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Abstract

We propose score type tests for testing the existence of temporal heterogeneity
in slope and spatial parameters in spatial panel data (SPD) models, allowing for the
presence of individual-specific and/or time-specific fixed effects (or in general intercept
heterogeneity). The SPD model with spatial lag effect is treated in detail by first
considering the model with individual-specific effects only, and then extending it to
the model with both individual and time specific effects. Two types of tests (naive
and robust) are proposed, and their asymptotic properties are presented. These tests
are then fully extended to an SPD model with both spatial lag and spatial error
effects. Monte Carlo results show that the robust tests have much superior finite and
large sample properties than the naive tests. Thus, the proposed robust tests provide
reliable tools for identifying possible existence of temporal heterogeneity in regression

and spatial coefficients. Empirical illustrations of the proposed tests are given.

Key Words: Spatial panels; Fixed effects; Time-Varying Covariate Effects; Time-
Varying Spatial Effects; Change Points.

JEL Classification: C10, C13, C21, C23, C15

1. Introduction

Being able to control unobserved heterogeneity may be one of the most important
features of a panel data (PD) model. Heterogeneity may occur on intercept, slope and error
variance. In a spatial PD model (SDP), it may also occur on spatial parameters (Anselin,
1988). Heterogeneity in variance is often referred to as heteroskedasticity. Heterogeneity
may occur in spatial and/or temporal dimension. When unobserved heterogeneity occurs
on the intercept, it gives rise to individual-specific effects and/or time-specific effects,
which may appear in the model additively or interactively. Change point or structural

break may be considered as a special case of unobserved heterogeneity.
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Temporal heterogeneity is a common feature in an SPD model. It is an important issue
but relatively unexplored in the spatial panel literature. Temporal heterogeneity may
occur as a result of a credit crunch or debt, an oil price shock, a tax policy change, a fad
or fashion in society, a discovery of a new medicine, and an enaction of new governmental
program (Bai, 2010). Many economic processes, for example, housing decisions, technology
adoption, unemployment, welfare participation, price decisions, crime rates, trade flows,
etc., exhibit time heterogeneity patterns. Values observed at one location depend on the
values of neighboring observations at nearby locations. Therefore, one may be interested
in the question that does this dependence stay the same over time.

There is a sizable literature on temporal heterogeneity, mostly in change points, in
regular panel data models, see, Bai (2010), Liao (2008), Feng et al. (2009), to name a
few. In spatial models, previous literature has focused more on the spatial heterogeneity,
see, e.g., Baltagi (2008). The literature on temporal heterogeneity in spatial panel data
models is rather thin. We are only aware of the following two works, Sengupta (2017) who
proposes tests for a structural break in a spatial panel model without fixed effects, and
Li (2018) who study fixed effects SPD models with structural changes. SPD models with
temporal heterogeneity also appear in finance literature, see, e.g., Blasques et al. (2016)
and Catania and Billé (2017), but under a different setting where the time dimension is
much larger than the spatial dimension.

In this paper, we extend the fixed effects SPD models of Lee and Yu (2010), see also
Baltagi and Yang (2013) and Yang et al. (2016), to allow for temporal heterogeneity in
regression as well as spatial coefficients. We focus on testing problems. A general method,
the adjusted quasi score (AQS) method, is introduced for constructing tests for temporal
homogeneity /heterogeneity on regression coefficients and spatial correlation coefficients, in
spatial panel data (SPD) models, allowing the existence of spatial-temporal heterogeneity
in the intercepts (or fixed effects). The SPD model with spatial lag effect is first treated
in detail by first considering the model with individual-specific effects only, and then
extended to the model with both individual and time specific effects. Two types of tests
(naive and robust) are proposed, and their asymptotic properties are presented. These
tests are then fully extended to an SPD model with both spatial lag and spatial error
effects. Monte Carlo results show that the robust tests have much superior finite and
large sample properties than the naive tests. Thus, the proposed robust tests provide
reliable tools for identifying possible existence of temporal heterogeneity in regression and
spatial coefficients. Empirical illustrations of the proposed tests are given.

The rest of the paper is organized as follows. Section 2 presents AQS tests for the
panel SL model with one-way and two-way fixed effects, along with the general method
for constructing non-normality robust AQS tests. Section 3 generalizes these tests to a
SPD model with both spatial lag and spatial error dependence. Section 4 presents Monte
Carlo results. Section 5 presents some empirical applications to illustrate the proposed

methods. Section 6 discuss possible extensions and concludes the paper.



2. Test for Temporal Heterogeneity in Panel SL. Model

In this section, we consider specification tests for testing the existence of temporal
heterogeneity in slope and spatial parameters in a spatial panel data (SPD) model where
the spatial effects take the form of the so-called spatial lag (SL) dependence. We first
derive the tests for a panel SL model with one-way fixed effects (1FE) (i.e., individual-
specific fixed effects or unobserved spatial heterogeneity in the intercept), where a general
principle is given for the construction of AQS tests, and then extend these tests to a panel
SL model with two-way FEs (i.e., both individual and time specific effects or unobserved
spatiotemporal heterogeneity in intercepts). Asymptotic properties of the proposed tests
are presented. Some key quantities for calculating the test statistics, the Hessian matrix,
expected Hessian matrix, and the variance-covariance (VC) matrix of the AQS function,

are given in Appendix B, and Proofs are sketched in Appendix C.

2.1. Panel SL model with one-way FE

Consider the following panel SL model individual-specific FE:
Ynt - At‘/vn}fnt + Xntﬁt +cn + Vnta (21>

where Y,,; is an n x 1 vector of observations on the dependent variable for t =1,2,...,T;
Xt is an n X k matrix containing the values of k exogenous regressors, W, is an n x n
spatial weight matrix; V,,; is an n x 1 vector of independent and identically distributed
(iid) disturbances with mean zero and variance o?; )\, is the spatial lag parameters and
B is the k& x 1 vector of regression coefficients for the tth period; and ¢, denotes the
individual-specific fixed effects or the spatial heterogeneity in intercept.

We are primarily interested in testing for the temporal homogeneity of the regression

coefficients and the spatial coefficients, i.e., the tests of the null hypothesis:
Hy: M1 =--=Xp=X and By =---= =0, (2.2)

allowing the existence of the unobserved cross-sectional heterogeneity in the intercept, i.e.,
the individual specific fixed effects ¢,. However, the methods developed in this paper can
be applied to other type of tests as well. An interesting case would be tests for detecting
change points as discussed latter. We develop score-type of tests as they require only the
estimation of the null model. However, the construction of the score-type of tests requires
the full quasi score (QS) function, based on the quasi Gaussian loglikelihood.

Denote B8 = (B},...,0%)", A = (A1,...,Ar), and @ = (B, X, 0?)". Define A, (\¢) =
L, — MWy, t=1,...,T. The Gaussian loglikelihood function of the model is

nT
eSL1(9,Cn) = —7111 27TU ZIH\A /\t ) Z nt Ataﬂtacn nt(Ataﬂtacn> (23)



where Vnt(ﬂt, At Cn) = An(/\t)Ynt XntBt —cp, T=1,...,T.

Adjusted (quasi) score functions. As {\;} and {f;} are allowed to change with
t, the usual fixed-effects estimation method, such as first differencing or orthogonal trans-
formation, cannot be applied. We propose an adjusted score (AS) or adjusted quasi score
(AQS) method to estimate the model. This leads to a set of AS or AQS functions that are
unbiased and hence a set of score-type of tests, reffered to as the AQS tests in this paper,
for testing the homogeneity/heterogeneity of the spatial parameters and the regression co-
efficients. The method proceeds by first eliminating ¢,, through direct maximization of
the loglikelihood function, given the other model parameters 6, and then adjusting the
resulted concentrated (quasi) score function to eliminate the asymptotic bias or inconsis-

tency. First, given 0, ls11(0, ¢,) is partially maximized at:

5n(f67 A) - %Z?:l[An( ) nt = ntﬂt] (24)

which gives the concentrated loglikelihood function of @ upon substitution:

T T
nT 1 ~ -
(4(0) = =T m(2mo?) + 3" [ A — 55 D V(BN V(B N, (25)
- t=1
where Vnt(ﬁ, A) = A, (A\) Yo — X8 — ¢,(8, A). Differentiating £g; ,(0) gives the concen-

trated score (CS) or concentrated quasi score (CQS) function of 6:

X! V(B N), t=1,...,T,
S521(0) = 4 LW, Yor) Viu(B. A) — tr[Gu(M\)], t=1,.... T, (2.6)

- + # Zz:l ‘77;75(67 A>‘7nt(ﬁu A);
where Gp,(\) = W A (N, t=1,...,T.

For the subsequent theoretical developments, we need to differentiate the general pa-
rameter vector @ = (8, X, 0?)" and its true value 8y = (B}, Ay, 05)’. We view that the
Model (2.1) holds only under the true values of the parameters. Furthermore, the usual
expectation and variance operators correspond to 6.

At the true g, ¢,(Bo, Ao) = Vo + ¢, and thus Vi = Vnt(ﬁg, Xo) = Vit — Vi, where
V,= % Zthl Ve, and W, Yo = Gr(Mo) (XntBro + ¢n + V). It is easy to show that,

E[S514(60)] = {074, —#tr[Gu(Mo)], t=1,...T, 5%}
where 0,,, denotes an m x 1 vector of zeros.

Therefore, the direct approach does not yield consistent estimators unless T goes to
large. Even if T' goes large with n, there will be an asymptotic bias of order O( 5) for
the estimators of {)\;}, and an asymptotic bias of order O(%) for the estimator of o2.
Therefore, the concentrated (quasi) score function given in (2.6) should be adjusted by

subtracting the above bias vector from it, leading to the adjusted score (AS) or adjusted



quasi score (AQS) function as
LXL Vit (BN), t=1,...,T,
§L1(0> = %(WnYntYVnt(Ba A) - %tr[Gn(At”u t= 17 RS T, (27>
2 g S V(B N V(8. ).

It is easy to show that E[Sg,(6)] = 0, and that —=Sg ,(60) 2, 0 asn — oo alone, or both
n and T go infinity. Thus, this AQS function gives a set of unbiased estimating functions,
and paves the way for developing asymptotically valid score-type tests.! Simplifying this
AQS function under the null hypothesis gives AQS function of the null model, leading to

the constrained estimates of the null model parameters. See the end of section for details.

Construction of the AQS tests. Denote the constrained (under Hy) estimator of 8
as Ogr1. In case of testing for temporal homogeneity, for example, we have Bsr1 = 17®Ps11,
Asti = 17 @ Agre, and Ogrq = (Bng,S\’SLl,&ng)’, where fsr; and Agry are the estimators
of the common 3 and common A under (2.2). Let Jgp1(8) = —55,S3,(6) be the negative
Hessian matrix of the AQS function with its expression given in Appendix B.1. The usual

score test, treating Sg;;(0) as a genuine score vector, takes the form:
Tsta = Sgua(0s11) Jsri (Os1a) g (Osea)- (2.8)

However, Sg; ;(0) is not a genuine score function even if the errors are normal, as it comes
from the original score function after some adjustments. In this case, the well-known
information matrix equality (IME) or the generalized IME (Cameron and Trivedy, 2005);
Wooldridge, 2010)) does not hold. Hence, the Ts 4 constructed in this ‘usual’” way may
not be a valid test statistic, even if the errors are normal.

To address these issues, denoting k; = dim(6) = (k + 1)T + 1, we put our testing

problem in a general framework with null hypothesis being written as
Hy:C8y =0, (2.9)

where C'is a k), x k, matrix generating k), linear contrasts in the parameter vector 6.
For the null hypothesis defined in (2.2), k,, = (T'—1)(k+1), C' = blkdiag{Cr, C11, Ok, },

m  Om =1 0
CT,m = " " )

for m = k and 1, where 0,, denotes an m X m matrix of zeros to differentiate it from

!Solving the estimating equation, Sg;(8) = 0, gives the AQS estimator of @, which can also be referred
to as an M-estimator. This equation solving process can be simplified by first solving the last equation for
02, leading the the constrained estimator of 0% given (8, X), 6334 (8, X) = ﬁ 23;1 V!, (8, AV (B, A),
and then solving the resulted concentrated AQS equations for (3, \).



the vector 0,,. Obviously, this set-up is not restricted to the null hypothesis defined in
(2.2). This is particularly meaningful in the sense that when the null hypothesis defined in
(2.2) is rejected, one would proceed to perform further tests to detect the ‘true’ temporal

heterogeneity. An interesting case would be the test of the form, for 1 < by, £y < T,

Hy:081==0# Bror1 = =P and A\ =---= XAy, # Agg41 = -+ = A1, (2.10)

in the spirit of change points detection (Bai, 2010, Li, 2018), where the change points b
and /g for B; and A; can be the same or different. In this case, we have k, = (T'—2)(k+1)
and the linear contrast matrix C' = blkdiag(Chyk, OT—b k> Cry,1, CT—ty,1,0k,). In this
lines, it would also be of interest to test (2.10) vs (2.2), and the test can be carried out
repeatedly to detect the ‘true’ change points. In other interesting cases, k, and C for the
null hypothesis can all be easily written out.

The score-type test is based on the AQS function S% ,(fs.i) evaluated at the null
estimate sz of 6, and the asymptotic variance-covariance (VC) matrix of Sz ,(0si1).
Let Isp1(60o) = E[Js11(00)] and Xgr1(0g) = Var[SE;1(0o)], with their analytical expressions
being given in Appendix B.1. Denote by Ny = n(T — 1) the effective sample size to
differentiate from the overall sample size N = nT. Under mild regularity conditions, such

as the y/Ny-consistency of 011, we have by Taylor expansion:
—=S411(Os11) = A=5311(60) + - Isw.1(80)v/No(Bsr1 — 6o) + 0p(1), and
VNo VNo 0
[ Zs11(80)] " A= S311 (Bs11) = [ L1 (80)] ' =551 (60) + VNo (8511 — 6o) + 0p(1).

