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Abstract A rich family of generic Information Extraction (IE) techniques have been de-
veloped by researders nowadays. This paper proposesWebKER, a system for automatically
extracting knowledgefrom semi-structured content on Web pagesbasedon wrappers and do-
main ontologies. Within the extracting process,wrappers are learned through su x arrays.
Then domain ontologies automatically align the raw data extracted by wrappers and knowl-
edge are generated by describing the data with Resource Description Framework (RDF)
statements. After the merging process,newly generated knowledge are added to the Knowl-
edgeBase (KB) nally for usersto query regardlessof resources'derivation. A prototype of
WebKER is implemented. This paper also givesthe performance evaluation of this system
and the comparison between querying information in the KB and querying information in
the traditional database,indicating the superiority of our system. In addition, the evaluation
of the outstanding wrapper and the method for merging knowledge are also preserted.
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1 Intro duction

With the emergenceof the World Wide Web, making senseof large amount of
information on the Web becomesncreasinglyimportant. Sincemost of the Web pages
are written in the formatting languageHTML nowadays, when usersdo somequeries,
the seard enginecannot understandthe semartics of the searding results or makethe
data sensible. Recerly, Information Extraction (IE) techniquesare more and more
widely used for extracting relevant data from Web documents. The goal of an IE
systemisto nd and link the relevant information while ignoring the extraneousand
irrelevant ond. Among these techniques, wrappers are widely used for corverting
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Web pagesto structured data. However, the layouts of Web pagesfrom dierent

websitesare usually di erent. In addition, the layout of a speci c Web pagemay be
updated from time to time. Therefore,to nd out a genericmethod for automatically

or semiautomatically generatingwrappers becomesone of the hottest issues.Se\eral

tools have already beenapplied in generating wrappers?:2l, howewver, since resources
are typically formatted in diverseways for human viewing, sometimesthe accuracy
of extraction is not satisfactory and the traditional way of storing information is not

cornveniert for usersto query.

IE techniquesare usedfor identifying and extracting speci ¢ resourcefragments
from corpus. Some related works have addressedthe IE problemi? . With the
growth of the amount of information, the utilization of robust Web IE tools be-
comesnecessary Traditional IE concerrates on domains consisting of grammatical
prose. Someresearderstry to extract information using databasessince the data
in database are structured. However, most data on the Web are semi-structured
or unstructured. So the traditional databasecannot do the extraction work. Some
methods are proposedto extract data from Web sourcesto populate databasesfor
further handlingl’l. Seweral IE systems have also been proposed, which are usu-
ally basedon wrappers and take a single approach or attack a particular kind of
domainl?:3:51, Wrappers are specialized programs which identify data of interests and
map them to somesuitable format!®. At the beginning, wrapper generationis tedious
and time-consuming sinceit is usually done manually. Recerly, somewrapper in-
duction systemsare proposedby researders. TSIMMIS [¥1 generateswrappers using
rules basedon the users' speci cation. Some systemsare basedon heuristics wrap-
per induction such as STALKER 9 which is tailored for well-structured documerts
and WHISK 1 which is tailored for lessrigorous structured documerts. Ontology-
basedwrapper induction generateswrappers by de ning and applying the domain
knowledgé!?. Generally speaking, most of recertly developed wrappers are usually
basedon query language$®!, HTML structure analysig'¥, grammar rules®, natu-
ral languageprocessingt®!, machine learning!*”, data modeling!*®!, ontologied!?, etc.
However, the lack of homogeneit in the structure of the sourcedata in the websites
becomesa most obvious problem in designinga systemfor Web IE.

