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Abstract

Cause-specific hazard model (Prentice et al., 1978) and subdistribution hazard model (Fine and Gray,
1999) are mostly used for the right censored survival data with competing risks. Some other models for
survival data with competing risks have been subsequently introduced; however, those models have not been
popularly used because the models cannot provide reliable statistical estimation methods or those are overly
difficult to compute. We introduce simple and reliable competing risk regression models which have been
recently proposed as well as compare their methodologies. We show how to use SAS and R for the data with

competing risks. In addition, we analyze survival data with two competing risks using five different models.
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1. M2
t AN $8 84 (hazard function) h(t)+= o3} 2ol Heojgd 4= Qi)

__f®
)= 1"Fm
F(t) = P(T < t)°laL, f(t) = F'(t)elth. h(t)= t ARl w7k 2duis &, Abgste 7iA1 ]
& 5ol A83 = gk ol A Foll tisl Cox (1972) & AR FFE & + & sHFS 1
Zslo] o2 22 vld $18 2 ¥ (proportional hazard model)& A 2T}

At Z) = Mo(t) exp (ZTB) . (1.1

Lo

ol ml, Xo(t)& t AlEY 71AY &S (baseline hazard)o|il, A(t;Z2)E FHHEe I+ exp(Z2T8)7

-l—‘

Xo(t)oll vl 4oz gAY Cox 232 %Xgﬂﬁ(competing risk) 2 123A] &L Y9I

of gk 27 mYelzt & = itk AAZMAE A Adol SAske AL AE (survival data)"ﬂ

teiA @ B F4 DAYE (cumulative incidence)ol ek W2 A7t Cox B3 (1.1)S T4
AaL

=
A7 YHE o olAm gtk JRBEG FA PABS Austt mPel e 4T PHow B4
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2 (parametric model), &2 4 & (semiparametric model) ©]2]o% H]E 4 #H (nonparametric
model)¢] At} BB WPHOZE= Gray (1988), Lin (1997)oA AAE BHHE T8 A TYT+E
4% 4 Aok ng PEe A4Rg AL HE WolN £8F 4 Yo}, R4S B AW 5
Sl o] itk WolA 34 SHolA SAZE ek, of w=RolAe 24 3ol thol E24
ow Aoe WA Il el £ Feh. MR AR ol gHE A8 AW 37 mIL
Prentice 5 (1978)2] cause-specific 913 237} Fine¥} Gray (1999)¢] subdistributiong ©]-83F H]

o 919 RPoeM, Cox va A% 28 (L1)S AN 2Folth. o] T 2L 97 FruiE
FA ABES 233)Egtt. Scheike 5 (200 )3] o] 39 23 (direct binomial model)> 93 &
22 B34 23 w4 BAE ol ta 2y Bes ol Scheike 5 (2008)¢) o] 317
YL A AR Yool e Yeje mdYo] APtk Gerds S (2012)¢] A Y 7]
(absolute risk regression model)2 F2 LAE o) t)3t 3 Algol T Aol ou7t
ngo|t}. mxete 2 Eriksson % (2015)7F A|¢Fel v]g 2= 23 (proportional odds model) o]
B Az 2APRS 254 ek

st

l

1
q fl
b

2 ot

o
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0
tol

|7l 2
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2.1. Cause-specific 2|8 23

A A8 A (risk set), A $18 (competing risk) 9] /N3-S ols]d o 7F At} ¢ AlFANALY AE
3(risk set)2 t A|IZM7FA] A (failure) 0] dAUAE S5 Arh(censored) = LoJLpA] k2 AE|Z
F20 Aol &2 7Fedol e MAEY JE= “%:}‘ﬂr K79 72t7+ the SR/ Aol e
2, 7] Yolg gl 1,9 2,..., ¥ K'gly a1, Y &2 A3 YFo] A AHALS AFA
j(G=1,...,K) (event j)2tal 32} AZE 2 2 AZ2oA HA & (competing risk)e] FA o]
Atk ol & Fof, B4 |40 AT AES APVOL AGeA. B4 ol4S W 4G ol B4
oz dls) AHE A, WSl AL Q1% Aol Sk, B4 o142 Ael 1, MEHe) AL
99 22 BE o] FeHoltk. of wl AW AL 24 0|4 24 AFoleku Bek. ojv] A
1o] ol Th2 ¢, ol % Fol A 22 A Aol Ak, 2 AAE A 191 AR Aol =
YA G, B 29 A5} 2ol AGVLE. A% AL VY, 2 j2 AT cause-specific
hazard&= o} Zt}.

oﬁ,ﬁn‘.ﬁ—b

o PA<T<t+Ate=4T>t) f/(t)
hi0 = %, Y s

o1 o, Fr(t) = P(T < te = j), S(t) = P(T > t) = exp{— [ Sr_, hu(w)du}oli f;(t)
Fy(t)/otoltt. [, f;(t)dt < 10|22, BAH B3 (improper distribution)©]il, £AH x5 74|

6}7] S8l 1A & 29t Cause-specific @0 272 vl 919 2L =4 2

H

hilt; 2) = hjo(t)exp (278;) . j=1,..., K. (2.1)

Holt (1978)& 41 (2.1)2F ¥ v} Zo] B, gt -+ g (partial likelihood function)& T3}
Aok
At

