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Abstract

In nonlinear regression models the Fisher information depends on the parameters of
the model. Consequently, optimal designs maximizing some functional of the information
matrix cannot be implemented directly but require some preliminary knowledge about
the unknown parameters. Bayesian optimality criteria provide an attractive solution to
this problem. These criteria depend sensitively on a reasonable specification of a prior
distribution for the model parameters which might not be available in all applications.
In this paper we investigate Bayesian optimality criteria with non-informative prior dis-
tributions. In particular, we study the Jeffreys and the Berger-Bernardo prior for which
the corresponding optimality criteria are not necessarily concave. Several examples are
investigated where optimal designs with respect to the new criteria are calculated and
compared to Bayesian optimal designs based on a uniform and a functional uniform prior.

Keywords: optimal design; Bayesian optimality criteria; non-informative prior; Jeffreys prior;
reference prior; polynomial regression; canonical moments; heteroscedasticity

1 Introduction

Nonlinear regression models provide an important tool to describe the relation between a re-
sponse and a predictor and have many applications in engineering, physics, biology, economics
and medicine, among others [see Ratkowsky (1983)]. It is well known that a good design can
improve the accuracy of the statistical analysis substantially and numerous authors have worked



on the problem of constructing optimal designs for nonlinear regression models. An intrinsic
difficulty of these optimization problems consists in the fact that the Fisher information, say
I(x,0), at an experimental condition x depends on the unknown parameter 8 € © of the model.
A common approach in the literature is to assume some prior knowledge of the unknown pa-
rameter, which can be used for the construction of optimal designs. Chernoff (1953) proposed
the concept of local optimality where a fixed value of the unknown parameter is specified, and
a design is determined by maximizing a functional of the information matrix for this specified
parameter.

Since this pioneering work numerous authors have constructed locally optimal designs for var-
ious regression models [see He et al. (1996), Khuri et al. (2006), Fang and Hedayat (2008),
Yang and Stufken (2009), Yang (2010) and Dette and Melas (2011), among many others|. On
the other hand, the concept of local optimality has been criticized by several authors, because
it depends sensitively on a precise specification of the unknown parameters and can lead to
inefficient designs if these parameters are misspecified [see for example Dette et al. (2013),
Example 2.1]. As a robust alternative Pronzato and Walter (1985) and Chaloner and Larntz
(1989) proposed Bayesian optimal designs which maximize an expectation of the information
criterion with respect to a prior distribution for the unknown parameters [see also Chaloner
and Verdinelli (1995) for a review|. Bayesian optimal designs for various prior distributions
have been discussed by numerous authors [see Haines (1995), Dette and Neugebauer (1997),
Han and Chaloner (2003) or Braess and Dette (2007) among others]. However, there exist
many applications where the specification of a prior distribution is difficult and several authors
advocate the use of a uniform prior as a pragmatic approach if no preliminary knowledge about
the unknown parameter is available. In a recent paper it was pointed out by Bornkamp (2012)
that for several models the use of a uniform prior as a non-informative prior does not yield
reasonable designs. This author proposed the concept of a functional uniform prior in order to
construct Bayesian optimality criteria with respect to non-informative prior distributions.

In this paper we consider two alternative criteria for the construction of Bayesian optimal
designs with respect to non-informative prior distributions. Roughly speaking, the criteria
maximize the predicted Kullback-Leibler distance between the prior and the posterior distri-
bution for the unknown parameter of the model with respect to the choice of the experimental
design, where — in contrast to the classical approach to Bayesian optimality — the prior distribu-
tion depends also on the design of experiment. The criteria are introduced in Section 2, which
also gives an introduction into the field of optimal experimental design. Here it is demonstrated
that Bayesian optimal design problems corresponding to non-informative priors are in general
not convex. Necessary conditions for the optimality of a given design are also derived. In Sec-
tion 4 we use the theory of canonical moments which is introduced in Section 3 [see also Dette
and Studden (1997)] in order to determine saturated Bayesian optimal designs with respect to
non-informative priors for polynomial regression models with a heteroscedastic error structure.
Finally, in Section 5 we consider two frequently used nonlinear regression models and compare
the optimal designs with respect to the new criteria proposed in this paper with optimal designs
with respect to “classical” Bayesian optimality criteria based on a uniform and a functional
uniform distribution.



