original state.

2) Refined Data Zone: Where the cleaned and processed
data is kept.

3) Public Data Zone: Data that is available for public is kept
here after cleaning and pre-processing.

4) Work Zone: This zone can be organized into ‘‘data pud-
dles’’ for specific users or projects in a flexible manner.
This zone is used by data scientists and general people in
the educational sector to prepare their data for analytical
applications. Once the analytical work is performed at

this zone, the data may be moved into the Refined Data
Zone for other applications that require the same refined
data.

5) Sensitive Data Zone: Where sensitive data is kept. This
zone has limited access and can only be accessed by
individuals responsible for ensuring that sensitive data
does not proliferate into the rest of the data lake.

Within the Raw Data Zone, the data is partitioned into ‘‘data
puddles’’ based on the data producer for optimal data retrieval
purposes. This data lake architecture can service various types
of analytical studies from data mining to visualizations and
dashboards, and beyond. The aforementioned zones form the
data lake architecture utilized in this educational big data
platform.

C. DATA PROCESSING
From the previous stage, the data stored in the data lake are
organized and ready for consumption. In this educational,
big data platform the processing of data is transferred to a
Hadoop cluster [21], which consists of master and worker
nodes for processing data. Utilizing a Hadoop cluster allows
to process various types of data efficiently in their native
format, from student records to Twitter feeds. Instead of fixed
columns and rows of relational data, the data may have com-
plex structures and a variety of records. Educational analytics
require processing of educational data in batch and real-time.
For this, a processing architecture that is able to fulfill the
processing of big data in batch and real-time is required. The
processing architecture of [22] is followed in constructing
the data processing layer which allows multi-node massively
parallel processing of data.

D. DATA QUERYING
Querying data is the cornerstone of the analytical applications
of big data. In the previous subsection, the processing compo-
nents enabled twomain types of big data applications namely,
query answering and analytics. As mentioned previously,
the educational data may include structured data (student
demographic data), semi-structured data (course evaluation
and reviews) and unstructured data (campus images or audio
streaming). The range of such data makes querying a com-
plicated task, in which the required data is sometimes a
result of information retrieval or data analytics (data min-
ing). Based on the requirements of educational organizations,
querying components that enable batch and real-time data
analytical applications are required. In order to achieve this,
in this presented educational big data platform three querying
components are considered. Each querying component has a
different approach in functioning and executing parallel oper-
ations on top of the processing layer. Hive [23] uses MapRe-
duce operations, Impala [24] uses the memory of worker
nodes, and Spark SQL [25] uses in-memory computation on
top of the Spark processing component. Hence, the presented
educational big data platform is able to cover a broad range
of query answering and analytical applications.
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E. DATA ANALYTICS
The objectives of the data analytics stage is to extract insights
and assist in making informed decisions that essentially pro-
mote the operation of the educational organization as a whole,
including:

- Predicting student performance to provide informed
guidance.

- Course recommendations to maximise students’ poten-
tial and reduce the risk of failures.

- Student major recommendations to maximise enthusi-
asm and motivation for continued education.

- Extracting features of students that are in risk of
dismissal.

- Extracting features of students that maintain high GPA.
- Studying correlations between student success and
department facilities.

- Analysing tweets to predict flu outbreaks. student satis-
faction or cyber-bullying behaviors.

- Detecting smoke, fire and suspicious actions through
image, video or tweets analysis.

The presented educational big data platform features a
feedback loop to observe the effects of the made decisions on
the educational organization. This could be useful for exam-
ple, in monitoring the results of students of interest, or moni-
toring students’ GPAs for a specific department after making
certain decisions. In general, at this stage, applications that
include data mining and knowledge discovery, statistical and
table manipulation, and visual analytics could be performed.

