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Abhstract

There are two major enhancements to the PHREG pro-
cedure in Release 6.10. One is the counting process
style of input, and the other is the availability of various
residuals and diagnostic measures. The counting pro-
cess formulation allows PROC PHREG to fit a superset
of the Cox model, known as the multiplicative hazards
model. This extension includes multiple events per sub-
jects, left truncation on the observation of survival time,
and time-dependent covariates. Residuals and regres-
sion diagnostics are useful in assessing the adequacy
of the model and in identifying influential observations.
This article also discusses two applications that involve
robust sandwich variance estimates,

introduction

The enhancements to PROC PHREG in Release 6.10
are documented in SASSTAT® Software: Changes and
Enhancements, Release 6.10,

in the counting process formulation, data for each
subject are identified by three processes N,Y, and Z,
whera N is the counting process, Y is the censaring
process, and 7Z is the covariate process. Here, N(t)
indicates the number of events the subject experiences
over the time interval (0, ¢]; Y (t) indicates whether the
subject is at risk at time ¢ (1 if at risk and 0 otherwise);
.and Z(2) is a vector of explanatory variables for the
subject at time ¢. The sample path of N is a step
function with jumps of size +1 at the event times, and
N(©) = 0. Unless Z(t) changes continuously with
time, the data for each subject can be represented by
multiple observations, each identifying a semi-closed
time interval (21,12], the values of the explanatory
variables over that interval, and the event status at
2. The subject remains at risk during the interval
(¢1,2], and an event may occur at t2. Values of the
explanatory variables for the subject remain unchanged
in the interval. This counting process style of input is
avaiiable by the specification

MODEL (t1,12) <*censor(list)> = variables </options>;

This MODEL statement identifies a pair of failure time
variables, an optional censoring variable with an op-
tional list of consoring values, and the explanatory
variables. Preceding the equal sign are the names
of failure time variables that signify the beginning and
end of a semi-closed interval (i1, ¢2] during which the
subject is at risk- The names are enclosed in 2 pair of
parentheses and can be followed by an asterisk, the
name of the censoring variable, and a list of values en-
closed in parentheses. If the censoring variable takes
on one of these values (separated by blanks and cam-
mas if there is more than one), the time {2 is considered
10 ba censared. The variables following the equal sign
are the explanatory variables for the model. Various
applications of the counting process formulation are
given in the next section.

After a model has been fitted to the data, the ad-
equacy af the model needs to be assessed. This
includes checking the assumption of the modsl (for
example, the proportional hazards assumption), de-
tecting whether certain explanatory variables need to
be transformed, and identifying outliers and influential
observations. Plots based on residuals and other re-
gression diagnostics are useful for assessing model
adequacy. PROC PHREG now provides Schoenfeld
residuals and score residuals in addition to the martin-
gale residuals and deviance residuals. You can also
request various diagnostics for identifying influential
observations.

Not enly can score residuals be used to assess the
leverage of each observatian in the parameter estima-
tion, they also play an important role in the construction
of sandwich variance estimators. The Wei, Lin, and
Weissfeld (1989) approach of analyzing muttivariate
failure requiras the computation of such a sandwich
variance estimator. The Barlow (1984) analysis of
case-cohort design also involvas robust sandwich vari-
ance estimates. To illustrate their methodologies, the
AIDS virus data are analyzed as multivariate failure
times and a set of nasal sinus cancer data are fitted to
the case-cohort model.
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Applications of the Counting Processing
Formulation

Muttiple Failure Outcomes for Each Subject

The muitiplicative hazards model can be used in the
analysis of repeated failure outcomes of the same kind.
Considerthe CGD study (Fleming and Harmington 1991}
in which patients in one of the two treatment groups
{placebo or gamma interferon) might experience recur-
rent infections, The data are saved in a SAS® data set
named CGD, which contain the variables SUBJECT
(patient sequence number), T1 {start of the risk inter-
val), T2 (end of the risk interval), DELTA (1= infection
occurrad at T2, 2 otherwise), and Z1 (0= placebo, 1=
gamma inteferon). A partial listing of the data set is
ghown in the following output:

The FERES Procedure

Dats Bet: WORK.CGD
Dapandent variable: 71
Depepdent Variable: 12
Censoring Variable: DELTA
Cansoring Value(sa): 2
Ties Eandling: BRESLOW

Suxzary of the Number of
Event and Censored Values

Pexcent

Total Eveat & d c

203 75 127 62.5¢

Testing dlcbal NMull Eypothesis: BETA=O

wWithout with
critericn Covariates Covariates Nodel Chi-Squmre

-2 103 L £84.332 564,208 20.224 with 1 DPF (p=0.0001}
Score . - 19.534 with 1 DF (p=0.0001}
wald « . 17.707 with 1 DF (p=0.0001)

