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Abstract

A variety of biological data is transferred and exchanged in overwhelming volumes on the World
Wide Web. How to rapidly capture, utilize and integrate the information on the Internet to discover
valuable biological knowledge is one of the most critical issuesin bioinformatics. Many information
integration systems have been proposed for integrating biological data. These systems usually rely
on an intermediate software layer called wrappers to accessconnected information sources. Wrapper
construction for Web data sourcesis often specially hand coded to accommodate the di�erences between
each Web site. However, programming a Web wrapper requires substantial programming skill and is
time-consuming and hard to maintain. This paper provides a solution for rapidly building software
agents that can serve as Web wrappers for biological information integration. We de�ne an XML-
basedlanguagecalled WNDL , which provides a representation of a Web browsing session.A WNDL
script describeshow to locate the data, extract the data and combine the data. By executing di�eren t
WNDL scripts, user can automate virtually all types of Web browsing sessions. We also describe
IEP AD , a data extractor basedon pattern discovery techniques. IEPAD allows our software agents to
automatically discover the extraction rules to extract the contents of a structurally formatted Web page.
With a programming-by-exampleauthoring tool, a user can generatea completeWeb wrapper agent by
browsing the target Web sites. We built a variety of biological applications to demonstratethe feasibility
of our approach. The software is available at http://chunnan.iis.sinica.edu.tw/software.html or
by contacting the authors.

Keyw ords: Wrappers, software agents, WNDL, IEPAD, information extraction, information
integration, bioinformatics, World Wide Web.

1 In tro duction

Advancesin DNA sequencingand genomemapping techniques allow the Human Genome Project to

be completed earlier than expected and result in rapidly growing databasesof genomic and proteomic

sequences.A variety of biological data, including DNA and amino acid molecularsequences,3D-structure

data of huge molecules,images,documents, and reports of experiments and analysis, in overwhelming

volumesare madeavailable for public accesson the World Wide Web. The Molecular Biology Database

Collection [4], an online data source that lists key databasesof value to the biological communit y,

currently holds over 335 biological data resourceson the Web, up from 281 the year before (2001). The

total number of all available databasesis estimatedto reach 600. Thesedatabasesinclude hugecollections
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of the results of systematic sequencingas well as many that provide new value to the underlying data

by virtue of curation by experts in a speciality or provide new types of data associations to facilitate

knowledgediscovery. Searching and integrating the information on the Webwill becomean indispensable

biological experimental technique and is one of the most critical issuesin bioinformatics.

Many solutions have been proposed to address this issue. One of the solutions is to develop in-

formation integration systemsthat are generally built with the architecture depicted in Figure 1. The

information integration system provides its usersa single cohesive view with seamlessintegrated infor-

mation that cannot be easily accomplishedby a single information provider. Examples of biological

information integration systemsinclude SRS[5] and many other systemsdescribed in [23]. Other work

include [13] and [12]. Genebank[14] databaseshostedby the National Center of Biotechnology Informa-

tion (NCBI) of the United States can be consideredas the largest information integration system with

more than ten databasesinterlinking with each other via hyperlinks.

Information integration systemsallow their usersto formulate their queriesin domain relation terms

de�ned in advanceto describe a target application domain. Then a mediator [36] will construct a query

plan to decomposethe user query into subqueriesto external data sourcesand determine execution and

data 
o w orders of the subqueries. Mediators rely on wrappers to allow for transparent accessto the

data sources.Wrappers serve as the translators betweenthe mediator and the data sources.Therefore,
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a wrapper is required for each type of data sources.Sincethe largest and the most up-to-data biological

data sourcesare on the Web, building wrappers for Web data sourcesis important.

Web information integration is di�eren t from database information integration due to the nature

of the Web, where data are contained in interlink ed Web pages rather than tables or objects with

clearly de�ned schema as in databasesystems. Building wrappers for relational and object databases

is relatively easybecausethey are ready for accessby another program. However, since the biological

databasesusually only open to the public through the Web, a wrapper for the Web is required to access

those data sources. Web wrappers must automate Web browsing sessionsto extract data from the

contents of the target Web pages.But each Web site has its particular pagelinkages,layout templates,

and syntax. A brute-force solution is to program a wrapper for each particular browsing session.That

solution, however, may lead to wrappers that are sensitive to Web site changesand thus may become

di�cult to scaleup and maintain. Our solution emphasizesthe recon�gur ability of the Web wrappers

so that they can be rapidly developed and easily maintained without skillful programmers. This is

particularly important for life scienceresearchers not specializedin programming.

The remainder of this section discussthe issuesinvolved in the development of recon�gurable Web

wrappers for biological information integration.

1.1 Web Site Navigation Problem

Most of previous Web information integration systemssuch asAriadne [21] simply model a Web pageas

a data sourcerelation and ignore the necessity of navigation betweenWeb pages.They did not capture

the relationships betweenthe linked data and Web pagesunder the assumption that all Web pagescan

be obtained with a single HTTP request. Another Web information integrator called ShopBot [11] did

not addressthis problem explicitly .

In order to fetch a Web page,many kinds of interaction with the Web server might be required, for

example,browsing through static URL links or querying by dynamic URLs. In addition to URLs, other

information such asbaseURL, CGI parameters,cookie object, userauthentication, etc, may be required.

As thesevaluesmay only be obtainable from a sequenceof interactions betweenthe user and the Web

server, specifying theseparameterswith constant valuesin advancecannot solve the problem. Software

agents are thereforeneededto simulate the browsing processesand composeappropriate HTTP requests

to locate the pages. Previous work in Web information integration either only o�er hyperlinking or

require custom-madeprogram codes,which may impedeapplicabilit y and maintainabilit y of the system.

This paper provides a solution using an XML[35]-based language,called WNDL (Web Navigation

Description Language),which will be presented in Section 3. Scripts written in WNDL are interpreted

and executedby a WNDL executor, which o�ers the following features:

1. declaratively represent complex navigation and data gathering behavior of a user session,

2. XML format that easesinformation interchangebetweenapplications,

3. accumulate and integrate data extracted from Web pagesalong the traversal,

4. handle dynamically generatedhyperlinks and CGI query HTML forms,
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5. tolerate mal-formed HTML documents.

1.2 Data Extraction Problem

To allow for postprocessingof the data obtained from the World Wide Web, it is necessaryto extract

and formulate the contents of Web pagesinto structured and machine-readableformats. Though XML

is designedfor this purpose,most of biological data sourcesstill render the data in HTML for human

browsing. Due to the daily increasingamount and format changing frequency of Web pages,it will be

tedious, time-consuming,and error-prone to usecustom-madeprogramsto extract data from Web pages.

