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Abstract: This paper considers the estimation of dynamic threshold regression models with fixed
effects using short panel data. We examine a two-step method, where the threshold parameter is
estimated nonparametrically at the N-rate and the remaining parameters are estimated by GMM
at the v/N-rate. We provide simulation results that illustrate advantages of the new method in
comparison with pure GMM estimation. The simulations also highlight the importance of the choice
of instruments in GMM estimation.
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1. Introduction

Threshold regression models allow for shifts in economic relationships when the threshold
variable crosses the threshold parameter. This paper combines two recent econometric advances in
estimating threshold regression models with endogeneity using short panel data sets.

Seo and Shin (2016) extended GMM estimation techniques for linear dynamic panel data models to
threshold panel data models where both the regressors and the threshold variable may be endogenous.
Their setup includes certain nonlinear dynamic panel data models such as the self-exciting threshold
autoregressive (SETAR) model. We refer to this estimator as the pure GMM estimator. It has the usual
properties, including v/N-consistency and asymptotic normality, where N denotes the sample size.

Yu and Phillips (2018) considered the estimation of threshold regression models with endogenous
regressors and threshold variable using i.i.d. data. They developed a (nonparametric) integrated
difference kernel (IDK) estimator of the threshold parameter. They showed that the IDK estimator is
N-consistent. Other parameters in the model can be estimated at the usual v/N-rate by GMM, taking the
estimated threshold parameter as given. The distribution of the IDK estimator is nonstandard.

In this paper, we explain how the ideas of Yu and Phillips (2018) can be adapted to the panel
data context with fixed effects to obtain an N-consistent estimator of the threshold parameter.
Following Yu and Phillips, we estimate the threshold parameter using the IDK techniques and
then the remaining parameters using standard GMM techniques, taking the estimated threshold
parameter as given. The improvement in asymptotic efficiency of the threshold estimator spills over
to the GMM estimators of the remaining parameters, since there is effectively one less parameter
to estimate. The panel data context is different from the single structural equation with a single
threshold variable considered by Yu and Phillips (2018). First, to avoid making assumptions about
the fixed effects, we begin by eliminating them. This results in T — 2 first-differenced structural
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equations, and each equation involves two threshold variables, where T denotes the number of
time periods. Second, to combine all the information available, we construct two estimators for
each equation and then compute their overall average. The final step is to compute GMM estimates
for the remaining parameters. Asymptotic theory for the IDK+GMM combination was provided
by Yu and Phillips (2018) and no additional theoretical results are needed here.

We report results from a simulation study to illustrate advantages of the IDK+GMM combination
over pure GMM estimation. The simulations confirm that the IDK+GMM estimator tend to have much
smaller root mean square errors (RMSE) than the pure GMM estimator. For example, when N is equal
to 800 the RMSE is 320% to 4630% higher for the pure GMM estimator of the threshold parameter.
This reflects the fact that the IDK estimator is N-consistent while the pure GMM estimator is only
\m -consistent.

We also investigated the importance of the choice of instruments. Even for estimating linear
dynamic panel data models, the question of which moments to match remains largely unresolved
(e.g., Ahn and Schmidt 1995; Arellano 2016). Seo and Shin (2016) and Yu and Phillips (2018) offered
different ad hoc suggestions for threshold models. Our simulations show that large reductions in
RMSE are available by adding nonlinear transformations of lagged outcomes to the standard set of
instruments. For example, the RSME in the baseline case is 100% to 730% higher than the RSME for an
estimator that adds a constant and two percentile indicators of lagged outcomes as instruments.

2. The SETAR Panel Data Model

For conciseness, we focus on the self-exciting threshold autoregressive (SETAR) model which is
widely used in the time series literature (e.g., Tong and Lim 1980; Terasvirta et al. 2011). In the panel
data terminology, the right-hand side variables in the SETAR model are predetermined rather than
endogenous. Our results are easily extended to the case of endogenous regressors and an endogenous
threshold variable, as we briefly discuss in the concluding remarks. Fori =1,..., N individuals and
t=1,...,T times, let y;; be a scalar observed random variable. The observations are assumed to be
independent across individuals, but not across time. The basic SETAR panel data model is

Yie = Yir—10q + 1(Yir—1 > v )yie—103 + 1(yie—1 > 7" )az + uyy,

t=2,...,T, 1)
Ujt = Cj + Ujt,

where ¢; is a time-invariant individual-specific unobserved random variable, and vj; is a time- and
individual-specific unobserved random variable. The overall constant term is subsumed into c; as
usual. The lowercase Greek letters denote unknown parameters, and superscripts * indicate “true”
values. The threshold parameter is *. For simplicity, define ¢ = (7, a1, a2, a3). The parameter space
consists of all & € R*. Assume that all random variables have finite means and variances and that

