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Abstract

An adaptive allocation rule was previously proposed to build response-adaptive repeated measurement designs
that accommodate multiple objectives. Such designs are desirable because they increase both estimation precision
and treatment benefit by assigning more patients to a better treatment sequence, but it still leaves something to be
desired. In particular, the rule may not be practically useful because responses from all existing patients may not
become available by the time a new patient is enrolled for experimentation. In this paper, we extend the allocation
strategy from allocating a single patient at a time (one-step look ahead) to allocating several patients at a time
(multi-step look ahead). Through the simulations on two-treatment three-period designs, we demonstrate that,
with carefully chosen design parameters, adaptive designs are still more efficient than the fixed design ABB/BAA
in terms of the mean squared error, and at the same time they maintain well-balanced patient care, even when we
allocate two patients at a time. In addition, we observe that there is a curvature relationship between the design
efficacy and the sample size in the initial stage of a response-adaptive design.

Keywords: multi-step look ahead, response-adaptive design (RAD), repeated measurement design (RMD), multiple-
objective design, self and mixed carryover effects model, mean squared error (MSE)

1. Introduction

In repeated measurement designs (RMDs), two or more treatments are administered on the study subjects in one
of following two ways: 1) in a parallel design, the same treatment is repeatedly applied to a given subject over
different periods; 2) in a crossover design, different treatments are applied to a given subject over different periods.
In clinical trials, the use of RMDs is very popular for comparing the efficacy of several different treatments (Sindrup
et al., 1999; Bate & Jones, 2008). In recent years, there has been a growing interest in designing clinical trials by
utilizing past experiences to update the protocols of the trials continuously based on available evidence, such as
response-adaptive designs (RADs) (Hu & Rosenberger, 2006).

RADs have conventionally been designed to achieve a single objective, for example, obtaining a precise estimate
of a treatment effect (Kushner, 2003), minimizing the number of subjects required for a study (Armitage, 1975),
or skewing allocations toward beneficial treatments (Zelen, 1969; Wei & Durham, 1978; Durham & Yu, 1990;
Rosenberger et al., 2001; Flournoy et al., 2010). To date, more research has been done to conduct multiple objec-
tive designs (Cook & Wong, 1994; Clyde & Chaloner, 1996; Antognini & Giovagnoli, 2010). More recently, we
proposed an adaptive allocation strategy to construct multiple-objective RADs, that increase both estimation pre-
cision and treatment benefit for trials with continuous outcomes (Liang & Carriere, 2009). Subsequently, we also
provided a unified strategy to construct multiple-objective designs for both continuous and dichotomous outcomes
(Carriere & Liang, 2010).

In a RAD, the treatment assignment for a new patient depends on the cumulative experiences from all previous
patients. In other words, we predict an optimal allocation strategy for an incoming new patient based on all
available data (one-step look ahead). However, all outcomes from existing patients may not become available as
soon as a new patient enters the study. A straightforward solution to this problem is to predict an allocation strategy
for multiple future patients (multi-step look ahead). In this paper, we extend the current multiple-objective adaptive
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allocation strategy from allocating a single patient at a time (Liang & Carriere, 2009) to allocating multiple patients
at a time (multi-step look ahead). In the simulation studies, we focus on two-treatment three-period designs
allocating one or two patients at a time, and we compare the two adaptive allocation strategies with two fixed
optimal designs under various parameter settings and explore the effect of the sample size in the initial stage of a
RAD on design efficacy.

This paper is organized as follows. Section 2 reviews and extend the general allocation strategy for building
multiple-objective RADs to assign several patients at a time. Section 3 describes the methodology details of
the allocation strategy for clinical trials with continuous outcomes under the self and mixed carryover effects
model with random subject effects. Section 4 presents the properties of the two-treatment three-period RADs via
simulations and compares them with optimal fixed designs. Finally, we present our conclusions and suggestions
for further research.

2. Multi-Step Look Ahead Allocation Strategy

An adaptive allocation strategy in RMDs can accommodate multiple-objectives, to increase both estimation pre-
cision and treatment benefit (Liang & Carriere, 2009). To construct RADs accommodating two objectives, we
pre-specify the total number of subjects needed (V) and the percentage weight given to the primary objective (1),
and then (1 — A) is the percentage weight given to a secondary objective. For example, the first objective may be
to maximize the information matrix, and the second objective may be to increase favorable treatment experiences
in the study. Depending on the nature of the trials, one can use different objectives. In principle, the usual optimal
design construction methods are advocated (Laska et al., 1983; Kershner, 1986; Kushner, 2003; Atkinson, et al.,
2007) to adaptively determine the treatment sequence for a future patient (Liang & Carriere, 2009). In addition,
this adaptive approach is applicable to both discrete and continuous responses, under suitable model assumptions
(Carriere & Liang, 2010).

