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a b s t r a c t 

Nowadays, there is an incredible increase of data volumes around the world, with the Internet as one of 

the main actors in this scenario and a growth rate above 30GB/s. The treatment of this huge amount of 

information cannot be carried out through traditional data mining algorithms in an efficient way and it 

is necessary to adapt and design new algorithms towards distributed paradigms such as MapReduce. This 

situation is a challenge for the community, investigated under the widely known term of big data. 

This paper presents a new algorithm for the subgroup discovery task called MEFASD-BD. The algo- 

rithm is developed in Apache Spark based on the MapReduce paradigm, and it is able to tackle high di- 

mensional datasets in an efficient way. In fact, this algorithm is the first approximation to big data within 

evolutionary fuzzy systems for subgroup discovery. MEFASD-BD implements novel MapReduce functions 

which are able to analyse the quality of the subgroups obtained for each map with respect to the orig- 

inal dataset in order to improve the quality of these subgroups. In addition, the final reduce function of 

the algorithm employs the token competition operator in order to select the best rules extracted in the 

different maps. An experimental study with high dimensional datasets is performed in order to show the 

advantages of this algorithm in this type of problems. Specifically, the results of the study show an im- 

portant reduction of the runtime while keeping the values in the standard quality measures for subgroup 

discovery. 

© 2016 Elsevier B.V. All rights reserved. 
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1. Introduction 

The rapid progress in the development of information technolo-

gies is causing an exponential growth of the data volumes gen-

erated around the world. At present, the Internet generates more

than 30GB/s: over 7100 tweets are sent, over 480 Instagram photos

are uploaded, over 53,0 0 0 Google searches are done, over 120,0 0 0

YouTube videos are viewed, etc. [32] . The digital universe is be-

ing increased by a factor of 10 and predictions show that by 2020,

40 zettabytes of data will be stored [25] . These data are known as

big data [43] . Big data is characterized by its well-known Vs: great

Volumes of data, great Variety of formats, high Velocity in the gen-

eration of the data, mechanisms to ensure the Veracity of data and

so on. These adjectives describe the difficulties of working with big
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ata, and one of the main issues is that this huge amount of data

an not be analysed using traditional techniques. 

Data science appears with the objective of extracting knowl-

dge from large volumes of data, but new technologies, instru-

ents, etc., are needed to address this objective. The most popular

xample of these new paradigms is MapReduce [15,16] , consisting

f a distributed processing system using a divide and conquer ap-

roach. In recent years, there is a growing interest in the develop-

ent of new algorithms using this type of approach for big data

roblems. 

One of the promising areas where to develop new algorithms

or the big data environment within data science and data min-

ng is subgroup discovery (SD) [34,60] . SD is a data mining task in

hich, given a property of a data set (the variable of interest, or

arget variable) the objective is to discover subgroups whose be-

aviour is different from that of the complete set (that is, with a

ifferent statistical distribution). The knowledge extracted in an SD

ask is normally represented in the form of rules. In this sense,

volutionary algorithms (EAs) [26,31] , which imitate the principles

f natural evolution to address optimisation and learning problems,

re well suited to perform the SD task due to their ability to reflect
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Fig. 1. Subgroup discovery model (left) Vs. classification model (right). 
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he interaction of variables in a rule-learning process also provid-

ng great flexibility in the representation [21] . In addition, multi-

bjective EAs are appropriate in this type of problems where dif-

erent quality measures have to be optimized at a time. On the

ther hand, the use of fuzzy rules, based on fuzzy logic [64] al-

ows to consider uncertainty and to represent continuous variables

ore closely to human reasoning. 

However, existing approaches of evolutionary algorithms for SD

re not able to work efficiently with the huge amount of data in a

ig data environment. To address this problem, a new proposal of

D algorithm for big data using the MapReduce approach is intro-

uced in this paper based on the well-known NMEEF-SD algorithm

8] . The paper is organized as follows: Section 2 describes the con-

epts used along this paper, SD, evolutionary fuzzy systems (EFSs)

nd big data. The new algorithm for SD is described in Section 3 ,

ncluding a motivation for the introduction of this new algorithm

nd its main properties. In Section 4 the experimental study can

e observed. Finally, concluding remarks and future challenges are

utlined in Section 5 . 

. Background 

This section provides background information about the main

oncepts used in this paper. Section 2.1 presents the SD task and

ts main properties. Next, Section 2.2 introduces the concept of EFS

nd its use in SD. Finally, in Section 2.3 the MapReduce paradigm

s presented. 

.1. Subgroup discovery 

SD has been grouped within Supervised Descriptive Rule In-

uction [36] with other techniques such as Contrast Set Mining

4] or Emerging Pattern Mining [19] . The common objective of

hese techniques is to understand the underlying phenomena with

espect to an objective class. 

SD was initially introduced by Kloesgen [34] and Wrobel [60] ,

nd can be defined in the following way [61] : 

“In subgroup discovery, we assume we are given a so-called pop-

ulation of individuals (objects, customers, . . . ) and a property of

those individuals we are interested in. The task of subgroup dis-

covery is then to discover the subgroups of the population that are

statistically ‘most interesting’, i.e., are as large as possible and have

the most unusual statistical (distributional) characteristics with re-

spect to the property of interest.”

