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Abstract

This paper examines tests for a unit root in skip-sampled data. A generalisation of the usual
discrete time framework is proposed that allows for a continuous time detrending procedure
prior to estimation of the resulting discrete time dynamic model that embodies exactly the
restrictions imposed by the process of temporal aggregation. A simulation study reveals
that taking these restrictions into account can yield improved size and power properties
compared to a statistic based on a model that ignores the temporal aggregation, and an
empirical illustration of the methods using monthly producer price data for the UK and US
is provided. Further avenues for investigation in future work are also highlighted.
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1. INTRODUCTION

The research of John Nankervis was based firmly in the analysis of time series, and some
of his most influential work was concerned with the study of tests for a unit root, a topic
that established itself at the forefront of econometric research in the late 1980s and into
the 1990s. Prominent examples of John’s contributions to this literature include DeJong,
Nankervis, Savin and Whiteman (1992a, 1992b).! One of the main findings to emerge from
this work (and that of others) was that many unit root tests suffer from significant size
distortions and low power, leading DeJong, Nankervis, Savin and Whiteman (1992a, p.432)
to conclude that “inferences based exclusively on tests for integration may be fragile.” A
significant volume of subsequent research has attempted to develop tests with improved size
and power properties, and the choice of tests available to applied researchers is now quite
substantial.

A popular approach to testing for a unit root nowadays derives the test statistic from
a sufficiently long autoregressive approximation based on data that have been detrended
prior to estimation. Choice of lag length (k) in the autoregression is a critical part of the
process, and Ng and Perron (2001) have proposed modified information criteria designed for
the optimal choice of k in the construction of unit root test statistics that allow k to grow
at an appropriate rate with sample size. A key advantage of employing an autoregression as
the basis for the unit root test is that it is easy to estimate (repeatedly, for different values of
k) with standard regression software. However, one reason why the choice of k is so critical
is that the autoregression will typically be misspecified and so k needs to be large enough to
capture the serial correlation in the detrended series. For example, if the series is in fact of
autoregressive moving average (ARMA) form (a type of process often employed to evaluate
the properties of tests in simulation studies) then k may have to be large to account for the
serial correlation induced by the moving average (MA) component.

An area where moving average disturbances arise naturally is when the observed series is
temporally aggregated.? For example, discrete time observations generated by an underlying
continuous time autoregressive process of order p satisfy an ARMA((p,p — 1) process if the
variable is a stock (observed at single points in time i.e. skip-sampled) or an ARMA(p, p)
process for a flow variable (observed as an integral of the underlying rate of flow over the
sampling interval); see, for example, Bergstrom (1984, pp.1201-1202 in particular). The
same discrete time ARMA orders have also been shown to hold by Chambers and Thorn-
ton (2012) if the underlying continuous time process is ARMA(p,q) (with ¢ < p). One
advantage of using an underlying continuous time process is that the orders of the resulting
ARMA process for the discrete time observations are invariant to the sampling frequency,
an invariance property that is not universally true when the underlying process operates in
discrete time on a finer timescale than the observations; see, for example, Weiss (1984). The
observed temporally aggregated discrete time process also inherits its integration order from

T based my presentation at John’s Memorial Conference at the University of Essex in July 2013 on these
two articles in a personal account of how I first came to know John’s work as a young lecturer in the early
1990s. I would particularly like to thank Gene Savin for the additional insight and background that he was
able to give me concerning these articles.

ZWe use the term ‘temporal aggregation’ in a generic sense to denote the discrete time sampling of both
stock and flow variables but note that sometimes it is used in the literature purely for the latter while the
former is referred to as skip-sampling or systematic sampling.



the underlying continuous time process, as demonstrated by Phillips (1991), who also shows
that the property of cointegration of multiple series is preserved under temporal aggregation.
For example, the discrete time process will have a unit root (and be integrated of order one)
if the continuous time process has a zero root (integrated of order one in continuous time).

The above preservation of integration order under temporal aggregation suggests that
standard unit root tests can be applied to temporally aggregated data to determine the order
of integration of the underlying process. The presence of MA disturbances does suggest,
however, that the number of lags in the autoregression used to carry out the test may have
to be quite large in order to capture adequately the serial correlation properties. However, if
the temporal aggregation is to be taken seriously, it is possible that there may be efficiency
gains to be made by accounting for the restrictions on the discrete time data implied by the
process of temporal aggregation. For example, a continuous time AR(p) process contains p
AR parameters plus the variance of the disturbance, which implies that, if the variable is
a stock, the p + (p — 1) discrete time ARMA parameters (plus the innovation variance) are
functions of this smaller number of underlying parameters. It therefore seems apposite to
investigate whether accounting for temporal aggregation yields improvements in testing the
order of integration in a time series, and this investigation is the aim of the present paper.

The paper is organised as follows. Section 2 summarises a typical approach to testing for
the presence of a unit root in a discrete time series, including a discussion of generalised least
squares (GLS) data detrending. The framework is then modified to show how the procedure
can be carried out in a continuous time setting with skip-sampled data, allowing for an
arbitrary sampling interval and data span. Theorem 1 establishes the appropriate continuous
time GLS detrending procedure based on skip-sampled discrete time data, and two unit root
tests are discussed — one is the normalised estimator of the continuous time (zero root)
parameter, the other being a likelihood ratio statistic. Section 3 provides an illustrative
example of the methods at work in a model driven by an AR(1) disturbance in continuous
time. The discrete time skip-sampled data are shown in Theorem 2 to satisfy a discrete time
ARMA(2,1) process and an explicit representation for the MA(1) disturbance is shown, in
Proposition 1, to have a strictly positive moving average parameter. This representation
provides a particularly convenient basis for computing the Gaussian likelihood function. In
order to investigate the effectiveness of the two tests and to compare them with a test based
on an unrestricted discrete time ARMA(2,1) model that ignores the temporal aggregation,
a simulation study is conducted in section 4 using the model in section 3 as a basis for
data generation. The test results obtained from 10,000 replications are presented in four
tables, allowing for two types of detrending, and both raw and size-adjusted power results
are reported. The main conclusion is that the tests that allow for temporal aggregation
generally outperform the test that does not, implying that in circumstances where temporal
aggregation is an issue, then it should be taken seriously in the conduct of unit root tests.
An empirical illustration of the methods is provided in section 5 using monthly data on
producer price indices for the UK and the US. An appendix contains the proofs of the two
theorems and proposition in the main text, as well as an additional lemma that is utilised
in the proof of Proposition 1.

