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Abstract—Databases often contain uncertain and imprecise references to real-world entities. Entity resolution, which is the process of
reconciling multiple references to underlying real-world entities, is an important data cleaning process required before accurate
visualization or analysis of the data is possible. In many cases, in addition to noisy data describing entities, there is data describing the
relationships among the entities. This relational data is important during the entity resolution process; it is useful both for the algorithms
that determine likely database references to be resolved and for visual analytic tools that support the entity resolution process. In this
paper, we introduce a novel user interface, D-Dupe, for interactive entity resolution in relational data. D-Dupe effectively combines
relational entity resolution algorithms with a novel network visualization that enables users to make use of an entity’s relational context
for making resolution decisions. We describe resolution strategies based on pairs or sets of references and show appropriate
visualizations for each. Since resolution decisions often are interdependent, D-Dupe facilitates understanding this complex process
through animations that highlight combined inferences and a history mechanism that allows users to inspect chains of resolution
decisions. An empirical study with 12 users confirmed the benefits of the relational context visualization on the performance of entity
resolution tasks in relational data in terms of time as well as users’ confidence and satisfaction.

Index Terms—Information visualization, visual analytics, data and knowledge visualization, data mining, graphical user interfaces,
user-centered design.
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INTRODUCTION

DATABASES often contain uncertain and imprecise refer-
ences to real-world entities. The absence of unique
identifiers for the underlying entities frequently results in
databases that contain multiple references to the same
entity. This can lead not only to data redundancy and
inconsistency but also to inaccuracies in information
visualization, query processing, and knowledge extraction.
Entity resolution, which is the data cleaning process of
reconciling multiple references to underlying real-world
entities, is an active research topic within a number of fields
including information visualization, database management,
data mining, and machine learning.

In many cases, in addition to the attributes such as name,
address, and so on, which describe the entities themselves,
there are relationships among the entities, and these
relationships can be useful during the entity resolution
process. The relationships are often co-occurrence relation-
ships, for example, email addresses may co-occur in to: and
cc: lists, author names co-occur in the author lists of
scientific papers, and actors are related to each other in
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social networks. We refer to this type of entity resolution
problem as relational entity resolution, to highlight the
importance of using the relationships among the entities,
in addition to the available information about each entity’s
attributes. One of the research questions that we address is
how to visually present this relational information to users
during the entity resolution process.

Most existing entity resolution methods focus on auto-
mated entity resolution. Automated techniques are not
perfect, and they face a precision-recall trade-off. If they are
tuned to have a high precision, they rarely merge duplicates,
leaving many duplicates in the database. If they are tuned to
have a high recall, they mistakenly merge references that are
in fact distinct. By contrast, handcleaning methods, even with
visualization support, can be slow and inefficient in finding
duplicates. These approaches tend to be high precision,
because there is a human-in-the-loop making the final
resolution decision. However, inspecting a large data set
and hunting for duplicates can be like looking for the
proverbial needle in a haystack. Thus, while these approaches
may have high precision, they tend to have low recall.

In this paper, we present D-Dupe (http://www.cs.umd.
edu/lings/ddupe), a visual analytic tool, which supports
relational entity resolution. D-Dupe provides an interactive
analyst-centric approach to the problem, which tightly
integrates entity resolution algorithms with a visualization
suited to the task. D-Dupe provides access to sophisticated
entity resolution algorithms and enables users to flexibly
combine them to uncover duplicates. A variety of similarity
measures can be used and their results can be combined in an
extremely flexible manner. In addition, D-Dupe provides
users with a simple network visualization, which displays the
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relational context for potential duplicates. The relational
context viewer shows, for any two potential duplicates, their
relational neighborhood. The network visualization allows
users to quickly identify shared and nonshared relational
context and base their exploration and resolution decisions
on the context. Emerging principles from information
visualization, such as laying out the nodes on a meaningful
substrate, are combined with representations for uncertainty,
resulting in a tool that is especially well suited to the entity
resolution task. Powerful filtering and search techniques are
also integrated into the tool. One of the findings from our user
study is that users are faster and have more confidence in
their resolution decisions when they are able to see the
relational context.

One of the properties of relational entity resolution is that
resolution decisions are often chained together and depend
on each other. For example, once users determine that two
author references refer to the same underlying entity, that
then provides new evidence, which makes their coauthor
references have more in common, and hence, the coauthors
are more likely to also be coreferent. D-Dupe provides a
lookahead mechanism for viewing the potential dependen-
cies, before users commit to them, which helps users
understand the potential impact of their decisions. D-Dupe
also has a flexible history mechanism that allows users to see
the chains and undo earlier decisions if needed.

D-Dupe’s tight integration of relational entity resolution
and simple interactive interface provides a scalable ap-
proach to semiautomated data cleaning. References can be
resolved on a pairwise basis, for each instance of a
reference, or for all references matching user-specified
criteria. If users prefer more automation, all references with
a similarity above a given threshold can be automatically
merged in bulk.

Our initial work on a prototype system was described in
[27]. Since then, we have completely redesigned and
reimplemented the system, adding many additional fea-
tures, not all of which are described in this paper. This
paper describes the new version, D-Dupe v2.0. Some of the
most important new contributions include

1. support for both data deduplication and data
integration;

2. support for a variety of resolution strategies,
including pairwise, cluster-based, and bulk;

3. support for visualization of chains of resolutions;

4. history and lineage support.

In addition, an important contribution of this paper is a user
study, which examined the performance of 12 users in
terms of speed, success rates, and confidence both with and
without the graphical relational context viewer.

This paper is organized as follows: We begin with a
discussion of related work in Section 2. Section 3 provides a
brief overview of the design principles and overall D-Dupe
interface and describes the entity resolution process at a
high level. Section 4 describes the data model supported in
D-Dupe. Section 5 goes into detail about the design of the
tool, highlighting the powerful integration of machine
learning and visualization methods for entity resolution,
the novel pairwise task-specific visualization, which is
particularly well-suited to the entity resolution problem,
and the support for understanding the complex interactions
possible in relational entity resolution. Section 6 describes
the system architecture, and Section 7 provides a detailed
description of a quantitative user study of D-Dupe, which
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studies the impact of the D-Dupe interface on users’ speed,
success rates, and confidence on the relational entity
resolution task. Section 8 concludes with a discussion of
future directions.

2 RELATED WORK

2.1 Entity Resolution Approaches

The entity resolution problem has been studied in many
different areas under different names such as deduplica-
tion, record linkage, coreference resolution, reference
reconciliation, object consolidation, and others. Within the
machine learning community, most of this work has
focused on automatic methods rather than interactive
support. Much of the work has concentrated on entity
resolution based on attributes of the entity references.
Extensive research has been done on defining approximate
string similarity measures [1], [10], [26], [31] that may be
used for unsupervised entity resolution.

A number of recent approaches take relations into
account for entity resolution and data integration [5], [15],
[17], [29], [30], [41]. The relational methods have been
shown to increase performance significantly over the
attribute-based solutions for the same sets. However, they
pay a price in terms of computational complexity. The
similarity computations become more expensive, and in the
case where the dependence of the resolution decisions is
taken into account, iterative solutions that make multiple
passes over the data are required.

