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ABSTRACT

This study investigated the comparison of feature selection methods to improve breast
cancer prediction. The purpose is to find the key feature selection techniques to improve the
predictability of breast cancer using 7 techniques such as Correlation Based Feature Selection
(CFS) Technique, Information Gain (IG) Technique, Gain Ratio (GR) Technique, Chi-Square
Technique, Forward Selection Technique, Backward Elimination Technique, and Evolutionary
Selection Technique. The results of each technique were used to calculate the predictive value of
breast cancer and show that the Evolutionary Selection technique has the best effect of 7
techniques from a total of 30 data attributes. The Evolutionary Selection technique significantly

reduces to 16 significant attributes, which provides a good predictive accuracy of 95.26%.

Keywords : Feature Selection, Breast Cancer Predictions, Support Vector Machine,

Evolutionary Selection Technique
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2.2.6 ImAHA Backward Elimination
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Correlation) AuAlsinan uazmuquamwammmuﬂiwmﬂimauq FINANTADDN

q
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fﬂﬂa\‘lfJEJ'NuliJﬂJl!t’Jﬁ"lﬂﬂJ‘ﬂ'Nﬁﬂﬁllﬁﬂ\i’]'lﬁ’]i!ﬂiﬂ\iﬂaTJllﬂJll mumﬁlwmﬁwmmmmuﬂﬁ
9
Lﬂﬂ!chLWNGUHLat’JLlﬁ'ﬂﬂ’ﬂﬁnﬂiﬂﬂl%ﬂ@ﬂﬂ%'lﬂfmﬂ'lillﬂ mﬂuuﬁqﬁnuumimﬂmuﬂi
oA o W 9 = Jas A ] = o = [
Wﬂ?ﬂiﬂ!“l’lilﬂ’ﬂilﬁTﬂﬂJuu’f)fﬁ@QﬁQiJTE)’E)ﬂ"hJ@ﬂ TaalFI 5N TUUFUIASINUFINITUIAA LS
9 v
wonsalagaugaiionuinai e R2 anasegnliiodynieana e dauls
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ﬂﬂﬂﬁ'l’)ﬁﬂ’nuﬁ"lﬂﬂ]uﬁﬂﬂ'l'inﬂﬂﬁmﬁ’JL!‘ﬂi@ﬂiJ W'lﬂﬂl%ﬂ@nu‘ﬂiﬂﬁﬂa'l’J@’f)ﬂmﬂﬁiJﬂﬁﬁ]gﬂﬂﬁ}
o J o 4 = 9 % J v 1 Jd
DIUIINTITWIINTU auﬂsmmma@m%mmmmuﬂiwmmmmﬂan"lﬁ'“luﬁumiwmﬂim

o 11 (N596NA ABOU. 2554 : 283 ; Brian S. Everitt. 2010 : 93)

.. . o w a 2 Y @ g v @
Backward elimination ﬁ'ﬁ]fﬂiu'lﬁUllﬂiﬂﬁiﬁﬂﬂﬂuﬂmﬂgﬁﬂﬂ'ﬁ Wﬁﬂi]'lﬂuuﬁ]gﬂﬂﬁﬁllﬂi

a { o v Jdo o 9y { o a y ] v @
@ﬁ'ﬁ3ﬁﬁﬂ?'lhﬁﬂwu‘ﬁﬂﬂﬁ?uﬂiﬁ'lhu@ﬂﬁq@]@ﬁ]ﬂiﬂﬂﬁﬂﬂ?i mmumwmu‘lummmﬂﬂm

a Yy A A o a = o v
Llﬂiﬂﬁigﬂﬂﬂmﬂﬁnm’iﬂﬂﬂﬂﬂqﬂ ﬂ%mﬁ’ﬂﬁumiﬂﬂﬂﬂﬂ‘ﬂﬂﬁuﬂﬁ@ﬁizmﬂimﬂﬁmﬁnwu‘ﬁ
Y
ﬂ’UGI’JLL‘]JiGHiJL‘I/Huu
Forward selection Backward elimination Decision tree induction
Initial attribute set: Initial attribute set: [nitial attribute set:

[A1, Ay, Asy Ay As, Ag) | 1A}, Ay A, Ay As, Ag) | 1AL Ay, Ag, Ag, As, Ag)

Initial reduced set: => (A}, Az Ay As. Agl
i =>{A, Ay, As, Ag)
=> (A} => Reduced attribute set:
=> {A}, Ay} {Ap, Ay Ag)
=> Reduced attribute set:

(A, Ay Agl

=> Reduced attribute set:
{A, Ay Ag)

NMN152N0U 4 Greedy (heuristic) methods for attribute subset selection.

117 : Jaiwei Han, et al., 2012.
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2.2.7 malin Evolutionary Selection

a I a @ o o v
iMA1iA Evolutionary Selection iumatiamsaadonguansuz Insihwoyanuanyuy
a A d o 31.: o [ [ K% 1
vimydseansamlunisaanisaifiney ﬂWﬂHHﬁQHWﬂﬂ!ﬁﬂHﬂl%N?ﬂUﬂ U !Lé}’J‘HWﬂ

¢ v

a A g J a a 4 2 a3 Y o
Uszaninndnass mnamdszaniamlumsaamsasigenazinudoyaniuld udrins

e

¥ v

enquanyaz v Ty minalse@ninwdiacizneaquanyaziuesn uaiaen

[

) o =
Auanvuzowd lasaumsi 8

IG (parent child) = Entropy (parent) — [p(c,) x Entropy(c,) + p(c,) x Entropy(c,)...] (8)

Tﬂﬂﬁ Entropy(c,) Ao -p(c,) log p(c,)
p(c,) Ao manuthaziluvoan c,

A [ [ 1 o A A 9
(i3] ‘]ji]i]ﬁ]ﬂmﬁﬂ‘hlmmmagﬁﬁlﬂlﬂﬂ?ﬂlﬁ]ﬂ

¥y 2. Y o P @ ¥ T A TR
TNUA Entropy %MMmi’mmmmnmmumawaya G]f\“lﬂ'lﬂ]’ﬁ]ﬂ;ljﬁhﬂ')'lﬂllﬁﬂﬁ%?ﬂuu@ﬂi]g

£ o s

' ° Yy 9 ' [ ' a @
A1 Entropy @1 118281993 aNANUUANANNAUNINIZUAT Entropy g9 (1I9NANT Wr31AANAT,

2557)
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a o d d
2.2.8 INAHAFWNOIANINADIUNTT U (Support Vector Machine)

A o s s = < A Aq ¥ Y Y Yo
INAUATWNNDIALINIADILULNTHU L‘]Jul‘VlﬂuﬂV]Gl%sluﬂWHLﬂ‘]jﬂJu‘VH‘I/IN@HL!ﬂWiEﬂWgﬂLl‘]_l‘]_l
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Yowahgnszurumsaeuldszuniseous Tasiulududumiwenueznquioyananga

U

4 @

(Optimal Separating Hyperplane) f?m%’m”m;gfm@mm@%’wwa%maﬂmamm@u Qﬂﬁmﬂ% U

Y
Y A v A

) A a 9 ! & a Yy 9 A o Y, ~ QY A 9
mayamﬂmmmu mq114m1mﬂua]NLmWﬂgaﬂumﬂﬂuﬁzumsﬂuﬁ ummﬂumagmmmu

