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This paper studies a threshold regression model, where the threshold is determined by an
unknown relation between two variables. The novel features of this model are in that the
threshold is determined by two variables and their relation is nonparametric. Further-
more, we allow the observations to be cross-sectionally dependent and hence the model
can be applied to study thresholds over a random field. Empirical relevance is illustrated
by estimating an economic border induced by the housing price difference between Queens
and Brooklyn in New York City. Such economic border deviates substantially from the

administrative one.
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1 Introduction

This paper studies a threshold regression model, where the threshold is determined by an

unknown relation between two variables. More precisely, we consider a model given by
yi = xiBo + 300 - 1[g; < 7o ()] + wi

for ¢ = 1,2,--- ,n, in which the marginal effect of z; to y; can be different depending on
gi < 7Y (si) or not. The threshold function v,(-) is unknown and the main parameters of
interest are f3, dg, and vy,(-). The novel features of this model are in that the threshold is
determined by two scalar variables (g;, s;) and their relation is nonparametric. Furthermore,
we allow that the observations can be cross-sectionally dependent (i.e., they can be strong-
mixing random fields as Bolthausen, 1982), and hence the model can be applied to study
thresholds over a space.

This paper contributes to the literature as follows. First, we formulate the threshold
by some unknown interaction between two variables: 1[q; < vq(s;)]. Unlike the standard
threshold models presuming that the threshold is determined by the level of one variable (e.g.,
Hansen, 2000), we consider that multiple variables can determine the threshold. Furthermore,
the threshold function can be fully nonparametric (but smooth) and hence it can cover many
interesting cases that have not been studied. For example, we can consider a model with
heterogeneous thresholds if we see 7, (s;) as heterogeneous thresholds over 4; this specification
can cover the case that the threshold is determined by the sign of a conditional moment.
Apparently, when 7,(s) = v or vy(s) = s for some parameter v, and s # 0, it becomes
the standard threshold regression model (where the threshold is determined by the ratio ¢;/s;
for the latter case).

Second, this paper allows that the variables are cross-sectionally dependent, which has
not been considered in the threshold model literature. This generalization allows us to study
threshold models over a random field (i.e., space): If we let (g;, s;) correspond to the latitude
and the longitude on the map, then 7,(-) can be understood as the unknown border that splits
the area into two. Examples include identifying the boundary of some airborne pollution (or
toxic waste) or some tipping point over an area that segregates population.

The main results of this paper can be summarized in four-folds: First, we apply a two-step
estimation for this semiparametric model and derive asymptotic properties of the estimators,
where the unknown function 7, (+) is estimated using a kernel method. Provided dg = con™¢
for some ¢y # 0 and € € (0,1/2), it is shown that the nonparametric estimator 7(-) is

1/2_consistency using asymptotic results of

uniformly consistent and (B,S) satisfies the n~
random fields by Bolthausen (1982) and Jenish and Prucha (2009). Limiting distributions

of these semiparametric estimators are also derived. Second, we develop a pointwise test of



Hy : vo(s) = 7.(s) for given s; simulation studies show its good finite sample performance.
Third, as an illustration, we apply this new model to study an unknown spatial threshold. In
particular, we estimate an unknown economic border that splits the Queens and the Brooklyn
boroughs in New York City, where each region has a different level of elasticity to the house
price. Finally, we extend this threshold line model to identify a threshold contour or circle,
and we estimate it by rotating the coordinate.

The rest of the paper is organized as follows. Section 2 summarizes the model and our
estimation procedure. Section 3 derives limiting properties of the estimators and develops
a likelihood ratio test of the threshold function. Section 4 studies small sample properties
of the proposes statistics by Monte Carlo simulations. Section 5 applies the results to the
housing price data to identify unknown economic border. Section 6 concludes the paper with
describing how to extend this idea to estimate a threshold contour. All the mathematical

proofs are in the Appendix.

2 Nonparametric Threshold Regression

We consider a threshold regression model given by
yi = 2380 + w300 - 1lgi < v (s0)] + i (1)

for i = 1,2,--- ,n, where (y;, 7, q;,s;) € RITPHH and 4, (+) is an unknown function. The
threshold function 7(+) is unknown and the main parameters of interest are 3, dg, and v, (+).
In this model, the threshold is determined by two scalar variables (g;, s;) and their relation
is nonparametric. If we see this model as a spatial threshold model over a space, then (g;, s;)
can be understood as the location index (i.e., latitude and longitude) and hence the threshold
1[g; < v (si)] describes two-dimensional sample splitting.!

We estimate the unknown parameters in two steps. More precisely, for given s, we fix
7o (8) = 7, where v can depends on s, and we first obtain B('y; s) and g('y; s) by local least

squares conditional on ~:

(B (v58),08 (v8) = argngiénQn (B,6,7;8), (2)

'The results of this paper can be generalized for vectors ¢; and s; using multivariate kernel estimation.
However, we focus on the scalar case to make the presentation simple. Note that the model (1) is different
from Seo and Linton (2007), which specifies linear index form between (g;, s;) but assumes a nonparametric
smooth transition function instead of 1[-].



where

Qn (B,6,7;s ZK<

for some kernel function K (-) and a bandwidth parameter b,. Then, for a compact I' C R,

) — 28— 261 g < 7)) 3)

Yo(+) is estimated by
7 (s) = argmin @y, (7; $)
~yel’

for given s, where @, (y; s) is the concentrated sum of squares defined as

Qn (7;8) = Qn (3 (738),0 (v38) .73 S> : (4)

Finally, the estimators of 3, and dy are obtained from
(B,0) = arg mmz — 2B —wls)”, (5)

where w; = x;1 [q; <7 (s7)].

We allow for cross-sectional dependence in (7, g;, s;, ui)/ in this study. For this purpose,
similarly as Jenish and Prucha (2009), we consider the samples over a random expanding
lattice N, C R? endowed with a metric A (i,j) = maxj<y<s |ir — j¢| and the corresponding
norm maxj<y<2 |i¢|, where i, denotes the ¢-th component of i. We write |N,| for the number
of elements in N,, and we simply let the cardinality of N,, as n (i.e., |N,| = n); the summation
in (4) hence can be rewritten as ZieNn' Following Bolthausen (1982) and Jenish and Prucha

(2009), we also define a mixing coefficient:
a(m) =sup{|P(A;NA;) — P (A;)P(A))|: A € F; and Aj € F; with A (4,5) > m}, (6)
where F; is the o-algebra generated by (2, gi, si, u;)'.

We first assume the following conditions. We let f (g, s) be the joint density function of
(gi, si), and define

D (Qa S) = FE [$l$;’ (Qiasi) = (Qa S)] ) (7)
14 (Qa S) = Fk [‘le;uﬂ (Qi7 Si) = (Q7 5)] . (8)

We also denote S as the support of s; and S as a bounded subset in the interior of S. In

what follows, we only consider s; € S.



Assumption A

(i) The lattice N, C R? is infinite countable; all the elements in N, are located at dis-
tances at least Ao > 1 from each other, i.e., for any i,57 € N, : A(i,5) > Ao; and
limy, 00 |ON,| /1 = 0.

(i) (), qi, si,u;) is stationary and a-mizing with bounded (24+@)th moments for some @ > 0
and with the mizing coefficient o(m) defined in (6) that satisfies > .0, ma(m) < oo

and 3°%°_ m2a(m)?/(3¢) < oo.

(11i) 69 = con™ for some co # 0 and € € (0,1/2); (66,56) € Og some compact subset of
R?P.

(iv) E [u;xi|gi,si] =0 and 0 < E [u?|xi,qi, si] < 0o almost surely.

(v) 7o : S — T is twice continuously differentiable and 0 < P(q; < vo(si)) < 1, where ' is
a compact subset of the support of g;.

841 |<

(vi) Uniformly in (q,s), there exists some constant 0 < C' < oo such that E||z|| i, Si) =

(¢,9)] < C and E|||ziug [*T (¢, s5) = (g, 5)] < C for some T > 0.

(vii) D (q,s), V(q,s), and f(q,s) are bounded, continuous in q, and twice continuously

differentiable in s € S with bounded derivatives.
(viii) ¢4 D (7y9(8),8) co > 0, gV (79(8),s) co > 0, and f (vo(s),s) >0 for all s € S.
(i) E [x;z}|s; = s| is positive definite and bounded for any s € S.
(x) As n — o0, b, — 0 and n'~2b, — co.

(xi) K () is uniformly bounded, continuous, and symmetric around zero with satisfying
[K)dv =0, [v’K(v)dv < 0, ko = [ K(v)%dv < 00, limy_eo [0|K(v) = 0, and

lim, o0 || K (v)? = 0.

