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 

Abstract: Data mining is a key research field in the computer 

science research arena. Feature selection is performed once the 

dataset got cleansed. Optimization algorithms are considered to 

be helpful for the feature selection task. Also the obtained 

suitable features will contribute considerably for the classifier. 

Machine learning classifiers are comparatively performing 

better than that of traditional data mining classification 

algorithms. In this part of research work an adaptive particle 

swarm optimization algorithm is employed in order to perform 

feature selection task. Extreme learning machine classifier is 

added with credential weights. Twenty datasets are taken for 

performance analysis. From the obtained results it is evident 

that Adaptive Particle Swarm Optimization based Credentialed 

Extreme Learning Machine Classifier (APSO-CELMC) 

performs better in terms of predictive accuracy and time taken 

for classification. 

 

Index Terms: Machine learning, feed forward neural 

network, extreme learning machine, optimization, particle 

swarm, swarm intelligence, high dimensional datasets..  

I. INTRODUCTION 

Data mining is one of the active research areas in the field 

of computer science as well as information technology. 

During the past two decades there is a knowledge data 

discovery progression assists the data mining to pull out 

hidden information from the dataset, there is a mammoth 

amount of machine learning algorithms to be incorporated 

for performing data mining tasks. For the most part 

supervised machine learning algorithms augment leading 

implication in the research field of data mining. Machine 

learning shortly termed as ML is a type of artificial 

intelligence (AI) that make available computers with the 

capability to be trained without being transparently 

programmed. ML learning focuses on the spreading out of 

computer programs that can adapt as well as adjust at the 

point of time uncovered to new-fangled data. ML algorithms 

are broadly classified into three categories namely supervised 
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learning, unsupervised learning and reinforcement learning 

and is shown in Fig.1. The succession of machine learning is 

corresponding to that of data mining. Both data mining and 

machine learning examine as well as search from end to end 

data to seem for patterns. Conversely, in penchant to 

extracting data for human knowledge as is the case in data 

mining applications; machine learning employs data to 

recognize patterns in data and tweak program actions 

henceforth. 

 
Fig.1. Machine Learning and its Types 

 Supervised machine learning is the task of inference a 

meaning from labeled training data that consists of a 

collection of training examples. As far as supervised learning 

is concerned, each instance is a brace encloses an input object 

(which is usually a vector quantity) and a vital output value 

(may also be referred as supervisory signal). Initially, the 

supervised learning algorithm does the analysis task from the 

training data and builds a dependent function, for mapping 

new examples. An optimal setting possibly makes possible 

the algorithm to precisely determine the class labels for 

covered instances and the same requires the supervised 

learning algorithm to make simpler from the training data to 

covered situations in a "balanced" manner. The supervised 

algorithms / methods are probably used in a variety of 

application areas that include marketing, finance, 

manufacturing, testing, stock market prediction, and so on. 

This research work aims in proposing a Adaptive Particle 

Swarm Optimization based Credentialed Extreme Learning 

Machine Classifier (APSO-CELMC) for High Dimensional 

Datasets. The aim of ISVMC is to improve the prediction 

accuracy and also to decrease the time taken for 

classification. The paper is organized as follows. This section 

introduces the work. Section 2 

gives some of the related works. 

Section 3 portrays the proposed 

work. Section 4 presents results 
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and discussions. Section gives the concluding remarks. 

II. RELATED WORKS 

 Feature selection is the method of selecting a set of 

representative features / dimensions [1] which have high 

correlation with the output variables (forecasting variables). 

Researchers applied a variety of feature selection methods. I. 

Koprinska et al. [1] evaluated the performance of four feature 

selection methods (Autocorrelation, Mutual Information, 

RRelief (RF), Correlation-Based Selection (CFS). The 

conclusion was that the better prediction models were 

RF+NN and AC+NN for the data experiments [1]. The 

results from the research of R. Mashud et al. [2] showed that 

CFS [3] and Mutual Information were able to identify a small 

set of informative lag variables, that when used with LUBEX 

[4] resulted in good quality PIs (prediction interval) for 

interval forecasting of electricity demand time series data. M. 

