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Abstract
Auto Document Category puts relative documents in the same or closer position. It helps
users to find the desired data more efficiently. Our research proposes to use N-gram to
implement an Auto Document Category System. We use Stopwords, Stemming, and Google
N-gram Dataset to create N-gram Segmentation Algorithm (NSA). We not only use NSA to
fetch keywords in the documents of Classic4 dataset, but also use Probability based Term
Frequency and Inverse Category Frequency (PTFICF) to test the performance of term weight.
Finally, these terms are trained by Support Vector Machine (SVM) and are used to predict
classification results. The average accuracy for auto categorizing is 96.5%, and the F1 value is

96.4%, which is higher than other related methods.
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