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Research Title: A New Hybrid Sampling Method. for Imbalanced Datasets Classification

Researcher: . Asst.Prof.Dr.. Anantaporn. Hanskunatai
Faculty: Science___.... Department: Computer Science
ABSTRACT

The class imbalance is a major problem in machine learning. This problem affects
the performance of a model prediction. A popular technique to handle the class
imbalance problem is a sampling technique that is solving in data level. Thus, this
research proposes a new hybrid-sampling algorithm, called DBSM. This technique
combines over-sampling and under-sampling techniques to deal with the class
imbalance for two-classes classification problem. In addition, genetic algorithm is applied
for parameters tuning in the DBSM algorithm and called GADBSM. The experimental
results of DBSM are compared with three sampling techniques which are SMOTE, Tomek
Links, and SMOTE+Tomek Links based on three learning algorithms which are decision
tree, naivebayes, and k-nearest neighbors. The results show that the GADBSM algorithm
yields the best in averages of F-measure and AUC when compared with other sampling
techniques on naivebayes and decision tree learning algorithms. Moreover, GADBSM can

improve the classification performance on naivebayes algorithm upto 7.18%.

Keywords : imbalanced dataset, hybrid-sampling, SMOTE
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TP+FN+FP+TN (2.3)
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Algorithm SMOTE(T, N, k)

Input: Number of minority class samples T'; Amount of SMOTE N%; Number of nearest
neighbors k

Qutput: (N/100) * T synthetic minority class samples

1. (% If N is less than 100%, randomize the minority class samples as only a random
percent of them will be SMOTEd. «)

2. if N <100

3. then Randomize the T" minority class samples

4. T =(N/100) T

5. N =100

6. endif

7. N = (int)(N/100) (x The amount of SMOTE is assumed to be in integral multiples of
100. %)

8.k = Number of nearest neighbors

9. numattrs = Number of attributes
10. Sample[ ][ |: array for original minority class samples
11. newindex: keeps a count of number of synthetic samples generated, initialized to 0
12. Synthetic[ ][ |: array for synthetic samples
(¢ Compute k nearest neighbors for cach minority class sample only. )
13. fori—1toT

14. Compute k nearest neighbors for ¢, and save the indices in the nnarray
15. Populate(N, i, nnarray)
16. endfor

Populate(N, i, nnarray) (* Function to generate the synthetic samples. =)
17. while N # 0

18. Choose a random number between 1 and k, call it nn. This step chooses one of
the & nearest neighbors of i.

19. for attr «— 1 to numattrs

20. Compute: dif = Sample[nnarray[nn]][attr] — Sample[i][attr]

21. Compute: gap = random number between 0 and 1

22. Syntheticlnewindex][attr] = Sampleli][attr] + gap * di f

23. endfor

24. newindex++

25. N=N-1

26. endwhile
27. return (= End of Populate. %)
End of Pseudo-Code.

A9 2.2 pseudo code LEASITNITIINUVDIVUABUTS SMOTE

PNAWDYNNINT 2.2 Lan pseudo code VBITUABUTS SMOTE lawiiswazldunnail
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N Ao Usuiuwes SMOTE Anduesidud

kA dwwvesiieudulndifusiign k /3 (nearest neighbors)

=) 1
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& 1 v - P

N vy 100 Weaunsnukeulunsiaaey
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v A
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nsteuiuiuvesngudoua (overlapping) annmd 2.3 awi (a) iWunsiugszninsngudoya
desddey  (FMegauinunumedyanuel x) wazngudeyaidestnaunn (Fregisaunnueig

'
A

YR ¢ ° = = ' PN Yo = ' v
fydnwal o) nevhniswseudisuluwsaseiiomszesnaninaiuuniignseninaeinguiays

Y

Feluudazaiiagilndiuuniiga 138nd1 Tomek Links 9100W# 2.3 219 (b) 2z¥in1smdn
fegrsausenivluusiay Tomek Links

o© o o o© o o
o 90 © o} Op O o)
X0 o0 0,° X o 0g5
0 x0 © 0
X Ooo X O O
Xy © ¢ X © " o
075Xx2 0% 0o o X © o o
;xxoooo X XX 0 0 o
X
XOxOOOOOO XXX o0 © o
X Ay O O xxx o O

(a) (b)
A9 2.3 AagnaTomek Links
A19g19n157 Tomek Links inuali E(wnaw) uae E(anumdew) ungudeyand

AR (E,E) 9z10u Tomek Links Wloszasnnesswing d(E,E) vio d(E,E) Tan
1NN d(E,E) Ine E, Aodaagsla 9 fanmel 2.4

0. ©o0

oA A o)

A9 2.4 A98719n15%1 Tomek Links
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223 $unouds SMOTE + Tomek Links

SMOTE + Tomek Links [3] Aemafianislunsnannanussninanadansifiudiuiy
naudeyaidusindegiazinaliansandiungudeyaidesiiann lnewaia SMOTE a¥vins
Winduunaudeyaidssthadesliiiduaune o fudnounguteyadesdiann uazldinaia
Tomek Links fdangudesafiinnsdouriuiu (overlapping) veanaudeya annwd 2.5 nw
(@) Fonguieyailiinniuiliaunauaziinnsdouviviuvesnguteyauarltinaia SMOTE Tu
MsuissuauiegnauIn fanwi 2.5 a1 (b) uazldmadia Tomek Links Tun1sidasiodig

Au AININA 2.5 AN ()
o)

09 0o o o9 o o o o o
o 0o O o o %o OOO Oo ooo
X0 o X o O
08 9™ o S 20 o X °© o
0 x0 o o X o o X} o o
o 0" o Roe © © "o Xxx °© o
oX x00 o 4 oé)}((%o ° o x XX © o g
X XXg O O 0 ;(xxx;oo 0 o f&xxy}é 0O 0 o
XX0y 000 0 0o Xxooooo ;E&xg( 00 9o
XXXOO X w O O XXX 0O

AW 2.1 wadia SMOTE + Tomek Links

2.3 wallan1siauszansaanluna
lunsafalueadiundssinndeyalaiinaiia k-fold Cross validation snlglunisius

v =

@ aa 1 v 1 1 [ A 1w
°UWUE]3JEWNLUU'JSﬂ']iLLUQGQWUE]HaE]E]ﬂLIJU k Un {Dy, Dy, ... ,.Di} AR YAISONLUINIGYUINTENINU

9 Y
¥

suaRnaouLazgntoyanagauazgniuildsIuI k Ase lneasausnitvue D, iduge

qusu Y 9
Toyanndounazyndoyaniviofoyadeyaiingou (D, Ds, ... ,DJ uazassdnluimun Dl du
YadayanadauLaryavelainieneynveyaingau {Dy, Ds, ... ,DJ ¥NAUNTENIATU k ATILAY

Tunsneastilanuuaan k = 5 W nUseansnnwedluna FanIng 2.6

fold 1 test train train train train
fold 2 train test train train train
fold 3 train train test train train
fold 4 train train train test train
fold 5 train train train train test

AR 2.6 #2989 k-fold Cross validation Liafvund k = 5
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2.4 ywATeiieades

317398 Preprocessing of imbalanced breast cancer data using feature selection
combined with over-sampling technique for classification [4] {unisanwinsiideymaia
ldangavestoyaiiAnduluranisunndfiioasuduisuzifadiun Tnsuisnsdaden
A (feature selection) Wagn3gusoens (oversampling) Fsiidoi3undn FOT Faanan
Jumsimwareindeyadeuvinisaiidinadiuundszian Tnevinsiinaudnuasilsl
ﬁﬁL‘TJuaaﬂlﬂLLazﬁﬁayjaﬁmﬁamumzmumi oversampling kazailunaiunUszaneg
Tuina 3 Tana fie Decision tree  BayesNets wag OneR 91nHan1svinaesUsngiluinaria 3
Tunafiinisléimada FOT fien F-measure getunilunaildldldinada FOT

