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1. I ntroduction

An important issue in the empirical analysis of financial time series is whether holding period
returns on a risky asset are serially independent, which is required by the efficient market
hypothesis. The evidence is mixed. For instance, using a variance-ratio test Lo and
MacKinley (1988) and Poterba and Summers (1988), concluded that stock returns exhibit
mean reversion. Fama and French (1988), who examined the autocorrelations of one-period
returns, also found mean reversion. By contrast, using a generalised form of rescaled range
(R/S) satistic, Lo (1991) found no evidence against the random walk hypothesis. Using
annual data and allowing for fractiona alternatives, Caporale and Gil-Alana (2002) reported
that US stock returns are close to being an 1(0) series, and pointed out that their degree of
predictability depends on the process followed by the error term.

The study of long range dependence clearly requires sufficiently long series to justify
the application of large sample inference rules based on semiparametric models, whilst no
finite sample theory yet exists for rules of parametric inference on long memory. A number of
recent papers have therefore used the Standard and Poor’s (S&P) 500 index of over 17,000
daily observations. In particular, Granger and Ding (1995a,b) focused on power transform or
absolute value of the returns (used as proxies of volatility). They estimated a long-memory
process to study persistence in volatility, and established some stylised facts (temporal and
distributional properties). However, Granger and Ding (1996) found that the parameters of the
long-memory model vary considerably from one subseries to the next. Ryden et a (1998)
clamed that the tempora higher-order dependence observed in return series are better
described by a hidden Markov model, and again reported that the parameter estimates of the
model differ depending on the subseries being considered. Their model, though does not
account for an important distributional property of absolute returns (i.e. their very slowly
decaying autocorrelation function). This is reproduced by Granger and Terasvirta (1999) in

the context of a nonlinear model.



The fact that the “long memory” property might reflect the presence of breaks had
already been pointed out by Lobato and Savin (1998), though they did not find any evidence
to this effect when splitting their sample in two. In a subsequent paper, Aggarwal et a (1999)
used a pre-determined break procedure to investigate this issue. Granger and Hyung (1999)
applied instead the method of Bai (1997) and Bai and Perron (1998) for estimating multiple
breaks at unknown dates, and that of Inclan and Tiao (1994) for changes in variance. They
concluded that a series with breaks can mimic the properties of an I(d) process (such as the
autocorrelations), where d is a fraction whose value depends on the number of breaks for a
given sample size. Their smulation results indicate that “long memory” is more likely to be
exhibited by absolute returns because of the presence of breaks than their being an 1(d)
process. They estimated the parameter d for the various subperiods as suggested by Geweke
and Porter-Hudak (1983) (GPH henceforth), and found strong evidence of long memory in
absolute stock returns for all subperiods. However, they aso found that the value of d changes
considerably from one period to another, and suggested that a time-varying d is evidence that
alinear model with occasional breaks is appropriate for stock returns.

In this paper we revisit this issue by using Robinson’s (1994a) tests for testing 1(d)
statistical models to analyse the degree of dependence in the intertemporal structure of daily
stock returns. Specifically, we are interested in establishing whether stock returns can indeed
be characterised as an I(d) (or fractionally integrated) process, and also whether the degree of
dependence given by the parameter d is constant over time. Therefore, we split the full
sample, which comprises 17,000 observations, in 10 subsamples of 1700 observations each.
These are then grouped two by two, and five by five; finally, the whole sample is considered.
The results indicate that the degree of dependence remains relatively constant over time, with
the order of integration of stock returns fluctuating slightly above or below zero. On the

whole, there is very little evidence of fractional integration, despite the length of the series.



Therefore, it appears that, contrary to what argued in several studies (such as Granger and
Ding, 1995a,b), the standard practice of taking first differences when modelling stock returns
might be adequate.

The layout of the paper is the following. Section 2 briefly describes a version of the tests
of Robinson (1994a) for I(d) statistical models which we apply to daily stock returns. Section

3 presents the empirical analysis. Section 4 offers some concluding remarks.

