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Abstract. Entity Resolution (ER) is a task to identify records that
refer to the same real-world entities. A naive way to solve ER tasks is to
calculate the similarity of the Cartesian product of all records, which is
called pair-wise ER and leads to quadratic time complexity. Faced with
an exploding data volume, pair-wise ER is challenged to achieve high
eﬃciency and scalability. To tackle this challenge, parallel computing is
proposed for speeding up the ER process. Due to the diﬃculty of distributed programming, big data processing frameworks are often used as
tools to ease the realization of parallel ER, supporting data partitioning,
workload balancing, and fault tolerance. However, the eﬃciency and scalability of parallel ER is also inﬂuenced by the adopted framework. In the
area of parallel ER, the adoption of Apache Spark, a general framework
supporting in-memory computation, still is not widely studied. Furthermore, though Apache Spark provides both low-level (RDD-based) and
high-level APIs (Datasets-based), to date, only RDD-based APIs have
been adopted in parallel ER research. In this paper, we have implemented
a Spark-SQL-based ER process and explored its persistence capability to
see the performance beneﬁts. We have evaluated its speedup and compared its eﬃciency to Spark-RDD-based ER. We observed that diﬀerent
persistence options have a large impact on the eﬃciency of Spark-SQLbased ER, requiring a careful consideration for choosing it. By adopting the best persistence option, the eﬃciency of our Spark-SQL-based
ER implementation is improved up to 3 times on diﬀerent datasets,
over a baseline without any persistence option or with misconﬁgured
persistence.
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Record linkage · Data matching · Parallel computing
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Introduction

A real-world entity may be described in diﬀerent ways in digital repositories
because of typos, diverse formats and others. In order to identify and connect
diﬀerent descriptions that refer to the same real-world entities, Entity Resolution (ER) is required. Ironically, as a process to identify duplicate records, ER
itself has many aliases: if records to be identiﬁed are only from a single source,
it is usually named de-duplication [8]. Otherwise, in computer science it is also
typically referred to as data matching, record linkage, duplicate detection, reference reconciliation, or object identiﬁcation [8]. In the database domain, ER is
tightly related to similarity joins.
Today, ER plays a vital role in diverse areas, not only in the traditional applications of census, health data or national security, but also in Internet-based
applications of business mailing lists, online shopping, web searches, etc. [8]. It
is also an indispensable step in data cleaning, data integration, and data warehousing. The use of computer techniques to perform ER dates back to the middle
of the last century. Since then, researchers have developed many techniques and
algorithms for ER. Generally speaking, there are two major directions to solve
ER problems: pair-wise ER and clustering ER. Pair-wise ER is the most commonly used, it solves ER problems through local evidences by comparing each
possible record pair; clustering ER aims to group similar data objects into the
same cluster, according to some criteria, and solves ER problems by also using
global evidences. Our research focuses on the former one, pair-wise ER. The
reason for adopting pair-wise ER is that it is applicable for all types of data and
we consider that it might have more applications. However, pair-wise ER faces a
big challenge, when the data volume is quite large. Since the time complexity of
pair-wise ER is O(n2 ), sequential processing to complete a naive ER process is
no longer feasible. For instance, in a naive pair-wise approach, an input dataset
with 1 million records corresponds to 1 trillion comparisons. Suppose that a
comparison takes one microsecond, then we would need 11.6 days to complete
this ER task [12]. Therefore, the increasing data volume nowadays and the data
expansion inherent to pair-wise approaches make the use of parallel computing
necessary to solve pair-wise ER tasks.
To implement parallel ER, there have been two main research directions so
far: the ﬁrst one is with parallel DBMSs, the other way is to employ a distributed computation framework to help with the implementation [7]. The solution of using parallel DBMSs proposed more than two decades ago has some
shortcomings for individuals or small and medium-sized enterprises with ER
tasks. Parallel DBMSs are traditionally expensive [13], ill-suited for heterogeneous environments and have limited fault tolerance in large deployments [1].
As a result, users with limited budget and strong fault tolerance requirements
ﬁnd it diﬃcult to solve their ER tasks with parallel DBMSs. The second solution: employing a distributed computation framework has become very popular
in recent years, since most frameworks are open source, free to use, and also provide straightforward programming models to ease the management of distributed
programs. Hadoop MapReduce is the most popular programming model used and
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has almost dominated research in parallel ER since 2008. However, it has the
following disadvantages: ﬁrst, it is relatively diﬃcult to program and the process
has to be abstracted with “map” and “reduce” phases; second, it is disk-oriented,
which may lower the performance. Therefore, we explored to use another computation framework: Spark, since it supports acyclic data ﬂow (i.e., a more expressive processing model) and both in-memory and on-disk computing. Due to these
characteristics Spark oﬀers more promising performance and tuning choices. Furthermore, it integrates with several libraries such as Spark SQL, GraphX and
MLlibs, making it possible to express ER in terms of relational databases, graphs
and machine learning [2]. As we will describe in Sect. 3.2, Apache Spark provides
both low-level (RDD-based) and high-level APIs (Datasets-based). RDD is short
for resilient distributed dataset, which is the essential abstraction in Spark core.
It stands for a collection of data partitioned across the cluster. Datasets are
an abstraction from the Spark SQL library. Most previous research employing
Spark for parallel ER is based on RDD APIs, instead, in this paper, we investigate using Spark-SQL to implement parallel ER and explore the persistence
capability of Spark to see how it aﬀects the performance. We summarize our
contributions in the following:
– We explore an eﬃcient way of using Spark to implement parallel ER tasks. A
baseline workﬂow is implemented with Spark SQL, considering suitable and
scalable algorithms for our experimental datasets, conforming to the tenet of
high eﬃciency, but on the premise of satisfactory eﬀectiveness.
– We analyze our baseline workﬂow with the Spark web UI. As a result, we
ﬁnd that some data should be persisted with a suitable strategy to improve
performance. Therefore, we optimize the baseline workﬂow by exploring different persistence options. We evaluate eﬃciency and speed-up of our work
and report that the runtime of our baseline Spark-SQL-based ER is optimized
up to 3 times when employing the best persistence option.
– For comparison, we also implement a same ER process with Spark-RDD in
order to evaluate and contrast to our proposed Spark-SQL-based ER, and we
report that our Spark-SQL-based ER can achieve in average 2.2 times the
eﬃciency of Spark-RDD-based ER.
We structure the rest of our paper in the following way: In Sect. 2, we review
related work. Then Sect. 3 provides background knowledge to understand the
paper; In Sect. 4, we introduce our Spark-SQL-based ER process and our method
used to explore the persistence capability. Subsequently, we describe our experiments and evaluation results in Sect. 5; At last, we conclude our work and giving
an outlook on future work in Sect. 6.

