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ABSTRACT 

 

A NOVEL APROACH FOR LEARNING IN IMBALANCED DATA IN THE 
PRESENCE OF NOISE 

Fatih  

Ondokuz Mayis University 
Institute of Science 

Department of Statistics 

Supervisor: Prof. Dr. Mehmet Ali Cengiz 

Co-Supervisor: Dr. Lecturer Emre  

Most of the classification methods used in the classification studies have the asumption 
that the numbers of class observations are balanced. In such cases, models are predicted 
by giving biased weight to the the class with more observations. Therefore, the classifiers 
ignore the class with smaller number of observations and the majority class makes biased 
predictions. In data sets with class imbalance problem, there are suggested performance 
measures to be used as well as proposed methods to solve this problem. One of the most 
commonly used methods is resampling method.  

In this study, the problems of random oversampling (ROS) and synthetic minority 
oversampling technique (SMOTE), which are some of the oversampling methods, are 
discussed and a new resampling method is proposed to solve these problems. The proposed 
SMOTE with boosting (B. SMOTE) method makes noise detection using the boosting 
procedure in ensemble algorithms and uses this information to determine the appropriate 
number of neighbors for each observation within SMOTE algorithm.  

In the application section of the study, methods on both simulation data are compared and 
the problems of ROS and SMOTE are shown visually. Also, it is seen that B. SMOTE 
method overcame these problems and performed better. In addition, MCC and  
performances and ranks of these performances are calculated as a result of classification 
models made over 16 different data sets and 9 different classifiers. It is shown that the 
proposed method is better than the other resampling methods for each classifier and also 
in general. 

January 2020, 78 pages 

Keywords: Class imbalance, SMOTE, Boosting, Resampling 
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1.  

, veri setlerinde  

verir ve  algoritma, 

 

tespiti gibi  alanlarda  , 

daha fazl  

, rastgel

nde ise yeni 

sentetik veri   

 (overfitting) 

  

 

tahminin 

i  

Topluluk  

   veriden daha iyi bilgi 
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 Torbalama (bagging) 

(ensemble) 

uygulanabilmektedir.  

, 

 . 

 

. 

1.1.   

Han  (2005), BL-

  



3 

He  

 temel fikir 

 

 

Bunkhumpornpat  

e belirli 

 

  SMOTE ve B-SMOTE 

 

Bunkhumpornpat v  

E 

-SMOTE ve SLSMOTE  , AUC 

 

 

 alternatif 

  

Qian  

Yeniden 

et  
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Charte  

mler  

-Hwr isimli yeni bir 

 

Bulut (2016), 

 

Loyola-  (2016),  

 setleri 

, engesi 

 

Yijing  

veri 

dene

 

Furundzic  

problemine yeni bir 
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bir dengesiz numuneye kabul ed

 

Ofek  ni ele alan 

 

olarak 

 

Charte  

 

 

Yu ve  

. Deneysel 

blemi

 

 

-
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-

 

Sharififar  yaparken 

 

Ren  

  

 

Kim  

belirlenmi
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Ali-Gombe ve Elyan (2019), n

 

 

problemi setinde  

 

 

 

MOTE 

  

Kamalov (2019), 

 

 

 

Maldonado  
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Wong  (2020),  

yok eden 

 

yok eden 

ini yok etmeye 

inin  

 verilerinde ve 

 

1.2.  

Garcia  

elerken 

 

Garcia  
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Xu  

 

 

Luo  (2016), 

 

 

ve G-

 

 



10 

-ortalama 

 

Luengo  (2

-

 

 

 

MCV ve MLV filtrelerinden  

Maas  

inin 

 

 

-Gil  

yok etme 

 

Cano ve  
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monotonluk indeksini hem d

 

Chen  

tespit edebilmekte ve 

 

a

 daha iyi sinyal tespit 

 

1.3.  

Chawla  (2003), SMOTEBoost isimli boostin

 

 

Seiffert  (2009), 

 sonucunda RUSBoost ile 

 

Chen ve arkada  



12 

 

olarak 

r.  

Soleymani  (2018), ilerlemeli boosting (progressive boosting) 

bilgi 

 

Wang  

videolardan 

spatiyal-

beraber 

tan

 

Sundar ve Punniyamoorthy (2019), 

performans

b  
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Fu  

 

Dev ve Ede

 

Obregon  

on 

 

Shi  
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ALzubi ve arka  

-

 

 

Jun
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2. SINIFLAMA 

Lavine

 

B

terminoloj l

,  

analizi birbirinden far  

 

fonksiyonlar  

genel form ; 

  (2.1) 
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Burada , - ; 

, i-

l  

 

(binary classification) ve ikiden fazla (multiclass 

classification) 

 

2.1.  

 

-

Garcia, 2009). 

oranlar, 

, 

 

- izliktir. Bu dengesizlik 

-

-

 

olan 

pozitif negatif  olarak ifade 

edilmektedir.  

dekimodellere sadece 
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ait p ri tahmin edilmeye  

%90,9 . Yani sadece %9,1 i

2.1  bir 

genel olarak %89,1 aha iyi 

, %10,9  

ileride bahsedilecek olan MKK ve  

. 

 

 , 

 

 , 

  

2.1 
gra

 

(a) (b) 
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2.2.  

Bu problem  ; 

, 

vd, 2014). Maliyete 

  , 

ni 

, 

 

 

2.2.1. Yeniden rnekleme y  

 dengeli hale 

z vd, 

2018). Y yakalayarak model kurma 

 

(Chawla vd, 2008; Estabrooks ve Japkowicz, 2004; Garcia vd, 2012). Yeniden 

 

  

 (Oversampling) 

  

, 

z vd, 2018).  
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2.2.2. Performans  

S  ile olan bir veri setine, 

performan

vd, 2006). 

, 

 

 

 

, pozitif negatif 

(Bekkar vd, -ortalama, F1 skoru ve 

- 1 

modelin pozitif vd, 

2013). 

2.1  

 
 

Pozitif Negatif 

 
Pozitif  (YP) 
Negatif   
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2.2  

 Denklem  Yorumu 

  [0,1] 
 

 

  [0,1] 
 

 

( ) 
(Sensitivity) 

 [0,1] 
Pozitif in 

 

(Belirginlik) 
(Specificity) 

 [0,1] 
Negatif in 

 

Pozitif Tahmin 
Kesinlik) 

(Precision) 
 [0,1] 

Pozitif tahminlerin 
 

Negatif Tahmin 
  [0,1] 

Negatif tahminlerin 
 

  [0,1] 
Pozitif ve negatif tahmin 

aritmetik 
 

G-ortalama  [0,1] 
 ve 

 geometrik 
 

F1 skoru  [0,1] 
Keskinlik ve  

 

(MKK) 
 [-1,1] 

seviyesi 

) 

 

 
 (2.2) 

s

vd, 2013).  
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, 

 skoru, G-

1 skoru ve MKK 

 -
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3. BOOSTING 

regresyon problemlerinde de , 

(Hastie vd, 

Boosting 

  

 

   

 her birinde mekanizma   

ve bu rak   hipotezi talep eder. Buradaki hata 

  in (yani 

 iterasyondan sonra mekanizma 

 

bir modeli kurarken i  

3.1.  

Vezhnevets, 2005).  

  k

 ,  

bir fonksiyon olsun.  ;  

 
 (3.1) 



23 

G  olur. 

 Bu nedenle 

, 

 

 
 (3.2) 

Burada  . 

Bu  ve 

bunun etkisi ile kazan . 

Uyarlama  
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3.1 

 

B daki veri setleri, her bir  

 

ve    

 , 

 ve Schapire, 1997

 

 

bu durumda   m-  
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 (3.3) 

  (3.4) 

 

  (3.5) 

Burada  

 

kez tekrar edilir.  

