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1. INTRODUCTION

There is a rich literature on semiparametric estimation of panel data
models. However, to our knowledge, no one has proposed a consistent esti-
mation method for a dynamic partially linear panel data model with fized
effects. In this paper we show that one can use the series method to con-
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sistently estimate a semiparametric panel model with fixed effects. We use
the standard approach of taking the first difference to eliminate the fixed
effects. This results in a semiparametric additive model with the restric-
tion that the two additive functions have the same functional form. Series
estimation methods are more convenient than kernel methods under cer-
tain type of restrictions (such as additivity or shape-preserving estimation,
see Dechevsky and Penez (1997)). It is also computationally convenient
because the results can be summarized by relatively few coefficients.

Recently semiparametric estimation of additive models and additive par-
tially linear models have received much attention, see Linton and Nielsen
(1995), Newey (1994), Fan and Li (1996), Fan et al. (1998) and Li (2000),
to mention a few. The additive regression model partially avoids the ‘curse
of dimensionality’ problem which may circumvent the estimation of a fully
nonparametric regression model. Linton and Nielsen (1995), Newey (1994),
and Tojstheim and Auestad (1994) propose to estimate additive models us-
ing the kernel marginal integration method. Li (2000), on the other hand,
uses the series method to estimate an additive partially 1 inear model.

Li (2000) considered only the independent data case, while this paper
considers panel data with correlated observations. The model in Li (2000)
does not allow for endogenous variables (or a lagged dependent variable)
among the regressors, while this paper allows for endogenous regressors.
We establish the root N normality result for the estimator of the paramet-
ric component, and show that the unknown function can be consistently
estimated at the standard nonparametric rate.

The paper is organized as follows. In Section 2, we consider the estima-
tion of a static partially linear semiparametric panel data model with fixed
effects. In Section 3, we consider a dynamic model with a lagged dependent
variable. Section 4 concludes the paper. The proofs of the main results are
given in the Appendix.

2. STATIC MODEL AND RESULTS

Consider the following partially linear semiparametric panel data model
yit = 2y +9(zi) +uy, i=1,.,N;t=1,..,T (1)

with one-way error component disturbances w;; = p; + Vi, ;¢ and 2z
are of dimensions k1 x 1 and ko X 1, respectively, and the u;’s are fixed
effects, v;; are assumed to be i.i.d. (0,02). Throughout the paper, z;’s are
strictly exogenous variables, x;; is assumed to be exogenous in this section.
However, in Section 3 we will allow x;; to be correlated with the error term
vit. The asymptotic theory in this paper assumes a finite value of T while
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letting the number of individuals N approach infinity. This is the typical
micro panel data case.
First differencing (1) to eliminate the fixed effects, we get

Yit — Yit—1 = (@it — Tig—1)Y + [9(zie) — 9(Zi—1)] + vir — uii—1  (2)
or
Yie = Xy + G(zit, zit—1) + Ui (3)

where Yii = it — i t—1, Xit = it —Ti—1, G(zit, zip—1) = 9(2it) —9(2i,1—1),
and Ut = vi4 — v;+—1. In matrix-vector form, we have

Y =Xy+G+U (4)

where Y is a NT x 1 vector with typical element Yj;, and X, G and U are
similarly defined. To keep our notation consistent, let Z;; = z; and Z is
an NT' x 1 vector with typical element Z;;.

