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Abstract

In this paper, we consider the least squares estimation of a panel structure threshold re-
gression (PSTR) model where both the slope coefficients and threshold parameters may exhibit
latent group structures. We study the asymptotic properties of the estimators of the latent
group structure and the slope and threshold coefficients. We show that we can estimate the
latent group structure correctly with probability approaching 1 and the estimators of the slope
and threshold coefficients are asymptotically equivalent to the infeasible estimators that are
obtained as if the true group structures were known. We study likelihood-ratio-based inferences
on the group-specific threshold parameters under the shrinking-threshold-effect framework. We
also propose two specification tests: one tests whether the threshold parameters are homogenous
across groups, and the other tests whether the threshold effects are present. When the number
of latent groups is unknown, we propose a BIC-type information criterion to determine the
number of groups in the data. Simulations demonstrate that our estimators and tests perform
reasonably well in finite samples. We apply our model to revisit the relationship between capital
market imperfection and the investment behavior of firms and to examine the impact of bank
deregulation on income inequality. We document a large degree of heterogeneous effects in both
applications that cannot be captured by conventional panel threshold regressions.
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1 Introduction

Threshold models have a wide variety of applications in economics; see Durlauf and Johnson (1995),
Potter (1995), Kremer, Bick and Nautz (2013), and Arcand, Berkes and Panizza (2015), among
others. In both the cross sectional and time series framework, asymptotic theory for estimation
and inference in threshold models has been well developed. See, e.g., Chan (1993) and Hansen
(2000) on asymptotic distribution theory for the threshold estimator in the fixed-threshold-effect
and shrinking-threshold-effect frameworks, respectively, and Hansen (2011) for a review on the
development and applications of threshold regression models in economics. Both Chan (1993) and
Hansen (2000) require the exogeneity of the regressors. Endogeneity has been considered in some
existing papers; see, e.g., Caner and Hansen (2004), Kourtellos, Stengos and Tan (2016), and Yu
and Phillips (2018). In the panel setup, Hansen (1999) studies static panel threshold models with
exogenous regressors and threshold variables; Seo and Shin (2016) propose a GMM method to
estimate dynamic panel threshold models with additive fixed effects, where either the regressors
or the threshold variables can be endogenous; and Miao, Li and Su (2018) study estimation and
inference in dynamic panel threshold regression with interactive fixed effects.

All existing studies in panel threshold models assume that the slope coefficients and threshold
parameters are common across all individual units. However, such an assumption of homogeneity
is vulnerable in practice given that individual heterogeneity has been widely documented in empir-
ical studies using panel data. See, e.g., Durlauf (2001) and Su and Chen (2013) for cross-country
evidence and Browning and Carro (2007) for ample microeconomic evidences. In panel thresh-
old regressions, heterogeneity can exist in not only the slopes but also the threshold coefficients.
Neglecting latent heterogeneity in any aspect can lead to inconsistent estimation and misleading
inferences. In particular, pooling individuals with different threshold values would bias the thresh-
old and the slope coefficient estimation, and it can even lead to a failure in detecting any threshold
effect in finite samples since heterogeneous threshold effects may offset each other. Even if all
units share the same threshold coefficient, ignoring heterogeneity in the slopes would also lead to
inconsistent estimates.

In this paper, we propose a new panel threshold model that allows the slope and threshold
coeflicients to vary across individual units. We model individual heterogeneity via a grouped
pattern, such that all the members within the same group share the same slope and threshold
coeflicients, whereas these coefficients can differ across groups in an arbitrary manner. Hence, the
latent group structure may result from two sources of heterogeneity: that in the slope coefficients
and that in the threshold level coefficients. We allow the group membership structure (i.e., which
individuals belong to which group) to be unknown and estimated from the data. We refer to our
model as a panel structure threshold regression (PSTR) model.

Using a panel structure model that imposes a group pattern is a convenient way to model
unobserved heterogeneity, and they have recently received much attention; see Lin and Ng (2012),
Bonhomme and Manresa (2015), Ando and Bai (2016, 2017), Su, Shi, and Phillips (2016), Lu and
Su (2017), Liu et al. (2018), Su and Ju (2018), Su, Wang and Jin (2019), and Okui and Wang



(2019), among others. An important advantage of the panel structure model is that it allows
flexible forms of unobserved heterogeneity while remaining parsimonious at the same time. As
group structure is latent in such a model, the determination of an individual’s membership is the
key question. Several approaches have been proposed to address this issue. Sun (2005), Kasahara
and Shimotsu (2009), and Browning and Carro (2011) consider finite mixture models. Su, Shi, and
Phillips (2016) propose a variant of the Lasso procedure (C-Lasso) to achieve a classification in
this regard, and this method has been extended to allow for two-way component errors, interactive
fixed effects, nonstationary regressors, and semiparametric specification, respectively, in Lu and Su
(2017), Su and Ju (2018), Huang, Jin and Su (2019), and Su, Wang and Jin (2019). Lin and Ng
(2012), Bonhomme and Manresa (2015), Sarafidis and Weber (2015), and Liu et al. (2018) extend
the K-means algorithms to the panel regression framework. Wang, Phillips and Su (2018) and
Wang and Su (2019) propose to identify the latent group structure based on the Lasso or spectral
clustering techniques in the statistics literature. In the nonparametric literature, Vogt and Linton
(2017, 2019) consider procedures to estimate the unknown group structures for nonparametric
regression curves.

To estimate the PSTR model, we consider a least-squares-type estimator that minimizes the
sum of squared errors. We choose the least-squares approach for classification because the group,
slope, and threshold parameters can be estimated simultaneously, which facilitates the theory. The
disadvantage is that we cannot allow for endogeneity in the regressors and threshold variables.
Cases with endogenous regressors or threshold variables require different and more complicated
analysis and will be left for future research. Due to the presence of the latent group structure
and threshold parameters, we do not have an analytically closed-form solution to the problem.
We propose to employ an EM-type iterative algorithm to find the solution with multiple starting
values. Under some regularity conditions, we show that our estimators of the slope and threshold
coefficients are asymptotically equivalent to the corresponding infeasible estimators of the group-
specific parameters that are obtained by using individual group identity information.

To study the asymptotic properties of the estimators of the threshold coefficients, we follow the
lead of Hansen (2000) and consider the shrinking-threshold-effect framework, where the threshold
effect is diminishing as the sample size approaches infinity. In this framework, we can make in-
ferences regarding each threshold parameter by constructing a likelihood ratio (LR) statistic. We
show that the LR statistics are asymptotically pivotal in the case of conditional homoskedasticity
and that they depend on a scale nuisance parameter otherwise. Such a scale parameter can be
consistently estimated nonparametrically when conditional heteroskedasticity is suspected.

We also consider two specification test statistics. The first one is designed to test the homo-
geneity of the threshold parameters across each group via the LR principle. The corresponding LR
test statistic is non-standard and involves a linear combination of two-sided Brownian motions. We
show how one can obtain the simulated p-value with estimated parameters in our discussion. This
test is useful since pooling units, if their threshold coefficients pass the homogeneity test, improves
the efficiency of threshold estimation, especially in small samples. The second is designed to test
the absence of the threshold effect under the null by adopting the method proposed by Hansen



(1996). In our latent group structure framework, one may suspect the presence of a subset of
threshold effects among all groups, and we also need to take into account the uncertainty caused
by the unknown group structure when studying the asymptotic behavior of the test.

We evaluate the finite-sample performance of the proposed tests and estimation methods via
extensive simulation studies. First, the proposed information criterion can determine the correct
number of groups with a large probability, regardless of whether any threshold effect is present.
Given the number of groups, the next task is to test the existence of threshold effects. Our proposed
test has an appropriate size and non-trivial power in detecting the threshold effect. The power is
an increasing function of the strength of both the threshold effect and sample size. A nice feature
of the test is that it performs well regardless of whether the threshold is heterogeneous across
units. If the threshold effect is present, one can further test whether the threshold parameters
differ across groups. We demonstrate that our test for the homogeneity of the threshold is also
well-behaved in terms of size and its power improves as the degree of threshold heterogeneity
and sample sizes increase. Finally, after the model and the number of groups are specified, we
can proceed with parameter estimation. Our estimation method performs well in heterogeneous
panels with threshold effects in finite samples. With this method, we can precisely estimate group
membership, and the clustering accuracy improves as the number of time periods increases. Both
the threshold parameters and slope coefficients can be precisely estimated. Moreover, we find
that when the threshold parameters are homogeneous across groups, pooling observations with a
common threshold does improve the efficiency of threshold estimation, which in turn highlights the
importance of testing the homogeneity of the threshold parameters.

We illustrate the usefulness of our methods through two real-data examples. First, we revisit the
relationship between capital market imperfections and firms’ investment behavior. We document
a large degree of heterogeneity in firms’ investment behavior, which is bounded by various types of
financial constraints, such as cash flow, Tobin’s ), and leverage. Such heterogenous threshold effects
cannot be captured by the conventional panel threshold regressions. Next, we examine the impact
of bank regulation, particularly branch deregulation, on income inequality in the US, allowing
observed and unobserved heterogeneity in their impact. We find a group pattern of heterogeneity
in the impact of deregulation across states even after controlling for the threshold effect. The group
structure coincides with geographic locations to some extent but not perfectly, and the threshold
effects appear to be salient in each group. This application again demonstrates the usefulness of the
PSTR since it allows us to capture both observed heterogeneity through thresholds and unobserved
heterogeneity through the latent group structure.

The remainder of the paper is organized as follows. In Section 2, we introduce our model
and estimation method. In Section 3, we introduce the assumptions and examine the asymptotic
properties of the estimators of the latent group structure and the slope and threshold coefficients.
In Section 4, we introduce the inference procedure on the threshold parameters and propose a
specification test for the homogeneity of the threshold parameters across groups. In Section 5,
we consider the specification test for the presence of threshold effects. In Section 6, we propose
a BIC-type information criterion to determine the number of groups. We conduct Monte Carlo



experiments to evaluate the finite sample performance of our estimators and tests in Section 7. We
apply our model to study the relationship between investment and financing constraints and the
relationship between bank regulation and income distribution in Section 8. Section 9 concludes.
The proofs of the main results in the paper are relegated to the Appendix. Further technical details
can be found in the online Supplementary Materials.

To proceed, we adopt the following notation. The indicator function is denoted as 1(-). Ogxp
denotes an a X b matrix of zeros. For two constants a and b, we denote max(a,b) as a V b and
min(a, b) as aAb. For an m x n real matrix A, we denote its transpose as A" and its Frobenius norm
as ||A|| (= [tr(AA")]Y/?) where = means “is defined as”. For a real symmetric matrix A, we denote
its minimum eigenvalue as Apin(A). The operators 2, and % denote convergence in probability and
distribution, respectively. We use (IN,7T) — oo to denote the joint convergence of N and T" when
N and T pass to infinity simultaneously. Alternatively, as the co-editor suggests, one can consider
the pathwise asymptotics as in Phillips and Moon (1999) and Vogt and Linton (2009).

2 The Model and Estimates

In this section we first present the panel threshold model with latent group structures and then
introduce the estimators of all the parameters in the model.

2.1 The Model

Let IV denote the number of cross-sectional units and 7' the number of time periods. We consider
the model
yir = TiyBgo + iydg0 - din(Vgo) + py +eiw, i=1,., N, t=1,...T, (2.1)

where z;; is a K x 1 vector of observable regressors, d;:(y) =1(qix < 7), ¢it is a scalar threshold
variable, y,; is the individual fixed effect and ¢4 is the idiosyncratic error term. Note that we allow
both the slope and threshold coefficients to be group specific: ’yg is a scalar threshold coefficient, [32
is a K x 1 vector of regression coefficients that lies in a compact parameter space B, and 52 isa Kx1
vector of threshold-effect coefficients for g € G = {1, ..., G}, where G is a fixed integer known as
the number of groups. The group-membership variable g? € G indicates to which group individual
unit ¢ belongs. This group-membership variable is unknown and has to be estimated from the data.
All members in group g have the same coefficients ( g', (52’ , ’yg)’ . We assume 72 €' = [y,7] for all
g € G, where v and % are two fixed constants. Following the lead of Hansen (2000), we will work
in the shrinking-threshold-effect framework by assuming that (52 = 527 N7 — 0 as (N,T) — oo for
each g € G unless specified otherwise.

Let D = (71, .7¢) € TY G = (g1,..,9n) € GV and © = (0}, ...,04) € B, where 0, =
(By,05) € B C R2K. For any given group structure G, we let G, = {i| ¢; = g, 1 <i < N} be
the index set of the members in group g € G. We denote the true parameters as (%, D°, G?),
where @° = (6Y,...,0%), D = (19,..,7%) and G = (¢?,...,g%)". Analogously, we denote the
true members in group g € G by Gg ={i| ¢ =9g,1<i<N}L



For the moment, we assume that the true number of groups G° is known and given by G. In

Section 6, we will discuss how to determine G? in practice.

2.2 Estimation

To remove the individual-specific fixed effects u;, we employ the usual within-transformation which
leads to
Git = TyBgo + T(Vgp) 00 +&it, i =1,., N, t=1,..,T, (2.2)

where T (v) = zudi(y) — % Zzzl Tisdis(y), and Ty, Uy and &; are defined analogously. Let
zit(v) = (2, 2}, dir(v)) and Zi(y) = zi(y) — % le 2is(7). Then the model in (2.2) can be
rewritten as

it = Zit('ng)IHSQ +&y4, i=1,.,N, t=1,..T. (2.3)

Given G, we can obtain the following least squares estimator of (©,D,G) :

6,D,G) = argmin 9(0,D,G),
(0,D,G)eBEXTE xgN
where
N T ,
Q0(0,D,G) ZZ Vit — Zit 792 9 ] . (2.4)
=1 t=1

For any given threshold D and group structure G, the slope coefficients 0,4, g = 1, ..., G, can be
estimated by

N T LN T
= (ZZ 1(g: = g)git(’}/g)git('}/g)/> ZZ 1(9i = 9)Zit(vy)Yit-
i=1 1=1 i=1 t=1

Concentrating out ©, we can estimate the threshold D and group structure G by

(D,G)= argmin  Q(D,G), (2.5)
(D,G)elG xgN

where Q(D, G) = Q(6(D,G),D,G) and O(D,G) = (§;(D,G), ...,0(D,G)").
To find the solution to the above optimization problem, we need to search over the space of
(D, G) to minimize the objective function in (2.5). We propose to employ the following EM-type

iterative algorithm to conduct the searching process:
Algorithm 2.1 Set G as a random initialization of the group structure G and let s = 0.
Step 1 For given G(S), compute

D®) = argmin pcre O(D, G®)).



Step 2 For given D) = {fyg ,9g=1,...G} and G = {gz 1,..., N}, compute the slope
coefficients for each group g € G

(ZZ 1(g zzmgﬂ)sit(vgs))’)

i=1 t=1

L'y 71
Z Zl Zzt(VE; i
=1

i=1

Step 3 Compute for alli € {1,...,N},

gt = argmmz i — 21012
9€9 =1

Step 4 Set s = s+ 1. Repeat Steps 1-8 until numerical convergence.

The above algorithm is similar to Algorithm 1 in Bonhomme and Manresa (2015, BM here-
after) and it alternates among three steps. Steps 1 and 2 are the “update” steps where one updates
the estimates of the threshold parameter and those of the slope coefficients in turn. Step 3 is an

9 (s+1)

“assignment” step where each individual ¢ is re-assigned to the group g;

; . The objective func-

tion is non-increasing in the number of iterations and we find through simulations that numerical
convergence is typically very fast. Nevertheless, it is hard to ensure that the obtained solution is
globally optimal because it depends on the chosen starting values. In practice, one can start with
multiple random starting values and select the solution that yields the lowest objective value.

3 Asymptotic Theory

In this section, we study the asymptotic properties of the estimators of the group structure, slope
and threshold parameters. We first show the consistency of the group structure estimator and then
establish the asymptotic properties of the estimators of the slope and threshold coefficients.

3.1 The estimator of the group structure

We establish the consistency of the group structure estimator in this subsection. Let Fyr; =
o({(@it, @it €it—1), (Tigt—1,Qit—1,€it—2), }f\il) where o (A) denotes the minimal sigma-field gener-
ated from A. Let X; = (i1, ..., zir)’, & = (€1, ..., &ir)’ and ¢; = (gi1, ..., ¢ir)’. We use N, to denote
the number of individuals belonging to group g : Ny = }Gg!. That is, !Gg‘ denotes the cardinality
of GS. For any group structure G, let

T
~ 1 N -
Myr(9,9,D, G) = 1= 2; ; 1(9? = 9)1(gi = ) Zit(v5) Zur(v5) -
1= =

Let 0 < C < oo denote a generic constant that may vary across places. Let max; = max;<;<n,
max; = maxj<;<7 and max;; = maxj<;<y maxj<;<7 . We first make the following assumptions.



Assumption A.1: (i.1) Foreachi=1,..,N,t=1,...T, E(ei|Fnr1—1) = 0 a.s., or (i.2) for each
i=1,.,N,t=1,...,T, E(eit| Xi,q:) = 0 a.s;

(i) {(wit, git,€it) : t = 1,2, ...} are mutually independent of each other across i;

(iii) The process {(x, git,€it) , t > 1} is a strong mixing process with mixing coefficients «;[t]
satisfying max;<j<ny a;[t] < cop’ for some constants ¢, > 0 and p € (0,1).

(iv) The parameter space B and I' are compact so that supycg [|0]| < C and I'= [v,7];

(v) max;; E [|z;]|*T < C and max;; E(||ex||*T°) < C for some e > 0;

(vi) The threshold effect satisfies 52 = (NT)~Cj for some constants « € (0,1/2) and Cj # 0
for all g € G.

Assumption A.2: There exists a constant ¢y, > 0 such that for all g € G,

Pr( 0, Ohmin M (0, D. G} > ) = Las (N,7) = 1.
Assumption A.3: (i) For all g,g € G with g # g, we have Hﬁg — Bg“ > ¢ for some constant
cg > 0;

(ii) For any g # g and 1 < i < N, we have E[i;t(ﬁg — [32)]2 = Cy5.i = Cgg for some constant
Cg5 > 05

(ili) For all g € G : imy_,00 Ny/N =14 > 0.

(iv) N =0(T?) and T = O(N?) as (N,T) — <.

Assumption A.1(i)—(iii) is similar to Assumption A.2(a)—(c) in Su and Chen (2013). The major
differences lie in four aspects. First, Su and Chen (2013) consider linear panel data models with
interactive fixed effects and the sigma-field Fy7; there also incorporates the factors and factor
loadings, whereas we consider the panel threshold regression models with a latent group structure
and the additive fixed effects. Second, Su and Chen (2013) only consider Assumption A.1(i.1)
and allow for lagged dependent variables to appear in the regressor vector. Here we consider both
scenarios in Assumption A.1(i): the martingale difference sequence (m.d.s.) condition in A.1(i.1)
and the strict exogeneity condition in A.1(i.2), where we allow for dynamic panels in the first
scenario and assume strict exogeneity in the second scenario. In the second scenario, we allow for
serial correlation of an unknown form in the error term. When A.1(i.1) holds, we have asymptotic
biases for the estimators of the slope coefficients. When A.1(i.2) holds and serial correlation is likely
to appear, we have to use the HAC estimator for the asymptotic variance of the slope estimators.
Third, due to the potential appearance of the lagged dependent variables in the regression model,
Su and Chen (2013) use the notion of conditional strong mixing for the process while we focus on
the case of unconditional strong mixing in our model in Assumption A.1(iii). In other words, we
follow Hahn and Kuersteiner (2011) and treat the fixed effects u;’s to be nonrandom in our setting
in the dynamic case. If p;’s are random, we can modify the unconditional strong mixing conditions
to the conditional strong mixing conditions as in Su and Chen (2013). Fourth, Su and Chen (2013)
assume conditional cross-sectional independence whereas we assume cross-sectional independence

in Assumption A.1(ii).



A.1(iv) is imposed to facilitate the proof as we do not have closed form solutions to our op-
timization problem. Assumption A.1(v) imposes some moment conditions on the regressors and
error terms, which are weaker than the exponential tail assumption in BM (2015). Assumption
A.1(vi) assumes shrinking threshold effect as in Hansen (2000). In this framework, the asymptotic
distribution of the estimator of 7, is pivotal up to a scale effect, which facilitates the inference pro-
cedure. In part E of the online supplement we study the asymptotic properties of our estimators in
the fixed threshold effect framework. In the latter case, the inference becomes difficult in practice
and one can consider extending the smoothed least squares estimation of Seo and Linton (2007) to
our PSTR model.

Assumption A.2 is similar to Assumption 1(g) in BM (2015). Given any conjectured group
structure G and for each g € G, we cannot assume Amin[Mn7(9, G, D, G)] > ¢, for any g € G due
to the possibility of very few individuals assigned to be in group §. However, there exists some
group ¢ € G, in which a positive proportion of N members are assigned. As BM (2015) remark,
such an assumption is reminiscent of the full rank condition in standard regression models.

Assumption A.3(i) and (iii) parallels Assumption Al(vi)—(vii) in Su, Shi, and Phillips (2016,
SSP hereafter). A.3(i) requires that the group-specific slope coefficients be separated from each
other, and it can be relaxed to allow the differences between the group-specific slope coefficients
to shrink to zero at some slow rates at the cost of more lengthy arguments. It is worth em-
phasizing that the latent group structure is identified through the separation of group-specific
slope coefficients and we find that the potential separation of the threshold parameters is not
necessary; see the remarks after Theorem 3.1 for futher discussions. A.3(iii) implies that each
group has an asymptotically non-negligible proportion of individuals as N — oo. Noting that
EZ, (62 - 62)]2 = (68 — 62)’E(§:itfvgt)(b’8 — 62), A.3(ii) is automatically satisfied under A.3(i) pro-
vided that the minimum eigenvalue of F (iitfc;t) is bounded away from zero. Apparently, x;; cannot
contain time-invariant regressors under Assumption A.3(ii). Assumption A.3(iv) puts some restric-
tions on the relative magnitudes of N and 7', which can be easily met in many macro and financial
applications. If we follow BM (2015) and assume exponentially-decaying tails, we can relax the
conditions on (N,T') to N/T" — 0 as (N,T) — oo for some v > 0. If we follow Vogt and Linton
(2019) and consider the pathwise asymptotics by setting N = g(T") for some divergent function g(-)
and passing T — oo. Then Assumption A.3(iv) can be satisfied when g(T") /T2 +T/g(T)? converges
to some nonnegative finite constant as 1" — oco.

The following theorem reports the consistency of the estimators of the group membership for
all individuals.

