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Abstract

This paper addresses the data integration problem:
there exists a collection of autonomous heterogeneous
information sources that need to be integrated; users
want to be able to query the collection transparently
and to get a single, unambiguous answer. The sources
may conflict with each other on three levels: their
schemas, data representation, or data themselves. One
has to resolve the conflicts that may arise during the
integration to get the single answer to a query. Most of
the approaches in this area of research resolve incon-
sistencies among different schemas and data represen-
tations, and ignore the possibility of data value-level
conflict altogether. The few that do acknowledge its
existence are mostly probabilistic approaches which
just detect the conflict and provide a user with some
additional information on the nature of the inconsis-
tency (e.g. give a set of conflicting values with at-
tached probabilities). We propose an extension to the
relational data model that makes use of meta-data of
the information sources called properties. This exten-
sion gives ground to a flexible data integration tech-
nique described in this paper that consists of three
phases: (1) query result construction, (2) data con-
flict detection and (3) data conflict resolution. An
improvement to data clustering techniques in the con-
flict detection phase is presented in the paper. It uses
another type of meta-data available from the sources
(source descriptions in terms of the virtual database
schema) to narrow down the areas of possible data
conflicts. For the last phase, a flexible data-level con-
flict resolution algorithm is offered, which incorporates
both content- and property-based approaches. The al-
gorithm is guided by user-defined priorities of proper-
ties and by domain-based resolution strategies.

Keywords: data integration, heterogeneous au-
tonomous sources, source properties, meta-data, in-
consistency.

1 Introduction and Related Work

This paper addresses the data integration problem:
there exists a collection of heterogeneous information

sources that need to be integrated; users want to be
able to query the collection transparently and to get a
single, unambiguous answer. The sources may conflict
with each other on different levels:

• Schema, i.e. different data models or different
schemas within the same data model.

• Data representation, e.g. data in different lan-
guages, measurement systems etc.

• Data value, i.e. there is a factual discrepancy
between several sources in the values for the
same object.

Note that at each level a conflict can be recognized
only when the previous level conflict is resolved.

Numerous approaches exist that re-
solve the schema inconsistencies among heterogeneous
databases by enumerating all possible translations of
a user query into a query over the source descriptions.
The most optimal translation (either by the retrieval
cost or the number of the participating sources) is
chosen and materialized as an answer to the original
query. To perform such translation, one needs to map
attributes in the schemas of local (being integrated)
databases into the global schema attributes. This is
not a trivial task, since the corresponding attributes
may have different names, the possible mappings are
not always one to one and can often be created only
with a limited accuracy. For example, the system de-
scribed in [2] resolves schema heterogeneity by use of
semantic similarity. It has a knowledge base for each
particular domain it is modeling, which is essentially
a graph with terms as nodes and fuzzy binary rela-
tionships as edges. Each term is matched to a span-
ning tree in this graph (strongest possible in terms of
degree of “fuzziness”). Then the resulting trees are
unified (merged together) allowing for translating of a
set of terms into another set of terms in the knowledge
base.

A good number of approaches also deal with differ-
ent data representations in information sources. For
example, [8] defines a concept of Semantic Interop-
erability Service (SIS) in a distributed object man-
agement environment. SIS consists of several func-
tional components: argument describers, conversion



functions and a planner. Data representation inconsis-
tences are resolved by attaching additional properties
to the integrating sources: currency to perform cur-
rency conversion, distance unit for conversion of mea-
surement units etc.

Several approaches try to resolve the data-level
conflicts using probabilistic information. For example,
[9] uses partial values to represent uncertainty of the
information. A partial value is a set of values, where
each value in the set is assigned a probability of being
the correct value. Selection and join operations are
extended for use with this model. They discard tu-
ples which, with certain probability threshold, do not
satisfy the query conditions. [5] employs Dempster-
Shafer theory of evidence to incorporate uncertainty
in the source databases. Unlike [9], this approach al-
lows assignment of properties not only to individual
values in the attribute value set, but to subsets of val-
ues as well. An extention to the relational model and
relational operations is proposed. The approach uses
an extended closed world assumption.

