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Abstract

In clinical trials, several competing treatments are often carried out in the same trial period. The
goal is to assess the performances of these different treatments according to some optimality
criterion and minimize risks to the patients in the entire process of the study. For this, each coming
patient is allocated sequentially to one of the treatments according to a mechanism defined by the
optimality criterion. In practice, sometimes different optimality criteria, or the same criterion with
different regimes, need to be considered to assess the treatments in the same study, so that each
mechanism is also evaluated through the trail study. In this case, the question is how to allocate
the treatments to the incoming patients so that the criteria/mechanisms of interest are assessed
during the trail process, and the overall performance of the trial is optimized under the combined
criteria or regimes. In this paper, we consider this problem by investigating a compound adaptive
generalized P6lya urn design. Basic asymptotic properties of this design are also studied.
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1. Introduction

1.1. Brief review of clinical trails and the Pélya urn design

In clinical trials, there are often several competing treatments to be assessed during the trial
process while patients come sequentially over the long period of study. Based on the then
current clinical knowledge of the treatments, each coming patient is allocated to one of them
according to some defined mechanisms, so that the overall treatment loss is minimized by
the given optimality criteria. However, there are cases in which the treatments needs to be
assessed under different criteria and the criteria themselves are to be assessed during the trial
process, thus the patients’ allocation needs to be determined by the different random
mechanisms, in which multiple criteria with different regimes are considered in the same
study. In practice, often the same treatments under different mechanisms results differently,
thus may require different criterion for each mechanism. As each treatment has its strength
and weakness, thus we want to assess the treatments under each of the criterion and allocate
the patients so as to minimize the overall risk. The results under each criterion/mechanism
will be analyzed separately so that each of them is to be evaluated. As the treatments
performances unknown in prior, and are gradually learned through the trial process, to
minimize the overall loss of the trial, a compromised criterion between the two is desirable.
As the compound criterion depends on the unknown performances of all the treatments, it
cannot be determined in prior, instead, it is implemented along the trial process. In this case,
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the question is how to allocate the coming patients so that the allocation is optimized under
the compound criterion. Here, we attempt to explore this problem by using a compound
generalized Polya urn design, and will come back at the problem in the Application section.
For this, we first review briefly some commonly used methods in clinical trials. Some of
these methods apply to either discrete response, continuous response, or both. The
generalized PAlya urn (GPU) is a well-known design in clinical trial; there are many
extensive results for it. Many of the existing models are applied to the discrete responses,
and are not optimally adaptive.

The adaptive design uses accumulating data to update aspects of the study as it continues
without undermining the validity and integrity of the trial (Hayre, 1979; Melfi and Page,
1998; Jennison and Turnbull, 2000; Hu and Rosenberger, 2003; Hu and Zhang, 2004, among
others). A comprehensive review of works in this filed can be found in Hu and Rosenberger
(2006). The purpose of optimal design is to achieve some targeting objective criteria for the
allocation proportions (Eisele, 1994; Eisele and Woodroofe, 1995; Rosenberger et al., 2001;
Hu et al., 2006; Hu et al., 2009; for example). Recently, Zhang et al. (2006), thereafter ZHC,
proposed a sequential estimation-adjusted urn model, Yuan and Chai (2008) independently
of ZHC, thereafter YC, studied an adaptive GPU design, which has some similarity to that
of ZHC. This design was studied further in Yuan (2008) for the cases of delayed response,
staggered/censored entry, heterogeneity and longitudinal/repeated observations. These
methods optimize any given target functional of the trial distribution and are applicable to
both discrete and continuous responses.

1.2. An exposition of a two-treatment clinical trial

To help understanding of our motivation, consider a simple example. Suppose we have two
treatments to investigate in the clinical trial. The success rate of the two treatments are p;
and p, respectively, N1(n) and N»(n) are the numbers of patients allocated the each treatment
at time n. The commonly used Neyman allocation (Melfi and Page, 1998) is designed to
maximize the power of detecting the difference p; — po of mean performances of the trials,

which leads to the allocation proportion N(n)/N2(n) — +/pi(1 — p1)/ Vp2(1 = p2). While
the criterion in Rosenberger et al. (2001) is to minimize the expected treatment failure and

leads to the proportion Ny(n)/N>(n) — +/p1/p2- The two criteria give very different
allocation results. When the treatment differences are small, the former will be better in
terms of distinguishability, thus smaller sample size will be needed in the study, which is
much desired since patients are cost to get in practice. But also it may lead to more life
losses which will be of grave consequence as the subjects in study are human beings. The
second criterion can lead to less treatment losses when the differences are relatively
significant but may not have the desirable power to detect the differences between the
treatments. We will see in the application section that, as a result of optimizing the two
criteria simultaneously with our method, assume p; > p,, the compound method will give
the allocation proportion

(A=p1+p2) /(NP1 = pO)+ V21 = p))(Vpi(1 = p1). Vpa(l = p))+(p1=p2) [(NPT+ VD) VP1. VP2)
. This proportion is a combination/compromise of the two, and is more robust than either

one of two criterion used along, in that it keeps much of the power in detecting the

difference while maintain less treatment losses.

In this paper, to assess the treatments by different criteria in the same trial and keep the
advantages of each trail and avoid their weakness, we propose and study a compound
version of the design in YC. The rest part is organized as follows. In Section 2, we describe
the existing adaptive sequential GPU design of YC. Next, we present compound versions
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with and without adaptive features and their basic asymptotic properties in Section 3, and an
illustrative application in Section 4. The relevant technical proofs are given in the Appendix.

2. Description of the optimal adaptive GPU design

We first describe the adaptive optimal GPU design (YC). Suppose there are k treatments
under study, and a Pdlya urn with some initial components, corresponding to records of
patient assignments to these treatments Xq = (X 1,...,Xo k). Here, the components of the urn
can be discrete, real valued or of mixed type. Let ry, be the (multiple) response of the n-th
patient under one of the treatments and f(r) be the summary score for this response.
Without loss of generality we assume 0 < f () < 0o, Let A; be the event that the study is
under treatment i, uj = E(f (r1)|A;) be the expected performance, or success rate, of the i-th

treatment, and o-%;:\/ar(f(r])|Ai)<oo be its variance (i = 1,... k). Set # = (u1, ..., u) and