Most of these conditions are similar to Assumption 1 of Hansen (2000). Note that A\ in
Assumption A-(i) can be any strictly positive value, but we can impose A9 > 1 without loss
of generality. The conditions in Assumption A-(ii) are required to establish CLT for spatially
dependent random field by Bolthausen (1982). The condition on the mixing coefficient is
slightly stronger than that of Bolthausen (1982), which is because we need to control for
the dependence within the bandwidth in kernel estimation. Note that when «(m) decays at
an exponential rate, these conditions are readily satisfied. On the other hand, when a(m)
decays at a polynomial rate (i.e., a(m) < C,m™* for some k > 0), we need some restrictions

on k and ¢ to satisfy these conditions, such as k > 3(2 + ¢)/p. Assumption A-(x) and (xi)



are standard in the kernel estimation literature (e.g., Li and Racine, 2007), except that the
magnitude of the bandwidth b,, depends on e.

Given 7¢(+), the parameters 5, and dp are well identified provided that 0 < P(g; <
70(si)) < 1 and hence E'[zz}|s; = s] is positive definite under Assumption A-(ix), where
zi = [z}, 211 [gi < vo(s)])'. Assumption A-(v) restricts that the threshold v4(s;) lies in the

interior of the support of ¢;. The unknown border v,(-) is also well identified because for any

7%707

B | (i — @0 — @do [ < 7(s:))°
—FE [(yz — z380 — (001 [g; < ’Yo(Sz’)])2
= 6yF [:UZ:U; (g < v(s0)] — Ll < yo(si)])”

= n"*c\F [ZL‘ZZL‘ 1 min{v(s;),vo(si)} < ¢ < max{v(s;),vo(s:) H Si = S] o
>0

81'28:|

SZ':S}

S; :5] do

under Assumptions A-(iii), (v), and (ix), where the condition 0 < P(g; < v4(s;)) < 1 ensures
that there exist ¢; such that 1 [min{vy(s;),vo(si)} < ¢i < max{y(si),7o(s:)}] = 1.

3 Asymptotic Results

We first obtain the asymptotic properties of the nonparametric estimator 7 (s). The first
theorem shows that 7 (s) is consistent and derives the limiting distribution of 7 (s). Similar
to Hansen (2000), we let W (-) be a two-sided Brownian motion.

Theorem 1 Under Assumption A, 7 (s) —p Yo (5) as n — oo for any fized s € S. Further-

more, if n'=2b3 — 0,

n1=2%, (3 () — 9o () —a & (s) arg max (W (r) - m)

reR

as n — 0o, where

fls) - P2V (0 (8) 9
(4D (0 () ) 0)” f (0 (5) 5]

and k2 = [ K(v)?dv.

Note that the distribution of argmax,cr (W (r) — |r| /2) is known (e.g., Bhattacharya and
Brockwell, 1976), which is also described in Hansen (2000, p.581). The constant term & (s)



determines the scale of the distribution at given s, which increases in the conditional variance
E [u?!wi,qi,si]; but decreases in the size of the threshold constant |cp| and the density of
(¢i, si) near the threshold.

Theorem 1 also shows that the pointwise rate of convergence of 7 (s) is n'=2¢b,,, which
depend on two parameters, € and b,,. It is decreasing in € like the parametric case. As noted in
Hansen (2000), a larger € reduces the threshold effect 09 = con ™ and hence decreases effective
sampling information on the threshold. Since we estimate 7(-) using the kernel estimation
method, the rate of convergence depends on the bandwidth size b,, as well. Like the standard
kernel estimator cases, smaller bandwidth decreases effective local sample size, which reduces
the precision of estimators of y(-). Therefore, in order to have a sufficient level of rate of
convergence, we need to choose b, large enough when the threshold effect dg is expected to
be small (i.e., when € seems to be large and close to 1/2). For instance, by balancing the
square of conventional O(b2) bias and the O((n!72¢%,)~!) precision from Theorem 1, the

optimal bandwidth satisfies b = c*n~(1~2¢)

/5 for some constant 0 < ¢* < c0.2 However, it
does not mean that we can always choose b,, as large as possible, as well documented in the
standard kernel estimation. The choice needs to be such that n!=2¢%2 — 0, which is required
to control for the O(b?) bias term in the kernel estimator and hence the limiting distribution
of n'=2¢b,, (7 (s) — 7 (s)) has mean zero.

From Theorem 1, we can consider a pointwise likelihood ratio test statistic for
Hp:vy(s) =7,(s) forsome s €S, 9)

which is given as

LRy (s) = (éf{ <5"b;

) L @ ().9) ~ Qu(5(5).5
>> T Ge.e 1o

The following theorem obtains the null limiting distribution of this test statistic.

Theorem 2 Under the same condition in Theorem 1, for any fixed s € S, the test statistic

in (10) under the hull hypothesis (9) satisfies

LRa(s) = €1 (5) max (2W (r) —[r])

2Tt is the standard problem in the kernel estimation studies that the optimal bandwidth parameter selection
based on this expression is not feasible in practice since the constant term c¢* is unknown. In our case,
unfortunately, it is even more infeasible because the choice of the bansdwidth parameter depends on the
nuisance parameter € as well, which is not even estimable. We can use the cross-validation approach in
practice, though its statistical properties need to be studied further.



as n — 0o, where
r2cpV (Y0 (8) 5 8) co
o?(s)cpD (70 (5) ,5) co

with 02(s) = E [uZ|s; = s] and k2 = [ K(v)*dv.

§rr(s) =

When E [UZ2|33“ G, Si = s] = 02(s), which is the case of local conditional homoskedasticity, the
scale parameter £ (s) is simplified as k2, and hence the limiting null distribution of LR,,(s)
becomes free of nuisance parameters as well as common for all s € S. Though this limiting
distribution is still nonstandard, the critical values in this case can be obtained using the
same method as Hansen (2000, p.582) with a scale-adjusted by k2. More precisely, since the
distribution function of ¢ = max,cg (2W (r) — |r|) is given as P(¢ < z) = (1—e™#/2)21 [z > 0]
(e.g., Hansen, 2000), the distribution of ¢* = ko (which is the limiting random variable of
LR, (s) under the local conditional homoskedasticity) is P(C* < z) = (1 — e~#/2%2)21 [z > 0].
By inverting it, we can obtain the asymptotic critical values for a choice of K (-). For instance,
the asymptotic critical values for the Gaussian kernel is reported in Table I, where ko =
(2y/m)~1 =~ 0.2821 in this case.

Table I: Asymptotic Critical Values (Gaussian Kernel)

P(¢* > cv) 0.800 0.850 0.900 0.925 0.950 0.975 0.990
cv 1.268 1.439 1.675 1.842 2.074 2.469 2.988

For the general cases, £, (s) can be estimated as

ELR (s) =

where 62(s) = .7, wii(s)u?, and DH(s),s) and V (3(s),s) are the standard Nadaraya-

Watson estimators. Recall that

ﬁ(ﬁ( ngz s)z;x}, and V ngz s)rix

=1
with u; = y; — x;B - wig from (5) and

K ((gi =7 (s))/bl,, (si = 5)/b;)
2 j=1K((gj =7 (5))/by, (55— 5)/7)

wl,(s) _ K ((SZ - 5)/bn)
' >j—1 K (55— 5)/bn)

and wo;(s) =



for some bivariate kernel function K(-,-) and bandwidth parameters b/,, b/". Note that we
can also form an asymptotic confidence interval for 7 (s) using the likelihood test inversion
method advocated by Hansen (2000).

Finally, once we construct the estimator 7 (s;) for all s; € S, we can plug it in (5) to
obtain the /n-consistency of B and &, which is simply regressing y; on z; and z;1; (7 (s4))-
For this purpose, we obtain the uniform rate of convergence of 7 (s) as follows, which requires
more conditions on the bandwidth b,. More precisely, similarly as Carbon et al. (2007), we
suppose that either

n'=2b,,/(logn)® — co and nb3 /logn — 0 (11)

if the mixing coefficient o(m) decays at an exponential rate; or

n' =2, /logn — oo and n'"2pFHD/ (k=) /(1og p) =2/ (k=1 _, o (12)
for some k > 4, if the mixing coefficient a(m) decays at a polynomial rate (i.e., a(m) <
C,m™F* for some k > 0).

Theorem 3 Under the same condition in Theorem 1 and if either (11) or (12) hold,
~ logn
sup[7 () =0 ()] = 0y (5 +12 ).

Using this uniform convergence of 7 (s), the following theorem formalizes the /n-consistency

as well as the joint limiting distribution of B and .

