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Abstract
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1 Introduction

In recognition of potential shifts in economic relationships, threshold models have become increasingly pop-
ular in recent econometric practice. Hansen (2011) provides an overview of the methods and their various
applications in economics and finance. One typical application of the threshold model in time series is to
illustrate asymmetric effects of shocks over the business cycle (e.g., Potter, 1995). Threshold models are
also useful in cross section applications. For example, Hansen (2000) applied a threshold model to show
that depending on the starting point, rich countries and poor countries have different growth patterns. All
this literature assumes exogenous regressors and an exogenous threshold variable. But in practical work
there is often uncertainty about exogeneity and threshold model applications have commonly encountered
endogeneity issues. For example, the empirical growth models used in Papageorgiou (2002) and Tan (2010)
both suffer from endogenous regressor problems, as argued in Frankel and Romer (1999) and Acemoglu et
al. (2001).

The standard model formulation for endogenous threshold regression is
y=xPl(g<7) +x'Byl(g>7y) +e=xB+x'61(g<7)+¢, (1)

with Ele|x] # 0, where x = (1,2/,¢)" € R*! = RE, and where d and d are the dimensions of the nonconstant
covariates (2’,q)" and all covariates including the constant. The parameter of interest is 6§ = (5/1, By, ’y)/ or
equivalently, 6 := (5/,6’,7)/ with 8 = B85, § = 6, — By and v € I". This setup is similar to endogenous
linear regression except that the regression coefficients depend on whether the threshold variable g crosses
the threshold point 7.

The literature on estimation of this model includes the following three main contributions. First, Caner
and Hansen (2004) (CH hereafter) use a two-stage least squares (2SLS) method to estimate 7 in the small-
threshold-effect framework of Hansen (2000), but assuming ¢ is exogenous so that E[e|x] = E[e|z] holds.
Second, working in Hansen’s (2000) framework, Kourtellos, Stengos and Tan (2016) (KST hereafter) use a
control function approach to deal with the case where ¢ is also endogenousﬂ Their setup is parametric (see
Kourtellos et al. (2017) for a semiparametric extension) and the asymptotic theory is flawed. Specifically,
Yu, Liao and Phillips (2018) (YLP hereafter) show that the structural threshold regression (STR) estimator
of the threshold point in KST is not consistent unless the endogeneity level of the threshold variable is
low compared to the threshold effect. Third, Yu and Phillips (2018) (YP hereafter) use an integrated
difference kernel estimator (IDKE) to estimate v in the fixed-threshold-effect framework of Chan (1993).
Their estimator can be applied irrespective of whether ¢ is endogenous or whether instruments are available
(as required in the previous two methods). Even when there are no instruments available and the model
reduces to a nonparametric threshold regression, their estimator is still n-consistent, just as in the parametric
setupE| The endogeneity problem is also considered in the related structural change literature, where the
threshold variable is a simple time index and is always exogenous; see YP for a detailed literature review.

In spite of the theoretical developments on the estimation of v in endogenous threshold regression, infer-

LIf ¢ is exogenous, then KST’s estimator is asymptotically equivalent to CH’s estimator.

2There are two other estimators of v in nonparametric threshold regression with different motivations and objective functions
from the IDKE. The first estimator is the semiparametric M-estimator of Henderson et al. (2017). That estimator can be treated
as an extension of the partial linear estimator of Porter (2003) (see also Yu (2016)) in regression discontinuity designs to the
case with unknown discontinuity point and extra covariates (beyond g), but this estimator can be applied only to the case
with constant threshold effects; readers are referred to the supplementary materials of YP to see why the authors avoid using
a generalized version of this estimator. The second estimator is the least squares estimator of Chiou et al. (2018). Chiou et al.
(2018) can be treated as a nonparametric parallel of Bai and Perron (1998); for example, they allow for multiple regimes, use
sequential tests to determine the number of regimes, and g ¢ x (because ¢ in structural change models is the time index which
is usually not a covariate in x); again, readers are referred to the supplementary materials of YP to see why the authors avoid
using this estimator.



ence concerning the threshold parameter -y still presents practical difficulties especially when ¢ is endogenous.
First, the CH method should be applied only if ¢ is exogenous. For as shown in Yu (2013a), the CH esti-
mator is generally inconsistent when ¢ is endogenous. Second, as mentioned above, the KST approach is
not generically applicable. Third, the asymptotic distribution of the IDKE in YP is too complicated to be
readily applied in empirical work. This paper seeks to alleviate these practical difficulties by proposing three
new methods of confidence interval (CI) construction for ’yE| All three methods can be applied regardless
of whether ¢ is endogenous. To our knowledge, these methods are the only valid and applicable inferential
tools that are robust to endogeneity of ¢ in the sense that the procedures need no modification when ¢ is
endogenous. The first method is a parametric two stage least squares (2SLS) method and requires instru-
ments, while the second and third methods are based on smoothing the objective function of the IDKE
in different ways so that instruments are unnecessary. In discussing the first method of inference, we also
discuss the identification issue of v using moment conditions. Of the two remaining methods, the second
method assumes fixed threshold effects and uses the data around the threshold point marginally, while the
third method assumes shrinking threshold effects and makes full use of data around the threshold point.
So the second and third methods are similar in spirit to the smoothed maximum score (SMS) estimator
of Horowitz (1992). On the other hand, the two methods differ from the SMS estimator in the sense that
they have slower convergence rates than the IDKE in YP while the SMS estimator improves the convergence
rate over the original maximum score estimator of Manski (1975, 1985). This feature of the methods is in
some sense similar to the smoothed least squares estimator (SLSE) of Seo and Linton (2007) which also has
a slower convergence rate than the usual least squares estimator (LSE) in, e.g., Yu and Fan (2019). Like
the original IDKE approach, both of these IDKE-smoothing methods are nonparametric and require kernel
and bandwidth selection. Practitioners can select an approach to inference from among these three methods
based on their suitability to the data and on data availability. For example, if instruments are available,
then the first method can be used; otherwise, the second and third methods may be preferable.

This paper also proposes two specification tests. The first tests for the existence of endogeneity, and the
second tests for the presence of threshold effects with and without instruments. Both tests are score-type
tests in the sense that they are constructed under the null, and their asymptotic properties are therefore easy
to develop. More importantly, these tests of structural shifts are easier to implement in practice than the
popular Wald test especially when instruments are unavailable. Because the Wald and score tests of structural
shifts when instruments are available are standard extensions of existing tests and are well understood in the
literature, these tests are relegated to an online supplement and the main text of the paper concentrates on
the test without instruments. Both specification tests discussed in the main text take a nonparametric form
and have an asymptotic normal (null) distribution. We suggest a wild bootstrap procedure to obtain critical
values for these tests. Practitioners are encouraged to give greater attention to the inference methods and
specification tests that are developed without instrumentation because good instruments are often hard to
find and justify in practical work.

The rest of this paper is organized as follows. Section 2 provides an overview of the three inference
methods and the two specification tests. Sections 3 to 5 analyze the three inference methods in turn and
derive the corresponding asymptotic theory for constructing Cls. Section 6 presents the limit theory of the
two specification tests and shows how to bootstrap the critical values. Section 7 includes some simulation
results and Section 8 concludesEI Proofs of theorems with supporting propositions and lemmas are given

in Supplements A, B and C. Additional discussion on parametric tests for the presence of threshold effects

3We will not discuss inference on regular parameters such as 8 and § because these cases fall within the standard literature;
see, e.g., CH, YP and YLP. The first inference method in this paper also covers 8 and 4.

4The dissertation of Qin Liao also includes a serious empirical application using the techniques in this paper, but to restrain
the length of this paper, we decide to discuss the application in a separate paper.



when instruments are available is given in Supplement D. These supplements are collected together for online
access in Yu et al. (2019).

A word on notation. The three inference methods in the paper are labeled Methods I, IT and III. The
symbol £ is used to indicate the two regimes in or the two specification tests, and is not always written
explicitly as ‘¢ = 1,2’. For matrices, A > 0 means that A is positive definite, span (A) denotes the column
space of A, and I, is the m x m identity matrix. For a random sequence Z,,, plimZ, means the probability
limit of Z,, as the sample size n — oo. For any random vector x, x<~ := x1 (¢ < v) and x> is similarly
defined. For any two random vectors x and y, x | y means x and y are independent. A parameter with a

subscript 0 is the true value of the parameter.

2 Overview of Inferential Methods and Specification Testing

This section briefly overviews the three inferential methods and the two specification tests, introduces nota-

tion useful in the subsequent development, and details assumptions employed in the asymptotic theory.

2.1 Methods of Inference for the Threshold Point

If we write the model asy = G (x,q;0) + ¢, with E[e|z, q] # 0, where G (z,¢;0) = x'8+x'01 (¢ <) is
a nonlinear function of (z, q), then estimation of v can be treated as in a nonlinear regression model with
endogeneity. As argued in Section 2.1.6 of Blundell and Powell (2003), the fitted-value method of 2SLS relies
heavily on linearity of the regression function, a feature that can explain why the 2SLS estimators in Yu
(2013a) are not consistent. To restore consistency of 2SLS, we need to maintain the linear structure of the
model. In other words, instead of projecting (z, ¢) on instruments z, we first project (x,x<.) for a fixed v on
z to get the predictors X and X<.; then we can find E(’y) and g(’y) by regressing y on X and X<.; finally, 7 is
obtained by minimizing 7, (y; — X,8(y) — §’§W§('y))2, from which we obtain 3 = 3(3) and 6 = 6 (3). It is

easy to see that this procedure is equivalent to the instrumental variable (IV) extremum estimation problem
(B,S, a) = arg min (Y — X5 — X<0) P (Y = X§ — X<,0), 2)
0,y

where Y, X, X<, and Z are matrices stacking y;, x, X’SW and z respectively, and Py is the projection matrix
onto the instrument space span (Z). This method, labeled as Method I, treats v as a regular parameter and
is just nonlinear 2SLS, as in Amemiya (1974). We will also show that this 2SLS estimator may be viewed
as a version of the GMM estimator considered in Hall, Han and Boldea (2012) (HHB hereafter; see also
Andrews (1993)) but one that turns out to have more desirable asymptotic properties, including consistency,
in the endogenous threshold regression case.

To better understand the estimator 7, we consider the case where x = 1, , = 0 and §p = 1 are known, and
z = 1. For this simple case, y = 1 (g < 7¢)+¢, and the moment condition is E[ze] = E[e] = Ely| — F,(v,) = 0,
where Fy(-) is the cdf of g. In other words, v, = F; '(E[y]) is the E[y]’'th quantile of ¢, and 7 = ﬁq’l@).
Following this intuition, we will show that: (i) 7 is y/n-consistent, asymptotically normal, and the asymptotic
variance involves the density of ¢ at v, (i-e., fy(7o)) as in quantile regression; (ii) different from the usual

threshold regression estimators where 7 is asymptotically independent of (B,g), this new estimator 7 is

correlated with (E,g) asymptotically. Given these two results, a valid CI for v can be constructed jointly
with (8,d) by means of the bootstrap, just as in quantile regression to avoid nonparametric estimation of
the density fy(vo) in the asymptotic distribution.

Differing from CH estimation, this 2SLS estimator can be applied irrespective of whether ¢ is endogenous.



Yu (2013a) shows that when ¢ is exogenous, the CH estimator is inconsistent if the first stage predictor is a
projection rather than a conditional mean. By contrast our 2SLS estimator requires only a linear projection
in the first stage, so it is more robust in this respect.

Moving away from instrument-based estimation, we next introduce instrument-free estimators in Methods
IT and IIT by extending the IDKE of YP in different directions. Without instruments, the model reduces to
a nonparametric threshold regression that can be written in the form

y = m(z,q) tu=m_(,9)1(¢ <) +my(r,9)1(¢>7) tu
= g(z,9) +A(z,9)1(¢ <) +u,

where u = ¢ — Efe|z, q], m—(z,q) = x'B, + E[e|z,q], my(2,q) = x'B, + Ele[z, q], g(z,q) = my(2,q) when
g >~ and is the smooth extension of m, (x,q) when ¢ < ~, and A (z,q) = m_(z,q) — m4(x,q). This setup
allows Ele|z, ¢] to be kinked or discontinuous at 4. When E|[e|x, g] is smooth, then ¢(z,q) = X' + E[e|x, ¢]
and A (z,q) = x'0; otherwise, g(x,q) # %' + Ele|x,q] for ¢ < v and A(x,q) # x'6. When Ele|z, q] is
continuous A (z,v) = (1,2/,7) 4.

To construct the IDKE of v, we start by defining a generalized kernel function, following Miiller (1991).

Definition: kp(-,-) is called a univariate generalized kernel function of order p if kp(u,t) =0 when u >t
or u<t—1 and for all t € [0,1],

¢ . 1 if =0
/ w kp (u,t)du = ’ 1 J ;
t—1 0, ifl1<j<p-1.

A popular example of the generalized kernel function is obtained as follows. Define the space

b if 1 =
M, ([a,b]) = {geLip([a,b])a/ xjg(w)dx:{ 37 iijl<(j)',<p—1 }

where Lip([a, b]) denotes the space of Lipschitz continuous functions on [a,b]. Define k,(-,-) and k_(-,-) as
follows:

(i) The support of k_(x,r) is [~1,7] x [0,1] and the support of ky (x,r) is [—r, 1] x [0, 1].
(i) k_(-,7) € M, ([=1,7]) and ky (-,7) € M, (|-, 1]).

(iii) ky(z,7r) = k_(—z,7).

(iv) k_(=1,r) = ki (1,7) = 0.

Condition (iv) implies that k_(-,7) is Lipschitz on (—oo,r] and ki (-,r) is Lipschitz on [—r,00). This as-
sumption is important in deriving the asymptotic distribution of the IDKE of . Readers are referred to
Appendix A of Porter and Yu (2015) for related discussion in the DKE case.

To simplify the construction of kj(u,t), the following constraints are imposed on the support of = and
on the parameter space.

Assumption S: (y,2/,q) e Rx X x Q C RY, X = [0,1]971, Q=g,q], and y €T =[7,7] C Q, BE B C RY,
§ € 2 C RY, where q can be —oo and q can be co, and I', B and = are compact.