X
o=(03,...,00). For any vector X = (xq,...,Xy), denote |X|=Z,.:1xi and {x} = diag(x), the
diagonal matrix for x. A vector x is normalized if |x| = 1. At time n, the urn composition is
Xn = (Xn1, ... Xn k), the total number of patients assigned to treatment i at time n is N;(n),
and denote N(n) = (N1(n),...,Ng(n)). In the GPU model, to assign the entering n-th patient to
one of the treatments, a random variable is drawn from the multinomial distribution with
probabilities X,/|Xp|. If it is type i, the patient is assigned to the i-th treatment, a random
vector of masses & is added to the urn compaositions, and the response ry, is used to update
the estimate of u in the next step. Let & = (&g, ..., ik) be the increments to the urn
composition given the patient is assigned treatment i, & = (&jj)ij = 1,... k be the matrix
representation of the &j;’s, and for each n, &, is an i.i.d. version of & To simplify the
expressions of the asymptotic variances to be derived later, we assume throughout this
article that & is independent of the response observations. The random vector & is termed the
adding rule, and v = E($) = (vjj) the design matrix with vjj = E(&jj) (known). The first
eigenvalue A of the design matrix and its normalized first left (row) eigenvector v play a key
role in the asymptotic properties of the GPU design. Many authors (for instance Athreya and
Karlin, 1967; Gouet, 1997; Janson, 2004) studied asymptotic properties of X,, and N(n) and
proved that

Xa/IXul,N(m)/n) = (v,v) (a.s.)

For a comprehensive review in this field, see Rosenberger and Lachin (1993) and other
related recent papers.

In YC, the optimal adaptive GPU is studied. The idea is to choose a vector v = (vy,...,v) for
a given 4 and a specified object functional G(:, -) according to the optimality criterion

v:argsVqu(y, v(), V={v()=(1(), ..., v (D), vi(-)>0(1 < j < k), [v|=1.},

and then construct special adding rule g;i below in such a way that the design matrix has the
above vector v(-) as its first left eigenvector and / as the first eigenvalue. It turns out that the
urn composition will be asymptotically optimal as quantified by the given by v4(-)”. More
precisely, let Iji be the indicator that the j-th patient is assigned to treatment i. Since u is
unknown, we plug in its current estimate u,, with
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Mni= 7 D (ISISI‘)
1 Zj:llﬁ

and in place of &, we add £, mass to the urn if the coming patient is assigned treatment i,
where

mi (M- nij ..
guij:—@&, (1<i,j<kh).
jij

The matrix M = (mjj(un-1)) Will be specified later. Here the adding rule ¢, j;’s are functions
of the responses via un—1, and we keep &y jj/vij in the rule to make it general and flexible, as
the literature for this topic indicated. The matrix M = (mj;) is constructed according to the
above optimality criterion, so that the ultimate urn composition will achieve this criterion,
which is the goal of the study. Let ¢, = {n(#n—1) = (Cn,ij)i,j =1,k Cij = mij(ﬂ)cfijlvij, and M =
M(u) = M(u) = 1'v(p), =< (m, €1), 21 = {v} — V'V, Zp = E[({ —~ M)'{v}({ ~ M)] and X3 =
{vo2}. Define tj = VOMO)/ Gl = , and T=(t, /vy, ..., £, /ve)

The main goal for an optimal design is to achieve, asymptotically, some specified optimality
criterion for the allocation proportions N(n)/n. Let 1 be a row vector of 1’s with proper

length. The asymptotic properties of the urn in ZHC and YC are obtained under the
following conditions:

(BO) O<vjj<oo,(1=ij<KkK)
(B1) M1’ =~1'forsomey>0
(B2)  ¢jj(-r) is continuous at (u,y) for any y and there is an r > 2 such that

Ellfl ||r<Do and SllpE( é‘n]]r|(}_)1—1)<00, a.s.

(B3) M(u) > 0is bounded, differentiable, and there is a 6 > 0 such that

k

M(y) - M=)’

J=1

OM(y)

| 1+6
a\‘ j

7 = u)+O(y =7, asy - p.
y=u

The following result is proven in (YC).

Under (B0)—(B2) (for some r > 1), we have
i pp— u,as., supxesE)llFa(x) — FX)|l — 0, ass.

ii.  (Xp(n—1)/n,N(n)/n) — (Av(u),v(u)) a.s.
. Z;Z’;:lf(rj)[ﬁ/n - V’(,u),u, a.s.

Under (B0)—(B2), for some given matrices ,, and Q, we have

J Stat Plan Inference. Author manuscript; available in PMC 2011 June 15.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Yuan etal.

Page 5

Vi, — 1) 5 N©,Q,), VilF,(x) - Fx) 5 N(0,Q,), x € S(F),
Under (B0)—(B3), If A1 > 2Re(Xy), then for some given Q,

W(M — Av(), N@ _ V() LN N(0,Q).
n n

These results depict the asymptotic optimality achieved by the allocation proportions N(n)/n,
as quantified by the given vy(x), and give its asymptotic normality, in which the asymptotic
covariance matrix € is an important quantity to evaluate the performance of the design.

3. Compound GPU design

In this section, we study the compound version of the optimal GPU model discussed in
Section 2 in which r different allocation mechanisms are considered in clinical trial study.
Before the outline of the compound GPU design, let us first introduce the notations we use
in the sequel. Let Bg be the event that the underlying patient is assigned to mechanism s and
Aj be the event that the patient is allocated to treatment j. Denote by ry|Bs the (multiple)
response of the n-th patient under one of the treatments in mechanism s and by f (r,)|Bs the

summary score for this response. Let Ff‘)(-) be the distribution function of f (r,)|Bs,Aj, which
describes the conditional performance of the scores f (r,)|Bs’s on the i-th treatment,

,uf.”zE[ f(r1)|A;, Bs] be the expected performance, or success rate, of the i-th treatment in

mechanism s, and u=(\”,..., 1), FO=(F'Y, ..., F”). In practice, we often have x(®) =

pand F® =F (s=1,...,r), where F = (Fy,...,F) with Fj is the distribution of f (r)|A;j and u
is the mean of F. Also, f ()| Bs denotes that individual n is assigned to the mechanism s
(here we use the notation | Bs to emphasize the condition that the underlying patient is
assigned to mechanism s). Without loss of generality we assume that each mechanism is
characterized by an optimality criterion G4(+). In turn, such an optimality can be
implemented in a design matrix and summarized by the normalized and non-negative first
left row eigenvector vq (s =1, ..., r) of the design matrix as

ve=argsupG(F), V={v(")=(vi(-),..., ("), v;()>0(1 < j < k), |v|=1}.

veVv

Each of these mechanisms will be randomly assigned in the clinical trial study according to
another criterion H(:) and characterized by another normalized first left eigenvector u = (uy,
...,Up) as

u=argsupH(G(F),...,G(F), A={u(-)=(u1(),...,u (), u;(-)>0(1 < j < r),jul=1.}.

ueA

Here, we assume that the respective design matrices denoted by M) and Q depend on F
through x. The requirement vj(-) > 0 (1 <j <Kk) (resp. uj() > 0 (1 < j <)) is to guarantee
that vg (resp. u) is indeed the first right eigenvector, and that the design matrix

M<“":I\I(“')(F)=(mf;)(ﬂ))kxk, (resp. Q = Q(F) = (q;j(#))rr) can be constructed in the same
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manner as in (YC) using v and its corresponding eigenvalue g (resp. u and its
corresponding eigenvalue y).