2 Optimal design and non-informative priors

An approximate design is defined as a probability measure £ on the design space X with finite
support [see Kiefer (1974)]. If the design £ has masses &; at the points z; (i =1,...,m) and N
observations can be made by the experimenter, this means that the quantities &N are rounded
to integers, say n;, satisfying ", N; = N, and the experimenter takes N; observations at
each location z; (i = 1,...,m). The corresponding design with masses N;/N at the points z;
(1 = 1,...,m) will be denoted as exact design {y. Assume that {y is an exact design with
masses IV;/N at points x; (i = 1,...,m) and that IV; independent observations Y;1, ..., Yy, are
taken at each x; with density

such that
.V .
(2.2) ]\}grlooﬁ—&>0, i=1,...,m,

where 8 € O is a k-dimensional parameter. If £y denotes the design with masses NV;/N at
z; (i=1,...,m) we define by

m Ni

p(yl0.¢n) = [ ][ p(v:516, )

i=1 j=1

the joint density of the N-dimensional vector Y = (Yi,...,Y,,n, ). In the following we
assume that the prior distribution for the parameter € may depend on the design (such as the
Jeffreys prior) and consider the problem of maximizing the expected Kullback-Leibler distance
between the prior and posterior distribution with respect to the choice of the design &y, that is
(2.3 Uew) = [ 10, oy, aley) day

p(0én)
Here p(0|&y) denotes the density of the prior distribution of 8, p(8|y,{y) the density of the
posterior distribution of € given y and p(y,0|{y) is the density of the joint distribution of
(Y, 0). Note that all distributions may depend on the design &y.
Under regularity assumptions it can be shown by similar arguments as in Chaloner and Verdinelli
(1995) that the expected Kullback-Leibler distance can be approximated by

(2.4 Ulen) ~ ~5 log(zm) — 5 + 5 [ 1og(INM(6,x1)Blé) do
~ [ 1os6l6w) pi6l€) db.
where

25)  M(en.0) = [ (55 108p16.) (55 1080(816.2)) p(yl6. 2yt (ds)
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denotes the Fisher information matrix. If the prior distribution of 8 does not depend on the
design, then the criterion for Bayesian D-optimality arises, i.e.

(2.6) Bp(E) = / log(|M (¢, 8) )p(8)d6.

We call the designs maximizing the criterion (2.6) Bayesian D-optimal designs with respect to
the prior p. A noninformative prior often used in applications is the uniform prior, i.e.

(2.7) Puni(0) o 1.

Bornkamp (2012) pointed out some deficits of this prior and proposed Bayesian D-optimal
designs with respect to functional uniform priors

B [ | M(6,,0)|2dx
[ [y |M(6,,0)]V2dxd’

(28) pfunct<9)

where here and throughout this paper ¢, denotes the Dirac measure at the point z € X.
As stated in Chaloner and Verdinelli (1995) a necessary and sufficient condition for Bayesian
D-optimality is given by the following theorem.

Theorem 2.1 A design £* is Bayesian D-optimal if and only if the inequality

(2.9) [efar e e 0)}pie)ds < i

holds for all x € X. Moreover, there is equality for all support points of the design &*.

In the context of Bayesian analysis priors depending on the design are frequently used. A
typical example is the Jeffreys prior [see Jeffreys (1946)]

O M(8,9)]2  |NM(8,&x)]V?
(2.10) ' (0) = TIME, ) 2de > TINM(E ex)[12dt

Using the Jeffreys prior the expression (2.4) reduces to

UlEw) ~ V() = — log(2) — & + log( / INM(¢.8)[/2d8).

Consequently, we call an approximate design & Bayesian optimal with respect to the Jeffreys
prior if & maximizes the functional

(2.11) B,(6) = / M (&, 8)]2de,

where we assume throughout this paper that the integral in (2.11) is finite for all approximate
designs (sufficient for this property are compactness assumptions regarding the parameter space
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and continuity of the information matrix with respect to the parameter). This criterion for the
choice of an experimental design has been sporadically discussed in the literature before [see
Polson (1992) or Firth and Hinde (1997a.,b)].

An intrinsic difficulty in these optimization problems consists in the fact that the criterion
®; is in general not convex. Consequently, standard optimal design theory based on convex
optimization is not directly applicable. Nevertheless, the following results provide a necessary
condition for optimality with respect to this criterion. A proof can be found in Firth and Hinde
(1997b).

Theorem 2.2 [f a design £* is Bayesian optimal with respect to the Jeffreys prior, then the
imequality

[elar e oo o) a0 <1 [ o) ae
holds for all x € X. Moreover, there is equality for all support points of the optimal design £*.

The next Bayesian optimality criterion with respect to a non-informative prior distribution
is motivated by the fact that not all components of the vector @ are of equal importance.
To be precise, we use similar arguments as in Berger and Bernardo (1992) and decompose
the parameter 0 into 8 = (67,01)T where 6; and 6 are k; and ko-dimensional parameters,
respectively, and k = k; + ko. The information matrix M (&, ) is decomposed in a similar way,
that is

e weo = (Jeo o)

where M;;(£,0) € RF¥*% (i, = 1,2). In the following we assume that 62 is a nuisance
parameter and that the parameter 6, is of primary interest to the experimenter.

This approach results in a criterion where the marginal expected Kullback-Leibler distance be-
tween the prior and posterior distribution of the parameter of primary interest 6, is maximized
with respect to the choice of the experimental design &y, that is

Uilew) / / Hl’y’% (61, y[€n)dO1dy

p(01/¢n)
0
//log gffN)> (0, y|{n)dOdy
p(02]61,y,&N)
// (02161, EN) )p(0, yl§n)dOdy.

