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Design and analysis of two-phase studies with
binary outcome applied to Wilms tumour prognosis
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Summary. Two-phase stratified sampling is used to select subjects for the collection of additional
data, e.g. validation data in measurement error problems. Stratification jointly by outcome and
covariates, with sampling fractions chosen to achieve approximately equal numbers per stratum
at the second phase of sampling, enhances efficiency compared with stratification based on the
outcome or covariates alone. Nonparametric maximum likelihood may result in substantially more
efficient estimates of logistic regression coefficients than weighted or pseudolikelihood procedures.
Software to implement all three procedures is available. We demonstrate the practical importance of
these design and analysis principles by an analysis of, and simulations based on, data from the US
National Wilms Tumor Study.
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1. Introduction

Two-phase sampling was introduced by Neyman (1938) as a technique for stratification. The
investigator first draws a simple random sample from the source population and classifies
subjects into strata. Subsamples are drawn from each stratum and detailed covariates are
measured only for individuals sampled at this second phase. By a judicious choice of strata
and of within-stratum sampling ratios, such designs can yield efficient parameter estimates
while minimizing the costs of the collection of data. For example, information may be avail-
able routinely for all subjects on an outcome variable (e.g. relapse) and on a mismeasured
covariate. When cases of relapse and those ‘positive’ for the covariate are rare, it is desirable
to have both categories overrepresented in the validation sample for which true covariate
values are obtained (White, 1982).

This situation is well illustrated by the data in part A of Table 1 from the third and fourth
clinical trials of the National Wilms Tumor Study Group (NWTSG) (D’Angio et al., 1989;
Green et al., 1998). They show the association between treatment outcome and tumour
histology for 4088 children diagnosed with the embryonal cancer of the kidney known as
Wilms tumour. Patients whose tumours are composed of one of the rare cell types known
collectively as ‘unfavourable histology’ (UH) are much more likely to relapse and die than
are patients with tumours of ‘favourable histology’ (FH) (Beckwith and Palmer, 1978). The
histologic diagnosis used for Table 1 is that of the pathologist on duty at the time of treatment
at one of the more than 100 childhood cancer centres that participate in the NWTSG. The
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Table 1. Institutional histology and outcome for Wilms tumourf

Histology A: entire data set (N;;)  B: case—control sample (n;) C: balanced sample (n;;)

Cases Controls Cases Controls Cases Controls
Favourable 415 3262 415 536 415 316
Unfavourable 156 255 156 35 156 255
Total 571 3517 571 571 571 571
Odds ratio 4.8 5.8 0.47

+Cases — relapsed; controls—not relapsed.

Table 2. Results of the weighted likelihood analyses

Variable Results for the following analyses:
Entire 2 strata 8 strata
data set
Case—control  Balanced Case—control  Balanced

Regression coefficients

Intercept —2.71 —2.72 —2.57 —2.71 —2.72
Stage II 0.77 0.79 0.55 0.78 0.78
Stage 111 0.77 0.69 0.48 0.79 0.81
Stage IV 1.05 1.38 1.00 1.07 1.07
UH 1.31 1.55 1.35 1.37 1.46
Stage II x UH 0.15 —0.27 0.12 0.03 —0.05
Stage III x UH 0.59 0.12 0.51 0.41 0.28
Stage IV x UH 1.26 1.02 0.98 1.01 091
Standard errors

Intercept 0.11 0.12 0.13 0.11 0.11
Stage II 0.15 0.18 0.20 0.15 0.15
Stage III 0.15 0.18 0.20 0.15 0.15
Stage IV 0.18 0.24 0.26 0.18 0.18
UH 0.25 0.36 0.31 0.32 0.32
Stage II x UH 0.33 0.50 0.44 0.42 0.43
Stage III x UH 0.32 0.49 0.42 0.42 0.41
Stage IV x UH 0.39 0.83 0.62 0.60 0.63

definitive histologic diagnosis is made at the NWTSG Pathology Center by the individual
pathologist who initially described the favourable and unfavourable subtypes. Compared
with his readings, institutional pathologists misclassify as UH about 2% of the FH tumours
and as FH nearly 30% of the UH tumours. When analysed by using logistic regression,
institutional histology has no prognostic value once account has been taken of central his-
tology. Thus institutional histology may be regarded as an error prone surrogate for central
histology.

