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Abstract

Adaptive allocation designs are used in phase 111 clinical trials. Sometimes, from ethical considerations,
the goal may be to skew the allocation pattern in favour of the better treatment. Bandyopadhyay and
Biswas (Biometrika 88 (2001) 409) studied such allocation designs for two competing treatments, when the
patients heterogeneous with respect to some prognostic factors and the response from each patient was
continuous. In the present paper, we extend the work to the case of missing responses. Under missing at
random assumption, we impute for the missing data at every stage depending on the data available at that
point in time. We obtain the conditional and unconditional allocation probabilities and the standard error
of the estimated treatment difference at each stage. Through simulation, we show that imputation for
missing responses under this adaptive design set-up has a clear gain over the method that uses only
complete data. The gain is in the sense that the power is larger and the standard error of the estimated
treatment difference is smaller.
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1. Introduction

Patients arrive sequentially, perhaps for a two-treatment phase I clinical trial, and are to be
allocated to one of two treatments. Sometimes, from ethical considerations, the goal may be to
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skew the allocation pattern in favour of the better treatment by using available responses to
determine the next allocation, using an adaptive allocation design. Bandvopadhyvay and Biswas
(2001} studied such allocation designs for two competing treatments when the patients were
heterogeneous with respect to some prognostic factors and the response from each patient was
continuous. They presented an allocation design, assuming a normal theory model. They also
evaluated the expected limiting proportions of allocation and studied associated inferences.

Often, in practice, not all the responses may be available. In this case, a common method is to
use only complete data at each stage, assuming that the responses are missing at random.
However, this method is inefficient as it fails to make use of the prognostic factors associated with
the missing responses. The information in the prognostic factors may be utiized through
imputation for missing responses; in particular, using regression imputation.

The main purpose of the present paper is to study adaptive allocation designs under imputation
for missing responses. We assume a normal theory linear model relating a continuous response, Y,
to prognostic factors, x, and treatment effect. We also assume that the probability of response
depends only on x and the treatment indicator.

Section 2 provides our adaptive allocation design under regression imputation for missing
responses. The associated conditional allocation probability is derived in Section 3, as well as the
exact and limiting proportions of allocation. Section 4 gives the standard error of the estimated
treatment difference at each stage. Finally, Section 5 reports simulation results on the power of
the test of no treatment difference and the standard error of estimated treatment difference, after
the completion of the sequential allocation.

2. The allocation design

Suppose patients in the clinical trial arnve sequentially and are assigned to one of two
competing treatments A and B, using an adaptive design &. Also, suppose that a predetermined
number of patients, v, are to be treated by the trial. Initially, the first 2m patients are to be
allocated at random to the two treatments, with m patients to each treatment. This ensures that at
least m patients are allocated to each treatment. We choose m to ensure that the model parameters
can be estimated from the initial sample of size 2m. We also assume that none of the initial 2m
responses are missing.

The responses of the patients are assumed to be instantaneous and follow a normal linear
model. The model for the response of the fth patient is given by

Yi=Cpa+ (1= Eug + x5 B + 5, (2.1)

where &'s are independent and identically distributed N(0, #”) random variables, u, and py are
the treatment effects and ; is an indicator variable taking the value 1 or (0 according to whether
the ith patient is treated by A or B. We focus on the case where some Y-values may be missing but
x 15 completely observed for all the patients. In the presence of missing responses, the data for the
ith patient may be represented as | Y, x;, &, 0;), where Y; denotes the response that may or may
not be available, x; 1s a p x 1 vector of covariates or prognostic factors, and & 1s another indicator
variable that takes the value 1 or 0 according to whether the response of the ith patient is available
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or missing. Note that we assume 6; =1 for i = 1,...,2m. Model (Z.1) may be validated in
practice, using standard linear regression diagnostics on the initial complete sample.

