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Abstract

Information integration is not a new problem.
By all accounts, language has always taken a
multitude of forms, thus the need for translat-
ing between different representations of our world
has been acute throughout history. With the ad-
vent of the World Wide Web, however, this need
takes on hitherto unseen dimensions in terms of
both difficulty and promise. Automated, web-
based integration could offer unparalleled access
to worldwide perspectives, but the range of dif-
ference among sources is formidable — even in
the case of a single underlying representational
model. The MIQIS project aims to provide a high-
level logic for reasoning about integration scenar-
ios and their fundamental properties. A key con-
tribution of this perspective is the unification of
the semantic, syntactic, and effective aspects of
information integration. Within MIQIS we re-
search foundational properties of inter- and intra-
representation integration frameworks, as well as
produce practical, modular solutions as specific
applications of the general theory.

1 Introduction

Classical information integration in a federated system of
information sources has focussed on syntactic integration
of types through source schema mappings into a mediated
schema [12]. More recently, pairwise schema mappings
have been the focus of research for Peer-to-Peer integra-
tion systems [5, 18]. Contemporary solutions recognize the
need for semantic mappings between tokens; elegant im-
plementations of semantic maps include the mapping rela-
tions of [14] and the relaxation labeling of [7]. Recent log-
ical formalisms acknowledge the need to encompass both
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semantic and syntactic integration aspects, at least within a
single representation [17].

Thus, much progress has been made toward automated
information integration during the last decades. However,
there are still crucial elements missing from current solu-
tions. The next paragraphs present three such elements, all
of which MIQIS aims to encompass.

Inter-Model Integration. Current integration solutions
adopt a single underlying representational model, such as
relational, object-oriented, or semi-structured.1 In contrast,
many integration applications require translation between
such models. It has been suggested that high-level “meta-
model” frameworks can formalize inter-model integration
[3, 4, 19]. MIQIS aims to provide inter-model integration
using higher-order logics capable of manipulating queries
and representational structures. Our underlying formaliza-
tion of data model is set-based, and comes from the mathe-
matical structures termed Chu Spaces [1]. Chu spaces have
been successfully applied to concurrency theory [10], on-
tology matching [13], and information flow [2]; we aim
to extend this work to information integration and develop
applications for inter-model integration consistent with this
theory.

Parametrized Schemas. Many integration scenarios in-
volve translating between relational and multidimensional
or spreadsheet data. One example is shown in figure 1.
The translation shown is distinguished from canonical ex-
amples in that the target schema depends on the source
data instance. To perform such integration, operations such
as Pivot or Transpose [21] return results whose shape de-
pends on the input data. Although such transformations
have been supported in vendor applications for some time,2

the theory underlying such translations was not well under-
stood. To this end, we have developed an extended rela-

1An exception is the SilkRoute system, which translates relational to
semi-structured data [8]. SilkRoute does not consider the general prob-
lem of integration when a target schema has been previously determined.
However, SilkRoute includes rules for translating queries on XML docu-
ments into SQL, as well as schema mapping capabilities. In this regard,
SilkRoute is paradigmatic of the inter-model approach we want to formal-
ize.

2The operation “Pivot”, for example, is supported in Microsoft Access,
Excel, and SQL Server 2005.



StudentName AssignmentID Grade ! StudentName Asg1Grade Asg2Grade Asg3Grade � � � AsgNGrade

Figure 1: Relational to Spreadsheet Schema Translation.

tional model, the federated data model that naturally han-
dles parametrized schemas. Furthermore, we have charac-
terized the cases where merging transposed data is well-
defined [16]. This work is crucial for understanding rela-
tional to multidimensional integration.

Integral Query Languages. To our knowledge, the impact
of heterogeniety among peer query languages has been
largely ignored. Respecting query languages is critical,
however, since interoperation may fail if the query capa-
bility at a given source is simply not powerful enough to
run the translated queries that reach it (even if the represen-
tation supports answers). We term this facet of integration
effectiveness. Effective integration is particularly important
for the Web, where access to sources is very often given in
terms of query forms with limited capabilities. In MIQIS,
our formalization of an information model codifies the syn-
tactic, semantic, and effective capabilities of constituent in-
formation sources.

The MIQIS project aims to automate information inte-
gration within a general theoretical framework that en-
compasses all three desiderata listed above. Furthermore,
MIQIS aims to incorporate existing solutions and tech-
niques where appropriate, or complement these solutions.
In the next sections, we indicate the general approach of
MIQIS, focussing on how the approach addresses the three
desiderata given above.

2 Foundations of MIQIS
Central to any theory of information integration is a for-
malization of the notion of data model. Recent work views
data models as graphs [3]. In contrast, MIQIS codifies the
notion of data model as a Chu Space [1] or Classification
[2], as follows.

