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Abstract

The contingent valuation method (CVM) is a widely used experimental method to
measure the monetary value of goods. However, CVM estimates are sensitive to experi-
ment design. In this study, we formulated the optimal design problem as a minimization
problem of the Fisher information metric of a gradient vector field generated by using
the statistical model of the CVM. Furthermore, a necessary and sufficient condition
of the optimal design was proven.

Keywords Optimal design - Contingent valuation method - Binary response model -
Efficiency bound

1 Introduction

The contingent valuation method (CVM) using discrete response valuation questions
is a widely used experimental method to measure the monetary value of nonmarket
environmental goods. In the experiment, an agent is asked if she will buy a certain
good at the price of x or not. She will accept the offered price if her willingness-to-pay
(WTP) w to the good is higher than x. Let y = 0 if x is accepted and y = 1 if rejected,
that is,

vy ={w < x}. (D)
Let u be the distribution of w. The objective of the experiment is to estimate the value

of 6 (u), where 0 is a given function of w. For example, if the mean value of the WTP is
to be determined, 6 () = f w dp(w) should be estimated. By observing independent
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copies of (x, y) obtained from (1), the value of 6(u) could be consistently estimated
by standard statistical techniques such as probit, logit, or nonparametric maximum
likelihood [18].

The survey design problem has been a major problem since the CVM was introduced
by Bishop and Heberlein [6] and Hanemann [13]. For a survey question, a statistician
should choose the bidding price distribution v, from which x is randomly sampled.
WTP estimates derived using the CVM are sensitive to the choice of v [9, 11, 17].
Optimal designs for v are to ease the sensitivity problem by minimizing the variance
of these estimates. Cooper [10] proposed the optimal design using logit formulation
of 1, and Alberini [1] studied the design for the probit. Duffield and Patterson [11]
considered the optimal design for nonparametric . Kanninen [16] generalized the
results to the multinomial logit model, where y takes multiple discrete values. For
comprehensive surveys on the literature, please refer to [7, 8, 15].

This study investigated the optimal design problem from the perspective of infor-
mation geometry. We generalize the nonparametric approach of Duffield and Patterson
[11] by considering general response y = p(w, x) and nonspecified target 6 («). Under
the general settings, we formulated the optimal design problem as the minimization of
the Cramér—Rao lower bound of 6 (i) over a set of the bidding price distributions v.
The problem was solved using general optimization techniques because it is the opti-
mization of a function over a finite-dimensional space. However, in such approaches,
the computation could be messy and a solution would be less intuitive. Instead, we
used the information geometry method to formulate the problem. Because the Cramér—
Rao lower bound is equal to the squared Fisher norm of a tangent vector field on the
statistical manifold, the necessary and sufficient condition for the optimal design is
concisely stated through dual connections [2—4].

The remainder of this paper is organized as follows: Sect.2 introduces the geom-
etry of finite measures. Section 3 presents the results of this study, which includes a
necessary and sufficient condition for optimal design. According to this condition, a
design becomes optimal if and only if it generates a vector field that is orthogonal to its
own e-connection. In Sect. 4, the results are applied to the binary response experiment
presented in (1). Section5 presents the conclusion of the paper.

2 Geometry of finite measures

In this section, the geometry of finite measures is introduced. The terms and definitions
are based on Chapter 2 of Ay etal. [4]. LetZ = {1, ..., n} be an arbitrary finite set. The
linear space of function f : Z — R is denoted by F(I). The space has the canonical
basis {¢! € F(Z) :i € T}, where

i _ 1 G=D
e= {0 (G #0).
Each f € F(Z) is expressed as follows: f = Y7, fie'.
The dual space S(Z) := F*(Z) is the set of signed measures i : F(Z) — R. The

dual basis {41, ..., 6,} is defined as follows:
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L G=))

sr={o ¢z}

Each 1 € S(Z) is expressed as u = Y i, w'8; with coefficients {', ..., u"}, such
that

n(h = [ fdii=3 g e
i=1

and
n .
fruw=) ] fin's € S@).
i=1
On S(Z), we introduce a coordination system by p — (u', ..., ™). Given point
n € S(@), the tangent space of S(Z) is T,5(Z) = Span {a%’ R %} The m-

representation of a tangent vector a € T, S(Z) is

a(u) =) _a's € S,

i=1

which allow us to identify 7}, S(Z) with S(Z). In the following part, the tangent vectors
and spaces are always given in the form of their m-representations.