To the best of our knowledge, little work has beendoneto give complete frame-
works or systemsfor extracting knowledgefrom diverseWeb pagesin Chinesebasedon
IE techniqguesand domain ontologies. Moreover, due to the lack of semartics, the tra-
ditional way of storing information is not conveniert for usersto query and sometimes
the returned results are not su cien t. Domain ontologies are more and more widely
usedfor integrating data from heterogeneousand distributed data sourcesnowadays
since they can provide machine-readable represenation of meaning of information.
Cao et al. presert an ontology for traditional Chinesedrugs and formulae, and an
ontology-based system for extracting knowledge of drugs and formulae from semi-
structured text?®, Wang et al. proposea new ontology-mediated method OMKast
for automatic knowledge acquisition?!l. Ontology is a concept derived from philos-
ophy and it has another de nition in computer sciencecommunity??. Motiv ated
by the above analysis, based on pattern discovery, we apply domain ontologies in
assisting usersin extracting knowledge from semi-structured content on Web pages
and then doing the queries. We proposeWebKER, a domain-ontology-basedsystem
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for extracting knowledgefrom ChineseWeb pageswith wrappers generatedbasedon
pattern learning. Compared with traditional knowledge extraction tools, our system
doesnot needthe manual annotations unlessthe original namesof resourcesare not
included in the Name Dictionary (ND) which can assistour systemin ful lling the
name mapping task and will be further discussedin Section 5. Moreover, our sys-
tem can be easily modi ed to deal with the Web documerts in other languagesif
the corresponding ontologies and Name Dictionary are provided. The remainder of
this paper is organized as follows. Section 2 preserts the framework for WebKER.
Section 3 describes the method of normalizing Web pages. Section 4 setsforth the
raw-information-extraction processusing wrappers basedon pattern learning. Sec-
tion 5 describesthe knowledge-managemenprocess,including knowledge generation
and knowledge merging. A set of experiments is given in Section 6, in which the
performanceof our systemand the comparisonbetween querying information stored
in our KnowledgeBase(KB) and querying information stored in traditional database
are preserted. Finally, someconcluding remarks and our future researt directions
are outlined in Section?7.

2 Framew ork

In this section, we describe the framework of WebKER. In Fig.1, Retriever block
retrieves Web documerts from the internet. Then these documerts are transformed
from ill-formed expressioninto well-formed expressionwith Transformer block. Two
documerts which are of the samelayout are comparedby Information Block Extractor
block and then the generatedHTML snippet is sert to Translator block. According
to the tag mapping table, tags are replaced with speci ¢ characters. Sux Array
Constructor block generatesthe repeated patterns hidden in the Web documerts.

Figure 1. Framework for WebKER
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According to the prede ned criteria, Seletor block nds out the most reasonable
one from aforemenioned repeated patterns. Then the properties and their values
can be extracted and stored in XML les. Sincethe namesof properties may not
beidenti ed by the domain ontologies, basedon HowNet?®l and a Name Dictionary ,
these names are replaced with the prede ned onesin domain ontologies by Name
Mapper block. Finally, knowledgeis generatedand merged by Knowledge Generator
block and Knowledge Merger block respectively before being addedto the KB.

3 Web Documents Prepro cess

Most Web pagesare written using HTML and much of their cortent is ill-formed.
For instance, sometimesthere is no closetag corresponding to an opentag. This will
bring us troubles in the IE procedure when we needto know where the interesting
information is. Therefore, we must rst transform original Web documerts from
ill-formed expressioninto well-formed expression.

XML expressionis well-formed and XHTML is the extensionof HTML basedon
XML. Thuswe cantransform the original HTML documerts into XHTML documerts
to prepare for the extraction. Tidy [?¥ is W3C open sourceand developed to assist
Web authors in improving the accessibiliy and usability of HTML documerts. Here,
we use it to fulll this documert transformation task. Within the transformation
processthe original HTML documert is rst parsedinto DOM structure and then the
transformation commenceswhich contains following steps: missing and mismatched
endtagsare detectedand corrected; endtagsin the wrong order are corrected; heading
tags and the emphasistags with problemsare xed; uncompletedtags are completed;
tags lacking a terminating /' are spotted; quotation marks are addedto all attribute
values; mixed up tags are recovered.

4 Wrapp ers Generation

De nition 1. W is a Web pageincluding the information of interests. A wrap-
pers geneation problemis to determine a re ection R which maps the important
information in W to a data pattern P.

In De nition 1, R canidentify the Web pageswhich are similar to W. \Tw o Web
pagesare similar" indicates that the layouts or the ways of describingdata are similar
for both pages,however, their contents are di erent. Generally speaking, there are
two phrasesfor generating wrappers:

{Learning . In this phrase,the patterns of information are extracted from Web pages
and then the extraction rules are generated.
{Managemen t. It actually indicates the maintenance of the extraction rules.

In this subsection, in order to construct wrappers, we use a su x-arra y-based
method for learning patterns from Web documerts. Moreover, this self-adaptive
method can deal with the updating of Web pageswell. Therefore, the managemen
of wrappersis more cornveniert for users.

