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Abstract

While much of the data on the Web is unstructured in natueretls also a significant amount
of embedded structured data, such as product informaticgr@mmerce sites or stock data on
financial sites. A large amount of research has focused oprtftdem of generating wrappers,
i.e., software tools that allow easy and robust extractiostroictured data from text and HTML
sources. In many applications, such as comparison shopgeatg has to be extracted from many
different sources, making manual coding of a wrapper foheazirce impractical. On the other
hand, fully automatic approaches are often not reliablaughpresulting in low quality of the
extracted data. We describe a system for semi-automatigp@rageneration that can be trained
on various data sources in a simple interactive manner. Qalrigto minimize the user effort for
training reliable wrappers, by providing an intuitive treig interface that is implemented using
an underlying powerful extraction language and trainingpathm. We show that our system
achieves robust data extraction with significantly less affert than previous approaches.

1 Introduction

Over the last decade, the World-Wide Web (WWW) has becomefbiie most widely used informa-
tion resources. On the WWW, the information is usually pnése via Hypertext Markup Language
(HTML) to make its perception easier for humans. Howeves tisual presentation is often not
appropriate for automatic processing. Thus, it is ofteressary to first extract the data embedded in

the pages to make it available for further processing oag®in a relational format.

This task is usually performed by software tools calledppers The goal of a wrapper is to translate
the relevant data stored in webpages into a relational f@raotgular) structure for further process-
ing. Wrappers may be constructed manually, or by a semiraatio or automatic approach. Since
the manual generation of wrappers is tedious and errorepregmi-automatic and automatic wrap-
per construction systems are highly preferable; see, 9,.,22, 7, 6]. Common applications of

wrappers include comparison shopping where informatiomfmultiple online shops is extracted to
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compare prices, and online monitoring of news over multpébsites, say, for news items relevant

to a particular stock.

In this paper, we describe a new system for semi-automaéippar generation. The system provides
a visual interface and interactively generates a wrappen gxamples specified by a human operator
(user). Unlike in some previous systems, the user is notiredjio work on HTML source code,
Document Object Model (DOM) trees, or some intermediaryltegenerated by the system. All the
interaction takes place in the browser on the original viéthe webpages. The constructed wrapper
is represented internally in a built-in special purposdatative extraction language, but the user does

not need to learn or understand the syntax or semanticssotiguage.

Our wrapper generation system employs various algorithedkbniques embedded behind the user
interface. With the help of these techniques and a simplenatatal user interface, the number of
examples that have to be provided by hand is minimized. Wsaak or two examples are enough to
generate a successful wrapper. Since labeling of trainitg id considered the major bottleneck in
wrapper generators, this approach offers great advanthgaddition, hiding all the technical details

behind the user interface makes the resulting tool very akgarn and use.

As part of our approach, we present a framework for utilizinget of unlabeled webpages called
verification setduring the wrapper generation process. This allows us taifgigntly increase the
accuracy and robustness of the generated wrappers thrdeghaalditional simple user interactions
that require much less effort than the manual labeling oftemtéil examples. The framework offers
a solution to common obstacles to generating robust wrappach as missing or multiple attributes
and variant attribute permutations in a tuple as describdd]. It can also effectively cope with
representational variations which may be observed for sattnbutes. For example, many websites
present the information in various colors to indicate clemgay by showing a price in red if there
was a recent decrease. This often leads to problems if @plartivariation is not encountered among
the limited number of labeled examples that can be provitkegvever, in our framework these varia-
tions can usually be handled in a fairly painless manner. Aesalt, the risk of later wrapper failures
on unseen webpages is reduced significantly. As part of @iesy we define a powerful extraction
language with many built-in predicates, including someslam browser supported Dynamic HTML
(DHTML) properties and methods. This language gives outesyghe ability to capture fairly so-

phisticated extraction scenarios that are often impossibéxpress with more limited approaches.
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The rest of the paper is organized as follows. In the next@goe give an overview of the system
by describing the various steps involved in our interactivapper generation process, and in Sec-
tion 3 we discuss related work. The following three sectitves describe our system in detail: First,
we present the design and implementation of our system wkatescribe the internal data structures
and the language used to extract tuples, and finally we prélserwrapper generation algorithm.

Section 7 contains the experimental evaluation, and Se8tjmovides some concluding remarks.

2 Interactive Wrapper Generation

In this section, we describe the various computation andiotaction steps of our interactive wrap-
per generation system on some simple examples. We starsaitie dummy webpages to introduce
the wrapper generation process and the terminology. Thestewmnstrate some possible challenges
faced in the extraction process and how our approach dedistingse, using an example of a real

world website. In the last subsection we give a discussidheproblem and possible solutions.

2.1 The Wrapper Generation Process in Our Approach

Our wrapper generation process is summarized in Figurd=-Brisimplicity, we show a set of artificial

webpages, where each page lists the names, area codes caedpimbers of several people.

Before describing the figure in detail, we define some termsaiing webpages a page on which
the user trains the system by identifying one or severallsupe the page. Theerification setis a
set of unlabeled webpages from the same website that catdatarto be extracted (or pages likely to
contain such data). Such pages can be obtained by visiterg tising our interface, or possibly by
using a simple crawler on promising parts of the website. Jimpose of the verification set is dis-
cussed in detail below. Once the wrapper is constructednibe used on other yet unseen webpages
(possibly including new pages that are created in the fytorextract the relevant information. Now

we describe each step in more detail:

(1) The user starts the training process on a training wefgpagd with the system’s guidance
highlights one complete tuple using the mouse, similar {olfrthe figure, the user highlights

the first tuple on the training page.

(2) Once the tuple is entered, the system generates miappers where each wrapper extracts a

unique set of tuples on the page. Thus, the system identéiesa possible tuple sets on the



Displayed training webpage

(1) User highlights a single tuple
| Name Area Phone
| Davis, Jack 718  654-150
Davis, James 212 253-532
Name Area Phone Davis, John 7 718 617-863
A

Davis, Jack 718 654-15
Davis, James 212 253-53

Davis, John 718 617-863 (2) System generates
wrappers, all of which

i )

Name Area Phone -
Davis, Jack 718 654-1506 extract tt:TJI';'gh"ghted
Davis, James 212 253-53]
Davis, John 718 617-8630
Training webpage

Name Area Phone

f Name Area Phone
DDaV.'S' SR o <« » Davis, Jack 718  654-1506
avis James 212 253 -53%(8) System displays Davis, James 212 253-53p4
Davis, John 718 617-863different tuple sets| Davis: John 718 617-8630

on the training
webpage

(4) User confirms the
desired tuple set

Wrapper

. Generation | (5) System tests the
d('?f) Systemldlsplays System confirmed wrapper on
(7) User confirms the ifferent tuple sets on the verification set
desired wol ¢ the disagreed webpage
esired tuple se from the verification se Verification set
User Name Area Phone Name Area Phone
Dennis, Barry 212 206-911 Dennis, Barry 212 206-911Q
Dennis, Albert Dennis, Albert
Dennis, Anita 718 467-961 Dennis, Anita 718 467-9619
Name_ Area Phone (8) Final Name Area Phone
Dennis, Barry 212 206-91: Wrapper Erik, Penny 321  939-1322
Dennis, Albert is created Eriks, C 954 571-8037
Dennis, Anita 718 467-96. y Eriks, John 863 467-6256
Name Area Phone
Dennis, Barry 212 206-911 Name Area Phone
Dennis, Albert Wrapper Penny, Jean 502 839-7122
Dennis, Anita 718  467-961D Penny, Glen 606 325-3967
Penny, H 502 426-1619

Figure 2.1 Overview of the wrapper generation steps.

training webpage, each containing the highlighted tuplis plossibly a few other tuples.

