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ABSTRACT

The objective of this research is to develop a method for fraud detection model in
imbalanced data using dimension reduction combined with machine learning algorithms for fraud
detection and finding the relationship of irregular transaction groups. In order to prevent damage
from fraudulent transactions in electronic commerce systems. The results of the experiment when
testing the model performance with accuracy found the model that uses the Extreme Gradient
Boosting algorithm gives the highest accuracy of 98.15%, followed by a model that uses Deep
Learning gives the accuracy 92.42% respectively. From the experiment, it was found that the

developed model resulted in the algorithm having the ability to more effectively.
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M33eu3v0UN309M 33 MUN5ZIAN (Machine Learning Classifier)
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P (2 8y, 1v,) =[ [ P(a, V)

P(a [v))
P(v;)
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Tagh I1 viunede waguuosn P(a, lv,) fenuAi=123,...n182j=123,...n
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Ve =argmax P(v,)x] [ P(a |v;)
1

VeV i=
£
Mndeyamsaumuia awnsamuumsaumuila laaell auuadeIn1sngw
U ANINBINIA Outlook=Sunny, Temperature=Cool, Humidity=High, Wind=Strong uarziau

a ] o a3 T ] I a v v o 1
muuﬁﬁahlu? ﬂ'l@]'é)ﬂﬂﬁ’f] “no” LW‘ﬂzmmmmummﬂuiumimﬂ no U1NNIT yes ANFIBYN

vy =argmax P(v, )P(Outlook = sunny | v, )P(Temp = cool | v,)

v, e[ yer.na]
P(Humidity = high | v, )P(Wind = strong |v,)
P(PlavTennis = yes)=9/14=0.64
P(PlayTennis =no)=5/14=0.36
P(Wind = strong | PlavTennis = ves)=3/9=0.33
P(Wind = strong | PlayTennis = no)=3/5=0.60

P(ves)P(sunny | ves)P(cool | ves)P(high| ves)P(strong | ves)=0.0053
P(no)P(sunnv | no)P(cool | no)P(high | no)P(strong | no) = 0.0206

= answer : PlayTennis(x) = no
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2. Muuuwaduitenai (Generalized Linear Model)
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A ] c’dy [ . .
miu%ﬂumﬂﬂﬂuiﬂﬁwmm (Exponential Family)

AFLANLLY AaulsUsIu

Normal 1

Poisson x

Gamma X2

- x(1=x)

Binomial 4 ) o &
LEAMUIUNINAEDUNINY 1 AT

Inverse Gaussian x3

d a A .. .
3. MAATIzrimsonasaladann (Logistic Regression)
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4. M3IYUIBIAN (Deep Learning)
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8. 1AtHEsaUes (K-Nearest Neighbor)

PO A0S (K-Nearest Neighbor) (Witten, et al., 2005; Han and Kamber, 2006)
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d 9
9. InssvnsdszamisuneSsnseunuuvia1e¥yu (Multi-Layer Perceptron Neural

Networks)
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Algorithm 2 Gradient boosting.

let Fy be a “dummy” constant model
form=1,....M
for each pair (x;,;) in the training set
compute the pseudo-residual R(y;, Fu-1(xi)) = negative gradient of the loss
train a regression sub-model h,, on the pseudo-residuals
add iy, to the ensemble: Fy(x) = Fy—1(x) 4 1 - I (x)
return the ensemble Fyy
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ﬁi?ﬂﬁﬂﬂﬂi}i’)yaﬂﬂuﬂﬁ?}miwﬁ Wan WU’E)%Jaﬂﬁjﬂiﬁﬂuﬁh(omlier) 20NNDU NUUNING
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9 . 9 am 4 4 . . o 1
LLTJEN"UBiaIla (Data Transformation) #2835 sussuoa ladk (Normalization) 1101511 a9a1

