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1 Introduction

The question of whether inflation rates should be treated as stationary or
not is of continued interest, and the international evidence is rather mixed.
Some studies apply panel unit root tests to collect support against the null
hypothesis of nonstationarity, see e.g. Culver and Papell (1997) and Lee
and Wu (2001) using data for 13 OECD countries. We add two aspects to
this evidence. First, we examine the null hypothesis of stationarity (or more
precisely of integration of order zero) instead of a unit root. Second, we do not
examine inflation data directly, but analyze nominal unit labor cost [ULC]
series, one of the driving forces of inflation, since it would be economically
implausible that inflation and unit labor cost, or their respective growth
rates, have different orders of integration. Furthermore, using detailed data
on ULC for 50 US states and the District of Columbia [D.C.] enables us to
apply more powerful panel methods for inference. This data set, however,
has two particular characteristics: on the one hand, the number of cross-
sections, NV, is large compared to the number of time observations, 7'; on the
other hand, US states are strongly dependent contemporaneously.

The literature on panel stationarity testing is scarce, unlike the literature
on unit root testing in panels, see Breitung and Pesaran (2008) for a recent
overview of panel unit root tests. They distinguish between first generation
tests and second generation tests: the first generation assumes independent
units, whereas the second generation allows for different degrees of cross-
sectional dependence.

In what concerns stationarity testing, the first generation of panel tests is
represented by Hadri (2000), who proposed a Lagrange multiplier [LM] panel
test for the null hypothesis that individual time series are stationary around
a deterministic level or trend (in fact a panel extension of the KPSS test,
thus named after Kwiatkowski et al., 1992). Using sequential asymptotics,
T — oo followed by N — oo, asymptotic standard normality of the test

statistic is established. Hadri and Larsson (2005) extend this result for any



finite 7', while Shin and Snell (2006) allow for joint asymptotics, N,T — oo,
with N/T — 0. Hlouskova and Wagner (2006) provide a detailed simulation
study regarding the properties of first-generation panel tests (unit root as
well as stationarity tests.)

Contributing to the second generation as well, Shin and Snell (2006) also
suggest a way to deal with particular types of cross-sectional dependence,
namely to subtract cross-sectional means before applying Hadri’s test. Ny-
blom and Harvey (2000) on the other hand do allow for any type of cross-unit
dependence in a time series context: they derive a test for the number of com-
mon stochastic trends underlying a multivariate random walk, delivering a
generalization of the KPSS test. The Nyblom-Harvey test, however, relies
on estimation of long-run covariance matrices, which cannot be accomplished
reliably without parameter restrictions unless /V is much smaller than 7". Har-
ris, Leybourne and McCabe (2005) discuss a cross-sectional sum of suitably
standardized autocovariances for finite N and obtain limiting normality as
T — oo. Bai and Ng (2004a) suggest for stationarity testing an approach
similar to PANIC (Bai and Ng, 2004b), but find its small-sample properties
to be less satisfactory. A further possibility would be to combine p values of
dependent test statistics from individual units. This is found to work well
for moderate N in the case of panel unit root tests (see Demetrescu, Hassler
and Tarcolea, 2006, as well as Hartung, 1999).

We address the gap in the existing literature on panel stationarity and
tackle the problem of stationarity tests in panels with large N, small to mod-
erate T', and persistent cross-dependence. By “persistent” we understand
the norm of the long-run correlation matrix to be unbounded as N — oo.
To this end we propose a simple parameterization of the long-run correla-
tion matrix. This parameterization motivates panel test statistics based on
individual-unit KPSS statistics. Using sequential asymptotics, we establish
the suggested test statistics to follow Cramér-von Mises type distributions

(of which KPSS distributions are a particular case.) These test statistics can



also be used to test for panel (co)integration.

This paper is structured as follows. We first discuss the assumed model.
Section 3 contains the asymptotic analysis of the suggested stationarity test.
Then, the finite sample properties are studied by means of Monte Carlo
simulations, while Section 5 is dedicated to the analysis of the growth rates

of US unit labor cost. The final section concludes.

2 Model and Assumptions

Let {y:},_,, o denote the observed panel, y; = (yi4,...,yns). In the
simplest case, the KPSS framework assumes for each unit a component rep-

resentation,
ym:?"z"t—’—uz‘i, t:1,2,...,T,i:172,...,N7

where 7;; is a random walk with starting value ;o and increments having

variance o2, and u;, is a zero-mean process integrated of order 0, 7(0). For
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simplicity, we let for now 1,0 = 0. The KPSS test is actually derived as an

LM test for the null hypothesis 02, = 0. Since under this restriction one has

ri+ = 0 almost surely, ¢ = 1,2,...,T, the null hypothesis is often re-written
as

Yit = Ui, t:1,2,...,T,i:1,2,...,N, (1)
where y; = uy = (uyy, ... ,uN’t)' is integrated of order 0, see the following as-

sumption. Technical conditions ensuring Assumption 1 are given for instance
in Phillips and Durlauf (1986).