We do not restrict §g to be fixed or to shrink to zero in all cases. Rather, Jg is taken as fixed in Method II and
shrinks to zero in Method ITI. We assume x is continuously distributed, but note that continuous and discrete



components may be accommodated, at least in a conceptually straightforward manner but at the expense of
additional notational complexity, by using the continuous covariate estimator within samples homogeneous
in the discrete covariates. Requiring the support of = to be [0,1]?~! is not restrictive as this support can be
achieved by use of a suitable monotone transformation such as the empirical percentile transformation. The
compactness assumption on X simplifies the proof and may be relaxed by imposing restrictions on the tail
of the distribution of z.

Define

k() = ke(1) =k_(1) € My ([=1,1]), kn(u) = k(u/h)/h,

k() = ki(5,0) € M, ([0,1]), K5t (u) = ki (u/h)/h,

k-() = k-(0) € Mp([-1,0]), k;, (u) = k—(u/h)/h,

and
k(%) ifh<t<1-h,
kn(u,t) = Fhy (%, 1), if 0 <t <h, : (3)

Fho(®,51), ifl-h<t<l

Then kp(u,t) is a generalized kernel function of order p. We may construct a corresponding multivariate
generalized kernel function of order p by taking the product of univariate generalized kernel functions of
order p. We only require kp,(u,t) to be a first order kernel function in Method II but may require it to be a
higher order kernel function in Method III In particular, we use the following two conditions. For Method

II we use:
Assumption K: kj,(u,t) takes the form of (@) with p =1, ky(0) = k_(0) =0, and k', (0) >0, k”_(0) < 0.
For Method IIT we use:

Assumption K': ky(u,t) takes the form of (@ with p = s, and k1 (0) = k_(0) > 0, where s is the

smoothness index of g(x,q) and will be defined in Assumption G’ below.

Assumption K mimics Assumptions B2 and B3 of Delgado and Hidalgo (2000) (DH hereafter) and Assump-
tion K’ is Assumption K in YP with the additional requirement that p = s. Higher order kernels are required
in Assumption K’ only to achieve the optimal convergence rate of . In practice, p = 1 is sufficient.

Given kyp,(u,t), the IDKE of v is constructed as the extremum estimator which satisfies

2
n

. 1 1 " _
Y = argmémx EZ n—1 ‘ Z ‘yjK;Z,ij n— Z y] hzg (4)
i=1 Jj=1,5#i J 1,j#1
=: arg max —ZAQ =: arg max @n ),
i=1 v
where it
K}Z,z‘j = 2:1 kn(zij — @i, 1) - kg, (g5 — ) =1 K zjk (G =),
—1
KZL-AZ =1 kn(zy — i, ) -k (g — 7) = K} k(g =), (5)

- v+
Ai (’7) = nll Zg 1,j#1 yJK}’sz n— 1 Zg 1,j#1 yJKh Ky

5Note here that the usual symmetric kernel is a second order kernel, but the boundary kernel is only a first order kernel
because [ ukp(u,t) # 0,




For notational convenience, we here use the same bandwidth for each dimension of (2/,¢)’, although there
may be some finite sample improvement from using different bandwidths in each dimension. As suggested
in Yu (2012, 2015b), we need only check the mid-points of the contiguous ¢;’s in the optimization process
of In other words, the argmax operator is a mid-point operator. The summation in the parenthesis
of excludes j = i, which is a standard strategy in converting a V-statistic to a U-statistic. Also, the
normalization factor Z;Z:L i Kfﬁj does not appear in the construction of 7, thereby avoiding random
denominator issues in conditional mean estimation and simplifying the derivation of the limit distribution of
7, a technique that dates back at least to Powell et al. (1989). This form of 4 has some practical advantages
especially when d is large. Since the conditional mean is estimated at the boundary point ¢ = ~y, the local
linear smoother (LLS) or local polynomial estimator (LPE) may be considered to ameliorate bias. However,
when d is large, there are not many data points in a h neighborhood of (x},v)’. As a result, not only does
the LLS lose degrees of freedom (by estimating more parameters) but its denominator matrix can be close
to singular, which disrupts finite sample performance. Further, differing from regular parameter estimation
(such as conditional mean estimation), use of the LLS in this context does not affect the first-order asymptotic
distribution of 7.

CI construction based on the limit distribution of 7 under Assumption K’ and fixed threshold effects
(i.e., in the framework of YP) is challenging because the asymptotics involve a compound Poisson process,
making simulation awkward. Methods II and III use different smoothing schemes to achieve more convenient
asymptotic distributions. Method II assumes fixed threshold effects but uses data in the neighborhood of
7o only marginally. The resulting asymptotic theory is normal and the CI can be constructed by inverting
either the ¢ or likelihood ratio (LR) statistic. Method IIT fully utilizes data in the neighborhood of v, but
assumes shrinking threshold effects. The limit distribution then involves a two-sided Brownian motion. As
suggested in Hansen (2000) we can invert the LR statistic (rather than the ¢-statistic) to improve finite-
sample performance. As expected, due to insufficient usage of data information in the neighborhood of ~,
the convergence rates of the IDKE in both these methods are slower than the O (n) rate in YP. In Method
IT we also require £/, (0) # 0, or else the convergence rate of the IDKE is even slower.

We next provide some intuition that helps to justify the extremum estimator 7. For this purpose we
impose the following Assumption F on the distribution of (2/,¢)" in Method IT and Assumptions G and G’
on g(z,q) in Method III.

Assumption F: The density f(x,q) of (2/,q)" is second order continuously differentiable and satisfies
0< f< fzq) < f<oofor (a/,q) € X xTe, where I'c := (v — €,7+¢€) for some e > 0 and and (f, f) are
some fixed quantities.

Assumption G: g(z,q) is second order continuously differentiable on X x T..
Assumption G’: g(z,q) is s’th order continuously differentiable on X x T'. with s > d.

Assumption F implies that f,(7) is continuous, and 0 < iq < fo(v) < f, < oo for v € T and fixed (iq,?q),
and the conditional density fy,(x|q) is bounded below and above for (z,q)" € X x I'¢; see Yu and Zhao
(2013) for relaxation of these conditions. The first part of Assumption F implies that there are no discrete
covariates in x. As mentioned earlier in the remarks following Assumption S, this assumption is made for

simplicity, just as in Robinson (1988), and is not critical to the methodology or the limit theory. The second

6 Although in the fixed-threshold-effect framework with k4 (0) > 0 the asymptotic distribution of 7 depends on whether the
left endpoint or the middle point of the maximizing interval is taken as the maximizer, the asymptotic distributions of the two
IDKESs in the present paper are both invariant to such choices of 7.



part of Assumption F implies that ~, is not on the boundary of Q. Under these two assumptions, we can

expect the objective function @n (7) to converge to

B [{Blyle. = v-11(.7) ~ Blylo.g =1+ @ 0)F] = [ Blyle. =v-] - Blylo. g = v+])* £z, (0)da.

Since f(z) and f(z,7) are continuous in = and -y, there will be a jump in the limit only if v = 7, which
provides identifying information. In view of these properties, the threshold point can then be identified and

consistently estimated by maximizing @n (7) under an additional requirement on the differential

A (z,70) = Elylz,q = vo—] — Elylz,q = vo+], (6)
which enables identification of .
Assumption I: A (x,7,) # 0 for x in some set of positive Lebesgue measure in X.

In Method I, A (z,7,) = (1,2',74) do, so we can replace A (x,7v,) by (1,2',7,) do in Assumption I. For

comparison, we state the following Assumption I'.
Assumption I': §y # 0, where # here means that at least one element is unequal.

Note that Assumption I is stronger than Assumption I’ when A (x,v,) = (1,2,7,) do. For example,

1 ! :
50 _ (1,0,—70) ’ lf Yo # 07
(0,0,1Y, if v =0,

is nonzero but does not satisfy Assumption I. Assumption I implies that P ((1,2',7,)do # 0) > 0, which
excludes the continuous threshold regression (CTR) of Chan and Tsay (1998) (see also Hansen (2017)).
For comparison, we also review the DKE in DH here. Define the DKE

1 n 1 n 2
~ 1 e N e
7= argmax [n ijl YK n Zj:l yJK’W']
=: argmax A2 (y) = argmax Q, (7),
pe ¥

where

_ d—1 _ d—1
Ky = Hl:l kn(@iy — o, Tot) - iy (g5 — ), K5 = Hl:1 kn (215 — %o, Tot) - Ky (45 =),

and z, is some fixed point in the interior of X E| As explained in YP, selection of z, is difficult from both
theoretical and practical perspectives. As distinct from the DKE, the IDKE procedure integrates the jump
information over all the z;, thereby removing the problem of choosing z,. Further, usage of all the data
ensures that the IDKE has greater identifying capability than the DKE in both Methods IT and III.

TStrictly speaking, DH normalize the first term of A, (y) by fo~ = % Zn L K;L’; and the second term by /ZH' =
= ,
% 2:21 KZ?; However, their estimator is asymptotically equivalent to arg max A2 (y) /f(xo,7,)? and has the same asymptotic

distribution as 7.



2.2 Overview of Two Specification Tests

The first specification test addresses potential endogeneity and the corresponding hypotheses H) are for-
mulated as follows

HyY o Efele.q =0,
H{ : EBlelr,q #0.

This exogeneity test can be conducted prior to model estimation. When instruments are available, the
Hausman test in Kapetanios (2010) can be applied. In the present paper we therefore consider only the case
without instruments and apply the techniques developed in Fan and Li (1996) and Zheng (1996) to test the
null Hél). In the second test, the hypotheses H(?) are

Hé2) : By =pyo0rd=0,
H1(2) : By # Byord #0.

If Hél) is not rejected, i.e., there is no evidence of endogeneity, then H(?) involve a conventional paramet-
ric structural change test, such as that considered in Davies (1977, 1987), Andrews (1993), Andrews and
Ploberger (1994) and Hansen (1996), among others. If Hél) is rejected, the ensuing situation is more com-
plex. When there are instruments, Wald-type test statistics such as the sup-statistic in Section 5 of Caner
and Hansen (2004) or score-type statistics such as those in Yu (2013b) can be used. Since the asymptotic
distributions of both these types of test statistics are not pivotal, the simulation method of Hansen (1996)
and De Jong (1996) can be applied to obtain critical values. Details concerning these tests are given in
Supplement D of the paper because techniques for these tests are nowadays standard.

When there are no instruments, the Wald-type statistic is hard to implement since its asymptotic dis-
tribution is hard to derive given that 3 can only be estimated at a nonparametric rate — see Section 3.3 of
Porter and Yu (2015) for discussionﬂ However, the score-type test of Porter and Yu (2015) can be extended
to this case with some technical complications. Importantly, the hypotheses H? relate to whether m(z,q)
is continuous, so H(()Q) encompasses more data generating processes (DGPs) than the null hypothesis in the
usual structural change literature where m(z, q) has a simple parametric form. In other words, the usual
parametric tests have power against alternatives in which m(z, ¢) does not take the form x’'S + x'51 (¢ < )
(see, e.g., Section 5.4 of Andrews (1993))E|, but our test has only trivial asymptotic power in such continuous
m(z,q) cases. A simple example may clarify the point. Suppose m(x,q) = a + g, in contrast to the speci-
fications employed for our tests, which are based on , ory=a-+0dl(qg<7v)+e. It is easy to see that the
usual tests have power against m(zx, ¢), which is very smooth in this case. In summary, the usual tests have
power against both misspecification and certain types of structural change, whereas our test has non-trivial

power only against threshold structural change, which may be more relevant in practical workm But this

8Gao et al. (2008) discuss an average form of such a test in the time series context. But their test is not easy to extend to
the case with a nonparametric threshold boundary as in the present framework. See also Hidalgo (1995) for a nonparametric
conditional moment test for structural stability in a fully nonparametric environment, which focuses on global stability rather
than local stability as here.

9n this framework and assuming m(zx,q) = x’B(q), the structural change tests focus on whether 8(¢q) = 8. See, e.g., Chen
and Hong (2012), Kristensen (2012) and references therein for related tests in the time series context using nonparametric
techniques. Actually, we can test whether 5(q) is continuous by extending the tests below, e.g., we can construct residuals
€; in I,(L2) by estimating S(q) using estimation techniques from the varying coefficient model (VCM) literature - see Robinson
(1989, 1991), Cleveland et al. (1992) and Hastie and Tibshirani (1993) for early developments, and Fan and Zhang (2008) for
a summary of recent developments.

10Tn the same way, there are also cases where the parametric test does not have power when there is a nonparametric threshold
effect; see Example 1 of Hidalgo (1995).



advantage does not come for free: the usual tests have power against n~'/2 local alternatives, while our test
needs a larger (than n~'/2) local alternative to generate non-trivial power. Understandably so, because our
test is essentially nonparametric whereas the usual tests are parametric.

In the following discussion of the two specification tests, Hy indicates both Hél) and HéQ), and Hiq
indicates both Hl(l) and HI(Q), 15 =1(gel), 1l =1(g €T), my = m(zs,q) = Blyi|zi, q), fi = f(zi,q:),
Kpij = KJ, ;- kn (g — qi), and Lb ,J = L§ Up(gj — qi) With Ip(+) similarly defined as k;(-). Denote the class
of probability measures under H as H(()e) and under H as HEZ). Both H(()Z) and ng) are characterized
by m(-), so we acknowledge the dependence of the distribution of y given (2’,¢q)" upon m(z,q) by denoting
probabilities and respective expectations as P, and E,,. To unify notation, we define u; = y; — Ely;|z;, ¢;] =
1; — my; under both the null and alternative in these tests.

For the first test, we use the statistic

I = n:j 5 ZZKh ij€i€;,

i jFEi

and, for the second, we use
nh/? o
Ir(LZ) — n — 1 El Jéﬂ 1 Khyijeiej.

