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Abstract. Feature selection is a powerful technique for dimensionality
reduction and an important step in successful machine learning appli-
cations. In the last few decades, data has become progressively larger
in both numbers of instances and features which make it harder to deal
with the feature selection problem. To cope with this new epoch of big
data, new techniques need to be developed for addressing this problem
effectively. Nonetheless, the suitability of current feature selection algo-
rithms is extremely downgraded and are inapplicable, when data size
exceeds hundreds of gigabytes. In this paper, we introduce a scalable
implementation of a parallel feature selection approach using the genetic
algorithm that has been done in parallel using MapReduce model. The
experimental results showed that the proposed method can be suitable
to improve the performance of feature selection.
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1 Introduction

The huge amount of data is a challenging issue that demands a large computa-
tional infrastructure to guarantee successful data processing and analysis.

Unfortunately, dimensionality comes with a problem since data has become
progressively larger in both number of instances and number of features, in which
existing algorithms of classification need to reduce the number of features in
order to work efficiently without a snag [5]. Thus, data reduction is reducing the
number of initial features so as to select a subset that holds enough information
and can best represent data in order to obtain good learning results.

There are two ways for reducing data: feature extraction and feature selec-
tion. In feature extraction, new attributes are generated from the initial ones
while in feature selection a subset relevant features is selected without a trans-
formation [5].

Genetic algorithms (GAs) are one of the most extensively used algorithms
for feature selection since they can improve the performance of data mining
algorithms. The main idea of this algorithm is analogous to the mechanism of
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natural evolution in life sciences [6]. Genetic algorithms are considered as meta-
heuristics approaches that converge towards optimal or near optimal solutions.
It provides a sufficiently good solution to any optimization problem which is, in
our case, feature selection.

It starts with an initial population that is presented as a string (set of chro-
mosomes). In each iteration, the algorithm generates a new population applying
genetic operations on the selected individuals, such as crossover and mutation.
Along several generations, the population aims to improve its solutions (individ-
uals) by preserving the best individuals (using a fitness value) and eliminating
the weakest ones. This process continues until a stopping criterion is reached.
Using the best fitness value in the last population, the solution is given. In the
case of a single memory execution, using a large population and processing inten-
sive computing can slow down the process. Lately, the amount of data that is
being produced and stored is nearly inconceivable, and it remains growing. It is
renowned as Big Data: this term refers to the amount of data that is beyond
traditional technology’s ability to perform the storage, managing and processing
successfully. Besides, the growing numbers of instances and features outlines new
challenges for machine learning algorithms, such as feature selection, that are
commonly used to process a small amount of data. To the best of our knowledge,
most existing studies of Genetic algorithm based feature selection are limited to
small-scale data bases and have to be adapted to deal with Big Data.

In view of this requirements, attempts have been made to parallelize GA to
prevent scalability issues using various frameworks and techniques. Parallel sys-
tems are widely used due to the increasing popularity of Cloud systems and dis-
tributed platforms such as Apache Hadoop, characterized by its easy scalability.
The Apache Hadoop ecosystem is eventually well-known due to the MapReduce
model and Hadoop Distributed File System HDFS that runs on large clusters
of commodity machines. Actually, GA can be parallelized within three models:
Global parallelization model, grid model, and island model. But, one of the prob-
lems in applying GAs in a distributed system is the overhead. Therefore, the aim
of this work is to propose a method for adapting island GA task by processing
a large population on the Hadoop platform using the MapReduce paradigm.
This method consists of three main steps: the vertical splitting, the map and the
reduce. In the first step, the dataset is splitted vertically according to a fixed
number of features into smaller subsets in order to imitate the island model.
Then, the genetic algorithm based features selection is applied in each subset
in the map step. Finally, the reduce is achieved by merging the final selected
features.

The rest of the paper is organized as follows. Section 2 presents some back-
ground about feature selection algorithms using the MapReduce programming
model and the state of the art about genetic algorithm using MapReduce.
Section 3 describes the proposed approach for the Genetic algorithm using the
MapReduce. The results are presented and analyzed in Sect. 4 Finally the sum-
mary of the work is afforded in the conclusion in Sect. 5
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2 Related Work

Many approaches have been proposed to deal with feature selection problem.
But, many of them don’t cope with large dimensionality that refers to big data
term. This latter refers to a huge amount of data that exceeds the capacity of
memory and disk [1]. Big data can be characterized basically by three dimen-
sions: volume, variety, and velocity [9].