The following notation will be used throughout: L denotes the lag operator such that



Lz, = x¢—j; D denotes the mean square differential operator which satisfies
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lim E — Dz(t)| =0

h—o00

z(t+ h) —z(t)
h

for some continuous time process z(t) that is mean square continuous; z; ~ iid(0, 02) means
that x; is independently and identically distributed with mean zero and variance o2; W (r)
denotes a standard Wiener process; W,(r) denotes an Ornstein Uhlenbeck process with
parameter ¢ that satisfies dW.(r) = ¢W,(r)dr + dW (r) (so that Wy(r) = W(r)); = denotes
weak convergence; and integrals such as fol We(r)dW (r) will be denoted more simply as
fol W.dW for notational convenience.

2. THE TESTING FRAMEWORK

A common framework for testing a scalar random process, 1, for the presence of a unit root
in discrete time assumes that y; satisfies

Y =di +ug, up = pUt—1 + v, V= (S(L)Et, t=1,...,T, (1)

where d; is a deterministic time trend, p = 1+¢/T for some finite constant ¢, ¢; ~ iid(0, o2),
6(2) = 32720 §;29, 8o = 1, >720410j] < 0o, and T' denotes sample size. The constant c is
often referred to as a local-to-unity parameter because it measures the extent of deviations
from a unit root (p = 1). The deterministic term, dy, is usually assumed to be a low-order
polynomial in ¢ of the form d; = 1’2, where 2z = [1,¢,2,...,¢7] and % is a (7 + 1)-vector of
coefficients, the cases 7 = 0 and 7 = 1 receiving most attention; we will also use 7 = —1 to
denote the case where no deterministic trend is present.

In practice, the coefficients of ¢ are unknown and have to be estimated from the data,
and a form of quasi-differencing — usually referred to as GLS detrending — is often employed.
For a variable x; the quasi-differenced variable is denoted xf and is defined fort =1,...,T
as a:f = x¢ — pry—1 (with x'g = x) for some appropriate choice of p = 1 + ¢/T. Elliott,
Rothenberg and Stock (1996) recommend that when 7 = 0, ¢ = —7 and when 7 = 1,
¢ = —13.5, these values being chosen so as to make the asymptotic local power function of
tests tangent to the asymptotic Gaussian power envelope at the point where power equals
one half. The detrended series is obtained as yf = Y — &’ z: where & is obtained from a

regression of y! on z..

A large number of tests exist for assessing whether p = 1 based on the detrended variable
y?, and many attempt to replicate the asymptotically pivotal distribution that is obtained
under the ideal (but typically unrealistic) setting where v; = ¢; ~ iid(0,02). Often a test is
based on an estimator of p, say p, or on its associated t-ratio for testing p = 1. In the former
case, the limiting distributions of the normalised estimator of p are as follows when T' — co:

1
We.dW
fOfl W2 ) T:_1707
N 0 c
T(o-p)={ | (2)
fol ‘/62 9 T = 9



where the process V.(r) arising when 7 = 1 is given by

Vi(r) = Wa(r) — r </\Wc(1) +3(1—\) /01 SWC(s)ds>

and A = (1—¢)/(1—¢&+¢2/3). Under the null hypothesis (p = ¢ = 0) critical values for these
distributions are widely available. In order to use these distributions for inference in practice
it is necessary to deal in an appropriate way with the serial correlation that manifests itself
in v¢. Some approaches to this include the nonparametric adjustments proposed by Phillips
and Perron (1988) as well as the fully parametric autoregressive approximations as in Said
and Dickey (1984) and the M-type tests of Ng and Perron (2001).

To analyse situations in which the variable of interest evolves at a finer timescale than
the sampling frequency, let N denote the span of time over which the variable is observed,
and let h denote the sampling interval (i.e. the length of time between observations — assumed
constant), so that the number of observations is given by 7" = N/h. The continuous time
variable y(t) is then assumed to satisfy

y(t) =d(t) +u(t), Du(t) = au(t)+v(t), ¢(D)v(t)=6(D)e(t), t>0, (3)

where d(t) is a deterministic trend function, @ = ¢/N, ¢(z) = 2P + Z?;é ¢z, 0(z) =
1+ 23:1 0;27, €(t) is a continuous time white noise process with mean zero and variance
02, and q < p to ensure that the spectral density of v(t) is integrable (and, hence, that v(t)
has finite variance). It is also assumed that the roots of the equation ¢(z) = 0 have negative
real parts to ensure that v(t) is covariance stationary. The deterministic trend function is
assumed to be of the form d(t) = '2(t), where z(t) = [1,t,¢2,...,t"] and ¢ is a (7 + 1)-
vector of coefficients, as in the discrete time setup except that t is now continuous rather
than discrete. The observations will be assumed to be of the form vy, = y(th) (t =1,...,T)
so that the observed sequence is

Yo, Yns Y2hy -+ - YTh, (4)

where yr, = y(N).? Note that the objective is to test the null hypothesis that a@ = 0
(equivalently, that ¢ = 0) and that stationary alternatives correspond to a < 0 (equivalently,
c<0).

According to (3), the trend-adjusted continuous time variable u(t) = y(t) — d(t) satisfies
the stochastic differential equation

P(D)u(t) = 0(D)e(t), ¢(2) = (z — )¢(2), ()

which is a continuous time ARMA(p + 1,q) process. When a < 0 the process u(t) is
covariance stationary but when o = 0 it possesses a zero root and is, therefore, integrated,
in which case the variable Du(t) is ARMA(p,q). A discrete time sequence generated by
this specification is shown in Chambers and Thornton (2012) to satisfy the discrete time

31t is also possible to consider the case of flow variables where the observations are instead of the form
yen = h7t :hh_ ., ¥(r)dr, which induces an additional moving average order into the disturbances of the discrete

time representations; see Working (1960).



ARMA (p + 1, p) model

Uth = fruth—h + ... + fpr1Un—(pr1)n + Wen, (6)

where wyy, is MA(p) and the coefficients fi, ..., f,+1 depend on « as well as the coefficients
of the autoregressive polynomial ¢(z). The zero root in continuous time translates into a
unit root in discrete time so that, when o = 0, Apugp, = ugp, — ug—p satisfies the ARMA((p, p)
model

Apuy, = froApueh—p + ... + fpoAptih—ph + Wen, (7)

where wyy, is also MA(p) and fio, ..., fpo depend only on the coefficients of ¢(z). The serial
correlation arising from the MA disturbance would typically result in the need for additional
lags (beyond p) in a unit root test based on an autoregressive approximation. Taking the
temporal aggregation into account provides a more parsimonious representation.

