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Abstract

When multiple parties join forces in a “virtual organi-

zation” to reach a common goal, they often need to in-
tegrate disparate data sources. Such integration differs
from traditional integration settings in at least two im-
portant aspects. First, most virtual organizations do not
have highly trained experts to carry out the integration
process, as “physical” home organizations often do. Hir-
ing such experts is difficult given the short-lived nature of
virtual organizations. Second, in virtual organization set-
tings the need for short-lived, on-the-fly integration often
arises. Current integration techniques are geared toward
building long-running integration systems, and hence are
not well suited to fulfill such needs.

This paper outlines a solution to the above problems.
The solution enables all participants in the virtual organi-
zation to collectively contribute to the process of integrat-
ing the data sources. The contribution can range from
answering a few very simple questions to solving more
cognitively challenging tasks. This way, motivated, but
“data integration-illiterate” participants can also make
contributions, thus significantly reducing the need for ex-
perts. To address the need for on-the-fly data integration,
we discuss how the above solution can be adapted so that
each user with an on-the-fly data integration query needs
only to answer a few simple questions, to obtain the an-
swer to the query.

1 Introduction

A virtual organization is a dynamically formed coali-
tion of parties from different home organizations,
who want to cooperate with one another to reach
a common goal. Prime examples of such organiza-
tions arise in business enterprises, government agen-
cies, scientific projects, emergency situations, and
homeland security. Very often, participants in a vir-
tual organization must integrate information from

disparate data sources of the home organizations.
Such integration differs from traditional integration
settings in at least two important aspects.

Serious Lack of Integration Experts: Data
integration is well known to be a complex and labor
intensive process [17, 6, 11, 7, 9, 4, 3, 10]. Hence,
home organizations often must recruit highly trained
experts to build data integration systems, then retain
the experts to maintain them over time. Typically, a
“physical” home organization can hire only a small
team of such experts, due to the difficulties in train-
ing and the high cost of hiring.

Since each home organization can participate in
many virtual organizations (e.g., see Section 2), it is
very difficult for the small team of experts to par-
ticipate in all such virtual organizations, in addition
to serving the integration needs of the home organi-
zation. To make matters worse, many home organi-
zations (e.g., hospitals, fire departments) may con-
tribute valuable data, but have no data integration
experts. As a consequence, virtual organizations of-
ten have no or very few data integration experts
at their disposal. The serious lack of such experts
makes it extremely difficult or practically impossible
for virtual organizations to build and maintain data
integration systems.

Strong Needs for On-the-Fly Integration: To
date, data integration (at home organizations) has
typically been limited to long-running information
needs, to amortize the high cost of constructing
and maintaining data integration systems. Exam-
ples of such information needs arise in integrating
data of merging companies, querying Deep Web data
sources, building digital governments, and integrat-
ing bioinformatics data sources.

While many virtual organizations do need to build
and maintain data integration systems, due to their



dynamic nature, such organizations also have strong
needs for short-lived, on-the-fly data integration.
For example, a participant p from home organiza-
tion A may need to ask only one specific query over
three data sources S, S2, and S5 of home organiza-
tions B and C.

Current integration techniques are not well suited
to handle this on-the-fly integration need for three
First, they are designed to build a data
integration system over sources S; — S3, not for an-
swering a specific query. Second, building such a sys-
tem often takes days or weeks, while p may need to
obtain the answer to the query today. Finally, even
if p is strongly motivated to use current integration
techniques to obtain the answer, he or she is unlikely
to be able to do so, given that such techniques are
still designed only for integration experts. Thus, it
has now become crucial to develop tools that enable
even “integration-illiterate” participants to perform
quick, on-the-fly integration of data.

reasons.

Collective Data Integration: In this paper we
propose a solution to address the above problems.
At the heart of our solution is the idea that all par-
ticipants of a virtual organization can collectively
contribute to the process of building a data inte-
gration system, thereby (a) significantly cutting the
cost, (b) rapidly deploying the system in time for
the organization needs, and (c) reducing the need
for hiring data integration experts.

Briefly, we propose to decompose each data in-
tegration task (e.g., wrapper construction, schema
matching, etc.) into “bite-size” chunks, such that
each participant can solve the chunks based on
his or her time and effort constraints and abilities.
The contribution can range from answering a few
very simple questions to more cognitively challenging
tasks. This way, motivated, but “data integration-
illiterate” participants can also make contributions.

