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Abstract 
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 SASSTA"f'& 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, 
where N is the counting process, Y is the censoring 
process, and Z is the covariate process. Here, N(t) 
indicates the number of events the subject experiences 
over the time interval (0, t]; Y(t) indicates whether the 
subject is at risk at time t (1 if at risk and 0 otherwise); 
and Z(t) is a vector of explanatory variables for the 
subject at time t. The sample path of N is a step 
function with jumps of size +1 at the event times, and 
N(O) = O. 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 (tl, t2], the values of the explanatory 
variables over that interval, and the event status at 
t2. The subject remains at risk during the interval 
(t1, t2], 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 
available by the specification 

MODEL(t1,t2) <*censor(/ist» = variables <loptions>; 
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This MODEL statement identifies a pair of failure time 
variables, an optional censoring variable with an op­
tional list of censoring 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 (tl, t2] during which the 
subject is at risk. The names are enclosed in a 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 com­
mas if there is more than one), the time t2 is considered 
to be censored. 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 of the model needs to be assessed. This 
includes checking the assumption of the model (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 only can score residuals be used to assess the 
leverage of each observation 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 multivariate 
failure requires the computation of such a sandwich 
variance estimator. The Barlow (1994) analysis of 
case-cohort design also involves 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 

Multiple Failure Outcomes for Each Subject 

The multiplicative hazards model can be used in the 
analysis of repeated failure outcomes of the same kind. 
Considerthe CGO study (Fleming and Harrington 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 SAse data set 
named CGO, which contain the variables SUBJECT 
(patient sequence number), T1 (start of the risk inter­
val). T2 (end of the risk interval). DELTA (1 = infection 
occurred at T2. 2 otherwise). and Z1 (0= placebo. 1= 
gamma interferon). A partial listing of the data set is 
shown in the following output: 

CGD Dat;. 

CBS ..,..".c~ ~1 ~2 DBIn'A ,.... 
1 1 203 2 1 
2 2 255 2 • • • • 213 2 • , , • 2" 2 • 5 5 210 1 1 
6 • 22. .,. 1 1 
7 • ." .. , 2 1 
e • • e 1 • 

2 •• 12. "6 1 
2., 126 '" .U 2 
2.2 127 • .U 2 

••• 12e • '" • 1 

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 RISKLIMIToption 
was specified to print the 95% confidence interval of 
the hazard ratio exp(,8). 

proc phreg data:cgd, 
model (t2,t1)-da1ta(2)=z1/risklimitsl 
run; 

The printed output looks very much like that for the 
Cox model. except that both 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. 
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he. set s 1fOIUt. COD 
J)epeD,4ea.t var1able, '1'1 
DepellUa.t V_dahl. r '!l'2 
eea8oZ'ia.IJ vadahl.: ~t4'A 
c:ea.o:t'lD.g' value(., * :I 
Ifl •• K&lL4UGl'I 80SLOW' 

.su..uy of the Hwlber of 
av.a.t aDd Cea..o:ea V.l~ •• .. ...... ~ 

'fOul JtvtIat C.D80re4 C8r:woxe4 

Without With 
CrlterlOD Covariate. CoVariat.. X04el Chi-Square 

-2 LOG L 
sco .. 
wa14 

'U.1a' 20.32' 'With 1 DP (p=O.OOO1) 
11.53& with 1 Dr (P.0.0001) 
17 .101 with 1 Dr (psO .. OOO1) 

Parameter stan4a:r:d wa1cJ. P:r ~ 
Vaz1able :DP Bat1_teI Brror c:h.1-Sqlaare Ch1-S~ 

1 0.0001 

cacal~10Aal Bi_k Batio aAcJ. 
IS' canflcJ.eACe LLalta 

Riolo: 
Variable Rat.io 

_. 
0.333 0 .. 200 0.556 

Time-Dependent Covariates 

The Cox model is a special case of the multiplicative 
hazards model. where Y;{t) = 1 until the first event 
or censoring. and Y;{t) = a therealter. The covari­
ate process Z(t) allows the covariates to be updated 
with time. One of the most discussed examples is the 
Stanford heart transplant data (Crowley and Hu 1977), 
which concem the survival of patients who did or did 
not undergo a heart transplant operation. To receive 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 interest is the time a patient entered into the pro­
gram until the patient died or was censored. The data 
are saved in a SAS data set named HEART. A partial 
listing of the data" is shown in the following output. The 
measurements are 10 (patient's id), TIME (failure time), 
STATUS (censoring indicator, 1 =dead, O=censored). 
SURGERY (previous surgery. 1-yes. O.no). AGE (pa­
tient's age at entry in years minus 48). and WAITTIME 
(time from entry to transplant). 

