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Abstract

In this paper, we consider sieve instrumental variable quantile regression (IVQR) estimation of
functional coefficient models where the coefficients of endogenous regressors are unknown functions
of some exogenous covariates. We approximate the unknown functional coefficients by some basis
functions and estimate them by the IVQR technique. We establish the uniform consistency and
asymptotic normality of the estimators of the functional coefficients. Based on the sieve estimates,
we propose a nonparametric specification test for the constancy of the functional coefficients, study
its asymptotic properties under the null hypothesis, a sequence of local alternatives and global alter-
natives, and propose a wild-bootstrap procedure to obtain the bootstrap p-values. A set of Monte
Carlo simulations are conducted to evaluate the finite sample behavior of both the estimator and test
statistic. As an empirical illustration of our theoretical results, we present the estimation of quantile

Engel curves.
JEL Classifications: C12, C13, C14, C21, C23, C26

Key Words: Endogeneity; Functional coefficient; Heterogeneity; Instrumental variable; Panel data;

Sieve estimation; Specification test; Structural quantile function

1 Introduction

This paper focuses on sieve estimation of functional coefficient quantile regression (FCQR) models with
endogeneity. As an effective way to model random coefficients and to allow the marginal effect of a

regressor in a regression to be varying along with some other covariates, functional coefficient models

*The authors gratefully thank a co-editor, an associate editor, and three anonymous referees for their many construc-
tive comments on the previous version of the paper. Su acknowledges support from the Singapore Ministry of Edu-
cation for Academic Research Fund under grant number MOE2012-T2-2-021. Hoshino’s work is supported by a JSPS
Grant-in-Aid for Scientific Research PD-247943. Address correspondence to: Liangjun Su, School of Economics, Singapore
Management University, 90 Stamford Road, Singapore 178903, Singapore; Tel: +65 6828 0386; E-mail: ljsu@smu.edu.sg.
Tadao Hoshino, Global Education Center, Waseda University, 1-104 Totsuka, Shinjuku-ku, Tokyo, 169-8050, Japan; E-mail:
thoshino@aoni.waseda.jp.



have been studied extensively in the last two decades; see Chen and Tsay (1993), Hastie and Tibshirani
(1993), Fan and Zhang (1999), Cai et al. (2000), Fan and Huang (2005), and Su et al. (2009), among
others. The coefficients in these models are modeled as unknown functions of the observed variables
which can be estimated nonparametrically. But most of these works focus on conditional mean regression
models with exogenous regressors. Recently, Cai et al. (2006), Cai and Li (2008), Tran and Tsionas
(2010), Cai and Xiong (2012), and Su et al. (2014) focus on functional coefficient conditional mean
regression models with endogenous regressors. On the other hand, the quantile regression model, which
was pioneered by Koenker and Bassett (1978), has been widely used in various disciplines, including
economics, finance, biology, and medicine. Despite the popularity of linear quantile regression models
in the early literature (see, e.g., Koenker (2005) for an overview), the last two decades also witnessed
a rapid growth of nonparametric and semiparametric quantile regression models. More recently, Honda
(2004) and Kim (2007) study FCQR models for independent and identically distributed (IID) data
using local polynomials and splines, respectively; and Cai and Xu (2008) and Cai and Xiao (2012)
study local polynomial estimation of FCQR models and partially linear FCQR models for time series
data, respectively; Wang et al. (2009) consider sieve estimation of partially linear FCQR models with
longitudinal data. Compared with fully nonparametric quantile regression models, FCQR models serve
as an intermediate class of models that are robust to model misspecification of functional coefficients and
alleviate the notorious “curse of dimensionality” problem in the nonparametric literature. Unfortunately,
none of these FCQR models allow for endogeneity.

In a series of papers, Chernozhukov and Hansen (2005, 2006, 2008) and Chernozhukov et al. (2009)
address the important endogeneity issue in linear quantile regression models. They introduce an instru-
mental variable quantile regression (IVQR) estimator for heterogeneous treatment effect models to evalu-
ate the impact of endogenous variables or treatments on the entire distribution of outcomes. Since then,
their estimation strategy has been widely applied in the literature on quantile regression models with en-
dogenous regressors. For example, Kaplan and Sun (2012) consider smoothed-estimating-equations IVQR
estimator that improve over the original IVQR estimator in terms of computational speed and asymptotic
efficiency; Chernozhukov et al. (2015) develop a new censored quantile IV estimator by extending the
algorithm for censored quantile regression developed by Chernozhukov and Hong (2002). Extension to
panel and spatial data models have also been done; see, e.g., Galvao and Montes-Rojas (2010), Galvao
(2011) and Harding and Lamarche (2009, 2012, 2014), and Su and Yang (2012), respectively.

The purpose of this paper is to extend Chernozhukov and Hansen’s IVQR estimator further to the
literature on functional coefficient models. There are several advantages associated with this extension.
First, by adopting a functional coefficient quantile regression modeling strategy, we can model heteroge-
nous effects, account for both observed and unobserved heterogeneity, and put our model in the general
framework of random coefficient models. We allow the heterogeneous effect of a regressor of interest
on the outcome variable to vary across both the quantile indices and some observed covariates; see the
examples in Section 2.1. Secondly, like Chernozhukov and Hansen (2006) the endogeneity issue in our
model can be handled through a quantile analog of the two stage least squares. In particular, we can
approximate the functional coefficients by basis functions and then obtain the sieve IVQR estimator as
in the parametric case. So the computation for our estimator is as easy as that for the usual paramet-
ric IVQR estimation. Third, in the estimation context, the advantage of using the traditional constant

coefficient IVQR models rest on their validity. Nevertheless, to the best of our knowledge, there is no



specification test available for this class of models. Using our sieve estimates of the functional coefficients,
we provide a consistent nonparametric specification test for the constancy of the functional coefficients. If
we fail to reject the null of constancy, then we can continue to rely on the traditional constant coefficient
IVQR models. Otherwise we may have to consider the functional coefficients with unknown form.

Specifically, we develop nonparametric sieve estimation for a class of functional coefficient IVQR
models where some or all the regressors are endogenous and their coefficients are varying with respect to
some exogenous variables. In comparison with the widely used kernel estimation, the greatest advantage
of sieve estimation lies in its computational simplicity, which can be a valid concern when bootstrap-
based specification tests are considered and no closed solutions are available for the estimates. More
importantly, it is well known that the kernel estimates (either the local polynomial, local constant, or
nearest-neighborhood estimates) of nonparametric quantile functions tend to be rough, particularly for
small or large values of quantile indices because only a small number of data points are essentially used
in those regions. In this regard, sieve estimation might work better as it employs all observations in its
global estimation procedure despite the fact that it may not be rich enough to characterize some local
properties of the functional coefficients (c.f., Cai and Xu (2008)). After we study the asymptotic properties
of the sieve IVQR estimates, we develop a new Wald-type test statistic for testing the hypothesis that
a subvector of the functional coefficients is constant. The consistency, asymptotic null distribution, and
asymptotic local power of the proposed test are established. In view of the well observed phenomenon that
nonparametric tests based on the critical values from their asymptotic normal distributions may perform
poorly in finite samples, we also provide a wild-bootstrap procedure to approximate the asymptotic null
distribution of our test statistic and justify its asymptotic validity. To assess the finite sample properties
of the proposed sieve IVQR estimator and the test statistic, we conduct a set of Monte Carlo simulations.
The results show that our estimator performs well in finite samples and our test has approximately correct
size and good power properties as the sample size increases, for various data generating processes under
investigation. As an empirical illustration, we consider the estimation of quantile Engel curves for food
using the U.K. Family Expenditure Survey data. We find that the effects of total expenditure on the food
share vary over both the proportion of food expenditure and the age of household child, and they are
significantly heterogeneous with respect to the age of household child, at the middle and higher quantiles.

The paper is organized as follows. In Section 2 we introduce our functional coefficient IVQR model
and propose a sieve estimator for the functional coefficients. The asymptotic properties of the proposed
estimator and its extensions to partially linear FCQR models and panel data models are studied in Section
3. We propose a nonparametric specification test for the widely used linear IVQR model and study its
asymptotic properties in Section 4. We conduct a set of Monte Carlo studies to evaluate the finite sample
performance of the proposed estimator and test in Section 5. Section 6 provides empirical data analysis
and Section 7 concludes. All technical details are relegated to the appendix.

Notation. For natural numbers n; and na, we use I,,, to denote an n; xn; identity matrix, and 0y, xn,
an nj X ny matrix of zeros. We use 1 {-} to denote the usual indicator function which takes value 1 if the
condition inside the curly bracket holds and 0 otherwise, and ¢ to signify a generic constant whose exact
value may vary from case to case. For a matrix A, ||A|| denotes its Frobenius norm: ||A|| = {tr(AA")}'/?
where tr(-) is the trace operator and prime denotes transpose. When A is a symmetric matrix, we use
Amax(A) and Apin(A) to denote its largest and smallest eigenvalues, respectively. We use LA and Lt to

denote convergence in distribution and probability, respectively. For any two conformable matrices or



vectors G and G, we write G = G+ op (1) to denote Hé - GH = op (1) . Of course, when the dimensions

of G and G are fixed as we increase the sample size, we can interchange the use of op (1) and op (1).

2 The model and estimator

In this section we introduce the functional coefficient quantile regression (FCQR) model with endogeneity

and propose a sieve IVQR estimator for the vector of functional coefficients.

2.1 Functional coefficient quantile regression model with endogeneity

We consider the following structural quantile regression model
Y=a,(U)D+B,. (U)X +e, 7€(0,1), (2.1)

where Y is a scalar outcome variable, D = (Dq,...,Dy,)" is a k; x 1 vector of endogenous variables,
X = (X1,..., Xg,) is a ky x 1 vector of exogenous variables, o () and 8_(-) are k1 x 1 and kg X 1 vectors
of functional coefficients that vary with U, respectively, U is a d x 1 vector of exogenous continuous

variables, and € = ¢, is the quantile error term such that
P(e <0|U, X, Z) = 7 almost surely (a.s.) (2.2)

for a k3 x 1 vector of instrumental variables Z = (Z1, ..., Zg,)".} We assume that Z is correlated with
D but is independent of €, and k3 > k;. The model defined in (2.1) and (2.2) can be considered as a
quantile counterpart to the models studied by Das (2005), Cai et al. (2006), Cai et al. (2010), Cai and
Xiong (2012), and Su et al. (2014). The latter authors consider IV estimation of functional coefficient
models under conditional mean restrictions. As Powell (2013) remarks, many empirical applications
suggest that quantile regressions are useful as they provide richer empirical evidence than conditional
mean regressions by allowing for heterogenous effects and estimating the distributional impacts of the
explanatory variables.

To proceed, we provide two motivating examples for the model defined in (2.1) and (2.2) used in
economics. See the empirical application in Section 6 for a third example.

Example 1. (Heterogeneous returns to education) Labor economists are interested in estimat-
ing the Mincer equation which describes the relationship between log-wage and schooling. Traditionally,
they include schooling, experience, experience squared, and possibly some other control variables on the
right hand side of the Mincer equation, regard schooling as an endogenous variable due to the unobserved
heterogeneity in ability, and apply linear IV regression model. Nevertheless, Card (2001) finds that the
returns to education tend to be underestimated by using the 2SLS method when one ignores the nonlin-
earity and the interaction between schooling and working experience, and Schultz (2003) argues that the
marginal returns to education may vary with different levels of working experience and schooling. This

motivates Su et al. (2014) to consider the following functional coefficient IV model

In (Wage) = a(U) - Schooling + S(U) + e

!'We can consider a slightly more general model than that in (2.1) where a-(-) and §,(-) are functions of the di x 1 and
do x 1 random vectors Uy and Ug, respectively. It is easy to see that our sieve estimation method works for this case with
a little modification.



where U is a vector of control variables that includes working experience and some discrete demographic
variables, and e denotes the error term. Similarly, Cai et al. (2010) consider the following partially linear

functional coefficient model
In (Wage) = a(U) - Schooling + B'W + e

where U denotes working experience, and W denotes a vector of exogenous control variables that include
marital status, union status, etc. Apparently, both models allow the impact of education on the log-wage
to vary with working experience. Both groups of authors consider the IV estimation of their models under
the usual conditional mean restrictions. Here we consider the IVQR analogue of the above models which
allows us to estimate the heterogenous distributional tmpacts of schooling on earnings through quantile

regressions. Of course, we can also allow 3 in the second model to vary over U.

Example 2. (Heterogeneous effects of FDI on economic growth) Macro and international
economists are typically interested in exploring the role of foreign direct investment (FDI) in economic
growth. They usually regard the FDI inflows as an endogenous variable. Kottaridi and Stengos (2010)
find that a beneficial effect of FDI on economic growth exists only for countries at higher levels of initial
income. That is, the effect of FDI on economic growth varies across initial income levels. This motivates

Cai et al. (2010) to consider the following partially linear functional coefficient model
Y =a)- fdi+B'W +e

where Y denotes the growth rate of income per capita, fdi is the ratio of FDI to the gross domestic
product (GDP), U is the income level at some initial period, and W is a vector of exogenous control
variables that include the logarithm of investment rate and population growth rate. Again, we can allow
[ in the above model to vary over U and the IVQR analogue of the resulting model allows us to study

the heterogeneous distributional impacts of FDI on economic growth.

As Chernozhukov and Hansen (2006) argue, solving (2.1)-(2.2) as an IV quantile regression problem
is to find a function (u,d,z) — ar(u)'d + B,.(u)x such that 0 is a solution to the ordinary quantile
regression of Y — a (U)'D — 5,.(U)' X on (U, X, Z), i.e.,

0 € arg min Elp,(V — o (U)'D ~ B, U)X — (U, X, 2)], (2:3)
gr&Yr
where p_(w) = w(r — 1{w < 0}) and G, is a class of measurable functions of (U, X, Z). In this paper,
we restrict our attention to the class of functions G, = {g, : ¢ (U, X, Z) = v,(U)' Z for some measurable
function 7y, (-)}. The resulting function s (u,d, z) = a.(u)'d+5, (u) x defines a structural quantile function
(SQF) such that
PY<s(U,D,X)|UX,Z)=r as. (2.4)

2.2 Sieve IVQR estimation

The main idea for our sieve IVQR estimation is simple. At the population level, for a given o € A C R*
define

(Br(0.u). 7 (0w) = mg min  Elp (Y /D~ §'X —y/Z)U =] (2.5)



where B x I' C RF2+Fs. o _(u) can be defined as a* € A C R¥ such that ||y, (a*,u)|| = 0 under
certain identification restriction. Then we have (5_(u),v,(u)) = (8,(a*,u),v,(a*,u)). In practice, one
has to replace the above conditional expectation operator by its sample analogue. In principle, one
can apply either kernel estimation or sieve estimation. Even though, as a referee kindly points out,
kernel estimation has the advantage of its capability of capturing the local properties of the coefficient
functionals and its asymptotic properties are also well documented in the literature, it is computationally
demanding especially if one also considers bootstrap-based specification tests for the above structural
quantile regression model. For this reason, we propose to estimate the functional coefficients by the
method of sieve estimation in this paper. For an excellent review on sieve methods, see Chen (2007) or
the book by Li and Racine (2007).

For expositional simplicity, we focus on the case where U takes value in a compact set 4 C R%. Let
ar 1(u) and B, ;(u) denote the I’th component of a-(u) and 3, (u), respectively, for I = 1, .., k; or ko. For
cach u € U, we approximate the functional coefficients o ;(u) and 3, ;(u) by p* (u)' A, and p* (u)' B, ,
respectively, for [ = 1,..,k; or ky, where p&(u) = [p1(u),...,px(w)] is a K x 1 vector of known basis

functions, and A,; and B;; are K x 1 vectors of unknown parameters to be estimated. Define
Pi(D,U) = [D1p®(UY, ..., Dy, pX (U)) and Px(X,U) = [X1p5(U), ..., Xi, 0% (U)'].
Then we can rewrite (2.1) as
Y = Pk(D,U) A, + Px(X,U)'B; +v+e, 7€ (0,1), (2.6)

where A, = (A7 ,..., A, ), Br = (B} 1,..., B, ;,)’, and v is the approximation error term defined by v =
vy = (o, (U)'D — Pg(D,U)A;)+ (8,(U)X — Pg(X,U)'B;). Similarly, for [ =1, ..., k3 we approximate
Y,.1(w), the I’th component of v, (u), by p(u)'Cr. Let Px(Z,U) = [Z1p"(U), ..., Zi,p™ (U)']" and
Cr = (Chys o Cl )

Combining (2.3) and (2.6), (A,, Br,C;) can be characterized as follows. For a given k1 K x 1 vector
A, let

— l "N _— . K
0,(A) = (B (A),C(A)) arg(B,C)Igzlinch Qr (A B,C), (2.7)

where
QX(A,B,C)=Elp,(Y — Px(D,U)'A— Px(X,U)'B — Px(Z,U)C)],

and B and C are compact parameter spaces in R¥25X and R*¥% | respectively. By the continuity and
convexity of the function p,. (), we know that ©.(A) is continuous and uniquely defined for any A € Ag.
Then we have
. 2
Ar = arg min [|Cr (Al » (2.8)

where Ax C RFX is a compact parameter set, HCH?\/IK = C'MgkC for a k3K X k3K symmetric positive
definite weight matrix Mg (e.g., Mg = Ii,x). Then (B;,C;) can be represented by 0, = (B,,CL) =
(Bo (ALY, Cy(AL)'Y

Let {(Y;,U;, Dy, X;, Z;)}_, be a random sample drawn from the distribution of (Y,U, D, X, Z) . For
a sample analogue to the above procedure, we define our IVQR, estimator of §,(u) = (o, (u)’, 8, (u)") for

any u € U as follows:



1. For a given ky K x 1 parameter vector A, run a quantile regression to obtain

N ~

— (N l N — : K
Or(4) = (B,(A),Cr(A)) =wrg | min QI (4,B,C) (2.9)

Where Q§T<A7B7 C) = TL_l Z?:l pT(Y; — PK(DZ‘, Ul)/A — PK<XZ‘, UZ)/B — PK(ZZ, Ul)/C)

2. Minimize the weighted norm of C(A) over Ag to obtain an estimator of A, = (A7 15 AL L),

ie.,
2

A,

A A", ) =arg min
( 7,1 T,kl) gAEAK

C‘T(A)H (2.10)

My
3. Obtain the estimator of ©, = (B.,C’) as ©, = 0,(A,) = (B;(A,),C.(A,;)"). In particular,
B. = B,(A;) = (Bl ,,...., B. ) is an estimator of B, = (B, Bl )

7,10

4. For any u € U, the estimators of v (u) and 3, (u) are given by - (u) = [p¥ (u) Ar 1, ..., pX (u) Ar )
and 3, (u) = [p& (w) By 1, ..., p™ (1)’ Br 1,]', respectively.

Remark 1. As mentioned above, a convenient choice of Mg in Step 2 is given by Ii k. As in the IV
literature, if k3 = k1 so that the IVQR model is just identified, we can demonstrate that the choice of
My does not affect the asymptotic distributions of 6, (u) = (&, (u), 3, (1))’ and our test statistic; see
Remarks 4 and 9 below. If ks > k1, one can apply Mg = I,k to obtain preliminary estimators of those
unknown parameters, based on which one obtains a consistent estimate for the variance-covariance of
C.(A) and use its inverse as My to obtain an asymptotically more efficient estimator of A,. Since the
asymptotics for the case of known M is already quite involved, we will not consider the case of estimated

My in the following study.

3 Asymptotic properties of the sieve IVQR estimator

In this section we first provide assumptions for the identification and estimation, and then study the
asymptotic properties of the sieve IVQR estimator proposed in the last section. Extensions to partially

linear functional coefficient models and panel data models are also discussed later in this section.

3.1 Basic assumptions for identification and estimation

A real-valued function ¢ on U is said to satisfy a Holder condition with exponent r if there is ¢, such
that |q(u) — q(@)| < ¢q |lu —a||" for all u,a € U. Given a d-tuple nonnegative integers, b = (b1, ..., bg), set
[0] = b1 + -+~ 4 bg and let V* denote the differential operator defined by V° = %. A real-valued
function g on U is said to be A-smooth, A = r + m, if it is m-times continuously cllifféreiiltiable on U and
V'q satisfies a Holder condition with exponent r for all b with [b] = m. The A-smooth class of functions
are popular in econometrics because a A-smooth function can be approximated well by various linear
sieves; see, e.g., Chen (2007).
Let W = (X', 2", ¢, (U) = [Px(X,UY, Px(Z,U)') and ¥_(g) = 7 — 1{e < 0}. Define

II.(A, B) E[. (Y — Px(D,U)'A— Px(X,U)'B) ¢y (U)], and
I, 4(B,C) = E[,(Y - Px(D,UYA- Px(X,U)B - Px(Z,U)C) ¢ (U).

T



Let W; = (X!, Z!) and W = X x Z be the support of W. We make the following set of basic assumptions.

Assumption Al. (i) (Y;,U;,D;,W;), i = 1,...,n, are IID random variables that are defined on a
probability space (€, F, P), share the same distribution as (Y, U, D, W), and take values in ) X U x D x
W C Ritdthitkaths) where U and W are compact and ks > k.

(i) P(Y < ar(U)'D + B, (U)X|UW) =T as.

(iii) The cumulative distribution function (CDF) of e conditional on (U, D,W) = (u,d,w), F.(-|u,
d,w), exhibits a probability density function (PDF) f.(-|u,d, w) that is bounded from above by ¢y, for
all (u,d,w) €U x D xW; [f.(-|u,d,w) is continuously differentiable in the neighborhood of 0 with first
derivative bounded from above by ¢;_ for all (u,d,w) € U x D x W; E{sup,cr1{le —v| <9 ()} [x} <
2¢;.9 () for any measurable function 9 () where x = (U, D, W).

(iv) The distribution of U is absolutely continuous on U with respect to the Lebesgue measure.

Assumption A2.(i) For | = 1,..., ki, kg, or k3, o i(+), B, (-), and 7, ;(-) belong to the class of A-smooth
functions with A > 0.

(ii) For any A-smooth function ¥ defined on U, there exists a function Iloox ¥ (-) = 7yp™(-) in the
sieve space G = {g () = 7'pX () for some 7 € RX} such that sup,cy [|¥ (v) — Moo g (u)|| = O(K D).
In particular, there exist A, ;, B, and C;; such that sup,cy, |- (u) — p%(u)/ A, | = O(K~ Mdy for | =

k1, Supyey 1B, (w) — pK (w) By | = O(K~M9) for I = 1, ..., ke, and sup,.¢ [p* (w)'Cr | = O(K )
forl=1,..., ks.

(iii) Let AT = (A1 AL L) Br = (B, Bry) s and Cr = (CF 4,0, CF ) (Ary By, C7) lies in
the interior of Ax x Bg x Cx, where Ax € RFE Br € R¥K and Cx C Rk3K are compact and convex
for all K, and Cx contains 0 for all K.

Assumption A3. (i) For all K, the Jacobian matrices W I, (A, B) and

are continuous and have full rank uniformly over Ax X Bx X Ck.

8(3(?,0_')HT|A(B’ C) exist,

(ii) The image IT,(Ag, Bx) is simply connected for all K.

