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Abstract. As web taxonomy integration is an emerging issue on the Internet,
many research topics, such as personalization, web searches, and electronic mar-
kets, would benefit from further development of taxonomy integration techniques.
The integration task is to transfer documents from a source web taxonomy to a
target web taxonomy. In most current techniques, integration performance is en-
hanced by referring to the relations between corresponding categories in the
source and target taxonomies. However, the techniques may not be effective,
since the concepts of the corresponding categories may overlap partially. In this
paper we present an effective approach for integrating taxonomies and alleviating
the partial overlap problem by considering fine-grained relations using a Maxi-
mum Entropy Model. The experiment results show that the proposed approach
improves the classification accuracy of taxonomies over previous approaches.

1 Introduction

A web taxonomy, or directory, is a hierarchical collection of categories and docu-
ments [2]. In the last decade, thousands of such taxonomies have been developed for
various services, such as electronic auction markets, online book stores, electronic li-
braries, and search engines. Yahoo! and Google Directories are two good examples.
The benefits of taxonomies include encouraging the serendipitous discovery of infor-
mation, improving navigation among related topics, and enhancing full-text searching.
In a web taxonomy, a category’s concept is its parent’s sub-concept [9].

Many of these taxonomies cover similar topics and knowledge. In recent years, in-
tegrating these taxonomies, which enables the reuse of information more efficiently
and correctly, has become increasingly popular. For instance, Google News [1] col-
lects news articles from various news web sites and categorizes them into its taxon-
omy, which is a typical example of assigning data from an existing taxonomy to an-
other taxonomy. In B2B systems, millions of items need to be exchanged among
thousands of taxonomies [8].



Given the enormous scale of the Web, manually integrating taxonomies is labor-
intensive and time consuming. In recent years, various machine learning approaches,
such as enhanced Naive Bayes [3], Co-Bootstrapping [18], and SVM-based ap-
proaches [19] have been proposed. It is straightforward to formulate taxonomy inte-
gration as a classification task [3]. Suppose we want to integrate the BBC News web
site with the Google News web site. The simplest way would be to assign news arti-
cles from BBC news to Google news based on the information contained in those ar-
ticles. However, the relations between the categories in these two web sites could
provide valuable information for assigning the articles. For example, if an article be-
longs to the Sports category of BBC news, it is likely that the article also belongs to
the Sports category of Google news. Unfortunately, the relations between two catego-
ries in different taxonomies are inevitably fuzzy and noisy [19], since there are no
standards for constructing taxonomies. In addition, taxonomies often overlap partially,
as in Software and Open source_software, which could undermine the accuracy of
taxonomy integration.

Our taxonomy integration approach exploits the relations between a category in the
source taxonomy and a category in the target taxonomy to improve the classification
performance. We also consider the issue of partial concept overlap.

The remainder of this paper is organized as follows: In Section 2, we define the
taxonomy integration task. In Section 3, state-of-the-art taxonomy technologies are
briefly introduced. The features used in our taxonomy integration approach are pre-
sented in Section 4. In Section 5, we describe our experiments, including the dataset,
settings, and results. Finally, we close the paper with some concluding remarks and
also indicate possible future research directions in Section 6.
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Fig. 1. The taxonomy integration task is to reclassify documents from a source taxonomy into a
target taxonomy. The classification targets are the level-one categories in T.

2 Task Statement

The web taxonomy integration task in Fig.1 was originally defined by Agrawal and
Srikant [3]. It can be formulated as the assignment of documents in a source taxon-
omy to a target taxonomy. The terms used in this task include:

— The source taxonomy, S, with a set of categories, s,,5,,...,5,,...,s, , éach of which

contains a set of documents.



— The target taxonomy, T, with a set of categories, ¢,,¢,,...,¢,,...,t,,, €ach of which

contains a set of documents.
For each document x in S, our task is to assign x to the target categories in T. In this
paper, we follow the settings of Agrawal and Srikant [3] and Zhang and Lee [19] [18],
which simply consider level-one categories in T as the target categories.

