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Abstract

The Web has established itself as the dominant
medium for doing electronic commerce. Con-
sequently the number of service providers, both
large and small, advertising their services on the
web continues to proliferate. In this paper we de-
scribe new extraction algorithms for mining ser-
vice directories from web pages. We develop a
novel propagation technique for identifying and
accumulating all of the attributes related to a ser-
vice entity in a web page. We provide experimen-
tal results of the effectiveness of our extraction
techniques by mining a database of veterinarian
service providers from web sources.

1. Introduction

A number of service providers operate their
own web sites promoting their services at length
while others are merely listed in a referral site.
Aggregating all of the providers into a queriable
service directory makes it easy for customers to
locate the best suited servicies for their needs.
An attractive solution is to create the service di-
rectory by mining the web for service providers.
Such a solution has several merits. Firstly, it
does not need any explicit participation by the
service provider and hence is scalable. Secondly,
since the process is automated and repeatable the
content can always be kept current. Finally, the
same process can be readily adapted to differ-
ent domains. We characterize services by an on-

tology consisting of a taxonomy of service con-
cepts, their associated attributes (such as names
and addresses) and type descriptions for the at-
tributes. In addition the ontology also associates
an attribute identifier function with each attribute.
Applying the function to a web page will locate
all the occurrences of the attribute in that page.
Each web page is parsed into a DOM (Docu-
ment Object Model) tree and the identifier func-
tions, specified in the ontology for locating occur-
rences of the attributes in the page, are applied.
The problem is to group all the attributes corre-
sponding to each service provider. In this paper
we describe a novel ontology-directed propaga-
tion technique for identifying and accumulating
all of the attributes related to each service entity
in a web page. By using a concept ofscoringand
conflict resolutionto prevent erroneous associa-
tions, our algorithm groups the attributes related
to each service provider in a web document.

2. Ontology Directed Mining

A service ontology is characterized by a set of
service concepts� , the IS-A relationship between
concepts, a set of single-valued attributes� �, a set
of multi-valued attributes�� , a function� that
associates a set of attributes with a concept, and
the extraction function���� �	 associoated with
an attribute. Each entity isuniquelyidentified by
a set of single-valued attributes. We call any such
set as akey. e.g. for service providers two possi-



ble keys are
���� ��� � ���� � and

������� � � �� �. Let�
be the DOM tree of a page.� 	��
 � �
 � denotes

the parent of node
 and�
 ��	��
 �
 � denotes all
its children. We are interested in identifying sub-
trees in

�
in which no single-valued attribute oc-

curs more than once. We use the notion of amark
for doing so. Whenevermark(n) is � it means
that there exists more than one occurrence of a
single valued attribute in its subtree. Specifically,
the subtrees rooted at a node can be merged as
long as no single-valued attribute occurs in more
than one subtree. A maximally marked node
 is
an internal node such that� 	�� �� 	��
 � �
 �� is
�. Let � �
 � denote the concatenation of the text
strings associated with the leaf nodes of the sub-
tree rooted at
; ���� be the set of attributes of the
concept�; �� � � ���� �� � be the attributes that con-
stitute the key of�; � �	 � � ���� 	� � denote the tuple
of attributes associated with an entity. We will ex-
tract one tuple from a home page and several such
tuples from a referral page. We use

���� � �
 � to
denote�� 	�� �
 � �. Algorithm Extract takes as in-
put the tree of the page and the set of attributes
names of the concept�. It outputs either a single
tuple containing the values of the attributes if it
is a home page or a set of tuples if it is a referral
page. ExtractHomePage takes as input the set of
attribute names whose values are to be extracted
and the set of maximally marked nodes in the doc-
ument tree. The intuition behind this algorithm is
that the maximally marked node contains the key
attributes associated with the service entity and
any node in the document tree might contain oc-
currences of the multi-valued attributes. For re-
ferral pages we have to extract the attributes of
several entities. The main problem here is asso-
ciating the extracted attributes with their corre-
sponding entities. We use the notion of acon-
flicting set that will be used in making such an
association. Let� be as defined in Algorithm Ex-
tract. Observe that� is an ordered set of nodes.
Let � � � � � � � � � � � �� � denote the nodes in this
ordered sequence. We say that� is conflict-free
whenever�� � �  , �  ! � " � such that mark(�  ) #
mark(�  ! �) is consistent.� is not conflict-free if
all pairs of consecutive nodes are mutually incon-

sistent. Observe that whenever� is not conflict-
free then any maximally marked node represents
a single entity. All we need to do is simply pick
the attributes in it and create the tuple for that en-
tity. If this is not the case then attributes of an en-
tity may be distributed across neighboring nodes.
In that case we will have to detect the boundaries
separating each entity. In addition even if� is
conflict-free the leaf nodes in it will have conflicts
and we will have to detect boundaries separating
the attributes of entities in the text string at the
leaf node.

Algorithm Extract ($ , %&&')
begin
1. forall nodes( ) $ do
2. * +', -( .
3. end
4. Let/ = 0 maximally marked nodes1 2 0 leaf nodes marked3 1
5. if 4* 5 6 *7 ) / 8 0%&&' 9: -, ;. -< -* 5.. 6 ===6 %&&' 9: -,> . -< -* 5..1?@ 0%&&' 9: -, ;. -< -*7 .. 6 ===6 %&&' 9: -,> . -< -*7 ..1 then
6. $ is a referral page
7. else
8. $ is a home page
9. endif
10. if $ is a home pagethen
11. A = ExtractHome Page(%&&', /)
12. elseif $ is a referral pagethen
13. 0A ; 6 ===6 A > 1 = ExtractReferralPage(%&&' , /)
14. end
end

Algorithm ExtractHomePage (%&&' , /)
begin
1. pick the node( in / with the maximumscore
2. forall +5 ) %&&' 8 +5 ) % B do
3. A C+5D @ %&&' 9: -+ 5 . -< -( ..
4. end
5. forall +5 ) %&&' 8 +5 ) %E do
6. A C+5D @ FEG HI %&&' 9: -+ 5 . -< -* 5 ..
7. end
8. returnA
end

3. Service Directory Mining System Implemen-
tation

The system consists of three main components:
an acquisitioncomponent, aclassificationcom-
ponent and anextractioncomponent. The acqui-
sition component retrieves HTML pages from the
web that are likely to be relevant for the intended



domain of services. This is done by doing a key-
word search for the service with a web search en-
gine. The search engine returns a number of urls
pointing to pages that match the keywords. All
of these web pages are fetched by the acquisition
component.