Definition 1
A data model is a triple D = hA; T;�i where A is a set of
tokens, T is a set of types, and � is a relation � � A � T .
In case (a; t) 2 � for a 2 A and t 2 T , we write “a � t”
(read “a is of type t”).

The benefit of Chu spaces is that (unlike plain sets) in-
ternal structure is “built in” to the formalism. Like sets,
however, Chu spaces can provide a formal basis for the
development of mathematical concepts [15]. The internal
division of a Chu space into tokens and types means that
this duality fundamentally follows ensuing theoretical de-
velopment. We feel that this duality correctly captures the
syntactic/semantic duality inherrent in data models (or any
linguistic representation).

As indicated above, for effective integration we must
model the query language accompanying a data model as

well. We can use the existing concept of a Local Logic [2]
to model this. We use the term Information Model instead
of “Local Logic” to better reflect our intended use.

Definition 2
An Information Model I is a data model D = hA; T;�i
together with a relation ` on types, i.e. ` � T �T . In case
(t; t0) 2 ` for t; t0 2 T , we write “t ` t0”.

The relation ` models the type theory of a query language
accompanying the data model D. The dual of ` gives a
high-level model of a query language as a query relation.
We will notate the dual relation by Q.

Definition 3
Given an information model I = hA; T;�;`i, the Query
Relation corresponding to I is the relation Q � A�A such
that (a; a0) 2 Q iff there exist t; t0 2 T such that (i) a � t
and a0 � t0 and (ii) t ` t0.

The advantage of these definitions is that we can now
formally state what we desire as the end product of infor-
mation integration. From there, we can reason about the
high-level properties the information models and/or maps
between them must have to guarantee our desiderata.

Given two information models I1 and I2, an Integration
Morphism between them is a bi-level map from tokens-to-
tokens and types-to-types that respects the structure of both
models as well as both query relations. Formally, this is
spelled out in Definition 4.

Definition 4
Let I1 = hA1; T1;�1;`1i and I2 = hA2; T2;�2;`2i be
information models. Let Q1 and Q2 be the induced query
relations. An Information Morphism from I1 to I2 is a pair
of contravariant maps f = (f_; f^) where f_ : A1 ! A2

and f^ : T2 ! T1 such that

1. a �1 f^(t) iff f_(a) �2 t for all a 2 A1 and t 2 T2;
and

2. for all (a; a0) 2 Q1 , (f_(a); f_(a0)) 2 Q2 .

Due to the dual nature of information models, there are
many equivalent defnitions expressing the same proper-
ties. However, the above formalization best captures how
MIQIS will implement integration of information models.
Namely, the map f_ will be created first, and f^ will be de-
duced from f_. Once this is achieved, the query relations
will be checked for compatibility. This step is important,
and in general we may have to settle for an integration mor-
phism from a sub-model of I1. Part of MIQIS is to codify
how the integration process is impacted by the accompany-
ing query relations.

Critical Instances. A crucial insight is the notion of a
critical instance of a data model. A critical instance is a
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<!ELEMENT CourseData (students, courses, semesters)>

<!ELEMENT students (student+)>
<!ELEMENT courses (course+)>
<!ELEMENT semesters (semester+)>

<!ELEMENT student (firstName, lastName, year, major)>
<!ELEMENT course (name, prof)>
<!ELEMENT semester (takes*)>

<!ELEMENT firstName (#PCDATA)>
<!ELEMENT lastName (#PCDATA)>
<!ELEMENT year (#PCDATA)>
<!ELEMENT major (#PCDATA)>
<!ELEMENT name (#PCDATA)>
<!ELEMENT prof (#PCDATA)>

<!ATTLIST course cid ID #REQUIRED>
<!ATTLIST student sid ID #REQUIRED>
<!ATTLIST semester id ID #REQUIRED>
<!ATTLIST takes student IDREF #REQUIRED

course IDREF #REQUIRED
grade CDATA #IMPLIED>

(b) Target schema.(a) Source schema and critical instance.

Figure 2: Input to MIQIS integration platform.

(small) instance of the source data model which is semi-
automatically mapped to an equivalent instance of the tar-
get model. This instance acts as aRosetta Stone to guide
the integration. This approach is similar to deducing a for-
mal query from a representative example in “Query-By-
Example” interfaces.

Next, we give a representative example of the approach,
indicating key contributions of MIQIS.

3 Illustrative Example

Consider the case of translating between relational and
XML representations of data about students taking courses
at a local university. Such a translation is desired, for ex-
ample, in order to display course data on the web. Sample
source data as well as both source and target schemas are
depicted in Figure 2. In the example, both the relational
and XML schema are determined by the application (un-
like in SilkRoute, where the point is to generate an appro-
priate XML translation of relational data), and the task is
to automate the process of mapping the relational data (and
queries on it) to the XML data.

