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- 5000 documents, 50 authors - For each document, choose class with “best” separating plane. M,; = frequency of j term in i"" document
- Average document length < 4 paragraphs

- All authors share common subject area Question.s to answer: , .
Feature Selection Methods * Which n-gram length is best: 3, 4, 5, or multi-length?

Character n-grams * Which feature selection method is best?
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Results Conclusions

Mutual Information Anova F-value - Optimal feature set

5% improvement - Mutual information is best performing feature selection method
=> - 4-grams outperform 3, 5, and multi-length n-grams
Raw Frequencies Scaled Frequencies - Accuracy ~ IOg (number of features).

Effect of scaling frequencies
- Scaling features improves accuracy
Max accuracy ~ 75%

- - Possible extensions
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