In this paper, we extend this adaptive allocation rule to assign several patients at a time as follows.

Step 1: Choose a desired evaluation function g (Liang & Carriere, 2009). Without loss of generality, we assume
that a higher value of g indicates a better treatment sequence from this point forward. Then, randomly assign the
first m (m < N) patients to all possible treatments or treatment sequences.

Step 2: Assume that a cohort of (¢ + 1) new patients (¢ > 0) are enrolled, denoted as the " the (I + )", ..., and
the (I + q)’h patients (m + 1 < [ < N — g), and they will be treated by treatment sequence k;, ki1, ... , and kj,,
respectively. Let K = (k;, kj41, ..., ki), where the domain of K is all possible combinations of (¢ + 1) treatment
sequences. Note that k;, k.1, ... , and k., can be identical. For each treatment sequence combination K, calculate
the estimated information matrix for the first (/ + g) patients, Al’iq, based on the first (I — 1) patients’ responses
and the assumption that the cohort of the new patients will receive the treatment sequence k;, k41, ... , and kg,

respectively, and compute the evaluation function for each new patient given a particular treatment sequence (i.e.
8-k 8l-Lkyy» -+ > and g-14,,)-

Step 3: Choose a treatment sequence combination K* = (k7 ki ys s

combinations for the I, (I+ 1) , ..., (I+ q)" patients, where s = " is the number of possible treatment sequences
in a t-treatment p-period RMD, in such a way that

kl*+q) from the s7*! possible treatment sequence

Al + q,K*) = maxgega- Al + q, K) (D
where .
O(AK ) PIF IS
Al +q.K) = A—=e + (1 = D
0(A;,) 258 -1k

Equation (1) is our selection criterion, which is designed to achieve two objectives, balancing between estimation
precision and overall treatment benefit at the current stage. We choose the criterion in such a way that the first
part aims to favor a treatment sequence combination that maximizes the information matrix, A[’i , measured by
an optimality criterion @(-), which could be the determinant (D-optimality), the trace (A-optimality), or the max-
imum eigenvalue (E-optimality) of the information matrix. The second part aims to choose a treatment sequence
combination that gives the best performance based on the pre-specified evaluation function g. At each stage, one

treatment sequence combination K° = (k7, k;’+l, e k;’+q) maximizes the optimality criterion, ©(-), and possibly an-

other treatment sequence combination K% = (k' k} |, ..., kﬁrq) has the highest value on the evaluation function.
Prior to the experiment, investigators can choose a parameter A € [0, 1] to weight and balance the two objectives.

187



www.ccsenet.org/ijsp International Journal of Statistics and Probability Vol. 1, No. 2; 2012

Similar to the allocation rule for assigning one patient at a time (¢ = 0), we have the traditional RAD problem
when A = 1 (Kushner, 2003). When A = 0, the overall treatment benefit of a treatment sequence evaluated by the
pre-specified evaluation function is the only concern. The choice is often driven by what the investigators want
to emphasize. In situations where more than one treatment sequence combination achieve the highest score based
on the selection criterion, we can randomly assign the patients to one of them. An example of computing the

information matrix, Al’iq, is provided in Section 3. D-optimality is used in the simulations (Section 4).

Step 4: Repeat steps 2 to 3 until all N patients have been allocated.
3. Application to Repeated Measurement Designs
3.1 The Design Model

It is well known that optimal designs are highly dependent on the chosen design model for the experiment. In
general, models for #-treatment p-period RMDs have included effects for an overall mean, periods, direct treatments
and carryovers. For carryover effects, much work has assumed simple first-order carryover effects (Hedayat &
Afsarinejad, 1978; Carriere, 1994). More recently, another form of carryover effects model was proposed that
allowed two different types of carryover effects from each treatment: 1) a self carryover effect which occurs when
one treatment is followed by itself, and 2) a mixed carryover effect which occurs when one treatment is followed
by another different treatment (Afsarinejad & Hedayat, 2002). We extended Afsarinejad and Hedayat’s design
model by including random subject effects (Liang & Carriere, 2009), which is the model we consider in this paper.
In general, the model is written as:

Yijk = p+ 7+ Taig + (U= 0ij)Vadi-1.j + 0ijkPai-1. + ik + Eijic 2

where y;j denotes the response variable for the j’h subject given treatment sequence k in period i, i = 1,2, ..., p,
Jj=1,2,. Ny, k=1,2,..,5, pis the number of periods, Ny is the number of subjects given treatment sequence
k, and s = t” is the number of available treatment sequences in a t-treatment p-period RMD. The u, 7;, €5, and
&;jx are the overall mean, period, random subject, and random measurement error effects, respectively. Denoting
dili, j] as the treatment used for subject j given treatment sequence k in period i, we have 74,; ;; is the (direct)
treatment effect of a treatment di[i, j]. In model (2), the y4,ji-1,;; and @q,ji-1,j; represent mixed and self carryover
effects, respectively, of a treatment di[i — 1, j] given in the period (i — 1) into the next period for subject j given
treatment sequence k. The 0;j is an indicator variable, taking 1 if di[i, j1 = di[i — 1, j] and O otherwise. Let
Ya, 0,71 = Pai0,; = 0. Assume that £, and &;j; are mutually independent random effects with mean 0 and variance
a'é% and o2, respectively.

3.2 Computing Information Matrix Adaptively for Two-treatment Three-period Designs

In the selection criterion in Section 2, we need to compute the information matrix and the evaluation functions
based on the first (I — 1) patients by the time a cohort of (¢ + 1) new patients enters the study to be allocated. In
this section, we demonstrate how to compute the information matrix for a two-treatment three-period design. Let
us consider a matrix representation of model (2)

E[Y ] =Xy 3)

where Y ji = (V1 jks Y2jks -+ Ypjk)| 18 @ p X 1 vector of observations from subject j in treatment sequence k, 3 is the
column vector of unknown parameters, and X is the design matrix for treatment sequence k. In a two-treatment
three-period design, there are eight possible treatment sequences (s = 8): AAA, AAB, ABA, ABB, BBB, BBA, BAB,
and BAA, and 8 = (u, 1, 13, 7, Y, go)T, where 7, and 713 are dummy variables for the second- and third-period effects,
respectively, and 7 = (4 — 75)/2, ¥ = (ya — yB)/2, and ¢ = (pa — ¢p)/2 are the contrasts for direct treatment
effects, mixed carryover effects, and self carryover effects, respectively. For example, the design matrix X for a
given treatment sequence k = ABB is defined as

100 1 0 0
Xus=|1 10 -1 1 0
101 -1 0 -1

The observed information matrix given the data from the first (/ — 1) patients, H,_;, is obtained as,

Al_] = Z NkX]{C;_IIXk “4)

kEH[,]
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where C,_, is the estimated variance-covariance matrix for the response vector Y jk» N is the number of patients
given treatment sequence k, and the summation is over all treatment sequences used among the first (/- 1) patients.
Under the equi-correlated covariance assumption, the variance-covariance matrix can be estimated as

Cri= O-sl ip) +0'fl ll[P]I[p] %)

where 62 o and 0'61 | are the restricted maximum likelihood estimates for o2 o and o-f 1 respectively, and I,
is a p X p identity matrix, and 1p,; is a p X 1 vector of ones (Lalrd & Ware 1982) The allocation history and the

responses from the first (/ — 1) patients are used to estimate & o1 and & o"f 1

The estimated information matrix, given the history H;_; and the assumption that the cohort of the (¢ + 1) new
patients will receive the treatment sequence combination K = (k;, k41, ..., ki44), becomes

I+q
A=A+ Y XEC Xy 6)

=
where the unknown parameters in Equation (6) can be estimated using Equations (4) and (5).
4. Numerical Examples

In this section, we illustrate our allocation strategy to construct RMDs for comparing two treatments under the
design model (2). The parameter of interest is the direct treatment effect contrast, 7 = (14 — 7p)/2. Researchers
have shown that, for fixed dual-balanced two-treatment two-period RMDs under the design model that allows
for two different types of carryover effects from each treatment, the best linear unbiased estimator of the direct
treatment effect contrast is obtained using the data in the first period only (Afsarinejad & Hedayat, 2002; Liang &
Carriere, 2010). In addition, we have previously shown that, adaptive allocation strategies can result in unbalanced
two-treatment two-period designs and utilize the data from both periods to estimate the direct treatment effect
contrast, hence clearly improve the design efficiency (Liang & Carriere, 2009). Therefore, in the paper, we focus
on the next simplest type of RMDs, that is, the two-treatment three-period RMDs.