However, some important data-level conflict reso-
lution problems have not been addressed by the afore-
mentioned works:

• Probability-based inconsistency resolution is
only partial: instead of a single answer, a set
of values with attached probabilities is given.

• Many of the approaches assume that there is no
inconsistency present, just uncertainty.

• Probabilistic information has to be attached to
every datum in an information source and there-
fore is relatively rare, especially for web-based
sources.

• Users cannot influence the resolution process to
get the answer with the highest quality (where
“quality” is defined according to the user).

With the growth of the Internet, a large number
of data sources emerged that compete with each other
trying to win a larger customer base. Increasingly,
these data sources provide a potential user with some
meta-data in form of the detailed source descriptions,
which allows users to make judgement about relevance
of a particular information source to the user’s goals.
The examples of such meta-data called source proper-
ties include the following:

• Timestamp: time of the source creation.
• Cost: either retrieval cost or amount of money

paid for the information access.

• Clearance: clearance level needed to access the
source.

• Accuracy: if some probabilistic information is
present.

• Authority: source preferences supplied by the
user or a group of experts.

• Etc.
Note: We assume that every datum in the source

inherits the properties of the source.
In this paper we extend the classic relational model

and the notion of a database query to include proper-
ties of the information sources. This extension gives

ground to a flexible data integration technique that
consists of three phases: query result construction
from query fragments, data conflict detection and data
conflict resolution. An improvement to known data
clustering techniques in the data conflict detection
phase is presented, which uses another type of meta-
data available from the sources to narrow down the
areas of possible data conflicts. For the data con-
flict resolution phase, a flexible algorithm is offered,
which incorporates both content- and property-based
approaches. The algorithm is guided by user-defined
priorities of properties and by domain-based resolu-
tion strategies.

2 Extended Relational Model1

2.1 Properties and Databases

A property consists of a property name, such as times-
tamp, cost, priority etc., and a numeric property value.
We assume that all properties are normalized: each
property value is a number in the interval [0, 1], where
the “worst” property value is mapped to 0, and the
“best” — to 1.2

Let R1, . . . , RN be relation schemes, and r1, . . . ,
rN – the corresponding relation instances. Each rela-
tion schema Ri is defined as a set {A1, . . . , Am, P1,
. . . , Pn}, where {A1, . . . , Am} is a set of the rela-
tion attribute names, and {P1, . . . , Pn} is a set of
property names. Each relation instance is defined as
a set of tuples t = {a1, . . . , am, p1, . . . , pn}, where
ai ∈ dom(Ai) and pi ∈ dom(Pi). Then (D, d) is a
relational database, where D = {R1, . . . , RN}, and d
= {r1, . . . , rN}.

2.2 Extended Relational Algebra Operations

The following extended relational algebra operations
are introduced:

• Extended selection σφ(R) := {(a, p)|(a, p) ∈
R ∧ φ(a) = true}

• Extended projection
πAj1 ,...,Ajk

(R) := πAj1 ,...,Ajk
,P1,...,Pn(R)

• Property selection ωψ(R) := {(a, p)|(a, p) ∈
R ∧ ψ(p) = true}. Selection condition ψ is a
conjunct of atomic boolean expressions.

• Extended Cartesian product R1×R2 :=
{(a1, a2, p1, . . . , ps)|(ai, pi1, . . . , pis) ∈ Ri ∧ pj =
min2

i=1(pij)}. The minimum of two properties
with the same name is taken as the resulting
property value. Note that null property values
are ignored by min.

• Extended union R1∪R2 := R1 ∪ R2, where
R1 and R2 are union-compatible relations.

1The model described in this section is an extention of a multi-
database model in [6].

2I.e. zero cost is assumed to be equal to 1, as well as a most
recent time-stamp.



• Extended intersection R1∩R2 := R1 ∩ R2,
whereR1 andR2 are union-compatible relations.

• Conflict resolution resolvew1,...,ws(R) :=
{(a, p1, . . . , ps)|(a, p1, . . . , ps) ∈ Rres}. Rres is
R with all data value-level conflicts resolved ac-
cording to weights wi of pi. The conflict reso-
lution algorithm will be explained in detail in
further sections.