Algoritma 3.1  

1. Girdi:   

2.   

a)    

b) Hesapla: 

 

c) Hesapla: . 

d)  

3.  

 

 

 

  

  

 

deki ndan 
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4.  

4.1. Rastgele  

\ in 

 

4.2.  ntemi (SMOTE) 

ve 

 , mevcut pozitif 

 

2009).   

  ile   adet 

 

nin  , e  du

 . , [0,1] 

 

  (4.1) 

 Burada , idir. , 

 .  ve Bu 

denklemle t  ( ),   

4.1
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4.1 i. (b) Bu veri 
setine SMOTE (

 

Algoritma 4.1 Uygulanan SMOTE kaba kodu (tam denge) 

1. Girdi: ,  ve   
2.   

    
    

 

 
 

3.  

4.    

5.    
 

6.  
 inde   

NOT: ,  
7.  
8.  

a)   1 ile    
b)  risinden  

 
c)    
d)  
e)  

9.  ile  
10.  
11.    

 
 

12.  
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4.1 ait 

i temsil etmektedir. 

4.1 e bu veri setine   SMOTE   

4.3. Boosting ile SMOTE (B. SMOTE) 

, 

, 

neden olur.  

problemi 

t

.  
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4.2 (a)  ve  iki boyutlu 
V

 Bulunan 
 

temi ile elde 

seviyesini  B

4

e , 
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zor tahmin edilmektedir .005428, 

.  pozitif 

 B

3.2(c) r. 

dir. 

ler  ele almak 

 

 

 

 
 (4.2) 

 
 

(4.3) 

 Burada   

Denklem 4.2 ve   tam 

dengeli olursa  olur ve leri  olur. D

 

 , 

 

 

 olacak  

 

i . Sadece dengesizlik 

e
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4.2 d  

Algoritma 4.2  

1. Girdi:  
2. n 3.  

 
3.   
4.   

5. ,   

  

6. ,   

  

B. 

parametre 

denklem  gibi 

belirlenmektedir: 

 
 (4.4) 

 denklem 4.4 

 ve  , az  

  

 olur denklem  

ve gelir. Denklem  

 

 

 

Algoritma 4.3
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, in hangisi 

 

  (4.5) 

 olan 

, iyi pozitif olarak etiketlenmektedir.  

,  olarak etiketlenmektedir.   ve 

, 

 

t  

B. SMOTE v 4.4 B. SMOTE, 

 kopyalayacak 

kendi 

 . Sadece 

 

 

Algoritma 4.3  

1. Girdi:  .  

2.  
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3.
 

 

 
5. , ve    

6. , fakat    

7.  ise  iyi pozitif 

Algoritma 4.4  

1. ,  ve   

2.    
    

    

 

 
ular elde etmektir. 

3. Algoritma 4.2. 
4. Algoritma 4.3. 
5.  

6. 

  

7.  
  

 
8. atris. 
1)  

a)   
i.  kez kopyala 

ii.  

b)   
iii.  1 ile    
iv.   

 
v.    

vi.  

vii.  

9.  ile  

10.    

 
 

11.  
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4.3   B. SMOTE 

4.3(b)

B. SMOTE 

z. G

doldurul  
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4.3    
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5. UYGULAMA 

5.1. Genel Bilgi 

4 

 verildi. 

16 9  , 

SMOTE ve B. SMOTE 

 

 

,  

5.1 r 

 R paketi Parametreler 

C4.5 RWeka  

EYK caret  

CART rpart  

Radyal DVM kernlab  

Lineer DVM kernlab  

Yapay  nnet  

Naive Bayes klaR  

Lojistik regresyon stats  

MARS earth  

 ve gerekli grafik ve 

 RWeka (Hornik vd, 2009), rpart (Therneau vd, 

2019), kernlab (Karatzoglou vd, 2004), nnet (Venables ve Ripley, 2002), klaR (Weihs 

vd, 2005), earth (Milborrow, 2019), mlbench (Leisch ve Dimitriadout, 2010), 

vd, 2018), rattle.data (Williams, 2011), smotefamily (Siriseriwan, 

2019), caret (Kuhn vd, 2019), ggplot2 (Wickham, 2016), xlsx (Dragulescu ve Arendt, 

2018), GGally (Schloerke vd, 2018), data.table (Dowle ve Srinivasan, 2019), FNN 

(Beygelzimer vd, 2019), ada (Culp vd, 2016) ve lattice (Deepayan, 2008) 

pake   
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edildi  

  edildi

 SMOTE uygulanarak her 

edildi. Performans belirlenirken elde edilen 100 sonucun 

di 

 

.  iki 

numara olarak 

 verildi. A   ise 3 d  verildi. Her durumda bulunan 

verildi.  

. Bu 

edildi: 

1. Elde edilen performanslarda veri

 

 

2. Elde edilen MKK ve  

in herhangi 

 

3. in 

herhangi 
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sahip olmayan 

bulunulan 

 

seviyesi 0.  

5.1    
 

5.2. Veri Setleri 

Uygulamada KEEL veri seti havuzundan -Fdez vd, 2011) Yeast4, Banana, 

Newthyroid1 ve Bupa 
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2019), Climatemodelsim, Ecoli, Cleveland, Statlog, Bloodtransfusion, Vehicle, 

Vertebral, Wholesalecustomers, Glass0, Seeds, PimaIndianDiabetes ve Ionosphere 

veri setleri  

 

5. 5.

dengesizlik oran . .38 ile 

Bupa 

en az olan ise 2 ile Banana veri setidir.  

5.2  

Veri Seti      
(  

Yeast4 6 1484 1433 51 28,10 
Climatemodelsim 18 540 494 46 10,74 
Banana 2 2640 2376 264 9,00 
Ecoli 5 335 301 34 8,85 
Cleveland 5 296 262 34 7,71 
Statlog 17 2310 1980 330 6,00 
Newthyroid1 5 215 180 35 5,14 
Vehicle.van 18 846 647 199 3,25 
Vehicle.bus 18 846 628 218 2,88 
Vertebral 6 310 210 100 2,10 
Wholesalecustomers 7 440 298 142 2,10 
Glass0 9 214 144 70 2,06 
Seeds 7 199 133 66 2,02 
PimaIndiansDiabetes 8 768 500 268 1,87 
Ionosphere 32 351 225 126 1,79 
Bupa 5 345 200 145 1,38 

5.3. Bulgular 

Y

5.2, 5.3, 5.4 
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  ler 

n  

 

  

MKK ve  or

verildi. H

5.2(a)  

, 

kil 5.2(b) ve (c)  

S ken dengesiz veri 

(d) ise 

B. 

G

ve edildi. 

Bu durumda kurulan lojistik regresyon modelinin MKK  ve  

lojistik regresyon modellerinden 

tedir. 
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5.2   ve  
lojistik regresyon modeli pozitif  

 

Lineer olarak   1000 adet 

leri  

  (5.1) 

   

 
 (5.2) 

 

 . 
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-

r. (b) ve (c)

. 4 (b) ve (c) ile 5 in (b) ve (c) 

 dir. B. SMOTE 

 

 

5.3  e sahip  ve  
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5.4 e sahip  ve  
YSA 
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5.5 e sahip  ve  
DVM 

 

C4.5   

 5 ve 

5.

