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Abstract

The typical approach to data integration is to start by
defining a common mediated schema, and then to map the
data sources being integrated to this schema. In Internet-
scale data integration tasks, where there may be hundreds
or thousands of data sources providing data of relevance to
a particular domain, a better approach is to allow the user
to discover the mediated schema and the set of sources to
use through an iterative exploration of the space of possible
schemas and sources. In this paper, we present uBE, a data
integration tool that helps in this iterative exploratory pro-
cess by automatically choosing the data sources to include
in a data integration system and defining a mediated schema
on these sources. The data integration system desired by
the user may depend on several subjective and objective
criteria, and the user guides uBE towards finding this sys-
tem by iteratively solving a series of constrained non-linear
optimization problems, and modifying the parameters and
constraints of the problem in the next iteration based on
the solution found in the current iteration. Our formula-
tion of the optimization problem is designed to make it easy
for the user to provide such feedback. A simple, intuitive
user interface helps the user in this process. We experi-
mentally demonstrate that uBE is efficient and finds high-
quality data integration solutions.

1. Introduction

The typical approach to data integration is to start
by defining a common mediated schema for all the data
sources, then to match and map the data sources to this me-
diated schema. This assumes that the user (1) knows all
the sources that should be included in the data integration
system, and (2) knows all the concepts that are expressed
in these data sources (which will come together to form
the mediated schema). These assumptions do not neces-
sarily hold in cases where the data integration task involves
hundreds or thousands of data sources, especially if these
data sources are new to the user. Such “Internet-scale”
data integration tasks are becoming increasingly more com-
mon [10, 12]. A prominent example of these tasks is in-
tegrating data from multiple hidden Web data sources [4].
These data integration tasks can also arise in other sit-

uations such as peer-to-peer networks supporting struc-
tured queries, personal information management, scientific
data management [10, 12], and ad-hoc data integration in
“mashups” of enterprise data sources.

In these Internet-scale data integration tasks, unlike in
traditional data integration tasks, we cannot assume that
there is a data architect with deep domain expertise and a
global view of the different concepts expressed at the differ-
ent data sources. The user in Internet-scale data integration
tasks most likely has an understanding of the important con-
cepts in the domain they are working in, but may not know
all the different concepts expressed in all the available data
sources, and how they are expressed in these sources. Thus,
it is difficult for the user to decide a priori on the medi-
ated schema, since this requires a thorough exploration of
all available data sources to identify the concepts to include
in this schema. Furthermore, the user may not want to in-
clude all available data sources in the data integration sys-
tem being defined, especially if there is significant overlap
in the data in the different sources. The main reason for this
is that if a data source expresses the concepts it contains in a
way that is different from other data sources, then including
this source will reduce the semantic coherence of the global
mediated schema and hence reduce the overall quality of
the data integration system. Moreover, there are network-
ing and processing costs associated with including a data
source in the data integration system. These are the costs to
retrieve data from the source while executing queries, map
this data to the global mediated schema, and resolve any in-
consistencies with data retrieved from other sources. The
more sources we have, the higher these costs become.

Thus, we can see that a user who is building an Internet-
scale data integration system needs to solve two problems:
(1) which sources to include in the data integration system,
and (2) what mediated schema to use. These two problems
are highly interrelated. On the one hand, the selected data
sources determine the concepts that can be part of the medi-
ated schema. On the other hand, the sources that we select
must include the important concepts that we want to make
part of the mediated schema.

As a motivating example, consider a user who wants
to integrate data from multiple hidden Web data sources



tonyawards.com: {keywords}

whatsonstage.com: {your town}

aceticket.com: {state, city, event, venue}
canadiantheatre.com: {phrase, search term}
londontheatre.co.uk: {type keyword}

mime.info.com: {search for}

pbs.org: {program title, date, author, actor, director, keyword}
pa.msu.edu: {keyword}

wstonline.org: {keyword, after date, before date}
officiallondontheatre.co.uk: {keyword, after date, before date}

lastminute.com: {event name, event type, location, date, radius}

Figure 1. Schemas from Com-

pletePlanet.com.

that deal with reserving theater tickets. One way to get
a list of sources that deal with this domain is to issue the
query “theater” in a hidden Web search engine such as Com-
pletePlanet.com. At the time of this writing, this query pro-
duces 1021 results. Figure 1 shows a sample of the result-
ing sources and their schemas. Recent work on understand-
ing hidden Web query interfaces can help the user extract
these schemas [5, 19]. But the user must still decide on
the sources to get data from and the mediated schema to
use. It is plausible to assume that the user does not want
to integrate data from all 1021 sources, since many of them
provide information that may not be of interest to the user
(e.g., ticket sales in a different country). Furthermore, in-
cluding all these sources will unnecessarily increase the cost
of executing queries, especially if the same information is
repeated in multiple sources. As for choosing a mediated
schema, Figure 1 illustrates that the data sources contain
many different concepts expressed in many different ways.
The user must decide which of these concepts will become
attributes of the global mediated schema.