Under regularity assumptions it can be shown that the marginal expected Kullback-Leibler
distance can be approximated by

0 1/2
21 Uen) = [ 1on(exo{ [ 021008108 LTy d0, ) piouc) o,
Hlog(5) — [ logp(Balen) p(Oslc) oy
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This follows by similar arguments as in equation (2.2) [see Berger and Bernardo (1992) or
Ghosh and Mukerjee (1992)].

Following Berger and Bernardo (1992) we decompose the prior for the parameter 8 (which may
depend on the experimental design) as

p(01En) = p(02101,En)p(0116n),

where p(62]01,&y) denotes the conditional density of the distribution of 62 given 6; and
p(01]€n) is the density of the prior distribution for ;. More precisely, for the conditional
density of @5 given 8, an analogue of the Jeffreys prior is used, that is

‘M22(£N7 017 02) |1/2
[ | Mss(En, 01, 2)|V/2dts

while the density of the prior distribution for 6, is given by

| M(¢n, 0)]'?
| Maz(En, 0)1/2

(2.14) PP(0,001, En) =

215) P66 = exo{ [ 7P(6al61. ) ol )6, } -

where

(2.16) o= (/ exp{/pBB(92|917€N) log(‘%2((&?]\;}99);52)6[02}(101)1

is a normalizing constant. Since this pioneering work on the construction of reference priors,
several authors have worked on this subject and we refer to the work of Clarke and Wasserman
(1993) and Kass and Wasserman (1996) for a general discussion on this subject. Combining
this prior and equation (2.13) yields the following optimality criterion

’M22 5701702)‘1/2 |M<£701702)‘1/2
2.17) @ ex lo d@y +db,
(217) @558 / P /f|M22 (€, 01, t2)|1/2dt, g(’Mm(f;Ol,Oz)‘lm) 2} '

where we again assume that the integral exists for all designs . Designs maximizing the
function ®pp are called Bayesian optimal with respect to the Berger-Bernardo prior. Again
this criterion is in general not convex and a necessary condition for optimality will be derived.

Theorem 2.3 If a design & is Bayesian-optimal with respect to the Berger-Bernardo prior,
then the inequality

* 1/2
= [ [l o). 6)] 1Og<|%2<é; % )| 0.0

M(£*, 0y, ts)|'/?
- /{/log(&wm(ff; 911, t22))||1/2)pBB(t2’917§*)dt2
* / (M (€7, 01, 82) Moo (31, O, £2))p7 (8161, )tz | (01176,

/ / [er(M M(5,,0)) — tr( Mg (€%, 0) Ma (6. 0))] p"P (0]€7)d0 < ky




holds for all x € X, where pPB(04)01,€) and pPP(6:1|¢) are defined by (2.14) and (2.15),
respectively, and pPP(0|€) = pBP(0|0,,&)pPB(01]€). Moreover, there is equality for all support
points of the design £*.

Proof. The proof follows by a standard argument calculating the directional derivative

0

aq)BB(St) |t:07

where the design & is defined by & = £* + t(n — £*), n denotes an additional approximative
design and t € (0,1). Observing the fact

0 1y "
E log |M<€t7 0)’ =0 = tI'(M 1(5 ) 0)(M<777 0) o M(£ 70)>>
we obtain (recalling the definitions (2.14), (2.15) and (2.16))
0
ECI)BB(&) o

« pyI1/2
B %/pBB(91|f*)/[log(|‘J\Z§(£§;7049)lll/z){pBB(02|9175*)tT(M2_21(§*;9)(M22(7779) — M(£",0))

—p"P (021601, &) /PBB(t2|91,5*)tf(M2_21(f*»917'52)(]\/—’22(77:91,t2) - M22(§*;91,t2))dt2}
97 (0,101, €){ tr (M1 (7,0) (M (1, 0) = M (&, 6)))
—tr(M'(§", 0)(Maa(n, 0) — Man(€",0)) }| d020:

L e — k).

" 2a

The assertion now follows by the same arguments as given in (Silvey, 1980, p.19). O

In the following chapters we will discuss optimal designs maximizing the criteria (2.11) and
(2.17) in several examples.

3 Canonical moments

In Section 4 we discuss Bayesian optimal designs with respect to non-informative priors for
heteroscedastic polynomial regression models. An important tool to derive optimal saturated
designs for polynomial models is the theory of canonical moments which was firstly used by
Studden (1980, 1982b) to determine Dg-optimal designs for homoscedastic polynomial regres-
sion explicitly and will be briefly introduced in this section. Since these seminal papers nu-
merous authors have used this methodology to determine optimal designs in polynomial and
trigonometric regression models [see Lau and Studden (1985), Spruill (1990), Dette (1994,
1995), and Zen and Tsai (2004) among many others|. A detailed description of the theory of
canonical moments can be found in the monograph of Dette and Studden (1997).
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To be precise let a,b € R denote two constants such that a < b and introduce by P([a,b]) the
set of all probability measures on the interval [a,b]. We define for a design ¢ € P([a,b]) its
moments by

b
ci:ci(f):/ r'é(d), i=1,2....