The extended relational algebra operations can be
combined to form the extended relational algebra
expressions. For simplicity, the line over the rela-
tional operation symbols throughout the paper will
be omited (i.e. σ will be useed instead of σ etc.).

2.3 Views and Queries

A view of D is an extended relational algebra expres-
sion that defines

1. A new relation schema V called view schema.
2. For any instance d of D — an instance v of V

called the extension of V in the database in-
stance d.

A query Q on a database schema D is a view of D.
The extension of Q in a database instance d of schema
D is called the answer to Q in the database instance
d.

Note that the above definitions allow for nulls in re-
lation instances. This requires appropriate extensions
to the model to determine the results of comparisons
that involve nulls. Codd’s three-valued logic ([1]) can
be adopted for that purpose, in which comparisons
that involve nulls evaluate to the value maybe.

2.4 View Equivalence and Schema Mappings

Consider a database (D, d). Let D′ be a database
schema whose relation schemas are defined as views
of the relation schemas of D. The database schema
D′ is said to be derived from the database schema D.
Let d′ be the database instance of D′ which is the
extension of the views D′ in the database instance d.
The database instance d′ is said to be derived from the
database instance d. Altogether, the database (D′, d′)
is a derivative of the database (D, d).

Let (D1, d1) and (D2, d2) be two derivatives of a
database (D, d). A view V1 of D1 and a view V2 of
D2 are equivalent, if for every instance d of D the
extension of V1 in d1 and the extension of V2 in d2
are identical. Intuitively, view equivalence allows to
substitute the answer to one query for an answer to
another query, although these are different queries on
different schemas. A schema mapping (D1, D2) is a
collection of m pairs (Vi1, Vi2), where for any i = 1,
. . . , m V1i is a view of D1, Vi2 is a view of D2 and Vi1
is equivalent to Vi2.

2.5 Virtual Multidatabase

Assume that there exists a hypothetical database (D∗,
d∗) that represents the real world, and the schema
and instance of this ideal database are perfectly cor-
rect. Assume a global schema D and a collection

(D1, d1), . . . , (Dn, dn) of local databases such that the
schemas D and D1, . . . , Dn are derivatives of the real-
world schema D∗, but the instances d1, . . . , dn are
not necessarily derivatives of the real-world instance
d∗. Therefore, we assume that all differences among
database schemas D1, . . . , Dn are reconcilable, but we
allow for the possibility of irreconcilable differences
among the database instances d1, . . . , dn.

A virtual multidatabase is:

1. A global schema D.3

2. A collection (D1, d1), . . . , (Dn, dn) of local
databases.

3. A global schema mapping M = ∪ni=1(D,Di).

The above definition of a multidatabase provides
a framework for integration of heterogeneous informa-
tion sources. The first item defines the integrating
schema of a multidatabase, the second item defines
the local information sources being integrated, and the
third item defines a mapping from the global schema
to the schemas of the sources. For illustration pur-
poses, we will view pairs in M as triplets (V , URL,
P ), where V is a view on the global schema, URL de-
scribes an equivalent to V view on a local source and
provides means for retrieval of the view instance, and
P is a set of properties associated with URL.4 We
also assume that there exists a global property set P ,
such that the set of all its property names is a union
of all the property names in M . Each property set P
in M is enhanced to P by adding nulls in place of the
values of the properties that are not in P . From now
on, we will use this extension instead of the original
property sets.

2.6 Contributions and Query Fragments

Each triplet (V , URL, P ) in the schema mapping rep-
resents a contribution of the corresponding informa-
tion source to the system. However, depending on the
user query, only parts of the possible contributions
may be needed to create the query answer, or some
parts of the answer may not be found in the avail-
able contributions. Therefore, for each of the contri-
butions, we need to derive from it a unit of information
suitable for populating the query answer. The units
are termed query fragments.

Formally, we define a query fragment derived from
a contribution C = (V , URL, P ) as follows:

1. Let Q = πAj1 ,...,Ajs
δψσφ(Ri1 × . . .×Rik) be the

user query.