3 Related Works

Taxonomy integration is similar to text classification in that it also assigns a docu-
ment to one or more target categories. However, in taxonomy integration, we have the
additional information: the document’s source categories in S. In addition, the rela-
tions between S and T can be used to enhance the accuracy of integration. For exam-
ple, suppose most documents in category s;are also in category ¢, we can then infer
that these two categories are similar. Thus, any document x in s; is likely to be catego-
rized into . From this example, we know that the relations between the source and
target categories can be measured by estimating the degree of overlap between them.
However, we have to resolve the following problems: (1) how to estimate the degree
of overlap, and (2) how to use this information.

We now briefly introduce some state-of-the-art approaches that use the information
about S, or the relations between S and T. The source taxonomy provides information
about the relations between corresponding categories, including the documents in
them. For taxonomy integration, these relations can be used to augment inadequate in-
formation about the documents themselves. Zhang and Lee developed the cluster
shrinkage algorithm (CS) [19], which combines information about documents in cate-
gories of the same category. The authors estimated that CS can achieve a 15% im-
provement over traditional SVM methods.

The Enhanced Naive Bayes (ENB) algorithm [3] and Co-Bootstrapping (CB) algo-
rithm [18] are the two main approaches that use the relations between the source and
target taxonomies. The ENB algorithm, proposed by Agrawal and Srikant, initially
used a Naive Bayes (NB) classifier [13] to estimate the degree of overlap between the
source and target categories. The estimated scores were then combined with the prob-
abilities calculated by a second NB classifier. According to Agrawal and Srikant [3],
ENB is 15% more accurate than NB.

Similarly, Co-Bootstrapping (CB) [18] exploits inter-taxonomy relationships by
providing category indicator functions as additional features of documents. According
to Zhang and Lee [18], CB achieves close to a 15% improvement over NB. We dis-
cuss the above approaches in more detail in Section 4.2.

4 Learning to Integrate Taxonomies

We also use the relations between corresponding categories in S and T to enhance the
integration process; however, unlike previous approaches, we do not consider a flat-
tened taxonomy only, i.e., a taxonomy reduced to a single level [3].The relations be-



tween the level-one categories in S and T could be noisier than the relations between
lower-levels, since the concept space of higher-level categories in taxonomies is more
general. Therefore, we employ some features used in machine learning models to ex-
tract finer relations between lower-level categories in S and T.

In this section, we introduce five features used in our taxonomy integration ap-
proach. One feature is commonly used in text classification, two are derived from
other taxonomy integration systems, and the remaining two are our own. We then in-
troduce the Maximum Entropy (ME) model, a well-known classifier used in many
applications. The section concludes with a discussion of ME’s advantages and the
process of our approach.

4.1 Features

Feature selection is critical to the success of machine learning approaches. In this sec-
tion, we describe the features used in our system and discuss the effectiveness of each
feature.

Word-TargetCat features (WT)

When classifying a document, the collection of words it contains is important. More
specifically, a distinct feature is initiated for each word-category combination. In ad-
dition, if a word occurs often in one class, we would expect the weight for that word-
category pair to be higher than if the word were paired with other categories. In text
classification, features accounted for the number of times a word appears should im-
prove classification. For example, Naive Bayes implementations that use word counts
outperform implementations that do not [14]. Since taxonomy integration is an exten-
sion of text classification, we adopt these features in our approach. For each word, w,
and category, ¢’ , in the target taxonomy, T, we formally define the Word-TargetCat

feature as:

N (x,w) ift =1t

Swp(x, 1) =9 N(x) )
0 Otherwise

where N(x, w) is the number of times a word, w, appears in a document x, and N(x) is
the number of words in x.

Normalized Word-TargetCat features (NWT)

In practice, the number of words contained in a document varies, and is relatively
small compared to its vocabulary size in the document. According to the definition in
Equation 1, most Word-TargetCat features will be zero. Therefore, it would be diffi-
cult to classify a web document by referring to a few words only. In text classification,
solving this problem is difficult, since no more information can be used. In taxonomy
classification, however, information about a document’s category in both the source
taxonomy and the target taxonomy is available. For each word, w, we can add the
weight of w’s total count of the documents in the same category to w’s original count.