U

A

9 T a ¥y X Y o vy o s s 9 o
uamayauuu”lmﬂuwuau "IN’fﬂlﬂimlﬂﬂﬂluﬂWNﬂaTJﬂ’JEJﬂTiuHﬂ@ﬁLuaﬁ\‘lﬂ"]fuhﬂ"lf INBNN

' 4 9 o 9 ' 9 A Y o q ¥ o 9 Aa
mstﬁNﬂmm@fJi“lumﬂcway,amm"lﬂqmﬂcwagmmmu”lﬂ mﬂwmmsmmimauam

U

1 aa a o 14 14 a o 1 1 9
UINNNTDINA L!,‘L!’Jﬂ'ﬂllﬂﬂﬂ]ﬂ\?%WW@i@L?ﬂLﬁ@i!LM%%u NATINNITUIANVDINGUVDY AN

s ¥ Yy Hq9 1 9 ¥ o
1Nsadluilvosae (Feature Space) ﬁnﬂuu?ﬁmmuﬁGlmmwmgjamﬁmaaﬂmﬂﬂuiﬂmz

Yy oy ' A3 v K A q v vy A ! o
TINULTULUN (Plane) mﬂmaumwum Llﬁ$LW'€)SI,’WV]iTLI'ﬂlﬁuﬁ5\1‘Vlllﬂﬂﬁﬁ]\1ﬂquﬂﬁ)ﬂﬁﬂﬂﬂu

[

g Y < Y Aaa
1 duesaladludunanaaaaninilsznou 5

Q

. Plane

o 1 1 I'd
amwilszne 5 dwvisdeyaasanguluilinoianly (Feature Space)

~ a kY o
NI 97 UNIFITIAU, 2006.
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wlx+b >y ommuald y=1 (10)
wlx+b <y iilefmualiy=-1 (11)
ywTx+b)—1 >0 (12)

Tagn  » feo  mngudeya (1,-1)
w 9 AINNNFY
A 1 [ 1
x A9 AanNHAIAUY

A ! A 1w
b A9 AN (MEALNU y)
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SMuiaReg “lumﬁmmuewmgmﬂumm Tasiinisldimatiavarequuuiine 1

[

v 9 A Y a o A a A A Y] v 2 o A an
MINEAURUTBYaNADINITANIIEH TaeTIUIFeNNeITRIAIN (ANT1AI LAaA3, 2553) 13
a 1% v o o [ < <
Imafialumsdaidenqudnsazididn iledausnlszianvesnz 3 ufaidoav iy
= [ é o an 9 A o aa aa 9J A an
VNI FITIUIUNAVBIVBYANTINIY 7,129 A A1NIT0AANAVOITOYAAINUNAD 36 NA
A [l ° I a
uazuaNuuiudInIniosas 73.43% vududosaz 88.24 (HAIWs FULWIT LAZNITA
a A YR a L4 [ =) ) v A A 4
ansiay, 2557) laanu mydmsizitvemsBouialemsaafengudauiiatasnswensel
Tagldmatinnmsfadongueauiia 333 1dun nsa@enguauiAanuy Correlation-based
Feature Selection ﬂﬁﬁhﬁ’ﬂﬂﬂmﬁ SEISIR] Consistency-based Feature Selection lAZ NI
v
AndonnaauANDY Gain Ratio Feature Selection WaN13NAaoInIaumalaaInIsnan
TuveIuautan 22 aauils 1wde 9 aauls 10 Aaudls naz 11 dauals arwdiau

a J I an an a 4 o o J
(WORUIWIF LWIAT LasAME, 2557) Hlﬁlﬁﬂy1ﬂ13'&1@%@]%@3&@“7133!,93181’??131%ﬁll‘W‘L!‘ﬁLlﬁgfﬂﬁ
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o o [ 4 J o a 1
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myaala lagrimsdIouneumatina Partition data of Association with Aprior CFS, Info Gain
1 o ’o} a 4 A v 4 a
ez Relief  Tagriumssuundoyanis ANN  (Hiwd uinuas uazanaial Taaiia,
= = as A o ~ A o [ Aa
2557) An¥IMIUfToUMeUITNIIADNAVAN YU U TUIND NITIANUIANYIIVINIHA
9 a o A 9y 9 a . . . .
ngnuelaglsmatiansiuvieddoya laglgmaiia Information Gain, Gain Ratio tag
. 1 an v v W . Y L a A a A J A
Chi Squared WUI1ITNTIAGUAVUDY Chi-Square THHAANTNNUIZANTMINANGANA1IND
4 o [ 1 Aaa o 4
Woaat uIuguaNUY 50% 19A1AUYNADY (Accuracy) 30882 95.98 (HF1UUN 11A
P 9 o @ o 3 =
uazame, 2558)  laanyimsaieluaadmiunensainsaiuguilszgizuiedt Taelinig
nlSeufieumaiin  nisaalAvesdoyado Information Gain, Gain Ratio, Correlation based
. . YR d‘ @ Y= A Y
Feature Selection (Galavotti L., et al., 2000) llﬂﬁﬂ‘lslHﬂfJ’Jﬂ’LImiﬂﬂm’ﬂﬂﬂmﬁnﬂ@]‘uﬂﬁﬂl@y’a
9 o o 19y v . Y=
NnPeyadIunlumstanuIAnyieyaA10nYs (Bing Xue., ct al, 2016) TaAny1egll
[ A A 9J an 9 A a a 3}/ as
mMsAadenauaNliavesveyalumsaniavetoya taziulszdnsnimvesvunouls

Evolutionary Computation Approaches
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3.1.1 damndeyauazinsentoya

A a 4 =} a 1 A Y v A o A ) Y
memsinsgnifSoumeumaiianige alslumsaatonauanyas oz lelu

I} 4 I~ 9
M3dFulganmsneInsaiuz G unIuy

2 Ayvoe v q v a < . . .
Tuauaeuilldihdoyan141un1531n 512101910 UCT Machine Learning Repository
o . . . . . 9
http://archive.ics.uci.edu/ml/datasets/breast+cancer+wisconsint%28diagnostic%29 Tagil Ejﬁf&l’a

' <3
1y 3 Muilugadredoya

1. Dr. William H. Wolberg, General Surgery Dept.
University of Wisconsin, Clinical Sciences Center, Madison, WI 53792

wolberg '@ eagle.surgery.wisc.edu

2. W. Nick Street, Computer Sciences Dept.
University of Wisconsin, 1210 West Dayton St., Madison, WI 53706

street '@ cs.wisc.edu 608-262-6619

3. Olvi L. Mangasarian, Computer Sciences Dept.
University of Wisconsin, 1210 West Dayton St., Madison, WI 53706

olvi '@’ cs.wisc.edu

Data Set Characteristics: Multivariate Number of Instances: || 569 || Area: Life

. o . . 1995-11-
Attribute Characteristics: || Real Number of Attributes: || 32 Date Donated 01
Associated Tasks: Classification || Missing Values? No || Number of Web Hits: | 607257