Assumption 1 Let ) = (wij)1<ij<N denote the long-run covariance matriz
Of Uy,

Q= jlggo— Z Z (wi,,)

t=1 h=—T+1



and assume €1 1s finite and positive definite. Further, let weak convergence
to multivariate Brownian motion hold as T — oo for the partial sums of the

process u;:
— ) u, = Q"W (s), se]l0,1],
VT 5

where “=" stands for weak convergence in a suitable metric space of random
functions defined on 0,1~ and W (s) = (Wi (s),...,Wn(s)) is an N-

dimensional vector of independent standard Wiener processes.

Let = denote the long-run correlation matrix of uy,

[1]

= (—wij ) = (pij)
= = ij ) 1< i .
v WiiWsj 1<i,j<N 1shjsN

Should the number of units N be of the same magnitude as the number of
time observations 7', the estimation of {2 without (zero) restrictions is unreli-
able. Hadri (2000) assumed independent units implying the zero restrictions
wij = 0 for i # j. We relax this assumption by allowing for non-zero off-
diagonal elements in order to capture cross-dependence. In fact, we impose

restrictions on = rather than on 2, see our next assumption®.
Assumption 2 Fori # j, let p;j = p, and p € (N1, 1).

This parameterization has been used before, see O’Connell (1998) or the
method of combining p values by Hartung (1999); in our context, it allows
for a considerable degree of heterogeneity in the panel, single units being
allowed to have different long-run variances. Dynamics are also quite general,

autocovariance matrices not being directly restricted — only = is.

!The constant long-run correlation p must belong to the interval (— (N — 1)71 , 1) to

ensure positive definiteness of =Z. Our assumption is slightly stronger and ensures that p
is nonzero, so that we can divide by p in eq. (5).



At the same time we model persistent cross-correlation in the sense that
the spectral norm of = is unbounded and growing with N, the largest eigen-
value of = under Assumption 2 being O(N). We understand that Assump-
tion 2 is overly restrictive to be met exactly in practice. As N becomes
large, however, it becomes increasingly important to account for persistent
cross-correlation, this being the dominating feature of the data. It can in
fact be shown that Hadri’s (2000) test falsely rejects with probability one
in such cases. Thus, even if the long-run correlation matrix does not obey
the constant-correlation specification, we expect a considerable degree of the
cross-dependence to be captured by allowing for homogeneous non-zero long-
run correlation across units, and a test allowing for constant p # 0 will out-
perform a test assuming constant p = 0 recovering the case studied by Hadri
(2000).

Moreover, we can relax Assumption 2 allowing for a “local random effect
model,” i.e. we allow for heterogeneous p;;, although this heterogeneity may

not be permanent:

Assumption 3 Let p;; = p+ N~ %y, for all pairs {i,j} with i # j, where
pe(N11), a>0 and v, = O0,(1).

3 Panel stationarity test

3.1 Previous results for independence or finite N

The first approach due to Hadri (2000) and improved by Hadri and Larsson
(2005) assumes N independent units and N — oo. Hadri (2000) basically

considers single KPSS test statistics,

1 T t t
_ E 2 __ ~—-05 E /‘ _ § ~
R; = 772 Si,t? Where Si,t = (.UM- yi,j = yi,j’
t=1 7=1

j=1



with @y a consistent estimator? of wy; (as T' — oo). Under the null hypothesis

(1), Assumption 1 and the Continuous Mapping Theorem imply as T — oo
L

Ki — / W2 (s)ds ~ CuoM,, (2)
0

where “%” stands for convergence in distribution. This limiting distribution
is a Cramér-von Mises type functional®, CvM,, see Harvey (2001) for a

unifying discussion. Assuming independent units, Hadri (2000) obtains

1
v No?

K =

Zm—u)imo,n

as N — oo, where y = F (fol W2 (s) ds) , 0% =Var (fol W2 (s) ds). Shin
and Snell (2006) argue that, by subtracting cross-sectional means before com-
puting k, invariance with respect to some forms of nuisance cross-correlation
is attained asymptotically.

