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Analyzing Survival Data with Competing Risks Based on R-packages
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Professor, Department of Applied Statistics, University of Suwon, Hwaseong, Korea

When it comes to data in survival analysis, it is easy to think of one censored or observed survival time of an individual. In the longitudinal study such as

a clinical trial, an individual may be simultaneously exposed to different types of events. It is easy to think of competing risks data as an extension of uni-
variate survival data, but since competing risks events are dependent on each other, if the analysis method of univariate survival data is applied, infer-
ences with bias can be made. In this paper, we briefly introduce the statistical methods developed to analyze competing risks data and apply them to

the real examples using the built-in functions in the R package.
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library(MASS)

data(Melanoma)

Melanoma$sex = factor(Melanoma$sex, levels = c(0, 1), labels =
c(“Female’;“Male”))

MelanomaSulcer = factor(MelanomaSulcer, levels = ¢(0, 1), labels =
c(“No’,“Yes"))

Melanoma$cause = ifelse(Melanoma$status = = 2,0,
ifelse(Melanoma$status = = 3,2, 1))

MelanomaS$mel = ifelse(MelanomaSstatus == 1, 1, 0)

Melanoma$oth = ifelse(Melanoma$status == 3, 1,0

Melanoma$pid = 1:dim(Melanoma)[1]

Melanomastime = MelanomaStime / 365.25

str(Melanoma)

=

Wl A 59 Abele) Charite ol 3 €o] 4 57
(Spread of nosocomial Infections and Resistant pathogens) 51

of| ] =814} (intensive care unit, ICU)o]| QI3 $F4} 1,313752 =4
qJ A

Z At AFz0]tH7,10). 0] AbEi= ICUo|| st wj+e] ICUS)|A] Ak
A B d ek w71A] ARHERS: )2 Siedeh of 7 olE 55, )
& 7T ¥(hospital-acquired pneumonia, HAP) o4 A, o5 5-& ¢
FaaL qlek T3 Y Foll FHoll A AH A A Aol o
S QR = 7R AL Qlek 14778 0] ICUO A AFga}el o, 1,14570] 4F

obA] E|AsklaL 2170] S ETE e HAP 871 108701 l=
APGRE 2L Foll A= 217, B ARE 21AL Fofl A= 827, STk

S52 | http://www.e-jhis.org

SHa} Fol| A= 5go] 27} EFE| QI o A= kmi T7 | Ao 4] A%
om thg R AL B0} Zro] 2k g Hgksloirk ¢FO. & o] AHE ‘hos-
pital data’s&2 5+ 2t}

library(kmi)

data(icu.pneu)

icu.pneu$pneu = factor(icu.pneu$pneu, levels = c(0, 1), labels =
c(“No’“Yes"))

icu.pneuSoutcome = icu.pneuSstatus * icu.pneuSevent

str(icu.pneu)
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Figure 1. Graphical representation for the survival data (A), for the illness-
death model (B), and for the competing risks data (C).
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# Figure 2

library(mstate)

sall = survfit(Surv(time, cause, type = “mstate”) ~ 1, data = Melanoma)

s.mel = survfit(Surv(time, mel, type = “mstate”) ~ 1, data = Melanoma)

s.oth = survfit(Surv(time, oth, type = “mstate”) ~ 1, data = Melanoma)

par(mfrow = (1, 2))

plot(s.all, Ity = 1:2, lwd = 2, xlab =
main = “(A)’, fun = “cumhaz”)

legend(“topleft’, Ity = c(1, 2), Iwd = 2, legend = c(“Melanoma’,“Other”),
bty ="n")

plot(s.all, Ity = 1:2, lwd = 2, xlab =

lines(s.mel, Ity = 3, lwd = 2)

lines(s.oth, Ity = 3, Iwd = 2)

legend(“topleft’, Ity = 1:3, lwd = 2, legend = c(“Melanoma’, “Other’,
“Ignoring competing risks”), bty = “n")

“Years’,ylab = “Cumulative hazard’,

“Years’; ylab = “CIF’, main = “(B)")
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Figure 2. Nelsen-Aalen estimators (A) and Aalen-Johansen estimators (B) for the melanoma data.
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b EITH7,8]. Tables 1-3-2- 3%
REL ool gt

#Table 1
crp.m = crprep(Tstop = “time’, status = “cause’, data = Melanoma,

trans = 1, cens = 0, id = “pid”)
WT = crp.m[crp.m$pid == 114,]
print(WT)
#Table 2

crp = crprep(Tstop = “time’, status = “cause’, data = Melanoma, trans
=c(1,2),cens = 0, id = “pid")

str(crp)print(Comp)

csPL = surVfit(Surv(Tstart, Tstop, status = = failcode)
crp, weight = weight.cens)