The representation of the knowledge is performed through

ules ( R ) consisting of induced subgroup descriptions [24,37] . Each

ule can be formally defined as: 

 : Cond → T arget v alue 

here Target value is a value of the variable of interest for SD (it

lso appears as the target variable or Class in the literature), and

ond is commonly a conjunction of features (attribute-value pairs)

hich is able to describe an unusual statistical distribution with

espect to the Target value . 

SD uses descriptive induction through supervised learning. Al-

hough supervised learning is widely used in classification, SD is

 different task: SD attem pts to describe knowledge by data in an

nterpretable way, while a classifier attempts to predict the target

alue of new data. This difference is illustrated in Fig. 1 , where

he model on the left represents a subgroup in a dataset with an

ndependent, single and simple form; on the contrary the model

n the right represents a classifier with a model composed of a

et of dependant rules which are analysed overall with respect to

ccuracy. 
i
SD algorithms are based on four main elements [3] : the type of

he target variable, such as binary, nominal or numeric; the search

trategy, such as beam search (CN2-SD [39] or Apriori-SD [33] ), ex-

austive search (SD-Map [2] or Merge-SD [27] ), amongst others;

he description language used, focused on the interpretability of

he knowledge extracted (considering that an SD model is inter-

retable if it is composed of a small set of rules with a low number

f variables); and finally, the quality measures. 

The latter is the most relevant due to the difficulty of analy-

is. In [7] , three guidelines were presented in order to measure

he quality of subgroups obtained by a SD model: interpretability,

nterest and trade-off between sensitivity and confidence. A com-

lete analysis of the quality measures used throughout the SD lit-

rature can be found in [30] , and the quality measures employed

n this paper are summarised below: 

• Unusualness is the weighted relative accuracy of a rule [38] and

it measures interest and a trade-off between generality and

precision. It can be computed as: 

Unus (R i, j ) = 

n (Cond) 

n s 
·

(
n (T argetV alue j · Cond) 

n (Cond) 
− n (T argetV alue j ) 

n s 

) (1) 

It can be described as the balance between the coverage of

the rule p ( Cond i ) and its accuracy gain p(T argetV alue j · Cond) −
p(T argetV alue j ) , where n ( Cond ) is the number of examples

which satisfy the conditions determined by the antecedent part

of the rule, n s is the number of total examples, n ( TargetValue j ·
Cond ) is the number of examples which satisfy the conditions

and also belong to the value for the target variable within the

rule, and n ( TargetValue j ) are all the examples of the target vari-

able. The domain of this quality measure is specified for each

problem because there is a direct dependence with respect to

the target variable. 

• Sensitivity is the proportion of actual matches that have been

classified correctly [34] and it has a component based on gen-

erality. It is computed as: 

Sens (R i, j ) = 

n (T argetV alue j · Cond) 

n (T argetV alue j ) 
(2) 

This quality measures can be found in the literature as the Sup-

port based on the examples of the class, Recall or TPrate . 

• Fuzzy confidence is an adaptation of the standar confidence

measure for fuzzy rules [18] . This quality measures obtains the

precision of one subgroup and it is defined as: 

Cn f (R i, j ) = 

n (T argetV alue j · Cond) 

n (Cond) 
(3) 

The sensitivity and fuzzy confidence quality measures have a

omain between 0 and 1, and the unusualness depends on the per-

entage of the majority class for the target variable (MajTV). In this

ase, an analysis of the domain for the unusualness was presented

n [14] : 
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Fig. 2. Scheme operation for the MapReduce paradigm. 
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• Lower Bound Unusualness (LBU): 

(1 − % Ma jT V ) ∗ (0 − % Ma jT V ) 

• Upper Bound Unusualness (UBU): 

% Ma jT V ∗ (1 − % Ma jT V ) 

A normalisation of the unusualness to the domain [0, 1] can be

considered using the following Eq: 

NormU nus (R i, j ) = 

U nus (R i, j ) − LBU 

UBU − LBU 

(4)

2.2. Evolutionary fuzzy systems in subgroup discovery 

An EFS [29] is a hybridisation of fuzzy systems [64] augmented

with a learning process based on evolutionary computation [20] .

Fuzzy systems are one of the most important areas for the use

of fuzzy set theory [65] and are characterised by their excellent

ability to handle imprecision and uncertainty, and to describe the

behaviour of complex systems without requiring a precise mathe-

matical model. The most common fuzzy models consist of a col-

lection of logical fuzzy rules and are known as fuzzy rule-based

systems (FRBSs). The automatic design of FRBSs can be considered

an optimization task or a search problem. In fact, the predominant

type of EFSs is that focused on FRBSs which constitute an exten-

sion to classical rule-based systems, because they deal with “IF-

HEN” rules, whose antecedent and consequent are composed of

fuzzy logic statements, instead of classical ones. 

