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Abstract. The objective of this paper is to study how the link struc-
ture of the Web can be used to derive a similarity measure between
documents. We evaluate five different measures and determine how ac-
curate they are in predicting the subject of Web pages. Experiments
with a Web directory indicate that the use of links from external pages
greatly increases the quality of the results. Gains as high as 45.9 points in
F; were obtained, when compared to a text-based classifier. Among the
similarity measures tested in this work, co-citation presented the best
performance in determining if two Web pages are related. This work
provides an important insight on how similarity measures can be derived
from links and applied to Web IR problems.

1 Introduction

The World Wide Web has become a main focus of research in information re-
trieval (IR). Its unique characteristics, like the increasing volume of data, the
volatility of its documents, or the wide array of user’s interests, make it a chal-
lenging environment for traditional IR solutions. On the other hand, the Web
provides ground to explore a new set of possibilities. Multimedia documents,
semi-structured data, user behavior logs, and many other sources of information
allow a whole new range of IR algorithms to be tested. This work focuses on one
such source of information widely available in the Web: its link structure.

It is possible to infer two different meanings from links between Web pages.
First, if two pages are linked, we can assume that their subjects are related.
Second, if a page is pointed by many other pages, we can assume that its con-
tent is important. These two assumptions have been successfully used in Web
IR for tasks like page ranking [1-3], finding site homepages [4], and document
classification [5-9].

In this work we evaluate how the link structure of the Web can be used to
determine a measure of similarity between documents. We experiment with five
different similarity measures and determine how accurate they are in predicting
the subject of Web pages. We argue that a good similarity measure will be



able to accurately determine if two Web documents are topic-related. Thus, we
expect that such measure will be effective in classifying documents into a set of
pre-defined categories.

To validate this assumption, tests were performed using a kNN classifier on
a Web directory containing approximately 44,000 documents. Experiments show
that the use of links from pages outside the directory greatly increases the quality
of the results. Among the similarity measures considered in this work, the co-
citation measure presents the best performance in determining if two pages are
related.

These measures have never been directly compared in a Web environment
and the results shown here provide an important insight on how they perform.
Since they are simple to compute and use highly available information, we expect
them to be applicable to several other Web related problems, such as Web doc-
ument clustering [10,11], finding similar pages [12], or building visual retrieval
systems [13].

2 Related Work

The issue of document similarity is of central importance to Information Re-
trieval. Although the most widely used measure up to today is still the cosine
similarity in the vector space model [14], it is known that using different ap-
proaches will influence retrieval effectiveness. For this reason, many alternatives
have been proposed. Tombros and van Rijsbergen [11], for instance, show that a
similarity measure that depends on the users queries may lead to better results
in document clustering. In [15], Zhang and Rasmussen show that the traditional
cosine similarity measure can be improved, when combined with a distance mea-
sure. And, for detecting changes in Web pages, Flesca and Masciari [16] propose
a similarity measure that compares not only text, but also HTML trees.

Using link information as a way of finding related Web documents has also
been proposed. One example is the Companion algorithm [17], which we describe
in Sect. 3.4, where links are used to determine a set of pages related to a given
initial page. He et al. [10] use link information to assign weights the edges of a
graph representing hyperlink structure. Graph partitioning algorithms are then
used to split the set of pages into clusters. In a work more similar to ours, three
measures of linkage similarity are compared to a human evaluation of similar-
ity between Web pages [12]. The authors come to quite different conclusions,
however, mainly due to the collection used— a set of academic sites from the
U.K. This collection has a very different link structure where, for instance, many
of the pages link to each other, a phenomena that we cannot expect in a Web
directory (or the Web in general [18]).

In this paper, we evaluate the linkage similarity measures by applying them
to a classification algorithm. Several other works in the literature have reported
the successful use of links as a means to improve classification performance.
Using the taxonomy presented in Sun et al. [19], we can summarize these efforts
in three main approaches: hypertext, link analysis, and neighborhood.



In the hypertext approach, Web pages are represented by context features,
such as terms extracted from linked pages, anchor text (text describing the
links), paragraphs surrounding the links, and the headlines that structurally
precede the sections where links occur. Yang et al. [20] show that the use of
terms from linked documents works better when neighboring documents are all
in the same class. Similarly, Furnkranz et al. [21], Glover et al. [22] and Sun
et al. [19] achieved good results by using anchor text, and the paragraphs and
headlines that surround the links.