9 Y ' 5 9 a g ' A d Y a 1A PR '
doyalioglugrsdus TasunlasdoyasudunnsreiiuliIdauvosmduna Tdiluris
9 |d' o dy YA d' LY [ 9 1 d'
doyalninimuavuliiamnanminu Tasnsdsunsnizaeveddoya uazanieauny
¥IAT§1U (Z-Score Normalization) 1182997101515 01 j9gad0yanqua210619909n13
A329AOUNITNITA NI AUAAAI8IDNITFUAI0619 (Sampling Methods) TAeIB5N15 Over-
. o v 9 ' A y_ 9 ' ' YA o A 2
sampling 37N Iguiayalunguseunoad wioyalviveinguiod 1HLTIIUALNINAYY
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v 9 A [ = 9 ) . . = Y v a R
AUVUATOIVNTNITLTUIHUVUNARAY (Supervised Learning) “]N‘lJﬁZﬂ'ﬂ‘Uﬂ'JfJ 0aNdINY 1. 1U
= 7 . o a Y o o . A a o
aning (Naive Bayes) 2. Fruuumruduiionaly (Generalized Linear Model) 3. N1 UATICH
N a . . . ) Y a =K . Y 9
n1sonnoalavaan (Logistic Regression) 4. N13158U 315900 (Deep Learning) 5. fu'l
v A o 4 J
aaauls (Decision Tree) 6. usuaoNosa (Random Forest) 7. FWNOTNIINADT LYY U
4 ]
(Support Vector Machine) 8. iilatsaiuiues (K-Nearest Neighbor) 9. 1aseu181szaininey
¢ g g 2
nosasouLUURaITY (Multi-Layer Perceptron Neural Networks) 10. mﬂ«wﬁmmgﬁﬂuw
Q” [ a g’,z 1 a o o
@4 (Extreme Gradient Boosting) Tagdanes iunavua ldamnsiiimesuasgruunihmsiond

udriinsnageufSoumeulszansnmueuusand N15UTSNUANUAINITOUD
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(Accuracy) A1 F-Measure A1A 144N U T (Precision) ATeNnNaY (Recall) i1 ROC curve
(Receiver Operating Characteristic Curve) tazifassaiuarlunmsyseuiana (Runtime) Iag
o ° Y  ax a o . . 2 3 amxa g
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Over sampling
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~
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a a 4 R g 9 W Aao a 1Y a d A
aaanseladvuialvy Fuilugiudeyauiasgruveananidsuniineraounanosiie
FIUALD 1N (University of California San Diego :UCSD) Transaction Fraud Detection Dataset

Y LY .. 2 Ao o Aq Y a 4
wagzlelun15u9da9191n Data Mining Contest B3N 1UIUAManbaz N 1¥Iun1s A 1EH
Y
NruA 16 Au1ls T1UIUIIBNININY 97,346 5ziDoU TagiIN1TNAADINITAARUANHUE

[ [ Y L4 4 Aana 1 4

Tagld A1nudNWUT (Correlation) 1oanlAvedoyandrdudInisEouivounsos

. . [l 9 =) 4 . @ a 9 @
(Machine Learning) Y521an6199) Usznouale 1udniud (Naive Bayes) @lUUITUTUNY
] a 4 a A
14 (Generalized Linear Model) N153A51LHNISDNDD8 1avdAn (Logistic Regression) N3
ﬁﬂuil%ﬂﬁﬂ (Deep Learning) du'lidaauls (Decision Tree) usuaeuosa (Random Forest)
[ 4 4
c]fwwaim’mmaim ¥AHU (Support Vector Machine) el a e (K-Nearest Neighbor)

1 I'd gﬂ
Tasssdszammeunoiwasoununalosu (Multi-Layer Perceptron Neural Networks)
< 4 Qy o A,
BNFNTUNUAGUYNAT (Extreme Gradient Boosting) 1az#i1n15naao U835 10-fold cross

Y
validation 130a31UNaNIINATDI ALl

[uke]
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amourt flags fieldt field4 flagl indicator2 flag3 flag2 hourt zipl

