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N-gram Feature Selection for Text Classification Based on
Symmetrical Conditional Probability and TF-IDF

Woo-Sik Choi - Seoung Bum Kim
Department of Industrial Management Engineering, Korea University

The rapid growth of the World Wide Web and online information services has generated and made accessible a
huge number of text documents. To analyze texts, selecting important keywords is an essential step. In this
paper, we propose a feature selection method that combines a term frequency-inverse document frequency
technique and symmetrical conditional probability. The proposed method can identify features with N-gram, the
sequential multiword. The effectiveness of the proposed method is demonstrated through a real text data from
the machine learning repository, University of California, Irvine.
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The book starts with a gentle introduction to text mining text : 3
that presents the basic definitions and prepares the reader mining : 3
for the next chapters. In the second chapter we describe chapter : 3
the core text mining operations in detail while providing introduction : 2
examples for each operation. The third chapter serves as book : 1
an introduction to text mining preprocessing techniques.
(@ (b)

Figure 1. Example of structuring text data based on term frequency

Steyvers, 2007),
2003).
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Figure 2. Selecting features at the elbow point of TF-IDF scores
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Table 1. Example of the Opinosis Opinion/Review Dataset
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Domain Product Function Review Example
Hotel Holiday Inn Service It is not 4 star hotel service
Car Honda Performance No problem with quality, performance, etc.
Car Honda Comfort Overall performance is good but comfort level is poor
Electronics Kindle Battery-Life Battery life is very good, even with the wireless on constantly
Electronics 10Pod Battery-Life The battery dies faster than my previous 2nd Gen Nano
Electronics 1005ha Battery-Life This netbook has plenty of power for my needs and the battery life is great
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Figure 4. Selecting features for (a) TF-IDF with single words,
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Table 2. Testing accuracy with 9 : 1 training and testing data ratio

Feature Selection Method Testing Accuracy

TF-IDF w/single word 93.50%
TF-IDF w/2~4-gram 96.00%

SCP TF-IDF w/2~4-
WieeTm 97.67%

(Proposed Method)

Table 3. Testing accuracy with 8 : 2 training and testing data ratio

Feature Selection Method Testing Accuracy

TF-IDF w/single word 95.09%
TF-IDF w/2~4-gram 96.55%

SCP TF-IDF w/2~4-
WeeTm 97.45%

(Proposed Method)
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