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ABSTRACT Keywords

The Web has been rapidly “deepened” by myriad searchable data-data integration, deep Web, schema matching, ensemble, bagging
bases online, where data are hidden behind query interfaces. As arpredictors

essential task toward integrating these massive “deep Web” sources,

large scale schema matchilige., discovering semantic correspon-

dences of attributes across many query interfaces) has been activehd. INTRODUCTION

studied recently. In particular, many works have emerged to ad-
dress this problem by “holistically” matching many schemas at the
same time and thus pursuing “mining” approaches in nature. How-
ever, whileholistic schema matchingas built its promise upon the
large quantity of input schemas, it also suffers the robustness prob-
lem caused by noisy data quality. Such noises often inevitably arise
in the automatic extraction of schema data, which is mandatory in
large scale integration. For holistic matching to be viable, it is thus
essential to make it robust against noisy schemas. To tackle this

challenge, we proposedata-ensembléamework with sampling . .
cover matchings among attributes across large scale sources. On

and voting techniques, which is inspired bagging predictors . . .
Specifically, our approach creates an ensemble of matchers, by ran-the deep Web, numerous online databases provide dyreraiy

o . . based data access through ttepiery interfacesinstead of static
domizing input schema data into many independently downsam- URL links. Each query interface accepts queries ovewitsr
pledtrials, executing the same matcher on each trial and then ag- ' query pis g ausry

gregating their ranked results by taking majority voting. As a prin- fnC:tim?e(.g’ 3?;28\%2;:?’ 222{2&&'62{53%32}:“547; c?fcaz?r?gites)
cipled basis, we provide analytic justification of the effectiveness 9L€. 9 P

of this data-ensemble framework. Further, empirically, our experi- among many query interfaces is essential for mediating queries

ments on real Web data show that the “ensemblization” indeed sig- across deep Web sources.

nificantly boosts the matching accuracy under noisy schema input, 'F‘ particular, with the proliferation O.f SOUrces in various do
o . T mains, we often face the challenges of integrating and thus match-
and thus maintains the desired robustness of a holistic matcher. .~ - . . .
ing “alternative” sources in the same domaig, Books, Air-

. . . fares). For instance, we may build a comparison shopping service
Categones and SUbJeCt Descrlptors for books or airfarese.g, purchasing a book with lowest price

H.2.5 [Database Managemerjt Heterogeneous Databases; H.2.8 among book sources or a flight ticket with the best trade-off be-

With the prevalence of online Web databases, large scale inte-
gration has become a pressing problem. In particular, we have
witnessed the rapid growth of databases on the Web, or the so-
called “deep Web.” A July 2000 survey [4] estimated that 96,000
“search cites” and 550 billion content pages in this deep Web. Our
recent study [7] in April 2004 estimated 450,000 online databases.
With the virtually unlimited amount of information sources, the
deep Web is clearly an important frontier for data integration.

To enable the integration of the deep Web, it is critical to dis-

[Database Managemerjt Database Applications-Bata Mining tween price and number of connections among airline sources. To
enable such integration scenarios, we need to discover either sim-
General Terms ple 1:1 matchingse.g, subject = category in Books, or complex

m:n matchings.e.g, passengers = {adults, seniors, children,
infants} in Airfares.
“This material is based upon work partially supported by NSF  While schema matching has been a central issue in data integra-
Grants 11S-0133199 and 11IS-0313260. Any opinions, findings, and tion [3, 18], the large scale sets new requirements on the match-
conclusions or recommendations expressed in this publication arejng task. Traditional schema matching worksg(, [17, 8, 16,
those of the author(s) and do not necessarily reflect the views of thelS’ 15]) are developed for small scale and static integration sce-
funding agencies. T : : ; . . i
narios, in which automatic matching technique is often an option
to reduce human labor, as an aid to manually configured seman-
tics. Schema matching under such scenarios is abstracted as find-
Permission to make digital or hard copies of all or part of this work for NG pairwise attribute correspondences between two sources and
personal or classroom use is granted without fee provided that copies arethus cannot scale well. In contrast, in large scale data integration
not made or distributed for profit or commercial advantage and that copies scenarios, the matching process needs to be as automatic as pos-

bear this notice and the full citation on the first page. To copy otherwise, to sible and scalable to large quantities of sources, as the large scale
republish, to post on servers or to redistribute to lists, requires prior specific mandates

permission and/or a fee. . .
KDD'05, August 21-24, 2005, Chicago, llinois, USA. The challenge of large scale lends itself to a novel opportunity for

Copyright 2005 ACM 1-59593-135-X/05/0008%5.00. automatic large scale schema matching— Many recent works [9, 11,
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Input: Output:

a set of schemas a ranked list of matchings framework to realize it? The key challenges exist on both the input

and output sides of the solution. On the input side, as we cannot
Holistic 1. author = format = name generally differentiate noisy schemas from correct ones, it is in-

—> | Schema |—» 2 subject = category feasible to identify and remove noises. Thus, our approach has to
Matching 3. format = binding essentially account for the presence of noisy data in the input. On

author
title writer
subject | title
ISBN category

name
title
binding

format
%J ISBN o o o the output side, our approach should give a predictable guarantee
on the expected robustnegsg, how robust it can be when some
Figure 1: The holistic schema matching approach. characteristics of the schema data and the holistic matching algo-

rithm are known.

To tackle these challenges, we develogata-ensembl&ame-
work by exploiting sampling and voting techniques (Sections 3, 4).
In particular, on the input side, we take an ensemble of multiple
matchers, where each matcher is executed over an independent ran-
dom sampling of the input schemas. On the output side, we take
majority voting to aggregate the ranked results of all the matchers
» into a merged list of ranked matchings, which can alleviate the im-
aDaCt of noises and more accurately reflect the correct ranking of
matchings. We build an analytic model to help us justify the effec-
tiveness of this framework and predict its robustness.