311338 A novel evolutionary preprocessing method based on over-sampling and
under-sampling for imbalanced datasets [5] iJunsfinwnsdusiaegnslmiveangudoyalae
THivada SMOTE Gamnldinedin SMOTE 1ediBifur1alugussansamitansinas dafuia
THmaliafidodn CHC $alunsgusiedng Faaeiluszansnmiunniinisld SMOTE 1iesds
e fauniddeiifesnaitves SMOTE Whifu CHC wazi3eudioudSeine 9 8n 538 fe RUS,
TL, ROS, SMOTE, wag SMOTE+TL lagldluina Decision tree C4.5 Tun1sdiuwunuszian a0
N1TNABDINUI UTEaNTAINU89 oversampling (SMOTE,ROS) wag hybrid
(SMOTE+TL,SMOTE+CHC) fiuse@nsnimunnninisundersampling (TL,RUS) agnslsiniunis
Lﬂlmﬁ’]U’Ju@lj’JE]EJ"NEﬂﬁ]ﬁﬁlﬂéﬂiza%%ﬂ’]wﬁﬁ?ﬂENﬁﬂﬁu%ﬂ%ﬁﬂﬁmﬁﬂﬂﬂﬁm@h@EJ"N (over-sampling
rate) Tumiﬁﬁmmmﬂﬁﬂﬂ15Lﬁmi’wmuﬁuashﬁamﬂﬁmﬁga%a'awaiﬁﬂwﬁw%mwamﬁwm e
U593 SMOTE+CHC  Tiandasinsiiiniegslusnsiidannileifisufumaiianisiis
Srnudegnedu 9

313398 Improving emotion classification in imbalanced YouTube dataset using
SMOTE algorithm [6] \unsimaiansmdlinidanuszgndldduieunainduluiagiu
8874 Youtube Fuudesia@fiiefiusznevludedenainvatsUseian wu wad lawan vie
Fregranmeund Tnen1sswundszsianvesdetaddifsaindeniuiivansaiufnidiv
(comment) %ﬂLLﬂﬂaaﬂLi‘ﬁJu 9 UseLANAIeny Ao anger, disgust, fear, happiness, sadness,
surprise, emotion, related W&z unrelated LLaﬂﬁ%m’iL%uiﬂadLﬂ‘%aﬁﬂi (machine
learning) TunsiniunUszian Ysenauluie decision tree, naive bayes tag Support Vector
Machine wagldinailn SMOTE Tunsifiusiuiusiegaweadesdiutesiionddaymaiuly
augavestoya nansvaaesnuIINsle SMOTE ansnsauinszansnmvaslnnals deansnse
Winllé 16.9 %
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11398 Novel Algorithm for Imbalance Data Classification Based on Genetic
Algorithm Improved SMOTE [7] Wtauanisiainaiia SMOTE sy genetic algorithm (GA)
derfiszansamlunsudtlymeraliaunavesnguieyalvifau duneda SMOTE 1Hunil
Tumadaildsunnudemnniiagnlunsuitymeanuldaunavengudeya udidesannaia
SMOTE l48n31n13dudieg1s (percent of synthetic instance) WigaAAEIRUNN 9 FIBES
(minority class sample) Ssusiazdegnaiumsagiidnsimzlunisduiodraiuresiaies
FoueAsetuiadlsimedn GA Fadumeianstygussivsegamileildlunisium ng
WinUszansamm waznaiFeuimenisideunuunguinsiiauinimessamauldsn iy
wafia SMOTE  tfiomdmsnnisdudogsiimnzasluusaziogns lnssuidetuilidededn
GASMOTE  Algorithms  annnsnaasdnAiln GASMOTE  fugadeyaiiindagmenialsiauga
Favumdugatoya nud1 GASMOTE anunsauiulsyavininuednaalddiaalunn 9 gadeya
lowisuutunewds Ca.5, SMOTE+CA.5 way Borderline-SMOTE+CA.5 e ¥nUszAnEninaas
Tainadeen F-measure uwona Nl GASMOTE aunsauiiuusyavininuaslinaalduiniuile 5.9
Wesidud eifisufiumaiia SMOTE



uni 3
YuNBUIT GADBSM

Tuunilaresueistunouds DBSM Fudumadalmifiiutuiowdtaymanlsiaunaves
foya wazmstdunouimetugnssy (Genetic algorithm) snldsmfuduneuds DBSM wde
Bonin GADBSM Insludiuveanaiin DBSM azUszneulusedunsunsandiuiusegieues
naudeyadedunauls DBSCAN undersampling wasimadiansiiiusiuauogsvasngudeya
Faeduneuds  SMOTE  dwiutumeuiBidsiusnssuananimisthuildusumnivesly
funous DBSM

3.1 Yunsy3s DBSM

DBSM  Aoduneuislvallunsduiedisuuunaunanilasnisiimaiia SMOTE Fudu
vildumadansuidgmansllaunauuuiindniusegisesngudeya samfunsuszondld
funouds DBSCAN Fadumsiandudoyalasldeumunuiy Insazgnldidusunuroanaia
N13aRIUIUAIBE1NTBINGLTaYA

Training set
DBSM
A h
DBSCAN SMOTE
undersampling oversampling
A 4 Y

remaining all
inority clas: ajority clas
h 4

Training set from DBSM

2NN 3.1 BANNISNI9UVD9 DBSM
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INAMNA 3.1 LAAIANNITYINNUYDITUABUIT DBSM  LaglSusiuyatoyarnaauazgn
o v Y oy aal = v a A
UnngnszuIunsduiieg1emietunewisves DBSM duneluszUszneulumuasunaiia Ao
wATAN1TanTILILAIRENYBIAAIAaUAIETURDWIT DBSCAN undersampling Uaginaiians
WNTIUIUFIREIUINAILTUADWTS SMOTE AItiUHATNSanvNelnaInTuneuisves DBSM o
UIUAIDENTIALNADYIRAIAAUINIMATA DBSCAN  undersampling  Lazd U204
VNUAYDIARIAUINTINHUTUROWTE SMOTE

dnfumailansandiauiiedisesndudeya (DBSCAN undersampling) lutunous
DBSM ?mmmLLmaamﬂmumawaﬂl@ 3 duneu fio Funeunsdangu suseunsinszernig
wazdunpuNIsansIuieEng fall

1) fumeunisdangu Sausegeiuslugadoysfindeurzgninngusietunewis
DBSCAN ‘vié’qmﬂﬂhu%gumuf:%léjgﬂLLUUG&Jmmjuﬁmesmﬁ’u 3 sULUY fe naufislanndn
fomniinanafudesdudes (rarauvan) nuiitandniomnduamadediunn (raraau)
waznguaninefonauiitiandnifunaauinuazay ddunuideiionfinrsanemendudoya
fiftaudndutoundueataay waendudeyaiifandnduieaaauuazaatauan

2) fuspumsinszezyng ludunoutasutanmsinszermsenidu 2 Ussunnaudeuly
yesgUuvUYRInguioya Ao nguteyaiifisuuuvamndnlunguidunaraauiiivsegaferazin
n1smenAudnavesngudeya wagiinsinszuzniainynitegslungudeyaiieuiuyn
gudnansvesnguteya ilemsedeilndfuagudnarsnniigamudifu wazludiuvosngy
foyafilaudniduiirmauinuasamaauasshnisnssssnsssniseaaauiisuiuaaauan
Lﬁamé‘;aﬂwwaqmmaawﬁiﬂé’ﬁmmamﬂﬁam

3) dupounsandiuiios lufuneutasyhnmsausuuseseaaauiioglndiiu
fhogalduranauineen 50 Weidudvessuaufessiiurmaaulungudoyatu 4 dmiu
ﬂqmaaﬂammgﬂLmuamsﬁniunqmﬂuﬂmaauL‘wwamqma'msmmiaumamwinaﬂuqm
Audnansvasngudeyasen 50 wWoslduduiuy
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Algorithm: DBSCAN Undersampling

Input: S: All training set with minority class and majority class, €: Epsilon,

Minpts: Minpoints

Output: D: remaining majority class instances.

1. [Cluster] = DBSCAN(S, €, Minpts) // Cluster is a set of clusters
2. Fori=1ton//nisanumber of clusters generated by DBSM.
3 Let D; be a number of majority class instances in i" cluster
il If all members in Cluster; are majority class then

5. Centroid = compute_centroid(Cluster)

6 Forj=1tom// misanumber of cluster’s members

7 MI = calDistance(Centroid, j)

8 End for

9 Else if member in Cluster; are minority and majority class instances then
10. For j=1tom1l// mlis majority class instances

11. For k = 1 to m2 // m2 is minority class instances

12. MI = findSmallestDistance(j, k)

13. End for

14, End for

15.  Endif

16. Ml = sortingDistance(MI)

17. D = removeSmallestDistance(MI, 50%)

18. return D = U D

19. End for

A7 3.2 IUABUISN19IN9IUYBIDAND3 NN DBSCAN undersampling

PNFIDYNAINTA 3.2 LAAITUNDUITVBIOaNaTNY  DBSCAN  undersampling lagdl

UALLDYARIY




17

AauUaidn : S Fleyadeyarnasudlsznaulumengudeyaidsdiuuin (Aaraau) wasngudoya
\desdiutiey (AaNaUIN)
Eps Ao s88¥N19u83gaitoutu

Minpts fi® 31uuva99ALaUTILTUAN
HAGNS : IWIUMIREInRIINIINSIIAngudayaidssduINnUIsEIY
TURDUTS :

1.

