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Abstract. Matching-related methods, i.e., entity resolution, search and evolution, are essential parts in a variety of applications.
The specific research area contains a plethora of methods focusing on efficiently and effectively detecting whether two different
pieces of information describe the same real world object or, in the case of entity search and evolution, retrieving the entities of a
given collection that best match the user’s description. A primary limitation of the particular research area is the lack of a widely
accepted benchmark for performing extensive experimental evaluation of the proposed methods, including not only the accuracy
of results but also scalability as well as performance given different data characteristics.
This paper introduces EMBench++ , a principled system that can be used for generating benchmark data for the extensive
evaluation of matching-related methods. Our tool is a continuation of a previous system, with the primary contributions including:
modifiers that consider not only individual entity types but all available types according to the overall schema; techniques
supporting the evolution of entities; and mechanisms for controlling the generation of not single data sets but collections of data
sets. We also present collections of entity sets generated by EMBench++ as an illustration of the benefits provided by our tool.
Keywords: Data integration, Matching-Related Methods, Benchmarking Data, Benchmark Tool

1. Introduction
Entity Matching is the task of efficiently and effectively detecting whether two different pieces of information describe the same real world object, such as a
conference, a person, or a publication. Strongly related
to entity matching are the tasks of entity search and
evolution, which focus on efficiently and effectively
retrieving the entities of a given collection that best
match the user’s description.
Matching-related methods are typically part of the
data integration or cleaning components. These are
considered as essential components of a variety of applications, and, thus, the research community has introduced several matching-related methods [10,18]. A
main limitation for all researchers of the particular research area, is the lack of a widely accepted benchmark
for performing extensive experimental evaluation of

the proposed methods, including not only the accuracy
of results but also scalability as well as performance
given different data characteristics.
Our previous effort was EMBench [19,17]; a system for benchmarking matching-related methods in a
generic, complete, and principled way. The system is
based on a series of test cases aiming at capturing the
majority of the matching situations. EMBench [17] is
fully configurable with users being able to define the
desired entities with their attributes as well as the modifications and modification level that will be incorporated in the entities. The system also provides an onthe-fly generation of the different test cases in terms
of different sizes and complexities both at the schema
and at the instance level.
Currently, we are witnessing efforts of the research
community for handling recently appearing data challenges. One important recent research challenge is
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volatility. As explained in [25,26], applications, especially Web 2.0 applications, focus on enabling and encouraging users to constantly contribute and to modify
existing content. An analysis of DBPedia revealed that
the data describing the entities were modified in time,
with only some of the data remaining the same. Volatility can be related to semantic evolution [30], i.e., merging between entities or splitting entities.
In this paper, we introduce EMBench++ . This is
a continuation of our previous system with additional mechanisms aiming at generating benchmark
data for the evaluation of matching-related methodologies, which (primarily) include entity matching, entity
search, and entity evolution. EMBench++ moves towards thorough experimental evaluations by enabling
the assessment of a plethora of aspects that influence
quality and performance. Each aspect can be investigated following various scenarios and different assumptions, produced with a controlled and consistent
manner. The main contributions are the following:
– Modification mechanisms that consider not only
individual entities but all entity sets based on their
schema information.
– Generating collections of data sets that capture
the evaluation of specific matching-related aspects.
– Allowing users to generate sequential data sets,
with the entities of each succeeding data set being the evolved version of the entities from the
preceding data set.
– We illustrate the abilities of our system by generating collections with appropriate data sets for
the thorough experimental evaluating matchingrelated methodologies.

2. Related Work & Open Challenges
We now provide a presentation of the related work
along with a discussion of existing open challenges.
Related work is separated in two categories, generation of synthetic data for matching-related approaches
(Section 2.1) and approaches for performing entity
matching (Section 2.2).
2.1. Synthetic Data Generation
On 2004 the Ontology Alignment Evaluation Initiative (OAEI) started working on the controlled experimental evaluation of alignment and matching sys-

