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Abstract

This research sought to examine factors that influence students to use library
at LoeiRajabhat University. The data for analysis comprised records of undergraduate
students’ library daily entry which were collected between February and October
2016 and related students’ data records. Nine factors were chosen and brought into
account including date entry, period of time in the day, sex, faculty, current year of
study, place of birth, blood type, number of siblings, and GPA. Totally, 79953 records
of data were brought into analysis by using C5.0, Neural Network and CART algorithms.
By comparing the accuracy results from these three algorithms, C5.0 algorithm yielded
the highest accuracy (97.78 %) and took the least amount of time for calculation. The
results of C5.0 analysis indicated that there were 3 key factors that highly influenced
students in library use. The highest influence was GPA at 93.8%, the second was sex at
6% and the last one was period of time in the day at 0.02%. These factors developed
21 levels of relationship that can be used for improving library services and influencing
students to use library through the faculties they attend. Students with higher GPA
were likely to use library more than those with less GPA. This suggests that the library
should focus more on students with low GPA and influence them to use library. New

activities should be initiated to attract more students to visit the library.
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