Assumption A4. Let N, = {A € Ak, ||[A — A;|| < €} be an e-open subset of Ax containing A,
and /\/1;%,6 its complement. Let Q (4) = HC’T(A)H?V[K . Assume that lim inf,, o [minac s, nnve Qi (A4) —
Qg (4;)] > 0 for all € > 0.

Assumption Al(i) imposes IID sampling and compactness on the support of the exogenous inde-
pendent variables. As Chernozhukov and Hansen (2006) remark, compactness is not restrictive in mi-
croeconometric applications but can be relaxed at lengthy arguments. A1(ii) specifies the conditional
quantile restriction which is used to construct our sieve IVQR estimator. A1(iii) imposes conditions on
the quantile error term ¢ that are standard in the quantile regression literature. Al(iv) requires that
the variables in U be continuously valued, which is standard in the literature on functional coefficient
models. The extension to allow for both continuous and discrete variables in U is possible but will not
be pursued in this paper.

Assumption A2(i) imposes smoothness conditions on the relevant functions and A2(ii) quantifies the
approximation error of A-smooth functions. These conditions are satisfied, for example, for polynomials,
splines, and wavelets. A2(iii) imposes compactness on the parameter space. Such an assumption is needed
at least for the parameter space Ag because the objective function in (2.8) is not convex in A. A3 parallels
Assumption 2.R3 in Chernozhukov and Hansen (2006) which is needed for the global identification. A4



specifies the identifiable uniqueness condition as defined in White (1994, p.28) or Gallant and White
(1988, p.19). Note that they allow both the pseudo-true parameter (A, here) and the nonstochastic
objective function (Q(-) here) to depend on the sample size but restrict their attention to the case
where the dimension of the parameter is fixed. Clearly A4 imposes some restrictions on the choice of
basis functions that determine the solution C;(A) for any fixed A € Ag.

The following theorem describes the identification of the functional coefficients in the IVQR model.

Theorem 3.1 Suppose that Assumptions A1-A4 hold. Then a,(u), 5,.(u) and v,.(u) can be identified
forallu el as K — cc.

3.2 Asymptotic properties of the sieve IVQR estimators

To study the asymptotic properties of the sieve IVQR estimators, let v;(A, ©) = Pg (D;, Ui)'A—&—cé{,(Vl, (U;))e—
a.(U;)'D; — 5,.(U;) X; and g; (A,0) = (;Sé([/i (U;) Y, (g; — v; (A, ©)). Define

U = ElowU)dw, (U],
Jia(A) = =B £ (i (A0, (4)[Us, Di, W) 65 (U:) Prc (D1, U]
i (4) = B |f- (v (4,0, (4) Ui, Dy, W) 8ly, (U)o, U],
Dorc(A) = =3 (0r (A, O, (A) U3, Dy, W) 68, (U3) 685, (U
i=1

Further, write [®x 5(A) @k c(A)] as a conformable partition of [®x(A)]~!, where @ 5(A) and
Ox.c(A) are koK x (ko + k3) K and k3K x (k2 + k3) K matrices, respectively. Let ®x 5 = ®x 5(A,),
Prc=Pro(Ar), and Jg a4 = Ji 4 (A7) . Finally, let Q; = ( QT,Q’BT)/, where

Q4.
Qp.

—_ —_ _1 — —_
- (J}(,Aq)/K,CMKq)K,CJK,A) J}{,A(I)/K,CMK(I)K,C

P B (kytk)i + T, 404, ]

We add the following assumptions.

Assumption A5. (i) 0 < ¢p; < Amin (Mk) < Amax (ME) < €y < 00 uniformly in K;
(i1) 0 < ¢y < Amin (PK) < Amax (Vi) < €y < 0o uniformly in K;
(iii) 0 < cg < infacay Amin (Px (A)) < SUP e 4, Amax (Px (A)) < o < 00 uniformly in K
(iv) 0 < ¢; < Amin (JK,AJ;(7A) < Amax (JK,AJ;(7A) < ¢y < oo uniformly in K.

Assumption A6. (i) Let ¢ = sup, oy [P (0)]]. Asn — o0, (% K3 (Inn)® /n— 0 and n K~ 42V /1np
— ¢p € ]0,00).

Assumption A5(i) imposes conditions on the weight matrix Mgk and is trivially satisfied for I, x
with ¢); = ¢y = 1. The condition in A5(ii) in standard in the literature on sieve estimation (e.g.,
Newey (1997)). For fixed A, A5(iii) reduces to the typical requirement for sieve estimation of conditional
quantiles without endogeneity (e.g., Lee and Horowitz (2005)). The uniform requirement on A € Ag
pertains to our sieve IVQR estimation and can be satisfied under A5(iii) if f. (-|U;, D;, W;) is uniformly
bounded away from 0 and infinity a.s. A5(iv) requires that Jx 4 = Jx 4 (A;) has full rank for all K in
large samples. In Lemma A.1 in the appendix, we show that Assumptions A5(i)-A5(iv) imply that ©,Q/



has eigenvalues that are bounded away from infinity and zero uniformly in K in large samples. This is
important as ). appears in the asymptotic variance-covariance matrix for our sieve IVQR estimator; see
Theorem 3.5 below.

Assumption A6(i) imposes conditions on K, (, and A. For some basis functions, the order ¢ is well
known. For example, ¢ = O(K) for power series and ¢ 5 = O(K'/?) for splines (see Newey (1997)). The
first condition in A6(i) requires that K should not diverge to infinity too fast while the second requires
that K should not diverge too slowly and it is sufficient to ensure that the asymptotic bias term of our
first stage sieve estimator ©,(A) is at most as large as its variance term uniformly in A € Ag. The
larger value A/d takes (i.e., the smoother the class of functional coefficients), the less stringent condition
needed for K in order for both conditions in A6(i) to be satisfied.

The next theorem studies the uniform convergence and the uniform Bahadur representation of the

first stage estimator ©,(A).

Theorem 3.2 Suppose that Assumptions A1-A4, A5(i)-(iii), and A6(i) hold. Then

(i) 55D s a, 197 (4) — O (A)]| = Op[(K T /n)' 2],

(ii) ©-(A) — 0, (A) = P (A)'n 1Y " gi(A4,0,(4)) +op (n_l/Q) + 7y, uniformly in A € Ay,
where ||r,|| = Op(§%2K5/4n_3/4 Inn).

Remark 2. The first condition in Assumption A6(i) ensures ||r,| = op((K/n)'/?). This condition
ensures that 7, is of smaller order term than the dominant term in the Bahadur representation for @T(A).
If one requires ||7,|| = op(n~1/?) to simplify the expression in Theorem 3.2, one needs to strengthen that
condition to ¢% K® (Inn)* /n— 0. In the case of spline estimation, ¢z = O(K'/2), the latter condition is

simplified to K6(Inn)*/n — 0, which means that K cannot increase at a rate faster than n'/.

We study the consistency of the (AT7 BT, C’T) and derive the influence functions for AT and BT in the

following theorem.

Theorem 3.3 Suppose that Assumptions A1-A4, A5(i)-(iii), and A6(i) hold. Then
(i) [[Ar = Ar]| = 0p (1), [|Br = Br|| = op (1), and ||Cr — Cr[| = op (1);
(ii) Ay — Ay = Qa n X0, 015 (Ui, (61 — (A7, 00) + 0p(n 1)
(i) B — By = Q. n S0 68, (U0, (6 — (A7, 0,)) + 0p(n ).

The next theorem gives the uniform rate of convergence of our sieve IVQR estimator.

Theorem 3.4 Suppose that Assumptions A1-A4, A.5(i)-(iii), and A6(i) hold. Then
(i) supyey ||ér (u) — ar (w)]| = Op [Cx ((K/n)"/? + K]

(ii) sup, cu |

Bolw) = B, ()| = Op [Cac((B/m) 2 4+ ]

Remark 3. Despite the complication of our estimation strategy, Theorem 3.4 indicates that we can obtain
the same uniform convergence rate as obtained in the sieve estimation of conditional mean function; see
Theorem 1 in Newey (1997). For the selection of K, Newey (1997) mainly requires that (% K/n— 0,
which is much weaker than our first requirement that ¢4 K3 (Inn)® /n— 0. This is as expected because
our estimator is essentially a two-stage estimator and we have to apply some uniform convergence results

to demonstrate our first-stage estimator O, (A) is uniformly consistent in Frobenius norm and exhibits
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certain uniform Bahadur representation. Following the proof of Theorem 3.4, one can also obtain the

mean square convergence rate:

Op(K/n+ K~*%) and

>
3
S
I
Q
3
S
o
QU
o
S
Il

J 180 = 5, )PAFL ) = Opr/n+ K,
where F,, (-) denotes the CDF of U. We skip the details to conserve space.

To study the asymptotic distribution of our estimator, we introduce some additional notation. Let
II,(u) and IIg(u) be ki x k1 K and ko X ko K block diagonal matrices, respectively, whose diagonal block
K I
p*(u) -+ Oixk
is pX(u); e.g., My (u) = . Define the (k1 + k2) x (k1 + k2) K matrix
Oixg - pM(u)
I, 0
I (u) = (W) Okixiarc | (3.1)
Oy g (u)
We add the following assumption.
Assumption A6. (ii) Asn — oo, n(}?uK*QA/d — 0 where (g, = [[TI (u)]| > 0.

Note that Assumption A6(ii) is similar to the second requirement in A6(i) and it ensures that the
asymptotic bias term for our sieve IVQR estimator is of smaller order than the asymptotic variance term.
In general, one expects that [|I (u)|| = O (K'/2), and thus A6(ii) reduces to the typical requirement that
nK ~(142Md) 0 see, e.g., Huang (2003).

The following theorem studies the asymptotic normality of our sieve IVQR estimator.

Theorem 3.5 Suppose that Assumptions A1-A6 hold. Then

o i )

Remark 4. In the above study we restrict our attention to the case where the weight matrix Mg used

{(r(1- 1) (w) QU ()} Vi (

in (2.10) is nonrandom. In the case of just-identification (i.e., k3 = k1), Q4. = — (éK7CJK7A)_1 Py o,
and Qp_ = i)K,B[I(kQJrkg,)K —JKk.A (@K,CJK,A)_I @ c]. Therefore the choice of My has no effect on the
asymptotic distribution of our sieve IVQR estimator, and one can always set Mg = Iy, k. In the case
of over-identification, however, the choice of My generally matters. It affects the asymptotic efficiency
of A, and é,(u) and that of B, and 3, (u). Here we focus on the estimation of the structural functional

coeflicient v, (u). For the general choice of M, the asymptotic variance-covariance (AVC) matrix of
V(b (u) = ar(u)) is given by
Qo, (Mg) = 7(1—7)Ha(u)Qa, VO I, (uw)
= (1) a(u) (T o P cMrPr.cJr ) T a®l o MrPr, oV i@ cMiPr,cJx,a
X (J}{,A‘i’}{,cMK‘fK,cJK,A)_l I, (u)'.
By (A.10) and the proof of Theorem 3.5 in the appendix, the AVC matrix of \/n(C; — C,) is given by

Yo, =7(1-71) ‘i)K,C‘I’K‘i)}(,c- Then, if we choose My = EEE, the above AVC matrix reduces to

-

_ = = = 1= -1
Q. (55 =7 (1= 1) Ma(u) [J}(,Atbkc (B oW B o) @K,CJK,A} I, (u)'.
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Standard arguments show that Q,_ (M) > Q. (2571) . It follows that by setting My = EETl we can
obtain the most efficient sieve IVQR estimator of the structural functional coefficient . (u) .

Remark 5. In practice, X, is not feasible and one may estimate it based on some preliminary consistent
estimators. For example, one can first choose Mg = Ii,x to obtain a preliminary estimate 5. (u) of §; (u)
at all data points and the resulting quantile regression residuals ;. Let f]CT =7(1-7) &\)K,C@K&;/K,Cv
where \iJK and <i>K are defined below and E)K,C is the lower k3K x (ko + k3) K submatrix of @}1. Then
a feasible version of the optimal choice of My is given by My = XA)(}}. Under some regularity conditions,
we can show that Hi:(_)i - ZE:H =0Op [Kl/Q((K/n)l/2 + K—*4)] and the estimation error does not affect

the distributional theory of our estimator.

For statistical inference, it is necessary to obtain consistent estimators of @, Jx 4 and Ux. A natural
estimator for Uy is Uy = Ly gbi{V (Uy) qﬁ{fvi (U;)" . Following Powell (1991), we can estimate ®x and

JK,a respectively by
R 1 n ) R _1 n R
x =5+ > 1{jai] < b} é, (Ui iy, (U:) and Ji 4 = ok > 1{jail < B} o, (U Px (D, Uy
i=1 i=1

where h = h,, is a bandwidth parameter such that as n — oo, h — 0 and K?/(nh) — 0. To compute
by and jK7A, we need to choose the smoothing parameter h. Following Koenker (2005, pp. 80-81), we
can set h = & [®@ (1 +cn~/3) — @71 (7 — cn~1/3)], where ®~! is the inverse of the standard normal
CDF, & is a robust estimate of scale/standard deviation, e.g., # = median|é;—median(¢;)|/0.6745 (Hogg
and Craig, 1995, p. 390), and c is a proportional constant. In the simulation and application below we
set ¢ = 0.5.% Following the consistency of these estimators (as demonstrated in the proof of Theorem 4.3
below), we can readily obtain a consistent estimator for the asymptotic variance-covariance matrix in the

above theorem.

3.3 Extension to partially linear functional coefficient models

Now we consider extending the model in (2.1) to the partially linear functional coefficient model:
Y =a,(U)D+ B1,.(U)X; + 5, Xz +¢, 7€ (0,1), (3.2)

where Y, U, D, and o, (-) are defined as above, Xy = (X1, ..., Xi,,)" and Xo = (Xky, 41, -y Xkoy +kep ) aT€
ka1 x 1 and ko2 X 1 vectors of exogenous variables, respectively, 5. (+) is a ka1 x 1 vector of functional
coeflicients that vary with U, 85, is kao X 1 vector of coeflicients that do not vary with U, and € = ¢, is

the quantile error term such that
P(e <0|U,X1,X9,Z) =7 as. (3.3)

for a k3 x 1 vector of instrumental variables Z. In the absence of the endogenous component o (U)' D, the
model in (3.2) was recently studied by Wang et al. (2009) for longitudinal data and Cai and Xiao (2012)
for time series data. Because of the presence of the endogenous component, the methodology developed

in neither paper applies to our framework.

2 Alternatively, one could follow Pakes and Pollard (1989) and Honoré and Hu (2004) and estimate & and JK, A using

numerical derivatives.
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We remark that the results developed in previous sections extend straightforwardly to the model
specified in (3.2) and (3.3). To conserve space, we only consider the asymptotic normality of the estimator
of the finite dimensional parameter (3, as the results for the other functional parameters, namely, a.,(+)
and 8,,(+), are almost the same as before. We follow closely the notation defined above and only suggest

necessary changes as follows:

PK (XlaU) = [leK(U)/a"'7Xk21pK(U)I]I’
W o= [X{,X,, 27,
oR (U) = [Px(X1,U), X5, Pk (2,0)],
BT = (317’6/27')/’

where B, = (B, 1, Bl 1,,)s and By, 1 =1,..., kay, are defined as in Section 2.2. Clearly o (U) is
a [(k21 + k3) K + kaa] x 1 vector, and B, is (ka1 K + ka2) x 1 vector. Let A, and B, = (BiT,B;T)’ be the
sieve IVQR estimator of A, and B, respectively, by following the exact procedure specified in Section
2.2. Let W, Jia(A), @k (A), and Qp_ be defined as in Section 3.2 with the newly defined ¢ (U)
in place of the original one. Now we need that Assumptions A.5(ii)-(iv) hold for these newly defined

objects. Then the results in Theorems 3.2 and 3.3 continue to hold. Consequently, we have
B,—B. = Qpn 'Y én, (U, (i — vi(Ar,05)) + op(n~/?)
i=1
= Qpn’! ZQZ)IVI(/i(Ui)wT(gi) +op(n~'/?)
i=1

provide that the approximation error v;(A,, ©,) is asymptotically negligible (which holds if nK —2)/d _,
0). Let Sy be a ko X (ko1 K + koo) selection matrix such that So B selects only the last ko elements in the
(ko1 K 4 kag) x 1 vector B. Then we can easily demonstrate that

vn (B% - 527) = VnS, (BT - B‘r) = SyQp,n /2 Zﬁb{/l(/i(Ui)wr(Ei) +op(1)
=1
4N (O,T (1-7) lim SQQBT\PKQ’BTS’Q) .

Consequently, one can conduct statistical inference on (5, as usual by estimating the AVC matrix given

above. Alternatively, one can apply the bootstrap method to obtain standard errors and make inference.

3.4 Extension to panel data models with individual fixed effects
Now, we consider the extension of the model in (2.1) to a panel data model with individual fixed effects:
Yie = o (Uit)' Dig + B1,(Uit) X1 it + Bar s + €it, 7€ (0,1), (3.4)

where i = 1,.., N, t = 1,...,T, Xyt = (X1,ity -, Xpoit)', Bar,’s are individual fixed effects that will
be treated as parameters to be estimated, and the definitions of other objects are the same as before.

Note that we follow Kato et al. (2012) and allow the individual effects to vary across the quantile index

13



7.3 Since quantile regression with individual effects is subject to the incidental parameter problem and
so far there is no general transformation that can suitably eliminate the individual effects in quantile
regressions, here we follow the literature, assume that both N and T go to infinity, and focus on the
estimation of the functional coefficients &, () = (o (-)', By, (1)')".

Let X ;+ denote the ith column of Iy for each ¢. Then we can rewrite the model in (3.4) as

Yit = ar(Uit) Dt + B1,(Uit) X it + 85, Xoit + i, 7 € (0,1),
where By, = (82,1, Bar )/ If we assume that ;4 = €1~ satisfies
P(eir < 0|Uit, Xi,it, Bar iy Zit) = T aus.

for a k3 x 1 vector of instrumental variables Z;;, we can estimate the model using the same estimation

procedure as in the partially linear FCQR model presented above. Let

P Xiit,Ui) = [X1.ap™ (U)o, Xno.ae0™ (Ui)'V
Pl (Xit,Uy) = [Px (Xui,Ui) , Xb]
BT = ( 17”[_3/27')/’

where By, = ( {T,l, ey BiT’kz)', and Biry, | = 1,..., ks, are defined as in Section 2.2. Here, B; is
(ke K 4+ N) x 1 vector. The sieve IVQR estimators can be defined analogously to those in section 2.2 with
the objective function in (2.9) replaced by

QK+.(A,B,C) = (NT)~ Zsz it — Prc(Dit, U)' A — Pl (X, Uit)' B — Pg(Zit, Up)'C).  (3.5)

Let © = (B',C") € RFE+N  RFsK Tet ©,(A) = (B,(A),C-(A)") and A, are as defined in (2.7) and
(2.8), respectively. Let A, B, = (B]_, B;T)' and C; be the sieve IVQR estimator of A,, B,, and C, re-
spectively. The sieve IVQR estimators of a, (u) and 3, (u) are given by & (u) = [pX (u) Ar 1, ..., pX (u) Ar i)
and B3, (u) = [pK(u)’Blnl, ...,pK(u)’BelTJm]’, respectively.

Let Wi = (X! 50, X 10, Z4)', b1y, (Uie) = [Py (Xit, Uir)', Pic (Zir, Us)')', and vy (A, ©) = Prc(Dig, Uir)' A+
(ZSII/(V” (Uit) ©—ar (Uit) Dit—B1,(Uit)' X1,it— By Xoit- Let x;p = (Uly, Diy, W), H = diag(I,x, NK /21y,
Inyi) and Hy = diag (Iy, i, NY/?Iy, I, i) . Define

N T
Uy = (ND)! Z E [H1¢1€(Vﬁ (Ui1>¢{[/l(/it (Ui) H1|,
l:lef_lT
JK,A (A) = _(NT)_l ZZE |:f€1t Uzt A @ ( )) |th) H1¢Wt ( zt) PK(thlet):| )
leth_l
Dic(A) = (NT)DONT B [fe, (i (4,07 (4)) [xir) Hidly, (Uie) Oy, (Uie) Ha
i1 t=1

3Galvao (2011) applies the IVQR method to estimate dynamic panel data models by using lagged regressors or lagged
differences of regressors as instruments for the lagged variable Y; ;1 which plays the role of D;; here. Galvao and Montes-
Rojas (2010) consider penalized IVQR of dynamic panel data models by imposing ¢1-penalty on the fixed effects, following
the lead of Koenker (2004). Both papers provide proofs based on the heuristic arguments used in Koenker (2004). In
particular, they claim that their v/ NT-consistency and asymptotic normality results hold as long as N®/T — 0 for some
a > 0 under some regularity conditions, which is apparently not the case. Indeed, Kato et al. (2012) establish the V/NT-
consistency and asymptotic normality results for the conventional panel quantile regression estimators under the conditions
N2(InN)3/T — 0 as (N,T) — oo.
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where f.,, (-|x;;) denotes the PDF of ;; given y;;. As in Section 3.2, we write [®x 5 (4)" ®x.c (A)] asa
conformable partition of [H1H 1®x (A) Hl_lH]_l, where @ p(A) and ®x (A) are now (k2K + N) x
[(k2 + k3) K + N] and k3K x [(k2 + k3) K + N|] matrices, respectively. Let ®x p = P 5(A,), Prc =
Pr.c(A;), and Jx a4 = Jk 4 (A;). Further, let Q, = (Q;lf, ngh)/, where

_ = = - -1 - = =
Qu, = —(JgaH "Hi®% ocMg®xcHiH 'k a)  Jig aH "Hi1®% o MiPx o,
QBh

Dk By L (hyths)k+n + HIH T aQa ],

where ®x p, denotes the upper koK x [(kg + k3) K + N] submatrix of [HyH '@ (A, )H,; "H]™' (or
equivalently that of ®f g).

We only state two theorems that parallel Theorems 3.2 and 3.5 under Assumptions D1-D6 stated in
Supplementary Appendix D. The counterparts of other theorems in Section 3.2 continue to hold under

these assumptions.

Theorem 3.6 Suppose that Assumptions D1-D4, D5(i)-(iii), and D6(i) and (iii) in Appendiz D hold.
Then

(i) s sy 1H10-(4) — O (A)]| = Op (K W(NT)/ (NT)]'2)

(ii) H[0,(4)~0,(4)] = (NT) ™" [H\H ' @x (A)H; H] ' Hy S S i 4,0, (4)+op((NT) ™72
+ryr uniformly in A € Ak,
where Hy = HyH ' Hy, and |[ry7|| = Op(C2 K54 (NT)™**In (NT)).

Theorem 3.7 Suppose that Assumptions D1-D6 in Appendiz D hold. Then as (N, T) — oo,

. u T () —~1/2 Ao%(u) — a-(u) d
tr(1 =D L) O eI )’} W( Bir(u) = B, (u) ) MO Jhse)

where IL(u) is a (k1 + k2) X (k1 + ko) K matriz defined in (5.1).

