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Abstract— The increase of e-learning resources such as interactive learning environments, learning management systems
(LMS), intelligent tutoring systems (ITS), and hypermedia systems as well as the establishment of school databases of student
test scores has created large repositories of data. These data can be converted into knowledge for enhancing teaching and
learning process. This paper proposes a new learning model ELATE (Enhancing Learning And Teaching) for strengthening
Mathematics education in school level and proposes a frame work for using Educational Data Mining for knowledge
management. This model utilizes Educational Data Mining (EDM) methods to provide results to the learners regarding their
performance and skill level and to the teachers about their wards performance and their capabilities. The teachers can use the
EDM results to motivate the slow learners and move the over practiced students to the next level. The ELATE frame work
proposed in this paper has five levels processing to provide knowledge management services to stakeholders of educational

institutions especially for the teachers and students.
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I. INTRODUCTION

Traditional classrooms in schools are turned into SMART
classes where technology enhanced learning tools are used
to assist the teacher in explaining the concepts visually.
Now the Education is just not the process of filling mind
with information. E-learning in education incorporates self-
motivation, communication, efficiency, and technology.
The e-learning transforms the schooling system into a
student-centric one that can customize for different student
needs by allowing all students to learn at their own pace and
time. There are various kinds e-learning methods available
in the form of CDs and DVDs, LMS, ITS, MOOC, for the
e-learning purpose. Future trends are looking at training
delivered on PDA’s and cell phones. This new, form of
education is called m-Learning or mobile learning. There
are fundamentally two types of e-Learning: synchronous
and asynchronous learning

A new form of learning known as blended learning is an
amalgamation of synchronous and asynchronous learning
methods. Using both online training through virtual
classrooms and also giving CD’s and study material for
self-study is now being increasingly preferred over any
single type of training. Educational technologies are a
valuable tool for complementing the curriculum and
personalizing learning experiences for students in new
ways.
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As the number of students increase in each class it is very
difficult for the teacher to assess the students’ mastery over
the subjects accurately. The mathematics teacher has to
assess the student level of understanding in each skill
defined in each lesson. Only by identifying the
weakness/strength of a student the teacher can provide extra
coaching or promoting him to do the next lesson.
Monitoring the students’ performance and predicting their
skill in mathematics becomes a vital to promote math
education in school level. By using e-learning tools for
teaching mathematics we can capture streams of fine-
grained learner behaviors. The tools and techniques of
EDM can operate on those data to provide a variety of
stakeholders with feedback to improve teaching, learning,
and educational decision making

To demonstrate how such adaptive systems operate, using
the predictive models created by educational data mining,
we propose a prototypical learning system ELATE
(Enhancing Learning and Teaching) for math education and
a frame work. This paper is organized as follows: section 2
lists the literature review, section 3 describes the proposed
ELATE model and its components, section 4 describes the
ELATE frame work, methodology is given in section 5,
section 6 provides results and discussions and conclusion is
given in the last section.
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II. LITERATURE REVIEW

The process of Educational data mining is an iterative,
Knowledge Discovery process which consists of Hypothesis
formulation, Testing and refinement[2] ( Figure-1). All those
who take part in the educational process could gain by
applying data mining on the data from the higher education
system [1](Figure-2). These two papers explains how EDM
is used in educational process.
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Figure 1. Educational Data mining Process|[2]
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Figure 2: The cycle of applying data mining in educational systems [1]

Literature survey in this area reveals that [3][4][5] [17] the
capabilities of applying DM or EDM methods depend on
the domain it is used. The dataset used in these papers were
derived from higher education students and tried to help the
institution for predicting and improving the performance
grade. The requirement of a model which cater to the needs
of Indian school educational system was felt and was
developed. And the proposed model in this paper takes an e-
tutor environment in mathematics[16] where the active
participation of students are stored as student log for further
analysis.
III. ELATE MODEL

This section describes a learning model proposed for Math
e-learning system. The model (Figure-3) has five
components and two participants: learners (students) and
Teachers. The five components are: 1) Math Tutor —the
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domain model 2) Student Learning database 3) EDM -
performance evaluation 4) Dash Board/ Visual analytics 5)
Adaptation engine.

