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Abstract:

e Robbins and Zhang [15] provide consistent estimators of multiplicative treatment ef-
fects under a biased treatment allocation scheme, and illustrate their methodology
within Poisson and binomial models. Here we use predictive criteria to assess the dif-
ferential treatment effects, and develop predictive distributions for the Poisson errors
in variables models. With a hierarchical prior structure, various approximations are
investigated, and an illustrative example is included.
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1. INTRODUCTION

Robbins and Zhang ([13], [14], [15]) consider the estimation of a multiplica-
tive treatment effect under biased allocation. For example, with a slight change
from their notation to allow for generalization, suppose that within a Poisson er-
rors in variables model (6;, X;,Y;), i=1,2,...,n, are independent random vectors
such that

(i) given 6;, X; is Po(6;);

(ii) given 1, B2, 0; and x;,
(1.1) Y; is Po(f10;) if treatment T} is used;
Y; is Po(f20;) if treatment T; is used;

(iii) given a, Ty is used if z; < a and Th is used if z; > a ;

where Po(u) represents a Poisson distribution with mean p. No distributional
assumptions about the 6;’s are made, and their values are not observed.
The unknown parameters #; and (2 could be thought of as multiplicative treat-
ment effects. An alternative parameterization would be through logarithmic link
functions with additive treatment effects.

Robbins and Zhang [15] discuss two scenarios for this model. The first
concerns the number of accidents at road junctions. Suppose that X; counts the
number of night accidents during year 1 at junction i, i=1,2,...,n. Extra lights
are installed at the beginning of year 2 at those junctions for which z; >a, with
no change being made to the light system at other junctions. Then, Y; records
the number of night accidents at junction ¢ during year 2. Of particular interest
is whether or not the extra lights reduce the frequency of night accidents.

The second, more controversial, application is in the context of clinical
trials in which the allocation of treatments is based on the screening variable X.
Robbins and Zhang [15] then seek to estimate the differential treatment effects
based on this biased allocation of treatments to patients.

In both situations Robbins and Zhang [15] consider the problem as one of
estimation, and take the difference B — (31 or the ratio 52/31 as a measure of the
differential treatment effect. Based on data (x",y") = {(z;,y;): i=1,2,...,n},
they derive the following consistent estimates for 51 and (s:

n n
Zyil(xi<a) Zy,-[(a:iZQ)
i=1 i=1
ﬂ?,n =

(1.2) Bin =

n ’ n )
Z:pﬂ(mi<a+1) inl(xiZa—i—l)
=1 =1

where I represents the indicator function. They suggest the use of the cen-
tral limit theorem to obtain confidence intervals for (i, (2, 82— (1 or (Ba2/B
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with coverage probabilities that tend to 0.95, say, as n — oo, but omit details.
They also note that the Poisson assumption for the conditional distribution of Y;
in (ii) of (1.1) is not required for the consistency of the estimates in (1.2).

Godambe and Kunte [6] provide an alternative semi-parametric solution
for the estimation of #; and (s through the use of optimum estimating functions
(Godambe and Thompson, [7]). Their model does not require the Poisson as-
sumptions in (1.1) for X; or ¥;, but only the mean value specifications. However,
they do require an additional assumption, namely that

(iv) given x; the mean value of 6; is f(z;),
f being a specified function of x; .

The assumption that the 6; are (unobservable) random variables distinguishes the
model from one in which they are unknown parameters. In this latter case, one
might then consider the 6; as “incidental” parameters, following the terminology
of Neyman and Scott [10], as opposed to the “structural” parameters 3 and .
Kiefer and Wolfowitz [8] discuss problems of consistency with maximum likelihood
estimation in such cases, and illustrate how these may be overcome if the 6; are
independent chance variables with a common distribution, as in here.