The solution thus has an open-source flavor. For
example, in the Linuz community participants col-
lectively build the Linuz operating system. Here,
the participants of a virtual organization collectively
build a data integration system. We call this solution
MOBS, which is shorthand for “Mass Collaboration
to Build Systems”.

We then discuss how MOBS can be adapted such
that a participant can solve his or her on-the-fly in-
tegration needs by answering a series of questions.

Finally, in the same spirit of collective contribution,
we discuss how a current on-the-fly integration need
can be fulfilled by leveraging answers from multiple
users to previous on-the-fly integration needs.

In several other papers [12, 13|, we have described
MOBS in detail, as a general layer on top of cur-
rent integration techniques, to significantly reduce
the cost of building data integration systems. In
this paper we focus on motivating and describing
why MOBS is well-suited to the virtual organization
context.

2 A Motivating Example

Our recent interaction with the Illinois Fire Service
Institute (IFSI, www.fsi.uiuc.edu) highlights data in-
tegration challenges for virtual organizations and
motivates the needs for mass collaboration tech-
niques. Among its many responsibilities, IFSI assists
Illinois fire departments in developing fire fighting
programs. For example, suppose a fire department
A must develop an emergency program to handle
bio-hazardous situations. It contacts IFSI with the
request.

TFSI will broadcast the request, then assemble a
loose coalition of organizations — that is, a wvirtual
organization — to help A. The coalition may con-
tain hospitals, police departments, fellow fire depart-
ments, fire service institutes in other states, and so
on. Once the coalition is created, A can ask ques-
tions and obtain answers, all mediated via IFSI.

First, A probes hospitals, police departments, and
other fire service institutes to understand various
bio-hazardous situations (e.g., the frequencies, sever-
ities, consequences, etc.). Next, A asks fellow fire
departments if any of them has developed similar
emergency programs, and if so, A may request in-
formation about those programs. The coalition is
dissolved when A indicates it no longer needs out-
side help in developing its own emergency program.

IFSI plays the intermediary role because it is in
the best position to assemble a coalition to help A.
Organizations in the coalition want to help A. They
also benefit from such help because they can gain
a deeper understanding of bio-hazardous situations
and emergency program solutions at other places.

To date, IFSI executes such coalition building and
data exchange mostly by hand. Unfortunately, it is



rapidly running out of human resources to keep up
with the demand in the post-9/11 world. Hence, it
has turned to our data integration group at UIUC
for help.

Currently, our group is working with IFSI to train
in-house data integration experts, as well as building
tool kits to help these experts rapidly construct data
integration systems. For example, suppose that a
coalition consists of four fire departments, each with
a database of fire fighting materials. The experts at
IFSI can quickly construct a virtual data integration
system over the four databases. The system provides
a uniform query interface (also known as a mediated
schema) over the database sources, thus enabling A
to rapidly query the sources and obtain answers, and
saving IFSI the tedious task of executing A’s query
at each individual source.

Training data integration experts for IFSI, how-
ever, can provide only a partial and short-term so-
lution. In the long term, IFSI experts will not be
able to keep up with the numerous coalitions that
must be formed to satisfy information requests of the
client departments. IFSI is actively seeking funding,
but even in the best-case scenario it probably cannot
maintain more than a few experts. To address this
problem, we propose a mass collaboration solution,
which we describe next.

3 The MOBS Solution

We now briefly describe the basic ideas behind
MOBS (see [12, 13] for more detail). In the next
section (Section 4) we discuss why MOBS is particu-
larly well-suited for virtual organizations. Section 5
comments on past successes using MOBS to deploy
data integration systems and Sections 6 and 7 dis-
cuss adapting MOBS specifically for on-the-fly data
integration.

Consider again the virtual data integration sys-
tem over the four fire departments described in the
previous section, which allows users to query for fire
fighting materials. For ease of exposition, assume
that the system’s mediated schema has only five at-
tributes year, equipment, category, manufacturer,
and price, and that the component database sources
have schemas S1,S52,S53, and Sy, as shown in Fig-
ure 1. Building such a system involves many dif-
ficult tasks [1], one of which is schema matching:
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Figure 1: Using mass collaboration to find the se-
mantic matches between the attributes of the medi-
ated schema and the source schemas.

finding the semantic correspondence between the at-
tributes of the mediated schema and those of the
source schemas [15, 5].

In what follows we illustrate MOBS by describing
how it can assist the integration experts in accom-
plishing this task.

