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Abstract

A main goal of pharmacogenomics studies is to predict individual’s drug responsiveness based on high di-
mensional genetic variables. Due to a large number of variables, feature selection is required in order to reduce
the number of variables. The selected features are used to construct a predictive model using machine learning
algorithms. In the present study, we applied several hybrid feature selection methods such as combinations of
logistic regression, ReliefF, TurF, random forest, and LASSO to a next generation sequencing data set of 400
epilepsy patients. We then applied the selected features to machine learning methods including random forest,
gradient boosting, and support vector machine as well as a stacking ensemble method. Our results showed that
the stacking model with a hybrid feature selection of random forest and ReliefF performs better than with other
combinations of approaches. Based on a 5-fold cross validation partition, the mean test accuracy value of the best
model was 0.727 and the mean test AUC value of the best model was 0.761. It also appeared that the stacking
models outperform than single machine learning predictive models when using the same selected features.
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1. A2
At Al =2 A E 7} ¢hm ¥ 3 DNA A F 4](DNA sequencing)7|&o] HE-oo] whe, oF&-7-74 4| oh(Phar-
macogenomics) H[o|E| 5 7|§FO & 3t ZA o] FA6L7] AR 2GS} HlolE & o83 A S
OFE HHSA dlSof it Ao 2= tfxd o 2 o574 93 B 7H(Polygenic risk scoring) 2} H A1 Y
(machine learning)©] 1=, thA-§-A A 919 B7h= ol S5/35 0l 9lo] §A1E o™ (Ho, Daniel Sik Wai 5,
2019), o]of] e} -2 A S QL 5 HolF= mAled 7|5he] thefet of| SR o] 5ok olek. o2t oF
ERAA ARt dAARR FEFEE SR P2 /] HET O] & (personalized medicine) -2 AW o7
(precision medicine) €} -2 w2l 0]ate] ARZ O 7 o] A2 A Zdet A7 Y= 3 gk

