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Abstract

Feature selection is a crucial step in machine learning, with the primary
objective of enhancing the performance of classification models by selecting the most
important subset of features from large datasets. This helps improve model efficiency,
reduce complexity, and increase accuracy. In the medical domain, data is often high-
dimensional and complex, requiring expert interpretation, which makes the diagnostic
process time-consuming and impacts medical decision-making. Therefore, this research
proposes an effective feature selection approach based on both classification accuracy
and dimensionality reduction using swarm intelligence techniques applied to the
breast cancer dataset. Experimental results demonstrate that hybrid algorithms
combining Cuckoo Search (CS), Firefly Algorithm (FA), and Particle Swarm Optimization
(PSO) can significantly reduce the number of selected features. The hybrid PSOCS
aleorithm achieved 98.83% accuracy with only 14 selected features, the PSOFA
algorithm also achieved 98.83% accuracy with' 15 selected features, and the CSFA
algorithm attained 97.66% accuracy with 13 selected features. These results indicate
that combining the strengths of different algorithms can effectively preserve model

accuracy while reducing data dimensionality.
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Ameulsifinegiiafivsngamanizgn fegrawu Ty Particle Swarm Optimization (PSO)
AILULAREAI9E S U AR IRINUSEAUN 518NN (Personal Best) wazUszaunisal
y03nd (Global Best) unuziily Firefly Algorithm (FA) nsiadeufiuesunuazduegfuns

Y

AIAARMIUAILTUYDIUEN TILHAITIAMNMYBIAINRY [13]

2.2.2 9anasfiu Cuckoo Search (CS)

Cuckoo Search (CS) Wusanesfiufsundiiainflasunssiunalaannginssy

nsnelvvesundag Jeasnadvlusweunviindu lnsduwifandnlunisunufAmeui

'
raa

AunmeeAneulnindnuananIludnuaeiRedtuilivesundanfignueusuaze

e

sonralUluSwosunintnu

wilslunalndAyuesdanesiiud loun msldnrsiedeuiinuy Lévy Flight Faduna

gnsn1sdu Nilszernsnselanvainvang s 1ngda1nn1suaniatuy Lévy Distribution



FeelinisAumaunsaeenanaAlinanzauianizynlaeg19iusednsam uazaseungy

=i o

ﬁummmwﬂmaﬂﬁwmﬂﬂdwmsajmmwﬂﬁ
aunsildsUmasumisinaulvally CS wansfvaunss (2.1)
Xl.(Hl) = Xl.(t) + a- Levy (1) 2.1)
Tnei
o x©® fo dumisshmeudagtuvesiiunuil | lusoudi t

® g fip AASTITIAIUANTWIAYBINIINTELAR

® Levy (1) fia nwasn1snselnnfdumIunIswIniadLuy Levy 33 A dnag

Tute1<1<3

Algorithm 1 Cuckoo Search via Lévy Flights

1: begin
2: Objective function f(z),z = (z1,.. ., aq)T
3: Generate initial population of n host nests z; (1 = 1,2,...,n)

4: while t < MaxGeneration or (stop criterion) do
Get a cuckoo randomly by Lévy flights
Evaluate its quality/fitness F;
Choose a nest among n (say, j) randomly
if F; > Ei then
Replace 7 by the new solution
10: end if
11: A fraction (p,) of worse nests are abandoned and new ones are built
12: Keep the best solutions (or nests with quality solutions)
13:  Rank the solutions and find the current best
14: end while
15: Postprocess results and visualization
16: end

sU#l 2.1 dana3fiavas CS

NaUN15UNa U udIunt a1 sdUwmaskrarinaulriluduneuds Cuckoo

Seach wanedissun 2.1 TneanansaedueswasiBeatulaagdunaulanail

1) Yumoud 1: Budurmusmsifivessududmiu CS Wy sruuvesdun
(Population Size) £M31015WNUT 39 (D) LATTIUIUTOUNTTHIE
(Iterations) 1Ju@u

2) tumeuil 2 : a¥eUszrnaiiudurestiunusias s Tnensduyavesnmdnuae
(Feature Subset) luguuuuvesluuns 1wu 1, 0,0, 1, 1, .] 8% 1 e

\denAadnuazty @ 0 vianefisldidenaudnuuy
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3) Fupeud 3 : ¥aunitezissuuseUTifvun (Max Iterations) Wievinnns
Usudgesasnenisaislalmilasld Levy Flights Fadunisiadouiiuvugy
svorlna felvaummpouluiuiininie

1) funeud 4 : quidoniuiiensly wienisaine Solution Tmiuvugamiayn
waziUSouiou Fitness fussiiden mndsluadinda (Fitness in3n) fazii

ANTNUN

o
Y

5 Fupoudl 5: lenalnn1sunuiiuiess (1 — p,) L ed1aen199 lavoaun

€

AAYNATIINULAZYINANY

(-]

i I Al & o oA

6) Tumauil 6 : AndenIITlUATIan wseseiil Fitness Aian (Accuracy adan

9

]
a

y30L80n Feature loadailuszansnnian) azaninuliidusnauinanan

9 Y 9

= 1o

7) Auseui 7 : Fugadlefisdniuseuniniviun uazAuadneunnan

nnAnauTRlunsdTaiuildnagnsunui deeui FesUsyAns nmedng
siolileg Cuckoo Search Fsgniharldlunisidenaudnuaie aghainsvane Tngamzluuium
yostoganiemsunngnindausudougaasilsmaunnanuzann Wy nMadenduysi
dragynouin Ul mAvlumaduunUsEan Wy Support Vector Machine (SVM) %39 k-

Nearest Neighbors (k-NN) tNalitUszansnmnueIn1snensalas Raunasng [14]

2.2.3 3ana3ny Firefly Algorithm (FA)

a o

Firefly Algorithm (FA) 10 uganesfinidausng 3aAniaiaeangfinssunisfaga
seifiarasluss TR T,mai%umﬁmﬁwﬁaﬁaaLwiazéhwgﬂﬁqqmLﬁi’hmﬁaﬁaaﬁﬁmmafm
110 FeanuainsluntIsudeuldRuA AN zay (Fitness Value) 9asdnouly
USunveInI s g avsaam Lmeaﬁﬁd's81151’&61'613@1’3Lmua'm13aﬂ%’uﬂ§wﬁ”mawmmuLaq
Tnsorfedoyaandaunuiiamnnanialudszens dealyamisatanaidneunas

vaNReINsAnuANaI NMIZaaN 1z Ia laealysEanTan

VANNITAUFIUVEY FA DENNITAAAINNITNYDILAIANTLELN N UAZAISIARBUTVDY

Readf i [USsRweuAIN | 18119018 050AUIUIAMILELNT WEAIRIENNTST (2.2)
Xi(t+1) _ Xi(t) + By - VTl . (Xj(t) _ Xi(t)) ta-eg (2.2)
Tne?

o x© Ao sumiwosiiwiondii i luseud t
® B, fio AIAUITLYRILAINIASHAY (Initial Attractiveness)

® y Ag MIHMDIAIUANSHIINTANAIVBILAIWNUTLHENS
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rj f9 STeyNasEningiaviey i uay j
a Ao AdufinruannsiedsulmLuudy

& AB LINMBTAUTIINITUANUIUY Gaussian

Algorithm 2 Firefly Algorithm

: Objective function: f(X),X = (21,79, - ,24)7

: Generate initial population of fireflies X; (i =1,2,--- ,n)
: Evaluate light intensity I; at X; using f(X;)

: Define light absorption coefficient ~

: while t < MaxGeneration do

for i =1 ton do
for j=1ton do
if Ij > I; then
Move firefly i towards firefly 5 in d-dimension
Attractiveness varies with distance 7 via exp(—yr2%)
Evaluate new solutions and update light intensity
end if
end for
end for
Rank the fireflies and find the current best

16: end while
17: Postprocess results and visualization

5U# 2.2 dana3iiuvad FA

(%
Y aal

naun s enuludiuniwwesdiuinunisindoniivesvi wietluduneuis Firefly

Algorithm Uansiesun 2.2 lnganunsaesutgseasidenlulsazdunoulansll

1)

2)

4)

¥

Tunoudl 1 fwusdwisadeesis ududmsu FA Wy Sruauvesiisios
(Population Size) $1aUsOUNISYEA (iterations) ANNAILITALUNITAIRA
36U (Bo) é’mwmsﬁamaamsﬁq@ﬂ (v) wadnannisgu () 1usiu
Tunoudl 2 : ad1eUsvenals uduvesfisien lnsuazdunuy e
AWy IIADN Amupd LS NAUYDIANTIeY wazAuIuAIANEINg
M4 Fitness

fupoudl 3 : vhdrmunitgasusauseuditmun Taeluuiasseuiisiosn
fazdumitsiosfiainanitaues mntuwedouiid lulndRsiosdy lny
fumisazidsuulawmuseduanuainuagsresving nduiunudy
(Randomness) iloLfiNAMMANYANY0INTANTIT

Funoudl 4 : Sulasumis (Solution) 1siedeuiivesiisiesarldaunssy
WnrurdalagTINLSIRIRALazdY (Random Walk) luuSunves Feature

Selection N1ssUlAnznsulasAsameduluuns
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(% '
v =

5) FUABUN 5 : ATUIUAN Fitness il harduwmnanuaing taglaluwma SYM

s

UsziiunnNInued Feature Subset Tual UadUMAAIAINATINATINAANS

6) Tumoud 6 : InITisVieeNANan (Best Solution) ANATIgANAEANITYINGI19E

& vy A 9qvd v g o ) a
gniiuld ielddunadnsannevesdanasiy

danesfiu FA lisunnuflenlunisussndldiulguidenaudnumue (Feature

[

Selection) Wipsanfianuainsatunisaummaeuiivinzaululgmafianvagldiduds

} %4

\du (Nonlinear) n3eddiAnan (High-dimensional) Tngtanigluusunuestoyanienisunmg

Y

[ a

Falndveyadudou wasldyaimusuniugs 015t FA dieusudsauseaninainvadlung

]

Puunuseianlaegnsdidedfa [15]