Theorem 4 Let 6 = (B,,g)’ and 0y = (B4, 00)'. Suppose the same condition in Theorem 1

holds. Then, under n'=2¢b2 — oo and either (11) or (12),
vn (5— 90> —a N (0, M**IV*M**l) asn — oo,

where M* = E [22]] and V* = lim,,_, Var[n=/? 27_1 ziug) with z; = [xh, 241, (7o (5:))]'

[2aa}

Note that we need a smaller bandwidth parameter b, (i.e., n'=2¢%b2 — o00) in order to achieve
the /n-consistency of © in Theorem 4. This additional condition is required to satisfy the
asymptotic orthogonality condition between 0 and ~ (e.g., Assumption N(c) in Andrews
(1994)), that is, replacing 7 by 7, in (5) has an effect at most o,(n"1/2). Given that we
recover the n~1/2 rate by using all the observations (except those with s; ¢ S), the asymptotic

variance now involves cross-sectional dependence as indicated by the long-run variance form



V*. This can be consistently estimated by the spatial HAC estimator proposed by Conley
(1999) and Conley and Molinari (2007) using u; = y; — ZL‘;B - wig and 7(+), with a slightly

stronger condition on the mixing coefficient a(m).

4 Monte Carlo Experiments

In order to study small sample performance of the likelihood test, we conduct Monte Carlo

simulations as follows. We consider the threshold regression in (1) with

Yi = Bo1 + Boaxi + (001 + do2wi) - 1[gi < o (8:)] + wi,

where 5y, = Bga = 0, 7o (s) = sin(s)/2, and § takes different values. For the dependence

structure in (z;, g;, 5;,u;)', we consider the following data generating process:

(qirsi)' ~ iidN (0, 12) ;
il (qi, si) ~ wWdN (0,(L+p (s? +¢2)) ™)
ul{(zi, g, si)} ey ~ N (0,9),

where u = (u1,--- ,u,). The (i,7)th element of Q is ;; = plf™1 (£;; < m/n), where £;; =
((5i — 57)* 4 (qi — q;)*)"/? is the L-distance between the 7 and j observation and | A| denotes
the largest integer smaller than A. The diagonal elements of €} are normalized as ; = 1.
This m-dependent setup follows from the Monte Carlo experiment in Conley and Molinari
(2007) in the sense that there are roughly at most 2m? observations that are correlated with
each observation. Within m distance, the dependence also decays in a polynomial rate as
indicated by pLgiﬂ'”J. The single parameter p describes the cross-sectional dependence in the
way that a larger p leads to stronger dependence relative to the unit standard deviation. In
particular, we consider p = 0 (which is for i.i.d. observations), 0.5 and 1.

Tables II to V report the small sample rejection probabilities of the LR test (10) at 5%
nominal level over three locations s = 0, 0.5, and 1. In general, the test for v, performs better
when (i) the sample size is larger; (ii) the coefficient change at the threshold is larger; and
(iii) the cross-sectional dependence is weaker. In particular, we follow Conley and Molinari
(2007) to use m = 3 in the first three tables, while in Table V we examine the effect of
slower dependence decay by setting m = 10. For each location, we consider 9 cases with
n = 100,200,500 and d19 = d20 = dp = 1,2,3 (cf. Hansen (2000)). For the bandwidth
parameter, we simply normalize s; and ¢; to have mean zero and unit standard deviation and
choose b, = n=2/% in the main regression. To estimate D and V, we use the rule-of-thumb

bandwidths b/, = =%/ and 0" = n~/6. Note that each combination of (n,d) determines e



for a fixed ¢y as € = (logcyg — log dp)/logn. All the results are based on 2,000 simulations.

Table II: Rej. Prob. with i.i.d. data

(p=0, m=23)
s=20.0 s=20.5 s=1.0
n \ do 1 2 3 1 2 3 1 2 3
100 0.08 0.06 0.05 0.09 0.06 0.05 0.10 0.06 0.05
200 0.07 0.05 0.04 0.07 0.05 0.04 0.07 0.04 0.03
500 0.06 0.04 0.03 0.05 0.03 0.03 0.07 0.03 0.03
Table III: Rej. Prob. with spatially correlated data
(p=0.5, m=3)
s=10.0 s=0.5 s=1.0
n \ do 1 2 3 1 2 3 1 2 3
100 0.08 0.06 0.06 0.09 0.06 0.05 0.10 0.08 0.05
200 0.06 0.05 0.05 0.07 0.04 0.04 0.07 0.06 0.03
500 0.05 0.04 0.04 0.08 0.04 0.04 0.07 0.03 0.02
Table IV: Rej. Prob. with spatially correlated data
(P = 1a m = 3)
s=20.0 s=20.5 s=1.0
n \ do 1 2 3 1 2 3 1 2 3
100 0.09 0.07 0.06 0.09 0.07 0.06 0.10 0.08 0.05
200 0.08 0.06 0.05 0.08 0.05 0.03 0.08 0.06 0.03
500 0.06 0.04 0.04 0.07 0.03 0.03 0.06 0.03 0.02
Table V: Rej. Prob. with spatially correlated data
(p=1, m=10)
s=10.0 s=0.5 s=1.0
n \ do 1 2 3 1 2 3 1 2 3
100 0.13 0.07 0.07 0.10 0.09 0.06 0.11 0.09 0.06
200 0.09 0.05 0.06 0.08 0.06 0.04 0.08 0.06 0.05
500 0.05 0.04 0.04 0.06 0.04 0.03 0.08 0.04 0.02
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Lastly, Table VI depicts the finite sample coverage properties of the 95% confidence in-
tervals for the parametric components 335 and dp2 (i.e., the pre-break value and the change
size associate with z;, respectively). We use the same DGP as above with p = 0.5 and
m = 3. Regarding the lag number required for the HAC estimator, we follow Conley and
Molinari (2007) and use the spatial lag order of 5. Results with other choices are similar and
available upon request. The numbers in different columns suggest that the asymptotic nor-
mality is better approximated with lower dependence and larger change size, while comparing
rows indicates that the sample size has to be large enough for the asymptotics to perform
satisfactorily.

In addition, some unreported results suggest that if we increase dg; (i.e., the change size
associated with the constant), the coverage for 3, and dg2 can be improved. This is because
the larger dg; provides more information on the threshold +(-) estimation that in turn results

in better estimation of other parameters.

Table VI-a: Coverage Prob. of Sy,
(p=0.5,m=3)

p=0.0 p=0.5 p=1.0
n \ & 1 2 3 1 2 3 1 2 3
100 0.85 0.90 0.92 0.86 0.90 0.91 0.84 0.90 0.92
200 0.88 0.92 0.93 0.88 0.91 0.93 0.86 0.91 0.92
500 0.89 0.93 0.93 0.89 0.92 0.92 0.88 0.93 0.93

Table VI-b: Coverage Prob. of dgp2

100 0.82 0.88 0.90 0.82 0.87 0.90 0.82 0.89 0.90
200 0.83 0.89 0.90 0.82 0.89 0.90 0.82 0.88 0.89
500 0.85 0.89 0.89 0.82 0.89 0.90 0.82 090 0.89

5 Empirical illustration

As an illustration, we study the housing price of the Queens and the Brooklyn boroughs
in New York City, using the single family house sales data in the year 2017. The data
set (Rolling Sales Data) is available at http://www1l.nyc.gov /site/finance/taxes/property-

rolling-sales-data.page. In the threshold regression model (1), we consider the following

11



Estimated Border and. Administrative Border

Queens
Queens County
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]
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Kings County
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Figure 1: Threshold Function Estimate
variables:
Yi L 4qi Si
log house price ($) constant latitude longitude

log of Gross Square Footage (ft2)
dummy for built before 1945 (WWII)

In this exercise, since the pair (g;, s;) corresponds to the latitude and the longitude on the map,
“above the threshold” means the region on the northern side of the economic border, whereas
“below the threshold” means the region on the southern side of the economic border. We
focus on single family houses under property tax class 1, accounting for 57.9% of the original
sample, and drop duplicate observations. The sample size is n = 8121 (5962 observations in
Queens; 2159 observations in Brooklyn).

Figure 1 depicts the nonparametric threshold function estimates 7, which is the “un-
known” economic border that splits the Queens and the Brooklyn boroughs in New York
City. The estimated border (black dash line) is found to be substantively different from the

administrative border between these two boroughs (blue solid line). Somewhat surprisingly,

3 “Gross Square Footage” is the total area of all the floors of a building as measured from the exterior sur-
faces of the outside walls of the building, including the land area and space within any building or structure on
the property. (Source: http://wwwl.nyc.gov/assets/finance/downloads/pdf/07pdf/glossary rsf071607.pdf)

12



the estimated border in Queens approximately coincides with the Long Island Rail Road
(LIRR) route.