Associated with mechanism s, there is urn s with composition XL‘":(X,,.,(S) ..... Xok(s)) at

time n (s =1,...,r), and with the criterion Q there is an urn with composition Y, = (Yp 1,
...,Ynr) at time n. Each of these urns has an adding rule. f(‘s)=(§fj~))kxk is referred as the

adding rule corresponding to M) with mean Efm=(Vf-‘;))kxk and i = (77ij)rxr as the adding
rule corresponding to Q with Ex = (djj)rxr. Also, each of the urns is assumed to have some

R - s TG
non-negative initial compositions at n = 0. The overall urn composition is XFZS:an ),
which is the composition of the k treatments at time n. Let I () be the indicator that m-th

o : (s) " . ,
patient is in mechanism s and ;" (”):Z,m:ll'("s)lmi be the total number of patients assigned

to treatment i in mechanism s at time n. Let N“"(n):(Nﬁ”(n), ... » Ni(s)(n)) be the numbers of
patients allocated to each treatment in mechanism s at time n,

Ni(n)=Z:_=1Nf”(n) @=1,....k), nl) = N® (n)], and n(n)=(n®),...,n(p)). The total allocated

numbers is N(n)=zslem(ﬂ)=(Nl”l)’ .-+ Ni(m), and n = [N(n)|. The empirical estimates of
u and F are given by u, = (un 1, ..., tink) and Fp = (Fp 1,...,Fp ), with

pni= ) (1 gy and Frie)=) (0 ImF,) (). (=1, k)
s=1 s=1

SN () o (s) ), NV (s no(s)
where =) I Lif 1Y 17 ang Fd =) 171l (Fep < ol Yy 17,
(s=1,..,r;i=1, ..., k). Wealso denote 4 = (4, ..., 4;) with A is the first eigenvalue of the
s-thurn, vg = (Vsg,...,Vsk), and V = (Vjj)rxk. Define

r r
uodo V:ZS:IL!S/ISVS, u® V:Zs:luxvx’ and for any matrix

Q=(wij),,,V 0Q0 V:ZK,-JQWUV:"’/'. For I =k, r, denote 1 as the | x | matrix whose
elements are all equal to 1. For any matrix A and vectors b, c, define aj the i-th row of A, a;
the i-th column of A, bc = (bscCy,...,bkCk), and b/c = (by/cy,...,bi/cy).

We now study the compound GPU design and its adaptive version.

3.1. Compound GPU design

In clinical trial study, there are often several competing treatments to be assessed during the
trial process and patients entering the study may be very diverse. For example, patients may
have different gender, ages, or similar diseases but at different stages. In this case, each
treatment may have different effect for these different groups of patients. Here, we consider
r regimes and in each regime, there are k treatments. Patients arrive sequentially to be
assigned regimes before they are allocated to the treatments. When the n-th patient comes in,
we first decide which one of the r regimes should be assigned. For this, we draw a sample
from the multinomial distribution (r,Y,—1/|Yn—1|). If the outcome is s, the patient is assigned
to regime s represented by urn s and add the following composition to urn Yy, — 1

J Stat Plan Inference. Author manuscript; available in PMC 2011 June 15.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Yuan etal.

Page 7

SIS 6=6,,,,

0,
by (1)

as in YC. The urn composition at time n is Y,,. Then we decide which one of the k

treatments in mechanism s will be assigned to the n-th patient. For this, we draw a sample
from the multinomial distribution ( £, X‘S_)l/[X"S’ ). If the outcome is i, the patient is

n n—1

allocated to treatment i and add the following composition to urn Xff_)l

(9,6
m(E .
S5y ij 5 . N () g oS
vij 7 U=L....k), ¢ _(éi.i )kxk'
v
ij (2

The corresponding urn composition at time n is X'*). In clinical trial study, the asymptotic
allocation proportions and the overall urn compositions are of major interest.

As in Section 2, we adopt the following assumptions:

(C0) 0<Vf-;)<°°, (1<ij<ks=1,..nand0<gj<oo, (1<ij<r).

(C1) M 1;=y,1, for some ys> 0 (s = 1,..., 1); Q1.=y1. for some y > 0. Here, 1, = (1,
...,1)k and lr = (l,...,l)r.
(C3) Thereisanr>2suchthat E||||" < oo (s=1,...,1).
Under the design given in (1) and (2), the asymptotic urn compositions and the allocation

proportions are characterized by the following theorem.

Theorem 1—Assume (C0)—(C1). Then for the design given in (1) and (2) we have:

n n’  n®

i. (x)
(& m N (n)) - (yu,u,vy) a.s.(s=1,...,r)

(n)
*n

n

ii.
X, N
(— )a(u@l@V,uOV) a.s.

Now we study the asymptotic distribution of the compound GPU design. Let M() = M() —
1'vg,

’ (s)

=E[¢, - M) (v -MOL YV =tvio), Y =ELE - MO ) Fa)
— N1, Z(S):v;es -v.u , and

(s) ’

4 =(0?vy) €5, where e5 = (0,...,0,1,0,...,0) is the s-th unit r-dimensional row vector (s =1,
.0 Let 2y = {u} — u'u,Z; = E[(0 — Q)'{u}(® — Q)], £3 = {Us?}, o3 = E[(0 — Q)"{u}(f
(r1) —m)], Q = Q — 1'u, gj be the j-th column of Q,hs = udQ(y)/&ysly = u and

H=(h'/uj,....h/u,).

J Stat Plan Inference. Author manuscript; available in PMC 2011 June 15.
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Fors=1,...,r, define

AL =™ o0 A=) 59 14 v,
Af, fo[f \TM”' } (Y)[fw(\~)M dV}d\” Aq? f()( )(M”) Z;")(%)Mmdx.

Also, fori=1,...,randj=1,...,r, define

(W)’ MO (W)/ ) q;
11 (1 11 Of1\V
Ai'j:f()(;) ViVj(;) dx, pi_j:fo(;) Z (;) dx.

Finally, define

’

T IDON & RTESTY i G 8 D T4 A

Let /s » be the second eigenvalue of M®) (s = 1,...,r), and y, be that of Q.