Let My (2) = {,u eSO :ut>0,ice I}. As an open submanifold of S(Z),
the tangent space of M (7) is identified with S(Z). Given two tangent vectors a and
bin T, M (Z), the Radon—-Nikodym derivatives with respect to 1 are denoted by the
following expression:

d "al . db " b
—azza—.e’ and —:Z—.e’.
d“ i=1 Ml dM i=l1

The Fisher metric on T, M4 (Z) is now introduced by

da db " atbt
g (Cl, b) =u <_ : _) = — (2)
: du du ; W

and the Fisher norm is ||la|l, := \/gu(a, a).
Let PL(2) := {[1, eEML@) Y = l}, which is the set of positive proba-
bility measures on Z. The tangent space T,,P, (Z) is identified with

So(T) := {M eS@ Y u =o}.

i=1
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Let6 : P+ (Z) — R be a smooth functional. The differential of € in u is a linear form
(d0), : T,P,(I) — R thatis obtained by

O(n + ta) —O(w)
p .

(d6)a = %(u) = lim
The Fisher metric allows the differential to be identified with the gradient (36),:
dO)a = gula, (00),), aeT,Pid). 3)
The gradient vector field of € is as follows:
00 : Pr(L) — TPL(D), > (00),.

Given two points & and 1 in P4 (Z), the m-parallel transport is determined by the
following expression:

Hl([)nli/ : T,[P.,_(I) =80(2) — TM’P+(I) =S@), ar> a.

The e-parallel transport Hl(fL, : T, Py (I) — TPy (D) is the conjugate of the m-
transport and satisfies

ow (M), 1"b) = 8, (a.b).

For two smooth vector fields A : 4 +— a, and B : u — b, on Py(Z1), the m-
connection V™ and e-connection V(@ are defined by the following expression:

H;(erll—)tau,ubl/-+ta,4 - bl/- ob

(m) :
viUB| =1 2 4
48| = lim t TG @)
and
(e) H;(L?—l‘a [Lbli“rtap, - bl”v
VY'B| = lim 4
m t—0 t
Bb( ) da, db, (@ b) )
= — - - a,, .
day, " de  du Gullp, Op) |

See Appendix A.1 for the proof. According to the definitions,
2 @A By, =g (V4| LB Ay, VOB 6
(g( ) ))M - g/L C s P + g/L 123} C ( )
acu 123 I3

holds for three arbitrary vector fields A, B, and C, where g(A, B) denotes a function
w gulay, by).
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3 Main results

3.1 Model
Suppose that a mapping p : W x X +— ) is provided, where W = {w1, ..., w,},
X = {x1,...,xn},and Y = {y1, ..., y¢} are arbitrary finite sets. Let 0 € S(W),

7€ SX x)Y),and f € FOV x X x ). In the following, o (f) and t(f) denote
functions that are respectively determined by the following expression:

n
o XXV >Ry [ f@rdo@ =Y @
i=1
and
m L .
()W >R, o /f(w,x, VAT y) =YY flo,xj, v/t
j=1k=1
Specifically, for a function I, : W x & x )V — {0, 1} such that I,(w, x,y) =
Ho(w,x) =y}, uy)(x,y) = Z?Zl]l{,o(a)i,x) = y}u' provides the conditional

distribution of y = p(w, x) conditioned on x when w is distributed according to
w € P+ (V). This is because

P{y = )’k|x :x]} = Eﬂ, [H{y = yk} | X =x]]
= E, [I{p(@, x}) = y)]

=Y T xj)) = yilu'.

i=1
We denote the joint distribution of x and y, where u € P+ (W) and v € P, (X), as
p(u,v) == uy) - v, (7
sothat p (i, V) (xj, yi) = > iy Hp(wi, xj) = yi 3 v/, in which p is considered as a

mapping P+ (W) x P (X) — P (X x ). For simplicity of subsequent description,
let

Pv () = p(:,v)
and
op() = p(u,-).