• To 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 dea1hs are assumed to come before the clay"s transplants. Thi$ is 
accomplishod by adding .2 to tho value 01 TIME when TIME.WAmIME and by 
adding .1 to all values of WArmUE. 
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De.ta BBAll'l' J Staa4fori •• &:rt 'l':a:aD8plaAt Dau 

ID ~l'" ""lmlll smtGBRY - nI ........ 

1 •• -11.15$4. 

• • a 3.8351 

" 1 a 6.2$171 0.1 

• •• 1 0 -7.7372 35.1 
5 17 1 0 -27.2U2 

• • 1 &.51581 
7 .,. 1 2.86i3 50.1 

• •• -2.1502 

• •• -0.8378 
10 57 -5.4.976 11.1 

Suppose you want to fit a Cox model with explana­
tory variables AGE, SURGERY, XP (transplant status, 
1=yes, O=no), AGE..xP (AGE and XP interaction), and 
SUR.XP (SURGERY and XP interaction). XP is a 
time-ciependent variable, since its value changes from 
o before the transplant to 1 after the transplant. The 
interaction terms AGE..xP and SUR..xP are also time­
dependent. To use the counting process style of input, 
the data for a patient with a transplant are represented 
by two observations, one identifying the interval from 
entry to transplant and the other identifying the interval 
from transplant to death or censored. For a patient who 
never receives a transplant, the risk interval is from 
entry to death or censored. A new censoring variable 
DEAD is created from STATUS to indicate the event 
status at the end of the risk interval. XP, AGE..xP, and 
SUR..xP 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 
data set HEART and display the data for the first 10 
patients: 

data heart2; 
- - keep 1d tl t2 dead ag. surgaxy sp 

age-"'P a",,-"'P; 
.. at heart; 
if (waitti ... = .) then do; 

t1=O; 
t2=tim.e, 
dead-statu .. ; 
sp=O; 

age-"'P-° I 
aur-"'P-O I 
daad=.tatua; 
output I 

oNld; 
.1.a dol 

tl-O, 
t2-waittim.e, 
daad=O, 
:II;P=O, 
&ga __ O; 

aur-"'P=O ; 
output; 
tl_aittim.e, 
t2-tima, 
daad-atatua, 
xp=ll 
age-"'P=agal 
sur_:x;p=surgexy; 
output; 

end: 
run; 
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proc print data=heart2; 
where id <= 10; 
1d 1d; 
titla 'Data BBART2: Counting Process Styla'; 
run; 

Data EEBall'l'2 J COWltiDg' .roaea. Style 

ID n ~. DDl) """""ItT MIl SF MII-><P SOlLXP 

1 0 •• 49.0 1 0 -17.155.& • 0.00000 a 
• 0.0 5.0 1 a 3.8357 a 0.00000 a 
3 0.0 0.1 a a 6.291l. a 0.00000 • , '.1 15.0 1 a ' .. 2171 1 ' .. 29106 0 , ••• 35.1 a 0 -7.7312 0 0.00000 0 , 35.1 38.0 1 0 -7.7]12 1 -7.73717 0 
5 0.0 17.0 1 0 -27.21'2 0 0.00000 a , 0.0 2.0 1 0 6.5611 a 0.00000 a 
7 0.0 50.1 0 • 2.8693 • 0.00000 0 
7 50.1 '74.0 1 • 2 .. '"3 1 2 .. '6927 • 8 ••• 3!iI.O 1 • -2.'502 0 0.00000 0 

• a.' 81.0 1 0 -0.']18 • 0.00000 0 
10 A.' 11 .. 1 • 0 -5.4"6 0 0.00000 0 
10 11 .. 1 57.0 1 • -5 .. 'U' 1 -5."'" a 

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

proc PhrBg data=haart21 
model (tl,t2)*dead(0)= aga surgery xp 

aga-"'P sur_:ll;P1 
run; 

w1~bout With 
Crlt.rlOD covariate. CoYa%1.te. MOdel Cbl-Squa:e 

-2 LOG L 
Seo ... 
.del. 