Theorem 2—Under (C0)—(C2), if A > 2ReAs o (s = 1,..., 1), and y > 2Reyy, then for the
design in (1) and (2) we have

N(n)

\/r_z(— —ym, — — u) LA N@©.Q,,), x/E(— —u0loV, - u@V) LA N(0,Q),
n n n

where Qq o is  in Theorem 4 of YC, with (M,A1,v1,a) there replaced by (Q,y,u,1) here; and
setA’ A Am Aﬁ =A3=A3;=A3,=0, Q is partitioned as (Qq jj)1 <ij < 2 With

Qo11= zu_‘.[(M“))'A? M©+AT,1+AV) © {A]+(1 —u'l)Ai(I— 1w} o@AV)+ Y [wd; (M) p; v+ v P MO

1<l¢j<l

Qoao_ZuS[A I vl)Adz(I Uv)l+V oA+ - DA A - 1Tw} o V+ 3 [up;vi+u; i)

1<i# ]<r

Qo = z Uy M“)) A AT~ 1'v)l+@V) © {A +I-u 1)A“(1 -1Tw}oVv+ Y [u,(1\1<'>)p, VAUV, il

1<i#j<r

Remark: Note that if r = 1, then Al={u} —u'u=1-1"1=0, 1 —u’1=1-1'1 = 0, and hence

@V) O {Al+d - u' DAL - 1'w)} © (AV)=0 and the last term in Q disappears. Thus, the
effect of the urn Q is gone, and we go back to the case of YC.

As in Janson (2004) and Zhang et al. (2006), under regularity conditions, our design follows
the functional central limit theorem for urn models.
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3.2. Adaptive compound GPU design

The compound GPU design above is dependent on the unknown F, and therefore it is not
directly applicable in practice. A common method is to plug in its empirical estimate F,, =
(Fn.1,.--, Fn, &) in the design, so that (1) and (2) are modified as

gsi(n-10sj .
()n.w:%s GU=1,...,n), 0’7=(9"~54/')r><r
sj 3)
(s)(# )E(S)
v( ) (s) (s) ij \Hn=1)5;; . ()
nslj_znxtj(ﬂn 1» f ; )_f)’ k) d (5"511 kexk”
vii (4)

Let F,=c (X, 151, "1 < s < 31 < i < m}), where I; = (lig,...,li). We impose the
following assumptions:

(C3) {f;)(-, *) is continuous at (u,y) for any y and there is an r > 2 such that

s) " r
EIEY || <o and SUpE(||¢,,|| [Fm-1)<o0, as.(s=1,...7)

(C4) MO (u) > 0 is bounded, differentiable, and there is a 6 > 0 such that for s = 1
rl

1+6

L oMe
ME(y) - M) ()= z W) D=l oy =l as - o
J =u

=1

and

1+0

S 0Q(y)
y) — = — Vi — Hj + Y—u ,as ||ly—u ,
QW - Q=Y 7] [y =sll+0dly —ull™. as lly -u] - 0
e

y=

Let S(F) be the support of F.

Theorem 3—Assume that Assumptions (CO0), (C1)—(C3). Then for the design given in (3)
and (4) we have

iy — p as., supxes(e)IFa(x) — FO| — 0 as.
ii. (Yo/n,nn)/n,NG® (n)/n® - (yu,u,vg) as. (s=1,...,r),
iii. (Xp/MNN)/N) > (UOLOV,UOV)as.

In order to state the asymptotic normality in the adaptive case, we need to introduce more

notations. Define ts = VsaM(Y)/jly =y T=(t; 1 /vs.1, ...t /v) , and H as before,

Define, fors=1,...,r,

J Stat Plan Inference. Author manuscript; available in PMC 2011 June 15.
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i 1) oz L4
fo[f L™ dudv](l‘(s))lz(s)'l‘(‘) NI a’udx]dx,
A;gﬁhafﬂwwﬂwwmwm“wwm
fo[f f,w(%)’_dudy]u“’) SH I f‘m(u)adudy}dx,
Ka=fof \[;(%) d] oy g0 () ey,
A= [ zmw[ P8 s

cza_fo[ 3 \T " )d ] (T(X)),Z;?T(S) [fi)l"(f_t)M(S)d)'] dx,

and

(Z(s) [ 11( )dey}dx

A= fol (‘)MH

Also, for convenience we recall the definition of A, Ag, A3 AL, A§3, A5 and A3,

= P ] o o] 140
I THEIO R L RO e T8
O SO e v

A=fo()° znn[ [

fo[f (l) ]HZ‘mH[f (»\_)Qd_v}dx,

A§3_f0(;)0 Zzzﬂf‘yuf( ) dudy dx,
R Ot LA TR0

‘______4

Page 10

Let F(x) = (F1(Xe). .. Fu(xd)' and F)(L = F()) = (Fa(xa)(L = F(). ... Fid (1 = F(x0))
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Theorem 4
i.  Assuming (C0) and (C1), the following holds

‘/’7(1“11 - /1) i) N(Ov Qu)1
Vu(F,(x) - F(x)) i N(0,Q,), Vx e S(F),

where Q=0 w0?/Vihand =) uF®)(1 - FX)/V,},

ii. Assume (CO0), (C1) and (C3), (C4), As > 2Reds 2 (s = 1,..., 1), and y > 2Rey,. Then,
for the design given in (3) and (4) the following holds

a Y, n(n)

W(— —yu, 22 —u) L NO,Q,)
n n )

b.
X, )

x/E(7 -u@A@V,@ —u@V) <4 N@O,Q)

where Qq is Q in Theorem 4 of YC, with (M, A4, v1) there replaced by (Q,y,u)

here; € is partitioned as (€2jj)1<j j<o With

Q=) u [ (MW) AL MO+AT +AT AT, +AT ) ]
s=1
+@V) 0 (Al+I - u' DAL +ADHI - 1w} 0 V)
+ Z [ ¥ p; MO +1;2 M9y p; Vi AT (L= 1) v+ v (1 = 1’u);Az4)'],

1<i# j<r

Q=) AL +A = V,)AE j+AF AT A% ) A= 1'v,)]

s
s=1

+V o Al+a —u' DA+ AHaT - 1Twj oV
£ 3 Luipr v Vi @ = 1v) AL (1= 1wy 'y 0= 1) AR (-1,

I<i#j<r

I

Qo= (M) AT AL, +AZ A3 +A ) A~ 1'v)]

5
s=1

+ Z [u;(l\lm) p,“jvj+/l,‘u,'V;-p;,j+MiAf_4(I - llu)jvj'l’/liuiv;((l - llu)iAi-A) (I_llvf)]

1<i#j<r

+@V) o (Al+d - u' DA+ AHT - 1w o V.

Here, (I — 1'u); is used to denote the i-th column of the matrix (I — 1'u).