For the proofs of the above theorems, see Appendix D. As demonstrated in Appendix D, the proofs
of the above results are quite involved. The complications arise for several reasons. First, the fixed
effects parameter f,, is of dimension N, which generally diverges to infinity at a much faster rate than
K. Second, the estimator of f,, has a convergence rate (in Frobenius norm) that is different from that
of By, and C’T, which explains the need for the normalization matrix H defined above. Third, without
using the second normalization matrix H; in the definitions of Ji 4 (A) and @k (A), the latter matrices

would be degenerate asymptotically. See, e.g., the proof of Lemma D.1 for the case of ®f (A).

4 A specification test

In this section, we consider testing the hypothesis that some of the functional coefficients are constant.

The test can be applied to any nonempty subset of the full set of functional coefficients.

4.1 Hypotheses and test statistic

Let S be an 7 x (k1 + k2) matrix that selects r elements from §, (u) = (a-(u)’, 8,(w)")’, where 1 < r <
k14 k. For example, if S = (Iy,, Ok, xk, ) , then Sd; (u) = ar(u); if S = (0ky xky s Lk, ) , then S, (u) = B (u);
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and if S =1y, 1k,, then So, (u) = 0, (u) . We are interested in testing the null hypothesis
Hy : 61, (U;) = Sé, (U;) = 61+ a.s. for some parameter 01, € R". (4.1)

The alternative hypothesis H; is the negation of Hy. That is, under Hy, r of the (k; + ko) functional
coefficients are constant, whereas under Hj, at least one of the functional coefficients in d1. (+) is not
constant.

In principle one can consider various ways to test the null hypothesis in (4.1). For example, one can
estimate the restricted semiparametric functional coefficient IVQR model under the null, and construct
a Lagrangian multiplier (LM) type of test based on the estimation of the restricted model only. Alterna-
tively, one can adopt the likelihood ratio (LR) principle to estimate both the unrestricted and restricted
models and construct various test statistics, say, by comparing the estimates of either d1, () or 0, (-) in
both models through certain distance measure, or by extending the generalized likelihood ratio (GLR)
test of Fan et al. (2001) to our IV quantile regression framework. Both the LM and LR types of tests
require estimation under the null and one needs to estimate the restricted model multiple times in order
to test for multiple null hypotheses for different subsets of functional coefficients.

In this paper, we propose a Wald-type statistic that requires only consistent estimation of the un-
restricted model. Let 4y, U;) = S8, (U;) and S1, = %Z?:l 51y (U;) . We propose the following test
statistic

2CL(Ui) y (42)

T, = i HslT (U;) *glr
i1

where a (+) is a uniformly bounded nonnegative weight function defined on the support U of U;. Our
theory allows one to take a (u) = 1 for all u € U, in which case one obtains an unweighted version of the
test. By specifying a weight function that is positive only in a subset of U, one may focus the test on a
specific region of I/ in applications. In the next subsection, we show that after being suitably normalized,

T, is asymptotically distributed as N (0,1) under Hy and diverges to infinity under Hj.

4.2 Asymptotic distribution of the test statistic

To proceed, we first consider the consistent estimation of d;, under Hy. We estimate it by

= 1 LA
o1 =~ ;517 (U). (4.3)

Let Il = E[II(U1)] and £ =7 (1 — 7) SIIQ, ¥ x Q. II'S". We make the following additional assumptions.

Assumption A6*. As n — oo, (% K3 (Inn)? /n— 0 and nK 24 - (.
Assumption A7. (i) 0 < ¢ < Amin (l:ﬂ:[’) < Amax (l:ﬂ:[’) < ¢p < oo for each K.
(i) 0 < ¢ < Ain (E[IL(U) TL(U;) @ (U3)]) < Amax (E[IL(U;) TL(U;) a (U;)]) < én < oo for each K.
Assumption A6* strengthens Assumption A6(i). The second requirement in A6* ensures that the
asymptotic bias term of ) 1 under Hy is o(n~1/?) so that it has an asymptotically negligible effect on the
asymptotic distribution of d,,. A7 requires that Il and E[II (U;) I (U;) a (U;)] be full rank. In conjunction

with Assumptions A5(ii) and (iv), it also ensures that the minimum and maximum eigenvalues of Zg{l .
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are bounded and bounded away from 0 with probability approaching 1 (w.p.a.1.) in the case a (U;) =1
a.s..

The following theorem establishes the y/n-consistency and asymptotic normality of &1, under Hp.

Theorem 4.1 Suppose Assumptions A1-A5, A6*, and A7(i) hold. Suppose that Y5, = limg_ Zgi
exists. Then under Hy, \/5(517 —d17) 4N (0rx1, s, ) -

Remark 6. Clearly Theorem 4.1 says that under Hy, ng can consistently estimate §1, at the para-
metric rate. The second requirement in A6* indicates that one needs to select a larger number of sieve
approximation terms than usual in order to achieve this rate. On the other hand, if r = k; + ko, i.e.,
all functional coefficients take constant values under Hj, and the sieve basis includes the constant term,
then the bias term from the sieve approximation vanishes automatically and the second requirement in

Assumption A6* becomes redundant. In this case, a small value of K can be selected.

Let T; = I1(U;) S'STL(U;) a (U;) and Q, = QL E(Y1)Q,. Define
B,=7(1—7)tr (Q’TE(TQQT@K) and 02 =277 (1 — 7)2 tr (QUQ, V). (4.4)

To state the next result, we modify Assumption A6* as follows.
Assumption A6**. As n — oo, (% K3 (Inn)® /n— 0 and nk ~(1/2+2)/d) _, ¢,

Intuitively, one does not need the constrained estimator 1, to be \/n-consistent to derive the asymp-
totic distribution for our test statistic. Assumption A6** is sufficient to ensure that the bias term from
the sieve approximation plays an asymptotically negligible role in the asymptotic distribution.

The next theorem studies the asymptotic distribution of T}, under H.

Theorem 4.2 Suppose Assumptions A1-A5, A6**, and A7 hold. Then under Hy, o, (T, — B,,) LA
N(0,1).

Remark 7. The above theorem also holds if one replaces Uk in the definition of B, by its population

analogue V. We use Uk because B, appears as a term in the decomposition of T,.

To implement the test, we need consistent estimates of both B, and UfL. Let &, = &, = Y;—
b&r (U;) Dy — B, (U;) X3, Y= 150 TL(U) S'SIL(U) a (Uy), Qr = (Y, Q5 ), where

=/ =

-1
N N =~/ = N N
Oy, - <J}(7A(I)K7CMK(I>K,CJK,A> Jr, APk c Mk Pk cs

Qp, = Pkp {I(kz—l—kg)K +QA,} )

~1

=~ ! ~ ~ ~
and [ (i)lK 5 Prc ] is a conformable partition of @;{1 with ®x g and Pk ¢ being ko K X (ko + k3) K
and k3K x (kg + k3) K matrices, respectively. We propose to estimate B,, and o2 respectively by

op (1) under the following additional assumption.

Assumption A8. Asn — oo, h — 0 and K?/(nh)— 0.
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Then we have
T, =61 (Tn - Iﬁan) 4 N (0,1) under Hy. (4.5)

When 7 is sufficiently large, we can compare the feasible test statistic 7, to the one-sided critical value
Za, the upper a percentile from the standard normal distribution, and reject the null at asymptotic level
aif T, > 2q.

To examine the asymptotic local power, we consider the following sequence of Pitman local alternatives
H, (U}/Qn_lﬂ) 2017 (Us) = 610 + U}/Qn_l/QAn (U;) as.

where A,,’s are a sequence of real continuous vector-valued functions such that py = lim,, o E[||A, (U;) —
E[A, (U)]|2a (U;)] < oc. The following theorem establishes the asymptotic local power of the T}, test.

Theorem 4.3 Suppose Assumptions A1-A5, A6**, and A7-A8 hold. Then under H; (U}/Qn_lﬂ), T, LA
N (MO? 1) .

Remark 8. Theorem 4.3 shows that the 7}, test has nontrivial power against Pitman local alternatives
that converge to zero at rate n~/2K'/* because o, x K/? as demonstrated in the proof of the above
theorem. The asymptotic local power function is given by lim, ..o P(T), > z | Hy (051/271’1/2)) =1-
® (z — pg), where ® is the standard normal CDF.

The next theorem establishes the consistency of the test.

Theorem 4.4 Suppose Assumptions A1-A5, A6™*, and A7-AS8 hold. Then under Hy, nto,T, =
i+ op (1) where py = E[||61, (Us) — E 61+ (U)]|” a (Uy)], so that P(T, > ¢,) — 1 under H; for

any nonstochastic sequence ¢, = o(n/oy).

Remark 9. In the above study we restrict our attention to the case where the weight matrix Mg used
in (2.10) is nonrandom. If efficiency is also of concern, we can consider efficient choice of M. As we have
seen from Remark 4, an optimal choice of My for the efficient estimation of the structural functional
coefficient «; (u) is given by Eal But this choice of Mg may not be optimal for the testing problem
on hand. Despite the importance of optimal test, a formal study is highly complicated and beyond the

scope of the current paper. Therefore we leave it for future research.

Remark 10. If we fail to reject Hy in (4.1), one may consider more efficient estimation of the null-
restricted model. The simplest approach is to impose the null restriction and estimate both the finite
dimensional coefficient parameter (d1,) and the functional coeflicients (if any) in a single step. One can
readily establish the convergence rates and asymptotic normality for the estimates of both the parametric
and nonparametric components and show the resulting estimates of the functional coefficients are more
efficient than those obtained under the alternative. Alternatively, one can follow the above procedure
to first estimate the unrestricted model and then to obtain the estimate of §i, by 317. If theze are
remaining functional coefficients to be estimated, one can estimate them by substituting 61, by b1, in
the original SQF under Hy and treating it as if it were known. In the special case where we fail to
reject Hy : o, (U;) = a, a.s. for some parameter a; € R¥1, after obtaining &, = n~! S a-(U;), in
the second step we can estimate the functional coefficient 8. (u) by considering the ordinary functional
coefficient quantile regression (FCQR) of Y; — E;Di on X;. Similar approach is also taken by Cai and
Xiao (2012) in their kernel estimation of partially linear FCQR models without endogeneity. To conserve

space, we do not report the asymptotic properties of these estimates.
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4.3 A bootstrap version of our test

It is well known that a nonparametric test based on its asymptotic normal null distribution may perform
poorly in finite samples. So we suggest using a bootstrap method to obtain the bootstrap approximation
to the finite-sample distribution of our test statistic under the null. Hérdle and Mammen (1993) show
that a two-point wild bootstrap is valid in the context of nonparametric specification tests for conditional
mean models. A similar procedure has been extended to the time series framework (e.g., Hansen (2000)
and Su and White (2010)) or functional coefficient IV regression (e.g., Su et al. (2014)). As emphasized
in the literature, the great advantage of this method lies in the fact that there is no need to mimic some
important features (such as dependence or endogeneity structure) in the data generating process in order
to justify its asymptotic validity.

Nevertheless, as Sun (2006) observes, the commonly used wild bootstrap fails in the quantile regres-
sion (QR) framework where the quantile error terms do not satisfy the zero mean assumption. This
motivates her to propose a modified version of the wild bootstrap procedure for the QR framework with-
out endogeneity. More recently, Feng et al. (2011) propose a modification of the wild bootstrap that
admits a broader class of weight distributions for quantile regressions. Here we follow the latter paper

and propose to generate the bootstrap version of T,, as follows:

1. Obtain the sieve IVQR estimates &, (U;) and 5, (U;), and calculate the unrestricted residuals
& =Y, —a, (U) Dy — B, (Ui) Xi.

2. For i = 1,...,n, generate the wild bootstrap residuals € = |¢;| e;, where e;’s are independent of
D, ={Y;,U;,D;,W; };L:l and are IID taking values 2 (1 — 7) and —27 with probabilities 1 — 7 and

T, respectively.

3. For i = 1,...,n, generate Y;* = &, D; + BITXZ- + &f where &, = n !> " &, (U;) and BT =

ntY " 3. (U;) are the restricted IVQR estimates under the null hypothesis Ho, : 6, (U;) = 0,
a.s. for some parameter ¢, € RF1+h2,

4. Redo the sieve IVQR estimation and compute the bootstrap test statistic T; in the same way as
Ty, by using {Y;*, U;, D;, Wi}, .

5. Repeat Steps 1-4 B times to obtain B bootstrap test statistic {T;] }3:1. Calculate the bootstrap
p-values p* = B! Zf:1 I{T;:j > T, } and reject the null hypothesis Hyg : 61 (U;) = 61, a.s. if p* is

smaller than the prescribed nominal level of significance.

We make several remarks regarding the above bootstrap procedure. First, in sharp contrast with the
original wild bootstrap method that uses the residuals &;, we use the absolute residuals in Step 2. By
construction, the 7th quantile of e; is zero, which ensures that 7th conditional quantile of € is zero given
the data D,,. One can replace the two-point distribution of e; by some other distribution that has the
7th conditional quantile given by 0. Second, note that in Step 3 we impose the null hypothesis Hy; :
6, (U;) = 0, a.s., which is stronger than Hy : §1, (U;) = 01, a.s. unless S = Iy, 15, (ie., 7 = k1 + ko).
It turns out that this will greatly facilitate the justification of the asymptotic validity of the above
bootstrap procedure. In addition, it saves in computation when we try to test many subvectors of d, (+)

are constant or not because we can generate the same bootstrap dependent variable once for all and the
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computation burden is almost identical to the case of testing the constancy of a single subvector of 9, (-).
Our simulations indicate that this procedure does not result in the loss of power in comparison with the
alternative approach by generating Y;* through the imposition of the original null hypothesis Hy. But the
justification for the validity of this latter approach would be much more involved as one cannot ensure
that the estimated functional coefficients satisfy the required smoothness conditions.

To show that the bootstrap statistic T;f can be used to approximate the asymptotic null distribution
of T}, we follow Li et al. (2003) and Su et al. (2014) and rely on the notion of convergence in distribution
in probability defined in Giné and Zinn (1990). The following theorem establishes the asymptotic validity

of the above bootstrap procedure.

Theorem 4.5 Suppose Assumptions A1-A5, A6**, and AT-A8 hold. Let 2z} be the a-level bootstrap
critical value based on B — oo bootstrap resamples. Then (i) T* converges to N(0,1) in distribution in
probability, (ii) lim, e P(Ty > z2) = o under Hy, (iii) lim, oo P(T}, > 25) — 1 — ®(20 — p14) under
H, (a}/anl/Q), and () lim, oo P(T), > 2) = 1 under Hy, where z,, denotes the 100(1 — o) th percentile

of the standard normal distribution.

Remark 11. Theorem 4.5 shows that the QR wild bootstrap provides an asymptotic valid approxima-
tion to the limit null distribution of 7}, because the null hypothesis is always satisfied in the bootstrap
resamples. If the null hypothesis does not hold in the original sample D,,, then T,, explodes at the rate
n/op, but T,’{ is still well behaved. This intuitively explains the consistency of the bootstrap-based test
Remark 12. As areferee kindly points out, we can improve the speed of the wild bootstrap by considering
the score-based approach to wild bootstrap as advocated by Kline and Santos (2012, KS hereafter).
KS proposes a generalization of the wild bootstrap based upon perturbing the scores of M-estimators
and avoids recomputing the M-estimator in each bootstrap iteration, which saves in computation time
greatly. They study test statistics J,, that are quadratic forms in a vector-valued underlying statistic
Sn + Jn = SI.Sp. Under the null hypothesis, S,, is required to be asymptotically pivotal and exhibit a
linear expansion. But this is not the case for our test statistic T,. Despite this, we can follow the spirit
of KS and the idea of weighted bootstrap in the statistics literature and propose a bootstrap procedure
that does not require parameter estimation in each bootstrap iteration. In fact, under Hy we show in the
proof of Theorem 4.3 that

_ 12
o, (T —By) = nlg Z Pn (Cja(k) +op(1),
1<j<k<n
where ¢, (¢;,¢;) = w‘,-(f‘:j)gb{/{(/j (U;)Qy, (Ui)¥,(ex) and ¢; = (U], W/, &;)". That is, the dominant term
in T), after bias correction is a second order degenerate U-statistic with kernel given by ¢, (-,-). We can
perturb a feasible version of the dominant term when constructing an alternative bootstrap statistic. Let

¢; = (U, W/, ;). We consider the following bootstrap statistic:
sk ok — 2 ~ P
Tn =0y IE Z @n((ja(k)ijm
1<j<k<n
where ¢,,(C;, Ci) = ¥, (&), (U)X YQ 63y, (Un), (21), 0372 = 272 (1 = 7)°tr( TQ, 02 Q) T U5),
\ilj;(* = m 2?21 ¢{§,j (Uj)¢1[/(vj(Uj)l¢Z(éj), and {w;,i =1,...,n} is an IID sequence that is indepen-

dent of the data and has mean zero, variance one, and finite fourth moment p,. We show in Appendix E
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that 7** converges to N(0,1) in distribution in probability and thus can be used to obtain the bootstrap

p-value.

5 Monte Carlo simulations

5.1 Evaluation of the sieve IVQR estimates

In this subsection, we examine the finite sample performance of the sieve IVQR estimator. We consider
four different data generating processes (DGPs) for Monte Carlo experiments.
DGP 1 corresponds to a location-scale model where the regression coefficients are independent of

quantiles:

D=[Z+p2 ' (V)] /1402
where a.(U) = a(U) = 1+sin(1.5U), 5,.(U) = pU) =29U), U ~ Uniform(—1,1), Z ~ N(2,1), X ~
N(0,1), V ~ Uniform(0,1), o(U) = (1 + 0.5U%) exp(—U?), V, U, X, and Z are mutually independent,
and p is a parameter that controls the degree of endogeneity. Apparently, a larger value of |p| indicates a
stronger degree of endogeneity. For this DGP, the SQF is written as s(u,d,x) = o(u)®~1 (1) + da(u) +
xf(u).
DGP 2 is the same as DGP 1 except that D = [0.2Z + p®~ ' (V)]/y/1+ p?. In comparison with

DGP 1, the instrument in DGP 2 is quite weak. Thus, we can check how our estimation performs in

DGP L. { Y = Da(U) + XB(U) + o(U)® (V)

the presence of weak instrument. Alternatively, one can also consider situations where the correlation
between the instrument and endogenous regressor decreases to zero as the sample size increases.
DGP 3 considers a random coefficient structural model where the regression coefficients vary with not

only the exogenous variable U but also an unobserved uniform random variable V:
Y =Da(U,V)+ XB(U,V)
D=[Z+p® (V)] /\/1+ p?

where o, (U) = (U, V)|y=r = 1 +sin(1.5U) + In(2 + U)®~ 1 (1), B.(U) = BU,V)|y=r = 20(U) +
exp(=U?)®~1 (1), X ~ N(2,1), and the remaining components are the same as those in DGP 1. It is

DGP 3: {

possible to see this model as a location-scale model which is more general than DGP 1, in a sense that
the scale function o(-) takes a functional coefficient form o (U, D, X) = DIn(2+U) + X exp(—U?), which
depends not only on U but also on (D, X). The SQF of this DGP is simply s(u, d, z) = do,(u) + 26, (u).

Finally, DGP 4 considers a location-scale model which is similar to DGP 1, but it differs in that «(-)
is a function of Uy and 5(+) is a function of Uy, U = (Uy, Us), where Uy, Us ~ Uniform(—1,1) and are
mutually independent, and o(U) = 0.2+ 0.5(cos(U;) + exp(U2/3)). The remaining components including
the shapes of the functions a(-) and 5(-) are the same as those in DGP 1. The SQF of this DGP can be
written as s(u,d, ) = o(u)®~! (1) +da(uy) +z6(usz). To simplify the computation, we only consider the
case where researchers know that the scale function o(u) is additively separable with respect to u; and
ug (c.f., Horowitz and Lee (2005)). It should be stressed that, when one uses a kernel-based estimator,
it is often computationally tedious to estimate functional coefficient models with different smoothing
variables. On the other hand, our sieve estimator can be easily applied to the estimation of such models.

For each DGP, we consider three sample sizes: n = 200, 400, and 800. As for the choice of the sieve

space, we use the cubic B-spline basis functions (see, e.g., Schumaker (2007)). Let the number of internal
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knots be [en'/% |, where |a| denotes the integer part of a, and ¢ is a positive number. Then the number of
sieve approximation terms is given by K = 4+ |en'/?]. To evaluate how our IVQR estimator is sensitive
to the choice of K, we consider three different values of ¢, namely, ¢ € {1,1.5,2}. The simulations
are coded in R. The first stage quantile regression is implemented by the function rq in the package
quantreg. For the degree of endogeneity, we consider three values for p, namely, p € {0.2,0.5,0.8}.
For 7, we try two quantile values, 0.5 (median) and 0.9. Thus we have 216 simulation set-ups in total
(four DGPs, three sample sizes, three choices of K, three p’s, and two 7’s). The number of Monte Carlo
repetitions for each scenario is set to be 1000. The estimated functional coefficients are evaluated by the

mean absolute deviation (MAD) statistic:

n

MAD(@ () == 3

i=1

d,(,_T) (Ui(T)) —a, (Ui(r))

)
and the mean squared error (MSE) statistic:

2
MSE(a() () = & (U") = ar ()]
1
where Ul-(r) means the ith draw of U in the rth replicated data set and d(:)(-) is the IVQR estimate for
a,(-) obtained from the rth replicated data set. MAD(B(TT)()) and MSE(B(:)()) are computed in the

same manner as above. In DGPs 1, 2 and 4, we need to estimate not only «,(-) and 5,(-) but also the

AR

n

7

functional intercept term o(-)®~1 (1), but its estimation results are omitted to save space.

Tables 1 and 2 report the average MAD values and the average MSE values over 1000 replications for
7=0.5and 7 = 0.9, respectively. We summarize some important findings from Tables 1-2. First, in terms
of the choice of K, we observe that estimates with ¢ = 1 always outperform those with ¢ = 1.5 and ¢ = 2.
Recall that the estimation bias becomes smaller and the variance becomes larger as c or equivalently K
increases. Therefore, for the DGPs under investigation it seems that bias is of not a big concern and
a small value of sieve approximating terms could do a good job in terms of bias reduction. Second, as
expected, the estimation becomes more accurate so that MAD and MSE decrease quickly as the sample
size increases. This is true for all DGPs and all choices of p, K and 7. Third, it becomes hard to estimate
the functional coefficient o, (-) of the endogenous regressor as the degree of endogeneity increases. This
phenomenon becomes even more transparent when the sample size is small and the instrument is weak
as in DGP 2. These results support the common knowledge that the availability of a large data set and
strong instruments is crucial for obtaining accurate estimates.? On the other hand, the estimation of
the functional coefficient 3,.(-) of the exogenous regressor appears more or less independent of the degree
of endogeneity. Fourth, the results for DGP 4 show that our sieve IVQR estimator works well for the
cases where the functional coefficients have different smoothing variables. Finally, comparing the results
for DGP 1, 2 and 4 in Table 1 with those in Table 2 suggests that the parameters in the conditional
median regression can be estimated more precisely than those in the high-quantile (7 = 0.9) regression.
Note that we can make such a comparison here because in these DGPs the functional coefficients do not

vary over the quantile index 7, which is not the case for DGP 3. This result is reasonable because the

4 Chernozhukov and Hansen (2008) propose an inference procedure for an instrumental variable quantile regression which
is robust to weak and partial identification. It seems possible to extend their approach to FCQR models, which is a topic

for future research.
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conditional density of the error term at 7 = 0.9 is lower than that at the median in our simulation set-ups

so estimates at high quantiles are expected to have larger variance than those for the median regression.

