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Abstract. The goal of information grids is to provide a virtually integrated view

on information, which is physically stored in many distributed nodes of the grid.
A user should be able to query the grid through a uniform query interface using a
common data model, without knowing the details of the distribution of the data.
Information grids that integrate information from heterogeneous resources have
to resolve the problems of semantic and structural heterogeneity, and also take
into account different quality characteristics of the sources. This paper addresses
the integration in information grids, and adopts results for data integration in
data warehouses to the information grid. The contributions of this paper are (i)
an extended metadata framework to capture the different types of metadata of
an information grid, (ii) the integration of quality aspects into this framework,
and (iii) a methodology for a quality-oriented and metadata-driven integration of
information.

1 Introduction

The Grid has been defined as a system that “coordinates resources that are not subject
to centralized control” and “delivers nontrivial qualities of servide”][10]. In addition

to computational grids that provide a high computational performance by combining
and sharing several high-end computing devices, there are many approaches to use the
grid architecture to share data and informatili Jl7,15]. The goal of these grids is to
provide a virtually integrated collection of information, which is physically stored in
many distributed nodes of the grid. A user should be able to query the grid through a
uniform query interface using a common data model, without knowing the details of
the distribution of the data. We call such grids in the followinfprmation grids[I5].

The additional qualities of service provided by information grids are an improved
query performance by making use of the parallel architecture, and/or the semantic in-
tegration of heterogeneous information. The first point is addressed in particular in re-
search projects on managing large data collections in physics or life sciiicdis1,11,12].
In these contexts, the data in the nodes have a homogeneous strucuture, i.e. schemas
and query processing capabilities in each node are similar. The main challenge is the
efficient parallel processing of the queries and the combination of the results.



In this paper, we will focus on the second type of information grids, which integrate
information from a set oheterogeneoysndependentand dynamicdata resourch
Heterogeneous means that the structure and the semantics of the various data resources
may be very different, e.g. the resources use XML and relational models to structure the
data, or they do not have a common terminology to define the schemas. The resources
are independent, because they are not under a central control. Dynamic means, that the
resources might change their schema, or they are added or removed from the grid at
anytime.

Although there have been many approaches to data integration in different areas,
the problem has not been solved in general. Data integration requires still a lot of man-
ual effort, for example, to define the mappings between the data sources and the inte-
grated data model, or to resolve data quality problems. To overcome these problems,
frameworks have been defined that should simplify the integration process, e.g. in data
warehouse¢]B.16]. The integration of heterogeneous information from independent and
dynamic sources is also addressed in the semantideb [9,18]. In addition to the problem
of semantic integration of heterogeneous information, a successful integration requires
also a technological infrastructure that enables the communication and interaction of
the various components involved. As such an infrastructure is missing in general in the
semantic web, research is now addressing the combination of technologies from the se-
mantic web, the grid, and web servicEsI[13,28]. It has also been shown that data quality
is an important issue in integrated environmehis [30]. The usage of the data in a dif-
ferent context than originally planned poses new requirements to the data, which might
result in quality problems.

This paper addresses the integration in information grids, and adopts approaches
from other areas to the information grid. The contributions of this paper are (i) an ex-
tended metadata framework to capture the different types of metadata of an information
grid, (ii) the integration of quality aspects into this framework, and (iii) a methodol-
ogy for a quality-oriented and metadata-driven integration of information. Some of the
points presented in this paper may sound k& wine in new bottlesThis is partly
true, as this work is based on our previous work in the context of data warehouses. But
the basic question that has to be addressed in the context of information grids is: which
techniques, that have been developed in the area of database management, data inte-
gration, or data warehouses, can be re-used in information grids? And if a technique
can be re-used, what kind of adaptations are necessary to use the technique in a grid
environment.

The paper is structured as follows. In secfipn 2, we will first present the methodol-
ogy for quality-oriented and metadata-driven integration of information. Sddtion 3 gives
then an overview of the metadata model of the repository, which delivers the required
information for the integration process. In secfi¢n 4, we will present a meta model that
represents the quality information required for the quality-oriented integration method-

ology.

1 In this paper, we adopt the terminology of the OGSA-DAI framewbtk [24]. A data resource is
a node (or peer) in the grid, which provides some kind of data.



