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In contrast to conventional documents, a Web document consists of a number of tags which provide hints on the structure of the documents. In this paper, we propose a Web-document retrieval method using
the characteristics of HTML tags. This method learns the importance of
tags from a training text set. We use a genetic algorithm for learning
the importance weights. We also present a modi ed similarity measure
which uses the tag information. Experiments have been performed on the
TREC document collection consisting of 247,491 documents. Compared
to the traditional IR method, the proposed method has achieved 15%
improvement in average precision.
Abstract.
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Introduction

The World Wide Web is revolutionizing the way that people access information.
The amount of available information on the Web is increasing rapidly [10]. As
the amount of information on the World Wide Web grows, it becomes increasingly diÆcult to nd what we want. There are a number of Web search engines
which retrieve the URLs for the documents of users' interests. These engines use
statistical methods for indexing plain text documents. However, most of Web
documents are written in HTML (HyperText Markup Language). HTML documents consist of two kinds of structure not present in plain text documents
[2].
1. One is the internal structure consisting of typed text segments marked by
HTML tags. HTML de nes a set of roles to which text in a document can
be assigned. Some of these roles are related to formatting, such as those
de ning bold and italic text. Others have richer semantic import such as
headlines and anchors, the text segments which serve as hyperlinks to other
documents.
2. The other is the external structure. As a node in a hypertext, a HTML
page is related to potentially huge numbers of other pages, through both the
hyperlinks it contains and the hyperlinks that point to it from other pages.
A.-H. Tan and P. Yu (Eds): PRICAI 2000 Workshop on Text and Web Mining,
Melbourne, pp. 13-23, August 2000.
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In a traditional IR approach, only the words appearing in a document are
considered as the elements for retrieval. In this paper, we propose a method
for improving the retrieval performance using the internal structure of HTML
documents. We rst select a set of tags that is considered to be signi cant.
Next, the importance factors for the tags are learned using a genetic algorithm.
To carry out the experiments, we used the queries and document set of TREC
(Text REtrieval Conference) [12]. The experiments indicate that our approach
can improve the retrieval performance by about 15% on top ranked documents.
This paper is organized as follows. In Section 2, we discuss the related work.
Section 3 describes the retrieval system and the method for learning tag information is described in Section 4. Section 5 explains the data set used for the
experiments. Experimental results are given in Section 6.

2

Related Work

Recent work in information retrieval on the Web is mainly for hyperlinks (i.e.
external structure) [1, 13, 21], not for the tag information. They assume that if
there is a link from page a to page b, then the author of page a recommends page
b and links often connect related pages. Spertus [18] observed that co-citation
can indicate that two pages are related. That is, if page a points to both pages b
and c, then b and c might be related. Chakrabarti et al. [4] use the links and their
order to categorize Web pages and they show that the links that are near a given
link in page order frequently point to pages on the same topic. An example site
using hyperlink information is Google [3]. Google makes use of the link structure
of the Web to calculate a quality ranking (PageRank) for each Web page. A page
can have a high PageRank if there are many pages that point to it, or if there
are some pages that point to it and have a high PageRank.
Boyan et al. implemented the LASER system, which o ers a number of parameters that in uence the rankings in produces [2]. The parameters a ect how
the retrieval function responds to words in HTML elds, how hyperlinks are
incorporated, how to adjust for partial-word matches or query-term adjacency
and more. Given the parameters, they applied a simulated annealing to optimize
the retrieval function.
One of the recent work that is similar to our approach is Cutler et al.'s
[5]. They used HTML structures to improve retrieval performance. A genetic
algorithm is used to nd the optimal tag importance factor. They used a small
document set which consists of 3,040 distinct pages. The main drawback of this
paper is that same queries are used for both learning and retrieval, which causes
the tag importance factor to be over tted to that queries.
In information retrieval, genetic algorithms have been used in several ways.
An approach for document indexing was presented by Gordon [7]. Competing
document descriptions (keywords) are associated with a document and altered
by using genetic operations in the approach. A keyword presents a gene and a
document's list of keywords represents an individual. A collection of documents
initially judged relevant by a user represents the initial population. Based on a
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tness measure, the initial population evolved through generations and eventually converged to an optimal population. Yang et al. have developed an adaptive
method based on genetic algorithms to modify user queries automatically [22].
They reported the e ect of adopting genetic algorithms in large databases, the
impact of genetic operators, and GA's parallel searching capability. Feature selection methods for document classi cation were also developed in [19, 23]. The
performance of the classi er and the cost of classi cation are sensitive to the
choice of the features used to construct the classi ers. Genetic algorithms are
used to nd an optimal feature subset.