 

 

 na 

 t . 
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5.3 C4.5  

Veri seti   SMOTE B. SMOTE 
bupa 0. .151 0. .131 0. .163 0. .164 
cleveland -0. .068 0. .215 0. .214 0. .227 
ecoli 0. .244 0. .185 0. .189 0. .19 
glass0 0. .173 0. .183 0. .173 0. .174 
PimaIndiansDiabetes 0. .104 0. .084 0. .097 0. .089 
banana 0. .08 0. .063 0. .072 0. .066 
yeast4 0. .231 0. .184 0. .144 0. .173 
newthyroid1 0. .142 0. .133 0. .119 0. .135 
Ionosphere 0. .111 0. .104 0. .117 0. .114 
Vehicle.bus 0. .049 0. .049 0. .048 0. .053 
Vehicle.van 0. .062 0. .068 0. .069 0. .071 
Climatemodelsim 0. .232 0. .219 0. .196 0. .207 
Seeds 0. .136 0. .142 0. .13 0. .133 
Statlog 0. .023 0. .022 0. .021 0. .022 
Vertebral 0. .158 0. .151 0. .144 0. .141 
Wholesalecustomers 0. .086 0. .094 0. .083 0. .084 

5.4 C4.5   

Veri Seti   SMOTE B. SMOTE 
bupa 0. .071 0. .066 0. .089 0. .087 
cleveland 0. .016 0. .045 0. .073 0. .044 
ecoli 0. .02 0. .024 0. .033 0. .027 
glass0 0. .066 0. .074 0. .072 0. .065 
PimaIndiansDiabetes 0. .036 0. .044 0. .046 0. .046 
banana 0. .007 0. .008 0. .013 0. .008 
yeast4 0. .005 0. .009 0. .01 0. .009 
newthyroid1 0. .022 0. .022 0. .02 0. .022 
Ionosphere 0. .083 0. .071 0. .078 0. .082 
Vehicle.bus 0. .013 0. .013 0. .013 0. .014 
Vehicle.van 0. .015 0. .017 0. .019 0. .018 
Climatemodelsim 0. .016 0. .019 0. .022 0. .018 
Seeds 0. .095 0. .098 0. .089 0. .092 
Statlog 0. .02 0. .019 0. .018 0. .019 
Vertebral 0. .055 0. .061 0. .059 0. .047 
Wholesalecustomers 0. .028 0. .035 0. .031 0. .028 

5.5 C4.5  MKK   

Veri seti   SMOTE B. SMOTE 
bupa 2.395 2.475 2.555 2.575 
cleveland 2.775 2.620 2.410 2.195 
ecoli 2.080 2.890 2.750 2.280 
glass0 2.420 2.550 2.630 2.400 
PimaIndiansDiabetes 2.585 2.660 2.230 2.525 
banana 1.860 2.375 3.675 2.090 
yeast4 2.295 2.720 2.750 2.235 
newthyroid1 2.405 2.685 2.410 2.500 
Ionosphere 2.380 2.495 2.690 2.435 
Vehicle.bus 2.570 2.745 2.325 2.360 
Vehicle.van 2.195 2.515 2.745 2.545 
Climatemodelsim 2.270 2.870 2.610 2.250 
Seeds 2.325 2.525 2.595 2.555 
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Statlog 2.870 2.240 2.360 2.530
Vertebral 2.500 2.795 2.335 2.370 
Wholesalecustomers 2.455 2.900 2.345 2.300 
Ortalama 2.398 2.628 2.588 2.384 

5.6 C4.5     

Veri seti   SMOTE B. SMOTE 
bupa 1.970 2.600 2.665 2.765 
cleveland 1.080 2.670 3.695 2.555 
ecoli 1.760 2.810 3.090 2.340 
glass0 2.240 2.595 2.820 2.345 
PimaIndiansDiabetes 1.575 2.730 2.700 2.995 
banana 1.340 2.495 3.885 2.280 
yeast4 1.135 2.470 3.760 2.635 
newthyroid1 2.535 2.705 2.380 2.380 
Ionosphere 2.460 2.485 2.600 2.455 
Vehicle.bus 2.410 2.715 2.525 2.350 
Vehicle.van 2.215 2.505 2.745 2.535 
Climatemodelsim 1.910 2.730 3.100 2.260 
Seeds 2.345 2.505 2.595 2.555 
Statlog 2.870 2.240 2.360 2.530 
Vertebral 2.030 2.875 2.535 2.560 
Wholesalecustomers 2.425 3.100 2.375 2.100 
Ortalama 2.018 2.639 2.864 2.477 

C4.5 

 

, 

 

 

5.7 C4.5 ortalama fark  
 

  
Kruskall-Wallis H <0.0001* <0.0001* 

   (Dunn) <0.0001* <0.0001* 
  SMOTE (Dunn) <0.0001* <0.0001* 

  SMOTE (Dunn) 0.1133 <0.0001* 
  B. SMOTE (Dunn) 0.3778 <0.0001* 

  B. SMOTE (Dunn) <0.0001* <0.0001* 
SMOTE  B. SMOTE (Dunn) <0.0001* <0.0001* 

* p<0,05 

EYK   

8 ve 5.9 de 10 ve 

5.11
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8 1 5, 2  

13 0 2 ve B. 

1 

 

 

 

. 

5.8 EYK  

Veri seti  R  SMOTE B. SMOTE 
bupa 0. .159 0. .177 0. .16 0. .159 
cleveland -0. .031 0. .183 0. .181 0. .192 
ecoli 0. .269 0. .141 0. .161 0. .173 
glass0 0. .201 0. .169 0. .166 0. .172 
PimaIndiansDiabetes 0. .101 0. .099 0. .092 0. .089 
banana 0. .062 0. .055 0. .063 0. .061 
yeast4 0. .183 0. .132 0. .117 0. .132 
newthyroid1 0. .166 0. .141 0. .132 0. .14 
Ionosphere 0. .114 0. .114 0. .124 0. .11 
Vehicle.bus 0. .08 0. .065 0. .064 0. .063 
Vehicle.van 0. .063 0. .057 0. .062 0. .06 
Climatemodelsim 0. .271 0. .142 0. .131 0. .165 
Seeds 0. .148 0. .135 0. .133 0. .127 
Statlog 0. .027 0. .033 0. .028 0. .027 
Vertebral 0. .149 0. .124 0. .135 0. .131 
Wholesalecustomers 0. .102 0. .107 0. .085 0. .087 

5.9 EYK   

Veri seti  R  SMOTE B. SMOTE 
bupa 0. .064 0. .087 0. .078 0. .078 
cleveland 0. .013 0. .074 0. .06 0. .063 
ecoli 0. .024 0. .042 0. .038 0. .037 
glass0 0. .069 0. .081 0. .082 0. .085 
PimaIndiansDiabetes 0. .034 0. .046 0. .045 0. .043 
banana 0. .005 0. .011 0. .01 0. .008 
yeast4 0. .004 0. .014 0. .013 0. .011 
newthyroid1 0. .021 0. .037 0. .024 0. .024 
Ionosphere 0. .103 0. .097 0. .101 0. .094 
Vehicle.bus 0. .019 0. .03 0. .022 0. .023 
Vehicle.van 0. .016 0. .025 0. .022 0. .022 
Climatemodelsim 0. .012 0. .039 0. .044 0. .041 
Seeds 0. .108 0. .092 0. .089 0. .086 
Statlog 0. .023 0. .031 0. .025 0. .024 
Vertebral 0. .051 0. .06 0. .06 0. .06 
Wholesalecustomers 0. .033 0. .04 0. .031 0. .032 
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5.10 EYK MKK   

Veri seti   SMOTE B. SMOTE 
bupa 2.465 2.580 2.505 2.450 
cleveland 3.050 2.430 2.025 2.495 
ecoli 2.315 2.940 2.320 2.425 
glass0 2.910 2.280 2.310 2.500 
PimaIndiansDiabetes 2.200 3.035 2.285 2.480 
banana 1.160 3.845 3.075 1.920 
yeast4 3.530 2.270 2.520 1.680 
newthyroid1 2.810 2.810 2.225 2.155 
Ionosphere 3.250 2.430 1.940 2.380 
Vehicle.bus 2.320 2.990 2.225 2.465 
Vehicle.van 1.785 3.590 2.285 2.340 
Climatemodelsim 2.200 2.640 2.825 2.335 
Seeds 2.560 2.545 2.410 2.485 
Statlog 1.505 3.905 2.330 2.260 
Vertebral 2.415 2.575 2.430 2.580 
Wholesalecustomers 2.555 2.970 2.180 2.295 
Ortalama 2.439 2.864 2.368 2.327 

