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Abstract. The quality of a data integration (DI) setting is difficult to
define and measure because of the range of factors that may have an
impact on it. These include the semantics of the application domains,
various users’ expectations and requirements, and the knowledge and
experiments of the data integrators. Each of these needs to be assessed
individually as well as collaboratively in their contribution to the over-
all quality of the DI setting. This paper proposes a set of DI quality
criteria with respect to various users’ requirements derived from other
research and from our interviews with data integrators. We also define
several methods for measuring such quality criteria and discuss how such
measurements could be used for measuring the overall quality of a DI
setting.

1 Introduction

In the context of heterogeneous Data Integration (DI), distributed in-
formation conforming to different data models can be accessed through
an integrated schema using mappings between this schema and the data
sources. A typical DI setting, involving a Global Schema (GS), the Lo-
cal Schemas (LSs) and Mappings (M) between the GS and the LSs, is
commonly considered in DI research.
Although many DI tools have been designed to assist integrators in DI
tasks such as similarity matching and mapping generation (semi-) auto-
matically, the quality of the integrated resources generated is still difficult
to determine and control. One of the reasons is due to the range of fac-
tors that may have an impact on the quality of the integrated resources,
including the semantics of the application domains, various users’ ex-
pectations and requirements, and the knowledge and experiments of the
data integrators.
Recently, some research has proposed methods for detecting the DI qual-
ity or the correctness of a DI setting directly or indirectly. [1] defined the
quality criteria of schema completeness, GS minimality and datatype
consistency, and proposed quality metrics for measuring such criteria. [2]
proposed methods of tracing instances in a data exchange setting in order
to detect the incorrect mappings manually. [3] also discussed work on the
correctness of mappings by measuring at the instance level. [4] discussed



the methods of transforming characteristics from data sources to the GS
as DI quality indicators. [5] proposed a solution of using user-feedback
as the users’ requirements and adjusting the DI setting accordingly dur-
ing the DI process. However, little research has clearly categorized and
identified quality definitions in the DI context and considered the users
and integrators as factors during the DI process. This is also the focus
of our research.

Our previous work proposed a DI quality assessment methodology that
consists of two aspects, a quality framework designed specifically for the
DI context and a DI architecture with quality assessment functions em-
bedded in its workflow of usage [6, 7]. In this paper, we propose methods
for defining and measuring the quality of the integrated resources. The
measurement methods that we propose are not exhaustive. They are in-
dicators of what is possible, and may be refined and extended in the
future, following validation with real-world case studies and users.

This paper is organized as follows. In Section 2, we define the context
of our quality assessment methodology. Section 3 defines quality factors
and proposes associated measurement methods for the completeness and
consistency quality criteria. In Section 3 we discuss briefly how, by us-
ing our quality framework with the results returned from the quality
measurements and our quality architecture, the quality of the DI set-
ting could be improved. Conclusions and further work are discussed in
Section 4.

2 The Context of Our Quality
Assessment

In this section, we set up the context for the presentation of our defini-
tions of quality factors in the next section. In general, the constructs of
any data modeling language may be classified as either extensional con-
structs or constraint constructs [8]. Extensional constructs of a schema S,
denoted by extensional(S), are the constructs that are populated with
data values from some value domain. There are three types of extensional
constructs proposed in [8]: nodal, linking and nodal-linking. Nodal con-
structs may be present in a model independent of any other constructs.
Linking constructs can only exist in a model when certain other nodal
constructs exist. Nodal-linking constructs are nodal constructs that can
only exist when certain other nodal construct exist, and that are linked to
these constructs. The constraint constructs, denoted by constraints(S),
represent restrictions on the extents of extensional constructs and are
not populated with data. In this paper, we consider that constraints are
queries on the extensional constructs returning a truth value, with the
constraint being valid if the query evaluates to true.

