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SUMMARY

Hjort & Claeskens (2003) developed an asymptotic theory for model selection, model
averaging and subsequent inference using likelihood methods in parametric models, along
with associated confidence statements. In this article, we consider a semiparametric version
of this problem, wherein the likelihood depends on parameters and an unknown function,
and model selection/averaging is to be applied to the parametric parts of the model. We
show that all the results of Hjort & Claeskens hold in the semiparametric context, if
the Fisher information matrix for parametric models is replaced by the semiparametric
information bound for semiparametric models, and if maximum likelihood estimators
for parametric models are replaced by semiparametric efficient profile estimators. Our
methods of proof employ Le Cam’s contiguity lemmas, leading to transparent results.
The results also describe the behaviour of semiparametric model estimators when the
parametric component is misspecified, and also have implications for pointwise-consistent
model selectors.

Some key words: Akaike information criterion; Bayes information criterion; Efficient semiparametric estimation;
Frequentist model averaging; Model averaging; Model selection; Profile likelihood; Semiparametric model.

1. INTRODUCTION

We consider semiparametric models where the response Y is related to a vector of
covariates Z, and where at the same time there is an unknown nonlinear relationship to a
covariate X. Thus the model has a parametric component in Z and 8 and a nonparametric
component 6(X). With normal errors, a typical example is a partially linear model where
Y, = Z,-T,B + 6(X;) + ¢;. In generalized linear models or in general likelihood problems, we
start with a loglikelihood function

Z ‘C’{Yia Zi’ ﬁtrueagtrue(Xi)}a (1)
i=1

where the value of B, and the function 6, are unknown.
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Our goal is to perform variable selection in the parametric part of the model, without
assuming the nonparametric part to be known, and to obtain correct inference in the
selected model.

Most other results in semiparametric model selection only consider partially linear
models. Shi & Tsai (1999) use B-splines to estimate the nonparametric function 6(-) and
develop a small-sample adjustment to Akaike’s information criterion AIC. Fan & Li (2004)
use local polynomial estimators in a longitudinal data setting and select the variables of
the parametric part of the partially linear model by means of a penalized least squares
criterion. Simonoff & Tsai (1999) developed an improvement to the AIC for variable
selection in semiparametric and additive models. Naik & Tsai (2001) developed an AIC-
type information criterion for use in single-index models, with extension to partially linear
models. However, none of these articles deals with inference in the selected model. An
exception is Bunea (2004), who studies post-model-selection inference in, again, partially
linear regression models using penalized least squares estimation in combination with a
construction of sieves.

In this article we go further than model selection by extending the frequentist model-
averaging results of Hjort & Claeskens (2003) to semiparametric models.

2. DEFINITIONS AND MODEL ASSUMPTIONS

The true model (1) contains the parameter vector .., of which some components might
be zero, and the unknown curve 6 (-). Since it is unsure whether or not all components
of B are needed in the model, a model-selection criterion is applied. For simplicity we
consider the case of two models of interest, namely a reduced model where ﬂrTed = («T,07)
and a full model where ﬂ;{lll = (T, yT). As in Hjort & Claeskens (2003) we make the local
misspecification assumption that the g-dimensional vector y ., = 8/+/n. This implies that
the true model is a distance O (1/4/n) away from the reduced model.

In the general setting, a model is chosen from amongst the 2¢ submodels of the full
model. A particular submodel includes the full vector of coefficients «, but only part of
the coefficient vector y; the excluded components of y are set to zero. The reduced model
mentioned above is the simplest one, obtained by setting all of the components of y equal
to zero. Of course, one is free to allow only a few relevant submodels to participate in the
model selection procedure, as opposed to dealing with all 29 possible models.

Under the full model, we have a set of responses Y and covariates Z, other covariates X,
a parameter 8 and a function 6(-), with a loglikelihood function L{Y, Z, 8, 6(X)}. The true
values are S, and Oy (+). Partial derivatives of the loglikelihood function are denoted by

d
LY, Z,8,0(X)})= —LY, Z,B,v) ,
v v=0(x)

0
LelY, Z,B,0(X)} = ﬁE{Y, Z,B,0(X)}.
The second derivatives are denoted by Lgg(-), and so on.
In general, for any function F, we will use the following notation for partial and total
derivatives:

0 0
ﬁF{ﬁ,G(x,ﬂ)} = o Flu. 0(x, P)lu=p = Fp{B,0(x, )},
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a 0
—F{ﬁ 0 (x, ﬂ)}——F{u 0(x, B)lu= ﬁ+—F{,B vh=o(x, ﬂ)aﬂG(x B)

dp
= Fg{B,0(x, B)} + Fo{B,0(x, B)} ﬂé’(x B).
The key assumptions that will hold in likelihood problems are
0=E[Lo{Y, Z, Birye: Otruc(X) } X, Z], 2)
0=E[Ls{Y.Z, Birue Otrue(X)} X, Z]. 3)

Here and elsewhere in the article, the expectation is with respect to the true distribution
of the data Y. Assumption (2) implies that E [Ly {Y, Z, Brues Otrue(X) } |X] = 0. For each
fixed 8, define 6(x, B) as the solution to

