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Variable Selection in Survival Models and Applications

Bo Hyeon Kim

Department of Statistics, The Graduate School,
Pukyong National University

Abstract

Determining relevant variables for a regression model is very important in regression
analysis. In ordinary regression models, there are a variety of classical techniques for
variable selection such as forward selection, backward elimination and stepwise
selection. However, these classical methods can be computationally intensive for a large
number of covariates and often suffer from high variability.

Recently, variable selection methods using a penalized likelihood with various penalty
functions (e.g. LASSO, SCAD) have been widely studied in simple statistical models
such as linear models and generalized linear models. The main advantage of these
methods is that they select important variables and estimate the regression coefficients,
simultaneously. Thus, they delete insignificant variables by estimating their coefficients
as zero.

In this thesis we study how to select proper variables based on the penalized
hierarchical likelihood (HL) in survival-hazards models including Cox's proportional
hazards models and semi-parametric frailty models. For this purpose we allows three
penality functions, LASSO, SCAD and HL. The computations are based on the R
packages including “frailtyHL”. Our methods are illustrated with clinical-trial data sets
from Korea and Europe. We compare the results from three variable-selection methods,
and also discuss their advantages and disadvantages.

key words : Frailty models, H-likelihood, LASSO, SCAD, Variable selection



JARMNEGNA HHs WHFE AYss AL wl§ Fasit. duk
g7 EYAM=  ANMHHH  (forward selection), T XA A
(backword elimination), T4 d=H (stepwise selection)?} #-& W

TS R g o Atk 2y ol W=

r>~l
X
(e}
s
—
T
Iy
)

o 2dA AR, ddkst A3 R (generalized linear models;
GLMs, Nelder®t Wedderburn, 1972), =29 Hl#d 3 =& (Cox's
proportional hazards models; Cox, 1972)3 & t}sk 44
A HAHGT V2ot BAHE Ve RE o] &g W AY Wo] Y
A A7HL Aok B BHe =% A 5 &
= Aotk o & =W LASSO

Oli

g sl s IFAAFE F4
(least absolute shrinkage and selection operator, Tibshirani 1996,
1997), SCAD (smoothly clipped absolute deviation, Fan¥} Li 2001,
2002) 2] HL (hierarchical likelihood; Lee®} Oh, 2014) ¥ # 3st+=
o] &3k WM AdE W Eo] St

AT AERHEGAA AF AR EHE S Ed LY
2 ZHAdE Y (frailty models)oll Aol Waiddl 5o sto] A
e 2 dy 2y 72 WA (subject) Wt £ F (cluster) ] 1@ &
g Soo) Wl AYRel ZeAEE Sea shtel BgE AERA

ARG o RN, F2 e AEAE (multivariate survival data)@l

-



Ao ARRE I AT oAV]A ZEdEE 2 JHAIY A E 59
Aoz & vA= TSF HA v WHFIH (unobserved random
effect) & 9vdt}t. Fan¥ Li (2002)+= vl Ze|dE] 2o o3y
SCAD ¥HH&34E o]&slo] HHsE F+H 7F5% (penalized marginal
likelihood) ™ & Attt o= Androulakis & (2012)2 °]& 9
A B X (inverse gaussian distribution)9} #2 L TS g dE #
F2 G dubdor ZydE Byl I FH ek e
ZHAEE AAG=H JoA v w77 e AR ANes g%k
SHAI W tekAl 7Fs X (Hierarchical likelihood; Lee®t Nelder, 1996)%=
oA AEAAE AT 5 A& Bk o} thYt wE g3 Ko
A BAROR FE&A AXNEAAE ATt (Lee, Nelder?l Pawitan,

2006). ¥ Aol BE AAEAE “frailtyHL” R A3 714 (Ha, Noh

ez sto] Hgg AdEstax n. 4goM= & dTEdE BEE

S FFAAE AAFLA S vhA GO, P F ML 3Fe WA
o Aso] tjF RE=E AN P
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=
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S

= p/Ael AR

(penalty function)
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o)

AR

1=1,.

ol o},
Xj'

o) HlEoln, 4

Tﬁ—#ei,

Ly
o 71A e ~i.i.d N(0,5).