2. Testing for fractional integration
For the purpose of the present paper, we define an 1(0) process{u;, t =0, £1, ....} asa
covariance stationary process with a spectra density function which is positive and finite at
zero frequency. In this context, we can say that {x;, t =0, £1, ...} isI(d) if
A-L)Y¢% = u, t=12 .., (1)
where L is the lag operator (Lx= X:.1), and the polynomial in (1) can be expanded using a
Binomial expansion such that

a-Ly= 380 (yi=g as 9@D d@-D@-2) 5,
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for any rea d. This type of models was introduced by Granger and Joyeux (1980), Granger
(1980, 1981), and Hosking (1981) (though earlier studies by Adenstedt, 1974 and Tagqu,
1975, show an awareness of this representation), and was theoretically justified in terms of the
aggregation of ARMA series with randomly varying coefficients by Robinson (1978) and
Granger (1980). Similarly, Croczek-Georges and Mandelbrot (1995), Tagqu et. a. (1997),
Chambers (1998) and Lippi and Zaffaroni (1999) also use aggregation to motivate long
memory processes, while Parke (1999) uses a closely related discrete time error duration
model.

Following the discussions of Bhargava (1986), Schmidt and Phillips (1992) and others

on the parameterisation of unit-root models, we consider the following regression model,



y, = bz + x, t =12 .. (2
where y; is the time series we observe; b is a (kx1) vector of unknown parameters; z is a
(kx1) vector of deterministic regressors that may include, for example, an intercept and a
linear time trend if z; = (1,t)’; and X; is given by (1). Robinson (1994a) proposed a Lagrange
multiplier (LM) test of the hypothesis:
H,: d=d, ©)

in (1) and (2) for any real value do. Specifically, the test statistic is given by:
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and g above is a known function coming from the spectral density of u:

f0 1) = —pg(l t).

Thus, for example, if u; is white noise, g © 1, and if w is AR(1) of form: u, =t u_, +e

t
a2
gl ;;t) = ‘1- t e"i‘ , with s* = V(&), so that the AR coefficients are function of t.

Robinson (1994a) showed that under certain regularity conditions,



f ®, N(1J as T ® ¥. 5

Thus, an approximate one-sided 100a%- level test of H, (4) against the alternative: Ha: d > d,
(d < do) will reject Ho (3) if T >z, (F < -z,), where the probability that a standard normal
variate exceeds z, is a. Furthermore, he shows that the above test is efficient in the Pitman
sense, i.e., that against local aternatives of form: Hy d = d, + dTY2 with d 1 0, the limit
distribution is normal with variance 1 and mean which cannot (when u; is Gaussian) be
exceeded in absolute value by that of any rival regular statistic. Empirical applications based
on this version of Robinson’s (1994a) tests can be found in Gil-Alana and Robinson (1997)
and Gil-Alana (2000a), and other versions of his tests, based on seasona (quarterly and
monthly) and cyclical data, are presented in Gil-Alana and Robinson (2001) and Gil-Alana
(1999, 20014) respectively.

Note that the above tests are purely parametric and therefore, they require specific
modelling assumptions to be made regarding the short memory specification of u;. However,
the AR modelling of the I(0) disturbances u; is very conventional, whilst there exist many
other types of 1(0) processes, including some outside the stationary and invertible ARMA
case. One model that seems especially relevant and convenient in the context of the present
testsis that proposed by Bloomfield (1973), in which g is given by

ol ;it) = epP2&t, cos(l ;N2 ©)
€ 1I=0 (%]

Formulae for Newton-type iteration for estimating the t, are very ssmple (involving no matrix

inversion), updating formulae when k is increased are aso simple, and we can replace A

below (4) by the population quantity
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which indeed is constant with respect to the t; (unlike what happens in the AR case). The
intuition behind this model is the following. Suppose that u; follows an ARMA process of the

form

r t-r
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where & is a white noise process and all zeros of f (L) lying outside the unit circle and all
zeros of g(L) lying outside or on the unit circle. Clearly, the function g in the spectrum of this
process is then given by
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Bloomfield (1973) showed that the logarithm of the above function is a fairly well-behaved
function and can thus be approximated by a truncated Fourier series. He showed that (6)
approximates (7) well, where p and g are small values, which usually happens in economics.
Like the stationary AR(p) case, this model has exponentially decaying autocorrelations and
thus, using this specification, we do not need to rely on as many parameters as in the ARMA
processes, which is always tedious in terms of estimation, testing and model specification.
The Bloomfield (1973) model confounded with fractiona integration has not been
very much used in econometrics though the Bloomfield model itself is a well-known model in
other disciplines (see, e.g. Beran, 1993). Amongst the few empirical applications found in the

literature are Gil-Alana and Robinson (1997), Velasco and Robinson (1999) and more

recently Gil-Alana (2001b).