E[Lo{Y. Z,B.0(X, B)}X = x] = 0. (4)

Of course, (-, Birue) = Otrue()-

Let the subscript S refer either to the reduced model, where y = 0, or to the full model
that includes all ¢ ¥-components. We define 6 (x, 8 ¢) as the local linear estimator of 6(-) at
location x, when 8 = B. To be specific, {0(x: Bs), 01(x; Bs)} 1s the maximizer, with respect

to (Yo, ¥1), of
n=' Y LY, Zi, B, Yo + ¥ (Xi — YK (X; — x), (5)
i=1
where, for a kernel function K and bandwidth &, K,(-) = K(-/h)/h. If the first partial

derivatives of the likelihood exist, we have the following set of estimating equations in the
semiparametric model:

0=n""Y Lo{¥i, Zi, Bs, Vo + V1 (Xi — )} Kn(X; —x)(1, X; — x)".
i=1

The covariate X has density function Ix(). Given the estimator 0 (x, 8 ), we define the
generalized profile likelihood estimator B¢ as the solution to

n! Z —E{Y,, Zi, Bs, 0(Xi, Bs)}

:n_l Z |:£ﬁ{le’ Ztv:BS70(X17:BS)}+£9{le, Z”IBS’G(XHIBS)} IB Q(X“'BS):|

For any given X, were 6 (-) known, the Fisher information matrix would be calculated
as follows. The matrix of conditional expected values of second derivatives given X is
denoted by G(X). This matrix and its inverse are partitioned as

B GO
G:G(X):(GW Gﬁ">,G‘1=G‘1(X)=<(G;e,s g%),

with
Gﬁﬂ = E[ﬁﬁﬂ{Y, Z, ﬂtrue’ O true () [ X],
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GﬂG = E[ﬁﬂg{Y, Z, Birues 0 true ()| X],
Gop = E[LoolY, Z, Birye> Otrue ()| X1,

Gop = GE9’ and GPP = (Ggp — GﬂgG;GIGEQ)_l. In parametric likelihood models in B
induced by distributions given X, —G(X) is the Fisher information matrix.

3. ASYMPTOTIC RESULTS
3.1. Introduction

The reason for considering model selection is that we wish to estimate a specific function
w(B), though we do not know whether or not all of the components of 8 are needed.
Our interest is in the distribution of 1(8), where B is obtained through a model-selection
procedure. The function p is assumed to possess continuous partial derivatives in a
neighbourhood of the true parameter values. We obtain this distribution in several steps.
First we study the nonparametric part of the model since an estimator of 6 (+) is necessary
to define the profile likelihood function. Next we continue with the parametric part. With
the help of some lemmas we arrive at the distribution of the profile likelihood estimator
in both reduced and full models, under the local misspecification assumptions. Technical
details are given in the Appendix.

Our study of the profile likelihood estimator 8 will make frequent use of the derivative
of the curve 6 (x, B) with respect to g, for which we prove the following result.

LEMMA 1. The derivative of the curve 6(x, B) satisfies

ad
ﬁ9(x, Birue) = G(x) = —Gpo(x)/ Gag(x).

Proof. The lemma follows by differentiation of (4) with respect to 8 and solution of the
resulting equation. O

3.2. Main results

Our main results are stated as a series of Theorems. We first define the semiparametric
information bound S(8) = cov[% LY, Z, Biruer O (X, Birue)}] and partition this matrix and
its inverse as

| Saa(B)  Say(B) o [ S¥(B) SU(B)
S(ﬂ)_<5ya(ﬂ) Sww))’ 8 ('3)—<Sya(,3) SW(ﬂ))'

We give a basic expansion of the profile kernel method, first in the full model and then in
the reduced model which sets all ¢ components of y equal to zero. The general situation,
with more than two models to choose from and with only some of the components of y
set equal to zero, requires the same method of proof as for our simple reduced model,
only with the notation becoming more cumbersome. For each model considered, there is
a corresponding limiting distribution similar to the one given in Theorem 2 below. For
example, the limiting covariance matrix is adjusted to the specific situation, selecting the
correct part of the matrix S(B8), so as to include only those rows and columns for which
the corresponding component of y is included in the model considered at that time. For a
similar construction and the required notational issues in a parametric regression setting,
see Hjort & Claeskens (2003). Recall that S, = (atTrue, 8T/ mT.
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THEOREM 1. Under the local misspecification assumption and when working in the full
model, assuming Conditions A1—A4 in the Appendix, we have

n "od
nl/z(/gfull - IBtrue) = S_l(ﬁtrue)n_l/2 Z ﬁﬁ{Yi’ Zi, IBtrue’ 0(Xi, ﬁtrue)} +op(D).
i=1
The limiting distribution of ﬁfu“ can now be constructed immediately: n'/ Z(Efuu — Birwe) =

N{0, S~ (Byue)}, in distribution.

THEOREM 2. If the reduced model holds, that is y = 0, for the estimator Qeq obtained by
fitting the reduced model it holds that

1/2 /2 -1 —1/2
n'/ (Ared — Clgrue) = Sowt (Atrue, Oq)n /

L)
X Zl @E{Yi, Zi, (Oltruca Oq), Q(X,-, Utrues Oq)} + OP(l).

