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Abstract. Information extraction on the Web permits users to retrieve specific
information related to the query especially on the name of a person or organiza-
tion. As name is non+unique, the same name may be mapped to multiple enti-
ties. The aim of this paper is to describe an algorithm to cluster the Web pages
returned by the search engine so that pages belonging to different entities are
clustered into different group. The algorithm uses named entities as the features
to divide the document set into direct or indirect pages. It then uses distinct di-
rect pages as seeds of clusters to group indirect pages into different clusters.
Thealgorithm has been found to be effective for Web-based applications.

1 Introduction

Information Extraction (IE) is a hot area of resear ch. As defined in the Message
Understanding Conference[1], |IE involves the extraction of named entities (NEs),
scenarios, and events from input documents. The application of effective |IE technol o-
gies on the Web enables user queries to return not just documents as is currently done
by the search engine, but more specific information related to the query. For example,
aquery on aperson name on the Web should return a summary of all information re-
lated to the person, rather than a ranked list of Web pages containing one or more
words in that person’sname. Through the |E systen, the user will submit a name of a
person or organization as query, and the system will search the Web, collect all rele-
vant Web pages, and extract asummary of desired information to the user.

Figure 1 shows the overall process of information extraction on the weh As the
name is typicaly non-unique, the same name may be mapped to multiple persons or
organizations. To resolve this problem, we need to perform clustering of the Web
pages returned so that pages belong to different entities (person or organization) are
clustered into different groups. We can then concentrate on extracting information re-
lating to a specific entity from each cluster. Search engine incorporating clustering
can dso return dugters to facilitate usersin browsing the results.
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|User query of aperson or org |

|Acti vate spider to search relevant info on Web |

Cludter info returned based on named entities
for different person or org.

Extract info for different entities having same name

Present resultsto the user

Fig. 1. The process of a Web-based information extraction

This paper presents our work on clustering Web pages on person and organization
(PnO) names to support the overall information extraction procession. The aim isto
cluster pages belonging to different entities (person or organization) into different
clusters. We employ our tools to identify named entities in all the returned pages. We
then use a combination of named entities, URL, and links as the features to perform
the clustering. Our testing indicates that it is effective. The main contribution of this
research is in providing an effective clustering tool for PnO pages. To the best of our
knowledge, thereis no other related work on this topic.

In section 2 we discuss the issues in clustering Web pages on PnO. Section 3 dis-
cusses named entity based document features, section 4 presents the algorithm to
identify seeds of clusters. The method of delivering indirect pages into clusters is de-
picted in section 5 The results of our experiments and conclusion are respec-
tively,contained in section 6 and sation 7.

2 Clustering of Web Pages

Document Clustering algorithms attempt to identify graups of documents that are
more similar to each other than the rest of the collection. In a typical document clus-
tering algorithm, each document is represented as a weighted attribute vector, with
each word in the entire document collection being an attribute in this vector (see vec-
tor-space model [2]). Besides probabilistic technique such as Bayesian, a priori
knowledge for defining the distance or similarity measures among them are used to
compare similarities between documents.

Information foraging theory [3] notes that there is a trade-off between the value of
information and the time spent in finding it. The vast quantity of Web pages returned
as the result of a search means that some form of clustering or summarization of the
results is essential. Several new approaches have emerged to group or cluster Web
pages. Those include association rule hypergraph partitioning, principal direction di-
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visive partitioning [4], Suffix Tree Clustering (STC) [5]. Scatter/Gather [6]
(www.parc.xerox.com) cluster text doaments according to their similarities and
automatically compute an overview of the documents in each cluster. Unfort unately,
most search engines at present do not use clustering as a regular procedure during I n-
formation Retrieva.

PnOs are common query requests during Internet surfing. Users frequently submit
peson or organization name to search engines which returnresults that are usualy
quite good and normally include the target among the top ranked results. However,
therearedtill many problemswiththe search results as outlined below .

Most usersonly have patience to browse only 10-20 pages. The number of pages
returned could reach thousands.
Search results may contain several persons and/ or organizations whose names are
the same as the query string. If the search results could be grouped into different
clusters, where the pages about different entities are grouped separately, then the
users could concentrate their interesting on more promising clusters.
Some useless pages are completely irrelevant but are displayed nonetheless as re-
turn results because they contain phrases which are similar to the name of per-
son(s) or organization (s requested. For example, a fable page or Al research page
may appear in query of “ Oracle’, when the user is really only trying to find infor-
mation about the software company “ OrecleCo.”.
The low-ranking pages listed in the rear of aresult list may often be of only minor
importance or could even be just tangentially related. However, they are not always
useless. In some cases, novel or unexpectedly valuable results could be found in
these pages For instance, a report of a company involving in a fraud may be
ranked & the bottom of thousands of returning pages, but pages such as this may be
significant to users in corredly evaluatingthe worthiness of the company since
only the most readily available or obvious information about the company will be
insufficient.

