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Abstract

This research aims to develop a model for classifying pickup truck models using data mining
techniques. The case study was conducted at the [suzu showroom branch in Mahachai. The study also
seeks to compare the effectiveness of different algorithms in classifying customer preferences for
pickup truck models. The algorithms used in this study included Decision Tree, Naive Bayes, Random
Forest, and K-Nearest Neighbor. The data used to build the model consisted of customer information
who purchased Isuzu cars at the Mahachai branch from January 2020 to December 2021, totaling
1,500 individuals. The data was divided into five testing methods, including 70:30, 75:25, and 80:20
data splits, as well as 5-fold and 10-fold Cross Validation. The performance of the models were
evaluated using Rapid Miner X, with a total of 11 attributes. The results indicated that the Random
Forest model, analyzed with the 10-fold Cross Validation method, achieved the highest accuracy at
84.13%. The Decision Tree model followed with an accuracy of 82.73%, the K-Nearest Neighbor
model with 81.00%, and the Naive Bayes model with 62.20%. In conclusion, the Random Forest
model demonstrated the highest accuracy in predicting customer preferences for pickup truck models,
reaching 84.13%.

Keywords: classification, Decision Tree, K-Nearest Neighbor, Naive Bayes, Random Forest
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Attribute

105 U10A1

ANNHNY

Gender

Male = IWAB18

Female = LWﬁ‘Hﬂjﬂ

INe

Career

Employee = WHNIUUTEN
Farmer = INYATNT

Merchant = A1918

Self Business = “giﬁ%ﬁ’mﬁlﬂ
Government Officer = 91315013
Contractor = SUmRIARAS 1

Lawyer = N118AY

a
DI1YN

Salary

Normal = FIURUIADY 15,000 — 35,999 VN

High = 7USUIADY 36,000 — 55,000 1IN

LRSI

Booking_Money

Normal = 141314294 1,000 74 2,999 110

High = 141311994 3,000 §4 5,000 11N

{UDY

Down_Payment

Ja d =
Normal = 199101711 10% 949 19%

i 9a P =
High = 193ua11 20% 04 30%

a 4
NUATIU

Cus_Source

Y (5]
Facebook =gnAnnainilaiin
Y d
Walk = gnauinTaigu
Rec_Cus = gnamuziil
Old_Cus = gnAum

Call = gni Insidun

= Y
NUIVBIGNAI

Credit_history

Good = IAFAAA

Bad = in5AaALLY

IEPRCIGEE

Engine System

4 4
1.9 =1A7938UA 1.9

4 %
3.0 =1AT938UA 3.0

4 %
TIEUUNTDIYURN

Gear_System

a o A
A/T = 1De5on 1uia

a g
M/T = 1Rg5nTE)n

a Jd
ISVUINYT
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Attribute

MoaTuea AIUNUNY

Car_Model

SPARK = 321212107 Uszinnvessnoud
=}

SPC = nszuzuAy 2 1529

SPC HR = nszuzufu 2 1529 onga

CAB4 = N3z 41329

CAB4 HR = N3z 4 1)3z98nga

msad1amuudiasstoya (Modeling)
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[ 4 4 o
IsuzuCustomerData2 563 To2564.csv 01U 1ot osi5iaos ReadCSV%QﬂﬁfiuﬂU‘iﬂ‘UWﬁUﬂ\‘]

v
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Farmat yout solumm

[ Y
NN 3.3 M3AIAINI8 1Y Operator Set Role

[

1 9
M358 3.2 Mvualszianvosteyanaz MMUATNUINYDY Attribute f191]

Attribute Change Type Change Role
Gender Binominal -
Career Polynominal -
Salary Binominal -

Booking Money Binominal -
Cus_Source Polynominal -
Down_Payment Binominal -
Credit_History Binominal -
Engine System Binominal -
Gear_System Binominal -
Car_Model Polynominal Label
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o 1 9 I ° 1 ] 4 4 . A " 9
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4. MA3IANVY Decision Tree

a

VTN
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A Y o o 9 P P .
NN 3.5 A31902L1 Decision Tree 19819 1011035151995 Decision Tree

o 1 @ 3}1 1 g I VAo
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RIS A ' A 4 Hq v °
4.2 Confidence ﬂ\?ﬂ’]lﬂu 0.1 le’)ﬂ’]ﬁ'uﬂﬂ’]ﬂj'lulsb'@uuﬂ“ls]f“luﬂ'ﬁﬂ']ujm Error Gh!

o [ a K Y Yo A
m3mmﬂwammaaﬂeﬁmmu”lmmuﬁla
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{ y a <
ﬂTWﬁ 3.7 ﬂ']ﬁﬂ\‘iﬂWW'ﬁqu@g Confidence 11/ 0.1

9
£Y

9 9 Y ]
4.3 Maximal Depth AIMNINAIALAULA 5 YU LAY 10 YU LﬁﬂﬁWﬂuﬂﬂ’ﬂﬂJﬁﬂﬂlﬂﬂ

au'li¥ TaelSouifioun Maximal Depth # 1dwamsvhunenanga
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H 1 o A 9 4 4 . . A A 1
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a 9 [
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|
nd Lah [
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| 1
4 L l
|

A (7 Y Yo A o [ o ' A Y 9
NN 3.11 G]’JLL‘]JU@]ullﬂﬁﬂﬁutl%ﬁWWiDﬂﬁﬁnlLuﬂ?ﬂﬂlﬂﬁﬁﬂﬂi%‘ﬂ%‘ﬂgﬂﬂWYﬂ\‘lﬂTﬁ

v o OF B

Taglumsnageunaaniozyiinisiaan Accuracy, Recall 41¢ Precision Lﬁfl\ﬁﬂﬂ?ﬁ

1 dy ] Y Y 9 Aa a o Y
L‘Via”ll!ﬁ]gslﬂfl(lﬁﬁd ”Il!m”liﬁ]ﬂﬁzﬁ‘ﬂ‘ﬁﬂ”lW‘ﬂ@ﬂu’]Jﬂﬁl"lai’)\?"lﬂﬂfl"lﬂﬂiﬂ‘ﬂﬂqu

Accuracy AoA1IAYsEaNA MLV UT1a09suunILIAN (classification model) 1a®

9
NITNTUIVINAIDYNNINUA

1=} o 1

[ o a @ [l I {
Recall ﬁ’t]ﬂTi’Jﬂﬂ’NllUl’JGU’ENLI,‘]J1J%Tﬁ’é]\‘iI@EJW@DﬁmTMﬂGI’J’E)EJN‘ﬂﬂﬂﬂ1lluﬂ’)1!ﬂuﬂﬁ1ﬁ“ﬁ

)

< ' Y v ' o v o A g A Y Y
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yogieela



38

@ ] ) o a @ ] o ]
Precision ﬁ@ﬂ'l'i’lﬂﬂ'J'lllLLiJufJ'l"’U’E'N!L‘]J‘U%TﬂfNIﬂEJWfﬂ"l'ifl‘!'I%Wﬂﬁ'lﬂﬂ'l\iﬁgﬂﬂ'llluwﬂlﬂu

s [ 1 1 ° ° o 1 1 g {
amaniuuan ¥eligeuinlaiuuuiaesaunsoswundlredinuaaaniuuin1d

1 v ) 9 =)
pgauNudIntaaiesla

WAN1SNAADIAT Accuracy , A1 Recall LLaZ A1 Precision Y992 181U Decision Tree 108

] o a 4 1A
MsuLeteyaLuY 70:30 TaelSun1513ime3 Maximal Depth 0¢#1 5 Maximal Depth

PerformanceVector:
accuracy: 77.78%

ConfusionMatrix:

True: SPC 1.9 SPARK CAB4 1.9 SPC 3.0 CAB4 3.0
SPC 1.9: 146 19 23 20 0

SPARK: 5 38 3 4 1

CAB4 1.9: 11 2 138 2 3

SPC 3.0: 0 0 2 0

CAB4 3.0: 7] 1 G 0 26

NN 3.12 A Accuracy Decision Tree Iﬂﬂuﬂﬂ?@ga 70:30 g 5 Maximal Depth

HAYDINITINUIGAININYNABIVDIAMDY Decision Tree 1ASNTHUINOYALUY 70:30

@ a 4 1A U 1A
Tag1lSun151lines Maximal Depth 8¢l 5 Maximal Depth ldnan1n1wgnaesegn 77.78%

weighted mean recall: 65.69%, weights: 1, 1, 1, 1, 1
ConfusionMatrix:

True: SPC 1.9 SPARK CaB4 1.9 SPC 3.0 CAB4 3.0
SPC 1.9% 146 19 23 20 0

SPARK: S 38 3 4 " i

CaAB4 1.9: Al 2 138 2 3

SPC 3.0: 0 0 0 2 0

CaAB4 3.0: 0 1 6 0 26

AW 3.13 A1 Recall Decision Tree 1Ag1119903a 70:30 1482 5 Maximal Depth
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HAYBINITHIUIBAT Recall YOIV Decision Tree Tasn1suadoyany 70:30 Tay

U5um131iiies Maximal Depth 8g7 5 Maximal Depth T@HaA1 Recall 9¢71 65.96%

weighted mean precision: 82.39%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC 1.9 SPARK CAB4 1.9 SPC 3.0 CaB4 3.0
SPC 1.9: 146 19 23 20 0