We regard this step as a kind of normalization, after which many zero Word-
TargetCat features become non-zero values. Zhang and Lee [19] developed the cluster
shrinkage (CS) algorithm to perform this normalization, which conceptually moves
each document to the center of its level-one parent category. Zhang and Lee showed
that this normalization significantly boosts the accuracy of taxonomy integration.
Here, NWT is calculated by a modified version of CS. For each word w and category
t" in the target taxonomy, T, we define the NWT feature as:

N(x,w)+(1_ )N(CT’W) ift =1t

Sor(x,t,c0)= i N(x) N(c;) 2)
0 Otherwise

where N(x, w) is the number of times word w appears in a document x: N(x) is the
number of words in x; N(cy,, w) is the number of times word w appears in x’s level-
one category cz; N(cr,) is the number of words in cr,: andy is the weight to control the
strength of normalization effect.
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Fig. 2. With different level categories, the feature, NWTS, has different effects.

Normalized Fine-Grained Word-TargetCat features (NFWT)

As described in the last section, CS effectively helps Word-TargetCat features be-
come non-zero values. That is, after applying CS, each document moves closer to its
level-one parent category’s center. In some cases, this can augment the correct infor-
mation for classifying documents. However, the level-one parent category usually
contains words that are too general or belong to cross-domains. Therefore, the accu-
racy improvement of taxonomy integration achieved by CS is reduced. In our ap-
proach, we consider the hierarchy’s structure and regard the lowest-level parent cate-
gory of the document as its category. Compared to the level-one parent category, the
lowest-parent category contains more coherent information. As shown in Fig. 3, x is a
document in the category s,;, and s, is a subcategory of s,. If we use CS as our nor-
malization algorithm and s, is x’s category, then x will be closer to s, after applying
the normalization step, This could cause x to be misclassified into #, but taking the



lowest-level as the document’s category would avoid this potential error of Word-
TargetCat features.
For each word w and category ¢ in the target taxonomy, T, we define NFWT as:

N(x,w)+(1_ )N(CB’W) ift=1

Sor(x,t,c5) = N(x) N(cy) (3)
0 Otherwise

where N(x, w) is the number of times word w appears in a document x; N(x) is the
number of words in x; N(cp, w) is the number of times word w appears in x’s lowest
parent category cp; N(cp) is the number of words in c¢; andy is the weight to control
the strength of normalization effect..

Normalized TargetCat-SourceCat features (NTS)

For taxonomy integration, there is another type of information that can be used to de-
cide a document’s target category, namely, the relations between corresponding
source categories and the target categories. Zhang and Lee [18] initiated a distinct fea-
ture for each target-source category combination. In the training phase, documents in
S are used to train a multi-class classifier. Then, for each document y in T, we use the
classifier to decide y’s category in S, denoted as s’. The feature corresponding to the
combination of ¢ and s’ is enabled. In the test phase, when calculating ¢”’s probability
or score for each document x in S, the feature corresponding to the combination of ¢’
and x’s level-one parent category is enabled. Zhang and Lee [18] showed that using
this feature boosts the classification accuracy. We implement such features as Nor-
malized TargetCat-SourceCat features (NTS). For each category ¢ in the target tax-
onomy T, and each category s’ in the target taxonomy S, we define the NTS features
as:

1 iftr=tand s =s'
0 Otherwise

Jow(ts8) = { “4)

Normalized Word-TargetCat-SourceCatSourceCat features (NWTS)

Although NTS improves the integration accuracy by relating each source and target
category pair, the level-one category is so general that the relation between ¢” and s” is
not precise enough to achieve a significant improvement. Since different words can
have different impacts on a target-source category pair, we believe that these target-
source combinations should be further divided by each distinct word. For each word
w and category ¢ in the target taxonomy T, and category s” in the source taxonomy S,
we define the normalized word count feature as:

N(x,w)+(1_77)N(c,w) if t=¢t"and s = s'

. n
fw,t',s'(x’ t,C,S)= N(x) N(C) (5)
0 Otherwise

where N(x, w) is the number of times word w appears in a document x; N(x) is the
number of words in x; N(c, w) is the number of times word w appears in the source



category c¢; N(c) is the number of words in ¢; andy is the weight to control the strength
of normalization effect.

