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Abstract

Data sources that provide a huge amount of semi-structured data are
available on Web as tables, annotated contents and Linked Open Data (e.g.,
RDF). These sources can constitute a valuable source of information for
companies, researchers and government agencies, if properly manipulated
and integrated with each other or with proprietary data. One of the main
problems is that typically these sources are heterogeneous and do not come
with explicit keys to perform join operations (i.e., equi-join) for effortlessly
linking their records. Thus, finding a way to join data sources without keys
is a fundamental and critical process of data integration. Moreover, for many
applications, the execution time is a critical component (e.g., in finance of
national security context) and distributed computing can be employed to
significantly improve it. In this dissertation, I present distributed data in-
tegration techniques that allow to scale to large volumes of data (i.e., Big
Data), in particular: SparkER and GraphJoin. SparkER is an Entity Res-
olution tool that aims to exploit distributed computing to identify records
in data sources that refer to the same real-world entity—thus enabling the
integration of the records. This tool introduces a novel algorithm to paral-
lelize the indexing techniques that are currently state-of-the-art. SparkER
is a working software prototype that I developed and employed to perform
experiments over real data sets; the results show that the parallelization
techniques that I have developed are more efficient in terms of execution
time and memory usage than those in literature. GraphJoin is a novel tech-
nique that allows to find similar records (i.e. to perform similarity join) by
applying joining rules on one or more attributes. This technique combines
similarity join techniques designed to work on a single rule, optimizing their
execution with multiple joining rules, combining different similarity mea-
sures both token- and character- based (e.g., Jaccard Similarity and Edit
Distance). For GraphJoin I developed a working software prototype and I
employed it to experimentally demonstrate that the proposed technique is
effective and outperforms the existing similarity join techniques in terms of
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execution time.
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Sommario

Sorgenti che forniscono grandi quantitativi di dati semi-strutturati sono
disponibili sul Web in forma di tabelle, contenuti annotati (e.s. RDF) e
Linked Open Data. Questi dati se debitamente manipolati e integrati tra loro
o con dati proprietari, possono costituire una preziosa fonte di informazione
per aziende, ricercatori e agenzie governative. Il problema principale in fase
di integrazione è dato dal fatto che queste sorgenti dati sono tipicamente
eterogenee e non presentano chiavi su cui poter eseguire operazioni di join per
unire facilmente i record. Trovare un modo per effettuare il join senza avere le
chiavi è un processo fondamentale e critico dell’integrazione dei dati. Inoltre,
per molte applicazioni, il tempo di esecuzione è una componente fondamen-
tale (e.s. nel contesto della sicurezza nazionale) e il calcolo distribuito può
essere utilizzato per ridurlo sensibilmente. In questa dissertazione presento
delle tecniche distribuite per l’integrazione dati che consentono di scalare
su grandi volumi di dati (Big Data), in particolare: SparkER e GraphJoin.
SparkER è un tool per Entity Resolution che mira ad utilizzare il calcolo dis-
tribuito per identificare record che si riferiscono alla stessa entità del mondo
reale, consentendo cos̀ı l’integrazione di questi record. Questo tool introduce
un nuovo algoritmo per parallelizzare le tecniche di indicizzazione che sono
attualmente lo stato dell’arte. SparkER è un prototipo software funzionante
che ho sviluppato e utilizzato per eseguire degli esperimenti su dati reali; i
risultati ottenuti mostrano che le tecniche di parallelizzazione che ho svilup-
pato sono più efficienti in termini di tempo di esecuzione e utilizzo di memoria
rispetto a quelle già esistenti in letteratura. GraphJoin è una nuova tecnica
che consente di trovare record simili applicando delle regole di join su uno o
più attributi. Questa tecnica combina tecniche di join similarity pensate per
lavorare su una singola regola, ottimizzandone l’esecuzione con più regole,
combinando diverse misure di similarità basate sia su token che su caratteri
(e.s. Jaccard Similarity e Edit Distance). Per il GraphJoin ho sviluppato un
prototipo software funzionante e l’ho utilizzato per eseguire esperimenti che
dimostrano che la tecnica proposta è efficace ed è più efficiente di quelle già
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esistenti in termini di tempo di esecuzione.
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Chapter 1

Introduction

1.1 Data Integration

Data Integration is the problem of combining data residing at different au-
tonomous sources, and providing the user with a unified view of these data
[DHI12; Ber+11]. Our research group, DBGroup1, has been investigating
data integration for more than 20 years and almost all of the research activi-
ties have been centered around the MOMIS (Mediator EnvirOnment for Mul-
tiple Information Sources) Data Integration System [BCV99; BB04; Ber+11],
that follows a traditional approach to Data Integration. An open-source ver-
sion of the MOMIS system is delivered and maintained by Datariver 2.

Given multiple data sources, the traditional approach to Data Integration
is to create a mapping from the sources to a mediated schema (i.e. global
schema). The global schema can be queried to obtain an integrated result
from the data sources. In this approach, data reside at data sources that are
queried in real-time when the global schema is queried, for this reason, it is
also called virtual data integration [Ber+11]. The advantages of a virtual ap-
proach are related to the management of the changes in the sources. Since in
database applications schemas do not frequently change, virtual approaches
do not require strong updating policies as data are retrieved at run time. To
produce a global schema is a hard task because it has to deal with multi-
ple heterogeneous data sources that have different schemata and could have
multiple representations of the same data. Moreover, modeling the mapping
of the schemata of each source to the mediated schema is a crucial and non-
trivial task, especially when dealing with highly heterogeneous data sources.
This implies the development of techniques for many difficult tasks: data

1http://dbgroup.unimore.it
2http://www.datariver.it

http://dbgroup.unimore.it
http://www.datariver.it
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cleaning, reconciliation, and fusion [BN09].

1.2 Big Data Integration challenges

The Web has become a valuable source of information, a huge amount of
structured and semi-structured data are available as tables, annotated con-
tents and Linked Open Data. The true potential of these data is expressed
when multiple data sources are integrated, to extract and generate new
knowledge. Moreover, for companies, researchers and government agencies
these data become more valuable if integrated with proprietary data that
they already own, and that are typically integrated with standard data in-
tegration approaches. In this context, data integration is a non-trivial task,
due to the high heterogeneity, volume, and noise of the involved data [DS15;
Ber14]. Furthermore, typically the data sources to integrate do not come with
keys to perform join operations (i.e., equi-join) to effortlessly linking their
records. Thus, finding a way to join data without keys is a fundamental and
critical process of data integration.

This data integration step is known as Entity Resolution (ER), namely
the task of matching records from different data sources that refer to the
same real-world entity [Chr12b]. Due to the computational complexity ER
is a hard and time-consuming task (all records have to be compared with all
each other), especially when dealing with Big Data sources that can involve
billions of comparisons. Moreover, for many applications is critical to retrieve
the results in a short time even when working with Big Data [DS15]. Thus,
it is necessary to use the distributed computing to perform ER on Big Data
sources with a reasonable execution time [Eft+17].

In this thesis, I present distributed data integration techniques that allow
scaling to large volumes of data. In particular, I present two techniques that
aim to cover two different scenarios: (i) in the first case the ER process is
performed by automatically extract the join keys from the data, without the
user intervention; (ii) in the second case the user can express record-level
matching rules to join the records that satisfy them. These approaches are
introduced in the following sections 1.3 and 1.4 respectively.

1.3 Blocking and meta-blocking

Entity Resolution (ER) is the task to identify if different entity profiles per-
tain to the same real-world object. Comparing all possible pairs of profiles
of an entity collection is a quadratic problem: if the profiles number grows
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linearly, the comparisons number grows quadratically. Hence, a näıve ap-
proach (i.e., compare all possible pairs of profiles) becomes infeasible for large
datasets. To solve this problem, typically, signatures (blocking keys) are ex-
tracted from the profiles and employed to group similar profiles into blocks.
Then, only the profiles that appear together in the same block are compared.
Traditionally blocking techniques typically rely on a-priori schema knowledge
to generate good blocking keys by combining attribute values. Anyway, this
approach is not applicable in the Big Data context, due to high heterogeneity,
high level of noise and very large volume. For this reason, schema-agnostic
blocking approaches have been proposed. These approaches rely on redun-
dancy to find the duplicates: each profile is placed in multiple blocks, reduc-
ing the probability of missing matches. For example, in Token Blocking each
token that appears in the values of the profile is a blocking key. So, all the
profiles that share at least one token are placed at least once in the same
block. The drawback of schema-agnostic is the degradation of efficiency. In
fact, it ensures a high recall (i.e., a high percentage of detected duplicates)
but with very low precision, i.e., a high number of superfluous comparisons
are performed. To solve this problem meta-blocking was introduced [Pap+14;
Pap+16].

Meta-blocking is the task of restructuring a set of block to retain only the
most promising comparisons. A block collection is represented as a weighted
graph, called blocking graph, where each entity profile is a node, and two
nodes are connected by an edge if the corresponding profiles appear together
in at least one block. The edges are weighted to capture the likelihood of
a match. After that, a pruning algorithm is applied to the blocking graph
to remove the less promising edges. The most effective and accurate strat-
egy to prune the graph is to consider for each node its adjacent edges, and
retain only those having a weight higher than the local average [Pap+16].
At the end of the process, each pair of nodes connected by an edge form a
new block. Traditional meta-blocking approaches rely only on the schema-
agnostic features, Simonini et al. [SBJ16] proposed a novel technique called
Blast (Blocking with Loosely-Aware Schema Techniques) that can easily col-
lect significant statistics from the data that approximately describe the data
sources schema, performing a loosely-aware schema (meta-)blocking that sig-
nificantly improves the blocking quality (i.e., the precision) without loosing
in recall. In fact, Blast can be considered state-of-the-art for unsupervised
(meta-)blocking.
My contribution: In literature, only a few works proposed distributed
approaches to scale meta-blocking on very large datasets using MapReduce-
like systems [Eft+17]. The existing approaches fully materialize the blocking
graph, requiring a high quantity of memory. In this thesis, I propose a
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novel approach that do not require to materialize the full blocking graph,
while improving the performance in term of execution time and memory
requirements. Moreover, no approaches to parallelize Blast were proposed
in the literature. In this thesis, I introduce SparkER, a distributed (meta-
)blocking tool that supports both schema-agnostic and loosely-schema aware
(i.e., Blast) approaches. The proposed approach was described for the first
time in [Sim+19].

Here the list of contributions introduced with SparkER:

• an algorithm to efficiently run Blast (and any other graph-based meta-
blocking method) on MapReduce-like systems, to take full advantage
of a parallel and distributed computation;

• an evaluation of my approach on real-world datasets, comparing it
against the meta-blocking state of the art approaches.

1.4 Record-level matching rules

With the increase of the amount of data and the need to integrate multi-
ple data sources, a challenging issue is to find duplicate records efficiently.
Different techniques were proposed in the literature to accomplish this task,
and one of the most promising is the set similarity join. Different similarity
join implementations [MAB16] were proposed, but all of them rely on the
idea that there is a single predicate to apply on the records: each record is
treated as a single set of elements, and the goal is to find the pairs of sets
which have a similarity (i.e., Jaccard Similarity, Edit Distance, etc.) greater
than a certain threshold. If the data are (semi-)structured and the user wants
to apply multiple predicates, she has to run the similarity join multiple times
(one for every predicate) and then intersect the results obtained from each
run. Moreover, if the user wants to apply different similarity measures like
Edit Distance (ED) and Jaccard Similarity (JS), she has to use different im-
plementations, since they rely on different indexing techniques to perform
the similarity join [XWL08; Xia+11].

