m35uilsadsmagudiedslnadmiudeyalianaa

manataUUNaN DB2SM

MYUNY ITLOUNT

a a d 1 ¥ Y] a U A
Ineninus HITUEIUHHIYIMSANIMNHANGATIAINTINAAATHHIT AUNA
I IAINTInveyavinalvigy
a Y] [V} Vv = a d
InenagudIAnITINMNAI K] agiaz IR INIINFANS

=y [V} a v a d
M INgdugsnDAUNAY

N.A. 2564



AN IMPROVEMENT OF OVERSAMPLING FOR IMBALANCED DATA

BY COMBINED TECHNIQUE: DB2SM

PHARNUPHON JIRAAMPHORN

A Thesis Submitted in Partial Fulfillment of the Requirements
for the Degree of Master of Engineering
Department of Big Data Engineering,

College of Innovative Technology and Engineering,
Dhurakij Pundit University

2020



TususeeuINe NS

WendeuinnTsusumaluladuariranisumans uIng1augsiatuding

USuayn 3rnssuaIansumiUadiea

WtoIngntinug nsUTulaismsduiegdnsdwmiuteyaliaunanemaiauuuneas DB2SM
wuelay ANDs F5BUNS
a3 Aennssudeyarnnlvg

219759NUINWINYIUNUS  AT.LONENT NUTIARNAN

TafansanwiureaulaganensTUNITERUINENTINUS LA

4ﬂ%@.ﬂ...ﬂi$ﬁﬂﬂﬂﬁmmi
»

(A3.835NNT UgAYIR)

Badll> e 20N nssunsuarennsEuSnwndn

£ a L4

(M9.LaNaNT WYSI9AFANAN)

% N33UNIT

(Hemansnansd A5.02912 InAsTw)

............................... L ASIuNS

(A9.5UNNT AIALINT)

ANBIBBUINNTTUAIUNAIUATLAZIAINTTUAIEATSUTD AN

s &

(A9.TUNT LUULNINLWUS)

AMUAINENaeuIAnssuMuAlulaguaridInssuAans



a

Wt Ineniinug m3l5ulyaismaduarednInidmsudoya liauga

FemaiAUUNEY DB2SM

A Yy A a [
WoRvsY MYNY ITSOUNT
7= a £ o 7o

210158M1/3n11 A3, 1BNANT WY3INAANA
GAURRE'S Aranssudoyaviialng
= =
Unsfn 2563

UNAAED

9 v Y

o 1 [ I a { o
ﬂWﬁ]HLuﬂGﬁ)fJgaﬂ%ﬂf‘l"l'il!,‘]Nﬂ’sjiJsUﬂiJﬁﬁ]mﬂuﬂﬁﬂ%dﬁ?ﬂﬂ]yiﬂﬂﬁzﬂ’)ﬂﬂﬁ

U

= 9 A @ (= 1 A Y o af = ald'd 9 Aa o o FY
FYUIVOINTONING hli]LWENLL@]ﬂ'lim@ﬂﬂlsﬁ@ﬁﬂ@iﬁuiuﬂﬁliﬂugﬂﬂ mayammmﬂﬂumi
= == o W A 1 a3 o o A [ Aa a A 9 é!
Pjﬂﬂll ’J‘L!ﬁ?ﬂifull,a‘”Q’EJTIL‘]Ju‘ﬂﬁ]ﬁ]ﬂﬁﬁﬂ‘ﬂﬁx‘lWZWI’f)ﬂi‘”ﬁ“l’l‘ﬁﬂ'lWﬂJ@\ﬂiJLﬂﬁ“Vlﬁi”lx‘]"llu N7

a

TRy nain wuﬂmméuam"1mmmﬂumwaﬂmm”lu"lﬂ 133 msunieldgnanduduite

U

i‘]”@ﬂmmmﬂ"lmﬁtymu wanniSumaiinmaden @ ROS, SMOTE, Tomek-Link 138

MmAdALUURANNNaInMsuUnataFuaeiu lFaususumaianaanaoulung

szu7ama 1514 SMOTEBoost, Over-Bagging, Under -Bagging, [IVotes Lﬁflﬁlﬁ}]’lﬁjﬂgﬂ 61911’634“’5117]?]

9 ]
Wiganedisumsiseusd udseiiiudueismaiodSulamsgquaiediaInivesngy

(%

Modnnlianyuzvostoya liduga Tesldmatauuunauniondt DB2SM lagilszaiuns
° 1 1 1 a [ J o ] ]
MAusznImsuiingudoyadlomaiin DBSCAN nazmsdunsizialoe1elnidoe

maia SMOTE Aansodsuldauldie uazldnarlunisiszuirana liuinin Wiedumn

ddd

UINUNANGAVDI Minority Class fmmzaudmiumsadieiiegialn minran1snaaeaty

avoya ludugaves UCI via1eya tazilSouieulszaninmaes lumadn "l,ymﬂi%'ﬁmeffam

R

[
a

aildnnmadiaou 14un SMOTE, DBCS 1182 DBSM Fuilumaiiaftdnuaznsmaud

=2

Y v ! 9 == Y a J ' a a A 9
AATNINUNUN Gljﬂslli’)maﬂﬂiﬁu‘l/l"lﬂmﬂm%]uﬂ DB2SM E‘NNﬁ@@‘ﬂ’igﬁﬂ‘ﬁﬂ1W"ll@QIilma‘VIﬁiN

U

De

Vupealied Ay

o



Thesis Title

Author
Thesis Advisor
Department

Academic Year

Data classification and clustering are importance tasks in machine learning. Only
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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&

Output: (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. x)

2. if N <100

3. then Randomize the 7" minority class samples

4. T = (N/100) =T

5. N =100

6. endif

7. N = (int)(N/100) (+ 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 each minority class sample only. *)
13. fori—1toT

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

Populate(N, i, nnarray) (x 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 7.

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. Syntheticlnewindezx]|attr] = Sampleli[attr] + gap * dif

23. endfor

24. newinder+-+

25. N=N-1

26. endwhile
27. return (x End of Populate. *)
End of Pseudo-Code.

NN 2.2 Psudo Code YDIUNANA SMOTE

N Chawla, N.V., Bowyer, K.W., Hall, L.O., & Kegelmeyer, W.P. (2002).