We illustrate the use of the Word-TargetCat-SourceCat feature by the following
example. As shown in Fig.2, to estimate the relation between ¢, and s,, we assign
documents in ¢ to s,. From the classification result, we know that #, and s, overlap par-
tially in the conceptual space. However, we still do not know which documents of s,
should be classified into ¢,. In fact, the instances of s,, should not be classified into ¢,.
We need other information to know the relations between the lower-level categories.
Therefore, we add the word dimension to the original NTS, to combine the dimen-
sions of the target and source categories.

4.2 Using Features in Maximum Entropy

We select the Maximum Entropy (ME) model [4] to implement our approach. ME is a
statistical modeling technique used for estimating the conditional probability of a tar-
get label by the given information. ME computes the probability, p(o|), where o de-
notes all possible outcomes from the space, and / denoted all possible histories from
the space. A history is all the conditioning data that enables one to assign probabilities
to the space of outcomes. In the taxonomy integration task, the history can be viewed
as all information derivable from the documents of the taxonomy relative to the cur-
rent document, and the outcome can be viewed as the target category label. The com-
putation of p(o|h) in ME depends on a set of features, which is helpful for making
predictions about the outcome.

Given a set of features and a training set, the ME estimation process produces a
model where every feature f; has a weight 4;. From Berger [4], we can compute the

conditional probability as:

1

plo|h)= Z(h)exp[; A[ff(h,o)J (6)

z(h>:zoexp[zizifi<h,o)], @

The probability is derived by multiplying the weights of the active features (i.e., those
fi (h,0) = 1). The weight, 4; is estimated by a procedure called improved iterative scal-
ing (IIS) [7], which improves the estimation of weights iteratively. The ME estima-
tion technique guarantees that for every f;, the expected value of 4; will equal the em-
pirical expectation of 4; in the training corpus. The feature sets we use were intro-
duced in Section 4.1. The process of our approach is shown in Fig. 3.

Advantages of Maximum Entropy

We use ME to build the classifier for taxonomy integration because it has a proven
competitive performance in various tasks, including part-of- speech tagging [15],
named entity recognition [5], English parser [6], prepositional phrase attachment [16],
and text classification [14].



As noted in [5], ME allows users to focus on finding features that characterize the
problem, while leaving feature weight assignment to the ME estimation routine.
When new features are discovered, users do not need to reformulate the model as in
other machine-based approaches, because the ME estimation routine automatically
calculates new weight assignments.

Although using the ME model is a good choice, other machine learning algorithms,
such as Support Vector Machine [10], Conditional Random Field [11], or Boosting
[17], could also be adopted in our approach to improve taxonomy integration.

4.3 The algorithm of our approach : NFWT+NWTS

Our proposed approach consists of NFWT and NWTS, which were introduced in Sec-
tion 4.1. The procedure of NFWT+NWTS is shown in Fig.3.

T: target taxonomy S: source taxonomy

Taxonomy Integration Main (T, S)

1: Use labeled documents in s to induce a ME-based
classifier with NFWT features for transferring the
document from T to s and then use these results to
measure the similarity between those corresponding
categories in s and T.

2: Use labeled documents in T to induce a ME-based
classifier with NWTS and NFWT features for transfer-
ring the document in s to T.

3: Return classification result;

Fig. 3. Our approach includes NFWT and NWTS features.

There are two steps in NFWT+NWTS. The first step uses labeled documents in S
as a training corpus to train a classifier of S with NFWT features. The classifier is
used to generate feature values representing the source-target relations, which are nec-
essary information of NWTS features. In the second step, we induce a classifier to
transfer documents from S to T with both NWTS and NFWT features. Therefore, the
final classifier will include NFWT, which uses lowest-level categories in the cluster
shrinkage algorithm as well as NWTS, which considers word dimensions.