Given f € F(X x ))), the expectations and conditional expectations of f(x, y)
are computed as follows:
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Euolf (e, 1= pQu, v)(f)

m L n
=3 fGiy0 Y Wi x)) = yehu'v?
i=1

j=1k=1

=Y > f plwn xpuv7,

i=1 j=1

ELLf 0= )" fx, plon, )’ = pu(f(x, p(, 1)),

i=1
and
EuLf (e Mol =Y fx), pl@, x,)v) = v(f(, p(, ).
j=1

For g € (W), the conditional expectation of g(w) is expressed as follows:

i g@)lip(@i x) =y}’ pg L), y)
Yo Hp(wi, x) = yiu! w@p)(x, y)

E, lg(w)|x, y] =

Let £ be an experiment introduced by p on X' x V-
E:=R(p) ={pu,v) : pePLW),v € PL(X)}, (8)

where R(-) denotes the range of the given mapping. Two subsets, &, and £,, are also

provided by &, := R(py) and &, := R(p,). In the following expression, we assume
that

(Al) p(u,v) > Oforevery u € PL(W) and v € P4 (X), and that
(A2) p(61,V), ..., p(8,, v) are linearly independent, where {51, ..., §,} is the basis of
SW).

Under (A1), £ becomes a submanifold of P, (X x V), and &, and &, are submanifolds
of £. Moreover, the following result is obtained:

Proposition 1 Assume (A1) and (A2). Let 6 : P+ (W) — R be an arbitrary mapping.
Given v, a mapping k, : £, — R exist such that

Ky (v () = 0(1). ©
Proof For arbitrary (1 and uy,
po(ian) = pu(p2) = (@) - v = pa(y) - v =Y (uh — uh) (i (Ip) — 8, (1)) - v,
i=1
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which becomes 0 when and only when ©1 = p,. Therefore, under (A1) and (A2), p,
becomes one to one. Let k, := 6 o (,ov)’l, and the proposition is shown. O

The proposition reveals that (A1) and (A2) are sufficient conditions for the statistical
identification of 6 (1¢). In the experiment, independent realizations of (x, y), with which
pv(w) is estimated, were observed. The existence of a one-to-one correspondence
between p, (1) and 0 (w) implies that the value of () is statistically estimated from
the observations.

Because p, and p,, are linear mappings, their differentials are obtained by (dp,), :
o > py(o) = p(o,v)and (dpy)y : n+> pu() = p(u, n). Furthermore, as p(u, v)
is bilinear in (u, v), its differential at (u, v) is obtained by the following equation:

dp)py = (dpv)p + @dpu)v, (0, 1m) = plo,v) + p(u, n). (10)

The tangent spaces of &, and &, at p(u,v) are TynEy = R((dpy),) and
Tpu.v€x = R((dpy)v), which are orthogonal to one another because of the fol-
lowing:

9o (u,v) ((dpu),m, (dpu)vn)

= i XE: (i Mo i, xj) = ydo'v/] - [30 K@i, x)) = yidu'n']
j Yo Ho(wi, xj) = yiduivi

for every o € T,PL (W) = So(W) and n € T, P4 (X) = Sp(X). The tangent space
of £ at p(u, v) is Tp(u’v)g = pr,v)gv D TP(MVV)‘C;M'
The adjoint operator (d ,Ov):l is determined by the following expression:

I
(dpv);i : Tp(;/.,v)gv - T,P.W), t—T < L ) i (11)
M(Hp)

where 7 = 37| Zf{:] T/k8; 1, {8 k) is the basis of S(X' x )), and

I, " Mplwix)) =y ;
. i) = ’ 7 . . 12
[’<u(ﬂp>> “](”) 22t ST Tpn ) =yt 1 1P

j=1k=1
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The operator is the adjoint of (dp,), because

n ottty ) @
* (Ip)
gulo. dp)iT) =y (“M”,. )

I
1= ©

h

¢
ol S er,k Hp(wi, xj) = yi}
1 =1 Yoney Hp(on, xj) = it

i=1 Jj

ok Y Hp(wi, xj) = ykloivi
Yo p(wi, xj) = yeyuivi

I
NE

~.
I

((dpv)o)(xj, yi) - T(xj, Yk)
P, v)(xj, yi)

Il
™M=
M- 1-

j=1
= Gp(ur) ((dpn) 0. 7).