My contribution: I proposed a novel approach called GraphJoin that can
efficiently apply multiple matching rules based on different similarity mea-
sures in a single step, without any further effort from the user. The main
motivation behind this approach is that no one of the proposed similarity
joins implementations allows to apply multiple predicates with different sim-
ilarity measures simply and efficiently, a high human effort is always required,
and moreover, the process is inefficient.
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For example, suppose to take the IMDB dataset [Das+] that contains
records about movies, this dataset has different attributes (e.g., title, actors,
plot, etc.), and suppose that we want to apply the following record-level
matching rule (i.e., multiple predicates): JS(plot) ≥ 0.9 ∧ ED(title) ≤ 2.
Since the plot of a movie is very long and contains a lot of tokens, we want to
use the JS to measure the similarity of two plots, while the title is usually a
short string, so we want to use the ED as similarity measure. A näıve solu-
tion is to accomplish this task using the state-of-the-art algorithms, splitting
the work in four main steps: (i) use an algorithm (e.g., PPJoin [Xia+11]) on
the plot to collect a set of candidate pairs that can satisfy the first condition;
(ii) apply a different algorithm (e.g., EDJoin [XWL08]) on the title to collect
a set of candidate pairs that can satisfy the second condition; (iii) intersect
the two sets of candidate pairs to obtain the pairs that can satisfy both condi-
tions; finally (iv) verify that the retained candidate pairs effectively satisfies
the conditions. The main problem of this solution is that many superflu-
ous comparisons are computed, each predicate is processed independently,
without considering the other ones.

GraphJoin considers all the matching predicates together, so when a pair
of record is evaluated it is sufficient that a predicate is not respected to
discard that pair, avoiding to perform unnecessary comparisons. In practice,
if a pair do not respect a predicate, the others are not evaluated, making the
process faster. Another advantage is to have a unique framework that let to
apply different similarity measures that use different indexing techniques to
discover similar records, so it is not necessary to use multiple implementations
to accomplish the task. Moreover, the use of a unified system gives room
for further improvements, for example it is possible to sort the different
predicates based on their cost, so when a pair of record is evaluated the
system can start from the cheaper predicate, and then continue with the
others. In this way, if a pair do not satisfy the first predicate (i.e., the
cheaper to compute) the others are not computed, making the process more
efficient.

Here the list of contributions introduced with GrapJoin:

• a technique to apply record-level matching rules efficiently, that can
use different similarity measures;

• an algorithm to efficiently run record-level matching rules on MapReduce-
like systems, to take full advantage of a parallel and distributed com-
putation.
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1.5 Structure of the Thesis

This thesis is structured as follows: chapter 2 gives the preliminary con-
cepts and definitions employed throughout the thesis; chapter 3 presents the
novel technique to parallelize Blast and schema-agnostic meta-blocking for
taking full advantage out of parallel and distributed computation; chapter 4
presents the novel technique to efficiently scale record-level matching rules
over big datasets; Both chapters include the tools implementing the different
proposed techniques. in chapter 5 the experimental outcomes are presented
and discussed; chapter 6 reviews the related works; and finally, in chapter 7,
I draw the conclusions and present ongoing and future works.



Chapter 2

Preliminaries
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This section describes the fundamental concepts and notation employed
in this thesis.

2.1 General concepts

An entity profile is a tuple composed of a unique identifier and a set of
name-value pairs 〈a, v〉. AP is the set of possible attributes a associated
to a profile collection P . A profile collection P is a set of profiles. Two
profiles pi, pj ∈ P are matching (pi≈pj) if they refer to the same real world
object; Entity Resolution (ER) is the task of identifying those matches given
P . The näive solution to ER implies |P1|·|P2| comparisons, where |Pi| is the
cardinality of a profile collection Pi.

Dirty ER and Clean-Clean ER

Papadakis et al. [Pap+16] have formalized two types of ER tasks: Dirty
ER and Clean-Clean ER. The former refers to those scenarios where ER
is applied to a single data source containing duplicates; this problem is also
known in the literature as deduplication [Chr12b]. In the latter, ER is applied
to two or more data sources, which are considered “clean”, i.e., each source
considered singularly does not contain duplicate. This type of ER is also
known as Record Linkage [Chr12b]. As in [SBJ16; Pap+16; Eft+17; CES15;
Sim+18b], in this thesis the same classification is adopted as well. Notice
that, in Clean-Clean ER the comparisons among profiles that belong to the
same data source are avoided [Pap+16].

2.2 Blocking for Entity Resolution

2.2.1 Blocking

Blocking approaches aim to reduce the ER complexity by indexing similar
profiles into blocks according to a blocking key (i.e., the indexing criterion),
restricting the actual comparisons of profiles to those appearing in the same
block.

Given the dataset of Figure 2.1(a), an example of schema-agnostic block-
ing key is shown in Figure 2.1(b). Otherwise, a schema-based blocking key
might be the value of the attribute “name”; meaning that only profiles that
have the same value for “name” will be compared (the dataset in Figure 2.1(a)
would require a schema-alignment). A set of blocks B is called block col-
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{ 
   "fullname": "John Doe",
   "addr": "Abraham St"
}

{
   "Fullname": "Abraham Lincoln",
   "Addr": "high str"
}

John
p1 p3

p3

p4

Doe
p1 p3

Abraham
p1 p2 p3 p4

high
p2 p4

Street
p1 p2

Lincoln
p2 p4

p1

p2

p3

p4

3

2
1

1

3

1

(a)

(b)

(c)

Data source 1 (relational)

Data source 2 (JSON)Data source 2 (JSON)

Name Surname Address

p1 John Doe Abraham street

p2 Abraham Lincoln high street

Blocks

Blocking graph

Figure 2.1: (a) a collection of entity profiles coming from different data
sources. (b) A block collection produced with Token Blocking. (c) The de-
rived blocking graph and the effects of meta-blocking : dashed lines represent
pruned edges, and red ones the superfluous comparisons not removed.

lection, and its aggregate cardinality is ‖B‖=∑
bi∈B ‖bi‖, where ‖bi‖ is the

number of comparisons implied by the block bi.

2.2.2 Meta-Blocking

The goal of meta-blocking [Pap+16] is to restructure a collection of blocks,
generated by a redundant blocking technique, relying on the intuition that
the more blocks two profiles share, the more likely they match.

Definition 1 Meta-blocking. Given a block collection B, meta-blocking
is the task of restructuring the set of blocks, producing a new block collec-
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tion B′ with significantly higher precision and nearly identical recall, i.e.,:
precision(B′)�precision(B) and recall(B′)'recall(B).

In graph-based meta-blocking (or simply meta-blocking from now on), a block
collection B is represented by a weighted graph GB{VB, EB,WB} called block-
ing graph. V is the set of nodes representing all pi ∈ P . An edge be-
tween two entity profiles exists if they appear in at least one block together:
E = {eij : ∃pi, pj ∈ P | |Bij| > 0} is the set of edges; Bij = Bi ∩ Bj, where Bi
and Bj are the set of blocks containing pi and pj respectively. WB is the set
of weights associated to the edges. Meta-blocking methods weight the edges
to capture the matching likelihood of the profiles that they connect. For in-
stance, block co-occurrence frequency (a.k.a. CBS) [Pap+14; RVC18]
assigns to the edge between two profiles pu and pv a weight equal to the
number of blocks they share, i.e.: wCBS

uv = |Bu| ∩ |Bv|. Then, edge-pruning
strategies are applied to retain only more promising ones. Thus, at the end of
the pruning, each pair of nodes connected by an edge forms a new block of the
final, restructured blocking collection. Note that meta-blocking inherently
prevents redundant comparisons since two nodes (profiles) are connected at
most by one edge.

Two classes of pruning criteria can be employed in meta-blocking:
cardinality-based, which aims to retain the top-k edges, allowing an a-priori
determination of the number of comparisons (the aggregate cardinality) and,
therefore, of the execution time, at the expense of the recall; and weight-
based, which aims to retain the “most promising” edges through a weight
threshold. The scope of both pruning criteria can be either node-centric
or global : in the first case, for each node pi the top-ki adjacent edges (or the
edges below a local threshold θi) are retained; in the second case, the top-K
edges (or the edges below a global threshold Θ) are selected among the whole
set of edges. The combination of those characteristics leads to four possible
pruning schemas : (i) Weight Edge Pruning (WEP) discards all the edges
with weight lower than Θ; (ii) Cardinality Edge Pruning (CEP) sorts all the
edges by their weights in descending order, and retains only the first K ; (iii)
Weight Node Pruning (WNP [Pap+16]) considers in turn each node pi and its
adjacent edges, and prunes those edges that are lower than a local threshold
θi; (iv) Cardinality Node Pruning (CNP [Pap+16]) similarly to WNP is node
centric, but instead of a weight threshold it employs a cardinality threshold
ki (i.e., retain the top-ki edges for each node pi).

In node centric pruning, each edge eij between two nodes pi and pj is
related to two thresholds: θi and θj (Figure 2.2(a)); where θi and θj are the
threshold associated to pi and pj, respectively. Hence, as depicted in Figure
2.2(b), each edge eij has a weight that can be: (i) lower than both θi and
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(a)

(b)

Figure 2.2: Weight threshold. A directed edge from pi to pj indicates that
the weight of the edge eij is higher than θi; a directed edge from pj to pi
indicates that the weight of the edge eij is higher than θj.

θj, (ii) higher than both θi and θj, (iii) lower than θi and higher than θj, or
(iv) higher than θi and lower than θj. Cases (i) and (ii) are not ambiguous,
therefore eij is discarded in the first case, and retained in the second one.
But, cases (iii) and (iv) are ambiguous.

Existing meta-blocking papers [Pap+16] propose two different approaches
to solve this ambiguity: redefined WNP/CNP retains eij if its weight is higher
than at least one of the two thresholds for WNP, or if it is in the top-K edges
of at least one of the two profiles for CNP (i.e., a logical disjunction, so we
call this method WNPOR/CNPOR), while reciprocal WNP/CNP retains the
edge if its weight is greater than both the threshold for WNP, or if it is in
the top-K edges for both profiles for CNP (i.e., logical conjunction, so we call
this method WNPAND/CNPAND).

2.2.3 Blast

Blast [SBJ16] is an efficient method to automatically extract loose schema
information, which is then used for both blocking and meta-blocking. This
holistic combination significantly help in producing high-quality candidate
pars for ER, compared to other existing meta-blocking techniques, which op-
erates only in completely schema-agnostic setting [Pap+14; Pap+16; Eft+17]

The overall workflow of Blast is depicted in Figure 2.3: the loose schema
information is extracted from the data sources (phase 1) and then it is ex-
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Figure 2.3: Blast logical overview.
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Figure 2.4: (a) Loose schema information extracted from the data: the at-
tributes are clustered together according to the similarity of their values, and
for each cluster of attributes the entropy of the values is computed. (b) The
blocking key ”Abraham” is disambiguated by employing the loose schema in-
formation. (c) The effects of the disambiguation on the blocking graph: fewer
edges are generated. Moreover, the profiles p1 and p2 share one less block
than before, let to correctly prune the edge e1−2. The edges are weighted
according to the entropy of the cluster to which the corresponding attribute
belongs. E.g., by using the CBS in combination with the entropy, the edge
e1−1 is generated by the value street of the attribute address contained in the
C2 cluster. So its weight is 1.5 due to the cluster entropy.

ploited for building (phase 2) and restructuring (phase 3) a blocking collec-
tion. In the following, these three phases are described in more details.