E(Uit|ciz]/il/---/yit71) :Or t:2//T (2)

An additional smoothness assumption will be introduced in Section 4. Some authors assume
a3 = 0 from the outset (e.g., Hansen 1999; Gonzalez et al. 2017). In the time series and cross-section
literatures a3 is estimated (e.g., Tong and Lim 1980; Tong 2011; Seo and Shin 2016; Yu and Phillips 2018).

3. GMM Estimator

We begin with the pure GMM estimator. Assumption (2) implies that for any function f :
R x R* — R we have

E(f(yis, €)oir) =0, VZERY, s=1,...,t—1, t=2,...,T 3)

Assumption (2) therefore implies an abundance of moment restrictions that can be used to estimate
the unknown parameters.
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Suppose a finite set has been selected and stacked in a M-vector, say p;s(¢). For example,
pis(8) = vis, Pis(§) = (Wis, vis1(yis>7))', or pis(§) = (vis ¥i, y3)'- Holtz-Eakin et al. (1988) and
Arellano and Bond (1991) proposed a set of linear moment restrictions on the second moments of the
data for the linear dynamic panel data model (x; = 0, a5 = 0, and p;s({) = yis). Generalising their set
to the present context gives

E(pis(&)Auy) =0, VEe€RY, s=1,...,t—2, t=3,...,T. (4)

Crepon et al. (1997), Andrews and Lu (2001), Han and Kim (2014) and Gergens et al. (2016)
pointed out that there are also useful restrictions on the first moments of the data; namely

E(Auy) =0, t=3,...,T. (5)

In addition, Ahn and Schmidt (1995) analysed the quadratic restrictions on the second moments
of the data
E(wirAuy) =0, t=3,...,T—1 (6)

Note Auj; and u;r are defined using the true parameter values and expectations are taken using
the true parameter values.

Define y; = (yi1,.-.,vir) and let g(y;, &) be a vector of random variables such that the stacked
moment restrictions can be written as E[g(y;, *)] = 0. A necessary condition for the chosen moment
restrictions to identify ¢* is that E[g(y;, ¢)] = 0 if and only if { = ¢*. A GMM estimator of {* is defined
as the global minimiser, (f, of the GMM objective function,

Q®=[Nliym@%ﬂﬁliﬂm@] %

where W is a given weight matrix. The objective function attains its minimum on an interval of 7 values.
The ambiguity can be resolved by defining 4 as the midpoint (e.g., Yu 2015). Note that in general,
the weight matrix W may also be a function of the unknown parameters & (e.g., Hansen et al. 1996).

Despite nondifferentiability of the objective function with respect to 7, the asymptotic distribution
of the GMM estimator is typically normal. Define the matrices G = D¢E[g(x;,¢*)] and Q =
E(g(vi,¢*)g(yi,¢*)'), where D¢ denotes the partial derivative. Seo and Shin (2016) proved that if
W —? 71, G’'Q71G is nonsingular, and other technical regularity conditions are satisfied, then

VN(E-¢) = N(0,(Ga'6) ™). ®)
In particular, the GMM estimator is /N-consistent.

4. IDK Estimator

In this section we explain how the ideas of Yu and Phillips (2018) can be adapted to the panel data
context with fixed effects to obtain an N-consistent estimator of the threshold parameter. We begin
with eliminating the fixed effects by first-differencing the structural equation. Then we construct two
estimators of the threshold parameter for each of the resulting T — 2 equations. Finally, we obtain an
overall estimator by taking the simple average of the basic estimators.

After first-differencing the structural Equation (1) and taking the conditional expectation, we get

E(AYitlYit—2,Yie—1) = Dyir—107 + 1(yir—1 > 7") (Yir—105 +a3)
= 1(Yit—2 > ") (Yir—205 + a3) + E(Av|yit—2,Yit—1), t=3,...,T. (9)

Because the indicator functions are discontinuous, the conditional expectation is discontinuous
when y;;_1 or y;;_p equals y*. If the conditional expectation is smooth everywhere else, then these
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discontinuities identify y*. The idea of the IDK estimator is to exploit the discontinuities for estimating
7*. To rule out discontinuities occurring elsewhere, in addition to (2) assume that