HE FERFAA S Hlole &= 22 B2 o] Hlo &Y & 7] th& 4 (single nucleotide polymorphism; SNP)
O] 471 ufS- got w4l g 75| SR Y2 HpAE IS D4A 0 & Rkt A8 e 5
7| D (filter) Y, 2 u] (wrapper) ¥, Y|t =(embedded) W, 12| 1 EgHhybrid) W ol gich. TE
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e 2l St S A e g o 2 ofE I E o) AlLto] &2 0]7] wj o] (Li 5, 2017) oF
SGAAE dlolH o] A= o) A 717 wol o]-§ =™ (Ho, Daniel Sik Wai 5, 2019), 7Fo] A& A ol I
gh-obn| B] 2] 4% (cochran-armtiage test), 22| AE] 3|24 T Z-2 A A 9] p Zh(p value)S ARE-5F
S A R I} k-2 3] o] YAl 2] (k-nearest neighbors; KNN) W& ©]-8-6}= Relief7| ¥t 11 2] &
(Kira} Rendell, 1992) 5-& 3t} B i B2 of| S g of] 2 o]= W4 9] of 2] R2 7S Talisto] 712
2452 Hole Yo REATS Adst= fige A9 o2 =2 A5-& Ho| ARt A4k v]-§o] v
t}. A7 A= (forward selection), %1 A7 H(backward elimination), THA|"H X el (stepwise selection)
59 ol olof S EI FEFHA Aret E2 1Y A= &2 A Ut AHHE 2
3 A I Qto| A oA Z9] FE L of 7|ofste H4-E Zroh= W4 A ¥ © 2 Tibshirani (1996)
2}& (least absolute shrinkage and selection operator; LASSO)@} ZH-2 L1-% #3HL1-regularization)
o] da] o253 9T} Zou 5 (2005) LASSOS AuHs}slo] L2-4 7 8HL2-regularization) 3-& %
A& (elastic net) P& AQFetl Al o] RYP L ¥4 o] o] &2 4= Qlr}. YAEHH-F L} Breiman
(2001)0] AJetet B 3 8| A E (random forest) 2] A}-E<Q] M4 5 Q & =1 (variable importance measure)S
712082 W4 AYE 4= glom o] B & AT & W F0] shitolt}. 23t Tt Zro] of 2] 71x] 9] ¥
o A= B S gototo] A4 AEE AP - Qlrk. g o = Wei 5 (2013)2 W] ZE] Rl 22 AF
| PEA o= A2 SNPY p gL o]-8ote] A ES 3t 5, F-2 fipEo] v E Sl L1-F43HE 4
|5to] F7HA 1 M- A E-& 1 35tiTh Mieth 5 (2016)-2 H| T & w1 Q1 A 3 E |l B W Al (support vector
machine; SVM)-& ©]-8-5to] SNPE A et &, e Uil 7to| Al g AR o2 A2 sl SNP2] p ghof| uhet
F7HA Q1 Mg AR-E XI5 Jovié 5 (2015)2 thFRl 2oke] Hlol o thet 4 A8 W o] 5
=9]51%1 2 ¥ Mustra 5 (2012)-2 SNP t|o| E] 9] 7 ¢ 7}o] A5 W I} ReliefF 50] £ 52 Hol= A&
wEslglc
Al E] SNPo|| A8 E= g Tt AL EHEHA (Wei 5, 2013; Abraham 5, 2014; Nguyen 5, 2015;
Mieth 5, 2016), AFEHAE (Lopez 5, 2017)9} 22 HAIZ Y RFHFE, l-FAIF D (neural network) T}
78 2 d(deep learning) ¥ (Montafiez 5, 2018; Romagnoni 5, 2019) 50 2 t}efs}A| AFEE 4= Ut
Wei 5 (2013)2 F2Y o= 95| &4 AEt SNPo| AZEHEHA-S H-851% 1 o] ZE-2 0.862]
AUCZ R4t} Mieth 5 (2016) T2D o Zo] AL EHE M A-S 286191 o] REL 0.840] AUCE =
Aot AEZEHE WA 9] H(kernel) © 2= A H(linear kernel)o] F2 o]-§E] .0 (Wei, 2013; Nguyen
5 2015; Mieth 5, 2016), Abraham 5 (2014)2 L1-"H % (L1-penalized) 4| 2 EH]E] A& o] -&-5}o] Al g] oty
(Celiac disease)= of|=5t] 0.879] AUCE Ho]7| % §it}. Lopez 5 (2017)2 HP LY AEE o]t T2D
2 o Z510] 0.859] AUCE 240}, AR EAAEE ok g AR A7olA the maleld Reso)
H|F| Hojd AS5S HolFE Aoz AddA It (Chend} Ishwaran, 2012; Boulesteix 5, 2012; Austin 5,
2013; Lépez =, 2017). (Montafiez 5 (2018)-2 H|Tl of| =2 9J5 Q1 FAALES L3511 0.992] AUCE
2| =
Hofl At oheFet i MAled e R o &R Y-S ThE 4= Lo o] =Foll A theFet mAled 9
AE52YP S GFESH TS A8} Wolpert (1992)+ level-08} level-1 Z59] 7g= &3l o2 7]
ot FH O ERE S G (ensemble)sh= B Q1 AE] 7] (stacking)& A| Qo 1L #H S (overfitting)
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<
ju)

= W57 flste] k-EE w2t HEF ARE AHE-oto] HEFE 3 (meta learner) S ¥ ot= W& AF6kel
t}. 2 o] Breiman (1996)-& A 7] W2 3| HEA| 2 &7F6F9 Tt} 1 & van der Laan 5 (2007)2 o] 220 2
KBS 03 A% ARz Aokl Qo1 Af7 nYe] gl YZHO 27te] ne Ahurt £
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<) r
2| FAL th 3} Ak 23 A o] =RA AMEStE MY A 2AA
=] Al Arg okl oheFet 257 (classifier) & /g2t = ~E7) B
q]

2. Y-E

2.1. 2A|AE] 5|78

w4 AE Y F W o W A 248 S84 Yo BAY 4 otk A W A 77
2 B W5 NS 2ok SHS 1), 2 05 oo Ak et 2o 2AAE RN nY oz E

P(Y = 1|x},2)

it -
1P = 1x,,2)

=Bo +Bx; + yTz.

