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In this paper: 1) run a complete data analysis using a parametric Accelerated Failure Time model; 2) select
the appropriate |og-location-scale family for the survival time T;; 3) assess the fit and perform inference on
the selected model. Software for analyzing isR.
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Purpose
1) Run acomplete data analysis using a parametric Accelerated Failure Time (AFT)

model;
2) Select the appropriate log-location-scale family for the survival time T;;

3) Assessthe fit and perform inference.

Data description
The data consists of 137 patients who participated in a clinical trial for two treatment

regimens for lung cancer.
We consider the data set from a study designed to assess the effect of a new treatment on
the survival time of patients with lung cancer. The TIME variable contains survival time
in days of after atreatment. The variable STATUS has avalue of 1 for those events at
time, and has a value of 0 for those right censored.
The covariates included in the analyses are:

(i)  trt: 1=standard treatment, 2=new treatment;

(i) ctype: cell type, 1=squamous, 2=smallcell, 3=adeno, 4=large;

(iif) dtime: days from diagnosis to randomization;

(iv) age: inyearsat the time of atreatment;

(v) prior: prior therapy, 0=no, 1=yes.

1 ImportdataintoR

Before starting the data analysis, we need to load the survival library in R. We can do this
by running library(survival).

The datais stored in the text file stat_5603-a2d1.txt. To import the data set | use the

command:
> a<-read.table("m/stat_5603-a2dl.txt", header=T)

The header=T option tells R that the variable names are stored in the first row of the data
Set.
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2 Apply aparametric AFT model

One of the interests of survival analysisisto understand the relationship between time to
failure and other covariates measured at the studied subjects. This can be done by using
parametric regression models.

2.1 AFT model

Let T; be arandom variable denoting the failure time for the ith subject, and let X1, X2, ...,
Xip be the values of p covariates for that same subject. An AFT model is then

logT; =b, +b,x, +..+b X, +se€
where e, isarandom disturbance term, and by,...,b, and s are parametersto be

estimated. As for the natural log transformation of T;, many popular survival distributions
T’s have the property Y = logT where Y is from a location-scale family, and this
transformation also ensures that predicted values of T are positive.

In other words, the AFT model can be specified as: logT, = X b +se,

If there are no censored data, we can readily estimate this model by Ordinary Least
Squares (OLS). Simply generate anew variable, Y = logT, and use the linear regression
model with Y as the dependent variable. Survival data, however, typically have at least
some censored observations, and these are difficult to handle with OLS". Alternatively,
we can use Maximum Likelihood Estimation (MLE) with different distribution
assumption one . For each of the distribution of ¢, there is a corresponding distribution
for T.

Distribution of

Distribution of T e_Y- m_logT- m_ logT - XTE
s s } S

Weibull Extreme value (2 parameters)
Exponentia Extreme value (1 parameter)
Gamma Log-gamma
Log-logistic Logistic
Log-normal Normal

Table 1 Corresponding distributions
Note that the AFT model is named for the distribution of T rather than the distribution of

e or logT.

! Allison, P. 1995. Survival Analysis Using the SAS System: A Practical Guide. SAS Publishing
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2.2 UseRtosdect and fit the AFT model

The survreg() function in R produces the estimates of parametric regression models with
censored survival data using the method of maximum likelihood.
The output of survreg() function gives the estimated regression coefficients and their
standard errors.
= Thevalue of scale refersto the estimate of s .
= Thevalues of (Intercept), trt, dtime, age, prior, factor(ctype)2, factor(ctype)3, and
factor(ctype)4 refer to the estimates of by,...,b ;.
= |t aso givesloglik(MLE) for the full and baseline models.
Note that the covariate ctype (cell type) is categorical and we let R treat it as factor(ctype).
The outputs of survreg() function in R are presented as follows:
(i) Lognormal distribution
> | ognor el r eg<-
survreg(Surv(time, status)~trt+dti me+age+pri or+factor(ctype), data=a,d

i st="1ognormal ")
> sunmar y(| ognor mal r eg)

Call:
survreg(fornmula = Surv(time, status) ~ trt + dtine + age + prior +
factor(ctype), data = a, dist = "lognormal ")

Val ue Std. Error z p
(Intercept) 4.38092 0.47326 9.2569 2.10e-20
trt -0.13812 0. 14528 -0.9507 3.42e-01
dtime -0. 00851 0. 00735 -1.1574 2.47e-01
age 0. 00949 0. 00679 1.3968 1.62e-01
prior -0. 39952 0.17339 -2.3042 2.12e-02
factor(ctype)2 -0. 76868 0.18869 -4.0738 4.63e-05
factor(ctype)3 -0.83456 0.21617 -3.8608 1.13e-04
factor(ctype)4 0.00824 0.21388 0.0385 9.69e-01
Log(scal e) -0. 20538 0. 06297 -3.2618 1.11e-03

Scal e= 0. 814

Log Normal distribution
Logli k(nodel )= -679 Loglik(intercept only)= -695.8
Chi sq= 33.44 on 7 degrees of freedom p= 2.2e-05
Nunber of Newt on-Raphson Iterations: 4
n= 137

(if) Weibull distribution
> wei bul | reg<-
survreg(Surv(time, status)~trt+dti me+tage+pri or+factor(ctype), data=a,d
i st="weibull")
> sunmar y(wei bul | reg)
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Call:
survreg(fornmula = Surv(time, status) ~ trt + dtine + age + prior +
factor(ctype), data = a, dist = "weibull")

Val ue Std. Error z p
(Intercept) 4.74873 0.47248 10. 051 9.12e-24
trt 0. 02747 0.14091 0.195 8.45e-01
dtime -0. 01185 0. 00669 -1.773 7.63e-02
age 0. 00623 0. 00624 0.999 3.18e-01
prior - 0. 34389 0.16119 -2.133 3.29e-02
factor(ctype)2 -0.71940 0.18555 -3.877 1.06e-04
factor(ctype)3 -0.84020 0.21051 -3.991 6.57e-05
factor(ctype)4 -0.17067 0. 20307 -0.840 4.01e-01
Log(scal e) -0. 30203 0. 06756 -4.470 7.81e-06
Scal e= 0. 74

Wi bul | distribution

Logli k(nodel )= -685.1 Loglik(intercept only)= -699.1
Chi sq= 28.05 on 7 degrees of freedom p= 0.00022

Nunber of Newt on-Raphson Iterations: 5

n= 137

(i) Exponential distribution
> exponenti al r eg<-
survreg(Surv(time, status)~trt+dti me+age+pri or+factor(ctype), data=a,d
i st="exponential ")
> sunmar y(exponenti al reg)

Call:
survreg(fornmula = Surv(time, status) ~ trt + dtine + age + prior +
factor(ctype), data = a, dist = "exponential")
Val ue Std. Error z p
(Intercept) 4.74052 0. 62521 7.5823 3.39%e-14
trt -0. 01167 0.18703 -0. 0624 9.50e-01
dtime -0. 01199 0.00887 -1.3522 1.76e-01
age 0. 00639 0.00843 0.7573 4.49e-01
prior - 0. 34060 0.21793 -1.5629 1.18e-01
factor(ctype)2 -0.74161 0. 24636 -3.0103 2. 61e-03
factor(ctype)3 -0.87388 0.27973 -3.1240 1. 78e-03
factor(ctype)4 -0.16525 0.27240 -0. 6066 5. 44e-01

Scale fixed at 1

Exponenti al distribution

Logli k(nodel )= -693.7 Loglik(intercept only)= -703
Chi sq= 18.66 on 7 degrees of freedom p= 0.0093

