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ABSTRACT
Researchers in the data mining area frequently have to spend
significant portion of their time on preprocessing the data in
order to apply their algorithms to real-world datasets. Many
real-world datasets are not perfect: they contain missing, er-
roneous, duplicate data and other problems. It is a well es-
tablished fact that, in general, if such problems with data are
not corrected, applying data mining algorithm can lead to
wrong results (“garbage in, garbage out” principle). There-
fore data cleaning techniques should be applied in-advance
to the data to ensure high quality of the results.

In this paper we address a data cleaning challenge called
object consolidation. This challenge arises because often
objects in datasets are represented via descriptions (a set
of instantiated attributes) which alone might not always
uniquely identify the object. The goal of object consolida-
tion is to correctly consolidate (i.e., to group/determine) all
the representations of the same object, for each object in the
dataset. In contrast to traditional techniques, our approach
analyze not only object features but also inter-objects re-
lationships for object consolidation. Our experiments over
real datasets show that analyzing relationships significantly
improves the quality of the result.

Categories and Subject Descriptors
H.2.m [Database Management]: Miscellaneous – Data
cleaning;
H.2.8 [Database Management]: Database Applications –
Data mining;
H.2.5 [Information Systems]: Heterogeneous Databases;
H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval

Keywords
Relationship-based data cleaning, record linkage, similarity
retrieval

1. INTRODUCTION
Nowadays data mining techniques are widely used to analyze
data for scientific applications and business decision making.
To build proper models and compute accurate results it is
important that datasets being analyzed are accurately rep-
resented and interpreted. Many real-world datasets however
are not perfect, they frequently contain various data clean-
ing issues such as incomplete, erroneous and duplicate data
which need to be addressed before data mining techniques
can be applied. As a result data mining practitioners and
companies frequently spend significant effort on preprocess-
ing of data to address cleaning issues that exist in their
datasets to ensure high quality of the results.

In this paper we address one common data cleaning chal-
lenge known as object consolidation [28, 10, 31, 34]. It
arises most frequently when the dataset being processed is
constructed by merging various data sources into a single
unified database, such as by crawling the web. In many
real-world datasets objects/entities are not represented by
unique identifiers, instead an object is represented by a de-
scription (a set of instantiated attributes), used in a certain
context, which may lead to ambiguity. An object might have
multiple different representations in the dataset and also an
object representation, in general, might match the descrip-
tion of multiple objects instead of one. The goal of object
consolidation is to correctly group all the representations
that refer to the same object.

For example, consider a database that contains information
about two people: ‘John A. Smith’ and ‘John B. Smith’.
Firstly, entity ‘John A. Smith’ might have multiple repre-
sentations throughout the dataset: e.g., ‘John Smith’, ‘J.
Smith’ ‘John Smiith’ (a misspelled representation). Sec-
ondly, representation ‘J. Smith’ can refer to both ‘John A.’
and ‘John B.’ Smith, so one representation matches the de-
scriptions of multiple entities. Finally, the fact that there are
only two ‘John Smith”s in the dataset might not be known
in general. Thus, for this example the goal is to determine
that all ‘John Smith’ representations should be clustered
into two groups and then assign them to groups such that
all representations for ‘John A. Smith’ are in one group and
for ‘John B. Smith’ in the other. Sometimes it is possible to
infer more attributes/information from the context in which
representations appear. For example, for ‘J. Smith’ used
in a specific context it might be known that the mentioned
‘J. Smith’ works at MIT. This context information can be
potentially used to consolidate representations better.
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Let us use an example to demonstrate the implication of ap-
plying data analysis techniques on datasets where the object
consolidation problem is not resolved correctly. Consider the
task of computing author impact in a citation network us-
ing a simple citation-count statistic. That is, the task might
be to compute the impact of ‘John A. Smith’ by counting
the number of citations of his publications. This simple task
might be more difficult that it seems because of the problem
with representations identified above. Notice, even though
the representations appear in some context, the information
about the object available from the context might be of a
limited nature which makes the object consolidation task
challenging. For instance, the only direct information avail-
able about the authors, for some of the publications, might
be only their first initials and last names. Because of such
problems with representations, some of the papers written
by ‘John A. Smith’ might be wrongfully assigned to other
authors and some of the papers written by other authors
might be assigned to ‘John A. Smith’. Also there are exist-
ing techniques that are known to group multiple people with
common names into one “high-impact” person thus lowering
the relative stand of authors with rare names. As a result,
the impact of ‘John A. Smith’ computed on such a dataset
can be far from the reality even though a very basic analysis
technique is employed to compute it.

While the object consolidation problem exists in different
domains, in this paper we will often use citation networks
like in the example above to illustrate our domain-independent
approach.

The problem of object consolidation is related to the prob-
lem of record deduplication or record linkage [32, 12, 16, 1,
27] that often arises when multiple tables (from different
data sources) are merged to create a single database. The
causes of record linkage are similar, i.e. differences in rep-
resentation of objects across different datasets, entry errors,
etc. The difference between the two problems is that while
record linkage deals with records in a table, object consoli-
dation deals with entities/objects – a semantic concept of a
higher level. Another related problem is the problem of ref-
erence disambiguation [25, 20]. In the problem of reference
disambiguation the goal is to match object representations
with the list of possible objects which is known in advance
and known to be clean. The requirement of having such
a clean list of objects limits the applicability of reference
disambiguation. As a rule each instance of the reference
disambiguation problem can be formulated as an instance
of the object consolidation problem while the reverse is not
true, i.e. object consolidation problem is more generic, it
does not require a known to be clean list of possible objects.