W% 7 M9 79 7P (dummy variable) G El o] 31 8, el olch. kR ARSI A A5 AHE
&= ZAg-ofm B A ALY A W x0 Y] mef ohekRt ARGl tigt A4S AT 4 Qi
o2 W4 9] 30l §H7} @ genotype) AA, AB, BBZ} 715 A% W 9] 2
7Hadditive) o] T3 FY2 0, 1, 12 5I'H A (dominant) & o] H ) whoF B
75 AolAE A p-k AHESHE AT A A Hek,

2.2. Relief 7|8t X1 2|S

ey
Rl

v

Relief 7|4F 41252 42282 7= HapaS Zotiie H2Aolx dae|E 7o) W g o4
glFolth. o] ¢al2]E2 Kirad} Rendell (1992)°] &Jsf Az AME et EH§ Hlo[E7F X = {x; €
~ °

Riy;eR:1<i<poldtg HEEy =0E2E 12 F 2 BF EAQ 49, Relief 13
oS3 22 39S vhEStt
1. Hxof d 24 2] ¥4 7152 WE (weight vector)S W = (wy, ..., wy,...,wg) = (0,...,0)2} Z-& oJulg

2. JOHE (x;,y) S FE0HL, o] YR T2 F A (L y; 7D HTA ol FH TS (nearest
hit) ZE x;, = (x;,1,..., X,0)8 T2 ZEL(HE y; 7D FTH o2 FHFH A f(nearest miss) T
X, = (X155 X%,0) S TR BEOF x;7} A7) Wa=oln] A3t SH(normalization) ¥]o] QIThd, & &

Aol] Al thgt 2
d
D(x;,x5) = Z |x1; = xo5l.
=
3. 4 DA MR 15 ME 2 T8 2ol AAET

(r+1) _ (r) _ |xij - xi/zjl |)C,']' - 'xi/njl . 1 d
i =w; R R N =1,...,d.
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ReliefF €17 2]= (Kononenko, 1994)= Relief &118]Z2 7| A5t ZA o]t Relief &1lg]Z0] ZF i of A
S Afo] Ha AT} gk Ao HTHAWE AL ATH= TF2 7], ReliefF= k7 2] 4:1_;&/\4:'_4 kel 2
2R A TS AFg3Itt o] W& of ReliefF %’_ﬂﬂ =2 Relief 12| ZH Tt 2 A ESIT) HE 9] 79 ReliefF
g Z8 107K 9] F 2 A AL} F| AT E AFR3SIT) ReliefF & 18|28 7= HE S 7JA6H= v
51 219 Relief 257} 78] SAIBITE. H = (... 3,15 8] k7)18] H29420] Ast 6 Aol
SFAL M, = (X, X, %, 710] 212228 A1 0] 5} ) 21 ko] 2L G, (e A BB LA 715
WE| = o} 3} Zo] A4 g,

r+l r |er Xir Jl |er Xir Jl .

AR kx;l k;w j=1,....d.
12, ReliefF 1125 9] A5 Faol Sl Wasol o] Aote = Aoz dujA Qlty. & =Rl %
AF-8-51 Tuned ReliefF &3128]5 (MooreX} White, 2007)-2 ReliefF & 112]&-& oj 2] H HFE St 12 7154
E Hol= F-go] A= A48 AATSE2H ReliefF &12]5S 7I4AH Zo|th. Tuned ReliefF ¢112]&9]
e bt Pk

I ReliefF 911258 883 (05, k = 10), 752 wol uje} aheo 2 Jaa.
2. VY AFAT e WS AA

RISk R0l 1091 71 350 R -8 AVISHR O TURF 10722 ek, 94:9] 47} A ek
Y= (multifactor dimensionality reduction; MDR) 24 9] 73-9- TuRF & 112]%0] ReliefF &118|&Ht §
Z 2 M58 HolFE= 7107 oFH A ¢t} (MooreX} White, 2007),