Analysis of Marizum Likelihood Bstimatas

CGD Pata
CBs SUBJRCT T: T2 DBLTA TRT
1 1 [ 293 2 1
2 2 [ 255 2 0
3 3 0 213 2 ¢
4 4 o 203 2 o
5 5 a 219 1 1
6 5 220 373 1 1
? 5 374 418 2 1
8 3 0 ] 1 L}
200 126 [ 146 1 0
201 126 147 318 2z ?
202 127 [ 316 E 0
203 128 [ 315 2 1

Paraneter Standard Wald Pr »
Variable DF Estinate Rrroxy Chi-Square Chi-Sguare
TRT i ~1.098564 0.26107 17.70708 0.0002
Conditional Risk Ratic and
$5% Confidence Linits
Risk
Variable Ratio Lower Upper
TRT 0.333 0.200 D.58¢

Time-Dependent Covariates

Subject 1 was followed to day 293 with no infection.
Subject 5 had two infections, one at day 219 and the
other at day 373, and was followed to day 414, Subject
1 has only one observation, while the data for subject 5
are represented by three observations, each identifying
an at-risk interval,

The following SAS statements invoke PROC PHREG
to fit the multiplicative hazards model with a single
treatment indicator variable (Z1). The RISKLIMIT option
was specified to print the 95% confidence interval of
the hazard ratio exp(8).

proc phrag datascgd;
model (t2,ti)*delta(2)=zl/risklimits;
run;

The printed output looks very much like that {or the
Cox model, except that bath T1 and T2 are listed as
dependent variables. Results of this analysis indicate
that gamma interferon reduces the rate of infection in
the GCD patients.

The Cox model is a special case of the multiplicative
hazards model, where Yi(t) = 1 until the first event
or censoring, and ¥;(¢) = O thereafter. The covari-
ate process Z(1) allows the covariates o be updated
with time. One of the most discussed examples is the
Stanford heart transplant data (Crowley and Hu 1977),
which concern the survival of patients who did or did
not undergo a heart transplant operation. To recsive a
transplant, a patient had to survive long enough for a
suitable donor to be found, so that the occurrence and
timing of the transplant had to be taken into account
to avoid a time-to-transplant bias. The observed failure
time of interast is the time a patient entered into the pro-
gram until the patient died or was censored. The data
are saved in 2 SAS data set named HEART. A partial
listing of the data* is shown in the following output. The
measurements are [D (patient’s id), TIME (faiiure time),
STATUS (censoring indicator, 1=dead, 0=censored),
SURGERY (previous surgery, 1=yes, 0=no), AGE (pa-
fiant's age at entry in years minus 48), and WAITTIME
{time from entry to transplant).

* o avoid ambiguity in the ties between death times and transplant times,
a patient who died on the day of transplant is assumed to die after the transplant,
and the day's deaths are assumed to come belore the day’s transplants. This is
accomplished by adding .2 to the value of TIME when TIME=WAITTIME and by
adding .1 ta all values of WAITTIME.
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pata HEART: Standford Heart Transplant Data proc print. data=heart2;
3] TIME STATUS SURGRRY AGE  WAITTIME where id <= 10;
: o . i4 i4a;
2 : Y . e : title ‘Data ERARTZ2: Counting Process sStyle’:
3 15 1 [} §.2571 0.1 mn;
4 3s 1 ] ~7.7372 35,1
5 17 1 [] -27.2142 .
[ 2 1 [} &£,.8681 -
7 674 1 [} 2.8653 ' 850.1
8 39 1 [} -2.6502 - Pata ERART2: Counting Frocess Style
9 84 1 [} =-0.8378 -
10 57 1 0 -5.4976 11.1 4] 71 T2 DEAD ZSURGERY AGE XP AGBXP SUR_XP
1 o.0 49.0 1 ] -17.1554 ] 0.00000 L]
2 0.0 5.0 1 [} 3.8387 ] 0.00000 0
o » 3 0.0 a.1 [} [} $.2971 L] 9.00 L]
Suppose you want to fit a Cox madel with explana- 1 0.1 1.0 1 ° 2011 1 620706 0
tory variables AGE, SURGERY, XP (transplant status, ¢ oo oasa 0 ¢ =7.7372 0 0.00000 o
! " 4 35,1  2e.0 1 0 -7.7372 1 -7.73M17 [
1=yes, 0=no), AGEXP (AGE and XP interaction), and 5 0.0 1.0 1 0 -27.3142 0 0.0080C o
H 1 H [ 0.0 2.0 1 0 6.5681 d 0.00006 [}
S_UR.XP (SURGERY and_XP _lnteractlon). XPis a > oo ses o o 3 3esz o o.goose o
time-dependent variable, since its value changes {rom 7 50.1 §74.0 1 ° 2.8693 1 2.86927 0
0 before the transplant to 1 after the transplant. The S o et % 0 et R o S
interaction terms AGE_XP and SUR_XP are also time- 2 0.0 1.2 0 e -5.497¢ 0 0.00000 o
30 11.1 57.0 1 ] -5.4978 1 -5.49760 [}