We note that, our data-ensemble idea is inspireddgging pre-
dictors[6] in machine learning— That is, we are essentially applying
bagging techniques in a new scenario of mining matchings. Bag-
eging predictors is a method for maintaining the robustness of “un-
Stable” classification algorithms where small changes in the train-

10, 19] have emerged to address schema matching “holistically”
by matching many schemas at the same time and finding all match-
ings at once. Sucholistic schema matchingelies on large scale
data quantity to discover semantic correspondences of attributes
and thus essentially pursues a “data mining” approach in nature. In
particular, statistical model discovery [9], clustering [11, 19] and
correlation mining [10] approaches have been developed to “mine
matchings. Therefore, holistic schema matching can be abstracte
as taking a set of schemas as input and outputting a ranked list of
matchings, as Figure 1 shows.

However, while holistic schema matching leverages the oppor-
tunity of large data quantity, it also suffers the inherent problem
of noisy data quality, which has not been extensively noticed and
studied. Specifically, as the large scale mandates, to automate th

matching process, the gathering of schemas extracting schemas ing set result in large changes in prediction. In particular, it creates
from a set of query interfaces in HTML format) should also be gs : 9 ges In pre - Ih part ’
multiple versions of a classifier, trains each classifier on a random

automated-— If the schemas are to be manually prepared, it WOUIdredistribution of the training set and finally takes a plurality votin
certainly defeat the purpose of automatic schema matching, espe- g Y P y g

cially for large scale integration. Althougutomatic schema ex- among all the classifiers to predict the class. Therefore, our data-

traction has been proposed recently [21, 12], as existing holistic ensemble approach has the same foundation as bagging predictors

schema matching works all adopt manually extracted schemas, the>" exploiting majority voting to make an algorithm robust against

integration of these two “subsystems” remains unstudied. In par- outlier data in the input. In Section 3, we will further compare the

ticular, since errors are inevitable in automatic schema extraction, d'f\f/?/;eg\clglSgtoeu:rf;a;n;\;v_oerﬁsvg'r;hbtl)ea?gr':%\?vgﬂ'?\?:'Our motivatin
the input schemas of holistic schema matching are in fact noisy. As 9

Section 2.1 will discuss, the noises made by schema extraction can'tﬂfgfgo?nsfﬁ?gﬁ’g'é?h;nrﬁgeeitrscl';t:c(geﬁ?gﬁ%;0%15: aggllgire
compromise the matching performance to as much as 30%, render- yInp ' 9

ing holistic matching almost unusable. Therefore, without essen- twofold: (1) Verify our motivating observation that noises made

tially addressing the issue of data quality, holistic schema matching &yaiiger&a) f,’;ﬁgﬁ?hzagﬁsggt?\',gaegiyoﬂﬁgtJgfazﬁtscehr:]tﬂepfrgcr;r_e-
does not sustain itself as a viable technique. ’

We are thus facing a practical and challenging problefrar work over real Web data.

holistic schema matching, how do we meet the opportunity of holis- rarllr: fc:J lﬁ,:hdeivggggcea b (\év;na\l\f: ggjeelgve asc;mstat;nazgclsas#gs :Ir:]actl V\llgg
tic quantity with the challenge of robust qua®yVhile large scale ' pasy P P

integration enables us to embrace the “blessing” of holistic quan- method to determine the configuration of this data-ensemble frame-
. . . . « » work? How to solve the uncertainty problem of matching result?

tity, —nothing comes for free— it also challenges us with the *curse What is the applicability of this framework? We discuss these open
of non-robust quality, as data are inevitably noisy. Our goal is to PP Y ’ P

maintain the robustness of a holistic matcher with the presence OfIssllriessulr:}wrig(r:tlci?]efséontributions of this paper are:
noisy input schemas. In particular, as our design objective, we are Y pap )

searching for a solution that is: #eployable We would like the e As ourproblem, we identify noisy data quality as an inherent
solution to build upon an existing matching approach to maintain ~ challenge for leveraging holistic quantity in large scale schema
its robustness, instead of redesigning a new algorithngeRjral matching. Such a data quality problem is critical for sustaining
We would like the solution to make minimal assumption of specific holistic schema matching as a practical and viable technique.
matching approaches so that it can be widely applicable to different
holistic matchers. e As oursolution, we develop a data-ensemble framework with
As a result, our solution builds on the critical insight that while sampling and voting techniques, inspired by bagging predic-
large scale schema matching poses the robustness problem, the so- fors. We are essentially applying bagging techniques in a new
lution lies in the holistic nature itself. In particular, we observe that ~ Scenario of mining semantic correspondences among attributes.
holistic schema matching only neesisfficientbut notall schema Our experiments show the promise of this framework.

data. As attribute information are repeatedly used across large scale The rest of the paper is organized as follows: Section 2 reports
deep Web sourceg.g, with enough book sources presenting at- issues we find in integrating schema extraction and holistic schema
tributesauthor, title, ..., a subset of schemas may still contain suf- matching, and then motivates the data-ensemble framework. Sec-
ficient information to represent the complete data set. Thus, we in tion 3 models the data-ensemble framework and provides analytic
fact need only sufficient correct schemas, instead of all of them, to justification of its effectiveness. Section 4 discusses technical de-
execute a holistic matcher. tails. Section 5 reports our experiments. Section 6 discusses several
While this insight is promising, how to develop a principled further opportunities and open issues and then concludes the paper.



2. MOTIVATION

As Section 1 discussed, toward building large scale schema in-
tegration systems, it is critical to integrate holistic schema match-
ing with automatic schema extraction. This system integration in-
evitably raises a new challenge of noisy data quality, which has
not been extensively investigated. In particular, what we have ob-
served, when integrating schema matching with extraction, is the
problem oferror cascade That is, the inevitable errors made by

automatic schema extraction may cascade to holistic schema match-

ing and thus significantly affect the matching performance. In this
section, we first define, by way of brief summary, the two “subsys-
tems” (.e, schema extraction and holistic schema matching) to be

[Author; {contain}; text]
[Title; {contain}; text]

[Format; {=}; {hardcopy,
paperback, ...}]

> Schem‘a )
Extraction

Figure 2: SubsystemSE: Schema extraction.

2.1 The Problem: Error Cascade

integrated, based on which we observe the error cascade phenom- As Section 1 discussed, integrati® and SM subsystems is

enon in putting them together (Section 2.1) and further motivate the
insight of our solution (Section 2.2).