SPARK: 5 38 3 4 1

CAB4 1.9: 11 2 138 2

SPC 3.0: 0 0 0 2

CaB4 3.0: 0 1 6 0 26

{ ! .. A o9 .
A 3.14 A1 Precision Decision Tree Tﬂmmway’a 70:30 iag 5 Maximal Depth

HAYDINITIUIBA Precision YDIVBIAILILL Decision Tree TAGNITHITOYALUUY 70:30

[ a 14 1A 1 A
TS un1511ines Maximal Depth 8¢l 5 Maximal Depth I91W@ fi1 Precision g1 82.39%

4.8 MIMNUA Cross validation ADITMINAABUUTLANTMNUUUT 1803 TAsL1

9 I 1 gJ/ 9 L] é o o a a
gaveyao0N uYAsey va1eya NUUlFyadesntayad miunaaoulszansainues
o il d' A ) [ o [ a 4 = [ 1
HUUIIa0d nazyagesivasd I uRnuuUTIad Taslunmsisumaniwesszinislsuan

F2

I @ o/ W ¥ 3 4 A a °
(31 2 upy @9t U5UA1 number of folds 111 5, 10 iefFouenlszaninnvesnssinue

ross Validation Parameters
1 e modb % Cross Validation
eap leave one out
tes [:)
per D numboer of folds 5 !
D
(o sampling type automatic v |4

MNN 3.15 MIUSUWIT@05UDI Cross validation
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Pincess

€ Progass » Cross Valoation »

Dosision Tree

Aisply Mose| Pertortnance ¢2)
b4 \! I

“a—E

NN 3.16 Process Cross validation U841V Decision tree
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a J . oo A A o = Y 9 = '
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gy wer (o % i
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1 4
e

a

{ @ Y v 4 o . .
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4.10 ¥ 3I¥OUAD Operator Ao UINBMINTNATOVYTLENTAINATH 1LY

(% .. 4 1 Y o 4 1 o
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6 tra modb
~ E‘an

A 9 o . 9y 4 J .
NN 3.18 A519AMV Naive Bayes 1aa 1y To1)o5151n05 Naive Bayes
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A 1 4 ¢ A 1 . . Y o
5.1 1¥oune lowesisies U¥01 Performance (Classification) 1111 Apply Model
<] ) o @ ) @ ° ! {
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6. MIAF19AILY K- Nearest Neighbor
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NaN1INATIUAIN IV Naive Bayes

M13199 4.13 HAMINATOUAIYAILUD Naive Bayes

Data Training Accuracy Recall Precision
70:30 60.89% 54.97% 58.12%
75:25 60.32% 53.70% 56.68%
80:20 60.84% 54.86% 57.91%
number of folds = 5 62.20% 56.55% 59.66%
number of folds = 10 62.20% 56.55% 59.66%

Mnwamsnadeu Tuaa Naive Bayes NOd0UUUEAY 01l Y number of folds = 5 1az
number of folds = 10 WUNAT Accuracy 8¢ 62.20% A1 Recall NAAOUUUYAUDYA number of
folds = 5 148 number of folds = 10 WUINTA Recall DN 56.55% 1AAN Precision NAADULUYA

6ISJ)E] YUY number of folds = 5 L1a¢ number of folds = 10 WUNUAT Precision ’e]§l:°l7l 59.66%
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HaMINATOUA AU K- Nearest Neighbor

M13199 4.14 HAMINATBUAITAIUY K- Nearest Neighbor

Data Training Accuracy Recall Precision
70:30 73.56% 69.02% 72.44%
75:25 71.05% 66.23% 71.18%
80:20 74.00% 69.97% 72.50%
number of folds =5 81.00% 80.00% 79.58%
number of folds = 10 81.00% 80.00% 79.58%

NNANNNANINATDUAUY K- Nearest Neighbor mﬁauuw}gﬂﬁﬁ’ay‘mmu number of

folds = 5 1182 number of folds = 10 WUIINA1 Accuracy BN 81.00% A1 Recall NAFADUUUYA

6lsl}’e)‘JJ“iﬂ number of folds = 5 1A% number of folds = 10 W1J13A1 Recall ﬂgﬁ 80.00%44aL A Precision

‘I/Iﬂﬁﬂﬂuu"lgﬂ"flj’t’)ll"auﬂ‘l_l number of folds = 5 1182 number of folds = 10 WU11A1 Precision ’E]Ejﬁ

79.58%
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wamsmﬁauﬁ'wﬁmmu Random Forest

v o a J i
miNﬁ 4.15 Waﬂ']'iﬂﬂﬁﬂﬂﬁ}jﬂﬁjllﬂﬂ Random Forest W13140035 Maximal Depth ﬁ 5

Data Training Accuracy Recall Precision
70:30 71.78% 67.90% 70.30%
75:25 72.92% 68.48% 72.21%
80:20 72.33% 66.92% 69.26%
number of folds = 5 74.73% 71.60% 76.05%
number of folds = 10 74.73% 71.60% 76.05%

nARan1sNAaey 1uiAa Random Forest W1513iA03 Maximal Depth‘ﬁ SnageuuUYa
Foyau Uy number of folds = 5 1A% number of folds — 10 WU1TA1 Accuracy 87 74.73% 1
Recall mﬂﬁanuu%mﬁ'ﬂy‘a number of folds = 5 1182 number of folds = 10 WUI1HA Recall ’E]gl:ﬁ
71.60% 1NNU LAz Precision mﬁauuuﬁqﬂ%ymmu number of folds = 5 148 number of folds

= 10 WUINA Precision DYN 76.05%

Random forest 5 Maximal Depth

IRy
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SPC 1.9: 121 is 14 11 D]

SPARK: 2 32 1 0 D

CAB4 1.9: 5 2 120 ) 5

SPC 3.0: 7 1 = 12 ]

CAB% 3.0: 0 3 D 20

ATNA N.7 A1 Accuracy Decision Tree 10811119%03ya 75:25 118 10 Maximal Depth

o U Y @ E-o "9
HAYDINTTNTIUIGAIN U NADIVDIA LIV Y Dem&on’heeIﬂﬂﬂ1iuUQM6gauﬂll7525

@ A s ¥ 1A ) 9 1 1 A
Tasdsumsiinos Maximal Depth E]Q‘ﬁ 10 Maximal Depth "lﬂwammmgﬂﬁ'magﬁ 81.33%

weighted m=an recall: 74.06%, weights: 1, 1, 1, 1, 1
ConfusionMavrix:

True: SPC 1.9 SPARK  CAB4 1.9 SPC 3.0 CaB4 3.0
SPC 1.9: 121 185 14 11 g

SPARK: 2 32 1 0 0

CAB4 1.9: 5 2 i29 0 5

SPC 3.0: 7 | 4 12 0

CAB4 3.0: 0 0 3 0 20

A7 1.8 A1 Recall Decision Tree TAgt1iago1a 75:25 118z 10 Maximal Depth

HAYDINITHIUIEAT Recall YIAILLY Decision Tree 1A8N15HINT0YANDY 75:25 1ag

U5un1515m035 Maximal Depth 81 10 Maximal Depth ‘Id#aa1 Recall 0§l 74.06%
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weighted mean precision: 78.89%%, weights: 1, 1, 1, 1, 1
ConfusionMatzix:

True: SPC 1.9 SPARK CAB4 1.9 SPC 3.0 CaB4 3.0
SPC 1.9 121 1% 14 11 9

SPARX: 2 32 1 0 0

CaB4 1.9 5 2 120 0 5

SpC 3.0 7 1 2 o

CAB4 3.0: o vl 3 0 20

i ! .. .. vy .
NN 1.9 A1 Precision Decision Tree IﬂEJLl,‘LNGUEm”a 75:25 Une 10 Maximal Depth

o ' .. o .. 19
NAUDINTITNIUIYAT Precision UDIUBDIANILUY Decision Tree Tﬂﬂmmmmagmmu 75:25

@ a 4 1A U 1A
Tag1l5un1511nes Maximal Depth 9g7 10 Maximal Depth I@Ha A1 Precision 0gi 78.89%
1 [ a J 1A
1.4 MINNToYAIUY 80:20 TA05UNI5101AB3 Maximal Depth 011 5 Maximal Depth

WANISNAADIAT Accuracy , Ai1 Recall ltagf1 Precision Y996 18U Decision Tree 1ag

] [ a 14 1A
MsuLetoyaLUY 80:20 TnelSun1513ne3 Maximal Depth 0¢#1 5 Maximal Depth

PerformanceVector:
accuracy: 69.67%

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPece 47 8 6 6 4

SPARK: 4 19 0 4 X

CaB4: 0 T 11 3 1!

