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ABSTRACT

Nowadays, a wide range of data is analyzed through the use of classification methods.

One of the problems faced, regardless of classification methods being adopted, is when class

imbalance exits within the training data, the results tend to be biased towards classes which have

number of instances. When the ratio between the majority class and the minority class is larger, it

leads to more bias.

In this research, a data balancing method was proposed. Clustering, oversampling, and

classification were combined to provide greater accuracy and precision of a classification method.

The results of experiments with 44 datasets revealed that the proposed method could

achieve the average accuracy of 0.913 in comparison to SMOTE with the average accuracy of 0.904.
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Datasets No. of samples data | No. of features Imbalance ratio
abalonel9 4174.00 8.00 128.87
abalone9-18 731.00 8.00 16.68
ecoli-0_vs_1 220.00 7.00 1.86
ecoli-0-1-3-7_vs 2-6 281.00 7.00 39.15
ecolil 336.00 7.00 3.36
ecoli2 336.00 7.00 5.46
ecoli3 336.00 7.00 8.19
ecoli4 336.00 7.00 13.84
glass-0-1-2-3_vs_4-5-6 192.00 9.00 10.29
glass-0-1-6_vs 2 184.00 9.00 19.44
glass-0-1-6_vs 5 214.00 9.00 1.82
glass0 214.00 9.00 3.19
glassl 214.00 9.00 10.39
glass2 214.00 9.00 15.47
glass4 214.00 9.00 22.81
glass5 214.00 9.00 22.81
glass6 214.00 9.00 6.38
haberman 306.00 3.00 2.68
iris0 150.00 4.00 2.00
new-thyroid1l 215.00 5.00 5.14
new-thyroid2 215.00 5.00 4.92
page-blocks-1-3 vs 4 472.00 10.00 15.85
page-blocks0 5472.00 10.00 8.77
pima 768.00 8.00 1.90
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M3199 3.1 (Av)

Datasets No. of samples data | No. of features Imbalance ratio
segmentQ 2308.00 19.00 6.01
shuttle-c0-vs-c4 1829.00 9.00 13.87
shuttle-c2-vs-c4 129.00 9.00 20.50
vehicle0 846.00 18.00 3.23
vehiclel 846.00 18.00 2.52
vehicle2 846.00 18.00 2.52
vehicle3 846.00 18.00 2.52
vowel0 988.00 13.00 10.10
wisconsin 683.00 9.00 1.86
yeast-0-5-6-7-9_vs_4 528.00 8.00 9.35
yeast-1_vs_7 459.00 8.00 13.87
yeast-1-2-8-9_vs 7 947.00 8.00 30.56
yeast-1-4-5-8 vs 7 693.00 8.00 22.10
yeast-2_vs_4 514.00 8.00 9.08
yeast-2_vs_8 482.00 8.00 23.10
yeastl 1484.00 8.00 2.46
yeast3 1484.00 8.00 8.11
yeast4 1484.00 8.00 28.41
yeast5 1484.00 8.00 32.78
yeast6 1484.00 8.00 39.15
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3.1.2.2 Msuenguaoya
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M15199 3.2 Confusion matrix

Predicted Negative Predicted Positive

Actual Negative TN FP

Actual Positive FN TP
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91nA1 71U confusion matrix  @1WITDUIMIAIUIUAIAIINYNADY Jaccuracy) AN

[l ) .. 1 1 =< j Hq ¥ A o P dy
LU precision) ANNITATIVADY recall) A1 F-measure saanunldnsnmvua ldaail

(TP +TN)
(TP + TN + FP + FN)

Accuracy =

TP

Precision = (TP+—FP)

TP

Recall = —————
et = P+ FN)

(2 * Precision * Recall)

F _ —
measure (Precision + Recall)
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3.2.1 Anaconda3
I A A o o o a o o A Y
Anaconda3 1unsesliod s unmswaueUnanyuvesmsiunilosdoya (data
mining) #4114 Anaconda3 931 1aus15 (library) AAeInUMIHURLRITOYa  HlEnHEU
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3.2.2 Jupyter-Python
I A A ) o o ] a & A 9 1
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VIHDS (browse) UazaINIIlszuranaiazyIsNg vsoNaznateussiald uenaniiga
Y] {a 4 1
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Performance of Accuracy
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M1 4.1 msafSeuiisulsz@nsanugndesvewnaz Ineunuyadeya

Q K1)