Define M,, = {(c1,...,c,)T | € € P([a,b])} as the nth moment space and ®,,(z) = (z,...,2")
as the vector of monomials of order n. Consider for a fixed vector ¢, = (cy,...,c,)T € M, the
set

Sn(cy) = {g e P(la,b]) : /: &, (2)¢(dx) = cn}

of all probability measures on the interval [a, b] whose moments up to the order n coincide with
c, = (c1,...,c,). Forn =2,3,... and for a given point (cy,...,c,_1)T € M,_1 we define
o =<t (ery. . eno1) and ¢, = ¢, (c1,...,cn_1) as the largest and smallest value of ¢, such
that (cy,...,c,)T € OM,, (here OM,, denotes the boundary of M,,), that is

c, = min{/bxné(dx) | €€ Sn(c,-.. ,cn_l)},

ch = max{/bmnf(dx) | € € Sn—1(01,---70n—1)}-

Note that ¢; < ¢, < ¢! and that both inequalities are strict if and only if (¢i,...,c,1)T €
int(M,,_1) where int(M,,_1) denotes the interior of the set M, _; [see Dette and Studden

(1997)].
For a design ¢ on the interval [a, b] with corresponding moment point ¢, = (¢1(£), ..., (€))7,
such that ¢, 1 = (¢1(£),...,cn1(€))T is in the interior of the moment space M,,_1, the canon-
ical moments or canonical coordinates are defined by p; = ¢;(£) and

cGé) —¢ .
(3.1) pi_pi<€>_cgr)?a 1=2,...,n.

3 K3

Note that the canonical moments p; vary independently in the interval [0, 1] (whenever they
are defined). Moreover, it follows that p; € (0,1),i=1,...,n — 1 and p, € {0,1} if and only
if (c1(8),...,cn1(8)) € int(M,_1) and (c1(§),...,cn(€))T € OM,. In this case the canonical
moments p; of order ¢+ > n remain undefined.

The main idea of Studden (1980) was to describe designs in terms of their canonical moments,
to find a (simple) representation of the optimality criterion by these quantities and to perform
optimization on the unit cube. For this purpose optimality criteria have to be expressed ex-
plicitly in terms of canonical moments and we recall the following basic facts [for a proof see
Studden (1982b,a) and Lau and Studden (1988)].

Theorem 3.1 Let £ denote a design on the interval |a,b] with moments cy,ca, ..., canonical
moments p1,pz,... and go =1,q1 =1 —=p1,qg=1—pa,...



(a) Let Hy,(§) = (Citj)ij=1,..n denote the Hankel matriz of the moments of the design &. If if
(c1,. .. con 1)t € int(Ms,_1), then

[H(&)] = (b—a)""*V H<Q2z'72p2i71Q2i71p21)n7i+1.

i=1

(b) Let & denote a design on the interval [a,b] with n + 1 support points x1,...%,41, then

n+1 n n+1 2n+1
H(% —a) = (b—a)" o Hp2i—1QQi ) H(b —x;) = (b—a)"" H 4
i=1 i=1 i=1 =1
n+1 2n+1

Z(% —a) = (b—a) Z qi—1Di-

i=1 i=1

The following results are shown in Dette and Studden (1997) and can be used to derive a design
corresponding to an “optimal” sequence of canonical moments (i.e. a sequence maximizing a
particular optimality criterion).

Theorem 3.2 Let & denote a design on the interval [a,b] with canonical moments py,.pa, .. ..

(1) If p; € (0,1), 1 =1,...,2n — 1 and pa, = 0, then & has m = n support points in the
interior of the interval (a,b).

(2) If p; € (0,1),i=1,...,2n and papy1 = 0, then & has m = n + 1 support points, n points
in the interior of the interval (a,b) and the point a.

(3) If p; € (0,1),i=1,...,2n and popy1 = 1, then & has m = n + 1 support points, n points
in the interior of the interval (a,b) and the point b.

(4) If p; € (0,1), i =1,...,2n — 1 and ps, = 1, then & has m = n + 1 support points, n — 1
points in the interior of the interval (a,b) and the points a and b.

Moreover, the support points x1, ..., T, are the roots of the polynomial P,,(x) = W, (z), where
the polynomials W;(x) are defined recursively by
(3.2) Wit1 = (x —a— (b—a)(Ci + Cir1))Wilx) — (b — a)* i1 Wi (z),

with initial conditions Wy(z) = 1, W_1(z) = 0 and we use the notation (y = 0,(; = p1,{ =
(1 — pi—1)piyi > 2. The weights {(x1), ..., &{(zm) at the support points xy, ..., T, are obtained
by the formula

P ()

%Pm(xﬂx:xi 7

(3.3) §(;) =

1=1,...,m,

where Pi(l)(:v) = Wii1(x) and the polynomials Wi(x) are defined recursively by (3.2) with initial
conditions Wy (z) = 1, Wy(x) = 0.



