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1. Introduction

Suppose that for each number of subjects, we measure a response y and a vector of co-
variates x, in order to estimate the parameters f3 of a regression model which describes
the conditional distribution of y given x. If we have sampled directly from the conditional
distribution, or even the joint distribution, we can estimate § without knowledge of the
distribution of the covariates.

In the case of a discrete response, which takes one of J values y1,..., y;, say, we often
estimate 3 using a case-control sample, where we sample from the conditional distribu-
tion of X given Y = y;. This is particularly advantageous if some of the values y; occur
with low probability. In case-control sampling, the likelihood involves the distribution
of the covariates, which may be quite complex, and direct parametric modelling of this
distribution may be too difficult. To get around this problem, the covariate distribution
can be treated nonparametrically. In a series of papers (Scott and Wild [1, 2] Wild [3])
Scott and Wild have developed an estimation technique which yields a semiparametric
estimate of f3. They dealt with the unknown distribution of the covariates by profiling
it out of the likelihood, and derived a set of estimating equations whose solution is the
semiparametric estimator of /3.
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This technique also works well for more general sampling schemes, for example, for
two-phase outcome-dependent stratified sampling. Here, the sample space is partitioned
into S disjoint strata which are defined completely by the values of the response and possi-
bly some of the covariates. In the first phase of sampling, a prospective sample of size N is
taken from the joint distribution of x and y, but only the stratum to which the individual
belongs is observed. In the second phase, for s = 1,...,S, a sample of size n(ls) is selected
from the nés) individuals in stratum s which were selected in the first phase, and the rest
of the covariates are measured. Such a sampling scheme can reduce the cost of studies by
confining the measurement of expensive variables to the most informative subjects. It is
also an efficient design for elucidating the relationship between a rare disease and a rare
exposure, in the presence of confounders.

Another generalized scheme that falls within the Scott-Wild framework is that of case-
augmented sampling, where a prospective sample is augmented by a further sample of
controls. In the prospective sample, we may observe both disease state and covariates, or
covariates alone. Such schemes are discussed in Lee et al. [4].

In this paper, we introduce a general method for demonstrating that the Scott-Wild
procedures are fully efficient. We use a (slightly extended) version of the theory of semi-
parametric efficiency due to Bickel et al. [5] to derive an “information bound” for the
asymptotic variance of the estimates. We then compute the asymptotic variances of the
Scott-Wild estimators, and demonstrate their efficiency by showing that the asymptotic
variance coincides with the information bound in each case.

The efficiency of these estimators has been studied by several authors, who have also
addressed this question using semiparametric efficiency theory. This theory assumes an
i.i.d. sample, and so various ingenious devices have been used to apply it to the case of
choice-based sampling. For example, Breslow et al. [6] consider case-control sampling,
that the data are generated by Bernoulli sampling, where either a case or a control is
selected by a randomisation device with known selection probabilities, and the covariates
of the resulting case or control are measured. The randomisation at the first stage means
that the i.i.d. theory can be applied.

The efficiency of regression models under an approximation to the two-phase sam-
pling scheme has been considered by Breslow et al. [7] using missing value theory. In this
approach, a single prospective sample is taken. For some individuals, the response and the
covariates are both observed. For the rest, only the response is measured and the covari-
ates are regarded as missing values. The efficiency bound is obtained using the missing
value theory of Robins et al. [8].

In this paper, we adopt a more direct approach. First, we sketch an extension of Bickel-
Klaassen-Ritov-Wellner theory to cover the case of sampling from several populations,
which we require in the rest of the paper. Such extensions have also been studied by
McNeney and Wellner [9], and Bickel and Kwon [10]. Then information bounds for the
regression parameters are derived assuming that separate prospective samples are taken
from the case and control populations.

The minor modifications to the standard theory required for the multisample effi-
ciency bounds are sketched in Section 2. This theory is then applied to case-control sam-
pling and an information bound derived in Section 3. We also derive the asymptotic
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variance of the Scott-Wild estimator and show that it coincides with the information
bound.

In Section 4, we deal with the two-phase sampling scheme. We argue that a sampling
scheme, equivalent to the two-phase scheme described above is to regard the data as aris-
ing from separate independent sampling from S+ 1 populations. This allows the appli-
cation of the theory sketched in Section 2. We derive a bound and again show that the
asymptotic variance of the Scott-Wild estimator coincides with the bound. Finally, math-
ematical details are given in Section 5.

In the context of data that are independently and identically distributed, Newey [11]
characterises the information bound in terms of a population version of a profile likeli-
hood, rather than a projection. A parallel approach to calculating the information bound
for the case-control and two-phase problems, using Newey’s “profile” characterisation, is
contained in Lee and Hirose [12].

2. Multisamples, information bounds, and semiparametric efficiency

In this section, we give a brief account of the theory of semiparametric efficiency when
the data are not independently and identically distributed, but rather consist of separate
independent samples from different populations.

Suppose we have ] populations. From each population, we independently select sep-
arate i.i.d. samples so that for j = 1,...,], we have a sample {x;;, i = 1,...,n;} from a
distribution with density pj, say. We call the combined sample a multisample. We will
consider asymptotics where nj/n—wj,andn=n;+---+nj.