[
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[ sol o [y 4 . 1 Y
Mndseney 18 AMINANNTUNUS (Correlation) vouunazawls
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Attributes amount class =.. field1 field2 field3 field4 flag1 flag2
amaount 1 0.3756 -0.295 -0.011 -0.051 0114 -0.083 -0.018
class ='notfraud”  0.375 1 -0.233 0.056 -0.021 0.154 -0.118 0.082
field1 -0.295 -0.233 1 0.077 0.069 -0.035 -0.089 0.130
field2 -0.011 0.056 0.077 1 0.034 0.059 -0.117 0.052
field3 -0.051 -0.021 0.069 0.034 1 n.008 0.075 -0.049
field4 0.114 0.154 -0.035 0.059 0.008 1 -0.396 0.020
flag1 -0.083 -0.118 -0.099 -0.117 0.075 -0.396 1 -0.112
flag2 -0.018 0.082 0.130 0.052 -0.049 0.020 -0.112 1
flag3 -0.138 -0.102 0.194 0.028 -0.040 -0.007 -0.084 0.504
flag4 0.008 0.003 -0.015 -0.016 -0.053 -0.086 0.105 -0.047
flags -0.396 -0.351 0.368 0.080 -0.027 -0.110 -0.158 0.257
hourt 0.058 0.062 -0.046 0.012 0.013 0.018 -0.018 -0.035
indicatort -0.045 -0.052 0.006 0.009 0.150 -0.024 0.028 0.002
indicator2 -0.078 -0.102 0.087 -0.008 -0.034 -0.048 0.024 0.018
zip1 -0.048 -0.063 0.071 -0.034 -0.023 -0.025 0.026 -0.008
field3 field4 flag1 flag2 flag3 flagd flags hourt indicato... indicator2
-0.051 0114 -0.083 -0.018 -0.138 0.006 -0.396 0.058 -0.045 -0.078
-0.021 0.154 -0.118 0.082 -0.102 0.003 -0.351 0.062 -0.052 -0.102
0.069 -0.035 -0.099 0.130 0.184 -0.015 0.368 -0.045 0.006 0.087
0.034 0.059 -0.117 0.052 0.028 -0.016 0.080 0.012 0.009 -0.008
1 0.008 0.075 -0.049 -0.040 -0.053 -0.027 0.013 0.150 -0.034
0.008 1 -0.396 0.020 -0.007 -0.086 -0.110 0.018 -0.024 -0.048
0.075 -0.396 1 -0.112 -0.084 0.105 -0.158 -0.018 0.028 0.024
-0.049 0.020 -0.112 1 0.504 -0.047 0.257 -0.035 0.002 0.018
-0.040 -0.007 -0.084 0.504 1 -0.043 0.319 -0.046 -0.009 0.035
-0.053 -0.086 0.105 -0.047 -0.043 1 -0.033 -0.003 -0.012 0.007
-0.027 -0.110 -0.158 0.257 0.319 -0.033 1 -0.087 0.041 0.123
0.013 0.018 -0.018 -0.035 -0.046 -0.003 -0.087 1 0.008 -0.019
0.150 -0.024 0.028 0.002 -0.009 -0.012 0.041 0.008 1 -0.062
-0.024 -0.048 0.024 0.018 0.035 0.007 0.123 -0.019 -0.062 1
-0.023 -0.025 0.026 -0.008 0.006 -0.016 0.050 0.042 0.075 0.007

a L4 @ Y4
NNU5ENBY 19 MTLFAVUNT NFAHFUNUT (Correlation Matrix)
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higugalagldimaiinnisandadoyasiununisiseuiveunios Tagiinsgualoo

q
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(Sampling Methods) Tagn1si@enduisninngualed1e Iagneiemiliauiznidenun
v g I o { 1w 1 g o 1 v g
mani udumuiavengualedanua Taginisaenuuugy (Random) HAIINUY

1 aa @ v J [ @ 4 Aan
HIAMNTADAANUAUNUSD (Correlation Based Feature Selection) ) senIndmlsme ldaniinvea

9 1
Yoya n
o a K
anaIn

pududuATo99NIN15eUT U VTNAIMAY (Supervised Learning) U5z noua10
~ 4 @ a Y v o . .

U 1. woniug (Naive Bayes) 2. Q3L UL wilena 1l (Generalized Linear Model) 3.

MANTIZHN1T0An0eTadaAn (Logistic Regression) 4. N1350U139an (Deep Learning) 5.

Y Yo a .. @ 4 14 ~

auldfdaauls (Decision Tree) 6. t3UABNNOI5E (Random Forest) 7. FWNDTNLINAOTUNYFU

(Support Vector Machine) 8. 111815111103 (K-Nearest Neighbor) 9. 139918 ss e
¢ ) g 7

