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ABSTRACT
In record classification, not all available attributes might be both useful and relevant. Hence rl_ze neeq
feature selection arises. Over the years, the Machine Learning community has used a numbelf’ of algorig,
Jor feature selection. One of such algorithms is Genetic Algortihm (GA). Recently, these algorz.!!zms have |
a fall in performance due to growth in data dimensionality and sample size. This calls for eﬁon; 0 enfy,
the performance of this algorithm to meet the current trends. Given that the performance of GA heg
depends on the parameter values used and genetic operators applied, it is pertinent Lo improve |
performance of GA by improving the genetic operators. To this end, this work introduced new gey
operators (crossover and muitation) of the GA to be used in Feature Selection (FS).The efficiency of
proposed algorithm was measured using Exireme Learning Machine (ELM) with Cleveland datase
University of California Irvine Machine Learning repository. The result shows a proniising improveniey
performance. The proposed algorithm is particularly important in siluation of rime constraints (online
and low computation power availability.
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learning algorithm. This can be mathemalic

INTRODUCTION expressed as; :

With the growth in both data dimensionality and :

sample size due to the emergence of fields such as minz = ((m :).mu —f(w.))
bioinformatics (Xianlong et al, 2013), “the omics™ ’

(Tong er al., 2015) and the falling cost of data ST, - % %W, % € X

capture and storage; FS has proven to be an

indispensable procedure in machine learning, Where n! & m! is the factorial of n and

Furthermore, data is collected for various purposes
and for use with different algorithms. These data
might end up been used in different processes and
with different algorithms, hence the need to select
features which are compatible with the target
algorithms. In essence the two major problems
associated with redundant and irrelevant features
are:

» Unnecessary computational cost
e Overfitting

Thus to prevent these, only useful and relevant
features must be used in ML. the task of FS is: given
a dataset with n attributes, to find a set of m distinct
attributes which provide best performance of the
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respectively, f{w) is the measure of goodness ol
classification algorithimn.
For binary classification problem, ™C,, can}
simplified to 2™. Where n is the total number
attributes in the dataset. Therefore for a dataset Wl
100 attributes, there are 2199 or 1.2677
10%%ifferent combinations. This makes

application of metaheuristic search inherent. Thi§
because

I. - They are less computationally expensive:
2. Only search promising areas of the 54
there by reduce complexity.

Therefore, this work intends to further enhance®
performance of GA which is a metaheuristic 1€
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mutalion to the GA. INg a special crossover and
Record _Class_ification is the lask of

recor.ds into classes based on some kO Categorizing
rraining dataset (Dash and Liy, lgnown (labeled)
different - algorithm  and ""iodelgm' There are
classification some of which are Stai' used for
and Kenneth, 2012) neural network (]t/sltma] (Haleh
200'8‘,}, kernel based classifier (Tong e:a and Huag
decision trees Bir and Yingiang 2003) al., .2015),
mode}s (Xllaobng et al., 2013) etc. Tl ¥ SSEmble
classification is divided into - The process of

. -
'i‘arte:mt\glpha‘se- dataset is classified into
_.goucs‘l_aa;\cd on attributes values and

glass _condmo_nal probabilities of the re:cords

in the training data., In this phase, the
learning algorithm learns a mapping ,from
the attribute space to the class space as
follows: ‘ l

f(attributes) — class

In th_e process of learning the induction
algorithm tends to optimize the parameters
as best as possible on the given data this
leads to overfiting. This is more probable in

_ a case where the data observations are few
and the attributes (include redundant and
irrelevant attributes ) are much or where the
model parameters are many (Muthanantha
and Ramakrishnan, 2004). For example in a
medical records classification where the
patient 1D is included as an attribute, an
over tuned learning algorithm may conclude
that the medical condition been modeled is
associated with the patient 1D (Dash and
Liu, 1997). This is the main reason why all
irrelevant and redundant attributes must be
discarded form the dataset before starting
the process of training. There are differf:nt
approaches used for feature selection which
were earlier discussed in this wor’k‘

asgociated with the

Another problem _
the compuratlonal

training ~ phase is :
complexity and convergence of learning

algorithm. Learning algorithms such as GD
(Dash and Liu, 1997) which use thf: back
propagation training methods take time tO
train and to converge this is because 'the
value of parameters are tuned onq at ume
which requires more time to achieve. To
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overcome this, Guang-Bin Huang proposed
the ELM which is a SLFN with minimal
parameter tuning for faster training time.
This is because the weight connecting the
input nodes and’ the hidden layer are sel
once and never updated. A model of ELM

can be expressed as
7 = BH where H = (Wi %¢)