Theorem 3.1 Suppose that Assumptions A.1-A.3 hold. Then

Pr ( sup 1(g; # ¢)) = 1> — 0 as (N,T) — .
1<i<N

Theorem 3.1 is similar to Theorem 2 of BM (2015). This theorem states that as (N,T) — oo,
we can correctly estimate the group structure with probability approaching one (w.p.a.1). From



the proof of the above theorem, we can see that the identification of the true group structure highly
hinges on Assumption A.3(i). In particular, since we permit 5 = 5 ~7 — 0as (N,T) — oo under
the shrinking-threshold-effect framework, the proof of Theorem 3.1 mamly relies on the differences
of Bg’s across groups. In this case, as long as the slope coefficients in one regime are separate
from each other across the G groups, they are also separate from each other asymptotically in the
other regime and whether the threshold parameters in different groups differ from each other does
not matter. In other words, the threshold parameters do not need to separate from each other.
In the online Supplementary Material, we give a proof of Theorem 3.1 under the fixed-threshold-
effect framework. We show that in that case, either the separation among Hg’s or that among 7,’s
is sufficient for identifying the latent group structure under some regularity conditions. To stay
focused, we will work in the shrinking-threshold-effect framework below.

3.2 The estimators of the slope and threshold coefficients

Given the fact that the latent group structure can be recovered from the data at a sufficiently fast
rate (see Lemma A.3 in the appendix), we will show that the estimators of the slope and threshold
coefficients are asymptotically equivalent to the infeasible estimators that are obtained as if the
true group structure were known. Then we derive the asymptotic distributions of the coefficient
estimators.

To establish the asymptotic equivalence, we add some notation. Let Z; (v, 7*) = Zi () — Zit (7).
Let fi(-) denote the probability density function (PDF) of ¢;;. For all g € G, define

T
1 - -
we(y) = m' Zzit(W)Zit(’Y)/y
ZGGg t=1
) T
W(Y) = N > Fau(, )i (v, 75)
g —
i€GY t=1
1 a 1 d
= 0z / 71 =
——= > > Fa(1 ) E () w5 D Y Ze(NFa ()
NgT i€GY t=1 NgTze 0 t=1
) T
My Nr(y) = NT ZE[xith';tdit('Y)L
g —
i€GY t=1
) T
Dynt(v) = 7 > B(aay|gie = ) fu(y), and
97 iegY t=1
) T
Vonr(y) = ﬁ ZE(mit$;t5?t|Qit:’7)fit('7)'
9 t=1

eG

Qo

Let My(v) = im(y1)—00 Mg NT(7), Dg(7) = lim(n 1) 00 Dy NT(7), Vy(v) = limy )00 Vg, N7 (7),
DY) = Dy(vg), and V) = Vy4(7}). We add the following two assumptions.
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Assumption A.4: (i) There exists a constant 7 > 0 such that Pr (minyer Amin [wg(7)] > 7) — 1
as (N,T) — oo for all g € G;

(i) There exists a constant 7 > 0 such that minyep {Pr(Amin[wg(7)] > 7 min(1, |y — 72‘])} —1
as (N,T) — oo for each g € G.

Assumption A.5: (i) max,er max; E(||€:]1* lgit =) < C for &;; = iy and ziei;
(ii) fit(7y) is continuous over I' and max; ;s sup,cr fit(7) < ¢f < oo.
(iii) For g € G, Dy(v) and V(v) are continuous at v = ~Y;
(iv) There exists a constant ¢ > 0 such that infyep Amin[My(7)] > ¢ for all g € G.

Assumption A.4(i) is a non-colinearity assumption for the regressors and A.4(ii) holds because
E||zit(v) — it (v*)|| < |y — 7*| under some regularity conditions on {x;, gt} , where a =< b means
and both a/b and b/a are bounded away from zero. It’s natural to expect that the first term in the
definition of wy(7) is of the same probability order as |y — 72 |. A.4(ii) requires that after projecting
:iit('y,vg) onto Zj (), the associated residual exhibits the same probability order of variations
groupwise. Assumption A.5 imposes some conditions on the conditional PDF and moments of
x4 and wjey. A.5(1) requires that the fourth order conditional moment of x;e; and x; be well
behaved; A.5(ii) requires that the PDF of ¢; be uniformly bounded; A.5(iii)—(iv) requires the
probability limits of some quantities associated with the asymptotic variance be well behaved.

To state the next theorem, we define the infeasible estimators of the slope and threshold coef-
ficients that are obtained with known group structures:

(6,D)= argmin 9(O,D), (3.1)

(6,D)eBE xI'¢
where Q(0,D) = Q(0, D, G%). With the knowledge of the true group structure G°, we can split
the N individuals into G groups perfectly and estimate the group-specific parameters for each

group. Let Q,(0,7) = ZieGg ST (@it — Zit(7)'6]2. Then we have

G
9(0,D) = Z Q,(0,v) and (ég,’yg) = argmin Q,(f,7) for each g € G.
g=1 (6,y)eBxXT

The following theorem establishes the asymptotic equivalence between the feasible estimator (é), ]j)
and the infeasible estimator (6, D).

Theorem 3.2 Suppose that Assumptions A.1-A.5 hold with « € (0,1/3) in Assumption A.1(vi).
Let any = (NT)'=2*, Then we have (NT)'/? H@ — éH 20 and anr(D - D) 2 0.

Theorem 3.2 shows that ©—6 = o,(NT)~*/2) and D—-D = op(ay) by restricting a € (0,1/3)
in Assumption A.1(vi). Under Assumptions A.1-A.5, we can show that © — 0% = O,((NT)~ /2 +
T-1) and D has ayp-rate of convergence. Therefore, the estimator (@, f)) has the same asymptotic
distribution as that of (é, f)). Then we can establish the asymptotic distribution of our least squares

estimator.
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To report the asymptotic distributions of ég and ¥, , we add some notation:

* — 1 =~ = *\/
wgNT(7,7") = m 'g(;:O;Zit(’Y)Zit(’Y )
1€Gy t=
1 T
QgnT1(7,7") = NT > ()i () e,
97 ey t=1
1 T T
Qyn12(7,7") = m | ZZZit(’Y)Zis(’Y*)'SiSEit, and
ZEGS t=1 s=1
1 T
Bynr(Y) = —= E [2it(7)eis] -
g NgT ' Z ) s

Assumption A.6: (i) For each g € G, the following probability limits exist and are finite:
wg(7:7") = PiM(N 7)o WoNT(V,Y)s Rge(7,7") = PUmMN 1) 00 Qg NTe(7,7") for £ = 1,2, and
By(v) = lim(y 7)—0c By, nT(7)-

(ii) wg,nT (7, 7") 2, wq(y,7*) and Qg n7e(y,7") 2, Qge(v,7*) for £ = 1,2 uniformly in v,v* € I,

Assumption A.6 imposes some conditions on the probability limits of random quantities that are
associated with the asymptotic variance and bias of ©. Here, we follow Hansen (2000) and assume
directly that wy ny7 and Qg y7¢ for £ = 1,2 converge uniformly to some limits. The uniformity
greatly facilitates the proofs of Theorem 3.3 below.

We establish the asymptotic distribution of our estimators in the following theorem.

Theorem 3.3 Suppose that Assumptions A.1-A.6 hold with o € (0,1/3) in Assumption A.1(vi).
Let an,7 = (N,T)t2e, wg = wg('yg,’yg), IBSS = Bg('yg), and le = ngg('yg,'yg) for £ = 1,2. Then
for each g € G,

(i) /NgT(ég - 92) - (wg)_ly/ %Bg A N(0, (wg)_lﬁgvl(wg)_l) under Assumption A.1(i.1) and

/N, T(6, - 92) <, N(0, (wg)*QS,Q(wS)*l) underOAiszf)mption A.1(i.2);
.. A d cYVIC
(it) an,7(Y, —79) = wyTy, where wy = W, T, = argmax ,cr [—3 7| + Wy (r)], and

Wy(), g € G, are mutually independent two-sided Brownian motions.

Theorem 3.3 establishes the asymptotic distributions of the estimators of the slope and threshold
coefficients. Note that we strengthen Assumption A.1(vi) slightly to require € (0,1/3). From the
proof of Lemma A.7 that is used in the proof of the above theorem, we can easily find that such
an extra condition is not needed if we only consider the case where N/T" — & for some x € (0, 00).

When we allow for dynamics in Assumption A.1(i.1), the estimator 99 of the group-specific
slope coefficient 92 exhibits a bias term to be corrected as in standard dynamic panels. One can
conduct the bias correction by estimating wg and B, o consistently by

12



where Ng = ‘Gg‘ denotes the cardinality of Gg, Gg ={i:g9, =g} for g € G, and &y = Py —
éit(ﬁg)’ 99. Similarly, it is easy to show that a consistent estimator of the asymptotic variance of 99
. . . . aA—]1A a— A T ~ ~ ~ A~ A~

in this case is given by w; 1Qg,1wg 1 where Qg1 = ﬁ Ziecg Do Zit(vg)zit(’yg)lﬁzzt- When (X, ¢;)
is strictly exogenous in Assumption A.1(i.2), we allow for serial correlation in the error terms. In

-1

g » where Qg0 is a

this case, we propose to estimate the asymptotic variance of 9g by wglﬂg,gw
panel heteroskedasticity and autocorrelation consistent (HAC) estimator:

Jr
R 1 A A A
Qg72 = 5 Z Ai7() + Z wrs(Ais + A;s) )

9 ieGy, s=1

where wys = 1—|s| /Jp, Jr satisfies 1/ Jp+J2 /T — 0as T — oo, and A = % ZtT:erl Zit(Vg) Zit—s (V)
XEit€i—s. Following Su and Jin (2012) and the results in Theorems 3.2-3.3, we can show that Qg2
and w;lfzg,zwgl are consistent estimators of €2) 5 and (wg) Q0 ,(w)) !, respectively.

Theorem 3.3(ii) indicates that the asymptotic distribution of %4 18 pivotal up to a scale parameter
wy, which is similar to that given by Theorem 1 in Hansen (2000). It is well known that this
result highly relies on the assumption that the threshold effect converges to zero as (N,T) —
co. Under the fixed-threshold-effect framework (o= 0), it is possible to demonstrate NT'(§, —
fyg) = O, (1) but the asymptotic distribution of ¥4 will not be asymptotically pivotal even after
appropriate normalization. In addition, it is well known that the above scale parameter w, cannot
be consistently estimated. To make inference on the threshold parameters, we propose to apply

the likelihood ratio test in the next section.

4 Inference on the Threshold Parameter

In this section, we consider inference on the threshold parameter D = (74, ...,7¢)’. We consider
three cases. The first case is to test the null hypothesis on the threshold parameter v, for a single
group g € G :

Hp iy = 'yg for some ’yg erl.

Next, we consider testing the homogeneity of the threshold parameters:
Hyo : ’y(lj =..= ’y% =~ for some 4° € T".

If one fails to reject the hypothesis of common threshold parameter for all groups, one can estimate
the model with a common threshold parameter, 7, say. Then we can study the inference on the
common threshold parameter

Hys : v =° for some A° € T.

4.1 Likelihood ratio test for a single v,

To test the null hypothesis Ho1 : v, = 72, a standard approach is to use the likelihood ra-
tio (LR) test. If we know the true group structure, the likelihood ratio test statistic can be
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constructed as in Hansen (2000). In our framework, we need to construct the test statistic
based on the estimated group structure {G,, g € G}. Let 0,(y) = argmingeg Q4(6,7), where
Q,(0,7) = Zieég Zthl [Git — Zit(7)'0]* . We follow the lead of Hansen (2000) and propose to em-
ploy the following LR test statistic for v, :

~9Q.(0,(7),
Lonr(y) = N, T Qq( g(v)_ v

The major difference is that we consider the minimization of Q4(f,v) instead of the infeasible
version Q,(0,7). In the proof of Theorem 4.1 below, we show that Q4(6,7) and Q,(6,v) are
asymptotically equivalent so that we can study the asymptotic distribution of the LR test statistic
based on the minimization of the infeasible objective function.

For each g € G, let 03 :lim(N’T)Hooﬁ Zz’eGg Zthl E(E2), wyy = Cglvgocg and wg p =
C’g’ DSCS. Let o2 =lim, N7T)—>ooﬁ Zi\; 1 Zle E(g%). The following theorem establishes the as-

ymptotic null distribution of the above LR test statistic.

Theorem 4.1 Suppose that Assumptions A.1-A.6 hold with o € (0,1/3) in Assumption A.1(vi).
Then under Hoy : v, = 72, we have

d
LgnT(g) = 156 for each g € G,

“’sLV2
'LUgyDO'g

Pr({, <z)=(1- e %/2)2,

where 173 = and §, = maxscr[2W(s) — [s|] has the distribution function characterized by

Theorem 4.1 indicates that the asymptotic distribution of the LR test statistic constructed from
the estimated group structure is asymptotically equivalent to that of the infeasible test statistic
obtained from the true group structure. Now, we still have a nuisance parameter 773. In the special
case where we have conditional homoskedasticity along both the cross-section and time dimensions,
173 = 1 and the LR statistic is asymptotically free of any nuisance parameter. If heteroskedasticity
is suspected, then we need to estimate 773 consistently. Noting that

3 T
o, PNy o Yiean Yt B0y wieeir)|gie = 79l fie (v9)
Mg = 3 T ’
T o2plimy 1) oo T ieqn St BL0gwit)|gie = v9)fir (79)

we propose to estimate 773 by

A

T - N

2 Zieég > i1 Kh(’Yg - Qz‘t)(5g$it€it)2
g . T . ~1

05 ica, L1 Kn(vg — ait) (0git)?

)

where [73 = 9,(8,, ’yg)/(NgT), Kp(u) = h"1K(u/h), h — 0 is the bandwidth parameter and K ()
is a kernel function. We can readily show that &g = Ug +0p (1) and fyg = 773 + 0, (1) under some
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standard weak conditions on h and K (-). Given the consistent estimate of 773, we can consider the
normalized LR statistic

NLynT(vg) = LonT(V9) /T

We can easily tabulate the asymptotic critical value for N'Ly NT(VB)- We can also invert this statistic
to obtain the asymptotic 1 — a confidence interval for ~ :

Chi_a={vel:NLynr <& _,},

where £;_, denotes the 1 —a percentile of ¢€. For example, &,_,, = 5.94, 7.35, and 10.59 for a = 0.10,
0.05, and 0.01, respectively.

4.2 Test for a common threshold parameter

In applications, it is likely that all individuals share a common threshold parameter, although their
slope coefficients may still vary across groups. In this case, estimating the model with the common-
threshold restriction imposed improves the asymptotic efficiency of the threshold estimator. Thus
motivated, one may wish to test the homogeneity of the threshold parameter prior to estimation.
In this section, we consider testing the null hypothesis

Hp: ) =.. = 'yog =~ for some 7° € T.

Let D, = {D = (v,..,7),y € T} C T'% be the restricted parameter space and D,, =
(9, +--,y)" € Dy. Then the null hypothesis can be equivalently rewritten as Hgz : D? € D,.. We can
estimate the model by restricting D €D, under Hog :

(@r,ﬁr, G,) = argmin Q(0,D,G).
(©,D,G)eBE xD,xGN

Then we can construct the LR test statistic by

A~ ~ ~

Q(@’m Dra Gr) - Q(év f)’ G)

L =NT —
e 0(6,D,6G)

The following theorem studies the asymptotic distribution of Lx7 under Hos.

Theorem 4.2 Suppose that Assumptions A.1-A.6 hold with « € (0,1/3) in Assumption A.1(vi).
Under the null hypothesis Hgy : DY € D,., we have

G G
Eﬁﬁ (sq) = Isgl] —max | > 75 (2Ws(pgs) — |pys]) | =Z.

g=1

where p, = Ziﬁ wg/ﬁg, and 7)3 = wy v /(wg po?).
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Theorem 4.2 indicates that the limiting distribution = of Ly involves two sets of nuisance
parameters, viz, ﬁg and p, for g € G. Under conditional homoskedasticity, we have ﬁg = 1 for each
g. If heteroskedasticity is suspected, then we need to estimate 1~7§ consistently. If p, is homogeneous

across g, we do not need to estimate it. However, p, is generally not homogeneous across g and we
Wg,D
w1,D

need to estimate it via estimating 773, , and 7,. Using Theorem 3.1, it is easy to show that a

A~ 2
consistent estimator of 7, is given by 71, = Ny/N. Noting that 773 = %7752; and

: T
wyp PEM(N 1) oo ,7 2ieq) 2= B (60 zit)?|gie = 7°) fir (7°)

: T
W1,D phm(Mﬂ—@Oﬁ 2 ieqq 2= E[(6Yzi)%|qit = 7°] fir (7°)

)

Zi :5 respectively by

we propose to estimate 7)3 and
1 T ~ ~
WgD  N,T Zz’e@g 21 Kh(’Yg - Qz‘t)(ég%‘t)Q

L N T ~ ~
“L,D ﬁ D iy 2ot=1 Kn(1 — @) (012it)?

Q@ N

=2 Aga'
Ng =g

and )

[\

o

where 6% = = Zngl Ziecg S [t —z}-t(ﬁg)/ég]Q. It is easy to show that the above estimators are

consistent under standard conditions and a consistent estimator of p, is given by p, = Z};‘l’—:gfrg /ﬁz To
find out the p-value, we can simulate the asymptotic distribution with these estimates. Basically, we
can simulate G independent two-sided Brownian motions W (+)’s and construct the corresponding
statistic where the nuisance parameters are replaced with their consistent estimates. Simulating a
large number of times, we can mimic the asymptotic distribution sufficiently well. Then, we can
reject the null hypothesis at the prescribed « level, if the test statistic is larger than 1 — o quantile
of the simulated distribution.

4.3 Likelihood ratio test for a common threshold parameter

Suppose we have common threshold parameters, we can use the restricted estimator (@r, ﬁr, GT)
defined in the last subsection. Even in this case, the estimators of the group-specific slope coef-
ficients share the same asymptotic distribution as the unrestricted estimators studied in the last
section due to the asymptotic independence between the estimators of the slope coefficients and
that of the threshold parameter.

To make inference on the common threshold parameter 7y, we also consider an LR test for
Hos : v =1". The LR test statistic is now defined by

) - Q(@m ]3T> é'?“)
G,)

Q(é(DT,’Y> GT)? DT,’y

G
C — NT _ ’,\ T
NT('Y) 0(6,.D,.

9

where C:)(Drm GT) is defined as in Section 2.1 and the superscript ¢ is an abbreviation for “com-

mon”. Note that Hpz : v =~ can be equivalently rewritten as Hys : D = D, 0.
The next theorem establishes the asymptotic distribution of £$,(y) under Hops.
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Theorem 4.3 Suppose that Assumptions A.1-A.6 hold with o € (0,1/3) in Assumption A.1(vi).
Under the null Hyps : D° = D, 0, we have

. d
fer (1) = max [W(s) — [s]],

where 772 = (ZgG:l Wgwg,v> / (02 25:1 7Tgwg,D) :

Like before, we can estimate the nuisance parameter 72 consistently by the nonparametric

estimator: N . ¥
772 N Zi:l Zt:l Kh(’AY - Qit)(fsgifﬁitéit)z

N R ~
6° Zfil 23;1 Kp(y - Qit)(agixit)Q

where 4 is the estimator of the common threshold parameter v under Hop, Kp(u) = h= K (u/h),

)

h — 0 is the bandwidth parameter and K (-) is a kernel function.

5 Test for the Presence of Threshold Effect

In application, one may suspect that a set of groups do not have the threshold effect. In this case,
we can verify the existence of threshold effects for P < G groups by testing the null hypothesis

H0:521:...:52P:0

versus the alternative hypothesis Hj : 521 # 0 for some g; € Gs, where G; = {g;, | =1,..., P} C G.
To study the local power of our test, we consider the following sequence of Pitman local alternatives

HqnT - 521 Icl/VNT for g; € Gs.

Letc = (c},....,dp) and L = (eg,, ..., €)' ® L, where ® denotes Kronecker product, L = [0x xx, I ]
and eg, is a G x 1 vector with g;th entry being 1 and other entries equal to zero. Then we can

rewrite the null and local alternative hypotheses respectively as
Ho : LO° = O px1 and Hyyr : LO® = ¢/VNT.

Note that ¢ = Oxpx1 corresponds to the null hypothesis of no threshold effects and we allow 521
for g; € Gs to shrink to zero at the (NT )_1/ 2_parametric rate under the local alternative. Under
H; n7, the early estimators of ©° and G continue to be consistent with any D € ré despite the
fact that we cannot identify D.

As we do not know the true group structure, we need to rely on the estimated group structure G.
For any fixed D and a preliminary estimate of group structure G, we can obtain the bias-corrected
estimator ©"¢(D, G) = (@lfc (v1) 5 ey 9]2; (va)")'. Let

I = diag(#1, ..., 7¢) ® L and Kyp(D) = Lo(D) ' Q(D)@(D) 'L,
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where

@1(v1,71) D1(v1,7)
(D) = and (D) =

wa(ver V) Qai1(vesve)

We can construct the sup-Wald test statistic Wy = suppere Wy (D), where
_ A A N -1 . _ ~
Wyr(D) = NT - 8(D, G)IIV/2L/ <KNT(D)> LIT/26>(D, G).

Let Synr(v) = \/ﬁZieGg ST {zie(y) — %Zle Elzis(v)]}eir. Let S¢(y) be a zero mean
Gaussian process with covariance kernel Q4(v,7*). Let K(D) = Lw(D)1Q(D)w(D)~L’, S(D) =
Lw(D)~'S(D), S(D) = (S1(71)'; .., Sa(7¢)")', and Q(D) = Lw (D)~ Q(D)IIY/2L!, where IT =diag (1,
oy TG) ® Iog,

w1(71,79) Qu11(v1:m)
QD) = , (D) = , and

wa(vgve) Qe1(verv6)

w1(71,71)

wG(VG,’YG)

To state the next theorem, we add one assumption.
Assumption A.7: For each g € G, Sy n7(7) = Sy(7) on the compact set I', where = denotes the

usual weak convergence.

The following theorem establishes the asymptotic distribution of our sup-Wald test statistic
under Hy y7.

Theorem 5.1 Suppose that Assumptions A.1(i.1) and (ii)-(v), and A.2-A.7 hold. Then under
Hyyr : LOY = ¢/V/NT, we have
Wyt - sup W€ (D),
Der¢

where W¢ (D) = [S(D) + Q(D)c]' [K(D)] ! [S(D) + Q(D)c].

Under Hp, ¢ = 0 and @° = suppere WO(D) = suppere S(D)' [K(D)] ' S(D). Clearly, the
limiting null distribution of Wx7 depends on the Gaussian process S(D) and is not pivotal. We
cannot tabulate the asymptotic critical values for the above sup-Wald statistic. Nevertheless, given
the simple structure of S(D), we can follow the literature (e.g., Hansen 1996) and simulate the
critical values via the following procedure:

1. Generate {vi,i =1,...,N,t = 1,...,T} independently from the standard normal distribution;
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2. Calculate Sg,NT(D) = \/ﬁ Zieég Zthl Zit('yg)éit(’yg)vit;
3. Compute W} = suppere S(D)'w (D)~ 'L/ [K 7 (D)~ 'L&(D)~S(D);

4. Repeat Steps 1-3 B times and denote the resulting Wj- test statistics as WX,TJ for j =
1,...,B.

5. Calculate the simulated/bootstrap p-value for the Wy test as py, = % Zf’:l 1{W]’§7T7j >
Whnr} and reject the null when pyj, is smaller than some prescribed level of significance.