2

Related Work

The use of computer techniques to perform ER dates back to the middle of
the last century. Since then, researchers have developed various techniques and
algorithms for ER, fueled by its applications in many ﬁelds. Several books and
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surveys can be recommended for overviews on ER-related techniques, e.g., [8,11].
To implement parallel ER, the use of parallel DBMSs is one important alternative, e.g., [4]. Another choice is use of big data processing frameworks. Research
in parallel ER has been dominated by the use of the MapReduce programming
model e.g., [16,19]. We give an overview and classiﬁcation on the current state
of parallel ER in our survey paper [7].
Along with the growing popularity of Apache Spark in recent years, there
have been several implementations based on Apache Spark, which are the most
similar to our approach. Therefore, we brieﬂy introduce work in this area, pointing out the diﬀerence between our work and previous studies. Pita et al. [18]
implemented a Spark-RDD-based approach for probabilistic ER of healthcare
data. Their evaluation covers execution time and compares results to OpenMPbased implementations. Chen et al. [6] focused on the Top-k similarity join problem, which is akin to ER, and implement a Spark-RDD-based algorithm for massive multidimensional data, focusing on a more eﬃcient distance function using
locality sensitive hashing (LSH) and determining the top-k closest pairs. Wang
and Karimi [21] focus on using a k nearest neighbors (kNN) algorithm for the
classiﬁcation step with Spark and propose a method to minimize the cross cluster
kNN search. Mestre et al. [17] propose S-DCS++, a Spark-RDD-based ER with
an adaptive-window Sorted Neighborhood blocking method and load balancing
strategies. Our work in this paper distinguishes itself from the described publications, since the research is RDD-based, while we explore how to eﬃciently use
Spark-SQL for implementing parallel ER, which supports high-level APIs and
is able to outperform the performance of RDD-based approaches. Some reasons
for our selection of Spark-SQL are, on the one hand based on the ease of adoption, considering that our test datasets are already structured and that Spark
SQL-based APIs are also high level rather than low-level; on the other hand our
choice is based on opportunities to improve the performance by leveraging the
API features, since Spark SQL includes a cost-based optimizer called Catalyst,
a columnar storage called Tungsten and is able to use Kryo serialization replacing traditional Java serialization to improve eﬃciency [15]. In addition, our ER
process is designed to be generic and can be easily adapted for diﬀerent kinds of
data.