4.1 The Simulated Settings

Assume that, at the initial stage, m patients are equally assigned to 8 treatment sequences. Let m (sample size in
the initial stage) be 8, 16, 24 and 32, respectively, a-? =2, a'g = 1, and g = 100. To be comparable with the
previous study (Liang & Carriere, 2009), we define the evaluation function for a given treatment sequence as the
summation of all responses from this treatment sequence divided by the number of patients given this treatment
sequence; and we assume that a higher value indicates a better treatment sequence. In addition, we consider two
sets of parameters: 1) 1, = 13 = 7 = ¥ = ¢ = 0 (absence of treatment difference); and 2) 1, = 13 = 7= ¢ = 2.5,
y = —2.5 (presence of treatment difference). For example, 7 = 2.5 simulates that the treatment A is better than B
by 5 units.

The expected outcome for each treatment sequence based on the parameter values used for simulation is sum-
marized in Table 1. When treatment differences are present as described in Table 1, the expected outcome from
each treatment sequence in decreasing order is AAA, BAA, AAB/ABA, BAB/BBA, ABB and BBB. That is, treatment
sequence AAA is the best of these eight possible treatment sequences, while BBB is the worst. The overall perfor-
mance of the treatment sequences AAB and ABA is indistinguishable; and similarly, the overall performance of the
treatment sequences BAB and BBA is indistinguishable.

To assess the efficiency of a design for estimating 7, a mean squared error (MSE) for 7 is computed as MSE =
E(% — 1), where 7 is an estimate of 7. In simulation studies, we estimate MSE by

Tp (0P 1)

MSE =
B

where 7 is a maximum likelihood estimator of 7 obtained in the " simulation run for the total B number of
simulations.

Denote MS E; as the MSE for a proposed adaptive design and MS Ej as the MSE for a reference design. The rela-
tive efficiency (RE) of the adaptive design compared with the reference design is defined as RE = MSEy/MSE,.
When RE = a > 1, the adaptive design is (a—1)x100% more efficient than the reference design. WhenRE =a < 1,
the adaptive design is only a X 100% as efficient as the reference design.
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We consider 4 (weight between the two objectives) of 1, 0.9, 0.5, 0.7, 0.3, and 0, and N (total sample size) of
40, 80, and 100. We examine two adaptive allocation rules: assigning one patient at a time (one-step look ahead,
q = 0) and assigning two patients at a time (two-step look ahead, g = 1) as described in Section 2. To smooth out
the randomness, we report the average allocation results to treatment sequences from 5,000 repetitions. In addition,
we compare the adaptive designs with fixed optimal designs ABB/BAA (Laska et al., 1983; Kershner, 1986) and
ABA/BAB (Hedayat & Stufken, 2003; Liang & Carriere, 2009; Liang & Carriere, 2010). The computations were
done in R version 2.10.1 (The R Foundation for Statistical Computing, Vienna, Austria, 2009). Due to space limit,
the results are presented in details in Tables 2 and 3 for A = 1, 0.5 and 0, N = 40 and 100, and m = 8§, 16, and 32.
The allocation pattern for other parameter settings of A, m and N is similar and the detailed simulation results are
available upon request.

4.2 Absence of Treatment Difference

When my = 13 = 7 =y = ¢ = 0, there is no treatment advantage. When A = 0, Table 2 shows that adaptive designs
assign an approximately equal number of subjects to each of the eight treatment sequences for all m values under
both one- and two-step look ahead strategies. When A = 1, adaptive designs assign an approximately equal number
of subjects to a dual block (a treatment sequence and its dual with treatments in a reverse order), and more subjects
are assigned to ABB and its dual. However, adaptive designs use six of the eight sequences rather uniformly.

Estimation of each design parameter with its standard error (data not shown) indicates that the estimated values
are unbiased and very close to the true values of the parameters in all cases for both one- and two-step look ahead
strategies. For a fixed value of N and m, the standard errors decrease as A increases. This happens because, as 4
increases, we give more emphasis to the precision of the estimators than to the ethnical criteria. For a fixed value
of N and A, the standard errors increase and then decrease as m increases. This reveals a nonlinear relationship
between the sample size at the initial stage and the standard errors in estimating the parameters of interest.

m=38 m= 16 m= 24 m= 32

Relative Efficiency
Relative Efficiency
Relative Efficiency
Relative Efficiency

Relative Efficiency
Relative Efficiency
Relative Efficiency
Relative Efficiency

40 50 60 70 80 90 100 40 50 60 70 80 90 100 40 50 B0 TO 80 90 100 40 50 60 70 80 90 100

Sample Size Samgle Size Sample Size Sample Size

—&—  |ambda=0 o lambda=0.5 lambda=0.9 ABA/BAB
---#5--- |lambda=0.3 —=¥-— lambda=0.7 —%——  lambda=1 all 8 treatment sequences