_|.u

dj

exp {58 }
1 ZleR{tJ( y} €XP {28}

i
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A% d, M) TR, Rt} i) AR 97 A3,
2 AUz BEL 4,5 Beowd 2PN 7T

2.2. Fine2} Gray (1999) 2H

Subdistribution 9] -2 cause-specific I} tf=2A] AJH Y& Fglol 71x5ke] FoJHAT}. t AlA9
Aol ol 19 tist 91 A2 ¢ A Ao A 13 & A A 2 BE 7H?<ﬂ: ] z3
Hct & o, t AR ;ﬂ"ﬂ olm] @el 22 A% A = E]OVQ t }‘]7{401]/‘14 JEHE & 5 S
AoolE €2 19 AFE A AP Aol sicka ABska 1 AAE B 10] B AY Ael TN
2tk AFA joll o3l subdistribution ¥ 2¥-2 23 2t}

) = lim _ N i 62)
)\](t,Z)—A%IBOEP{tSTSt—‘rAt,e—leZtU(TStﬁe#]),Z}—W.
olw), T =I(e=4)xT+{l—I(c=j)} xocoBal 3}H, t < cod W] T BXFE+= F[(t; Z2)°]L
174 2) = 0F; (t; Z)/0telth. t = oo®| W, Pr(T" = 00; Z) = Pr(T < 00, # j; Z) = 1 — Fj(00; Z) ©]

th. oAl R El= WG A 1oﬂ 3t 918 28-S A9z} gt} Fined} Gray (1999)+& Cox 23
(1.1) 273, A4 $18-e 183 1] subdistribution 918 2&& t}33} Zo] AT

A (t; Z) = Aio(t) exp (ZTB) . (2.3)

o714 Ao(t)= AHA 10 thEk subdistribution 714 AAERH &=x Sk dolo] ¥ 5 7t
A3ttt Fined}t Gray (1999)0A+= 4] (2.3)2 212 W3}, g(z) = log{—log(l — z)} & ©]-&3}4
3 22 23S AlFch

9(FY (t; 2)) = log{A1o(t)} + Z" 5. (2.4)

Robins2} Rotnitzky (1995) 7} 2718t =2tk 715 %] o o3t 9 & inverse probability of censoring
weighting(IPCW)& ©]-&-3}o] E¢0]A}E (incomplete data)oll gt 30| 7Fs3HA sttt = 2
GE A" C7F AIZE T, 98 289 99 6, 3HE 29 SHolgke 7MF8tl, P(C > t) = G@t)
AL 54 oz st o] WA A ZH(failure time)S T o2t 3iA}. F= Fdto] e
T FAF R =t} wehA, AAZ FFE A7 Tk i, T = T A CE BAE 5=
% Add FPol= g e Y<l(cause of failue) e= FEH A =t 5 Zoho] AREA

=I(T" < C)E ol&stt AL S5 - HA ¢& 43¢ 1, 5 ddE S woll= 09 32 2=
okt AN AA i (i =1,...,n)2 vital FE] () I(C; > T At)E AT S0 7153
wi(t, G)E =3 2t

>

AZVA T, 67k FolRE wlf ri(t)/G{(T; At)—}o] 2K ZIHhgke 1o]th G% FAse AHew
Kaplan3} Meier (1958) ®o] 2 2olt}. 715X wl(t)é HAL3lo] HOoT B nE T e}

2 274 W40 QojArh,

= n N i - Zj wj(S)Y}(S)Zj(S) eXp{Z]T(S)ﬁ} w; (s i(s
D=3 {Z’” 5w (Y, (3) exp {27 (45} } (S)N(s).
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o) W, Ni(t) = — 1o N(-)olth 919 BOE B4E Aoz e &
AXNE 7T 5 Ut Fined: Gray $H2 44 7 RPO0E A5 2ol Yol T, A (2.4)0
A FY(t; Z)E cause-specific 983 ##HA Ex7} olye}, subdistributiond] &3t £3x0]7] wl&
o AFE Mt 2)S dAA3H717F 9A 94t} (Fine 2001). ¥FHo||, subdistributiono] 2743k 2 =H]
9(F (1 2)) = logit(FY (1 7)) = log{(FY (5 2)/(1 — F{ (5, Z))} = A 12 218 183} 1 A7) o1
3] 2] vl 3140] 57 Aol 0|87} B £ & s,

I(T; < t,e; = 1)0]3L Y;(¢t)

AR 8ol A volHE tE wf, 54 Al 710 9 E, 74 A FE =t AE gl &
Aol 9 A7k Atk WA AR vlE 97 2P Az whe Wee] bt ARtk A1 8
o BEoR 2y ]r/} :LE{L} = 9k g o A7kl whel o2 g9 1R WT 2AE PsA
o] glon, 54 Wpe AFENE & T YAT, =4I EF AHAANE dHP s st &
< £ gtk oA WA %@%a—%a w1 ) BE Ry vEolue Ao FEHoln 2e £
AL, AlZbe) whE B 35 nefsfopsls B8t AZth Scheike 5 (2008) 1A HlEH 9 =3
o= 3 s+-2

HH 2y W8S AXA ¢, 74 3 gE s Y Yske o) 3]7] 2 ¥ (direct binomial
& : | Adrsizey. Cox 23 (1.1)2 Z37t Al
Zbol whet WSHA] k= BRolAIR, o] RN tha3t o] AlZtel whe} Wshs &3t n(t) S 22