1. The loose schema information is extracted, it is composed of: the at-
tributes partitioning and the aggregate-entropy (Figure 2.4(a))). The
first consists of clusters of attributes (clustered according to their val-
ues’ similarity); the second measures how informative is each of these
clusters; together these pieces of information are called: loose schema
information. For extracting the attributes partitioning, Blast exploits
an LSH-based [LRU14] algorithm: minhash signatures are employed
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to quickly approximate the similarities of the attributes and to build
a similarity graph of attributes, which is given as input to a graph-
partitioning algorithm (the details of the algorithm can be found in
[SBJ16]). Blast also extracts the (Shannon) entropy of each cluster
of attributes (which is the average of the entropies of its attributes).
Basically, the entropy is a measure of how informative is a set of at-
tributes: intuitively, if all the values in the partition are the same, the
entropy is equal to zero, and it should not be used indeed for gener-
ating blocking keys since all the profiles would be indexed in just one
unique block. On the other hand, if the entropy is high, the profiles
share values from that attribute partition that are less frequent, hence
the derived blocking keys will be more likely useful.

2. A schema-agnostic blocking technique is applied on each attribute par-
tition obtained in the previous phase (Figure 2.4(b)). The resulting
method is called Loose-Schema Blocking.

3. This blocking strategy described in the previous phase allows to achieve
a high level of recall, but it tends to generate a lot of superfluous
comparisons. For this reason, a meta-blocking step is performed to
generate the final candidate pairs. In particular, Blast leverages on
the entropy extracted in Phase 1 to weight all the candidate pairs
generated in Phase 2. The basic idea is to build a graph (the Blocking
Graph), where each edge corresponds to a set of blocking keys, and each
blocking key is associated to an attribute. Then, the edges are weighted
accordingly to their entropy (Figure 2.4(c)). For example, consider
two independent data sets with people’s information. Generally, the
attribute birth date is less informative than the attribute surname.
This is because the number of distinct birth dates is typically lower
than that of the surnames—and the entropy of the former is lower
than the entropy of the latter. Thus, Blast assigns a higher weight
to edges that represent blocking keys derived from the surnames than
those derived from the birth dates. In particular, Blast weights the
edges computing the (Pearson) chi-square coefficient—the idea is to
measure the significance of the co-occurrence of two profiles in a block—
multiplied by the aggregate entropy associated to the blocking keys
corresponding to that edge. Finally, Blast applies a local pruning by
computing a threshold for each node in the graph (equal to half of the
maximum weight of the adjacent edges1).

1This is a heuristic that has been shown to work well in practice [SBJ16]
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Metrics

Recall and Precision are employed to evaluate the quality of a block collection
B, as in [Chr12a]. The recall measures the portion of duplicate profiles that
are placed in at least one block; while the precision measures the portion of
useful comparisons, i.e., those that detect a match. Formally, precision and
recall of a blocking method is determined from the block collection B that it
generates:

recall =
|DB|
|DP | ; precision =

|DB|
‖B‖ ;

where DB is the set of duplicates appearing in B and DP is the set of all
duplicates in the collection P .

2.3 Record-level Matching Rules

Combining data sets that bare information about the same real-world objects
is an everyday task for practitioners that work with structured and semi-
structured data. Frequently (e.g., when dealing with data lakes or when
integrating open data with proprietary data) data sets do not have explicit
keys that can be used for a traditional equi-join. When this happens, a
common solution is to perform a similarity join [MAB16], i.e., to join records
that have an attribute value similar above a certain threshold, according to
a given similarity measure, as in the following example:

Example 2.3.1 (Similarity Join) Given two product data sets, join all
the record pairs with the Jaccard similarity of the product names above 0.8.

A plethora of algorithms have been proposed in the last decades to effi-
ciently execute the similarity join considering a single attribute, i.e., attribute-
level matching rules (see [MAB16] for a survey). At their core, all these al-
gorithms try to prune the candidate pairs of records, on the basis of a single-
attribute predicate—to alleviate the quadratic complexity of the problem.

Interestingly, only a few works had been focused on studying how to ex-
ecute record-level matching rules, i.e., the combination of multiple similarity
join predicates on multiple attributes (see section 2.3). Yet, this kind of rules
allows to specify more flexible rules to match records, as in the following ex-
ample:

Example 2.3.2 (Record-level matching rule) Given two product data sets,
join all the record pairs that have a Jaccard similarity of the product names
above 0.8, or that have a Jaccard similarity of the description that is above
0.6 and the edit distance of the manufacturer is lower than 3.
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Furthermore, record-level matching rules can be used to represent deci-
sion trees [ADA+18], hence learned with machine learning algorithms when
training data is available. As a matter of fact, a decision tree for binary
classification (i.e., classification of matching/not-matching records) can be
naturally represented with DNF (disjunctive normal form) predicates—the
same consideration can be done for a forest of trees.

We define a matching ruleR as a disjunction (logical OR) of conjunctions
(logical AND) of similarity join predicates on multiple attribute (i.e., at the
record level). This design choice is driven by the fact that DNF matching
rules are easy to read and thus to debug, in practice. Moreover, DNFs can
be employed to represent the trained model of a decision tree (or of a random
forest), hence suitable for exploiting labeled data. In this thesis, we focus on
how to scale DNF matching rules and we do not investigate how to generate
good DNFs (i.e., decision trees/random forests) starting from training data.

2.3.1 Set Similarity Join

In this scenario, a profile pi is considered as a set of elements identified by a
unique identifier. Different techniques can be employed to generate the ele-
ments from the values of a profile, for example, each word can be considered
as a token or it is possible to generate the n-grams, etc. Formally, given a
collection of profiles, a similarity function sim and a similarity threshold t,
the goal of set similarity join is to find all the possible pairs of profiles 〈pi, pj〉
such that sim(pi, pj) ≥ t.

A näıve solution to perform the set similarity join is to enumerate and
compare every pair of records, but this process is highly inefficient and not
feasible in the Big Data context. To reduce the task complexity different
approaches were proposed in literature [CGK06; BMS07; Xia+11; XWL08].
All these approaches adopt a filter-verification approach: (1) first an index
is used to obtain a set of pre-candidates; (2) the pre-candidates are filtered
using a set of pre-defined filters; (3) the resulting candidate pairs are probed
with the similarity function to generate the final results.

The most used filters are: prefix filter, length filter, and positional fil-
ter. All these filters can be adapted to work with different similarity mea-
sures: Dice, Cosine, Jaccard Similarity, Edit Distance and Overlap Similarity
[MAB16; XWL08; Xia+11].

Prefix filter

A key technique to perform the set similarity join efficiently is the prefix fil-
ter [CGK06]. First of all, given a collection of profiles (i.e., sets of elements)
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their elements are sorted according to a global order O, usually the docu-
ment frequency of the tokens (i.e., how many documents contain that token)
that is a heuristic that helps to reduce the number of comparisons [CGK06].
Then, for each sorted set, only the first π elements are considered, i.e., the
prefixes. A pair 〈pi, pj〉 can be safely pruned if their prefixes have no com-
mon elements. The prefix size depends on the similarity threshold and the
similarity function. For example, the prefix filter for the overlap similarity
is defined as follows: given two sets, pi and pj, and an overlap threshold t; if
|pi ∩ pj| ≥ t, then there is at least one common token within the πpi-prefix
of pi and the πpj -prefix of pj, where r = |pj| − t+ 1 and s = |pj| − t+ 1.

An example of how prefix filter works is reported in Figure 2.5. The
prefixes for overlap threshold t = 4 are highlighted in grey. Since the two
prefixes do not share any token, the pair 〈pi, pj〉 can be pruned. The intuition
behind this is that the 3 remaining tokens to check can provide at most a
similarity of 3, that is not enough to reach the requested threshold t.

a b c ? ? ? d e ? ? ?t = 4 pi pj

Figure 2.5: Prefix filter.

Length filter

A filter that is commonly used in conjunction with the prefix filter is the
length filter [AGK06]. Normalized similarity functions (e.g., Jaccard, Cosine,
Dice, ED) depend on the set size, thus it is possible to exploit it to prune the
pairs generated with the prefix filter. For the Jaccard Similarity the length
filter is defined as: a set of elements r can reach Jaccard threshold t only
with a set s of size lbr ≤ |s| ≤ ubr (lbr = t · |r|, ubr = |r|

|t| ); for example, if

|r| = 10 and t = 0.8, then 8 ≤ |s| ≤ 12 is required.

Positional filter

The positional filter [Xia+11] reasons over the matching position of tokens
in the prefix. Given a pair of sets of sorted elements it checks the positions
of their common tokens in the prefix, if the remain tokens to check are not
enough to reach the threshold, it prunes the pair. Since it needs to scan
the tokens in the prefix, this filter is more expensive than prefix and length
filters, so usually it is applied only on the pairs that already passed them.
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An example of how positional filter works is provided in Figure 2.6. The
pair 〈pi, pj〉 passes both length and prefix filters. The first match in pi occurs
in position 1 (counting from 0), thus only 8 tokens of pj are left to match
tokens of pi, and the pair can be filtered because it can never reach the
requested threshold t = 9.

a f ? ? ? ? ? ? ? ?

b f ? ? ? ? ? ? ?

t = 9pi

pj

9

8

min(8, 9) = 8
 8 < 9 →  Filtered

Figure 2.6: Positional filter example.

Prefix filter based set similarity join

An example of how a prefix filter based set similarity join works is outlined
in Figure 2.7. Starting from a document collection, the documents are trans-
formed in sets of elements (e.g., tokens, n-grams, etc.) and sorted according
to a global order (1). Then, using the prefixes (highlighted in gray) an in-
verted index is built, i.e., the prefix index (2). From the prefix index, a set of
pre-candidate pairs is built (3), i.e., each pair of profiles that appear together
in at least one entry of the prefix index. The pre-candidate pairs are filtered
using different filters (e.g., length filter, positional filter, etc.) that are fast
to compute and let to discard the pairs that cannot reach the threshold (4).
Finally, the pairs that pass all the filters (i.e., candidate pairs) are probed
with the similarity function, and only those that have a similarity above the
threshold are retained (5).

2.4 MapReduce-like Systems

In MapReduce-like Systems, programs are written in functional style and au-
tomatically executed in parallel on a cluster of machines. These systems also
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Figure 2.7: Prefix filter based Similarity Join process.

provide automatic mechanisms for load balancing and to recover from ma-
chine failures without recomputing the whole program by leveraging on the
functional programming abstraction (e.g., lazy evaluation in Apache Spark
[Zah+12]). In the following, we present the main functions employed to
formalize MapReduce-like algorithms in this thesis with a concise and Spark-
like syntax. These functions are defined w.r.t. Resilient Distributed Dataset
(RDD [Zah+12]), which are the basic data structure in Apache Spark. In
a nutshell, an RDD is a distributed and resilient collection of objects (e.g.:
integers, strings, etc.).