Despite being studied extensively, most existing feature selection works are
restricted to small-scale data bases, which assumes that the feature selection
task is conducted on small databases where all data are centralized on a single
machine. Such assumptions may not always hold for real-world applications in
which the number of features is high.

According to this reason, many distributed frameworks have been suggested
in literature: Message Passing (MPI), threads, workflow and MapReduce. Indeed,
parallel systems are extensively used due to the increasing popularity of Cloud
Systems and the availability of distributed platforms, such as Apache Hadoop.
Many researchers have used the latter one to handle big data problems. In fact,
working with Hadoop Distributed File System (HDFS) and MapReduce (a model
of distributed programming) affords an ideal environment to implement parallel
and distributed solutions for massive data applications. The MapReduce model
have three main steps: a map step, a shuffle step and a reduce step as presented
in Fig. 1. Nonetheless, the map function and the reduce are programmed to
perform a variety of tasks by users but the Shuffle is executed automatically
by [9]. MapReduce starts by splitting the input into several independent blocks.
Then, the Mapper starts processing them in a parallel manner, each block with
a map. The output of the map phase is a set of (Key, value) pairs. After that,
the Shuffle collects all pairs together and groups them by the key automatically.

Input Input Input Input Input

Map Map Map Map Map

Shuffle: Group by key

Reduce Reduce Reduce Reduce

Output Output Output Output

K1:v, K1:v, K2:v K1:v, K2:v K3:v, K4:v K3:v, K4:v K1:v, K2:v, K3:v

K1:vvvv K2:vvv K3:vvv K4:vv

Fig. 1. MapReduce model
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Next, the Reducer action is applied to the output of the Shuffle phase. Each
key is assigned to a reduce and the outputs of the Reducer are collected as the
desired result [8].

As described by [3], there exists three possible ways to parallelize GAs using
the Mapreduce paradigm: Global parallelization model, Fine-grained paralleliza-
tion model or grid model and Coarse-grained or island model. In the first one, a
“master” node applies genetic and selection operators and the remaining nodes,
called “slave”, compute the fitness values of the individuals.

In the second model, each individual is located on a grid (a node) and all
GA operations are performed in parallel evaluating simultaneously the fitness
and applying locally selection and genetic operations to a small neighboring [3].

In the third model, the population is divided into different subpopulations of
broad size which are placed in several nodes (islands). Actually, the Genetic
algorithm is applied on each subpopulation. Then, an exchange of informa-
tion is performed by allowing some individuals to migrate from one island to
another according to some given criteria [3]. [4] developed a framework for par-
allel Genetic Algorithms (GAs) on the Hadoop platform by following the MapRe-
duce model. The framework focuses on the aspects of GA that are specific to the
problem to be addressed following the island model. This framework has been
devised to address the Feature Subset Selection problem.

[2] introduced a scalable implementation of a parallel genetic algorithm in
Hadoop MapReduce using the rough set for subset selection. The genetic oper-
ators took place in the reduce phase.

In [7], the problem of feature selection has been considered where GA has
been found an effective technique for searching for quality solution. To improve
the performance they used master slave Parallel Genetic algorithm using Hadoop
MapReduce and they suggested a wrapper technique using KNN classifier for
supervised feature selection.

All these works have shown good results but they do not deal with high
dimensionality.

3 Proposed Approach: Genetic Algorithm Using the
MapReduce Model for Feature Selection (MR-GAFS)

In order to make possible the process of feature selection for a huge and massive
amount of data, we design a parallel method within the MapReduce model.
Hence, Genetic algorithm was the chosen algorithm since it gives good learning
results [6].

The proposed method aims to exploit the features of Hadoop in terms of
scalability in an ideal infrastructure for a distributed computation to handle
large datasets.

To overcome the overhead that has been mentioned before, the proposed
method implements the island model by splitting the datasets into several sub-
sets called islands on which we apply the genetic algorithm.
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In the first step, the big number of features is splitted into several subsets of
features. Therefore, many smaller datasets are generated from the original one
by a vertical splitting of the big dataset.

Then, for the map step, the resulting subsets are the input value with an
input key which refers to the name of the generated dataset. In this phase, the
genetic algorithm for feature selection is applied giving the selected features and
their values.

The map phase output, constitutes the input of the reduce phase in which
all the relevant features are aggregated in one file. Hence, the large number of
features is handled by the vertical splitting of the dataset. In addition, each file
of the map step is splitted horizontally by default which allows to deal with the
big number of instances (Fig. 2).