(3) The system then generates and displays several copibe dfaining webpage, where each
copy highlights one of the possible tuple sets. The user asigate between these pages using
special toolbar buttons added in the browser and chooseetfizd tuple set. If none of them
is the tuple set the user had in mind, he may try to correct étleectuple sets, say, by adding

a tuple to one of the tuple sets.

(4) The user selects the desired tuple set among the onesishothe figure, the user selects the
second tuple set, but note that some other possible extnesitenarios for this simple webpage
could be to extract only the first tuple on a page, or to exivabt those tuples which have an

area code of “718”. (That is, it is not always obvious whattifges of interest are.)

(5) Once the user has selected the desired tuple set, tlersyrsiats this as a confirmation for the

corresponding wrappers. Note that a wrapper typicallyaiosta number of different extraction



patterns, all of which generate the selected tuple set; abseStion 5.4. (For example, all
tuples, or all tuples where the name is “Davis”.) Thus, a \weags a set of extraction rules
that are consistent on the set of data examined up to this, ointhat might diverge on unseen
webpages (in which case some of the rules will turn out to loeriect). As discussed in
Section 1, a possible reason are variations in the webpageh, as missing attributes and

variant attribute permutations in some tuples, that mayuootir in the page(s) labeled thusfar.

This definition of a wrapper as a set of rules leads to thevioiig framework to increase the
accuracy and robustness of the system, where the user psoaidet of additional unlabeled
webpages from the same website call tieeification set All extraction patterns in a wrapper
are then tested on the verification set to see if any of theagdeée on any page. If so, then
the system interacts with the user by highlighting the déffe: tuple sets on the page with the
most disagreements. When the user selects one of the tapléh®nonconforming patterns are
removed from the wrapper and the process is repeated uertd Hre no disagreements on the
verification set. In the figure, the system tests the wrappestcucted in the previous step on
the verification set and gets disagreements on all pagesmbkedisagreements are observed

on the first page, where the wrapper outputs three diffetgie tsets.

(6) The system highlights the different tuple sets and pitsrtige user for a choice. In the example,
the first tuple set contains all available tuples on the wgbp#he second only those tuples
that have no missing items, and the third (empty) tuple sataios only tuples with name
value “Davis”. Thevalidation rulesthat allow extraction of tuple sets such as the last one are

discussed in Section 5.

(7) The user picks the desired tuple set from the ones disglayrhe system checks again the

verification set and this time no disagreements are found.

(8) The final wrapper is stored and later used to extract data 6ther not yet encountered pages.

As we will show, the described framework can significantlgrease the accuracy and robustness of
the resulting wrapper. The total user effort is very smaibidally just a few mouse clicks, and is
required only if disagreements are found in the verificaieh We note that the verification set itself
can usually be acquired in an almost automatic fashion, laplgi pointing a crawler to parts of the

web site likely to contain tuples (even if only some of theiested pages contain tuples while others
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are unrelated). If a user decides not to supply a verificadietnor a set that is too small, then it
becomes much more likely that disagreements are encodrgges in the extraction process. In the
case of disagreements during the later extraction protessystem can be set up to take one of the
following actions depending on the application scenarijostbp immediately, (i) ignore the current
page, (iii) choose the most likely extraction rule usingtam heuristics and continue to extract tuples
with that wrapper, or (iv) store all different tuple sets aegtely to allow recovery in the future. In
addition, the system can send a message to an administrdicaiing potential problems and ask for

a selection of the correct set as in Steps (6) and (7).

2.2 An Example

We now illustrate the wrapper generation process on a relapage frommwv. hal f . ebay. com
shown in Figure 2.2(a). A user might be interested in calhecpostings of auction data from this
website over a long period of time, say, for the sake of rugrsome statistical analysis on prices,
sellers, or shipping methods later on. Thus, it would berdbi to use an automated tool to extract
the relevant data regularly and store it in a simple manmgrjrsa database. Let us assume the user
is interested in extracting tuples with attributes “Pric€rotalPrice”, “Shipping”, and “Seller” for
certain products. However, in general there are multigferdint reasonable extraction scenarios on
these webpages, where different scenarios correspondfévedi user needs and lead to different
tuple sets. For example, one scenario is to extract all suphethe webpage (Figure 2.2(b)), or all
tuples that appear in the table “Like New Items” (Figure &R(or the first tuples of each table
(Figure 2.2(d)) (i.e., only the cheapest items since thaemare ordered by price). Although it may
not look reasonable for this webpage, another possibleasicemight be to extract all tuples whose
background color is gray but not white (Figure 2.2(e)). Tihight be necessary in cases where this

color conveys some distinct meaning, as is in fact the cagedain sites.

In the rest of this section, we assume that the user is inezt@s extracting only tuples that appear
in the table “Like New Items”, and in fact only those where siedler is awarded with a “Red Star” in
“Feedback Rating” (Figure 2.2(f)). (We point out that in &g 2.2 only the 3rd and 4th stars from the
top are red.) On the website, stars with various colors sgmiethe feedback profiles of the sellers,

and “Red Star” represents a “Feedback Profile of 1,000 to4,@@rs”.
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Figure 2.2 Training webpage from eBay and some possible tuple setsispage.



We started the training process on the training webpagegdnrg&i2.2(a) using a verification set
of size ten. When we highlighted one complete tuple on tlEsitng webpage according to the
desired extraction scenario (the first tuple under “Like Nms”), the system identifiet8 different
possible tuple sets, including the ones in Figures 2.2(l§))toThese sets are ranked from most to
least likely according to techniques described later. Wetban navigate and visually inspect the
highlighted tuple sets as shown in Figures 2.2(b) to (f),ohtare in fact screenshots of our system.
After selecting the desired tuple set (the third set in tinkirag), the system tested the wrapper on the

verification set, and had disagreements which were res@hitbdwo confirmations.

The first disagreement was on a webpage which had two difféopte sets as shown in Figure
2.3(a). (Note that in Figure 2.3, the 2nd, 4th, and 6th stems fthe top are red.) The tuple set in
Figure 2.3(a) is the correct set, since all the tuples appehe table “Like New Items” and all sellers
are awarded with a “Red Star”. Looking again at the trainireppage in Figure 2.2(a), we observe
that the tuples with “Red Star” sellers appear only in théetdbike New Items”. The first wrapper
that was constructed based on this page contained pattatnaxtract the correct tuple set as shown
in Figure 2.3 (a), and also less restrictive patterns thiahektuples as shown in Figure 2.3(b), as both
were consistent with the desired tuple set on the trainigg iself. When we confirmed the tuple set
shown in Figure 2.3(a), the system removed the incorrecaetibn patterns, but still required another

confirmation as follows.

The second confirmation was on another webpage which agditwedifferent tuple sets as shown
in Figure 2.4. (Note that in Figure 2.4 only the 6th star frdrma top is red.) The empty tuple set in
Figure 2.4(a) is the correct set, since there are no tuplbeitable “Like New Items” whose seller has
a “Red Star”. The tuple set in Figure 2.4(b) is incorrect sitiee single extracted tuple appears in the
table “Very Good Items”. Looking at both the current page #redtraining webpage, we observe that
in the current webpage there is no “Brand New Items” tablis; ¢hanges the position (andexing
informationof the “Like New Items” table, which is now the first table fraime top while the table
“Very Good Items” moves into the second position formerlgwaed by “Like New Items”. The
initial wrapper contained patterns that extract the camgale set shown in Figure 2.4(a) by looking
at the actual label of the table (“Very Good Items”), as wsliaéhers that rely on position (“look at
second table from top”) and that fail on the page shown inle@@u. Thus, we should not expect to

be able to get a robust wrapper from labeling only the inttaihing page in this example.
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Figure 2.3 First interaction on a webpage from the verification set.