It is possible to detrend the data in continuous time even though observations are avail-
able only at discrete intervals of length h. In essence, what is required is estimation of the
equation

Dy(t) = wy(t) + (Da(t) = 1-2(0) +e(t) (®)

for a suitable choice of ¢, where e(t) is a continuous time random disturbance process. This
representation is motivated by noting that GLS detrending in discrete time is based on a
regression that can be written in the form

C C
Ay — TY-1 = 0y (Azt - T%—l) + e,

because 3’ = Ay; — (¢/T)y;—1 and similarly for 2/. The following Theorem presents the

results for the case 7 = 1.

Theorem 1. Let y(t) be generated according to (3) with the observed sequence given by

(4). Then GLS detrending in continuous time when T = 1 is carried out by estimating the
equation B B B
¢ ¢ c

Dy(t) = 1y(t) = o + 1 (1= ) +e(®), >0, (9)

where ¢ is the detrending parameter. Estimation of (9) is equivalent to the following regres-
ston using the discrete time observations:

Yih — eE/Tyth_h =1 (1 - eE/T) + (th — eE/T(th - h)) +ewy, t=1,...,T, (10)

where ey, 1s a discrete time random disturbance.

The form of continuous time detrending equation (9) arises because, when 7 = 1, we
have z2(t) = [1,t]' and Dz(t) = [0,1)'. The discrete time equivalent in (10) is of the same
form as in the usual discrete time approach except that e“/T replaces 1+ ¢/T (which are the
first two terms of the series expansion of e/7) and we are explicitly allowing for an arbitrary
sampling interval h; the deterministic terms on the right-hand-side of (10) are clearly of the
form o' (24, — ¢/ thh,h). Theorem 1 also encompasses the case 7 = 0 which arises when
P = 0. If 1[1 denotes the estimator of ¢ obtained from (10) then the detrended series is

given by yfl =y — zﬂ’zth.



Testing the hypothesis that a = 0 in (3) typically requires an estimate of this key
parameter. The simple model Du(t) = au(t) + €(t) obtained by setting ¢(z) = 6(z) =1 in
(3) is sufficient for highlighting some of the key results. Discrete time data generated by this
model satisfy u, = Mg,y +wy, where wyy, is white noise with variance o2(e2*" —1)/(2a).
Recall that & = ¢/N. For 7 = —1 Phillips (1987) shows that the OLS estimator, f, of
f = e satisfies .

(- f) = fof‘ffVchQW
0 c

as T — oo, which is, of course, the distribution in (2). Noting that & = In(f)/h enables the
following result to be obtained via a Taylor expansion:

1
We.dW
N

N(&d— o
( ) e

(11)

as N — o0; see also Zhou and Yu (2010) who also analyse what happens when h — 0 either
simultaneously or when N is fixed. Note that it is data span, N, rather than sample size,
T, that is the appropriate normalisation for this distribution. The distribution in (11) also
holds under GLS detrending when 7 = 0 but when 7 = 1 we obtain

Jo VedW

NG — o) =
R E7

, (12)

also as in (2).

Although the above results are obtained under a simple model which abstracts from
additional serial correlation, it is, nevertheless, the pivotal distributions reported above
that unit root test statistics would attempt to achieve (under the null of ¢ = 0). Under
more general and realistic scenarios the objective would be to estimate the continuous time
parameter « on the basis of the discrete time ARMA(p+1, q) representation (6). A common
approach to estimating continuous time models based on discrete time observations is to
maximise the likelihood function under the assumption of a Gaussian distribution, and
a number of approaches are available for the construction of the likelihood function. The
approach of Bergstrom (see the articles collected in Bergstrom (1990), for example) is to base
the likelihood on the T' x 1 vector w = [wp, ..., wry] with covariance matrix 'y, = E(wuw’)
which, due to the MA properties of wyy, is known to have a sparse Toeplitz form — only the
elements on the principal diagonal and the ¢ — 1 neighbouring bands are non-zero. If ¢ and
f denote the vectors of AR and MA parameters, respectively, then this approach leads to
the form (ignoring a constant)

1 1
Ly(a,¢,0,0%) = —Eln Tw| — ingjlw, (13)

and Bergstrom (1990) proposes methods to deal with the efficient inversion of the covariance
matrix. Provided the serial correlation is dealt with appropriately (for example, the orders p
and ¢ are chosen correctly) the normalised estimator Né& will have the limiting distributions
in (11) and (12) above (with ¢ = 0), depending on the form of detrending employed, under
the null hypothesis that & = 0. Such results in likelihood-based approaches to unit root
testing have been demonstrated by, for example, Yap and Reinsel (1995) and Shin and



Fuller (1998). An alternative to using the statistic N& for inference would be to use a
likelihood ratio statistic. Denoting unrestricted estimates as 6, for example, and restricted
estimates under the null of @ = 0 as 6, for example, leads to the statistic

LR=2 [Lw(&, $,0,52) — Ly (0, o, bo, &3}0)} :

In the case of no detrending (7 = —1) Yap and Reinsel (1995) have shown that, under the
null hypothesis (where ¢ = 0 and noting that Wy = W),

(Jy waw) i

LR = T
Jo W2

(14)

as T — oo. We conjecture that a similar result would arise under GLS detrending with
7 = 0 and with W replaced by Vy when 7 = 1; this appears to be borne out by simulations
reported in the next section.