Adaptive allocation is carried out from the (Zm 4+ 1)st patient onwards. The allocation of
(1 4+ 1)st patient, 2m<n=v — 1, depends on all the previously observed responses, all the previous
allocation indicators {£,,...,£,), all the previous covariate history {x,...,x,}, and all the
previous response indicators {dy,...,d,}. Denote the estimator of treatment difference, u, — i,
at the (n + 1)st stage, after imputation for all the previous missing responses and eliminating the
effects of prognostic factors x, as Jiy, — fig,- We use a suitable cumulative distribution function
(), which is symmetric about 0, to implement the allocation of (1 + 1)st patient. Allocate to
treatment A with probability G}, — Jig,) and to treatment B with probability 1 — G(i}, —
Hg,) = G(fig, — I4,). A natural choice for G(-) is the probit link G(a) = ®(a/T'), where &(-) is the
standard normal cumulative distribution function and 7' is a tuning constant.

We assume that Y is missing at random, thatis P(d = 1|V, x)= Plod = 1|{,x)or d and ¥Yare
conditionally independent given & and x. This assumption is reasonable in many practical
situations; see Little and Rubin (1987, Chapter 1) for some discussion.

3. Allocation probabilities

3.1 Conditional allocation probability

LFt Napa=3: &and @y, =¥ &b deFDte the number of allocations 1and thi:. r1.urnher of
available responses to treatment A, respectively, based on the first »n patients. Similarly, let
Np, =3 (1 =¢) and Qg, =37 (1 = )9, for treatment B. Further let

: £ Y, ) (=50, ¥,
o 2 =1 Zl

— ]
Yﬁm = e ! YB" - [V 1
% & 3 (1-£u
‘_;'C — =l ,,—:(_ k=l
AR T Oa, ! “Bn T [ !
Edl—d,1x, (1=£, 0 1=, 1%,
X >

'TA.IF = W‘ ‘Bﬂ mh—.
Here ‘P,,L” is the sample mean of the available responses to A, ¥, and ¥ are the sample mean
vectors of the covanates corresponding to the A-treated patients whose responses are available
and whose responses are missing, respectively. Similar interpretations are for B-treated patients.
Mow, based on the available responses and associated covariates from the first n patients, define

T
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Estimates of f§, u, and py are then given by

ﬁ — S'{"] ls-{n]

xy?
i —C
Han = f ,du;} Jﬁm

; e —C T2
Hp, = Yl:hr - {xﬁw}lﬁn'

For any missing Y;, we impute it by ji,, + x; ﬁ if the ith patient is treated by A, and by
fig, +x lﬁ” if the ith patient is treated by B. Thus after imputation at the nth stage, the imputed
ith observation is

ZO=58,Yi4+ (1 =)V an+ (- )78,
if the ith patient is treated by A, and it is

"
Zy) = 8:Yi+ (1= 0 Vi + (i — 3,) Bl

if treated by B. We write the imputed estimator of s — ug, after eliminating the effects of the

covariates, as

n

My, =+ '=I m - \'B,.;Z“ _‘=I} m g _-An }Jﬁn‘

Nan i=1

oo _ Oan¥in + NVan— Oan)3N,
S "ll'"rAn

is the mean of all the x;’s corresponding to the A-treated patients. Similarly, xj, is defined. The
estimator of i based on the imputed data is given by

ﬁn = Tlﬂ]* Sﬁ;?**

XX

with
"
B W g el T
S{':F'g* = Z ':I"fo:'l - hm?x;.nxmr — NppX Tl:hr :‘.lr ' {3]}

and

SO =3 Ex(Yi— Vi, )+ Y (1= &(Y, — T, (3.2)
i=l

i=l
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where
Onn Y_ﬁur + (Nan— Q4,) Fﬁur + { 2, Cilxi— "‘ﬁur }ﬁn
— ialiy=0
Y =
An N fo
= FA.I; + (hk” Qm?) l:i_.r:r - "_:'ili}.l.ﬁn'
N An

We have a similar expression for ¥} .
It is easy to show that

-

Jﬁu = f,. (3.3)
Result (3.3) implies that the covariates associated with the missing responses provide no
additional imformation in estimating . However, those covariates contribute to the imputed
estimators Ji, and fiy, of p, and g, respectively.

