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Abstract
Comparing the efficiency of methods for finding similarities in course descriptions
for credit transfer using quantitative transformation. This research focuses on improving
accuracy and discovering similarities in course descriptions. The information used in this
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study is compiled from the subjects of the Information Technology curriculum at the
Faculty of Science, Buriram Rajabhat University, comprising 58 courses. The data
preparation process involves word tokenization into vocabulary using the principles of
Natural Language Processing, followed by the elimination of stop words and stemming.
Stemming aims to find the roots of words. For this research, the Term Frequency Inverse
Document Frequency (TF-IDF) method is employed. TF-IDF is a technique for ranking words
according to their importance in creating feature vectors from words. Experimental results
reveal the similarity value of the text and distance. It is found that the cosine distance
method yields lower values compared to the Euclidean distance method. Furthermore,
the results of measuring text similarity using cosine and kernel values show that the rbf
kernel method performs the best on average, achieving a similarity score of 0.97. Following
closely is the Laplacian kernel method with a score of 0.90. The Cosine Similarity, Linear
Kernel, and Pairwise Kernels yield an average text similarity measurement result of 0.62.

Keyword : Similarity, Word Embedding, Natural Language Processing
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