Kmean Kmeans
Dataset ClusterCentroid| ClusterBased
abalone19 0.737

abalone9-18
ecoli-0 vs 1
ecoli-0-1-3-7 vs_2-6
ecolil

0.780

ecoli2

ecoli3

ecolid

glass0
glass-0-1-2-3 vs_4-5-6
glass-0-1-6 vs 2
glass-0-1-6 vs 5
glass1

glass2

glass4

glass5

glassé
haberman

iris0
new-thyroidl
new-thyroid2
page-blocks0
page-blocks-1-3 vs 4
pima

segment0
shuttle-c0-vs-c4
shuttle-c2-vs-c4
vehicle0
vehiclel

vehicle2

vehicle3

vowel0

wisconsin
yeast-0-5-6-7-9 vs_4
yeastl
yeast-1 vs 7
yeast-1-2-8-9 vs 7
yeast-1-4-5-8 vs 7
yeast-2 vs 4
yeast-2 vs_8
yeast3

yeastd

yeasts

yeastb

Average
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Number of Dataset by IR - Accuracy
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319N 4.2 G]ﬁNLlﬁEJ“JJL‘VIEJ‘]J“JJRE‘TTI‘D‘?]’JHJLHJUEH (F-measure) VRIS ITINIUNVYAUDYA

Kmean Kmeans Random
Dataset ClusterCentroid| ClusterBased KIMSM UnderSampling SMOTE
abalonel9 0.029 0.029 0.126 0.021 0.036
abalone9-18 0.274 0.274 0.579 0.237 0.509
ecoli-0_vs_1 0.968 0.968 0.969 0.956 0.993
ecoli-0-1-3-7_vs_2-6 0.186 0.186 0.700 0.145 0.547
ecolil 0.766 0.766 0.742 0.776 0.772
ecoli2 0.576 0.576 0.746 0.620 0.726
ecoli3 0.335 0.535 0.569 0.474 0.570
ecolid 0.357 0.357 0.871 0.463 0.741
glass0 0.625 0.625 0.653 0.627 0.630
glass-0-1-2-3 vs_4-5-6 0.866 0.866 0.912 0.843 0.810
glass-0-1-6 vs_2 0.226 0.226 0.277 0.232 0.164
glass-0-1-6 vs 5 0.382 0.382 0.520 0.303 0.720
glass1 0.645 0.645 0.699 0.670 0.686
glass2 0.186 0.186 0.258 0.220 0.090
glass4 0.213 0.213 0.454 0.3594 0.581
glass5 0.461 0.461 0.533 0.433 0.760
glassb 0.642 0.642 0.915 0.611 0.716
haberman 0.361 0.361 0.344 0.370 0.303
iris0 1.000 1.000 1.000 1.000 1.000
new-thyroid1 0.907 0.507 0.987 0.509 0.960
new-thyroid2 0.883 0.883 0.925 0.898 0.958
page-blocks0 0.762 0.762 0.786 0.741 0.813
page-blocks-1-3 vs 4 0.616 0.616 0.942 0.827 0.930
pima 0.495 0.495 0.483 0.508 0.472
segmentd 0.886 0.886 0.955 0.502 0.979
shuttle-c0-vs-c4 0.984 0.984 0.996 0.988 0.984
shuttle-c2-vs-c4 0.933 0.933 1.000 0.933 0.933
vehicled 0.862 0.862 0.875 0.833 0.870
vehicle1l 0.583 0.583 0.518 0.554 0.501
vehicle2 0.851 0.851 0.902 0.846 0.893
vehicle3 0.548 0.248 0.487 0.330 0.302
vowel0 0.766 0.766 0.364 0.730 0.913
wisconsin 0.862 0.862 0.828 0.857 0.340
yeast-0-5-6-7-9 vs 4 0.339 0.339 0.454 0.241 0.474
yeastl 0.506 0.506 0.520 0.540 0.511
yeast-1 ws 7 0.219 0.219 0.291 0.219 0.214
yeast-1-2-8-9 vs 7 0.095 0.095 0.101 0.099 0.136
yeast-1-4-5-8 vs 7 0.098 0.098 0.152 0.093 0.073
yeast-2 vs 4 0.496 0.496 0.714 0.491 0.689
yeast-2 vs 8 0.130 0.130 0.571 0.118 0.350
yeast3d 0.589 0.289 0.605 0.618 0.737
yeastd 0.191 0.191 0.326 0.176 0.288
yeasts 0.434 0.454 0.712 0.425 0.660
yeastb 0.146 0.146 0.470 0.160 0.429
Average 0.534 0.534 0.647 0.539 0.624
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INNNN 4.6 1AzA1TNN 42 UseANTNINANUUNUE (F-measure)  (RASUDING
o "y Y Yo a sq ¥ 9 A o Yy ax 1w '
Swunnwanyarean lddaduly AldyadeyaniinslSuaugadreItmsquanedisniuns
nienquuestoya szlimnnuutiudiganinmsdsvavgalasmsuiiudeyadiuiiosals
Aaxy d‘ (% 1 =y % a a 9
75 SMOTE 138112 3.609%  M31z1H0991n 3 Tadeu@ednuilszansnimanugndes

