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Abstract

A brief review of biased coin designs is presented. Some
asymptotic properties of the adaptive biased coin designs of Wei
(1978) and Eisele (1994) are given. Applications of biased coin
designs to estimation and testing problems are also given.

1. Introduction: biased coin designs. In designing a clinical
trial, the method of treatment allocation is a primary consideration.
Because patients arrive sequentially from a population that may be
very heterogeneous it is only in completion of the study that the char-
acteristics of the patient population are known. In addition, the size of
the study cannot be determined in advance. Because of this, much of
the traditional experimental design methodology is inapplicable. Ran-
domization has been used in treatment allocation due to the following
advantages. First, it minimizes the possibility of selection bias which
may occur if the experimenter is aware of which treatment the next
patient will receive. A second advantage is freedom from accidental
bias which could result, for example, if time trends are present in the
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data. Finally, randomization can serve as a basis for inference. For a
more detailed discussion of these advantages see Efron (1971). Another
possible method for treatment allocation is the deterministic design
ABABAB..., where ‘A’ and ‘B’ are two treatment groups. This design
results in perfect balance but maximizes the possibility of selection bias.

In small sized experiments or interim analyses the use of complete
randomization might result in a severe imbalance in treatment alloca-
tions. In fact, Pocock (1979) recommends using complete randomiza-
tion only in trials with over 200 patients. Because of this, restricted
randomization allocation schemes have been proposed which offer a
compromise between complete randomization and the perfect balance
guaranteed by a deterministic design. In this paper, the restricted ran-
domization designs of Efron (1971), Wei (1978), and Eisele (1994) will
be discussed. More detailed reviews of treatment allocation methods
can be found in Pocock (1979), Simon (1979), and Kalish and Begg
(1985). For a discussion of randomized clinical trials see Royall (1991).

In Section 2, the biased coin designs of Efron, Wei, and Eisele are
presented. Some asymptotic properties of the Wei and Eisele coins are
given in Section 3. Applications to estimation and testing problems are
presented in Section 4.

2. Biased coin designs.

2.1. Efron’s biased coin design. Efron (1971) introduced the biased
coin design, BCD(n), to force an experiment to be balanced yet retain
some randomization. The BCD(7) can be described as follows: Suppose
that after (k > 1)patient assignments there are my patients assigned to
treatment A and ny patients assigned to treatment B. Let Sy = my—mny.
If Sy = 0, assign the next patient to treatment A with probability 1/2; if
Sk < 0, assign the patient to treatment A with probability #; if Sx > 0,
assign the patient to treatment A with probability 1 —n, n > 1/2. A
criticism is that this design does not discriminate between large and
small differences in treatment assignments or between large and small
sized experiments. Pocock (1979) discusses guidelines for the selection
of n.

2.2. Wei’s adaptive biased coin design. Wei (1978) introduced the
adaptive biased coin design to force an extremely unbalanced or a small-
sized experiment to be balanced yet tend toward complete randomiza-
tion as the size of the experiment increases. The adaptive biased coin
design can be described as follows: Let gbe a nonincreasing function
from [—1,1] and [0, 1] for which ¢(0) = 1/2. Then the (k + 1)th patient
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is assigned to treatment A with probability g; = ¢(Sk/k) and to treat-
ment B with probability 1—g;. Wei recommends using ¢(z) = (1—z)/2
for its simplicity. Simon (1979) recommends the designs of Efron and
Wei for stratified studies in which limited numbers of patients are ex-
pected in each stratum.

2.3. Doubly adaptive biased coin design. In many problems balance
is not desired. This is the case especially in phase II clinical trials where
estimation of response is of primary interest; see Pocock (1979). In fact,
the desired allocation proportion may be unknown. Eisele (1994) in-
troduced the doubly adaptive biased coin design for the case where the
desired allocation proportion is unknown. The design is doubly adap-
tive in the sense that it takes account of both the current proportion
of patients assigned to each treatment and a current estimate of the
desired allocation proportion.