It is known that a Web documerts may cortain se\eral information blocks. For
instance, there is a list of automobiles' advertisemerts in a Web documerts and ead
item can be recognizedasan information block. Likewise,ead topic in a Web pageof
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the BBS forum is an information block. Someof theseblocks contain the information
which usersare interestedin. We recognizethis kind of blocks asInformation Content
Blocks of Interests (ICBI). Other blocks may contain advertisements or other infor-
mation which are unhelpful to users. Obviously, the repeatsthat occur regularly and
closelyin a Web pageoften represen blocks of meaningful information that might be
interesting to users. What analyzed above motivates us to look for methods for rec-
ognizing these repeated patterns. We should identify ICBI and then extract helpful
information with the help of wrappers.

Here,we usesu x treesand su x arraysto generatwrappers. A sux tree, also
named PAT tree(or Patricia tree), is developed by Gonnet to locate every possible
position of a pre x in a continuous data stream®®l. For instance, Figure 2 shows a
PAT tree which correspondsto the documert string snippet described on the top of
the gure, which hasbeen rstly translated to a string composedof 0 and 1 according
to the replacemen rules described at the left of the gure.

Figure 2. PAT tree for a string snippet

In 1993, Manber and Myers proposedthe sux array as a space-e cient sub-
stitute for sux treed?®. It is simpler and more compact than the sux tree
structurel?”l, The sux array of a string is the array of all its suxes sorted by
lexicographically. It hasbeenusedfor indexing texts and addressingstring problems
such as approximate string matching, computing substring frequenciesand nding
out the longestrepeated substrings. Sinceead Web documert can be recognizedasa
string, we canuseasu x tree to storeall the simi-in nite strings(alsonamed sistring)
in a documert. With the su x array data structure for implemerting the su x tree,
we can analyze ead sistring and discover helpful patterns basedon specic criteria.
Actually, thesepatterns tell us how to construct wrappersto extract information from
Web pages.We give v e stepsto nd out the most reasonablepatterns as follows:

Step 1: Insignican t Blo ck Elimination. There are someblocks in original
HTML documerts which do not contain any information, suc as Script blocks, Style
blocks and Comment blocks. We can rst exclude these blocks and this exclusion
will benet later steps. Here, we useregular expressionsto match these blocks and
then omit them. For instance,we can nd out Script blocks using regular expression
\< SCRIPT['>] (> jnn)"

Step 2: Information Blo ck Extraction. The layouts of similar Web pages
are the samesincethey are usually generatedby an identical website. Moreover, the
helpful cortent to usis usually not the samebut di erent in Web pages. Therefore, we
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can compare every two lines in two similar Web pagesfrom top to bottom and omit
the samelines. However, we should not omit all the samelines since someof them
may be located in ICBI. During the comparison, we denote the line containing the
samesourcecodeswith letter S(same) and the line containing di erent sourcecodes
with letter D (di erent). Then we canobtain a string composedof S and D. Basedon
the above analysis, the number of S will be much larger than that of D. The substring
cortaining only onekind of charactersis recognizedasa line group. If the number of
S in aline group exceedsa preappointed threshold (20 characters), the corresponding
sourcecodesin the Web page will be omitted. Otherwise, the source codeswill be
retained. Finally, we can get a new string represeriing the Web documert, in which
most constart content we are not interested in has beenexcluded.

Step 3: Sux Array Construction. The distribution of tags can re ect
the pattern of the information in Web documerts. We do not concern about the
attributes within tags here. We omit them and only retain the tag names. Moreover,
we replace the literal content betweentwo tags with a new tag </txt >. Then we
get a string which contains only tags and basedon this string we construct a su x
array to discover patterns. Before constructing the su x array, we map ead tag to
an identical letter. The mapping table is shown in Table 1.

Table 1 Mapping tags to characters

<TABLE > </T ABLE > <TBOD Y>< /TBOD Y> <TR> </TR > <TD > </TD >

a b c d e f g h
< TXT/ > <FORM > </F ORM > <A> </A > <OPTION > </OPTION > <INPUT >

i j k | m n o] p

< SELECT ></SELECT > <B> </B > <BR> <HTML > </HTML > <HEAD >
q r s t u \Y w X

</HEAD > <TITLE > </TITLE > <MET A> </MET A> <BIG > </BIG > < STYLE >
y z A B C D E F

</STYLE > <BODY> </BOD Y> <DIV > </DIV > <BUTTON > </BUTTON > < SMALL >
G H | J K L M N

</SMALL > <LINK > </LINK > <IMG > <IFRAME ></IFRAME > < SPAN >
(o] P Q R S T U

Now, we can get a string of letters represerning tags in the Web documert and
full the su x-arra y-construction task by following steps: 1. Construct the su x
array of all the suxes starting at positionsi mod 3 6 0; 2. Construct the su x
array of the remaining su xes using the result in the rst step; 3. Merge the two
sux arraysinto one.