dependent. To use the counting process style of input,
the data for a patient with a transpiant are represented
by two observations, one identifying the interval from
entry o transplant and the other identifying the interval
irom transplant to death or censored. For a patient wha
never receives a transplant, the risk interval is from
entry to death or censared. A new censoring variable
DEAD is created from STATUS fo indicate the event
status at the end of the risk interval. XP, AGE_XP, and
SURXP have a value of 0 before the transplant, and
XP has a value of 1 after the transplant. The following
SAS statements create the data set HEART2 from the

The following SAS statements fit the time-dependent
covariates model using the counting process style of
input:

proc phrag datazheart2;
model (tl,t2)*dead(0)= age surgery xp
age_xp sur_xp;
run;

data set HEART and display the data for the first 10 Testing Global Null Hypothesis: BETA=0
patients: without with
criterion covariates Covariates Model Chi-Square
data heart2; -2 106 L 596.628 584.213 12.416 with 5 DF (p=0.0295)
- -kesp 1d tl1 t2 dead age surgery xp Score . . 12.006 with 5 DF (p=0.0347)
age_xp sur_xp; wald 11.612 with 5 DF (pr0.0405)
pet heart;

4f (waittime = .) then do; analyeis of Maximm Likelihood Estimates

::::: Parameter Standard Wald Pr > Riak
=time; Variable DF  Estizate Errer Chi-Square chi-square Ratio
dead=status;
xp=0; ABK 1 0.013850  0.01812 0.58430 0.4446 1.014
SURGEBRY 1 -0.547464  0.61050 0.80311 9.3702  0.578
age_xp=0; LSTATUS 1 0.122391 0.32730 0.13583 0.708¢  1.130
sur_xp=0; ABE_XP 1 0.034¢45  0.02722 1.60137 0.2057 1.03%
dead=status; SR XP 1 -0.289794  0.75818 0.14610 0.7023  0.748
output;

and;

‘1’:1‘1:' PROC PHREG can also handle time-dependent ex-
tz:':s_“m, planatory variables through the use of programming
dead=0; statements. The following invacation of PROC PHREG
xp=0; gives the same results:
age_xp=0;
sur_xp=0; proc phreg data= heart:
output; model time*status(0)z age surgery xp
tl=walttine; age_xp sur_xp;
ti=time; if (waittime = . or time < waittime)
dead=status; then 4o
xp=1; xp=0}
age_xp=age; ags_xp=0;
sur_Xp=surgery: sur_xp=0;
output ; and;

end; alze do;

Tan; xp=1l;

ags_xp=age;

sur_xp=surgery:
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and;

title ‘Handling Time-Dependent Covariates *

‘via Programming Statements’;
run;

These two approaches of fitting the Cox model with
time-dependent explanatory variables are not equally
efficient with the PHREG procedure. The counting
process approach requires preprocessing the data into
records of risk intervals, but the values of the time-
dependent variables do not have to be recomputed for
every subject in the risk set for each event time. The
amount of savings in computing time could be fairly
substantial, especially when there is a large numbar of
follow-up observations for each time-dependent vari-
able. On the other hand, the convenience of using
programming statements could be attractive. More-
over, time-dependent variables that change continu-
ously with time can be handled by programming state-
ments, as in the application of testing the proportional
hazards assumption (refer to the introductory example
in the PROC PHREG documentation in SAS Techni-
cal Report P-229, SAS/STAT Software; Changes and
Enhancemoents, Ralease 6.07).

Left Truncation on Observation of Survival Time

Left truncation arises when individuals come under
observation only some known time after the natural
origin of the phenomenon under study. For example,
in an occupational health study of nurses using age as
the time metameter, the left truncation time is the age
at which an individual takes up the nursing profession;
had that person died before becoming a nurse, he or
she would not have been recorded. The risk set for
an event time does not include individuals whose left
truncation times exceed the given event time. Thus,
any contribution to the likelihood must be conditional
on the truncation limit having been exceeded. The
counting process style of input lends itself to the left
fruncation setting by allowing the specification of an
interval under which the individual is at risk. The data
of an individual consists of one observation, with the
left truncation time as the start of the risk interval and
the observed time as the end of the risk interval.