3

Retrieval System

The retrieval engine used in this paper is SCAIR (SCAI Information Retrieval
engine) which is built to participate in TREC competition [17]. SCAIR is based
on the vector space model [15]. A document is regarded as a set of words. If one
word is a term, a document is represented as a list of terms or vector. A document
collection is represented as a term-document matrix which are normally very
sparse. A query is also represented as a list of terms or a term vector.
Documents are indexed by the classical tf  idf weighting scheme [16]:





N
wik = tfik  log
;
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where wik is the weight of k th term in the ith document, tfik is the frequency
of the k th term in the ith document, N is the total number of documents in the
collection, and dfk is the number of documents in which the k th term occurs.
Query terms are weighted only by the idf value, where idf is represented
by log( dfNk ). The similarity between a query and a document is measured by
modi ed cosine coeÆcient:
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where wik is the weight of the k th term in the ith document, qjk is the weight of
kth term in the j th query, and for all the tags which are determined by term k,
ik is the product of the tag weights. After determining the similarity between
the document and the query, a sorted list of documents is produced.
On the other hand, there is a necessity of the process to apply HTML tag
weights because the documents are written in HTML. Thus two additional processes are added for our approach. One is saving the used tags of each document
separately, and the other is applying the weight according to the importance
of the tags. The terms, which belong to the speci c tags, are indicated during
indexing. The tag weights are applied to evaluate the similarity. It is represented
as a constant in the equation (2).
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initialize chromosomes
for g = 1 to gmax
evaluate all chromosomes by fitness function
for i = 1 to M
choose two chromosomes p1, p2
offspring[i] = crossover(p1,p2)
offspring[i] = mutation(offspring[i])
end for
replace M chromosomes by offsprings
end for
return optimal chromosome

Fig. 1.

4

Learning algorithm using GA

Learning Tag Importance Using a Genetic Algorithm

As described above, the characteristic of Web documents is including tags for
formatting and hyperlinks. There could be many methods in learning the weights
of the tags. In our approach, we used the genetic algorithm to learn the weights
of the tags and applied them to Web-document retrieval [6].
Genetic algorithms are problem solving systems based on the mechanism of
natural selection and natural genetics. A solution for a problem is represented
as a chromosome. The population is a set of chromosomes. Initial population
consists of the chromosomes randomly choosed. In every generation, a new set
of arti cial creatures (chromosomes) is created using pieces of the ttest of the
old. The new set is created by chromosomal operations such as crossover and
mutation [8]. While randomized, genetic algorithms are no random walk. They
eÆciently exploit historical information to move new search points with expected
improved performance.
In our approach, a chromosome represents tag weights and consists of a list
of real number. The initial population is made by randomly organized chromosomes. The selection of parents for evolution to the next generation is as follows.
The parents are selected randomly from a half of the population in the decreasing order of quality. The quality of a chromosome is determined by the tness
function.
The tness function measures the performance of the retrieval results about
the tag weights. The 11-point average precision is used for the tness value,
which is one of the evaluation methods at TREC [20].
The selected parents produce o spring by crossover. The crossover used is the
arithmetical crossover, which assigns the average of two parents for each location
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to the corresponding location of the o spring [11]. A half of the population
other than the selected parents are substituted by the produced o spring. The
mutation is done for variety after crossover. It changes the value of randomly
selected position in a random chromosome. The genetic algorithm for learning
the tag weights is shown in Figure 1. Figure 2 and Figure 3 describe crossover
and mutation.

<title> foreign minorities, Germany
<desc> Description:
What language and cultural differences impede the integration
of foreign minorities in Germany?
<narr> Narrative:
A relevant document will focus on the causes of the lack of
integration in a significant way; that is, the mere mention of
immigration difficulties is not relevant. Documents that discuss
immigration problems unrelated to Germany are also not relevant.

Fig. 4.

A sample TREC topic

5 Data Set
The document set for the experiments is WT2g, which is used to Web Track of
TREC [12]. It was collected by Internet Archive and includes all WWW pages
[9]. There are 2 Gigabytes, 247,491 distinct pages.
A query is called a topic in TREC. A topic consists of title, description, and
narrative. A sample topic is shown in Figure 4. The titles have been specially
designed to allow experiments with very short queries. The titles consist of up
to three words that best describe the topic. The description eld is one sentence
description of the topic area. The description eld contains all of the words in the
title eld. The narrative gives a concise description of what makes a document
relevant.
Relevant documents are judged using the pooling method [20]. In this method, a pool of possible relevant documents is created by taking a sample of
documents selected by the various participating systems of TREC. This pool
is then shown to the human assessors. The sampling method used in TREC is
to take the top 100 documents retrieved per a judged run for a given topic and
merge them into the pool for assessment. This is a valid sampling technique since
all the systems use the ranked retrieval methods, with those documents most
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likely to be relevant returned rst. Each pool is sorted by document ID, so that
assessors cannot tell if a document was highly ranked by some system or how
many systems retrieved the document.
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Fig. 5.
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Average tness for generations

