




















a set of (id, authorName, department, organization)
tuples. That is the affiliation consists of not just or-
ganization like in Section 2, but also of department.
Information stored in CiteSeer is in the same form as
specified in Section 2, that is (id, title, authorRef1,

.., authorRefN) per each paper. [16] contains sample
content of CiteSeer and HPSearch as well as the corre-
sponding entity-relationship graph.
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The various types of entities and relationships
present in RealPub are shown in Figure 6(a). RealPub
consists of 4 types of entities: papers (255K), authors
(176K), organizations (13K), and departments (25K).
To avoid confusion we use “authorRef” for author
names in paper entities and “authorName” for author
names in author entities. There are 573K authorRef’s
in total. Our experiments on RealPub will explore the
efficacy of RelDC in resolving these references.

To test RelDC, we first constructed an entity-
relationship graph G for the RealPub database. Each
node in the graph corresponds to an entity of one of
these types. If author A is affiliated with department
D, then there is (v[A],v[D]) edge in the graph. If
department D is a part of organization U, then there
is (v[D],v[U]) edge. If paper P is written by author A,
then there is (v[A],v[P]) edge. For each of the 573K
authorRef references, feature-based similarity (FBS)
was used to construct its choice set.

In the RealPub dataset, the paper entities refer to
authors using only their names (and not affilia-
tions). This is because the paper entities are derived
from the data available from CiteSeer which did not di-
rectly contain information about the author’s affiliation.
As a result, only similarity of author names was used to
initially construct the graph G.

This similarity has been used to construct choice
sets for all authorRef references. As the result, 86.9%
(498K) of all authorRef references had choice set of
size one and the corresponding papers and authors were
linked directly. For the remaining 13.1% (75K) refer-

ences, 75K choice nodes were created in the graph G.
RelDC was used to resolve these remaining references.
The specific experiments conducted and results will be
discussed later in this section. Notice that the RealPub
dataset allowed us to test RelDC only under the condi-
tion that a majority of the references are already cor-
rectly resolved. To test robustness of the technique we
tested RelDC over synthetic datasets where we could
vary the uncertainty in the references from 0 to 100%.

SynPub dataset. We have created two synthetic
datasets SynPubl and SynPub2, that emulate RealPub.
The synthetic datasets were created since, for the Re-
alPub dataset, we do not have the true mapping be-
tween papers and the authors of those papers. Without
such a mapping, as will become clear when we describe
experiments, testing for accuracy of reference disam-
biguation algorithm requires a manual effort (and hence
experiments can only validate the accuracy over small
samples). In contrast, since in the synthetic datasets,
the paper-author mapping is known in advance, ac-
curacy of the approach can be tested over the entire
dataset. Another advantage of the SynPub dataset is
that by varying certain parameters we can manually
control the nature of this dataset allowing for the eval-
uation of all aspects of RelDC under various condi-
tions (e.g., varying level of ambiguity /uncertainty in the
dataset).

Both the SynPubl and SynPub2 datasets contain
5000 papers, 1000 authors, 25 organizations and 125
departments. The average number of choice nodes that
will be created to disambiguate the authorRef’s is 15K
(notice, the whole RealPub dataset has 75K choice
nodes). The difference between SynPubl and SynPub2
is that author names are constructed differently: Syn-
Publ uses unc; and SynPub2 uses uncy as will be ex-
plained shortly.

5.1.2 Accuracy experiments In our context, the
accuracy is the fraction of all authorRef references
that are resolved correctly. This definition includes the
references that have choice sets of cardinality 1.

Experiment 1 (RealPub: manually checking
samples for accuracy). Since the correct paper-
author mapping is not available for RealPub, it is in-
feasible to test the accuracy on this dataset. However it
is possible to find a portion of this paper-author mapping
manually for a sample of RealPub by going to authors
web pages and examining their publications.

We have applied RelDC to RealPub in order to test
the effectiveness of analyzing relationships. To analyze
the accuracy of the result, we concentrated only on the
13.1% of uncertain authorRef references. Recall, the
cardinality of the choice set of each such reference is
at least two. For 8% of those references there were



no z; ~» y; paths for all j’s, thus RelDC used only
FBS and not relationships. Since we want to test the
effectiveness of analyzing relationships, we remove those
8% of references from further consideration as well. We
then chose a random samples of 50 papers that were still
left under consideration. For this sample we compared
the reference disambiguation result produced by RelDC
with the true matches. The true matches for authorRef
references in those papers were computed manually. In
this experiment, RelDC was able to resolve all of the 50
sample references correctly! This outcome is in reality
not very surprising since in the RealPub datasets, the
number of references that were ambiguous was only
13.1%. Our experiments over the synthetic datasets
will show that RelDC reaches very high disambiguation
accuracy when the number of uncertain references is not
very high.