{ o J
amwilszneu 7 udasdeyaaglniunldlumsneinsal

e UCI, “Breast Cancer Wisconsin (Diagnostic) Data Set”, 27 April 2018
< 9 Aaaa a o o @ 9 ' @
Lﬂumagmmﬂumn INVTIVNIUIU 569 AU VIHIUAUANHUSVRIVDYAININDY 32 Auanyue

v A

@ o w aa o { <
Iﬂﬁl 2 AUANHUSLIN ﬁ’é) : ‘ViiJ']Ell,aGU‘]JiZﬂ'l@n UagnNanN15IUIRY 90 30 ﬂmaﬂymzﬁmﬁmﬂu
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1. id e naneavlsesaa

a [

a ' I
2. diagnosis (M = malignant, B = benign) nunede M1sInane Isa wusesmilu 2

Uszinn
. =< I
M = malignant ¥11894 11U
. = [~
B = benign nuwde Liflu
2 o Y a9 v ¢ &2~ a ' 2
1azdn 30 AuanuzNMmUNMENUA lFlumswensel Faliseazidoaas il

3. radius mean (mean of distances from center to points on the perimeter) HUED

1 = v A 4 o 9
AURNAYUDITAY (§$8$ﬂ1ﬂﬂ1ﬂﬂqﬂﬂuﬂﬂa1ﬂllﬂﬂﬂﬂqﬂ‘ﬂulﬁuﬁ@’ﬂﬁﬂ)
4. texture _mean (standard deviation of gray-scale values) HUNED ARABVDITN B
WM
. =< 1 A 9
5. perimeter mean HU1YDN mmaﬂmmmuﬁ@ugﬂ

=2 1 = dy A
6. area_mean WN1YDI AURAYVDIVUIANUN

7. smoothness_mean (smoothness : local variation in radius lengths) ¥4 g04 ARAYUD

ANUGLTEU

8. compactness mean (compactness : perimeter”2 / area - 1.0) ﬁlﬂﬂﬁﬂ ANRDYVDINIY

[

NITNATA

. . . . =
9. concavity mean (concavity : severity of concave portions of the contour) ©HN18D

] = U Y
AURAYUDITIULIN

10. concave points_mean (concave points : number of concave portions of the contour)

= v A o ' 9
MWD AURDETIUIUEIUN
11. symmetry mean HU18D4 AUNAGUDIAVINANNIAT

12. fractal dimension_mean (fractal dimension : “coastline approximation” - 1)

NI ANNABUDITATIUVUIA
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radius_se (standard error AYNAAIANAOUNIATTIU) HUWDT AUARIAAADU

WIATTIUUDITAL

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

texture_se HHGDY AUAAIAAADULIATIIUVDIANHULAINIIT
. = & Y
perimeter_se HU1ED ANUAAIAAADUNIATTIUVDUTUTOUTY
= A A A
area_se 111804 ANUAAANADUNIATFTIUVDIVUIANUN
= A 2 a
smoothness_se 18D ANUAAIAAADUNIATFIUVDIANNITIVI U
compactness_se R0 AUAAIANADUNIATTIUUDIANNNILHATA
concavity_se HUNEAY ANUAAANABUNIATTIUYDIAIUN
concave points_se HU18D4 ANUANAANAOUIIATTIUYDITIUIUA I
symmetry_se HH1094 ANUAAIAAADULIATTIUUDIANUANNIAT
fractal _dimension_se Y1004 AUAAIAAADUNIATTIUVDITATIUVUIA
. =3 1 d' Id' v A
radius_worst ¥111804 ANUEINTAVDITAN
= 1 d' ld' v a @
texture_ worst HU1EDI AMNUINFAVDIANHUEHINUY
. = 1A 1A 9
perimeter_ worst #1180 AMNLENgAvDUTUIOUFY
2 1A A X 4
area_ worst HU18D9 MALENTAVDIVUIANUN
smoothness_ worst W89 AfENgaveInNUToUTIY
=1 1 d‘ Idl v
compactness_ worst HU1YDI ANLINFAUDIANUNTENATA
concavity worst U809 AfLENgAUDIE U
. = A A o ! Y
concave points_ worst HU1YDI ANLYNFTAUDINIUIUFIUNIN

symmetry worst HU8D9 HU8D9 ANUENFAUDINNUANNIAT

fractal dimension_ worst Hu1809 MeNgavesdadIuILIA
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Mame b4 Type Missing Statistics Filter (32 / 32 atfributes): T~
Id Min Max Aversge
“ id ‘ Integer 0 8670 911320502 30371831.432
Label Least Mast Walues
“/ diagnosis ‘ Polynominal 0 M (212) B (357) B (357), M (212)
Min Wax Average
'  radius_mean Real 0 6.981 28110 14.127
Min Max Average
% texture_mean Real 0 9.710 39.280 19.290
Min WMax Average
“ perimeter_mean Real 0 43.790 188.500 91.969
Min Max Average
% area_mean Real o 143.500 2501 654 880
Min Max Average
% smoothness_mean Real 0 0.053 0.163 0.096
Min Max Average
“ compactness_mean Real 0 0019 0.345 0104
Min Max Average
' concavity_mean Real 0 0 0.427 0.089
Min Max Average
/' concave points_mean Real 0 0 0201 0.049
Min Max Aversge
*  symmetry_mean Real 0 0.106 0.304 0.181
Min Wax g
' fractal_dimension_mean Real 0 0.050 0.097 0.063

ailsznou 8 mIudasswazideauazanyuzvestoyauaazauanyuz lunguaunae
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Min

radius_se Real 0112 2.873 0.405
Min Max Average
texture_se Real 0.360 4885 1.217
Min Max
perimeter_se Real 0.757 21.980
Min Max
area_se Real 6.802 542200 40.337
Min Max
smoothness_se Real 0.002 0.031
Min Max Average
compactness_se Real 0.002 0135 0.025
Min Max
concavity_se Real 0 0.396
Min Max
concave points_se Real 0 0.053 0.012
Min Max Avesage
symmetry_se Real 0.008 0.079 0.021
Min Max Average
fractal_dimension_se Real 0.001 0.030 0.004

o 9 ' v
ﬂ'lWﬂiZﬂ’f]'U 9 ﬂm,l,ﬁmiwazﬁﬂmtazaﬂymmaway‘mmazﬂmaﬂymﬂu

ﬂduﬂﬁWNﬂﬁWﬂLﬂﬁ@uNW@ﬁﬂWn

Max age
radius_werst Real 7.930 36.040 16.269
Min Max Average
texture_worst Real 12.020 49.540 25677
Min Max Average
perimeter_worst Real 50.410 251.200 107.261
Min Max Average
area_worst Real 185200 4254 880.583
Min Max Average
smoothness_worst Real 0.071 0223 0.132
Min Max
compactness_worst Real 0.027 1.058
Min Max
concavity_worst Real 0 1.252
Min Max
concave points_worst Real 0 0.291
Min Max Average
symmetry_worst Real 0157 0664 0.290
Min Max Average
fractal_dimension_worst Real 0.055 0.207 0.084

ailszne 10 Mauaasswazideaazanyuzvestoyauaazuanyuz lunguamiuenga
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“I/Hﬂﬁ“l/lﬂﬁfNIﬂEJGI,‘FWIﬂL!ﬂGING]L“W’EJL‘]_EEJUL‘I/]EJ‘]Jﬂi%ﬁﬂ‘ﬁﬂ?Wﬁluﬂﬁﬂﬂm@ﬂﬂmaﬂ‘]ﬂﬂ!%
Ao o 2 s 9 Y a o 7 7 ~
Nnan mﬂumiwmﬂimummmuu Lla31“1)’&1’1?]1&?1GIiWWf]i@]L’JﬂWIEJimJ%GD'u (Support Vector