2.2.4 9ane3viuNEN Cuckoo Search waz Firefly (Hybrid Cuckoo-Firefly Algorithm:
CSFA)

wiane3ia Cuckoo Search (CS) waz Firefly Algorithm (FA) siafifigaudsianiz
dulunsudtenifinyssdnsain (Optimization) uifddesiaunsusennsi dauasie
Usvansamluuiansdl wu cs fuuiliudsieniuddumilaniiadas Levy Flight usinns
Uuusisdmau (Exploitation) eradaliiaziBummie vuedl FA fnginssulunisuiuusisimney
fidudausnisdnsluiuilmiendida sewndsuinunaalunsareusanesiun

09 WiewasugaudeTaiuuaziu

Hybrid CSFA findnnaslaevialudenislilaseadrandnaes FA lun1sind eutives
fneu (Fares) Saudunalnnisnsslanuuu Lévy Flight 910 €S Wiaiaduaiuaninsalunns
drsrafiuiiduminlivainnaiginndu Tesoeaduniedonld38nass Umasunsannii
aosdanosiludndiuiivangan MsUsuaunaszninnsly FA fedatnardineuiiegindy
AunIsla CS Lﬁaeﬁmﬂisimmé’ﬁnﬁuﬁﬁlﬂaaaﬂiﬂ Hunayuadadnyviils CSFA fsyavsamw

gandanesnugluvaignsdl

TuanuAdesunsidenaaidnume (Feature Selection) Taslannzludoyanisunmed
Tinwuzidige waziliveyadyaasuniu mslddanesiulauineene CSFA Tuwilduyizan
Srununudnuilisuduadldun wdeufuinvvieiuausiugweauudiassdiuun
Usznm iy SVM Iead ety Tnelamziiiodesnisan Overfitting uasiiiunnuanansalunis

v

ueradnsiuteyalv
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2.2.5 9anas¥iu Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) 1Jusane3iudaundisafnilasunssdunia
laanngAnssunisiad oun vessaunuiegauan IneduuiAniiugiudnfdaunuusagsi
(Particle) agimapuiluluiunAaumlagodenslssaunisalvesnuieiuasUseaunisaives

Wiausiuels iWmmneaen sl idanuvangaugaianluiiunaunveslymi

[

ANIN5UN [16]
Tu PSO usiavounAeiiiumiaLazass lnedunisunumnauveslym uae
AMULS T UAN AINUATANISIUNITIAR BUN AUNISAITOULANAIAIINLSY WARIAIFNNITN

(2.3) uazaumssUmnsuswesidazoyA salansluauansi (2.4)
Vi(t“) =W - Vi(t) +ciryt (pbesti 7 Xi(t)) +Cy 1y (gbest — Xi(t)) (2.3)
Xi(t+1) = Xl(t) + I/i(t+1) (24)
Taoi

o X fa dumsuotouniedai i luseudl t

a

o V9 fa mnuSreunaind i lusoud t
® pbest; fig AUMINTANGANOUNA i LAENU

1 U

® gbest An MuUNUIMANgANEUAIAYNTI LU ALY

o W fAp W fiwestnninluUAL (Inertia Weight)
® ¢, uag ¢, A AALUTEANGNTITBYS (Learning Factors)
® 7 udy.T, Ao ANEUIENIN 084 1

PSO flaaisiufelasiaiediToudte U5ulHlse uagsannsameneuiialdnigly
nandudu shllasuasfdslunuiiiiuidumaunlvg Teawglunudenandnune
PsO griunldlunsienymaudnvasilminzauduigmasiwundszian Tasams
Toyansmauwnmdfsisuauiudsduuniasienuduiusidudeu msdenqadnuas
¢y PSO theanduugadnuazilisndu vaugfedudinanmauusiudweduinal il

pg19lUsTANSAN [17]
2.2.6 DANDSNULUUNENNEIUIZIING Particle Swarm Optimization (PSO) iU Cuckoo
Search (CS)

LWIRNTBINITHAUNAUANDITN PSO uaz CS (Hybrid PSOCS) yjawtiuluiinisunved

Yadfazdanasiuuviausuiu Inedanasiiu PSO fvelausaulunisrumeinaulaagi
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I

s luthadudureansiious Tuvusisanediiu ¢S fgaudslummanidenisinegly
mﬁﬁﬁqmLawwﬁshumﬁﬂizimﬁumé’aa Lévy Flight nse9nuuusana3iy Hybrid PSOCS
gnadniumslavatgguuuu wu nsldnalnues PSO Tunisduimmunisvassyinsndn
A5l Levy Flight 97 €S Tuunedaswesnissuian iieiasunisdisiafiuiiaum wions

UFuusitounialndsmunisiafgaues PSO menisinaauiiuuuduain CS

'
a1 |

MNeATETINIUIN WU msHEIREIUSEINe PSO way CS Tinadnsiintudleiiou
fumsldsaneifiunien nestanzegnadsdumsuitamidaududeuss (18], [19] Tuns
Fonaudnwazldumnuaulasgranalutidhiftiumn esnaunsaanduiuiiaes
lisnduseniulfegnadivseansnm uasfnisnwmanuuiugilunsuunyssunnl i
Tuseaugs TnewnmzdourlUldsuiufsuunysznn Wu Support Vector Machine
(SVM) [20],[21]

2.2.7 9aNDINUUUUNANNETUTINIG Particle Swarm Optimization (PSO) AU Firefly
Algorithm (FA)

LA ATBIMSHALINAIYIZHT TS PSO way FA (PSOFA) Aanssaudedivesidas
Sanesfiuinaie iy itelildinnuannsolunisidr smineuiinegresiadiain PSO
LAZAINAINNTOIUNIINTEINITAURIRALNANIAE Local Optima 911 FA nweiznis
NaunaTIp R iunsevate Uy wu I PSO Tumsdumalszannswan uagly FA Ju
naln¥aednTaasausina ghest 1 FA iiodunsgaiseuaauisdauiionisiumves PSO

ngAlla MIRENUTUADUTENINNITBUNAYEY PSO kagN13ANATaY FA

'
a1 1

ANSARYNHIUNINUIT PSOFA 2386NUANNAINTAUAISENTIANUT AUMLELYIN L9iKE

[
v A

ansiiaaadesundu lnsanizlunisuszgnanunsidennudnyne Feeandeyiuiug

AUMTUIA IR uazdutau [22]

2.3 A153unUsEIANA28 Support Vector Machine

Support Vector Machine (SVM) Lf‘]um¢nﬁ¢nmsﬁau§lwuﬁc§aau (Supervised
Learning) Al¢i¥umnufiongslunissiuunyssiam (Classification) Tnetamzlunsdiifveyadl
Fruruiedtos uiidnnugudnuvargs Jadudnuvazdidyresdeyansdnsuwng
svM fudnnsfiugnilunsadns lewesinau (Hyperplane) iaunsnudsoyanoniduans
ngulvinsangadoyadilndiigalundazngu (15andn Support Vectors) #ae szezwoy
(Margin) finfnsfign uanadisgud 2.3 ilelildlumanianuannsalunissuundeyalmalild

pg9tUsEANT AN [23]
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a

lunsaindeyaliauisauenlanigidunsslulifify SYM a1u1509878 8 ULUANI3

[
o QQd

yhamiléidae Kemel Trick fafunisulasdeyaanfifidadulug fffigetu (Feature Space)

Munzaunii nelidasruwiunnnassdulindy meatdadvigliaiusaas1slaesimaulu

Snwaenlidudunsilang1aliuseansain Kermnel Alosuanudoy lawn:

v ¢ a 1 a 14

® Radial Basis Function (RBF): 9UANUAUNUS 7 by bT I dUlA A Wz Ut oy anig

[

NsunmEnTanwazdutou
® Polynomial Kernel: Tddmsunsdifinauduiusianvasdunyuny

® Sigmoid Kemel: Adeiun1¥9IuedlATI e Usza iy

lun1susvenald SYM sauiunszuiunsidenauanuae (Feature Selection) SVM
gy du #a91uunvdn (Base Classifier) AlUszifiuniamyosynnadnuazign
AnLReNlagdanes N TN viedanesiiuanuaaIakuunay i PSO, GA, CS %38
FA lnga1AuLiue (Accuracy) 983luina SYM 9 rﬂ, ”L Ju HenduinnuLnungas
(Fitness Function) lunsdnidenyanndnsasilinadvsanan (24]
Maximizing Margin

Hyperplane

’

Support Vector

’
’
/
‘.
7
/

’
’

&5
S/ O
<z§

/ Hyperplane
P30

S

‘g

@

s'l/ O

Support Vector wPrb=0

() :
¢
®
5
)
:
® S
i
-
f
.

Hyperplane

g‘lJ N 2.3 SVM Hyperplane and Margins in 2D Classification

2.4 15U AUUSZANSATNVRILUUIIADINITIIUNUSZAN

lun15UsziluyseanSAInUeINsEUIUNISIRNANAN ¥AE S IR ULUUTILUNUSELAN

'
a

i SYM ndudedddmyiniiamnsaasieununinvediunalieg naseungy lnsanigly

o s

USUNVBITBYANNNITUNNE NHATNEUBINITIUUNUTELANE1AAINAN TENULAUR T DT

Fadeuazn1ssnud Uiy M Tananditewld laun Accuracy, Precision, Recall wag F1-

score luueNIAlR1aTIURY ROC-AUC LiaUseiliunnuaunsaveuuinaedlunsuenngy
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' [
v a o w v Ao

Tiaianmuvaniiodudddey lnedaiandeuld Taun
® Accuracy fe dndruvesdnuiudiegneiignituunliegnsgndes nelunguuinuas
nauav Weeuiuinnuiiegaivue [Wuddinidesenisinnuuasenldiiy

WeaaulunNsUseluUsEANS AN ULARTILUNUS NN LEAASFIEUNISA (2.5)

| ~ TP + TN
CCUracy = b X TN+ FP + FN

(2.5)

® Precision fia §nsduvasditegsignikununduuineg1sgndes (True Positive)

[ '
v ¥

1 [ Y 1 N g o ! [d & & [d v A
ADANUIUAIDYNNLUUINADIILUNMLUUUINTINUA (SN FP) 1 umivinndznau

ﬂ’ﬁllﬁ’]L%aaB‘UaﬂLLUUﬁ’]ﬁ@QLﬁ@LLﬁﬂQNa’J"]L‘ld]u‘U’Jﬂ LEARIANANNITN (2.6)