3. AN ILLUSTRATIVE EXAMPLE

In order to investigate the performance of unit root tests with temporally aggregated data it
is necessary to be able to generate the discrete time data {y;,}2_; that satisfy the temporal
aggregation scheme exactly. From (3) it is obvious that y, = dy, +ugp where dy, = d(th) and
ug, = u(th); the task, therefore, is to generate {us;, }1_; to satisfy the underlying continuous
time mechanism in (3). Given that u(¢) depends on v(t) we consider the following continuous
time AR(1) specification for v(t):

Do(t) = ¢u(t) +€(t), t>0, (15)

where ¢ < 0 to ensure that v(t) is stationary; in effect we have taken ¢(z) = z—¢ and 6(z) = 1
in (3). This implies that the detrended variable w(t) is the continuous time ARMA(2,1)
process

D2u(t) = (¢ + a)Du(t) — pau(t) + €(t); (16)

under the null hypothesis (o = 0) u(t) satisfies D?u(t) = ¢Du(t) + €(t) as it is now Du(t),
rather than wu(t) itself, that is a stationary continuous time process. An exact discrete time
representation for continuous time ARMA(p, q) processes can be found in Chambers and
Thornton (2012) whose Corollary 1 is relevant to the (stock) sampling scheme considered
here; we are also, in effect, dealing with a special case of the continuous time ARMA(2,1)
process analysed in Thornton and Chambers (2013) in which the continuous time moving
average parameter is set equal to zero. However, we follow an alternative method of deriving
the discrete time representation here that proceeds in two steps — first, the discrete time
representation for uy, based on the equation Du(t) = au(t) + v(t) is obtained; secondly,
the exact form for the disturbance in this representation is obtained based on (15). A
unique feature is that an exact discrete time representation for the integral of a function of

a continuous time process is obtained — see the proof of Theorem 2 for details (in particular,
the variable (3, defined in (24)).

Theorem 2. Let u(t) satisfy Du(t) = au(t) +v(t) where v(t) is generated according to (15)



with v(0) given. Then the sequence ug, up, Usp, - - - , Urh, Where uy, = u(th), satisfies:
(i) when o # 0,

a+p)h

wg, = (€ + e?Mug_p, — € Uth—2n + wip, t=1,....7T, (17)

where wyyp, is an MA(1) process with variance and autocovariance given by, when o # ¢,

9 o? e20h _ 1

2ah 20h el —
e2(et+a)h _ q
()

(¢+a)h _ 1 26h _ {
oh | ahy [ € _oh [ €
(e® 4 e*™) ( 5o ) e ( 5% >

N = E(wipwin-pn) = (_7002

and when o = ¢,

4o a?
heah (€2ah 4 1) eozh (€2ah _ 1) '
M= e 402 B 403 ’
(ii) when a =0,
Apugn = e Apugp—p +w, t=1,...,T, (18)

where A, =1 — L" and the autocovariances of wy, are given by

2 20h
2 2h
7 = E(wppwip—pn) = % [<e2¢1) - he‘ﬁh} )

Theorem 2 demonstrates that wu, is an ARMA(2,1) process under the maintained hy-
pothesis while Auyy, is ARMA(1,1) under the null. Note that the variance and autocovariance
of wyy, are functions of all the parameters of the continuous time model, and these restrictions
need to be taken into account in estimation in order to account properly for the temporal
aggregation in the observed variable. Moreover it can be shown that the autocovariance, v1,
is strictly positive; see Lemma 1 in the Appendix. Although one representation of the log-
likelihood was provided in (13) we follow here an alternative approach based on an explicit
MA(1) representation of wy, given below.

Proposition 1. Let wy, be the disturbance process defined in Theorem 2 with the stated
variance (vo) and autocovariance (vy1). Then wy, has the representation

Wih = Neh + ONen—n, (19)



where 0 < 6 = (70 — d)/(2m1) < 1, d = /18 — 4y}, and nu, is a white noise process with
mean zero and variance oy = 1 /6.

Note that Proposition 1 is valid both when « # 0 and when o = 0. An alternative but
equivalent representation for O'% is 0% = 70/(1+ 6#?), and this expression can be shown to be
equal to the one in Proposition 1 by some straightforward algebra.? In view of Proposition
1 we can derive the Gaussian likelihood by taking n, ~ N (0, 0’%), resulting in (apart from a
constant)

T 1 &
Ln(a7¢7 052) = —511’10'% - ﬁ anh (20)
M t=1

For given values of (a, ¢, 02) the residuals can be computed using the formula
€
M =t — (€ + Mg, + €T uy, oy — Ony_ .

The two likelihood-based statistics are, then, the normalised estimator of «, Né&, and the
likelihood ratio statistic LR = L, (&, ,62) — L(0, ¢g,6%), where ¢o and 62, denote the
estimated values of ¢ and o2, respectively, when the restriction a = 0 is imposed.

4. SIMULATION RESULTS

We explore three tests for the existence of a unit root in the observed series y;, based
on the model in section 3. Two of the tests take into account the fact that the data are
temporally aggregated, and both are based on the Gaussian likelihood function. The first
is the normalised estimator of a (normalised by span, rather than sample size), Né&, based
on the exact discrete time representation in Theorem 2, the second is the likelihood ratio
statistic, LR. In order to examine the specific role that temporal aggregation is playing
when carrying out tests using aggregated data, the third test is based on a discrete time
ARMA (2,1) model that ignores the temporal aggregation. The model, based on (1), is given
by
Yo = dp + U, U = pus—1 + v, UV = KU1 + €,

and the statistic considered is T'(p — 1), where p denotes the estimator of p obtained by

maximising the Gaussian likelihood function.’

In the simulations two values of the detrending parameter are considered, 7 = 0,1,
these being the most relevant from an empirical point of view, while two values of the
stationary continuous time parameter are used, ¢ = {—0.5, —0.25}. In view of the asymptotic
distribution for & being dependent on N rather than on 7 or h, we fix h = 1 and consider
two values for the span, N = {120,240} (so that 7' = {120,240} as well). These values can
be interpreted as corresponding to 10 and 20 years of monthly data or 30 and 60 years of
quarterly data. Nine values of the local-to-unity parameter, ¢, are considered, covering the

4Tt would, in principle, be possible to extend Proposition 1 to higher-order MA processes although the
complexity of deriving the solution increases as the MA order increases.

5An earlier version of this paper used a statistic based on a misspecified autoregression in which the lag
length was chosen by minimising a modified information criterion proposed by Ng and Perron (2001). The
statistics used in the current paper allow a more direct investigation of the effects of accounting for temporal
aggregation.



interval —20 to 0 inclusive in steps of length 2.5. A total of 10,000 replications were carried
out for each of the four combinations of ¢ and N. Asymptotic critical values for the test
statistics under the null at the 5% significance level were obtained for N& from the (exact)
values reported in Perron (1989) for 7 = 0 (equal to —8.038) and Chambers (2013) for 7 = 1
(—16.594), while for the LR statistic they were obtained by simulation using one million
replications of 10,000 observations yielding the values 4.133 (for 7 = 0) and 8.118 (7 = 1).6

Table 1 reports the values of some of the discrete time parameters that correspond to
the various continuous time parameters. Although the same values of ¢ are used for each
value of N it is worth noting that the values of & = ¢/N are much further away from zero
when N = 120 than when N = 240 so it might be expected that unit (zero) root tests would
be more powerful in the former case for each value of ¢. The coefficient e?” that appears in
the discrete time representation in Theorem 27 is larger for smaller (absolute) values of ¢;
in fact, e?” = 0.6065 when ¢ = —0.5 and e?” = 0.7788 when ¢ = —0.25. These differences
can also be expected to have an impact on the performance of the tests.