CaB4 HR: 4 D 1 82 1
SPC HR: 14 3 14 10 50

AR .10 A1 Accuracy Decision Tree 10811114903 80:20 4ag 5 Maximal Depth
HAYDINITNUIBAININYNABIVDIAILY Decision Tree 1ASNITHUITDYALUY 80:20

o a 4 1A 1 1A
Tag15uM1511ine3 Maximal Depth 07l 5 Maximal Depth lanamianugndetedi 69.67%
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weighted mean recall: 63.62%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPC: 47 8 6 ) 4

SPARK: 4 19 0 1 1

CAB4: 0 7 11 3 1

CAB4 HR: 4 5 1 82 1
SPC HR: 14 1 14 10 50

{ ' .. 9 .
WA N.11 A1 Recall Decision Tree 1A8i11ja993a 80:20 118¢ 5 Maximal Depth
o 1 o .. v 9
HAYDINIIMIUIBAT Recall ¥9IAILUD Decision Tree 1A8N13ULNTDY ALV 80:20 1Y

U5um131iiiaes Maximal Depth 8g7 5 Maximal Depth T@HaA1 Recall 9g71 63.62%

weighted mean precision: 67.31%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: 47 8 6 3 4

SPARK: 4 19 0 1 i |

CAB4: 0 7 11 o 1

CAB4 HR: 4 5 1§ 82 1
SPC HR: 14 1 14 10 S0

NINWA N.12 A1 Precision Decision Tree Tﬂﬂuﬁﬁay’a 80:20 1ing 5 Maximal Depth

HAYDINITIUIBA1 Precision YDIVOIRAILY Decision Tree TABNITHITOYALUY 80:20

[ a 14 1A U A
Tag1lSun1311ines Maximal Depth 8¢l 5 Maximal Depth @@ A1 Precision 0¢#1 67.31%



82

1 [ a 4 1A
1.5 MIuLItoyaLUY 80:20 TaellSun1513imes Maximal Depth 0871 10 Maximal Depth

WAN1SNAADIAT Accuracy , fi1 Recall L1AZA1 Precision Y9972 1A8LLLY Decision Tree 18

MsuetoyauD 80:20 TaeluM1511iAB3 Maximal Depth 8g#1 10 Maximal Depth

PerformanceVector:
accuracy: 80.33%
ConfusionMatrix:

True: SEC SPARK CaB4 CaB4 HR SPC HR
SPC: 54 2  § 0 6

SPARK: 1 24 s} 3] 1

CAB4: 1 € 23 4 3

CAB4 HR: 6 7 3 =153 3
SEC HR:=" 7 1 o 2 44

AINA N.13 A1 Accuracy Decision Tree Tﬂﬂuméﬁ'ay,a 80:20 Lng 10 Maximal Depth
o 4 Y [ o v 9
HAUDINITNIUIYAIAINYNABIVDIAILLULY Decision Tree Tﬂﬂﬂmmwaymmu 80:20
o a 4 1A 1 1A
TaglSum131iiines Maximal Depth 987 10 Maximal Depth Ianaa1nugndengh 80.33%

weighted mean recall: 76.29%, weights: 1, 1, 1, 1, 1
ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: 54 2 1 0 6

SPARK: 1 24 0 0 1

CaB4: 1 6 23 4 3

CAB4 HR: 6 1 3 96 3
SPC HR: 7 - 5 2 44

AN N.14 A1 Recall Decision Tree Tﬂﬂuﬂqsffaga 80:20 ey 10 Maximal Depth
HAYDINITIUIEAT Recall YBIAIMUY Decision Tree Tngn 13110030111 80:20 Tag

YFum313905 Maximal Depth E’)gjﬁ 10 Maximal Depth |@wan Recall 6§J:‘17l 76.29%
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weighted mean precision: 79.65%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: 54 2 1 0 6

SPARK: 1 24 0 0 1

CAB4: 1 5 23 4 3

CAB4 HR: 5 3 96 3
SPC HR: 7 1 2 44

AMNA .15 A1 Precision Decision Tree T@EJLHJ'Q"ISIIEHJ“Q 80:20 18z 10 Maximal Depth
HAUDINITHIUIOA Precision YBIUBIAMILU Decision Tree 1A8NTULIUOYALLL 80:20

@ a 4 1A U 1A
TS un1511nes Maximal Depth 87 10 Maximal Depth T@Ha A1 Precision 0 79.65%

"9 £ = [ a 4 { ]
1.6 NM3LUNYDYALUY Cross Validation Taglsumisimes number of folds T suaz 5y

W151319193 Maximal Depth 1 5 Maximal Depth

WAN1SNAADIAT Accuracy , A1 Recall 1A Precision Y9972 A8l Decision Tree

PerformanceVector:
accuracy: 70.33%

ConfusionMatrix:

True: SPE SPARK CaB4 CAB4 HR SPC HR
SPGE 217 18 2% 41 21

SPARK: 30 158 <] 23 8

CAB4: 0 8 65 16 2

CAB4 HR: 18 9 6 366 6
SPC HR: 81 7 51 64 249

NN N.16 A Accuracy Decision tree Tae 1% number of folds 5 11a¥A1 Maximal Depth 5
HAYBINITHIUIEAT Accuracy YDAV Decision Tree 1814 number of folds #1 5 LA

U5uw1515m035 Maximal Depth 8¢ 5 Maximal Depth lawamiaugndeangi 70.33%
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weighted mean recall: 68.34%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 217 18 27 41 21

SPARK: 30 158 9 23 8

CaB4: 0 8 €5 16 2

CAB4 HR: 18 9 € 366 3
SPC HR: 81 7 51 64 249

MWA 0.17 A1 Recall Taals number of folds 5 1tazA1 Maximal Depth 5
NAUDINITNIUIIAT Recall YDIAUIU Decision Tree 10819 number of folds N1 5 1A

U5um131iiiaes Maximal Depth 8g7 5 Maximal Depth T@HaA1 Recall 9g71 68.34%

weighted mean precision: 70.63%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPC: 217 18 27 41 21

SPARK: 30 158 9 23 8

CAB4: 0 8 65 16 2

CAB4 HR: 18 g 6 366 6
SPC HR:_ 81 7 =k 64 249

AWA 018 A1 Precision 1a81% number of folds 5 1ta¥A1 Maximal Depth 5
NAYDINITNIUIBAT Precision VYDAV Decision Tree 1a81% number of folds N 5 1A

Y$UM13151m03 Maximal Depth ’0§J:ﬁ 5 Maximal Depth |@nann Precision ’Oiﬁ 70.63%
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[ a J { o a 4 {
1.7 Y5UN151301995 number of folds N1 5 uag YSunw151iinos MaximalDepth‘ﬁ 10

Maximal Depth

PerformanceVector:
accuracy: 82.73%

ConfusionMatrix:

True: SPC SPARK CaB4
SPC: 265 12 10
SPARK: 7 163 2
CaB4: 5 5 114
CaB4 HR: 19 15
SPC HR: 50 5 27

CAB4 HR SPC HR

17
7
15
S
17

11

4

]

454 17
245

N N.19 A1 Accuracy Decision tree Tae14 number of folds 5 1tazA1 Maximal Depth 10

HAUBINIHIUIEAT Accuracy YBIAVL Decision Tree 10819 number of folds 9 5 taz

@ a 4 1A 1 A
15uM15151m05 Maximal Depth 0471 10 Maximal Depth TaRan1n1ugnAet0gh 82.73%

weighted mean recall: 80.99%, weights: 1,

ConfusionMatrix:

True: SEG SPARK CaAB4
SPC: 265 12 10
SPARK: 7 163 2
CRB4: . 5 114
CAB4 HR: 19 15
SPC HR: 50 B 27

1,

1, 1, 1

CAB4 HR SPC HR

7
i
155
S
17

43
4

9
454
245

17

MWA .20 A1 Recall Taa1¥ number of folds 5 1tagfA1 Maximal Depth 10

NaUDINITNIUIYAT Recall YDA Decision Tree 1a8 1% number of folds 71 5 1A

YFum313i905 Maximal Depth ﬂﬁjﬁ 10 Maximal Depth |@wan Recall ’EJ§J:‘17I 80.99%
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weighted mean precision: 82.09%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 265 12 10 17 11

SPARK: 7 163 2 7 4

CrB4: 5 5 114 15 9

CAB4 HR: 19 15 5 454 17
SPC HR: 50 5 27 17 245

AN N.21 A1 Precision 1814 number of folds 5 1taLA1 Maximal Depth 10
NAVUBINITNIUIGAT Precision VBRI Decision Tree Iﬂ&lcl“]gf} number of folds T 58

Y$UM1310m93 Maximal Depth agjﬁ 10 Maximal Depth |@nann Precision ﬂéﬁ 82.09%

o a J 1 o a 4 {
1.8 USUN15101@ 035 number of folds 1 10 taz YSunwisiiaes MaximalDepthﬁ 5

Maximal Depth

PerformanceVector:
accuracy: 70.33%

ConfusionMatrix:

True: SH= SPARK CAB4 CAB4 HR SPC HR
SPC: 217 18 27 41 21

SPARK: 30 158 9 23 8

CAB4: 0 8 65 16 2

CAB4 HR: 18 6 366 6
SPC HR: 81 " Ol 64 249

MW .22 Accuracy Decision tree a9 number of folds 10 tiagA1 Maximal Depth 5
HAYBINITTUIEA Accuracy VBRI Decision Tree 1981% number of folds #1 10 A

o a 4 1A J 1A
U5M15171905 Maximal Depth 8§71 5 Maximal Depth lakan1n1ugnavIogh 70.33%



87

weighted mean recall: 6€8.34%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPC: 217 18 27 41 21