Nunber of Newt on-Raphson Iterations: 4

n= 137
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(iv) Gaussian distribution
> gaussi anr eg<-
survreg(Surv(time, status)~trt+dti me+age+pri or+factor(ctype), data=a,d
i st ="gaussi an")
> sunmar y(gaussi anr eg)

Call:
survreg(fornmula = Surv(time, status) ~ trt + dtine + age + prior +
factor(ctype), data = a, dist = "gaussian")
Val ue Std. Error z p
(Intercept) 80. 499 38.5887 2.086 0.036971
trt -2.084 11.8533 -0.176 0.860438
dtime -0.473 0.5991 -0.789 0.429839
age 0.944 0.5547 1.702 0.088723
prior -24.196 14.1289 -1.713 0.086802
factor(ctype)2 -58.126 15. 4088 -3.772 0.000162
factor(ctype)3 -63.493 17. 6481 -3.598 0.000321
factor(ctype)4 -7.925 17. 4347 -0.455 0.649412
Log(scal e) 4.195 0. 0628 66. 783 0. 000000
Scal e= 66. 4

Gaussi an di stribution

Logli k(nodel )= -726 Loglik(intercept only)= -738.8
Chi sq= 25.6 on 7 degrees of freedom p= 0.00059

Nunber of Newt on-Raphson Iterations: 4

n= 137

(V) Logistic distribution
> | ogi sticreg<-
survreg(Surv(time, status)~trt+dti me+tage+pri or+factor(ctype), data=a,d
i st="logistic")
> sunmary(l ogi sticreg)

Call:
survreg(fornmula = Surv(time, status) ~ trt + dtine + age + prior +
factor(ctype), data = a, dist = "logistic")
Val ue Std. Error z p
(Intercept) 69. 715 33.6410 2.072 0.038236
trt -8.297 10. 4606 -0.793 0.427696
dtime -0.568 0.5003 -1.135 0. 256387
age 1. 000 0.4842 2.065 0.038946
prior -19. 682 12.3729 -1.591 0. 111670
factor(ctype)2 -47.398 13. 9527 -3.397 0.000681
factor(ctype)3 -54.061 15. 6453 -3. 455 0. 000549
factor(ctype)4 -2.299 15. 9405 -0. 144 0. 885345
Log(scal e) 3. 547 0. 0753 47.107 0.000000
Scal e= 34.7

Logi stic distribution

Logli k(nodel )= -720.1 Loglik(intercept only)= -733.7
Chi sq= 27.18 on 7 degrees of freedom p= 0.00031

Nunber of Newt on-Raphson Iterations: 4

n= 137
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(vi) Loglogistic distribution
> | ogl ogi sticreg<-
survreg(Surv(time, status)~trt+dti me+age+pri or+factor(ctype), data=a,d
i st="1ogl ogistic")
> sunmar y(| ogl ogi sti creg)

Call:
survreg(fornmula = Surv(time, status) ~ trt + dtine + age + prior +
factor(ctype), data = a, dist = "loglogistic")
Val ue Std. Error z p

(Intercept) 4.2612  0.47967 8.884 6.47e-19
trt -0.1533  0.14816 -1.035 3.01e-01
dtime -0.0099  0.00697 -1.420 1.56e-01
age 0.0123  0.00689 1.781 7.50e-02
pri or -0.3713  0.17998 -2.063 3.91e-02
factor(ctype)2 -0.7796  0.19479 -4.002 6.28e-05
factor(ctype)3 -0.8755  0.22339 -3.919 8.88e-05
factor(ctype)4 -0.0284  0.21006 -0.135 8.93e-01
Log(scal e) -0.7396  0.07253 -10.198 2.03e-24

Scal e= 0. 477

Log logistic distribution

Logli k(nodel )= -681.5 Loglik(intercept only)= -699.4
Chi sq= 35.77 on 7 degrees of freedom p= 8e-06

Nunber of Newt on-Raphson Iterations: 4

n= 137

3 Moded selection

3.1 Look for modelswith graphic methods

Graphical methods are useful for summarizing information and suggesting possible
Models. They also provide ways to check assumptions concerning the form of alifetime
distribution and its relationship to covariates’.

Use R, we find that the most possible fitted more may be Weibull and log normal. More
over, it looks like the log normal modél is alittle bit better than the Welbull model and

the log-logistic model.

3.1.1 Waebull lifetime model

We see that, plotsof log(- log(S;(t)) versuslog(t) are roughly linear, then Weibull
lifetime model is suggested.

2L AWLESS, J. 2002. Statistical Modd s for Lifetime Data and Methods. Wiley-Interscience.

Page 6 of 34



Term Paper of STAT 5603 Reliability and Survival Analysis/ HY 2009

> fit.kmesurvfit(Surv(tine, status)~1, data=a, conf.type="none")
> plot(log(fit.kn$tine[1:360]),1o0g(-log(fit.knsurv[1:360])), ylab="1og(-
log(K-Mestimate)', xlab="log(t)', cex.nmin=0.8,cex.|lab=0.8, cex.axis=0.7)
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Figure 1 Weibull probability plotsfor the whole data

> fit.kmbytrt=survfit(Surv(tine,status)~trt, data=a, conf.type="none")
> plot(log(fit.kmbytrt$tine[1:360]), |og(-
log(fit.kmbytrt$surv[1:360])), pch=1:2, ylab="1og(-log(K-Mestimate)"',
xl ab="log(t)', cex.lab=0.8, cex.axis=0.7)

> | egend(4.6, -3, cex=.8, pch=1:2,c("standard treatment"," new treatnent"))
A A
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£,y &
ot®
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< AT o
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T A

3 4 5 6
log(t)

Figure 2 Weibull probability plotsfor the data with different treatment

Page 7 of 34



Term Paper of STAT 5603 Reliability and Survival Analysis/ HY 2009

> fit.kmbyctype=survfit(Surv(tine,status)~ctype, data=a, conf.type="none")
> plot(log(fit.km byctype$tinme[1:360]), |og(-

[ og(fit.kmbyctype$surv[1l:360])),pch =1:4, ylab="1o0g(-1og(K-Mestinmate)',

xl ab="log(t)', cex.lab=0.8, cex.axis=0.7)
> |l egend(4.6, -2, cex=.8, pch =1:4,c("squanous”, "smallcell", "adeno", "l arge"))
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log(t)

Figure 3 Weibull probability plotsfor the data with different cell type

3.1.2 Lognormal lifetime model
We see that, plotsof gnorm(1- S;(t)) versuslog(t) are roughly linear, then log normal

lifetime model is suggested.