For the nurse health study, let AGEBIR be the age
of the nurse and let AGE_ENT be the age* at which
he or she became a nurse. Let STATUS represent
the censoring status (for example, 1=dead, 2=alive)
and let Z1--Z10 be explanatory variables thought to
be related to survival. The following SAS statements
invoke PROC PHREG 1o fit the Cox model:

proc¢ phreg data=nurses;

model {age_ent, age_bir) * astatus(2) = zl1l-z10;

ran;z

Alkhough you can also use a time-dependent covariate
fo trick PROC PHREG into producing correct risk sets

* f you want to include the age at entry in the risk interval, you should

subtract a small amount from the age at entry.

for the left fruncation situation, this approach is not
recommended because it is considerably less efficient.
Hawever, if you have access to SAS/STAT software
only prior to Release 6.10, you can designate one of the
exploratory variables at the time-dependent covariate,
as follows:

proc phreg data=nursas;
model aga_bir * statua(2) = zi-210;
if age_bir < age_ent thenm zl= .;
ran; .

Here, variable Z1 becomes a time-dependent explana-
tory variable. Individuals whose entry times are less
than an event time are excluded from the risk set for
that event time because they have missing values for
the time-dependeant variable.

Other Applications

In the counting process formulation, data for each
individual are broken into distinct intervals of risk, These
intervals are not necessarily contiguous, allowing the
specification of disjoint intarvals of risk. For example,
in the nurse health study, an individual may leave his
or her nursing job to raise a family and later come back
when his or her children are older. During this absence,
this individual is no longer at risk and therefare will not
be in any risk sets for that period of time. The counting
process style of input can conveniently accomodate this
situation by having different cbservations representing
the periods the individual is working as a nurse.

The counting process formulation can also be used to
accomodate time-dependent strata, For example, in
the Stanford heart transplant study, you may believe
that the underiying hazard rate of a patient is no longer
the same after receiving a transplant, and therefore
patients shoukl be included in a different stratum after
receiving a transplant, since different strata correspond
to different baseline hazard rates. You should carefully
consider the appropriate orgin of failure times after
the transplant, but the counting process style of input
enables you to split the data of patients into different
strata easily.

Model Checking in the Proportional
Hazards Models

Many model checking procedures are based on resid-
uals and diagnostic statistics, the behavior of which are
approximately known when the fitted model is satisfac-
tory. You can output these statistics by giving names
under appropriate keywords in the OUTPUT statement.

The martingale residual is the difference between the
observed number of events for an individual and the
corresponding estimated expected number based on
the fitted model. Martingale residuals have an expected
value of 0 and are uncorrelated asymptatically. This
property, which is aiso possessed by residuals in iin-
ear regression analysis, makes plotting the martingale
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residuals a useful modelchecking procedure. How-
aver, the martingale residuals are not symmetric about
0 even when the fitted model is correct, The skewness
makes the martingale residual plots difficult 1o interpret.
Deviance residuals are a transform of the martingale
residuals. Deviance residuals are distributed symmet-
rically about 0 when the fitted model is appropriate.

The Schoenfeld residual for an explanatory variable at
an eventtime is the difference between the explanatory
variable and a weighted average of the covariates over
arisk set atthe given event time. Underthe proportional
hazards assumption, the Schoenfeld residuals have the
sample path of a random walk and are therefore useful
in assessing time trend or tack of propartionality.

Score residuals are a decompasition of the first partial
derivatives of the log likelihood. Score residuals are
useful in assessing the influence of aach individual on
the parameter estimates. The DFBETA statistics are
score residuals weighted by the model-based covari-
ance matrix.

The LD and LMAX statistics are useful in assessing
the influence of each individual on the overall fit of the
model.

Residual plots can be used in graphical assessments
of the adequacy of the linear predictors and the validity
of the proportional hazards assumption. Typically,
martingale residuals and deviance residuals are plotted
against the failure times, the rank order of the failure
times, and sach of the explanatory variables in the
models. Schoenfeld residuals and scare residuals are
plotted against the failure times or the rank order of
failure times. Any trends or changes in the variability
are taken as an indication of departure of proportionality
assumption. In practice, these plots are difficult to
interpret. Nevertheless, these residuals are useful for
detecting outlying covariate vaiues.