Suppose that p; is a member of the family of densities

P = {p;j(x.Bn), BEB, nEN], (2.1)

where 9 is a subset of R, and N is an infinite-dimensional set. We denote the true values
of B and # by By and 70, and p;(x, Bo,70) by pjo. Consider asymptotically linear estimates
of B of the form
J N
Vn(B-Po) = 7 > 2 ¢ (xij) +0p(1), (2.2)

j=1li=1

where E;¢;(X) = 0, E; denoting expectation with respect to pjo. The functions ¢; are
called the influence functions of the estimate and its asymptotic variance is

J
2w 49]) 8

The semiparametric information bound is a matrix B that is a lower bound for the
asymptotic variance of all asymptotically linear estimates of 8. We have

Avarf} = > wiE; [¢]¢JT] > B, (2.4)
J

where the ¢; are the influence functions of j.
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The efficiency bound is found as follows. Let T be a subset of R p so that Pr=1{p i(x, 3,
n(t), BB, t € T} is a p-dimensional submodel of . We also suppose that if 7o is the
true value of #, then #(f) = 7o for some t;, € T. Thus, the submodel includes the true
model, having 8 = 3o and 1 = .

Consider the vector-valued score functions

j _ Ologp; (x,B,n(t))
= ot ’

(2.5)

whose elements are assumed to be members of L,(Pjo), where Pjo is the measure cor-
responding to p;(x,[0,70). Consider also the space Ly (Pjo), the space of all Ry-valued
square-integrable functions with respect to Pjy, and the Cartesian product 7 of these
spaces, equipped with the norm defined by

J
1ivee SN = 3wy [ 1517 26)
j=1

The subspace of # generated by the score functions (l'l,q,...,l.;,n) is the set of all vector-

valued functions of the form (Al'w,. .. ,AI.M), where A ranges over all k by p matrices.

Thus, to each finite-dimensional sub-family of %, there correspond a score function and

subspace of # generated by the score function. The closure in # of the span(over all such

subfamilies) of all these subspaces is called the nuisance tangent space and denoted by 7.
Consider also the score functions

_ dlogp;(xp.1)
ap '
The projection I* in ¥ of i/; = (i/;,l,...,iﬁ,]) onto the orthogonal complement of 7, is

called the efficient score, and its elements (which are members of L, x(Pjo)) are denoted
by l]* The matrix B (the efficiency bound) is given by

Is.j 2.7)

J
B = Y wiE [ IFIFT]. (2.8)
j=1

The functions B l]* are called the efficient influence functions, and any multisample asymp-
totically linear estimate of 3 having these influence functions is asymptotically efficient.

3. The efficiency of the Scott-Wild estimator in case-control studies

In this section, we apply the theory sketched in Section 2 to regression models, where the
data are obtained by case-control sampling. Suppose that we have a response Y (assumed
as discrete with possible values yi,...,y;) and a vector X of covariates, and we want to
model the conditional distribution of Y given X using a regression function

fitx,)=P(Y =y; | X =x), (3.1)
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say, where f3 is a k-vector of parameters. If the distribution of the covariates X is specified
by a density g, then the joint distribution of X and Y is

fi(x,B)g(x) (3.2)

and the conditional distribution of x given Y = y; is

mm&m:ﬁﬁggﬁ, (3.3)
J
where
;= f fi (e B)g(x)dx. (3.4)

In case-control sampling, the data are not sampled from the joint distribution, but
rather from the conditional distributions of X given Y = y;. We are thus in the situation
of Section 2 with g playing the role of # and

(3.5)

sy~ B8

j
3.1. The information bound in case-control studies. To apply the theory of Section 2,

we must identify the nuisance tangent space 7, and calculate the projection of g on this
space. Direct calculation shows that

_ dlogfi(x,p) _%j[alogfj(x’ﬁ)], (3.6)

=0 9B

where €; denotes expectation with respect to the true density pjo, given by pjo(x) =
P;(x,0,80), where By and gy are the true values of  and g. Here, and in what follows,
all derivatives are evaluated at the true values of parameters.

Also, for any finite-dimensional family {g(x,#)} of densities with g(x,t,) = go(x), we
have

. dlogg(x,t) dlogg(x,t)
hi= T _%j[ ot ] (5:7)

It follows by the arguments of Bickel et al. [5, page 52] that the nuisance tangent space is
of the form

Ty = ((h=€[h],....h—&[h]) :h € L (Go) ], (3.8)

where dGy = godx, and L, x(Gy) is the space of all k-dimensional functions f satisfying
the condition [ || f 112 dGo(x) < co.
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The efficient score, the projection of i/g on the orthogonal complement of J,, is de-
scribed in our first theorem. In the theorem, we use the notations 7jo = [ f;(x,80) dGo(x)

J W
Zz*
= (g jtse- B ) (3.9)
]
¢i(x) = Z - Llg 1 f; (x.Bo).-
j=1

Then we have the following result.