&

Y

p/le T

-

,L“l_A

A7NA

3 ¥4 7} % (penalized likelihood)®'H o] o] Ax oMt ¥H 7}

S

o]t} (Fan¥} Lee, 2001).
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2.1.1 29 71EAN]

Mo

91 g & o

I = 4

ARG o RA,

I (el

A2l &

5

(covariates) ]

o

=% (semi-parametric) 2.8 o] 2= F

212 239 ¥H

(2.2)

)\O(t)exp(:clTﬁ), =1, =n,

M\t )

2A, pMeY &+

PN
T

S}
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I3
=
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r
o
i
by
(2

G). 4% 53 (semi-parametric model): \,(t)2] FEHI=

(non-parametric), &W#Fel IF  FHE  exp’f)E ottt
(parametric).

(Gi). BldAl YDA (proportional hazards; PH): & %t 1@ &9 n], = A
el A (relative risk; RR)e] AJztoll #AIglo] A3 Aol H|
(proportional) gt} 53], 2 232 PHete 7HH o2 Q3] 34 3
TG o] ft

(iii). ¥ A#A& (No intercept term): A\, ()7} 2 & 317] w0

2IB= A4 (identifiability) &A1 2 <la] AHFS Tgahx i

213 289 & 42 ¥HFAH

b/

F2 AR FE& A 19729 F2E 1A GGl gk ofF
d AR glo] S|ARTE FA35H7] fIgk AVs % (partial likelihood)E
27089k Andersendt Gill (1982)2 counting process °©] &2 A}-8-3}
o, AVt s HAU=E = IAETY FREFS XA} A4
I e g g AAS =it AMES 935 Johansen (1983)

& F29 HArleEE WWH7ESE (profile likelihood)7}F HthsE AMA =

|

—

|

SARY L 2280 A AAF zYdE e 5% AHg-2A, L
(3]

EI7F flow w2 SAaRge] 5] wgo] 2249 ZydE 2y
RpdEg s AREE 5 Sk meb 25)4 M Aae vpep o
RG] WA 2240 =5t g



2.2.1 239 7]&d

off

Y dE 282 2t JNAl (subject) Y T F (cluster)e] A& st =

A PHEZO ZHYE (frailty)E 323 stto] e A
=84 IARgorA, F2 HAHEFYEAE (multivariate  or
correlation survival-time data)®] 3|72l A& WAL At} o714 Z
AAdE = 2 ALY P EN sHASE ¢S HA = #S HA @
HEads guidn. ZedEHe  #Exs SAFHeR EIAq
(log—normal) =+ 77l (gamma)w+XE A ATt} 53] FA2RPL L
Ay BEPANAM BeE 20 ZHYH (log-frailty)9] #tol 0 (§ 213
ddE o FA4kol 001 Afel sigHER I dE S oA Hl

}et T At (Ha &, 2012).

PN
= 1

1

2 A

b

222 239 ¥H

7t Qe FEE ZHEYYH w7 FAd o, iHA QY jHA BS
ek EAE T0] =15 $19E (conditional hazard rate) v
ol F¥ AT

Aij (t lu;; :cij) =X\, (t)exp (:cgﬁ)ul, (2.3)
A7) N\ ()& T 1A (baseline) 9 3 §HolH, g Tl thdt pii
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255 Awste Aol AT (Lee &, 2006).

EX
ZEAdE 2E (23)9d tigk oA 7HsE (Ha, Lee?t Song, 2001)
o}

h=h(B,X, ) =L, +1,,

by = Zlog f(yijv 5¢j|ui; B, )‘0)
i

] ()

A71M e ZHdE w7t Fold o ASHE FERSF (y,0,)E59 =

A 2717} % (conditional log-likelihood)2] o] aL,

— Zlog fv;0)-

E 21 ZHdE 9 23 7bsR Folth 7N =z f+uE 9
FEol| #ek AF 52 (linear predictor)o]th. TRF y = #5H= A

EAOM 5 FEAY 3B GEhe A @Rtk AT A (1)

o g HHE I R v A By g FES 9
Breslow (1972)¢} Ha & (2001)¢] ofejyojo] we} & AFgA= WA

~

1A F2A &84 (baseline cumulative hazards function)E o3 72

o] 7F4gst3 .