To decide on the data sources to include in a data inte-
gration system and the mediated schema to use, it is help-
ful if the user can iteratively explore the space of possible
sources and mediated schemas to find a good solution. In
exploring the space of possible solutions, the user is gain-
ing a better understanding of the problem domain and the
characteristics of the desired solution. The chosen solution
may depend on some quantitative measures of quality, but
it will likely depend as well on the subjective preferences
of the user (e.g., people typically have a preferred site for
purchasing books or tickets). In this paper, we address the
problem of helping users in this difficult, but increasingly
common [12], exploratory process.

We present our techniques in the context of a data inte-
gration tool that we call uBE, for Matching By Example'.
Figure 2 presents the architecture of uBE. uBE takes as in-
put the descriptions of a large number of data sources, their

'We chose this name because our approach bears some similarity to the
query language OBE.
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Figure 2. Architecture of uBE.

schemas, their data characteristics, and other source char-
acteristics of interest to the user. Such descriptions can be
obtained from a hidden Web search engine or some other
source discovery mechanism, or they can be provided by
the user. uBE chooses a solution to the data integration
problem, consisting of a set of data sources to use and a
mediated schema on these sources. The choice of solution
depends on several quality metrics that capture (1) how well
the schemas of the sources match with each other and with
any constraints on the global mediated schema specified by
the user, (2) the characteristics (quality and quantity) of the
data at the sources, and (3) other source characteristics such
as latency, reliability, or fees charged. The task of finding
the best data integration solution is formulated as a non-
linear constrained optimization problem, and puBE solves
this problem using a combinatorial optimization technique.
To enable an iterative exploratory process for finding a data
integration solution that satisfies the user, uBE allows the
user to provide feedback on the solution that it chooses. The
user can specify new constraints on sources and mediated
schema attributes to include, set new weights for the quality
metrics, and define new quality metrics. puBE solves this
new optimization problem, and the iterative feedback pro-
cess continues with the user guiding ©BE until he or she is
satisfied with the solution that it finds. This iterative, best-
effort approach is very well-suited to the kinds of Internet-
scale data integration tasks that we are targeting.

The rest of this paper is organized as follows. In Sec-
tion 2, we present a novel formulation of the source se-
lection and schema mediation problem. Our formulation
builds on prior work in the area of schema matching, but
also considers a broader range of source characteristics and
facilitates user feedback. In Section 3, we present a cluster-
ing algorithm that generates mediated schemas satisfying
user constraints. Section 4 defines metrics for evaluating
the quality of a data integration system based on the char-
acteristics of the data at the sources included, and provides
a technique for efficiently estimating these metrics. Sec-



tion 5 describes techniques for handling other source char-
acteristics. Section 6 describes the solution to the resulting
constrained optimization problem and our model for inter-
acting with users. Our experimental results are reported in
Section 7. We present an overview of related work in Sec-
tion 8 and conclude in Section 9.

2. Problem Definition

To define a data integration system, we must identify a
set of data sources, a global mediated schema over these
sources, and a mapping from the sources to the mediated
schema. In puBE, we choose the data integration system
by solving a non-linear constrained optimization problem,
where the problem parameters and constraints are provided
by the user. In this section, we define the necessary concepts
and formulate the problem.

2.1. Data Sources and Schemas

pBE does not place any restrictions on the kinds of
schemas and data sources that it can handle. Thus, uBE can
be used with relational data sources, XML data sources, or
any other kind of data sources. The only requirement is that
there be a schema matching operator that enumerates pairs
of schema elements at any given two sources, and computes
a measure of similarity (or quality of matching) between
each pair of schema elements. This enumeration of schema
elements is used for our attribute clustering algorithm (Sec-
tion 3).

In this paper, we focus on data sources that have a rela-
tional schema and on 1:1 matching. Thus, the schema of
source 4 consists of a list of attributes (a;1, a2, ..., Qin, ).
For hidden Web data sources, such a schema can be auto-
matically extracted [5, 19]. Nevertheless, we note that our
formulation may be extended to accommodate compound
schema elements by replacing the attributes in our defini-
tions with compound elements (e.g., elements consisting of
sets of attributes). This would enable us to handle match-
ing with n:m cardinality by mapping n:m matches to 1:1
matches on compound elements.

The decision of which sources to include in the data in-
tegration system is based not only on the schema of the data
sources, but also on the characteristics of the data at these
sources, which we assume is a set of tuples. We do not
require sources to export their entire data set, but certain
metrics used by uBE to evaluate the quality of a solution
do require the data sources to cooperate by providing the
cardinality of their data (number of tuples) and a hash sig-
nature of this data. If we cannot obtain cooperation from the
data sources, uBE can still find a data integration solution,
but it will not be able to use the quality metrics that require
source cooperation.