Moreover, n'/?(Greq — dirue) — N (O, S(;O}), in distribution.

The proof of the first statement is very similar to the proof of Theorem 1. The second
part follows immediately from the central limit theorem.

We now state two results describing what happens under the local model misspecification,
one concerning the reduced model estimator when the full model holds, and the other
describing the relationship between the full and reduced model estimators in this case.

THEOREM 3. If the local misspecified model holds, that is y ... = n~'/?8, for the estimator
Qreq Obtained by fitting the reduced model it holds that

nl/z(&red - Oftrue) = Sojo} (lgtrue)SaV (IBtrue)a

_ nooo d
+n 2y Sa;wtme)@zm, Zi, Birues 0(Xi, Biue)} +0p(1)
i=1

— N{Szq Birue) Say (Birue)d + Sae Birue)}:

in distribution.
THEOREM 4. Under the local misspecification assumption,
'@ — atrue) = n"?(@red — @irue) = Syt (Birue) Sey Burue)
+ 8 (Biru) (877 Burue)) ™ 12 (P = Virue) +0p (D),

and the estimators y r and Qreq are asymptotically uncorrelated.

The above discussion is summarized in the following theorem, which describes what
happens to estimators of functions of the parameters under local model misspecification.

THEOREM 5. Under the local misspecification assumption, in distribution,

n d
1 Bra) — 1 Brwe)} = Arut = ﬁzv{o, S Burue)):

o 0 0
n 1 (Brea) — 1(Biue)} = Ared = ﬁN{S;; (Birue) Say (Birue)8: St Birue)} — %a.

Proof. The results follow immediately via the delta method, and Theorems 1 and 3. [
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When more than two models are considered, each of the models gives rise to its own
limiting normal distribution. Selecting a model implies that we do not decide beforehand
which of the models will be used; hence the distributions given above are only conditional
on the model for which they are obtained. The distribution of the estimator in the selected
model needs to take the model selection process into account. This is dealt with via model
averaging, as explained in the next section.

4. MODEL AVERAGING AND INFERENCE
4.1. Model selection weights

Model selection leads to the simplest possible weighted estimator. The estimator after
model selection is a weighted sum of the estimators in all of the considered models,
where the estimator in the selected model receives weight one and all other estimators
receive weight zero. In other words, we consider the estimator in the selected model
only.

Let S be a subset of the index set {1,..., g}, and let ¥ denote the smallest model, with no
extra variable y;. We will use the words ‘model S’ to indicate the model with additional
variables y; for which j belongs to the set S. We consider explicitly the example of the AIC.
We define AIC using the profile loglikelihood,

L{Y:, Zi, Bs, 0(Xi, Bs);

s

1

1

see for example equation (6) of Murphy & van der Vaart (2000), who give a Taylor series
expansion for the profile loglikelihood function, similar to that for the ‘full’ loglikelihood.
The AIC is now defined as the penalized profile loglikelihood,

i=1

where |S| denotes the number of variables in the set S. The model with the largest value
of AIC is selected. Let S,;. denote the index set selected by AIC, and let i(S) denote the
estimator of u in model S. The final estimator after AIC model selection is

o= 1(Saic) = Y. I(AIC selects model S)(S).
all S

We now show that the indicator value I(AIC selects model S) can be written as
c(tun) +0,(1). For simplicity of derivation, we take the case of only two models, a
reduced model and a full model. Exactly the same computation is needed to obtain the
result in the case of more than two models.

Denote the semiparametric score by

1 & d "
; ,-;1 ﬁ‘c{Yiv Zi, lgtrue’ Q(Xiv IBtrue)}

_ <U> _ (7S G LY Zi Brwes 0(Xi . Busue))
Oyw) — \ 07 Sisy 55 L0 Zis Bures O(Xis Brrue)
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For the reduced model only the first component Ua,n is needed. From Theorem 1, we

have

A = U ~
IBfull - :Btrue =S8 ! (Uoz,n> + OP(n 1/2)‘
y.n

Since B = («, ), working out the matrix product leads to the representation

7A/full — YVirue = SrY (IBtrue){U%ﬂ - S)/tx(ﬁtrue)s(;al UOIJI} + OP(n_l/Z)‘

Using Theorem 3, we have

Brea — Birue = Saa Birue) Sary Birue) 8/1% + Sq (Birue) Uan + 0p(n™'72).

