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Binary Equalization Optimizer Based on
Variable Order Transter Functions to Solve
High Dimensional Feature Selection Problem

Jia-Ning Hou, Yu Liu*, Jie-Sheng Wang, Hao-Ming Song, Yu-Cai Wang

Abstract—Feature selection (FS) is the core concept in the
field of both machine learning and data management. FS can
eliminate irrelevant or partially related features to improve
model performance. Wrapped FS method typically solves the
discrete optimization problems by converting confinuous
values to binary values based on a transfer function. A binary
equilibrium optimizer based on variable-order transfer
function was proposed to solve high dimensional feature
selection problem. Based on the four basic transfer functions of
V-shaped, U-shaped, S-shaped and Z-shaped, eight transfer
functions with varying order are proposed. Based on the
binary equilibrium optimizer, the Relief guided strategy and
the KNN classifier, the wrapped feature selection was realized.
The simulation experiments were divided into two groups by
using 12 medium and high dimensional standard UCI datasets.
The first group analyzes the feature selection effect of 8
transfer functions under variable order parameters. In the
second group of experiments, each winning parameter in the
first group of experiments is selected for comparison. The
experiment results prove that a reasonable setting of the order
of transfer function can obtain better optimization results, and
By analyzing the laboratory data, it can be concluded that the
feature selection performance under $1(0.4), S2(1), Z1(2) and
V2(3) is better.

Index Terms—feature selection, equalization optimizer,
variable order transfer function, discrete optimization

[. INTRODUCTION

T here are various kinds of data in real life, such as
electronic trading data and news report data, which
usually have multitude of functions and many of which are
irrelevant or redundant. It may have a negative impact on
machine learming algorithms, such as increasing model
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learning time and decreasing model accuracy [1]. FS, as a
commonly used data preprocessing method, aims to delete
unrelevant and superfluous features to enhance the model
generalization manifestation [2]. According to the subset
search and evaluation process [3], FS methods can be
divided nto filter [4], wrapper [5] and embedded [6]. The
filter approach does not rely on any learning algorithm, but
on the correlation between conditional features and classes.
Wrapping method deletes or adds features to feature subsets
according to the results of classifier [7]. This process will
consume more resources. The optimal feature subset in FS 1s
proved to be a NP-hard problem [8]. Therefore, for high-
dimensional data, such as a data set with N features, its
search space grows exponentially with the number of
features [9], 1t 1s difficult to obtain the optimal feature subset.
So scholars have designed many search strategies to
improve its efficiency [10]. Since meta-heuristic method has
strong global searching ability, it can quickly find nearly
optimal solution 1n search space, many studies have
proposed meta-heuristic methods (MHO) to solve FS
problems [11], such as african vulture optimization
algorithm (AVOA) [12], particle swarm optimization (PSO)
[13], genetic algorithm (GA) [14], ant colony optimization
(ACQO) [15], simulating annealing (SA) [16], etc.

In machine leaming, discretization is also an important
technique for pre-processing data so as to improve the
performance of algorithms on high-dimensional data [17].
Because many FS methods require discrete data, it is
common practice to discretize the data before performing FS.
In addition, in order to improve efficiency, features are
usually discrete independently (or with one variable) [18].
The premise of this scheme is based on the assumption that
each feature is independent, but when there 1s interaction
between features, this scheme may not be valid. Therefore,
univariate discretization may reduce the performance of F'S
because some information may be lost during discretization
due to the interaction between features. Discretization 1s a
common and efficient data structure. It optimizes complex
data by establishing a one-to-one mapping relationship
between data and storage structure (array) [19]. The most
important point of discretization 1s to establish mappings.
For special line segments and points, these mappings can be
an interval mapping, that is, mapping a line or an area into
an array, so as to reduce the time complexity in calculation
[20]. FS is a typical discrete method. Most of the available
MHOs are not well suited for straightly obtaining solutions
of discrete optimization projects. Effective transfer functions
can solve this problem. It also has many applications in
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practice. Based on the S-shaped and V-shaped transfer
functions, Zhang et al. transform the relief-guided equalizer
algorithm into binary to resolving the FS problem [21]. Papa
et al. mapped real-valued solutions to Boolean hypercubes
with various of transfer functions, and evaluated the binary
brainstorming optimization algorithm (BBSO) in different
scenarios [22]. Faris et al converted the continuous salp
swarm algorithm (SSA) into binary to solve the related FS
problem by use eight transfer functions [23]. Mohamed et al.
studied several V-shaped, S-shaped and U-shaped transfer
functions, combined the transfer functions with the Gray
Wolf optimizer (GWQO), converted continuous variables into
binary variables so as to solve the high dimension FS
problems [24]. Ghosh et al. proposed a new X-type transfer
function to enhance the exploration and exploitation
capability of binary sequence minimum optimization
algorithm (BSMO), which is more effective than other
meta-heuristic algorithms in improving the classification
accuracy [25]. Ghaith et al. used two transfer functions
(Sigmoid function and V-shaped function) to design a
binary strategy optimizer (BPO) to screen highly correlated
genes from gene expression data and solve the FS problem
[26]. Qasim et al. proposes variations of 6 different types of
bat algorithm (BA) (BA-s and BA-V), each of which uses a
transfer function to map solutions from continuous space to
discrete space for implementing FS [27]. With researchers'
deeper exploration of transfer functions, the application of
time-varying transfer functions has received a certain
attention [28]. Researchers transform transfer functions into
state spaces (controllable standard or observable standard),
reconstruct state space matrix through transfer function
coefficients, and realize time-varying transfer functions
through state space [29].

FS consists of filter type, wrapper type and embedded
type according to its relationship with classification model.
Different from filter selection, wrapper feature selection
takes the performance of the ultimate learner is used directly
as an evaluation criterion for the subset of features. In other
words, the aim of the wrapper FS is to select a subset of
features for a given learner that is most "tailored" to its
performance. The wrapper FS method directly optimizes a
given learner. Therefore, from the final performance of the
learner, the wrapper FS performs much superior than the
filter FS. On the other hand, because the learner needs to be
trained many times in the FS process, the calculation cost of
wrapper FS is usually much higher than that of filter FS.
Generally, the wrapper FS method has better classification
performance than the filter FS method, and the feature
subset obtained 1s often more in line with the requirements
of the classifier, and has been widely used in practice. Alagu
et al. uses an improved wrapper FS technique and combines
KNN and SVM for classification [30]. Hoou et al. proposed
an improved wrapper FS technique and integrated it with a
support vector machine (SVM) classifier as a component of
a complete fault diagnostic system for the case research on
rolling bearings [31]. Tran et al. uses wrapper FS to improve
classification performance of incomplete data [32]. Zhang et
al, also used KNN classifier when they studied the feature
selection method based on henry gas solubility algorithm
[33]. Wrapper based feature subset selection (FSS) methods
typically obtain higher classification accuracies than

filtering methods, but they requre additional time,

particularly for applications with several thousand functions,

such as analysis of microarray data [34]. Chang et al

proposed a multi-layer feed-forward neural network (MFNN)
model based on the wrapper approach as the best prediction
for inferring disease susceptibility based on the sophisticated
relationship between osteoporosis and single nucleotide

polymorphism (SNP) in Taiwanese women [35]. Alikhani et
al. proposed a wrapper FS method for accurate detection of
rotating diode rectifier faults in brushless synchronous

generators [36].

Equilibrium optimizer (EO) is a fresh intelligent
algorithm presented by Faramarzi in 2019. It simulates the
process of dynamic mass balance in volume and sets a
concentration balancing pool. The process of dynamic
equilibrium of each concentration towards the equilibrium
pool is the process of population convergence to the global
optimal solution [37]. Contrast that with other swarm
intelligence algorithms, such as genetic algorithm (GA) and
whale optimization algorithm (WOA), it utilizes various
mechanisms for position update and has the characteristics
of simple structure and high flexibility, and has been further
applied by scholars to scheduling optimization and other
engineering problems [38-40]. In this paper, a binary
equalization optimizer based on variable-order transfer
function 1s proposed for high-dimensional feature selection.
Hight transfer functions (three V-shaped, one U-shaped, two
S-shaped and two Z-shaped) are selected and the order of
each transfer function is set Based on the binary
equalization optimizer (BEO), KNN was used as the
classifier and the Relief guidance strategy was used to
conduct two sets of simulation experiments for each transfer
function on 12 medium and high dimensional UCI datasets.