Therefore, it is necessaryto generatea Web pageextractor automatically or semi-automatically. Several

algorithms have been developed to addressthis problem by wrapper induction, including the work by

Kushmerick [22], Muslea [25], and Hsu [18]. Wrapper induction systemsapply machine learning tech-

niques to induce Web data extractors with human labeled (annotated) training examples.The training

examplesdemonstrate a wrapper induction system how to segment a Web page and group segmented

strings into attributes and data records. Given the training examples, the wrapper induction system

generatesa specialized extractor for each Web data source. Their work produce accurate extraction

results, but still require noticeable human intervention.

An early protot ype of our systemis equipped with a wrapper induction systemcalled SoftMealy [17,

18] to generate data extractors. Recently , we have developed another algorithm called IEPAD (an

acronym for information extraction basedon pattern discovery) [6, 7]. Unlike the work discussedabove,

IEPAD applies sequential pattern mining techniques to discover data extraction patterns from a doc-

ument. This removes the need of labeling training examplesand thus minimizes human intervention.

There are someheuristic-basedwork on the market that claim to be able to extract data from the Web

automatically. However, thesework are limited to a very narrow classof Web pagesthat matchestheir

heuristics. In contrast, IEPAD does not depend on heuristics. IEPAD will be described in details in

Section 4.

A complete Web wrapper agent includes a WNDL script as well as IEPAD data extractors. The

expressivepower of WNDL and IEPAD is expectedto cover the needof most Webinformation integration

applications in biology. We alsodeveloped a programming-by-exampleauthoring tool which allows users

to generate a Web wrapper agents by browsing the target Web sites for their particular information

gathering task. The generatedWeb wrapper agent can be recon�gured through the sameauthoring tool

to maximize the maintainabilit y and scalability for a biological information integration system.

1.3 Organization of this Paper

In Section 2, we describe someexampleapplications that we built to demonstrate the utilit y and feasi-

bilit y of WNDL Web wrapper agents in bioinformatics. Section3 presents the de�nition of the language

WNDL. Section 4 explains IEPAD. Related work are surveyed and compared in Section 5. Finally,

Section 6 summarizesour work.

4



2 Applications of Web Wrapp er Agen ts

This section presents three example applications of Web wrapper agents. The �rst example shows how

to apply Web wrapper agents to automate a complex Web browsing session.The secondexampleshows

how to use Web wrapper agents to rapidly build an integrated database on a special research topic.

The integrated databasecombines in-house data and online databaseswith visualization and analysis

software tools. The third example shows how to apply Web wrapper agents to reduce workload of

repeated Web browsing routines at biological labs.

2.1 Searching SNPs in ESTs

Expressedsequencetags (ESTs) are short nucleotide sequencesthat are consideredas a shortcut to the

alternativ e spliced, expressedforms of the genes.Their identi�cation involvesthe isolation of messenger

RNA (mRNA), the intermediate product betweengenesand proteins. The spectrum of mRNAs within

a cell re
ects the spectrum of active genesthat generateprotein. From a given mRNA, one can deduce

the DNA sequence(called cDNA) from which it was expressed. The resulting partial gene sequence

comprisesan EST. dbEST, one of many Genebankdatabaseshosted by NCBI [14], currently contains

twelve million entries of EST (as of July 26, 2002)and is oneof the largest and fastest growing biological

databases. Many ESTs identi�ed in the private sector have been patented becausesomeof them may

provide invaluable hints for interpreting genomesequences.

Meanwhile, single nucleotide polymorphism (SNP) markers are single basepair positions in genomic

DNA at which di�eren t sequencealternativ es(alleles) exist in normal individuals in somepopulation(s),

wherein the least frequent allele hasan abundanceof onepercent or greater. With the looser\v ariation"

de�nition, SNPs occur approximately onceevery 100 to 300 bases. SNP alleles can be used as genetic

markers. Becausethe SNP itself is the variant that causesor contributes to the risk of developing

a particular genetic disorder, SNPs are expected to facilitate large-scaleassociation genetics studies.

Identifying ESTs that contain a given SNP may shednew light on possibletreatments of many genetic

disorders. Therefore, enormouse�orts have beendevoted to associate SNPs with ESTs.

This example application regards an agent that automates the search of a set of known ESTs that

contain a given SNP through the databasesat NCBI. More precisely, given the referencecluster ID

(or RS number) of a SNP (e.g., \rs1614984"), the agent is supposedto return all ESTs in dbEST that

contain this SNP. One can browse the Web to obtain the search results. The browsing sessionrequires

the following stepsto accomplishthis task:

1. First, from dbSNP homepage(http://www.ncbi.nlm.nih.go v/SNP), enter the RS number to search

the SNP data;

2. from the output Web page,extract the genenamesand hyperlinks in \Lo cusLink" section;

3. follow each hyperlink, get the \UniGene" name and hyperlink in \Additional Links" section;
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Figure 2: Identifying ESTs that contain a given SNP by browsing the Web

4. follow the hyperlink, get the Genebank accessnumber and hyperlink of ESTs in \EST SE-

QUENCES" section;

5. get the hyperlink to dbEST entry in \SEQUENCE INFORMATION" part;

6. lastly, extract the sequencein the dbEST entry page.

The above steps are illustrated in Figure 2. Note that except for the �rst step which starts from

a static URL, all other steps involve dynamic URLs that must be obtained from each search result of

previous step. In other words, each search result requires a data extractor to extract speci�ed data for

the usein the next step. In addition, step 3 to 6 must be repeated for every genenameobtained in Step

2. Therefore, it might take hundreds of interactions for a user to collect all known ESTs that contain a

given SNP. For SNP \rs1614984", the output includes 289EST entries, which may take several working

days to complete by browsing the Web by hand, a laborious and tedious task.

To automate the process,one can generatea WNDL agent for this task through our authoring tool

by demonstrating how to obtain one of the EST entries given a SNP. One browsing path is su�cien t

for our systemto generatea WNDL script that generalizesto collect all intended EST entries as well as

necessarydata extractors. The output will be formulated into structured XML data records ready for
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Figure 3: The output ESTs

postprocessing,as shown in Figure 3, where the output is formulated as an HTML encoded Web page.

In this example, the output table has a total of nine attributes. The left window in Figure 3 shows the

�rst six attributes and the right window shows the last �v e attributes. The agent can also take a list of

SNPs as the input.

