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Abstract. In most of the real world applications, misclassification cost
of minority class samples can be very high. For high dimensional data,
it will be a challenging problem as it may increase in overfitting and
degradation of performance of the model. Selecting the most discrimi-
nate features is popular and recently used to address this problem. To
solve class imbalance problems may optimization algorithms have been
proposed in the literature. One among them is bio-inspired optimization
algorithm. These algorithms are used to optimize the feature or instance
selection. In this paper, a new bio-inspired algorithm called Chaotic Salp
Swarm Algorithms (CSSA) were used to find the most discriminating fea-
tures/attributes from the dataset. We employed 10 chaotic maps func-
tions to assess the main parameters of salp movements. The proposed
algorithm selects the important features from the dataset and it is mainly
comprised of features selection phase, and classification phase. In the
former phase, the most important features were selected using CSSA.
Finally, the selected features from CSSA were used to train Support
Vector Machine (SVM) classifier in the classification phase. Experimen-
tal results proved the ability of selecting optimal feature subset using
CSSA, with accurate classification performance. Our observation on dif-
ferent data sets using Accuracy, F-measure, G-Mean, AUC and weighted
as indicative metric provide better solution.

Keywords: Salp swarm algorithm - Support vector machine - Chaotic
mapping - Feature selection - Optimization algorithm

1 Introduction

The imbalanced datasets occur most often in many application domains [7]. The
datasets are said to be skewed in nature, when one class is sufficiently repre-
sented called majority /negative class while other very important class has fewer
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samples called minority/positive class. In simple terms, the important/positive
samples will be very less in number compared to that of majority or negative
samples. When the classifier is learned on such data distribution may result in
misclassification of positive samples.

To deal with skewed distribution problem, different approaches have been
proposed in literature, broadly including data-level techniques, algorithm-level
techniques and ensemble techniques [10]. The data-level technique works as pre-
processing technique by resampling the data. The most common techniques used
in resampling are Random OverSampling (ROS) and Random UnderSampling
(RUS). In the former technique, the random samples are generated for minor-
ity samples, to balance the distribution. While in the latter, the samples of
majority class are discarded. The main drawback for oversampling is increase in
the classifier training time and for undersampling loss of important information
[6]. One of the most simple and most popular oversampling technique is Syn-
thetic Minority Over-sampling TEchnique (SMOTE) proposed by Chawla [3].
SMOTE generates synthetic samples from current minority samples by interpo-
lation. But it may not be possible for critical applications like medical diagnosis
which depends much on real data. Some of the methods proposed in extension
with issues of SMOTE are Borderline-SMOTE [11], Safe-level SMOTE [14], Clus-
ter Based Oversampling [12]. For Random Undersampling the proposed methods
are Edited Nearest Neighbor (ENN) [8] and Tomek Links [9] are purely based
on data cleaning.

The algorithm-level techniques surrounded with modification of existing
learning algorithms to avoid the bias towards minority class or incorporate dif-
ferent misclassification cost while learning. Few examples of former are Hellinger
Distance Decision Trees (HDDT) [4], Class Confidence Proportion Decision Tree
(CCPDT) [13] and other insensitive class-size decision trees and for latter, the
author [5] presents Naive Bayesian and Support Vector Machine learning meth-
ods with equal and unequal costs. In the literature, the ensemble methods often
give better results than individual classifiers. Ensemble algorithms [7] like bag-
ging and boosting with pre-processing techniques have been successfully designed
to work with imbalanced data.

Recently, feature selection has gained interest by researchers in addressing the
imbalance learning problem [16]. Previous techniques like sampling techniques,
algorithm techniques, and ensemble methods have focused on training data sam-
ples. On the other hand, feature selection focus on identifying important features
from the training data. Feature selection is an important pre-processing tech-
nique to achieve better performance of the classification algorithm. The main
goal of feature selection is to eliminate redundant features in the dataset. Fea-
ture selection has been classified into filter method and wrapper method. Filter
method works by using data properties without depending on learning algo-
rithms whereas, wrapper methods will use the learning algorithms to generate
important features. The latter methods are more exact but computationally
expensive than former methods. The feature selection problem is defined as
multi-objective optimization problem and the aim is to select the important fea-
tures to maximize the performance of the classifier. However, exhaustive search
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for optimal subset features is almost practically impossible. Swarm-based and
evolutionary algorithms have been proposed in the literature to search for the
most important features from the given dataset. Many Bio-inspired optimization
algorithms exist in literature namely Particle Swarm Optimization (PSO) [17],
Aritificial Bee Colony (ABC) [2], Dragon Fly Algorithm (DFA) [18], Salp Swarm
Algorithm (SSA) [15].