THEOREM 3.1. Let A be the operator L,(Go) — L2(Gy) defined by
J
Wi :
(An) = F e~ 3 2 f (L) | (3.10)
j=1 TTj Tj 2

where (-, ), is the inner product in L,(Gy). Then the efficient score has j, | element
Is.j1 — it + E;[h}'], (3.11)
where h" is any solution in Ly(Gy) of the operator equation
Ahf = ¢1. (3.12)

A proof is given in Section 5.1.

It remains to identify a solution to (3.12). Define P;(x) = (wj/mjo) f;(x,0)/ f* (x) and
vy = ijPj/f* dGy. Let V = (vj;), W = diag(w1,...,w;), and M = W — V. Note that the
row and column sums of M are zero since

JPP f*dGy = w; — fJ]fjdGo:O. (3.13)
J—l ]

Using these definitions and (3.10), we get

]
= * _ i £k
Ay = hf ]; (hl, . >2P] ¥ (3.14)

so that Ah; = ¢; if and only if

i (hl, ) . (3.15)

j=1 172

This suggests that i will be of the form

J
hf = ]‘fi + > ¢P; (3.16)
=1
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for some constants ci,...,¢;. In order that k" satisfy (3.12), we must have

J ’
cj— ZC]" (Pj',j_?) —W]-_l((pl,Pj)Z:O, j=1..,] (3.17)
j'=1 172
Now,
(Pjr,£> =7 Jpjrfj dGo=w;' JPj,ij* dGo=(W™'V),, (3.18)
2

so that (3.17) will be satisfied if the vector ¢ = (cy,...,c)T satisfies
Mc = dy), (3.19)

where d; = (diy,...,dy)T with dji = (¢1,P})>. Thus, we require that ¢ = M~d(;), where M~
is a generalised inverse of M.
Our next result gives the information bound.

THEOREM 3.2. Let D = (dy,...,dx) and ¢ = (¢1,...,¢x)T. The inverse of the information
bound B is given by

J
Z il it #9! dGy—D'M™D. (3.20)
~ /3] ﬁj f* '

See Section 5.2 for a proof.

3.2. Efficiency of the Scott-Wild estimator in case-control studies. Suppose that we
have J disease states (typically ] = 2, with disease-state case and control), and we choose
n; individuals at random from disease population j, j = 1,...,], observing covariates
X1,j>--->Xn;,j for the individuals sampled from population j. Also suppose that we have a
regression function f;(x,f), j = 1,...,J, giving the conditional probability that an indi-
vidual with covariates x has disease state j. The unconditional density g of the covariates
is unspecified. The true values of  and g are denoted by S, and g, and the true proba-
bility of being in disease state j is mjo = | f(x,0)go(x) dx.
Under the case-control sampling scheme, the log- hkehhood (Scott and Wild [2]) is

~

J nj J N
Z Z log f; (xij 8) Z Z ogg(xij) Z njlogm;. (3.21)

Scott and Wild show that the nonparametric MLE of 8 is the “beta” part of the solution
of the estimating equation

J " 3l ”
Z Z d ng x] ﬁ P) —0, (3‘22)
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where 0 = (,&P):P = (pl)--~)P]—1))

. efl fi(x, ) '
P' B _ - s = 1,..., - 1)

j (X ﬁ P) Z{:ll epzfl(x,/j) +f](x)/3) ! ] (3 23)
P (x,B,p) = b

Sl et fix, )+ fi(x,8)

A Taylor series argument shows that the solution of (3.22) is an asyptotically linear esti-
mate.

Thus, to estimate f3, we are treating the function /*(0) = 2521 Z?il logP}k (xij,B>p) as
though it were a log-likelihood. Moreover, Scott and Wild indicate that we can obtain a
consistent estimate of the standard error by using the second derivative —9%I* (6)/06067,
which they call the “pseudo-information matrix.”

Now let n = n; + - - - +ny, let the n;’s converge to infinity with n;/n — wj, j = 1,...,],
and let po = (po1,...,poy-1)", where exp(poj) = (w;/mo;)/(wy/moy). It follows from the law
of large numbers and the results of Scott and Wild that the asymptotic variance of the
estimate of f3 is the B3 block of the inverse of the matrix

/ 9*logP? (x1,B.p)
* _ _ ) ) ] l]) bl
r= j_le,%][ 96067 }

(3.24)

where all derivatives are evaluated at (fy,po). Using the partitioned matrix inverse for-
mula, the B block of (I*)~! is

(1 -1, (1 )71 * )71 (3.25)
BB "o \pp eB) > )
where I* is partitioned as
I, I}
I = [I/jf I’ff]. (3.26)
PB PP

To prove the efficiency of the estimator, we show that the information bound (3.20) co-
incides with the asymptotic variance (3.25). To prove this, the following representation of
the matrix I* will be useful. Let S be the J X k matrix with j, [ element S;; = (dlog f;(x,8)/
9f1) |g=p, and jth row S;, and let E be the J X k matrix with j,  element €;[S;;]. Also note
that P;(x) = Pj‘ (x,o>po) and write P = (Py,...,Ps)T. Then we have the following theo-
rem.

Turorem 3.3. (1) Iy = S w;€;(8;87] - [ STPPTS f*dGy.
(2) Let U= WE — [ PPTSf* dGy. Then I;‘ﬁ consists of the first ] — 1 rows of U.
(3) I, consists of the first ] — 1 rows and columns of M = W — V.