A novel feature of our work is that we also consider
source characteristics that reflect non-functional properties

of the sources that the user cares about, such as latency,
availability, fees, or reputation. We simply call these the
source characteristics. Some of these characteristics can be
measured automatically by uBE, such as latency, but some
must be provided by the source, such as fees charged.
Thus, a data source, s;, from the point of view of uBE
consists of a schema, a set of tuples, and a set of charac-
teristics. Our universe, U = {s1, $2,...,5Sn}, is the set of
all data sources from which we will choose a solution. Our
assumption is that the kinds of problems that uBE will be
useful for will have hundreds to a few thousands of sources.

2.2. Mediated Schemas

The mediated schema in uBE consists of a set of at-
tributes. We refer to an attribute in the mediated schema
as a Global Attribute (GA). Data integration work tradition-
ally assumes that the mediated schema consists of named
attributes given in some data definition language [16, 18].
In our work, we attempt to automatically discover the me-
diated schema and the mapping from the data sources to
this schema. This automatic mediation process allows us
to find the GAs of the global mediated schema, but it does
not result in named GAs, and we do not attempt to impose
names on the generated GAs. Instead, we define a GA as
a set of attributes from different schemas of different data
sources that match with each other. All these attributes will
map to the same mediated schema attribute, and there is no
need to name this mediated schema attribute.

Since a GA expresses a matching between attributes
from different sources, a valid GA cannot contain two at-
tributes from the same source. Another way to look at this
is that the same concept cannot be expressed by two differ-
ent attributes from the same source.

Definition 1 A GA, g, is a set of attributes, {a;;}, from
some sources in our universe, U. g is valid iff g # ¢ and
vai1j17ai2j2 €yg (Zl = i2 = jl = .]2)

In uBE, we are looking for valid mediated schemas,
which are mediated schemas in which the GAs do not in-
tersect (i.e., an attribute cannot appear in two GAs). This is
because the GAs represent different concepts, and a single
attribute cannot represent two different concepts. A valid
mediated schema must also span all the sources on which it
is defined.

Definition 2 A mediated schema, M, is a set of GAs, {g;}.
M is valid on a set of sources, S, iff

Vi, g1, €M (i #le = g1, NG, = ¢)
Vs €S (3gie M (giNs#9))

It is useful to define the notion of subsumption of medi-
ated schemas. We say that mediated schema M, subsumes
My if every GA in M5 is contained in some GA in M.



Definition 3 Mediated schema M, is said to subsume me-
diated schema Mo, denoted by My = My, iff

Vgo € Ms (391 € My (92 C g1))

By adopting this definition of GAs, we can allow the user
to specify constraints requiring certain GAs to be present in
the chosen mediated schema. This set of GAs provided by
the user can be viewed as a partial mediated schema. The
output of uBE is also a set of GAs representing a mediated
schema. Using GAs as the format for input constraints and
for the output mediated schema makes it simple for the user
to take the output of one iteration of uBE and modify it
(thus providing feedback) to get the input constraints for
the next iteration.

2.3. Quality Evaluation Functions

We measure quality on multiple dimensions that depend
on schema matching, data, and source characteristics. To
evaluate quality on each of these dimensions, we define a
quality evaluation function (QEF), F(S), for each quality
dimension, k. The QEF Fj(.S) takes a set of data sources,
S, and returns a number in the range [0 — 1] representing a
measure of aggregate quality for S. The higher the value of
F(S), the better the quality of S on dimension k.

There are four main QEFs, Fi,...,F,. The first is
the matching quality, Fy, which represents how well the
schemas of the sources match with each other (Section 3).
The other three are functions that depend on the characteris-
tics of the data at the sources (Section 4). The user can also
define other QEFs that evaluate other source characteristics
(Section 5). We denote the set of all QEFs by .

We define the overall quality, Q(S), of a set of sources,
S, as the weighted sum of the QEFs. The weights, W =
{w1,wa, ..., wyp|}, are all between 0 and 1, and they sum
to 1. These weights reflect the relative importance to the
user of the different quality dimensions. The weights are
set by the user, and they can be changed between iterations
of uBE to guide the search for a solution towards different
parts of the search space. Thus, Q(S) is defined as: Q(S) =

ZEI w; F;(S), subject to: 0 < w; < 1 for all w;, and
Z‘zﬂil w; = 1.

2.4. Constraints

One of the ways that users guide uBE is by specify-
ing constraints on the optimization problem. These con-
straints can model user preferences, and can also guide the
schema matching process, increasing its accuracy and effi-
ciency. We allow users to specify two types of constraints:
source constraints and GA constraints.