tems. With respect to EMBench++ , the most interesting task is instance matching for which, currently,
OAEI provides real and synthetic data [1]. Real data
are static collections, typically of a much larger size
than the synthetic ones. The benefit of using synthetic
data is that the data also include the most accurate entity matches whereas the real data might contain errors
due to the uncertainty of the sources used for retrieving
the data (e.g., DBpedia entities).
Synthetic data is included in OAEI using the ISLab
Instance Matching Benchmark [12]. The particular
benchmark, first includes entities from the OKKAM
project [24]. These entities are then modified using:
(i) value transformations, such as typographical errors;
(ii) structural transformations, such as value deletions;
(iii) logical transformations, such as creation of two
entities for the same real world object; and (iv) combinations of various transformations.
Synthetic generation of benchmarking entity matching data is also possible with the SWING system [11].
SWING design principles and goals are similar to EMBench but EMBench has more expressive power and
offers more flexibility in the specification of the testing
data [17].
The most recent approach is L ANCE [32], a generator that given a linked data set with its schema creates a new data set with matching tasks of various difficulties. The generator follows standard test cases related to structure and value transformations while also
considering expressive OWL constructs.
Challenges Related to Benchmarking Systems. It
is clear that using synthetic and not static data allows
users to control the generated data sets. This is in line
with benchmarks in other data domains, such as TPCH and STBenchmark [2], and stress test tools, such
as Siege1 . EMBench++ extends the options that users
can control with the most advance being the ability
to control the “modifications” between the generated
entity sets. In addition, EMBench++ provides mechanisms for generating volatile data, an aspect that existing benchmarking systems have not yet considered.
2.2. Matching-related Methods
The research area of matching-related methods was
deeply investigated the last couple of decades and a
plethora of methods have been suggested. The primary
difference between the existing methods is what they
1 http://www.joedog.org/siege-home/
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consider as an entity representation and which information they use for performing the matching. We now
discuss the existing methods, grouped into categories
according to the data included in the entity representation.
A. Similarity Methods. The first category contains
methods operating on entities that are either atomic
string values or a set of string values. Here, we have
various basic similarity techniques, such as Levenshtein distance [23], Jaro [20], Jaro-Winkler [35] and
TF/IDF similarity [31]. Note that [6] and [5] describe
and discuss an experimental comparison of various
basic similarity techniques used for matching names.
Merge-purge [15] is another method. It considers every
database relation (i.e., record) as a representation and
detects if relational records refer to the same real world
object. Other methods focus on finding mappings between the representations using either transformations
[33], such as abbreviation, stemming, and initials, or
predefined rules [8] with knowledge about specific representations.
B. Collective Matching. The next category contains
methods using collective matching, which means performing the matching using existing or discovered
inner-relationships. A well-know method for this category is Reference Reconciliation [9]. The method first
detects possible associations between the entities by
comparing their corresponding attribute values. These
associations are propagated to the rest of the entities in
order to enrich their information and improve the quality of final matches. Other methods are [3,4] that use
entity inner-relationships to create a graph between entities. Graph nodes are clustered and detected clusters
are used to identify the common entities. The methods from [22,21] follow a similar methodology to create a graph. However, these methods also generate additional possible relationships to represent the candidate matches between entities. Matches between entities are discovered by analyzing the relationships in
the graph.
C. Entity Evolution. The third category contains
methods that deal with the volatile nature of the data.
Handling volatility can be achieved by various mechanisms. For instance, a portion of the introduced methods handle volatility through probabilities that model
the belief related to the current resolution status of the
entities [29,7,16]. More specifically, [29,7] consider a
small set of possible entity alternatives, with each alternative accompanied by a probability that indicates
the belief we have that this reflects the correct entity.
The approach in [16] addresses more challenges of het-
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erogeneous data. It does not assume that the alternatives are known, but that an entity collection comes
with a set of possible linkages between entities. Each
linkage represents a possible match between two entities and is accompanied with a probability that indicates the belief we have that the specific representations are for the same real world object. Entities are
compiled on-the-fly, by effectively processing the incoming query over representations and linkages, and
thus, query answers reflect the most probable solution
for the specific query.
Another example of methods aiming at handling
volatility, focus on using the newly arrived data to incrementally and efficiently update the detected entities. For this purpose, [34] focuses on maintaining the
matches up-to-date with techniques that do not execute matching from scratch but exploit all previous
matches. The approach in [13] considers clustering,
i.e., each cluster corresponds to a specific entity. New
data can be merged with existing clusters or can be
used for correcting previous matching mistakes errors.
D. Blocking-based Methods. The last category includes blocking-based methods, focusing on processing data sets of large sizes. Instead of comparing each
entity with all other entities, blocking-based methods
separate entities into blocks, such that entities of the
same block are more likely to be a match than entities from different blocks. Thus, only the entities of
the same block are compared. The majority of the
proposed methods typically associate each entity with
a Blocking Key Value (BKV) summarizing the values of selected attributes and then operate exclusively
based on the BKVs. One such example is [14]. It sorts
blocks according to their BKV and then slides a window of fixed size over them, comparing the representations it contains. The most recent methods investigate building the blocks when having heterogeneous
semi-structured data with loose schema binding, e.g.,
[27]. Among other, the authors introduce an attributeagnostic mechanism for generating the blocks, and explain how efficiency can be improved by scheduling
the order of block processing and identifying when to
stop the processing. Iteratively block processing [28]
provides a principled framework with message passing algorithms for generating a global solution for the
resolution over the complete collection.
Challenges Related to Benchmarking Systems.
The last three categories have not yet been targeted by
benchmarking systems. Extensive evaluation of collective matching methods requires usage of schema information in order to incorporate relationships between
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Fig. 1. An illustration of EMBench++ ’s architecture (grey dotted line denotes the components from the previous version).