SPARK: 30 158 9 23 8

ChaB4: 0 8 65 16 2

CAB4 HR: 18 9 6 366 6
en~ un. o1 - £1 ca aan

AN 1.23 A1 Recall 1A 14 number of folds 10 agA1 Maximal Depth 5
NAUDINITVIUIEAT Recall YDA Decision Tree 10819 number of folds 71 10 1A

USum131iiies Maximal Depth 9g7i 5 Maximal Depth TaHaA1 Recall 9g#1 68.34%

weighted mean precision: 70.63%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPC: 217 18 27 41 21

SPARK: 30 158 9 23 8

CAB4: o] 8 65 16 2

CAB4 HR: 18 5 6 366 6
SPC HR: 81 7 8X 64 2499

WA 1.24 A1 Precision 198 1% number of folds 10 tiagA1 Maximal Depth 5
NAYDINTNIUIBA Precision Y9111 Decision Tree 10819 number of folds 91 10 (g

Y$um3139es Maximal Depth ?)QJ:ﬁ 5 Maximal Depth 1@was Precision ﬂﬁl:“ﬁ 70.63%
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Y a H o . P v
1.9 USUM19151003 number of folds M1 10 tag Usunis1iines MaximalDepth‘ﬁ 10

Maximal Depth

o

exformanceVector:
ace

curacy: 82.73%

ConfusionMactrix:

True: SEC SPARY CA24 CAB4 HR SPC HR
SPC: 265 12 10 17 i1

SPARK: 7 163 2 7 4

CAB4: S 5 114 18 2]

ChB4 HR: 18 15 5 454 17
SPC HR: 59O 5 27 17 245

MNA N.25 A Accuracy Decision tree Tag 19 number of folds 10 1A Maximal Depth 10

° 1 (Y o, Y {
WaUBINTITINIUIYAT Accuracy UDIAILUU Decision Tree Tae 1% number of folds 71 5 uag

@ a 4 1A 1 A
15uM15151m05 Maximal Depth 0¢#1 10 Maximal Depth lTaraf1n11ugnaetogi 82.73%

weighted mean recall: 30.99%, weights: 1,1, 1, 1, 1
ConfusionMatrix:

Tzue: SPC SPARK CAB4 CAB4 HR SPC HR

secC: 265 12 10 17 i1

SPARK: 7 13 2 7 4

CASS: - S 114 15 9

CAB4 HR: 19 is 5 454 17
SBEC HR: SO 5 27 17 245

AWA 0.26 A1 Recall 1a81% number of folds 10 1tazA1 Maximal Depth 10

NAUBINITNIUIEAT Recall YDI@LU Decision Tree a8 19 number of folds 71 5 1ay

Y$UM313m03 Maximal Depth E)gl:ﬁ 10 Maximal Depth |@nan Recall E]§J:°IT] 80.99%
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waighted mean precision: 82.09%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR

SeC 265 12 10 17 11

SPARK: 7 163 2 L

CAB4: 5 S 114 18 S

CaB4 HR: 1% 15 5 454 17
SPC HR: S0 S 27 17 245

{ ' .. v ' .
NN .27 A1 Precision 1A8 1% number of folds 10 ttazA1 Maximal Depth 10
o ' .. o .. P {
NAUDINTINIUIYAT Precision UDIAIILUY Decision Tree Taely number of folds 7 518

[ a 4 1A 1 1A
USUW11U903 Maximal Depth ’Ogﬁ 10 Maximal Depth |@nann Precision agﬁ 82.09%
2. HANINARBIVDIA MU Naive Bayes

v 9
2.1 MSUUNTDYALIY 70:30

WAN1SNAADIAT Accuracy , fi1 Recall 1A Precision Y9463 1A8iUY Naive Bayes 1ag

'Y
MILINUDY ALY 70:30

PezfozmanceVectozr:
accuracy: &60,89%
Confus:onMatrix:

Tzue: SPC SPARK CAD4 CAB4 HR 'SPC HR
SPC! 59 12 16 16 I9

SPARK: i3 37 0 7 0

CAB4: 4 2 12 1 6

CAB4 HR: 12 3 19 122 17
SPC HR: 16 3, G 7 44

NN N.28 A Accuracy Naive Bayes Iﬂﬂllﬂﬁﬁﬁjfmua 70:30
HAYBINTHIUIBAINIINYNADIVOIAIUUD Naive Bayes Taon1suiatoyauy 70:30

ldnaainnugnaotadh 60.89%



weighted mean recall: 54.97%,

ConfusionMatrix:
True: SPC SPARK
SPC: 59 12
SPARK: 13 37
CaB4: 4 2
CAB4 HR: 12
SPC HR: 16 1

CAB4
le

0

12

8
o

weights:

i, 1, 1, 1,

CaB4 HR SPC HR

16

10

19

0

6

122 17
44

NN 1.29 A1 Recall Naive Bayes Iﬂﬂll‘l_iﬁglj’é)is!ﬁ 70:30

1
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HAYDIN1TIIUIBAT Recall YDAV Naive Bayes 1agn1511adoyauuy 70:30 Tawa

1 Recall E]gﬁ 54.97%

weighted mean precision: 58.12%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR-SPC HR
SPC: 59 12 16 16 19

SPARK: 13 37 0 7 0

CAB4: 4 2 12 3

CaB4 HR: 12 8 10 122 17
SPC HR: 16 1 9 7 44

NN N.30 A1 Precision Naive Bayes Tﬂ&luﬂﬂ"ﬁlﬂya 70:30
HAYBIN1TH U8 Precision ¥DIAI1D Naive Bayes 108N 1511970 yauUD 70:30

"lGB]’WﬁﬂH Precision EJQJ:ﬁ 58.12%
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I
2.2 MSUUNTDYALLUY 75:25

WanN15NAADIAT Accuracy , fi1 Recall 1A Precision Y9462 1A8ILY Naive Bayes 1ag

msutedeyauY 75:25

PerformanceVector:
accuracy: 60.32%

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: 49 11 15 13 16

SPARK: 10 28 0 5 0

ChB4: 5 2 9 1 6

CAB4 HR: 10 8 9 102 12
SPC HR: 12 1 6 € 37

A7 N.31 A1 A1 Accuracy Naive Bayes lagiiiadoya 75:25
HAYDINITHIUIGAININYNADIVOIAILLY Naive Bayes 1agn 15110 yaluD 75:25

9 ! £Y 1 A
1@Wﬁﬂ1ﬂ31ﬂgﬂﬁ@ﬂﬂng603296

weighted mean recall: 53.70%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPG: 49 11 15 S 16

SPARK: 10 28 0 5 0

CAB4: 5 2 <] 1 6

CAB4 HR: 10 8 S 102 12
SPC HR: 12 1 & € 37

ANA N.32 A1 Recall Naive Bayes 1aguiiadoya 75:25
HAYDIN1THIUIBAT Recall Y09AUUD Naive Bayes Iaomsutisdoyauny 75:25 1dwna

A1 Recall 887 53.70%



weighted _mean precision: 56.68%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPC: 49 11 15 13 16

SPARK: 10 28 0 5 0

CaB4: 5 2 9 1 6

CaB4 HR: 10 8 9 102 12
SPC HR: 12 1 € € 37

92

ANA N.33 A1 Precision Naive Bayes 1agL1990ya 75:25
HAYDINITHIUIGA Precision YBIAIUL Naive Bayes 108N 15119001 75:25

"ls?fwafh Precision ﬂgﬁ 56.68%
v 9
2.3 ﬂ1§l,!,‘]J\3"lJ?JﬂJ"ﬁLL‘U°U 80:20

WAN1INAABIAT Accuracy , Ai1 Recall 1azA1 Precision U04A2 1A8LLLUL Naive Bayes 1ag

mmﬁﬁ’ayjmmu 80:20

PerformanceVector:

accuracy: 60.84%

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SBC: 56 ik 18 16 21

SPARK: 12 85 0 7 v}

CAB4: 5 2 11 1 6

CAB4 HR: 11 8 11 116 12
SPCYHRY 1S5 1 =) € 43

AT N.34 A1 A1 Accuracy Naive Bayes Tagiitiadoya 80:20
HAYBINTHIUIBAIAIINYNABIVOIAILUY Naive Bayes 1A8NITHLUNTOYALUY 80:20

9 ! EY =
]’lﬂwaﬂnlﬂfnﬂgﬂ@@\iﬂi.!ﬂ 60.84%
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weighted mean recall: 54.86%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK ChB4 CaB4 HR SPC HR
SPC: 56 11 18 16 21

SPARK: 12 35 0 7 0

CnB4: 5 2 11 1 6

CaB4 HR: 11 8 11 116 12
SPC HR: 15 1 5 6 43

H 1 T 9
7NN .35 A1 Recall Naive Bayes Iagu1iavoya 80:20
o ' (% v 9 Y 1
HAYDINITHIUIBA1 Recall YBIAILIUU Naive Bayes 100msHiiadoyan 80:20 lanan

Recall 8¢ 54.86%

weighted mean precision: 57.91%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK ChB4 CAB4 HR SPC HR

SPC 56 11 18 16 21

SPARK: 12 S5 0 7 0

CAB4: 5 2 11 1 €

CaB4 HR: 11 8 il 116 12
SPGEHRE 15 1 5 € 43

27 .36 A1 Precision Naive Bayes 1ngi11i9903a 80:20
HAYDINITHIUIBA Precision YIAIILIL Naive Bayes 1agnsuadoyatuy 80:20 laka