Ideally, we would have liked to have performed
further accuracy tests over RealPub by either testing on
larger samples (more than 50) and/or repeating the test
multiple times (in order to establish confidence levels).
However, this is infeasible due to the time-consuming
manual nature of this experiments. O

Experiment 2 (RealPub: accuracy of identifying
author first names). We conducted another experi-
ment over RealPub dataset to test the efficacy of RelDC
in disambiguating references which we describe below.

We first remove from RealPub all the paper entities
which have an authorRef in format “first initial +
last name”. This leaves only papers with authorRef’s
in format “full first name + last name”. Then we
pretend we only know “first initial + last name” for
those authorRef’s. Next we run FBS and RelDC
and see whether or not they would disambiguate those
authorRef’s to authors whose full first names coincide
with the original full first names. In this experiment, for
82% of the authorRef’s the cardinality of their choice
sets is 1 and there is nothing to resolve. For the rest
18% the problem is more interesting: the cardinality of
their choice sets is at least 2. Figure 6(b) shows the
outcome for those 18%.

Notice that the reference disambiguation problem
tested in the above experiment is of a limited nature —
the tasks of identifying the correct first name of the
author and the correct author are not the same in
general.* Nevertheless, the experiment allows us to test
the accuracy of RelDC over the entire database and does
show the strength of the approach. O

Accuracy on SynPub. The next set of experi-
ments tests accuracy of RelDC and FBS approaches on

1t is not enough to determine that ‘J.” in ‘J. Smith’ corre-

sponds to ‘John’ if there are multiple ‘John Smith”s in the dataset.
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SynPub dataset. “RelDC 100%” (“RelDC 80%”) means
for 100% (80%) of author entities the affiliation informa-
tion is available. Once again, paper entities do not have
author affiliation attributes, so FBS cannot use affilia-
tion, see Figure 6(a). Thus those 100% and 80% have
no effect on the outcome of FBS. Notation ‘L=4" means
RelDC explores paths of length no greater than 4.

Experiment 3 (Accuracy on SynPubl). SynPubl
uses uncertainty of type 1 defined as follows.  There
are Ngun = 1000 unique authors in SynPubl. But
there are only Nyame € [1, Nautr] unique authorName'’s.
We construct the authorName of the author with ID of
k, for k = 0,1,...,999, as “name” concatenated with
(k mod Npame). Each authorRef specifies one of those
authorName’s. Parameter uncy is unc; = Nowth patio.
For instance, if Ny gme is 750, then the authors with IDs
of 1 and 751 have the same authorName: “namel”, and
unc, = % = 1%. In SynPubl for each author whose
name is not unique, one can never identify with 100%
confidence any paper this author has written. Thus the
uncertainty for such authors is very high.

Figure 7 studies the effect of unc; on accuracy
of RelDC and FBS. If unc; = 1.0, then there is no
uncertainty and all methods have accuracy of 1.0. As
expected, the accuracy of all methods monotonically
decreases as uncertainty increases. If wunc; = 2.0,
the uncertainty is very large: for any given author
there is exactly one another author with the identical
authorName. For this case, any FBS have no choice
but to guess one of the two authors. Therefore, the
accuracy of any FBS, as shown in Figures 7, is 0.5.
However, the accuracy of RelDC 100% (RelDC 80%)
when uncy = 2.0 is 94%(82%). The gap between RelDC
100% and RelDC 80% curves shows that in SynPubl
RelDC relies substantially on author affiliations for the
disambiguation.