> fit.kmesurvfit(Surv(tine, status)~1, data=a, conf.type="none")

> plot(log(fit.kn$tine[1:360]),
K-Mextimte)', xlab="log(t)",

gnor m(1-fit. knbsurv[1: 360]),

yl ab=" gnor n{ 1-

cex. mai n=0. 8, cex. | ab=0. 8,
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3 4 5

log(t)

Figure 4 Log normal probability plotsfor the whole data

> fit.kmbytrt=survfit(Surv(tine,status)~trt, data=a, conf.type="none")

> plot(log(fit.kmbytrtS$tine[1:360]),

gnor n{ 1-

fit.kmbytrt$surv[1:360]), pch=1: 2, ylab="gnorn{1l-K-Mextinate)',
cex. | ab=0. 8, cex. axi s=0. 7)

xl ab="1log(t)",
> | egend(4. 6,

-1,

gnorm(1-K-M extimate)

cex=.8, pch=1l:2,c("standard treatnent","

o
Ry
&6
&, &
o &
- Ao
a® © standard treatment
o 4 new treatment
A o
oA
Ao
o
o -
A

3 4 5

log(t)

new treatnment"))

Figure 5 Log normal probability plotsfor the data with different treatment
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> fit.kmbyctype=survfit(Surv(tine,status)~ctype, data=a, conf.type="none")
> plot(log(fit.km byctype$tinme[1l:360]), gnormn(1-

fit.km byctype$surv[1l: 360]), pch=1: 4, ylab="qgnorn(1l-K-Mextinate)',

xl ab="log(t)', cex.lab=0.8, cex.axis=0.7)

> |l egend(4.6, -1, cex=.8, pch =1:4,c("squanous”, "smallcell", "adeno", "l arge"))
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§ e x &
& R +X
at %(;ﬁ
X
o
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xo X A smallcell
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o

log(t)

Figure 6 Log normal probability plotsfor the data with different cell type

3.1.3 Log-logistic lifetime model
We see that, plotsof log((1- S;(t)/S;(t)) versuslog(t) are roughly linear, and its shape

is like the one of the log normal time model. Then log normal lifetime model is
considered.

> fit.kmesurvfit(Surv(tine, status)~1, data=a, conf.type="none")
> plot(log(fit.kn®tinme[1:360]),1o0g((1-fit.knbsurv[1:360])/

fit.knsurv[1:360]), ylab="log((1l-K-Mestinate)/K-Mestinmate)',
xl ab="log(t)', cex.min=0.8, cex.lab=0.8, cex.axis=0.7)
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log((1-K-M estimate)/K-M estimate)

3 4

log(t)

Figure 7 Log-logistic probability plotsfor the whole data

> fit.kmbytrt=survfit(Surv(tine,status)~trt, data=a, conf.type="none")

> plot(log(fit.kmbytrtS$tine[1:360]),

log((1-fit.kmbytrt

$surv[1:360])/fit. kmbytrt$surv[1l: 360]), pch=1: 2, ylab="1o0g((1-K-M

estimate)/ K-M estinate)',

xl ab="log(t)",

cex. | ab=0. 8, cex. axi s=0. 7)

> | egend(4.6, -1, cex=.8, pch=1:2,c("standard treatment"," new treatnent"))
« - . A
° o
AQA °
o 839 &
— A
e &4
E
: » 3
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2 W
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kel o - A o
o
A O
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o
7 s
T T T
3 4 5 6

log(t)

Figure 8 Log-logistic probability plotsfor the data with different treatment
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> fit.kmbyctype=survfit(Surv(tine,status)~ctype, data=a, conf.type="none")

> plot(log(fit.km byctype$tine[1:360]),

l og((1-

fit.kmbyctype$surv[1:360])/fit.km byctype$surv[1l:360]), pch=1:4, ylab=

> | egend(4.6, -1,

log((1-K-M estimate)/ K-M estimate)', xlab="log(t)', cex.|ab=0.8, cex.axis=0.7)
cex=.8, pch =1:4, c("squanmous", "small cel |l ", "adeno", "l arge"))
JAN
X
© - o
o
X N
~ - A +
A A+
@ ° o o 0
,E % >Otx+xA+
g A &+ Xn
) ° to
X oot &
> A+'F A+X
T o A &
E X )?A+ &
2 A+ fl'. x
3 x* X
X - + \
o 7 N P
= o X & © squamous
° + + A smallcell
x O A o adeno
& - + ° % X large
8 Xy
JAN
‘ ©x A

log(t)

Figure 9 Log-logistic probability plotsfor the data with different cell type

3.2 AkaikeInformation Criterion

One method for comparing models is to use the Akaike Information Criterion®
(AIC). Thisisdefined as: AIC = -2logL + 2p.
Here p is the number of parametersfit in the model.

While the survreg() function does not directly give usthis value, we can obtain it through

the information we are given:
The ANOVA* function provides -2loglik(MLE) for each model, which can also be

obtained from the summaries of R.

> anova(l ognor nal r eg, wei bul | reg, exponenti al r eg, gaussi anreg, | ogi sti creg,

| ogl ogi sti
+ dtine + age
+ dtine + age
+ dtine + age
+ dtine + age
+ dtine + age
+ dtine + age

creg, test="Chisq")
Terms Resid. Df

+ prior + factor(ctype) 128
+ prior + factor(ctype) 128
+ prior + factor(ctype) 129
+ prior + factor(ctype) 128
+ prior + factor(ctype) 128
+ prior + factor(ctype) 128

-2*LL Test

1358.
1370.
1387.
1452.
1440.
1363.

093
195
375
022
144
063

3 Model Selection, http://www.webpages.ui daho.edw/~brian/stat401ch13 01.pdf.
* Parametric Regression in Survival Analysis, http:/www.stat.ncu.edu.tw/teacher/Tsengyk/Handout2a. htm.

Df  Devi ance )
NA NA NA
0 -12.10269 NA
-1 -17.18013 3. 399733e- 05
1 -64.64613
0 11.87803
0 77.08073

P(>| Chi

NA
NA
NA
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In this case, p’s of different models are almost the same. From the above information, we
know that the log normal model yields the smallest AlC.
Thus, the log normal model may fit the data better than other models.

3.3 Likelihood-ratio test

The approach of AIC is often used in model selection while the models are not nested.
However, AIC does not consider the sample size. It might have good properties for
smaller sample size n. On the other hand, AIC might suggest a non-reasonable model®.
Moreover, picking the model with the smallest AlC requires the model in the suite with
the best overall statistical properties and parameter balance®.
Another method isthe likelihood-ratio test for comparing nested models.
A model is said to be nested within another model if the first model is a special case of
the second. More precisely, model A is nested within model B if A can be obtained by
imposing restrictions on the parameters in B. For example, the exponential model is
nested within both the Weibull and the Gamma models.
For example, in this case, we calculate the likelihood ratio test as:

Ho: Exponential model

Hi: Weibull model
The log-likelihood for Exponential model is-693.7 and the log-likelihood for Weibull
model is-685.1. The likelihood-ratio Chi-square statistic is:

- 2(1@,) - |(@) = -2(-693.7-(-685.1)) = 17.2.

Clearly, we can reject the null hypotheses, that is to say the Weibull model fits the data
better than the Exponential model. By the likelihood ratio test, when the models are
nested, the Weibull model may fit the data better.

® Chapter 6. Modelling Method for Survival Analysis, http://www.stat.nuk.edu.tw/wongkf _html/survival 06.pdf.
5 Model Selection, http://www.webpages.ui daho.edw/~brian/stat401ch13 01.pdf.
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3.4 Modé fit for selecting model

Model fit can be evaluated based upon a graphical comparison between empirical

Kaplan-Meier (K-M)) survival curves and fitted or “predicted” survival curves generated
from the selected AFT model”.
First of all, the general Kaplan-Meier survival curve can be obtained in R:

> fit.kmesurvfit(Surv(tine,status)~1, data=a, conf.type="none")
> plot(fit.kmmin="Clinical trial for two treatment reginens for |lung cancer",
ylab="K-M estimate', xlab="Time (days)', cex.nmin=0.8,cex.|ab=0.7, cex.axis=0.7)

Clinical trial for two treatment regimens for lung cancer

0.6 0.8 1.0
| |

K-M estimate

04

0 50 100 150 200 250 300 350

Time (days)

Figure 10 General K-M survival curve

3.4.1 Categorizethedatain terms of treatment
When plotting K-M survival curves, we choose to categorize treatment (the variable istrt:

1=standard treatment, 2=new treatment) to conduct the graphical comparison.