Figure 1. Relative efficiency for when there are no treatment differences

Top row: one-step look ahead (¢ = 0);
Bottom row: two-step look ahead (g = 1);

The reference design is ABB/BAA. Relative efficiencies are calculated by using 5,000 computer replications with
Ty = 73 :szzgo:O,o"?:Z,o%: 1, and u = 100.
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The left panel in Table 4 summarizes the empirical coverage probabilities of 95% confidence intervals (Cls) for
7 = 0 based on the 5,000 simulations under various adaptive designs and the width of each CI. When 4 = 0 and
m > 8§, the estimate of 7 is more precise (narrower CI) but less accurate (lower coverage) as N increases from
40 to 100. This is because, compared to N = 40, the allocation distribution is less uniform for N = 100 (Table
2). However, when A = 1, both precision and accuracy (coverage) improve as N increases. When A is 0.7 or
less, adaptive designs with m > 8 have a low coverage of about 90% even when sample size is 100. However,
in the special case when m = N (not shown), where the adaptive design becomes the fixed design using all 8
treatment sequences equally often, the coverage probabilities quickly improve with increasing sample sizes. This
indicates the coverage probability decreases with A as expected, but it first decreases and then bounces back when
m increases. The non-linear relationship between the initial sample size m and the design efficiency is also evident
in Figure 1. For estimating the direct treatment contrast, the design using ABA and BAB is the best because it
is the optimal design under Model (2) (Hedayat & Stufken, 2003; Liang & Carriere, 2009; Liang & Carriere,
2010). RADs with m = 8 and large A are almost as efficient as the optimal design ABA/BAB. Design efficiency first
decreases, but it bounces back when m approaches to N (fixed design with all 8 treatment sequences). In addition,
Figure 1 shows that RADs are more efficient than the fixed design ABB/BAA for large A under both one-step and
two-step look ahead strategies. Overall, there is no discernable disadvantage or loss for allocating more than one
patient at a time.

4.3 Presence of Treatment Difference

When treatment differences are present, the expected performance of each treatment sequence, in decreasing order,
is AAA, BAA, equivalently AAB and ABA, equivalently BAB and BBA, ABB, and BBB (Table 1). Table 3 shows that,
when A = 1, adaptive designs assign an approximately equal number of subjects to a dual block, and more subjects
are given to ABB and its dual. However, as 4 < 1 and decreases, adaptive designs assign more subjects to the
best treatment sequence AAA and fewer subjects to the worst treatment sequence BBB. This is consistent with
the parameter setting (Table 1). The allocation is rapidly skewed as A decreases especially for small m. When
treatment differences are present, the impact of using small A is evident. If the emphasis is placed on increasing
the treatment benefit (1 = 0), Design AAA is optimal, followed by BAA. Again allocating two patients at a time
does not leave any appreciable impact.

m=8 m=16 m= 24 m= 32

Relative Efficiency
Relative Efficiency
k3
i
i
|
i
x
Relative Efficiency
i
i
|
|
Relative Efficiency

S
e
i

Relative Efficiency
Relative Efficiency
Relative Efficiency
Relative Efficiency

40 50 60 70 80 90 100 40 50 60 70 80 90 100 40 50 60 70 80 90 100 40 50 60 70O B0 90 100

Sample Size Sample Size Sample Size Sample Size
—=— lambda=0 - lambda=0.5 lambda=0.9 ABA/BAB
---f---  lambda=0.3 Eanm lambda=0.7 —%-—  lambda=1 all 8 treatment sequences

Figure 2. Relative efficiency for when there are treatment differences
Top row: one-step look ahead (g = 0);

Bottom row: two-step look ahead (¢ = 1);
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The reference design is ABB/BAA. Relative efficiencies are calculated by using 5,000 computer replications with
M =m=T=¢@=25y= —2.5,0’2 =2,0'§ =1, and u = 100.