Step 4: Pattern Discovery. Now, basedon the generatedsu x array, we
expectto nd out the maximal repeats hidden in its corresponding Web documert.
Supposethis array is denoted by SA and has n elemeris. We de ne an auxiliary
array A with n+ 1 dimensions. A[i] contains the length of the longestcommon pre x
between adjacert suxes SA[i 1] and SAJ[i], where 0 < i < n. To simplify the
algorithm, the rst elemen A[O] and the last elemert A[n] are both equal to zero.
We also de ne another array SP to store the start positions of the above common
pre xes. The algorithm for generatingarray A and array SP are shown in Algorithm
1. According to array SA and array A, we can get the repeated substrings in the
Web documert string. By mapping them badk to original tags we can obtain hidden
patterns. For instance, a substring is a repeated pattern if it starts with the position
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SAJi] and its length is A[i + 1], where06 i < n.

Algorithm 1 Patterns discovery algorithm.

Input: The sux array safor a Web documert string denoted by an array d
Output: The maximal common su xes(patterns)

1. Initialize the auxiliary array a;
2. for (i = 0;i < the length of sa; i++) f
2.1 Store the start position of sa; 1 of d in left.idx;
2.2 Store the start position of sa; of d in right_idx;
2.3 Initialize a counter: count = O;
2.4 while (left.idx < the length of d && right_idx < the length of d)
2.4.1if (dief t_iax == right_idx f
2.4.1.1count = count+ 1; left_idx = left.idx+ 1;right_idx = right_idx+ 1;9
elsef 2.4.1.2a; = count;break ;g
g/lgenerating the auxiliary array A
3. Initialize the serial-number array sp and a stac s;
4. Initialize the two integers:t = O;u = O;
5. for (int i = O;i < the length of sp+1; i++) f
5.1. if (spis empty && a; > 0)
5.1.1. spush(i);
elsef
5.1.2. Store the top elemen of sin t;
5.1.3.if (ar < §)5.1.3.1. Pushi into s;
else if (a1 == &;)5.1.3.2. contin ue;
elsef5.1.3.3.b, = s.pop(); u=u+ 1;i=1i 1,99
o//lgenerating the serial-number array SP

Step 5: Pattern Selection. Since most of the extracted patterns are incom-
plete or redundant and someof them are eveninvalid, we should nd out the criteria
to choosean outstanding pattern. Here, \outstanding” meansthat with this pattern
we can extract most helpful information from a speci ¢ kind of Web documerts. We
give our patterns selectionmethod basedon someof their featuresas follows:

{ F1. Tag Loops. Basedon the above pattern discovery method, inevitably,
somepatterns' tags contain loops. For instance,\ <td>< txt/ >< /td >< td><
txt/ >< ftd >< td>" and \<td>< txt/ >< /td >" are equivalent patterns in the
information extraction process.This kind of long patterns should be simpli ed
rstly . Algorithm 2 describesour simpli cation algorithm.

{ F2: Pattern Length. Sometimes,the length of a pattern is too short (less
than three or four tags). This kind of patterns can not match much of ICBI
and the extracted information is usually incomplete, sincethey are incomplete.
Therefore, if the length of a pattern dosenot exceedthe preappointed threshold,

we abandoniit.

{ F3: First Tag. A complete and valid pattern should start with an opening
tag (like < TagName >) or a singletag (like < TagN ame=>). Therefore, we
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omit the pattern starting with a closingtags.

{ F4: Coverage. Some patterns can only cover short parts of the string in
the ICBI. Here, we give a function to calculate the covering percertage of pat-
terns. Supposethere is a documert string S and a candidate pattern P. After
matching, there are k break points point;, points,..., pointy. Each break point
indicates a start position of the substring which this pattern matches. The
covering percertage CP is de ned as follows:

_ k Length(P)
CcP = Length(S) @)
Here, Length (X ) denotesthe length of string X . If the covering percertage of a

pattern exceedsa preappointed threshold, we retain it. Otherwise, we abandon
it.