TP
Precision = ——— (2.6)
recision =m0

e Recall #3@ Sensitivity AD MINEIUVDIAADYNUINTINUATILUVTIADIEIUITD
nsradulpegnsgnies Wwmainmuaiisavesuudiaedunissyunaudmuned
WVID39 WAAIAIANNNTN (2.7)

TP
AL AaE — (2.7
Recall TP+ FN

e Fl-score uA@@sidesnsuedn (Harmonic Mean) 551314 Precision Way Recall
TneriunuaunasErinwisdesdmnnI IR RaeEuadn Wunzdmiunsdidioans
Tinmdndryfuianisannaauiiies (FN) uavsauanifion (FR) wianiu Tnoiomslu
Sﬁazﬁaﬁiﬁau@a %4 Fl-score mmiaLﬂuﬁas'??i’wé’ﬂlums&m’mﬁu@mmwmaqu:uuaiwaaq

19og19TUsLANTAN WANIAIFNNTTRA (2.8)

Precision X Recall
F1l — score =2 X — (2.8)
Precision X Recall

¥ '
= A e

® AUC (Area Under the ROC Curve) Al fiufildLdulésdsuanaanmnuduiusszning
True Positive Rate (Recall) tlay False Positive Rate ﬁwmﬂﬂmam Threshold 1Ju
f23 YaiUseifiuauainInvesiuusandlunITueNLEE IENINENLIN Lavay
atwrawlos Tnuafidilng 1 muneds wuusrassaunsasaaisuauutasdule

waiugnas Tuvaeialng 0.5 Usdhuuudnaetlifinnuaiuisalunisdiuuniae
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£ [%
Yo Av = v v

nsidenldmyinAItuegiuingUszaadvedssuy WU MnABansssylUlenunase

[ 1

Recall 9giAnudAyuInnin LLméj’]éfaﬂﬂ’ﬁaﬂﬂ’J’maﬂwa’]ﬂﬁLﬁﬂﬁ]’]ﬂﬂ’]iﬁ’]LLUﬂﬁﬂLﬂUIiﬂ

o
[ (%

Precision 2£iUnuIMuINnIN satiun1sUsEukuuraInanesndin s duluniniaiviangay
lngianglumsussgndldtunuiunsunmddamadnsinansenulagnsaion1ssnwgdaey
[26]

2.5 UINNeIT09

nsdenAuaney w30 Feature Selection LunszurunsdrAglunisanifives
Toya WinUszansnmlunsioudvesuuudinuniuszian wazaniailunisuszaiana
Tnelanglususunisinngd s nuaus doyatudounasiidnuiunudnwaursuiuiin
dane3fiuanuamatuungy (S) 18suamaulesgrsnnifesnnanansadumdneud

winzaulaluiunianevwa g aelatesnmdaian

Tugaeisuan dnmsdssendlddanaiiiuainvaniauuunau agrsuniviarglunisiden
AMANYMY LHBINFanesTuYssniianuaisalunsdsaiunmnevvuatvgle

aguliusransan ldnediumuiiwizianiei sazarursadssgndldivdayniilaid

Iassdseneaalan sanesvinsenien lown Particle Swarm Optimization (PSO), Cuckoo

'
=

Search (CS), Firefly Algorithm (FA) nasnauguuuuluugnwes (Hybrid Algorithms) &sgn
WauieantadiinvesdanesiungiwaznuUszansamlunisAumamaunangn (27],
(28]

1ud a.A. 2018 Gherboud; et al. [29] iéjLauamﬁUizqﬂﬁw Cuckoo Search iU
SYM dwi§unisidenaaidnuasanndeyalsaiile wazaansoifiunausiudildunnnin 90%
Ingldandnuugiiesuidinvesdadaduatu daulul a.m, 2020 Nandy et al. [30] 14
Firefly Algorithm 4l oARLE o 1a05 Ny aguan wazlUTeuiouUszans anwiy
Fanosiindu q wuin FA Ivinadwsiwiug wazatiosninlunsdivoyaliauna Tud am. 2015
Alshamlan et al. [31] 19 PSO iilatdenduniddyandeyalulasesisd uazldnanisduun
uz15 97w ugeg i veday Tud a.e. 2015 Wang et al. [32] i dausuuInianig
NANNATUTEIINY Particle Swarm Optimization (PSO) wag Cuckoo Search (CS) STIRTEY
Uszansnmlunisidenaadnvae lagldnalnnsdlnaanuiiwazsiuniaeseuynianiy
wann15ves PSO saufunalnnisnsslanfumiuuu Levy Flisht 910 CS wisiaSuadisniny
spannuaneliiuUszang manaunauitasanlenianisineglugaiinfigaioms uasiiy
Arwansalunsdinaiuidumléniretu nansmeaedluvansyadoyauandliifiudi
Hybrid PSOCS ansnsalidianuusiuggs wavanduauiiaesidenlded9iuszansam

Walsuiudanesiuwuuinen 1wl a.A. 2020 Al-Betar et al, [33) lovinsiasisnuazasy
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NAYNS NIHANNAIUYDISAND3TIY Swarm Intelligence 7 ld3undudion 19u PSO, CS waz
FA Tagsydn PSOCS tund slunuimns Hybrid ffidneamgslunisuddaminisiden
Aadnua nglawzegadsluiymiidnvugdudounariidadiuiumn Tl aa. 2017
Azzalini waz Mousavi [34] lenauesana3fia Hybrid PSOFA Sekauauaninsaaes PSO
Tumsfummeudosiulfesnisnii fumimaiusaves FA lunsvanidessnsineglu
Local Optima funalnmsisganuunginssufisvios Sanesindlsigniandszgndldluay
FonnuidnuazuuyadeyaImsgIuTANYa tazwunasafinmAusiuglunts L
foya wionsandruuiaesadldogieniau uananilud aa. 2020 faruves Naik uag
Rautray [35] Wiauadanaifiu Hybrid PSOFA dmsunisidenaaanuugluauidadenis
nsunng TnaiUSeuiiguit PSO, FA uag GA LUURLAY nanisnaassuansliiiuin Hybrid
PSOFA fimnsanunsalumisiumameuiifianaaios tazannsaifinysyavsnmuesluing
SVM lifindnsaneiuuuuifen

9N uiToR nasnd ey tansliiiuindaneIAnmnuaainuuunguananse
Uszgndldlunisidenamdnsugludeyamenisunmdlaoensfivszansam lnegieandiuiu
Aadnuazdilisndu anaudutouvesiuuinass bagiite i ug1wedHan 1T UN
uenMnistasanaitunssvinana Milviimnsausuauiifesnssgansanidana
Tnganazeg e ailorhitusiudukuusuunyssunned s Support Vector Machine (SVM)
fadiverdedeyaiinunmas nsldTEnsdenadivursauiusane3iunardianinag
Usuugsaanmnaesiuuiaesisodiadiedda weyduuunmeiifuliinsldfuauden

TuauamunIsknvdwazalasauweluaulan
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nsideddatunsiauinssuinniadonqudnuuey 3o Feature Selection 7
wingaundeyantsnsunms uansiegui 3.1 Tnglitunendsiidsiuauaaiauuungy
(Swarm Intelligence Algorithms) lauA Cuckoo Search (CS), Firefly Algorithm (FA), Hybrid
Cuckoo Search-Firefly Algorithm (CSFA), Particle Swarm Optimization (PSO), Hybrid
Particle Swarm Optimization-Cuckoo Search (PSOCS) L@ ¢ Hybrid Particle Swarm
Optimization- Firefly Algorithm (PSOFA) Lﬁaami’wmuqmé’ﬂwms wazkinUsEansnnues
WUUTADINITIMUNUTELAN (Classification Model) aely Support Vector Machine (SVM)
Hussuun tasUszdunaiaedit euasgm Idun Accuracy, Precision, Recall uaz F1-
Score Uu%qﬂﬁuya%a Wisconsin Breast Cancer Diagnostic (WBCD), SPECTF Heart ag

Arrhythmia Taensvunlugateyaniansunnd iavageunituamisalunisyssendldves

TUNDUTTA)
( Medeical Datasets
oWy
Ve
Data Pre-processing

Dataset Splitting
(70/30, 80/20,90/10)
2 /

!

/ Feature Selection \

[ CSFA | lPSOCS | | PSOFA l

s J

|

Classification

SVM

Result Analysis

~

Evaluation

. J

5UM 3.1 JUABUAINIINTBINTTUIUNTIYEMTUNISIHDNAMANYZLATNITIUUN

Usznnludayaninisinng



19

3.1 yadayanldluauide

3.1.1 Wisconsin Diagnostic Breast Cancer (WDBC)

dInvilae Dr. William H. Wolberg 910 University of Wisconsin Hospitals Iﬂ&lﬁaﬂga
andniuanNn15ns93dadediog19wadifiTuNkIUN5EUIUNTT Fine Needle Aspiration
(FNA) wazuvaadunudnvaridsiai asioudnvazionizveswaduzids doya
Usenaudeianun 569 dogdeya Tassuundu 2 ndu Ao

1. uwiSewiad1euss (Malignant) 31uau 212 e

2. uzSerialadeunss Benign) 31U 357 g

lneurayf18813UENaUAIY 30 AMENBULLTIRaLAY (Numerical Features) 3 lgl
91INNITANIUAIMIIED A1) T0I0NAE LauA Atady (Mean), d@udequuunsgiu
(Standard Error) wagm13ngn (Worst Value) ¥osnniaiifinusensnuanuuglnglanis