In our approach, we consider a DI setting to be a quadruple ⟨LSs, GS, M, Req⟩,
comprising a set of local schemas LSs, a global schema GS, a set of
mappings M and a set of users’ requirements Req. The set of local
schemas is also sometimes represented as {LS1, . . . , LSn} indicating n



local schemas. Mappings may be either local-as-view (LAV) or global-
as-view (GAV) [9]. Therefore, M = MGAV ∪MLAV , where MGAV is a
set of GAV mappings and MLAV is a set of LAV mappings. We leave
consideration of GLAV mappings [10] as future work.

– A GAV mapping, o← qLSs, derives a GS construct o with a conjunc-
tive query over the LSs, qLSs. In general, there may be a set of such
mappings for a construct o. We denote by sources(LSs, o) the set of
local schema constructs that appear in the RHSs of these mappings.
We denote by sourcescore(LSs, o) the subset of sources(LSs, o),
whose extents overlap with the extent of o. This is also called the
set of corresponding local schema constructs for o.

– A LAV mapping, o ← qGS , derives a local schema construct o
with a conjunctive query over the GS, qGS . In general, there is
only one such query for constructing a construct o. We denote by
sources(GS, o) the set of global schema constructs that appear in
the RHS of this mapping. We denote by sourcescore(GS, o) the sub-
set of sources(GS, o), whose extents overlap with the extent of o.
This is also called the set of corresponding global schema constructs
for o.

Req is a set of requirements defined by users, such as properties required
of query results. The format of requirements are discussed in more detail
in the next section.

We assume that there exists a domain ontology for the application do-
main targeted by the data sources being integrated, which allows discov-
ery of the real-world meanings of schema constructs in order to establish
semantic relationships between them. This is done by applying a match-
ing process. A schema construct is matched to an ontology concept in
the domain ontology if they are represented using the same terminology.
Relationships between these schema constructs can then be identified by
discovering the ontology relationships between schema constructs’ onto-
logical representations. Another way of discovering relationships between
the extensional schema constructs is by identifying the relationships be-
tween the extents of these constructs. This knowledge is the fundamental
element in some of our quality measurement methods. We also assume
that all schema-level information is known and can be accessed by the
integrators. This allows a detailed understanding of the schemas and the
application domain and allows our measurement methods to be applied
to the elements comprising a DI setting.

3 Quality Measurement Methods

In our previous research [6], we proposed five quality criteria in the con-
text of data integration: completeness, consistency, accuracy, minimality
and performance. Each quality criterion is categorized into different sub-
criteria and quality factors are also defined for each sub-criterion. The
completeness quality criterion considers the degree of coverage of infor-
mation in a DI setting. We categorize it into two sub-criteria: schema



completeness and query completeness. The consistency criterion consid-
ers the degree of satisfaction of the semantics of information represented
by a DI setting and is categorized into schema consistency, mapping con-
sistency and query consistency sub-criteria. The accuracy criterion con-
siders the degree of precision of information represented in a DI setting
and is categorized into schema, mapping and query accuracy sub-criteria.
The minimality criterion considers the degree of redundancy existing in
a DI setting. The performance criterion considers the cost of query pro-
cessing in a DI setting. The full definitions of these quality criteria can
be found in [6].

In our research, we consider information represented at three levels: ex-
tents, schema and concept level. For each quality factor, we will define it
using information represented in Schema−Concept or Extent−Schema.
Table 1 outlines our quality factors and the levels of information consid-
ered in defining such factors. In this paper, we focus on several quality
factors Fai and their associated measuring methods for the complete-
ness and consistency quality criteria, in Section 3.1 and 3.2, respectively.
Quality factors relating to query consistency sub-criterion are not in-
cluded in this paper due to the page limit. We leave the definitions of all
other quality criteria for future work.