~ failcode, data =

r.CS = cbind(Time = s.all[[2]], nrisk.CS = s.all[[3]][, 1]) # cause-specific
nrisk.mel.SD = csPL[[3]][1:194] # subdisribution-melanoma
nrisk.oth.SD = csPL[[3]1[195:388] # subdisribution-other

Comp = cbind(r.CS, nrisk.mel.SD, nrisk.oth.SD)

#Table 3

m.AJ = cbind(Time = s.all[[2]], CIEmel.AJ = sall[[6]][, 2]) # melanoma
(CSH)

ClF.oth.AJ = sall[[6]][, 3] # other causes (CSH)

CIEmel.FG = 1 - csPL[[6]][1:194] # melanoma (SH)

ClIF.oth.FG = 1 - csPL[[6]][195:388] # other causes (SH)

Equiv = cbind(m.AJ, CIEmel.FG, CIF.oth.AJ, CIF.oth.FG)

print(Equiv)

Table 12 & o} & pid=1142] A7} $Jd 1ol 7|olaHe b2 4
2]k Z10]ck. pid=1149] Al 44 - 2,085%00] wjero] ofd th2
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Table 1. Contribution to the risk set at each of nine competing risks event
times since the time of death (208t days) for the subject with pid=114 who
died from causes other than melanoma in the melanoma data

Table 3. Comparison of the cumulative incidence estimators according to
cause-specific hazard and sub-distribution hazard at the specific event
times for the melanoma data

Start Stop Weight
0 2,085 1.000
2,085 2,103 0.989
2,103 2,108 0.978
2,108 2,256 0.899
2,256 2,388 0.854
2,388 2,467 0.796
2,467 2,565 0.738
2,565 2,782 0.678
2,782 3,042 0.630
3,042 3,338 0452

Table 2. Comparison of risk sets according to cause-specific hazard and
sub-distribution hazard at the specific event times for the melanoma data

Sub-distribution

Time Cause-specific
Melanoma Other causes

10 205 205.0 205.0
529 189 195.0 198.0
967 174 181.0 197.0
1,506 159 166.9 194.1
1,634 144 152.1 1771
1,793 125 131.7 160.7
1,942 109 115.7 139.1
2,062 94 100.7 125.1
2,339 78 84.5 98.0
2,570 62 67.2 84.1
3,152 47 50.4 70.9
3,385 32 32.0 485
3,968 14 14.0 14.0

Qfall A7 APt A A=, ol Tt K= Al vy 2F
‘Cause-specific)) =17 (3% ‘Melanoma’:= 131k & ¢lat APl o[ =
of alltgslar, 42 ‘Other causes+= 1] Holo] o] ¢Jelo & olat A}
oI Eo] sfjth X} aFAF AL 7-9kTh Table 3-& CSHE} SHo|
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H(time-invariant) 3-tH%S 712 CR A}=7} oF-2-2F Zofal 314k
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Melanoma Other causes
Time Cause- Sub- Cause- Sub-
specific distribution specific distribution

10 0.000 0.000 0.005 0.005
529 0.049 0.049 0.029 0.029
967 0.118 0.118 0.034 0.034
1,506 0.181 0.181 0.039 0.039
1,634 0.207 0.207 0.044 0.044
1,793 0.224 0.224 0.044 0.044
1,942 0.230 0.230 0.050 0.050
2,062 0.245 0.245 0.050 0.050
2,339 0.269 0.269 0.058 0.058
2,570 0.298 0.298 0.058 0.058
3,152 0.322 0.322 0.058 0.058
3,385 0.339 0.339 0.085 0.085
3,968 0.339 0.339 0.106 0.106
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Table 4. Estimated proportional cause-specific hazards model for the mel-
anoma data

Covariate

Estimate  HR SE p-value
Age 0.01 1.01 0.01 0.141
Ulceration: Yes 1.16 3.20 0.31 0.000
Tumor thickness 0.1 112 0.04 0.004
Sex: Male 043 1.54 0.27 0.106
Age x Other causes 0.06 1.06 0.02 0.009
Ulceration: Yes x Other causes -1.06 0.35 0.67 0.114
Tumor thickness x Other causes  -0.06 0.94 0.10 0.535
Sex: Male x Other causes -0.07 093 0.61 0.902

HR, hazard ratio; SE, standard error.