A common approach to such a task is to mirror dbEST and dbSNP (only 
at �les available) via

FTP in advanceand perform the search locally. That approach requiressubstantial programming skills

and computing resources: large disk space(about 100 Giga bytes to store 12 million EST entries), a

parser to parse 
at �les, a data normalizer to decomposeparsed data into data tables that conforms

the third normal form [34], and �nally algorithms to identify ESTs that contain a SNP. In contrast,

applying agent technologiesrequires much lessprogramming skills and computing resources.Also, we

canleverageavailable data connectionestablishedby NCBI betweendatabases.Moreover, each execution

of the agent collects the most recent results in dbEST submitted from all over the world. This is critical

for biological databasesthat grow at a breakneck pace. For example, our agent now yielded 289 ESTs

for SNP \rs1614984", up from 261 a weekbefore 1. With a timer and a redundant data �lter, the agent

can be extendedto alert its usersinteresting updates in dbEST with new data entries collected as well.

2.2 In tegrated GA Gs Database

The secondapplication is a small integrated databasewhich contains annotated data of glycosaminogly-

cans(GAGs) and their binding proteins to facilitate research on the molecular mechanismsof glycoside

in human living cells. A Web-basedinterfacewasconstructed to allow biologists to accessthis integrated

databasethrough a Web browser. Figure 4 shows a snapshotof this system.

GAGs are linear polysaccharidescomposedof long repeating disaccharide units, which contain either

of two modi�ed sugars | N-acetylgalactosamine (GalNAc) or N-acetylglucosamine (GlcNAc), or one

1The major possible reason for getting so many entries is the redundancy in dbEST.
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of their derivatives. The major function of GAGs is the formation of a matrix to hold together the

protein components of the skin and connective tissue of vertebrate animals. Through the presence

of either sulfate or carboxylate groups, GAGs are mostly negatively charged and acidic. The speci�c

GAGs of physiologicalsigni�cance are chondroitin sulfatesin the cartilage, keratan sulfatesin the cornea,

dermatan sulfatesof the skin and blood vessels,hyaluronic acid of the connective tissue,heparan sulfates

in the lung, and heparin in the liver. For the basicchemical characteristics, classi�cations and structures

of theseGAGs, glucuronic acids and other related molecules,this integrated databasesimply storesthe

data locally, or hyperlinks to PDB [2] and SCOP [27] for more information.

The majorit y of GAGs in the body are linked to core proteins, forming proteoglycans, one of the

protein post-translation modi�cation types. Proteoglycansand GAGs perform numerousvital functions

within the body. For related data about thesebinding proteins, we deploy a team of eleven Web wrapper

agents to collect the data from online biological databases. These agents are triggered periodically to

update our databasewith the most recent related textual and structural data. The online databases

connectedinclude NCBI PubMed [29], PDB, PIR [31], KEGG [26], SWISS-PROT and TrEMBL [33],

Genebank[14], etc.

The collected2D or 3D protein structure data (such asfrom PDB) can be fed into molecular viewers:

RasMol [30] and Chime [8]. For instance, we can display the electric potential distribution and post-

translation modi�cation sitesof the protein to visualize the best �t for ligand-receptor binding site. The

protein sequencescan also be fed into protein BLAST [3] on the Web by an agent to perform similarit y

search. Both servicescan be accessedthrough the Web interface of the integrated database. With Web

wrapper agents, an integrated databaseon another biological research topic can be constructed with

abundant data from online databasesin a similar manner.

2.3 Microarra y Analysis

Our wrapper approach is not limited to handle academicbiological data sources.As long as the data is

available on the Web, we can rapidly build an agent and perform a variety of information integration

task.

The last exampleapplication is for genechips analysis (i.e., microarray) that involvesa commercial

Web service. Microarray analysis is to study the relative abundanceof thousands of mRNAs obtained

from complex biological data sets. In this application, our clients subscribe a Web-basedmicroarray

analysisservicefrom Incyte [20], oneof the largest companiesspecializedin microarray analysis. To use

the service, they need to enter a designatedID and password and then submit their microarray data.

However, the serviceusually returns a large number of genesequences(about 10,000). As the number of

microarray data to be analyzed increases,the comparisontask becomesoverwhelming. There is a need

to automate the processand store the results in structured databasesfor further analysis. To solve their

problem, they tried to write a program from the scratch. However, since the task requires experienced

programmers for up to one thousand lines of C codes, including two layers of HTTP connections,
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Figure 4: Snapshotof the integrated databaseof glycosaminoglycansand their binding proteins
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user authentication, data extraction, and ODBC databaseconnection, they never really complete the

program. With our tool, it requiresonly 48 lines of WNDL script and three data extractors to build up

their own database. The whole processtakeslessthan one working hour. With the wrapper agent they

can focus on data mining from the databasethey collected.

In addition to biological databases,we are also applying the agents to build an integrated decision

support system for the biotech industry by integrating online clinical trial databases,biotech news,

patents, �nancial and marketing reports of biotech �rms, etc.

3 Web Navigation Description Language (WNDL)

The Web Navigation Description Language(WNDL) is an application of eXtensible Markup Language

(XML)[35 ] for describing a Web browsing session. This section presents the de�nition of WNDL, the

executor that executesa script in WNDL, and the authoring tool that generatesWNDL scripts.

Although the terminologiesusedin this sectionare primarily basedon a working draft, Web Charac-

terization Terminology & De�nitions Sheet [9], from the World Wide Web Consortium (W3C), we reuse

someof these terms and endow them with slightly di�eren t meanings. Their speci�c meaningsin this

context are de�ned as follows.

De�nition 3.1 (Logical W eb Site) A cluster of Web pagesthat are related to each other, each page

contains certain amount of data. The data distributed among thesepagescan be integrated together and

havea logical meaning.

De�nition 3.2 (W eb Page Class) A set of Web pagesthat a given data extractor can be applied to

parse and extract their contents.

Though the de�nition dependson the expressive power of the given data extractor, a Web pageclass

usually refers to a set of related Web pagesgeneratedby one single CGI program or Web pageswith an

identical layout template. For example, the output pagesof PubMed's keyword search servicecomprise

a Web pageclass.