To apply MOBS, the experts begin by building
a small data integration system: they manually
specify the correct matches from year to each of
the source schemas. Suppose these matches are
year = ai,year = by,year = c1, and year = d;.
These matches yield a system whose query interface
consists of a single attribute: year. Users can im-
mediately query this system to find materials based
upon year. Note that building the small data inte-
gration system is still much less work than building
the complete system. Further, in Section 4 we show
that in many cases the experts can leverage other
so-called “helper” applications and do not need to
build initial small data integration systems.

Decomposing the Problem: Next, the
experts must find the correct matches for the
remaining four mediated-schema attributes. They
decompose this problem into a series of questions,
by considering all pairings between mediated-

schema attributes with source-schema ones:
equipment = ay, equipment = as, . ..,equipment =
as, equipment = by,...,price = dg. A question such

as equipment = a1 means “Does equipment match
a1?”. Knowing the correct answers to the above
questions amounts to solving the schema matching
problem.

Soliciting User Answers: The experts now de-
ploy the above small data integration system and
ask users to start using it. When a user submits a



Does the highlighted column match CATEGORY?
Year [Manufacturer] Type
1987 ACME Inc. fire fighting
1999 EMT Mat. biohazard
2003 ACME Inc. respiration
2001 MedTech Co. biohazard
Yes

Figure 2: A sample question that the system asks
the user to answer.

query to the system (e.g., “Find all materials bought
within the last two years.”), the system poses a sim-
ple question to the user. Only after the user has
answered the question would the system display the
query result. Thus, in essence, the system makes the
user “pay” for the question.

Figure 2 shows a sample question that asks the
user whether attribute named manufacturer of a
source (say, attribute d3 of source S;) matches at-
tribute category of the mediated schema. The user
will answer “yes” or “no”, after examining the name
of the attribute, several of its data instances, and the
context information (i.e., the surrounding attributes
in this case).

Assessing User Reliability: To handle malicious
or ignorant users, the system computes a weight for
each user that measures the quality of his or her
answers. Earlier the experts have set aside some
sources, say Si, for user evaluation, and have man-
ually provided all correct matches for these sources.

Now the system can ask users evaluation questions
that are related to this source: year = a1,year =
az,...,year = as,equipment = ai,...,price = as.
Since the system already knows the answers to
these questions (because it knows the manual correct
matches), it can evaluate user answers and compute
their weights.

Consider a user u;. If the number of answers that
u1 has provided on the parameters coming from the
evaluation sources is below a threshold k, then we
say that user w1 has not provided sufficient answers
in order to be evaluated, and set weight(ui) = 0.
Otherwise we set weight(u;) to be the fraction of
u1’s answers that are correct.

To track users we require them to login to use the
system. Note that a user needs to login only once;

subsequent sessions can be handled automatically by
cookies. For any single user we randomly mix the
evaluation questions with teaching questions (i.e.,
questions used to get feedback on unlabeled sources)
to ensure that the user does not know which ones are
the evaluation questions. We call a user trustworthy
if his/her weight is above a threshold w (currently
set at 0.65) and untrustworthy otherwise.

Combining User Answers: Now consider a ques-
tion such as category = by, which will receive a
steady stream of “yes” and “no” answers from trust-
worthy users. The system monitors this stream of
answers; as soon as a convergence criterion is satis-
fied, it assigns to category = b; a combined answer
based on the answers it has received so far, and stops
soliciting further answers for this question.

Suppose category = by has received a total of n
answers. The current convergence criterion is to
stop if (a) the number of majority answers (either
“yes” or “no”) reaches n * 0.65 and n exceeds 20,
or (b) n exceeds 50. In either case the system re-
turns the majority answer as the final answer for
category = by. It then proceeds similarly with other
questions. Once the system has obtained answers
to all questions, it has found all correct matches be-
tween the mediated schema and source schemas.

In [13] we describe a solution that leverages the
above idea and employs dynamic Bayesian Network
techniques [16] to combine user answers in a princi-
pled way.

4 Applying MOBS to Virtual
Organizations

We now consider applying the above MOBS idea to
virtual organizations.

4.1 Task Decomposition

The first problem to consider is how to decom-
pose a data integration task (e.g., schema match-
ing, wrapper construction, query translation, etc.)
into smaller chunks that can be distributed to a set
of people. If these people are ordinary, “integration-
illiterate” users, then the chunks have to be very sim-
ple, such as the yes/no questions that we described in
the previous section. If the people are integration ex-
perts or trained programmers, then the chunks could



be more coarse grained, and cognitively demanding
(e.g., writing source code).