The bandwidth b, in the regression (4) is chosen by the cross validation. In partic-
ular, we choose the constant ¢ in cn~?/% that minimizes the sum of (y; — 372)2 1[s; € 8],
where S includes the observations between 15th and 85th percentiles of {s;}, ¥; = x;B_l +
:c;g,il [¢: <7_;(s:)], and (B_i,0—3,7_; (-)) are obtained without the i-th observation (i.e.,
leave-one-out estimators). Table VII summarizes the coefficient estimates for the parametric
components, B and 0. The standard errors reported in the parentheses are computed by the

Conley (1999)’s HAC estimator with 5 spatial lags.

Table VII: Estimation Result

3 5
constant 9.91 -1.08
(0.01)*** (0.01)***
log of Gross Square Footage 0.40 -0.01
(0.05)*** (0.04)
dummy for built before 1945 -0.07 -0.06

(0.01)*** (0.01)**

Note: *** indicates significant at 1%.

The average housing price on the southern side of the threshold (or economic border) is
lower than that on north. The elasticity of the Gross Square Footage remains similar across

the economic border but the negative effect of the house age is larger on the southern side.

6 Extension and Concluding Remarks

The threshold model (1) can be generalized to allow for the following unknown contour
threshold model:
yi = 3B + 7300 - 1 [p (i, si) < 0] + us, (13)

where the unknown function p of ¢; and s; determines the contour on a random field. An
interesting example includes identifying an unknown closed boundary over the map, such as
a city boundary relative to some city center and an area of a disease outbreak, or identify-
ing a group or a region in which the agents share common demographic/political/economic

characteristics.
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Figure 2: Illustration of Rotation

To relate this generalized form to the original threshold model (1), we suppose there

exists a known center at (g, s7) such that u (¢, s) < 0. Without loss of generality, we can
normalize (g}, s¥) to be (0,0) and the re-center all other observations {g;, s;}I_; accordingly.
In addition, we define the radius distance /; and angle a; of the ith observation relative to

the origin as

Li = \/¢®+s2,

a2 = @l + (180° — a) II; + (180° + a2) IIL, + (360° — %) IV,

where aj = arctan (|¢;/s;|), and (I;, IL;, III;, IV;) respectively denotes the indicator function
that the 7th observation locates in the first, second, third, or forth quadrant. We suppose
that there is only one breakpoint at any angle.* For each fixed a® € [0°,360°), we then can
rotate the original coordinate counterclockwise and implement the least squares estimator
(4) with the observations in the first two quadrants after rotation.

In particular, the angle relative to the origin is a;j — a° after rotating the coordinate by a°
degrees counterclockwise, and the new location (after the rotation) is given as (g; (a°) , s; (a®)),

where

si(a®) = s;cos(a’)+ gisin(a®),

qi(a®) = gicos(a®) — sisin(a®).

*Tf we further suppose there exists a continuous function g : [0°,360°) — R such that 1 [u(gi,s;) < 0] =
1[li — g (af) < 0], then the function g(-) describes a two-dimensional contour (e.g., a circle), which induces
a coefficient change if the subject steps from the inside to the outside. As we suppose there is only one
breakpoint at any angle a°, it reduces to our baseline model (1).

14



After this rotation, we estimate the following threshold model:

yi = 3By + 200 - 1 g (a°) < v (i ()] + s (14)

using only the observations satisfying ¢; (a®) > 0, where « (-) serves as the unknown threshold
line as in the model (1) in the rotated coordinate. Such reparameterization guarantees that
v (+) is always positive and we are estimating its value pointwisely at 0. Figure 2 illustrates
the idea of such rotation and pointwise estimation with a bounded the kernel function so that
only the red points are included for estimation at different angles. Thus, the estimation and
inference procedure developed before is directly applicable.

In this paper, we propose a two-dimensional sample splitting model which captures the
fact that two variables jointly determine the separation boundary. We illustrate the empirical
relevance in a simple spatial context where the housing price is different across an unknown
economic border between Brooklyn and Queens. Potentially more interesting applications are
being explored, including investigating how congressional district is determined and drawing

the economic boundary between two regions by Satellite data.
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A Appendix

Throughout the proof, we denote K; (s) = K ((s; — s)/by) and 1; (v) = 1[g; < v]. C € (0,00)
stands for a generic constant term that may vary, which can depend on the location s.

Lemma A.1 For given s € S, let

1 n
My (v;s) = szﬂﬂgli(V)Ki(S);
=1
1 n
In (73 = ;1 K; .
n(7 5) m;fﬂzuz 1(7) z(s)

Under Assumption A,

sup [ M, (v; 8) — M (v;8)] =5 0,
vel’

sup [n~ /20,12, (7 8)| =5 0
vel’

as n — 0o, where
¥
Mis) = [ Dla)f (a.5)da

and
In (v;8) = J (75 8)

a mean-zero Gaussian process indexed by 7.

Proof of Lemma A.1 For expositional simplicity, we only present the case of scalar z;.

We first prove the pointwise convergence of M, (v;s).

and Taylor expansion, we have
1
B0 Go) = o [ Platiaonia <o) (

bn

/_7 D(q,5)f (g,s)dg + O (b2),

where D(q, s) is defined in (7). For the variance, we have

Var [My (7; 5)]

vV—S

By stationarity, Assumption A-(vii)

) f (g,v) dgdv (A.1)

// D(q,s+bnt)1lg < ~y]K (t) f (g, 5+ bpt) dgdt



where the order of the first term is from the standard kernel estimation result; and for the
second term we use Assumption A-(vi), (vii), and Lemma 1 of Bolthausen (1982) to obtain
that

LS Cou 21, 0) K (5) a1, () K 9] (A.2)

’L<_]
S; — 8 S5;i— 8
Cov[z%mwc( b ),:c?lj(v)K(fb )H

1 n
-
2 n
= %Z |Cov [271; (v) K (t:) , 2315 (v) K ()] + O (b7)]

i<j
z‘<j

< op? Z ma g;/ (2+¢) (E |:x;1+2301i (’Y)K(tz‘)H“’DQ/(QW) Lo (nbﬁ)

IN

= 0 (bi + nbﬁ)

for some finite ¢ > 0, where a(m) is the mixing coefficient defined in (6) and the first
equality is by the change of variables (t; = (s; — s)/by,) in the covariance operator. Hence,
the pointwise convergence is established. For given s, the uniform tightness of M, (v;s) in v
follows from a similar argument as in Lemma 4.6 of Zhu and Lahiri (2007) and the uniform
convergence follows from standard argument. For J,, (7; s), since E [u;z;|q;, si] = 0, the proof
for sup,cr ]n_l/gbﬁlﬂjn (v,5)| 2 0 is identical as M, (7; s) and hence omitted.

Next, we derive the weak convergence of J, (v;s). For any fixed s and ~, Theorem of
Bolthausen (1982) implies that J, (v;s) = J(v;s) under Assumption A-(ii). Because 7 is
in the indicator function, such pointwise convergence in vy can be generalized into any finite
collection of v to yield the finite dimensional convergence in distribution. By theorem 15.5 of
Billingsley (1968), it remains to show that, for each positive n(s) and £(s) at given s, there
exist A > 0 such that if n is large enough,

P ( sup  |Jn (38) = Jn (G5 8)[ > 17(8)) <e(s)A
YE[(,¢+A]

for any ¢. To this end, we consider a fine enough grid over [(, {4+ A] such that ( = (, < (; <
(o << (g, _1<(g, =C+A, wherenb,A/2 < G, < nb, A and maX1<g<Gn (Cg Cqm 1) <

A/Gp. We define hig(s) = zu; K; (s)1 [, 1 < ¢; < ¢,] and Hpy(s) = n~'b,* Z |hig(s)
for 1 < g < G,,. Then for any v € [Qg_l,Cg],
’Jn (vi8) = JIn (Cg; S)| < VnbpHpg(s)
V1by [Hpg(s) = E [Hg(s)]| + v/1bn E [Hng(s)]
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and hence

sup | Jn (75 8) = Jn (58]

YE[C,CH+A]
< . _ .
< max | (Cgi8) — In (¢59)]
+1§;2X \V ﬂb |Hng Hng(s)” +1%Igl%}én nbnE [Hng(S)]

= Wi(s) + Wa(s) + Ws(s).