3
3.1

Preliminaries
A Common Entity Resolution Process

A common ER process includes ﬁve major steps in total: data preprocessing,
blocking, pair-wise comparison, classiﬁcation, and evaluation [8]. Data preprocessing is required as the ﬁrst step to clean and standardize the input data.
Before the core step of pair-wise comparison, blocking is required to reduce the
search space of ER, since the original search space of ER is quite large, each
input record would need to be compared with all other records, making the time
complexity quadratic on the input dataset. With the blocking step, the input
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Fig. 1. Phases of query planning in Spark SQL [3]

dataset is divided into blocks and candidate pairs are generated. Then similarity functions are employed to estimate the similarity of candidate pairs, in the
pair-wise comparison step. After all intermediate results are obtained, the classiﬁcation step estimates whether each pair of records refers to the same real-world
entity or not. The last step, evaluation, is optionally used for estimating the
eﬀectiveness of the ER process.
3.2

Apache Spark

Apache Spark is designed for fast processing of large-scale data. It supports
acyclic data ﬂow and in-memory computing. Its main abstraction is a resilient
distributed data set (RDD), which is a collection of data partitioned across the
nodes of a cluster that can be operated on in parallel, supporting in-memory
computing and providing fault tolerance. RDDs oﬀer two kinds of operations:
transformations and actions. Transformations only create new RDDs from existing RDDs, while actions run a computation on RDDs and return values. In
order to enable Spark to run more eﬃciently, transformations in Spark are all
lazy, which means transformations for datasets are only scheduled but not computed right away. Besides, persisting data in memory is one of the most important capabilities in Spark. There are several persistence levels available, such as
MEMORY ONLY, MEMORY ONLY SER, MEMORY AND DISK. These are
distinguished by the location for data persistence (memory or disk), or whether
to serialize the data before persisting it. Spark SQL is the module of Apache
Spark for structured data, which enables people to query structured data inside
Spark programs, using either SQL queries or the corresponding Datasets APIs.
Spark SQL does not force users to decide for a relational or a procedural API, but
enables users to mix both of them [3]. Spark SQL provides the possibility to have
logical and physical optimizations before the real execution. Figure 1 shows the
four phases using its cost-based optimizer Catalyst to optimize the application.
It ﬁrst analyzes a logical plan and optimizes it through equivalence rules, then
it chooses the best physical plan based on statistics and cost estimates, lastly
it generates code to compile the query into Java bytecode [3]. Besides, it also
has a columnar storage called Tungsten, and is able to use Kryo serialization
to replace traditional Java serialization to minimize storage cost and improve
eﬃciency [15]. All above-introduced features make Spark SQL a more promising
option to process structured or semi-structured data.
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Spark-SQL-Based Entity Resolution

In this section, we will ﬁrst present our baseline Spark-SQL-based ER process
and describe possible strategies, algorithms, and corresponding parameters used
within the process of ER, then we introduce the persistence concept to optimize
our baseline implementation.
4.1

Spark-SQL-Based Entity Resolution Process

In our Spark-SQL-based ER process, input data is abstracted to Dataset<Row>,
which is distributed data with schema and is quite similar to a relational table.
Figure 2 shows how data is transformed through the diﬀerent processing steps
and how we obtain matches and evaluate results through action operations in
Spark SQL. The left part of Fig. 2 shows the data transformation process and the
right part corresponds to steps, which cause transformations of data. The input
data is ﬁrst loaded into Spark Dataset<Row> with a balanced distribution to all