We develop here, in Section 2, an approach to treatment comparisons based
on predictive criteria, which perhaps seem more relevant for answering, in the
medical context for example, the question “Which of the two treatments do I give
to the next patient?”. The approach extends the models used in Dunsmore
and Robson [2] for other Poisson errors in variables models. We concentrate
attention on the outcomes Y11 and Y412 from separate applications of the
two treatments, T and T3, applied to patient n+ 1, and seek to make predictions
for future values y,41,1 and yp412 based on (", y") and 4.

An illustrative example is provided in Section 3, and extensions to several
treatments and other distributional models are discussed briefly in sections 4 and 5.

2. POISSON PREDICTIVE MODELS

2.1. Predictive distribution

Consider the Poisson errors in variables model specified in (1.1). Suppose
further that for a future individual, labelled by n 4+ 1, we observe z,4+1 from a
Po(0p,41) distribution and model potential outcomes from the two treatments
through

(21) Yn—i—l,l is Po(ﬂ19n+1) 5 YTH_LQ is PO(ﬁQ@n_H) .
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The dependence between the outcomes for this individual from the two treatments
is modelled through the common (unobserved) 6, 11.

Such an individual will only be given one of the two treatments, and the
predictive paradigm suggests that the choice centres around properties of the joint
predictive function p(yn+1,1,yn+17g | Tpy1, 2™, y"), or perhaps considerations of
Yit12 —Yot11-

We denote the treatment given to an individual, for i =1,2,...,n, by

1, if individual ¢ gets treatment 7},
(Sij =
0, otherwise ,

so that d;1 + d;2 = 1 for each 4; and let, for j = 1,2,
n
njzz%'; n=mny+ng;
i=1
n 2 n
Sej =Y dijawi;  To= Sej =3 @i
i=1 j=1 i=1
n 2 n
Sui =D 05yis  Ty=) Sy =) ui-
i=1 j=1 i=1

The maximum likelihood estimates of the parameters are given by

N T + v; ) R R 5’ )
(22) 92 = lz—yla Z:1>27 ey 1 HnJrl = Tn+1; ﬁ] = S—ij ]:172 .
~ zj
1+Z(5”,6]
j=1

In this notation the Robbins and Zhang [15] estimates (1.2) based on (", y™)
are given by

_ Sy1 _
(2.3) Bin=g s Pan=

Sy
Sz2 — alNg ’

where N, are the number of z;’s equal to a. The additional information provided
by x,+1 could be used to amend these estimates to

S
5= (143) i |
, n) Sp1+aNg + zpi1 I (Tpy1< a+1)

(2.4)

Ban

(D) s
n) Szo —aNg + Tpy1 I (Tpg1 > a+1)
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2.2. Plug-in estimates

Predictive approaches within the classical framework typically involve plug-
in estimates, pivotal statistics or tolerance regions. A simple plug-in estimate for
the probability function of Z =Y, 112 — Y,41,1, for example, would be given by

D2 exp(—03; O,
(2.5) P(Z=2) = Z H ﬂg n-l—l Zi(] 1)P§ B Ont1) .

t=max(0,—z) j=1

Other such estimates are available if specification of the underlying distribution
for the 6;’s is provided. As an illustration, we take p(6;) to be v exp(—~0;) with
unknown parameter v > 0. The model specification in (1.1) then reduces to

0i1Yi 0i2Yi
(i +vyi)! v B v By 2y
zil gl (14 5+ 0up + 51‘252)mi+yi+1

(2.6) p(zi i | Br,B2,7) =

whilst Godambe and Kunte’s [6] condition (iv) above is satisfied by
f(z) = (x+1)/(y+1). Both Robbins and Zhang [15] and Godambe and Kunte [6]
consider this case. The former demonstrate that their estimates (1, and (a2,
in (1.2) compete well with the maximum likelihood estimates based on (z", y")
from this fully parametric model; whilst the latter’s solution coincides with them.