The exact forms of €; in these two tests are defined later. To motivate the statistics, let e = y —m(x), where

m(-) = ar inf E — iz, 2
2 gﬁl(x,q):x’6+x/51(qu) [(y (2, 9)) ] .
=ar inf E | (m(z,q) — m(z, 2
gﬁl(w:q)ZX’Ber’zil(qu) [( (,q) (x,q)) }

in the first test, and
— _ . F
m(-) = arg mec. gngXQ)E [(y m(x, q)) 1,1}

g nt B [n(e,q) — i(e,0) 1]

meCsy (B XxQ)

(8)

in the second test, where Cs (B, X x Q) is the class of s times continuously differentiable functions on X' x Q
with all derivatives up to order s bounded by B. In other words, we use m(z,q) = x'8 + x'61 (¢ <) to
approximate m(z, ) in the first test and use m € C, (B, X x Q) to approximate m(z, ¢) in the second test.
Note that in the first test the model need not have a threshold effect. The reason is that the class of functions
{x'8+x'61(q <)} includes the linear function where § = 0, the CTR of Chan and Tsay (1998) where
0 # 0 but §; = 0 and d, + d4y = 0, and the usual threshold regression where d, # 0 or d, + d47 # 0; see
Yu (2017) for more discussion on misspecified threshold regression. Here, § is partitioned according to the
partition of x = (1,2,q) as (da, 9, (5’) .

oy Y q
Note further that e = w under Hp, so e has the same meaning in both Ir(Ll) and L(f) under Hy. Ob-

serve that EleEle|z,q|f(z,q)] = E [E lelz,q)” f(z,q)| > 0 in the first test and B [eE [e|lz, q] f(z,q)1}] =
E[e|x,q]2f(x,q)1ﬂ > 0 in the second test where the equalities hold if and only if Hy holds. So

we can construct the statistic based on the moment E[eEle|z, q]f(x,q)] in the first test and the moment
EleE [e|z, q] f(x,q)1}] in the second test. Here, f(z,q) is added in to avoid the random denominator prob-
lem in kernel estimation, and 15 appears in the second test because threshold effects can occur only on
gel.

To construct a feasible test statistic, we need sample analogues of e and Ele|z, q]f(x,q). For the first



test, the sample counterpart of e is
& =y~ i =i — [XiB+x31 (@ 7)), (9)

. /
where (ﬁ/,g/ﬁ) is the LSE. For the second test, let

o~

€=y — Y = (mj —my) + (u; — ), (10)

where

1 ~
U= § Ly is . 11
Yi n—1 joki Yj b,zg/fz ( )

and ﬁ is the corresponding kernel estimator of f; given by

~ 1
P = E Ly ij,
fi= T 2y T

and m; and u; are defined in the same way as y; in with y; replaced by m; and u;, respectively. Under

Hy, €; is a good estimate of u;, while under H;, €; includes a bias term which generates power. Now,
Ele|z,q]f(z,q) at (2},q;)" is estimated by 15 > i €5Kn,ij in the first test and by L >t é\th,ijlg in
the second test. Hence, we may regard 1Y and 12 as the sample analogues of E[eE[e|z,q|f(z,q)] and
EleEle|z, q] f(x,q)1;]. The statistics are constructed under the null, mimicking the idea of score tests. For
example, the construction of Ii® does not involve H f2) at all (see Figure 1 of Porter and Yu (2015) for an
intuitive illustration in a simple case without ), whereas the usual test statistics in the structural change

literature typically involve H {2) in one way or another.

3 Inference Based on the 2SLS Estimator

In this section, we derive the asymptotic distribution of the 2SLS estimator of  and discuss some identifia-
bility results for v when estimation is based on moment conditions. First, note that the 2SLS estimator of
~ can be written in GMM form as

5 = argmin Qn (7).

where

~

Qn (7) = min Qn (0) := min G (0) W3s (6) (12)

s

with 0 = (8',6')', W = (n"12’Z)"" and
=R 1 — 1< / /
G (0) == 0:(0) =~ > 2 (= xif = xL,:0).
i=1 =1

To develop asymptotic properties of 0§ we make the following assumption. First, throughout our analysis we
use the notation d,, for the true value of § when we allow § to shrink to zero, as in Hansen (2000), and we

use dg to denote the true value of § when § is fixed to signify this difference.
Assumption IV: E[ze] = 0, dim (z) =1 > 2d + 1, §,,/ |6, — ¢,

G=( Blx),B[ax, | Elxlo=lcf; () )

10



is of full column rank, G., = FE [z (x’,x’s,y)] =: (QDQQ,'y) is of full column rank for any v € T', W :=
Ez2'] >0, and Q := E [zz/e*| > 0. Also, there does not exist a vector a € R* such that G a = Gy ¢ for
any vy # Yo-

When § is fixed, the parameter ¢ is just the normalized form of 6. When ||d, || — 0, only the components
of ¢ that correspond to the lowest shrink rate of §,, are nonzero. Full column rankness of G excludes CTR
models where xd,,|q = 7, is always zero so that the third part of G is a zero matrixB But this assumption
is nonetheless weaker than full column rankness of E[zx'|q = 7,]. This is because if E [zx'|¢ = 7,] has full
column rank, then 1 and ¢ cannot be elements of x simultaneously; otherwise, the first and the last columns
of E [zx'|q = ~y,] would be collinear.

All other conditions in Assumption IV are standard except the last condition. This condition is required
for the identification of «,. Take the fixed-é case as an example where ¢ can be taken as §p and no normal-
ization on ¢ is required. Note that if E[z] = 0, then E[zy] = G, 0,. If there exists an a := (a},ab)" such
that Qwa = QZ%(SO for some v # v, then under this «y, we can still let § = (5, + a1, a2) satisfy the moment
conditions, in which case the model is not identified by the moment conditions. This condition requires that
the [-dimensional vector G, ., do & Uwé%
space. There is an important case where this condition is violated. If ¢ is independent of (z’,x’ )/ as in the
structural change model where g is the time index, then G, , = G, Fy (7,) and a = (Fy (7o) 0, O’)/ satisfy
G.a= QZ% 6p- In the TR context, if ¢ is independent of the rest of the system, then ¢ should be included in

span (Ql,QQW), where span (QI,QQW) is a 2d < [ dimensional

z, and cannot be independent of (z’,x’)". This condition also implies the usual assumption that z cannot be
independent of the endogenous variables (z/, q)' If this were the case, then G, | = E|z]E [X’S%} would

span a one-dimensional space, which can obviously be spanned by G; = E[z] E[x'] and G, , = E[z] E [X/S,Y].

Theorem 1 Under Assumptions F, I, IV and S, 0 and especially 4 are consistent and have limit distribution

\/ﬁjzﬁ 0 E*QO _a,
(o ﬁnan)(a—%) Yoy

where V = (G'WG) " 1G'WAWG(G'WG)~!

given by

Note that we need only Assumption I’ to show the consistency of 7. But to derive the asymptotic distribution
we need Assumption I. Otherwise, G need not be of full column rank)*®| Also, as predicted in Section
fq (7o) appears in V' and 7 is not asymptotically independent of (B,g . W can be any positive definite
matrix besides (n‘lZ' Z)f1 . We still use W to denote such a general weight matrix and use W to denote
its limit.

To provide some intuition on the asymptotic variance of 7, consider the simple example in Section
again. In this example, G = f; (7o), @ = Var (¢) and W is irrelevant, so V = Var (¢) / f, (v ) In fact, ¥ =
B @) so Vit (5 =) = ﬁTﬁ;l@) - F @) - (B B ) - B BR)) |+ (ﬁq 'B[y)) - F; (B [yb)+
Vi (E;N(y) — F;7H(E[y])). The first term is, roughly speaking, /i (37 (¢; () — ; (B[y ]))) w1th b, (1) =

1 Note that zero x’d,|q = 7, does not imply E [zx’g,m] dp=0o0r E [ZX;WO] &n = 0.

1211 the nonlinear scenario, uncorrelatedness in the linear scenario should be strengthened to independence. Also, all elements
of (:z:’,,q)/ should be endogenous; otherwise, z should include the exogenous elements of (a:’,q)/ and cannot be independent of
z',q).
( 1311)1 Remark 2 of Seo and Shin (2016) where their FD-GMM estimator, which is similar to our estimator, is used to estimate
the dynamic panel threshold regression, they claim that the asymptotic distribution of § is invariant to whether the model is
CTR. That statement is not correct as can be seen by noting that their G, (7¢) = 0 in CTR so that the asymptotic variance
matrix of 8 is undefined. The zeroness of G~ (7p) is due to some redundancy in the parameter # when the model is CTR. If
we rewrite the CTR as y = x'8 4 (¢ — v) 61 (¢ < ¥) + &, then the corresponding G under the moment conditions E [ze] = 0 is
( Blzx'],E [z<y, (a—70)], (Blz (g — 7o) lg = 7ol fo (vo) — E [2<~,]) 60 ), which is of full column rank.

11



T=1(¢;<F; ' (1)
fa(70)

tion of v/ (§ — 7o) is the same as that of v/ (ﬁ;l(E ly)) - F LB [y])) + A (F7(@) — F N (By)), where
the first term represents the randomness in F\q_l and the second term represents the randomness in 7 (recall

that 4 = F\q_l@)). By the Bahadur representation, /n (A_l(E [y]) — Fq_l(E [y ])) f Dy W,

1y - ; <70)—F.
and by the Delta method, /n (F,; (7)) — F; *(E[y])) = sz L yfq(% = TEi | Stlle fngi) (%)

. By a stochastic equicontinuity argument this term is o, (1), and so the asymptotic distribu-

Hence, by the continuous mapping theorem (CMT), \/n (7 — o) = f S ( o) 7000

%, and the asymptotic variance is V = Var (¢) / f, (’yo) To consider the effect of d,, on 7, Suppose y=
01 (g < 7y)+e with 6, known. Then, by a similar argument, we can show /n (¥ — v,) = \/ﬁ 2ic1 6,qu(70)

so that the asymptotic variance of 7 is O (W) When §,, is smaller, the asymptotic variance of 7 is larger,
and when §,, shrinks to zero the convergence rate of 7 is \/n|d,|.
By choosing W = Q! with Q =n~! S 228 and § = y; — X5 — x_ ;0, we get the asymptotically

efficient estimator of 6y and the following result holds.

Corollary 1 Under the same assumptions as in Them”em zf@ is estimated using @n (0) with W= ﬁ’l,

then .
Vil 0 070 ) 4 o @ate)).
0 Vnldal =

When the model is homoskedastic, i.e., E [52 \z} = 02, our 2SLS estimator is efficient. For inference concerning
~ we suggest use of bootstrap methods such as in Hall and Horowitz (1996), Brown and Newey (2002) or Lee
(2014) to avoid estimating E [zx'|q = 7,] and f; (7,) , for instance by numerical derivatives, as in Section 7.3
of Newey and McFadden (1994), or by some kernel or series method.

3.1 Comparison with the GMM of HHB and the 2SLS of CH

In the structural change context, HHB show that the GMM estimator based on the following criterion is
generally inconsistent:
7 = argmin Qu (7).

where

Qn () = min Qn (0) := min i, (6) Wi, (6)

with

S SRR o < ma; (0) ) 1y, ( (i = x1) 1(gi <) ) |

n = n =\ moy;(0) n = (yi — xiB2) Lai > )
As commented by HHB, inconsistency of 4 stems from the fact that the minimand is a quadratic form in
the sample moment, thereby taking the form of a square of sums. This "square of sums" structure provides
an opportunity for the effects of misspecification associated with the selection of the wrong threshold point
to be an offsetting balancing factor in the minimand, leading to inconsistency. In contrast, the objective
function of the 2SLS estimator in CH takes a "sum of squares" form, which generates a consistent estimator
of ~. Specifically, the objective function of the 2SLS of CH is

n

5,00 = 33 (=t () 100 < ) = 3 () 10> ) (13)

12

a(V0)—1(2:<70) + & +1(qi<v0) —Fq (7o)

):



where 11’ z; delivers a first-stage prediction of xi Given the comments by HHB, it may seem surprising
that our GMM estimator is consistent even if the minimand is also a square of sums. The key point, however,
is not the distinction between the "square of sums" and "sum of squares" criteria in this case, but rather
the fact that the threshold variable ¢ in the structural change model is a time index which is independent
of the other components of the system (so that offsetting is possible, resulting in inconsistency).

Before a formal discussion on these points, note first that our 2SLS estimator is a special GMM estimator
of HHB. Specifically, it is easy to check that when

W<Z>W(IZ Il), (14)

Qn 9) = @n (9). This W is only positive semidefinite, not positive definite. In other words, our 2SLS
estimator does not fully explore the information in 7, (§). This is why we need | > 2d instruments, whereas
HHB’s GMM estimator needs only [ > d instruments. This is also why our 2SLS estimator is not consistent
when ¢ has properties like a time index (because the general GMM estimator is not consistent). The moment
conditions in m, (f) explore the special structure of threshold regression - $; and 3, are involved only in
one regime of the system, while the moment conditions in g, (f) are designed for any nonlinear system
y =G (z,q;0) + ¢ with E [e]z, ¢] # 0. Essentially, the moment conditions m,, (#) explore the validity of the
moments £ [ZES.YO] =0and E [z5>70] = 0, whereas g,, () explores only E [ze] = E [ZES.YO] +E [z5>70] =0.

We can now formally state the consistency of ¥ when ¢ is not independent of (z’, x’, 5)/. First, we impose
the following assumption. Because we concentrate on the identification issue below, we here assume that ¢
is fixed for notational simplicity.

Assumption IV’: dim (z) =1 > d + 1, w2 w s 0 and E [zx’gﬂ{] and E [ZX/>,Y} are of full column
rank for any v € T'. (i) If q is exogenous (i.e., q is included in z, and E [e|z] = 0), then there does not exist
a = (a},db)" € R* such that E [zx. ] ay = E [zx;%} do for any v < vy or E [ZX’S,Y] a =F [ZX’SWO} do
any v > vo. (i) If q is endogenous and only E [zggyo] =0and E [z5>70] = 0 hold, then there does not

evist a = (a},a}) € R* such that E [zx’gv] a1 = Elze<,], B {zx;% 6o+ E [zxL ] ay = E[ze,] for any

v<7y or E [legy] a—F [leﬁvg] b0 = E[ze<,] and E [2x__] ay = E [ze5,] for any v > v,.
Theorem 2 Under Assumptions F, I', IV’ and S, 7 is consistent.