A7yt s T AR Ze A3HE AEALx

)

=t

Moo =X W )OI EE Sl @ 744 sl A A B AAT 9 e 5w

(profile h-likelihood), & h"=hl, _; & AMg3tch webs A= ofefs}

0

ol £ ¥ Y (Ha 5, 2001).

ho=h(B\a)=10+¢,,

o] 7] A
0= Zlog £ (3> 0, Jus B)
ij
= Ef(yzjv 6ij|ui; 57 )A\())
1
ij
_ R o h s ) . oh _
= )‘Ooﬂ /]tO]';q ‘—'3*—-&]7 )‘Ok(ﬁvv)_ - T—O
Zi,jER(k)eXp (mj) 9 0k

(k=1,..D)22 7Y QoA = FAZFo|th o7]|A dijy = y<k)°ﬂ/‘194 AL

3}k

Al Folal Ry =Rly,)={G))y; =ynts ypolHel A3

(risk set)o]t}.

TAYY B5 (F AERF) o9 FES AW 2YE @9 tuAst
=

W

T (5 £
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2003, 2005).

P 07) = [ = T1ogaet (150105} | ,
(Bw) = (B,v)

A71A H(h*;Bv) = —&°h*/o(B,0).

224 233 AFHEY

g
)
e
o
L
N

7Fs%= h, (Ha 5, 2014)= vth53 o] Aojdth

d
h,(B,v, 0) =R —nY J(8]),
j=1

(i) LASSO (Tibshirani, 1996):
J(181)=~18l
(ii) SCAD (Fan¥} Li, 2001):

J, = 1(| 8l =7) +
A7 x, =xllz>0) 02N 22 YFHES T
(iii) HL (Lee®t Oh, 2014);

J(151) logw | 3 | (w=2logul(A) | wld)

= logl(1/w)+ -
w 20 2w w

o714 w(g) = [{8wﬁ Ja+(2 }1/2—!—2 ]/4



A9 A 7R HEEgTES 5L vy 2ol
(1) HLE A+ wel ol wet 7 &2
0%l 4% Ridge’} ¥9, w7}

A% 049 gol SO FauUge

ol WMatstA HH, 53
2% 4% LASSO7} HW, w7} 20H.t}
e 7t Aot (Figure 1

w7}

Az)
HL{w=0):Ridge HL{w=2):LASSO HL{w=30) SCAD
II II H |III © Y :
! f \ \ /
II| |II Ch Il'u 7 II| |II
l I| '-II ‘-\ / |
II| II \ ./ \'| f/ II| III
IIII IIII = \I II,'I lIIII IIlIr |II II|
= I', |II o) II': |l|ll - II| II - I| |I
g | | i - \ | 3 |
(-} II |I g‘ 'I =Y II s | I
|I III| II / | | || ||
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\ i / ‘ | |
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be13 3 1 1 :Eﬂta 1 2 3 3 2 1 t;.m 1 2 3 3 2 1 mfm 1
Figure 1. O3 Feje] AR
(2) & 4H e Al 7HA 28 (oracle) 8 & =3t (5, &
A4, A% 9545 Fandk Li, 2001, 2002). LASSO+ LiEHo=

= AS
a=3.7%

ol ey

1R Al A A

=t Fan¥ Li (2001)+ SCAD ®E A o] A

Btk Fan¥ Li (2001, 2002)
sk A9 @ dgols 2
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HAstE o TherE ol gt |
(maximum penalized h-likelihood) F7%

a7t Fod W, (6,0)°] MPHL 4%
A2 (joint estimating equations)®l] <84l Aol Xt}

oh, /op; = ol /9B, —nZ (81" =o,

1=1
oh,, /ov=0l"[ov=0
uehA] HAHsE tdA JteRE FAEAL gy o] xdEY (Ha

5, 2014).

XTwx+ nz7 xTwz

W X Tw
X AT
7" WX Z-WzZ+U

ZTw+R

¥

A7NA, Y3 =diag{J (BB}, W= = Jonon", U= —o%,/00",

w= W+ (—p), n=XB+ v, u=Ayexp(n), R=Uv+al,/ov o] =217

T ZYdE BEPA = R=0°] H}.

(24) AollM ma-=Zd|dE o7b gloew, Q4= & oA EA3E

2~ 0]
P

(XTVVX+ nzv)ﬁ = xTw', (2.5)



A714 p.(h,)=1|h,— %1ogdet{H(hp,T)/(27?)}]|T_ -, H(h,,7)= —0°h,/o7

o], 7= oh,/or=09] o]t

¢H & XS (tuning parameter) y& AEat7] flste] thebA 7}
S Xo] 7|4¥k3k BIC (Bayesian information criterion)®Eje] 3 7]+<
o] &3ttt (Ha &, 2014).