In what follows, we simply denote h;(s) = z;u; K; (s) 1 [Cg < ¢ < (] for any given 1 < g <
k < G,, and for fixed s. First, for ¥;(s), we have

E (|7 (i) = Tn (G >\4]
= ng—lbng[h?(S)] 2b2 ZE hi( )h2 2b2 ZE s
n =1

i#j i#j

n

— > Elh (s)hi(s)h Z (s)hi(s)]

z;é];ék;él i#j#k
= Ui(s) + Wia(s) + Wi3(s) + Wia(s) + Vis(s ),

where each term’s bound is obtained as follows. For W11 (s), a straightforward calculation and
Assumption A-(vi) yield ¥y1(s) < C1(s)n~ b, + O(bn/n) = O(n~1b; 1) for some constant
0 < Ci(s) < oo. For \1112(5), similarly as (A.2),

Uia(s) < nQb% h2 ] }C’ov [hQ()hJQ(s)”) (A.3)
< 2(E [ﬁ?])2+ {Cb2 Zma ye/240) (m i) (2+@)+O(nbfl)}

for some ¢ > 0 that depends on s, where we let hi = zu; K ()1 [Cg <q < Ck] from the
change of variables (t; = (s; — $)/bn). Then, by the stationarity, Cauchy-Schwarz inequality,
and Lemma 1 of Bolthausen (1982), we have

Uin(s) < C' (¢ — Cp) 2+ 0~ Y) + O(b)

for some constant 0 < C’ < co. Using the same argument as the second component in (A.3),
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we can also show that ¥y3(s) = O(n™1) + O(b2). For Wy4(s), by stationarity,

4n -
Wa(s) < 52 > B [ha(s)hi(s)hy(s)h(s)]|
n 1<z<]<k
< 3 Z > Jeov [ha(s), hit1(8)hitje1(s)hisjrin(s)]]
by i=1 j,k<i
4 n
tg 0> feov [ha(s)hisi(s), hiyjr($)hipjrkia(s)] (A.4)
n 7=14k<j
Z > leov [l (s), hisi()hitj1(s), hivjirir(s)]]
n k=11,7<k

similarly as Billingsley (1968, p.173). By Assumption A-(vi), (vii), and Lemma 1 of Bolthausen
(1982),

!cov[ 1(8); hit1(8)hitj+1(8) hisjr i1 ()]
Ca (i )w/ 2+¢p)

< (B [ha(s)2+9]) /@9 (E [(hm(S)h¢+j+1(S)hi+j+k+1(5))2+v})
= Ca(i)?/*+?
<(nfe 2] <o) (m{E (i) | 0@} )

— be/ (2+9) (Z-)w (24¢)

X {(E [E%WDUQW) (E [(%i+lﬁi+j+lﬁi+j+k+l>2+Lp:|) +0 (bi)} ;

where the first equality is by the change of variables (t; = (s; — s)/b,) and by Assumption
A-(xi). It follows that the first term in (A.4) satisfies

IN

1/(2+)

1/(24¢)

2 Z > leov 7 (s), hiva($)hivjri($)hivjnra(s)]

i=1 j,k<i

CAl o el
b2 G/ ;Z o @
~ 1/(2+) - - 241\ I/ (2+%)
X {(E [h?ﬂ)}) (E [(hi+1hi+j+1hi+j+k+l> D +0 (b2)

1 bf;/@"“ﬁ)
- 0 T N (A.5)

by Assumption A-(ii). However, if we select ¢ small enough such that
2¢ < 1 7
249 7 1—2¢

IN

(A.6)
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then nb2¥/ P19 = (pl-2¢p(2/+)(1-20)1/(1-20) _, by Assumption A-(x), which yields

(A.5) becomes o(1). Using the same argument, we can also verify that the rest of terms in
(A.4) are all o(1) and hence Wy4(s) = o(1). For Wy5(s), we can similarly show that it is o(1)
as well because

Uis(s) < 5 Z ‘cov  hivi(s )hi+j+1(sm
n i=1 _]<z
n 2 ZZ }COU hi(s l+1(3)>hi+j+1(5)] ‘ .
n =1 4<j

By combining these results for Wq1(s) to ¥i5(s), we thus have

4 2
B (|70 (¢i5) = Jn Ciis)|'] < Cu(s) (61— )
for some constant 0 < C1(s) < oo given s, and Theorem 12.2 of Billingsley (1968) yields

. . Ci(s)A?
P <1£2}én | (Cgi8) = Jn (¢G5 8)| > 7](5)) < ni(s)bn : (A7)

which bounds ¥y (s).

To bound Wa(s), the standard result (e.g., Li and Racine, 2007, Ch.1) yields that E [hfk] <
C(s)by, for some constant 0 < Ca(s) < oo given s. Then by Lemma 1 of Bolthausen (1982),
we have

B (Vi V(o) = Bl 0)]) | = -var

Z Ihz‘g(S)I]

< LB E)] + o 3 Cov (i) (o))
< Ca(s)A/Gy o
and hence by Markov’s inequality,
P (e, Vi V(o) ~ B (9] > ) < S5 (A8)
Finally, to bound Ws(s), note that
V/1bnE [Hpg(s)] = n'/20/2C5(s) A )G,y < 2C5(s)n /20,12 (A.9)

for some constant 0 < C3(s) < oo given s, where A/G,, < 2/nb,. So tightness is proved by
combining (A.7), (A.8), and (A.9), and hence the weak convergence follows from Theorem
15.5 of Billingsley (1968). W

Lemma A.2 Under Assumption A, for given s € S, 7(s) —p 7o(s) as n — oo.

Proof of Lemma A.2 For given s € S, let 7;(s) = K;(s)/?y Yi, Ti(s) = K; (3)1/2331, u;(s) =
K;i(s)Y?u;, and Z;(v;s) = Ki(s)Y%z;1; (7); we denote 7(s), X(s), u(s), X(7;s) as their
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corresponding matrices of n-stacks. Then 8(7;s) = (B(7; s),0(v; s)') in (2) is given as

0(v;) = (Z(7:5) 2(79)) " 2 (7:9)'5(5), (A.10)
where Z(y;8) = [X(s), X (7; 9)]. Therefore, since y(s) = X(5)Bg + X (vo(si); $)d0 + t(s) and
X (s) lies in the space spanned by Z(7;s), we have

Qn (v3s) —u(s)u(s) = () (I - Pg(v;3)) y(s) —Nﬁ(S)'ﬂ(S)
= —u(s)'Pyz(; s)u(s )+256X(Vo(81);8)' (I = Pz(y:s)) uls)
+0pX ( 0(81);8)" (I — Pz(7;5)) X (70(s4); 8)d0
where Pz(v;s) = Z(v; W Z(v;8) Z(7;8)) 1 Z(7;s) and I is the identity matrix of rank
n. Note that PZ~(7; s) is the same as the projection onto [X(s) X(’y, s), X(fy, s)], where
X(fy;f)’(X(s) —X~(’y;5)) = 0. Furthermore, for v > ~(s;), X(’yo(sl) s)’ (X( ) — X(’y, s))=0
and X (79(s:); 8)' X (v 8) = X (70(s1); )’ X (70(s1); ). Since

1S
— me(% 8)Ti(v;s) and Ji(
" oi=1

n
Lemma A.1 hence yields that

Z0r9)ils) = [X()ls), X(3:5)(5)] = Oy (n'/20}?)

Z(v;9) X (o(s1);8) = [?E(S)')f(’yo(sz'); )5(( )X(’Yo(sz) s)]
= [X(s)'X(70(50); 8), X (0(5); 5) X (v0(51); 8)] = O (nby,)

for given s. It follows that

e (Qu(9) — W) () (A1)

nl er

= 0y (s ) + 0 (o) + b K n(sia) (1 = Po(i9) Koofsishe

_ nibncgf(’m(sn; 9 (I = Py(7: %)) X(vo(s1); 8)co + 0p(1)

for n'=2¢b,, — 0 as n — oco. Hence, similarly as Lemma A.1, it can be verified that

v

B o) o)l = o [[ Bllalilo <90l (45 £ o) dads (A12)

Yo(s+bnt)
— BMy (0 9)] + / ( / ) D<q,s+bnt>f<q,s+bnt>dq> K(t)dt
Yols

’Yo(s bnt)
— EMy (o)) + [ ( / : D<q,s>f<q,s>dq> (14 Cb2e?) K (t)dt

Yo(s)
= E[M, (y0;5)] + / (Carbpt + Caob2t?) (1 + C1b2t%) K (t)dt
= E[M;(v0;8)] +0O (bi) ;
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for some C1, Cs1,Cae < o0, where the fourth equality is by the Leibniz integral rule under
Assumption A-(v). It follows that, uniformly over v € T' N [y4(s;), 00),

1 =~ ~
——X (vo(si);8)' (I = Pz(7:9)) X (o(si); 5)co (A.13)
n
—p oM (Y05 8)co — oM (vo; 8)' M (7; 8) ™ M (g5 8)co < o0,
from Lemma A.1 and Assumptions A-(viii) and (ix), as O (b2) = o(1). Note that M(v;s) =
Elx;xi1;(7y)|si = s]fs(s) is positive definite from Assumptions A-(viii) and (ix), where fs(s)

is the marginal density of s;. The pointwise consistency follows using the same argument as
the proof of Lemma A.5 of Hansen (2000). W

Lemma A.3 Define a, = n'~2b,, where € is given in Assumption A-(iii). For given s € S,
let v, (s) = o (s) + r/an with some |r| < oo, and

n

Ay (ros) = > (6m)" (L (0 () = 1 (0 () Ki (s)

=1
B (r,s) = Y Somius (Li (v, (s) = Li (79 (5))) Ki (s) -
=1

Then,
A:L (T7 S) —p |T| C6D (’70 (S) ) S) COf (70 (S) 75)
and

B (r,5) = W (1) &bV (30 () . 8) cof (30 (5) . ) 2

as n — oo under Assumption A, where kg = [ K(v)*dv.