PI(t:Xi) = B{N(®IX.} = b {XIn(t)} (26)

ol wl, N;(t)& 2.2%oA e A} Zo] Ni(t) = I(T; < t,e; = 1)°]a1, 99l 19 Fsloz
Pl(t; Xq)oll olef AL 18 29k 92 &4 he Feie 43 Aok 7Hgsia ohoket Feje o] B
71 AL 4 9oy Ao dolEedl AN:(1)/G(Ti|X;) W] 7HexgE FoAgd 3, o 4]

< E3I)
AN, N,
E|E
s -,
°1714 G(Ti|X:)2 Kaplan-Meier o2 @ 3, 23 (26)00A n()E e 2E A5 A5

Un(n, G)(t) = 02 53] AT 5 e}, =, 2h2he) o)A Un(n, G)(t) = 02 2= whalolt),

Un( ) :ZD{tX tX){m—Pf'(t,Xi)}7

P re x| = v = e xo),

1714 DE(t, X;) = 0P (¢, Xi)/an(t) o1, w(t,z)= 7}EA]o|th
33, Scheike 5 (2008)2 23 (2.6)9 T3d RYPo 2N the} o] T 71X £Ho FRS; 2FHS
a3t

Fgol, AB 4 gt MBS BY EE B
X A 3]
. =4

3 =
g o8

1 A
+ o

270 244 (piecewise-constant)
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Atk B (2.7)S £ £24 2 (multiplicative semiparametric model) o] 2} 311, 28 (2.8)& 7}
H £R2 4 23 (additive semiparametric model) o] 2taL Stk B8 (2.7)37 (2.8)2 h o] Al o) u}
g 7|E 2R

02 WEe 4= 9lt}. subdistribution WHOZ 18 HS 131, h(y) = 1 — exp(—y),
z; =12 T4, 4 (2.7)2 53| Fined} Gray 28 (2.3)°] "®th

7,9)E Un(n,7, G)(t) = {Up(n,7,G)(£), U2(n, 7, G)(t)} = 0& B3] 7 5 9it}. o] ufl, Un(n,,G)

A (N
(,77% G) (t) = ;Dn (t, Xi, Zi)w(t, Xi, Z:) {é(Ti|Xi,Zi)

~ LT AN (t)
Y, G () = / DT t, X, Zi)w(t, X;, Z; 0 PVt X;, Z;) p dt.
n.7,G) (1) >, o Juo Nazx.zy 7 )}

P{]Y’Y(thhZi)}y

D (8, X:, i) = 0P (8, X3, Z0) /0n(t), DY (X, Z5) = OP] (¢, X, Zi) [on(t) o\, w(t, Xs, Z:)
el of ATNME FE AU HolE} gt A9l GF FASHE v 91014 Kaplan Meier
T E ESH P AGHTE £ I ASe] FRA/ QAN BEYS HYS S
t}.

2.4. 20 21 27| 2

HlE 998 ¥ cause-specific $18 233} subdistribution 9138 2FL HFE =4
o] e XLt AFE FFERY £ Y FES W7 HaAE A (24)9 22
483, AFE T2 HE HEE 53 AT A2 P (link function)df &
E9 59 AFgA o] 2t 1, 3F Ass th2A HA"HTh Gerds 5 (2012)2 Hoh H1F 3
3 (absolute risk regression model) < Aok}, o] B3 013 I P A w]g
37| k1, A 74 U FE FeE ves S o8t 2 9¥ I 2y
9 HslE w =4 S gl duht EEfA =R Aol s ol K9
A%, A7 19 A BAE BoL hE 2Tk

=
°= ot (o
O, ot

i)
=
4
, N
ol
2 bk
zo (3 py H o2
froeft X F e

o I‘]O do

Fi(t; Z) = F10(t) exp ZTﬁ) , (2.9)

A7IH Fio& Z =09 We] 8 W4E Foolth FUF 2+ pAdeln Addh b Hoz
R 2,71 9] S48 mhe] +A4 38 Wt exp(5) UL L 5 9

FI(ARR>( Z1:21,...,Zk:zk+1,...,Zp:zp)

Fl(ARR)(t,Zl:zl,...,Zk:Zky.”’ =) = exp(fk)
olwl, k=1,...,polth T R4 YL A7ts) 2}
gt Z)} = Po(t) + P12+ + BpZp (2.10)

o3 gt vlR FFsd B 1 Yok Lu Jrkn BT g(p) = log(), folt) = log Fuo(t)o]
WA (29)% 4 (2.10)7 27 "ok 22U 9% 39 ZHINE Fined Graye 2zt G}
A 2% AgE dlolgol tsiAs IPCW HhHS o] &3t}