11

Y Y
910 Psudo-code AuvUNeasdiuaoulumsiiaiuues SMOTE 1 Asil
Y A ° a L. 7 ¢
TUN 1 Input U3LNoUAIY T=31UIUAVIFNVDI Minority, N = 115 15 uAv0
v Y ]
UIUANTANIL A IRV UTUITAUAY 1AL k= TUIUFTTFANIZS1999 UMK U
1 A 9 a [ A a A 9 dy o @ ]
naNINO I 19e¥N 11 @21 Output ABANIBN THNNATNUUTIUIU (V/100)*T 4210819
2 A Y = 1y Y] a a Y °
YU 2 8181 N < 100 w199 lideanis 1dauFnannnaalunisyil SMOTE

Y
[ Y

Y
WU TNMIURNTINFNUANTUITIUIU (N/100)*T #0819

Y
C4 % a

A o Ay v Y A Y o o A 9 o
UYUN 3 ﬁiﬂiunﬂﬂ ﬁiJ’l"]fﬂtl/]Vlﬂgﬂ']ﬂ"UU'ﬂ 2 Gh/i‘1/]’]ﬂ']5ﬂ’lu3mw’ln/‘|ﬂuu']ufl]’]u’)u k
9

wieglng udududeyaii 18 13 ludunls mmarray

U

Y H
C=\ )

o 1 A 9 A 2 Y A A Y
dui 4 dmiunng nquueaieutuimu13u marrey 1guidenitoutiu
tg 2 o 1 Y o 1 1 a A 9 A A =< =3 U
YU LIAIDE LAINUIVHITZIZHNTEUINAUNFNUAINDUITNUNYNADN FIHNIEDIA
1 1 . a g‘/ % < v Aa 9 . .
ANUANVDIUADE Attribute AUIFNNIT09602 Taena laaintion]d Euclidean Distance 14n13
o g’/ <3 o O o . Y o 1 [ A 1 = A o 1
fuaa nwnuraans 13 luduls 4 udaviinmsguan gap TiA15ena190 84 1 et
) v A A I 9 a 1aAA o 1 ] f
gap Igmaamuaunsluussiahn 22 medlunmsaiandnlnindidumisegszning
a a [ A Y A A 3 @ A o 1 Y v JA
AUNFNANNUNO U TUNGUADNIUNIU LD WBTIIUATUNNNGU Y nnarray 10D WAANTAD

a1 1HUTIUIN (V/100)*T 79819

S dif i
.- O-
- gap *dlf >

k-Nearest Neighbors =4, 0 < gap < 1
. Minority sample Nearest Neighbor O Synthetic sample

d' axy Y % 1 = Y a
MUN 2.3 LFAAIIDTNITEINWNAIDINNTUAIUNAUA SMOTE

2.5 uuINA DBSCAN
Ester, M., Kriegel, H., Sander, J., & Xu, X. (1996) la1iauoiuIAn DBSCAN #30
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DBSCAN (SetOfPoints, Eps, MinPts)

// SetOfPoints is UNCLASSIFIED
ClusterId := nextId(NOISE);
FOR i FROM 1 TO SetOfPoints.size DO
Point := SetOfPoints.get(i);
IF Point.ClId = UNCLASSIFIED THEN
IF ExpandCluster (SetOfPoints, Point,
ClusterId, Eps, MinPts) THEN
ClusterId := nextId(ClusterId)
END IF
END IF
END FOR
END; // DBSCAN
ExpandCluster {SetOfPoints, Point, C1Id, Eps,
MinPts) : Boolean;
seeds:=SetOfPoints.regionQuery (Point, Eps);
IF seeds.size<MinPts THEN // no core peoint
Set0fPoint.changeClId(Point,NOISE);
RETURN False;
ELSE // all points in seeds are density-
/! reachable from Point
SetOfPoints.changeCllds (seeds,C1l1d);
seeds.delete(Point) ;
WHILE seeds <> Empty DO
currentP := seeds.first();
result := SetOfPoints.regionQuery(currentP,
Eps);
IF result.size >= MinPts THEN
FOR 1 FROM 1 TO result.size DO
resultP := result.get({i);
IF resultP.ClId
IN {UNCLASSIFIED, NOISE} THEN
IF resultP.ClId = UNCLASSIFIED THEN
seeds.append(resultP) ;
END IF;
SetOfPoints.changeClId{resultP,ClId);
END IF; // UNCLASSIFIED or NOISE
END FOR;
END IF; // result.size >= MinPts
seeds.delete(currentP);
END WHILE; // seeds <> Empty
RETURN True;
END IF
END; // ExpandCluster

MNA 2.4 Psudo Code V9UNALA DBSCAN

131: Ester, M., Kriegel, H., Sander, J., & Xu, X. (1996)
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Algorithm: DB2SM

Input: T: Train dataset contains positive & negative,

& Epsilon,
minpnts: Minimum Number of Point (parameter for DBSCAN)
LI: Lack of Information for the minority class (LI)

Output: New_T: New Balanced train data

1
2
3
4
5.
6
7
8
9

10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.

C =DBSCAN(T, & minpnts) // C: set of cluster
fori=1toa//a: number of cluster in C do
if Ci is mixed cluster then // contains Majority & Minority
for j=1to b do// b: number of Minority in C;
for k=1to cdo// c: number of Majority in C;
djx= calEuclideanDistance(pj, nk) // pj: Minority, ni: Majority
if dix <= ¢ then
movelnstance(nk, dellnstance) // dellnstance: empty dataset
end if
end for
end for
appendlinstance(D, Ci) // D: empty dataset
end if
deleteCluster(C, Ci)
end for // now C contains only pure class clusters
E = DBSCAN(D, & minpnts)
C=C+E
Lp = findLargest_MinorityCluster(S)
newlnstance = SMOTE(Lp, LI) // newlnstance: dataset
newlnstance = removeDuplicate(newlInstance, dellnstance)

New_T=T + new_instance

NN 3.2 Psudo Code Y0IINANA DB2SM
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! 3
Foyanldlunisnaasuiludoya Imbalanced Dataset 910 UCT Machine Learning

Repository (Dua, D. & Graff, C.,2019) ﬂizﬂauﬁ’wm%y‘a ecolil, ecoli2, ecoli3, glass0, glassl1,

glass6, haberman, irisO, new-thyroidl, new-thyroid2, page- blocks0, pima, segment(, vehicleO,

vehiclel, vehicle2, vehicle3, wiscosin, yeastl {0 yeast3 nﬂﬂgﬂﬁﬁ’agmzﬁam%mﬁm 2 Class fi®
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9
Y 9 .. g
positive Il0g negative INTUY uaz‘luﬁmauamqtymﬂ (Non-Missing Values) AMaNYUUDIYA
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q' = 9 ~q Y
M19194N 3.1 l,l,’ﬁﬂxi51868!@8@161]@\15]]’EHJ“E]‘]/IGI,%GL‘Llﬂﬁ‘V]@ﬁfN