With the additional information from x,4;, the maximum likelihood esti-
mates are now given by

Syl . = Sy2 . o n+1

2.7 1+ = (147 A s S
2.7) b= V)leJrnl B2 = ( 7)S$2+n2 Y T+ o

A simple plug-in estimate for the probability function of Z =Y, 12— Yu411
would then be given by

o~ (2 +20)! ¥ 51 s
(2.8) P(Z=z) = : , S T
i:mag(%’_z) il (z+1)! (5 + b1 + o) 201

2.3. Hierarchical prior structure

Within a Bayesian framework for the model specified by (1.1) and (2.1),
the central feature is the predictive function p(ynﬂ,l, Yn+1,2 | Tnt1, 7, y”) given
by

2
/ H{P(yn+1,j |85, 0n41) } P(Ons1, B1, B | Tngr, ™, y™) dbpyr dB1dBa
j=1
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where p(0n+1, B, B2 | Tnt1, 2™, y”) is the posterior density function. Notice here
that 0" = (61,02, ...,0,) behaves in the same way as a nuisance parameter, and
we only require the posterior distribution of (6,41, 1, 32) — or indeed only of

(B10n+1, B20n11).

Following the ideas in Gelfand and Smith [5], we adopt a Bayesian hierar-
chical prior structure. At the first stage we take

n+1 2

p(0", 01, B0, B2 | vomsm) = [[p@ilv) TLe(B;1m) .
i=1

j=1

whilst at the second stage we assume

2
p(vnme) = p(y) [[ o) -
j=1

An appropriate structure here would be of the form

ei ~ Ga(kﬁ) ) 6] ~ Ga(gjvnj) )
v~ Ga(ltm), oy~ Ga(ug,vy)

fori=1,2,...,n,n+1 and j=1, 2, where Ga(a,b) represents a gamma distribution
with density proportional to 0%~ !exp(—bf), 0>0, and where k, g1, go, £, m, u1,
v1, ug and ve are known constants. Gaver and O’Muircheartaigh [3] and Gelfand
and Smith [5] suggest, in a similar framework, that k, g1 and g2 might be treated
as tuning parameters or estimated in an empirical Bayes spirit. Notice that the
distributional assumptions about 6" and 6,,+; in Section 2.2 are a special case of
the above.

The posterior density function p(@",ﬁ,ﬂ_l,ﬂl,ﬂg,fy, n,n2 | Tpi1, ™, y") is
proportional to

n

2
H eXP{—Gi <1 + Z dij B; + ’y) } Hfﬁyﬁk X
=1

=1

(210) % exp{—9n+1(1+7)} 97951-51-4-]6 ,y(n+1)k+€ eXp{_mPy} %

2
< TI{87 " exp(=m) ™ exp(—vym) } -
j=1

Eliminating 6", n; and 72 we have that p(9n+1,ﬂl,ﬁg,'y|mn+1,m”,y”) is pro-
portional to

2
n k Sy; j n
GXP{—9n+1(1+7)} GZJrJiH_ H{ﬁ] vit9; } 7( +1)k+£ exp{—mv}
(2.11) ; =1 ,

T+ 8+ 0" (v + 8y)%t}

J=1
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where W;= S;; +Sy; + knj, j=1,2. Elimination of v cannot be undertaken
explicitly, but we find that p(yn+171, Ynt1,2 | Tng1, 2", y”) is proportional to

!

/ F(xn—I—l T Ynt1,1 T Ynt12 + k)
Ynt1,1! Ynt1,2!

2
H{ﬁjﬂ Yn+1,j 93}
7j=1
(2.12) X (1 + By + Bo + ,),)mn+1+yn+1,1+yn+1,2+k
DR exp{—mry}

{48+ (v + B;)974 }
1

X = dpydpa dy

]:

for y41,1=0,1,... and y,412=0,1,.... The joint predictive probability function
may then be found numerically through three dimensional integration techniques.