£(s) = chV (74 (), 8) coka |
(chD (7o (5),8) c0)? f (70 (5) 5 )

Proof of Lemma A.3 First consider r > 0. By change of variables and Taylor expansion,
Assumption A-(vii) and (viii) imply that

Bl (9] = =3 B[ () (1 (0 () + 7/an) = L (30 (5)) Ki (5

7O(S)+T/an 9
= ap // E {(Cﬁxﬁ) lv, s + bnti| K (t) f (v, s+ byt) dvdt
Yo(s)

= regD (79 (s),8) cof (7o (s),s) +o(1).
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Next, given that (1; (79 (s) + 7 /an) — 1i (70 () = 1; (¢ (s) 4 r/an) — 1; (o (s)) for 7 > 0,
we have

Var[A;, (r,s)] = n(;ZQ Var Z (66%‘)2 (1; (v (8) +7/an) — 1i (7o (8))) Ki (3)]
2
= n—l;:%Var {(Co%) (1i (o (8) +7/an) — 1i (70 (5))) K; (5)}
S Cou [ (chei) (L (o (8) /) = i (30 () K ()

(chs)” (15 (0 (5) + 7/an) = 15 (30 () K; (5)]
= Wa(r,s) + WYas(r,s).

Taylor expansion and Assumption A-(vii) and (viii) lead to that

2
Uailrs) = —5B ()" (1 (30 () + 7/an) = 1i (70 (5)) K2 (5)]
a2
(B [(chme)? (11 (o (5) + r/an) = 1 (0 () K ()] )
= O(n_QE) — 0.

Furthermore, by change of variables (t; = (s; — s)/by,) in the covariance operator and Lemma
1 of Bolthausen (1982), for some ¢ > 0,

U 4o(r, s)

a2 &
< 22 Con [(eh) (L0 (5) + fan) — L (o (D) K (1),

(ches)? (15 (0 () + 7/an) = 15 (30 () K (1)]

2 & 2/(2+¢)

< 205 ma ) (5 || 10 () 4 r/an) = 1o D) K (0] )
m=1

= O(nil)—>0.

Hence, the pointwise convergence of A} (r, s) is obtained. Since r¢yD (v (s), $) cof (7o (s), 9)
is strictly increasing and continuous in 7, the convergence holds uniformly on any compact
set. The same argument holds for negative r, which completes the proof for A% (r, s).
For B} (1, s), Assumption A-(iv) leads to E [B}; (1, s)] = 0. Then, similarly as for A} (r, s),
for any ¢ # 7, we have
Cov [coziui (1 (v + 7/an) — Li (70)) Ki (s), (A.14)
cozjuj (1 (v +1/an) = 15 (79)) Kj ()] < Cbiay’

for some positive constant C' < oo, by the change of variables in the covariance operator and
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Lemma 1 of Bolthausen (1982). It follows that
* Qn
Var[B} (r,s)] = b—Var [céxiui 1L (vo +7/an) — 1; (vo)| K (s)] + O (by)
eV (70 (s) 5 8) cof (10(5),8) k2 +0 (1),

where ry = [ K(v)?dv. Then by the CLT for stationary and mixing random field (e.g.
Bolthausen (1982); Jenish and Prucha (2009)), we have

By (r,5) = W (1) \JehV (10 (5)5) cof (%0 (5) . 5) 2

as n — oo. This pointwise convergence in r can be extended to any finite-dimensional conver-
gence in r by the fact that for any r < o, Cov [B}; (r1, ), Bk (r2,s)] = Var B}, (r1,s)]+o0 (1)
since (1; (g + re2/an) — 1i (o +71/an)) 1i (vg +71/an) = 0 and (A.14). The tightness fol-
lows from a similar argument as J,(7v;s) in Lemma A.1 and the desired result follows by
Theorem 15.5 in Billingsley (1968). W

Lemma A.4 Let 0 (5(s)) = (B(7(s)) .0 (7 ())), 0 (70 (s) = (B (7 (5)) .8 (0 (5))')'. and
0o = (8y, 0p)" for given s € S. Then, under Assumption A,

Vba (970 (5)) = 00) = Op(1) and /by (85 (5)) =8 (30 () = op(1).

Proof of Lemma A.4 For the first result, from (A.10), we have

Vi (8 (0 (5)) = 60

B -1
= <%Z(’70» )Z(70§3)> < rlzbn (705 8) (s))
(n%%ijlxlngl (8) My (703 8) ) ( nbn i 1$7,u7, i )
Mn(70; 5)

M (v0: 5) n{Y05 8 In(703 5)
= 0Op(1)
from Lemma A.1, where ( Z z;x; K; (s) —p M(s) < oo for some positive definite
M (s) and ( 1/22 zhu K ( Op(l).

For the second result we let z,( ) = [z, 201; (3 (s))], zi(s) = [z}, 2515 (74 (s))], and

[2Radt) 2R}
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= [}, 241; (7o (5:))]'- Then, y; = 2/0p + u;. Using a similar expression as above, we have

Vi, (83 (5)) = 8 (30 (s))) (A.15)

Zi(s) (yi — Zi(s)'00) — 2i(s) (yi — zi(s)'00) } K ()

n

1

Vnby =

(zi(s) — zi) ui K ()

= O((n* D)) = 0

by Lemma A.3 and Assumption A-(x). Similarly, we also have

71Lb ZZ _Zl)QOK()

” =1
[ ) S el (11 (3 () — Li o (1)) K 9 ]
- 2% V2SI el (14 (3 () — i (mindF (5), 7 (50) ) K (5)
_ Op ni— 2€b 1/2) =0
since (Zi(s) — ;) 0o = dpz; (1; (7 (s)) — 1 (70 (s4))). The last component in (A.15) can be

i
shown to be O, ((nt=%b,)~ 1/2) as well using the same argument, which completes the proof.
|

Lemma A.5 Define a,, = n'~%b,, where € is given in Assumption A-(iii). For any fived

s €S,
7 (s) =70 (s) = Oplay ™)
under Assumption A.
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Proof of Lemma A.5 For given s € S, we let
Qu(1(5);5) = Qu(B(A(5)),5(7(5)),7(5);5) (A.16)
= SR (%) (- B G - B G D 1 <)
i=1 n

for any v(-), where @, (f,9,7;s) is the sum of squared errors function in (3). We consider
v(s) such that |y (s) — ¢ (s)| € [r(s)/an, C(s)] for some 0 < r(s),C(s) < co. Then, given
Lemma A.3, it can be verified that P(Q} (v(s); s)— Q% (vo(s);s) > 0) — 1 as n — oo using the
standard results in kernel regression (e.g., Li and Racine, 2007, Ch.2) and following Lemma
A.9 in Hansen (2000). The detailed proof is similar to the proof of Theorem 3 below and
hence omitted. Therefore, with probability approaching to one (w.p.a.1, hereafter), it should
hold that |5 (s) — o (s)| < 7(s)/ay since QF(V(s);s) — @ (vo(s);s) < 0 for any s € S by
construction. W

Proof of Theorem 1 The pointwise consistency is proved in Lemma A.2 above. To derive
the limiting distribution, from Lemma A.5, we define a random variable 7*(s) such that

r(6) = a3 6) = 20 (6) = argmax { @3 00(0355) = @3 (0l + s ) |

Qn,
where @ (7(s); s) is defined in (A.16). We let A;(r;s) = 1; (7o (s) + (r/an)) — Li (79 (s)). We
then have

@i00(3)53) = @3 (o) + 25 (A17)
> (5@ ) 2:)” Al )i (s)
123 (3~ BEG) 0~ 3G () a0 () (5 (3.6)) 1) Autrs ) ()
= —A;_(j"; s) + 2By(r; s).
For A,(r;s), Lemmas A.3 and A.4 yield

n 2
Ap(r;s) = Z <<5o +n V21205 + op(n_1/2b;1/2)>l :1:1> Ai(r;s)K; (s)  (A.18)
i=1

= A, (rs)+ ﬁ Z (n_eC(;),xix; (n™Cs) Ai(r; s)K; (s) + op (1)
=1

= AL (r,8) + Oy (%) ) + 0, (1)