On other hand, evolutionary computation, including EAs [26,31] ,

genetic programming [35] , and evolutionary programming [22] ,

amongst others, have been employed thanks to their ability to deal

with large search spaces and to find near-optimal solutions with-

out a precise description of the problem. In addition, these types

of algorithms are able to incorporate knowledge into the model. In

fact, the incorporation of knowledge in FRBSs can be performed for

example through the parameters of the fuzzy membership func-

tions, or in the form of linguistic variables. 

EFSs have been widely employed in SD throughout the litera-

ture because the SD task is a rule learning process that can be seen

as an approximation problem in which the objective is the learn-

ing of the parameters of the model. In this task, the search space

can be very complex and the search strategy used becomes a key

factor. Therefore, the hybridisation between fuzzy logic and EAs

is very well suited for this task. Among the SD algorithms based

on EFSs in the literature, the main algorithms to be highlighted

are SDIGA [18] , FuGePSD [14] and NMEEF-SD [8] . These algorithms

have effectively solved a wide number of real-world problems in

different fields. In fact, interesting and unusual knowledge have

been recently obtained in topics such as: 

• Bioinformatics, with problems related to the acute sore throat

[14] and the influenza A virus [6] . 

• Medicine, with the optimisation of the Emergency service in a

concrete hospital from Madrid (Spain) [9] . 

• E-commerce, with the description of the clients related to a

website about extra virgin olive oil [13] . 

• Industry, with the analysis of a concentrating photovoltaic

problem [12] . 

• E-learning, with the description of relationships between the

use of an e-learning platform and the marks obtained by the

students [10,11,49] . 

2.3. MapReduce framework through Apache Spark in big data 

environments 

MapReduce [15,16] is the most popular paradigm developed to

deal with big data problems. It is developed by Google and allows
he processing of large datasets through automatic parallelization

f the computation over a cluster of machines. In this way, the

etails of parallel computation are hidden for the programmers.

ig. 2 shows the scheme operation of the MapReduce framework.

apReduce is based on functional programming and works in two

ifferent steps: 

• Map-function: The master node of the cluster segments the

dataset in i independent subdatasets and distributes them to

the worker nodes. Each one has a key-value pair ( k i , v ) as in-

put and output. Then, worker nodes process the subdatasets

and generate a set of intermediate ( k ′ 
i 
, v ′ ) pairs. Finally, all val-

ues with the same key in the intermediate pairs are merged

(named the shuffle phase) in order to speed up the computa-

tion in the following step. 

• Reduce-function: The master node collects all the results of the

subdatasets and combines them to obtain the final results. The

reduce-function receives the intermediate key-value pairs and

generates as final results the corresponding pair of key and

value. 

It is important to remark that all map and reduce operations

un in parallel, i.e. all the maps are run in an independent way

nd the reductions cannot be executed until their respective maps

re finished. 

Apache Hadoop [45,56] was one of the first open source imple-

entations of the MapReduce paradigm, providing fast data trans-

er rates among machines by means of the Hadoop Distributed

ile System (HDFS). Hadoop and other big data paradigms promote

ata-parallel computations on clusters and provide fault tolerance

nd load balancing among other advantages. However, they lack of

bstractions for the exploitation of distributed memory, a very im-

ortant feature to improve scalability when big data problems are

ackled. 

A new MapReduce approach developed to solve these draw-

acks is Spark [67] , started in 2009 as an open source project in

he UC Berkeley RAD Lab, later the AMPLab. Spark, through its

ain abstraction Resilient Distributed Datasets (RDDs), promotes

ault-tolerant characteristics, enables the persistence of interme-

iate results in memory, and provides control of data partition-

ng and their manipulation using a rich set of operators. An RDD

llows two types of operations such as transformations and ac-

ions: a transformation is a “lazy” operation that return a new RDD

here all the calculations are scheduled, and action is an opera-

ion where all the processing queries are immediately computed

nd a result value is returned. Map operation is an example of
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ransformation and reduce operation is an example of action. From

he point of view of efficiency, Spark applications run up to 100

imes faster in memory, 10 times faster when running on disk,

han Hadoop applications [66] . 

Apart from RDDs, Spark presents some remarkable characteris-

ics [28] such as: 

• Allows to develop multi-step data pipelines using directed

acyclic graph (Spark Graph X) pattern. 

• Runs on top of distributed file systems technologies such as

Hadoop Distributed File System (HDFS). 

• Provides 80 high-level operators or an interactively query data

shell. 

• Supports SQL queries (Spark SQL). 

• Supports streaming data processing (Spark Streaming). 

• Different machine learning libraries are available, such as MLlib

or ml. 

• Supports different programming languages such as Java, Scala,

Python or R. 

. MEFASD-BD: Multi-objective evolutionary fuzzy algorithm 

or subgroup discovery in big data environments 

This section presents a new SD proposal based on the MapRe-

uce approach. First, Section 3.1 argues the motivations for the cre-

tion of the proposal. Section 3.2 presents the complete description

f the proposed algorithm, MEFASD-BD, along with a flowchart. 