2] (generalized estimation equation)el] tlgt 2& Zr&= W2
o =

=4 Aol e o $Ee) 12 29T &

O

23 (210)00 el Lwst 739
o FuY ANE FAUG. o] B3

32
E
iy
o °
w0 10
v
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2.5. Hlgf @= 2d

Fine (2001)< subdistributionoﬂ 71%38F 9FF s7F ABA FHAo] o]E 7] wlEof|, subdistri-
bution®]] RIS & HlE 2= 2 ¥ (proportional odds model)o] T AT A= AFS At} Fine
(2001) ) wet v &= BYPS WE 5 Jlo AmES R TREF | Q1A kol A AHEsH] o
% 7o) Itk Eriksson S (2015)% Hle] 9. Bgo] g A2 2APHL AR KA 27
SYol EATHE ARIA £ AWAA AL (= 1,...,K)2 A Aok FEL Fy(t) = P(T"

o= )o1ekn Sk o] AOIAE AR ol 24& BAA ARSAT, of o] T ARhE A2
Aol lolck, T7e] Bole 2293 2ok F, 102 BIAA $E 5 e Goln, AA B
T =T ANColt}. WahA Fi(t)+ subdistribution 9138 gl AT +34 DiLgO]E]—. 2] (2.4)°ll A
o) = logit(z) = log{z/(1 — 2)} 2 T, Te3 2 male= majo] A}

Fu(t; Z)
1-Fi(t; 2)

5.\‘ flo 1A

logit(Fi(t; Z)) = log { } =log(Awo(t)) + 278, (2.11)

1[—_14‘ ZIAREE Ao(t) = Lol 4= F718= 4ol g4 (positive monotone increasing function) 9]

3, Ap(0) = 00lt}. Z+= 2 SAE] I v 7FsA o] = FHEo|Th Fined} Gray (1999)
232 subdistribution®l] = A3F AbAe] that YA E EHE]' ‘jﬁo old)], cause-specificoll ZA3FA] 2+
7] 2o AFEES 0331717} vk o] F A ek, whdol| o] 23L& subdistributiono] 273ke] AHA 19]
dojg FET 2 ATl gt &9 vl EHUJ = “‘ﬁﬂ T erg oFetr]|7t ¢ sAstrt.

ol Yoz HE U3} 22 FAHUAYE $h4(cumulative incidence function) 7} A E o}

Al()(t) exp (ZT,('})
1+ Awo(t)exp (ZT5)

Q91 12 913t subdistribution Y& 4= o237 2}

Fi(t,2) =

1

0

ot
o W, A& Aw(®)] BIEROI FE dUHE ARL SY40z doju, P(C > 1) = G()o]
otk AR AAY BEXE T = T A Ci, Ay, Nei, ZiE EASEL, Cie id1A QA7 25 Add
A, A i31R7 ALY S5 A R Z,= o3R8 A gdEFeltt. A3 (counting process)
Ni(t) 2278014 AR Ni(t) = I(TF < t.er = 1)oli1, ¢ A7 ool A 7} A 12 213
%ol SAREAS ol RS Tk fgo] EE 7Fs Aol cle A (modified at-risk indicator) &
Yit) = 1— Ni(t—)= EARCh ¢ A% 874 991 12 3k 150] Aiehel ¢ A7iol Sl 7o) 2%
Vol Qemg 1ol Ha, & /A iv A3 Al =2¥Eth S ddo] A9 gl ol A%,
r;].ﬂ -‘Jr pd XN Compensated /d] J,]_x% g /\g ZJ'—‘G‘]- Alr/].

M / Y A10 ),B7Zi)dA10(u), (212)

ol W, a(A10,8,Z) = (e~ 132, Mi(t

S (2002)3 FARE WRo s ESFHT & | Jobd, N& Ve &

A 25 Ao] gl ALds 4 (2.12)L o Ao] B71538) %t} Eriksson (2015) 014 =
3% 299 UoHE AL 93 Finest Grary (1999)7h £93F IPCW AEAE ol 85
Kaplan-Meier g o]&3slc}. 2. 2753 Foll Al A1F3) vital A} (1) S ]R3, Fx o oy
ANA r(¢)N; & ri (1)Y= 7 4= A Ftt. Fined} Grary (1999)04 S5 Zohd dlolgo] 715X

)= e A Y (martingale) ©] Eth. $19] 412 Chen
) 9l ES

p
T Hdo
23
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pay

5)E Holdl AXE Eriksson 5 (2015)9A4% 7 2.
A

(2 & A (2.5)8 A (2.12)0] =g3Hgch vPEIA LY
AL o183, A9k Awo()oll i3 THE 2L $— A (

estimating equation)2 A=t}
n_lz/ Zowi(t, G) {dNi(t) — Yi()a(Aro(t—), B, Z)dAro(8)} = 0,
i=170

n! z /OT wi(t, G) {dN;(t) = Yi(t)a(A1o(t—), B, Zi)dA1o(t)} = 0,

A7 & 32 B 7P wpA et Ao 1, Vi € [0, 7] ol Th

3. 2% 918 8l7| 28| 08

3.1. 2} wulo| ZbE 9l o

AFAA B AR BANE BY 7o) 274 el thelA el 2Bk 23 248 7
B 9Y 5P £Y8 AT AU 2Eslo] k. 27 mge ¢4 By Bae AMSTA 5
£ xdol o5 =g= gk ojs 2 wgo] Fuiel 9l

7] wj e, £A40f wz} T HolE
specific ¥ &3} subdistribution $8-2 Cox9] vl# 93 3

Asterlel 28Ut Lau 5 (2009)0 W2, oju] dojd A AlS 2=t F4lo] e HA
B}(etiology) ol A= A Ao A3t AFS T= A3t cause-specific 3
SHolAE B4 AR A% AFe A2 NA =T AP Aol £FAI7I= subdistribution $3
23] ¢ Adygol gt

old 37 Ry A2 W] ARt nh b 9l BYolzke Aotk &
o
[¢]