The size and power properties of the three test statistics are reported in Tables 2-5.
The first two contain the results for 7 = 0, with Table 2 containing the size and raw power
of the tests and Table 3 containing the size-adjusted power. Tables 4 and 5 report the
same information for the case 7 = 1. A test can have high power due to it having a larger
than nominal size and so the size-adjusted power results are also reported so as to put the
comparison of the tests on the same empirical 5% level. Taking Table 2 first, it is apparent
that the size of the LR test is closest to the nominal 5% level except when N = 240 and
¢ = —0.25, a situation where both continuous time-based tests are under-sized. Otherwise
the size of Né is slightly better than T(p — 1). There is a fiarly clear ranking in terms of
raw power, however, with N& tending to have the highest power, followed by T'(p — 1) and
then LR, although the poorer performance of LR is undoubtedly due it not suffering from
the size distortions of the other two tests. The size-adjusted power results in Table 3 put all
three tests on the same empirical 5% size footing and show that both continuous time-based
tests dominate T'(p — 1) with N& having highest size-adjusted power for smaller values of ¢
i.e. those values of « closest to the null of a = 0. For the case of 7 = 1 detrending Table 4
shows that the sizes of the tests tend to be slightly larger than for the 7 = 0 case but again
it is the LR test that is closest to the nominal 5% level. In terms of raw power the ranking
tends to be N& > T'(p — 1) > LR but for size-adjusted power Table 5 indicates the ranking
Né&a > LR > T(p—1) although T'(p— 1) does better than LR when N = 120 and ¢ = —0.25.

In summary the evidence, at least based on these simulations, appears to be that taking
temporal aggregation into account can result in tests with better size and power properties
than tests that ignore the temporal aggregation restrictions, even though the latter are based
on an ARMA model with the correct orders.

5Yap and Reinsel (1995) report the value 8.16 but used a degrees of freedom adjustment in calculating
their corresponding statistic.

"This is also the AR(1) coefficient for (i1, the disturbance in the representation (24) of u¢, given in the
Appendix.
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5. AN EMPIRICAL EXAMPLE

We apply the continuous time unit root tests to monthly time series data on the producer
price index for the UK and the US over the period February 1996 to March 2014, yielding a
total of 218 observations. Letting p(¢) denote the unobserved price index in continuous time,
and p; = p(t) denote the observed monthly counterpart (for ¢ = 1,...,218), the continuous
time model is defined by the following three equations:

Inp(t) = o+ it +u(t), (21)
Du(t) = oaul(t)+v(t), (22)
Dou(t) = ov(t) + €(t). (23)

These equations imply that the detrended variable u(t) = Inp(t) — 19 — 11t satisfies the
second-order stochastic differential equation given by

D?u(t) = (¢ + a)Du(t) — pau(t) + €(t).

The objective is to test the null hypothesis that & = 0 based on the discrete time observations
In py.

Defining u¢ = Inp; — Yo — Ut to be the GLS-detrended variable in accordance with
Theorem 1, it follows from Theorem 2 that u{ follows the ARMA(2,1) process

’U,gl = (ea + €¢)U§l,1 — €(a+¢)’u§l,2 + Tt + 97]15—17 t = 37 oo 7T7

where use has also been made of the result in Proposition 1. Under the null hypothesis
(a = 0) this becomes an ARMA(1,1) in first differences of the form

Aul = e?Aul |+ + 01, t=3,...,T.

Note that two observations are required for initial conditions, resulting in an effective sample
size of T'— 2 = 216 in this application. There is no loss in generality by taking h = 1 here
(with span N = T = 216) as no mixed frequency comparisons are being made. The same
results for the test statistics are obtained when setting h = 1/12, for example, and defining
the span to be N =Th = 18.

The results of the continuous time unit root tests (i.e. the statistics N& and LR) are
contained in Table 6, which also contains the estimated unrestricted and restricted contin-
uous time models (upon which the test statistics are based) in the lower panel. Both tests
are unable to reject the null hypothesis that o = 0 i.e. that there is a zero root in continuous
time (and a unit root in discrete time).® The implication is that the continuous time variable
Du(t) (the derivative of the detrended variable u(t)) satisfies the stationary process

D[Du(t)] = ¢Du(t) + €(t).

Indeed, the estimates of ¢ are significantly negative ruling out the possibility of a second

8For comparison, the statistic T'(p — 1) obtained from an unrestricted discrete time ARMA(2,1) model
yielded a value of —1.6200 for the UK and —12.1392 for the US, neither being able to reject the null that

p=1
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zero (unit) root in these two series, implying that producer price inflation is not itself an
integrated process. The statistics Sy and Sis reported in Table 6 are portmanteau-type
statistics suggested by Bergstrom (1990, p.160) that have an approximate chi-squared dis-
tribution with 4 and 12 degrees of freedom, respectively (these correspond to the number of
lags of residuals used in their construction); the Table reports the corresponding marginal
probability values of the statistics. The null hypothesis can be interpreted as the model
being adequately specified, at least in terms of capturing the dynamic features of the data.
For the UK price series neither statistic is able to reject the null but there is some evidence
of misspecification for the US series.

6. CONCLUDING COMMENTS

This paper has attempted to obtain some evidence as to whether there are gains to be made
by taking into account the restrictions implied on discretely-observed data by the process
of temporal aggregation when constructing unit root tests. A general framework has been
proposed which, effectively, enables GLS detrending to be carried out in continuous time
prior to estimating the continuous time parameter of interest in a discrete time ARMA
model that accounts for the temporal aggregation. Simulations suggest that this approach
leads to test statistics with better size and power properties than a test, based on an ARMA
model of the correct orders, that ignores the temporal aggregation.

While the results reported here are encouraging, they also call for further work. For
example, extending the framework to allow for a flow variable would be a logical next step.
This would result in an additional order of moving average that may further enhance the
advantages of accounting for the temporal aggregation. It would also be interesting to
examine the effects in simulations of more general continuous time ARMA processes, such
as in (3), using the exact discrete time models of Chambers and Thornton (2012), which
would have the potential effect of increasing both the AR and MA orders compared to the
simulations conducted here. Of course, all of the above could be analysed in a more detailed
theoretical study to derive the asymptotic properties of the test statistics than has been

carried out here and would be an important avenue to pursue.’