Dataset Attribute Example Majority Minority IR LI
ecolil 8 336 259 77 | 3.36 182
ecoli2 8 336 284 52 | 5.46 232
ecoli3 8 336 301 35| 8.60 266
glass0 10 214 144 70 | 2.06 74
glassl 10 214 138 76 | 1.82 62
glass6 10 214 185 29 | 6.38 156
harberman 4 306 225 81 | 2.78 144
irisO 5 150 100 50 | 2.00 50
new-thyroid1l 6 215 180 35| 5.14 145
new-thyroid2 6 215 180 35| 5.14 145
page-blocks0 11 5472 4913 559 | 8.79 4354
pima 9 768 500 268 1.87 232
segment0 20 2308 1979 329 | 6.02 1650
vehicle0 19 846 647 199 [ 3.25 448
vehiclel 19 846 629 217 | 2.90 412
vehicle2 19 846 628 218 | 2.88 410
vehicle3 19 846 634 212 | 2.99 422
wiscosin 10 683 444 239 | 1.86 205
yeastl 9 1484 1055 429 | 2.46 626
yeast3 9 1484 1321 163 | 8.10 1158
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M3199 4.1 150U Accuracy Vod luaalumsnaans

Dataset Original SMOTE DBCS DBSM DB2SM
ecolil 0.9109 0.8911 0.8812 0.8911 0.8317
ecoli2 0.9208 0.9307 0.9406 0.9307 0.9703
ecoli3 0.8812 0.8614 0.8911 0.7822 0.9307
glassO 0.8438 0.7500 0.8125 0.7812 0.8438
glass] 0.7188 0.6250 0.6875 0.5938 0.7344
glass6 0.9844 1.0000 0.9688 0.9844 1.0000

haberman 0.7065 0.6196 0.6522 0.6087 0.6739
irisO 1.0000 1.0000 1.0000 1.0000 1.0000
new-thyroid1 0.9688 0.9531 0.9688 0.9531 0.9531
new-thyroid2 0.9219 0.9531 0.9531 0.9531 0.9688
page-blocks0 0.9604 0.9683 0.9287 0.9562 0.9714
pima 0.6957 0.6696 0.5957 0.6696 0.7000

segment( 0.9928 0.9884 0.9855 0.9884 0.9913

vehicle0 0.9055 0.8031 0.7205 0.8031 0.9252

vehiclel 0.7323 0.3858 0.3937 0.3858 0.7677

vehicle2 0.8976 0.8858 0.9134 0.8858 0.9409

vehicle3 0.7598 0.3819 0.4213 0.3819 0.7047

wiscosin 0.9463 0.9512 0.9659 0.9610 0.9512
yeastl 0.7326 0.7348 0.4629 0.7348 0.7551
yeast3 0.9618 0.9528 0.9169 0.9483 0.9618
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Dataset Original SMOTE DBCS DBSM DB2SM
ecolil 0.8640 0.9340 0.8960 0.8590 0.8270
ecoli2 0.8410 0.8590 0.8910 0.9160 0.9330
ecoli3 0.7380 0.8130 0.8840 0.8250 0.8510
glass0 0.8390 0.8110 0.7950 0.7820 0.8890
glassl 0.6760 0.6320 0.6930 0.6540 0.7180
glass6 0.8890 1.0000 0.9640 0.9820 1.0000

haberman 0.5200 0.5520 0.5980 0.5470 0.5710
irisO 0.5000 0.5000 0.5000 0.5000 0.5000
new-thyroidl 0.9750 0.8450 0.9810 0.8450 0.8910
new-thyroid2 0.8440 0.9270 0.8850 0.9270 0.9730
page-blocks0 0.8230 0.9460 0.9330 0.9420 0.9140
pima 0.7040 0.7460 0.7360 0.7460 0.7340
segment0 0.9720 0.9690 0.9680 0.9690 0.9710

vehicle0 0.9170 0.8630 0.8050 0.8630 0.9390

vehiclel 0.5000 0.6050 0.5790 0.6050 0.6370

vehicle2 0.8870 0.9070 0.8850 0.9070 0.9180

vehicle3 0.6530 0.5960 0.6400 0.5960 0.6460

wiscosin 0.9280 0.9470 0.9630 0.9540 0.9380
yeastl 0.6950 0.7610 0.6180 0.7610 0.7030
yeast3 0.9050 0.9430 0.8830 0.9450 0.9250
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Dataset Original SMOTE DBCS DBSM DB2SM
ecolil 0.8000 0.7843 0.7500 0.7660 0.7018
ecoli2 0.7778 0.8205 0.8500 0.8108 0.9231
ecoli3 0.2500 0.4615 0.5600 0.3889 0.3636
glassO 0.7619 0.6190 0.7273 0.6667 0.7368
glass1 0.5909 0.5556 0.6154 0.5517 0.6667
glass6 0.9412 1.0000 0.9000 0.9474 1.0000

haberman 0.4000 0.4068 0.4286 0.4000 0.4444
irisO 1.0000 1.0000 1.0000 1.0000 1.0000
new-thyroidl 0.9000 0.8421 0.9091 0.8421 0.8421
new-thyroid2 0.7619 0.8696 0.8696 0.8696 0.9167
page-blocks0 0.7735 0.8452 0.7221 0.8125 0.8554
pima 0.4068 0.6346 0.6235 0.6346 0.6634

segment0 0.9701 0.9529 0.9419 0.9529 0.9643

vehicle0 0.8065 0.7024 0.6502 0.7024 0.8652

vehiclel 0.8110 0.4730 0.4797 0.4730 0.3059

vehicle2 0.7937 0.7914 0.8333 0.7914 0.8855

vehicle3 0.2469 0.4530 0.4806 0.4530 0.4681

wiscosin 0.9209 0.9265 0.9510 0.9429 0.9254
yeastl 0.4848 0.6289 0.5286 0.6312 0.5856
yeast3 0.8172 0.7879 0.6783 0.7723 0.8350
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SMOTE Minority
Dataset & | minpts | LI Cluster Scale Accuracy | AUC | F-measure
size (%)

ecolil 0.50 16 182 56 72.73 0.8317 0.8270 0.7018
ecoli2 0.15 14 232 32 61.54 0.9703 0.9330 0.9231
ecoli3 0.10 1 266 4 11.43 0.9307 0.8510 0.3636
glass0 0.50 5 74 28 40.00 0.8438 0.8890 0.7368
glassl 0.50 3 62 29 38.16 0.7344 0.7180 0.6667
glass6 0.35 2 156 16 55.17 1.0000 1.0000 1.0000
harberman | 0.10 2 144 55 67.90 0.6739 0.5710 0.4444
irisO 0.20 2 50 19 38.00 1.0000 0.5000 1.0000
new-thyroidl | 0.10 11 145 25 71.43 0.9531 0.8910 0.8421
new-thyroid2 | 0.10 16 145 24 68.57 0.9688 0.9730 0.9167
page-blocksO | 0.10 8 4354 391 69.95 0.9714 0.9140 0.8554
pima 0.10 14 232 182 67.91 0.7000 0.7340 0.6634
segment0 0.85 5 1650 245 74.47 0.9913 0.9710 0.9643
vehicle0 0.10 7 448 132 66.33 0.9252 0.9390 0.8652
vehiclel 0.10 2 412 146 67.28 0.7677 0.6370 0.3059
vehicle2 0.10 13 410 156 71.56 0.9409 0.9180 0.8855
vehicle3 0.11 11 422 142 66.98 0.7047 0.6460 0.4681
wiscosin 0.10 17 205 171 71.55 0.9512 0.9380 0.9254
yeast] 0.05 1 626 S 1.17 0.7551 0.7030 0.5856
yeast3 0.10 7 1158 61 37.42 0.9618 0.9250 0.8350
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Dataset Attribute Example | Majority | Minority IR LI
ecoli-0-1-4-7_vs_2-3-5-6 8 336 307 29 10.59 278
ecoli-0-3-4-7 vs 5-6 8 257 232 25 9.28 207
ecoli-0-6-7 vs 3-5 8 222 200 22 9.09 178
glass-0-1-5_vs_2 10 172 155 17 9.12 138
glass-0-1-6_vs_2 10 192 175 17 10.29 158