A1 Precision 81 57.91%
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[ 1 I a I'4 {
2.4 ﬂﬁumﬁﬁ’@yjauuu Cross Validation 1a8fA11/SUM15101083 number of folds 9 5

NaN13NAABAT Accuracy , Al Recall 11az 1 Precision Y9462 181U Naive Bayes

PerformanceVector:

accuracy: 62.20%

ConfusionMatrix:

True: SPC SPARK CnB4 CaB4 HR SPC HR
SPC: 206 43 46 44 74

SPARK: 29 121 0 27 0

CAB4: 27 3 39 5 7

CAB4 HR: 37 27 31 392 30
SPC HR: 47 6 42 42 175

{ 1 @ [ a o {
NN N.37 Accuracy Y94A34L11 Naive Bayes USUN1510A03 number of folds 9 5
o 1 @ £ Y = Y
HAYDINTITNIUIYAT Accuracy UBIR LT Naive Bayes Tae1% number of folds 91 5 lawa

1 Y u:‘
AININUYNABDIBYN 62.20%

weighted mean recall: 56.55%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: 206 43 46 44 74

SPARK: 29 121 0 27

CAB4: 27 3 39 5 7

CAB4 HR: 37 27 31 392 30
SPC HR?Y /47 5 42 42 175

{ 1 @ @ a 4 {
NN N.38 A1 Recall VIR Naive Bayes USUNI510A03 number of folds 91 5
o ! v . Y = Y !
HAUDINITNIUIYAT Recall UDIAILLDY Naive Bayes Tae1% number of folds 1 5 lanan

Recall 8¢ 56.55%
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weighted mean precision: 59.66%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 206 43 46 44 74

SPRRK: 29 121 0 27 0

CaB4: 27 3 39 5 7

CAB4 HR: 37 27 31 392 30
SPC HR: 47 6 42 42 175

{ 1 @ [ a 14 {
AINA N.39 A1 Precision VIR Naive Bayes USUWI1510A03 number of folds 9 5
° ' L o " L) s v
HAUDINTITNIUIYAT Precision UBIAILLUL Naive Bayes Tae1% number of folds 91 5 lawa

fiN Precision E]giﬁ 59.66%
[ 1 Y] a J {
2.5 ﬂ”ISL!,‘lNEISJ}?J‘Jg,mL‘U‘U Cross Validation 1a8A11)SUM1510t083 number of folds 7 10

PerformanceVector:

accurécy: ©62.20%

ConfusionMagrix:

True: SBC SPARY CAB4 CAB4 HR SPC HR
SPC: 206 43 S€ 44 74

SPARX: 26 121 o 27 (]

CAB4: 27 3 39 5 7

CAB4 HR: 37 27 31 392 30
SPC HR* 47 € 42 42 175

A 1 o o a J {
NN N.40 AT Accuracy VYBIAILUL Naive Bayes 15UW100F number of folds N 10
o . o = ] = Y
WAUDINITNIUIYAT Accuracy UDIAILLLY Naive Bayes Tag 1% number of folds 7 10 ldwa

1 Y ld‘
AINNUYNABDIBYN 62.20%

weighted mean recall: 56.55%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SEC SFARK CAB4 CAB4 HR SPC ER
SPC: 206 43 4¢€ 34 74

SPARK: 26 121 0 27 0

CAB4: 27 3 39 S 7

CAB4 HR: 37 27 31 392 30
SPC HR: 47 & 42 42 175

{ 1 5 [ a 4 {
A N.41 A1 Recall YDAV Naive Bayes USUNW15130005 number of folds 1 10
o ! (3 . Y = 9 '
HOUBDINITNIUIYAT Recall UBIAULUY Naive Bayes Tae1% number of folds A 10 l@wnas

Recall 8¢ 56.55%



96

weighted mean precision: 59,66%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CRB4 CAB4 HR SPC HR
SPC: 20€ 43 46 44 74

SPARK: 29 121 0 27 0

Cas4: 27 3 39 S

CAB4 HR: 37 27 31 392 30
SPC HR: 47 € 42 42 175

1 U @ [ a 4 {
NINA N.42 A1 Precision VIR Naive Bayes USUWI5101905 number of folds 91 10
HAVBINIMUIEAT Precision VBRI Naive Bayes 1a81% number of folds #1 10

1@wan1a1 Precision ﬂgiﬁ 59.66%
3. HANINADDIVBINIIMUY K- Nearest Neighbor
o "9
3.1 Tﬂﬂﬂmmwayjmmu 70:30

WAN1INATDY A1 Accuracy , i1 Recall 1aZf1 Precision Y9911 K- Nearest Neighbor

Tagmsutiadoyatui 70:30

PerformanceVector:
accuracy: 73.56%

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPC: 70 2 11 7 8

SPARKS, 45 45 2 S 0

CAB4: 1 3 19 2 <)

CAB4 HR 8 8 8 131 9
SPC HR: 20 2 A 8 13

AT N.43 A1 Accuracy YOIRMUD K- Nearest Neighbor 1981310y atny 70:30

HAYDINITTIUIEA Accuracy YDIAMUY K- Nearest Neighbor Tﬂﬂﬂﬁuﬁﬁ'@gauuu

70:30 lawamnnugnAosegi 73.56%
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weighted mean recall: 6€9.02%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPC: 70 2 11 7 8

SPRRK: 5 45 2 5 0

CAB4: 1 3 19 2 3

CAB4 HR: 8 8 8 131 9
SPC HR: 20 2 8 66

AINA .44 A1 Recall YOIAMLY K- Nearest Neighbor Iﬂﬂﬂiillﬂﬂ%@gallﬂﬂ 70:30
Wﬁﬂ]@\iﬂ1iﬁ1u1ﬂﬂ.1 Recall U99A714U1 K- Nearest Neighbor Tﬂﬂmmﬁa%’@y‘mmu 70:30
Y ' =
1Anan Recall 087 69.02%

weighted mean precision: 72.44%, weights: 1, 1, 1, 1, 1
ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPE: 70 2 11 7 8

SPARK: . 5 45 2 S 0

CAB4: 1 3 iz 2 3

CAB4 HR: 8 8 8 1S4 9
SPC HR: 20 2 ¥ 8 66

ANA N.45 A1 Precision VIRV K- Nearest Neighbor 1980 151113003aL0U 70:30

HAYDINITIIUIBA Precision YDA K- Nearest Neighbor 1Aagn 15111199 o3yaui

70:30 "lﬁ'wafh Precision EJEJ‘ﬁ 72.44%
3.2 MY oyauD 75:25

WAN1INATDY A1 Accuracy , i1 Recall 1AZA1 Precision Y991 K- Nearest Neighbor

Tasmsutiadoyatuy 75:25
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PerformanceVector:
accuracy: 71.05%

ConfusionMatrix:

True: SPC SPARK ChB4 CAB4 HR SPC HR
SPC: €0 2 6 € 6

SPRRK: 3 35 2 5 0

ChB4: 1 3 17 2 3

CAB4 HR: 13 10 8 109 18
SPC HR: 9 0 6 5 44

INA N.46 A1 Accuracy V9IAWUY K- Nearest Neighbor Tﬂﬂmmﬁﬂéﬂ’aymmu 75:25

o 1 (Z . v 9
HAVBINITNIUIYAT Accuracy VBIAIULUY K- Nearest Neighbor Iﬂﬂﬂ15ullﬂell@1quau°l_lll

75:25 lawamnugnAesegh 71.05%

weighted mean recall: 66.23%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4-HR SPC HR
SPC3 60 2 & 6 ©

SPARK: 3 35 2 5 0

CAB4: 1 3 17 7 3

CAB4 HR: 13 10 8 109 18
SPC HR: 9 0 ) 5 44

AT N.47 A1 Recall YDIAMIDY K- Nearest Neighbor 108 15uadoyatuy 75:25

HAYDIN1TIIUIBAT Recall Y9I K- Nearest Neighbor 1agnisuiadoyanuiy 75:25

ldwan Recall 047 66.23%

weighted mean precision: 71.18%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CRB4 CaB4 HR SPC HR
SPC: €0 2 € 6 €

SPARK: 3 35 2 5 0

ChB4: 1 3 17 2 3

CAB4 HR: 13 10 8 109 18
SPC HR: 9 0 € 5 44

AINA N.48 A1 Precision YBIAMILL K- Nearest Neighbor Tagnsuiisdoyatiuy 75:25
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HAVYDINITIIUIOAT Precision YDAV K- Nearest Neighbor Tﬂﬂmmﬁq%’eymmu

75:25 1A Precision 0 71.18%

v 9
3.3 MIUINYDY LU 80:20

WaN1INAADY AN Accuracy , A1 Recall 1A A1 Precision U99AILLUY K- Nearest Neighbor

Taonsunadoyanuy 80:20

PerformanceVector:
accuracy: 74.00%

ConfusionMatrix:

True: SPC SPARK CaB4
SPC: 50 1 5
SPARK: 2 28 0
CaB4: 1. 3 15
CAB4 HR: g ! ol
SPC HR# 9 1 7