Apart from histology, the most important predictor of failure of treatment is the stage of
disease classified as I, localized to the kidney and completely resected, II, spread beyond the
kidney but completely resected, III, residual tumour in the abdomen or tumour in the lymph
nodes, and IV, metastatic to the lung or liver. The second column of Table 2 shows the effects
of stage and (central) histology and their interactions as modelled in a logistic regression
equation using data for all 4088 subjects. The outlook is particularly bleak for children with
metastatic UH disease, who fortunately comprise only 1.7% of the total.
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These results required the NWTSG pathologist to examine microscopically several slides
from each of 4088 tumours. Through the appropriate use of stratified sampling we aim to
reduce drastically the use of central pathology. A simple random validation sample of 10% or
25% of the 4088 patients would include relatively few of the 571 relapsed cases. Much more
efficient is a case—control sample (Table 1, part B) consisting of all relapsed cases plus a
random sample of non-relapsed controls (Breslow, 1996). Standard computer programs may
be used with such samples to estimate logistic regression coefficients (odds ratios) other than
the intercept (Prentice and Pyke, 1979). However, the case—control sample contains relatively
few of the rare but informative UH controls. As shown later, more efficient estimates are
obtained with a ‘balanced’ sample (Table 1, part C) of the same size. This contains all
relapsed cases, all (institutional) UH patients and about 10% of the remainder. Since the
crude odds ratio associating relapse and histology in the balanced sample is less than 1,
however, it is clear that some adjustments to a simple logistic regression analysis are needed
to account for the biased sampling.

The essential features of this problem are the binary outcome variable, assumed known
without error for all the study subjects, and the stratification used for the selection of the
phase two sample. Covariates measured at phase two may be discrete or continuous. The
goal is to design and analyse data from the phase two sample to approximate as accurately as
possible the results that would have been obtained by fitting a logistic regression model with
these same covariates to everyone. This paper illustrates methods recently developed and
discussed by Scott and Wild (1997) and Breslow and Holubkov (1997a) by application to the
case—control and balanced samples of NWTSG data. These methods are implemented in S-
PLUS functions (MathSoft, 1996) which, together with the NWTSG data sets, are available
from the authors or from Statlib (http://1lib.stat.cmu.edu). Simulation studies
demonstrate the efficiency advantages that result from a careful selection of both the phase
two sample and the method of analysis.

2. Methodology

A formal description of the two-phase study is as follows. At phase one a random sample of
N subjects is drawn from an infinite source population, sometimes known as a superpopu-
lation. All subjects are classified according to a binary outcome variable Y and a stratum
indicator S. Denote by N,; the number with Y =iand S =/, wherei=0,landj=1, ..., J.
At phase two n;; subjects are selected at random from among the N;; that are available in each
of the resultant 2./ categories and values x,; of a p-dimensional covariate vector are measured
(k=1, ..., n;). We assume that the association between the outcome and covariates in the
source population is described by the logistic regression model

T
Pr(Y=ilX=x)=Pr(Y=iS=j, X=x)= exp(ix ()

ETTEUN M

where x incorporates an intercept with coefficient ;. For problems in which S represents a
discrete, error prone version of X, the assumed conditional independence of Y and S given X
implies that S'is a surrogate. For other problems, in which S is a discrete explanatory variable
in its own right, we assume that its qualitative or quantitative effects are already included
among the covariates X. The goal is the efficient estimation of the regression coefficients 8 by
using both phase one {N;} and phase two {x;,} data.
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2.1. Weighted likelihood
Three estimation methods are currently available. The first is a weighted likelihood (WL)
approach with origins in sampling theory (Flanders and Greenland, 1991). If we denote by

Uije(B) = Ollog{Pr(Y = i| X = Xijk)}]/aﬂ

the standard logistic regression scores and by f;; = n;;/ N;; the sampling fractions, B solves
the inverse probability-weighted estimate of the score equations that would be used if
covariates were available for all N subjects at phase one,

0B =215 Zk: Uy(B) = 0. @

By is thus known as the Horwitz—Thompson estimate. It follows from standard sampling
and estimating equation theory that, under suitable regularity conditions, [y is consistent
and asymptotically normally distributed with covariance matrix that may be estimated by the

