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AFT random-effect modeling approaches

using extreme value distribution

Seong Jin Hyeon

Department of Statistic, The Graduate School,
Pukyong National University

Abstract

Cox's proportional hazards regression model is a semi-parametric method
which has often used in the analysis of survival data. However, if the
assumption of proportional hazards is not satisfied, the interpretation of
the estimates can be difficult. Thus, accelerated failure time (AFT)
regression model which usually assumes the distribution of survival time
has been used. The AFT model is a linear model that is easier to
interpret than the proportional hazards model. In this thesis, we propose
a method of estimating AFT random-effect model with the extreme value
distribution for analyzing multivariate (or clustered) survival data. For the
inference we use a h-likelihood approach and derive the estimation
procedure. The proposed method is illustrated with two real data sets, i.e.
kidney infection data and multi-center bladder cancer trial data.

keywords: AFT model, Extreme value distribution, H-likelihood, Random
effects, Multivariate survival data
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Variable Explanation

id Patient’s id number

Time Time to kidney infection

Status Status ( 0 : no event, 1 : infection)
Age Years

Sex Sex (0 : male, 1 : female)

Disease Disease type(GN, AN, PKD, Other)

N 49 ARE AFT WFast 23 date] buA AsEz F4%
Avhs et 2,

® 42 2% 39 AR AFT 9387 29 o83 24
Variable Estimate SE
Intercept 1.983 0.728

Age -0.002 0.011
Sex : 9 &} 1.648 0.332
GN1 -0.135 0.397
AN1 -0.534 0.389
PKD 1.238 0.584
o 0.948 0.982

o 0.240

Table 42014 fogt A5 7IA& WFE sexe PKDolt}. 4] A}
o ostd, oJAo] FA R exp(1.648) =5.200) TF FAA S o5}
A Z7HA 719, PKDel 4@ @27 o2 79 AWl du dxuc
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Variable | Explanation

Center Institution number of 21 centers

Surtime Time to the first recurrence from randomization

Status Status (0 : no event, 1 : recurrence)

Treatment indicator representing chemotheraphy

CHEMO
(0 : No, 1: Yes)
Indicator representing prior recurrent rate
TUSTAT ]
(0 ; Primary, 1 : Recurrent)
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Variable Estimate SE
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library(survival)
data(kidney)
attach(kidney)

GN 1<-ifelse(disease=="GN",1,0)
AN1<-ifelse(disease=="AN",1,0)
PKD1<-ifelse(disease=="PKD",1,0)

sex<-kidney$sex

fit=survreg(Surv(time,status)~age+sex+GN1+AN1+PKD1,
data=kidney, dist="weibull") # AFT model without random effect

summary(fit)

### X matrix
X<-model.matrix(~age+sex+GN1+AN1+PKD1)

### 7 matrix
group<-factor(kidney$id)

Z<-model.matrix(~group+0)

### Observable random variables

25



n=nrow(X)
p=ncol(X)
g=ncol(Z)

n_i=2
y <- c(time)
del <- c(status)

### Newton Method

# initial value
beta<-c(2.1065,-0.0019,1.6079,-0.0493,-0.5206,1.3425)
sigm<- 0.87

alpha<- 0.05

v<-c(rep(0,q))

iter<-1

repeat{

y_star=log(y)-(X%x*%beta+7Z%*%v)

mij=y_star/sigm
lamij=(exp(mij))

### 1st derivative
diff1 _b=-(t(X)%*%(del-lamij))/sigm
diff1 _s=-(sum(del)+sum(mij*(del-lamij)))/sigm

diff1 _v=-v/alpha-t(Z)%x*%((del-lamij)*mij/sigm)

diff1_theta=rbind(diff1_b,diff1_s,diff1_v)

26



### 2nd derivative
W=diag(c(lamij/(sigm*2)))
Q=diag(c(rep(1/alpha.q)))

diff2_b=t(X)%*%W%*%X
diff2_s=sum((2*mij*(lamij-del)+(mij*2)*lamij-del)/(sigm*2))
diff2_v=t(Z)%*%W%*%Z+Q

diff2_bs=t(X)%+*%(lamij+lamij*mij-del)
diff2_bv=t(X)%*%W%*%Z
diff2_sv=t(Z)%*%((lamij+lamij*mij-del)*(1/(sigm?*2)))