BIC(y) = —2p,(h,)+e(y)log (n),

04 7] /\1 e(’y) = tr[{HHﬂ +n2ﬂ/}7 ngﬂ].

= (Hﬂ'ﬂ + nzw)i 1Hﬁﬂ(Hﬁﬂ + nzw)i g

ot}

v=0

AN Hyy =—o’h/of O3 h=1h|



HeAF AEHgA IS A= )@ AAA S (multi-center
clinical trials)ell A} 7+ 82 AFAAIZE (event times)E°] #55 &= A&
(nested B+ multi-level) ©AFQ 22 A9, + /M9 Zydy s
g = v 1,5 dHA Al &a e juAl gk gigk g
A ABEAZRelt ekxb F He] ZHldE & o9 v, 7F FolE
AIZE 1,0 2R PER ZdEE E2adq AR ZEd

(Yau, 2001; Ha &, 2007)e] Ao= vh-3F 2t
At Vg5 inj): Ao (t)exp(:cgﬁjL 4 inj),

A7 vy, ~ N0, )24 iAo 2aZdE o], v, ~ N0,0,)
2 iHA Al AEFE (nested) jHA FALe] L UE 0N,
v vy, B AR SHOTh AR ZHdE RYL 3T ZHAE R P
AFgsrh sh o FrhE s Jefelr] wiel, oldd Wid vdA 7he
FEe GA el 7hEsitt (Ha 5, 2007, 2015). whahr] AR
il

FAYE 2284 AAE FEZHUE EFPA HMEHHHS
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Ao ALgE W= Table 10 AW o]l

Table 1. PBCA 5 9] W4

g A
id A 5
futime 5 T APETEA S AR (D)
status PBCe AEAFR (00 AE, LAMY)
drug ofe] TR/ (Lir-#lyAenl, 20 912
age Lol
sex A (0 24, 1 HA)
ascites 4ol f5 (00 by L, 1t o)
hepato 7HE9 F5 (0 ofy 2, 10 d)
spiders EEA7IEY E4 (0 okH L, 1 4)

FFo &4
edema (0 ': l?—%—i’] AU FFol gt olmARE 5}?] &,
05 : o]=A & glo] FFo] e AY FFo] A5H,
1 :oxXFd= BEF3IiL FFo] U5 )

bili 2% Y FRH (serum bilirubin)
chol 4% FUl&HE 5% (serum cholesterol)
albumin g4 R s (F9 gm/d)
copper Ao A9 copper &% (T9]: g/day)
alk_phos alkaline phosphatase &%= (&¢]: U/liter
sgot SGOT (&¢]: U/ml)
trig triglicerides (¥+$]: mg/dl)
platelet platelets per cubic (+$¢]: ml/1000)
protime prothrombin time (&9]: %)
stage 2284 A (1, 2, 3 == 4)




o 714 AEAZFS futimeo| 22, T E=d X AlSh
Aol ymx] WL PBCY Ao d3dFS vAE + e
ol th.

o] Az = ZF ARl A g Wk AAEA|ZEO
(univariate survival data)o]”] W&ol HFE2EEH S o= st A 7}
2 wsAE (LASSO, SCAD, HL)& AE&H3ich o
AAAT T A= Table 20 295 o] Qi)



Table 2. PBCAE: SE2EFPA AL dds T3 F44
IJAAT R BELA

No LASSO LASSO SCAD HL
Variables Ppenalty (GCV) (BIC) (BIC) (BIC)

Est(SE) Est(SE) Coef(SE) Coef(SE)  Coef(SE)

drug -0.06(0.11)  0.00(0.00) 0(0) 0(0) 0(0)
age 0.30(0.12)  0.17(0.09)  0.200(0.058)  0.307(0.101)  0.160(0.048)
sex -0.12(0.10) -0.01(0.03) 0(0) 0(0) 0(0)
ascites 0.02(0.10)  0.04(0.07)  0.021(0.014) 0(0) 0(0)
hepato 0.01(0.13)  0.00(0.00) 0(0) 0(0) 0(0)
spiders 0.05(0.11)  0.02(0.05) 0(0) 0(0) 0(0)

