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ABSTRACT
This article contends that feature selection is an important pre-processing step in case the data set is
huge in size with many features. Once there are many features, then the probability of existence of
noisy features is high which might bring down the efficiency of classifiers created out of that. Since
the clinical data sets naturally having very large number of features, the necessity of reducing the
features is imminent to get good classifier accuracy. Nowadays, there has been an increase in the use
of evolutionary algorithms in optimization in feature selection methods due to the high success rate.
A hybrid algorithm which uses a modified binary particle swarm optimization called mutated binary
particle swarm optimization and binary genetic algorithm is proposed in this article which enhanced
the exploration and exploitation capability and it has been a verified with proposed parameter called
trade off factor through which the proposed method is compared with other methods and the result
shows the improved efficiency of the proposed method over other methods.
Keywords
Binary Genetic Algorithm, Binary Particle Swarm Optimization, Clinical Decision-making System, Evolutionary
Algorithm, Feature Subset Selection, Mutated Binary Particle Swarm Optimization

INTRODUCTION
Feature reduction is an important process in the domain of data preprocessing. There are many reasons
to perform feature reduction, including the need to decrease the size of a dataset in classification
and clustering algorithms. In some cases, a redundant attribute can influence the decision attribute.
Moreover, a redundant attribute can decrease the performance of classification algorithms. It is
important to reduce the features of high-dimensional datasets while maintaining significant attributes.
Feature reduction is performed on the datasets of variety of applications and it can be predominantly
found the applications corresponding to image processing and clinical data analysis.
Clinical datasets usually have very large number of attributes few numbers of tuples, so that
the reduction of attributes becomes immensely important, since the presence of many attributes
increases the probability of the existence of noisy attributes and due to the presence of unimportant
attributes the efficiency of classifiers that are created out of that will be degraded. So, it has become
a very common practice to just keep the important attributes in clinical datasets and there are lot
of researches has been done over this topic of feature reduction to support analysis of clinical data
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sets. The electronic medical records are clinical data can be categorized into many types. Clinical
datasets include Patients’ symptoms data, Patient’s medical history data such as treatment data,
demographic data, diagnostics data, laboratory test data, physiology data, pharmacy data, radiology
image and report, hospital admission, transfer and discharge information and discharge summary.
For clinical decision support system to work efficiently the clinical data would tend to have these
varieties of clinical data and due to this aspect only, the clinical data sets need to be trimmed to get
better classifier out of that.
Moreover, due to its social advantage too, feature reduction is often used to reduce highdimensional clinical datasets. The reason for using feature selection, for example, if a patient must
undergo clinical tests prior to a diagnosis, knowledge of the tests’ significant features will identify
parameters. Thereby, the patient will be both physically and economically comfortable. The attribute
reduction should not degrade the performance of classification. There should be a trade-off between
the feature reduction and performance of the models.
There are three ways to perform feature reduction:
1. 	 Feature Subset Selection: Generates a subset of the features.
2. 	 Feature Reduction Through Transformation: Updates the values of the features.
3. 	 Feature Generation: Generates new features from existing features. The generated feature
replaces at least one existing feature, which reduces the size of the dataset.
The proposed method focuses on the feature subset selection and enhances the classifier’s
accuracy.
Figure 1 illustrates two ways to classify feature subset selection methods. The feature subset
selection algorithms can be categorized based on the accuracy of the resultant subset (Dash & Liu,
1997):
1. 	 Complete: Complete methods give the optimal subset (or optimal solution) of features by trying
all combinations of features. This allows these methods to have exponential time complexity.
2. 	 Heuristic: Suboptimal or near-optimal solutions are achieved through heuristic methods.
This advantage reduces computational time. Both heuristic and metaheuristic algorithms give
approximate or near-optimal solutions. Heuristic algorithms are problem dependent, whereas
metaheuristic algorithms are not.
3. 	 Random: Genetic algorithms and evolutionary algorithms belong to a metaheuristic or random
category of feature subset selection algorithms.
Feature subset selection methods can also be categorized into filter methods, wrapper methods,
and hybrid methods based on classifier dependence. Algorithms falling under filter methods do not
use the classifier’s accuracy measure to select attributes during the process of feature subset building
(Chandrashekar & Sahin, 2014). However, wrapper methods use the classifier as a tool in the subset
selection process. Hybrid methods employ both filter and wrapper styles. They usually begin with
a filter-based approach after arriving at a feature subset of a specific size. Once the classifier is
Figure 1. Classification of feature subset selection methods
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generated, its accuracy decides the fate of the subset. If the accuracy is above a predefined threshold
value, the subset is approved as useful.
This article’s proposed method focuses on a wrapper-based approach, which will provide an
accurate subset of features due to the classifier’s involvement. Wrapper methods can be either
exhaustive or non-exhaustive. Exhaustive methods, which generate subset combinations, test each
combination with the classifier. Although an optimal feature subset is attained, the exhaustive method
suffers computational time issues. Theoretically, the number of feature subsets formed from n number
of features is a nondeterministic polynomial (NP) problem due to its time complexity of Ω(2n).
Some non-exhaustive searches, including branch and bound, best first, and beam search, give
an optimal solution in certain scenarios (Dash & Liu, 1997). Compared to exhaustive methods,
metaheuristic algorithms save time but compromise the solution’s optimality. Instead, they tend to
give near-optimal solutions. Wrapper approaches create an accurate resultant feature subset but lack
the time-saving component. Metaheuristic wrapper algorithms are gaining popularity due to the
achievement of optimal solutions in a reasonable computational time.
There has been excellent survey (Langley,1994) about all classical filtering, exhaustive and
heuristic approaches and they have listed the advantages and disadvantages of every method. One
more survey (Gheyas & Smith, 2010) which surveyed extensively about the wrapper methods and
they have found that wrapper methods are advantageous over filter methods. One more classical
survey (Aha & Bankert, 1996) on using of sequential search algorithms for feature selection and it is
found through the survey that since most of the sequential search algorithms tend to be of filtering