5.11 EYK    

Veri seti   SMOTE B. SMOTE 
bupa 1.555 2.930 2.775 2.740 
cleveland 1.000 3.530 2.720 2.750 
ecoli 1.170 3.635 2.720 2.475 
glass0 2.010 2.440 2.700 2.850 
PimaIndiansDiabetes 1.150 2.940 2.840 3.070 
banana 1.000 3.915 3.085 2.000 
yeast4 1.000 3.280 3.590 2.130 
newthyroid1 2.380 2.970 2.365 2.285 
Ionosphere 3.280 2.450 1.860 2.410 
Vehicle.bus 1.650 3.530 2.355 2.465 
Vehicle.van 1.295 3.840 2.435 2.430 
Climatemodelsim 1.020 2.970 3.635 2.375 
Seeds 2.670 2.535 2.360 2.435 
Statlog 1.505 3.905 2.330 2.260 
Vertebral 1.775 2.805 2.640 2.780 
Wholesalecustomers 1.965 3.210 2.380 2.445 
Ortalama 1.651 3.180 2.674 2.493 

EYK 

 

, 

 

ur.
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5.12 EYK ortalama fark  
 

  
Kruskall-Wallis H <0.0001* <0.0001* 

  <0.0001* <0.0001* 
 SMOTE (Dunn) 0.0552 <0.0001* 

 SMOTE (Dunn) <0.0001* <0.0001* 
 B. SMOTE (Dunn) 0.0017* <0.0001* 

 B. SMOTE (Dunn) <0.0001* <0.0001* 
SMOTE  B. SMOTE (Dunn) 0.0910 <0.0001* 

* p<0.05 

Naive Bayes  

MKK ve  13 ve 5.14 de 

15 ve 5.16

6 3 5 2 kez en iyi 

 13, 

0 3 0 kez en iyi per

 

 

 

t  

5.13  

Veri seti   SMOTE B. SMOTE 
bupa 0. .167 0. .157 0. .163 0. .166 
cleveland 0. .265 0. .199 0. .173 0. .196 
ecoli 0. .192 0. .162 0. .188 0. .187 
glass0 0. .146 0. .154 0. .163 0. .144 
PimaIndiansDiabetes 0. .083 0. .074 0. .08 0. .075 
banana 0. .097 0. .062 0. .064 0. .063 
yeast4 0. .172 0. .1 0. .095 0. .093 
newthyroid1 0. .124 0. .123 0. .115 0. .119 
Ionosphere 0. .091 0. .093 0. .098 0. .095 
Vehicle.bus 0. .077 0. .077 0. .074 0. .076 
Vehicle.van 0. .055 0. .049 0. .056 0. .052 
Climatemodelsim 0. .246 0. .209 0. .217 0. .19 
Seeds 0. .132 0. .135 0. .136 0. .13 
Statlog 0. .029 0. .028 0. .025 0. .028 
Vertebral 0. .144 0. .137 0. .14 0. .144 
Wholesalecustomers 0. .092 0. .088 0. .09 0. .089 
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5.14   

Veri seti   SMOTE B. SMOTE 
bupa 0. .075 0. .082 0. .082 0. .093 
cleveland 0. .03 0. .061 0. .057 0. .058 
ecoli 0. .035 0. .039 0. .04 0. .033 
glass0 0. .083 0. .095 0. .098 0. .084 
PimaIndiansDiabetes 0. .027 0. .029 0. .032 0. .031 
banana 0. .004 0. .016 0. .016 0. .016 
yeast4 0. .01 0. .021 0. .02 0. .022 
newthyroid1 0. .032 0. .033 0. .032 0. .032 
Ionosphere 0. .061 0. .061 0. .064 0. .063 
Vehicle.bus 0. .022 0. .024 0. .022 0. .023 
Vehicle.van 0. .036 0. .038 0. .037 0. .035 
Climatemodelsim 0. .009 0. .022 0. .019 0. .019 
Seeds 0. .091 0. .092 0. .093 0. .09 
Statlog 0. .025 0. .025 0. .021 0. .024 
Vertebral 0. .065 0. .065 0. .067 0. .067 
Wholesalecustomers 0. .033 0. .033 0. .035 0. .033 

5.15 Naive Bayes  

Veri seti   SMOTE B. SMOTE 
bupa 2.125 2.510 2.745 2.620 
cleveland 1.935 2.715 2.785 2.565 
ecoli 2.315 3.015 2.380 2.290 
glass0 2.100 2.670 2.720 2.510 
PimaIndiansDiabetes 2.930 2.275 2.330 2.465 
banana 3.790 2.655 1.915 1.640 
yeast4 2.580 2.875 2.135 2.410 
newthyroid1 2.425 2.580 2.400 2.595 
Ionosphere 2.435 2.660 2.235 2.670 
Vehicle.bus 2.660 2.105 2.695 2.540 
Vehicle.van 1.875 3.445 2.345 2.335 
Climatemodelsim 3.475 2.045 2.245 2.235 
Seeds 2.355 2.605 2.555 2.485 
Statlog 2.995 2.745 2.050 2.210 
Vertebral 2.330 2.705 2.565 2.400 
Wholesalecustomers 2.475 2.745 2.365 2.415 
Ortalama 2.550 2.646 2.404 2.399 

5.16 Naive Bayes   

Veri seti   SMOTE B. SMOTE 
bupa 1.430 2.835 2.905 2.830 
cleveland 1.000 3.015 3.340 2.645 
ecoli 1.885 3.395 2.570 2.150 
glass0 1.925 2.875 2.750 2.450 
PimaIndiansDiabetes 1.745 2.640 2.805 2.810 
banana 1.000 3.755 2.935 2.310 
yeast4 1.000 3.225 2.755 3.020 
newthyroid1 2.415 2.580 2.420 2.585 
Ionosphere 2.495 2.660 2.145 2.700 
Vehicle.bus 2.210 2.605 2.635 2.550 
Vehicle.van 1.605 3.735 2.325 2.335 
Climatemodelsim 1.925 2.875 2.745 2.455 
Seeds 2.365 2.615 2.535 2.485 
Statlog 2.995 2.745 2.050 2.210 
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Vertebral 2.180 2.835 2.565 2.420
Wholesalecustomers 2.205 2.895 2.485 2.415 
Ortalama 1.898 2.955 2.622 2.523 

Naive Bayes 

7

MKK hem de  , 

    

ise 

5.17 ortalama fark  
 

  
Kruskall-Wallis H <0.0001* <0.0001* 

 (Dunn) 0.0012* <0.0001* 
 SMOTE (Dunn) <0.0001* <0.0001* 

 SMOTE (Dunn) <0.0001* <0.0001* 
 B. SMOTE (Dunn) <0.0001* <0.0001* 

 B. SMOTE (Dunn) <0.0001* <0.0001* 
SMOTE  B. SMOTE (Dunn) 0.4568 0.0011* 

* p<0,05 

YSA   

18 ve 5.19 da 20 

ve 5.21 e 

durumda 6 e 3 5 2 kez en iyi performans elde 

 13 0, 

3 0 

 

 