Multlvariate Failure Time Data

While the mutltiplicative hazards model can only han-
dle repeated failure outcomes of the sample Kind, the
marginal analysis approach of Wai, Lin, and Weissfeld
(1989) can be applied to failures that may be repetitions
of the same kind of event or may be events of different
natures.

Consider the AIDS virus data listed in Wei, Lin, and
Weissfeld (1989). Blood samples were collected at
weeks 4, B, and 12 from each patient in three treatment
groups (placebo, low dose, and high dose of ribavirin).
For each serum sample, the failure time is the number
of days when virus positivity was detected, and it is
censored when the culture required a longer period of
time to register for virus positive than was achievable in
a laboratory. Some failure times were missing because
the patient did not make the schedulad visit or the sam-
ple is inadequate for laboratory analysis. Investigators
were interested in whether the drug prolonged the time
1o virus positivity.

The Wei, Lin and Weissfeld analysis regards the three
failure times for each individual as a multivariate failure
time and models each component time with a separate
Cox proportional hazards model. No specific corre-
lation structure is assumed for the multivariate failure
timas. For j = 1,2, 3, let 3, be the vector of regression
coefficient far the jth marginal model; let 3, be the max-
imum fikelihood estimate of 8,. The estimators Ay, fz,
and §, are generally correlated, and their covariances
are given by the following sandwich estimators:

Eov(fi, Bi) = AiRiR,;A;,1<i,j <3

where A; is the model-based covariance matrix of
obtained by inverting the information matrix for the jth
marginal model, and R, is the matrix of score residuals
for the jth marginal model. Inference onthe parametars
is based on the asymptotic normality of the parameter
estimators.

When using PROC PHREG to fit the marginal models,
you can request the DFBETA statistics, which are
precisely the columns of the product matrix R;A;. By
saving the DFBETA statistics info a data set, you can
subsequently use SAS/IML?® software to compute the
sandwich covariance matrix. The analysis of the AIDS
virus data is illustrated below.

The AIDS virus data are saved in the data set VIRUS.
The variables are |D (sequence number of the patients),
TRT (treatment, 1=placebo, 2=low dose, 3=high dose},
and WEEK4, WEEKS, and WEEK12 (representing the
failure times for samples collected at weeks 4, 8, and
12, respectively). Censored times are indicated by a
negative sign.

data virus;

ratain id 0;

input trt weekd week8 weeklZ @@;

id + 13

cards;
1 967145101676 110 . -21
1158 . 13 .6147318% 12 212
1919-1916 5619 .18 19 -20 -17
2645216 17 =22 2 31 -19 ~21 2 -27 -19 .
27 16 =23 2 =287 -19 2 -28 3 16 2 15 12 16
218 -21 22 2 847 24 -2173219 -8
3137 -213166 203 386321, -25
37193 3 1113 -21 3 -27 -18 9 3 14 14 6
3811153847383 893-1910-17
H

;

H

Thera are threa marginal models, one for each of the
three occasions that the samples were collected. In-
stead of fitting one model at a time, you can fit all three
models in one invocation of PROC PHREG. The trick
is to employ a stratified analysis in such a way that the
partial likelihood for a stratum is identical to the partial
likelihood for the marginal model that corresponds to
the stratum. The following DATA step recrganizes the
AIDS virus data into the data set VIRUS1. Three ob-
servations are created for sach individual, one for each
observed failure time. Variable SAMPLE indicates the
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sample number with values 1, 2, and 3 corresponding o
weeks 4, 8, and 12, respectively, DAYS represents the
observed time, and POSITVE is the censoring variable
with value 0 indicating a censored time. Six variables
(Z11, Z21, 212, Z22, Z13, and Z23) are created to
represent the treatments. For the first failure time, Z11
is the indicator for the low dose and Z21 is the indicator
for the high dose, and Z12, Z22, Z13, and Z23 are
null. For the second failure time, Z12 is the low dose
indicator and Z22 is the high dose indicator, and Z11,
221, 213, and Z23 are null. For the third failure time,
Z13 is the low dose indicator and 223 is the high dose
indicator, and 211, Z21, Z12, and Z22 are null. If
you perfarm a stratified Cox regression analysis using
SAMPLE as the siratification variable, the regression
coefficients associated with Z1j and Z2; are the coeffi-
cients for the low dose and high dose, respectively, for
the sth marginal model, 5 = 1,2, 3.

data virusl {(drop=tmp weekd week8 weekl2);
- array wki3) weekd week8 waskl2;
sat virua;
do sample=1 to 3;
tmp= wkisample];
if tomp A= . then do;
if tmp < 0 then do;

days= -tmp;
positive= 0;
end;
alse do;
days= tmp;
positive= 1;
and;
zZll= (trt=l1l) * (sample=1);
Zl2= (trt=1l) * (sample=2);
Z13= (trt=1l) * (sampla=3};
z21= (trt=2) * (sample=l);
B Z22= (trts2) * (sample=2);
Z23= (trt=2) * (sample=3);
output;
end;
end;
Tan;