The above discussion was based on the m.d.s. condition in Assumption A.1(i.1). If we con-
sider the case of static panels such that Assumption A.1(i.2) holds, then the covariance kernel
is given by Q,4(v,7*) = lim(MT)Hooﬁ ZiGGg ZST:1 Zthl E[zZis(7)Zie(v*) eineis] for g € G. Now,
the above simulation procedure needs to be modified because S, (D) constructed in Step 2 will
not mimic the Gaussian process S(D) in this case. Instead of generating the independently and
identically distributed (i.i.d.) standard normal random variables {v;:} in Step 1, we can gener-
ate v; = (vi1,...,v;7) independently from a zero mean multivariate normal distribution with the
variance-covariance matrix 3 = {oys} given by o1 = [1 — (|t — s| /pr)] 1 (|t — s| < pr) for some pp
such that 1/py + p3./T — 0. Then

1 T T f— s
DD P L CHCAENCAETCAENCAS

Ey, ngNT(D)S%NT(D)’} =% p
g iEég t:l 8:1

where F,,(-) denotes the expectation conditional on the sample w = {xi, ¢it,€it, @ = 1,..., N, t =
1,...,T} and k(s) = [1 —|s| /pr] 1 (|s| < pr). Apparently, E,[S,n7(D)S,nr(D)] converges in
probability to €2, (’yg, 79) and the modified simulation procedure will generate statistics that follow
the same asymptotic distribution as that of Wxr.

In practice, we frequently consider testing the presence of threshold effects in all G groups, that
is, testing Hp : 5? = .= (52; = (. In this case, . = Ig ® L and we can readily rewrite our Wald
statistic Wy as o

Wrr = sup Y Wonr (v,) = Wi,
(Y15-7q)ETE g=1

A~ ~

$ <b ! 15 _1%b ~ _
where WgNT (’Vg) = ]\ing : 5gc (’Yg)_k[KgNT(Vg)] 1690 (79) ’ KQNT(’YQ) = ng('Vg’Vg) 19971(79’79)
xa&g(’yg,'yg)*lL’, and 5gc ('yg) = L9gc ('yg) . Here, WynT (79) is the Wald statistic used for testing
whether 62 = 0 for the gth group. For this reason, we can also refer to Wyt as a sup-sum-type of
Wald statistic Wy ). Alternatively, we can also consider a sup-sup-type of Wald statistic:

sup _
Wyr = sup sup Wynr (79) .
1<g<G v, €l

Following the proof of Theorem 5.1, we can readily find the limiting null distribution of Wy 7. As
before, when we allow for serial correlation in the error terms, we should use Qg’g in place of Qg,l
and modify the simulation procedure correspondingly to obtain the simulated p-values. We will
compare the performance of Wi? with that of Wy} via simulations in Section 7.
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6 Determining the Number of Groups

In practice, the true number of groups GO is typically unknown. In this case, we can consider a
BIC-type information criterion (IC) to determine the number of groups. Following BM (2015) and
SSP (2016), we consider the following IC:

IC(G) =n(6*(@)) + \n7GK, (6.1)

where 6%(G) = (NT)_1 Q(@(G),f)(G), G(G)), where we make the dependence of ©,D,G on the
group number G explicit, and Ay7 is a tuning parameter that plays the role of In(NT')/(NT) in
the standard BIC for linear panel data models. The estimated number of groups is given by

G= argmin IC(Q),
Ge{l,...,.Gmax }

where Gy is an upper bound for G° that does not grow with (N, T') . Following the arguments in
SSP (2016), we can readily show that Pr(G < G°) — 0 provided Ay7 = o(1) under the standard
condition that 62(G) 2 02(G) > 02 whenever G < G°. This implies that G > G° w.p.a.1. As in
BM (2015), it is difficult to further show that Pr(G' = G°) — 1 as (N,T) — oo without further
restrictions given the use of the K-means-type iterative algorithm in our estimation procedure.

On the other hand, if we require each estimated group should contain a minimum proportion v
of individuals (e.g., v = 0.05),! then we can show that when G > G°, the threshold parameters and
slope coefficients can also be estimated consistently and it is possible to show that 62(G)—6%(G°) =
Op(T ~1) under some conditions stated in the online supplement. In this case, a choice of Ay7 such
that T'- Ayp — o0 as (N, T) — oo would help to eliminate the over-selected model. Then we can
prove the following theorem.

Theorem 6.1 Suppose that Assumptions A.1-A.5 hold. Suppose that Assumptions D.1-D.2 in the
online supplement holds. Then Pr(G = G°) — 1 as (N, T) — oco.

Theorem 6.1 shows that the use of the IC helps to determine the correct number of groups
w.p.a.l. SSP and Liu et al. (2018) propose a similar IC to ours. SSP also require that Ayp — 0
and Ay7T — oo as (N,T) — oo for general nonlinear models but remark that this condition can
be relaxed substantially for linear panel data models. In contrast, Liu et al. (2018) require that
ANt — 0 and An7T ﬁ — 00 for some € > 0, which is much stronger than our requirement on
AnT. The main reason is that they consider general nonlinear regression models and do not explore
the properties of their objective function. They suggests using the tuning parameter Ayp =< T~1/4,
which satisfies our theoretical requirement but tends to be too large to be useful in practice. In the
simulations in the next section, we find that by setting Axr = 0.11n (NT') /T, the above IC works
fairly well in determining the true number of groups.

'If a group contains less than |v#N| members, the members in this group can be merged into other groups.
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7 Monte Carlo Simulations

In this section we evaluate the finite sample performance of our tests and estimates via a set of

Monte Carlo experiments.

7.1 Data generation processes

We consider three main cases. The first two cases concern static panels with different error struc-
tures, and the third case examines the dynamic panel. In each case, we consider two subcases that
differ regarding whether the threshold value is group specific or common across individual units.
Thus, we have six data generating processes (DGPs) in total.

DGP 1: We generate the data from the following static panel structure model:

Yit = p; + B1,g,Tal(qie < vg,) + Ba g, Tit1(qie > 7g,) + €it, (7.1)

where p; = 71 Zthl Tit, and we generate x;; from an i.i.d. standard normal distribution. The
slope coefficient vector g, = (ﬁll,gw 6’27 gi)/ has a group pattern of heterogeneity with the number of
groups G = 3, and it is specified as

(B11,B19:B13) = (1,1.75,2.5), and (B, Bag, Bas) = (1,1.75,2.5) + 1 (NT) 01,

where ¢ controls the size of the threshold effect and we set ¢; = 1 if not especially mentioned. Let
T4 be the proportion of units in group g for g = 1,2, 3, and we fix the ratio of units among groups
such that 7 : w9 : 73 = 0.3 : 0.3 : 0.4. The threshold variable g;; follows i.i.d. N(1,1). The error
term € is heteroskedastic, generated as e = o€, where oy = (s + O.Ix%t)l/ 2 with s controlling
for the signal-to-noise ratio, and ey ~ i.i.d. N(0,1). We set s = 0.5, leading to R? of about 0.85.
Let D = (v1,79,73). We consider two subcases: group-specific and homogeneous threshold value,
ie.

DGP 1.1: D=(05,1,15), DGP1.2: D =(1,1,1).

DGP 2: This is the same as DGP 1 except that the error term is generated from an autoregressive
process,
git = 0.dej_1 + ey, e~ 1id. N(O, 1).

As above, we consider two subcases, with group-specific and homogeneous threshold values, and
we label these two subcases DGP 2.1 and DGP 2.2, respectively.

DGP 3: In this case, we consider dynamic panel data models,

Yit = p; + (19,5 81,5) Xit1(qit < 7,) + (2,95, Ba,g,) Xit L (@it > vg,) + €t (7.2)
where Xt = (yi¢—1,2i) and p; = 71 Zle zit. The slope coefficient of y; ;1 is set as

(041’1, 1.2, 041,3) = (0.2, 0.4, 0.6), and (042’1, 2.2, 042,3) = (0.2, 0.4, 0.6) + CQ(NT)_O'I,
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with c¢a = 1/4 if not especially mentioned. The slope coefficient /3 g:» the threshold variable g;;, and
the error term e; are all generated in the same manner as that in DGP 1. We likewise consider
two subcases with different types of threshold values, and we label them DGP 3.1 and DGP 3.2.

For each DGP, we consider two cross-sectional sample sizes, N = (50,100), and two time series
periods, T' = (30, 60), leading to four combinations of cross-sectional and time series dimensions.
The number of replications is set to 1000 for the estimation and 500 for the hypothesis testing.

7.2 Determining the number of groups

As both of our testing and estimation procedures require specifications of the number of groups,
we first examine the accuracy of the IC in determining the number of groups, measured by the
empirical probability of selecting a particular number. The proposed IC is calculated by assuming
the presence of the threshold effect. Nevertheless, researchers typically do not have prior knowledge
of the existence of the threshold effect, and tests for the threshold effect in turn require the input
of the number of groups. Therefore, we examine the performance of IC for the PSTR model in
both scenarios with and without the threshold effect (¢; = 1 and ¢2 = 1/4 in the former case and
¢1 = ¢ = 0 in the latter). In practice, we need to choose an appropriate Ay for the information
criterion. We experiment with many alternatives and find that Ay = 0.1In(NT')/T works fairly

well.

TABLE 1 around here.

Table 1 displays the empirical probability of selecting a particular number of groups in the three
DGPs, and the highest probability in each case is highlighted in bold. The left panel displays the
selection frequency when there is no threshold effect but only group-specific slope coefficients, and
the right panel considers the cases in the presence of the threshold effect. In both cases, our 1C
can select the correct number of groups with a large probability, more than 96% in all cases, and
this probability increases as either IV or 1" increases. This result suggests that the proposed IC can
correctly determine the number of groups regardless whether the there is a threshold effect, and
this further allows us to implement tests and estimation given the true number of groups.

7.3 Test for the existence of threshold effect

Next, we investigate the performance of the two Wald statistics (Wi and Wyh) to test the
existence of a panel structure threshold effect at three conventional significance levels, namely,
1%, 5%, and 10%. These tests are evaluated given the correct number of groups, say G® = 3. We
examine the performance of the tests under both homogeneous and heterogeneous threshold effects.
However, prior to the test, one is typically ignorant whether the threshold is heterogeneous across
groups. Hence, we implement our tests assuming that the threshold is group specific. To facilitate
computation and avoid ill behavior for the test statistic, we truncate the top and bottom 10% of
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the threshold values and use the grid {11%,12%,...,89%}. The critical values for the two test
statistics are simulated based on B = 600 replications.

TABLEs 2 and 3 around here.

Table 2 presents the rejection frequency of the two tests when the threshold is group specific.
The left panel presents the size of the test, i.e. the rejection frequency under the null hypothesis
with ¢; = 0 in DGP 1 and 2 and ¢; = ¢ = 0 in DGP 3. Since the classification is based on
the discrepancy of slope coefficients, heterogeneity in the threshold does not contribute to group
separation. Hence, the size of both tests is generally well controlled. We find that both tests tend
to be oversized when N = 50 and T' = 30, but the sizes improve when either N or T increases.
The middle panel shows the power of the tests in the presence of a weak threshold effect (¢; = 1/5,
co = 1/15). Both tests demonstrate non-trivial power in detecting the threshold effect, and for the
fixed DGP and nominal level, the power function monotonically increases as either dimension of
the sample size grows. Finally, the right panel considers a stronger threshold effect with ¢; = 1/2
and ca = 1/10. We find that the rejection frequency of both tests increases as the threshold effect
increases, and it reaches 1 with large samples.

Table 3 considers the case in which the threshold is homogeneous across groups. Again, both
tests demonstrate reasonably good size and power properties. We find that both tests tend to
over reject the null hypothesis when there are indeed no threshold effects, especially when 7' = 30.
As T increases, the rejection frequency approaches the nominal level under the null. Under the
alternative hypothesis, the rejection frequency in the presence of homogeneous thresholds seems to
be higher than that in case of heterogeneous thresholds. This arises potentially because we estimate
the threshold for each group, ignoring the feature of homogeneity. The inefficiency of threshold

estimates may inflate the rejection frequency.

7.4 Test for homogeneity of threshold parameters across groups

If there exists a threshold effect, the next issue is whether the threshold is common for individuals.
We test the homogeneity of the threshold using the LR-based statistic discussed in Section 4.2.
As above, we use the grid {11%, 12%,...,89%} to facilitate the computation. To estimate 173,
we employ the nonparametric method detailed in Section 4.2 and follow Hansen (2000) in using
the Epanechnikov kernel and the bandwidth selected according to a minimum mean square error

criterion. The rejection frequency is displayed in Table 4.

TABLE 4 around here.

The left panel of Table 4 presents the rejection frequency under the null hypothesis of homoge-
neous thresholds with D = (1,1, 1)". The size of the test statistic is generally close to the nominal
levels in all DGPs, except that it is undersized for the 10% level test in DGP 2 and 3. The mid-
dle panel reports the rejection frequency under the alternative hypothesis of weakly heterogeneous
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threshold values, i.e., D = (0.85,1,1.15); the right panel considers the case in which the thresh-
old is strongly heterogeneous, i.e., D = (0.5,1,1.5)". As the degree of heterogeneity increases, we
observe a stable increase in the power function. The power is also increasing as either N or T’
increases for the fixed degree of heterogeneity and nominal level. This indicates that our test has
reasonably good power in detecting the heterogeneity of threshold values.

7.5 Estimation results

Finally, we consider the estimation of the PSTR model in the case of both homogeneous and group-
specific thresholds. When the thresholds are expected to be common across groups, we impose an
equality restriction for threshold estimation, but we still allow group-specific slope coefficients. We
evaluate the performance of the proposed method with respect to three aspects: clustering, slope
coefficient estimates, and threshold estimates. The accuracy of classification is measured by the
average of the misclassification frequency (MF) across replications, defined as

N
1 R 0
MF_N;N%?&%)-

For slope coefficient estimates, we focus on the bias, root mean squared error (RMSE), and coverage
probability (CP) of the two-sided nominal 95% confidence interval, while the threshold parameter
estimates are evaluated based on the bias, coverage probability, and average confidence interval
length. In the dynamic panels (DGP 3), the evaluation is based on the bias-corrected slope coeffi-

cient estimates.

TABLE 5 around here.

Table 5 presents the average misclassification rate across replications. In general, the method
can correctly estimate the group membership, and the misclassification rate decreases quickly as
T increases. In the static panel with heteroskedastic error (DGP 1), PSTR can correctly classify
at least 96% of individuals when T' = 30 and roughly 99.7% when T' = 60. When the errors are
serially correlated (DGP 2), PSTR can correctly estimate the group membership for more than 90%
of individuals in the worst case. Allowing for dynamics does not deteriorate the good performance
of classification, and the misclassification rate remains low in all cases. Interestingly, we find that
the misclassification rate is lower in the case of homogeneous threshold parameters than in the
case of group-specific thresholds. This is consistent with our theoretical prediction that group
identification requires the separation of group-specific slope coefficients instead of heterogeneity
among the threshold parameters.

TABLEs 6-8 around here.

Next, we examine the estimates of the slope coefficients and threshold parameters, and the
results are presented in Tables 6-8. In each DGP, the slope coefficients can be accurately estimated
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with a small bias, and the coverage probability is generally close to the 95% nominal level. Again,
allowing for group-specific thresholds leads to poorer slope and threshold estimates. We find that
when the threshold is group specific in DGP 2.1, the RMSE of the slope estimates sometimes
decreases disproportionally faster than the speed of the increase in 7". This occurs because the
relatively large misclassification rate in DGP 2.1 is remarkably reduced by increasing 7', and precise
classification contributes to better slope estimates.

The threshold parameter is also estimated accurately in all cases, and the average length of
the confidence interval shrinks as both N and T increase. We find that the average length of
the confidence interval is generally much smaller in the case of a homogeneous threshold than the
group specific threshold. This suggests that pooling does improve the efficiency of the threshold
estimation for common threshold groups.

8 Empirical Applications

We illustrate our procedure through two empirical applications. Our first application examines
the investment decision of firms in the presence of financing constraints using the popular data
of Hansen (1999). As a second application, we examine the impact of bank deregulation on the
distribution of income using the historical data of US states.

8.1 Investment and financing constraints

We first apply the proposed PSTR estimator to revisit the question whether capital market im-
perfections affect firms’ investment behavior. An influential and seminal study by Fazzari et al.
(1988) suggests that firms’ investment is associated with its cash flow only when the firm is con-
strained by external financing. To investigate the threshold effect of financial constraints, Hansen
(1999) examines three investment determinants, i.e., Tobin’s Q, cash flow, and leverage, allowing
the impact of cash flow to vary depending on whether a firm is financially constrained. This study
assumes that firms are all homogeneous, such that they face the same threshold parameters and
share a common effect of determinants. A number of evidence, however, has shown that firms be-
have heterogeneously in their financial activities, including investment decisions (see, for example,
Spearot (2012), Bernard et al. (2007), and Foster et al. (2008)). Heterogeneity may occur not
only in the effect of financial variables on investment (even after differentiating constrained and
unconstrained firms), but also in threshold parameters. Firms with diversified characteristics may
be subjected to distinct threshold levels.
Thus motivated, we revisit the determinants of investment and consider the following model

Invig = a; + By g, ®it-11(qit-1 < Vg,) + Bo g Tit—11(git—1 > 7,,) + €t (8.1)

where Inv;; is the ratio of investment to capital and «; denotes the firm fixed effect. We follow
Lang et al. (1996) and Hansen (1999) to consider the potential determinants x;; = (Qjt, CFyt, Lit),
where @;; is Tobin’s Q, C'F}; is the ratio of cash flows to capital, and L;; denotes leverage. ¢;; is
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Figure 1: The information criterion for determining the number of groups in the investment and
financial constraint application

the threshold variable, which we specify as Tobin’s Q, cash flow, or leverage, all of which proxy for
a certain degree of financial constraints. The lagged values of ), CF, and L are used as regressors
and threshold variables to avoid possible endogeneity (see also Hansen (1999) and Gonzdlez et
al. (2005)). This model allows a time-invariant group pattern of heterogeneity in both slope
coefficients and the threshold parameter as well as time-varying heterogeneity depending on the
realization of the threshold variable. We use the same data set as Hansen (1999) that contains 565
firms over 15 years.

To estimate (8.1), we first determine the number of groups chosen based on the IC. Figure 1
displays the value of the IC when we choose the number of groups ranging from 1 to 8 under the
three specifications of the threshold variable. For each given number of groups, we estimate the
parameters in (8.1) based on 1000 initializations. The IC selects four groups when we use cash
flow and Tobin’s Q as the threshold variable, while it suggests five groups when leverage is used.
We next test the existence of threshold effects using Wi and Wyh defined in Section 5. Both
tests (based on 600 bootstrap replications) suggest the presence of threshold effects for the three
specifications of the threshold variable, and the common-threshold test tends to reject the null
hypothesis of homogeneity in all cases.

TABLE 9 around here.

Table 9 summarizes the estimation results of (8.1) with three specifications of the threshold
variable. When we specify the threshold variable as Tobin’s Q, the estimates of the threshold are
10.721, 2.800, 0.854, and 0.282 for the four groups, such that 93%, 87%, 56%, and 15% of the sample
fall below the threshold in each group, respectively. In most groups, both Tobin’s Q and cash flow
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are positively associated with investment, as expected. Leverage generally has a negative impact
on investment, and this impact is stronger for constrained firms than for unconstrained firms. This
result supports the over-investment hypothesis that leverage serves as a disciplining device that
prevents firms from over-investing (see, e.g., Jensen (1986) and Seo and Shin (2016)). Group 1
is characterized by relatively low average investment but high average Tobin’s Q, while firms in
Group 2 are mostly undervalued but still invest aggressively. Group 3 contains very “unsuccessful”
firms with highest average leverage as well as lowest average cash flow and Tobin’s Q. By contrast,
Group 4 is featured by the highest average cash flow and Tobin’s Q but lowest average leverage,
indicating that firms in this group can be well operated and active in the market. The estimated
thresholds for both Groups 1 and 2 occur at the upper quantiles, whereas the effects of cash flow and
leverage differ remarkably across the two groups. The effect of cash flow is strongly and positively
significant for overvalued firms in Group 2 but less clear for the same type of firms in Group 1.
When Tobin’s Q is below the threshold, the leverage effect is stronger for firms in Group 2 than
for firms in Group 1. For the very “unsuccessful” firms in Group 3, investment is more sensitive to
Tobin’s Q and cash flow compared with Groups 1 and 2. This is in line with the expectation that
the marginal benefit from extra cash and a high asset value is especially high for firms that lack
financial resources. Most firms in Group 4 are “successful”, with average Tobin’s Q) greater than 1.
For a few firms in this group that are severely undervalued and thus financially constrained, both
the positive impact of Tobin’s Q and negative impact of leverage are pronounced.

Next, we examine the case in which we use cash flow as the threshold variable. Again, we find a
large degree of heterogeneity in the estimates of threshold parameters and slope coefficients. Group
1 contains the burgeoning firms with the largest average cash flow and Tobin’s Q. Most firms in this
group fall below the lower threshold regime, with significantly positive effects of Tobin’s Q and cash
flow and a negative effect of leverage. The threshold effect in Group 2 is particularly prominent,
since the impact of Tobin’s Q and cash flow on investment is much stronger for cash-constrained
firms than for unconstrained firms. We find that the effects of Tobin’s QQ and cash flow are both
negative and sizable for extremely cash-constrained firms in Group 3. Further examination reveals
that such firms may borrow money to expand, such that they still invest aggressively when they
face a shortage of cash flow. This also explains a large positive effect of leverage when they are
cash constrained.

Finally, we use leverage as the threshold variable. In this case, the IC suggests five groups.
The first three groups share the same threshold at zero, but the slope coefficient estimates differ.
Firms in Groups 1 and 2 generally have a low investment level, but firms in Group 1 are mostly
overvalued, while those in Group 2 are often undervalued. When these firms have non-zero debt,
their investment is positively affected by their cash flow and Tobin’s Q. The investment behavior
of Group 3 is more sensitive to cash flow than that of Groups 1 and 2. Group 4 contains a number
of overvalued firms with large cash flow, and the negative effect of leverage on investment in this
group is particularly strong in comparison with that of other groups. Group 5, as an extra group,
emerges in this case because of seven firms with especially high investment. Such firms also have
an abundance of cash and well-valued assets. These are possibly the aggressive firms, for which we

27



find a strong and positive impacts of cash flow and leverage on investment.

In general, we find a large degree of heterogeneity across firms, which is potentially driven
by unobserved firm characteristics, such as their market performance, investment strategy, and
managerial risk-taking behavior. Such heterogeneity cannot be captured by conventional threshold
regressions. The group pattern varies to some extent for different specifications of the threshold
variable. This suggests that the three candidate threshold variables capture distinct aspects of

financial constraints.