2. Denote Y = {Aj1 , . . . , Ajs} \ V (set difference
between the two schemas).

3. Let y be an instance of Y , which has a single
tuple tnull composed entirely of null values.

4. A query fragment derived from C (denoted
QC) is a view definition whose schema is

3There is no global instance, therefore the multidatabase is
virtual.

4Recall our assumption that the property set of the entire source
is the same as for every datum in the source.



{Aj1 , . . . , Ajs} × P , and for every instance
v of V , instance of QC denoted qC is
δψσφ(πAj1 ,...,Ajs

(v)×y × p). Here v is a mate-
rialization of V from URL, and p is a set of
values of properties from P .

Simply put, to obtain a query fragment from a con-
tribution C we remove all the attributes of C that are
not included in the query and add null values for the
query attributes not present in C.5 Figure 1 illustrates
construction of query fragments from two contribu-
tions: C1 = (V1, URL1, P1) and C2 = (V2, URL2,
P2).

Figure 1: Constructing query Q fragments from con-
tributions C1 and C2

Example. Assume the following.

• R = (A, B, C, D, timestamp, cost, priority).

• Q=δtimestamp>0.5σC<10πA,B,DR.

• V = σB>0πA,B,CR.

• P = (timestamp, cost, priority).

• URL =“http://site.com/retrieve.cgi?ID=517”.

• C = (V , URL, P ). p = (0.7, 0.8, 1).

v =

A B C
1 2 7
2 2 11
3 4 4

Then

qC =
A B D timestamp cost priority
1 2 null 0.7 0.8 1
3 4 null 0.7 0.8 1

We term the union of all non-empty query frag-
ments as multi-instance of the query. Note that
from a user perspective, a query against the global
database is supposed to return single consistent an-
swer. Therefore, all possible data value-level inconsis-
tencies within the multi-instance must be resolved by
applying the resolve operation described in the fol-
lowing sections.

5Note that the selection criteria of qC can contain attributes not
from Q

According to the above definitions, each query
fragment QC is a function over a view V in terms
of the global relations, where C = (V , URL, P ) is a
contribution from which QC was derived. In turn, the
initial query Q in terms of the global relations is trans-
lated into a function over the available query frag-
ments QC1 , . . . , QCk

: Q = resolvew1,...,ws(∪ki=1QCi).
Therefore, Q is eventually translated into a query over
the views in terms of the global relations.

3 Data Value-level Inconsistency
Detection

We say that data value-level inconsistency exists
when two or more objects (or tuples in relation model)
coming from different information sources are iden-
tified as versions of each other (i.e. they represent
the same real-world object) and some of the values of
their corresponding attributes differ.6 The above def-
inition leads us to two logical steps required for data
integration process: data inconsistency detection and
resolution.

3.1 Tuple Identification: Keys vs. Clustering

As a first phase of the data inconsistency detection,
tuples that are versions of each other need to be iden-
tified. The obvious approach for tuple identification
would be to use keys of the global relations. Then, to
find all tuples in the multi-instance that are versions
of each other, we could construct the key of the user
query and group the multi-instance based on it.

Unfortunately, such an approach is not always pos-
sible: key attributes may not be available from the
existing contributions, or their values can be not reli-
able enough for identifying tuples. In that case we are
forced to use an alternative approach based on tuple
similarity measure [4, 7, 5]. The more similar two tu-
ples are, the higher probability of them being versions
of each other. Then, based on the tuple similarity
measure and a certain threshold, we could cluster the
versions from all the query fragments together.

3.2 Determining the Possible Areas of Incon-
sistency

Numerous clustering techniques exist (for example,
[3]), and exact details of clustering is not within the
scope of this paper. However, these techniques can be
considerably improved upon in the presence of addi-
tional constraining information: selection conditions
associated with the query fragments.