Basic Functions for MapReduce-like Algorithms

• map (map in MapReduce [DG08]) applies a given function to all elements
of the RDD returning a new RDD.

• flatMap applies a given function that returns multiple elements to all
elements of the RDD, than concatenates all the results returning a new
RDD.

• mapPartitions: applies a given function to each RDD partition re-
turning a new RDD.

• reduceByKey (reduce in MapReduce [DG08]) reduces the elements for
each key of an RDD using a specified commutative and associative
binary function.

• groupByKey: groups the values for each key in the RDD into a single
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collection.

• join: performs a hash join between two RDDs.

• intersection: performs the intersection between two RDDs.

• broadcast: broadcasts a read-only variable to each node in the cluster
(which cache it).

We employ this set of functions for the sake of presentation of our algorithms
for MapReduce-like systems (Chapters 3, 4). Yet, the algorithms discussed
in this thesis employing such functions are general enough to run on any
MapReduce-like systems.

In MapReduce-like systems implementations, functions like intersection,
join and groupByKey are notoriously expensive, due to the so-called shuffling

of data across the network [Spa]. In fact, they involve a redistribution of
the data across partitions with the consequent overheads: data serializa-
tion/deserialization, transmission of data across the network, disk I/O oper-
ations. For instance, join implies that all the records that have the same
key are sent to the same node. Whereas, flatMap, map and mapPartitions

are usually fast to compute, because data is locally processed in memory,
and no shuffling across the network is required [Spa].
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Chapter 3

Distributed meta-blocking
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In this chapter, we describe what is needed to parallelize Blast (and
schema-agnostic meta-blocking) for taking full advantage out of parallel and
distributed computation.

3.1 Distributed Loose Schema Information Ex-

traction

To perform the loose information extraction (Phase 1 in Figure 2.3) with
MapReduce paradigm it is necessary to implement a MapReduce-based LSH
algorithm. Algorithm 1 describes the distributed loose information extraction
process using the LSH [LRU14]. The algorithm takes as input the profile
collection P , the similarity threshold t, the number of hashes nh needed for
the LSH, and provides as output the clusters of similar attributes.

First, the attributes with all their tokens (i.e., single words) are extracted
from the profile collection (line 1), producing a set of pairs 〈attribute, [tokens]〉.
Then, it is built an index that given a token provides all its hashes (line
2). The index is sent in broadcast to all worker nodes (line 3). Then, for
each attribute the signatures are generated using the previously generated
hashes (lines 5-9). The width of the bands is computed according to the
number of signatures and the threshold (line 11), as explained in [LRU14].
The signatures are split in chunks of bw size (lines 12-13), each chunk rep-
resents the identifier of a bucket, if two attributes appear together in the
same bucket (i.e., their signatures generate the same chunk) they are consid-
ered similar. The buckets are generated by grouping the attributes by the
bucket id (line 16). Then, for each pair of attributes that appear together in
the same bucket, is computed the Jaccard Similarity using their signatures
(lines 18-21). For each attribute a list of its similar ones is computed with
their similarities (line 23). Then, for each attribute only the most similar
one is kept (lines 24-26), for example if there are the pairs 〈Ai, Aj, simi,j〉,
〈Ai, Ak, simi,k〉 and simi,j > simi,k only the first one is retained. Finally,
the clusters of attributes are built by applying the transitive closure on the
retained pairs (line 27).

3.2 Distributed Blocks Generation

For loosely schema-aware blocking (Phase 2 in Figure 2.3), adapting the
proposed solution of Section 2.2.3 to the MapReduce paradigm is straight-
forward. Then, adapting Token Blocking to the MapReduce paradigm is
straightforward as well (it essentially builds an inverted index).
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Algorithm 1 Loose information extraction
Input: P , the profile collection
Input: t, similarity threshold
Input: nh, number of hash
Output: AC, the list of clusters of attributes

1: AT ← extractAttributeV alues(P ) //〈attribute, [tokens]〉
2: H ← generateHashes(AT , nh) //Generates the hashes for each token

3: broadcast(hashes)
4: S ← {} //Attribute’s signatures

5: map Ai ∈ AT

6: Hi ← {}
7: for each tj ∈ Ai.tokens do
8: Hi ← Hi ∪H(tj)

9: S ← S ∪ 〈Ai.attribute,minHash(Hi)〉 //Attribute signature

10: B ← {} //Map attributes to buckets

11: bw ← getBandWidth(nh, t)
12: map Si ∈ S
13: Bids ← split(Si.sig, bw)
14: for each idj ∈ Bids do
15: B ← B ∪ 〈idj , 〈Si.attr, Si.sig〉〉
16: buckets← groupByKey (B)
17: E ← {} //Pairs of attributes with similarity

18: map bi ∈ buckets
19: for each 〈Aj , Ak〉(j 6= k) ∈ bi do
20: simj,k ← sim(Aj .sig, Ak.sig)
21: E ← E ∪ 〈Aj .attr, (Ak.attr, simj,k)〉 ∪ 〈Ak.attr, (Aj .attr, simj,k)〉
22: Emax ← {} //Most similar attribute for each attribute

23: simAttr ← groupByKey (E)
24: map simAttri ∈ simAttr
25: mostSimilari ← getMostSimilar(simAttri.attrList)
26: Emax ← Emax ∪ 〈simAttri.attr,mostSimilari〉
27: AC ← transitiveClosure(Emax)
28: return AC

The main challenge for the parallelization of Blast is related to the graph-
based meta-blocking step. In fact, the blocking-graph, defined in Chapter 2,
is an abstract model useful to formalize and devise meta-blocking methods.
However, materializing and processing the whole blocking-graph may be chal-
lenging in the context of big data due to the size of such a graph. For this
reason, algorithms for processing the blocking-graph have been proposed to
scale meta-blocking to large datasets on MapReduce-like systems [Eft+17].
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Algorithm 2 Repartition Meta-blocking [Eft+17]
Input: P , the profile collection
Output: C, the list of retained comparisons

1: PK ← ∅
2: C ← {} // retained comparisons

3: map 〈profile〉 ∈ P
4: for each k ∈ getKeys(profile) do
5: PK ← PK ∪ 〈key, profile〉
6: P J ← PK join PK on key // self-join

7: PG ← groupByKey (P J)
8: map 〈profileNeighborhood〉 ∈ PG

9: Cp ← prune(profileNeighborhood)
10: C.append(Cp)

Their basic idea is to distribute the blocking-graph processing on multiple
machines, trading a fast execution for high resource occupation.

In the following, firstly we revise the state-of-the-art blocking-graph pro-
cessing algorithm, i.e., repartition meta-blocking1[Eft+17], discussing its lim-
itations; then, we present our novel algorithm called broadcast meta-blocking,
which overcome these limitations.

3.3 Distributed Blocking-graph Processing

Repartition meta-blocking—At the core of repartition meta-blocking [Eft+17]
there is a full materialization of the blocking graph.

Algorithm 2 describes the repartition meta-blocking with pseudocode.
Firstly, for each profile and for each of its blocking key, a pair 〈key, profile〉
is generated (Lines 3-5). The result can be seen as a table PK with two
columns: key and profile. Then, a self-join on PK (Line 6) and a group
by profile (Lines 7) are performed. In practice, this corresponds to a graph
materialization, since each node is associated with a copy of its local neigh-
borhood. As a matter of fact, each element of PG (Line 7) is a set of pairs
〈pi, pj〉, where pi is fixed and pj is a profile sharing at least one blocking key
with pi.

Finally, for each profile pi and its neighborhood (Lines 8-10), a pruning

1In [Eft+17] this algorithm is called entity-based parallel meta-blocking (an example is
shown in Figure 14 of [Eft+17]) and it is the state-of-the-art (i.e., fastest and efficient)
algorithm for performing node-centric pruning on the blocking graph; we coined the term
repartition meta-blocking for the analogy with the repartition join algorithm [Bla+10].
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Figure 3.1: Repartition meta-blocking example

function computes a local threshold θi and retains only the edges with a
weight higher than θi (Lines 9)2.

Optimization note—When implementing repartition meta-blocking, for alle-
viating the network communication bottleneck, blocks and profiles are rep-
resented by their ids, as proposed in [Eft+17]. This means that, for Algo-
rithm 2, the pair 〈key, profile〉 (in Line 5) is a pair of identifiers: the first
id represents the key (i.e., the block), the second id represents the entity
profile.

An example of the execution steps of repartition meta-blocking is shown
in Figure 3.1. Five profiles are grouped in three partitions: {p1}, {p2; p3} and
{p4; p5}. Each partition is assigned to a worker (i.e., a physical computa-
tional node) that computes the 〈key, profile〉 pairs (Step 1 ). The resulting
set of pairs PK is then employed for a self join in order to yield the bag of
all the comparison pairs 〈pi, pj〉; this step (Step 2) requires a shuffling of the

2Some pruning functions requires as input both the local threshold of the current node
pi and the local threshold of its neighbors; in this case, (Lines 8-10) are executed two
times: first, for computing all the thresholds (which are then broadcasted); then, for the
actual pruning.
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data (PK) through the network (note that only the ids of the profiles are
sent around the network). The comparison pairs are assigned to a worker
according to their keys, so the group by operator partitions them to mate-
rialize the neighborhoods within each worker (Step 3). Thus, in parallel,
each neighborhood can be processed to generate the final restructured block
collection (Step 4 ).

The bottleneck of repartition meta-blocking is the join (Line 6 in Al-
gorithm 2). In fact, Efthymiou et al. [Eft+17] describe it as a standard
repartition join [Bla+10] (a.k.a. reduce-side join), a notoriously expensive
operator for MapReduce-like systems3. A workaround for this issue could be
the employment of broadcast join [Bla+10], a join operator for MapReduce-
like systems that is very efficient if one of the join tables can fit in main
memory. Unfortunately, PK (Line 6 in Algorithm 2) typically cannot fit
in memory with large dataset (e.g., those employed in our experiments in
Section 5.1). Thus, broadcast join cannot be employed in Algorithm 2.

Broadcast meta-blocking—To avoid the repartition join bottleneck, we
propose a novel algorithm for parallel meta-blocking inspired by the broad-
cast join. The key idea of our algorithm is the following: instead of ma-
terializing the whole blocking graph, only a portion of it is materialized in
parallel. This is possible by partitioning the nodes of the graph and sending
in broadcast (i.e., to each partition) all the information needed to material-
ize the neighborhood of each node one at a time. Once the neighborhood
of a node is materialized, the pruning functions that can be applied are
the same employed in repartition meta-blocking [Eft+17], and (non-parallel)
meta-blocking [Pap+16; Pap+14].