. o a a ° ] I 3 9 2 A A Aq Y
Machlne) °lumsmﬂszamﬁmwmsmuuﬂmagamGQﬂwigﬂuuzgsqtmwuu “If\‘]iJmﬂuﬂ‘V]Gl"]f

[

Andonguanyuz luminaaoll Wil
1. tANA Correlation Based Feature Selection (CFS)
2. 1mANA Information Gain (IG)
3. 1MAYUA Gain Ratio (GR)
4. maila Chi-Square
5. inAUA Forward Selection
6. 1NAA Backward Elimination

7. man Evolutionary Selection
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1. tANA Correlation Based Feature Selection (CFS)
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Y
1uﬂ1ﬂ%}mﬂuﬂ Correlation Based Feature Selection 3INAUANYUSNIVINA 30

o Y A v Ao o Y A v dy
HUS T]Tlﬁﬁ"mWiﬂm’E]ﬂﬂmaﬂHm%VIﬁW iy]lﬂiﬂﬂNaﬂ"lTVlﬂa'EN@]'liJ@"li%‘]‘V] 1 mm"l‘ﬂu

{ 1 90’ v o a
AN 1 ﬂ'llﬂ?iuﬂsllﬂx‘lﬂﬂmﬂ‘Hﬂ!%%Wﬂﬂﬁﬂl%}mﬂuﬂ CBF

d‘d 1 % o 1
La@ﬂlﬂw1$ﬁ]ﬂ!ﬁﬂ‘l&lﬂ!$1/liJﬂ1u1WuﬂLﬂ1

[

U1

No Attribute Weight No Attribute Weight
1 radius_mean 0 16 | compactness_se 0
2 texture_mean 0 17 | concavity_se 0
3 perimeter_mean 0 18 | concave points_se 0
4 area_mean 0 19 | symmetry_se 0
5 smoothness_mean 0 20 | fractal_dimension_se 0
6 compactness_mean 0 21 | radius_worst 1
7 concavity_mean 0 22 | texture_worst 0
8 concave points_mean 0 23 | perimeter_worst 0
9 symmetry_mean 0 24 | area_worst 0
10 | fractal_dimension_mean 0 25 | smoothness_worst 0
11 radius_se 1 26 | compactness_worst 1
12 texture_se 0 27 | concavity_worst 0
13 perimeter_se 0 28 | concave points_worst 0
14 area_se 0 29 | symmetry_worst 0
15 smoothness_se 0 30 | fractal_dimension_worst 0
vnesai 1 wuhgasnsusidanimdndu o 92 183 unsAaden wihins

9 v H
MUY ﬁﬂﬂmaﬂﬁm$ﬂgﬂ!§@ﬂﬂ1ﬂlﬂﬂuﬂ

. . Y 1 . .
Correlation Based Feature Selection bt radius_se radius_worst IlaZcompactness_worst
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o kS = Y o [ g 1 Y L4 I <3
naanuudd Idihguanuzng 3 immanugnaeslumsnensamaiuuzia
) o’ [
uudemaia SVM  Taen1s 191950054 RapidMiner 1un15dszuiananisnennsalas
UsznovlUdrenszuaunisareg dwansluaimilsznen 11 5udulagnisdedoya
@ 1 9 9 . @ ¥ A v A v Ao o Ay Y
AUANYUZAIIIAI8NT 19 Operator Retrieve Hasanuuiimsnanonquansazid g 14
Y
a o 1 v
NNANA Correlation Based Feature Selection aduaadlunindsznov 12 aevinuwilu
o . . 4 I <3 Y 9 a o
NIZUIUNT IUNITIN Validation MIWenTaM i uuzFaduualematin SVM aduaaglu
= <3 a ’q Y v a 9 o 1 I
amlszney 13 TaslMsFansimes Inumaia SVM a28msiyuuan svm type (1
] I 1 I~ 1 I 1 . I 1
C-SVC 1 kernel type 11 tbf A1 gamma 134 0.0 A1C 1101 0.0 A1 cache size 11 80 A1
. 3 =~ A o Y < . . . @
epsilon 111 0.001 M50 IHIYUIVY shrinking 148 confidence for multiclass A4
= o J a A [ . . Y
uaaslunndseney 14 waziin1sMUUAAINITINADS 1UN1TT Cross  validation  14A1

number of folds 1111 10 azanHMUE sampling type WU stratified sampling aauaaglu

Mwlsenov 15

Process

Process b 100% 2 0 2 | @ X

inp

Retrieve Aj1 Select Attributes Validation

out ) q e N exa) g = % mod [
C o ~ ox3 ™

L4 I (] 9 9y a 9
ANUTENOU 11 NN INLEAIMTNEINTAI M T UNLIT UM UNANALA SVM @7y
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1) Select Attributes: attributes >

= b selectAttributes: attributes
%\ The attribute which should be chosen.

Aftributes Selected Afttributes
"area_mean" A “compactness_worst”
"area_se” “radius_se”
"area_worst’ “radius_worst"

“compactness_mean”
"compactness_se”
“concave points_mean”
"concave points_se”
“concave points_worst”

“concavity_mean” o
“concavity_se”

“concavity_worst”

“diagnosis”

“fractal_dimension_mean”

“fractal_dimension_se”

“fractal_dimension_worst”

“id”

"perimeter_mean”

L S Y ——

o appty | P cancel

A 1% Ay Yo v A 9
Mnlseneu 12 ﬂ']ﬁlﬁﬂﬂﬂmﬁﬂﬂmgﬂ"lﬂiﬂﬂ'liﬂﬂlﬁﬂﬂlall']ﬂizil'lﬁWa

Process
) Process » Validation » W% L2 2 L | o K
SVMm Apply Model Performance
' tra mod g ' mod mod lab lab % per tes ‘
thr (] P22 w Y mod per exa per
thr per

Aalsznev 13 AszuIUMI 1UNI39 Validation M31UszuIanadIs SVM



Parameters

SVM (Support Vector Machine (LibSVM))

svm type C-SVC v | (i
kernel type v rof v | @
gamma 0.0 @
CcC v 0.0 @
cache size 80 @
epsilon 0.001 @
class weights ~ EditList (0)... @
| shrinking @
calculate confidences @

| confidence for multiclass @

3 Hide advanced parameters

o 1 a A [
Andsznou 14 ﬂmuﬁmwnmmaﬂﬁ’ﬂu SVM

Parameters

% validation (Cross Validation)