A source constraint specifies a particular source from U
and requires it to be part of the solution chosen by uBE.
The set of source constraints, C' C U, does not specify how
to match the sources in the constraints with each other or
with other sources. A GA constraint is a valid GA, g, that

the user requires to be part of the solution (i.e., the out-
put must have a GA that contains g). We denote the set of
GA constraints specified by the user by G. The GA con-
straints require the output mediated schema, M, to satisfy
G =< M. Note that a GA constraint implicitly specifies a
set of source constraints. If a GA constraint has an attribute
a;;, the source, s;, from which this attribute is taken must
be present in the solution.

The GA constraints specify a partial mediated schema.
These constraints can be used to guide schema matching
so that the chosen solution satisfies user preferences and a
priori knowledge. For example, there may be insufficient
evidence to support matching two attributes, but the user
might know that these two attributes must match. In this
case, the user can specify a GA constraint containing these
two attributes, and the matching algorithm would grow this
GA and take advantage of the “bridging effect” [19].

2.5. Optimization Problem

We can now formulate the constrained optimization
problem solved by uBE: Given U, F, W, C, G, find:

|F|
arg max S)) = w; F; (S
g max (Q(S)) ; (5)
subject to: |S| <m, CCS, G=M, Vge

(M = G)(F1({g}) 2 0),and Vg€ (M —G)(g| = B).
U is the universe, [ is the set of QEFs, W is the set of
weights, C'is a set of source constraints, G is a set of GA
constraints, Q(.5) is the overall quality, m is the maximum
number of sources that the user is willing to select, M is the
mediated schema associated with S, 6 is a lower bound on
the matching quality, and /3 is a lower bound on the number
of attributes in any output GA. The last two constraints (6
and () only apply to GAs in M — G. For the GAs that
the user specifies in G, there are no restrictions on match
quality or size.

This is a highly non-linear constrained optimization
problem that is repeatedly solved by uBE with different pa-
rameters specified by the user. In Section 6, we describe our
approach to solving this problem and to interacting with the
user. But first, in the next three sections, we provide more
details about computing the QEFs.

3. Matching by Constrained Clustering

An important QEF is the matching quality QEF, Fy(S).
F1(9) relies on a schema matching operator [18] that we
define, Match(S). Match(S) determines the best matching
between the schemas of the data sources in S, and returns
this matching along with a measure of its quality to be used
as the value of the QEF. Match(S) produces a mediated
schema, M, that consists of a set of GAs representing the
best matching among the schemas of the data sources in S.



This mediated schema is the automatically generated medi-
ated schema that uBE presents to the user. It must satisfy
the source constraints in C' and the GA constraints in G (i.e.,
M must be valid on C, and G < M must hold). To sim-
plify satisfying source constraints, we ensure for any call to
Match(S) that S contains C. As we can see, Match(S) is
at the core of uBE, automatically generating the mediated
schemas and measuring their quality.

To find the best mediated schema, M, Match(S) re-
quires a measure of similarity (i.e., quality of match-
ing) between pairs of attributes in different data sources.
Match(S) can use any attribute similarity measure, whether
it is schema based [18] or data based [14]. In our proto-
type of uBE, our measure of similarity between a pair of
attributes is the Jaccard similarity coefficient [6] between
the 3-grams in the attribute names.

Regardless of the similarity measure that we use, the
question we must answer is how to build a set of GAs that
span multiple sources using a pairwise attribute similarity
measure. To do this, we use a greedy constrained simi-
larity clustering algorithm (Algorithm 1). The algorithm
starts by placing each attribute from each data source in S
in its own cluster. If there are GA constraints provided by
the user, we place the GA from each constraint in its own
cluster. We then repeat the iterative step of the clustering
algorithm, which consists of growing the clusters by greed-
ily merging all pairs of clusters whose similarity is above
the matching threshold specified in our optimization prob-
lem, 6, as long as the merged cluster represents a valid GA.
We define the similarity between two clusters as the max-
imum similarity between an attribute from the first cluster
and an attribute from the second cluster. Based on this def-
inition, the algorithm eliminates clusters from consideration
if their highest similarity to any other cluster is lower than
the matching threshold, since these clusters will never be
merged with other clusters. In practice, this elimination sig-
nificantly prunes the number of clusters considered by the
algorithm. The algorithm terminates when it cannot find
any more pairs of clusters to merge.

The clusters of attributes that are found by the algorithm
together form the generated mediated schema, M, with ev-
ery cluster of attributes representing a GA in M. The al-
gorithm checks that M is valid on C (i.e., the source con-
straints are satisfied), and if so it returns M and its quality
of matching. If not, there is no matching that satisfies both
the matching threshold and source constraints for this set of
sources, so we return a null schema and 0 matching quality.