III. IMPLEMENTATION OF THE EDUCATIONAL BIG DATA
PLATFORM
In this section the implementation of the educational big data
platform to comply with needs of a university institution is
presented. The construction of this platform will serve as
a test-bed to develop and validate end-to-end educational
related applications with regards to UmmAl-Qura university,
Saudi Arabia. The university encompasses seventeen diverse
buildings used by a community of over 100,000 students, staff
and faculty members, and is one of the largest educational
data producer in Saudi Arabia. The following subsections dis-
cuss the implementation of the educational big data platform
including the data lake on aGoogle cloud computing platform
with respect to the stages presented in Section III.

A. DATA LAKE AND DATA PRODUCTION
At this stage, the data sources and produced data are spec-
ified. This includes data such as, present and past student
demographic data, projects and research data, buildings’
information, laboratory needs, courses data, multimedia data,
events and social media related data. This data includes struc-
tured, semi-structured and unstructured data that is growing
at a vast rate. Thus, the types of data and data sources
are specified. This data produced from a variety of data
sources needs to be ingested and organized in the data lake
cloud architecture. An advantage of utilizing a cloud data

lake in this implementation, is that cloud platforms comply
in accordance to the Cloud Security Alliance organization
that promotes the use of adequate practices for providing
secure forms of computing. Also, this allows the related data
to be sent from anywhere to the data lake via a network
connection. The data is organized with respect to the archi-
tecture discussed in Section II-B. Then the data is stored
in its raw format in the Raw Data Zone. All data is kept
on demand in the Raw Data Zone except for sensitive data.
Sensitive data is transferred into the Sensitive Data Zone
and then removed from the Raw Data Zone. The sensitive
data includes financial, faculty and staff records. It should
be noted that data in the Raw Data Zone could also be
sensitive, however, only high sensitive data is stored in
the Sensitive Data Zone. To minimize the risk of unautho-
rized disclosure of student personally identifiable informa-
tion (PII) from education records of UmmAl-Qura university
data, deidentification is considered in compliance with the
Family Educational Rights and Privacy Act (FERPA) [26].
In this implementation non-private data such as, events, sta-
tistical, open data sets are kept in the Public Data Zone for
public use. In this educational big data platform, Tableau [27]
is used to clean and preprocess data before it is transferred to
the other data zones (data ponds). The components that are
utilized to perform this cleaning and preprocessing of data
are presented later in Subsection III-D.

B. PROCESSING OF EDUCATIONAL BIG DATA
Once the data is stored and organized in the data lake,
analytical tools to process and analyze data are possible.
In this implementation, Hadoop [21], which is a software
framework that stores and processes huge amounts of data
is utilized at this stage. It relays on distributed clusters of
commodity servers for storing and processing data. This
allows to processes huge amounts of data and to perform
batch data analytical processing. However, to fulfil the real-
time educational data processing, an additional component is
required. For this, the setting of [22] is adopted for adding the
real-time processing components, Spark [25]. To implement
the educational big data platform processing layer, a cloud
computing cluster that consists of five nodes is established.
The cluster consists of one master node and four worker
nodes. The master node is a 16vCPUs 60GB RAM machine
and the worker nodes are 8vCPUs 30GB RAM machines, all
running Linux operating system. The Hadoop framework and
Spark components were setup for storing and processing the
educational big data. The Hadoop cluster is primarily used
to store and process data, however, in this implementation,
the Hadoop and Spark software frameworks are used for
processing the educational big data. The reason for not using
the Hadoop cluster nodes for storing the entire educational
data, is that as the data volume increases the nodes will not
be able to scale and additional storage per node is required.
Also, utilizing the data lake allows frequent data updates,
scalability, reliability and availability among storing in the
clustering nodes.
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C. EDUCATIONAL BIG DATA QUERYING
At this stage, the data has been stored in the data lake and
the cluster nodes are ready to receive workloads to perform
on data. Querying the stored data can be accomplished by
utilizing querying components. In this implementation, three
querying components that enable batch and real-time pro-
cessing of educational data are utilized. The required data
is first extracted from the data lake and stored in the des-
ignated Hadoop cluster nodes. This enables scalability and
availability of the required data. Each component differs in
the way it queries data. Hive and Impala components are
utilized for batch processing workloads, whereas, Spark SQl
[28] is utilized for low-latency processing workloads. Once
the data is processed, it can be removed from the Hadoop
cluster and stored back into the data lake. For example, in a
data cleaning task, the data is extracted from the Raw Data
Zone and stored into the Hadoop cluster, once the data is
cleaned, it can be stored into the Refined Data Zone, and
removed from the Hadoop cluster.