E(Avit|yit—» = a,yi1—1 = b) is continuous in (a,b), t=3,...,T. (10)

To show that the discontinuities identify *, let 7y~ and v indicate limits from the left and from
the right, and define the functions A; and B; as the difference between the left and right limits of the
conditional expectation function when y;;_1 and y;;_» is near *; that is,

Ay, 7) = E(Aitlyie—2 = v yiee1 = 77) — E(Avitlyie—2 = vy =), t=3,...,T, (11)

and

Bi(7,y) = E(AYitlYit—2 = v Yir-1 = Y¥) —E(BYielyir2 =7 v =vy), t=3,...,T. (12)

Using assumption (10), we then have

Ay, ) = Bi(r,y) = {1077 > ") = 1(v™ > 7)) }H(r"a3 + a3)
0 if *,
_ AT s 1)
Yay+ay ify =197,

It follows that 7" = argmax,, A¢(y, 7)? and 7* = arg max., B(y, 7)? for all y € R. Furthermore,
Y a3 + a3 # 0 is a necessary condition for (13) to uniquely identify *.

While it is possible to base estimation of v* on A¢(y, -) or B¢(-,y) with a fixed value of y, such
an estimator will not have good properties. To achieve N-consistency, our estimators of v* are based
on density-weighted averages of A; and B;. Let r; denote the joint density of (y;;—», yir—1) and let p;
denote the marginal density of y;;. Define the objective function R{* by

[e9)

RMY) = E[AtWir—2,7)* 1 (it—2,7)?] = / ooAt(yw)zrt(y,v)zptfz(y) dy, t=3,...,T, (14)

and the objective function R? by
By — 2 21 _ [T 2 2 _
Ry (7) = E[Be(v,yit—1) re (7, yie—1)*] = /_oo Be(v,y)ri(ry) praly)dy, t=3,...,T. (15

The discontinuity points of R{! and R? are the same as those of A;(y,-) and By(-,y) provided
certain technical regularity conditions hold, including that r; is continuous and bounded away from 0
in an open neighbourhood where y;;_» = 7" or y;;—1 = v*. That is, we generally have that 7* =
argmax, R (y) and 7* = arg max, RB(y).

We define “basic” IDK estimators as the arg max of each of the sample analogues of R{* and R}
fort = 3,...,T. The estimators of R{! and RP are implemented using generalised kernels. Let k be a
univariate kernel function with support [—1, 1], and let & denote the bandwidth. To keep the notation
simple, we use the same bandwidth everywhere. Then estimator of R{* and R? are

. 187 1 Y
Rf(?) =N Z <N—1 Z A}/jtKh(]/jFZ - ]/ith)k;T (yjt—1 -7)
i=1 j=1

J#
1Y 2
“N_1 Y Ayt (yje—2 — vie—2)ky, (yje—1 — 7)) , t=3,...,T, (16)
=
i
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and
B 18/ 1 X
Ry (y) = N 2 (N—l 2 Ay;iKy, (yjt—l - yit_1)k;Z (yjt—z -7)
i=1 j=1
j#i
1 XN 2
“N_-1 Y AyiKn(Yje-1 = vie-1)ky; (Yje—2 — 7)) , t=3,...,T, (17)
j=1
j#i
where
1. /a
Ki(a) = 2k( 7 ), (18)
1(-1< & <0)ik(4
= k(v)do
100 < & < 1) k(2
ki (a) (0 <5 <D3kG) (20)

Define the estimators 4; = arg max, RA(y) and 4 = arg max, RB(7) fort =3,...,T. Finally,
we construct an overall estimator 4 by taking the average of all 4/ and 4P.

Having estimated 7*, the a*s can be estimated in a second step at the v/N-rate by GMM as
described in Section 3 after redefining § = (w1, ap, a3). Since § converges at the N-rate, the asymptotic
distribution is the same as if ¢* is known.

The setup here differs somewhat from that of Yu and Phillips (2018), who considered a single
structural equation with a single threshold variable. Here we have T — 2 first-differenced structural
equations, and each equation involves two threshold variables. The latter means that it is necessary to
condition on both y;;_» and y;;_1 in (9), and gives rise to the two distinct estimators based on A; and
By, respectively.

Yu and Phillips (2018) proved that the basic IDK estimator is N-consistent under certain technical
regularity conditions. The asymptotic distribution is nonstandard. Their results apply directly to each
of our basic estimators, 4{* and 42 for t = 3,...,T. Taking the overall average does not affect the
N-consistency and reduces the variance. Yu and Phillips (2018) did not provide standard errors in their
empirical illustration. Arguably, we are interested in making inferences about the regression function
in most empirical applications, not about individual parameters, and the former is dominated by the
variance of &s, while the variance of  is negligible in comparison. Inference methods for the threshold
parameter are developed by Liao et al. (2018).