Li and Stengos (1996) considered the estimation of « of the above panel
data model using the kernel instrumental variable method. There are sev-
eral drawbacks of the method proposed by Li and Stengos (1996). First, in
order to eliminate the unknown function G(zi, zi¢1—1) = g(2it) — 9(%it—1),
they suggest estimating E(Yy|Zii, Z;1—1) and E(X;|Zit, Zi—1) by the
nonparametric kernel method. This suffers from the ‘curse of dimension-
ality’ because (z;, zi+—1) has a higher dimension than that of z;, i.e., it
ignores the additive structure of model (2). Secondly, although their pro-
posed method can estimate G(z, 7 ¢—1), they did not propose a method
to estimate the original unknown function g(z;;). The problem with Li
and Stengos’ (1996) method is that they ignore the additive structure of
G(zit, zi.t—1) = g(zit) — g(zi1—1). In this paper we propose a series method
for estimating model (2) that does not suffer the above mentioned draw-
backs. Although one can also use the kernel marginal integration method
to estimate the additive function g(z;), the asymptotic theory involved
in using the kernel method to estimate an additive partially linear model
is quite involved, see Fan, Héardle and Mammen (1998) and Fan and Li
(1996). Neither Fan, Hérdle and Mammen (1998) nor Fan and Li (1996)
considered the case of different additive functions to contain overlapping
variables. Sperlich et al. (1999) considered the problem of using the ker-
nel method to estimate an additive model with second order interaction
terms, but their model does not have a parametric linear component. To
our knowledge, there is no asymptotic theory developed for estimating an
additive partially linear model by kernel method that allows interaction
terms in the additive functions.

Below we introduce some definitions and assumptions.
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DEFINITION 2.1. A function (¢, z; +—1) is said to belong to an additive
class of functions G (§ € G) if £(zit, zit—1) = 9(2zit) — 9(zit—1), g(+) is twice
differentiable in the interior of its support S, which is a compact subset of
R*2and E[g%(2)] < .

We use series p% (z) of dimension K x 1 to approximate g(z). The ap-
proximation function p (2) has the following properties: (i) pf(2) € G; (ii)
as K grows, there is a linear combination of p (z) that can approximate
any g € G arbitrarily well in mean square error. Therefore, p*(z) ap-
proximates ¢(z) and p¥ (zi4, z;1-1) = (p% (2i1) — P (2i4-1)) approximates
G(Zita Zz’,t—l) = g(zit) - g(zi,t—l):

p1(zit) — p1(zie—1)
Zit) — Zit—
pK(Zit,Zi,tfl) _ p2( zt) p2( it 1) . (5)

pK(Zit) - PK(Zz‘,tq)

Define pX = p®(2i4,2i4-1), and P = (p&,pL, ... p5 05, . 0K 7). P s
of dimension NT x K.

For any scalar or vector function W (z), we use the notation of Eg(W(z))
to denote the projection of W (z) onto the additive functional space G
(under the Lo-norm). That is, Eg(W(z)) is an element that belongs to G
(has an additive structure) and it is the closest function to W(z) among
all the functions in G. More specifically, we have

E{[W (2it) — Eg(W (zi)][W (2i2) — Eg(W (2i1))]'}
= 5lrelg E{[W (2it) = &(2ie)[[W (2i2) — &(2i)]'}, (6)

where the infimum is in the sense that

B{[W (zit) = Eg(W (2i2))][W (2it) — Eg(W (2it))]'}
< B{[W(zit) — £(zi) |V (2it) — &(z0)]'} (7)

for all £ € G, where for square matrices A and B, A < B means that A— B
is negative semidefinite.

Define (z) = E(X|Z = z). We will use h(z) to denote the projection of
0(z) onto G, i.e., h(z) = Eg(0(z)). Note that the series method proposed
in this paper can deal with the case where z;; and z;;—1 have overlap-
ping variables. For example, z;; can have current and lagged exogenous
variables.

AssumPTION 2.1. (i) We assume that (Yit, Xit, Zit)’s are independent
across individuals, i.e., (Y;, X;,Z;) are independent and identically dis-
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tributed as (Y1, X1, 2Z1), where Y; = (Y1, ..., Y;r) and X; and Z; are sim-
ilarly defined; (ii) The support of (X1, 7Z1) is a compact subset of RF1tFz;
(#ii) 0(z) and var(Y1|X1 = ©,Z1 = z) are both bounded functions on the
support of (X1, 7).

ASSUMPTION 2.2. (i) For every K there is a nonsingular matriz B such
that for PX(2) = Bp"(2): the smallest eigenvalue of E[PX(Zy)PX(Z;)"]
is bounded away from zero uniformly in K; (i) There is a sequence of
constants Co(K') satisfying sup,cg HPK(Z)H < ((K) and K = K(N) such
that ((o(K))*K/N — 0 as N — oo.