4 Robust designs for heteroscedastic polynomials

We are now in a position to determine Bayesian optimal saturated designs with respect to
non-informative priors for the polynomial regression model. To be precise, we assume that the
density p(y|0, x) of the response Y (at experimental condition z) is governed by a by normal
distribution with mean

(4.1) (z,0) = Zejgﬂ‘

and variance o(z, @), where the variance and design space are given by

02(55>9> = Opy1exp(Oniox) , X =[0,0] (0ny1 > 0,0,49 >0)
0%(2,0) = (1—2) "+ 114 2) %271 X =(=1,1) (bhs1,0p2 > 0)

and b > 0 is a constant. We also note that there are several other variance functions, which are
usually investigated in the context of polynomial regression [see Karlin and Studden (1966), p.
328, Chang (2005) or Chang et al. (2009)]. For these variance functions similar results to those
described in the following section can be obtained, but the details are omitted for the sake of
brevity.

Adapting the notation of the previous section we have for the parameter of interest 6, =

(0o, . ..,0,)T and for the nuissance parameters @s = (0,,11,0,12)7. The Fisher information at a
point x € X is given by

I 0) I 7]
(44) [(.T, 0) _ 11(1’, ) 12($? ) c Rn+3><n+3,

]21(5(],0) IQQ([E,@)

where Ij5(x,0) = 0 € R"™1*2 and

(45) ]11($70) = 0'_2(1'79)(1'i+j)i7j:0 77777 n € Rn—i—lxn-ﬁ-l’
_ 1 0 o T s
(4.6) In(2,0) = 500 9)(@92” ($,0)><8020 (1,0)) R

In the following we call a design optimal m-point design, if it maximizes a particular optimality
criterion in the class of all designs supported at m points. Our first result describes the class
of all Bayesian-optimal (n + 1)-point designs for polynomial regression and variance function
(4.2) with respect to the Jeffreys and the Berger-Bernardo prior.

Theorem 4.1 Consider the polynomial regression model (4.1) with variance function (4.2) and
design space X = |[0,0].

(1) Assume that (0, ...,0n42) € © C (RY)™HD x RT x Ry, where © is a compact set. The
canonical moments of the Bayesian optimal (n+1)-design with respect to the Jeffreys prior
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are given by (p1,...,Pon—1,1), where p1,...,pan—1 € (0,1) are obtained as a solution of
the system of equations

0= n ;};j L — an;Z + (p2is1 — in—1)(5an Qj—lpj)fl (i=2,..,n—1)
= D e gy
0= n;];l — n2;21 + (ps — %)(i qj-1pj)”

(2) Assume that (0, ...,0,.) € © C (RF)™FD x (RT)? is a compact set, denote by z the
largest root of the nth Laguerre polynomial L%l)(x) and define

y = f8n+2d9n+2
fd0n+2 ‘
(a) If by > =z, then the Bayesian optimal (n + 1)-design with respect to the Berger-
Bernardo prior puts equal masses at the roots of the polynomial :L'Lgll)(x'y).

(b) If by < z, then the canonical moments of the Bayesian optimal (n + 1)-design with
respect to Berger-Bernardo prior are obtained as a solution of the system of equations

p2n:1
n—t+1 n—1+1
P2i—1 1 —paia

n—1i+1 n—1 .
- —bW(l—p2i—1)+b7p2i+1 =0 (Z: 17---,71—1)
D2i 1 — po

with qo = 0. Moreover, the optimal design has equal masses at its support points.

—by(1 = pai—a) +byp2 =0 (1 =1,...,n)

Proof. Note that the lower diagonal block of the Fisher information is given by

1 1 0n+1£L‘
I 0 .
22 ($ ) 292+1 ( 9n+1x 0n+1x2 >

If ¢ denotes a design with n + 1 support points x1,...,x,1, then it follows from Theorem 3.1
that
n+1
(4.7) |Mi1(€,0)| = %exp b9n+22xz
bn n l ‘ 2n+1
= (9_+1)n+1 H(Q2j—2p2j—IQQj—1p2j)n_ﬁ_l exp(—b0, 12 Z Qj_lpj)-
" j=1 j=1
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Moreover, the canonical moments p; and py are related to the moments ¢; and ¢y by ¢; = bp;
and ¢y = b?(py + qip2), respectively [see Dette and Studden (1997)], which yields for the lower
right block of the matrix M (&, 0) in (2.12)

1
9n+1b P1P2q1-

(4.8) [M2(&,0)| = 1

Consequently, Bayesian optimal designs with respect to the Jeffreys and the Bernardo-Berger
prior depend only on the parameter 6,5, and only this dependence will be reflected in the
optimality criterion.