M. Mafarja et al. [5] used binary DA to overcome feature 

selection, and they obtained a good experimental result when 

the input feature is large. M. Mafarja et al. [6] proposed 

evolutionary population dynamics and grasshopper 

optimization approaches for feature selection problems, 

which is good at handling a large number of input features 

and is limited when the number of features is small. Good 

features often can accelerate the process of establishing 

model and helping model to improve the forecasting 

performance. 

 It is noteworthy that existing structural classifiers do not 

balance structural information’s relationships both 

intra-class and inter-class. Combining the structural 

information with nonparallel support vector machine 

(NPSVM), D. Chen et al. 2016 [10], designed a new 

structural nonparallel support vector machine (called 

SNPSVM). Each model of SNPSVM considers not only the 

compactness in both classes by the structural information but 

also the separability between classes, thus it can fully exploit 

prior knowledge to directly improve the algorithms 

generalization capacity. Moreover, the authors applied the 

improved alternating direction method of multipliers 

(ADMM) to SNPSVM. Both their model itself and the 

solving algorithm can guarantee that it possibly would deal 

with large-scale classification problems with a huge number 

of instances as well as features. Experimental results show 

that SNPSVM is superior to the other current algorithms 

based on structural information of data in both computation 

time and classification accuracy. 

 Peng et al., 2016 [11] formulated a linear kernel support 

vector machine (SVM) as a regularized least-squares (RLS) 

problem. By defining a set of indicator variables of the errors, 

the solution to the RLS problem is represented as an equation 

that relates the error vector to the indicator variables. 

Through partitioning the training set, the SVM weights and 

bias are expressed analytically using the support vectors. The 

authors also demonstrated how their approach naturally 

extends to sums with nonlinear kernels whilst avoiding the 

need to make use of Lagrange multipliers and duality theory. 

A fast iterative solution algorithm based on Cholesky 

decomposition with permutation of the support vectors is 

suggested as a solution method. The properties of their SVM 

formulation were analyzed and compared with standard 

SVMs using a simple example that can be illustrated 

graphically. The correctness and behavior of their proposed 

work has been demonstrated using a set of public 

benchmarking problems for both linear and nonlinear SVMs. 

 In recent years an approach for training single-hidden 

layer feed forward neural networks called Extreme Learning 

Machines (ELM) have been proposed [12], [13] and 

extensively investigated. Several topics around ELMs are 

subject to discussion as they are considered similar to, or 

special cases of, radial basis 110 function (RBF) networks, 

random vector functional-link (RVFL), least squares support 

vector machines (LS-SVM), or reduced SVM [14], [15], 

[16], but they are outside of the scope of this research work. 

Among the attractive features of ELM networks are the use of 

a single hidden layer, high training speed, good 

generalization/accuracy. It has been found that in certain 

applications characterized by noisy data, like image 

recognition, ELM’s do not exhibit good performance. 

However, new ELM algorithms overcome the problem, 

providing excellent generalization and classification 

performance [17], [18].  

III. PROPOSED WORK 

 In this research work PSO is used for feature selection. 

The fitness is measured using the input obtained from the 

output of ELM. After that classification is performed by 

credentialed ELM classifier. 

3.1. Particle Swarm Optimization for Feature 

Selection 

 PSO is a meta-heuristic search technique that simulates 

the flock of bird’s movements to find the food. Each particle 

in the swarm represents a candidate solution that flies 

through the multidimensional search space. A particle uses 

the best position explored by itself and that of its neighbors to 

move towards an optimum solution. The performance of each 

particle (i.e. the “closeness” of a particle to the global 

minimum) is measured according to a predefined fitness 

function. 

Suppose that the search space is D-dimensional and there 

are m particles in the swarm. Each particle is located at 

position 
 Diiii xxxX ,...,, 21

 with 

velocity
 Diiii vvvV ,...,, 21

, where 
mi ,...,2,1

. In 

the PSO algorithm, each particle moves towards its own best 

position 
 pbest

 denoted as 

 Diiiii pbestpbestpbestPbest ,...,, 21
 and the best 

position of the whole swarm 
 gbest

 denoted 

as
 DgbestgbestgbestGbest ...,, 21

. And each 

particle changes its position according to its velocity, which 

is randomly generated towards 

the
pbest

and 
gbest

positions. 
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For each particle, i  and dimension s , the new velocity 

isv
and position isx

can be calculated by the equations (1) 

and (2): 