2
3
4.
5
6

10.

11.

‘Uii‘VIfﬂ‘Vl 1) U’]GUWU@iJaNﬂa’eJUN’]WUUG]QU'JS DBSCAN LW@f\]ﬂﬂail‘U@ﬂﬂﬁﬂm@lla

Y

(
(‘Uii‘VIfﬂ‘Vl 2-19) nsuseinanaluusay ﬂﬁlPU@lla

(Uiiﬁfﬂ% 3) MAUA LA D, ﬂammumamamauaLammumasluﬂaw i

(‘Uiiﬁ@% a) awmmuammmmﬂiuﬂamaua‘w i L‘IJUﬁﬂ’]ﬂﬂUiMVl’NWUIUUiSVI@V] 5
(‘Uii‘VWWl 5) mﬁ]mﬂusﬂmwamamauam i

(U3

ussiafl 6-8) Tasvogmeszarineaaauimuntugaguinats uasfuszornsueud
a2n9819a39715156 M [index, distance] wanafaguil 3.3
(ussvindl 9) dsuauandnitamlundudoyad | Usenoudeeranaauuazaaauinly
yhawluussied 10
(UsSViRTl 10-14) YaszarnssEnineaaauiuaanauIN wasliussesnsiitosfignues
ANEAUAIR75SE M [index, distance] uansdaguil 3.4
(UsSiATl 16) 1Fosadiu distance Tuen$ise Mi Tnei3ssananioslusin
(Ussvindl 17) 1Bendruaumiogisluaanaay 50 Wosidudain MI laeAnaindn distance
tfouilan wazvhmstidaetianaitiueanain b,

(U917 18) AUANTILIUFIDEN9UDIAANEAUNAINHIUTUABDUNITANTINRAIDE
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MI
Cluster,

index | distance
Xl dl
X d,
X ds
X4 d4
Xs ds

A 3.3 nsdaszeznslunsaiilungudeyaidunniluaarsaurianun

MI

Cluster, . .
index | distance

X4 findSmallestDistance( d;, d,, ds)
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MI

Cluster;

index Distance

X1 findSmallestDistance( d;, d, ds)

X, findSmallestDistance( dg, ds, dg )

Cluster,

distance

findSmallestDistance( d;, d,, ds)

findSmallestDistance( dg, ds, dg)

findSmallestDistance( ds, dg, dg)

distance

findSmallestDistance( dy, dy, ds)

findSmallestDistance( ds, ds, dg)

findSmallestDistance( d, dg, dg)

findSmallestDistance( dyg, di1, diz)
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MI

Cluster,

index | distance

X4 findSmallestDistance( d;, d, ds)

X, findSmallestDistance( dg, ds, dg)

X findSmallestDistance( d-, dg, dg)

X4 findSmallestDistance( dyq, dyy, di5)

X5 | findSmallestDistance( dis, diq, dis)

Al 3.4 nsiaszazmsunsdifitungudeyaiisuBniluaanaauuazaanauan

3.2 4unau3s GADBSM

GADBSM  fla msihduneudsisiugnssuantssgndldausutuneuds Desm  Tae
fumeuiBiBeiugnasnaggninldlunisuivamisimeslutuneuds DBSM iilaanin
yafimeiiidedliluduneuds DBSM dufidruaumn Fsuszneuludenniimesdau 4
A1 Ao szpynisvosaiiautu S1uuvesaiteutudusih Usinawes SMOTE  Amfiu

=

s & & ° =~ v Y a A ) 5 | v = ]
IJasigun LLa%q]'TL!'JUGUENLW@u‘UWUFLﬂﬁLﬂ‘EJ\‘i‘qu@ k 817 uaﬂmﬂuﬂlmmazﬁgmagaNﬂﬁauuuaw

D.

nsivuaAImIEwesNLanAiueanly Wewindeyausaryninisnsyaefivestoyal
ANNUVLRNITAIINUANITIAWBSA288 (manual) Wulsaanenn é}’qﬁusﬂ’umaﬁ%@a
‘wuﬁﬂiimmﬂumﬂﬁfﬂ,umsamstmaumrfLwﬂ‘UﬂT[fu Tneiltuneuuazsazidundai

Yunouf 1 : Lmummawaaﬂmmmaiﬂﬂﬂwmmmmuwmm

ANH 3.5 NISKSTaLAS YN

NN 3.5 wananiseanuwuulaslulsulasunuainourosdynisniednanse 49
Usznaumeiiiusdnuiu 4 62 As AB C uay D
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Tagil A unusng Sruuveaiiewtulndidssiian k # k) leedanuemdnanis
Wi 3
B uwnufe USinameansdusiegnaues SMOTE faniduedidud (o) Tned
ANUyITRanIainiu 3
C wiushy Suauvesaiiiouthutui Winpts) Tasfinnuendaasdaidy 7
D unusny svozynavesatiioutiu (Eps) Taefleuendnansaviiiu 10

[
[ Y

satulunilalaslulauazusenaulumeDnansaianus 23 O

Yupaud 2 : aiausennsiugunsneggulvlidiuiumiiu N Tnedunauds GADBSM
lofmuedwiudssrnswintiu 30 w3e N=30 fsudseansluisasiuazUsznaumielasiulay
viave 30 lastuloy wasusazUnlulasluleuszgndumelavgiuass (0 v3e 1) AInmi 3.6

f_l\_\l_JB_\l Cl 1 [ ]l) 1
X [1]o[1]o[o]oo[11]1]1]o[1]o[1]o[1]o[1]o[1]1]1
A B C D
I ! 1l 1 I ! 1 [ L 1
X, [1]1]1]o[o[1]o]1]1]1]1[o[1[o[1]o[1]2]1]1]1]1]1
®
o
A B C L D

| |

s (o]0 o[o[oo[ ][] o[o[o]2[o[o[o] [o[o[o[o

Al 3.6 nMsafeusznslusuusnagegalyiianuau N = 30

QPUABUN 3 :  TAUSEANSAINUBIUTEIINTNIDANUIUANHIATUAIULANIL YDA
laslulon neduwds A B C uag D Tuusazlaslulouazgnoensiia (decode) Tvinanewlu

a 2_’: 1 d' % £ CY) Y 1 a 2_’: aa d‘ v
wUguaY MnTumNlIaRIINNIsaensiaIrgnldiluAvesnTwesiulunewis DBSM Nle
nanuwaluiite 3.1 uwavynadeyarnaauntnaintunauis DBMS aggniluaialumadnuun
Ussinnuaginuseansnmvedluwmameyateyatinasuy Feunasinildlunisindssdnsamues
L Ao F-measure wag AUC aatudilsiduaumnzauveusazlastulouazgnivualag
AUNTSN 3.1 FITURBUNMTINUTEANTAMUBIUTEUNTENNTOLEASLAPININA 3.7

f(x) = F-measure(x) + AUC(x) (3.1)
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Chromosome

v

Decode

Decision Tree
Learning

Fitness function

2NN 3.7 VURBUNISINUSLANSAINVRIUTLVING

1) = - ' = U fu A A | \

Yupaudl 4 : dendvadlasiulyuivzunauiudiuiondagn nglaslulouneunlazgnay
Tudmeruhanduiigenndesiuailsiduanumunzauveunazlasluley Fsnisduideon
lasluleuagldimaiia roulette wheel selection satulaslulaunieflsndumnumangauaiiay

lomangnidenasnitlasiuleunieflaiduainumsngaus

Yumaud 5 : afalaslulenvesgnainiasiuleuviouasuilnenisldfmdntiunismsleiiviey
wagnsnateiiug leeidenldmaniiunisnisluiudeusiia Uniform crossover arvualit p.
= 0.7 ua¢ py, = 0.01