As COy = 0 under Hy, we have COg; = 0. It follows that

Ol Is11(00)] ' =S84 (Os11) = Clg Isra(80)] ™ k= 5311(60) + 0p(1), (2.11)

leading to the asymptotic VC matrix of C’[%ISM(00)]_1\/—%S§L1(0~5L1) as

Es11(00) = Cl; Ts11(00)] ™ [ 55 Ds1(00)] [ v Ise1(80)] 7' C". (2.12)
This gives an asymptotically valid and nonnormality robust AQS test:
Tos = S84 15 C' (Clg Ssualers €)™ Ol S (2.13)
where §§L1 = S§L1(0~SL1>7 TSLl = ISLl(éSL1>; and ijSL1 = Esm(ésm)-
Although the AQS test given in (2.13) is developed based on the one-way FE panel

SL model, the general principles behind apply to all models considered in this paper. It

also applies to more complicated spatial models as well as many non-spatial models.

Asymptotic properties. In studying the asymptotic properties of the proposed
tests, we focus on the tests of temporal homogeneity to ease the exposition. Therefore,
some of the regularity conditions, i.e., Assumptions 2 and 4, correspond to the null model
under Hy in (2.2) only. However, these assumptions can be easily relaxed to cater a

non-homogeneous null model. Denote X, = X,,; — X,,, where X,, = % Zthl Xt



Assumption 1. The disturbances {vy;} are iid across i and t with mean zero, variance
02, and E \vit\4+6° < oo for some ¢y > 0.

Assumption 2. Under Hy, the parameter space A of the common A is compact, and
the true value X\ is in the interior of A. The matriz A,(\) is invertible for all A € A.

Assumption 3. The elements of X,+ are non-stochastic, and are bounded uniformly
inn andt, such that limN_,oo% Zthl X2, X0, exists and nonsingular. The elements of ¢,
are uniformly bounded.

Assumption 4. W, has zero diagonal elements, and is uniformly bounded in both row
and column sums in absolute value. A,Y(N) is also uniformly bounded in both row and

column sums in absolute value for X in a neighborhood of \g.
Theorem 2.1. Under Assumptions 1-4, if further, (i) Os11 is /No-consistent for 6y
under Hy, and (ii) Isp1(0) and Zsp1(0) are positive definite for @ in a neighborhood of 6y

. D
when Ny is large enough, then we have, under Hy, T, — X%p, as n — oo.

Note that in case of testing for temporal homogeneity, k, = (T' — 1)(k + 1), and that
in case of testing for a ‘single change’ of points, k, = (T'—2)(k + 1).

Remark 2.1. It can easily be seen that Tspy is not an asymptotic pivotal quantity due
to the violation of IME (see Appendixz B1).

Remark 2.2. When T — o0 as n — oo, the degrees of freedom (d.f) of the chi-
square statistic increase with n. In this case, one may apply the arguments for ‘double
asymptotics’ (see, e.g., Rempala and Wesolowski, 2016) to show that (T3 1 —kp)/+/2kp 2,
N(0,1) as n/v/T — oo. This sample size requirement (n goes large faster than \/T) is
rather weak as it is typical in spatial panels that n is at least as large as T'.

Estimation of the null models. As the proposed tests are based on the estimation
of the null model, a detailed discussion on this is necessary for the implementation of
the tests. Consider the null model under Hy given in (2.2). Let 6 = (8, ), 02)". The
constrained estimate of ¢, given (3, ) becomes & (3, \) = A,(A\)Y;,, — X,,3 where Y,, and
X,, are the averages of {Y;,;} and {X,,;}, respectively. Along the same line leading to (2.7),

one can easily show that AQS function for the null model takes the form:
0—_12 Zz—l Xﬁ;vgt(ﬂa A)u
Ssti(0) = ¢ L0 (WL Y8) V(8. A) — (T — 1)tr[Gr(N)], (2.14)
n(T—1 o o
- (202 ) + # Zthl Vnt/(ﬂv /\>Vnt(ﬂv /\>7

V(B A) = A\ Yt — X — (B, A) = An(V)YS, — X38, where Y = Yy — ¥y, and
X2, = X, — X,,. Solving the estimating equations, Sg;,(#) = 0, gives the null estimator
fs11 of 0. The process can be simplified by first solving the first set of equations and the

last equation of (2.14), giving the constrained estimators of 3 and o2 (for a given \) as
FsLi(N) = (Zthl X Xo) ™ Zthl Xt An(A)Y 3,
Ga1(N) = ﬁ ZtT:1 Vil (Bsea(N), MV (Bswa(A), A).



Substituting Gs.1(\) and 62, ()) into the middle equation of (2.14) and solving the resulted
concentrated estimating equation lead to the AQS estimator Ast1 of the common A, which
in turn gives the AQS estimator Bst1 = Bsia (:\sm) of the common (3, and the AQS estimator
621, = 62.1(AsL1) of 0. Finally, the AQS estimator of 6 is fs.1 = (Bh4, AsL1s 02.4). The
proposed null estimator based on the AQS function provides an alternative to the direct
and transformation approaches of Lee and Yu (2010). It can be shown to be asymptotically
equivalent to the estimator based on an orthogonal transformation given in Lee and Yu
(2010). Thus, 0.4 is \/n(T — 1)-consistent for 6.

To estimate a non-homogeneous null model, e.g., the model specified by Hy given in
(2.10), the estimating functions for the null model can easily be obtained by simplifying
the general AQS function given in (2.7). Thus, the proposed AQS approach offers a more
general method to estimate the null model than the transformation approach of Lee and
Yu (2010) which works only for a homogeneous model.

Finally, from the expressions of Is11(6y) and Xsp1(6p) given in Appendix Bl, we see
that they both contain ¢,, which is estimated by plugging the null estimates Bst and Asri
into ¢,(83, A). Furthermore, in case of nonnormality, the VC matrix Ygp1(60g) contains two
additional parameters, the skewness v and excess kurtosis x of the idiosyncratic errors

Vn,it, and their estimates are obtained by applying Lemma 4.1 (a) of Yang et al. (2016).

2.2. Panel SL model with two-way FE

While the unit-specific fixed effects are important to the spatial panel data models,
the time-specific effects often cannot be neglected. In this section, we extend our tests to

panel SL model with two-way FEs. The model takes the following form:
Ynt - At‘/vn}fnt + Xntﬁt +cn + atln + Vnta (215>

where {a;} are the unobserved time-specific effects or the unobserved temporal heterogene-
ity in the intercept, and [,, is an n x 1 vector of ones. As the spatial parameters and regres-
sion coefficients change only with time. One can apply transformation method to eliminate
the time-specific effects as is widely applied in the literature, see, e.g., Lee and Yu (2010),
Baltagi and Yang (2013a) and Liu and Yang (2016). Define J,, = I, — %lnl%. Assume W,
is row-normalized (i.e., row sums are one). Then, J,W,, = J, W, J,. Let (F, n_1, ﬁln)

be the orthonormal eigenvector matrix of J,,, where F), ,,_; is the n x (n — 1) sub-matrix

corresponding to the eigenvalues of one. By Spectral Theorem, J, = n,n—lFrlz,n—r It
follows that F;Lm_an = F7’L7n_1WnFn7n_1 7’L7n_1. Premultiplying F;Lm_l on both sides of
(2.15), we have the following transformed model:

Y, =AW Y+ X B+, + Vo, t=1,...,T, (2.16)

* _ 1/ I *
where Y, = F}, 1Yy, and similarly are X7,

cy, and V), defined; Wy = F), . Wy, Fpy 1.
After the transformation, the effective sample size is (n — 1)T. Model (2.16) takes an



identical form as Model (2.1). Furthermore, V5, ~ (0,021,_1), which is normal if V%, i
and is independent of V%, s # t.? Hence, the steps leading to the score-type tests and the
consistent estimation of the null model are similar to those for the SL one-way FE model.
Define A} (At) = In—1 — AW, t =1,...,T. The quasi Gaussian loglikelihood function
of @ = (B, N,02) and ¢ of Model (2.16) is
lsia(8.¢L) = —-ﬂtﬂliln<2wg2>+-§;£ﬂ1nyA;(Ag\
2 2 Zt 1V*/(At7/8t7 n) nt(Atu/Btu n) (217>

where V5 (Bt M, ¢) = A (M) Y — X056 — ¢ Given 0, lg10(0, ¢) is maximized at:

GBA) = % S [AE (A Yo — X4, (2.18)

which gives the concentrated loglikelihood function of @ upon substitution:

l612(0) = =" In(2702) + L In|AL (M) — 52 S Vit (B, N'Vi(B,A),  (2.19)

where V% (8,A) = A%(\)Y — X508, — &(8,A). Now, define G%(\) = WrAZ1(\,).
Differentiating ¢§;,(0) gives the CS or CQS function of 8 of Model (2.16):
LXHVABAN), t=1,...,T,
S52(0) = § L(WrYR) V(B A) — te[GE(\)], t=1,...,T, (2.20)
—U + g L V(B VB ).
Takes the expectation of the above score, we have,

E[S5(00)] = {04y, —#tr[Gh(Mw)], t=1,...T, — 201

which again shows that model estimation based on maximizing the quasi loglikelihood
would not lead to consistent estimates of the model parameters. The CQS function given
in (2.20) should be adjusted by subtracting the above bias vector from it, leading to the
AQS function of Model (2.16) as

IX*/V*(B7 )7 7"'7T7
S512(0) = (M%)Wi%;%WWﬁhhwﬂ (2.21)

_% 204 Zt 1V*/( )‘ZZ&(BQ‘)
It is easy to show that E[S& ,(0)] = 0, and that - Sg ,(6o) 2. 0as n — oo alone, or both
n and T go infinity. Thus, this AQS function gives a set of unbiased estimating functions,
and paves the way for developing asymptotic valid score-type tests.> Again, simplifying
this AQS function under various null hypotheses gives AQS functions of the null models,

leading to the constrained estimates of the model parameters 6.

2The time-specific effects can also be eliminated by pre-multiplying J, on both sides of (2.15). However,
the resulted disturbances J,, V;,; would not be linearly independent over the cross-section dimension.

3Solving the estimating equation, Sg,(6) = 0, gives the full AQS estimator of @, which can besimplified
by first solving the last equation for o2, leading to 6575(8,\) = ﬁ 23;1 V!, (8, AV (B,A), and then
solving the resulted concentrated AQS equations for (3, A).



Now the test of Hy defined in (2.2) becomes a test of temporal homogeneity of the
regression and the spatial coefficients in the panel SL model, allowing the existence of
both unobserved cross-sectional and time-specific heterogeneity in the intercept, i.e., the
existence of both individual specific fixed effects and the time specific fixed effects. As the
transformed two-way FE (2FE) panl SL model takes an identical form as the one-way FE
(IFE) panel SL model, the tests developed for 1FE panel SL model extends directly to
give tests for the 2FE panel SL model. The AS test takes the form:

Ttz = Si1o(0s12) Jorp(Bsi2) Siro(Osta). (2.22)
where fg, is a consistent estimate of y, and Jgo(0) = —%Sgu(@) with its expres-

sion given in Appendix B.2. Furthermore, let C' be defined as in Sec. 2.2, Is2(60g) =
E[Js12(00)], and Xg1.0(00) = Var[Sg;,(60)], with their analytical expressions being given in
Appendix B.2. The AQS test robust against nonnormality takes the form:

~ o~ ~ i~ o~ 1o~y ~
T§L2 = S;I{.QISLIQC/ (CISLIQZSLQISLIQC/) CISLIQS§L27 (223)

where §§L2 = S§L2(0~SL2>; TSLQ = ISLQ(éSL2>; and ijSL2 = ZSLQ(éSL2>~

Asymptotic properties of these tests can be studied along the same line of the tests
for 1IFE panel SL model, with Assumption 3 being replaced by Assumption 3’ given below
to take into account the involvement of the projection J,. For the 2FE panel SL model,
the effective sample size becomes Ny = (n — 1)(T — 1) due to the ‘estimation’ of both
individual- and time-specific FEs. Let Eg12(0) be defined as Egp4(0) in (2.12).

Assumption3d’: The elements of X,,; are nonstochastic, and are bounded uniformly

in n and ¢, such that limpy,— NLO Zthl X' X9 exists and is nonsingular.

Theorem 2.2. Under Assumptions 1-2, 3', and 4, if further, (i) g1 is /No-consistent
for 8y under Hy, and (ii) Is12(0) and ZEgr2(0) are positive definite for 0 in a neighborhood

. D
of 8y when Ny 1is large enough, then we have, under Hy, Tg; , — sza as n — oo.

Note that while the effective sample size for the 2FE-SL model is smaller than that of
the 1FE-SL model, the d.f. associated with the test statistics remain the same. As in the

Remarks 2.1 and 2.2, it can be shown that 755 is not an asymptotic pivotal quantity, and
(Tgo — kp)/\/2kyp - N(0,1), as n/VT — oo.

Estimation of the null model. Let § = (3,),0%). Under Hy, the constrained
estimate of ¢ given (3, \) becomes ¢:°(8,\) = A% (\)Y,¥ — X3 where Y, and X are the
averages of {Y;} and {X/,}, respectively. Along the same line leading to (2.21), one can
easily show that the AS or AQS function for the null model takes the form:

L X ViR (B, ),
Ssi2(0) = § & S (W) Vi (B, A) — (T = DG (V)] (2.24)

—m DO L SV (B, Vi (8, M),
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where V52(8,A) = AL (N5 — X358 — E2(8,0) = An(NY,2 — X728, Yyip = Yy, = YV and
X = X’ — X*. Solving the estimating equations, Sg,(f) = 0, gives the null estimator
Os1o of . Denote the AQS estimator of 6 as fgo = (Bgu, /N\SLQ,&ng)’ . The proposed
null estimator based on the AQS function provides an alternative to the transformation
approaches of Lee and Yu (2010). It can be shown to be asymptotically equivalent to the
estimator based on an orthogonal transformation given in Lee and Yu (2010). Thus, OsL2
is \/(n —1)(T — 1)-consistent for §. As pointed out in the discussions at the end of Sec.
2.1, the AQS approach is more general as it allows the estimation of a non-homogeneous
null model by simplifying the general estimation functions (2.21) accordingly. Finally, the

estimation of ¢, and v and x caontained in Ig15(60p), and Xgr2(6y proceed similarly.