(Accuracy) IR

Number of Dataset by IR - F1

nIII -

20 40 &0 20 100 120 140
B KMeanClusterCentroid m KMeansC u=erBased B KMeansSWOTE

m RandomUnderSampling m SMOTE

M 4.7 nalagimstaduauvessiuiugadoyanundsnuiiug (F-measures) 910

Uszansnmueanmsliuauga

. [~ 1 @ a 1 @ ' 1 1
1INANN 4.7 U MIUTVAUAAAIGTDMITUAIDEATNMTHLINGUUBITDYA

Y a a 1 o 1 [ 9 Qdd‘ 1 1Y 1
ﬂziwﬂﬁmmmwmmu,mummwmiﬂiuﬁu@ammmuqiunﬂﬂnwmamwmm"luﬁma

q

YostoyaruRedInulszantnmanugndes uazdszansnmanuuludidmsugadoyanil

U

[ [l v Y a A = 1 z:dd' [] = [
@mwmm"luau@aqq ganaliseansmmannIsauy RNy



29

Number of Dataset by Data size - F-Measure

[

200 400 600 B0O 1000 1600 2000

2400 4200 5600

B KMeanClusterCentroid B KMSM-2 SMOTE  ® RandomUnderSampling  WEMeansCluster Based

M 4.8 nslagimsiasuauvestiuugadoyanndenuiiug (F-Measure) 910

Uszansamvesmslsuaugaiisunuvinavesgatoya

MINNNN 48 MsUSuaugaieIsnmsgualeduaumsutanguvestoyae 19

Uszansamanuududianimslivaugasieditoug luneunnsisvesvuiavesdoya uaya

9

v 9 9 Y
Foyaniiurudoyanaua 2000 dredreiu luawnsaszy ldsaaudn 35 KMsM taunsald

'
AA o 9

a A o )~ 1 I " Aa % [
Usz@nTarmmssuundoyalaa uamnilugadeyanlsiudeya lunu 2000 Ared1adoya

k)

&

v
%

2 Ao Y ' ' ° Y Y a A 4
FINITUIU 40 Yavoda uagGlmmazmwmmmumauﬁauu KMSM mmmiwﬂnammw%

I as d‘ ! o
gININIBTNITOUDYNTALIU



30

Number of Dataset by Number of Feature - F-Measure
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Performance of AUC
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Number of Dataset by IR - AUC
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Number of Dataset by Data size - AUC
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Number of Dataset by Number of Feature - AUC
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Performance of KMeans-SMOTE by Cluster Size
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Method Accuracy | AUC F1 Precision | Recall
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KMeansClusterBased 0 0 1 0 1
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SMOTE 11 8 11 10 1
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glassO 0.752 0.733 0.743 0.775 0.738 0.790 0.776
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M3190 7.1 (91D)

No. Cluster 3 4 5 6 7 8 9

yeast-0-5-6-7-9_vs 4

yeastl 0.687 0.694 0.675 0.696 0.678 0.677 0.702
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yeast-1-4-5-8_vs_7
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Average 0.904 0.909 0.908 0.910 0.908 0.910 0.913
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ecoli-0_vs_1
ecoli-0-1-3-7_vs_2-6 0.460 0.527 0.500 0.500
ecolil
ecoli2
ecoli3 0.524
ecoli4
glassO
glass-0-1-2-3_vs 4-5-6
glass-0-1-6_vs_2 0.144 0.276 0.247 0.235 0.238 0.177 0.277
glass-0-1-6_vs_5 0.520
glassl
glass2 0.235 0.205 0.237 0.146 0.238 0.191 0.258
glass4 0.446 0.477 0.537 0.494
glass5 0.293 0.500 0.267 0.200 0.200 0.267 0.533
glass6
haberman 0.320 0.353 0.341 0.368 0.341 0.358 0.344
irisQ

new-thyroid1l

new-thyroid2

page-blocks0

page-blocks-1-3 vs 4

pima 0.458 0.464 0.488 0.486 0.484 0.496 0.483

segment(

shuttle-c0-vs-c4

shuttle-c2-vs-c4 0.400 0.200 0.200 0.533

vehicle0

vehiclel 0.508 0.483 0.501 0.506 0.506 0.500 0.518
vehicle2

vehicle3 0.512 0.521 0.461 0.453 0.452 0.473 0.487

vowelO

wisconsin




M31990 7.2 (Av)