Yumaud 6@ wiulszyinsyuniimelszrnsjulnidadulasiulaugniindalivianun uaz
nauluvhgludupeuil 3 aunseisloulvlunisugiluais



uni 4
N1529NLUUNISNAABILAZHANITNAADY

Tuuniagnandundsiiiuareandonvasndoya nsvenuuunIsmaaes kagHans
naaosesyadoyaiiliiumaiianisdusiesuazgndoyaiiiunadanisduiaesieis 4
wetla Aim SMOTE Tomek Links SMOTE + Tomek Links Uag DBSM lnglddanasiiunisiseus;
aulilsindula (classification and regression trees) Lﬁauﬁj’lﬂﬂéjlﬁmﬁ@ k @3 (KNN) fa31un
wuniudesnine (NaiveBayes) uagludruaavnedomaiUieudivusswinanadianisdusiogiats
4 waile wazilSeuiisuuseansnmuesnaiin GADBSM luwsazdanesiiumsiseus

4.1 wiasilinuazsgaziBunvesyadeya

Tunsnaaesildihdeyainaniuled KEEL  (www.keeles) $1uau 12 gatoya o
Foyatamuaihitumeassdidsasanaliauna (R) ogszning 1 i 10 Tnesreazidoad o
YpduAarynveaUTENoUME TUIUAMANYE (attributes) ﬁi’wu’méha&mﬁgwmmaqLwiazﬁqm
Toya(examples) Wage IR wandlgfamnsnad 4.1

] = v
M137°99 4.1 i"lﬂﬂglaﬂﬂeﬂa\‘lﬁqﬂ“ﬂaﬁda

Dataset Name Attributes (R/I/N) Examples IR

glass1 9 (9/0/0) 214 1.82
wiscosin 9 (0/9/0) 683 1.86
glass0 9 (9/0/0) 214 2.06
yeast1 8 (8/0/0) 1484 2.46
haberman 3 (0/3/0) 306 2.78
vehicle2 18 (0/18/0) 846 2.88
vehiclel 18 (0/18/0) 846 2.9

new-thyroid1 5 (4/1/0) 215 5.14
new-thyroid2 5 (4/1/0) 215 5.14
ecoli2 7 (7/0/0) 336 5.46
glassé 9 (9/0/0) 214 6.38
yeast3 8 (8/0/0) 1484 8.1
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91nA15197 4.1 Tupeduid Attributes (R/I/N) R Aeaudnuazdayauselandiuiugse
(real/continuous) | fiapaaNwarUsEIANIIWILAY (integer) uas N Fapuanvuslayausziny
ATeadeA11Y (nominal/categorical)

4.2 NM1392NLUUNITNAADY

e
! Preprocess
: y
SMOTE ‘ ‘ TL | ‘SMOTE+TL| | DBSM | | GADBSM | ‘ ‘On’ginal dataset
v v v i
Decision Tree l ’ NaiveBaycs ‘ | kNN :
4 ¥ ¥
Decision Tree NaiveBayes kNN L
Models Modecls Models o

2NN 4.1 IURDUNITNAABY

ANl 4.1 wansdunounisnaaedlasiiufuazriinisutsgadeyalasldinade
5fold  Crossvalidation  @sazgnuiauyadeysiinaeunazyateyanaaey dmsuynteya
Anaouthilddmivadilumaduuntszam lumsmasedldlitunouds CART dafumadaduls
dadulavszinvmils duunuuuiudednsing waziloutlndidssiian k- fanviinisain
Tuasuundszinn uasyadeyannaeuiulidmiuinussansamvedlaadiuunusion Tu
duvaanmswieudeyalaldinaianisdudiegne 3 waie Aewaliansdudiegisiuvaninuiy
F0g19 nadansduinegsuuuLiinduIufed s uazmaliansgusiegnauuunanay Tu
sAfeiiFenldinadia Tomek Links SMOTE wag SMOTE+Tomek Links augniiu wagldvh
nswssuiitsuUssansnmiuimaiianisdudiegnsdedunauis DBSM uay GADBSM fild
fiauntu Feiulueatomeililunauieudsussdnsnmeesnmseioudeyasemaiianig
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1 % 1

dusegauuusng 9 axdsznoulusmeduliidagula Mduunuvuiudedisite uagiitoutu
IndiRusiian k  # danuaedisar 6 e fe Tuaafithumadanisdusedisdedunouis
SMOTE lunafinumeianisdusogsdedunouds TL Tunafidumadansdudiogneie
fupouds SMOTE+TL Tuinafiumadianisdusiogadedunonds pesm Tueafiiumade
n3dufeE19eduneuIs GADBSM warlumaiiliiiumaiinmsdusogndla 4 (original)

Tunsnaaeddiinssmuamsfinedsg q feil

-wadla SMOTE fimsimuasmmsifimesaosinfe Sruiueiifudveansifiudiuiy
fegnaninuazsnuieutilndidssiian k f Samusdnsiiwesidu 100 Wedduduas
5 MuaRy

-aila DBSM fin1sivunad1mns1dinesves Minpoints (11U 5 kag epsilon agluyas

[0.001-1] MUAIAU

WWATA GADBSM  1n15A1uund1uiulszang seuluni1svingt anutnagidulunisiia
crossover Wag mutation 119U 100 500 0.7 wag 0.1 fuanu

-danesiunisiseusiiteudulndifisanian k fdnsimuaa1nsivesved k wifiu 3
oy 5
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4.3 Han1INAang

=

M13199 4.2 Wisuiiguan AUC seninsgadayainlisitumaliansguitagiiasyadaya
dumaiianisguiiagnslaglddanasiunisiteuidulddngula

Dataset Name Original SMOTE TL SM+TL DBSM GADBSM
glassl 0.660 0.805 0.747 0.888 0.776 0.785
Wiscosin 0.944 0.750 0.963 0.761 0.947 0.948
glassO 0.784 0.695 0.778 0.705 0.788 0.799
yeastl 0.669 0.848 0.680 0.859 0.651 0.653
haberman 0.532 0.589 0.604 0.584 0.555 0.555
vehicle2 0.941 0.935 0.950 0.932 0.944 0.944
vehiclel 0.652 0.923 0.678 0.920 0.705 0.705
new-thyroid1 0.909 0.698 0.909 0.704 0.949 0.952
new-thyroid2 0.932 0.943 0.904 0.946 0.963 0.966
ecoli2 0.810 0.937 0.873 0.948 0.883 0.841
glass6 0.848 0.664 0.850 0.672 0.860 0.892
yeast3 0.830 0.827 0.875 0.877 0.859 0.865
Average 0.793 0.801 0.818 0.816 0.823 0.825

9119197991 4.2 wanansFeuiioudn AUC  sewinsyateyadilisinumaianisgy
$a9E14 (original) LLawqwﬁayjaﬁmummﬁﬂmidmﬁaﬁm (SMOTE, TL, SM+TL, DBSM,
GADBSM) TnelddanesiunsSeudiuliifnaula nudaisues AUC Wutuileldinetians
dusegnauasmeiiaiilvianadeves AUC wniigadewaiia GADBSM DBSM TL SM+TL wag
SMOTE msaeiu
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] d o ' ' v = a @ '
M19199 4.3 WIPUNYUA1 F-measure 5314'?']0‘1!9]‘1]0%?1%111NquLWﬂUﬂﬂqiq&lﬁ?afﬂ\iLLagsl‘]ﬂ
v a a 1w ' Y ac a vy Yo o
‘Uaﬁda'ﬂN'TuL‘VIﬂUﬂﬂ'1iﬁ‘!uﬁnafJ'NIﬂ81‘11@2‘]ﬂaﬁﬂuﬂqiﬁﬂugﬁuluﬁﬂﬁusk]

Dataset Name Original SMOTE TL SM+TL DBSM GADBSM
glass1 0.540 0.659 0.683 0.810 0.715 0.724
wiscosin 0.925 0.666 0.945 0.678 0.929 0.931
glassO 0.704 0.609 0.696 0.637 0.710 0.719
yeastl 0.528 0.734 0.551 0.728 0.509 0.511
haberman 0.287 0.397 0.439 0.411 0.378 0.378
vehicle2 0.909 0.901 0.909 0.885 0.915 0.915
vehiclel 0.482 0.897 0.519 0.884 0.557 0.559
new-thyroid1l 0.836 0.550 0.833 0.555 0.916 0.929
new-thyroid2 0.886 0.909 0.819 0.907 0.930 0.943
ecoli2 0.700 0.918 0.771 0.930 0.752 0.754
glassé 0.734 0.524 0.746 0.541 0.770 0.781
yeast3 0.703 0.689 0.720 0.744 0.737 0.742
Average 0.686 0.705 0.719 0.726 0.735 0.740