Traditional domain-independent data cleaning techniques
belong to the class of feature-based similarity (FBS) meth-
ods.1 To determine if two objects/records are the same

1For example, two strings ‘J. Smith’ and ‘John Smith’, while
not identical, are sufficiently similar to suggest that one can
be the other and FBS techniques can detect that. It can also
be known from the context that the mentioned ‘J. Smith’
works at MIT and ‘John Smith’ works at MIT, then FBS
approaches can use this additional attribute (affiliation) and
suggest that they are now more confident that the two rep-
resentations refer to the same person.

they employ a similarity function that compares values of
object/record attributes (features) for the purpose of dedu-
plication. The values of the attributes of an object are typ-
ically derived from the object representation and the con-
text in which it is used. In this paper we study a domain-
independent approach that utilize not only features but also
additional semantic information present in datasets: inter-
object (chains of) relationships. For instance, ‘J. Smith’
might be used to refer to an author in the context of a par-
ticular publication. This publication might also have more
authors, which can be linked to their affiliated organizations
etc, forming chains of relationships among entities. Such
knowledge can be exploited alongside attribute-based simi-
larity resulting in improved accuracy of object consolidation.
Our approach is based on the following hypothesis, which is
referred to as the “CAP” hypothesis for historic reasons:

The CAP hypothesis: (a) if two representations refer
to the same entity, there is a high likelihood that they are
strongly connected to each other through multiple relation-
ships implicit in the database; (b) if two representations refer
to different entities, even though the feature-based similarity
between them can be high, the connection between them via
the relationships should be weaker comparing with that of the
representations referring to the same entity.

Our approach views the underlying database as an attributed
relational graph (ARG) where nodes correspond to object
representations and edges to relationships. Our technique
first used feature-based similarity to determine if two repre-
sentation can refer to the same objects. If based on FBS sim-
ilarity two representation can refer to one object, then the
relationships between those representations are analyzed to
measure the connection strength between them. Clustering
techniques are then employed to consolidate the representa-
tions of objects based on the FBS similarity and connection
strength among them.

The main contributions of this paper are: (1) developing
a systematic approach that in contrast to traditional tech-
niques exploits not only attributes but also inter-object re-
lationships for object consolidation. (2) establishing that
exploiting relationships can significantly improve the qual-
ity of object consolidation by testing the developed approach
over real datasets.

The rest of the paper is organized as follows. Section 2
presents a motivational example. In Section 3, we formalize
the problem and introduce the notation that will be used
to explain the approach. Section 4 describes the approach
and the algorithm being used. The empirical results are
presented in Section 5. Section 6 contains the related work,
and Section 7 concludes the paper.

2. MOTIVATIONAL EXAMPLES
In this section we will use an instance of the “author match-
ing” problem to illustrate that exploiting relationships that
exist among entities can improve the quality of object con-
solidation.

Consider a database about publications and authors. As-
sume the publications are represented in the database us-
ing the attributes 〈id,title,authorRef1, . . . , authorRefN〉
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1. 〈P1, Title1, ‘John Smith’, ‘Alan White’〉
2. 〈P2, Title2, ‘Alan White’, ‘Mike Black’〉
3. 〈P3, Title3, ‘J. Smith’, ‘Mike Black’〉
4. 〈P4, Title4, ‘Tom Grey’, ‘John Smith’〉
5. 〈P5, Title5, ‘Tom Grey’, ‘Kate Red’〉

Figure 1: publication records

1. 〈A1, ‘John Smith’, ‘MIT’, ‘GradStudent’,. . . 〉
2. 〈A2, ‘John Z. Smith’, ‘CMU’, ‘Faculty’, Research(. . . ), . . . 〉
3. 〈A3, ‘John Smith’, ‘Stanford’, ‘Faculty’, Teaching(. . . ), . . . 〉
4. 〈A4, ‘Alan White’, ‘MIT’, ‘Professor’,. . . 〉
5. 〈A5, ‘Mike Black’, ‘NEC’, Project(. . . ),. . . 〉
6. 〈A6, ‘Tom Grey’, ‘Intel’, Lab(. . . ), . . . 〉
7. 〈A7, ‘Kate Red’, ‘Stanford’〉

Figure 2: author records

P1 R1:John

A2:JohnR2:J.Smith

A1:JohnA4:Alan MIT

CMUP3A5:Mike

P2

R3:John A3:JohnA6:Tom StanfordP4

Intel

NEC

A7:KateP5

Authors Papers Affiliations Authors to 
be resolved

G1

G2

Figure 3: Graph for toy database.
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Figure 4: Adding context info.
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Figure 5: Adding relshp analysis.

and the information about authors is stored in the form
〈id,authorName,affiliation, misc1, ..., miscM〉. Here
misc attributes can store some auxiliary information about
authors, such as graduate school, advisor, etc. Consider a
toy database consisting of the author and publication records
shown in Figures 1 and 2.

We assume that in this database all types of entities, except
for entities of type author, can be unambiguously determined
based on their representations. That is, we are confident
that organization called ‘MIT’ in A1 is the same as ‘MIT’ in
A4. The challenge in this case is to correctly consolidate only
author representations. For instance, author identified as
‘John Smith’ in P1 might be the same person who wrote P3
and the same person identified as A1, or, alternatively, those
three representations might be for three different people.
Also for that matter A1 and A2 can be duplicate records
for the same person, if, say, ‘John Smith’ was a graduate
student at MIT at some time and then he went on to become
a faculty at CMU.

To solve this problem using traditional techniques one would
first try to deduplicate author records. After that those
records would be assumed to uniquely represent each dis-
tinct author and the goal would be to match authorRef’s
in publication records to the correct authors. For example,
existing feature-based similarity techniques can be used to
compare the description in each authorRef in publication
records with the values of the authorName attribute in au-
thors records. Using this technique we can accurately match
most of the representations for our toy database. For exam-
ple, the author represented as ‘Alan White’ in publications
P1 and P2 will be mapped uniquely to the author record
A4 for ‘Alan White’; ‘Mike Black’ in publications P2 and
P3 will be correctly mapped to A5 and so on. The only
difficulty will be with ‘John Smith’ and ‘J. Smith’ in P1,
P3, and P4 since each of them can correspond to either A1,
A2, or A3.

A few of most recent data cleaning techniques are capable
of using context to improve the quality of cleaning. There
might be additional context information that such algorithms

might be able to use. For instance, if it is also known that
the coauthor of P1, ‘Alan White’, is from ‘MIT’, then, given
that A1 is from ‘MIT’ as well, we may decide that ‘John
Smith’ in P1 refers to A1 and not A2 or A3. As another ex-
ample, if we know that A2 has written several papers before
with titles similar to that of P3 we can infer that ‘J. Smith’
in P3 refers to A2.