in nature and not of that efficient. A survey (Xue, Zhang, Browne & Yao, 2016) a detailed study
on the use of evolutionary algorithms in feature subset selection. They were able to bring about the
pros and cons in each and every popular evolutionary algorithm, such as particle swarm, ant colony,
annealing, bee colony and genetic algorithms in feature selection process. Whereas in (Chakraborty
& Kar, 2017) there has been an extensive survey on use of all kinds of evolutionary algorithms
which are nature inspired such as from ants, bees, fireflies, glow-worms, bats, monkeys, lions and
wolves. The survey analyses all the algorithms’ effectiveness in performing optimization and they
have elaborately chalked out pros and cons in the use of these evolutionary algorithms in classical
optimization problem. A detailed survey (Tsai, Eberle & Chu, 2013) is presented by the authors
about the use of genetic algorithms and its use in feature selection. Some of the recent research works
which uses evolutionary algorithms successfully in its original and modified forms are analysed and
are as follows, a modified harmony search algorithm is used to find feature subsets. The algorithm’s
inspiration is drawn from musicians’ abilities to pick an optimal musical pitch for their compositions,
the authors modified the process of initialization of harmony memory is modified to achieve efficient
search results (Zainuddin, Lai, & Ong, 2016). Particle swarm optimization (PSO) is one example.
BPSO and other modified PSO algorithms are used to find suboptimal feature subsets (Banka & Dara,
2015; Daliri, 2012; Tran, Zhang, & Xue, 2016; Zhang, Gong, & Cheng, 2017; Zhang, Gong, Hu, &
Zhang, 2015). PSO proves to be efficient in achieving the near-optimal solution. However, the PSO
algorithm suffers from the issue of convergence on local optimum which is addressed in this article’s
proposed method. The grey wolf algorithm, which draws inspiration from the hunting mechanism of
grey wolves, was also used in feature reduction. A binary form of grey wolf optimization (bGWO)
algorithm (Emary, Zawbaa, & Hassanien, 2016) locates the near-optimal subset of features, works by
exploiting the top three solutions of exploration. Though the approach increased the accuracy, it again
suffered the problem of trapping in local optima. This issue will be discussed throughout the article.
The clonal selection algorithm is based on the workings of a human’s immune system. A hybrid
of the clonal selection algorithm along, as well as the flower pollination algorithm, was tried. Its
performance in selecting a near-optimal solution of feature subsets was found effective (Sayed, Nabil,
& Badr, 2016). The ant colony optimization algorithm, which is also a metaheuristic algorithm, is
used in feature selection. Modified ant colony optimization algorithms are used in the feature subset
selection (Forsati, Moayedikia, Jensen, Shamsfard, & Meybodi, 2014; Kashef & Nezamabadi-pour,
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2015). Popular in feature selection problems, genetic algorithms are used in modified flavors to
achieve the near-optimal solution for the feature subset selection (Krömer & Platoš, 2016; Yang,
Li, & Zhu, 2011Sikora & Piramuthu, 2007; ElAlami, 2009). The modified gravity search algorithm
(Xiang et al., 2015), social spider algorithm (Anter, Hassanien, ElSoud, & Kim, 2015), and firefly
optimization (Emary, Zawbaa, Ghany, Hassanien, & Parv, 2015) algorithm are other metaheuristic
algorithms in feature selection.
Distributed PSO is tried in feature selection (Huang & Dun, 2008) which is signifies the concurrent
use of many particle groups in the solution space. However, the repulsion between particles should
be taken care otherwise the particle groups tend to merge together and the movement of particles
will start to go together. Thus, if the particle groups are successfully made to repel each other, then
the exploratory phase can be good. Thus, the main challenge is to take care of the repelling feature in
multiple particle groups and this is not in done the proposed method, so that the possibility of local
convergence is still more. User of Fisher-Markov selector (Cheng, Zhou & Cheng, 2011) which is
based Markov principle of probability transition and it has been found the work that the model is
efficient in feature selection from large feature set for multiclass datasets. Whereas the clinical datasets
are having large dimensions but they are single class. One more novel evolutionary algorithm called
bumble bee mating algorithm has been used (Marinaki & Marinakis, 2016) to do feature selection.
The algorithm is inspired by bumble bee mating for optimization and nearest neighbour is used as
classifier in the wrapper process. The method is tested with other methods such as foraging behaviour
of the bees, the discrete artificial bee colony, and the other is based on the mating behaviour of the
bees, the honey bees mating optimization algorithm. Thus, the work focuses especially on mating
behaviour not on foraging behaviour because in the mating behaviour the nature tends to select the
fittest individual for the mating process and the way of selection is emulated in this algorithm. However
mating algorithms are proved to be efficient in selection of fittest member from a small set of members
so the mating based optimization algorithms can be suitable for selecting features from a smaller set
of features, in case of very large feature set, this will not be a good one to process with. Thus, has
been found that there has been a phenomenon increase in use of metaheuristic algorithm recently to
optimize the solution space in feature selection. The metaheuristic algorithms such as PSO, Genetic
algorithms, firefly, ant colony, bee colony, harmony search, gravitational search, annealing, grey wolf
and so on and its modifications are very much used recently. Thus, the literature survey gave us the
leverage to go for evolutionary algorithms for feature selection and it is supported by its successful
outcome in many of the research papers and the issues faced by the evolutionary algorithms and its
modifications in the many research works are addressed and taken care in our research.
But there are some gaps that are identified in the use of evolutionary algorithms, that is, the
metaheuristic methods used in most of the recent works are based on a single algorithm, which may
appear in its original or modified format. The unmodified algorithm usually suffers from with issue
of either exploration or exploitation, even if its modified it takes care of either exploration phase or
the convergence phase by compromising the time complexity and these issues are addressed in our
work with the proposal of mutation in binary particle swarm optimization and through the hybrid
merging of results of particle swarm optimization and genetic algorithms.
PROPOSED METHOD
This article uses the MBPSO, modified version of the BPSO. It also proposes a unified approach to
finding an effective subset of features. A unified approach obtains results from more than one feature
reduction method and locates the intersection of the selected features. The common features in the
selected resultant features are considered as a final reduced subset of features. Figure 2 represents
the proposed unified version of features selected using MBPSO and BGA.
MBPSO and BGA are wrapper-based methods use support vector machine (SVM) classifier for
evaluation. The effectiveness of the features subset selected by various methods is evaluated using
4
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Figure 2. Unified feature subset selection approach