3. Test for Temporal Heterogeneity in Panel SLE Model

The tests introduced in the earlier section can be easily extended to a more general
SPD model where the the disturbances are also subject to spatial interactions, giving an
SPD model with both spatial lag and error (SLE) dependence. Again, we first present

results for the one-way FE model, and then the results for the two-way FE model.

3.1. Panel SLE model with one-way FE

The SLE model with one-way fixed effects has the form:
Ynt = At‘/vn}fnt + Xntﬁt +cn + Untu Unt = ptMnUnt + Vnta (31)

where M, is another spatial weight matrix capturing the spatial interactions among the
disturbances, which can be the same as W, and {p;} are the spatial error parameters,
possibly different in different time periods. Again, we are primarily interested in the test

for temporal homogeneity, which now corresponds to a test of the following null hypothesis:
Hy:bv=-=pr=0, =---=Ar=A, and p1 =---=pr=p. (3.2)

If this test is rejected, one would be interested in testing the hypothesis of the form in
(2.10) extended to include the p-component, or some other form of temporal heterogeneity.

Following the same set of notation as in the earlier section, and further denoting
p=(p1,-.,pr),0 = (B, N, p, 02 and B,(p;) = I, — piM,,t =1,..., T, we have the
(quasi) Gaussian loglikelihood for (6, ¢;,):

lsre1(0, ¢n) = — "L In(2m0?) + 32/ In[An (M) + Yo/ In | B (p1))|
- # Zz:l V7/Lt(/8t7 Ata Pt cn>Vnt(/8t7 Ata Pt cn>7 (33>

Where Vnt(/Btu Ata Pt cn) - Bn(ﬂt) [An(At>Ynt - Xnt/Bt - cn]u t= 17 ey T.
Similarly to the developments in the previous section, we first eliminate ¢, through

a direct maximization of the loglikelihood function, given the other model parameters 6,
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and then adjust the resulted CS or CQS function to eliminate the asymptotic bias or
inconsistency. Given 0, lsig1(0, ¢;,) is maximized at

6n (Ba )‘7 p) - [Z?zl B;L(pt>Bn(pt>] - ZtT:1 [B;L(PQBn(Pt) (An(At>Ynt - Xntﬁt)]a (34>

leading to the concentrated (quasi) Gaussian loglikelihood function of @ upon substitution

€§LE1(9> = % 1n(27r02) + 23:1 In ‘An(/\tﬂ + 23:1 In ‘Bn(PtM

- # ZtT:1 ‘77;2&(67 )‘7 p>‘7nt(67 )‘7 p)u (35)
where Vat(B8, A, p) = Vi (B, M, o1 En(B, X, ) = Bulpe)[An(M)Y,

To facilitate the subsequent derivations, denote
Du(pt) = Bl,(pt) Bu(pt) and Dy(p) = 31,

XntBt — n(B; A, p)]-
Ugt(ﬂt; At) = An(At>Ynt - Xntﬂta
Dn(pt> Then7

Vot (B, X, p) = Bu(p)Usy (Be. M) — Bu(p)én(B, A, p),

6n(67 Au p) - D;Ll(p> Zzzl Dn(pt>U7cL)t(/Bt7 At)u and the key term in (35>

Zthl ‘77;75(57 A, p>‘7nt(ﬁu A p) = ZtT:1 Uﬁé(ﬁt, At) D (pt)
— (3121 Do) Uy (B, M) Dy () (X1,

Differentiating ¢§; z,(0) gives the CS or CQS function of 6:

Unt (B, At)
Don(pe)Upi (Bt Ar))-

X0 Bl () V(B A p), t =1, T,
SE o, (0) = %(WnYnt>/B;L(pt>‘7nt(Ba A p)—tr[Go(N)], t=1,...,T, 56)
ste1\V) = N N |
LV, A, p) Halpo) Vet (B, A, p) — t1[Ho(p0)], t=1,....T,

(35 + 7o imt Vit (B X p) Vel B, X, ),
where H,(p;) = M, B, (py), t=1,...,T.

At the true 6y, we have, ¢,(Bo, Xo, po) = cn + Dt ZST:1 B/, .Vys and hence Vi
Vit (Bo, Moy o) = Vi — BuD ' o0,

= B;'stnsu and WnYnt = Gnt(XntBO +cn + B;tlvnt>u
where By = Bp(pi), Gut = Gn(Aw), and D, = D, (pg). It is easy to show that,

0Tk‘7

—tr[D (po) B, (p10) B (p10) G M0)], t = 1,...T

—tr[ B, (p:0)D,,  (po) Bl (peo) Hn(p:0)], t =1,...T

E[Sng(eO)] =

)

)

Therefore, the AS or AQS function of € for Model (3.1) takes the form

%XZtBZ(Pt)Vnt(B, Ap), t=1,...,T,

Stei(8) = U—lz(WnYnt)/B;L(Pt)Vnt(B,)\,p)—tr[R H(P)Gr(N)],
VLB A p) Hal(p) Vit (B, X, p) — tx[Sa(p) (1))

_n(T—l)

\ 202 204 Zt 1 nt(ﬁu)‘ p) nt(ﬁ;)\ P),
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where Rut(p) = I — D1 (p) B}, (pe) Bn(pt) and Sue(p) = In — Bu(p)Dy " () By, (p1).-
It is easy to show that E[S& z,(6)] = 0, and that —=S% 1 (60) 2.0 as n — oo alone,
or both n and T go infinity. Thus, this AQS function gives a set of unbiased estimating

functions, and paves the way for developing asymptotic valid score-type tests.*

Construction of AQS tests. Denote the constrained estimator (under Hy) of 0
by Osiz1. In case of testing for temporal homogeneity, i.e., test of Hy given in (3.2), the
constrained estimators of 3, A and p are, respectively, BSLEl =1r® BSLEl; S\SLEl =1r®
/N\SLEl, and psig1 = 17®psiE1, where BSLEl; Z\SLE1 and pgpg1 are the estimators of the common
B, X and p, leading to the constrained estimator of @ as g g1 = (Bl g1, Napgt, Parrs Ooigs) -
Let Js1e1(0) = —%S;Lm(e) with its expression given in Appendix B.3. The usual or naive

score-type test, treating Sg;z;(6) as a genuine score function, takes the form:
Tsier = Sipps (Oster) Jsrps (Osier) Sigs (Osies)- (3.8)

Again, S z(0) is not a genuine score function and the IME or generolized IME does not
hold (see the relevant expressions given in Appendix B2). Hence, the test constructed in
the usual way may not be a valid test statistic, even if the errors are normal.

As in the previous section, to address both issues, we again put our testing problem in
a general framework with null hypothesis being written as Hy: C8y = 0, with some modi-
fications on C' to include the p parameters. Now, C'is a k), x k; matrix generating k, linear
contrasts on the parameter vector 8 of dimension k; = (k+2)7 + 1. For the null hypoth-
esis defined in (3.2), we have k, = (T'— 1)(k+ 2) and C' = blkdiag{Cr, C1,1,Cr1, 0k, },
where (), is defined in the previous section. Tests for change of points can also be carried

out based on the following hypothesis:

Hy:B1="--=PBpy # Boo+1---=DB1, M ==Xy # M1+ = AT,
PL= = Pro F Pro+l " = PT (3.9)

for the set of specified values 1 < by, £y, 79 < T. Again, with a different C' matrix, our test
can repeatedly be carried out to identify a relatively more parsimonious model instead of
the full model with the regression and spatial coefficients changing at every time point.
Similarly, the score-type test is based on the AQS function S§LE1(éSLE1) evaluated at
the null estimate Og g1 of 0, and the asymptotic VC matrix of S§LE1(95LE1). Let Isie1(00) =
E[Js1e1(00)] and Xgrr1(00) = Var[Sg g, (0o)] with their expressions being given in Appendix
B.3. Now, the effective sample size is back to Ny = n(T' — 1) as for the 1FE panel SL
model. Under mild regularity conditions, such as the \/Ny-consistency of éSLEl, we have

an asymptotically valid and nonnormality robust AQS test:

I - o~ -
TgLEl = S;I{.ElISL}ElC/ (CISL}:HZSLE1[SL}210/) CISL}:HS;LED (31())

4Solving the estimating equation, S (8) = 0, gives the AQS or M estimator of 8, which is obtained
by first solving the last equation for o given (8, ), to give G4 (8, ) = ﬁ 23;1 Vi (B, MV (B, ),
and then solving the resulted concentrated AQS equations for (3, \).
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where §§LE1 = S§LE1(9~SLE1); TSLEl = ISLEl(éSLE1>7 and iSLE1 = ZSLEl(éSLE1>~
Asymptotic properties of the proposed tests are established based on Assumptions 1-4

in Sec. 2, and the following additional conditions on M,, and By, (p).

Assumption 5. Under Hy, the parameter space P of the common p is compact. The
true value pg is in the interior of P. The matriz B, (p) is invertible for all p € P. M,
has zero diagonal elements, and are uniformly bounded in both row and column sums in
absolute value. B;'(p) is uniformly bounded in both row and column sums in absolute
value for p in a neighborhood of pg.

Furthermore, the existence and consistency of the constrained estimator BSLEl de-
which fol-
lows from Assumption 2 and the positive definiteness of B] B,. Denoting Zsir1(0) =
Clgt,(0)Ss1e1(0) 55, (8)C’, we have the following theorem.

pends on the existence and nonsingularity of limn_,ooniT Zthl XB, B, XS,

Theorem 3.1. Under Assumptions 1-5, if further, (i) Oser1 is V/N-consistent for 0y
under Hy, and (ii) Isig1(0) and Zsie1(0) are positive definite for @ in a neighborhood of

. D
0y when Ny is large enough, then we have, under Hy, Tg g — X%p, as n — oo.

Note that the d.f. associated with the test statistics is k, = (T'— 1)(k + 2) for testing
for temporal homogeneity, and k, = (T — 2)(k + 2) for testing for a ‘single change’.

Similarly, it can be shown that Tsig; is not an asymptotic pivotal quantity, and that
(T&e1 — kp)/ /2Ky D, N(0,1), as n/V/T — ooc.

Estimation of the null model. Let § = (5, )\, p,0?)’. Under Hy, the constrained
estimate of ¢, given (3,\) becomes & (3,\) = A,(\)Y,, — X,,3, and the error vector
becomes V,%(3, A, p) = Bn(p)[An(N)YS, — X2,5], where Y, = Yy — Y, X2 = Xt — X,
and Y, = %Zthl Y,: and X, = %Zthl Xpt. Along the same line leading to (3.7), one

can easily show that AQS function for the null model takes the form:

L XS BL 0V (B, A, p),

L S (WY B (p)ViS(B, A, p) — (T — Dtx[Gr (M),

LS V(BN p) Halp) V(B A, p) — (T = D)tr{Hy (),
[ —2050 4 ok S V(B VB ).

SSLE1(9> - (3~11>

Solving the estimating equations, S§;g,(0) = 0, gives the null estimator Osier of 0. The
process can be simplified by first solving the first set of equations and the last equation of

(3.11), giving the constrained estimators of 3 and o2 (for given A and p) as

Barer(A, p) = (Xiy Xt Dn(p) X5 ™ Y1y X Dn(p) An(N) Y53,
&gLEl(Au p) = ﬁ ZtT:1 V?%(BSLEl(Au p>7 Av p>V7CL)t(BSLE1(A7 p>7 Av P)

Substituting Bsiei(A, p) and 52,5 (), p) into the middle two equations of (3.11) and solving

the resulted concentrated estimating equations lead to the AQS estimators (Z\SLEl, PSLEL)
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of the common (A, p), which in turn give the AQS estimator Bstgr = BSLE1(:\SLE1, PSLEL)
of the common (3, and the AQS estimator 53z, = &gLEl(Z\SLEl, psie1) of o2, Finally, the
AQS estimator of 0 is Osigy = (Fhpy, Asies, agy) - It can be shown to be asymptotically
equivalent to the estimator based on an orthogonal transformation given in Lee and Yu
(2010), and thus is /n(T — 1)-consistent. To estimate the ‘other’ type of null models,
simplify the general AQS function (3.7) and then solve the resulted estimation equations.

To estimate ¢,, v and &, refer to the discussions at the end of Section 2.1.

3.2. Panel SLE model with two-way FE

The panel SLE model with two-way fixed effects has the form:
Yot = MWnYu + Xntﬁt +en tagly + U, Un = ptMnUnt + Vat, (312>

which extends Model (2.15) by adding the spatial error dependence term. Applying the
same orthonormal transformation as that for Model (2.15), i.e., premultiplying F;wl_l on
both sides of (3.12), we have the following transformed model:

Yo = MWRY S + X060+ ¢ + Uy Upy = peMUp, + Vg

n-nt n~'nt nt?

(3.13)

where Yy, X7y, ¢, Wi and V3, are defined as in Model (2.16), and My, = F}, ,, My Fp pn1.
After the transformation, the effective sample size becomes (n — 1)(T — 1) as for the 2FE
panel SL model. As Model (3.13) takes an identical form as Model (3.1) and the elements
of V%, are iid normal if the original errors are normal, the steps leading to the score-type
test and the steps leading to consistent estimation of the null model are similar.