Unlike these fully automatic methods, D-Dupe allows
users to use a mix of strategies for resolving duplicates. Users
can define a variety of similarity measures that are based
solely on attribute values, and D-Dupe will visually show the
relational context for selected pairs; users can also define
more complex similarity measures that take into account the
overlapping neighbors when searching for potential dupli-
cates. Users have the choice of inspecting each potential
duplicate or automatically merging all duplicates with a
similarity score above a user-selected threshold.

2.2 Interactive Data Cleaning

Within the database community, there has been work on
interactive data cleaning [36], [38], and there is an
increasing number of commercial tools, which support
interactive data cleaning. The research and tools allow
users to define rules for correcting mistakes in data and
allow users to inspect and resolve mistakes in the data.
However none of these tools support resolving references,
which are linked via relationships. The tools use tabular
views, which show only the attribute values of the potential
duplicates, and there has been little research into appro-
priate visualizations.

Within the machine learning community, there has been
work on automatically learning similarity functions based on
user feedback [23], [32], [34]. This work assumes there is a
single similarity measure that will be accurate across all
instances. D-Dupe takes an alternate approach, which allows
users to use a variety of similarity metrics for ranking
potential duplicates and combine the results as appropriate.

2.3 Network Visualization

Visual analysis of networks is an integral component of the
field of social network analysis and is in many ways
fundamental to its very definition [22]. There are several
excellent surveys describing social network visualization
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Fig. 1. D-Dupe consists of three coordinated windows: the potential duplicate viewer on the left, the relational context viewer on the upper right
corner, and the data detail viewer on the lower right corner. The potential duplicate viewer shows the list of potential duplicate author pairs that were
identified based on the user-defined similarity metric. The relational context viewer visualizes the coauthorship relation between the potential
duplicate author pair selected in the potential duplicate viewer. The data detail viewer shows all the attribute values of the nodes (authors) and edges

(papers) displayed in the relational context viewer.

within the social sciences literature [21], [33] and the
information visualization literature [9], [18], [37]. In addi-
tion, several websites [2], [39] show a rich variety of
network visualization examples, and there are many useful
social network software packages that focus on interactive
visualization of the complete network [6], [19], [20], [23],
[28]. While we make use of network visualization in D-
Dupe, our work is quite distinct since we focus on
visualizing the relationships between pairs of references
rather than the complete network.

3 INTERFACE DESIGN PRINCIPLES

The challenge of entity resolution in large relational data
requires an interface that provides tight integration of
statistical data mining algorithms, meaningful presentation
of carefully selected subnetworks, and ready access to rich
details to confirm or refute user conjectures.

Our interface design provides simple access to sophis-
ticated entity resolution algorithms and enables users to
flexibly apply sequences of actions to identify duplicates
effectively. In addition, users are provided with a simple
network visualization, which displays the relational context
between potential duplicates and allows users to make
quick resolution decisions based on the context. The
subnetwork visualization is based on the information
visualization principle of laying out the entities on a
meaningful substrate [4], [12] and is well suited to entity
resolution tasks.

In this section, we introduce an interactive entity
resolution tool, D-Dupe, and illustrate how our design

principles are applied to the overall interface design by
demonstrating a simple entity resolution scenario (resolving
duplicate authors) using a real-world bibliographic data set.
The data set consists of a subset of ACM Digital Library,
which contains 4,073 papers from the ACM CHI conference
from 1982 to 2004 authored by 6,358 people.

Fig. 1 shows the overall D-Dupe interface, which is
composed of three coordinated windows: the potential
duplicate viewer, the relational context viewer, and the data
detail viewer. The potential duplicate viewer (on the left)
shows a list of potential duplicate author pairs that are
identified and ranked based on user-defined similarity
metrics. Users can select a potential duplicate author pair,
and then the relational context viewer (in the upper right
corner) shows the coauthor relationships between the
potential duplicate author pair. Fig. 1 shows a simple
semantic graph layout that represents the coauthorship
relationships of the two potential duplicate authors,
“George W. Fitzmaurice” and “George Fitzmaurice.”
Finally, the data detail viewer (in the lower right corner)
shows all the attribute values of nodes (authors) and edges
(papers) displayed in the relational context viewer.

Users begin the entity resolution process by loading one
or multiple data files depending on their task (deduplica-
tion or data integration). Before searching for potential
duplicates, users need to define a similarity metric, which
describes what information should be used to determine if
two records may match. For example, if users consider
authors likely to match when they have similar names and
affiliations, users can select the attributes such as author’s
name and affiliation for computing the author similarity.
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After the similarity metric is defined as described above,
users can search for the potential duplicate authors using
the search button located in the potential duplicate viewer.
Once the search has been completed, users can see a list of
potential duplicate author pairs, sorted by their similarity,
in the potential duplicate viewer. Users can scroll through
the list of potential duplicate pairs and select a potential
duplicate pair for further analysis.

Users can then see the coauthorship relations between
the potential duplicate authors in the relational context
viewer. The relational context viewer shows a subnetwork
that only contains the potential duplicate authors and their
coauthors rather than an entire network. The relational
context viewer is divided into five regions (separated by red
dotted lines in Fig. 1). The potential duplicate authors are
located in the second and fourth regions, the shared
coauthors in the third region, and the nonshared coauthors
in the first and fifth regions. With this simple but stable and
meaningful layout, users can easily recognize the coauthor-
ship relation between the potential duplicate authors. Users
can dynamically resize, sort, filter, and brush the nodes and
edges in the viewer for better understanding of the
relationship between the potential duplicate authors.

Users can resolve the potential duplicate authors in three
ways: 1) merge the potential duplicate authors, 2) mark
them as distinct authors to exclude from further search
results, and 3) leave them for later or other users’ decision.
Once duplicate authors are merged, D-Dupe automatically
searches for the next potential duplicate authors for the
merged author and shows it in the relational context
viewer. With this feature, users can make a series of
resolution decisions for the multiple references to the same
author and resolve them incrementally.

4 DATA MODEL

We designed D-Dupe to work with several schemas for
relational co-occurrence data. The most generic is the
affiliation network schema [32], which describes data consist-
ing of two types of entities, referred to as Actors and Events,
and there is one relationship between the entities, a
participation relationship, which links actors to events. In
our earlier example, the actors are the authors, the events
are the papers, and the participation relationship represents
the author relationship between an author and a paper.
These are referred to as affiliation networks in the social
network research community and are often viewed as
bipartite graphs, with actors as one set of nodes, events as
the other set of nodes, and participation links between
actors and events. Each of the entities in the network may
have additional associated attributes, and we also assume
they have an associated unique identifier Id. It is straight-
forward to describe the data model using the following
relational schema over an actor relation A, event relation &,
and participation relation P:

[} A(Ida,al,ag,...

o FE(Id. ey, e,..

e P(Id,, Id.).

In addition, D-Dupe also supports a data schema that
can be described as a standard node-link graph model,
which has advantages in representing the data with
directed edges or the data with only one type of entity
(either actor or event).

aam);
S en);
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5 IMPLEMENTATION CHALLENGES

In this section, we explore the challenges in designing an
interface for interactive entity resolution and our proposed
solutions by describing the features of D-Dupe following
the steps of the entity resolution process.

5.1 Data Integration and Deduplication

Entity resolution is useful for two related tasks, deduplica-
tion and data integration. Deduplication (also known as
data cleaning) is the process of reconciling multiple
references within a single data source to the same real-
world entity. The main goals are avoiding data redundancy
and data inconsistency, enhancing the correctness of data
statistics and facilitating knowledge discovery [16], [24].
Data integration is a closely related but slightly different
task. Data integration is the process of determining
approximate matches or joins for consolidating data from
multiple sources. The availability of data from a wide
variety of sources often requires the process of finding and
matching multiple references across multiple data sets.

