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Abstract

Recently, more and more attempts have been made to solve the problems faced by academia and
industry through machine learning. Accordingly, various attempts are being made to solve non-general
situations through machine learning, such as deviance, fraud detection and disability detection. A variety
of attempts have been made to resolve the non-normal situation in which data is distributed
disproportionately, generally resulting in errors. In this paper, we propose handling method of imbalance
data for machine learning. The proposed method to such problem of an imbalance in data by verifying
that the population distribution of major class is well extracted. Performance Evaluations have proven
the proposed method to be better than the existing methods.
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£ E
s ;%l EHT:é MEa 7Y Precision ~ Recall  Error_rate  F score
= =

EditedNearestNeighbours 1.000 0.979 0.014 0.989
RepeatedEditedNearestNeighbours 1.000 0.958 0.027 0.979
ALLKNN 1.000 0.958 0.027 0.979
TomekLinks 1.000 1.000 0.000 1.000
Condensed Nearest Neighbour 1.000 0.979 0.014 0.989
OneSideSelection 1.000 0.979 0.014 0.989
NCR(Condens’\?garel\sl?a’{l%siéhl\kl)g\é;gk;our + Edited 1.000 0.958 0.027 0.979
_ NearMiss-1 1.000 0.979 0.014 0.989
ecoll 200 0350 NearMiss—2 1.000 0.979 0.014 0.989
NearMiss-3 1.000 0.979 0.014 0.989
RandomUnderSampling 1.000 0.958 0.027 0.979
RandomOverSampling 1.000 0.979 0.014 0.989
smote 1.000 0.979 0.014 0.989
ADASTN(Adaptive Synthetic Sampling) 1.000 0.938 0.041 0.968
Smote + Tlinks 1.000 0.979 0.014 0.989
Smote + ENN 1.000 0.979 0.014 0.989
Recommended Method 0.962 1.000 0.014 0.980
EditedNearestNeighbours 0.774 0.857 0.155 0.814
RepeatedEditedNearestNeighbours 0.658 0.893 0.225 0.758
ALLKNN 0.658 0.893 0.225 0.758
TomekLinks 0.778 0.750 0.183 0.764
Condensed Nearest Neighbour 0.727 0.857 0.183 0.787
OneSideSelection 0.786 0.786 0.169 0.786
NCR(Condens,\?garel\sl$a’{l%siéhl\tl)ggrzt))our + Edited 0.649 0.857 0.239 0.738
NearMiss-1 0.561 0.821 0.324 0.667
glass 214 0377 NearMiss—2 0.735 0.893 0.169 0.806
NearMiss—3 0.667 0.857 0.225 0.750
RandomUnderSampling 0.706 0.857 0.197 0.774
RandomOverSampling 0.808 0.750 0.169 0.778
smote 0.767 0.821 0.169 0.793
ADASTN(Adaptive Synthetic Sampling) 0.733 0.786 0.197 0.759
Smote + Tlinks 0.821 0.821 0.141 0.821
Smote + ENN 0.750 0.857 0.169 0.800
Recommended Method 0.667 0.857 0.225 0.750
EditedNearestNeighbours 0.474 0.290 0.317 0.360
RepeatedEditedNearestNeighbours 0.449 0.710 0.356 0.550
ALLKNN 0.449 0.710 0.356 0.550
TomekLinks 0.467 0.226 0.317 0.304
Condensed Nearest Neighbour 0.429 0.290 0.337 0.346
OneSideSelection 0.500 0.226 0.307 0.311
NCR(Condens'\?garel\sl?a’(leesiéhl\ég\é;r%;l))our + Edited 0.421 0.774 0.396 0.545
NearMiss-1 0.489 0.710 0.317 0.579
haberman 306 0265 NearMiss—2 0323 0645 0525 0430
NearMiss-3 0.224 0.355 0.574 0.275
RandomUnderSampling 0.415 0.548 0.376 0.472
RandomOverSampling 0.318 0.226 0.386 0.264
smote 0.333 0.290 0.396 0.310
ADASTN(Adaptive Synthetic Sampling) 0.400 0.452 0.376 0.424
Smote + Tlinks 0.407 0.355 0.356 0.379
Smote + ENN 0.390 0.516 0.396 0.444
Recommended Method 0.556 0.645 0.267 0.597
EditedNearestNeighbours 1.000 1.000 0.000 1.000
ms 150 0333 RepeatedEditedNearestNeighbours 1.000 1.000 0.000 1.000
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ALLKNN 1.000 1.000 0.000 1.000