The following SAS statements invoke PROC PHREG 1o
fit separate marginal models to the multivariate failure
times. Comesponding to tha explanatory variables Z11,
Z21, 212, Z22, 713, and Z23, the DFBETA statistics
DB11, DB21, DB12, DB22, DB13, and DB23 are saved
in the OUTPUT data sat OUT1. However, not all
entries in DFBETA statistics are relevant. For instance,
the relevant entries for DB11 and DB12 are those that
correspond to SAMPLE=1 (that is, the first marginal
model); all other entries are zero. A convenient way to
get rid of the zero entries in the DFBETA statistics is to
use PROC MEANS to sum up the DFBETA statistics
for each individual.

proc phreg datasvirusl cutest=estl;
strata sample;

model days*positive(0)=z1l z21 zl12 222 Z13 223;

eutput out= outl

dfbeta=dbil db21 dbi2 db22 dbl3 dp23 /

order=data;
iqa iqa;
run;
proc means data=outl noprint;
by i4;

var dbll db3l dbl2 db22 dbl3 db23;
output cut=ocutl )

sum=4dbll db2l dbl2 &h22 dbil d&b23;
uz;

The parameter estimates for the marginal models are
contained in the data set EST1, and the DFBETA
statistics for the marginal models are contained in the
data set QUT2. SAS/IML software is used to compute
the sandwich variance estimators. Linear hypotheses
about the model parameters can be tested. As an
ilustration, the global null hypothesis that ribavirin does
not affect the time to virus positivity is tested.

proe¢ iml;

use estl;

read all var{zll z21 z12 z22 z13 223} imto b;

voama={"Z11", *Z21",“Z12%,"222","213","Z223"};

use outl;

read all var{dbll db2l dbl2 db22 dhl3 dbz3}
into al;

b= t{b):

v=al’ * al;

se=sqrt (veadiag(v)):

reset poDale;

estprt=blIse;

stitle={*Ratimate®, * std Brror"};

voame={"Z11%, “Z21", "Z12%, 222", 213", "223"};

print,estpriicolname=stitle rowname=vname

format=10.41;
print,"Estimatad Covariance Matrixz®,,
v[colname=vname rownams=vname
format=310.4],;

/* global null hypotkesis */

chisgz t(b) * inv(v) * b;

df= nrow(b);

p= 1i- probchi( chisg, d&f)};

print ,,
*rTesting Global Null Eypothesis: BETA=0",,
“wald Chi-square = * chisgq, "DF = = af,
sp-value = "plformat=5.4),;

quic;

AIDS Virus Data

Estimate Std Brror

z11 ~1.3939 0.4953
z21 -0.9383 9.3886
z12 ~-0.6552 0.5354
222 0.0200 0.4087
Z13 -0.6152 0.5070
223 -0.3310 0.4790

Estimated Covariance Matriz
zZ11 z21 z12 223 %13 z23
Z11  0.2454 0.0753 0.0507 0.016¢ 0.1073 0.0607
Z21  0.07353 0.1359 0.0265 0.0406 0.0458 0.08i1
z13 0.0%07 ©.0263 O0,.3867 0,.1187 0.1333 06,0907
Zi3 0.0168 0G.0406 D.1187 O.I670 U.D763 ¢,0586
zZ12a 0.31073 0.G458 0.1333 ©0.0783 0.2570 0.1142
z32 0.0607 0.0!;1 0.0907 0.0636 0.1142 0.2294

Testing Global Bull Hypothesis: BETA=0
Wald Chi-Squars = 13.053034

p-value = 0421

The drug appeared fo have an effect (p=.0421) on the
time to register for virus positive. Other inferences

Proceedings of MWSUG 'S5

02 Statistics, Data Analysis and Modeling



about the model parameters that are of interest include
testing whether the effects of the drug are the same
across samples and estimating the common effect for
the low dose and for the high dose (refer to the SAS
program phrwiw.sas in the SAS/STAT sample fibrary).

Fitting Case-Cohort Design

When a cohort of individuals is followed in order to re-
late failure rates with covariate histories, the assembly
of the covariate histories for individual cohort members
requires a tremendous amount of resources and ef-
forts. For a low rate of disease occurrence, a large
cohort is needed to give meaningful results, and the
cost would be prohibitively expensive. The case-cohart
design proposed by Prentice (1986) requires covariate
histories only for the cases {those experienced failure)
and for members in a randomly selected subcohort.
All members of the cohort are followed until failure or
censoring, but only data for the cases and subcohort
members are used in the analysis. The concentrated
effort of the case-cohort design reduces cost and im-
proves data quality.