] AAL 75Al o] Qltid o] g 3]
?jl_/,:o /,\_E_,"oﬂ w2} Fined}t Gray 233} H

4 o

— 02 —uv A

o 22 29 5 ol 2 BE 5 Qe o o
oLk ubdlstrlbut1on 218 2P HT S8 HYJF Hrhs AHoas ZHo) ]u o:]@ ez 2 M
s 23e o) Ao} ol 3] 2AZ A2 & Y
4EEe 2u2 dEolAch, el & Ul WHE ), Wskshs BES LA R Aol 21 B
QA A 9E wao] $8oA 29 & ok A4 FHlAE A

e} o olslalrlvk 1 4 Stk 2el Ao 913 2Re) A BAES 1
o] 9lt}. Eriksson 5 (2015)9] Hld] 2= 232 subdistribution 18 A%
= P Gray (1999) 2934 35301 %, wls] 22 2ol Vsl 99 290} 5 o] 382
2 o8|zt Hrke ol A WAE maolnk. vd] 9= wael H4 SuclAe 2
(2015) o1 B2 SHAREo] el 2.2 2Ho] Bjg A2 AW Finedh Gra
&4 (efficient) ©] x| 921}, Eriksson 5 (2015) ¢ ¥H2 Fined} Gray (1999)
A& Ak

o F
A R AR B
=
°

0m<<: U?ﬁ

3.2. Do:IOI HlJ—_Ij_

S

Zzte] B ofmat BAle] YA AWSLA BTk A WA cause-specific ¥ LHTH Fine}
Gray BYo2 ofma B0 YA, T WAL Fined} Gray 293} o9 57] 59, Al WAz o3
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29 =g} e o= gl vlme] e AFS A Ik Ar) AP BFL vhE o 4K mPo
2L WY 5 gone, A A9 BYL R4 RES B

3.2.1. Cause-specific 2|8 233} Fine2} Gray 23 Gail (2005)°+= 2l 9 ¥ (relative haz-
ard) & FoIR A|ZlA F 7ol YEEL vlEolgty Fdtl. Lau 5 (2009)9)4+= cause-specific
A8 23} subdistribution 9138 B2¥S Adl 98 FEAA vasget. sHF Z =18 =&, Z =
S =25 A %L P2ty 3AF Cause-specific 98 2 2] 4] (2.1)o A A<l joll s A exp(8;)=
Z7h @ 99 2712 Wl(=299e o) W ARel Axw 4T + Atk 4 219 5
Bes;Bkal 3HAL. cause-specific 98 R A M joll siFshs A 938 csRH; = exp(Bes;) 7t
Ak o]9} §ASH, Finest Gray 3ol AE 41 (2.3)014 A9l jol tlalA exp(8))E Z7F 3 ©)
249 W (=2H S o) ASFE A9 AE 4Bk 4 (23)04 5,2 ooy 2T Y, sub-
distribution 9] 2o W4 joll gk Aul 918 sDRH; = exp(Bsp;) 7 Bt AR H o] F+
749 A9-(j = 1,2)8 A48 AL Lau 5 (2009) 914+ Beyersmann % (2007)°l whe} oh2-3} 2
BANE SEaAT) A7 10] 2AS wEolx] WA .
{1+P(T§t,j:2,Z:1)}
P(T>1,Z=1)
{1+ P(Tgt,jzz,zzo)}
P(T>t,Z=0)
cause-specific 93 33} subdistribution 918 o] tfz2z dwtx oz csRH,;2} sbRH,;+ o
2 s 2tk =20 4749 AR 940 dojdrtar 7l
e CSRH; < 1, csRHy < 191 A%
=25 S ], AHA 19 thet cause-specific 9| BEF A 291 Tl g cause-specific ) HE o] FA] 9
Zrashs Aot AR 29 t$ cause-specific 1B E ] Zadh= 212 A 19] subdistribution
A8 A3te] I 7 A= AL onste g, sSDRH; > csRH; o] Hth
e csRH; < 1, csRH; > 19 A%
E=E2FH AL w], AHA 19 t) 3t cause-specific YT ES AL AFA 29] B3t cause-specific 918 E
2 Z71sk= ASolth. AFA 29f gt cause-specific Y| EE o] F718= A2 AL 19] subdistribu-
tion 98 Azt 377} Z7ek= AL 9usleZ, sbRH; < csRH; o] ©t}.
e CSRH; > 1, cSRH, < 191 A%
E=EH S o, AHA 1o 3t cause-specific 9152 F7FskaL, AFA 20 thdt cause-specific 913
FL& 7adt= ALolty. AFA 29) th3t cause-specific JEEO] A TH= AL AHA 19) subdistri-
bution 98 A3 7|7} Faste AL onetn 2 spDRH, > csRH; o] Ht}.
e csRH; > 1, cSRH, > 191 A%
25 uf, A 190 3t cause-specific 9] HET A7 200 T $ cause-specific Y| HE <] B Al
S7Fhe A-%olth. AR 290 thgt cause-specific B E©] 7= 22 subdistribution 9E F
3to] 37|17} Z7Vsk= AL 9u)stE 2, spRH; < csRH; ¢] At}

CSRHj:l (t) =

SDRHj:l(t).