 

t  
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5.18  

Veri seti   SMOTE B. SMOTE 
bupa 0. .19 0. .18 0. .197 0. .204 
cleveland 0. .138 0. .188 0. .171 0. .182 
ecoli 0. .273 0. .184 0. .205 0. .19 
glass0 0. .215 0. .193 0. .185 0. .185 
PimaIndiansDiabetes 0. .184 0. .166 0. .166 0. .158 
banana 0. .14 0. .106 0. .116 0. .104 
yeast4 0. .231 0. .095 0. .11 0. .114 
newthyroid1 0. .091 0. .225 0. .205 0. .273 
Ionosphere 0. .124 0. .132 0. .129 0. .136 
Vehicle.bus 0. .378 0. .296 0. .269 0. .297 
Vehicle.van 0. .323 0. .258 0. .26 0. .254 
Climatemodelsim 0. .212 0. .216 0. .188 0. .207 
Seeds 0. .106 0. .136 0. .16 0. .169 
Statlog 0. .109 0. .072 0. .103 0. .101 
Vertebral 0. .215 0. .169 0. .134 0. .205 
Wholesalecustomers 0. .155 0. .147 0. .127 0. .114 

 

5.19   

Veri seti   SMOTE B. SMOTE 
bupa 0. .075 0. .128 0. .148 0. .201 
cleveland 0. .018 0. .167 0. .161 0. .163 
ecoli 0. .017 0. .095 0. .054 0. .069 
glass0 0. .076 0. .091 0. .098 0. .099 
PimaIndiansDiabetes 0. .046 0. .134 0. .127 0. .127 
banana 0. .007 0. .068 0. .058 0. .068 
yeast4 0. .004 0. .025 0. .022 0. .023 
newthyroid1 0. .017 0. .018 0. .019 0. .021 
Ionosphere 0. .097 0. .102 0. .099 0. .102 
Vehicle.bus 0. .054 0. .169 0. .181 0. .178 
Vehicle.van 0. .05 0. .084 0. .082 0. .076 
Climatemodelsim 0. .017 0. .019 0. .018 0. .017 
Seeds 0. .074 0. .07 0. .092 0. .088 
Statlog 0. .046 0. .067 0. .031 0. .077 
Vertebral 0. .082 0. .093 0. .081 0. .101 
Wholesalecustomers 0. .049 0. .113 0. .087 0. .072 

5.20  

Veri seti   SMOTE B. SMOTE 
bupa 2.395 2.365 2.655 2.585 
cleveland 3.060 2.495 2.180 2.265 
ecoli 3.240 2.535 2.095 2.130 
glass0 2.720 2.645 2.210 2.425 
PimaIndiansDiabetes 2.935 2.605 2.270 2.190 
banana 1.540 3.040 2.825 2.595 
yeast4 2.380 2.615 2.595 2.410 
newthyroid1 2.450 2.515 2.505 2.530 
Ionosphere 2.360 2.690 2.595 2.355 
Vehicle.bus 2.825 2.515 2.265 2.395 
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Vehicle.van 2.510 2.505 2.485 2.500
Climatemodelsim 2.365 2.520 2.450 2.665 
Seeds 2.620 2.430 2.495 2.455 
Statlog 2.485 2.675 2.465 2.375 
Vertebral 2.675 2.400 2.420 2.505 
Wholesalecustomers 2.655 2.565 2.425 2.355 
Ortalama 2.575 2.569 2.433 2.420 

5.21   

Veri seti   SMOTE B. SMOTE 
bupa 2.035 2.480 2.660 2.825 
cleveland 1.160 2.825 3.110 2.905 
ecoli 1.435 3.120 2.730 2.715 
glass0 2.245 2.825 2.475 2.455 
PimaIndiansDiabetes 1.775 2.755 2.795 2.675 
banana 1.040 3.140 2.915 2.905 
yeast4 1.000 3.415 2.865 2.720 
newthyroid1 2.450 2.520 2.500 2.530 
Ionosphere 2.430 2.600 2.555 2.415 
Vehicle.bus 2.445 2.585 2.450 2.520 
Vehicle.van 2.355 2.485 2.535 2.625 
Climatemodelsim 2.265 2.530 2.630 2.575 
Seeds 2.630 2.430 2.495 2.445 
Statlog 2.485 2.675 2.465 2.375 
Vertebral 2.335 2.560 2.630 2.475 
Wholesalecustomers 2.460 2.565 2.545 2.430 
Ortalama 2.034 2.719 2.647 2.599 

YSA 

5.22  

 , 

 

5.22 ortalama fark  
 

  
Kruskall-Wallis H <0.0001* <0.0001* 

  0.4826 <0.0001* 
 SMOTE (Dunn) 0.0001* <0.0001* 

 SMOTE (Dunn) 0.0001* 0.0292* 
 B. SMOTE (Dunn) <0.0001* <0.0001* 

 B. SMOTE (Dunn) <0.0001* 0.0007* 
SMOTE  B. SMOTE (Dunn) 0.3540 0.0969 

* p<0,05 

CART  

 23 ve 5.24 te 
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5.25 ve 5.26 a 

durumda 4 6 2 4 kez en iyi performans elde 

 10 3, 

1 4 

  

 

ir.  

t  

5.23  

Veri seti   SMOTE B. SMOTE 
bupa 0. .165 0. .151 0. .158 0. .159 
cleveland 0. .258 0. .212 0. .215 0. .199 
ecoli 0. .26 0. .182 0. .163 0. .179 
glass0 0. .208 0. .157 0. .182 0. .198 
PimaIndiansDiabetes 0. .099 0. .091 0. .092 0. .092 
banana 0. .072 0. .074 0. .061 0. .074 
yeast4 0. .218 0. .108 0. .106 0. .113 
newthyroid1 0. .187 0. .146 0. .132 0. .163 
Ionosphere 0. .109 0. .105 0. .115 0. .108 
Vehicle.bus 0. .056 0. .066 0. .06 0. .063 
Vehicle.van 0. .08 0. .063 0. .067 0. .071 
Climatemodelsim 0. .253 0. .184 0. .176 0. .176 
Seeds 0. .18 0. .144 0. .146 0. .162 
Statlog 0. .025 0. .027 0. .024 0. .024 
Vertebral 0. .138 0. .142 0. .139 0. .13 
Wholesalecustomers 0. .083 0. .078 0. .077 0. .074 

5.24   

Veri seti   SMOTE B. SMOTE 
bupa 0. .073 0. .073 0. .082 0. .079 
cleveland 0. .023 0. .063 0. .066 0. .056 
ecoli 0. .023 0. .039 0. .035 0. .032 
glass0 0. .061 0. .061 0. .064 0. .067 
PimaIndiansDiabetes 0. .035 0. .049 0. .044 0. .044 
banana 0. .007 0. .016 0. .013 0. .014 
yeast4 0. .005 0. .02 0. .018 0. .017 
newthyroid1 0. .03 0. .027 0. .023 0. .022 
Ionosphere 0. .083 0. .071 0. .075 0. .075 
Vehicle.bus 0. .014 0. .02 0. .017 0. .017 
Vehicle.van 0. .018 0. .019 0. .02 0. .019 
Climatemodelsim 0. .017 0. .024 0. .021 0. .022 
Seeds 0. .127 0. .099 0. .102 0. .117 
Statlog 0. .022 0. .024 0. .021 0. .021 
Vertebral 0. .05 0. .059 0. .054 0. .05 
Wholesalecustomers 0. .028 0. .027 0. .027 0. .026 
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5.25 CART  

Veri seti   SMOTE B. SMOTE 
bupa 2.555 2.410 2.430 2.605 
cleveland 2.530 2.610 2.385 2.475 
ecoli 2.380 2.210 2.800 2.610 
glass0 3.015 2.200 2.500 2.285 
PimaIndiansDiabetes 3.250 2.035 2.555 2.160 
banana 1.200 3.125 3.195 2.480 
yeast4 2.180 2.830 2.530 2.460 
newthyroid1 3.085 2.700 2.090 2.125 
Ionosphere 2.665 2.775 2.465 2.095 
Vehicle.bus 2.165 3.045 2.330 2.460 
Vehicle.van 2.340 2.085 2.785 2.790 
Climatemodelsim 2.395 2.780 2.255 2.570 
Seeds 2.610 2.145 2.665 2.580 
Statlog 3.085 2.235 2.370 2.310 
Vertebral 2.690 2.620 2.460 2.230 
Wholesalecustomers 2.540 2.390 2.535 2.535 
Ortalama 2.542 2.512 2.521 2.423 