=

split on batch attribute

leave one out @
number of folds 10 @
sampling type W stratified sampling v @
use local random seed @

=)

</ enabile parallel execution

z Hide advanced parameters

AIZABY 15 MuUUAAINITINMDS 11n13911 Cross validation

29



accuracy: 91.22% +/- 3.99% (mikro: 91.21%)

true M

pred. M 168
pred. B 44
class recall 79.25%

30

true B class precision
6 96.55%
351 88.86%

98.32%

amilszneu 16 wamsdalszansamanmaidengadnyazyeunaiin CBF

nnInlsenev 16

[

@ a A o [
LLZ’W’NWaﬂWi'Jﬂﬂﬁﬁﬁ‘ﬂ‘ﬁ.ﬂ']‘Wﬂ?ﬁWﬂTﬂiﬂ!IﬂﬂﬂWﬁﬂﬂla’ﬂﬂ

U ﬂymzﬁjﬂﬂlﬂﬂﬁﬂ Correlation Based Feature Selection uazmsmﬂ'mamgﬂ@’fﬁ)ﬂumi

@ < 3 v ¥ a o q Yy Y1 ) o <
nensamsuuz G umuualamaila SVM ﬂ?sl,ﬂllﬂ?ﬂﬂ’ﬂugﬂﬁ@ﬂiuﬂ1‘iWﬂ1ﬂimﬂ15Lﬂu

< Y 1w
VZTUNUUNIND 91.22%
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2. 1MAUA Information Gain (IG)

v
Tumsldinaiin Information Gain AeAMANHUEZNINUA 30 AuANEME 117 1A

y 1 U 1 QU 1 g
minluurazguanyuzINNMINAAIAINA1T19N 2 Asae 111

{ 1 90’ o v a
A15199 2 mmwuﬂmmﬂmaﬂymzmﬂmﬂ%’mﬂuﬂ IG

Attribute Weight Attribute Weight
smoothness_se 0.0135 compactness_worst 0.2412
texture_se 0.0163 compactness_mean 0.2671
fractal_dimension_mean 0.0207 radius_se 0.2869
symmetry_se 0.0228 perimeter_se 0.2887
fractal_dimension_se 0.0346 concavity_worst 0.4017
symmetry_mean 0.0712 area_se 0.4161
fractal_dimension_worst 0.0747 concavity_mean 0.4482
smoothness_mean 0.0971 radius_mean 0.4630
compactness_se 0.1098 perimeter_mean 0.4666
symmetry_worst 0.1098 area_mean 0.4748
smoothness_worst 0.1235 concave points_mean 0.5458
texture_worst 0.1572 concave points_worst 0.5491
texture_mean 0.1593 area_worst 0.5602
concave points_se 0.1637 radius_worst 0.5619
concavity_se 0.1934 perimeter_worst 0.5620

Y
o % (3

iMA1iA Information Gain 92 14ANIMINVeInuanyUzidyeen Taonmanyue

d‘ o 1 ?)I v o 'd o 3 1 %7/
GRS ilﬁmﬁﬂﬂﬂﬂuﬂiﬂﬂ ﬂmaﬂymgﬁnmmm ﬂgﬁ}eaﬂgﬁmum ﬂﬂ@ﬁl INAANIT

'
v A

1 v o 3 d' X <Al ao’
NAADINUI AUANHAY perimeter_worst i]$idJﬂ’NiJ’d1ﬂilﬁJ1ﬂﬂq®°§ﬂﬂﬂ1u1ﬂuﬂﬂ 0.5620

'
o Y v A

{ x ISP ao’
HazAMENYME smoothness_se dzlianuddniosngadelinnimini 0.0135

4 ¥ 1] 90' o 1 (%3 (%3 g}/ 1
iesnnmaiintiaz IdaniminvewaazAuaNBULODNNT AIUUNITATIVEADUN
9 o Y 1 Y 4 <3 I~ 9 9
Az lenuanyazlaialumsmiainnugnasslumsnensamadiuuzssaduulasly
a o 9y = Y o [ = é
maa SVM lumsihueanugndes 39ldmmnaasslaemsasguanvus l)fiaznils

A o A 3 o 9 A A A Y1 9 Aa A
f18 ﬂ‘]&lmzljll%’lﬂﬂﬂ‘lﬁﬂ‘klﬂ!gﬂllﬂ'lu'lﬂuﬂu’f]Uﬂq@ lW@‘ﬂﬁ]%Ul@ﬂ’lﬂ')’lﬂgﬂ@]’ﬂﬁﬂ@ﬂq@iuﬂ’]i

o 3 9 A Y ~
MUWYUSLIIATUHY Naﬂ]lﬂllﬁﬂﬂ(lu@niﬁ% 3



wc!,l Select Attributes: attributes X

=h Select Attributes: attributes

a The attribute which should be chosen.

Aftributes Selected Attributes
“smoothness_se” “area_mean”
“area_se”

“area_worst”
“compactness_mean”
"compactness_se”
"compactness_worst”
“concave points_mean”
“concave points_se”
“concave points_worst”
“concavity_mean”
“concavity_se”
“concavity_worst”
“diagnosis™
@ “fractal_dimension_mean”

° “fractal_dimension_se”
“fractal_dimension_worst”
"id”
"perimeter_mean”
"perimeter_se”
“perimeter_worst”
“radius_mean”
“radius_se”
“radius_worst”
“smoothness_mean”
“smoothness_worst”
“symmetry_mean”
"symmetry_se”
“symmetry_worst”
“texture_mean”
“texture_se”
“texture_worst”

o sty P cancel

g

) 4 U 4 1 1 %’
nmilseneu 17 @]’Jf)leﬂ”lilal’t‘)ﬂﬂmﬁﬂ}lmgTﬂﬂfﬂi@]ﬂﬂmaﬂHm%ﬁﬁﬂWHTﬁ il

9 { a
u@ﬂﬁq@@’ﬂﬂ‘uﬁ]ﬂ!ﬂﬂuﬂ 1G
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accuracy: 91.39% +/- 3.71% (mikro: 91.39%)

true M

pred. M 197
pred. B 15
class recall 92.92%

i ¥
mwilseneu 18 Waﬂﬁ?ﬂﬂﬁ%ﬁﬂ‘ﬁﬂ"lw%'lﬂﬂ"liﬁﬂﬂﬂmﬂ‘ﬂﬂwﬁﬁﬂ']u"lﬁ f

v

true B

34

323

90.48%

tosNigaeanvaunailna IG

33

class precision
85.28%

95.56%

@

~ 1 Y o 3 3 v o o Aq Yy
AT NN 3 mmmgﬂmwmmi‘wfJmimﬂmﬂummmmummmauﬂmaﬂymzﬂ%ma

maln IG
Number of Attribute Number of Attribute
Accuracy Accuracy
Attribute Reduction Attribute Reduction
30 0 91.39 15 15 91.57
29 1 91.39 14 16 91.57
28 2 91.39 13 17 91.57
27 3 91.39 12 18 91.57
26 4 91.39 11 19 91.57
25 5 91.39 10 20 91.57
24 6 91.39 9 21 92.27
23 7 91.39 8 22 92.27
22 8 91.39 7 23 92.27
21 9 91.39 6 24 92.27
20 10 91.39 5 25 91.22
19 11 91.39 4 26 91.22
18 12 91.39 3 27 91.22
17 13 91.57 2 28 91.57
16 14 91.57 1 29 91.74
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[ [
aA