HHB assume W = diag(W1,W2) with Wl 2, Wi > 0 and Wg AN Wy > 0, but we do not need such
a restriction to show the consistency of 7 or inconsistency of ¥ in the HHB setup. Similar to 7, we only
require Assumption I’ rather than the stronger Assumption I to prove the consistency of ¥. In contrast to
Assumption IV, we need different assumptions here for the identification of v, depending on whether ¢ is
exogenous or not. In this sense, reducing m,, (6) to g,, (#) makes the treatment of identification more uniform
although there is some loss of information in doing so. When ¢ is exogenous, Assumption IV’(i) requires
some extra variation in [ [zx’|¢ = 4] when v moves away from ~y,. This condition implicitly precludes the
possibility that ¢ is independent of (z’,x’)" because if this is the case, then B [zx. ] = E[zx'] (1 - F, (7))

and E [ZX;VO] =E[zx] (1 — F; (7)), so as can be chosen as %50 and, similarly, a; can be chosen as
Fo(

ﬁv,y”))do. When ¢ is endogenous, we need also to take account of the variation in E [ze<,] and E [ze-] as v
” <

moves away from 7y,. We provide more intuition on such identifying information in the following discussion.

4 Following the general setup of this paper we do not assume a threshold effect in the first stage.
15To save notation, we still use W to denote the limit of . This should not introduce any confusion.
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The proof of the theorem also establishes the following results. First, if ¢ is exogenous and also indepen-
dent of (z’,x’)’, then 7, cannot be identified by Qn (7). This is essentially the case considered by HHB, and
we label it case (0). Second, in case (i), both groups of moment conditions in m; (6) are required to identify
Yo; using only mq; (0) or mg; (0) is not enough. Third, in case (ii), either group of moment conditions in
m; (0) can identify 'yO For example, if there does not exist a; € R? such that B [legy] a1 = BElze<,]
for any v < 7, and E [zx’év] a1 — B [ZX’S%] do = Eze<,] for any v > ~,, then 7, can be identified by
only my; (6). In comparison with case (i), we can see that the identifying power in either group of moment
conditions in m; () comes solely from the correlation between ¢ and . In other words, endogeneity is helpful
in identifying v, by moment conditions.

It seems that the correlation of ¢ with the rest of the system is critical for the identification of ;. When ¢
is independent of (z’,x’,¢)’, then even the combination of m; and my cannot identify ~y,; if ¢ is independent
of € but not (z’,x’)’, then combination of m; and msy can (but m; or me individually cannot) identify ~,;
if ¢ is correlated with all of (z’,x’,¢)’, then either m; or my can identify 70 What is the intuition here?
We can understand these results by using Lemma 2.3 of Newey and McFadden (1994) which states that as
long as WE [m; (0)] # 0 for 6 # 6y, then 0 is identified. In case (o), for any W, WE[m, (8)] # 0 for 6 # 6,

cannot hold. In case (i), when W >0 or W = ? Wo ( I, I ) for some Wy > 0, WE [m; (0)] # 0 for
1

I Wi 0
97590.Incase(ii)7whenW>OorW:(Il)WO(Il Il)forsomeW0>00rW:< 01 O)With
!

0 O
Wi>0o0r W= with Wy > 0, WE [m; (0)] # 0 for § # 6y. To be specific, we identify 7, from

0 W,
L WoxB)Ua=) || _ 4
(y —x'By) 1q > )

only if v = ~, for any 3, and [, or equivalently,

the fact that
WE

when v # 7, for any 5, and 5. Note that

B l ZY<~ z X/§~,0510 + x4, Bag+e) g <)
ZY>y z (X2, Bro+ x5, Ba +€) 1(a>7)
which is equal to
E [legq] B1o + E[ze<,]
E [ZX;<§~/O} Bio +E {zx;%} Bao + B [ze>,]

16 Assume W =diag (Wl, Wg) Because there is no restriction on Wl and 17172 to obtain the consistency of 4 in both case

(i) and case (ii), when W1 (Wz) is much larger than Wo (W1)7 we are essentially using only mi; (0) (ma; (0)) in Qn (6). In
this sense, it is surprising to see that case (i) requires both my; (#) and ma; (), while case (ii) requires only my; () or ma; (6).
Essentially, the limiting behaviors of én () in these two cases are quite different; see the following discussion and example for
more intuition on this point. Importantly, note that either Wl =0 or Wg = 0 violates W > 0, so Assumption IV’ does not
hold and the identifiability of v cannot follow from Theorem in this case. The new results here are that in case (ii), W >0is
not necessary for identification (actually, in case (i), W > 0 is not necessary either, e.g., the W in 1] is not positive definite).

17In cases (0) and (i), we require only E[e|z,q] = 0, and in case (ii), ¢ can be independent of (z’,x’)’. Here, we use three
sequentially stronger assumptions to distinguish these three cases.
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when v < 7,, and equal to

< E I:ZX/S'YD:| 610 + E |:ZXZYO<S’£| ﬂ20 + E [ZESV] )
E [2x.,] B2 + E [265]

when v > 7. In case (0), B[ze<,] = Bzes,] = 0, B [zx’_ | = Bzx'| F, (7), B [2xL ] = Blzx'] (1 - F, (7))

and E [foh<§v2} = E[zx'] (F,; (v4) — Fy (71)), where y; < 7y5. So we can choose 8, and 8, such that

B =B and (1 = Fy (7)) Ba = (Fy (7o) — F4 (7)) Bro + (1 = Fy (70)) Bao (15)

when v < 7y, and
By = Bag and Fy (v) By = Fy (7o) Bro + (Fy (7) — Fy (70)) Bao (16)

when v > 7, to make the equalities hold In other words, plim@Q, (y) = 0 for any 7. In case (i),
E[ze<,] = E[ze>+] = 0. So when v < 7,4, we can choose 8; = (3, to make E [zx’gﬂ/] B, = E[zy<,] but
cannot choose 5 such that E [zxgv] By = E[zys,], and when v > =4, we can choose 8, = 5, to make
E [zx.,] B, = B [zy>,] but cannot choose 3, such that E [zx_ ]| 8, = E[zy<,]. In other words, if we use
only my, then plim@,, (v) = 0 for v € b, ’yo] and if we use only mg, then plim@,, () = 0 on [y,,7], while if
we use both my and mo, then plim@,, () = 0 only if v = vo- In case (ii), E [ze<,] # 0 and E [ze,] # 0. So
even if we use only m; or ma, the equalities can hold only at v = 7.

The above arguments also show a key difference between the identification sources of the HHB GMM
estimator and the CH 2SLS estimator. In CH,

plimS, (6) = B [(y - 81 ('2) 1(g < 7) - 85 (W) 1(a > 7))*],

which assumes that E [y|z, q] = 8] (I'z) 1(q¢ < v)+ 85 (I'z) 1(¢ > ) and uses the conditional mean difference
of y below 7, and above 7, to identify v, (just as in standard least squares estimation where E[e|x] = 0
and we can calibrate y against its conditional mean to identify the parameters in the conditional mean).
Since y = B} (W'z+u)1(q <) + B5 (I'z +u) 1(g > 7) + &, where the first stage regression is assumed to
be x = II'z + u, we must assume E[u|z,q] = 0 and E[¢]z,q] = 0 and then the conditional mean of y is
B (I'z) 1(qg < ) + B5 (I'z) 1(g > 7). To achieve such conditions, we must assume that ¢ is exogenous so
that it can be included in z. Also, as argued in Yu (2013a), the first stage must be a regression rather than
a projection, i.e., E[u|z] = O rather than only E[zu’] = 0. In a nonlinear environment, such a requirement
does not seem too stringent. On the contrary, the identification of v, by HHB’s GMM is based on the
matching of covariances just as in the usual linear GMM estimation. If v, were known, we can identify
B, by matching E [Zyﬁvo] with E {ZX’SWO} B, and 5 by matching E [Zy>70] with E |:ZX/>,YO] Bs. It is the
nonlinear structure introduced by the unknown ~ that necessitates the division of identification into three
different cases; in such a nonlinear system, endogeneity of ¢ is helpful rather than harmful to identification
as in CH’s 2SLS. As far as inference is concerned, the bootstrap is questionable for CH’s 2SLS given the
negative findings in Yu (2014) where it is shown that the bootstrap for v when the objective function takes
the "sum of squares" form is invalid.

As for the requirement on the number of instruments, CH’s assumption that E [[I'zz'Il|q =, =
II'E [zZ'|qg = 7] II > 0 implies [ > d instruments are needed. As mentioned in Assumptions IV and IV’,
| > 2d + 1 instruments are required in our 2SLS because g; (/) contains 2d + 1 unknown parameters, and
| > d + 1 instruments are required in HHB’s GMM because each of my; () and may; (§) contains d + 1

I8Note that we can choose 3; and B4 freely, so the choice of 3; and B, depends on ~ here.
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unknown parameters. On the other hand, more instruments imply more identification power: CH’s 2SLS
cannot handle the endogenous ¢ case, while the other two estimators can; as discussed before Assumption
IV', HHB’s GMM relies on the special structure of while our 2SLS can handle any nonlinear system
y=G(x,q;0) + ¢ with E [e|x, ¢] # 0.

It is well known that more moment conditions generally imply higher asymptotic efficiency. Why then is
our 2SLS the suggested approach rather than HHB’s GMM? The reason is that the derivative dE [m; (6o)] /d6’

does not exist as is normally required in usual GMM asymptotic derivations. Specifically,

BE [mz (ﬂo; 507 7)]
Oy

(17)

_ ( E [zelg = 7o) fa (v0) — B [2x'|g = 7o) 04 (7o) )
Y=vo+ —E [Z5|q = 'YO] fq (70) ’

whereas

IE [m; (By, 60,7)]
o

_ ( E [zelq = 7ol f4 (o) ) . a8)
- —Elzelq = ol fq (v0) — E[2x'|q = 7] d0.f¢ (7o)

Here, note that E[zel(q < ,)] = 0 and E[zel(g > 7y)] = 0 do not imply E[ze|g =, = 0. Even if
E [zelg = 7] = 0 as in case (i), if E[zx'|q = 7] is of full column rank, the derivative OE [m; (8, d0,7o)] /Oy
does not exist. This makes the asymptotic distribution of 7 a nonnormal mixture that depends on the

one-sided derivatives, rendering inference based on % difﬁcultm On the contrary, in our 2SLS approach we

have
OE i ,5 y JE i 76 )
[g (go 0 ’Y)] _ (Il;Il) [m (8ﬁ0 0 ’7)] - _F [ZX/‘C] _ 70] 5()fq (70)
v Y=ot v Y=Yt
OE i 76 )
= (Ila Il) [m (aﬁo 0 ’Y)] )
g Y=Y0—

which makes bootstrap inference valid.

3.2 Extensions

We discuss two extensions on identification based on moment conditions in this subsection. As mentioned
above, more moment conditions typically imply higher asymptotic efficiency, but such results rely in the first
place on identification. With 2SLS, even if E [ze] = 0 is replaced by E [¢]|z] = 0 which implies more moment
conditions, the identification results are unaltered. For example, when ¢ is independent of (z’,x’ )', Yo is not
identified even by E [¢]z] = 0. Similar identification results apply to HHB’s GMM.

In dynamic panel threshold regression,

yie = (Lxy)B11(qie <)+ (1,25,) Bol(qie > ) + €it,
i = Leemt=1,- T,

where €;; = «; + v, «; is the fixed effet, v;; is the idiosyncratic disturbance, and x;; may contain lagged
yi+'s, Seo and Shin (2016) apply the FD-GMM estimator of Arellano and Bond (1991) to estimate 4. The

moment conditions are
Zito (AYity — B ATy — 0’ Xitg Lity (7))
Elgi (0)] :=E : =0,
zir (Ayir — By Azir — 8 XirLir (7))

19We will discuss the asymptotic properties of 7 and bootstrap inference based on 7 in a separate paper.
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where (8, = (521,»3/22)/» 0 =pB1— By 0 = (5/22,5/77)7 2 <t < T, Xy = ( ((1733“)) >7 Li(y) =

/
1, Lit—1

(g <
( 1(((]“ - Z) ) ) , and A is the first difference operator, and the FD-GMM estimator
—1qit—1 57

0 =arg mein In (0),

where

In (0) = 9, (0) Wag,, (0)

with g, (0) = 23" | g; (0), and W,, > W > 0.

The identification issue still exists even for such general moment conditions. Due to a mistake in the
proof of their Theorem 1 (as detailed in the proof of our Theorem [1]), Seo and Shin (2016) does not exclude
the unidentifiable case in their assumptions. One important unidentifiable case is stated in the following

corollary.

Corollary 2 If ¢;; is independent of {zit}tT:tO and {xit}tT:trl and has a stationary distribution over t =
to—1,--+,T, and E[z;Avy] =0 fort =tg,--- , T, then v is not identifiable by J,, (0).

One typical case for g;; in Corollary [2]is the time index, i.e., the model considered is the dynamic panel
model with structural change. Note also that we do not require ¢;; to be exogenous as in case (o), which
implies that our 2SLS estimator is unidentifiable even if ¢ is endogenous as long as ¢ is independent of z and
x. Since ¢;; is independent of other regressors and instruments, it is similar to the Lewbel’s special regressor
(see, e.g., Lewbel (2014) for a summary) in appearance; however, Lewbel’s special regressor is to provide

identification while ¢;; here makes identification fail.

3.3 A Simple Illustration

We illustrate the identification results above based on the example in Section In this example y =
1(qg <7g)+e¢, where ¢ ~U[0,1], v = 1/2, By = 0 and §p = 1 are known, x = 1, and Var () = 1.
First assume E[g]g] = 0, so there is no endogeneity. Let z = 1, giving case (o) with E|e|q, 2] = 0 and

g L (z,2). The moment conditions used for identifying -, are
— <
gl W-Dia=) | _, (19)
yl(g >)
plimQ, (7) = E[(y — 1) 1(q < )]* + Blyl(g > 7))

piniin)= [ (1-2) ]+ (§-2) = (5-)"

where for a € R, a; = max(a,0), and %77 =— (’y — l)+ + (% — 'y)+. Obviously, argmei}} plim@n (v) =1/2.
v

Suppose W= I5. Then

After some algebra,

2
This seems to contradict the nonidentification result of HHB in case (o). In fact, this outcome is because
By and dp are known. In and (16), 8, and B, are fixed at 8, = 1 and B4y = 0. So when v < v,
(1= Fy (7)) Bao = (Fy (v0) = F4 (7)) B1o + (1 = Fy (70)) Bao or (Fy (v9) — Fy (7)) do = 0 cannot hold as long
as dp # 0 and f, (y) > 0 on hv ’Yo]- Similarly, when v > v, Fy () B1 = Fy (70) Bro + (Fy (7) — F4 (70)) Bao
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or (F, (v) — F,; (79)) 90 = 0 cannot hold as long as dg # 0 and f, (7) > 0 on [y,,7]. If they can be chosen
freely, then it is obvious that the system cannot be identified - there are two equations and three unknowns.