CAB4 HR SPC HR

4 6

4 0

3 3

-, 85 4
(3 44

AINA N.49 A1 Accuracy V9IAUWUY K- Nearest Neighbor Tﬂﬂmmﬁﬂ%’agauuu 80:20

HAYDINITHIUIGAT Accuracy YDIA MUY K- Nearest Neighbor Tﬂﬂmmﬂq%’eyjmmu

80:20 lawan1nUgNARBI0EN 74.00%

weighted mean recall: 69.97%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SEC SPARK CAB4
SPC: 50 1 S
SPARK: 2 28 0
CAB4: 1 3 15
CAB4 HR: 7 7
SPC HR: 9 1 7

CAB4 HR SPC HR

4 3

4 0

3 3

5 85 4
6 44

AT N.50 A1 Recall YOIAMIDY K- Nearest Neighbor 10gn15laoyatiuy 80:20

HAYDINITH IR Recall ¥09AIUD K- Nearest Neighbor Tagn13uiadoyatiy 80:20

Idwan1 Recall 0g7 69.97%
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weighted mean precision: 72.50%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: 50 1 5 4 5

SPRARK: 2 28 4 0

ChB4: 3 15 3 3

CAB4 HR: 7 5 85 4
SPC HR: 9 1 5 44

AT N.51 A1 Precision Y04ALLL K- Nearest Neighbor Tﬂﬂﬂmnjﬁ’feagauuu 80:20

0 ' . o . VY
HWaUBINITNIUIYAN Precision UDIANILUY K- Nearest Neighbor Tﬂammmmagmmu

80:20 'l&Wan1 Precision 0g7 72.50%
] 1 9 a I'd 1
3.4 mnmﬁagmmu Cross Validation 1a8A11)SUM151019105 number of folds 9 5

WAN13NAA0IA1 Accuracy , i1 Recall 1821 Precision Y9962 1A811 U K- Nearest

Neighbor

PerformanceVector:
accuracy: 81.00%

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 251 10 10 17 19

SPARK: 14 166 16 0

ChB4: 5 (3 17 19 15

CAB4 HR: 2. 10 5 441 12
SPC HR: 49 8 24 tlg 240

{ 1 [ a J {
MW N.52 A1 Accuracy K- Nearest Neighbor U5UW5130005 number of folds 91 5

NAVYDINITINUIEAN Accuracy V9IAMILY K- Nearest Neighbor Ta8 1% number of folds 7

9 J £Y =
5 llﬂwaﬂnlﬂfnﬂgﬂ@@\‘lﬂgﬂ 81.00%
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weighted mean recall: 80.00%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 251 10 10 17 19

SPARK: 14 lée 2 16 0

CAB4: 5 6 117 19 15

CAB4 HR: 27 10 5 441 12
SPC HR: 49 8 24 17 240

NINA N.53 A1 Recall K- Nearest Neighbor UY5UM13151903 number of folds 7 5

o 1 @ . Y {
HAUDINITNIUIYAT Recall UDIAILULD K- Nearest Neighbor Tae1% number of folds 7 5

ldwan1a1 Recall og7 80.00%

weighted mean precision: 79.58%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 254, 10 10 I 19

SPARK: 14 166 2 16 0

CAB4: 5 (3 LT 19 15

CAB4 HR: 27 10 <) 441 12
SPC HR: /49 8 24 17 240

{ U [ a 4 Y
AN 1.54 A1 Precision K- Nearest Neighbor U51UW15131085 number of folds #1 5

HAUBININIUIOAT Precision YVOIAINUL K- Nearest Neighbor 1a814 number of folds #
9 1 1 . 1A
5 l@Was1e1 Precision 087 79.58%
1 U o Aa 4 {
3.5 M3ULNYOYAUUD Cross Validation 1a8A11)50M1511i1n05 number of folds 7 10
PerformanceVecrtor:

accuracy: $1.00%
ConfusionMatrix:

True: SeC SPARK CAB4 CAB4 HR SPC HR
SPC: 251 19 19 17 1%

SPARK: 14 1€6 2 16 o

CRB4: 5 € 117 19 18

CAB4 HR: 27 10 S 441 12
SPC HR: 49 & 24 17 240

{ 1 [ a J {
NN .55 A1 Accuracy K- Nearest Neighbor U5UW511005 number of folds 91 10
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HAUBINTIIUIEAT Accuracy YBIALVY K- Nearest Neighbor 1a8 14 number of folds #

kY ! £Y =
10 Vlﬂwaﬂ1ﬂ31ugﬂﬂ@\‘]ﬂgﬂ 81.00%

weighted mean recall: 80.00%,
ConfusionMatrix:

True: SEC SPARK CAB4
SpC: 251 10 10
SPARX: 14 188 2
CAB4: S € 117
CAB4 EHR: 27 10
SpC BR: 49 g 24

NINA N.56 A1 Recall K- Nearest Neighbor YSUM13151903 number of folds 7 10

weights:

Y

1 1
-y -~

HR

(&)

1

WAVYDINITIIUIEAT Recall UDIAIMUL K- Nearest Neighbor Tae 1% number of folds 71 10

lawas Recall og7 80.00%

weighted mean precision: 79.58%, weights: 1,

ConfusionMacrix:

Toue: SPC SPARX CAB4
SPC: 251 10 10
SPARX: 14 166 2
ChB4: 5 6 117
CAB49 HR: 27 10
SPC HR: 4% -3 <14

{ ! o A J H
AN 1.57 A1 Precision K- Nearest Neighbor 1511151310195 number of folds 110

L,

CAB49 HR SPC HR

17
16
15
-

17

18
0
15
331
240

o ' . (7 . 9y {
WAVDINITNIUIYA Precision UDIAILUY K- Nearest Neighbor Tae 1% number of folds 7

10 ldWaA1A1 Precision 047 79.58%
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4. HANSNAADIVDIN VY Random Forest
1 [y a 4 {
4.1 ﬂWiL!UQGi,IIEJlJ"ﬁLLUU 70:30 uazﬂiuwwmmei Maximal Depth ‘I?I 5 Maximal Depth

HANITNAADIA1 Accuracy , f1 Recall 1@z A1 Precision Y0962 1AL Random Forest

Taomsuisdeyauuy 70:30 TaorSuw1515imes Maximal Depth 8¢ 5 Maximal Depth

PerformanceVector:
accuracy: 71.78%

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPC: 67 7 13 14 8

SPARK: 4 44 1 7 1

ChB4: 0 5 18 4 2

CAB4 HR: 5 2 0 122 3
SPC HR: 27 2 15 € 72

ATNA n.58 A1 Accuracy Random Forest 1ag111/99034a 70:30 118% 5 Maximal Depth
HAYDIN13H1UI8A1 Accuracy YDAV Random forest 1ABLLITDYA 70:30 1AL 5

. ! Y 12
Maximal Depth laHafnugnAodegn 71.78%

weighted mean recall: 67.90%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CaAB4 HR SPC HR
SPC: 67 %; 13 14 8

SPARK: 4 44 1 < 1

ChB4: 0 = 18 4 2

ChB4 HR: 3 2 0 122 3
SPC HR: 27 2 15 6 72

77 1.59 A1 Recall Random Forest 1agu1i4903a 70:30 1182 5 Maximal Depth
HaYBIN15¥1 141871 Recall ¥9IA 21411 Random forest Tasniiadoya 70:30 uag s

Maximal Depth"lﬁjwaf"hﬁW Recall i’)ﬁjﬁ 67.90%
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[

weighted mean precision: 70.30%, weights: 1, 1, 1, 1,
ConfusionMatrix:
True: SPC SPARRK Cns4 CaB4 HR SPC HR

SPC 67 7 i3 14 8

SPARK: 4 44 1 7 Lk

CAB4: 0 S i8 4 2

CAB4 HR 6 2 0 122 3
SPC HR: 27 2 15 & 72

ATNA N.60 A1 Precision Random Forest 1A811119903ya 70:30 118¢ 5 Maximal Depth 5
NOUDINITNIUIYAT Precision YDIALLY Random forest Iﬂﬂuﬂ\i‘ﬂ}ﬂyja 70:30 LT 5

Maximal Depth 5'l@wan Precision ﬂgﬁ 70.30%
1 @ a 4 {
4.2 ﬂ15!,!,‘]J\‘1"f|}?JiJ”ﬁLL°U°U 70:30 !Lﬁ$ﬂﬁJW151NLGlﬁ]i Maximal Depth ‘ﬁ 10 Maximal Depth

WaN1SNABDIAT Accuracy , A1 Recall 1A A1 Precision U097 1AL UY Random Forest

T o ) J 1
Taomsutadoyauuy 70:30 1ael5ums1iimes Maximal Depth 0471 10 Maximal Depth

PerformanceVector:
accuracy: 77.33%

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPC: 64 1 5 5 2

SPARK: & 47 1 2 1

CaB4: 3 4 30 5 5

CAB4 HR: 11 4 133 6
SPC :HR: 20 - 7 g 74

ATNA N.61 A1 Accuracy Random forest 1981119903ya 70:30 14ag 10 Maximal Depth
HAVDINITTIUIEA Accuracy YDIAUY Random forest Tﬂﬂuﬂqsﬁ'au"a 70:30 LA 10

Maximal Depth lanaf1augnaoegin 77.33%
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weighted mean recall: 75.34%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CnB4 CaB4 HR SPC HR
SPC: €4 1 5 5 2