Now we will show how additional semantic information stored
in the relationships that exists between entities can help to
further improve the quality of cleaning.

First, to handle author ‘John Smith’ in P1, we observe that
his co-author ‘Alan White’ has also written P2 with ‘Mike
Black’, who in turn has a paper P3 with ‘J. Smith’. This
gives us certain evidence that ‘John Smith’ in P1 is the
same person as ‘J. Smith’ in P3. The intuition behind it
is that people in the similar/related research areas tend to
cooperate with each other and form co-authorship networks.
Based on this evidence we might decide that P1 and P3 are
written by the same author whose name is ‘John Smith’.
Also notice that since we have determined before that ‘John
Smith’ in P1 refers to A1 and ‘J. Smith’ in P2 to A2, the
evidence suggests that A1 and A2 are duplicate records for
the same author – the fact that was not captured by feature-
based similarity deduplication of author records!

Second, to handle author ‘John Smith’ in P4 in order to
decide whether it refers to A1, A2, or A3, we observe that his
coauthor, ‘Tom Grey’, has a paper P5 with ‘Kate Red’ who
is from ‘Stanford’. The author A3 is also from ‘Stanford’ and
thus we were able to establish a connection between ‘John
Smith’ in P4 and A3. Given that there are no connection
between ‘John Smith’ in P4 and A1 or A2, we might decide
that ‘John Smith’ in P4 refers to A3.

At first glance, the analysis above might seem to be domain-
specific. However, a domain-independent approach emerges
if we view the underlying database as a graph of object
representations (modeled as nodes) linked to each other via
relationships (modeled as edges).
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Figure 3 shows a possible graph representation of the publi-
cation database given above. For instance, since author A1
is affiliated with ‘MIT’ there is an edge between them that
corresponds to this relationship. If for certain entities their
representations uniquely identify them, then only one node
is created per entity. For example, for the toy database,
representations for affiliations uniquely identify each entity,
therefore only one node was created for ‘MIT’. For the rest of
the representations, which might need to be consolidated, a
node is created per representation. For example, each ‘John
Smith’ has a separate node in Figure 3.

Figure 4 is similar to Figure 3, it shows that based on the
attributes derived from the context it was determined that
R1 should be consolidated with A1 and R2 with A2. Fig-
ure 4 shows that R1 and A1 are grouped into one node, and
the same for R2 and A2.

The analysis above can be viewed as application of the CAP
hypothesis to the toy database represented by the graph
in Figure 4. The first observation we made regarding R1
and R2 being two representations for the same author was
based on the presence of the path (i.e., relationship chain or
connection)
R1 → P1 → A4 → P2 → A5 → P3 → R2

which connectsR1 andR2. The second observation we made
regarding disambiguation of ‘John Smith’ in P4 was based
on the presence of path
R3 → P4 → A6 → P5 → A7 → ‘Stanford’ → A3

which connects R3 and A3.

Figure 5 shows the resulting graph which reflects how refer-
ences should be consolidated based on the above analysis. In
this figure R1, R2, A1, and A2 are grouped together which
indicates that based on the analysis those representations
are likely to refer to the same person. Similarly R3 and A3
are grouped as well. Notice that the graph in Figure 4 can
be split into two connected subgraphs G1 and G2 such that
G1 contains nodes of the first group and G2 of the second
group. In general connections between representations can
be more complex than in this example and a similar analysis
will need to measure the “strength” of the connections that
exists between various entities.

Therefore the generic approach for object consolidation can
consists of the following steps. First it identifies the rep-
resentations of potentially the same entity, then it discov-
ers connections between these representations and measures
the connection strength between them to obtain the evi-
dence that they represent the same entity. The algorithm
then employs one of the existing partitioning algorithms to
group the representations into clusters such that the con-
nections between the nodes in the same cluster are strong
and between clusters are weak.

Naturally one should demonstrate that the CAP hypothe-
sis holds over real datasets by designing a generic solution
to exploiting relationships for object consolidation. We will
develop one such general domain-independent strategy in
Section 4. We perform extensive testing of our approach
over real data to establish that exploiting relationships sig-
nificantly improves the data quality. Before we develop our
solution, we first develop notation and concepts needed to

explain our approach in Section 3.

3. PROBLEM FORMALIZATION
3.1 Notation
LetD be the database being processed. LetO = {o1, o2, . . . , o|O|}
be the set of all entities (or, objects) in D. Entities here have
the same meaning as in the E/R model. We use entities only
semantically: the algorithm does not necessarily know about
them or even the number of them. Entities are referred in
the database via representations. LetX = {x1, x2, . . . , x|X|}
(where |X| ≥ |O|) be the set of all representations in D. A
representation is a description of an entity which may consist
of one or more attributes. For instance, in the toy database
authorRef representations consisted of only one attribute
and were in the form 〈author name〉. If, besides author
names, author affiliation were also stored in the publication
records, then authorRef references would have consisted of
two attributes – 〈author name, author affiliation〉.

Each representation xi semantically refers to a single specific
entity in O which we denote by d[xi], where d[xi], in gen-
eral, is unknown to consolidation algorithms. The goal is
to group representations in X into the set of |O| non-empty
clusters C = {C1, C2, . . . , C|O|} such that all the represen-
tations in one cluster refer to the same entity while no two
representations from two different clusters refer to the same
entity.2 That is for any two representations x and y from
cluster C it should follow that d[x] = d[y], and for any two
representations x and y from two distinct clusters Ci and
Cj it should follow that d[x] 	= d[y].