MNS199 3.1

M1319% 3.1 Auaneazluyadaya WDBC

A0 | YeAMENYMENUFIY A185U"Y

1 | Radius (mean) TzgvlafyNAUINaNaUALaS (cell

boundary) - ALa&e

2 | Radius (se) JyeulaRgANAUINANAWBUIUALEAE (cell

boundary) - #1ULU89UNIATFIY

3 | Radius (worst) T28rlAREINAUINA DO UYNLYAE (cell

boundary) - AMNTIEA

4 Texture (mean) AMULUTUTIUYDIATANUTLVDINNLDA (standard

deviation) - ALaAY

5 Texture (se) AULUTUSIUYDIANANULTUVDINNLDA (standard

deviation) - #ulgauulnsgIY

6 | Texture (worst) AMULUTUSTIUYDIANANULTUVDINNLDA (standard

deviation) - AuNTIgA

7 | Perimeter (mean) ANMUYNILAUTDUIVBITAR - ANLARY

8 | Perimeter (se) ANNEIAFUTOUNVRULAS - A TERUULINTTIY

9 | Perimeter (worst) AHETUAUTOUIYBULAE - ANLNTIAN
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M13199% 3.1 (da) Amdnwugluyadaya WDBC

d1du | Foamudnumeziugy AB5UY

10 | Area (mean) Nuflvenwad - Anade

11 | Area (se) fufiveaad - drudsauunnsgu

12 | Area (worst) Nufiwoawad - ﬁ'ﬂmﬂ‘ﬁqw

13 | Smoothness (mean) AUSEUTeBUAd (local variation) - AadY

14 | Smoothness (se) ANSEUYBBUWas (local variation) - d@u
Lﬁ&JQLuuu’lmgm

15 | Smoothness (worst) ANLSYUVDITBUAR (local variation) - ALN
o

16 | Compactness (mean) ATIATUIIATN, (perimeter? / area - 1.0) - Aade

17 | Compactness (se) AnfiFanan (perimeter? / area - 1.0) - @
Lﬁmmummgm

18 = | Compactness (worst) AiF I8N (perimeter? / area - 1.0) - AN1N
o

19 | Concavity (mean) ANNVINVDITBULEAR (severity of concave
portions) - Aade

20 | Concavity (se) ATILIIUIUBULYAR (severity of concave
portions) - Ei’JuLfJ'ENLUuu’]Gﬁiﬂu

21 | Concavity (worst) AN INVDIVB UL RS (severity of concave
portions) - AMNATIZR

22 | Concave Points (mean) | S1uaugari v Uwad - Auade

23 | Concave Points (se) UIUPAIVULOULTER - ﬁ’smﬁmmummgm

24| Concave Points(worst). | S1uugari uwauad - Awnndign

25 | Symmetry (mean) ATLANINATVDIEE - ALRAE

26 | Symmetry (se) ANNANNATVDUYER - ?i’auijsJaLuuaJ’lmﬁgﬂu

27 | Symmetry (worst) ANUANLNNTVDUYAES - mumﬁqm

28 | Fractal Dimension amudutouresvoulad - Aade

(mean)
29 | Fractal Dimension (se) | mnududouvesueuiad - drudoauunsgiu
30 | Fractal Dimension (worst) | msdudeuvestauLead - Aanniign
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gadoya WDBC feoiludeyamnsgiuigniunldlunuidesunisiseuiveanses
wagNISUNMgaEaunIvia1y Weasnndlanuauysal wazanusaihludszendldiudane3viu

An99 leognsfiusednsnm

3.1.2 SPECTF Heart

yateya SPECTF Heart Wunilduyndoyanisnmsuwmdilasuanuieslunisinm
Weatunisidedelsaiala Inglngunsi1ug1uYaya UCH Machine Learning Repository
uefugadoya WDBC ynsjwansvesyadoyaifonislideyailldannmaunuilade
wAlA Single Photon Emission Computed Tomography (SPECT) Wevhueanziilave
Fon Insndeyaiiuszneuludmedoyaioun 267 fregis lassuundu 2 ndu Ao

1. naugthefiangilaviaden (Abnormal) $1uiu 131 et

2. nquUn# (Normal) $7uau 136 faees

Toyaluusazinegnaszneusie 44 gadnvazuuaydmauiy (nteger) Blfan
AAutugssdnyn A SPECT Tulsiazsiumis sanmsUssdiuspmiasiauuavinuagiig
ekl udnsdansnedl 3.2 aadnunvandasfeutassduaosnisganduassadly
ndnuiileila dedaddanisleiiouveqdan uavamsaldlunisiesizinnzinunives

Mlalaogaaiuen

A51e71 3.2 audnealuyadoys SPECTF Heart

fdu | Tenmdnwm A20E19AIAN S A185U"Y
ﬁugm
1-22 | SPECT‘@ i | SPECT Anterior 1, AALTNVDSEEYYIUAN
WU (Anterior) SPECT Anterior 2, ALY Tunwanu
SPECT Anterior 3 UUNBIN UM
23-44 | SPECT awuu3  |'SPECT Posterior 1, AULTNVDIA QY EYI0UAN
a4 (Posterior) SPECT Posterior 2, Aumesinee Tunwanu
SPECT Posterior 3 UULDIN UM

Yavoya SPECTF Heart Jamsnzauagedsdmniumaianldlunsnassadssuieu
UszanSnmuesdanasiunisidenauanuae ewrnliszauanududeuvesdoyasyly
sEAulIUnNas wazdTuiunuanaEINNIIYATeya WDBC daieliaiunsauseiiiy

Anenmvesdanesiiulisgansounquungvy
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3.1.2 Arrhythmia

yatoya Arhythmia Wudeyanisnsunmdfifedosiunsidedunngiiladiuiin
9911% (Cardiac Arrhythmia) Faneunslag UCH Machine Learning Repository a;m{wma
vosyadoyaifonisdanguissiamvasadulniiniale (EC) wlatelunsiiasgviany
ArufinUnAvesszuumaiiunesiale tneyadeyaiiuseneuludae 452 degadeya lne

Fuunilu 16 nqu uanwian1sen 3.3

M1319% 3.3 $18n13531uUn 16 ngaluyadaya Arrhythmia

NGUN S'ii'anf:ju 71U AN95U"Y

1 Normal 245 | lamuund

2 Ischemic changes (Coronary aaq Amzadeniiinainlsaviaen
Artery Disease) Genmila

3 | Old Anterior Myocardial 15 werinngdorlaneuina
Infarction PIUNTN

4 | Old Inferior Myocardial 15 werinndsidoslaneuina
Infarction AIUAN

5 | Sinus Tachycardia 13 | amzgnladusunulduuuleda

(3NN 100 Ada/177)

6 | Sinus Bradycardia 25 nmglawudiiuluwuuleda

(Waenin 60 A5y/uI)

7 Ventricular Premature 3 PlT0IaINAUADUNIAY

Contraction (VPQC)

8 | Supraventricular Premature 2 WalarasuuLAUADULIAN
Contraction

9 | Left Bundle Branch Block 9 nsi i AaUn@luluLsgeves
(LBBB) la

10 | Right Bundle Branch Block 50 | msthlviRaun@lunuuaninves
(RBBB) A

11 | 1st Degree Atrioventricular 0 sl gnsenIneiesuLLarans

Block 9999719 sEAUN 1
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M13199 3.3 (D) T18n13531uun 16 ngulugataya Arrhythmia

nguil Fongu 31U Anadu"Y

12 | 2nd Degree AV Block 0 miﬁﬂw%mﬂmmﬁumaﬂ%
FTNINVDIVULAZANTOILD

13 | 3rd Degree AV Block 0 nsthlwdhanametamasewing
WoIUULAZaBITILe

14 Left Ventricular Hypertrophy 4 Wlanesansgenun

15 | Atrial Fibrillation (AF) 5 anviilaesuudunss

16 | Others 22 | nguduq dlsiogluussiandnasiu

lagHAIUAMANYAZTIS 279 AMANYAIBWIAY LN1RINATNITITREINARINNTS

Inszideyaamdulniigala (Electrocardiogram: ECG) 3ainsnduunaendunuinmy

PAN AN UANIUTLNN LAAIFIRISIN 3.4

M139% 3.4 nguwisEitaesuanamFyameaulnivialaluyadeya Arrhythmia

NAUNITITNADS

P ERRELIGRNTAIE

A1D5U"Y

291387 (Time Intervals)

PR Interval, QRS

Duration, QT Interval

[ |

PININTENINAAYA

o

=2

YUAAU ECG Tadeoudnig

Yanseualwinluiila

AINUEIYBIARY

(Amplitude)

P Wave Amplitude, T
Wave Amplitude, R Peak

ANUENYRILART AT UAEYIDY
fepun s sdyaaliii

Tutsazaan1svinauvesinla

ANMUDYIDOATINTTLAU

(Rate)

Heart Rate, RR Interval

ANUDlUNSIAIUYIle Lay
PIANTEWINNTLAULFRY

Asq

ANMUFUNUSYDIPAU

(Morphology Ratios)

ST-T Ratio, P-R Segment

Ratio

DNIIAIUTYUNINARUNT YIS
AN99) B9928LATIZIAIL

Raunanalnidrvesila

anwazlanznelninau

Axis Deviation, Electrical

AXis

NFNIINITNTLINYVDY
dyaradnihangluila gadl

HagioN1TIlaElIAs99)
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3.2 nﬂiLLﬁﬂﬂgﬂ‘ﬁ'agaLﬁaﬂ'ﬁ%ﬂam (Dataset Splitting for Experimentation)

Wiolinsuszifiulszansnmuasnseuiunsidonqudnvazuasiuuiiasssuun
Usziandendiswsauazindede sitedlddudunsuisateyaildlunismaass
sonluansyn loun Yndayalnaeu (Training Set) uay Yatayanaaau (Testing Set) lny
inuadadiunisuundy 3 gUuuu lawa 70:30, 80:20 waz 90:10 AUERY faiifiofnu
wansznuvesUTIndoyaililunisiinaeudeUssansnmvessanesiunsidennudnuny
wazwuuasadwunUTELAN Tngyatunisnsiaaeuanuaissvemwadnsniglavuadeya

Arannuany

3.3 NsiAaNAMANYNLA8TUNBURSAIURAIALUUNAN (Swarm Intelligence-

Based Feature Selection)

£
a Ya o

lun193deil fadeliidenldtuneuisidaddnuinisuasainuaalakuunas (Swarm

Y

Intelligence) dnsunisiaanaaanvuzaNyadayanin1sunnd lneiidavaneiiioan
Jurun s nuasd andu gnnuutugilyunisduunlssnv sazannnududouves