In the analysis of a case-cchort study, the risk set at
each event time consists of the case that fails al that
particular event time and members of the subcohort
who were at risk at the event time. A case outside the
subcohort can only be in the risk set of his event time.
By explicitly constructing the risk sets for the event
times, you can use PROC PHREG to obtain the correct
parameter estimates, but the standard error estimates
are incorrect and wilt tend to underestimate the true
standard errors. Prentice (1876) has pointed out that
the components of the total scores for different event
times are often correlated. He has provided a closed
form expression for the covariance matrix that corrects
for the correlated score contributions. However, the
expression is difficult to evaluate and will not be pursued
here.

Barlow (1994) proposes a robust variance estimator
that allows for more complicated sampling mecha-
nisms. The technique uses a jackknife approach of
the variance of individual influence function. The ap-
proach used by Prentice (1978) is concerned with the
contribution of the score function of each individual
summed over the events times, while the approach of
Barlow (1994) is concemned with the contributions at
each event time summed over individuals.

As aillustration of Barlow’s method, consider the cohort
of the South Wales Nickel Worker study (Breslow and
Day 1987, pp. 375-390). The fuli cohort consists of
879 workers, and the event of interest is the death
from nasal sinus cancer {ICD=160). A 10% subcchort
is randomly chosen. The data for the cases and the
subcohort members are saved in the data set NICKEL
(see the Appendix).

The data set NICKEL contains seven variables: 1D
(identification number), EXPOSURE (exposure level)
YR.EMP (year employed), AGE_STRT {age at first

employment), AGE_STOP (age at death or with-
drawal), NASAL (i=nasa! sinus cancer, O=other-
wise), SUBCOHAT (1=subcohort member, O=other-
wise). There are 68 individuals in the subcohort. Fifty-
six workers died from nasal sinus cancer, 9 of them are
in the chosen subcohort.

Barlow (1994) has considered waights that reflect the
subcohort membership. Controls in the subcohort are
weighted inversely proportional to the sampling fraction.
For a cohart of 10%, the weight is 10. Cases have a
weight of 1 at the instant the individual tails regardless
of subcohort membership. Cases inside the subcohort
are controls until they become a case, and at such
instant the weight changes. The analysis requires
a staggered entry into the cohort since the workers
started their employment at different times. Although
PROC PHREG allows a staggered entry with the use
of the counting process styie of input, with all the
given restrictions, it is simplier to construct the risk sets
explicity rather than tricking PROC PHREG into forming
appropriate risk sets. The following SAS statements
set up the appropriate risk sets for the eventtimes:

proc sort data=nickel;
by age_stop;
run;
data one (drop=evnttime);
retain strat 0;
set nickel;
if nasal=l then do;
strat + 1;
evnttime=z age_stop;
t=1;
wt=1;
output;
de i=_n_+1 to n;
sat nickel point=i nobse=n;
if (age_strt 1t evnttime le age_stcop}
and subcohrt=1l then do;
t=2;
wt=10;
output;
end;
end;
end;
un;

/* 10% subcohort */

The data set ONE contains three additional variables:
STRAT, T, and WT. The values of STRAT represent
the distinct case-control sets. T has avalus of 1 fora
case and a value of 2 for a control. WT represents the
weight of the observations.

In the fallowing SAS statements, PROC PHREG is in-
voked to fit the case-cohort model with YR.EMP and
EXPOSURE as the explanatory variables. STRAT is
used as a stratifying variable, T is the failure time vari-
able, and the control observations (T=2) are regarded
as censored. WT is used as a FREQ variable. The pa-
rameter estimates are output to the data set EST1, and
the DFBETA statistics are output to the data set OUT1.
The DFBETA statistics are useful for computing the
rabust variance estimates for the parameter estimates.
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proe phreg data=ona cuteat=estl;
model t*t{2)=yr_emp exposura;
fregq wt;
strata strat;
output out=cutl dfbeta=dfbl dfb2;
i4 id;
Iun;}

Results of the PROC PHREG analysis are shown in
the following table. Although the parameters estimates
are correct, the standard error estimates may underes-
timate the true standard errors.