5 Experiments and Results

5.1 Datasets

We collected five datasets from the Google and Yahoo! Directories to evaluate our
approach. Each dataset included a category in Google Directory, the corresponding
category with a similar topic in Yahoo! Directory, and vice versa. Hyperlinks and web



pages within these two categories were also stored in the dataset. Table 1 shows the
five dataset names and their paths in the directories.

In the Google and Yahoo! Directories, each link/document includes the web page’s
title, URL, and description. For example:

Title: BBC News

URL : http://news.bbc.co.uk/

Description: offers U.K., world, business, science, and
entertainment news.

In the experiment, we used the information from the title, description, and content
of the web page as the information for training and testing. All documents were pre-
processed by removing the stop words, and stemming.

Table 1. Datasets

Google Directory Yahoo! Directory
Disease Top/Health/ Health/
Conditions and Diseases Diseases_and Conditions/
Book Top/Shopping/Publications Business_and_economy/
/Books/ shopping_and_services/
books/
Movies Top/Arts/Movies/Genres/ Entertainment/
movies and film/genres/
Garden Top/Shopping/ Business_and_economy/
Home and Garden/ shopping_and_services/
home and garden/
Outdoor Top/Recreation/Outdoors/ Recreation/Outdoors/

In Table 2, each row shows the dataset name, the number of links within each di-
rectory, and the number of shared links between the two directories. In each dataset,
the shared links, identified by their URLs, are used as the testing data, while the rest
of the links are used as the training data. Only a small proportion of links are shared
by the two web taxonomies, which shows the benefit of integrating them.

The number of categories is shown in Table 3. As mentioned earlier, we use the
level-one categories as the target classes in our classification task.

Table 2. Number of links in each dataset.

Google Yahoo! Shared links
Disease 24,522 11,231 5,300
Book 58,46 8,168 567
Movies 30,438 19,223 2,560
Garden 13,058 4288 617
Qutdoor 12,346 7,439 817

Total # 80364 50349 9861



http://news.bbc.co.uk/

Table 3. Number of categories

Google

Yahoo!

# of target categories

# of target categories

Disease 602 692
Book 44 43
Movies 23 23
Garden 37 18
Outdoor 37 65
Total # 743 841

5.2 Experimental Design

Our task is to classify documents from a source taxonomy into a target taxonomy. The
experiment of each dataset consists of classifying a document from Google to Yahoo
and vice versa. We use the documents of Yahoo (excluding the shared links) for train-
ing and classifying documents from Google into Yahoo. Similarly, we use documents
from Google (excluding the shared documents) for training and classifying documents
from Yahoo into Google. The shared documents are used as testing data.

To measure the correctness of all approaches, we defined the following classification
accuracy:

Number of instances in S are classified correctly , where S is the source taxonomy.
Number of instances in S

5.3 Settings

In the NB and ENB experiments, we implement the NB and ENB modules. The pa-
rameter w of ENB is selected from a series of numbers: {0, 1, 3, 10, 30, 100, 300, and
1,000} that have the best performance. The smoothing parameter [3] of the NB and
ENB classifier is set to 0.1.

We use Maximum Entropy Toolkit [12] to implement the ME-based approaches.
To compare our approach with normal text classification methods, we implement the
ME-based text classification algorithm proposed by Kamal Nigam, John Lafferty, and
Andrew McCallum [14]. We denote it as MEtext, which simply uses the Word-
TargetCat features (WT).

We compare the features of our approach with the features used in previous ap-
proaches (NTS for [18] and NWT for [19] as discussed in Section 4). Although in
previous works [18, 19], the features were implemented with other machine learning
models, they can also be easily implemented with ME. The parameter 7 used in NWT,
NFWT, and NWTS is set to 0.5.



5.4 Experimental Results

Table 4. Experimental results of ME-based text classification approach and our ap-
proach.