Consider the AIC difference between the full and reduced models,

A =2 L{Y:, Zi, B, O(Xi, Bra)} — 2 Y. LAY, Zi, By, 0(Xi, By} — 2g
i=1 i=1

=2 [E{Ylv Zl’IBqu’Q(leleull)} L{Y;, Zi7lgtruevé(XiuBtrue)}]
i=1

R |1M=

I
-

i

|:£{Yl’ Zi, Qreds 0q7 Q(X,, Ared, 0 7))} — L{Y;, Zi, dirue, 0q7 G(Xl’ Ured, 0 )}]

|:£{Yl’ Zla ﬁtruev Q(Xla ﬁtrue)}} £{Yi’ Ziv O‘true’ Oqa é(Xi’ areda Oq)}] -

(6)

0

(®)

By a standard two-term Taylor expansion based on the total derivative ‘d’ and not the

partial derivative, we obtain

Ap=n {(,Bfull - :Btrue)TS(Bfull - ,Btrue) - (&red — true) Saa (&red — Otrue) + 2(8/«/’1)T0y,n}

+87S,,8 —2q +op(1),

since, for example,

2 z |:£{Yl’ Ziv ,Btrue’ é()(l'a ﬁtrue)} - ﬁ{Yia Zi’ Utrues Oq’ é()(l'a Ureds 0q)}:|

i=1

=20yt Uy +0vaSyy Ve + op (1) = 2n(8/n""»HT0, , +87S,,8. + op(1).

Using (6) and (8) leads to
A= (Tan Tyn)S (Tan Tyn)' +op(l)

A+ 1{ (S Suy 8/ /1 + St Uy ) T Suer (St Sy 8/ /10 + Sk Uy ) + 2(8//m) YU,y 0}

+87S,,8 — 2g

=n{Uy, (8 = Sy U + 204,87 Uy + U, 877U,y
+28//n) Uy — 28/ /1) " SyaSrg Uan }
+ 8T8, — SyaSen Suy)8 — 2q + op(1).
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Now use the expansion (7) for 1 — ¥ true» @long with the fact that

") =8,, = S,aS.) Suy,

o

to see that we have

Ap = n{l_]aTn(S“"‘ — ST + 201,870, + T, 7T,
+26/Ym ) P = Yirae) | + 877718 = 20 + (1)
= {1 = SyaSea Oa)S" Tyn = Syt Uan)
+26/Ym (") Gran = Vo) +87(57)7'6 = 2 + 0p (1)

=P san = Virwe + 8/ ST P punl = Vigwe +8/4/1) — 29 + 0p(1)
= nP i (S") P — 2 + op(1).

The criterion AIC selects the full model if the AIC value for the full model is larger than the
value for theAreduced modAel, that is, when A, > 0. This is equivalent to selecting theAfull
model when 8Ty (S77)~18qun > 2¢. Therefore, for AIC model selection, the weight ¢(8gy11)
is

@) = 18T (S"") ' Sun > 24},
and the AIC-selected estimator equals

= @) Bea) + {1 — c@ra) )t (Breg)-

The above statement shows that under local misspecification the probability that AIC selects
the full model, with similar statements holding for models other than the full one, is the
probability that a noncentral chi-squared variable exceeds a certain threshold, in this case
equal to 2¢. Indeed, since St = nl/ 29w — D = N(8, §77), in distribution, it follows that

8T (877) b — %o (8T (S77) 78},

in distribution. If there is no local misspecification, Woodroofe (1982) obtains, using central
chi-squared variables, the generalized arc-sine laws, which give the probabilities that AIC
selects a certain model order in a sequence of nested models.

4.2, Limit results and confidence sets

Theorem 5 is the main ingredient for obtaining the distribution of estimators after model
selection. Here we follow the approach leading to Theorem 4.1 of Hjort & Claeskens
(2003), with the approach to inference following their §4.3.

Estimators after model selection are viewed as weighted sums of the estimators in the
separate models under consideration. The simplest type of weight functions are indicator
functions, pointing to the selected model; an example based on the AIC is given in §4.1.
Since the choice of the model is data-dependent, the weights are random and depend on
the data. Instead of zero/one weights, other weight functions, with values between zero and
one, can be chosen. For example, the AIC model-averaged estimator assigns weights

exp{(AICs — AICy)/2}
Yans €Xp{(AICy — AICy)/2}
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to the model S. The denominator takes the sum over all considered models, and hence
guarantees that the total weight equals one. In particular, for the simple case of only
two models, the weight for the model indexed by S equals exp{(AICs — AICeq)/2}/[1 +
exp{(AICg1 — AICeq)/2}]. For the BIC, similar model averaging weights are defined,

exp{(BICs — BICy)/2}

Yans exp{(BICs' — BICy)/2}’

see Burnham &Anderson (2002) for examples of their use.

We consider cases where model selection and model averaging are based on weights
depending on &gy = n'?Ppy — D = N(8, 87Y), in distribution; see §4.1 for more
discussion and a derivation in the case of the AIC. In fact, the calculations above show that
any model selection procedure for which the random part can be written as a function of
the likelihood ratio statistic depends on the data through Stull only.

We then immediately have the following result.

THEOREM 6. Recall that D is the limiting distribution of n'/ Zj?fuu, and that Ay and
Areq are described in Theorem 5. Then, under the local misspecification assumption,
20— n(Byue)) = A = c(D)Agun + {1 — ¢(D)}Areq, in distribution.

It is obvious from these calculations that the weights need only equal ) + 0 (D).
Thus, for example, these results apply if one uses AIC or BIC based on the semiparametric
profile loglikelihood.