the entities. Entity evolution requires generating evolving versions of entities, i.e., the system should be able
to include modifications on the already generated entities with the modifications reflecting possible changes
due to time. Scaling to a large number of entities is also
important, especially for blocking-based methods that
aim at processing huge collections. This implies being
able to generate a huge number of data while also being able to alter specific aspects, such as the level of
inconsistencies.
3. The architecture of EMBench++
We now present the architecture of EMBench++
and discuss the additions included from the previous
version of the system, which was described in [17] and
[19]. Figure 1 provides a graphical illustration of the
architecture. The rectangle with dotted grey line denotes the components that were incorporated in EMBench. The remaining components have been included
in the system in order to achieve the goals introduced
in Sections 1 and 2.
The system includes a set of Shredders that are
responsible for shredding a given data source (e.g.,
Wikipedia data, XML files) it into a series of Column
Tables. The current implementation contains general
purpose shredders, such as relational databases and
XML files, and shredders that are specifically designed
for popular systems, such as Wikipedia and DBLP.
Each Column Table contains distinct and clean atomic
values of a particular type, for example first names,
surnames, cities, and universities. This is achieved
through mechanisms that focus on cleaning the repetitive, overlapping, and complementary information in
the resulted column tables. In addition, the systems
also uses rules that specify how the values of the column tables are to be combined together or modified
and guide the creation of a new set of column tables.
For example, values for FullName are given by con-

catenating values from FirstName with a space character and values from Surname. Data resulted from rules
are stored in Derived Column Tables.
EMBench++ also maintains a Repository that maintains internal data, including the Column Tables, Derived Column Tables as well as generated entities and
data sets. Note that the system contains a default repository with a number of Column Tables, for example
1.2 million first names, 293.5 thousands surnames,
8.6 thousands universities and 22.5 thousands titles of
journal articles.
The system also contains a set of Entity Modifiers.
Each modifier is responsible for incorporating a particular type of heterogeneity in the specified entities. As
explained in [19], EMBench contains implementations
for set of Entity Modifiers, including misspellings,
word permutations, acronyms and abbreviations.
In the updated version of the system, i.e., EMBench++ ,
we have incorporated mechanisms for Volatility. In
short, these mechanisms focuses on heterogeneity that
appears in entities due to time changes. The developed
mechanisms for volatility are presented and discussed
in Section 4.3.
User Configuration allows users to configure the parameters related to the generation of data. Primarily,
this involves configuring the desired entities and data
collections. With respect to the entities, users define
the entity types to be generated by specifying the number of entities, the attributes of each entity and the
source for for the attribute values. These sources is
a (Derived) Column Table along with a distribution
(i.e., normal or Zipf) or a random value within a given
range.
In addition, EMBench++ has mechanisms that allow users to use a generated entity value as the source
of entities, which basically means that the result will
be not independent tables but a complete database with
foreign keys among its tables. The details are introduced and discussed in Section 4.1.
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(a)

(c)

• Entity type Person contains the following data (attribute7→source):
id7→autoincrease, full_name7→FullName, university7→University,
job_title7→random{PhD student, postdoc, lecturer, etc}.
• Entity type Article contains the following data (attribute7→source):
(b)
id7→autoincrease, author_17→Person, ..., author_107→Person,
title7→PaperTitle, journal7→JournalName, year7→random[1970-2016].
id
e_a1
e_a2
e_a3

author_1
e_p1
e_p3
e_p4

author_2
e_p2
null
e_p2

author_3
e_p4
null
null

id
e_p1
e_p2
e_p3
e_p3

full_name
Noela Kuglen
Nikoline Paccini
Adwin Bokhri
Oliwer Ellert

Person
university
Goshen College
University of Dubrovnik
Columbus State University
Kwan Dong University
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job_title
professor
postdoc
professor
PhD student

Article
author_4...10
title
journal
null
Social and Human Aspects of Software Engineering
Thomas Wolfe Review
null
Road Detection in Panchromatic SPOT Satellite Images Wire Journal International
null
Constraint Based Object State Modeling
Review of Metaphysics

year
2015
2014
2016

Fig. 2. (a) Definition for two entity types. (b) Data generated for Person entity type. (c) Data generated for Article entity type.

EMBench++ does not only allow users to generate
and apply modifiers over individual entities (as the previous version) but also allows generating collections
that contain various data sets of entities. As we later
describe (Section 4.2), users can specify a collection
with a number of data sets. Each data set can contain a different set of Entity Modifiers or the same set
but different level of destruction. The system also provides different options, refer to as propagation type,
for generating the data sets within the same collection.
The mechanisms related to collection generation are
described in Section 4.2.