Schema Extraction[SubsystensE]:

The subsystenSE extracts the schema information of a Web
query interface in its HTML format. For instance, given the ad-
vanced book search @mazon.comSE will extract its schemas
as a set of query conditions, as shown in Figure 2. In particular,
[Author; {contain}; text] means the value of attribusithor can be
filled with any text;[Format; {=}; {hardcopy, paperback, }]. means
the value of attributdormat has to be selected from a give set of
options.

Recent works [21, 12] developed automatic techniques for such

a critical step toward building large scale schema integration sys-
tems. In our development, we choose the Schema Extractor we
proposed in [21] and th®CM matcher we developed in [10] as
our testbed subsystems to integrate. Our goal is to see whgkher
can sustain the schema matching t&W with extraction errors.

In particular, given Web pages containing query interfaces in the
same domain as the input, we use the Schema Extractor to extract
the schema of each interface and then execut®@ld matcher on

all the extracted schemas to discover matchings.

While we must integrate the two complementary subsystems to
build a complete system for automating holistic schema match-
ing, can the “accuracy” o5E sustain the demand of data qual-
ity for SM? As [21] reported, when studied in isolatioSE de-

schema extraction. Reference [21] introduces a parsing approachlivers 85-90+% accuracy— thus it will make about 1-1.5 mistake
by hypothesizing the existence of hidden syntax, which connects for every 10 query conditions to extract. While seemingly satisfac-
attribute semantics of a query interface to its visual layout in the tory, putting in the context of the integrated system, is this accuracy
Web page. Reference [12] proposes a two-step extraction algorithmgood enough? As our experiment shows in Section 5, with noisy
by first translating the HTML text into an internal interface expres- input, the accuracy of the holistic matcher may degrade up to 30%,

sion (or IEXP) and then recognizing attribute semantcg,(label-
ing of attribute name and grouping of elements) from the translated
IEXP based on some rules.

Holistic Schema Matching[SubsystenSM]:

Given a set of schemas, the schema matching subsystem is to dis

cover semantic correspondences.(matchings) among attributes.

Some recent schema matching works specifically focus on discov-

ering matchings among a set of query interfaces [9, 11, 10, 19].
Unlike traditional schema matching, which mostly targets at small

scale integration by finding pairwise attribute correspondences be- . . - R
§1aturally relies on the ranking of matchings, it is critical to make

tween two schemas [17, 8, 16, 13, 15], these works match schema
in a “holistic” way by taking many schemas as input and outputting
all the matchings among the input schemas. Since for any holis-

comparing to the results reported in [10], which shows that errors
indeed cascade along the execution of subsystems.

The performance degradation results mainly from the negative
impact of the noisy input on the right ranking of matchings in the
output of SM. When input schemas are noisy, the ranking of match-
ings is likely to be affected €., incorrect matchings maybe ranked
higher than correct ones). Consequently, the ranking is less reliable
for the “consumer” applications 8M to select correct matchings.
For instance, an application-specific matching selection step is of-
ten introduced afteSM to choose the most promising subset of
matchings among all the discovered ones. Since such a selection

SM still output a good ranking with the presence of noises.

tic matcher, regardless its matching techniques, each discovered2.2  The Solution: Insight

matching is quantified with a “confidence” score, its output is thus

a ranked list of scored matchings. Therefore, we abstract a holistic

matcher as a module whose input is a set of schemas and output
ranked list of matchings, as Figure 1 shows.

Sharing the same abstraction of holistic schema matching, there

are different realizations. In particular, tMGS approach [9] ab-

stracts schema matching problem as hidden model discovery by hy-
pothesizing the existence of a hidden schema model, which gener-

ates schemas with probabilistic behavior. THeM approach [10]
tackles the problem of finding complex matchings with a correla-

tion mining approach, based on the observation that co-occurrence,
patterns across schemas often reveal complex semantic relation

ships. Reference [19] pursues a clustering-based matching approa
by exploring the “bridging” effect among schemas. WISE [11] is a
comprehensive query interface integrator, which combines multiple
matching techniques such as clustering.

While large scale data integration brings forward the inherent

roblem of noisy quality in schema extraction, the large scale also
ends itself to an intriguing potential solution. An interesting ques-
tion to ask is:Do we need all input schemas in matching their at-
tributes? In principle, since pursuing a data mining approach, holis-
tic schema matching exploits “statistics-based” evaluatog, (Clus-
tering, correlation mining) in nature and thus needs only “suffi-
cient observations.” As query interfaces tend to share attributes,
e.g, author, title, subject, ISBN are repeatedly used in many book
sources, a subset of schemas may still contain sufficient informa-
tion to “represent” the complete set of schemas. Thus, the holistic

atcher in fact only needs sufficient correct schemas to execute,

stead of all of them. This insight is promising, but it also brings
a new challenge: As there is no way to differentiate noisy schemas
with correct ones, how should we select the schemas to guarantee
the robustness of our solution?



Tackling this challenge, we proposéata-ensembl&amework,
with sampling and voting techniques, to build upon and extend an SE SE
existing holistic matcher, and meanwhile maintain its robustness.
To begin with, we consider to execute the holistic matcher on a ran-

domly sampled subset of input schemas. Sudbvansamplindnas 1={Q, Q, ..., Q} 1={Q) Q... Q}

two attractive characteristics: First, when schemas are abundant, it S D ;
is likely to contain sufficient correct schemas to be matched. Sec- [ M ultiple Sampling }
ond, by sampling away some schemas, it is likely to contain fewer o Bral, e N STl
noises and thus has more chance to sustain the holistic matcher. ) o e o KO

°

only be realized in “statistical” sense— Thus, we propose to take
an ensemble of multiple matchers, where each matcher is executed

Further, while a single downsampling may (or may not) achieve '
good result, as a randomized scheme, the expected robustness cat SM |:(> i =hi o o SM
A ! A A
i !

over an independent downsampling of schemas. We expect the ma- | R ° o Rig

jority of these matchers have better results than directly running the NN/

matcher on all the schemas. Thus, by taking majority voting among | ( Rank Aggregation |

these matchers, we can achieve a much better matching accuracy. v ST
As Section 1 discussed, this data-ensemble idea essentially ap- A fanked list of matchings Merged ranking of matchings

plies bagging techniques [6] in machine learning. However, our ap- R R(R, 9 RaerRi) o Rign

proach is different from bagging predictors in several aspects. First, (a) The base framework (b) The data-ensemble framework

setting We apply the idea of the ensemble of randomized data for ) )

unsupervised learning(g, in our scenario, holistic schema match- Figure 3: Integration of subsystemsSE and SM.