2.3 Preliminary Discussion

We illustrated our system on pages from the eBay websiterenthere are many different extraction
scenarios. Such different scenarios need to be supporteddgmpd system since users may have
many different objectives and pages may have many differamations. Note that on the presented
webpages, the goal is to collect only those tuples thatfgahe requirements, and to discard any
others. The fact that the items are categorized into diftet&bles such as “Brand New Items” or
“Like New Items” attaches some meaning to the tuples that naarg to be taken into account during

the extraction process.

It could be argued that even with the fairly complicated &tite of these pages and the user’s rather
specialized extraction scenario, maybe the extractioblprno could be solved with a less powerful
wrapper generation system. A possible solution could belssifs: a simpler wrapper is generated

by a less powerful wrapper generation system to extractaasiple tuples from the webpages, and
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Figure 2.4 Second interaction on a webpage from the verification set.

then another application queries the resulting tuples lect¢éhe desired subset of tuples (say, by
issuing a SQL query for tuples with price at més0, to use a very simple example). In our example,

the query can be subdivided into two tasks:
(1) Remove all tuples whose sellers do not have a “Red Star”.
(2) Remove all tuples that do not appear in table “Like Newnké

To accomplish the first task, we could change the tuple defimand add an extra attribute to store
say the file names (source URLS) of any existing star imagesnga simpler wrapper generation
tool (which still has to be able to handle missing items in@d)y we could extract all the tuples on
the webpage and then perform a selection on the file name daftge by, e.g., checking if the file
name igedstar.qgif or yellowstar.gif. Obviously, this solution requires some effort and SQL etipe
from the user. Instead, our system proposes a built-inisoluthich hides any technical details from

the user via a friendly interface and which requires onlyimal user effort.
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Note that for the second task, it is not easy to come up witimdlasi solution, since in this case the
new extra attribute would have to indicate in which tabletilf@e appears. However, this is not a
trivial problem as there is only one label “Like New Items' fmany tuples in the table; we contend
that our more advanced approach is basically needed in aasgs.c As we noticed, merely using
indexing information such as “second table from top” indte&the actual label of the table is not

adequate and fails on certain webpages.

In fact, the first task above demonstrates a very powerftiifeaof our wrapper generation system:
The system can detect objects (such as images and text tothtenare visually next to the tuples
(or the attributes of the tuples), and utilize them as rutethe wrapper. If the data to be extracted
has descriptive labels next to it, these labels can be atiwaiig detected and utilized in the rules.
This is achieved with the help of auxiliary properties of swgbpage representation as discussed in
Subsection 5.1. To our knowledge, this is the first time tlpgeperties are being used in the wrapper
generation systems. Including this feature in our framé&veod algorithms helps to minimize the
training effort, since it can generate very expressive peap. Usually highlighting as few as one
tuple on a single training page, and then confirming the egletuple set, is enough to generate a

successful wrapper on many websites as we will show in Seétio

Note that a related problem calledapper verification21] is to determine whether a wrapper is
still operating correctly after it was built and deployedgimapplication. This is an important problem
since websites may change their format and presentatianygi@nt in time (and frequently do); in
that case a wrapper may start extracting irrelevant inftionaOne proposed solution is to compute
a probabilistic similarity measure between a wrapper'seetgd and observed output distribution
where the similarity is a set of features such as word coangth, upper-case sensitivity, and others.
Our proposed wrapper structure may in fact be quite usefillercontext of the wrapper verification
problem, since a wrapper often contains several extrapatierns, including some very specific ones.
Thus, as the presentation and layout features of a webstegeh this can be detected early as some
of the very specific extraction patterns may start to disagrewhat the tuples are, while some of the

more general ones still agree.

In the same context, one desired property of wrapperssience i.e., the ability to continue to
operate correctly in the event of presentation changes enatigeted web site [23]. We have not

considered this issue in our current system and do not alb@ageneral extraction patterns in the
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wrappers. However, it would be interesting to investiggipartunities enabled by this diversity of
extraction patterns contained in a wrapper, some fairlyeggrand some very specific, that in a way

each correspond to a theory about what sort of tuples themigit be interested in.

3 Related Work

The problem of information extraction from webpages haslstedied extensively over the last few
years. Detailed discussions of various approaches carubd fa several surveys [11, 28, 23, 20, 19].

We now give an overview of the main approaches.

Early approaches for extracting information from webpagese mostly based on manual tech-
niques. Thus, a human examines the HTML source and codesppevraften using a special pur-
pose language to extract the relevant information. Somekmeilvn examples for this approach are
TSIMMIS [16], Minerva [9], Web-OQL[2], Florid [25] and Jedi8].

Tools such as RAPIER [5], WHISK [34], and SRV [13] use relatiblearning systems to induce
extraction rules. These tools can work on completely usttred natural language text documents,
since they can learn syntactic and semantic informationiala in the collection and employ them

in the extraction rules. Typically, they are more suitalleviebpages that contain free text.

Semi-automatic wrapper induction tools such as WIEN [28ft/8ealy, [17] and Stalker [29] repre-
sent documents as sequences of tokens or characters, amécis@e learning techniques to induce
delimiter-based extraction rules from training examplése first tool with this approach, WIEN,
learns the landmarks if the webpage conforms t&laRT organizatiorfor the given extraction task.
In this organization, H marks the end of the header after wthie relevant data items start to occur,
T marks the start of the tail behind all the data items, andd. Rrdelimit the individual data items
(attributes or tuples) between header and tail. WIEN cahaotle cases where there are missing
items or variations in a tuple. SoftMealy [17] is a wrappedtuntion system that generates extrac-
tion rules specified as finite-state transducers. Thess oale contain wildcards which allow it to
overcome the above missing item problem. However, SoftiMeajuires every possible case to be
represented in the training examples. Stalker [29] is arsigel learning algorithm that can perform
hierarchical data extraction. This is achieved througltarbedded Catalog Trg&CT) formalism

that also reduces the required number of training examples.

Semi-automatic wrapper induction tools that represenipagbs as trees using the Document Object
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Model (DOM) [8] include WA4F [33], XWrap [24], and Lixto [4, 3WA4F [33] uses a language called
HEL (HTML Extraction Language) to define extraction rulesdaffers a wizard to assist the user
in generating wrappers. The wizard adds some invisiblet@tioas to the given webpage, and when
the user moves the cursor over some chunk of text, the wizdmns the corresponding DOM tree
path. Since the wizard support is limited and the full quergriogrammed by the user, W4F requires
expertise in HEL and HTML. XWrap [24] allows interaction taeten user and system with the help
of a GUI, and generates extraction rules based on some predeééimplates that limit the expressive
power of the rules. The wrapper generation process takegnefisant amount of time even for
an expert wrapper programmer. (Each website among four lsawgbsites required between 16
minutes to 40 minutes in [24].) XWrap offers a testing comgransimilar to our verification set,
but it requires user effort to check if the wrappers work eotly. If the tests are not satisfactory, an
iterative process is started which performs incrementasi@ns of the extraction rules. Lixto [4, 3]
generates extraction rules based on Elog, which is a systieamal datalog-like rule based language.
Lixto provides a sophisticated visual and interactive ustrface. The users do not have to deal
with either Elog or HTML, but design their wrappers througistinterface. Lixto does not provide
a component to test and train the system interactively oaraéwebpages, but rather focuses on a
single training webpage.

Work in [7] discusses the sequence-of-tokens and treegeptations of webpages and proposes a
system called WE based on a hybrid model. This is achieved through speciggsebuildersthat
can exploit different views of the document. The experimergsults in [7] indicates that WiLcan
generate good wrappers with fewer training examples thaBN\dr Stalker. One major difference
between our work and WAs that we allow interaction through the interface to rediheeuser effort,

while WL? instead requires more training examples to generate assfotrapper.

An interactive semi-automatic tool called NoDoSe (Nortkteen Document Structure Extracter) [1]
analyzes the structure of the documents to extract theamelalata. This is achieved through a GUI
where the user hierarchically decomposes the file and tesctie interesting regions. NoDoSe has

limited capabilities on HTML pages, but also works on plarttdocuments.