D. EDUCATIONAL BIG DATA ANALYTICS
The data analytics stage is where useful information and
insights are extracted from the educational data that was
ingested previously into the data lake. This includes batch and
real-time applications that promote the operation of the edu-
cational organization. In this implementation, components
that allow batch and real-time applications are setup and
can be run on top of the querying layer or directly on data
stored in the data lake. The components utilized are namely,
Radoop, Tableau Desktop, Tableau Prep Builder and Matlab.
These components can cover applications including, query-
ing, cleaning, data mining, statistics, and visual analytics.
It should be noted that many other analytical components can
be used on top of this platform, however, the components
illustrated in this implementation are able to perform various
educational big data analytical applications, and are sufficient
enough for non-data scientists and people in the educational
organization to perform their educational applications. The
components that run on top of the processing layer connect
to the platform throughOpenDatabase Connectivity (ODBC)
drivers [29]. This connection enables to access the data lake
and run queries utilizing the querying layer components.
Further, this cloud implementation of the educational big data
platform, allows to perform applications remotely through the
cluster nodes.

IV. PRACTICAL APPLICATIONS OF THE EDUCATIONAL
BIG DATA PLATFORM
In this section, the presented educational big data platform
is tested by performing analytical applications on the avail-
able data. As mentioned previously, the platform serves
as a test-bed to develop and validate end-to-end educa-
tional applications for Umm Al-Qura University, and as
various types of data become available, the platform is set
to handle and perform analytical applications. In the first

application, an exploratory data analytical study is presented,
were 74,314 student demographic data are ingested into the
data lake. Then data mining methods are applied to dis-
cover regulations and patterns within the data. In the second
application, association rule mining techniques are applied to
build a system that recommends the courses a student should
enroll-in to potentially achieve a higher grade.

A. MINING STUDENT DEMOGRAPHIC DATA
In this application, it is desired to apply data mining algo-
rithms in order to discover hidden information within stu-
dents’ demographic data. The selected student demographic
data includes the student’s department, gender, attended high-
school, GPA, taken courses, high school average, current
academic status, pre-admission assessment test and academic
achievement test (pre-admission selected high-school sub-
jects test). For each faculty, the decision tree analysis CART
[30] studies the data of students in each faculty and finds
new patterns that were not obvious using statistical meth-
ods. CART data mining algorithm uses a metric called Gini
index for determining the most prominent feature that best
divides the data. The Gini index shows the most influential
factors of demographic information that divides the students.
In this first application, the data concerning the past five years
of 4,877 students in the Faculty of Computer and Information
Systems is concerned. The CART data mining algorithm is
applied on 3,223 students records that have all the aforemen-
tioned demographic data (no missing data). The significance
of demographic data according to the Gini index are:

1) GPA: 45.68%
2) High School Average: 23.85%
3) Pre-admission Assessment Test: 17.48%
4) Academic Achievement Test: 12.98%

The decision tree is partially shown in Fig. 3. From the
resulted decision tree, it can be observed that the GPA of 1.8 is
critical in determining the success and failure of students.
Students in this faculty having a GPA less than 1.8 are likely
to drop-out of the programwith a probability of 54%. Further,
the probability of drop-out increases up to 90% for students
that have a GPA less than 1.15 (Fig. 4), although, 88% of
those students achieved relatively high marks in the academic
achievement test. From this, it is evident that students who
were successful during high school are not immune to drop-
out of university programs. This extracted information is
useful for academic advisors to make decisions such as giving
more attention to those students by scheduling meetings to
know the reasons that may lead to their failure. Then further
proper decisions may be taken accordingly to reduce the
drop-out rate of students. Such students are of interest for
further analysis, and decision makers could look into other
data related to those students, such as social media data,
to understand the reasons behind this significant change in
performance. The educational big data platform features a
feedback loop to monitor the effect of the decisions made on
the attitude of students. Further, the constructed decision tree
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FIGURE 3. Partial view of the resulted decision tree.