It is likely that not all data integration tasks can
be decomposed into a set of simple questions, but we
show in [13] that many tasks can be decomposed.
Further, even if only a part of a task can be de-
composed, we believe that can already result in a
significant reduction in labor cost.

4.2 Incentive Models

We now discuss how to entice users to provide feed-
back. First, we discuss two models of prior work, and
show how they can be adapted to our context. Then
we propose two novel models that address some im-
portant limitations of prior models.

Volunteer /Delayed-Gratification Model: The
vast majority of works and real-world applications in
mass collaboration rely on users volunteering feed-
back. Examples include Bibserv [2], openmind.org,
amazon.com, and epinions.com. Such volunteering
is typically motivated by some (often delayed) bene-
fits or self-gratification. This model clearly also ap-
plies to our virtual organization context. For exam-
ple, the participants of a virtual organization under-
stand the benefits of providing feedback and are will-
ing to help build systems over organizational data.

Instant Gratification Model: Some recent
works propose to provide users with instant bene-
fits as soon as they volunteer some feedback, on the
ground that such immediate gratification may moti-
vate users to volunteer more feedback. The instant
benefits could be value-added services [14] or game
play experience, which helps implicitly generate user
feedback (e.g., espgame.ory).

This model can be easily adapted to our context.
For example, a system in the fire fighting domain
would produce the usual list of results in response to
a user query, but would also indicate that even more
details about those results are available, if the user
is interested. To get to those details, however, the
system needs the user to answer a simple question.
Thus, the user has a strong incentive to supply some
simple feedback, which provides instant gratification
in terms of more details about the query results.

The above two models rely on users being will-
ing to provide feedback. While we believe this as-
sumption is generally valid in virtual organization

contexts, we propose to also consider two models in
which users are forced to participate, hence guaran-
teeing a steady stream of user answers for the mass
collaboration process.

Monopoly /Better-Service Model: If the ap-
plication under consideration provides a monopoly
service that its users need, or a service in much bet-
ter ways than its competitors, then it can leverage
that advantage to “force” the users to “pay” for us-
ing its service, where the “payment” is a bit of user
knowledge. For example, consider an internal web
service that the employees of an organization must
access daily. Since this internal web service is in
a monopoly situation, it can use MOBS to collect
“payments” from the employees, then leverage these
“payments” to improve its services.

Helper Application Model: A data integration
system can also leverage the users of another appli-
cation — which we call a helper application — to pro-
vide feedback. For example, within an organization,
a data integration system can leverage the users of
an internal web service (as described above). For
this model to work, we believe the helper applica-
tion must be providing a monopoly or better service.
Helper applications are in a sense similar to the ini-
tial capitals invested in the real world in a business,
until the business grows to the extent that it can
sustain itself.

5 Empirical Evaluation

We have applied MOBS to build data integration
systems in several settings. For example, we enlisted
the students of several data management courses to
build data integration systems in the online book-
store domain and the Computer Science Department
domain. The number of students in those applica-
tions ranged from 26 to 132, respectively. We also
enlisted our research group (approximately 12 per-
sons) to build a bibliography of data integration pa-
pers on the World-Wide Web.

In all experiments, each participant needed to
spend very little effort (i.e., answering on average
fewer than three yes/no questions per day) to rapidly
build the systems over several days. In addition, the
labor costs of the experts were reduced significantly,
in that they spent very little time setting up MOBS



for these systems.

We have also carried out extensive simulation ex-
periments, which support the above results, and fur-
ther examine the MOBS solution. A detailed de-
scription of the empirical evaluation is in [13].

6 On-the-Fly Integration

The previous discussions outlined the process of
building a traditional data integration system for use
by virtual organizations. However, given their short-
lived nature, virtual organizations often require on-
the-fly integration services. On-the-fly data integra-
tion is an emerging topic ([8]) in which the system
need only provide one-time answers to a fixed set
of queries. In this setting the integration system is
not necessarily persistent and the query capabilities
must only support a fixed set of queries.

Consider again our fire fighting example from Sec-
tion 2. Members of fire department A seek informa-
tion in order to build a biohazard response program.
Thus a particular member p of A may only be inter-
ested in a small set of queries such as “Which biohaz-
ard equipment manufacturer is most popular in other
departments?” and “What percentage of equipment
budgets are spent specifically for biohazards?”. Fur-
thermore, only a one-time answer to these queries is
required.