.1. Motivation 

The explosion in the generation and collection of large datasets

as further encouraged the knowledge extraction process and its

nalysis, in the believe that the exponential increase in the dimen-

ionality of data would result in an increase of the precision of

he models obtained. In fact, as previously mentioned, there is an

merging interest in big data, referring to massive amounts of data

hat are difficult to handle and analyse through traditional tools.

owever, standard algorithms are not usually able to deal with

hese huge datasets and it is necessary to adapt or redesign cur-

ent learning algorithms in order to solve high dimensional prob-

ems because the abilities and capacities of data mining algorithms

ecrease when the size of the dataset increases. In fact, memory

onsumption and runtime increase significantly so that extremely

owerful machines are needed to address the problem of knowl-

dge extraction. A common solution to deal with the problem of

imensionality is the development of algorithms for distributed

ystems. In this way, the distribution and parallelization of the

roblem in different sub-problems could considerably reduce the

se of memory and the runtime without the necessity of using

ery expensive machines. In fact, there are a number of algorithms

mplemented for distributed systems within data mining, such as

ahout for Hadoop or MLLib for Spark. 

Throughout the literature the number of papers related to big

ata is growing in the last two years and specifically in data min-

ng can be found papers about the use in imbalanced problems

23,42,47,54] , feature selection [5,44,46] , fusion of linguistic rules

48,50] , prototype reduction [53] , decision rules [59] , fuzzy clus-

ering [51] , traffic flow forecasting [57,63] , remote sensing [55] ,

mongst others. 

As with data mining algorithms in general, the interest in using

D algorithms to face big data problems is also growing. There are

ew works in the literature that examine the parallelization of the

D task. A first approach for SD on distributed data is introduced

n [62] . It is important to note that in this work an important prob-

em when trying to parallelize the SD task is described: when we
ivide the dataset into different subsets, the best local subgroups

btained in each subset does not necessarily yield a set containing

he best global subgroups. So it is important to be sure of matching

he distributions underlying the subsets with that of the complete

ataset. Another contribution can be found in [40] , where an al-

orithm is proposed that filters irrelevant subgroups due to their

verlap, also proposing a procedure to ease the parallelization of

he process by balancing the discovery effort among the different

rocesses. In [52] is presented a parallel computing approach for

D where data to be analysed is not distributed, but instead por-

ions of the overall search space is distributed to be considered on

ifferent com puting nodes. 

Although EAs have proven to be a very good approach to ad-

ress SD problems [7] no proposals of distributed evolutionary SD

lgorithms have been developed so far to address the SD task in

ig data environments. In this paper, we introduce a new proposal

f evolutionary SD algorithm adapted for the big data environment

sing the MapReduce paradigm. This will allow to execute SD al-

orithms in high dimensional datasets (above the one million of

nstances, for example) in limited space of time and with stan-

ard hardware. This algorithm is based in NMEEF-SD [8] , an evolu-

ionary SD algorithm that is well-known throughout the literature.

MEEF-SD obtains a set of general and accurate fuzzy rules thanks

o the use of diverse genetic operators and a screening function

ased on the confidence. In addition, this algorithm employs two

bjectives for optimising problems because it is important the ob-

aining of good results in several quality measures for the SD task.

The algorithm has been developed using the Spark framework

rather than other frameworks such as Hadoop) due to some of

ts previously mentioned features. First, Spark includes abstractions

or the exploitation of distributed memory, allowing to improve

he scalability on big data problems. In addition, Spark applications

un faster than Hadoop applications according to [66] . 

.2. The core of the algorithm 

The algorithm proposed to face SD problems in a big data envi-

onment, MEFASD-BD, is the first evolutionary SD algorithm for big

ata. MEFASD-BD follows the MapReduce approach and it is imple-

ented in the Scala language trying to maximise the advantages of

pache Spark. 

The base of MEFASD-BD is a multiobjective evolutionary algo-

ithm following the well-known NSGA-II approach [17] and the ba-

ic ideas of the algorithm NMEEF-SD [8] , using two quality mea-

ures as objectives, sensitivity ( Eq. (2) ) and unusualness ( Eq. (1) )

n order to obtain interesting fuzzy subgroups. Each candidate so-

ution is codified with the “Chromosome = Rule ” approach, where

nly the antecedent is represented. So, an execution for each value

f the target variable is performed. At the end of the evolution-

ry process, a screening function based on confidence ( Eq. (3) ) is

pplied. 

In summary, the algorithm works in the following way: the

ataset is divided into partitions and each partition is loaded in

 map. Then, the evolutionary process is carried out on each map

s many times as values of the target variable, obtaining rules de-

cribing subgroups for each partition. However, as the subgroups

ave been obtained considering only partitions of the original

ataset, now the algorithm computes global quality measures for

hese rules on the complete dataset. This is done because it is im-

ortant to prevent the obtaining of partial subgroups that work

ell only for subsets of data. Finally, the best rules according to

he global quality measures are selected using a token competition

perator based on unusualness ( Eq. (1) ) obtaining a final reduced

et of rules corresponding to the most relevant subgroups for the

D task. 
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Next, a complete description of this algorithm for each stage

together a flowchart with its operation are presented. 