23. HEZYAE

SRR mRL g BRG] St olafstr] 419 Ee AL HolAw kel etARE B
F2 A =Ho] =X gol JEny o 2K A2 HoJZtt. Breiman (1996)2 A EFl(bootstrap) AR E
Beiol e SR RYG UE S A T UG 702 s v dageing el £
S Aol AT Tl SIAAH R RS 7he] HVPAS H220] B 2482 AH(mean square error) S 21
9l vt o] M T H A E (Breiman, 2001)E A|o1s} 4t A E LI A E o A= L E(node)of| A o] B5F
Sho WA g ARG F2oto] AeE MAne A1gate] 24zke] A AHUR BY AT 22t
L EOA B A A2 WS Aeisto] A4E S AR RS o] ABVAS WA sl aTE
71Het HE Y Z Y AET RE HEE ARRS] LEOA o]Bg 1= H|7) RS HT} o= o] Hojl};
o WREASEE 1) SRR Bt sfetol ol o] QA U Fak S
Apgsto] ZF WZ=0] QL2 24T 2 9l o1 o] W2 Mo 883k 2 ol Wa] 2ol Wi 2Qn
=2 gF-E4 T 74 (mean decrease impurity) 2} <=8 ¥ 43 Q Tt (permutation importance)”} ) E]-

W4 0 BFEEE s 22ke] S AFA YR oA M 7t Bato] AL e Tol A aEl B
=0l g oz Yoyt oAFA AR E’?‘JQ] ZF L E oA Bk SEF i), B x50 o8] 227
ol o] ko] o HEO MNFE n, B 55 L EE A 0. tp, 2 O F 7 R0 37t 2E9
NG5 ny, g, 012 SFFS W, S x; 0 4L S5 AR Ai(s, = o2 2t

I

L ngk o
-l> m

Ny Ny
Ai(s, 1) = i(t) - n—z(tL) - n—z(tR).

K

7} AR B RS Tt 8w, npho] AR RS AR DR R A v, 0 BFEEE Fa
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VI et 2ol Aot

VI (x)) = — 2 Aigs. ).
1) = Z T(Z) (s, 1)
o] uf, n2 A HE 0|, v(s)E B sollA AHEH Bgoltt. B S5 JE E(accuracy) = T
AL o] o] M4 29 T2 HHAS L 7 A (mean decrease accuracy)E]-J_ St B4k S5 XY A4 (gini
index)= & ¢ o] 9] HpFa L& P A YF A (mean decrease gini)2tal ot 257 249 4% o] =
A WS F U B} He) AR, 8 1,0 £ M5 FREE ARRALEY] 7 QAT
2ol #4702 L o) Aol 55190 BFO HOIHch Aol 5512 o of b
OOB) 2 o]-gato] Al4tgitt. ZF AMA A UE Hdo| A 4 x7F RA9I2 R o] o &2 AR
AP(;) TF8 3} o] AR,

I oA nyo] dl & (JEhE, AU A4 ) P 00B HE-S o] §5to] A4Hgit.

2. 0B E] j 4] A50] Blo] 62 74912 4.2 F o] Hlo] 612 ol gate] S AR B o] o %2
P/ ARYSER )52 0] YAR AP(x) = P~ PS4k

7} oAU RS TeH T ) NS SHAAUGRS A S AY RSB 0] £AWSF AL

 ohg 7t ol gtk

|

1
VhL(x) = — § AP (x;).
Z(XJ) NT a (xj)
ol i, APV (xp)E W7 ToIA Y] 52 Fagolth ol#gt M FRE0| A7]of upet fS e 4
s

21 © ™ VSURF (Genuer 5, 2015)2} varSelRF (Diaz-Uriarte, 2007)9} 74 A X | AEE 0]-&5}
w144 HPgo] Ak g,

A EfZ (stacking)
ol 2] 7421 9] B g2 Ajtol= A/dE B 9] sholth 28|17 o] A|RtE]7] Heli= of 2] 7] 9]
2] A I