Fig. 2. Spark-SQL-based ER

Spark-SQL-Based Entity Resolution

9

available nodes. Before the real process begins, a preprocessing step is performed
to clean and standardize the data. Because of diﬀerent characteristics of input
data, some common measures are suggested, such as replacing null values with
“0” and removing stop words, to improve the input data quality for the sake of
reducing the negative impacts that noise may bring to the real process. Then the
blocking step is performed, which includes “blockingkey generation” and “join”
(Fig. 2) substeps. Our blocking method is standard blocking, which is straightforward and eﬃcient but may lead to false negatives. In order to mitigate this
negative eﬀect, some approximate approaches can be used. The ﬁrst possibility
of approximation is during the preparation of blocking keys, instead of directly
using some attribute values as the blocking key, attribute values can be ﬁrst
generalized. For instance, for our experimental datasets with personal information, surname and given name are ﬁrst transformed using the double metaphone
algorithm. With this algorithm, letters that share a similar pronunciation are
transformed to the same representation to handle with common transcription
mistakes that people might make when recording information based on what
they hear from speakers. Another possibility of approximation is during the join
operation. After knowing the blocking key, in order to get all necessary candidate
pairs, a join operation is performed. Instead of an equi-join, the join condition can
be set that the similarity degree between blocking keys of two records of a pair
is higher than a given threshold. With these two sub-steps, data is repartitioned
and candidate pairs are distributed through the cluster. Next, the similarity on
each attribute is calculated for the candidate pairs, and then aggregated into
a total similarity score. Similarities only need to be calculated when the ID of
the ﬁrst record is smaller than that of the second record, since the similarity
between a pair of records is reﬂexive and symmetric. The algorithms used to
calculate similarity scores should be also chosen according to attribute properties. For instance, the Jaro-Winkler distance is suitable for string attributes,
because Jaro-Winkler has been proved to be an eﬃcient edit-distance metric for
short strings, such as those required for name matching [10]. Based on the total
similarity score, whether a pair is match or non-match can be judged through a
preset threshold. Choosing a suitable threshold is requirement-dependent. Tuning this feature is a sensitive matter, since a higher threshold translates into a
higher precision but lower recall and vice versa (i.e., higher thresholds lead to
fewer matches and more non-matches). Until now, all steps cause only transformations of data and they are lazily evaluated until actions are triggered. Actions
in our ER process include saving the matching result and calculating true positives, false positives and false negatives in order to evaluate results, given that
precision, recall and F-measures rely on those three values. To calculate true positives, false positives and false negatives we require ground truths. The ground
truth can normally be accessed through an external ﬁle or can be implicitly
contained in the data itself. For example, in our synthetic datasets, the ground
truth can be obtained through removing useless information of the attribute
“ID”. Therefore, in Fig. 2, resultData is transformed to resultCleanedData in
preparation for the evaluation.
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In order to make the process perform eﬃciently in a distributed environment,
unnecessary repartitioning should be avoided and only the data which is useful
for the following steps should be kept. Data which only helped the previous
operations should be discarded as soon as possible to avoid unnecessary costs.
For instance, after the join operation the blockingkey can be discarded, and after
calculating their corresponding similarity scores all original attributes except the
identiﬁers can be discarded.
4.2

Exploring Persistence Capability to Optimize Our Baseline
Implementation

As described in Subsect. 3.2, lazy evaluation is an important strategy in Spark
to optimize the performance and achieve fault tolerance. However, because of
this property, the related data might need to be re-evaluated again each time
an action is triggered, which may lower the performance when no suitable persistence option is used. In this section, we introduce our method to ﬁnd the
right persistence option to improve the eﬃciency of our baseline implementation.
There are two aspects that need to be considered to ﬁnd the right persistence
option. The ﬁrst one is which data should be persisted, the other one is which
persistence level to use for persisting the data. Since choosing a persistence level
depends on the data size and the cluster hardware conditions, we will introduce
our decision in Sect. 5. In this subsection, we only introduce the approach we
used to decide which data should be persisted.
Conﬁguring persistence can bring beneﬁts only when the performance
improvements due to persistence are larger than the potential overheads from
persisting the data itself. We considered this for determining which data was
relevant for persistence.
The main method we used to ﬁnd the relevant data is through observing
the Spark web UI and analyzing our ER process. Straightforwardly, the data
involved in multiple actions should be relevant. According to the transformations
and actions shown in Fig. 2, resultData which contains the pair-wise comparison
result and resultCleanedData which contains the ground truth that can be used
for the evaluation, are counted as relevant data. If this data is not persisted,
each time a related action is triggered, they have to be obtained through a series
of transformations from the original input data. TotalScoreData is not involved
because it is only used in an early step of the transformation process. However,
since it has one attribute less than resultData, it could be a good persistence
candidate (since it might incur in less overheads to persist it). Therefore, we
also evaluate the assumption that persisting totalScoreData may have a better
eﬀect than straightforwardly persisting resultData. In the next section, based on
the above-described ideas we designed several experiments to evaluate diﬀerent
persistence options and ﬁgure out the best alternative.
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Experiments
Experimental Setting