II. BINARY EQUALIZATION OPTIMIZERS

A. Egqualization Optimizer

EO 1is a new intelligent algorithm that shows good
advantages in many test functions compared with the
traditional intelligent algorithms. The equilibrium equations
for mass describe the processes by which mass entered, left,
and was generated in a control volume, which can be
expressed by the first differential equation.

vy _oe _oca (M

dt “
where, V 1s the control volume, C 1s the concentration
in the control volume, ¢ is the volume rate of flow come
or out of the control volume, C.; is the concentration
when the control volume is in equilibrium, G is the mass
generation rate in the control volume, and ¥ {dC/df) is the
mass change rate of the control volume. When it exhibits 0,
it indicates that the control volume is in steady state
equilibrium. Set A =0/V and transform Eq. (1) as:
dc ot

ac, —ac+8 @
-

Let t, and Cp are the original time and concentration
values, respectively. By simultaneously integrating both
sides of Eq. (2), obtain:

Volume 31, Issue 3: September 2023



Engineering Letters, 31:3, EL._ 31 3 44

G
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where, F =expl-A(r—1,)).

Algorithm model is described as follow.

(1) imtialization. Similar to most MHO, the initialization
process of the EO can be showed as:

C‘;mt = Cmm +randx (Cmax B Crmn )’I =L2..n (4)

where, C™ is the initial concentration vector of the 7 -th
individual, Cp;, and Cp. are the lower and upper limit
vectors of individuals, rand, is a random vector in the
scope of [O,IJ, and # is the number of individuals in the
population.

(2) Hstablish a balance pool. The equilibrium state is the
final state where the algorithm converges. In the
optimization process, the function of the equilibrium pool is
to provide candidate solutions for the whole optimization
process. The four individuals with the most fitness values
generated by the current imtialization iteration process and

their average values form the balance pool.

C

ag (32

Ceq poal = {Ceq(l) > C Cﬂiq(“) 2 Cgfi(ﬂve) } (5)

e (2)?

where, C ey = Coyny +Coyry T Cogisy = Cogay?/ 4 - The

five individuals in the equilibrium pool that are likely to be
selected as the solution to the optimization process have the
same probability, that is, all of them are 0.2.

(3) Exponential term. Exponential term is an important
part of algorithm update, which can be expressed as:

—_

F= efz(f*fn) (6)

where, ;1: 15 a random vector between 0 and a, and the
variable ¢ i3 defined as a function that declines with each
iterations, namely:

fter

(IZM ”
J - G

Iier
t=|1-———————
Max _iter

where, Ifer and Max_iter are the current iteration times
and the maximum iteration times, and &, 1is a constant,
generally taking 1.

To ensure the convergence of the algorithm and improve
the search and utilization ability of the algorithm, consider:

;(;:é]n[f alsign(;O.S{lej‘tDH (8)
A

=where, @, is a constant, generally setas 2 and ; isa
random vector between |0)1]. Substitute Eq. (8) into Eq. (6)
to get:

} = alsign(;—O.SIe’-’% —1} (9
{4) Generation rate.
(10)

G- Oek(t—rn)

For a more manageable and more systematic searching
pattern, k=2 . The exponential term denived before is
introduced, and the generation rate is described as:

—h_—b -/T..(iffu) _—b—b
G=Gye =G, F an
e oy ——— | 057l 2 GP
G, = GCP(CquAC),GCP: (12)
0,r, <GP

where, 4 and %, are the random numbers between [0,1],
and GF is the generatrix probability, which is generally
0.5. To sum up, the final update formula of the balance
optimizer 1s described as:

d-c 6T JF L F)
g eg Piia

(13)

where, the value of I is generally equal to 1.

B. Binary Equalization Optimizer

Binary equalizer optimizer algorithm is obtained by using
transfer function based on the currently obtained optimal
value and position vector. Through the above two ways, the
continuous search space of the basic EO algorithm 1s
converted into discrete binary search space, which can
broaden the scope of EO so as to be widely used to solve
discrete problems. Fig. 1 is the flowchart of the binary
equalization optimizer (BEO). It can be seen from Fig. 1
that the first step is to initialize the population, and then
determine whether the number of iterations is less than the
maximum number of iterations. If not, return to the best
value and end the algorithm; If yves, go on to the next step,
calculate the fitness function value of each particle and
update the parameters and concentration. Then update the
elements by 'S calculation probability in the next iteration
and compare the results with the transfer function to be
compared. Select the required probability value and then the
number of iterations add one for the next probability update.

III. BEO BASED ON VARIABLE ORDER TRANSFER
FuNCTIONS TO SOLVE HIGH-DIMENSIONAL FEATURE
SELECTION PROBLEM

A. Transfer Function

The first step in the design is to initialize the population.
That is, each particle generates a random binary vector
XI(i = 1,2,...N) in the population , where N is the size of
the population. For each d -th dimension of the i -th
particle, the probability of a binary value O or 1 is 0.5. If it is
greater than 0.5, it is 1, otherwise it is 0. The use of transfer
functions 1s one of the most efficient ways to convert a
continuous algorithm to a binary algorithms for the reasons
explained in the above narrative. Next, eight transfer
functions are used to transform sequential EO to binary.
Table 1 shows the expressions of eight transfer functions,
and Fig. 2 shows the schematic diagram of eight transfer
functions. Eq. (14)-(15) are two typical V-shaped transfer
functions, and Eq. (16) is one typical U-shaped transfer

function.
10x7 ”
A _le =1
Tl(X‘ )_ { 107 ]

e M +1

(14)
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Fig. 2 Eight kinds of transfer functions.

TABLE 1. EXPRESSIONS OF EIGHT TRANSFER FUNCTIONS

Serial Serial

umber Name Expression umber Name Expression
m 1
X V1 ¢9% -1 5 s1 —
(m) 0% 1 (m) L&
(m=0)
1
V2 52
2 (m) 1-sech™(10x) 6 (m) l+e ™%
(m=0)
m
" V3 X 7 Z1 yl-m*
(m) Lo x? (m) (1)
4 Ulm) ‘xm‘ 8 (22) 1-m*
m (0<m<1)
x¢
T,(x!)=|| —— (15)
1+(X)
T, (X )= || (16)

where, X7 denotes the position of the i-th particle in the
d-th dimension in the EO, and X, 1is calculated by Eq.

to update an element of solution in the
next iteration

(13). The actual particle concentration 1s renewed by the

probability values gotten in Eq. (14)-(16).
—X? Ifrand <TIX ¢

g { = : (17)

UL X I rand = TX

With Eq. (17), we can find that if the random number is
less than the probability in Egs. (14)-(16), the d-th
dimension of the original individual is negative; Otherwise,
it remains the same. Hq. (18)-(20) are the typical V-type,
S-type and Z-type transfer functions, respectively, where
X7 is signified as above and X, is calculated from Eq.
(18)-(20).

T, (X)=1-sech”Q0X;) (18)

1
14e ™ {19)

To(x8)=v1-m™ (20)

The information about the current particle concentration
is updated based on the probability values derived from Egs.

(18)-(20).

T (de ):
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P L If rand < T\X a1
0 rand = TIXE

where, X 2, denotes the d-th dimensional factor of particle
concentration in the next iteration, and rand 1s a random
number in the range of [0,1]. Through Eq. (18) and Eq. (21),
the continuous variables are successfully mapped to binary
variables.

B. Variable Ovder Transfer Functions

Next, the parameter order of eight transfer functions is
introduced. Five orders are set for V1, V2, V3 and U
according to the upper and lower limits of each function
and the parameter setting of X, etc., and four orders are set
for S-shaped transfer functions and Z-shaped transfer
functions. Fig. 3 shows the transfer functions with variable
order and its schematic diagram. Then, based on BEO
algorithm, the eight transfer functions are simulated and
tested on 12 medium and high dimensional data sets, and
the order most suitable for each transfer function is
obtained.

C. K-Nearest Neighbor Algorithm

K-Nearest Neighbor (KNN) is one of the simplest
algorithms n data mining classification technology. The
principle of implementation of KNN classification
algorithm 1s abbreviated as follows. In order to identify the
class of the anonymous sample, the distance between the
anonymous sample and all already known samples is
calculated by using all known samples as reference, {rom
which the K known samples with the closest distant from
the anonymous sample are selected. According to the
minority-majority voting rule, the unknown sample and the
K nearest samples are categorized into one class.

D. Fitness Function

The fitness function of an individual is non-negative, and
the larger the fitness value, the better the individual 1s. The
objective function has positive and negative, and there are
many kinds of relations between them. For example, when
the objective function is the smallest, the larger the
adaptive value 1s, and when the objective value 1s the
largest, the larger the adaptive value 1s. The key point that
affects the degree of convergence of the algorithm and the
ability to find an optimal solution is the choice of the
fitness function, since the heuristic 1s directly based on the
fitness function during the search. Since the complexity of
the fitness function 1s a major component of the heuristic
complexity, the design of the fitness function should be as
simple as possible with minimal computational time
complexity. The fitness function for feature selection is
designed as follows:

M|

fitness = hyy, (D)+hzm (22)

where, P/R(D) represents the classification error rate
corresponding to the feature subset currently selected by
the classifier, |M represents the number of currently
selected features, || | 1s the total number of features, and
fy and #, are two weight coefficients reflecting the
classification rate and length of the subset, satisfying
m+hy, =1 and A4 and  are set to 0.99 and 0.01,
respectively.