3.2.1. Map stage in MEFASD-BD 

The first stage of the algorithm is determined by the number of

nodes that the programmer decides to use. In this way, the train-

ing dataset is divided into the given number of disjoint subsets, i.e.

number of Maps . Spark divides automatically the original training

file in subsets with a proportional number of instances in each par-

tition. Next, the evolutionary process is executed in each map once

for each value of the target variable. In this way, an initial rule set

( RS ) for each partition is obtained where all subgroups obtained

are non-dominated rules with respect to sensitivity and unusual-

ness. 

Algorithm 1 Map function in MEFASD-BD. 

1: function MAP ( Maps ) 
2: repeat 
3: t ← 0 
4: Generate P(t) 
5: repeat 
6: Generate offspring Q(t) 
7: R(t) ← P(t) 

⋃ 

Q(t) 
8: Generate all non-dominated fronts from R(t) 
9: if the Pareto front evolves then 

10: Complete P(t+1) with fronts in order 
11: else 
12: Re-initialisation on coverage in P(t+1) 
13: end if 
14: t++ 
15: until Number of evaluations is reached 
16: RS 

⋃ 

Pareto front with high confidence 
17: Following Target v alue 

18: until Not Target v alue 

19: return RS 
20: end function 

Pseudo-code of this function can be analysed in Algorithm. 1

where an independent RS is obtained for each partition. The algo-

rithm is executed for each value of the target variable ( Target value ),

where first a main population ( P t ) is generated, and then an evolu-

tionary process controlled by a number of evaluations is executed.

Within this process, an offspring population ( Q t ) is created based

on P t through genetic operators, and both populations are joined

in R t . This new population is divided in non-dominance fronts and

depending on the evolution of the Pareto front an operator of re-

initialisation is applied. This operator can be analysed in [8] . The

final RS is composed of all the non-dominated rules obtained in

the final Pareto front for each Target value as long as they reach a

good confidence value. 

3.2.2. Compute global measures in MEFASD-BD 

At this moment, the algorithm has obtained a set of rules for

each map considering only its own subset of data, i.e. rules ob-

tained are computed with respect to a chuck of data instead of

the whole dataset. In this way, it would be necessary to anal-

yse these rules with respect to the complete training dataset,

so it is necessary to compute the quality of each rule with re-

spect to the remaining data spread in the remaining partitions. Al-

though this task could be solved through a shuffle function, this

re-distribution would involve copying data across machines pro-

voking complex and costly operations. In Spark, this operation can

be solved through the use of broadcast variables which are shared

in all the nodes of the cluster. In fact, a broadcast variable with the

original dataset allows to keep a read-only variable cached on each

machine rather than shipping a copy of it with tasks. In this way,

Spark distributes this type of variables using efficient broadcast al-

gorithms to reduce communication cost. 

The objective of this stage is therefore the obtaining of rules

that represent the contained information in the dataset analysed
ith the major possible quality. In fact, this function is key in or-

er to achieve interesting subgroups in big data environment. The

alculation of global measure for each rule is obtained through the

nalysis of the rules with respect to the whole dataset. Pseudo-

ode of this stage of the algorithm is presented in Algorithm 2 . In

lgorithm 2 Global measures procedure in MEFASD-BD. 

1: procedure GLOBAL MEASURES ( Maps , Rules , Dataset) 
2: i ← 0 
3: repeat 
4: Map ← Analysing map( Maps ,i) 
5: j ← 0 
6: repeat 
7: R ← Extract rule( Map,j) 
8: Compute global quality measures (R, Dataset) 
9: if GlobalConfidence(R) is lower than a threshold then 
0: Delete (R, Map) 
1: end if 
2: j++ 
3: until Not Rules 
4: i++ 
5: until Not Maps 
6: end procedure 

his way, the algorithm takes one rule ( R ) for one map ( Map ) and it

omputes the global quality measures with respect to the complete

ataset ( Compute global quality measures (R, Dataset) ). This process

s repeated for all rules ( Rules ) obtained for each map ( Maps ) in the

revious stage. In addition, it is very important to remark that the

eletion of rules with values of global confidence under a thresh-

ld defined by the experts in a parameter is also performed. This

lter improves the final set of rules obtained because the rules

ith low values of precision with respect to the whole dataset are

iscarded. 

.2.3. Reduce stage in MEFASD-BD 

This is the final stage of the MEFASD-BD algorithm where a re-

uction of the rules obtained in each partition is carried out. The

ain objective is the combination of all the sets of rules with suit-

ble levels of quality, computed with local information, in order to

educe the final set of rules to only the most significant ones. As

an be observed in Algorithm 3 all the sets of rules (obtained by

lgorithm 3 Reduce function in MEFASD-BD. 

1: function REDUCE ( Maps ) 
2: Complete RS ← RS 1 

⋃ 

RS 2 
⋃ 

. . . 
⋃ 

RS n 
3: Order rules by global Unusualness 
4: Apply Token Competition operator 
5: Delete rules without tokens 
6: return Complete RS 
7: end function 

he map procedure) are combined in a big set of rules. 