5.2 Tests for the constancy of functional coefficients

We next examine the finite sample performance of the proposed test. Two DGPs for Monte Carlo
experiments are considered, which are, respectively, modifications of DGPs 1 and 3 from the previous

subsection:
Y = Da(U) + XB(U) +o(U)d 1 (V)

D=[Z+p> (V)] /\/1+ %
where a(U) = 1 +sin(1.5A¢U), and B(U) = 2®(A,U).

DGP 1”: {

Y = Da(U, V) + XB(U,V)

D=[Z+p0 (V)] [T+ P2

where a, (U) = 1+ sin(1.5A¢U) + In(2 + AgU)® 1 (1), and B, (U) = 2&(AgU) + exp(—AgU?)d 1 (7).
In both DGPs V, U, X and Z are generated as before. We consider the following three null hypotheses:

DGP 3 {

Ho,o : a-(U) is constant with respect to U,
Hop : 8,(U) is constant with respect to U,
Ho,ap : @ (U) and 8.(U) are both constant with respect to U.

When Ag = 1, DGPs 1’ and 3’ reduce to DGPs 1 and 3, respectively, so that neither functional coefficient
is constant and we shall examine the power behavior of our test. When Ay = 0, both functional coefficients
become a constant and we shall examine the size behavior of our test.

For each DGP, we consider three sample sizes: n = 200, 400, and 800. For the choice of sieve space,
we use the cubic B-spline basis functions with the number of internal knots being |n'/®|. We consider
three values for p (0.2, 0.5 and 0.8) and two values of A (0 and 1), and fix 7 to be 0.5. The number of
Monte Carlo repetitions and bootstrap resamples for each set-up are set to be 500 and 200, respectively.

Table 3 report the results for our T:{—based bootstrap test. We summarize some important findings
from Table 3. First, when the sample size is 800, the size of our test is well controlled in both DGP
1" and DGP 3’ despite some small variation, for all values of p, and all three null hypotheses under
investigation. The degree of endogeneity has some effect on the size behavior. Second, our test tends
to be oversized for small sample sizes (but the size distortion is quickly corrected as the sample size
increases, as described just above). Third, in terms of power, out test has good power property in
both DGPs. In particular, as the sample size increases, the empirical power also increases, as expected.
Another noteworthy phenomenon is that the increase in the degree of endogeneity tends to decrease the
power of the test in DGP 3’ for Hy,. We also implement the T;*—based bootstrap test and find it is
severely undersized for both DGPs under consideration but has power comparable to that of the T;{—based

bootstrap test. See Tables A.1 and A.2 in Supplementary Appendix F for details.
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Table 1: Finite sample performance of our IVQR estimator (7 = 0.5)

MAD MSE

DGP n p c=1 c=1.5 c=2 c=1 c=1.5 c=2
ar() B.() ar() B.() ar() B,()|er() B.() ar() B.() () B.()
1 200 0.2 | 0.147 0.144 0.175 0.173 0.189 0.183 | 0.036 0.034 0.052 0.051 0.063 0.058
0.5 0.166 0.148 0.200 0.175 0.218 0.189 | 0.049 0.037 0.077 0.054 0.100 0.064
0.8 1 0.198 0.148 0.245 0.184 0.273 0.198 | 0.087 0.040 0.168 0.075 0.269 0.097
400 0.2 | 0.111 0.108 0.119 0.118 0.135 0.134 | 0.020 0.019 0.023 0.023 0.030 0.029
0.5 0.121 0.107 0.133 0.117 0.151 0.134 | 0.025 0.019 0.030 0.023 0.041 0.030
0.8 | 0.144 0.108 0.156 0.117 0.179 0.135 | 0.039 0.020 0.048 0.023 0.069 0.033
800 0.2 [ 0.075 0.073 0.086 0.084 0.097 0.094 [ 0.009 0.009 0.012 0.011 0.015 0.014
0.5 ] 0.083 0.074 0.095 0.085 0.106 0.095 | 0.011 0.009 0.015 0.012 0.019 0.015
0.8 1 0.096 0.074 0.111 0.085 0.125 0.096 | 0.016 0.009 0.021 0.012 0.028 0.015
2 200 0.2 | 0.809 0.151 1.005 0.187 1.094 0.199 [ 1.498 0.041 2.785 0.073 3.089 0.083
0.5 ] 1.031 0.167 1.194 0.191 1.245 0.205 | 2.546 0.066 3.268 0.096 3.330 0.117
0.8 | 1.211  0.160 1.332 0.187 1472 0.208 | 3.922 0.080 4.519 0.132 5.938 0.191
400 0.2 | 0.586 0.111 0.637 0.121 0.735 0.140 | 0.651 0.021 0.795 0.025 1.117 0.034
0.5 ] 0.761 0.122 0.835 0.133 0.953 0.151 | 1.387 0.031 1.697 0.038 2.118 0.051
0.8 10924 0.117 0.984 0.127 1.070 0.144 | 1.960 0.036 2.151 0.043 2.510 0.062
800 0.2 [ 0.387 0.074 0.447 0.086 0.508 0.096 | 0.267 0.009 0.367 0.012 0.482 0.016
0.5 | 0.479 0.079 0.574 0.094 0.654 0.105 | 0.520 0.011 0.822 0.017 1.037 0.022
0.8 ] 0.612 0.084 0.712 0.096 0.789 0.107 | 0.870 0.015 1.165 0.021 1.416 0.027
3 200 0.2 | 0.304 0.308 0.362 0.368 0.391 0.398 | 0.174 0.170 0.250 0.247 0.298 0.293
0.5 | 0.317 0.300 0.382 0.357 0.415 0.385 | 0.199 0.162 0.307 0.246 0.360 0.286
0.8 10339 0.290 0413 0351 0451 0.379 | 0.237 0.161 0.399 0.259 0.497 0.326
400 0.2 | 0.227 0.230 0.246 0.251 0.282 0.288 | 0.095 0.092 0.111 0.110 0.148 0.146
0.5 1 0.229 0.218 0.251 0.238 0.286 0.273 | 0.100 0.08 0.119 0.102 0.157 0.136
0.8 1 0.247 0.210 0.269 0.229 0.311 0.261 | 0.124 0.081 0.146 0.097 0.200 0.130
800 0.2 [ 0.151 0.151 0.176 0.178 0.199 0.200 | 0.042 0.040 0.058 0.055 0.074 0.070
0.5 ] 0.156 0.149 0.181 0.172 0.202 0.192 | 0.045 0.038 0.061 0.052 0.076 0.065
0.8 [ 0.164 0.139 0.189 0.161 0.215 0.182 | 0.051 0.034 0.068 0.046 0.089 0.059
4 200 0.2 [ 0.203 0.202 0.243 0.241 0.261 0.262 | 0.071 0.073 0.103 0.106 0.120 0.125
0.5 1 0.226 0.207 0.275 0.242 0.295 0.260 | 0.095 0.076 0.152 0.107 0.186 0.127
0.8 1 0.272 0.206 0.339 0.246 0.364 0.263 | 0.157 0.075 0.291 0.110 0.340 0.130
400 0.2 | 0.149 0.148 0.161 0.160 0.184 0.181 | 0.038 0.039 0.044 0.046 0.057 0.058
0.5 0.167 0.150 0.179 0.163 0.206 0.185 | 0.049 0.040 0.057 0.047 0.077 0.061
0.8 { 0.195 0.150 0.213 0.162 0.244 0.183 | 0.074 0.040 0.092 0.047 0.124 0.060
800 0.2 [ 0.104 0.103 0.118 0.119 0.133 0.131 | 0.018 0.018 0.023 0.024 0.029 0.030
0.5 ] 0.114 0.103 0.130 0.118 0.147 0.132 | 0.022 0.019 0.029 0.024 0.037 0.030
0.8 { 0.133 0.105 0.152 0.120 0.172 0.133 | 0.031 0.019 0.041 0.025 0.0564 0.030
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Table 2: Finite sample performance of our IVQR estimator (7 = 0.9)

MAD MSE

DGP n p c=1 c=1.5 c=2 c=1 c=1.5 c=2
ar() B() ar() B() () B.()|ar() B.() or() B() () B.()
1 200 0.2 [ 0.201 0.200 0.242 0.236 0.262 0.254 | 0.070 0.068 0.105 0.098 0.125 0.114
0.5 1 0.235 0.204 0.290 0.249 0.314 0.268 | 0.113 0.074 0.201 0.120 0.340 0.146
0.8 1 0.291 0.210 0.371 0.262 0407 0.287 | 0.231 0.092 0.434 0.166 0.579  0.199
400 0.2 | 0.152 0.149 0.164 0.161 0.187 0.183 | 0.038 0.036 0.045 0.043 0.058 0.056
0.5 | 0.168 0.149 0.184 0.164 0.208 0.184 | 0.050 0.037 0.063 0.045 0.081 0.058
0.8 | 0.204 0.151 0.225 0.166 0.258 0.190 | 0.088 0.041 0.115 0.051  0.151  0.068
800 0.2 [ 0.103 0.102 0.119 0.117 0.134 0.131 | 0.017 0.017 0.023 0.022 0.029 0.028
0.5 0.114 0.102 0.133 0.117 0.149 0.131 | 0.022 0.017 0.030 0.023 0.038 0.028
0.8 1 0.133 0.104 0.156 0.121 0.178 0.136 | 0.031 0.018 0.046 0.024 0.062 0.031
2 200 0.2 | 1.174 0.218 1.485 0.266 1.598 0.288 | 3.510 0.091 5.943 0.154 6.988  0.188
0.5 | 1.400 0.222 1.588 0.262 1.625 0.273 | 4.593 0.156 5.298 0.233  5.555  0.250
0.8 | 1.567 0.255 1.791 0.312 1.848 0.341 | 6.441 0.276 8.666 0.485 10.803 0.859
400 0.2 | 0.856 0.157 0.925 0.172 1.079 0.198 | 1.830 0.045 2.004 0.054 2.738 0.075
0.5 1.110 0.172 1.176 0.182 1.268 0.201 | 2.797 0.071 3.016 0.076 3.378  0.100
0.8 [ 1.277 0.174 1.356 0.190 1.478 0.219 | 3.326 0.097 3.959 0.121 4.798 0.181
800 0.2 [ 0.544 0.105 0.638 0.121 0.727 0.137 | 0.554 0.019 0.822 0.025 1.080 0.032
0.5 ] 0.735 0.115 0.860 0.132 0.964 0.147 | 1.281 0.027 1.745 0.036 2.079  0.046
0.8 1 0.896 0.117 1.024 0.135 1.133 0.150 | 1.697 0.034 2.131 0.048 2.599 0.061
3 200 0.2 [ 0.409 0.460 0.490 0.545 0.527 0.588 | 0.325 0.392 0.476 0.557 0.556  0.654
0.5 ] 0.431 0.501 0.523 0.602 0.564 0.648 | 0.371 0.487 0.580 0.752  0.689  0.876
0.8 1 0.476 0.529 0.576 0.638 0.625 0.682 | 0.481 0.553 0.831 0.950 0.953 1.095
400 0.2 | 0.306 0.342 0.330 0.370 0.382 0.425 | 0.179 0.211 0.208 0.250 0.281  0.332
0.5 0.320 0.374 0.345 0.404 0.392 0.455 | 0.205 0.268 0.243 0.316 0.311  0.398
0.8 [ 0.346 0.387 0.381 0.420 0.428 0.475 | 0.239 0.273 0.294 0.328 0.383 0.430
800 0.2 [ 0.208 0.229 0.242 0.268 0.272 0.302 | 0.082 0.093 0.111 0.127 0.140 0.162
0.5 0.214 0.250 0.246 0.289 0.277 0.324 | 0.087 0.110 0.114 0.147 0.145 0.187
0.8 | 0.231 0.263 0.268 0.303 0.303 0.341 | 0.104 0.122 0.140 0.161 0.179  0.207
4 200 0.2 | 0.280 0.284 0.334 0.335 0.362 0.365 | 0.140 0.145 0.202 0.214 0.242  0.256
0.5 ] 0.320 0.282 0.388 0.337 0424 0.373 | 0.209 0.145 0.333 0.216 0.429 0.263
0.8 1 0.404 0.290 0.500 0.343 0.554 0.374 | 0.398 0.155 0.681 0.223  1.027  0.270
400 0.2 | 0.209 0.210 0.226 0.227 0.256 0.258 | 0.075 0.078 0.089 0.091 0.117 0.117
0.5 0.236 0.212 0.254 0.229 0.292 0.259 | 0.103 0.079 0.122 0.093 0.18  0.120
0.8 [ 0.282 0.208 0.306 0.226 0.360 0.259 | 0.187 0.077 0.215 0.091 0314 0.121
800 0.2 [ 0.144 0.145 0.165 0.166 0.186 0.186 | 0.034 0.037 0.046 0.048 0.058 0.060
0.5 ] 0.158 0.142 0.184 0.162 0.207 0.182 | 0.043 0.035 0.058 0.046 0.076  0.057
0.8 [ 0.185 0.141 0.218 0.162 0.247 0.183 | 0.063 0.035 0.091 0.046 0.123  0.058
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Table 3: Finite sample rejection frequency of T;—based bootstrap test

DGP A() P n HO,& Ho’ﬁ HO,&B
1% 5%  10% 1% 5%  10% 1% 5%  10%
1 0 02 200]0.020 0.072 0.138 0.030 0.064 0.116 0.028 0.066 0.122
400 | 0.018 0.068 0.136 0.016 0.084 0.144 0.024 0.078 0.152
800 | 0.010 0.056 0.102 0.014 0.050 0.118 0.014 0.068 0.118
0.5 200 | 0.020 0.084 0.150 0.042 0.104 0.172 0.038 0.106 0.190
400 | 0.008 0.060 0.106 0.010 0.064 0.128 0.006 0.064 0.130
800 | 0.010 0.048 0.118 0.028 0.064 0.132 0.020 0.062 0.134
0.8 200 | 0.014 0.080 0.136 0.040 0.086 0.164 0.032  0.086 0.152
400 | 0.014 0.050 0.108 0.006 0.072 0.144 0.002 0.070  0.150
800 | 0.014 0.048 0.108 0.012 0.048 0.110 0.018 0.060 0.104
1 0.2 2000998 0.998 0.998 0.776 0.898 0.948 0.980 0.992 0.996
400 | 1.000 1.000 1.000 0.974 0.986 0.992 1.000 1.000 1.000
800 | 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
0.5 200 | 1.000 1.000 1.000 0.810 0.936 0.970 0.984 0.998 1.000
400 | 1.000 1.000 1.000 0.972 0.992 1.000 1.000 1.000 1.000
800 | 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
0.8 200 | 0.998 0.998 0.998 0.786 0.918 0.956 0.980 0.990 0.994
400 | 1.000 1.000 1.000 0.976 0.994 0.996 1.000 1.000 1.000
800 | 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
3 0 0.2 200/ 0.020 0.082 0.150 0.022 0.088 0.154 0.024 0.100 0.146
400 | 0.010 0.046 0.108 0.024 0.084 0.134 0.026 0.060 0.114
800 | 0.006 0.056 0.112 0.014 0.062 0.116 0.006 0.062 0.110
0.5 200 | 0.026 0.078 0.142 0.022 0.066 0.132 0.024 0.068 0.118
400 | 0.020 0.066 0.116 0.012 0.064 0.124 0.020 0.060 0.120
800 | 0.012 0.054 0.112 0.010 0.060 0.112 0.014 0.060 0.114
0.8 200 | 0.016 0.072 0.128 0.018 0.086 0.146 0.014 0.074 0.136
400 | 0.008 0.064 0.120 0.018 0.060 0.132 0.006 0.072 0.132
800 | 0.004 0.044 0.098 0.016 0.054 0.096 0.010 0.046 0.106
1 02 200 0460 0.676 0.770 0.266 0.332 0.488 0.370 0.624 0.746
400 | 0.726  0.888 0.926 0.324 0.594 0.748 0.674 0.866 0.934
800 | 0.968 0.986 0.992 0.820 0.942 0.968 0.968 0.990 0.992
0.5 200 | 0424 0.616 0.738 0.286 0.420 0.552 0.374 0.646 0.780
400 | 0.704 0.852 0.904 0.408 0.658 0.786 0.694 0.864 0.910
800 | 0.940 0.986 0.992 0.826 0.952 0.978 0.952  0.990 0.998
0.8 200 | 0.358 0.556 0.664 0.262 0.406 0.552 0.312  0.578 0.710
400 | 0.688 0.834 0.886 0.422 0.728 0.832 0.686 0.856 0.928
800 | 0.940 0.976 0.990 0.904 0.976 0.988 0.954 0.988 0.994
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6 An empirical application

In this section, we present an empirical application of estimating quantile Engel curves for food. The
analysis is performed on a pooled U.K. Family Expenditure Survey (FES) data from 1994 to 1996. There
are a number of studies that estimate Engel curves using the FES data; see Banks et al. (1997), Blundell
et al. (1998), Blundell et al. (2003), Blundell et al. (2007), and Chen and Pouzo (2009, 2012), among
others. Although most of these studies have used a (parametric or non/semi-parametric) mean regression
approach, by applying a quantile regression approach to the estimation of Engel curves, we can account
for unobserved taste heterogeneity in households’ consumption as in Chen and Pouzo (2009, 2012). It is
also important in empirical Engel curve analysis to account for observable household demographics in a
way consistent with consumer optimization theory; see, e.g., Blundell et al. (1998), Blundell et al. (2003)
and Blundell et al. (2007) for details. For categorical demographics, a straightforward approach is to split
the data into subsamples according to the categories, and estimate Engel curves within each subsample.
Similarly, we may use a “localization” approach in the case of continuous demographic variables such
as the age of household children.” Then, in order to preserve a degree of demographic homogeneity, we
select from the FES data during 1994 to 1996 a subsample of coupled households with one child who
own a car. As in Blundell et al. (2003), the selection of households with cars has a role to include
motoring expenditures and petrol as commodity consumption. In addition, in order to lower the risk
of misreporting bias, we exclude observations with the share of food expenditure being zero, and with
the household income being less than 100 GBP. Then, after excluding these observations, the analysis is
performed on a sample of 1672 households. Using this dataset, we estimate the following model by the
proposed IVQR estimator:

Food Share = a,(Child’s Age) In(Total Expenditure) + . (Child’s Age) + .

Following the literature, we treat In(Total Expenditure) as an endogenous variable and employ In(Household

Income) as an instrument for it. The descriptive statistics for each variable are summarized in Table 4.

Table 4: Descriptive statistics for the FES dataset (n = 1672)

Variable Mean Median Std. Dev. Min Max
Food Share 0.266 0.263 0.088 0.015 0.710
Child’s Age 7.583 6.500 6.253 0 18
Total Expenditure (GBP) 293.969 255.126 174.236 57.211 2380.785
Household Income (GBP) 435.096 389.629 261.561 101.070 5875.380

5When the dimension of demographic variables is not small, using the extended partially linear model introduced by
Blundell et al. (1998) can be more attractive than the localization approach, in the sense of alleviating the notorious “curse

of dimensionality” associated with a pure nonparametric model.
6Tt should be noted that, as pointed out by the aforementioned authors, the assumption of linear Engel curves with

respect to log-expenditure is very restrictive in general. However, at least for the Engel curve for food, it is empirically
known that it is well approximated by a function linear in log-expenditure (see, e.g., Banks et al. (1997) and Blundell et al.
(1998)). Thus, for illustrative purposes, we employ this simple linear specification. When estimating Engel curves for the
other categories of goods, it is desirable to include additional higher order total expenditure variables in the estimation. Of
course, the IVQR estimator is available for estimating such models. Another important aspect of this analysis is that, since
we use a pooled data over 1994-96, the effects from changes in relative prices between different time periods are averaged
over the three years.
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For the model estimation, we use the cubic B-spline basis functions with the number of internal knots
being 4 (L16721/5J = 4). The sieve IVQR estimates of o () at 7 = 0.1, 0.3, 0.5, 0.7 and 0.9 are reported
in Figure 1. The 95% confidence intervals are calculated by using the wild bootstrap with 500 resamples
based on Feng et al. (2011). For comparison, the parametric IVQR estimate of a. is also reported in
the figure, based on the assumption that neither «.(-) nor §_(-) varies with child’s age but In(Total
Expenditure) is endogenous. The parametric IVQR estimations are implemented by using the method
of Chernozhukov and Hansen (2006), and their results for a, and /3, are also summarized in Table 5.
From Figure 1, we can confirm that the effects of total expenditure amount on the food share vary over
both the proportion of food expenditure and the age of household child. As expected, the sign of the
total expenditure term is negative for the all quantiles and the whole domain of child’s age (except for
a very small region where 7 = 0.9 and Child’s Age = 0). Note, however, that the estimates may not be
statistically significantly different from zero for some part of the domain. In particular, the estimate of
a,(+) at 7 = 0.1 has relatively wide confidence interval compared to the other quantiles. On average, we
observe that the magnitude of o, (-) becomes larger as 7 increases. Therefore, we can conclude that on
the whole the amount of total expenditure becomes important on the food share for those households
who allocate a large proportion of their budget to foods. As shown in Table 5, the parametric IVQR
estimates also show the same decreasing tendency of o, in 7. Based on these estimation results, we can
estimate the quantile Engel curve for food at each 7. However, note that the monotonicity of conditional
quantile function with respect to 7 is not automatically satisfied with the IVQR estimation procedure.
Thus, we have used the rearrangement method proposed by Chernozhukov et al. (2010) at each (Child’s
Age, In(Total Expenditure)) based on 499 quantile indices: {0.002,0.004, ...,0.998}. Figure 2 presents the
estimated quantile Engel curve at 7 = 0.1, 0.3, 0.5, 0.7 and 0.9. As a consequence of the rearrangement,
the estimated Engel curves are not necessary continuous. From Figure 2, we can confirm that when
the age of household child is one, the share of total expenditure spent on food is relatively low to the
other stages of age for the all quantiles. When the age of household child becomes five and ten, the two

estimated Engel curves take similar form.