Algorithm 2 Tag loops elimination algorithm.
Input: The string str represering a pattern.
Output: The simplied str.

1. Initial the position of left pointer(PLP) and the position of right pointer(PRP).
2. while (PLP is on the left of PRP)f
2.1 Store the str's substring starting with index O(included) and ending with
index PLP(not included) in string Is;
2.2 Store the str's substring starting with index PRP(included) and ending
with index str.length()(not included) in string rs;
2.3if (Is == rs)f
2.3.1 Store str's substring starting with index O(included) and ending with
index right_point(not included) in str;
2.3.2PLP = 1; PRP = str.length() - 1;
g
elsef2.3.3PLP = PLP + 1; PRP = PRP - 1;g
g

Through above selections,we can get a more reasonablepattern for the ICBI. Of
course,userscan modify the pattern manually if necessary Finally, we usea regular
expressionto describe this outstanding pattern and recognizeit as the wrapper to
extract raw data from its coresspnding Web documerts. The properties and their
values of extracted individuals are saved in XML les nally . The performance for
the pattern learning will be evaluated in Section 6.

5 Kno wledge Generation and Merging

5.1 Namesof resouices mapping

The data newly extracted in Section4 is raw sincethe namesof extracted prop-
erties are the original namesin Web pagesand one property may have seweral synony-
mousnameson di erent websites. Therefore, beforegeneratingknowledgestatemerts,
we should map the original names of properties to the namesprede ned in domain
ontologies. This processis named as name mapping
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We establishan ND to full the name mapping task. Each record appearing in
the ND denotesa resource(class, property or individual) in the domain ontologies
and contains two columns. The resources'namesprede ned in the domain ontologies
are listed in the left column and remarked as OntName. On the other hand, the
corresponding synonymous names of resourcesfrom various websites are listed in
the right column. As a matter of fact, the synonymous namescan be accunulated
manually during the IE processf necessaryasshown in Fig.1. In the mapping process,
the program will ched the name of ead resourcestored in the XML les generated
in Section4. If a speci c resource'sname s found in the right column of the ND, it
will be replacedwith the name prede ned in the domain ontologies. Otherwise, users
will be invokedto decidewhether the resourcecorresponding to this new name exists
in the domain ontologiesor not. If it is a known resource,the namewill be recognized
asa new synonymous name and then addedin the right column of the corresponding
resource. Moreover, this new synonymous namein the XML le will be replacedwith
its corresponding OntName. Otherwise, when the resourcedoesnot have any correct
corresponding ontology, it will be abandoned nally . In order to get high e ciency
of consulting the ND, we useBinary Balance Tree (BBT) data structure to rearrange
and store the resourcesnames.

5.2 Population

In this subsection,we useResourceDescription Framework (RDF) 128! statemerts
to represen knowledge. RDF is a machine-understandablelanguage. In RDF state-
ments, things have properties which have values. The knowledgecan be described as
follows.

De nition 2. The knowledge K is denoted by a 3 tuple K= (subject, predicate,
object):

a. subject is the part that identi es the thing the statementis alout;

b. predicate is the part that identi es the property or characteristic of the subject
that the statement speci es;

c. object is the part that identi es the value of that property.

Basedon De nition 2, extracting information from Web pagesis actually a pro-
cessof extracting subjects, predicatesand objects. Moreover, through large amourt
of obsenation, we nd that predicates and their values often appear in structured
cortent. Therefore, we can identify the subject and the object of ead property by
guerying domain ontologies.

Finally, subjects, properties and objects can be described by 3 tuples formation
and then addedto the Knowledge Base (KB).

In Ref.[22], Gruber, coming from Stanford University, gave a de nition of ontol-
ogy as follows.

De nition 3. An ontology is a speci ¢ ation of a conceptualization, used to help
programs and humans share knowledge.

Here, we also give the de nition of core ontology as follows:

De nition 4. Core ontology is a sign systemO(L; F; C,H; ROOQT where

a L denotesa lexicon containing a set of natural languageterms.
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b F is a reference function with F : 2 7! 2€. F links setsof terms fL;g L
to the set of concepts they refer to. In geneal, one term may refer to seveal
concepts and one concept may be referred to by seveal terms.