Define A% (py) = In—1 — MW} and Bi(py) = In—1 — peM), t = 1,...,T. Similar to
the previous section, we eliminate ¢}, through a direct maximization of the loglikelihood

function to give the concentrated loglikelihood function of 6:

lre2(0) = — " In(2m0?) + 32, In A5 (A)| + 0, In | B; (1)

— 502 L1t Vit (B, A p)Vi(B, A, p) (3.14)
where V(8. X, p) = By (p)Usi (81, M) = B (p) D5 () 3oy Di(ps)Ugt (Bss As). D7 (p) =
>tz Di(pe)s Di(pe) = By (pr) By (pr), and Upi (B, Ai) = Aj (M) Yoy — X3y As in the
previous subsection, we can obtain the AS or AQS function of 8 for Model (3.12) as
LXUB (p) Vi (B, A, p), t=1,...,T,

S (WrY) By (p) V(B A, p) — tr[Riy(p)Gi(M)), t=1,...,T,

n-nt

SLe2(0) = L s *( o \T7* * .
LUHB.A P Hp) V(BN p) — {3 () Hi(p)]. 1 =1.....T,
|-G 4+ L S VA (B p) V(B A p),
(3.15)
where RY,(p) = I,_1 — D} Y(p)D:,(ps), and Si,(p) = L1 — B (p)DE(p) B (pr).
Denote the null estimator of @ by Osigs. Let Jspga(0) = _%SgLE2(0>’ Isuea(60) =
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E[Jste2(00)] and Ys1ea(00) = Var[Sgg,(60)] with their expressions given in Appendix B.4.

The usual score-type test and the robust version have the forms:
Tsieo = S3ieo(Osiea) Jorko(Osiea) Siies(Osie), and (3.16)
~ -~ o~ 1o
Tgpe = S;I{.EQISL}EQCI (CISL}EQZSLEQISL}ZQC/) CISL}EQSgLE27 (3.17)

respectively, where §§LE2 = S§LE2(0~SLE2>7 TSLEQ = ISLEQ(éSLE2>7 ijSLE2 = ESLEQ(éSLEQ)a and
the linear contrast matrix C' has the same form as that for the 1FE panel SLE model. Let
Este2(0) be defined similarly as Egrg1(6) for the 1FE panel SLE model.

Theorem 3.2. Under Assumptions 1-2, 3, and 4-5, if (i) Osies is VN -consistent for
0y under Hy, and (ii) Isig2(0) and Egrpa(0) are positive definite for @ in a neighborhood

. D
of 8y when Ny is large enough, then we have, under Hy, Tg go — X%p, as n — oo.

The d.f. £k, associated with these tests remain the same as that in Theorem 3.1.
Similarly, it can be shown that Ts gy is not an asymptotic pivotal quantity, and that
(Tgrgo — kp)/ 2kyp 2 N(0,1), as n/\/T — O0.

Estimation of the null model. Let § = (', \, p,0?)’. Under Hy, the constrained
estimate of ¢, given (8, \) becomes &5*(3, \) = A% (\)Y," — X3 where Y,* and X are the
averages of {Y%,} and {X},}, respectively. Along the same line leading to (3.15), one can
easily show that AQS function for the null model of (3.13) takes the form:

LS X BY (0)ViEr (B A p),

L S (WYY By (p)Vir (B, M, p) — (T — DG ()],

2 S Vit (B A p) Hi(p) Ve (B, A, p) — (T — D[ Hx (V)],
|- =00 4 2 S Ve (B A ) Vet (B A, p),

Vit (B: A, p) = Bh(p)[AZ(NYoy — X5 — &7 (8, M)] = Br(p)[AL (MY — X570], where
Yo =Y — Y and XoF = X, — X*. Solving the estimating equations, Sgiz,(0) = 0,

n

SSEE2(9> = (3~18>

gives the null estimator Osgo Of 0, which is obtained by first solving the first and last sets

of equations of (3.18) to give the constrained estimators of 3 and o2, given \ and p, as

Bsre2( N, p) = () Xt By (p) By (p) X50) ™ S0y Xt By (p) By () A3 ()Yt
&gLEQ(Au p) = ﬁ ZtT:1 V?ft*/(BSLEQ(Au P); Av p)‘/gg (BSLEQ(Au P); Av p)?

and then substituting Bsiez(), p) and 62 g,(), p) into the middle equations of (3.18) and
solving the resulted concentrated estimating equation to give the null AQS estimators Z\SLEQ
of the common \ and pgpgs of the common p, which in turn gives the AQS estimator BSLEQ =
BSLEQ(:\SLEQ, psie2) of the common 3, and the AQS estimator 62z, = &gLEQ(:\SLEQ, pste2) of
o?. Finally, the AQS estimator of @ is Osppo = (BgLEQ, ASLE2, PsLE2, Oorpo)- The proposed null
estimator based on the AQS function provides an alternative to the direct and transforma-

tion approaches of Lee and Yu (2010). It can be shown to be asymptotically equivalent to
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the estimator based on an orthogonal transformation given in Lee and Yu (2010). Thus,
fsiez is \/(n — 1)(T — 1)-consistent for 6. As in the 1FE panel SLE model, to estimate
the null model under a different hypothesis, we simplify the general AQS function (3.15)

and solve the resulted estimating functions. Estimation of ¢, v and k proceeds similarly.

4. Monte Carlo Study

Extensive Monte Carlo experiments are conducted to investigate the finite sample
performance of the proposed tests, based on the following four data generation processes
(DGPs), corresponding to the SDP models with, respectively, 1FE-SL, 2FE-SL, 1IFE-SLE
and 2FE-SLE:

DGP1 : Y, = MoWo Yo + X1ntB110 + XontBoro + o + Vi, t =1,2,...,T,
DGP2 : Y, = MoWio Yo + X1ntB1t0 + XontBoro + cno + ol + Vi, t =1,2,...,T.
DGP3 : Yyt = MoWnYnt + XintB1t0 + XontBato + cno + Unt,
Unt = proMy Uy + Vi, t=1,2,...,T.
DGP4 : Yyt = MoWnYar + XintBrt0 + XontBato + cno + awoln + Unt,
Unt = proM Uy + Vi, t =1,2,...,T.

For all the Monte Carlo experiments, S0 = (5140, S2t0) is set to (1,1)" for all ¢ =
1,...,T, 02 =1and X\ = {0.5,0,—0.5}, pp = {0.5,0,—0.5}, n = {50, 100,200,500}, and
T = {3,6}. Each set of Monte Carlo results is based on 10,000 Monte Carlo samples for
the two SL models, and 5,000 for the two SLE models.

The weight matrices are generated based on three different methods: (i) Rook
Contiguity, (ii) Queen Contiguity, and (iii) Group Interaction, with details given
in Yang (2015). In spatial layouts (i)-(i7), the degree of spatial interactions (number of
neighbors each unit has) is fixed, while in (i7¢) it may grow with the sample size. This is
attained by allowing for the number of groups, k, for each sample to be directly related to

n. We have considered k = n®

, where k is the number of groups for each n and hence the
degree of spatial dependence indicated by the average group size is m = n/k. The actual
sizes of the groups are generated from a discrete uniform distribution from .5m to 1.5m.

The two exogenous regressors are generated according to REG1: Xp,¢ N (0, 1,)
fork=1,2andt=1,...,T; and REG2: the ith value of the kth regressor in the gth group
is such that X ;4 w (224 + 2i4)/V/10, where (z4, 2 4) w N(0,1) when group interaction
scheme is followed; { Xy s} are thus independent across k and ¢, but not across i.

The errors, vy = oge;, are generated according to errl: {e,;} are iid standard
normal; err2: {e,;} are iid normal mixture with 10% of values from N(0,4) and the
remaining from N (0, 1), standardized to have mean 0 and variance 1; and err3: {e,;}
iid log-normal (i.e., loge; N (0,1)) standardized to have mean 0 and variance 1.

Partial Monte Carlo results are reported in Tables 1 & 2 for the panel SL models, and
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Tables 3 & 4 for the panel SLE models. The results in Tables 1 & 2 show the following.

(1) The proposed robust test performs very well in general with empirical coverage
probabilities all very close to their nominal levels, except that in cases of heavy spatial
dependence (Group Interaction) and not-so-large n, it can be slightly undersized.
As sample size increases, the empirical sizes quickly converge to their nominal levels.

(74) In contrast, the naive test can perform quite badly, with empirical sizes being as
high as 35% for tests of 10% nominal level, when the erorrs are fairly non-normal
(e.g., log-normal). It is interesting to note that the size distortions for the naive
tests also drop as sample size increase.

(7i1) A larger T seems lead to a worsened performance for the naive tests under Queen
Contiguity but not under Group Interaction.

(tv) The finite sample performance of the tests for 1IFE panel SL model do not seem to
differ much from those for 2FE panel SL model.

From the results for the panel SLE model, reported (in Tables 3 & 4) and unreported
(available from the authors upon request), similar patterns are observed for the finite
sample performance of the proposed tests. In summary, the proposed robust tests are

reliable and easy to apply, and hence are recommended for the applied researchers.

5. Empirical Applications

The specification tests of temporal homogeneity in spatial panel data models given in
this paper are demonstrated in a empirical settings using two well known data sets: Public
Capital Productivity (Munnell, 1990) and Cigarette Demand (Baltagi and Levin, 1986).

Public Capital Productivity. The data set gives indicators related to public capital
productivity for 48 US states observed over 17 years (1970-1986). In Munnel (1990), the

empirical model specifies a Cobb-Douglas production function of the form:

lg(gsp) = Bo + B11g(pcap) + B2 1g(pc) + B3 1g(emp) + Byunemp + ¢,

with possibly one-way or two-way fixed effects, where ‘gsp’ is the gross social product
of a given state, ‘pcap’, ‘pc’ and ‘emp’ are the inputs of public capital, private capital,
and labor respectively. In order to capture business cycle effects, an additional variable
‘unemp’ is also added which indicates the state unemployment rate. The model now is
extended by adding the spatial effects. The spatial weight matrix (W,,) is specified using
a contiguity form where (7, j)th element is indicated as 1 if state i and j share a common
border, otherwise 0. The final W,, is row normalized.

Table below summarize the values of the test statistics and their p-values, for the usual
or naive score-type test and the nonnormality robust AQS test for temporal homogeneity
based on both the full dataset and a subset of data corresponding to years 1970-75, fitted
using the four models: 1FE-SL, 2FE-SL, 1FE-SLE and 2FE-SLE.
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Tests for Temporal Homogeneity: Public Capital Productivity
Ts1a TSTL1 Ts1o TSTL2 Té’im Té’im Tsie2 Ts”Lm

T =17 | 1621.23 320.67 | 3189.55 328.02 | 1970.79 289.20 | 1555.99 326.51

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
T=6| 26388 83.40 30.32  24.11 93.52  44.87 16.36  26.82

p-value 0.00 0.00 0.21 0.51 0.00 0.04 0.98 0.63

Note that when T' = 6, df = 25 for SL model and 30 for SLE model, with 10%, 5%, and
1% critical values being 34.38, 37.65, and 44.31 for SL model, and 40.2560, 43.77, and
50.89 for SLE model. When T' = 17, df = 80 for SL model and 96 for SLE model, with
10%, 5%, and 1% critical values being 96.58, 101.88, and 112.33 for SL model, and 114.13,
119.87, and 131.14 for SLE model.

Overall, the results based on the full data show strong evidence against temporal
homogeneity. For the results based on first six periods data, the tests are significant for
the models with 1FE, but not for the models with 2FE. The latter is perhaps due to
control of time-specific effects. Comparing the results based on full data of T = 17 periods
with the results based on first six periods data, there seems to be a strong indication for
the existence of change point(s) in the model, and hence it would be interesting to carry
out further tests in ‘dig’ out the change point(s). The relatively much bigger values of the

usual or naive tests show that are rather unreliable, in line with the Monte Carlo results.

Cigarette Demand. Second application of the proposed tests uses another well
known data set, the Cligarettes Demand for the United States. It contains a panel of 46
states over 30 time periods (1963-1992) and is listed as CIGAR.TXT on the Wiley web site
associated with Baltagi (2008) with the response variable Y = Cigarette sales in packs per
capita; and the covariates X; = Price per pack of cigarettes; Xy = Population (Pop); X3
= Population above the age of 16; X, = Per capita disposable income; X5 = Minimum
price in adjoining states per pack of cigarettes. Earlier studies include Hamilton (1972),
McGuiness and Cowling (1975), Baltagi and Levin (1986, 1992), Baltagi et al. (2000),
and Yang et al. (2006), all under homogeneity assumption and in log-log form except in
Yang et al. (2006) who estimated the Box-Cox functional form. The spatial weight matrix
(W,,) is specified using a contiguity form where (i, j)th element is indicated as 1 if state i
and j share a common border, otherwise 0. The final W, is row normalized.

Tests for temporal homogeneity/heterogeneity is of particular interest in cigarette de-
mand, due to government’s policy interventions (in 1965, 1967, 1971) in attempting reduc-
ing the consumptions of cigarettes, and the reports from medial journals as well as Surgeon
General warning (in 1983) about the health hazards of smoking (see Baltagi and Levin,
1986). The table below summarize the values of the test statistics and their p-values, for
tests of homogeneity based on, respectively, the first 17 periods of data and the first 6

periods of data, and using the log-log form.
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Tests for Temporal Homogeneity: Cigarette Demand

Ts14 TSTL1 T2 T§L2 Tsies Tsim Tsie2 Ts”Lm

T =17 | 2828.62 327.73 | 4265.07 323.37 | 913.31 323.20 | 3723.99 342.54
p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
T=6 79.25 45.66 59.40 38.00 | 328.38 50.06 72.51 45.34
p-value 0.00 0.03 0.001 0.15 0.00 0.048 0.00 0.11

Note that when T' = 6, df = 30 for SL model and 35 for SLE model, with 10%, 5%, and
1% critical values being 40.26, 43.77, and 50.89 for SL model and 46.06, 49.80, and 57.34
for SLE model. When T = 17, df = 96 for SL model and 112 for SLE model, with 10%,
5%, and 1% critical values being 114.13, 119.87, 131.14 for SL model, and 131.56, 137.70,
149.73 for SLE model.