We define the quality of matching within a cluster as the
maximum similarity between any two attributes in this clus-
ter. Since, by construction, the algorithm ensures that every
attribute in a cluster has similarity > 6 to at least one other
attribute in the cluster, the quality of matching in the GAs
returned by the algorithm is always at least §. We define

the quality of matching of the whole mediated schema, M,
as the average quality of matching for all the GAs of this
schema. This is the the value of the QEF, F}, returned by
the algorithm. It is clear that this value will, by construc-
tion, always be > 6 for each GA individually (except for
GAs that come from GA constraints, g € G, which may
have Fi({g}) < 6). Thus, the matching threshold is always
satisfied.

GA constraints, along with our definition of cluster sim-
ilarity as the maximum similarity between attributes from
the two clusters, are very helpful in allowing users to guide
the matching process. If there is not enough evidence to
support placing attributes a and b in the same cluster, but
the user knows that these attributes express the same con-
cept, the user can introduce a GA constraint containing a
and b. The clustering algorithm will keep this GA even
though its matching quality is low. Moreover, the cluster
can continue to grow even though it contains two dissimilar
attributes: attributes that are similar to a will be added to
the cluster because of their high similarity to a, and will not
be penalized by the presence of b. The same will happen for
attributes that are similar to b. This style of matching is why
we call our tool Matching By Example. The user provides
an example of a matching, and uBE expands it.

Figure 3 illustrates the clustering algorithm. The exam-
ple in the figure focuses on four attributes that are part of
a larger clustering problem consisting of many attributes.
Figures 3(a)—(c) show the case where there are no GA con-
straints. In this case, the algorithm starts by placing each at-
tribute in its own cluster (Figure 3(a)). The two clusters with
the maximum similarity are then merged, and the similarity
between the new clusters and existing clusters is computed
(Figure 3(b)). The process continues and we reach the clus-
tering in Figure 3(c). Figures 3(d)—(f) show the case where
the user specifies a GA constraint: F_name and Prenom
must be in the same cluster. This constraint bridges the se-
mantic gap between these two attributes. In this case, clus-
tering starts by putting these two attributes in one cluster,
and each other attribute in a cluster of its own. Clustering
proceeds as before, but the GA constraint allows us to cap-
ture relationships that we could not capture before.

4. Coverage and Redundancy

We now turn our attention to the QEFs that depend
on the data at the sources. These QEFs, F5, F3, and
F, are cardinality, coverage, and redundancy, respectively.
We also refer to them as Card(S), Coverage(S), and
Redundancy(S). These functions return a number be-
tween 0 and 1, and are defined by the following equa-

tions: Card(S) = w Coverage(S) — M and

temlg ’ . o |Ut€Ut‘ ’
‘ _ 2sesls )
Redundancy(S) = % |s| is the total number of

tuples (cardinality) at a source or set of sources.



Algorithm 1 Greedy constrained similarity clustering.

Maich (S : set of sources, C' : set of source constraints, G : set of GA constraints)

1 M~ {} > Initialize set of clusters (GAs) to return
Add all GAs in G to M
Set a flag ¢;.keep = TRUE for all clusters in M

Add all remaining attributes in all sources in .S to M as single-attribute clusters with c;.keep = FALSE

2

3

4

5 repeat
6 done < TRUE
7

8

Set two flags ¢;.merged = FALSE and ¢;.mergeCand = FALSE for all clusters in M
Find pairs of clusters (c;, ¢;) that have similarity > 6, and store them in a priority queue, H;yy,, sorted by similarity

9 while —(H;, is empty) do
10 > Get the pair of clusters with the next highest similarity
11 (c1,c2,5tm) < Hgim-pop()
12 if —c1.merged A —ca.merged A Merging the two clusters gives a valid GA then
13 Merge c1 and c2. Remove them from M and add the merged cluster.
14 c1.merged «<— TRUE, c2.merged <— TRUE
15 elseif c;.merged = TRUE for only one of ¢ and c2 then
16 > We found a cluster that could be merged, but the cluster it could be merged with has already been merged with another cluster.
17 > We need another iteration, and we need to keep the cluster that we could not merge this iteration for the next iteration.
18 Set ¢;.mergeCand = TRUE for the cluster that has ¢;.merged = FALSE
19 done < FALSE
20 for all clusters ¢; € M do
21 if —~(newly merged cluster) A —¢;.mergeCand A —c;.keep then
22 Eliminate ¢; from M

23 until done

24 return M and its quality of match if M is valid on C, and return NULL otherwise

The Card(S) QEF measures the amount of data in S.
The Coverage(S) QEF measures how much of the to-
tal data in the universe, U, we are able to get from S.
The Redundancy(S) QEF is a measure of the degree of
overlap between the data in the sources in S. A high
degree of overlap is bad because we unnecessarily get
the same data from many sources. The QEF is defined
so that Redundancy(S) = 0 is the worst possible and
Redundancy(S) = 1 is the best possible, as required by
our optimization problem.