Fully automatic wrapper induction systems typically rely mattern discovery techniques and are
usually not reliable enough for applications that requiceuaate tuple extraction. In IEPAD [6],

pattern discovery techniques are applied through a datetste called a PAT tree that captures regular
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and repetitive patterns. RoadRunner [10] works on samplHpages and discovers patterns based
on similarities and dissimilarities, then uses the misimascto identify the relevant structures. But
as seen in the eBay example, described in Section 2, a usat wamt to make some refinements
and only extract a specific subset of the available tuplesuti cases, some amount of user input is

clearly necessary to extract the correct set of tuples.

4 System Overview

Our system consists of two main components. The first on@imthractive user interface which han-
dles the user-system interaction and creates an inteipr@sentation of the webpages with auxiliary
properties. The second component is the wrapper geneatgieam which constructs the wrappers,
tests them, and releases the final wrapper. An overview o$yktem is shown in Figure 4.1. The

following subsections discuss the design and implemeamtati these components.
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Figure 4.1 Overview of our system.

4.1 The Interactive User Interface

Our wrapper generation system offers an interactive visuatface which allows users to train the
system on browser-displayed webpages. This user intedactually a browser enhancement created
using Internet Explorer browser extensions [26], with samewly added browser toolbar buttons.

During the training process, the user is guided by the systgimthe help of browser-supported
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messaging tools such as alerts and confirmation messagésntekbction takes place within the
browser on the exact view of the webpages. The user only maesf these toolbar buttons and
the mouse to interact with the system. When the user hitslbaobutton, a corresponding JScript
program is executed in the browser. Some of these JScrigtare are created on the fly by the
Wrapper Generation System through the communication nesddrhis is necessary since the steps
taken in the training process vary between different websand thus the messages to guide the user
can only be determined during training. In general the nurobattributes in a tuple, the number of
identified possible tuple sets on the training webpage, hadhtimber of required confirmations on

the verification set define the flow of the training processamechot known in advance.

In addition to interaction and communication support, aeoimportant task of the user interface
is the generation of the DOM parse tree. Instead of sing math as JDOM [30] or Tidy [35], we
generate the parse tree in the browser with the help of XZs1(pDHTML programming techniques.
Our experience has shown us that this provides a consistdntobust way of creating DOM parse
trees. Furthermore, it allows us to obtain auxiliary praijesron the pages, such as the visual prop-
erties of each object in the parse tree including the redgtivsitions of objects on the page. More

details about the DOM parse tree and the document modelar oi Subsection 5.1.

4.2 The Wrapper Generation System

The main objective of this component is to generate wrapjpeesnally, test them, and release the
final wrapper upon confirmation. THhextraction Pattern Creators one of the key subcomponents in
the Wrapper Generation System (WGS). It is initiated by #eeption of the DOM parse tree as a
stream from the other component. WGS processes the strahstans the parse tree internally in an
object-oriented format. When the training example is ne@irom the user interface, the Extraction

Pattern Creator subcomponent creates many possible trpatterns as described in Section 6.

The Wrapper Generator and Classifismubcomponent applies these patterns to the internal repre-
sentation of the training webpage to obtain the tuple setswiould be extracted. Next, wrappers
are constructed by grouping patterns that have the samkimgswple set on the current page into
one wrapper. The wrappers are then stored invtliapper Storagesubcomponent. When the user
completes the training on the training webpage Whapper Testing Modulis run on the verification

set. This module has the privilege to modify the confirmedppea stored by the Wrapper Storage
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subcomponent. Depending on the interactions, some refimsmaay be required and some of the
extraction patterns may be removed from the confirmed wirajppine Wrapper Storage. Both the
Wrapper Generator and Classifier subcomponent and the \&rdpggting Module use thé/rapper
Language Interpreter modulen the webpages stored in the verification set, since they toegpply
(run) the wrappers to observe the resulting tuple sets. Bbthese modules also make extensive
use of the communication modules, since their flow dependasteractions with the user. Once the

training is completed, thEinal Wrapper Creator Modulstores the wrapper.

The Wrapper Generation System (WGS) is implemented with $&rvilet Technology [36]. This

allows flexible communication between the WGS and the browased user interface.

5 Tuple Extraction

In this section, we describe our declarative wrapper lagguaVe start with the internal represen-
tation of the webpages and their auxiliary properties, th®e an overview of the language, and
then describe the language in more detail. Finally, we desthe wrapper’s structure and the tuple

extraction process.

5.1 Document Representation

In our system, documents are represented by DOM parse tfe@&OM parse tree is an ordered
tree where each node is either an element node or a text nodeslefnent node is an internal or
leaf node that has a specified tag name and tag attributeseagha text node is a leaf node with a
single string value. This representation is created in tiogvber by JScript and DHTML programs
which run a depth-first, left-to-right algorithm startingpfn the root node of the document. During
this traversal, each node is marked with a unique ID, andrgibeentially useful information for
each node is also retrieved. When the browser displays a gageontent of each node in the tree
is actually surrounded by an invisible rectangle. With tiegplof DHTML properties and methods,
we retrieve the coordinates of this surrounding rectangj®en in terms of pixels. This information
is utilized by the extraction language, allowing neighhgrobjects on a webpage to be identified

without relying on the DOM parse tree. Thus, webpages aresteddhs they appear in the browser.

A portion of the DOM tree created for the eBay example is shawhigure 5.1. The values on
the upper-left corners of the nodes are the generated utipieThe (left, top) coordinates of the

surrounding rectangles are shown in the first bracket antititet, bottom) coordinates are shown in
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the second bracket. For simplicity, we do not show the tagpate values of the element nodes in
the figure. Since this representation is rebuilt in the Weaipeneration System in an object-oriented
structure, the properties of each node and the relationsigti@ nodes can be accessed through the
implemented methods. The Wrapper Language Interpreteulmadtroduced in Subsection 4.2 is

created based on these methods.
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Figure 5.1 A part of the HTML DOM tree of the EBay training webpage.

5.2 Extraction Language Overview

Our extraction language is based on the DOM tree represamiaftthe document. Extraction rules
(patterns) are constructed in this language as a sequeegpressionghat impose conditions on the
path from the root to a valid tuple or tuple attribute. An extion rule contains an expression for each
node along this path, where an expression consists of ccimms and disjunctions gfredicates In
addition, wildcards could be used to skip a variable numbévels, though this is not implemented

in the current prototype.

If a node at depthsatisfies its matching expression, then that node is coresldeceptedotherwise
rejected Only children of accepted nodes are checked further foekpeession defined for depth
i + 1. This continues until the leaf nodes are reached, and theptaxt leaf nodes form the output of
the pattern. Next, we describe some basic types of predittzéare available; note that our language

is extendable in that additional predicates can be eastlg@d
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5.3 Predicates Used in the Extraction Language

First, we need to introduce some conventions used in thagated: N represents a node (either an
element or text node}, represents a tag nam&yepresents a tag attribute (hame, value) pair such as
A=(width, 5%),] represents an integdtrepresents a regular expression which can be either aibuilt-
expression such as “this is a phone number” (or email addtess or a string which is created by
the system on the fly, an8represents a combined specification for an element nodetagthame
and attributes. The extraction language assumes thatrehilte ordered from left to right, since
the document representation is created that way. Note lieatollowing is not an exhaustive list

of the predicates, but intended to give the user a basic ssfme. The set of predicates may seem
overly rich, but it has to be kept in mind that the user doesseetany of the complexities due to our

interactive framework, and this in fact allows us to use saifature-rich language.