5. Simulation Results

To illustrate the advantage of the IDK+GMM estimator over pure GMM and to investigate the
importance of the choice of instruments, we conducted a small simulation study for one of the designs
used by Seo and Shin (2016). The DGP is defined in the table note. For simplicity, all results for the
GMM estimators presented here are one-step estimators using the optimal weight matrix.

Panel A of Table 1 shows our baseline results which use only the untransformed lagged outcome
variables as instruments, as suggested by Seo and Shin (2016). The RMSE for the pure GMM estimator
are monotonically decreasing at rates suggesting /N-consistency, as expected. The RMSE for the
IDK+GMM estimator are much lower, especially for v, and the convergence rates are compatible with
N-consistency for  and v/N-consistency for the as.

Given the disparate convergence rates we expect the RMSE ratio of pure GMM to the IDK+GMM
combination for vy to diverge, while the RMSE ratios for the as should converge to finite limit values
corresponding to the ratio of the asymptotic variances of the respective GMM estimators. The numbers
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shown in the right-most four columns in Table 1 are compatible with these expectations. In panel A,
when N = 800, the efficiency gain for -y is huge, more than a factor of 27. The gains for the as are also
large, with RMSE for pure GMM more than twice the RMSE for the IDK+GMM estimator.

Table 1. Simulation results.

N RMSE Pure GMM RMSE IDK+GMM Pure/IDK

Y 1 %) &3 Y &1 (1%) 3 Y 151 (3] a3

(A) Instruments: ;g

50 047 030 057 145 007 024 033 058 66 13 18 25
100 039 026 048 110 004 019 027 047 90 13 18 23
200 036 023 044 109 003 015 021 038 141 16 21 28
400 031 020 038 08 0.01 011 016 030 211 18 24 29
800 022 0.17 030 047 001 008 012 023 276 21 26 21

(B) Instruments: constant, y;s

50 037 025 045 111 007 021 028 054 53 12 16 20
100 031 021 036 077 004 017 023 045 72 12 16 17
200 028 019 035 081 0.03 013 017 037 109 14 20 22
400 024 016 030 055 0.01 010 013 029 164 16 24 19
800 0.18 0.13 025 047 0.01 007 0.09 022 224 19 27 21

(C) Instruments: constant, y;s, ¥is1(yis>%F)

50 05 037 070 195 007 015 017 046 79 25 42 42
100 052 034 061 172 004 012 012 038 123 28 52 46
200 050 029 056 163 003 010 0.08 031 192 30 71 52
400 042 026 047 124 001 008 0.05 025 288 33 9.0 49
800 038 023 044 110 001 0.06 0.03 020 473 40 125 56

(D) Instruments: constant, y;, ylzs, %35

5 015 014 021 040 007 013 017 033 22 11 12 12
100 0.09 010 014 024 004 009 012 023 22 11 12 1.0
200 0.06 007 010 016 0.03 006 008 016 24 11 13 10
400 005 0.05 007 012 001 004 005 011 31 12 14 1.0
800 0.04 004 006 008 001 003 004 008 46 13 16 1.0

(E) Instruments: constant, y;s, Yis1(Vis>Y033), Yis1 (Vis>Y0.67)

50 006 013 016 026 007 012 016 028 09 10 1.0 09
100 0.05 0.09 012 019 004 008 011 019 11 11 11 1.0
200 004 0.07 010 014 0.03 006 0.07 014 17 12 13 1.0
400 004 0.06 007 011 0.01 004 005 010 25 13 15 1.0
800 0.03 005 006 008 001 003 003 007 42 15 19 11

(F) Ratio of panel A over panel E

50 7.62 242 348 551 201 201 204

100 801 282 388 574 229 242 241

200 8.15 321 461 7.56 246 281 272

400 831 354 505 7.89 258 3.09 289

800 6.60 3.68 475 6.01 271 341 317
RMSE: root mean square error; s = 1,...,t — 2; y;,: percentile b of y;;. The DGPis v* = 0, a] = —0.5, a5 = 1.2,
ay = =25, ¢; = 0.7, vy ~ Normal(0,1), and y; 39 ~ Normal(0,1). The estimations use data for 1 < ¢ < 10.

All experiments have 5000 simulated samples. The bandwidths are 6.5 times the standard deviation of regressors.