ASSUMPTION 2.3. (i) For f = g or [ = h) (s = 1,..., k1), there exist
some 6(> 0), By = B (K), sup,cz | f(2)—PX(2)B8¢] = O(K %) as K — oo;
(i1) VNK=% — 0 and N — oc.

Assumption 2.1 is quite standard in the additive models. Assumption 2.2
ensures that P’P is asymptotically nonsingular. Newey (1997) gives some
primitive conditions for power series and splines such that assumptions 2.2
and 2.3 hold.

Let M = P(P'P)™P’, where (.)~ denotes any symmetric generalized
inverse. Define A = M A = P34 where 4 = (P'P)~ P'A. Then premulti-
plying (4) by M leads to

Y=Xy+G+U. (8)
Subtracting (8) from (4) gives
Y-Y=(X-X)y+G-G+U-U. (9)

We estimate v by least squares regression of ¥ —Y on X — X:
§=[(X - X)(X - X)]"(X - X)(Y - 7). (10)
Plug (9) into (10), we have

¥ =[X-X)X-X)] (X-X)(Y-Y)
= 7+ [(X-X)X-X)] X-X)(G-G+U-0U). (11)

g(z) is estimated by §(z) = p®(z)' where 3 is given by

= (P'P)"P (Y - X7). (12)
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THEOREM 2.1. Define ey = Xy — h(Zip), where h(Zy) = Eg(0(Zy)) is

defined above. Assume that ® = def T thl E(eit€,) is positive definite, then

we have (i) VN5 — ) — N(0,%) in distribution, where ¥ = &~ 1Qd~1,
Q = %Zt [02(Xis, Ziz)ewel,] and 02(Xi, Zi) = E(Ut|Xt =x,Zy =
z); (ii) A conszstent estimator of ¥ is gzven by ¥ = 109 ~1, where
(I) ( ) Z Zt( zt)(th _Ath) ’ (N ) Zz Zt Uz2t<X
Xit)(Xir — Xa)', Uiy = th XA —G(Zy).

The proof is given in the appendix.

Theorem 2.1 establishes the v/ N-consistency and asymptotic normality
of 4. The next theorem establishes the consistency for the nonparametric
component estimator.

THEOREM 2.2. Under assumptions 1-8, we have

() 5.5 10(2) - 9(2)| = OGN (VE VN + K-

(ii) N1 o)~ 9(2))2 = Op(K/N + K~29);

(iii) [(g( (2))2dF(2) = O,(K/N + K=2%), where F(.) is the cumu-
lative dzstmbutzon function of Z.

3. INSTRUMENT VARIABLE ESTIMATION OF A PANEL
DATA MODEL

In this section we allow the partially linear panel data model in (2) to
have variables in the parametric component that may be correlated with
the error term. We still assume that the nonparametric component is a
function of exogenous variables. A special case of this model is a dynamic
panel data model with a lagged dependent variable as one of the regressors
in x;;. In this case, model (2) reduces to a dynamic panel data model

Yit = YoUi,t—1 + N2 + 9(2it) + wir. (13)

where x;; is x; excluding y; ;1.

As in Section 2, taking first difference of equation (2) leads to equation
(10). Now instead of using OLS-type semiparametric estimator as given
n (11), we use an instrumental variable (IV) semiparametric estimation
method. We assume that there exists a set of instrument variables Wi €

R¥s with ks > ky, such that E(Uy|Wy) = 0 and Cov(Wiy, Xit) # 0.