In this work, the important features are selected using Salp Swarm Algorithm
(SSA). As any other optimization algorithms, SSA falls into local optima and
does not find the global optima. Hence, in this paper we combined various chaos
function with SSA and proposed Chaotic Salp Swarm Algorithm (CSSA) to
select the most important features. In this work, a support vector machine model
was proposed to evaluate the imbalanced dataset. The proposed model consists
of two phases. The former is the attribute selection phase, wherein the most
distinction attributes were selected using the proposed CSSA algorithm. The
resultant optimal attributes were then trained on SVM classifier in the next
phase, i.e. the classification phase. The rest of this paper is organized as follows:
Section 2 presents a brief description of the SSA that are used in our proposed
model. The brief introduction to chaotic map functions were presented in Sect. 3.
Section 4 deals with assessment methods used for measuring the performance
of the classifier on imbalanced data. The proposed model is been presented in
Sect. 5. The experimental results along with its analysis and conclusion were
presented in Sect. 6 and 7 respectively.

2 Salp Swarm Optimization (SSA)

Recently, evolutionary and swarm-based algorithms have been widely used for
feature selection problem. These algorithms adaptively search the feature space
by applying agents to reach optimal solution.

The Working of Salp Swarm Algorithms (SSA). In this section, the basic
representation of SSA is proposed. Salp swarm algorithm is a nature based meta-
heuristic algorithms proposed by Mirjalili [15] in 2017. SSA came from swarming
behaviour of salp in the heavy oceans. They form a swarm known as salp chain
for optimal locomotion based on foraging in oceans Mirjalili [15].

Mathematical Model of SSA: In SSA, the entire population is divided into
two groups, leader and the follower. The front position of swarm taken up by
the leader followed by the remaining swarms as followers. The salp positions are
represented in an n-dimensional search space, where ‘n’ is the number of dimen-
sions or features. The positions of all the salps are denoted on two-dimensional
matrix called z. ‘F’ denotes the food source in the target search space.

The mathematical model to update the positions of the leaders is as follows:

F; + r1((upp, — lwp)ra + lwy) r3 > 0
rl = (1)
F; — r((upy, — lwy)re + lwy) r3 <0
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Where z! represents the salp position known as leaders in i — 1** dimen-
sion, up, and lw, denotes the upper and lower boundaries at i-1th dimension
respectively. F; is the position of food at i — 1** dimension and 1, 75, r3 are the
random numbers. The mathematical definition of r; is represented as follows:

2e_<%>2 (2)

Where K is the maximum number of iteration and k represents the current
iteration. The random number r9, r3 are generated uniformly between the range
of [0, 1]. The position of the followers is updated using the Eq. (3):

o1

w] = sat® + fot 3)
Where :1:{ shows the position of j** follower, j > 2, (3, is the initial speed, a =
E% and (# = #57. Because time is represented as optimization within each
iteration process and discrepancy within the iterations is equal to 1 and Gy = 0,
the equation for updating the followers position in i — 1*" dimension is repre-
sented as follows:

J

x] =

(e +a77) (4)

DO =

3 Chaotic Map

Chaos play an vital role to address the behavior of swarms at each iteration. A
negligible change in its underlying state of swarm may prompt non-linear change
in the future behavior. Chaos optimization algorithms are popular search algo-
rithms recently applied to evolutionary algorithms. The main course of action is
to search for global optima based on chaotic properties like stochastic, regularity
and ergodicity. Its main attention is to avoid evolutionary algorithms to fall into
local optima. In this work, we used ten chaotic mapping techniques to increase
the performance of SSA. Figure 1 shows the different chaos mapping functions.

4 Performance Metrics for Skewed Data Distribution

Accuracy (Acc) is a notable performance metric used in classification. It is
defined as the quantitative relation between the classified data samples (cor-
rectly) to the total number of data samples (5). In the imbalanced datasets,
accuracy shows bias towards majority class and lead to wrong decisions. There-
fore, different performance metrics are need to assess the performance of the
classifier when trained on imbalanced datasets. The suitable metrics used are
precision, recall, AUC to measure the performance of classifier when trained on
imbalanced datasets. Precision is the proportion of true positive to the total
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Map No. Name Definition Range
Mi Chebyshev Pa+1 = cos(gcos” ' (pg)) (-0
M2 Circle Pg+1 =mod(py +r — tﬁ);in(l‘rp,,]‘ 1).I=05andr =0.2 (0.1)
1. Pe=0
M3 Gauss/mouse  pgy) = . : (0,1)
T om otherwise
M4 lierative Pas1 =sin(E) . 1=07 L1
M5 Logistic Pa+1 =1pg(1l = p,). 1=4 0.1)
ff-‘ 0<p, <l
py—=l
M6 Picccwise  posi={ 51, 1SP <03, o4 (©.1)
=T 05<pg<1-1
B 1-lsp <1
M7 Sine Pa+1 = psin(apy). 0 =4 (0.1)
M8 Singer Pa+1 = u(1.86p, — 23.3[;}3 + 23.75.;7: - 13.302875;1:) L= 10T (01)
M9 Sinusoidal  pyy =Ipsin(zp,) .1=23 (0.1)
MIO  Tem Pett = ﬁ? Pg <07 ©.1)
T =pg). pg 207

Fig. 1. Different choatic mapping functions

number of true positive and false positive samples (6). Recall/sensitivity repre-
sents how well the model detects the true positive samples (7). The F-measure
combines both recall and precision and defined as (8). Therefore, F-measure is
suitable when the data is skewed in nature than any other metric.