IV. EXPERIMENTAL SIMULATION AND RESULTS
ANALYSIS

In this section, the proposed BEO with variable-order
transfer function 1s tested to solve the high-dimensional
feature selection problem, and the experimental results are
analyzed. The performance of the proposed model will be
tested on 12 datasets selected from UCI machine learning
databases, and two groups of control experiments are set up.
Firstly, the BEO algorithms based on vanable-order
transfer functions are compared, and the each transfer
function with optimal parameters is selected for comparison
again. Subsection 4.1 describes the experimental
parameters and subsection 4.2 describes the datasets for the
experiments. Subsection 4.3 gives the performance criteria
used to evaluate the models. Finally, Subsection 4.4
presents the analysis of the results and their comparison
with other feature selection algorithms.

A. Description of Classification Datasets

Twelve high-dimensional datasets are selected from UCI
for classification research. Table 2 lists the details of these
high-dimensional datasets.

B. FExperimental Parameter Setlings

In this study, K-nearest neighbor (KNN) algorithm with
Euclidean distance and K=5 is used to calculate the
classification accuracy as fitness function To prevent
over-fitting, the data set is divided into training and testing
samples as follows. In the first iteration, 80% of the feature
vectors are used for to train and the remaining 20% are
used for to test. Next, another 20% of the feature vectors
are used for testing and the remaining 80% are used for the
traiming. This process 1s repeated until all the feature
vectors are used to test the proposed algorithm. Finally, the
average measurement of statistics 1s collected over 30
separate runs and displayed as the resulting results.

The population size of the algorithm is set to 10, the
maximum number of iterations 1s 100, and the dimension of
search space is equal to the total number of features. In the
EO algorithm, set parameters a1=2, ¢2=1 and GP=0.5.

C. Feature Selection Performance Evaluation Index

When the results of feature selection are evaluated and
interpreted, measurement standards are often used. Here,
the evaluation indexes such as average value, standard
deviation, average calculation time and average number of
features are used. The classification accuracy is calculated
by the following standard.

N
Accuracy = %Z match(Pl,, A1) (23)
-1

where, N tepresents the number of testing set points, P
is the predicted data point, Al is the actual class in the
labeled data, and maichlPL, AL} is a comparison

discriminant function. When Pl = 4],
match(Pl, AL )=1 otherwise match(Pl,, Al )=0

|Selectec§%atures€ount‘

tress = 0.99%(1 - Accuracy )+ 0.01 %
A ( ) [TotaifeaturesCount|

(24
where, Accuracy is obtained by Eq. (23).
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Fig. 3 Schematic diagram of variable order transfer functions.
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TABLE 2. INFORMATION OF DATASETS

Datasets Features Instances Classes Datasets Features Instances Classes
Arrhythmia 279 452 3 COIL20 1024 1440 20
Brain Tumorl 5920 90 5 DataMatrix 1024 165 15
Brain Tumor2 10367 50 3 DLBCL 5469 77 2
Breast3 4869 95 2 DrivFace 6400 606 3
Yale 1024 165 15 Lung discrete 325 73 9
Cancer 12600 203 4 Lymphoma 4026 96 9

D. Comparison and Discussion of Simulation Results

In order to verify the order varying performance of the
eight transfer functions, two sets of controlled experiments
were carried out and the comparison of the performance of
the eight different order transfer functions was analyzed. Tn
the first group, 12 groups of experiments were simulated
based on the EO in order to verify the validity of the
proposed transfer function order. These eight groups of
transfer functions are V1, V2 and V3 of the V-type transfer
functions, and U-type, S-type and Z-type transfer functions.
The second group of experiments is to select the transfer
function with the best order in the first group, and continue
the simulation experiment on the EO algorithm to select the
transfer function and parameters with the best effect. EO
algorithm adopts binary version.

(1) Solve Feature Selection Problems Based on FEight
Transfer Functions with Different Parameters

1) V1-shaped transfer functions

Five parameters of 0.1, 0.5, 1,3 and 5 are set in the
V1-shaped transfer function, and the simulation results are
shown in Fig. 4. Table 3 shows the average adaptation
and standard deviation of the algorithm, and Tables 4 and
Table 5 show the average running time and the number of
selected features, respectively. In these tables, the best
results are highlighted in bold. In Table 3, V1(5) got the
best average adaptation value and standard deviation of
adaptation, the average adaptation value got the lowest
value in 12 data sets, and the standard deviation of
adaptation got the lowest value in 9 data sets, which wins
with absolute advantage. The second 1s V1(0.5), which
achieved the best standard deviation of fitness on three data
sets. V1(0.1), VI(1) and V1(3) have the lowest effect. In
Table 4, there 1s no doubt that V1{5) has the best effect, and
it also wins with absolute advantage in 12 data sets. At the
same time, it can be seen from the data that the effect is
better with the increase of the order, and the data values are
not much different, so it can be concluded that the higher
the order, the better the effect. In Table 5, V1(5) is the best
in six data sets, followed by V1(3) and V1{0.1), which are
the best in four data sets and two data sets respectively, and
V1{0.5) and VI1(1) were 0.

2) V2-shaped transfer functions

Five parameters, 0.5, 0.7, 1, 1.5 and 3, are set in
V2-shaped transfer function. The simulation results are
shown in Fig. Table 6 shows the average fitness and
standard deviation of the algorithm, and Tables 7 and Table

8 show the average running time and the number of
selected features respectively. In these tables, the best
results are highlighted in bold. In Table 6, V2{3) got the
best average fitness value and standard deviation of fitness,
the average fitness value got the lowest value in four data
sets, and the standard deviation of fitness got the lowest
value in six data sets. The second is V2(0.5), which
achieved the best standard deviation of fitness on six data
sets.

V2(0.7), V2(1) and V2(1.5) have little difference, and
the effect is average. In Table 7, V2(3) has the best effect,
which also wins with absolute advantage in 10 data sets,
followed by V2(1), which is the best in two data sets. In
Table 8, V2(3) 1s the best in eight data sets, followed by
V2(1) and V2{1.5), all of which are the best in one data set,
and V2(0.5) and V2(0.7) were 0. It is obvious from Fig. 5(j)
that V2(0.5) and V2(0.7) converge most rapidly.

3) V3-shaped transfer functions

Five parameters, 0.3, 0.5, 1, 2 and 3, are set in the V3
transfer function. The simulation results are shown in Fig. 6.
Table 9 shows the average fitness and standard deviation of
the algorithm. Table 10 and Table 11 show the average
runnming tme and the number of selected features,
respectively. The best results are marked in bold. In Table 9,
the average fitness value of V3(0.3) 1s the best in 10
datasets and standard deviation is the best in & datasets i.e.
V3(0.3) 1s the best. The next best is V3(3) which has the
best mean fitness in two data sets and its standard deviation
of fitness 1s the best in five data sets, thus it 1s the second
best. The rest of V3(0.5), V3{(1) and V3(2) are
approximately the same. In Table 10, V3(2) has the best
performance with the lowest values in the seven datasets. It
1s followed by V3(3) with the best performance on five
datasets and the other three parameters are 0. In Table 11,
V3(3) wins by a wide margin and achieves the best
performance on 11 datasets. As can be seen from the
convergence plot of the transfer function in Fig. 6, the
majority of the data sets V3(0.3) and V3(0.5) are at the top,
and some of them even show convergence values at the
beginning, which is extremely unstable and poor
performance. In summary, V3{2) is the best of the five
parameters.

4) U-shaped transfer functions

Five parameters, 2, 3, 5, 7 and 10, are set in the
U-shaped transfer function. The simulation results are
shown in Fig. 7. Table 12 shows the average fitness and
standard deviation of the algorithm, and Tables 13-14 show
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the average running time and the number of selected
features respectively. The best results in these tables are
highlight in bold. In Table 12, the standard deviations of
fitness of U(2) and U(10) are the best in six data sets, U(5)
and U(7) are the best in three data sets, and U(3) 1s zero.
From the average value of fitness, U (2) is the best on all 10
data sets, and U (3) is the best on 3 data sets. According to
the average time in Table 13, U(10) got the fastest result in
nine data sets, followed by U(7) and U(5) getting the best
value in two or one data sets, respectively. According to the
average of the selected features in Table 14, U(10) 1s also
the best in 9 data sets, followed by U{7) in 3 data sets.
Therefore, U{10) can be selected if the convergence time is
fast, the number of selected features is large, and the
average fitness is not particularly good. As can be seen
from Fig. 7, the convergence curves of five parameters are
similar in most data sets, but U(2) is always above other
parameters and unstable. To sum up, the best parameter is
U(10).