Where h is some activation function (usually
sigmoid, radial basis, Gaussian, Logistic or any
other binary or bi-polar function for classification or
linear function in the case of regression) W is vector
of weights connecting the input and hidden layer
and W, is the vector of weights connecting hidden
layer and the output layer. In a dataset of N
observations with samples (xiyi) 1s assumed.
Where x; € R%and y; € {1, 2., ¢} and c is the total
number of different classes. A binary variable is
used to encode the target T. Here, T is the vector of
class tags where T=1 if and only if y; = j (thal is the
instance | is a member of class j) Else 7;=0. In the
case of a bi-class classification problem, a single
output variable is enough since membership o a
class can be expressed using a threshold. Therefore

. M
BN OEDWRICED
k=1

From an algebraic point of view, the problem is that
of calculating the least square of the following
matrix equation above. The model bias may be
represented by concatenating a | 10 cach %
appending 2 column of !'s to the matrix H.
Therefore, the activation can be further written as

N .
Z Bl-hf(wi.xj + bl) = O}
i=1

Where b; is the threshold of the i™ hidden node.
f w;and x;,

Hence, W;.Xi represent the inner product 0
this can be expanded as

http://mambillajse.org /webmail
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H(Wf - Wy bi b v
sy e O, Xy ...xN)
" h(W].xf: -+ bl) o h(Wl.xi f"'b1)

B

Lh(wy. x5+ by) ... h(wy. x5 + by) R
5] tf

=1 & anch:

T
'BN Nxm r"NT: Nx M
* The prediction phase- in this phase the
mapping function or transformation learned
in the training phase is used to categorize
new data instances into the established
classe_s based on the attribute values of the
new. data instances. For prediction to be
successful, the features and class
distribution of both the training and

prediction data samples must be the same.

ELM was used in (Tong et al, 2015) for the
identification of Erythematic Squamous Skin
~disease. Due to the close clinical features of the
diseases, other classification algorithms perform
poorly on this problem. In contrast, ELM performed
astoundingly better with an accuracy of 84.74% as
opposed to other methods such as the classical ANN
which reported an accuracy of 77.26% on average
based on the UCI Etythematic dataset. However, the
study noted that ELM performs slightly better when
the percentage of training sets decreases with an
increase in the testing sets which is a rare ability.

Banupriya and  Karpagavalli, 2015  used
Electrocardiography (ECG) signal to detect cardiac
disease using ELM classifier. The study compared
the performance of ELM and Relevance Vector
Machine (RVM) on MIT-BIH dataset. The result
showed the superiority of the RVM on unprocessed
dataset and vice versa on a processed. Finally, the
research suggested the use of ELM in a situation
where (1) data preprocessing can be performed, (2)
where speed is of higher importance and learned
model need to be understandable. While RVM is
better applied in a situation where; preprocessing
cannot be performed, speed is of low or no
importance in the learning process and model
comprehengibility is of low or no importance.

Muthanantha and Ramakrishnan, 2014  proposed
Optimized Extreme Learning Machine (OELM) for
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the classification of En.cephalogram (EEG 4
emphasis on epileptic seizure detection, Ty S{.
showed . that the speed and accuracy
conventional ELM was enhanced by "a“king
neurons using Minimum_ Redundancy Maxin\;'
Relevance (MRMR) algorithm and selection UIT
most relevant neurons thergby rcducl.ng the o)
the ELM and the computanpnal. requiremen; 5
model in general. This reduction there by 'Oalr
speed and accuracy of the learned 'mode]‘ The %
observed that ELM needs more hidden nodeg i
Backpropagation methods but much less thap S
Furthermore, ELM models tend to have Prob,
when irrelevant (uncorrelated) and redung
variables are present in the training set.