We will use C[xi] to denote the group set of xi – the set of
all the representations from X that should be put into the
same group as representation xi: C[xi] = {xj ∈ X : d[xj ] =
d[xi]}. Given this notation, the goal can be reformulated
as determining C[xi] for each xi ∈ X. Let S[xi] denote
the consolidation set of xi – the set of all representations
from X such that xi and any representation from S[xi] can
potentially refer to the same entity based on their feature-
based similarity: S[xi] = {xj : FBS(xj, xi) > τ}, where
FBS denote a feature-based similarity function and τ is
some threshold. We assume that C[xi] ⊆ S[xi].

x

xA

xB

y

C[x]=C[xA]

C[xB]

C[y]

Figure 6: Similarity edges.

Let us illustrate those concept by considering a database
which contains three representations of people ‘J. Smith’
(x), ‘J. A. Smith’ (xA), ‘J. B. Smith’ (xB), and ‘Alan White’
(y). Let us assume those representation are not misspelled
and therefore xA and xB cannot be representations of the
same person. Assume x and xA are representations of one

2Notice, the goal is only to be able to accurately group repre-
sentations, not to infer any information about entities they
represent, etc.
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person, xB is of another person, and y is of a third person.
Then
C[x] = C[xA] = {x, xA}, C[xB ] = {xB},
S[x] = {x, xA, xB}, S[xA] = {x, xA}, S[xB] = {x, xB}
C[y] = S[y] = {y}.

Figure 6 graphically illustrate this example. In this figure
a node is created per representation and a similarity edge
is created between two nodes only if the corresponding rep-
resentations can refer to the same entity based on feature-
based similarity.

In general such a virtual similarity graph can be created for
all the representations in D. Typically it is composed of mul-
tiple virtual connected subgraphs (VCS), e.g. the graph in
Figure 6 consists of two VCS’s: one with nodes {x, xA, xB}
and the other one with node {y}. The concept of a VCS is
useful because the representations that belong to different
VCS’s cannot refer to the same entity. This would allow us
to cluster references in a “one VCS at a time” fashion. We
will use notation S∗[xi] to refer to all of the representations
that belong to the same VCS as xi. Notice that C[xi] ⊆
S[xi] ⊆ S∗[xi]. For instance, for the case demonstrated in
Figure 6, we have S∗[x] = S∗[xA] = S

∗[xB ] = {x, xA, xB},
S∗[y] = {y}.

3.2 The Attributed Relational Graph
Our approach views the database D as an undirected at-
tributed relational graph (ARG) G = (V,E), where V is
the set of nodes and E is the set of edges. Normally ARGs
are employed to represent entities (nodes) connected via re-
lationships (edges). The graph is called attributed because
attributes can be associated with both the edges and nodes
of such a graph. Our ARG has some specifics as discussed
below.

Nodes. In real-world datasets all the representations can
be divided into two categories: those for which consolida-
tion is trivial and those for which this task requires extra
processing. For instance, in the toy database all representa-
tions of affiliations can be trivially consolidated by applying
feature-based similarity since this similarity was sufficient to
uniquely identify each distinct entity. However, consolida-
tion of certain author representations required an additional
processing. For those cases where consolidation is trivial,
the representations of the same entity are clustered, and a
node is created per the resulting cluster of representations.
For those cases where consolidation is not trivial a node is
created per representation. Figure 4 shows the graph that
would result by applying this procedure to the toy database.
Notice that the way our approach creates nodes closely re-
sembles the way they are typically created in ARGs – to
represent distinct entities.

Edges. Our approach considers two types of edges: reg-
ular and similarity edges. Regular edges connect represen-
tations of entities if they are related via relationships.3 For

3We will concentrate primarily on binary relationships.
Multiway relationships are rare and most of them can be
converted to binary relationships [13]. Most of the de-
sign models/tools only deal with binary relationships, for
instance ODL (Object Definition Language) supports only
binary relationships.

R1:John

R3:John

A2:JohnR2:J.Smith

A1:John

A3:John

Figure 7: Virtual connected subgraph

instance, in the graph in Figure 3 edges connect all the rep-
resentations of authors and the papers they have written.
A similarity edge is created for each pair of representation
that can refer to the same entity (based on feature-based
similarity). Each similarity edge has a weight associated
with it (a real number from [0,1] interval) which reflects the
degree of similarity between the two representations based
on their features. Similarity edges for the toy database are
illustrated in Figure 7.

Figure 8: Graph Example

Representing nodes and edges graphically. We will
use solid lines to graphically represent regular edges and
broken lines for similarity edges. Nodes that correspond
to already consolidated clusters of representations will not
have color, representations that are yet to be consolidated
are represented as shaded nodes. So an ARG might look
like one illustrated in Figure 8. Notice how similarity edges
define three distinct VCS’s in this example.

3.3 Connection Strength
As mentioned before, our approach consolidates represen-
tations based on the CAP hypothesis that was discussed
in Section 1. For that it utilizes the notion of connec-
tion strength between two representations x and y (denoted
c(x, y)) which captures how strongly x and y are connected
to each other through relationships. Many different ap-
proaches can be used to compute c(x, y), one of them will
be discussed in Section 4.1.

4. THE APPROACH
We now have developed all the concepts and notation needed
to explain our approach for object consolidation. As was
mentioned, that task of consolidation can be trivial for some
of the representation, therefore our solution will concentrate
mostly on consolidating the non-trivial cases. The approach
exploits both features and relationships for consolidation
and outputs the resulting clustering as it outcome. The
approach consolidates representations using the following
steps:

1. Construct the ARG and identify all VCS’s. The
first step of our approach is to construct the ARG on
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which the algorithm will work. We assume feature-
based similarity is used in constructing such a graph.
This step has been explained in Section 3.2.

2. Compute connection strengths Given the constructed
graph, compute the connection strengths among the
nodes within each VCS.

3. Partition each VCS. Use one of the partitioning al-
gorithms to partition each VCS into clusters based on
the connection strengths computed in Step 2.

We now discuss the above steps in more detail in the follow-
ing subsections.

4.1 Computing Connection Strength
Computation of the connection strength c(u, v) for two nodes
u and v consists of two logical phases. The first phase dis-
covers connections between u and c. The second phase com-
putes/measures the strength in connections discovered by
the first phase.