As shown in Figure 2, when we submitthe query "Sanjay Jain" to Google, at |east
ten persons named " Sanjay Jain" will be returned. Here, pages (a) and (b) are the
hom epages about two different persons. Page (c) is anintroduction of abook authored
by the personin page (8. Page (d) isthe description of another person, but its styleis
different from that of pages (a) and (b). It can be seen that the search engine returns a
great variety of both correct and incorrect results. If we are able to identify and parti-
tion the corresponding results into clusters (in this example, into three clusters for
three different persons), it will facilitate usersin browsing the results.

3 Document Features Based on Named Entities

In most clustering approaches, similarity (distance) between a pair of documentsis
computed as the cosine of the angle between the corresponding vect ors in the feature
space [7]. The feature vectors should be scaled to avoid skewing the result by differ-
ent documents lengths or possibly by how common aword is across many documents.
Many techniques such as TFIDF and stop word list [7] have been proposed for these
problems. However, they do not work well for PnOs. For instance, there are two re-
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sume pages about different persons. It is highly possible that they are grouped into
one because they have many similar words and phrases, such as graduate, university,
work, degree, join, employment, department and so on. This is especially so when
their style, pattern and glossary are also similar. On the other hand, it is difficult to
group a news page and resume page together even though the same person is men-
tioned in these pages. This is because the length and glossary are widely divergent
among them. To solve this problem, it is essential that the right set of featuresbe used
to identify pages about PnO.
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Fig. 2. Typical pageswhen“ Sanjay Jain” issubmitted to Google
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In general, we observe that the occurences of PnO related named entities (NES) in
the web pages about PnOs is higher than that in the other type of pages Herg PnO
NEs include person, location and organization name, time and date, fax/phone num-
ber, currency, percentage, email, URL, Link and so on. For simplicity, we called
these entities collectively as NEs. We could therefore use NEs as the basis to identity
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PnO pages. To support our claims, we collect and anadyze 1,000 pages for PnOs and
1,000 pages for ot hers from the Web. We found that the percentage of NEs in PnO
pages is at least 6 times higher than that in other pages, if we ignore NEs of type
number and percertage

The finding is quite consistent with intuition, as NEs play important roles in se-
mantic expression and could be used to reflect content of the pages, especially when
human activities are depicted. The typical number of NEs appearing in theresults of a
search is around only hundreds or thousands, which means that it is feasible to use
them as the features of search results about PnOs. Our analysis alsoshows that NEsis
good in partitioning pages belonging to different persons or organizations, and the use
of frequent phrases and words, such as degee, education, work etc, is not effective
for thistask.

NE recognition is a fundamental step to many natural language processing tasks. It
was a basic task of the Message Understanding Conference (MUC) [1] and has been
studied intensively. Recent research on NE recognition has been focused on the ma-
chine learning approach, such as hidden Markov model [8], decision tree[9], colloca
tion statistics [10], and maximum entropy model [11]. As reported in MUC-7 [1], the
accuracy and recall of NE recognition in Englishis beyond 95% and is as good as
what human experts could achieve. The best reported results in NE recognition in
Chinese is also beyond 90% [12]. Thus we could accurately extract NEs from the
pages and then use them to reflect the content of those pages. In our system, we use
the decision tree to detect English NEs and the Rationality comput ation and default
decision tree[12][13] to detect Chinese NEs.

4 ldentifying Seeds of Clusters

It is generally observedthat there are two types of pagesin the results returned by
the search engine when the users querying on PnOs. The content of the first type of
pages is amost entirely about the users' focus. Examples of such pages include the
homepages, profiles, resumes, biographies and memoirs etc of PnOs These pages
contain a large number of NES, such as graduation schools, contact information
(phone, fax, email, address), working organizations and experiences (time and or-
ganizations) . We call such pages Direct Pages. Thesecond type of pagesisthe Indi-
rect Pages where the concept related to the user’s query string is just mentioned
briefly . For i nstance, the person’'s name may appear in a page about the attendees of a
conference, saff of acompany, record of atransaction, or the homepage of hisfriend.