The second approach allows for dependent panels with arbitrary €2 or =,
but it works under finite N. It relies on the vector S; = (S1, Sat, - - -, Sn.e),

where Assumption 1 implies

[T
1 1
—Sin=—= > ¥ = E"W (s). (3)
ﬁ [sT] ﬁ; t

Consequently, it holds for the trace statistic (which can be expressed as k)

2Hadri (2000) works with a non-parametric estimator, see Newey and West (1987) and
Andrews (1991), while Shin and Snell (2006) use a semi-parametric estimation method. In
fact, Hadri (2000) assumes and estimates a common (long-run) variance, which is overly
restrictive.

3The index 0 reminds us of the fact that no deterministic terms have been fitted i.e.
we have a functional over a standard Wiener process.



by Nyblom and Harvey (2000) as 7" — oc:

T 1
1 ~
= oY sE s Y / W (s)) W (s) ds. (@)
t=1 0

For finite (or small) N, consistent estimation of = is a routine problem,

yielding a limiting distribution free of nuisance parameters in (4).

3.2 Results for large N and constant p

In this subsection we propose a sequential asymptotic theory where 7" — oo
is followed by N — oo. Motivated by x, from (4) we consider the product
S;S: without normalization. Consequently the matrix = shows up in the
limiting distribution for finite N. More precisely, it holds for any positive

integer N as T' — oo that

1 4 ’ d ! /=
ﬁ;stst 4, /OW(S) =W () ds
= (1—p)/0 W(s)/W(s)ds—i-p/O W (s) /W (s)ds,

where the equality with ¢ = (1,...,1)" € RY is a consequence of Assumption
2. This motivates the modified test statistic*

_ 1 XT:S’S 11-p -
K = -
NT2p=""" 2§

4Note that the test statistic can be written as sum of single test statistics. Hence, it is
straightforward to modify the test for unbalanced panels with T; # Tj:

N T; 12 11_
VL7

0



with some consistent estimator of p from Assumption 2. The limiting dis-
tribution of Kk coincides with the well-known KPSS-type distribution Co. M,

given in (2).

Proposition 1 Given model (1), it holds for k from (5) under Assumptions
1 and 2

~ d
/<L—>CUMO,

as T — oo followed by N — oo, if a consistent (as N — oo) estimator p is

used.
Proof: See Appendix.

Consistency of the panel test based on k is guaranteed if there is at least
one stochastic trend in the panel, be it unit-specific or common to several
units. Indeed, it follows from Nyblom and Harvey (2000) for finite N that
K — oo in probability in such cases. And due to the use of sequential

asymptotics, T — oo followed by N — oo, this holds in the limit as well.

Remark 1 The suggested test has power against fractional alternatives, as
it inherits the properties of the univariate KPSS test, and it also has power
against structural breaks, see Lee and Schmidt (1996), and Lee, Huang and
Shin (1997), respectively, for the corresponding analyses of the KPSS test.

3.3 Consistent estimation of p

At this stage, an algorithm for the consistent estimation of p is required. We
adopt a proposal by Hartung (1999), which is based on the limiting normality

of the partial sum process Sy as T — oo implied by Assumption 1, see (3):

1 a4 _
ST AN 03). (6)



Based on properties of quadratic forms of a multivariate normal random
vector with covariance matrix =, Hartung (1999) puts forward the following

steps:
1. Compute the sample variance ¢ of the N-dimensional vector T-%%S;,5

where this quadratic form is related to a x? distribution with N — 1
degrees of freedom:
N -1 9
—qg~x (N -1).
¢ X ( )
2. LetS
p*=max (N~"°1—gq).

It then holds p* = p+ O, (N~%), since

2(1-p)*

E(q)=1—pand Var(q) = N1

The estimator p* is consistent under Assumption 2. For estimates p* ~ 0 one
may work with Hadri’s (2000) test in practice. Further, we adopt Hartung’s

(1999) correction that improves the performance in small samples:

p=max (N % 1—¢q) + 0.2/ % (1-max (N %%, 1—q)). (8)

5In heterogeneous panels with differing time dimensions T}, one may modify q as follows:

2
_ ;i Siy ii Si,
N1 \Vvn NS VL)

=1

SHartung (1999) originally proposed p* = max (—(N — 1)~!,1 — ¢). Our modification
avoids p* = 0, see footnote 1.

10



Although this procedure was developed for = as given in Assumption 2,
the local effects allowed by Assumption 3 influence neither the consistency
of p nor the asymptotic distribution of the suggested test statistic. The

following proposition formalizes this result.

Proposition 2 Under the assumptions of Proposition 1 but with Assumption
2 replaced by Assumption 3 and with p from (8), the limiting theory from

Proposition 1 continues to hold.

Proof: See Appendix.