Next, let z = (1,¢)" as in case (i), for which the moment conditions used for identifying -, are

gl 2-Die<v | _,
zyl(q > )
AW} WN12 ) _ < 5\1/12 Wia

Suppose W =
PP (W{2 W Wiy eols

) , and then

2 2 2 2
L~ 1 1, 1 1 11
pimQ, (v) = « l— <v—2>+ —(272—8)+ + e (2—7)++02 (8—2v2>+
1 1, 1\ \~ (/1 11 '
2 <_ (7_2>+’_(272_8>+> W12<(2_7)+’<8_272>+> '

If Wis = 0, ¢; = 1 and ¢y = 0, then we use only m; (7) and Figureshows that arg rnel{} plimQ,, (v) = [0,1/2].
B!

+c1

If ng =0, ¢c; = 0 and ¢ = 1, then we use only ms (y) and Figure |1| shows that arg milr} plimé)vn (v) =
ye
[1/2, 1]@ If ¢; # 0 and ¢ # 0, then we use both m; (7) and mg () and Figure |1| shows that when either

0.5 0.5

o — 0.5 0.5 ~
ci=1,co=2and Wis =0o0rc; =1, co =15 and Wi, = ( ), argmeilg plim@,, (v) = 1/2
B!
Section 3.3 of Yu (2015b) considers the following joint distribution of (g, €):

e—1/2), f0<qg<i,
e+1/2), if§<q<g,

), if3<qg<i, (20)
e+1/2), if2<qg<1,

0, otherwise,

where ¢(-) is the standard normal density. Obviously, E [e]g] # 0, and E [e1(¢ < 7v,)] = E[el(g > v4)] = 0,
so this is case (ii). Suppose z = 1. Then the moment conditions used for identifying v, are . Suppose

Wz(A C).Then
C B

plim@Q,, (v) = AE[(y — 1) (g <)]* + BE[yl(g > 7)]* + 2CE[(y — 1) 1(¢ < N E [yl(g > 7)],

and with some algebra this reduces to

A(3)*+B(57) 420 (3) (57), if0<y <y,
plimQ, () = (A+B+20) (- 1)%, ifl<y<?
AR+ B 20 (0-F) (7). i<yt

Figure [2| shows that when A =1, B=2 and C =0, arg milr} plimQ,, (v) = 1/2. Actually, if only m; is used
YE

20This implies that in case (o) (i.e., z = 1), using only one moment condition cannot identify 7.
21Tn this example, Wiz does not play any role, i.e., plimQy, () depends only on Wi and Wa because the last term of
plim@y, () is zero.
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(iie, A=1, B=0and C = 0) or only my is used (i.e., A=0, B=1and C =0), argrvneilr} plimQ,, () = 1/2,
where the parameter space I' excludes the neighborhoods of 0 and 1. If C # 0, arg rwnellr“l plim@n (y) = o as
long as W > 0. For instance, Figure [2[ shows that when A =1, B =2 and C =1, arg 13/(16113 plimQ,, (v) =1/2.

We now check the behavior of the 2SLS estimators of this paper and CH for these three cases: (o)

Elelg) =0 and z = 1; (i) Ee|q] = 0 and z = (1,q)"; and (ii) E[e|q] # 0 and z = 1. For 2SLS, the moment
conditions are E [y — 1(¢ < )] = 0 in cases (0) and (ii) and E[z (y — 1(¢ < ))] = 0 in case (i). In case (0),

. 1 2
plimQn, (v) = (2 - 7) ;
the same as plimQ,, (v). In case (i) with W =1,

2 2
plim@, (v) = (; - 7) + (; — ;72) :

2 _

where for comparison with plim@Q,, (7), note that % - %7 =— (%’y — é)+ + (% - 72)+. In case (ii),

N

. 1 2
plim@, (v) = <2 - 7) ;
the same as in case (0). For CH’s 2SLS,
plimS, (1) =B [(y — 1(¢ < 7)’]
in all three cases. In cases (o) and (i),
plimS,, (7) = 1+ |y = 1/2];

in case (ii),

plimS, (v) =4 3, if § <v<3,
2y—1, if3<y<l

Figure|3|shows plimQ,, () and plimgn () in these three cases. For our 2SLS estimator, arg 2161113 plimQ,, (v) =
1/2 in all cases, giving the same identifying results as HHB’s GMM using both m; and ms. For CH’s 2SLS,
arg 3161%1 plimS,, (7) = 1/2 in cases (o) and (i), whereas arg 171161? plimsS,, (v) = [1/4,3/4] in case (ii), which is
unidentified.

We next check whether the expected moment conditions are differentiable. In case (i), for HHB’s GMM,

E[mi (607607'7)] = ((

N |—=

8 2
ferentiable at v, = 1/2. In case (ii), F [m; (B, d0,7)] is differentiable at «y,. This is due to the special

is not differentiable at v, = 1/2, whereas for our 2SLS E|g; (8, 00,7)] = ( L 71FY2 > , which is dif-
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Wi=5L,W,=0,Wp=0 Wi=0,Wo=15,W=0
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0.3 0.3
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0.1 0.1
0 : 0 :
0 0.25 0.5 0.75 1 0 0.25 0.5 0.75 1
. .Y . . . T
0.6 W1 = Iz, W2 = 2.[2, Wu = O 0 6W1 = Iz, W2 = 1.512, le = [05,05, 05,05]
204r =04
L fes
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0.2 f0.2
0 0
0 0.25 0.5 0.75 1 0 0.25 0.5 0.75 1
Y Y
Figure 1: plim@,, (7) when E[e|g] = 0 and z = (1,¢)’
A=1,B=0,C=0 A=0,B=1,C=0
0.3 ‘ ‘ ‘ 0.3 ‘ ‘ ‘
= 0.2 = 0.2
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Yy od
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20471 ¢ 0.4
e QP
8 E
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Y vy

Figure 2: plimQ,, () when E [e|q] # 0
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Figure 3: plimQ,, (7) and plim3,, ()

design of the DGP in this simple example. Specifically, using the formulae in and , it turns
out that ZEIm1i(6o,80,7)] = —1/2 = Zmilodon)] and  2Blm2i(Bo,d0.7)] = —1/2 =
9y =70~ . =70+ o =70~

9B[ma;(B0.50.7)] But, in general, E[m;(8y,00,7)] is not differentiable at v, in case (ii). On the

251

Y=o+

other hand, for our 2SLS, E [g; (B, d0,7)] = % — v, which is always differentiable at .

3.4 Summary of Identification Results

Before summarizing the identification results for the existing estimators of v, we provide a further comment
on the distinction between "sum of squares" and "square of sums" criteria. Note that "sum of squares"
criteria need not have more identification power than "square of sums" criteria. When ¢ is endogenous, the
example in Section 2.1 of Yu (2013a) shows that the 2SLS estimator of CH is not consistent, and the example
in the previous subsection shows that the limit objective function of CH’s 2SLS need not even have a unique
minimizer. On the contrary, either the 2SLS estimator of this paper or the GMM estimator of HHB can
generate a consistent estimator of ’YOE

Table 1 summarizes the identification results for all possibly consistent estimators of v, in various scenar-
ios. The first four estimators require instruments and the last two do not. Among the last two, Perron and
Yamamoto (2015) (PY in Table 1) use the LSE to estimate 7 in a structural change model even when there
is endogeneity. However, as shown in Yu (2015a), this strategy is valid only in the structural change context.
From Table 1, it seems that the IDKE of YP has the most extensive identification power even though the
method makes no use of instruments. Nevertheless, the IDKE cannot identify v, in CTR models@ while
HHB’s GMM estimator and our 2SLS estimator can identify -y, even in such models (although inference

needs further investigation). Table 1 also lists KST’s STR estimator. As mentioned in the Introduction,

220f course, we can claim that CH’s 2SLS cannot be applied when ¢ is endogenous; see YLP for modifications of CH’s 2SLS
to generate consistent estimators of v,.

23In such models, the IDKE can be extended also to take into account slope differences at each v € I' beyond level differences
to identify .
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when ¢ is exogenous, their estimator is equivalent to CH’s 2SLS estimator so it is consistent; but when ¢ is
endogenous, their estimator is not generally consistent unless the endogeneity is relatively small compared
to the threshold effect. Taking Table 1 as a whole, we can see some interesting differences between structural
change models and TR models — specifically case (o) vs. cases (i) and (ii). It is, however, becoming folklore
in the literature that these two kinds of models are considered similar to each other (at least in terms of

their asymptotic properties)@ The present findings reveal that such folklore is misleading when there is

endogeneity.
(0): Ele|z,q] =0 and (i): Efe|z,q] = 0 but (ii): E[e|z, q] # 0 but
gL (2, x)[ gt (2, %) E [ze<,,] = Blzggsy,] = 0

Consistency | Literature Consistency | Literature Consistency | Literature
GMM of HHB No HHB Ye This Paper Ye This Paper
2SLS of This Paper No This Paper Yes This Paper | Yes This Paper
2SLS of CH Yes HHEBE] Yes CH No Yu (2013a)
STR of KST Yes HHB Yes CH No YLP
LSE of PY Yes PY and No Yu (2015a) | No Yu (2015a)
and Yu (2015a)] Yu (20152
IDKE of YP Yes YP Yes YP Yes YP

Table 1: Identification of 7, by Various (Possibly Valid) Estimators in Different Scenarios

4 Inference Based on the IDKE with %£.(0) =0

This section presents limit theory for the IDKE 7 in Method IT where k4 (0) = 0. To facilitate formulation

of the limit distribution of 7, we define the following quantities,

Ay = Blyilzi, ¢ = vo—] — Blyilzi, i = vo+] = m_(z;) — my (),
Af(xi) = A;- f(fﬂi,’Yo),

where A; = A (z;,70) and Ay (z;) is the limit of A; (7,) with A; () and A (z,7,) defined in and @
respectively. To derive the asymptotic distribution of 4 we use the following assumptions on f(u|z, ¢), which

is allowed to be discontinuous at ¢ = 7.

Assumption U:
(a) f(ulz,q) is continuous in u for (z',q) € X xI'7 and (¢/,q)' € X x I'f, where I, = (y — €,7] and
't = (vy,7 + €) for some € > 0.

241n structural change models, case (i) corresponds to the circumstance that the moments E [(z},x})] are not equal for all
t, i.e., that there is some nonstationarity in the mean of E [(z},x})]; case (ii) corresponds to E [e¢|z¢] # 0 for all ¢ but with
T%) tTil E [ziet] = T+TO ZE:ITU E [z:e¢] = 0, where Tp is the break point, i.e, z; is not a valid instrument for all ¢ but is valid
when the information in each regime is integrated. These results echo the finding in YP that nonstationarity is often helpful in
establishing identification.

25 Here, we implicitly assume z and x do not include q.

26 Both my (0) and ma (0) are required to prove consistency.

27 Either m1 (0) or ma (#) is enough to prove consistency.

28 Yu (2015a) strengthens this result a little. Specifically, let z = (z’,q)’ and x = (x,q)’. If ¢ L z and E [x|z,q] = g (2) + ¢},
i.e., ¢ need not be independent of x, then projecting x only on z in the first stage would generate a consistent estimator of .

297 is not necessary here.

30 Yu (2015a)’s result is a little stronger. Specifically, if ¢ L x and E [e|x,q] = g (X) + ¢/, i.e., ¢ need not be exogenous, then
the LSE is consistent.
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(b) f(ulz,q) is Lipschitz in (2',q)" for (z',q) € X x T and (2',q) € X x T}.
(¢) Blu*|x, q] is uniformly bounded on (z',q)" € X x T, where I, =TZ UTF,

Given Assumption U, we impose the following conditions on the bandwidth h.

Assumption H: h — 0, and \/nh?/Inn — co.

Observe that nh? = \/n hln‘{fﬁd — 00 when /nh?/Inn — oco. The limit theory for 7 is given in the next
result.

Theorem 3 Under Assumptions F, G, H, I, K, S and U,

Vn/h(F —79) -5 N(0, %)

where
_ BAT () (i) (0% () + 02 (1)) ]a: = vl )

Fa(vo) (BIAF () A f (x:)|ai = v0)* K, (0)2

with €y = fol K (t)%dt and 0% (z) = B [u?|z, q = vo£].

This result shows that 4 converges to v, at the rate \/7%, a much faster rate than that of the DKE 5
of DH because 7 utilizes more data information in estimation. Specifically, the convergence rate of DKE is
Vnhd=2 and the relative rate Vnhd=2//n/h = Vhi-1 — 0. Based on Theorem 2 of DH, the asymptotic
variance of their estimator 7 is
(0% (20) + 02 ()% 1)

f(xo,v0)AZKL (027

where k? = fK(uI)2 du, with K (u;) = 7:_11 k(ug,), and A, = m_(x,) — m4(x,) which is equal to
(1,20,7v0) 00 when Ele|z, ¢] is continuous. This asymptotic variance is comparable to 3, but critically relies

. 0_2
on the choice of z,. If A; = A and ¢4 (z) = 02, then ¥ = O (WW
2

in fy(70), |A] and %/, (0) and increasing in o~.