By examining the selection conditions, the multi-
instance can be partitioned before the clustering takes
place, resulting in clustering being applied within the
partition subsets only. Hence, we guarantee a higher
level of clustering accuracy (note that any clustering is
subject to some inaccuracy). Additionally, clustering
that conforms to a partition is more efficient, since
clustering a set of n tuples is more computationally

6Note that such identification is only possible when both schema
inconsistency and data representation differences are resolved.



expensive than clustering k subsets of cardinality ni
(Σki=1ni = n).

Example. Let q1, q2 be two fragments of the
query Q, and φ1, φ2 — their corresponding selection
conditions. These two fragments divide Q into three
mutually exclusive slices, which are defined by apply-
ing the following predicates to each of the fragments:

ψ1 : φ1 ∧ φ2

ψ2 : φ1 ∧ ¬φ2

ψ3 : ¬φ1 ∧ φ2

Obviously, only q1 could contribute tuples to the
slice defined by ψ2, and only q2 could contribute tuples
to the slice defined by ψ3. However, if the selection
conditions are not contradictory, i.e., φ1 ∧ φ2 �= false
(three valued logic is used), then both fragments could
contribute tuples to the slice defined by ψ1. Hence, the
possibility of two versions of the same tuple appear-
ing together exists only in this slice. In this example
of two contributions, each resulting slice is associated
with either one or two sets of tuples. Note that in gen-
eral case for N information sources there are 2N − 1
slices defined by ψj , but some of the ψj predicates may
evaluate to false, in which case the corresponding sets
of tuples will be empty.

Whichever mechanism is used for tuple identifica-
tion, it is done within single slice. We call the result-
ing clusters multi-tuples. Each of them contains tuples
that (with certain precision) are versions of each other.

4 Inconsistency Resolution

4.1 Resolution Strategies

A decision on the resolution of inconsistencies among
different versions of tuples can be made either based
on the properties of the versions, or their content.

Ideally, a conflict resolution strategy should be
provided whenever a possibility of data inconsistency
is present. However, as we showed previously, given n
different data sources we could have as many as 2n−1
possible areas of conflict. Trying to provide a sepa-
rate resolution strategy for every one of them would
be quite inefficient. Instead, we define one strategy
per each global domain.7

Each resolution strategy is defined by a sequence
of aggregate functions, which begins with multi-valued
functions that do not guarantee single value as their
result — such as minimum or maximum, and ends
with a single-valued function: average or random.
The functions can operate either on the conflicting
attribute values (then the strategy is called content-
based) or on their corresponding properties (then the
strategy is called property-based). Most general in-
consistency resolution strategies should intermix func-
tions operating on attributes and properties. A reso-
lution statement defining resolution strategy is given
below.

7We assume that all the comparisons within user queries are
between attributes of the same domain

for Ai1 , . . . , Aim
[choose f1(E1), ..., fn(En)] — optional clause
fuse by g

Ai1 , . . . , Aim are global attribute names that be-
long to the same domain. Each of Ei is either empty
(and therefore indicates a content-based operation) or
one of the property names in the global property set.
f1, ..., fn are multi-valued aggregation functions,8 and
g is a single-valued content-based aggregation func-
tion. A resolution statement is necessary for every
global attribute and may be supplied by the system
or defined by user at run-time.

An application of a resolution strategy is a two
phase process. In the first phase, multi-valued func-
tions are applied to the conflicting attribute values.
We term it elimination phase. However, this appli-
cation can still result in multiple values (e.g. several
attribute values can have the maximal timestamp).
During the second, fusion phase, single attribute value
is constructed by “fusing” together all the attribute
values that “survived” elimination phase.

An application of a conflict resolution strategy may
result in different property values for each attribute
value in a resolved tuple. Similar to the conflicting
attribute values, their corresponding property values
also have to be fused. For the property fusion we
adopt the conservative approach, i.e. minimum of the
participating property values is taken as a result. Note
that property fusion depends on the attribute fusion:
if one of the conflicting attributes is eliminated, then
property values of this attribute value do not partici-
pate in the property fusion.