4. Advance Generation of Benchmark Data
The primary concern of EMBench++ is generation of data that goes beyond individual entity types.
In particularly, for complete and extensive evaluation
of matching-related methods, we need the generated
benchmark data to have some form of correlations, either data among the different entities or the heterogeneity level. To formally model this, we assume the
existence of an infinite set of entity identifiers O, an
infinite set of attributes N and an infinite set of atomic
values V.
Definition 1 An entity set contains entities of a specific type. It is denoted as I(n1 ,...,nk )={e1 ,...,en }, with I
being the name, n1 , ..., nk its attributes (ni ∈N ) and e1 ,
..., en the entities of I. Each entity ei provides values
(vi ∈V∪O) for a subset of the entity attributes.
Each entity set contains entities of the same type,
e.g., Figure 2 shows a small example that contains two
entity sets, one with persons and another with articles.
Using entity identifier as values, i.e., vi ∈V∪O allows
the support of relationships among entities. This is visible in the figure since person identifiers are used as
values in Article, and more specifically for attributes
author_1, ..., author_10. Also note that entities provide

values for a subset of the entity attributes. For example,
e_a1 in Article contains only three persons whereas
e_a2 contains one.
In the remaining paper, we will use notation ei .n j to
denote the value v j corresponding to attribute n j for entity ei . For example, e1 . f ull_name in Figure 2 returns
“Noela Kuglen”.
EMBench++ includes a set of modifiers responsible for incorporating a particular type of heterogeneity
(Section 3). A modifier fi is tuple hi, {ht,li}i where i is
the identification name and each pair t-l provides the
level l of the particular configuration setting t. Our implementation follows this definition and supports modifiers with a number of configuration settings, i.e., set
of t-l pairs. However, for simplicity, in the remaining
paper we assume modifiers with only one pair and thus
a modifier corresponds to tuple hi, t, li.
Definition 2 A modified entity set is the entity set Im
resulted by a sequential execution of the modifiers f1 ,
f2 , . . . , fm over entity set I, i.e., Im = fm ( fm−1 ( . . . f (I))).
m
o
Each fk (Ik−1 ) creates sets Ik−1
and Ik−1
such that
m
o
m
Ik−1 =Ik−1 ∪Ik−1 and |Ik−1 |=c with c being a constant.
o
m
Then, fk (Ik−1 ) = Ik−1
∪ { fk (ei ) | ∀ ei ∈ Ik−1
}.
The constant c is given to the system for selecting
the number of entities from I that should be modified,
i.e., c≤|I|. Our current implementation also accepts selecting the number of entities using a percentage over
I, denoted as p, and computes c as |I|×p.
EMBench++ uses c to split the entities from an enm
tity set Ik−1 into two sets: Ik−1
that contains c rano
that contains the redomly selected entities and Ik−1
o
m
maining entities, i.e., Ik−1
=Ik−1 \Ik−1
. The entities of
o
Ik−1 are directly included in the entity set Ik whereas
m
the entities of Ik−1
are first modified and then included
in Ik .
Consider again a modified entity set, i.e., Ik = fk−1 (Ik−1 ).
It is also a set of entities generated when modifier fk−1
is applied on the entities on Ik−1 . This operation is defk−1

noted as Ik−1 → Ik . Since the result of a modifier is
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also an entity set, it can also be used as an input to another modifier. Thus, a modified entity set may be the
result of a series of different modifiers applied on the
f1

original entity set (as given in Definition 2), i.e., I →I1
f2

fm−1

fm

→I2 ... → Im−1 →Im .
Definition 3 Let Im be a modified entity set for I and
em ∈Im be the modified entity of e∈I. An entity matching scenario is then tuple hI, em , ei and it is said to be
successfully executed by a matching-related approach
if it returns the entity e as a response when provided as
input the pair hI, em i, i.e., returns e as the best match
of em in the entity set I.
Once EMBench++ generates the entity set I, as
specified by the user, it executes the selected and configurated modifiers f1 , f2 , . . . , fm . The latter creates
the modified entity set Im . The two entity sets are then
used for evaluating a matching-related approach by
generating an entity matching scenario hI, em , ei ∀e∈I
with e.id=em .id where em ∈Im . The evaluation of the
matching-related approach is related to its ability of
the approach to detect and return e as the best match of
entity em in the entity set I.
4.1. Foreign Key Relationships
The data models followed by RDF and relational
databases support internal references (i.e., namely foreign keys in databases), which is considered as an essential aspect. The primary reason is that foreign keys
allow reflecting the real world relationships as references in the data. Also, they are especially useful for
encoding cascading relationships, i.e., having multiple
foreign keys in tables with each foreign key referring a
different parent table. In addition, satisfying referential
integrity, i.e., ensuring foreign keys agree with the primary key that the foreign keys refer to, enforces data
consistency. For being able to support foreign keys
we have included special mechanisms in EMBench++ ,
which we introduce and discuss in the following paragraphs.
The first mechanism is incorporated in configuration. In the previous version of our benchmarking system, users could define entity sets using attributes that
are either column tables or derived column tables.
EMBench++ allows using attributes that are other entity types. As an example consider the definition of the
Person and Article entity types shown in Figure 2(a).
The Person entity type has attributes: “id” with values
being an automatically increased number, “full_name”