It is perhaps appropriate at this stage to return to the contributions of John Nankervis
mentioned in the introductory paragraph to this paper. In the concluding section of DeJong,
Nankervis, Savin and Whiteman (1992b, p.342) the authors, when reflecting on the simula-
tion results they have obtained, state: “Given the slimness of this reed on which unit root
testing now stands, efforts directed toward developing tests with higher power are in order.”
A great deal of work has been carried out since those articles were published in order to
achieve this aim, and it is hoped that the current contribution provides another small step
along this path.

9Indeed, the author has ongoing work on this topic with Roderick McCrorie and Michael Thornton that
will be reported in the future. The current paper can be regarded as a prequel to this work.
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APPENDIX:

Proof of Theorem 1. Let 2(t) = [-¢/N,1 — (¢/N)t]’ and ¢ = [¢pg,¢1]. Then (9) can be
written

Dy(t) = oyl + 9/2(0) + ()

whose solution (which is unique in the mean square sense) is given by
) th th
y(th) = eN)thy(0) —i—/ e@/N)th=3) ! 7 (s)ds —|—/ e@NIth=5)¢(s)ds, ¢ > 0.
0 0

This solution can be used to show that

th
y(th) = e®Nhy(th — ) + / eNIEh=3) /2 (s)ds + e, t=1,...,T,
th—h

where ez, = thﬁ e(e/N)(th=s)¢(s)ds. Evaluating the deterministic integral requires the com-
th—h g g q

ponents

th — _ h

@/N)(th=5) ), € g6 — oL re/N g — (e/N)h _
/thhe ¢0Nd8 Q,Z)QN/O e dr = g (e 1),
th h

/ eV th=s) . s — 7/)1/ N g — YL (e(E/N)h N 1) 7

th—h 0 c
and

th (&/N)(th—s),, € ¢ (" r&/N
/th_he 1/11Nsds = wlN/O e (th —r)dr

¢ " e ¢ " e
= wlth/ e’ dr—wl/ e Nrdr
N Jo N Jo

_ @/N)h _ 1) _ @mn(, Ly, L
= Y1th (6’ 1) P [6 (h 5/N> + E/N:| .

Combining these deterministic terms, and noting that the observations are y;, = y(th) and
that h/N = 1/T implies that e(&N)? = ¢&/T  results in (10) as required.
Proof of Theorem 2. (i) o # 0: It is well known that w,, satisfies
th
ueh = € p + Gn, Gn = / =)y (r) dr; (24)
th—h

see, for example, Theorem 1 of Bergstrom (1984) which has been generalised above to allow
for an arbitrary sampling interval h. The objective is to derive the law of motion for (i,
given that v(t) is assumed to satisfy (15). The solution of (15) yields

th
v(th) = e®Mu(th — h) + / e?th=5)¢(s)ds;
th—h
substituting this into the definition of (, yields
th th r
Cth = e¢h/ eo‘(th_r)v(r — h)dr + wyp, wy = / e (th=r) (/ e¢(r_8)e(s)ds> dr.
t th—h r—h

h—h
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The first integral on the right-hand-side can be written (using the substitution s = r — h)

th th—h
/ ea(thﬂq)v(r — h)dr = / ea(thfhfs)v(s)ds = €th—h
th—h th—2h

and so i, = €' ¢y 1, + wyp,. Applying the operator (1 —e®?LP) to uy, in (24) yields the law
of motion for u, given in the Theorem.

The double integral defining wy, can be expressed as the sum of two single integrals.
Taking, first, the case o # ¢ we obtain

th th th—h s+h
wy, = / (/ ea(th_r)e‘b(r_s)dr) e(s)ds +/ </ ea(th_r)e‘ls(’“—s)dr) e(s)ds
th—h \Js th—2h \Jth—h

th th—h
= / m1(th — s)e(s)ds + / ma(th — h — s)e(s)ds,
t

h—h th—2h

where 71 (r) = (e?" — ") /(¢ — a) and o (r) = (e?Pe™ — ee?T) /(¢ — a); see, for example,
McCrorie (2000) for details of this procedure. When o = ¢ we find that

th th th—h s+h
wyp, = / (/ ea(th_s)dr> e(s)ds +/ (/ ea(th_s)dr> €(s)ds
th—h s th—2h th—h

but where, now, m(r) = re®” and ma(r) = e**(h — r)e*". Clearly, wy, is an MA(1) process
in both cases with autocovariances given by

h h h
E(w,) = o? /0 () 2dr + 02 /0 ro(r)2dr, E(wiwgr) = 0 /0 1 (r)ea () dr

woth E(wgwen—jn) = 0 for j > 2. The expressions in the Theorem are obtained by evaluating
these integrals.

(ii) @ = 0: In this case the law of motion for uy, follows from that in part (i) by setting
a = 0. The autocovariances of the resulting wy process can be obtained by taking the limits
of those in part (i) as @ — 0 or by setting e = 0 in the expression for wy, and evaluating
the integrals; we follow the second option and find that

th th th—h s ps+h
Wy, = / (/ e‘b(rs)dr) e(s)ds +/ </ e‘b(rs)dr) e(s)ds
th—h \Js th—2h \Jth—h

th th—h
= / m10(th — s)e(s)ds + / moo(th — h — s)e(s)ds,
th—h th—2h

where 719(r) = (%" — 1)/¢ and mag(r) = (e?? — e?")/$. The resulting autocovariances are

h h h
E(wfh) 2062/0 7710(7”)2d7‘+062/0 ng(r)2d7“, E(wgpwip—p) :‘752/0 m10(r)mao(r)dr,

while E(wgwi,—jn) = 0 for j > 2. Evaluation of these integrals results in the stated
expressions.
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Proof of Proposition 1. From the representation (19) we obtain

E(’U}?h) =Y = 0'727(1 + 92), E(wthwth,h) =y = 90’%

The second expression implies 03} = 71/0 and so it remains to determine . Substituting
into the first expression for 0,,27 gives 70 = (71/0)(1 + 62), which is a quadratic in § and can
be written

16% =700 + 7 = 0.