N = S
[

Math Tutor

Learning Content

View Solved Student
(Example) Problems - —* | learning
Data
v
Do Exercise
—»

Y

Edt hal Data Mining

((Adaptation Engine )+——
(‘ Performance Evaluation )

v
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Figure 3. ELATE -Learning model for math e-learning system

Enrolling students is not depicted here. For this paper we
assume that enrolled students are logging in and viewing the
learning content. After viewing the lesson, solved problems
are displayed one by one as teacher solves the problem in the
class room. He can then move to exercise problems where he
has to solve problems in steps. If a student does a mistake in
a step Tutor immediately give a feedback ‘wrong’ and
provide suggestion or hints. He can next move on to test his
skill in that lesson by doing test. No hints /messages given to
indicate right/wrong while performing test.

A student learning database stores the present status of
student (like completed the learning material, completed
how many problems in each category etc.), steps, results,
feedback, number of hints used, time spent in solving
exercise/test problems, login and logout time The
performance evaluation is carried out with EDM methods to
provide feedback to the Tutoring system through adaptation
engine which personalize the content delivery to the
student. An adaption engine regulates the content delivery
component based on the output of the predictive model to
deliver material according to a student’s performance level
and interests, thus ensuring continuous learning
improvement.

The teacher look into the dashboard decides for a student or
the class about his instruction to improve the performance
in learning. He can instruct the student(s) or edit/include the
contents in domain model. The students are allowed to
complete all problems or skip some problems in viewing
examples/exercise problems. But he has to do all in test.
Students’ demographic data can be stored in a separate
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database or can be included as a table in learning database.
This model can be used as a general model suitable for all
lessons in Math curriculum.

Inferring what content does a student know like specific
skills and concepts or procedural knowledge and higher
order thinking skills is known as user knowledge modeling.
Knowledge can be inferred from accumulated data that
represent the interactions between students and the learning
systems such as correctness of student responses alone or in
a series, time spent on practice, number and nature of hints
requested, repetitions of wrong answers, and errors made.
Such “inferences” can be made by a predictive computer
model or by a teacher looking at student data on a
dashboard.

IV. ELATE FRAME WORK

The frame work shown in Figure-4 has five layers/levels to provide
knowledge management services to the institutions which use
Technology Enhanced Learning (TEL) for the course delivery. This
frame work utilises EDM techniques to provide results discovered
from data captured in the first level. For data transformation in the
second level pre-processing is done on the data captured in first
level and relevant attributes for further processing is selected using
feature selection/feature abstraction.

| Learning Envir |
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Interaction Log

DATA

DATA TRANSFORMATION
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Feature Extraction

TRANSFORMED DATA

EDM Methods

Clustering |

Discovery with models
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OUTCOMES

- o O D

KM Services with EDM

Figure 4. ELATE Framework for Knowledge Management service
with EDM

In the third level EDM methods are applied on the transformed
data and the results from these methods are shown as rules, trends,
patterns and relationship. The outcomes of the fourth level is used
by the stakeholders of TEL as knowledge management(KM)
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services to take intelligent decision making in planning, providing
better learning, improving performance, adapting and
personalising to the student needs. The Elate model in Figure 3 fits
in this frame work.

V. METHODOLOGY

The researchers used MathTutor[16] as a technology enhanced
learning tool to teach mensuration lesson of mathematics to the 6™
grade students of Tamil Nadu, India. One hundred and twenty
students participated in this study. The students completed the first
lesson metric measures through this tutor. The student-tutor
interaction log is considered for the research. The first level in
ELATE frame captured the student log information of the example
problems viewed, exercise problems solved and test problems
attended by each student. In the second level of data transformation
the captured data are pre-processed and necessary features are
selected for the application of EDM methods. In the results and
discussions section third and fourth level of the proposed model
ELATE is illustrated through results taken from WEKA and
DataShop[12] tools.

VI. RESULTS AND DISCUSSIONS

Learning systems typically track the state of student mastery at the
skill or topic level and can provide this information to students so
they know what to study and to teachers so they know the areas
where they should concentrate for further instruction. Students
receive feedback on their interactions with the content they are
learning through the adaptive learning system. The feedback
typically includes the percentage correct on embedded assessments
and lists of concepts they have demonstrated mastery on is shown
in Figure-5 using performance graph [10]. It can include problems
attempted (correct/incorrect) as shown in Figure-6 for each student.