glass-0-6_vs_5 10 108 99 9 11.00 90
glass2 10 214 197 17 11.59 180

glass4 10 214 201 13 15.46 188

glass5 10 214 205 9 22.78 196
page-blocks-1-3 vs 4 11 472 444 28 15.86 416
poker-8 vs_6 11 1477 1460 17 85.88 1443
poker-8-9 vs 5 11 2075 2050 25 82.00 2025
poker-8-9 vs 6 11 1485 1460 25 58.40 1435
poker-9_vs_7 11 244 236 8 29.50 228
shuttle-6_vs_2-3 10 230 220 10 22.00 210
shuttle-c0-vs-c4 10 1829 1706 123 13.87 1583
shuttle-c2-vs-c4 10 129 123 6 20.50 117
vowel0 14 988 898 90 9.98 808
winequality-red-3_vs_5 12 691 681 10 68.10 671
winequality-red-4 12 1599 1546 53 29.17 1493
winequality-red-8 vs_6 12 656 638 18 35.44 620
yeast-0-5-6-7-9 vs 4 9 528 477 51 9.35 426
yeast-2 vs 4 9 514 463 51 9.08 412
yeast5 9 1484 1440 44 32.73 1396
yeasto 9 1484 1449 35 41.40 1414
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Dataset Original | SMOTE | DBCS | DBSM | DB2SM
ecoli-0-1-4-7_vs_2-3-5-6 0.9307 0.9109 0.7426 | 0.9010 0.9208
ecoli-0-3-4-7 vs_5-6 0.9351 0.9091 0.8831 | 0.8961 0.9351
ecoli-0-6-7 vs 3-5 0.9403 0.8507 0.9701 | 0.8507 0.9552
glass-0-1-5_vs 2 0.9038 0.7500 NA 0.7500 0.8462
glass-0-1-6_vs 2 0.8966 0.7069 NA 0.6724 0.9310
glass-0-6_vs 5 1.0000 1.0000 1.0000 | 1.0000 1.0000
glass2 0.9219 0.8125 NA 0.8125 0.9219

glass4 0.9844 0.9688 NA 0.9688 0.9531

glass5 0.9531 0.9531 09531 | 0.9531 0.9531
page-blocks-1-3_vs 4 0.9789 1.0000 1.0000 | 1.0000 0.9930
poker-8_vs_6 0.9910 0.7223 06117 | 0.7223 0.9910
poker-8-9 vs 5 0.9871 0.5804 0.6141 | 0.5788 0.9871
poker-8-9 vs 6 0.9820 0.7326 0.5910 | 0.7326 0.9820
poker-9_vs_7 0.9726 0.9315 0.9589 | 0.9452 0.9178
shuttle-6_vs 2-3 1.0000 1.0000 1.0000 | 1.0000 1.0000
shuttle-c0-vs-c4 1.0000 1.0000 1.0000 | 1.0000 1.0000
shuttle-c2-vs-c4 1.0000 1.0000 1.0000 | 1.0000 1.0000
vowel0 0.9764 0.9831 NA 0.9865 0.9831
winequality-red-3_vs_5 0.9903 0.9469 09372 | 0.9372 0.9758
winequality-red-4 0.9708 0.6479 0.5875 | 0.6479 0.6946
winequality-red-8_vs_6 0.9695 0.8782 0.8579 | 0.8731 0.9543
yeast-0-5-6-7-9_vs 4 0.9430 0.8987 0.7848 | 0.9114 0.9051
yeast-2_vs_4 0.9610 0.9481 0.9610 | 0.9481 0.9610
yeasts 0.9843 0.9798 0.9258 | 0.9640 0.9843

yeast6 0.9753 0.9416 0.8135 | 0.9326 0.9753
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Dataset Original | SMOTE | DBCS | DBSM | DB2SM
ecoli-0-1-4-7_vs_2-3-5-6 0.7390 0.7800 0.6990 | 0.7990 0.8410
ecoli-0-3-4-7 vs_5-6 0.7440 0.8850 0.8910 | 0.8790 0.5000
ecoli-0-6-7 vs 3-5 0.9370 0.9840 0.9680 | 0.9840 0.5000
glass-0-1-5_vs 2 0.6720 0.5940 NA 0.5940 0.6400
glass-0-1-6_vs 2 0.5380 0.5680 NA 0.5490 0.7530
glass-0-6_vs 5 1.0000 1.0000 1.0000 | 1.0000 1.0000
glass2 0.8460 0.6240 NA 0.6240 0.8580

glass4 0.6860 0.5000 NA 0.6670 0.9510

glass5 0.0000 0.0000 0.0000 | 0.0000 0.5000
page-blocks-1-3_vs 4 0.9780 1.0000 0.5000 | 1.0000 0.9930
poker-8_vs_6 0.5000 0.5650 0.5270 | 0.5650 0.5000
poker-8-9 vs 5 0.5000 0.4610 0.5160 | 0.4630 0.5000
poker-8-9 vs 6 0.5000 0.6580 04530 | 0.6580 0.5000
poker-9_vs 7 0.6900 0.6450 0.8190 | 0.6520 0.4690
shuttle-6_vs 2-3 0.5000 0.5000 0.5000 | 0.5000 0.5000
shuttle-c0-vs-c4 0.5000 0.5000 0.5000 | 0.5000 0.5000
shuttle-c2-vs-c4 0.5000 0.5000 0.5000 | 0.5000 0.5000
vowel0 0.9300 0.9480 NA 0.9640 0.5000
winequality-red-3_vs_5 0.5000 0.7050 0.6390 | 0.6990 0.4410
winequality-red-4 0.5000 0.6220 0.5960 | 0.6220 0.5550
winequality-red-8_vs_6 0.7810 0.4340 0.7210 | 0.5350 0.6700
yeast-0-5-6-7-9_vs_4 0.6970 0.8570 0.7690 | 0.8590 0.6900
yeast-2_vs_4 0.9080 0.8640 0.8740 | 0.8640 0.8770
yeasts 0.8750 0.9170 0.5000 | 0.9810 0.8040