Let d = \/7(2] — 4+2. We first show that d > 0 by noting that it can be written in the form
d = /(70— 271)(0 + 271). Lemma 2 (below) establishes that (79 — 2v1) > 0 and 1 > 0,
the latter implying that (y9+2v1) > 0, hence the term under the square-root sign is positive.

The roots of the quadratic of interest are

% -—d Y +d
g N 7‘2— .
27 2y

1

We shall demonstrate that these roots are reciprocals of each other, and that the smallest
(r1) is the invertible root. If 71 = r; ! then it must be the case that

Yo—d_ 2m
21 Yo+ d’

which implies that (yo — d)(y0 + d) = 49? i.e. 73 — d* = 4+?. But this is clearly satisfied
by the definition of d and hence the roots are reciprocals of each other. Next, we show that
0<r; <1. Let x = (v0/7) — 2 and note that

1 Y0 d 1
n=g <’Yl 71) 5 (x—i— z(z + ))

where we have used the result that

- -G - v

Lemma 1 (below) implies that = (y0/71) — 2 > 0 and so we need to consider 7 as the

function of = defined above for x > 0. Doing so establishes that r; is a positive monotonically
decreasing function of  with a maximum point ;1 = 1 at £ = 0 and, hence, r; denotes the
invertible root.

Lemma 1. For vy and 1 defined in Theorem 2, v1 > 0 and vy — 2y1 > 0.

Proof of Lemma 1. We begine with the case where a # 0, o # ¢. It is convenient to
write 1 in the form

B o? wn | [elPTh 1 e20h — 1
T -2 $ta ( 20 )
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We can ignore the positive scaling factor outside the braces which means that we need to
show that

on | [e@Th 1 e2¢h _ oh e20h _ elo+a)h _
e — |- —— | >e — - — .
o+« 2¢ 2« o+«
It is convenient to multiply through by e~ (#*®" and to express both sides in terms of the
common denominator M = 2¢a(¢ + «); the first term becomes

T = % [2¢a(eah _ e_¢h) —a(d+ a)(e¢h _ e_¢h)}
= % { qSoz(eah _ e¢h) + 200 — a(op + a)](e¢h _ e_¢h)]
= % [qua(eah — M)+ 2a(¢ — ) sinh(th)} ,

while applying similar operations to the second term yields

Ty = % [ pa(e™ — ) +2¢0(¢p — ) Sinh(ah)] .
Consider the difference
T —T, = A=) [asinh(¢ph) — ¢ sinh(ah)]

M

and note that asinh(¢h) — ¢sinh(ah) < 0 is equivalent to sinh(¢h)/¢ < sinh(ah)/a. For
x < 0 the function sinh(x)/z is a decreasing function of z, enabling us to consider the
following cases:

(a) ¢ < a < 0: here, ¢ —a < 0, M < 0 and sinh(¢h)/¢ > sinh(ah)/a, resulting in
Ty — 15 > 0.

(b) @ < ¢ < 0: in this case,  —a > 0, M < 0 and sinh(¢h)/¢ < sinh(ah)/a, resulting in
T —15 > 0.

(c)a=¢<0:

This establishes that v, > 0 for all combinations of « and ¢ when « # 0 and a # ¢; a similar
approach can be used to show that the same result holds when a = ¢.

To show that g — 271 > 0 we can normalise the difference by the common denominator
M as above and multiply through by e~ (?T®" o give

1
N2 = o [oz(d) + a)e (e 4 1)2 (e — 7)) — dpa(eldTOh — e (9Falhy
+ B(d+ a)e (e + 1)2(e — e7h) — dpa(e 9 + M) (ST _ 1) |
Noting that (after expanding the term in brackets and simplifying)
e (e +1)? = 21 + cosh(ah)]

(and similarly for the term with « replaced by ¢), and that

(e 4 M) (P )h _ 1) = 2sinh(ph) + 2sinh(ah),
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the difference can be written (with some further simplification)
Y0 — 271 = 4(a — @) {asinh(¢h) [1 4 cosh(ah)] — ¢ sinh(ah) [1 + cosh(oh)]} .

The term in braces is < 0 according to whether

sinh(¢h)  _  sinh(ah)

"(9) = S+ cosh(oh)] = all + cosh(ah)

=r(a).

For x < 0 the function sinh(z)/[x(1+cosh(z))] is a positive monotonically increasing function
and so we can consider the following cases:

(a) ¢ < a<0: here, « — ¢ >0, M <0 and r(¢) < (), resulting in 79 — 2y; > 0.

(b) @ < ¢ < 0: in this case, « — ¢ < 0, M < 0 and r(¢) > r(«a), resulting in o — 2y; > 0.
(c)a=¢<0:

This establishes that v9 — 2y, > 0 for all combinations of a and ¢ when o # 0 and o # ¢; a
similar approach can be used to show that the same result holds when a = ¢.

When o = 0, from Theorem 2 we have

62 2¢h _ 1
n=% (S ) -]

As the scaling factor is positive we focus on
2h 1\ pooh _ o e — ey T sinh(¢h) B) =0
2¢ 2¢

for ¢ < 0 as sinh(z)/z > 1 for z < 0.
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Table 1. Discrete time parameter values

h=1, ¢=—-0.5, e’ =0.6065

c —20 —-15 —-10 -5 0
N =120
o —0.1667 —0.1250 —0.0833 —0.0417 0.0000
eh 0.8465  0.8825  0.9200  0.9592 1.0000
Y 0.3519  0.3664  0.3817  0.3977 0.4146
" 0.0868  0.0904  0.0942  0.0982 0.1024
9 0.2637  0.2639  0.2640  0.2641 0.2641
o2 0.3200  0.3426  0.3568  0.3718 0.3875
N =240
o —0.0833 —0.0625 —0.0417 —0.0208 0.0000
e 0.9200  0.9394  0.9592  0.9794 1.0000
Y 0.3817  0.3896  0.3977  0.4060 0.4146
o 0.0942  0.0962  0.0982  0.1003 0.1024
0 0.2640  0.2641  0.2641  0.2641 0.2641
o2 0.3568  0.3642  0.3718  0.3795 0.3875
h=1, ¢ =—025, e?’ =0.7788
c —20 —-15 —-10 -5 0
N =120
o —0.1667 —0.1250 —0.0833 —0.0417 0.0000
e 0.8465  0.8825  0.9200  0.9592 1.0000
0 0.4435  0.4618  0.4810  0.5012 0.5225
o 0.1104  0.1150  0.1198  0.1249 0.1302
9 0.2666  0.2667  0.2669  0.2670 0.2670
o2 0.4141  0.4311  0.4490  0.4679 0.4877
N =240
o —0.0833 —0.0625 —0.0417 —0.0208 0.0000
e 0.9200  0.9394  0.9592  0.9794 1.0000
7 0.4810  0.4910  0.5012  0.5117 0.5225
o 0.1198  0.1223  0.1249  0.1275 0.1302
6 0.2669  0.2669  0.2670  0.2670 0.2670
o2 0.4490  0.4583  0.4679  0.4777 0.4877
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Table 2. Size and power of tests: 7 =0