5) S-shaped transfer functions

S-shaped transfer functions are divided into S1-shaped
and S2-shaped transfer functions. Four parameters of 0.4,
0.5, 0.7 and 1 are set for S1-shaped and S2-shaped transfer
functions. The simulation results are shown in the
following Fig. 8 and Fig. 9. Tables 15 and Table 18 show
the average and standard deviation of the fitness of two
algorithms. Tables 16-17 and Table 19-20 show the average
of different transfer functions running times and the
number of selected features, respectively. In S1 transfer
function, seen from Table 15, the fitness average under
S1{(0.4) 1s the best in five data sets, S1{0.5) is the best in
four data sets, S1{0.7) 1s the best in five data sets and S1(1)
1s the best in ten data sets.

For adaptation standard deviation, S1(0.5) and S1(1)
achieved best results on 10 and 9 datasets respectively,
while the remaining S1(0.4) and SI1{0.7) achieved best
results on 6 and 5 datasets respectively. From Table 16-17,
$1{0.4) 1s the best in terms of time and number of features,
with 8 data sets and 7 data sets respectively, while S1{0.5)
15 the second best, with 4 and 3 data sets respectively. From
the convergence curves of Fig. 8§, the SI(1) curve is
extremely unstable, sometimes above and sometimes below
other parameter curves. It can be seen from Fig. 8.(i)-(})
that the overall parameters converge quickly. To sum up,
the parameter 0.4 is the best for S1. Among the S2 transfer
functions, seen from Table 13, the fitness average under
S2(0.4) is the best in six data sets, S2(0.5) is the best in
nine data sets, S2(0.7) is the best in six data sets, and 52(1)
is the best in five data sets. For the standard deviation of
fitness under S2(0.5) and S52(0.7), seven data sets are the
best, and the remaining S2(0.4) and S2(1) are the best. Seen
from Table 16-17, 52(1) is the best in terms of time and
number of features, with 6 and 11 data sets, and S2(0.7) is
the best in average time with 5 data sets. To sum up, the
parameter 1 1is the best for S2.

6) Z-shaped transfer functions

The Z-shaped transfer functions are divided into
Zl-shaped and Z2-shaped transfer functions. Four
parameters, 2, 5, 8, 10 and 0.1, 0.3, 0.5 and 0.6, are set for
Z1 and Z2 respectively. The simulation results are shown in

Fig. 10 and Fig. 11. Table 21 and Table 24 show the
average fitness and standard deviation of two algorithms.
Table 22-23 and Table 25-26 show the average running
time of different transfer functions and the number of
selected features respectively.

Among the 71 transfer functions, seen from Table 21,
the fitness average under Z1(2) 1s the best in 12 data sets by
absolute advantage. As for the standard deviation of fitness ,
The best performance was achieved on 10 datasets under
Z1(10), both Z1(2) and Z1(5) on 4 datasets, and the
remaining Z1{(8) on 3 datasets. According to Table 22-23,
Z1(2) achieved the best results in 9 data sets in terms of
time, and 4 data sets achieved the best results in terms of
the number of features. However, in terms of the number of
features selected in Table 23, all parameters have optimal
values, and the distribution is relatively average. To sum up,
the parameter 2 is the best for Z1-shaped transfer functions.
Among the 7Z2 transfer functions, seen from Table 24, the
fitness average and standard deviation Z2(0.6) are the best
mn 10 data sets and 12 data sets, and the fitness standard
deviations of Z2{(0.1), 7Z2(0.5) and Z2(0.3) are the best in 5,
4 and 3 data sets respectively. Seen from Table 23-26,
Z2(0.6) is the best in terms of time and number of features,
with 12 and 11 data sets respectively. It can be clearly seen
from Fig. 11 that the curve of Z2(0.1) is unstable. To sum
up, the parameter 0.6 is the best for Z2-shaped transfer
functions.

(2) Solve Feature Selection Problems Based on Eight
Transfer Functions with Optimal Parameters

In this section, the optimal parameters of eight transfer
functions are selected for carring out simulation
experiments, and the 12 middle and high-dimensional data
sets are selected. The results are evaluated based on the
mean and standard deviation of the fitness, the number of
selected features and running time. Fig. 12 shows the
convergence curves for each of the eight algorithms, and
Table 27-29 shows the statistical data results. Through the
analysis of the data in these tables, from the average value
of fitness, V2(3) has the best performance, with the lowest
value in all seven data sets. Followed by $1(0.4), the lowest
values are in five data sets. Followed by V1(5) and Z1(2),
all are four data sets. From the standard deviation of fitness,
S1(0.4) and S2(1) are the best, with the minimum values of
9 and 8 data sets, respectively, and the other six transfer
functions have little difference. It can be seen from Table
28 that Z1(2) has the fastest running time, with absolute
advantage, and 12 data sets are the best. In Table 29, Z1(2)
and V3(2) are the best in the number of selected features.
Through the analysis of the above data, S1{0.4), S2(1),
Z1(2) and V2(3) perform better.

V. CONCLUSION

By analyzing the order parameters of eight transfer
functions, the transfer function converts the continucus
search space in EO to a binary search space and establishes
a good balance between exploration and utilization of the
binary search space, which is significant for enhancing the
performance of I'S. Through the experimental comparison
on 12 UCI datasets, through the analysis of classification
accuracy and feature reduction rate, two groups of
simulation experiments are carried out.
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Fig. 8 Simulation results under S1-shaped transfer functions.
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Fig. 9 Simulation results under S2-shaped transfer functions.
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Fig. 10 Simulation results under Z1-shaped transfer functions.
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Fig. 12 Simulation results under eight kinds of transfer functions.
TABLE 3. AVERAGE AND STANDARD DEVIATION OF ACCURACY V1-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER
Datasets Measures V1(0.1) V1(0.5) VI1(1) V1(3) VI1(5)
. avg 0.7163 0.7059 0.6952 0.6948 0.6867
Arrhythmia
std 0.0130 0.0133 0.0108 0.0126 0.0089
. avg 0.9000 0.9093 0.9019 0.8926 0.8889
Brain Tumorl
std 0.0226 0.0272 0.0239 0.0141 0.0000
. avg 0.9233 0.9200 0.9133 0.9100 0.9067
Brain Tumor2
std 0.0430 0.0407 0.0346 0.0305 0.0254
avg 0.6842 0.6842 0.6825 0.6754 0.6719
Breast3
std 00000 0.0000 0.0096 0.0199 0.0226
il avg 0.6909 0.6899 0.6879 0.6828 0.6717
ale
std 0.0147 0.0172 0.0213 0.0154 0.0140
avg 09992 1.0000 1.0000 1.0000 0.9992
Cancer
std 0.0046 0.0000 0.0000 0.0000 0.0046
avg 0.9983 0.997¢ 0.9968 0.9961 0.9951
COIL20
std 0.0018 0.0016 0.0022 0.0022 0.0022
. avg 0.6111 0.6081 0.5909 0.5859 0.5788
DataMatrix
std 0.0240 0.0238 0.0191 0.0216 0.0122
avg 0.9778 0.9733 0.9600 0.9756 0.9356
DLBCL
std 0.0320 0.0332 0.0332 0.0327 0.0122
. avg 0.9884 0.987¢ 0.9868 0.9851 0.9835
DrivFace
std 0.0041 0.0042 0.0041 0.0034 0.0000
. avg 0.8976 0.8976 0.8929 0.8762 0.8619
Lung discrete
std 0.0360 0.0360 0.0409 0.0321 0.0181
avg 0.8526 0.8509 0.8509 0.8456 0.8421
Lymphoma
std 0.0214 0.0199 0.0199 0.0134 0.0000
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TABLE 4. AVERAGE CALCULATION TIME OF V1-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets V1(0.1) V1(0.5) V(1) V1(3) V1(3)
Arthythmia 10.0064 9.7087 96858 98162 9.6243
Brain Tumorl 19.6963 18.5607 18.2900 17.9872 16.7890
Brain Tumor? 23.5781 22.1801 21.9086 22.0553 21.6423
Breast3 18.0015 174976 172110 16.8634 16.5916
Yale 9.2496 9.1835 89151 8.7876 8.5487
Cancer 754134 722311 68.2708 63.5299 60.4801
COIL20 144.5315 140.3265 135.7718 122.8624 116.5039
DataMatrix $.9939 8.7488 86223 83254 8.1656
DLBCL 16.1390 15.3187 15.0190 14.9876 14.5478
DrivFace 128.6035 107.6543 99.6017 90.4255 77.8444
Lung discrete 5.2972 5.2899 52429 52513 52413
Lymphoma 143716 134724 12.9902 12.7698 12.4384