Comparing the RelDC implementations. Figure 8
shows that the accuracy results of WM-Iter-RelDC,
PM-Iter-RelDC, WM-Solv-RelDC implementations are
comparable. Figure 9 shows that Iter-RelDC is the
fastest implementation among them. The same trend
has been observed for all other tested cases. O

Experiment 4 (Accuracy on SynPub2). SynPub2
uses uncertainty of type 2. In SynPub2, authorName’s
(in author entities) are constructed such that the follow-
ing holds, see Figure 6(a). If an authorRef reference (in
a paper entity) is in the format “first name + last name”
then it matches only one (correct) author. But if it is
in the format “first initial + last name” it matches ex-
actly two authors. Parameter uncy is the fraction of
authorRef’s specified as “first initial + last name”’. If
unce = 0, then there is no uncertainty and the accu-
racy of all methods is 1. Also notice that the case when
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Figure 10: SynPub2: Acc. vs. uncy

unce = 1.0 is equivalent to unc; = 2.0.

There is less uncertainty in Experiment 4 then in
Experiment 3. This is because for each author there is
a chance that he is referenced to by his full name in
some of his papers, so for these cases the paper-author
associations are known with 100% confidence.

Figure 10 shows the effect of uncy on the accuracy
of RelDC. As in Figure 7, in Figure 10 the accuracy de-
creases as uncertainty increases. However this time the
accuracy of RelDC is much higher. The fact that curves
for RelDC 100% and 80% are almost indiscernible until
uncy reaches 0.5, shows that RelDC relies less heavily
on weak author affiliation relationships but rather on

stronger connections via papers. O
5.1.3 Other experiments

Experiment 5 (Importance of relation-
ships). Figure 11 studies what effect the number

of relationships and the number of relationship types
have on the accuracy of RelDC. When resolving
authorRef’s, RelDC uses three types of relation-
ships: (1) paper-author, (2) author-department, (3)
department-organization.® The affiliation relationships
(i.e., (2) and (3)) are derived from the affiliation
information in author entities.

The affiliation information is not always available
for each author entity in RealPub. In our synthetic

5Note, a ‘type of relationship’ (e.g., paper-author) is different
from a ‘chain of relationships’ (e.g., paperl-authorl-deptl-...).
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Figure 11: SynPub: affiliation

Figure 12: SynPub: Acc vs. L

datasets we can manually vary the amount of available
affiliation information. The z-axis shows the fraction p
of author entities for which their affiliation is known. If
p = 0, then the affiliation relationships are eliminated
completely and RelDC has to rely solely on connections
via paper-author relationships. If p = 1, then the
complete knowledge of author affiliations is available.
Figure 11 studies the effect of p on accuracy. The
curves in this figure are for both SynPubl and SynPub2:
uncy = 1.75, uncy 2.00, and uncy = 0.95. The
accuracy increases as p increases showing that RelDC
deals with newly available relationships well. O

Experiment 6 (Longer paths). Figure 12 examines
the effect of path limit parameter L on the accuracy. For
all the curves in the figure, the accuracy monotonically
increases as L increases with the only one exception for
“RelDC 100%, uncl=2" and L = 8. The usefulness of
longer paths depends on the combination of other pa-
rameters. Typically, there is a tradeoff: larger values of
L lead to higher accuracy of disambiguation but slower
performance. The user running RelDC must decide the
value of L based on this accuracy/performance tradeoff
for the dataset being cleaned. For SynPub, L = 7 is a
reasonable choice. O

Experiment 7 (Efficiency of RelDC). To show
the applicability of RelDC to a large dataset we have
successfully applied an optimized version of RelDC to
clean RealPub with L ranging from 2 up to 8. Figure 13
shows the execution time of RelDC as a function of the
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fraction of papers from RealPub, e.g. 1.0 corresponds
to all papers in RealPub (the whole CiteSeer) dataset.
Notice, optimizations of RelDC are discussed only in
[16], they are crucial to achieve 1-2 orders of magnitude
of improvement in performance. |

5.2 Case Study 2: the movies dataset

5.2.1 Dataset RealMov is a real public-domain
movies dataset described in [25] which has been made
popular by the textbook [13]. Unlike RealPub dataset,
in RealMov all the needed correct mappings are known,
so it is possible to test the disambiguation accuracy of
various approaches more extensively. However, Real-
Mov dataset is much smaller compared to the Re-
alPub dataset. RealMov contains entities of three types:
mouies (11,453 entities), studios (992 entities), and peo-
ple (22,121 entities). There are five types of relation-
ships in the RealMov dataset: actors, directors, pro-
ducers, producingStudios, and distributingStudios. Re-
lationships actors, directors, and producers map entities
of type movies to entities of type people. Relationships
producingStudios and distributingStudios map movies to
studios. [16] contains the sample graph for RealMov
dataset as well as sample content of people, movies, stu-
dios and cast tables from which it has been derived.