Since a large proportion of content of direct pages depicts items related to the
query string, the relevance between direct pages and query is larger than that beween
the query and the indirect pages. Direct pages could provide more information than
theindirect pages that satisfies the users need. Therefore, we should choose the direct
pages as the candidates of dusters’ seeds. Of course, if there is more than one direct
page about atarget entity, then only the best oneis selected as the seed for clustering

To select the best direct pages of a target entity, we need to solve two problems.
First we must be able to identify a direct page from the indirect pages. Second, in the
case of multiple direct pages for the same target entity, we must be ableto select the
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best one. In this paper, we employ the following measures to identify the direct pages
that can be used as the seeds for target entities. We observe that the number and per-
centage of NEs in the direct pages are much larger than thosein theindirect pages do.
Suppose that the number of NEs is Ny, the number of tokens in pages is Ng,- The

peoatage of NEsof apageis
1 =Nne/Nioken )

In our experiment, NEs within theHTML tags are not accounted into Ngen. We use a
measure that combines Nyg andf to provide a balance between both quantities to iden-
tify direct pages as

g=Npgi =N I\EZIN token @

For example, if there are 7 NEs in a 100-token page, then g=7*7/100=0.49. The page
is considered adirect pageiif gislarger than athresholdt 1.

Next, if there is more than one direct page found for a target entity, we need to find
the best candidate as the seed. We observe that if both the homepage and resume of
John Smith are selected as direct page, those two pageswill share many similar NEs
related to John Smith, such as the university that he graduated Thus we could eval u-
ate the similarity between two direct pages by examine their overlaps in instances of
unique NEs. Here we use TFIDF to estimate the weight of each unique NEs as fol-
lows.

Wi j :tfi ,j* |Cg( N/dﬂ) (3)

where tf ; is number of NE i in page j; dfjis the number of pages containing NE i; and
N isthe number of pages.
The similarity of direct page p; andp; could be expressed by their cosinedistance as.

é. (W °* W ;) 4)

Sm(p p)=
J% (W) *ak W ;)

If sim(p;,p;) is larger than a pre-defined threshold t 5, then pi and p; are considered to
be similar. The page that has more NEs will be used as the seed and the other will be
removed. Because the number of direct pagesis asmall fraction of the search results,
and the number of NEs in direct pages is usualy less than hundreds thus the compu-
tatiord cost in iminating redundant direct pagesis acceptable

Third because not all pages with high number of NEs, like member list of a con-
ferences and stock price lists etc, are not direct pages. We should further check the
roles of target entities those appear in the query in the text. In general, if the target en-
tity appears in important locations, such as inHTML tags <title>, <H1> and <H2>, or
it appears fr equently, then the corresponding pages should be really direct pages and
their topic is about the users' target. We could detect the trace of page topic using
techndogy like wrapper rules[14].

According to the above discussion, the procedure toidentify seeds of clugersis
summarizedasfollowing:



GroupingWeb Pages about Persons and Or ganizationsfor Information Extraction 7

Det ect _seed(page_set)

set seed_set=null;//the collection of candi date seeds
for each (page in page_set){

sumup Noken, Ne and Niopic;

[Iwhere Nigic i s number of query strings

|/ appearing in a page

o= N\Ezl Noken;

if (ooty && (Nigpic > t2 || query_string is

intitle)) add page from page_set into seed_set;

}

for each pair p;, p; in seed_set:
if (Sim(Pi, B)> t3){
if (N\ein pi >Ne in Pj)
move p; from seed_set into page_set;
el se
nove p; from seed_set into page_set;
}

return seed_set;

}

At the end of the process, the pages remaining in the collection seed_set could be
used asthe seeds for clusters---they are representatives of entities namedin the query
string. Thetitles of seeds could be regarded as |abels of the clusters. The NEs in titles
or heads could be used asdterngives tolabels

5 Delivering Indirect pagesto Clusters

Compared to direct pages, indirect pages provide less information about the target
entity. Nevertheless, it does not mean that they are less important. Actually, the in-
formation extracted from indirect page may be more novel and provide more valuable
information to the users. For example, your classmate may list your name in his
homepage, though you have not contacted him for many years and do not know of
such a page in Weh You must be surprised tofind this page and feel that it is very
useful. Generally, indirect page could:

Provide additiona information such as activity or experience of the target entity.

Support or oppose the content in direct page whether they are consgtent or not.

Provide critical or negative content which may not appear in the direct page. It thus

provides important information to evauate the target entities fairly and integrality.

