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Abstract

This Research presents the performance comparison of classification of data mining algorithms 3 models
there are C4.5, Naive Bayes and k-Nearest Neighbor. The most efficient algorithms was used to determine
the factors that affect the academic performance of students by reducing imports by one variable. Data used
in the research. As a data of student in Rajamangala University of Technology Isan Sakonnakhon campus.
During the 2553-2555 academic years, 4,591 data sets at 17 attribute. The results showed that the
performance of C4.5 is 73.55% higher than the k-Nearest Neighbor and Naive Bayes with 66.63% and 49%.
Factors that affect the academic performance of the students is an important variable. Sort of important

descending the grade, number of siblings who are studying, age, number of siblings, and all disciplines in
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addition to the factors can apply the classification data were used to develop predictive learning level of

scholar.
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Table 1 Attribute after Selection

Attribute Description
GENDER Gender of students.
AGE Age of students.
CURR Curriculum of study.
PROGRAM Program of student, Field of

study.
CURR_TYPE Curriculum type.
REGULAR_YEAR | Regular years.
CLASS Class of students.
TALENT Talent of students.
SON_NUM Son number.
SON_STDNUM Son study number.
FAT_STATUS Father status.
FAT_REVENUE Father revenue.
FAT_OCCUP Father Occupation.
MOT_STATUS Mother status.
MOT_REVENUE | Mother revenue.
MOT_OCCUP Mother Occupation.
PAR_STATUS Parent’s status.
PAR_REVENUE Parent revenue.
PAR_OCCUP Parent occupation.
ACC_GPA Class

0-250 =LOW

2.51 - 3.00 =MIDDLE

3.01 - 4.00 =HIGH
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Table 2 Performance of Model

Algorithms Accuracy MAE
C4.5 73.55 0.23
k-NN 66.63 0.26
Naive Bayes 49 0.37
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Table 3 Factors Affecting the Academic

Performance of Students

Factors Accuracy No.
CLASS 69.30 1
SON_STDNUM 70.35 2
AGE 70.63 3
SON_NUM 70.72 4
PROGRAM 71.03 5
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