The Q in Theorem 4(ii) is not easy to compute in general, but if we choose some special
design, it can have a simple form as follows
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Corollary: Let u(:) and vg(:) be twice differentiable with |u(-)| = 1 and |vg(-)| = 1. Set

Q()=1 u(-)and M“(-)=1,v,(-). Assume that £ (s = 1,..., r) and @ are constant matrices.
Then, all the conditions of Theorem 4 are satisfied and € in Theorem 4(ii) is simplified as

,
Qllzzzux‘l’s
s=1
+V) © ({u}
- lllll
+6(I—1u) ®I-1u)e@V)
+ Z [3uidi L il (T — 1'u) v j+3u,-,1jv’j(1 = 1'u) (LoD L) +14; M D) p; v j+1;2 jv'jp;' MY,

I<i#j<r

Q=) ul{vs) = Vv, +6(I = VDY, (A~ 1v)]+V © ({u}

s=1

—uu

+6(1—1'u) D(1

-Tu)oV

£ 160 = 1'V) T (1= 1'w) ¥ 46,0 = 1'0) (L Ty =1 Vit v iV,

1<i#j<r

Q=3 u,[ ¥, -1'v,)]
s=1
+QAV) © ({u) - u'u+6(I - 1'u) D
-1Tu)ovV
£ BT (= 1w)v 4680 = 1), (Lo P ) (= 1%7) 42, i v A’ .

I<i#j<r

where ¥ = (avg(p)/ap)'{o2/v}avs(n)/Ap, @ = (du(p)/op)'{e?/u}du(p)/dp, and Ts =
(3Vs(n)/3p)'(62Vs) esdu()/ap.

4. Application
Once the v,’s are obtained from the optimality criteria, the design matrices M(©®)’s are

constructed and the designs f,(f,) ;s are easily obtained. The simplest such constructions are
those given in the Corollary from the previous section; the general constructions for some
commonly used designs in clinical trials can be found in YC with similar adding rules.
Given the Gg()’s, we can give an example to illustrate how to choose the vy’s so that the
adaptive design is asymptotically optimal by the given joint criteria. In the following
example, the vg(+)’s (and u) should be normalized and chosen differentiable around u to
satisfy the required conditions.
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4.1. An illustrative example

Now lets come back at the example briefed in the Introduction. The existing methods use
different criteria separately. In this work, we propose to use them jointly. Let us consider
these two commonly used criteria in clinical trials: the Neyman allocation (Melfi and Page,
1998) and the criterion in Rosenberger et al. (2001).

For two qualitative treatments, the Neyman allocation puts N1(n) patients to treatment I by

maximizing the power for testing the difference 4 = p1 — p,, where p = (p1, p») are the
success rates of the two treatments. Here k =r =2, f (:) = 1, and g = p. This strategy leads to

the allocation ratio
M@ vi_ [pid = py)
No(n)  vp2 pa(l = pa)’

or v1(p) = (V11(p), v12(p)), with

vpid - py) Vp2(l = p2)

vii(p)= , via(p)= .
VP11 = pD)++/p2(1 = p2) Vpi(1 = p)++/p2(1 - p2)

We have |vq| = 1 and the corresponding optimal v4(-) = (v11(:), v12(+))". The generating
matrix M) (-) can be chosen as in the Corollary, M"(-)=1,v,(-). Take /3 = 1, and the §f,f,~)j’s
be constants, the corresponding adding rule is gfli.)zvl(p,,_l) (i=1,2). Note

a2=pi(1 = p1),o5=pa(1 — pa), and with the above choice of Mq), it is easily verified that

_(1=2p1)* pa(I = po)+(1 = 2py)? p1—<1—p1)( 1 _1)
= o _

¥, - |
(Vp1(1 = p)++/p2(1 = p2))

On the other hand, the criterion in Rosenberger et al. (2001) is to minimize the expected
treatment failure and leads to

-1
N )

) v [Py =1+ J2)
No(n) vy 2] P2

so that we can take the targeting v,(:) as

P (RN (2
le_\/m_’_\/ﬁgv ZhP—\/p—]_'_\/p—z-

In practice, each trial is carefully selected but not perfect, so p; and p, are not close to zero
and one, p17 p2 and vy and v, can be very different. Apparently, a compromised criterion
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1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Yuan etal.

Page 14

will have the advantage of the two and avoid either extreme. The f(:),«, the generating
matrix and the adding rule are the same as above. It can be verified that

h &)

_(1—1)1)1)3/2+(1—pz)p’?/z( 1 —1)
VP2 (NPT VP’ -1 1

To join these two criteria, we choose u=(1— py+ p2, p1— P2) (Suppose p1>p»). This design

favors the first criterion when the difference p;— p, is small, and the second otherwise. With
— Vit V12

the joint criteria, take & = (1,1), v1=(v11, V12), V2=(V21, V22), and va1 vae /. Then, we

can easily show that

ol o2 1 -1
®= (l I’1+I”+PI—P2)( -1 1 )
r ( (7*(] 2p1) Vp2(l—-p2) + o5 (1 2p2)\pi(l=p1) )( 1 -1 )
1— 9
2(ypi1(1=p)+/p2(l pz) 2(A/p1(d=p)+/p2(1-p2))

and

=

{ iV P ](-1 1)
2\PI+VP) 2(\Pi+ P '

By Theorem 4, we have

(& N(n)

s )—>(u®A®V,u®V)a.s,
n n
and by the Corollary,

\/E(X7—uo,lev %—UGV) N(0,Q),

with Q= (Qjj)1<j j<o, Where the Qjj’s are given by the corollary. Thus, the new allocation
proportions under the compound method is

1 =pi+p2
uovV= (Vpi(1 = p1), Vpa(l = p))+————
Vi —poiNmd—pp 0 \/ +\/

(V1. Vp2),

which is a compromise of the two allocations, and is more robust than either one of two
criterion used along, in that it keeps much of the power in detecting the difference while
maintain less treatment losses.
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4.2. Discussion

The proposed compound model is a response-adaptive design, so it will be helpful to have a
brief discussion of its relationship and compare it with some commonly used such designs in
clinical trials.