NOSIBEWATOULUUNAIEFY (Multi-Layer Perceptron Neural Networks) 10. mﬂ«m‘%umgﬁauyw

Yy

¢4 (Extreme Gradient Boosting) Iﬂﬂ‘ﬂ1ﬂ153ﬂﬂ3$ﬁ1’]‘ﬁﬂWWiﬂﬂﬂWﬂ’ﬂllQﬂﬁsl}fN (Accuracy)

ansoaglluudazylszdula

Comparison between Algorithms in terms of the Accuracy
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Accuracy
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Naive Generalize Logistic Deep Decision Random Support K-Nearest | Multi-layer Extreme
Bayes d Linear Regression Learning Tree Forest Vector Neighbor | perceptron | Gradient
Mode| Machine Boosting
| BAccuracy|  72.96% T4.57% T457% 924%% B5.82% TB.84% B0.1%% BO.64% BB.88% 98.15%

amisznov 20 niwlfSeuienlsz@nTnmaunnugnaesveaazdanes iy
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[ Aa K d' Y a a o a o [} 9 d‘ (]
6ﬁﬂ@iﬂhﬂ1ﬂﬂi$ﬁ‘ﬂ‘ﬁﬂ17‘lﬂﬁ%Hluﬂﬂ"ﬁ@ﬁ?fﬂﬁﬂ‘ﬂﬂﬁnﬁ]iﬂff"l‘lriﬁ‘iﬂl@ll“aﬂ"lllﬁhﬂﬁiﬂﬂ
aa y 1 o ~ 9

Tdmaiiamsaadadoyaiiunumsisouivouniosesnuianga weiliseuieunnisns

A A a a A 1 Y a A A A @ a R
DU LLﬁ$Lll@W‘ﬂﬁﬂl1ﬂ1W1313JL@I’t’)'i‘VI?NINﬁGlﬁﬂizﬁﬂ‘ﬁﬂWWﬂJﬂ\‘thmaﬂﬂ’Gjﬂ 19 9NDINY

Y
a

3 7 A A . . ] Y} A A
OAFNTUNUAIUYNAI (Extreme Gradient Boosting) Glﬂﬂm’nugﬂﬁﬂﬂ (Accuracy) gaNgAND
I [ a =R =\ Y a XK . Y 9

98.15 % 59403u 1T UANBINUMIITEUFIFIAN (Deep Learning)  1HAINNNYNADL 92.42%

[ a 4 . 1 [ a

ganosNutATlesauUes (K-Nearest Neighbor) 197102109 n@0Y 89.64% 0anosily
. ¢ 3 .

Taseviedseanniounosasounuunalosuy (Multi-Layer Perceptron Neural Networks)

Ida1nwgndes 88.88% oanosnudulddaduly (Decision Tree) 1A MgNADY

[ 4 14 1

85.82% FWWOSNIINIADSUNTFU (Support Vector Machine) 16 A 1219 nAD I 80.12%

daneo3Nuusuaouose (Random Forest) 1HAIAIUYNADY 78.84% AN NNAMLULTA
Y] < o a a 4 a a

1§ 1178011 (Generalized Linear Model) 1ag8ana3nuni1snsizinisanooslasaan
.. . Y Y oA Y a = a @ .

(Logistic Regression) 11f1AU9NADUMINUTN 74.57 % tazganedanas nuianiug (Naive

Y1 Yy Y A o w
Bayes) Gl?i’ﬂ']ﬂ’ﬂﬂgﬂ@]f]ﬂl!ﬂﬂ“l/lt:fﬂ 72.96 % AUAADY

Comparison between Algorithms in terms of the Standard Deviation

1.60%

A
- [\
[\
[\

/ \ AN
0.40% 035%
021% 0.24% \/
0.20% o c'21;’{’_.—-—-—-—------....._,__ / 0.25% \
: =017% \
0.07%

0.00%

Naive Bayes Generalized Logistic Deep Learning  Decision Tree  Random Forest SupportVector  K-Nearest Multi-layer Extreme

Linear Model Regression Machine Neighbor perceptron Gradient

Boosting

amlsznou 21 nswinlSeufeuanlownunasguvesaazoanos nu
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A a = v Y ! = . . !
LiJE]WﬁﬂimTﬂﬂﬂﬂ%fJﬂ"ll‘!ﬂH‘UENLUHEJ'W]S;‘QTH (Standard Deviation) "’UfNIﬂJLﬂﬁ WU

v a R <3 J = = £ . . Y1 A 9
aNvINY ONFNTUNUAIUYNA (Extreme Gradient Boosting) Glmmmmmummgmuaﬂ