596.628 58£.213 12.'11 with 5 nr (p=Q.021S) 
12.001 wi't,b. 5 DP' (p:O .. 03n) 
11.612 w1th S Dr (p=O.040S) 

. - S_ ... 
Ifal<l .., . ltl..1r. 

V&dable l)p B.t.l_te EZ'%OJ: C1d-~ Chl-Squan Rat.io 

.... 1 0.013850 0.01812 0.5800 0.""" 1.01' 
iIUIIlDU 1 -0.5"'" 0.610910 0.80311 0.3702 0.578 
XS'1'lmlll 1 0.122)91 0.32730 0.13t13 0.708' 1.130 
AOI...n 1 0.03·"" 0.02722 1.&11137 0 .. 2057 1.035 
....... X. 1 -0.2817'.& 0.7581. o.uno 0.7023 0.7,8 

PROC PHREG can also handle time-ciependent ex­
planatory variables through the use of programming 
statements. The following invocation of PROe PHREG 
gives the same results: 

proe pbrag data- haart I 
model time*status(OI= age surgery zp 

age-"'P S""-"'PI 
if (waittima = • or time < waittimal 

then do: 
:x;p=O; 
agB-"'P=O; 
aur-"'P=0; 

end; 
alse dol 

xp=l; 
agB-"'P=aga; 
sur-"'P=aurgexy; 
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.... d; 

title 'Bandli~g Time-Dep.~eDt COVariate. ' 
'via Programmi~g Statements'; 

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 number 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, SASISTAT Software: Changes and 
Enhancements, Release 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 
truncation 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 AGE.BIR 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 to fit the Cox model: 

proc phreg data=DUr.e., 
model (age_eDt, age-pir) * status(2) = zl-z10; 
run, 

Although you can also use a time-dependent covariate 
to trick PROC PH REG into producing correct risk sets 

• " you want to include the age at entry in the risk interval, you should 
subtract a smaH amount from the age at entry. 

for the left truncation situation, this approach is not 
recommended because it is considerably less efficient. 
However, if you have access to SASISTAT software 
only prior to Release 6.1 0, you can designate one of the 
exploratory variables at the time-dependent covariate, 
as follows: 

proc phreg dat_Durs •• ; 
model aga-pir * statu.(21 = zl-z10; 
if age-pir < age_eDt theD zl= .1 

run; 

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-dependent 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 intervals 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 herchildren are older. During this absence, 
this Individual is no longer at risk and therefore 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 observations 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 underlying hazard rate of a patient is no longer 
the same after receiving a transplant, and therefore 
patients should 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 asymptotically. This 
property, which is also possessed by residuals in lin­
ear regression analysis, makes plotting the martingale 
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residuals a useful model-checking procedure. How­
ever, the martingale residuals are not symmetric about 
o even when the fitted model is correct. The skewness 
makes the martingale residual plots difficult to 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 event time is the difference between the explanatory 
variable and a weighted average of the covariates over 
a risk set atthe given eventtime. Underthe proportional 
hazards assumption, the Schoenfeld residuals have the 
sample path of a random walk and are therefore useful 
in assessing time trend or lack of proportionality. 

Score residuals are a decomposition of the first partial 
derivatives of the log likelihood. Score residuals are 
useful in assessing the influence of each individual on 
the parameter estimates. The DFBET A 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 each of the explanatory variables in the 
models. Schoenfeld residuals and score 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 values. 

Multivariate Failure Time Data 

While the multiplicative hazards model can only han­
dle repeated failure outcomes of the sample kind, the 
marginal analysis approach of Wei, 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 scheduled visit orthe sam­
ple is inadequate for laboratory analysis. Investigators 
were interested in whether the drug prolonged the time 
to virus positivity. 
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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 
times. For j = 1,2,3, let P J be the vector of regression 
coefficient for the jth marginal model; let ~i be the max­
imum likelihood estimate of Pi' The estimators P"P2, 
and P3 are generally correlated, and their covariances 
are given by the following sandwich estimators: 

COV(P;,Pi) = A;R:RiAi, 1 ::; i,j ::; 3 

where Ai is the model-based covariance matrix of Pi 
obtained by inverting the information matrix for the jth 
marginal model, and RJ is the matrix of score residuals 
for the jth marginal model. Inference on the parameters 
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 RiA,. By 
saving the DFBET A statistics into a data set, you can 
subsequently use SASIIML ~ 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 ID (sequence number of the patients), 
TRT (treatment, 1 =placebo, 2=low dose, 3-high dose), 
and WEEK4, WEEK8, 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; 
iDPUt trt week4 week8 week12 N; 
id + 1; 
cards; 