### h-likelihood

H<-rbind(cbind(diff2_b,diff2_bs,diff2_bv ),
cbind(t(diff2_bs),diff2_s,t(diff2_sv)),
cbind(t(diff2_bv),diff2_sv,diff2_v ))

theta<-as.matrix(c(beta,sigm,v))

theta_a=theta+solve(H)%*%diff1 _theta
theta_a=as.matrix(theta_a)

beta_h<-theta_a[1:p]
sigm_h<-theta_a[p+1]
v_h<-theta_a[(p+2):(p+q+1)]

###Estimation of alpha
PP=matrix(rep(0,p*p),nrow=p)
PS=matrix(rep(0,p*1),nrow=p)
PV=matrix(rep(0,p*q),nrow=p)

27



SS=matrix(rep(0,1*1),nrow=1)
SV=matrix(rep(0,1*q),nrow=1)
dQ=diag(c(rep(-1/alpha*2,q)))

dH=rbind(cbind(PP,PS,PV),
cbind(t(PS),SS,SV),
cbind(t(PV),t(SV), dQ))

alpha_h=(t(v_h)%*%v_h)/(g+alpha*sum(diag((solve(H)%*%dH))))

if((max(abs(theta_a-theta))<107(-8))|(iter>200))(break)
iter<-iter+1

beta<-beta_h

sigm<-sigm_h

v<-v_h

}

iter

beta_h
sigm_h
v_h
alpha_h

#SE
se_beta_hat=sqrt(diag(solve(H)))
SE_beta_h<-se_beta_hat[1:p]
SE_sigm_h<-se_beta_hat[p+1]
resultl<-cbind(beta_h,SE_beta_h)

result2<-cbind(sigm_h,SE_sigm_h)
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result<-rbind(resultl,result?)

alpha_h

summary(fit)

### computation of 95% CI for each random effect
iH=solve(H)

var<- diag(iH)[(p+2):(p+q+1)] # computation of var(v_h-v)
SE<- sqrt(var) # SE(v_h-v)

Ib<- v_h —1.96*SE # lower bound

ub<- v_h +1.96*SE # upper bound

CI<- cbind(lb,ub) # computation of CI

id <- 1:q

plot(v_h ~ id, ylim=c(min(lb)-0.5, max(ub)+0.5), ylab="Estimated

patient effects" xlab="Patient number",pch=20,type="p") # plot for
CI

abline(h=0)

for (i in 1:q){

x1<- ¢(i,i)

y1<- c(Ibli],ubli])

lines (y1l~x1)

}
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2) 471 Et dAE Atm
library(frailtyHL)

data(bladder0)

bla0<-bladder0[bladder0$Surtime!=0,] # Delete: Survival time with zero
value

bla0$Surtime<- bla0$Surtime

bla0$Status<- blaO$Status

bla0$Center<- bla0$Center

bla0$Chemo<- bla0$Chemo

bla0$Tustat<- bla0$Tustat

attach(bla0)

fit=survreg(Surv(Surtime, Status)~Chemo+Tustat,
data=bla0, dist="weibull") # AFT model without random effect

summary(fit)

### X matrix
X<-model.matrix(~Chemo+ Tustat)
#X<-model.matrix(~bla0$Chemo+ bla0$Tustat)

### 7 matrix
group<-factor(Center)
Z<-model.matrix(~group+0)

### Observable random variables
n=nrow(X)
p=ncol(X)
g=ncol(Z)

ni <- t(Z)%=*%as.matrix(rep(1,n)) #cluster n_i

y <- c(bla0$Surtime)
del <- c(bla0$Status)
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### Newton Method

# initial value
beta<-c(6.8, 0.8, -0.64)
sigm<- 1

alpha<- 0.01
v<-c(rep(0,9))

#olst R B 1)9] AR 7% Ale BEob £Ug

gol

### computation of 95% CI for each random effects

iH=solve(H)

var<- diag(iH)[(p+2):(p+q+1)] # computation of var(v_h-v)

SE<- sqrt(var) # SE(v_h-v)

Ib<- v_h -1.96%SE # lower bound

ub<- v_h +1.96*SE # upper bound

CI<- cbind(lb,ub) # computation of CI

center <- l:q

plot(v_h ~ center, ylim=c(min(lb)-0.5, max(ub)+0.5), ylab="Estimated
center effects" xlab="Center number" pch=20,type="p") # plot for CI

abline(h=0)

for (i in 1:q){

x1<- c(i,i)

y1<- c(lbli],ubli])

lines (yl~x1)

}
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