Some Basic Predicates for Element Node&Ve now list some basic predicates defined for element

nodes, which return false if the node is not an element node.

tagName(N, T)returns true iff node N has tag name T.

e tagAttr(N, A) returns true iff node N has a (tag attribute name, valua) gstisfying A. Note
that N may also have other pairs without affecting the outeofset of pairs required from a

node can be specified in an expression with the conjunctitimesie predicates.

e tagAttrArray(N, A[]): where A is an array of (tag attribute name, value) pairs.s finedicate
returns true iff node N has tag attributes satisfying all plag's in the array and contains no

other additional tag attributes.
e elementSiblingPstn(N,:ljeturns true iff node N is thé-th child of its parent.
e childrenNumber(N, breturns true iff node N has exactlychildren.

e tagPstn(N, T, [)returns true iff node N has tag name T, and it is fkt& such child of its parent.
This predicate is useful when the number of left siblingsesrbut the number of left siblings

with tag name T remains the same.

e leftSibling(N, S)returns true iff node N has any left sibling which satisfies expression S.
This is useful when position information alone is not adeégqudf there is a consistently ob-

served left sibling which happens to separate the reletamisi from the others, then identify-
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ing this node in the expression in essential. Similarlyht&jbling(N, S) and other variations
such as previousSibling(N, S) and nextSibling(N, S) are alailable. The latter two are more

restrictive as they only check the previous and next silsling expression S, respectively.

Some Basic Predicates for Text NodesThe following predicates are defined for text nodes and

return false if the node is not a text node.

e textCurDepth(N)returns true iff node N is a text node at the current dep#h, (it is not enough

for some descendant to be a text node).
e textSiblingPstn(N, lreturns true iff node N is thé-th child of its parent.

e syntax(N, R)returns true iff the string value of node N matches the ragekpression R. This
predicate is often used to ensure syntactic correctneseafdntent. There is a set of built-in

regular expressions defined in the system such as date, pbontger, or e-mail address.

e leftDelimiter(N, R) returns true iff the string value of node N has a left delen{fprefix) satis-
fying the expression R. This predicate is different fromtayxfN, R) as follows. The Extraction
Language Interpreter not only searches the string for al@difiniter that satisfies R, but in case
of a match it also outputs only the remaining substring orrijfg. So it serves two purposes,
to eliminate items that do not have the specified left debm#nd to perform data cleaning by

removing labels or descriptive text. Similarly, rightDalter(N, R) is also available.

e leftTextNode(N, R, Iyeturns true iff the/-th closest left text neighbor node of N has a string
value satisfying expression R, where R can be a constangsiria regular expression. With
the help of auxiliary properties stored in our documentespntation, it is possible to find the
neighbor text nodes that are displayed visually next to fédi the current prototype R is
limited to a string constant. In the notation, the order aghbors is defined by their distance

to node N, so the closest left neighbor of node N can be testsétting/ = 1.

e leftElementNode(N, S,:ljeturns true iff the/-th closest left leaf element node of N satisfies
expression S. The predicate can match only leaf elemensmudi as images (img) and break
(br) nodes. Similar predicates for the other directionsase available, as are some other
variations. For example, instead of stating a precise Malug another set of predicates checks

for at least one match within a range of neighbor nodes.
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5.4 The Wrapper Structure

During the training process multiple wrappers are gendrateernally, and modified based on the
interactions. Once the training is completed, the final weayps stored externally. A wrapper consists

of four main components which we now describe.

(1) For each attribute, a set of extraction patterns: For each attribute specified in the tuple def-
inition, the wrapper stores a set of patterns in the desgrx¢raction language. When executed on
the training webpage, all patterns output the same setroki{similarly on the verification webpages
if available). However, as discussed earlier the patterag disagree on yet unencountered pages.
Thus, many patterns that extract the desired items aredstotbe wrapper, until it is inferred from

the interactions that a pattern should be removed from the se

(2) A set of extraction patterns that define tuple regionsWith the help of the previous component,
data items for each attribute can be extracted. Howevangivese data items we still need to decide
which of them are part of the same tuple. This is not a triviabjlem and cannot be handled with a
simple bottom-up approach. In other words, sorting theaexéd data items in the order they appear in
the document and constructing the tuples based on hesratis in some situations. As mentioned,
common challenges in wrapper generation include coping wiissing attributes, variant attribute
permutations, and allowing multiple entries in a singleiladte for some tuples. It is difficult to offer
a heuristic-based solution capable of handling all thesasons. In our solution, we also construct
tuples with a bottom up approach, but we rely on the visualsgntation of the webpages. We make
the assumption that there exist (invisible) disjoint ragtaar regions such that each region contains
the attributes for one unique tuple. We have not seen a coexaenple yet, and we believe this would
be expected due to the internals of the DOM representatibus,Tour goal is to find suitable patterns

that identify (extract) these regions.

There are two cases. In the first case, the system can ideigifyent nodes whose invisible rectan-
gles define the tuple region immediately. In the eBay exantpietuples appear in table rows, and
thetr element nodes in the table define the tuple regions. In thensetase, it may not be possible
to identify such element nodes, but it is usually possibleéntify some nodes which appear be-
tween the tuples, such as images, line breaks, or some texsvarhe top leftmost points of these

nodes actually create a grid on the webpage, where the egfdhe grid define the tuple regions. In
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both cases, tuples are constructed by first executing thatpéute patterns from component (1) and

extracting the data items; those items that appear in the sapte region then form a tuple.

(3) The tuple validation rules: The wrapper structure requires all constructed tuplestisfga last
set ofvalidation rulesto be output, where each validation rule is a combinationoofunctions and
disjunctions of special predicates. This component plaggaificant role in defining the different
extraction scenarios. The input parameters used in theagated are as followsT represents a
tuple, TArepresents an attribute of the tuple definiti®represents a regular expression (possibly a
string value) andE represents an expression constructed with the predicafegd in the extraction
language. Note that E can define rules for the specificatioreigfhbor objects. Then the predicates

used in the tuple validation rules are:

e specificAttributeValue(T, TA, Returns true iff TA satisfies R.
¢ tupleHasNoMissingltems(Teturns true iff T has at least one item extracted for eaictbate.
e tupleHasOneltem(TYyeturns true iff T has at most one item extracted for eacfbate.

e tupleHasTheContent(T, TA, Eeturns true iff TA satisfies E.

The set of validation rules are categorized under two diffesetsconfirmedandunconfirmedules.
The confirmed rules are the ones for which clear evidence tairgdd during the interactions that
the tuples are not desired if these rules are not satisfiedh®nother hand, some rules may not be
evaluated on the provided webpages, since all the constrtigples may already satisfy these rules.
This can occur if the verification set is not large enoughf ¢ine design of the website makes sure
these rules never fail. In the eBay training webpage, wher#sired tuple set is confirmed, the rule
which requires a red star next to the tuples will be in the coréd rules set, since it is known that
the tuple set without this rule is undesired. In other wotlls,rule is confirmed automatically with
the confirmation of the desired tuple set. But another rudédquires no missing items in the tuples
is not confirmed, since all conform to this rule so far. So thie is placed in the unconfirmed tuple

validation rules set. Additional predicates for tuple gtalion could be added as needed.

(4) Internal data members: This component stores miscellaneous data items such asrdpper

name, website name, file path, etc.
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6 The Wrapper Generation

In this section, we describe our wrapper generation proddsdirst introduce the overall algorithm,

and then discuss one of the steps in more detail.

6.1 The Wrapper Generation Algorithm

We first define some internal data structures and concepdsmgiee algorithm. Adompathobject is
used to represent each highlighted attribute of the trgiakample (tuple) in the system. In particular,
a dompath object identifies all nodes on the path from the root édélaf (or leaves) of an attribute.
Given these donpath objects, we can find the lowest common ancestor (Ica}mfirsing example,
i.e., the deepest node among the common ancestors of theddgs highlighted in the training
example. Note that on the training webpage, there can be diffeyent Ica sets, corresponding to
different possible tuple sets, all of which contain the I€#he highlighted tuple. Al.CA objectis a
data structure that stores a set of Ica nodes and a set oftexitrpatterns that extract this set of Icas.
An overview of our wrapper generation algorithm is given igufe 6.1. We now describe the steps

in more detail:

(1) Initializing the internal representations (line 1): In this step, internal representations are cre-
ated through preprocessing of the training and verificatiehpages, as described in Subsection 5.1.
(2) Creating dom_path and LCA objects (lines 3-5):Upon retrieval of the highlighted training ex-

ample, the donpath objects are created for each attribute. Then LCA obpret created as follows:

- Examine the created attribute dgmath objects to identify the lca node of the training example

and create the dorpath object of the Ica.