TABLE 1. Association rules and corresponding metric values.

FIGURE 4. Zoomed view of the drop-out branch.

can be utilized as a model to predict students that may be at
risk of dropping-out. This application can also be applied at
the course level, i.e., to extract features of students that are
vulnerable to drop-out of a certain course; also, predict and
take prior action to reduce drop-out rates.

In the second application to extract further useful knowl-
edge from the data, an association rule mining algorithm
namely, FP-growth [31] is applied on five past years for
4,877 students in the Faculty of Computer and Information
Systems to find patterns of courses that students are likely

FIGURE 5. Graph representing the resulted top association rules.

to achieve high grades in. This could be useful for students to
choose the next course or the elective courses to enroll-in. The
associations between courses is evaluated by the following
metrics:

1) Support: the number of students that had the courses and
achieved high grades as a percentage of the total number
of students.

2) Confidence: indicates to how often the extracted rule of
those courses occurrence has been found to be true.

3) Lift: is the probability of all those courses occurring
together in a rule; greater lift values indicate stronger
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associations between sequences of courses with high
grades.

The minimum support value to consider that courses are
associated was set to 0.01. Table 1, presents the top five
resulted association rules with their corresponding support,
confidence and lift values. It was observed that many of
the extracted association rules had higher lift values which
indicates to how adequate the rule is at predicting the result
of achieving high grades than just assuming the result in the
first place. For example, a student who achieved a grade of
‘‘A’’ in Human Machine Interaction, and System Analysis
and Design courses, is likely to achieve an ‘‘A’’ grade in
Organization and Processing Data course with a probability
of 87%. The association graph of those generated rules is
shown in Fig. 5.

The presented educational big data platform is capable of
performing further applications, and as the university makes
addition types of data available, further analytical applica-
tions that potentially promote the educational outcomes can
be performed.

V. CONCLUSION
This paper presented a comprehensive platform for educa-
tional big data analytics. The objective of the platform was to
handle complex educational big data while considering four
main contributions to field: 1) an infrastructure that is able
to handle the educational big data from data production to
analytics. 2) presenting a comprehensive platform to perform
various educational data analytical applications. 3) includ-
ing a feedback loop to monitor the short-term and long-
term effects of the decision-making process. 4) introducing
an effective environment for non-data scientists and people
in the educational organizations to apply their demanding
educational applications. The presented platform was imple-
mented on a cloud computing platform and is consistent to the
Lambda architecture design and principals, to allow batch and
real-time processing of data. Further, the educational big data
platform utilized a data lake repository, and the ingested data
was organized to avoid data swamping. An implementation
of the educational big data platform to comply with the needs
of a university organization was presented. The construction
of this platform serves as a test-bed to develop and validate
end-to-end educational related applications with regards to
Umm Al-Qura University, Saudi Arabia, and for educational
institutions in general. Furthermore, two analytical applica-
tions were presented to test the platform. In the first appli-
cation, an exploratory data analytical study was presented
to discover regulations and patterns within the data. Then a
model was built to predict students that may drop-out of the
university programs. In the second application, association
rule mining techniques were applied to build a system that
recommends courses a student may enroll-in, to potentially
achieve a higher grade. The decision-makers at the organiza-
tion may take corrective actions to enhance the educational
outputs. The presented educational big data platform features

a feed-back loop to monitor the effects of the decisions taken.
The impact of this platform surpass the presented applications
and as various types of data become available, the platform is
capable of performing other analytical applications.
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