In this subsection, we introduce our experimental setting. It relates to two
aspects. On the one hand, we describe the datasets that we used to evaluate
our application; on the other hand, we demonstrate our Spark YARN cluster
based on Hortonworks Data Platform (HDP).
Table 1. Datasets used in experiments
Datasets

Property
ID Name
5

Input size

Synthetic datasets 1.1
1.2
1.3
1.4

5 ∗ 10 + 5%
5 ∗ 105 + 50%
106 + 5%
106 + 50%

57.3M
79.9M
114M
160M

Real datasets

Facebook

82.7M

2

Datasets for Experiments. We use both synthetic datasets and real datasets
for our experiments. The purpose of using synthetic datasets is that we can easily
know the ground truth and we can control characteristics of the datasets, such
as sizes or duplicate percentages. In addition, our generated data is based on
real-world data and can follow similar characteristics to the real data it is based
on [9]. It is generated by a data generator called GECO [20]. GECO consists
of GEnerator and COrruptor, which is speciﬁcally designed for generating ER
datasets. First, the generator is responsible for generating original data, whose
attribute values are based on frequency look-up ﬁles and functions provided by
users. Afterwards, the corruptor modiﬁes some attribute values of the generated
data from the ﬁrst step to generate duplicate records. In this way, a synthetic
dataset with original records and their duplicate records is generated. For each
record, an identiﬁer is assigned, which can show the ground truth of the dataset.
For the sake of data diversity and for being able to cover diﬀerent cases, we
generated the datasets stored in csv ﬁles using GECO, which all contain personal information with the following 14 attributes: rec-id, gender, given-name,
surname, postcode, city, telephone-number, credit-card-number, income-normal,
age-uniform, income, age, sex, and blood-pressure. The datasets used are shown
in the upper part of Table 1. Their names can reﬂect their sizes and duplicate percentages: the ﬁrst part stands for the number of original records that a
dataset contains, for example 106 means there are 1 million (10 power 6) original
records. The second part conveys the duplicate percentage based on the original
records, for example 5% corresponds to the number of duplicates as a percentage
of the number of original records. Because of privacy reasons, it is very hard to
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Fig. 3. Runtime of implementation with or without persistence on synthetic datasets

ﬁnd real datasets that contain personal information. The real data we have for
the experiments are parsed public data from Facebook [5], which are people’s
names including duplicates. We cannot know the ground truth for this dataset,
so we conducted experiments with real datasets to evaluate eﬃciency and speedup our workﬂow without the evaluation step. Our real dataset, which is shown
in Table 1, includes one million records used for evaluating eﬃciency. For the
blocking step, the blocking key is deﬁned by concatenating the ﬁrst two letters
of double metaphone codes of attributes “given-name” and “surname”. For the
pair-wise comparison step, Jaro-Winkler and absolute diﬀerence similarity functions are used to calculate similarities of strings and numbers separately. For the
classiﬁcation step, a threshold of 0.75 is used to judge the match or non-match
state of a pair, which is reasonable for both precision and recall.
Spark YARN Cluster. We have implemented our Spark-SQL-based ER in
Java and conducted all experiments in our Spark YARN cluster with Spark version 2.0. We use HDP to deploy our Spark YARN cluster, which is an open source
Apache Hadoop distribution based on a centralized architecture (YARN) [14].
The cluster has ten Spark clients, which includes one node to access the cluster,
two nodes as HDFS NameNodes (one active and one standby) and seven executor
nodes as HDFS DataNodes, which can also be used to run Spark applications.
Each of them runs on virtual machines, with VMWare ESXi as hyper-visor. In
the following, we introduce hosts’ hardware for seven executor nodes. Each of
them has four CPU cores, 16 GB RAM (6 GB is available for executor nodes to
run Spark applications) and 150 GB hard disk. However, our cluster is heterogeneous, since four of nodes are with four Intel Xeon E5-2650 @2.00 GHz cores,
two nodes are with four Intel Xeon E5-2650v2 @2.60 GHz cores, the last nodes
are with four Intel Xeon E5520 @2.27 GHz cores. All hosts are connected by a
10 GBit Ethernet in a star topology. We submitted our applications as jar ﬁles
to the Spark Yarn cluster and conducted a series of experiments to evaluate the
runtime and speedup (w.r.t our baseline implementation) of our implementations with persistence. We ran each experiment ﬁve times and after dropping
the highest and lowest result, our ﬁnal result was obtained by averaging the
remaining three.
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Evaluation: Persistence