yeast6 0.7390 0.9630 0.6310 | 0.9490 0.5530
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Dataset Original SMOTE DBCS DBSM DB2SM
ecoli-0-1-4-7_vs_2-3-5-6 0.6667 0.6400 0.3810 0.6429 0.6364
ecoli-0-3-4-7_vs_5-6 0.6154 0.6667 0.6087 0.6364 0.6154
ecoli-0-6-7 vs_3-5 0.6667 0.4444 0.8000 0.4444 0.7273
glass-0-1-5 vs 2 0.4444 0.2353 NA 0.2353 0.3333
glass-0-1-6_vs_2 NAN 0.1905 NA 0.1739 0.6000
glass-0-6_vs 5 1.0000 1.0000 1.0000 1.0000 1.0000
glass2 0.5455 0.2500 NA 0.2500 0.6154
glass4 0.8000 0.5000 NA 0.5000 0.6667
glass5 NA NA NA NA NA
page-blocks-1-3_vs 4 0.8235 1.0000 1.0000 1.0000 0.9333
poker-8 vs_6 NA 0.0315 0.0227 0.0315 NA
poker-8-9 vs 5 NA 0.0297 0.0323 0.0296 NA
poker-8-9 vs 6 NA 0.0630 0.0215 0.0630 NA
poker-9_vs_7 0.5000 0.2857 0.5714 0.3333 NA
shuttle-6_vs_2-3 1.0000 1.0000 1.0000 1.0000 1.0000
shuttle-c0-vs-c4 1.0000 1.0000 1.0000 1.0000 1.0000
shuttle-c2-vs-c4 1.0000 1.0000 1.0000 1.0000 1.0000
vowel0 0.8727 0.9180 NA 0.9355 0.9153
winequality-red-3_vs 5 NA NA NA NA NA
winequality-red-4 NA 0.0963 0.0833 0.0963 NA
winequality-red-8 vs 6 0.5000 0.0769 0.1765 0.7410 0.3077
yeast-0-5-6-7-9 vs 4 0.6667 0.4286 0.3200 0.5625 0.5161
yeast-2_vs_4 0.7500 0.7143 0.7500 0.7143 0.7692
yeastS 0.6957 0.7273 0.4407 0.6190 0.6957
yeast6 0.4211 0.4091 0.1263 0.3750 0.4211
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Dataset E minpts LI Cluster Scale Accuracy | AUC F-measure
size (%)
ecoli-0-1-4-7_vs_2-3-5-6 [ 0.10 11 278 17 58.62 0.9208 0.8410 0.6364
ecoli-0-3-4-7_vs_5-6 0.10 8 207 17 68.00 0.9351 0.5000 0.6154
ecoli-0-6-7_vs_3-5 0.10 9 178 18 81.82 0.9552 0.5000 0.7273
glass-0-1-5_vs_2 0.35 2 138 7 41.18 0.8462 0.6400 0.3333
glass-0-1-6_vs_2 0.30 2 158 9 52.94 0.9310 0.7530 0.6000
glass-0-6_vs 5 0.10 2 90 8 88.89 1.0000 1.0000 1.0000
glass2 0.50 2 180 5 29.41 0.9219 0.8580 0.6154
glass4 0.90 2 188 3 23.08 0.9531 0.9510 0.6667
glass5 0.10 2 196 9 100.00 0.9531 0.5000 NA
page-blocks-1-3_vs 4 0.10 6 416 21 75.00 0.9930 0.9930 0.9333
poker-8 vs 6 0.10 6 1443 13 76.47 0.9910 0.5000 NA
poker-8-9 vs 5 0.10 3 2025 17 68.00 0.9871 0.5000 NA
poker-8-9 vs 6 0.10 14 1435 17 68.00 0.9820 0.5000 NA
poker-9_vs 7 0.10 2 228 5 62.50 0.9178 0.4690 NA
shuttle-6_vs 2-3 0.10 6 210 8 80.00 1.0000 0.5000 1.0000
shuttle-c0-vs-c4 0.10 4 1583 80 65.04 1.0000 0.5000 1.0000
shuttle-c2-vs-c4 0.10 4 117 5 83.33 1.0000 0.5000 1.0000
vowel0 0.75 4 808 32 35.56 0.9831 0.5000 0.9153
winequality-red-3_vs 5 0.10 7 671 8 80.00 0.9758 0.4410 NA
winequality-red-4 0.10 4 1493 39 73.58 0.6946 0.5550 NA
winequality-red-8_vs_6 0.10 2 620 13 72.22 0.9543 0.6700 0.3077
yeast-0-5-6-7-9_vs_4 0.30 5 426 35 68.63 0.9051 0.6900 0.5161
yeast-2_vs_4 0.25 13 412 32 62.75 0.9610 0.8770 0.7692
yeast5 0.15 16 1396 31 70.45 0.9843 0.8040 0.6957
yeast6 0.10 13 1414 25 71.43 0.9753 0.5530 0.4211
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DB2SM g DB2SMx

Parameters Accuracy AUC F-measure
Dataset

E minpts | DB2SM | DB2SMx | DB2SM | DB2SMx | DB2SM | DB2SMx

ecolil 0.50 16 0.8317 0.8911 0.8275 0.9320 0.7018 0.7843

ecoli2 0.15 14 0.9703 0.8416 0.9327 0.8580 0.9231 0.6522

ecoli3 0.10 1 0.9307 0.8713 0.8508 0.8150 0.3636 0.4800

glass0 0.50 5 0.8438 0.8125 0.8886 0.8890 0.7368 0.7143

glass] 0.50 3 0.7344 0.6562 0.7179 0.6190 0.6667 0.5600

glass6 0.35 2 1.0000 0.9219 1.0000 0.9640 1.0000 0.7826

harberman 0.10 2 0.6739 0.5435 0.5711 0.5470 0.4444 0.3824

irisO 0.20 2 1.0000 1.0000 0.5000 0.5000 1.0000 1.0000

new-thyroid1l 0.10 11 0.9531 0.9531 0.8907 0.9330 0.8421 0.8571

new-thyroid2 0.10 16 0.9688 0.9844 0.9734 1.0000 0.9167 0.9524

page-blocks0 0.10 8 0.9714 0.9671 0.9142 0.9450 0.8554 0.8439
pima 0.10 14 0.7000 0.6478 0.7425 0.7230 0.6634 0.6553
segment0 0.85 5 0.9913 0.9855 0.9711 0.9750 0.9643 0.9419
vehicle0 0.10 7 0.9252 0.8386 0.9394 0.8980 0.8652 0.7453
vehiclel 0.10 2 0.7677 0.4094 0.6374 0.5860 0.3059 0.4828
vehicle2 0.10 13 0.9409 0.8780 0.9185 0.8750 0.8855 0.7770
vehicle3 0.11 11 0.7047 0.3819 0.6458 0.5510 0.4681 0.4530