NANT197 4.3 uansnsiUSeuiiisud F-measure seninsyateyailsirumaiinnisdy
feens (original) wazyadeyafiiiumaiianisguiiesns  (SMOTE, TL, SM+TL, DBSM,
GADBSM)  Tnglddaneifiunisfoudsuliifadula nuirraisves F-measure ifisduileld
wiellansduiogsuazinaiailviaedsves F-measure niigafewmailn GADBSM DBSM
SM+TL TL @y SMOTE anuanfu
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=

A13719% 4.4 Wisuiisual AUC szudragadayanliiiumaiianisdudtsgneuazyadaya
dumaiianisgudiegnelaglddanasiunisiFeuiineudulndifssign k 2 (k=3)

Dataset Name Original | SMOTE TL SM+TL DBSM | GADBSM
glass1 0.749 0.929 0.765 0.938 0.768 0.771
wiscosin 0.969 0.825 0.975 0.819 0.970 0.973
glassO 0.803 0.793 0.825 0.783 0.802 0.804
yeastl 0.645 0.855 0.690 0.852 0.655 0.664
haberman 0.546 0.560 0.562 0.591 0.547 0.555
vehicle2 0.950 0.977 0.947 0.977 0.949 0.951
vehiclel 0.656 0.966 0.691 0.994 0.680 0.686
new-thyroidl 0.966 0.701 0.980 0.713 0.975 0.977
new-thyroid2 0.937 0.948 0.966 0.944 0.992 0.992
ecoli2 0.936 0.976 0.947 0.978 0.922 0.923
glassé 0.838 0.657 0.838 0.692 0.885 0.885
yeast3 0.830 0.856 0.858 0.878 0.871 0.871
Average 0.819 0.837 0.837 0.847 0.835 0.838

1NM5197 4.4 uansnsSeulfisuAn AUC  sewinsyadeyailsinumaianisdy
feens (original) wazyadeyafiiiumaiianisguiiesns  (SMOTE, TL, SM+TL, DBSM,
GADBSM) aglddanediiunmsiFoudifioutuilndifedign k # (k=3) wuirdiadsues AUC
dutudeldinaiianisduiiotnuazinaiadiliaiadoves AUC  wnnfianfewmadia SM+TL
GADBSM TL SMOTE k&g DBSM anuanay
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] d o ' ' v = a @ '
M19199 4.5 WIgUnNguA1 F-measure 5314'3']0‘1!9]?]9%?1%111NquLWﬂUﬂﬂqiq&lﬁnaﬂqﬂLLagsl!ﬂ
v a a @ ' Yo a = v ] ya o o
toyaiiriumadianisgudtegndlaglddanasfiunisseuiineudnindifesdian k 4 (k=3)

Dataset Name Original | SMOTE TL SM+TL DBSM | GADBSM
glass1 0.668 0.860 0.698 0.843 0.700 0.705
wiscosin 0.957 0.749 0.963 0.736 0.950 0.959
glassO 0.728 0.731 0.748 0.720 0.713 0.719
yeastl 0.485 0.802 0.560 0.788 0.526 0.530
haberman 0.301 0.368 0.371 0.421 0.377 0.378
vehicle2 0.920 0.945 0.907 0.945 0.888 0.893
vehiclel 0.486 0.943 0.537 0.973 0.521 0.530
new-thyroidl 0.943 0.551 0.958 0.559 0.894 0.945
new-thyroid2 0.910 0.898 0.943 0.885 0.960 0.960
ecoli2 0.894 0.963 0.883 0.965 0.804 0.836
glassé 0.780 0.517 0.780 0.565 0.828 0.828
yeast3 0.721 0.717 0.744 0.736 0.709 0.726
Average 0.733 0.753 0.758 0.761 0.739 0.751

NN 4.5 uansnsiUSeuiiisud F-measure seninsyateyailsiriumaiinnisdy
feens (original) wazyadeyafiiiumaiianisguiiesns  (SMOTE, TL, SM+TL, DBSM,
GADBSM)  IneltsanedfiumsiBoudioutnilndifesdian k f (k=3) wuidadeves F-
measure tistuidielfinafiansdusetisuasimeiaiilianadoves Fmeasure winfianfe
wada SM+TL TL SMOTE GADBSM Wag DBSM ansanay
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A1319% 4.6 Wisuifisual AUC szuinagadayanlisitumaiianisduddsgisiazyadaya
dumnatiansguitaglaglddanasiunisFeuiiduunuuuiudagneing

Dataset Name | Original SMOTE TL SM+TL DBSM GADBSM
glass1 0.717 0.697 0.669 0.662 0.676 0.688
wiscosin 0.965 0.970 0.964 0.968 0.973 0.978
glassO 0.731 0.724 0.697 0.700 0.714 0.721
yeastl 0.525 0.567 0.566 0.613 0.609 0.611
haberman 0.415 0.411 0.507 0.442 0.617 0.642
vehicle2 0.839 0.855 0.837 0.856 0.871 0.874
vehiclel 0.667 0.676 0.671 0.670 0.679 0.680
new-thyroid1l 0.994 0.989 0.994 0.989 0.989 0.992
new-thyroid2 1.000 0.994 1.000 0.994 0.994 0.997
ecoli2 0.822 0.856 0.859 0.854 0.911 0.912
glassé 0.860 0.830 0.877 0.860 0.802 0.808
yeast3 0.544 0.818 0.601 0.842 0.822 0.871
Average 0.757 0.782 0.770 0.788 0.805 0.814

1NM197 4.6 uansnSeuLfisuAn AUC  sewinsyadeyailsinumaiianisgy
feens (original) wazyadeyafiiiumaiianisguiiesns  (SMOTE, TL, SM+TL, DBSM,
GADBSM) Tngldidane3fiuniaidoussuunuuuiudesnedns nuiriadeves AUC utudold
wiellansduiieeanazeiafilirindves AUC annfigafeiaiia GADBSM DBSM SM-+TL
SMOTE uag TL snslany
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= = = ' : v ] a 1w '
A13197 4.7 Wisuiiguan F-measure sendneyadayailisimumaliansgusiiagiauazyn
dayaniriumaliansgualegalaglidanasiunisiseuifiduunuuuudetngitg

Dataset Name | Original SMOTE TL SM+TL DBSM GADBSM
glass1 0.645 0.632 0.601 0.601 0.613 0.623
wiscosin 0.954 0.957 0.952 0.953 0.956 0.963
glassO 0.644 0.637 0.611 0.614 0.627 0.632
yeastl 0.169 0.391 0.357 0.478 0.492 0.496
haberman 0.193 0.335 0.293 0.357 0.475 0.479
vehicle2 0.760 0.782 0.752 0.778 0.791 0.799
vehiclel 0.505 0.517 0.510 0.510 0.520 0.520
new-thyroid1l 0.973 0.950 0.973 0.950 0.950 0.962
new-thyroid2 1.000 0.975 1.000 0.975 0.975 0.987
ecoli2 0.747 0.777 0.797 0.771 0.810 0.842
glassé 0.758 0.732 0.776 0.767 0.671 0.689
yeast3 0.150 0.658 0.295 0.686 0.698 0.727
Average 0.625 0.695 0.660 0.703 0.715 0.727

NN 4.7 wansnsiUSeuiiisud F-measure seninsyateyailsiriiumaiinnisdy
feens (original) wazyadeyafiiiumaiianisguiiesns  (SMOTE, TL, SM+TL, DBSM,
GADBSM)  Teglddanedfiunisizoudmisuunuuuiudesneie nuitdadeves F-measure
duduidelfinafanisduiodisuazinadaillfdiadoves F-measure  wnfigaomaia
GADBSM DBSM SM+TL SMOTE uag TL Ama19u




a =) = 1 a 1 a ] e 1 o/ 1 L a R
A15199 4.8 WUIPUNEUALRAEYBIAT AUC 1uLVIﬂuﬂﬂ'1§‘§j3Jﬁl’JafJ'l\'iﬂULLﬂﬂ%QaﬂaiﬂﬁJﬂqﬁ

