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Abstract. When a sequential clinical trial is carried out to compare two treatments in which primary response variables are
monitored, there are often secondary response variables which are correlated with the primary ones. So far, most studies on
secondary parameters have focused on a single primary parameter. However, sometimes more then one primary response
variable is monitored. In the present work, the bias and variance of the maximum likelihood estimator of a single unknown
secondary parameter are studied when there is more than one primary parameter, and approximations given. An approximate
corrected confidence interval for the secondary parameter is also derived by constructing an approximately pivotal quantity.
Simulations are carried out using Matlab in order to assess the accuracy of the approximations. We compare the approximate
bias and variance with their simulated values. The corrected confidence intervals for the secondary parameter are investigated
in terms of their coverage probabilities.
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1 Introduction

Suppose that we wish to use a sequential test to compare two treatments in a clinical trial. When the
test is carried out in which primary response variables are monitored, there are often secondary response
variables which are correlated with the primary ones. It follows that the usual estimators of the secondary
parameters will be biased.

The method of maximum likelihood is often used to estimate unknown parameters following se-
quential tests. It is common that several primary parameters are to be estimated. One may also need to
estimate some secondary parameters after the trial. So far, most studies on secondary parameters have
focused on a single primary parameter. The following two cases have been well studied: (i) the estima-
tion of a single primary parameter; (ii) the estimation of a secondary parameter when there is a single
primary parameter. Whitehead (1986a) studied the bias of the maximum likelihood estimator of the
primary parameter and Whitehead (1986b) showed how the bias of the estimator of the secondary pa-
rameter is related to that of the primary parameter for large samples. A method based on approximately
normally distributed pivots was introduced for setting confidence intervals for the primary parameter by
Woodroofe (1992). More recently, Whitehead et al. (2000) gave an approximate confidence region for
a single primary parameter and a single secondary parameter for a bivariate normal process when the
covariance matrix of the primary and secondary response variables is known.

However, in practical situations, there are often cases when several response variables are monitored
during sequential experiments. Consequently, there might be more than one primary response variable.
Our aim is to study this problem. More precisely, we consider the case of multivariate normal random
variables. Woodroofe’s (1992) results have been generalised to the multivariate normal case. The results
of Whitehead (1986b) and Whitehead et al. (2000) are also extended to the case of more than one primary
parameter and one secondary parameter.
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2 Estimation of secondary parameters

Suppose that X, = (X, ... ,Xdi)T for ¢ = 1,2,...,n are multivariate normal random vectors with
unknown mean vector 0 = (61,65, ...,04)7 = (0", 0,;)T and known covariance matrix X, where
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the p;; fori,7 = 1,2,...,d are the correlation coefficients, the o; fori = 1,2,...,d are the standard
deviations and X1 is (d — 1) x (d — 1). If X is nonsingular, the maximum likelihood estimators of §(!)

and 6, are Q(l) = 521)/n and éd = Sgn/n, where §,(11) = (Siny-- -, Sd_lm)T and Sy, = > | Xy, for
k=1,2,...,d. Clearly, the conditional mean and variance of Sy, given S, 7(11) are
E{San| S} = nbg + X D7 {SH — noD}
and
V&I‘{Sdnlﬁ,(ll)} = TLO'(% — nﬂglﬂﬂlﬂm,
since S,, = (S1n, ..., Sq,)" is multivariate normal with mean vector nf and covariance matrix n.5.

A (1
Let N be the stopping time for the sequential test based on Q( ). Then the bias and variance of the
maximum likelihood estimator of the secondary parameter 6 are

. A _ A(1
bias(0g) = Zo1 X1 [E{Q( )} - Q(l)}

and

_ _ _ ~(1 _
var(fy) = (02 — S 55 $12) B (N7Y) + 2y 5 var {8 } 25 2.

Similarly,

cov{é(l) g} = Eglzilvar{é(l)}

is the covariance of the maximum likelihood estimators of & (1) and 0.

