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1 Introduction

With a rush of online information through the internet, finding well classified stories becomes one of the issues. Text categorization means classification of the documents in to the fixed numbers of pre- defined categories. As a learning algorithm, k- nearest neighbor, Support Vector Machine, neural networks, linear least square fit and Naïve Bayes have been used for classification, but it is hard to say exactly which method is universally superior since the dataset in the literatures are not equivalent at all. Nevertheless, one of the most renowned methods is Support Vector Machine (SVM). It is introduced by Vapnik in 1995 based on Structural Risk Minimization principle, and it tried to find the decision surface that separates the positive and negative training examples of a category with maximum margin. Joachims(1998) used SVM to classify a set of binary text, and it mentioned that SVM yielded lower error rate than other classification techniques.[3] One year later, Yang used the same dataset, and tried NB and KNN, she concluded that SVM still works as much as other classification methods.[5]. Also, Basu compared ANN algorithm with SVM algorithm in reduced feature set and over the larger feature set, and came to the conclusion that SVM is preferable based on the computational complexity. 
Based on these previously published articles, we applied SVM and Naïve Bayes Estimator as a classification technique, and compared the test error rate between those methods.
2 Methods

2.1 Dataset

Dataset is extracted from Wikipedia website[6], which is one of the world’s largest online encyclopedia. This site contains approximately 8.29 million articles in 253 languages, and every entity in the site is assigned to at least one category manually by annotators.  The dataset used in this report is directly downloaded from the site of May 2007 edition and the total amount is 11 million category links and 9 million articles. The categories are defined as 14 groups in table 1, and the first 12 categories is used as overall corpora including 9953 articles. (The total size is approximately 171M.) 

Table 1: Selected Category

	Category
	ID
	# of articles

	Artificial_intelligence

	1
	2753

	Buildings_and_structures_in_Pittsburgh_structures_in_Pittsburgh 2 

Computer_scientists 3

Education_in_Pennsylvania 4

Education_in_Pittsburgh
5

Electrical_engineers 6

George_Washington 7

Information_retrieval 8

Information_scientists 9

Machine_learning 10

Pittsburgh,_Pennsylvania 11

University_of_Pittsburgh 12

Washington 13Dendrite
	2
	355

	Computer_scientists
	3
	1215

	Education_in_Pennsylvania
	4
	2609

	Education_in_Pittsburgh

	5
	586

	Electrical_engineers 


	6
	182

	George_Washington 


	7
	75

	Information_retrieval
	8
	717

	Information_scientists
	9
	16

	Machine_learning
	10
	246

	Pittsburgh,_Pennsylvania
	11
	2750

	University_of_Pittsburgh
	12
	246

	Washington
	13
	12806

	Information_science
	14
	More than 10k

	
	
	


Through preprocessing, formatted control characters in the original articles are removed, and index number are assigned using Converttext2bow software tool. To extract the feature of articles, the bag of words methods were used, and vocabulary whose frequency is more than 3 is used to index the whole corporus.
For a comparison, we separated the data set as two group of train dataset and test dataset and each class labels accordingly.
2.2 Feature Selection

For feature selection, we used Chi-square method based on Yang’s paper (1997). In that paper, Yang introduced various feature selection methods[4] :Document frequency thresholding (DF), Information Gain(IG), Mutual information, Chi-square and term strength(ts). Yang mentioned that Chi-square showed better performance than MI or TS, and it was comparable with the other two methods, especially features whose words are unique, are less than 2000.

Chi-square method is expressed as (1): 
2=(t,c)=N(AD-CB)2/(A+C)(B+D)(A+B)(C+D)       (1)
                                  where A is the number of times term t and category c co-occur, 

                                            B is the number of term t occurs without c,  

                                            C is the number of time c occurs without term t, 

                                            D is the number of time neither c nor t occurs, 

                                            N is the total number of documents.

With this method, we choose the top 1000 terms per a category, which totaled 2457 terms.