1 9 6 7 1 4 5 10 1 6 7 6 1 10 • -21 
1 15 8 • 1 3 • 6 1 4 7 3 1 9 12 12 
1 9 19 -19 1 6 5 6 1 9 • 18 1 9 -20 -17 
2 6 4 5 2 16 17 -21 2 31 -19 -21 2 -27 -19 
2 7 16 -23 2 -28 7 -19 2 -28 3 16 2 15 12 16 
2 18 -21 22 2 8 4 7 2 4 -21 7 3 21 9 -8 
3 13 7 -21 3 16 6 20 3 3 8 6 3 21 • -25 
3 7 19 3 3 11 13 -21 3 -27 -18 9 3 14 14 6 
3 8 11153'8473 83 93 -1910 -17 

run; 

There are three 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 reorganizes the 
AIDS virus data into the data set VIRUS1. Three ob­
servations are created for each individual, one for each 
observed failure time. Variable SAMPLE indicates the 
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sample number with values 1, 2, and 3 corresponding to 
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, Z12, 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, 
Z21, Z13, and Z23 are nun. For the third failure time, 
Z13 is the low dose indicator and Z23 is the high dose 
indicator, and Z11, Z21, Z12, and Z22 are null. If 
you perform a stratified Cox regression analysis using 
SAMPLE as the stratification variable, the regression 
coefficients associated with ZI j and Z2j are the coeffi­
cients for the low dose and high dose, respectively, for 
the jth marginal model, j = 1,2,3. 

data vi.".al (drop=tmp _ek4 " .... kB week12); 
a=ay wk[3] _ek4 weekB _.10121 
Bat vi."..; 
do sampla=l to 3; 

tmp= wk[sampla]; 
if tmp A= • than do; 

if tmp < 0 than do; 
daYSa -tmp; 
positivaa 0; 

all<" 
else do; 

days= tmp; 
positive= 1; 

&lid; 
0:11= (trt=l) 
0:12= (trt=l) 
z13= (trt=l) 
.. 21= (trt=2) 
z22= (trt=2) 
=23- (trt=2) 
output; 

81101; 

" 
" 
" 
" 
" 
* 

&lid; 
r>m; 

(sampl .. =l) ; 
(sample=2) ; 
(sampl •• 3) ; 
(sampl.=l) ; 
(samplad) ; 
(sample=3) I 

The following SAS statements invoke PROC PHREG to 
fit separate marginal models to the multivariate failure 
times. Corresponding to the explanatory variables ZII, 
Z21, Z12, Z22, Z13, and Z23, the OFBETA statistics 
OB11, OB21 , OB12, OB22, OB13,and DB23 are saved 
in the OUTPUT data set OUTI. However, not all 
entries in OFBET A statistics are relevant. For instance, 
the relevant entries for OBll and OB12 are those that 
correspond to SAMPLE.l (that is, the first marginal 
modeQ; all other entries are zero. A convenient way to 
get rid of the zero entries in the OFBETA statistics is to 
use PRoe MEANS to sum up the OFBETA statistics 
for each individual. 

proc phrag data=vi:a:usl out .. st=.stl; 
strata 8ample; 
model days*poaitiva(O)=zll z21 z12 z22 z13 z23; 
output out= outl 

i4 id; 
ruII; 

<ifbeta=dhll dh21 db12 db22 dh13 db23 , 
or<iar=data; 

proc _",8 data=outl lIOP%"illt; 
by id; 

var dbll db21 db12 db22 db13 db23; 
output out=out2 

sum=dbll db21 dh12 db22 db13 db23, 

The parameter estimates for the marginal models are 
contained in the data set EST1, and the OFBETA 
statistics for the marginal models are contained in the 
data set OUT2. SAS/IML software is used to compute 
the sandwich variance estimators. Linear hypotheses 
about the model parameters can be tested. As an 
illustration, the global null hypothesis that nbavirin does 
not affect the time to virus positivity is tested. 