3.1 WNDL De�nitions

As all applications of XML, a WNDL script consistsof a set of elements. Each element may have a set

of attributes and subelements. In WNDL, a user sessioncan be described by a data Web map (DWM),

which is conceptually a directed graph with nodes and edges. The DWM map is the primary data

container in a WNDL script. The information stored in DWM describes how to reach destined Web

pagesand how to extract the contents from those pages. The de�nitions of the subelements of DWM

are enclosedin element Map. Subelements of Mapinclude Entrance and oneor more Nodeelements, and

element Entrance contains a subelement Edge. The edgein element Entrance represents the way to

accessa logical Web site outside the scope of the de�ned DWM without further interaction with the
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Figure 5: Conceptual illustration of the data Web map for PubMed

Web server. Typically, this leads to the front pageof a Web data source. For example, the entrance to

retrieve papers in PubMed is via the URL http://www.ncbi.nlm.nih.gov/PubMed , its front page.

In the following subsections,wewill go through a completeexamplefor modeling the browsing session

of retrieving papers in the well-known online biomedical paper collection PubMed. The browsing session

for PubMed canbe perceivedconceptually asa graph with two nodesand three edgesasFigure 5 depicts.

3.1.1 Data W eb Map Edge

An Edge in a DWM represents a possible mean to obtain a page that belongs to a Web page class

denoted by the destination node of this edge. A DWM edgeserves as the container of the necessary

information of actual HTTP requestsfor both statically and dynamically generatedHTML documents.

The information for the requestsconsists of a set of parameters. Values of these parameters can be

either speci�ed in the WNDL script or bound during the run-time.

There are three edgesin the examplemodel. Edge 1 simulates the action of submitting a new query.

Edge 2 simulates the action of browsing search results pageby pagenumbered from 1 to 10 (each page

contains 20 search results). Edge 3 simulates the action of jumping to the eleventh page. For most Web

sites, usually a next pagebutton leadsto the following search results (say 21 to 40). However, PubMed

provides a next button \ ii " which leads to search results 201 to 220. To get the next twenty search

results, we need to following the ten image links (numbered 1 to 10) one by one and then follow the

11



<!-- This is the entrance edge to Node1. -->
<edge ID=`1' dest=`Node1' method=`post'

url=`http://www.ncbi.nlm.nih.gov/genome/guide/gquery.cgi'>
<QueryParamFormInput=`db' value=`0'/>
<QueryParamFormInput=`term' value=`AIDS'/>

</edge>

<!-- This is an edge to Node2 -->
<edge ID=`2' src=`Node1' dest=`Node2' method=`form'>

<QueryForm=`&form1'/>
<QueryParamFormInput=`&imglink'/>

</edge>

<!-- This is an edge within Node1 -->
<edge ID=`3' src=`Node1' dest=`Node1' method=`form'

timeouts=`20' retry=`3' loops=`100'>
<QueryForm=`&form2'/>
<QueryParamFormInput=`&nextTen'/>

</edge>

Figure 6: Edgesin the WNDL script for PubMed

button \ ii " for the next 200 results if they exist. Note that unlike URL hyperlinks that can be usually

seenin a Web page, the image links for next pagesare IMAGEINPUTf \page 1" to \page 10"g of the

form named \frmQueryBo x."

The edgesinvolved in the above browsing steps are encoded in WNDL as shown in Figure 6. Edge

1 is the entrance edgeof this map that sendsthe query to get the resulting Web page, i.e., Node1in

this case. The URLattribute can be a constant or a variable. In WNDL, HTML forms are treated

as parameterized URLs. Their parameters are speci�ed in element QueryParam. Again, the value of

QueryParamcan be a constant or a variable. Note that someWeb sites usea user sessionID mechanism

to recognizeHTTP requests from an identical user to keep track of a user session. This mechanism

helps Web servers to determine the contents of Web pagesthey should respond for each user. If such a

mechanism is used,we have to start from a static link to extract the dynamically generatedsessionID

instead of sendingan HTTP request directly to obtain a destined page.

Once the �rst connection is successful,it leads us to the destination Node1. From Node1, we can

continue the next connection to Node2via Edge 2. As described above, Edge 2 simulates the action

of browsing search results page by page. The HTTP connection information is embedded in the Web

pagesand can be extracted to bind the parameter values of Edge 2. In this case, since the values

underlying the imagesof the page numbers are not URL links but image submission INPUT, the form

that speci�es the action CGI must be speci�ed. The image submissionsand the query form can be

extracted and denoted by two variables, &form1 and &imglink , respectively. The connection can be

speci�ed by elements QueryFormand QueryParam. How the values of these variables are extracted for
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Node1will be described in Section 3.1.2.

Edge 3 is an edgethat has identical sourceand destination node as depicted in Figure 5. Therefore,

it is a self-looping edge. Like Edge 2, the query type of Edge 3 is an HTML form, where QueryFormis

speci�ed by variable &form2 and QueryParamrefers to variable &nextTen. During the run-time, Node1

will form a self-loop. As described above, virtually any logical browsing sessioncan be expressedin

WNDL.

Element Timeout is alsoa subelement of Edge. Timeout contains the control information of the event

handling for timeouts. In WNDL, the number of retry attempts and the time interval between each

attempt can be speci�ed. The speci�ed time interval is equal to the time bound of a timeout event. If

all attempts fail, the executor of WNDL will throw an exception signal to its invocator.

3.1.2 Data W eb Map No de

A DWM node represents oneWeb pageclassin a target logical Web site. De�ned again here,a Web page

classis a set of Web pageswith similar layout templates such that one data extractor can be applied to

successfully. A Web pageclassusually represents the pagesthat are generatedby a CGI program. The

number of Web pagesthat a CGI program can generateis innumerable.

In WNDL, each node is a container of data in the pagesof a Web pageclass. The contents extracted

from the Web pageclassof a node will be encoded asa databasetable, whoseattributes must be de�ned

in a schemain advance. For example, for the Web pageclassof Node2shown in Figure 5, we want to

extract the information of the retrieved papers into a table with the following four attributes: authors,

title, source(where the paper published), and PMID (PubMed ID). Figure 7 shows how they are de�ned

in WNDL (seethe de�nition for Node2). Sinceeach Web pagecontains twenty search results, the correct

output for this node should be a table of twenty recordswith thesefour attributes.

For each attribute in a table, we can specify our option for HTML tags �ltering (KeepAll , KeepLink,

and NoTag). This determines the behavior of a built-in HTML tag �lter in the executor of WNDL.

WNDL also allows us to describe how to join two tables extracted from adjacent nodes for the output.

That way, data extracted during the browsing sessioncan be aggregatedin user de�ned manners.

The data extractor for a DWM node is speci�ed as the value of element ExtractRule . The data

extractor must be declarative in the sensethat its extraction rules must be allowed to replace for

di�eren t Web page classeswithout changing the program codes. In our implementation, we apply

SoftMealy [17, 18] and IEPAD (seeSection 4) as the data extractors. Other declarative data extractors

can be applied, too. The value of ExtractRule can be the raw text of a set of extraction rules or an

external �le, speci�ed as the value of attribute File of this element.