MINHANINARBINUNAIANUNABINANgA Taeliipeaznugnaoogh 92.27 aw

9
v W

A Yo
s 1vz@en 1¥91uIu

v
[ =

mind 3 wldhuiuguanvuzegh 6,7,8 Wio 9 AmANYME

[

Auanvuziooga 6 auanyuz 1dun
1. area_mean
2. area_worst
3. concave points_mean
4. concave points_worst
5. perimeter_worst

6. radius_worst

‘!.._!_J] Select Attributes: attributes >
= & SelectAtributes: attributes
= The attribute which should be chosen.
Aftributes Selected Aftributes
X HP
“area_se" A "area_mean”
“compaciness_mean” “area_worst”
"compaciness_se” “concave points_mean”
“compaciness_worst” “concave points_worst”
“concave points_se” "diagnosis”
“concavity_mean” "id”
"concavity_se” = ? "perimeter_worst"
“concavity_worst” e radius_worst’
“fractal_dimension_mean” )
“fractal_dimension_se”
“fractal_dimension_worst”
“perimeter_mean”
"perimeter_se”
“radius_mean"”
“radius_se”
“smoothness_mean”
"smoothness_se” o
o Apply x Cancel

o o Ay ¥
amlszney 19 M 6 ﬂﬂ!aﬂ‘ﬂﬂ!%‘ﬂl’lﬂ

(%

7

U

ﬂﬁﬁ’ﬂlaﬂﬂlﬁﬁﬁﬂigw’mWﬁ“ll@\imﬂﬁﬂ IG



accuracy: 892.27% +i- 3.15% (mikro: 92.27%)

true M

pred. M 192
pred. B 20
class recall 90.57%

35

frue B class precision
24 88.89%
333 94.33%

93.28%

amilsznew 20 wamsialsz@nTnmaInnsiaen 6 puANYULYOANALA IG

[ a A o @ (% a
Wﬁﬂ"lﬁ')ﬂ‘llﬁ%ﬁ“ﬂ‘ﬁﬂWWﬂ13W81ﬂﬁﬂ!Iﬂt’Jﬂ15ﬂﬂlaﬂﬂﬂﬂlaﬂ‘]elmgﬁlﬁﬂL“I/lﬂuﬂ Information

. 1 Y 4 I ] Y Y a
Gain (IG) l!ﬁ$ﬂ’]ﬁﬁ’]ﬂ’]ﬂ'ﬂllgﬂ@]'ﬂ\iiuﬂ’]ﬁWﬂqﬂimﬂqilﬂuuglﬁ\uﬁ'nllﬂ@'Jﬂlﬂﬂuﬂ SVM 910

9 o Ay Yo v A Y1 Y (4 33| 3 Y
ﬂ']ﬁGlG]f 6 ﬂmﬁﬂﬂmgﬂqﬂﬁﬂﬂ'ﬁﬂﬂmﬂﬂ ”lﬂmmmgﬂmaﬂuﬂﬁwmﬂimmilﬂumLiﬁmmu

N 92.27%
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3. IMAUA Gain Ratio (GR)

a 3 g‘./ v o ! ?J’ 54
Tunsldmatia Gain Ratio Mrenmdnbmznavug 30 auanvag i1 ld laanimin

v Y
lungazauanyazINMINAeIN M9 4 Aeae Tl

{ 1 90‘ % 0} a
A9 4 ﬂTLJ'I‘Vil!ﬂﬂl@\iﬂﬂ!ﬁﬂ‘]&lmzmﬂﬂ'ﬁi‘]ﬂfjmﬂuﬂ GR

No Attribute Weight No Attribute Weight
1 texture_se 0.0749 16 compactness_mean 0.2695
2 fractal_dimension_se 0.0818 17 | compactness_worst 0.2807
3 smoothness_mean 0.1166 18 perimeter_se 0.3336
4 compactness_se 0.1349 19 radius_se 0.3604
5 symmetry_se 0.1450 20 concavity_worst 0.4046
6 symmetry_mean 0.1489 21 area_se 0.4708
7 smoothness_se 0.1489 22 concavity_mean 0.4752
8 fractal_dimension_worst | 0.1489 23 radius_mean 0.5237
9 smoothness_worst 0.1589 24 perimeter_mean 0.5340
10 texture_mean 0.1601 25 area_mean 0.5371
11 concave points_se 0.1753 26 concave points_mean 0.5670
12 texture_worst 0.1796 27 concave points_worst 0.6035
13 | fractal_dimension_mean | 0.1901 28 | radius_worst 0.6116
14 concavity_se 0.1968 29 area_worst 0.6182
15 symmetry_worst 0.2382 30 perimeter_worst 0.6384

[

a . . Y1 ¥ o { o o o A
INAUA Gain Ratio ﬂ&’iﬁﬂ’]u1ﬂuﬂm@ﬂﬂmaﬂ‘ﬂm$ﬁa1 YaanuI Iﬂﬂﬂmaﬂyﬂf!%ﬂu
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WU AUANYUE perimeter_worst azliaNudnyuInfigadalianiivmini 0.6384 uag
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AMANHUL texture_se dzlANNdIAYTosNgadalianimiing 0.0749
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mala GR

Number of Attribute Aceuracy Number of Attribute Aceuracy

Attribute Reduction Attribute Reduction
30 0 91.39 15 15 91.57
29 1 91.39 14 16 91.57
28 2 91.39 13 17 91.57
27 3 91.39 12 18 91.57
26 4 91.39 11 19 91.57
25 5 91.39 10 20 91.57
24 6 91.39 9 21 92.27
23 7 91.39 8 22 92.27
22 8 91.39 7 23 92.27
21 9 91.39 6 24 92.27
20 10 91.39 5 25 91.22
19 11 91.39 4 26 91.22
18 12 91.57 3 27 91.22
17 13 91.57 2 28 91.22
16 14 91.57 1 29 91.74




H.#l Select Attributes: attributes X

=h Select Attributes: attributes
33‘ The atiribute which should be chosen.