The pseudocode of broadcast meta-blocking is shown in Algorithm 3 and
described in the following. Given the profile collection P the block index IB
is generated (Lines 1-2): it is an inverted index listing the profile ids of each
block (blocks are represented through ids as well). When executing Blast, the
functions buildBlocks and buildBlockIndex also extract the loose schema
information—i.e., they basically perform what is described in Section 3.2.
Then, IB is broadcasted to all workers (Line 4), in order to make it available
to them. On each partition, an index IP is built (Lines 5-6): for each profile
it lists the block identifiers in which it appears. Then, for each partition and
for each profile, by using the IP and IB indexes, a profile’s neighborhood
at a time is built locally (Lines 7-9): for each block id contained in IP it is
possible to obtain from IB the list of profile ids (the neighbors). Finally, it

3We make explicit the join operator: Efthymiou et al. present their algorithms
in [Eft+17] by using a only map and reduce functions.
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Algorithm 3 Broadcast Meta-blocking
Input: P , the profile collection
Output: C, the list of retained comparisons

1: B ← buildBlocks(P )
2: IB ← buildBlockIndex(B)
3: C ← {} // retained comparisons

4: broadcast(IB)
5: map partition 〈part〉 ∈ P
6: IP ← buildProfileBlockIndex(IB)
7: for each profile ∈ part do
8: Bids ← IP [profile.id]
9: profileNeighborhood←buildLocalGraph(Bids, IB)

10: Cp ← prune(profileNeighborhood)
11: C.append(Cp)
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Figure 3.2: Broadcast meta-blocking example

performs the pruning (Lines 10-11)4.

Note that the prune function employed in Algorithm 2 (Line 9) and
Algorithm 3 (Line 10) takes as input a profile’s neighborhood and can be
any node-centric pruning function, e.g., the one described in Section 2.2.2.

An example of the execution steps of broadcast meta-blocking is shown in

4As for Algorithm 2, for some pruning functions, this last iteration has to be performed
twice: the first time for computing all the thresholds, the second for the actual pruning.
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Figure 3.3: SparkER architecture.

Figure 3.2. In Step 1 the profiles are partitioned and assigned to the workers.
Then, in Step 2, the inverted index of blocks (the Block Index ) is built—for
the sake of the example, the intermediate steps to build the inverted index
are not depicted. This step requires a shuffling of data through the network,
but at a significantly lower extent compared to that needed for the self-join
operation of repartition meta-blocking. Then, the Block Index is broadcasted
to all the workers that perform the last phase of the processing (Step 2 ).
Finally, in Step 3, each worker processes a partition of the profile set: it
materializes a neighborhood at a time by exploiting the local instance of
the Block Index, and performs pruning to yield the final restructured block
collection.

3.4 SparkER

We implemented the previous described broadcast meta-blocking (see Sec-
tion 3.3) in SparkER [Gag+19; Sim+18a; Gag+18; Gag+17]. SparkER is
a distributed entity resolution tool, composed by different modules designed
to be parallelizable on Apache Spark. SparkER is freely available on my
GitHub repository5. Figure 3.3 shows the architecture of our system. There
are 3 main modules: (1) blocker: takes the input profiles and performs the
blocking phase, providing as output the candidate pairs; (2) entity matcher
takes the candidate pairs generated by the blocker and label them as match
or no match; (3) entity clusterer takes the matched pairs and groups them
into clusters that represents the same entity. Each of these modules can be
seen as black box: each one is independent from the other.

3.4.1 Blocker

Figure 3.4 shows the blocker’ sub-modules implementing the Loose-Schema
Meta-Blocking method described in the introduction.

5https://github.com/Gaglia88/sparker/

https://github.com/Gaglia88/sparker/
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Figure 3.4: Blocker module

Loose Schema Generator-Attribute Partitioning : attributes are
partitioned in cluster using a Locality-sensitive Hashing (LSH) based algo-
rithm. Initially, LSH is applied to the attributes values, in order to group
them according to their similarity. These groups are overlapping, i.e., each
attribute can compare in multiple clusters. Then, for each attribute only
the most similar one is kept, obtaining pairs of similar attributes. Finally,
the transitive closure is applied to such attributes pairs and then attributes
are partitioned into nonoverlapping clusters. All the attributes that do not
appear in any cluster are put in a blob partition.

Loose Schema Generator-Entropy Extractor : computes the Shan-
non entropy for each cluster.

Block Purging and Filtering : the block collection is processed to
remove/shrink its largest blocks [Pap+16]. Block Purging discards all the
blocks that contain more than half of the profiles in the collection, corre-
sponding to highly frequent blocking keys (e.g., stop-words). Block Filtering
removes each profile from the largest 20% blocks in which it appears, increas-
ing the precision without affects the recall.

Meta-Blocking : Finally, the meta-blocking method 2.2.2 is applied.

The output of the blocker module are profile pairs connected by an edge,
which represent candidate pairs that will be processed by the entity matcher
module.

3.4.2 Entity Matcher and Clusterer

Regarding Entity Matching, any existing tool can be used, for example Mag-
ellan [Kon+16]. The Entity Matcher produces matching pairs of similar
profiles with their similarity score (similarity graph). The user can select
from a wide range of similarity (or distance) scores, e.g.: Jaccard similarity,
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Edit Distance.

The Entity Clusterer receives as input the similarity graph, in which
the profiles are the nodes and the matching pairs represent the edges, and
partition its nodes into equivalence clusters such that every cluster contains
all profiles that correspond to the same entity. Several entity clustering
algorithms have been proposed in literature [Has+09]; at the moment, we
use the connected component algorithm6, based on the the assumption of
transitivity, i.e., if p1 matches with p2, p2 matches with p3, then p1 matches
with p3. At the end of this step, the system produces clusters of profiles: the
profiles in the same cluster refer to the same real-world entity.

3.4.3 Process debugging

The tool can work in a completely unsupervised mode, i.e. the user can use
a default configuration and performs the process on its data without taking
care of the parameters tuning. Otherwise, the user can supervise the entire
process, in order to determine which are the best parameters for its data,
producing a custom configuration. Given the iterative nature of this process
(e.g., the user try a configuration, if it is not satisfied changes it, and repeat
the step again), it is not feasible to process the entire input data, as the user
should waste too much time. Thus, it is necessary to sample the input data,
reducing the size. The main problem is to take a sample that represents the
original data, and also contains matching and non matching profiles. This
problem was already addressed in [Kon+16], where the authors proposed to
pick up some random K profiles PK , then for each profile pi ∈ PK pick up
k/2 profiles that could be a match (i.e. shares a high number of token with
pi) and k/2 profiles randomly. K and k are two parameters that can be set
by the user based on the time that she wants to spend (e.g., selecting more

6This approach is implemented by using the GraphX library of Spark (https://spark.
apache.org/graphx/) that natively implement the connected component approach.

https://spark.apache.org/graphx/
https://spark.apache.org/graphx/
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Figure 3.6: (a) the task analysis presents a summary of the results through
four charts (precision, recall, F1 score, execution time), also let to see the
detailed information about all steps; (b) if the loose schema-aware token
blocking is used, it is possible to see and edit the generated attribute clusters;
(c) it is possible to explore the identified as duplicate records.

records requires a higher computation time).

Each step can be assessed using precision and recall, if a ground-truth is
available; otherwise the system selects a sample of the generated profile pairs
(e.g., pairs after blocking, matching pairs after matching, etc.) and shows
them to the user who, on the basis of his experience evaluates whether the
system is working well or not.

In the blocker each operation (blocking, purging, filtering, and meta-
blocking) can be fine tuned in order to obtain better performances, e.g., the
purging/filtering are controlled through parameters that can change the ag-
gressiveness of filters, or the meta-blocking can use different types of pruning
strategies, etc. Moreover, if the Loose Schema Blocking is used, it is possi-
ble to see how the attributes are clustered together, and how to change the
clustering parameters in order to obtain better clusters.

In the entity matching phase, it is possible to try different similarity
techniques (e.g., Jaccard, cosine, etc.) with different thresholds.

At present no tuning activity is possible in the clustering step since the
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connected component algorithm used does not have any parameters. At the
end of the process, the system allows to explore the generated entities and
to store the obtained configuration. Then, the optimized configuration can
be applied to the whole data in a batch mode, in order to obtain the final
result.

At the end, through the GUI the user can analyze the obtained results
as Figure 3.6 show.



Chapter 4

Record Level Matching Rules



52 Record Level Matching Rules

In this chapter, we present our method GraphJoin to efficiently scale
record-level matching rules over big data sets. The presented algorithm is
the self-join version for the sake of the presentation; adapting it for joining
two different data sets is straightforward. To the best of our knowledge, no
technique has been proposed to leverage on distributed and parallel com-
puting for scaling record-level matching rules. The benefit is twofold: (i)
distributed computation allows to scale to large data sets that cannot be
handled with a single machine; (ii) parallel execution reduces the execution
time. As a matter of fact, being able to efficiently execute similarity join is
crucial when time is a critical component, e.g., when users are involved in the
process. For instance, in exploratory search in a data lake [Nar+19], users
typically look for related data sets and low latency in performing similarity
join is required for enabling the user’s interactive exploration. Also, when
debugging record-level matching rules, users typically try different configu-
rations of similarity metrics, thresholds, and attributes. Hence, enabling fast
execution of such rules can significantly save user’s time. Recap that we de-
fine a matching rule R as a disjunction (logical OR) of conjunctions (logical
AND) of similarity join predicates on multiple attribute (i.e., at the record
level).

4.1 Baseline algorithm

Given a matching ruleR a näıve solution to perform it is to process each pred-
icate as a single similarity join and then intersect/merge the obtained results
according to the requirements. In particular, we adopted two algorithms
to perform the similarity joins: PPJoin [Xia+11] and EDJoin [XWL08].
Both algorithms employ prefix filter (see Section 2.3) to find candidate pairs.
PPJoin is considered one of the best performing similarity join algorithm
[MAB16], also its parallel implementation (i.e., Vernica Join) has demon-
strated to be one of the best performing for distributed computing [Fie+18].
It can work with different similarity measures like Jaccard Similarity, Dice
and Cosine. EDJoin adapts the PPJoin concepts to work with the Edit Dis-
tance. We adapted both algorithms to work on Spark as proposed in [VCL10]
for PPJoin.

The distributed algorithm to perform PPJoin/EDJoin is presented in Al-
gorithm 4. First, the records are transformed into sets of sorted elements
according to the predicate requirements (line 1). The prefix index (see Sub-
section 2.3.1) is built generating an inverted index that groups all the records
that share at least one token in their prefix. Then, the algorithm iterates over
each entry of the prefix index Bi, probing each pair of records 〈ri, rj〉 ∈ Bi
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with the appropriate filters according to the predicate P .
Algorithm 5 outlines the baseline algorithm (i.e., JoinChain). A rule

in DNF format is composed of different blocks Pi of predicates that are in
logical OR, each of these blocks contains one or more predicates pi that are
in logical AND. First, the algorithm iterates over the Pi blocks (line 2) and
for each of them initializes a set of candidates CPi

(line 3). Then, each simple
predicate pj ∈ Pi is used to apply a similarity join on the record collection
R according to requirements (lines 6-9). The result of a Pi block is given by
the intersection of the results provided by each similarity join applied with
the predicate pj ∈ Pi (lines 10-13). The final candidate set is computed by
merge the results of each Pi block (line 14). In the end, the candidates are
verified with a verify function that ensures that all predicates are respected
(line 15).