ing with statistical analysis), instead of supervised learning, which

bagging predictors is developed for. SecatethniquesOur con- based on which our analysis for a single matching can also cover

crete techniques are different from bagging predictors. In particu- || the matchings.

lar, in the sampling part, we take a downsampling other than ran-  Specifically, given a set aV schemad as input, assume there
dom redistribution with replacement; in the voting part, we need to are W problematic schemas€., noises) that affect the ranking of
aggregate a set of ranked lists, which is more complicated than ag-p7. Suppose the holistic matcher can correctly rankV/ if one
gregate a set of labels in bagging predictors. Tharlytic model- trial draws no more thai noises & < W)-i.e., in which case,
ing: We build an analytic modeling specific to our holistic schema M as a correct matching can actually be ranked higher.
matching scenario (Section 3), which enables us to validate the ef- Next, we need to model the data-ensemble framework, which
fectiveness of a particular configuration. consists of two stepsnultiple samplingandrank aggregationas
The foIIowing two sections will discuss in details about this data- Figure 3(b) ShOWS.FiI’St, in the mu|tip|e samp“ng step, we con-
ensemble framework. In particular, we first more formally model guctT downsamplings of the input schemBswhere each down-
this framework and analyze its effectiveness (Section 3). Then sampling is a subset of independently sampfedchemas from
we will present the technical details we developed for the data- ;. \We name such a downsampling agrial and thus havel’

ensemble framework (Section 4). trials in total. We denoteth trial asI;(S) (1 < i < T). By
executing the base algorithtd over each triall;(S), we get a
3. THE DATA-ENSEMBLE FRAMEWORK ranked list of matchingﬂ%ﬁ(s). Second the rank aggregation

step aggregates ranked matchings from all the triaés,Rfi(S)

(1 << T),intoamerged list of ranked matchings, which we de-
note asR (R}, sy, -, Riv.(s)), OF Rils 1) in short. We expect the
aggregate rankin@ﬁ?sm can alleviate the impact of noises and

3.1 Modeling thus is better tham;'.
. i Since W is determined by “inherent” characteristics of input
We develop a gene_ral mo_dellng to formgllze the data-ensemble schemag andK by the holistic matcher, we name them asase
framework motivated in Section 2.2. In particular, a schema extrac- parametersUnlike W and K, the sampling sizé and the number

tor outputs a set oV schemas, denoted ly= {Q1, Q2, ..., Qn }. of trials T are “engineered” configurations of the data-ensemble
We denote theSM subsystem as an abstract module A holis- framework and thus named ramework parameters

tic matcherA thus takeAs[ as input and outputs a ranked list of
matchings, denoted h§;'. Figure 3(a) illustrates the “base frame- ;
work” of simply concatenatingE and SM, which suffers the error 3.2 AnalySlS

cascade problem and thus needs to be enhanced. Unlike the base Our goal of analysis is to justify, given estimation of the base
framework in Figure 3(a), the data-ensemble framework views the parametersi¥ and K, which characterize the data quality and the
matching moduled as a black bosbase algorithmand extends it base algorithm, can certain configuration, in term$'aindT’, of

by exploiting sampling and voting techniques. Therefore, we need the data-ensemble framework achieve robustness?

In this section, we present our modeling of the data-ensemble
framework (Section 3.1), based on which we can more formally
analyze its effectiveness (Section 3.2).

to first model the “behavior” ofA and then the setting of the data- In particular, given our modeling, we can derive the probability
ensemble framework. to correctly rankM in a single trial, which we name dst prob-
Overall, the essential goal of is to generate matchingd, ..., ability, i.e,, the chance of “hit” a correct ranking @f in a single

M, in a correctly ranked order under the impact of imperfect data trial (and as we will discuss later, we will do more trials to enhance
quality. In our modeling, we will focus on the impact of noises the overall hit ratio). Given base paramet&¥sand K of M, hit

on a single matchind/. As we will discuss later, our analysis  probability is a function ofS (and notT" as it is for a single trial)
should generally assume a representative “worst-case” matching,and thus denoted as,, (S). To derivea,, (S), we first compute



the probability that there are exactlynoises in a single trial, de-
noted by Pr(k = i|S), i.e, with ¢ noises out o’ and.S — i
correct ones out oV — W:

N—W)
S—i

@)

As our model assumed/ can be correctly ranked when there
are no more thark noises. We thus have:

Pr(k =i|S)

=0

Ay (S) = 2

Next, we are interested in how many times, am@ntgials, can

we observeMl being ranked correctly? This problem can be trans-
formed as the standard scenario of tossing an unfair coin in sta-
tistics: Given the probability of getting a “head” in each toss as

0.1
0.09 1
0.08 1
0.07 1

0.06 1
0.05 1

0.04
| |
6

0.038
0.02 ‘
6 77 88 99

Probability

0.01

|||
11 22 33 44 55
Om

Figure 4: The binomial distribution of Oy, with T = 99 and
a,, (S) = 0.55.

a,, (S), with T' tosses, how many times can we observe heads? Example 1: Assume there are 50 input schemas.(N = 50).

With this equivalent view, we know that the number of trials in
which M is correctly rankedi(e., the number of tosses to observe
heads), denoted b@,, is a random variable that has a binomial
distribution [2] with the success probability in one trialag (S).
We usePr(Oy = t|S,T) to denote the probability that/ is
correctly ranked in exactly trials. According to the binomial dis-
tribution, we have

|
Pr(Oa = 4|8, T) = —L°

=g o) (e )T

©)

Since our goal is to take majority voting among all the trials (in

As characteristics of the data quality and the base algorithm, sup-
pose a matchind/ cannot be correctly ranked because of 6 noisy
schemasi(e., W = 6); on the other hand, suppogé¢ can be cor-
rectly ranked if there are no more than two noisy schemas K

= 2). Also, as the configuration of the data-ensemble framework,
suppose we want to sample 20 schemas in a single trial and conduct
99 trials {.e., S = 20 andT = 99).