the feedforward neural network classifier with stochastic gradient descent-based back propagation
approach. First, the features selected by the individual methods (i.e., BGA, MBPSO, and BPSO) are
evaluated. Then, the unified version of BPSO&BGA, MBPSO, and BGA are evaluated. Figure 3
depicts the various methods.
There is a deep relation between the feature subset selection and the accuracy of the classifier
created using the selected subsets. The selected features may increase or decrease the accuracy.
There should be minimal compromise on the accuracy due to a motive to reduce the attributes count.
A tradeoff should exist between attribute reduction and accuracy. A new evaluation parameter, or
tradeoff factor, is proposed in this article to identify the relation between attribute reduction and
accuracy. This design permits a higher tradeoff factor among the attribute subset selection methods to
better the effectiveness of the method. Figures 4 and 5 show the flowchart for the BGA and MBPSO
algorithms, respectively. Details on the flowchart are explained.
BGA
The binary version of a genetic algorithm uses binary strings with ones and zeroes. The size of the
string is equal to the number of attributes. If the dataset has 20 attributes, then the string size will
be 20. Each digit in the string represents an attribute of the dataset. If the digit value in the string is
1, then the corresponding attribute is used in classifier building and 0 represents an omission of the
attribute. For example, if the fourth digit in the genetic algorithm string is 1, then the fourth attribute
of the dataset is considered in classifier generation. The flowchart of BGA-based feature selection
is given in Figure 4.
Generate n binary genetic strings randomly initialized with 0s and 1s. String size is equal to p,
which is the number of attributes in the dataset. The flowchart steps are explained.