8.2 Bank regulation and income distribution

Our second application concerns the relationship between bank regulation and the distribution
of income. Bank regulation plays a crucial role in governing the financial market. It subjects
banks to certain restrictions and guidelines regarding, for example, bank mergers, acquisitions, and
branching, in the hope of creating a transparent environment for banking institutions, individuals,
and corporations. Bank regulations generally consist of two components: (1) licensing that sets
requirements for starting a new bank and (2) governmental supervision of the bank’s activities.
Hence, with stiffer regulations, there could be fewer banks in operation in the market, and banking
activities can be more restricted. In shaping regulation policies, income inequality is always one
of the central concerns. There exists a theoretical debate on the impact of bank regulation on the
distribution of income. On the one hand, imposing stiffer regulatory restrictions on bank mergers
and branching is likely to create and protect local banking monopolies, which further leads to
higher fixed fees that hurt the poor. Thus, the main motivation for deregulation is to intensify
bank competition and improve bank performance. On the other hand, objection on deregulation
is also raised due to the fears that centralized banking power would discriminatively curtail the
financial opportunities of the poor (Kroszner and Strahan, 1999) and thus amplify inequality.

We revisit the relationship between bank regulation, particularly branch deregulation, and the
distribution of income by applying the PSTR estimator. This analysis was first undertaken by
Beck et al. (2010) using US state-level data in a standard (fixed effects) panel framework. We
employ the same data set that covers 49 US states for 31 years from 1976 to 2006.2 The impact of
branch deregulation may vary remarkably across states depending on their financial market situa-
tions, economic performance, demographic features, and so forth. For example, Beck et al. (2010)
suggested that the impact of bank deregulation is more prominent if bank performance prior to
deregulations is more severely hurt by intrastate branching restrictions. Moreover, deregulation
may disproportionately affect different income groups that are characterized by heterogeneous de-
mographic features, and its impact on the distribution of income could also differ across states
depending on their economic and financial market performance.

To model the heterogeneous impact of bank deregulation on the distribution of income, we

consider the panel structure threshold model as follows:

Incy = i + (B g, dit + B1,g,wit) Lqie < y,) + (Ba,g,dit + Ba g, Tit)1(qit > 7g,) + €it, (8.2)

2The dataset contains 50 US states and the District of Columbia but excludes Delaware and South Dakota.
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where Incy represents the distribution of income, which is measured by the logistic transformation
of the Gini coefficient following Beck et al. (2010) and «; denotes the state fixed effect.? dj; is
a dummy variable that equals one if a state has implemented deregulation and zero otherwise,
and the date of deregulation refers to that on which a state permitted branching via mergers and
acquisitions. The control variables in z; include two salient and robust demographic determinants
of income inequality based on the cornerstone study of Beck et al. (2010), namely, the percentage
of high school dropouts (Dropout) and the unemployment rate (Unemp). We consider four specifi-
cations of the threshold variable g;;: the two demographic variables in the covariates (Dropout and
Unemp), the initial share of small banks, and the initial share of small firms. Obviously, these two
demographic variables allow us to examine the potentially heterogeneous impact of deregulation,
which depends on the demographic features of the state. The initial share of small banks reflects
the degree of bank competition at the date of deregulation, which may disproportionately deter-
mine the impact of deregulation. The initial share of small firms also plays a role in influencing
the impact of deregulation because the barriers to obtaining credit from distant banks is greater
for small firms than for larger firms, leading to a heterogeneous impact across states with different
initial shares of small firms. To analyze the effect of the two share variables, we have to use a
subsample of the data with 37 states if we wish to have a balanced panel. Detailed information on
the dataset and its source can be found in Beck et al. (2010).

The moderate effect of the two initial share variables was first proposed and analyzed by Beck
et al. (2010) in a difference-in-difference (DiD) framework. The advantages of (8.2) compared
to the conventional DiD approach are as follows: (1) DiD can only report a positive or negative
(linear) effect of the moderating variables, (e.g., the same value for all levels of the initial share of
small firms), while PSTR provides information on how such an effect varies (possibly non-linearly)
across different levels of these variables; (2) DiD captures only observed heterogeneity that is driven
by the moderating variables, while PSTR allows us to model the unobserved heterogeneity as the
group pattern is fully unrestricted.

We first examine the optimal number of groups chosen by the IC. Figure 2 displays the value of
IC when we choose the number of groups ranging from 1 to 8 under four specifications of threshold
variables. The IC robustly chooses two groups as the optimal specification in all cases. The p-values
of Wyt and WM suggest that the impact of explanatory variables does exhibit threshold effects
for all four specifications of the threshold variable, although to different extents.

TABLE 10 around here.

Table 10 presents the estimated threshold and effects of the explanatory variables. In general,
we find a large degree of heterogeneity both across groups and across different levels of the threshold
variables. We first examine the impact of deregulation if we specify the threshold variable as the
rate of high school dropouts. In this case, the test for the common threshold rejects the null of

3We also consider alternative measures of the distribution of income, such as the logarithm of the Gini coefficients
and Theil index, and the results are qualitatively unchanged.
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homogeneity with p-value 0.03; thus, we allow the threshold coefficient to vary across groups in our
estimation. The estimation is based on 10000 initial values, and the same number of initializations
is used for the estimation with other threshold variables below. Our method assigns 26 states into
Group 1 and 23 states into Group 2. Interestingly, the classification coincides with the geographic
location to some extent (see Figure 3). Group 1 contains mainly coastal states, such as Washington,
Oregon, California, New York, New Jersey, Massachusetts, Vermont, Virginia, and Florida. These
states are generally characterized by good economic performance and active financial markets.
Group 2 contains states with less active financial markets, including mostly inland and Southeastern
states, such as Montana, North Dakota, Minnesota, Nebraska, Iowa, North and South Carolina,
and Georgia. The two groups are distinguished by the effects of covariates and the threshold. The
estimated threshold of Group 1 is 0.295, such that 73% of observations fall below the threshold. The
effect of deregulation on income inequality is significantly negative (—0.0291) when the dropout
rate is below the threshold, and it is of a similar size as reported by Beck et al. (2010) (see
column (1) of Table IT of Beck et al. (2010)). Nevertheless, this effect becomes insignificant when
the dropout rate is particularly high. For Group 2, the estimated threshold is much smaller with
1.5% of the sample in the lower threshold regime, and a majority of the sample in this group
report a significantly negative impact of deregulation on inequality. Compared with Group 1, the
inequality reduction induced by deregulation is much less sizeable in Group 2. This is possibly
because bank competition is disproportionately intensified by deregulation in coastal states than in
inland /south-eastern states, leading to better bank performance and further to a larger reduction
in income inequality.

Next, we examine the deregulation effect when we specify the threshold variable as the unem-
ployment rate. The p-value of the common-threshold test is 0.01, strongly favoring the hypothesis
of the heterogeneous threshold coefficients. The group pattern estimated in this case is closely in
line with the specification above, with only two states (Ohio and Wyoming) switching their group
memberships. We again find a large degree of heterogeneity across the two groups. The estimated
thresholds are 9.8 for Group 1 and 2.6 for Group 2, which leads to about 95% and 10% of the
sample below the threshold, respectively. The impact of deregulation on inequality is significantly
negative for the majority of the sample in both groups but insignificant for the minority. These
results suggest that branching deregulation can reduce income inequality in most states, but the
magnitude of reduction is bigger in Group 1. However, for the states with an extreme unemploy-
ment and dropout rate, deregulation does not significantly help reduce inequality and even enlarges
inequality.

To explicitly examine how the degree of bank competition influences the impact of deregulation,
we consider the threshold variable as the initial share of small bank. Owing to the unavailability of
the initial share in some states, we employ a subsample of the data with 37 states. In this case, the
test for the common threshold strongly suggests homogeneity; thus, we proceed with the estimation
imposing the homogeneity restriction. The states are again classified into coastal and inland /south-
eastern groups with only four states (Kentucky, New Hampshire, North Dakota, and West Virginia)
switching their group memberships compared with the case of the dropout rate being the threshold
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variable. This confirms the heterogeneity of geographic locations and demonstrates the robustness
of the estimated group pattern. The estimated threshold is 0.1723 for both groups (due to the
common-threshold restriction), such that most observations are in the lower threshold regime. The
impact of deregulation is negative in all groups and all regimes, but the magnitude of inequality
reduction is larger when the share is beyond the threshold in both groups. This result is in line
with the expectation that states with a comparatively high ratio of small banks benefit more from
eliminating branching restrictions, as such restrictions that protect small banks from competition
have been particularly harmful to bank operations. Since most states are in the lower threshold
regime in both groups, we see that the magnitude of inequality reduction induced by deregulation
is larger for the majority in Group 1 than the majority in Group 2 as in the previous states.

Finally, we consider the potential threshold effect induced by the initial share of small firms.
Again, the test for the common threshold fails to reject the null of homogeneity; thus, we estimate
the model restricting the two groups to share the same threshold. The estimated group pattern
remains highly similar to the above case using the initial share of small banks as the threshold
variable, with only one state changing its group membership. The estimated threshold in both
groups is in the 0.783 quantile of the initial share of small firms. Interestingly, when we specify the
threshold variable as the two initial-share variables, the estimated slope coefficients in Group 1 are
close or even identical. This is, of course, due to the robustness of the classification; moreover, it
implies that the two share variables result in similar sample thresholding for Group 1. However,
sample thresholding by the two share variables differs in Group 2, and the impact of deregulation
is not significant in Group 2 when we use the initial shares of small firms as the threshold variable.
In both groups, the inequality reduction is more sizable when the initial share of small firms is
beyond the threshold. This confirms the theoretical argument that the impact of deregulation is
more pronounced in states with a large ratio of small firms before deregulation, since the existence
of branching restrictions impedes the growth of small firms that typically face greater barriers to
obtaining credit from distant banks and thus enlarges inequality (Beck et al., 2010).

To summarize, the PSTR estimates provide at least two new important insights that are not
provided by standard panel data models with interaction terms. First, we find a large degree of
heterogeneity between the two groups even after controlling for the threshold effect, and the impact
of deregulation is more sizeable in the group containing most coastal states. This result is robust
regardless of the way in which we specify the threshold variable. The group structure coincides
with the geographic locations to some extent but not precisely, and this latent group pattern is
difficult, if not impossible, to recover using standard panel data approaches. Second, we find a
clear threshold effect in each of the two groups. The degree of inequality reduction induced by
deregulation depends on the demographic features and the composition of financial markets. Such
a group pattern heterogeneity and nonlinear feature of threshold effects can be simultaneously
captured by our PSTR model but not by the conventional DiD approach.
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9 Conclusion

In this paper, we consider the least squares estimation of a panel structure threshold regression
(PSTR) model, where both the slope coefficients and threshold parameters may exhibit latent
group structures. We summarize the practical procedure of using this model as follows. The
procedure starts with selecting the right number of groups using the IC. With the number of
groups given, we first test the presence of threshold effects using the two proposed Wald-type
statistics. If there are threshold effects, we then need to test whether the threshold coefficients also
vary across groups. Next, we can proceed with the estimation with or without the homogeneity
of thresholds imposed, depending on the results of the common-threshold test. We show that we
can consistently estimate the latent group structure and estimators of the slope and the threshold
coefficients are asymptotically equivalent to the infeasible estimators that are obtained as if the
true group structures were known. Moreover, the standard inference based on LR test statistic can
provide a correct coverage for the group-specific threshold parameters.

There are several interesting topics for further research. First, we only allow individual fixed
effects in our PSTR model. It is possible to also allow for fixed time effects in the model, but
this will complicate the analysis to a great deal. Second, it is very interesting but challenging to
study the PSTR model with interactive fixed effects, which can incorporate strong cross-sectional
dependence in many macro or financial data. Third, we do not allow the latent group structures to
change over time. It is interesting and extremely challenging to study PSTR models with a time-
varying latent group structure. Fourth, as mentioned in the introduction, we can also consider a
PSTR model with endogenous regressors and threshold variables and latent group structures, which
would require the use of GMM-type estimation. Fifth, one can also consider a PSTR model with
multiple thresholds or multiple threshold variables by extending the works of Li and Ling (2012)
and Seo and Linton (2007) to the panel setup with or without latent group structures.
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APPENDIX

In this appendix we prove the main results in the paper. The proofs rely on some technical lemmas
whose proofs can be found in Appendix B of the online supplement. They also call on some other technical

lemmas in Appendix C of the online supplement.

A Proofs of the main results

To prove Theorem 3.1, we first need three technical lemmas, viz, Lemmas A.1-A.3 below. To state these

lemmas, we define some notation. First, we introduce the following auxiliary objective function:

0(0.D.G) = 33" [Fldy — 8, + 50 a8, + D (A

i=1 t=1 i=

—

o~
Il
_

Lemma A.1 shows that the distance between Q(0,D,G) and Q(0,D,G) is 0,(1) uniformly in (0, D, G)
so that we can study the asymptotic properties of 6 through Q(@, D, G) in Lemma A.2. Now, define the
Hausdorff distance dg : B¢ x B¢ — R as follows

d b — b i — b; .

m(a,b) = max {r;lgg (glelg lag I) max (glelg llag gll)}

Lemma A.1. Suppose that Assumption A.1 holds. Then supg p G)eBe xre xgn ~19(6,D, G)-9(0,D,G)|
= 0p(1).

Lemma A.2. Suppose that Assumptions A.1-A.3 hold. Then dg(6,0°) £ 0 as (N, T) — co.

Remark. The proof of Lemma A.2 shows that there exists a permutation og such that Hég - 92©(g)H =
0p(1). We can take ¢ (g) = g by relabeling. In the following analysis, we shall write 9g - 92 = 0p(1) without

referring to the relabeling any more.

Lemma A.3. Let §;(0,D) = argmin ¢ Z;F:l [Git — Zit(vg)'ﬁg]Q . Suppose Assumptions A.1-A.3 hold. For
some 7 > 0 small enough and (N,T') large enough such that maxyecg H(SSH < /1, we have

1 N . 0 —4
Pr (( sup [N;Hgi(@ﬂ)#gi)b =o(T™7),

0,D)eN, xI'¢
where N, = {@ € BY: HGg - 02”2 <n, g€ g}-
Proof of Theorem 3.1. By Lemma A.2, we have (97]3) e N, x I'S. Therefore, we can conclude that
LSV Pr(gi # ¢9) = o(T~*) by Lemma A.3. Hence, we have

Pr (supl (35 # 97) > ZPr §i#9))=N-o(T™)=0o(NT™*). R

To prove Theorem 3.2, we need Lemmas A.4—-A.7.

Lemma A.4. Suppose w;: is any random variable with ﬁ Zi’t E ||wit||3+€ < C for some constant € > 0

and C > 0. Suppose Assumptions A.1-A.5 hold. Then Hﬁ Zf\;l Z;‘F:l 1(9: # gD wit|| = 0, (NT)™1).
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To state the next lemma, we define an auxiliary estimator ©(D) = (6(7,)’, ...,0c(ve)")’, which is the
least squares estimator of © with fixed D and true group specification G°, that is,

-1
T T
() = | D> zu(n)zu(r) S zu(Wii | forgeg.
i€GY t=1 i€GY t=1
Then the infeasible estimator is given by © = (D) with D = argminpcre Q(6(D), D). See also (3.1)
in Section 3.1. In the online Supplementary Material we derive the asymptotic properties of ©. The next
lemma establishes the asymptotic equivalence by exploiting the properties of infeasible estimators.

Lemma A.5. Suppose that Assumptions A.1-A.5 hold. Then (N,T) — oo we have §, = ég(’yg) +
op((NT)™1) forall g € G.

Lemma A.6. Suppose that Assumptions A.1-A.5 hold and a € (0,1/3). Then ayr(y, —79) = O,(1) for
all g € G.

Lemma A.7. Suppose that Assumptions A.1-A.5 hold. For any ~ = ’yg + Op(1/ant) and g € G, the
following statement holds:

0y(7) = 0y(7g) = 0p(NT)7'2) and Qy(f(7),7) — Qy(by,7) = 0,(1).

Proof of Theorem 3.2. For the first result, we can show \/NT[@Q(’?Q) —0,] — 0 by Lemmas A.5-
A.7. Tt suffices to show the second result. Given Lemma A.6, we can denote 4, = fyg + 9g/an,r and

’S/g = ’yg +’Dg/OéNgT. Let

;TNT(’Ug) = Qg(ég(:}’g)v’)/g) - Qg(ég(:}/g)v’)/g + Ug/aNgT) and (A.2)
QZ,NT(%) = Qg(éga'yg) - Qg(ég"yg + Ug/O‘NgT)~ (A.3)

First we show that Q) *vr(v) — Q; n7(v) 2.0 uniformly on any compact set U. It is straightforward to
calculate that

Z,*NT(U) - Q;,NT(U) = LZ,NT(U) - Lg,NT(U)z

where Ly y7(v) is a remainder term that is defined in Lemma C.14 in the online Supplementary Material and
*
g
any compact set W. Similar arguments can be used to show that LY np (v) 20 uniformly on any compact

L} n(v) can be defined analogously. We show in the proof of Lemma C.14 that L} y(v) %, 0 uniformly on

set W. Therefore, we have Q*

v (V) = Qp (V) %, 0 uniformly on any compact set W.

Next, we have

0g(74):7 + 09/ an, 1)

Q;,*NT(@g) = Qq(éq@g 772) _Qg
Q [ Ag)s7y + Bg/an,T) + 0p(1)]

(
29(04(

where the first and second equalities hold by (A.2) and Lemma A.7, respectively, the fourth equality holds
by (A.3) and the fact that 0, = %(’yg), and the last equality follows from the definition of ,. On the other
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hand side, Q7 (0y) = @} n7(04) +0p(1) by the uniform convergence of Q3*y7(v) — Q} 7 (v) in probability
to zero. It follows that

o.NT(0g) = max Qy nr(v) +0p(1).
Noting that Q; N7 () converges weakly to a continuous stochastic process that has a unique maximum and
Uy = argmax,cg Q; y7(v), we must have

Uy = argH%aXQZ,NT(v) +0p(1) = 0y + 0p(1),
IS

which implies an, (¥, —¥,) = 0p(1). B

Lemma A.8. Suppose Assumptions A.1(ii)—(vi) and A.3-A.6 hold. Let My = I — #u7t/, with 7 being a
T x 1 vector of ones.

(i) Under Assumption A.1(i.1) we have ﬁ ZieGg Zi(v9) Moei +1/ ET‘L]BB%NT(’@) < N(0, Q9 1), where
g9

By nr(7g) = ﬁ ZieGg 25:1 2t B [Zit(’Yg)Eis] for each g € G;
(i) Under Assumption A.1(i.2) we have: ﬁ Zz‘eGg Z;(79)" Moe; < N(0, Q9 5), where Qg 5(7),79) is
g9
as defined in Assumption A.6.

Proof of Theorem 3.3. (i) By Theorem 3.2, we only need to consider the infeasible estimator ©. By
Lemma A.7, we have that

V NgT(ég - 92) = vV NgT(ég(Vg) - 92) + Op(l)
- - Y 26O Mez(Y) S Zi(+0) Moe: + 0p(1).

1
g /
NoT i€GY NgT i€GY

Then the result follows from Lemma A.8 and Assumption A.6.

—1

(i) The result follows from Theorem 3.2 and Lemma C.14 in the online supplement. W

Proof of Theorem 4.1. First, using Lemma A.3, we can readily show that ]\Afg/]\fg L Tand Q,(0,, Yg)/ (NgT)
2 o2 Let 0,(7) be the minimizer of Q,(0,~) that is defined in Section 4.1. Following the proof of Lemma
A.5, we can also show that 9g('y2) =90, (79) 4+ 0, ((NT)~1). With this and using Lemma A.4, we can readily
show that

Qy@g('Vg)a'Yg) = Qg(ég (72) 772) +o0p(1) = Qg(égﬁg)a'Yg) + 0p(1). (A4)
On the one hand, by the definitions of (9g,"yg) and {(@g,’?g),g =1,...,G}, we have

qar}/g

HMQ

G
Q (ag)’}/g)SQ g7ng Z q7’7g

On the other hand, we can apply Lemma A.4 to show that

Qy(0,7) = Qy(6,7) + 0p(1). (A.5)

This, in conjunction with the first inequality in the above displayed equation implies that Qg(ég,’yg) <

Qg(ég,’yg) + 0p(1) and hence Zle Qg(ég,’yg) < Zle Qg(ég,ﬁg) + 0p(1). Combining this last inequality
with the second inequality in the above displayed equation yields

G G
ZQg@gv;}’g) = Z Qg<é97’3’g) + 0p(1),

g=1
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which, in conjunction with Qg(ég,’yg) < Qg(@g,‘yg) + 0,(1) for each g € G, implies that
Qy(‘égvﬁ’g) = Qg(égv'?g) + 0p(1). (A.6)

Noting that (%(72) - 92 = [Yicqo ZiY)' Mo Zi(Y)] ™! Y icqo Zi(79)'Mpe; and using the analysis of 0, —02
9 B g9 -

in the proof of Theorem 3.3, we can readily show that 6,(9) — 6, = 0,(1/v/NT). With this, we can also

show that

Qg(ég(Vg)vVS) - Qg(éga’YS) = op(1). (A7)
Then we have

Qg(ég(V(g))a'Yg) - Qg(égaﬁ/g) = Qg(ég(Vg)vVS) - Qg(égaﬁg) +0p
Jr

|
Y
Q
—
¢
Q
-2
Q
~
O
Q
—
>
Q
X
s}
~
_|_
S
)
—~
—_
~—
—~
>
oo
~—

where the first equality follows from (A.5) and (A.6), the second and last equalities hold by (A.4) and (A.7),
respectively.