Bai and Hu (2005) studied a general urn model via random generating matrix, which
includes many types of existing urn models used in clinical trials. Our compound model,
however, is not covered by this class of models, due to the two-stage design. Tymofyeyev et
al. (2007) established two equivalent optimization criteria for treatments allocation and
proposed the corresponding adaptive randomization procedure targets the criterion. Again
our design is not directly comparable to their procedure, both from motivation and structures
of the design. Hu et al. (2009) proposed a new family of response-adaptive design, which
attain the Cramer—Rao lower bounds on the allocation variances for any allocation
proportions. The play-the-winner type design by Ivanova (2003) also attains this bound. A
general comparison of the allocation proportion asymptotic variance of the proposed
compound design with that of the lower bound of Hu, Zhang and He seems mathematically
intractable. But intuitively our model will not attain this bound, as it takes into consideration
of several optimality criteria together and thus has more variability than a design using a
single criterion. We regard this as a weak aspect of our design. However our model is
motivated to combine several optimality criteria into one design, so as to achieve a balanced
goal, not for minimal variance alone. How to reduce the asymptotic variance of the
compound design toward the lower bound will be a topic for our future study.
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Most of the techniques and notations below are from ZHC, with some new notations added.
Define MFZm:IAMm, Sn:Zm:IASm, and QFZ,":]AQm, where A 8» = 10, —

_E[im9m| Fn], im=(1§,,1), .. I(r)). A Mn = Iy - E[im| Fna],and A @n = In{f(rm)— l;m} Here,

m

f(rm) = (f(rm)[By, .., f(rm)|Br)u”m = (um1s -+ tmr), With pims = E[f(rm)| #=-1,Bs]. We then
have n— nu=W, + o(n%/2) a.s., where

W,i= ) (MM +AS, B0 - 1 w+AQ,RB. (1 - 1w),

m=1

— n — . —[1] n . 2
with Bron=[ |, QD 5 =1, Bow=) ) Buil i B )| Bimli+] and

Bom= Zzl ;Z;:m@._,-/(iﬂ)j_ Also, for s=1,...,1, let St /= Z ASL?, = Zm IAmf;f),
and Q1= Z, _,AQ; where

AR =108y = ELL ) (Fet ], Ay =100, = ELL | 1) AN

AQY =1L {E(xy) — ). Here, f(rm)[Bs = (f(rm)I(Aq,Bs), ..., f(rm)|(Ak.Bs),

pO='Y, ..., 1) and note that in our case 4 = u. Then s m'”, and Q*) are martingales.
As in (5.19) and (5.20) in ZHC, or in the proof of Theorem 4 in YC, for each fixed s, we
have

; ; 172 3 \
XY = 194,y =U0 +0((1) *)=UL +0(n' %) (as.).

Similarly,
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N = v =V o) )=V +o(n'?) (as.).

Here,

n' =(s ( 3 (s s 5 s
U= ASTB +AQ OB, V=3 (Am+ S BT v+ AQS TOB)

—(s) 5 )1 —(s) s)" n— 1—(5)
, with B”'"_l—lj_n+ I+M )/j) Bnn_l Bi’lcll _Z n/ nm _Z Jm/]+1 and

(s),3_ -1 . .
Bnm Zl m Zj:mBi,j/(H'l)]_

Proof of Theorem 1 and 3
Note that Theorem 1 is a special case of Theorem 3(ii). We only prove Theorem 3.
i . r
Note that in our case, #®) = g, F®=F(s=1,..., r), and Zm“s:l. The proofs follow
the same lines as in that of Theorem 3(i) in YC, and using the first result in (ii).

ii. The first result can be obtained directly from Theorem 3 in YC. For simplicity, the
proofs in ZHC and YC are done for 15 = 1. However, these steps are valid for any
value of A5 and us, as shown in the following proofs. As to the second result, note

that Xo —mu O V=>""_ X\ = nu,v,) and N —nu © V=>"_ (NO(n) - nu,v,),
Let us now fix i(1<i<k) and s(1<s<r). For fixed s, it follows from Theorem 3(ii) in
YC that

e

Zl(” — u, a.s.

Noting X_? /n=(n/m)(X\"} /n’) and using the fact (as in ZHC or YC) that X} /n") — vy;

as., it results that X, /n — uvsa.s..

Hence

) (s)
X(S) (S) X )
= L =1k = (vt . ugVsE) QS

n n n®’

which, in turn, implies that

g (s) r r
X, vX
—":ZL — Zusvsl,...,ZuMk =uOV as..
n n

s=1 s=1 s=1

As to N(n), we write

J Stat Plan Inference. Author manuscript; available in PMC 2011 June 15.

(1-1'vy))



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Page 18

n=1 (s) n—1 (s)
X Y, X
N®(n) —nuSVS:m“)+ :’;) ( )'/"’S - us) U E ( Z) - vs).
X, | \ ¥l X

m=1 l

Thus,

n— (s) n—1

NOn) — nusvy= 0()1)+Z o(l)+u520(l)=o(n) a.s.

m | m=0

Proof of Theorem 2 and 4

Note that Theorem 2 is a special case of the Theorem 4(ii). Indeed, the distribution function
F=(F1, ..., Fy) of f(ry)|A;, i=1,...,k is unknown in the adaptive compound GPU design
whereas it is known in the nonadaptive case. In the case of Theorem 2, we set H = 0. Thus,
results in Theorem 2 is obtained from those in Theorem 4 by setting

A=Al =A% =A% =AS=A3,=A3,=0, and

A As 23 A At =A .23:A§,3=Ax.4:A§.23=Af~,32=0, (s=1,...,r). We now prove
Theorem 4.
i' N-"(n)
(s)_ (s).._ ) . . s
Rewrite 1, as Hn ‘(ZF] ji =1 k) \where, for each fixed (i,s), the Z;”
are the f(rj)’s which are allocated to the s-th urn and i-th treatment. We have

EZ)=pi, Var(Z3)=07, and for (i,j.s) # (p.q.r), Z;; and Z) are independent. Note

that
n®) n® N (n’ 7o _ Mi
Vn(p, — )= \/ VN % it 1
Z N(V)( N(Y)( )

By Lemma 1in YC,

N ) (s)

S "Z8 —
N Y2l Zo TRkl v, o).

N(S)( )

Also, by Theorem 3, \/n(®)/n — +/u,(a.s.)and \/n(s)/NfS)(rl) — 1/+vsi(as.), Thus,

the desired result follows from Slutsky’s Theorem. The proof of the weak
convergence of \/(F,(x) — F(x)) is similar and omitted.

ii. The first result follows directly from ZHC or Theorem 4(ii) in YC. As far as the

(s r (s
second result is concerned, define Ux ‘Z Un)and VFZMV:‘: ’ It can be
shown that the sequences U, and V, are martlngales with respect to { #+}. We then
have
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i U Vi

- us)vsz \/E(B —u)@V L NWO,V 000 V),
n
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(E - u)@,lowo(l), a.s,
n

g3 T(A ) T as.