Level Completeness Consistency Accuracy Minimality Performance

Schema−Concept Schema Fa2 Schema Fa5 Schema Schema

Extent−Schema Schema Fa1 Schema Fa4 Mapping Schema Query
Query Fa3 Mapping Fa6 Query Mapping

Query

Table 1. Summary of Our Quality Factors (Fai)

3.1 Completeness Criterion and Measurement

Schema Completeness In this subsection, we present the qual-
ity factors relating to the schema completeness sub-criteria, and mea-
surement methods for each.

FACTOR 1: Schema completeness is measured as the propor-
tion of information coverage by the GS via the mappings M
with respect to the information represented by the local schema
constructs.

The semantic connections between information represented in the LSs
and the GS are established by the mappings M . This quality factor
can be used to verify if the information provided by the LSs has been
used to the level specified by the users. One way of representing users’
requirements for this quality factor is by using a desired threshold. If
the completeness figure is lower than the threshold set by the users, that
means the information coverage of this DI setting is poor and the data
sources may not be used sufficiently.

Definition: In this context, we consider that the information represented
by the GS is given by the extensional schema constructs in the GS (ie.
we ignore the integrity constraints). The users’ requirements consist of
the users’ desired threshold, µ, where 0 < µ ≤ 1. We first define this
quality factor separately for the GAV and LAV integration approaches,



and then consider a combined GAV and LAV approach as supported by
the AutoMed DI system, for example [11].
If the GAV approach is used, this quality factor can be defined as the
number of extensional local schema constructs that have been used for
extracting information in the GS via the mappings M compared with
the total number of extensional local schema constructs. This can be
calculated in the following way:

1. For each extensional GS construct o ∈ extensional(GS), compute
the set of local schema constructs, sources(LSs, o), from which in-
formation is extracted for deriving o. This can be calculated by de-
tecting the local schema constructs appearing in the RHS of each
GAV mapping whose LHS is o.

2. Form the union of the sets sources(LSs, o) over all constructs o ∈
extensional(GS). This will return a set of distinct extensional local
schema constructs from which information is extracted for deriving
GS, which we denote by sources(LSs, GS).

3. The degree of completeness of this DI setting is then calculated
as |sources(LSs,GS)|∑n

i=1 |extensional(LSi)|
, where

∑n
i=1 |extensional(LSi)| is the sum

of the number of extensional local schema constructs over all local
schemas.

If the LAV approach is used, this quality factor can be defined as the
number of local schema constructs that are derived from the GS by
a LAV mapping compared with the total number of extensional local
schema constructs. This can be calculated in the following way:

1. Let LAV defined(LSs) denote the subset of local schema constructs,
o, such that there is a LAV mapping whose LHS is o.

2. The proportion of completeness of this DI setting is then calculated
as |LAV defined(LSs)|∑n

i=1 |extensional(LSi)|
.

If both GAV and LAV approaches have been used in the DI setting, this
quality factor can be measured using Formula 11.

completeness =
|sources(LSs, GS) ∪ LAV defined(LSs)|∑n

i=1 |extensional(LSi)|
(1)

FACTOR 2: Schema completeness is measured as the level of
coverage of local schema constructs that provide overlapping
but possibly partially complete information for the same global
schema constructs in a DI setting.
The extent of local schema constructs from the same or a different data
source may provide fully or partially overlapping information represented
in the same way or differently. By overlapping information, we mean local
schema constructs that represent the same concept in the domain ontol-
ogy. The information contained in the data sources may be partially
complete. One purpose of data integration is to reduce such incomplete-
ness by combining information from different data sources. This quality
factor can be used to verify that the information extracted by the map-
pings deriving the GS constructs covers sufficient breadth over the data
sources.