Next, a sorting based on the global unusualness computed in

he previous stage is performed by applying the token competition

perator [41,58] at the end of the process. This operator has been

sed by FuGePSD in [14] with excellent results and the main objec-

ive is to improve the diversity among the individuals at phenotipic

evel emulating the behaviour in a natural environment, also re-

ucing the number of rules whose individuals have zero tokens. 

MEFASD-BD considers an instance as a token and all the in-

ividuals must compete for this instance. When an individual

atches an example provided, a flag will indicate that the example

s seized and hence other individuals cannot capture it. In this way,

he diversity is improved with respect to the phenotype, i.e. indi-

iduals that overcome the token competition describe information

bout examples of the dataset which are not covered by others

ules. This process is applied for each individual in such a way that

ndividual with the highest global unusualness exploits its niches
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Fig. 3. Flowchart of the MEFASD-BD algorithm. 
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Table 1 

Datasets used in the experimental study. 

Name #Attributes (R/I/N) #Examples #Classes Size (MB) 

RLCP 10 (11/0/0) 5,749,132 2 319 .56 

KDD 41 (26/0/15) 494,020 23 99 .26 

Census 41 (1/12/28) 142,521 3 74 .96 

Fars 29 (5/0/24) 100,968 8 62 .44 

Connect 42 (0/0/42) 67,557 3 8 .80 

Shuttle 9 (0/9/0) 58,0 0 0 7 1 .55 
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4

y seizing as many tokens as it can. The other individuals enter-

ng the same niches will have their strength decreased, since they

annot compete with the stronger ones. 

Fig. 3 reflects the complete operating scheme of the new

EFASD-BD algorithm, following the MapReduce paradigm and us-

ng different quality measure during the process: local unusualness

nd sensitivity to obtain rules in the Map function, global fuzzy

onfidence for screening rules with a low value in confidence in

he global measures function, and finally global unusualness in the

oken competition operator in the Reduce function. 

. Experimental framework and analysis 

This section describes the main details of the experimental

tudy performed. Section 4.1 summarises the datasets used in the

tudy and the parameters of the algorithm. Section 4.2 presents the

ardware and software features of the equipment used in the ex-

eriments. Finally, in Section 4.3 results and analysis for the com-

lete experimental study are shown. 

.1. Datasets and parameters 

The experimental study has been performed with high dimen-

ional datasets with a high number of instances. Specifically, we

ave used datasets from the KEEL Repository 1 [1] . The main char-

cteristics of these datasets are summarised in Table 1 , including

he number and type of the attributes (real, integer or nominal),
1 http://www.keel.es/datasets.php . 

 

t  
he number of instances, the number of classes, and the size of

ach dataset. 

For the standard algorithms, the parameters considered by the

uthors in the original papers have been employed, i.e. NMEEF-SD

8] , SDIGA [18] and FuGePSD [14] . With respect to the new evolu-

ionary algorithm for big data environments, the following param-

ters have been used for each map: sensitivity and unusualness as

bjectives, three linguistic labels and a minimum confidence of 0.6;

nd for the evolutionary process, 51 individuals for the population,

 maximum number of evaluations of 10,0 0 0, and finally, 0.60 and

.10 for crossover and mutation probability, respectively. 

.2. Run environment 

The experimental study has been carried out in the compu-

ation cluster of the Advanced Studies Center in Information and

http://www.keel.es/datasets.php
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Table 2 

Parameters used in Spark. 

Parameter Value 

Number of nodes that compose the server 14 

Maximum number of cores for each node 18 

Maximum RAM memory for each node 64 GB 

Maximum size for the serialize tasks 100 MB 

CPU frequency of each node 2 .5 Ghz 

Table 3 

Average results for the EFSs in subgroup discovery. 

Ds Algorithm Rules Vars UNUS SENS FCNF T(sec) 

Shuttle NMEEF-SD 17 .20 3 .44 0 .517 1 .0 0 0 0 .815 706 

SDIGA 8 .00 4 .60 0 .561 0 .992 0 .393 893 

FuGePSD 5 .40 3 .18 0 .678 0 .936 0 .894 1980 

Connect NMEEF-SD 42 .00 2 .67 0 .518 0 .819 0 .671 704 

SDIGA 3 .20 2 .00 0 .500 0 .951 0 .347 1322 

FuGePSD 1 .20 3 .10 0 .518 0 .418 0 .607 11032 

Fars NMEEF-SD 3 .80 1 .49 0 .776 0 .759 0 .863 929 

SDIGA 9 .00 15 .76 0 .512 0 .240 0 .195 2756 

FuGePSD 2 .80 2 .90 0 .756 0 .822 0 .843 54321 

Census NMEEF-SD 44 .80 3 .62 0 .598 0 .841 0 .964 531 

SDIGA 2 .60 2 .00 0 .512 0 .896 0 .574 2543 

FuGePSD 2 .20 1 .87 0 .518 0 .649 0 .964 55321 

KDD NMEEF-SD 121 .80 11 .02 0 .848 0 .964 0 .923 29875 

SDIGA 20 .60 8 .16 0 .501 0 .280 0 .389 69222 

FuGePSD – – – – – –

RLCP NMEEF-SD 5 .20 1 .65 0 .801 0 .997 0 .956 14723 

SDIGA – – – – – –

FuGePSD – – – – – –

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4 

Average results of MEFASD-BD for each dataset. 