Yuan et al.
X, I o s (s — (n)
\/5(7’ —uo10 V) =$;(x,‘, )2 ve)+ x/;'z; (7 - u:),lsm:
and
N,
Vn (— -uo V)
n
" n®) fo)
- ; n (n("‘)
1
Z_Vn
\n
r (s)
+ ‘/’;;( n - Ms)vs
1
:_Vn
\n
n
+n (— - u) oV
n
+o(1) (a.s.)
For r=1, n/n—u = n/n-1 = 0. For r>1, n= (n®),...,n(). It follows from Theorem 3.3 in ZHC
or Theorem 4 in YC that (s — u) 5 N(0,Q,,) Where
Qoo=AT+(I - u'1)(A§+A§+Ag3+(A§3) )X - 1'u). Here, | is r x r identity matrix, 1 is r-
dimensional vector of 1’s. In fact, €55 is the lower-right r x r block of Qq o. Now, for r>1,
we get
r n1s)
\/ESZ::‘( n
and iy (42— u)d,ve= Vi —wA 0V 5 NO,AV) 082 0 V)
As in ZHC or in YC, U, satisfies Linderberg’s condition for martingale. Thus, by martingale
central limit theorem, ,~1/2y,, 4 N(o,fz“), where fl11=limn_>oolVar(Unl)- Here, we refer
the notation Var[U|[] to ZHC for the average successive conditional covariances. Here, by
Theorem 4 in this paper, and Theorem 4 in YC,
~ " a y® " r
Q;;=1im Var “~—||=1lim
n—oo (; n \/n(s) l] 11—)003:1 n \/n(s) =

Similarly, 1/ vnV, 4, N(O, {322), where
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~ 1 C . , ’ ,
ng=lim,,_,w—Var(V,,l):Zus[A; HI-VDAF AP eAF H(AF )1V as.
. : 2HALSTAL,
s=1

Finally, using V(2 — u)="2+0(1), we then have

Vn

U,

n V,
+Vn(——u)0A0V,
VG

(2 - u)G)V) +o(1) L N0, ),
\/Z n

X, N,
w/ﬁ(—’—u@l@V,——u@V):(
n n

where Q= (Qij)lsi,jSZv with

Q=0 +(AV) Q» © (AV)+I';;+I},. Here, I'y;=1lim 1Cov[ (U,, W, © 210 V)|I.
n—oo
05,=00+V © Q0 © V+T+T,. Here, I'»=lim 1Cov[(V,, W, 0 V)]I.
== n—oo

Q122617_+r14+r23 +(/lV)/ © ng oV.

Here, by Theorem 4 in YC,

S,

~ r ’ ’
Qu2=lim Cov[ Uy, Voll= X sl (M) AT [ +(ASp+A7 5 +AT 53 +A7 )T~ vl ass.,

T'4=lim 1Cov[(U,, W, ® V)|l as., and T53=lim 1Cov[(W, ©210 V., V,)[las..
n—co n—eo

To compute T'11,I'2,I'14,T23, we need to compute the following quantities. Fix s, s=1..., 1.
Using Theorem 3, we have

Var[ Amf;’ [Frn-11
=E[ L) F 1]
— B ] EU L Fr ]
={E[ L Ll Frua1 1}
— BT 1] EL T 1]

(s)
_Ym—l,s . Xm—l
IYm—l] |X‘S') ]
m—1
(s) ()
_ Ym—l,s ) (Xm—l) ) Ym—l,s . Xm—l
Wl X9 | Wl X9
m—1 m—1

— us{vs}

s B4
— UV Vs as.
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Var[ AS)[F 1]

R S s S s S R} Ym ) S S ! X:i:) s S Y
=ELL ) P 1= EUS N P 1) ELLS Ll 1 1= ¥ EE M) {| U)]'}@“ M) F et

—2(MY) v;stm a.s

Var[ AQ\F 1 1= ELIY it (F DAL, B) = )%, - oy Lt (F PtV (Ag, Bs) = i)} F i ]
= {ELL L (Pl AL = )P F s EU i i)Wk = 1) o 1}

(s) (s)
_Ym—l,s O_gxm—].l 0_’>Xm 1,k Su Z(S) as
T e N B
m—1

Cov[ (ASY, Am{))(F,, 1]

< . s . s m S . X(S) Ym Ls . ( (S) ) X(x)
=EUD ) Tt 1 EUS 0l Foet] ELL Ll I (M) { = ( )( M) 5 —t
1Y il ]X | 1Y 1l |X | [X |

’
2 MY v
—u;(M™) vvg as..

Cov[(Amy,
AQU)F -]
=0 a.s.Cov[(ASYY,
AQFrm 1=ELUS LS = ELLY Ll 1Fr D) 18 Ll £ (0B
— ) Fmi]

Y lsE (\-) Im - BY
W [ Hf(em)IB.

- Iy
:1a 7__111—1]-

Using the fact that &) is independent of all the other variables and that f(r)|Bs is
independent of #=-1, we obtain:

Cov[(ASY), AQU) T 1120 2.5, ELAMS) AMlFor1 1=ELL Lo Il Tt 1~ ELLS L Fon Ll Fnt
. Note

)
o g Y
E[LYL, Yl F 1 1=ELL) L, | F i Jes= |;7 il |xj":) |

Thus, by Theorem 3.1 in ZHC, or Theorem 3 in YC,
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Y15 X“) l X‘Si ’ Yoo ’
E[(Amm) AM|F m-11=17- ’”( 2l )es —( “ ) 7 o usvi(es — w):=u,YVas.,

|xl€) | |x(s) |

ELAMS) ASulF s 12ELS L, Tl Font] — ELLSL, Frnt 1EL Tl Fon1 1.

But
(X9 YL
UL, Lyl T 1=E UL 0 F 1= LT, 0 e J= e Dt N g
el X |

Here, s is the s-th row of the matrix Qp,. Note that Q,, =5 Q and denote g as the s-th
row of Q. Thus,

S m=1,s X() , °
E[(AMS)) ASlF 1 1= lym*l]( oy ) (qms—#}iQm)e ugV,(4, - uQ) as.,

|X(S) |
ELAM) AQulF-1 1=ELLS L Lt f0t0) — FFot] = ELL Tl Font EL 6 (E) = Fo}[Fn1 1=0 5.,
E[(AS) AMu|Frn 1=ELL (CS) ULl Frnt ] = ELLY EL | F it VEL Ll Frs 1.

But
EU @) T Ll 11= E[(d”ilﬁi’l;"m_.]es%( ‘”)(;;;I s
Thus,
EL(ASY) AMylFi 1= (MY) (Xi?xi) (M“))(XE’;,'])I]’;";—I;;—»us[(Mm)'v’ses—(M"S))'v;u] as.,

ELASY) AS T 112EL (D) U) TnbnlFrnt] = ELS ) U [Fonet VEL Tl Fonr .