Although no simple analytical form is available for (2.12) here, it is possible
to obtain the marginal (but dependent) predictive probabilities in the case of
vague second stage priors (¢, m,uy, vy, us, va — 0) explicitly, namely, for j=1,2,

B(zpt1+ Y1, +k, Wj)
B(ynt1,+1, Sij—1)

(213) p(yn-‘rl,j ’ Ln+1, wnv ,yn) (&8 Yn+1,j = 0,1,...,

and these can easily be compared graphically.

2.4. Approximations

Alternatively, we might consider approximations through the use of, for
example, posterior normality assumptions, Gibbs sampling or Laplace approxi-
mations to evaluate the predictive probabilities.

Noting that, as the sample size increases, the number of parameters in our
model also increases, we surmise that problems may arise over assumptions of
asymptotic normality of the overall posterior distribution, especially for the usual
asymptotic normal approximation for the full posterior distribution in (2.10) —
see, for example, Bernardo and Smith ([1, pp.285-97]). A better result is likely
from following O’Hagan’s ([11, pp. 208]) suggestion of using a normal approxima-
tion for the reduced posterior p(0n+1, B, B2,V | Xpy1, ™, y”) alone, based on the
posterior mode and modal dispersion matrix. We do not pursue this approach
here, but further details can be found in Magalhaes [9].
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2.4.1. Gibbs sampling

The conditional distributions of 6,41, (1, B2 and ~ follow from (2.11) in a
straightforward manner, and, using rejection sampling with ¢ iterations in each
cycle, we obtain M random samples

(t) () g () _
(9n+1(4)7ﬁ1(@a 2(()77(@)) 9 E— 1,2,...,M .

The prediction function (2.9) can then be estimated using

M
) 1 1
(2.14) P(Ynt1,15Ynt12 | Tng1, 2", y") = Z H L

where 1, = ﬁ](.? 07(31(6), j=1,2. If interest lies, say, in Z =Y, 112 — Y111, we

then need to derive the predictive distribution of Z.

Notice that, although it is necessary to generate values of 'y((g in this Gibbs
routine, the values of this hyperparameter are not required further for our pre-
diction problem.

2.4.2. Laplace approximation

Since the joint predictive probability function in (2.9) is a posterior expec-
tation, which may be written, in generic form, as

/ 9(¥) L{data) p()) do) / exp{—nh* (1)} di

E{g(y)|data} = = :
/ L(data) p(t)) di) / exp{~nh()} di

we may also use the Laplace approximation method; see, for example, Bernardo
and Smith ([1, pp.340-5]). In the posterior expectation above, 1) represents an
unknown parameter and L(data) is the likelihood function. Also, functions h(1))
and h*(¢) are defined such that

—nh(¢) = Inp(p)+In L(data) and —nh*(¢) =Ing(y)+Inp(y)+In L(data) .

Again, we present the results for the special case of vague second stage priors.
A good approximation for (2.9) is given by

(215) ! ! 1 <%> eXp|:—7'L{h*(9;+1,ﬁik,6§,’7*) - h’(énJrl’ﬂNl?BQaﬁ/)}] 3

Yn+1,1" Ynt1,2!
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where

_nh(9n+17ﬁ1,62,'7) = _9n+1(1+7) + (l’n+1+k) 1H0n+1 + (TL—|—1) k ln’y

2
+ 3 {8y - Wim(1+5,+9)}

=1

*nh*(6n+17ﬂ1518277) = 9
= —nh(Ont1, 51, 02,7) + Z{yn—‘rl,j(ln On1 +1n3;) — Oy 5;‘}

J=1

and where 9~n+1, B, Ba, v and 0}, B, B3, 7v* are the modes of —h and —h*,
respectively. The former are given by

~ (Tnt1 + Ty) (Tpy1 + k)

(n+1)k
On+1 = —
Tpp1 + T + (n+1)k

Tng1 + Ty

.A=

(2.16)
- {@pi1 4+ To + (n+1)k}Sy;

R — 5 ] p— 1,2 ,
o = et T (W, =5,

whilst the latter are found iteratively from

2 2
Ont1 <1+Zﬁj+7> = Tnp1 + Y U1tk

j=1 j=1

W
— ) = i+ Sy =1,2,
1+ﬁj+7> Yn+1,5 + Yyj J

<”+1+Z1+ﬁ]+7> = (n+1)k .