To support both entity resolution tasks, we designed D-
Dupe toimport multiple data input files and let users choose a
method for comparing entities in multiple data sources
depending upon their specific entity resolution tasks. If the
data schemas of imported data files are not exactly the same,
D-Dupe unions them by default and indicates which
attributes are common among the data files so that those
attributes can be used for defining a similarity metric for
deduplication and data integration tasks. This mechanism
can be enhanced further by using various schema matching
algorithms [7].

5.2 Similarity Metric Definition

The entity resolution process generally starts with the
similarity search to find potential duplicate pairs to explore.
There is a great deal of flexibility in how the similar pairs
are found. The decision can be based on similar attribute
values or it can be based on the relational similarity
between the entities. Once users have defined a similarity
criterion, the database is searched, and pairs of similar
entities are presented.

Our component design for defining a similarity metric is
based on the definition of the similarity [16], [17] between
two entities, ¢; and e;, which is the weighted combination of
the attribute similarity of the two entities and the relational
similarity:

sim(ej, ej) = (1 — ) x sima(e;, ;) + o X simp(e;, €5),
0<a<l,

where sim(e;, e;) represents the similarity of attribute, and
simp(e;, ;) represents the relational similarity between the
entities. sim(e;, e;) is further defined as

n
simy(e;, ;) = ng x sim_funy(e; - ar, €j - ar),
=1

n
—1<w, <1 and Z|wk\:l,
k=1

where sim_fung() is a similarity measure function for
kth attribute, e; - a;, is the kth attribute value of entity e;, wy,
represents a weight of kth similarity measure function, and
n represents the number of entity attributes.
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D-Dupe supports several measures of attribute similarity
including common string similarity measures [8], [10], [25],
[40] such as

e Levenstein (edit distance): the minimum number of
insertions, deletions, and substitutions required to
transform one string to the other.

e Jaccard: the size of the intersection among the
characters divided by the size of the union of the
characters occurring.

e Jaro and JaroWinkler: more sophisticated string
similarity scores, which look at the similarity within
a certain neighborhood; the JaroWinkler score is
based on Jaro and weights matches at the beginning
more highly.

e MongeElkan: another more sophisticated string
similarity measure, which looks at matching sub-
components of the strings; it is good at finding
swapped fields, such as first and last names.

We use the implementations from the open source

library SimMetrics [35] for these measures.

The relational similarity simpz(e;,e;) uses neighborhood
information (neighboring entities) of e; and e;. D-Dupe
supports several measures of neighborhood similarity. For
example, one simple approach for measuring commonness
between the entities is counting the overlap in their
neighbors:

1
CommonNbr(e;, ej) = 788 |Nbr(e;) N Nbr(ej)|,

where Nbr(e;) represents the set of neighboring entities of
e;, and K is a large enough constant such that the measure
is less than 1. This can be normalized by the total number of
neighbors:

|Nbr(e;) N Nbr(e;)|
|Nbr(e;) UNbr(e;)|

CommonNbrRatio(e;, e;) =

Users can use larger neighborhoods (Higher Order Neigh-
borhood [16]) to calculate the number of neighboring
entities of e. For example, the second-order neighborhood
can be calculated by recursively taking the set union of the
neighborhoods of all neighboring entities just as

2 _ /
Nbre(e) = Ue,erT(e) Nbr(e').

We designed the similarity metric tab to be part of the
potential duplicate viewer so that users can define a
similarity metric using both attribute similarity and rela-
tional similarity. In the attribute similarity groupbox, users
can see all the entity attributes available in the imported
data set in the first column. Fig. 2 shows there are 13 author
attributes in the sample data set such as person_id,
first_ name, middle_name, last_name, affiliation, bio, and
so on. The second column, the similarity measure column,
allows users to choose a similarity measure function for
each attribute. Each cell in this column displays different
similarity function options depending on the attribute data
type (e.g., string or number). For example, users can use
string matching functions described earlier for computing
the name similarity. Each similarity measure function has
its advantages; for example, Levenstein is able to capture
misspellings and JaroWinkler performs well for matching

1003

Search Potential Duplicate Pairs by Similarity Metric

| Potential Duplicate Pairs | Similarity Metric |
Attribute Similarity

Attributes Similarity Measure  Weight
person_id None ﬁl 0.000
full_name None 4 0.000

bio None
country None 3 0.000
institution None 24 0.000

Relational Similarity

Similarity Measure Weight

Clear Al |

0 0

Fig. 2. The similarity metric tab in the potential duplicate viewer allows
users to use both attribute and relational similarity measures for
computing the similarity between the comparing entities.

person names and abbreviations. The choice of similarity
measure function depends upon the application, and one of
D-Dupe’s advantages is the ease and flexibility with which
users can explore multiple similarity function combinations
and orderings. In the last column, users can assign either
positive or negative weights to the corresponding similarity
functions. In Fig. 2, first_ name, middle_name, last_name,
and affiliation attributes are selected, and Jaro, JaroWinkler
string match functions are applied to the selected attributes,
respectively, for computing the similarity of author entity.
In addition, the Common Neighbor Ratio relational
similarity (bottom of Fig. 2) is selected in defining a
similarity metric.

The overall design of the interface can be extended
for supporting user-defined domain-specific similarity
functions.

5.3 Potential Duplicate Search

Once the similarity metric is defined, users can search for
the potential duplicate entities in the imported data sets.
Using the search options provided in the potential duplicate
viewer, users can control the performance and complete-
ness of search depending upon their tasks.

D-Dupe is designed to have logical data partitions in
each data file for improving the search performance. By
default, D-Dupe compares all the possible pairs of entities
to find the potential duplicates. However, unless the data
sets are very small, it is often impractical to perform
exhaustive search. Apart from the scaling issue, most pairs
checked by O(n?*) comparisons will be rejected since usually
only a few of all pairs are true matches [16]. To handle this
issue, D-Dupe supports blocking techniques. Blocking
algorithms [24] generate candidate matches and partition
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Patential Duplicate Pairs

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 14, NO. 5, SEPTEMBER/OCTOBER 2008

Similarity Metric

Simnilarity Left Node Right Node Q

1.000 Fabio Paternd Fabio Paternd @

0.991 BoZena [Boba] Man... BoZena [Boba) Mann...

0.930 Kristinn R. Thorisson  Kiristinn R. Torisson

0.930 Antonella De Angeli Antonella DeAngeli

0.989 Chrigtopher Rouff Christopher Rougff

0.989 Stephen A. Brewster  Stephen A Brewster

0.989 John &, Waterworth John & Waterworth

0.989 Thecla Schiphorst Thecla Shiphorst ¥
Search Algorithm Blocking Algorithm - Sample Clustering By Mame D
Search Potential Duplicates | Both Within and Across Data Source Files I:I
Number of Potential Duplicate Pairs (1 ~ 300) 200 E

Search Potential Duplicate Pairs ]

Fig. 3. Search options located in the potential duplicate viewer to support
both deduplication and data integration tasks with blocking algorithms.

the full cross product of entity comparisons into mutually
exclusive blocks as a preprocessing step and compare only
pairs of references within each block. This can significantly
improve the search performance.