wiscosin 0.10 17 0.9512 0.9268 0.9376 0.8920 0.9254 0.8889

yeastl 0.05 1 0.7551 0.7124 0.7026 0.7300 0.5856 0.6121

yeast3 0.10 7 0.9618 0.9483 0.9248 0.9210 0.8350 0.7810

INWANITNAABINYIT DB2SMx A1115 0471 Accuracy 1AANI1 DB2SM Tudoya
@ ' 1 g}; 1 13 A
V1gAT0YaA06819M 1Y 1810 ecolil 1Az new-thyroid2 HANA1UITDLNY F-measure 14 11

qri‘’d18161‘2@1‘;[91}?)39,@1 1aun ecolil, ecoli3, new-thyroidl, new-thyroid2, vehiclel Iiai& yeastl
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Abstract. Data classification is the main task of Machine Learning. However, it is not easy to build
a good classification model because it requires well-prepared data and efficient classification
techniques. One of the data issues that we inevitably have to face is the imbalanced data problem.
This problem typically refers to a situation that the classes are not represented equally, e.g., one class
is more occur than another class. Therefore, the classifier will be biased to the majority class and
give high performance for that class. To deal with this issue, various techniques have been proposed.
In this work, we introduce an improvement technique, called DB2SM. Our method employs 2 times
DBSCAN clustering to find a proper area and SMOTE for oversample minority instances. For more
detail, the first clustering task removes the negative instances (e.g., majority class), which are located
close to the positive classes. Then the second clustering task generates clusters that have only positive
or negative instances. Finally, SMOTE was applied to create new positive instances. The
experimental results with 20 imbalanced datasets showed that our proposed method gives a better
performance in terms of accuracy, AUC and F-measure, compared to SMOTE, DBCS and DBSM.
Keywords: Imbalanced Data, Resampling, DBSCAN, SMOTE.

Introduction

Handling imbalanced data is one of the most challenging tasks in Machine Learning. In real-world use-
cases, for example, fraud detection, intrusion detection, and disease diagnostics have an imbalanced data
issue. There are a few fraudulent cases compared to normal cases and a few patients compared to normal
people. A large number of instances in the dataset are called the majority class and the fewer are called
the minority class. In this situation, the classification model will be biased to the majority class and give
high accuracy. To handle these issues, there are two main approaches: data level and algorithm level [1].
The methods in the first approach are focused on sampling data. It tends to resample instances to a
balanced dataset, for example, random undersampling (RUS) or random oversampling (ROS). The
second approaches adjust the machine learning techniques to handle the imbalanced dataset. The
techniques in this approach including one class SVM, cost sensitive learning.

Each solution has its own limitation. For example, the quality of synthetic instances using SMOTE
technique is dependent on the k-nearest neighbor data. If they contain noises or outliers, it will reduce
the potential of new instances too [2]. This paper introduces an improvement technique by combining
DBSCAN and SMOTE to solve some existing problems and improve oversampling quality on the
imbalanced data. By the assumption to generate new instances in the high-density area or largest cluster
of minority class will receive a good instance quality as the original data does.

Related Works

In this section, we reviewed previously research works which aimed to address the imbalanced data.

M. Ester et al. [3] presented DBSCAN (A Density-Based Algorithm for Discovering Clusters in Large
Spatial Database with Noise) which is a technique that clustered data by exploring every instance. If they
have the number of neighbors equal to or greater than the minimum number of points (minpts) and located
within a constant radius called epsilon (&) then the algorithm will form a cluster for it and extend the
cluster area by applying the same play to their neighbors. The DBSCAN was mostly used because it can
handle unlabeled data and can cluster to various shapes instead of an oval.
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The Random Over-Sampling (ROS) technique is the simplest method that duplicates the minority
class instances. However, this might lead to an over-fitting issue since the new instances are the same as
previously. To overcome this problem, Chawla et al. [4] proposed another way by synthetic new
instances near the previous minority class instances. This technique is called SMOTE (Synthetic
Minority Over-sampling TEchnique) and it's widely used to do over-sampling in the imbalanced dataset.

Y. Sanguanmak and A. Hanskunatai [5] proposed a hybrid technique called DBSM that combining
DBSCAN and SMOTE in the same process. After applying DBSCAN to the imbalanced dataset, DBSM
removes 50% of negative (majority class) instances in each cluster which have the smallest distance from
their centroid. This task is similar to undersampling but it does not random. Then DBSM employs
SMOTE to oversampling positive (minority class) instances. This method gave improved performance
compared to base-line techniques.

M.K. Verma et al. [6] presented DBCS method which applies DBSCAN to group data into clusters.
In the next step, DBCS computes the ratio of positive and negative instances and suggests resampling
techniques e.g., undersampling or oversampling to each cluster. For oversampling, it generates the
synthetic positive instances within an epsilon (&) value of each cluster. This method was examined with
eleven datasets from KEEL data repository with C4.5 classifier. The results showed a better average
AUC and accuracy if model via compared with the using of original data, SMOTE, ROS, and RUS
techniques.

X. Xiaolong et al. [7] used the DBSCAN to separate positive instances into three groups including an
explicit group of minority class called the core samples, a combination group of majority class, and
minority class called the borderline samples, and the isolated minority that located among majorities
called the noise samples. The algorithm removed all noise samples before applied different oversampling
techniques for remaining groups. The first is applying SMOTE within the core samples, the second is
calculating the cluster center in borderline samples and then generated synthetic instances between the
cluster center and other instances in the cluster. This work is called DSMOTE. The experiment was done
on four UCI datasets which contained two-class and multi-class datasets. The results showed better
performances including precision, recall, and F-value while compared with original data, SMOTE, and
borderline-SMOTE with J48 decision tree classifier.

M. Lv et al. [8] combined the SMOTE, Boderline SMOTE and boosting techniques such as AdaBoost
and cost-sensitive AdaBoost to handle imbalanced credit card clients datasets from UCI. A comparison
result show the performance of over-sampled SMOTE-AdaBoost and Borderline SMOTE AdaBoost is
slightly worse than the traditional AdaBoost. They noticed on a possibility of using SMOTE with high-
dimensional imbalanced data.

N. Netirungroj and E. Pacharawongsakda [9] proposed two steps framework which employs both
undersampling and oversampling techniques. This work is called TOP (TwO-levels of Positive
Resampling Framework). TOP creates two areas: inner area and outer area. The first area is located near
the positive instances and the second area is far from those positive instances. They applied the
undersampling technique in the inner area and the oversampling technique to the outer area. An
experiment was testing on many UCI imbalanced datasets and evaluated the model performance by using
F1, GM, AUROC, and AUPRC. The experimental results were compared with many techniques such as
Baseline-SMOTE, ROSE and DBSM. The technique yielded F1 score better than an average
improvement across all datasets.