3.4 Deterministic components

We now generalize (1) with respect to deterministic components under the

null hypothesis of integration of order zero. In particular, a constant or a

linear time trend are considered (¢t =1,2,...,T):
Yig = Ci + Uiy, (9)
Yip =G+ 7t +uiy. (10)

In the presence of deterministic components, estimating w;;, as well as com-
puting the cumulated sums S;;, is simply based on demeaned or detrended
observations, respectively. The estimation of p, however, requires additional
care. Classical demeaning or detrending of the data by means of ordinary
least squares [OLS] does not yield valid estimators of p in (8), because these
rely on normality of the partial sums, see (6). To circumvent this problem

and retain normality, we suggest to demean or detrend the data recursively

11



for estimation of p, where recursive demeaning and detrending means’

t
1
y{?ft = Yix — n Zyi,j
7j=1
t t
. 2 6 .
Yie = Yixt n 321 Yij — m jzljym .

Now, we standardize with the respective long-run variance estimates @;; to
obtain the vectors y; and y; (note that S;; and @y are still computed using

usual demeaning or detrending). Then, we have the following lemma.

Lemma 3 Denote yt', = ©;*°y!', and y7, = ©;°°y],. Then, given the models
(9) and (10) and Assumption 1, it holds as T — oo that

1

T
N S ¥ S N(0,5),

T
Z’“{i/\/’(O,E).

<

Proof: See Appendix.

Now, we can use S% or S7. defined implicitly in Lemma 3 to replace St
in (7). This defines ¢* or ¢7, and replacing ¢ in (8), we obtain p* or p7,
respectively. Relying on the limiting normality with covariance matrix =,

those estimators of p are consistent. The resulting test statistics are

T
_ 1 11—p~
[ — ! - —
T NTZ ZH Si3 6 pr (11)

"One could allow for other deterministic components than “just” a mean or a linear
trend, e.g. for a shift in the mean. Along these lines, Demetrescu (2009) analyzes the
properties of recursive adjustment for general deterministic components.

12



and .
~ 1 1 1-p"
T=—o—-)% S;S;— —— 12
K NTZ@\T tzl 9t 15 ﬁ\r ) ( )
respectively, where S; must not be confused with S or ST.. S; constructed
from data demeaned or detrended the usual way leads to LBI tests, while
the use of S% or S7. would not. The limiting distributions involve Cramér-
von Mises type functionals with standard (first level) Brownian bridges and
so-called second level Brownian bridges, respectively, in short CvM; and
CuMs,. Detailed critical values are given in the first two columns of Table
2 in MacNeill (1978) (see also Anderson and Darling, 1952, or Kwiatkowski

et al., 1992). Further, the expected values of CuvM; and CuM, are given as

L
15’

factors in (11) and (12).

% and 1, respectively, in MacNeill (1978), which explains the corresponding

Proposition 4 Under the assumptions of Lemma 3 together with Assump-
tion 8 it holds for K" and K™ that

—y d
k' — CoMy,

KT i CUMQ,
provided that T — oo followed by N — oo.

Proof: Lemma 3 ensures consistent estimators of p. The rest of the proof

follows the arguments establishing Propositions 1 and 2.

3.5 Testing for unit roots

Our method can also be applied to test for a unit root in cross-correlated
panels, since Lee and Schmidt (1996) established consistency of the KPSS
test against integration of order -1. This suggests to build differences of order
one of the data,® to build the test statistic & defined in (5) and reject for too

8A similar idea was put forward in a different context by Phillips and Ouliaris (1990).

13



small values of the test statistic. Naturally, the estimator p from (8) can be
used, if computed with differenced data. The result similar to Propositions

1 and 2 is obvious.

Corollary 5 Ify, ~ I(1), i.e. Ay, = u; from Assumptions 1 and 2 (or 3,
respectively), it holds for k based on Ay, as T — oo followed by N — oo that

~ d
H—>CUMO,

if a consistent (as N — 00) estimator p is used.

Proof: obvious and omitted.

Remark 2 Deterministic components are easier to deal with than in the case
of stationarity testing, since, due to differencing, a mon-zero mean cancels

out, and a linear trend turns into a non-zero mean.

Remark 3 Panel cointegration testing under cross-unit dependence is still
a thorny issue. Our panel stationarity test could be applied to residual series
from static regressions in single units. If using fully modified OLS or dy-
namic OLS when estimating the cointegration residuals, this should lead to
test statistics for the null of cointegration having the same asymptotic prop-
erties as Kk defined in (5). However, a rigorous treatment of this topic is

beyond the scope of this paper.