with values taken from the FullName derived column
table, “university” with values taken from the University column table, and “job_title” with values being
randomly selected from a given list. The Person entity
type has attributes: “id” with values being automatically increased numbers, “author_1” until “author_10”
with values being references to the Person entity type,
“title” with values taken from the PaperTitle column
table, “journal” with values taken from the JournalName column table, and “year” with values being a
random number with range [1970-2016].
The second mechanism for enabling usage of foreign key relationships is incorporated in the Generator. More specifically, the Generator uses the configuration of each Entity Type and of each of its included
attributes to create the entities. The foreign keys mechanism is applied when the configuration detects that
the values of a particular attribute are another Entity
Type. In this case, the Generator does not include an
actual value, i.e., from a (Derived) Column table, but
identifiers from the specified Entity Type.
The selection of identifiers from the specified Entity Type can be also influenced by the users (through
configuration). More specifically, users can choose between a random or Zipfian option. The random option
will do a random selection among all the identifiers of
the given Entity Type without repetitions. The Zipfian
option will do the selection based on a Zipfian distribution of all identifiers of the given Entity Type. The
latter implies that the majority of the selected identifiers would appear few times and only a small number
of the select identifiers would appear many times.
<attribute name="author"
min-occurence="1" max-occurence="10" >
<namespec>
<factor type="constant">author</factor>
</namespec>
<valuespec>
<factor type="value-set" distribution="zipf">
Author
</factor>
</valuespec>
</attribute>

As an example, consider the above box that provides
the configuration for the author attributes of Person as
it is actually included in the system. It states that entity type should include 10 author attributes, i.e., automatically named author_1, author_2, . . . , author_10,
with only one author attribute not being able to have a
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C-A0
Fa ={}
person
article

C-A1
addition(Fa ,hmissp.,10%i)
C-A0.person + misspelling 10%
C-A0.article + misspelling 10%

C-A2
adjust(Fa ,missp.,10%,+)
C-A0.person + misspelling 20%
C-A0.article + misspelling 20%

C-B0
Fa ={}
person
article

C-B1
addition(Fa ,hvolat.,10%i)
C-B0.person + volatility 10%
C-B0.article + volatility 10%

C-B2
adjust(Fa ,volat.,10%,+)
C-B1.person + volatility 20%
C-B1.article + volatility 20%

Fig. 3. Independent and Sequential propagation.

null value2 . Thus, for each author attribute, the Generator creates a collection of Person identifiers that follow
a Zipfian distribution and uses this collection as the
attribute values. Figure 2(c) shows few of the generated entities. As shown, values for author attributes are
identifiers from the Entity Type Person and author_1
always has an identifier whereas the rest might have a
null value.
4.2. Generating Collections
As discussed in Section 2.1, for an extensive experimental evaluation we need to examine how the
matching-related methods behave when modifying important data characteristics, such as the size of the data
set or the destruction level of the modifiers. For example, with respect to the level of the modifiers, it would
be beneficial to apply the modifiers with the different
level on the original entity set. On the contrary, with
respect to the size of the data, it would reasonable to
start from the original entity set and keep incrementally include entities, thus each time we use the previously created entity set.
Definition 4 Let Fa denote a set of modifiers, i.e.,
Fa ={ f1 , f2 , . . . }. We allow the following operations:
• addition(Fa , f j ): Fa = Fa ∪ { f j }
• deletion(Fa , f j ): Fa = Fa \ { f j }
• adjust(Fa ,t,l, ): ∀ f j ∈Fa , if f j .t=t7→ f j .l= f j .l l,
where ={+,−}
As explained in Definition 2, a modified entity set
results when we execute modifiers f1 , f2 , . . . , fm over
an entity set. We now use symbol Fa to denote a sequence of modifiers, i.e., Fa ={ f1 , f2 , . . . } and examine
the generation of collections that contain data sets on
which we execute different modifier sequences.
Definition 5 Given an entity set I and a collection of
modifier sets Fa , Fb , Fc , . . . , then:
2 There are 10 author attributes as specified by max-occurence and
1 attribute with a non null value as specified by min-occurence.
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(i) an independent propagation results in sets
I a =Fa (I), I b =Fb (I), I c =Fc (I), . . .
(i) an sequential propagation results in sets
I a =Fa (I), I b =Fb (I a ), I c =Fc (I b ), . . .
According to the above definition, we consider collections as follows: starting by a modifier sequence
Fa and a set of operators, we first apply the operators
over Fa and generated Fb , Fc , . . . . These modifier sequences are then executed over the entity sets, starting from the original entity set I, and considering the
requested propagation.
Figure 3 shows two example collections, each with
three data sets. The data sets of the first collection, i.e.,
C-A, include an increasing level of misspelling in their
entity sets. The first data set (i.e., C-A0) has a zero
level of misspelling, the next (i.e., C-A1) has 10%, and
the third one (i.e., C-A2) has 20%. C-A is a independent propagation with both C-A1 and C-A2 generated
from C-A0. Note that the requested modifiers and level
are executed on all entity types of the data sets, in this
situation on Person as well as Article. C-B0 is similar
example with one volatility modifier. As shown, C-B
is a sequential propagation with C-B1 generated from
C-B0 and C-B2generated from C-B1.
4.3. Volatility
Applications, especially Web 2.0 applications, focus
on enabling and encouraging users to constantly contribute and to modify existing content. For example, an
analysis of DBPedia [25,26], revealed that the data describing the entities were modified in time, with only
some of the data remaining the same. Changes affect
not only values but might also involve entities splitting
or being merged, a form of semantic evolution [30].
EMBench++ provides mechanisms that allow users
to generate sequential data sets, with the entities of
each succeeding data set being the evolved version
of the entities from the preceding data set. Volatility
mechanisms are either value-level or attribute-level, as
follows:
A. Value-level Mechanisms. The first group of
mechanisms incorporate modifications in the entity
values. Given an entity set, i.e., I(n1 ,...,nk )={e1 ,...,en },
and selected attribute names, e.g., ni , then the valuelevel mechanisms will modify the value corresponding
to ni in the entities, i.e., e1 .ni , e2 .ni , . . ., en .ni . These
are of three types:
A.1) Replacement: selects another value for e j .ni
from the given (Derived) Column Table. As shown in
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id
e_p1
e_p2
e_p3
e_p3