h=1,6¢=-05
N =T =120 N =T =240
c T()—1) Na LR  T(p—1) Na LR
0.0 11.2 98 5.8 7.0 64 5.0
—25 250  28.3 144 195 207 13.3
—5.0 42.8 481 27.1 373 431 277
—75 61.0  67.3 44.0 56.8 632 45.9
~10.0 741  80.3 583 732 787 63.1
~125 831  87.2 716 86.2 889 79.2
~15.0 90.0 918 82.4 925 954 87.9
~175 931 953 87.6 96.9  98.0 93.9
—20.0 96.0  97.3 922 984 994 96.7

h=1,¢=—025

N=T=120 N =T =240
c T()—1) Na LR  T(p—1) Na& LR
0.0 136 129 5.0 5.0 416 28
—25 324 434 107 221 334 127
—5.0 49.2 575 225 39.5 462 27.0
~75 627  66.7 36.1 576 66.1 42.5
~10.0 711 744 489 720  79.9 57.6
~125 773 80.8 58.2 823  87.3 70.7
~15.0 838  86.3 67.1 89.2 931 80.3
~175 87.7  89.5 749 934 953 86.7
—20.0 89.9 921 80.0 96.1  97.3 92.3
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Table 3. Size and size-adjusted power of tests: 7 =10

h=1,6¢=-05
N =T =120 N =T =240
c T()—1) Na LR  T(p—1) Na LR
0.0 11.2 98 58 7.0 64 5.0
—25 120 181 12.3 143 175 13.3
—5.0 21.9 301 238 293 38.0 27.7
-75 33.9  46.6 39.1 46.6  57.9 46.0
~10.0 45.7  60.9 538 634 733 63.1
~125 558  69.0 67.8 774 854 794
~15.0 644 746 78.1 86.9  93.0 88.0
~175 712 817 85.0 931  96.5 93.9
—20.0 75.9  87.0 90.0 96.7  98.8 96.7
h=1,¢=—025
N=T=120 N =T =240
c T()—1) Na LR  T(p—1) Na LR
0.0 136 129 5.0 5.0 46 2.8
—25 142 346 11.0 220 338 212
—5.0 247 39.3 227 394  47.8 41.0
~75 39.7  46.6 36.5 575  68.1 59.3
~10.0 50.9 521 49.4 720 817 744
~125 59.3 582 58.4 82.3  88.6 842
~15.0 659  65.7 67.5 89.2 936 91.4
~175 720 729 75.1 934 959 94.4
—20.0 764 764 80.2 96.1 974 97.0
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Table 4. Size and power of tests: 7 =1

h=1,6¢=-05
N =T =120 N =T =240
c T()—1) Na LR  T(p—1) Na LR
0.0 13.9 124 3.2 112 101 5.6
—2.5 267 310 64 142 187 175
~5.0 354 343 103 211 245 114
-75 43.6 465 158 314  37.0 186
~10.0 546 582 23.5 411 468 285
~125 623  64.6 322 528  59.2 386
~15.0 68.6  70.4 42.0 63.3 702 50.2
~17.5 727 762 49.2 732 802 610
—20.0 787  80.5 583 804  87.5 70.3

h=1,¢=—025

N=T=120 N =T =240

c T(p—1) N& LR  T(p—1) Né& LR

0.0 128 157 1.3 182 165 4.8

—25 181 301 2.2 223 316 6.6
~5.0 276 471 3.6 3.0 50.6 10.2
—75 385 493 5.4 418 535 173
~10.0 50.6  56.3 10.0 508 622 25.3
—12.5 60.1  65.1 15.4 575  67.0 31.8
~15.0 652  70.0 20.4 66.8  72.6 42.2
—17.5 729 767 27.1 73.6  78.6 49.9
—20.0 777 80.0 32.2 771 813 582
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Table 5. Size and size-adjusted power of tests: 7 =1

h=1,6¢=-05
N =T =120 N =T =240
c T()—1) Na LR  T(p—1) Na LR
0.0 139 124 3.2 112 101 5.6
—25 102 131 104 59 109 6.9
—5.0 14.7 184 15.8 99 157 11.0
—75 215  26.7 23.7 14.8 223 17.2
~10.0 296 338 335 20.7 295 265
~125 372 429 435 265 382 358
~15.0 470 484 537 356  50.8 47.6
~175 535  57.6 60.5 441  59.6 583
—20.0 61.9  64.7 69.9 530  69.1 67.7
h=1,¢=—025
N=T=120 N =T =240
c T()—1) Na LR  T(p—1) Na LR
0.0 128 157 1.3 182 165 4.8
—25 73 118 75 67 275 7.0
—5.0 126 179 13.3 109 345 10.7
—75 20.3 307 19.9 169  40.8 17.6
~10.0 288 344 280 251 425 25.9
~125 39.5 427 37.9 30.6 439 327
~15.0 46.0 478 448 414 480 43.0
~175 55.9 579 517 484 498 517
—20.0 638  67.6 57.4 538  52.9 59.3
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Table 6. Unit root tests: UK and US producer prices,
April 1996 — March 2014

UK US
Statistic Critical Statistic Critical
value value
Na —1.1448 —16.594 —6.6312 —16.594
LR 0.4116 8.118 3.2550 8.118
Continuous time model estimates
Parameter Unrestricted Restricted Unrestricted Restricted
« —0.0053 0.0000 —0.0307 0.0000
(0.0084) (0.0177)
) —1.1726 —1.1854 —2.0486 —2.1460
(0.1944) (0.1942) (0.4113) (0.4270)
Oc 0.0056 0.0056 0.0312 0.0319
(0.0005) (0.0005) (0.0042) (0.0044)
InL 1185.6476 1185.4418 879.3238 877.6963
Sy 0.5150 0.5479 0.0285 0.0572
S12 0.2510 0.2854 0.0124 0.0098

Numbers in parentheses are standard errors; entries for S; and S1o are

probability values.
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