3. Empirical results
In this section we analyse the degree of dependence in the intertemporal structure of daily

stock returns using the tests of Robinson (19944a). The series considered is the S& P daily 500



stock returns which covers the period from January 4, 1928 to August, 30, 1991, for atotal of
17,054 observations (see Granger and Ding, 1996, for further details). We drop the first 54
and create 10 subsamples of 1700 observations each, which we label A,B, C...., 1, J.

Denoting the series of interest by y;, we employ throughout the following model:

Vi = by + bt + X t=1,2, ..., (8
1-L)% = t=1,2, ..., (9)

treating separately the cases b, = b, = 0 apriori, b; unknown and b, = 0 a priori, and (bs, by)
unknown. We will model the disturbance term u both as a white noise and as an
autocorrelated process (including the case of a Bloomfield process). We start with the
assumption that u; is white noise. Thus when d = 1, for example, the differences (1-L)y:
behave, for t > 1, like arandom walk when b, = 0, and a random walk with drift when b, = 0.

Table 1 presents the test statistics for the order of integration under the assumption of
white noise disturbances. It can be seen that the value of the test statistic decreases
monotonically with respect to do, as one would expect, because of the one-sided nature of the
test. The results are very similar in the three cases of no regressors, an intercept and a linear
trend, suggesting that deterministic regressors might not be needed. In fact, the non-rejection
values coincide in all three cases. The hypothesis d = 0 cannot be rejected for subsamples A
and B. For C and D the order of integration seems to be between 0 and 0.10. For Eand F, d =
0.10, and for G and H the corresponding value is 0.20, whilst it is 0.10 for | and O for J.
Therefore, in all cases the order of integration is between 0 and 0.20.

(Table 1 about here)

Table 2 reports the results when weakly autocorrelated disturbances are considered.
Given the similarities in the results when using no regressors, an intercept and an intercept
and a linear time trend, we report only the results based only on the third case, i.e., using (8)

and (9), and modelling the 1(0) disturbances u; in terms of AR(1), AR(2) and a Bloomfield



process. It can be seen that whether u; is an AR(1) process or follows a Bloomfield
specification, the non-rejection values stay the same, and non-rejections occur with d = 0 for
A,B,C,E,F,G, and |. For the remaining subperiod d = O is rejected in favour of d < 0, and the
non-rejection occurs when d = -0.10. The results are similar when the disturbances are
modelled as an AR(2) process, though here one also observes non-rejections when d = -0.10
and d = 0.10, the case of d = 0 being the exception.

(Tables2 and 3 about here)

Table 3 refers to two-by-two groupings of the subperiods, and again reports the test
statistics for white noise, autocorrelated and Bloomfield disturbances. Practically all non-
rejections occur when d = 0. We only observe four cases where d is higher than 0, namely the
grouping E+F with AR(2) and Bloomfield (2) disturbances, and C+D with Bloomfield (2)
disturbances. It would appear, therefore, that the AR and Bloomfield models are very similar.
The same non-regjection values occur with AR(1) and Bloomfield (1) disturbances, and also
with AR(2) and Bloomfield (2) disturbances, which suggests that the Bloomfield model
approximates very well the AR structure. Further, it has a number of advantages in terms of
computation, as explained in the previous section.

In Table 4 the first and the last five subperiods are grouped, and again alternative
models for the disturbances are considered. Starting with the white noise specification, it can
be seen that the null is always rejected, though non-rejection values may occur when d is
between 0 and 0.10. The same applies to weakly autocorrelated disturbances. The non-
rejection value is d = 0 for both the first grouping with AR(1) and Bloomfield (1)
disturbances, and the second one with AR(2) and Bloomfield (2) disturbances. In general, the
non-rejection values are around 0.

(Tables4 and 5 about here)
Similar considerations can be made when looking at Table 5, where the full sample is

considered. If u; is awhite noise, the hypothesisd = O isregected against d >0, andd = 0.10 is

8



also rgjected against d < 0.10, implying that the order of integration should be between these
two numbers. If u; is modelled as an AR or Bloomfield process, the only non-rejections occur

whend =0.

