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Abstract

As we know, credit cards speed up and make life easier for citizens and bank customers. They can use it
anytime and anyplace according to their personal needs, instantly, quickly without worrying about
carrying a lot of cash with more security. Together, these factors make credit cards one of the most
popular forms of online banking. This reason has led to widespread and increasing use for easy payment
for purchases made through mobile phones, the Internet, ATMs, and so on. Despite the popularity and
ease of payment with credit cards, various security problems are increasing day by day. One of the most
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important and constant challenges in this field is fraud detection in credit card transactions all around
the world. Due to the increasing security issues in credit cards, fraudsters are also updating themselves.
In general, as the popularity of using credit cards grows, more fraudsters are attracted to it, and credit
card security comes into play. So naturally, this worries banks and their customers around the world.
Meanwhile, financial information acts as the main factor in market financial transactions. For this
reason, many researchers have tried to prioritize various solutions for detecting, predicting, and
preventing credit card fraud in their research work and provide essential suggestions that have been
associated with significant success. One of the practical and successful methods is data mining and
machine learning. One of the most critical parameters in fraud prediction and detection in these
methods is fraud detection accuracy. This research intends to examine the Gradient Boosting methods,
such as LightGBm and XGBoost, a subset of Ensemble Learning and machine learning methods. By
combining these methods, we can identify credit card fraud transactions, reduce error rates, and
improve the detection process, which in turn increases efficiency and accuracy. This study compared
some typical methods like Random Forest, Logistic Regression, and Navie base with LightGBM and
XGBoost algorithms. In this paper, we proposed to merge LightGBM and XGBoost using simple and
weighted averaging techniques and then evaluate the models using AUC, Recall, F1-score, Precision, and
Accuracy. The proposed model provided values of 95.08, 90.57, 89.35, 88.28, and 99.27, respectively. In
addition, we developed features by feature engineering techniques and then applied the feature
engineering phase to the models. The results show that applying the feature engineering phase to the

weighted average approach significantly improved prediction and detection accuracy

Keywords: Fraud Detection, Credit Card, Ensemble Learning, Data Mining
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Figure 1. Methods of Machine Learning
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Algorithm 1. The training of LightGBM

Require: input: Training set {(x; .y, )}iN:1

Ensure: output: LightGBM model y

Step 1. Initialize the first tree as a constant:

Yi(O) =f,=0

Step 2. Train the next tree by minimizing the loss
function:

fox)=argminL(y,, 72 +f (x,))
f!

Step 3. Get the next model in an additive manner:
yi(t) ZYi(t_l) +ft (Xi )
Step 4. Repeat the Step 2 and Step 3 until the

model reaches the stop condition.
Step 5. Obtain and return the final model:

A(t)_M—l
yi _zft(xi)
t=0

N o
{(Xi Y )}H S50l Asgeme 169959
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1S o adgl s lade Col e L1, s el ) o
yi(O) =f,=0
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f.(x,)= argminL(yi , Yy +ft(xi))
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Tablel. GBM Model
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Stepl: Y =M (x)+error

Step2:  error =G (x )+error2

Step3:  error2=H (x)+error3

Stepd: Y =M (x)+G (x)+H (x)+error3
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Algorithm 1. The training of XGBoost

Require: input: Training set {(x; .y, )}iN:l
Ensure: output: XGBoost model y "
Step 1. Initialize the first tree as a constant:
yi(O) =f
Step 2. Train the next tree by minimizing the loss
function:

1 (Zien 9i )2

N -
{(x; -y, )}iﬂ 9ol degexe 16959
XGB00st Jos Y o295
S e gl om0l col e b 1) s odsl ) plE
=0
0

a0 (igel ) gan Cd 0 e wli g3l aneS LY o

(Z.ne) (o)

f (x.)=argmin| =
t( |) gf[ 2 Zid hi+ﬂ,

o (v, i)
9i T

Step 3. Get the next model in an additive manner:
y‘(l) — y‘(t -1)
Step 4. Repeat the Step 2 and Step 3 until the model

reaches the stop condition.
Step 5. Obtain and return the final model:

M -1

yi=2 )
=0

+ —_
ZieTR h'+l ZieT h'+i

Ly, y7)
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Table 2- The best parameters of the LightGBM

SOy 9y -F

5 03,5 pliol 1) olalis g (23515 sboosls dlie ol o

algorithm slposls e Jo 5 o3l i =150 5l G
Jiolyl ol (o 50l 3g0me 2 5lade o yige ©oae laosls (59, p )15 wols (yilg pas > w0adswS
" ’ bl o SH el 4 S siee sl -
. 2 >, a4 (§ORE
num_leaves 200 600 256 it S Bisel & T e 5 63 8
feature_fraction ~ 0.3-0.6 0.5 DS oo odaline (V) JSi jo a5 jsblen ouisls 5
bagging_fraction  0.3-0.7 0.4 . e oy i I
min_ data.in.leaf 40— 140 80 eyl 5 oa—baing LIGNIGBM o 5S4, 1
max__depﬁq - -1,5:11 -1 Lo L.m)_\.al)bj.uub p.,._Ja..u 4.17,_“:54;. oubaig XGBoost
learning_rate 0.002-0.01 0.01 T o
reg alpgh_a 0.01:1 0.01 slachs) S ol g 5 papoise Bigel |y Jas
reg_lambda 001:1 0.01 Tl ez (6,500 0 o9 5 00l (6,8 5 Sile
e @B L S (o0 S 5 oo b gy L) Joe 90
Dataset Data preprocessing & Optimized LightGBM Ensemble Method Model Evaluation
Features Engineering
Search Cross Validati
Trainkip Prep?:::ssmg Optimised LightGBM Model Recall
Dataset S
Group K-fold Cross Validation Simple Average Accuracy
Optimized XGBoost £UC
Weighted Average F1 Score
ized Search Cross Validati
o Featu.re Precision
Dataset Selection Optimised XGBoost Model

Group K-fold Cross Validation

OF =lo F o)l 1P JLo

GOk p2 5951, 0Ly I SLo Y S
Figure 2. Proposed Method Flow Diagram



500000

400000
€

= 300000
8

200000

100000

| e |
o
o 1
isFraud

pie chart of isfraud

Nfraud
isfraud

"ISTraud" awsly matso ¢y3lg8 poe v e ¥ JSi
Figure 3. plots of "isfraud" unbalanced target variable

S i L Ll gl dolSS Slwloms (556 slaaslols
Vesta Corporation L= , 55 o=l o>
oo sl p badooly (n e Jlisar 5 wS o0 5 Ko
dcgozmo Lwg &S i aiwd (5,10 podS 5l (6.5 i
ral.i_m) l-\_.u}j J)_...u Sl 00l 43‘)‘ ‘) d.QJlM u)‘ ools
el (S S Dl ey Sy slo > ol
Wl ol 5logn slBie ;98 of ) Olbls )| Cans sy
5 03l e slagaiailys oSoxe gl (Jyg0n Liws
9 osls w)a_mf ULP )_wla).w 3o ‘) u.:_wLa 6)5.)[_’
Sig S &yl slacsls py oly jo 1) 8g5 oKl
YA )‘ u,u.»_: Yl OMoleso L-49 )5).41‘ o o.); C,\J}O.)
S oo e | Y0 0 Lkes

90 4 S d_cgome gz Joli ooloa_cgoxe
5 Transaction data sl,— 901 5 L5901 ooloacgaze
identity data 4 bg e (905l 9 (0390] soloacgeme g
Lgucs‘f)"ﬁ S99 9 oo‘ét\.cw 6Yb > Sl S
Mo el gous pé 5 soue el ggiie 5 0L L
59 pemdl asls L adadl> ol YL slad au
oo Dgane S ope sla il