2.3 SVM Classification
We use svmlab tool set to do the whole experiment, and choose the C=1000. Because the dataset is too large, we do random testing, i.e. randomly choosing 1000 documents as training data, and then randomly choose 200 documents to do test. The overall result as following, table 2.
2.4 Naïve Bayes Estimator

Naïve Bayes Estimation is a generative method for classification. Not directly estimating the P(Y|X), it has to be deduced using Bayesian Rule, and it is known as it works well in a small sample size data set in comparison with Discriminative method.

For a Naïve Bayes Estimators, we use Maximum Likelihood Estimator for P(Y=j) where j = 1,2,…14 and P(xi1,…xi2458|Y=j), and estimates posterior distribution of P(Y=j|xi1,…xi2458) to obtain class labels.
3 Results

3.1 Naïve Bayes Estimator

The classification results using Naïve Bayesian estimator does not seem to be satisfactory. For a traing data set, training error rate is approximately 0.58 with total sample size = 12868, and test error rate is estimated as 0.69.
Graph 1: Error Rate
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Table 2: SVM Classification based on terms chi-square
	
	class1
	2
	3
	4
	5
	6
	

	1
	0.065
	0.03
	0.042
	0.105
	0.055
	0.03
	

	2
	0.06
	0.02
	0.035
	0.1
	0.105
	0
	

	3
	0.0226
	0.0113
	0.0264
	0.1478
	0.083
	0.0113
	

	4
	0.03
	0.01
	0.03
	0.105
	0.08
	0
	

	5
	0.055
	0.015
	0.03
	0.19
	0.105
	0
	

	6
	0.025
	0.035
	0.065
	0.16
	0.085
	0.005
	

	7
	0.05
	0.025
	0.025
	0.125
	0.116
	0.005
	

	8
	0.02
	0.025
	0.035
	0.17
	0.075
	0.015
	

	9
	0
	0.005
	0.005
	0.085
	0.09
	0
	

	10
	0.035
	0.005
	0.045
	0.15
	0.096
	0
	

	11
	0.03
	0.015
	0.03
	0.065
	0.087
	0.005
	

	12
	0.03
	0.03
	0.06
	0.095
	0.07
	0
	

	13
	0.07
	0.005
	0.04
	0.115
	0.125
	0.005
	

	14
	0.02
	0.03
	0.015
	0.155
	0.1
	0
	

	15
	0.065
	0.04
	0.045
	0.17
	0.13
	0.015
	

	16
	0.02
	0.01
	0.03
	0.175
	0.13
	0
	

	17
	0.035
	0.02
	0.04
	0.165
	0.106
	0.005
	

	18
	0.04
	0.015
	0.03
	0.135
	0.07
	0.015
	

	19
	0.05
	0
	0.05
	0.155
	0.065
	0
	

	20
	0.035
	0.015
	0.015
	0.07
	0.07
	0.005
	

	Avg
	0.03788
	0.018065
	0.03467
	0.13189
	0.09215
	0.005815
	

	
	7
	8
	9
	10
	11
	12
	Avg

	1
	0.015
	0.2
	0
	0
	0.13
	0.03
	0.0585

	2
	0.005
	0.02
	0
	0
	0.1327
	0.045
	0.043558

	3
	0.0226
	0.034
	0.0038
	0
	0.1396
	0.0755
	0.048158

	4
	0.005
	0.02
	0
	0
	0.125
	0.035
	0.036667

	5
	0.03
	0.015
	0.005
	0
	0.23
	0.075
	0.0625

	6
	0.005
	0.03
	0.005
	0
	0.165
	0.06
	0.053333

	7
	0
	0.005
	0
	0
	0.15
	0.07
	0.047583

	8
	0.01
	0.025
	0
	0
	0.215909
	0.035
	0.052159

	9
	0.015
	0.015
	0
	0
	0.125
	0.04
	0.031667

	10
	0
	0.03
	0
	0
	0.155
	0.045
	0.04675

	11
	0.015
	0.025
	0
	0
	0.08
	0.015
	0.030583

	12
	0.015
	0.015
	0
	0
	0.105
	0.035
	0.037917

	13
	0.025
	0.035
	0.005
	0
	0.185909
	0.07
	0.056742

	14
	0.02
	0.04
	0
	0
	0.215
	0.065
	0.055

	15
	0.015
	0.03
	0.005
	0
	0.235
	0.07
	0.068333

	16
	0.015
	0.01
	0
	0
	0.195
	0.07
	0.054583

	17
	0.015
	0.02
	0
	0
	0.12
	0.03
	0.046333

	18
	0.01
	0
	0
	0
	0.17
	0.065
	0.045833

	19
	0.005
	0.025
	0
	0
	0.145
	0.035
	0.044167

	20
	0.015
	0.03
	0
	0
	0.12
	0.04
	0.034583

	Avg
	0.01288
	0.0312
	0.00119
	0
	0.156956
	0.050275
	0.047748
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Discussion
Feature selection is an important question in statistical learning of text categorization. And the focus is on aggressive dimensionality reduction. In fact, Wikipedia provide us much more than just plain text. The anchor text which points to a Wikipedia article contains high quality terms which are manually assigned by human is useful semantic phrase. So whether it is useful to do classification with fewer features or these kinds of semantic links can be helpful to do classification.