2.4. General model. Suppose patient responses X;, X, ... to treat-
ment A and Y;,Ys,. .. to treatment B are independent random variables
from d-dimensional standard exponential families. More formally, as-
sume that

X1,Xs,... ~ fo(z) = exp(0 - z — ¢(0))

and
}/1,]/27 el gw(y) = emp(w ' y - (P(CU)),

where

0= (61,...,00),z=(z1,...,24), w=(w1,-.,wa), y= (Y1,---,%a);

! denotes transpose and - denotes the inner product. Let
p=EX=Vy () andv=E,Y =Vp(w),

where V9 and V¢ denote the gradient vectors, that is

V’l/) = (3’!/1/301, v ,8¢/30d)' and V(p = (6(,0/8&)1, veey 3<p/3wd)' . Let

. mg _ Nk
Xy = (mx) 'YX and Yo, = () ' D Ys,

be the sample means. If the families are steep and the allocation rule
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is noninformative, then the MLE of u is X_m,, and the MLE of v is ?nk-
Brown (1986) is recommended for more background on exponential
families.

The goal of the allocation scheme is then to have my/k = p, where
my/k is the proportion of patients assigned to treatment A at time k
and p = p(u,v) : R — [0,1] is the desired allocation proportion. To
accomplish this, the allocation scheme is designed to sample the X pop-
ulation with probability less than (respectively, greater than) py when
my/k > py (respectively, my/k < px), where pp = p (Ymk,]_/nk) € [0,1]
is the current maximum likelihood estimate of p. This employs the same
idea as Wei’s adaptive biased coin design except that Wei fixes p = 1/2.

In addition, let

02 = p’IO (“7 V) V2d) (0) P10 (#; V) )
and

7 = pn (1,) V20 (W) pou (1, v)

where V21 () = CovyX and V2p (w) = Cov,Y, respectively, denote
the Hessian matrices

V21/’ (0) = (32"/)/801361)19@,15]5:1

and
Vip (w) = (8290/8‘”26“’1)1954,15;@’

and pyo and pg; are first partial derivatives of p.
2.5. The allocation rule. Let ¢ be a function from [0,1]? — [0,1]
such that the following four conditions hold:

(1) q is jointly continuous,

(i) g(r,r) =,
(iii) g (p,r) s strictly \, in p and strictly /* inr on [0, 1%, and
(iv) g has bounded derivatives in both arguments and

q10(p, p) = 0q(x,y) /0T |s=py—pF# 0.
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Let6l="'=5n0=1,6n0+1="'=52'no=0)and

O = I{Uk <q (‘%Ll-,ﬁk—l)} Vk > 2no + 1,

k-1
where the Uy are independent identically distributed uniform|0, 1] ran-
dom variables and are independent of X;, X5,... and Y;,Y,.... Then

mk=61+"'+6k andnk=k—mk.

3. Properties of adaptive biased coin designs. In this section
asymptotic properties of the Wei and Eisele biased coins are presented.
For Wei’s biased coin, asymptotic normality of the difference between
the number of patients assigned to each treatment group is established.
In the proof it is shown that the difference may be magnified by appro-
priate constants so that the magnified difference is nearly a martingale.
The approach is technically simpler than that given in Wei (1978) and
delivers an invariance principle with little additional effort. In addi-
tion, the asymptotic distribution of the number of correct guesses for
the assignment of the next patient, using the obvious strategy, is given
as an application. The results presented are a summary of those given
in Eisele and Woodroofe (1990). Smith (1984) obtained an invariance
principle using similar methods.

For the Eisele biased coin, a strong law of large numbers and a
central limit theorem are stated. An invariance principle follows from
the central limit theorem with little additional effort. The results pre-

sented are a summary of the main results in Eisele (1994) and Eisele
and Woodroofe (1994).

3.1. The Wei coin. Let X = +1 denote assignment of the kth
patient to treatment A and —1 for an assignment to treatment B and let
Uy, U,, ... denote i.i.d. uniformly distributed random variables. Then

Sk-l
-1Vk=1,2,...
k—l)} ) &y )

where Sk =X1+---+Xk=mk—nk,Vk=1,2,....