50 &S Cul Jol> 83, conz  MisFruad” 55
Jol.am OOg.ngLw Sygo,0 g "fruad" Jél;uo V.LQ.) O yg0
(V) UKo j0 a5 jshailes 058 ool yLis "Notfruad”
Ladd el 3lgel jlans Frwly st & 3g5 g go0dyd
et @ lgieds oolode gasme jo o iS5 51UV
Wg oo ASLD pllo Sl AT lyiedr 4y g wad
0d il (43508 H52e o Slacl barplot Sloges jo a5
i (S g o) (Bl jeoe g Lo auST 5 slass
UV YU 1-+ SN L 4 S PR o

XGBOOSt w5991 sl el o0 yide ¥ Jgor
Table 3- The best parameters of the XGBoost

algorithm
) 03940 Hlado oy e
sl et b ially solyly o
max_leaves 50 -400 72
min_child_weight 0-10 2
max_depth -1,5 0
learning_rate 0.002 - 0.04
0.05

reg_alpha 0.01:1 0.01
n_estimators 800-1000 800
Subsample 0.7-0.9 0.74
colsample_bytree 0.5-1 0.89

3l uiyl 3 -)-F
w1 ) e Fa dlwosls (A5l ey 5l ey
Joe Ubj9—e! sl,— XGBoOst v ,5-3J! 5 LightGBM

P9y Gk sl Lol polie oS (e oolii
L Was § = g Randomize Search cross validation

g dgy pol o OO)BTC«_MOA_Q Sl polie o3 s
YoV Jsoz j0as a_;iiw Cwddy Jow (g3l
Joe dlwgds 00l gimion gull e 1S oo comline
Jome Agds 00 o i zuls 9 LIghtGBM
el s Ngd oo (rez Jow 04lg 90 2 XGBoost
2y soplan

S bwooly -0

03134 goxo — V-0
IEEE-CIS ,Lcel slaw LS i ais oolsds gomme
Zw! https://ww.kaggle.com/c/ieee-fraud-detection

SrSole 5 (Erman Shep At slaais o
(ol oAl leaS i alox WS oo L5 eile

OF 2le Fo,lel 1P Jlo



1) S’ 51y S90S ez sla gy us )3

wolicl sl Hs Lliss sl i

AR o 0080S slrodls lie 550 40 (g0l Sledlb
Jols 5 50,8 g oadbosmlice gloools Jolis ol 5,
atasde Cewly o a5 golael Ll saiy S glaoold
Ladiges IS cdlo jo conlice slawd s 3l 0uS o
Mg 53 S e Ol 1) (b i S0 sl o]
JSLEPIEYY yo ams —oLis other missing value
S8b g died 0ainS polie glylo dist2 4 distl aasges
pol—se glylsaddr2 gaddrl Lo 559 i

oaipS polas goluj jlade gl s soloacgamms

FAV 0 g oo oS 5 oolddegome g0 a5 Sloj ol
e )l 4yl polie (Sg TYT S S
Aoyl ad sl laaes IV YL La Shg 1FY
a8y cws )l lage 19 5l s a ST ola S,
IS 50 oS Bl ulS jsbay mules oo |y aibanisls
Cdean 0aS ecanlin |y b S oS polde (F)
A plol ) g 00,5 SIS | Laools YU o>
aggregate plot,log s auS o cunlin a5 jshilon

Progortion of missings
Combinati
Combinatians

A odsoddlie

. azemn
. fren
e B
24m04
"
Liem
owes B F
5 .
3 2
voars & 3 E *
[ 1
o
n I n
o

‘ om0

noms

Combi
Progortion of missings
Combinatians

Progortion of missings

Progortion of missings
Progortion of missings
Combirations

Progortion of missings

M1 - M9

Combinatians

V1-V285

Progortion of missings

Progontion of missings

Identity data set

Other missing values

ouisnS ywolie iyl o S5 g 31a0grplot jloges .F i
Figure 4. aggrplot of missing values features