Finally, ¢ and o* are the square roots of the inverse of the determinants of the
appropriate hessian matrices of second order derivatives, namely

B <9n+1 +

o = ‘nVQ n+17/817627 )‘ 1 ’
o = ‘nvzh*(ﬁ;‘l+1,ﬁf,ﬁ§,v*)‘_5

Full details can be found in Magalhaes [9].
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3. ILLUSTRATION

In order to illustrate the different approximations, we consider the data
shown in Table 1.

Table 1: Simulated data set of size n = 20.

T 511 Yi T 511 Yi
7 0 3 11 0 22
8 0 8 6 0 13
9 0 1 9 0 10

13 0 16 6 0 10
5 1 1 10 0 16
2 1 2 17 0 16

13 0 12 3 1 0
4 1 2 2 1 2
6 0 12 2 1 1
7 0 4 8 0 11

These n = 20 data values were simulated from models with 8, = 0.3 and
B2 = 1.4, with a = 6, and for a random selection of 6; values. Note that Bl =0.44
and 2 = 1.25 from (2.2), whilst the equivalent Robbins and Zhang [15] are
Bin = 0.22 and fa, = 1.46 from (2.3).

Predictions are given for y211 and yo12 corresponding to xo; =4. The
amended maximum likelihood estimates are now Bl = 0.38 and Bg = 1.29 from
(2.7), whilst the Robbins and Zhang values are updated to 37, = 0.21 and
B3 p+1=1.53 from (2.4).

In the analyses we assume a vague second stage prior (¢, m, uy, vy, ug, va —0).
For such a case, specification of g1 and gs is not necessary. We take k = 6
based on matching the first two marginal moments of the X;’s; see Dunsmore
and Robson [2].

A clear picture emerges if we consider the marginal predictive functions
for Y211 and yo1,2 separately. Figures 1 and 2 show the approximations from
the two methods together with the exact forms from (2.13). Clearly, the Gibbs
and Laplace methods provide excellent approximations to the exact distribution.
Also shown in Figures 1 and 2 are the marginal predictive functions with the
posterior normal approximations mentioned in Section 2.4. Normal approxima-
tion 1 refers to the Bernardo & Smith [1] approach and normal approximation 2
refers to O’Hagan’s [11] approach. The anticipated problems with a sample size
of only 20 manifest themselves, although perhaps not surprisingly O’Hagan’s [11]
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suggestion, based on only four parameters, seems superior to the more usual pos-
terior normal approximation, based on 26 parameters. Figures 1 and 2 also show
that the predictive approach leads to more disperse distributions than the ones
obtained through the plug-in method. This fact is not surprising because the
predictive approach incorporates uncertainty about the parameters.

0,35
0,3 1 &
025, ° ° o Exact
_ 5 s MLE
% 0.2 7 o N.Approx.1
69. 015 | s o N.Approx.2
8 + Laplace
0,11 ] x Gibbs
8
0,05 - ® o
& = o
o T T T T T g $ kil kil
0 1 2 3 4 5 6 7 10
y

Figure 1: Comparison of the predictive functions p(ygl,l | 291, 22, y20)
from the four approximations with the exact form in (2.13).

0,2

0,18 - A

0,16 -

0,14 - s : > Exact
soz  °C. ALAI;\E
8 gq4 ° =2 o N.Approx.1
6.9 0(38 I ok . o N.Approx.2

’ o = + Laplace

0061 3 oo « Gibbs

0,041, » so " g

0,02 1 » e By

0 3 : : 4 a i © 88 g b v nn .
0 5 10 15 20 25
y

Figure 2: Comparison of the predictive functions p(y21.2 | 221, 2%, y?9)
from the four approximations with the exact form in (2.13).