¢ Cdenotesa set of concepts.

d H denotesa heterarchy. Concepts are taxonomically related by the directed,
acyclic, transitive re exive relaton H,(H C Q).

e ROO? C denotesa top concept. For all c2 Cit holds: H(c;ROOQT

Based on De nition 2 and De nition 4, ontologies can be expressedwith RDF
graphs and we can query these graphs easily using Jend?®!. Jena takes subjects,
predicatesand objects asresourcesand eat predicate hasits domain and range: the
domain indicates that a particular property appliesto a designatedclass;the range
indicates that the valuesof a particular property are instancesof a designatedclass.
Therefore, by querying the domain and range of a speci ¢ property, we can identify
the classeswhich its subject and object belongsto respectively. With the wrapper
generatedin section 4, we can obtain the XML le which contains all the properties
and their valuesin a speci ¢ Web documert. Here, we proposea property-certralized
approadc for generating knowledge. By large amount of obsenations, we nd that on
a single Web page, the properties usually describe only one individual of a specic
class. In other words, one Web pagemay cortain seeral individuals but they belong
to dierent classes.Before we get the RDF statemerts, we identify the typesof these
properties. Generally speaking, there are two types of properties: Object property
and Datatype property. The di erence betweenthesetwo typesis that the range of
Object property is a classand the range of Datatype property is a literal (a string,
integer, etc).

The types of properties have already been prede ned in the domain ontology.
Based on the above analysis, we assumethat the properties with the samedomain
are related with a singleindividual. The properties can be extracted from XML les
in the structure in a depth-rst seard manner. For eat node in the XML tree
structure, the domain and the range of its corresponding property are investigated
respectively. Thereafter, we can get all the properties by referring to the domain
ontologies and generate knowledge. Then, individuals are generated basedon the
identi ed properties. Moreover, we generateURIs for thesenew individuals. In order
to guarantee that the URIs are unique, we take a speci ¢ individual's class name
plus a random integer as the individual's URI. Algorithm 3 describesthe algorithm
for generating RDF statemerts. Note that there may be somerelationships among
newly generatedindividuals. For instance, someindividuals are redundant resources
which should be excluded or someindividuals are linked to other onesby specic
properties prede ned in the domain ontologies.

5.3 Merge newly geneated individuals

When a new individual is generated,beforeadding it to the KB, we should chedk
whether the individual has already beenincluded in the KB or not. This processis
namedasindividual aligning. It is known that the sameindividual is usually described
in dierent ways on di erent websites. Howewver, the RDF statement describing an
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speci ¢ individual should be unique in the KB. In other words, we should omit the
redundant properties of a speci ¢ individual.

Algorithm 3 Knowledge generation algorithm.
Input: The properties pro appearing in the mapped XML les and the domain
ontologies ont.
Output: The RDF les which cortain the extracted knowledge.

1. for (i = 0;i < the number of pro; i++) f

1.1. Generatea new individual sub;

1.2. if (pro; is an object property)f
1.2.1 Generate a new individual obj using the classof pro;;
1.2.2 Add the property pro; and the value obj to sub ;g
else if (pro; is a data property)f
1.2.3Add the property pro; and its value to sub ;g

1.3. Generate URI for individual suby;

1.4. Link the new individual sub to the individuals in ont;

1.5. Merge the new individual suly and the individuals in ont;

g
2. Return the RDF statemerts in ont;

Supposeind 5 denotesan individual which has already been stored in the KB
and indg denotesa newly generatedindividual. The set of inda's properties Py is
denotedby fPindaq; Pindas; iii; Pind A, g; the setofindg 's properties Pg is denoted
by fPindg 4, Pindg,, ...,Pindg,g. Here, we recognizethe values of properties as
strings. Sincea string can be recognizedas a set of Chinesecharacters or digits, we
calculate the similarity of string and string by the function SImSTR(; ) de ned
as follows:

T

SiMSTR(; )= 2)

min(j ;i i)
Here, j j and j j denote the length of string  and string  respectively. If the
similarity exceedsa preappointed threshold 0.75, two strings are recognizedas similar
strings. We give the following de nition to decide whether two individuals are the
sameor not.
De nition 5. inda and indg are equivalenti their similarity siml ND(ind a,
indg)> , and
jPAE) Pg |
- simS TR(pva (Px); pvs (Px))
. . . _ = T
siml ND(inda;indg) Pr Po] 3)
Here, denotesa preappointed threshold; pva (Px) denotesthe value of a specic
property in inds and this property is the kth property in set Po Pg; pvs (P«x)
denPtesthe vaiue of a property in indg and this Qroperty is the kth property in set
Pn Pg. jPa Pgj denotesthe length of setPa Pg.
Basedon De nition 5, we can decide whether two individuals are equivalert or
not. If thereis an individual storedin the KB satisfying that the similarity betweenit
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and the newly generatedindividual exceedghe threshold , they will be recognizedas
equivalent individuals and the new properties will be added into the KB. Otherwise,
the newly generatedindividuals will be simply addedinto the KB.

6 Exp erimen ts

The experiments for our approach are carried out on a PC with an Intel Pentium
1.8GHz CPU and 512MB main memory. In order to provide maximum transparency
of our approac's performance, we gather a sample set of Web documerts randomly
from Sina, Sohu, Yahoo China, NetEase, Tencen which are large portals in Chinese
covering a lot of information about nance, and HengXin, AllinOneNet, HeXun and
GuTianXia which are professional website about negotiable securities. From ead
website, we retrieve 20 documerts and based on them, we expect to extract the
knowledge about corporations which have comeinto the market. We ask 10 domain
experts to extract knowledgefrom thesedocumerts manually. Then, focusingon v e
websites,we ask 40 usersto randomly generate120 queriesabout these corporations,
directed by our instances on the querying panel. The domain ontologies used in
our system are created by four personswithin six months, including 200 classes265
properties and 1365individuals.

We ewvaluate the performanceof our IE system by calculating Recall (R), Preci-
sion(P) and F-measure(F). Supposethat the individuals extracted by experts are
sound and complete. Recall and Precision are de ned as follows:

T T
R=19Es SoEl 5004 p = ISiES SpEl 4090 4)
ISpE] ISiEs]j
Here, S| e s denotesthe setof individuals extracted by our IE systemand Spg denotes
the setof individuals extracted by domain experts manually. The valuesof Recall and
Precision are between0 and 1. F-measure is another way of evaluating the extraction
performance,de ned as follows:

_ (2+1)RP

F R+ 2P

100% (5)
Here, is a prede ned value, which a ects the importance degreesof Recall and
Precision.

After normalized, all the \brok en" tags in this documert are repaired and then
its corresponding su x array is established. Thereafter, wrappers can be generated
and usedfor extracting raw data. We can get the XML le describing this raw data.
Then basedon an ND, we map the resources'original namesto ONT names and get
a new version of the XML le to describe this corporation. The resources'original
namesnot included in the ND will not be changed after mapping. Moreover, these
resourceswill be automatically abandoned within the RDF-statements-generation
process. Now, the mapped XML le can be used for generating knowledge based
on the domain ontologies. According to Algorithm 3 described in subsection 5.2,
the individuals can be extracted from the Web document and then stored in RDF
les. After being merged,theseindividuals can be addedto the KB directly. Finally,
Recalls, Precisions and F-measures( = 1) of extracting the information from the
aforemertioned websitesusing our systemare shown in Table 2.
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Table 2 Performance for individual extraction

Websites URL Individuals Performance

Extracted By DE Cor. Err. Prec.(%) Rec.(%) F1(%)
S1 Sina www.sina.com 141 141 19 88.13 100 93.69
S2 Sohu www.sohu.com 100 100 20 80.00 100 88.89
S3 Yahoo China www.y ahoo.com.cn 125 125 15 89.29 100 94.34
S4 NetEase www.163.com 120 0 0 0 0 0
S5 Tencen www.qg.com 58 58 22 65.00 100 78.79
S6 HengXin www.hengx.com 99 99 1 99.00 100 99.50
S7 AllinOneNet info.cmbchina.com 71 71 9 86.25 100 92.62
S8 HeXun www.hexun.com 100 100 O 100 100 100
S9 GuTianXia Www.gutx.com 80 60 0 100 75.00 85.71

From Table 2, we can seethat for most websites, Precisions, Recalls and F-
measures are satisfactory. The extraction from NetEase fails, since the content of
the ICBI in the documerts on this website is generateddynamically with JavaScript.
Therefore, our systemis helplessto the casethat the helpful information is not stored
in the HTML sourcecode. The recall for GuTianXia is lower than those for other
websites' since a speci ¢ kind of individuals is missedin all pageson this website.
However, Table 2 indicates that our approach can be applied to most of websiteswell.