> fit.kmbytrt=survfit(Surv(tine,status)~trt, data=a, conf.type="none")

> plot(fit.kmbytrt,min="dinical trial for two treatnent regi mens for |ung
cancer by treatnment",ylab="K-M estimte', x|l ab="Ti ne

(days)', cex. mai n=0. 8, cex. | ab=0. 7, cex. axi s=0. 7, col =c(" bl ack","red"), | ty=1: 2)
> | egend(230, .96,1ty=1:2, cex= 7,col=c("black","red"), c("standard
treatment”," new treatnent"))

7 Swinddl, W. 2009. Accelerated Failure Time Modds Provide a Useful Statistical Framework for Aging Research,
Experimenta Gerontology 44 (2009): 190-200.
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Clinical trial for two treatment regimens for lung cancer by treatment

1.0

— standard treatment
- new treatment

0.8
|

K-M estimate

04

0.2
|

0.0
|

0 50 100 150 200 250 300 350
Time (days)

Figure 11 K-M survival curves by treatment

Then, add the fitted or “predicted” survival curves generated from the selected AFT

model to compare.

T

gt,- X, b
=) where for the

lo
= According to log-location-scale families, S(t;) = S,(
_ logt, - X'b

log normal regression S,(w) =1- F(w) and w=——.

= According to log-location-scale families, for the Weibull distribution of T, the

ogt, - X/

I . b
survival function S(t,) = S,(——————=) whereS, (W) = exp(- exp(w)).
s

Consider two patients with the following covariate combinations:
= X;=(1, treatment = 1, days from diagnosis to randomization = 3, age = 60,
prior =0, cell type = 4)
= Xo=(1, treatment = 2, days from diagnosis to randomization = 3, age = 60,
prior =0, cell type = 4)
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In R, they can be expressed as:

> fit.kmbytrt=survfit(Surv(tine,status)~trt, data=a, conf.type="none")

> plot(fit.kmbytrt,min="dinical trial for two treatnent regi nmens for |ung
cancer by treatnent",ylab="Survival probability estimate', xlab="Tine
(days)', cex. mai n=0. 8, cex. | ab=0. 7, cex. axi s=0. 7, | t y=1: 6)

> x1<-¢(1,1,3,60,0,0,0,1)
> x2<-¢(1,2,3,60,0,0,0,1)
>t <- seq(0, 360,0.1)
> sx1 <- 1-pnorn((log(t)-x1% % ognor nal reg$coeff)/ I ognormal reg$scal e)
> sx2 <- 1-pnorn{(log(t)-x2% % ognor nal reg$coeff)/ I ognormal reg$scal e)
> wxl <- exp(-exp(log(t)-x1% %ei bul |l reg$coeff)/weibullreg$scal e)
> wx2 <- exp(-exp(log(t)-x2% %ei bul |l reg$coeff)/weibullreg$scal e)
> lines(t,sxl,|ty=3)
> lines(t,sx2,|ty=4)
> lines(t,wl,|ty=5)
> lines(t,w2,|ty=6)
> | egend(230, .96,Ity=1:6, cex=.7, c("K-Mstandard treatnment","K-M
for new treatnment”, "X1 by log normal”,"X2 by | og normal"," X1 by
Weibull","X2 by Weibull"))
Clinical trial for two treatment regimens for lung cancer by treatment
~— K-Mstandard treatment
—~- K-Mfor new treatment
""" X1 by log normal
“=°= X2 by log normal
o _| T 77 X1 by Weibull
© -=-= X2 by Weibull
g
)
3
T T T T T T T

Time (days)

Figure 12 Graphical comparison between K-M curves and fitted curves by treatment
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From the above graphical comparison, we can see that the Weibull regression model may
fit the data better than the log normal regression model.

3.4.2 Categorizethedatain termsof cell type
In order to conduct the graphical comparison, we choose to categorize cell type:

= Thevariableisctype: 1=squamous, 2=smallcell, 3=adeno, 4=large.

> fit.km byctype=survfit(Surv(tinme,status)~ctype, data=a, conf.type="none")

> plot(fit.kmbyctype,main="Clinical trial for two treatnent regi mrens for |ung cancer
by cell type",ylab="K-Mestimte', x|l ab="Tine

(days)', cex. mai n=0. 8, cex. | ab=0. 7, cex. axi s=0. 7, col =c(1: 4),ty=1: 4)

> | egend(260, .96,1ty=1:4, cex=.7,col=c(1l:4),c("squanous"”,"snmallcell","adeno", "l arge"))

Clinical trial for two treatment regimens for lung cancer by cell type

squanous
- ~~ smallcell
7 adeno
=== large

K-M estimate

0.0

Time (days)

Figure 13 K-M survival curves by cell type

We can use the data of two other patients with the following covariate combinations:
= Xs3=(1, treatment = 1, days from diagnosis to randomization = 10, age = 50,
prior =0, cell type=13)
= X4=(1, treatment = 2, days from diagnosis to randomization = 10, age = 50,
prior =0, cell type=13)
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InR, it can be expressed as:

> fit.kmbyctype=survfit(Surv(tine,status)~ctype, data=a, conf.type="none")
> plot(fit.kmbyctype,main="Clinical trial for two treatment regi mens for
lung cancer by cell type",ylab="K-Mestinate', xl ab="Ti ne

(days)', cex. mai n=0. 8, cex. | ab=0. 7, cex. axi s=0. 7, |ty=1:8)

> x3<-¢(1,1,10,50,0,0,1,0)

> x4<-c¢(1,2,10,50,0,0,1,0)

>t <- seq(0,360,0.1)

> sx3 <- 1-pnorm((log(t)-x3% % ognor nal reg$coeff) /| ognormal reg$scal e)
> sx4 <- 1-pnorm((log(t)-x4% % ognor nal reg$coef f) /| ognormal reg$scal e)
> w3 <- exp(-exp(log(t)-x3% %weibul |l reg$coeff)/weibullreg$scal e)

> w4 <- exp(-exp(log(t)-x4% %weibul | reg$coeff)/wei bullreg$scal e)

> |lines(t,sx3,1ty=5)

> |lines(t,sx4,|ty=6)

> lines(t,w3,1ty=7)

> |lines(t,w4,|ty=8)

> | egend(230, .96,1ty=1:8, cex=.7, c("K-Mfor squanous","K-M for

smal lcell","K-M for adeno","K-Mfor large", "X3 by log normal","X4 by | og
normal ", " X3 by Weibull","X4 by Weibull"))

Clinical trial for two treatment regimens for lung cancer by cell type

K-Mfor squamous
K-Mfor smallcell
K-Mfor adeno
K-Mfor large

° X3 by log normal
X4 by log normal
X3 by Weibull

X4 by Weibull

Survival probability estimate

Time (days)

Figure 14 Graphical comparison between K-M curves and fitted curves by cell type
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From the above graphical comparison, we can see that the log nor mal regression model

may fit the data better than the Weibull regression model.

3.4.3 Resault of iteration
After repeating several rounds of the graphical comparison, the log normal regression

AFT model is selected for the data analysis in this case.

3.5 Redgdual analysis
(I skipitJ.)

4 Fit thelog normal regression AFT model

4.1 Variableselection

It is necessary to determine which variables should be included in the fitted AFT model.
Variable selection is performed using a forward and backward stepwise procedure®
that searches all possible models to determine which model minimized the AIC:

AIC = -2logL + 2p.
In this case, the selecting criterion is based on the z statistics associated with estimated
regression parameters, which are equivalent to the common chi-square wald test
statistics’.

1) To begin, we fit the full model with all covariates included.