By Lemma C.14 in the online Supplementary Material, we have
Qg(égvVS) - Qg@gvv/O‘NqT + 72) = _Wzawg,D lv| +2 wg,VT"gan(v)v
where wg p = CY DyCY and wy,y = Cy'V)CY. Then by the continuous mapping theorem (CMT),

Qg(éga'Yg) - Qg(égaf}g/aNgT + '72) = max [_Wgawg,D |v] +2 wg,vﬂﬁan(U)}

veER
Wy, V w2 w; pT
— 9, max g,D |7T2a’l}|+2 g 9 W( )
Wg,D veER Wy, v Wy, v
w w? w?
= —2Y¥ max [ Y90 mov| + 2W ( g’Dﬂiav)]
Wg,Dp veR Wy, v Wg,v
U}g 1%
= 2 — 2 A.
A ma [~ |+ 2W,(0)] (A.9)

where the second equality holds by the distributional equality aWy(v) = Wy (a®v) and the last equality
follows from the change of variable (by setting r = wg 5 7T!2]a’l})
Lastly, we have

. Q(ég( ) 2)*Qg(éga;)/g)7©g(éga72) Q(égv{’g/aNgTJr’Yg)
Corr () = = o A T) RNV Forl)

d  Wg Vv
- % max [=|r[ +2Wy(r)],

where the first equality holds by (A.8) and (A.6), and the convergence follows from (A.9) and the fact that
Qq(0g:74)/(NgT) = 05 + 0 (1) W

Proof of Theorem 4.2. Under the null hypothesis, one can study the asymptotic property of (ér, ]A),,, GT)
similar to that of (@, D, G) Following the arguments as used in the proof of Lemma A.5, we can show that

Q(@m]jraér) :Q(é(D ) )+Op(1)a
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where D, = argminpep Q(6(D), D). This, in conjunction with the fact that Q(@, D, f}) = Q(0\, ]v))—l—op(l)7
implies that

~

Q(éra f)’l‘7 GT) - Q(éa f)’ G) = Q(é(f)r)a f)r) - Q(

Il
5 =
\.®(
)
N
\
X
\a®<
\
s
/@\<
o
w)
e
\
o
/@\)
o
p(
+
’EQ

arguments as used to derive (A.7).
For Q(6,D") — Q(6,D), we have that under Hyy : D € D, (i.e., 1) = ... = 7% =79,

G
QO,D") ~Q(0,D) = > [Qy(0,.7°) — QO vy /an,m +7°)] =Y Q; nr(¥y)

—

g=1 g=1
G 2 2
Wgq,V Wy D Wy D
9, g, 2a 9, 2a
= E max | — | ==y + 2Wy( T, vg)
g=1 Wg,D vg€ Wg,v Wg,v

by Lemma C.13 in the online supplement. Writing D, = (v° + v, /anT, ...,y + ¥ /anT)’, we have that
under Hyp : D° € D,

G
QOD,),D%) - QO(D,),D,) = > [Qy(0,(D,),7°) — QB (D,), 7520, fan, +1°)]
g=1
G
= D Qwr(my>w)
g=1
G 2 2
w w
= max Z—wg’v — | =227 0] 4+ 2W, (2L 7 0)
vER e Wq, D Wy, v Wy, v
Zwy v Wy, p 0% Wy p Wy.p 02Wy p
o D e R ) |
u€R \ 7= Wg,D W1,D Wg,v Twip weyv

where the last equality is obtained by changing variable u = v - 02 /wy,p. This completes our proof. W

Proof of Theorem 4.3. This proof is analogous to the first half of that of Theorem 4.2 and thus omitted.
|

Proof of Theorem 5.1. Following the arguments as used in the proof of Theorem 3.2, the Wald test
statistic is asymptotically equivalent to the infeasible Wald test statistic uniformly for D. Therefore, we can
focus on the study of the asymptotic property of the infeasible Wald test statistic. To avoid introducing new
notations, we just assume G = G°, which occurs w.p.a.1. Then 936(79) = 92C (74) w.p.a.1., where 936(79) is
the bias-corrected version of 0,(v,) when necessary (e.g., in the dynamic case) and 04(7,,) is defined before
Theorem 3.2. Similarly, let ©P¢(D) be the bias corrected version of ©(D) when necessary
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For g € G, we can readily establish

T
“be ~
NgT |:9g (’}/g) - 02i| = wg,NT(’}/ga’Yg Z Zz ’}/g mlt(’yg) xlt(vg)] 6g
i€GY t=1
+wg;NT(ryg”Yg)7 SQ7NT( )+ (1)

Note that w, NT(Vgﬁg) wg(74,74) uniformly in v, by Assumption A.6 and S, n7(7) = S,(7) on T' by
Assumption A.7. In addition, by Assumption A.6,

Zit (Vg)[glt (72) — Zit (’Yg)]/L/C.‘]

Z
~
E

1
\/ﬁ Z Zzlt /Yg $lt /Yg xlt(r}/g)] 50 = \/Tr__‘]

<.
m
C.'J
Qo
H~
,_.
.
m
Q
QO
~+
Il
_

1
Ny

[Z0(rg) 2 (V) = 2 (r,)2 (7)) L'ey

I
3
~
N

t

i€G 1

Qo

E) Vg [wg(Fng’Yg) - wg(’YgaFYg)} L/Cga

where the convergence follows by Assumption A.6. Then under H;y7 : LO° = ¢/V/NT,

/— vbc ,—
L = Le +ng ,yg”yg {S 79 +\/_|: (7977‘9) Wg fy‘q?’}/g] Cg}
WT_gCngng(”rgmg) LSy (74) + /Tgwy (14: 10 L cg) — /Ty LL'c,
= ng(r}/gvr)/g)il[sg(’yg) + \/ﬂ_gWg(’)/g,’Yg)L/Cg].

Then by the CMT, we can conclude that

bc
\ /NngLGg1 Yg1)

VNTLIIY/2§b (D) = = Lw(D)~! [S(D) + Q(D)HI/Z]L’c} .
V NQPTLéZf’ (rygp>

It is standard to show that Ky7(D) 2 Lw (D) 'Q(D)w(D) 'L/ uniformly in D. Then we have Wy () =
We(y) by the CMT. W

Proof of Theorem 6.1. Using Theorem 3.2 and the analysis of the infeasible estimators in Section C of the
online supplement, we can readily show that 6 (G°) 2 62 as (N,T) — oco. Then IC(G°) = In (62 (G)) +
AnTGYK — 02 by Assumption D.2(ii) in the online supplement, where 02 =limy 7)o 77 vazl S E(e3).
When 1 < G < G°, by Assumption D.2(ii) we have that w.p.a.1. IC(G) = In (ErQ (@)) +ANrGK > In(6?) >
In(c?) as (N,T) — oo. So we have

Pr(G < G%) =Pr(31 < G < G°, IC(G) < IC(G®)) — 0 as (N,T) — . (A.10)

Next, we consider the case where G° < G < Gax. When G > G°, we have by Proposition D.1 in the

online supplement that maxgo-g<a,,.. [0° (G) — 6*(G)] = O,(T~1). Tt follows that

a0
Pr(G > G°) = Pr(3G° < G < Guax, IC(G) < IC(GY))

=Pr(3G° < G < Guax, T[In(6* (G)) — In(6*(G?))] > (G — GOYTAn7)

— 0as (N,T) — oo, (A.11)
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where the last line follows from the fact that T[ln(6* (G)) — In(6*(G°))] = Tln(1 + %) =
O(T(5° (G) — 6*(G°)) = O, (1) and TAyr — oo as (N,T) — oo by Assumption D.2(ii). Combining

(A.10) and (A.11), we have Pr(G = G°) — 1 as (N,T) — cc. B
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Table 1: Group number selection frequency using IC when G° = 3

No threshold effect

With threshold effect

N T 1 2 3 4 ) 1 2 3 4 5
DGP 1.1 50 30 0.000 0.000 0.967 0.033 0.000 0.000 0.000 0.976 0.024 0.000
50 60 0.000 0.000 0.972 0.026 0.002 0.000 0.000 0.997 0.003 0.000
100 30 0.000 0.000 1.000 0.000 0.000 0.000 0.000 0.998 0.002 0.000
100 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000
DGP 1.2 50 30 0.000 0.000 0.974 0.026 0.000 0.000 0.000 0.976 0.024 0.000
50 60 0.000 0.000 0.998 0.002 0.000 0.000 0.000 0.998 0.002 0.000
100 30 0.000 0.000 0.996 0.004 0.000 0.000 0.000 1.000 0.000 0.000
100 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000
DGP 2.1 50 30 0.000 0.000 0.982 0.018 0.000 0.000 0.000 0.982 0.016 0.002
50 60 0.000 0.000 0.996 0.004 0.000 0.000 0.000 0.992 0.008 0.000
100 30 0.000 0.000 0.998 0.002 0.000 0.000 0.000 0.998 0.002 0.000
100 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000
DGP 22 50 30 0.000 0.000 0.994 0.006 0.000 0.000 0.000 0.946 0.032 0.022
50 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 0.998 0.002 0.000
100 30 0.000 0.000 0.996 0.004 0.000 0.000 0.000 0.997 0.003 0.000
100 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000
DGP 3.1 50 30 0.000 0.000 0.992 0.008 0.000 0.000 0.000 0.998 0.002 0.000
50 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000
100 30 0.000 0.000 1.000 0.000 0.000 0.000 0.000 0.998 0.000 0.000
100 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000
DGP 3.2 50 30 0.000 0.000 0.998 0.002 0.000 0.000 0.000 0.994 0.006 0.000
50 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000
100 30 0.000 0.000 1.000 0.000 0.000 0.000 0.000 0.998 0.002 0.000
100 60 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000
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Table 2: Rejection frequency of test for existence of threshold effect: Heterogeneous thresholds

No threshold effect Weak threshold effect Strong threshold effect

(01:0, CQZO) (61:1/5, 62:1/15) (61:1/2, 62:1/10)
N T 1% 5%  10% 1% 5% 10% 1% 5% 10%
I

DGP 1.1 50 30 0.026 0.072 0.122 0.096 0.228 0.332 0.728 0.833  0.923
50 60 0.006 0.044 0.088 0.160 0.304 0.496 0.918 0.985  1.000
100 30 0.016 0.050 0.084 0.160 0.308 0.436 0.923 0.980  0.993
100 60 0.010 0.044 0.080 0.276 0.512 0.606 1.000 1.000  1.000

DGP 2.1 50 30 0.036 0.094 0.138 0.108 0.202 0.308 0.533 0.755  0.878
50 60 0.008 0.058 0.088 0.096 0.240 0.332 0.760 0.923  0.943
100 30 0.024 0.074 0.120 0.126 0.294 0.332 0.788 0.930  0.968
100 60 0.010 0.044 0.080 0.140 0.342 0.442 0.968 0.993  0.998

DGP 3.1 50 30 0.024 0.070 0.150 0.160 0.306 0.444 0.826 0.942 0.970
50 60 0.012 0.050 0.106 0.260 0.526 0.642 0.992 1.000 1.000
100 30 0.018 0.062 0.118 0.212 0.492 0.610 0.984 0.998  1.000
100 60 0.006 0.058 0.086 0.520 0.770  0.868 1.000 1.000  1.000

Wi
DGP 1.1 50 30 0.030 0.076 0.148 0.152 0.276 0.376 0.853 0.915  0.968
50 60 0.012 0.042 0.086 0.224 0.358 0.544 0.980 1.000  1.000
100 30 0.020 0.060 0.102 0.244 0.398 0.554 0.985 0.995 1.000
100 60 0.016 0.044 0.080 0.378 0.622 0.686 1.000 1.000  1.000

DGP 2.1 50 30 0.042 0.106 0.154 0.148 0.260 0.342 0.673 0.855 0.928
50 60 0.016 0.056 0.090 0.122 0.274 0.382 0.880 0.963  0.980
100 30 0.032 0.112 0.186 0.216 0.418 0.450 0.925 0.973  0.980
100 60 0.012 0.060 0.086 0.244 0.436 0.530 0.995 1.000 1.000

DGP 3.1 50 30 0.012 0.064 0.098 0.178 0.312 0.436 0.888 0.962  0.986
50 60 0.004 0.030 0.080 0.302 0.574 0.668 0.996 1.000 1.000
100 30 0.014 0.054 0.094 0.272 0.528 0.654 1.000 0.998  1.000
100 60 0.004 0.036 0.068 0.596 0.798  0.886 1.000 1.000  1.000
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Table 3: Rejection frequency of test for existence of threshold effect: Homogeneous thresholds

No threshold effect Weak threshold effect Strong threshold effect

(01:0, CQZO) (61:1/5, 62:1/15) (61:1/2, 62:1/10)
N T 1% 5%  10% 1% 5% 10% 1% 5% 10%
Wip

DGP 1.2 50 30 0.024 0.072 0.118 0.126 0.356 0.434 0.818 0.964 0.990
50 60 0.006 0.044 0.088 0.164 0.408 0.526 0.984 0.996  1.000
100 30 0.016 0.050 0.095 0.208 0.400 0.512 0.978 0.996  1.000
100 60 0.010 0.044 0.085 0.412 0.635 0.734 1.000 1.000  1.000

DGP 2.2 50 30 0.032 0.076 0.138 0.090 0.220 0.360 0.692 0.926 0.948
50 60 0.016 0.066 0.118 0.140 0.282 0.404 0.906 0.986  0.994
100 30 0.020 0.068 0.116 0.122 0.330 0.440 0.908 0.982  0.996
100 60 0.012 0.052 0.096 0.264 0.474 0.620 0.998 0.998  0.998

DGP 3.2 50 30 0.024 0.094 0.174 0.256 0.474 0.626 0.940 0.990 1.000
50 60 0.008 0.066 0.118 0.454 0.700 0.804 1.000 1.000  1.000
100 30 0.012 0.086 0.134 0.398 0.670 0.730 1.000 1.000  1.000
100 60 0.007 0.056 0.104 0.740 0.906 0.966 1.000 1.000  1.000

Wi
DGP 1.2 50 30 0.029 0.076 0.140 0.198 0.400 0.454 0.962 0.992  0.996
50 60 0.012 0.042 0.086 0.300 0.508 0.672 0.998 1.000 1.000
100 30 0.018 0.060 0.114 0.362 0.540 0.652 0.998 1.000 1.000
100 60 0.015 0.044 0.086 0.620 0.780 0.881 1.000 1.000  1.000

DGP 2.2 50 30 0.034 0.076 0.154 0.146 0.322 0.408 0.912 0.970  0.980
50 60 0.008 0.070 0.124 0.190 0.400 0.548 0.986 1.000 1.000
100 30 0.041 0.099 0.156 0.298 0.442 0.566 0.990 0.996  1.000
100 60 0.014 0.056 0.096 0.394 0.628 0.734 1.000 1.000  1.000

DGP 3.2 50 30 0.012 0.068 0.138 0.324 0.520 0.626 0.990 1.000 1.000
50 60 0.006 0.036 0.070 0.560 0.760 0.816 1.000 1.000  1.000
100 30 0.010 0.064 0.090 0.480 0.734 0.816 1.000 1.000  1.000
100 60 0.008 0.044 0.088 0.860 0.982 0.992 1.000 1.000  1.000

44



Table 4: Rejection frequency for the test of homogeneous thresholds

Threshold Homogeneous Weakly heterogeneous Strongly heterogeneous
v=[1,1,1] ~v=10.85,1,1.15] v =10.5,1,1.5]
N T 1% 5% 10% 1% 5% 10% 1% 5% 10%

DGP1 50 30 0.013 0.076 0.110 0.810 0.904  0.960 0.968 0.980  0.994
50 60 0.018 0.061 0.114 0.994 0.986 0.996 1.000 1.000  1.000
100 30 0.014 0.064 0.096 0.990 0.998 1.000 1.000 1.000  1.000
100 60 0.012 0.046 0.112 1.000 1.000  1.000 1.000 1.000  1.000

DGP2 50 30 0.014 0.034 0.052 0.344 0.592  0.690 0.116 0.312  0.408
50 60 0.010 0.038 0.056 0.862 0.950 0.948 0.498 0.710  0.808
100 30 0.010 0.052 0.058 0.844 0.932 0.956 0.498 0.714  0.794
100 60 0.008 0.042 0.050 0.994 0.998 1.000 0.920 0.970  0.994

DGP 3 50 30 0.006 0.040 0.064 0.936 0.972  0.900 0.692 0.856  0.900
50 60 0.010 0.046 0.048 1.000 1.000  1.000 0.968 0.994  0.998
100 30 0.006 0.042 0.066 0.998 1.000 1.000 0.972 0.992  0.998
100 60 0.010 0.036 0.040 1.000 1.000  1.000 1.000 1.000  1.000

Table 5: Average misclassification rate

N =50 N =100
T=30 T=60 T'=30 T =60
DGP 1.1 0.0365 0.0032 0.0316  0.0026
DGP 1.2 0.0203 0.0011 0.0179  0.0013

DGP 2.1 0.0963 0.0141 0.0697  0.0124
DGP 2.2 0.0509 0.0076 0.0470  0.0075

DGP 3.1 0.0041  0.0001 0.0028  0.0000
DGP 3.2 0.0011  0.0000 0.0015 0.0002
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Table 6: Estimates of coefficients and threshold values: Heteroskedastic error (DGPs 1.1-1.2)

By Ba i
DGP 1.1: D°= (0.5,1,1.5)

Bias RMSE CP Bias RMSE CP Bias CP Length

N =50 Group 1 —0.001  0.078  0.908 —0.002 0.056 0.915 0.009 0.958 0.549

T =30 Group 2 0.003  0.097 0.895 0.015 0.107 0.893 0.018 0.923 0.373

Group 3 0.002  0.078  0.920 0.004 0.103  0.890 0.001  0.960 0.545

N =50 Group 1  —0.004 0.052  0.925 0.000 0.035  0.940 0.002 0.963 0.214

T =60 Group 2 —0.001  0.042 0.925 —0.001  0.042 0.928 0.002 0.965 0.202

Group 3 —0.003 0.037  0.948 —0.001 0.055 0.913 0.000 0.973 0.246

N =100 Group 1 0.001  0.055 0.922 —0.002 0.038 0.898 —0.003 0.966 0.245

T =30 Group 2 0.004 0.045 0.920 0.000 0.048 0.904 —0.003 0.948 0.207

Group 3 0.007  0.035  0.928 —0.003 0.057 0.922 0.001  0.968 0.240

N =100 Group 1 0.003 0.037 0.944 —0.002 0.024 0.938 0.000 0.972 0.125

T =60 Group 2 0.003 0.030 0.938 —0.001 0.029 0.942 —0.002 0.970 0.108

Group 3 0.000 0.025  0.920 —0.004 0.036  0.946 —0.004 0.962 0.119

DGP 1.2: D°= (1, 1, 1)/

Bias RMSE CP Bias RMSE CP Bias CP Length

N =50 Group 1 0.001  0.057 0.938 —0.010 0.060 0.928 —0.002 0.928 0.073
T =30 Group 2 —0.002 0.064  0.903 —0.010 0.060 0.923
Group 3 0.006  0.062 0.923 —0.011 0.061 0.913

N =50 Group 1 0.004 0.038  0.960 —0.003 0.040 0.943 0.001  0.933 0.049
T =60 Group 2 0.001  0.043 0.927 —0.003 0.043 0917
Group 3 0.004 0.042  0.940 —0.003 0.038  0.957

N =100 Group 1 0.001  0.042  0.930 —0.009 0.041  0.947 0.001  0.940 0.051
T =30 Group 2 0.006 0.045 0.913 —0.006 0.041  0.933
Group 3 0.006  0.040 0.930 —0.011  0.039 0.963

N =100 Group 1 0.003 0.026  0.963 —0.002 0.028  0.950 —0.001 0.947 0.027
T =60 Group 2 0.005 0.029 0.933 —0.002 0.029  0.940
Group 3 0.004  0.027  0.953 —0.004 0.029 0.943
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Table 7: Estimates of coefficients and threshold values: Autoregressive error (DGPs 2.1-2.2)

By Ba i
DGP 2.1: D°= (0.5,1,1.5)

Bias RMSE CP Bias RMSE CP Bias CP Length

N =50 Group 1 —0.014 0.153 0.834 0.015 0.163 0.874 0.048 0.932 0.797

T =30 Group 2 —0.008 0.198  0.812 0.032 0.225  0.802 —0.010 0.848 0.605

Group 3 —0.024 0.140  0.858 0.001  0.203  0.856 —0.034 0.936 0.924

N =50 Group 1  —0.008 0.092 0.914 —0.001  0.043  0.930 —0.006 0.966 0.374

T =60 Group 2 —0.003 0.051 0.924 0.002  0.050 0.942 0.004 0.964 0.291

Group 3 —0.005 0.050  0.922 0.005 0.073  0.892 —0.014 0.958 0.433

N =100 Groupl —0.021 0.080 0.894 —0.009 0.050 0.882 —0.015  0.960 0.380

T =30 Group 2 —0.002 0.076  0.840 0.000 0.073  0.856 0.003 0.918 0.302

Group 3 0.006  0.057  0.880 0.013  0.075 0.910 —0.003 0.946 0.331

N =100 Group 1 0.002  0.045 0.944 0.002  0.031  0.932 0.001  0.980 0.195

T =60 Group 2 —0.003 0.037  0.930 0.001  0.037 0.934 0.002  0.950 0.158

Group 3 —0.002 0.031  0.942 0.000 0.046  0.940 0.000 0.972 0.181

DGP 2.2: D°= (1,1, 1)

Bias RMSE CP Bias RMSE CP Bias CP Length

N =50 Group 1 —0.002 0.067  0.937 —0.008 0.074  0.920 0.001  0.960 0.181
T =30 Group 2 0.012 0.108 0.877 0.000 0.091  0.923
Group 3 0.009 0.091 0.917 —0.008 0.097 0.927

N =50 Group 1 0.005  0.048  0.965 0.000  0.050 0.938 —0.001 0.985 0.079
T =60 Group 2 0.001  0.0563 0.918 —0.002 0.048 0.945
Group 3 0.004  0.051  0.930 —0.004 0.049 0.955

N =100 Groupl —0.004 0.053 0.928 —0.017 0.061 0.851 —0.001  0.950 0.099
T =30 Group 2 0.001  0.056 0.914 —0.002  0.057 0.910
Group 3 0.019 0.053 0.914 —0.002 0.051 0.932

N =100 Group 1 0.001  0.033  0.950 —0.005 0.036 0.930 0.000  0.980 0.051
T =60 Group 2 —0.001  0.031  0.965 —0.001 0.033 0.965
Group 3 0.004 0.033  0.965 —0.001  0.036  0.920
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Table 8: Estimates of coefficients and threshold values: Dynamic panel (DGPs 3.1-3.2)

By Ba i
DGP 3.1: D°= (0.5,1,1.5)

Bias RMSE CP Bias RMSE CP Bias CP Length

N =50 Group 1 —0.007 0.035 0.923 —0.010 0.025 0.920 —0.006 0.940 0.184

T =30 Group 2 —0.003 0.017  0.963 —0.007  0.020 0.907 0.003  0.970 0.161

Group 3 —0.002 0.012 0.923 —0.007  0.019 0.877 —0.008 0.947 0.147

N =50 Group 1 —0.003 0.025 0.930 —0.005 0.017  0.950 0.001 0.973 0.095

T =60 Group 2 —0.002 0.013  0.953 —0.003 0.012 0.943 —0.002 0.940 0.073

Group 3 —0.001  0.007  0.960 —0.001  0.011  0.950 0.000 0.947 0.073

N =100 Groupl —0.007 0.027 0.927 —0.009 0.019 0917 0.000 0.973 0.110

T =30 Group 2 —0.003 0.014  0.937 —0.007 0.015 0.933 0.000 0.943 0.082

Group 3 —0.002 0.008 0.940 —0.005 0.013  0.907 —0.002 0.947 0.074

N =100 Groupl —0.005 0.019 0.923 —0.004 0.013 0.927 —0.001 0.947 0.059

T =60 Group 2 —0.002  0.009  0.930 —0.002 0.009 0.953 0.000  0.960 0.044

Group 3 —0.001  0.005 0.950 —0.003 0.009 0.920 0.000 0.967 0.038

DGP 3.2: D= (1,1, 1)

Bias RMSE CP Bias RMSE CP Bias CP Length

N =50 Group 1  —0.008 0.029 0.957 —0.014 0.032 0.910 0.001 0.977 0.050
T =30 Group 2 —0.004 0.019 0.930 —0.005 0.019 0.910
Group 3 0.000 0.012  0.937 —0.005 0.013 0.927

N =50 Group 1 —0.003 0.018 0.957 —0.0056 0.021  0.937 0.000  0.950 0.024
T =60 Group 2 —0.002 0.013  0.940 —0.002 0.012 0.940
Group 3 —0.001  0.008 0.953 —0.002 0.009 0.923

N =100 Groupl —0.008 0.020 0.957 —0.010 0.025 0.897 0.001  0.983 0.029
T =30 Group 2 —0.002 0.013  0.950 —0.006 0.014 0.933
Group 3 0.000  0.009 0.953 —0.005 0.010 0.893