4 Small-sample behaviour

For studying the small-sample properties of our test, we simulate panels with
N € {10, 20,50, 100,500} units and 7" € {20, 50,100,250} time observations.
All simulations are carried out in R with 1000 replications for each case.

The data is generated as follows. Each unit follows an MA process with the

14



same parameter § = 0.5, and the respective innovations ¢, = (€14,...,€en4)
are standard normal pseudo-random numbers exhibiting cross-correlation,

Uy = € + 06t—1~ (13)

For the case where a deterministic mean is to be accounted for, we examine
our test (k") together with the test due to Hadri (2000) with cross-sectional
demeaning following Shin and Snell (2006, x*) and the test obtained by com-
bining significance of single KPSS statistics from each unit (x?), see Deme-
trescu, Hassler and Tarcolea (2006). The p values are obtained from the
empirical cumulative distribution function of a KPSS statistic with demean-
ing simulated for 7" = 100 with 100000 replications, no short-run correlation
and the usual variance estimator.

Estimation of single-unit long-run variances w;; is done nonparametrically.
We use the quadratic spectral kernel shown by Andrews (1991) to have cer-
tain optimality properties. Following Kwiatkowski et al. (1992), who use a
bandwidth b = [4(T'/ 100)0'25} , we choose the bandwidth as a (slightly mod-
ified) deterministic function of T'. More precisely, we set b = [4 (T'/ 100)0'2} :
accounting for the optimal rate b = O (T%?) established by Andrews (1991).°
The results for the 5% significance level are as follows.

Examining Tables 1 through 3, one observes the modification of Hadri’s
test (2000) due to Shin and Snell (2006) to be oversized in all cases.'® While
the distortions do not depend on the magnitude of the cross-correlation p,
they diminish with increasing 7" and increase with growing N. This suggests
that independence of p is attained, but the CvM; distribution is not a very
good approximation of the small-sample distribution of single tests based

on cross-sectionally demeaned data. Given the form of x*, this most likely

9We avoid data-driven methods of bandwidth choice, since these are not as reliable as
deterministic rules with KPSS-type tests, see Hlouskova and Wagner (2006).

10The test not accounting for cross-correlation suffers from tremendous size distortions
towards the alternative and we do not report its behavior.
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Table 1. Empirical size of k¥, k* and P for p = 0.2

T =120 T =50 T =100 T =250

N &gt gk* kP R KF KPP RE kM kP RM KH KP

10 5.8 155 1.1 9.1 127 20 99 100 15 167 9.1 28
20 3.6 232 1.0 58 132 23 96 11.8 25 134 109 34
50 2.2 412 03 5.7 193 33 54 126 3.1 100 9.8 4.1
100 1.7 669 0.2 41 320 2.7 58 185 50 7.7 125 5.0
500 0.7 100. 0.2 3.3 841 28 43 551 6.7 58 389 10.1

Note: k* denotes the test statistic from (11), xk* Hadri’s (2000) test with Shin
and Snell’s (2006) cross-sectional demeaning and P the test obtained by
combining p values of KPSS statistics from each unit; nominal size is 5%.

Table 2. Empirical size of kK, k* and P for p = 0.5

T =20 T =50 T =100 T =250

N k¢t k¢ KPP RF K KPP ORM kP KPP RM RH KP

10 5.1 163 26 6.0 11.2 37 70 98 55 80 91 56
20 3.0 238 14 45 159 51 53 91 52 6.1 98 6.5
50 2.3 435 21 3.0 208 56 42 143 64 53 126 94
100 1.2 645 19 35 319 6.1 32 156 68 5.7 147 11.2
500 1.6 998 19 3.6 8.7 50 33 530 7.7 6.3 358 14.5

Note: see Table 1 for details

arises from the fact that the moments (and in particular the mean) are not
approximated precisely enough; the effects of this imprecision amplify with
growing .

Regarding the approach of combining p values, the respective test is un-
dersized for very small T'. For larger sample sizes, the size is better held as
p grows, with the exception of the case N = 500, where x? is oversized for
some of the studied cases. As a rule of thumb, the larger p, the better the
behavior of the test, see Table 3.

The same holds for our test, x*, which also works best in the presence

of large cross-correlation (p = 0.8), although it is somewhat undersized for

16



Table 3. Empirical size of k#, k* and P for p = 0.8

T =20 T =50 T =100 T = 250
N r* kM kP RE KM KPP KF kKF KPP KM KM KP
10 2.8 173 24 52 107 57 38 95 40 47 104 5.1
20 34 249 34 3.2 138 29 47 121 49 45 97 46
50 2.9 439 2.7 42 205 45 44 143 45 52 98 5.5
100 3.5 673 36 48 329 51 56 196 57 42 158 4.6
500 2.5 100. 2.6 4.1 833 45 45 525 48 57 334 59
Note: see Table 1 for details

T = 20. This can be explained by the fact that the variance of p is smaller
when p lies closer to 1, see Section 3.3. For small p, the test’s behavior is less
reliable: k* is undersized for N > T and oversized for T' > N, see Table 1.
In the case of medium cross-correlation, the properties of the test are good,
except for the case with 7" = 20 and large N, see Table 2.