We can combine Theorem 6 with the methods in §4.3 of Hjort & Claeskens to develop
asymptotically correct confidence limits for p(Biyye)- Let ity = g (Biue) = {00 (Birue)}/ 0

and let 11, = p) (Byrye) = {01 (Birue) /9y
Using Theorem 5, we have

T
A = ( M SHESE [ My
= s s )\ m, )

where (M,, M),)T ~ N(0,S). Also, define W = S7*M,, + S¥M,. The random variables
M, and W are stochastically independent and &gy — D =8 + W, in distribution. We
rewrite Ay as

At = (ag"S* + 1, 'SV Ma + (g 7 + 1y SV OM,
= ,ug(SO[_D[1 — Sa_o} Say ST My, + MESWMa + (_/'L(};Sa_al Say STV + /LESW)MV
= gy Syt Mo+ (Sya St 1g — 1)) (=87 My — SV M)
= [y S Mo + (SyaSeq tta — 14,)" (8 — D).

Furthermore, from Theorem 5, Aq = /,LaTS‘;alMa + (SWS;O},LL“ — /LV)TS. With these
expressions it is easier to derive the mean and variance of A which are needed for
confidence interval construction. We use w as an abbreviation for S,,S; 1, — Wy It
follows that

E(A) = o'[8 — E{c(D)D}],
var(A) = MO,TSJO,IMa + a)Tvar{c(D)D}w.

For confidence limits we consider

= &L — cBru))dranl/n'? £ zu& /0,
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where z,, is the uth standard normal quantile and %7 is a consistent estimator of the variance
in the full model, k2 = 1w, TSy + 0'S7”w. We substituted the unknown parameters
by ﬂfuu. The constructed confidence interval has asymptotically the correct coverage
probability since, by arguments similar to those used to prove Theorem 6, it follows that,
in distribution,

(2 ( = tigue)» Stun) = (" Spy Mo + @' {8 — ¢(D)D}, D),
and also that, in distribution,

Ty = [ (0 = tye) — @00 — c@ra)dran}]/[k = 1o TSI My, + 0™ {8 — ¢(D)D}]/x,

which follows a standard normal distribution.

5. SIMULATION EXAMPLE
We performed a small simulation study for the partially linear Gaussian model
Y, = Z[TB+ 0(X;) +e€;,

where Z; = (Zi1, Zin)T, €i ~ N(0,02), B= B, B, B= (2 B"), a = (2B and
y = B,. In the simulation, we took o2 = 0-20, B; = 1, n = 100, 200, 6(x) = sin(8x — 2), X;
uniform on [0, 1] and Z; bivariate normal with mean zero, variances 1/12 and correlation
0-70. We varied B, = cn~!/? for ¢ = 0-0,0-5, 1.0,. .., 10-0. The experiment was repeated
2000 times in each configuration, and we used the Epanechnikov kernel function. To cut
down on Monte-Carlo variability, the same random numbers were used for each value of c.

In our calculations, we estimated the bandwidth as follows. First, we regressed Y, Z; and
Z; separately on X, using the ‘Direct Plug-In’ bandwidth selection method of Ruppert et
al. (1995) to form different estimated bandwidths on each. We then calculated the residuals
from these fits, and regressed the residual in ¥ on the residual in (Z1,2) to obtain a
preliminary estimate B, of B. Following this, we regressed ¥ — ZT B, on X to obtain
a common bandwidth, then undersmoothed it by multiplication by n=%/!> to obtain a
bandwidth of order n_l/ 3 to eliminate bias, and then reestimated g and 6(-). This algorithm
was repeated for the reduced model.

The calculations are relatively straightforward. It is readily seen that the profile
loglikelihood is £(B) = —(1/2)log(c?) — 20%)~1(R, — R,TB)?, where R, =Y — E(Y|X)
and R, = Z — E(Z|X). The score then is

—Q20H)7 '+ 20H YR, — R,TB)?
|: (02)_1R2(Ry - RZTB) :|
and the information bound then becomes
QoH~! 0 _[@ohHt 0
[ 0 a‘zE(RZRZT)} _[ 0 0—29]'
Our goal is to estimate By = (0,1,0)8. This means that wu,(Biy) =0 and that
Mo (Birue) = (0, l)T

The Hjort & Claeskens confidence interval is the following. Its lower and upper values

for 95% coverage are

low = ft — &T[{1 — (@) }Srunl/v/n — 1-96& / /1,
high = i — &T[{1 — ¢Eun)}8sun]//n + 1:96% //n,

’
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where [ = Bl, and the other terms are defined as follows: Sy = n'/ ZBZ, c(8gq) is the
weight for the full model,
R R R
2 - Q Q2
Q=n"'Y R;R,; =11 2,
) A oA . A A A2 .
U = (0, DT, Ky = 0, leading to & = Q12/R211, and with ¢ = Q1122 — 2, it follows that
R =(6"Qm/o).
In summary, if the weight attached to the full model is ¢,, then the confidence interval
has endpoints

low = Bi — &(1 — &,)By — 1:96% / /n,
high = B — &(1 — é,)Ba + 1:96% //n.

The AIC and BIC weights for model selection and model averaging are computed exactly
as described in §4.