1 Note that duplicate schema constructs are eliminated by the union operation.



Definition: In this context, we consider that information represented
by the GS is given by the extensional schema constructs in the GS. The
users’ requirement is again a threshold µ, 0 < µ ≤ 1. We first define this
quality factor separately for the GAV and LAV integration approaches,
and then consider a combined GAV and LAV approach.
If the GAV approach is used, this quality factor can be defined as the
average level of coverage of information represented by the extensional
local schema constructs that relate to the same real-world concepts. For
each real-world concept represented in the LSs, the coverage of this
concept can be calculated as the number of local schema constructs in
sources(LSs, GS) compared with the total number of the local schema
constructs, where both of them represent this concept.
We denote by concepts(S) the set of real-world concepts represented by
the extensional constructs of a schema S. We denote by reduce(C) the
set of unique real-world concepts in C obtained by removing concepts
that are equivalent to or subsumed by other concepts.
The measurement of this quality factor is illustrated in Formula 2, where
extensional(LSs, c) is the set of extensional local schema constructs rep-
resenting the real-world concept c. sources(LSs, MGAV , c) is the set of
extensional local schema constructs representing the real-world concept
c, which appear in the RHSs of the GAV mappings.

completeness =

∑
c∈∪n

j=1concepts(LSj)

|sources(LSs, MGAV , c)|
|extensional(LSs, c)|

|
∪n

i=1 concepts(LSi)|
(2)

If the LAV approach is used, this quality factor can be defined as the
average level of coverage of information represented by the extensional
local schema constructs that relate to the same real-world concepts. For
each real-world concept represented in the LSs, the coverage of this
concept can be calculated as the number of local schema constructs that
appear in the LHSs of the LAV mappings, compared with the set of local
schema constructs, where schema constructs in both sets represent this
concept. This can be calculated using Formula 3.

completeness =

∑
c∈∪n

j=1concepts(LSj)

|LAV defined(LSs, c)|
|extensional(LSs, c)|

|
∪n

i=1 concepts(LSi)|
(3)

If both GAV and LAV approaches have been used in the DI setting, this
quality factor can be measured using Formula 4.

completeness =

∑
c∈∪n

j=1concepts(LSj)

|sources(LSs, MGAV , c) ∪ LAV defined(LSs, c)|
|extensional(LSs, c)|

|
∪n

i=1 concepts(LSi)|
(4)

Query Completeness In this subsection, we present the quality
factors relating to the query completeness sub-criteria, and measurement
methods for each.



FACTOR 3: The degree of query completeness is measured
as the level of satisfaction of users’ requirements relating to
the relationships between the information retrieved by pairs of
users’ queries in a DI setting.
As indicated in the interview with data integrators in [6] and some exist-
ing research [2, 3], queries have an important role in assessing the quality
of a DI setting as users can specify what data are expected to be returned
from a DI setting without having to fully enumerate the data: enumer-
ating such data may not be easy, especially from data sources containing
large volumes of data [12]. Some researchers have investigated detecting
inconsistencies of a DI setting by evaluating queries on the GS and ex-
amining the possible results returned from these queries with respect to
the constraints in the GS [13]. We adopt a similar approach, but our
purpose is to define and measure the completeness of a DI setting by
investigating the results returned from a set of users’ queries.
Definition: Given a DI setting ⟨LSs, GS, M, Req⟩, for this quality factor
Req is a set of individual requirements QLS,GS defining the expected
relationships between the results retrieved by pairs of users’ queries over
the LSs and GS. Each requirement is a triple ⟨qLSs, qGS , relationship⟩,
where qLSs is a user-defined query on a single local schema or across
many local schemas (on their union schema), qGS is a user-defined query
on the GS, and relationship is the users’ expected relationship between
the results returned from qLSs and from qGS . For the query completeness
criterion, we consider relationship ∈ {=,⊂,⊃}.
For both the GAV and LAV approaches, this quality factor is defined
as the average level of satisfaction of Req. For each QLS,GS

i ∈ QLS,GS ,
the level of satisfaction of QLS,GS

i is defined by calculating the level of
satisfaction of relationship, denoted by satisfy(QLS,GS