TABLE 5. AVERAGE NUMBER OF SELECTED FEATURES OF V1-3HAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets V1{0.1) V1{0.5) V1) V1{3) V1i5)
Arthythmia 230.8333 221.6667 220.8000 211.9667 207.0667
Brain Tumorl 3302.8333 3159.7667 2819.0333 2696.8333 2466.4667
Brain Tumor2 5754.8000 5289 4000 5304.7000 4960.0333 5092.1000
Breast3 2861.5000 2798.9000 2727.7000 2649.9667 2556.4667
Yale 629.5333 709.7333 7153333 641.0333 635.0667
Cancer 8853.6000 8206.7333 76453000 7106.5000 6790.0333
COIL20 653.2667 702.6333 7013000 642.6000 648.2000
DataMatrix 637.2333 6934667 699.1000 645.7333 6433667
DLBCL 2709.1667 2511 4667 27337667 2287.0667 2516.2667
DrivFace 32044333 2761 5000 2392.1333 2065.2000 1937.1000
Lung discrete 166.1333 162.9000 150.6667 141.4333 1492667
Lymphoma 2063.6000 1911 2667 1855.4333 1782.7000 1746.4667

TABLE 6. AVERAGE AND STANDARD DEVIATION OF ACCURACY V2-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets Measures V2(0.5) V2(0.7) V2(1) V2(1.5) V2(3)
. avg 0.6948 0.7074 0.7074 0.7259 0.7307
Arrhythmia
std 0.0191 0.0153 0.0153 0.0125 0.0188
. avg 0.7926 0.7981 0.7981 0.7944 0.7870
Brain Tumorl
std 0.0250 0.0399 0.0309 0.0390 0.0211
. avg 0.9033 0.9067 0.9000 0.9100 0.9000
Brain Tumor2
std 0.0183 0.0254 0.0000 0.0305 0.0000
avg 0.6421 0.6386 0.6404 0.6456 0.6509
Breast3
std 0.0255 0.0182 0.0199 0.0237 0.0258
Yal avg 0.7293 0.7313 0.7333 0.7434 0.7455
ale
std 0.0177 0.0173 0.0201 0.0206 0.0204
avg 1.0000 1.0000 1.0000 1.0000 1.0000
Cancer
std 0.0000 0.0000 0.0000 0.0000 0.0000
avg 0.9843 0.9868 0.9867 0.9880 0.9890
COIL20
std 0.0030 0.0032 0.0030 0.0028 0.0027
. avg 0.5374 0.5384 0.5495 0.5465 0.5586
DataMatrix
std 0.0177 0.0172 0.0248 0.0169 0.0272
avg 0.9622 0.9689 0.9667 0.9600 09756
DLBCL
std 0.0336 0.0338 0.0339 0.0332 0.0327
. avg 0.9556 0.9562 0.9565 0.9570 0.9562
DrivFace
std 0.0046 0.0044 0.0048 0.0050 0.0049
. avg 0.9429 0.9405 0.9429 0.9452 0.9595
Lung discrete
std 0.0360 0.0307 0.0291 0.0271 0.0291
avg 0.8614 0.8561 0.852¢6 0.8491 0.8474
Lymphoma
std 0.0258 0.0237 0.0214 0.0182 0.0161
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TABLE 7. AVERAGE CALCULATION TIME OF V21-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets V2(0.5) V2(0.7) V(1) V2(1.5) V2(3)
Arrhythmia 6.9431 6.9080 6.8045 6.8504 6.8190
Brain Tumorl 16.3448 16.0910 15.2483 15.7220 14.9512
Brain Tumeor?2 18.6106 18.3511 16.9116 18.0540 16.9700
Breast3 14.1108 13.9804 13.2109 13.5212 12.7242
Yale 72314 7.2280 6.9967 6.9877 6.7970
Cancer 56.5779 55.8413 52.2627 50.9473 47.4751
COIL20 77.8699 75.7297 72.9639 701432 65.4979
DataMatrix 7.1679 7.0557 6.7972 6.9010 6.4669
DLBCL 134571 13.2223 12.4550 12.9249 122709
DrivFace 71.8315 62.5805 59.8968 521910 45,6085
Lung discrete 4.6058 4.5879 4.5189 4.5213 4.4959
Lymphoma 11.5857 11.2496 10.5130 10.7811 10.0240

TABLE 8. AVERAGE NUMBER OF SELECTED FEATURES OF V2-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets V2(0.5) V2(0.7) V2(1) V21 .5) V2(3)
Arrhythmia 239.2667 236.7333 232.8000 233.5333 219.6333
Brain Tumorl 2511.8667 2682.4667 2507.7667 2621.8000 2641.0000
Brain Tumor? 5001.3333 4866.1667 5191.9333 4683.3000 51714333
Breast3 2232.9333 2447.0333 2462.7333 2331.0000 22959333
Yale 773.8667 795.0667 761.3000 733.7000 674.8000
Cancer 7899.6000 8072.7667 7552.2667 6910.1333 6834.9667
COIL20 716.8000 701.2667 673.3000 696.3333 657.8000
DataMatrix 660.1000 686.1000 635.1667 639.9000 612.1667
DLBCL 2283.7333 2108.3000 2109.8333 23874333 2028.6333
DrivFace 1041.2667 997.8333 1112.6000 1169.0667 900.1000
Lung discrete 166.4333 156.1333 152.8333 152.5333 139.5000
Lymphoma 1877.4000 1771.7000 1699.6333 1603.0667 1403.6000

TABLE 9. AVERAGE AND STANDARD DEVIATION OF ACCURACY V3-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets Measures V3(0.3) V3(0.5) Vi) V3(2) V3i(3)
. avg 0.7456 0.7767 0.7989 0.7785 0.7585
Arrhythmia
std 0.0150 0.0207 0.0158 0.0204 0.0239
. avg 0.7907 0.7963 0.8444 0.9278 0.9315
Brain Tumorl
std 0.0239 0.0337 0.0423 0.0465 0.0348
. avg 0.9000 0.9000 0.9100 0.9500 0.9633
Brain Tumor2
std 0.0000 0.0000 0.0305 0.0509 0.0490
avg 0.6596 0.6825 0.7035 0.824¢6 0.8316
Breast3
std 0.0267 0.0293 0.0293 0.0444 0.0321
Yal avg 0.7626 0.7879 0.8444 0.8111 0.7859
ale
std 0.0277 0.0252 0.0273 0.0283 0.0224
avg 1.0000 1.0000 1.0000 1.0000 1.0000
Cancer
std 0.0000 0.0000 0.0000 0.0000 0.0000
avg 0.9926 0.9955 0.9985 0.9935 0.9903
COIL20
std 0.0031 0.0028 0.0018 0.0022 0.0033
. avg 0.5646 0.6091 0.6848 0.6778 0.6293
DataMatrix
std 0.0292 0.0359 0.0378 0.0313 0.0344
avg 0.9667 0.9822 0.9978 1.0000 1.0000
DLBCL
std 0.0339 0.0300 0.0122 0.0000 0.0000
. avg 0.9573 0.9579 0.9647 0.9683 0.9697
DrivFace
std 0.0054 0.0045 0.0048 0.0049 0.0045
. avg 0.9667 0.9643 0.9833 1.0000 0.9929
Lung discrete
std 0.0362 0.0363 0.0307 0.0000 0.0218
avg 0.8596 0.8825 0.8842 0.8912 0.8947
Lymphoma
std 0.0252 0.0226 0.0214 0.0134 0.0000
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TABLE 10. AVERAGE CALCULATION TIME OF V3-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets V3{0.3) V3{0.5) Vi(l) V3(2) V3(3)
Arrhythmia 6.8220 5.9041 5.1100 5.1073 45718
Brain Tumorl 14.5373 13.1793 10.6973 9.2510 9.1681
Brain Tumor2 17.0242 15.8670 14.1953 13.0417 13.0771
Breast3 13.1032 11.6260 92628 8.1621 8.1925
Yale 6.6324 6.1226 54494 5.1636 5.2026
Cancer 48.5127 39.8851 28.9024 19.5624 18.1206
COIL20 59,9892 44,7737 19.3277 9.5177 8.4365
DataMatrix 6.6450 6.1271 54510 5.1382 5.2636
DLBCL 12.7328 11.3609 9.5328 8.9365 9.0310
DrivFace 48.5804 35.1392 205347 12.0890 11.2807
Lung discrete 4.6007 45226 44618 4.3229 44818
Lymphoma 104158 94589 82125 7.7338 7.6499

TABIE 11. AVERAGE NUMBER OF SELECTED FEATURES OF V3-SHAPED TRANSFER FUNCTIONS WITH DIFFFRENT ORDER

Datasets V3(03) V3(0.5) V31) V3(2) V3({3)
Arrhythmia 193.0333 114.6667 31.0667 10.0000 6.8000
Brain Tumorl 2818.0000 2581.0333 1523.8000 256.5333 122.4333
Brain Tumor?2 5171.4333 5182.4667 47794667 2920.2000 2179.7000