Figure 3. Wrapper-based evaluation of subset selection methods
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•
•
•
•
•
•
•

Step 1: String size is equal to the number of attributes. Therefore, for every ith bit of the string
equal to 1, the ith attribute from the dataset is chosen. The generated dataset will be chosen to
create the SVM classifier. The classifier’s accuracy is the fitness of the string.
Step 2: The binary genetic strings are arranged in descending format based on their fitness value.
Step 3: First m strings in the sorted list are selected to the reproductive pool for performing
crossover.
Step 4: Pairs are randomly selected from m strings. m/2 single-point crossovers are performed
to obtain m offspring. Total 2m number of strings will be present in the pool.
Step 5: t strings are randomly selected from the pool. Bit are randomly chosen and mutated
from a string of size p.
Step 6: The fitness of the offspring in the pool is identified. Repeat from Step 3 until the number
of iterations cross the threshold iteration value.
Step 7: The indices of the bits in the fittest particle which are set to 1 correspond to the attributes’
index in the dataset and those attributes are selected to form the subset of features.

MBPSO
•

•

•

Step 1: n number of binary particles’ dimensions are randomly initialized with 0s and 1s to
define the position of the particle. The number of dimensions of the particle is equal to p, which
is the total attributes in the dataset excluding the class attribute. Initial velocity of every particle
is set to 0.
Step 2: Finding particle fitness is the same as in a binary genetic string. The ith dimension in
the particle corresponds to the ith feature in the dataset. If the ith dimension of a particle’s value
is 1, then the ith attribute of the dataset will be chosen as part of the training set. The garnered
dataset trains the SVM classifier. The accuracy of the classifier is measured. The accuracy value
represents the fitness value. The particle with the highest fitness is global best. Every particle will
have its own local best fitness value. During the iteration, the fittest particle’s fitness will be the
global best and its local best. Particles are sorted in a non-increasing order of its fitness values.
Step 3: Every particle will update its velocity and position corresponding to the fittest particle
based on equations (1) and (2), respectively.

V = V + c1 ∗ random () ∗ (lBestFit − cFit) + c2 ∗ (gBestFit − cFit)

Figure 4. Flow chart of BGA
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(2)

Pos = Pos +V

where V is the velocity of the particle, Pos is the position of the particle, lBestFit is the local best
fitness for the particle, gBestFit is the global best fitness, cFit is the current fitness of the particle,
c1 and c2 are learning rates, and random() generates between 0 and 1.
•
•

Step 4: Select the last k particles from the non-increasing sorted list. Randomly perform mutation
on the dimensions of the particles.
Step 5: When the algorithm is finished, the indices of the fittest particle’s 1s give the corresponding
features in the dataset. That set forms the subset of features.