i ), with respect
to qLSs and reformulate(qGS), where reformulate(qGS) is the query or
queries on the local schemas created by reformulating qGS over the DI
setting using the mappings M . For the GAV and LAV approach, the mea-
surement method for this quality factor is the same, except that the refor-
mulation process in each case is different. For the relationships =, ⊂ and
⊃ in relationship, satisfy(QLS,GS

i ), where 0 ≤ satisfy(QLS,GS
i ) ≤ 1,

can be calculated by using Formula 5, Formula 6 and Formula 7 re-
spectively. This quality factor is then defined as the average level of
satisfy(QLS,GS

i ) for all QLS,GS
i ∈ QLS,GS .

satisfy(QLS,GS
i ) =

|ext(qLSs) ∩ ext(reformulate(qGS))|
|ext(qLSs) ∪ ext(reformulate(qGS))| (5)

satisfy(QLS,GS
i ) =

|ext(qLSs) ∩ ext(reformulate(qGS))|
|ext(qLSs)|

(6)

satisfy(QLS,GS
i ) =

|ext(qLSs) ∩ ext(reformulate(qGS))|
|ext(reformulate(qGS))| (7)

3.2 Consistency Criterion and Measurement
Schema Consistency In this subsection, we present the quality
factors relating to the schema consistency sub-criteria, and measurement
methods for each.



FACTOR 4: Schema consistency is measured as the number of
GS constructs whose definitions and associated constraints can
be applied to their corresponding local schema constructs, if
there exists one, compared with the total number of GS con-
structs.
In a DI setting, one or more LSs may be used for deriving the GS. The
LSs may be developed with minor or significant semantic differences. The
extraction of information from such schemas and production of consistent
information in the GS requires a suitable definition of the GS and the
mappings M by the data integrators. In this context, the definition of a
schema involves two aspects, the extensional schema construct definitions
and the constraint definitions.
Extensional construct definitions define the format of the extent of a
construct: its data type and any constraints on the extent of the construct
such as value ranges. In different local schemas, different definitions may
be given for schema constructs representing the same real-world concept.
Such definitions may not be consistent, in the sense that the extent of
one schema construct cannot be transformed into the extent of another
construct without loss of equivalence. This requires that the definitions
of the GS constructs are capable of representing the extents extracted
from such local schema constructs.
There may be constraints in the GS restricting the relationships between
information from different local schemas. Such constraints may not be
satisfiable, in the sense that there cannot exist extents extracted from
the local schemas that satisfy these constraints. In our research, we con-
sider subsumption, functional dependencies and cardinality constraints
because they can be fully validated [14].
Definition: Given a DI setting ⟨LSs, GS, M⟩, the schema consistency
criterion can be measured as the proportion of GS constructs whose
definitions and associated constraints can also be applied to the corre-
sponding local schema constructs without causing errors. This quality
factor can be calculated in the following steps:

1. For detecting the consistencies of the construct definitions, we need
first to identify the set of unique real-world concepts represented by
the global and local schema constructs, reduce(concepts(LSs∪GS)).
This can be done by applying the matching process using knowledge
from the domain ontology.

2. For each concept c ∈ reduce(concepts(LSs ∪ GS)), we need to cal-
culate the set of extensional local schema constructs representing
c whose definitions can be subsumed by the definition of the GS
construct representing c, consistent(sources(LSs, c).

3. This quality factor can then be calculated using Formula 8 for the
construct definition aspect.

consistency =

∑
c∈reduce(concepts(LSs∪GS))

|consistent(sources(LSs, c)|
|sources(LSs, c)|

|reduce(concepts(LSs ∪GS))|
(8)

1. For detecting the consistencies of the constraint definitions, we need
to first identify the set of constraints on the GS, constraints(GS).



We consider that a constraint on a schema S is a query over the
extensional constructs in S.