= A (r,s) +op(1)

for some C5 < oo, since n'~2¢h, — oo and Zn ln*QEngix;CgAi(r;s)Ki (s) = Op(1)
—~ A~ = o~ A~

from Lemma A.3. Note that § (7(s)) —do = (0 (Y (s)) — I (79(5))) + (6 (79 (s)) — do) =

Op(n_l/Qbﬁl/z) from Lemma A.4. Similarly, for By, (r;s), since y; = Byz;+05z:1; (vo(si))+us,
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we have for some Cg < 0o

Bp(r;s) (A.19)

n

- > (u + 8 {14 (0 (50)) = L (0 ()} = (B A (5)) = o) s

=1
~(53(5)) — 80) il (70 <s>>) 3 (30 () @il ) K (5)

= > (Uz + 6oai {1 (o (s1)) — Li (70 ()} — 0~ 20, V2 Chy — n ™20,V 2 Chaid (70(8))>

=1

x (0 + n*l/%;l/?cé)'xiAi(r; $)K; (5) + 0p(1)

. 1 =
= B! (r,s)+ \/ﬁ ; Ui T; (n C’(;) Ai(r; s)K; (s)
250%90 60 (Ai(r;s) {1 (7o (s1)) — Li (7o (8))}) K (s) (A.20)

nl o Zéowz n=¢Cs) (Ai(r;5) {1i (30 (1)) — Li (0 (9))}) K (5)

+\/W Z Sowizi (n~Cp) Ai(r; 5)Ki (s)
=1

g er Z n~“Cs) wia}, (= Cs) Mi(rs ) K (s)
nl e Zéoxz 0 Cs) {Ai(r3 )i (0(s))} K (5)

e Z ~<C5) @il (nC5) {8u(rs )L, ()} K () + 0p(1)
= B (r,s)+ 0, ((n'"*b,)" 1/2) +0p(n*23) + 0, ((n1*2€bn)_1/2) +0,(1)
= B, (r,s)+op(1)

from Lemma A.3, since we assume n!=2¢, — oo and n!=2€? — 0. Note that the term on
(A.20), denoting Bpg(r;s), is Op (n'72%3), and hence we need n'!~2%b3 — 0 to make this
term negligible. To see this, similarly as F [M,, (y;s)] in the proof of Lemma A.1, we have

EBua(rio)] = 5 [ [ dDlaws +bathen {1la <20(9) + (r/an)] = 1la < 5 (5)])
x{1lg < v (s + bat)] = 1g < 70 ()]} K (£) f (g, s + bnt) dgdt.
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However, since®

{1lg <79 (s) + (r/an)] — g < 79 ()]} {1[g < 7o (s + but)] — L[g < 7o ()]}
= 1[y(s) <g<min{yy(s+bnt), 70 (s) + (r/an)}]

+1 [max {7 (5 + bnt) , 79 (5) + (r/an)} < ¢ <7 (5)]
< 1v(s) <g <y (s+bat)] +1[vg (s +bnt) <q < 79(s)],

we have

Yo (s+bnt)
E[Bps(r;s)] < n2€ T // coD(q, s + but)coK (t) f (g, s + bnt) dgdt
Yo(

26 T // coD(q, 5 + but)coK (t) f (g, s + bnt) dgdt
n Yo(s+bnt)
— O( 1— 2€b3

which is because

Yo(s+bnt)
/ hD(g, 5+ but)co K (£) f (g, 5 + but) dqdt
ol
’Yo(s+b t)
= / / coD(q, s)cof (q,s)dq | (1+ C1bit2) K(t)dt
Yo(s)

= / (Corbnt 4+ Caob3t?) (1 + C1bAt%) K (t)dt
= 0(t)

for some Cf1, Ca1, Ca2 < 00, similarly as (A.12). The other term can be verified symmetrically.
It hence follows that

Qi) = @i (0-+ i ) = A4 (19) 4 2051 (9 + 0,1

and the desired result follows from Lemma A.3 using the same argument of the proof of
Theorem 1 in Hansen (2000). W

Proof of Theorem 2 From (A.11) and (A.13), we have

n

0 ((5).9) (5) + 0p(1) = B [u2]s; = 5] £ (5),

Il
o
S|
N
N
<
=

®Note that

1[r < ¢ <min{rs,r3}] + 1 [max {rs,rs} < g < m]

_ 1T1<q§r2]+1[r3<q§r1} if ro <rg
B 1ri<qg<r3]+1[ra<qg<ri] ifra>rs

[

[ ] ]
{1[r1<q§r2]—|—1[7"2<q§7"1} if7"2§7’3}

[ ] ]

IN

1ri<qg<r]+1lra<q<ri] ifra>rs
= 1[r<qg<r+1fra<qg<m].
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where f; (s) is the marginal density of s;. In addition, from Theorem 1 and the proof of
Lemma A.4, we have

Qn (70 (5) ’ S) - Qn (:Y\ (S) 75) = QZ (70 (S) 75) - Q;kl (;? (8) ’ S) + Op(l)

since 6 (3 (s)) — 0 (v, (s)) = 0,((nb,)1/?). Following the proof of Theorem 2 of Hansen
(2002), the rest of the proof follows from the change of variables and the continuous mapping
theorem because (nb,)~! Zizl K;(s) —p fs(s) by the standard result of kernel density
estimation. W

Lemma A.6 Define a, = n'=%b, and ¢,, = (logn)/a,+ b2, where € is given in Assumption
A-(iii). For given s € S, let

T (355) = > () (1 (9) ~ L (0 (5)) i ().

Ly, (’Y? 3) - L § Cg)miui (1i ('7 (5)) 1; ('70 (5))) K; (5) .
\/nb
noi=1

Then, for anyn > 0 and € > 0, there exist constants 0 < C,T < 0o such that

. T .
P inf B SUPges 4n (77 5) <n < g
T <supe sl (5)—70(s)| <C SWPses |7 (5) — 7o (5)]

P sup SWaes|Ln (38)] ) o,
T, <sup,cs|v(s)—70(s)|<C V In SUPses 17 (8) =70 (5)]

under the same condition in Theorem 1, provided that either (11) or (12) hold.

Proof of Lemma A.6 We consider the case v (s) € [vq(s) +7(s)¢p, 7o (s) + C(s)] for
some 0 < 7(s),C(s) < 0o, where T = sup,csT(s) < 0o and C = sup,cs C(s) < oo; the other
direction can be shown symmetrically. For the first result, from (A.1) we have

E T (vis)] = ¢ (M (v(s);8) = M (70(s): 8)) co + 7(s)bj;
for some 0 < 7(s) < oo, where M (v;s) = fjoo D(q,s)f (q,s) dq. However, for given s € S,
since OF [T), (75 s)] /Ov(s) = c4D((s), s)co f (v(s), s) is continuous in 7(s) and
chD(vo(8), 8)cof (o(8),s) > 0 from Assumptions A-(vii) and (viii), there exists C(s) < oo
such that
ms)=  inf D), 5)c0f (1(s),5) > 0 and T, = inf gy (s) > 0.
17(s)=70(s)|<C(s) €S
Hence, for E'[T}, (79; s)] = 0, Taylor expansion yields

Sup E Ty (v 8)] > Ty Sup (7 (s) = 70 () +7bp > Ty Sup (v(s) =70 (), (A.21)
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where we use the fact that 7 = sup,cs 7(s) € (0,00) from the standard result.® Furthermore,

by Theorem 2.2 in Carbon et al. (2007), we can similarly show that

2 _ logn
 (sup 7, (335) = B [T (311 )< 50 (2 (5) =30 (9) oo
seS seS non

(A.22)

for some 71y € (0,00) under Assumptions A-(vii) and (viii) and the conditions on by, in either
(11) or (12). Then following Lemma A.7 in Hansen (2000), set v, for g = 1,2,...,G, + 1
such that for any s € S, v,(s) = 7o (s) + 297'7(s)¢,, where G,, is the integer such that
Ya, (8) =0 (8) = 26m717(s)¢,, < C and v¢, 41 (5) =70 (8) = 267F(s)$,, > C. Then Markov’s

inequality and (A.21), (A.22) yield that for any fixed n > 0,

Supges In (’yg; 5)
P -1 >
<1SSguSpGn Supes & [Tn (’Yg; 3)] !
< P sup SUPges In (’Yg; S) — SUpges B [Tn (79; 5)] >
1<g<Gn Supges B [Tn (79; 3)]
< P| sup suPses |Tn (1915) = B [Tn (743 5) ]| >
1<g<Gn Supges B [Tn (79; S)]
.1 Gn [(supses T (Vg5 8) — E [Tn (743 9)] ’)2}
o P [supses B [T (743 5)] ’2
1 % Tz suD,es (74 (5) — 70 (s)) ((logn)/nby)
I 72y supges (7, (5) — 70 (5)) |
fly <\~ 1 1
= n2E3T = 991 % 2y (nb3 /logn)
< ¢