Hence we can estimate v by the following IV method (recall that A%

P(P'P)~P'A):

Arv = [(W=W) (X -X)7'(W-W) (Y -Y)
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= 7+ (W =W)X = X)]7'W = W)[(G = G)+ (U - U)](14)

The nonparametric part g(z) can be estimated by §(z) = p*(z)’ 1 where
Brv is given by

Brv = (P'P)"P'(Y — XArv). (15)
We have the following theorem for the IV estimators:

THEOREM 3.1. Define €;; = Wiy — Eg(Wit), 1t = Xt — Eg(Xit), and

d ) i .
assume that U "< % thl E(eitly) is positive definite, we have

(i) VN(Ary —v) — N(0,Y) in distribution, where ¥ = W~1AT~1 A =
% Zt E[Uz(Wit, Zit)eitegt] and UZ(Wita Zit) = E(U£|Wlt =w, Zit = Z);
(i) A consistent estimator of Y is given by T = \il_lf\‘i/_}, where
U= (NT)™H 32 52 (Wie = Wie) (X — Xao)', A= (NT) 132, 50, UR (Wi —
Wit) (Wi = Wir)', and Uy = Yie — XuArv — G(Zi).

The proof of Theorem 3.1 is similar to the proof of Theorem 2.1, a sketchy
proof is given in the Appendix.

In this section we have established the asymptotic results for a partially
linear panel data model with fixed effects and with possible endogeneity
in the regressors. These results are an extension of those in Section 2. If
all the regressors in (1) are exogenous, we can simply let the instrument
variable W be X itself, and the results are the same as that in Section
2. The model discussed in this Section encompasses an important model -
the dynamic panel data model with lagged dependent variables among the
regressors, see Baltagi (1995) for a discussion of parametric estimation of
this model.

4. CONCLUSION

In this paper we consider the problem of estimating a partially linear
semiparametric (dynamic) panel data model with fixed effects. We extend
the results in Li (2000) to a dynamic panel data model which allows for de-
pendent observations and the presence of lagged dependent variables among
the regressors. Using the series method, we establish the root N normality
result for the estimator of the parametric component, and we show that the
unknown function can be consistently estimated at the standard nonpara-
metric rate. These results are of special interest to applications in micro
level panel data.
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APPENDIX A
Proof of Lemmas:

First we prove some lemmas which will be utilized in the proofs of the-
orems.

We use 1 to denote an indicator function that takes value one if (P’P)
is invertible and zero otherwise. Whenever we have (P'P)~!, it should be
understood as 1(P'P)~! and since Prob(1 = 1) — 1 almost surely, we will
often omit the indicator function 1.

We define Sa.p =n"'A'B=n"1%", A;B.. Also, we define Sy = Sa 4.

Lemma A1 Q — I = 0,(¢o(K)VK/VN), where Q = P'P/(NT).

Proof. See the proof of Theorem 1 in Newey (1997, pp. 161-162). |

LEMMA A.2. HBf — ﬁfH = 0,(K~?), where B = (P'P)"P'f, B; satis-
fies assumption (2.3), for f =g or f =h(y (s=1,...,7).

Proof. We have

Le'p)y-P'(f - Psy)|

1 HB]‘ —ﬁf‘
1{(f PBg) P(P'P)""(P'P/(NT))""P'(f — PBs)/(NT)}'/?
10,(1){(f — PBs)'P(P'P)~'P'(f — PBf)/(NT)}'/?

Op(V{(f = PBy)'(f = PBg)/(NT)}'/? = Op(K~°) (A1)

IN

by lemma A.1, assumptlon 2.3 and the fact that P(P'P)~'P’ is idempo-
tent. So Hﬁf fﬂfH = 0,(K~%) since Prob(1=1) — 1. |

LEMMA A.3. P'/(NT) = 0, (¢o(K)/VN) = 0,(1).