In such a setting we only need to perform the data
integration steps necessary to answer these partic-
ular queries. For the example illustrated in Fig-
ure 1 we only need to perform schema matching
for the mediated schema attributes manufacturer,
category, and price over fire department sources.

The MOBS solution outlined in Section 3 is di-
rectly applicable to this setting. To perform on-
the-fly integration, we can apply MOBS to build a
“mini system” on demand for a given set of queries.
A “mini system” is a temporary, small-scale data
integration system constructed over a subset of all
sources and mediated schema attributes.
current example, person p is asked questions only
relevant to building their “mini system” over the
three mediated schema attributes manufacturer,
category, and price. This system is kept confidential
and only provided to this particular person.

There are three significant advantages to this ap-
proach over traditional data integration (Section 3).

In our

First, the size of this “mini system” is smaller, hence
less time and work are needed to construct the sys-
tem. This speed is crucial for meeting the requests of
each virtual organization member in a timely fash-
ion.

The second advantage is that each “mini system”
is private. If a person provides incorrect answers and
builds a faulty “mini system”, they hinder only their
own cause. Since there are no global effects in this
case (e.g., constructing a faulty global integration
system), MOBS can be deployed to converge quite
rapidly and employ little or no user evaluation.

Finally, the content of this “mini system” is rele-
vant to the associated virtual organization member.
Given that each system is built to satisfy a particular
set of queries, we can presume that the person ask-
ing these queries is somewhat knowledgeable about
the attributes and sources being integrated. In our
example, person p can be expected to know what
a fire department is, what categories of equipment
are used by such departments, and even who are
the principle equipment manufacturers. Given this
familiarity, we can expect that p is capable of ac-
curately answering questions and hence successfully
building their “mini integration system” on the fly.

7 Reusing On-the-Fly Integration

A challenge highlighted by the previous section is
to quickly perform on-the-fly integration. It is true
that “mini systems” constructed on the fly may be
small (compared to more general global systems) and
that MOBS can be tuned to converge these systems
quite rapidly. However, these “mini systems” are
constructed from scratch as needed. A potentially
large improvement is to leverage the work of past
individuals to more quickly meet the needs of each
new individual.

For this challenge we again employ the MOBS
framework (Section 3). First we archive all “mini
systems” constructed over all virtual organizations.
Given a new “mini system” M, we can leverage the
archive in order to more quickly build M as fol-
lows. Suppose we must learn the value of statement
category = by and we find this statement several
times within the archive. In each of these archived
instances this statement is set to some answer (i.e.,
“yes” or “no”). These answers can be immediately



fed into our MOBS framework as votes on the cor-
rect value of category = b;. Most importantly, these
answers are collected automatically without explic-
itly asking questions of the new virtual organization
member, hence speeding the construction of M.

One issue in the above scheme is measuring the
credibility of each archived answer. In the strict
on-the-fly setting (the previous section), global trust
was not an issue since each “mini system” was con-
structed in isolation. This is not the case here. Thus
we must tune MOBS to reincorporate some com-
bination of user evaluation and statistical conver-
gence. However, we feel that this could be done with
small enough overhead that reuse of past “mini sys-
tems” still provides a substantial improvement in the
time required to satisfy future on-the-fly integration
needs.

8 Conclusion and Future Work

By their nature, virtual organizations are usually
dynamic and short-lived, and are unlikely to have
many integration experts to help them quickly inte-
grate data. Even when experts are available, they
still face the problem of having to integrate data in
a very short amount of time, for which conventional
integration techniques are not well suited.

In this paper we have proposed a mass collabora-
tion solution to this problem. The basic idea is to
decompose data integration tasks into small chunks,
where the chunks can be as simple as yes/no ques-
tions, then leverage the participants of the virtual
organization to help solve the chunks, thereby con-
tributing toward building and maintaining data in-
tegration systems. Participants in a virtual orga-
nization work together toward a common goal, and
therefore are likely to be strongly motivated to par-
ticipate in the mass collaboration process.

As described, our solution has the potential to
help virtual organizations quickly integrate data,
with far fewer experts and much less workload on
these experts. We also show how the mass collabora-
tion solution has the potential to provide on-the-fly
integration for needy users, and subsequently lever-
age these “mini systems” to benefit future integra-
tion tasks.

We are further developing the mass collaboration [12] R. McCann, A. Doan,

framework, and applying it to real-world contexts,

including those of virtual organizations.
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