We have also constructed an approximate pivot for 4. Let v and w? denote the respective mean and
variance of the random variable S/, (04) = (Sqn — N64)/(oqV' N ), which is a first approximation to a
pivot. Then these are determined by the primary data and need to be estimated. Define the renormalised
pivot

Sﬁ (9 ) _ S&N(Gd) -V _ SdN —VO’d\/N—NHd
N w woaVN

Then Sg ~(64) is an approximate pivot for 6, and so an approximate 100(1 — «)% confidence interval
for 6,4 is given by

SdAN Voq Woq -1

1
N \/N:F\/N (1_504)7

where @ denotes the standard normal distribution function. When Y is unknown, o is replaced by its
maximum likelihood estimate and the standard normal values are replaced by values from a ¢ distribu-
tion.
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3 Mean and variance approximations

We now consider the primary parameter vector o), Suppose that the stopping time for the sequential
test is of the form

N = inf {n >mg : nq(ﬁ(l)) > c} Am,

where ¢ > 0 is a design parameter, my is the minimum sample size and m is the maximum sample size.
Let g = ¢/mg and e; = ¢/m. Then ¢/N — g(0™)) = ey A (™)) V €; in probability as ¢ — oo.
Following Weng and Coad (2006), we take ¢(8™")) = [|0M||P for p = 1,2, so that the stopping time
becomes

N = inf {n > my : [|SY| > (C”p_l)l/p} .

Using Woodroofe’s (1992) methods, approximations can be developed for the bias and variance of Q(l),
v and w in terms of g(6")).

Using a Taylor series expansion, we have

A 1
bias{Q(l)} ~ 5211V9(Q(1)>-

Next, since N ~ ¢/ g(é(l)) for large ¢, we obtain

g(6M)

c2

tr {211V29(Q(1))}

1 g@") 1 IN\T 1
E(N) ~ T 5 Vg(0D) £ Vg(00) +

and

~(1 1 1
var{8"} = Sg(0") + 59(60) 202900 Ty,
It then follows that approximations for the bias and variance of 6, are
ias(d,) ~ © M
bias(fy) ~ EEng(Q )

and

~

o 1
var(fg) =~ ?dg(ﬁ(l)) + gg(ﬁ(l))EmVQg(Q(l))En
1

1
+23 (03 - T ) | Vo) 5 Va6) + 56 {Zuve6)}|.

by using the formulae in Section 2.
Similar calculations yield
1 X
R A H)

c oq4
and
1 91 Vg (01) Vg2 (01)T 1

2
C o)

w221+

For the case d = 2, see Weng and Coad (2006).
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4 Simulation results

A Matlab program has been developed for the simulations. This program works for unknown parameter
vectors 6 of any dimension and any given number of replicates. We carried out the simulations for the
case d = 3. For given values of § = (61, 6, 03)T and given covariance matrices, the simulations are
based on 10, 000 replicates. In each case, ¢ = 10 and m = 100. For p = 1, the stopping time is given
by N = inf{n > my : H§7(11)H > ¢} A'm and mg = 3, whereas for p = 2, we have the stopping time
N = inf{n > my : H&(})H > \/en} A'm and mg = 5. For convenience, we assume that o2 = 1 for
1=1,2,3.

The simulated bias and variance are calculated by finding the bias and variance of the estimates over
the replications. Three different situations for the approximate confidence intervals are considered. They
are the cases of known covariance matrix, known variances and unknown correlation coefficients, and
unknown covariance matrix. When the correlation coefficients are unknown, they are estimated by the
sample correlation coefficients. When the covariance matrix is unknown, it is estimated by its maximum
likelihood estimate given by X = (pij6i65), where the p;; fori,j = 1,2,...,d and ¢ # j are the
sample correlation coefficients and the &; for ¢ = 1,2,...,d are the maximum likelihood estimates of
the standard deviations. So the corrected confidence intervals now take the form

SAN DGy wby

= = F —lagaf
N \/N \/N d.f.a/2
where © and @ are estimates of v and w, and the unadjusted confidence intervals are

SN __ Od
N \/N d.f.,o/2>

where ¢, , denotes the upper 1007% point of the ¢ distribution with r degrees of freedom. The two values

for the degrees of freedom used in the simulations are the stopping time N for the sequential test and
(1)
c/g(0"").

The simulation results show that the approximate bias and variance are quite close to the simulated
values when p = 1, but are less accurate when p = 2. The coverage probabilities for the corrected
confidence intervals are much closer to the nominal values than those of the unadjusted confidence
intervals when p = 2. For example, most of the coverage probabilities for the corrected confidence
intervals are within two standard errors of the nominal values. There are only slight improvements in the
coverage probabilities for the corrected confidence intervals when p = 1 and || @ || is small. The results

(1
also show that most of the coverage probabilities are closer to the nominal values when d. f. = ¢/ g(Q( ))

than when d.f. = N.
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