4.1.1 The connection discovery phase.
In general there can be many connections between nodes u
and v. Intuitively, many of those (e.g., very long ones) are
not very important. To capture most important connections
while still being efficient, the algorithm computes the set of
all L-short simple paths PL(u, v) between nodes u and v in
graph G. A path is L-short if its length is no greater than
parameter L. A path is simple if all its nodes are distinct.

4.1.2 Measuring the connection strength.
Many models for measuring c(u, v) can be derived from [11,
41, 23]. We will use a model which computes c(u, v) as the
sum

∑
p∈PL(u,v) c(p) of the connection strength c(p) of each

path p in PL(u, v). It will compute the connection strength
c(p) of each individual path p in a specific way, which we
motivate next.

Motivating c(p) formula. Which factors should be taken
into account when computing the connection strength c(p)
of each individual path p? Figure 9 illustrates two different

u va

N-2
... ... ... ... ...

b

Figure 9: Motivating c(p).

T1
T2 T2

T1

N-2
... ... ... ... ...

John Smith Alan WhiteP1

MIT

Figure 10: c(p).

Figure 11: Experiments

paths (or connections) between nodes u and v: pa = u →
a → v and pb = u → b → v. Let us understand which
connection is better.

Both connections have the same length of two. One con-
nection is going via node a and the other via node b. The
intent of Figure 9 is to show that node b “connects” many
things, not just u and v, whereas node a “connects” only u
and v. For instance, in the context of the author matching
problem u and v can be two authors, a can be a publication

and b a university, as illustrated in Figure 10. We argue the
connection between u and v via b is much weaker than the
connection between u and v via a: since b connects many
things it is not surprising we can connect u and v via b as
well. Notice, measures such as path length, network flow do
not capture the fact that c(pa) > c(pb).

We compute c(p) as follows. Assume first path p contains
only regular edges and no similarity edges. All edges in
the ARG can be classified into a finite set of types T =
{T1, T2, . . . , Tm}. For example, for the author matching
problem, type T1 can be the edges that connect authors and
publications, type T2 can be the edges that connect authors
and their affiliated organizations. So path pa in Figure 10
can be viewed as a 〈T1, T1〉 path and path pb as a 〈T2, T2〉
path. Each edge type Ti has a weight wi (a real number from
[0,1] interval) associated with it. The connection strength
of path p is computed as the product of weights associated
with its edge types. For example, if path p contains n1

edges of type T1, n2 edges of type T2 and so on, then c(p) is
computed as

c(p) = wn1
1 w

n2
2 × · · · × wnm

m . (1)

Even though the value of those weights can be learned au-
tomatically from the data being processed [22], we do not
consider such techniques in this paper and instead assume
that those weights are assigned by a domain analyst. For
instance, in the context of our motivating example, taking
into account the fact that connections via publications are
more unique than those via universities, the analyst might
decide that the following combination of weights is reason-
able: w1 = 1

2
and w2 = 1

10
. So c(pa) = w2

1 = 1
4

and

c(pb) = w
2
2 = 1

100
.

P1R1:John R2:J.SmithA4:Alan P3A5:MikeP2

R3:John A3:JohnA6:Tom StanfordP4 A7:Kate

P1 R1:JohnA1:John A4:AlanMITR3:John

(a)

(b)

(c)

Figure 12: Paths with/without similarity edges.

Paths with similarity edges. Let us consider paths that
can contain similarity edges. Recall that a similarity edge
between nodes for two representation x and y denote the fact
that there is a chance that x and y can refer to the same en-
tity and it has a weight associated with it which reflects the
degree of similarity between x and y based on their features.
We will refer to this weight as the FBS weight. Notice, a
path that contain a similarity edge might not even exist in
reality. For instance, in Figure 12(a) the path consists of
only regular edges and we are confident it exist. However,
the existence of paths in Figures 12(b) depends on whether
R3 and A1 refer to the same entity or not, and the same for
R3 and A3 in Figure 12(c).

The simplest solution is not to consider paths that contain
similarity edges at all. Another solution we use is to asso-
ciate the same very small base weight wε for all similarity
edges. Then compute the total weight of a similarity edge
as a product of its FBS weight and the base weight. So,
if path p has ni edges of type Ti (i = 1, 2, . . . ,m) and k
similarity edges with total weights v1, v2, . . . , vk, then c(p)

6



Exploiting relationships for object consolidation. TR-RESCUE-05-01 Jan 7, 2005

is computed as

c(p) = wn1
1 w

n2
2 × · · · × wnm

m v1v2 × · · · × vk. (2)

The total connection strength between nodes u and v is
computed as the sum of connection strengths of paths in
PL(u, v):

c(u, v) =
∑

p∈PL(u,v)

c(p). (3)

4.2 Consolidating objects by partitioning VCS’s
Choosing a partitioning algorithm. To consolidate
objects we can use one of the existing min-cut algorithms to
partition each VCS separately. The general min-cut problem
is, given a (weighted) graph G = (V,E), to partition V
into two non-empty disjoint subsets V1 and V2 such that the
total weight of the edges connecting the two parts (the cut,
weight of {(u, v) ∈ E : u ∈ V1; v ∈ V2}) is minimized. Each
partition then can be repeatedly subdivided further, until
some desired properties are satisfied.

We use the normalized cut (NCut) algorithm proposed in
[38]. As the name suggests, that algorithm instead of using
the regular cut utilizes the “normalized cut” which is defined
as a fraction of the total edge connections to all the nodes
in the graph:

Ncut(V1, V2) =
cut(V1, V2)

assoc(V1, V )
+
cut(V1, V2)

assoc(V2, V )
.

Here cut(V1, V2) has the standard definition:

cut(V1, V2) =
∑

u∈V1,v∈V2

w(u, v),

and assoc(V1, V ) is the total connection from nodes in V1 to
all nodes in the graph, which is computed as

assoc(V1, V ) =
∑

u∈V1,v∈V

w(u, v).

Measure assoc(V2, V ) is similarly defined.

The connection within the two clusters is measured by the
“normalized association”:

Nassoc(V1, V2) =
assoc(V1, V1)

assoc(V1, V )
+
assoc(V2, V2)

assoc(V2, V )
.