In the remainder of Table 1 we consider different sets of instruments. Panel B shows big reductions
in RMSE for the pure GMM estimator when a constant term is also used as an instrument. Han and Kim
(2014) and Gergens et al. (2016) found similar improvements for the linear model. The improvements
are relatively less for the IDK+GMM estimator.

Since the structural equation is nonlinear, one might expect that nonlinear transformations of
lagged outcomes could be useful instruments. Based on the suggestion by Yu and Phillips (2018),
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we added y;s1(y;s>) to the set of instruments. Panel C in Table 1 shows that this does not improve
the RMSE for the pure GMM estimator. On the contrary, the estimation noise in the instruments
adds significantly to the RMSE. The results are more promising for the IDK+GMM estimator,
where substantial reductions in RMSE are observed.

In panel D, we have added quadratic and cubic transformations of the lagged dependent variable,
and in panel E we have added threshold functions where the threshold depends on percentiles of the
data rather than the structural parameter. As shown in panel F, when N = 800 the RMSE for the pure
GMM estimator drops by factors of 3.6-6.6, while the RMSE for the IDK+GMM estimator drops by
factors of 2.7-3.4.

6. Concluding Remarks

This paper has shown how the ideas of Yu and Phillips (2018) can be adapted to the panel data
context with fixed effects. Theoretically, the advantage of the IDK+GMM combination is that the
estimator of the threshold parameter is N-consistent, while the pure GMM estimator converges only at
the v/N-rate. In simulation exercises, we confirmed that the IDK+GMM combination offers a huge
practical advantage over pure GMM estimation, even when the former is implemented relatively
simply. We also investigated the importance of the choice of instruments and showed that adding fixed
nonlinear transformations of the lagged dependent variable can be highly effective when estimating
nonlinear equations.

We have focused on the SETAR model in this paper. A more general threshold regression panel
data model is

yir = %07 +1(qie > )} + (g0 > 773 + iy,

t=1,...,T, 1)
Ujt = Cj + Ujt,

where x;; is a vector of possibly endogenous variables, g;; is a possibly endogenous scalar variable,
and a7, a5 and a3 are conformable parameter vectors. It is straightforward to construct an IDK+GMM
estimator analog to the SETAR case, and similar efficiency gains are available.

The IDK estimator we have described utilises discontinuities in the conditional expectation
function given in (9). It will fail if y*a; + a3 = 0, because then (9) is continuous. However, in this case
the partial derivatives of (9) may be discontinuous at y;;_» = ¥* or y;;_1 = 7", so IDK estimation is
still possible (e.g., Yu and Phillips 2018; Porter and Yu 2015).

If it is known that E(¢;|y;;_1 = y) is a smooth function of y, then we can construct an estimator of
7* directly based on Equation (1), without first-differencing and without assumption (10). Since an
extra time period is available for estimation and since we only need to smooth in one dimension (y;;—1)
instead of two (y;;—1, ¥ir—2) when defining Ry, this estimator is expected to be more efficient.

For simplicity, we have constructed an overall estimator by taking a simple average of multiple
estimators based on separate equations. It is a topic for future research to investigate how best to
combine the information. One could consider weighted averages or, instead of averaging separate
estimators, one could base an estimator on a (weighted) average over the objective functions. Which is
better may depend on e.g., the time pattern of Var(v;;).

Finally, to illustrate the advantage of the IDK+GMM estimator over the pure GMM estimator,
our simulations focused on the design considered by Seo and Shin (2016). To further investigate the
properties of the IDK+GMM estimator in future research, it would be interesting to consider simulation
designs where endogeneity is more severe (e.g., ¢; is correlated with y;1) and where the number of time
periods is smaller (i.e., T is small). Also, in practice the optimal weight matrix is not known, and it
would be useful to compare two-step estimation of the weight matrix and continuous updating (e.g.,
Hansen et al. 1996).

Author Contributions: Both authors contributed equally to the paper.
Funding: Tue Gorgens’ research was supported in part by Australian Research Council Grant DP1096862.



Econometrics 2019, 7, 23 80f8

Conflicts of Interest: The authors declare no conflict of interest. The funder had no role in the collection, analyses,
or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.