When we used the model-averaged AIC estimator, the coverage properties were quite
good. In all situations, for both n = 100 and n = 200, the actual coverage of the nominal
90% intervals ranged between 0-88 and 0-89, while the actual coverage of the nominal 95%
intervals ranged between 0-935 and 0-940. These intervals were very similar to intervals
based on fitting the full model only. In contrast, when we selected the model and then
used the standard errors from that selected model, neither AIC nor BIC performed well.
The former had minimum coverage of 0-71 for a nominal 95% interval, while the latter’s
coverage had minimum value 0-46. The method based on BIC in particular had significant
bias for estimating Bj. For the 95% intervals, the mean lengths for the confidence intervals
are 0-875 for the interval constructed as described in §4.2, while the intervals based on the
naive method, without using the limiting distribution A, for AIC had mean length 0-710
and for BIC the mean length was 0-651.

The confidence intervals using the correct procedure are indeed wider, leading to higher
coverage. The BIC-selected confidence intervals are badly biased, and combined with the
smallest length this leads to the lowest coverage in this comparison.

6. DISCUSSION

Our work has focused on the case in which X is scalar, although because of the contiguity
argument employed we expect the results to hold when X is multivariate. Other special
cases await further development, such as the partially linear additive model with mean
7z + Y1 0(X)).

In our simulation we found that BIC estimates and confidence intervals had biases and
very poor coverage probabilities, as low as 46% for a nominal 95% interval. This may
seem somewhat surprising, given that BIC is known to be a consistent model selector. As
Leeb & Potscher (2005) point out in parametric problems, however, and as our results
verify in semiparametric problems, BIC is not a uniformly consistent model selector; that is,
for fixed misspecification, BIC can consistently distinguish between models, but, for local
misspecification, it cannot consistently distinguish between models. This lack of uniform
consistency translates into the bias and poor coverage that we observe for BIC. Of course,
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this problem is not restricted to BIC, and can be shown using our asymptotic theory on a
case-by-case basis to obtain for other so-called consistent model selectors.
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APPENDIX

Technical details

Regularity conditions. We require the following conditions.

Condition Al. The bandwidth sequence i, — 0 as n — oo, in such a way that nh,/log(n) — oo
and h, > {log(n)/n}'=>/* for A as in Condition A4.

Condition A2. The kernel function K is a symmetric, continuously differentiable probability
density function on [—1, 1] taking the value zero at the boundaries. The design density fx is
differentiable on B = [by, b;], the derivative is continuous, and inf,cp fx(x) > 0. The function
6(-, B) has two continuous derivatives on B and is also twice differentiable with respect to 8.

Condition A3. For B # B, the Kullback-Leibler distance between L{-,-, 8,0(-, 8)} and
L{-,-, B,0(, B} is strictly positive. For every (y, z), third partial derivatives of L{y, z, B, 0(x)}
with respect to B exist and are continuous in 8. The fourth partial derivative exists for almost
all (y, z). Furthermore, mixed partial derivatives (3" **/38"3v*)L{y, z, B, V)}lv=a(x)>» With 0 < r, s <

4,r + s < 4, exist for almost all (y, z) and E[supﬂ sup, ](8’*“/8/3’811‘?)5{)1, z, B, v)}]z] < 00. The
Fisher information, G(x), possesses a continuous derivative and inf,cp G(x) > 0.

Condition A4. There exists a neighbourhood N{Bye» Otrue (x)} such that
ak
‘—klog{cm z.8.0)|| <oo

max sup 99

su
k=1,2 yeB P

(B.0)EM Birue-Oirue (¥)}

Ax

for some A € (2, o], where || - ||, is the L*-norm, conditional on X = x. Furthermore,

sup E

xeB

sup
(B.0) N Brue-Otrue ()}

93 ]
Wlog{E(Y, Z, B, 9)}’ < 0.

The regularity conditions stated above are the same as those used in a local likelihood setting
where one wishes to obtain strong uniform consistency of the local likelihood estimators. This is
needed in Lemma’s A1-A3. Condition A3 requires the fourth partial derivative of the log profile
likelihood to have a bounded second moment, and it further requires the Fisher information matrix
to be invertible and to be differentiable with respect to x. Condition A4 requires a bound on the
first and second derivatives of the log profile likelihood and on the first moment of the third partial
derivative, in a neighbourhood of the true parameter values.

Asymptotic theory for the nonparametric part of the model. For each fixed value of g, the local
linear estimator 6(x, 8) exists and is a strongly consistent estimator of 6(x, 8) defined in (4).
This follows from local likelihood calculations. See for example Theorem 2.1 in Claeskens & Van
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Keilegom (2003); precise regularity conditions are formulated above. We summarize the strong
uniform consistency result in the first part of Lemma Al, and add a result about the derivatives with
respect to the parameters f.