4. Conclusions
In this paper we have used a version of the tests of Robinson (19944) to analyse the degree of
dependence in the intertemporal structure of daily stock returns (defined as the first difference
of the logarithm of stock prices, where the series being considered is the S&P500 index).
These tests offer two main advantages. First, they have a standard null limit distribution,
unlike other procedures for testing unit (or fractional) roots. In addition, they are the most
efficient ones when carried out against the appropriate (fractional) alternatives. Finite-sample
critical values of this version of Robinson's (1994) tests have been calculated in Gil-Alana
(2000b). However, it was shown in that paper that the asymptotic values perform relatively
well for samples of sizes considered here. We have taken various subsamples (the full sample
going from 1928 to 1991), and found that the degree of dependence remains relatively
constant over time, with the order of integration of stock returns fluctuating slightly around
zero. Thisisin contrast to the widespread notion that many series that are 1(1) become 1(d)
with d smaller than or greater than 1 when using a very long span of data. Therefore, it
appears that, despite the length of the series, a standard model in first differences rather than a
fractionally integrated one might be appropriate for stock returns. This has obvious
implications for investment strategies, since knowing where the expected mean is for a
stationary and long memory series enables one to devise rules to buy and sell at the optimal
time.

The approach we have taken following Robinson (19944) is based on a fully specified
parametric model. Given the length of the series, it would have been possible to employ

semiparametric procedures (see Robinson, 1994b,c 1995a,b). However, these semiparametric

9



techniques can be very sensitive to the choice of the bandwidth parameters. The fact that the
results we have obtained are robust to the model chosen for the disturbances, though, suggests
that semiparametric methods would produce very similar results to ours. Other issues such as
heteroscedasticity or the potential strong dependence in volatility will be addressed in future

papers.

10



References

Adenstedt, R.K. (1974), “On large-sample estimation for the mean of a stationary random
sequence”, Annals of Statistics, 2, 1095-1107.

Aggarwal, R., Inclan, C. and R. Leal (1999), “Volatility in emerging stock markets’, Journal
of Financial and Quantitative Analysis, 34, 1-17.

Bai, J. (1997), “Estimating multiple breaks one at atime”, Econometric Theory, 13, 315-352.

Bai, J. and P. Perron (1998), “Estimating and testing linear models with multiple structural
changes’, Econometrica, 66, 47-78.

Beran, J. (1993), “Fitting long memory models by generalized linear regressions’,
Biometrika, 80, 817-822.

Bhargava, A. (1986), “On the theory of testing for unit roots in observed time series’, Review
of Economic Studies, 53, 369-384.

Bloomfield, P. (1973), “An exponential model in the spectrum of a scalar time series’,
Biometrika, 60, 27-226.

Caporale, G.M. and L.A. Gil-Alana (2002), “Fractional integration and mean reversion in
stock prices’, Quarterly Review of Economics and Finance, forthcoming.

Chambers, M., (1998), “Long memory and aggregation in macroeconomic time series’,
International Economic Review 39, 1053-1072.

Croczek-Georges, R. and B.B. Mandelbrot, (1995), “A class of micropulses and anti-
persistent fractional Brownian motion”, Stochastic Processes and Their Applications, 60, 1-
18.

Fama, E.F. and K.R. French (1999), “Permanent and transitory components of stock prices’,
Journal of Political Economy, 96, 246-273.

Geweke, J. and S. Porter-Hudak (1983), “ The estimation and application of long memory time
series models’, Journal of Time Series Analysis, 4, 15-39.

Gil-Alana, L.A. (1999), “Testing fractional integration with monthly data’, Economic
Modelling, 16, 613-629.

Gil-Alana, L.A. (2000a), “Mean reversion in the real exchange rates’, Economics Letters, 69,
285-288.

Gil-Alana, L.A. (2000b), “Evauation of Robinson’s (1994) testsin finite samples’, Journal of
Satistical Computation and Smulation, 68, 39-64.

Gil-Alana, L.A. (2001a), “Testing stochastic cycles in macroeconomic time series’, Journal
of Time Series Analysis, 22, 411-430.

11



Gil-Alana, L.A. (2001b), “A fractionally integrated exponentially spectra model for the UK
unemployment”, Journal of Forecasting, 20, 329-340.

Gil-Alana, L.A. and P.M. Robinson (1997), “Testing of unit root and other nonstationary
hypotheses in macroeconomic time series’, Journal of Econometrics, 80, 241-268.