( Tong et al., 2015; Haleh, 2012 ) Useq a distriby
ELM with Mapreduce framework which can ¢,
the shortage of the conventional ELM ;,
learning ability in huge dataset is weak. The g,
found out that most expensive computational pyy,
the ELM is the Matrix Moore-Penrose gener);
inverse operator in the output weight veg
calculation. Due to generalization performap
rapid training speed and little parameter tun
ELM has demonstrated it is indispensable in |
area of online or real time classification of hy
dataset. However, the study noted that the propas
method can only be applied in a situation where!
matrix multiplication is decomposable and |
corresponding output weight vector can be centl
computed.

Xiaolong et al., 2013 used ELM for a study onl
diagnosis Attention-Deficit/Hyperactivity Disor
(ADHD). They studied the effects of data volu
on the performance of both SVM and ELM on!
classification of which parts of the brain ¢
associated with ADHD. The result showed |
ELM achieved 90.18% accuracy compared to SV
which achieved 86.55%. The -research noted
speed and accuracy of the ELM algorithm 4
minimal interference requirement. In conclusion, I
research proposed the use ELM in reall
examination of ADHD. - l

The remaining part of this work is structures'
follows: section 2 introduce the proposed algorilh!
section 3 gives the experimental setup, results ¥
discussion, Finally section 4 gives conclusiof a
recommendation. ;
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As in the conventional GA, the “

pegins DY C{‘cgl'ing a pODUIﬂlitﬁroposed method
.encrated m.dmduals_ Then thes .‘1. nr ‘randomly
cvalllil(cd using a fitness, afler lh:; individuals are
croSSQ"’c" and_mulalion; a special normal elitism,
selection which uses the clilepr9cc§s ’of parent
erformed to select individuals into thlndmgiuais is
Then, the special crossover and m ¢ mating pool,
applied to these individuals toulalmn are this
olfsprings. ) generate new

To ensure we retain the randomness of

special mutation  generates a ]‘iiu the GA, the
offspring of the next gcnerationepﬂut?bcr o
crossover and mutation are only 5 l‘rd ermore,
individuals- to encourage greediﬂile to_ slite
algorithm. In addition, the minimum resfl. of ic
gerve ‘25 parent 15 averaged ovcrqllfmxi?l tI0
population. This procedure is gilltails. For 1(;3;,
CECAUSE B 250 only interested in alleles which have
higher relationship with target class. Therefore, onl
alleles agreed upon by elite iricividuals arﬁ
considered as important. ‘

atire Selection

/"
N’ Individuals
overall N’ Individuals
Population
N’ Individuals
I
Figurc 1: Gencration of individ
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t some criteria aré
in order to
ations hence,
d algorithm.

or individuals that mee
sent to the next generation
preserve good traits over gener
the name elitism. In the proposeé
N’ (a parameter pass Lo the algorithm or the
f:onvenlional elitism rate might be used)
individuals are selected as elite individuals
to the next generation.

Conventional Crossover and Mutation —
next, the conventional crossover and
mutation which is the process of individuals
generation  through recombination ~ and
alteration is used to generate N number of
individuals in the next generation. Hence, 2
good crossover and mutation operations are
required for a better performance.