3, = (21)

). As expected, X is decreasing

The convergence rate y/n/h of 5 exceeds the usual parametric rate /n. To understand this increase
over the parametric rate, some heuristic analysis is helpful. For this purpose, we use the simple case where
d =1, so that ¢ is the only covariate. The convergence rate is then determined by the balance between an

empirical process and a deterministic centering process. Recall that

7 = argmax Qu(7) = argmax {Qu(7) - Qu(r0)} -

Because 7 maximizes @n(v) —Qn (7o) on I" and v, € I', we have the decomposition

0= Qu(3) — Qn(30) = [Qo(D) = Qo(ro)] + [ (@n ) = Qo) = (Qu(0) = Qo)) |

where the first term on the extreme right side is the limit centering process and is less than zero because

7o = argmax Qo(7), whereas the second term is the modulus of continuity of the empirical process, which
YyE

exceeds zero. Hence, Qo(7) — Qo(7y) and

¢n (9)
NG

sup_ [ (Qu@) = Qo) = (@nlr0) = Qolr0) )| =

[y—70l<6
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must balance out so their sum is greater than zero.
In the h neighborhood of v, we can treat the model as a parametric one, so without loss of generality,
assume
= Al(gi <o) + ui,

where ¢; = i/n,i=1,--- ,n u; ~ N (0,1) and A > 0. Now, 4 tries to maximize A (7) — A (v,), where

)yi — f:h ( >yz (22)

i=ny+1

ny
A(y) hzk<

i=n(y—h)
For |y — 7| < 6, and v < 7, we have

A(y) = A(y)

1 ey i—ny 1 (&) i—ny 1 20 i—nYg 1 n(yoth) i—nvg
= | nh Z ki(nh)yiiﬁ Z k+(nh)yl T | nh Z ki(nh )ylim Z k+(nh)yi

i=n(y—h) i=ny+1 i=nvyg+1

g i—ny A i—ny 1 n(th) i—ny
=|A + 'th Z k— (W) Ui — nh Z k+ ( nh ) nh Z k+ ( nh )’U,i

i=n(y—h) i=nvy+1 i=ny+1

nYo ) n(yg+h) )
A+ 7% Z k_ (Z_nnh'yo) Ui — ﬁ Z k+ (1—5?0) U;

i= "(’Yo—h) i=nyg+1
1 z ny 1 X i—ny i— n'yU 1 n(eth) i—nvyg i—ny
~ h =) +an > [k_(nh)_k ( )]“7+EZ [k+(nh)_k+(nh):|ui
= ”’Y-‘rl i=n(y—h) i=nypg+1
"’Yo .
[k (550) + ke (577) wi

1= n’y+1

—0 (A S
“o, ( s

k+(v)dv> +0, (k’(@)\/nlh 1 (”0;”) dv + K, (0 \/nh Jo (252 %)2 v>
(i (2 ) ).

If A is fixed, k4 (0) = 0 and &, (0) > 0, then [, ™ ky (v)dv = O ((%};7)2> o (voh—v) dv = [ )
(voh—’v)Q and f0¥ (k+(v) +k_ (% - v))2 dv=0 <(7“h_7)3) Asaresult, Qo(v)—Qo (7o) = O (6%/h?)

and 6, (6) = /31 since (%’:7)3 - ((%h >2> Suppose 7 — g = Oy (1, '); solving 3z ~ \/\/;/Tij
we get r = /]

For comparison, consider the IDKE in YP and in Method III. In the former, fovoq ky(v)dv = 297,

f_ (’Yo ’Y) dv=f01 (L}](J)de: (W)Z,andf()%( L(v) + K (70 7 —v)) dv = 2o since k4 (0) >

2
0. As a result, Qo(7) — Qo(vy) = O(3/h) and 6, (6) = +/5/h% since (%T‘”) - o(¥> Solv-
ing rih ~ \/%L, we get r, = n. In the latter (as will be detailed in the next section), A — 0, so
V /n _
Qo(7) — Qo(ve) = O (A§/h) and ¢, (8) = \/3/h2. Solving -2~ \/"/T’ we get 7, = nAZ,
Figure 4| illustrates these heuristics. For example, in Method II, because Qo(y) — Qo(7,) is quadratic

(in the neighborhood of v,) as in the regular parameter case, we expect 7 to have an asymptotic normal
distribution. The extra h in the convergence rate \/n/h arises because the variations in Qo(v) — Qo(7o)
and ¢,, (§) are both in the scale of h in this nonparametric setup. In YP, Qo(v) — Qo(7,) is a nonsmooth
function of v (in the neighborhood of ;) such that v can be more easily identified than in Method II, so

31Locally, q; follows a uniform distribution on [vo — h, v + h], so we assume it follows the discrete form of U [0, 1] here.
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Method II: Fixed A, k.(0) =0 YP: Fixed A, k+(0) >0 Method IIT: A | 0,k+(0) >0

ob.2=h [4\ nth
1
g 0 Yo—h ’Y}o Jo+h
2 [}
: !
I
= "
!
g ||‘
] 1
\
1 §
o) ;o
1 1
1 1
h |
1 1
N 1
AF-—————- | |
e _lr=l e _Aly—ml
h h
_br=xl , vé/va _Abr=mwl _ V/yn
h h h h
Y Y Y

Figure 4: Balancing Qo(7v) — Qo(7,) and ¢"f(rf) in Method II, YP and Method III

the convergence rate n is faster than /n/h. In Method III, Qo(7) — Qo(7,) is still nonsmooth but the
nonsmoothness is less severe (the left and right derivatives of Qo(y) — Qo(vo) at v, are O (A/h), less than
O (1/h) order in YP), so the convergence rate is slower than that in YP@ In YP and Method III, the
convergence rates of 4 are actually the same as in the parametric cases.

For inference of v based on inverting the ¢ statistic, we need to estimate ¥ in Theorem[3] A straightforward

approach is to use the sample analog. Specifically, we can estimate 3 by

LS k(g — )AZF) P (x:)202¢ o

5 = 2 N
(£ 500 e = HA2E) F (@, 7) () #, (0)2
where
A7) = (- (@ D@7 = e @i Fr 7))
~ 1 - . ~ 1 - .
fla) = —5 > Kiy J@nn)=— > Kigkle—),
Jj=1,j#i j=1,j#i
() = yi—m-(zi, )@ <) — M (z,7) 1@ > ), 8 =0 (7)

32To understand the convergence rates of 5 in Methods I and II, we can compare these rates with those in Seo and Linton
(2007) where a parametric TR model is considered. In the SLSE of Seo and Linton (2007), 1(g; > ) in the objective function of

the LSE is changed to K (%) with K (-) being a cdf, which results in a convergence rate of \/n/h, which is exactly the same

as in Method IT; when h is fixed, the convergence rate reduces to /n, the same as in Method I. On the other hand, although
the convergence rate of Method II and that of Seo and Linton are the same, the asymptotic distributions are still different.
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with

T +
ﬁ Z;‘L:Lj;éi K}iijkh (@5 —7)yj

ﬁli(iﬁz‘ﬂ) = n - + ’
ﬁ Zj:l,j;éi Ky kg (g =)
~ 1 = .
fe(@i,y) = n—1 Z ijk’f(qy—ﬂ-
j=1,j#i

The next result establishes that & is consistent.
Theorem 4 Under the assumptions of Theorem@ PR 3}

Another method of inference is based on inverting the LR statistic. Although this method has been
proposed in the small-threshold-effect framework by Hansen (2000), it seems new in the current setting. Our

LR statistic can be used to test whether v = v, and is defined as

K. (0) E[Af(zi)Aif(i)lg: = 7ol (A A ) .

W (2) = n
LR, (7) = nh §ay BlAT(zi) f2(2i) (0% () + 02 (x:))|g: = Yo

Corollary 3 Under the assumptions of Theorem[3,

d
LR (7o) == xi.

B[A (i) Ai f(zi)|ai=]l
A?c (‘Tz)fQ(wl)(O'i (zi)+02 (@) gi=70]

15 A2(3) F(2s.7) Flas o .
estimator is = %'L:l?ji E:j:(qu%é?(];)fgi;g)z];i;l)7 which is consistent from Theorem Hence, the (1 — a)100%

LR-CI for 7 is

. The natural

To construct a CI for v based on LRS) we need to estimate B

(IR o < e,

72" ; BA s (2:)Aif (@)=l ; (1) it osti is
where LR, () replaces I G0 o tor @llai=re] LRy’ (v) by its estimate, and cv,, is the (1 —

@)100% quantile of x3.

5 Inference Based on the IDKE with Shrinking Threshold Effects

In the previous section, the IDKE was adjusted by letting k4 (0) = 0 to construct a CI for  and the threshold
effect was taken as fixed. In this section, the IDKE is adjusted from a different perspective by allowing for
the threshold effect to shrink to zero with the sample size but requiring that k(0) > 0.

5.1 Optimal Rate of Convergence for ~

First, we discuss the interpretation of a shrinking threshold effect. As argued in Section 2.4 of YP, the local
shifter 1(¢ > 7) plays the role of an instrument. When ¢ shifts from the left side of 7 to its right side, the
shift in the mean of y shrinks to zero. This behavior can be interpreted as the manifestation of a weak IV
problem in the threshold regression context. A natural question that then arises is the identifiability of ~y
as ¢ shrinks to zero. To put this question a different way, we can ask what is the minimum magnitude of §
that ensures identification of +. For this purpose, we cast the model in the following framework.

Suppose P is a family of probability models on some fixed measurable space (€2, .A). Let v be a functional

defined on P. Given an estimator 4 of v and a loss function L (7, ), the maximum expected loss over P € P
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is defined to be

R(®,P) = Igléng [L (7, v(P))],

where Ep is the expectation operator under the probability measure P. A popular loss function (e.g., Stone
(1980)) is the 0-1 loss

~ ~ €
LA,7) = 1{Iv—7| > 5}
for some fixed € > 0, which will be used in this paper. Under this loss, R (¥, P) is the maximum probability
that 7 is not in the €/2 neighborhood of . The goal is to find an achievable lower bound for the minimax
risk defined by

infR (7, P) = infsupEp [L (7,7(P))]- (23)
7 3 pep

Ounly if ¢ is large enough, will the right side converge to zero. The best rate of convergence of R (7,P) to
zero is then called the optimal rate of convergence or the minimazx rate of convergence. Now P € P in our

model is characterized by m+(z,q) and v as follows:

P8 = { Pt T2 = 000y (= )10 £ 2) = )10 > ),

m_(z,q) € Cs (B,X xT'[),my(z,q) € Cs (B, X xT') ,/ucpzyq(u)du =0,v€ F} ,

where 41 is Lebesgue measure on RY, ¢, 4(u) is the conditional density of u given (z',q)', and Cq (-,-) is
defined in Section 221

To formulate a precise statement of our next result, let

Pn = \/A (m*(x")/) - m+(x’7))2 f(x|'7)d$7

where v = y(P), and f(z|y) can be replaced by any weight function w(z) with 0 < ¢ < w(z) < C < oo and
[y w(z) = 1. If B[z, q] is continuous, then p, = |E[x|q = 9] Sn| = O ([|6,]]), similar to the ||5, || in Section
Bl

Theorem 5 Suppose Assumptions F, S and U hold, and P € P(s,B) with s > 1. If nz’ssjpn — 00, then

lim inf sup P (npi ¥ =~ (P) > E) >C,
n—oo 7 PEP(s,B) 2
and if n=¥1p, = O (1), then
lim inf sup P (W—V(P)l > E) >C,
n—oc 7 PeP(s,B) 2

for some positive constant C and small € > 0.

We begin our discussion of this result by clarifying a key difference between the parametric and nonpara-
metric threshold models with shrinking threshold effects. In the former, as long as the jump size is n=* with
0 < a<1/2 (ie., larger than 71*1/2)7 ~ can be identified; in the latter, however, we require a jump size larger
than n~ %71 to identify 4. In other words, the minimum rate of convergence for  in the nonparametric
model must be larger than n7 rather than any rate diverging to infinity as in the parametric model. In

—1/2

. __s 1 . . . e e
the parametric model, s = 0o, so n™ 2s+1 = n and n~ 2T = 0, i.e., the parametric result is a limiting
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special case of Theorem [blas s — oco. Such a difference between the parametric model and the nonparametric
model does not seem to have been explicitly recognized in the literature. For example, Miiller and Song
(1997) show that the convergence rate of the DKE is np? when ¢ is the only regressor by implicitly assuming
a trade off in rates under which p,, is taken to be larger than n~ %+, In fact, when  can be identified, the
optimal rate of convergence for v is the same as in the parametric case. This rate is achieved by the IDKE,

as shown in the next section.

5.2 Asymptotics for 7

To facilitate finding an expression for the limit distribution of 74, we define the following quantities

D, = E[Ap(z)Aif(zi)la = ol/ P2,
Vip = BA} (i) f*(@i)o? (z:)|gi = Yol /i,
Vo = B[AG (i) 2 (2007 (z:)lai = 7o)/ 3

where p,, is evaluated at v,. We also impose the following conditions on the bandwidth h.
Assumption H': h — 0, \/nh?/Inn — oo, p,, — 0, p,,/h* — 00, nhp2 — .

(s—d)
If we employ the optimal bandwidth h = O (nfﬁ» then /nh?/Inn = n22<25+1+>1/1nn — 0o under
Assumption G (s > d). Also, p,,/h® — oo and nhp? — oo hold when n%+1 p, — co. The limit distribution
of 7 is given in the following theorem.

Theorem 6 Under Assumptions F, G', H, I, K', S and U, if D,, — D and Vp, — V; as n — oo, then

~ d
npp (7 — o) — w-A(N),

Vi

__1 W
where w = 7o) D and

Wi(-r) - ifr <o,
A (M) = argmax 1) =% ' i<
r \/XWQ(T)_%, if r >0,

with A = Vo /Vh, and Wy(r), £ = 1,2, being two independent standard Wiener processes on [0,00).

In some special cases, the asymptotic distribution of 5 can be simplified. For example, if 02 (x;) = 03,
and 03 (z;) = 03, so that the model is locally homoskedastic within each regime, then A = ¢3,/07; if
0% (z;) = 0% (z;) = 0}, so that the model is homoskedastic locally around v, then A = 1. To compare with
the asymptotic distribution of 4 in Method II, note that by Slutsky’s theorem,

2
2fq(70)Dn(;y\_,yo)i)A(>\)

in Method III, whereas
npy fq(v0)Dp K, (0)* d
T — — N(0,1 24
\/h T e (0 N 29

in Method II, so we use a different normalization on (¥ — ) to achieve a nondegenerate limit distribution.
We can show that when p,, — 0, the result in still holds and the CI based on LRS) (7) remains

valid. The convergence rate of 7 in Method II is \/np2 /h. Since \/np2 /h/np? = \/1/ (nhp2) — 0, the 5
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Figure 5: Comparison Between the PDFs of /' (0,1) and A (A\): A =0.5,1,2

estimator in Method II has a slower convergence rate. But its convergence rate is still faster than that of the
2SLS estimator in Sectionbecause V2 [h/\/n 16,17 = O (\/1/7) — 00. Figure |5/ shows the difference
between the N (0,1) and A () limit densities, where the analytic form of the density of A ()) is reported in
Appendix B of Bai (1997), viz.,

g (<) 3 0 e 0 D ahe (<) o
& (3R + (4 ) e (P00 (- (Vi+ p) va) o0

with ® () being the cdf of A'(0,1). Intuitively, when the heteroskedasticity measure A > 1, it is more likely
that A (A) achieves the maximum at r > 0. This intuition explains why the right tail of A (\) is heavier than
the left tail. Interestingly, the effects of A on the limit distributions of the two ~ estimators are different: its
effect on the estimator 7 in Method II is to increase variance (but maintain symmetry), whereas its effect
on the estimator 4 in Method III is to introduce skewness.