Breast3 2178.1333 1914.6667 1185.6000 1094667 26.9000
Yale 613.6667 500.5333 161.3667 71.1667 68.9333
Cancer 6698.9333 5954.9667 4929.9667 3422.8000 36446667
COIL20 613.0333 475.6333 189.5000 98.0000 89.8000
DataMatrix 610.4667 454.5667 147.5000 35.8333 31.7667
DLBCL 23737333 1989.7333 1410.6333 969.6333 601.3667
DrivFace 900.0667 983.1000 588.3667 169.8667 892333
Lung discrete 139.6667 130.5000 105.0667 51.6000 37.3667
Lymphoma 16053667 872.2333 §48.3333 4664667 256.5667

TABLE 12. AVERAGE AND STANDARD DEVIATION OF ACCURACY U-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets Measures U u3) u(s) u7 U¢10y
. avg 0.7859 0.7785 0.7815 0.7778 0.7748
Arrhythmia
std 0.0177 0.0184 0.0176 0.0177 0.0160
. avg 0.9370 0.9278 0.9352 0.9333 0.9333
Brain Tumorl
std 0.0192 0.0259 0.0211 0.0226 0.0226
. avg 0.9000 0.9000 0.9067 09167 0.9367
Brain Tumor2
std 0.0000 0.0263 0.0365 0.0379 0.0490
avg 0.8649 0.8737 0.8772 0.8965 0.9105
Breast3
std 0.0383 0.0428 0.0422 0.0403 0.0501
Yal avg 0.7657 0.7949 0.7990 0.7960 0.7929
ale
std 0.0355 0.0371 0.0377 0.0373 0.0299
avg 0.9950 0.9967 0.9992 0.9992 0.9992
Cancer
std 0.0102 0.0086 0.0046 0.0046 0.0046
avg 0.9954 0.9969 0.9981 0.9978 0.9976
COIL20
std 0.0039 0.0029 0.0022 0.0023 0.0023
. avg 0.7091 0.7313 0.7414 0.7434 0.7505
DataMatrix
std 0.0334 0.0371 0.0362 0.0335 0.0441
avg 0.9733 0.9978 0.9978 1.0000 1.0000
DLBCL
std 0.0332 0.0122 0.0122 0.0000 0.0000
. avg 0.9821 0.9832 0.9835 0.9832 0.9835
DrivFace
std 0.0031 0.0015 0.0000 0.0015 0.0000
. avg 1.0000 1.0000 1.0000 1.0000 1.0000
Lung discrete
std 0.0000 0.0000 0.0000 0.0000 0.0000
avg 0.8982 0.9000 0.9035 0.9070 0.9000
Lymphoma
std 0.0134 0.0161 0.0199 0.0226 0.0161
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TABLE 13. AVERAGE CALCULATION TIME OF UJ-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets u¢2) Uy u¢s) 18[€))] u(10)
Arrhythmia 5.5289 5.1297 5.0550 5.0070 4.8564
Brain Tumorl 10.0219 10.0797 9.7364 9.5685 9.4768
Brain Tumor?2 14.1522 14.2695 13.7683 13.6402 13.4947
Breast3 10.1158 9.8846 94230 9.1949 8.9461
Yale 5.7952 5.6056 54187 54363 5.3170
Cancer 291778 24.6007 21.8422 20,1330 201154
CQIL20 23.9041 17.6930 12.8439 12.5754 12.0118
DataMatrix 5.8891 5.7141 5.5380 54698 5.3890
DLBCL 10.1041 9.7454 9.3311 93008 91284
DrivFace 2013926 16.6078 14.1362 13.9091 13.0630
Lung discrete 4.4932 4.5083 4.4825 45327 4.4935
Lymphoma 26064689 8.8218 83243 81449 8.1906

TABLE 14. AVERAGE NUMBER OF SELECTED FEATURES OF U-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets u¢2) U3 U(s) U7 uao

Arrhythmia 97.2000 56.5333 47.0667 49.0000 37.7333
Brain Tumorl 836.0333 940.5000 662.3667 445.3333 470.2000
Brain Tumor2 2051.9667 3100.8333 2671.0667 1441.0667 1541.2667
Breast3 1449 1667 1170.9667 1033.0000 7304000 535.5333
Yale 254.3000 165.6667 137.6333 120.3000 106.1667
Cancer 3928.6333 2578.1000 1995.4000 1861.2667 1802.9000
COIL20 214.6667 151.1000 100.4000 101.7667 90.4333
DataMatrix 363.5000 263.3667 182.1667 162.0000 126.5333
DLBCL 1425.0333 864.1000 618.4667 661.6667 483.5667
DrivFace 355.1000 255.8333 159.4667 180.1333 141.4000
Lung discrete 128.7000 115.9333 111.4000 112.3333 102.3333
Lymphoma 933.5333 1086.6333 707.8000 690.2000 947.0000

TABLE 15. AVERAGE AND STANDARD DEVIATION OF ACCURACY S1-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets Measures 51(0.4) 51(0.5) 51(0.7) S1(1)
) avg 0.7285 0.7244 0.7226 0.7219
Arrhythmia
std 0.0081 0.0074 0.009% 0.0074
) avg 0.8333 0.8333 0.8333 0.8333
Brain Tumorl
std 0.0000 0.0000 0.0000 0.0000
) avg 1.0000 1.0000 1.0000 1.0000
Brain Tumor2
std 0.0000 0.0000 0.0000 0.0000
avg 0.5807 0.5807 0.5842 0.5772
Breast3
std 0.0096 0.0096 0.0161 0.0096
val avg 0.6323 0.6303 0.6293 0.6212
ale
std 0.0132 0.0123 0.0130 0.0154
avg 0.9858 0.9883 0.9875 0.9842
Cancer
std 0.0126 0.0127 0.0127 0.0123
avg 0.9907 0.9898 0.9899 0.9895
COIL20
std 0.0019 0.0016 0.0017 0.0023
) avg 0.8172 0.8182 0.8182 08182
DataMatrix
std 0.0055 0.0000 0.0000 0.0000
avg 0.9000 0.8933 0.9067 0.8778
DLBCL
std 0.033% 0.0332 0.0332 0.0253
. avg 0.9752 0.9752 0.9747 09749
DrivFace
std 0.0000 0.0000 0.0021 0.0015
. avg 1.0000 1.0000 1.0000 1.0000
Lung discrete
std 0.0000 0.0000 0.0000 0.0000
avg 0.8947 0.8947 0.8947 0.8947
Lymphoma
std 0.0000 0.0000 0.0000 0.0000
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TABLE 16. AVERAGE CALCULATION TIME OF S1-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets $1(0.4) $1(0.5) $1(0.7) S1{1)
Arthythmia 8.6974 $.6398 8.9945 9.4607
Brain Tumorl 17.7851 53.3223 17.8607 19.0214
Brain Tumor2 21.8602 23.9264 24.3559 227005
Breast3 16.1885 16.2435 16.8333 16.9799
Yale 8.5695 $.5396 8.7126 3.8468
Cancer 2051.4451 59.6437 62.3242 65.0957
COIL20 99,6747 102.3630 1064430 113.8696
DataMatrix 8.1610 8.2184 8.3754 8.5933
DLBCL 15.0457 15.3636 15.1901 15.8713
DrivFace 122.8547 125.2881 1294459 133.9335
Lung discrete 5.4436 54352 5.4823 5.4490
Lymphoma 12.7002 12.8936 13.1291 12.9594

TABIE 17. AVERAGE NUMBER OF $SFELECTED FEATURES OF 51 -5HAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets 81{04) 81{0.5) S1(0.7) S1(1)
Arrhythmia 151.6000 157.5000 1592667 173.9000
Brain Tumorl 3195.7333 3158.7667 3260.5667 3305.5667
Brain Tumor?2 5239.4000 5175.7000 5352.9000 5485.7333
Breast3 2590.0000 2609.1000 2692.4333 27204667
Yale 552.9333 555.9333 579.1667 603.5667
Cancer 6658.8000 6741.7000 6908.9667 7191 3667
COIL20 566.0333 570.1000 597.2000 646.7667
DataMalrix 558.4333 583.1333 601.0000 637.3333
DLBCL 2889.9333 2913.3000 3009.1333 3007.6000
DrivFace 3362.1333 3353.7333 3360.0667 3371.8667
Lung discrete 162.5333 164.6667 160.9667 162.1333
Lymphoma 2009.7667 2010.6000 20046333 2019.5000