Again, the larger data set provide strong evidence against temporal homogeneity as
the p-values for all the tests are very small. The results corresponding to the small data
are mixed: the tests are significant based on the 1FE models but not based on the 2FE
models, indicating that once the time-specific effects are controlled, the regression and
spatial coefficients remain stable in the first six years. These suggest the existence of
structure breaks, and further tests can be carried out to identify a ‘parsimonious model’
if one is not willing to go for the largest model with full temporal heterogeneity on the
regression and spatial coefficients. Again, the relatively much bigger values of the usual or
naive tests show that they are rather unreliable, as the Monte Carlo results indicate that

they over reject the null hypothesis.

6. Conclusion and Discussion

We introduce adjusted quasi score tests for temporal homogeneity/heterogeneity in
regression and spatial coefficients in spatial panel data models allowing the existence of
spatial and temporal heterogeneity in the intercepts of the model. The proposed tests are
robust against nonnormality, they are simple and reliable as shown by the Monte Carlo
results, and can be repeatedly applied to identity a ‘parsimonious model’ instead of the
model with full temporal heterogeneity. That is, once the null hypothesis of homogeneity
is rejected (as in the two empirical applications), one may proceed with further tests of
hypotheses with known change points suggested by the data (as in Cigarette Demand
application). Thus, the proposed tests provide useful tools for the applied researchers.

The tests can be extended by (7) adding higher-order spatial terms and spatial Durbin
terms in the model, (ii) treating individual- and time-specific effects as random effects, or
correlated random effects, (iii) allowing spatial-temporal heterogeneity in error variance
(i.e., heteroskedasticity), (iv) allowing interactive fixed effects, and (v) by allowing dy-
namic effects in the model. These extensions are interesting but clearly beyond the scope

of the current paper, which will be in our future research agenda.
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Appendix A: Some Basic Lemmas

This section presents some basic lemmas that greatly facilitate the derivations and

proofs of theoretical results given in the subsequent appendices.

Lemma A.1 (Kelejian and Prucha, 1999; Lee, 2002): Let {A,} and {B,} be two
sequences of n x n matrices that are uniformly bounded in both row and column sums. Let
C,, be a sequence of conformable matrices whose elements are uniformly bounded. Then

(i) the sequence {A, By} are uniformly bounded in both row and column sums,

(ii) the elements of A, are uniformly bounded and tr(A,) = O(n), and

(iii) the elements of A,Cy and CyA,, are uniformly bounded.

Lemma A.2 (Yang, 2015b, Lemma A.1, extended). Fort = 1,2, let Ay be n X n
matrices and cpe be an n x 1 vectors. Let €, be an n x 1 vector of iid elements with mean
zero, variance o2, and finite 3rd and fth cumulants ps and py. Let ane be the vector of
diagonal elements of Api. Define Qui = Chyen + nAnen, t = 1,2. Then, fort,s =1,2,

Cov(Qnt, Qns) = f(Ant, cnt; Ans, Cns)
=oMr[(AL, 4+ Apt) Ans)] + 130l Cns + U3Ch ans + 140l ans + 02, Cns. (A.1)

Various useful special cases of (A.1) are as follows:
(Z> COV(C;ﬂgnu Qn2> = f(O, Cnl; AnZu Cn2> = MSC;LlanQ + 020%1%27
where ¢,; can be an n x k matrix with k£ > 1;
(”) Var(in) - f(Anla Cnl; Anlu Cnl) - U4tr[<A;L1 + An1>An1>] + 2M3a%1cn1
+pgal any + o2c en;
(iii) Var(eh Apien) = f(An1, 0; Ap1, 0) = ottr[(AL; + Ap1)Ap1)] + padl ang .
Lemma A.3 (CLT for Linear-Quadratic Forms, Kelejian and Prucha, 2001). Let

Ay, an, ¢ and gy, be as in Lemma A.2. Assume (i) A, is bounded uniformly in row and

column sums, (i) n=t 3", \cij;m\ < oo,m1 >0, and (i) E\aij;m\ < 00, 2 > 0. Then,
el Anen + chen — a?tr(Ay) D, N, 1).

1
{oMr(AL A, + A2) + psal,an, + oc,cn + 2usal,cn}?

Appendix B: Hessian, Expected Hessian and VC Matrices

Notation. For t,s =1,...,T, blkdiag{A4;} forms a block-diagonal matrix by placing
A, diagonally, {A;} forms a matrix by stacking A; horizontally, and { By} forms a matrix
by the component matrices Bys. The negative Hessian matrix J(60y), its expectation
I5(0)), and the VC matrix 3 (6p) of the AQS function, w=SL1, SL2, SLE1, SLE2, are all
partitioned according to the slope parameters 3, the spatial lag parameters A, spatial error
parameters p (if existing in the model), and the error variance o, with the sub-matrices
denoted by, e.g., Jas, Jax, 188, Igx, £33, Xga. Furthermore, diag(-) forms a diagonal

matrix and diagv(-) a column vector, based on the diagonal elements of a square matrix.
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B.1. Panel SL model with one-way FE. Letting 7, = Gn(Xn5t + ¢,) and

gnt = diagv(Gyy), the negative Hessian matrix, Jsp1(6p), has the components:
Jag = blkdiag{a—g Xt} — {TU X Xns}
Ing = blkdiag{a (WnYot) Xt } — {72 ( 2 (Wn Yo ) Xns }
T = blkdiag{a—lg(WnYnt) (WnYoe) + T2 tr(G2) b — { 2 ( z (W Yor) (WnYas) },
Jy2p = {%V/LtXnt}, Jo2) = { (WinYt) Vit b, J2p2 = —Tg U_Sthl ot Vit

The expected negative Hessian matrix, Is11(60p), has the components:

Ios = Jap, Ing = Lkdiag] ey Xu} — {7zl Xas}.

Iax = bldiag{ e + L7 12(G G }—{T%,g%tnm},

—0 — — n(T-1)
10.25 = 0tk’ 10'2)\ = T—Ugtr nt } 0.20.2 = Tg

The VC matrix Ygs11(600) = Is11(60) + Qs1.1(00), where Qs11(0p) has components:

Qas = Okxtks Qag = blkdlag{ Too 79nt nt} {T200 79nt ns}
Oax = blkdiag{ 27y gn + (552)2kg00nt — #1(GriGt) }
_{ T2_ao nntgns + gntnns> - %UA(Gnths)}

Qo2p = {04}, Qo2x = {(TTTI)'ZHU" (Gni)}, Qo202 = E;TTU? -

where v and & are, respectively, the measures of skewness and excess kurtosis of v; ;.
Alternatively, we can find the VC matrix X, 7(6y) by first expressing the AQS
function (2.7) at 6y in terms of Viy = (V}}1,...,V/})’, where N = nT, and then applying
Lemma A.2. Let z; be a T x 1 of element 1 in the ¢th position and 0 elsewhere, and
define Zyy =2 ® I, Zny = %(ZT ® I,), and Z3, = Znt — Zn. Thus, Vi, = Zn:Vy and

Vit = Vit — Vi = Z3: V. The AQS function (2.7) at @y takes the form:

m,Vy, t=1,...,T,

S§L1(00> - H/QtVN + V/]V(I)tVN - %tr<Gnt>u t= 17 ) T7 (B1>
VoV — 20

where Hlt = ZNtXnt7 Hgt = _ZNtnntu (I)t _SZNtG;LtZ%ﬁ and ¥ = # ZZ;I Z]ciftZ%t'
Applying Lemma A.2 with €, ¢,y and A, replaced by Vy, I and Iy, O, and ¥, we
obtain the VC matrix of the AQS function:

{f(O; 144 0, Hls)}u {f(O, Iy @, H28>}7 {f(O, Iy 0, 0)}
Ysr1(6o) = ~, {f((I)t; Hay; D, H2s)}, {f((I)t; Lo W, 0)}
~, ~, f(v,0;v,0)

This expression can be reduced to that given above, but it greatly simplifies the calculation.

22



B.2. Panel SL model with two-way FE. Letting 0}, = G5,(X;0; + ¢};) and
gry = diagv(G,), as the AQS function takes a similar form as that for 1FE panel SL

model, the negative Hessian, Js2(6p), also takes a similar form:
Jas = blkdlag{ X*’X*t} {TU XHXET

Txg = blkdiag{ % (WY, X} — {7 (WiVi) X},

n-nt n-nt

J»\:blkdiag{%( Y (W) + L2 (Gr2) ) — {TU Y (WY b,

n-nt n-nt n-nt n-ns

J0.25 = { V*/X*t} J o2\ = { (W*Y* t} J 22 = _% 6 Zt . V*/V*

n-nt 208

As the derivation of the expected negative Hessian matrix involves only the first two
moments of the transformed errors which are the same as the first two moments of the
original error, the expected negative Hessian matrix, Is;o(6p), also takes a similar form as
that of 1FE panel SL model and contains the following components:

Iﬁg = Jgﬁ, I)\g = blkdlag{ an/X*t} {TUan/X;; }
I = blkdiag{ bniimy + LHe(GRG)  — {mezmiions )
Iazﬁzotk, o2 {T 1tr G* } 002—%
The derivation of the VC matrix of the AQS function, however, is different from that

of one-way panel SL. model due to the involvement of 3rd and 4th moments of the errors.
The elements of the transformed errors V), may not be totally independent unless the
original errors are normal and their 3rd and 4th moments may not be constant. Thus, one

needs to work with the original error vector V,,; through V5, = Vpt. The VC matrix

nnl

Ysr2(00) = Isra(6o) + Nsra(6o), where Qsr0(6o) has components:®

Qﬁﬁ = O¢extk, Q)\g = blkdlag{ Too 'yg*’F n,n— 1X;;t} — {;%th;;Fn,n—lX;S}u

O —blkdlag{ ( /Fylm—19nt+ (Tfl> KantInt — ltr< nt ;;t)}
- 77:2—_01)7(77ntFn n— lgns + g:L;anm—ln:Ls) - ﬁtr< ;tG;LS)}’
T—1 . T-1)2
Qo2p = {04}, Qo2 {(2T2 )2 rdiag(Jn)diag(Fnn-1GiFyn 1)} Qozgz = %H'

Similarly, ¥s1.2(6o) can be obtained by first expressing S&,(6p) in V, through V%, =
Fﬁ,n—lzfvtVN and Vp, = V5, — V:z = F/L,n—lz?\;tVN:

WN, t=1,...,T,

512(00) = { I, Vv + V@&, Vy — L=ttr(Gry), t=1,..., T, (B.2)
VoV y — =D,
where II;; = ULngVtF -1 X5, Ty = %Z%tann_ln;t, o, = ZNtan VG Fy 1 7304

and ¥ = # Zthl ZJOVtan_lan_lZ%t. Then, applying Lemma A.2 with ¢, ¢,y and A,y
replaced by Vy, ITy; and Iy, @4, and ¥ to give ZSLQ(BO) in an identical form as ¥gp1(60y).

In the derivations, we have used: (i) (In—1 — \¢F, -1 W Frn— Nt = =F\n1(In — MWo) L Funa
(Lee and Yu (2010, Lemma A.2), and (i7) for a row normahzed Wa, Bhno1Wndn = Fp W, and
G:L()\t) F7/L n— 1Gn(>\t) n,n—1 and gnt —dlag( n,n— 1Gn(>\t) n,n— 1)
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B.3. Panel SLE model with one-way FE. Let D,,; = —dﬁDm = M! Bt +B., M,.

We have the components of the negative Hessian matrix Jsgr1(6o):

JBB — blkdlag{ X DntXnt} { X Dnt]D);anans}§

nt nt

J5>\ = blkdlag{ X DnthY;zt} { X Dnt]D);ansWnY;zs};

nt nt

Jpp = blkdiag{ % =X Dot BV} —{% 2 X1,D Dy Dy B Vs )

nt
Jan = blkdlag{gg WnY;zt)/ nt(WnY;Lt) + tI‘( ntht)}
- { L2(I/Vnant)/Dnt]D);ans (Wny;zs)};

nt

J)xp - blkdlag{ Wny;zt) ntB ‘/nt + tI‘[]D) Dntht]}

{ WnY;Lt nt]D) 1DnsB ‘/ns + tr[]D);antht]D);ans] }7

ns
Jp>\ = blkdlag{ WnY;Lt ntBnt t} { WnY;Ls Dns]D) 1DntBnt nf}%
Jop = blkdiag{Z; V’ H!  Hp\ Vs + tr(HZ, +]D) M) M)}

nt - nt

{ ‘/ntHntBnt]D) IB;MHZS‘/"&—FU‘(D 1BntM ]D) D"é)}

Jo2p = {_4XntB;zt‘/7lt}§ Jo2a = {T(WnYnt - t}
Jorp = { g ViHutVar b Joror = =252 + e 3, ViV,
and the components of the expected negative Hessian matrix Isgr1(6p):
Ips = Jp, Inp =blkdiag{ 0 DniXnt} — {50 DniDy ' DneXns}, Ipp =Ors
I = blkdiag{—lgn;LtDnmnt + tr[Snt(0) G2 Gt } — {—gnglt DD  Dysins }

ntS"t nt } I 0202 = _"(T 1) + Zt 1trS7lt( )
Ipx = blkdiag{tr] GntSnt( VHE St ( — {tr[G] DM]D) 1Dnt]D 1}

ns

Ipp = blkdiag{tr HntSnt( ) nt — Bnt]D) 1DntBnt nt } + {tI‘ nt]D) ans]D) IB;LtHnt]}
10'25 = Oéka Iz = {U_gtr[Rnt P Gnt }7 IJQp = U_gtr(snt(p)Hnt)-

Irp = blkdiag{tr[G

To derive Xgrg1(6p), we have, Vnt = Vnt(ﬁg, A0, P0) = Vi — Bnt}D);l ZST:1 Bl Vs =
Z.Vn, where Z3, = [Z; — BuD,, ' (I ® I,)Bn] and By = blkdiag(Bi, . . ., Bur), and
WYt = Gut(XutBo + cn + B Vi) = Nt + Ge Byt Z Vv These lead to,