OF =lo F o)l 1P JLo




Distribution of LOG TransactionAmt, isFraud=1

Distribution of LOG TransactionAmt, isFraud=0

0.00010

0.00008
z
@
c
8 0.00004
0.00002

0.00000

00

00 goue

TransactionAMT S51g pu ) &35 jloges .0 JSuid
Figure 5. Distribution of log TransactionAMT

~—— isFraud 1
— isFraud 0

0 5000 10000 15000 20000
Values of cardl

~—— isFraud 1
— lIsFraud 0

A A

100 120 140 160 180 200 220 240
Values of card3

0.004

0.003

Density

0.002
0.001

0.000

008
007
006

2005

2 004
003
002
001

0.00

~—— isFraud 1
— isFraud 0

0 100 200 300 400 500 600 700
Values of card2
—— isFraud 1
— isFraud 0

75 100 125 150 175 200 225 250
Values of card5

S o alie (5,li8, 0L 5 8 ey pain polie opilils cdeay categorical b o 1 (& 0 F JSi

Figure 6. numerical-like behavior of some categorical features (Cardl, Card2, Card3, and Card5)

350000
300000
250000

E

£ 200000
150000
100000

50000

0

card4 isFraud=0

14000

12000

10000

8000

count

6000

4000

2000

0

discover mastercard sa american express

card4

card4 isFraud=1

mastercard discover american express
card4

Cardd S5 wlw! p 03100 Al jo dii g Jboy sl giasT i jlade Y JCo
Figure 7. The amount of fraud and normal transactions in processing networks based on Card4

‘—L‘S\”ﬁﬁ)ﬂ\?ddﬂdﬁ‘ )‘)Rj

Ol 50 mizmen Cawloads 1ol clilidS o SLasl o o e
3 GPU [TPU Galizes slacdl> )0 (g oo gy
GPU cl> ,o Laislesl a8 0,8 121 |, o 55501 CPU

Canslonds alocl

oa3lon Ly ol s J Sy (59,1, ooloa_cgamms

Ll «

531 gl =l Laoslod e gamme pox> (090 Y L Cdeay
Python slalas (o |, oolsacgasma cplpls 990 \Son

ug.o)T 9 dv)g.oT ‘Sl.boab -Y-0

i |l LS F aladl> 4 intel core2Duo

OF ol F 55l 1P+ Jlw




1) S’ 51y S90S ez sla gy us )3

wolicl sl Hs Lliss sl i

&

o

U“Lw‘ 5 | LTV )LM u.s‘ > d.DJLwA w‘P QT J.Js)
sl sl)lne 51 Se ke mesd ) alilae Zunlss
=2l 1, 8 (Area Under the ROC Curve) AUC |,
ROC (Receiver oy, e oo las AUC
o=l Jlade 4> o a5 cul Operating Characteristic)
b @b bl ;58,5 wies; o 4 b ye sue
‘)_<..>.b u)l_..c@ 09_...:‘;;7 L5'l_’))‘ )_’uj_u;:.n BSSNIED)
Ol ¥ og ) sle Jowd 0 aS S s0d 51, CUNVE

2,5 5l qeols

Cov (y , rank (x))

ROC AUC = *0.5+0.5 o)
Cov (y,rank (y))
ROC AUC = SOV (rank (). rank (1)) o6\ o
Cov (rank (y ), rank (y)) )

Group Kfold cross validation b, s3l

Randomize s, 5l Layielb oy e o580 (gl o]
o3 s L L g s g Search cross validation
Ol 05=03lels ealvasgame sl il 51 (S

4 Gl 5l eolaiul ogd so cdalin Gaday a5 Cul
et |y S 00 39 45 SCale_pos_weight sl
Sl 0S8, 1) psleels slaosls il b wiS o
Laosls 2 \ )L.\.S.A el N ).3‘)9 ).».A‘)L} u;‘ uo).‘)u,u.u
e slaty; L yully cnl lade aites (jlote
Ladiged JS slass olulp asS o cdaline ¥ Jgo 3 4o
Al SO slaw S sladigad dlass e
S50 sty Lot oSl o by cnlmes S