Gil-Alana, L.A. and P.M. Robinson (2001), “Seasonal fractional integration in the UK and
Japanese consumption and income series’, Journal of Applied Econometrics, 16, 95-114.

Granger, C.W.J. (1980), "Long memory relationships and the aggregation of dynamic models’,
Journal of Econometrics, 14, 227-238.

Granger, CW.J. (1981), "Some properties of time series data and their use in econometric model
specification™, Journal of Econometrics, 16, 121-130.

Granger, C.W.J. and Z. Ding (1995a), “Some properties of absolute returns. An alternative
measure of risk”, Annales d’ economie et de statistique, 40, 67-91.

Granger, CW.J. and Z. Ding (1995b), “Stylized facts on the temporal and distributional
properties of daily data from speculative markets’, UCSD Working Paper.

Granger, CW.J. and Z. Ding (1996), “Varieties of long memory models’, Journal of
Econometrics, 73, 61-78.

Granger, C.W.J. and N. Hyung (1999), “Occasional structural breaks and long memory”,
UCSD D.P. n0.99-14.

Granger, C.W.J. and R. Joyeux (1980), "An introduction to long-memory time series models and
fractiona differencing”, Journal of Time Series Analysis, 1, 15-29.

Granger, CW.J. and T. Terasvirta (1999), “A simple nonlinear time series model with
misleading linear properties’, Economics Letters, 62, 161-165.

Hosking, JR.M. (1981), "Fractiona differencing”, Biometrika, 68, 165-176.

Inclan, C. and G.C. Tiao (1994), “Use of cumulative sum of squares for retrospective
detection of change of variance”, Journal of the American Statistical Association, 89, 913-
923.

Lippi, M. and P. Zaffaroni, (1999), “ Contemporaneous aggregation of linear dynamic models
in large economies’, Manuscript, Research Department, Bank of Italy.

Lo, A.W. (1991), “Long-term memory in stock prices’, Econometrica, 59, 1279-1313.

Lo, AW. and A.C. MacKinley (1988), “Stock market prices do not follow a random walk:
evidence from a simple specification test”, Review of Financial Studies, 1, 41-66.

Lobato, I.N. and N.E. Savin (1998), “Real and spurious long-memory properties of stock-
market data’, Journal of Business and Economic Satistics, 16, 261-268.

12



Parke, W.R. (1999), “What is fractional integration?’, The Review of Economics and
Statistics, 81, 632-638.

Poterba, JM. and L.H. Summers (1988), “Mean reversion in stock prices. evidence and
implications’, Journal of Financial Economics, 22, 27-59.

Robinson, P.M. (1978), “ Statistical inference for a random coefficient autoregressive mode!”,
Scandinavian Journal of Statistics, 5, 163-168.

Robinson, P.M. (1994a), “Efficient tests of nonstationary hypotheses’, Journal of the
American Statistical Association, 89, 1420-1437.

Robinson, P.M. (1994b), “Time series with strong dependence’, in C.A. Sims (ed.), Advances
in Econometrics, Sixth World Congress, 1, 47-95, Cambridge University Press.

Robinson, P.M. (1994c), “Semiparametric analysis of long memory time series’, Annals of
Satistics, 22, 515-539.

Robinson, P.M. (1995a), “Log-periodogram regression of time series with long range
dependence’, Annals of Satistics, 23, 1048-1072.

Robinson, P.M. (1995b), “Gaussian semiparametric estimation of long range dependence’,
Annals of Satistics, 23, 1630-1661.

Ryden, T., Terasvirta, T. and S. Asbrink (1998), “ Stylized facts of daily return series and the
hidden Markov model”, Journal of Applied Econometrics, 13, 217-244.

Schmidt, P. and P.C.B. Phillips (1992), “LM tests for a unit root in the presence of
deterministic trends’, Oxford Bulletin of Economics and Satistics, 54, 257-287.

Tagqu, M.S. (1975), “Weak convergence to fractional Brownian motion and to the Rosenbl att
processes’, Z. Wahrscheinlichkeitstheorie verw, 31, 287-302.

Tagqu, M.S., W. Willinger and R. Sherman, (1997), “Proof of a fundamental result in self-
similar traffic modelling”, Computer Communication Review 27, 5-23.

Velasco, C. and P.M. Robinson (1999), “Whittle pseudo-maximum likelihood estimation of
nonstationary time series’, Preprint.