> | ognor nmal r eg<-
survreg(Surv(time, status)~trt+dti me+age+pri or+factor(ctype), data=a,d
i st="1ognormal ")

> sunmar y(| ognor mal r eg)

Call:
survreg(fornmula = Surv(time, status) ~ trt + dtine + age + prior +
factor(ctype), data = a, dist = "lognormal ")
Val ue Std. Error z p
(Intercept) 4.38092 0.47326 9.2569 2.10e-20

8 Swinddl, W. 2009. Accelerated Failure Time Modds Provide a Useful Statistical Framework for Aging Research,
Experimenta Gerontology 44 (2009): 190-200.
9 Parametric Regression in Survival Analysis, http://www.stat.ncu.edu.tw/teacher/Tsengyk/Handout2a. htm.
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trt -0.13812 0. 14528 -0.9507 3.42e-01
dtine -0. 00851 0.00735 -1.1574 2.47e-01
age 0. 00949 0. 00679 1.3968 1.62e-01
prior - 0. 39952 0.17339 -2.3042 2.12e-02
factor (ctype)2 -0.76868 0. 18869 -4.0738 4.63e-05
factor (ctype)3 -0.83456 0.21617 -3.8608 1.13e-04
factor(ctype)4 0.00824 0.21388 0.0385 9.69e-01
Log(scal e) - 0. 20538 0. 06297 -3.2618 1.11e-03

Scal e= 0. 814

Log Normal distribution
Logl i k(nodel )= -679  Loglik(intercept only)= -695.8
Chi sq= 33.44 on 7 degrees of freedom p= 2.2e-05
Nunber of Newt on-Raphson Iterations: 4
n= 137

Since the variable factor (ctype)4 (cell typeislarge) is associated with the least
significant z statistic and the largest p value, it is excluded from the model. This gives
the following fit:

attach(a)

squanous <- ctype==1

smallcell <- ctype==2

adeno <- ctype==3

| arge <- ctype==

| ognormal reg. fitl<-
survreg(Surv(time, status)~trt+dti me+tage+pri or+small cel | +adeno, dat a=a
, di st="1ognornmal ")

> sunmary(l ognormal reg. fitl)

VVVVYV

\Y

Call:
survreg(fornmula = Surv(time, status) ~ trt + dtine + age + prior +
smal Il cell + adeno, data = a, dist = "lognormal ")
Val ue Std. Error z p
(Intercept) 4. 38656 0.45007 9.746 1.91e-22
trt - 0. 13857 0.14481 -0.957 3.39%e-01
dtime -0. 00854 0. 00732 -1.166 2.43e-01
age 0. 00947 0. 00678 1.397 1.62e-01
prior -0.39941 0.17337 -2.304 2.12e-02
smal | cel | TRUE -0. 77237 0.16261 -4.750 2. 04e-06
adenoTRUE -0. 83826 0.19370 -4.328 1.51e-05
Log(scal e) -0. 20534 0. 06296 -3.262 1.11e-03

Scal e= 0. 814

Log Normal distribution
Logl i k(nodel )= -679  Loglik(intercept only)= -695.8
Chi sq= 33.44 on 6 degrees of freedom p= 8. 6e-06
Nunber of Newt on-Raphson Iterations: 4
n= 137
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3) The next variable to be removed from the model is trt (treatment).

> | ognormal reg. fit2<-
survreg(Surv(time, status)~+dti mne+age+pri or+smal | cel | +adeno, dat a=a, di
st="1 ognormal ")

> sunmary(l ognormal reg. fit?2)

Call:
survreg(fornmula = Surv(time, status) ~ +dtine + age + prior +
smal l cell + adeno, data = a, dist = "lognhormal ")
Val ue Std. Error z p
(Intercept) 4.21693 0.41499 10.16 2.95e-24
dtinme - 0. 00887 0.00734 -1.21 2.26e-01
age 0. 00877 0.00676 1.30 1.95e-01
prior -0. 39329 0.17384 -2.26 2.37e-02
smal | cel | TRUE - 0. 74962 0.16139 -4.64 3.40e-06
adenoTRUE - 0. 85805 0.19328 -4.44 9.02e-06
Log(scal e) -0. 20188 0. 06296 -3.21 1.34e-03

Scal e= 0. 817

Log Normal distribution

Logli k(nodel )= -679.5 Loglik(intercept only)= -695.8
Chi sq= 32.52 on 5 degrees of freedom p= 4.7e-06

Nunber of Newt on-Raphson Iterations: 4

n= 137

4) The 3 variable to be removed from the model is dtime (days from diagnosis to

randomisation).

> | ognormal reg. fit3<-

survreg(Surv(time, status)~+age+prior+snal |l cel | +adeno, dat a=a, di st="10
gnor mal ")

> summar y (| ognormal reg. fit3)

Call:

survreg(fornmul a Surv(tinme, status) ~ +age + prior + smallcell +

adeno, data a, dist = "lognornmal")

Val ue Std. Error z p
(Intercept) 4.16169 0.4145 10.04 1.0le-23
age 0. 00878 0.0068 1.29 1.96e-01
prior -0.47898 0.1595 -3.00 2.68e-03
smal | cel | TRUE -0. 75753 0.1621 -4.67 2.95e-06
adenoTRUE -0. 83760 0.1935 -4.33 1.50e-05
Log(scal e) -0. 19683 0.0630 -3.13 1.77e-03

Scal e= 0. 821

Log Normal distribution

Logli k(nodel )= -680.2 Loglik(intercept only)= -695.8
Chi sq= 31.07 on 4 degrees of freedom p= 3e-06

Nunber of Newt on-Raphson Iterations: 4

n= 137
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5) The 4™ variable to be removed from the model is age (in years).

> | ognormal reg. fit4<-

survreg(Surv(time, status)~+prior+smallcel | +adeno, dat a=a, di st ="1 ognor
mal ")

> sunmary(l ognormal reg. fit4)

Call:
survreg(fornmula = Surv(time, status) ~ +prior + smallcell + adeno,
data = a, dist = "lognormal")
Val ue Std. Error z p
(I'ntercept) 4.674 0. 123 37.90 0. 00e+00
prior -0. 496 0.160 -3.10 1.96e-03
smal | cel | TRUE - 0. 739 0.163 -4.55 5.49e-06
adenoTRUE -0. 842 0.195 -4.32 1.55e-05
Log(scal e) -0.190 0.063 -3.01 2.60e-03

Scal e= 0. 827

Log Normal distribution

Logli k(nodel )= -681.1 Loglik(intercept only)= -695.8
Chi sq= 29.41 on 3 degrees of freedom p= 1.8e-06

Nunber of Newt on-Raphson Iterations: 4

n= 137

6) The 5™ variable to be removed from the model is prior (prior therapy 0=no, 1=yes).