   11

22

11

11

1   t

s

t

s

t

is

t

is

t

is

t

is xgbestbcxpbestbcvwv … (1) 

  
t

is

t

is

t

is vxx  1

 … (2) 

Where t  is the iteration number. The inertial weight w is 

used to control the velocity and balance of the exploration 

and exploitation abilities of algorithm. A large value of 

w keeps particles at high velocity and prevents them from 

becoming trapped in the local optima. A small value of 

w maintains particles at low velocity and encourages them to 

exploit the same search area. The constants 1c
 and 2c

are 

called acceleration coefficients that determine whether 

particles prefer to move closer to the 
pbest

or 

gbest
positions. The 1b

 and 2b
 are independent random 

numbers uniformly distributed between 0 and 1. The 

termination criterion of the PSO algorithm includes the 

maximum number of generations, the designated value 

of
pbest

, or no further improvement in
pbest

. A PSO 

based feature selection is presented in this work that 

determines the importance of features by ranking them and 

uses the information to improve the search ability of 

algorithm. 

Measuring the fitness 

 It is well known that feature selection is the choice of a 

small number of relevant features to obtain similar or even 

better classification performance than that of the use of all 

features. Thus, in this phase of research two main conflicting 

objectives are taken into account that represents the 

classification performance and the number of features; both 

objectives should be minimized. The first objective, 

classification performance, is error rate, which is calculated 

via equation (3) for i -th particle: 

   TNTPFNFPFNFPrateError i  /_ … (3) 

 
TNFPTP ,,

and FN  refer to true positives, false 

positives, true negatives, and false negatives of CELM 

classifier, respectively. 

 The second conflicting objective considers the number 

of selected features. Small number of features reduces the 

computational cost yet increases the error rate. As 

normalized values of the objectives provide a uniform search 

of the problem space, second objective should be calculated 

according to the equation (4) for  i-th particle: 

 



D

j

jiiii tZfDfrateFeature
1

,/_

… (4)  

 Where, D is the total number of features. In this fashion, 

both objectives are normalized in [0,1]. External archive is 

used to store the non‐dominated solutions found during the 

search. After calculating the fitness function, the 

non-dominated solutions are extracted, and the archive set is 

updated. 

Feature Ranking and Selection 

 The selected features by the archive members are more 

important than the other features. Therefore, the archive can 

rank the features. They are ranked based on the equation (5). 

   



A

k

kk AtZtZFR
1

,

… (5) 

Set A represents the archive and 
 tZ k is a decoded 

member of archive. In this way, FR  is a vector with D  

dimensions as 

 DrrrFR ,...,, 21
that,

Djr j ,...,2,1, 
, determines 

the rank of 
j

-th feature. The minimum value of jr
 is zero 

when the 
j

-th feature is not selected by any member of 

archive. The maximum value of jr
 is equal to the length of 

the archive when the 
j

-th feature is selected by all members 

of archive. 

3.2. Extreme Learning Machine 

 After the feature selection is performed, ELM is used for 

performing classification task. Given a set of N training 

instances 
),( ii tx

 and 2L hidden neurons altogether (that is, 

each of the two covered layer has L covered neurons) with the 

initiation work g (x). At first arbitrarily introduce the 

association weight matrix between the info layer and the first 

covered layer W and the inclination matrix of the first hidden 

layer B, and afterward figure the weight matrix β between the 

second hidden layer and the outcome layer. 

11)( HBHWg H 
 ... (8) 

 where HW
indicates the weight matrix between the first 

covered layer and the second hidden layer. It is assumed that 

the first and second hidden layers have a similar number of 

neurons, and subsequently HW
 is a square matrix. The 

documentation H indicates the outcome between the first 

hidden layer as for all N preparing tests. The matrices 

11 HandB
individually speak to the inclination and the 

normal outcome of the second covered layer. 

 The normal outcome of the second covered layer can be 

ascertained as 
 T1H

... (9) 

 where β† is the MP widespread contrary of the matrix β. 