To compute these QEFs based on the data, we need to
be able to compute the cardinalities of data sources, and the
cardinalities of unions of data sources. The cardinalities of
sources can be obtained directly from the sources. The diffi-
culty is in computing the cardinalities of unions of sources,
because (1) many sources do not allow unrestricted access
to their data, and (2) even if the sources did allow access to
the data, the sheer amount of data at the sources makes a
solution that requires fetching all the data from the sources
prohibitively expensive. Thus, we need a way to estimate
the cardinality of set unions without accessing the data.

We develop a technique based on the well-known Flajo-
let and Martin Probabilistic Counting with Stochastic Av-
eraging (PCSA) technique [9]. To count the number of
distinct tuples in a large number of tuples, the basic PCSA
technique uses a bit map as a synopsis for summarizing the
data. A hash function is applied to all tuples, and the bit
in the bitmap corresponding to the hash value is set. This
hash signature is used to estimate the number of distinct tu-
ples. To increase the accuracy of the estimation, PCSA uses

multiple hash functions and multiple bitmaps.

We make the observation that if each data source com-
putes the PCSA hash signature for the tuples it contains,
and then we perform a bitwise OR of these hash signatures,
that would be equivalent to computing the hash signature on
the set union of all the tuples in all the data sources. Thus,
we require all data sources to compute a hash signature for
their tuples based on a set of pre-determined hash functions.
These hash signatures are cached by uBE. To compute the
cardinality of the union of some sources, we compute a bit-
wise OR of their hash signatures and apply the PCSA algo-
rithm on the result. In our experiments, we have found this
to provide accurate cardinality estimates.

This approach assumes that the data sources are willing
to cooperate with uBE by computing hash signatures. We
believe that this is a realistic assumption, since we are not
asking the data sources for much. Computing the hash sig-
nature requires scanning the data only once and applying a
few hash functions to each tuple. The hash signatures them-
selves are small (a few bytes or kilobytes), and they do not
disclose any information about the actual values of the tu-
ples. Furthermore, it is safe to assume that data sources
want to be included in data integration systems and hence
will cooperate with a tool like uBE. Nevertheless, if some
data sources are not willing to provide hash signatures, we
can still use uBE on all data sources, excluding the unco-
operative sources from the coverage and redundancy com-
putations, and assigning them 0 coverage and redundancy
QEFs. The uncooperative sources may still be chosen by
uBE if they score highly on other QEFs.
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5. QEFs for Source Characteristics

MBE allows users to define QEFs that are based on
other source characteristics such as latency, availability, fees
charged, or reputation. These characteristics are defined
on a per-source basis. Some of them can be automatically
measured by uBE, while others must be provided by the
user. To increase the flexibility in defining source charac-
teristics, we allow the values of source characteristics to be
positive real numbers of any magnitude. Thus, we need to
define QEFs that aggregate a set of real numbers represent-
ing source characteristics of a set of sources into a measure
in the range [0 — 1]. uBE provides several predefined ag-
gregation functions, and users can define their own aggre-
gation functions. As an example, we describe the weighted
sum aggregation function, wsum(S), which is the sum of
the source characteristics for all the sources in .S weighted
(multiplied) by their cardinality, and normalized. The defi-
nition of wsum (.S) for source characteristic ¢; is as follows:

ZSES(S'qi = minwgu(t.qi)) x |s]
(Yses l8l) (mazvicu(t.qi) — minviev(t.q:))

This function can be used, for example, to aggregate
availability. If a source has high availability and a large
number of tuples, it is more valuable than a source with
high availability but only a few tuples.

6. Combinatorial Search and User Interaction

Next, we turn our attention to how uBE solves the series
of optimization problems, and how it helps the user to define
these problems. The optimization problems being solved
are non-linear constrained optimization problems. To solve
these problems, we tried using stochastic local search, par-
ticle swarm optimization, constrained simulated annealing,
and tabu search, and we found that tabu search [11] gives
the best results. Tabu search is a combinatorial optimiza-
tion algorithm whose key feature is that it partially remem-
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Figure 4. uBE user interface.

bers its path through the search space and uses this mem-
ory to declare parts of the search space as “tabu” for some
time. The algorithm never visits the tabu parts of the space,
thereby bounding the search time while still thoroughly ex-
ploring the search space. In uBE we use the constraints to
define “permanently tabu” regions of the space. We omit
further details for lack of space, and we refer the reader to
literature on combinatorial optimization (e.g., [11]).

pBE has a simple, intuitive user interface. The inter-
face allows the user to specify the optimization problem,
and it presents the solution to this problem in a way that
makes it easy to change the problem specification for the
next iteration. By design, the constraints provided by the
user (the input) have the same structure and format as the
mediated schema generated by uBE (the output). We lever-
age this and allow the user to add constraints for the next
iteration by modifying the output of the current iteration.
Figure 4 presents a screenshot from the pBE user interface.
More details about user interaction modes can be found in
the demonstration accompanying this paper [2].