> | ognormal reg. fitb5<-
survreg(Surv(time, status)~+smal | cel | +adeno, dat a=a, di st ="1 ognor mal ")
> sunmary(l ognormal reqg. fith)

Call:
survreg(fornula = Surv(time, status) ~ +smallcell + adeno, data = a,
di st = "l ognormal ")
Val ue Std. Error z p
(Intercept) 4. 485 0.111 40.51 0.000000
smal | cel | TRUE - 0. 662 0.167 -3.97 0.000071
adenoTRUE -0.745 0.199 -3.74 0.000186
Log(scal e) -0.153 0. 063 -2.43 0.015033

Scal e= 0. 858

Log Normal distribution

Logl i k(nodel ) = -685. 7 Logl i k(intercept only)= -695.8
Chi sq= 20. 17 on 2 degrees of freedom p= 4.2e-05

Nunber of Newt on-Raphson Iterations: 4

n= 137

But here we can see that: after the variable prior is excluded, the value of AlC increases.
So, we should keep prior.
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At this stage, we should also check if the variables that have been removed from the
model earlier, namely, age, dtime, trt, factor(ctype)4 can enter the model. After several
backward rounds check, such as:

> | ognormalreg. fit6<-
survreg(Surv(time, status)~prior+smal | cel | +adeno+l ar ge, dat a=a, di st ="1 ognor nal

> | ognormalreg. fit7<-

survreg(Surv(tine,status)~trt+prior+snallcell+adeno, dat a=a, di st ="| ognor mal ")
> | ognormalreg. fit8<-survreg(Surv(tinme,status)~

dti nme+prior+smal | cel | +adeno, dat a=a, di st ="1 ognor nal ")

> | ognormal reg. fit9<-

survreg(Surv(tine,status)~trt+prior+snallcell+adeno+l ar ge, dat a=a, di st =" ogno
rmal ")

Finally, it appears that:
= Prior, smallcell (cell type), adeno (cell type) are perhaps the only important
variables in this data set.

And the selected model has the following performance.

> | ognormal reg. fit4<-

survreg(Surv(time, status)~+prior+smallcel | +adeno, dat a=a, di st ="1 ognor
mal ")

> sunmary(l ognormal reqg. fit4)

Call:
survreg(fornmula = Surv(time, status) ~ +prior + smallcell + adeno,
data = a, dist = "lognormal")
Val ue Std. Error z p
(I'ntercept) 4.674 0. 123 37.90 0. 00e+00
pri or -0. 496 0.160 -3.10 1.96e-03
smal | cel | TRUE - 0. 739 0.163 -4.55 5.49e-06
adenoTRUE -0. 842 0.195 -4.32 1.55e-05
Log(scal e) -0.190 0.063 -3.01 2.60e-03

Scal e= 0. 827

Log Normal distribution

Logli k(nodel )= -681.1 Loglik(intercept only)= -695.8
Chi sq= 29.41 on 3 degrees of freedom p= 1.8e-06

Nunber of Newt on-Raphson Iterations: 4

n= 137

Note:

We can use R function stepAlC to obtain the same result more readily:

> |ibrary(nass)
> attach(a)
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squanous <- ctype==

smal l cel |l <- ctype==2

adeno <- ctype==3

| arge <- ctype==4

| ognornalreg. fitl<-
survreg(Surv(tine, status)~trt+dti me+age+prior+snall cel | +adeno, dat a=a,
di st ="1ognornal ")

> stepAl C(l ognornalreg.fitl)

Start: Al C=1374.09

Surv(time, status) ~ trt + dtime + age + prior + smallcell +

>
>
>
>

\%

adeno

Df Al C
- trt 1 1373.0
- dtinme 1 1373.5
- age 1 1374.0
<none> 1374. 1
- prior 1 1377.3
- adeno 1 1389.6
- smallcell 1 1392.9

Step: AIC=1373.01
Surv(time, status) ~ dtine + age + prior + smallcell + adeno

Df Al C
- dtinme 1 1372.5
- age 1 1372.7
<none> 1373.0
- prior 1 1376.0
- adeno 1 1389.4
- smallcell 1 1391.0

Step: AIC=1372. 46
Surv(tinme, status) ~ age + prior + snallcell + adeno

Df Al C
- age 1 1372.1
<none> 1372.5
- prior 1 1379.2
- adeno 1 1388.0

- smallcell 1 1390.7

Step: AIC=1372.12
Surv(time, status) ~ prior + smallcell + adeno

Df Al C
<none> 1372.1
- prior 1 1379.4
- adeno 1 1387.6
- smallcell 1 1389.3
Cal |:
survreg(formula = Surv(tine, status) ~ prior + smallcell + adeno,
data = a, dist = "lognormal")

Coefficients:
(I'ntercept) prior smallcel |l TRUE adenoTRUE
4.6737875 - 0. 4960756 -0.7391344 - 0. 8421581

Scal e= 0. 8272893
Logl i k(nodel )= -681.1 Logli k(i ntercept only)= -695.8

Chisq= 29.41 on 3 degrees of freedom p= 1.8e-06
n= 137
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4.2 Influence analysisfor the AFT model fit

From the information obtained in 4.1, we know that:

Par anet er Val ue Std. Error z p
Full model b, ! ntercept 4.38092  0.47326 9.2569 2.10e-20
b,trt -0.13812  0.14528 -0.9507 3.42e-01
b,dtime -0.00851  0.00735 -1.1574 2.47e-01
b,age 0.00949  0.00679 1.3968 1.62e-01
b,prior -0.39952  0.17339 -2.3042 2.12e-02
b factor(ctype)2 -0.76868  0.18869 -4.0738 4.63e-05
bgfactor(ctype)3 -0.83456  0.21617 -3.8608 1.13e-04
b,factor(ctype)4 0.00824  0.21388 0.0385 9.69e-01
s "Log(scal e) -0.20538  0.06297 -3.2618 1.1le-03
Reduced model | |y |ntercept 4.674 0.123  37.90 0.00e+00
b,prior -0. 496 0.160  -3.10 1.96e-03
b, smal | cel | TRUE -0.739 0.163  -4.55 5.49e-06
b,adenoTRUE -0. 842 0.195  -4.32 1.55e-05
s’ Log(scal e) -0.190 0. 063 -3.01 2.60e-03

Table 2 Parameters of the full model and the reduced model

We also know that:
Logl i k( nodel )
Ful I rnodel -679
Reduced nodel -681.1

Table 3 Log-likdihood for the full model and the reduced model

Assuming our diagnostics give some credibility to our chosen model, we can do some
inference analysis. Let g =[q, ,q,]=[b,s].
1) Wecantest: Ho:b, =b, =...=b, =0

Whenb, =b, =...=b, =0, we get:

> | ognor mal r eg0<- survreg(Surv(tine, status)~1, data=a, di st="1 ognor mal ")
> summar y( | ognor nal r eg0)

Cal | :
survreg(formula = Surv(time, status) ~ 1, data = a, dist =
"1 ognor mal ")

Value Std. Error z p
(I'ntercept) 4.1069 0.080 51.30 0.000
Log(scale) -0.0752 0.063 -1.19 0.233

Scal e= 0.928
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Log Normal distribution

Logli k(nodel )= -695.8 Loglik(intercept only)= -695.8
Nurmber of Newt on- Raphson Iterations: 5

n= 137

L,=2(1@)- 1@)

=2(I(byb,,ub.8)- 1(6,,0,000000,8))
= 2 (loglik; — logliko)

= 2(_ 679+ 695.8)

=336

Since:
> 1-pchisq(33.6,7)

[1] 2.046140e-05 ## p-value, d.f.=9-2 = 7
The P-value is much smaller than 0.05. This means that: a the 95% confidence

level, we may reject Ho, and find strong evidence that b,,b,,...no, may not be

egual to O at the same time.

Let g refer to the parameters of the full model, and(i be for the reduced model.
Wecantest: Ho: b, =b, =b,=b, =0

Use this method, thus,

L,=2(@)- @)

=2(I(bg,b,bo,5)- 1(5,,000,b,,b,,b.,08))
= 2 (loglik; - loglikz)

=2 (- 679+ 68L1)

=42

Since:

> 1-pchisq(4. 2, 4)
[1] 0.3796149 ## p-value, d.f.=9-5 =4

The P-value is bigger than 0.05. This means that: at the 95% confidence level,
there is hardly any log-likelihood difference between the full model and the
reduced model, and we find no evidence against the model only Prior, cell type =
smallcell, cell type = adeno included.
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Also, we can use this approach with a forward and backward stepwise procedureto
conduct variable selection, and we can find the same results as the way using the AIC.

