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Abstract

We present an approach to text categorization using machine learning tech-
niques. The approach is developed and tested on large text hierarchy named Ya-
hoo that is available on the Web. We handle the large number of features and
training examples by taking into account hierarchical structure of examples and
using feature subset selection for large text data. The large number of categories
is handled separately for each testing example by pruning unpromising categories.
In this way, the number of categories to be considered is cut to less than a half
without degrading the system performance. Qur experiments are performed using
naive Bayesian classifier on text data using feature-vector document representa-
tion that includes n-grams instead of just single words (unigrams). Experimental
evaluation on three domains constructed from Yahoo hierarchy shows that among
several hundred categories the correct category is assigned probability over 0.99
when rather small number of features used.

1 Introduction

Text categorization is gaining popularity with the growing interest and usage of text
data available on World Wide Web. The problem of text categorization is well known
in information retrieval community where new methods are usually tested on publicly
available data bases (eg. Reuters, MEDLINE). Here we use machine learning tech-
niques to automatically construct classifier from large text hierarchy. The existing
Web hierarchy we use named Yahoo hierarchy is human constructed and captures the
current situation on the Web. Our approach is not limited to Web hierarchy and can
be applied on other hierarchies like for instance, thesaurus.

Text domains that we constructed from Yahoo hierarchy are described in Section 2.
Usage of machine learning techniques on these domains is described in Section 3. Ex-
perimental results are given in Section 4 and discussion in Section 5.

2 Domain description

We developed and tested our approach using the existing Web hierarchy named Yahoo.
The categories in Yahoo hierarchy are human constructed and designed for human
Web browsing making the hierarchy biased toward human knowledge areas that are



represented in Web documents. For example, one of the most general categories named
‘Bussines and Economy’ is over-represented including more than a third of all docu-
ments, while the other category that appears at the same level of hierarchy named
‘Social Science’ includes less than 1% of all documents (see Figure 1). The Yahoo hi-
erarchy itself is currently build on approximately 900,000 Web documents located all
around the Internet. Hyperlinks to that documents are organized in about 50,000 Ya-
hoo Web documents. Each Yahoo document represents one of the included categories.
This documents are connected with hyperlinks forming a hierarchical structure with
more general categories closer to the root of the hierarchy. There are currently fourteen
top level Yahoo categories. Figure 1 shows them with the approximate number of Web
documents each category is based on. Each of the top categories is further represented
with hierarchical structure of more specific categories. As example we show in Fig-
ure 1 the part of the first-level sub-categories in ‘Science’ top category ranging from
‘Acoustics’ to ‘Weights and Measures’.
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Figure 1: Top level of the Yahoo categorization and the first level of sub-categories in
‘Science’ category with the approximate number of documents in each category. Yahoo
site in UK & Ireland, November 1997.

In order to apply machine learning on text data we represent documents as feature-
vectors using the bag-of-words representation as commonly used in learning on text
data. We also reduce the number of features by removing words contained in the
“stop-list” and removing infrequent words. Our document representation includes not
only single words (unigrams) but also up to 5 words (1-grams, 2-grams, ...5-grams)



occurring in document as a sequence (eg. ‘machine learning’, ‘world wide web’). Since
we have previously removed words contained in “stop-list”, some features that represent
a word sequence can actually capture longer sequences like for instance, ‘Word for
Windows’ that is represented as 2-gram ‘Word Windows’ or ‘winners will be posted at
the end of each two-week period’ that is represented as 5-gram ‘winners posted end two-
week period’. In this way we can capture some characteristic word combinations but
also increase the number of feature (eg. in whole Yahoo hierarchy from 69,280 features
for 1-grams to 255,602 features for 5-grams). We additionally apply feature subset
selection as commonly used on text data eg. [7], [10]. In this approach a score is assigned
to each feature independently, features are sorted according to the assigned score and
a predefined number of the best features is taken to form the solution feature subset.

As a scoring method we used Odds Ratio [8] that prefers features characteristic for

odds(W|pos) __ P(W|pos)(1—P(W |neg))
odds(Wineg) — 108 (T=P(Wipos)) P(Wineg)- W DeTe

P(W|pos) is the conditional probability of word W occurring given the class value
‘positive’, P(W|neg) is the conditional probability of word W occurring given the class
value ‘negative’. We handle singularities as proposed in [9].