7. Experiments
7.1. Experimental Setup

We generated descriptions and data for 700 synthetic
data sources. For each data source we need to define (1)
the schema, (2) the data, and (3) the source characteristics.
The schemas of the data sources are based on the BAMM
repository of schemas [1]. The schemas in BAMM are ex-
tracted from Web query interfaces in different domains. For
our experiments, we use the 50 schemas from the Books
domain. Our 700 schemas consist of these 50 schemas and
perturbed copies of them. To generate a perturbed copy of a
schema, we add attributes to the schema, remove attributes
from the schema, or replace attributes from the schema with
other attributes whose names we get from a list of words un-
related to the Books domain. These perturbations follow a
probability distribution that allows us to retain some of the
characteristics of the original schemas, while at the same
time having variability in our schemas. Our goal is to see
whether uBE can discover the concepts of the domain it is
working in, even if there is variability in the schemas.

Each data source has a number of tuples (cardinality)
ranging from 10,000 to 1,000,000 that follows a Zipf dis-
tribution . The data tuples themselves are chosen randomly
from a set of 4,000,000 distinct tuples consisting of random
words. Half of our tuples are labeled as “General” and half
are labeled as “Specialty.” Half the data sources got all their
tuples from the General pool. For the other half, we chose
a small number of tuples from the Specialty pool and the
rest from the General pool. The idea is to model the char-
acteristics of data in Web sources. There are general items
available in all Web sources dealing with a certain domain,
and there are specialty items only available in a few sources.
This affects our calculation of redundancy and coverage.

Each source has a mean time to failure (MTTF) source
characteristic. The MTTF values follow a normal distribu-
tion, with mean 100 days and standard deviation 40. We use
the wsum aggregation function to aggregate MTTFs.

The default weights for matching quality, cardinality,
coverage, redundancy, and MTTF are 0.25, 0.25, 0.2, 0.15,
and 0.15, respectively. The matching threshold is 6 = 0.75.

We ran our experiments on a machine with dual 3.4GHz
Intel Xeon CPUs and 4.0 GB of RAM running Windows
Server 2003. Our implementation of puBE is in C++.
The maximum memory footprint for all of our experiments
never exceeded 70MB. Most of this memory was used for
the hash signatures of the data sources that we store for cal-
culating coverage and redundancy.

We conducted an extensive set of experiments, but due
to lack of space we only present a subset of our results.
Our experiments showed that tabu search is more robust and
generates higher quality solutions than other optimization
techniques, so we use it as the default algorithm for uBE,
and we only report results from tabu search in this section.
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7.2. Execution Time

In this section, we study the execution time of uBE. Fig-
ure 5 shows the time for uBE to choose 20 sources from a
set of data sources (a universe) whose size varies from 100
to 700 sources. Figure 6 shows the time to choose 10 to 50
sources from a universe of 200 sources. The figures show
the execution times when there are no user specified con-
straints, when there are 1, 3, and 5 source constraints, and
when there are 5 source constraints and 2 GA constraints.

The sources in the source constraints in our experiments
are random sources with schemas that are fully conformant
to one of the original BAMM schemas (i.e., unperturbed
schemas). The GAs in our GA constraints have up to 5
attributes that represent accurate matchings of attributes that
appear in different sources in the the BAMM schemas.

As expected, execution time increases with the size of
the universe that has to be searched or the number of sources
to choose. However, execution times are low enough to
make pBE suitable for being used iteratively by the user as
we envisage. Note that our vision of iterative use does not
necessarily mean on-line interactive use. Data integration
tasks are not done too frequently, and it is reasonable to ex-
pect sufficient time to be dedicated to them. Furthermore,
the expected number of iterations will typically be small.
Thus, as long as the response time of uBE is in the range
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Table 1. Quality of GAs.
Sources True GAs | Attributes in | True GAs
selected selected true GAs missed
10 4 20 4
20 8 58 2
30 9 94 2
40 11 137 1
50 14 169 0

of minutes, the interaction mode will still be convenient to
the user and will allow for using pBE iteratively to solve a
series of optimization problems to find the best solution.

Adding constraints reduces the execution time, since it
restricts the space to be searched. This makes us even more
confident in the suitability of uBE for iterative exploration,
since the user will typically specify an increasing number
of constraints for consecutive runs of uBE.