Ds Maps Rules Vars UNUS SENS FCNF T(sec) 

Shuttle 2 1 .00 3 .00 0 .919 0 .849 0 .885 821 

4 1 .00 3 .00 0 .919 0 .849 0 .885 429 

8 1 .00 3 .00 0 .919 0 .849 0 .885 237 

16 1 .00 3 .00 0 .919 0 .849 0 .885 138 

32 1 .00 3 .00 0 .919 0 .849 0 .885 96 

64 1 .80 3 .40 0 .767 0 .611 0 .927 81 

128 1 .80 3 .20 0 .767 0 .611 0 .927 68 

192 1 .60 3 .10 0 .805 0 .671 0 .917 66 

Connect 2 11 .40 3 .11 0 .530 0 .644 0 .701 448 

4 16 .20 3 .21 0 .531 0 .636 0 .702 235 

8 21 .40 3 .45 0 .540 0 .393 0 .743 127 

16 21 .00 3 .74 0 .538 0 .359 0 .754 74 

32 25 .80 3 .60 0 .541 0 .295 0 .757 44 

64 30 .00 3 .67 0 .541 0 .326 0 .750 31 

128 32 .00 3 .82 0 .541 0 .328 0 .752 28 

192 33 .00 3 .82 0 .542 0 .332 0 .750 28 

Fars 2 4 .00 2 .40 0 .742 0 .680 0 .803 1519 

4 5 .20 3 .23 0 .713 0 .581 0 .737 793 

8 5 .80 2 .69 0 .722 0 .582 0 .798 440 

16 5 .40 2 .29 0 .741 0 .655 0 .841 240 

32 6 .60 2 .63 0 .726 0 .594 0 .810 171 

64 6 .60 2 .31 0 .734 0 .625 0 .858 98 

128 6 .40 2 .24 0 .740 0 .626 0 .866 84 

192 8 .20 2 .42 0 .721 0 .586 0 .850 80 

Census 2 22 .20 5 .62 0 .638 0 .787 0 .967 881 

4 25 .00 5 .80 0 .641 0 .778 0 .968 449 

8 30 .20 6 .00 0 .645 0 .763 0 .969 238 

16 32 .80 5 .82 0 .655 0 .739 0 .971 130 

32 35 .20 6 .04 0 .652 0 .739 0 .970 81 

64 36 .80 6 .19 0 .657 0 .726 0 .972 62 

128 43 .20 6 .04 0 .670 0 .680 0 .975 65 

192 44 .20 6 .06 0 .671 0 .668 0 .976 77 

KDD 2 12 .80 10 .68 0 .785 0 .898 0 .855 50515 

4 13 .80 10 .77 0 .777 0 .949 0 .923 25043 

8 16 .20 9 .89 0 .771 0 .894 0 .893 13713 

16 19 .00 10 .59 0 .769 0 .921 0 .921 7211 

32 17 .80 10 .68 0 .784 0 .979 0 .925 4028 

64 17 .20 8 .98 0 .790 0 .974 0 .927 2371 

128 17 .60 9 .11 0 .804 0 .979 0 .921 1600 

192 15 .80 8 .94 0 .817 0 .976 0 .930 5678 

RLCP 2 5 .50 2 .72 0 .811 0 .997 0 .950 38393 

4 6 .00 2 .83 0 .828 0 .997 0 .934 8536 

8 7 .20 2 .90 0 .852 0 .997 0 .939 4146 

16 7 .00 2 .88 0 .849 0 .997 0 .940 2415 

32 7 .00 2 .94 0 .849 0 .997 0 .940 1370 

64 7 .00 2 .88 0 .849 0 .997 0 .940 1039 
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2 . The clus-

ter is composed of several nodes, including a master node and the

remaining as computation nodes. The main features and parame-

ters of the cluster are summarised in Table 2 . 

With respect to the software, this cluster is based on the Bullx

Linux Server, which is specifically designed for high-performance

computing and based on RedHat Enterprise Linux (release 6.3). The

required package for the execution of Spark has been installed in

the cluster. 

Finally, it must be noted that the values of the quality measures

presented in the experimental study are the averages of the differ-

ent executions. Specifically, executions are determined by a 5-fold

cross-validation and 3 executions for each dataset, i.e. values for

normalised unusualness ( UNUS ), sensitivity ( SENS ) and fuzzy confi-

dence ( FCNF ) are the average results of 15 executions. In the exper-

imental study are also presented the number of rules ( Rules ), the

number of variables ( Vars ) in the antecedent part of the subgroups,

and the runtime measured in seconds ( T ( sec )). 

4.3. Analysis of the results 

The main objective of this experimental study is to show the

benefits of the algorithm MEFASD-BD in environments with high

dimensionality. However, an analysis of the most important EFSs

for SD is presented first in Table 3 . As can be observed, the run-

time increases when also increases the complexity of the dataset.