According to Equation 1, in any single trial, we have 0.04 prob-
ability to get no noisy schema, 0.18 probability with one and 0.33
probability with two. Together, we have 0.04 + 0.18 + 0.33 = 0.55
probability to correctly rankl/ in one trial {.e., «,, (S) = 0.55).

Further, Figure 4 shows the binomial distribution®f;. Going

rank aggregation), we need a sufficient number of trials to ensure back to the coin tossing analogy, this figure essentially shows, if

that M is “very likely” to be correctly ranked in the relative ma-

the probability to get a head in one toss is 0.55, after tossing 99

jority of trials. As an analogy, consider the coin tossing: Even the times, the probability of observing a certain number of heads. For
probability to get a head in each toss is high, say 0.8, we may not instance, we hav@®r(Ox = 50|S,7) = 0.05, which means the

always observé.8 x T heads inT trials; the actual number of

probability to observe 50 heads in 99 tosses is 0.05. According to

heads may even be a minority of trials— And our goal is to design a Equation 4, we have 0.84 voting confidence to correctly rank

T such that “the number of heads” is very likely to be the majority.

(or observe heads) in more than 49 trials (or tosses) §,, (S, T)

We thus need a sufficient number of trials to enable the majority = 0.84). Therefore, even,, (.S) is not very highe.g, 0.55 in this

voting. We name the probability that can be correctly ranked in
the majority of trials (.e., more than half of trials) agoting con-
fidence Voting confidence is a function ¢f (as just intuitively
observed) and (as it also depends am,, (S) and thusS). We
denote the voting confidence &g, (S, T"). In particular, we have

51\4 (S7T) - PT(O]\/[ - t‘S,T)

_T+1
t=T41

(4)

As a remark, in Equation 4, we constrdlhas an odd number
and thus™}! is the minimum number of trials needed to be the

majority’.

Our modeling essentially captures the functional relationship of

the sampling siz& and the number of trialg’ to together achieve

example, with sufficient number of trials, it is still very likely that
M can be correctly ranked in the majority of trials. L]

Finally, while our analysis above focuses on a single matching,
there are multiple matching$/,, Mo, ..., M, to discover. We
note that our analysis can generally assume a representative “worst-
case” matching, based on which the analysis will also cover all the
matchings. Specifically, the above modeling can be applied to any
M; with its correspondindV; and K; values. We then assume
there is a “worst-case” matchingy/* with base parameterd ™
and K*. We want to show that if we are likely to correctly rank
M™ in the majority of trials under some setting, we are even more
likely to correctly rank all the matchingad?,, Ma, ..., M,, in the
majority of trials with the same setting.

We show that the base parameters of the imaginary “worst-case”
matchingM™ can be set a§l’* = maxW; and K* = min K,

a desired voting confidence. The interpretation of Equation 4 is:
Given S andT, we can use Equation 4 to evaluate how effective
the framework is. In particular, we illustrate with Example 1 as a
basis of understanding how the framework works.

1 < ¢ < n. Intuitively, the highedV is, the lowera,, (.S) will be
because we have more noises in the input schémas the other
hand, the lowetX is, the lowera,, (S) will be because the base
algorithm A is less robust against noises. More formally, we can
show thato,, (S) is monotonically decreasing with respectiio
and monotonically increasing with respectio (The derivation is

WhenT is odd, the notion of majority is always well defined, as
there are no ties (of equal halves).



straightforward and thus we do not provide a proof here.) There- makeIRif}S’T) reflect the rankings of matchings in the majority of

fore, if we assume a matching ™ with base parametei$ ™ as the R}“ (s) Rf‘ $)

i . - 1(S)r = SV () L L
maximal value oflV; and K™ the minimal value offs’;, we have We notice that the rank aggregation in our situation is slightly
a,, (8) > a,,. (S) any matchingV/; (1 < i <n). different from the traditional rank aggregation problem. Traditional

Further, we can show that all the matchings also have higher vot- rank aggregation assumes all voters share the same set of candi-
ing confidence thad/™. Intuitively, if a matchingM has higher  dates and only rank them in different orders. In contrast, in our
hit probability, M/ should be more likely to be observed in the scenario, no candidates are given before executing the base algo-
majority of trials, which means it also has a higher voting con- rithm and each trial outputs its own matching result. Therefore,
fidence. In particular, we can show thaf, (S,T') is monoton- before aggregate rankings, we need to have a candidate selection
ically increasing with respect ta,, (S). (Similarly, the deriva- step to select matching candidates.
tion is StraightforWard and thus we do not prOVide a prOOf here.) Consequenﬂy, the rank aggregation phase consists of two sub-
Therefore, sincex,, (S) > «a,,.(5) (1 < i < n), we have steps: 1) Candidate selection: To select candidates fromaeh,

B, (S, T) = B, (S,T) (1 < i < n). This inequality indi- to form a common pool of candidatés 2) Rank aggregation:
cates thaf\/* is indeed the “worst-case” matching. Specifically, if To aggregate th@ rankingsPR;: sy, ..., PR} (s into Ri{g 1,
we can find an appropriate setting®andT to correctly rank) ™ WherePR?(S) is the “projected” ranking OR?-(S) onC, as we

in the majority of trials with high confidence, we will have even iill discuss below.
more confidence to correctly rank all the matchings in the majority

of trials with the same setting ¢f andT'. Candidate Selection
We select candidates based on the intuition that if a matching
4. TECHNICAL DETAILS is only discovered by a minority of trialdy/ is more likely to be a

Section 3 modeled and analyzed the data-ensemble framework.false matching. Therefore, we consider a matching as a candidate

i ; i i A A
in an abstract view; in this section, we discuss the technical details it appea_rs in the majority of’ ranklngs,Rh(S), o R () Al
in our development. First, the multiple sampling step is straight- the matchings whose numbers of occurrences are lessthaare
forward and the only thing we need to consider is to determine the hus pruned.

sampling sizeS and the number of triald”. As we will discuss LetC denote the union of all the candidates in GR?P(S)' After
in Section 4.1, in our current development, we empirically choose candidate selection, we will remove the non-candidate matchings