full_name
Noela Kuglen
Nikoline Paccini
Adwin Bokhri
Oliwer Ellert

Person :: C-B0
university
Goshen College
University of Dubrovnik
Columbus State University
Kwan Dong University

job_title
professor
postdoc
professor
PhD student

id
e_p1
e_p2
e_p3
e_p3

full_name
Noela Kuglen-Airta
Nikoline Paccini
Adwin Bokhri
Oliwer Ellert

Person :: C-B1
university
Goshen College
Goshen College
University of Vermont
Presidency University

job_title
professor
lecturer
professor
researcher

id
e_p1
e_p2
e_p3
e_p3

full_name
Noela Kuglen-Airta
Nikoline Saro
Adwin Bokhri
Oliwer Ellert

Person :: C-B2
university
Goshen College
Keele University
University of Vermont
Presidency University

job_title
professor
senior lect.
professor
researcher

Fig. 4. A collection with data volatility.

the following box, values of attribute “university” will
be replaced with values from the University Column
Table.
A.2) Continuous: is applied on attributes configured
to take values from a given set, e.g., job_title takes values from {PhD student, postdoc, lecturer, ...}. The new
value is a successor of the value. In addition, users can
specify a deviation for selecting the value. For example, the value for job_title can be swapped with the
item from the list that is one place before it or one place
after.
A.3) Addition: keeps the existing value and adds another from the selected (Derived) Column Table. The
existing and new value are separated using a given
character, for example “-” or “ ”.
<volatility source-template="Author" rounds=3>
<class type="addition" attribute="fullname"
source="Surname" separator="-; "></class>
<class type="replacement" attribute="fullname"
source="Surname"></class>
<class type="replacement" attribute="university"
source="University"></class>
<class type="continuous" attribute="job_title"
deviation="-1,+2"></class>
</volatility>

B. Attribute-level Mechanisms. The second group
contains mechanisms that operate on the attributelevel. Thus, for a given entity set I(n1 ,...,nk )={e1 ,...,en }
the result involves modifications on the attribute names
as well as the reflection of these modification on the
entities. More specifically, the attribute-level mechanisms can be:
B.1) Elimination: removes selected attributes from
the entity set and thus eliminates the corresponding
values from all entities. For example, if a user removes
attribute ni then the system (i) will convert I into I(n1 ,

..., ni−1 , ni+1 , ..., nk ) and (ii) will remove ni from all
entities of I, i.e., e1 .ni , e2 .ni , . . ., en .ni .
B.2) Expansion: includes additional attribute names
in an entity set while also generating the values for
these attributes in all the corresponding entities. Expansion of I with attribute names nk+1 , ..., nk+ j , implies that the system (i) will now use I(n1 ,...,nk , nk+1 ,
..., nk+ j ) and (ii) will generate values for these attributes for all entities, i.e., e1 .nk+1 , ..., e1 .nk+ j , ...,
en .nk+1 , ..., en .nk+ j .
Figure 4 shows a collection with evolving data sets,
i.e., the entities of C-B1 are the evolved version of
the entities of C-B0, and the entities of C-B2 are the
evolved version of the entities of C-B1. For example,
the entity with identifiers e_p2 described a postdoc at
the University of Dubrovnik with name “Nikoline Paccini” (C-B0), which was latter working as a lecturer at
Goshen College (C-B1) and then as a senior lecturer
at Keele University (C-B2). In addition, the particular
person changed name from “Nikoline Paccini” (C-B0
and C-B1) to “Nikoline Saro” (C-B2).