Do

=

I o Aa KR = 4 . o Aa KR o Aa 9 o
Nga A0 0.1% 399031 udano I NUILBNIUE (Naive Bayes) 9an03 NUAMUUIFIUTUNY
1211 (Generalized Linear Model) 8an03fun1353tA51z¥n150anosladaan (Logistic
. @ Aa K =} ya K . o a9 Yo A ..
Regression) 9aN0INUNITLI8UIIFIAN (Deep Learning) ganesnuau lddadule (Decision
Y ~ 1T v A [ I o a SR ~ 4
Tree) IRANDBUUUNIATTIUMINUAD 0.2% oa lhiludanes Numdiosaunes (K-Nearest
Neighbor) T¥AuToauuuInTgIU 0.3% dane3AuuIuadNNoITe (Random Forest) 1111
{ o a 1 14 3’/
WeuuunI§IL 0.4% oanosnuInssiisdszamiiouwossasounuuvalosy (Muli-
VoA o 2 s
Layer Perceptron Neural Networks) °lﬁ'mlﬁmmummgm 0.5% Lmzqﬂﬁﬁwwmwnﬂmai

UNBHU (Support Vector Machine) THandisauuinasgiugangano 1.4%

Comparison between Algorithms in terms of the Precision

mnszneu 22 asmnlSeuiendseansanduanuuiue (Precision)

Werhmsnaaeulsza@niamvesluaa MsswunmMiasIvdeumMsnIsadmsudoyan

1 [

] 9 a aa 9y ~ 9 dl Y 1 o
]’lﬂJ’ﬁﬂJﬂﬁTﬂElcl‘iflﬂﬂillﬂﬂ'ﬁaﬂﬂ@]‘llﬂﬂa!aﬁiﬂﬂﬂﬂ'li!iflugall’ﬂ\?l,ﬂi@ﬂ Tuaruanuuuud
=

. oA Qo . v D ! 9 o v 4 S
(Precision) ﬂa’nﬂﬂlﬂu@ﬁ31ﬁ3um@ﬂﬂ1§ﬂu7‘lﬂﬂﬂyjaﬂﬂﬂﬁ’f)\?ﬂ'lﬂﬂ'lujuellﬂuaﬂ\iﬁwﬂﬂﬂ'lﬂ'l'i

Y Y 1 [ a Y Yo Aa .. Y 1 ) {
AuAuuld wuai danosiuauli¥aaduly (Decision Tree) THAMMMILINEG gahgafo

< @ At a3 Ja 2 2 . . P
98.6% i’t]\‘laiiﬂl‘ﬂuﬂﬁﬂ@iﬂmlﬂﬂ%ﬂ‘iuﬂuﬂﬂuy‘ﬂﬁﬁ (Extreme Gradient Boosting) Gl‘lfi‘ﬂ1ﬂ’)1ll
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HNUE 97.7 % danosnuusuaouW 013 a (Random Forest) 191010 LU UG 95.7%

o = S

a 4 1 [l o o a
ANDINWIALU ST TLULUDT (K-Nearest Neighbor) Glﬁ}ﬂTﬂ’NiJLLIIL!EJ"I 923 % i’)ﬁﬂi’)iﬁilﬂ"li

=<

Fou$iFaan (Deep Learning) 1¥auusiud1 91.5 % oanesiuudwiud (Naive Bayes) 1%
AMIINE 905 % SanesiuTaseiedszamionne faraseununae (Multi-Layer
Perceptron Neural Networks) Tanuuiue1 87.7 % danesny FUNOS NN DT 1LY
(Support Vector Machine) 1% A2 1011 161 78.0 % sane3 A udun s uduiiena 1y
(Generalized Linear Model) 1¥n11u13i1u61 72.4 % wazganio 6ano3iun1iainsIgrnis

aanoeladaan (Logistic Regression) 1iamnnuiudiosiga 72.3 % awdidu

Comparison between Algorithms in terms of the Recall

Awilsznov 23 asmllFeuneudseansmuauaInuszan (Recall)
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Wemsnageulszd@ninimvesluma MITWUNNITATIVAOUNTNITATIHTU

{ [l 1 [ =3 9

Y = ) A aay A Y ! =
"’U@HﬁﬂllllfﬁJﬂaiﬂfJGlG]leﬂ‘Llﬂﬂ15ﬁﬂu@]ﬂl@y‘aiquﬂﬂﬂ'ﬁlﬁﬂugmﬂ\uﬂﬁ'ﬂ\i 1“@1“ﬂ1ﬂ311]53aﬂ

A A =
9

[l o o I (Y 1 °
naIol ﬂﬂﬂfﬂﬂ'ﬂﬂ']!%ﬂﬂﬂﬁﬂ (Recall) Lﬂuammaummmiﬁluwueﬁlmlmfmﬂﬁ’mmﬂmuau
U