The process of feature generation is performed in n passes over documents, where
i-grams are generated in the i-th pass. At the end of each pass over documents all
infrequent features are deleted (here we check for frequency < 4). Each new pass
generates features of length 7 only from the candidate features (of length i—1) generated
in the previous pass. This process is similar to the large k-itemset generation used in
association rules algorithm [1].

positive examples. OddsRatio(F) = log

3 Learning text classifier

In order to handle large number of examples and features we divide the whole problem
into subproblems as suggested in [5] for hierarchical document classification. For a
new document, the classifier returns probability distribution over categories included
in the hierarchy. For each of the subproblems, a classifier is constructed that predicts
probability that a document is a member of a corresponding category. A set of positive
and negative examples for each subproblem is constructed from the given hierarchical
structure. We define a set of negative examples as examples from the whole hierarchy.
The set of positive examples is constructed from examples in the corresponding category
node and all the examples from its subtrees, if any. For example, for Yahoo category
‘Arts: Performing Arts: Dance: Modern:’ represented with Yahoo Web documents in
Figure 2, positive examples are constructed from the examples included in 3 subtrees
(‘Groups’, ‘Regional Information’, ‘Videos)’ and 11 items containing hyperlinks to 11
actual documents.

When propagated to the higher levels, examples are assigned weight proportional to
the size of node they appear in. We are using items on Yahoo documents that contain
hyperlinks to actual Web documents as training examples instead of using actual Web
documents. Qur assumption here is that an item contains words representative for the
document it points to. Words in each item represent description of the document it
points to carefully chosen by the document author. In this way we reduce the time
and space needed to collect and store training data. The actual Web documents are
used as testing examples selected randomly from actual Web document (not Yahoo
Web documents that are used in learning) accessible from the Yahoo hierarchy. The



final result of learning is a set of specialized classifiers. Classification of a new example
includes consulting a specialized classifier for each of the categories. Each example is
represented here as a feature-vector and each category classifier is represented with
probability distribution over features. In the classification, category contributes only
probability of features that are included in testing example. In case that all these
features have zero probability, the category classifier returns prior probability over class
values, that is negative class value. We can see that additionally to the prior probability
of class value, only the features that are common to the example and category under
consideration contribute to the classification result. The goal of classification using this
set of specialized classifiers is to find categories that example potentially belongs to.
We reduce the number of categories to be considered in the classification to less than
a half by using inverted index. Namely, we assign to each feature a list of categories
it appears in (has a probability > 0). For each new example all the categories that
share less than a required number of features with the example are pruned and only
the remaining categories enter the process of classification.

Netscape: Yahoo! UK & Ireland — ArtsiPerforming Arts:DanceiModern

File Edit View Go Bookmarks Oplions Directory Window Help

Destjnal.innsl Het Searl:hl Penplel Snflwarel E

YAHQO! 9@

UK aIRELAND o oau® ey

What’s New?

What's Cool?

1

Voulez-vous er avec moi ce soir?

Click here to visit Yahoo! France.

Top:Arts:Performing Arts:Dance:HModern
If ‘ Seorch| options
Search: “* all sites -« UK & Irelond sites only -« This cotegory only

» Groups (40)
» Regional Information (2)

* Videosd

® ailey, Alvin

# Alvin Ailey Dance Theatre (2}

» Brond Library Donce Series 1996 - modern donce lectures ond
demonstrations.

» Contort Improvisotion - o referral serwice for joms, workshops,
closses ond events.

® Donce online - interoctive site containing writing ond photogrophy
obout donce. Includes o handy Mew York previeus and listings section.

» Donce for the Fiberoptic Plones - A Yideodonce Colloge crected
specifically for the digital formot.

» DoncePoges Directory - contemporory choreogrophers, componies ond
donce ortists worldwide. Info on festivals and presenters, funders,
studios, etc.

» Mortho Grahom

® Molisso Fenley: lotitudes - o piece choreogrophed specificolly for the
(==H

® Robert & Els / Donce

® ¥erg Huff: The Donce

Yohoo! is a trodemark of Yahoo! Inc.
Copyright 1994-98 Yahoo! 4ll Rights Reserwved.