Algorithm ExtractReferralPage (%&&', /)
begin
1. if / is not conflict-freethen
2. forall * 5 ) / do
3. if * 5 is a leaf8* +', -* 5. @ 3 then
4. 0A ; 6 ===6 A > 1 = BoundaryDetection(%&&' , *5)
5. else
6. forall +7 ) %&&' do
7. A5 C+7 D @ %&&' 9: -+ 5 . -< -* 5..
8. end
9. end
10. end
11. else
12. 0A ; 6 ===6 A > 1 = BoundaryDetection(%&&' , /)
13. end
14. return0A ; 6 ===6 A > 1
end

The classification component filters the re-
trieved pages into a set of web pages that the clas-
sifier has judged to be actually relevant for the in-
tended service. For training the classifer one hand
picks examples of web pages that are relevant to
the intended domain of service. These serve as the
positive examples. One must also choose pages
unrelated to the service as the negative exam-
ples. The extraction component, driven by the ser-
vice ontology, does unsupervised extraction of at-
tribute values from classified pages and builds the
services direcxtory. The mining system described
above was used to create a service directory of
veterinarians. For veterinarian service providers,
we built an ontology consisting of two concepts:
theService Providerconcept at the root, and the
conceptVeterinarian. TheService Providercon-
cept consists of the attributesservice provider
name, street, city, state, zip, phone, email, url.
The conceptVeterinarianconsists of the attribute
vet’s name. In addition,Veterinarianinherits all
the attributes ofService Provider. The attributes
phone, emailand vet’s nameare multi-valued
while the other attributes are single-valued. Regu-
lar expressions were used to identifyphone num-

ber, email, stateand zip in a page. Rules were
used to identifystreet, vet’s nameand service
provider name. We trained the classifier by pick-
ing 371 veterinarian home/referral and 303 non-
veterinarian web pages. The web search yielded
13,691 distinct pages. The trained classifier was
used to select the relevant pages from them. Clas-
sification identified 3400 pages as positive or rel-
evant to the veterinarian domain. The extraction
algorithm was run on all of the 3400 pages. We
provide experimental results of this case study be-
low. From these 3400 positively classified pages,
950 were identified as home pages of veterinar-
ian service providers while 1900 were identified
as referral pages by the extraction algorithm. The
� ���� � ��	�� � � �� � triple was used as the key.
There were about 550 pages with missing zips
that were discarded. Table 1 shows the statis-
tics of different attribute values collected for these
2850 pages.

Attribute Number of Records
Home Pages Referral Pages

City 950 12300
State 950 12300
Zip 950 12300
Street 950 12300
Phone 806 10930
Email 938 780
Doctor Name 711 3930
Hospital Name 856 12300
URL 950 -

Table 1. Number of records extracted for each
attribute for home and referral pages

For comparison we retrieved a total of 650
email addresses and 990 urls of veterinarian
service providers listed in http://vetquest.com,
http://vetworld.com and the yellow pages in
http://www.superpages.com. In contrast our min-
ing system yielded 1718 emails and 950 urls of
home pages.



4. Related Work

Extraction from semi-structured sources by
wrapper generationmethods is an extensively re-
searched topic [10, 2, 8, 1, 11, 9, 12]. Wrap-
pers have several disadvantages: (a) a signifi-
cant amount of work is required to generate the
rules, and (b) they are document specific as they
rely on the syntactic relationship between HTML
tags and the attribute value for proper extraction.
Wrappers are therefore brittle to changes in the
document structure. In contrast our extraction al-
gorithms are independent of any page specific re-
lationships between HTML tags and attribute val-
ues. All that is needed is an ontology for the in-
tended service domain. With such an ontology
extraction from any document relevant to that do-
main can be carried out. Information extraction
techniques as embodied in [5, 4, 3] use supervised
machine learning methods. Observe that the cre-
ation of the ontology is the only supervised step
in our approach. Regardless of the ontology, our
algorithm for associating attribute values to their
corresponding service entity in a web document is
unsupervised. Supervised machine learning tech-
niques that will handle multiple entities in a doc-
ument are as yet not known. Query languages for
semi-structured documents constitutes an impor-
tant class of extraction techniques. They all as-
sume that the document schema is known a priori.
In our approach we make no such assumptions.
The work that comes closest to ours is [7, 6]. In
this work the extraction problem is formulated as
one of detecting boundaries between records and
hence is applicable to only referral pages. The
boundary detection is based on several different
heuristics which can result in incorrectly identify-
ing the entities.

5. Conclusion

Engineering an ontology is largely dictated by
the the complexity of the identifier functions. In
the case study reported in this paper we used reg-
ular expressions as the identifier extraction func-
tions. Incorporating complex rules in the ontol-

ogy can result in improving the precision of ex-
traction considerably. This is an area worthy of
investigation. Our requirement for the existence
of a key to distinguish between home and refer-
ral pages resulted in misclassifying some referral
pages. Relaxing this requirement is a topic of fu-
ture work.
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