Special Crossover and Mutation — The
remaining  (N'") individuals in  the
population are generated using the proposed
crossover and mutation operalions which
will is discussed in the next section. This
operation  produces fitter  individuals
because the elite individuals and voting

Through Elitism

Through Conventional Crossover
and Mutation

Through Proposed Crossover
and Mutation

uals in a population

mechanism are used to generate individuals
at the same time average population fitness
is used for performance measurement 10
prevent premature convergence. Therefore,
the composition of the next generation al
any iteration can be diagrammatically

represented as in figure 1:

http://mambillajse.org Jwebmail
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Formulation  of e New  Individual

o ZQA’ “-Jith a population of N individuals where :
each individual jg composed of M alleles, then this Start

population can be represented as a matrix of NXM

dlmeqsm_n' The fitness of each individual is denoted
be_(mdw,.J, the fitness required to be considered as Generate Initial Population of N
A good parent is denoted as f,, the average fitness in - -
the population is denoted by F,. indiv,:/{indiv,) = v
5 are selected to undergo the special crossover and " Fitness Evaluation
mutation to create a new individual. That is to say [
out of N individuals, N’ good individuals K
(those with fitness > j;,) are selected for selection
the proposed reproduction. The value of
Jf¢1s obtained using l,
Whgie ixiSFa: SRSt 0, 1] \;.f}icllz Conveéntional Elitism, Crossover & Mutatiqﬂ\
sﬂigniﬁcs the relevance of the average y
fitness in the process and Fo, 15 the Select {Ch,:F(cha)>Fa} -
average fitness in the population and is
given by ' l
Foe= Zif(ndivy) Modified Crossover and Mutation
" (3.2) : Operation
If g=1 then, f, will be equal to F,,. The New chromosorpe creat_gd based on
reason for selecting g [0, 1] is to ensure alleles information

that the whole search space is been ‘L
explored. After obtaining the minimum : - '
requirement to be selected as a parent New Population
(i.e. F., and f, ), the sum of 1’s alleles l

across both horizontal and vertical .
directions of the matrix (NXM) is Classitiar (ELV)
obtained. The sum of alleles in the il
horizontal direction serves as indicator of
the number of alleles which should be
present in the new individual and is
obtained as

Fitness Evaluation

Stopping
Criteria
Met?

L=hX L, (3:3) No

Where L is the number of 1’s in the parent % is a
constant [0, 1] and L, is the average 1's alleles in
the horizontal direction and is given as
L = Eﬁ“:l {'TI .

{H‘g N
(3.4)
Where L, is the sum of occurrences of 1°s alleles in

the horizontal direction which represents the number

of attributes selected by an individual and is given | o
by :

Lu=2§1=1 anm (3'5)

Report Resu}t
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allele § bealin the generated of;:;n Ir-le‘s classifier accunlac[;1 cs.‘:nfunctlc;n whsch ::f:]ihcc;:]ll):mcd
PR and finally, the Pf(;poszdpg;g;:?;ir w.as‘ aéldcd to

1C
:;:::I defl ned by

the GA and the performance was evaluated. The

M
5 ) et Fom (3.6
6)
el evaluation metri ; , : i (1)
reated offspring will b ' rics used in this work include
e’ from the hi : € composed of 1 ale]e Accuracy of the classifier (2) Convergence of the
selcctcd (;omcj <13 ighest constant V,, Iy ;ICS algorithm  (3) Average' individual fitness 4)
, individual is consi m M=110 M. W : 53
gingle ! onsidered for mutation u‘;inz i‘l‘f'ers;éyb of individuals (5) Number of features
) selected by best individual.

it flip mutation where a single allele with

f one standard deviation below the a b,-}’aluc
salue bEIOW Lav 1s flipped from a 7.‘3:)%“ (e 1
enerate another individual. More ig\div‘tjo alto
gcneratcd by repeating this procedure fo: ulslds e
alleles with one value below L, until t} a thcr
number of N is obtained * e required

In the example above, L., =7 a .
the new individual will lqairc 7 1":1[}61!1613%‘; OHen.CC’
get these alleles we use the biggest vcr{ica] ;ll;;lto
which are found at m=13, 12, 6, 10, 9, 2, 3 Wiff]
values 9.8, 8,7, 7, 7, 6 respectively, these a]'lcles are
then ranked based on V,, and the top [ ranked al‘!e]es

lude effect of parent
thm, effect of

f the algorithm
the proposcd

Other investigated issues inc
pool size on the proposed algori
population size on the convergence 0
and stability of the GA using
algorithm, the effect of probability of mutation and
crossover on the proposed method. The experiment
started with the conventional algorithm then 4
special fitness function was ‘added to the GA.
Thereafter, the proposed Crossover and mutation
was added with and without the fitness function.
Here, an ELM with 10 hidden neurons was trained
to access the performance of the proposed method.