2 A Methodology for Integration in Information Grids

In this section, we present a methodology for the quality-oriented and metadata-driven
integration in information grids. Input to this methodology is an information request of

a user, expressed as a query in terms of an ontology. Taking into account the mappings
between this ontology and the schemas of the data resources, the user query should be
translated into separate queries to the data resources, and the results of the resources
have to be combined later to form a uniform result.

As the information grid might contain some redundancy, i.e. the same information
is stored in various data resources with different quality characteristics, there might be
not one unique solution to answer the query. Therefore, the quality requirements of the
user should be taken into account to select the “best” solution.

This scenario is not new, it is known in a more static form in data warehouses [5]
(where the queries to the data (re)sources are implemented as extraction programs),
or in a more dynamic, loosely-coupled form in Peer-to-Peer sysfdimg [2,29] (where no
central ontology is available). We adopt here a methodology that has been developed
in the context of data warehousgsl[27]. The methodology combines several approaches
for data integration and quality management (€}, ]6.23,26]) into a holistic approach to
quality-oriented data integration.

The main difference to data integration in data warehouses is that we do not as-
sume that the result of the query has to be complete, i.e. include all possible answers.
Especially in the context of the World Wide Web, computing the complete answer is
not always necessary and feasilfle] [22]: users are often interested only in the top ten
results of a search engine, or the computation of the complete result is too expensive in
terms of processing time or monetary costs (data sources may cost money). Therefore,
our approach is not to query by default all possible data sources, but only those that
will deliver the “best” data quality. The term “best” is quoted in this context, because
whatever is the best result of a query depends on the requirements of the user.
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Fig. 1. Methodology for Integration in Information Grids



An overview of the methodology is given figyre 1. In the following subsections, we
will address briefly each phase of the methodology (according to the numbers in the
figure) in more detail. Due to lack of space, we cannot give the formal definition of the
whole methodology, but we will explain the most important concepts using a running
example.

2.1 Ontology of the Information Grid

A prerequisite for the methodology is the availability of an ontology that defines the
semantics of the information in the grid. To define this ontology, an ontology standard
such as OWL or DAML can be used. We do not restrict the ontology language to a
specific variant, but it should be possible to define classes with properties and relation-
ships between these classes (sucke@svalentClas®r subClassOf As we will see

later, it is important that we are able to prove whether two classes of the ontology are
sub-classes of each other, have a non-empty intersection, or are not related at all.

Itis known that the development of such a “global” ontology can be a hard task. But
within this methodology, the development of the ontology is made simpler by allowing
the ontology and the data resources to evolve independently from each other. Further-
more, if the information grid is established for a particular “virtual” organization, e.g. a
specific industry sector, an ontology might be already available.
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Fig. 2. Example Ontology with Publications, Books, and Authors
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An example of an ontology that we will use in the following is shown in figgre 2.
Publicationsare written byAuthors Bookis a sub-class oPublicationwith an addi-
tional property ISBN;Authorsare Personswith properties SSN, date of birth (DOB),
and a name; andlersonsare living in aCity.

2.2 Mappings between Schemas and Ontology

Each data resource in the information grid has to provide a schema, so that it is known
how the information is structured. The logical schemas of the resources is defined as a
view on the ontology. In data integration, this approach is known as local-asfview [14].
As aforementioned, this approach has the advantage that the ontology is independent of
the data resources (in contrast to the global-as-view approach, where the definition of



the ontology depends on the data resources). This means that a change in a data resource
does not require a change in the ontology.

A basic problem in this context is the mapping between logical schemas and con-
ceptual ontologies. A logical schema describes the structure of actual data (e.g. a person
is tuple consisting of an ID, a SSN, a name, and a date), whereas the ontologies describe
“abstract” objects (e.g. a person is an object that has a name, a SSN, and a date of birth)
without going into detail about the data format. To bridge this gap, we follow here the
approach proposed ihl[5]: the elements of the logical schema are defined as annotated
queries over the ontology. The query is a conjunctive query, expressed in a form similar
to Datalog. The annotation of the query defines the relationships between the logical
data values and the conceptual objects.