2. For each constraint o ∈ constraints(GS), we reformulate the query
comprising o and obtain a set of queries on the local schemas, reformulate(o).
For each query q ∈ reformulate(o) on the local schemas, if there is a
query representing the constraint in the same local schema, denoted
by q′, we need to detect to what degree the extent of q overlaps with
the extent of q′.

3. This quality factor can then be calculated using Formula 9 for the
constraint construct aspect.

consistency =
∑

o∈constraints(GS)

∑
q∈reformulate(o)

|ext(q) ∩ ext(q′)|
|ext(q′)|

|reformulate(o)| × |constraints(GS)|
(9)

FACTOR 5: Schema consistency can be measured as the pro-
portion of local schema constructs that satisfy their real-world
semantics and their corresponding GS constructs also satisfy
the same real-world semantics.
The information represented by the LSs may or may not be consistent
with their real-world semantics. In data integration, the local schema
constructs that provide such consistent information are important and
data integrators may want to maintain such consistencies in the GS if
these local schema constructs are also represented in the GS.
Definition: This quality factor is defined regardless of which integration
approach is used and can be measured as the number of extensional
local schema constructs that satisfy their real-world semantics and whose
corresponding GS constructs also satisfy the same real-world semantics
compared with the total number of local schema constructs.
This quality factor can be measured using Formula 10, where consist(extensional(LSs))
is the set of local schema constructs that is consistent with the definitions
of their corresponding real-world concepts. consist(sourcescore(GS, extensional(LSs))),
where consist(sourcescore(GS, extensional(LSs))) ⊆ consist(extensional(LSs)),
is the set of local schema constructs whose corresponding GS constructs
are also consistent with the definition of the same real-world concepts.

consistency =
|consist(sourcescore(GS, extensional(LSs)))|

|consist(extensional(LSs))| (10)

By ‘definition of the real-world concepts’, we mean here the datatype,
value range of the ontology concepts and constraints embedded in the
ontology relationships. This information can be captured from the do-
main ontology. We also need to capture the corresponding information
from the schemas, as the datatype and value ranges of the nodal and
the nodal-linking constructs, and the constraints over the nodal-linking
and linking constructs. In the former case, this is specified by the defi-
nitions of these constructs. In the latter case, it is detected by analyzing
the constraints associated with such schema constructs and the extents
of these constructs. In our approach, we consider equality, subsumption,
functional dependency and cardinality information.



Mapping Consistency In this subsection, we present the qual-
ity factors relating to the mapping consistency sub-criteria, and mea-
surement methods for each.

FACTOR 6: Mapping consistency can be measured as the pro-
portion of local schema constraints that are not violated by the
new constraints introduced by the mappings M .

Constraints on the local schemas contain important information as they
form restrictions on the extents of the extensional schema constructs.
When such information is extracted for deriving the GS, there is a risk
that the extents extracted from the LSs no longer comply with the local
schema constraints. For example, new constraints may be added via the
mappings M explicitly or implicitly. In the former case, new constraints
can be added to schemas using schema transformation primitives sup-
ported by the integration system, such as the addConstraint primitive
in AutoMed [8]. In the latter case, new constraints can be expressed in
the mapping queries, restricting the extents that are extracted from the
data sources. Constraints on the local schemas may also be modified or
deleted. We consider that adding new constraints may cause inconsis-
tencies between the information extracted for the GS compared with the
information stored in the data sources. We consider modifying or delet-
ing constraints as one of the factors in the accuracy criterion and this
will be investigated in our future work.