- Using the Ica donpath object, create an extraction pattern with only tagN&me) predicates
at each level, and execute this pattern to identify the sktast This is the largest possible Ica

set. Create and return the LCA object containing this Icasdtthe extraction pattern (line 4).

- Starting from the nodes in the largest Ica set, get all thegestors. This helps to identify the

candidate nodes at each depth.

- Starting from the root node, construct expressions foh ekpth of the tree, where an expres-
sion is a conjunction and/or disjunction of predicates. €kpressions are constructed in a

way that different sets of nodes are accepted at every deptire each set contains the node
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identified at the same depth of the Ica dpath.

- Create patterns by combining the expressions defined tr @epth. Execute these patterns,
and identify those that extract the same Ica nodes. Createatarn LCA objects for each

unique Ica set, containing the corresponding set of extragiatterns (line 5).

1: init_representations(tr_webpage, verification| |)
2: repeat
3:  tr_example < retrieve_tuple(tr_webpage) {through interactions

4:  LCA[0] < init_LC A(tr_webpage, tr _example)
5. create.LC As(trwebpage, LC'A[ ], LC'A_number)
6: for i = 0toattr_number — 1 do
7 extraction_patterns[i| < create_extraction_patterns(tr_webpage, tr_example, i, LC'A[0])
8: end for
9: fori=0toLCA_number —1do
10: wrapper| | < init_wrapper (tr_webpage, tr_example, LC A[i], extraction_patterns|])
11: identi fy_tuple_regions(tr_webpage, wrapper| ])
12: wrapper_number+ = new_wrappers_created
13: end for
14:  repeat
15: VR < create_validation_rule(tr_webpage, tr_example, wrapper| |)
16: for i = 0 to wrapper_number — 1 do
17: if new_tuple_set(tr_webpage, i, wrapper| ],V R) then
18: wrapper[wrapper _number| < fork_wrapper(wrapper|i], confirmed =V R)
19: wrapper_number + +
20: else
21: update_wrapper(wrapper| |, un_confirmed = VR)
22: end if
23: end for

24:  until (no_.moreVRs)

25:  combine_wrappers(wrapper|]) {combines wrappers that generate same tuplé sets

26:  rank_tuple_sets(wrapper|]) {re-orders the wrappeys

27:  confirmed_wrapper < interactions(wrapper|]) {tuples sets highlighted in the brow$er
28: until (confirmedwrapper != NULL)

29: con firmed_wrapper < test_wrapper(con firmed_wrapper, verification] ])

30: release_wrapper(con firmed_wrapper)

Figure 6.1 The wrapper generation algorithm.

(3) Creating patterns that extract tuple attributes (lines 6—8): Given the largest Ica set and the
training webpage and example, we now create the pattemistefiom the Icas down to the attributes.
The algorithm for this step is similar to the above, but aaitéht set of predicates are used for the
leaf nodes. In order to avoid creating very unlikely patseme apply some basic filtering rules. For
example, before using a neighbor predicate in an express®make sure the neighbor node is not

too visually far on the webpage, or its content is not justglei whitespace, etc.
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(4) Creating initial wrappers (lines 9—13): In this step, a set of initial wrappers is created. For each
wrapper, the attribute extraction patterns are obtainecbimgatenating patterns created in (3) above
to patterns stored in the LCA objects. Then the patternsdrséttond component, for extracting tuple
regions, are created as follows: First, the Icas of the catéituples are checked to see whether they
are unique. If so, the set of patterns that define tuple ragmequal to the Ica patterns. Otherwise,
there should be some content on the webpages (such asiiragges, breaks, or some text) to visually

separate the tuples.

Using functions similar to the neighbor predicates degttilm Section 5.3, the visual separators
can be found as follows: The content between the last at&ribiithe training example and the first
attribute of the next candidate tuple is scanned, and wekdh#ds content (if exists) is repetitive on
the webpage between the candidate tuples. The same predsdepeated between the first attribute
of the training example and the last attribute of the previcandidate tuple. If such separators exist,
the patterns that extract them are stored in the second amnpof the wrapper. Although the pro-
cedure is rather simple, it usually works since this caseiisogn visually simple pages. On the other
hand, it is possible to create more than one wrapper for desift@A object. Some wrappers are also
eliminated internally if they generate very unlikely tuglets. For example, if we use very specific
extraction patterns for some attributes, and very genatééms for some others, we may create very
unrealistic tuple sets. These can be detected and elindibated on heuristics.

(5) Generating the tuple validation rules and new wrappers l{nes 14—-24):Using the predicates
defined in Subsection 5.4, we generate the validation rulégse rules are tested on all wrappers
created so far: If a validation rule does not change the tsgiethen this rule is placed in the uncon-
firmed rules set of that wrapper. Note that if the user confitmsstuple set, then it is not possible to
infer that the rule must apply to all future tuples. If theerdlauses a different tuple set, then a new
wrapper is replicated from that wrapper, and the rule isestan the confirmed rules set of the new
wrapper. If this is the desired tuple set, then this mearssrthé must apply to future tuples.

(6) Combining the wrappers (line 25): The wrappers are analyzed, and those that generate the same
tuple sets are combined.

(7) Ranking the tuple sets (line 26)This step is discussed in detail in Section 6.2.

(8) Getting confirmation from the user (line 27): The tuple sets are presented as ranked in the pre-

vious step. If one of the tuple sets is confirmed, the systamtiruees with the next step. If the desired

24



tuple set is not available, then the user is expected to conlfie largest tuple set with only correct
tuples and then highlight an additional training exampbeioto line 3).

(9) Testing the wrapper on the verification set (line 29)Once the correct tuple set is obtained with
the interactions, the corresponding wrapper is tested@wébpages in the verification set to resolve
any disagreements.

(10) Releasing the confirmed wrapper (line 30)The confirmed wrapper is stored externally.

6.2 Ranking the Predicted Tuple Sets

Even though navigation of the various tuple sets is fast amyenient with our user interface, it is

still important to order the tuple sets such that “more fKelets are displayed first, since there can
be many different tuple sets. However, it is not easy to gigereral solution to this problem since
(i) a user may want to extract specific information based srohin interest and needs, and (ii) as we

will observe in Section 7, some websites present their comtefairly unexpected ways.

In our approach, we adopt the concept of category utility,[iMich organizes data by maximizing
inter-cluster dissimilarity and intra-cluster similgtiiThis concept was applied, e.g., in Cobweb [12],
a tool for incremental clustering with categorical featutieat produces a partition of the input. In
our application, a wrapper corresponding to a possiblestapt partitions items on a page into valid
and invalid tuples; it can be argued that the most intergsdtiple sets are those where valid tuples are

fairly similar and valid and invalid tuples differ signifietly in their structure or attribute values.