2EAE 3 YT
AT o A Aot LY 1] A EAE St AAE 2 o e BY F UM 2 HEe
AEISHE ol AE5k ATt SHAITE Wolpert (1992)= |- 1(level-1) H| o8] o] /¥ w2} HF S o]
8otol TREAS] 267 ¥ ﬂ‘ﬁ}‘ﬁﬂlﬂ, Breiman (1996) €7 -2 2|7 2A = A2
71 % van der Laan -5 (2007)2 267 & ot o2 AWsiy A7) o s g 2ol ZeHA]
o2 7o g EoﬂEE} o %—5% oS A= AS Aoz Syl

FTHAGHOEE X = {x; e Ry, e R: 1 < i < n}2 BASEL H'H-0(level-0) Flo]H ety F2r x,%=
A mis=o wlgoltt. o] wf, M7 o] RS Aetste AEA M2 o 2t

L A0 lolHE UL, Xy = X 1L XinXp = 0,Vk # K S TEA 71 =K ZEX,,..., Xg 2 HTISH
7|7} 2L & B3},
2. X9 = X = X2 0|85t mAA| 7] 2] 2 (base learner) £, ¥ (x) S Aol ok 22 A EA S HE

o}

=), Koy)€Xp, m=1,...,M.

m

A7) FStz; = (2, 2, - - - > i) EHH-1 Hlo]E]2FAL A o] ghet.
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Base learner Predictor of base learner

K-folds
cross-validation
h —

Tl Level-1 data

Z Y
f2 -] Z11| Z12 ZiM| N1
TZ 221 Z22 Zam| V2 Meta learner

Y

Final predictor

>—>0
¥

Figure 1: Flowchart of stacking modeling process.

3. 91 TA A E level 1 Blo]el S o] goto] £4 §4 L. 1S HA8k5He et 2 (meta leamer) &
AR

7174 Bg Hgetol f,& 7ot A o4 Y vt P o=
)& llEo] A8t whebA, xool A 9] A& g (Ao, fu(x))

£ AEAE @d-1 dlolH & A-g_tct

M
du
Bl
Y
1o
ol
:{o
HT
ol
N
ju
Rl
>
2
fu)
<
>
—‘Ol(
ot

3. GOJE| £4
3.1. GloJE] M

o] =EolAE HAF ALY FERES AESEYS TEL7] fl5he] A L7HE Kang 5 (2019)7} Lee 5
(2020)9] ==of o]-&5 4007 9] -G (exome)A=E 0|85kt A g of tigt ZpA| g -2 Kang 5
(2019)°f] Az =o] glom o] dof A= gt A& Aol

etl= 32F B =AE 102E hFo = HHF 82t 40089 A H 47] AEeA&
A=Y 12 DA 9] FA2F A =7 A/d = o] CODA (http://coda.nih.go.kr)e]l S = o gt}
WA A ] A el (Fisher 5, 2014)0] ola) HolEgL o5, 24 F3F o2 A4lEl o] 1
27to]| oJ5) T =0 gitt. o] =RofA ¥R Agele FEHES-2 Kim 5 (2011)0] 71&%H Ao
7|50 whet oFE WA w(drug-resistance group; DR 15&) T oFF HF-3L(drug-responsive group; DS 15&)
oz EREQUL F=AFEL B o] 1|5t F 714 o] At ) 58 &9 AT
oF= (antiepileptic drugs; AEDs)& 5-8-5H A X4 1291 9] o]f gl=T&o] YA st= Ao = Aostgl=H],
ol F I1& 7] 2 E Z3ler] floll e A HHE B AASHA Aogt Aotk HAF A 8E

oW o of

e e
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MR DR 159 SAFES 54 ATte] B glo] DR 1H02 B E|dth 14 52 2% @5o 4 W1 5ol
o] HS $, AED A7} nlEe B 254 Wate] gl B oAl glo] Mo WA
SIS 84, 3-8 2194 DEEsS 7H4 Shabs B el Alelwlglck. oF v AL 4 BEdR Y
ol 1 o4 Watol 4] A2 AL 202 HOIFIYE Lee 5 (2020)9] &RofA9} Zo] 89| Lol