Proof. Note that E(P;n;;) = 0 since pX(.) € G and n(.) L G. Define
Pi = (Pi/l’ ceny PiIT)/ and i = (7’]1‘1, veey niT)/~ In this case

E||P'n/(NT)|* = (NT)~ 2E(?? PP'n) = (NT)*QE{(ZI.TIQR)(ZJ.P}W)}

(

(NT)~ Z Z n;PiPjn;)

= (NT)"%{E( Z nPiPn) + E Z Z P Pl)
(NT)~ Z ()P P/n;) +0 = N~YT2E(tr(P;P/nn)))
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= NI %tr(E(P,Plnm)))

T K
< N—lT_QCtr(E(PiPi/)) = N_lT_QCZ Z E(PZ%J)
t=1 =1

NTITTIC(G(K))? = O((G5(K))?/N)

IN

by assumption 2.2. Hence P'n/(NT) = O,(¢o(K)/VN) = 0,(1). 1
LEMmMA A4, S, 5= O, (K=29) = 0,(N~Y/2), where f = G or f = h.

Proof. Note that f = Pﬁf, so that

Sy

f

~112 ~ 2
N7 g =A< NI = P + || sy - )
N7 f = PB* + T(By — Bp) {P'P/(NT)}Bs — By)
= O(K™) + 0,(K~)
= Op(Kizé)

by assumption 2.3, lemmas A.1 and A.2. |
LEMMA A.5. (i) Sa = Op(K/N), for a=U orv; (i) S; = 0p(1).

Proof.
we have

E(S5|2)

(i

IA I

) Similar to the proof of Theorem 1 in Newey (1997), for a = v,

(NT) 'E{+'P(P'P)"'P'v|Z} = (NT) 'tr[P(P'P) ' P'E(v|Z)]
(NT)"*Ctr[P(P'P)"*P']
O(K/N),

which implies Sy = O,(K/N). It is similar for a = u.
(i) S5 = (NT)~*iy'iy = (' P/(NT))(P'P/(NT)) =" (P'n/(NT)) = Op(¢5 (K)K/N)
= 0p(1) by lemmas A.1 and A.3. |

LEMMA A.6. For any T x T matriz A = (ass) in which elements are
bounded |azs| < M < oo, there is a constant C' such that Clp — A s
positive definite.

Proof. Let C = MT for some M > M (recall T is a fixed value). Then
for any vector x # 0,

T T

T
2 (Clyr — A)x = Cx'z — 2/ Ax = MTZI‘% — Z Zatsmt:ﬁs

t=1 t=1 s=1
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> MT ZT: %ii(x2+w2)>0
- Ty 2 t B
=1

t=1 s=1

Proof of Theorem 2.1:

Recall that Q(th) = E(Xlt|th)7 Vit = Xit - G(th), €it = Xit — h(ZZt),
and n; = 0(Z;t) — h(Z;t) where h(z) = Eg(0(z)).

We will use the following short-hand notations: 6;; = 0(Z;t), git = 9(Zit),
hit = h(Z;;). Hence, vyy = Xiy — 03, €0 = Xy — hie, and iy = 0 — his.
0 is the NT x k; matrix with typical element 8;;. h,G,n,€,v, and U are
similarly defined.

From the definitions, we have X = n + v + h and X = n+v+ h.
Subtracting these two equalities yields

X-X=n-fj+v—9+h—h (A.2)

Note that if 5;175( exists, then from (9) and (10), we have

\/]v(’? —v) = S);i)z\/NSX—X,G—G‘—Q—U—f/‘ (A.3)

We need to show the followings: (i) Sy _ ¢ = ®+o0,(1), (i) Sy

X,G—
op(N71/2), (iii) Sx_x.0=0p(N ~1/%), and (iv) VNS _ XU N(O
distribution.

G
Q) in

(i) Proof of Sy ¢ = ® 4 0p(1).
From (A.2) we have Sy_ ¢ =S, o)y (niy—i—5 = Sn+v T S_iy—is +
25y ), (h—F) 70
First, we have
Spv = (NT)™* Z(m‘t + vie) (Mie + i)' = Z Z €it€y

it
= N7 (T eiely) =+ 0,(1)
i t

by virtue of a law of large numbers.
N Second, S(h—ﬁ)—ﬁ—@ < QS(h—E) + 48 + 4S5 = 0p(1) by lemmas A.4 and
9.
Finally, S(ﬁJrv),(hfﬁ)—ﬁ—f; < (STI-‘rvS(hffz 77775)1/2 = [Op(l)op(l)]l/2 =
op(1) by the above results.
(ii) Proof of Sy % 5 ¢ = 0,(N~1/2).
By equation (A.2), we have