A 9 o Y a R 3 A = 2 . . 9
HANYNADIVNYINA WU 9ANDINULDNYNIUNUAYUYNAN (Extreme Gradient Boosting) Gl‘Vi
=

1 A A I o = 1 = 14
AANTLAN gaNgAnD 97.1 % se3aanniudanesnulasainelssammeunassiason
v

HUUYA18¥W (Multi-Layer Perceptron Neural Networks) TAIANNsEan 96.1 % danesnuia

=\ 14 . Y = [ Aa R = Y a K

(eI eUID3 (K-Nearest Neighbor) 11A1A210352aN 91.3% 8ano3Nun1sizeuiidaan (Deep
. Y = [ a K [ 4 14 =

Learning) 19a1n7105280 87.2% ©anosNUTNNOTNINIABDTLUUTFY (Support Vector

Machine) 1 A1AM5¢8n 63.0%  daneshudulddadnle (Decision Tree) 1¥iA1ANUsEAD

61.9% dano3nuauruduTenily (Generalized Linear Model) t1ag anosnung

a 4 a A 1 | @ a

Ins1zrimsanane Tadaan (Logistic Regression) 1HAIANNTZANMINUAD 48.7% dansIny

usuaouleise (Random Forest) 1¥anuszaniinufe 43.7% uazganesanes nuud

4 . Pl = o w
118 (Naive Bayes) 1fANNTEAN 28.9% MUA1AL

Comparison between Algorithms in terms of the F-Measure

Awilsznou 24 nsmllFeuneudszansnnaiual F-Measure
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Wemsnageulszd@ninimvesluma MITWUNNITATIVAOUNTNITATIHTU

[l aa g

9 A 9 a 1 o = Y A 9 1 =<
"’U?JiJﬁ‘VIlll]fﬁJﬂaiﬂﬂi%mﬂuﬂﬂﬁﬁﬂu@]ﬂl@uai’m UNIILIYUIVDIUATDI “lumummms:aﬂ

A A 1 1 1 o a <} d A = L
W%ﬂ‘lﬂl gnI1M1 F-Measure ‘W‘U'J']'Oﬁﬂ@iﬁul@ﬂ“ﬁ'ﬂﬁuﬂﬂﬂﬂuuﬂ@ﬂ (Extreme Gradient
. K ~ A 3 o A= ~ P
BOOStlng) 1Wﬂ1 F-Measure Q\Tﬂq@]ﬂﬁl 97.4 % i'ﬂﬂaﬂﬂ\luﬂu@aﬂﬂiﬂﬂmluﬂlﬁﬁlulll@i (K-
Nearest Neighbor) 11f1 F-Measure 91.8 % 8ano3ny Iasaviedszaniiounaswnasou
Y
HUUYA18%¥Y (Multi-Layer Perceptron Neural Networks) 1% A1 F-Measure 91.7 % ©ane3hnu
~ Y a K . Y o a9 Yo a ..
N13138U313900 (Deep Learning) 1¥A1 F-Measure 89.3% oanosnuau liaadule (Decision
1 @ a o 4 4 =
Tree) 1A F-Measure 76.1% 9ano3 NUFWNDI NINADS BT (Support Vector Machine)
1%A1 F-Measure 69.7% oano3nuusuaounosd (Random Forest) 1A F-Measure 60.0%
@ a @ a v @ a a L4
danes nudmuwFuduiiona 'yl (Generalized Linear Model) ttag 8ana3 Nun1snTIZHNg
apooolavaan (Logistic Regression) 1% A1 F-Measure (N 1A UAD 58.2% Wag qa R

5aﬂ’é)%ﬁmu5WLUET(Na'ive Bayes) 1A F-Measure 43.9% a9

Comparison between Algorithms in terms of Runtime(Minutes)

000 —
T —
60.00 | —

Generalized Logistic

Linear . Deep
Regression .
Model Leaming

Support

K-Nearest
Vector Neighbor Multi-layer -
Machine perceptron I'E-I'I'IE
Gradient

Boosting

= 9 o
Anlsznou 25 ﬂiﬂ"hlﬁﬂ'ﬂﬂﬂﬁl‘]JL'Jﬂ'IGlUﬂ'lﬁﬁﬁ'NL!ﬁgﬂﬂﬁﬂ‘ULLL]JL]JFl]']ﬁfN
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