Xe=21{vn <

THEOREM 1. (Central Limit Theorem) Let o = —2¢' (0). Then

Sn 1
— =N —_— .
/n (0’1+2a) asn — oo
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REMARK 1. o is a measure of the steepness of the ¢g-function near
zero. A steeper ¢g-function forces balance faster and thus the asymptotic
variance of S, //n decreases as a increases.

OUTLINE OF THE PROOF. The idea is to magnify S, by the

appropriate sequence of constants so that the magnified value is nearly
a martingale. Let m = [a] + 1, where [z] denotes the greatest integer
which is < z for —co < z < oo; let ¢y =1 for k =1,...m; and let

cl= 11 (1—-—('!—) Vn>m+1.
k=m+1 k-1

Forn=1,2,..., let
n
Yo, = ch (Xx — ) ,
k=1

where py = E(Xx/Fx-1) and Fx = o {Ui,...,Us} is the o-algebra
representing the natural history. Then {Y,,F,,n=1,2,...} is a mar-
tingale. Now use ¢, as the sequence of magnifying constants and write

cnSn =cmSm +Yn — Y + R, Vn > m,
where R, is a remainder term of order o (n"‘+l/ 2). Then

Sn CnSh

1
7-';"_ B vnen N Ve, n

Asymptotic normality now follows from the martingale central limit
theorem. o

—Yn+ Rn+cmSm}-

Let B denote a Brownian motion with drift 0 and variance 1 per
unit time and let 1

$a (t) = 7HS[nt]

for0 <t <landn=1,2,... and where [z] denotes the greatest integer
which is < z. Then §,, n > 1, may be regarded as random elements in
DJ0,1].
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THEOREM 2. (Invariance Principle) Asn — o0, $, =% in DI[0,1],
where
B (t2a+1)

(204 1)t

Using Theorem 2.5 of Durrett and Resnick (1978), the invariance prin-
ciple follows from Theorem 1.

If an experimenter attempts to guess the assignments of patients to
treatment and control, then an obvious strategy is to guess Xy = +1 or
—1 accordingly as Sk_1 < 0 or Sx_; > 0. Denote by NV, the number of
correct guesses among the first n assignments. The following corollary
follows from Theorem 2.

$(t) = 0<t<1l

COROLLARY 1. lim E {”—\,;z} = (21 +20))".

As an application of Corollary 2,if @ = 1 (e.g. ¢(z) = (1—z)/2) and
n = 100, then an experimenter can expect to make about 63.8 correct
guesses with a biased coin design and 50 with complete randomization.

3.2. The doubly adaptive biased coin. In addition to conditions
(i)-(iv) imposed on g, the following two conditions on p are needed.

(v) There are positive constants C and r for which

1 1
—+—<C "+v]|}.
St <Ol +1v I

(vi) For sufficiently small e > 0, p is twice continuously differentiable
on the set

R={(zy):lz-pl<2|y—-vI[< 2}.

THEOREM 3. (Strong Law of Large Numbers) Let Sy = my —
kp, ¥V k =2no+1,2n9+2,.... Under conditions (i)—(vi),

Sn
im — = p.L
g —0wp
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Complete details of the proof of Theorem 3 are given in Eisele (1994).
A different proof is also given in Eisele (1990) for the case of normally
distributed patient responses.

THEOREM 4. (Central Limit Theorem) Let Sy = my — kp,V k =
2ng + 1, 2ng + 2.... Under conditions (i)-(vi),

S, 1
N %(mn-np)
— N(O,p(l_p)+ 2 (02+ TZ ))

204+1  (a+1)(2a+1)\p 1-—p

where a = —qio(p,p), ¥ = qu(p,p), and g and gio are the partial

derivatives of q.

SKETCH OF THE PROOF. The basic idea is the same as for the
Wei coin although difficulties arise because there are two terms in the
conditional expectation of Si. The additional term is due to estimating
p. In order to get a martingale, each of these terms must be magnified
by different sequences of constants. This requires looking at a vector
of these two terms and then magnifying this vector by a matrix of
constants. a

THEOREM 5. (Invariance Principle) Let $,(t) = %S[m]. Then, as
n — 0o

$a(t) = t7°8 (t*+2) in D[0, 1],
where $(t) is a one dimensional Brownian motion with variance

-p), 2 (it
2a+1  (a¢+1)(2a+1)\p 1-p

per unit time.