The authors have proved, that the normalized cut and the
normalized association are related:

Ncut(V1, V2) = 2−Nassoc(V1, V2).

Hence, partition criteria that we would like to see in our
grouping algorithm, minimizing the disassociation between
the groups and maximizing the association within the groups,
are in fact identical and can be satisfied simultaneously.
That was the reason for choosing this algorithm for par-
titioning.

Defining weights for partitioning. A min-cut algo-
rithm uses weights w(u, v) between nodes for partitioning.
We define those weights as follows: if there is a similar-
ity edge between u and v then w(u, v) = c(u, v), otherwise
w(u, v) = 0. Notice that potentially, when defining w(u, v),
we could have considered not only c(u, v) but also the degree
of feature-based similarity between u and v.

Further partitioning. Since we do not know the actual
number of entities represented by a given VCS, we do not
know the number of clusters we should output. So after
the VCS is partitioned into two parts, we need to decide
whether to actually separate the nodes or not. We achieve
that by comparing the value of the normalized cut, c, with
a certain threshold τ . If c > τ , the components are still well
inter-connected and we assume that the VCS should not be
divided further into two clusters. That means we assume
all of the representations in this VCS refer to the same real-
world entity and hence should be grouped together. On the
other hand, if c < τ , we repeatedly partition the resulting
subgraphs until c > τ .

The resulting clustering of representations is returned as the
final result of the algorithm.

4.3 Measuring the quality of the outcome
The goal of object consolidation algorithms is to accurately
group the representations of entities. However, consolida-
tion algorithms make mistakes, and thus the quality of the
outcome should be quantified. Measures known as disper-
sion and diversity has been proposed before for this purpose
[2].

Dispersion. We want the representations of the same
entity to be clustered together in one cluster. The dispersion
of a given entity captures the number of distinct clusters into
which its representations are clustered. Therefore, the lesser
the dispersion the better and the ideal dispersion is 1 for a
given entity.

Diversity. Also we want each cluster to contain represen-
tations of just one entity. The diversity of a given cluster
captures the number of distinct entities to which representa-
tions in this cluster refer. Similarly, the lesser the diversity
the better and the ideal diversity is 1 for a given cluster.

Entropy. The dispersion and diversity do not always ac-
curately reflect the quality of the outcome of object consol-
idation, although they are simple and easy to understand.
Consider the following example. Assume a VCS being par-
titioned is composed of 2n representations a1, a2, · · · , a2n of
entity EA and of 2n representations b1, b2, · · · , b2n of entity
EB. The goal is to group them correctly and therefore the
ideal result would be two clusters C1 = {a1, a2, . . . , a2n} and
C2 = {b1, b2, . . . , b2n}. The algorithm however can make
mistakes and the resulting two clusters might be:

1. C1 = {a1, a2, . . . , an, b1, b2, . . . , bn}
2. C2 = {an+1, an+2, . . . , a2n, bn+1, bn+2, . . . , b2n}

that is, half of the representations are misassigned. In an-
other situation, the two clusters might be

1. C1 = {a1, a2, . . . , a2n−1, b2n}
2. C2 = {b1, b2, . . . , b2n−1, a2n}

that is, just one is misassigned for each cluster. Obviously,
the latter answer is better. But in both situations, since
the representations of both EA and EB are scattered among
two clusters the dispersion of each of the two entities, EA

and EB, is 2. The diversity of each of the two clusters, C1

and C2 is 2 since each cluster contains the representations

7
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of both EA and EB. Therefore, the dispersion and diversity
measures can not distinguish the two situations in this case.

There is a known metric, called entropy, which was first
introduced by Shannon in [37], that can be utilized to bet-
ter capture the above situations. The entropy of a discrete
random variable X reflects the degree of uncertainty asso-
ciated with possible values of X. Let variable X take val-
ues from set {x1, x2, . . . , xn} with respective probabilities
p(x1), p(x2), . . . , p(xn), where p(x1)+p(x2)+· · ·+p(xn) = 1.
Then

Entropy(X) = H(X) =
n∑

i=1
p(xi)�=0

p(xi) log2
1

p(xi)

Entropy H(X) attains its minimum value, H(X) = 0, when
there exists some i such that p(xi) = 1, and we are certain
that xi is the value of variable X and thus there is no uncer-
tainty associated with X. On the other hand, H(X) attains
the maximum value when all the values are equally likely,
in which case H(X) = log2 n.

Entropy of Entities: Assume that a certain entity E has
m representations in the database which are assigned to n
clusters C1, C2, . . . , Cn by the algorithm. Note, those n clus-
ters are not all clusters, but only those to which the repre-
sentations of E were assigned. Assume that m1 representa-
tions were assigned to cluster C1, m2 to C2 and so on, where
m1 +m2 + · · · +mn = m, mi 	= 0. To measure the spread
of representations of E over clusters we can consider which
fraction of all representations of E were assigned to each
cluster Ci (i = 1, 2, . . . , n): pi = mi

m
. Then, using those

fractions we can employ entropy-like measure to quantify
the spread of the entity’s representations:

H(E) =

n∑

i=1

pi log2
1

pi

Notice that dispersion in this case would always return n.
The lower the value of entropy of an entity the better, the
ideal value is 0.

Entropy of Clusters: Similarly we can define the Entropy
of Clusters. Assume that a certain cluster C was assigned
m representations(corresponding to n entities) by the algo-
rithm, m1 of which are for some entity E1, m2 for E2, . . . ,
mn for En, such that m1 + m2 + · · · + mn = m, mi 	= 0.
We can similarly consider fractions pi = mi

m
and then use

them in an entropy-like measure to quantify the spread of
the cluster’s representations:

H(C) =

n∑

i=1

pi log2
1

pi

The diversity in this case would always return n. The lower
the value of entropy of a cluster the better, the ideal value
is 0.

If we go back to the example above and assume n = 10, in
the first situation, the entropy of entities is:
H(EA) =

n
2n
log2

1
n/2n

+ n
2n
log2

1
n/2n

= 1,

H(EB) = 1, and

AvgEntityEntropy = H(EA)+H(EB)
2

= 1.