=3l J | =kd]

Figure 2: Yahoo Web document representing category ‘Arts: Performing Arts: Dance:
Modern’. The category is represented as a tree node that contains 11 actual docu-
ments and 3 subtrees. The last subtree ‘Videos’ is a pointer to category ‘Business and
Economy: Companies: Arts and Craft: Performing Arts: Dance: Videos: Modern’.

Learning algorithm used in our experiments is naive Bayesian classifier on feature-
vector as described in [6]. In this approach documents are represented with frequency
vectors where an attribute is defined for each word position in the document hav-



ing word at that position as its value. The assumption about feature independence
used in naive Bayesian classifier is here incorrect, especially when features represent-
ing several words are added. According to [2] this does not necessary mean that

classifier will have poor performance because of that. Probability of class value for

P(C)H P(W |C)TF(Wj ,Doc)
L=l Doy Where

a given document is calculated as P(C|Doc) = S P(Cy)TL, P(W,|C;) TP Wi
; P(C)HIL 1|Cs

P(W;|C) = #worldifg?glfgm, ok Where TF(W;,C) is the frequency of word W; in

documents having class value C, #words is the number of all words used in domain
document representation and T F (W}, Doc) is the frequency of word W; in document
Doc. In case of TF(W;, Doc) = 0, meaning the word W; does not occur in docu-
ment Doc, the probability of word W; does not influence the classification result. This
property of used classifier enables pruning of unpromising categories.

4 Experimental results

Experimental evaluation of developed approach is performed using our recently devel-
oped machine learning system Learning Machine [4] that supports usage of different
machine learning techniques on large data sets with especially designed modules for
learning on text and collecting data from the Web. In our experiments we observe
influence of the number of required common words used for pruning and the number of
selected features (vector size in feature-vector document representation) to the catego-
rization results over independent set of 100—300 testing examples selected randomly
from the actual Web documents accessible from Yahoo hierarchy. We vary the number
of required common features from 0 meaning no pruning to 20 meaning require that at
least 20 features contained in the testing example have probability > 0 in the category.
We also vary the vector size from including 0.5 to 20 times the number of features that
occur in positive examples. Notice that the number of features in positive examples is
from just few to several tens that is in our domains much smaller than the number of
all features. We get our categorization results from the set of independent classifiers,
each potentially having different number of features. Thus we express the vector size
in percentage of the number of features in positive examples, since the set of negative
examples is the same for all classifiers. In this way, a classifier for a larger category is
using more features than a classifier for some smaller category, while both classifying
the same testing example. For each testing example we observe a list of categories each
assigned a probability as a result of consulting a corresponding subproblem classifier.
Sorting categories according to that probability gives ranking that we use to get the
rank of the correct category. In case of several categories having the same probability,
the ranking of the middle one is taken. In order to enable operational usage of the
system on larger text domains we include pruning mechanisms. When classifying test-
ing example only categories that share at least required number of features with the
example are considered.

We report rank and probability assigned to the correct category, with rank 1 and
probability 1 being the best result. To get summary results over testing examples
we give mediana, since some of the testing examples are rather non-typical for their
category making mean value inappropriate estimate of model quality. For instance,
welcome page, page containing only one sentence asking for language preference, page
containing error message or page giving redirection.



Results of naive Bayesian classifier for different vector sizes are given on domains
representing three of the top fourteen Yahoo categories. ‘References’ having 129 nodes
in the hierarchy and 923 (697+196+27+43+0) features, ‘Education’ having 349 nodes
in the hierarchy and 3,215 (1,928+1,067+186+28+6) features and ‘Computers and In-
ternet’ having 2652 nodes and 7,631 (5049+2276+261+38+7) features. We test our
approach on three domains that are parts of the Yahoo hierarchy, since they are hier-
archies themselves with the same problem characteristics as the whole Yahoo hierarchy
but smaller.

Domain | Vector Rank of Probability of | Number of common
name size correct category | correct category features required
References 0.5 3 > 0.99 0-14
1 3 > 0.99 0-10
2 3 > 0.99 0-14
3 2 > 0.99 0-16
4 2 > 0.99 0-14
Education 0.5 3 > 0.99 0-5
1 4 > 0.99 0-3
2 3 > 0.99 0-3
3 3 > 0.99 0-16
4 3 > 0.99 0-16
6 3 > 0.99 0-14
Computers 0.5 5 > 0.99 0-10
and Internet 1 7 > 0.99 0-2
2 5 > 0.99 0-12
3 5 > 0.99 0-12
4 4 > 0.99 0-12
6 3 > 0.99 0-2, 8-12
8 3 > 0.99 0-5, 8-12
10 3.5 > 0.99 0-2

Table 1: Result of experiments on three domains formed from Yahoo text hierarchy.