Table 1. Expected outcome for each treatment sequence based on the values used for simulations in a two-treatment
three-period design

Scenario Parameter Treatment Expected Sum of Expected
settings Sequence Outcomes Outcomes
Absence of Treatment Difference 1 All (100, 100, 100)” 300
AAA (102.5,107.5,107.5)7 317.5
AAB (102.5,107.5,97.5)7 307.5
ABA (102.5,97.5,107.5)" 307.5
Presence of Treatment Difference I ABB (102.5,97.5,97.5)" 297.5
BBB (97.5,97.5,97.5)T 292.5
BBA (97.5,97.5,107.5)7 302.5
BAB (97.5,107.5,97.5)T 302.5
BAA (97.5,107.5,107.5)7 312.5

Note: Parameter setting : 1y = 13 = 7 =7y = ¢ =0, a’? =2, a'g = 1, and g = 100. Parameter setting II:
M =m3=T7=¢=257y=-25, 0'2 =2, oﬁ =1, and u = 100. Entries are the expected mean vectors Y j and the
summation of responses computed from model (2) under the respective parameters settings.

Similar to the case when the treatment difference is absent, the estimation of each design parameter is very close
to the true value and the same pattern in the change of the standard errors is observed as N, m, and A vary (data not
shown). The coverage probability is low when A is 0.7 or less, and it decreases and then increases as m increases
(Table 4). When A = 0 and m > 8§, the estimate of 7 is more precise but less accurate as N increases from 40 to 100.
This is because, compared to N=40, the allocation distribution is more skewed for N=100 (Table 3). However,
when A = 1, both precision and accuracy improve as N increases. Figure 2 illustrates that adaptive designs with
a large value of A are nearly as efficient as the fixed optimal design ABA/BAB, while also taking the treatment
performance into consideration. In general, a RAD with a large A and m = 8 has no real consequences to the
design efficiency, especially when the sample size is large. Use of A = 0 has low efficiency relative to the reference
design ABB/BAA, as N increases. Design efficiency first decreases as m increases but it bounces back when m
approaches to N. Again, there is no discernable disadvantage or loss for allocating two patients at a time.
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Table 2. Estimated number of patients receiving each treatment sequence using adaptive two-treatment three-period
designs when there are no treatment differences

N =40 A m  Napaa  Naap  Naps  Napg  Npgp  Nppa  Npap  Npaa

One-step look ahead 0 8 498 501 504 503 506 5.03 4.8 5.05
16 485 508 504 503 494 503 5.03 5

32 5 5.02 5 499 504 494 504 496

05 8 191 503 611 695 195 501 6.02 7.02

16 2 219 919  6.77 2 219 921 646

32 402 432 609 555 401 431 6.16 554

1 8 101 599 597 703 101 599 597 7.03

16 211 491 579 7.2 2.1 491 579 7.2
32 4 4 6 6 4 4 6 6

Two-step look ahead 0 8 487 487 506 5.04 5.1 506 496 5.04

16 506 513 503 483 507 503 493 4091

32 501 501 493 504 494 504 502 501

05 8 134 556 603 708 135 556 601 7.09

16 2 2.01 9.2 6.78 2 201 9.16 6.84

32 4 403 645 554 4 403 633 562

1 8 1 6 5.97 7.03 1 6 5.97 7.03
16 2.06 4.96 5.72 7.27 2.06 4.96 5.72 7.27
32 4 4 6 6 4 4 6 6
N =100 A m  Naaa  Naap  Napa Napg  Npsp Nppa Npap  Npaa

One-step look ahead 0 8§ 1222 1268 12.61 1295 11.89 13.01 12.15 1249
16 1245 131 1272 1237 1245 12.1 1238 1243

321284 12,16 1251 1212 1215 126 13.11 1251

05 8 47 13.08 14.83 1739 455 13.17 15.02 17.25

16 203 282 2774 17.19 203 272 2695 1851

32 414 664 2165 16.61 4.16 6.86 2258 17.37

1 8§ 101 1645 1461 1793 1.01 1645 1462 1793

16 2.1 15.57 1432 18.01 2.1 15.56 1432 18.01

32 409 1383 1376 1832 4.09 13.83 13.76 18.32

Two-step look ahead 0 8§ 1229 11.62 13.09 1235 12.82 1247 12.61 1274
16 1272 12.13 1223 11.59 1274 12.57 1344 12.58

32 1211 1257 12,66 1296 1224 1239 1246 12.61

05 8 299 1463 1474 17.64 293 14.69 1487 1751

16 201 203 2705 189 2 203 27.08 1891

32 4 433 21.11 204 4 431 21.76  20.09

1 8 1 16.38 14.63 18 1 16.38 14.63 18

16 205 1559 1429 18.06 2.05 1559 1429 18.07

32 406 139 13.67 1838 4.06 139 13.67 18.38

Note: Entries are based on 5,000 computer replications when there are no treatment differences, i.e. m, =13 = 7 =
y=¢=0,02=202=1,andu = 100.
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Table 3. Estimated number of patients receiving each treatment sequence using adaptive two-treatment three-period
designs when there are treatment differences