Table 5: Parametric instrumental variable quantile regression estimates

7=0.1 7=0.3 7=0.5 T=0.7 7=0.9

Estimate of o, -0.0428 -0.0534 -0.0540 -0.0670 -0.0819
(t-statistic) (-5.5214) (-5.7578) (-6.3160) (-10.3387) (-7.8687)
Estimate of g, 0.4058 0.5186 0.5645 0.6777 0.8184
(t-statistic) (9.2330) (9.8398) (11.7411) (18.8748) (14.3012)

Now we consider the test of constancy of the functional coefficients. We consider the following three

null hypotheses:

Hoe : - (+) is constant with respect to Child’s Age
Hogs : 8,(-) is constant with respect to Child’s Age
Hoaps : ar(-) and B.(+) are both constant with respect to Child’s Age.
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Figure 1: Plots of estimated o, (Child’s Age) : (a) estimated a.,(Child’s Age) at 7 = 0.1,0.3,0.5,0.7, and
0.9; (b) 7=0.1; (¢) 7=10.3; (d) 7=0.5; () 7= 0.7; (f) 7 =0.9.
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Figure 2: Estimated Engel curves: (a) 7 =0.1; (b) 7 =0.3; (¢) 7 =0.5; (d) 7 =0.7; (¢) 7 =0.9.
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We implement the test by following the same test procedure used in the simulations. In particular, we set
the weighting function a(Child’s Age) = 1 uniformly in Child’s Age. Table 6 reports the bootstrap p-values
for the above three null hypotheses where the number of bootstrap resamples is 500. We summarize some
interesting findings from Table 6. First, the results clearly indicate that the effects of total expenditure
on the food share are significantly heterogeneous with respect to Child’s Age at the middle and higher
quantiles. When 7 = 0.7 and 0.9, all of the three null hypotheses are rejected at 5% significance level.
When 7 = 0.5, we can reject Hoy, at 5% significance level but not Hys and Hyag. Second, we fail
to reject the constancy of «.,(-) (and similarly 8.(-)) at 7 = 0.1 and 0.3 for any reasonable level of
significance. These results indicate that, for those (probably rich) households who only need to spend a
small proportion of their budget on foods, the growth of their child does not much affect the share of food
expenditure. For 7 = 0.1, the high p-value could be partially due to the large variance of the estimate as

suggested in Figure 1.

Table 6: p-values for our nonparametric tests

Null hypotheses 7=0.1 7=0.3 7=0.5 T=0.7 7=0.9
Hoo: - (+) is constant 0.468 0.114 0.024 0.024 0.004
Hog: S,(-) is constant 0.434 0.196 0.484 0.020 0.002
Hoas: a-(-) and B,(-) are both constant 0.428 0.194 0.462 0.020 0.002

7 Conclusion

In this paper we consider sieve IVQR estimation of functional coefficient models with endogeneity. We
establish the uniform consistency and asymptotic normality of the estimators, based on which we also
propose a nonparametric specification test for the constancy of the functional coefficients and establish
its asymptotic properties. Monte Carlo simulations indicate that our estimator and test perform well in
finite samples. An application to the estimation of quantile Engel curves indicates the usefulness of our
model, estimator, and test.

Several extensions are possible. First, as an alternative, one may consider kernel estimation of func-
tional coefficient models with endogeneity. Even though kernel method is based on local approximation
of unknown functions and is computationally expensive, it is interesting to study the asymptotic prop-
erties of kernel estimates for our model. Second, one may propose a different test for the constancy of
functional coefficients. For example, one may consider an LM type of test by estimating the model under
the null hypothesis and basing a test statistic on the estimated score function. This approach surely
has its advantage for nonparametric sieve estimation, but it may result in much greater computational
burden if one uses kernel estimation unless one wants to test the constancy of all functional coefficients.
Third, endogeneity may be present in other types of nonparametric or semiparametric quantile regres-
sion models. It is also interesting to broaden the research scope of the current paper to a more general

structural model. We leave these as future research topics.
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Appendix

A Proof of the results in section 3

Proof of Theorem 3.1. By Assumptions Al(ii) and A2(i)-(ii), limg .o P(Y < Px(D,U)'A; +
Py (X,U)B;|U,X,Z) =7 a.s. Then by Theorem 3 of Chernozhukov and Hansen (2006), (A, B-,C;) is
identified for K — oo under our Assumptions A1-A4, which leads to the identification of (a,(u), 8, (u), v, (u))
by Assumption A2(ii). B

To prove Theorem 3.2, we first state some technical lemmas whose proofs are provided in the supple-
mentary appendix.

Lemma A.1 Suppose the conditions of Theorem 8.2 hold. Then
(i) supacay ||®n,x(A) = @x(A)]| = Op(Cx K2 (Inn/n)'/?) = op (1).
(1) cg/2 < infac Ax Amin (Pn,x(A)) < SUPAc A, Amax (Pr,x (A)) < 2Cp w.p.a.l.
(iii) || Uk — Wk || = Op(Cx K2 nt/?) = op (1).
(1) ¢y /2 < Amin(V k) < Amax(Vk) < 26¢ w.p.a.1.

Lemma A.2 Suppose the conditions of Theorem 3.2 hold. Then sup ¢ 4, Hn_l Yo gi(A, éT(A))H =

op (n_l/z).

Lemma A.3 Suppose the conditions of Theorem 3.2 hold. Then sup ¢ 4, anl S gi(A, @T(A))H =
Op[(K Inn/n)'/?].

Lemma A.4 Suppose the conditions of Theorem 8.2 hold. Then for any constant L > 0,

sup sup sup n~tc Z Elgi(A,0) — gi(A,0.(A))] + Pk (A)[© — O,(A)]
llel|=1 A€ Ak ||©—6,(A)||<L(K Inn/n)l/2 i1

= op(n~1/?).

Lemma A.5 Letn;(4;01,02) = ¢;(A,01) —g;(A,02) — E[g:(4,01)] + E[gi(A4, O3)] . Suppose the con-
ditions of Theorem 3.2 hold. Then

(i) E[supsc a, suPjo, —e,)1<a [11:(4;©1,05)[*] <n'/2A for sufficiently large n;

(ii) for any constant L >0 and ¢ € R*2+k)EK with |[c|| = 1, E[supaca, SUP||e—6, (A)||<L(K Inn/n)1/
S le'n(4;8, 0, (A)*] = O(V(n, K)) where V(n, K) = n(  K(K Inn/n)'/2.

Lemma A.6 Suppose the conditions of Theorem 3.2 hold. Then for any ¢ € R¥F2+ka)K wyith |c|| < 1

and r > 0, we have

211 lc'n;(A; ©1,0,)]] 1/2
su = ! =O0p((Klnn ,
\|(A,@l)ngnr,ﬁD(A,@Q)ugnr tin (A;01,02) +tay, (A;01,02) + n=2 F (( ) )

n 9 1/2 n 9 1/2
where t1, (A5 01,02) = { X1, B[e/n,(4:01,02)[°} and tan (4501,02) = { XL, lemi(4;01,02) )

Proof of Theorem 3.2. To prove (i), we extend the proof of Theorem 2.1 in He and Shao (2000)
from a pointwise result to a uniform one. By the convexity of the objective function it suffices to show
that for any € > 0, there exists a large constant L = L (¢) which does not depend on A € Ak such that
P (inf¢=1 — Y11 ¢'gi (4,07 ¢ (A)) > 0 for all A € Ag) > 1—efor sufficiently large n, where O, ¢ (4) =
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O, (A)+ L (KInn/n)"/?c.” By Lemma A.6, Y1, ¢/n; (4;0,.¢ (A),0,(A)) = Op[(K Inn)"*|{T1, (A) +
Ton (A) + n~2} uniformly in A € Ag, where T1, (A) = {31, Elc'n;(4;0,.c(A),0,(A))[*}/? and
Ton (A) = {300, ['n;(A; 0, ¢ (A),0,(A))[>}/2. By Lemma A.5(ii), we have that uniformly in A € A,
T, (A) = OV (n,K)l/z) and Ty, (A) = Op(V (n,K)l/z) by Jensen and Markov inequalities, respec-
tively. In addition, V(n, K)K Inn = nK Inn[¢; K*/?(Inn/n)'/?] = o(nK Inn) under Assumption A6(i).
These results, in conjunction with Lemma A.4 implies that uniformly in A € Ak

> ¢9: (4,0 (4)) +3_'Elgi (4,07 (4) — g:(4,6, (4))]

i=1

3 Cgi(A,0r.c (A))
=1
+ [Tin (A) + Ton (A) +17%] Op[(K Inn)*/?]

- Zc gi(A, 0, (A)) — L (nK Inn)""? '@ (A)ctop((nK Inn)*/?).
Consequently, for sufficiently large n we have

P(l H ) chz (A,0,c( ))>0f0rallA€.AK>

n

P ((nK Inn) "% inf =3 c/gi(4,0, (4)) > fgc'CbK(A)c for all A € AK>

=1
lell=1 £

Y]

v

llell=1

L
P ((nKlnn ~U2 inf chz (A,0,(4)) > —5C for all A € AK>

_ L
= P| (nKlnn) Y2 sup  sup chZA@ (A) < =cp | = 1as L, n— oo,
AeAx |lel|=1 = 2

where the last line follows by Lemma A.3.

For part (i), we apply Lemma A.6 with (©1,0) = (6, (A), O, (A)) to obtain 3.1, ¢'n;(4; 0, (A4),0,(A)) =
(tn (4) +n72) Op[(K In n)1/2], where £, (A) = Op(V (n, K) /2) by (i) and Lemma A.5(ii). Then by Lem-
mas A.2 and A.4, we have

D (A)O,(A) — O,(A)] =n'c' S gi(4,0.(4)) + Op (rfl[V(n, K)Kn n}m) +op (mlﬂ)
=1
uniformly in A € Ak and ¢ with ||c|| = 1. It follows that ©,(A)—O,(A) = n 1 &y (A)~? S gi(A,0,(4))
+op(n2) 41, where ||r,|| = Op (R [V(n, K)K lnn]"/2) = Op(C}*K>/4n=3/*1nn). W

Proof of Theorem 3.3. We first prove part (i). Recall Qg (4) = C,(A)MgCr(A). Let Q, (A) =
C(AY Mg C,(A). By the triangle inequality,

s O (A) MG (A) — CT(A)’MKCT(A)’
< sup [C’T(A) - CT(A)]/MK[OT(A) - CT(A)]’ +2 sup CT(A)IMK [CT(A) - CT(A)}
AeAk AcAxk

= Di, + Doy, say.

"Note that — > ;| g; (A, O+ c (A)) corresponds to Y1 ; ¥ (z;, ) in He and Shao (2000) which is the directional derivative
of the objective function in the direction ¢ defined in Koenker (2005, p.33).
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D1 < Amax (M) sup 4 4, [|Cr(A) — C-(A)||? = Op (KInn/n) = op (1) by Theorem 3.2(i) and As-
sumptions A5(i) and A6. By the matrix Cauchy-Schwarz inequality and the same assumptions,

Doy < sup {Cr(A)Y MgCr(A)}2 (D1, }"? < Dnax (Mg)}Y? sup [|C-(A)]| {D1a}"?
Ac Ak AcAk

- Op (KW) Op ((Klnn/n)l/Q) = Op (K(lnn/n)l/Q) = op(1).

It follows that

~

Q. (4) ~ Qi (4)| =0 (1). (A1)

sup
AcAxk

In view of the fact that the dimension of A is increasing with K, we cannot conclude that ||A, — A, || =

op (1) directly from (A.1) by referring to the usual consistency theorem that works for the estimation
of finite dimensional parameter. Instead, we extend the consistency proof of White (1994, Theorem
3.4; see also Gallant and White (1988, Theorem 3.3)) to allow for diverging number of parameters.
Because A, is identifiably unique on Ag by Assumption A4, for any € > 0, there exists ng(€) < oo

such that inf,, >, () [minAeAKle%  Qk(A) - Qk (AT)} =1 (e) > 0. Clearly, 7 (¢) is nondecreasing in €

and it cannot increase when e decreases. By the definition of A,, we have Q,,(4,) < Q,.(A;) +7 (€) /3.
[Note that we allow for approximate minimization.] By (A.1), we have Qg (A;) < Q,,(A+) +n () /3 and
Q. (A7) < Qg(A7)+n(e) /3 w.a.p.1. It follows that Qg (A-) < Q,(A-)+7(€) /3 < Q,(A-)+2n(c) /3 <
Qi (A;) +1n(e) wp.a.l. Thatis, Qu(Ar) — Qr(Ar) < n(e) w.p.a.l. It follows that A, € N .. Since €
is arbitrary, we conclude that ||A, — A,|| = op (1).

Since O, (A) is continuous in A by the maximum theorem, we have

|6-—6.|| = [6-(4,) - 6:(4r) +0,(4r) - - (47)

IN

16-(4r) = 0:(47) | + |0:(4r) = O, (4,)|| = Op (K n/m)'?) + 0p (1) = 0p (1)

|

by Theorem 3.2(i) and Slutsky theorem. This completes the proof of part (i).

Now, we prove part (ii). Let 7; (4,0) = ¢:(A,0) — g:(4,,0;) — E[9:(A,0)] + E [g:(A-,0;)] . Using
the arguments similar to those used in the proof of (A.6) in Lu and Su (2015) or Lemma A.6, we can
prove that

sup

1(4,0)—(Ar,0) I <Ly/KInn/n
for any L > 0 and ¢ € R 2+k)K with |c|| = 1. The problem is that we have only established the
convergence of (A,,©,) in Frobenius norm but not its convergence rate. Let ey, = (K Inn/n)Y/2. In the
following we first demonstrate that ||[A; — A.|| = Op (e1,) and ||©; — ©,|| = Op (e1,,) based on the fact
that

nt ic'ﬁi (A,0)| =op (n_l/Q) (A.2)

sup = Op (e1n) - (A.3)

1(A.0)~(A,,0.)|<Ly/K nn/n

Then we apply (A.2) to refine the Bahadur representations for A, — A, and ©, — O,
By Lemma A.2, (A.3) and Theorem 3.2(i),

n~! Zc’fyi (A,0)
i=1

op (n_1/2> = n! igi(A,é'r(A))
i=1
= 17 Y04, 00) + { Bli(A,6,(4))] - Bloi(Ar,0,)]} + 07 Y 1,(4,6.(4))
= ') 645, 00) + {E[gi(A, 6.(A))] - E g:(A-, @T)]} +O0p (e1n) (A4)
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where E[g;(A, ©,(A))] denotes E [g;(A, ©)lle—&(a.) by the convention in empirical process theory, and
hereafter Op (+) or op () denotes the probability order of the Frobenius norm of the corresponding term.
By Taylor expansion and Assumption Al(iii), for any ||A — A;|| = O (e2,) with ea, = 0 (1) we have

Elgi(A,6,(A)]—E[9i(A,0,)] = [Jk.a + Op (e2,)] (A — A)+[Tk.0 + Op (e2,)] {éT(A) - @r] , (A5)

where
OF [g:i(A,©
sea = A0 = B {f. (0 (A7.0,) [x) 68, (U) P (D, U} and
(4,0)=(4-.61)
OF [¢;(A,©
Jrke = % =-F {fa (vi (Ar,07) Ix5) ¢{/I</i (Us) ¢§Vi (Ui>/} =—Ox (Ar).
(4,0)=(4,.0,)

Combining (A.4) and (A.5) yields

éT(A) -0, = [1 + Op (egn)] Dy (AT)_l [n_l Zn:gi(AT, @-,—) + JK,A (A — AT) +Op <€1n) . (A6)

i=1

The last k3K x 1 elements of ©,(A) — O, are given by

n
Cr(A) = 0=[140p (e20)] Prcc [n ") 6i(Ar, O7) + Jra (A= Ar) | + Op (e1n), (A7)
i=1
where recall @ (A,)" " =] @’K’B (i)/K,C |
The second stage minimization problem implies that w.p.a.l, A, = arg mingeny ., AT(A)HM ,
K

where €, = 0(1) and

Preon ! Zgi(Ar, O;) + Pr.cdra(A—A;)

i=1

Cra)| = [1+ Op (e2)] + Op (e1,) -

My

Noting that @ cJk 4 has full rank under Assumptions A5(ii)-(iv), the solution A, satisfies

A —A, = — (J}(,A‘i)}(,cMKéK,cJK,A)il JfrgA<I>ﬂr<,cMK‘ihr(,c?”f1 Zgi(A'r, O©,)[14 Op (e2n)]
i—1
+OP (eln) .
- QATTlegi(AT,@T) [14 Op (e2,)] + Op (e1n) - (A.8)
i=1

Next, in view of the fact that [|Qa,n" ' 31" | gi(Ar,0,)|| = Op((K/n)'/? + K=*/?) by moment calcula-
tions and Chebyshev inequality, we can obtain a rough probability bound: ||A, — A;|| = Op[(K/n)'/2+
K44 ¢1,] = Op (e1,) by Assumption A6(i). With this and (A.6), we can obtain a rough probability
bound for ©, — O, too: H(:)T —0.||=0p (e1n).

Now, given these convergence rates for A, and ©,, we can apply (A.2) and refine the results in the
above procedure by replacing the term Op (e1,,) by op (n1/2) in (A.4) and (A.6)-(A.8). With this
replacement, we obtain an improved convergence rate for A, : ||[A; — A;|| = Op (e2,) where eq, =
(K/n)Y/? + K=*4 With this choice of e,, we obtain

A, — A, =Qant igi(AT, ©,)+op (nfl/Q) , (A.9)

=1
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as K/n+ K=24 = o0 (n=1/2) . This proves (ii). Combining (A.6) and (A.8) with Op (e1,) replaced by
op (n71/2) and choosing ez, = (K/n)"/? + K=, we have
6,-0, = 6,4, -6,
—_ = = —1 — —
= [14o0p(e2,)] Pk (A;) " {I(Icngkg)K —Jra (g a® oM ®r.cJx,a)  Ji a®i o MxPr.o

xn ! Zn:gi(AT, 0,) +op (n‘l/Q)

=1

— Qe.n! igi(AT,@T) +op (n—1/2) , (A.10)

i=1
where Qo, = ®x (A7) [Lhy+1s)r + Qa, ] . Thus (iii) follows. M

To prove Theorems 3.4 and 3.5, we first state a lemma whose proof is given in Supplementary Appendix

C.

Lemma A.7 Suppose Assumptions A5(i)-(iv) hold. Then there exist cq, and o such that 0 < ¢q <
Amin (2:2)) < Amax (Q-Q1) < &g < 00 uniformly in K.

Proof of Theorem 3.4. We only show (i) as the proof of (ii) is analogous. Using the notation
defined above (3.1), Minkowski inequality and Assumption A2, we have sup,cy ||G- (v) — oy (u)]| <
B ey || Ta (W) (Ar = A7) + sup,p Ma (W) Ar = s ()] = O (¢} || Ar = || + Op (K /4). By Theo-
rem 3.3(ii), A, — A; = Si,, + Say + 0p(n~Y/?), where Si, = Qa n ' 0 dhy. (Us) ¥, () and Say, =
Qa,n 130, (b{,(VZ (U;) [, (i — v; (Ar,©;)) — 1. ()] . First, one can readily show that E|Sy,||> =
i (1= 7)tr(Qa, Uy ) <n Anax (k) €4 |I> = O (K/n) . Next, we show that

1S20|I* = Op (K27 (A.11)

To see this, let F1,, = (¢, (61 —v1 (A7,0:)) — ¢, (e1) .o, ¥, (€ — vn (A7,07)) — - (gn))’, and Fa,, =
((ﬁ{fVl(Ul), ...,qﬁgn(Un))’. By Assumptions A1(i) and (iii) and A2(i)-(ii), Taylor expansion, and Markov
inequality, we can readily show that |[Fy,||> = Op(nK~2Y/4). Noting that Fj, Fs,/n = U and that
Fo, (F5, Fo,) 1F), is a projection matrix with maximum eigenvalue 1, we have by Lemmas A.1(iv) and
AT,

H82n||2 = n? ”QATF/%FMHQ =n"’tr (Fln,F?nFénFan;lTQAr)
S )\max (Q;;T QA.,.) n_2tr (FlnIFQnFIQnFln)
= conCtr (‘i’K‘i’;/2 ’gnF1nF'1nF2n‘i’;<1/2>
< codman (W) 7% (PR, B B P 0?)
< ¢colew +op (1) n~ttr (F&nF%(F/ZnFZn)_lFIZnFln)
< olew+op ()] nt|Fu|® = Op(K—2MY)

where the first and second inequalities follow from the fact that tr(AB) < Apax (A)tr(B) for any symmet-
ric matrix A and p.s.d. matrix B (see, e.g., Bernstein (2005, Proposition 8.4.13)), and the third equality
follows from the fact that Apax (Q;‘TQAT) = Amax (QAT QQ,T) < Amnax (2:9Q7) < éq by Lemma A.7. Tt
follows that ||[A, — A.|| = Op((K/n)"/? + K~*4) and sup,ey ||@r (u) — ar (w)|| = Op[Cp((K/n)'/?
+KAM4)). .
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Proof of Theorem 3.5. Let

Z
o
=g
=
o
-
=
I
=
Sy
3
S
S~—
I
/N

S ()25 () = 6 (w)] = ATV Y6 (U (20)

AR N TG (U [, (i — v (A7, 05)) = 0, (&)
=1

VS, ()T (w) ry — VS, () By ()
= Dln + D2n + D3n + D4na say,

where ||r,|| = op (n"'/?). We prove the theorem by showing that (i) D, <, N (0, I, +%,) and (ii)
D, = op (1) for s =2,3,4.

First, we prove (i). Let w € RF1+k2 guch that ||w|| = 1. Let &, = nil/Qw’Aqﬁé(Vi(Ui)wT(si). Then
W'Dy = Y1 &, By construction, E (¢;,,) =0 and F (§z2n) =n~1. In addition,

1
B(gh) < —E WAk, (U)oh, (U) Naw Aty (U)o, (U) Nw]

_ %tr LB 68, (U065, (U Neo o Al (U85, (U N/ A}

< %Amax (New'A) tr { B [of, (U)o, () N o Mgty (U)ot ()] }

= %Amax (New'A) tr { Nw W/ AE [ 0fy, (U)ol (U) 1y, (U)ot (U)' ] }

- Do (Ve Nt { B [ 85, 00, 0 8, W08, 0]}
< P (VA0 () B |65, )

IN

2 .
=0 (C%KJ/TLQ) =o0 (nil) ,

where we use the fact that Apax (ww’) <tr(ww’) = 1, and that

-1

Amax (Nww'A) < Amax (MA) < [7(1—7)] (Q;H(u)’ [TT (1) QW QLTI ()] H(u)QT)

I (w) Q) —cllr(1-n 'K

< G- (Q;H (u)' [TT (w) Q- QLTI (u)']
It follows that w’ Dy, 4N (0,1) by the Liapounov central limit theorem for triangular array independent

sequences (see, e.g., Davidson (1994, Theorem 23.11)). Thus (i) follows.
Now we prove (ii). By straightforward moment calculations and Assumption A6(ii), we can show that

|E (Dan)| = O (Cilun K1) = 0(1) amd [[Var (Dzn)]| = O (¢i2 K 72Y7) = 0(1).
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Then Dy, = op (1) by Chebyshev inequality. For Ds,,, we have
1Dsal® = mtr (rar @) 7 () (W) ) < A (L)' S () () {n a1}
< Dain (e @) @I {n lrall®} < 7 (1= 7) ceal ™ {nllral*}
= 0 (1) op (].) = op (].) .

where we use the fact that Amin (Sr (©) > 7 (1 = 7) Amin (U Q) [ (w)||* > 7 (1 = 7) egeq |1 (w)])
by Assumption A5(ii) and Lemma A.7. Similarly, we can show that || Dap||* < [Amin (57 (@))] " 7 ||B; (uw)||?
=0 (C;QnK’”‘/d) = 0(1) by Assumption A6(ii). This completes the proof. B

B Proof of the results in section 4

Proof of Theorem 4.1. Using the notation defined in the proof of Theorem 3.5, we have 41, (u) —
01r (u) =S [37 (u) — 0, (u)} = SII (u) V,; — SB; (u) . It follows that

Vn (317 - 517) = Ln {317 (Ui) — 01~ (Ui)} + Ln Z [017 (Ui) — d1+]
i=1 i=1
1 n 1 n n
- WS;H(Ui)VTJr ﬁS;B (U;) + Z:: (017 (U;) — 614]

= Rip + Rop + Ry, say.