N =100 Groupl —0.006 0.017 0.948 —0.004 0.018 0.938 0.000 0.964 0.201
T =60 Group 2 —0.002 0.011 0.942 —0.001 0.012 0.944
Group 3 —0.002 0.007  0.958 —0.003 0.008 0.922
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Table 9: Investment and financial constraint: Estimated threshold and slope coefficients

Threshold variable Tobin’s Q
Group 1 Group 2 Group 3 Group 4
v (Lower regime %) 10.721 (93%) 2.800 (87%) 0.854 (56%) 0.282 (15%)
8. Q 0.0081*** 0.0716*** 0.1537*** 1.3450***
(0.0008) (0.0029) (0.0146) (0.0631)
CF 0.0918*** 0.0977*** 0.3278*** —4.6433***
(0.0051) (0.0121) (0.0366) (0.1563)
L —0.0158*** —0.0671***  0.0206 —0.8063***
(0.0039) (0.0068) (0.0204) (0.1025)
By @ 0.0086*** 0.0134*** 0.0553*** —0.0004
(0.0010) (0.0052) (0.0084) (0.0003)
CF —0.0194* 0.3007*** —0.4886*** —0.0161***
(0.0116) (0.0579) (0.0617) (0.0080)
L 0.0668 0.0798 0.1251*** —0.0143***
(0.0803) (0.0830) (0.0270) (0.0061)
Threshold variable Cash flow
Group 1 Group 2 Group 3 Group 4
v (Lower regime %) 0.853 (98%)  0.279 (66%) —0.084 (1.6%) —0.343(0.2%)
B Q 0.0013*** 0.1447*** —0.4135*** —0.0034***
(0.0004) (0.0075) (0.0295) (0.0009)
CF 0.0684*** 0.1545%** —2.0022*** —0.1496***
(0.0052) (0.0216) (0.0697) (0.0411)
L —0.0096* 0.0203* 52.6850* —0.2208***
(0.0041) (0.0106) (0.1284) (0.0435)
By Q@ —0.0010*** 0.0068*** 0.0468*** 0.0117***
(0.0005) (0.0013) (0.0028) (0.0013)
CF 0.0806*** 0.0054 —0.0835*** 0.2958***
(0.0081) (0.0138) (0.0128) (0.0110)
L —0.0996*** 0.1644*** —0.0399*** —0.0730***
(0.0193) (0.0256) (0.0060) (0.0083)
Threshold variable Leverage
Group 1 Group 2 Group 3 Group 4 Group 5
~ (Lower regime %) 0 (8.5%) 0 (8.5%) 0 (8.5%) 0.002 (8.9%)  0.806 (98%)
8. Q —0.0003 0.0957*** 0.0014 0.0107*** 0.0538***
(0.0003) (0.0109) (0.0027) (0.0012) (0.0131)
CF 0.0584*** —0.0047 0.2276*** —0.0519*** —0.8202***
(0.0097) (0.0509) (0.0247) (0.0132) (0.1507)
L —0.0083 —0.0297 0.0816 —0.8464*** 0.1648***
(0.0165) (0.0566) (0.0549) (0.0637) (0.0337)
By @ 0.0039*** 0.0804*** 0.0117*** 0.0003 1.2055***
(0.0008) (0.0033) (0.0021) (0.0005) (0.1284)
CF 0.0304*** 0.0423*** 0.3854*** 0.1164*** —4.3237***
(0.0054) (0.0133) (0.0163) (0.0086) (0.2463)
L 0.0024 —0.0535***  0.0258"*** —0.1168*** 0.2734***
(0.0042) (0.0072) (0.0078) (0.0099) (0.0383)
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Table 10: Impact of bank deregulation: Estimated threshold and slope coefficients

Threshold variable

v (Lower regime %)

f1  Dereg
Dropout

Unemp

By Dereg
Dropout

Unemp

Dropout rate

Unemployment rate

Group 1 Group 2 Group 1 Group 2
0.295 (73%) 0.041 (1.5%) 9.80 (95%) 2.60 (10%)
—0.0291*** 0.2444*** —0.0316"** —0.0228
(0.0082) (0.0576) (0.0080) (0.0427)
—0.6749***  3.3793*** —0.6959***  —5.2629
(0.0778) (0.7635) (0.0805)  (3.0658)
0.0032* 0.0390* 0.0007 0.1566***
(0.0020) (0.0198) (0.0022) (0.0489)
—0.1672* —0.0199*** 0.0339 —0.0197***
(0.0779) (0.0086) (0.0415)  (0.0088)
—1.1961*** —0.2286*** —0.4149 —0.2125%**
(0.2666) (0.0614) (0.6825) (0.0629)
0.0626*** 0.0263*** 0.0212*** 0.0263***
(0.0118) (0.0021) (0.0051)  (0.0022)

Threshold variable

v (Lower regime %)

B1 Dereg
Dropout

Unemp

By  Dereg
Dropout

Unemp

Ratio of small banks

Group 1

Group 2

Ratio of small firms

Group 1

Group 2

0.1723 (94.5%)

—0.0291%**
(0.0092)
—0.7805***
(0.0933)
0.0038
(0.0026)

—0.0655
(0.0455)
0.5417"*
(0.2723)
0.0573***
(0.0179)

—0.0067
(0.0091)
—0.2432%*
(0.0791)
0.0253***
(0.0022)

—0.1555%"*
(0.0479)
—1.7011%"*
(0.4793)
—0.0008
(0.0092)

0.8943 (78.3%)

—0.0354"**
(0.0091)
—0.8015"**
(0.0924)
0.0030
(0.0025)

—0.0655
(0.0455)
0.5417"*
(0.2723)
0.0573%**
(0.0179)

0.0003
(0.0117)
—0.3306"**
(0.0968)
0.0244***
(0.0026)

—0.0089
(0.0141)
—0.0295
(0.1294)
0.0303***
(0.0042)

50



Online Supplement to

“Panel Threshold Regressions With Latent Group Structures”
(NOT for Publication)
Ke Miao?, Liangjun Su® and Wendun Wang®

@ School of Economics, Singapore Management University, Singapore
b Econometric Institute, Erasmus University Rotterdam and Tinbergen Institute, The Netherlands

This supplement is composed of four parts. Section B contains the proofs of Lemmas A.-A.8 in the above
paper. Section C contains the full analysis of the infeasible estimators. Section D provides some additional
assumptions for the determination of the true number of groups and a new proposition. Section E studies
the consistency of the panel threshold estimators in the framework of fixed threshold effects.

B Proof of Lemmas A.1-A.8 in Appendix A

Proof of Lemma A.1. Note that

[Q(@,D, G) - 9(6,D, G)}

[(/BS? — By,) Tt + 5 0$zt( ) d, ﬂfzt(’Ygl)} Eit

s
I
-
o~
Il
_

I
< (S
M= 1=
M= "M’ﬂ NE

Gozzt(vg Eit — N ZZO Zit 'Yg Ezt

=1t i=1 t=1
G o T G 5 N T
= ;ﬁ 2 ;1(9 —9)9 Zit ’Yg Eit — ;ﬁggl 9i =9g) 9 sz(’Yg)Ezt

It suffices to show that the second term in the last line is 0,(1) uniformly in (0,D,G) € BY x T'% x gN.
For each g € G, we have

| NI 1 & T
NT 221 9 g Zit ’Yq Eit = NT Z =9) Z%Zit(ryg)eit

i=1 t=1

T2 Zl gi = g Z 0 Zzs FYg)E’Lt = Al (agy')/g) A2 (agy’)/g) 9

t,s=1

where 235:1 = Zle Z?Zl . Then by the compactness of B in Assumption A.1(iv) and the Cauchy-Schwarz
inequality, we have

T
Z =9) Y 0'zu(7)eu
t=1

(O'y €B>< 1
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=|
[]=
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=
ko]

Following similar arguments used in the proof of Lemma A.3 in Hansen (2000), we can show that

2
= o0p(1). It follows that SUD(9,1)eBxT | A1 (0,7)] = 0p(1). Similarly, by

mMax1<;<n SUP~cr H 3 zn(v)en



the repeated use of Cauchy-Schwarz inequality

1 N T N 1 T 2y 1/2 4 1 T 2
sup 1(g:=9) 0 zis(v)eir] < C{sup— Zis( — —N "¢y
(0,7)EBXT T2; tél ~er N Z T; N; T;
1 N T 1/2 1 N 1 2 1/2
2
< 20l S| {53y
i=1 s=1 i=1 t=1
= Op(T7?).

where we use the fact that E|+ Zthl gi|* = O (T') under Assumption A.1(i.1) or A.1(i.2) and Assumption

A.1(iii). Then supp ) epxr |42 (0,7)] = 0p(1). Consequently, = Zivzl 23:1 1(gi = 9)0,Zit(7,)eir = op(1)
uniformly in (0,D,G) € B¢ xI'“ x GN. &

Proof of Lemma A.2. It suffices to show (i) max,ecg (mingeg Hﬁg - @g”) = 0,(1) and (i)

maxgeg (mingeg HOO - ég”) = op(1).
We first show (i). By Lemma A.1, we have

1 ~ o 4~ =« 1
WQ(QD:G) = —Q(@DG)+Op()<WQ(907DO,GO)+%(1)

WQ(@Ov DO, GO) + Op(l)a

where the inequality holds by the definition of least squares estimator. On the other hand, noting that
Q(0,D, G) is minimized at (Y, D% G°), we have W[Q(@ D,G) — 9(8°, D G| > 0. It follows that
ﬁ[@(é,f), G) - 9(8°,D° GY)] = 0,(1). By direct calculation, we have uniformly in (6, D, G),

L 15 3@0 PO @O0
—[2(e.D,6)- 9" D’ GY)|
LI . 5
= WZZ{ag?’zit(’y!]?>_agizit(’Ygi)}
i=1 t=1
N T
= o S {0 0, 5u(r,,) + 8 (0) — )]}
NT g0 ~ Vgi) Zit\Yg 90 Tit it(Vg,
i=1 t=1
G a N T
1
= S = S 1l = 00 = ) (8] 6]+ 0p(D)
g=1g=1 i=1 t=1
where the last equality follows from the fact that sup, 52. = 0(1) under Assumption A.1(vi),
T T
. 2
su T; < — T; , and
F,JF’NT;;” OIF < 33l = 0,00
T L N
* < . 2: .
ﬂ“&ngllzﬁ DEOI < 55 3 3l = 0y(1)



By the definition of My1(g, g, D, G) in section 3.1, we have

1 A ~
) = (0606 ae oy
G G o R
= 2> (0505 Myr(9.5,D,G) (0 — 07) + 0p(1)
g=1G=1
G A~ ~ ~ ~
Z Ié’leaé(Z(e —9") MNT(gagaDaG)(ag _0§)+OP(1)
9€9
> i D, G
> max (228‘ ) Z Amin[Mn7(9,3, D, G)] + 0,(1)

> max min‘
geg \ geg

> ¢y +op(1).

where the last equality follows from Assumption A.2 which says that there exists a group g* € G such that

Amin[MnT(g, G, D, G)] > ¢, > 0 with probability approaching 1. Consequently, we have maxgcg (mingeg Hﬁg -

= 0p(1).
To show (ii), let o (9) = 0g(g) = argmingg Hﬁg —0;
979

. Then by the triangle inequality, we have for any

@U(g) - éa(EJ)H Z Hﬁg B 62” B ‘ 9

0
_Hg

0
a(3) ~ 05 H -
The first term on the right hand side (RHS) of the last inequality is larger than ¢, 5 by Assumption A.3(a)
and the second and third terms are o,(1) by the above arguments. Then we can conclude that o¢(g) # 0¢(9)

w.p.a.1, implying that o¢(-) is bijective and has the inverse O’él. Thus, we have for all g € G,

9271(?]) - 9§H = min HGgfl(g) - éh

. 0 ~
min ||0 —9~H <
H 9 9 = heg

g€eg

j = 0,(1).

: 0
Therefore we have maxgeg (mmgeg Hﬁg — 05

D = 0,(1). This completes the proof of Lemma A.2. K.

Proof of Lemma A.3. For all g € G, we have

T T
1@1‘(@;])) = g) <1 {Z[ﬂzt Zit 'Yg 2 Z Yit — Zit 'Yg egg]Q} .

t=1 t=1

Thus we have

N G 1 G 1 N
Z @(©.D)#g)) =) Zlgz@D—g) @B #9) <Y % ZZ@(GD
i=1 g=1

where

T T
2:4(0,D) = 1(g; # g)1 {Z Jit = 2 (79) 09))> <Y [ — Zu(vg0 Ggg]Q}.
t=1 t=1

For Z,,(©,D), we have
T
2,(0.D) = 1(s' #9) {Z (20 rg0) (B0 — 0,) + (vg0) — a0 ']
t=1
- - 1. -
{m(v&;)’egg + & — 5 [Zie(y) 0 + zit(%?)/eg?]} < 0}

< max 1(L;(g,9) <0),
s Ll (Li(g,9) <0)

)




where
L 1
= Z {Zit(v5) (65 — 0g) + [Zit(vg) — Fae (v,)]' 0 } {Zit(v]) 05 + Eit — 5 [Zie(v,) 0g + Zit(75)'03)]}-
2

By adding and subtracting some terms, we have

T
Li(g, Z [2 T (B; — B )+git:| + Air(9,9) + Bir(9,9) + Cir(9, 9),
where
= 1
AiT(gvg) = [(ﬁg B B - /6) Z{I} t {Zzt ’Yq 9 + ezt 2 [Eit(’)/g)/eg + 5175(’7_{;)/96)]} )
. / ! = 1) s ’ ~ L. ’ s ’
Birle.0) = 30 (ul) ~ 8 {2905 + B = 5,0y + () 03)] b and
t=1
= 1
Cirl9.5) = DM t{zn O+ L) zit(wg)'egn}
7
ZCE (B3 — [ it (By — By) + git] .
For A;r, have
T T
|Air(9,9)] < ‘[(ﬂ - B Zi it€it | + /6 Z itZit( ’Yg

5108 = 59) = (8, = B 3 FaGar, 6, + 75 67))

= Air1(9,9) +Ar2(9,9) + Ars(9,9)-

For Ar 1, we have

T
Aira(9,9) < (|05 — 03] + |65 — 03] Zi"z‘tgit
T T T
< 2\/ﬁ< Zmitsz’t ZZ Tit€is )
t=1 =1 s=1
1 T T 1 I
< 2\/5T{ T;%t&it TZ:: f;&s }
1 I T
< 4T <TZ||:%||2 Z )
t=1



where we used the fact that Hﬁg — OSH < /1 for all g € G. Similarly, we have

T T
i . . 1 i
Aira(9,9) < 20T |62 |f2xmt(yg)/ < 4T ||6Y]] (TZH:M“Q)
t=1 t=1
1 T
< 4T o3 (;ZW) - and
t=1
) L ys g2 L~y g2
Air3(9.9) < ATVAI05] + 106105 D 1Zaell® < AT\/a(0311 + 165175 Y llwarll”
t=1 t=1

Thus, for any 0 € N,
T
- 1
|[Air(g.9)| < Cry/mT (T > (llaall® + 6?9) = Hyr,
t=1

where C] is a positive constant independent of n and T
For B;r(g,g), we have

T

Z xzt Zzt (’7)

t=1

+2([195]l + 1194 1) sup

1Bir(9,9)| < (1651l + [16g]]) sup
~el’ ~yel

T
g Zit(7)Eit
=1

Due to the fact § € N, we have [|d 4] < ||64 — (52“ + H(SSH < 2,/ for all g € G. Following the analysis of
A;1, we can show that

t=1

T
i 1
|Bir(g,9)| < Cay/nT (f > laall* + 6%)) = Ha,r,

where C5 is a positive constant independent of  and T'. Analogously, we can show that

~

ztxzt
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% Z ztjzt ’79

ztjzt (79) 60

HM’%

|Cir(9,9)] < ‘(ﬁo 50)

< 03\/5T< Z e |)* + €2, ) = H3 T,

Hnfﬁﬂ

N

where C3 is a positive constant independent of  and T'. It follows that

T
Z:,(0,D) < max 1 — Zi — B+ <Hir| =2,
a ) GeG\{g} ( /B B Z:: [ ' B ﬁ ) t} T) !
where H;r = C\/nT[+ Zle(HxitHz +¢€2,)] with C = C; + Cs + C5. Hence, we can conclude that
N

1 1 X
sup > 1(3i(©,D) #g7) NZ;Z

(©,D)eN, xI'¢ i—1

Noting that Z;, does not depend on (0, D) and G is fixed, we are left to bound Pr(Z;, = 1).

Observe that ~
PI'(Zig = 1) S Z PI' {ng(gha) S HiT}v
geG\{g}



where £;7(g,9) = (ﬁg - /6 ) Zt L Tit [3Tit (/32 BS) + &;t) . Letting Cy = QmaXi,tE(”iUit”Q +¢€%,), we have

Pr(Z, = 1)< Z Pr{&r(9,9) < Hir}
geg\{g}
< Y Pri&r(9.9) < Hir, Hir <2E (Hir)}+ Y Pr{&(9,9) < Hir, Hir > 2E (Hir)}
geg\{g} geg\{g}
< Y Pr{&n(9.9) <2E(Hir)}+ > Pr{Hir >2E (Hr)}
ge9\{g} geg\{g}
T
< > Pri&r(g,§) < CCuy/MT} + _ > Pr (TZ (lzae|l® + €2) > c4>
geg\{g} geg\{g} t=1

Using the fact (ﬁg — Bg)' Zthl TitEir = (ﬁg — Bg)'[Zthl Tit€it — Zt 1 Z _1 Tis€it], we have

T
LTI v L £ o PRy

g€G\{g}
1 ) Co
- 0 012 -
pe (3 ol - < )
c cc
+PI‘< sztgztf 99+ 24\/ﬁ>

+Pr—%@—ﬂ%¢£§i§i £ %9+CGKF (B.1)
g 9/ T2 o L TisEit < B n . .

By Assumptions A.1 and A.3, we can use Lemma B.1 in the next section to show the first two terms
to be o(T~%). To study the third term on the RHS of the last inequality, we take n such that n <

. 72
[mingeg (%&}%9)} . Then we have that for any g # g € G,

1 « cg5  CC 1 « Cg.d
Pr ((/Bg - BS)’T Zmitgit < —% + 74\/7_]> < Pr ((/Bg - BS)’T intgit < —%)
t=1 t=1

T
1 Cqg.5
Pr (‘(ﬁg - ﬁg)/f E Tit€it| = —gg’g>
t=1

= o(T™"),
where the last equality follows by another application of Lemma B.1 and the fact that H ﬂg — Bg” >c3>0

under Assumption A.3(i). Similarly, we can show that the last term on the RHS of (B.1) is o(T—*). Then
we have

E izN:L{f(@ D)£¢°} | <FE iizz —iiip(z =1)=o(T™*)
(@Dsup Ni:1 9:\9, g; > N : ig | = N : I'(Zig = =0 .

D)eN, xT'¢
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Lastly, by Markov inequality,
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for any constant € > 0. This completes our proof. H.

Proof of Lemma A.4. By Markov inequality, we have

1 3+e
Pr(sup | >0 (NT)'*) < —= > Ewl* = 0(1),
it e (NPT 4

implying that sup; , [|wi| = 0,((NT)'/3). By Lemma A.3 and the order requirement on N and 7', we have

1 N T
|N—zz (5 # P

Proof of Lemma A.5. By direct calculations, we have

IN

N

1

~ ) 1(9:(0,D ? i
<(@Dsup N > Ll >7ég>>s3tp||wt|

D)EN, XTG4V i

0p(TH(NT)'/3) = 0,(NT)""). m.

1 - - 4 1 - 8 1 N
sup | — EzZ:()Zi () = sup | — > FE|z <sup [ — E|z
s\ 7 Ei’t [[Zit() 2 () Wb | 7 Et 1Zie ()l s | 7 Et [1Zit(7)
256
< NT g E|lzi]|® < C < 00 by Assumption A.1(v).

7,t

Similarly, sup.,cr (ﬁ >k Héit(’y)gjit||4) < C < 0. Then we apply Lemma A.4 with € = 1 to obtain

1 N T 1 N T
NT ZZI i = 9)Zit(¥ )git =NT ZZ 1(9? = g)git(’?g)git + Op((NT)71)~

i=1 t=1 i=1 t=1

’ﬂ

Analogously, we have

N T N T
1 R T 1 e _
7 2 2 U0 = 9)2(3) 7 (3, = 5 D1 D Ll = 9)Fu(35)Z(A,) + 0p(NT) ).
i=1 t=1 i=1 t=1
To sum up, we have 6, = 04(7,) + 0p((NT)™1). .
Proof of Lemma A.6. Note that

A 3 1 A A A B
G70O(D).D) = WQ@ D) +0,((NT)}) = £~ Q(6,D,G) + 0, (NT) )

< §726.D) 4o, (NT) ),

where the first and second equalities hold by Lemmas A.5 and A .4, respectively, and the inequality holds by
the definition of least squares estimator (©, D, G). On the other hand,

1 - - =~ 1 e 1 - < A =
70,6, D) = £-0,(6(D), D) < +-.0,(6(D), D)
by the fact that O, (6 9> Yg) = inf(g.4) Q,(0,7)). Tt follows that
1 . P N R _
ﬁ [Qg(og(;yg)fvhy) - Qg(og(ryg)v’Yg)] = O;D((NT) 1)5 fOI‘ all g € g (B2)

Following the analysis of the 1nfea51b1e estimator 7y, in Lemma C.10 in the online Supplementary Material,
we can also show that 4, —~) = O,(1/anT) based on (B.2). &



Proof of Lemma A.7. For all g € G, we have

0y(1) = 05 = @1, o 3 Z4(0) Mo — [1,(2)] " 2,185

where ®14(7) = w7 2icas Zi(V)MoZi(7), Pag(7) = T Yieay Zi(7) MoXi(v,7y) and Xi(v,7,) =
Xi(y) — Xi(vg)- Tt is easy to show that

B1y(7) = D15(7) + Oplaniy) = Op(1),
T 2 LG Mo = Op(NT) /24T,
1€GY
1 _ _ _
N7 2 [HO)=Z0)] Moss = Oylar[(NT) ™2+ T7)),

e
i€GY

and Poq(y )6 = (NT) *®gy(7)CY = (NT)~*O (aN r) = O,((NT)™'"*), where we use the fact that
an,7 = (NgT)'72* and Ny/N — w4 > 0. With these results, we can readily show that

O4(7) —0,(7)) = {[(I)lg N T Z Zi(y) Moe; — [@15;(72)} N T Z Zi(7}) Mo&}

1€GY i€GY

—[@14(7)] " D2y (1)

= (@0 - 0]} 577 z Z:(4) Mo,

+[@1()] )] Moe; — [@14(7)] " ®29(7)5

N T
9 ’LEGO

= Op(an,r[(NT) ™2+ T7]) + Op(a [(NT) T2 + T71) + O, (NT) )
= Oplan)r[(NT) 2+ T71)) + Op(NT) ™) = 0, ((NT) /%)
where the last equality follows from the fact that o € (0,1/3) and N = O(T?). The above analysis also

shows that 04(79) — 0) = O, (NT)~¥/2 + T-1).
Next, noting that

0.7)= D D [ — 20 = Y [Yi = Zi(7)0) Mo[Yi — Zi(7)6),

i€QY t=1 i€GY

AMyA; — B{MyB; = (A; — B;)’My(A4; — B;) + 2(A; — B;)’MyB; for any two T x 1 vectors A; and B;, and



Y, — Zi(7)0 = [Xi(v) — Xi(fyg)]ég + p;er + €; with ¢p being a T' x 1 vector of ones, we have

Qg(ég(’)’)a’?) - Qg(ég,'7> = VN [9 0 NT Z Zi(7) MoZi(7)v NT[éq('V) - ég]
1€GY
+2NT[B,(y) — 0 T > Zily ((7) = Xi(v9))89
i€GY
+2NT[0, (v Z Zi(~) Moe;
ZGGU

= 0, (1) + NTo,(NT)"/?)O0,(NT) ")
+NT[Op(ay! o [(NT) T2+ T7Y) + Oy (NT) )0, (NT) /2 + 771
= op(1),
where the last equality follows from the fact that o € (0,1/3) and N = O(7?). &
Proof of Lemma A.8. (i) Let Py = F¢7t/;.. Note that

TR 2 A0 M = e 3G - BB G (B.3)

i€GY zeGO

\/ﬁ Z Z {zit( 'yg zlt('yg)]}sis = A, — As.