For comparison, we state the limit distribution of the DKE in the following corollary. For this purpose,

we adjust Assumption H’ as follows.

Assumption H': h — 0, v/nh?/Inn — oo, A, — 0, A,/h* — 0o, nh?A2 — oo, where A, is defined in
and is equal to (1,2,7) 0n when Ele|z,q] is continuous.

The optimal bandwidth A = O (n_ﬁ) satisfies Assumption H”.
Corollary 4 Under Assumptions F, G', H', I, K', S and U,

nhdilAi(ﬁ - %) BN Wo - A (Noy K)
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2
where w, = fa(;fi";) , and

Wl(ir)fga zfr§0,
VAW (r) = L ifr >0,

A (Ao, k) = argmax

2
with A, = Z;Ez"g, k2 being defined in , and standard Brownian motions Wy(r), £ = 1,2, as in Theorem
1Ol

The distribution of A (X, ) is derived in Proposition 1 of Stryhn (1996). Since it will not be used for
inference, it is omitted here. Compared with the convergence rate of 7 (viz., np2), the convergence rate of
5 (viz., nh?"1A2) is much slower especially when d is large. But it is still faster than the convergence rate
of the DKE in Method II because the ratio nh9'A2/\/nhd-2A2 = \/nh?A2 — co. To compare with the
limit distribution of 4 in Method II, note that by Slutsky’s theorem,

— f(moa’y ) ~ d
nh? IA?)W%(;(’Y —70) — A Aoy K)

in Method III, whereas

nhd=1A2  f(zo,79) K, (0)% _ .
\/ h 02 (z0) (14 Xo) K21 (¥ —v0) — N(0,1)

in Method II. The limit distributions of % in both methods involve only information local to x,. Similar
to A in the limit distributions of 7, A, affects only the variance of 7 in Method II, but affects symmetry in
Method III. A new factor x2 also appears in the limit distributions of 7; different from \,, the factor x>
increases variance but does not affect symmetry in either case.

Tt is also interesting to notice that the limit distribution of 4 in Method IIT does not depend on the kernel
choice whereas the limit distribution of 7 in Method III does depend on the kernel choice on x (although
not on ¢). These results echo Theorem 1 and Corollary 1 of YP where p,, is fixed and k4(0) > 0. But
when k4 (0) = 0, from Theorem [3] the asymptotic distribution of 4 depends on the kernel choice on ¢, and
from , the asymptotic distribution of 4 depends on the kernel choice on both x and ¢. In other words,
whether k4 (0) = 0 or not does indeed affect the role of the kernel on g with respect to data usage (and hence
efficiency) of the estimators.

We next discuss inference concerning the threshold parameter v based on our IDKE approach. Although
we can construct a CI for v by inverting the asymptotic distribution of 7 in Theorem @, Hansen (2000) shows
that such CIs perform poorly due to the identification failure when p,, = 0. He suggests constructing CIs for
~ by inverting the LR statistic instead, which in our case is defined as

1 D,

LR () = nh

(0 ()= Qu ().
To do so, we make use of the following result.
Corollary 5 Under the assumptions of Theorem [6},
LR (v9) = M (),
where M (X\) follows the distribution P (M (\) < z) = (1 — e~ ?)(1 — e~ */*) with X\ defined in Theorem @

To construct CIs for v, we need to estimate D,,/Vy, and A. By similar procedures to those of the last
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section, we can show that

D _ 2 X knle DA (@A) ()
Vi AR QYR CO
5L i kil DA P @)

* iy (= DARE) ()2

are the required consistent estimators, where A, ), f(ml,‘y\), f(xl) and u; are defined in the last section. If

o2 (z;) = 03y and 07 (x;) = 03, then X can be simply estimated by the ratio

D oY
% ?:1 k; (@i — :Y\)af

where Eﬁf) (y) replaces D,,/Vi,, in LRY () by its estimates, and ¢v,, is the (1 — o) quantile of M obtained
by replacing A by its estimate.

To compare the LR statistic LR\ () with LRY () in the last section, note that LR (7) can be
expressed as

K. (0) D, ~
(1) () = pht -
LAY (1) = nh=f ot (@ () = 2 ()

If Qn ) — Qn (7) are the same in these two LR statistics, then

LR () _ ke OK0)  Vie o 25)
LRst) ('y) 5(1) ‘/ln + ‘/Zn "

If the model is locally homoskedastic in each regime, then R,, = 4—5>12 k(K (0)

, o303, €y
w© 2k+<g>(k)+<o>
the same in LR (v) and LRP (7) because the employed kernels are different and the 7’s are different. To

, which is further simplified

when the model is locally homoskedastic in both regimes. However, @n ) - @n (7) are not

compare the asymptotic distributions of these two LR statistics, we plot the asymptotic pdfs in Figure [f]

and report their 95% critical values in Table 2

Test Stat. | LRYY LRP(A=05) LRP(A=1) LRP(\=2)
95% crit | 3.841 3.040 3.676 6.081

Table 2: 95% Critical Values of LRS) and LR$L2) for A =0.5,1,2

5.3 Comparison With the Parametric LSE

We close this section by comparing the IDKE with the LSE in the parametric case (see, e.g., Hansen (2000)).
From YP, the LSE 7 g5 obtained by minimizing

min (Y — X5 — Xei8) (Y = XB—X<y0) =YY —Y'PY (26)
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Figure 6: Comparison Between the PDFs of x? and M for A = 0.5,1,2

is equivalent to estimation by maximizing
s ’ =1 7 / =1 ’ —1 <
(5 X ) [X (X'X) 7 XL Xoy (X'X) 7 XL X (X'X) 71 X } (X5) , (27)

where P, is the projection matrix onto span (X, X<,), S('y) is the LSE of ¢ based on splitting according
to the threshold ~, and X and X<, are defined in with a similar definition for X-.. Here, X6 (v) =

o~ n o~ -~
{xgé ('y)}i:l, and x;0 (y) is an estimator of the conditional mean differential A (x;,7). Since A;(y) is

estimating A (z;,7) f(x4,7), X5 (y) is mimicing {31 ) /f (:ci,fy)} . In the parametric case, f(x;,7q)
i=1

E[A?]gs=,]*

and f(z;) do not appear in D,, Vi,, and Va,, so p2D2/Vi, reduces to EA T pR—— and A\ reduces to
et} =10

E[AZu?|gs . E[A?|qi=
W, if 02 (z;) = o}y and 0% (z;) = 03, then p2 D2 /Vi, further reduces to % and A

further reduces to % A natural question is how to generate the same asymptotic distribution as in the

10
parametric case when Ele|z, ¢] is continuous. By careful inspection of the derivations in the proofs we can
show that, if the objective function of the IDKE changes to

n
—~ K~
Z ( n— IZ] 13751 h’L] n— IZ] 1]751 h’Lj
- S - —
f ) an] 1,j#i h’L] an] 1,j#i hzg
then the asymptotic distribution of the IDKE is the same as that of the parametric LSE, where f(xi,’y)

and f(xz) are consistent estimators of f (z;,) and f (z;), respectively. Asymptotically, we impose a weight

falz(Volzi) on A2, This weight is intuitive in the sense that when there are more data points in the neighbor-
hood of ¢ = 7y, at z;, we impose a larger weight on A?. In fact, we can also show that the IDKE using this
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objective function has the same asymptotic distribution as the LSE even in the framework of YP@ In other
words, the complex-looking weights in the square bracket of the objective function are asymptotically
equivalent to { fq‘x(’yo\xi)}?zl . Such an equivalence result is not at all obvious from the original least squares
objective function .

6 Two Specification Tests

In this section, we study limit theory of the two specification tests in Section 2.2 We first specify some
regularity conditions which are modifications of Assumptions F, G and U given earlier.

Assumption F’: f(z,q) € C; (B, X x Q).
Assumption F”: f(z,q) € C\ (B,X xI'c) with A>1, and 0 < f < f(z,q) < f < o0 for (z',q)' € X x T.
Assumption G”: (i) g(z,q) € Cs (B, X x Q) with s > 2; (i) g(x,q) € Cs (B, X X T'¢) with s > 2;
Assumption U

(a) f(ulz,q) is continuous in u for (z',q)" € X x Q~ and (2',q)" € X x Q*, where Q~ = [g,7,) and
Q* = (70,4

(b) f(ulz,q) is Lipschitz in (z',q)" for (z',q) € X x Q~ and (2',q) € X x Q.

(¢) Blu*|z, q] is uniformly bounded on (z',q) € X x Q.

The following Assumptions B1 and B2 are made on the bandwidths used in the first and second tests.

Assumption B1: nh? — oo, h — 0.
Assumption B2: nh? — oo, b — 0, h/b — 0, nh%/26>" — 0, where n = min (A + 1, s).

Given d > 1, h/b — 0 implies h%?/b — 0, so nh* — oo implies that nh%?b — oo, where nh%/?b is the
magnitude of I'? under Hl(z). The quantity nh%/262" is the bias of I under Hé2), so the assumption
nh®2p21 — () guarantees that 1.7(12) is centered at the origin. Under H(()l), the bias of L(Ll) is h*2 so h — 0
ensures that 17(11) is also centered at the origin. The condition h/b — 0 requires that h is smaller than b,
which helps to generate power under H£2) and shrink the bias under HéQ) to zero. Intuitively, if h/b — 0,
then the term Kj, ;; in L(f) makes the product €;€; behave like a squared term, producing an effect that
generates power. In the first test, m(x,¢) under Hél) is parametric, so the corresponding bandwidth of b
is a constant so that h — 0 necessarily implies h/b — 0. In testing H(SQ) versus HI(Q), our test statistic L(,Q)
still applies when E[e|z, ¢] is not smooth at ¢ = 7,. But in this case the null hypothesis is better modified
to the equivalence m_(z) = my(z) for all z € X and g in Assumption G” does not need to be smooth at
q = 7,- Also, we need to add the requirement nh%2b% — 0 to Assumption B2, where nh%/?b? is the bias of
L(f) attributed to the cusp of m(z,q) at ¢ = 7,.

In the second test, we impose the following assumption on the kernel I, (-, t).
Assumption L: [;(-,t) takes the form of (@ with order p=s+ X — 1.

Thus, I,(-,t) may be a higher order kernel to reduce the bias in ;.

33Using such an objective function, the asymptotic distribution of the IDKE with k+(0) = 0 in Section
(Ela2u?lgi=vg 1+ E[AZulai={1) €1y

(1)
fq(’Yo)(E[A%\qi:’Yo])2k/+(0)2 , and LR;,’ (v) changes to

would also change. For example, ¥ would change to

nh k! (0) B[AF1g:=0] <©n ) — On (7))

£ BlAZu?lgi=ng 1+ E[ATu? |gi=v{]
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6.1 Limit Theory for the Two Tests

The following two theorems give the limit distribution of L(f) under the null H, ée) and local power under H 1(6).

Note that the main component of IT(LZ) under H(()e) is a degenerate U-statistic, so the asymptotic distribution

is normal rather than a functional of a chi-square process, as in the usual structural change literature.

Theorem 7 Under Assumptions B1, F', G" (i), K, S, and U, the following hold:

(1)
JIOINgYs (0, 2“))

uniformly over H(()l), where

S0 =2 [ K4(u)duB [f (2.0) 0" (2.0)] . with o (2,0) = Blul, g,
which can be consistently estimated by
2h?
(12 _ K2 8282
vyt = €€
n(n—l)z;; hiig=i=;
Hence, a test based on the studentized test statistic Tﬁbl) = L(Ll)/vg,,l)

1 =1 (T,§1> > za) :

has significance level ., where z, is the 1 — v quantile of N(0, 1)@

(ii) If under Hl(l), m(z,q) —m(x,q) =n"Y2h~Y* A, (z,q) such that [ An(z,q)? f(z,q)?dedg — A, then

W4, N (A, 2“)) and TV~ N (A/@, 1) :

so that the testty) is consistent and P, (T,(Ll) > za) — 1 for anym (-) such that [ (m(z,q) — m(z, 0)? f(z,q)2dzdg #
0. Furthermore, the result continues to hold when z, is replaced by any nonstochastic constant
C,=o0 (nhd/Q).

According to this result, IV has only trivial power if {(m(m, q) — m(a:,q))2 f(x,q)} = 0. Consider the
following special example to illustrate. Suppose m(x,q) under H(gl) is x'8+x'01 (g < 7), and the alternative
is m(z,9) = '3 + %01 (q < 7) +X'€ + x'(1L(g < 7), then obviously, B [(m(z,q) —m(x,q))" f(z,q)] = 0
under H 1(1) and Iy(ll) has no discriminatory power against such m(x,¢q). This point was observed for classical
specification testing without threshold effects — see, e.g., Bierens and Ploberger (1997, p. 1135). Possible

cases that do generate non-trivial power include models where (i) m(x,q) takes the same parametric form

but has a different threshold point from m(z,q), and (ii) m(z,q) takes a nonparametric form for which
J (m(x,q) —m(x,q))° f(x,q)*dedg > 0.

Theorem 8 Under Assumptions B2, F', G"(ii), K, L, S, and U, the following hold:

(1)
1@ 4, (0, 2<2>)

34The test is one-sided because I,(,,l) is based on the L2-distance between m(-) and m(-).
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uniformly over H(()z), where

5@ _ 2/k2d(u)duE [15f (z,9) 0" (,9)] ,

which can be consistently estimated by

v,(LQ)Q i 1 Zzl Kh ”AQAQ

)
As a result, the test based on the studentized test statistic TT(LQ) = IT(?)/v,(lz)
12 =1(1? > z),

has significance level o, where z, is the 1 — a quantile of N'(0,1).