In order to start the process, we first semi-automatically
create a semantic map between a critical instance of the
source schema and an equivalent instance of the target
schema. A GUI interface will be provided to assist in
declaring the source and target schemas, entering the crit-
ical instance, and semi-automatically generating the initial
semantic map. The system will provide a similar interface
to Lixto [9] for selecting tokens of the source model and
mapping them to tokens of the target model. The MIQIS
system is more general, however, and will include modules
for interoperating among several information models, be-
ginning with relational, semi-structured, and multidimen-
sional models. A mock-up of the GUI interface for manag-

ing critical instances is shown in Figure 3.
Once the semantic map for the critical instance is cre-

ated, the system extrapolates the mapping tof_, and sub-
sequently tof^. The result may be parametrized, either by
the source data or the source or target schemas (or all of
these). An advantage of thissemantics-directed integration
approach is that the critical instance will be small, so a min-
imum of effort is required on the part of the user. Neverthe-
less, the critical instance must satisfy certain properties in
order to induce a well-defined integration morphism. Part
of ongoing work is to precisely classify desired properties
of critical instances.

In the simple example given in Figure 2, only a single
tuple is needed per relation, although the values in the tu-
ples should bedistinct to rule out coincidental matches.3

Assuming a correct semantic map for the critical in-
stance, schema mapping rules are generated. These rules
have the form:

QS ! QT

whereQS is a term in the source query language andQT

is a term in the target query language. Unlike previous
rule-based mappings, MIQIS uses native query languages
to produce model-specific rules. Since the query terms on
both sides of the rewrite rules are taken from the infor-
mation models themselves, these rules will yield effective
integration morphisms.4 This entails that the overarching
language of these rules ishigher-order, as it must manipu-
late parametrized query terms as well as data. Furthermore,
both metadata and data appear in the rules (and may even
be cross-compared). The basis for this research is existing
frameworks on reflexive and higher-order query languages

3Technically, this is unnecessary since the user will assist in creating
the semantic map, but it ensures the default semantic map generated is
more correct (i.e. less work for the user).

4The source and target query languages will need to satisfy commonly
held properties to ensure this, such as compositionality.



Figure 3: Mock-Up of User interface for managing critical instance.

[6, 20, 21] and higher-order logics [11].
In the example, we can summarize the mapping rules

using parametrized Relational Algebra terms for the source
side and parametrized XPath terms on the target side (the
parameters unify both sides). As an illustration, our exam-
ples generates rules including the following:

takes! /CourseData/semesters,

�sem=X(takes) !

/CourseData/semesters/semester[@id =X ],

�SID=X^CID=Y ^grade=Z(takes) !

/CourseData/semesters/semester/takes[@student=X

and @course=Y and @grade=Z].

Token Normal Form One of our main tools for deducing
integration morphisms from critical instances is a normal

form suggested by the Chu space formalism [2]. In this
normal form, which we termToken Normal Form, a data
model instance is represented as a list of pairs of the form
(a; ft1; :::; tng) wheret1; :::; tn is an enumeration of the
types ofa according to the instance. We hypothesize that
any integration morphism can be deduced correctly from
a finite critical instance. The general procedure is as fol-
lows. Suppose both the source and target data of our criti-
cal instance are in TNF. The semi-automatically generated
semantic map tells us which token(s) in the target instance
correspond to a given source token. It remains to match up
the source and target types of the two TNF representations,
yielding our parametrized rules. From these, the higher-
order host language should enable deduction of a gener-
alized integration morphism. Ideally, this host language
should also support proofs that the morphism satisfies the
properties of Definition 4.



4 Summary and Future Work
In this paper, we have presented an overview of the aims
and approach of the MIQIS project, currently being under-
taken at Indiana University. Future work on MIQIS will
follow three general paths:

� Foundational — we have suggested throughout the
paper directions that research will take on a high-level
framework for reasoning about integration scenarios.
Where possible, MIQIS will extend and/or unify ex-
isting research appropriately.

� Instantiation — the modular aspect of MIQIS is that
specific information models may be “plugged in” as
needed. Initial work has begun on supporting the re-
lational, semi-structured, and multidimensional infor-
mation models.

� Implementation — work has begun on an interface
for defining source and target schemas and managing
critical instances. The underlying engine is being de-
signed for a Prolog implementation.

All three avenues of research encompass inter-model in-
tegration, parametrized schemas, and integral query lan-
guages. In this way, the MIQIS project provides a founda-
tion for semantic, syntactic, and effective information inte-
gration.
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