1€GY s,t=1

It suffices to show that (i1) A; <, N(0,90,) and (i2) Ay = 1/ 5 Bg NT + 0, (1). To prove (il), we relabel
the index G) = {i1,...,in,} to {1,...,Ny}. Let ¢ denote a 2K x 1 nonrandom vector with ||| = 1. For

m=(i—1)T+tfort=1,..,Tandi=1,..,Ng, let (,, = {zit(vg) o thl E(zit(vg))] git. Let M = N,T.
Then we have

L M
dA = — dCon
T,

Immediately, {¢,,}M_, is a martingale difference sequence (m.d.s.) under the filtration F,,, = o({¢,, : 1 <

n < m}), the minimal sigma-field generated from {¢, : 1 <n <m}. Apparently, maxi<m,<n E[|¢
for some C < oo under Assumption A.1. In addition,

1 M
M Z CICmC;nC
= N Z Zzzt 79 Zit 7g CE

i€GY t=1

N Z Zszt 221 (7)) — Z{zw 79) = Elzi5(79)]

ZEGO t=1
Arq+ Ao

1o o

ml

Z{ZZS 'Yg 228(72)}I c




By Assumption A.6, A; 1 = ¢/ Qg,l(’yg, 79)e. For Aj o, we have by Cauchy-Schwarz and Markov inequalities

T T 2\ 1/2
1 1
izl s el | 37 D 2 e [mwg)Tz{ziswgwm%wgn}]
97 ieGo t=1 s=1
) T . T 2 1/2
x 73 () ~ Bl DY | =0 (10, (T712) =0, (1)
W 2o | 2t~ et ()

Then A; % N (0,924,1(79,79)) by the Cramér-Wold device and the martingale central limit theorem.
Next, we consider As. Note that

Ay = T\/ﬁ Z Z E Zzt ’Yg Ezs T\/ﬁ Z Z { Zit ’Yg Zzt(r}/g)]) gis — F [Zit(’}/g)sis]}

zeGObt 1 zeGoét 1
= Ay1+ Ao

For As 1, we have Ay ; = \/ N T ZzeGo Zt 1Dt B I:th(/yg 513 \/ By nr. For Az 2, we can easily
verify that E(As2) =0 and

- TsZE

i€GY

Z {zie(vy) — Elzu(Yg}eis — E [zie(vg)eis] ]

s,t=1

s

o ()

by using the Davydov inequality for strong mixing processes. Then Ag» = O,(T~'/2) and (i2) follows.
(ii) Now, let u; = Zi(’yg)’Mosi/\ /NT'. Then we have u; independent across ¢ and

1

E |Jugl|® E (Zit(v9)Zis(9) €it€is)

Il
=
~
M=
W

~~
Il
-
w
Il
A

S 6a[|t 1/2 ||Zt ’Yq Eth4 Hzl.s r}/q)gst

tez —_
~

M=
MH

—

@
Il

—

@)
~
i
=
= o
< 'l
N

By Theorem A of Yang (2016), we have Emax; |u;]|*™° < C(N, )~ /2 max; maxy << ||2it('7(g))5it||2+25

for some § > 0 and C' < co. Here |||, = {E£]-|"}*/". Then Lindeberg condition holds and we have the
desired claim. W

C Supplementary Lemmas

We first state a technical lemma that is also used in the proof the main results in the paper. Then we study
the asymptotic properties of the infeasible estimators.

C.1 A technical lemma

Lemma C.1. Let &, denote a d¢ x 1 random vector with mean zero and F 1€, 13T < oo for some € > 0.

Suppose that {&,,t =1,...,T} is strong mixing process with mixing coefficients « [s] < ¢, p® for some ¢, > 0
and p € (0,1). Then as T'— oo and for any ¢ > 0 we have

1 & »
Pr T;ﬁt >c|=0oT7%).

10




Proof of Lemma C.1. The proof is similar to and simpler than that of Lemma B.1(ii) in Wang, Phillips,
and Su (2018) and thus omitted. W

C.2 Asymptotic properties of the infeasible estimators

We present the analysis of infeasible estimator in this section.
Lemma C.2. Suppose Assumptions A.1, A.3(iv) and A.4 hold. For any g € G, we have that

Vg~ ’72 = 0,(1), and f, — 92 = 0op((NT)™%).

Proof of Lemma C.2. First, we show the convergence rate of 99(7) for any v € T. Let Z;(y) =
([, @ dis (D) o 2l i (3)]'), 2 TX 2K matris. Let Xi(71,72) = (xz‘l[du(%)—dﬂ(%)]a---asz[d (71)
—dir(7,)])', aTx K matrix. By the definition of 0, (), we have 0,(v) = [>;cqo Zi(7) Mo Z; ()]~ cao Zi(y)

MyY;. It follows that

Og(7) — 05 = [B14(y N Z Zi(7)' Mog; — [@14(7)] " @24(7)0). (C.1)
ZGGO

where ®14(7) = 57 Yieqy Zi(V) MoZi(7), 29(7) = 77 Sieco Zi(7) MoXi(7,7y)- By Assumption A.4(i),
D14(7) = Op(1) for all v € T. It is standard to show that ﬁ Sicqo Zi(7)'Mog; = Op(NT)~Y/2+T-1) and
®94(7) = Op(1). Then we have ég('y)—é?g = O,((NT)=*+T~1) by exploiting the fact that 52 =O((NT)™ ).
Given the fact that o < 1/3 and N = O(T?), we can conclude from (C.1) that ,(y) — (92 = O,((NT)~®)
and

0y () = 0y = = [@1(7)] 7" @2(7)8y + 0, (NT) ™). (C2)

Next we show the consistency of ¥,. Let ®34(7) = ﬁ ZieGg Xi(%'yg)’MoXi(%'yg). By direct calcu-
lations, we can show that

1 _— -
NgT (Qg(eg,ﬁ/g) - Qg(aga'Yg))

= 50"1’39(%)50 + (g — 05) 14(7,)(0y — 90) +2(0y — 0g)' P2y (7,)5

—(0g — 69 T > Zi(4,) Moe; — 59NT ZOX (4> 75) Moe;. (C.3)
i€eGY 1€EGY

Note that the last two terms on the right hand side (RHS) of the above equation are o,((NT)~2%). This, in
conjunction with (C.2) and (C.3) implies that,

1
N,T

(Q (vga’Yg) Qg( ,72)) = 52'[‘I>3g(%) - (I)Qg('VYg)I(blg('ng)_lqbg(;Yg)]‘sg + Op((NT)_2a)~
By Assumption A.4(ii), we have that
D3(7,) — P2(7,) P1(7,) " P2(F,) = Wy(7,),

which is a K x K matrix with minimum eigenvalue Apin[Wy(7,)] > 7min{l, Hg - 72|} w.p.a.l. Hence it
follows that

(NgT)?* 1 (Qg(0:7) — Qal0g,79)) = w3 [|CF || 7 min{L, [, — 79[} + 0,(D),

where we use the fact 50 (NT)~* and Ny/N — m, by Assumptions A.1(vi) and A.2(iii). On the other

hand, we have Q, (6 g,’yq) Qg(ég,'yg) < 0. We can conclude that 5, —~9 = o,(1).
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Given the consistency of 7., we can easily show that ﬁ Yicqo Zi(7,) MoXi(79,5,) = op(1). Then
0, — 92 = 0,((NT)~®) follows. W
Lemma C.3. Let hi(v1,72) = l[zuecill |die(v2) — die(v1)| and kir(v1,72) = @it [die(v2) — di(v1)]. Sup-
pose Assumptions A.1(v) and A.5 hold, there is a constant C; < oo such that for y< v; < v, <7 and
r <4,
max E [hit(71,72)]" < C1lva — 71| and IT;%XE kit (v1,72)]" < Cilva =7l

2,t

Proof of Lemma C.3. For any random variable Z,
¥
E[Zdi(v)] = E(Z - H{agit <7}) = E[{air <7}E(Z|qi)] = / E(Z|qit)dFit(qit),

where Fj; (+) is the cumulative distribution function (CDF) of g;; with the corresponding PDF f;; (). Taking
derivative with respect to v on both sides yields

d
EE [Zdi(v)] = E(Z|qit =) fit(7)-
Then by the Holder inequality and Assumptions A.1(v) and A.5
d - .
d_VEHla?itEitH di()] = Ellwacal g =) fa() < [E(|wicul* laie = N7 fiu(y)

< Ccy for some C' < 00

This implies that
max E [hi(71,72)]" < C1 [y — 71| with Cp = Ccy.

it
Analogously, we have max; ¢ E [kit(71,72)]” < Ci |2 —71|. W

Lemma C.4. Suppose Assumptions A.1, A.3(iii)—(iv) and A.4-A.5 hold. Then there exists a constant
Cs < oo such that for all y<v; <y, <Fand g€ g

2
\/— ZZ 2(72) — ERL(v,79))| < Calve =il
i€eGY t=1
2
\/ﬁ Z Z (V1 72) Ek (’71772)) < Calyg =l
1€GY t=1

Proof of Lemma C.4. For notational simplicity, let h%,(v1,75) = [hit(71,72)]" for r > 0. By the indepen-
dence across i and strong mixing over t for {(zi:, ¢i, €it)}, there is a constant C't such that

2
¢— ZG Z {120 72) = Bk (1, 72)]}
2
1
- N Z E TZ{hzzt(’Yla’YQ)*E[h?t(’ha’h)}}
1€G° t=1
< N Z ZE{hzt Y15 7V2) [h?t(’71=72)]}2
zGGU t=1
T
< w7 2 B[ O1m)] < CCiy —ml.
97 ieGY t=1

12



The first result follows by setting Cy = CTC;. Analogously, we can prove the second result in the lemma. W

Lemma C.5. Let J, nr(7) = Ng_l/QT*I/2 Y icgo 23;1 xieirdit (7). Suppose Assumptions A.1, A.3(iii)-
g

(iv) and A.4-A.5 hold, there are constants K; and K» such that for all Vg 9 € G, € >0, 17> 0 and

§ > (N, )71, if \/N,T > K5 /n, then

K107

Pr( sup |Jg,NT<'7)_Jg,NT('Y/)|>77> < —
v <Y<y 48 n

Proof of Lemma C.5. The proof is similar to that of Lemma A.3 in Hansen (2000). W
Lemma C.6. Suppose Assumptions A.1, A.3(iii)—(iv) and A.4-A.6 hold, we have for g € G,

JgnT(7) = J4(v),

a mean-zero Gaussian process with almost surely continuous sample paths.
Proof of Lemma C.6. The proof is similar to that of Lemma A.4 of Hansen (2000). W

T
Lemma C.7. Let Gy nr(7) = ﬁ ZieGg >y CF i, COldiy () — die(7))] and Ky np(7y) = ﬁ ZiEGg

Zle |zl |dit (v) — dit (72)|. Under Assumptions A.1, A.3(iii)—(iv) and A.4-A.5, there exist constants B >
0, 0 < d < o0, such that for all n > 0 and e > 0, there exists a ¥ < oo such that for all (N,T) and g € G,

Pr inf GQLT(Z) <(1-md] < ¢
T/ant<|—|<B |7y — 79|
K
Pr sup Kynr(y) >1+nk| < e

F/QNTS|’Y*’YS‘§B ‘ryg o 72|

Proof of Lemma C.7. The proof is similar to that of Lemma A.7 of Hansen (2000). W

Lemma C.8: Under Assumptions A.1, A.3(iii)—(iv) and A.4-A.5, there exists some T < oo such that for
any B<ooand g=1,...,G,

Pr sup [ Jg.nr () = Jg.nr (7))
E/QNTS‘W—VEHSB VAENT ’7_72‘ B

Proof of Lemma C.8. The proof is similar to that of Lemma A.8 of Hansen (2000). H

- 2 ~
Lemma C.9. Let K, n7(y) = N, ! ZieGg [T_l S el |die () — dit(’Yg)” and Jy n7(7) =
Ng_l/QT%/2 Y icgo 23;1 23:1 ziseir(dis(7) —dis (7). Suppose Assumptions A.1, A.3(iii)(iv) and A.4-A.5
g
hold. Then there exists some ¥ < co and B > 0 such that for any n > 0, ¢ >0 and g € G,

’jg,NT(’Y)’ ’f{ ,NT('Y)’
Pr Sup ——— o >n| <eand Pr sup o P >n| <e
T/ant<|y=rp|<B VAN T v =3l v/ant<|y—7g|<B v =]

Proof of Lemma C.9. The analysis for the first result is analogous to that of Lemma C.8. For the second
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result, we consider the case v > 'yg. Letting kit (v) = kit (7, ’yg) = ||z ‘dit(’y) —dgt (72)‘ , we have

T 2 T 2
ElKgnr(y)] = Ny YD E|T Y aall |du(y) - dz‘t(ﬁ)}] =N,' > E|T! Zk’it(ﬂ]
i€Gy t=1 i€GY t=1
T 2 . 2
= N Z Var [T~! Zkit('Y) + N, ! (T ZE[kz’t(’Y)o
iEGg t=1 lEGg t=1
T 1 2
< OING' Y T72) B k()] + Nyt (T ZE[@M)
i€GY t=1 i€GY t=1
ctc
< =g+t -l

T

2
where the first inequality follow from the fact that Var [T’l Zthl kit(’y)] < otr=2 ZZ;IVar[kit(fy)] <

ctr—2 ZtT:1 E[k;;(7)]? for some CT < oo by using the fact that {k;(v),t > 1} is also a strong mixing
process, and the last inequality follows from Lemma C.2.
First we consider the case ¥ — 49 > 0. Choose a b > 1, B < e(b — 1)1/(4C?b*) and T such that

T/anr < B. We set v = 'yg + "% /ayr for j = 1,...,n + 1 such that v,, + 1 > B and ~,, < B. Since
YT < B, n < logy(Baxt/T). When (N,T) is large enough,, we can have Cfflb% < ¢/4. Then we can

aNT

calculate
pr( sup Kg,NT(’Y];_l) _ < Xn: E[R'g,NT(’Y%-s-l)}
1<j<n |7j - 79| j=1 Ui |’yj - "/g’
2
- i ClC Pyjn =l /T i Cf Jvj1 =0

= 0y - =l =]
CfCibn 22T — 1)
7 T n anr(b—1)
ctCibn  C#® B
= o T (b-1)

For any v € [y) +7/anr,7y + B], there exists a j € {1,...,n} such that v; <~ < ~,,,. In view of the fact

< /2.

that K’Q,NT(')/) is monotonic in v, we have KF;Y:O(T) < Kgﬁ“jgrl). It follows that
g i~ g

’f{g,NT(W))
Pr sup —_

>n| <Pr| sup KQ’L(%H)>17 < e€/2.
Banr<r,—0<B |7 =79

1<i<n vy =79

A symmetric argument gives us the proof for the case —B < vy — 'yg < —T/an7. This completes our proof.
|

Lemma C.10. Suppose that Assumptions A.1, A.3(iii)~(iv) and A.4-A.5 hold. Then we have anr (¥, —
79) = 0p(1) for all g € G.

Proof of Lemma C.10: Let B,d, k be the coefficients defined in Lemma C.6-C.8 and ¢ = HC’SH . Pick an
n such that min{1,¢,k} > 7 > 0 and 72*(1 — n)d — 24n5ckn — w2 (6ck + 4¢®)n > 0. Let Exp be the joint
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event that, for all g € G: |§, — 79| < B, (NT)~ HBQ - Bg” <n, (NT)* |64 — 52” <mn,

Sawr<lugl<s Ty -
K,
sup 79’NT((7) < (1+4+n)k,
T/anr<|y—79|<B ’7 - ’Yg}
| Jg.nT(7) = g nT(79)]
sup 5 < n,
Slanr<|y-0|<B  VONT [V =7
‘jg,NT(’Y)’
sup — 7 7,
T/anr<|v—9|<B VON,T [y - “Yg|
K
sup a.NT(7) 0.

v/anr<|y—79|<B v = 9]

Then by Lemma C.7-C.9.Let X;(7,79) = (za[da (v)—da (V)] .. zir[dir (v) —dir (79)])’, a T x K matrix. Let
AXy . =Xg(7,79) = {Xi(7,7)),i € GY }, Wthh is an Ny T x K matrix. Let Z;(v) = ([z}1, 251 din ()], -,
(@), &lpdir(7)]), a T x 2K matrix. Let Zy(v) = {Zi(v),i € Gg}7 which is an N,T x 2K matrix. Let
AX, ., = (IN ® Pg)AX, -, and Zy(79) = (INg ® Py)Z, ( 9) where recall that Py = T~ 'urifp. Let ¢ =
(€i1y ., eir)’ and g4 = {51,2 € Gg} ,an NyT' x 1 vector.

Qg,NT(ga v) — Qg,NT(aa 72) = 5/AX;,V(IN9 ® Mo)AX, 40 — 25/AX;,V(INQ ® MO)Zg('Yg)(e - 92)
+26'AX,  (In, ® Mo)e,
= 6y AX] Axg L0+ (6 —00)AX! AX, (0 +6)) — 6 AKX, AX 46
28’ AX, Zy(19) (0 — 65) + 20’ AX, | Zy(72)(8 — 60) + 20’ AKX, e,
—
—26'AX, &4
Let 5g = (NT)~*C, for some C, such that ||Cg — C’g” < k, implied by Enp. Suppose that Enr happens
and for v € [y) +T/ant,~) + B], we have

20—1 Qg,NT(éga 7) - Qg,NT(éga 72)

_ WgQJan/AXIg,'yAXQKYCg 7730‘(09 —i—Cg)'AX;ﬁAXgﬂ(Cg — CS) B WgaC;AigﬂAXgNCq
NyT |y = 9] (NyT) |y =] (NgT) |7 = 9]
G [AX B0~ X BT Ot L MK - 5K, e,
(N,T) [y — )] " NTl =Ty =]
T Gnt(Y) o K N K
> Tl (ol + [CFID G - OBl PTG i 617 AT
] ] ]
o ol K +K Jg.NT J, o
a0 | (N, 1, — o)) Ko Bor) g e ||' 0) ~ Jpvrlry)
Iy — 9] ,/a_NTh 9]
. ‘jg NT(V)’
_ZHWQCQH\/Q—|
Nt |7 =)
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2a 2a 2a 2 @
> m (1 =n)d— 7 (2c+nn(l +nk—m"(c+n)™n—4rg(c+n)nl(1 +n)k + n]
—4mg(c+n)n
> 775210‘(1 —n)d — 24wy ckn — 7r!27°‘(60k; + 4c*)n
> 0,

which indicates that 5, does not belong to [v) +7/an7,7) + B]. A symmetric argument shows that if Exyz

happens ¥, does not belong to [y) — B,~) — /anr,]. Hence, we have shown 5, — 79 = O,(1/an7) for all
geg.

Lemma C.11. Let G;NT(U) = aNgTG%NT(’yg +v/an,r) and Kyp(v) = ozNgTKgWT(’yg +v/an,r).

Suppose that Assumptions A.1, A.3(iii)—(iv) and A.4-A.5 hold. Then we have that uniformly in v € ¥,
G;,NT(”) = Wg,D lv|, and K;,NT(U) L DS |v]

where wy p = Cy' D)Cy for g € G and ¥ is a compact set.

Proof of Lemma C.11. The proof is similar to that of Lemma A.10 in Hansen (2000). W

Lemma C.12. Let Ry n7r(v) = /an,T [Jg,NT(’Yg +v/an,T) — Jg,NT('Yg)] . Suppose that Assumptions
A.1, A.3(iii)—(iv) and A.4-A.5 hold. Then on any compact set ¥,

Ry nT(v) = By(v)

where By(v) is a vector Brownian motion with covariance matrix E[By(1)By(1)'] = V).

Proof of Lemma C.12. First, we show the convergence of finite dimensional distribution: Ry n7(v) <,

N(0,V?). Let upi(v) = \/ﬁ Zle zueiJan,T(di(v) +v/an,r) — di(79)] and F; = o({un;(v), j < i}).

By Assumption A.1(ii) and Liapunov’s central limit theorem (e..g., Theorem 23.11 of Davidson (1994, pp.372-
373), it suffices to verify that

Y wni(©)uni(v) B [0 Vi and Y funi(0)]|* = 0p(1).

iEGg iGGg
Note that
aN, T a
Z Uni(V)Uni(v)’ = NggT Z > wuahel |di(v) +v/oan,r) — dis(v))]
1€GY i€GY t=1
an,T

+

N, T SN wiearieildi(v) + v/on,T) — dis(Y)[dis (V) + v/an,T) — dis(73)]
i€GY 1<sA<T

= Agnr+ By
For Ay n7, we can conduct similar calculations as used in the proof of Lemma C.3 to obtain

E [wia}e?, |die(75 +v/an,1) — die(79)]]

U/OzNgT

- E(xitxgtE?tMit = 72)~

Then we can readily show Ay y7 — |v] Vgo by using the Chebyshev inequality and the fact that {(x, ¢it, €i)}
is independent across ¢ and strong mixing along the time dimension. Let (,;; = ;i€ [dit(’yg +v/a NgT) —
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dit(v))]. For By N1, we have for any K x 1 nonrandom vector ¢ with ||c[| = 1, we have

T-1 Ty

an,T aN, T
|E[CIB£]7NTC” = NgTv Z Z COV CC’Lt’CCZS S Z Z Z |COV CCztaCCzs)‘

97 |i€GO 1<s#t<T 9 zeGO s=1 t=s+1
. aNT
S D SD DI CRTNEIR R S DA ONoR!