" . . !
S andT values that can achieve the best performance. Second, weffom €achRy; s, and meanwhile preserve the ordering of candi-
responding new ranked list, which can be viewed as

need to develop a rank aggregation strategy to aggregate the matchd%tes;_ the correspe ; i ;
ing results from all the trials into a merged ranked list of matchings. prolectlonA of Ry, (s) onC, contains only candidates and is de-
We discuss this issue in Section 4.2. noted asP Ry, (s)-

; ; . : ; Example 2: Assume we execute the base algoritdron three tri-
4.1 Sampling and Trials: Configuration als,i.e, T' = 3, and the outputs are thus three ranked I}%ﬁ(s),

The first phase of the data-ensemble framework is to choose ap-R}“Q(S) andRIqu(S)' SUpposeR}“l(S) outputs ranking\/; > Mz >
propriate sampling size and number of _trlals. On one hand, we M, > M, in descending ordeer‘<S) outputs Mo > M; >
want to reduce unnecessary downsampling. A very sathlue A 2
may not be able to collect enough schemas to represent the com?/3 > Ms, andR7, () outputsMs > My > Mz > My.
plete input data and consequently degrade the accuracy of the base Since 2+ = 2, any matching that occurs only once will be
matching algorithm. However, a largérmay contain more noises ~ Pruned. In particular}/s is pruned; other matchings/, Mz, Ms
and thus also affect the accuracy of the matching result. Therefore,and My, all at least occur twice and thus are selected as matching
it is important to choose an appropriaevalue to achieve good  candidates. Therefore, we have= { M, Mz, Ms, Ma}.

matching performance. (Our experiment in Section 5 also reflects  The projected rankings are thi&R7, s): M1 > Mz > M >

this observation.) My, PRy, (g0 My > My > Ms, andPRy, (g0 Ms > My >
On the other hand, we want to reduce unnecessary trials. As pz, > My, In particular,Ms does not appear iﬁ’Rg(S) because
Section 3.2 discussed, the more trials we have, the higher votingit has been pruned. -

confidence will be. Considering the execution time of the data-
ensemble framework, we do not want to be over-tried; therefore, Rank Aggregation
within all the sett.lngs that can produce acceptable performance, we In rank aggregation, we need to construct an orderemﬁgtT)
prefer the one with a smallér. - . S a4

In our development, we empirically determine tfi@ndT val- for the candidates itf, based on the individual rank3R7, sy, ...,
ues that achieve the best performance, as Section 5 will illustrate. P R1,.(s)- This problem is essentiallyrank aggregatiorproblem,
We notice that systematically choosing the besit T) pair is a which has been extensively studied as a particutding system
problem that deserves further investigation, since the best settingin social science [14, 5]. In the literature, many rank aggregation
may be various in terms of different input data and base matching Strategies have been proposed, such as Borda’s aggregation [5] and
algorithms. In Section 6, we will discuss our future plan of devel- Kemeny optimal aggregation [14]. There does not exist an aggrega-

oping a more principled approach to choosigndT'. tion strategy that can beat other strategies in all aspects— Different
strategies have different strength and weakness.
4.2 Voting: Rank Aggregation Before discussing concrete aggregation strategies, we first need

to solve the partial list problem. Specifically, since the output of
The second phase of the data-ensemble framework is to aggre-pne trial may not contain all the candidates{?inPRj‘,(S) may be
gate rankingsR;, s), ..., R7,.(s) from the T trials into a merged  only a partially ordered list. To be able to apply the aggregation
list of ranked matchingﬁﬁsj). The main issue we are facing in  strategy (as we will discuss below), it is necessary to also assign
this phase is thus to develop a rank aggregation strategy that carranks to the candidates not in the list. In our development, given a



trial with a partial list, we assign all the uncovered candidates with  To test the effectiveness of the data-ensemble framework over
the same lowest rank. Therefore, in one trial, a covered candidatereal data, we apply our approach to deep Web sources in two rep-
is always ranked higher than an uncovered one, and two uncoveredresentative domains, Books and Airfares, in the TEL-8 dataset of
candidates are equally ranked. the UIUC Web Integration Repository [1]. For each source, we use
Although essentially any rank aggregation strategy can be ap- the Schema Extractor to automatically extract schemas from Web
plied in our scenario, in our development, we choose Borda'’s ag- query interfaces. Then, for each domain, we uséx®1 matcher
gregation [5]. A primary strength of Borda’s aggregation is that it to discover matchings among the extracted schemas.
is computationally very efficient: It can be implemented in linear To have a fair comparison of the matching results, we adopt the
time. Also, it satisfies the properties called anonymity, neutrality, matching selection step and accuracy metrics developed in [10].

and consistency in the social science community [20]. First, agreedyselection strategy is proposed in [10] to select a sub-
Specifically, in Borda’s aggregation, given a candidMg, let set of most promising matchings among all the discovered ones. As

r;; be number of matchings ranked lower thiaf) in PRI (s), the the final matching accuracy is evaluated on selected matchings, to

borda scoreof M, d'gmted a3 (M), is defined as the sum of all  fairly compare the results of the data-ensemble framework and the

rji, i.e, B(M;) = ,_, rjx. The aggregation restH sy IS base framework, we apply the same selection strategy to choose a

thus the descending orderlng of all the candidates W|th respect tosubset of matchings from the aggregate ranfig; .

their borda scores. Second, to evaluate the accuracy of selected matchings, we adopt

the same metridarget accuracyasDCM was validated. In partic-
ular, to compare selected matchings, denoted\y, with cor-
rect matchings written by human experts, denotedAdy, ref-
erence [10] introduces a new tergipsenym Two attributes are
closenym if they have one of the synonym, hyponym and hyper-
nym relationships. Given an attribut, its closenym ses the set

of attributes that are closenyms df; with respect to a matching
result M, denoted ag'ls(A;|M). Thetarget precisiorandtarget
recall of M, with respect taM . are defined as:

Example 3: Continue on Example 2, after candidate selection, we
first complete the partial lists. In particular, sinBeRﬁz(S> only
partially ranks the four candidates, we assign the lowest rank to the
uncovered candidat®/y, i.e., we rank)M as the4th candidate in
PRy s)-