U3

Original | SMOTE TL SM+TL DBSM | GADBSM
Decision tree 0.793 0.801 0.818 0.816 0.823 0.825
k-Nearest Neighbor | 0.819 0.837 0.837 0.847 0.835 0.838
NaiveBayes 0.757 0.782 0.770 0.788 0.805 0.814
Average 0.789 0.807 0.808 0.817 0.821 0.826

] =~ = J a J a 1 o 1 (% 1 (% a R
A13199 4.9 W8UgUALAAYYIAT F-measure 11JLVIﬂ1Jﬂﬂ’]‘J§!3JGI'JBEJ’1\‘1ﬂULLGIﬁSE]ﬁﬂE]‘S‘VI&I

QRETCTT

Original | SMOTE TL SM+TL DBSM | GADBSM
Decision tree 0.686 0.705 0.719 0.726 0.735 0.740
k-Nearest Neighbor | 0.733 0.753 0.758 0.761 0.739 0.751
NaiveBayes 0.625 0.695 0.660 0.703 0.715 0.727
Average 0.681 0.718 0.712 0.730 0.730 0.739

NA19N 4.8 kard.9 wanan1siSeunisuaedsyadnl AUC way F-measure Tuwmay

watlan1sdudiegesiuudazdanasnunisiseus

F-measure waz AUC Aa walan GADBSM

nudnnellanlia1iaiggeganaen
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A15199 4.10 Wisuisulasiduainuauntingvsuanadsvas AUC Tumatin GADBSM Au

wallansgudtagiedue) Tuusdasdanasiiunisiseu;

Original | SMOTE TL SM+TL DBSM | Average
Decision tree 4.14% 3.06% 0.93% 1.13% 0.24% 1.90%
k-Nearest Neighbor | 2.34% 0.12% 0.10% -1.04% 0.38% 0.38%
NaiveBayes 7.63% 4.10% 5.74% 3.39% 1.20% 4.41%

] o P ¢ a Y o [V ] a a
A19199 4.11 1WJgUNguUaLIUAMUAYNUIFINTUAILRAYVDY F-measure 114W|ﬂuﬂ

GADBSM fuwmailanisgudiagneaue Tuudasdanasiiunisiseus

Original | SMOTE TL SM+TL DBSM | Average
Decision tree 7.90% 5.10% 2.95% 2.02% 0.76% 3.75%
k-Nearest Neighbor | 2.48% -0.36% -0.90% -1.38% 1.57% 0.28%
NaiveBayes 16.30% 4.53% 10.12% 3.32% 1.65% 7.18%

9119197991 4.10 uay 4.1 uansmsiisuifisuosiduanufumihdmiuaiadeves
F-measure Tuinnila GADBSM fumaiianisdusiognsdun luudazdaneiiiunsisens wui
winflAn5duAI0E1s GADBSM annsaufinszdnsnimmsiunevestuinaligsgalusaneiii
fduuniuuiudegnsine duliiiadula wanifiouthulndifeaiign k i awddusmeinsia
AUC uazdmiuunsin F-measure nAfla GADBSM  anansadiuUss@vBaimmsiiuisves
Tumaldgegalusaneifiusduunuuuiudonsie dulsidaduls wazifloutulndidusdian k
7 ANUAIRY

iesansanedfiunmaiFeudiioutilndidssiian k  # Wusaneiiiudwunuszian
%’aaﬂaLLUUﬁl@Jﬁmia%ﬁaimmaLﬁaﬁwlﬂisﬂumﬁ‘v‘hmamﬁauﬁ’ué’aﬂa'%ﬁmguq Fan15810un
Uszinndeyaveiiteutulndidssiian k 1 sxdwundeyalassradaandeyaiilndiigadiuiu
k 2 ilefinnsanmaiia GADBSM fianudululsfiazauussiamdoyadiuunneenidudiuiuann
AUl s lsiualufiegyiunedeyafianain fadumaia GADBSM Fslaianansaiin
Uszansnmligeianidlerfisuiumaiianisgusogns SMOTE TL uaz SMOTE + TL



unil 5
agUunan1sIdeuazUaLauauue

5.1 @gunan1vaasg

mAfeiifyejmneifienanudaneifunsduiedsuuunanislniifsydnsnwluns
widgmenalliaunavesndutoya lnglidoindanesfiu DBSM uay GADBSM Famafia DBSM
Humaianmsuausgnianadansiivdauiiogisiedane3fiu SMOTE  uazimafianisan
S1uusegfedaneiiiu DBSCAN usiiosandanedfiu DBSM Wumadinfiusznoudeedn
9371 SMOTE uay DBSCAN whlsduauminesiidiuaunn Gamsimusmsfinedseile
(manual) Jududesiidoudradruindmiugldlunisidondmdinesivinlilueai
Usgdvsanlunisdmdendiegrsiivieandiuiusegeiilidndulunisairsyadeyaiinasy
FatudumeuiBiteiugnssuisgnmirandsegndldlunisudymludand ddddoirdaneia
GADBSM

dmsuduneunmsdniunuitedusuannfnvnginssuauldaugavesdoya  (class
imbalanced) wagdana3fiunasows laun dulddaaula (classification and regression trees)
dieuthulndidesiian k # wazfsuunuuuudodnie Inglusmideilfieudisunaia
DBSM uay GADBSM Aumafiansgusiognsdus S1uam 3 edla léun sane3iiu Tomek Links
Humadansandruudeyavesndutoua sane3iiu SMOTE Wumadiamsifindiuiudeyaves
naudeya uazdanaifiu SMOTE + Tomek Links Fudumadanaunaussnintanadanisan
fuusednauazmaianisifindiwiudionns  Iesyadeyadiltlunismaassisnanivled
KEEL $1uau 12 yateya dausavyndeyaiiinsnsianulilauna (R) egsgning 1 8 10

NnHanMMaaesTiyateyaiiiumainnsdusionis wuhita 5 malleanasoan
dapmenalliaugavestoyaaslilunn o SanesfiunisFeus lnsfimadia GADBSM ansnsauiia
UszansamnsiunsveslunaldgeiianileliiusanefiunsSeuifduunuuuiudoisieg
wagduliifnaula mudiy Feanunsafisdsavsanludanedfiunaiseuiiduunuuuiug

28199¢1A09 7.18% wag 4.41% A8uInsIAn F-measure wag AUC Auansy

5.2 Jgynuazdorauawus
- flesnnadia GADBSM  lumsUszendldtuneuitidaiugnasy dwaldduneunis
Jsumsdimesldnalunismdmeureudisu fafunisuiuusstuneudsladns
shauuuruaztlituneulumsufumnaivesldnaanas
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Auto-Tuning of Parameters in Hybrid Sampling
Method for Class Imbalance Problem

Yotsathon Sanguanmak

Department of Computer Science
King Mongkut's Institute of Technology Ladkrabang
Ladkrabang, Bangkok, 10520, Thailand
58605075@kmitl.ac.th

Abstract—the class imbalance is a major problem in machine
learning. This problem affects the performance of a model
prediction. The DBSM algorithm, a hybrid-sampling technique,
was developed to deal with the class imbalance for two-class
classification problem. Although the DBSM algorithm is the
effective solution, there are too many parameters for tuning in the
algorithm. Thus, this paper proposes an automatic parameter
tuning for the DBSM algorithm by using a genetic algorithm (GA),
called GADBSM. The experimental results of GADBSM are
compared with the DBSM algorithm. The results show that the
GADBSM can enhance the classification performance of the
DBSM algorithm. Moreover, the GADBSM provides the best in
F-measure and AUC in all datasets.

Keywords—genetic algorithm; imbalance dataset problem;
hybrid-sampling; SMOTE; DBSCAN

[. INTRODUCTION

Data mining is a procedure of applying machine learning or
clustering technique to find relation and pattern in data. The data
mining is used to benefit many fields, such as business, medical,
natural disaster. For the business, data mining is applied for
advertisement planning, finding appropriate promotion for
customer, offering cross-sells and up-sells, transportation route
planning, an air traffic controller. In medical, it is used to analyze
heart disease. In natural disaster, it is used to predict earthquake.
However, there are some problems that impact the performance
of machine learning such as high-feature classification problem,
complex knowledge problem, sequential and time series [1].
One of the important problems which has been most challenging
to handle is class imbalance problem.