Note that the definition (12) of (d p,,); is independent of v.

3.2 Optimal design

Suppose that the goal of the experiment is to estimate the value of 6 : P (W) — R
at a certain point x. In the following, we assume that

(A3) (80), € R((dpv)})

for each (i, v) € Pr(W) x P4 (X). This is the differentiability condition in Ref.
[22], and a regular estimation of 6 (u) is possible only if the condition holds.

Proposition 2 Assume (A1)—(A3). The gradient (3ky) o, (u) 0f ky =00 (,ov)_l & —
R exist such that

(90) = (dpy)}, (0k0)p,(w)» (3K0) p, () € Ty () Ev- (13)

Proof Because «, (p, (1)) = 6(1), the differential of «, is a linear mapping dk,, such
that

(de)pV(u)(dpv)G = (dO)uo =gu (CT, (89);/.)

for every o € T),;P; (W). See the following diagram:

v (dpv)
PLOV) —2s &, TP (W)~ T, 06
gl JKU = (de)ul l(dkv)mm
id id
R — > R R —_— R
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Under (A3), there exists T € T, )&y such that (36), = (d p,))Zf. Therefore,

(de)pu(u)(dpv)U = gu(o, (dpv)zf) = gpv(u)((dpv)uo'v 1),

which implies (dkv) p, ()T = 8p, () (T, T) holds forevery © € T, (4)Ev. Because such
7 is uniquely determined, (d«,),, () = T satisfies the requirements of the proposition.
]

Equation (13) is typically referred to as the score equation. The solution d«,, to the
equation introduces a vector field d« on £ by

oKk 2 p(i, V) H> (0Ky) py (1) - (14)

The optimal design is defined as a minimizer of the Cramér-Rao lower bound
A(@|v) for the estimation of & = O (). The lower bound can be found by computing
the inverse of the Fisher information matrix, which is the variance matrix of the score

<8%110gpu(u)(x, V)sooos auaﬁlogpu(u)(x, y)) :
where 1 is parametrized by u = Y= 18 + (1 -y ui) 8- The computation
involves complex matrix calculations. Moreover, we minimized the value to determine
the optimal design.

An expression of the lower bound can be determined by characterizing the bound
as the supremum of the Cramér—Rao lower bound of one-dimensional submodels. Let
€ > 0 be sufficiently small. Consider a smooth path t € (—¢,€) > u; € P+(W),
which passes through p at t = 0 with a velocity

d
o= <E>t—0 s € SoW).

Notably,

d u d _
<E)z—0 o) = ;H{p(w,', x) =y} [(El_o u;} v(x) = (dpy),0.

The Cramér—Rao lower bound of ‘true’ t = 0 is the inverse of the Fisher information
of the submodel at t = 0. Because

i N d((dpv)ua)
<dt)t:0 log oy (us) = —d,Ou(M) )

the Fisher information of the submodel is

d 2
E.y ((E) log Pv(ﬂt)) = Op(u,v) ((dpv)uav (dpv)ua) = ||(d)0v)u0||,2)(p_,v)~
t=0
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The lower bound of 6 = 6 () along with the one-parameter submodel ¢ — p,, (11;) is
given by the following expression:

30\’ -
AMo) = (E(M)> 16 20) w0l -

Let g be the efficient estimator of ¢ = 0 attaining the lower bound, where S denotes
the sample size: that is,

A~ d —
VS-is S N©, 1@dp)uoll,)-

Given the submodel t — p,(u;), the efficient estimator of 6(u) is given by és =
0 (uz,). By the Delta method, we have the following expression:

A~ a0
Vs(bs - 0) 5 300 N O, 1@p)uo Iy, ) = N O, ()

holds (see e.g. Theorem 1.12 of Shao [21]). Because %(,u) =9, ((00),., ),

2
o
20) = g <(39)“’ m>

(d,Ou);LU >2

= Op(u.v) ((3’<v)p(u,v>» 1@ hoiem
WO llp(u,v

by the score equation (13). The Cramér—Rao lower bound for the full model is equal
to the supremum of A (o) over the submodels ¢ — p, (,) [5, 22]. Since (9ky) p(,v) €
R ((dpu)p,)’

r0|v) = sup Ao)
JE’THP‘F(W)

(0K0) p(u0) )2

= oK ,
Got) (( e G ot

2
= ”(BKU)pv(M) ”p(u,v)‘

The supremum of A (o) is attained by o such that (0x,) p(x,v) = (dpy) ;0. A submodel
having tangent vector o at p produces the largest variance to estimate 6(w) among
other submodels. Such submodels with tangent vector o are called the least favorable
or the hardest submodel [23].

Proposition 3 The Cramér—Rao lower bound of 0 = 0 (i) under v is as follows:

O = 1060, 0 12 0.0y (15)

where (0k,)p, () is a solution to the score equation (13).
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Proposition4 A(0|v) is convex in v.

Proof Let G(v) :=[g; n(v)] be an n x n matrix with the (i, &) element

8i.n(V) == @puw) (P(8i, V), p(8n, V)

for 1 <i <mand 1 < h < n.The matrix is linear in v and nonsingular according to
(A2). Because (3ky) p(u,v) 18 in T}, E,, there exists 6, € T,,E, such that (3k,) p(u,v) =
0(6y, v). Moreover, for 1 < i < n, we have the following expression:

d((96).)

= (9 Lo .
du (wi) = ( KV),O(;L,V) <—> (wi)

uy)
I (wi, x,y) R
= | ————=dp(0, ,
/u(ﬂp)(x,y) £L0y, V), ¥)
_ / dp(i, v) dp(6y,v)
) dp(u,v)  dp(u.v)
= Bp(p,v) ()0(81" V), p(6, V))

dp(u,v)

n
= gia(sl. (16)
h=1
Lety = (y1, ..., yn)—r be a vector of coefficients of d((96),)/du, and let 6, =
6),...,6M 7. Then, (16) implies that 6, = G(v)~'y. From Proposition 3,

AO) =6, G)e, =y Gw) 'y,
Therefore, we have the following expression:

M@t 4+ (1 =) =y Gavi + 1 =)~y

—1
=yT[iGon+a-nG6m] y
< (@1 + (1= DA0v)

for arbitrary v; and vy in P, (X) and for any ¢ € (0, 1) because of the convexity of
the matrix inversion: for any positive definite matrices A and B,

tA+(1-0)B) '<tA'+ 1 -nB7! (17)
holds, where the inequality is in the sense of positive definite matrices [19,20]. O

Definition 1 The optimal design for 6 = 0(u) is v € P4(X) such that

A@v) = inf  A@OP). 18
@1v) V,E%%(X) @) (18)
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Tp(uw)gl’

Fig. 1 The first order condition (19) of the optimal design

Theorem 1 v is optimal for 6 = 6(w) if and only if

800 (O pis Vi @) ) = 0 (19)

holds for any H € Ty(,,v)E, (Fig. 1).

Proof Because v — A(0|v) is convex, the lower bound is minimized at v if and only
if the first order condition

(i> A@v) =0 (20)
an

holds for any n € T, P+ (X). Because A(0|v) = ||(3Kv)p(u,1))||%(u‘v)’(Zo)is equivalent
to

=0

(m)
V., ok, 8/()’ =
g( " p(,v)

(e)
+ <8K, \% 3K)‘
p(,v) g "

for H = (dpu)vn € Tp(u,v)€p. From the definition of vm,

oKk — (0K
Vg")ax‘ — lim (Okv11n) p(,vtrm) — (OKv) p(e,v) .
p(u,v) t—0 t

Because (dpy41y)5, = (dpv)F;s

t—0 1t

— lim (00),, — (30),

t—0 t

dpo)t (vgn)aK’W v)) iy @20 Osn) e = (A0)(O0) p
=0.