Experimental Results

Experiments were conducted to nd optimal tag weights. The title and description eld of a topic were considered as queries. 10 queries (Topic No. 401 to 410)
were used for learning and another 10 queries (Topic No. 411 to 420) were used
for retrieval. The retrieved documents for a topic are ten hundreds ordered by
the similarity between document and query. The evaluation is average precision
in information retrieval.
Five tags (<TITLE>, <H>, <B>, <I> and <A>) were used for the experiments. They mean Title, Header, Bold, Italic and Anchor respectively. The Title
and Header use only the words in a Web page marked as a part of the title or as
headings to classify that page. Thus, words in the tags were taken as representative of a page. Bold and Italic were taken because they are used to emphasize
words. We assumed that the hyperlinks of a document generally are connected
to the related documents. The anchor, which links to another document, was
added to the tags by the assumption.
The learning was repeated 20 times. The used parameters are the following:
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Population size: 100
Number of generation: 25
Probability of mutation: 0.04
Range of weight: 0.0  4.0

As the generation continues, further improvement is found in average population tness as demonstrated in Figure 5. The tness rapidly increases until
about 8th generation. After then, the tness increases slowly. It is caused by the
arithmetic crossover. The o spring are generated by the average of the parents
which have high tness. In addition to it, the substituted chromosomes are the
half of the population in one generation. Therefore the early generations are
converged to the chromosomes of the population, which have high tness even
after one generation. As the generation progresses a little more, the increment
of tness becomes slack because most of chromosomes were already converged
to the high tness chromosomes closely.
Table 1.

HTML tag weights averages

HTML tag
Weights
Title 0.55840.2822
Header 2.34250.2614
Bold 0.70600.2061
Italic 1.01920.3128
Anchor 1.76340.1306

Table 2.

Comparison of the results between tag and no tag information

Without tag information
With tag information

Relevant documents 11-point average precision
262
0.2325
252  2
0.23670.0045

The chromosome that has the highest tness over generations was regarded
as the optimal tag weights. The top ve chromosomes are selected for retrieval.
The averages of selected weights are presented in Table 1. For the Title, Header,
Bold, Italic and Anchor, the average weight is 0.5584, 2.3425, 0.7060, 1.0192 and
1.7634, respectively.
Table 2 represents the number of relevant documents and the 11-point average precision for retrieval. There hardly exists any di erence on the number
of relevant documents when the weight is applied. But, average precision is improved.
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Interpolated recall-precision averages

Comparison of average precision for recall. Precision at recall 0.1 is taken to
be maximum of precision at all recall points  0.1.

Table 3.

Recall
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Without
tag information
0.6042
0.5073
0.4286
0.3377
0.2731
0.2382
0.1795
0.1534
0.1186
0.0766
0.0323

With
tag information
0.68650.0287
0.58130.0235
0.41350.0119
0.29060.0227
0.27280.0249
0.20990.0060
0.16570.0064
0.14830.0047
0.13600.0025
0.07380.0013
0.03090.0002
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Some results show that the average precision is lower than retrieval result
without tag information. It is caused by that the weights are over tted to the
training data.
Figure 6 shows the precision-recall curves for using and not using the tag
weights. When the recall is under 0.2, the retrieval performance using tag information is higher than not using tag information. High precision at low levels of
recall means that there are more relevant documents in top documents. Table 3
describes the average precision as recall increases. The retrieval results with tag
information have high precision when recall is low.
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Conclusions

In this paper, we proposed an approach that uses the HTML tag weights to
improve retrieval performance. A genetic algorithm is used to nd the optimal
tag weights. Genetic algorithms are generally quite e ective for rapid global
search in large search spaces.
According to our experiments, the retrieval which takes advantage of HTML
structure performs better than the traditional IR approach which uses plain
texts. We found that Header and Anchor provide useful information to improve
the retrieval performance.
It is interesting to note that there exist hardly di erences when only relevant
documents are considered. However, the results show high precision at low recall. Generally, the users do not need many relevant documents in all retrieved
documents. They are satis ed with nding relevant documents at top ranked
documents. Our experimental results show the importance of the tag information for e ective retrieval of Web-documents.
Further experiments are needed to check if our approach will improve the
retrieval performance when it uses expanded topics. Learning the weights for
more HTML tags will be conducted to nd the importance. Furthermore, the
problem that the population is converged to local minimum, i.e. over tting to
training data has to be solved.
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