TF
As the proposed evaluation parameter for the subset selection method, tradeoff factor is defined as:
Tradeoff Factor, TF =

Accuracy 2
FSR

where FSR is defined as
FSR =

Number of features present in the Subset of Features Selected
Total number of Features in the Dataset

The ratio of accuracy to FSR can be same for certain cases, whereas the accuracies can differ
enormously so the resultant ratio of accuracy to FSR is multiplied with the accuracy value to get the
tradeoff factor value. The implementation has been done in such a way that the FSR value will never
equal zero. Otherwise, TF will get into the issue of dividing by zero. This has been achieved by having
at least one attribute in the selected subset of features or FSR ranges, 0 < FSR ≤ 1.
The time complexity of the proposed work is P, which is polynomial time complexity. Since the
proposed algorithms are meta heuristic in nature, they tend to give sub optimal solution and so the
time complexity of both BGA and MBPSO (Figure 5) is directly proportional to number of number of
chromosome, number of particles and number of maximum iterations, all which are finite in number
and so it has polynomial time complexity. The complexity can be more accurately said to be O(I*P)
for MBPSO, where I stands for number of iterations and P stands for number of particles and O(I*C)
for BGA, where I stands for number of iterations and C stands for number of chromosome strings.
EXPERIMENT AND RESULTS ANALYSIS
The feature subset selection has been tried using BPSO, BGA, and the proposed MBPSO individually.
The unified MBPSO&BGA and the unified BPSO&BGA were also used to feature subset selection.
The unified approach finds the common feature of two feature subsets provided by individual
algorithms. The aforementioned evolutionary methods used the SVM classifier for fitness calculation.
The accuracy of the SVM classifier, which is generated from the attributes information provided
by the binary particles or the binary genetic strings, will be the fitness value of the particle or
genetic string. The final evaluation of the five methods (each of which produces subset of features)
is done using feedforward neural network with stochastic gradient descent-based back propagation
for weight optimization. For example, if the subset of features given out by the unified MPSO and
genetic algorithm has 12 attributes, then the neural network will have 12 input neurons. The number
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Figure 5. Flowchart of MBPSO

of neurons in the middle layer is fixed to 10; the output layer of the neural network has one neuron.
Bootstrap sampling has been used to find the accuracy of SVM and the neural network.
The proposed method is tested with five benchmark clinical datasets taken from the online
machine learning repository of the University of California, Irvine (Lichman, 2015). The details
of the datasets are given in Table 1. The focus was to reduce the number of features on the clinical
dataset. Therefore, only clinical datasets were taken. Only high-dimensional clinical are considered;
class attributes of all datasets considered are discrete.
The classical accuracy parameter, the proposed evaluation parameters, including FSR and TF
are used during the evaluation of the subset selection models. The accuracy parameter is defined as:
Accuracy =

Number of Tuples Predicted Correctly
Total number of Tuples in the Test Dataset

The accuracy value ranges from 0 to 1 with 1 representing the most accurate classifier. The
details about FSR and TF were given in the section titled “Proposed Method.”
Other common implementation parameters are given in Table 2.
Once a subset selection method gives the resultant subset of features, those features are used to
create the neural network classifier. It is tested 10 times using the bootstrap sampling before the average
accuracy is identified. The average accuracy for the five methods is given in Table 3. The number of
features selected by every method is given in Table 4. The FSR and TR evaluation parameter values
for each of the five methods are given in Tables 5 and 6.
The accuracy and TF for every method of feature subset selection for five clinical datasets are
compared. Figures 6, 7, 8, 9, and 10 compare the accuracy and TF for breast cancer, arrhythmia,
SPECT heart, dermatology, and lung cancer datasets, respectively.

Table 1. Clinical dataset information

8

S. No.

Dataset Name

Number of Attributes

Number of Instances

1

Breast Cancer

34

198

2

Arrhythmia

279

452

3

SPECT Heart

44

267

4

Dermatology

33

366

5

Lung Cancer

56

32
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Table 2. General implementation parameters
Number of particles used in MBPSO & BPSO & BGA

50

Number of particles mutated in MPSO

10 (20% of total)

Number of iterations used in MBPSO & BPSO & BGA

20

Number of strings used in BGA

50

Programming language and libraries

Python

Libraries

Scikit, Sklearn & Numpy

Number of Trials for bootstrap sampling of testing

10

Table 3. Accuracy of classifiers of various feature subset selection methods
BPSO