Total Samples

Positive Samples

alox 5lla S5 5l salises glgil oolsacgasms ;o
=yt Oy9—0 1y Lools £43 cpl a5 0 ls 0429 (g00e 8
&l 04> ;Lo Label Encoding 3l eolaw! b g 0ols 1,3
Label <o olgs oo aidl 0,5 Jo |y idl> ol 28
3 Ole e i (59,509S0 ol ) L5 Encoding
., Seolaiul 55 0ne-hot encoding .l o sle g,

D)

oolaiwl i one-hot encoding | o—ac loaSii

Label Encoding ;| Js—ess,sbods &0 (gl g 940 oo
Lol (g3 ol jo caBae 45 09 e ool

OF =lo F o)l 1P JLo

JoL—z identity dataset ;o 559l sL_mosls
VEVALY Jols T gme)] (slmosls g asges VEEYYY
dataset 5js—o! (slmosls .l 555 Fr g aiges
35— 1o VAY 54505 09-0F+ Lol Transaction
asolol jo .l diges 0P Jolis )] g0l slmosls
w23l SRy Sl (o owin @

e, O gods 15 alee @ss (0) SO 50
ools yl_is L loges yo (TransactionAMT) S5
aS B8 a5 lel oo o jlogad 4 dxgi b a8 cewlonds
3 e s gL 251,550 ben (Silse 05,5
A g, Al jo Gl ol sl sole sl STy
@l Gl s e nl g 998 geons uin YL
Sy 35 505 o]yl0 NS 4z 48 el YU Wl b
5 Ol Sl Sygmo pay a5 o YL Wl s,
LacsTl g —3lo pn sloasids lawgs b ¢l olon

SleMbl oumslis cardé b cardl slo S5
0aiS jolo STL « LS 09,5 LS g4 5l pel S8
A categorical o5 5l 4S aiis g HelS ()8
ol 3 o S oo oaalie (P) JSB 43 45 jslailes
S8, Gl 0 pamie polie il cleay bn S
as card2 g cardl o sle s yls A polde alin
3,84y, asse Hlade B0 e g YWYOOY llo e jay
solie (Bl 5200 9 0515 (e ($090e 970 ituns
A oyl 1) 8 34 pastis

Lo it —olsy ab cardd S,
master 5 visa card (V) JS—i as ax g5 b .ows sop)lis
5 el 2S5 G s sl card

&y ST, e o e (1)l american express

Iy gyl—el sloaw,Ls gls Sl card6 S5

odalin (A) JSi 0 aS o b los aas olis
s g credit o] 5l o g debit soliiul e S oo
o has o i STy Gl Gled @ g el YUl
debit 45 coul a8 udy & e Credit 4 debit glac IS

odiscover

(el credit card an cows (5 i <day 6lyls card
4 az>g Lycredit card oS lgs o 0925 (! b Jg
5O e debit card ag cous Lo ST 5 feS pox>
debit aS ol gme pd cpl Wl g canl s (5500

S oo Saley |y 6 (Sl sla S card

s Y0
oolaiwl alizes sla lre 5l ol aaS a5 jobolan
9 Cwloads uLu @l?h..oy AUC Syg0 4O Lol ciwlons



TransactionAmt_to_mean_cardl

TransactionAmt_to_mean_cardd

feature

05295 s ) ey w25 mosls ol
-1¥ (39 LIGghtGBM 2,651 4 4 + /% 55 XGBoost
R0 5 ot Bl AT isloaliosls olaisl |,
Slayig Egorme a5 ol (pl Clils azgs ol 4wl as
csnlio VB ¥ Jsar 5 o sbplen aslh oSy sl Joo
olie LIS (g gwarges a5l 8 mls wosd oo
9 Sl (g (widien 5 e 3l ) S (555
Az b 38,5l (sla S5y bl 4 Canline o )
o S pigred ABb g Wl e o5l
5 00l (6,5 ik ybg,45 XGBoOSt 4 LightGBM
s Al jlone b o g (ot 51 om0
L aslin o 1) e gl 90/ A 5 AF/#2 AUC
Slawslas (V) Jgaz jo ams oplis o slacdl>
758 Jolate bty (o5 p g oudoly slagts; o
S5 Ogem S, 5 ol S i slaaSd wile
sy 9o oonlive 45 o b led cCaslons b
i Jlmoel ) ey J30059 6 oSl (ored
w1y b)) polie (e b Sy