,Vy, t=1,...,T,

5,V + V@, Vy — tr(RyGrr), t=1,...,T,
Vi B9V — tr(SpeH), t=1,....T,

ViV — 25,

where II;; = AngVthXm, Oy = Uing{,thnm, by = U—%ZNtB "Gl B2, Por =
U—%Z]C{,tH 123, and W = # Zthl Z3: 23}, Applying Lemma A.2 gives:

S;LE1(00> = (B~3>

{£(0,1114;0,1015) }, { (0, IL14; P14, Tas) }, {f(0, s P25, 0)},  {f(0,1114; ¥, 0)}

~, {F( @14, oy; @1, o) }, { F(Pre, Hop; Pos, 0) ), { f( D1, Ioy; ¥, 0) }
Ysie1(0o) =

~ ~ {f(CI)Qt,O;CI)Qs,O)}, {f(q)2t,0§\11a0)}

~, ~, ~, {f(\I/,(),\I/,O)}
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B.4. Panel SLE model with two-way FE. Let D,y = —g%-D;, = M;'By, +
B, M. We have the components of the negative Hessian matrix Jsgr2(6o):

*/ D* X*

nt—nt“ nt

DL WY} — { & XD D DL WY

Jpp = blkdiag{ L X } = {& X0 D, D D X

ns ns}7

nt—nt ns''n-ns

Jpx = blkdiag{ X
0

Jap = b1kdiag{oi8X;;DMB;;1v;;;} - {ULSX;;;D;tD;—lme*—lV*

ns ns}7

n - nt n - nt nt>~"nt

Jax = blkdiag{(%g(W*Y* ) Dy (WiYy) + tr(R:,Gi2) }

n - nt 7LtD:_1D7lS(W*Y* )}7

n-ns

Jxp = blkdiag{ % (W;:Y,3) DB 'V
0

n - nt nt nt

+ tr[D5 ' D GEL )

nt

—{ WY DDy Das By Vi, + (D D3 G D3 D]}

Jox = blkdiag{ = (WrY3) D Bl ' Vi) — {5 (WY, D5 D5 Dy By 'V

n - nt n-ns ns nt ntJo

Jpp = blkdiag{ LV H H Vi + tr(H3 + D5 MY M) s

n

1 1r*/ xS R* *—1 */ *s~* *—1 %/ *TVk—1 T
- {F‘/nt Hnt Bnt]D)n anHns‘/ns + tr(]D)n BntMn]D)n Dns)}
_ 1 ! D* Tr* . _ 1 *V K\ PR Tr% .
JUzB - {g_éXntBnt‘/nt}7 Jt72>\ - {J_S(Wny;zt) Bnt‘/nt )

Jo2p = {ULS‘ZT{H;t‘ZTt}v o252 = _% + % ZtT=1 ViV

nt ' nt*

and the expected negative Hessian matrix, Isgz(6o), with components:

b= {Gm DD DXL Tep = O
Ixx = blkdiag{ i Dni, + 0S5, (D) GH3GRl } = { it DD i}

Inp = blkdiag{tr[G+' S5, (p)H 3]} Ly2pe = —ﬁ%g_—l) + 716( Zthl trSE,(p);

Igg = Jps, Ing = blkdiag{%gn:/D* Xz

nt<*nt

Iox = blkdiag{tr[Gs, S5, (p) Hyi Siy(p)]} — {tr[Gr D D5~ Dy s

I,p = blkdiag{tr[H};S%,(p)H}, — By Di ' Dy Biy " Hy b + {6 B, D Dy D By, HY L

Io2g = Oy/tk? Ip2x = {%tr[R:t(p)G:t]}; Iy2p, = {fgtr(S:t(P)H:t)}-

. Y7 Y7 — T
To derive Sgre2(60), Viiy = Vi (Bo, Ao, po) = Vi =By D1 30 Bl Vi, = 123V N,

and WYy = Gy (X580 + ¢ + By Vi) = mhy + Gy By lF/L,n_lzﬁvNN, leading to,
I, Vy, t=1,...,T,
H/%VN —i—VlN‘I)ltVN — tr(R;kLt ;0, t=1,...,T,
V/]V(I)QtVN —tr(SEHY), t=1,...,T

ViUV — =T

;LE2(00> - (B~4>

e )

\

where Ty = 2 28, Bi X Tt = 283 Biutis ®ue = 525, Bur ' GisBi 237l o =
2 2R 23] and W = o S 223y, with Ziy, = ZniFpp-1 and Z3, = Z3Fop-1.-
Applying Lemma A.2 with ¢, ¢,y and A,; replaced by Vy, I and o, and @14, o and

U, we obtain the VC matrix Ygs1ra(60p) taking identical form as 3sig1(60p) given above.
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Appendix C: Proof of the Theorems

Proof of Theorem 2.1. From (B.1), we see that the AQS function at the true

parameters contains both linear and quadratic forms in the vector of original errors V ,

I, Vy, t=1,...,T,
S511(00) = § Ty, Vv + V&V — LLt0(Gy), t=1,..., T,

202

where IT;; = U—%Zﬁ,tXm, o = %Zﬁvmm, P, = U—%ZMG;MZ%, U = #ZL AVAE
Ine = 2 ® In, Z3y = Zne — Zn, Zn = %(lp ® I,), and z is a T x 1 vector with tth
element being 1 and other elements being zero.

First, as the elements of X,,; are non-stochastic and uniformly bounded (by Assumption
3), it is easy to see that the elements of IIj; are uniformly bounded. By Assumption A.4
and Lemma A.1(i), G, is uniformly bounded in both row and column sums. Thus,
the elements of 7,y = Gui(XniBio + ¢) are uniformly bounded by Assumption A3 and
Lemma A.1(iii). It follows that the elements of Ily; are uniformly bounded. Now, from the
definition of Zn; and Z3;,, it is easy to see that ®;and ¥ are uniformly bounded in both
row and column sums. Thus, under Assumptions 1-4 the central limit theorem (CLT) of
linear-quadratic (LQ) form of Kelejian and Prucha (2001) or its simplified version (under
iid errors) given in Lemma A.3 can be applied to the elements of S& ;(6). Therefore, an
application of Cramér-Wold device under a finite 7" leads to, as Ny — oo, \/LN—OSng(HO) 2,
N (0, limy, 00 3= s11(60)). It follows that by (2.11) and (2.12),

C[NLOISM(G(J)]_Iﬁsgm(éSLl) 2, N(07 lim g, —o0 Esm(eo))-

It left to show that §-[/se1(fs.1) — IsL1(60)] —— O and 3-[Ssis(fsn1) — Ssa(6o)] = O.
Under the v/Ny-consistency of @sr; and with the analytical expressions of Isp1(6p) and
Ys11(00) given in Appendix B1, the proofs of these results are repeated applications of
the mean value theorem (MVT) to each component of N%Usm(ésm) — Isp1(6p)] and each

component of €L st ésm — Ysr1(609)], with the key results to note:
No
N (6nGntln — cuGrscn) == 0; 7=y == 0; & —rk —= 0. (C.1)

See the end of Section 2.1 for details ]

Proof of Theorem 2.2. From the derivations in Section 2.2 and further results in
Appendix B2, we see that all the quantities in the 2FE panel SL model relate to the corre-
sponding quantities in the 1FE panel SL model through the orthonormal transformation
matrix Fj, ,—1. Thus, the proof of Theorem 2.2 is carried out in a similar manner as that
for 1FE panel SL model. For the results similar to those in (C.1), see the end of Section
2.2 for details. u
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Proof of Theorem 3.1. Again the AQS function at the true parameters can be

expressed in terms of linear and quadratic forms in Vy as shown in (B.3),

m, vy, t=1,...,T,

I, VN 4+ Vi@ Vy — tr(RpGrt), t=1,...,T,
Vi ®o Vi — tr(SpeHpt), t=1,...,T,

(Vi UV — 2D

202

Sng(eO) -

where II}; = JLSZ]c{[tBntXnta Iy = UL%Z]C{[tBntnntu Q1 = U—%ZNtB;tI’G;LtB%th’\;t, Qyp =
1 T _

J_ngthHntZ%tv V= 51 21 25N Ll = [ — wDy (I ® I)By] and By =

blkdiag(Bp1, ..., Byr). Under Assumptions 1-5, it is easy to verify that each component

t

of S§iz1(0p) or a linear combination of the components of Sg; ¢ (6p) satisfies the conditions

of Lemma A.3, leading to the asymptotic normality result:
1 ~1_1_ agx ) D . —_
C[FOISLEl(eO)] mSSLE‘J(GSLEl) — N(O; tho—@o -=SLE1(90))~

The proofs of NLO[ISLEl(éSLEQ —Isie1(60)] . 0and NLO[ESLEl(éSLEQ —Ys1e1(60)] L. 0are
again carried out by repeated applications of MVT under the +/Ny-consistency of Osiks.
For details on the estimation of ¢,, the skewness v and excess kurtosis « for the 1FE panel

SLE model, and the consistency of these estimates, see the end of Section 3.1. [ |

Proof of Theorem 3.2. The proof is similar to that for the 1FE panel SLE model,
as the quantities in the 2FE panel SLE model relate to those in the 1FE panel SLE model

through the orthonormal transformation matrix F, ;1. [ |
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Table 1a. Empirical Sizes of Tests for Temporal Homogeneity in Panel SL Model

One-Way Fixed Effects, Queen Contiguity

T=3 T=6

An Tsra Tgq T5a Tgq

.10 .05 .01 .10 .05 .01 .10 .05 .01 .10 .05 .01
Normal Error
.5 50 | .208 135 .052 | .096 .045 .007 | .216 .138 .050 | .095 .044  .008
100 | .150 .086 .024 | .098 .046 .009 | .161 .097 .028 | .103 .050  .009
200 | .128 .068 .015 | .103 .049 .008 | .129 .069 .018 | .099 .051 .010
500 | .107 .054 .010 | .097 .046 .007 | .110 .054 .011 | .098 .049  .009
0 50| .204 .135 .053 | .102 .048 .008 | .214 .137 .050 | .095 .046 .009
100 | .147 .086 .025 | .099 .048 .008 | .160 .096 .027 | .105 .051  .009
200 | .127 .069 .015 | .104 .049 .009 | .127 .068 .018 | .100 .049 .010
500 | .111  .056 .011 | .100 .048 .008 | .109 .056 .012 | .099 .050 .010
-5 50| .204 .133 .055 | .102 .048 .008 | .212 .136 .051 | .097 .046  .009
100 | .147 .086 .025 | .099 .049 .008 | .160 .097 .027 | .103 .050  .009
200 | .129 .068 .015 | .103 .048 .009 | .127 .070 .017 | .100 .050  .010
500 | .108 .055 .012 | .101 .048 .009 | .110 .056 .012 | .100 .049 .010
Normal Mixture Error
5 50 | 201 129 .053 | .096 .047 .006 | .229 .154 .061 | .121 .070  .023
100 | .149 .088 .027 | .100 .048 .009 | .163 .096 .029 | .099 .050 .010
200 | .130 .073 .019 | .105 .052 .011 | .133 .073 .018 | .103 .054  .010
500 | .112  .058 .012 | .102 .051 .009 | .118 .061 .012 | .102 .051 .010
0 501 .197 .126 .052 | .099 .047 .007 | .229 .150 .061 | .103 .053 .011
100 | .149 .087 .028 | .102 .049 .010 | .161 .094 .029 | .099 .048 .010
200 | .129 .073 .019 | .105 .052 .010 | .132 .073 .018 | .104 .054 .011
500 | .111  .059 .012 | .103 .051 .010 | .120 .061 .012 | .102 .053  .009
-5 50| .193 .129 .052 | .097 .048 .008 | .231 .151 .062 | .103 .053 .012
100 | .150 .088 .028 | .101 .050 .010 | .162 .094 .030 | .101 .050  .010
200 | .130 .073 .019 | .104 .052 .011 | .132 .073 .018 | .103 .053 .011
500 | .113 .059 .013 | .102 .051 .010 | .118 .062 .013 | .101 .052 .010
Log-normal Error

5 50 | 180 119 .045 | .089 .043 .008 | .211 .145 .060 | .100 .054  .017
100 | .149 .087 .027 | .097 .047 .009 | .164 .102 .032 | .101 .057 .012
200 | .133 .071 .018 | .097 .045 .009 | .147 .087 .030 | .101 .055 .014
500 | .127 .071 .018 | .100 .051 .011 | .142 .078 .030 | .101 .050 .011
0 50| .180 .118 .046 | .093 .044 .008 | .193 .130 .056 | .099 .054 .015
100 | .132 .078 .023 | .094 .047 .009 | .146 .086 .024 | .100 .052 .010
200 | .109 .057 .013 | .089 .042 .008 | .114 .064 .017 | .094 .051 .012
500 | .099 .052 .012 | .010 .050 .010 | .110 .058 .013 | .102 .053 .011
-5 50| .194 .128 .049 | .097 .045 .008 | .225 .154 .072 | .106 .058  .016
100 | .142 .083 .024 | .096 .047 .010 | .191 .118 .042 | .104 .057 .013
200 | .120 .067 .017 | .095 .046 .009 | .166 .102 .032 | .102 .054 .012
500 | .118 .065 .016 | .098 .050 .011 | .151 .102 .032 | .102 .050 .010
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Table 1b. Empirical Sizes of Tests for Temporal Homogeneity in Panel SL Model