5. Usability of EMBench++
In this section we illustrate the usability of our
benchmarking system by generating collections of data
sets that can be used for the thorough evaluation of two
different categories related to matching: collective resolution matching methods (Section 5.1) and methods
for matching evolving entities (Section 5.2).
5.1. Generating Data for Collective Resolution
Evaluating collective matching methods, for example the ones briefly discussed in part B of Section 2.2,
requires investigating the behavior of the methods under various data sets characteristics. Our first usability investigation focuses on generating data in order to
examine the effect of specific data characteristics. The
characteristics investigated were: (a) number of entities in the data set, (b) percentage of the total number
of duplicates with respect to the total number of entities in the data set, (c) number of included entity attributes, and (d) number of duplicates describing the
same real world entity.
We used EMBench++ to generate one collection
(focusing on Person and Article entity sets) for each
of the four investigated characteristic. Each collection
included a small number of data sets with the particular characteristic being increased among the data sets.
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Collection A: entity number
Collection B: duplicate percent.
Collection C: attribute number
Collection D: duplicate number

19
17

number o entities
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25000
20000
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Fig. 6. The total number of entities as well as the evolved entities all
the data sets in Collection E.
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64.800
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15
17
6
6
9
11

A-4
153.947
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38.449
108.000
38.449
6
9

B-4
115.498
38.449
7%
9.000
3.000
6
9

C-4
75.000
15.000
67.500
13.500
19
6
13

Collection D
D-1
D-3
D-5
D-7
40.000
45.796
52.432
60.029
30.000
34.347
39324
45022
10.000
11.449
13.108
15.007
0.7% (for all Person & Article data sets)
15 (6 for Person & 9 for Article)
[1-1]
[1-3]
[1-5]
[1-7]

Fig. 5. Two illustrations and statistics for data sets of Collection A,
B, C and D, which can be used for evaluating collective resolution.

Figure 5 provides two illustrations of the collections

as well as statistics for their data sets. More details are
provided in the following paragraphs.
The data sets in Collection A contain the same percentage of clean vs duplicated entities (i.e., 5.6%), the
same number of entity attributes (i.e., 15 in total), same
number of duplicates per real world entity (i.e., 2), but
different number of total entities (i.e., spanning from
40.000 to 153.947). The data sets in Collection B increase just the percentage of clean vs duplicated entities while keeping all the rest identical. In Collection
C the data sets have everything the same except the
number of attribute entities. Lastly, in Collection D,
the data sets contain an increasing number of duplicates for the same real world entity while having the
same percentage of clean vs duplicated entities and the
same number of entity attributes but a slightly increasing number of entities.
5.2. Generating Data for Entity Evolution
As explained in part C of Section 2.2, a recently
appeared research area focuses on dealing with the
volatile nature of the data. Our second usability investigation generates data suitable for evaluating such
methods.
Using EMBench++ we created one collection that
contains data sets those entities evolved in time. We
used Person entities with the configuration shown in
Section 4.3. Starting from a data set of 30.000 Person entities, we created a total of five data sets (named
E1, E2, E3, E4 and E5) with each data set containing
an evolved version of 3.000 entities from the previous
data set.
The resulted data sets are exactly the same except
the number of duplicated entities. More specifically,
the total number of entities is 30.000 and the number
of entity attributes to 5. Figure 6 provides a graphical
illustration of the data sets in Collection E.
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6. Conclusions
We have introduced a system for generating benchmark data that can be used for the extensive evaluation of matching-related methods. Our main contributions included usage of the available schema information during the modification of entities, generating
data sets with evolved versions of entities, and controlling not just the generation of single data sets but collections of data sets. Note that the implementation of
EMBench++ with the default repository data as well
as the configuration and collections involved in the usability experiments will be made available in the final
version of the journal.
References
[1] M. Achichi, M. Cheatham, Z. Dragisic, J. Euzenat, D. Faria,
A. Ferrara, G. Flouris, I. Fundulaki, I. Harrow, V. Ivanova,
E. Jiménez-Ruiz, E. Kuss, P. Lambrix, H. Leopold, H. Li,
C. Meilicke, S. Montanelli, C. Pesquita, T. Saveta, P. Shvaiko,
A. Splendiani, H. Stuckenschmidt, K. Todorov, C. T. dos Santos, and O. Zamazal. Results of the ontology alignment evaluation initiative 2016. In OM workshop co-located with ISWC,
pages 73–129, 2016.
[2] B. Alexe, W. Tan, and Y. Velegrakis. STBenchmark: towards
a benchmark for mapping systems. PVLDB, 1(1):230–244,
2008.
[3] I. Bhattacharya and L. Getoor. Deduplication and group detection using links. In LinkKDD, 2004.
[4] I. Bhattacharya and L. Getoor. Iterative record linkage for
cleaning and integration. In DMKD, pages 11–18, 2004.
[5] M. Bilenko, R. Mooney, W. Cohen, P. Ravikumar, and S. Fienberg. Adaptive name matching in information integration.
IEEE Intelligent Systems, 18(5):16–23, 2003.
[6] W. Cohen, P. Ravikumar, and S. Fienberg. A comparison of
string distance metrics for name-matching tasks. In IIWeb colocated with IJCAI, pages 73–78, 2003.
[7] N. Dalvi and D. Suciu. Management of probabilistic data:
foundations and challenges. In PODS, pages 1–12, 2007.
[8] A. Doan, Y. Lu, Y. Lee, and J. Han. Object matching for information integration: A profiler-based approach. In IIWeb colocated with IJCAI, pages 53–58, 2003.
[9] X. Dong, A. Halevy, and J. Madhavan. Reference reconciliation in complex information spaces. In SIGMOD Conference,
pages 85–96, 2005.
[10] A. Elmagarmid, P. Ipeirotis, and V. Verykios. Duplicate record
detection: A survey. IEEE Transactions on Knowledge and
Data Engineering (TKDE), 19(1):1–16, 2007.
[11] A. Ferrara, S. Montanelli, J. Noessner, and H. Stuckenschmidt.
Benchmarking matching applications on the semantic web. In
ESWC (2), pages 108–122, 2011.
[12] A. Ferrara (contact person). The islab instance matching
benchmark. Published online. http://islab.di.unimi.it/iimb/.
[13] A. Gruenheid, X. L. Dong, and D. Srivastava. Incremental
record linkage. PVLDB, 7(9):697–708, 2014.
[14] M. Hernández and S. Stolfo. The merge/purge problem for
large databases. In SIGMOD Conference, pages 127–138,
1995.