TomekLinks 1.000 1.000 0.000 1.000

Condensed Nearest Neighbour 0.440 1.000 0.560 0.611
OneSideSelection 0.440 1.000 0.560 0.611
NCR(Comdens,\?garel\SJ?a’(‘eesi‘é hl\kl)gwgrhsg)our + Edited 1.000 1.000 0.000 1.000
NearMiss—1 1.000 1.000 0.000 1.000

NearMiss-2 1.000 1.000 0.000 1.000

NearMiss-3 1.000 1.000 0.000 1.000
RandomUnderSampling 1.000 1.000 0.000 1.000
RandomOverSampling 1.000 1.000 0.000 1.000

smote 1.000 1.000 0.000 1.000

ADASTN(Adaptive Synthetic Sampling) 1.000 1.000 0.000 1.000
Smote + Tlinks 1.000 1.000 0.000 1.000

Smote + ENN 1.000 1.000 0.000 1.000

Recommended Method 1.000 1.000 0.000 1.000
EditedNearestNeighbours 0.802 0.932 0.027 0.862
RepeatedEditedNearestNeighbours 0.727 0.925 0.038 0.814
ALLKNN 0.727 0.925 0.038 0.814

TomekLinks 0.853 0.901 0.023 0.876

Condensed Nearest Neighbour 0.824 0.932 0.024 0.875
OneSideSelection 0.853 0.901 0.023 0.876
NCR(Condens’\?garel\sl?a’{l%siéhl\kl)g\é;rhsk;our + Edited 0.724 0.944 0.037 0.819
NearMiss—1 0.110 0.938 0.681 0.197

pages 5472 0102 NearMiss—2 0.104 1.000 0.769 0.188
NearMiss-3 0.863 0.901 0.022 0.881
RandomUnderSampling 0.643 0.994 0.050 0.780
RandomOverSampling 0.881 0.870 0.022 0.875

smote 0.807 0.938 0.025 0.868

ADASTN(Adaptive Synthetic Sampling) 0.786 0.938 0.028 0.856
Smote + Tlinks 0.806 0.932 0.026 0.865

Smote + ENN 0.731 0.963 0.035 0.831

Recommended Method 0.714 0.975 0.037 0.824
EditedNearestNeighbours 0.546 0.694 0.295 0.611
RepeatedEditedNearestNeighbours 0.464 0.906 0.382 0.614
ALLKNN 0.464 0.906 0.382 0.614

TomekLinks 0.596 0.659 0.264 0.626

Condensed Nearest Neighbour 0.523 0.812 0.311 0.636
OneSideSelection 0.588 0.671 0.268 0.626
NCR(Condens,\?garel\sl$a’{l%siéhl\tl)ggrzt))our + Edited 0.448 0.859 0.402 0.589
NearMiss-1 0.574 0.729 0.272 0.642

pima 768 0349 NearMiss—2 0.409 0.847 0.461 0.552
NearMiss-3 0.598 0.682 0.260 0.637
RandomUnderSampling 0.562 0.800 0.276 0.660
RandomOverSampling 0.588 0.671 0.268 0.626

smote 0.584 0.694 0.268 0.634

ADASTN(Adaptive Synthetic Sampling) 0.590 0.694 0.264 0.638
Smote + Tlinks 0.604 0.682 0.256 0.641

Smote + ENN 0.516 0.776 0.319 0.620

Recommended Method 0.539 0.729 0.299 0.620
EditedNearestNeighbours 1.000 0.982 0.003 0.991
RepeatedEditedNearestNeighbours 1.000 0.982 0.003 0.991
ALLKNN 1.000 0.982 0.003 0.991

TomekLinks 1.000 0.973 0.004 0.986

Condensed Nearest Neighbour 0.932 0.982 0.013 0.956
segment 2,308 0.143 OneSideSelection 0.991 0.982 0.004 0.986
NCR(Condens'\?garel\sl?a’(leesiéhl\ég\é;r%;l))our + Edited 1.000 0.982 0.003 0.991
NearMiss-1 0.838 0.982 0.030 0.905