Definition: If the GAV approach is used, this quality factor can be
measured as the proportion of local schema constructs that satisfy both
the queries representing the constraints on the LSs and also the queries
introducing new constraints. This can be calculated using Formula 11,
where constraints(LSs) is the set of local schema constraints, qo is the
query forming the local schema constraint o, and qs is the set of queries
introducing new constraints in mappings relating to schema constructs
referenced in qo. evaluate(qo, qs) is assigned 1 if both qo and each member
of qs evaluate to true, in the sense that all extents which satisfy all
members of qs also satisfy qo. Otherwise, evaluate(qo, qs) is assigned 0.

consistency =
∑

o∈constraints(LSs)

evaluate(qo, qs)

|constraints(LSs)| (11)

If the LAV approach is used, this quality factor can be measured as the
proportion of queries representing constraints on the LSs that can be
reformulated as queries on the GS and still evaluate to true, compared
with the number of constraints on the LSs. This can be calculated us-
ing Formula 12, where evaluate(qo, reformulate(qo, MLAV )) is assigned
1 if both qo and reformulate(qo, MLAV ) evaluate to true. Otherwise,
evaluate(reformulate(qo, MLAV )) is assigned 0.

consistency =
∑

o∈constraints(LSs)

evaluate(qo, reformulate(qo, MLAV ))

|constraints(LSs)|
(12)

If both the GAV and LAV approaches have been used in the DI setting,
this quality factor can be measured using Formula 13.



consistency =
∑

o∈constraints(LSs)

evaluate(qo, qs) + evaluate(qo, reformulate(qo, MLAV ))

2× |constraints(LSs)|
(13)

3.3 Discussion

To illustrate the use of the quality factors and measures we have pre-
sented above, assume we are integrating three databases relating to the
university domain. Database 1 contains general information about degree
programmes and staff. Database 2 contains detailed information for un-
dergraduate students and also for postgraduate students who are taking
some undergraduate courses. Database 3 contains detailed information
relating to students enrolled on postgraduate programmes. In this DI
setting, a first version of the global schema is created representing com-
bined information from such data sources, and the relevant GAV and/or
LAV mappings are also defined. By applying each quality measurement
proposed in this section over this DI setting, we can identify, for each
quality factor, a set of elements in the DI setting that satisfy this factor
and a set of elements that do not. Such elements may be in the cate-
gories of: data items, schema constructs, assertions or mappings [6], and
are stored as the extents of the corresponding concepts in our quality
framework [6].
In this scenario, a user may make a broader requirement over our qual-
ity framework that all elements that are complete must also be con-
sistent with their real-world semantics. This requirement can be inter-
preted as that the set of elements satisfying the completeness quality
criterion should be disjoint from the set of elements that do not satisfy
the consistency quality factors defined using information represented at
the Schema−Concept level. Encoding the quality hierarchy of our quality
framework and the user’s requirement as the TBOX in a description logic
[15], this requirement can be expressed as a set of rules stating that, for
each quality factor defined for the completeness quality criterion (Fac-
tors 1-3 earlier), the set of elements satisfying this quality factor should
be disjoint from the set of elements that are inconsistent with respect
to their real-world concepts (defined in Factor 5). For each member in
the set of elements satisfying each completeness-related quality factor,
ABOX reasoning can be applied to discover if all the above rules can
be satisfied. If so, we can infer that this DI setting satisfies this user’s
requirement. If not, we need to modify the global schema and the map-
pings and reapply the quality assessment process. This process continues
iteratively until a satisfactory level of quality has been achieved (we refer
the reader to [6, 7] for details).

4 Conclusion

In this paper, we have defined various quality factors for the completeness
and consistency criteria and proposed one or more measuring methods



for each of them. A range of factors that may have an impact on the DI
quality have been considered in the definitions of our DI quality factors
and measurements. We have also briefly discussed the usage of the re-
sults from our quality factors together with the quality framework and
architecture proposed in our previous work [6, 7].
For future work, we will investigate the quality factors relating to the ac-
curacy and minimality quality criteria defined in [6] and their associated
measuring methods. We will also investigate how our quality framework
can support identifying schema constructs that cause inconsistency in
the quality framework by using ontology reasoners, and what types of
constraints can be expressed between quality criteria and factors in order
to express users’ requirements. We will also evaluate our measurement
methods and metrics with real-world case studies and users.
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