Therefore, we must explore an approach to link direct pages and indirect pages
properly. In other words, we want to add indirect pagesinto clugerswhich are created
by the seeds (direct pages). Asmentioned inthe above example some of the NEs
(such as your name, graduate school, or even period and degred in your classmate's
homepage is similar to those inyour direct page. We can thus use the similarity be-
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tween these NEs to link them together. In other words, we could compute their simi-
larity based on aselected set of NEfectures.

Besides NEs in pages, URL and links in pages could aso be used as heuristics to
select and rank indirect pages with respect to a seed page. If the roots of URLs are
same (such as www.comp.hus.edu and www.comp.nus.edu/~pris), or components of
URLs are similar (such as www.nus.edu.sgand www.comp.nus.edu.sg), there should
have some associations among them. Similarly, if there is a link between the direct
page and the indirect page, they should not be sepaated. To avoid complicating the
question, we suppose that URL, links and NEs have same weight, namely, URL and
links are regarded as other types of NEs.

We use the dgorithm below to select and link indirect pages to a seed page.

Arrange_i ndi rect _page(page_set, cl ust er _set)
/lclusters are presented by their seeds

set unknown_set=null; //collection of useless pages
foreach (page; i n page_set)
{

j =argmax sim(pageg,seed;) //see equation 4
i

if (] >ts)
add pagei into clusterj;
el se
add page; into unknown_set;

6 Experimentsand Discussion

Grouping web pages about PnOs is a pivotal component in our Web-based Infor-
mation Extraction System (see Figure 1) [15]. Here search results about PnOs are seg-
mented into different clustersaccording to their target entities, and then the pages in
different clusters are used to fill in different templates which are related to different
enities.

Experiment of web information processing is a time consumingtask, where each
search typically returns hundreds, or even thousands of pages. Moreover, evaluating
the effectiveness of clustering is notorious even though there are many guidelines
such as entropy [5], clustering error [16], and average precision [6] to measure the
quality of clustering. We ohtained the primary results according to following steps.
Because of lack of comparable results and standard test data, we just provide our pre-
liminery results.

a) We collect the names of 30 persons and 30 names of organization (such as compa
nies, governments and schools) in English from Y ahoo (www.yahoo.com), MSN
(www.msn. com). We control PnOs that belong to large companies and famous
persons (such as Micr osoft or George W. Bush), since there would be too many
pages in the search results. For example, Google returns 2,880,000 pages for



GroupingWeb Pages about Persons and Or ganizationsfor Informati on Extraction 9

Microsoft, and first hundreds of pages are about only one special target. To en-
sure sufficient data for the analysis, we also excluded those PnOs whaose retur n-
ing pages arelessthan 30.

b) We use every PnO name in the above collection as query string and submit to
Google. The results of the searches are downloaded. If the returning pages are
more than 1,000, we downloaded just the first 1,000 pages. We also filter outthe
fileswhose formats are not HTML and plain, such asPDF, PS, PPT formats, and
thosewhoselengths areless than 100 or more than 10,000. The average number
of pages returned is 227.

¢) NEs are detected from the downloaded Web pages. We remove the numbers that
are used to list the items in the pages. We, however, include e-mail addresses
and telephone number as a part of NEs. The average number of NEs for each
pageis 15.78.

d) Cluster seeds arethen detected from each set of search results. The number of clus-
ters depends on the parameters used in the algorithm detect_seed. If t; and t,
are smaller, the algorithm will produce more candidates of seeds. However, most
of them will be removed during the step of eliminating redundancy. In our ex-
periment, the candidates vary from 1 to 30s, where t; issetto 0.64 and t,to5.
T he seeds that detect_seed outputs vary from 0 to 11. The average number of
seedsis 3.5. The number of seeds for person is larger than that for organization.
This means that the number of persons withthe same name is larger than that of
organizations.

€) Indirect pages are added into different clusters. The average number of indirect
pages in each cluster is 38. The indirect pages in each cluster about organiz a
tions are congderably more than that about persons.

f) The quality of seeds is pivotal because it controls the distribution of segmentation.
Missing a seed will entail some indirect pages being assigned into wrong or un-
knowntset and a cluster missing. If there are redundant seeds, the direct pages
about the same target may be delivered into different clusters. Fortunately, it is
quite easy to differentiate between direct pages and indirect pages by using our
algorithm.

The detailed performance of detecting seeds is shown in Table 1. Here the missing
is the number of direct pages which should not be removed from seed-set. The aver-
age number of clusters for persons and organization is 4.57 and 2.17 respectively.
Precision iscorrect / ( correct + incorrect + redundant ); recall is correct / ( correct +
missing + redundant + incorrect). The performance of assigning indirect pages to
clusters is shown in Table 2. There are only more than 50% indirect pages could be
delivered to clusters and the other are discarded into unknown set. Tte latter are dis-
persed pages or lack the evidence to group their seeds. Because the number of indirect
pages is large, we do not check the quality of their delivering, such as missing and in-
correct. We will focus thisin the further research.