Observe that Rz, = 0 under Hy and [|[Ra,|| < n'/2[|S|sup, |B; (v)|| < O (n'/2K~*) = o(1) by

Assumptions A2 and A6*. It suffices to prove the theorem by showing that Ry, 4N (0,%5,.) -
By Theorem 3.3, V. = Q. 13" 6ff (U))¢.(ei — vi(Ar, ;) + R, with [|R,|| = op (n"1/2). We
decompose Ry, as follows:

1 n
W = =SS n@w)Vv
Ry nSE U2)

_ SZH Q3 6k (U, (e — vi(Ar, ©,)) + #SZH (U,) R,
=1

j=1
B 1 1 n B n
= ST, S 68 (U, () + Sy > [I(U;) — 1] 0 Y b, (Ui (<)
i=1 j=1 i=1
1 n
SZH Q Z¢W 7717-1 /QSZH(U])RT
j=1

= Ripa+ Rln,z + Rings + Rln,4a say,

where 1y, = ¥, (&5 — vi(Ar, ©,)) — b, (e:) and T = B[TI()]. )

Let w € R” such that |w] = 1. Let ¢, = nfl/Qw’SHQTqﬁ{fVi(Uz-)@/;T(ei). Then W' Rip1 = %w’SHQT
xS (bé(vl(Ul)zﬂT(s,) =" Gin- Note that E (¢2,) = 7(1 — 7)n 'w/'SHQ U Y II'S'w = n~'/'SE w,
and E (¢}) =0 (g‘%{K 3/n?) = o (n™!) following the same arguments as used in the proof of Theorem
3.5. It follows that Ry 1 4N (0,%s,,) by the Liapounov central limit theorem for triangular array
independent sequences.

Since EHRanH = O(K/n), Rin2 = Op ((K/n)l/z) = op (1) by Chebyshev inequality. By the
same inequality, one can readily show that || Y ; ¢W (Uil > = Op (n? K=2%4) | Using the argu-
ments as used in the proof of Lemma A.1(ii), one can show that Ayax(n 2 i Uy >, 1 )"

38



= Amax (') + Op(K/n/?) = Op (1) . In conjunction with Lemma A.7, these imply that

%tr{QTZ;qu )17 Zﬁbwk Uk) 17127 ZH )/S/S;H(Uj)}
1= Jj=

| Rl

=1

IN
%

=+

~

13 {QT > w (Udnirs Y b, (Uk)'ﬁmQ'T} tr {Z (1) S'S Y T(U;) }
=1 j=1

i=1 k=1

i=1 k=1

1 n n n n )
Jj= =1
2

Is||*

IA
>
g
I
]
’Q

7717'2

) max( QZH ZHU;)

_ %o (1)0p (1) O (K9 0 (1) = Op (nK_Q’Vd) — op (1),

where the first inequality follows from the fact that tr(AB) <tr(A)tr(B) for any two conformable p.s.d.
matrices A and B, and the second inequality follows from the fact that tr(AB) < Apax (A)tr(B) for real
symmetric matrix A and p.s.d. matrix B. Similarly,

(R R, ZH SSZH ) < Amax (%i S’SZH ) [ntr (R-R})]

| R all?

1 n
< e (8'S) Ana (EZZH(UJ-)’H(UZ-)) (nlIR:17)
= O (1) Op (1) op (1) =0op (1) .
It follows that Ry, > N (0,%s,.) . This completes the proof. W

Proof of Theorems 4.2 and 4.3. We only prove Theorem 4.3, as the proof of Theorem 4.2 is a special
case. Let a; = a(U;) and a=n"1Y" | a;. Decompose T}, as follows
n = ! ra _ _ =
Z [517 — 17 + 017 — 517] {517 (Ui) = 617 + 017 — 517} a; = Th1 + Tha — 2153, (B.1)

=1

where (_517' = nil Z?:l 517— (Uz) 3 Tnl = 2?21[817— (Ui)*(_slﬂr] [817' (Ui)*(_sh—]aiv Tn2 = na[ngile}/[alTialTL
and T3 = [61, — 317]’ 2?21[317 (U;) — 01-]a;. We further decompose Ty,; as follows:

T = z": [517 i) — 017 (Ui)}/ [517 (U;) — 01, (U } a; + Z [61- (U;) — 517}/ 61+ (U;) = 01+] a;

i=1
/ -
+22 [51r i) — 017 (Uz):| [01- (Us) — 017 as
= Tnll + Tha2 + 2T03, say. (B.2)

We complete the proof of the theorem by showing that Hy (03/2n Y2 (4) 07" (Thi1 — By) 4N (0,1),
(ii) 05, Th12 = po + op (1), (iil) 0, Tz = op (1), (iv) 0, Th2 = op (1), (v) 0, T3 = op (1), (vi)
o1 (B, —B,) = op (1), and (vii) (65, — o) /on = 0op (1). These are respectively proven in Propositions
B.1-B.7 below.
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Proposition B.1 Suppose that the conditions in Theorem 4.3 hold. Then o, ' (T,,11 — By) 4N (0,1).

Proof. Let r1; = SIL(Ui) Q7 272 6y, (U0, (e5), m2i = SIL(U) Qe 351 iy, (U) [, (25 —05(Ar, ©1)) =
wT(&‘j)], and r3; = S[ ( )R + B, (Ul)] Noting that O1r (Uz) — 01, (Ul) = SH( )V + SB, ( ) =
715 + T2; + r3;, we decompose 1,11 as follows:

n

Th1 = Z {517 (Us) — 01+ (Ui)}/ {317 (Us) = 01~ (Ui)} a;

i=1

n
! ! ! ! / /
= E {7"12-'1"11' + To;T24 + 73,734 + 2r1ir2i —+ 2']"11-'1"31‘ + 27"22-7"32'} a;
i=1
= Thii +Thir2 +Thi1,3 + 200114 + 2Th115 + 200116,

where, e.g., Th11,1 = Y1y 71;71:0;. We prove the lemma by showing that (i) o, ' (11,1 — By,) 4N 0,1),
and (i) o, 'T11.5 = op (1) for s = 2,3, ...,6.

We first prove (i). Recall Y; = II (U, ) S'SIL(U;) a; and Q, = QL E(Y)Q,. Let ¢; = (U/,W!,&;) and
#n (€2 Ch) = ¥ (e5)w, (U3) Qrdiy, (Un)¥, (ex). Let Ti = Ti — E(Y;). Then

1 n n n
Thiin = EZ;Z;ICZIQ/’T(%)QSW( )Q/TQTQSWk(Uk)w( k)
=1 j=1 k=
2
= = > @G+ Zson ¢;nG5) QZ Zd»éﬁ, U (£1) LT3y, (U)o, (k)
1<j<k<n i=1 j=1 k=1

= Thitia +Thi,e + Tn11,167 say.

Noting that

BT tr (E [IL(U;) S'SIL(U;) a;] E [I1(U;)' S'SIL(U;) a4])
Panin(S'S)]* tr (E [IL(U;) TL(U;) 0] E [TL(U;) TL(U;) a;])

Beftr (Lg, ko)) = (k1 + k2) 3cfi K by Assumption 7

A\VARLY,

where ¢s = Anin(S'S), we have by Lemma A.7 and Assumption A5

ai = 272 (1-— 7')2 tr (QT\IIKQT\IIK) > 272 (1-— T)2Q?I,tr (QTQT)
= 272 (1—7)° &tr {E(T1)Q, Q- E(T1)Q,Q.}
> 2712 (1 - T) e ||B(YT 1)H2 >27%(1— 7)2 c2cd (k1 + ko) K. (B.3)

Let H, (Cj,Ck) = %gpn (Cj,Ck) . Noting that o, 'T,1114 = Zl§j<k§n H, (Cj,Ck) is a second order
degenerate U-statistic with kernel function, we prove (i) by verifying all the conditions of Theorem 1 in
Hall (1984) are satisfied. By construction, H,, (-, -) is symmetric, E [H,, ({;,{5) |(s] =0, and

n2o2

; }

: 2)
= mEtr{Qbeé{vz(UzW (e2)? ¢W2(U2) Q ¢Iv$/ (U1)¢T(51)2¢€4(/1(U1>l}
=] 2

N G RGO R ACATHE

n

= ot {08 [0l (U6, W) v B [0, W0t 026, (0]}

= —F—tr (QT\I/KQT\I/K) = % < 0.
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Using the fact that |1, (e2)] < 1 and that ¥’ Bb < Apax (B) b'b for conformable vector b and symmetric
matrix B, tr(AB) < Apax (4)tr(B) for any symmetric matrix A and p.s.d. matrix B, we have

[H4 (Clv 42)]

S % {d)Wl (Ul) T(ZS{/(VQ (U2)¢‘I/‘(/2 (UQ)IQT qj){/l(/l (U1)¢‘I/‘(/1<U1)IQT¢‘I/‘(/2 <U2)¢{/(V2 (UQ)IQTQSé(Vl (Ul)}
< A B {60, 00,08, Ua)6l5, (U2) 68, 02615, (U2 0,085, (01) )
16262
_ n4a;§9 {Q E[¢W (Uz)ots,, (Us)! ¢W2(U2)¢W2(U2)} [¢W1(U1)¢W1(U1)]}
16c2c2¢ _ 0
< i {00 [off, )0l () off, ()of, 02 0}
16¢2 c c CQ K?
< o] -0 (S )

08 ()] = 0(Cx) and T = Ao (@) = A (% E(T1)24) < A (E(T1) 2 <
[S||? énéa = O (1) by Assumptions A5 and A7(ii) and Lemma A.7.
Let G, (v,w) = E[H,, ({;,v) H,, (3, w)]. Then

where ¢y = Sup(y, 4

B[G2 (6] = %E [0 (C1:C3) n (Cor P
< n404 E [ 615, (U1) Q0% (Us) o, (U2 T¢W4(U4>}
= B {00, (00 08, (U6, (02 0, 00,605, (U2) 085, (U 208, (0)}
<t (o, (00 Q0 (U)o, () 0, (Do) (L) 2,08, (1)
= D o0 6, U2 615, (01 ff, (0 5, (U, (01}
= A E {02 o (o), (01 R coff, (U))
= iiZZtF{E [qﬁwl U1)éw, (Uz)' ¢W2(U2)¢W1(U1)}Q Ui }
< % (B [of, W0 [off, 020l 0] o8, Wi)]}

16¢2-¢y K

K2t (k) = 0 (757 ).
where ¢k = Amax (P Q;) < o Amax (QT)2 < 2o |ISI* [Amax (I'TD)]? = O (1) by Assumptions A5 and
AT7(i), the first inequality follows from the fact that |¢.(e2)| < 1, the second inequality from the fact
that @’ Ba < Amax (B) @'a for any conformable vector a and symmetric matrix B, and the third inequality
from the fact that tr(AB) < Apax (A)tr(B) for any symmetric matrix A and p.s.d. matrix B. It follows

that

E[G2 (¢4, 1B [HA (¢, K (3K? 1 2

[G? (¢1,¢)] +n [Qn(C1<2)]_O<_4+<K4)_O<_+C_K>_O(1)
{E£HE (¢1,C)l} o noy, K n

by Assumption A6**. Consequently, all conditions in Theorem 1 of Hall (1984) are satisfied and we can
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conclude o, ' Th11 14 a4 N (0,1). Next, write

Dy = 07 (T 1o~ :—quw CE(T)R 0, (U) [4r(e)” — 7 (1= 7).

By straightforward moment calculations, E (D,) = 0 and Var(D2) = 0,20 (¢} K/n) = o(1). Hence
Dn = op (1) .
Now we write o, 1Tn11,1c as follows

o' Taie = Y O (U (e) 0 T by, (Ur), (ex)

1<i#j#k<n

> b, U, ()T Q61 (Ur)b, (k)

1<j#k<n
R S AUALE LR N ARERCRE St SUANE N ACATNEHE
1<i#j<n j=1

= Rnl + RnQ + Rni& + IRn4a say.
By straightforward moment calculations, E (R2,) = O (K/(c2n)), E (R2,) = O (K?/(62n?)) , E (R2;) =
O (K/(o2n)), and E (R2,) = O (K?/(62n?)) . It follows that o, Tn11,1c O ((Kl/z/n 1/2) =op (1) by
Chebyshev’s inequality. Consequently, we have proved that o, 1 (T}11.1 — ) N(0,1).

We now prove (ii). Using arguments as used in the proof of (A.11), we can readily show that
o T2 = ot S Thireia; = o '0p (nK’Q)‘/d) = Op (nK’(l/%QA/d)) = op(1). By Cauchy-
Schwarz inequality,

o7 T s < {R’ZH ) S'SI (U Ral+ZB )'S'SB, (Us) a }

20;1{ max< —1211 /S8 (U a ) (nIR:11) + I8P ZHB P }

= o {or (W op (1) +0p (nE V) } = 0p(0,") + Op(nk ™~ <1/2+2A/d>) op(1).

IN

By Cauchy-Schwarz inequality, o, 'T116 < {U,‘LlTnng}l/2 {a;lTnlL;),}l/2 = op(l)op(l) = 0p(1). If
one also assumes that nk —2Md = o(1), one can use the same inequality to demonstrate that o, 1T nil,s
=o(1) for s = 4,5 because 0, ' T111 =0, (Th111 — By) +0,'B, = O0p (1) + Op (Kl/z) = Op (0y,) by
noting that B,, = Op (K) and 0, = O (K~%/2) (see (B.3)). But we only assume that nK —(1/2+2V/d) —
o(1) and needs to prove o, 'T,11,s = o(1) for s = 4,5 via another method. Fortunately, we can prove
these claims by straightforward moment calculations and Chebyshev inequality under Assumption A6**.
This completes the proof of (ii). m

Proposition B.2 Suppose that the conditions in Theorem 4.3 hold. Then 0, Ty12 = py +op (1).

Proof. UnderHl(an/ n=1/2), 6§ n Y 6 (U i)—517+0n/2 —1/2A,,, where A, = n~? Dy
Ap (U) = E[Ar, (U)] + Op (n 1/2). It follows that oy This = n '3, || A, (Ui) — An | £

Proposition B.3 Suppose that the conditions in Theorem 4.3 hold. Then o, Ty13 = op (1).
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Proof. Under Hj(o+/*n~1/2), we have

o Ty = o, /12 Z [SIL(U;) V- + SB (U)] [Arn (Us) — Ary] @
=1

= 0'771/27171/2 ZV;H (Ul)l S [ATn (Uz) — ATTL] a; + 0'771/27171/2 Z B, (Uz)/ N [Arn (Uz) — Arn} a;
=1 =1
= Thiz,e +Thizp, say.

We can bound T35 directly: [Thizs| < ont/ P12 sup,, B+ (W)[| S| 30, [|Arn (Us) — Ar||a; =
Op(n'/? K_(’\/d+1/4)) = op (1) by Assumption A6**. For T},13 4, we have

Tasa = 0,0 %23 N o5 (U) ¢, () %T(U)'S [Arn (U3) = Ar] a;
j=1i=1
+0, 23NN Ol (U) [, (g5 — 05(Ar, ©0)) = 0, ()] QLIT(U)'S [Ary (U) — A s
j=1i=1

+o, P PRUN LU S [Ary (U) = Ary] as
=1

= Thi3,a1 +Th13,a2 + Thi3,q3, say.

Noting that E[Tn13,a1]2 = 0(c,;') =0 (K‘l/z), we have T},13.41 = op (1) by Chebyshev inequality.
Using similar arguments to those used in the proof of (A.11), we can readily show that T},1342 = op (1)
and T},13,43 = op (1) . Consequently we have 0,1T,13 =o0p (1). =

Proposition B.4 Suppose that the conditions in Theorem 4.3 hold. Then o, T2 = op (1).

Proof. Note that
= = 1
V(b —on) = —=
n
: LSS B, (1) = $1, 4 8

— i — +(Ui) = Sin n, Say.
Vo= Vo= e
Using arguments similar to those used in the proof of Theorem 4.1, we can show Sj, = Op (1) and

Say = Op (nY/2K~*4) . Noting that o' = O(K~'/2) by (B.3), we then have o, 1T, = aglnnglT -
17| < 20, %a(SE, + S3,) = O(K~1/2) [Op (1) + Op (nK~=2*)] = op (1) by Assumption A6**. m

Proposition B.5 Suppose that the conditions in Theorem 4.3 hold. Then o, T3 = op (1).

Proof. By Minkowski inequality,

4{‘ [317 U;) — 517} a;

As in the proof of Proposition B.4, one can readily show the first term on the right hand side of the
last expression is Op (n1/2 + nK_)‘/d) . The second term is H; (0’}/2711/2) under H; (U}/2n_1/2). It follows

that

<

+ % Z Z [(51-,— (Uz) — 017 (UJ>] a;

i=1 j=1

i [317 (U;) — 61~ (Ul)] a;

O—;l ‘Tnd‘

U:Ll H\/H(Sl'r — 317)

% ZX:L; [317 (Uz) - 517] a;

o, Op (1 + nl/QK_’\/d) Op(1+n'?PK=M4 4 61/ = 0p (1)

IA
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as o, = O(K~1/2) by (B.3) and nK~2"4+1/2) = (1) by Assumption A6**. m

Proposition B.6 Suppose that the conditions in Theorem 4.3 hold. Then o' (B, —B,) = op (1).

Proof. Observe that B, —B,, = 7 (1 — 7)tr{[2.TQ, — Q. E(T1)Q,]¥k}. Following and strengthening
the proof of Theorem 3 in Powell (1991), we can show that both ||®x — ®k|| and ||Jx,4 — Jk,4|| are
OP[K/(nh)l/Q}. Then

ot =[5 (- ) 852 = e [0 (b ) o (- ) ]}
< Dhin (@507 i ()] || ore —
= 0(1)Op (1) Op[K/(nh)"/?] = Op[K/(nh)"/?]

as )\min(i)K) > Amin (Px) /24+0p (1) w.p.a.1. using similar arguments to those in the the proof of Lemma
A.1(ii). With this, it is easy to show that ||Q; — Q|| = Op[K/(nh)Y/?]. In addition, || — E(T,)|| =
Op (K /nt/ 2) by Chebyshev inequality. It follows that

QY0 — QE(T)Q, | = Op[K/(nh)'/?, (B.4)

and |B, — B, | <2 ‘ QYO — QA E(T)Q )@KH = Op[K?/?/(nh)'/?]. Finally, in view of the fact that
ont =0 (K~1?), we have o, (B, - B ) Op|K/(nh)'/?] = op (1) by Assumption AS. m

Proposition B.7 Suppose that the conditions in Theorem 4.3 hold. Then (6, — op) Jon = op (1).

Proof. Recall Q, = Q/ E(T1)$,. Let ?2 = (' TQ,. Then by the triangle inequality,

n

62 — a2l /2r*(1-1)% =

_ 2
= nl + anQ + Jng + 0,4, say.

2
= Op(K), using the ma-

A D A 2 A D A A D o4 o 412
Noting that H\I/KQT\I/KH :tr(chQTCIJT{)TQT@T) < [Amax (\I/K)} ’QT
trix Cauchy-Schwarz inequality and (B.4) yields: o2, < HEZT — Uk Tk|| = Op|K/(nh)Y/?]
Op(K'?) = Op[K?3/?/(nh)*/?]. Similarly, we can show that o2, = Op[K®/?/(nh)'/?] and o2, =
K1/20 (K/n'/?) for s = 2 and 4 as ||Ux — V|| = Op(K/n'/?) by Lemma A. 1(111) It follows that

62 — o2 = Op[K?3/?/(nh)'/?]. This result, in conjunction with the fact that and 0, = O (1/K) by (B.3)
~2 2 ~2
and Assumptlon A8, implies that ”“_n"" = U:(;ni;n) < e = Op[K1/2/(nh)1/2] =op(l). m

Proof of Theorem 4.4. Using the notation defined in the proof of Theorem 4.3, we have n~1T,
=n"YTp1 + Tha — 2Ty3). Under Hy, it is easy to show that n= 1T, = op (1), n= T3 = op (1), and

n Ty = n 'Tho+op(l 12 [61- (U;) 517] [61- (U;) = 01+ a; + op (1)

= E[|d1- (Us) — E 01 (U)]II” ai] + op (1) = puy +0p (1).

On the other hand, n~'B, = Op (K/n) = op (1) and 62 = 02 4 op (1). It follows that n='6,T), =
n~IT, —n 1B, & 4. The conclusion follows as (6, — 0,,)/0n =0p (1). B
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Proof of Theorem 4.5. Let P* denote the probability measure induced by the wild bootstrap con-
ditional on the original sample D,, Let Op~ (-) and op+ (-) denote the probability order under P*; e.g.,

bn = op- (1) if for any € > 0, P* (||b, | > €) = op (1). Let 8y, (), 6y, T%, QF, By, o, BY and 677 denote

2

., respectively. Their definitions are

the bootstrap analogues of 51, (), SlT, T,, Q.. B,, 0., B, and &
self-evident. For example,

1 — .
B =3 @i (C¢), and 032 =27 (1 - 1) b { Q0 0k |
ni:l

where Qf = Q¥TQF, ¢ = (U, W/,e}), and ¢, (C5,Ch) = ¥, ()i, (U) QT iy, (Ui), (e5). The
proof follows closely from that of Theorem 4.3.

Note that §;, = n~! P 51r (U;) in the bootstrap world plays the role of §; () in the real data
world. Let af = a(U;) and a* = n~' """ | af. The decomposition of T,, in (B.1) continues to hold for

T in the bootstrap world:

n
= ~ A ¥

Ty = [0, (U7) = b1 + 017 = 01, ) 01, (UF) = Gar + b17 — 0y, Jaf = Ty + Ty — 2035,

i=1

where Tty = Y0, 01, (U7) = 61 81, (UF) = durlaj, T = na* (81 — 01,) (§1r — b1, and Ty = (817 —
01,) S, [3;7 (UF)—b1-]at. We prove the first part of the theorem by showing that (i) (175, — B%) /o —
N (0,1) in distribution in probability, (i) T, /0% = op~ (1), (iil) Ty /0 = op= (1), (iv) (I@Z =B/ ok =
op« (1), and (v) (6, —03) /ok = op~ (1). The proofs of (ii)-(v) parallel those of Propositions B.4-B.7,
respectively, and thus omitted. We only sketch the proof of (i).

In view of the fact that Y;* = &l D + B;Xl + ¢ and the first element of the vector of basis func-
tions (p (-)) is 1, the bootstrap analogues of B, (U;) and v;(A,,0,) = Px(D;,U;) A, + ¢€(Vl U)o, —
a.(U;)'D; — B,(U;)’ X; are both 0. This implies that that the bootstrap analogue of ro; defined in the
proof of Lemma B.1 is 0 and that of r3; can be simplified. Following the proof of Lemmas B.1 and B.3,
we can show that T, = T, + op- (¢7), where T,,, = %Zl§i<j§n on (¢i¢) - As T, /o% is a second
order degenerate U-statistic with independent but non-identically distributed (inid), we can apply the
CLT for second order degenerate U-statistic for inid observations (e.g., de Jong, 1987) and conclude that
T, /o% — N (0,1) in distribution in probability. Then (i) follows. This completes the first part of the
theorem.