Error Rate (%)

10 20 20 40 50 60 70 80 90 100

1. addition

2. multiplication

3. result

Knowledge Component

4. conversion

5. division

1Incorrects 0 Hints 0 Corrects

Figure 5. Performance of a student over five skills

Problem

Figure 6. Performance of a student in solving nine problems

The EDM algorithm J48 for Classification [13] is
performed to classify students according to their score. The
tree view (Figure-7) provides more insight into the activities
of the students that affect their grade.
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Figure 7. J48 classifer tree view

The teacher can further analyze whether number of hints
used during problem solving affects the score of the
students (Figure-8) using clustering method EM [13].
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Figure 8. Score Vs Number of Hints used

The overall performance [14] in solving 32 steps in nine
problems is shown in Figure-9. The teacher identifies the
steps that the students made more mistakes from this curve.

Single-KC (Category: Good)

Error Rate
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Figure 9. Learning Curve showing students performance in 32
steps

Teachers receive feedback on the performance of each

individual student and of the class as a whole and adjust
their instructional actions to influence student learning. By
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examining the feedback data, instructors can spot students
who may need additional help or encouragement to spend
more time on the content and identify areas where the class
as a whole is struggling. The above outcomes from the
fourth level of the ELATE frame work can be used by the
teachers, students and administrators for intelligent decision
making for improving performance and personalization.

VII. CONCLUSION

Educational data mining techniques in integration with
learning systems can provide additional insight into the
functions of teaching, learning and research. It acts as a tool
for better decision making in the educational activities. The
proposed model ELATE is semi automated in our research
as the first level data capturing is done with a MathTutor
and second level is processed with statistical techniques and
WEKA. Third level once again utilizes WEKA for
classification and clustering. DataShop tool is also used to
find students performance in KCs and visualized through
Learning Curve. The results of third and fourth levels are
discussed in the results and discussions. The first four levels
can be integrated in math learning system and the outcomes
are used for personalizing, planning, and improving
performance of the students.

Through ELATE model we can identify the existing
knowledge and apply intelligence for better learning. This
frame work can be utilized in personalized learning
environment for providing appropriate feedback to the
learners and teachers. The result from this research shows
the effective use of the model in math domain to identify
the skill level of the students. The same model can be used
for any other e-tutoring environment. The demographic data
of the students can also be incorporated to identify its
influence in performance.

ACKNOWLEDGMENT (HEADING 5)

For exploratory analysis, I used the PSLC DataShop,
available at http://pslcdatashop.org (Koedinger et al., 2010).

REFERENCES

[1] Romero, C. & Ventura, S, “Educational Data Mining: a
Survey from 1995 to 20057, Expert Systems with
Applications, Vol. 1, Issue-33, Elsevier, pp. 135-146, 2007.

[2] Stamper, J.C., Koedinger, K.R., “Human-machine student
model discovery and improvement using DataShop”, In
Biswas, G., Bull, S., Kay, J., Mitrovic, A. (eds.) AIED.
LNCS, vol. 6738, pp. 353-360. Springer, Heidelberg, 2011.

[3] Shyamala, K., Rajagopalan, S.P., “Data Mining Model for a
Better Higher Educational System”, Information Technology
Journal, Vol. 5, Issue-3, pp. 560-564, 2006.

13



International Journal of Computer Sciences and Engineering

[4] Ranjan, J., Ranjan, R.“Application of Data mining
Techniques in Higher Education in India”, Journal of
Knowledge Management Practice, Vol. 11, Special Issue 1,
January 2010.

[5] Bhusry Mamta, “Institutional Knowledge to Institutional
Intelligence: A Data Mining Enabled Knowledge
Management  Approach”, International  Journal Of
Computational Engineering Research (ijceronline.com) Vol.
2, Issue-5, pp. 1356-1360, 2012.