Fig. 3 shows the search options located in the potential
duplicate viewer. From the search algorithm option, users
can choose either exhaustive search or one of the predefined
blocking algorithms. The internal design allows developers
to plug in their own blocking algorithms that are appro-
priate for the specific tasks. In addition, users can select
how references are matched in multiple data files from the
“Search Potential Duplicates” option. By default, the “Both
Within and Across Data Source Files” option is selected to
support both deduplication and data integration tasks at
once, but users can only focus on either deduplication or
data integration tasks. Finally, users can also specify the
number of potential duplicate entity pairs to be displayed in
the potential duplicate viewer so that they can focus only on
the most likely duplicates in data.

Sometimes rather than examining the most likely
duplicates, users may want to search for a specific entity
using keywords in its attribute values. The “Search Entity
by Keyword” panel located at the bottom of the potential
duplicate viewer (lower left corner of Fig. 1) supports the
single entity search by keyword. In addition, users can
search for all the potential duplicate entities of the selected
entity by double clicking an entity in the list.

5.4 Relational Context Visualization

Instead of visualizing the entire network, D-Dupe shows
only the subnetwork relevant for the entity resolution task
with a novel semantic layout. The nodes are laid out on a
stable and meaningful substrate where the potential
duplicates and other related entities always appear at the
same location. This simplification not only reduces the
users’ cognitive workload in scanning the network structure
but also allows D-Dupe to scale to large networks.

In addition, the semantic layout is designed to enable users
to easily find chains of potential resolutions by detecting
unidentified possible duplicate entities across nonshared
neighbors. For example, if the potential duplicate entities are
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Fig. 4. Visualization of the potential duplicates across the nonshared
neighbors. (a) An original semantic layout for the potential duplicate
authors identified across different data sets. (b) A transformed layout in
which the matching pairs identified across nonshared neighbors are
moved and placed in the shared coauthors region.

from different data sets, it is not unusual that initially they do
not have any shared neighboring entities since the neighbor-
ing entities of each potential duplicate entity are also from
different data sets. Fig. 4a shows a semantic graph layout that
does not have any shared coauthors between the potential
duplicate authors. The relational context viewer is designed
to provide a similarity threshold slider in the toolbar so that
users can check if there are any potential duplicates across the
nonshared neighbors. If any entity pairs across the nonshared
neighbors have higher similarity than the threshold specified
by the slider, they are automatically moved in between the
potential duplicates and placed next to each other, as shown
in Fig. 4b. With this transformed layout, users cannot only
anticipate the possible matches across the nonshared neigh-
boring entities but also understand the actual underlying
relationship more clearly.

In the example, the relational context viewer visualizes
authors as nodes and papers as edges, but their representa-
tions can be switched due to the structural symmetry in
data. D-Dupe is designed to support this graph duality so
that users can focus on resolving both types of entity and
explore the network structure in different perspectives.

5.5 Clusterwise Relational Context Visualization

The pairwise relational context visualization is further
extended to the clusterwise relational context visualization.
This visualization shows users the relationships between
potential duplicate clusters rather than individual potential
duplicate pairs and enables users to accomplish both
deduplication and data integration tasks at once more
efficiently.

Fig. 5a shows an example of clusterwise relational
context visualization, which illustrates two potential dupli-
cate author clusters found across the ACM-KDD publica-
tion data and the ACM SIGMOD publication data. The
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Fig. 5. A clusterwise relational context visualization not only illustrates the relationship between the clusters but also the relationship among the
individual entities within the clusters. Each cluster can be collapsed into a single node, which enables users to observe either one-to-one, one-to-
many, or many-to-many relationship. (a) Relational context visualization between the potential duplicate clusters found across the ACM-KDD and the

ACM SIGMOD data sets. (b) Relational context visualization of two potential duplicate clusters detected within the ACM SIGMOD data set.

potential duplicate author on the left, “David J. Dewitt” is
from the ACM-KDD data. On the other hand, three
potential duplicate authors enclosed in a rectangle on the
right {“David DeWitt,” “David ] DeWitt,” “David De Witt”}
are from the ACM SIGMOD data. Just as in the pairwise
layout, the potential duplicate clusters are placed in the
middle of the screen. All the shared coauthors of both
clusters are placed in between them, and all the nonshared
coauthors of both clusters are placed on the sides. In Fig. 5a,
even though the author clusters were found across two
different data sets, they have four shared coauthors,
“Biswadeep Nag,” “Haran Boral,” “Michael ]. Franklin,”
and “Navin Kavra,” because those authors have unique
identifiers in the ACM database. On the other hand, there
are three potential duplicate coauthor pairs found across
the nonshared coauthors, thus they are moved in between
the author clusters and placed next to each other. Both the
shared coauthors and the nonshared coauthors can be either
sorted or filtered by their attributes such as names, node
size, edge size, and so forth, so that users can understand

Authorized licensed use limited to: University of Maryland College Park. Downloaded on

the connections more clearly while reducing the edge
crossings. With this clusterwise relational context visualiza-
tion, users can easily recognize not only the coauthorship
relation between the clusters but also the relationship
among the individual authors in the clusters.

The potential duplicate entities in the cluster rectangle
can be collapsed into a single node by double clicking it.
With this mechanism, users can focus only on the relation-
ship that they want to observe such as one-to-one (pairwise
intercluster relationship), one-to-many (relationship be-
tween individual node and cluster), and many-to-many
(relationship between all the nodes across the clusters). In
addition, users can merge all the potential duplicate authors
in the clusters with a single interaction. This single
interaction accomplishes both deduplication and data
integration tasks at once, which would require many more
iterative steps using the pairwise entity resolution method.
Users can choose only a few individual authors in the
clusters for merging, if the clusters contain any hard-to-
decide duplicate authors.
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person_id P268059 P429876 P507603 P268058 P268053-P429876-P507603-P268058
full_name Stephen Brewster Stephen A Brewster Steven A. Brewster Stephen A. Brewster Stephen A. Brewster

last_name Brewster Brewster Brewster Brewster Brewster

first_name Stephen Stephen Steven Stephen Stephen

middle_name A A, A, A,

suffix

affilliation University of Glasgow, Glasgow, UK University of Glasgow, Glasgow, UK University of Glasgow, Glasgow, UK University of Glasgow, Glasgow, UK University of Glasgow, Glasgow, UK
role Author Author Author Author Author

bio

country UK UK UK UK UK

institution University University University University University

state Unknown Unknown Unknown Unknown Unknown

continent Europe Europe Europe Europe Europe

Merge

L

J |

Cancel ]

Fig. 6. The “Merge Duplicates” dialog window shows all the potential duplicate entities along with their attribute values. Users can either pick values
from the potential duplicate entities’ cells (selected cells are highlighted light yellow) or type in new values for the new entity that is created by

merging the selected potential duplicate entities.

The clusterings implemented in D-Dupe can be used not
only for detecting the potential duplicate clusters across the
different data files but also for finding clusters within the
same data file. Fig. 5b shows two potential duplicate author
clusters, {“Jeffrey D Ullman,” “Jeffrey D. Ullman”} and
{“Jeff Ullman,” “Jeffrey Ullman”}, found within the same
ACM SIGMOD publication data.

To be more flexible in clustering, D-Dupe dynamically
searches for the potential duplicates of the selected entity pair
based on the currently selected similarity metric and blocking
algorithm. Users can adjust the similarity metric or the search
options to identify the appropriate potential duplicate
clusters depending on their resolution tasks.