Parts (ii)-(iv) of Theorem 4.5 follow from the first part and Theorems 4.2-4.4, respectively. B
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This supplementary material provides proofs for the technical lemmas in the above paper. We also present
the asymptotic analysis for the panel data models in Section 3.4 and the alternative bootstrap test in

Remark 12. More simulation results are reported in Appendix F.

C Proofs of the technical lemmas

Proof of Lemma A.1l. (i) For fixed A € Ak, we can readily follow Newey (1997) and show that
| @5 (A) — @ (A)|| = Op(xK'/?/n'/?) by Chebyshev inequality. To obtain the uniform result, one
can cover the compact set Ax by a finite number of cubes and apply Boole’s and Bernstein’s inequalities
to show the claim.

(ii) Using the arguments as used in the proof of Lemma A.1 in Su and Jin (2012), we have by (i) and
Assumption A5(iii),

. ) _ . , 3
Jnf Amin (®n,x(4)) nf - min {3 @rc(A)e + 5 (O i (A) — i (A)) ¢}
> nf i (B5(A)) — sup (|8 s (A) — Bre(A)]
AcAk Ac Ak
> ¢y — Op(CxKY?(Inn/n)?) > ¢y /2 wpa.l.
and
SUP Amax (Pn.x(4)) = sup max {3/ Pg(A)sx+ ' (P k(A) — Pr(A)) >}
AcAk AcAx llxlI=1
< sup >\max (q)K(A)) + sup ”q)n,K(A) - (I)K(A)”
A€ Ak AcAk

< Zp 4 Op(Cx KY*(Inn/n)'/?) < 24 w.p.a.l.

Analogously, we can prove (iii) and (iv). B

Proof of Lemma A.2. Let N = {1,2,...,n} and Hg, r, denote the collection of all (ks + k3)K-
element subsets of V. Also, let py(h) denote a (ks + k3)K x (ko + k3)K matrix whose rows are the
vectors qﬁé(vi(Ui)’ such that ¢ € h € Hy, x,, and let Y(h, A) denote a (k2 + k3)K x 1 vector whose
elements are Y; — Px(D;,U;)'A such that ¢ € h. By Theorem 3.3 of Koenker and Bassett (1978)
(see also Lemma A.2 of Horowitz and Lee (2005)), there uniquely exists h* (A) € Hy, r, such that
6,(A) = pw(h* (A)"1Y(h* (A), A) for each A € Ag, and H,,(A4,0,(A)) € (r—1,7)*F>k)K (i each



element of H, (4,0, (A)) lies strictly between 7 — 1 and 7), where H,,(4,0,(A4)) = Z?e(h*(A))C P, les —
vi(4, ©-(A)]dy, (Ui)pw (h* (4)) ™ and (h* (4))° = M\h* (4).

Write n ' 37 gi(4, 6+ (4)) = G1a(A, O, (A))+Gan (A, 0,(A)), where G1a(4, 6, (4)) =" Xlp ()
iy, (U)o, [ —vi(A, ©7(A))] and Gan(A, O7(4)) = 07" 32 (e (ayye S, (U)o, [ei—vi(A, O+ (A))]. Under
Assumptions A1(i) and A6(i), we have

sup HGM (A, O, ( H < n kg + k3)K sup sup H(;SE(U)H = O0p(CxK/n) = op(n=1/?),
Ac Ak weW ueld

and

sup [Gan(A,6-(A))|| = 07t sup |[HL(4,6,(4))pw (0" (4))]

AeAx Ae Ak
< 7t swp [Hu(4,6,(4)|| sup flow(b® (4)]
Ac Ak Ac Ay
< 07 (ks + k) E)Y? O (CKM?) = 0p (CicK/m) = 0p (V).

where the second inequality follows from the fact that

sup [[pw (b’ (A)I* = sup trfpw (b (A)pw(d’ (A)]= sup > [0, (0)
AcAgk AcAgk AcAk ich*(A)

IN

(k2 + k3) K sup sup HQSf(U)HQ = Op (CkK).
weW ueld

It follows that sup s¢ 4, Hn_l Yo gi(A, 0, (A))H =op (n_1/2) by triangle inequality. W

Proof of Lemma A.3. Let G, (A) =n"'Y" | g;(4,0,(A)). Noting that E [g;(A4,0,(A))] = 0 by the
first order condition for the minimization problem in (2.7), we have E[G, (4)] = 0 and Var(G,, (A)) =
O (K /n). It follows that G,,(A) = Op[(K/n)'/?] for each A € Ax. The uniform result then follows from

a standard application of Boole’s and Bernstein’s inequalities. W

Proof of Lemma A.4. Let x; = (U/,D},W!)" and ¢, = L(KInn/n)'/2. By the law of iterated

K2

expectations, second order Taylor expansions, the fact that v; (4,0) — v; (A,0,(4)) = ¢W (U [© —
©,(A)], and Assumptions Al(i) and (iii), A5(iii), and A6(i),

sup  sup sup ' E[gi(A,0) — gi(A, 0,(A))] + '@k (A)[0 — 6, (A)]]

lell=1 A€ Ax ||0=0, (A)[|<L,
< sw sup HE [1 {e: <vi (A,0)} — 1{e; <v; (A,0,(A))} oK. (Ui)} — B (A)O - @T(A)}H

A ||0-0,(A)]|<L,
= oo s B{IE @ 400) b = F (40 () ol 6, (U0 ] - @0 - O]
= %Efg ASGHEK [le— @sup A<, H{ ¢)W )l 0= @T(A)]}2 ¢§i (Ui)}H
< g swpswp oS swp s 0 0-(AVE [off, W) ol 0]~ O ()

wEW ue CAK ||0—6, (A)]|<ly

< %apéfi sup sup Hqﬁw (u)‘ 2 = Op (Cx K Inn/n) = op (n_l/Q) .

The result then follows from the ITD assumption in Assumption A.1(i). W



Proof of Lemma A.5. We only prove (i) as the proof of (ii) is similar. Noting that sup e, _eg,<a

[0: (4,01) = i (4,02)] < [|6fy, (U1)]| A, we have

E

2
sup sup  [|7;(4; 01,02 ]
AGAK H@l—ezHSA

- E{Hqﬁ{,f,i(Ui)2 sup  sup [1{er < v (A,01)} — 1{e; < v; (A,0)}

A€Ak ||©1—62||<A

~F. (v: (A,01) [xi) + F (v (4,02) ) [*}
2E{H¢{§,i U:)
- £ (= [[of i)

sup sup 1 { s — v (4,0)] < o, (V1)
AcAxg ©

2
sup sup
Ac Ak ©2

A+ (4,02) ;) + - (|[of, )

IN

1 {Ei < H%&(UZ)

A+ v (4,05) |x;

A

2
A < 2%C KA < n'/?A for sufficiently large n,

j

+ ot ol i

< 25 ok, o]

< 200 ||off, (U)

where the first inequality follows from the monotonicity of the indicator function 1 {¢ < -} and the condi-
tional CDF F_ (:|d,u,w) and the fact that |1{e; < -} — F. (:|x;) | < 1, the second inequality follows from
Minkowski inequality, Taylor expansion and Assumption A1(iii), and the third equality from the fact that
by Assumption Al(iii): E { SUP gc 4, SUPg 1 {Haz —v; (A4,0)] < H(bivffz(UZ) AH Xi} < 2¢y H(bivffz(UZ) A.

Here c is a generic large constant. H

Proof of Lemma A.6. Let 9; (A4,0) = ¢/{g:(4,0) — E[g:(A,0)]}. 7; (A,01) and 9; (4, O2) play the
respective roles of v; (t) and v; (s) in Lemma 3.2 in He and Shao (2000). By Lemma A.5(i), condition

(3.2) in that lemma is satisfied for 7; = 3 and 7o = 1 and thus the conclusion follows. W
Proof of Lemma A.7. Write

O — [ Six T 4P cMrPr,c®Py cMiPr,cJi a1k —Sik T 4P e MK Pr,0 S5 Pk

_(i)K,BSZK&)/K,CMK&)K,CJK,ASIK ‘iK,BSQKSQK@KB

where S1x = (Jic 4P cMrPr.cJra)™", and Sax = Igysrgx — J,aS1k T 4P o Mr®r o By
A B
B/

Amax (DED") < Apax (E) Amax (DD’) for any symmetric p.s.d. matrix E, and using Assumptions A5(i)-

(v), we have

the fact that A\pax (

A B
< Amax (A) + Amax (C) for any p.s.d. matrix l B C 1 and that

Amax (2:2) < Amax (S1xJx 4Pk o MxPr,c Pk c M Pr eIk, A51K) + Amax (Px,8S2k S5k Pk )
< Amax (M}{/Q(i)K,Cé/}ch}l{ﬁ) Amax (S1xJx 4Pk oMk ®r.cJK,A51K)
FAmax (S2k 595 ) Amax (P, 8Pk )
< e Amax (Pr,c Pk o) Amax (S1K) + Amax (Px, 3Pk )
< Cucy ey’ = o < 00,

A+ v; (A, @2)} -1 {51‘ < - H¢II/{VL(U1) ‘A+Ui (4, @2)}



where we have also used the fact that 1) Apax (S2xS5%) < Amax (S2 K)2 = 1 as Sy is idempotent, and 2)
Amax ((i)K,B(i)IK,B) < Amax ([@K (A [@x (AT)]_l) < ¢z? and similarly Apax (éK,C(I)/K,C) < cp? (see,
e.g., Lemma 8.4.4 in Bernstein (2005)).
By the fact that
A-BC™'B'" B
0 C

A B
B C

1 0
cB' I

for any square matrices A and C' and conformable matrix B such that C' is nonsingular (e.g., Fact 2.15.3
in Bernstein (2005)), and the fact that Apin (DE) > Amin (D) Amin (E) for any two p.s.d. matrices D and
E (see, e.g., Fact 8.14.20 in Bernstein (2005)), we have

)\min (QTQ;—) Z min(>\min (A - BC_IB/) a)‘min (C)>

where A = SlKJ}gA(i)IK7CMK(T)K,C(T)IK7CMK(I)K,CJK,ASlK, B = _SlKJ}gA(i)lK,cMK(i)K,CSéK(i)IK,B; and
C = O pSax S Pl p. Observe that

A—BC™'B = SlKJ;(,A(ill(,CMK(i)K,CMéK,BSZK(T>/K,CMK(T>K,CJK7AS1K

where Mg, g, = Lkoths)k — Sorc®k p(Px BS2x Sy P p) ' Pk pSax. Noting that Mg, g, is a
projection matrix and tI'(M.i)K, s5.ic) = k3K, by the spectral theorem for symmetric matrices we can
write Mg, .95, = SDS’ where D =diag(1,...,1,0,...,0) with k3K ones and k2K zeros on the main
diagonal, and S’ = S~lis a (kg + k3) K x (kg + k3) K unitary matrix (i.e., S'S = I(jy4k5) K )- Decompose
S =[S S3] where S; and Sy are (ks + k3) K X k3K and (ko + k3) K X ko K matrices, respectively. Then
Mg, 5, = SDS" = 5157 and

Amin (A — BC™'B') n (S15J5 AP o Mi Pk 0515 P oMk ®r .0 JK,A51K)

>\mi
Amin (Px,c5151P% o) Amin (S1& 5 AP o Mrx Mg @k 0K A51K) -

>

Noting that FF' and F'F have the same positive eigenvalues with the same algebraic multiplicities, we
have Amin (Px,c5151 P ) = Amin (91 Pk cPx.cS1) > Amin (5151) Amin (P ¢ Pr.c) = Amin (9'5) 857 =
¢y, where the last inequality follows from the fact that Ayin (P%.cPx.c) = Amin ([CIDK (A))] M [@x (AT)]fl)
> 6;2 and that Apin (5151) > Amin (5'S) =1 (see, e.g., Theorem 8.4.5. in Bernstein (2005)). In addition,
Amin (SIKJ}(,A(T)/K,CMKMKéK,CJK,ASIK) > CprAmin (SlKJ}gA(i)/}gCMK(i)K,CJK,ASIK) = CprAmin (S1K)
> ¢y [emcp?es] . Tt follows that Awin (A — BCTIB') > 3%y [emca?es]” > 0 uniformly in K.
Analogously, using the fact that Sop is idempotent with rank (ke 4+ k3 — k1) K, we can show that
Amin (C) is bounded from below by a positive constant, ¢, say, under Assumptions A5(i)-(iv). As a
result Amin (2-2) > ¢ > 0 by taking ¢q = min(Apin (5751) E;ng I:EMQ;2EJ] -t ,¢). This completes the

proof of the lemma.l

D Extension to the panel data models with individual fixed ef-

fects

Recall that x;, = (U}, D}y, W},)" and vy (A,0) = Pr(Dyr, Usr) A+éty., (Usir) ©—ar (Ust)' Dig— B+ (Ue) X1 16—
B9, Xait, H = diag (In,x, NK~Y2Iy, I,k ) , and Hy = diag (Iy,x, NY2In, I,k ) - Let g (A,0) =



oy, Uit) ¥, (€5 — vit (A,0)) and Hy = HyH ' Hy = diag (Ir,x, K*/?In, Iy, i) . Define

T
> few (it (A, 07 (A)) [x50) Hidty,, (Uie) iy, (Uir)' Ha,
1

M=

(I)NT,K (A) = (NT)71

s
Il
-
~~
Il

L5

(NT) H1¢%y,, (Ui) dty,, (U)' Hu,

.MZ
W

@
Il
-
o~
Il
—

Let O (A) = E[®n7.x (A)] and U = E[Ug]. Further, define

Qe

[HyH '@ (A)Hy " H) ™ Ty kg v + HiH Tk a4,

-

Qp, = Ok B(kyik)xn + HIH " Jr aQa,].

To take into account the non-identical distributions of (Y, U, Dit, X1 4, Zit) over either i or ¢, we
re-define 1. (A, B) and I, 4(B, C) as follows

N T
I(A,B) = (NT)™! Z ZEWT (Yit — Px(Dys,U)' A — P(Xa, Uit)lB) v, (Uir)], and
1;1 t;l
I 4(B,C) = (NT)™'Y D E[y, (nt — P (Dyy,U)' A — P (Xit, Uir) B — Pxc(Za, Uz-t)’C) b, (Uit )],

Il
—
o~
Il
s

where we suppress the potential dependence of Il (A, B) and II;j4(B,C) on (N, T) in the case of non-
identical distributions. Let o (-) and 7, ,(-) be as defined in Section 2.2. Let $;,,(-) denote the I'"
element of 8. (-). Let A, = (A% ,,.., AL, ), Bir = (B, 1, Bi,,)s B = (Bi,,05,), and Cr =
(CLpyon O

(N,T) — oo to denote that N and T pass to infinity jointly.

,kg)/' Let Ak, By, and Cx denote the supports of A, B, and C,, respectively. We use

We make the following set of assumptions.

Assumption D1. (i) (i, Ui, Dit, X1,it, Zit) are independently distributed over 4. For each ¢ = 1,..., N,
{(€it, Uity Dit, X1.4t, Ziz) : t = 1,2, ...} is strong mixing with mixing coefficients {e; (-)} such that a (-) =
anr () = maxi<;<n ; (+) satisfies a (s) = O (p®) for some p € (0,1). The supports of the exogenous
variables Uj;, X1 4, and Z;; are compact. ks > kj.

(ii) P(Yit < ar(Uit)' Dit + B1,(Uit) X1,it + Bar ilUit, X1ty Bar 45 Zit) = T as.

(iii) The CDF of ¢;; conditional on x,;, F:,, (-|x;:), exhibits a PDF f.., (:|x;;) that is bounded from
above by ¢7. a.s.; fz,, (-|x;) is continuously differentiable in the neighborhood of 0 a.s. with first deriv-
ative bounded from above by ¢y ; E {sup,er 1 {|eit — v| <0 (X30)} [Xie} < 2679 (x;,) for any measurable
function 9 (-).

(iv) The distribution of Uy is absolutely continuous with respect to the Lebesgue measure.

Assumption D2. (i) For [ = 1,..., k1, kg, or k3, ari(-), By, ,(-), and v, () belong to the class of
A-smooth functions with A > 0.

(ii) Assumption A2(ii) holds.

(iii) (A,, B;,C;) lies in the interior of Ax x Bx x Cx, where Ax C RME Br c RFK+N and

Crx C R¥s¥ are compact and convex for all K and N, and Cx contains 0 for all K.



Assumption D3. Assumption A3 holds.
Assumption D4. Assumption A4 holds.
Assumption D5. Assumption A5 holds.

Assumption D6. (i) Let (x = sup,cy |Ip"(w)|]. As (N,T) — oo, (5 K3[In(NT)]?/(NT)— 0 and
NTK (4204 /1n (NT) — ¢ € [0,00).

(ii) As (N,T) — oo, NT(2, K~ — 0 where (g, = [[TT (u)|| > 0

(iit) As (N,T) — oo, (3% NIn(NT) /T — 0.

Assumptions D1-D6(i)-(ii) parallel Assumptions A1-A6(i)-(ii). Note that we do not require identical
distributions of (g, Uit, Dit, X1,it, Zit) over either ¢ or ¢ in D1(i) and D1(iii). D1(ii) is the quantile
identification condition. Assumption D6(iii) is new. It is used in the proof of Lemmas D.2 and D.3
below and signifies the incidental parameter problem caused by the N x 1 fixed effects parameter (., .
For B-splines, {; = O (K'/2) and D6(iii) becomes

KNIn(NT)/T — 0,

which is much weaker than the requirement N2 (In N)* /T — 0 as (N, T) — oo used in Kato et al. (2012)
because of the difference in the proof strategies. [Please note that K =1 in Kato et al. (2012) and they
implicitly require that T' diverge to infinity at a rate that is a polynomial function of N.]

To prove Theorem 3.6, we first prove some technical lemmas that parallel Lemmas A.1-A.6 under the

conditions stated in Theorem 3.6.

Lemma D1 (5) supac a1, (A)-@ic(A)| = Op(Coe [K In (NT) J(NT) 24 (K +-N) n(NT)/T]2)
=op (1) .

(ZZ) Q¢/2 < il’lfAeAK Amin ((I)NT,K(A) SUD Ac A g Amax (CDNTJ((A)) < 2¢g w.p.a.l.

(iii) ||k — k| = Op(Cx [K/(NT)]™ + [(K + N)/T]M?) = op (1).

(iv) Q\I,/Q < /\min(\IjK) < /\max(\I/K) < 2¢y w.p.a.1.

) <
]1/2

Proof. Let fir 4 = fe,, (vit (A,0- (4)) |x;) - We partition the symmetric matrix @y x (A) as follows
Pnr i (A;1,1) Py (A4;1,2) Pnri (4;1,3)
Oy (A) = | Pnrk (A;2,1) Pnrk (A;2,2) Dyrk (4;2,3)
Onr i (A;3,1) N1 i (A;3,2) Pnri (A;3,3)
where
N T
Pyrx (4;1,1) = (NT)™! Z Z fit.aPr (X1.it, Uit) Prc (X3, Ust)'
i=1 t=1
N T
Onri (4;1,2) = (NT)T'NY2D N fir aPrc (X i, Uie) X i,
i=1 t=1
N T
Pyrk (4;1,3) = (NT)™* Z Z fit. AP (Xuit, Uit) Prc (Zie, Usr)'
i=1 t=1
T
Onr (4;2,2) = (NT)T'NDY Y fir aXouXh i,
i=1 t=1



N T
yrk (4:2,3) = (NT)'NY2Y N fir aXo P (Zie, Un)

i=1 t=1

q)NT,K (A, 3, 3)

N T
NT)ilZZth APK thyUZt)PK (thaU’Lt) .

i=1 t=1
Partition ® g (A) analogously. Following the proof of Lemma A.1 (see also Newey (1997)), we can readily
show that

sup || Bnrk (A;s,s) — Bx (A;s,8)| = Op(Cx [KIn(NT)/(NT)]?) for s = 1,3, and
Ac Ak

sup [ B (41,3) = @ (4 1,3)] = Op(Cx [KIn(NT) /(NT)]'/?).

CAK

Let fng =71 Z;‘F:l fit,a. Recall that X ;+ denotes the ¢th column of Iy for each ¢t. This implies that
Xg,i1X4 ;1 is an N x N matrix with 1 as its (4,4)th element and zeros everywhere else and ® 7 i (4;2,2) =
ZZN:1 fi,aX2,1X} 5, is a diagonal matrix with its (,7)th diagonal element given by f; 4. With this ob-
servation, we can readily show that

N 2

|enT K (A52,2) — Pg (A; 2,2)|° = Z [fi,a—E(fi,a)] =72 Z Z [fit,a — B (fir.n)]| =0p (NT™),

=1 i=1 Lt=1
and sup e 4, [PnT,K (A;2,2) — P (A;2,2)]| = Op([Nln(NT)/T]l/Q). Let Gy a = fit,aAPx(Xuit, Uit)
and ZAA =71 Zthl Cit,a- Then Onp i (A;1,2) = N—1/2 Ziil ELAX’Q’Z-1 denotes a koK x N matrix

whose ith column is given by N~1/2¢ i,a- Then we can readily show that

N
|@nr i (451,2) = @ (41,2 = % [Cia = B (Gia)] [Cia = E (Cioa)]
i=1
| NoToT /
= NT2 Z Z Z [Cit,A —-FE (git,A)] [Cit,s —-F (Cz’t,s)] =0p (K/T) )
i=1 t=1 s=1

and sup gc 4, | ®n7 K (4;1,2) — @k (A;1,2)|| = Op([K In(NT)/T]"/?). By the same token, sup 4 4,
198,k (4:2,3) = D (4;2,3)]| = Op([K In(NT)/T]H2)

. In sum, we have

s [[@nr s (4) = B ()] = Op(Cxe (K In (NT) /(NT)] 2 + [(K + M) W(NT)/T)'72) = op (1),

Similarly, we can show that H@K — \IIKH = Op(Cx [K/(NT)Y? +[(K +N)/T]*/?) = op (1) . This proves
(1) and (iii). The proofs of (ii) and (iv) are analogous to that of Lemma A.1(ii) and thus omitted. m

Lemma D.2 supicu, [[(N7) ™ S5, S, Higin(4, 0:(4))|| = Op (¢ [K/(NT) + 1/N]) = op((NT)~112).
Proof. The proof follows from that of Lemma A.2. Alternatively, we can apply Lemma A.2 in

Ruppert and Carroll (1980) (see also Lemma A.5 in Koenker and Zhao (1995)) to obtain

sup
AcAx

NT)_liiﬁlgit(A,éT(A))H < (NT) V[(ky + ks) K + N maxHchﬁwn( ”)H

(NT) " [(ks + k3) K + N]Op (gK n K1/2)
= Op(Cx [K/(NT)+1/N]) = op((NT)*/?).



]
Lemma D.3 supsc a, (V7)™ S, Y7L, Higin(4.0,(4) | = Op (K n(NT)/(NT)['2).