proc iml; 
use .atl; 
read all var(o:ll 0:21 0:12 0:22 0:13 0:23) illto b; 
VDame={·Z11-,·Z21-,·Z12-,·Z22-,·Z13-,-Z23-); 
usa out2; 
raad all var(dhll dh21 dh12 db22 dh13 db23} 

iIIto al; 
b= t(b); 
v= al' * all 
se-sqrt(vaediag(v»; 
raset IIOII&IM; 
estprt=blla., 
stitle.(·Eatimat.·,' Std Error'); 
vn&me=(·Z11-,·Z21-,·Z12-,·Z22-,·Z13·,·Z23·)J 
prillt.estprt[colllam8=stitle rOWllama=VII&m8 

format=lO.4]; 
priDt,-Batimatea Covariance Matriz·" 

v[coln&me='V'DaJDe rowname=vuame 
format=lO.4],; 

1* global lIull bypotb.sis '" 
cbisq= t(b) * illv(v) * b; 
<if= lIrOW(b); 
p= 1- probch.i ( cl1isq, <if); 
prillt ., 

'~estillg Global NUll ~tbesis. BETA=O·" 
'Wald CI1i-SqIlare = • el1isq, ·W = • <if, 
'p-value = ·p[format=S.4),; 

quit; 

Ul)S V1 %"11. 1)a~a 

•• t1mate St4 B:uor 

.11 -1.3131 0.'5153 
Z21 -0.1313 0.'6U 
>12 -0.6552 0.5354 
>22 0.020' 0."8? 
>13 -0.6151 0.5070 
.23 -0.3UO 0."7" 

htJ._bul Ccrval:1azK:e "~r1:1: 

>11 Z21 .12 022 >13 >21 

.11 0.245. 0.0753 0.0507 0.0168 0.1073 0.0607 
Z21 0 .. 0753 0.1359 0.0265 0 .. 0'" 0 .. U58 0.09'11 
,.,2 D.0507 0.0215 D.28n 0.1117 0 .. 1333 0.09101 
.22 0.0161 0.01106 0 .. 118'7 0.1670 0.0163 0.06'6 
n. 0.1073 0 .. Ot58 0.1333 O.07U 0 .. 2570 O.lUZ 
>2. 0.0601 0.Ot11 0.0101 0."8& O.11t2 0.22" 

ife.t.1J1g GloRI HUll Bypot..he.l., BftJ.=O 

1I'al4 Ch1 .. Square • 13.051DU 

liP = , 

The drug appeared to have an effect (p=.0421) on the 
time to register for virus positive. Other inferences 
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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 phrwlw.sas in the SASISTAT sample library). 

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-cohort 
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-cohort study, the risk set at 
each event time consists of the case that fails at 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 will tend to underestimate the true 
standard errors. Prentice (1976) 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 concemed with the contnbutions at 
each event time summed over individuals. 

As a illustration of Barlow's method, consider the cohort 
of the South Wales Nickel Worker study (Breslow and 
Day 1987, pp. 375-390). The full cohort consists of 
679 workers, and the event of interest is the death 
from nasal sinus cancer (ICD-160). A 10% subcohort 
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: 10 
(identification number), EXPOSURE (exposure level) 
YR.EMP (year employed), AGE.STRT (age at first 
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employment), AGE..STOP (age at death or with­
drawal), NASAL (l=nasal sinus cancer, O=other­
wise), SUBCOHRT (l=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 weights that reflect the 
sUbcohort membership. Controls in the subcohort are 
weighted inversely proportional to the sampling fraction. 
For a cohort of 10%, the weight is 10. Cases have a 
weight of 1 at the instant the individual fails 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 style of input, with all the 
given restrictions, it is simplier to construct the risk sets 
explicity ratherthantricking PROC PHREG into forming 
appropriate risk sets. The following SAS statements 
set up the appropriate risk sets for the event times: 

p~c>" .c>~t data=Diekel; 
by age_stop; 
run; 

data one (Clrop=evntt1me); 
retain strat 0, 
set Dickel; 
1f Das&1-1 theD dol 

strat + 1; 
evnttime: age_stop; 
t=l; 
wt=l; 
output; 
do i=-,,-+l to Z1; 

set Diek_l poiZlt:i DOb8:DI 
if (age_strt It evnttims 1_ age_stop) 

aDd subcohrt=l theD do; 
t=2; 
wt=10; 1* 10% subcohort *1 
output; 

end; 
SDd; 

SDd; 
run I 

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

In the following 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 OUTI. 
The DFBETA statistics are useful for computing the 
robust variance estimates for the parameter estimates. 
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proc pbreg data=ODe outest=astl; 
model t-t(2)=yr_8mp exposure; 
freq W\:; 

strata strati 
output out=outl dfbeta=dfbl dfb2; 
id id; 
run; 

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. 