Aftributes Selected Attributes
X (HD
“texture_se” "area_mean”
"area_se”
"area_worst”

"compactness_mean”
“compactness_se”
“compactness_worst”
“concave points_mean”
“concave points_se”
“concave points_worst”
“concavity_mean”
“concavity_se”
"concavity_worst”
“diagnosis”
o “fractal_dimension_mean”

“fractal_dimension_se”

@ “fractal_dimension_worst’
"id”
"perimeter_mean”
“perimeter_se”
“perimeter_worst”
“radius_mean”
"radius_se”
“radius_worst”
"smoothness_mean”
“smoothness_se”
"smoothness_worst”
“symmetry_mean"”
"symmetry_se”
“symmetry_worst”
“texture_mean”
“texture_worst”

& rooy P cancel
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accuracy: 91.39% +/- 3.71% (mikro: 91.39%)

true M true B class precision
pred. M 197 34 85.28%
pred. B 15 323 95.56%
class recall 92.92% 90.48%

muilsznou 22 wamsdadszanimmnnmadaauanyusni
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auanvag laun
1. area_mean
2. area_worst
3. concave points_mean
4. concave points_worst
5. radius_worst
6. perimeter_worst
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4. IMAUA Chi Squared

a 3 g‘./ v o ! so} 53
Tumslfimaiia Chi Squared AoadnbmzNIMNa 30 auanbue 1w laanimin

v Y
TuuaazguanbuzINMINAaBIINMITIeN 6 aeao 1T

{ 1 % o v a .
A15199 6 ﬂ'llﬂ?iuﬂsllﬂx‘lﬂﬂ!aﬂ‘HﬂwﬂWﬂﬂﬁﬂl%}mﬂuﬂ Chi Squared

No Attribute Weight No Attribute Weight

1 texture_se 13.3265 16 | area_se 205.2987
2 smoothness_se 13.5522 17 | compactness_worst 208.6836
3 fractal_dimension_mean | 24.0610 18 | perimeter_se 222.0918
4 | fractal_dimension_se 27.9417 19 | compactness_mean 222.3855
5 symmetry_se 31.5886 20 | radius_se 230.0074
6 concavity_se 51.9918 21 | concavity_worst 311.1369
7 fractal_dimension_worst | 66.7996 22 | area_mean 326.2661
8 symmetry_mean 68.6855 23 | concavity_mean 341.0650
9 compactness_se 74.0546 24 | radius_mean 344.7614
10 | smoothness_mean 81.3973 25 | perimeter_mean 359.1691
11 | symmetry_worst 100.7488 26 | area_worst 364.0997
12 | smoothness_worst 109.0351 27 | concave points_mean | 390.5314
13 | concave points_se 126.9527 28 | radius_worst 395.6819
14 | texture_mean 133.6581 29 | perimeter_worst 406.0872
15 | texture_worst 134.4097 30 | concave points_worst | 415.0087
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MANA Chi Squared

Number of Attribute Number of Attribute
Accuracy Accuracy

Attribute Reduction Attribute Reduction
30 0 91.39 15 15 91.57
29 1 91.39 14 16 92.27
28 2 91.39 13 17 92.27
27 3 91.39 12 18 92.27
26 4 91.39 11 19 92.27
25 5 91.39 10 20 92.27
24 6 91.39 9 21 92.27
23 7 91.39 8 22 91.57
22 8 91.39 7 23 91.57
21 9 91.39 6 24 91.57
20 10 91.39 5 25 91.22
19 11 91.39 4 26 91.57
18 12 91.39 3 27 91.57
17 13 91.39 2 28 91.74
16 14 91.39 1 29 62.74




h.é! Select Attributes: attributes

=k

Aftributes

“texture_se”

Select Attributes: attributes
33‘ The atfribute which should be chosen.

Selected Attributes

“area_mean”
“area_se”

“area_worst”
“compactness_mean”
“compactness_se”
“compactness_worst”
“concave points_mean”
“concave points_se”
“concave points_worst”
“concavity_mean”
“concavity_se”
“concavity_worst”
“diagnosis”
“fractal_dimension_mean”
“fractal_dimension_se”
“fractal_dimension_worst”
"id”

“perimeter_mean”
“perimeter_se”
“perimeter_worst”
“radius_mean”
“radius_se”
“radius_worst”
"smoothness_mean”
“smoothness_se”
“smoothness_worst”
“symmetry_mean”
"symmetry_se”
“symmetry_worst”
“texture_mean”
“texture_worst”
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accuracy: 91.39% +/- 3.71% (mikro: 91.39%)

true M true B class precision
pred. M 197 34 85.28%
pred. B 15 323 95.56%
class recall 92.92% 90.48%

aMilsznev 24 wamsdalszanimuanmaaauanyus Nl

9 = v a

1 90‘ v .
ATUIHUNUDINTADDNANAUA Chi Squared
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VIUIUAUANHUS 9,10,11,12,13 ‘Hd‘}ﬁ) 14 AuANHUS mumingﬁaﬂhmmuﬂmaﬂymzuaﬂ

qa 9 puanbuz laun
1. area_mean
2. area_worst
3. concavity _mean
4. concave points mean
5. concave points_worst
6. perimeter_mean
7. perimeter_worst
8. radius_mean

9. radius_worst
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.!___!J] Select Attributes: attributes

b Select Attributes: attributes

_—_-‘q The attribute which should be chosen.

Aftributes

[ | X

"area_se" A
“compactness_mean”

"compactness_se”

“compactness_worst”

"concave points_se”

“concavity_se”

"concavity_worst”

“fractal_dimension_mean” e
“fractal_dimension_se”

“fractal_dimension_worst”

"perimeter_se”

“‘radius_se”

"smoothness_mean”

“smoothness_se”

"smoothness_worst”

"symmetry_mean”

"symmetry_se”

S S p—

0O

Selected Attributes

"area_mean”
“area_worst’

“concave points_mean”

“concave points_worst’
“concavity_mean”
“diagnosis”

-

“perimeter_mean”
“perimeter_worst’
“radius_mean”
“radius_worst”
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o [ d‘ Yo o A 9J
amilszneu 25 M 9 ﬂmaﬂ‘]ﬂmzﬂ]’lﬂ umIfaenlszuanavey

MAHA Chi Squared

accuracy: 92.27% +/- 3.15% (mikro: 92.27%)

true M frue B
pred. M 192 24
pred. B 20 333
class recall 90.57% 93.28%

class precision

88.89%

94.33%

ailsznow 26 wamsializ@ntnmainmsiden 9 guanyuzaIe
MAUA Chi Squared

o a A o o o a
NﬁﬂTi’Jﬂﬂi%ﬁVI‘ﬁﬂ]Wﬂ”IiWEﬂﬂiﬂ!IﬂﬂﬂTiﬂﬂlaﬂﬂﬂmaﬂngﬁ}’Jﬂmﬂuﬂ Chi Squared
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Ql d’
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92.27% aauand luninilszney 26
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5. 1MAUA Forward Selection

A A A v 1 dy
HAUSNYNABNIINNANITNAADIATNAITNN 8 mm"lﬂu

A v 3 @ o 9 ) .
AINN 8 ﬂ'llﬂ?iuﬂsllﬂx‘lﬂﬂ!aﬂ‘Hﬂ!Z*ﬂ"lﬂﬂWﬁﬂlGIﬂVIﬂuﬂ Forward Selection
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9
Tumsldimnaiia Forward Selection AdemanymzNInya 30 ananyug w117 14