g the performance

This study started by investigatin
aset. The GA used

of the conventional GA on the dat

are chosen. Here, we chose 6 which is the next rank
________ S | ot e il 0 e S A it

| Good Add all '1's T L_{)‘
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Figure 3.3 Example of Proposed Crossover

ot be chosen.

of 50, maximum iteration of 100,
and crossover rate of 20% and
29% as suggested by ( Tong ef al..

a population size
clitism of 25%

allele because 7 cann
mutation rate of

RESULTS AND DISCUSSION
In this section the results obtained” from the 2015; Haleh, 2012). The number of bits is equal 1o
computational exparimem are prcscntcd Here, the total number of features in the dataset. Thus at
Genetic Algorithm with the proposcd crossover and the end of an experiment, the number of alleles with
st the selected a 1 signifies those features which are selected for
hromosome with the following alleles

mutation methods was used again _
e was compared with the  example a €
0011101 on the dataset means the 3™ 4" 5™ and 7"

dataset and the performanc [
performance of the conventicmat algorithm. _
' attributes were selected. The result of conventional
Furthermore, the GA used WO different fitness — GAls presented in the figure l:
ok N on
functions in this research (1) .2 fitness funell
: osOMmes which

which penalizes indivi

select more features a8 propos
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=59, Fag et 4, Sarg TR & s
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Fiinea i 4\ U R o Bt St
T r £k
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. - Generalion
Figure 1: Result for Conventional GA without
~ special crossover and mutation, without special
] fitness function.
In the _Flgul‘e 1 -above, the convergence of the
conventional GA on the test datasets is presented.
Here, the fitness function did not penalized
individuals with higher number of selected features.
It can be seen that the algorithm achieved an
accuracy of 0.76 which is below the average
reported accuracies (Haleh and Kenneth, 2012; Bir
and Yingiang, 2003; Wu et al.,, 2010) and the
algorithm converged at the 64" iteration.
Furthermore, the best fitness achieved here is 0.76
while the average fitness is 0.54 which points to the
wide gap between individual fitness using this
algorithm. Therefore, in situations where multiple
equally fit individuals are required this algorithm
may not be of any use. Again the fact that the
algorithm improved even at the 64™ iteration can be
seen as yet to converge because the achieved
accuracy is below the baseline reported accuracies
as earlier noted
Next the GA was integrated with a special fitness
the function which penalizes an individual for
selecting more features as discussed above.
Theoretically, this 1S expected to force all
individuals to conform to some environmental
factors thereby making them more fit and so the
population will be highly qualitative. The result of
this experiment 18 presented below:

=] r
o g v
w o aanpasd
= uy
g =
w (=]
v
€ R
= - ~
[ o " ety " 2g %l ¥ |l—— Best
Rondni e AN (P & L PR D SO R
g |~ hoist 2 n»,,bé"“-" Kty F Rt e # ST e - Meani
o = T T T T
0 20 40 60 80 100
Generalion

Figure 2: Result for Conventional GA without
special crossover and mutation with special
fitness function,
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In the Figure 2 above, all :?e othicy
parameters and settings Were F:p}:t tfame a gy
first experiment 00l the spt‘fiil. itness
was introduced. The result indicates g Tely,
in the convergence time fy, -
achieved accuracy rcmaiqed the i'aarm::c.1 Al the g |
this experiment the algorithm € e?le 5 3‘." feq
out of the original 76 features as the best indjg,

in the dataset. This in

if

g

dicates that the algorithy e

i i rformed belay, |
this parameters and settings pe . 5
Lep{)rF{led baseline performance (Haleh and Kepy,
2012; Bir and Yingiang, 2003; Wu et al. g
Geetha and Geethalakshmi, 21 1). _

A A € e

078 08

Fitness value

070 074

20 40
Generatién :

Figure 3: Result for GA with special crossove
and mutation without Special fitness funetioy

