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Abstract
Nowadays, a recruitment examination of new students for each institution of higher education
has a more aggressive policy toward the decrease in the number of students available in the education

system. Publicity and curriculum counseling according to various schools, matching people is very important.

Researchers have used data mining techniques to analyze the data of applicants who have passed the
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selection of new undergraduate students Nakhon Pathom Rajabhat University during the academic year
2015-2016. By focused on the comparative accuracy of models to forecast number of new students
using 3 techniques of ENSEMBLE: Vote Ensemble, Bootstrap Aggregating (Bagging) and Random Forest to
implement the most efficient algorithm for data analysis and the results from the data analysis to the
planning of new students in the next academic year effectively.

The result found that the model was created by Bootstrap Ageregating with Rule Induction algorithms
had the highest accuracy at 83.96% higher than the Vote Ensemble and Random Forest techniques,
83.19% and 81.95%, respectively and factors affecting admission to NPRU was type of examination.

Keywords: efficiency, model to forecast, ENSEMBLE technique
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