5.26 CART   

Veri seti   SMOTE B. SMOTE 
bupa 2.205 2.615 2.525 2.655 
cleveland 1.030 3.100 3.085 2.785 
ecoli 1.375 2.670 3.185 2.770 
glass0 2.735 2.325 2.585 2.355 
PimaIndiansDiabetes 1.890 2.625 2.785 2.700 
banana 1.010 3.145 3.255 2.590 
yeast4 1.000 3.250 3.120 2.630 
newthyroid1 2.955 2.760 2.140 2.145 
Ionosphere 2.785 2.665 2.405 2.145 
Vehicle.bus 1.935 3.375 2.300 2.390 
Vehicle.van 1.870 2.335 2.865 2.930 
Climatemodelsim 1.595 3.150 2.665 2.590 
Seeds 2.645 2.100 2.675 2.580 
Statlog 3.085 2.235 2.370 2.310 
Vertebral 2.340 2.830 2.550 2.280 
Wholesalecustomers 2.450 2.340 2.665 2.545 
Ortalama 2.056 2.720 2.698 2.525 

CART 

5.27  

, 
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5.27 ortalama fark  
 

  
Kruskall-Wallis H 0.0070* <0.0001* 

  0.2444 <0.0001* 
 SMOTE (Dunn) 0.3461 <0.0001* 

 SMOTE (Dunn) 0.3834 0.3180 
 B. SMOTE (Dunn) 0.0008* <0.0001* 

 B. SMOTE (Dunn) 0.0071* <0.0001* 
SMOTE  B. SMOTE (Dunn) 0.0030* <0.0001* 

* p<0,05 

Lineer DVM  

MKK ve  28 ve 5.29 da 

30 ve 5.31

4 1 3 9 kez en iyi 

 12, 

1 1 4 kez en iyi per

 

  

lmadan 

a  

 

t

  

5.28  

Veri seti   SMOTE B. SMOTE 
bupa 0. .172 0. .156 0. .167 0. .167 
cleveland  0. .184 0. .19 0. .186 
ecoli 0. .26 0. .16 0. .16 0. .155 
glass0 0. .218 0. .162 0. .151 0. .163 
PimaIndiansDiabetes 0. .1 0. .092 0. .096 0. .096 
banana  0. .062 0. .062 0. .063 
yeast4  0. .099 0. .1 0. .098 
newthyroid1 0. .097 0. .069 0. .065 0. .062 
Ionosphere 0. .137 0. .143 0. .144 0. .14 
Vehicle.bus 0. .062 0. .055 0. .057 0. .057 
Vehicle.van 0. .045 0. .048 0. .045 0. .048 
Climatemodelsim 0. .21 0. .142 0. .162 0. .139 
Seeds 0. .139 0. .13 0. .123 0. .126 
Statlog 0. .013 0. .012 0. .011 0. .011 
Vertebral 0. .129 0. .115 0. .115 0. .116 
Wholesalecustomers 0. .079 0. .078 0. .076 0. .075 
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5.29   

Veri seti   SMOTE B. SMOTE 
bupa 0. .061 0. .076 0. .083 0. .086 
cleveland 0. .008 0. .063 0. .06 0. .063 
ecoli 0. .015 0. .038 0. .035 0. .031 
glass0 0. .059 0. .101 0. .091 0. .095 
PimaIndiansDiabetes 0. .031 0. .038 0. .039 0. .039 
banana 0. .001 0. .029 0. .029 0. .029 
yeast4 0. .001 0. .015 0. .013 0. .013 
newthyroid1 0. .015 0. .014 0. .013 0. .012 
Ionosphere 0. .121 0. .106 0. .106 0. .104 
Vehicle.bus 0. .016 0. .016 0. .016 0. .016 
Vehicle.van 0. .011 0. .013 0. .012 0. .013 
Climatemodelsim 0. .012 0. .022 0. .02 0. .018 
Seeds 0. .116 0. .086 0. .083 0. .085 
Statlog 0. .011 0. .01 0. .01 0. .01 
Vertebral 0. .044 0. .06 0. .059 0. .057 
Wholesalecustomers 0. .025 0. .028 0. .027 0. .027 

 

5.30 Lineer DVM  

Veri seti   SMOTE B. SMOTE 
bupa 2.260 2.390 2.675 2.675 
cleveland 3.745 2.060 2.210 1.985 
ecoli 3.150 2.490 2.400 1.960 
glass0 3.295 2.280 2.180 2.245 
PimaIndiansDiabetes 2.490 2.475 2.385 2.650 
banana 2.735 2.805 2.840 1.620 
yeast4 4.000 2.225 1.790 1.985 
newthyroid1 2.590 2.515 2.460 2.435 
Ionosphere 2.325 2.655 2.570 2.450 
Vehicle.bus 2.795 2.335 2.510 2.360 
Vehicle.van 2.565 2.590 2.360 2.485 
Climatemodelsim 2.020 3.285 2.200 2.495 
Seeds 2.830 2.525 2.330 2.315 
Statlog 2.720 2.450 2.395 2.435 
Vertebral 2.560 2.555 2.445 2.440 
Wholesalecustomers 2.495 2.640 2.480 2.385 
Ortalama 2.785 2.517 2.389 2.307 

5.31   

Veri seti   SMOTE B. SMOTE 
bupa 1.325 2.650 2.985 3.040 
cleveland 1.000 2.950 3.110 2.940 
ecoli 1.445 3.100 2.980 2.475 
glass0 1.540 2.925 2.770 2.765 
PimaIndiansDiabetes 1.560 2.695 2.745 3.000 
banana 1.000 3.395 3.260 2.345 
yeast4 1.000 3.295 2.580 3.125 
newthyroid1 2.550 2.525 2.470 2.455 
Ionosphere 2.720 2.525 2.420 2.335 
Vehicle.bus 2.225 2.565 2.690 2.520 
Vehicle.van 1.945 2.790 2.600 2.665 
Climatemodelsim 1.340 3.665 2.440 2.555 
Seeds 2.980 2.475 2.290 2.255 
Statlog 2.720 2.450 2.395 2.435 
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Vertebral 1.920 2.775 2.705 2.600
Wholesalecustomers 1.975 2.840 2.640 2.545 
Ortalama 1.827 2.851 2.692 2.628 

Lineer DVM 

32

MKK hem de  , 

 

5.32 a  
 

  
Kruskall-Wallis H <0.0000* <0.0000* 

  <0.0000* <0.0000* 
 SMOTE (Dunn) <0.0000* <0.0000* 

 SMOTE (Dunn) 0.0001* <0.0000* 
 B. SMOTE (Dunn) <0.0000* <0.0000* 

 B. SMOTE (Dunn) <0.0000* <0.0000* 
SMOTE  B. SMOTE (Dunn) 0.0038* 0.0144* 

* p<0,05 

Radyal DVM  

MKK ve  38 ve 5.39 da 

40 ve 5.41 e 

1 5 2 6 kez en iyi 

 9, 

3 4 5 

 

  

B. SMOTE

numara  

SMOTE tur.   