@ Springer



Differential geometry for the optimal design of the... 425

Therefore, we have the following expression:
(m) _ * (m) ~
o (Vo o) =g, ((dp,,)u (vH K| > , ov>
p(1,v) p(,v)
=0, 2

where (3k) vy = (0k0) p(ue,v) = (dPy) By |

Corollary 1 v is the optimal design for 0(w) if and only if
e (d(aKu)p(M,u) x y)>2 g (d(BKu)p(u,u) x y)>2 22)
"L\ doGeony T L do(uany

forallx € X.
Proof From the definition of V), we have the following equation:

dn d(d
v}j)ak‘ - vg”)a,(‘ _ <_” ) M) o(u, ).
p(,) o) dv  dp(u,v)

Note that g,y (0 (1, 1), (Oky) p(u,vy) = 0 because p(u,n) € Tyuv)€y and
(06) p(u,v) € Tp(u,mEv- Therefore, (19) is equivalent to
x:|:| =0,

dn d(@kv) p(u.v) ?
Fu [a@‘) o [(W( )

which holds for an arbitrary n € Sp(X) if and only if (22) is satisfied. O

The intuition behind this condition can be obtained from the following expression:

d(0) pi.y ’
A(Mv)=/&[(%<x,y))

If the lower bound is minimized at v, any small perturbations that are added to v will
not significantly change the value of A(6 | v). This condition is possible if and only if
the integrand on the right-hand side is independent of x.

xi| dv(x). (23)

Example 1 To see how the theorem works, let us consider a trivial response function
p(w, x) = w + x, where YV and X are subsets of R. In this case, the joint density of
(x,y)is given by p(u, v)(x, y) = Y i Ho; +x = y}u'v(x) = u(y — x)v(x). The
differential of p, and its adjoint are as follows:(dpy,),0(x,y) = o(y — x)v(x) and
(dpy)ft(w) = Z;fl:] 7(xj, xj + ) because

s o (ke — x ) V() - T k)
9o (AP0 7) ZZZ . M()}C’Z—jcc;)v(xjjj .
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"o () Yy T o1 + X))

w(w;)

i=1

i (‘7’ i T(xj, -+ x,/))~
j=1

The score equation (36),(w) = Z;-”zl 0Ky (xj, w + xj) is solved by 9k, (x,y) =
(00) . (y — x)v(x). Forevery n € T,P1(X) and H = p(u, 1),

Vi ok, (x, y) = (00),(y — X)n(x)

and
VO, (5, ) = V™0 (5, 1) = Ty - =208 ) p(s v)(r, )
b I TR P Y(TD R WY
d
= (00),(y — )0 (x) — ﬁ(x) - (30),.(y — )V (x)

=0.

Therefore, the condition (19) is trivially satisfied at arbitrary v. In this example, w is
always observable because p is invertible as w = y — x. The distribution of x does
not affect estimation efficiency. Thus, the choice of v becomes significant only when
a model with information loss is estimated.

The optimality can be checked by applying the corollary, too. In this example,

dok, (. y) = (00), (y — x)v(x) _ (00), (y — x)
dp(p,v) u(y —x)v(x) pn(y —x)

which is independent of v. Because

- dor, 2
" <m(x, y))

is independent of x, arbitrary v becomes optimal when p(w, x) = w + x.

n(w;)

n . 2
} _y (M) (@)
i=1

4 Binary response experiment

The optimal design to estimate the mean WTP Ew with the binary response (1)
and nonparametric u was proposed by Duffield and Patterson [11]. They directly
minimized the asymptotic variance of the maximum likelihood estimator of Fw to
determine the optimal design. In this section, we apply Theorem 1 to replicate their
result.
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LetW ={&,...,&}, X ={&,...,&-1},and Y = {0, 1}, where &1, ..., &, are
n real numbers such that 0 < &) < --- < &,,. Because w < &, holds with probability
one, the highest price &, is not contained in the support of x.