The goal of thecategory utility functionis to maximize both the probability that two items in the
same cluster have common feature value, and the probatbitititems from different clusters have
different feature values. The category utility functiorefined as

CU=> > > P(A=0v)P(A=0|C)P(C|A =), (1)

v

where(C' is a cluster,A an attribute and a value. The first probability term defines the weight of
the attributes used in the function. The second term is tbleglnility that an item has value v for the
attribute A, given that it belongs to cluster C. The highés grobability, the more likely it is that two
items in a cluster share the same attribute values. Thetdrimdis the probability that an item belongs
to cluster C, given that it has value v for the attribute A. Gneater this probability, the less likely
it is that items from different clusters will have attribwtalues in common. In our ranking problem,

each predicted (possible) tuple set is a partition of thgelstrtuple set into two clustertaplesand
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non-tuples With the help of the described category utility functioack partition is scored to express
the similarity among the tuples and the dissimilarity bedwéuples and non-tuples. In the current

prototype, the attributes we use in the category utilityction are:

(1) DOM Path: Whether the tuples have the same tag name and attribute ipathe DOM parse

tree from leaves to root.
(2) Specific Value Whether a specific value exists for a particular attribatali tuples.
(3) Missing Items. Whether any tuple in the set has missing items.
(4) Indexing Restriction: Whether any indexing restriction is needed to get the ptedituple set.

(5) Content Specification Whether there exists a content specification (such as thefuighbor

predicates) for all tuples in the set.

Given the vectors representing the attribute values foh gaedicted tuple set, the CU function
returns real numbers between 0 and 1, which are then usedrfking. An interesting question is
how to choose the weight terfi(A = v) in the CU function; we would expect the best setting to
depend on the application scenario and in general on thealygiructure of web pages from which
data is to be extracted. As a default, we assign equal weightkattributes, which turned out to work
reasonably well. However, we also provide an adaptive nashathat keeps track of past decisions
and updates the weight values in the CU function accordjrmmgdgsibly resulting in better ranking

once the system is trained on a few examples. (We also allavwaatanodification of the weights.)

We note that an alternative solution to a similar rankingopgm was proposed in a different context
in [14], which introduces a system for automatically infiegra Document Type Descriptor (DTD)
from a set of XML documents. In a nutshell, the system firstegates candidate DTDs, then factors
common subexpressions to make the candidates more coaoddinally chooses the best DTD
among them. In the ranking step, a DTD is ranked based on Hoaldahces the tradeoff between the
conflicting concepts adoncisenesandprecisenesslhe goal is to ensure the chosen DTD is succinct
and also not too general, so that it captures the structutkeoinput sequences. This is achieved

through the use of Rissanen’s Minimum Description Lengt{)Iprinciple [31, 32].

In principle, conciseness and preciseness are also vadig fmr wrappers. Extraction patterns that

are too general might extract everything on the page, imetuthe highlighted example, and also too
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many things on future unseen pages. On the other hand, taedisgatterns would only extract the
highlighted tuple and possibly no tuples at all on any otlagygs, but such wrappers would typically
not be very concise. Thus, a reasonable alternative agprogght rank wrappers according to the
number of tuples extracted and the lengths of the extragiadterns. Note that to some extent we
already exploit similar ideas in our wrapper generatioroatgm, by removing overly general or
overly lengthy extraction patterns from consideratiormight be interesting to adapt a more formal
information-theoretic framework such as the MDL princifethis part of our algorithm, though we

do not expect major improvements.

7 The Experimental Results

To evaluate our wrapper generation system, we conducteefriexgnts on fourteen websites listed
in Table 7.1. The data sets of four of these websites, listethble 7.2 and available at [27], have
been used to evaluate previous wrapper induction systehis.allows us to compare our results to
previous systems such as WIEN [22], STALKER [29], and W}I]. The remaining ten websites are
well-known major sites, some of which were already usedavipuus work on information extraction.

We collected fifty webpages from each of these sites durihg2R03.

| Data Set Name | Source (Web Site) |
Okra RISE [27]
BigBook RISE [27]
IAF (Internet Address Finder) RISE [27]
QS (Quote Server) RISE [27]
Altavista http://www.altavista.com/
CNN http://www.cnn.com/
Google http://www.google.com/
Hotjobs http://hotjobs.yahoo.com/
IMDb http://www.imdb.com
YMB (Yahoo Message Board) http://messages.yahoo.com/
MSN Q (MSN Moneycentral - Quotes)http://moneycentral.msn.com/
Weather http://www.weather.com/
Art http://www.art.com/
BN (Barnes and Nobles) http://www.bn.com/

Table 7.1 Websites used for evaluating our system.

As described in Section 2, there are usually several pe@stiple sets on a website, corresponding
to different reasonable extraction scenario. For consigtewe assume as default that the largest

possible set is the desired tuple set on all sites, so ang 8gté created with the help of the following
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tuple validation rules are considered undesired: (i) thstemce of a surrounding content restriction,
(ii) a specific value in a tuple field value restriction, anid) @n indexing restriction for the desired
tuple. This target extraction scenario was meaningful laesen websites except IMDb. On IMDb,
tuples were listed in multiple tables where each table ptesidifferent filmographies for the queried
person. Due to the different attributes attached to theetapts in different tables, we assumed that
the desired tuple set is the primary filmography of the queaetor/actress/producer, which is the

first one on the page.

In our experimental setup, we trained the system on one mantiining webpage and provide ten
randomly selected unlabeled webpages as a verificationAdtdr the wrapper was generated, we
tested it on all remaining pages. In Table 7.2 we give the ramalb training examples (tuples)
required by WIEN, STALKER, WE, and our system in order to achieve accuracies of 100%, 97%,
100% and 100%, respectively, on Okra and Bigbook. For letefadress Finder (IAF) and Quote
Server (QS), neither WIEN not STALKER generates a successapper, but WE achieves 100%
accuracy, as does our system. For these four data sets soumnatson for the target extraction scenario
(extract all tuples) matches with that of previous wrappemegation systems. Since only very few
pages were available for the IAF and QS data sets, theseaséa®t perfect for our system, which

benefits from larger verification sets.

We observe from Table 7.2 that for these four data sets, @tesyrequires the user to highlight
only a single training tuple to achieve 100% accuracy on thengdata, outperforming all previous
systems. Of course, this is not a completely fair comparssioce our system requires some (usually
very limited) additional user interaction on the verificatiset to finish the training process. But this
is in fact one of the main points underlying our approach: elele that the main goal is to minimize
the time and effort expended by the user, and that focusihganthe number of training examples
is not the right approach. Labelling even a few additioraihing examples is typically significantly
more time consuming than the interactions on the verificasiet needed in our system. Thus, we
see it as one of the main strengths of our approach that a asegenerate robust wrappers even
for unusual tuple sets by typically only labelling one or tiuples by hand. (We note that in some
scenarios, we may only have access to prelabeled trainiagp@es, in which case our interactive

approach is not appropriate.)

To justify this claim, we now give more details on the exactoamt of user interaction required
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WIEN | STALKER | WL? | Our System
Okra | 46 1 1 1
BigBook | 474 8 6 1
IAF - - 1 1
QS - - ] 1

Table 7.2 Number of training tuples required by our system and previeork on four data sets.

in our system. We do not attempt to design a model of usertdfiat weighs the various forms
of interaction; ideally we would like to compare user effolly measuring the actual times taken
by human operators on the different systems (though wenlyrdo not have access to the previous
systems). Details of the resulting user interactions obtlata sets are provided in Table 7.3. Before
explaining and discussing these results, we mention sotadslef the experimental setup. We chose
the training webpage and the webpages in the verificatioatse@ndom from all pages. Note that
preformance might be improved by choosing a set of very deveveb pages for the training and
verification set, either through visual examination or gsisl of the HTML code. During the wrapper
generation process, we chose uniform weight values in théu@ttion for all sites and did not allow
the system to update these terms. All experiments were cbedlon a 500MHz Pentium machine
with 256MB of RAM running Windows NT 2000 and Internet Exmor6.0 with the newly added
special toolbar buttons. We did not optimize for computatimme, and thus the reported CPU times

are very pessimistic. We now describe each column of TaBlentetail:

(1) Preprocessing Time:The total preprocessing time spent on the training pagetanddrifica-

tion set to construct the DOM representations, in minutes.
(2) Highlighted Tuples: Total number of training examples (tuples) highlighted oy tiser.