5.6 Entity Resolution

In our interface design, users can make resolution decisions
by using two buttons, “Mark Distinct” and “Merge Dupli-
cates,” in the data detail viewer. If the potential duplicate
entities are not actual duplicates, users can record this using
the Mark Distinct button. Then, the marked pairs are excluded
from further search results by default but can also be shown
with a different background color in the search results in case
users want further investigation. On the other hand, when the
Merge Duplicates button is pressed, the Merge Duplicates
dialog window pops up. As shown in Fig. 6, the dialog
window shows all the entity attribute names in the first
column and corresponding attribute values for each potential
duplicate entity in the following consecutive columns. The
last column shows the attribute values of the entity to be
created by merging the selected potential duplicate entities.
The merge duplicates window allows users to either pick
values from the potential duplicate entities” cells or type in
new values to the cells in the last column. Users can
selectively merge the entities by choosing a check box in the
first row, if the dialog window contains any entities the user
wishes to exclude.

When the Merge button is pressed, D-Dupe creates a new
entity node with the assigned attribute values and replaces
all the potential duplicate entities in the data set with this
new node. Instead of removing the entities that were
merged to a new entity, D-Dupe attaches those entities to
the newly created entity as children. Each entity node has
both parent and children link fields. With this hierarchical

structure, D-Dupe is able to easily keep track of the merging
history of the potential duplicate entities and make
resolution process reversible without affecting other resolu-
tion decisions in the same history thread just by splitting
child entity nodes from their parent.

D-Dupe allows fine-level user control over resolution
decisions. In addition to pairwise and clusterwise entity
resolution mechanisms, we have added support for bulk
merging, which enables users to merge multiple potential
duplicate pairs with a single interaction. In this mechanism,
users set a similarity threshold in advance so that all the
retrieved potential duplicate pairs whose similarity values are
greater than the specified threshold are automatically merged
in sequence from higher similarity duplicate pair to lower
similarity duplicate pair. However, like other automatic
machine data cleaning approaches, it is not easy to choose a
proper threshold value that can assure both high precision
and high recall. Therefore, we implemented a supplementary
mechanism that allows users to select a subset of potential
duplicate pairs displayed in the potential duplicate viewer
and apply bulk merging only to the selected pairs.

5.7 Entity Resolution History

The Node Lineage dialog (Fig. 7) is designed to allow users to
inspect the merging history of an entity. Users can bring up
the dialog either by double clicking the entity or using a
popup menu in the data detail viewer.

The tree view (bottom of Fig. 7) shows the order as well as
the hierarchy of the merged entities along with their prior
attribute values. The first row represents the current entity
that was created by merging two prior entities (second and
sixth rows). The entity in the second row was also created by
merging three prior entities (rows 3 through 5). Alternatively,
the graph view (top of Fig. 7) shows a subnetwork with the
selected entity in the center and all its neighboring entitiesina
concentric circle. By double clicking the center node, users
can see how the prior duplicate entities (entity nodes within
the red circle in Fig. 7) used to be connected to the current
neighboring entities.

If users decide they want to reverse a resolution decision
from the Node Lineage dialog, they can restore the prior
entities by pressing the split button located at the bottom of
the window (Fig. 7). Because of the hierarchical structure of

Authorized licensed use limited to: University of Maryland College Park. Downloaded on December 21, 2009 at 12:12 from IEEE Xplore. Restrictions apply.



KANG ET AL.: INTERACTIVE ENTITY RESOLUTION IN RELATIONAL DATA: A VISUAL ANALYTIC TOOL AND ITS EVALUATION

astiowNodedineape,

1007

EIE[X)

t X Peter C '.Wry
Peter G C ry-é'r' S

Rameshsharma Ramlol——__

| Je——

Lorna N:’ Brown

Stephen A. Brewster_ ) g

Stephkn A Brewster
Stephen A. Brewster

([ ) cda.

7D. N. Edwards

All (

u skl )
_—Steven A. Wall

_,,J‘. \

Slevk /-‘\'“E’ir wster "’rr"}»\ﬂﬁl Pirhonen

thb "Gray

Chnsmph'e;,'r Holguin
Malcoim Hall X .7
lan Oakley

Marek Bell

Marilyn Rose McGee

B

Stuart Tasker

Joanna Lumsden

person_id full_name last_name first_name middle_name affilliation role country institution state suffix o]
Stephen A Brewster Brewster Stephen A University of Glasgow, Glasgow. UK Author UK University Unknown
P507603-P268055-P425876-P268058 Stephen A. Brewster Brewster Stephen A University of Glasgow, Glasgow, UK Author UK University Unknown
P507603 Steven A. Brewster Brewster Steven A University of Glasgow, Glasgow, UK Author UK University Unknown E
P26805% Stephen Brewster  Brewster Stephen University of Glasgow, Glasgow, UK Author UK University Unknown ’
P429876 Stephen A Brewster Brewster Stephen A University of Glasgow, Glasgow, UK Author UK University Unknown | |
P268058 Stephen A. Brewster Brewster Stephen A University of Glasgow, Glasgow, UK Author UK University Unknown L-:-‘
] I 1 B
[ Split J [ Close ]

Fig. 7. The Node Lineage dialog: the graph view (on the top) visualizes how prior duplicate entities used to be connected to the current neighboring
entities of the merged entity, while the tree view (on the bottom) shows the hierarchy of previously merged duplicate entities.

entity resolution history, users can split only the incorrect
decision link without affecting other prior resolution
decisions in the same history thread.

Generally, users want only the final cleaned or integrated
data to be saved for use by other applications. However,
sometimes users may want to see all the history of
intermediate entity resolution decisions and processes. For
example, if multiple users collaborate on the entity
resolution task, they may need to examine others’ resolu-
tion decisions or correct them if necessary. Therefore, we
designed D-Dupe to support both cases in exporting data.
Users can export only the cleaned final data results to a new
data file, or they can export the data along with all the
intermediate resolution decisions as well.

6 SYSTEM ARCHITECTURE

D-Dupe was written in C# using the University of Maryland’s
open source toolkit, Piccolo [3], for network visualization. The
D-Dupe architecture is composed of three parts: Model,
View, and Controller [11]. The D-Dupe Model manages all the
data-related processes as well as data mining algorithms so
that D-Dupe View can request the necessary data from the
model and visualize them independently from the internal
data structures or algorithms that the model uses. The D-
Dupe Model consists of three modules: the data mining
algorithm module, the graph data structure module, and the
data input/output (I/O) module. They are designed to be
modular so that other developers can add their own domain-
specific algorithms and similarity measures to improve
accuracy and performance for entity resolution. Each module
has descriptions about the input and output formats for the
customizable functions so that developers can implement
their own algorithm functions or similarity measure func-
tions in the module without caring about any internal data
structures as long as they use the same input and output

formats for their functions. In addition, developers can add
otherI/Omodules to support various types of databases such
as XML DB and OODB. The current data mining algorithm
module uses an open source library SimMetrics [35] for string
distance measure functions. The D-Dupe Controller manages
all the events raised by the viewers, coordinates the viewers,
and controls all the data flow among the viewers. In addition,
it manages the history mechanism so that users can switch
back and forth to the previously searched sets of potential
duplicates without researching the same set repeatedly,
which often slows down the entity resolution process.