MBPSO

BGA

MBPSO + BGA

BPSO + BGA

Breast Cancer

Dataset

0.626

0.857

0.755

0.912

0.739

Arrhythmia

0.857

0.813

0.713

0.821

0.747

SPECT Heart

0.626

0.726

0.726

0.78

0.624

Dermatology

0.612

0.625

0.721

0.741

0.674

Lung Cancer

0.791

0.831

0.831

0.849

0.781

BPSO

MBPSO

BGA

MPSO + BGA

BPSO + BGA

Breast Cancer

28

22

19

14

12

Arrhythmia

144

120

160

81

77

SPECT Heart

31

30

34

23

28

Dermatology

27

17

19

10

8

Lung Cancer

37

40

32

20

23

Table 4. Number of selected features
Dataset

Table 5. Feature selection ratio (FSR)
Dataset

BPSO

MBPSO

BGA

MBPSO + BGA

BPSO + BGA

Breast Cancer

0.824

0.647

0.559

0.412

0.353

Arrhythmia

0.516

0.43

0.573

0.323

0.276

SPECT Heart

0.705

0.682

0.773

0.523

0.636

Dermatology

0.818

0.515

0.576

0.303

0.242

Lung Cancer

0.649

0.702

0.561

0.351

0.404
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Table 6. TF
Dataset

BPSO

MBPSO

BGA

MBPSO + BGA

BPSO + BGA

Breast Cancer

0.476

1.135

1.02

2.019

1.547

Arrhythmia

1.423

1.537

0.887

2.087

2.022

SPECT Heart

0.556

0.773

0.682

1.163

0.612

Dermatology

0.458

0.758

0.903

1.812

1.812

Lung Cancer

0.964

0.984

1.231

2.054

1.51

Figure 6. Performance evaluation of breast cancer feature selection

Figure 7. Performance evaluation of arrhythmia feature selection

Figure 8. Performance evaluation of SPECT heart feature selection
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Figure 9. Performance evaluation of dermatology feature selection

Figure 10. Performance evaluation of lung cancer feature selection

TF parameter deals with the trade-off between accuracy and the feature reduction. Considerable
degradation of accuracy is not entertained over feature reduction. The performance of features subset
selection should not bring down the accuracy. Important attributes are being dropped if the accuracy
decreases. There should be a trade-off between accuracy and the feature reduction. The feature
subset selection technique, which has maximum TF, will be the winner among various feature subset
selection methods.
The analysis of the results of implementation of various methods shows that, in four of the five
datasets (i.e., breast cancer, SPECT heart, dermatology, and lung cancer) except arrhythmia, classifiers’
accuracy got increased due to the use of the proposed unified MBPSO&BGA. In arrhythmia dataset
the proposed method slightly decreased the accuracy of the classifier generated. Four of the five
datasets (i.e., breast cancer, arrhythmia, SPECT heart, and lung cancer) showed the highest TF due
to the proposed unified MBPSO and BGA. Thus, the proposed unified MBPSO&BGA method was
successful in majority of the test datasets and it proves the effectiveness of the method. It outperformed
its peers in four out of five data sets.
CONCLUSION
The proposed MBPSO and the idea of the unification of the results of the subset reduction methods
proved efficient in reducing the attribute set size without compromising accuracy. In most cases, it
increased the accuracy of the classifiers. Testing of the methods on five benchmark high-dimensional
clinical datasets proved these results. The proposed evaluation parameter for the feature subset
11
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selection methods, or TF, was effective in best feature subset selection methods. Thus, the accuracy
and TF for the feature selection methods (i.e., MBPSO, BGA, BPSO independently and the unified
MBPSO&GA, BPSO&GA) were evaluated using the neural net-based classifier’s accuracy. Accuracy
increased in four of the five datasets. This implied that the removal of the least significant attributes
saw a marginal increase in accuracy. The unified approach proved positive in four of the five test
datasets. The main objective was to reduce the number of unwanted attributes in high-dimensional
data while maintaining accuracy. This was achieved with the TF parameter, which verified the feature
subset selection methods’ effectiveness by studying accuracy and the FSR. Thus, the MBPSO method
helped to converge the metaheuristic evolutionary algorithm to a more accurate instance.
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