For a proof of (1) note that the criterion (2.11) reduces to

3
_nt3 n

Ot i neghn
B,(¢) = o /(%b Ydb, 41 /R+ |:H(q2j—2p2j—1q2j—1p2j) 2

j=1

2n+1

Z 45— 1Pg>(p1p26h) :|d9n+2

7j=1
n

ben+2

X exp(

a2 n—j+1
= bZQnH H(QQj72p2j71Q2jflp2j> : (p1p2(h)
J 1P J] 1

N

with appropriate constants a; and ay. Obviously this expression is maximized if (py, ..., po,—1) €
(0,1)>1 and ¢oup2ns1 = 0, which can be achieved either by py,y1 = 0 and py, € (0,1) or if
pon = 1. Now assume that py, € (0,1) then (pi,...p2,) € (0,1)?" would be a solution of
the system of equations % log®,(&) =0, j =1,...,2n. The derivative with respect to the
coordinate po, yields the equation

1 q2n—1
log®,(&) = - - =0,
Opan 2p2n Z?:l 4j—1DPj
which gives
2n—1
(4.9) Gon-1P2m = Y Gj1D;-
=1

Inserting this expression in the partial derivative with respect to ps,_1 yields

1 1 1 1
P2n—1 o q2n—1 G2n—2 — P2n P2n—1 o q2n—1 q2n—2 — P2n

8p2n—1 2 E:?Z1QB—1iU 2 2pongan—1

which is equivalent to pa,gan—1 = Gon—2P2,—1. Combining this equation with (4.9) gives

2n—2

Z ¢j—1p; =0
j=1

12



which is a contradiction to the assumption p; € (0,1) (: = 1,...,2n). Consequently, we have
pan = 1 and calculating % log®,;(¢) =0 for j = 1,...,2n — 1 gives the system of equation
stated in part (1) of Theorem 4.1.

We now turn to a proof of part (2). Recall the representation (4.8), which yields for the first
ratio of the determinants in criterion (2.17)

)~ R !
J | Mss(€, 01, t2)|/2dts [ty dtng [ dtngs ag

where the last equality defines the constant 3 in an obvious manner. We introduce the notation

= /d01 7 Qg = /d9n+2; Oy = /9n+2d9n+2-

Observing the fact that the Fisher information matrix is block diagonal we obtain

[M(&,0)]/|M2(&,0)] = [Mn (€, 0)],

and (4.8) yields for the optimality criterion (2.17)

)]dOy + ; [n(n+1)log(b)

2n+1

+ Z n — j+ 1)1og(qoj-2p2j-1G2j-1P2;) Z qj— 1@])
7j=1

Ppp() = a; exp(/[ %o Qn—&l—l log(—

0n+1

Consequently, the Bayesian optimal (n + 1)-point design with respect to the Berger-Bernardo
prior is obtained by maximizing the expression

n 2n+1
Z(n J +1)log(qaj-2paj-142j-1P2;) — — Z 4j—1D;j
=1 =1
with respect to the canonical moments (py,...,pons1) € [0,1]*"*1 and identifying the design

corresponding to these canonical moments by Theorem 3.2. But this problem has been solved by
Dette and Wong (1998), and the assertion follows from Theorem 3.2 in this reference observing
that v = ay/as. O

Example 4.1 In this example we illustrate the application of Theorem 4.1 by calculating
Bayesian optimal designs with respect to non-informative priors in the polynomial regression
model (4.1) with variance function (4.2). Recall that only the parameter 6, o appears in the
optimality criterion in a non-trivial way and as a consequence Bayesian optimal designs depend
only on prior information regarding this parameter. We assume that 6,2 € [0,4]. In Table
1 we present Bayesian optimal 4-point designs for the cubic regression model on the interval
X = [0, 1] with respect to the Jeffreys prior, the Berger-Bernardo prior and Bayesian D-optimal
4-point design with respect to a uniform distribution. The Bayesian D-optimal design with
respect to the uniform prior and Bayesian optimal design with respect to the Bernardo-Berger
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prior are similar, where the latter puts less weights at the boundary of the design space. On the
other hand the support points of the Bayesian optimal design with respect to the Jeffreys prior
in the interior of the design space are larger. In Figure 1 we illustrate the application of Theorem
2.2 and 2.3. We observe that all designs satisfy the necessary condition for optimality.
Corresponding results for a quadratic polynomial regression model are depicted in Table 2,
where the design space is now given by the interval [0,3]. Here the right boundary point of
the design space is a support point of the Bayesian optimal design with respect to the Jeffreys
prior and the Bayesian D-optimal design with respect to the uniform prior. On the other hand
the Bayesian optimal design with respect to the Berger-Bernardo prior does not contain the
point 3 in its support. We observe from Figure 2 that not all designs satisfy the necessary
condition of optimality. Therefore we maximized the criteria for 4-point designs numerically,
and the corresponding designs are shown in Table 3. Only the criterion based on the Jeffreys
prior yields a 3-point design while the other hand two criteria yield 4-point designs. Moreover,
all designs meet the corresponding necessary condition for optimality (these results are not
depicted for the sake of brevity).