Figures 3, 4, 5 give mediana of rank and probability assigned to the correct category
on three domains we used here. In all domains the best performance is achieved when
only a small number of features is used enabling pruning of more than a half categories
without performance degradation (see also Table 1). The best performance in rank and
probability is achieved on for vector size ‘References’: 3-4, ‘Education’: 2-6, ‘Computers
and Internet’: 6-8 times the number of features in positive class. Probability assigned to
the correct category is for the best results over 0.99. More specifically, on ‘References’
is the mediana of the correct category rank 2 ie. the half of the testing examples are
assigned rank 1 or 2 On ‘Education’ and ‘Computers and Internet’ the mediana of the
correct category rank is 3 ie. the half of the testing examples are assigned rank 1, 2 or 3
for the correct category. On ‘References’ for the most vector sizes the lower quartile for
rank and probability is 1, meaning that the fourth of the testing examples are assigned
the highest rank to the correct category and the probability 1. On ‘Education’ and
‘Computers and Internet’ the lower quartile for rank is 1 or 2 and for probability 1.

Figures 6, 7, 8 show the probability of pruning the correct example category before
even considering it in classification and the average number of considered categories.
Both values change wiht the level of pruning and have almost the same value for all
but the shortest vector size. The number of considered categories is reduced to more



Mediana of correct class value rank

Comparison of different pruning requirements Comparison of different pruning requirements
T

— T T 1 - — & ) - —
vec.size:0.5 =- | {77 R SR SN vec.size:0.5 -5
vec.size:l -x Tenal vec.size:il -x
vec.size:2 -+-- 0.9 - e vec.size:2 -+
vec.size:3 —— vec.size:3 —o—
vec.size:d -x-— vec.size:4 -
vec sizei6 -o--- o, vec.size:g -o---

vec.size:8 -&
vec.size:10 -4--
vec.size:15 ——

vec.size:8 @
vec.size:10 -&--
o vec.sizeil5 —<—

Mediana of correct class value probability

H 05T
U - P [ @
e -
jpe— "
NN RN
.
s 01 @
. e ta =
o s s s W s W W . " e ool T I v~ S -
0 1 2 3 4 5 6 8 9 10 12 14 16 20 o 1 2 3 4 5 6 7 8 9 10 12 14 16
Required number of common words Required number of common words

Figure 3: Comparison of different vector size when pruning unpromising categories on
References (mediana of: correct category rank, probability of correct category).
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Figure 4: Comparison of different vector size when pruning unpromising categories on
Education (mediana of: correct category rank, probability of correct category).

than a half while for 10% to 15% of testing examples the correct category is pruned
but the mediana of rank and probability remains the same. More specifically, on
‘References’ for pruning level of 12 only about 40 out of 129 categories are considered,
on ‘Education’ for pruning level of 14 only about 120 out of 349 categories are considered
and on ‘Computers and Internet’ for pruning level of 12 only about 700 out of 2652
categories are considered. This pruning enables efficient text categorization on large
text hierarchy.

5 Discussion

We have used several mechanisms to enable efficient text categorization. First, the new
features representing word sequences are constructed after removal of common and in-
frequent words. Feature subset selection is then applied, where we report results for
different subset size (vector size). Probability distribution over features is constructed
for each category by propagating examples contained in the hierarchy subnode rooted at
the node representing category. In this process features with low (less than 0.001) prob-
ability are pruned. The resulting probability distributions are used by naive Bayesian
classifier. In the classification process the classifier for each category is applied. Each
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Figure 5: Comparison of different vector size when pruning unpromising categories
on Computers and Internet (mediana of: correct category rank, probability of correct
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Figure 6: Comparison of different vector size when pruning unpromising categories on
References (percent of testing examples with pruned correct category, average number
of considered categories.)

classifier considers only probability of features that appear in the testing example. At
that point we prune all the categories that share less than the required number of
features with the testing example. Approach described in this paper enables text cat-
egorization on large text hierarchy represented with several thousands of features and
several thousands of categories.
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