N =40 A m  Naaa  Naap  Napa  Napg Npsp Nppa  Npap  Npaa
One-step look ahead 0 8 2954 1.15 1.13 1 1 1.01 1.01 4.15
16 1953 2.83 2.79 2 2 2.07 2.06 6.73

32 9.81 4.24 4.29 4 4 4.03 4.03 5.6

05 8 3.6 6.92  9.11 2.02

—_—
—_—

2,18 211 1296

16 232 2.14 8.61 2.03 2 2 333 17.56

32 5.1 4.21 5.65 4.02 4 4.02 4.26 8.74

1 8 1.01 5.99 5.97 7.03 1.01 5.99 5.97 7.03

16 2.11 4.9 5.79 7.2 2.11 4.9 5.79 7.19

32 4 4 6 6 4 4 6 6

Two-step look ahead 0 8 29.23 1.23 1.21 1 1 1.02 1.02 4.29
16 19.59 2.8 2.82 2 2 2.07 2.1 6.62

32 9.84 4.3 4.27 4 4 4.02 4.02 5.54
05 8 1.53 7.67 8.75 3.14 1.15 3.57 286 1133
16 2.01 2 11.75 2.21 2 2 2.75 15.28

32 4.03 4.04 6.41 4.02 4 4 4.3 9.2

1 8 1 6 5.97 7.03 1 6 5.96 7.04

16  2.05 4.97 5.73 7.25 2.05 4.97 5.73 7.25

32 4 4 5.99 6.01 4 4 5.99 6.01

N =100 A m  Ngaa Naap Napa Napg Nppe Nppa Npap  Npaa
One-step look ahead 0 8 8496 1.16 1.16 1 1 1.01 1.01 8.69
16 63.56 4.97 4.77 2 2 2.15 229 18.26
32 5448 599 6.24 4 4 4.18 4.15 18.17
05 8 264 12.03 18.67 2.13 1.12 2.55 242  34.69
16 343 262 25.08 2.1 2 2.02 632 5643
32 1341 5.67 18.2 4.11 4 4.12 6.37 44.12

1 8 1.01 1645 14.61 1793 1.01 1645 14.61 1793
16 209 1556 1433 18.01 2.1 1556 1433 18.01
32 409 1384 1374 1834 4.09 1384 13774 18.33
Two-step look ahead 0 8 849 1.2 1.21 1 1 1.01 1.01 8.66
16 6381 477 482 203 2 229 225 18.03
32 5387 6.14 626 4.01 4 441 424 17.07
05 8 882 1931 2324 349 126 514 34 3533
16 206 202 362 269 2 201  4.65 4836
32 429 417 13.01 4.05 4 4 5.19  61.28

1 8 1 16.38  14.62 18 1 16.38 14.62 18
16 206 1558 143 18.06 2.06 1558 1429 18.07
32 406 13.89 13.67 1838 4.06 13.89 13.67 18.38

Note: Entries are based on 5,000 computer replications where there are treatment differences with 1, = 713 = 7 =
p=25v=-25, 0'? =2, a’ﬁ =1, and u = 100.
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Table 4. Coverage probability of 95% confidence intervals for 7 and its width

Design Absence of Treatment Difference Presence of Treatment Difference
A m N =40 N =280 N =100 N =40 N =280 N =100
One-step look ahead 0 8 094(1.00) 0.94(0.87) 0.94(0.84) 0.95(1.31) 0.95(1.28) 0.95(1.27)

16 09(1.08) 0.88(0.94) 0.86(0.92) 0.9(1.08) 0.85(0.95) 0.84(0.93)

24 0.92(1.02) 0.89(0.84) 0.87(0.81) 0.92(1.02) 0.88(0.84) 0.87 (0.81)

32 0.92(0.89) 0.91(0.79) 0.9(0.75) 0.92(0.89) 0.9(0.79) 0.88 (0.75)

0.5 8  0.95(0.76) 0.95(0.54) 0.95(0.48) 0.94(0.76) 0.95(0.54) 0.95 (0.49)
16 0.92(1.07) 0.9(0.93) 0.89(0.90) 0.92(1.07) 0.9(0.93) 0.89(0.91)

24 0.93(1.02) 0.9(0.84) 0.89(0.80) 0.93(1.02) 0.9(0.84) 0.89 (0.80)

32 0.93(0.88) 0.92(0.79) 0.91(0.75) 0.93(0.88) 0.92(0.79) 0.91 (0.75)