A proof is given in Section 5.3.
Now we show that the information bound coincides with the asymptotic variance.
Using the definition ¢;(x) = Z§=1(Wj/ﬂjo)lﬁ,jlfj(x,ﬂo), we can write ¢ = (S— E)TPf*,
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and substituting this and the relationship i[; =S —Einto (3.20), we get
J
1= wiEj[ 88| -ETWE - I(s —E)"PPT(S—E)f*dGy(x) ~-D'M D.  (3.27)

Moreover,
D- Ipqs dGo(x JPPT S—E)f*dGy(x) =WE-U-VE=ME-U.  (3.28)
Substituting this into (3.27) and using the relationships described in Theorem 3.3, we get
B =15 -U'M U-E'I-MM )U-U"(I-M M)E. (3.29)

By Theorem 3.3, the matrix

oo
["(’)’T 0] (3.30)

is a generalised inverse of M, so UM~ U = 1, ’II . Also,
(I-MM )U=(I-MM )(ME-D)= (I-MM )ME— (I- MM )MC=0 (3.31)

by the properties of a generalised inverse. Thus, B~! = Iﬁﬁ Iﬂpl* _II and the Scott-
Wild estimate is efficient.

4. Efficiency of the Scott-Wild estimator under two-stage sampling

In this section, we use the same techniques to show that the Scott-Wild nonparametric
MLE is also efficient under two-stage sampling.

4.1. Two stage sampling. In this sampling scheme, the population is divided into S strata,
where stratum membership is completely determined by an individual’s response y and
possibly some of the covariates x—typically those that are cheap to measure. In the first
sampling stage, a random sample of size #y is taken from the population, and the stratum
to which the sampled individuals belong is recorded. For the ith individual, let Z;; = 1
if the individual is in stratum s, and zero otherwise. Then n(()s) = >™", Z; is the number
of individuals in stratum s. In the second sampling stage, for each stratum s, a simple
random sample of size n? is taken from the n individuals in the stratum. Let x;s, i =

1,.. ,nf and yjs, i = 1 sy ) be the covariates and responses for those 1nd1v1duals Note

that nl depends on no ) and must be regarded as random since n(()) > 1 fors=1,...,S.

We assume that the distribution of nl depends only on ng , and that, conditional on the
(S) > (S) > .
ng s, the ny s are independent.
As in Section 3, let f(y | x,3) be the conditional density of y given x, which depends
on a finite number of parameters 8, which are the parameters of interest. Let ¢ denote the

density of the covariates. We will regard g as an infinite-dimensional nuisance parameter.
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The conditional density of (x, y), conditional on being in stratum s, using Bayes theorem,

is

L) f(y [ x,B)g(x)
Loy f(y | x,B)g(x)dxdy’

(4.1)

where I(x, y) is the stratum indicator, having value 1 if an individual having covariates
x and response y is in stratum s, and zero otherwise. The unconditional probability of
being in stratum s in the first phase is

H () f(y|xB)g(x)dxdy. (4.2)

Introduce the function Q;(x,8) = [L(x,y)f(y | x,3)dy. Then,

Q- JQs(x,ﬂ)g(x) dx. (4.3)

Under two-phase sampling, the log-likelihood (Wild [3], Scott and Wild [2]) is

s ny’ s n’

> Dlogf(yis | xisf) + > > logg (xis) + Z mslog Qs, (4.4)

s=1i=1 s=1i=1

where m; = n(()s) - nl Scott and Wild show that the semiparametric MLE /3 i.e., the

“B” part of the maximiser [3, g) of (4.4)) is equal to the “B” part of the solution of the
estimating equations

oL* o0e*
E I “3

The function €* is given by

(s) s)
s '

s nf s
5 (B.p) =D D logf (yis | xisB) — > > log [Zyr )Qr (xis, B } + > mglogQs(p),
s=1i=1 s=1i=1 s=1
(4.6)
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where Q; (p),...,Qs(p) are probabilities defined by 25521 Qs(p) = 1andlogQ,/Qs = ps, s =
1,...,S, and ps(p) = c(ng — ms/Qs(p)). The ps’s depend on the quantity c and the m;’s, and
for fixed values of these quantities, they are completely determined by the S — 1 quantities
ps. Note that the estimating equations (4.5) are invariant under choice of c. It will be
convenient to take c as N~!, where N = ng + n;, where n; = ZSS:1 n(f).

In order to apply the theory of Section 2 to two-phase sampling, we will prove that
the asymptotics under two-phase sampling are the same as those under the following
multi-sample sampling scheme.

(1) As in the first scheme, take a random sample of 7 individuals and record the
stratum in which they fall. This amounts to taking an i.i.d. sample {(Z;,...,Zis),
i=1,...,n9} of size ng from MULT(1,Qy,...,Qs).

(2) Fors=1,...,S, take independent i.i.d. samples {(xs, yis), i = 1,... ,n(f)} of size n§5>
from the conditional distribution of (x, y) given s, having density p;(x, y,,¢) =
L, y) f(y | x,B)g(x)/Qs.