Complete details of the proofs of Theorems 4 and 5 are given in Eisele
and Woodroofe (1994).

4. Applications.
4.1. Estimation: Behrens-Fisher problem (Robbins, Simons, and
Starr, 1967). Suppose it is desired to design a sequential procedure,
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with a randomized allocation scheme, for the fixed width interval esti-
mation of the difference of the means of two populations. Minimizing
the total size of the experiment can be accomplished by designing the
sequential procedure so that patients are allocated to the two treat-
ments in the correct proportions.

More formally, assume that X, Xs,... and Y3,Y5,... are indepen-
dent random variables for which

X1,Xs,...~ N (p,0%) and ¥1,Y;,... ~ N (v,7%),

where the four parameters p, v,0 and 7 are unknown. Here, X;, X, ...
denote responses to treatment A and Yi,Y3,... denote responses to
treatment B. These could be, for example, blood pressure readings.
Then, the correct allocation proportions for minimizing the total sample
size and retaining preassigned coverage probability and interval width
are [see Robbins, Simons, and Starr (1967) or Eisele (1990)] o/(o+7) xk
to treatment A and 7/(0 4+ 7) X k to treatment B. Thus,

P (02,72) = 0'-0}-7'.
Taking
a’;k = (’I’I’L;c — 1)_1 % (Xz - Ymk)2
i=1
and

72 = (ny—1)"" i (v; —Vnk)2

i=1
to be the usual estimates of 02 and 72 gives

_ Ome
Umk + Tnk

P
The sequential procedure can now be described as follows: to start,
take ng > 2 observations on X and on Y. Then, if at any stage there

are my observations on X and nx on Y, with k = my + ng > 2ng, take
observation k + 1 on X if

my
Uk1 S qri1=¢ (Tkypk) .
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Otherwise, take observation k +1 on Y.

If the desired width and coverage probability of the confidence in-
terval I, for @ = p— v, are 2h and a, respectively, and if the constant a
is defined by 2®(a) — 1 = a, where ® denotes the N(0,1) distribution
function, then a possible stopping rule for the sequential procedure is:
stop after N observations, where

A9 ~9 2
N=inf{k22no:h+h§ (—’i> }

mg U Qg

and {ax} is a given sequence of positive constants such that ay — a as
k — oo. Three other variations of this stopping rule are also given in
Eisele (1990).

THEOREM 6. Under conditions (i)-(iii) on q, as h — 0, for all
w,v,0 and T,

N

0) V=
() (@+7)

—1 a.s,

N
@) @+ 7y

(ii) P (0 € I) = o (asymptotic consistency).

(i) E — 1 (asymptotic efficiency),

The simulation results given in Table 1 illustrate the asymptotic
properties of the doubly adaptive biased coin design for the case of
normally distributed patient responses. The values

k+4
a=.95, a=196, mng=235, a2=(k—_i)a2,

were selected. For these values, the optimal sample size, for normally
distributed data, becomes

n* = (%)2 (0 +71)°.

The g-function, g(z,y) = [1—(1/y—1)z], was selected for its simplicity.
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Table 1.
Simulation Results for 2,000 Trials for Normally Distributed Subject
Responses: Expected Sample Sizes, Allocation Ratios, and Coverage
Probabilities for o/7 =1,1/2, and 1/4.

o/r=1 o/r=1]2 o/r=1]/4
m m
n* my nN —n_g CcP my nN # CcP ny %ﬁ- CP
10 7.6 7.8 974 .979 6.1 9.7 .629 979 11.2 .455 975