For each property the extended data model man-
dates single property value per tuple. Therefore, prop-
erty values of different attributes within resolved tu-
ple are also fused by taking minimum of the values,
based on the following. Let a, b be the resolved at-
tribute values, and {p(a)1, p(a)2, p(a)3}, {p(b)1, p(b)2,
p(b)3} — their corresponding properties. Then the re-
solved tuple (a, b, p1, p2, p3) = (a, p(a)1, p(a)2, p(a)3)
× (b, p(b)1, p(b)2, p(b)3) = (a, b, min(p(a)1, p(b)1),
min(p(a)2, p(b)2), min(p(a)3, p(b)3)) according to the
definition of the extended Cartesian product.

The resolution process is done for every multi-
tuple, resulting in single resolved tuple. Union of
the resolved tuples is then presented to the user as
a single-valued query answer.

Example. Let Q = δpriority>0.8 σPosition=′Mgr′

πName,Age,Salary(Employees) be the user query. Let
the resolution statements in effect be:

for Name choose min(timestamp)
fuse by random

for Age choose min()
fuse by average

for Salary choose max(cost)
fuse by random

Let the following be the multi-tuple t to be re-
solved:

8Applied in order they are written in



Name Age Salary timestamp cost priority
Smithson 35 77000 0.8 0.2 1
Smith 38 null 0.7 0.5 null
Schmidt 35 75000 0.7 0.8 1

Then the resolved tuple t is
Name Age Salary timestamp cost priority
Schmidt 35 75000 0.7 0.2 1

Here, minimum timestamp yields property vector
{0.7, 0.5, 1}, minimum age — {0.7, 0.2, 1}, and max-
imum salary — {0.8, 0.2, 1}. The resulting property
vector is {0.7, 0.2, 1}.

4.2 Resolution Algorithm

To formalize the methodology described above we pro-
pose the following algorithm for resolving data incon-
sistencies:

1. Within each multi-tuple, tuple versions that do
not satisfy the user query are discarded.9

2. Each property name is assigned a weight wi.

3. An acceptability margin b (a number between 0
and 1) is defined.

4. For each of the remaining tuple versions
tj an objective function fobj is constructed:
fobjj = Σmi=1wi ∗ pi

5. Tuple versions in a multi-tuple are ranked based
on the value of the objective function.

6. Tuple versions with an objective function value
less then (1 − b) ∗ maxj(fobjj ) are discarded in
each multi-tuple.

7. According to the inconsistency resolution state-
ment in effect, different non-null10 values of ev-
ery attribute in the multi-tuple are fused to-
gether, resulting in a single value.

8. Consistent with the same statement, different
values of every property in the multi-tuple are
fused together, resulting in a single property
value.11 If a conservative approach is chosen,
the value is calculated as the minimum of the
participating property values.

5 Conclusion

This paper addresses the data integration problem
from a new perspective. Unlike most of the approaches
in this area of research, we acknowledge the existence
of inconsistencies not just among different schemas or

9Again, three-valued logic is employed. A tuple is discarded if
the selection criteria evaluates to false on the tuple

10If all attribute values are nulls then the fusion value is set to
null.

11If all attribute values are nulls then each fusion property value
is set to the minimum of all the corresponding non-null property
values

data representations, but data themselves. An exten-
sion to the relational data model is proposed, making
use of meta-data called properties of the information
sources.

We presented a process of data integration which
consists of three phases: (1) construction of the data
blocks such that their extended union constitutes the
query answer, (2) data conflict detection and (3) data
conflict resolution. In the conflict detection phase a
clustering technique is used for identification of con-
flicting objects. We showed that the technique can be
improved considerably by constraining the clustering
to smaller areas of possible conflict, which are detected
by using another type of meta-data available from the
sources: source descriptions in terms of the virtual
database schema. For the data resolution phase, we
offered a flexible conflict resolution algorithm, which
uses both content and properties of the information
sources for inconsistency resolution. The algorithm is
guided by user-defined priorities of properties and by
domain-based resolution strategies.

Possible directions for further research include
dealing with sources with heterogeneous properties
(different properties for the different source parts), au-
tomatic discovery of relevant sources for integration
into the virtual database, and automatic generation
of the conflict resolution strategies according to the
particular properties being used.
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