1 8  0.95(0.76) 0.95(0.53) 0.95(0.48) 0.94(0.76) 0.95(0.53) 0.95 (0.48)
16 0.94(0.89) 0.94(0.58) 0.95(0.51) 0.94(0.89) 0.95(0.58) 0.95(0.51)

24 0.93(0.96) 0.94(0.62) 0.95(0.54) 0.94(0.96) 0.94(0.62) 0.94 (0.54)

32 0.94(0.87) 0.94(0.65 0.94(0.57) 0.94(0.87) 0.94(0.65) 0.95(0.57)
Two-step look ahead 0 8 0.94(097) 094(0.83) 0.94(0.79) 0094(1.30) 0.95(1.26) 0.94 (1.26)
16  0.91(1.08) 0.87(0.95) 0.86(0.92) 0.89(1.09) 0.85(0.95) 0.86(0.93)

24 0.92(1.02) 0.89(0.84) 0.88(0.80) 0.92(1.03) 0.88(0.85) 0.86(0.81)

32 0.93(0.88) 0.91(0.80) 0.9(0.75) 0.93(0.89) 0.89(0.80) 0.89 (0.75)

0.5 8  0.95(0.77) 0.95(0.54) 0.95(0.48) 0.95(0.77) 0.95(0.54) 0.96 (0.48)
16 0.94(0.90) 0.94(0.60) 0.93(0.53) 0.94(0.91) 0.94(0.61) 0.93(0.54)

24 0.94(0.96) 0.93(0.68) 0.92(0.62) 0.94(0.98) 0.92(0.77) 0.91(0.73)

32 0.93(0.88) 0.93(0.73) 0.92(0.67) 0.94(0.87) 0.93(0.76) 0.92(0.72)

1 8 0.94(0.76) 0.95(0.54) 0.94(0.48) 0.94(0.77) 0.95(0.54) 0.95 (0.48)
16 0.94(0.90) 0.95(0.59) 0.95(0.52) 0.94(0.90) 0.94(0.59) 0.94(0.52)

24 0.94(0.96) 0.94(0.63) 0.94(0.55) 0.94(0.96) 0.94(0.63) 0.94 (0.55)

32 0.93(0.87) 0.95(0.66) 0.94(0.57) 0.94(0.87) 0.94(0.66) 0.94(0.57)

Entries are coverage probability (width) based on 5,000 computer replications under two-treatment three-period
repeated measurement designs with 1, = 13 = 7 = y = ¢ = 0 (treatment difference is absent) and 1, = 713 = 7 =
¢ =25,y = -2.5 (treatment difference is present), o-é =2,02 =1,and u = 100.

For fixed designs ABA/BAB and ABB/BAA, the coverage probability of 95% confidence intervals for 7 is 0.95 for
n=40, 80 and 100.

5. Concluding Remarks

In this paper, we propose a new adaptive allocation strategy to assign multiple patients at a time. We provide a
detailed allocation rule for constructing practically useful RMDs adaptively for two-treatment three-period trials
using both one-step and two-step look ahead strategies under a mixed and self carryover effects model with random
subject effects. We demonstrate that, on average, there is no discernable disadvantage or loss for allocating two
patients at a time compared with allocating one patient at a time. Although the adaptive designs sometimes may
not be as efficient as the fixed designs in terms of the mean squared error, as expected, they successfully allocate
more patients to better treatment sequences, no doubt the best strategy depending upon the study goals.

The investigator can determine the value of A to balance the two objectives of increasing estimation precision and
decreasing the chance of assigning patients to inferior treatment sequences. Our simulated experiments show that
the design with a high value of A can result in allocating more patients to effective treatment sequences without
much loss of estimation precision, no matter one-step or two-step look ahead allocation strategy is applied. We
do not observe any discernable loss to the value of RADs for allocating two patients at a time. There is virtually
no impact to the estimation results and the coverage probability. Further study is needed to examine the impact of
allocating more than two patients at a time or under other design models.

It is interesting to observe the non-linear relationship between the initial sample size, m, and the design efficiency.
The design efficiency and the coverage probability are the best when m is at a smallest possible, in our case m = 8.
They decrease as m increases but it slowly bounces back when m approaches to the total sample size. In summary,
based on our simulation, we suggest that one could utilize a two-treatment three-period RAD with 8 patients in
the initial stage for the best results in design efficiency and the coverage probability. Further research is needed
to confirm these findings and to determine the optimal initial sample size and the number of maximum patients to
allocate at a time to further improve efficacy and practicability of RADs.
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