In our PubMed example, there are two nodes in the map as shown in Figure 5. Node1represents

the result of the entrance connection and will be used to extract the paths to the next pages. Node2

represents query result pagesreturned from the search form of PubMed.

In Node1, the information we are interested is the <Form>HTML tag block in this page. SomeWeb
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<node name=`Node1'>
<schema>

<Attr Name="form1" type=`edge' subtype=`form' TagFilter="KeepAll"/>
<ExtractRule File=`node1/rule1/rule.txt'/>

</schema>
<schema>

<Attr Name="form2" type=`edge' subtype=`form' TagFilter="KeepAll"/>
<ExtractRule File=`node1/rule2/rule.txt'/>

</schema>
<schema>

<Attr Name="imglink" type=`edge' subtype=`image' TagFilter="KeepAll"/>
<ExtractRule File=`node1/rule3/rule.txt'/>

</schema>
<schema>

<Attr Name="nextTen" type=`edge' subtype=`submit' TagFilter="KeepAll"/>
<ExtractRule File=`node1/rule4/rule.txt'/>

</schema>
</node>

<node name=`Node2'>
<schema>

<Attr Name="Authors" type=`Data' TagFilter="NoTag"/>
<Attr Name="Title" type=`Data' TagFilter="NoTag"/>
<Attr Name="Source" type=`Data' TagFilter="NoTag"/>
<Attr Name="PMID"type=`Data' TagFilter="NoTag"/>
<ExtractRule File=`node2/rule1/rule.txt'/>

</schema>
</node>

Figure 7: Nodes in the WNDL script for PubMed

sites useuser sessionID mechanism to recognizeHTTP requestsfrom identical user to keep track of a

user session.This helps Web servers to determine the contents of the Web pagesthey should respond

for di�eren t usersaccordingly. In someWeb sites, HTTP clients (i.e., a browser) needthis ID in order

to continue navigation, whereassomeWeb sites use this ID optionally. SincePubMed doesnot belong

to any of the above categories,the HTML query form can be extracted and useddirectly. If sessionID

is used, we have to start from a static link to extract the query form and the dynamically generated

sessionID for the following steps.

There are four sets of extraction rules for Node1. The �rst and secondsets of the extraction rules

extract the query form that contains the CGI program to the next pageof the query results. Element

Schemaspeci�es that the extracted data will be bound to variables &form1 and &form2. The third and

the fourth setsof the extraction rules extract the INPUTs as the query parameters,which are bound to

variables &imglink and &nextTen. Node2represents the query results returned from the search engine

of PubMed. The information we are interestedin is the attributes of retrieved papers, including authors,
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Figure 8: Architecture of WNDL Wrapper Executor

title, source,and PubMed ID. The complete WNDL script for PubMed is shown in Appendix.

The schema of the output data is speci�ed in the extraction rules. The schema dictates which

attributes de�ned in element Schemaof the nodes will eventually appear in the output data table. In

this example, the output data consistsof a table with the four attributes de�ned in Node2. Section 3.3

explains how to specify the schema.

Composing extraction rules is not trivial and is another research problem itself. In Section 1, we

have reviewed several systemsdesignedto generateextraction rules from training examples. Section 4

presents our new approach from the perspective of pattern mining, which minimizes the needof human

intervention in the generation of extraction rules.

3.2 Arc hitecture and Implemen tation of WNDL Executor

The WNDL executoris composedof three components: executorkernel, pagefetcher, and data extractor.

Figure 8 shows the relationship between them and the order of execution steps. A WNDL script can

be consideredas the con�guration �le of a Web wrapper agent that wraps a logical Web site. The

con�guration �le de�nes the behavior of the Web wrapper agent. During the execution, the executor

kernel invokes the page fetcher and the data extractor according to the order speci�ed in the DWM

map, handlesstatic information and variable binding information to complete a Web browsing session.

The executor kernel maintains a pointer of the current state to traversethe DWM map. Basically, when

the pointer points to an edge,the kernel invokesthe pagefetcher to obtain the next pageand movesthe

pointer to the next node; when the pointer points to a node, the kernel invokes the data extractor and

movesthe pointer to the next edge.

The page fetcher abstracts HTTP connections to higher level interfaces for the executor. HTML
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and HTTP features that the page fetcher can handle include form element parsing, GET and POST

HTTP methods, cookies, timeout, userauthentication and mal-formed URL handling. The pagefetcher

transforms the parameters received from the executor into low level, executableHTTP requests. After

actually obtaining a Web pagefrom a Web server, the pagefetcher sendsthis pageback to the executor

kernel directly. The executor kernel then feedsthis pageand the corresponding extraction rules to the

data extractor. One page may go through this processmultiple times if there are more than one set

of the extraction rules required for this page. The extracted data will be returned to the executor for

further processing.

3.3 WNDL Authoring Tool

In the early version of WNDL [19], the script is designedto be written by programmers. In this version

of WNDL, the script can be generatedautomatically by an authoring tool. This authoring tool allows a

user to generatea WNDL script in a programming-by-example manner, that is, the user simply browse

the Web to show the authoring tool an example user sessionand the authoring tool will generalizethe

example into a WNDL script that describesthis user session.Figure 9 shows a snapshotof its interface

after generating the complete WNDL script for PubMed. The authoring tool is equipped with IEPAD

(SeeSection4) and the wrapper induction systemSoftmealy [18, 17] to generateextraction rules for the

data extractors. With this authoring tool, it takesonly four steps to generatea WNDL script.

1. Open the front pageof the target Web site by specifying its URL as using a Web browser;

2. Create nodesby clicking the \ Add Nodes" button when browseto a new Web pageclass;

3. Invoke IEPAD to generateextraction rules for each node;

4. If more than one node is needed,go back to step 2.

As shown on the left frame of Figure 9, the examplescript contains two nodeswith �v e setsof extraction

rules.