[15] M. Hernández and S. Stolfo. Real-world data is dirty: Data
cleansing and the merge/purge problem. Data Mining and
Knowledge Discovery, 2(1):9–37, 1998.
[16] E. Ioannou, W. Nejdl, C. Niederée, and Y. Velegrakis. On-thefly entity-aware query processing in the presence of linkage.
PVLDB, 3(1):429–438, 2010.
[17] E. Ioannou, N. Rassadko, and Y. Velegrakis. On generating benchmark data for entity matching. J. Data Semantics,
2(1):37–56, 2013.
[18] E. Ioannou and S. Staworko. Management of inconsistencies in
data integration. In Data Exchange, Integration, and Streams,
pages 217–225. Schloss Dagstuhl - Leibniz-Zentrum fuer Informatik, 2013.
[19] E. Ioannou and Y. Velegrakis. Embench: Generating entityrelated benchmark data. In ISWC, pages 113–116, 2014.
[20] M. Jaro. Advances in record-linkage methodology as applied
to matching the 1985 census of tampa, florida. American Statistical Association, 84, 1989.
[21] D. Kalashnikov and S. Mehrotra. Domain-independent data
cleaning via analysis of entity-relationship graph. TODS,
31(2):716–767, 2006.
[22] D. Kalashnikov, S. Mehrotra, and Z. Chen. Exploiting relationships for domain-independent data cleaning. In SIAM SDM,
2005.
[23] V. Levenshtein. Binary codes capable of correcting deletions,
insertions and reversals. Soviet Physics Doklady, 10(8):707–
710, 1966.
[24] Z. Miklós, N. Bonvin, P. Bouquet, M. Catasta, D. Cordioli, P. Fankhauser, J. Gaugaz, E. Ioannou, H. Koshutanski,
A. Maña, T. Palpanas, and H. Stoermer. From web data to entities and back. In CAiSE, pages 302–316, 2010.
[25] G. Papadakis, G. Giannakopoulos, C. Niederée, T. Palpanas,
and W. Nejdl. Detecting and exploiting stability in evolving
heterogeneous information spaces. In JCDL, pages 95–104,
2011.
[26] G. Papadakis, E. Ioannou, C. Niederée, T. Palpanas, and W. Nejdl. Eliminating the redundancy in blocking-based entity resolution methods. In JCDL, pages 85–94, 2011.
[27] G. Papadakis, E. Ioannou, T. Palpanas, C. Niederée, and W. Nejdl. A blocking framework for entity resolution in highly heterogeneous information spaces. IEEE Trans. Knowl. Data
Eng., 25(12):2665–2682, 2013.
[28] V. Rastogi, N. Dalvi, and M. Garofalakis. Large-scale collective entity matching. PVLDB, 4(4):208–218, 2011.
[29] C. Re, N. Dalvi, and D. Suciu. Efficient top-k query evaluation
on probabilistic data. In ICDE, pages 886–895, 2007.
[30] F. Rizzolo, Y. Velegrakis, J. Mylopoulos, and S. Bykau. Modeling Concept Evolution: A Historical Perspective. In ER, pages
331–345, 2009.
[31] G. Salton and M. McGill. Introduction to Modern Information
Retrieval. McGraw-Hill, Inc., New York, NY, USA, 1986.
[32] T. Saveta, E. Daskalaki, G. Flouris, I. Fundulaki, M. Herschel,
and A. N. Ngomo. LANCE: piercing to the heart of instance
matching tools. In ISWC, pages 375–391, 2015.
[33] S. Tejada, C. Knoblock, and S. Minton. Learning domainindependent string transformation weights for high accuracy
object identification. In KDD, pages 350–359, 2002.
[34] S. E. Whang and H. Garcia-Molina. Incremental entity resolution on rules and data. VLDB J., 23(1):77–102, 2014.
[35] W. Winkler. The state of record linkage and current research
problems, 1999.