3.2.2. FineZ} Gray 282} 0|3 3|7 @& 4 (2.7) =
02 WE 4= 9t} Fined} Gray B0l sig

log[—log{l — F1(t; Z)}] = log{A10(t)} + z"

2] (2.8)E W3 3}to] Fined} Gray 23
z

@
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Table 3.1. Software commands for competing risk regressions

Models SAS R
Cause-specific PROC PHREG package:riskRegression (CSC)
X package:cmprsk (crr
Fine-Gray PROC PHREG packaie:riskRegr(essiln (FGR)
Direct binomial package:timereg (comp.risk)
Absolute risk package:riskRegression (ARR)
Proportional odds package:timereg (prop.odds.subdist)

Fine¥} Gray W2 9% 345 53

S uyge] B84 24 PHow AT GolA Aol7k ek T by BE FE vl o
g FAaobaithe Wde] 9tk Scheike 5 (2008) 14 A1 B o84S BalA thie] 49, Fines}
Gray 8 W@ 27 Aol o3t Ao} Bx 07 2 Aok A @he Bk 2y
Fines} Gray WS o 8318l ol Z3)9] £4te] AlZrel whebd] S7hsHe 497k v, ol 37 2
of Aol A7ol me YT Bakel AR Kol WA o]F 7] mae] FHE AW

3.2.3. 02 3|7 23 g = 2H olg 3 2 (2.6)2 vg L= 7Y (2.11)3 2 ¥
B2 vs 4

logit(Fi(t; Z)) = log(Awo(t)) + 278
° myo] that 24 A4 thzrh o 37 YL R4y mye] aEA 24 WP o8
W}, Eriksson 5 <2015)s4 WAl 22 BHOAE Clen 5 (0021412 ol M, (0% HHRA 24
23 3

3lo] 4 WA 2o =Ygt Eriksson 5 (2015)0A] Eriksson % (2015)2] ¥ 3} Scheike
(2008)¢] °% 37 RIS }‘]‘é‘ glo ’Eé ol vl gk A3}, Eriksson & ol S
( . Zro.

Cause-specific 9|8 2337} Fined} Gray?] subdistribution 918 2382 SASS} RE FdFH ] 91,
v A H 2ol 2708 2P olF 37 23}, do 918 23, Eriksson 5 (2015)9] vl o= 23

& R AT F8=]0] k. Table 310 7 2z Egole] e BelolE AR ARG &

A A ete Al tisiA e AAE] AadHA] skt

7WA] B fe] A F N FHFE BY XFAF|= AE AZHEAL M time, type,

71, 727} E99 clolEl® 1AL} timee Azio] Lol ATl type T Al AR TER

th. type = 02 F% Ad dolH, type = 12 4R AF 1, type = 2& FA AF 20|t} Z1, 22+

-

3.3.1. Cause-specific 23 T2 SASS} RE A 1o st 3] B3 343 Aol
e SAS

PROC PHREG data=data_name;
model time*type(0,2) = Z1 Z2;

run;
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Cause-specific BZAAE T4 Y Aol ohd 39, = v Aoz B3dh 99 neo
A (0,2) $2 type = 0, 25 FE AuHYrke A2 BAT Hojth A4 29] 37 wYol o)

A& o] BEw (0,1)E v d Ak
R (package:riskRegression)

library(riskRegression)
cs1<-CSC(Hist (time,type) “Z1+Z2,data=data_name, cause = 1)
print(csl)

r

Al o)
j=%N

AFAL cause = 12 A A3}

rlr

3.3.2. Fined} Gray 23

3.3.3. 0|g 3|17 2d

SAS

PROC PHREG data=data_name;
model timextype(0) = Z1 Z2 /eventcode = 1;

run;
Fined} Gray 23 oA= F4 A= AHAES eventcode = 12 A AT ET}E AFA 290 tisiA= o] &
"l eventcode = 22 v T}

R (pakage:cmprsk)

library(cmprsk)

attach(data_name)

fgi<-crr(time,type,cbind(Z1,Z2) ,faildcode=1,cencode=0)

summary (fg1)
detach()

FA e AL faildcode = 12 X Q31aL, 5 Fohd vlo|ElE type = 0°9]2& cencode = 02

R (package:riskRegression)

library(riskRegression)
fg2<-FGR(Hist (time,type) "Z1+Z2,data=data_name, cause = 1)
summary (£g2)

BAAQE AHAL cause = 12 A A BT}

o

R (package:timereg)

library(timereg)
add1i<-comp.risk(Event (time,type) “Z1+Z2,data=data_name,cause=1,
resample.iid=1,n.sim=100,model="additive")

summary (add1)
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add2<-comp.risk(Event (time, type) “const(Z1)+const(Z1) ,data=data_name, cause=1,
resample.iid=1,n.sim=100,model="additive")

summary (add2)

addl2 A|Zte] w2 FWEe] B35 nefd JT 401, add2+ S| 7 ATk wet o
5t g Aolt}. const(-) 2 AFTFLERN AZH] e EE dASHA FEE AP 5 Qirh. A
@77 A (2.8)2 The 3t o] & o LA Ao Aol ssic.
P(T < t,cause=l|z, z) = Pi(t,z,2) = h(g(t,z, 2)).
H12 olF 37 B oA AZT het goll e A sfoksh=dl, $19] =04 model =
“additive” o] 1 L dt} o] AR h=1—exp(—z)°|1, g(t,z,2) = 2 a(t) + (zTB)telth o]
o, a(t)= deolEo] 2A% AlgH ]S Fal HEs PR vEolAe FEA ol £4
Aol & 4 Q= 4ot resample.iid = 1, n.sim = 1002 A Ed o)A FHHA FA ot} =
A2 g A Aol heiA = Scheike?} Zhang (2011)S FZ3}17] wleic).