The entropy of clusters is:
H(C1) =

n
2n
log2

1
n/2n

+ n
2n
log2

1
n/2n

= 1,

H(C2) = 1, and

AvgClusterEntropy = H(C1)+H(C2)
2

= 1.

For the second situation, the entropy of entities is:
H(EA) =

2n−1
2n
log2

1
(2n−1)/2n

+ 1
2n
log2

1
1/2n

= 0.0703,

H(EB) = 0.0703, and

AvgEntityEntropy = H(EA)+H(EB)
2

= 0.0703.

The entropy of clusters is:
H(C1) =

2n−1
2n
log2

1
(2n−1)/2n

+ 1
2n
log2

1
1/2n

= 0.0703,

H(C2) = 0.0703, and

AvgClusterEntropy = H(C1)+H(C2)
2

= 0.0703.

Notice that the entropy is able to capture that the second
partitioning is better than the first one.

5. EXPERIMENTAL RESULTS
In this section we experimentally study the approach we
proposed using a real dataset.

5.1 RealMov Dataset
RealMov is a real public-domain movies dataset available
from [42]. It contains entities of three types: movies (11,453
entities), studios (992 entities), and people (22,121 entities),
which are stored in movies, studios and people tables respec-
tively. The movies table contains multiple attributes, such
as the title of a movie, the director, the producer, the studio
producing the movie, the studio distributing the movie, etc.
The studios table has attributes such as studio name, the
founder of the studio, the year of foundation, etc. The peo-
ple table contains attributes like a person’s name, the date
of birth, gender, etc. There is also a cast table storing all
the actors of each movie.

This dataset contains five types of (regular) relationships:
movie actor, movie director, movie producer, producingStu-
dio, and distributingStudio, which map movies to their ac-
tors, directors, producers, producing studios and distribut-
ing studios respectively. Figure 13 presents a sample graph

movies

people

studios

Spellbound

Roman Holiday

Mission Impossible

Paula Wagner

David Selznick

Alfred Hitchcock

William Wyler

Brian De Palma

Eddie Albert

Henry Czerny

Tom Cruise

Ingrid Bergman

Gregory Peck

Audrey Hepburn

movie-producingStudio movie-distributingStudio

A D P

movie-actor movie-director movie-producer

D

D

P

P

A

A

A

A

A

A

A

P

D

P

Paramount

Selznick Pictures United Artists

A

Cinecitta

Figure 13: Graph example for movie dataset

for RealMov dataset. Relationships movie actor, movie director,
and movie producer connect entities of type movies to enti-
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ties of type people. Relationships producingStudio and dis-
tributingStudio connect entities of type movies and studios.

A clean version of RealMov dataset is available which allow
as to use it as a validation dataset. That is, for this dataset
we know all entities and relationships exactly and we know
the true matches for all representations. This would allow
us to test the quality of various consolidation algorithms by
comparing their output against the true situation. Figure 13
shows a sample ARG for RealMov dataset. Each entity is
represented by a node and each relationship by an edge.

5.2 Accuracy experiments
Typically two key aspects of data cleaning algorithm are
analyzed empirically: the quality of their outcome and the
efficiency of those algorithms. In this section we will study
the quality of our approach on consolidating the representa-
tions of director entities.

Notice, as we mentioned, the knowledge of which director
representation maps to which director is available in this
dataset. That is, there is no uncertainty in how to map
director representations to directors and thus how to con-
solidate director entities. Having this knowledge is the ad-
vantage of this dataset since it will allow us to use it for
validation.

Constructing experiment data. To test our approach
we will use one of the standard techniques commonly em-
ployed by data cleaning practitioners [4]: we will introduce
uncertainty in director representations manually. This un-
certainty will be introduced differently in different experi-
ments.

Assume the RealMov stores information about d1, d2, . . . , dn

director entities. We first choose a fraction ρ of those direc-
tors: representations of them will be made uncertain. That
is, we may first choose d1, d2, . . . , d10 “uncertain ”directors,
for the rest of the directors d11, d12, . . . , dn their represen-
tations will uniquely identify the right director. Based on
the typical degree of uncertainty in real-world dataset, we
set ρ to be ρ=1%, 5%, 10%, 15%. Next we group those
“uncertain” directors in some fashion, say in groups of two,
e.g. {d1, d2}, {d3, d4}, . . . , {d9, d10}. Then we simulate the
desired FBS uncertainty by changing all representations of
directors that belong to one group such that such a repre-
sentation can refer to all directors in this group based on
FBS similarity. For instance, assume the dataset contained
a representation r1 which could only represent d1. We mod-
ify r1 such that now it fits the description of both d1 and d2
– but does not fit the description of anybody else. Such a
constructed dataset is characterized by two types of param-
eters: ρ and sizes of those groups.

Baseline methods. To reflect how our approach would
compare with FBS methods we construct two baseline meth-
ods: Baseline 1 and Baseline 2. Notice, at the moment
of applying our algorithm, the existing FBS methods al-
ready have been used to successfully consolidate many of
the representations (those “certain” representations). We
now only test the quality of consolidating of those represen-
tations that, based on FBS similarity, are still “uncertain”.
Given that FBS cannot be used further to distinguish be-

tween the representations, whereas we would like to compare
our algorithm against at least simple solutions, we construct
those baseline methods as follows.

Baseline 1 creates a cluster per each resulting VCS and then
assigns all the VCS’s representations to this one cluster.
That is, that method does not partition the VCS’s further.
This method always achieves the ideal dispersion and en-
tropy of entities: entities end up in just one cluster as they
should.

Baseline 2 knows home many director groups are there of
size 2, of size 3, . . . , e.g., it knows the probability of a group
that have size 2, 3, . . . . Based on those probabilities, for
a given VCS, it first selects into how many partitions it
wants to split this VCS. It then creates that many clusters
and randomly assigns representations from the VCS to each
cluster.