LUU1AY

3.3.1 Cuckoo Search (CS)

'
a

Yunols Cuckoo Search (CS) Insuusstumalaninnginssunisaldvesuning

Y

91duFveunvilndulun1sidesgneeu 1ngdnaaduuiAnURIUNTEUIUNSAUMAINBUT

'
=

wingauiian @aluuTunvainsidenaaanuay ludazioazunuynveInaEnwuzgn

Y

U

\fon (Feature Subset) kag ApumuIzaY (Fitness) vadliusiagnesazgnuseiduniy

Tuma SYM 1agiin1siauanIsIiwasa Ny kandnInnsan 3.5

o [V

A1579% 3.5 AISNIUUANISINNDSISUAUFMSU CS

Parameters Value

n AUTIUIUAAN YUY
Max Iteration 200

Pa 0.25

A 15
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3.3.2 Firefly Algorithm (FA)

Firefly Algorithm (FA) 19 uéﬁy’}umauﬁﬁmmaammmdu (Swarm Intelligence) i
isuusstiumalannnginssuresiisviosfazindouiidmuvauasiiainan faiesusiay
ilutiunvesnisidongudnvarssunuynvosadnvarigniden (Feature Subset) uaz
sedueuainsazasoufennnvasneuusuiladduinnaumangay (Fitness) n13

AMUUAAINITILADTSUAUAMNTU FA LARIRIN1197 3.6

AN 3.6 NISNINUANISITLNDSISUAUFIISTU FA

Parameters Value

n MU IUAAN WY
Max Iteration 200

Bo 1.0

Y 1.0

a 0.2

3.3.3 Hybrid Cuckoo Search - Firefly Algorithm (CSFA)

FunouIn1sneaNsening Cuckoo Search (CS) ka Firefly Algorithm (FA) fiSena
CSFA I¢$umseenuuusnifionudonvasiaesdaneiiiu Tnesgatiunsfiaussansnmly
11961513 (Exploration) wazn13Wa M AInaULEIan (Exploitation) Fudunaladdyues

NS¥UIUNTTLHONAMGNEME 1IN

Ccs FA

Start > Mo Use the best solution from CS as the
: starting point

Create a population of feature subsets in binary
encoding F Represent each firefly as a feature subset

'
! : I
Use Lévy Flight to explore the search E " N
space i Move darker fireflies towards brighter
H fireflies based on light intensity
l | I
Evaluate the quality using the fitness :
function ) Increase diversity in the search space
l E through randomization

l

Evaluate the fitness of fireflies in the
final generation

l

Select the optimal feature subset

H
Select the best solution from CS f-------- :

5U#1 3.2 dana3iiuves CSFA
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n1sviugnuusesnidu 2 seerlaesuain €S lussazusnifi edun1yaves

o Ao v

AENwENATan wadwialuds FA lussesfiaauiieusuuss uansdagui 3.2 lnganunse

q

sUNUT ALY luLsazTunaUlafIl

1)
2)

3)

4)

5)

6)

7)
8)

fupoud 1 : BuduaiassnsvesnamudnuarlusUuuuluun

Sumout 2 - MWnaln Levy Flight lunsdsaaiudidineu (Search Space)
PENTINVIN

funoud 3 Usziiunun nvednsassa (Anev) meflaiduinnnumingay

WU AIULLUEIRIN SVM

TRl 4 dangafmeuiinnansin €S ivelddugasudulniu FA
Tupaun 5 : Tdyanudnvasiiafiianain CS Wugasusuvensiumly FA

q

[ o

JURDUN 6+ wniwdaz A luYeAMEaNEE LarAmITUNISAADUTVDY

9 C

' ]
4 =

wiesNainadeslUdsiaiosNainanii

e J)

2

UnoUN 7+ iaAuvaInvalgvesdmeurunalnnisay (Randomization)

Tunaun 8 : Uswldiy fitness vedganmanuluIugne Lagiaanynia

s 4

anllunasnsanyneved CSFA

=)

3.4 n1sunUsesnn (Classification)

nasnaLiunsruIunnsienaaaneazlngldtunsuIBauaaawuungy (CS, FA,

CSFA, PSO, GA gz PSOGA) Ud3 ganadnuaiziildazgmirluldlunissiuundsziandae

WUU188Y Support Vector Machine (SVM). iteusgiiuanuaunsalunIsuenuezngutoya

vosuiazdanasiu lun1snaaesil SYM galdidu sriannuannsavesnisidonaudnuuy

(Wrapper Evaluation Method) lagandunaansuesnaimuuiiug (Accuracy) 210 SYM 1u

Henduinaumansay (Fitness Function) ifudanesiuildidenamdnuas

nsinuasnageuluna SYM anliunistagldyadoyanuialinailudunaunaumn

uazUseiiiunan835 cross-validation wagArMITianI199 11U Accuracy, Precision, Recall

wag Fl-score Lioweuieulsedvnsamseninausardanesiiufenaaanuas
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NAN1SIYLAZN1SAUS19NE

Tuuniagnaniewanisidouazniseivnenadmunsdadonanudnuuzlagld
ArmaaALUUNgufugateyauzS i waedimsveemsUssandldtuneuiidinaaty
yateyamInsuNnd 1 gadeyanisiunsanzsiilanaiden uazyadeyanisidade
amzmauiaunfvesinle auilfausluluidenouvih

Tnsnseassléfinsld 3 yadoya uazfinsudsteyaseniiu 3 vunafieldiunns

ARLEBNANANYULMAMNNANBTURDWTT Lanesen13199 4.1

A5197 4.1 ASUVDINITNAADINIVIUA

a9y yadoya VUINYRY | VUABUTT | N13FMUN | MIUTBUNAENS
UGHE UseLnn
1 90/10
2 uziSaduy 80/20 Accuracy
S
3 70/30 Precision
FA
q - 90/10 F1-Score
AEHLVIN PSO
) 3 80/20 SVM Recall
LADR CSFA
6 70/30 AUC-ROC
PSOCS
7 (. M 90/10 Selected Feature
NITLHUNAUNG PSOFA . .
8 K 80/20 Computation Time
Y019
9 70/30

nduseulunisuiuiavesteya tavldtunewisaiuaaiawuunguiunisiaen
Audnway et luldlunsiinlusuudiaesmsiwundseinnuas inUseidiudseansam
NaansAlaazaunsausvanlafennumunzanvensUseendldtunauisuaznisidonys

Toyaivanaumuanyrvetoya
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INHANTNAGDY UARIRINITIN 4.2 nudburuinveddaya 90/10 ArAakiugnay

gunnturuedeyail wazantevasluvuindoya 80/20 way 70/30 Faagvioudeslayminis

andoyarinuniiuly (Overfitting) Tumanssiudy Wewusloyadudndiu 80/20 uay

70/30 vihlvnuavesyadoyan1smageuininiu nuinAmauwiugdwnlduanauintey

LATINNSNIEINYANVDIAITINDU LTU Precision way Recall U1nTu

o v ¢ v v 2 v
M1919N 4.2 Naawsmswﬂaam’aﬂﬁﬂ%ayjamﬁ%muu

uIn | danasiy Accuracy | Precision | Recall F1- AUC- U
Uaya Score | ROC | Anuanwue
fignidien
CS 96.49 95.65 95.65 95.65 | 96.35 13
FA 100 100 100 100 100 15
PSO 100 100 100 100 100 19
90/10
CSFA 100 100 100 100 100 14
PSOCS 100 100 100 100 100 16
PSOFA 100 100 100 100 100 22
CS 96.49 97.50 92.85 95.12 | 95.73 17
FA 98.24 100 95.23 97.56 | 97.61 15
PSO 97.36 100 92.85 96.29 | 96.42 18
80/20
CSFA 97.36 97.56 95.23 96.38 | 96.92 18
PSOCS 98.24 100 95.23 97.56 | 971.61 15
PSOFA 98.24 100 95.23 97.56 | 97.61 16
CS 94.73 92.18 93.65 9291 | 94.51 15
FA 93.56 90.62 92.06 91.33 | 93.25 12
PSO 94.15 92.06 92.06 92.06 | 93.71 19
70/30
CSFA 97.66 100 93.65 96.72 | 96.82 13
PSOCS 98.83 100 96.82 98.38 | 98.41 14
PSOFA 98.83 100 96.82 98.38 | 98.41 15
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Mnnsisuiiisuis 3 UnuunsuUsdaya wuindanediiulungy Hybrid Tan
Anuwiugige uwazasinausluynieulvvesioya vaedidanosiiuuvuifsiiuuliianas
ogetalugadeyailniutien Taslawgluvnn 70/30 Fafeduieulvfiasiouainuannsa
vosuvuiiasdldlndifsstuaruduaianniign Sntantsnaunaiudsanunsaiden
audnwazldogamnzay liinaviediesiiuly dwheanmiuidsminnsandidoyaiinan
Al wazdednwinnuusiugilusedugs

(%
LY [

MnuadnsnsUssidiulsyAnsnnlaglddl Tandnisludsussans iwnssuun
Auatn1satun1syiuiedeyalnle (Generalize) gana3fiu PSOCS (Hybrid PSO +
Cuckoo Search) uansuadnsilansiniian Insannsasnyanuuiudisziugduynauin
nswusteya tnsmizluvuin 70/30 uagdaunsndonandnuuslaeg1aiusednsam
wazldnanlumsUszananaiining1 PSOFA 13831 CSFA aesiliidAgy Seanunsnazuls
PSOCS iuganesfinfimnzanigalunindenaudnvasiionissuuntssanluyadoya

115 A Ul

Accuracy

1.000 T Fem e oo/ LA =N } 1 Algorithm
[ Cs
B FA
ET CSFA
Il PSO
[T PSOCS
Il PSOFA

0.950

"
{

Accuracy

0.875

0.850

0.825

0.800
90/10 80/20 70/30
Data Split

JUT 4.1 wan1snaassnuwivg M sduunUssniuyadayauzisadius

wansliliuNaanSAITUANLLINETe AR danes TuLarILIAN1SWUlaya dunald

- saaa

MdanesnunannaIulawn PSOCS wag PSOFA Tvnadnsnananniuale CSFA Tnawiunale

9

agedAludaUT U UAUSANeSNINWUULAYY ULaAIRIUN 4.1 MINauNauliRaawsna

Wesnerdegaudevetudaziiunyinnisiaunauiu 1w PSOCS ag PSO taului1unisg
WmA1mau (Convergence) ag135ams el uIAnN1SRAsUlInINUsEaUNSaiNATIgn

dau CS Lasuludeinsdsn (Exploration) Tagldf Levy Flight vl Particle wndeufildiuuy
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nsglaniflovanidsamsinoglufneuifianluuiiamils (Local Optima) Kuiuuslewid
At udlothuwaunaudy e PSO Suinegludneuiigaluuiumis €S agviinig
USuugsmsiedoudt viliuuudiassdsanunsadumeineuianinld wusudiuludwues
PSOFA @slfusaaganuszdiunuainwes FA Fadunsufuudsinluuinauilnddmney
devnnsaumanuiudslasuussloviannisuivuinadnuuzegiaziden ¥dsen PSO
mdgiuiivosnouiiiuds wagnsnaumauiures CSFA umaidumsdina Tuusay
s €S T¥msganuuninslag Levy Flight uay FA ladsufidivdnouiianitluids Local
FoiliAnemaunalunisdi sl uaznisuudnevessdeiiles wliusyansnm