Genetic 
algorithm

Input data

Subset 1

Subset 2

Subset 3

Key: name of subset1
Value: content of the subset1

Reduce Only relevant 
features

Genetic 
algorithm

Genetic 
algorithm

Key: features selected by GA 
Value: values of features

Key: features selected by GA 
Value: values of features

Key: name of subset2
Value: content of the subset2

Key: name of subset3
Value: content of the subset3

Key: features selected by GA 
Value: values of features

A1  A2  .  .  .  .  . . Am
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.
.
.
.
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.
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Fig. 2. Proposed approach

4 Results and Discussion

In order to assess the performance and effectiveness of our proposed approach,
datasets from UCI machine learning repository were used. The first one is the
Madelon dataset which was used in the Neural Information Processing Systems
(NIPS) 2003 feature selection challenge. It is a two-class classification problem
with 500 features and 4400 instances. We also used Semeion Handwritten Digit
dataset that consists of 1593 instances and 256 features. Finally, we consider the
BreastCancer dataset that consists of 569 instances and 32 features.

Our approach was implemented using the Hadoop MapReduce implementa-
tion with R language on Amazon Web Services Cloud. The RHadoop was used
as an open source project that provides several R packages to work with R and
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Hadoop interactively. It associates R with Hadoop to link R’s statistical effec-
tiveness with the scalable compute power given by Amazon Elastic MapReduce
(EMR) on the Hadoop MapReduce model. This mixture allows processing a
large amount of data on Amazon EMR which otherwise would not be possible
using R in stand-alone mode.

As mentioned before we deal with three kinds of implementation: a sequential,
a Hadoop pseudo-distributed and a full distributed version on Amazon cluster.
The sequential and the Hadoop pseudo-distributed versions were executed on a
single machine with 6 GB of RAM and the full distributed one was implemented
over a Hadoop platform. The full distributed version required a full Hadoop
cluster composed of 1 master and 3 slaves. These nodes are named by Amazon
as “m4.large”, each machine having 2 CPUs and 8 GB of RAM. Table 1 illustrates
the experimental environment for each version.

Table 1. Experimental environment

Sequential Hadoop pseudo-distributed Full distributed

Number of machines One machine One machine Master/3 slaves

RAM 6 GB 6 GB 8 GB

Framework Hadoop 2.7.3 Hadoop 2.7.3

Language R (3.3.1) R (3.3.1) R (3.3.1)

As shown in Table 2, during the experimental phase we stimulated different
values of parameters, then we chose the best values that give the best accuracy
in order to use it in the rest of experiments. Thereby, the chosen parameters for
the test consisted of 100 generations of populations with 20 individuals each.

Table 2. Parameters setting of Genetic algorithm

Number of generations Population size Crossover rate Mutation rate Accuracy

10 10 0.8 0.1 0.4589

30 30 0.8 0.1 0.4617

50 20 0.7 0.1 0.4622

50 50 0.8 0.1 0.4599

100 20 0.8 0.1 0.4889

Random forests model and 10 fold cross validation are used to assess per-
formance of the “chromosomes” in each generation. Random Forest consists in
growing an ensemble of trees and then, combine those trees predictors by major-
ity vote. In fact, it is a combination of classifiers, made by aggregating the
predictions of the ensemble to make a final prediction. It consists essentially on
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generating a specific number of trees, to let them later vote for the most popular
class. Indeed, a feature selection occurs into the random forests algorithm by
selecting features that improve most the predictive performance to place them
in the tree nodes. Under those facts, random forests are treated as an embedded
feature selection method which produces a high prediction accuracy.

In Genetic Algorithm using Random Forest and for each generation, indi-
viduals are used to produce a forest of decision trees. Then a fitness score is
assigned to each individual based on how well the corresponding tree classifier
classified the test dataset using RMSE.

To evaluate our proposed approach, two categories of evaluation measure are
considered. The first category evaluates the performance in terms of running
time and the second one evaluates the influence of our approach on the learning
step. Thus, we use some classification measures: Accuracy and F-measure.

The given results in Tables 3 and 4 show that the running time of Genetic
algorithm using the proposed approach decreases compared to the nonparallel
version. It varies from 207945.992 to 151949.403 for Madelon dataset and from
28490.67 to 16428.100 for Semeion Handwritten Digit dataset. This improve-
ment is due to increasing number of nodes in the full distributed version. Lit-
erally, when using MapReduce: increasing the number of nodes decreases the
running time. The dissimilarity in the number of selected features for the GA
is explained by the randomness in evaluating the features. For example, the
number of selected features is between 238 and 261 for Madelon dataset.