In the link analysis approach, learning algorithms are applied to handle both
the text components in Web pages and the linkage among them. Slattery and
Mitchel [6] exploit the hyperlink topology using a HITS based algorithm [2]
to discover test set regularities. Joachims et al. [7] studied the combination of
support vector machine kernel functions representing co-citation and content in-
formation. By using a combination of link-based and content-based probabilistic
methods, Cohn et al [8] improved classification performance over a content-based
baseline. Fisher and Everson [9] extended this work by showing that link infor-
mation is useful when the document collection has a sufficiently high link density
and the links are of sufficiently high quality.

Finally, in the neighborhood approach, the document category is estimated
based on category assignments of already classified neighboring pages. Chakra-
barti et al [5] showed that co-citation based strategies are better than those using
immediate neighbors. Oh et al [23] improved this approach by using a filtering
process to select the linked documents.

Our method is based on the link analysis approach, but it differs from pre-
vious works in the fact that our focus is not build a link based classifier, but
to analyze what linkage similarity measures could be best used by a link based
classifier. We evaluate a set of different approaches to extract information from
the links and determine which ones provide the best results.

3 Linkage Similarity Measures

To determine the similarity of subject between Web pages we used five different
similarity measures derived from their link structure: co-citation, bibliographic
coupling, Amsler, Companion with authority degrees, and Companion with hub
degrees. The first three were introduced in bibliometric science, as measures
of how related two scientific papers are [24-26]. In this work, we evaluate how
they perform when applied to the Web environment, where we assume that links
between Web pages have the same role as citations between scientific papers. The
Companion algorithm was proposed by Dean and Henzinger [17], as a method
to find Web pages related to each other. Here, we use it to provide a value of
similarity between documents. We now describe in detail each of the proposed
linkage similarity measures.



3.1 Co-Citation

Co-citation was first proposed by Small [26] as a similarity measure between
scientific papers. Two papers are co-cited if a third paper has citations to both
of them. This reflects the assumption that the author of a scientific paper will cite
only papers related to his own work. Although Web links have many differences
from citations, we can assume that many of them have the same meaning, i.e., a
Web page author will insert links to pages related to his own page. In this case,
we can apply co-citation to Web documents by treating links as citations. We
say that two pages are co-cited if a third page has links to both of them.

To further refine this idea, let d be a Web page and let P; be the set of pages
that link to d, called the parents of d. The co-citation similarity between two
pages di and dy is defined as:

o Py, N Py,
cocitation(dy, ds) Pa, U Pa| (1)

Equation (1) tells us that, the more parents d; and d» have in common, the
more related they are. This value is normalized by the total set of parents, so
that the co-citation similarity varies between 0 and 1. If both Py, and Py, are
empty, we define the co-citation similarity as zero.

3.2 Bibliographic Coupling

Also with the goal of determining the similarity between papers, Kessler [24]
introduced the measure of bibliographic coupling. Two documents share one
unit of bibliographic coupling if both cite a same paper. The idea is based on
the notion that paper authors who work on the same subject tend to cite the
same papers. As for co-citation, we can apply this principle to the Web. We
assume that two authors of Web pages on the same subject tend to insert links
to the same pages. Thus, we say that two pages have one unit of bibliographic
coupling between them if they link to the same page.

More formally, let d be a Web page. We define Cy as the set of pages that d
links to, also called the children of d. Bibliographic coupling between two pages
dy and ds is defined as:

Cd1 n Cd2

= 2
|Cd1UCd2| ( )

bibcoupling(dy , dz)

According to (2), the more children in common page d; has with page da, the

more related they are. This value is normalized by the total set of children, to

fit between 0 and 1. If both Cy, and Cy, are empty, we define the bibliographic
coupling similarity as zero.

3.3 Amsler

In an attempt to take the most advantage of the information available in citations
between papers, Amsler [25] proposed a measure of similarity that combines both



co-citation and bibliographic coupling. According to Amsler, two papers A and
B are related if (1) A and B are cited by the same paper, (2) A and B cite the
same paper, or (3) A cites a third paper C that cites B. As for the previous
measures, we can apply the Amsler similarity measure to Web pages, replacing
citations by links.

Let d be a Web page, let P; be the set of parents of d, and let Cy be the set
of children of d. The Amsler similarity between two pages d; and d» is defined
as:

(Pd1 U Cd1) N (PdQ U Cd2)
|(Pd1 U Cd1) u (Pd2 U Cd2)|

amsler(dy,ds) = (3)

Equation (3) tell us that, the more links (either parents or children) d; and
d2 have in common, the more they are related. The measure is normalized by
the total number of links. If neither d; nor d» have any children or parents, the
similarity is defined as zero.