Experiment Design. According to the analysis in Subsect. 4.2, we have the following persistence options: baseline, resultPersistence, resultCleanedPersistence
and totalScorePersistence. The baseline implementation is our Spark-SQL-based
ER without any persistence. The other three options are persisting these three
relevant data, respectively. We ran these implementations with diﬀerent persistence options on diﬀerent datasets with our 7-executors-cluster and recorded
the runtimes separately. Persistence level “memory only” was chosen to provide
the most eﬃcient persistence, because our cluster has suﬃcient memory to store
relevant data.
Results and Discussion. Figure 3 shows the runtime of four diﬀerent implementations on diﬀerent datasets. As we can see from it, for all four datasets, it
reﬂects a similar trend on diﬀerent implementations. There seems to be limited
gains from only persisting resultCleanedData, as in most cases it takes longer
for the implementation. By persisting resultData, an improvement of a factor of
1.6 to 2 can be achieved. By persisting totalScoreData instead of the straightforward choice (resultData), the eﬃciency improvement can even reach a factor of
2.3–3x. Therefore, we have the following conclusion: persisting totalScoreData
is our best persistence option, which can shorten the total runtime and improve
eﬃciency by mostly 3x. The straightforward choice to persist is not always the
best, when the data that is used for multiple actions is quite large, instead of
directly persisting it, we can judge whether it is possible to persist its former
data that is much smaller than it and when the computation between them is
not so time-consuming and their data sizes diﬀer much, it is normally beneﬁcial
to persist the former one instead. For instance, in our experiment, it is more
beneﬁcial to persist totalScoreData than resultData. Besides, not all the data
that will be reused needs persistence, such as when resultCleanedData is persisted, we need even more time to complete the application. In conclusion, it is
important and necessary to persist certain data in Spark SQL, but this needs
to be judiciously used, carefully deciding which data to persist for achieving the
most beneﬁts.

(a) Synthetic Dataset: 106 +5%

(b) Real Dataset

Fig. 4. Runtime and speed-up of best-persistence implementation (Color ﬁgure online)
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Runtime and Speed-Up Evaluation

Experiment Design. To evaluate the eﬃciency and speed-up of our bestpersistence implementation, we designed the following experiments: we use
datasets with IDs 1.1–1.4, and 2 to run our implementations with diﬀerent number of executor nodes (from one to seven) to get their total runtime, then based
on runtime we can calculate their speed-up. These datasets cover diﬀerent sizes
and properties of datasets and also synthetic and real datasets. Since we do
not have the ground truth for the real datasets, we evaluated speed-up of our
implementations without evaluation steps.
Results and Discussion. Figure 4a and b show the runtimes and the corresponding speed-ups of our best-persistence implementation for the synthetic
dataset: 106 + 5% and our real dataset respectively, when we increased the number of executor nodes from one to seven. Since all the other synthetic datasets
show similar results, we represent only one to save space and make the ﬁgure
clear. The red lines in it are the ideal runtime and speed-up. The results of
both implementations are similar and the diﬀerences between our results and a
linear improvements increases proportionally with number of nodes. For example, with seven nodes, the ideal speed-up (for an optimal parallelization) should
be equal to seven, while the real speed-up of both implementations achieved is
only around 3.4. Figure 4b shows the runtime and corresponding speed-up of our
application without the evaluation step for the real dataset, when we increase
the number of executor nodes from one to seven. In general, it displays a similar
trend of speed-up compared to synthetic datasets. In conclusion, we can see from
the result that our Spark-SQL-based ER shows a reasonable speed up and the
runtime for all implementations with diﬀerent datasets is reduced along with
increasing the number of nodes, although with a gap from ideal ones because
of unavoidable communication costs, synchronization and scheduling overheads,
negative eﬀects due to our heterogeneous cluster and an existing biased workload.
5.4

Comparison to RDD-Based Implementation

Experiment Design. As the state-of-the-art research has implemented several SQL-RDD-based ER applications, we have also implemented a Spark-RDDbased ER for comparison, which follows the same ER process from our SparkSQL-based ER. For the Spark-RDD-based implementation, we also ran experiments with an optimized conﬁguration, such as the level of parallelism, and its
best persistence options. The experiments were conducted on datasets 1.1–1.4
in our cluster with a variable number of executor nodes (from one to seven).
Results and Discussion. Figure 5b shows the runtime of both implementations for datasets 1.1–1.4, when we run them with a seven-node-cluster. Figure 5a
shows the runtime of both implementations for the synthetic dataset: 106 + 5%.