TABLE 18. AVERAGE AND STANDARD DEVIATION OF ACCURACY S2-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets Measures 52(0.4) 52(0.5) S52(0.7) 52(1)
) avg 0.7293 0.7281 0.7285 0.7311
Arrhythmia
std 0.0122 0.0112 0.0123 0.0125
) avg 0.9444 0.9444 0.9444 0.9444
Brain Tumorl
std 0.0000 0.0000 0.0000 0.0000
) avg 0.9000 0.9000 0.9000 0.9000
Brain Tumor2
std 0.0000 0.0000 0.0000 0.0000
avg 0.5789 0.5754 05772 0.5789
Breast3
std 0.0000 0.0134 0.0096 0.0000
val avg 0.6394 0.6313 0.6323 0.6313
ale
std 0.0184 0.0161 0.0173 0.0140
avg 1.0000 1.0000 1.0000 1.0000
Cancer
std 0.0000 0.0000 0.0000 0.0000
avg 0.9826 0.9833 0.9838 09841
COIL20
std 0.0026 0.0019 0.0017 0.0018
) avg 0.6202 0.6172 06273 0.6263
DatalMatrix
std 0.0191 0.0149 0.0254 0.0184
avg 0.9356 0.9356 0.9333 0.9356
DLBCL
std 0.0122 0.0122 0.0000 0.0122
. avg 0.9356 0.9356 0.9333 0.9356
DrivFace
std 0.0015 0.0000 0.0000 0.0000
. avg 0.8571 0.8571 0.8595 0.8595
Lung discrete
std 0.0000 0.0000 0.0130 0.0130
avg 0.8947 0.8947 0.8947 0.8947
Lymphoma
std 0.0000 0.0000 0.0000 0.0000
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TABLE 19. AVERAGE CALCULATION TIME OF S2-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets S52(0.4) 52(0.5) 52(0.7) 52(1)
Arrhythmia 10.0137 103718 9.7721 9.5397
Brain Tumorl 25.2235 246536 23.2143 24.0214
Brain Tumor2 25.0988 485432 61.1031 24,1136
Breast3 210.0697 14.2212 1565.5358 14.5153

Yale 7.9021 7.8911 7.7968 7.8436
Cancer 52.0975 50.8768 50.0268 208.8021
COIL20 75.9089 73.5495 71.0210 69.4660
DataMatrix 7.4080 7.2988 7.2344 7.3589
DLBCL 13.8587 13.8058 14.1131 13.6369
DrivFace 1135735 110.2149 103.4522 98.7530
Lung discrete 6.9176 5.6304 5.5763 5.6732
Lymphoma 13.3435 13.2121 13.0040 12.5508

TABLE 20. AVERAGE NUMBER OF SELECTED FEATURES OF S2-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER
Datasets 82(04) 82(0.5) 82¢0.7) S2(1)

Arrhythmia 128.8333 121.1333 118.6000 113.6667
Brain Tumorl 2959.0000 2952.9000 2963.2333 2958.1000
Brain Tumor2 4879.9667 4755.4000 4516.2000 4356.4000
Breast3 2250.5667 2232.2000 2076.8667 1994.1333
Yale 460.4667 459.7000 439.5667 422.3000
Cancer 6032.5333 5970.7333 5637.4000 5203.4000
COIL20 468.2000 458.4333 444.0000 420.1000
DataMatrix 471.0333 460.7333 4384333 419.9000
DLBCL 2527.3667 2436.3667 2356.7667 22009667
DrivFace 2978.7333 2945.6333 2792.8333 2680.2000
Lung discrete 155.2000 157.7667 1478667 142.3333
Lymphoma 1979.8333 1999.3000 1978.3000 1953.4333

TABLE 21. AVERAGE AND STANDARD DEVIATION OF ACCURACY Z1-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets Measures Z1(2) Z1(5) Z1(8) Z1(10)
) avg 0.7400 0.7496 0.7578 0.7593
Arrhythmia
std 0.0243 0.0186 0.0219 0.0188
) avg 0.8556 0.8574 0.8574 0.8741
Brain Tumorl
std 0.0277 0.0316 0.0316 0.0324
) avg 0.9367 0.9433 0.9400 0.9500
Brain Tumor2
std 0.0490 0.0504 0.0498 0.0509
avg 0.8035 0.8281 0.8193 0.8211
Breast3
std 0.0413 0.0364 0.0383 0.0327
val avg 0.6576 0.6677 0.6717 0.6707
ale
std 0.0289 0.0218 0.0299 0.0261
avg 0.9783 0.9817 0.9783 0.9792
Cancer
std 0.0109 0.0112 0.0086 0.0095
avg 0.9861 0.9877 0.9882 0.9889
COIL20
std 0.0036 0.0038 0.0038 0.0032
) avg 0.7192 0.7394 0.7374 0.7293
DataMatrix
std 0.0263 0.0271 0.0291 0.0251
avg 1.0000 1.0000 1.0000 1.0000
DLBCL
std 0.0000 0.0000 0.0000 0.0000
. avg 0.9755 0.9782 0.9791 0.9796
DrivFace
std 0.0046 0.0041 0.0042 0.0042
. avg 0.9571 0.9619 0.9714 0.9714
Lung discrete
std 0.0356 0.0362 0.0356 0.0356
avg 0.8807 0.8877 0.8930 0.8912
Lymphoma
std 0.0274 0.0182 0.0168 0.0134
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TABLE 22. AVERAGE CALCULATION TIME OF 71-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets Z1(2) Z1{3) Z1(8) Z1(10)
Arthythmia 3.8793 4.5178 44190 4.6197
Brain Tumorl 10.2357 10.5365 10.4483 10.5867
Brain Tumer2 15.9258 16.1955 16.5199 16.4689
Breast3 9.5146 9.8580 104056 10.4571
Yale 59108 6.1531 6.1763 6.1751
Cancer 21.2547 223052 19.4990 19.2644
COIL20 11.3455 11.5546 11.7892 12.1022
DataMatrix 6.1012 6.2252 63255 6.3350
DLBCL 10.2980 10,6718 11.0813 11.2504
DrivFace 6544569 836.7949 649.3362 321.5003
Lung discrete 59879 6.3336 63711 6.3564
Lymphoma 9.7485 9.4507 15.1543 9.6570

TABLE 23. AVERAGE NUMBER OF SELECTED FEATURES OF 7,1 -SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets 71(2) Z1(5) Z1(8) 21(10)
Arthythmia 16.6333 12.8667 9.6667 13.0000
Brain Tumorl 29.0000 42,5333 50.2000 41.8000
Brain Tumor2 338.2000 373.9667 553.4000 441.3667
Breast3 31.5000 35.1667 92.9333 74.0000
Yale 61.0667 47.2000 44.3000 45.3000
Cancer 934.3333 1565.9333 1014 2667 1388 4667
COIL20 178.0667 133.9667 106.6333 103.1667
DataMatrix 218.9000 183.3667 159.4667 176.2333
DLBCL 510.7333 §24.2333 980.4000 §84.7333
DrivFace 51.4667 42.7667 546667 12.4667
Lung discrete 95.1667 83.7667 72.5333 66.2667
Lymphoma 729.6000 401.9667 373.5667 406.9667

TABLE 24. AVERAGE AND STANDARD DEVIATION OF ACCURACY Z2-SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets Measures 72(0.1) 22(0.3) Z22(0.5) 7.2(0.6)
) avg 0.7881 0.7900 0.7870 0.7707
Arrhythmia
std 0.0231 0.0265 0.0226 0.0205
) avg 0.8833 0.8852 0.8815 0.8741
Brain Tumorl
std 0.0224 0.0289 0.0241 0.0250
) avg 0.9467 0.8967 0.8833 0.8467
Brain Tumor2
std 0.0571 0.0414 0.0379 0.0507
avg 0.7596 0.7070 0.6825 0.6175
Breast3
std 0.0837 0.0766 0.0776 0.0436
val avg 0.6889 0.6899 0.6747 0.6616
ale
std 0.0210 0.0172 0.0224 0.0196
avg 0.9950 0.9900 0.9867 0.9825
Cancer
std 0.0102 0.0125 0.0127 0.0134
avg 0.9998 1.0000 1.0000 0.9997
COIL20
std 0.0009 0.0000 0.0000 0.0011
) avg 0.7707 0.7727 0.7758 0.7172
DataMatrix
std 0.0294 0.0295 0.0507 0.0368
avg 1.0000 1.0000 1.0000 1.0000
DLBCL
std 0.0000 0.0000 0.0000 0.0000
. avg 0.9865 0.9862 09810 0.9780
DrivFace
std 0.0063 0.0066 0.0058 0.0055
. avg 0.8952 0.8738 08714 0.8619
Lung discrete
std 0.0449 0.0307 0.0291 0.0181
avg 0.8947 0.9000 0.8947 0.8982
Lymphoma
std 0.0000 0.0161 0.0000 0.0134
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TABLE 25. AVERAGE CALCULATION TIME OF 72 -SHAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets 72(0.1) 72(0.3) 22(0.5) 7.2(0.6)
Arthythmia 7.9527 6.9671 63489 6.3135
Brain Tumorl 16.1238 15.0012 14.2775 13.7086
Brain Tumor? 231420 21.6340 20.2809 20.0120
Breast3 13.7774 12.7404 12.5550 12.2201
Yale 8.7485 8.0694 74255 7.1968
Cancer 524622 42.0850 35.7052 30.4605
COIL20 98.1444 61.6817 40.5303 29,0802
DataMatrix 8.2284 7.6070 7.0778 7.0208
DLBCL 16.7148 15.8641 14.4593 14.0524
DrivFace 81.5533 61.3869 41.1234 34,9165
Lung discrete 5.7831 57287 5.8038 5.6853
Lymphoma 11.8768 11.7373 11.3391 11.0751