SPARK: 6 47 1 2 1

CaB4: 3 4 30 5 3

CaB4 HR: 11 6 4 133 €
SPC HR: 20 2 7 8 74

ATNA N.62 A1 Recall Random forest 1A8LLUDYA 70:30 1Az 10 Maximal Depth
HAYBIN13H1118A1 Recall Y9IAILUY Random forest 1n8111/9703@a 70:30 1az 10

Maximal Depth |@wan Recall ﬂgﬁ 75.34%

weighted mean precision: 76.41%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 64 1 5 5 2

SPARK: € 47 : | 2 1

CaB4: 3 4 30 5 3

CAB4 HR: 11 € 4 133 5
SPC HR: 20 2 gs 8 74

~ 1 @ a J {
NN 1.63 A1 Precision Random forest 1Ag15UN15131@85 Maximal depth 71 10
HAYDIN1ITHIUIBAT Precision YDIAILLUYD Random forest TaouLiadoya 70:30 ag 10
. D N o 1
Maximal Depth |@wan Precision 2gN 76.41%
1 [ a J {

4.3 Maudoyauyy 75:25 wazil5un1310Ae3 Maximal Depth i 5 Maximal Depth
NAN1INAADIAT Accuracy , Ai1 Recall 11aZ A1 Precision Y0462 1AL LY Random Forest

T @ ) J 1A
Tasmsutiadoyanuy 75:25 Tag1/5un151305 Maximal Depth 0¢#1 5 Maximal Depth



PerformanceVector:
accuracy: 72.92%

ConfusionMatrix:
True: SPC SPARK
SPC: 55 9
SPRRK: 4 33
CaB4: 0 5
CAB4 HR: 4

SPC HR: 23 2

27 .64 AN Accuracy Random forest 1A8M119903@ 75:25 11a% 5 Maximal Depth

CAB4

le

15

CAB4 HR SPC HR

7
2
3
0
10

3

1

1
105
63

106

o 1 (2 [
HAUDINITNIUIYAT Accuracy UDIRNILLUY Random forest I@]EJLLUQ"MHJ”’Q 75:25 Ll S

Maximal Depth I@nafiaugndongi 72.92%

weighted mean recall: €8.48%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:
True: SPC SPARK
SPC: o9 9
SPARK: 4 33
CAB4: 0 5
CAB4 HR: 4
SEHEEHER 2%

WA .65 A1 Recall Random forest TAgtedola 75:25 1Az 5 Maximal Depth

CAB4
7

i

16

1

15

O W N 20O

[
o

AB4 HR SPC HR

3

L

1
105
63

HAYOINITHIUIGAT Recall YOIA 1111 Random forest 1aguiadoya 75:25 uag s

Maximal Depth 1&nan Recall E]§J:‘ﬁ 68.48%

weighted mean precision: 72.21%, weights: 1, 1, 1, 1,

ConfusionMatrix:

True: SPC SPARK CaB4
SPC: 55 9 7
SPARK: 4 33 1
ChB4: 0 5 16
CAB4 HR: 4 1
SPC HR: 23 2 15

ATNA .66 AN Precision Recall Random forest Tngtitiedoya 75:25 118z 5 Maximal Depth

CAB4 HR SPC HR

7
2
3
0
10

1
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NAUBINITVIUIEA Precision Y099 24411 Random forest Tﬂﬂuﬁﬁ’@y’a 75:25 Qg 5

Maximal Depth |@wan Precision ’ﬂg‘ﬁ 72.21%
4.4 MIuavoyALLY 75:25 1azllSuUn1510iA03 Maximal Depth 71 10 Maximal Depth

WaN1SNABDBIAT Accuracy , A1 Recall LA A Precision U99A 2 1A8LLUY Random Forest

v o a 4 1A
Taomsuadoyanuy 75:25 1aed5uM1511imes5 Maximal Depth 0g#i 10 Maximal Depth

PerformanceVector:

accuracy: 79.36%

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPC: €0 1 5 7 3

SPARK 2 37 . 2 1

CAB4: < 4 25 4 2

CAB4 HR 5 5 2 112 3
SPC HR: 15 g 6 2 62

297 .67 A Accuracy Random forest 1A8M119903@ 75:25 11a2 10 Maximal Depth
HAYBINITHIUILAT Accuracy VORIV Random forest TAsiLad0Ya 75:25 1Az 10

Maximal Depth IdHan a2 1ugnAvIagn 79.36%

weighted mean recall: 76.68%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: 60 1 7 3

SPRARK: 2 37 2 1

CAB4: 3 4 25 4 2

CAB4 HR: 6 5 2 112 3
DM WD . 1c 2 = 2 =2

A7 .68 A1 Recall Random forest Tagtiiadioya 75:25 1az 10 Maximal Depth
HAYBIN139 111871 Recall ¥99A411D Random forest 1AL 990Ya 75:25 14ag 10

Maximal Depth 1@wan Recall ?JE‘J:‘?I 76.68%
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weighted mean precision: 77.75%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: €0 1 5 7 3

SPARK: 2 37 1 2 1

CAB4: 3 4 25 4 2

CAB4 HR: 5 2 112 3
SPC HR: 15 3 5 2 62

AN 1.69 A1 Precision Recall Random forest Tﬂﬂuﬁq%}'@ga 75:25 k6% 10 Maximal Depth

NAYDINITNIUIEAT Precision Y0491V Random forest T@ﬂuﬁﬁ'ayja 75:25 0% 10
. 9 1 .. ld'
Maximal Depth |@wan Precision 28N 77.75%

1 @ a 4 {
4.5 ﬂ15!,!,‘]J\‘1"fI}fJiJ"mL‘U°U 80:20 wazlSumsiimes Maximal Depth ‘17] 5 Maximal Depth

WAN1SNAADIAT Accuracy , A1 Recall 1Lag A1 Precision Y997 1A8IUY Random Forest

] Y a 4 !
Tagnsutetoyaluy 80:20 1azl5UM1511n05 Maximal Depth 91 5 Maximal Depth

PerxformanceVector:
accuracy: 72.33%

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPCE 48 5 6 4 =

SPARK: 4 24 1 pF 1

CaB4: 0 12 4 2

CAB4 HR: 4 4 d 85 3
SPC HR:<33 1 12 8 48

AT .70 A1 Accuracy Random forest 1ag1119903ya 80:20 t1az 5 Maximal Depth
HAYDIN13H1UI8A1 Accuracy YDAV Random forest 1A8ILIDYA 80:20 1AL 5

Maximal Depth ldnaainaugnaesegn 72.33%
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weighted mean recall: 66.92%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK ChB4 CaB4 HR SPC HR
SPC: 48 5 6 4 3

SPARK: 4 24 1 1 1

ChB4: 0 6 12 4 2

CAB4 HR: 4 4 1 85 3
SPC HR: 13 1 12 8 48

ATNA N.71 A1 Recall Random forest 1A8ILUDYA 80:20 1Az 5 Maximal Depth
HAYOIN1THIUIYAT Recall Y0IA 111U Random forest 1A8LUIVDY A 80:20 UAZ 5

Maximal Depth 1&nan Recall E]Qi‘ﬁ 66.92%

weighted mean precision: 69.26%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR
SPC: 48 5 6 - 3

SPARK: 4 24 3 1 1

CAB4: 0 6 12 4 2

CAB4 HR: 4 4 1l 85 3
SPC HR: 13 1 12 8 48

AT N.72 A1 Precision Recall Random forest 1a@i1iado1ya 80:20 11ag 5 Maximal Depth
HAUDINITHIUIOA Precision YBIAILLUU Random forest Taguatoya 80:20 uaz s

Maximal Depth |@wa Precision EJQJ:ﬁ 69.26%
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1 @ a 4 {
4.6 ﬂ?il!ﬂﬂ‘i,ll@l]"ﬂllﬂﬂ 80:20 1taz 15U 13m0 Maximal Depth 1 10 Maximal Depth

HANINAQDIA Accuracy , f1 Recall 1Az Precision Y9972 1A81UY Random Forest
] o a o {
Iﬂﬂmilmﬂﬁlﬁfﬁ]y‘almu 80:20 LazdSUNT1UAOT Maximal Depth 1 5 Maximal Depth

accuracy: 82.67%

ConfusionMatrix:

True: SPC SPARK CaB4 CaB4 HR SPC HR
SPC: 54 0 1 1 2

SPARK: 1 27 0 1 1

CaB4: 1 5 23 4 2

CAB4 HR: 6 7 2 94 2
SPC HR: 7 1 6 2 50

MU N.73 M Accuracy Random forest Tﬂﬁl!!,‘]j\i"fl}’é)ﬂalja 80:20 i8g 10 Maximal Depth
HAVDINITNIUIDAT Accuracy VYDIA MUY Random forest Tﬂauﬂq%y’a 80:20 LA 10

Maximal Depth ldnasinaugnaesegn 82.67%

weighted mean recall: 79.50%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPC: 54 0 1 ik 2

SPARK: 1 27 0 1 1

CAB4: 1 5 23 4 2

CAB4 HR: 6 7 2 94 2
SPC HR: 7 1 (3 2 50

ATNA N.74 A1 Recall Random forest 1ABLLUDYA 80:20 1Az 5 Maximal Depth
HAYIN1591118A1 Recall Y9911 D Random forest 1ABLIIYDYA 80:20 1AY 10