3.2. 2 &7 & O0]E| 32

Lo

GAAA 2] BATE $J5t] AAHA7 4D AAATA DA 91710l (read depth; DP)] Zho]
100174421 o]t & 9124 (biallelic) SNPYF &5 11 71 7= 54,7087 0]t} &, 2 =2 o A= ZF SNPH S
2 g2kl weto, 1, 22 FYstch SRR AA e dlolH ot o] R Sk AT WS Be 1A
dlolE o] A$ Tl Qole 4= glek. olfet EALL Hea7] $al, o] BolAL HolElE 5]
ZER T 419 ZES 298 HolH2 de @10 BES A58 dolH 2 Agsdr § Br
5740002 BA) 9FE ol 247he] BEF B & WK HAE HoH R Lo] L8 o] TS SY v
shdet. webA] 32070] o] TR TlolE 2 80749] o] HEG FlolE R A thil WSt
59e 79T 0|8 Bl A5 A2 ATt 14T 4SS HolHeld RE HepAHe 242
g dolH el Asteln Ae7 RS 919 10-BE wAbdE ARt A YolHE 1079 Bz
irol A Agtste] 2 158 dlolel R g Botolut ALgstalc.

=

3.3. i MEHNL OS2 H1=

o] ERAE T 2E 16714 o] M 0 2 WA e} o SR gL P4 5te] S wlwstch 2
B4 A8 P FSIOIA S % 54.710709] W58 oAk 2 QHle = Q) A el A o] WA st A
glo] -2 T2k 10%0] Ssh 5.000719] M52 AEEH 5 W) W Q) ReliefFS 4§ 5to] Bi+3574
A2 W W4E Adskolr. ek @4 lole o] BESo] oF 132] 1007]9) W7t A Egick. 5 A
BIZ A1d Py FS29] 9k RelielFS 2 §017) 9f3 e LA 290 2 1007)] W4E Hejstgict. A
WA W FS30IAE Zhzte] SNP W5et o], WA A|4717he WAE oz Be $el 244
SR AE A8 F p-gto] 0.005 o]5ke] Mo 4] Elo]Ele] WE W) TuRFE 4 85 5 TuRF F4
B ORETAE Y WSS AEG 7, A5 o] IS M Q) LASSOZ 28414 7440l
B e AAstc BluQTE glste] Z|Eo] SR AAS} Yold o] d|Zm el o] AHgEE W
el Wei 5 (2013)9] 5418 43 FS48 ol gatelet. o] 2% 228 37EAY p-gro] 0.0050]5}2]
W48 520k A9 WM4o] LASSO W& 2-§5Hich Wei 5 (2013)2 179te]) ] SNP7} g do]
B2 o 8513 2AAE SARAS S WA PN p-ghe] BALOZ 000012 AH§ I oL,

=

2 Ao A ALEH Fele o]E o] SNP4- STHOI/| 2 Wei 5 (2013)9] HloE it} WZ-2] 7j4:7} A7)

248 B M54 o)A p-ghe] AARLO.2 00058 AFgstA. AR E 4717
o 2 AdE W42 ALgale] 7 2R gL AR AE, DA AE BAL, WA AR EWHY
A, k-2 27g0] 8 el E, 2AAE 7], AE W (elastic netyS HEE T A8 LS H851o] 47]9]
thE 2 )7 2g MIE, M2E, M3E, MAES A4dosich 2 Wi Ale) uhg o 2 Aels W42 Abg-oto] 37}
7o) WAy FuaE A AE, WA 8 AZENEH A, T e 1 89+ 12747 9]
NZ2n g ATt 1 F BF MASE Wei 5 (2013)7} G413 o] 2R o 2 2 5 olrk. w4 A1e] g
FS39} FS49] 79 ASHAIZH ek 2 i 1417 A% 4 Q5|97 AR e AES AL86}= FS13} FS2
©] 79 518 oh2] O FSI i FS29} ulSgt A|7ko] 4 R Hic) B B HL 108E R %o s &

[>
Su
o
2
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Table 1: The accuracy values and the average accuracy values
Name  Feature Selection Prediction Model  Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean SE