Algorithm 4 PPJoin/EDJoin
Input: R collection of records to join
Input: P predicate that contains the join attribute, the threshold, and the elements

pattern (i.e., tokens, n-grams, etc.)
Output: C, the pairs of records that can satisfy P
1: RT ← getSortedElements(R,P) //Transforms the records in set of sorted elements

(i.e., tokens, n-grams, etc.)
2: I ← buildPrefixIndex(RT ,P) //Build prefix index
3: C ← flatMap Bi ∈ I //For each entry of the prefix index
4: for each 〈rj , rk〉 ∈ Bi(rj 6= rk) do
5: if passLengthF ilter(rj , rk,P) then
6: if passPositionalF ilter(rj , rk,P) then
7: emit(〈rj , rk〉)

4.2 GraphJoin

Algorithm 5 has three main drawbacks:

(i) the intersect operation (line 13) is expensive in MapReduce-like sys-
tems, because it generates shuffle (see Subsection 2.4);

(ii) a predicate is independently checked by the others. For example, given
a matching rule M = (C1 ∧ C2) ∨ (C3 ∧ C4) in which each Cx is
a similarity join predicate (e.g., Jaccard Similarity title ≥ 0.8). A
pair 〈ri, rj〉 is probed with all predicates even if it fails/passes one of
them. For example, if the pair passes the predicate (C3∧C4) it is not
necessary to probe it with (C1∧C2). Or, if it fails with the predicate
C1 it is not necessary to probe it with C2, C3.
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Algorithm 5 JoinChain
Input: R collection of records to join
Input: M matching rule in DNF form
Output: M , the pairs of records that satisfy M
1: C ← {}
2: for each Pi ∈M do //For each block of predicates in or
3: CPi

← {} //Set of candidate pairs for Pi

4: for each pj ∈ Pi do //For each single predicate in and
5: Cpj ← {} //Set of candidate pairs for pj
6: if pi.type = ED then
7: Cpj

← EDJoin(R, pj) //Get candidate pairs with EDJoin
8: else
9: Cpj

← PPJoin(R, pj) //Get candidate pairs with PPJoin

10: if CPi .isEmpty then //Intersects candidates with previous ones
11: CPi

← Cpi

12: else
13: CPi

← CPi
∩ Cpj

14: C ← C ∪ CPi //Merge candidates with previous ones

15: return verify(C,M)

(iii) Vernica Join, employed in the implementation of JoinChain algorithm
(Algorithm 5 lines 7, 9), produces duplicates [Fie+18] that have to
be removed. If a pair of records appears in more prefix entries, it is
processed and emitted multiple times (Algorithm 4 lines 3-7).

We solved these problems in our GraphJoin algorithm. The main intuition of
GraphJoin is to exploit the prefix indexes—one prefix index for each predicate
of the matching rule—to build a graph structure, which is then employed to
iterate over the records (the nodes of the graph), efficiently applying the
rules and to keep only the candidates (the edges of the graph) that pass the
whole rule. In other words, GraphJoin adopts a record-based parallelization
approach; in contrast to the existing algorithms, which adopt a prefix-based
parallelization approach on a single predicate at a time.

The GraphJoin matching rule execution algorithm is outlined in Algorithm
6.

The algorithm takes as input a collection of records and a record-level
matching ruleM and gives as output the set of record pairs that satisfyM.
Recall thatM is in DNF, i.e., it is composed of sets of predicates Pj in logical
or, each set Pj contains predicates pk in logical and. First of all, the values
of attributes are converted into sets of elements (Line 1) according to the
matching rule requirements (e.g., n-grams, trigrams, tokens, etc.); then the
prefix indexes are built to find the candidate pairs (line 2)—one prefix index
is needed for each predicate pk of the matching rule. The prefix indexes are
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Algorithm 6 GraphJoin
Input: R collection of records to join
Input: M matching rule in DNF
Output: C, the pairs of records that satisfy M
1: RT ← getElements(R,M)
2: I ← buildPrefixIndexes(RT ,M)
3: broadcast(I)
4: C ← {} //Candidate pairs
5: map partition part ∈ RT

6: for each ri ∈ part do
7: Cri ← {} //Candidates for ri
8: for each Pj ∈M do //For each set of predicates in logical or
9: CPj

← {} //Candidates that satisfy Pj

10: for each pk ∈ Pj do //For each predicate in logical and
11: Cri,pk

← I(pk, ri) //Gets the candidates from the prefix index
12: /*Removes candidates that already passed previous predicates in or
13: and those that did not pass previous predicates in and*/
14: Cri,pk

← Cri,pk
− Cri

15: if CPj
6= ∅ then

16: Cri,pk
← Cri,pk

∩ CPj

17: /*Applies filters (length, positional, ...)*/
18: CPj

← applyF ilters(ri, Cri,pk
, pk)

19: Cri ← Cri ∪ CPj

20: C.append(Cri)

21: return verify(C,M)

sent in broadcast to each node (line 3) to be available to each computational
node (called worker). Then, each worker iterates over its portion of records
(lines 5-6), and performs the following operations for each record ri. First,
a set of candidates for ri is initialized as an empty set Cri (line 7). Second,
for each set Pj, a set of candidates CPj

is initialized as an empty set (lines
8-9) and for each pk ∈ Pj the candidates Cri,pk that can match with ri are
extracted using the prefix indexes (lines 10-11). Third, the candidates Cri,pk

are pruned by removing those that already passed one of the previous Pj

set of predicates (line 14), and those that did not passed previous pk ∈ Pj

predicates (lines 15-16). Fourth, the retained candidates are probed with
other filters that further improve the efficiency of the overall process (e.g.,
length filter, position filter, etc. [Xia+11; XWL08]) according to the rule
(line 18). Since pk is in logical and with the previous predicates, only the
candidates that pass the filters are kept. The resulting candidates from Pj

are added to Cri (line 20). Finally, the candidates are verified (line 21).

Given a matching rule R = (C1∧C2∧C3)∨ (C4∧C5), in which each Cx
is a similarity join predicate (e.g., Jaccard Similarity title ≥ 0.8); an example
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Figure 4.1: GraphJoin execution model: green cells represents executed and
passed rules; red cells executed that do not pass the rules; grey cells not
executed rules.

of how GraphJoin executes R is outlined in Figure 4.1. First, a prefix index
is built on the basis of the record-level matching rules expressed in the main
matching rule R. Then, the index is distributed to each worker. Each worker
iterates over each record in its partition extracting the possible candidates
from the prefix index. The rules are applied to each candidate. If more rules
are in or it is possible to avoid computing the other rules when one of them
is verified, e.g., with 〈r1, r2〉 the rule (C1 ∧ C2 ∧ C3) is not verified since
the pair passes the rule (C4 ∧ C5). Otherwise, if more rules are in and, it
is possible to avoid the computation when one of them fails, for example for
the pair 〈r1, r3〉, C2 fails, so C3 has not to be computed.

4.3 RulER

RulER [GSB20b; GSB20a], is a tool that employ the previously described
GraphJoin to efficiently execute record-level matching rules on parallel and
distributed systems, developed on top of Apache Spark. The tool is freely
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available on my GitHub repository1. It can be easily employed for data
preparation tasks (i.e., to join data sets to be consumed by data analytic
tasks) and to support the user in debugging record-level matching rules.

RulER it is very simple to use, as Figure 4.2 shows. For example, suppose
to have two movies data sets like Rotten Tomatoes2 and Roger Erbert3.
The former gather users’ ratings about movies, the latter critics’ ratings.
There is no foreign key between the two data sets. We want to discover
if there is a correlation between the ratings given by the users with the
ones given by the critics. To do that, we need to define a matching rule
to integrate the two data sets, then we compute the Pearson correlation
on the obtained results. A matching rule that can be employed can be:
(”movie name”, ”Title”, JS, 0.8) ∧ (”actors”, ”Cast”, JS, 0.5), That means
that the JS between the names of the movies must be greater or equal than
0.8 and the JS between the actors of the movies must be greater or equal
than 0.5. After the matching, it is possible to obtain a scatter plot of the
ratings, and compute the Pearsons correlation rating given by critics and the
rating given by users on the same movie.

The user just has to include RulER library (line 1), load the data as Spark
Dataframe4 (lines 3-4), to define the rules (lines 6-7) and combines them to
obtain the final matching rule (line 9). Finally, the matching rule can be
used to join the two dataframes with the joinWithRules method (line 11).

1https://github.com/Gaglia88/ruler/
2https://www.rottentomatoes.com
3https://www.rogerebert.com
4https://spark.apache.org/docs/latest/sql-programming-guide.html#

datasets-and-dataframes

https://github.com/Gaglia88/ruler/
https://spark.apache.org/docs/latest/sql-programming-guide.html#datasets-and-dataframes
https://spark.apache.org/docs/latest/sql-programming-guide.html#datasets-and-dataframes
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Figure 4.2: RulER example usage.
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In this chapter we evaluate the novel approaches (i.e. parallel Blast and
GraphJoin) proposed in this thesis.

All the experiments are performed on a ten-node cluster; each node has
two Intel Xeon E5-2670v2 2.50 GHz (20 cores per node) and 128 GB of
RAM, running Ubuntu 14.04. All the software is implemented in Scala 2.11.8
and available at [Gag+17]. To assess the performance of the state-of-the-art
meta-blocking methods we re-implemented all of them for running on Apache
Spark as well. We employ Apache Spark 2.1.0, running 3 executors on each
node, reserving 30 GB of memory for the master node. We set the default
parallelism to twice the number of cores as suggested by best practice1.

5.1 Distributed Blast evaluation

In this section we evaluate Blast and schema-agnostic meta-blocking. In par-
ticular the experimental evaluation aims to answer the following questions:

Q1: What is the performance of Blast in terms of precision, recall, and exe-
cution time compared to the state-of-the-art [Pap+16]? (Section 5.1.1)

Q2: How efficient is broadcast meta-blocking, compared to repartition meta-
blocking [Eft+17]? (Section 5.1.2)

Q3: How does Blast (with broadcast meta-blocking) scale when varying the
number of machines available for the ER processing? (Section 5.1.3)

Experimental Setup

Datasets—Table 5.1 lists the 7 real-world datasets employed in our experi-
ments. They have different characteristics and are from a variety of domains.
The small datasets (i.e., articles1, articles2, products, and movies) are
used only when evaluating the performance in terms of recall and precision,
since their time performance on distributed setting is not significant. (Ta-
ble 5.3 reports the definition of precision and recall from Section 2.2.3.)

All the datasets match two different data sources for which the ground
truth of the real matches is known. From [KTR10]: articles1 matches
scientific articles extracted from dblp.org and dl.acm.org; articles2 matches
scientific articles extracted from dblp.org and scholar.google.com. products
matches products extracted from Abt.com and Buy.com. From [Pap+13]:
movies matches movies extracted from imdb.com and dbpedia.org; dbpedia

1https://spark.apache.org/docs/latest/tuning.html
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Size |P1| − |P2| |A1| − |A2| |DP |
articles1 (*) small 2.6k - 2.3k 4 - 4 2.2k
articles2 (*) small 2.5k - 61k 4 - 4 2.3k
products (*) small 1.1k - 1.1k 4 - 4 1.1k
movies small 28k - 23k 4 - 7 23k
articles3 (*) large 1.8M - 2.5M 7 - 7 0.6M
dbpedia large 1.2M - 2.2M 30k - 50k 0.9M
freebase large 4.2M - 3.7M 37k - 11k 1.5M

Table 5.1: Dataset characteristics: number of entity profiles, number of at-
tribute names, and number of existing matches. An exact schema alignment
can be achieved only on starred “(*)” datasets.

matches entity profiles from two different snapshots of DBpedia (2007 and
2009)2. From [Das+]: articles3 matches scientific articles extracted from
Citeseer and DBLP. Finally, freebase is derived from the Billion Triple
Challenge 2012 Dataset [Har12]: it is composed by two datasets, one contains
the data of DBpedia 3.7, the other one the data of Freebase; we cleaned
these two datasets keeping only the information in English, removing other
languages; the ground truth is represented by the owl:sameAs relationships
between them.