We evaluated the performance of our clustering approach according to two aspects.
One important factor is the quality of seeds. Missing a seed will reduce the number of
clusters. While conserving a redundant seed will incur the pages about the same taget
entity scattering in more than one clusters. As shown in Table 1, the average ratio of
the missing clusters and the redundant clusters is lower than 10%, which ind cates



10

Shiren'Ye, Tat-sengChua, Jimin Liu, JeremyR. Ke

that the seeds are stable and reliable. The other factor is the quality of entire clusters,

as

lisged in Table 2. There are about 40% of pages that cannot be clustered into exact

targets and are assigned to unknown-set. This may be caused by missing heuristic in-
formation, when some target entities do not have direct pages and the corntents related
tothem are sparse in the Web.

Table 1. the performance of detecting seedsor direct pages for distinct target entities

Seeds total  correct incorrect  missing redundant  precison  recall
Person | 137 127 8 3 2 92.7% 94%
Org. 65 61 4 3 4 84.7% 89.7%
Ovedl | 202 188 12 6 6 88.7% 91.8%

Table 2. the performance of assigning indirect pages.

page total num.  avg.num. inclusers  unknown ratio of ddivering
Person | 3,600s 705(*30) 1,500s 58.3%
Org. 9,800s 220s (*30) 3,200s 67.3%

T he performance of this PnOs grouping approach isdiscussed asfollowing:

Effectiveness: Compared with the results of manual clustering, outputs of com-
puter do not always match human expectation[17]. Different people may produce
different segmentations, and the case by computers is worse. For many clustering,
though we could find out the reason for such segmentation some of them still are
specious. However, our approach is natural and its measurement is clear and rela
tively objedive: pages about the sametarget should be grouped together. The seeds
of clusters (direct pages) cover many items of targets and the relevance between di-
rect page and query is highest. According to this measurement, there is little vari-
able when search results are segmented. Hence users could comprehend our clus-
ters very well and accept it. Of course, once errors occur, especialy when pages
about different tagets are arranged together, they could figure them out explicitly.
In spite of that, the extensibility of this clustering approach is limited. For pages
beyond PnOs, such asresearch paper, financial report, etc., the frequency of NEsis
much lower. If there were represented by NEs, only few features should be non-
zero, most of them could not be grouped together. At the same time, it is difficult
to distinguish direct pages from indirect pages, so the number of clusters is unsta
ble. On the contrary, for PnOs, there is obvious difference among them and detect-
ing seeds is not sensitive to parameters. Inaword, the testing users are satisfied
with the segmentation by our approach.

Snippet or document: If the clustering result on snippets returned by search en-
gine is as good as that on document, we could save quite a little time and cost for
downloading original pages. Like most clustering algorithm, our approach is sensi-
tive to length of sourceand improper for snippets. This may be caused by snippets
beng short of NEs and fake NEs emerging. For example, if there is string
“..University of Singapore’ in the boundary of a snippet, a NE Univer sity of Sn-
gaporewill be detected. In fact, it should be National Univer sity of Sngapore
Computational cost: Account for response to usersin time, the speed of clustering
Web pages is pivotal. The computing time of our approach is nearly linear to the
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number of Web pages, the number of NEs among them (including URL and links)
and the number of clusters when the number of clusters is further less than that of
pages. Furthermore, NEs could be recognized in the procedure of downloading
pages. Determining direct page or indirect page could be proceeded at the same
time if NEs are not normdized. In our experiment, the average time for clustering
1000 pages about PnOs using non-optimal algorithm is 34 seconds (P11 900 and
Men 512M).

7 Conclusion

PnOs are common query questions during users surfing Internet. Our clustering
approach based on NEs could be used to group search results according to their tar-
gets where diginctive direct pages play the seeds of clusters. Although it is difficult to
extend this approach to domain besides PnOs, it is certainly an effective approach for
users to summarizeinformation about special target, and track the activity of entities
inwhich they areinterested.

Further research is centered on: (a) Improve the effectiveness of the clustering
method. (b) Incorporate learning to tune the parameters of the clustering approach. (c)
Use the clustering results to perform information extraction for PnOs, and to facilitate
user browsing. (d) Extract the techniques to extract information in other domains.
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