3.4 Companion

On a different approach, the Companion algorithm was proposed by Dean and
Henzinger in [17]. Given a Web page d, the algorithm finds a set of pages related
to d by examining its link structure. Companion is able to return a degree of
how related each page is to d. This degree can be used as a similarity measure
between d and other pages.

To find a set of pages related to a page d, the Companion algorithm has
two main steps: (1) build a vicinity Graph of d and (2) compute the degrees of
similarity. In step 1, pages that are linked to d are retrieved. We build the set
V, the vicinity of d, that contains the parents of d, the children of the parents of
d, the children of d, and the parents of the children of d. This is the set of pages
related to d.

In step 2 we compute the degree to which the pages in V are related to d. To
do this, we consider the pages in V and the links among them as a graph, called
the vicinity graph of d. This graph is then processed by the HITS algorithm [2].
The HITS algorithm returns the degree of authority and hub of each page in V.
Intuitively, a good authority is a page with important information on a given
subject. A good hub is a page that links to many good authorities. In practice,
the degrees of authority and hub are computed recursively: a page is a good hub
if it links to many good authorities and a good authority if it is linked by many
good hubs.

Once HITS is applied, we can choose to use the degree of authority or hub
(or a combination of both) as a measure of similarity between d and each page
in V. We define the similarity between d and any page that is not in V' as zero.
In this work we experimented with the Companion algorithm using either the
authority or the hub degree in isolation as a similarity measure.

For a more detailed description of the Companion and HITS algorithms, the
reader is referred to [17] and [2], respectively.



4 The ENN Classifier

The measures described in Sect. 3 can be used to calculate the similarity be-
tween any two Web documents. To be useful, these measures should be able to
correctly determine if two Web pages are on the same subject. In order to test
this assumption, we applied them in a Web classification task.

To evaluate the linkage similarity measures, we used a strategy based on
a nearest neighbor classifier. This classifier assigns a category label to a test
document, based on the categories attributed to the & most similar documents
in the training set. The most widely used such algorithm was introduced by
Yang [27] and is referred to, in this work, as kNN. The kNN algorithm was chosen
since it is simple, efficient, and makes a direct use of similarity information.

In the KNN algorithm, to a given test document d is assigned a relevance
score s;,q associating d to each candidate category c;. This score is defined as:

Seid = Z similarity(d,d') f (c;,d") (4)
d'eNk(d)

where N}, (d) are the k nearest neighbors (the most similar documents) of d in the
training set and f(c;,d’) is a function that returns 1 if document d' belongs to
category ¢; and 0 otherwise. Traditionally, documents are represented by vectors
of term weights and the similarity between two documents is measured by the
cosine of the angle between them. Term weights are computed using one of the
conventional TF-IDF schemes [28], in which the weight of term ¢ in document d
is defined as:

N
wq, = (1+logy fi,a) x log, 7 (5)

where f; 4 is the number of occurrences of ¢ in document d, N is the number
of training documents, and f; is the number of training documents containing
t. Based on the computed scores, we determine the top ranking category and
assign it to the test document. This text-based version of the kNN classifier was
used in our experiments as the baseline for comparison.

To test the linkage similarity measures, (1), (2), (3) and the values returned
by the Companion algorithm were used in place of the cosine similarity in (4).
This allowed us to test all measures under the same set of conditions, and eval-
uate how accurate they are in predicting the subject of Web pages.

5 Experiments

5.1 The Test Collection

We performed experiments using a set of classified Web pages extracted from
the Cadé Web directory [29]. This directory points to Brazilian Web pages that
were classified by human experts. To obtain the content of the classified pages we



used a database composed of Brazilian Web pages, crawled by the TodoBR [30]
search engine.

We constructed two sub-collections using the data available on Cadé: Cadel2
and Cadel88. Cadel?2 is a set of 44,099 pages labelled using the first level cate-
gories of Cadé (Computers, Culture, Education, Health, Internet, News, Recre-
ation, Science, Services, Shopping, Society, and Sports). Cadel88 is a subset of
Cadel2, without the pages originally classified in the first level category. Thus,
Cadel88 corresponds to a set of 42,004 pages relabelled using the second level
categories of Cadé (Biology, Chemistry, Dance, Music, Schools, Universities,
etc.). Each Web page is classified into only one category. Figures 1, 2, and 3
show the category distributions for these collections. Notice that the two collec-
tions have skewed distributions. In Cadel2, the three most popular categories
represent more than 50% of all documents. The most popular category, Services,
has 9,081 documents while the least popular, Shopping, has 715 documents. In
Cadel88, 50% of the documents are in just 10% of the categories. The most
popular category, Society:People, has 3,675 documents while the least popular,
Internet: Tutorials, has 24 documents. Cadel2 and Cadel88 have vocabularies of
192,580 and 168,869 unique words, respectively, after removing stop words.
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Fig.1. Category distribution for Fig.2. Category distribution for
Cadel2. Cadel88.