MEtext NFWT+NWTS Improvement
GtoY Disease 34.4% 46.3% 11.9%
Book 48.8% 65.0% 16.2%
Movies 56.8% 73.8% 17.0%
Garden 75.2% 82.1% 6.9%
Qutdoor 59.6% 72.6% 13.0%
Average 55.0% 68.0% 13.1%
YtoG Disease 25.8% 47.0% 21.2%
Book 39.7% 63.7% 24.0%
Movies 44.7% 66.0% 21.3%
Garden 59.4% 69.3% 9.9%
Outdoor 62.7% 71.9% 9.2%
Average 46.5% 63.6% 17.1%

In Table 4, we denote the ME-based text classification that only uses the WT feature
as MEtext, and our proposed approach as NFWT+NWTS. To make a distinction be-
tween our approach and the others, we use boldface and italic style for NFWT and
NWTS. One can see that NFWT+NWTS performs significantly better than normal
text classification approaches [14] in all five topics. These results suggest that our ap-
proach can effectively exploit the relations between corresponding categories in the
target and source taxonomies to enhance the classification accuracy.

Table 5. Experimental results of NB, ENB and our approach.

NB ENB NFWT Improve- Improve-
+NWTS  ment ment
over NB over ENB
GtoY Disease 252% 25.6% 46.3% 21.1% 20.7%
Book 44.7% 51.4%  65.0% 20.3% 13.6%
Movies 54.5%  68.0%  73.8% 19.3% 5.8%
Garden 75.1%  79.4%  82.1% 7.0% 2.7%
Outdoor 54.0%  60.3%  72.6% 18.6% 12.3%
Average 50.7% 56.9% 68.0% 17.3% 11.0%
YtoG Disease 25.8% 29.1%  47.0% 21.2% 17.9%
Book 383% 44.0%  63.7% 25.4% 19.7%
Movies 47.7% 54.9%  66.0% 18.3% 11.1%
Garden 654%  66.1%  69.3% 3.9% 3.2%
Outdoor 61.4% 67.9% 71.9% 10.5% 4.0%

Average 47.7% 52.4% 63.6% 15.7% 11.2%




Next, we compare our approach (NFWT+NWTS) with NB and ENB. In Table 5,

one can see that, as previous works showed, ENB performs slightly better than NB.
However, our proposed approach, NFWT+NWTS, outperforms NB and ENB by 17%
and 11%, respectively. These results show that referring to the relationships between
taxonomies and replacing NB with ME can improve the accuracy of taxonomy inte-
gration. The former is due to the high degree of relevance between the two taxono-
mies. The latter is because ME can catch more dependencies among different features
that commonly exist in text categorization and taxonomy integration problems.
Unlike other approaches, our approach retains the hierarchical structure of taxonomies,
and estimates the relationship between lower-level categories. Since the number of
words on a web page may be significantly fewer than in a normal news article, the re-
sults of web page classification are more likely to be affected by the sparseness of
words. The information in the source and target taxonomies can provide a great deal
of help in smoothing the word frequency vectors of web pages, or measuring the simi-
larity between source and target categories.

One may further ask: How can information in the source and target taxonomies be
used to achieve better performance? Next, we will compare our approach and previ-
ous approaches on taxonomy integration.

Table 6. Experimental results of NWT and NFWT.

NWT NFWT

GtoY Disease 34.0% 38.0%
Book 54.7% 58.6%

Movies 61.5% 67.0%

Garden 81.3% 82.3%

Outdoor  65.8% 62.5%

Average  59.5% 61.6%

YtoG Disease 30.5% 38.2%
Book 45.4% 48.1%

Movies 49.1% 56.0%

Garden 60.9% 69.4%

Outdoor 67.6% 70.3%

Average 50.7% 56.4%

In Table 6, the major difference between NWT and NFWT is that NWT uses level-
one categories in the cluster shrinkage algorithm, while NFWT uses the lowest-level
categories. The experimental results suggest that using lower-level categories yields a
better performance than level-one categories. This supports our observation that level-
one categories usually contain words that are too general or belong to cross-domains,
which could undermine the performance. Even though the NWT is not as efficient as
NFWT, its performance is still better than MEtext, as shown in Table 4.