edema 0.27(0.11)  0.18(0.11)  0.187(0.055)  0.264(0.091)  0.178(0.050)
bili 0.37(0.12)  0.35(0.12)  0.385(0.065)  0.468(0.081)  0.421(0.064)
chol 0.12(0.10)  0.00(0.01) 0(0) 0(0) 0(0)
albumin  -0.30(0.12) -0.22(0.10) -0.237(0.063) -0.306(0.111) -0.247(0.060)
copper 0.22(0.10)  0.21(0.11)  0.247(0.060)  0.299(0.082)  0.268(0.059)

alk_phos  0.00(0.08)  0.00(0.00) 0(0) 0(0) 0(0)
sgot 0.23(0.11)  0.09(0.08)  0.106(0.042)  0.024(0.011) 0(0)
trig -0.06(0.09)  0.00(0.00) 0(0) 0(0) 0(0)
platelet 0.08(0.11)  0.00(0.00) 0(0) 0(0) 0(0)

protime 0.23(0.11)  0.09(0.09)  0.150(0.051)  0.008(0.004)  0.110(0.037)
stage 0.39(0.15)  0.21(0.09)  0.255(0.065)  0.379(0.123)  0.242(0.060)

Note: GCV(generalized cross—validation; Tibshirani, 1997),

BIC(Bayesian information criterion; Ha &, 2014)



BEXA3 BIC7)FdA Add Z&RF 49 7S LASSONA =
0.05, SCAD| A+ 0.06, HLoI A= (w, a) = (10,0.001)°] 1 t}. No-penalty
Sto| A= T age, edema, bili, albumin, copper, protime, stage®|
otttk GCVel ¢g LASSO®® (Tibshirani, 1997)& HWr4 o=
BICe| 93t LASSOWH 3 FAgE A#E ®Wlth LASSOBIC)E 2

1

1671 F®HFF 970 (age, ascites, ederna, bili, albumi, copper, sgot,
protime, stage)’} A e ¥l SCADBIC) S 87 (age, ederna, bili,
albumi, copper, sgot, protime, stage) A ®¥ At} HLBIC)WH-S 770
(age, ederna, bili, albumi, copper, protime, stage)7+S A&l 3lt} Table
20 2]t LASSOBIC)WH oA+ No-penalty 3tollA F93t# &
SHF “ascites’®= AEote] Ry B2 FHPES WFAdEET. o7
A SCAD®®H 3} HLWH o] Htoh

4 Atk T, SCADW o] HLYHEEY W45 3y ¢ A

32 74 I A=

A 2: +Hd AR

gom Ak st QI ASE FUteta e FAITH
ket #a B AF7F A H gSodE Bsa, Y90S oA

F2EI fgorel #ile] gloget FEHEAN obn ®Ps wHA
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Table 4. FHLYASE: TF ZILEHREFA HFHAHY S T
FAYE IJAAF € EFLHF

Variable No penalty LASSO SCAD HL
Tmax -0.059(0.392) 0.003(0.002) 0(0) 0(0)
Tvol 0.892(0.328) 0.447(0.133)  0.613(0.171)  0.559(0.160)
Nmax 0.393(0.453) 0(0) 0(0) 0(0)
Nvol -0.275(0.458) 0(0) 0(0) 0(0)
Tumor -0.910(0.884) 0(0) 0(0) 0(0)
Age 0.157(0.318) 0(0) 0(0) 0(0)

BIC7]Fell A A8l® &R 19 2 LASSOC A= 0.11, SCADe A

T

= 019, HLAAE (w,a)=(3,0.077)o] At T dE B4 FAHAE=

No-penalty ol Al a=1935% u]-$ & k< 7HAth o] FAS3F AE=A]
Zro] ol @A o] Aeltt= AS YEFAT (Figure 2 &%), W& Tvol
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s F (Tvolrbs A” 3tk o714 LASSO+= No-penaltyel A <] 38}
A B WE Tmaxs sty o Ad9gs #5d 5 vk o8 23=
Table 29 A A3E &

Figure 2+ No-penaltystoll 4] Al7kel] w2 ZedE 3= A 73}

s Fr agelth 92 2a-xdde F4Ad e 4ol
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(5 AL FAT, Fe] AL AP BAE 2 TALE @
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oAA 3 BB AR
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GFE VAL FFAHEUD) hake] Folp Iz} drk B R A