Information about the links related to the Cadé pages was also extracted
from the TodoBR collection. TodoBR provides 40,871,504 links between Web
pages (an average of 6.9 links per page). We extracted from this set all the links
related to the pages of our two experimental sub-collections.

Table 1 summarizes the link data obtained. It was divided into two types: the
internal links, which are links between pages classified by Cadé, and the external
links, which are links where the target or the source page is in TodoBR, but not
in the set of pages classified by Cadé. This distinction is important to verify
whether the external information provided by TodoBR can be used to improve
the results.

We call hierarchy pages those that belong to the Cadé site itself and are used
to compose the directory hierarchy. For instance, the Cadé Science page, which
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links to science related sites. As can be seen, hierarchy pages represent a great
part of the internal links in the Cadé collection. Since hierarchy pages provide
information on the categories of the remaining pages (for instance, the Science
hierarchy page links only to science related pages), they were not used when
calculating the link information measures for our experiments.

Table 1 also shows that external pages provide a rich source of link data.
About 96% of the Cadé pages are linked by external pages while less than 4%
link to external pages. This was an important reason for using Cadé in our ex-
periments. With Cadé we can obtain information about external links extracted
from TodoBR and verify how useful this information can be during the classifi-
cation process. This is only possible because Cadé is a subset of TodoBR, which
is a large collection containing most of the link information available in Brazilian
Web pages. This is not the case with most other classification collections where,
in order to obtain more link information, it would be necessary to collect a huge
amount of Web pages, or to have access to another search engine database, as
we did with TodoBR.

Statistics Whole Cadé| Cadé without

Hierarchy Pages
Internal Links 45,548 3,830
Links from external pages to Cadé pages 570,404 570,337
Links from Cadé pages to external pages 7,584 5,894
Cadé pages with no in-links 2,556 1,625
Cadé pages with no out-links 40,917 40,723

Table 1. Link statistics for the Cadé collection.



5.2 Methodology and Evaluation

To perform the experiments, we used 10-fold cross validation [31]. Each dataset
was randomly split in ten parts, such that in each run, a different part was
used as a test set while the remaining were used as a training set. This split on
training and test sets was the same in all experiments. The final results of each
experiment represent the average of the ten runs.

To make sure that the results for conventional kNN are not biased by an
inappropriate choice of parameters, different feature selections were conducted,
using term frequency and information gain [32]. To each number of features,
different values for k& were tested. The best performance parameters were k = 30,
feature selection by information gain, and using 15,000 features.

The performance of the presented methods was evaluated using the con-
ventional precision, recall and F; measures [33]. Precision p is defined as the
proportion of correctly classified examples in the set of all examples assigned
to the target class. Recall r is defined as the proportion of correctly classified
examples out of all the examples having the target class. F; is a combination of
precision and recall in a way that gives them equal weight. F} is defined as:

2

F =
p+r

(6)

To compute the final F} values, we used macro-averaging and micro-averaging.
For macro-averaging, recall, precision, and F; scores were first computed for in-
dividual categories and then averaged over all categories. For micro-averaging,
the decisions for all categories were counted in a joint pool. Since the datasets
used in the experiments are single label per document, micro-averaged recall,
precision and F; are the same. Thus, the micro-averaged scores will be referred
to as just micro-averaged Fj.

5.3 Experimental Results

Table 2 shows the Fj figures for five different similarity measures obtained for
the Cadel2 and Cadel88 collections: Amsler, bibliographic coupling, co-citation,
Companion using authority degrees, and Companion using hub degrees. Only in-
ternal links were considered. As a baseline for comparison we show the results for
the kNN classifier using the TF-IDF weighting scheme, as explained in Sect. 4.

We observe that all the results were below the baseline values. By considering
only internal links, much of the link structure information of the collection is
lost. In fact, as shown in Table 1, about 98% of the link information in the
collection comes from external pages. This lack of information does not allow us
to draw any definite conclusions.