We note that the likelihood under this modified sampling scheme is the same as before,
and we show in Theorem 4.1 that the asymptotic distribution of the parameter estimates
is also the same. It follows that if an estimate is efficient under the multisampling scheme,
it must also be efficient under two-phase sampling.

THEOREM 4.1. Let N = ng + ny, where n; = ZSS:1 n(ls), and suppose that /N (no/N — wp) A
0 and \/N(n(f)/N — W) Lo,s=1,..8

Let O be the solution of the estimating equation (4.5), and let 6y be the solution to the
equation

S

woé[yo(Zi1,...,Z,0) ]+ D €[ ys(x, ,0)] =0, (4.7)

s=1

where €, denotes expectation with respect to ps,

) S
WO(ZI)---)ZS)Q) = %ZZSIOgQS)
5=t (4.8)

0
ys(x, y,0) = %{logf(y [ x,/8) —log[gyst(x,ﬁ)] —long}, s=1,...,S

Then VN(8 — 6y) is asymptotically N(0,(I*)"'V(I*)~) under both sampling schemes,
where V = 3.3 wiE[ (s — Ed[ys]) (ys = Eslys)T] and 1* = = 3.3 wiE,[9y/96)].

A proof is given in Section 5.4.
4.2. The information bound. Now we derive the information bound for two-stage sam-

pling. By the arguments of Section 4.1, the information bound for two-phase sampling is
the same as that for the case of independent sampling from the S+ 1 densities ps(x, y,3,¢),
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where

Ps(x,9,8,8) = IS(x’y)f(g x’ﬁ)g(x), s=1,...,S,

Py pg)=Q0 - Q,

(4.9)

where Z; = I;(x, y) is the sth stratum indicator.
First, we identify the form of the nuisance tangent space (NTS) for this problem. As in
Section 3, we see that the score functions for this problem are

S
= 2BREIBD) S 72,19)

9p = (4.10)
i = W _PS], s=1,...S

where & = dlog f(y | x,3)/9f3 and €, denotes expectation with respect to the true den-
sity ps(x, v,B0,£0). Similarly, if g(x,) is a finite-dimensional subfamily of densities, then
dlog ps(x,y,B,g(x,t))/0t = h—€[h],s=1,...,S, and

S
alogpo (x,)/,[;>g(x)t)) _ ZZS%S[I/I]’ (411)

ot

s=1

where h = dlogg(x,t)/0t. Arguing as in Section 3, we see that the NTS consists of all
elements of the form

T(h) = (ZZ (€s[h] —€[h ]),h—%l[h],...,h—%s[h]>, (4.12)
s=1

where € denotes expectation with respect to Gy.
As before, the efficient score is [* = [ — T'(h*), where h* is the element of L (Gy)
which minimises ||/ — T'(h) |I§f. An explicit expression for this squared distance is

k S S
Z {WO Z% [Zs{%s[g)j] _%s[hj]+%[hj]}2]+z Ws%s [{yj_%s[gj] _hj'i'(gs[hj]}z] }:
j=1 s=1 s=1

(4.13)

where hj and ¥; are the jth elements of h and ¥, respectively. To obtain the projection,
we must choose /; to minimise the term in the braces in (4.13). Some algebra shows that
this term may be written as

S S
(hj:Ahj) -2( h])¢] 2+Z WOQsO_Ws)%s[g)j]z"'zws%s[y]zL (4.14)
s=1 =1
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where Qo = [ Q(x,B0)g0o(x)dx is the true value of Qs, (+,-), is the inner product on
Ly(Gp),and Aisa selfad]omt nonnegative definite operator on L,(Gy) defined by

S S
Ah = Q* {h 7 Z Z ))rs I (X)Qr(%ﬁo)go(x)dxps}’

r=1s=1 Q"O
N
Q*(x) = ;Qso (X /50)
_ (WS/QSO)Qj(x7ﬁ0)
Ps(x) - Q*(X) >
WOQr(l_Qr) r=s
_ Wr bl - b
A e Xo) L
Wr
: dlog Qs (x, S
</>j(x) = Z 0 ( ﬁO)Tj | =Bo Z Z ()P (x) (8 Yrs)%s(gfj)'
s=1 <8 s=1r=

(4.15)

As in Section 3, (4.14) is minimised when h; = hf, where h; is a solution of Ah; = ¢;,
which must be of the form

. S
@:ﬁ+gwa (4.16)

for constants c,; which satisfy the equation

S yVS > (8rs_yrs)
- Z Z Ve = >~ d, (4.17)

s=1 Ws

where v, = [ P,P,Q*dGy and dsj = (Ps,¢;)2. Writing T = (yrs), C = (¢,j), D = (d,j), W =
diag(wy,...,ws), and V = (v,,), (4.17) can be expressed in matrix terms as

MC =D, (4.18)

where M = W(I —T)~! — V. These results allow us to find the efficient score and hence
the information bound, which is described in the following theorem.