Traditional methods store the information extracted by wrappersin a database
for users'squeries. This task canbe easilyful lled through saving the generatedXML
les into the relational database. Here, we compare the performance of querying
the databaseand that of querying our KB by calculating Recall, Precision and F-
measure( = 1). Focusingon v e websites, we ask 40 usersto generate 120 queries
to do our experiments. Table 3 shows the results of this comparison. In this table,
we can seethat the Recalls of querying the KB are all higher comparing to those
of querying the traditional databaseand at the sametime, the Recalls of querying
the KB is alsoimproved. For the Sina and Yahoo China websites,the Precisions of
qguerying the KB are lower. This is becausesometimesthe individual which the useris
guerying doesnot exist in neither the databasenor the KB. Under this circumstance,
the KB will return more unrelated individuals which will make the Precision lower
comparing to the precision of querying the traditional database. Figure 3 shows the
comparison of F-measures for two querying ways. The higher values of F-measures
indicate the superiority of our domain-ontology-aided system.

Table 3 Querying database versus querying the KB

Websites Ques. Performance For DB Performance For KB
Cor. Err. Prec.(%) Rec.(%) Cor. Ermr. Prec.(%) Rec.(%)
S1 Sina 120 67 9 88.16 55.83 91 15 85.85 75.83
S2  Sohu 120 72 14 83.72 60.00 99 0 100 82.50
S3 Yahoo China 120 57 7 89.06 47.50 88 20 81.48 73.33
S6 HengXin 120 49 1 98.00 40.83 119 0 100 99.17
S8 HeXun 120 52 1 98.11 43.33 120 0 100 100

We deweloped a graphical user interface WebKER (W eb K nowledge Extract-
oR) for extracting Web knowledge using the Java language. The extraction process
is asfollows: Users rst selectthe Web documernt they expect to extract knowledge



246 International Journal of Software and Informatics, Vol.2, No.2, Decenber 2008

Figure 3. F-measure comparison

from and another similar Web document which are coming from the same website.
Then, they also selectthe relevant domain ontologies and do the raw-data extraction
by pushing Extract button. Raw data will be displayed in the bottom left table for
usersto chek. Basedon the ND, when Align Names button is pushed, WebKER
maps the resources'original namesto ONT names and createsa new version of the
XML le to describe this corporation. Finally, userscan get the extracted knowledge
represerted with RDF statemerts and the corresponding subjects, predicates and
objects will be displayed in bottom right table.

Figure 4 describesan excerpt of a Web page assaiated with the basic informa-
tion for \ " (Anhui Expressway Company Limited) from
Yahoo China and shows a screensnapshotfor our interface after knowledge extrac-
tion from this Web page. In this gure, we can seethat after the name alignmert,
the original resources'names (background color is red) in the bottom left table are
replaced with the ones(background color is blue) in the bottom right table, which
are prede ned in domain ontologies. Now, the mapped XML le can be used for
generating knowledge basedon the domain ontologies. According to Algorithm 3 de-
scribed in subsection5.2, the individuals can be extracted from the Web documert
and stored in RDF le. After merging, these individuals can be added to the KB

Figure 4. Excerpt of a Web page and a snapshot of WebKER's extraction window
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directly. The RDF statemerts in Chinese describing the knowledge extracted from
the Web pagein Fig.4 is shown in Fig.5.

Figure 5. Extracted RDF le from excerpt in Figure
7 Conclusions

In this paper we proposea knowledge-extraction system WebKER basedon suf-
X arrays and domain ontologies. It can automatically learn wrappers from semi-
structured content on Web pagesand generateknowledgefor usersto query. Experi-
ments on documerts from large Chinesewebsitesyielded promising results. Sinceour
system doesnot involve any Chinese-relatednatural languageprocessingtechniques,
it can be easily modi ed to deal with the Web documerts in other languagesif the
corresponding ontologies and Name Dictionary are provided.

Our current-researc goal focuseson improving our pattern processorby adding
heuristics in the pattern discovery and selection. The performance of our systemis
basedon the soundnessand the completenessof the interrelated domain ontologies,
and our long term goal is to automatically or semiautomatically extend the domain
ontologies dynamically basedon the raw data extracted with wrappers.
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