NearMiss-2 0.982 0.991 0.004 0.987
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NearMiss-3 0.908 0.982 0.017 0.944
RandomUnderSampling 0.991 0.982 0.004 0.986
RandomOverSampling 1.000 0.982 0.003 0.991
smote 1.000 0.973 0.004 0.986
ADASTN(Adaptive Synthetic Sampling) 0.991 0.982 0.004 0.986
Smote + Tlinks 1.000 0.973 0.004 0.986
Smote + ENN 0.973 0.982 0.007 0.978
Recommended Method 0.965 0.982 0.008 0.973
EditedNearestNeighbours 0.833 0.968 0.050 0.896
RepeatedEditedNearestNeighbours 0.738 1.000 0.079 0.849
ALLKNN 0.738 1.000 0.079 0.849
TomekLinks 0.952 0.968 0.018 0.960
Condensed Nearest Neighbour 0.822 0.968 0.054 0.889
OneSideSelection 0.968 0.968 0.014 0.968
NCR(Condens,\?garel\SJ?a’(‘eesi‘é hl\kl)gwgrhsg)our + Edited 0.795 1.000 0.057 0.886
NearMiss—1 0.440 0.952 0.279 0.602
vehicle 846 023 NearMiss—2 0.423 0.968 0.300 0.588
NearMiss—3 0.698 0.968 0.100 0.811
RandomUnderSampling 0.803 0.984 0.057 0.884
RandomOverSampling 0.937 0.952 0.025 0.944
smote 0.923 0.968 0.025 0.945
ADASTN(Adaptive Synthetic Sampling) 0.909 0.968 0.029 0.938
Smote + Tlinks 0.923 0.968 0.025 0.945
Smote + ENN 0.756 1.000 0.071 0.861
Recommended Method 0.775 1.000 0.064 0.873
EditedNearestNeighbours 0.966 0.988 0.018 0.977
RepeatedEditedNearestNeighbours 0.966 1.000 0.013 0.983
ALLKNN 0.966 1.000 0.013 0.983
TomekLinks 0.977 0.988 0.013 0.983
Condensed Nearest Neighbour 0.933 0.977 0.035 0.955
OneSideSelection 0.966 0.988 0.018 0.977
NCR(Condens’\?garel\sl?a’{l%siéhl\kl)g\é;rhsk;our + Edited 0.956 1.000 0.018 0.977
NearMiss—1 0.944 0.988 0.027 0.966
winsconsin - 683 0.350 NearMiss—2 0.988 0.977 0.013 0.982
NearMiss-3 0.966 0.988 0.018 0.977
RandomUnderSampling 0.966 1.000 0.013 0.983
RandomOverSampling 0.977 1.000 0.009 0.989
smote 0.956 1.000 0.018 0.977
ADASTN(Adaptive Synthetic Sampling) 0.956 1.000 0.018 0.977
Smote + Tlinks 0.956 1.000 0.018 0.977
Smote + ENN 0.956 1.000 0.018 0.977
Recommended Method 0.966 1.000 0.013 0.983
EditedNearestNeighbours 0.547 0.615 0.261 0.579
RepeatedEditedNearestNeighbours 0.437 0.818 0.361 0.569
ALLKNN 0.437 0.818 0.361 0.569
TomekLinks 0.576 0.559 0.249 0.567
Condensed Nearest Neighbour 0.476 0.692 0.312 0.564
OneSideSelection 0.567 0.559 0.253 0.563
NCR(Condens,\?garel\sl$a’{l%siéhl\tl)gg;k))our + Edited 0.452 0.762 0.339 0.568
NearMiss—1 0.375 0.650 0.418 0.476
yeast 1,484 0.289 NearMiss—2 0.342 0.664 0.471 0.451
NearMiss-3 0.509 0.601 0.286 0.551
RandomUnderSampling 0.488 0.685 0.302 0.570
RandomOverSampling 0.550 0.462 0.267 0.502
smote 0.538 0.545 0.269 0.542
ADASTN(Adaptive Synthetic Sampling) 0.517 0.538 0.282 0.527
Smote + Tlinks 0.534 0.545 0.271 0.540
Smote + ENN 0.493 0.706 0.298 0.580
Recommended Method 0.455 0.699 0.333 0.551