Tk Tk CR oMl Eo]] aligoh= Aefvt 19] g 2L YrA]
ofl=02] %k% k= A A AHindicator) Ao] 7 HEITE. Table 4+= T]474]

A5z SARE Zutoln] ofo] Tt R 75 Tt ek

%

rl‘

=

#Table 4

tmat = transMat(x = list(c(2, 3), c(), c()), names = c(“operation’,“mela-
noma’; “other”))

M.s = msprep(time = c(NA, “time’; “time”), status = c(NA, “mel’, “oth”),
data = Melanoma, trans = tmat, keep = c(“age’, “sex’, “ulcer’, “thick-
ness”))

M.s$failcode = ifelse(M.sStrans = = 1,”Melanoma’; “Other”)

str(M.s)

CS = coxph(Surv(time, status) ~ age * strata(failcode) + ulcer *
strata(failcode) + thickness * strata(failcode) + sex * strata(failcode),
data = M.s)

summary(CS)
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#Table 5

crp.r = crprep(Tstop = “time’, status = “cause’, data = Melanoma, trans
= ¢(1,2), cens = 0, keep = c(“age’; “sex’; “ulcer’; “thickness”), id = “pid”)

str(crp.r)

RKs = crp.ricrp.r$pid %in% c(162, 171), ]

print(RKs)

#Table 6

FG = coxph(Surv(Tstart, Tstop, status = = failcode) ~ age *
strata(failcode) + ulcer * strata(failcode) + thickness * strata(failcode)
+ sex * strata(failcode), data = crp.r, weight = weight.cens)

summary(FG)

(e
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Table 5. Contribution of patients who died from causes other than mela-
noma (pid=162) and patients who died from melanoma (pid=171) to the
risk set of the partial likelihood in the proportional sub-distribution haz-
ards model

pid Start Stop Status Weight  Failcode
162 0 3,182 2 1.000 1
162 3,182 3,338 2 0.814 1
171 0 3,338 1 1.000 1
162 0 3,182 2 1.000 2
171 0 3,338 1 1.000 2
171 3,338 3,458 1 0.824 2
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Table 6. Estimated proportional sub-distribution hazards model for the
melanoma data

Covartiate Estimate HR SE p-value
Age 0.01 1.01 0.01 0.511
Ulceration: Yes 113 3.09 0.31 0.000
Tumor thickness 0.09 1.09 0.04 0.009
Sex: Male 041 1.50 0.27 0.129
Age x Other causes 0.05 1.05 0.02 0.001
Ulceration: Yes x Other causes -1.24 0.29 0.67 0.054
Tumor thickness x Other causes  -0.08 0.92 0.09 0.371
Sex: Male x Other causes -0.14 0.87 0.61 0.823

HR, hazard ratio; SE, standard error.

TV %Eﬂi%% 7}—%_] K]'Eoﬂ /\1 Q]:H Z”

tmergefsurvival} $H=5 0]-8-5}0] A&t i‘}ﬂ, > 2 252 AYAITE S

< 3
l I
o,
rlo
—
<
okl
rE
o
=
=
ol

CSHe|| 7123} =4 o) A= coxphisurvival} g5 0]8-51a1(7,8], SHO||
71768k 2 Aol A kmifkmi] 3142 0} 3101 CR o]l Eo] oJ3] %
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#Table 7

cs.death = coxph(Surv(start, stop, outcome == 2) ~
data = icu.pneu)

cs.disch = coxph(Surv(start, stop, outcome = = 3)
data = icu.pneu)

summary(cs.death) # dead in ICU

summary(cs.disch) # discharged

imp.death = kmi(Surv(start, stop, outcome != 0) ~ 1, data = icu.pneu,
etype = outcome, id = id, failcode = 2, nimp = 100) # dead in ICU

str(imp.death)

imp.disch = kmi(Surv(start, stop, outcome != 0) ~ 1, data = icu.pneu,
etype = outcome, id = id, failcode = 3, nimp = 100) # discharged

str(imp.disch)

sh.death = cox.kmi(Surv(start, stop, outcome == 2) ~
age, imp.death)

sh.disch = cox.kmi(Surv(start, stop, outcome = = 3)
age, imp.disch)

summary(sh.death) # dead in ICU

summary(sh.disch) # discharged

pneu + sex + age,

~pneu + sex + age,

pneu + sex +

~ pneu + sex +
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Table 7. Estimated proportional cause-specific and sub-distribution haz-
ards models for the hospital data

Covartiate Estimate HR SE p-value
Cause-specific hazard, Outcome = dead
Pneumonia: Yes -0.09 0.92 0.25 0.724
Sex: Male -0.02 0.98 0.17 0.902
Age 0.02 1.02 0.01 <0.001
Cause-specific hazard, Outcome =discharged alive
Pneumonia: Yes -0.50 0.61 0.12 <0.001
Sex: Male -0.12 0.89 0.06 0.049
Age -0.001 1.00 0.002 0.626
Sub-distribution hazard, Outcome = dead
Pneumonia: Yes 1.06 2.89 0.24 <0.001
Sex: Male 0.11 1.12 0.17 0.515
Age 0.02 1.02 0.01 <0.001
Sub-distribution hazard, Outcome =discharged alive
Pneumonia: Yes -0.24 0.79 0.12 0.045
Sex: Male -0.11 0.90 0.06 0.077
Age -0.004 1.00 0.002 0.030

HR, hazard ratio; SE, standard error.
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