The manipulative means of β† is the alike as before discussed 

for H†, namely 
 TT1T† )( if

 is 

nonsingular, or alternatively 
TT if  1T† )( 

 

is nonsingular. Consequently it is defined the augmented 

matrix 
][ 1 HHE WBW 

, and calculate it as 
†

1

1 )( EHE HHgW 
... (10) 

  where 
†

EH
 is the 

widespread contrary of 
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T

E HH ]1[
, 1 denotes a one-column vector of size N 

whose components are the scalar unit 1, where the notation 

g(x) denotes the contrary of the calculation of 

†H
 proceeds 

in the fashion described some time recently. The 

investigations directed to test the execution of the ELM 

calculation. In order to perform the classification task 

extensively used logistic sigmoid function g (x) = 

)1/(1 xe
 is used. The real outcome of the second covered 

layer is calculated as  

)(2 EHE HWgH 
... (11) 

and finally, the mass matrix new
flanked by the second 

covered layer and the real layer is calculated as  

TH †

2new 
 ... (12) 

where 
†

2H
 is the MP widespread contrary of 2H

, gotten 

utilizing the approach talked about some time recently. The 

ELM outcome in the wake of preparing can be 

communicated as 

f(x) = newH 2 ... (13) 

3.3. Credentialed – ELM Classifier (CELMC) 

 CELM aims to perform the classification task among 

heterogeneous data where class imbalance problem is quite 

challenging. In CELM each training instance is assigned an 

additional credential. The credential associated with the 

minority class instances is comparatively higher than that of 

the majority class instances. This strengthens the impact of 

the minority class instances relative to the majority class 

instances. The two credential schemes were experimentally 

employed to calculate the credential matrix CL, which are 

automatically generated using the class distribution by using 

the following equations: 

k

ii
q

CL
1



… (14) 

Where qk is denotes the total number of instances 

belonging to the class k. 

The next credential mechanism: 
















)(
1

)(
611.0

avgk

k

avgk

k
ii

qqif
q

qqif
q

CL

… (15) 

Here, qavg denotes the average number of instances per 

class. Credential, CLii is assigned to the ith instances. The 

mathematical model of CELM is given below 
2

1

2

2

1

2

1
: i

N

i iiCLCMinimize   


… (16) 

Algorithm 1. CELM Algorithm  

Input: N training instances X = 
T

Nxxx ],.....,,[ 21 , T = 
T

Nttt ],.....,,[ 21  and 2L hidden neurons in total with 

activation function g (x) 

1: Haphazardly create the association weight matrix 

between the information layer and the first covered layer W 

and the inclination matrix of the first hidden layer B and for 

straightforwardness, IEW
is defined as[ B W] and likewise, 

EX
is defined as 

TX ]1[
 . 

 2: Calculate
)( EIE XWgH 

:  

3: Acquire weight matrix between the second covered 

layer and the outcome layer β = TH†
 

4: Compute the normal outcome of the second hidden layer 
†

1 T= H 
 

5: Decide the parameters of the second covered layer 

(association weight matrix between the first and second 

hidden layer and the predisposition of the second covered 

layer)
†

E1

1 )( HHgWHE


 

6: Acquire the real outcome of the second hidden layer 

)(2 EHE HWgH 
  

7: Recalculate the weight matrix between the second 

covered layer and the outcome layer 
THnew

†

2
  

The final output of CELM is 

newH BBXWgWxf ]})({[)( 1
.  

IV. RESULTS AND DISCUSSIONS 

Table 1. Dataset Name, No. of Instances and No. of 

Features 

S.No.  Dataset Name 
No. of 

Instances 

No. of 

Features 

1 blood 748 5 

2 Bupa 345 7 

3 Car 1728 6 

4 contraceptive 1473 9 

5 credit 30000 24 

6 diagnostic 569 32 

7 Ecoli 336 8 

8 Ionosphere 351 34 

9 mammography 961 6 

10 monks - 1 432 7 

11 monks - 2 432 7 

12 monks - 3 432 7 

13 parkinsons 197 23 

14 Pima 768 8 

15 prognostic 198 34 

16 sonar 208 60 

17 spect 267 22 

18 
Tic-Tac-Toe 

Endgame 
958 9 

19 Vert 310 6 

20 yeast 1484 8 

 

Table 2. Predictive Accuracy 
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of the Algorithms 

Dat

aset 

Algorithms 

M

LP 

T

R

EE 

R

BF 

C

BB 
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- 

FLAN

N 

I
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M

C 
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70 
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96 

1 1 1 
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70 
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0.92 

cre

dit 
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87 

0
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0

.86 
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86 
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.94 
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dia
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97 
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0
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95 

0.99 1 1 

eco

li 

0.