Spark-SQL-Based Entity Resolution

(a) on Datasets 1.1-1.4 with 7 Nodes
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(b) on Dataset: 106 +5% with 1-7 Nodes

Fig. 5. Runtime comparison of SQL-based and RDD-based ER

The results when we run the same experiments with other datasets or other
number of node are similar to the case with seven nodes. As we can see from
the ﬁgure, our SQL-based implementation runs around 1.8 to 3 times faster than
the RDD-based implementation. By averaging all speed-up factors with all number of nodes, our SQL-based implementation can speed up ER by a factor of
2.2. Therefore, we conclude that, due to the possible optimizations in Spark SQL
and the leveraging of persistence options, Spark-SQL-based implementations can
achieve much better eﬃciency for parallel ER than RDD-based implementations
and it is a good option to use Spark SQL to perform parallel ER.
5.5

Threats to Validity

The experimental results are subject to several critical considerations. Regarding
the data sets we focused on highly structured and ﬂat data, which are typical
in ER applications. Nevertheless, approaches for less structured data such as
document data or more complex data such as graph data may show a better
potential for more low-level APIs like RDD. Still we expect some of the basic
considerations regarding persistence options to hold. Regarding the experimental environment most of all the limited number of nodes available and the size
of the data sets that were chosen accordingly restrict the possible interpretation
regarding speed-up and scalability for large scale applications. Here, the experiments indicate a promising trend that would have to be veriﬁed for large-scale
settings. Finally, the presented conceptual ER process as well as its implementation may be subject to further optimization. We provided a straightforward
implementation of a general process for ER involving data reuse and applied
common optimizations to the best of our knowledge in a way, that was unbiased
toward all the compared approaches. Nevertheless, further optimizations regarding the environment settings are conceivable, and advanced techniques such as
improved load-balancing should be subject of further research. The comparison
result may be changed for an ER process without the evaluation step, i.e.
without data reuse, because we observed an important reason that our SparkSQL-based implementation is faster than Spark-RDD-based implementation is
Spark-SQL-based implementation can beneﬁt from the best persistence option.
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Conclusion

In this paper, we explored an eﬃcient way to use Spark to implement parallel ER. We implemented our baseline parallel ER application with the Spark
SQL library due to its high performance and high level APIs. Then we explored
diﬀerent persistence options in order to optimize our baseline implementation.
At last, we conﬁrmed experimentally that the best persistence option requires
a trade-oﬀ between the overheads for persisting the data and the gains from
avoiding its re-computation. We evaluate the eﬃciency and speed-ups of persistence options over diﬀerent synthetic and real datasets. Our results show that
the implementation with the best persistence option can achieve a performance
improvement by 2.3 to 3 times over the baseline implementation. Despite of the
limits of our heterogeneous cluster, we still achieved an acceptable speed-up for
our Spark-SQL-based implementation in all datasets, which suggests that this
approach is robust to data with diﬀerent duplicate percentages and sizes. In addition, we implemented a Spark-RDD-based ER and compared both cases with
experiments. Our results show that for our comparison experiment, our bestpersistence Spark-SQL-based ER is about 2.2 times faster than RDD-based ER
for diﬀerent datasets. In conclusion, our work shows that Spark SQL provides
another alternative to implement the ER process. In the adoption of Spark SQL
for ER tasks, developers are susceptible to decrease the runtime performance by
incorrectly using the persistence options of Spark. We believe that there is a need
either to propose a “best practice” approach for nudging developers into using
the best solution, or to add these carefully adopted persistence optimizations
into the Catalyst optimizer, by using statistics and cost estimations similar to
relational databases.
For future work, we will adopt available load balancing strategies to further
improve eﬃciency. Moreover, since our current evaluation is based on the speciﬁc
workﬂow we introduced in this paper, in the future, we will consider diﬀerent
scenarios for ER and adopt other blocking techniques.
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