PU'UIOter staD4ar4 _&14 Pr ,. lt1i1lc: 
v.dabl. DP z.t.iJDate luol:' Cla.1 .. S~ Chl-Squa.:4J aaeJ.o 

~ 1 -0.03395' 0.02'" 1.'201' 
Dl'OSORB 1 0.204011 0.02871 50.UODI 

0 .. 2131 0.'" 
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 at each failure time, 
the DFBETA statistics are weighted by WT and then 
summed over individuals. 

data two; 
array a dfbl dfb2; 
set outl; 
do over a; 

a=a*wtl 
end; 
run; 

proc SUDmary data_two nway; 
class id; 
var dfbl dfb2; 
output out=three 8_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 SASIIML software. Also computed 
are the Wald tests for individual variables based on the 
robust variance estimates. 

proc iml; 
use estl; 
read all var(yr_&mp e%,POsura} into e; 
b .. e[l,); 
b= t(b); 

u •• three; 
read all var(dfbl dfb2) into dfb; 
v2= t (dfb) .. dfb; 
ad:!= Bqrt(vecdiag(v2»; 

t= b I ad:!; 
p= 1- probchi(t # t, 1); 
CDame=(-Bstimat.·, ·Std Err-, -t-statist1c-, 

"p-value"}; 
rnaDLe={-AGBJDIP-, -BXPOSURK-}; 
variable_ b I I sd:! I I t I I p; 

print variable[colname=cname rowDame=rDame 
fo:rmat=10.5); 

quit; 
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Results of the analysis based on the robust variance 
estimates are given in the following table. 

!1tJmIP ... 0 .. 03314 
BXI'OSUD 0.20401 

sed Irr e-8t.tl.tlc 

0.03551 -0.95437 
0.0565, 3.'08'1 

O.33U9 
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 randomly chosen from the full 
cohort of the South Wales Nickel Worker study (Bres· 
low and Day 1987). The data for the cases and the 
subcohort members are saved in the data set NICKEL. 

data nickel; 

8 
16 
19 
35 
42 
47 
52 
53 
54 
55 
56 
63 
64 
75 

106 
107 
117 
126 
142 
143 
144 
150 

input id exposure yr_BmP age_strt age_stop 
nasal subcohrt; 

cards; 
9.0 1911 ".907 69.679 0 1 
0.5 1924 59.915 65.583 1 0 

10.0 1915 52.520 58.490 1 0 
0.5 1909 ".852 82.827 0 1 
0.0 1923 34.748 83.049 0 1 
1.0 191145.934 47.114 1 0 
0.5 1915 39.499 86.688 0 1 
1.0 1923 33.536 72.761 1 0 

11.0 1914 44.849 77.808 1 0 
0.0 1923 33.260 81.014 0 1 
2.0 1922 29.746 51.585 0 1 

14.0 1908 56.216 58.055 1 0 
6.0 1907 45.746 64.812 o 1 
0.0 1922 28.838 76.592 0 1 

11.0 1908 53.935 58.072 1 0 
0.0 1923 36.592 79.847 0 1 
1.0 1916 42.594 66.337 0 1 

18.0 1908 50.746 57.279 o 1 
7.5 1910 50.331 57.449 1 0 
3.0 1920 46.746 77.303 0 1 
1.5 1913 49.741 67.229 1 0 
9.5 1910 62.315 64.732 1 0 