When we make use of external links, however, results are much improved.
Table 3 shows the F} figures for the Cadel2 and Cadel88 collections using both
internal and external links. The figures for Amsler, co-citation, and the Com-
panion algorithm using authority degrees are well above the baseline, showing



kNN Similarity Measures| Cadel2 Cadel88
mackFi |micF1 mackFy |micF1
Amsler 16.02|22.44| 4.83| 8.87
Bibliographic Coupling 15.12| 21.79| 3.95| 8.31
Co-citation 15.31| 21.81| 4.67| 8.55
Companion authority 15.88| 22.12| 4.89| 8.50
Companion hub 15.31| 22.10| 4.64| 8.50
TF-IDF (baseline) 35.61| 37.26| 22.08| 23.33
Table 2. Macro-averaged and micro-averaged F1 measures obtained with the kNN

classifier in Cadel2 and Cadel88 collections, using different similarity measures. Only
internal links were used.

gains as high as 36.9 and 45.9 points in micro-averaged Fi, for the Cadel2 and
Cadel88 collections, respectively. On the other hand, bibliographic coupling and
the Companion algorithm using hub degree are still below the baseline.

kNN Similarity Measures| Cadel2 Cadel88
macFi |micF1 mack; |micF1
Amsler 79.08| 74.02| 78.74| 67.32
Bibliographic Coupling 15.12| 22.08| 4.10] 8.55
Co-citation 79.25|74.12| 78.80|69.24
Companion authority 74.88| 70.44| 73.68| 63.51
Companion hub 22.46| 25.45| 9.91| 11.40
TF-IDF (baseline) 35.61| 37.26| 22.08| 23.33

Table 3. Macro-averaged and micro-averaged F; measures obtained with the kNN clas-
sifier in Cadel2 and Cadel88 collections, using different similarity measures. External
and internal links were used.

These results can be explained. Since most of the links are from external
pages to pages in the collection, i.e., they are from parents of the pages in
the collection, we can expect measures that make use of parents to perform the
best. Thus, co-citation, which uses the intersection of the sets of parents benefits
greatly from such information. The same happens for the Companion algorithm
using authority degrees and for the Amsler similarity. These last two, however,
suffer from the fact that they also rely on children pages, which are not so widely
available.

All measures show better absolute results for the Cadel2 collection. This is
due to the fact that the Cadel2 link per class distribution is much more balanced.
The number of links among documents of the same class amounts to 22.7% of the
total number of internal links for Cadel2, whereas it is only 10.1% of the total
number of internal links for Cadel88. However, the gain relative to the baseline
was higher for the Cadel88 collection. This happens because the kNN classifier



tends to perform worst in collections where the class distribution is very skewed,
which is the case of Cadel88, as shown in Sect. 5.1.

6 Conclusions

In this paper, we compared five different similarity measures based on link struc-
ture. Experiments show that, in order to have sufficient information for expres-
sive results, pages external to the test collection must be used. Also, we observe
that most external pages are parents of the pages in the collection, i.e., they have
a link to the pages in the collection. For this reason, the co-citation similarity
measure obtained the best results. Other measures, such as the Amsler similar-
ity and the Companion algorithm using authorities, also show good results but
are, however, affected by the fact they use out-link information, which is much
scarcer.

We expect the most popular pages in the Web to be those with a high number
of in-links [1,2]. These pages will also be the most interesting for Web directories,
where it is preferable (and easier) to populate the hierarchy with a reasonable
set of highly referenced sites, instead of a huge set of obscure pages. Thus,
similarity measures that make use of in-link information are expected to be the
most appropriate. This conclusion is reinforced by that fact that, although most
Web pages have very few links (or no links at all), those that are highly linked
have much more in-links than out-links.

The difference between results using internal or external link information also
confirms that the effectiveness of the proposed measures depends highly on the
link structure, as also stated in [9]. Thus, on subsets of the Web with a very
different link structure, similarity measures other than co-citation may show a
better performance.

Although in this work we are only evaluating link-based similarities, the
contents of Web pages is a valuable source of information and should not be
disregarded. The combination of content and link-based information has been
shown to yield good results [3,7], and we intend to pursue it in future work.
Experiments were already initiated where the linkage similarity measures here
tested are combined with content-based information. Preliminary results show
that this can lead to further improvements.

Since the measures here presented were shown effective in determining the
subject of Web pages, we can expect them to perform well in other IR tasks
where document similarity is an important concept, such as, finding similar
pages, Web page clustering, information filtering, among others. Experiments
with these tasks are left for future work.
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