No. Cluster 3 4 5 6 7 8 9
yeast-0-5-6-7-9_vs_4 0.456 0.507 0.506 0.452 0.436 0.488 0.494
yeastl 0.475 0.492 0.468 0.507 0.459 0.467 0.520
yeast-1_vs_7 0.236 0.378 0.366 0.254 0.291 0.290 0.291
yeast-1-2-8-9_vs_7 0.206 0.258 0.224 0.175 0.147 0.191 0.101
yeast-1-4-5-8_vs_7 0.117 0.084 0.169 0.155 0.152 0.295 0.192
yeast-2_vs_4 0.703 0.704 0.717 0.769 0.734 0.687 0.714
yeast-2_vs_8 0.502 0.496 0.524 0.511 0.526 0.556 0.571
yeast3 0.687 0.706 0.686 0.660 0.654 0.637 0.605
yeast4 0.278 0.303 0.210 0.362 0.336 0.310 0.326
yeast5 0.698 0.630 0.653 0.731 0.686 0.724 0.712
yeast6 0.430 0.461 0.522 0.437 0.471 0.394 0.470
Average 0.612 0.624 0.613 0.618 0.628 0.632 0.647




3 a a X A v o ' '
ms1eh 7.3 maSeuioudszaninmiunldngn (AUC) Ausuaumsutsngudoya

No. Cluster 3 4 5 6 7 8 9
abalone19 0.526 0.523 0.524 0.523 0.510 0.539 0.571
abalone9-18 0.795 0.761 0.745 0.740 0.764 0.742 0.766
ecoli-0_vs_1
ecoli-0-1-3-7_vs_2-6 0.745 0.746 0.746
ecolil 0.782
ecoli2
ecoli3 0.759 0.775 0.775 0.768 0.743 0.762
ecoli4
glass0 0.731 0.717 0.699 0.752 0.721 0.763 0.745
glass-0-1-2-3_vs_4-5-6
glass-0-1-6_vs_2 0.537 0.615 0.585 0.590 0.585 0.574 0.612
glass-0-1-6_vs_5 0.747 0.794 0.786 0.786 0.783
glassl 0.761 0.757 0.740 0.740 0.769 0.720 0.769
glass2 0.571 0.563 0.583 0.531 0.578 0.553 0.601
glass4
glass6
e
irisQ

new-thyroidl




M3 7.3 (A9)

No. Cluster 3 4 5 6 7 8 9
new-thyroid2
page-blocksO
page-blocks-1-3_vs 4
pima 0.577 0.586 0.604 0.599 0.600 0.613 0.599
segment(
shuttle-c0-vs-c4
shuttle-c2-vs-c4 0.700 0.600 0.600 0.750
vehicle0
vehiclel 0.670 0.651 0.667 0.669 0.668 0.666 0.677
vehicle2
vehicle3 0.675 0.683 0.640 0.635 0.634 0.649 0.657
vowel0
wisconsin
yeast-0-5-6-7-9_vs_4 0.707 0.749 0.736 0.699 0.694 0.722 0.728
yeastl 0.629 0.641 0.622 0.650 0.618 0.621 0.660
yeast-1_vs_7 0.619 0.673 0.663 0.615 0.634 0.621 0.634
yeast-1-2-8-9_vs_7 0.635 0.644 0.625 0.595 0.575 0.578 0.545
yeast-1-4-5-8_vs_7 0.554 0.516 0.584 0.572 0.576 0.644 0.585
yeast-2_vs_4
yeast-2_vs_8 0.784 0.781 0.784 0.783 0.761 0.765 0.766
yeast3 0.771
yeast4 0.648 0.651 0.602 0.675 0.664 0.637 0.662
yeastS
yeast6 0.761 0.775 0.735 0.749 0.693 0.736
Average 0.788 0.792 0.784 0.782 0.786 0.789 0.797
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ms19h 7.4 ufSeuiioulsg@nBam Precision nUTIMIUMIHLIINgNToYA