13



TABLE 1

Testing the order of integration of the series with white noise disturbances

1)  With no regressors
Series Values of d,
-0.50 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A 103.65 | 69.27 | 4041 | 2068 | 843 | 092 | -383 | -7.02 | -9.27 | -10.93 | -12.22
B 8759 | 57.35 | 3294 | 1641 | 6.02 | -051' | -482 | -7.81 | -9.98 | -11.62 | -12.89
C 97.73 | 67.30 | 41.34 | 2292 | 1092 | 316 | -201 | -561 | -8.20 | -10.14 | -11.62
D 84.73 | 57.16 | 3448 | 18.67 | 847 192 | -241 | -543 | -7.64 | -9.33 | -10.67
E 116.02 | 76.71 | 4478 | 24.09 | 1153 | 378 | -1.22° | -464 | -7.09 | -893 | -10.37
F 8450 | 61.34 | 39.99 | 2331 | 1166 | 391 | -125 | -482 | -7.38 | -9.29 | -10.78
G 86.73 | 65.94 | 4641 | 3052 | 1875 | 10.38 | 442 | 010 | -312 | -560 | -7.56
H 88.05 | 62.75 | 41.09 | 25119 | 1439 | 7.13 208 | -157 | -434 | -6.52 | -8.28
I 76.83 | 52.31 | 33.30 | 1959 | 10.01 | 332 | -141 | -487 | -747 | -948 | -1106
J 60.81 | 4047 | 2457 | 1296 | 490 | -058 | -438 | -7.09 | -9.10 | -10.65 | -11.88
2)  With an intercept
Series Values of d,
-0.50 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A 96.15 | 6551 | 3913 | 2038 | 839 | 092 | -383 | -7.02 | -927 | -10.93 | -12.22
B 88.10 | 57.64 | 3305 | 1644 | 6.03 | -051' | -482 | -7.81 | -9.98 | -11.62 | -12.89
C 96.76 | 6648 | 4093 | 22.79 | 1089 | 316 | -201 | -561 | -8.20 | -10.14 | -11.62
D 85.97 | 57.72 | 3471 | 1875 | 8.48 192 | -241 | -544 | -7.65 | -9.34 | -10.67
E 9473 | 66.83 | 4193 | 2357 | 1148 | 378 | -1.22 | -464 | -7.10 | -8.94 | -10.39
F 93.07 | 66.15 | 4202 | 2394 | 11.79 | 391 | -1.27 | -483 | -7.38 | -9.29 | -10.77
G 87.93 | 66.49 | 4661 | 30.58 | 1876 | 10.38 | 442 | 010 | -312 | -560 | -7.56
H 87.86 | 62.63 | 41.04 | 2517 | 1439 | 7.13 209 | -157 | -434 | -652 | -8.28
I 7274 | 51.33 | 3324 | 19.65 | 10.01 | 332 | -142 | -488 | -747 | -948 | -1106
J 67.81 | 4423 | 26.02 | 1337 | 498 | -058 | -439 | -7.10 | -9.11 | -10.65 | -11.88
3) With anintercept and alinear time trend
Series Values of d,
-0.50 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A 9390 | 6457 | 3883 | 2030 | 837 | 092 | -383 | -7.02 | -9.27 | -10.94 | -12.22
B 81.96 | 54.13 | 3152 | 1590 | 586 | -056" | -483 | -7.81 | -9.98 | -11.62 | -12.89
C 73.77 | 52.66 | 34.33 | 20.17 9.99 288 | -209 | -563 | -8.21 | -10.14 | -11.62
D 8254 | 55.28 | 3341 | 1821 | 8.30 187 | -242 | -543 | -7.64 | -9.33 | -10.67
E 9488 | 67.13 | 42.06 | 2357 | 1144 | 375 | -125 | -466 | -7.11 | -8.95 | -10.39
F 89.91 | 6446 | 4127 | 2366 | 1169 | 388 | -1.28 | -483 | -7.38 | -9.29 | -10.77
G 86.98 | 66.13 | 46,51 | 3056 | 1876 | 10.38 | 442 | 010 | -312 | -560 | -7.56
H 87.69 | 62.62 | 41.06 | 2519 | 1439 | 7.13 208 | -157 | -434 | -652 | -8.28
I 7282 | 51.37 | 3326 | 19.65 | 10.01 | 332 | -142 | -488 | -747 | -948 | -1106
J 62.79 | 41.86 | 25.09 | 13.05 | 488 | -061 | -440 | -7.10 | -9.11 | -10.65 | -11.88
* and in bold: Non-rejection values of the null hypothesis at the 95% significance level.
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TABLE 2