Table 3. Results given by Madelon dataset

Running time (s) Number of selected features

Non Parallel (Sequential) 207945.992 261

Parallel (Pseudo-distributed) 204530.196 238

Parallel (Full-distributed) 151949.403 246

Table 4. Results given by Semeion Handwritten Digit dataset

Running time (s) Number of selected features

Non Parallel (Sequential) 28490.67 81

Parallel (Pseudo-distributed) 26954.098 110

Parallel (Full-distributed) 16428.100 114

In Tables 5, 6, 7, and 8 we evaluate the impact of our proposed feature selec-
tion method on the learning step using Support Vector Machine classifier and
RandomForest classifier. The obtained results show the effectiveness of selecting
features using the island model based MapReduce in improving the classification
results. In fact, the large number of features can downgrade some learning algo-
rithms leading to long training time. Support Vector Machines are particularly
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Table 5. Classification results for Madelon dataset using Support Vector Machine

Time for building the model (s) Accuracy F-measure

All features 2.440 0.4855 0.58

Sequential (261 features) 0.408 0.4889 0.57

Pseudo-distributed (238 features) 0.372 0.5206 0.581

Full-distributed (246 features) 0.381 0.5331 0.59

Table 6. Classification results for Madelon dataset using RandomForest

Time for building the model (s) Accuracy F-measure

All features 6.608 0.5111 0.56

Sequential (261 features) 3.386 0.4830 0.59

Pseudo-distributed (238 features) 3.088 0.5145 0.61

Full-distributed (246 features) 3.262 0.5261 0.61

Table 7. Classification results for Semeion Handwritten Digit dataset using SVM

Time for building the model (s) Accuracy F-measure

All features 0.592 0.9790 0.98

Sequential (81 features) 0.168 0.9796 0.98

Pseudo-distributed (110 features) 0.348 0.9916 0.99

Full-distributed (114 features) 0.398 0.9920 0.99

Table 8. Classification results for Semeion Handwritten Digit dataset using RF

Time for building the model (s) Accuracy F-measure

All features 716.608 0.9727 0.98

Sequential (81 features) 226.004 0.9748 0.98

Pseudo-distributed (110 features) 3.528 1 1

Full-distributed (114 features) 3.630 1 1

well suited to this case. SVMs have the ability to separate classes more quickly
and with less overfitting than most other algorithms by using a modest amount
of memory.

For example, when using the SVM classifier for the Madelon dataset, the
accuracy and the F-measure without selecting features were 0.4855 and 0.58
respectively, while they were about 0.5331 and 0.59 for our proposed method.
These two latters values are higher than those provided by the sequential and
the pseudo-distributed version.

Tables 5, 6, 7, and 8 show that when a classification algorithm is applicable
for all features, selecting features using MapReduce reduces the time for building
models. For Madelon dataset, it decreases from 0.408 s to 0.372 s using Support
Vector Machine and decreases from 6.608 to 3.088 using RandomForest model.
Besides, our proposed approach enhances the Accuracy and the F-measure.
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To highlight more our method we compare it to other existing ones. The
first one consists in a fuzzy GA using SVM as a fitness function (FPIMMOGA)
[10]. In the latter one, the parallelization was performed by the Open MPI, that
allows to work with many computers by passing messages, and by implementing
the island model. The second one consists in using a filter measure, which is
the consistency, to select relevant features [11]. We tested the accuracy of our
method using Breast cancer datasets comparing to other approach. Actually,
the accuracy results given by our method are better than those given by the GA
based SVM method and the Consistency method. Table 9 details the results.

Table 9. Compative analysis

MR-GAFS FPIMMOGA Consistency

Accuracy using RF 0.9569 0.945 0.926

Accuracy using SVM 0.9717 0.965 0.9764

5 Conclusion

In this work we proposed a new approach dealing with Big datasets using MapRe-
duce that consists in a parallel implementation of the Genetic algorithm for fea-
ture selection problem. Experimental results showed that the idea is suitable
and presents good results for large datasets. Besides, we proved that we can
improve the quality of classification algorithms on high dimensional data. For
future work, we intent to experiment our approach on massive data by enlarging
the number of nodes and we can also study missing values and noisy data in
order to enhance learning results.
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