Maximal Depth 1@wan Recall i’]fj‘ﬁ 79.50%
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weighted mean precision: 81.85%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 54 0 1 1 2

SPARK: 1 27 0 1 1

CAB4: 1 5 23 4 2

CAB4 HR: 6 7 2 94 2
SPC HR: 7 1 6 2 50

{ ' . 19 .
A 1.75 A1 Precision Recall Random forest Tﬂmmwega 80:20 Lia¥ 10 Maximal Depth
o J .. @ v 9
HAUDINITNIUIYA Precision UDIAILUD Random forest Tﬂmmway’a 80:20 Line 10

Maximal Depth |@wa Precision ﬂg‘ﬁ 81.85%

v 9 - = 1 [ a 4 y
4.7 MIUUITDYALUY Cross Validation TasamlSuwisiuwes number of folds f 5

Y$UM310m93 Maximal Depth # 5 Maximal Depth

WAN1SNAABIAT Accuracy , fil Recall 11ag A1 Precision U096 lAaitll Random forest

PerformanceVector:
accuracy: 74.73%

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPC: 232 26 25 16 16

SPARK: 11 151 2 11 0

CAB4: 3 7 72 15 2

CAB4 HR: 21 9 2 410 12
SPC HR: 81 7 57 58 256

AINA N.76 A Accuracy Random forest Taa14 number of folds 5 Maximal Depth 5

HAYDINTHIUIEAT Accuracy UBSAILY Random forest 1819 number of folds A 5 Lo

1511 Maximal Depth 9 5 l@nan1nnugnAoIgn 74.73%
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weighted mean recall: 71.60%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 232 26 25 16 16

SPARK: 11 151 2 11 0

CaB4: 1 7 72 15 2

CAB4 HR: 21 9 2 410 12
SPC HR: 81 7 57 58 256

WA 0.77 A Recall Random forest 1a8 14 number of folds 5 Maximal Depth 5

NAUDINITVIUIEAT Recall ¥BIAIUYU Random forest 1aa 14 number of folds 71 5 1A

1/51A1 Maximal Depth 15 Tawan Recall ﬂgiﬁ 71.60%

weighted mean precision: 76.05%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CAB4 CaB4 HR SPC HR
SPC: 232 26 2 16 16

SPARK: 11 151 2 31 0

CAB4: 1 7 72 15 2

CAB4 HR: 21 S 2 410 12
SPC HR: 81 7 57 58 256

WA 0.78 A1 Precision Random forest 1A81% number of folds 5 Maximal Depth 5

NAYDINITNIUIEAT Precision U961 Random forest 10819 number of folds 1 5 tag

15071 Maximal Depth 71 5 1AHafA1 Precision 887 76.05%
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1 1 Y] a J 1
4.8 mmmsﬁj’aymmu Cross Validation 1a8A11/SUN151019935 number of folds 7 5 1Ay

Y$UM313905 Maximal Depth 1 10 Maximal Depth

PerformanceVector:
accuracy: 84.13%

ConfusionMatrix:

True: SPC SPARK CRB4 CAB4 HR SPC HR
SPC: 265 10 € 14 10

SPARK: 4 167 2 € 0

ChB4: 7 5 115 11 8

CRAB4 HR: 21 13 7 460 13
SPC HR: 49 5 28 19 255

INA N.79 A1 Accuracy Random forest Taa1% number of folds 5 Maximal Depth 10

0 ' @ 9y {
HaUBINITNIUIYAT Accuracy YDIAILUU Random forest Taol% number of folds 91 suae

1/5uA1 Maximal Depth 0 10 ldwamanugndetegn s4.13%

weighted mean recall: 82.45%, weights: 1, 1, 1, 1, 1
ConfusionMatrix:

TEne: SEC SPARK CAB4 CaB4 HR SPC HR
SPC: 265 10 6 14 10

SPARK: 4 167 2 6 0

CaB4: 7 =) 115 11 8

CAB4 HR: 21 13 7 460 13
SPC HRE: /99 =) 28 19 255

AWA .80 AN Recall Random forest 18719 number of folds 5 Maximal Depth 10

NAVYDINITNIUIEAT Recall Y9611 Random forest 10819 number of folds 71 5 1awa

11az1)31UA1 Maximal Depth 91 10 A1 Recall 9§ 82.45%

AWA .81 AN Precision Random forest 1A81% number of folds 5 Maximal Depth 10
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weighted mean precision: 84.01%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK ChB4 CaB4 HR SPC HR
SPC: 265 10 6 14 10

SPARK: 4 167 2 6 0

CaB4: 7 5 115 11 8

CAB4 HR: 21 13 7 460 13
SPC HR: 49 5 28 19 255

NATDINTVIUIEAT Precision U991 Random forest 1a8 19 number of folds 1 5 uag

1/50A1 Maximal Depth # 10 'ldwan Precision E)gﬁ 84.01%

] 1 [ a 4 {
4.9 MIUUITOYALVY Cross Validation 1aeA11SUN15131A03 number of folds A 10 1Ay

Y$um313905 Maximal Depth 1 5 Maximal Depth

PerformanceVegtox:

accuracy: 74.73%

ConfusionMatrixs

True: SPC SPARK CAB4 CABs HR SPC HR
SPC: 232 2é 25 1¢ 16

SPARK: 11 151 2 11

CHB4: 1 7 72 iS5 2

CAB4 HR: 21 9 2 410 12
SPC HR: 81 7 S7 58 256

MNA N.82 M Accuracy Random forest Tag14% number of folds 10 Maximal Depth 5

HAYDIN1T1IUIAT Accuracy YBIAIILLY Random forest 1a8 14 number of folds 11 10

[ 1 . d' 9 1 Y |d'
1az1/5ua1 Maximal Depth 1 5 1@Wﬁﬂ1ﬂ’!1ngﬂ@]ﬂﬂﬂg'ﬂ 74.73%

weighted mean recall: 71.60%, weights: 1, 1, 1, 1, 1
ConfusionMatrix:

True: SPC SPARK CAB4 CAB4 HR SPC HR

SEC: 232 26 25 1é 1¢é

SPARK: 11 151 2 11 0

CABs: 1 7 72 15 2

CAB4 HR: 21 ) 2 410 12
SPC HR: 81 7 57 58 256

M .83 A1 Recall Random forest 108149 number of folds 10 Maximal Depth 5
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NAYBINITIIUIEAT Recall YDIAIUY Random forest Tae 14 number of folds 91 10 1@

15071 Maximal Depth 71 5 14HaA1 Recall 0 71.60%

weighted mean precision: 76.05%, weights: 1, 1, 1, 1, 1
ConfusionMacrix:

Tzue: SPC SPARK CABS CAB4 HR SPC HR
SPC: 232 26 25 16 16

SPARK: 11 151 2 11 0

CaB4: 1 7 72 18 2

CAB<4 HR: 21 ] 2 410 12
SPC HR: 81 57 58 256

ANA 0.84 A1 Precision Random forest 1A% number of folds 10 Maximal Depth 5

NaUDINITNIUIYAT Precision YDIAIUY Random forest 10819 number of folds 1 10

1az1l5ua1 Maximal Depth 5 'lawan Precision i’)g“ﬁ 76.05%

1 1 o a J {
4.10 M3LeToYALV Cross Validation 198A15UN15101AD3 number of folds 1 10 Ay

Y3UM1513903 Maximal Depth A1 10 Maximal Depth

FexrformanceVectox:
acgcuracy: 54.13%

PC SPARX

Txue: S CABs CABS HR SPC HR
SPC: 265 10 © '3 | i0

SPARK: 4 187 2 6 ¢

CAB4: 7 S 118 i1 8

CAB4 HR 21 13 7 460 13
SPC HR: 49 S 2€ 19 255

NN N.85 A1 Accuracy Random forest Tae 1% number of folds 10 Maximal Depth 10

HAYDIMTIIUIEAT Accuracy UYBIAILDY Random forest 1a814 number of folds #i 10

[ 1 . d' 9 1 Y |d'
1az1/5ua1 Maximal Depth M1 10 "lﬂwammmgﬂmmgw 84.13%
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weighted mean recall: 82.45%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 265 10 3 14 10

SPARK: 4 167 2 6 0

CAB4: 7 5 115 11 8

CAB4 HR: 21 13 7 460 13
SPC HR: 49 5 28 19 255

WA 0.86 A1 Recall Random forest 1a814 number of folds 10 Maximal Depth 10

NATDINTVNUIEAT Recall Y9961 Random forest 1814 number of folds 71 10 lawa

11921/50A1 Maximal Depth 71 10 f1 Recall 087 82.45%

weighted mean precision: 84.01%, weights: 1, 1, 1, 1, 1

ConfusionMatrix:

True: SPC SPARK CaB4 CAB4 HR SPC HR
SPC: 265 10 6 14 10

SPARK: 4 167 2 6 0

CAB4: 7 5 115 11 8

CAB4 HR: 21 13 g 460 13
SPC HR: 49 5 28 19 255

AN .87 A1 Precision Random forest 1A81% number of folds 5 Maximal Depth 10

NATDINTVUIEA Precision Y0V Random forest 1aa 14 number of folds 71 10

naz1iua1 Maximal Depth #1 10 ldWan Precision ’Oiﬁ 84.01%
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