In case of negative MA roots, e.g. # = —0.5 in (13), all tests become very
conservative in that the experimental significance level is considerably below
the nominal one. Further results are not reported here but are available upon
request.

To gauge Proposition 3 under Assumption 3, we next allow for varying

correlation depending on unit ¢z and j, specifically
pij = 0.440.6(1 — |¢ — j|/N)

with considerable variation between 0.4 + 0.6 % < pi; < 1. In Table 4 one
finds simulation findings comparable to Tables 1 through 3. The resulting
size properties are as good as (or even better than) in case of constant p.
In what concerns the alternative, we add to each unit a random walk
component r; ¢,
yi=ri+u, t=12,...,T, (14)

where the components 7;; of r; are independent and their increments have

17



Table 4. Empirical size of k#, k* and P for varying p;;

T =20 T =50 T =100 T =250
N &k k¥ KPP ORM kKM KPP RM KM KPR KM RP
10 46 219 41 58 181 49 59 174 52 6.6 172 6.1
20 42 285 39 56 242 55 58 226 57 6.5 21.8 6.3
50 4.3 35.7 42 52 31.0 55 57 274 59 64 282 7.0
100 4.4 40.7 45 56 345 6.1 59 31.0 64 6.5 308 7.3
500 4.1 482 45 57 41.1 64 6.3 379 68 59 356 7.1

very small variance relative to the I(0) components u;,

Note: see Table 1 for details

simulation results are provided in Tables 5 to 7.

Table 5. Empirical power of k#, k* and P for p = 0.2

o2 = 0.01. The

T =20 T =50 T =100 T = 250
N  kH kKt kP RP KH KP s KH kP KM KM KP
10 11.8 294 1.8 652 73.3 24.6 98.5 98.7 86.9 100 100 100
20 85 46.8 1.7 740 922 33.0 999 100 97.7 100 100 100
50 5.6 755 0.9 89.0 100 499 100 100 100 100 100 100
100 5.6 96.2 0.8 96.2 100 63.2 100 100 100 100 100 100
500 4.6 100 0.0 99.9 100 &0.2 100 100 100 100 100 100

Note: Data exhibits weak stochastic trends, see (14) and Table 1 for further

details

Due to size distortions of k*, the results regarding its power are not

meaningful. Our test, k#, exhibits altogether good power properties, with

the exception of the case T' = 20, where the rejection frequencies are only

marginally higher than the empirical size (which should not come as a sur-

prise, considering that the studied alternative lies very close to the null).

Otherwise, k" is significantly more powerful than s, which is best seen for

medium sample sizes; however, the power advantage of k" over kP somewhat

decreases with increasing p.

To sum up, our test works increasingly well with growing N and p. For

18



Table 6. Empirical power of &, k* and kP for p = 0.5

T =20 T =50 T =100 T = 250
N r* kM KP RH KH kP RM KM L
10 7.7 365 3.8 53.2 857 221 973 99.9 84.0 100 100 100
20 7.2 553 3.8 63.3 988 31.0 999 100 96.9 100 100 100
50 6.9 893 44 76.1 100 43.4 100 100 100 100 100 100
100 3.6 99.3 2.2 79.0 100 482 100 100 100 100 100 100
500 4.3 100 3.3 8&7.0 100 53.4 100 100 100 100 100 100

Note: See Table 5 for details
Table 7. Empirical power of kK, k* and kP for p = 0.8

T =20 T =50 T =100 T = 250
N kr kM KPR kM kP R kKM KPP RM KPS RKP
10 4.6 583 3.6 46.0 98.6 223 97.7 100 85.3 100 100 100
20 3.8 834 3.8 485 100 253 99.8 100 94.0 100 100 100
50 4.8 99.3 4.7 55.0 100 34.4 100 100 99.5 100 100 100
100 4.3 100 4.7 59.0 100 40.4 100 100 99.8 100 100 100
500 4.0 100 4.6 652 100 41.4 100 100 99.9 100 100 100

Note: See Table 5 for details

some combinations of N and T', the approach of combining p values also has

merits, while Shin and Snell’s (2006) robustification to cross-correlation of

Hadri’s (2000) test leads to spurious rejection of the null for panels of usual

sizes.