We can create the edgesas described below. The �rst edge is created to reach Node1. This is

accomplished by clicking the submit button with parameters term and db set to value \aids" and

\PubMed". The submissionof this query is monitored by the systemand comparedto all forms contained

in the front page of NCBI. The submitted parameters are recorded in QueryParam, which can be a

constant value speci�ed in the script or a variable bound to other query terms speci�ed by the user

during the execution time. For Node1, we alsoneedto generatefour extraction rules aswell asspecifying

its schema. Each attribute in the schemais either of type Edgeor Data. A Data attribute will appear in

the �nal output, while an Edgeattribute can be one of the four types: static link, form, submit button

or image button. An edgecan be created by a static link or a form with submit/image INPUT. For

each Edgeattribute, the user has to specify the destination node. Two Edgeattributes pointing to the

samedestination can be combined to create a dynamic edge. Node2is created similarly.
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Figure 9: Snapshotof the authoring tool of WNDL

Once all the nodesand edgesare speci�ed, the complete WNDL script can be generatedby clicking

the \ Make Agent" button. The authoring tool also provides a \ Launch Agent" button for invoking the

executor to test the generatedWNDL script.

4 Information Extraction based on Pattern Disco very (IEP AD)

IEPAD is an acronym for \Information Extraction based on PAttern Discovery" which features the

generalization of extraction patterns without user-labeled examples. This feature is basedon the as-

sumption that the input is a multiple-record Web pageso that sequential pattern mining can be applied

to discover the repeats. The system includes a pattern discoverer, which applies sequencemining tech-

niques to discover possiblepatterns, and a multi-lev el analyzer, which conducts several multiple string

alignments for attribute extraction. IEPAD discoversextraction rules for the WNDL executor to extract

data from input Web pages. A user interface has been implemented and integrated with the authoring

tool of WNDL for usersto generateextraction rules of Web pages. Figure 10 shows a snapshot of the

user interface of IEPAD.
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4.1 Pattern Disco verer

4.1.1 Do cumen t Enco ding

The �rst step to reveal patterns in a Web page is to apply an encoding scheme to translate the Web

pageinto a token string of abstract representation. There are various ways to encode a Web document.

Di�eren t encoding granularities may reveal di�eren t patterns in a document. We can choosean encoding

schemebasedon the granularit y level of the desiredinformation to be extracted. For example,skipping

all HTML tags will translate the following HTML block

<p><a href="http://www.csie.ncu.edu.tw">NCU</a><br>

National Central University<br>Chung-Li<br>Taiwan.

into

\ < P>< A>< TEXT >< /A >< BR>< TEXT >< BR>< TEXT >< BR>< TEXT > "

This processreveals the patterns of data records in a Web page. If there are k entries in the Web

page, then the above pattern will also occur k times in the encoded token string. The idea behind our

algorithm is to discover such patterns from the encoded token strings of a given Web pageautomatically.

The discovered pattern can then be usedas extraction rules.

4.1.2 Constructing PAT Trees for Maximal Rep eats

Repeats are any substring that occurs at least twice in a string. To reduce the number of candidate

patterns, the conceptof maximal repeats is usedto refer to the longestpatterns. The idea is to extend a

repeat in both directions to the most. We call a repeat left maximal (right maximal) if the repeat can

not be extendedon the left (right) direction (See[7]) for all occurrences.We say a repeat is maximal if

it is both left maximal and right maximal.

To automatically discover repeats, a data structure called PAT trees is used to index all su�xes in

the encoded token strings. A PAT tree is a Patricia tree (Practical Algorithm to Retrieve Information

Coded in Alphanumeric [24]) constructedover all the possiblesu�x strings. A Patricia tree is a particular

implementation of a compressedbinary (0,1) digital tree such that each internal node in the tree shows

the di�eren t bit betweensu�x strings in the samesubtree. Like a su�x tree [15], the Patricia tree stores

all its su�x strings at the external nodes. For a token string with n indexing point (or n su�xes), there

will be n external nodes in the PAT tree and n � 1 internal nodes. This makesthe tree O(n) in size.

PAT trees organize an input string such that all su�xes with the same pre�x are stored in the

samesubtree. Hence,it provides surprisingly e�cien t, linear-time solutions to the problems of complex

string search, including string pre�x search, proximit y search, range search, longest repetition search,

most frequent search, etc [15, 24]. Since every internal node in a PAT tree indicates a branch, the

concatenation of the edge-labels on the path from the root to an internal node represents one right

maximal repeat in the input string.
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Consequently , given the expected record count in a Web pageand the minimum pattern length, we

can simply traversethe PAT tree in postorder to enumerate all path-labels (from the root to an internal

node) to discover all right maximal repeats. However, not every path-label represents a maximal repeat.

At each internal node, we need to verify the left maximalit y by checking the left tokens of all leaves

(su�xes). If all left tokens are the same,then this repeat is not left maximal and can be extended by

another repeat, and we can simply discard it.

4.1.3 Sifting For Regular and Con tiguous Patterns

As described above, dynamic pagesare generated based on some prede�ned templates and relevant

information is usually aligned regularly and contiguously. To discover the patterns of the layout tem-

plates, two measures,called variance and density, are de�ned to evaluate whether a maximal repeat is a

promising pattern. In the following de�nitions, let pi be the position of the i-th occurrenceof a maximal

repeat � in an encoded token string such that p1 < p2 < p3 : : : < pk .

De�nition 4.1 (V ariance) Variance of a repeat is the ratio of the standard deviation of the interval

between two adjacent occurrences (pi +1 � pi ) and the mean length of the interval.

var iance(� ) =
� (f di j1 � i < k; di = pi +1 � pi g)

(pk � p1)=(k � 1)
(1)

De�nition 4.2 (Densit y) Density of a repeat � is the proportion of the repeats in the interval between

the �rst and the last occurrences of the repeat. That is,

density (� ) =
(k � 1) � j� j

pk � p1
(2)

where j� j is the number of tokens in � .

Generally speaking, machine-generatedWeb pagesoften render relevant information in templates

that has small variance and large density. To sift for potential patterns, we can usea threshold for each

of thesemeasures.A pattern must have a variancelessthan the variancethreshold and a density greater

than the density threshold to be considereda candidate pattern.

The above algorithm may fail to extract somelayout templates if the variance threshold is not set

properly. The reason is that the actual layout templates may have a large variance coe�cien t. For

example, in the output pagesof the search engine \Lycos," advertisement banners are inserted among

the search results and divide them into several partitions. Such exceptions result in maximal repeats

with a large variance. To handle patterns with a variance greater than the speci�ed threshold, the

occurrencesof a pattern are carefully clustered to seeif any partition of the pattern's occurrencescan

form an independent and regular block. For more details, see[7].