In our example, we define data resources containing information about persons,
books, and authors. Resource 1 has three reIaEbns:

Books (isbn, title) < Book(b),ISBN(b, 1), Title(b, t)
| identify(isbn, b), identify(isbn, ), identify(title, t)
WrittenBy, (ésbn, aid) «— Book(b), ISBN(b, i), WrittenBy(b, a), Author(a)
| identify(isbn, b), identify(isbn, i), identify(aid, a)
Authory (aid, name, dob) « Author(a), PName(a, n), DOB(a, d)
| identify(aid, a), identify(name, n), identify(dob, d)

The relationBooks; has two columns, ISBN and Title. The first line defines the
query over the ontologyBook, ISBN, andTitle refer to elements in the ontology. The
second line after the bar defines the relationship between the conceptual objects (repre-
sented by the variablés i, andt), and the relational data (represented by the variables
isbn andtitle). The predicatédentify relates a conceptual variable to a relational vari-
able. For exampledentify(isbn, b) means that conceptual objects representeldan
be identified by the valugsbn. The second resource has information about persons and
their place of living:

Persony  (ssn,name, dob, city) —
Person(p), PName(p, n), DOB(p, d), Livesin(p, c¢), CName(c, cn)
| identify(ssn, p), identify(name, n), identify(dob, d), identify(city, cn)

The third resource is similar to the first one, except that the author table has an
additional attribute “city” that represents the place of living of the author.

Authors (aid, name, dob, city) «— Author(a), PName(a, n), DOB(a, d), City(a, ¢)
| identify(aid, a), identify(name, n), identify(dob, d),
identify(city, ¢)
2 For the purpose of this paper, we assume that the schemas have a flat relational structure with-
out nested sub-elements. Nested structures of semi-structured or object-oriented data models

could be represented using canonical mapping to flat structures, although we know that this is
only a sub-optimal solution.



2.3 Metadata Repository and Quality Information

The metadata repository manages all metadata relevant for the task of information inte-
gration. In particular, it contains information about the relationships between ontologies
and logical schemas as defined in the previous section, and also quality information.
The quality information represents some quality measures of the data resources such
as availability, responsiveness, or correctness. Based on these quality measures and the
requirements of a user, a ranking of possible query plans will be done in the query
rewriting phase. More details about the metadata model and the quality information
will be given in sectionf]3 ar{d 4.

2.4 User Query and Quality Requirements

The query of the user is defined as a conjunctive query over the ontology of the informa-
tion grid. The definition is done in a similar way as the definition of the logical schema,
i.e. the definition consists of a query and an annotation. For example, the following
query retrieves authors living in Munich with name and titles of their books:

Q(name, title) «— Book(b), Author(a), WrittenBy(b, a), PName(a, n), Title(b, t),
LivesIn(a, c), CName(c, cn), en =" Munich’
| identify(name, n), identify(title, t)

The quality requirements of the user are represented in two ways. First, the user can at-
tach a weight (expressed as a value between 0 and 1) to each predicate of the query that
refers to the ontology. Using this technique, the user can state that the certain constraints
of the query are more important than others. For example, the user could state that the
information about the relationshigrittenBy is more important than the relationship
LivesIn. In addition, the user can attach a weight to each quality dimension. Thereby,
the user can state that some quality dimensions are more important than others, e.g.
response time is more important than completeness. For each possible query plan, a
quality value is calculated by using specific merge functions (e.g. to compute an esti-
mated quality value for the result of a join operation). The Simple Additive Weighting
method is used to combine guality values of different quality dimensiodls]21,27].

2.5 Query Rewriting

To rewrite the user query into several queries to the data resources, first we have to
identify data resources, which are relevant to the query. A data resource is relevant, if it
is able to contribute to the result of the query. This can be formally proven by showing
that the intersection of a predicate of the query and a predicate of the definition of the
logical schema is non-empty. In our example, we can easily verify that all resources are
relevant as they use the same predicates as the user queBo@k@)).

Now, as we have identified the relevant resources, we have to find all possible com-
binations of resources that result in a “correct” rewriting of the original query. A rewrit-
ing is considered to be “correct” if it delivers only results that fulfill the constraints
of the original query. Note that this does not mean that the rewriting is “complete” or



“equivalent” to the original query, i.e. it is not guaranteed that all results will be found.
To find the rewriting, we have adopted thieniCon algorithm [28], which is an efficient
algorithm to find correct rewritings. However, the correctness of the query rewriting is
only assured, if the resources deliver a subset of the relevant answers of the query. To
guarantee correct rewritings, we would have to consider only those data resources as
relevant for which the predicate in the definition of the logical schema describes a sub-
set of the corresponding predicate of the query. As mentioned before, we think that this
restriction is too hard in the context of information grids as it would rule out many pos-
sible query plans. As solution to this problem, we propose to attach additional quality
factors to a query plan, which indicate the correctness and relevance of the query plan.
The “best” query plans are then selected according to the quality requirements of the
user (e.g. complete answer is more important than a fully correct answer).