7 EVALUATION

Our earlier work [27] demonstrates the benefits of integrating
the data mining algorithms with a meaningful layout of the
selected subnetwork by using several case studies on
bibliographic data sets such as CiteSeer and PubMed. In
addition, the scalability and the utility of the D-Dupe
approach has been well demonstrated in our earlier work
[14] by applying D-Dupe to real-world geospatial data sets,
which contain more than 200,000 records of locations and
over a million neighborhood relationships. In this study, we
were able to identify more than 200 duplicate locations and
deduplicate them while integrating 135 matching locations
across the data sets within a half hour of use of D-Dupe, even
though these data sets were carefully prepared for public
release by National Geospatial-Intelligence Agency. To
confirm these benefits and the payoff from still richer visual
features, we conducted an empirical study to measure task
completion times, success rates, and user confidence.

7.1 Study Design

We used a 2x2x4 (two interfaces with two different
bibliographic data sets with four different types of potential
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duplicates) repeated-measure within-subject design. To
control for the effect of order and learning, we prepared
two sets of potential duplicate pairs with similar difficulties
for each bibliographic data set and counterbalanced the order
of presentation of the interfaces and the data sets. Four
dependent variables were collected in this study: task
completion time, success rate, errors, and user confidence.
Participants were given 12 potential duplicate pairs in each
data set and each interface (a total of 48 potential duplicate
pairs). Task completion time was measured by recording the
time when users press a start button until they make a final
resolution decision by pressing one of three decision buttons
(“They are same,” “They are different,” or “I don’t know”).
Success rate is the percentage of users’ correct resolution
decisions (based on the ground truth data) with respect to the
total number of tasks in each set. There are two types of errors
users can make: marking actual duplicates as distinct entities
or marking nonduplicates as the same entity. Participants
were asked to indicate their confidence (1-9 range) by
selecting a radio button in a popup dialog on every resolution
decision they made (except the “I don’t know” decision)
during the study.

Participants. We recruited 12 participants (10 males and
2 females, ages between 25 and 39). They were all graduate
students (between three and six years) in the Department of
Computer Science, University of Maryland, College Park,
who were comfortable with computers, familiar with
scientific publications, and able to quickly understand the
concept of relational databases and entity resolution (data
cleaning). Among the participants, four of them were
somewhat familiar with the ACM CHI publications. They
either have submitted research papers to the CHI con-
ference or have referenced papers published in the CHI
conference. However, they were not familiar with the ACM
SIGMOD publications. Another group of four participants
was somewhat familiar with the ACM SIGMOD publica-
tions but not familiar with the ACM CHI publications.
Finally, the remaining four participants were not familiar
with either ACM CHI or ACM SIGMOD publications. The
participants received $15 for their participation. To increase
motivation, an extra $5 prize was given to the participant
with the highest success rate and the fastest completion
time for each interface. The study took 60-90 minutes
depending on participants” performance.

Data sets. Two real-world bibliographic data sets were
used for this study. Both data sets were from the ACM
Digital Library. The first data set contains 4,073 papers
published in ACM CHI conferences over 20 years (from
1982 to 2004) and 6,358 authors of those papers. The second
data set consists of 2,833 authors and their 1,637 papers
published in ACM SIGMOD conferences from 1986 to 2005.
From each bibliographic data set, we searched for potential
duplicate authors using D-Dupe and prepared two sets of
potential duplicate author pairs for each data set. The data
sets were named CHI1, CHI2, SIGMOD1, and SIGMOD?2,
respectively. Each data set contains 12 potential duplicate
author pairs, which were carefully chosen by the strategy
described below.

First, potential duplicate author pairs were searched in
each data set based on authors’ full name. No other author’s
attributes such as affiliation, nationality, role, and so forth,
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were used. The intent was not to exclude any potential
duplicate authors in the data set. An exhaustive comparison
with the JaroWinkler string matching algorithm was
performed to compute the similarity between all candidate
pairs. From the potential duplicate author pairs whose
similarity value was greater than a threshold (0.9), we kept
only the potential duplicate author pairs that have more
than five published papers in the conference. This was
intended to pick relatively influential and well-known
authors in both the CHI and SIGMOD publication venues.
From the above search results, 12 potential duplicate author
pairs were randomly selected for each data set, CHI1, CHI2,
SIGMOD1, and SIGMOD?2. Finally, we adjusted and
balanced the data sets to have similar average similarity
values and difficulties. In addition, we also adjusted the
data sets to have all types of potential duplicate author
pairs, which can be classified into four categories based on
the ground truth data:

type-1: duplicate authors with shared coauthors;
type-2: duplicate authors without shared coauthors;
type-3: nonduplicate authors with shared coauthors;
type-4: nonduplicate authors without shared co-
authors.

As a result, each data set contains seven type-1 pairs, two
type-2 pairs, two type-3 pairs, and one type-4 pair. Their
distribution rates (7:2:2:1) reflect the actual distribution
rate of four types of potential duplicate author pairs in the
searched results, making the empirical study data sets more
realistic.

Interfaces. Two interfaces were used for the study. The
first (interface-1) is a tabular style interface without any
graph visualization (Fig. 8). This interface is composed of
two data viewers: the potential duplicate viewer (on the
left) and the data detail viewer (on the right). The data
detail viewer is further divided into three subpanels: the
duplicate author viewer, the coauthor viewer, and paper
viewer. The duplicate author viewer shows the potential
duplicate author pair selected in the potential duplicate
viewer. Each row shows the author’s person id, first,
middle, and last names, and has its own color (white or
gray). There are resolution action buttons located in the
duplicate author viewer corresponding to the three
potential resolution decisions: “They are same,” “They
are different,” and “I don’t know.” Participants use these
buttons to make a resolution decision for a given potential
duplicate author pair during the study. The coauthor
viewer shows a list of coauthors of the potential duplicate
author pair displayed in the duplicate author viewer. As in
the duplicate author viewer, each row shows the coau-
thor’s attributes. Each coauthor row is colored white, gray,
or pink to represent the relational information between the
potential duplicate authors. A coauthor is colored white if
he or she coauthored papers only with the white author in
the duplicate author viewer. Similarly a coauthor is colored
gray if he or she has a coauthorship relation only with the
gray author. On the other hand, if a coauthor has written
papers with both authors, the row is highlighted pink in
the coauthor viewer. Finally, the paper viewer shows a list
of papers authored by the potential duplicate authors. Just
as in the coauthor viewer, each paper row is highlighted
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Fig. 8. A tabular style interface (interface-1): the potential duplicate viewer is located on the left and the data detail viewer is located on the right.

white, gray, or pink to represent which author wrote the
paper. In addition to the coauthor and paper information
provided by the data detail viewer, participants are
allowed to search the web to find out more information
about authors and papers for their resolution decision.
Double clicking on any row in the data detail viewer
initiates the automatic Google search with author’s full
name or paper title.

The second interface (interface-2) is the D-Dupe interface
that has an additional visualization component, the rela-
tional context viewer (Fig. 1). As described earlier, the
relational context viewer is tightly coupled with the data
detail viewer so that the selected nodes (author) or links
(papers) in the relational context viewer are highlighted in
the data detail viewer, and vice versa. In order to control for
the effect of the relational context visualization, participants
were not allowed to change the predefined settings of the
relational context viewer such as node order, node size, and
visible edges.