No Attribute Weight No Attribute Weight
1 radius_mean 0 16 | compactness_se 0
2 texture_mean 0 17 | concavity_se 0
3 perimeter_mean 0 18 | concave points_se 0
4 area_mean 0 19 | symmetry_se 0
5 smoothness_mean 0 20 | fractal_dimension_se 0
6 compactness_mean 0 21 | radius_worst 0
7 concavity_mean 0 22 | texture_worst 1
8 concave points_mean 0 23 | perimeter_worst 1
9 symmetry_mean 0 24 | area_worst 0
10 fractal_dimension_mean 0 25 smoothness_worst 0
11 radius_se 0 26 | compactness_worst 0
12 texture_se 0 27 | concavity_worst 1
13 perimeter_se 0 28 | concave points_worst 0
14 area_se 0 29 | symmetry_worst 0
15 smoothness_se 0 30 | fractal_dimension_worst 0
s 8 wuhgasnsasinanimindu 0 92 18 unsAaEen uazeziden
andnuazfnanhminmiiy 1 i Fanmdnyusiignidenainmaiia Forward Selection

Y 1 . . v 3’, Y o o g}l
laun texture_worst, perimeter_worst Las concavity worst a9 AUU ”lﬂmﬂma AYUTNI 3

1 4 I < a
wmmanugnasdlumsnensamsiuuzisadundromaiin SVM Tasmis 1o Tusunsy

o
RapidMiner Tumsidszananamsneinsal




accuracy: 95.07% +/- 2.60% (mikro: 95.08%)

true M

pred. M 193
pred. B 19
class recall 91.04%

46

true B class precision
9 95.54%

348 94.82%
97.48%

awilszneu 27 wamsindsz@ninmanmsiaenguanyazaIemaiin Forward Selection

MNWANINAADIRIY 3 Amanyuzignideny1laemaiin Forward Selection A1

E) ¢ < 4 v Y A ° )
mmgﬂmmﬁlumﬁwmmmﬂmﬂuummmuu Taglnaila SVM Gluﬂ'liﬂ1u1&ﬂ'ﬂi]gﬂﬂ@ﬁ

d‘ﬁ) [
agNIeeaz 95.07 awanslunmilszney 27
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6. AR Backward Elimination

9
Tuns1ldmatin Backward Elimination A1eanbaznInue 30 puanyuz Ml 1a

o

A A A v 1 dy
AUANHUSNYNADNIINHANITNAADIATNAITNN 9 mm"lﬂu

{ ' % o v = .. .
A1519N 9 mumuﬂmmﬂmaﬂymxmﬂmﬂ%’mﬂuﬂ Backward Elimination

No Attribute Weight No Attribute Weight
1 radius_mean 1 16 | compactness_se 1
2 texture_mean 1 17 | concavity_se 1
3 perimeter_mean 1 18 | concave points_se 0
4 area_mean 0 19 | symmetry_se 1
5 smoothness_mean 1 20 | fractal_dimension_se 1
6 compactness_mean 1 21 radius_worst 1
7 concavity_mean 1 22 | texture_worst 1
8 concave points_mean 1 23 perimeter_worst 1
9 symmetry_mean 1 24 | area_worst 0
10 | fractal_dimension_mean 1 25 | smoothness_worst 1
11 radius_se 1 26 | compactness_worst 1
12 texture_se 1 27 | concavity_worst 1
13 perimeter_se 1 28 | concave points_worst 1
14 area_se 0 29 | symmetry_ worst 1
15 | smoothness_se 1 30 | fractal_dimension_worst 1

VNHANIITNAABINYINI 26 Aadnyuziigniaenilagmaiin Backward Elimination &3]

A

Auanvuz lugnidenifies 4 AuaNBWAO arca mean, arca se, concave points se HAZ

L)

9
[ v [

9
area_worst  18991UUIIRAUANEUENT 26 AUANHUTVINIAIANNYNADI IS
4 3| <3 a
nensainatunzsaduualtomaiia SVM - Taen13 14115051 RapidMiner 1113

4
Uszunanamsnensal



48

accuracy: 95.08% +/- 2.32% (mikro: 95.08%)

true M true B class precision
pred. M 193 9 95.54%
pred. B 19 348 94.82%
class recall 91.04% 97.48%

amwilsznou 28 wamsiadszaninmunmsidenguanyuzaie

AR Backward Elimination

HANINARIAIY 26 AuanUzNgnaenu1 Taematin Backward Elimination A1A71NYNADA
4 < 3 a 0 1A
TumswensaimaduvzGadun Taeldmata svMm lumsiinennugndesegniosas

95.08 Aanaad lunnilsznew 28
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7. maa Evolutionary Selection

v
Tumsldimaiin Evolutionary Selection A1onmanyaznInua 30 puanyue Ml 14

o

A A A v 1 dy
AUANHUSNYNADNIINHANITNAADIAINAITNN 10 mm"lﬂu

{ v 3 ) o a . .
miN‘ﬁ 10 ﬂ1u1wuﬂﬂlmﬂmaﬂ‘ﬂm$%1ﬂﬂ1516§jlﬂﬂuﬂ Evolutlonary Selection

No Attribute Weight No Attribute Weight
1 radius_mean 0 16 | compactness_se 1
2 texture_mean 1 17 | concavity_se 0
3 perimeter_mean 1 18 | concave points_se 0
4 area_mean 0 19 | symmetry_se 0
5 smoothness_mean 1 20 | fractal_dimension_se 1
6 compactness_mean 0 21 | radius_worst 1
7 concavity_mean 1 22 | texture_worst 1
8 concave points_mean 1 23 | perimeter_worst 1
9 symmetry_mean 1 24 | area_worst 0
10 | fractal_dimension_mean 1 25 | smoothness_worst 0
11 radius_se 0 26 | compactness_worst 1
12 | texture_se 1 27 | concavity_worst 0
13 perimeter_se 1 28 | concave points_worst 0
14 | area_se 0 29 | symmetry worst 1
15 | smoothness_se 0 30 | fractal_dimension_worst 0

d' ] [ d‘dl %’ YR~ 1 Yo Y] A
NNATNN 10 WUNAUANHUSNUAUIWUD ﬂuO‘ﬂ%hlllulﬂi‘]JﬂﬁﬂﬂLﬁﬂﬂ agae
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Lﬁﬂﬂﬂmﬁ AHUSNUAMUINUNUNINDY 1 INUY G?Qﬂﬂ!ﬁﬂ‘hlﬂ%ﬁ@jﬂlﬁﬂﬂiﬂﬂLﬂﬂuﬂ Evolutionary
. Y . .
Selection U], PLLN texture_mean, perimeter mean, smoothness mean, concavity mean, concave
points_mean, symmetry mean, fractal dimension mean, texture_se, perimeter_se,
compactness_se, fractal dimension se, radius worst, texture worst, perimeter worst,
(% g}/ =2 Y o 2 2\// @
compactness_worst LlQesymmetry worst wawmuum‘lﬂm@m NHUSN 16 AUANHUSN

1 4 I < a
wisanugndeslunmsnensaimaiuuzsudmudiomaiia svm - Tasms 14 Tsunsu
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RapidMiner Tunisdszurananisneinsel



accuracy: 95.26% +/- 1.36% (mikro: 95.25%)

true M

pred. M 194
pred. B 18
class recall 91.51%

50

true B class precision
9 95.57%
348 95.08%

97 .48%

amwilsznou 29 wamsiadszaninmunmsidenguanyuzaie

maia Evolutionary Selection
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Y a Y1 9 J < < 9y 1 o
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luamlsenen 29
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