The basic MiniCon algorithm works in two phases. In the first phase, the predicates
of the user query are mapped on the predicates of the definition of a relation. The result
is stored in a so-called MiniCon-Description (MCD). The MCD consists in particular
of a mapping of the variables between the queries and a list of predicates of the query
that are covered by a data resource. In our example, consider the first reladlan in
resource 1. It contains the predicaBok(b) andTitle(b, t), which are also contained
in the user query. Thus, these two predicatescareredby the relationBooks;. As
another example, consider the definition of the relaBerson,. It contains a predicate
Person(p), which does not appear in the user query, but the predicaiter(a) has been
declared to be a subclassRrHrson, so the relation is relevant to the query. In addition,
this relation covers the predicateSame(a, n), Livesin(a, ¢), andCName(c, cn).

In the second phase of the MiniCon algorithm, the MCDs are combined in such a
way that all predicates of the user query are covered. In our example, this results in
several possible query plans. The obvious plans are a join between the relations of re-
source 1 and 2, or a separate query to resource 3. But it is also possible to combine the
resources in a different way, e.g. take the author information from resource 3, the infor-
mation about books from resource 1, and the information about the place of residence
from resource 2. As it is very likely that this solution has a lower quality than the pre-
vious solutions, it will probably not get a high quality value based on the computation
sketched in the previous subsection.

We have extended the MiniCon algorithm with a third phase, which also takes the
annotation of the queries into account. Remember that the annotation provided the re-
lationship between the relational and conceptual variables. So far, we have considered
only the conceptual variables. But we have also to take into account the relational vari-
ables as these variables are necessary to express the join conditions between the rela-
tions. In the example, consider the combination of the relatharnisor; andPersons.

We cannot perform the join directly between these relations, as they do not have com-
mon fields. Therefore, we have to createnatch function that matches an entry of

the relationAuthor with an entry of the relatioerson, may be using the fields name

and DOB. As the queries in this environment will be defined in an ad-hoc manner,
the system has to provide some domain-specific match functions (e.g. to match names
or addresses), complemented by some general match functions (e.g. based on record
linkage technigues such &sT17]).



3 Metadata Model

To enable an efficient integration of data in a distributed environment, the management
of metadata is necessary. In the context of internet information systems several meta-
data standards have already been developed. For exampigeth®ntology Language
(OWL) [E20] can be used to describe the semantical relationships of concepts in the
system, whereas tha&feb Services Description Langua@®SDL) [g] can be used the
describe the technical properties of a web service. However, these standards are more or
less isolated, they do not represent the relationships between the different perspectives.

We propose an integrated metadata model which links the metadata from the dif-
ferent perspectives of an information system. According to the classical separation in
database systems and our previous wirk [16], we classify the metadata of a resource in
the information grid into @onceptuallogical andphysicalperspective (see also figure
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Fig. 3. Overview of the Meta Model for Information Grids

— The conceptual perspective represents the semantical models of the information
grid, i.e. the ontologies. The objects in this perspective should be described us-
ing an existing standard such as OWL. Although the model allows the definition
of individual ontologies for each resource in the information grid, there has to be
an integrated ontology that unifies all ontologies of the information grid. This in-
tegrated ontology will be presented also to the user to enable the formulation of
gueries. Each data resource could extend this integrated ontology with resource-
specific concepts if necessary.

— The logical perspective models the structure of the data of the individual resources
of the information grid. As described in sectipn]2.2, the logical schema will be
defined as view on the conceptual schema. The horizontaldWikwOnbetween
Elementand Classrepresents this relationship and has also a link to the formal
definition of this view as annotated query.



— The physical perspective describes where the data is located and how it can be
accessed. This is done by specifying the type of service of the resource (e.g. SOAP,
OGSA-DAI [24], or ODBC). Again, the important information is represented by
the horizontal link to the logical perspective, which provides the information what
kind of schema is used in the result, and which arguments are required for a method
provided by the service.

— The objectResourcgoins the metadata of one data resource together.

The combination of metadata from different aspects has also been proposed in the
SWAP project[[B]. Broekstra et al. present a metadata model for peer-to-peer systems
that combines ontological structures with information needed for query processing.
However, their approach does not make a clear distinction between the different types
of metadata. It also includes some quality information of the peer, such as trust and
confidence. Other approaches for metadata management in grids focus mainly only the
logical and physical metadata of data resources (8lg.][6,19]).