Next Experiment is planning to use anchor text as feature to do classification, and test whether or not phase or concept will improve classification. Another experiment is from link analysis to do classification[4]. 

Matlab has strong memory limitation, but for the text classification problem, if we try to use bag-of-word as features, it will course as lot of problems. If we use more unique terms, it will bring noisy and many words are non-informative, so we need to remove these terms, but if we only too little terms to do classification, the results will be not so good. Another problem during the experiment is “out of memory” problem. If the train data set is too huge, it is very likely out of memory.

4 Link Analysis Experiments
Can link analysis, like pagerank or LSA, find the most important page in the page sets? Can pagerank rank the set of entities with any reasonable explaination?
In this experiment, I choose the Information Scientists Category, including total 16 entities, to do the experiment. It is including, Ann_Rockley, Christine_L._Borgman, Doug_Cutting, Fred_Kilgour, Gerard_Salton, Gerard_Salton, Hans_Peter_Luhn, Henri_La_Fontaine, Jesse_Shera, Marcia_J._Bates, Michael_Buckland, Michael_Gurstein, Paul_Otlet, Philippe_Dreyfus, Sandor_Dominich, Vannevar_Bush, Wynne_Chin. Every entity has a page describing the concept, and there are links in it. I use these links within the entity page to represent the entity itself. Using the same method, I generate total 416 entities links set. Here, if the link refers to the link outside of the link set, I would indicate all of them as 0. 

4.1 Pagerank Result
Pagerank results are in figure 3 and figure 4. The first column is unique id of the entity in the 415‐dataset, and the second column is the entity name. 
[image: image3.emf]
[image: image4.emf]
4.2 Pagerank vs. Outlink

I found that the pagerank results are very similar to the entity out‐links ranking result, so I compare them. The correlation of pagerank score and entity outlinks is rather high, 1, and it is significant (α<0.001). Here I calculate the correlation with page 0 and without page 0. The following figure is scatter plot of pagerank score and outlink numbers of the entity

[image: image5.emf]
In fact, we also try LSI algorithm and found the results also very similar to pagerank.


Correlations

	 
	 
	VAR00001
	VAR00002

	VAR00001
	Pearson Correlation
	1
	.180(**)

	 
	Sig. (2-tailed)
	 
	.000

	 
	N
	415
	415

	VAR00002
	Pearson Correlation
	.180(**)
	1

	 
	Sig. (2-tailed)
	.000
	 

	 
	N
	415
	415


**  Correlation is significant at the 0.01 level (2-tailed).

5 Discussion

During we collect the articles belong to the same categories, I found that Wikipedia category structure is not strictly hierarchy structure, for example, category: Machine learning including subcategory machine learning researchers, but machine learning researchers is also belong to computer scientist, so there are overlap among these categories and even more there are some loops on it.

From the above result, we see that category 9 and category 10 work much better than the others. These two categories are Machine learning and information scientists whose concepts are more specific than others. Category 4 and category 5 and category 11 are worse than others that mean these categories include more miscellaneous terms.

Actually each document has several classification numbers since it can contain similar articles in it, so in NB case, we only used the data set which has a distinct class identification. So, it is hard to tell the comparability with SVM results here.
ctually each documents has several classification number since i
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