Proof. As in the proof of Lemma D.1(i), we can readily show that

H(NT)_lzz 19it(4,©-(4))

=1 t=1

NT)_lzZPK Xu,it, Uit) ¥y (it — vit (A, ©-(A)))

2

| ‘ ‘ )

N T

H[(NT) K2 TN " X b, (g0 — vie (4, 0-(4)))

=1 t=1

2

)72 D P (Zi Ui) §r (2 = vie (4, ©7(4)))
= Op(K/(NT))+Op(K/(NT))+Op(K/(NT)) =O0p (K/(NT))

and sup 4 4, H(NT)‘l SN ST (A, @T(A))H = Op (IKIn(NT)/(NT)]'/2) . m

Lemma D.4 Let{nr = L[KIn(NT) / (NT)]*/? and S, (A) = {© : ||[H1(© — ©.(A))|| < tn1}. Then

sup sup  sup = Op((NT)_l/z)

T
' [9i1(A,©) — (4,0, (4))] + <O
llcl|l=1 A€ Ak ©€SL(A) Zg t t

for any constant L > 0, where © = H H; *®x(A)H; 'O — 0, (A)] = HHH '@k (A)H 'O — 0, (A)].

Proof. Following the proof of Lemma A.4 and using the weight matrices H, H; and H;, we have

sup sup  sup

N T
1 713 A
cH Elgit(A,0) — git(A, ©,(A))] + 'O
lcl=1 A€ Ak ©€SL(A) IZZ [gi( ) i (A))]

i=1 t=1

< sup sup cH ESF.,, (vit (A4,0)|x; F.,, (vi (A, O, i  (Ui)p —c'©
s s ZZ {[Pe., i (4,0) Ixir) = P, (vie (4,0,(A)) Pan)] 6, (Uin)}
< g (<K+K1/2 sup sup [Hi'HH™' (0 - ©,(4))]

A€ Ak ©eSL(A)
N T
x {(NT)‘1 >3 HE (617, (Ui) o, (Ua)'] Hl} Hi ' HH'[6 - ©,(A)]

= G40 (CK + KW) sup  sup [H (0 — O, (A) HH'H'H [H(6 — 0,(A))]
AcAx ©€SL(A)

= ctyisO (gK + Kl/Q) . NKE™' = Op (C,cIn(NT) /T) = op ((NT) Y 2)

where the second inequality follows from a second order Taylor expansion and the fact that max; ¢ SUP||¢|=1

_ 2
' Higyy, (Un)| =

(¢ P4+ K ) and the fourth inequality follows from the fact that Amax (HH; ‘otH )=

N/K. m
Lemma D.5 Let 1,,(A;01,02) = git(A,01) — git(A,O2) — [glt(A ©1)] + Egit(A,02)]. Then

() max; 1 E[Sup gc 4, SUP||-1(0,-0,)||<A | H1ny(A;©1,02) || NT)l/2 A for sufficiently large N
and T

(ii) for any constant L >0 and ¢ € RE2HF) KN it |ic|| = 1, Elsupac 4, sups, (4 DORITD S

|c'Hin;,(A; 0, @T(A))|2] = O(V(N,T,K)) where V(N,T,K) = NT(;K[K In(NT)/(NT)]*/2.




Proof. As in the proof of Lemma A.5, we have for sufficiently large N and T

IN

_ _ 2
sup sup || H1m; (A 917@2)H2 2¢(Cx + 1)“%%XE “HIQSII/{Vit(Uit)H A

AGAK ||H_1(@1—92)||§A

max F
it

< 23 (C+ 1) KA < (NT)2 A,
where c is a generic large constant and we use the fact that
7oK 2 7K
E HHIQSW“<U2’1‘/)H = tr{E |:H1¢W“( Uit)éty,, (Uit)’ H1H O (K).
So (i) follows. Analogously, we can show (ii). m

Lemma D.6 For any ¢ € RF2HE)EEN wyith ||c|| < 1 and > 0, we have

N T ! 7
; Hyn. (A:©,.0
sup 2iz1 2=t HC 17i1(4; O1, 2)|| — =0p ([K ln(NT)]1/2) )
14,001 <(NT)" (4,02 <(NT)" EINT (A;©1,O2) +tanT (4;01,02) + (NT)

where tynT (A;01,05) = {vazl 23:1 E HC/HITIit(AQ O, @2)”2}1/2 and tant (A;01,05) = {Zivzl 23:1
_ 2
|’ Him(A; ©1,05) || 3172,

Proof. If (Yi, Ui, Dit, X1 41, Zit) is independent over both ¢ and ¢, the above result follows from
Lemma 3.2 in He and Shao (2000) directly. Since we only assume that (Yi, Uir, Dit, X1.4i¢, Zit) is inde-
pendent over ¢ and strong mixing over ¢, we need to modify the proof of Lemma 3.2 in He and Shao
(2000) by using Bernstein inequality for strong mixing processes over the time dimension. The details

are omitted. m

Proof of Theorem 3.6. (i) Let ©, . (4) = O, (A)+L[KIn(NT) /(NT)]*/?He, JinT (A) = {Zf\le Z;F:l
Blc/14(4; Or.c (4),07(A)P}/? and Jonr (4) = {£ 11 i [€7:4(4; 07, (4), ©,(4)}/?. By Lem-
mas D.4-D.6, we have that uniformly in A € Ag

Clngit (Aa @T,c (A))

M=
M=

&
Il
—
o~
Il
-

N T
¢/ Higit (A, 07 (A) + > > /HiE [git (A, O7.c (A) — gir(A, O (A))]

=1 t=1

(A) + Jonr (A) + (NT) 2} Op([K In (NT)]/?)

I
hE
M=

¥
~
Il

-

+
=
2
S

c'ngit(A, O, (A)) — LINTK In(NT)]*?¢' Hy H{ *® i (A)Hy ' He+op([NTK In(NT)]*/?)

I
- 1M
~ M=

@
—
H~
—

= c'ngzt A,0,(A)) — LINTK In(NT))"2c'H H ' ®x (A)H; ' Hc+op(INTK In(NT)]'/?).

&
,_.
w
)_l



Consequently,

P2y

=1 t=

¢ H1git (4,0, (A)) >0 for all A€ .AK>
1

Y

N T
P ([NTK In(NT)] /2 | i‘rllfl =3 Higi(A,0-(A)) > —gc’Hlfrl@K(A)H;ch for all A € AK>
A=t ==

v

N T
P ([NTK In(NT)]~1/? inf — ; ;c’ﬁlgit(zﬁl, 0, (4)) > —ggq) for all A € AK>
N T
= P <[NTK1n(NT)]1/2 Sup ”shlp1 - Z chﬁwu(x‘l, 0, (4)) < %Q@) —las L,N,T — o<,
Klell=1 =1 t=1
where we use the fact that Apmin (HlH*ICDK(A)Hle) > ¢4 and the last line follows by Lemma D.3. It
follows that ‘ H'[6,(A) — 6,(4)] H = Op([K In(NT) /(NT)]/2).
For part (ii), we apply Lemma D.6 with (©1,0,) = (6, (4), O, (A4)) to obtain Zf\il 23:1 ¢ Hyn,, (4
0, (4),0,(4)) = [yt (A) + (NT)~2|0p(|K In (NT)]V/2), where Jyr (A) = Op(V (N, T, K)"/?) by (i)
and Lemma D.5(ii). Then by Lemmas D.2 and D.4, we have

c’HlH‘léK(A)Hle H76,(A) —6,(4)]
= (NT)'ec legzt (A4,0,(4)) + Op ((NT)*1 [V(N,T,K)K In (NT) NT]1/2) +op((NT) 3
=1

uniformly in A € Ax and c with ||c|| = 1. It follows that

[6:(4) — 0-(4)]| = (NT) N [ H o (A H; ) TR Z 9it(A, O (A))+op(NT)™?)+ryr,

where ||ryr|| = Op ((NT)*1 [V(N,T, K)K In (NT) NT]1/2) - op(g}(/QKW‘l (NT)"**In(NT)). m

Proof of Theorem 3.7. Following the proof of Theorem 3.3 closely, we can show that

N T
A —Ar = Qu (NT) YN Higi(Ar,0,) +op ((NT)*W),

t

I
-
Il
_

i

M-
N

@
Il
—
~
Il
—

-1 (é)T—@T) = Qo (NT)" H1gi(A,,0,) +op ((NT) 1/2)

WE
M=

H! (Bh - B1T) = Qp,. (NT)™' H19:4(A;,0,) +op ((NT)—1/2> .

1

o
Il

1

.
Il

Using arguments as used in the proof of Theorem 3.4, we can show that sup, .y, ||&r (v) — a- (u)]| =
Op[Ci((NT/K) ™2 +K %) and sup, ey |[Br (w) = 81, ()| = Op[Cx (NT/K)~Y/2 K-/,
1T > ’

N ¢ T Ha AT
As in the proof of Theorem 3.4, noting that ¢, (u) = ( N () ) = ( (u) . ) =11 (u) (

o

Bir (u) Ig, (u) Bir

we have

ST(U)—ﬁT(u):H(u)< Ar—Ar )_( ar (u) =T, (u) A,

. =II(w)V; —B; (u),
By — By, B1r (U)_H61 (u) Bir ) (w) w)
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where V. = (

x QLTI (u) and

N T
zf<u>*”2ﬁ[mu>—57<u>} - AAu)(NT)*”QZZH o1, (Uin) ¥, (ci)

+As (w) (NT)"1/? Z O, (Uie) Wor (et — vie (A7, ©7)) =, (e)]
(

+VNTE, (u) Y21 (u) ryr — VNTE, (u) "2 B, (u)
= Dint+ Dont + Dsnr + Dunr, say,

where ||[ryz|| = op((NT)™"/?). Using analogous arguments to those used in the proof of Theorem 3.5,
we can show that (i) Dinr <, N (0, Ii, 11,) and (ii) Dsyr = op (1) for s = 2,3,4. It follows that
S ()" VNT (5, () = 67 (w)]| 5 N (0, T, 41,) - W

E Justification for the asymptotic validity of T;[* defined in Re-
mark 12

In this appendix, we prove the asymptotic validity of T,’{* defined in Remark 12.

_ Let Dk = g ZZ:j+1 and > = D0 D h - Define Dicick and Y icj<ke similarly. Let
Q, = Q’TTQT. We assume that the probability limits of Apin(¥5F) and Amin(£2-) are bounded away from
zero and the those of )\max(\i/ k) and )\max(ﬁT) are bounded away from infinity, both of which can be
verified under either the null hypothesis or the local alternative. To justify the asymptotic validity of the
above bootstrap method, it suffices to show that conditional on the original sample D, T;:* converges
to N (0,1) in distribution no matter whether Hy holds in the original data or not. Let ¢}* (w;, wg) =
@n(éj, Cp)wjwy. Let

ko 2
L =— > @i (wy,wi) -
<k

Note that 7% = o**~1T** and T** plays the role of the score function (or influence function) in Kline and
Santos (2012). Let E* denote the conditional expectation under the probability law introduced by the
bootstrap conditional on the data. Apparently, ¢}* (w;, wi) = ¢}* (Wi, w;) and E*[r* (wj, wy) [wi] =0
for any j # k. So T** is a degenerate second order U-statistic with asymptotic variance (conditional on

D,,) given by
o = ZE*Ek [gpn (wj, w) } = Z [ )Q/ TQT(ZSWk(UkJ)w (& )]2

= 27° (1—7)2tr{97\1r;;97\1/;;} > 277 (1= 1) A () Mo (U5t Ly ) )
= 2K7 (1= 1) X ()N (B,

where E} denotes that expectation with respect to w; conditional on D,,. We prove o* = T,* 4N (0,1)

conditional on D,, by verifying all the conditions of Proposition 3.2 in de Jong (1987) are satisfied. Let

11



—1, %%

o =n"ep" (wj, wy) . Define

Gy = ZE* gpm

i<k

G = Y [E"(¢if¢ik) + B (¢ieih) + E™ (viivid)]
i<j<k

Grv = Z [E* (W?j@fkﬁj@?}c) +E (W?j‘PfﬂPZg@Z» + B (@fmﬁfﬁ%@?z)] ’
i<j<k<l

By Proposition 3.2 in de Jong (1987), it suffices to show that Gy, Gy, and Gy are of smaller probability

order than o}*4.

(i) Observe that

oG = 4 2*4 Z<Pn CJka
= S [ e, 0 B, W (0]
moog<k
< S Ol (U, (U)ol (U0 Rl (U) 6, (U005, (U)0f, 0 By, (1)
In j<k
< “40123“2:4 > tr (ol (U) Qroff, (U)ol (U)o, (U)o, (U4 -6, U)]
j<k
< %u« B 3 0l (U0l (U)o, (U)o, (U D
n k=1
o BB O, [ 5 st (04108, (0105 U168, (001
n k=1
- u4c§))\max(§ )Amax(‘ifK) f) ,u4c¢>\r2nax(§ )/\max(‘IJK)tr(I(kz-S-kg)K)

0, U Q
n2gir4 ( n2o7h

4 K 4
- or () ~or (i) =0

‘qﬁfj (w)H = O (Cx) and recall that ¥ = 1 | 6K (1) ¢ (U;)'.
(i) Write Grr = Siejer |[E7(i2030) + B (97030) + E*(wZ?wZ?)] = i) + Gy} + G} say. By

where ¢y = sup,, .
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moment calculations,

*ok— * * * 12 ~ % ~ X
Onp 4G§11) = **4 Z E 901329021? ﬁ Z @n(CiaCj)QQDn(CiaCk)Q
In i<j<k no1<i<j<k<n
~ 2 ~ 2
= S Y [ EeR, (U)ol (U E)] [0, (V) Qraty, UV (20)]
Tn i<j<k
< 4 LS O (U)Q8R (U)ok (U Qb (Us) 815 (U Q68 (U)o, (Un)' 265 (U7)
In i<j<k
ILL n ] A ] o~ A o~
< g D 0w (U Ua Qe (U by, (U)' QUi Qe iy, (U)
n =1
62 P N 62 )\4 67)\3 \iltrI
< i (00, U0, 0D, ) < e
’flO'n na7z

By the same token, a;‘l*_‘ngsj) =op (1) for s =2,3.
: s,k k%% Sk %k % K k% k% 1
(iii) Write Grv = > i jche [E (pijeimeliein) + B (050n0k0m) + B (Spik@il(pjk(pjl)} = Gg\; +
G(Q) + Gg‘i}, say. Then

sk — 1 1 * * k% ok

TGN = g Y B (eeieiieh)
ni<G<k<l

= TL4O'**4 Z (pn(gwC])‘pn(gzaCk)(pn(CZagg)(pn(Clvgk)

ni<i<k<l

S o 0Ol (U Ok (U (U6, (U0 6, (U D, (U6, (0 D8, (1)
Tn 1<j<k<l
1 A3 A48 A aa Afnax(f2 )/\ﬁlax(qu)tr (I(k2+k3)K)
< =1 tr (QT\I/KQT\I/KQT\IJKQT\I/K) vy

By the same token, 07"~ 4GVY) = op (1) for s = 2, 3.
That is, the conditions in Proposition 3.2 in de Jong (1987) are all satisfied and we can conclude
T 4N (0,1) conditional on the data.

F Some additional simulation results

In this appendix, we report some additional simulation results for the bootstrap test based on T;* defined
in Remark 12 in the text. Tables A.1 and A.2 report the finite sample rejection frequency for our T;:*—
based bootstrap test when the weights {w;} are generated as independent Rademacher and standard
normal random variables, respectively. From both tables, we can see the tests are severely undersized for
both DGPs under consideration. Despite this, the power performance is comparable with our T;—based

bootstrap test.
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Table A.1: Finite sample rejection frequency of T;*—based bootstrap test: Rademacher weights

DGP A() P n HO,& Ho’ﬁ HO,&B
1% 5%  10% 1% 5%  10% 1% 5%  10%
1 0 0.2 200 0.004 0.022 0.034 0.004 0.022 0.040 0.002 0.018 0.032
400 | 0.004 0.038 0.064 0.004 0.020 0.044 0.008 0.026 0.036
800 | 0.002 0.028 0.042 0.008 0.022 0.048 0.010  0.020 0.040
0.5 200 | 0.004 0.020 0.056 0.004 0.034 0.062 0.002 0.022 0.054
400 | 0.002 0.012 0.038 0.002 0.014 0.028 0.004 0.012 0.022
800 | 0.006 0.026 0.050 0.008 0.040 0.062 0.004 0.032 0.050
0.8 200 | 0.000 0.028 0.048 0.008 0.032 0.046 0.006 0.030 0.044
400 | 0.006 0.026 0.044 0.000 0.016 0.036 0.000 0.010 0.032
800 | 0.002 0.022 0.046 0.004 0.026 0.044 0.002 0.016 0.034
1 0.2 2000998 1.000 1.000 0.618 0.844 0.894 0.970  0.988 0.990
400 | 1.000 1.000 1.000 0.932 0.984 0.986 1.000 1.000 1.000
800 | 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
0.5 200 | 1.000 1.000 1.000 0.698 0.866 0.932 0.984 0.994 1.000
400 | 1.000 1.000 1.000 0.940 0.990 0.994 0.998 1.000 1.000
800 | 1.000 1.000 1.000 0.998 1.000 1.000 1.000 1.000 1.000
0.8 200 | 0.994 0.998 0.998 0.646 0.826 0.892 0.960 0.984 0.990
400 | 1.000 1.000 1.000 0.952 0.988 0.992 0.998 1.000 1.000
800 | 1.000 1.000 1.000 0.996 0.998 1.000 1.000 1.000 1.000
3 0 0.2 200 |0.014 0.048 0.086 0.008 0.028 0.066 0.014 0.030 0.070
400 | 0.006 0.014 0.048 0.002 0.016 0.034 0.002 0.018 0.032
800 | 0.008 0.028 0.046 0.004 0.014 0.030 0.004 0.014 0.038
0.5 200 | 0.012 0.046 0.072 0.008 0.036 0.060 0.004 0.024 0.050
400 | 0.010 0.046 0.076 0.008 0.044 0.076 0.012 0.038 0.068
800 | 0.008 0.018 0.060 0.000 0.016 0.038 0.000 0.018 0.042
0.8 200 | 0.016 0.044 0.074 0.012 0.048 0.080 0.010 0.042 0.074
400 | 0.004 0.028 0.068 0.012 0.054 0.084 0.008 0.048 0.076
800 | 0.012 0.056 0.082 0.020 0.046 0.068 0.018 0.050 0.070
1 0.2 200 |0.890 0.950 0.968 0.212 0.388 0.506 0.632  0.770 0.848
400 | 0.942 0.964 0.980 0.432 0.614 0.724 0.812 0.902 0.934
800 | 0.992 0.998 0.998 0.872 0.952 0.980 0.984 0.992 0.996
0.5 200 | 0.870 0.934 0.954 0.224 0.368 0.492 0.594 0.740 0.814
400 | 0.942 0.968 0.982 0.484 0.714 0.792 0.858 0.926 0.962
800 | 0.996 0.996 0.998 0.890 0.952 0.968 0.982  0.990 0.994
0.8 200 | 0.848 0.932 0.954 0.256 0.416 0.548 0.662 0.802 0.870
400 | 0.936 0.960 0.968 0.520 0.706 0.798 0.870 0.926 0.952
800 | 0.988 0.994 1.000 0.890 0.956 0.976 0.976  0.992 0.998
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Table A.2: Finite sample rejection frequency of T;*—based bootstrap test: standard normal weights

DGP A() P n HO,& Ho’ﬁ HO,&B
1% 5%  10% 1% 5%  10% 1% 5%  10%
1 0 0.2 200 0.006 0.016 0.038 0.008 0.022 0.044 0.004 0.018 0.040
400 | 0.008 0.032 0.060 0.012 0.024 0.050 0.008 0.024 0.034
800 | 0.004 0.018 0.052 0.006 0.026 0.046 0.008 0.020 0.048
0.5 200 | 0.004 0.032 0.056 0.008 0.022 0.044 0.006 0.022 0.034
400 | 0.004 0.016 0.040 0.008 0.032 0.056 0.004 0.024 0.044
800 | 0.008 0.022 0.042 0.006 0.018 0.038 0.004 0.016 0.038
0.8 200 | 0.008 0.026 0.042 0.014 0.024 0.056 0.012 0.026 0.040
400 | 0.000 0.018 0.042 0.004 0.022 0.054 0.002 0.010 0.038
800 | 0.004 0.014 0.044 0.006 0.016 0.040 0.006 0.010 0.032
1 0.2 2000998 1.000 1.000 0.676 0.856 0.896 0.980 0.988 0.990
400 | 1.000 1.000 1.000 0.954 0.984 0.988 1.000 1.000 1.000
800 | 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
0.5 200 | 0.994 1.000 1.000 0.672 0.854 0.896 0.966 0.982 0.990
400 | 0.998 1.000 1.000 0.934 0.986 0.994 0.996 0.998 0.998
800 | 1.000 1.000 1.000 0.998 0.998 0.998 1.000 1.000 1.000
0.8 200 | 0.998 1.000 1.000 0.624 0.808 0.882 0.972  0.992  0.996
400 | 0.998 1.000 1.000 0.936 0.982 0.986 0.996 0.998 0.998
800 | 1.000 1.000 1.000 0.994 1.000 1.000 1.000 1.000 1.000
3 0 0.2 200 0.018 0.056 0.082 0.012 0.038 0.070 0.014 0.044 0.068
400 | 0.004 0.016 0.048 0.004 0.018 0.038 0.002 0.014 0.040
800 | 0.008 0.034 0.050 0.006 0.018 0.026 0.008 0.020 0.040
0.5 200 | 0.008 0.044 0.098 0.018 0.036 0.058 0.022 0.040 0.068
400 | 0.006 0.020 0.052 0.004 0.026 0.046 0.004 0.026 0.038
800 | 0.006 0.040 0.078 0.010 0.024 0.066 0.006  0.030 0.060
0.8 200 | 0.008 0.040 0.062 0.006 0.030 0.062 0.002 0.032 0.056
400 | 0.010 0.026 0.044 0.010 0.042 0.064 0.010 0.030 0.056
800 | 0.004 0.044 0.072 0.010 0.028 0.048 0.010 0.032 0.050
1 0.2 200 0.904 0.960 0.968 0.234 0.398 0.510 0.666 0.790 0.850
400 | 0.934 0.966 0.982 0.444 0.622 0.732 0.828 0.898 0.936
800 | 0.992 0.998 0.998 0.896 0.962 0.978 0.978 0.992 0.996
0.5 200 | 0.868 0.914 0.934 0.240 0.370 0.488 0.668 0.756 0.814
400 | 0.954 0.976 0.986 0.504 0.706 0.796 0.858 0.942 0.956
800 | 0.988 0.994 0.998 0.888 0.950 0.976 0.978 0.988 0.998
0.8 200 | 0.866 0.916 0.944 0.278 0.472 0.586 0.706  0.826 0.870
400 | 0.932 0.952 0.964 0.542 0.724 0.826 0.878 0.914 0.942
800 | 0.992 0.998 1.000 0.916 0.958 0.986 0.990 0.994 0.996
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