One-Way Fixed Effects, Group Interaction

T=3 T=6

A n Tsra Tgy Ts Tgy

.10 .05 .01 .10 .05 .01 .10 .05 .01 .10 .05 .01
Normal Error
5 50| 222 144  .057 | .086 .034 .004 | .219 .136 .048 | .085 .039 .007
100 | .150 .089 .025 | .088 .039 .006 | .165 .094 .028 | .089 .042 .007
200 | .124 .067 .018 | .092 .042 .008 | .128 .070 .016 | .094 .045 .008
500 | .110 .059 .014 | .097 .049 .011 | .113 .057 .012 | .095 .048 .009
0 50| .232 .157 .065 | .087 .036 .005 | .232 .151 .056 | .084 .040 .007
100 | .155 .091 .027 | .089 .040 .006 | .173 .099 .030 | .091 .044 .008
200 | .124 .068 .020 | .090 .042 .008 | .131 .071 .016 | .095 .044 .008
500 | .110 .060 .015 | .098 .049 .010 | .114 .058 .013 | .096 .048 .009
-5 50| .238 .163 .071 | .086 .038 .004 | .239 .159 .063 | .085 .038 .007
100 | .157 .092 .029 | .088 .040 .005 | .178 .102 .033 | .089 .043 .008
200 | .126 .069 .020 | .091 .043 .008 | .133 .072 .016 | .096 .043 .008
500 | .111 .061 .014 | .098 .049 .010 | .115 .059 .012 | .096 .048 .009
Normal Mixture Error
.5 50| .230 151 .056 | .087 .033 .004 | .215 .143 .051 | .088 .046 .009
100 | .154 .088 .025 | .087 .041 .006 | .165 .094 .025 | .087 .041 .009
200 | .131 .070 .017 | .095 .043 .008 | .133 .071 .018 | .093 .043 .009
500 | .114 .061 .013 | .100 .048 .009 | .116 .059 .011 | .096 .048 .008
0 50| .241 .163 .068 | .088 .036 .005 | .231 .155 .061 | .088 .046 .008
100 | .157 .092 .029 | .089 .041 .006 | .170 .098 .029 | .089 .041 .008
200 | .133 .070 .018 | .095 .044 .008 | .133 .072 .019 | .094 .042 .009
500 | .114 .059 .014 | .099 .048 .010 | .133 .072 .019 | .094 .042 .009
-5 50| .259 .181 .081 | .093 .043 .007 | .270 .186 .083 | .096 .050 .010
100 | .168 .103 .033 | .096 .046 .007 | .193 .118 .040 | .093 .046 .010
200 | .136 .075 .020 | .097 .045 .009 | .142 .079 .023 | .094 .045 .010
500 | .116 .060 .015 | .098 .048 .009 | .117 .059 .012 | .097 .048 .008
Log-normal Error

5 50| 218 143 .054 | .081 .035 .005 | .206 .137 .050 | .079 .040 .009
100 | .151 .088 .026 | .084 .037 .005 | .176 .107 .034 | .091 .048 .012
200 | .130 .069 .018 | .091 .043 .006 | .142 .081 .022 | .095 .051 .012
500 | .108 .057 .012 | .094 .045 .008 | .126 .066 .016 | .101 .049 .010
0 50| .227 .151 .064 | .084 .036 .006 | .243 .166 .075 | .087 .045 .010
100 | .152 .091 .029 | .088 .040 .006 | .185 .122 .046 | .097 .049 .013
200 | .137 .077 .019 | .096 .047 .008 | .136 .078 .025 | .097 .052 .011
500 | .107 .059 .014 | .098 .048 .009 | .115 .057 .014 | .098 .048 .010
-5 50| .263 .188 .086 | .093 .043 .008 | .350 .259 .139 | .106 .057 .015
100 | .179 .114 .042 | .101 .049 .010 | .260 .186 .090 | .105 .054 .014
200 | .161 .096 .029 | .107 .056 .010 | .185 .114 .043 | .103 .052 .013
500 | .123 .067 .018 | .100 .051 .010 | .131 .072 .021 | .101 .051 .010
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Table 2a. Empirical Sizes of Tests for Temporal Homogeneity in Panel SL Model

Two-Way Fixed Effects, Queen Contiguity

T=3 T=6

An Tsa Ty Tz Ty

.10 .05 .01 .10 .05 .01 .10 .05 .01 .10 .05 .01
Normal Error
5 50 | 192 123 .047 | .093 .045 .007 | .228 .148 .059 | .100 .050  .010
100 | .140 .080 .023 | .096 .048 .009 | .157 .094 .029 | .102 .050 .011
200 | .120 .064 .015 | .098 .049 .009 | .128 .068 .017 | .101 .052  .009
500 | .103 .051 .013 | .098 .048 .011 | .105 .056 .012 | .095 .049 .010
0 50| .194 .123 .048 | .094 .046 .008 | .224 .147 .059 | .101 .049 .010
100 | .138 .082 .023 | .095 .050 .009 | .126 .069 .017 | .099 .051 .009
200 | .115 .064 .016 | .096 .049 .009 | .157 .095 .027 | .101 .049 .010
500 | .101 .052 .012 | .098 .048 .009 | .126 .069 .017 | .099 .051 .009
-5 50| .192 .123 .047 | .093 .045 .009 | .225 .148 .058 | .100 .049  .009
100 | .138 .081 .023 | .096 .049 .008 | .157 .092 .027 | .101 .048 .010
200 | .116 .063 .015 | .096 .049 .009 | .125 .069 .016 | .102 .050  .009
500 | .105 .055 .011 | .096 .048 .009 | .108 .056 .013 | .097 .051 .011
Normal Mixture Error
5 50 | .198 131 .052 | .100 .048 .008 | .232 .155 .063 | .106 .054  .013
100 | .140 .080 .025 | .096 .047 .010 | .165 .100 .030 | .107 .055  .012
200 | .124 .067 .016 | .101 .051 .009 | .132 .071 .019 | .104 .051 .013
500 | .110 .055 .013 | .100 .050 .010 | .106 .056 .012 | .097 .051  .010
0 501 .199 .132 .052 | .102 .048 .009 | .234 .154 .064 | .110 .055 .013
100 | .139 .080 .024 | .097 .047 .009 | .166 .100 .031 | .109 .054 .011
200 | .124 .067 .017 | .102 .051 .010 | .129 .072 .019 | .102 .051 .013
500 | .110 .055 .012 | .102 .050 .010 | .106 .055 .013 | .096 .049 .010
-5 501 .199 .130 .053 | .101 .049 .009 | .234 .157 .066 | .112 .057 .013
100 | .143 .084 .025 | .101 .048 .009 | .164 .097 .031 | .107 .053 .012
200 | .123 .069 .016 | .103 .051 .010 | .133 .073 .020 | .105 .053 .012
500 | .109 .056 .012 | .101 .050 .009 | .107 .056 .014 | .096 .048 .012
Log-normal Error

5 50 | .196  .131  .055 | .100 .050 .009 | .242 .171 .079 | .107 .067  .018
100 | .139 .081 .027 | .095 .050 .011 | .171 .112 .041 | .105 .055 .015
200 | .128 .070 .018 | .106 .053 .010 | .141 .081 .026 | .104 .052 .013
500 | .109 .060 .014 | .101 .052 .011 | .123 .068 .019 | .101 .051  .010
0 501 .196 .133 .059 | .106 .055 .010 | .239 .167 .081 | .110 .055 .021
100 | .137 .078 .024 | .095 .048 .010 | .166 .110 .039 | .107 .054  .018
200 | .126 .070 .018 | .104 .052 .010 | .133 .079 .025 | .105 .049 .015
500 | .107 .056 .013 | .100 .051 .010 | .116 .061 .016 | .102 .051 .013
-5 50| .205 .141 .066 | .112 .062 .011 | .249 .177 .083 | .108 .055 .026
100 | .154 .089 .028 | .106 .052 .012 | .172 .110 .042 | .099 .048 .019
200 | .129 .074 .019 | .107 .056 .012 | .145 .088 .030 | .098 .049  .020
500 | .110 .058 .014 | .103 .052 .010 | .122 .068 .018 | .100 .049 .014
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Table 2b. Empirical Sizes of Tests for Temporal Homogeneity in Panel SL Model

Two-Way Fixed Effects, Group Interaction

T=3 T=6

A n Tsia Tg1o Tz T

.10 .05 .01 .10 .05 .01 .10 .05 .01 .10 .05 .01
Normal Error
5 50 | 226 148 .059 | .086 .038 .005 | .223 .142 .052 | .087 .040 .007
100 | .155 .090 .025 | .090 .036 .006 | .166 .095 .029 | .089 .043 .007
200 | .124 .070 .018 | .091 .044 .006 | .131 .073 .016 | .093 .045 .008
500 | .112 .060 .015 | .097 .050 .010 | .114 .057 .013 | .096 .047 .010
0 50| .240 .159 .068 | .088 .039 .005 | .237 .154 .059 | .086 .040 .007
100 | .159 .094 .025 | .090 .037 .006 | .174 .102 .031 | .088 .042 .007
200 | .127 .072 .018 | .091 .044 .007 | .133 .074 .016 | .094 .046 .008
500 | .112 .060 .014 | .097 .050 .010 | .116 .059 .013 | .097 .046 .010
-5 50 | .244 .167 .075 | .088 .039 .005 | .249 .164 .065 | .086 .040 .007
100 | .163 .096 .028 | .089 .038 .006 | .179 .104 .033 | .085 .043 .007
200 | .127 .073 .019 | .092 .045 .007 | .134 .076 .017 | .094 .045 .008
500 | .113 .059 .014 | .098 .049 .010 | .117 .059 .013 | .097 .046 .010
Normal Mixture Error
5 50| .232 150 .058 | .080 .034 .005 | .222 .144 .055 | .082 .041 .008
100 | .159 .090 .024 | .088 .039 .006 | .164 .095 .027 | .083 .041 .008
200 | .130 .072 .018 | .095 .045 .007 | .133 .071 .017 | .089 .043 .010
500 | .114 .059 .014 | .097 .048 .009 | .118 .060 .012 | .098 .047 .009
0 50| .245 .167 .069 | .085 .038 .006 | .247 .165 .071 | .083 .039 .007
100 | .164 .098 .027 | .089 .040 .006 | .175 .103 .032 | .080 .038 .007
200 | .131 .072 .018 | .094 .043 .008 | .132 .072 .019 | .089 .041 .009
500 | .115 .059 .014 | .096 .048 .009 | .119 .060 .012 | .096 .047 .009
-5 50| .269 .185 .085 | .097 .047 .009 | .298 .209 .100 | .101 .052 .012
100 | .177 110 .035 | .099 .046 .007 | .205 .127 .045 | .094 .046 .008
200 | .138 .077 .020 | .096 .045 .008 | .145 .082 .023 | .095 .045 .010
500 | .115 .059 .014 | .096 .047 .009 | .122 .063 .013 | .099 .049 .009
Log-normal Error

5 50 | 217 143 057 | .078 .036 .005 | .215 .142 .055 | .076 .036 .008
100 | .152 .088 .025 | .079 .034 .005 | .176 .111 .036 | .082 .041 .009
200 | .132 .073 .018 | .089 .044 .006 | .141 .080 .023 | .088 .046 .010
500 | .113 .057 .013 | .094 .047 .008 | .119 .062 .014 | .096 .048 .009
0 50| .240 .165 .073 | .085 .040 .006 | .246 .174 .079 | .085 .038 .008
100 | .164 .099 .034 | .086 .041 .006 | .191 .129 .051 | .091 .040 .008
200 | .135 .076 .020 | .092 .043 .007 | .143 .083 .027 | .095 .044 .009
500 | .111  .057 .014 | .092 .045 .008 | .113 .060 .013 | .097 .045 .010
-5 50 | .287 .207 .104 | .112 .060 .013 | .347 .269 .151 | .119 .068 .022
100 | .201 .131 .054 | .109 .057 .012 | .270 .195 .099 | .119 .065 .019
200 | .156 .095 .028 | .105 .054 .010 | .191 .122 .049 | .105 .056 .014
500 | .120 .067 .017 | .098 .050 .009 | .141 .081 .021 | .103 .052 .010
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Table 3a. Empirical Sizes of Tests for Temporal Homogeneity in Panel SLE Model

One-Way Fixed Effects, Queen Contiguity, A = 0.5.

T=3 T=6

p_ 1 Tsies Tgipy Tsie Tgipy

.10 .05 .01 .10 .05 .01 .10 .05 .01 .10 .05 .01
Normal Error
5 50 | .199 142 075 | .082 .039 .005 | .161 .099 .036 | .090 .042 .011
100 | .123 .068 .025 | .094 .043 .009 | .097 .050 .012 | .092 .043 .006
200 | .084 .044 .009 | .099 .046 .007 | .079 .038 .008 | .102 .049 .011
500 | .070 .034 .006 | .104 .049 .009 | .064 .030 .005 | .102 .054 .009
0 50| .223 .164 .093 | .090 .042 .006 | .171 .104 .041 | .093 .047 .010
100 | .132 .076 .029 | .095 .046 .012 | .105 .058 .014 | .097 .047 .007
200 | .087 .046 .011 | .103 .050 .010 | .082 .039 .008 | .104 .050 .011
500 | .069 .036 .006 | .102 .050 .011 | .063 .028 .005 | .103 .054 .010
-5 50| .232 .174 .098 | .093 .042 .006 | .181 .120 .048 | .096 .047 .010
100 | .134 .083 .033 | .097 .045 .011 | .118 .064 .014 | .098 .048 .008
200 | .097 .047 .013 | .105 .050 .012 | .079 .039 .008 | .102 .052 .011
500 | .070 .035 .006 | .102 .052 .009 | .061 .028 .005 | .102 .049 .011
Normal Mixture Error
5 50 | 196 139 .072 | .081 .037 .004 | .168 .106 .044 | .092 .047 .008
100 | .121 .070 .025 | .087 .040 .008 | .107 .057 .017 | .096 .053 .012
200 | .084 .043 .011 | .092 .046 .006 | .082 .044 .010 | .101 .052 .013
500 | .071 .035 .008 | .099 .052 .012 | .070 .036 .009 | .097 .046 .014
0 50| .212 .151 .080 | .087 .042 .005 | .167 .110 .044 | .089 .045 .010
100 | .131 .076 .028 | .089 .041 .009 | .105 .054 .015 | .097 .046 .011
200 | .085 .046 .011 | .095 .046 .008 | .078 .039 .009 | .100 .047 .012
500 | .071 .036 .007 | .097 .050 .010 | .064 .032 .006 | .104 .054 .012
-5 50| .226 .164 .090 | .093 .040 .006 | .197 .131 .057 | .104 .056 .013
100 | .140 .083 .030 | .094 .043 .009 | .126 .073 .023 | .104 .055 .013
200 | .094 .050 .013 | .102 .051 .010 | .086 .048 .013 | .103 .055 .014
500 | .073 .038 .009 | .101 .051 .012 | .074 .034 .005 | .102 .055 .011
Log-normal Error

.5 50 | 150 102 .046 | .083 .038 .006 | .169 .108 .044 | .092 .048 .010
100 | .115 .075 .035 | .091 .044 .010 | .106 .058 .015 | .098 .051 .010
200 | .109 .067 .027 | .095 .046 .009 | .073 .036 .008 | .090 .046 .010
500 | .089 .050 .016 | .100 .049 .011 | .064 .032 .006 | .104 .052 .012
0 50| .217 .160 .090 | .082 .041 .009 | .179 .118 .045 | .092 .048 .011
100 | .126 .077 .031 | .087 .042 .009 | .108 .062 .017 | .100 .055 .008
200 | .101 .055 .015 | .103 .048 .010 | .074 .035 .007 | .095 .044 .008
500 | .071 .035 .008 | .096 .048 .010 | .059 .031 .006 | .099 .050 .011
-5 50| .192 .138 .069 | .090 .045 .006 | .202 .136 .054 | .098 .050 .011
100 | .137 .087 .038 | .092 .048 .010 | .128 .074 .019 | .108 .057 .010
200 | .094 .045 .014 | .101 .048 .011 | .081 .041 .008 | .099 .049 .009
500 | .078 .040 .010 | .102 .051 .010 | .064 .030 .005 | .105 .050 .012
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Table 3b. Empirical Sizes of Tests for Temporal Homogeneity in Panel SLE Model
One-Way Fixed Effects, Queen Contiguity, A = —0.5.