No. Cluster

abalonel9

0.028

0.026

0.033

abalone9-18

ecoli-0_vs_1

ecoli-0-1-3-7_vs_2-6

ecolil

ecoli2

ecoli3

ecoli4

glassO

glass-0-1-2-3_vs_4-5-6

glass-0-1-6_vs_2

glass-0-1-6_vs_5

glassl

glass2

0.477

0.433

0.123

0.347

0.528

0.433

0.283

0.197

glass4

0.430

0.487

glass5

glass6

haberman

irisO

new-thyroidl

new-thyroid2

page-blocksO

page-blocks-1-3 vs 4

pima

segment0

shuttle-c0-vs-c4

shuttle-c2-vs-c4

vehicle0

vehiclel

vehicle2

vehicle3

vowel0

wisconsin

0.233

0.277

0.514

0.485

0.500

0.322

0.457

0.400

0.488

0.511

0.551

0.500

0.290

0.239

0.300

0.310

0.486

0.200

0.484

0.459

0.035

0.500

0.210

0.123

0.200

0.342

0.470

0.200

0.501

0.456

0.013

0.530

0.267

0.229

0.200

0.309

0.477

0.496

0.459

0.060

0.500

0.536

0.152

0.169

0.300

0.329

0.496

0.487

0.477

0.109

0.275

0.467

0.267
0.500

0.320

0.474

0.513

0.482



M31990 7.4 (A0)

No. Cluster 3 4 5 6 7 8 9
yeast-0-5-6-7-9_vs_4 0.434 0.488 0.512 0.464 0.438 0.490 0.486
yeastl 0.461 0.471 0.445 0.477 0.445 0.447 0.484
yeast-1_vs_7 0.187 0.386 0.490 0.227 0.261 0.293 0.268
yeast-1-2-8-9_vs_7 0.153 0.240 0.206 0.153 0.124 0.279 0.082
yeast-1-4-5-8_vs_7 0.087 0.077 0.136 0.127 0.131 0.272 0.229
yeast-2_vs_4 0.730 0.715 0.717 0.759 0.718 0.672 0.699
yeast-2_vs_8 0.453 0.437 0.493 0.462 0.542 0.577 0.675
yeast3 0.677 0.682 0.663 0.641 0.636 0.629 0.633
yeast4 0.239 0.294 0.197 0.399 0.364 0.337 0.305
yeast5 0.674 0.626 0.614 0.686 0.680 0.713 0.679
yeast6 0.362 0.397 0.465 0.423 0.458 0.413 0.486
Average 0.600 0.618 0.618 0.629 0.637 0.642 0.656




d' = a A v ] ] 1 9
M519h 7.5 M5 1aufFeunoulseansan Recall AUITUIUNTUUINQUVDYA

No. Cluster 3 4 5 6 7 8 9

abalonel9 0.067 0.062 0.062 0.062 0.033 0.091 0.153

abalone9-18

ecoli-0_vs_1

ecoli-0-1-3-7_vs_2-6

ecolil

ecoli2

ecoli3

ecoli4

glassO

glass-0-1-2-3_vs 4-5-6

glass-0-1-6_vs_2 0.183 0.300 0.233 0.267 0.233 0.250 0.317

glass-0-1-6_vs_5 0.500

glassl

glass4 0.500

glass6

y
iris0

new-thyroid1l




M319N 7.5 (A9)

No. Cluster 3 4 5 6 7 8 9

new-thyroid2

page-blocks0

page-blocks-1-3_vs 4

pima 0.474 0.474 0.493 0.507 0.492 0.496 0.493

segment(

shuttle-c0-vs-c4

shuttle-c2-vs-c4 0.400 0.200 0.200 0.500

vehicle0

vehicle2

vowel0

wisconsin

yeast-0-5-6-7-9_vs_4 0.489 0.571 0.531 0.455 0.453 0.496 0.513
yeastl 0.492 0.515 0.496 0.543 0.478 0.489 0.564
yeast-1_vs_7 0.333 0.400 0.367 0.300 0.333 0.300 0.333
yeast-1-2-8-9_vs_7 0.333 0.333 0.300 0.234 0.200 0.200 0.133
yeast-1-4-5-8 vs_7 0.200 0.100 0.233 0.200 0.200 0.333 0.200
yeast-2 vs 4

yeast-2_vs_8 0.550 0.550 0.550
yeast3 0.582
yeast4 0.333 0.333 0.236 0.373 0.353 0.296 0.353
yeast5

yeast6 0.543 0.571 0.486 0.514 0.400 0.486
Average 0.646 0.647 0.630 0.624 0.633 0.639 0.652
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Cluster-based ensemble sampling approaches for Imbalanced Data
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