5 Get inferencesfor the survivor functionsat a point from the reduced model

5.1 Obtain the covariance matrix Cov(QA,SA ) for the reduced model

There are no built-in functions in R that will provide inferences for the AFT model. To
get inferences for the survivor function at a point, we need the covariance matrix

Cov(g,s‘ ). Unfortunately R gives the covariance matrix for Cov(g,s‘* =logs’).
To get the covariance matrix Cov(b s ),*we simply multiply all the elements in the last

row and the last column by s .

> | ognormal reg. fit4$var

(I'ntercept) prior smallcell TRUE adenoTRUE Log(scal e)
(I'ntercept) 0. 0152053916 -9.890744e-03 -1.293597e-02 -0.0133528751 2.014160e-04
prior -0.0098907439 2.565813e-02 4.022582e-03 0. 0050969879 -1.076527e- 05
smal | cel | TRUE -0.0129359702 4.022582e-03 2.644518e-02 0.0121832655 -5. 124566e- 05
adenoTRUE -0.0133528751 5.096988e-03 1.218327e-02 0.0379706351 -1.067674e- 04
Log(scal e) 0. 0002014160 -1.076527e-05 -5.124566e-05 -0. 0001067674 3. 963683e- 03

covar <-l ognormal reg. fit4$var

coni nfr<-covar
coninfr[,5]<-covar[, 5] *l ognormal reg. fit4$scal e
coninfr[5,]<-covar[5,]*l ognormal reg. fit4$scal e

V V VYV

The covariance matrix Cov(b s ) is:

> coninfr
(I'ntercept) prior smallcell TRUE adenoTRUE Log(scal e)
(I'ntercept) 0. 0152053916 -9.890744e-03 -1.293597e-02 -0.0133528751 1.666293e-04
prior -0.0098907439 2.565813e-02 4.022582e-03 0. 0050969879 -8.905996e- 06
smal | cel | TRUE -0.0129359702 4.022582e-03 2.644518e-02 0.0121832655 - 4. 239498e- 05
adenoTRUE -0.0133528751 5.096988e-03 1.218327e-02 0.0379706351 - 8. 832750e- 05
Log(scal e) * 0. 0001666293 -8.905996e-06 -4.239498e- 05 -0.0000883275 3.279112e-03

5.2 Get inferences of median time-to-events

The median time-to-events (TTE’s) ** for an individual with covariate vector X under the

log normal regression AFT model is T, = exp(XiTQ) :

19 |ntroduction to Survival Analysis Using R, http:/www.stat.ncu.edu.tw/teacher/ Tsengyk/Handout2b.doc.
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5.2.1 Check theeffectsof prior therapy with squamous cell type
Consider two patients with the following covariate combinations:

= X3=(1, prior =0, cell type = squamous)

= Xo=(1, prior =1, cell type = squamous)
This means that the two patients with squamous cell type only have different conditions
on prior therapy: X, uses prior therapy and X; does not.

In R, this can be expressed as:
> x1<-¢(1,0,0,0)
> x2<-¢(1,1,0,0)
> nmedxl <- exp(x1% % ognornal reg. fit4$coeff)
> matrix(c(x1,0),1,5)
(.1 [.2] [.3] [.4] [.9]
[1,] 1 0 0 0 0
> c(exp(x1% % ognormal reg. fit4$coeff -
1.96*sqgrt(matrix(c(x1,0),1,5)% %oninfr% %matrix(c(x1,0),5,1))),
medx1,
exp(x19 % ognor nal reg. fit4$coef f +1. 96*sqrt (matri x(c(x1,0), 1, 5) % %on
infrog%matrix(c(x1,0),5,1))))
[1] 84.10782 107.10262 136.38413

> nmedx2<- exp(x2% % ognor nmal reg. fit4$coeff)

> c(exp(x2% % ognormal reg. fit4$coeff -

1.96*sqgrt(matrix(c(x2,0),1,5)% %oni nfr% %matrix(c(x2,0),5,1))),
nmedx2,

exp(x2% % ognor mal reg. fit4$coef f +1. 96*sqrt (matri x(c(x2,0), 1, 5) % %on
infrog%matrix(c(x2,0),5,1))))

[1] 49.06405 65.21646 86.68640

From the above, we obtain 95% confidence intervals for subject X;:

Lower CI Median TTE Upper Cl

84.10782 107.10262 136.38413
Table 4 95% confidence intervals of median TTE for subject X,

We obtain 95% confidence intervals for subject Xy:

Lower CI Median TTE Upper Cl

49.06405 65.21646 86.68640
Table 595% confidence intervals of median TTE for subject X,

5.2.2 Check the effects of prior therapy with small cell type
Consider two patients with the following covariate combinations:

= X3=(1, prior =0, cell type = small cell)
= Xs=(1, prior =1, cell type=small cell)

™ Introduction to Survival Analysis Using R, http://www.stat.ncu.edu.tw/teacher/T sengyk/Handout2b.doc.
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x3<-¢(1,0,1,0)
x4<-c¢(1,1,1,0)
nedx3 <- exp(x3% % ognornal reg. fitd$coeff)
matri x(c(x3,0),1,5)
(.1 [.2] [.3] [.4] [.5]
[1,] 1 0 1 0 0
> c(exp(x3% % ognormal reg. fitd4$coeff -
1.96*sqgrt(matrix(c(x3,0),1,5)% %oninfr% %matrix(c(x3,0),5,1))),
nmedx3,
exp(x3% % ognornal reg. fit4$coef f +1. 96*sqrt (matri x(c(x3,0), 1, 5) % %con
infrag%matrix(c(x3,0),5,1))))
[1] 39.98289 51.14441 65.42174

V V VYV

> nmedx4<- exp(x4% % ognor mal reg. fit4$coeff)

> c(exp(x4% % ognormal reg. fit4$coeff -
1.96*sqgrt(matrix(c(x4,0),1,5)% %oni nfr% %matrix(c(x4,0),5,1))),
nmedx4,

exp(x49% % ognor nal reg. fit4$coef f +1. 96*sqrt (matri x(c(x4,0), 1, 5) % %on
infrog%matrix(c(x4,0),5,1))))

[1] 22.21560 31.14263 43. 65685

From the above, we obtain 95% confidence intervals for subject Xs:

Lower CI Median TTE Upper CI

39.98289 51.14441 65.42174
Table 6 95% confidence intervals of median TTE for subject X

We obtain 95% confidence intervals for subject Xa:

Lower CI Median TTE Upper Cl

22.21560 31.14263 43.65685
Table 7 95% confidence intervals of median TTE for subject X,

5.2.3 Check the effects of prior therapy with adeno cell type
Consider two patients with the following covariate combinations:

= Xs=(1, prior =0, cell type = adeno)

Xe=(1, prior =1, cell type = adeno)

x5<-¢(1,0,0,1)
x6<-c(1,1,0,1)
nmedx5 <- exp(x5% % ognornal reg. fit4$coeff)
matri x(c(x5,0),1,5)
(.1 [.2] [.3] [.4] [.9]
[1,] 1 0 0 1 0
> c(exp(x5% % ognormal reg. fit4d$coeff -
1.96*sqgrt (matrix(c(x5,0),1,5)% %oni nfr% %matrix(c(x5,0),5,1))),
nmedx>5,
exp(x5% % ognor nal reg. fit4$coef f +1. 96*sqrt (matri x(c(x5,0), 1, 5) % %€on
infrog%matrix(c(x5,0),5,1))))
[1] 33.54016 46. 13765 63. 46670