In both interfaces, participants are asked if they are ready
to proceed to a new entity resolution task. Once the start
button is pressed, the interface records how long it takes
until participants make a resolution decision by pressing
one of three resolution decision buttons. After a decision
has been made, the measured task completion time is
recorded into a log file, and a dialog box pops up and asks
the participants to indicate their confidence in the decision
(confidence values are between 1 and 9). This process is
repeated for each pair in the data set.

Procedures. Before beginning the study, participants
were asked to complete a background survey. The survey
contains questions about their experience with computers,
major study area, knowledge about the databases and
entity resolution, familiarity with data sets, and so forth.
Participants first received 5-minute training on the first
interface. The training session consisted of a brief review
of entity resolution concepts, a quick demonstration of the
interface, and detailed instruction on the usage of the
interface.

The tutorial was administered by the same person
following a basic script (explanations and demonstrations).
In addition to demonstrating the features of the interfaces,
the administrator explained basic strategies to complete the
tasks (for example, comparing the topics of the potential
duplicate authors’ papers). If participants did not recall the
strategies, they were reminded during the practice trials.
After the 5-minute training session, participants had time to
play around with it and try a set of practice tasks.
Participants were allowed to ask questions during the
practice tasks but not during the timed ones. When
confident to continue, they were given our study tasks.
Tasks did not have a time limit and participants were
allowed to give up on a task at any time. Once they
completed all the tasks for the first interface, the same
procedure was repeated with the second interface. To
control for the effect of order and learning, we counter-
balanced the order of presentation of the interfaces and the
data sets by choosing one of four sequences shown in
Table 1 for each participant.

After the participants finished all the tasks, they were
asked to complete post-study questionnaires for each
interface. Quantitative factors such as preferences, satisfac-
tions, usability, and learnability were collected along with
participants’” comments and suggestions during the post-
study survey session.

Apparatus. Participants used a PC running Windows XP
(3-GHz Pentium 4 with 2.5-Gbyte RAM) with a 24" wide
screen LCD monitor at 1,920 x 1,200 resolution. The
interfaces were maximized to the screen as default, but
participants were allowed to resize it while searching using
web browsers to search the web. Both testing interfaces
were modified from the original versions to collect log data
such as participants’ resolution decisions, user confidence,
task completion time, and so on, during the study.

7.2 Results

Fig. 9 shows bar charts that represent the overall average
task completion time, success rate, and user confidence,
respectively, with the error bars representing the confidence
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TABLE 1

Four Sequences of Combined Interfaces and Data Sets
Designed to Control the Learning Effect

Seq. Order
1 2 3 4
A Interface-1 Interface-2 Interface-1 Interface-2
(CHI1) (CHI2) (SIGMOD1) | (SIGMOD2)
B Interface-1 Interface-2 Interface-1 Interface-2
(SIGMOD1) | (SIGMOD2) (CHI1) (CHI2)
C Interface-2 Interface-1 Interface-2 Interface-1
(CHI1) (CHI2) (SIGMOD1) | (SIGMOD2)
D Interface-2 Interface-1 Interface-2 Interface-1
(SIGMOD1) | (SIGMOD2) (CHIN) (CHI2)

interval with a 0.05 confidence level. Overall, it was
remarkable to see that all the participants were able to
successfully complete 48 entity resolution tasks with more
than 90 percent success rate within an hour of use of our
tools after having just a 5-minute training.

We used paired t¢-test to examine if there are any
significant differences in completion time, success rate,
and user confidence for each task with respect to each
interface. The results show that participants were able to
accomplish the given entity resolution tasks significantly
faster with the relational context viewer (t-value: —3.86,
P-value < 0.0001) than without it (Fig. 9a). As for the
success rate, the relational context viewer helped partici-
pants make somewhat more accurate resolution decisions,
but the t-test shows that the difference was not statistically
significant (t-value: 1.24, P-value: 0.1107) with 0.05 con-
fidence level. However, participants were more confident
about their resolution decisions when they used the
relational context viewer than when they did not use it
(t-value: 4.71, P-value < 0.0001).

We investigated the correlation between the success rate
and the user confidence to examine if user’s confidence
affects the success rate and also to see if the relational
context viewer generates false confidence. Fig. 10a shows a
scatter plot in which each plot represents a task (a total of
48 resolution decisions) with overall average success rate
and user confidence (z-axis: success rate, y-axis: user
confidence). There is a positive correlation between success
rate and user confidence. On the other hand, Fig. 10b shows

Correlation between
Success Rate and User Confidence

1 * . * o
0‘8 . R .o :
0.6 y=0.10x + 0.13 :
0.4 R2=0.19 .
0.2
0
1 3 5 7 9
(a)
Correlation between Success Rate and User
Confidence (with relational-context viewer)
1
—
0.8 y = 0.04x + 0.58 .
06 R2=0.03 .
0.4 :
0.2
O T T T T
1 3 5 7 9

(b)

Fig. 10. Correlation between success rate and user confidence.
(a) Scatter plot of 48 study tasks with their overall success rate and
average user confidence. (b) Scatter plot of 48 study tasks with average
success rate and user confidence when the relational context viewer
was used.

a scatter plot of 48 decisions resolved only with the
relational context viewer. The slope of the trend line is less
steep because each decision has much larger changes in
success rate than the changes in user confidence. Note that
we still can see a positive correlation between the success
rate and the user confidence, which suggests that the
relational context viewer did not result in misguided
confidence to the participants despite a few outliers.
Analysis by task types. In addition to the analysis of
overall average of completion time, success rate, and user

‘ D with relational-context viewer . without relational-context viewer
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60 - 1
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Fig. 9. Average task completion time, success rate, and user confidence for the interface with the relational context viewer and the tabular interface.
Error bar indicates the confidence interval with 0.05 confidence level. (a) Overall average task completion time. (b) Overall success rate. (c) Overall

user confidence.
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confidence for each interface, we also analyzed the study
results in terms of four types of the potential duplicate
author pairs: type-1: duplicate authors with shared co-
authors; type-2: duplicate authors without shared coau-
thors; type-3: nonduplicate authors with shared coauthors;
and type-4: nonduplicate authors without shared coauthors.
We were interested in analyzing the effectiveness of the
relational context viewer for the different types of potential
duplicate pairs.

Not surprisingly, the participants spent less time on
type-1 and type-3 tasks (Fig. 1la) with higher user
confidence (Fig. 11b) and better success rate (Fig. 1lc),
regardless which interface they used. Our hypothesis is
that this is because the participants were able to make use
of the relational information between the potential
duplicate authors in their resolution decisions. On the
other hand, they were more careful in making decisions
for type-2 and type-4 tasks and spent more time searching
the web since the relational information in these tasks was
not that helpful.

As shown in Fig. 1la, the participants were able to
complete all types of tasks faster with the relational context
viewer than without it in terms of task completion time.

However, it is interesting that the relational context
viewer has statistically significant improvements only for
type-1 and type-2 tasks. The variance of completion time for
type-4 tasks is relatively large because there are only four
tasks of this type in the data sets (one in each data set). The
paired t-test shows that type-1 tasks have t-value = —3.15
and P-value < 0.001, and the type-2 tasks have t-value =
—2.13 and P-value = 0.035, respectively.

The analysis of user confidence shows similar results
(Fig. 11b). The overall average user confidence with the
relational context viewer is higher than without it for all
types of tasks. However, only type-1 tasks (t-value = 5.00,
P-value < 0.001) and type-2 tasks (¢-value = 2.57, P-value =
0.0185) have statistically significant differences. On the
other hand, there are no significant improvements in
success rate for any specific task type.