THEOREM 4.2. The information bound B is given by
S S ¢¢T
= Zws%s[yng] + Z (WOQSO - Ws)%s[gj]%s[gj]T - Q* dGy(x) — D'MD.
s=1
(4.19)

The proof is similar to that of Theorem 3.2 and hence omitted.
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4.3. Efficiency of the Scott-Wild estimator. Let 6= 3 ,p) be the solutions of the estimat-
ing equations (4.5). By Theorem 4.1, under suitable regularity conditions, 8 is asymptot-
ically normal with asymptotic variance

) G Y4 Gl (4.20)

where I and V are as in Theorem 4.1. It turns out that the matrix V is of the form

0 0
ok % *
V=I*-1I (oT A)I (4.21)

for some matrix A. Thus, the asymptotic variance of 8 is

_ 0 0
*—1
I <0T A) , (4.22)

and it follows from the partitioned matrix inverse formula that the asymptotic variance
matrix of § is the inverse of

Ly — 15, (1) 1%, (4.23)
where I* is partitioned as
I I
I = [ o "”] . (4.24)
PB IPP

To demonstrate the efficiency of ﬁ, we must show that (4.23) and (4.19) coincide. To
do this, we need a more explicit formula for I*. Let S be the S X k matrix with s, j element
(0log Qs(x,3;)/9P) |p=p,> and let E be the S X k matrix with Ith row Es = €[], where
S = (dlog f(y | x,8)/9p) |g=p,- Also define

ps(p)Qs(x,8)
S5 i (p)Qr(x,B)

and note that Ps(x) = P} (x,Bo,po0), where py satisfies Qs(po) = Qs, s = 1,...,S. Finally,
write P = (Py,...,Ps)T. Then we have the following theorem.

P (x,B,p) =

(4.25)

THEOREM 4.3.
(1) iy = 35, we&[99T] - [ STPPTSQ* dGy(x).
(2) Let U = WE — [ PPTSQ* dGy(x). Then I;)“ﬁ = ATU,, where Uy consists of the first
S—1rows of Uand A is a nonsingular (S — 1) X (S — 1) matrix.
(3) I}, = ATMoA, where My consists of the first S — 1 rows and columns of M = W(I —
)1 -V.

The proof is given in Section 5.5.
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We now use Theorems 4.1 and 4.2 to show that the efficiency bound (4.19) equals the
asymptotic variance (4.23). Arguing as in Section 3, we get

N
B =15 -1y ! ot {Z (woQso — ws) E;ET + ETW(I — F)E}. (4.26)

s=1
We complete the argument by showing that the term in the braces in (4.26) is zero. We
have
T

S S S
E'WI-D)E” = > (ws — woQu ) EE! + m(Z QsoEs> (Z QsoEs)
s=1 s=1

s (4.27)
= Z (Ws - WOQSO)ESE

since zf:I QE;s = 0. Since the term in the braces in (4.26) is zero, the asymptotic variance
coincides with the information bound and so the Scott-Wild estimator has full semipara-
metric efficiency.

5. Proofs

5.1. Proof of Theorem 3.1. The efficient score is the projection of iﬂ onto 7, and so
it is of the form Ig — g, where g is the unique minimiser of ||z — gl|3, in . By (3.8),
this is lﬁ T(h*), where h* is the (unique) minimiser of ||l,3 T(h )II% in Lz,k(Go). Write
h* = (hf,..., k). Then,

Iy~ =55 o] =i = 1571 G0 (5.1
ll]l
so that we must choose #;° to minimise
J
Z Jz,;], CE;[hF1)2f dGo = Zw] J[20] + (ARt ), = 2(80 k),
(5.2)

Now let &/ be any solution in L,(Gy) to (3.12). Then for any h in L,(Gy), using the fact
that A is selfadjoint and positive-definite, we get

M=
=

Il
—

]
z Ej[ B3]+ (An k), = 2(¢ih), = > wiEi[ B | - (Ahf b ), + (h = ki, A(h =),

J

v
M~
=

Ej(i[z;,jz) — (Ahy,hy"),

-
I
—

(5.3)

with equality if & = h;® so that the efficient score has j, [ element Sg i —h/ + E;[h]] as
asserted.
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5.2. Proof of Theorem 3.2. Thel, !’ element of B! is

PRZALT T EDY 77] J (g.jt =i = Ej(hi")) (g,jv = hi — Ej(hy)) f;dGo
i1 i1

J
2 Ejllg jilg.ju 1+ (AR )2 = ($1,hi), = (k1)
; (5.4)
= Z Ejllg jilg,jr] = (1.hi1),
! b1y _
= Z l/g]ll/;]l f* dGy — dr I)M d(lf)
5.3. Proof of Theorem 3.3. First, we note the formula
d’logP;  *Pf 1 OlogP] dlogP; 55
96967 90907 P} 06 06T (5:3)
and the fact that
] 22p* 1 J azp* 1
j
2. WiE) [aeaeT Pj‘} - Z agagr pr /4G
j= j=1
J azP*
*
; I 36007 4G0) (5.6)
— 872 Jf* dGo(x)
~ 00067 0
=0

since Z;ZI P;‘ = 1. Hence
J d*log P} J dlogP; dlogP;
— E. J
jZIWfEJ[ 90067 ] ; [ 0 o6r } (5.7)