5.2.2 Accuracy experiments

Experiment 8 (RealMov: Accuracy of disam-
biguating director references). In this experiment
we study the accuracy of disambiguating references from
movies to directors of those movies.
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Figure 16: PMF of sizes of choice sets.

Since in RealMov each reference, including each
director reference, already points directly to the right
match, we artificially introduce ambiguity in the refer-
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Figure 14: RealMov: director refs.
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ences manually. Similar approach to testing data clean-
ing algorithms have also been used by other researchers,
e.g. [7]. Given the specifics of our problem, to study the
accuracy of RelDC we will simulate that we used FBS
to determine the choice set of each reference but FBS
was uncertain in some of the cases.

To achieve that, we first choose a fraction p of
director references (that will be uncertain). For each
reference in this fraction we will simulate that FBS part
of RelDC has done its best but still was uncertain as
follows. Each director reference from this fraction is
assigned a choice set of N people. One of those people
is the true director, the rest (N —1) are chosen randomly
from the set of people entities.

Figure 14 studies the accuracy as p is varied from
0 to 1 and where N is distributed according to the
probability mass function (pmf) shown in Figure 16, see
[16] for detail. The figure shows that RelDC achieves
better accuracy than FBS. The accuracy is 1.0 when
p = 0, since all references are linked directly. The
accuracy decreases almost linearly as p increases to 1.
When p = 1, the cardinality of the choice set of each
reference is at least 2. The larger the value of L, the
better the results. The accuracy of RelDC improves
significantly as L increases from 3 to 4. However, the
improvement is less significant as L increases from 4 to
5. Thus the analyst must decide whether to spend more
time to obtain higher accuracy with L = 5, or whether
L = 4 is sufficient. O

Experiment 9 (RealMov: Accuracy of disam-
biguating studio references). This experiment is
similar to Experiment 8, but now we disambiguate pro-
ducingStudio, instead of director, references. Figure 15
corresponds to Figure 14. The RelDC’s accuracy of dis-
ambiguating studio references is even higher. O

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 reference
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disambiguation addressed in this paper is the problem
of record linkage. The importance of record linkage is
underscored by the large number of companies, such
as Trillium, Vality, FirstLogic, DataFlux, which have
developed (domain-specific) record linkage solutions.

Researchers have also explored domain-independent
techniques, e.g. [23, 12, 14, 5, 22]. Their work can
be viewed as addressing two challenges: (1) improving
similarity function, as in [6]; and (2) improving effi-
ciency of linkage, as in [7]. 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 similar-
ity measures to compute the overall similarity of two
records. A recent trend has been to employ machine
learning techniques, e.g. SVM, to learn the best simi-
larity function for a given domain [6]. Many techniques
have been proposed to address the efficiency challenge
as well: e.g. using specialized indexes [7], sortings, etc.

Those domain-independent techniques deal only
with attributes. To the best of our knowledge, RelDC,
which was first publicly released in [15], is the first
domain-independent data cleaning framework which ex-
ploits relationships for cleaning. Recently, in parallel
to our work, other researchers have also proposed us-
ing relationships for cleaning. In [5] Ananthakrishna
et al. employ similarity of directly linked entities, for
the case of hierarchical relationships, to solve the record
de-duplication challenge. In [19] Lee et al. develop an
association-rules mining based method to disambiguate
references using similarity of the context attributes: the
proposed technique is still an FBS method, but [19] also
discusses concept hierarchies which are related to rela-
tionships. Getoor et al. in DKDMO04 use similarity of
attributes of directly linked objects, like in [5], for the
purpose of object 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 described techniques, RelDC uti-
lize the CAP principle to automatically discover and an-
alyze relationship chains, thereby establishing a frame-
work that employs systematic relationship analysis for
the purpose of cleaning.

7 Conclusion

In this paper we have shown that analysis of inter-
object relationships is important for data cleaning and
demonstrated one approach that utilizes relationships.
As future work we plan to apply similar techniques
to the problem of record linkage. This paper outlines
only the core of the RelDC approach, for more details
the interested reader is referred to [16]. Another
interesting follow-up work [18] addresses the challenge
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of automatically adapting RelDC 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 [18].
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