slwoo S gonaalb jleslawl Ly Jos
LightGBM Jao L ,LSS < XGBoost 4 LightGBM
L oS 5 &gy LS, s XGBoOst Jow b LSS
&ly=! 0 .w0,5 |1 Averaging methode ;l oslazul
feature_importance 5754 5l eolai ! Lo s
Al gy b S Caenl (e LIGhtGBM o2 ;65|
31990 ooy oS samlive wilys oo (V) JSKi jo oS
L gL sloacgazs slaShy (n 55 5 o2 icesall
039 45 @la T g pmlesygl ol )l & bl
Lol coal (lie a5 alo (Shg) wils s 50mb
2y e,e S0 o)lags 5 Bia |, (09 jho 4 o35
rg.h);
Gl 3l eolaiwl b Loy ;65 gl >l b
AUC sla,las Ly udsd 0 L Group Kfold L; )l
5l a=s 9 J8F1 score 4 Recall Percision Accuracy
odalin VL F Jouo ol b Sy swiige Olles
S5 oSlae Shgydn (sree oyl 5o 0S (oo
4 Zel 00ls (6,25 :Silio 4l Anugs g, 45 o5
Sy 039 el 6 byl Glyls s Jus

50 TOP feature importance over 5 folds average

addrl__cardl
cardl_count_full
cardl__cardS

"cardl
TransactionAmt_to_std_cardl

card2_count_full
addrl
card2__distl
card2

TransactionAmt_to_std_cardd
card5__P_emaildomain
P_emaildomain_ C2
Transaction_hour
card2__id_20
TransactionAmt
TransactionAmt_Log
distl

D4

Tﬂ!l’lﬂxllﬂl’lﬂml_ﬂ!( imal
Dz

13

D15_to_mean_cardl

D10
Transaction_day_of_week
D1

D15_to_std_cardl

(s.:}

D11

D15_to_mean_addrl

a

cards

a2

D15 _to_mean_cardd
card5_count_full

Cl14

D15_to_std_card4
D15_to_std_addrl

a3

C11

P_emaildomain_bin
P_emaildomain

o5

D15

D2

V313
Devicelnfo__P_emaildomain
v3lo

V307

o
5
=]
=

10000

15000 20000 25000
average

B Sy o2 e A S

Figure 9. The most important features

OF ol F 55l 1P+ Jlw




LightGBM Juw gjlwesly mls .f Jgoo
Table 4. The Result of LightGBM

S 79 it 31 ooliw! (90 S R9 it 3] ooliwl b

Fold | AUC Acc. Recall Prec. F-Meas.| AUC Acc. Recall Prec. F-Meas.
91.14 98.10 83.82 57.05 67.89 |92.24 98.23 85.95 59.07 70.02
92.19 98.90 84.91 87.34 86.11 |93.09 99.07 86.60 89.86 88.20
93.32 99.10 87.06 88.87 87.95 |94.24 99.21 88.87 90.09 89.47
93.60 98.89 87.87 84.39 86.10 |95.12 99.21 90.69 89.33 90.01
93.11 98.97 86.81 83.98 85.37 |94.00 99.10 88.53 85.85 87.17
Avg | 92.67 98.79 86.09 80.33 82.68 |93.74 98.96 88.13 82.84 84.97