Testing the order of integration of the series

1) With AR(1) disturbances

Series Values of d,
-050 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A 20.65 | 16.69 | 1587 | 1019 | 442 | -003 | -327 | -561 | -7.35 | -867 | -9.72
B 1546 | 1491 | 13.67 | 852 369 | -006 | -292 | -513 | -6.90 | -8.35 | -9.56
C 20.92 | 19.68 | 12.32 | 8.77 445 | 0.76 -219 | -456 | -6.46 | -8.01 | -9.29
D 1475 | 1229 | 10.79 | 5.79 1.14 -238 | -496 | -6.85 | -828 | -9.40 | -10.29
E 12.06 | 11.53 | 1358 | 8.24 300 | -097 | -387 | -6.01 | -763 | -8.90 | -9.91
F 1576 | 1239 | 1056 | 7.71 350 | -025 | -320 | -5.45 | -7.19 | -857 | -9.68
G 1065 | 7.01 5.76 4.85 220 | -051' | -285 | -4.78 | -6.36 | -7.67 | -8.78
H 9.32 8.34 7.23 424 | 0.83 -191 | -399 | -558 | -6.87 | -7.94 | -8.87
I 1054 | 6.49 7.20 4,96 218 | -034 | -249 | -427 | -576 | -7.02 | -8.11
J 10.27 | 9.29 7.62 4.03 041 -259 | -493 | -6.72 | -811 | -9.21 | -10.11
2)  With AR(2) disturbances
Series Values of d,
-050 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A 1527 | 1468 | 13.96 | 10.02 | 5.32 1.32 -1.80 | -420 | -6.05 | -7.50 | -8.67
B 2093 | 1835 | 1038 | 7.12 3.68 088 | -1.31" | -3.08 | -455 | -582 | -6.95
C 1263 | 11.34 | 9.77 7.71 4,78 210 | -0.18 | -2.14 | -3.85 | -5.32 | -6.61
D 16.19 | 1396 | 12.26 | 8.01 3.79 0.30' -240 | -450 | -6.14 | -7.44 | -850
E 13.76 | 13.16 | 1459 | 10.10 | 5.65 203 | -080 | -3.03 | -4.82 | -6.27 | -7.47
F 1964 | 1665 | 10.16 | 842 5.23 207 | -060 | -277 | -453 | -5.99 | -7.21
G 9.30 8.58 7.55 6.23 3.94 157 | -054 | -239 | -400 | -540 | -6.63
H 1062 | 9.90 8.82 5.49 223 | -035 | -231 | -3.80 | -497 | -5.94 | -6.78
I 8.33 5.78 5.58 3.39 098 | -1.16" | -297 | -446 | -571 | -6.75 | -7.65
J 9.32 8.43 7.57 4.88 180 | -1.00 | -333 | -519 | -6.66 | -7.84 | -8.80
3) With Bloomfield (1) disturbances
Series Values of d,
-050 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A 56.23 | 37.81 | 2275 | 1214 | 459 | -0.07 | -3.14 | -534 | -707 | -822 | -9.30
B 46.60 | 31.39 | 19.22 | 1018 | 407 | -031' | -290 | -488 | -6.17 | -7.39 | -8.28
C 50.81 | 3352 | 21.03 | 11.06 | 5.03 0.68' -233 | -421 | -6.17 | -7.22 | -8.24
D 39.78 | 26.08 | 14.08 | 6.51 0.74 -297 | -513 | -7.09 | -839 | -9.25 | -10.11
E 58.32 | 37.61 | 20.15 | 9.57 265 | -146° | -4.14 | -6.06 | -7.60 | -8.62 | -9.60
F 40.10 | 27.80 | 18.10 | 9.82 364 | -051' | -3.39 | -552 | -7.25 | -8.43 | -9.26
G 38.15 | 26.47 | 16.88 | 8.75 328 | -044 | -312 | -519 | -6.92 | -8.14 | -9.01
H 39.15 | 2592 | 1436 | 7.13 1.55 -204 | -412 | -6.10 | -743 | -835 | -9.01
I 37.92 | 25.04 | 1549 | 7.98 358 | -004 | -278 | -456 | -6.13 | -7.24 | -8.02
J 28.32 | 18.07 | 1050 | 451 0.25 -282 | -513 | -6.96 | -8.19 | -9.03 | -9.89
‘ and in bold: Non-rejection values of the null hypothesis at the 95% significance level.
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TABLE 3