5 Growth rates of US unit labor cost

Let us turn our attention to the question of whether nominal US unit labor

cost should be treated as I(0) or not. We test the null hypothesis in a panel

of 50 US states and District of Columbia with annual observations from 1977
to 1997. The data was obtained from Fritsche and Kuzin (2007), and is

based on data sets of the Bureau of Economic Analysis. Observations from
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1998 to 2000 are unfortunately not available due to a change of the industrial
classification system in 1997.

The nominal unit labor cost is computed as

nominal compensation of employees

Y =
real gross state product

The growth rates examined are log-differences,
Yiue = Alog (Vi) -

Figure 1 plots the growth rates, 1978 to 1997, and shows a considerable degree
of co-movement. The obvious “outlier” is Alaska, having a significantly larger
variance than other US states.

The test statistics are computed from demeaned growth rates with the
quadratic spectral window and bandwidth b = [4 (T'/ 100)0'2], or b =2 given

T = 20. The empirical finding of our new test is
kM =0.690,

where an estimated p* = 0.753 emerges. The corresponding 95% and 99%
percentiles from the Cramér-von Mises distribution are P(CoM; < 0.461361) =
0.95 and P(CoM; < 0.743458) = 0.99, indicating significant evidence against

1.11 Note, however,

integration of order zero at the 5%, but not at the 1% leve
that we can not tell how pervasive the deviation from the null hypothesis is.
To get evidence which or how many series violate the null, one might try
to adopt a multiple testing strategy advised by Hanck (2009) for panel unit
root tests.

In order to make sure our results are robust to choice of bandwidth b,

we repeated the analysis with b = 1 and b = 3. The test based on k" is

1We do not report the other studied tests since these are not sufficiently reliable in
terms of size, see Section 4.
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Figure 1. ULC annual growth rates in 50 US states and D.C., 1978-1997

significant at the 1% level for b = 1, k* = 1.40, but only at the 5% level for
b = 3, k* = 0.502. Repeating the analysis without Alaska, we did not find
any qualitative differences. Note, however, that in the empirical example we
have N =51 and T' = 20, where we know from the previous tables that the
test is slightly undersized under the null hypothesis and not very powerful
under the alternative. This may be the reason why rejection at the 1% level
is not robust with respect to the choice of the bandwidth.

Our findings do not necessarily mean the growth rates are integrated of
order one. This would be inconsistent with the results of Fritsche and Kuzin
(2007), who, by means of PANIC analysis of the unit labor cost data, find no

significant evidence against integration of order one. Rather, the alternative
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Figure 2. ULC annual growth rates in 49 US states (without Alaska) and
D.C., 1978-1997

might be fractional integration, against which our test has power.

Another perhaps more realistic explanation may be a change of the overall
economic environment; recall that the late 70’s and early 80’s were marked by
stagflation with high inflation rates, which decreased in the late 80’s and even
more in the 90’s. To capture this aspect, we tested the detrended growth
rates. Indeed, a trend is more visible in Figure 2 without Alaska than in
Figure 1. In this case, the evidence against (trend-) stationarity is much
weaker: k7 yields a value of 0.111, which isn’t significant, even at the 10%
level (P(CuMy < 0.119220) = 0.90, P(CuMy < 0.147891) = 0.95). Varying

the bandwidth, some evidence against stationarity appears only for b = 1
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(KT = 0.168, significant at 5%). The same picture arises when testing the

panel without Alaska.

6 Summary

In order to examine unit labor cost data for the US states, a panel stationarity
test for panels with large cross-sectional dimension in presence of cross-unit
correlation was proposed and analyzed. More precisely, the test has the null
hypothesis of integration of order zero.

By using sequential asymptotics, 7" — oo followed by N — oo, a distri-
bution belonging to the Cramér-von Mises family of distributions (of which
the KPSS distribution is a member, too) was established for our test. The
test allows for persistent cross-correlation in form of unbounded norm of the
long-run correlation matrix of the panel and performs well in small sam-
ples compared to other panel stationarity tests allowing for cross-sectional
dependence.