Methods Configurations and Results Analysis—For each dataset, the
initial block collection is extracted through a redundant blocking technique
(either Token Blocking or Loose Schema Blocking). Then, the block collec-
tion is processed with Block Purging and Block Filtering [Pap+16], which
aim to remove/shrink the largest blocks in the collection. Block Purging dis-
cards all the blocks that contain more than half of the entity profiles in the
collection, corresponding to highly frequent blocking keys (e.g., stop-words).
Block Filtering removes each profile pi from the largest 20% blocks in which
it appears3. The time required by both Block Purging and Block Filtering
is negligible compared to the meta-blocking phase, thus not listed in the
experimental results.

The schema-agnostic meta-blocking methods can be executed on blocks
generated with both Token Blocking and with Loose Schema Blocking, while
Blast is compatible with the latter only, since it exploits the loose schema
information.

For the schema-agnostic meta-blocking methods, we report the average

2Only 25% of the name-value pairs are shared among the two snapshots, due to the
constant changes in DBpedia, therefore the ER is not trivial.

3This heuristic has shown to not affect recall in practice, while lighting the blocking-
graph handling [Pap+16].
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Blocking

TB Token Blocking [Pap+13] (see Section 2.2.1)

LSB Loose-Schema Blocking (see Section 2.2.3)

Meta-blocking

WNP Weight Node Pruning [Pap+16] (see Section 2.2.2)

CNP Cardinality Node Pruning [Pap+16] (see Section 2.2.2)

WNPOR(CNPOR)
The redefined WNP (CNP) approach [Pap+16] (see Section 2.2.2).
An edge is not pruned if it weight is greater than any of
its adjacent node’s local thresholds (OR condition)

WNPAND(CNPAND)
The reciprocal WNP (CNP) approach [Pap+16] (see Section 2.2.2).
An edge is not pruned if it weight is greater than both of
its adjacent node’s local thresholds (AND condition)

Table 5.2: Acronyms and configurations.

values of recall, precision, F1-score4 and time obtained by executing each
method in combination with each of the five weighting schemas proposed
in [Pap+13]5. We also report that no traditional weighting schema and prun-
ing strategy combination performs better than the other on the considered
datasets, confirming the results of [Pap+13].

Finally, for the time measurement, we report the values obtained by av-
eraging the times recorded for five runs.

Table 5.2 summarizes the acronyms used in this Section.

5.1.1 Blast vs. Schema-agnostic Meta-blocking

Table 5.2 summarizes the acronyms and configurations employed in this ex-
periment. WNP and CNP is applied on block collections generated both
with Token Blocking (TB) and Loose Schema Blocking (LSB), and employ-
ing both redefined (WNPOR/CNPOR) and reciprocal (WNPAND/CNPAND)
approaches (see Section 2.2.2).

4 Hand et al. [HC18] have recently discussed how F1-score may be an unreliable mea-
sure for comparing different ER algorithms. We report F1-score for the sake of complete-
ness—it has been used in many related works [Kon+16; Ebr+18; Mud+18]—yet we draw
conclusions on the basis of precision and recall only.

5Among the weighting schemas proposed in [Pap+13], we did not identify an overall
best performer and an overall worst performer, confirming the results reported in [Eft+17],
for this reason we report the average precision, recall, F1-score and execution time.
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‖B‖ Number of comparisons entailed by a block collection B

|DP | Number of duplicates (matches) in a profile collection P

|DB| Number of duplicates (matches) indexed in at least one block b ∈ B

recall(B) |DB|/|DP |

precision(B) |DB|/‖B‖

Table 5.3: Metrics.

Figure 5.2 shows the result of the execution of Blast and traditional meta-
blocking on all the datasets. Compared to WNP approaches, Blast achieves
significantly higher precision and basically the same level of recall on all the
datasets, confirming the results reported in [SBJ16]. In particular Blast al-
ways outperforms LSB+WNPOR/AND, demonstrating that the Blast weight-
based pruning is actually more effective than the traditional ones.

Compared to TB+CNPOR/AND, Blast achieves higher precision on all the
datasets, with the exception of articles2 and freebase, where CNPAND

has a higher precision (Figure 5.2(i) and Figure 5.2(n)). Notice though
that on articles2 and on freebase Blast achieves a recall significantly
higher (Figure 5.2(b) and Figure 5.2(g)). On all the other datasets, the
recall of Blast is almost the same of TB+CNPOR/AND (Figure 5.2(a-g)),
or slightly higher (Figure 5.2(b) and Figure 5.2(g)). Similarly, Blast out-
performs LSB+CNPOR/AND in terms of precision on all the datasets but
articles2 and freebase (Figure 5.2(i) and Figure 5.2(n)). Yet, on these
datasets Blast yields a higher recall (Figure 5.2(b) and Figure 5.2(g)).

We also considered the overall execution time of the methods. For the
comparison, we employed our Spark implementation of them, employing
broadcast-meta-blocking as core blocking-graph processing algorithm, run-
ning on a single node (for scalability and performance on multiple nodes see
Section 5.1.3). In such a configuration, for the small datasets the results are
not reported: the overhead introduced by Spark in each execution does not
allow to properly record the actual time efficiency of such configuration when
the size of the data is small6. The results are shown in Figure 5.1. Blast
is always significantly faster than CNPOR/AND on all the considered datasets
and all the configurations (up to 3.8× on dbpedia in Figure 5.1(b)). It is
also faster than TB+WNPOR/AND on dbpedia (2.8× in Figure 5.1(b)) and
freebase (1.6× in Figure 5.1(c)); while, on articles3 is slightly slower (Fig-
ure 5.1(a)). Compared to LSB+WNPOR/AND, Blast has almost the same

6In [DBLP:journals/pvldb/SimoniniBJ16] the time for these datasets are reported
for the Java implementation and the results are analogous.
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Figure 5.1: Execution time of the different methods applied on blocks ob-
tained with the Token Blocking (TB+WNPADN/OR/CNPADN/OR) and with
the Loose Schema Blocking (LSB+WNPADN/OR/CNPADN/OR). The execu-
tion time is referred to the meta-blocking, and it was taken on a single node
on the biggest datasets.

execution time on dbpedia (Figure 5.1(b)) and freebase (Figure 5.1(c));
while on articles3 is slightly slower (Figure 5.1(a)).

Overall, we conclude that Blast yields the same recall and a significantly
higher precision of the best performing schema-agnostic meta-blocking meth-
ods [Pap+16], on each dataset 7. The only exception is LSB+CNPOR/AND,
which achieves higher recall than Blast on two of the seven considered datasets
(Figure 5.2(i) and Figure 5.2(n)), but at the same time has lower recall (Fig-
ure 5.2(b) and Figure 5.2(g)) and is always slower than Blast Figure 5.1. Fi-
nally, we also observe that Blast has time performance similar to the fastest
schema-agnostic method.

7 The differences between Blast and WNP/CNP are statistically significant according
to Student’s T-Test (with p-value < 0.05).
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Figure 5.2: Recall and precision achieved by the considered methods on all
the datasets. Traditional meta-blocking (WNPADN/OR and CNPADN/OR) has
been combined both with Token Blocking (TB+WNPADN/OR/CNPADN/OR)
and Loose Schema Blocking (LSB+WNPADN/OR/CNPADN/OR). Blast is
based on Loose Schema Blocking for the extraction of the loose schema in-
formation, thus it is not applicable on block collection generate with Token
Blocking.
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5.1.2 Broadcast vs. Repartition Meta-blocking

The goal of this experiment is to compare the efficiency of broadcast meta-
blocking (Algorithm 2) and repartition meta-blocking (Algorithm 3). Both
the algorithms can be employed as core graph-processing algorithms for
any meta-blocking method. Thus, we evaluate them in combination with
WNP and CNP, in order to analyze how they perform on both family of
meta-blocking, i.e., those based on weight-threshold, and those based on
cardinality-threshold (see Section 2.2.2). To minimize additional overhead,
we run them in combination with the computationally cheapest weighting
function, i.e., block co-occurrence frequency (we record analogues trends with
other weighting functions). The experiment was performed on 10 nodes. We
consider only the large datasets since the overhead introduced by Spark does
not pay off on the small ones on multiple nodes. Notice that both algorithms
perform the same logical operation, that is the final recall and precision are
the same on all the datasets, hence not reported here.
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Figure 5.3: Repartition vs. Broadcast meta-blocking. For each dataset we
report two different strategies for the prune functions, i.e., the weight- and
cardinality-based pruning. This times was taken on 10 nodes.

The results are reported in Figure 5.3: broadcast meta-blocking is faster
than repartition meta-blocking from 4.9 to 12.7 times for WNP, and from
7.7 to 10.1 times for CNP. To analyze the scalability of the algorithms, we
report in Figure 5.4 their execution times in function of the number of nodes
(from 1 to 10) on freebase (the largest dataset). In our setting, repartition
meta-blocking is not able to run with less than 7 nodes; whereas broadcast
meta-blocking on a single node is 3 to 4 times faster than the execution time
of the repartition meta-blocking on 10 nodes.
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Figure 5.4: Scalability comparison: repartition vs. broadcast meta-blocking
on freebase.

We conclude that the broadcast meta-blocking is always faster than the
repartition meta-blocking.

5.1.3 Parallel-blast scalability

Finally, we assess the scalability of parallel Blast by varying the number of
nodes in the cluster (1, 3, 5, 7 and 10 nodes). For this experiment we employ
freebase, which is the heaviest dataset to process due to the huge number
of comparisons yielded by the blocking phase (2.23× 1013 comparisons), and
to its large number of attributes (47, 945 distinct attributes).

Figure 5.6 shows the scalability of each blocking step, i.e.: Loose Schema
Blocking (LSB, which is composed of Loose attribute-Match Induction in
combination of Token Blocking), and Loose Schema Meta-Blocking (LS-MB).
Figure 5.5 shows the speedup of each blocking step, which is sub-linear to the
number of nodes in the cluster (i.e. 10x nodes, the overall speedup do not
reach 5). For each step, we observe at least a 50% reduction of execution
time from 1 to 3 nodes. Then, the execution times continuously decrease
until reaching an overall speedup on 10 nodes of 4.2×.

The time and speedup reported so far only consider the blocking and
meta-blocking phase of an ER process. In practice, all the comparisons gen-
erated through any blocking process have to be compared by means of an
Entity Resolution Algorithm, which is a binary function that takes as in-
put two profiles and decides whether or not they are matching [Ben+09;
Kon+16]. Such a function is typically expensive, e.g., involving string sim-
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ilarity computations, calls to external resources or even human intervention
(i.e., crowdsourcing). Thus, the more the employed function is expensive, the
more useful a good blocking (and meta-blocking) method is; in other words:
the resources saved avoiding superfluous comparisons are proportional to the
complexity of the Entity Resolution Algorithm. Hence, we now compare Blast
and WNP using a näıve (i.e., cheap) Entity Resolution Algorithm for showing
that Blast significantly reduce the overall execution time of a complete ER
process. We employ as Entity Resolution Algorithm the computation of the
Jaccard Similarity of the two profiles involved in each comparison8.
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Figure 5.5: Speedup of Blast on freebase.