Experiment 1. In this experiment, we set ρ = 1% and
the size of each group of directors to be 2. The results for
ρ = 5%, 10% and 15% closely resemble those for ρ = 1%
and thus omitted. For this experiment we also make our
algorithm (and Baseline 2) aware that each resulting VCS
must be partitioned into exactly two clusters.

Figure 14(c) and (d) show the average diversity and disper-
sion as we vary parameter L . Recall that we consider only
L-short paths, or paths of length no greater than L. The
results of our approach (‘RelCluster’) shows that additional
semantic information stored in inter-object relationship im-
proves the quality of object consolidation. Since Baseline 1
does not partition VCS’s at all, each resulting cluster always
contains representations of 2 entities, and thus the diversity
is always 2; since the nodes of the same entity are always
grouped into the same cluster, the entity dispersion is always
1 (the ideal dispersion).

In contrast to the diversity and dispersion, the entropy more
properly captures the composition of groups. Figures 14(a)
and (b) show the average entropy of clusters and entities
achieved by the consolidation approaches. Recall that the
lower the entropy the better and that the ideal entropy is 0.
The figures look similar to the figures for the diversity and
dispersion.

Those figures also show that analyzing longer paths do help
increase the quality of outcome.

Experiment 2. In this experiment, the size of each direc-
tor group is not 2 as in the previous experiment, but chosen
randomly as 2, 3, or 4 with equal probability. Also our ap-
proach now is not aware into how many clusters each VCS
should be clustered but rather utilizes threshold τ to decide
that, as discussed in Section 4.2.

Figure 15 studies the effects of τ on the quality of the output.
When τ is small, the normalized cut of most partitions will
be greater than τ , so the partitioning will not be carried
out. Therefore, representations in each VCS are likely to
be grouped into a small number of cluster and that is why
the results closely resemble those of Baseline 1. On the
other hand, large τ leads to creating many clusters for each
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Figure 14: Experiments with various lengths of paths
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Figure 15: Experiments with various thresholds

VCS. This improves the entropy of clusters, but the entropy
of entities becomes worse. So, there is a natural trade-off
between the entropy of clusters and entropy of entities, This
trade-off is similar in nature to the precision/recall trade-off
in record linkage.

Figure 15(c) plots the entropy of clusters and of entities in
one figure. The analyst supervising the object consolidation
process can apply our approach on training datasets and
then use a figure similar to Figure 15(c) to choose a good
value for τ . Figures 15 (d)—(f) are similar to Figures 15
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(a)—(c) but for the diversity and dispersion.
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Figure 16: Execution time.

5.3 Efficiency experiments
Experiment 3 In addition to the accuracy, we also test the
efficiency of our approach. Figure 16 shows the execution
time of RelCluster as a function of the fraction of movies
from RealMov dataset, e.g. 1.0 corresponds to the whole
RealMov dataset. The bottleneck of our approach is the
algorithm for discovering all L-short simple paths. In [20] we
study several optimizations of that algorithm which improve
the performance by 1–2 orders of magnitude.

6. RELATED WORK
Many research challenges have been explored in the context
of data cleaning in the literature: dealing with missing data,
handling erroneous data, record linkage, and so on. The
closest to the problem of object consolidation addressed in
this paper is the problem of record linkage. The importance
of record linkage is underscored by the large number of com-
panies, such as Trillium, Vality, FirstLogic, DataFlux, which
have developed domain-specific record linkage solutions.

Researchers have also explored domain-independent tech-
niques, e.g. [32, 12, 16, 1, 27]. Their work can be viewed
as addressing two challenges: (1) improving similarity func-
tion, as in [3]; and (2) improving efficiency of linkage, as
in [4]. Typically two-level similarity functions are employed
to compare two records. First, such a function computes
attribute-level similarities by comparing values in the same
attributes of two records. Next the function combines the
attribute-level similarity measures to compute the overall
similarity of two records. A recent trend has been to em-
ploy machine learning techniques, e.g. SVM, to learn the
best similarity function for a given domain [3]. Many tech-
niques have been proposed to address the efficiency challenge
as well: e.g. using specialized indexes [4], sortings, etc.

Those domain-independent techniques deal only with at-
tributes. Only one existing approach [23] analyzes rela-
tionships in a fashion similar to that proposed in this pa-
per. However, [23] solves a different data cleaning challenge,
called reference disambiguation. That problem is known to
be a subproblem of the problem of object consolidation and
the approach proposed in [23], in general, cannot be used to
solve the problem addressed in this paper. That approach
converts the cleaning task to solving a nonlinear program-
ming problem whereas we employ partitioning techniques for

data cleaning. Other researchers have also proposed using
relationships for cleaning, but in a different fashion. In [1]
Ananthakrishna et al. employ similarity of directly linked
entities, for the case of hierarchical relationships, to solve
the record deduplication challenge. In [25] Lee et al. de-
velop an association-rules mining based method to disam-
biguate references using similarity of the context attributes:
the proposed technique is still an FBS method, but [25] also
discusses “concept hierarchies” which are related to rela-
tionships. Getoor et al. in [2] use similarity of attributes
of directly linked objects, like in [1], for the purpose of ob-
ject consolidation. However, the challenge of applying that
technique in practice on real-world datasets was identified
as future work in that paper. In contrast to the above de-
scribed techniques, our approach and [23] utilize the CAP
hypothesis to automatically discover and analyze relation-
ship chains, thereby establishing a framework that employs
systematic relationship analysis for the purpose of cleaning.

7. CONCLUSION
In this paper we have shown that analysis of inter-object re-
lationships is important for object consolidation and demon-
strated one approach that utilizes relationships for this pur-
pose. As future work we plan to apply similar techniques
for the purpose of record linkage and look into utilizing time
and space attributes, which might be present on nodes of
discovered paths, for the purpose of cleaning. Our ongoing
work [22] addresses the challenge of automatically adapting
of a similar approach to datasets at hand by learning how to
weigh different connections directly from the data. Solving
this challenge, in general, not only makes the approach to be
a plug-and-play solution but also can improve the accuracy
as well as efficiency of the approach as discussed in [22].
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