References

Ahn, Seung Chan, and Peter Schmidt. 1995. Efficient estimation of models for dynamic panel data. Journal of
Econometrics 68: 5-27. [CrossRef]

Andrews, Donald W. K., and Biao Lu. 2001. Consistent model and moment selection procedures for GMM estimation
with application to dynamic panel data models. Journal of Econometrics 101: 123-64. [CrossRef]

Arellano, Manuel. 2016. Modelling optimal instrumental variables for dynamic panel data models. Research in
Economics 70: 238-61. [CrossRef]

Arellano, Manuel, and Stephen Bond. 1991. Some tests of specification for panel data: Monte Carlo evidence and
an application to employment equations. Review of Economic Studies 58: 277-97. [CrossRef]

Crepon, Bruno, Francis Kramarz, and Alain Trognon. 1997. Parameters of interest, nuisance parameters and
orthogonality conditions: An application to autoregressive error component models. Journal of Econometrics 82:
135-56. [CrossRef]

Gonzélez, Andrés, Timo Tersvirta, Dick Van Dijk, and Yukai Yang. 2017. Panel Smooth Transition Regression Models.
CREATES Research Paper #2017-36. Aarhus: Aarhus University.

Gorgens, Tue, Chirok Han, and Sen Xue. 2016. Moment Restrictions and Identification in Linear Dynamic Panel Data
Models. ANU Working Papers in Economics and Econometrics #633. Canberra: Australian National University.

Han, Chirok, and Hyoungjong Kim. 2014. The role of constant instruments in dynamic panel estimation.
Economics Letters 124: 500-503. [CrossRef]

Hansen, Bruce E. 1999. Threshold effects in non-dynamic panels: Estimation, testing, and inference. Journal of
Econometrics 93: 345-68. [CrossRef]

Hansen, Lars Peter, John Heaton, and Amir Yaron. 1996. Finite-sample properties of some alternative GMM
estimators. Journal of Business & Economic Statistics 14: 262-80.

Holtz-Eakin, Douglas, Whitney Newey, and Harvey S. Rosen. 1988. Estimating vector autoregressions with panel
data. Econometrica 56: 1371-95. [CrossRef]

Liao, Qin, Peter C. B. Phillips, and Ping Yu. 2018. Inferences and Specification Testing in Threshold Regression with
Endogeneity. Available online: https:/ /sites.google.com/view/qinliao/research (accessed on 3 May 2019).

Porter, J., and P. Yu. 2015. Regression discontinuity with unknown discontinuity points: Testing and estimation.
Journal of Econometrics 189: 132—47. [CrossRef]

Seo, Myung Hwan, and Yongcheol Shin. 2016. Dynamic panels with threshold effect and endogeneity. Journal of
Econometrics 195: 169-86. [CrossRef]

Terésvirta, Timo, Dag Tjestheim, and Clive W. J. Granger. 2011. Modelling Nonlinear Economic Time Series. Advanced
Texts in Econometrics. Oxford: Oxford University Press.

Tong, Howell. 2011. Threshold models in time series analysis—30 years on. Statistics and Its Interface 4: 107-18.
[CrossRef]

Tong, H., and K. S. Lim. 1980. Threshold autoregression, limit cycles and cyclical data. Journal of the Royal
Statistical Society, Series B 42: 245-92. [CrossRef]

Yu, Ping. 2015. Adaptive estimation of the threshold point in threshold regression. Journal of Econometrics 189:
83-100. [CrossRef]

Yu, Ping, and Peter C. B. Phillips. 2018. Threshold regression with endogeneity. Journal of Econometrics 203: 50-68.
[CrossRef]

@ (© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).



http://dx.doi.org/10.1016/0304-4076(94)01641-C
http://dx.doi.org/10.1016/S0304-4076(00)00077-4
http://dx.doi.org/10.1016/j.rie.2015.11.003
http://dx.doi.org/10.2307/2297968
http://dx.doi.org/10.1016/S0304-4076(97)00054-7
http://dx.doi.org/10.1016/j.econlet.2014.07.021
http://dx.doi.org/10.1016/S0304-4076(99)00025-1
http://dx.doi.org/10.2307/1913103
https://sites.google.com/view/qinliao/research
http://dx.doi.org/10.1016/j.jeconom.2015.06.002
http://dx.doi.org/10.1016/j.jeconom.2016.03.005
http://dx.doi.org/10.4310/SII.2011.v4.n2.a1
http://dx.doi.org/10.1111/j.2517-6161.1980.tb01126.x
http://dx.doi.org/10.1016/j.jeconom.2013.09.002
http://dx.doi.org/10.1016/j.jeconom.2017.09.007
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction
	The SETAR Panel Data Model
	GMM Estimator
	IDK Estimator
	Simulation Results
	Concluding Remarks
	References