SX—X’,G—@ = Sn—ﬁ+v—ﬁ+h—ﬁ,0—é



SERIES ESTIMATION OF PARTIALLY LINEAR PANEL DATA MODELS113

= Sn+u,G—é + Shfiz,Gfé - Sﬁ,G—G - Sﬁ,G—G' (A.4)

For these four terms, we have

(1) S)1vg-c = {Sp+0Sq_a1? = 0p(K %) by lemma A.4 and S, 4, =
Op(1).

(2) Shfﬁ,cfé < {S,F;L‘S’G_(-;}l/2 = OP(K*Q‘S) by lemma A .4.

(3) S.a_a < {S5S5_a1? = 0,(1)O,(K %) by lemmas A.4 and A.5.

(4) Sig_a < {S78q_at? = 0,(1)0,(K~?) by lemmas A.4 and A.5.
(iii) Proof of Sy _ 5 5 = 0p(N71/2).

By equation (A.2), SX—)"(,z} = Snfﬁ+vfﬁ+h7ﬁ70 =S ,U—l-SU,U—i-ShJLU—

7
Seo— Sﬁﬁ. We consider these five terms separately.

(1) We have

(NT)2E[U'P(P'P)"'P'ny/ P(P'P)"' P'U|Z]
(NT) 2tr[P(P'P)" Py P(P'P) "' P'E(UU’|Z)]
C(NT)*tr(i') = C(NT)™"tr(S;) = 0p(N 1)

2
Ellsuol| 12

IN

by lemma A.5. Hence S, = Op(Nfl/Q)_

(2) We have
2
E[‘ SU’UH 1X,Z] = (NT)"2tr[P(P'P)"'P'vo/ P(P'P)"'P'E(UU'|X, Z)]
< C(NT)*tr(o9') = C(NT) 'tr(S;) = O(K/N?)
by lemma A.5.

3) Su_ig < {Su_iSo}? = Op(K°)O,(VK/VN) by lemmas A.4
and A.5.

(4) S5 <{S5Sp}'/? = O,(K/N) by lemma A.5.

(5) We have

E[HSﬁ,UH2|Z] — (NT)2t[P(P'P)~*Plyf P(P'P)~*P'E(UU’|Z)]
< CNT) 20 (i) = C(NT) H4r(S;) = 0p(N )

by lemma A.5. Hence S ;7 = 0,(N~1/2).
(iv) Proof of \/NSX—)”(,U — N(0, 1) in distribution.

SX—X,U = Sn—ﬁ+v—ﬁ+h—fz,U = Sytou + Sh—E,U - S v — Sju. We
consider them separately.

(1) VNSy1vv = VNSprov = VN Y, (i + vi)ul — N(0,Q) by Levi-
Lindberg central limit theorem.

(2) We have

a5, 0| 121 = VT2l - By~ By BV 2)
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< C(NT) *r[(h — h)(h — h)'/NT]
= C(NT) 'tr(S,_j) =op(N 1)

by lemma A.4 and lemma A.5. Hence, S),_j ; = 0,(N~1/2).
(3) Similarly, we have

E[||S5,0]1”12] < C(NT) ™ "tr(S5] = 0p(N 1)

by lemma A.5. Hence, S5y = 0,(N~1/2).
(4) We have

E[|S5.0l*12] < C(NT)™tr[S;] = 0,(N ")

by lemma A.5. Hence, Sz = 0,(N~1/2).

(i) - (iv) above imply that VN (§ —v) = ®'N(0,Q) + 0,(1) —

N(0, 87100 ),
Proof of ¥ =X + 0,(1):

d= Sy_5x =P+ 0p(1) is proved in (i) of Theorem 2.1.