In the experiment, the joint distribution of (x, y) is obtained by the following
expression:

o, v)E;, y) = (yrl0, &1+ (1 — y)p(E;, 00)) v/ (24)

forj =1,...,n—landy = 0, 1, where u[0, ;] := 3_,_; w' and pu(&;, 00) =
ij w'. The model satisfies the condition (A1) because @&, y) = yu' +
(I — y)u™ > 0 holds for any (§;,y) € X x ). Assume that, for ¢1,...,c, € R,
p ¢;i8i(I,)(&;,y) = 0 holds for any (§;, y) € X x ). Because

8iMp)(Ej, y) = yI{i < j}+ (1 = I{i > j},

yZiSj ci+ 0 —y) Zi>j cj = 0 holds for j = 1,...,n — 1, which implies that
c1 = --- =c, = 0. Hence, condition (A2) is also satisfied.
The differential of p, is obtained by the following:

(dpy) o) (&), y) = (yol0, &1+ (1 — y)o (&5, 00))v/

forevery o € T,PL(W) = So({&1, ..., &}). The adjoint operator is determined by

al0, Ej O—(Ejaoo) i
d N ) = JZt s ]
(dp)}T)E) Z o0& ; G oo |

foreach t = p(o,v) € T)u)Ev. '
Lety :=d(d6),/du = >_7_, yie' with

—(u) Zu (u) (I<i<n-—1
yi = (25)
Zu (u) (i =n)

The derivation of (25) is explained in Appendix A.2. Let (3ky)p(u,v) = p(Gv, V),
where &, satisfies

jGV[O &l + ]O'u(éjaoo) 26
Z 4l0,;] ; GRS 0

@ Springer



428 H. Tanaka

for 1 < i < n. Note that condition &, € Sy(W) implies 6,[0, c0) = 6,[0, &] +
6y (&,00) =0for1 <i <n — 1. By the score equation (26),

Viel — Vi :_vi&v[os &il +Vi6'v(é§i9 00) — i 6,0, &1
AR ul0.&1 (. o) w10, &1p (€, 00)”
which implies
o )’;+1
ov[0,&j] = ————ul0, §;1u(&;, o0)

for1 < j <n—1and&,[0,&,] = 0. Thus, we obtain the following expression:

d(3Kkv) p(u,v)

_ )/,+1 Vi ‘ o .
dp(u, v) &0 7) = vi (ypb(%'],oo) (I = y)ulo, é]])

and

n—1

MO [v) =)

j=1

2
(V’“v—)u[o £i1u(E;. 00). 27)

The conditional expectation

Ak py .\
Eu [( oy ”)

becomes independent of &; if and only if

v =i VIO &GS 0 o)
Szt st — val /10, En T 00)

forj =1,...,n—1.Inparticular, when 0 (u) = [ fdu with f € F(W), the optimal
design for 6(u) is obtained by the following expression:

j |f&j+1) = FED|YRIO. &;11(E;, 00)

V= n—1 (29)
n=1 1.f En+1) — fEI /1[0, Eplp(En, 00)

2
x = s,} = (V’“v—jy) 10, &1 (. 00)

because

90 n—1 )
G 0= [Zu F&) + (1 - Zu’) f@n)] = fE) — fE.
i=1

Equation (29) is equivalent to equation (8) of Duffield and Patterson [11].

@ Springer



Differential geometry for the optimal design of the... 429

However, this design is not feasible because it contains an unknown . A feasible
alternative is the min—max design that is defined as follows:

Vimin— = Arg min su XC v)|.
min—max gveﬂ(x) |:,ue73f()W) @ (| )]

In the binary experiment, the maximal risk to estimate 6 (u) = f fdu is equal to the
following:

n—1 2
(fEvD) — fE))
NC = - ,
S HOW ) ; T

where the supremum is obtained by u = §1/2 + &, /2. The risk is minimized by the
following expression:

J | fEj) — FE)|
Vhin-max — n—1 . (30)
Yoot | f €)= f (€|
In particular, when W is equally spaced so that &, — & = --- =&, — §,_1, the min-

max design for estimating E,,w becomes a uniform distribution on X'. Therefore, the
uniform design should be theoretically justified for the binary response experiment to
estimate the mean.