OB WN P

XGBoost Juwo (g3lwedly guls .0 Jous
Table 5. The Result of XGBoost

1) S’ 51y S90S ez sla gy us )3

S 79 w3l ooliiwl gy S 79 g 3l eolisiwl U
Fold | AUC Acc. Recall Prec. F-Meas.| AUC Acc. Recall Prec. F-Meas.
| 1 |93.13 98.28 87.72 59.70 71.05 |94.90 98.38 9125 60.79 7297
] 2 9331 99.09 87.02 90.10 8854 |94.37 99.19 89.13 90.51 89.82
9 3 9424 99.21 88.87 90.09 89.47 |94.98 99.28 90.33 90.54 90.44
;1 4 19296 99.05 86.35 89.06 87.68 |94.81 99.21 90.04 89.75 89.89
. 5 19413 99.11 88.77 8598 87.36 |95.16 99.26 90.74 88.31 89.51
2 Avg | 9355 98.95 87.75 8299 84.82 | 94.84 99.06 90.30 83.98 86.53
e
)
5
2 05l 35 (seSilso Joko s 3wosly gulis $ Jgazr
3\ Table 6. The Result of Simple Average Method
9 S 7.9 e 31 ool g S 3.9 it 31 oolisul b
Fold | AUC Acc. Recall Prec. F-Meas.| AUC Acc. Recall Prec. F-Meas.
1 |9356 99.12 87.72 78.39 8279 |94.37 99.18 89.31 79.27 83.99
2 19384 99.14 88.08 90.31 89.18 |94.32 99.20 89.03 90.85 89.93
3 19469 99.25 89.77 90.28 90.02 |95.21 99.31 90.79 90.85 90.82
4 9372 99.12 87.87 89.42 88.64 |94.22 99.17 88.85 89.98 89.41
5 |94.78 99.23 90.00 88.12 89.05 |95.35 99.29 91.11 88.73 89.91
Avg | 94.12 99.17 88.69 87.30 87.94 |94.69 99.23 89.82 87.94 88.81
M 0329 G35 reSilee Juo (glwosly gl .Y Joua
Table 7. The Result of Weighted Average Method
S 79 it 31 ooliiwl g0y S 39 wditen 31 ooliiwl b
Fold | AUC Acc. Recall Prec. F-Meas.| AUC Acc. Recall Prec. F-Meas.
1 ]9392 99.15 88.42 78.78 83.32 | 9490 99.22 90.37 79.76 84.73
2 |93.95 99.15 88.29 90.43 89.34 |94.65 99.23 89.66 91.14 90.40
3 9481 99.26 90.00 90.40 90.20 | 9556 99.34 9146 91.15 9131
4 193.83 99.13 88.09 8955 88.81 |94.55 99.21 89.50 90.28 89.89
5 19491 99.25 90.25 88.25 89.24 | 9572 99.33 91.85 89.07 90.44
Avg | 9428 99.19 89.01 87.48 88.18 | 95.08 99.27 90.57 88.28 89.35
Jolwio 9y w9 goleaiion Joo sl (ol b dunlio A Joua
Table 8. the comparison of total results of four proposed methods and other three common methods
S 329 kel oolaiwl (e S 329 it jl oolaiwl b
Method AUC Acc. Recall Prec. F-Meas.| AUC Acc. Recall Prec. F-Meas.
Naive base 86.87 95,53 74.62 77.44 70.85 |87.60 98.43 7598 78.86 76.91
Random Forest | 88.83 98.51 78.44 78.40 7842 |90.37 98.65 81.42 8254 81.97
Logistic Regression| 89.92 97.21 79.85 89.84 81.79 |91.36 98.81 83.36 82.31 82.83
LightGBM 92.67 98.79 86.09 80.33 82.68 | 93.74 98.96 88.13 82.84 84.97
XGBoost 93.55 98.65 87.75 8299 84.82 | 94.84 99.06 90.30 83.98 86.53
Simple Average | 94.12 99.21 88.69 87.30 87.94 | 94.69 99.23 89.82 87.94 88.81
A Weighted Average| 94.28 99.19 89.01 87.48 88.18 | 95.08 99.27 90.57 88.28 89.35
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