Next, we compute the borda score for each candidate and then
apply Borda’s aggregation In particular sinkk is ranked higher
than 3 candidates u‘t?R, (s, 21N PR, (s)and 2 mPR, (s): the
borda score fodf; is3+2+2=7. Slmllarly, the borda scores for
M, to M, are 6, 5, 0 respectively. The final rankifig s 1) is thus

P ) ) )
o l__.p |Cls(A; | M)NCls(Aj|My,)|
My > My > Ms > My. P(Mh7MC) PAJ ék ]|Clg.(A ‘Mh)‘] h
_ :p |Cl9(A | M )ﬂCls(A \Mh)\

5. EXPERIMENTS R(Mn, Me) = 4, B5; T A Mo

We evaluate the data-ensemble framework over our motivating  In the above definitions, the precision and recall of each individ-
integration scenario in Section 2ile., to make a holistic matcher  ual attribute is weighted by&, whereO; is the frequency of
robust against the noisy input schemas from a schema extractor.attrioute 4, in the dataset ., its number of occurrences in differ-
In particular, we implement the framework in Python 2.4 and test ent schemas)
all the experiments on a Windows XP machine with Pentium M
1.6GHz CPU and 512M memory. We integrate concrete match- 5 2 Exper|menta| Result
ing and extraction subsystems, and test both the base and data-
ensemble frameworks over the integrated system with real query
interfaces as input.

In particular, we test our approach over real query interfaces in
two domains: Books and Airfares. First, we test the base frame-
work by directly running a holistic matcher on the real data, which
on one hand shows the error cascade problem, and on the othe
hand sets the baseline result we will compare to. Second, we run;
the data-ensemble framework over the real data and compare its
accuracy with the baseline result. The result shows that our frame-
work can significantly improve the accuracy of a holistic matcher.
Third, to help us find the optimal configuration setting, we execute
the data-ensemble framework under various parameter values. Sec-
tion 5.1 discusses our experiment setup and Section 5.2 shows thd
experimental result.

The baseline result: The baseline result we will compare to is the
result of executing the base framework (Figure 3(a)). The fourth
and fifth columns in Figure 5 show the result, where the fourth col-
umn is the target precision and the fifth column the target recall.

omparing to the result reported in [10], where the input schemas
are perfectly extracted, the accuracy of the base framework signif-
icantly degrades due to the error cascade problem. To make the
comparison more illustrative, we list the corresponding accuracies
of [10] in the second and third columns. We can see that the degra-
dation of target accuracy is up to 30%. This accuracy degradation is
mainly because the existence of noises affects the ranking of match-
ngs and thus the result of matching selection.

The result of the data-ensemble framework: Next, we test the

51 Experiment Setup data-ensemble framework on the two domains with empirically ob-
! tained optimal parameter settings. In particular, for Books, we set
As discussed in Section 2.1, we integrate the Schema Extrac-the sampling sizeé5' as 20 and the number of trial6 as 41; for

tor developed in [21] and thBCM matcher in [10]. This inte- Airfares, we setS as 16 andl” as 41. As Section 6 will discuss,

grated system naturally becomes our testbed of the data-ensembl®ne of our future work is to find a systematic and principled way to

framework over real data. In particular, tb&€M matcher discov- determineS andT’, probably building upon our analytic modeling
ers not only simple 1:1 matchings but also comptex: match- in Section 3.

ings, e.g, author = {last name, first name}, with a correlation As the data-ensemble framework is essentially a data-randomized
mining approach. As a mining approach in natUb&M takes a approach (with multiple random trials), it is “non-deterministic’—

set of schemas as input and outputs a list of discovered matchingsWe thus measure the distribution of its performance. Specifically,
ranked by a correlation measure, which fits our general modeling we execute the framework 100 times on Books with the same set-
of a holistic matcher and is thus a qualified testbed. ting S = 20,7 = 41. Similarly, we execute it 100 times on Airfares



Domain The base algorithm The data-ensemble framework
perfect input noisy input average accuracy best accuracy
precision [ recall |[ precision] recall || precision] recall | precision]| recall

Books 1.0 1.0 0.73 0.75 0.83 0.89 0.93 1.0
Airfares 1.0 1.0 0.67 0.68 0.79 0.79 1.0 0.88

Figure 5: The comparison of target accuracy on two domains.
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(a) Books. (b) Airfares.

Figure 6: The target precision with 100 executions on two domains.

with the same setting = 16,7 = 41. To quantify the comparison  sampling is thus a good approach to filtering them out and conse-
with the baseline result, we measure two suites of target accura-quently, the majority voting can be effective.

cies: the average target accurace. the average precision and Second,missing dataare some data that ideally should be ob-
recall of the 100 executions) and the best target accuiazythe served, but in reality are not. For this missing data case, sampling
best precision and recall of the 100 executions). and voting techniques will not help, since when the entire dataset

The results of both average and best accuracies are listed in Fig-has missing data, all the trials will also have missing data and their
ure 5 (columns 6-9). We can see that, comparing to the baselineaggregate result thus cannot fix the problem.
result, both the precision and recall are improved. In particular, in ~ Therefore, the accuracy affected by missing data cannot be fixed
most executions, the data-ensemble framework achieves better acby the data-ensemble framework. The accuracy upper-bound of
curacy than the baseline result. For instance, Figure 6 shows thethe data-ensemble framework is thusd, whereg¢ is the accuracy
100 target precisions of the 100 executions over Books and Air- degradation caused by missing data.
fares. We observe that, although accuracies may be various in dif-
ferent executions, most precisions in both Books and Airfares are The result under various configuration settings: The purpose of
better than their corresponding baseline precisions. Similar result this set of experiments is to help us empirically find the optimal
can also be observed in Figure 7 for target recall. (Figure 7 looks parameter setting &§ and7".
more regular than Figure 6 because for recall, only the value on nu-  First, we measure the accuracy of the data-ensemble framework
merator is changing, while for precision, values on both numerator with different sampling sizes on the two domains. In particular, we
and denominator are changing.) Hence, this experiment indicatesfix 7" at 41 and letS progressively increase from 10 to 55 with an
that the data-ensemble framework can indeed boost the matchingincrement size 5ife., 10, 15, 20, ..., 55) for Books and from 10 to
accuracy under noisy schema input, and thus maintain the desired40 with an increment size 3 for Airfares. For each sampling size,
robustness of a holistic matcher. we execute the data-ensemble framework 30 times and compute