‘sandwich’
Bl 1—f; /00N
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where 1®? denotes uu". It is easily obtained by fitting a standard logistic regression model to
the phase two data, using as prior weights a variable that takes values f’ ,;1 for observations in
the (i, j) cell.
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2.2. Pseudolikelihood
Pseudolikelihood (PL) involves the maximization of a product of biased sampling prob-
abilities that are defined as follows. Let P; and ¢; be given by

_oexp(is) o
P= T ety ~ =S ?

so that ¢; denotes the log-odds for response (¥ = 1) in stratum j. Let p;; denote the prob-
ability that ¥ =i for a subject with covariates x;; given that S = j and that the subject was
sampled at phase two. We calculate

nlj exp{l(IBO + xtjluB)}
ny; +ny; exp(By — 6 + x1yB)
The PL estimate of Schill ez al. (1993) maximizes the PL

N
H Dijk
i, jk

)

DPijk =

LL,= HP

as a function of the (J + p)-dimensional parameter vector v = (67, 37)". Breslow and Holubkov
(1997b) described in detail how this may be accomplished by fitting a logistic regression
model, with appropriately defined offset and design matrix, jointly to the phase one and two
data. The usual covariance matrix is adjusted by subtraction of an appropriate correction
term.

Asslightly simpler PL estimate is obtained by maximizing L, alone to obtain 6 = log(Ny;/Ny,)
and substituting in L, to find Bp; . This is accomplished by fitting the logistic regression model
(1) to the phase two data using an offset with values log(n;;Ny;/ng;N, ;) for subjects in stratum



Two-phase Studies with Binary Outcome 461

Jj to correct for the biased sampling (Breslow and Cain, 1988). These two versions of the PL
estimate yield very similar results in practice.

2.3.  Nonparametric maximum likelihood

Since the marginal distribution of the stratum and covariates (.S, X) has been left unspecified,
equation (1) defines a problem in semiparametric inference. For fixed (3, the nonparamet-
ric maximum likelihood (NPML) estimate of the marginal distribution places mass on the
observed values x; of X (Gill ez al., 1988). Hence NPML estimation for the semiparametric
problem corresponds to ordinary ML estimation for the problem where X is discrete, albeit
taking a large number of values. Scott and Wild (1991, 1997) solved this problem for simple
random sampling at phase one; Breslow and Holubkov (1997a) solved it for case—control
sampling at phase one (see the next section). Although obtained by using different approaches,
the two solutions are identical and may be described as follows. Define §; = (6, by

N, .+ N..P.
9= 1°g<ZU. - NU:NﬂPl{) —
0/ 0j +i 0

and p;y = pyr(6;, B) by
B exp{i(§ + x"B)}

Pijke =7 +exp(§; + xTB)
The NPML estimate 4 = (7, B1y;) solves the J equations (j =1, . . ., J)

Nij— Ny, P8 =ZXk36i{1 — Pijr(6;, B) } (6)
and the p-dimensional equation
Z Z Xk: 6i{l _ﬁijk(éja ﬁ)}xijk = 0’ (7)
ij
where ¢, = —e¢; = 1. A logistic regression program again suffices for fitting, but this time it

requires iterative application using a Gauss—Seidel approach (e.g. Jacquez (1970), p. 171), as
follows. Starting with 51;= log(N,;/Ny;) and solving equation (7) for 3 yields the Breslow and
Cain (1988) version of fp . Fitted values p,; are inserted into the right-hand side of equation
(6) which is then solved for ¢;, or equivalently &, and the process is repeated. This algorithm
may be slow or fail to converge. Therefore the joint solution of equations (6) and (7) by using
standard numerical techniques is often preferable. It is important to start the iteration at
Bpr and to search for local roots since multiple solutions may exist. Asymptotic covari-
ance matrices for By were given by Scott and Wild (1997) and by Breslow and Holubkov
(1997a, b).

2.4. Outcome-dependent sampling at phase one

A slightly more complex sampling design involves separate samples of N, cases (¥ = 1) and
N, controls (Y = 0) drawn from the source population at phase one. Without additional
information it is then impossible to estimate consistently the intercept §, in equation (1), even
if complete covariate data are available for all N, + N; = N subjects. We therefore assume
for the sake of argument that

a=log{Pr(Y =1)/Pr(Y = 0)},