= LAY A 7040 466 Yo E oL, vk = 127,

Table 5= #4d] o] &%

rE

o] Awolt},

Table 5. W3¢ A5 ATAHAE

A A
timeDFI TE 5 ALTA L] AIZE (L)
statusDFIc 3 oke] oAEE o] Fhe(0F B 1 2
Trt dose BCGHY 2 (1: 1/3 dose BCG, 2: Full dose BCG)

Trt duration FA&% (0 1, 1: 34 )

Age o]

Gender A (00 g4 18 oA

typeBC Hkatole] -3 (0 Primary, 1: Recurrent)
Tumsize 7V & %Y -27) (mm)

Nbtum ¢ =

Tstage wgeke] A4 HadA (0: pTa, 10 pT1)
Ggrade gk 2484 Fu (1:Gl, 22G2, 3:G3)
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HA A2 ZEdE REs EA3 Ay, =Y ma-ZdE 24

[kl

20 (a, =002 7T Za-T JEEALS 0.069 (a, =0.060)%A
T 7tE e EAEHA &t mebA E AT A e Z|HZH dE RS

7EA AL AT A4 A 3= Table 69 A A E o] 3l

Table 6. HFLAE: FF ZHLERFA AFHAHAE T3 FHE

JAAS % EEOR

Variable No penalty LASSO SCAD HL
trtdose -0.175(0.145) 0(0) 0(0) 0(0)
trtduration -0.338(0.144)  -0.143(0.063) 0(0) 0(0)
age 0.043(0.019) 0.041(0.017) 0.024(0.011)  0.033(0.014)
gender 0.008(0.183) 0(0) 0(0) 000)
typeBC 0.628(0.167) 0.343(0.095) 0.602(0.147)  0.201(0.053)
tumsize -0.002(0.006) -0.004(0.005) 0(0) 0(0)
nbtum 0.129(0.038) 0.120(0.033) 0.056(0.017)  0.120(0.031)
tstage -0.144(0.200) 0(0) 0(0) 0(0)
ggl -0.520(0.252) -0.054(0.030) 0(0) 0(0)
gg?2 -0.214(0.214) 0(0) 0(0) 0(0)
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Z%). No—penalty sloll A F®H = trtduration, age, typeBC, nbtum, ggl
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HZ: R codes

HHHHAL B B 2 Q7| ##H

rm(list=Is())

setwd("D:Wdata")

library (survival)

library (frailtyHL)

source("frailtyVS.R")
pbc<-read.table("pbc.csv",sep=",",header=T)
bre<-read.table("raw_stand.csv",sep=",",header=T)

eortc<-read.table("eortcdata.csv',sep=",",header=T)

#1. PBCA=® (3.1")

##Cox model
coxph(Surv(futime, status) ~ drug + age + sex + ascites + hepato
+ spiders + edema + bili + chol + albumin + copper + alk_phos + sgot +

trig+ platelet + protime + stage, data = pbc)

## Cox model (No penalty)

no_pbc<-frailty.vs(Surv(futime, status) ~ drug + age + sex + ascites +
hepato + spiders + edema + bili + chol + albumin + copper + alk_phos +
sgot + trig + platelet + protime + stage +(1]id), model="lognorm",
penalty="lasso", data=pbc,
B=c(-0.06,0.30,-0.12,0.01,0.01,0.05,0.27,0.37,0.12,-0.30,0.22,0,0.23,-0.06,
0.08,0.28,0.39), tuni=0,varfixed=TRUE, varinit=0 )
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## Cox model (LASSO)

la_pbc<-frailty.vs(Surv(futime, status) ~ drug + age + sex + ascites +
hepato + spiders + edema + bili + chol + albumin + copper + alk_phos +
sgot + trig + platelet + protime + stage +(1]id), model="lognorm",
penalty="lasso", data=pbc,
B=c(-0.06,0.30,-0.12,0.01,0.01,0.05,0.27,0.37,0.12,-0.30,0.22,0,0.23,-0.06,
0.08,0.23,0.39),tun1=seq(0,0.1,0.01), varfixed=TRUE, varinit=0 )

## Cox model (SCAD)

sc_pbc<-frailty.vs(Surv(futime, status) ~ drug + age + sex + ascites +
hepato + spiders + edema + bili + chol + albumin + copper + alk_phos +
sgot + trig + platelet + protime + stage +(1]id), model="lognorm",
penalty="scad", data=pbc,
B=c(0,0.2,0,0.02,0,0,0.18,0.39,0,-0.24,0.25,0,0.11,0,0,0.15,0.25),
tun1=seq(0,0.1,0.01), varfixed=TRUE, varinit=0 )