In Figure 3 above, the proposed CrOSSOVer g
mutation were introduced to the GA. As in the
previous experiments, all other parameters g
settings were unchanged. Furthermore, 2 simg
fitness function which uses only the classif
accuracy (does not penalize individuals with higs
selected features) was used. The result showed
leap in achieved accuracy of the classifier from0]
in the experiment two above 10 08
Proportionately, the algorithm converged at the
iteration which is an improvement over the
carlier reported experiments. Furthermore, it can
seen that the difference between the best
average fitness in the population over [
stabilized over the after the convergence Of
algorithm for all the datasets: ' :

Fitness value

‘070 074 078 082

40 G0

Generalion

Figure 4: Result for Conventional GA wilh
special crossover and mutation and fitness
function,

In the Figure 4 above, the proposed crossoVef 7
mutation was used in addition to a fitness funet!

W
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which uses both classifier accur
Selectcd fcat:rc penalty. All o
arameters an settings we
P intain Sonslsestnsy 1 nreﬂl:sptte:tonstant. This is
Jatasets. It can be seen that the diffe setup for the
\he best-and average fitness was relﬁt-:e?ce bct_wecn
dataset. Furthcrmol-e, the acmelveylow in the
accuraCY_lmprovcd tremendously f o Hislflr
reported 10 all the other experiment f?m what was
50, the number of selected features ia setups. More
e 13 l'GPOlTCd I (Halci also less than
2012; Bir and Yingiang, 2003: Wy ¢/ Zf;d ;}inonc;(h,
18y ; Xu

Yy and higher
other . algorithm

arith
n for Featire Selection

;h;-s problem as mutation will
nformation into the population. This
further research.

18

Another
behavior of the algorithm is population
parameter represents the number of
generated in each iteration and thus

the population size will determine how long it

to get the best individual. Hence,

investigated the effect of popul
performance of the proposed algorithi

introduce

e N = e

Reikerii

new
subject 10

parameter of GA which affects the

size. This
solutions

a variation in

takes

this work

ation size On the
n and result is

et al, 2009 ). Finally, it i

' . § y 1L 1S W 1 :
average individual fitness in t?-::th nOtmg. that the presented in the table below: _____——————-—
close (o the best fitness Wi‘lich o als -‘igmp is almost Population | No Iteration Classificr | Noof
of the algorithm. This is useful - a dec{ advantage Nize Before ~ | Accuracy i
e thay. ‘o saludion. in situations where Convergence Selected

Bl _solution is required. One of the 20 62 0.74 24 :
pm’ametex' settings of a GA is elitism size. This | 25 58 — 06 21
planamctel cleterml}lcs which individuals go to 30 52 0.765 21
tlua' Eext gencl'at}on without been changed 35 44 0'78 19
thereby, ~ preserving good traits in the 40 32 0.786 L7
populatlmn. This parameter was also used as a 45 21 0’792 16
determinant of the parent pool size in the 5 18 j’o’s_ﬁ__— 12
Prop0§cd dalgonthm, therefore, this work Table 2: Result of a!goritllm' convergence for
investigated- t iti )

: gated. the effect of elitism on the different population size on the proposed algorithm
performance of the proposed algorithm and the :
result is presented in the table below: In Table 2 above, it can be seen 13l 27 the size of

the population increased  the ~ convergence

performance of the algorithm improved. This is

Elitism No Iteration Classifier No of i Pt PSS ot
' Before Accuracy | Features because at each iteration the number of individuals
L Convergence Selected created or recombined is high. Therefore, the
0 65 0751 3] | probability of obtaining the best individual s
10 19 0.81 10 increased as the number of individuals in an
20 27 0.0.792 11 iteration increased.
30 51 0.79 13
40 24 0.0.78 18 In GA, the crossover rate is the probability of an
—E”_'_‘—ﬁ-—"_'—___ 0.765 21 individual to undergo the recombination process.
50 ——-*"'_'_62 — 10.76 23 This parameter controls the intensity of the search
70 67 0.756 25 process in the GA. Been one of the proposed
orithm convergence for techniques in this work, we investigated how
f the parameter affects the learning

