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3. Abstract:

Recently, most academic institutions have been keen to find factors that increase the results
of education, and the quality of education has become an important goal that all educational
institutions seek, especially in light of the availability of a huge amount of data that can be
used to obtain excellent results and the frequent use of data mining algorithms to analyze
these factors. In this study, a model was built to determine the most influencing factors in
students’ evaluation of a university professor, by classifying students’ answers obtained
through a survey consisting of 36 items, in addition to some other data related to the
professor, such as his cumulative grade point average, academic degree, and the number of
years of experience. The size of the data set was 709 rows, and three classification
algorithms were used: Random Forest, Decision Tree, and Naive Bayes. The Sequential
Feature Selection (SFS) algorithm was used for two reasons, the first is to reduce the
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number of features to increase the accuracy of the results and the second is to get the most
relevant features that affect the final result. The comparison has been made between the
performance of the algorithms and after testing and verification, the Random Forest was
the most accurate. The process of designing the final model can be divided into four stages,
the first stage is preprocessing, the second is the applying of SFS to find the features
associated with each other, the third stage is applied three classification algorithms and
finally the fourth stage is validation of the model by stratified cross-validation technique,
because the data is imbalanced.

4. Keywords: performance evaluation, total quality in education, educational data mining,
imbalance data, classification algorithms
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