The class imbalance problem is a number of classes
with high difference, in other words a number of attentiveness
class less than inattentiveness class. This problem affects
performance of model prediction since the model tends to
predict the class with larger number of sample, for example, an
application for detection of earthquake. There are two types of
vibration, a slight shaking or normal level and a violent shaking
or critical level. That happens numerous times per day. Although
there is frequently happen, most of those vibrations are shaking
slightly or on normal level. Thus, the model may predict the
critical level to the normal level. In this case, it will damage too
much the life and living. Furthermore, a class imbalance
problem can occur in many applications, such as fraudulent of

978-1-5090-4420-7/16/$31.00 ©2016 IEEE

Anantaporn Hanskunatai

Department of Computer Science
King Mongkut's Institute of Technology Ladkrabang
Ladkrabang, Bangkok, 10520, Thailand
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telephone calls [2] or credit card detection [3], oil spill [4], spam
mail [5] and network intrusions detection [6]. Since the class
imbalance problem is important and interesting, the researchers
propose many approaches to deal with this issue. They can be
divided into three groups, data level, algorithm level, and cost-
sensitive. First, data level is one of a data preprocess techniques
by using re-sampling technique to rebalance class distribution.
Second, an algorithm level is a modification of existing
algorithm that improves a performance of positive class instance
recognition. Last, a cost-sensitive is a combination between a
data level and an algorithm level.

The DBSM algorithm is a hybrid-sampling technique for
solving class imbalance problem presented in our previous work
[7]. The concept of DBSM algorithm is the combination of
DBSCAN under-sampling technique and SMOTE technique.
However, the drawback of this technique is a parameter setting
since there are many parameters for tuning in the algorithm.
These parameter are radius of cluster (¢), the minimum of
neighbor in cluster (Minpts), a number of k-nearest neighbor,
and a percentage of synthetic instance. For example, DBSCAN
is applied to eliminate samples of majority class in order to
decrease the number of majority classes into minority class
region. Since each dataset has a different density, determination
of ¢ is different. If a dataset has a low density, the & should not
be set to a low value due to DBSCAN [8] cannot discover any
cluster. On the other hand, if a dataset has a high density, the ¢
should not be set to a high value because DBSCAN will create
too few clusters. Besides, SMOTE [9] is used to increase
minority class instances by using nearest neighbor and
percentage of synthetic instances. If these parameters have too
high value, a decision boundary may not be correct because
synthetic instances are generated into majority class area. If
these parameters have too low value, the number of minority
class instances is not enough to improve the performance of
decision boundary. Because of these reasons, the ¢ and Minpts
should be determined in a proper value corresponding to a
density in each dataset. Moreover, nearest neighbor and
percentage of synthetic instances should be determined in a
proper value corresponding to a class distribution between
majority class and minority class. Therefore, this paper proposes
an automatic parameter tuning method based on GA for the
DBSM algorithm.



II. AUTOMATIC PARAMETER TUNING OF DBSM

Genetic algorithm (GA) [10] is a technique for dealing with
an optimization problem that simulating natural evolution
process. It can find good parameters without being advised what
to learn and adjust. Normally, GA is applied for tuning the
parameter in various applications such as C. Huang and C. Wang
[11] used a GA approach to optimize the parameters (c, y) of
support vector machine (SVM) algorithm, Z. Lanlan et al [12]
proposed the SVM algorithm based on GA to automatically
search parameters optimization (c, v, €) for material fatigue life
prediction, M. Bashiri and A. Geranmayeh [13] applied GA for
finding parameters optimization of an artificial neural network
(ANN) which are the percentage of training data, the number of
neurons in the first layer and the number of neurons in the
second layer, and K. Jiang et al [14] proposed a novel technique
base on SMOTE algorithm and applies the GA to find optimal
sampling rate for the rockburst prediction. Therefore, GA is
applied for automatic parameter tuning in the DBSM algorithm
and called GADBSM. For the GADBSM method, there are 7
steps which are chromosome encoding, initial population
generating, population evaluating, parent selecting, crossover,
mutation, and population replacement.

stepl: chromosome encoding is a representation of
chromosome as a bit string. A problem state is defined by a
chromosome. Each chromosome contains a number of genes and
each gene is represented by a bit 0 or 1. Since the DBSM
algorithm requires four parameters which are the number of -
nearest neighbors (k), percentage of synthetic instances (p), a
minimum of neighbors in a cluster (Minpts), and a radius of a
cluster (g), thus each chromosome consists of four parts
represented by variable A, B, C and D as shown in Fig.1.

Table I shows the detail of a chromosome encoding.
Variables “A” and “B” are used for the SMOTE algorithm and
variables “C” and “D” are run by the DBSCAN algorithm. The
variable “A” represents the number of k-nearest neighbors (k).
Since the number of k-nearest neighbors equals to 3 providing a
good performance in our previous work [7], the range of the
variable “A” is varied between 1 to 8. Thus bit length of this
parameter is set to three. The variable “B” is a parameter of a
percentage of synthetic instances (p). The range of this value is
between 100% to 800% because the highest imbalance ratio
from all datasets used in the experiment is equals to 8.1. For this
reason, this parameter is represented by three bits. The variable
“C” represents a minimum of neighbors in a cluster (Minpts)
created by DBSCAN. If Minpts is set too high, many majority
class instances (negative instances) will be considered as noises
thus these negative instances will not be removed from a dataset
by DBSCAN under-sampling algorithm [7]. Consequently, a
range of Minpts is set between 1 to 100 and represented by seven
bits. For the last variable “D”, this parameter indicates a radius
of a cluster (¢) for the DBSCAN algorithm. In the experiment,
this parameter is set as a real value between [0, 1]. Hence there
are ten bits length of variable “D”. Therefore, a total bits of the
encoded chromosome are twenty-three.

Fig. 1. The design of chromosome encoding.

TABLE L THE DETAIL OF CHROMOSOME ENCODING

Variable Parameters Value
the number of k-nearest neighbors (k) 1-8
B a percentage of synthetic instances (p) 100% -800%
a minimum of neighbors in a cluster
¢ (Minpts) 1-100
D a radius of a cluster (&) [0-1]

Step2: initial population generating is a process of sampling
a set of initial chromosome for beginning the genetic algorithm.
In this experiment, initial populations is set to 30. Thus, each
generation consists of 30 chromosomes. For generating a
chromosome, each bit is represented by a random number, 0 or
1.

Step3: population evaluating is a method of measuring a
performance of a chromosome. After a set of populations is
generated, each chromosome is decoded by converting bit string
into actual values of all parameters k, p, Minpts, and ¢
respectively. These parameter’s values are passed through the
SMOTE and DBSCAN algorithms in order to generate a training
set. After that, a new training set is used to construct a model by
using decision tree (DT) algorithm. Finally, the model is
evaluate a classification performance with F-measure and AUC
[7] by a test set. Thus the fitness function of a chromosome is
illustrated in (1). Fig.2 shows an overall processes of the
population evaluation step.

f(x) = F-measure(x) + AUC(x) )

Where F-measure(x) and AUC(x) are a F-measure and AUC
values respectively of the DT model learned from the training
set with parameter setting from the chromosome x.

Decision Tree
Learning

Fig. 2. The process of population evaluating.
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Fig. 3. Crossover and none- crossover operation.

Step4: parent selecting is a process of selecting survivor
chromosomes for breeding. The higher value of a chromosome’s
fitness function, the more chance to be selected as a parent
chromosome. In this experiment, a roulette wheel technique [15]
is used for selecting a chromosome.

StepS: crossover is a genetic operator for creating new
offsprings by swapping some genes of parent chromosomes. If
a Crossover occurs, crossover points in parent chromosomes will
be randomly selected for positions and then genes in parent
chromosomes are swapped at crossover points. At the end, there
are two new offsprings. If a crossover does not occur, two new
offsprings are generated by cloning parent chromosomes. In this
experiment, crossover rate is set to 0.7 and a uniform crossover
is applied to generate a crossover mask. An example of
crossover operation is illustrated in Fig.3. From Fig.3, R is a set
of parent chromosomes. S is a set of offspring chromosomes.
The highlighted bits are random position masks of the parent
chromosomes.

Step6: mutation is another genetic operation which randomly
changes a gene value of an offspring chromosome. If a mutation
occurs, a value of a selected bit is changed. The mutation bit is
selected by random a position in a chromosome. In this
experiment, the mutation rate is set to 0.01. As shown in Fig.4,
a mutation operation will occur in chromosome S1 and S2
whereas chromosome S3 will not mutate. The highlighted bit is
a position of gene mutation.
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Fig. 4. Mutation operation.