20 12.1 12.6 .960 .957 8.4 16.5 .509 .958
30 17.0 17.4 977 .950 11.3 22.9 .493 .950
40 22.0 224 .982 .948 143 29.6 .483 .948
50 27.0 27.4 .985 .947 17.6 36.5 .482 .947 43.9 .232 .950
60 32.1 32.5 .988 .949 20.7 43.7 474 .948 51.6 .233 .947
70 36.9 37.5 .984 .948 24.2 49.7 .487 .947 13.7 60.2 .228 949
80 42.4 42.7 .993 .950 27.9 56.6 .493 .950 16.1 68.8 234 951
90 47.2 47.6 .992 .950 30.9 63.9 .484 .950 17.8 76.3 .233 949
100 52.7 52.8 .998 .951 34.2 70.5 .490 .950 19.9 83.8 .237 949
125 65.0 65.2 .997 .951 42.7 87.2 .490 .951 25.0 104.4 .239 .950
150 77.8 77.8 1.000 .951 51.1 103.8 .492 .951 30.1 124.5 242 .950
175 90.1 90.2 .999 .952 59.3 120.5 .492 .951 35.3 144.7 244 951
200 102.8 103.9 .989 .952 67.9 137.1 .495 .951 40.2 164.6 244 .951

19.4 .299 .960
27.8 .255 954
35.9 .240 951

oo 0|2

[ a
PO oo
oN

REMARK 2. Although the g-function selected is not strictly in-
creasing in the second argument on (0, 1)2, the proof of the strong law
of large numbers given in Eisele (1990) for the case of normally dis-
tributed patient responses only requires q to be strictly increasing near
the diagonal.

REMARK 3. For normally distributed observations,

h

P (|Xmy = Yoy — 6| < h) = 2E® (_22__7_2_)72

mN oN

Estimates of the coverage probabilities are found by estimating the
above expectation using the simulated values of V.

REMARK 4. In terms of allocation proportions, the doubly adap-
tive biased coin appears to be performing as desired for the three ex-
amples given. The total sample size is roughly between 4 and 6 obser-
vations larger than the optimal total sample size. This results in high
coverage probabilities for small values of n* where there is oversampling.

REMARK 5. For more details on this sequential procedure, includ-
ing derivations, other stopping rules, and simulation results, see Eisele

(1990).

4.2. Testing: Sequential probability ratio test (Robbins and Sieg-
mund, 1974). Suppose in a clinical trial where patients can be assigned
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to one of two treatments A and B, it is desired to design a sequential
procedure to minimize the number of patients assigned to the inferior
treatment. Robbins and Siegmund (1974) derived a sequential proce-
dure for which the error probabilities are essentially independent of the
allocation rule used. In the application presented here, two allocation
rules are proposed for the Robbins-Siegmund procedure using adaptive
biased coin designs.

Let X1, Xs,... and Y3, Ys,... denote independent random variables
for which

X1,Xa,...~N(p,1)and Y1,Ys,... ~ N (v, 1),

where 4 and v are unknown parameters. Here, X; and Y; denote
responses to treatments A and B, respectively. Let § = v — p denote
the mean difference in response. It is desired to test the hypothesis
Hyo:60 >0vs. Hy : 0 < 0. Let iy = mknk/k, ék = ?nk —Ymk, and
Zk = ikék.

With these definitions, a sequential probability ratio test for Hy vs.
H, is as follows: for a given a > 0, let

to=1inf{k > 2:|Zx| > a}

and accept Hyp or H; according as Z; > a or < —a, respectively.

For a given sequential design and a > 0, one expects to find Z; = ;0
fork=1,2,... and Z2 = a? on |Z;| > a. Therefore, one expects to find
i2 = b = a2 /6? on the event {|Z;| > a}.

Suppose the cost of allocating to the X population is g(#) and to the
Y population is h(#). Then the total cost is C = g(0)my + h(0)ni and
the following minimization problem arises: given b,g,h > 0 minimize

C =g(0)m+ h(0)n

subject to
mn__

m+n
The solution to the minimization problem is to let

m=b (1 + V/h(9) /g(0)> and n = b (1 +./9(0) /h(0)) .