But

m s X(s) /~
BV W) Vol o 1=EUS @) T, 00l T 1=E LS G Xl 1 1= =(M) (I ;’:)‘I]qm_s.

Thus,
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N (s) ! ’ o,
E[(ASY) AS,,[Fp1]= 22 M f,f’>(xrz)‘|)qm (M) (;:'.:,1,) Yol — u[(M®) V.4, ~ M©) v,uQ] ass.,
‘ m—1 m—1
EL(ASY) AQ,, [Fn-11=0ass., ELAQY) AM,[Fn_1]=0as.
ELAQY) ASlF-11=0a.5., E[(AQL) AQulFm-t 1=ELEm)IBs — 1M U) Toomel () = o) Fpt ]
:E[{f(rm)lBs —M(S)}],;)(Im) es{f(rm) _'um}l?-m—l]:E[I;(ri){f(rm)]Bs _H(S)}(Im)/(f(rm) - Hms)exle—l]

:P(leTm—l )E[ {f(rm)IBs - /»I(S)}(Im),(f(rm) - l]ms)[(]:m—l B B:]]e.r-
But for

j=1,... .k, E[I,,,j(f(r,,,)l(Bs,
Aj) = 1)(f(ry)|By
— Hy ) Fet
B,
=P(A|F -1, BOEL(F () Bs—Hn, ) (f E)(Byy A )~ ) F 1 B, A1,

~ k
Note that m.s= ) | HiP(Aj|F -1, B)and

~ k
fn)Bs — ﬂm,s:Zizl [ fxm)IBsLni ‘.uiP(Ale -1, Bs)]. We can then write

EUnj(f @)l (Bs, Aj) = i )(f@)|Bs — Hyn, )| Foner. B
Xm =L (ZE[Imtf(rm)]Bsf(rm)[Aj /Jif(rm)]AjP(Ajlg:m—l s Bs) - Imioujf(rm)[Bs"'/flj/“

(s)

(.
XY

m—

(s)

T

m—

Thus,

X(S) X(S) ©)
1, -1,1 1.k ’ S
ELAQY) AQuiFo-11= Y”’ == T )eseus((a%m,...,(rivsw ei=u ) as.
m-1 IX:ﬁ—l ] |Xm 1 I

Now, let us write Uy, Vy,, and W, as follows
U,=U+ U+ 0l), v, =V vIAev i and w,=wiT+wiPewll

where
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,
U= 5 3 AmB MO U= 3 5 (A - Am{IM©)B)),
s=1m=1 s=1m=1
U=3 5 AQWTOBLL VII= 5 3 Am(B,)
s=lm= l s=1lm=1

V=3 5 (ASY) — AmPMOBAA - 1'y,),

s=1lm=1

r n , n —
VEl= 3 3 AQUTWBL - 1'vy), W= AM, B, ..

s=1m=1 m—l

= 3 (AS, - AM,QBLA - 1'w), and W= 3 AQ, 81 - 1'w).

m=1 m=1

We can now derive

Iy =limn-! icOv[(U,,,,w,,@/loV)u —limycon™! i{COv[(U,,}],w[,}]oA@V)|]+cOv[(U£,}],W[,$]o,l@V)l]

1—)00
+Cov[ (UL ,W”] ©®10 V)[]+Cov[ (U2 will @A@V)|]+Cov[(U W2 o 20 V)|J+Cov[ (U2, W3l o a0 V)]
+Cov[ (U, Wil © 2 0 V)[1+Cov[ (UL, wi2 ]®,1®V)1]+Cov[ Ul whlo a0 V).

Now, let by, m  be the i-th column of the matrix ... Using similar arguments used in YC, we
then have

Cov[(ULT Wil o 20 V)]
n w ! —('l') ! i) ’ —
= Y XM B,,) ELAMY) AMuIF 110, jA;¥;

1<i# j<rm=1
n S —(i) ! , , =
= ¥ X MY)(B,,) (uivei — uiv,wby, , jA;v;

1<i# j<rm=1

=n Y (M) f(%)““"') SO(L)Vdxajvitom). as. = 3 w (MDY p; v i+o(n), as.

I<i#j<r 1<i#j<r

n . ’ o ! ,
Cov[(U W oaovii= ¥ 3 B (T9) E[(AQY) AQulFm-1THB, LA - 1'u);4;v;

1<l¢j<1m 1

= 3 3B @D @i, .., o) eHBLLA - 1'w);4v;

1<i# j<rm=1

=n 3 ufyd: [f '(\)M dv](T<'>)z“’H[fdfd ()](1 1'u);1,v;

1<i#j<r
=n Y wid; A,4(I 1 u);v;+o(n)as.

1<i#j<r

Cov[ (UM, Wi © 2 @ V)|1=0(n) as., Cov[ (UL, W¥av)|1=0ass.,
Cov[ (UL, w! V)=o) a.s., Cov[ (UL, W 0 20 V)[1=0(n) ass.,
Cov[(U2, W3 0 20 V)[]=0a.s., Cov[ (UL, WL” ©10V)=0as.,

Cov[ (UL, wm ©A0V)[]=0as..

Now collecting terms and letting n— oo, we get
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Ti= 3wl ) oy ALy @ = 1w

I<i#j<r
By similar evaluations we have

Tu= 3 wlM?) p; j+A7,(0 - 1w);]v;,

I<i#j<r

Io= 3 wlpi+X-1v) Af,d— 1)y,

1<i#j<r

Cu= 5 Ay [(p) +H@-1w) A ) @-1'v))].

I<i#j<r

The proof is finished by collecting terms.

Proof of The Corollary
Notice here for fixed s, (s=1,...,r), we assume that M<x>=1;vx, Q=1:_u and that {5 and 0 are

() , PR wO NP
constant matrices. Then we have yoi—g @ =0, 2, =(¥s) = V¥, and M) > “M©¥=0,
Also, as in the proof of Corollary 3.2 in ZHC and noting that E(&) = M®) and E(6) = Q, we

7 ) / ' 1 T "N Ot t
have AL,=> " =E( Vi)~ v,v,=0,Al=0, AT ;=21) " “T=0%,, A]=2® ang

A123=0. Similarly,

(s
Ai‘ZZZZﬁ )’
i_ # _ H'S)/ () (s)
Aj=2)" AL=6(1) 3T
—6¥,, AJ=6D, AT ,=0, A2,=0, A3=0, A2,=1) Y16 [ [
_amy S )
=3(T )23 T
=3, Aj=3®, A°,,
209 A:‘32=0, Ai.4:6 lkxkrserr, A:’4
=3 lkxkrslrxr
(i)
,andpi.jzlkxkz 1

v

“Ldudy)dx

X
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