DB2SM Methodology

The goal of this work is to improve an oversampling quality by trying to generate a new instance in the
proper area of minority class. The process contains two main function: the first is finding the high density
area or largest cluster of minority instances (assumed that this is the best area for the minority class) by
applying two rounds of DBSCAN, then the second is creating new instances by applying SMOTE in that
area. The process was explained in these following steps:

Step 1. The first round of DBSCAN is applied with parameter: epsilon = e, minimum point = minpnts,
and add the result clusters in C. The C contains positive clusters (all instances have minority class),
negative clusters (all instances have majority class), and mixed cluster (included positive instances and
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negative instances). All members in each cluster connected to their neighbors within distance <= e by
DBSCAN algorithm.

Step 2. For each mixed cluster in C, we calculate Euclidean distance between all positive members
and all negative members in C.

Step 3. Remove negative instances that have distance less than epsilon (e) from C. This condition
reveals a positive group in clusters and separates them from connected by negative instances. (We keep
the removed negative instances in an empty dataset called dellnstance for later use)

Step 4. Combine all instances from the 3rd step and re-apply the second DBSCAN with the same
parameters again. By assumption, C might contain the positive cluster, the negative cluster, and some
isolated instances.

Step 5. Choose the largest positive cluster from the 4th step and apply SMOTE with parameter: number
of instances = LI from equation (2). Then remove duplicated instances by comparing new instances with
members in dellnstance. (We assume that positive members will less than negative members to prevent
bias and over-fitting from new positive members)

Step 6. Appending original data with new instances as the new training data and use this dataset to

build a classification model. The processes are shown in Fig. 1.

Find Largest
positive cluster

{

Calculatg !Euclldean _dlstance SMOTE
positive - negative

' '

Remove negative
distance <= ¢

DBSCAN 1st

If Mixed
cluster

Yes

Train data

— New instances

> New Train

Fig. 1. The methodology

From these steps, the psudo-code was constructed as below.

Algorithm: DB2SM

Input: T: Train dataset contains positive & negative,

& Epsilon,

minpnts: Minimum Number of Point

LI: Lack of Information for the minority class (LI)
Output: New_T: New Balanced train data

1 C = DBSCAN(T, & minpnts) // C: set of cluster

2 for i =1 to number of cluster in C do

3 if Ci is mixed cluster then

4. for j =1 to number of positive in Ci do

5. for k =1 to number of negative in Ci do

6 dik= calEuclideanDistance(pj, nk) // pj: positive, nk: negative
7 if dik <= ¢ then

8 movelnstance(nk, dellnstance)// dellnstance: dataset
9 end if
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10. end for

11. end for

12. appendInstance(D, Ci) // D: empty dataset
13. end if

14. delCluster(C, Ci) // delete Cifrom C

15.  end for

16. E=DBSCAN(D, & minpnts) // E: set of cluster

17. C=C+E

18.  Lp = findLargestPositiveCluster(S)

19.  newlnstance = SMOTE(Lp, LI) // newlnstance: dataset
20. newlnstance = delDuplicate(newlnstance, dellnstance)
21.  New_T=T + new_instance

22.  return(New_T)

Experiment and Result

Datasets

In the experiment, we tested with 20 imbalanced datasets from UCI Machine Learning Repository which
characteristics were showed as in the table 1. Each dataset contains only two classes (positive, negative)
and have no missing values. Imbalanced Ratio (IR) and Lack of Information (LI) for the minority class
are indicators of the relationship between positive and negative in data which are calculated by these
equations.

IR = number of negative (1)

number of positive

LI = number of negative — number of positive (2)

Table 1. Datasets characteristics

Dataset Attribute Example IR LI
ecolil 8 336 0.77 182
ecoli2 8 336 5.46 232
ecoli3 8 336 8.60 266
glass0 10 214 2.06 74
glassl 10 214 1.82 62
glass6 10 214 6.38 156

haberman 4 306 2.78 254
iris0 5 150 2.00 50
new-thyroidl 6 215 5.14 145
new-thyroid2 6 215 5.14 145
page-blocks0 11 5,472 8.79 4,354
pima 9 768 1.87 232
segment0 20 2,308 6.02 1,650

vehicle0 19 846 3.25 448

vehiclel 19 846 2.90 412

vehicle2 19 846 2.88 410

vehicle3 19 846 2.99 422

wiscosin 10 683 1.86 205
yeastl 9 1,484 2.46 626
yeast3 9 1,484 8.10 1,158

Experimental Design and Evaluation

In the experiment, we used RapidMiner Studio version 9.8 as standard tool. All datasets were split into
two parts as training data and test data by ratio 70:30. We used a simple Decision Tree as a classification
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model and evaluated performance with three widely used resampling techniques which are SMOTE,
DBCS, DBSM.

{ wairain Data } [ Test Data }

Other Tegniques

Y

Classifier ‘

\d

‘ Model Evaluation

Fig. 2. Design of the experiment

Classification performances are evaluated using statistical measurement tools based on confusion
matrix which are accuracy, AUC and F-measure.

Table 2. Confusion Matrix

Pridicted as positive

Pridicted as negative

Actually positive TP FN
Actually negative FP TN
Accuracy = L) 3)
TP+TN+FP+FN
TP
TPrate = Gperm (4)
FP
FPrate = oy ()
AUC = 1+TPrat:+FPrate (6)
.. TP
Precision = T ©)
TP
Recall = TPEFN) )
F — measure = 2xRecall*Precision (9)

Recall+Precision



Results

The results showed in Tables 3, 4 and 5. The best results displayed in bold.

Table 3. Accuracy result comparison
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Dataset Original SMOTE DBCS DBSM DB2SM
ecolil 0.9109 0.8911 0.8812 0.8911 0.8317
ecoli2 0.9208 0.9307 0.9406 0.9307 0.9703
ecoli3 0.8812 0.8614 0.8911 0.7822 0.9307
glassO 0.8438 0.7500 0.8125 0.7812 0.8438
glassl 0.7188 0.6250 0.6875 0.5938 0.7344
glass6 0.9844 1.0000 0.9688 0.9844 1.0000
haberman 0.7065 0.6196 0.6522 0.6087 0.6739
iris0 1.0000 1.0000 1.0000 1.0000 1.0000
new-thyroidl 0.9688 0.9531 0.9688 0.9531 0.9531
new-thyroid2 0.9219 0.9531 0.9531 0.9531 0.9688
page-blocks0 0.9604 0.9683 0.9287 0.9562 0.9714
pima 0.6957 0.6696 0.5957 0.6696 0.7000
segment0 0.9928 0.9884 0.9855 0.9884 0.9913
vehicle 0.9055 0.8031 0.7205 0.8031 0.9252
vehiclel 0.7323 0.3858 0.3937 0.3858 0.7677
vehicle2 0.8976 0.8858 0.9134 0.8858 0.9409
vehicle3 0.7598 0.3819 0.4213 0.3819 0.7047
wiscosin 0.9463 0.9512 0.9659 0.9610 0.9512
yeastl 0.7326 0.7348 0.4629 0.7348 0.7551
yeast3 0.9618 0.9528 0.9169 0.9483 0.9618
Average 0.8721 0.8153 0.8030 0.8097 0.8788