Thus, the desired proportion of patients allocated to treatment A is

p(6)

m 1
S mAn T 14,/g(0)/h(6)
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Two allocation rules are presented; they differ in the nature of the
g-function. The first allocation rule (Rule 1) uses a discontinuous allo-
cation function and the second (Rule 2) uses a doubly adaptive biased
coin. Let

(14 pr-1) /2 if BESL < fr

o my— ~ P o
qu.x (Pk—l; k—% - pk—l) =¢ 1/2 if 225 =y
Pr-1/2 if ZE= > py g
and
(mk_l “ ) -1 k-1 1) 5
92,k b — 1,Pk—1 = — Pk-1 +,
where

P =P(ék); k> 2.
Allocate the k*" patient to the treatment A if

Up < g1 fori=1,2and k > 3,

where the Uy are independent identically distributed uniform random
variables that are independent of (X, Ys).

The simulation results given in Table 2 were obtained for the error
probability, the expected sample size on the inferior treatment, and the
expected total sample size for allocation Rules 1 and 2 stated above, the
allocation rule of Robbins and Siegmund (RS) and complete random-
ization (CR). The value a = 6 was selected giving an error probability
of approximately 0.05 for # = 0.25. The cost functions

1 if9<0 _[1 if0>0
9(0)‘{1+ik0 ifg>0 h(o)—{l—ikﬁ if <0

were selected. In the simulations, 0y, is substituted for 6.

REMARK 6. See Remark 2.

REMARK 7. The functions g(6) and h(6) were selected so that the
allocation probabilities would stay within reasonable bounds.

REMARK 8. The error probabilities appear to be approximately
independent of the allocation rule used.
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Table 2.

Simulation Results for 2,000 Trials for Normally Distributed Subject
Responses: Expected Sample Sizes and Error Probabilities for
Allocation Rules 1 and 2, the Allocation Rule of Robbins and

Siegmund (RS), and Complete Randomization (CR).

Rule 1 Rule 2 RS CR

[/ m m+n  error m m+n error m m+n error m m+n  error | error!

005 | 774 1627 0.366 | 73.0 163.2 0.344 | 942 211.2 0.345| 76.0 152.2 0.350 | 0.354

0.10 | 67.2 1532 0.219 | 63.4 151.8 0.207 } 75.7 1978 0.231 | 71.7 143.1 0.242 | 0.231

0.15 | 56.0 134.7 0.124 | 549 137.8 0.121 | 60.0 181.7 0.142 | 61.8 123.6 0.127 | 0.142

0.20 | 46.9 1181 0.086 | 45.0 116.8 0.080 | 459 167.2 0.078 | 33.6 107.0 0.070 | 0.083

0.25 ] 38.1 1009 0.047 | 37.5 1022 0.036 | 37.1 154.1 0.041 | 45.8 91.6 0.049 | 0.047

030|324 896 0020|318 8.1 0024|300 143.1 0025] 40.8 81.5 0.021 | 0.027

040 | 25.3 725 0.009 | 246 71.8 0.007 { 203 121.5 0.004 | 31.8 63.8 0.007 | 0.008

050 | 19.1 57.2 0.002| 188 56.8 0.002| 156 1079 0.002|25.3 50.6 0.001 | 0.002

075122 380 0.000 125 392 0000] 9.7 84.6 0.000| 17.3 34.5 0.000 | 0.000

100{ 94 293 0000 9.3 296 0000| 72 706 0.000} 131 26.1 0.000| 0.000

! Wald approximation.
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REMARK 9. For small 8, Rule 2 appears to have smaller allocations
to the inferior treatment than Rule 1. Otherwise, their performances
are similar. Both Rules 1 and 2 have smaller total sample sizes than
the Robbins-Siegmund rule and for small 0 allocate fewer observations
to the inferior treatment.

REMARK 10. For all but some small values of 6, the decrease in
the number of patients on the inferior treatment using allocation Rules
1 and 2 in comparison to complete randomization is roughly the same
as the increase in the total sample size over complete randomization.

REMARK 11. Recent papers by Melfi (1992, 1994) have developed a
renewal theory to approximate error probabilities and expected sample
sizes using Efron type biased coins which might be useful in analyzing
designs using Rule 1.

REMARK 12. For discussions of adaptive treatment allocation
methods which incorporate accumulating information for allocating the
best treatment to the most patients see Simon (1977) and Ware (1989).

Although the presentation of the doubly adaptive biased coin de-
sign given here suggests applications in clinical trials, more realistic
applications may be in manufacturing.
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