Step7: population replacement is a process of replacing a set
of old-generation populations as a set of new populations (or
chromosomes). If a current iteration is less than the number of
generation specified by user, the offspring chromosomes
become a set of new populations and then proceed to step 3 and
repeats the procedures until the end paradigm. In this
experiment, the number of generations is set to 100. According
to previous description, the automatic tuning parameter of
DBSM (or GADBSM) is shown in Fig. 5.
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Fig. 5. The GADBSM algorithm.
III. EXPERIMENTAL DESIGN AND RESULT
A. Dataset
TABLE II. CHARACTERISTIC OF DATASETS
Dataset Name Attributes (R/I/N) Examples IR
glassl 9 (9/0/0) 214 1.8
wiscosin 9 (0/9/0) 683 1.9
glass0 9 (9/0/0) 214 2.1
yeast] 8 (8/0/0) 1484 2.5
haberman 3 (0/3/0) 306 2.8
vehicle2 18 (0/18/0) 846 29
vehiclel 18 (0/18/0) 846 29
new-thyroid1l 5 (4/1/0) 215 5.1
new-thyroid2 5 (4/1/0) 215 5.1
ecoli2 7 (7/0/0) 336 5.5
glass6 9 (9/0/0) 214 6.4
yeast3 8 (8/0/0) 1484 8.1
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Fig. 6. The flow chart of experimental design.

There are 12 datasets downloaded from KEEL [16] used in
the experiment. These datasets are two-class classification
problem. Table II shows the characteristic datasets of which
attribute (R/I/N) means the number of real, integer, and nominal
attribute, respectively. Column examples means the number of
samples in dataset. Column IR is an imbalance rate in a dataset
which is a proportion of negative (majority) classes divided by
the number of positive (minority) classes.

B. Experimental Design

There are four steps in the experiment which are data
generating, data preprocessing, model construction, and model
evaluation. In the first step, k-fold crossvalidation is used to split
a dataset into a training set and a test set. The training set is used
to construct a model and the test set is used to evaluate the model
in the last step. In this step, & is set to 5. For data preprocessing,
there are two techniques, which are DBSM algorithm and
GADBSM algorithm for rebalancing the class distribution in a
dataset. These techniques are a hybrid-sampling technique that
both decreases the number of majority classes and increases the
number of minority classes. In the third step, model
construction, a decision tree algorithm is applied to build a
classifier to evaluate the performance of both resampling
techniques and none-resampling technique (original dataset).
Lastly for the evaluation model, the model is evaluated the
performance by the test set. In this experiment, F-measure,
accuracy, and AUC [7] are used to evaluate the classification
performance. Therefore in the last step, there are three models in
each fold, which are DBSM model, GADBSM model, and
original model. These steps can be represented by the flow chart
shown in Fig.6.

C. Experimental result

In the experiment, three performance measurements,
accuracy, F-measure, and AUC are used to evaluate preprocess
techniques. The classification performance of the DBSM,
GADBSM and original dataset are compared in Table III, IV
and VI.

Table III shows the percentage of accuracy for each
technique where the highest accuracy is highlighted in bold.

From this table, for the original technique, there is only one
dataset providing the highest accuracy and there are 11 datasets
of GADBSM that yield the best accuracy.

Table IV shows the F-measure results for each technique
where the best F-measure is highlighted in bold. From this
table, the GADBSM provides the best F-measure in every
datasets when compared with the original and DBSM
technique. Moreover, Table V shows the improvement of
GADBSM algorithm in F-measure. The GADBSM can
improve the performance of DBSM and original upto 12.58%
and 83.07 % respectively.

Table VI shows the AUC results for each technique where
the best AUC is highlighted in bold. From this table, the
GADBSM also outperforms the other techniques on AUC.
Moreover, Table VII shows the improvement of GADBSM
algorithm in AUC. The GADBSM can improve the
performance of DBSM and original upto 9.39% and 28.03%
respectively.

TABLE IIIL THE ACCURACY OF THE ORIGINAL AND RESAMPLING
TECHNIQUES
Dataset Name IR Original DBSM GADBSM
glassl 1.8 70.13% 76.65% 83.19%
wiscosin 1.9 94.73% 95.08% 95.90%
glass0 2.1 81.75% 80.35% 82.19%
yeastl 25 73.65% 68.80% 69.47%
haberman 2.8 66.01% 63.82% 67.63%
vehicle2 29 95.27% 95.84% 96.93%
vehiclel 29 74.11% 73.69% 74.70%
new-thyroid1l 5.1 94.42% 97.40% 97.21%
new-thyroid2 5.1 96.28% 98.42% 99.07%
ecoli2 5.5 91.67% 91.91% 92.85%
glass6 6.4 93.01% 95.34% 95.81%
yeast3 8.1 93.67% 94.21% 94.27%
Average 85.39% 85.96% 87.44%
TABLE IV. THE COMPARISON ON F-MEASURE OF EACH TECHNIQUE

Dataset Name IR Original DBSM GADBSM
glassl 1.8 0.5401 0.7102 0.7743
wiscosin 1.9 0.9248 0.9315 0.9426
glass0 2.1 0.7037 0.7117 0.7625
yeastl 25 0.5280 0.5732 0.5762
haberman 2.8 0.2873 0.4672 0.5260
vehicle2 29 0.9090 0.9194 0.9419
vehiclel 29 0.4820 0.5816 0.6000
new-thyroid1l 5.1 0.8364 0.9139 0.9181
new-thyroid2 5.1 0.8857 0.9519 0.9713
ecoli2 5.5 0.7000 0.7679 0.7937
glass6 6.4 0.7345 0.8296 0.8590
yeast3 8.1 0.7034 0.7503 0.7639
Average 0.6862 0.7590 0.7858




TABLE V. THE IMPROVEMENT OF GADBSM ALGORITHM IN
F-MEASURE
Dataset Name Original DBSM
glass1 43.36% 9.03%
wiscosin 1.92% 1.19%
glassO 8.35% 7.13%
yeastl 9.13% 0.52%
haberman 83.07% 12.58%
vehicle2 3.61% 2.44%
vehiclel 24.49% 3.17%
new-thyroidl 9.77% 0.46%
new-thyroid2 9.66% 2.04%
ecoli2 13.38% 3.36%
glass6 16.95% 3.54%
yeast3 8.60% 1.82%
TABLE VI THE COMPARISON OF AUC BETWEEN GADBSM, DBSM
AND ORIGINAL
Dataset Name IR Original DBSM GADBSM
glass1 1.8 0.6605 0.7774 0.8294
wiscosin 1.9 0.9441 0.9528 0.9598
glassO 2.1 0.7838 0.7882 0.8307
yeast]l 2.5 0.6688 0.6989 0.7016
haberman 2.8 0.5320 0.6227 0.6811
vehicle2 2.9 0.9415 0.9480 0.9674
vehiclel 2.9 0.6523 0.7301 0.7454
new-thyroidl 5.1 0.9091 0.9338 0.9603
new-thyroid2 5.1 0.9317 0.9744 0.9829
ecoli2 55 0.8097 0.8940 0.9038
glass6 6.4 0.8477 0.9032 0.9338
yeast3 8.1 0.8297 0.8755 0.8954
Average 0.7926 0.8416 0.8660
TABLE VII.  THE IMPROVEMENT OF GADBSM ALGORITHM IN AUC
Dataset Name Original DBSM
glassl 25.57% 6.69%
wiscosin 1.66% 0.73%
glassO 5.98% 5.39%
yeastl 4.90% 0.38%
haberman 28.03% 9.39%
vehicle2 2.76% 2.05%
vehiclel 14.27% 2.09%
new-thyroid1l 5.63% 2.84%
new-thyroid2 5.50% 0.88%
ecoli2 11.62% 1.09%
glass6 10.15% 3.39%
yeast3 7.92% 2.27%

IV. CONCLUSION

This paper applies the genetic algorithm (GA) for an
automatic parameter tuning in the DBSM algorithm, called
GADBSM. In the experiment, 12 datasets were rebalanced by

two techniques, which are DBSM and GADBSM. The decision
tree algorithm was used to construct a model for performance
evaluation between two resampling techniques and an original
dataset. The experimental results point out the GADBSM is the
best algorithm when compared with DBSM and original. In
addition the GADBSM can improve the performance of DBSM
algorithm upto 12.58% and 9.39% on F-measure and AUC
respectively. In summary, the GADBSM is more convenient in
parameter setting of the DBSM algorithm and increase the
performance of the DBSM algorithm.
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