We have

_ s 1 1y (
“A" B FB" 1"'1.'A.|r =1 4” 1""-'3;; Z{] - '”} ”? - An H\.IF} Jﬁn {34}

MNow, conditionally given {&, ..., 01, ... dn; X1, ..., Xy, We write

FARRNE (;;A +xIp, 6 [5,- +(1 —&;-}{QL + (x; __i-f,;ﬂ}"'sf;fg'l{xf x‘,;u,}}] )

An

under missing at random assumption. Further, conditionally

m?

cm{é*”ﬁ”}_u—afﬁ,-}cr-[ + (i — 35,780 (o — xi,,}]

Qﬁm
noting that
—C -
cot( ¥ 5. ) =0

and

con( Y1, ¥y, + (5= 35,)"B,) = 0 [ﬁ + (i — 55, S0 (i - {L,}]

Consequently, the conditional variance of Zr_lgré{ ' is given by

m

L (Z 5,.4},1) '8 ﬂl[ﬁfﬂl—ﬁff{g—m— f;,,}"'ﬁ‘_;_?"rx,-—.fﬁ,,}H
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A similar expression for the conditional variance of 3 /(1 — -f,-}Zﬁ] is obtained and the

conditional variance of ﬁ is S" g2, Now noting that the three components of Jiy, — fig, in (3.4)
are conditionally independent, we obtain the conditional variance of @}, — fig, as

V= Var(jia, — ig,)

1 3 * 1 s
= ¥ | Qo+ — 59 }[ + (i = F5,)T80 7 (o - x"-,,}]
N r'.r':-h;é,. 1 Oan A R
] ¥ » e | _(-
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4 1 1 . _
i + {"‘ ? — X r} Sm] { n — X ?
Onn QBM As B Xa B

- (1—@)&2&, ST @ - %)
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+(1 Q““’){ T — o) SU (Y, - aa,}}
Ny
=: g*’ (3.5)
noting that

5;'[’3.,:{.1[;' - X } Tl"] (x; } =

i g=
and

Z didi(x; — ‘B”}FS{HJ lf 'j—-‘_fgn}=ﬂ-

i Em0E=0
Thus, conditionally we have
Bire — i ~ N(pa — g, a30). (3.6)

If the responses are not missing, then & = 1 for i = 1,...,n, and (3.5) reduces to expression (4) of
Bandyopadhyay and Biswas (2001).
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At this stage, we assume that x;'s are independent and identically distributed as Np(pu,, X). Then,
conditionally, %> has the same distribution as

2 [ P! P
’ |i(QA.lr * Ql:hr) " ("ll"'rﬁi.n * "l""rl:l.lr) Q,, =p=1 L
QM 1 P
¥ (] Nm?) (Qﬁm An T Q,ﬂu;) Q,, o 1 WE

(-8 @) et

where 0, = 05, + Og, and W, W and W3 have an F-distribution with degrees of freedom p and
0, —p — 1. Note that (@, — p— 1)"'W; — 0 in probability as n — oo, i=1,2,3.

3.2 Unconditional allocation probability

Let y(n)= P, = 1) be the unconditional probability that the (m+ I)st patient will be
allocated to treatment A. Clearly,

win) = E{P({,,; = 1| data based on the first n patients)}
= ELL_._“.?I.E'_E
elo(S%)}
E |:ﬁ1{¢(w) ‘éh-' - &5”;‘5['\- s aa 'f.l;u Wl'u W}& W?}:|
E |:P(U - ﬁ;..lr ; ﬁ:’m)] s

where U follows a standard normal distribution. Thus, using (3.6), the unconditional probability
reduces to

il

Win)=E{ @ o o (3.7)

w2
T+ 02

It follows from (3.7) that y(n) = :l,-when Hy = pg. If treatment A is better than B, thatis u, > pp,
then the unconditional probability is skewed in favour of the better treatment, A.
MNow, following the proof of Theorem | of Bandvopadhyay and Biswas (2001), we get

)< ¢(! A - Hu)‘




b A Biswas, JN.K Rao { Statistics & Probability Letters 70 {2004) 59-70

and it is enough to study the imiting behaviour of {y(n), n=2m + 1} only at W = W2 = Wi =
0, i.e. to study the limiting behaviour of

Ha — Hp

v!;-' + 02 (g + )

The sequence {y* (1)} 1s non-decreasing and bounded, as in Bandyvopadhvay and Biswas (2001),
and hence the sequence converges to a number 7* in the interval (0, 1). Similar to Bandyopadhyay
and Biswas (2001), we can show that

x* = o(Mata)
T

W (n) = EX @

Further,
in probability, as n — oco.