99 

0

.99 

0
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0.

99 

0.99 1 1 
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91 

0
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0

.94 

0.

90 

0.96 1 1 
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82 

0

.82 

0

.81 

0.

82 
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.94 

0.97 

mk

s-1 
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0

.96 
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99 

1 1 1 

mk

s-2 

1 0

.68 

0

.71 
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68 

1 1 1 

mk
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1 1 1 1 1 1 1 
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.9 

0

.9 

0.

92 

0.97 1 1 
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77 
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0
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75 
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.8 
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77 
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ar 
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81 
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.79 

0

.83 
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80 
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81 

0
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0

.85 
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82 
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0.97 
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97 

0

.94 
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0.

94 

1 1 1 
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82 

0

.83 

0

.83 

0.

82 

0.87 0

.94 

0.96 

yea

st 

0.

65 

0

.66 

0

.64 
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68 

0.68 0

.81 

0.86 

 
Fig.3. Predictive Accuracy Comparison for the 

datasets 1 to 7 

 
Fig.4. Predictive Accuracy Comparison for the 

datasets 8 to 14 

 
Fig.5. Predictive Accuracy Comparison for the 

datasets 14 to 20 

Table 3. Time Taken by the Algorithms for 

Classification (in milliseconds) 

Da

taset 

Algorithms 

M

LP 

T

REE 

R

B

F 

C

BB 

IGA 

- 

FLANN 

ISV

MC 

APS

O-CEL

MC 

blo

od 

2

396 

2

377 

2

8

3

9 

2

721 

103

2 
649 772 

bu

pa 

2

436 

2

056 

2

4

9

6 

3

193 

194

8 
1123 929 

car 
2

251 

2

157 

2

3

8

5 

2

795 

168

2 
947 644 

co

nt. 

2

157 

2

978 

2

6

3

5 

2

696 

173

2 
902 615 
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4

5

5 

5
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2
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Fig.6. Time Taken for Classification by the Algorithms 

Comparison for the  

datasets 1 to 7 

 
Fig.7. Time Taken for Classification by the Algorithms 

Comparison for the  

datasets 8 to 14 
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Fig.8. Time Taken for Classification by the Algorithms 

Comparison for the  

datasets 15 to 20 

 20 datasets are taken from the UCI machine learning 

repository namely blood, bupa, car, contraceptive, credit, 

diagnostic, ecoli, Ionosphere, mammography, monks – 1, 

monks – 2, monks – 3, parkinsons, pima, prognostic, sonar, 

spect, Tic-Tac-Toe Endgame, vert and yeast. The dataset 

details such as name of the dataset, number of instances and 

number of features are portrayed in the Table 1. The 

implementations are done using MATLAB tool. The system 

configuration is Core I3 processor with 8 GB RAM and 1 TB 

hard disk that runs on Microsoft Windows 8 operating 

system. Performance metrics such as predictive accuracy and 

time taken for classification are obtained. For better visual 

depiction at first 7 datasets are involved in the simulation 

followed up with next 7 datasets and finally with 6 datasets. It 

is evident from the results that the proposed APSO-CELMC 

outperforms all the other algorithms in terms of prediction 

accuracy. Next, we compared the performance of the 

proposed APSO-CELMC in terms of time taken for 

classification. From that results too, it is obvious that the 

proposed APSO-CELMC consumes less time than that of all 

the algorithms. The proposed APSO-CELMC algorithm is 

also compared with our previous works named IGA – 

FLANN [19] and ISVMC [20]. It is significant that 

APSO-CELMC performs better than that of IGA-FLANN 

and ISVMC in terms of predictive accuracy and elapsed time 

for classification. 

V. CONCLUSION 

This part of research work aim in two major data mining 

tasks namely feature selection and classification. An adaptive 

particle swarm optimization is used for performing feature 

selection and credentialed extreme learning machine is 

employed for classification. Twenty datasets are chosen for 

evaluating the efficiency of the classifier using the 

performance metrics predictive accuracy and time taken for 

classification. The obtained datasets are high dimensional in 

nature. Hence the fundamental component of feature 

selection by using particle swarm optimization algorithm 

obtains fitness from extreme learning machine. The results 

are better in terms of the chosen performance metrics.  
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