8In a real-world scenario, a threshold would be required to discriminate between match-
ing and non-matching pairs.
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Figure 5.6: Execution time of Blast on freebase.

Figure 5.7 shows the execution time of Blast and WNP in combination
with the näıve Entity Resolution Algorithm9 and by varying the number of
nodes. We observe that the meta-blocking phase of Blast is slower than stan-
dard schema-agnostic WNP. This is not surprising, since Blast performs an
additional step compared to WNP (i.e., Loose attribute-Match Induction).
Yet, the overall ER process employing Blast is significantly faster that em-
ploying WNP, since it retains much fewer comparisons (3.80 · 108 of Blast
vs. 2.17 · 1010 of WNP). Please, recall that Blast and WNP, on freebase,
achieve the same recall (Figure 5.2(g)).

9The average comparison time on freebase is 0.05 ms.
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Figure 5.7: Execution time of the complete ER process on freebase, vary-
ing the number of execution nodes in the cluster. The whole ER process is
composed of a blocking phase, which generates candidate pairs that are com-
pared through an Entity Resolution Algorithm. In (a), the blocking method
employed is Token Blocking in combination with WNP meta-blocking. In
(b), the blocking method employed is Blast.

5.2 GraphJoin evaluation

In this section we evaluate GraphJoin with respect to JoinChain (see Chapter
4). In particular, the experimental evaluation aims to answer the following
questions:

Q1: What is the performance of GraphJoin in terms of execution time com-
pared to JoinChain (i.e., the näıve solution)? (Section 5.2.2)

Q2: How does GraphJoin scale when varying the number of machines avail-
able for the record-level matching rule processing? (Section 5.2.3)

5.2.1 Experimental Setup

We have chosen the ombd dataset [Das+] to evaluate the performance of
GraphJoin and JoinChain. It contains 2.3 millions of records about movies
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Rule Candidates Matches
M1 (Title, 0.9, JS) ∧ (Cast, 0.8, JS) 1725885 53023
M2 (Title, 0.9, JS) ∨ (Cast, 0.8, JS) 990278774 253593213
M3 ((Cast, 0.9, JS) ∧ (Director, 0.9, JS) ∧

(Writer, 0.9, JS)) ∨ (Title, 0.9, JS)
61987445 34798235

M4 (Director, 0.9, JS) ∧ (Title, 2, ED) 1133134 252935

Table 5.4: Matching rules employed in the experiments. For each rule the
number of candidate pairs obtained after the filters (i.e., prefix filter, length
filter, positional filter, see Section 2.3) is reported, together with the number
of final matching pairs.

collected from omdbapi.com. We choose this dataset because it has a good
variety of attributes (e.g., title, cast, director, writer, plot, etc.) on which it
is possible to define a different kind of record-level matching rules. Moreover,
it contains a sufficient number of records that make it suitable to test the
performance with Spark.

The goal of our experiments is to compare the efficiency of the algorithms,
not to find good matching rules. Moreover, with GraphJoin it would be
possible to define an order for the application of the predicates that minimize
the execution time and the number of performed comparisons, but we do not
explore this aspect in this work.

5.2.2 GraphJoin vs JoinChain

The goal of this experiment is to compare the efficiency of GraphJoin (Algo-
rithm 6) and JoinChain(Algorithm 5). Both algorithms can be employed to
apply a record-level matching ruleM. In this experiment we apply the rules
presented in Table 5.4 on the omdb dataset. Since both algorithms use the
same functions to extract the elements from the records, to generate the pre-
fix indexes and to verify the candidate pairs, we analyze here only the time
requested to perform the join operation. All the experiments are performed
on a single node.

Figure 5.8 reports the execution times of GraphJoin and JoinChainwith
the rules reported in Table 5.4. GraphJoin is always significantly faster than
JoinChain: 24× with M1 (Figure 5.8(a)), 5× with M2 (Figure 5.8(b)), 7×
withM3 (Figure 5.8(c)), 27× withM4 (Figure 5.8(d)). Moreover, Figure 5.9
shows the number of comparisons performed by both algorithms. Also in this
case, GraphJoin works better than JoinChain performing less comparisons:
21.6 · 106 less for M1 (Figure 5.9(a)), 23.0 · 106 less for M2 (Figure 5.9(b)),
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Figure 5.8: Execution times of GraphJoin and JoinChain with the rules
reported in Table 5.4.

3.8 · 106 less for M3 (Figure 5.9(c)), 45.1 · 106 less for M3 (Figure 5.9(d)).
We conclude that GraphJoin is always faster than JoinChain.

5.2.3 GraphJoin scalability

Finally, we assess the scalability of GraphJoin by varying the number of
nodes in the cluster (1, 3, 5, 7 and 10 nodes). For this experiment we apply
the rules described in Table 5.4 on the omdb dataset.

Figure 5.10 shows the scalability and the speedup of the whole process.
For each step, we observe at least a 50% reduction of execution time from 1
to 3 nodes. Then, the execution times continuously decrease until reaching
an overall speedup on 10 nodes of: 5.0× for M1, 7.3× for M2, and 4.16×
forM3. M2 is the rule that takes more advantage in the increase of worker’
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with the rules reported in Table 5.4.
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Figure 5.10: Execution time and speedup of GraphJoin with the rules re-
ported in Table 5.4.

nodes because it performs more comparisons than the others, as shown in
Table 5.4.
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Related Work
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Blocking—Blocking techniques have been commonly employed in Entity
Resolution (ER) [KR10; NH10; Chr12b; Kon+16; Sto+13; Pap+18; Eft+18;
Sar+11; DN11], and can be classified into two broad categories: schema-
based (Suffix Array [DV+09], q-grams blocking [Gra+01], Canopy Clustering
[MNU00]), and schema-agnostic (Token Blocking [Pap+13], Progressive ER
[Sim+18b; Sim+18c; WMG13; PHN15; FSS16; Fir+18], and Attribute-match
induction [Pap+13; MT13]).

Attribute-match induction—Among the schema-agnostic techniques, At-
tribute Clustering (AC) [Pap+13] and TYPiMatch [MT13] try to extract
statistics to define efficient blocking keys. AC relies on the comparison of
all possible pairs of attribute profiles of two datasets to find the pairs of
those most similar; this is an inefficient process because the vast majority
of comparisons are superfluous. The LSH-based preprocessing step adopted
in Blast aims to address this specific issue. TYPiMatch tries to identify the
latent subtypes from generic attributes (e.g., description, info, etc.) frequent
on generic dataset on the Web, and uses this information to select blocking
keys; but it cannot efficiently scale to large dataset.

Block manipulation—In this thesis, we work the problem of meta-blocking,
i.e., how to restructure (manipulate) an existing blocking collection, for im-
proving the quality of the overall ER process. The state-of-the-art, unsuper-
vised and schema-agnostic meta-blocking has been presented in [Pap+16].
Blast was shown to outperform them in Section 5.1.1. Supervised meta-
blocking [PPK14; BGD18] extends the blocking graph model by represent-
ing each edge as a vector of schema-agnostic features (e.g., graph topological
measures), and treats the problem of identifying most promising edge as a
classification problem; hence, a training set of labeled data (matching/non-
matching pairs) is required. Blast exploits the loose schema information and
does not require any training set (i.e., it is completely unsupervised).

Entity Resolution with MapReduce-like Systems—Parallel and dis-
tributed versions of traditional (schema-based) blocking techniques have been
extensively studied in [KTR12; Das+17]. Altowim and Mehrota [AM17] have
investigated how to generate candidate profile pairs on MapReduce-like sys-
tems in pay-as-you-go (i.e., progressive) fashion. Their proposed solution
relies on the definition of schema-based blocking keys. Finally, Efthymiou et
al. [Eft+17] have proposed the repartition meta-blocking algorithm to run
graph-based meta-blocking methods on MapReduce. In Sections 3 and 5.1.2,
we extensively compare it against our proposed broadcast meta-blocking al-
gorithm.

Araújo et al. [APN17] have proposed a novel schema-agnostic pruning
strategy called Global Weighted Node Pruning (GWPN) that combines a lo-
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cal threshold with a global one. The local threshold is computed for each
profile as for the WNP, while the global one is computed as the average of all
the edges weights. This strategy aims to discard the edges with a low weight
that connects only profiles with a very low local threshold. Compared to tra-
ditional WNP, GWNP improves the precision of 0.01%, while achieving the
same recall, on DBpedia dataset [APN17]. Araújo et al. also discuss a Spark
implementation for their strategy, which is based on the MapReduce parallel
meta-blocking proposed in [Eft+17], and suffers from the same limitations
(see Section 3.3).

Record Level Matching-Rules—In this thesis, we tackle the problem of
execute record-level matching rules written in DNF (see Section 2.3). To
the best of our knowledge, the only related work tackling this problem is
[ADA+18], which focuses on single-node execution, borrowing optimization
techniques from the traditional relational database approaches. Similarly,
[Li+15] focuses on how to optimize multi-attribute similarity join, but only
for conjunctions of predicates (i.e., not for DNF). We were not able to find
any work about the parallelization of these techniques.
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Conclusion. In this thesis, I tackled the problem of joining records without
explicit join keys, presenting distributed data integration algorithms that
allow to scale to large volumes of data (i.e., Big Data): repartition meta-
blocking and GraphJoin. Both of the algorithms are implemented to effi-
ciently run on Spark and in general on MapReduce-like Systems. In particu-
lar, repartition meta-blocking allows to efficiently running any meta-blocking
technique, while GraphJoin allows to efficiently apply record-level matching
rules.

I implemented two tools of the developed algorithms: SparkER an ER
framework for Apache Spark, based on repartition meta-blocking ; RulER a
tool that employs GraphJoin to efficiently join Spark Dataframes by using
record-level matching rules.

Finally, I experimentally evaluated the proposed approaches, demon-
strating how repartition meta-blocking can outperform the state-of-the-art
parallel meta-blocking implementations (i.e., repartition meta-blocking), and
how GraphJoin can be used to efficiently apply record-level matching rules.
SparkER and RulER are available on my GitHub repository1.

Ongoing and future Work—My ongoing research is focused on the ex-
tension of RulER, to optimize the execution of the predicates, i.e., given a
matching rule to find the optimal order to execute the predicates that com-
pose it to minimize the number of comparisons [Li+15; ADA+18].

Moreover, at the DBGRoup we are working in a joint project with col-
leagues from Paris and Athens that are the authors of JedAI [Pap+18] to
integrate their toolkit with SparkER, to create a complete ER system that
runs seamlessly both on stand-alone computers and clusters of computers. In
particular, my contribution is to integrate the parallel meta-blocking pipeline
(available in SparkER) with JedAI. Moreover, to parallelize the similarity join
and the clustering algorithms included in JedAI, and to perform the scala-
bility tests of the ER system by using Apache Spark. The final ER system
will be published in the JedAI repository on GitHub2.

1https://github.com/Gaglia88/
2https://github.com/scify/JedAIToolkit

https://github.com/Gaglia88/
https://github.com/scify/JedAIToolkit
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[APN17] Tiago Brasileiro Araújo, Carlos Eduardo Santos Pires, and Thi-
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