Next, we note the derivatives

8logP;‘(x,ﬁ,p) /
o8l PP s Ssp
a ] sL 5
ol P*/j ) - e
(o) i (X%, P,
JlogPwhP) s _p,

opr
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when the derivatives are evaluated at (By,po). Thus

J dlogP; dlogP;
Lo opT

i J (s - Zs P ) (sj —éSSR)Tfj(x)dGo(x)
= > wiE[8;8T] - J (; SsPs> (é SsPs) Tf*(x)dGo(x)

J
= > wiE;[ ;87| - JSTPPTSf* dGo(x)

which proves part 1. Also

J dlogP; dlogP;
I > wjE; [ ]
pﬁr fid]

iz opr ap

J
I (8r5s— Py) (Sj - Zssps)fj(x) dGo(x) (5.10)

=w,E[S J(ZSP)Pf )dGo(x

which proves part 2. Finally,

pprs_zWJ J[

dlogP; alogP*]
opr 9P

j=1

J Wi

Z . I (6]r - Pr) (6j5 - Ps)f}(x) dGoy(x)
j=1 7 (5.11)

_ J (815 — Py) P, f*(x) dGo(x)

5.4. Proof of Theorem 4.1. Under the two-stage sampling scheme, the joint distribution
of {ng}, {n”} and {(xie, yi), i = 1,...on(”, s = 1,...,8} (Wild [3]) is

§ (8) () no! ng ned
Plny" Ing” | X Qg
ns:l [ ] ”((]1)| . n(()S)!

e |
S { i:115(xis’)’iS)f()/is | xis’/j)g(xis)}’ (5-12)
<[, & .

S
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Thus, conditional on the {nés)} and {n(ls)}, the random variables {(xjs, yis), i=1,... ,n(f),

s=1,...,S} are independent, with {(x;s, yis), i = 1,.. .,n&”} being an i.i.d. sample from the
conditional distribution of (x, y), conditional on being in stratum s, having density

%, Bog) = Is(x,y)f(ésl % R)g(x) (5.13)

Define

l(,S(N)(x,y,H) aa «‘Llogf(ylx, log[Zyst ]—long}, s=1,...,S,

W(gN) (ZIJ"~JZS)9) =35 zZSlOng'
20 =

(5.14)
Then the estimating equations (4.5) can be written in the form
O]
Mo () ny
D" (Zitse s Ziss0) + 2 >y (%, yisr6) = 0. (5.15)
i=1 s=1li=1

Note that the functions 1//5 ) depend on N, the n{"’s and the n’’s through the y,’s, and
the Qy’s. As N — co, the functions converge to

0
vs(x,y,0) = a(g{logf(y lx, ) — log[zyst(x,ﬂ)] - long}, s=1,...,5,

(5.16)
vo(x, y,0 ZZ logQ,,
where s = wo — (woQso — W)/ Qs.
Put
s nf
ZWO ll) 18)9) +Z sz)(xlS’yls’e) (517)

s=1i=1
A standard Taylor expansion argument gives
-1

-1
5 _( 195 1 1 (105
m(e—eo)_( N 99 HO) ms<90)+ N( N 99 “0) R, (5.18)

where the jth element of R is

r N j
00007 |,

R, = %(é—eo) (0-an, (5.19)

Snj is the jth element of Sy and 116 — 6ol < |I§— 6.
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Consider first Sy (8)/+/N. We have

Sn(60) _ [mo 1 Z{ & (Zits...,Zis, 00) — €[ wol |

\/N \/711
s o
+ L WS(N) (xisayiS)G) _%S[WS] (520)
S }

+\/Nsi (% —W0>%[V/O] +\/ﬁi (7;5) - WS>%S[1/’S]-

Since +/N(ng/(N) — wy) and /N (nﬁ”/ (N) — wy) converge to zero in probability, we see
that

S\(/>) \ﬁr ; szi {V’ON) ZIS) 60) [WO]}

© (5.21)

My

S

Ny i=1

So it suffices to consider Sy = SN + SN , where S(l) and S(z) are the first and second terms
above.

Under the alternative multisampling scheme, s§}> and s§}> are independent, as are the
S summands of Sﬁ). Thus, by the CLT, provided l//s(N) converges to y; sufficiently quickly,
we see that Sy is asymptotically normal with zero mean and asymptotic variance V =

N
Yoo Ws Var .
Conversely, under two-phase sampling, the characteristic function of Sy is

= See L PO PR, s

where >’ o) denotes summation over all possible values of the {no 1 and {nl 9}, Since SN
depends on {no } only through {n1 , (5.22) equals

E[e™v] zE[ itsy’ E[ ity | { }]]P[{ngs)},{n(ls)}]. (5.23)

(0)

Let V, = >3 w, Var[y,]. Assuming that the l//s(N) converge sufficiently quickly to the ys,

it follows that E[*SN | (n93] - exp{—(1/2)tTV,t} since the distribution of Sﬁ), condi-

tional on {n(()s)} and {n(ls) }, is the same as that (unconditionally) under multisampling.
Now let € be arbitrary and let Ny be such that