LEMMA Al. As n — oo, and under Conditions A1—A4 on the kernel, bandwidth and likelihood
function, (x, B) and 01 (x, B) exist and sup, 16 (x, B) — 0(x, B)| = O[{nh/log(n)}~'/? —|—h2] almost
surely. For the estimator of the derivative of the curve it follows that sup, 161(x, B) —
(8/3x)0(x, B)| = O[{nh>/log(n)}~'/> + h?] almost surely. Furthermore, (8/8;6)9()6 B) exists, is
strongly consistent and sup, 1(0/0B)0(x, B) — (3/3B)0(x, B)| = Op[{nh/log(n)}~'/* + h2]. For some
5 > 0, sup, [(92/0x0)0(x, B) — (92/0xI)O(x, B)] = 0,(n~).

Proof. The first part of the lemma has been shown in Theorem 2.1 in Claeskens & Van Keilegom
(2003). For the part about the derivatives with respect to S, define, for fixed x, the function

u(Bs, o) =n""Y Lol¥i, Zi, Bs. ¥o + 01 (x, Bs)(Xi — x)}Ky(X; — x).
i=1

By the first part of this lemma, 01 (x, Bs) is a strongly consistent estimator of 6(x, 85). Since by
Condition A3 the Fisher information matrix is positive definite, and the design density fx(x) > 0
by Condition A2, the implicit function theorem implies that the function 8y — o (x, Bs) 1s a
C! function. As a consequence there exists a neighbourhood of B such that, for all B in this
neighbourhood,

d R
S5 {Bs: Oo(x. Bs)} + 5 M{ﬁsﬁo(x Bs)}

d A
0=—u{Bs. Oo(x, Bs)} = op

dp
It follows that

IBQO(X Bs)-

_ﬂQO(x Bs) = ngan,ﬁo,

where

Guoo(x) =n""Y LoolY;. Zi. Bs. O0(x. Bs) + 01(x, Bs)(Xi — )} K (X; — x),

i=1
Gupo() =n"" Y Lool¥;, Zi, Bs, Oo(x, Bs) + 01 (x, Bs)(Xi — x)}K)(X; — x).
i=1
Application of the inverse function theorem, for example as in Foutz (1977), yields strong consistency
of the estimator. Using the proof of Corollary 2.1 of Claeskens & Van Keilegom (2003), we have

SUp |Gy, 66 (x) — Geg (x) fx (x)| = Op[/{log(n)/(nh)} + h?],
= Sup |Gy g0 (x) — Gpo (x) fx(x)| = Op/{log(n)/(nh)} + h?].

This proves the statement about (B/Bﬂ)éo(x,ﬂs). A similar proof can be constructed for
(8%/0x3p)0o(x, Bs). O

Inference on the parametric part in a semiparametric model via local profile likelihood estimation
involves the concept of a least favourable curve. Define the score function for g as

n

Y @E{Yh Zi, B, 0(Xi, p)} = Z[ﬁﬂ{Yi, Zi, B,0(Xi, B)}
i=1

+Lo{Yi, Zi, B, 0(Xi, B)} ﬁQ(XH Al
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The least favourable curve 6*(-, ) is the curve for which
d
E[ﬁﬁ{yv Z7 ﬂtrue’ 9*(X7 ﬂtrue)}(d/d/g)»c{yv Zv ﬂtruev 9*(X, IBtrue)}T|X] (Al)

is minimal. In other words, —Ly{Y, Z, Birues 0% (X, Birue)10/0860 (X, Biue) 18 the projection of
LplY, Z, Byue, 07 (X, Birue)} on to the space spanned by Lo{Y, Z, Byye, 0% (X, Byue))» as implied
by (Al).

LEMMA A2. The local linear estimator, defined as the maximizer of (5), is a consistent estimator
of the least favourable curve which minimizes (A1l).

Proof. By the projection interpretation it follows immediately that, for a least favourable curve

9*('» ﬂtrue)a

a
0= E[‘Cﬁ{Yy Z, :Btrue’ etruc(X)} + ‘CQ{K Z, ﬂtrues etrue(X)}_e*(X9 ﬁtrue)]

B
XLolY. Z. Buave: OurueON X))
Bartlett’s identities together with Lemma 1 show that
20 (X, Bue) = (X, B
B B
The proof ends by application of Lemma Al. O

We have now shown that the conditions NP of Severini & Wong (1992) hold.

Asymptotic theory for the parametric part of the model.

LEMMA A3. Assume that Conditions Al—A4 hold. The generalized profile likelihood estimator of
Birue in the full model is consistent.

Proof. This follows from Lemmas 1, Al and A2, which show that for the local linear likelihood
estimator the Severini-Wong conditions of their Proposition 1 hold. O

Proof of Theorem 1. By a Taylor expansion we obtain that

n

d A A ~
=Y —L{Y;, Z;, B,0(X;, B)}

iz1dp
nod . Lood? Ak A sk s

= L gt Zi Buwe 6K B+ 2 g g £V 22 B 6K BOYBrun = Bue):
i=1 i=l1

where /_?3* lies between B and Birue- Lemma A3 implies that ,B* — Birue 1IN probability as n — oo.
Using assumption (2) we obtain that the total score function satisfies

d
E[ﬁE{Y, Z, Birues (X, Burue) Y1 X, Z] = 0.