From the above analysis, it is apparent that the relational
context viewer assists users in accomplishing certain types
of entity resolution tasks significantly faster and makes
them feel much more confident about their decisions.
However, we did not find any clear evidence in this study
whether it also helps users make more accurate resolution
decisions. This may be due to the small number of
participants in this study or the relative lack of difficulty
in the tasks, and further research is warranted.

Analysis of the effect of users’ familiarity with data. We
investigated further to see if users’ familiarity with the data
sets had an effect on the utility of the interfaces. As mentioned
earlier, we classified participants into three groups based on
their familiarity with the data sets (participants familiar with
CHI data set, participants familiar with SIGMOD data set,
and participants familiar with neither). Figs. 12a and 12b
show the average task completion time for the SIGMOD data
setand the CHI data set, respectively, with respect to the three
participant groups. There seems to be a relationship between
the task completion time and users’ familiarity with the data
set. In other words, the participants accomplished the tasks in
familiar domains more quickly than in unfamiliar domains.
In addition, each group shows better performance in terms of
task completion time, success rate, and user confidence with
the relational context viewer whether or not they were
familiar with the data sets. However, unfortunately, due to
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Fig. 11. Bar charts comparing the average values of three dependent
variables in terms of four task types based on the existence of the
relational context viewer. (a) Average task completion time (seconds)
based on four task types. (b) Average user confidence (1-9) based on four
task types. (c) Average success rate (0-1.0) based on four task types.

the wide differences (i.e., large variances) in skills among
participants in each group, the paired t-tests failed to show
that those average value differences in task completion time,
success rate, and user confidence are statistically significant.
In Fig. 12, it is interesting to speculate about skill differences
between groups. The SIGCHI group’s rapid (but not sig-
nificantly different) performance may be because of their
greater familiarity with GUIs and visual user interfaces. In
addition, despite our attempts to control for differences in
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Fig. 12. Average task completion times with respect to participants’
familiarity (four participants per group) with the data sets. (a) Average
task completion time (seconds) for the SIGMOD data set. (b) Average
task completion time (seconds) for the CHI data set.

51.0

Non-Experts

difficulty between the two data sets, the larger CHI data set
may have been more difficult. Larger groups of participants
will be needed to detect significant performance differences
based on familiarity with the data sets.

Analysis by users’ skills with interface. Based on the
participants’ background survey as well as our observations
of the participants’ skills in using computer software during
the study, we partitioned 12 participants into two groups
(i.e., expert group and nonexpert group) to examine if the
relational context viewer can help both groups of users
accomplish entity resolution tasks with better performance.
Interestingly, it turns out that the relational context viewer
facilitates the entity resolution process significantly for both
expert users and nonexpert users in terms of task comple-
tion time and user confidence.

Fig. 13a shows the average task completion times of both
the expert user group and the nonexpert user group,
respectively. Both user groups were able to complete the
given tasks much faster with the relational context viewer
than without it, and their paired t-tests show that their
differences are statistically significant (¢-value = —2.06,
P-value = 0.03 for expert group and t-value = —2.03,
P-value = 0.0337 for nonexpert group).

As for the user confidence, Fig. 13b shows that the
average user confidence between the two groups are almost
the same while the participants in both groups were more
confident about their resolution decisions when they used
the relational context viewer. Their paired t-test results also
show there exist significant differences in user confidence
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Fig. 13. Comparison of task completion time and user confidence
between expert group and nonexpert group. (a) Average task comple-
tion time (seconds) of each group depending upon the existence of the
relational context viewer. (b) Average user confidence (1-9) of each
group depending upon the existence of the relational context viewer.

depending on the existence of the relational context viewer
(t-value = 2.31, P-value = 0.0208 for expert group and
t-value = 2.77, P-value = 0.0091 for nonexpert group).
However, not surprisingly, given previous results, neither
expert group nor nonexpert group has any statistically
significant differences in success rate whether or not they
used the relational context viewer.

Post-study survey. In the post-study survey, the parti-
cipants were asked to answer four questions (ease of use,
ease of learning, overall satisfaction, and overall confidence)
for each interface with ratings on a nine-point Likert scale.
The overall results are shown in Fig. 14. While the
participants did not feel the interface with the relational
context viewer was much harder to learn or use compared
with the tabular interface, their overall satisfaction and
confidence toward the interface with the relational context
viewer was remarkably strong. There were significant
differences in their indication of satisfaction and confidence
between two interfaces (t-value = —2.66, P-value = 0.011 for
satisfaction, t-value = —3.56, P-value = 0.002 for confi-
dence). More importantly, it turns out that their overall
confidence for each interface in the poststudy survey
matches the analysis results of log data.

Authorized licensed use limited to: University of Maryland College Park. Downloaded on December 21, 2009 at 12:12 from IEEE Xplore. Restrictions apply.



KANG ET AL.: INTERACTIVE ENTITY RESOLUTION IN RELATIONAL DATA: A VISUAL ANALYTIC TOOL AND ITS EVALUATION

|:| with relational-context viewer . without relational-context viewer

Post-Study Survey (1~9)

1 2 3 4 5 6 8 9

7
i
Confidence #ﬂ

7.3 ——

Satisfaction #:

Leanabilty *C
7.8 "51‘—

Fig. 14. The results of post-study survey for each interface.

Usability

All the participants mentioned that the relational informa-
tion was very helpful in making the resolution decisions
regardless of interface types, and 11 out of 12 mentioned that
they preferred the relational context visualization and it
helped them in resolving the author entities. Only one
participant mentioned that he felt more comfortable with
the tabular style interface and did not think the relational
context visualization helped him much. Curiously, this
participant (who was in the SIGMOD expert group and took
the sequence C in Table 1) won the $5 prize for the best
performance (highest success rate and fastest completion
time) with the interface with the relational context viewer.
Moreover, his log showed that his performance (speed and
accuracy) with the relational context viewer was much better
than without it, which suggests that the relational context
viewer facilitates the entity resolution tasks whether or not
users believe in its utility. This remarkable outcome under-
lines the need for performance testing in addition to
subjective satisfaction measures.

Many participants mentioned that since publication date
of papers (event entity) played an important role in their
resolution decisions, it would be helpful if the interface
supported visualization of publication date information. In
fact, we already recognized the importance of time
information for entity resolution and analytic tasks and
included it in another visual analytic tool [13].

8 CONCLUSION

We have presented D-Dupe, a novel task-specific visual
analytic tool for entity resolution in relational data. By
focusing on the task at hand, we were able to develop a
simple network visualization that is well suited to the task.
As the empirical user study showed, this visualization
helped users make decisions statistically significantly faster,
while producing greater confidence in decisions. This
preliminary evaluation should be followed up with larger
numbers of subjects and more tasks.

Anecdotally, users who have performed entity resolution
or data cleaning with other methods have been very excited
about the interactive approach in D-Dupe. We have found
the stable pairwise visualization using semantic substrate
ideas to be useful in more general settings than just entity
resolution and have recently included them in a tool for
visualization of changing group membership over time,
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which uses a similar paradigm. Obviously, entity resolution
is just one part of the analysis process, and in future work,
we will more tightly integrate D-Dupe with tools that
support other analytic tasks.
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