## Cox model (HL)

hi_pbc<-frailty.vs(Surv(futime, status) ~ drug + age + sex + ascites +
hepato + spiders + edema + bili + chol + albumin + copper + alk_phos +
sgot + trig + platelet + protime + stage +(1]id), model="lognorm",
penalty="hl", data=pbc,
B=c(0,0.2,0,0.02,0,0,0.18,0.39,0,-0.24,0.25,0,0.11,0,0,0.15,0.25),
tun1=c(2.1,3,10,30,50), tun2=seq(0.001,0.1,0.01), varfixed=TRUE, varinit=0)

#2. YA (3.28)
## frailty model (No penalty)
no_bre<—frailty.vs(Surv(PFS,PFSdel)~ Tmax + Tvol + Nmax + Nvol + tumor

+ Age + (1]id), model="lognorm", penalty="lasso", data=bre,
B=c(-0.059, 0.892, 0.393, -0.275, —0.910, 0.157), tun1=(0))
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## frailty model (LASSO)

la_bre<-frailty.vs(Surv(PFS,PFSdel)~ Tmax + Tvol + Nmax + Nvol + tumor
+ Age + (1]id), model="lognorm", penalty="lasso", data=bre,

B=c(-0.059, 0.892, 0.393, -0.275, -0.910, 0.157), tun1=seq(0,0.2,0.01))

## frailty model (SCAD)

sc_bre<-frailty.vs(Surv(PFS,PFSdel)~ Tmax + Tvol + Nmax + Nvol + tumor
+ Age + (1]id), model="lognorm", penalty="scad", data=bre,

B=c(0.0027, 0.4470,0,0,0,0), tuni=seq(0,0.3,0.01))

## frailty model (HL)

hi_bre<-frailty.vs(Surv(PFS,PFSdel)~ Tmax + Tvol + Nmax + Nvol + tumor
+ Age + (1]id), model="lognorm", penalty="hl", data=bre,
B=c(0.0027,0.4470,0,0,0,0),

tun1=c(2.1,30,10,30,50), tun2=seq(0.001,0.3,0.019))

#3. YZLX= (3.32)

##nested frailty model
ne_eortc<—frailtyHL(Surv(timeDFI, statusDFlc) ~ trtdose + trtduration + age
+ gender + typeBC + tumsize + nbtum + tstage+ ggl + gg2 +

(1 linstitution) + (1|Country) ,data=eortc)

## Frailty model (No penalty)

no_eortc<—frailty.vs(Surv(timeDFl, statusDFlc) ~ trtdose + trtduration + age
+ gender + typeBC + tumsize + nbtum + tstage + ggl + gg2 +
(1linstitution), model="lognorm", penalty="lasso", data=eortc,
B=c(-0.180,-0.094,-0.010,0.199,0.097,-0.003,0.139,0.364,-0.071,0.042),
tun1=0)

_86_



## Frailty model (LASSO)

la_eortc<—frailty.vs(Surv(timeDFl, statusDFlc) ~ trtdose + trtduration + age
+ gender + typeBC + tumsize + nbtum + tstage + ggl + gg2 +
(1linstitution), model="lognorm", penalty="lasso", data=eortc,
B=c(-0.175,-0.338,0.043,0.008,0.628,-0.002,0.129,-0.144,-0.520,-0.214),
tun1=seq(0,0.2,0.001))

## Frailty model (SCAD)

sc_eortc<—frailty.vs(Surv(timeDFI, statusDFIc) ~ trtdose + trtduration + age
+ gender + typeBC + tumsize + nbtum + tstage + ggl + gg2 +
(1linstitution), model="lognorm", penalty="scad", data=eortc,
B=c(0,-0.133,0.041,0,0.330,-0.004,0.120,0,-0.040,0), tun1=seq(0,0.2,0.01))

## Frailty model (HL)

hi_eortc<—frailty.vs(Surv(timeDFI, statusDFlc) ~ trtdose + trtduration + age
+ gender + typeBC + tumsize + nbtum + tstage + ggl + gg2 +
(1linstitution), model="lognorm", penalty="hl", data=eortc,
B=c(0,-0.133,0.041,0,0.330,-0.004,0.120,0,-0.040,0),
tun1=c(2.1,3,10,30,50), tun2=seq(0.001,0.1,0.01))
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