(3) Wrapper Generation Time: The computational time spent on generating possible wrappe
and identifying different possible tuple sets, in secoridghe case of Google, two tuples had

to be highlighted and thus two values are reported for thistha next column.

(4) Ranking among All Tuple Sets (Training Webpage):The rank of the desired tuple set among

all tuple sets identified by the system on the training page.

(5) Verification Time: The computational time spent testing the confirmed wrappehe verifi-

cation set, in seconds.

(6) Interactions: Total number of web page interactions on the verification set
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PreprocessingHighlighted Generatioy Ranking | Verification| Inter- Ranking Confir-

Time (mins) Tuples | Time (secs) (Training)| Time (secs) actiong (Verification)| mationg
Okra 1.53 1 3 1/3 11 1 1/2 2
BigBook 3.01 1 7 2/3 4 1 2/3 2
IAF 1.40 1 5 3/3 5 1 2/2 2
Qs 1.27 1 18 717 5 1 1/2 2
Altavista 5.25 1 25 1/2 80 1 2/3 2
CNN 3.56 1 4 1/1 5 0 - 1
Google 1.68 2 3&3 |-/13&1/1 5 1 1/2 3
Hotjobs 412 1 47 1/4 75 0 - 1
IMDb 3.84 1 15 3/9 40 1 1/2 2
YMB 3.55 1 3 1/1 5 1 2/3 2
MSN Q 2.38 1 20 1/1 165 2 1/4&1/2 3
Weather| 5.36 1 20 1/1 110 0 - 1
Art 3.78 1 23 1/32 9 1 1/2 2
BN 5.03 1 19 4/8 55 0 - 1

Table 7.3 Total total user effort and CPU cost in our system.

(7) Ranking among All Tuple Sets (Verification Set): The rank of the desired tuple set among
all the tuple sets identified on the interacted webpage ftanverification set. There were two

interactions in the case of MSN Q; both ranks are provided.

(8) Confirmations: Total number of required confirmations from the user.

Our system extracted all tuples correctly on all test pagesld 4 sites. For 13 of the 14 websites, we
did not have any disagreements on the testing set, and tieeajed wrappers extracted all information
successfully. The system encountered a disagreement dietive different extraction rules in the
wrapper on the Yahoo Message Board website, since oneigari@itl not occur on any page in the
training or verification set. This variation was due to thpegrance of a hyperlink anchor text in the
body of a message. Some of the general extraction pattenesalvke to correctly extract all the textin
the body including the anchor text, while some more speciti@etion patterns extracted the message
without the anchor text. Since the system ranked the formgetset higher and continued with
the more general extraction patterns (while informing teerlby sending a message), we consider
this a correct decision. However, recall that the user hasipteioptions to set the system to take

appropriate actions in the case of such a disagreement.

For the websites CNN, Yahoo Message Board, MSN Moneycertnal Weather, the system iden-

tified only one tuple set on the training page, since theream@s one tuple available on each page.
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However, for MSN Moneycentral (MSN Q) two more interactias the verification set were re-

quired to resolve disagreements. These disagreementsiwerte different representations of some
fields in the tuples, e.g, some values were displayed in réeie was a decrease. A similar format-
ting issue was observed in Quote Server, causing the deaspéiset to be ranked very low (7 out of

7) on the training webpage.

In Altavista, search results were indented to the rightef pinevious result was from the same host.
This variation did not occur on the training webpage, but aidur in the verification set. Since
some extraction patterns in the confirmed wrapper were gearough to capture these tuples, this
disagreement was resolved with one interaction on the gatidin set. Similar alignment variations
were also observed in Google. When we highlighted a single ton the training page in Google, the
system was not able to directly generate a wrapper to extraatesired tuple set. This was the case
since our system was set up to only generate fairly genepakssgions at deeper depths of the DOM
tree, but not at lower depths. In Google, the indentationdeae much closer to the root of the DOM
tree than in Altavista, so none of the generated extractdteps was general enough to capture this
variation. The closest tuple set proposed by the systenacwt only the nonindented tuples. Thus,

we had to highlight one additional tuple on the training pgeapture the indented tuples.

In Art, items are listed in a table of four rows and three cahgni.e., up to 12 tuples per page).
Some of the tuples had missing attributes, and many tupl@ksd@mmon specific values for some of
their fields. The system generated many different tuplea@etke training webpage based on various
tuple validation rules. However, the desired tuple set waged first out of 32, since all other tuple

sets resulted in very small inter-cluster dissimilarity.

As mentioned, the required computational time shown ind&8 for preprocessing the webpages,
generating possible wrappers, and testing the confirmeg@pera on the verification set are very
conservative as we did not attempt to optimize CPU time. Wealgive the time spent by the user to
interact with the system, since this depends on the userthairdamiliarity with the system (though
in principle some of this could also be inferred from the pagéso not shown is the initial effort
for defining the tuple structure in terms of the number ofilattes and their names and types; this is
the same for all systems. All interactions consist of baass&$ such as highlighting a tuple with the
mouse, navigating among several identified tuple sets, mfiroting a decision by clicking a button.

We believe these are fairly simple tasks that can be learrigihva reasonable time period by most
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computer user. For us, these tasks took less than two mitaité$or each website.
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Figure 7.1 The effect of pregenerating wrappers for the same extmasttenario.
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Figure 7.2 The effect of initially training on a different extracti@etenario.

As described in Subsection 6.1, one of our goals is to get #s&retl tuple set ranked higher to
allow a quick confirmation. To achieve this, we proposed axuied system that adjusts its weights
based on a user’s past behavior. (This feature was disatetid results in the above tables.) In
order to evaluate the effectiveness of this adaptive agproae allowed our system to update the
weight values in the CU function and then conducted the Wolg experiment. First, we examined

our test platform and identified websites on which our systamked the desired tuple sets fairly low.
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This was the case on BN, where the desired tuple set was rakeaimong 8 identified tuple sets.
On Art, although our system performed well on the randombysem training webpage, we were able
to find another page on which the desired tuple set would hega banked 4th among 29 identified
tuple sets. Second, we repeatedly generated wrappers heitbaime target extraction scenario on
different numbers of randomly selected web sites in oureeatlgding BN and Art, of course, and
also excluding IMDb which as mentioned had a different extiom scenario than the others), and
measured how the ranking of the desired tuple sets for BN amavés impacted by having first
trained the system on these other sites. Figure 7.1 showartkings of the desired tuple set on Art
and BN after pre-generating wrappers on varying humbersh@ravebsites. This result indicates

that adjusting the weights may be somewhat beneficial.

Finally, we noticed that many incorrect tuple sets on Artially had indexing restrictions, since the
tuples were listed in a table of four rows and three columnd,that the extraction scenario in IMDb
favors such restrictions. Thus, in order to observe thecetiereverse training, we initially “sabo-
taged” the CU function weights by generating a wrapper foDiMvith its fairly different extraction
scenario once (Figure 7.2(a)) and twice (Figure 7.2(b)), then repeated the above procedure. We
see that first generating a wrapper with a different extoacsicenario boosted some other tuple sets
up and pulled the desired tuple set down in the ranking; hewehis is corrected after subsequently

training on a few sites with the same extraction scenarib@asarget.

8 Conclusions and Future Work

In this paper, we have presented a new system for semi-atitowrapper generation. Our system
provides a visual interface based on a new framework for rgeing wrappers using a small veri-

fication set. The system works interactively and usuallyuneg as few as one manually marked
example to generate a successful wrapper. This is achieitbdhe help of algorithmic techniques

and a powerful extraction language. The proposed framealtows more accurate, focused, and ro-
bust wrappers to be generated with minimal user effort. We lsanducted experiments on multiple
websites to evaluate our system, and the results show thaystem compares favorably to previous
approaches. In future work, we plan to investigate potebgaefits of our approach for wrapper

verification and resilience as discussed in Subsection 2.3.
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