We may conclude that the Gibbs and Laplace methods lead to excellent
results when compared to the exact predictive distribution. The speed of the
Laplace method, in comparison to Gibbs sampling, is a strong point in its favour.
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Figure 3 compares the predictive functions for Z = Y51 2 — Y211 for the Laplace
method and the plug-in method of (2.5), and illustrates the unsatisfactory nature
of the latter.

Similar conclusions were drawn in several other simulations.

0,1 - < f y o MLE
0,08 4 x = Laplace

Prob(z)

-10 -5 0 5 10 15 20

Figure 3: Comparison of the predictive functions for Z = Y519 — Y211
from the Laplace method and the plug-in form in (2.8).

4. GENERALISATION TO J > 2 TREATMENTS

The models can be extended to the case of J treatments in a straightforward
manner. Suppose that we can define mutually disjoint and exhaustive subsets
C1, Co, ..., C; of the non negative integers, such that treatment 7} is used for
individual I if z; € C;j. We assume that Y; is Po(3;6;) if treatment T} is used for
individual 7, (i =1,2,...,n+1; j=1,2,...,J). Notice that the identification of
subsets through cut-off points a1 < a2 < ... < aj_; is only one possible partition.

Robbins and Zhangs [15] method generalises (1.2) above to give consistent
estimates

Zyi I(z; € Cj)
ﬁjn =1

Z%‘I(%‘—l € C])
=1

for j =1,2,...,J. Similarly, with an obvious extension of the notation for d;;,
nj, Szj, Syj» T, Ty, the maximum likelihood estimates corresponding to (2.2)
generalise in a simple way.
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Numerical integration for the joint predictive probability

p(yn+1,1, Yn+1,25 -y Yn+1,J ‘ Tn+1, mn, yn) )

corresponding to (2.9) becomes impractical, but the Gibbs and Laplace methods
provide approximations. Full details are again given in Magalhaes [9].

Of interest now might be predictive probabilities associated with
Max(Yn+1,1, Ynt+1,25 ---» Yn+1,7). Within the Gibbs framework, one way of deri-
ving these would be to consider the ¥,11,1, Yn+1,2, ---, Yn+1,7 @s missing data and
within each cycle to generate values of y,41,; from a Po(f3;6,41) distribution,
j=1,2,..,J.

From the resulting samples (yg_u(@, yg_l’z(@, vy ygil“](@) it is then
straightforward to approximate the probability that treatment 77, say, provides
the maximum response.

5. CONCLUSIONS

We have developed Bayesian predictive models for a Poisson errors in vari-
ables situation in which there are simple, multiplicative effects. Whilst standard
numerical integration techniques, here in three dimensions, might be suitable
for the determination of the appropriate predictive distributions, we have found
that Laplace approximation and Gibbs sampling can provide alternative and reli-
able approaches. The use of the posterior normal approximations can be suspect
because of the high dimensionality of the parameters, although O’Hagan’s [11]
approach improves matters somewhat.

Robbins and Zhang [15] also consider estimation in a binomial model, whilst
Robbins [12] discusses the exponential case. Similar predictive frameworks can
be developed for these situations. For example, in the model specification in
Section 2 we might replace the Poisson assumptions (i) and (ii) by

0;
(i) given r and 6;, X; is Bi <r, T 9i> :

(ii) given S 51, 62, 91 and Ti,

0
Y, is Bil s, L if treatment 77 is used ;
1+ 19@

B20;

Y; is Bi s, — 222 ) if treatment T is used .
i 1S Z<8 1+ 202> 1T treatmen 2 1S use

Here, the odds ratios are 6; for X; and (316; or 820; for Y;. Details of the predictive
distributions for the binomial and exponential cases can be found in Magalhaes

[9].
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