- zGGg 0<|s—t|<To zeGU |s—t|>To

T N T 3+e 44-€ 2

< 2an,rmax max - |Cov(el G G| > (o [T max |Gl oo,

i€GY
< TOOZNQTO((OCN_E,T)72> + CTOéNngTO(?""‘EO)/(‘l""ﬁO) =0 (1)
provided Tp is chosen such that Ty = o(an,r) and Tp/(InT)® — oo for some constant co > 1. This
implies that E [By n7] = o(1). In addition, it is easy to verify that Var[¢' By 7] = 0(1). Then we have
By nT = 0p (1). Consequently, ZieGg Uni (V) Ui (V) LA |v] Vgo.
Now, we verify that » . o [[ttns (0)||* = 0,(1). Note that
9

it

Z E[c/um-(v)} = (N T 2 Z

1€GY 1€GY

- O‘NTQ > ZE )t +o(1)

i€GY t=1
= O(awn,r (N,T) ) +o(1)=0(1),

where the second equality follows from the simple application of the Davydov inequality for strong mixing
processes and similar arguments as used in the analysis of By ny7. Then Y, o [ tins (0)||* = 0, (1) by Markov
g

inequality. Then the pointwise distributional result follows.
For the stochastic equicontinuity, the proof procedure is similar to that in Hansen (2000) and thus
omitted. W

Lemma C.13. Let IN(;"NT(U) = aNgTR ,NT(’YS +v/an,r) and j;,NT(U) = aNgTj ,NT('YS +v/an,r).

Suppose that Assumptions A.1, A.3(iii)-(iv) and A.4-A.5 hold. Then R;NT(U) 20 and j;)NT(v) 2

0 uniformly in v € ¥, where V¥ is a compact set.
Proof of Lemma C.13. By the proof of Lemma C.9, we have

Bl nr ()] = an, 20 (% oo, z| + |v/aNgT;2) o).

Let r;(v) = T71 23;1 kit(v), where Ki(v) = ||zl ’dit(vg +v/an, ) —dit(vg)’. Let £it(v) = kit(v) —
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E[kit(v)]. Then

Var(K; yr(v)) = o rE |[|N;' Y {ki(v)? = Elsi(v)?]} 92 > E{ri(v)? = Elri(v)?]}?
i€GY g i€GY
T 4
< MY s Y wo)
9 ieGY t=1
8 N,T 1 d - ! 8 NT a !
< N2 Z E|\T Z"ﬂ’t(v Z E Z [’%it@})]
9 ieGY t=1 9 i€GY t=1
C’a?\, T T ?
S Jerd > ElRa (ZE Rit (v ) +0(1) + O(N;  ayy)
9 i€GY | t=1

= O(an,oN,'T>+ N;'T7?) +0(1) =0(1),

where the first equality follows from the Jensen inequality, the second inequality follows from the C) in-
equality, the third one follows from the repeated application of Davydov inequality and the fact that
max;  E [k (v)] = O(oz;éT), and the next to last equality holds by the moment calculations. Then

f(;‘,NT(v) = o0, (1) for each v € W. This result, in conjunction with the monotonicity of f(;‘,NT(v) in ei-
ther the half line [0, 00) or the half line (—o0, 0], implies that K’;NT(U) %, 0 uniformly in v € ¥. See Hansen
(2000, p. 598).

For j;NT(v), we can follow the above arguments and show that j;NT(v) = op (1) for each v € T.
Following Lemma A.11 in Hansen (2000), we can readily show the tightness of the process {j; Nt} Asa
result, we have j;:NT(v) 2 0 uniformly in v € ¥. B

Lemma C.14. Suppose that Assumptions A.1, A.3(iii)—(iv) and A.4-A.5 hold. Then on any compact set
v,

2 2 2 2
Q; NT(U> = _Wgawg,D "U| +9 ﬂ—gawg,VWg(U) _ Wg,v _7790‘ g9,D |1}| + oW, (mv) ,
) Wg,D Wq,v Wgq,v
_ (0ry/00
where wy v = C'V,'Cy.

Proof of Lemma C.14. Let Xi(*yg + U/OéNgT,’Yg) = [xil[dil(’}/g + U/OéNgT) _ dil(,yg)]’ -"axiT[diT('Yg +
v/an,r) — dir(7})]]'. We have

Q;,NT(U> = Qg(éga'Yg) - Qg(éga'Yg + U/aNgT)
= = > ) Xi(v) +v/an,, V) Xi(V) +v/an, 1,908 +2 > 8Y Xi() + v/an,r, 7)) e
i€GY i€GY
+Lg n1(v),
where
Lont(v) = 2(NgT)*(8g = 05) R np(v) — 2NGT)* 8y K5 v (0) (NgT)* (B, — BY)

—(NgT)* (b4 50) GnT (V) (NgT)” (5g+50) (Ng T)aég gNT( 0)(NgT)*0

+2(NG T8, T2 yp(v) — 28, > Xi() + v/an,T, 7)) MoZi(v5) (8, — 69)
i€GY
ng,NT('U) +...+ L6g,NT(U)~
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By Lemma C.10, we have

Z 8y Xi(Y) +v/an,m, 7)) Xi(Vy + v/an,T,79)6y

= (NT)** Z CyXi(vy +v/an,r,7vg) Xi(vg +v/an,1,79)Cy
1€GY
N y20 0Ny T

N.T CyXi(vg +v/an,1,7v9) Xi(V) +v/an,1,79)Cy

1€GY
N,
= (TG nr) = T wep ol

By Lemma C.11, we have

Z 52’Xi(72 +v/o¢NgT,’yg)'5i = (NT)~ Z C’O’X ’yg +v/an, T,'yg)
1€GY 1€GY
Ng 1/2—a 101 0
= (N) (N,T) CY [Jgnr(Vy +v/an,1) — Jgnr (7))
N,

= () Ry (v)
= WQCSIBQ(U) = ngwg,VWq(@-
By the fact that (NT)*(0, — 02) =0, (1), Assumption A.1(vi), and Lemma C.10, we have Ly, y7(v) =

0p(1) uniformly in v for £ = 1,2,3,4. By Lemma C.12 we have that L5y n7(v) = 0,(1) uniformly in v. For
Leg n7(v), we have

0, — 051} AN, T 32 Xiah + v/, 7,75 Mo Zi(5)
ZEGD

= 0,(1)0,(1)0p (1) =0, (1) uniformly in v € ¥

2{(NyT)" |3} { (N, T)"

|Leg,nT (V)]

IN

as we can follow the proofs of Lemmas C.10 and C.12 and show that Oé—N£|| ZZGGO Xi(Y94v/an,r:7y) MoZi(vy)||

= O, (1) uniformly in v € ¥. Consequently, we have Q% yr(v) = —72%wg, p [v| + 2y /720w, v W, (v) on any
compact set . l

D Determination of the Number of Groups

Recall that 6°(G) = <= Q( 0@ DG GD). Let 53, = < Zf\il 23:1 2. In the estimation, we require
each group to Contaln at least I_VN | 1nd1v1duals. We denote the index set of members in group g as Gy,

where G, € G, = {G;, |G;| > [vN|} for all g € G. Let N, = |G,4|. We can define five empirical processes
that depend on Gg:

1
J(vav) = M()Eiv AJ(Gga’Y,’Y*> == Z Xz('yv ) Me;,
N T i€Gy NQT i€Gy
1 *
q)l(va’y) = )7 ¢)2(va7 v ) Z Z( )/MOXZ'(’Y?’Y )7 and
zGG NQT i€Gy
(1)3(Gga’7’7*) = N Z Xi(, 7" ) Mo Xi(y,7")-
i€Gy
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Let GY be any possible group structure when the number of groups in {1,2, ..., N} is given by G. We assume
the following conditions hold for the empirical processes.
Assumption D.1. (i) Pr (inf(Ggﬁ)egyxp Amin [P1(Gyg,7)] > c) — 1l as (N,T) — oo for some ¢ > 0;

(11) Pr (infG‘er inf|’yf'y*\>f)/T /\min [(1)3(Gg7 Vs 7*) - (1)2(Gga Vs 7*)/(1)1((;97 7)_1®2(Ggu e 7*)] / h’ - '7*| > C)
— 1 as (N,T) — oo for some ¢ > 0 and 7 > 0;

(iii) Pr (SquEG,, SUD |y |55/7 |Re(Gg 7, Y ) /|y = 7*] < C) — 1for £ =2,3as (N,T) — oo for some
C >0;

(iv) Pr (sup(g, e, <0 [17(Gg. )| < OT71/2) 1 for some € > 0;

(v) Pr (SqugeGV SUP |y = (55,7 [AT(Gg, v, Y /|y =77 < CT’”Q) — 1 for some C' > 0 and v > 0.

Assumption D.2. (i) As (N,T) — 0o, min;<g<go minge 6%;@ Ls2s 0%, where 02 = lim(]\,’T)_‘oo(NT)*1
N T
it 21 B (eh) -
(ii) AT — 0 and TAnp — o0 as (N, T) — oc.
Assumption D.1(i)-(iii) requires the sample covariance matrices are well behaved for any subset of in-
dividuals. Assumption D.1(iv) is the assumption that plays the most important role in our analysis. It
requires sup (g, 1yec, «r 1/ (Gg: 1) = O0,(T~1/2) for all (G,,7) € G, x T'. For the true group members

G}, we can show that J(GJ),v) = O,((N T)~1/2) under some regularity conditions. However when we are

estimating the model with G > G, it is possible that HJ(GQ,W)H = 0,(T~/?). Similar remarks hold for
D.1(v). Assumption D.2 specifies the usual condition for the consistency of an information criterion. In

particular, Assumption D.2(i) in conjunction with the first part of D.2(ii) helps to eliminate all underfitted
models and the second part of D.2(ii) helps to eliminate the overfitted models.

Proposition D.1 Suppose Assumptions A.1-A.5 in the text and Assumption D.1 hold. The following state-
ment holds:
6%(G) = oxp = Op(T ™) for any G° < G < Gax.

Remark. The probability order O,(T~1) in the above proposition is not a conservative order. To illustrate

this point, we consider a simple regression where y;; = u+€;+ so that there is only one group. If we estimate
the model with G = 2, we have

) ) 1 2 T 1 T 1 N T )
0 > T [a (2) *UNT] = W;;;q; Yit — NgT Zezé}:q 2 Yit - N;;&t
1 2 T 1 T 2 1 N T )
BRI P N PPN s DI
g=1 icGy t=1 g icGy t=1 1=1 t=1
2 2
N, [ 1 2N, (VT
= T =g ~ _1 S - 2 ~— _1 )
_l; N Ng zeégs ; N Ng igé:gg

where ;. = % Zle git, G1 = {i|z;. <0}, G, = {i|g;. > 0}, Ng = ’ég} , and the last inequality holds by the

definitions of {G,} and 42(2). [Note that 2(2) is minimized at (G, Gz).] Without loss of generality, we

suppose that g5 is i.i.d. N (0,1) over both i and t. Then v;r = VTZ;. «» N (0,1) and by the strong law of
large numbers

N

N

1

% Z gi| = Ezéi-l (Ei. < 0) N;’Uﬂ“l (UiT < 0)

ieGy L=t

Y 2|E[Z1(Z <0)],
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where Z «~ N (0,1) and we use the fact that N;/N = & Zf\il 1(¢. <0) 3 P(Z <0) = 1. Similarly,

N a.s.
3 9|B[Z1(Z > 0)]].
N2

‘\/_ Zsz (i > 0)

1 N
N Z UiT]- (UiT > O)
ieGo i=1

This calculation indicates that the negative value T' [&2 (2) — 5%1] has the probability order O, (T~"') that

cannot be o, (T~!) . In other words, the order O,(T~!) is a tight probability order for 6°(2) — 5%

Proof of Proposition D.1. Following similar arguments as used in the proofs of Lemmas A.1-A.3, we can
show that individuals from the true group Gg would stay in the same estimated group w.p.a.l, i.e.,

Pr| sup 1(g: =g, g?;«ég?)zl —0as (N,T) — .
1<i<j<N
We only consider the case where some true groups are further divided into several groups. For notational
simplicity, we only consider the case G° = 1 where our true parameters can be rewritten as (90/,70)' =
(BY, 6% ,~°)" without the group-specific subscript. Since we still estimate a PSTR model with G > 1 groups,

~(G
the estimators, e.g., (9; ), ;)/_E]G)), still have the group-specific subscript. But for notational brevity, we will

denote (9( ),'Ang)) (Og,vg) Then we can write Q(0(@), D) GG)) = 25:1 Qg(ég,&g), where Q,(-, ") is
defined in Section 4.1. Following the analysis for (C.2) in the proof of Lemma C.2, we have

B, —0°=d, 4%

o) Mogi — ®1,4(F,) ™ ®2,4(%,)0", (D.1)
g 1EG

where ®14(1) = 5z e, 41 MZi(3) = 81(Gyry) and By (1) = b Yeqs, 21 MoXi(1,10) =
@2((}9, v,74Y). Following the similar analysis for (C.3) of Lemma C.2, we have

= [04(6,3,) ~ 0,(6°,2")

= 50'5’39(%)50 + (0 — 0°) B1g(3,)(By — 6°) +2(By — 6°) Doy (7,)0°

g
Z Z ’)/g M()E‘fl —(5 Z Xi(ﬁ/galyo)/MOEiv

ZEG i€Gy

T

where ®3,(7) = <4 Zz‘eég Xi(7,7°) Mo Xi(7,7°) = @3(Gy,7,7°). Plugging (D.1) into the above equation,

N, T
we have
L 15/ % PTE. (2 B (A V. (4 \—ld (2
A—T [Qg(%ﬁ)@) Qg( )Y ):| = 50 [(1)39(79) 7(1)29(79) (plg(’Yg) 1®29(7g)] 50
g

—J(GA,) Brg(3,) 7 (G, Ay) + 20820 (3,) B10(3,) 7T (G 3,
A / ~ A~
2§, = 0°) AJ(Gyy7,7°) — 207 AT (G, 7,7°)
= AQl,gﬁ-...‘*‘AQ&g.

We discuss two cases: (1) (NT)~*T"/? = O(1) and (2) (NT) T2 — 00 as (N,T) — oo.

In Case (1), we have 6° = O(T~'/?). By Assumption D.1(iii) and equation (D.1), we can readily show
that 6, — 0° = O,(T~'/?). With this result, then we can show that AQ;, = O,(T~ ") for I = 1,...,5 by
using Assumption D.1.
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In Case (2), we have 6, — 0° = O,(T~/? + (NT)~® |4, —7°]) by (D.1) and Assumption D.1(iii). Then
we can apply Assumption D.1 to show that

AQLQ = p((NT e i’Yg ’YO|>a AQQ,g :Op(Til),
AQzy = Op(T7VA(NT)™" |3, = ")),
AQiy = OyT YANT)™ |5, =°|" + 77" |3, =), and
AQs, = O(TVANT)™ |5, —7"].
Because AQ; , > 0 by Assumption D.1(ii) and +— [Qg( 9 Yg) — Qg(goﬂo)} < 0 by the definition of

least squares estimation, we can conclude AQLg bhould have at most the same order as 2522 AQLg. By
comparison between these orders, we can show that |§, —7°| = O, (T~ (NT)?*) and S AQ = 0,(T7Y)
follows. Consequently,

G
0 > 6%C)-Fhr = 1 Z[ 0,75) — 0gl0°°)]
SN, 1 (A -

WV,
Ma
| =

= [0(0,.5,) — Qu(6°.1)] = 0,17,

Q

1

Q
Il

This implies that ErQ(G) — 5% Op(Tfl) for any G° < G < Gax. B

E Consistency of group membership estimators in the fixed-threshold-

effect framework

In this section, we discuss the asymptotic property of our least squares estimator under the constant threshold
effect framework (i.e., @« = 0). Suppose Assumptions A.1-A.5 hold except that we now let a = O Then one

can follow the arguments as used in the proofs of Lemmas C.2-C.10 to show that }’yg ’yg} =O0,((NT)™)
and 0, = 9(’y2) + 0, ((NT)~1/2), where (99,’79) is infeasible estimator for g € G.

In the PSTR model, the major difficulty is to show the consistency of the estimator of the latent group
structure as in Theorem 3.1. Once we establish a similar result as that of Lemma A.3, we can prove

Theorem 3.1. In addition, we can prove Lemmas A.4-A.6 which confirms |’3/g = 72| = O,((NT)™1) and

0y = 0, + 0,((NT)~1/2). In the following analysis, we give a sketch of the proof of Theorem 3.1 in the

fixed-threshold-effect df ramework.
o proceed, we add some notations. Define

N T
~ B 1 _
Mr(9,5,G) = 5= D0 D0 1P = 9)1(g = 9)F [(#8)* 1Y)
i=1 t=1

where E(]v) = E(:|¢;+ = 7). We impose an additional identification condition:
Assumption E.1. As (N,T) — oo, the following statements hold: (i) For some constants ¢ > 0 and o > 0,
we have

T

> 2 (v)'0 = Zu(y) 07 <

t=1

sup sup sup Pr
1<i<N (601,0%)€B2 |y—*|>v/T

T
S0 -2 = E [(w;tawl } o
t=1
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(ii) There exists a constant ¢y > 0 such that for all g € G,

Pr <(G,D)1nngXrG max{Amin[My7(g,9, D, G)] A Mnr(9,3,G)} > Q)\) — L

Eiii; For all g,if G, where g # g, we have H(Gg',vg)' - (92/,72)’” > ¢z for some constant ¢z > 0;
iv) For any g # g and 1 < ¢ < N, we have

max (E[Zit(7)) (03 — 0)1%, |79 — 19| E [(1:69)%173)) = Eg5.6 = Eggn
for some constant Cg5 > 0.

Assumption E.1 (i) is a non-colinearity condition similar to Assumption A.4(ii) in the main text. How-
ever, it requires that the non-colinearity property should hold for each individual. Assumption E.1(ii) is
modified from Assumption A.2. Assumption E.1(iii)-(iv) is modified from Assumption A.3(i)-(ii). As re-
marked in Section 3.1, E.1(iv) is redundant if we assume that Awmin(E[Zit(7))Zi(79)']) and 62'E(acit$;t\'yg)52
are bounded below from zero by a constant ¢, say.

Below we prove Theorem 3.1 under Assumptions A.1, A.3(iii)-(iv) and E.1.

Proof of Theorem 3.1. Lemma A.1 still holds under the stated conditions. Lemmas A.2-A.3 are replaced
by Lemmas E.1 and E.2 below. Combining Lemmas E.1-E.2 we have the desired claim. B

Lemma E.1. Suppose that Assumptions A.1, A.3(iii)-(iv) and E.1 hold. Then we have dy((6,D), (°, D)) 2

0, where
- 0

'yg}) = 0,(1) and (i)

d((6,D), (0%, D)) = max {max (min ] 0,

9€g \ g€g

~ 0 . ~
0 =7H) - ey (mg! :
Proof of Lemma E.1. It suffices to show (i) max,cg (mlngeg H

maxgeg (mlngeg H 79|) = 0,(1).
We first show (i). By Lemma A.1, we have

1 =~ ~ 4~ = 1
—NTQ(®7D7G) = —Q(@ D,G) +o0,(1) < —NTQ(®07DO,GO)+OP(1)
- = 0 40 (0
= NTQ(@,D7G)+OP(1),

where the inequality holds by the definition of least squares estimator. On the other hand, noting that
9(0,D, G) is minimized at (8%, D%, G°), we have x=[0(6,D,G) — 0(6°, D% G°)] > 0. It follows that
ﬁ[@(@,f), G) - 9(8°,D° GY)] = 0,(1). By direct calculation, we have uniformly in (6, D, G),

v7 [0©.D.6) - g’ 0", @)
1 L& 2
= W 2 2 {0 E ) — 0,5, |
=1 t=1

WV,
3l
WE
MH
?
B
;{7
S
.
_l_
’ﬂ|°
E
MH
=N
X
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where the inequality holds by Assumption E.1(i) and the last equation is by the definitions of Mnr(g,g,D, G)
and Myr(g, g, G). It follows that

G
op(1) = 33 [(65 0 Myr(9,5,D, G)(O3 — 05) + |1y — 45| Mne (9,5, G)| + 0p(1)
g=1g=1
G G 5 9
> e3> {MuinlMyr(9.9.D. @) A Nnr(9.3. @) (1105 — 0" + vy = 51) +0p(0)
g=1g=1
G ~ 2
> cmax { win[ M1(9, 3,0, G)] A Mvr(9,5,G) b (/163 = 03] + |75 = 5]) + 0,(1)
9=
~ |12 G ~
= g (sl 1) 5 Dpro DG Bt 0} 0
> ccy, max (minHHS—égHQ—i-hg—VgD+0p(1)7

geg \ 9€9

where the last inequality is by Assumption E.1(ii) which says that there exists a group g* € G such that
{Amin[MNT(g,g, D,G)| A Myr(g, 3§, G)} > ¢, > 0 w.p.a.1l. Consequently, we have

2
. O ~
966 <Ignel§ Heg - 657” + |75 - VS\) =0, (1).

To show (ii), we can follow a similar analysis given in the proof of Lemma A.2. The details are omitted here.
[}

. 2
Remark. The proof of Lemma E.1 shows that there exists a permutation og such that Hﬂg — 0(;@(9))’ +

"Ayg — '72@(9)‘ = 0p(1). We can take og(g) = g by relabeling. In the following analysis, we shall write

~

2
04 — Ogé(g) H + "Ayg — 'yg@(g)‘ = 0,(1) without referring to the relabeling any more.

Lemma E.2. Let §;(0,D) = argmin S (G — Zae (74)'0 ] Suppose that Assumptions A.1, A.3(iii)-
(iv) and E.1 hold. Then we have that for some n > 0,

Pr< Sup~[ Zl (0,D) #%)1) o(T™4),
(

©,D)eN,

where N, = {(@,D) € BE xTY: |6, — 92”2 + }’Yg —72| <n, g€ g}

Proof of Lemma E.2. The proof is similar to that of Lemma A.3 except the details of bounding Z;,(©, D),

where
T

T
2i4(0,D) = 1(g; # g)1 (Z[Qn Zit(7g) 00))” <Y [t — Zin (g0 999]2> :

t=1 t=1

For Z,,(©,D), we have

Z4,(0,D) < max 1(L;(g,9) <0),
¢(©,D) Somax (Li(g,9) <0)

where

T

1. N - 5 -
= [Zuly — Zit(7,) 0] {5[%&(7@)/9@ — Zit(7,) 0] + Eit + Z:(79)'05 — Zit(Wg)leé} :
t=1
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Then we can follow the analysis of Lemma A.3 to show that

T

- - 1 - - =

2,(0.D) < w1 {Z[zmgyeg - 20051 { 3 A3 — L8]+ 2 | < HZ-T} = 2,
t=1

where Hyr = C\/n Zle(||xit||2 + €2,) for some constant C' > 0. Next, we can use the Assumption E.1(i) to
show that

T
3 05— 052 (39)]” + |73 — ) E [(@h02)2 7]

t=1

Pr(Z, = 1)< Z Pr{

geg\{g}

oo

T
+Z[z—t(72)’9§ — Z0,(70) 0018 < HiT} +o(T™).

t=1

Then one can use Assumption E.1(iv) and similar arguments as used in the proof of Lemma A.3 to show
that the leading term on the right hand side of the last inequality is o(7~*). The result then follows from
the Markov inequality as used in the proof of Lemma A.3. B
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