Analysis of Maximum Likelihood Estimates

Parumeoter Standard wald Pr » Risk
Vazriable DF REatimate Exrror Chi-Square chi-sSquare Ratio
YR_BMP 1 -0.033956 0.02587 1.62096 9.2030 0.967
EXPOSURE 1 0.204011 0.02971 50.49002 0.0001 1.226

The next step is to compute the robust variance es-
timates. Since observations in the data set OUT1
correspond to the contributions &t each failure time,
the DFBETA statistics are weighted by WT and then
summed over individuals.

data two;
array a dfbl dfbi;
set outl;
do over a;
a=a*wt;
end;
ran;
proc summary data=twe nway;
class i4;
var éfbl &fb2;
output out=three sum=dfbl dfb2;
run;

The sandwich estimate of the covariance matrix is
computed as the sum of the cross-product matrix of
the DFBETA vectors for the individuals. This ¢can be
carried out easily by SAS/IML software. Also computed
are the Wald tests for individua! variables based on the
robust variance estimates,

proe iml;
use estl;
read all var{yr_emp expcsure} into e;
b= e[l,]:
b= t(b):

use three;

read all wvar{dfbl dfb2} into dfb;
v2= t{dfb) * d&tb;

adi= agrt(vecdiag{v2)):

t= b / ad2;
p= 1- probehi(c # t, 1);

cname={"Batimate”, "Std Brr", "t-statistic",

"p~value*};
rname={"AGE_EMP", "EXFOSURE"};
variable= b || ad2 || £ )| p;

print variablel[colname=cname rowname=rname
format=10.5]);
quit;

Results of the analysis based on the rabust variance
estimates are given in the following table.

Analysio based on Robust Varianhce Eetimates

VARIABLE Rstimate std Err t-statletic p-value
¥R_EMP -0,03396 0.03558 -0,95437 0.33989
BEXPOSURR 0.20401 0.05654 3.60841 0.00031

Note that the robust standard error estimates are larger
than the naive standard error estimates obtained di-
rectly from PROC PHREG ( .03558 vs 0.02667 for
YR.EMP, .05654 vs .02871 for EXPOSURE).

Appendix

A 10% subcohort was randemiy chosen from the full
cohort of the South Wales Nicke! Worker study (Bras-
low and Day 1987). The data for the cases and the
subcohort members are saved in the data set NICKEL.

data nickel;
input id exposure yr_emp age_strt ags_stop
nasal subcohrt;

cards;

8 9.0 1911 47.907 6%.679%9 0 1
i6 0.5 1924 59.915 65.583 1 0
1% 10.0 1915 52,520 58.450 1 0
35 0.5 1905 47.852 82.827 0 1
42 0.0 1923 34.746 83,04% 0 1
47 1.0 1911 45.934 47.114 1 0
52 0.5 1915 39.499 86.688 0 1
53 1.0 1923 33.536 72.761 1 0
54 11.0 1914 44.849 77.808 1 0
55 0.0 1923 33.260 81.014 0 1
56 2.0 1922 29.746 51.585 0 1
63 14.0 1908 56.216 58.065 1 0
64 6.0 1507 45.746 64.812 0 1
75 0.0 1522 26.838 76.592 0 1

106 11.0 19508 53.935 58.072 1 O
107 0.0 1923 36.592 79.847 0 1
117 1.0 1915 42.594 656.337 0 1
126 18.0 1908 50.746 57.275 0 1
142 7.5 1910 50.331 57.449% 1 ©
143 3.0 1920 46.746 77.303 0 1
144 1.5 1513 49.741 67.229 1 ¢©
150 9.5 1910 62.315 64.732 1 ¢
151 10.5 1908 58.882 77.745 1 ¢
154 2.5 1922 44.096 70.000 0 2
156 12.5 1914 46.746 58.837 0 1
180 3.0 1913 41.746 48,117 0 1
208 1.5 1913 47.219% 67,211 0 1
222 3.5 1913 58.162 70,910 1 O
224 0.0 1917 30.746 37.645 0 1
256 2.0 1920 53,746 68.235 0 1
271 9.0 1915 49.727 64.%50 1 O
286 5.0 1910 47.746 63.832 0 1
294 5.5 1520 48.948 62.096 1 O
298 12.0 1911 48.425 54.700 1 ©
299 0.0 192} 35.746 68.653 1 0
306 0.0 1922 36.746 37.300 0 1
318 0.0 1922 23.509 66.320 1 ¢
330 0.0 1910 52.668 70.079% 1 1
353 0.0 1924 32,746 48.763 0 1
360 0.0 1813 50.340 86.241 0 1
363 10.0 1910 50.825 57.78% 1 0
378 3.5 1913 40.746 63.974 1 ©
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964 3.0 1923 41.746 73.640 0 1
969 14.0 191D 52.746 57.686 1 ©
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