Applying this test to annual unit labor cost data for 50 US states and
D.C., evidence against stationarity of their growth rates was found for the
time period 1977-1997. The strength of the evidence depends on the deter-
ministic component we modeled; allowing for a time trend in growth rates to
capture changes in overall economic environment weakens the case against

(trend-) stationarity of unit labor cost (and thus inflation) growth rates.
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Appendix

Proof of Proposition 1

It holds
1 & p 1 1
Tz Z SiS: — (1 — p)/ W (s) W (s)ds + p/ W (s) /W (s)ds. (15)
t=1 0 0

The first term on the right-hand side amounts to a sum of squares. Conse-

quently, a weak Law of Large Numbers applies,

%/OIW(S)/W(S)ds:%é/ﬂlwf(s)dsgﬂ:f?(/Olwz?(s)ds)»

where the expectation u equals % To study the second term in (15), we

observe that

Juws  (SLme)
w<>Nw<>_( ! I

where

—~

W(s)wiﬁzwz«s).

Note that W(s) is a standard Wiener process for any N € N, when W;
are independent, since W(O) = 0 with probability one, the increments
W (s3) — W (s1) = \/LN SN (W (s2) — Wi (s1)) follow a/riormal diASEribution
with mean 0 and variance sy — $1, and the increments W (sy) — W (1) are

independent for non-overlapping time intervals [si, so] and [s}, s3]. Hence,

1 1
S / W (s) 1t/W (s)ds = / W2 (s)ds = CvM,.
N Jo 0
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For T — oo we thus obtain

~ 11-=7
/{i / VV2 Yds + = CUMO——Tp.
p 2 p

At this stage, plugging in a consistent (as N — 00) estimator of p poses no

problems, and the proof is completed by sequential asymptotics.

Proof of Proposition 2

The consistency of the estimator p follows directly from Demetrescu, Hassler
and Tarcolea (2006, Proposition 1).
For the result to hold, we only need to show that the relation

%ngsti (1—,0)/0 W(s)’vv(s)ds+p/0 W (s) tt/'W (s) ds + o, (N)
- (16)

holds under Assumption 3.
Denote I' = (v;;), ; and Z, = {p},,; the correlation matrix from Assump-
tion 2. Then, = ==, + N7°I" and

T 1 1

1

ﬁngsti/ W(s)'EpW(s)derNa/ W (5) TW (s) ds.
t=1 0 0

Let ||-|| denote the spectral matrix norm. Note that ||I'|| = O (N), since
the used spectral norm is bounded by the square root of the product of the
column-sum norm and the row-sum norm, and these are obviously O (N).
Further, ||T?|| < ||T||||IT|| = O (N?). Since W (s) follows a multivariate nor-
mal distribution with mean zero and sy covariance matrix, where Iy denotes

the N x N unity matrix, the quadratic form W (s)' T'W (s) will have variance
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2tr (s’TInTIy), which translates for finite s in

W (s) TW (s) = O, (V/IT?[]) = O (V).

It follows .
/ W (5)' TW (s)ds = O, (N),
0

which establishes (16), a being positive and the behaviour of fol W (s) Z,W (s)ds
being established in Proposition 1.

Proof of Lemma 3

It holds in the univariate case

T 1 T 1 t 1 T T 1
oy = LS (at—;z@) - LS (1—23)
t=1 t=1 j=1 j=t

t=1

Since Z?Zl % =C+lnp+0 (%), with C' Euler’s constant, we can write for
t>2

T T t—1
1 1 1 1 1
o= - —,:1nT+O(—)—1n(t—1)—0(—)
J*t] jzlj Flj T t—1
T 11
= In|—— e
n(t—1)+O(T t—1>
It follows
T T T ~
1 1 ~ t—1 1 7
i = s (L) o, ().
t=1 t=2 t=2
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For the second term, we obviously have that v, = O,(1). Then,
T~ T
1 Yt 1 1 InT
me it = (ki) =0 ().
t=2 t=2

= 0p(1).
For the first term, convergence to a Riemann-Stieltjes integral holds due to

weak convergence to Wiener process and consistency of Wy,

1 t—1 !
ngt (1+lnT>:>/ (1+1Ins)dW (s).
t=2 0

In the multivariate case, this becomes

1« t—
T0.5 Zyt (1 +1n
t=2

1> ;»:05/1 (14 Ins) dW (s).

0

Then, the covariance matrix of the stochastic integral is given by!?

1
E/(LHMP@ZE,
0

as needed to obtain the result for recursive demeaning.

For recursive detrending, we have

T T t
= IS 3] CREE S EER 917

=1

2Integration by parts yields

/ln2(s)ds = sIn?(s) — /21n(s)ds or /(1 +1In(s))%ds = s(1 + In*(s)).
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Rearranging terms leads to

0.5T~T 1 d 1
T ;y —T—g <1+22 Z—z—l—l))

Since

1 < 1 & t t
WZT_IZWZ%A <1—21nf—6+6T—+1) +Op(1),

from which the desired result follows with (see footnote 9)

1
/ (1—-2Ins—6+6s)°ds = 1.
0
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