The execution time of the data-ensemble framework is also ac- the average precision and recall. Figure 8 shows the experimental
ceptable. The 100 executions on Books take 118 seconds and orresult.
Airfares 109 seconds. Therefore, the average time for one execu- From Figure 8, we can observe the same trend in both domains—
tion is about only 1 second. That is, when sampling size increases, the target precision mostly

From Figure 6, we also observe an interesting phenomenon: It keeps on decreasing, while the target recall goes up first and then
seems that there is an upper-bound of precision, which the data-goes down at some point. We give the explanation as below: A
ensemble framework cannot exceed. (The same phenomenon alsemall sampling size may miss some attributes in downsampling and
exists in the recall part in Figure 7.) The existence of such an upper thus discover less matchings, which results in trivially high preci-
bound is because, in essence, there are two types of data qualitysion but low recall. With larger sampling size, we are able to cover
problems, noises and missing data, and the data-ensemble framemore attributes and thus discover not only more correct matchings,
work can deal with noises, but not missing data. but also a few false matchings. Consequently, the precision de-

First, noises are some observed data that ideally should not becreases and recall increases. When the sampling size is too large,
observedi.e., they areoutliers Although noises may affectthe ac- a downsampling is likely to have many noises and thus the recall
curacy of the base algorithm, they are minority in quantity. Down- starts to decrease again.

The best sampling size we should take is thus some values in
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Figure 7: The target recall with 100 executions on two domains.
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Figure 8: The target accuracy under various sampling sizes.

the middle. We choose thB-measure, which combines precision rent development, we empirically set sampling sizand number
P and recallR as ' = %, to measure the overall accuracy. of trial T'; thus, we naturally want to know whether it is possible
From Figure 8(a) shows, we can see the best range of samplingto develop a principled method to automatically derive the appro-
size for Books, according té'-measure, is around 20. Similarly, priate S andT" values. We notice that our analytic modeling in
from Figure 8(b), the best range of sampling size for Airfares is Section 3 can be a promising guidance for such a derivation. In
around 16. Therefore, we choose these two values as our optimalparticular, according to Equation 4, we can ask the ques@iven
settings forS in Books and Airfares respectively. an objective voting confidence c, what are the appropriate values
Secondwe measure the accuracy of the data-ensemble frame-of S andT" we should take to ensurg,, (S,T) > ¢? The 5, T)
work with different numbers of trials on the two domains. In par- pairs that satisfy the above requirements are our setting candidates.
ticular, we fix S at 20 for Books and 16 for Airfares. We change However, we need to solve two problems: 1) How to enumerate the
T from 5 to 49 with increment size 4 for both domains. For each space of all valid.§, T') pairs; 2) As the space often contains many
T, we again execute the framework 30 times and compute the av- (S, T') pairs, how can we evaluate whether a pair is a good setting
erage precision and recall. Figure 9 shows the experimental result.or not. We plan to study this problem in our future work.
From the result, we can see that, in both domains, both the pre- Second, since exploiting sampling techniques, the matching re-
cision and recall become more and more flat and stable When  sult of our framework may be various in each time; it is thus valu-
increases. This result indicates that with as long as/thvalue is able to develop some strategy to address this uncertainty problem.
not very small, we can have roughly the same performance and thusln particular, we can again exploit the statistical voting strategy:
the decision o7 is not a critical factor. Specifically, according to  Instead of running the framework only once, we execute the frame-
Figure 9, settind” as 41 is good enough to obtain stable result in work multiple times and choose the most frequently discovered
both domains. matching result as the final output. On one hand, in a statistical
sense, such a strategy should be able to deliver more stable match-
ing result; on the other hand, since in most cases, the data-ensemble

6. CONCLUDING DISCUSSION _
framework achieves better accuracy, such a strategy should also

In our stqu for the data-ensemble framework, we.also. observed give a good matching quality, although may not be the best one.
some open issues that warrant further research. First, in our cur-
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Figure 9: The target accuracy under various number of trials.

Third, while this paper focuses on integrating holistic schema [8] A. Doan, P. Domingos, and A. Y. Halevy. Reconciling

matching with schema extraction, to generalize, we believe the schemas of disparate data sources: A machine-learning
data-ensemble framework will be more widely applicable to the approach. ISIGMOD Conferenge2001.

system integration of other large scale integration tasks. Our study [9] B. He and K. C.-C. Chang. Statistical schema matching

is a first step toward understanding the system integration issue of across web query interfaces. 5 GMOD Conferenge2003.
building an integration system, which are often overlooked when [10] B. He, K. C.-C. Chang, and J. Han. Discovering complex

we focus on well-abstracted and isolated tasks. A|thOUgh this work ma’[chings across web query interfaces: A correlation mining

addresses the noisy input problem in the context of integrating holis- approach. IrSIGKDD Conference2004.
tic schema matching with interface extraction, as our modeling and [11] H. He, W. Meng, C. Yu, and Z. Wu. Wise-integrator: An
techniques are rather generic, we believe it will be more generally automatic integrator of web search interfaces for
applicable beyond the holistic schema matching task. In our future e-commerce. IIVLDB Conference2003.
work, we plan to apply this data-ensemble idea for other holistic [12] H. He, W. Meng
matchers as well as other integration tasks. ' !
In summary, this paper identifies robust quality as an inherent
challenge for leveraging holistic quantity in large scale schema
matching. Such a robustness issue inevitably arises in integrat-
ing holistic schema matching with automatic schema extraction.
As the solution, we develop a data-ensemble framework with sam- . )
pling and voting techniques, inspired by bagging predictors. We [14] J. G Kemeny. Mathematics without numbdbgedalus
are essentially applying bagging techniques in a new scenario of 88:571-501, 1959.
mining semantic correspondences among attributes. Both the ana{15] Y-Lee, A. Doan, R. Dhamankar, A. Halevy, and

C. Yu, and Z. Wu. Automatic extraction of
web search interfaces for interface schema integration. In
WWW Conference, poster pap2004.

[13] J. Kang and J. F. Naughton. On schema matching with
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