151 10.5 1908 58.882 77.745 1 0 
154 2.5 1922 44.096 70.000 o 1 
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 0 
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 64.990 1 0 
286 5.0 1910 47.746 63.832 o 1 
294 5.5 1920 48.948 62.096 1 0 
298 12.0 1911 48.425 54.700 1 0 
299 0.0 1921 35.746 68.653 1 0 
306 0.0 1922 36.746 37.300 0 1 
319 0.0 1922 33.509 66.320 1 0 
330 0.0 1910 52.668 70.079 1 1 
353 0.0 1924 32.746 48.763 0 1 
360 0.0 1913 50.340 86.241 0 1 
363 10.0 1910 50.825 57.789 1 0 
378 3.5 1913 40.746 63.974 1 0 
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381 13.0 1914 49.651 78.087 1 1 
386 5.0 1917 32.573 7B.375 a 1 
392 15.0 1912 43.227 57.5B5 1 a 
395 3.0 1919 3B.OB3 70.B06 1 a 
400 0.0 1922 30.B77 77.067 a 1 
40B 1.0 190B 51.746 74.481 a 1 
409 2.0 1912 59.746 70.807 a 1 
410 0.0 1923 33.746 51.661 a 1 
419 
421 
423 
427 
436 
446 
453 
47B 
499 
506 
518 
522 
525 
529 

0.0 1922 31.707 70.808 
1.0 1914 49.746 69.782 
0.0 1906 59.746 74.522 
3.5 1915 45.910 67.417 
0.0 1922 34.868 73.351 
0.0 1923 46.175 65.017 
0.0 1923 41.744 64.183 
0.0 1924 38.909 73.926 
9.0 1910 44.746 67.003 
6.0 1911 44.786 67.523 
5.5 1903 53.599 80.361 
6.0 1906 48.746 63.276 
0.0 1920 34.934 65.439 
1.0 1923 32.611 50.293 

o 1 
1 a 
a 1 
o 1 
o 1 
1 0 
1 a 
o 1 
o 1 
1 1 
1 0 
o 1 
a 1 
1 0 

53B 4.5 1912 39.000 59.129 a 1 
545 0.5 1920 33.995 71.436 a 1 
553 0.0 1923 37.637 70.495 a 1 
566 2.5 1912 57.645 66.448 1 a 
57B 0.0 1910 50.252 74.504 1 a 
593 7.5 1914 51.808 61.821 1 a 
595 B.O 1911 49.309 79.560 1 a 
599 0.0 1916 48.315 81.403 1 0 
608 
609 
618 
622 
629 

3.0 1922 33.744 72.634 
3.0 1915 57.907 70.455 
9.0 1913 51.746 53.735 
4.5 1905 50.746 71.555 
0.0 1911 39.235 75.016 

o 1 
1 a 
a 1 
o 1 
o 1 

639 16.0 1909 52.334 78.145 1 0 
658 1.0 1918 53.987 68.503 1 a 
674 12.5 1904 61.569 63.065 1 a 
675 3.0 1922 35.746 53.831 a 1 
687 4.0 1914 49.077 78.433 1 1 
706 6.0 1913 59.805 74.937 1 a 
717 11.5 1908 58.400 59.101 1 1 
719 8.0 1915 53.509 56.030 1 a 
729 2.0 1922 41.746 70.333 1 1 
742 3.0 1903 51.746 57.360 0 1 
768 13.0 1907 52.5B3 59.548 1 0 
772 0.0 1922 38.746 55.275 0 1 
776 0.0 1912 57.746 66.881 1 0 
780 0.0 1923 47.441 56.795 1 0 
781 6.0 1915 5B.457 69.926 1 0 
790 3.0 1914 49.621 59.341 1 a 
B02 0.0 1903 57.746 86.094 a 1 
811 6.0 1909 51.B35 63.367 1 a 
815 0.0 1916 39.746 53.174 a 1 
818 4.0 1909 44.657 71.521 1 1 
827 12.0 1911 59.268 64.510 1 1 
833 1.0 1915 57.637 62.443 1 a 
835 0.5 1919 36.926 54.86B a 1 
B36 6.5 1912 54.746 6B.004 a 1 
839 6.5 1914 45.246 62.334 1 a 
841 
846 
861 
864 
875 
888 

3.0 1903 
2.0 1923 
0.0 1923 
0.0 1923 
5.0 1914 
2.0 1913 

60.746 66.607 o 1 
38.320 77.066 o 1 
35.937 67.860 o 1 
38.715 80.444 0 1 
60.279 76.501 1 1 
43.746 67.363 a 1 

919 0.0 1913 42.091 B2.159 0 1 
931 0.0 1916 64.746 70.292 0 1 
942 0.0 1906 50.039 51.461 1 0 
945 4.5 1913 70.746 B3.289 0 1 
963 3.5 1914 47.746 51.695 0 1 
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964 3.0 1923 41.746 73.640 0 1 
969 14.0 1910 52.746 57.6B6 1 0 
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