4.1.4 Comp osing Extraction Patterns

As PAT trees compute only repeat substrings, templates with exceptionslike missing attributes can not

be discoveredthrough PAT trees. We apply the algorithms for multiple string alignment to allow inexact

or approximate matching.
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Supposea candidate pattern hask occurrences,p1; p2; : : : ; pk in the encoded token string. Let string

Pi denotethe string starting at pi and endingat pi +1 � 1. The problem is to �nd the multiple alignment of

the k � 1 strings S = f P1; P2; : : : ; Pk � 1g sothat the generalizedpattern can be usedto extract all records

we need. For example,suppose\adc" is the discoveredpattern for token string \ adcbdadcxbadcxbdadc".

Supposewe have the following multiple alignment for strings \ adcbd", \ adcxb" and \ adcxbd":

a d c � b d
a d c x b �
a d c x b d

The extraction pattern can be generalized to cover thesethree token strings by \ adc[xj� ]b[dj� ]," where

\[ j ]" denotesalternativ esand \ � " a missing token. This generalization of the patterns allow the data

extractor to handle missing attributes that might occur in Web pages[18]. For example, the following

permutations of four attributes: (U; N ; A; M ); (U; N ; A); (U; N ; M ); (N ; A) described in [18] are covered

by the following generalizedpattern \[ Uj� ]N [Aj� ][M j� ]."

Multiple string alignment is a generalization of the alignment problem for two strings that can

be solved in O(n � m) by dynamic programming to obtain an optimal edit distance, where n and m

are string lengths. Extending dynamic programming for multiple string alignment yields an O(nk )

algorithm. Alternativ ely, an approximation algorithm is available such that the scoreof the multiple

alignment is no greater than twice the scoreof the optimal multiple alignment [15]. The approximation

algorithm starts by computing the center string Sc in k strings that minimizes consensuserror. Once

the center string is found, each string is then iterativ ely aligned to the center string to construct multiple

alignment, which is in turn usedto construct the extraction pattern.

For candidate patterns with density lessthan one, the center star approximation algorithm [15] for

multiple string alignment will be applied to generalizethe extraction pattern. Note that the successof

this technique lies in the assumption that extraction patterns often occur contiguously. A generalized

pattern with f alternativ escan match 2f permutations of token strings. If the generalization results in

extraction patterns with too many alternativ es, they will be discarded becausean extraction pattern

that matchestoo many token strings is unlikely to be interesting. To restrict the generalization, we set

an upper bound of maximum mismatches for the generalizedextraction patterns. This upper bound is

set to eight in our experiments.

In summary, we can e�cien tly discover all maximal repeats (with pattern length and occurrence

count greater than default thresholds) in the encoded token string by traversing the PAT tree. With

variance and density, we can sift the maximal repeats for promising patterns. For patterns with large

variance, we can cluster repeats into partitions. As for low density patterns, multiple string alignment

is applied to generalizethe extraction patterns. The result is a set of candidate patterns of the data

records in a Web page.
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Figure 10: Snapshotof IEPAD

4.2 Data Alignmen t for A ttribute Extraction

The pattern discovery algorithm described in the previous subsectionallows a data extractor to extract

data records from a Web page, whereasit is not su�cien t to extract the attributes in a data record.

This subsectionpresents an algorithm for this problem.

Considera pattern with m <TEXT>tokens. Each <TEXT>tokenrepresents a text string that potentially

correspondsto an attribute in a data record. For example,sincethe sixth pattern in the upper-left frame

of Figure 10 contains six <TEXT>tokens,each token string that matchesthis pattern (seven of them are

shown in the �gure) will be segmented into six blocks (i.e., attributes) as shown in the bottom frame of

Figure 10.

The algorithm to segment the set of all recordsthat match a pattern � is outlined in Figure 11. The

input to procedureBlock division contains an extraction pattern � and the set of recordsmatched by

the pattern. For each record, r i , we align the token representation of the record to � (Step 3). As the

record might contain missing attributes, this step can extend the token representation of the record to

obtain a correct alignment r 0
i . Then, for each <TEXT>token in the pattern, extract the contents denoted

by the corresponding token in r 0
i (Step 6 to 13). If the corresponding token in r 0

i is a missing token \ � ",

NULL string is usedinstead.
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Pro cedure Block division
Given an extraction pattern �
and a set of recordsR = f r 1; : : : ; rng matched by �
1. Begin
2. For each record r i in R do
3. r 0

i = Align( � , r i ); // align r i to � ;
4. m= 0; // number of columns;
5. For j =1 to j� j do
6. If � [j]= < TEXT > or < A> or < IMG > then
7. If r 0

i [j ] = 0 � 0 then
8. blocks[i][m]= null ;
9. else
10. blocks[i][m]= r 0

i [j ]:text ;
11. Endif
12. m= m + 1;
13. Endif
14. Endfor
15. Endfor
16. Return blocks;
17. End

Figure 11: Block division procedure

The above algorithm allows us to segment a data record into attributes if they can be separatedwith

the given encoding scheme. However, sometimesattributes require \�ner" segmentation to be extracted

correctly. In those cases,we can specify a variety of delimiters as tokens in the encoding scheme and

encode the contents of a block repeatedly until an extraction pattern revealsa correct segmentation. For

example, the �fth block in the bottom frame of Figure 10 can be further segmented using periods and

semicolonsas delimiters and then \ Oncogene. 2002 May 9; 21(20):3162-71 " in the �rst matched

substring can be segmented into three text blocks \ Oncogene", \ 2002 May 9", and \ 21(20):3162-71 ."

This canbeaccomplishedby the algorithm Multi-level alignment given in Figure 12. The contents

in each block of the input matrix B M are translated through an encoding schemewith �ner granularit y.

Speci�cally , for each block (column), the procedureencodes the content string in each record (row) by

encoding scheme � (Step 3 to 6). The center-star multiple string alignment algorithm is then applied

to compose a consensuspattern (Step 7). Finally, procedure Block division is invoked to divide

the strings into �ner subblocks (A j ) according to the consensuspattern (Step 8). Concatenating all

subblocks yields a block matrix larger than the input one. The samesteps can be repeated until the

desired information is successfullyseparated from the rest of the string. As shown in [7], a two-level

encoding is su�cien t to extract the target information for most Web data sourcesin our experiments.

The interface of IEPAD will present the aligned data records by columns so that users can select an

alignment that correctly segments the data records(seethe upper-right frame of Figure 10).