TABLE 26. AVERAGE NUMBER OF SELECTED FEATURES OF 7,2-3HAPED TRANSFER FUNCTIONS WITH DIFFERENT ORDER

Datasets 22(0.1) 22(0.3) 22(0.5) £2(0.6)
Arrhythmia 131 8000 64.4333 25.1667 16.8333
Brain Tumorl 1739.5333 1498.2333 1457.3667 1164.3333
Brain Tumor2 3822.0333 3451.1000 2282.6667 1596.1000

Breast3 926.9000 602.1000 439.2667 212.5667
Yale 516.5000 371.2333 2222667 164.1000
Cancer 4425.5667 4030.7000 2995.0667 2644.8667
COIL20 537.5333 370.6000 255.0667 204.6333
DataMatrix 478.6000 234.8000 114.7667 756333
DLBCL 2669.4333 2548.9667 2341.6333 2223.8667
DrivFace 1303.9667 1111.2333 687.3667 572.6667
Lung discrete 107.1333 101 5667 1142667 75.3000
Lymphoma 872.4667 1143.6667 1064.2000 937.8000

TABLE 27. AVERAGE AND STANDARD DEVIATION OF ACCURACY OF TRANSFER FUNCTIONS WITH OPTIMAL ORDER

Datasets Measures V1 (5) V2(3) V3i(2) uqQo) S1(0.4) S2(1) Z1(2) 22(0.6)
. avg 0.7196 0.6715 0.7548 0.7630 0.7022 0.7052 0.7056 0.7663
Arrhythmia
std 0.0188 0.0225 0.0137 0.0168 0.0094 0.0133 0.0220 0.0158
. avg 0.9444 0.9444 0.9481 0.9500 0.9444 0.9444 0.9481 0.9463
Brain Tumorl
std 0.0000 0.0000 0.0141 0.0170 0.0000 0.0000 0.0141 0.0101
. avg 0.9367 0.9533 1.0000 1.0000 0.9700 1.0000 1.0000 1.0000
Brain Tumor2
std 0.0504 0.0507 0.0000 0.0000 0.0466 0.0000 0.0000 0.0000
Breastd avg 0.5982 0.5965 0.8000 0.7982 0.5789 0.6070 0.7772 0.7579
reas
std 0.0293 0.0252 0.0487 0.0619 0.0000 0.0267 0.0430 0.0612
val avg 0.6404 0.6283 0.6889 0.7121 0.6495 0.6576 0.6556 0.7091
ale
std 0.0154 0.0158 0.0238 0.0284 0.0153 0.0141 0.0258 0.0352
c avg 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
ancer
std 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
COIL20 avg 0.9961 0.9947 0.9969 0.9968 0.9965 0.9965 0.9921 0.9966
std 0.0012 0.0018 0.0014 0.0009 0.0000 0.0000 0.0020 0.0011
. avg 0.8071 0.7747 0.8192 0.8485 0.8030 0.8051 0.7657 0.8434
DataMatrix
std 0.0186 0.0206 0.0232 0.0211 0.0173 0.0153 0.0327 0.0240
DLRCL avg 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
std 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DrivE avg 0.9893 09876 0.9917 0.9917 0.9835 0.9837 0.9917 0.9917
riviace
std 0.0039 0.0042 0.0000 0.0000 0.0000 0.0015 0.0000 0.0000
. avg 0.8500 0.8524 0.8952 0.8714 0.8571 0.8571 0.8667 0.8714
Lung discrete
std 0.0218 0.0181 0.0449 0.0291 0.0000 0.0000 0.0449 0.0346
avg 0.8386 0.8211 0.8789 0.8702 0.7930 08018 0.8491 0.8737
Lymphoma
std 0.0237 0.029¢ 0.0245 0.0301 0.0134 0.0226 0.0229 0.0262
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TABLE 28. AVERAGE CALCULATION TIME OF § KINDS OF TRANSFER FUNCTIONS WITH DIFFERENT ORDERS

Datasets VI1{5) V2(3) V3i(2) u{10) 51(0.4) S52(1) Z1(2) 7.2(0.6)
Arrhythmia 9.0589 9.6961 6.0759 6.1637 8.2689 7.5322 3.9243 6.0648
Brain Tumorl 19.0380 203577 13.3769 14.3012 17.2137 15.9268 11.9390 15.1411
Brain Tumor2 21.6088 229133 16.157¢ 16.9008 20.3317 19.2482 15,4773 17.1265
Breast3 14.7945 16.7088 10.3248 10.4054 14.7244 13.5379 8.5143 10.8777
Yale 8.3428 89553 6.1518 6.3418 7.7038 7.2778 5.6984 6.4090
Cancer 52.0689 60.9499 27.8807 31.2169 51.9085 43.6910 19.7554 33.5309
COIL20 117.1537 138.3974 23.0051 353184 87.9767 65.8160 12.4311 34.6746
DataMatrix 84885 9.0294 6.1967 6.4263 7.6559 7.2244 5.7974 6.3912
DLBCL 15.9847 17.2955 11.3050 12.1044 14.5701 13.4919 9.7614 12.1888
DrivFace 93.3069 130.7950 22.1837 24.1756 1157979 95.0033 13.4231 33.0218
Lung discrete 54727 55218 52215 5.2895 54500 5.4018 4.1335 5.2861
Lymphoma 12.7513 13.9385 9.5479 9.7337 12.9947 11.9819 8.9862 10.0400
TABLE 29. AVERAGE NUMBER OF SELECTED FEATURES OF 8 KINDS OF TRANSFER FUNCTIONS WITH DIFFERENT ORDERS
Datasets VI1(5) Va(3) V3i(2) u(1o) S1¢0.4) sS2(1) Z1(2) 72(0.6)
Arrhythmia 208.6667 228.2000 9.8333 21.8000 1499333 1126333 15.5000 14.8667
TE;?E;I 3022.3000 3149.9333 2604.2333 2461.3333 3000.3000 2922.2667 2596.8667 2747.8667
T]‘irrfllg;z 4807.6000 4656.1333 1656.9000 2210.0000 5492.7000 4247.1000 780.9000 2132.6667
Breast3 1910.0333 1990.8333 71.7667 165.0000 2513 4667 2092.5333 13.5000 347.8000
Yale 633.9000 629.5000 93.0667 128.2333 554.0667 4156333 105.8667 1255333
Cancer 6287.7333 6308.6000 6283.8333 6290.6333 6307.8000 6306.2667 6305.6667 6303.4667
COIL20 645.4667 665.7000 227.1333 286.3667 5593000 423.6667 422.2000 3014667
DataMatrix 685.3000 728.2333 139.2000 188.3000 568.5000 422.6000 274.3333 156.0000
DLBCL 2937.0667 33644333 2034.5333 2068.8000 2848.9667 2430.6667 1621.1667 1924.8667
DrivFace 1762.2000 2081.2667 554.7000 486.5000 3230.2000 3063.4333 259.1667 672.8667
Lung discrete 133.3333 150.8333 47 4000 72.4000 1748333 131.0000 32.8667 64.5667
Lymphoma 993.8000 1276.0000 273.8333 3329333 2025.4000 1911.4333 168.8000 399.9667

In the first group, the differences of eight groups of
transfer functions are simulated in EO and the data are
analyzed. In the second group of simulation, the parameters
with the best performance in each group of transfer
functions are put together for simulation again. Finally, the
conclusion that S1(0.4), S2(1), Z1(2) and V2(3) perform
better is drawn. It opens up a new way of thinking to solve
the feature selection problem with variable order transfer
function, and a large number of experimental simulations
and data analysis provide strong evidence for the final
conclusion. As the future research direction, it is planned to
study the dynamic adjustment of transfer function
parameters, for example, some new transfer functions
related to iteration times or optimization indexes are
proposed to enhance the development effect of optimization
algorithm.
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