[6] Brent Martin , Antonija Mitrovic , Kenneth R Koedinger ,
Santosh Mathan, “Evaluating and Improving Adaptive
Educational Systems with Learning Curves”, User Modeling
and User-Adapted Interaction ,Vol.21, Issue-3, pp.249-283,
2011.

[7] Baker, R. S. J. d. “Data Mining for Education.” In
International Encyclopedia of Education, 3" ed., Edited by B.
McGaw, P. Peterson, and E. Baker. Oxford, UK: Elsevier,
2011

[8] Baker, R. S. J. D., and K. Yacef, “The State of Educational
Data Mining in 2009: A Review and Future Visions.” Journal
of Educational Data Mining, Vol. 1, Issue-1, pp.3-17, 2009.

[9] Romero, C., Ventura,S., “Educational data mining: A review
of the state of the art”, IEEE Transactions on systems man
and Cybernetics Part C.Applications and review, Vol. 40,
Issue-6, pp.601-618, 2010.

[10] Koedinger, K.R., Stamper, J.C., McLaughlin, E.A., & Nixon,
T., “Using data-driven discovery of better student models to
improve student learning”, In Yacef, K., Lane, H., Mostow,
J., & Pavlik, P. (Eds.) In Proceedings of the 16th International
Conference on Artificial Intelligence in Education, pp. 421-
430, 2013.

[11] Pooja Thakar, Anil Mehta, Manisha, “Performance Analysis
and Prediction in Educational Data Mining: A Research
Travelogue”, International Journal of Computer Applications,
Vol. 110, Issue-15, pp. 60-68 January 2015.

[12] Koedinger, K.R., Baker, R.S.J.d., Cunningham, K.,
Skogsholm, A., Leber, B., Stamper, J., “A Data Repository
for the EDM community: The PSLC DataShop”, In Romero,
C., Ventura, S., Pechenizkiy, M., Baker, R.S.J.d. (Eds.)
Handbook of Educational Data Mining. Boca Raton, FL:
CRC Press, 2010.

[13] S. Lakshmi Prabha, Dr. A. R. Mohamed Shanavas, *
Analysing Students Performance Using Educational Data
Mining Methods”, International Journal of Applied
Engineering Research, , Vol. 10, Issue-82, pg. 667-671,
2015.

[14] S. Lakshmi Prabha, Dr. A. R. Mohamed Shanavas, “A Study
on Learning Factor Analysis — An Educational Data Mining
Technique for Student Knowledge Modeling”, IOSR Journal
of Computer Engineering (IOSR-JCE), Vol.17, Issue-6, Ver.
1V, pp.95-101,. Nov — Dec. 2015.

[15]1 S. Lakshmi Prabha, Dr. A. R. Mohamed Shanavas,
“Assessing Students Performance Using Learning Curves”,
International Journal of Engineering and Techniques, Vol. 1
Issue-6, pp. 6-16, Jan - Feb 2016.

)))~

JCSE  ©2016, IICSE All Rights Reserved

Vol.-4(3), PP(10-14) Mar 2016, E-ISSN: 2347-269

[16] S. Lakshmi Prabha A. R. Mohamed Shanavas,
“Implementation of E-Learning Package for Mensuration-A
Branch of Mathematics”, IEEE, pp.219-221, 2014.

[17] Tawseef Ayoub Shaikh1l, Amit Chhabra,” Effect of WEKA
Filters on the Performance of the NavieBayes Data Mining
Algorithm on Arrhythmia and Parkinson’s Datasets”,
International ~ Journal of Computer Sciences and
Engineering(IJCSE), Vol. 2, Issue-5, pp.45-51, May 2014.

AUTHORS PROFILE

S. Lakshmi Prabha is working as Associate
Professor of  Computer Science, Seethalakshmi
Ramaswami College, Tiruchirappalli,Tamilnadu.
Sha has 25 years of experience in teaching and
persuing her research in Educational Data
Mining at Jamal Mohamed college under the
guidance of Dr.A.R.Mohamed Shanavas .

Dr. A. R. Mohamed Shanavas, Associate
Professor Of Computer Science, Jamal
Mohamed College, Trichy has 27 years of
experience and his field of interests are Image
Processing and Data Mining. To his credit he
produced 1 Ph.D candidate and guiding 7
candidates.

14