SMO t SMOTE tur. 
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5.33 Radyal MKK  

Veri seti  R  SMOTE B. SMOTE 
bupa 0. .148 0. .145 0. .151 0. .15 
cleveland  0. .204 0. .195 0. .207 
ecoli 0. .105 0. .207 0. .231 0. .229 
glass0 0. .16 0. .156 0. .158 0. .161 
PimaIndiansDiabetes  0. .076 0. .082 0. .077 
banana 0. .069 0. .057 0. .055 0. .056 
yeast4  0. .182 0. .176 0. .194 
newthyroid1 0. .295 0. .095 0. .091 0. .086 
Ionosphere 0. .1 0. .077 0. .078 0. .083 
Vehicle.bus 0. .1 0. .07 0. .069 0. .072 
Vehicle.van 0. .112 0. .08 0. .085 0. .085 
Climatemodelsim     
Seeds 0. .144 0. .122 0. .124 0. .124 
Statlog 0. .028 0. .016 0. .021 0. .02 
Vertebral 0. .149 0. .145 0. .149 0. .139 
Wholesalecustomers 0. .13 0. .092 0. .096 0. .098 

5.34 Radyal   

Veri seti  R  SMOTE B. SMOTE 
bupa 0. .038 0. .05 0. .055 0. .05 
cleveland 0. .008 0. .032 0. .039 0. .029 
ecoli 0. .01 0. .036 0. .029 0. .028 
glass0 0. .036 0. .055 0. .055 0. .056 
PimaIndiansDiabetes 0. .003 0. .063 0. .06 0. .058 
banana 0. .005 0. .009 0. .008 0. .008 
yeast4 0. .001 0. .009 0. .011 0. .01 
newthyroid1 0. .021 0. .022 0. .019 0. .018 
Ionosphere 0. .006 0. .039 0. .037 0. .041 
Vehicle.bus 0. .014 0. .014 0. .014 0. .014 
Vehicle.van 0. .006 0. .015 0. .014 0. .014 
Climatemodelsim 0. .005 0. .005 0. .005 0. .005 
Seeds 0. .145 0. .092 0. .101 0. .098 
Statlog 0. .025 0. .014 0. .018 0. .017 
Vertebral 0. .036 0. .051 0. .051 0. .048 
Wholesalecustomers 0. .033 0. .043 0. .042 0. .043 

5.35 Radyal MKK  

Veri seti   SMOTE B. SMOTE 
bupa 2.550 2.655 2.425 2.370 
cleveland 2.565 2.465 2.750 2.220 
ecoli 3.840 2.430 1.705 2.025 
glass0 3.030 2.315 2.440 2.215 
PimaIndiansDiabetes 4.000 2.345 1.870 1.785 
banana 2.310 3.115 2.625 1.950 
yeast4 3.630 2.200 2.170 2.000 
newthyroid1 3.990 2.105 1.940 1.965 
Ionosphere 3.990 1.640 2.700 1.670 
Vehicle.bus 4.000 1.530 2.240 2.230 
Vehicle.van 4.000 1.195 2.410 2.395 
Climatemodelsim 2.500 2.500 2.500 2.500 
Seeds 3.075 2.140 2.355 2.430 
Statlog 3.365 1.810 2.330 2.495 
Vertebral 2.620 2.485 2.540 2.355 
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Wholesalecustomers 3.240 2.665 2.150 1.945
Ortalama 3.294 2.224 2.321 2.159 

5.36 Radyal   

Veri seti   SMOTE B. SMOTE 
bupa 2.270 2.715 2.545 2.470 
cleveland 1.155 2.975 3.320 2.550 
ecoli 2.400 3.220 2.035 2.345 
glass0 2.560 2.515 2.555 2.370 
PimaIndiansDiabetes 1.000 3.610 2.780 2.610 
banana 1.260 3.625 2.965 2.150 
yeast4 1.140 3.060 3.330 2.470 
newthyroid1 3.880 2.155 1.970 1.995 
Ionosphere 4.000 1.640 2.690 1.670 
Vehicle.bus 4.000 1.530 2.240 2.230 
Vehicle.van 4.000 1.205 2.400 2.395 
Climatemodelsim 2.500 2.500 2.500 2.500 
Seeds 3.305 2.070 2.285 2.340 
Statlog 3.365 1.810 2.330 2.495 
Vertebral 2.165 2.745 2.670 2.420 
Wholesalecustomers 2.425 3.065 2.410 2.100 
Ortalama 2.589 2.527 2.564 2.319 

Radyal DVM 
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MKK hem de  , 

  

5.37 Radyal  
 

  
Kruskall-Wallis H <0.0001* <0.0001* 

  <0.0001* 0.0830 
 SMOTE (Dunn) <0.0001* 0.4773 

 SMOTE (Dunn) 0.0008* 0.0920 
 B. SMOTE (Dunn) <0.0001* <0.0001* 

 B. SMOTE (Dunn) 0.0212* <0.0001* 
SMOTE  B. SMOTE (Dunn) <0.0001* <0.0001* 

* p<0,05 

Lojistik regresyon  

edilen MKK ve  43 ve 5.44 de 

45 ve 5.46

8 2 0 6 kez en 
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5.38 Lojistik regresyon MKK  

Veri seti   SMOTE B. SMOTE 
bupa 0. .172 0. .154 0. .156 0. .147 
cleveland 0. .237 0. .179 0. .187 0. .175 
ecoli 0. .245 0. .15 0. .172 0. .147 
glass0 0. .192 0. .186 0. .187 0. .183 
PimaIndiansDiabetes 0. .092 0. .098 0. .099 0. .096 
banana  0. .067 0. .067 0. .069 
yeast4 0. .235 0. .096 0. .098 0. .096 
newthyroid1 0. .127 0. .121 0. .121 0. .122 
Ionosphere 0. .141 0. .145 0. .153 0. .143 
Vehicle.bus 0. .047 0. .049 0. .047 0. .047 
Vehicle.van 0. .042 0. .046 0. .045 0. .046 
Climatemodelsim 0. .201 0. .155 0. .166 0. .171 
Seeds 0. .112 0. .111 0. .112 0. .111 
Statlog 0. .023 0. .033 0. .032 0. .041 
Vertebral 0. .135 0. .13 0. .131 0. .133 
Wholesalecustomers 0. .085 0. .075 0. .075 0. .074 

5.39 Lojistik regresyon   

Veri seti   SMOTE B. SMOTE 
bupa 0. .066 0. .075 0. .072 0. .076 
cleveland 0. .014 0. .057 0. .059 0. .056 
ecoli 0. .019 0. .037 0. .035 0. .031 
glass0 0. .065 0. .078 0. .079 0. .078 
PimaIndiansDiabetes 0. .028 0. .041 0. .041 0. .039 
banana 0. .001 0. .028 0. .027 0. .027 
yeast4 0. .004 0. .017 0. .017 0. .015 
newthyroid1 0. .022 0. .022 0. .021 0. .022 
Ionosphere 0. .105 0. .102 0. .108 0. .105 
Vehicle.bus 0. .012 0. .014 0. .013 0. .013 
Vehicle.van 0. .01 0. .012 0. .011 0. .012 
Climatemodelsim 0. .013 0. .028 0. .021 0. .018 
Seeds 0. .078 0. .076 0. .078 0. .076 
Statlog 0. .02 0. .029 0. .027 0. .036 
Vertebral 0. .046 0. .056 0. .054 0. .055 
Wholesalecustomers 0. .027 0. .026 0. .026 0. .025 
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5.40 Lojistik regresyon MKK  

Veri seti   SMOTE B. SMOTE 
bupa 2.670 2.620 2.495 2.215 
cleveland 3.205 2.240 2.295 2.260 
ecoli 2.320 3.130 2.510 2.040 
glass0 2.530 2.495 2.450 2.525 
PimaIndiansDiabetes 2.410 2.580 2.420 2.590 
banana 3.550 2.545 2.315 1.590 
yeast4 2.590 2.750 2.445 2.215 
newthyroid1 2.530 2.460 2.530 2.480 
Ionosphere 2.305 2.610 2.490 2.595 
Vehicle.bus 2.145 2.895 2.490 2.470 
Vehicle.van 2.170 2.750 2.540 2.540 
Climatemodelsim 1.790 3.500 2.695 2.015 
Seeds 2.455 2.610 2.475 2.460 
Statlog 2.125 2.570 2.755 2.550 
Vertebral 2.425 2.475 2.555 2.545 
Wholesalecustomers 2.745 2.625 2.450 2.180 
Ortalama 2.497 2.678 2.494 2.329 