7.3. Solution Quality

We now turn our attention to evaluating the quality of
the solutions generated by uBE. Figure 7 shows the overall
quality of the solution chosen by uBE (the objective func-
tion we maximize) for the same settings shown in Figure 6.
Quality increases with increasing the number of sources to
choose, and decreases with increasing the number of con-
straints. This illustrates that tabu search is working effec-
tively, since increasing the number of sources to choose
gives it more options to exploit, and hence we expect it to
get a better overall quality. Conversely, when we add con-
straints, we restrict the number of valid options to use, so
we generally get a worse overall quality.

Overall quality is an important indicator of the effective-
ness of our optimization algorithm, but what affects the user
most are the sources and GAs that uBE chooses. To eval-
uate the quality of the sources and GAs chosen by uBE,
we manually counted the number of distinct concepts in the
BAMM schemas that we use. There are 14 distinct concepts
in these schemas, so there can be up to 14 true GAs in the so-
lution, corresponding to these concepts. Table 1 shows the
number of true GAs in the solution chosen by uBE, when
varying the number of sources to choose from a universe of
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Figure 8. Sensitivity to weights.

200 sources, with no constraints. The table also shows the
number of attributes in these GAs, and the number of true
GAs that were present in the sources chosen by uBE, but
which uBE was not able to identify. We can see that as we
allow uBE to choose more sources, it can find more of the
true GAs and miss fewer of them, and it can cover more at-
tributes with the GAs that it finds. In our experiments, uBE
never produced false GAs. The number of true GAs found
can be loosely interpreted as a measure of “precision” in
identifying concepts, and the number of attributes covered
by the GAs that are found can be interpreted as a measure
of “recall” of these concepts. uBE does well on both di-
mensions and produces high quality, consistent solutions.
The quality of our coverage and redundancy estimates
depends on the accuracy of the probabilistic counting algo-
rithm. We have found this algorithm to be very accurate,
with a worst case error of 7% compared to exact counting.

7.4. Sensitivity

Our final set of experiments studies the sensitivity of
UBE to variations in the weights of the different QEFs.
These weights are set by the user and might not be very
precise, so we want uBE to be robust to slight variations in
weights. We conducted several experiments where we ran-
domly perturbed the values of all the weights by up to 15%,
and we found that perturbing the weights caused at most 1
GA in the solution to change, and the selected sources rarely
changed. Thus, we see that uBE is robust as required.

At the same time, we want changing the weights to bias
the decision of uBE. To test that, we choose 20 sources
from a universe of 200 sources and vary the weights on the
Card QEF from 0.1 to 1, with the remaining weights all set
to equal values. Figure 8 shows the cardinality of the chosen
solution as the weight on the cardinality QEF changes. In-
creasing the weight allows us to bias BE towards solutions
with high cardinality, which means that weights are effec-
tive in influencing the decision of uBE. The curve flattens
after a weight of 0.5 because by that time pBE is already
choosing the solution that has the top cardinality sources
that satisfying the matching threshold.



8. Related Work

pBE is related to work in the area of schema matching,
although it does not rely on any particular schema matching
technique. Some schema matching techniques can match
only two schemas at a time [15, 16], while others can si-
multaneously match multiple schemas [3, 7, 8, 13, 14, 19].
DCM [13] and LSD [8] use multiple base learners to match
multiple-schemas, but they assume the existence of a medi-
ated schema, and they do not address the source selection
problem. In [17], the problem of source selection is mod-
eled as an optimization problem and solved using the Data
Envelopment Analysis technique. The provided solution is
computationally expensive so it does not scale beyond 10
to 20 sources, and the paper does not consider user interac-
tion. Corpus-based matching [14] exploits the variety in the
schemas of a corpus to learn the semantic correspondences
among attributes. Like pBE, it uses a clustering approach
to determine the matching, so it does not need a mediated
schema. It uses a particular matching algorithm that cannot
be changed, while uBE can use any matching algorithm
as the basic building block of its clustering. Furthermore,
pBE can also choose a set of sources to use based not only
on matching quality, but also on other data and source char-
acteristics. In [19], an interactive approach is used for de-
termining mappings between Web query interfaces. User
interaction is limited to choosing matching thresholds and
accepting or rejecting mappings. pBE addresses a more
general problem and has a richer user interaction model.

9. Conclusions

The traditional approach to data integration is to start by
defining a mediated schema, and then to map all available
data sources to this schema. In this paper, we argue that
for Internet-scale data integration, a better approach is to
simultaneously “discover” the best mediated schema for a
particular domain and the best sources to use for this do-
main through an iterative exploration of the space of pos-
sible solutions. We propose uBE as a tool to help in this
iterative, exploratory process. uBE chooses the best data
integration solution based on the schemas, data, and char-
acteristics of the available sources, and also on constraints
and preferences specified by the user. It formulates a data
integration problem as a constrained optimization problem
that it solves using tabu search. Our experiments show that
pBE is efficient enough to be used in the interactive mode
we envisage, and that it generates high quality solutions.
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