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Abstract

In this project a classifier is developed that can classify a blog
into different categories based on the topics that author fre-
quently writes about. Treating each blog as a document and
each topic category as a class, a SVM based multi-class clas-
sifier is developed. The impact of feature selection has been
studied by using different methods to generate the feature
vector from the documents.

Introduction
Blogs are increasingly becoming a major component of user
interaction with the world wide web. Estimates made in
2005, indicate that there were more than 50 million blogs
worldwide and this number is growing. Many businesses are
recognizing that blogs are an important avenue for interact-
ing with potential customers. Natural language processing
based tools can be used cluster, classify and analyze these
blogs to tailor business requirements like placing advertise-
ments etc.

In this project, data from “Indie-bloggies”, an online com-
petition to find the best Indian blogger. As a part of the nom-
ination process every contestant submits his/her blog along
with the most relevant category it belongs to (Humor, Busi-
ness, Travel, Science, Humanities, Food, Personal, Enter-
tainment). This gives us a data set in which blogs have been
tagged with their categories. Treating each blog as an docu-
ment and each category as a class, a SVM based classifier is
trained and tested. Different methods of selecting the feature
space is studied to obtain a good classifier.

Tools
Support Vector Machines
Support vector machines are popular tools for design-
ing classifiers.The multi-class SVM (Crammer and Singer
2001), finds a classifier H : X → Y of the form

HM (x) = argmax
r∈Y

(Mr.x)

in which M is a k × n matrix and Mr is the rth row of M .
k is the number of classes in the problem and n is the di-
mension of the feature space. X ⊆ R

¯
n is the feature-space,
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while Y == {1, 2, . . . k} is the set of classes. Given a train-
ing set S = {(x1, y1), . . . , (xm, ym)},HM is the matrix that
minimizes the empirical error for multi-class problem in the
training set S

εS(M) =
1
m

m∑
i=1

‖HM (xi) 6= yi‖

in which ‖HM (xi) 6= yi‖ is 1 if xi is misclassified by the
matrix HM

Feature Selection
Selecting features that contain maximum information about
the training data is essential in finding a good classifier. In
the case of documents, Bag of Words (BOW) is a very pop-
ular feature used. In this feature, the feature space is all
the words that appear in the training. Sparse features (fea-
tures that appear in very few documents) are not good for
classification, as they have poor recall, while features that
appear in every document have poor precision. Thus, a good
feature space consists of words that appear in quite a few
documents, with moderate frequency.

Term Discrimination (Willett 1985) is a systematic pro-
cedure to remove sparse features. Consider a data matrix
A ∈ R

¯
n×kin which each column is a representation of one

document. There are k documents and each row is a feature.
Letm ∈ R

¯
k is the distance of each document from the mean

document c ∈ R
¯

n.

m(i) = |A(:, i)−
k∑

j=1

A(i, :)/k|2 ∀i = 1, 2, . . . k

We now remove word j from the corpus. Aj is the data
matrix without the jth row.and calculate m̃ ∈ R

¯
k, the dis-

tance of each document from the mean document in the re-
duced space R

¯
n−1. Term Discrimination for the word j is

1
k

∑k
l=1m(l) − m̃(l).We select the top r words to form a

reduced R
¯

r dimensional feature space

TF-IDF based methods are another popular tool to select
features. In this method, each word in a document is as-
signed a TFi,j .IDFj score. TF denotes term frequency,



and is the number of times word j occurs in a document,
while IDFj = log(H/dj) is the inverse document fre-
quency, the number of documents in which the word j oc-
curs. The TF.IDF score weights both frequency in a doc-
ument and frequency of appearance of the word in the data-
set. In this project, the words were ranked by a TF.IDF
based score is used to generate the top r words and the fol-
lowing three approaches were used to generate the features:
• Approach-1: BOW feature vector for the in the R

¯
r space.

• Approach-2: TF-IDF feature vector in the reduced dimen-
sional space.

• Approach-3: Modified TF-IDF feature vector, with less
stress on term frequency (S.M.Rüger and S.E.Gauch
2000).

vij = log (1 + tij). log (|D|/dj)
∀j = 1, 2, . . . r,∀i = 1, 2, . . . k

Methods
370 blogs, categorized into 8 categories were downloaded.
The data set was divided into a training set consisting of 250
blogs and a test set consisting of 120 blogs. Each blog was
downloaded, and the blog-posts were extracted, discarding
all the other parts of the blog (comments, links etc). Stop
words were removed and a corpus was made of all the dis-
tinct words. This corpus had length 456300. A smaller cor-
pus consisting of 23607 words was created by applying a
criterion that a word must occur in at-least 10 documents.
Different smaller corpuses of lengths 1000,2000,5000 and,
10000 words were made using the feature selection methods
discussed in section .

A multi-class SVM was trained for features generated by
each corpus and tested against the test set. The results of the
classification exercise are presented in the next section.

Results
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Figure 1: Accuracy as a function of number of features

Figure 1 shows the % misclassification as a function of
the number of features for the training set. Analysis of the
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Figure 2: Accuracy as a function of number of features

results showed that classifying blogs categorized “Personal”
was the hardest. This can be attributed to personal blog au-
thors writing about different topics (a post about a recent
holiday, followed by a post about government policy). Fig-
ure 2 shows % misclassification when Personal blogs were
left out of the training and test data sets.

These figures do not provide any discernible pattern, but
it can be seen that the TF-IDF feature space performs bet-
ter than the Term discrimination feature space for the full
data-set. This behavior was expected because the Term-
discrimination algorithm removes the sparse rows, and the
top words are the most frequent words. Analysis of the
top few words from the TF-IDF method and Term discrim-
ination method reveal this effect. The top few words from
TF-IDF based ranking are wisdom, washing, waking, voices,
viewing, tension, stare, someday, shifted, while the top few
words from Term discrimination based ranking are like, just,
time, people, u, india, good, life, movie, add. The term dis-
crimination based ranking ranks very frequent words, and
can be used as an extended list of stop words in conjunction
with the TF-IDF based approaches.

The patterns seem to be quite different for the classifica-
tion exercise without the “Personal blogs”. It is seen that
a much smaller feature space captures more information in
this case. This fits the observation that maximum words gen-
erated in the corpus were from the personal blogs. Term dis-
crimination also seems to perform better because, it could
find top few words from across different categories, as op-
posed to the previous case, when many of the top words were
the most frequent words in the personal category. It is very
surprising to see Approach-3 perform so poorly in Fig 2 as
compared to Fig 1. We cannot comment on the stability of
the scores generated in Approach-3 because of this fluctuat-
ing behavior of the feature generated by Approach-3.

Conclusions
This project deals with some issues in feature selection for
classification of blogs and compares two such methods for
feature selection. It was seen that the TF.IDF based approach



for feature selection perform better than term discrimination
based approach.

Blog classification is an interesting exercise, and with lots
of possible applications. The potential application of this
type of classifier is a “blog suggester”. The application can
be built in the following way. A user submits her blog and
each post of the user is categorized using the classifier. Then
weightage to each category is given based on the classifica-
tion of every individual post. The blog can now be repre-
sented in a R

¯
8 dimensional space of weightage to each score.

Similar blogs can be searched for in this space (using dis-
tance, cosine similarity etc.) and the similar blogs suggested
to the user.

The classifier built in this report may be used, but better
classifiers can be potentially designed by using the “label”
or “tag” feature in most common blogging platforms, as they
provide information on the topic of the post.
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