5.41 Lojistik regresyon   

Veri seti   SMOTE B. SMOTE 
bupa 1.635 2.845 2.815 2.705 
cleveland 1.000 3.010 2.985 3.005 
ecoli 1.210 3.530 2.830 2.430 
glass0 1.630 2.830 2.725 2.815 
PimaIndiansDiabetes 1.465 2.935 2.725 2.875 
banana 1.000 3.585 3.385 2.030 
yeast4 1.000 3.430 2.845 2.725 
newthyroid1 2.520 2.480 2.520 2.480 
Ionosphere 2.495 2.430 2.430 2.645 
Vehicle.bus 1.955 3.035 2.540 2.470 
Vehicle.van 1.970 2.850 2.590 2.590 
Climatemodelsim 1.310 3.770 2.835 2.085 
Seeds 2.455 2.610 2.475 2.460 
Statlog 2.125 2.570 2.755 2.550 
Vertebral 1.805 2.765 2.725 2.705 
Wholesalecustomers 2.385 2.775 2.550 2.290 
Ortalama 1.747 2.965 2.733 2.553 

Lojistik regresyon 

47

MKK hem de  , 
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5.42  
 

  
Kruskall-Wallis H <0.0001* <0.0001* 

  <0.0001* <0.0001* 
 SMOTE (Dunn) 0.3484 <0.0001* 

 SMOTE (Dunn) <0.0001* <0.0001* 
 B. SMOTE (Dunn) <0.0001* <0.0001* 

 B. SMOTE (Dunn) <0.0001* <0.0001* 
SMOTE  B. SMOTE (Dunn) <0.0001* <0.0001* 

* p<0,05 

MARS  

 48 ve 5.49 de 

5.50 ve 5.51 e 

durumda 8 2 2 4 kez en iyi performans elde 

 13 1, 

1 2 

modelleme   

, en 

a  

.  

t  

5.43 MARS MKK  

Veri seti   SMOTE B. SMOTE 
bupa 0. .168 0. .166 0. .175 0. .163 
cleveland 0. .198 0. .204 0. .179 0. .189 
ecoli 0. .263 0. .179 0. .197 0. .208 
glass0 0. .221 0. .194 0. .169 0. .18 
PimaIndiansDiabetes 0. .092 0. .081 0. .088 0. .082 
banana 0. .091 0. .053 0. .055 0. .058 
yeast4 0. .229 0. .11 0. .113 0. .102 
newthyroid1 0. .125 0. .145 0. .131 0. .13 
Ionosphere 0. .104 0. .11 0. .12 0. .104 
Vehicle.bus 0. .052 0. .044 0. .048 0. .041 
Vehicle.van 0. .057 0. .052 0. .051 0. .052 
Climatemodelsim 0. .228 0. .165 0. .191 0. .175 
Seeds 0. .099 0. .098 0. .098 0. .105 
Statlog 0. .016 0. .024 0. .026 0. .023 
Vertebral 0. .147 0. .136 0. .128 0. .139 
Wholesalecustomers 0. .09 0. .08 0. .082 0. .084 
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5.44 MARS   

Veri seti   SMOTE B. SMOTE 
bupa 0. .07 0. .082 0. .085 0. .081 
cleveland 0. .017 0. .06 0. .066 0. .065 
ecoli 0. .021 0. .031 0. .03 0. .025 
glass0 0. .074 0. .082 0. .066 0. .072 
PimaIndiansDiabetes 0. .029 0. .038 0. .038 0. .036 
banana 0. .005 0. .016 0. .017 0. .017 
yeast4 0. .005 0. .015 0. .014 0. .014 
newthyroid1 0. .021 0. .022 0. .021 0. .022 
Ionosphere 0. .075 0. .076 0. .079 0. .071 
Vehicle.bus 0. .014 0. .012 0. .013 0. .011 
Vehicle.van 0. .013 0. .014 0. .013 0. .014 
Climatemodelsim 0. .014 0. .022 0. .024 0. .019 
Seeds 0. .069 0. .069 0. .07 0. .074 
Statlog 0. .014 0. .021 0. .022 0. .02 
Vertebral 0. .051 0. .059 0. .055 0. .058 
Wholesalecustomers 0. .03 0. .028 0. .028 0. .029 

5.45 MARS MKK  

Veri seti   SMOTE B. SMOTE 
bupa 2.555 2.670 2.295 2.480 
cleveland 2.905 2.210 2.630 2.255 
ecoli 2.300 2.635 2.480 2.585 
glass0 2.545 2.755 2.375 2.325 
PimaIndiansDiabetes 2.710 2.330 2.740 2.220 
banana 1.760 3.200 2.605 2.435 
yeast4 2.560 2.795 2.255 2.390 
newthyroid1 2.470 2.520 2.475 2.535 
Ionosphere 2.205 2.380 2.945 2.470 
Vehicle.bus 2.500 2.550 2.550 2.400 
Vehicle.van 2.535 2.585 2.510 2.370 
Climatemodelsim 2.000 2.730 2.955 2.315 
Seeds 2.570 2.420 2.465 2.545 
Statlog 2.075 2.860 2.620 2.445 
Vertebral 2.340 2.510 2.440 2.710 
Wholesalecustomers 2.620 2.615 2.415 2.350 
Ortalama 2.415 2.610 2.547 2.426 

5.46 MARS   

Veri seti   SMOTE B. SMOTE 
bupa 2.065 2.880 2.455 2.600 
cleveland 1.000 2.845 3.165 2.990 
ecoli 1.720 3.085 2.680 2.515 
glass0 2.215 2.795 2.555 2.435 
PimaIndiansDiabetes 1.740 2.730 3.000 2.530 
banana 1.000 3.640 2.985 2.375 
yeast4 1.000 3.475 2.795 2.730 
newthyroid1 2.430 2.500 2.475 2.595 
Ionosphere 2.295 2.330 2.905 2.470 
Vehicle.bus 2.300 2.660 2.580 2.460 
Vehicle.van 2.155 2.745 2.600 2.500 
Climatemodelsim 1.300 3.390 3.025 2.285 
Seeds 2.580 2.410 2.475 2.535 
Statlog 2.075 2.860 2.620 2.445 
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Vertebral 1.910 2.870 2.510 2.710
Wholesalecustomers 2.360 2.835 2.465 2.340 
Ortalama 1.884 2.878 2.705 2.532 

MARS 

5.52  

 , 

 

5.47  
 

  
Kruskall-Wallis H <0.0001* <0.0001* 

  <0.0001* <0.0001* 
 SMOTE (Dunn) 0.0001* <0.0001* 

 SMOTE (Dunn) 0.0394* <0.0001* 
 B. SMOTE (Dunn) 0.3033 <0.0001* 

 B. SMOTE (Dunn) <0.0001* <0.0001* 
SMOTE  B. SMOTE (Dunn) 0.0006* <0.0001* 

* p<0,05 

53

 

 ise 

 

 

 

5.48  

   SMOTE B. SMOTE 
MKK 2.727 2.541 2.414 2.317 
F1 1.990 2.813 2.681 2.514 

 

54 t

 



66 

, 

 

 

5.49  
 

  
Kruskall-Wallis H <0.0001* <0.0001* 

  <0.0001* <0.0001* 
 SMOTE (Dunn) <0.0001* <0.0001* 

 SMOTE (Dunn) <0.0001* <0.0001* 
 B. SMOTE (Dunn) <0.0001* <0.0001* 

 B. SMOTE (Dunn) <0.0001* <0.0001* 
SMOTE  B. SMOTE (Dunn) <0.0001* <0.0001* 

* p<0,05 
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