Now, we compare the effects of two factors: (1) using level-one or lowest-level
categories in the cluster shrinkage algorithm, and (2) using document or word dimen-
sions to represent the source-target relations. Table 7 shows all combinations of these
two factors: NWTHNTS, NWT+NWTS, NFWT+NTS, and NFWT+NWTS. The con-
figuration name is composed of the features it uses. For example, NWT +NTS means



it uses level-one categories in cluster shrinkage algorithm as NWT and uses NTS to
measure the source-target relations. In Table 8, we can see that NFWT+NTS outper-
forms NWTHNTS, and NFWT+NWTS outperforms NWT+NWTS. These results es-
tablish that lowest-level categories contain more precise information for categoriza-
tion than level-one. Therefore, configurations using lowest-level categories in the
cluster shrinkage algorithm (NFWT) outperform those using level-one categories
(NWT). In addition, we can see that NWT+NWTS outperforms NWT+NTS, and
NFWT+NWTS outperforms NFWT+NTS. These results demonstrate that using
word-dimensions (NWTS) rather than document dimensions (NTS) to represent
source-target relations could further alleviate the partial overlap problem.

Table 7. Four different configurations of feature combinations.

Use level-one category in  Use lowest-level category
the cluster shrinkage al- in the cluster shrinkage al-

gorithm gorithm
Considering document NWT +NTS NFWT+NTS
dimension
Considering word NWT +NWTS NFWT +NWTS
dimension

Table 8. Experimental results of all combinations of features.

NWT+NTS NWTHNWTS NFWT+NTS  NFWT+NWTS

GtoY Disease 38.7% 42.4% 44.0% 46.3%
Book 59.0% 58.6% 64.2% 65.0%
Movies  63.4% 68.4% 69.7% 73.8%
Garden  78.2% 77.5% 81.8% 82.1%
Outdoor 60.1% 68.2% 72.8% 72.6%
Average 59.9% 63.0% 66.5% 68.0%
YtoG Disease 39.8% 41.3% 46.9% 47.0%
Book 52.2% 60.1% 59.5% 63.7%
Movies  54.9% 59.4% 58.9% 66.0%
Garden  60.5% 59.8% 71.1% 69.3%
Outdoor 65.4% 68.2% 72.2% 71.9%
Average 54.5% 57.8% 61.7% 63.6%

Generally speaking, using information of source category improves the categoriza-
tion accuracy. We can see that NWT+NTS and NWT+NWTS outperform NWT, and
NFWTH+NTS and NFWT+NWTS outperform NFWT. Among these four configura-
tions, the performance of NWT+NTS is the worst, such as in the Garden category. We
believe this is because the classification criteria of Google’s Garden directory is much
different with that of Yahoo!’s Garden directory. As a result, the partial overlap prob-
lem becomes very serious in Garden category. To further justify this argument, we
compare the name of level-one categories of Garden in Yahoo! and Google. It is
found that there is no common name between those categories in Google and Ya-
hoo!’s Garden directory. From this observation, we conclude that, NWT+NTS, which



uses level-one categories in the cluster shrinkage algorithm and considers only docu-
ment dimension in measuring the source-target relations, is influenced most deeply by
the different classification criteria between the source and target taxonomy.

The experimental results of each taxonomy integration approach are shown in Fig.
4 and Fig. 5 respectively.
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Fig. 4. Comparison of the experimental results of all taxonomy integration ap-
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6 Conclusions

In this paper, we have proposed an approach that effectively uses the relations be-
tween corresponding categories in source and target taxonomies to improve taxonomy
integration. Unlike previous works that use a flattened hierarchy as the information
source, we utilize hierarchical information to extract fine-grained relations, which al-
leviates the partial concept overlap problem in taxonomy integration.

The proposed approach was tested using real Internet directories. Its performance
was better than normal text classification approaches and other features in previous
works. The experimental results also support the assumption that using a flattened hi-
erarchy could cause the loss of valuable information about relations between corre-
sponding categories.

In the future, more information, such as web resources, a third taxonomy, or exist-
ing knowledge ontology could be incorporated into our approach. It would also be in-
teresting to see how our approach can be applied to other applications.
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