To sumup, generatinga data extractor with IEPAD involvesthe following steps: selectan appropriate
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Pro cedure MultiLev el alignment
Given a n � m block B M and an encoding scheme�
1. Begin
2. For j =1 to m do // For each column
3. R = fg ;
4. For i=1 to n do
5. r i = Encoding(B M [i ][j ], � ); // Encode each record
6. R = R [ f r i g;
7. endfor
8. � j = CenterStarAlignment( R); // Find the generalizedgrammar
9. A j = Block division(� j , R);
10. endfor
11. A= A1 + A2 + . . . + Am ;
12. Return A;
13. End

Figure 12: Multi-lev el alignment

pattern to extract data records(upper-left frame), then selectan appropriate alignment to segment data

records into attributes (bottom frame) and assigntheir attribute names(upper-right frame) according

to the schema. IEPAD will generatethe extraction rules accordingto the selectedpattern and alignment

for a data extractor ready to be invoked by the kernel of the WNDL executor.

5 Related Work

The vast amount of biological data is available in electronic format with Internet access. However, a

fundamental barrier exists becausethe format of the data and functionalit y of accessroutines can vary

dramatically from sourceto source. In this section,we review somepreviouswork in integrated biological

databasesand comparetheir capabilities of utilizing online biological databases.

In 1985, Morowitz et al. [28] envisioned the creation of a Biomatrix , in which data, information

and knowledge are combined to provide an integrated view of molecular biology. Although Biomatrix

has never been completed, the Web of online biological databaseshas partially ful�lled the promise of

Biomatrix. A rough categorization of the approaches that can be applied to �ll in its missing parts is

given as follows.

� Data warehousing,in which data from various data sourcesare converted, merged, and stored in

a centralized DBMS, e.g., Integrated Genomic Database(IGD) [32] and SRS[5];

� Middleware approaches, in which data are combined from multiple sourceswithout creating a

physical warehouse,e.g., BioKleisli [10], TAMBIS [1], and DiscoveryLink [16], etc.

Due to the popularit y of the Web, many online biological databasesprovide servicesthrough the Web

and establish hyperlinks between related information in di�eren t data sources. Migrating all relevant
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data to a data warehouseallows for great 
exibilit y in retrieving and comparing data, but at the cost

of losing the established interlinking of the data and the specialized servicesprovided by the original

sources. The middleware approaches can potentially exploit the specialized servicesof a data source

so that no functionalit y is lost when accessingthe online databases. However, that depends on the

capabilities of their wrappers. Criteria of e�ectiv e data integration include: �rst, the capability of

transforming the information into a common format; second,the capability of exporting the data for

other applications e�cien tly; third, whether the wrapperscan be easilyconstructed for new data sources

and easily modi�ed for changesto the wrapped data sources.

We surveyed three of the most widely usedbiological data integration systems: BioKleisli, SRSand

DiscoveryLink basedon the three criteria. The drivers in BioKleisli [10] system are equivalent to the

wrappers. BioKleisli o�ers collection programming language(CPL) to construct a driver. CPL allows for

the expressionof complex transformation acrossheterogeneousdatabases. SequenceRetrieval System

(SRS) [5] is an indexed 
at �le systembuilt on the model of a document retrieval system. SRSconverts

biological data stored in textual 
at �les into information in the formats ready for further analysis.

Extracted data can be exported by CORBA loaders for client applications. SRS provides a scripting

languageICAR US to specify the structure of the data and the syntax for parser generation.

DiscoveryLink [16] consists of a federated database engine and a set of wrappers which translate

betweenquery fragments and data sourceAPI. DiscoveryLink requiresthe connectionto databaseservers

through ODBC, JDBC, OLE, or native DB2 drivers, etc. The approach of DiscoveryLink satis�es the

�rst two criteria by incorporating specialized wrappers for several database types. Exporting data is

not a problem for DiscoveryLink since its wrappers will translate the information into relational data,

ready for application buildup.

Thesepreviouswork, however, o�ers no standard procedureto directly exploit the specializedservices

provided by the Web interface of online biological databases. In contrast, our approach is designed

to leverage these services. Since the extracted data is transformed into structured, machine-readable

formats, the problem of exporting data for other applications becomesinsigni�can t. Nonetheless,our

approach is complementary to their work becausethe Web wrapper agents can be integrated with SRS,

BioKleisli, DiscoveryLink and other biological information integration systemsto serve as the wrappers

to accessonline databasesfor their systems.

6 Conclusion and Future Work

In this paper, wepresented a tool to exploit online biological databasesusing recon�gurable Webwrapper

agents. We described how these agents can be generatedand executed based on the script language

WNDL and extraction rule generator IEPAD. We demonstrated the utilit y of this approach with three

exampleapplications. We believe this tool can boost the productivit y of life scientists and help facilitate

biological knowledgediscovery.
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App endix

Complete WNDL script for PubMed.

<map><header inputValuesPath=`./inputValues.txt'>
<edge name=`edge1' dest=`Node1' method=`post'

url=`http://www.ncbi.nlm.nih.gov/genome/guide/gquery.cgi'>
<QueryParamFormInput='db' value='0'/>
<QueryParamFormInput='term' value='AIDS'/>

</edge>
<node name=`Node1'>

<schema>
<Attr Name="form1" type=`edge' subtype=`form' TagFilter="KeepAll"/>
<ExtractRule File=`node1/rule1/rule.txt'/>

</schema>
<schema>

<Attr Name="form2" type=`edge' subtype=`form' TagFilter="KeepAll"/>
<ExtractRule File=`node1/rule2/rule.txt'/>

</schema>
<schema>

<Attr Name="imglink" type=`edge' subtype=`image' TagFilter="KeepAll"/>
<ExtractRule File=`node1/rule3/rule.txt'/>

</schema>
<schema>

<Attr Name="nextTen" type=`edge' subtype=`submit' TagFilter="KeepAll"/>
<ExtractRule File=`node1/rule4/rule.txt'/>

</schema>
</node>
<edge name=`edge2' src=`Node1' dest=`Node2' method=`form'>

<QueryForm=`&form1'/>
<QueryParamFormInput=`&imglink'/>

</edge>
<edge name=`edge3' src=`Node1' dest=`Node1' method=`form'

timeouts=`20' retry=`3' loops=`100'>
<QueryForm=`&form2'/>
<QueryParamFormInput=`&nextTen'/>

</edge>
<node name=`Node2'>

<schema>
<Attr Name="Authors" type=`Data' TagFilter="NoTag"/>
<Attr Name="Title" type=`Data' TagFilter="NoTag"/>
<Attr Name="Source" type=`Data' TagFilter="NoTag"/>
<Attr Name="PMID"type=`Data' TagFilter="NoTag"/>

<schema>
<ExtractRule File=`node2/rule1/rule.txt'/>

</node>
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</map>
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