In fact, algorithms SDIGA and FuGePSD have problems getting re-

sults with datasets such as KDD or RLCP. On the other hand, algo-

rithm NMEEF-SD has a good behaviour with this type of datasets

but with quite high runtime periods. 

Next, once the difficulties of the EFSs for SD in high dimen-

sional datasets is shown, a study of the new proposal is performed

using different number of maps. The main objective is to show the
2 http://ceatic.ujaen.es/en . 

 

 

 

dvantages of big data algorithms within SD task, where an impor-

ant reduction of the runtime while maintaining the quality of the

esults is presented. To analyse the results of an SD algorithm, it

s usual to take into account the interpretability, the trade-off be-

ween generality and precision, and the interest. In addition, this

xperimental study considers the runtime of the algorithm using

ifferent number of maps. Table 4 shows the results of this experi-

ental study with different datasets ( Ds ), including the number of

aps used ( Maps ), the runtime in seconds, and the average results

or each quality measure. 

Table 4 shows the results. In this table can be observed the fol-

owing: 

• The interpretability of the models obtained in the executions

with different maps varies between executions with a low and

high number of maps. In this way, there is an increase of the

number of rules while the number of variables is maintained.

This is a logical situation due to the nature of the algorithm:

as a rule set is obtained for each map, the more maps used

implies the more number of rules obtained. However, it is im-

portant to remark that the token competition operator applied

in the reduce function follows to optimise the final number of

http://ceatic.ujaen.es/en
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Fig. 4. Runtime of the different datasets. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

b  

p  

t

5

 

p  

g  

i  

a

 

d  

o  

w  

m  

a  

d

 

b  

a  

t  

t

 

i  

p  

t  

m  

a  

m  

fi  

t

A

 

o  

F

R

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

rules obtained, with only a soft increase when using a high

number of maps. 

• The values of unusualness (interest and novelty of the rules)

are maintained for all the datasets except of shuttle; i.e. the

new algorithm has a good behaviour with respect to the gain

of information of the subgroups obtained, and there is no loss

of information even when a high number of maps is used. The

problem in dataset shuttle is related to the use of a number of

maps greater than 32, since this dataset is not large enough to

make many divisions. 

• Respect to the relation between sensitivity and confidence, it is

important to note that the generality of the subgroups is re-

duced when the precision increases; i.e. the algorithm tends

to excessive specialization when increasing the number of di-

visions. In fact, this reduction of the generality is associated

to the increase of the number of subgroups obtained, although

among all the subgroups appear rules with very similar values

to those obtained in the original problem. 

• The runtime of the MEFASD-BD algorithm is reduced when the

number of maps is increased, as can be observed in Fig. 4 . This

means that one of the reasons why the new algorithm for high

dimensional datasets has been developed, reducing runtime, is

satisfied; in fact, reductions close to 90% of the runtime are ob-

tained in complex datasets such as KDD or RLCP. It must be also

noted the difficulty of obtaining results for the algorithm with

the RLCP dataset when the number of maps is greater than 100;

that is why Table 4 does not include results for 128 and 192

maps for the RLCP dataset. This problem appears for memory

limitations of the machines. 

• The experimental study shows the difficulty of determining a

general optimal number of maps, because it is possible to find

better results with a number of maps or another depending

on the problem. For example, the connect dataset has an im-

portant loss of sensitivity when the number of maps is greater

than 4, the shuttle dataset has a good behaviour with 32 maps,

and fars and census datasets obtain the best results with 64 or

128 maps, in the same way as for RLCP and KDD. Definitely,

the study shows a soft relation between the number of maps

and the complexity of the datasets, i.e. it would be possible to

obtain better results using 64 maps or more with high dimen-

sional datasets. 

According to these results, the new MEFASD-BD algorithm for

ig data environments shows an excellent behaviour in this type of

roblems, with a huge reduction of the runtime while maintaining

he quality of the subgroups obtained. 
. Concluding remarks and future work 

This paper presents the MEFASD-BD algorithm, the first pro-

osal of an SD algorithm for big data environments. The new al-

orithm uses the basic ideas of the algorithm NMEEF-SD in any of

ts stages and it is implemented in Scala using the Spark Apache

pproach. 

MEFASD-BD implements new functions based on the MapRe-

uce paradigm and uses both global and local quality measures in

rder to sort and consider only rules with good gain of information

ith respect to the whole dataset. Moreover, the algorithm imple-

ents a token competition operator in the reduce phase to obtain

 high reduction in the final number of rules also preserving the

iversity in the final population. 

The results of the experiments performed demonstrate a good

ehaviour of the new algorithm in high dimensional datasets, with

 huge reduction of the runtime and maintaining the levels of in-

erpretability, trade-off between sensitivity and confidence, and in-

erest respect to the original algorithm. 

The good results of the new algorithm make us think that this

s a promising line of work. As a future work, we consider the im-

lementation of other SD algorithms for big data environments,

he development of new operators and the study of new quality

easures for this task. It would be also interesting to apply these

lgorithm in real problems, such as bioinformatics, where huge di-

ensional datasets are used; in fact, in this area the advance in

elds such as genetic map is generating huge amounts of informa-

ion that could be analysed from the point of view of SD. 
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