Acc = (TruePositive + TrueN egative) /
(TruePositive + TrueNegative + FalsePositive + FalseNegative)

(5)

Precision = (TruePositive) / (TruePositive + FalsePositive) (6)
Recall = (TruePositive) / (TruePositive + FalseNegative) (7)
F — Score = 2 % (Precision x Recall) / (Precision + Recall) (8)

In this paper, the various performance metrics used are Accuracy, AUC, F-
Score, G-Mean and Weighted measure. We have used weighted metric of F-Score,
G-Mean and AUC and it is defined as (9)

Weightedmetric = (F — Score + G — Mean + AUC) /3 (9)

5 CSSA: The Working Model

In this section a detail description of the proposed model will be illustrated.
The proposed model consists of feature selection and classification phases. The
proposed architecture is shown in Fig. 2. Each phase is been explained in detail
as below.
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Fig. 2. The architecture of proposed model

5.1 Feature Selection Phase Using Chaotic Salp Swarm Algorithm
(CSSA)

To select the appropriate attributes/features, Chaotic Salp Swarm algorithm
(CSSA) was used. As discussion before, there are three main parameters chosen
randomly and may affect the salp positions. The randomness in exploitation and
exploration may badly affect the performance of the algorithms. To overcome
this situation, chaotic maps are used to replace the random parameters using in
the SSA. So, the combination of chaotic maps with salp swarm algorithm can be
defined as Chaotic Salp Swarm Algorithms (CSSA). In this paper, ten chaotic
mapping techniques were used to select the features for classification. The CSSA
feature selection is based on wrapper method to find the optimal features at
each iteration and result in improvement of classification performance.

Fitness Function. The position of the salp at each iteration is evaluated by
using predefined fitness function Fi. The main objective criteria in evaluating the
position of salp were to select the minimum features with maximum classification
accuracy. The fitness function is defined with combination of accuracy and weight
factor with value between [0, 1] as below.

Fi = max(Accuracy + WF(1 — FS/FC)) (10)

Where FS stands for feature subset and FC stands for total count of
attributes/features. The weight factor (WF) is used to improve the accuracy
of the classifier and usually set near to 1. In our experiments, WF is set to 0.9.
We employed 10-fold cross validation with dataset partitioned into training and
testing set. The training set is used to learn the SVM classifier and the test set
is used to evaluate the classifier and select the optimal features. Additionally,
to select the discriminate features K-Nearest Neighbor(K-NN) algorithm was
been used, where k represents the number of nearest neighbors. The best solu-
tion is the one, with optimal number of attributes/features and with maximum
classification accuracy.

5.2 Classification Phase

In classification phase, the selected features are trained on Support Vector
Machine (SVM). We applied different kernel function such as Linear, Radial
Basis Function, and Polynomial. The kernel functions are used to transform the
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non-linear data into high dimensional space, to make it linearly separable. The
selected features are given to SVM classifier as input to check the robustness of
the selected features.

6 Result and Analysis

In this section, the proposed model is evaluated on different datasets using 10
choatic mapping function. In the first experiment aims we evaluated the per-
formance of Chaotic SSA using different SVM kernel techniques. In the second
experiment, our proposed model is compared with SSA used to deal with class
imbalance problems.

6.1 Data Set

We evaluate the proposed algorithm using 11 datasets from Keel repository with
different imbalance ratio (IR) [1]. Table 1 shows the details of the imbalanced
datasets with number of features and imbalance ratio.

Table 1. Datasets used

Dataset No. of features | No. of samples | IR
Breast Cancer| 9 286 2.36
Elico 7 220 1.86
Glass 9 214 1.82
Harberman 3 306 2.78
Pageblock 10 5472 8.79
Parkinsons 22 195 3
Pima 8 768 1.87
Thyroid 5 215 5.14
Vehicle 18 846 2.88
Wisconsin 9 683 1.86
Yeast 8 1484 2.46

6.2 Results

In this section, we compared the results (Fig. 3, 4 and 5) using different kernel
functions to determine the best kernel function. We also aim at identifying the
best chaotic mapping function for imbalanced datasets. From the experiments
it is been observed that SVM with linear kernel performed well on most of the
datasets, next polynomial and last is the radial basis kernel. Out of 11 datasets, 5
datasets had better performance using linear kernel compared with polynomial
and radial basis kernel. We also observed that all choatic mapping functions
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worked well when classified using SVM (RBF, Linear, Polynomial kernel) on
Breast cancer, Elico, Wisconsin, Thyroid and Pageblock datasets. In the exper-
iment, the datasets are evaluated based on SSA and CSSA and better result
shown when experimented on CSSA.
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7 Conclusion

In this paper, a novel hybrid chaos with salp swarm algorithm (CSSA) was
proposed. To enhance the performance of SSA ten chaotic mapping functions
were used. The proposed CSSA is applied on feature selection to select the
most discriminate features from imbalanced dataset. The results shows that the
CSSA algorithm outperformed over SSA. In terms of classification, Linear SVM
performed well on features selected from CSSA.
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