(2.6) with (2.7) (2.11) (2.17)
&(xi) Ly () €y £(x;) Z;
0.2760 0 0.2809 0 0.25 0
0.2195 | 0.2072 | 0.2170 | 0.2347 | 0.25 | 0.2177
0.2082 | 0.6606 | 0.2114 | 0.7018 | 0.25 | 0.6497
0.2963 1 0.2907 1 0.25 1

Table 1: Bayesian optimal 4-point designs with respect to non-informative priors for the cubic
polynomial regression model on the interval [0, 1] with variance structure (4.2), where 0,19 €
[0,4]. Left column: Bayesian D-optimal designs with respect to the uniform prior. Middle
column: Bayesian optimal designs with respect to the Jeffreys prior. Right column: Bayesian
optimal designs with respect to the Bernardo-Berger prior.

We finally briefly discuss optimal designs with respect the variance function (4.3). In this case
we are only able to determine the Bayesian optimal designs with respect to the Berger-Bernardo
prior.

Theorem 4.2 Consider the polynomial regression model (4.1). If the design space and the
variance function are given by X = (—1,1) and by (4.3), respectively, then the Bayesian optimal
(n + 1)-design with respect to the Berger-Bernardo prior puts equal masses at the roots of the

(n + 1)th Jacobi polynomial PT(Lill’gQ)(x), where the parameters g, and go are given by

f 0n+jd02 .
gj fdez ) j )
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Figure 1: The necessary condition of optimality for three Bayesian-optimal 4-point designs in
the cubic polynomial regression model with variance structure (4.2). Left: Bayesian D-optimal
design with respect to a uniform prior. Middle: Bayesian optimal design with respect to the
Jeffreys prior. Right: Bayesian optimal design with respect to the Berger-Bernardo-prior.

(2.6) with (2.7) (2.11) (2.17)
§(xi) X £(xi) Z; §(x;) Z;
0.3356 0 0.3624 0 0.3333 0
0.2686 | 0.6532 | 0.2527 | 1.1859 | 0.3333 | 0.6340
0.3958 3 0.3849 3 0.3333 | 2.36603

Table 2: Bayesian optimal 3-point designs with respect to non-informative priors for the
quadratic polynomial regression model on the interval [0, 3] with variance structure (4.2), where
Onio € [0,4]. Left column: Bayesian D-optimal designs with respect to the uniform prior.
Middle column: Bayesian optimal designs with respect to the Jeffreys prior. Right column:
Bayesian optimal designs with respect to the Bernardo-Berger prior.

Proof: Observing the representation (4.6) we obtain for the lower block in the Fisher informa-
tion matrix I(x, @) the representation

log®(1 — ) log(xz + 1)log(1 — ) ) .

[n(2,6) = <log(m +1)log(1 — ) log®(x + 1)

Therefore we have
| Moy (€, 0)]'/2 1 1

[ | Mas(&, 01, t2)|/2dty B [ dOs oy
where the last equality defines the constant s in an obvious manner. Consequently, for an
(n+1)-point design with masses &(xg), ..., &(x,) at the points zy, . . ., z,, the optimality criterion
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Figure 2: The necessary condition of optimality for Bayesian optimal 3-point designs in
the quadratic polynomial regression model with variance structure (4.2). Left: Bayesian D-
optimality. Middle: Bayesian optimal design with respect to the Jeffreys prior. Right: Bayesian
optimal design with respect to the Berger-Bernardo-prior.

(2.6) with (2.7) (2.11) (2.17)
§(xi) Ly (i) T §(x;) Z;
0.3209 0 0.3624 0 0.3193 0
0.1931 | 0.4480 | 0.2527 | 1.1859 | 0.2478 | 0.4728
0.1601 | 1.2939 | 0.3849 3 0.2453 | 1.4472
0.3259 3 0.1876 3

Table 3: Bayesian optimal 3- or 4- point designs with respect to non-informative priors for the
quadratic polynomial regression model on the interval [0, 3] with variance structure (4.2), where
Onio € [0,4]. Left column: Bayesian D-optimal designs with respect to the uniform prior.
Middle column: Bayesian optimal designs with respect to the Jeffreys prior. Right column:
Bayesian optimal designs with respect to the Bernardo-Berger prior.

reduces to
1
pp(6) = avexp( [ o—log| [T ¢l [T =) (14wt T (o —20)?|d65)
. ,
=y exp /—log 1 — )t (1 4 xj)9"+2+1|Hn(§)|] d@z),

where a; := [ d6; and the matrix H,(¢) is the Hankel matrix of the (n + 1)-point design &,
that is

Hn(8) = (citj(§))ij=0,..n Hf (z5) H (i — x0)*.
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Observing Theorem 3.2 it therefore follows that the Bayesian (n + 1)-point optimal design with
respect to the Bernardo-Berger prior can be determined by maximizing the expression

2n+1 n n
g1+1 g2+1
( H Qi> <P2n+1 H(in—1QQi)>
=1

H(QQi—2p21‘—1QQi—1p2i

i= i=1

)n—i+1

with respect to the canonical moments py,...,pa,1. Straightforward algebra gives for the
corresponding “optimal” canonical moments

1
D2i—1 = Gt 1+ ! —; +=1,....,n+1
g1+g2+2(n+1—19)
n+1—2

D2 = 1=1,...,n+1.