(i) If under H?, m_(z) — my(z) = n~Y2h=9/4p=1/2A, (z) such that J A () f(z,7)%dz — A, then

1 -4 N (¢A, =) and T -5 N (¢A/VEE) 1),

2
where ( = 2f01 (fvl l(u)du) dv, and the test t,E?) is consistent with P, ( ,(L2) > za> — 1 for any m
such that [ (m_(z) — m(x)) f(@,70)2dx # 0. The result continues to hold when z, is replaced by

any nonstochastic constant C,, = o (nhd/Qb).

These two theorems show that IT(L1

) and I{? have power against different deviations of m(x,q) from Hy.
For 17(11)7 power is generated from global deviations of m(z, ¢) from Hy, just as in classical specification testing
(see, e.g., Theorem 3 of Zheng (1996) and Theorem 3.1 of Fan and Li (2000)). For 182 power is generated
only from local deviations in the neighborhood of ¢ = 7,. In consequence, we need a larger deviation for

1(2) than for I( ) to generate non-trivial power — specifically, n 1/Qh_d/%_1/2/71_1/211_d/4 =b"12 5 .

6.2 Bootstrapping Critical Values

As is evident from the proofs of Theorems |7] and [8] the convergence rates of T,(Ll) and T£2) to the standard
normal is slow. The bias under Hél) is h%/? and under Héz) is nh9/2b?". Both these rates are low for some
standard choices of bandwidth. As argued in the literature of classical specification testing (see, e.g., Hérdle
and Mammen (1993), Li and Wang (1998), Stute et al. (1998), Delgado and Manteiga (2001), and Gu et al.
(2007)), an improved approximation of the finite-sample distribution of T,(Le) can be obtained using the wild
bootstrap (Wu, 1986; Liu, 1988). We therefore suggest that the following algorithm WB be used in both
tests, with €; and 7; having different definitions in the two tests.

Algorithm WB:

Step 1: For ¢ = 1,--- ,n, generate the two-point wild bootstrap residual u; = ( ) /2 with proba-
bility (1+v/5) / (2[), and u} =¢; (1+ v/5) /2 with probability (v/5— 1) /(2 ) then E* [u}] =0,
E* [u;“z] =¢? and E* [u;"?’] =¢?, where E* [| = E[-|F,] and F,, = {(z i Yi) Y

35



Step 2: Generate the bootstrap resample {y;, z;, ¢}, bylﬂ
Yi = Uit ug

Then obtain the bootstrap residuals € =y — 47, where ¥ is defined similarly to y; except that y; in

the construction of ¥; is replaced by y; .

Step 3: Use the bootstrap samples to compute the statistics

ha/2
Ir(zl)* = nn,1 ZZKh”A;k €5

)
d/2
2« _ nh 4T
R
i jF£e

and the estimated asymptotic variances

U,gl)*Q _ n — 1 ZZKh Zj/\>s<2/\;<27

e
2)%x2 IR /\*2/\*2
@2 — n_l YRR, e
i JF
The studentized bootstrap statlstlcs are T( ) E)* /vn . Here, the same b and h are used as in Iy(f)

and v(é) in Theorems |7] and
T(e)*

Step 4: Repeat steps 1-3 B times, and use the empirical distribution of { ok }k to approximate the
=1
null distribution of T; 7@. We reject H(()e) if T,&‘) T(le B’ where T T(LQX B) is the upper a-percentile of

B
T“)*} .
{ kg

In Step 1, a popular way to simulate u} in the second test is based on €;’s centralized counterpart &; = €; — e

rather than ¢; itself, where € = Z ellrb/ > 1Fb = (1_ b, 7+ b); see, e.g., Gijbels and Goderniaux

(2004) and Su and Xiao (2008). Such a formulation can lead to > el which will not

i=1

affect the asymptotic results but may affect the finite sample performance of Algorlthm WRB especially under
a?.

The bootstrap sample is generated by imposing the null hypothesis. Therefore, the bootstrap statistic

T7(Lé)* £)

will mimic the null distribution of T,S even when the null hypothesis is false. When the null is false, €;
is not a consistent estimate of ¢; or u;. Nevertheless, the following theorem shows that the above bootstrap
procedure is valid. This is because our studentized test statistic T(e)

the wild bootstrap procedure is not valid if the test statistic L(L )3 is used instead of T(z)

is invariant to the variance of e. But

35To construct 17(12)*, we need only the data with g; € [1 - b7+ b] .

361f we use a data-adaptive bandwidth such as cross-validation based on each bootstrap sample, then the algorithm is
extremely time- COHbqulIlg See Chapter 3 of Mammen (1992) for related discussions.

37In the first test, Z Z € = ; E el(qg <)+ = Z €;1(g; > 7) = 0 since the covariates include a constant term.
i=1 i=1

i= =
38 The wild bootstrap for IT(L2) should be valid becaube the misspecification in the variance of e happens only in a b neighborhood
of 7g.
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Theorem 9 Under the assumptions of Theorem[7 and|[8,

sup |P (TT(LE)* < z|.7-'n) - @(z)‘ =0, (1),
z€R

where ®(-) is the cdf of N'(0,1).

7 Simulations

We report simulations designed to assess the performance of our Cls and tests. We will concentrate on
procedures whose performance is unclear in the literature. For inference, we will check only the Cls that
invert the two LR statistics in Sections[4 and [f] It is unnecessary to compare the performance of the IDKE
and the DKE because YP have already shown that the former performs much better than the latter in
finite samples. Similarly, we do not check the performance of estimators and Cls based on our 2SLS or
efficient GMM procedure because these are compared in YLP with other estimators and CIs that employ
instruments. Further, we do not report the performance of CIs based on inverting the ¢ statistics because in
Method II its performance is similar to the LR-based CI and in Method III its performance is worse. For the
two specification tests, we investigate only the two nonparametric tests developed in the main text because
the performances of parametric tests developed in Supplement D are widely available in the literaturelﬂ
Another reason for focusing on these two CI constructions and two specification tests is that neither involves
instruments. As mentioned in the Introduction, good instruments are hard to find and justify in practice,
so these methods have appeal in applied work.

We use a similar DGP as in YP for the simulation designs. Specifically, y = 611(¢ < v) + ¢, i.e., the
threshold effect does not depend on z, where v = 0 and I' = [-0.1,0.1],  and ¢ are independent and each
is uniformly distributed over [—0.5,0.5], and ¢| (z,q) ~ N(—d2¢>,0.12). In CI construction, we let §; = 0.1
and 0.2, indicating small and large threshold effects, respectively, and do = 1, indicating severe endogeneity.
In testing endogeneity, we let 6; = 0.2 and d5 = 0,0.2,0.5 and 1, where 5 = 0 corresponds to the null. In
testing threshold effects, 47 = 0,0.1,0.2 and 0.5, and d = 1, where §; = 0 corresponds to the null. For the
IDKE with k4 (0) =0,

1 1 1
k_(z,r)=—2(1+2)1(-1<z< r)/(G — §r2 — 3r3> ,0<r<1,
and for the IDKE with shrinking threshold effects,
3 , 1 3 1,
= 21— 1<z< 4 ez <r<
k_(x,r) 4(1 =) 1( 1_m_r)/(2+4r 41"),0_7“_17 (28)

which degenerates to the Epanechnikov kernel when r = 1; ki (z,7) = k_(—=, r)@ In both tests, the kernel
in K} ;5 is specified in , and in the second test, 7; is estimated by the local linear smoother which implies
a second-order boundary kernel in L ;; as required in Assumption L. Following DH, three bandwidths h
are used based on the formula Cn~'/2 with proportionality constants C' = 2, 3 and 4; in the second test,

b= %hl/Q to guarantee h/b — 0 and nh%/2b*" — 0 with n = 2 The simulation study in Miiller (1991)

39 Although the literature (e.g., Zheng, 1996; Li and Wang, 1998) provides simulation results when the approximation function
m(z,q) in is smooth, there are no corresponding results when m(z, ¢) is discontinuous. Also, although Porter and Yu (2015)

investigate the finite sample performance of a similar structural change test as 17(12)

40These kernel functions imply £y =12and &, (0) =6in Corollaryand k+(0) =15in Corollary SoRn, =2

1.5 in our DGP.
“INotice that the range of bandwidths chosen is quite large, since the ratio of the proportionality constants between the

, no covariates x are included in that work.
ky(0)k) (0)
SO
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shows that a bandwidth without boundary adjustment works well, and we therefore use the same bandwidth
for both interior and boundary points. N = 500 replications with sample size 500 and 1000 are used. In
Algorithm WB, B = 399 when n = 500 and B = 199 when n = 1000. For CI construction the confidence

level used is 95%, and for testing the level of significance is 5%.

7.1 Two LR-Based ClIs

The coverage and average length of the two LR-based Cls are reported in Table 3. From Table 3, both
methods perform well in coverage. Reductions in bandwidth and expansion of sample size both marginally
improve coverage. On the other hand, different bandwidths and sample sizes have a big impact on CI lengths.
Specifically, under our DGP, the medium bandwidth seems to perform satisfactorily for CI length among
various scenarios and a larger sample size shrinks the length significantly. Another phenomenon deserving
of mention is that CI length decreases sharply when the jump size doubles in both methods. This outcome
is expected because larger threshold effects make the threshold point easier to identify. Comparing Method
II to Method III, the latter behaves a little better in coverage. This may stem from the fact that the latter
makes full use of the data information around 7, (k+(0) > 0) while the former makes only marginal use of
such information (k4 (0) = 0). This improvement comes at the cost that the CIs in Method III are generally
longer than those in Method II.

7.2 Two Nonparametric Specification Tests

The size and power of the two nonparametric specification tests are reported in Tables 4 and 5, respectively.
From these two tables, all tests have size close to the nominal 5% except in the second test with a large h
where the test is undersized. A large h implies a large bias in I,(?) so the rejection probability is adversely
affected. The power of the endogeneity test is very good - even when d5 = 1 and n = 500, the power is 100%.
The power of the second test is also very good - even when §; = 0.5 and n = 500, the power is close to

100%. As a benchmark, §; = 0.2 corresponds to two standard deviations of the error term w which follows

N (0,0.1%).

k+(0)=0

Coverage Length (x1072)
n 500 1000 500 1000
01 0.1 0.2 0.1 0.2 0.1 0.2 0.1 0.2
C=21]0998 | 0962 | 0.998 | 0.964 | 17.6 | 7.11 | 15.23 | 4.27
C=3]0.99 | 0.958 1 0.964 | 16.12 | 6.85 | 11.49 | 3.71
C=41]09841]0.954 | 0.992 | 0.970 | 15.98 | 7.52 | 10.62 | 4.07

0p — 0

Coverage Length (x1072)
n 500 1000 500 1000
01 0.1 0.2 0.1 0.2 0.1 0.2 0.1 0.2
C=2 1 0.980 1 0.972 | 18.52 | 7.83 | 17.94 | 5.46
C=3 1 0.986 1 0.984 | 17.23 | 5.11 | 14.59 | 2.47
C=410.998 | 0.984 1 0.898 | 16.27 | 4.45 | 11.72 | 15.78

first and the last is 2. In the estimation of 7, the bandwidth is smaller than the usual optimal bandwidth (which is of rate

T N S ; - 101/2,-1/4)2 — p1/2
n~ 25+d =n"5), just as suggested in Porter and Yu (2015). In the second test, N = n x (2 x 5C'/?n )¢ = Cn'/2 data
points are used to obtain ;. When C = 2 and n = 500, N &~ 45. When C = 4 and n = 1000, N =~ 126.
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Table 3: Comparison of Inferential Methods: Coverage and average length

for nominal 95% confidence for v with d2 = 1 and bandwidth proportionality constant C.

n 500 1000

02 0 02 | 0.5 1 0 0.2 | 0.5 1
C=2]52 8 52.8 | 100 | 5 | 11.8 | 78.2 | 100
C=3|58]|10.2 | 68.8 | 100 | 3.6 | 158 | 94 | 100
C=4|52]108| 788|100 | 3.8 | 21 | 97.2 | 100

Table 4: Size and Power of T\") (%): Nominal significance level 5%, §; = 0.2

n 500 1000

01 0 0.1 | 0.2 | 0.5 0 0.1 | 02 | 0.5
C=2|44|174 7821994 | 3 29 93 | 100
C=3]|40]222|784 | 100 | 2.8 | 46.2 | 98.6 | 100
C=4]38|17.2 | 68.6 | 99.4 | 1.8 | 49.8 | 98.8 | 100

Table 5: Size and Power of T}\>) (%): Nominal significance level 5%, d; = 1

8 Conclusion

All three methods of estimation presented here for threshold point regression remain valid and invariant to
endogeneity of the threshold variable. To the best of our knowledge these methods are the only ones in the
literature offering such robustness. The first method is a nonlinear 2SLS method and requires instruments,
while the other two methods are based on smoothing the objective function of the IDKE and do not require
any instrumentation in their implementation. These are important advantages in empirical work where valid
instruments are often scarce.

Our development and discussion of the 2SLS method clarifies some puzzles in the current literature about
the properties of threshold regression estimation. We draw attention in particular to the following matters
that are resolved in the paper: (i) why the usual GMM method cannot identify the threshold point in
structural change models; (ii) why two groups of moments are required to identify the threshold point when
the threshold variable is exogenous and correlated with the covariates and instruments, whereas only one
group of moments is sufficient when the threshold variable is endogenous; and (iii) why the bootstrap is valid
for our 2SLS method while it is generally invalid for the usual GMM approach.

In discussing the two IDKE-smoothing methods, we show that these IDKEs use different normalizations to
obtain operable asymptotic distributions under different assumptions and we explain why their convergence
rates are different. We further show how to construct confidence intervals by inverting the LR statistics
in both methods. Our three inferential methods provide considerable flexibility to practitioners. When
instruments are available, the 2SLS method of estimation can be used, coupled with use of the bootstrap for
inference. When instruments are absent, the other two methods can be used.

Two specification tests are suggested, one designed to check for the presence of endogeneity and the other
to check for threshold effects. Our results show that it is possible to test for threshold effects in the absence
of instrumentation even if endogeneity is present. An important implication of the test for endogeneity in
empirical work is that it helps to assess whether instruments are required to achieve consistent estimation
of the structural coefficients. Both tests are similar to score tests and have convenient asymptotic normal
distributions, although a wild bootstrap procedure is suggested to determine critical values for improved
finite sample performance.
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