AILITaLaNTHNNUANAY MIEnaNNISHANNAUYNALTIANAADHATNE AU UENATY

YBILUUIIADINITVUNYUTZLAN

Selected Features by Algorithm and Data Split

CSFA

PSOCS
PSOFA

2]
A6
2]

Number of Selected Features

Fa. =

[ =

90/10 80/20 70/30
Data Split

JUT 4.2 Inugaanuasiignidenlugadoyauzniadiuu

HaENSTIIUALANYNEgNIdon IneurazdanesNunelanTLUIATaYATIuANGNg

a

fiu wudtudagdane3iudivwildunisidendtuiunuanvausiuandaiueenly wananagy

4.2 F3aun3093U18leanNg AnssuBIlATIA 19U T AN B3 TINLUULAL AL LUUNALNAY

8ana3fiu Cuckoo Search (CS) TuwiltudonandnuazlulIunundesngaluyn
dndiureIn1sulsteya JeaennneeiusTsuvIRvesdaneIiuiunsd1sddniuugy

1ng Lévy Flight uazfinnsesqaiidhdty dwalidanesiuilanuaunsalunisanainududou

=

YoeuuUsIaedlaf 6ane37iu Particle Swarm Optimization (PSO) [ udane3iufiaen

AuanwugluUIIugeg1aallol wansdlsdnyuzn1svOUnuNIImanaTanegi

9

FITINIUNITUTIUT IR Nsidendiuaunadnuaeiuniuliensaeriouds
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Anudedlunisiia Overfitting laeaniglugadoyavwinan ludiuvesdanea3iiu Firefly
Algorithm (FA) fifnuunuanvagngnidenagluszauumnans lnsanizludagiu 70/30 7
anaseg1ataay Feonvzdunaniannalnnisiedeunianuaiuainiiiiugafinan e

Wil deraliiinnsnsesnadnuagilisnduldd wazaruwivgfinnuatiosnin

Tudhuvesdaneifiuuuunannany CSFA wuindingiinssunisidenaudnuasiiauga
fign Tnstanzluyeadeya 80/20 fidenuniignlunguuesnsnaunauaneiiu uazanas
Tugedoya 70/30 FauanaiansnasnausEnINaNIsd5I19909 CS WagAsuaamves FA 16
9g19ilUsEANSIN danesTuluuNaNaIY PSOCS fkuiltunisidennudnuugseauliu
nans Inefinnuasiianegs wansiannsil €S 1anRaganugfingsy Over-selection ¥4 PSO
167 Tudhuvesdaneiiiunsuausan PSOFA Tdnwaziaufeidennudnuuzanniianluzge

a v
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M15719% 4.3 wadwsnmeaaslugadeyanidzidlaviaien

YuUIn | 9ana3Ny | Accuracy | Precision | Recall | F1- | AUC- | 37u7u
Uaya Score | ROC | Aaudnuoue
ﬁgmﬁan
Cs 74.07 80.95 85.00 | 82.92 | 63.92 20
FA 70.37 127 85.00 | 80.95 | 56.78 10
PSO 74.07 88.23 75.00 | 81.08 | 73.21 26
90/10
CSFA 85.18 90.00 90.00 | 90.00 | 80.71 23
PSOCS 92.59 95.00 95.00 | 95.00 | 90.35 22
PSOFA 92.59 90.90 100 9523 | 85.71 22
CS 83.33 94.87 84.09 | 89.15 | 82.04 18
FA 90.74 93.33 95.45 | 94,38 | 82.72 19
PSO 79.62 90.24 84.09 | 87.05 | 72.04 22
80/20
CSFA 87.03 89.36 95.45 | 92.30 | 72.72 17
PSOCS 94.44 93.61 100 96.70 | 85.00 20
PSOFA 94.44 9167 95.45 | 96.55 | 92.72 24
CS 79.01 87.69 86.36 | 87.02 | 66.51 20
FA 81.48 81.48 100 89.70 | 50.00 6
PSO 1777 91.37 80.30 | 85.48 | 73.48 26
70/30
CSFA 86.41 93.65 89.39 [ 91.47 | 81.36 21
PSOCS 90.12 96.77 90.90 | 93.74 | 88.78 26
PSOFA 90.12 90.27 98.48 | 94.20 | 75.90 21

ludndruvestoyavuin 90/10 Fanasiiu PSOCS wag PSOFA lviAaauiuggegn
windudl 92.59% Tae PSOFA anansalsien Recall 100% uas F1-Score i 95.23 Gauandlii
iumnuassavessanesitlunsaseunquitreiidulsailaldegsasuiu wiludou
YINWIUNMIDONAMTN YU 22 AnidnYiy Usl FA HanAMGNwMLLiEs 10 Aainyy
wazdarnuud ugirind1d e uansdiiiuiinsdenaudnvuresese Tednasie
Anuansalun suunteya dane3iiu CSFA uanwadndogluszaun lagAiauuaiug
0¢7l 85.18% uay F1-Score i 90% F1uruAudnuazfigniden 23 Audnvar Juands

AnNaInsavesMINaNNauiulunsdIasLamldegsauga
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96.55 dauanafianisanungUasldududnazaseunqugnin vaedl FA TR Fl-Score
599893171 94.38 udldandnuaiziiies 19 $18n3 uanaianuanansolunsaauuuiiaes
flsravsnwenegaadudeus Tumenduiu PSO wifazdidnrmusiuguiios 79.62% us
\Fonandnuaizannie 22 iens azvieufetlapmnsidenaadnvazanniiuliuazanandes
Ao TNz uTayatinanniuly
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9nTdIURIlBYaNAEDU Sana3id PSOCS way PSOFA lvnadnsiniidanesiuauluvae

A5 NlUAUAINUKU U LAY F1-Score NAAWSWARIAIAISI9N 4.4

M1519% 4.4 wadwsnmeaaslugadeyanidzidladuindenaey

Yu1n | 9anasN | Accuracy | Precision | Recall | F1- 1LY
Uaya U Score | AANYME
figniden
() 89.13 73.75 77.50 74.57 136
FA 89.13 73.75 70.83 71.90 145
PSO 18.26 55.14 54.78 54.77 138
90/10
CSFA 86.95 65.97 70.47 66.13 140
PSOCS 89.13 76.81 80.47 77.64 134
PSOFA 89.13 76.70 12.97 73.04 143
CS 71.42 63.32 50.36 52.87 130
FA 69.23 39.58 36.90 37.08 60
PSO 70.32 47.96 48.29 47.60 138
80/20
CSFA 70.32 52.42 46.78 47.99 126
PSOCS 83.51 69.75 58.76 62.00 147
PSOFA 83.51 62.92 57.87 59.58 143
CS 62.50 44.57 40.75 41.79 121
FA 63.97 52.03 46.48 44.88 75
PSO 68.38 50.25 45.27 47.18 127
70/30
CSFA 69.85 57.30 50.49 52.79 129
PSOCS 75.00 60.40 53.49 52.39 150
PSOFA 18.67 61.32 55.03 54.19 127

Tugadeyauuin 90/10 sanesfiu CS, FA, PSOCS, PSOFA TriAnanausiugiyindud

89.13% 1ag PSOCS 19 Recall way F1-Score gaan drudanedfiu PSO fiuszavsameiign
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Abstract—This research focuses on developing an efficient
feature selection process using a hybrid technique combining
Cuckoo Search algorithm and Firefly Algorithm. The Wisconsin
Diagnostic Breast Cancer dataset is utilized to evaluate the
capability of selecting significant features and eliminating
irrelevant ones. The experi tal results d rate that using
the hybrid technique significantly improves the accuracy of
machine learning compared to using the Cuckoo Search and
Firefly Algorithm individually. Additionally, an analysis was
conducted on the impact of splitting the dataset for training and
testing, with splits of 70/30, 80/20, and 90/10. The experiments
revealed a relationship between the number of selected features
and the model accuracy. The findings from this study can serve as
a guideline for developing appropriate feature selection process
for complex data analysis problems.

Keywords—Feature Selection, Swarm Intelligence, Cuckoo
Search, Firefly Algorithm, Breast Cancer

I. INTRODUCTION

Machine learning is an essential tool in many domains,
including engineering, finance, and medicine, especially in the
interpretation of medical data. Feature selection is considered an
essential step that helps reduce data complexity, increase
processing speed, and improve the performance of learning
models. Selecting appropriate features enables the model to
focus on learning only the data directly relevant to the problem
being analyzed.

Metaheuristic algorithms are a group of algorithms designed
to solve complex optimization problems including Simulated
Annealing (SA), Tabu Search (TS), Genetic Algorithm (GA),
Ant Colony Optimization (ACO), Particle Swarm Optimization
(PSO), Differential Evolution (DE), and others. Cuckoo Search
(CS) and Firefly Algorithm (FA) are also interesting bio-
inspired algorithms which have distinct strengths. CS excels in
exploring the search space broadly but lacks deep refinement
capabilities, while FA specializes in fine-tuning solutions but
has limited exploration capabilities. This led to the idea of
hybridizing the two algorithms to balance exploration and
exploitation effectively.