Similarly we can prove that Q =  + o0,(1). Notice that ¥ — v =
O,(N~1/2) and G — G = 0,(1). Tt is easy to prove that i, = us + 0,(1).
Also, we know that h;; — hiy = op(1), Ut = 0p(1) and 7z = 0,(1). Hence
X — Xt = €4 + o0p(1). These results lead to Q=0+ op(1) by a law of
large numbers.

Proof of Theorem 2.2:

This theorem is almost the same as Theorem 1 in Newey (1997) and
Theorem 4.1 in Newey (1995) except that our estimator § has an extra
term X (v —4). It suffices to show that the contribution of this extra term
is asymptotically negligible. One would expect this to be true because (y—
4) = O,(N~'/2) which has a smaller order than that of the nonparametric
series estimation convergence rate.

Let 3, satisfy assumption 2.3 with f = g. We have

B = (PP P(Y-Xq)=(P'P)P[Y - X7) - X(§-9)
= By + (P'P)"P'[(G = PBy) + U] — (P'P)"P'X(¥—)
= Bg+ Din — Dan(¥ =), (A.5)
where Dy = (P'P)~P'[(G—PB,)+U] and Doy = (P'P)~P'X. ||Dix| =

O,(K~% + VK /V/N) was proved by Theorem 4.1 in Newey (1995).
Next we will show that Doy (5 —7) = OP(N*1/2).

1Dan | = |(P'PY Pt ot W) = B+ B+ |
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-2 ~ 2
o (||, B

Loz =2 o i l?
Oyl + 517 + || 1

= N YO (I]1*) + 0p(1)} = Op(1).

So Dan (5 —7) = Op(% —v) = O,(1/v/N) which has an order smaller than
Op(VK/VN). Thus HB - BgH = 0,(K~°++VK/VN) as in Newey (1995).
The rest of proofs (to prove (i)—(iii) in our Theorem 2.2) follows the same

arguments as in the proofs of Theorem 1 in Newey (1997) for (i) and that
of Theorem 4.1 in Newey (1995) for (ii) and (iii).

IA

Proof of Theorem 3.1:
Note that

Arv =7+ [(W = W) (X = X)]7' (W = W)'[(G = G) + (U - U)](A.6)
So we have

VNG =7 =S5 i v VNV Sw i @@ w0y (AT)

We will show the followings:
(1) Saw_w,(x-x) =¥ +o0p(1);
(i) S(W Wyaa) = op(N712);
(il)) Say_wyo = op(N 1/2); and
(iv) fS(W w),o — N(0,A) in distribution.
(i) Proof of S(W W) (x—x) = ¥ +op(1).

Let W = [W — Eg(W)] + Eg(W) = ¢+ h. Then W = &+ h. Let
X =[X—-Eg(X)]+ Eg(X) =7+ 3. Then X = 7 + 5. Follow the proof
in Theorem 2.1, we have

T
SW_W),(X=%) = Set(h—h—),r4( Z (€itTjp) + 0p(1) = ¥ + 0,(1).

(A.8)

'ﬂ \

(i) Proof of Sy vy (G-a) = 0,(N~1/2),
The proof is similar to that in Theorem 2.1 and thus omitted.
(iii) Proof of S(vai/),ﬁ = op(N_l/Q).
The proof is similar to that in Theorem 2.1 and thus omitted.
(iv) Proof of \/NS(W_W),U — N(0,A) in distribution.
S(W—W),U = S€+(h7;k€))U =S+ S(hfﬁ),U — Se,u. We consider them
separately.
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(1) We have VNS, iy = VN Y, e;u, — N(0, A) by Levi-Lindberg central
limit theorem.
(2) We have

El|So o[ W21 = (VD) 2urln - By - Ry B\ 2)
< CVT)7'tr(S),_5) = 0,(N71)

by lemma A.4 and lemma A.5. Hence, S;,_j,) y = 0,(N~1/2).
(3) Similar to that in the proof of Theorem 2.1, Sz 1y = 0,(N~'/2).
So we have \/NS(W—W),U — N(0,A) in distribution.
From (i) - (iv), we have VN (37y —v) — N(0, #~'A¥~') in distribution.
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