(A.23)

for any . Note that n%¢+4 (nb3 /logn) — oo as n — 0o, which does not require any conditions
on nb3/logn. Then following eq. (33) of Hansen (2000), for any +(-) in the set {v(-) :
T, < supges (7 (s) =70 (s)) < C}, there exist g such that v, (s) = 7o (s) <7 (s) =70 (s) <

Yg+1 (8) =70 (s) and

sup,es Tn (115)  _ SWPses Tn (138)  suPscs B [Tn (1439)]

suPses |7 (5) =70 () 7 supees B [Tn (v458)]  subses [vge1 (5) — 70 (5)]

v

(1= 0p (1)) (7 + Op (7)) -

SFrom the standard nonparametric estimation result,

v(s) ..
() =5 [ K@t [ (Dla.)f (0.5 + Dla.)f (0.5)) da-+ O (82)

which satisfies sup,c g 7(s) € (0, 00) from Assumptions A-(vii) and (viii).
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This inequality yields that for any € and 7

T .
P inf _ SUPses Tn (73 5) <n|<e
T <sup, s () —70(5)|<C SWPses |7 (8) — 7o ()]

For the second result, Theorem 2.2 in Carbon et al. (2007) yields that, for a large enough
n?

2
E (sup L (4 s>|) < sup (7 () = 7o (5)) T log
seS SES

for some i, € (0,00) similarly as above, since E[L,, (7;s)] = 0. Following Lemma A.8 in
Hansen (2000), for g = 1,2, ..., set ~y, such that for any s € S, v, (s) — 7o (s) = 297'7(5)@,,.
Then using a similar approach as (A.23), Assumption A-(iii) yield, for any fixed n > 0,

w SUPses | Ln (743 9)|
i <g>13 Vamsubacs (7 (5) — 70 (5)) n) (429

1 & B (waes L (14:9))°]

U 1an|supseg (’yg( ) = Yo (5))‘2

_ 1 o supses (19 () =70 (5)) g logm
" an \supses (74 (8) =0 (s))|2
T3 1

= TF 2:: nlfQEb;’,l)/ logn

The above probability is arbitrarily close to 0 if 7 is large enough since (n'=2¢63)/logn — 0
under the assumption. Also define 'y to be the collection of functions {v (-) : 7(s)2971¢,, <
v(s) =79 (s) <T(s)29¢,}. By a similar argument as above

SUDgcs }L ('yg; s)‘
P | sup sup >n| <
<g>0 7€y 4/ n SUPgcs (’Yg( ) — Yo (5))

s

(A.25)

N
]

n
for some constant C' < co. Combining (A.24) and (A.25), we thus have

P ( sup " Dses }Ln (’79; S)‘ ( )) > 77)

P <subscs 1(s)—1o(s)|<C VO SWses (7 (8) = 7o (s
su Ly (77,8
< 2P (sup psGS‘ (ﬁyg )} =) > n)

g>0 4/0n SUDges (’Vg( ) Yo S

+2P (sup sup SUPses |L (79?3)‘ ( )) > 77)

9>0 v€l'y \/On SUPgcs (’Yg ( ) Yo (S
< ¢

for any ¢ if 7 is sufficiently large. B
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Proof of Theorem 3 Let a, = n'™2%,. Since sup,cg (Q(F(s);5) — Qi (7o(5);8)) < 0
by construction, where @ (v(s);s) is defined in (A.16), it suffices to show that as n — oo,

P (supucs (Q(1():5) — @1(70(5); ) > 0) — 1 for any ~ (s) such that sup,cs |y (5) — 70 (5)] £
7((logn)/a,) + b2) for some 0 < 7 < oo. To this end, for given s € S, consider v (s) €
[70 (s) +7(s)((logn)/an) + b2),70 (s) + C(s)] for some 0 < 7(s),C(s) < oo, where T =
SUp4esT(8) < 00 and C' = sup,cg C(s) < co. Then, using a similar decomposition in (A.17),
(A.18), and (A.19), since v (s) > 7 (s),

Qn(v(s);5) = Qn(0(5); )
= Y (G 5) MK (s)

=1
9 i (yi —BGE () 2 — 06 F(5)) ziLs (7o (s))) <5 (ﬁ(s))’xz) Ai(s)K; ()

= a,Tn (7;8) — 2¢/anLy (75 8) + 0p(1),

where A;(s) = 1; (v (s)) — 1; (79 (s)), and T}, (; s) and Ly, (7;s) are defined in Lemma A.6.
However, Lemma A.6 yields that, for any n > 0 and € > 0,

P
(F((log n)/an)+03)<sup,cs|y(s) =70 (s)|<C €5

sup sup (@, (7(s); 8) — @n(v0(s); 8)) > 77) >1-e

We can similarly show that if v(s) € [vq(s) — C(s),7o (s) — 7(s)((logn)/ay) + b2)] then
P (sup,es (QF (v(s);s) — @ (7o(5);8)) > 0) — 1 as well, which completes the proof. l

Proof of Theorem 4 Let z; = [z}, 2/1; (7 (s:))], 2 = [2}, 251; (7o (54))]; and A (si) =
1; (7 (si)) — 1i (79 (si)). Then,

e - (55 |
(59 (

and it suffices to establish

3=
)

Zi (u; — (2 — Zi)/90)>

S|
1= 1M
S= Sl-

iM: 11M-
[ —

{ziui + (z — Z) ui + % (% — Zi),90}>

1 n

= EE o M (A.26)
i=1

1 n
=1
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and

% Zz- (5 2) 00 = 0p (1) (A.28)

Vi Z Yu; = op (1) (A.29)

First, by Assumptlons A-(vi), (X), and Theorem 1, (A.26) can be readily verified since
*IZ zixil; (7 (si)) =n IZ zixi 1 (o (8:)) +n~ IZ xzxgﬁz (s;) and
F(v)
[ DG fand
”

E [xix;& (si)} < / »
= [{Ip6oe)0) 7606 010, (25 ) bae
= Op (nl_—l%%) —0

similarly as (A.12). Using a similar argument, asymptotic normality in (A.27) follows by
Theorem of Bolthausen (1982) under Assumption A-(ii).

Second, to show (A.28) and (A.29), we consider the case of scalar z; for expositional
simplicity. Given Theorem 3, it suffices to consider 7 in a neighborhood of v, uniformly with
distance at most 7¢,, for some large enough 7, where ¢,, = logn/a, + b2 and a, = n'=%b,.
Define 7 (s) = 7o (s) +T6,, and A; (s;) = 1; (7 (s5)) — L; (7o (s:)). We first observe that, by
Assumptions A-(vi), (x), and (A.30), on the event that {sup,cs |7 (s) — 7o (s)| < 7o, },

dv (A.30)

- N 2

_(% ;xf 160] 1A (s1) ’) ]

= B[R (s0) ] + 20 (B[220 (s1)] )
+% i cov ["”?50& (i), 2504 (Sj)}

1<j
n2EE [$4|3i (s5) |} + 2nt72%c2 (E [%231 (Sz)]>2

2/(24¢)
—2€.2 Z ma (m)¥/ ) E Ux?& (s0) 2+ﬂ :

IN
&

IN

= O(n %) +0 <ﬁ> +0 (n*2ﬁ¢;2/(2+%")) =o(1), (A.31)

provided n'~26b2 — oo, because E[|z2A; (s;)|2%] = O(¢,) as (A.30). We can also verify
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that

E [(:piuiﬁi (si)>2] < /

similarly as (A.30) and hence on the event that {sup,cs |7 (s)

since ElzjuiA; (s;)] = 0 and E[|z;uA

and the fact that P(sup,cgs |7 (s)

n

1 P /
— E i (zi — zi) 0o
\/ﬁizl

1 — R
% Z (zi — Zi) u;
i=1

[A
t
=
§
- I
= Bl
£
=
=
~—
—_— [\

v) dgq

y(v)
/ V(q) f (g
’Yo(”)

1
dv=0 <n1—2ebn>

— % (s)] <70}

|zius] A (1), |zui] A (s))
+0 (@;2/(2“0)) —0(1).

i (s1) [PT9] = O(¢,).

_ n—1/2 Zz, 2l 0o (s1)

T YD waldods( > i (7 (1))
[ 71/22 2 A

Y P () 1 <v<si>>]

are both o,(1), which completes the proof. |
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(A.32)

Therefore, from (A.31), (A.32),
— 70 (8)] <T¢,,) — 1 as n — oo for some T < oo,
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