Therefore, this research aims to develop and evaluate the
performance of a hybrid technique combining the Cuckoo

Warangkhana Kimpan
Dept. of Computer Science, School of Science
King Mongkut’s Institute of Technology Ladkrabang
Bangkok, Thailand
warangkhana.ki@kmitl.ac.th

Search and Firefly Algorithm for feature selection. The
Wisconsin Diagnostic Breast Cancer dataset is used to analyze
the performance and the impact of data splitting with
proportions of 70/30, 80/20, and 90/10. The experimental results
will confirm the capability of the hybrid technique in improving
the accuracy of learning models.

II. RELATED WORK

The research in feature selection has developed various
techniques and algorithms to reduce unnecessary features and
enhance the performance of learning models. Many studies
have explored metaheuristic algorithms as well as hybrid
approaches to improve outcomes. This section will cover key
algorithms and relevant approaches.

Feature selection is a crucial step in the data analysis process,
aiming to reduce unnecessary features and retain only those that
are significant. Research by H. Xie, L. Zhang, C.P. Lim, Y. Yu,
and H. Liu [1] utilized Particle Swarm Optimization (PSO) for
feature selection and demonstrated that the selected features
could improve accuracy. The study by C. Ozgur [2] presented a
Genetic Algorithm (GA) for feature selection in large datasets,
highlighting the potential of metaheuristic algorithms in
handling complex data.

A." Cuckoo Search

Cuckoo Search (CS) is an algorithm inspired by the egg-
laying behavior of cuckoo birds, using Lévy Flights to find
optimal solutions within the search space. The CS algorithm was

developed and demonstrated its capability in solving
optimization problems in complex scenarios [3].
xi(t“) = xi(t) +a @ Le'vy(1) M

Equation (1) describes the process of generating new
solution in the Cuckoo Search by employing the concept of Lévy
Flights, which is a random walk where the step length is
determined by a Lévy distribution. In this equation,

xi(t)represents the current position of the solution for cuckoo i at

iteration t, while xi(tﬂ) indicates the updated position after the

adjustment. This update depends on the parameter a, which



controls the step size to balance between exploring new areas
(exploration) and refining solution in nearby regions
(exploitation). Additionally, Lévy(1) the step length drawn from
a Lévy distribution, which ensures an effective balance between
local and global search in the optimization process.

Lévy~u=t*1<1<3 2)

Equation (2) defines the Lévy distribution, a heavy-tailed
distribution where most steps are short, but occasional long steps
occur. The step length (u) derived from this distribution is used
in Equation (1) to determine the distance for updating solutions.
The parameter A, within the range 1 <A < 3, shapes the
distribution: when 4 is close to 1, it emphasizes long jumps for
exploring new areas (exploration), whereas when 4 is close to 3,
it favors short steps for refining solutions in the local region
(exploitation). The power law from t~* ensures the algorithm
can effectively balance local and global search, improving
optimization efficiency.

The study by A. Joshi and R. Aziz [4] proposed a hybrid
method combining Cuckoo Search and Spider Monkey
Optimization for feature selection to identify gene sets that assist
in predicting early-state cancer. This method demonstrated its
effectiveness in improving classification accuracy and cancer
prediction from large datasets. B. Aljorani and A. Hasan [5]
introduced a hybrid method between Cuckoo Search and
Crossover Operators to explore unvisited areas and avoid being
trapped in local optima. The experiments showed that the
developed algorithm achieved higher efficiency in terms of
classification accuracy and the number of selected features
compared to the traditional CS method. B. Elizabeth et al. [6]
used the Chi-Square technique to rank features in a heart disease
dataset and employed the Cuckoo Search Optimization
algorithm to select the most relevant features. The selected
features were then used to train models with k-nearest neighbor
(KNN) and Support Vector Machine (SVM). The experimental
results demonstrated that the proposed method could effectively
reduce features and improve the heart disease diagnostic system.
Y. Kaya [7] proposed the Cuckoo Search algorithm for feature
selection outperformed the Genetic Algorithm (GA) by
selecting fewer features (25 vs. 27) while achieving a higher
classification accuracy (99.04% vs. 96.15%) on the Sonar
dataset. H. Abdulwahab, S. Ajitha, M. Saif, B. Murshed, and F.
Ghanem [8] proposed the Multi-Objective Binary Cuckoo
Search Algorithm (MOBCSA) effectively selected optimal gene
subsets for classification tasks in bioinformatics, achieving high
classification accuracy (92.79% to 98.42%) while reducing the
number of selected genes (15.67 to 27.88), outperforming other
multi-objective feature selection methods. The Cuckoo Search
algorithm is described in Fig 1.

B. Firefly Algorithm

Firefly Algorithm (FA) is inspired by the flashing behavior
of fireflies, which is used for attraction and communication.
Research by Yang (2010) demonstrated the efficiency of FA in
finding optimal solutions for nonlinear problems [9].

1(r) = Iye ¥ 3)
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Algorithm 1 Cuckoo Search via Lévy Flights
1: begin

2: Objective function f(z),z = (z1,..., Tq)
3: Generate initial population of n host nests z; (i =1,2,..., n)
4: while ¢ < MaxGeneration or (stop criterion) do

5. Get a cuckoo randomly by Lévy flights
6:
7
8

Evaluate its quality/fitness F;
Choose a nest among n (say. j) randomly
: if F; > Fj then
9: Replace j by the new solution

10:  end if
11: A fraction (p,) of worse nests are abandoned and new ones are built

12: Keep the best solutions (or nests with quality solutions)
13 Rank the solutions and find the current best

14: end while

15: Postprocess results and visualization

16: end

Fig. 1. Pseudocode of the Cuckoo Search (CS)

Equation (3) describes the light intensity, which represents
the quality of a solution in the search space. The light intensity
(I decreases with the distance (r) between two fireflies, where
I, is the initial intensity at the source, and y is the absorption
coefficient that governs the rate of intensity reduction as the
distance increases.

B =poe " “

Equation (4) represents the attractiveness of a firefly (8),
which decreases with the distance (7) between two fireflies.
The initial attractiveness. at the same position (7 =0) is
denoted by S, and y is the absorption coefficient that
determines the rate at which the attractiveness diminishes as the
distance increases.

(%)

Equation (5) represents the distance between fireflies i and
J» calculated using the Euclidean distance (rj;), where x;
denotes the position of firefly i in dimension k and d is the
number of dimensions the search space. The movement of
firefly i, which is attracted toward firefly j (with higher
brightness) represents in equation (6).

X =%+ ﬁe_yr?f(x]- —x;) + a(rand — 0.5) (6)

Where S is the attraction coefficient the decreases with
distance, & is the randomization factor to enhance diversity in
the search space process, and rand is a random value from the
range [0,1] to add stochasticity to the movement direction. The
Firefly Algorithm is described in Fig 2.
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Algorithm 2 Firefly Algorithm
1: Objective function: f(X), X = (1,29, ,24)"
2: Generate initial population of fireflies X; (i = 1,2,--- ,n)
3 Evaluate light intensity I, at X; using f(X;)
4: Define light absorption coefficient
5
6:
T
8

5: while ¢t < MaxGeneration do
for i =1 to n do
for j =1 ton do
if I; > I, then

9: Move firefly i towards firefly j in d-dimension
10: Attractiveness varies with distance r via exp(—vr?)
11: Evaluate new solutions and update light intensity
12: end if
13 end for
14:  end for
15: Rank the fireflies and find the current best
16: end while
17: Postprocess results and visualization

Fig. 2. Pseudocode of the Firefly Algorithm (FA)

In applying FA to feature selection, the study by T.
Badriyah, I. Syarif, and D. Prakoso [10] proposed using the
Firefly Algorithm for feature selection in high-dimensional
datasets. S. Chemmalar, G. Selvi, Y. Gokul, G. Srivastava, and
T. Gagekallu [11] used the Firefly Algorithm as a technique for
selecting the most important features for breast cancer
diagnosis. The results showed that this method is highly
effective. The study by P. Rana, I. Batra, and A. Malik [12]
proposed using the FA, particularly in its hybrid form, exhibited
a remarkable ability to enhance feature selection by
significantly improving classification accuracy and efficiently
reducing dimensionality.  This - optimization  technique
outperformed conventional methods such as PSO and other
widely used algorithms in various domains. Furthermore, T.
Sindhu, N. Kumaratharan, and P. Anandan [13] using the FA
proved to be an effective optimization tool for selecting
relevant features in high-dimensional datasets, leading to
substantial improvements in classification accuracy while
outperforming other traditional methods, including PSO and
GA, due to its superior exploration-exploitation balance,
adaptability, and robustness in handling complex data
structures across various real-world applications. Additionally,
S. Maza and D. Zouache [14] proposed the Binary Firefly
Algorithm (BFA) demonstrated its superior capability in
feature selection by effectively eliminating redundant features
while ensuring high classification accuracy. Experimental
results confirmed that BFA consistently outperformed PSO
across multiple datasets, reinforcing its robustness and
adaptability for feature selection tasks.

The integration of multiple algorithms has become a
popular approach in recent research. For example, Q. Chen, Y.
Chen, and W. Jiang [15] combined PSO and GA to enhance the
efficiency of feature selection. B. Asgarali, G. Habib, and T.
Omid [16] integrated Cuckoo Search and Differential Evolution
to develop a highly effective hybrid technique.

In order to enhance and balance the exploration and
exploitation of swarms effectively, we proposed the idea of
hybridizing the two algorithms: Cuckoo Search and Firefly
Algorithm, called CSFA that can improve accuracy and reduce
unnecessary features.
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TABLE L. CLASSES
Classes Instances Percents
Malignant 212 37.3
Benign 357 62.7 |

III. THE HYBRID CUCKOO SEARCH AND FIREFLY ALGORITHM IN
FEATURE SELECTION

This section provides details about the dataset, feature
selection techniques and models used for breast cancer
classification, which are key components of this research. The
primary objective is to select only the most relevant features to
reduce the number of features, minimize the risk of overfitting,
and enhance the performance of the classification model in
terms of both accuracy and efficient data processing capabilities.
The architecture of the proposed hybrid method, called CSFA as
shown in Fig 3.

A. Dataset

The Wisconsin Diagnostic Breast Cancer (WDBC) dataset
is widely recognized for its use in machine learning and big data
management. It is available for download from the UCI Machine
Learning Repository. The primary purpose of this dataset is to
diagnose breast cancer based on clinical features derived from
measurements of cell nucleus characteristics.