3.3.4. Hif 2

toll

Fa

7 2
e R (package:riskRegression)

library(riskRegression)
arr<-ARR(Hist (time,type) “Z1+Z2,data=data_name, cause=1)

summary (arr)
Ao 19 A 7l Z42 & 49, cause = L& A A7

3.3.5. HlEl 2= 2¥
e R (package:timereg)

library(timereg)
po <- prop.odds.subdist(Event(time,type) “Z1+Z2,data=data_name,cause=1,
cens.model="KM" ,detail=0,n.sim=1000)

summary (po)

Holo] 19 AHAE 7|Fe 7 BALS 8 F9 cause = 12 A A3} Eriksson 5 (2015)2] B]E <
glolele] BZE A3 oF Tt} cens.model = “KM” o] o] tjgl g4 ot}

o] oA+ Lau 5 (2009)°] £71¥ Women’s Interagency HIV Study(WIHS) Hl°]H& it}
WIHS+ 1993d9]] u]= oJA] 9] HIV Hlo] 22 (human immunodeficiency virus) 295 ZAFs17] 93]
AFE AT 78 7 ) A, 9449 DC, 22 QA s, MZAA 2T, Al7EL o] FA oA A S0
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Table 4.1. Competing risk regression results for five different models

<l 1 (HAAR) A<l 2 (AIDS)
Estimator s.e. p-value Estimator s.e. p-value
. IDU —0.395 0.088 7.2e—06 0.537 0.113 1.9¢—06
(1) Cause-specific
_ _ —0. . .0e— —0. . 3e—
9% oy CD4 0.230 0.019 2.0e—16 0.199 0.026 2.3e—14
ve age 0.010 0.005 0.036 0.013 0.007 0.064
IDU —0.522 0.089 5.3e—09 0.711 0.112 1.9e—10
(2) Fined} Gray 29 CD4 —0.072 0.015 1.6e—06 —0.084 0.029 4.3e—03
age 0.004 0.005 0.376 0.008 0.006 0.246
(3) o3 519 =3 IDU —0.061 0.011 1.1e—07 0.054 0.010 2.1e—07
. —0. . .3e— —0. . .
(model = “additive”) CD4 0.011 0.001 8.3e—15 0.004 0.002 0.011
model = “additive
age 0.001 0.001 0.122 0.001 5.3e—04 0.207
IDU —0.370 0.068 6.5e—08 0.505 0.103 1.0e—06
(4) 29 A8 319 =9 CD4 —0.069 0.013 7.2e—08 —0.238 0.030 5.2e—15
age 0.006 0.003 0.054 2.8¢—04 6.4e—04 0.965
IDU —0.697 0.123  1.8e—08 0.835 0.135 1.5e—09
(5) HlE o= 23y CD4  —0.154  0.021 2.4e—11 —0.104 0.034 0.001
age 0.008 0.006 0.155 0.009 0.008 0.259

A B2S A% o] HlolE& WIHS 5% HIV ¢4 #4<
19959 6ol AT 1,164 2] ool &3 Aoz 2006 d 9
oS F 7 E vUs 4 A=, 99 18 #3 FH EEnlo]#]2 X & highly active antiretroviral
therapy(HAART) o] 12, €991 2% AIDS whdo|th. 2 yﬂ}oﬂ =T Aoy AL} o). 2Hgog= n}
oF A} ARE-(injection of drug use) o4 IDU, 1995 7+ oA 9] o] ageatfda, H|Z3%
HgAFe] 49] 7|4=(CD4 count nadir) CD47} St}

Hkok| gk ATDS 7} g 3hA] ke
A3t lo|golth. AFE]

+
)
¥

L
@
L
e
=2
X
3

Table 4.19A] o] =&oA Awst oAl 7kx] W] B4 A3E FAd 4= 9t} (1) Cause-specific
28 2L A (2.1), (2) Fined} Gray 28-S 4] (2.4), (3) 0|3 37 28 4] (2.6), (4) Ao 92 3

= ),
A 2L 2 (2.9), (5) vlE 2= 2y A (2.11)9] wet 2Rt o)F I B g
of E37t Aol whet A% RS vt RE £42& RS 01%6}%1 o T 7k 97127} o] &
7}53}t Fined} Gray 2380 R 37]A] cmprsk2 ©]23}$ 2 R 37]A] timeregll
A model = “additive” 2 A3t ct. oA 7HA] el B3 °l BE th2 7] ufgol Z7ke] e st
£ AL k= Zlo] FR3Ith 99 1 HAARS tist 319 2g& A2 HAL Cause-specific 9@
B3 AE IDU, CD4, o] BF Ao] wx&= J3Fo] fosirtn sfAe 4= gla, o2 vl 714 B
FolXe IDU, CD4vE Abgoll mlA &) Fo3 Aoz Helrk Ao 43 239 3¢, 9
HAAR®] 37 24 23} exp(Bipu) = 0.69, exp(Bepa) = 0.93, exp(Bage) = 1.010]th. }ok ZA} 7
Hol Adoid, 9 1= A3 F4 ArgE] 31% 74, CD4 8t @97t 3718 o) w4 Abds % fda
stoh vels A9 19 F3 AbREel 2 43S XA Fart vlE o= By (2.11)2 o] Holgdj
A o 22 Aoz & ¢ ok
Odds{Fi(t; 2)} = % = Alo(t)eﬁlIDUeBZCD4eﬁ3age.