G+g+2n+l—i)+1"
The design corresponding to these canonical moments has been determined in Studden (1982a)
and puts equal masses at the roots of the (n+ 1)th Jacobi polynomial P,E‘fl’”) (x) [see also Dette
and Studden (1997) for an alternative proof], which completes the proof of Theorem 4.2. O

5 Bayesian optimal designs for nonlinear regression

In this section we illustrate the application of the methodology determining Bayesian optimal
designs for the EMAX model and a compartment model, which are frequently used in pharma-
cology. Locally optimal designs for this model have been determined by numerous authors [see
Atkinson et al. (1993), Jones et al. (1999), Dette et al. (2008) and Dette et al. (2010)] and we
present some Bayesian optimal designs with respect to non-informative priors.
For both models we assume that the response at experimental condition z € X is normally
distributed with mean p(z, @) and variance 6(0) = 63 > 0. Here the variance is considered as
a nuissance parameter. For the criterion (2.6) we use a uniform and a functional uniform prior
for the parameters (6y,0;,602) and an arbitrary prior for f3. The criteria with respect to the
Jeffreys prior and the Berger-Bernardo-prior are equivalent in this case. All designs have been
calculated numerically using Maple.
We begin with the EMAX model which describes a dose-response relationship
911’

,LL(ZL‘,O) - 90 + M7
where ¢, determines the asymptotic maximum effect, 65 the dose that gives half of the asymp-
totic maximum effect and 6, describes the effect of placebo.
In Table 4 we display some Bayesian optimal designs with respect to non-informative priors,
where the design space is given by the interval [0, 4]. For the parameters we assume 6y > 0,6, €
(0,5], and 05 € [1,6], where 6y and 3 are each from a compact interval.
We observe that the Bayesian-optimal 3-point designs with respect to the Jeffreys prior and
the Berger-Bernardo prior and the Bayesian D-optimal design with respect to the functional
uniform prior look similar, while the Bayesian D-optimal design with respect to the uniform
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(2.6) with (2.7) | (2.11)/(2.17) | (2.6) with (2.8)
() T £(x;) Z; £(xi) T;
0.333 0 0.333 0 0.333 0
0.333 | 1.2028 | 0.333 | 0.9472 | 0.333 | 0.9766
0.333 4 0.333 4 0.333 4

Table 4: Bayesian optimal 3-point designs with respect to non-informative priors for the EMAX
model on the interval [0,4]. Left column: Bayesian D-optimal design with respect to the uniform
prior. Middle column: Bayesian optimal designs with respect to the Jeffreys and Bayesian
optimal designs with respect to the Bernardo-Berger prior. Right column: Bayesian D-optimal
designs with respect to the functional uniform prior.

Figure 3: The necessary condition of optimality for optimal 3-point designs in the EMAX model.
Left: Bayesian D-optimality design with respect to a uniform prior. Middle: Bayesian opti-
mal design with respect to the Jeffreys prior and the Berger-Bernardo-prior. Right: Bayesian
optimal design with respect to a functional uniform prior.

prior has a larger interior support point. The application of Theorem 2.1 - 2.3 is illustrated in
Figure 3. We observe that all designs satisfy the necessary condition for optimality.

We conclude this paper with a brief discussion of Bayesian optimal designs for a compart-
ment model, which is used as a model for the concentration of a substrate over time involving
absorption and the elimination of a substrate. Here the mean is given by

p(x, 0) = Oy(exp(—b1z) — exp(—0ax)),

where 6, is the elimination constant and 6, the absorption constant. The corresponding optimal
designs are displayed in Table 5, where the design space is given by X = [0,20] and 6y > 0,6, €
[0.05,0.07], and 6y € [3.3,5.3] [see Atkinson et al. (1993)]. As before 6, and 05 are each
from a compact interval. All designs presented in this table satisfy the necessary condition of
optimality (the corresponding plots are not displayed for the sake of brevity). Interestingly all
designs exhibit a very similar structure.
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(2.6) with (2.7) | (2.11)/(2.17) | (2.6) with (2.8)
§(xi) T §(x;) Z; (i) T

0.333 | 0.2286 | 0.333 | 0.2321 | 0.333 | 0.2343
0.333 | 1.4106 | 0.333 | 1.4310 | 0.333 | 1.4420
0.333 | 18.1145 | 0.333 | 18.3185 | 0.333 | 18.3132

Table 5: Bayesian optimal 3-point designs with respect to non-informative priors for the com-
partment model. Left column: Bayesian D-optimal designs with respect to the uniform prior.
Middle column: Bayesian optimal designs with respect to the Jeffreys and the Bernardo-Berger
prior. Right column: Bayesian D-optimal designs with respect to the functional uniform prior.
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