4. Gain in precision

If we ignore the missing observations completely and proceed with the Q, = O, + O,
complete observations, we get the conditional variance of the estimator of u, — ug, the treatment
difference, as

. . 5] 1
Vﬂi‘{ﬂm VS -IHBJF} = J_{Qﬁu; QH-H |:“)!l..l:' "‘B.lr} '51”] l{ Xan — “B.lr}} (4]}

Mote that

5 5= = 5+ (1) oS-+ (1 2l -5

Hence,

1
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4

= (Th, — o) S‘fé?ﬂ"tf* :++( f”“) (& — 258 @, - 750
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Table 1

Exact expectations and standard deviations, 8D, of the proportion of allocation to treatment A, and standard
errors of the estimated treatment difference based on the imputed data. SE {3:}, and only on the available responses,
SE (4, T=2

4 E (Naw/v) SD (Nau/v) SE (4)) %100 SE (4,) =100 SE (1)
SE (4.}

Missing rype A

0 0. 5000 0.1405 0.825 0. 500 1.09
1 0.6327 0.1409 1.023 1.124 1.10
2 0.7674 0.1484 1.745 1.862 1.07
3 05294 0.1482 271 2838 1.05

Missing rype B

0 0. S0 0.1402 0872 1.016 1.16
1 0.6552 01406 1.143 1.294 1.13
2 0. To48 0.1412 1.872 2.082 108
3 08258 0.1403 2902 3.065 1.06

Missing type C

0 0. 5000 01412 0910 1. 106 121
1 0.6472 0.1411 1211 1. 40 1.16
2 07520 0.1430 1.924 2125 1.10
3 08282 0.1450 2057 3177 1.07
where

e

(] = %E){‘Bﬂ = ‘Hn} S*l-"i‘] l{ Xn — {ﬁw}
B

s M AT erfri—1 __ .

It follows from (3.5), (4.1) and (4.2) that we get benefit from the imputation in terms of
efficiency if R,=0. But it is difficult to determine R, for each n. We, therefore, conducted a
simulation study in Section 5 to evaluate the gain in efficiency due to imputation for missing
responses; see Table 1.

5. Simulation study

We conducted a small simulation study to evaluate the expected proportion of allocation to
treatment A and the power of a two-sided test of the null hypothesis 4 = juy — g = 0 after
completion of the experiment with v patients. The two-sided test is based on the imputed estimator
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Er = iy, — Hg,, and the conditional distribution of Er is given by (3.6) with n=v. We also
evaluated the standard error of 4.

We studied three missing tyvpes, denoted by A, B and C, under the missing at random
assumption, using a single covariate generated from N(2, 4). We followed Wang and Rao (2002)
to specify the missing types A, B and C.

Type A:Pi(x)=Pld=1|x) =08+ 02 x— 1|if|x — 1]= 1, and P|(x) = max{] — 0.05]x — 1],0)
otherwise.

Type B: PIix) = Pd=1|x) =09 —-02|x — 1] if |x — 1]=4.5, and P,(x) = 0 otherwise.

Type C: Pi{x) = P(6 = 1|x) = 0.6 for all x.

Mote that, EP(x) = 0.9, EP3(x) = 0.74 and EP1(x) == 0.6, Thus, missing type A has the lowest
missing rate and missing type C has the highest missing rate.

For each missing type, we generated R = 10, 000 simulated samples, each of size v = 40 from
model (2.1) with g =0, fi = 2, ¢ = 1 and specified u,, using the single covariate x ~ N(2, 4). We
used the probit link G(a) = ®{a/T) with T = 2 and initial complete sample of size 2m = 8. The
simulated samples were used to evaluate (i) the expected proportion of allocation to treatment A,
E(Na/v) = T4 and the standard deviation of Na,/v; (i) the standard error of tﬁf}‘e imputed
estimator A ; (iii} the power of the two-sided test: A = 0 versus A#0 based on A,. We also
calculated the standard error of the estimated treatment difference and the power of the two-sided

test based only on the observed responses. Tables 1 and 2 report the above values for sy, = 0, 1,2
and 3.