29l 1 HAARS 3]7) 24 A3} exp(Bipu) = 0.50, exp(Bepa) = 0.86, exp(Bage) = 1.010]T} €
2l 1 HAARZ Q138+ A5 fiz% HAARZ ot +2 AbEs} 52 4S89 vgolt}. wpeF 3=
AL AR vk 2=, & A 12 A% AFLES AEEY vlEo] 50% T4, CD4 & &7t S0
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Figure 4.1. Predicted cumulative incidence of the person who is 33 year-old with 349 CD4 nadir count.
figure is corresponding to the cumulative incidence death from HAAR(highly active antiretroviral therapy) before
occurrence of AIDS. Right figure is corresponding to the cumulative incidence from AIDS before having HAAR. The

thick lines represent Fine and Gray model. 1:

additive model, 4:absolute risk regression model, 5: proportional odds model.

Left

cause-specific hazard model 2: Fine and Gray model, 3: binomial
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g u) =7} 14% Z4drh trols 99l 19 e=0] 2 JFE v]X|A %fi‘:}. 9ol 2 ATDSS] 7
S5 AvExA} ‘j% B23oA IDUL CD47} 528k #goltt. tho]&= fo F7bold Zez &
Bk Ao 918 2ol 9l 2 AIDSS] 371 £4 23} exp(Brov) = -66, exp(Bepa) = 0.79,
exp(Bage) = 1-00011’/}- uhek Adlo] gtk 2= 2] 9ke xpEhol] uls] Q€< 2 ADISE QI3 =& A}
ol 66% 27}, CDAZ} @ B9 274848 =4 AE 21% 2451 ol A9 29 4 A

o] 993 Jge uxx Eatrh vlE 2= REME exp(Bibu) = 2.30, exp(Beps) = 0.90,
exp(Bage) = 1.010|Th ujek A} ARo] Qvhs J8A) 3 wHh o= ¥ =, 99 28 A% o=,
A AFES A AEEES HlEo] 130% 71 CD4 & &g S7HA 227F 10% Fashal vel+=

S =o] Wsle)] JFE WX A k=t

o] dlojEollA] o458 wold FTHgE 33401, CD4 nadir®] F3HgH-2 349°|th. Figure 4.1
CD4 nadir7} 3490|131, 33A|0 Aol thsf uwhek A Ade] Qe

+(Non-IDU) 2 wpojAl zHzhe] wiie) sidsies +4 HAYE T4 A5
dolMe] MEE myol sgshs Mol dSHdlA A BYor Iy (2) Fine?} Gray
BYE F2 AAo=z FASFA, (1) cause-specific = R 1 03} 37 =
o= 1ty = 2, (4) A 98 Bl = Ity = 6, (5) vl & = mA ]B}C,ﬂq ( )
Fine?} Gray 233} (5) vlg] &= 23o] ALY L& _;_HE-]O
o]d} 2&L 10d o thE EYHT} v|2 A =& AYE

P2 10d 5o the BYPET 2 APEES Hole EH%% Ho =

bution®l] B} FA%, Fined} Gray 23} 79] 22 sjdg Ho Eﬂ/ﬂ 3] Aol gt sfAo] &
t $g3lths FolA Finedt Gray R8-S AT ¢ Q& P o= AZHT

&

o

r
=

<
I

OT

IN

o S ATt

L2 o o

5 &

rhu

Cause-specific 233} Fined} Gray (1999) 232 AA o] EAete AL ARl 2 o] &5+
m3olt) o]To] WL B o] AAF YA, GneZor T o]PAL 2R o] Al 5}
A dti= o] fF & oA B3 2 o] Wt} Finedt Gray B2 ©HE-2 subdistribution $]8el 24
st AP E 239 A A s e] offithe Folth 39 74]-’?9] A o] golst RPOE Gerds 5

(2012)°lA Ao AE BHS AAFAA TN =2 D4 E FEo = = °] Ut} Scheike
% (2008)° F%t RS WE = e 01T I B XMH R, o]F =y FineZ} Gray 2
Y, v L= BYe whE o ke AR o] 9tk Eriksson 5 (2015)¢] vl 2= E’—?_’ﬂ o] o] B39
A 84 94 ¢ Ytk AL Bt o] 28 A subdistribution

ru]o
k)
ok
4
32 ofo
rlr
lo rxl

Al AT ByolA Wk, AP E0] ofd =& BFPI}stris HojA s 27 o LTt
tlole] 48 E3f Fine®} Gray E 3 o] Eriksson % (2015)9] HlE 2= Ry} FA YAYEO] ofF 4]
e Eo g vehdths AL B 4 9o A& 5 AlFectd 39 A sie] st
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