T=3 T=6

p_ 1 Tsies Tgipy Tsie Tgipy

.10 .05 .01 .10 .05 .01 .10 .05 .01 .10 .05 .01
Normal Error
.5 50 | 190 131 .058 | .088 .037 .007 | .167 .102 .036 | .088 .042 .010
100 | .116 .068 .022 | .093 .044 .009 | .098 .050 .013 | .091 .044 .007
200 | .079 .042 .009 | .094 .046 .007 | .078 .040 .010 | .100 .050 .012
500 | .071 .033 .007 | .101 .050 .009 | .060 .029 .005 | .102 .053 .009
0 50| .209 .149 .073 | .091 .040 .006 | .169 .104 .040 | .094 .043 .010
100 | .125 .073 .027 | .099 .050 .011 | .102 .056 .013 | .093 .047 .006
200 | .084 .043 .010 | .098 .048 .010 | .079 .040 .008 | .104 .051 .010
500 | .072 .033 .007 | .103 .050 .011 | .059 .029 .005 | .096 .054 .010
-5 50| .225 .162 .085 | .095 .040 .006 | .172 .111 .044 | .094 .043 .010
100 | .131 .081 .031 | .101 .050 .011 | .109 .059 .013 | .099 .047 .008
200 | .089 .044 .013 | .105 .049 .011 | .082 .039 .009 | .104 .052 .010
500 | .069 .032 .007 | .100 .049 .010 | .057 .030 .005 | .096 .049 .012
Normal Mixture Error
.5 50 | 187 129 .061 | .079 .034 .004 | .176 .111 .043 | .092 .047 .008
100 | .111 .068 .022 | .086 .042 .008 | .105 .054 .016 | .097 .051 .013
200 | .083 .044 .009 | .091 .047 .006 | .085 .046 .010 | .102 .056 .012
500 | .072 .033 .008 | .102 .049 .011 | .074 .036 .008 | .099 .053 .010
0 50| .200 .140 .071 | .08 .039 .006 | .166 .105 .041 | .090 .047 .010
100 | .126 .074 .027 | .092 .042 .009 | .103 .056 .016 | .095 .049 .011
200 | .079 .045 .009 | .095 .047 .008 | .076 .041 .010 | .098 .050 .012
500 | .071 .035 .008 | .100 .049 .010 | .064 .031 .007 | .101 .050 .012
-5 50| .218 .156 .080 | .088 .041 .007 | .191 .124 .052 | .100 .054 .013
100 | .136 .079 .031 | .096 .045 .008 | .119 .068 .021 | .105 .055 .013
200 | .087 .048 .013 | .098 .048 .009 | .088 .048 .014 | .106 .057 .014
500 | .073 .037 .009 | .103 .053 .011 | .075 .034 .007 | .104 .053 .011
Log-normal Error

.5 50 | 175 125 .063 | .084 .036 .009 | .174 .110 .043 | .092 .046 .010
100 | .138 .087 .038 | .089 .042 .010 | .099 .055 .016 | .098 .050 .011
200 | .096 .048 .014 | .096 .045 .008 | .075 .037 .008 | .098 .046 .011
500 | .075 .038 .009 | .101 .052 .011 | .066 .028 .006 | .100 .053 .013
0 50| .207 .145 .081 | .086 .042 .011 | .173 .111 .044 | .093 .046 .010
100 | .122 .078 .029 | .090 .044 .009 | .105 .056 .013 | .096 .048 .009
200 | .091 .047 .010 | .095 .047 .008 | .076 .037 .007 | .099 .046 .009
500 | .071 .035 .008 | .099 .049 .011 | .057 .027 .006 | .101 .047 .011
-5 50| .201 .138 .072 | .093 .043 .008 | .191 .125 .051 | .097 .049 .012
100 | .141 .092 .039 | .096 .048 .010 | .118 .067 .017 | .104 .053 .010
200 | .089 .045 .012 | .104 .050 .009 | .084 .041 .008 | .104 .051 .010
500 | .072 .034 .007 | .104 .049 .010 | .062 .029 .006 | .103 .046 .012
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Table 4a. Empirical Sizes of Tests for Temporal Homogeneity in Panel SLE Model
Two-Way Fixed Effects,

Queen Contiguity, A = 0.5.

T=3 T=6

p_ 1 Tsie2 L Tsiez )

.10 .05 .01 .10 .05 .01 .10 .05 .01 .10 .05 .01
Normal Error
.5 50 | .235 181 .105 | .083 .038 .006 | .310 .226 .115 | .087 .044 .008
100 | .212 .151 .086 | .093 .045 .008 | .190 .111 .036 | .090 .041 .007
200 | .182 .121 .054 | .098 .044 .006 | .139 .079 .021 | .101 .049 .011
500 | .134 .073 .022 | .100 .048 .010 | .121 .064 .014 | .102 .055 .009
0 50| .272 .208 .117 | .088 .043 .007 | .314 .224 .111 | .094 .045 .010
100 | .217 .143 .070 | .094 .046 .011 | .197 .116 .036 | .093 .043 .008
200 | .161 .097 .032 | .100 .051 .008 | .142 .083 .022 | .103 .050 .011
500 | .125 .065 .017 | .105 .049 .011 | .119 .064 .014 | .102 .053 .010
-5 50| .302 .233 .136 | .094 .042 .005 | .321 .239 .114 | .092 .045 .009
100 | .209 .142 .062 | .095 .046 .011 | .205 .128 .042 | .096 .047 .009
200 | .153 .090 .029 | .102 .050 .009 | .151 .081 .023 | .098 .052 .010
500 | .119 .064 .015 | .102 .054 .009 | .115 .061 .014 | .103 .051 .010
Normal Mixture Error
.5 50 | .221 159 .090 | .083 .037 .004 | .315 .242 127 | .090 .044 .008
100 | .212 .154 .085 | .085 .044 .008 | .201 .128 .050 | .097 .053 .010
200 | .183 .122  .059 | .092 .046 .008 | .150 .090 .029 | .101 .052 .009
500 | .137 .082 .028 | .100 .053 .012 | .139 .079 .022 | .100 .053 .010
0 50| .269 .201 .114 | .089 .043 .005 | .315 .235 .124 | .092 .052 .012
100 | .212 .149 .075 | .089 .045 .009 | .189 .118 .043 | .096 .047 .010
200 | .158 .098 .033 | .096 .048 .008 | .143 .078 .025 | .099 .050 .013
500 | .121  .070 .016 | .099 .050 .010 | .120 .063 .016 | .102 .053 .012
-5 50| .28 .225 .137 | .093 .046 .008 | .380 .286 .164 | .103 .056 .011
100 | .229 .161 .083 | .100 .047 .010 | .229 .152 .061 | .108 .060 .012
200 | .166 .102 .036 | .101 .053 .009 | .176 .106 .034 | .104 .058 .012
500 | .132 .070 .018 | .106 .054 .012 | .136 .075 .020 | .097 .050 .010
Log-normal Error

.5 50 | .239 181 .105 | .085 .039 .006 | .314 .232 .123 | .091 .043 .008
100 | .222 .154 .086 | .090 .043 .007 | .196 .117 .041 | .095 .047 .009
200 | .185 .126 .056 | .096 .047 .008 | .138 .079 .020 | .097 .047 .009
500 | .138 .074 .024 | .102 .049 .011 | .123 .064 .016 | .105 .052 .010
0 50| .246 .188 .108 | .085 .042 .010 | .319 .235 .115 | .095 .047 .011
100 | .204 .141 .074 | .090 .045 .007 | .194 .115 .040 | .095 .051 .008
200 | .180 .114 .047 | .095 .047 .009 | .142 .076 .021 | .095 .048 .009
500 | .129 .075 .022 | .097 .048 .010 | .115 .060 .014 | .100 .050 .011
-5 50| .300 .235 .146 | .093 .044 .008 | .344 .246 .126 | .097 .050 .011
100 | .214 .145 .064 | .094 .045 .010 | .208 .133 .050 | .101 .055 .010
200 | .156  .092 .028 | .099 .046 .008 | .154 .086 .023 | .101 .049 .011
500 | .123 .066 .015 | .104 .051 .010 | .121 .061 .014 | .102 .050 .010
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Table 4b. Empirical Sizes of Tests for Temporal Homogeneity in Panel SLE Model
Two-Way Fixed Effects, Queen Contiguity, A = —0.5.

T=3 T=6

p_ 1 Tsie2 L Tsiez )

.10 .05 .01 .10 .05 .01 .10 .05 .01 .10 .05 .01
Normal Error
.5 50 | .235 173 105 | .086 .039 .007 | .313 .225 .117 | .089 .044 .009
100 | .216 .158 .086 | .093 .046 .009 | .189 .113 .037 | .088 .044 .006
200 | .180 .117 .054 | .093 .047 .007 | .143 .079 .023 | .100 .049 .012
500 | .134 .076 .021 | .103 .048 .010 | .118 .062 .014 | .100 .053 .010
0 50| .271 .206 .116 | .089 .040 .007 | .315 .226 .109 | .093 .044 .009
100 | .220 .149 .072 | .098 .048 .011 | .197 .115 .038 | .092 .047 .008
200 | .160 .096 .032 | .100 .051 .009 | .146 .085 .024 | .104 .052 .011
500 | .127 .062 .017 | .103 .049 .011 | .111 .059 .015 | .094 .050 .010
-5 501 .301 .233 .130 | .095 .038 .007 | .325 .232 .112 | .092 .044 .009
100 | .214 .146 .065 | .101 .048 .011 | .206 .127 .039 | .096 .046 .008
200 | .158 .092 .029 | .103 .050 .011 | .152 .087 .022 | .102 .053 .010
500 | .117 .065 .014 | .100 .050 .010 | .111 .057 .013 | .096 .048 .011
Normal Mixture Error
.5 50 | .220 .161 .088 | .080 .035 .005 | .316 .243 .129 | .093 .047 .009
100 | .213 .153 .085 | .088 .043 .009 | .204 .129 .048 | .103 .051 .012
200 | .182 .121 .059 | .096 .047 .006 | .153 .089 .032 | .106 .058 .013
500 | .139 .083 .030 | .104 .049 .010 | .137 .080 .022 | .101 .051 .010
0 50| .256 .194 .113 | .084 .043 .006 | .321 .242 .124 | .093 .049 .011
100 | .214 .151 .079 | .091 .046 .008 | .189 .121 .042 | .098 .046 .011
200 | .155 .100 .033 | .097 .048 .009 | .146 .079 .028 | .095 .051 .013
500 | .124 .068 .018 | .099 .049 .011 | .118 .064 .017 | .102 .053 .012
-5 50| .279 .219 .138 | .089 .043 .007 | .378 .288 .162 | .111 .059 .016
100 | .232 .157 .082 | .097 .049 .010 | .234 .151 .058 | .110 .057 .013
200 | .166 .103 .035 | .102 .050 .010 | .170 .104 .035 | .106 .052 .014
500 | .128 .072 .019 | .103 .054 .011 | .134 .078 .018 | .098 .047 .010
Log-normal Error

.5 50 | .230 178 105 | .086 .039 .008 | .317 .232 .125 | .089 .043 .009
100 | .218 .156 .087 | .093 .045 .008 | .197 .116 .042 | .093 .049 .009
200 | .184 .122 .055 | .093 .044 .008 | .143 .080 .022 | .100 .047 .010
500 | .139 .077 .024 | .101 .052 .010 | .119 .063 .015 | .102 .053 .011
0 50| .242 .184 .107 | .087 .043 .011 | .315 .230 .113 | .095 .046 .010
100 | .202 .142 .074 | .091 .043 .010 | .196 .115 .039 | .093 .047 .008
200 | .176 .114 .046 | .098 .046 .010 | .141 .082 .023 | .099 .049 .010
500 | .128 .074 .024 | .098 .050 .011 | .110 .055 .013 | .102 .050 .010
-5 50| .298 .230 .138 | .095 .042 .008 | .332 .245 .127 | .097 .050 .010
100 | .220 .146 .067 | .100 .045 .011 | .212 .129 .048 | .100 .052 .010
200 | .156 .092 .029 | .100 .046 .009 | .154 .089 .022 | .105 .051 .011
500 | .123 .065 .015 | .104 .051 .009 | .115 .060 .015 | .100 .048 .011
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