IDENTIFICATION OF MIGRATION PATTERNS FOR UNDERSTANDING STUDENT LEARNING BEHAVIOR

ABSTRACT:
Educational process mining is one of the research domains that utilize students’ learning behavior to match students’ actual courses taken and the designed curriculum. While most works attempt to deal with the case perspective (i.e., traces of the cases), the temporal case perspective has not been discussed. The temporal case perspective aims to understand the temporal patterns of cases (e.g., students’ learning behavior in a semester). This study proposes modified cluster evolution analysis, called profile-based cluster evolution analysis, for students’ learning behavior based on profiles. The results show three salient features: (1) cluster generation; (2) within-cluster generation; and (3) time-based between-cluster generation. The cluster evolution phase modifies the existing cluster evolution analysis with a dynamic profiler. The model was tested on actual educational data of the Information System Department in Indonesia. The results showed the learning behavior of students who graduated on time, the learning behavior of students who graduated late, and the learning behavior of students who dropped out. Students changed their learning behavior by observing the migration of students from cluster to cluster for each semester. Furthermore, there were distinct learning behavior migration patterns for each category of students based on their performance. The migration pattern can suggest to academic stakeholders to understand about students who are likely to drop out, graduate on time or graduate late. These results can be used as recommendations to academic stakeholders for curriculum assessment and development and dropout prevention.

EXISTING SYSTEM:
Some works on EPM have been applied in the associate editor coordinating the review of this manuscript and approving it for publication was Claudio Cusano. Academic institutions to predict students’ dropout, to recommend a correct path to students, to identify, examine and facilitate the evaluation of learning processes, and to enhance the curriculum design. While most existing works emphasize the process perspective and the activity perspective, no previous works attempt to apply the temporal case perspective (i.e., students’ profiles) in accordance with trace (i.e., curriculum) alignment. The existing approaches, CEA by  is the appropriate method to identify repetition at various points in time and detect patterns that predict prospective loss of value as well as patterns that indicate the stability and preservation of value over time. However, the existing CEA does not consider any mixed profiles during the cluster development stages. 

DISADVANTAGES:
· The existing is not attempt to apply the temporal case perspective (i.e., students’ profiles) in accordance with trace (i.e., curriculum) alignment.
· Loss of value as well as patterns that indicate the stability and preservation of value over time.




PROPOSED SYSTEM:
The proposed system, attempts to modify the existing CEA and develop a new method called profile-based cluster evolution analysis (P-CEA). P-CEA considers extracted profiles at a certain time and uses the profiles to understand subsequent learning behavior. In other words, the original profile indicates students’ learning behavior regarding the course sequence, while the additional profile is extracted from the GPA in the respective semester. The P-CEA is expected to determine (1) the amount of data clustered per semester, (2) how cluster characteristics appear per semester, and (3) how cluster migration appears from semester to semester. This study is expected to provide an overview of the learning patterns of students who graduate on time or drop out. The proposed technique aims to assess the conformity between student learning behavior and curriculum design and groups them into several categories, i.e., match, before, after, repetitive and elective. 

ADVANTAGES:
· This research shows that only students’ overall behavior conforms to the curriculum.
· This study is expected to provide an overview of the learning patterns of students who graduate on time or drop out.




SYSTEM SPECIFICATION

Software Requirements:

· Operating system           -     Windows 7/ 10.
· Coding Language	          -     ASP.Net with C#
· Front-End		          -     Visual Studio 2010.
· Data Base		          -     SQL Server 2008 R2.


Hardware Requirements:
1. Processor		-	Intel Dual Core
1. Speed		-    	2.5 GHz
1. RAM		-    	2 GB
1. Hard Disk		-   	500 GB
1. Key Board		-    	Standard Windows Keyboard
1. Mouse	           	-    	Two or Three Button Mouse
1. Monitor	           -    	LCD
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