5 Conclusions

In this study, the optimal design problem of the CVM experiment was described from
the perspective of information geometry. The problem is formulated as the minimiza-
tion of the Cramér—Rao lower bound, which is equal to the squared Fisher information
norm of the gradient vector of the parameter functional to be estimated, over a sta-
tistical manifold of finite probability measures. The problem is solved by using the
duality of the (e, m)-connections on the manifold. The necessary and sufficient con-
dition of the minimization is stated as the orthogonality between the gradient and its
e-connections. The result is applied to a classical binary experiment to confirm that it
replicates the results obtained in Ref. [11].

In this study, finite probability measures are considered to avoid the technical diffi-
culties of infinite dimensional spaces. To enhance the applicability of the result of the
paper, generalizing the model to an infinite dimensional manifold is critical. To find
more application examples is crucial. In the “double-bounded” CVM, for example,
each respondent is posed with a second question depending on the response to the first
question: if the first offer is accepted, then the second bid is set higher than the first
bid; whereas, if the first offer is rejected, the second bid is set smaller. Therefore, the
response function is provided by the following expression:

) = (e < x}, o < x'}) € {0, 1} x {0, 1},
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where x is the first bid and x’ is the second bid. The statistical efficiency of the
double-bounded CVM is considerably improved compared with the conventional
single-bounded CVM [14]. Asymptotic properties of the nonparametric estimation
of the model were extensively studied by Groeneboom and Jongbloed [12]. In the
future, the optimal distribution of the sequential bidding prices (x, x) can be deter-
mined by applying the result of this study.
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Appendix A
A.1 The e-connection on the manifold of finite probability measures

LetA:p+> ay, B:ur by,and C : u +— c, be smooth vector fields on Py (7).
By the definitions of I7‘, we have the following expression:

(e) (m) _
Ou (Hquta,L,p,blL-Ha,u 1 M+mﬂ,ucu+taﬂ> = Buttay (bu+mw Cu+mﬂ)

for sufficiently small ¢. Therefore, we have

(e)
. H;L+tau,ub#+mu - b#
gu | lim ,Cu
t—0 t

.1
= lim — I:g/“FmM (bli+mu s C,Mer“) —Ou (bu, H/Yi)taﬂ,uc)]

t—0t
(m)
1 uta,,u€ — Cu
— . _ _ _ . (28]
= tlgr(l) ‘ [Q;H-ta“ (b;H—taﬂs Cu+ta“) I (b;u C}L)] Iu b;u th_r)r(l) :
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d " Dyitia, St
- (5), D i, (] )
dt),—o = W +ta, t—0 n

n i i
1 (ab a, b
=2 i lg, W= el
i1 M “ B
ab da, db,
_g’L(Ba ) du dp C“)

which implies the existence of a constant ¢ such that

(e)
V| tim Dttt T 0 ) G
z»o t day du du

because ¢, € Sp(Z). Since VS)B‘ € Sy(2) is also required,
W

i=1 W

n i i
. b a, by, .
(=2 = Z(ﬁ ) M—’?u’)w(awbﬂ),
i=1
which proves (5).

A.2 Derivation of the gradient (25) of O(u)

Choose arbitrary o € So(W). Let u; = p + to, then
n—1 n—1
pe=) (' + 1005 + (1 — D '+ w’)) 3
i=1

i=1

For arbitrary constant yp,

g 20— 00 _ Z i

t—0

1
—Z (—(u) )ua +— ("
whn
=gy ((ae)u, o)
holds, where " =1 — Zl'-'z_ll wh, o = Zl | o!, and

n—1

P .
@0, =) (F(“) VO) Wi 4 (=y0) " 8n.
i=1
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Because (00),, € T, P+(W) = So(W) is required by the definition,

n—1

00 i n
Z — ) =y )+ (=you" =0,
i=1 3/L
which implies yg = Z;} %(M)uh. Thus,
—1 n—1 n—1
d(d0), ”Z 30 36 W\ a0 i
— = — () = E —wpt e+ |- E — (| e"
dp i=1 o h=1 I h=1 o

is obtained.
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