I_________,_————--—_'-_-
Table 1: Result of alg

different elitism size on the proposed algorithm

different values 0
process. Whence, different values of crossover rate
using the same parameters as

' . (hat as the size where set for the GA
In the Table 1 above, it can pesecn 1 in the other experiments. The result is presented

of elitism increased the convergence performancc_ﬂf below:
the algorithm, classifier accuracy dropped _a“c_i_lh‘?
number of selected features increased. - This 18 aq Crossover | No Iteration Classifier | No of
expectedly due to the fact that 25 the paren! ”p ?0 Rate Before Accuracy | Features
size increase’ the sum of vertical lmportf}nl alleies Convergence Selected
will increase thereby making much allele important.
Therefore, the algorithm will be una‘b]c to drop as 40 43 0.77 19
mueh unimportant alleles as possible and will 45 39 0.79 19

| tions to converge. I is expected 50 26 0.793 18

require more itera ; _
tion will solve

that using a very high rate of muta
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-____-__"_“———-
I__-_‘_____h‘———__
Tab-le 3: Result of algorithm convergence for
different probabil

ity of cross over on the
Proposed algorithm

Fro‘m Ta'ble 3 above, it can be seen that the number
of iteration before convergence, classifier accuracy
and number of selected features selected improved
.slowlx as the crossover rate increased. Thus, as the
mtensity of the search increased, the required
number of iteration reduced and more number of
good individuals were generated which improved
the classifier performance.

Mutation rate is the probability that an individual
'.wdl undergo asexual reproduction ie. new
individuals will be generated from it without
combining its traits with those of other individuals.
This work investigated the effect of mutation rate on
the proposed technique and the result obtained is
presented below:

Mutatio | No Iteration | Classifie | No of
n Rate Before r - Feature
Convergenc | Accurac |s

0.4 62 0.78 22

0.5 =1 0.78 21

0.6 48 0.79 19

0.7 44 0.81 16

0.8 35 0.812 14

0.9 28 - 0.82 12

1 22 0.83 12

Table 4: Result of algorithm convergence for
different probability of mutation on the proposed
algorithm

In Table 4, the mutation rate had more impact on the
number of iteration before convergence but had
little impact on the classifier performance. This can
be from the fact that as mutation is increased the GA
search diversity increases and the search tends to
behave more like a random search. Thereby,
requiring more iterations to converge but not
affecting its ability to find better individuals faster.

In this study, the proposed algorithm was repeated
for 10 times with the dataset and the convergence
iteration of the algorithm in each of the experiments
was compared with that of the conventional GA.
The result is presented in the Figure 5 below:
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—23—,*5—3‘3: 0.798 17 j

e 0.80 15

EC R T 0.804 3|
0.81 0 |

No ol Gens
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0

Figure 5: Convergence Cpmpal-iSOn of 1
Conventional and Modified GA

It can be seen from the table. above the Dron
algorithm has consistently cor;verged before e
iteration. While, by comparison the convey,
algorithm has always converged after the §
iteration. In essence, the worst performance of
proposed method 18 thr; same  as  the

performance of the conventional algorithm iy all

experiments.

CONCLUSION

This work reviewed the problem of
dimensionality growth in ML in current [5:1
Furthermore, it reviewed the current approg
used for the task of feature subset selection iy
situation where speed and computational cost ax
high importance. ;

Additionally, issues that affect the performanc
the proposed method such .as probability
crossover and mutation, elitism and population
were also investigated. The result obtained sho
that the proposed algorithm performed better w'ﬂ
elitism and crossover rate were high and popula
size and mutation rate are low.

RECOMMENDATIONS
Finally, it is worth noting that in a situation v
all individuals in the mating pool give the st
importance to all features in the dataset (i.e. tff
vote for all alleles) this algorithm may not!
applicable. Based on the received results from!
study, an investigation of the proposed method!
premature convergence is highly recommend
This is because of the seeming fast convergen®
the algorithm
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