‘E[e"tsﬁ) | {n(ls)}] - exp{ - %tTVzt} ' < g, (5.24)
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whenever n(ls) > Ny fors =1,...,S. Also, assume that the (random) sample sizes ultimately

get large, in the sense that there exists N* such that

P[n" = No,..,n{’ = No] = 1- %, (5.25)

N

whenever N > N*. Denote by >(;) summation over all values of {n(()s)} and {n(f)} for

which n(f) > Ny fors=1,...,S, and let Z(z) denote summation over all remaining values.
Then,

E[eSN] = E[e”sxl)] exp { - %tTVzt} + ZE[e”SE\}) <E[eit5(§> | {nﬁs)}] —exp jL - %tTVZt}ﬂ
(6]

+ZE[eits§$> (E[eitsg) {1 _exp{ _ %tTVZt}>:|'
@

(5.26)

If ng > N*, the sum of the second two terms is less than € in absolute value. So
itS itsV 1 7
E[e™N] :E[e N]exp{—it Vzt}+o(l). (5.27)

Again by the same arguments as above, [eitSfVl)] converges to exp{—(1/2)tTV;t}, where V,
is wo Var[yo(Z1,...,Zs,60)] so that E[e™¥] converges to exp{—(1/2)t"Vt}, and hence Sy
converges in distribution to a multivariate normal with variance V=V, +V,.

Assuming that 0 is /N-consistent, similar arguments show that —(1/N)(9S/90)|¢-g,
converges in probability to I* under both sampling schemes, and that R/v/N is 0,(1).
Thus, as asserted, in both cases, VN (@ — 0p) converges to a multivariate normal with
variance (I*) "'V (I*)~L.

5.5. Proof of Theorem 4.3. Let

(P, ) f (y | %, B) '

Pi(x,y,B.p) = & 5.28
R R TN ey ) 528
From the definition of I* in Theorem 4.1 and the law of large numbers, we get
s s
d*log Q; *logP!  9?log Qs
* _ _ S _
1% = —w® [ le 26007 } ;WS%S[ 96007 96067
s s
B dlogP! dlog P! 1 o*P!
SZIWS%S[ TR —lews%s BT 90007 (5.29)

S S
02 log Qs s 0*log Qs
2 W agoat 2 MQo ggaar

s=1 s=1
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The second term of this expression is zero since

S S
1 o*Pf | 0 A
FZIWS%S[pJ aeaeT} =2 aeaeTI PedyQ dGo(x)
S

aeaeT
aZ
~ 90007
=0.

JP Q* dG()(X) (530)

| @ dGu

Now, we evaluate Izs. For the A submatrix, the third and fourth terms of (5.29) are zero.
Thus, using the derivative

oPf T
B =%-8'P, (5.31)
we get
s
dlogP! dlog P!
* _ s s
Iﬁﬁ—s_zlws%s[ Y 3B7

:Zﬂ%ﬂky—ypﬂy—fouawf@I%%Mwmd@

s=1 <8

- ZQLJ I L5 0)f (1 Bo)dydGo(x) — [ STP(STP) Q" (x) dGo()
s=1 <s0

(5.32)

which proves part 1.
Now, consider I;fﬁ,,j. Again, the third and fourth terms of (5.29) are zero. Introduce

the parameters A1,...,As_; defined by

_ wr(p) _ _
/\r—log<#s(p)), r=1,...,5S—1. (5.33)

Then,

opf M od, oPf S’i oAy
opr pouet op; Ay et opr

(8sp — Pp). (5.34)
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Thus,
S
dlogP! dlog P
* S o
IPlirj - z Ws%s|: 9, aﬁj
S— lalp
~20. H 39, Oor = Pp) | (9 =SP) L) f(y | o) dydGolx)  (5.35)
s=1
= oA,
= Py
o ap,
where
5w
Upj = on (8ps = Pp)(F = SP);L(x, y) f (y | x, o) dy dGo(x). (5.36)
s=1 <8

Then, as in Theorem 3.3, we see that u; is the p, j element of U, and so part 2 of the
theorem is true with A, = 01,/dp;.
The pp submatrix is

dlogP! dlogP{ S logQ: < 9?log Qs
Z E[ op” ZWOQ&O dpdp” +SZZIW5 Ipdp”

B dlog P! dlog P! 1 0Qs 0Q;
= ZW5E5|: ap apT — Wy Z KS ap aPT’

(5.37)

where x; = Qqws/cs. It follows from (5.34) that I;‘p = ATMyA, where My has p, q element

N
dlogP! dlogP! 1 0Q; 9Q;
ZIWE[ a, o\, ZKS o, o, (5.38)

As in Section 5.3, the first term of this expression is §,,w) — V4. Routine calculations
using the relationships A, = log(u,/us) and p, = wo — ¢,/Q, give

Q KpK,
Wj = 8pgkp — ;’*q, (5.39)

where x* = 22:1 kp. This representation implies that

319090 99
S oh, g oA,

(5.40)

so that the p, g element of My is §,qwp — vpq — wo(9Q,/0A,).

By the Sherman-Morrison formula, the p, g element of the matrix W(I—T)~! — W is
—wo(0Qp/9Ay). So the matrix My consists of the first S — 1 rows and columns of W — V +
WI-T)'-W=W(I-I)"'-V=M.
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