Table 4. AUC result comparison

Dataset Original SMOTE DBCS DBSM DB2SM
ecolil 0.8640 0.9340 0.8960 0.8590 0.8270
ecoli2 0.8410 0.8590 0.8910 0.9160 0.9330
ecoli3 0.7380 0.8130 0.8840 0.8250 0.8510
glassO 0.8390 0.8110 0.7950 0.7820 0.8890
glassl 0.6760 0.6320 0.6930 0.6540 0.7180
glass6 0.8890 1.0000 0.9640 0.9820 1.0000
haberman 0.5200 0.5520 0.5980 0.5470 0.5710
irisO 0.5000 0.5000 0.5000 0.5000 0.5000
new-thyroidl 0.9750 0.8450 0.9810 0.8450 0.8910
new-thyroid2 0.8440 0.9270 0.8850 0.9270 0.9730
page-blocks0 0.8230 0.9460 0.9330 0.9420 0.9140
pima 0.7040 0.7460 0.7360 0.7460 0.7340
segment0 0.9720 0.9690 0.9680 0.9690 0.9710
vehicle0 0.9170 0.8630 0.8050 0.8630 0.9390
vehiclel 0.5000 0.6050 0.5790 0.6050 0.6370
vehicle2 0.8870 0.9070 0.8850 0.9070 0.9180
vehicle3 0.6530 0.5960 0.6400 0.5960 0.6460
wiscosin 0.9280 0.9470 0.9630 0.9540 0.9380
yeastl 0.6950 0.7610 0.6180 0.7610 0.7030
yeast3 0.9050 0.9430 0.8830 0.9450 0.9250

Average 0.7835 0.8078 0.8049 0.8063 0.8239




Table 5. F-measure result comparison
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Dataset Original SMOTE DBCS DBSM DB2SM
ecolil 0.8000 0.7843 0.7500 0.7660 0.7018
ecoli2 0.7778 0.8205 0.8500 0.8108 0.9231
ecoli3 0.2500 0.4615 0.5600 0.3889 0.3636
glassO 0.7619 0.6190 0.7273 0.6667 0.7368
glassl 0.5909 0.5556 0.6154 0.5517 0.6667
glassé 0.9412 1.0000 0.9000 0.9474 1.0000
haberman 0.4000 0.4068 0.4286 0.4000 0.4444
irisO 1.0000 1.0000 1.0000 1.0000 1.0000
new-thyroidl 0.9000 0.8421 0.9091 0.8421 0.8421
new-thyroid2 0.7619 0.8696 0.8696 0.8696 0.9167
page-blocks0 0.7735 0.8452 0.7221 0.8125 0.8554
pima 0.4068 0.6346 0.6235 0.6346 0.6634
segmentO 0.9701 0.9529 0.9419 0.9529 0.9643
vehicle0 0.8065 0.7024 0.6502 0.7024 0.8652
vehiclel 0.8110 0.4730 0.4797 0.4730 0.3059
vehicle2 0.7937 0.7914 0.8333 0.7914 0.8855
vehicle3 0.2469 0.4530 0.4806 0.4530 0.4681
wiscosin 0.9209 0.9265 0.9510 0.9429 0.9254
yeastl 0.4848 0.6289 0.5286 0.6312 0.5856
yeast3 0.8172 0.7879 0.6783 0.7723 0.8350
Average 0.7108 0.7278 0.7250 0.7205 0.7475
Table 6. Parameters and Results
Dataset £ minpts Accuracy AUC F-measure
ecolil 0.50 16 0.8317 0.8275 0.7018
ecoli2 0.15 14 0.9703 0.9327 0.9231
ecoli3 0.10 1 0.9307 0.8508 0.3636
glassO 0.50 5 0.8438 0.8886 0.7368
glassl 0.50 3 0.7344 0.7179 0.6667
glass6 0.35 2 1.0000 1.0000 1.0000
harberman 0.10 2 0.6739 0.5711 0.4444
irisO 0.20 2 1.0000 0.5000 1.0000
new-thyroidl 0.10 11 0.9531 0.8907 0.8421
new-thyroid2 0.10 16 0.9688 0.9734 0.9167
page-blocks0 0.10 8 0.9714 0.9142 0.8554
pima 0.10 14 0.7000 0.7425 0.6634
segment0 0.85 5 0.9913 0.9711 0.9643
vehicle0 0.10 7 0.9252 0.9394 0.8652
vehiclel 0.10 2 0.7677 0.6374 0.3059
vehicle2 0.10 13 0.9409 0.9185 0.8855
vehicle3 0.11 11 0.7047 0.6458 0.4681
wiscosin 0.10 17 0.9512 0.9376 0.9254
yeastl 0.05 1 0.7551 0.7026 0.5856
yeast3 0.10 7 0.9618 0.9248 0.8350

Conclusion and Discussion

In this paper, we proposed DB2SM as one of the good choices to handle imbalanced data. Our method
employs two rounds of DBSCAN to find the proper area of minority class and then applying SMOTE
technique to generate new minority instances in that area. The experimental results show that AUC and
F-measure for all resampling techniques are better than the original train data in various datasets.
Moreover, the DB2SM won 10 cases compared to the baseline, SMOTE, DBCS, and DBSM.
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Along the process, we changed parameters such as an e and minpnts to see how each dataset forming
its appearances. The epsilon was set in the range 0.01-1.00 step by 0.01 from a normalized distance. The
minpnts prefered from 1 to the number of positive instance in cluster. We found that changing the
sensitive parameters affected performance. This might from the ambiguity between minority instances,
noise, and outlier. However, some parameters can caused to generate a lower implicit instance. For
example in Table 6, ecoli3 and yeast1 datasets used small epsilon and minpnts that allowed DBSCAN to
create a tiny cluster and forced SMOTE to upsampling in this limited area. The result gained a good
accuracy but F-measure was poor. It is possible that the model predicted the negative in high corrective
rate but very low for positive.

Future Work

In the experiment, we used simple SMOTE as an oversampling method, but there are more variations of
SMOTE including: SMOTE-NC, Borderline-SMOTE, SVM-SMOTE, ADASYN [10] that can increase
the quality of result data. Furthermore, the experiment was settled on small datasets which consisted of
tiny attributes then we can use the simply Euclidean DBSCAN [11] for gaining not much time by the
average runtime complexity of DBSCAN is about O(nlog n). [12] In other scenarios such as a high
dimensional data or more than two class problem, these will effect to the computational time then we
must discover an additional clustering technique to resolve this kind of problem.
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