4 Data Quality in Information Grids

In short, data quality can be defined as “fitness for usg’ [30]. This means that the qual-
ity of data cannot be measured without taking the usage context into account. This is
especially important in integrated information systems, in which data is used in many
different contexts with different quality requirements. The discrepance of the require-
ments for data sources and data warehouses is also a big hurdle in the design and im-
plementation of the data integration process in data warehouses and has lead to many
failures of data warehouse projects.

In the context of information grids, the consideration of data quality is also neces-
sary as the requirements that have been used to develop the data resources might be very
different from the requirements of a user of the information grid. Furthermore, the goal
of an information grid should be to deliver a query result as good as possible. Therefore,
we have to know how we can characterize a good result. Finally, the query processing
can be simplified if we can restrict the queries to data resources that the deliver the
required quality.

In the context of data warehouses, we proposed a quality nfadel [16] based on the
Goal-Question-Metric approach (GQMY]25]. The model is well suited for data ware-
houses, as it allows the administrators to monitor the system with respect to quality
goals of users. The main feature of the model is the separation between the quality goals
of users on the one hand, and the measurements of quality factors on the other hand.
This separation is motivated by the observation that we cannot measure the rather ab-
stract and high-level quality goals of users directly. Instead, we measure quality factors,
which represent some (quality) properties of an object in the data warehouse, such as
response time or number of system crashes in a month. To bridge the gap between qual-
ity goals and factors, the GQM-approach uses questions, which evaluate quality factors
and provide an evidence for the fulfillment of a quality goal. For example, a quality
goal like“Improve the availability of system Afould have questions lik&Vhat is the
response time for queries®¥r “How many crashes had the system last monthviich
could be answered by using the quality factors mentioned before.



The GQM-approach is especially useful for software quality management as the
step-by-step refinement from quality goals to measurements helps to identify quality
factors that should be measured for a system (we can not measure everything as the
measurements require also some effort).

However, in information grids, we do not have a central administrator who can take
care of quality goals of individual users, as the grid is a more open, more flexible,
and more dynamic system than a data warehouse. In this context, the main task of the
quality model is to deliver the quality values, which are required for the integration
methodology described in sectiph 2. Therefore, we propose a simplified quality model
in which the quality factors are the central component (see figure 4).
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Fig. 4. Meta Model to represent Quality Information

Quality Factorsrepresent measurements, executed by a sp&édasurement Method
that delivers @Quality Valueas result. Quality factors are related to a quality dimensions
that are classified by a hierarchical structure. They measure quality properties of some
Objectof the information grid, which can be either an object from the conceptual, logi-
cal, or physical perspective. Quality goals are defined by the user for annotated queries
that are used to query the system. As described in sddtion 2, the quality requirements
are specified by weighting the quality factors and the query predicates. In addition, we
need to know what kind of merging function can be used for a quality factor, if results
are joined from several resources. A merging function for the quality factor “response
time” could be MAX, as we can do the querying of the resources in parallel.

It is still possible to extend this quality model to the full GQM-model presented in
[@4], if goals and questions become more important, e.g. during the design phase of the
information grid, or if quality factors need to be identified.

5 Conclusion

Information grids are a new architecture for the integration of heterogeneous infor-
mation. Although they provide a flexible and powerful technological infrastructure, the
information integration in grids faces similar problems concerning semantical and struc-
tural heterogeneity as in data warehouses or the semantic web.



In this paper, we have proposed an integrated methodology for the quality-oriented
and metadata-driven integration in information grids. The approach is based on our
previous experience in the integration of information systems and adopts techniques
developed in the context of data warehouses to the information grid. In particular, we
have proposed a metadata framework for the management of metadata in an information
grid. Furthermore, we presented a quality model, which enables the representation of
quality goals and measurements in the information grid.

Future work will investigate the integration of a service-oriented view in this con-
text, going into the direction of semantic web servidds [4]. Delivering the result of a
query can be also seen as service provided by some web resource. We also plan a pro-
totypical implementation of the current methodology based on the OGSA-DAI frame-
work [24]. To enable an effective quality management, quality dimensions and factors
for information grids have to be defined, as we have done it in our previous work for
data warehouseg [I[6]27].
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