This dataset consists of 560 instances, 30 features, and 2
target classes. The data comprises of 30 numerical values
obtained from digital images of cell samples collected through
the Fine Needle Aspirate (FNA) process. The main features
include: the mean distance from the center to point on the
perimeter (Perimeter), area (Area), the variance of radial lengths
in a specific area (Smoothness), compactness (perimeter”2 / area
- 1.0), the severity of concave portions of the contour
(Concavity), the number of concave portions of the contour
(Concave Points), symmetry (Symmetry), and the fractal
dimension (coastline approximation - 1). These features are
calculated using three metrics: mean, standard error, and mean
of the three largest values (Worst). This dataset is divided into
212 malignant cases (37.3%) and 357 benign cases (62.7%) as
shown in Table 1.

‘Wisconsin Diagnostic
Breast Cancer Dataset

Data Pre-processing

Feature Selection

Firefly Algorithm | Phase 2

Fig. 3. Architecture of proposed hybrid method
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B. Feature Selection Techniques

Feature selection is a crucial step in the machine learning
process, aiming to select only the significant and relevant
feature from the dataset while eliminating unnecessary or
complex ones. This method enhances the model’s performance,
reduces the risk of overfitting and simplifies processing
complexity to achieve more accurate and efficient results.

Fig 4 shows the integration of the Cuckoo Search (CS) and
Firefly Algorithm (FA), called CSFA for feature selection
leverages the strengths of both algorithms. The CS performs a
comprehensive global search to identify high-quality initial
feature sets, while FA refines these feature sets in depth to
achieve the optimal results. This hybrid method clearly divides
the process into two stages to maximize the efficiency of search
and refinement.

In Phase 1, a global search is conducted using the CS
algorithm, which is designed to explore the search space
comprehensively. Lévy Flight is employed as a key mechanism.
The process begins by generating a population of feature sets in
binary encoding. It is then used to search and explore areas that
may contain optimal solutions. These feature sets are evaluated
using a fitness function, which considers classification
accuracy and feature reduction to enhance the compactness of
the model. Finally, the best solution from CS is passed to Phase
2 for further refinement.

In Phase 2, the FA uses the best solution from CS as the
starting point for refinement. Each firefly represents a feature
set and the movement of a dimmer firefly toward a brighter one
is based on the intensity of the light, represents the quality of
the fitness function and the distance, which reduces the
importance of farther options. This attraction and movement
principle helps improve the search for solutions. Additionally,
randomness in the movement process enhances diversity in the
search space (exploration). Finally, the firefly with the highest
fitness in the final generation represents the optimal feature set.

C. Classification

Once the optimal feature set is obtained, Support Vector
Machine or SVM is used as the classifier. SVM is chosen due
to its ability to handle high-dimensional data and its
effectiveness in binary classification problems. Additionally,
the kernel and parameters of the SVM are fine-tuned to achieve
the best results.

TABLE II. PARAMETER SETTINGS OF ALL THE OPTIMIZATION
ALGORITHMS
Algorithm Parameter

Population Size (n) = 50, Iterations (T") = 200, Discovery
(&) Rate of Alien Eggs (p,) = 0.1, Step Size (o) = 0.1, Levy
Flight Distribution Parameter (1) = 1.3

Population Size (n) = 50, Iterations (T") = 200, Light
FA Absorption Coefficient (y) = 1.618, Attractiveness
Coefficient (Byin ) = 1, Randomness Factor (o) = 1

Population Size (n) = 50, Iterations (T') = 200, Discovery
Rate of Alien Eggs (p,) = 0.1, Step Size (o) = 0.1, Levy
Flight Distribution Parameter (1) = 1.3, Light Absorption
Coefficient (y) = 1.618, Attractiveness Coefficient (B, )
=1, Randomness Factor (o) = 1

CSFA

ar

cs FA

“ || Use the vest solution from Cs as he
i starting point

Create a population of feature subsets in binary
encoding

Represent each firefly as a feature subset

Use Lévy Flight to explore the search
space

Evaluate the quality using the fitness
function

Select the best solution from CS

Move darker fireflies towards brighter
fireflies based on light intensity

Increase diversity in the search space
through randomization

Evaluate the fitness of fireflies in the
final generation

Select the optimal feature subset

Fig. 4. Workflow diagram of feature selection using CSFA method

IV. EXPERIMENTAL RESULTS

The experimental results demonstrate the effectiveness of
the hybrid feature selection method combining Cuckoo Search
and Firefly Algorithm (CSFA) using the WDBC dataset. The
evaluation focuses on classification accuracy, the distribution of
selected features and performance comparisons between dataset
splitting methods and feature selection techniques.

Table 2 shows the parameter settings for each algorithm in
the experiment, ensuring a fair performance evaluation by
maintaining the same iteration count and population size. Table
3 shows the number of selected features for each algorithm
across different data splitting ratios. Notably, CSFA selected the
highest number of features in the 70/30 split, indicating its
effectiveness in conducting a comprehensive search.

Table 4 shows that the hybrid algorithm of CSFA
demonstrates the highest efficiency in feature selection and data
classification. Compared to using CS and FA individually, the
hybrid method converges to the solution more quickly and
exhibits significantly higher stability as shown in Fig 5.

Comparison of Accuracy for Different Algorithms

038,

7030 020 010

Fig. 5. A comparison chart of accuracy values across different algorithms
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TABLE IIL. THE NUMBER OF SELECTED FEATURES OF ALL THE
OPTIMIZATION ALGORITHMS
Algorith
m Data splitting Number of selected features
70/30 15
cs 8020 15
90/10 12
70/30 9
FA 8020 11
90/10 17
70/30 18
CSFA 80/20 13
90/10 14

In term of model accuracy, the experimental results show
that using the hybrid technique (CSFA) achieves higher
accuracy compared to using CS and FA individually, especially
with datasets split into 70/30 and 80/20. This demonstrates its
ability to handle complex data and reduce the impact of
selecting irrelevant features.

The high F1-Score of CSFA reflects the balance between
Recall and Precision, which are key factors in improving
disease detection performance. Especially in cases of
imbalanced data, this hybrid approach significantly reduces
error rates and enhances the accuracy of the results.

TABLE1V. EVALUATE RESULTS
@» >
= 2 g § 7 = 2 3 c
] = g a & o c. (o]
= 7 ES 3 Z g g Ed z
=3 =y A 5 = g e. e
= LE < = o 2 a
70/30 | 94.15 92.06 | 92.06 | 92.06 | 9537 | 93.71
CS 80/20 | 98.24 100 95.23 97.57 100 97.61
90/10 100 100 100 100 100 100
70/30 | 93.56 88.23 95.23 91.60 | 92.59 | 93.91
FA 80/20 | 98.24 100 95.23 97.56 100 97.61
90/10 100 100 100 100 100 100
70/30 | 98.24 100 95.23 97.56 100 97.61
CSFA 80/20 | 97.36 100 92.85 | 96.29 100 96.42
90/10 100 100 100 100 100 100
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Receiver Operating Characteristic (ROC) Curve

True Positive Rate

- — C570530 AUC = 094
o —— FAT030 AUC = 0.94
- CSFA70/30 AUC = 0.98

00 02 04 06 o8 10
False Positive Rate

Fig. 6. ROC graph of the algorithms with a 70/30 dataset split

Fig 6 shows the Receiver Operating Characteristic (ROC)
curve graph comparing the classification performance of the CS
FA, and CSFA algorithms. From the ROC graph, it is observed
that CSFA achieves the highest AUC (Area Under the Curve)
value of 0.98 compared to CS and FA, which both have an AUC
of 0.94, in the case of a 70/30 dataset splitting. The CSFA graph
demonstrates better data separation capability, with a higher
True Positive rate and lower False Positive rate. This indicates
that CSFA can create a more efficient and accurate model for
this dataset. The AUC comparison between the algorithms
reflects the potential of the hybrid method in improving models
for disease detection.

Fig 7 is a heatmap showing the features selected by each
algorithm across different dataset splits. The hybrid CSFA
method effectively selects important features, demonstrating
the algorithm’s capability to eliminate irrelevant features. The
heatmap data compared feature selection between CS, FA, and
CSFA, highlighting the hybrid method’s ability to balance
feature selection better than individual algorithms.

H

Heatmap of Selected Features and Accuracy
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Heatmap of feature selection
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The use of CSFA accelerates the convergence process to
the optimal solution, demonstrating that this technique has the
potential to efficiently explore and refine the search space
compared to using CS and FA individually. For the 90/10
dataset splitting, although CSFA achieved a perfect metric
score of 100%, this result may indicate an overfitting issue.
Additional testing using cross-validation or increasing the
diversity of the dataset could help mitigate this problem. The
results from CSFA demonstrate higher potential in terms of
accuracy and stability, particularly in the context of breast
cancer detection.

V. CONCLUSION

This research presents a hybrid feature selection method
combining Cuckoo Search (CS) and Firefly Algorithm (FA),
called CSFA for breast cancer detection using the Wisconsin
Diagnostic Breast Cancer dataset. The experimental results
demonstrate that the hybrid method significantly improves
accuracy and efficiency in data classification, especially when
compared to using CS and FA individually.

The analysis of the results indicates that CSFA can
effectively handle complex problems, such as seclecting
significant features in high-dimensional data, and reduce the
number of unnecessary features. Additionally, the use of CSFA
helps mitigate the risk of overfitting to an appropriate degree.

However, there are certain limitations to consider. The
Wisconsin Diagnostic Breast Cancer dataset from the UCI
Machine Learning Repository is relatively small, containing
only 569 samples, which is generally insufficient for training a
model effectively. This limitation often leads to overfitting.
Additionally, the dataset is divided into two classes, where 357
instances belong to the benign (B) class and 212 instances
belong to the malignant (M) class. This distribution highlights
a class imbalance, which can impact model performance by
favoring the majority class.

For future work, we will focus on applying the approach to
other ~medical datasets and  performing additional
hyperparameter tuning, as this study uses only a single set of
parameter values, which may not fully optimize the model’s
performance. Subsequently, the improved method will be
compared  with other hybrid = algorithms to ensure a
comprehensive evaluation of algorithm performance,
highlighting the potential of the hybrid method combining CS
and FA in feature selection, which can be further applied in
research related to data analysis and machine learning in
various contexts.
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