V V VYV
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> nmedx6<- exp(x6% % ognor mal reg. fit4$coeff)

> c(exp(x6% % ognormal reg. fitd$coeff -

1.96*sqgrt(matrix(c(x6,0),1,5)% %oni nfr% %matrix(c(x6,0),5,1))),
nedx6,

exp(x69% % ognor nal reg. fit4$coef f +1. 96*sqrt (matri x(c(x6, 0), 1, 5) % %con
infrog%matrix(c(x6,0),5,1))))

[1] 18.75190 28.09394 42.09010

From the above, we obtain 95% confidence intervals for subject Xs:

Lower Cl

Median TTE

Upper CI

33.54016

46.13765

63.46670

Table 8 95% confidence intervals of median TTE for subject Xs

We obtain 95% confidence intervals for subject Xe:

Lower Cl

Median TTE

Upper Cl

18.75190

28.09394

42.09010

Table 9 95% confidence intervals of median TTE for subject X

According these outputs we obtain, the summary table can be set up:

Sguamous Small Cell Adeno
Prior =0 107.10262 51.14441 46.13765
Prior =1 65.21646 31.14263 28.09394

Table 10 Median TTE for subject X;to Xg

6 Plot survival curvesfrom the reduced model

Aswedid in 3.4, in this case, according to log-location-scale families,

T

logt, - X, b
S(t) = Sy(———=
_logt, - X'b
= 5 ,

W

i =) where for log normal regression S,(w) =1- F (w) and

Consider two patients with the following covariate combinations:

= X3=(1, prior =0, cell type = squamous)

= Xo=(1, prior =1, cell type = squamous)
= Xs=(1, prior =0, cell type =small cell)
= Xs=(1, prior =1, cell type =small cell)
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Xs=(1, prior =0, cell type = adeno)

Xe=(1, prior =1, cell type = adeno)

In R, this can be expressed as:

x1<-¢(1,0,0,0)

x2<-¢(1,1,0,0)

x3<-¢(1,0,1,0)

x4<-c¢(1,1,1,0)

x5<-¢(1,0,0,1)

x6<-c¢(1,1,0,1)

t <- seq(0, 360,0.1)

> sx1 <- 1-pnorm((log(t)-

x1% % ognormal reg. fi t4$coeff)/ | ognornal reg. fit4$scal e)

> sx2 <- 1-pnorm((log(t)-

x2% % ognormal reg. fi t4$coeff) /| ognornal reg. fit4$scal e)

> sx3 <- 1-pnorm((log(t)-

x3% % ognormal reg. fit4$coeff)/ | ognornal reg. fit4$scal e)

> sx4 <- 1-pnorm((log(t)-

x4% % ognormal reg. fi t4$coeff)/ | ognornal reg. fit4$scal e)

> sx5 <- 1-pnorm((log(t)-

x5% % ognormal reg. fi t4$coeff) /| ognornal reg. fit4$scal e)

> sx6 <- 1-pnorm((log(t)-

x6% % ognormal reg. fi t4$coeff)/l ognornal reg. fit4$scal e)

> plot(t,sxl, main="Survival curves using the reduced | og normal AFT
nodel ", yl ab=" Survival Probibility', xlab="Tine

(days)', cex. mai n=0. 8, cex. | ab=0. 7, cex. axi s=0. 7, type="1")
lines(t,sx2,|ty=2)

l'ines(t,sx3,1ty=3)

l'ines(t, sx4,|ty=4)

l'i nes(t, sx5,1ty=5)

l'ines(t, sx6,|ty=6)

> | egend(200, .93,Ity=1:6, cex=.7, c("Subject X1: no prior,
squanous", "Subj ect X2: prior, squanous","Subject X3: no prior, small
cell","Subject X4: prior, small cell","Subject X5: no prior, adeno","Subject
X6: prior, adeno"))

VVVVYVYVYV

\%

V V VYV
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Survival curves using the reduced log normal AFT model

e
—
— Subject X1: no prior, squamous
==~ Subject X2: prior, squamous
""" Subject X3: no prior, small cell
© “=*= Subject X4: prior, small cell
[SE —— Subject X5: no prior, adeno
~=== Subject X6: prior, adeno
2 ©
2 o 7
Qo
2
[on
©
2
I
=3
7]
~
o
N _]
(=]

Time (days)

Figure 15 Survival curvesusing the reduced log normal AFT model

7 Perform diagnostic analysesto evaluate the adequacy of model fit

Model fit was evaluated based upon a graphical comparison between empirical Kaplan—
Meier survival curves and fitted or “predicted” survival curves generated from the final
AFT model.

7.1 Evaluate model fit by cell type

> plot(fit.kmbyctype,main="Clinical trial for two treatment regi mens for
lung cancer by cell type",ylab="K-Mestinate', xl ab="Ti ne

(days)', cex. mai n=0. 8, cex. | ab=0. 7, cex. axi s=0. 7, col =c(1: 10), | ty=1:10)
> |lines(t,sx1l, col=c(5), |ty=5)

> |lines(t,sx2, col=c(6), |ty=6)

> |lines(t,sx3, col=c(7), lty=7)

> |lines(t,sx4, col=c(8), |ty=8)

> |lines(t,sx5, col=c(9), |ty=9)

> |lines(t,sx6, col=c(10), Ity=10)

> | egend(200, .93,Ity=1:10, col=c(1:10), cex=7,
c("squanpus","snal I cel | ", "adeno", "l arge", "Subj ect X1: no prior,
squanous", "Subj ect X2: prior, squanpus","Subject X3: no prior, snal
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cell","Subject X4: prior, small cell","Subject X5: no prior, adeno","Subject
X6: prior, adeno"))

Clinical trial for two treatment regimens for lung cancer by cell type

S _
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@ large
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Figure 16 Graphical comparison between K-M curves and final fitted curves by cell type

From this figure, we can see that: the K-M curve of squamous roughly falls into the
interval between X; and X3; X3 and Xs fit the K-M curves of smallcell and adeno. Details
will be presented in the Summary Report.

7.2 Evaluate model fit by prior

> fit.kmbyprior=survfit(Surv(tine,status)~prior,data=a, conf.type="none")
> plot(fit.kmbyprior,min="Clinical trial for two treatment regi mens for
lung cancer by prior",ylab="K-Mestimte', x|l ab="Ti ne

(days)', cex. mai n=0. 8, cex. | ab=0. 7, cex. axi s=0. 7, col =c(1:2), | ty=1: 2)
lines(t,sxl, col=c(5), Ity=5)

lines(t,sx2, col=c(6), |ty=6)

lines(t,sx3, col=c(7), Ity=7)

lines(t,sx4, col=c(8), |ty=8)

lines(t,sx5, col=c(9), Ity=9)

lines(t,sx6, col=c(10), |ty=10)

> | egend(200, .93,I1ty=c(1,2,5,6,7,8,9,10), col=c(1,2,5,6,7,8,9,10), cex=7,
c("no prior","prior","Subject X1: no prior, squanous","Subject X2: prior,

VVVYVYVYV
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small cell","Subject X4: prior,
adeno", "Subj ect X6: prior, adeno"))

Clinical trial for two treatment regimens for lung cancer by prior
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Figure 17 Graphical comparison between K-M curves and final fitted curves by prior

From this figure, we can see that: only X; seemsto fit the K-M curve with prior. Details
will be presented in the Summary Report.
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