This implies that
2

SBire) = _E[dﬂdﬂT

‘C{Y’ Z? ﬂtruef Q(X, IBIrue)}]'
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The theorem is proven if the following equations hold:

n12 Z

= 1dﬁ£{Yl’ Zlv ﬂtruese(Xhﬁtrue)}

=n"1/? 2 E{Y,, Zi, Burwer 0(Xis Bre)} + 0p (1),

2
-1
EY,,Z“ 9Xl9 £Ylvzl9 Qle = 1'
sup Z{dﬂdﬂT { B6(Xi. B} = o o L B, 0( ﬂ)}H op(1)
This follows by the same line of argument as in Proposition 2 of Severini & Wong (1992). O

The asymptotic distributions of the estimators Bfun and Bred will be derived under the
misspecification assumption by showing that the distributions are contiguous.

Contiguity follows from Le Cam’s first lemma provided we can show that, under the reduced
model, for some positive value 07 -, as n — 00, in distribution,

n

Z {E{Yu Zi, IBtruev Otrue (X))} — LY, Zi, (Xrue, O, ) Otrue (X))} — N(— o'ch ULc) (AZ)

i=1
LEMMA A4. Equation (A2) holds with o3 o = §TE[—L,,{Y, X, (ctrue, 0g), Otrue (X)}15.

Proof. By a Taylor series expansion,

Z [»C{Yi’ Ziv :Btruev etrue(Xi)} - E{Yiv Zi» (atrue» Oq)» etrue(Xi)}
i=1

n
=n" /28T Z EV{Yiy Z;, (otrye, Oq), Otrue (Xi)}

1 n
+5 U STL, Y, Zi, (e, 0g), Ourue}d + 0p(1).
i=1

The first term above converges in distribution to
N0, 8TE|L, Yi, Zis @iues 00): Ourue (X)) £y i Zis @irues 0. Burue (X0)T8),

while the second term converges in probability to

1
ESTE Eyy{yi, Zi, (@true, Oq)’ O true (X;)}|8

which equals —%O’%C under the likelihood assumptions. O

We shall apply Le Cam’s third lemma to derive the distribution of the estimator @q under the
full model. To establish this result we first show the following lemma.

LEMMA AS. The vector n'/?(Greq — atirue) and the loglikelihood difference in (A2) are jointly
asymptotically normal under the reduced model. The limiting distribution has mean vector (0, — %O‘%C)T
and covariance matrix

( Sa_al (atrues Oq) (IBtrue)Say (/Btrue)(S >
8TSO!)/ (/Btrue)Sa_al (/Btrue) JLC

Proof. From the Cramér-Wold theorem it remains to compute the covariance matrix. We use
the asymptotic expansion in the proof of (A2) together with Lemma 1 applied to the reduced model
to yield the result. O

Le Cam’s third Lemma immediately yields the distribution of &..q under the local misspecification
assumption.
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Proof of Theorem 2. The convergence in distribution follows from Le Cam’s third Lemma, using
Lemma AS. Theorem 2 together with a Taylor series expansion give that

1/2 /4
Sea (@ true, Oq)n / (Ared — Atrue)
n

d n
=n"17y LY Zis Buruer 0 (X, Brrae)} + n'Y Loy (Yis Zi, Birues Ourue (X)}8

i=1 i=l
-1 &0 T
+n Z ae(xi’ ﬂtrue)’CQV Yi, Zi, Birues Orrue(Xi)}
i=1
n a2

+ n_l Z LolYi, Z;, IBtruev Otrue (Xi)}

i=1

G(Xia ﬂtrue)(s + OP(l)-
Jdady

Lemma 1 applied to the reduced model gives that (3/0a)0(X;, Bue) = —Gao/Goo. We use this
result to show that the sum of the last three terms in the above expansion converges in probability to

d
5E[EQV{Y,', Zi’ ﬂtrue’ etrue(Xi)}] +dE ae(xi, ﬂtrue)ﬁeyT{Yiv Ziv ﬂtruev etrue(Xi)} = _5Say~
O

Proof of Theorem 3. We start from the expansion in Theorem 1 which, in matrix notation, is
equal to

(nll/j(&full — rue) )
n / (Vfull - Vtrue)
d

— n_l (Saoz (ﬁtrue) Say (ﬁtrue)) i da
B sre rue STy rue i— d
Prrue) Proue) i=1 E‘C{th Zi, Biruer 0(Xis :Btrue)}

ﬁ{Ylv Z;, ﬂtruev G(X,', IBtrue)}
+ op(D).

It now follows that

nl/Z(&qu - O5tru«:) _Say (IBtrue){SVV(.Btruc)}_lnl/z(?full - Vtrue)
= (I S Bru)S”” Birue) ™) 1" Brunt = Birue)
= (S Birue) — 5% Birue) 15" Birue)) ™ S (Birue) I ™!

tod
X Z %E{szla ﬁtrueve(xi’ ﬂtrue)}‘
i=1

Since {S*(Byrue) — S (Birue) (877 (Burue)} 1 S7% (Birue)} = S5, the first result follows after appli-
cation of Theorem 3. The correlation is computed as (S¥* Sy, + SV S,,(),)S‘X‘D[1 and equals zero by
definition of §~!. O
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