Table 2
Exact and approximate powers of the two-sided test based on the imputed data and only on the available responses:
=2

A4 Imputed data Available responses only Ratio of powers
(13/(3)

Exact power (1)  Approximate power (2)  Exact power (3)  Approximate power (4)

Missing rype A

0 0050 0.061 0.030 0.062 1.00
1 0.282 0.302 0.247 0.264 1.14
2 0.7 0825 0.759 0.783 1.05
i 0900 0.930 0.830 0.857 1.08

Missing type B

0 0.050 0.060 0.050 0.062 1.00
1 0221 0.245 0179 0.190 123
2 0683 0.701 0.662 0.641 1.10
i 0784 0.806 0.720 0.737 1.09
Missing type C

0 0.050 0.063 0.050 0.061 1.00
1 0.193 0212 0.130 0.157 148
2 0.6l6 0.633 0.351 0.568 1.18
i 072 0.742 0.672 0.689 1.08
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The limiting proportion n* = @{(u, — pg)/ T} for T =2 is given by t* =050 for 4 =0, n* =
069 for A=1,m =084 for 4 =2, and n* = 0.93 for 4 = 3. Comparing the n*-values with the
corresponding exact (simulated) values E(Na,/v) in Table 1, we see that the exact values are
always smaller than the comesponding limiting values. We also note that as A increases, the
expected proportion E(Na,/v), and the limiting proportion n*, of allocation to the better
treatment increases from =_l; Table 1 shows that the standard deviation of N4, /v is not dependent
on either A or the missing type, while the expected proportion, E(Na,/v), increases with A but is
not dependent on the missing type.

Turning to the standard error of .d SE[.»:I ) we see from Table 1 that SI:{:I } Increases with A
and the missing rate. Further, comparing SI:M ) to SE(4, ), the standard error of the estimator,
A,, based only on the available responses, we see that the imputed estimator d leads to significant
reduction in 5tdr1ddrd error, especially for higher missing rate and Hmdller A. For example,
SE[.»:I }fSEM y=1.16 for A = 1 and missing type C.

To calculate the exact power based on the |mputed estimator .d we first obtained the 5% level
cut-off point ¢}, from the null distribution of |4 | such lh,.-.!.l the proportion of |.d |- mlues
obtained from the 10,000 simulation runs, exceeding ¢ s equals 0.05. We then generated |.d |
from the alternative distributions specified by A, and computed the exact power as the proportion
of |.d |-values exceeding ¢ ,.. We also LdlLuldlﬁd the dppru:numdte power using the critical value
dy s based on the normal approximation, .dk ~ N(0,5*?), under the null hypothesis A = 0, using
a = | specified in the simulation model. In practice, o~ 15 estimated by the residual mean sum of
squares based on the @, observations with no missing responses. The normal approximation will
be valid if @, is sufficiently large. Otherwise a r-distribution with (v — p — 2) degrees of freedom
will work. For comparison, we also calculated the corresponding exact and approximate power
values using only the available responses. Table 2 reports the power values.

The use of 5 as the critical value leads to a slightly inflated size of the test. As a result, the
approximate power based on dj is also larger than the corresponding exact power. For larger
sample sizes, v, the use of normal approximation critical value dj;,; should be satisfactory. Note
that in practice ¢} 5 is not available. It is clear from Table 2 that the exact power increases with A
and it decreases as the missing rate increases. We compared the power based on the imputed data
with the corresponding power based only on the available data. The ratio of powers, Ei*ven in the
last column of Table 2, indicates that the test based on the imputed estimator A, leads to
significant increase in power for smaller A4 and larger missing rates. For example, the ratio is 1.23
for 4 = 1 and missing type B and 1.48 for 4 = 1 and missing type C.

All in all, our simulation study indicates that the use of imputed data can lead to significant
reduction in standard error of the estimated treatment difference and significant increase in
power.

6. Concluding remarks

The present paper has demonstrated that imputation for missing responses at each stage in
adaptive allocation designs can lead to significant gain in terms of standard error of estimated
treatment difference and power of two-sided test, relative to the method that uses only available
responses. We used a normal linear model in this paper. We propose to study linear models
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without the normality assumption by using empirical likelihood methods. We are also extending
the results to the case where auxiliary information on X in the form Eg(X) = 0 is available.
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