MIE Stacking 0.725 0.662 0.738 0.709 0.802  0.727  0.023
MIR FS1: Hybrid RF 0.700 0.638 0.700 0.671 0.778  0.697  0.023
M1S (RF, ReliefF) R-SVM 0.663 0.525 0.613 0.620 0.704  0.625  0.030
MIG GBM 0.725 0.625 0.786 0.595 0.802  0.707  0.042
M2E Stacking 0.650 0.600 0.738 0.683 0.556  0.645  0.032
M2R FS2: Embedded RF 0.638 0.588 0.738 0.595 0.543  0.620 0.032
M2S (RF) R-SVM 0.563 0.538 0.688 0.620 0.580  0.598  0.026
M2G GBM 0.638 0.588 0.763 0.557 0.642  0.637 0.035
M3E Stacking 0.633 0.663 0.600 0.675 0.650  0.645 0.013
M3R FS3: Hybrid RF 0.550 0.688 0.588 0.570 0.667 0.612  0.027
M3S (LR, TuRF, Enet) R-SVM 0.625 0.638 0.575 0.633 0593  0.613 0.012
M3G GBM 0.675 0.575 0.688 0.620 0.654  0.642  0.020
MA4E Stacking 0.638 0.663 0.675 0.650 0.638 0.653  0.007
M4R FS4: Hybrid RF 0.575 0.625 0.588 0.633 0.667  0.617 0.016
M4S (LR, LASSO) R-SVM 0.613 0.600 0.613 0.625 0.686  0.628  0.016
M4G GBM 0.638 0.625 0.713 0.613 0.725  0.663  0.023

RF: random forest, GBM: gradient boost model, R-SVM: radial kernel support vector machine, knn: k-nearest neighbors,
LR: logistic regression, Enet: elastic net

J At theF 124]7F o] Al7to] AQ F| 9tk AATAZES 3.0 GHz Intel Xeon 1050 T2 A 4] 9]
AirE ol A/t Aafolnt

o] /5= Blasty] flsf 7k o] H& e oF AUCH= ALt 5} O 77 AT}:= Table 13} Table 20f 74
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Table 2: The AUC values and the average AUC values
Name  Feature Selection Prediction Model  Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean SE
MIE Stacking 0.789 0.678 0.787 0.719 0.829 0.761 0.027
MIR FS1: Hybrid RF 0.776 0.694 0.776 0.714 0.797 0.751 0.020
MI1S (RF, ReliefF) R-SVM 0.704 0.601 0.608 0.669 0.759 0.668  0.030
MI1G GBM 0.750 0.618 0.769 0.688 0.849 0.735  0.039
M2E Stacking 0.704 0.656 0.784 0.689 0.655 0.697  0.024
M2R FS2: Embedded RF 0.638 0.639 0.769 0.676 0.617 0.668  0.027
M2S (RF) R-SVM 0.637 0.611 0.728 0.676 0.661 0.663  0.020
M2G GBM 0.696 0.627 0.803 0.620 0.669 0.683  0.033
M3E Stacking 0.700 0.666 0.642 0.687 0.745 0.686 0.016
M3R FS3: Hybrid RF 0.602 0.691 0.630 0.639 0.670 0.652  0.018
M3S (LR, TuRF, Enet) R-SVM 0.609 0.639 0.599 0.690 0.678 0.643  0.018
M3G GBM 0.719 0.628 0.674 0.643 0.716 0.676  0.019
M4E Stacking 0.703 0.685 0.780 0.711 0.754 0.727  0.018
M4R FS4: Hybrid RF 0.597 0.653 0.652 0.661 0.718 0.656  0.019
M4S (LR, LASSO) R-SVM 0.610 0.639 0.599 0.690 0.678 0.643  0.018
M4G GBM 0.718 0.650 0.689 0.660 0.725 0.688  0.015

RF: random forest, GBM: gradient boost model, R-SVM: radial kernel support vector machine, knn: k-nearest neighbors,

LR: logistic regression, Enet: elastic net
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Figure 2: The average ROC curves of the 4 stacking models.
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Figure 3: 5-fold ROC curves and the average ROC curves of 4 stacking models.
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