Testing the order of integration of the series

1)  With white noise disturbances
Series Values of d,
-050 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A+B | 14332 | 9499 | 5483 | 27.63 | 10.90 | 0.67 -5.82 | -10.20 | -13.32 | -15.64 | -17.44
C+D | 14572 | 95.65 | 5598 | 29.86 | 13.72 | 357 -3.11 | -7.76 | -11.13 | -13.67 | -15.66
E+F | 151.15| 9969 | 59.84 | 33.16 | 16.15 | 531 -1.82 | -6.71 | -10.24 | -12.88 | -14.93
G+H | 12459 | 90.70 | 60.84 | 38.20 | 2240 | 11.61 | 408 | -1.37 | -549 | -870 | -11.26
I+J | 12565 | 7449 | 4214 | 2233 | 9.65 1.20 -463 | -8.82 | -11.95 | -14.35 | -16.25
2)  With AR(2) disturbances
Series Values of d,
-050 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A+B | 3282 | 2307 | 2295 | 1428 | 6.09 | -0.08 | -454 | -7.80 | -10.26 | -12.18 | -13.72
C+D | 2114 | 1992 | 1838 | 11.00 | 4.09 | -1.18 | -5.14 | -8.16 | -10.51 | -12.38 | -13.90
E+F | 2083 | 1924 | 1781 | 1152 | 463 | -091' | -5.08 | -8.22 | -10.63 | -12.53 | -14.06
G+H | 1275 | 1071 | 10.21 | 6.69 1.99 -200 | -510 | -753 | -9.49 | -11.13 | -12.53
I+J | 20.62 | 17.02 | 13.08 | 7.06 1.82 -2.36 | -5.65 | -8.23 | -10.28 | -11.94 | -13.32
4)  With AR(2) disturbances
Series Values of d,
-050 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A+B | 2195 | 20.62 | 1825 | 1294 | 6.77 1.62’ -2.37 | -5.45 | -7.87 | -9.82 | -11.43
C+D | 1987 | 17.33 | 1662 | 1148 | 6.17 1.76 -1.78 | -465 | -7.00 | -8.96 | -10.61
E+F | 2038 | 1897 | 1682 | 1272 | 7.54 286 | -098 | -409 | -6.62 | -8.71 | -10.47
G+H | 1942 | 1838 | 11.61 | 8.05 3.99 0.47 -234 | -459 | -643 | -7.99 | -9.35
I+J | 1515 | 1423 | 11.18 | 6.55 231 | -1.30 | -428 | -6.69 | -8.65 |-1"0.25| -11.59
5) With Bloomfield (1) disturbances
Series Values of d,
-050 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A+B | 7710 | 5061 | 30.39 | 1604 | 6.73 | -0.37 | -446 | -743 | -9.79 | -11.39 | -12.50
C+D | 7426 | 47.03 | 25.66 | 1285 | 402 | -1.38 | -5.03 | -8.32 | -10.05 | -11.62 | -13.14
E+F | 7493 | 4702 | 2645 | 1343 | 425 | -150' | -537 | -8.22 | -10.53 | -12.11 | -13.21
G+H | 5582 | 36.44 | 21.81 | 1041 | 3.19 -219 | -538 | -7.81 | -9.88 | -11.32 | -12.36
I+J | 64.73 | 36.76 | 18.73 | 8.58 2.52 -220 | -5.69 | -8.47 | -10.36 | -11.67 | -12.57
3) With Bloomfield (2) disturbances
Series Values of d,
-050 | -040 | -0.30 | -0.20 | -0.10 | 0.00 0.10 0.20 0.30 0.40 0.50
A+B | 5427 | 36.79 | 2485 | 1523 | 7.38 1.54 -250 | -476 | -753 | -791 | -9.35
C+D | 56.02 | 39.08 | 23.37 | 1454 | 7.58 131 | -138 | -354 | -6.36 | -6.82 | -840
E+F | 5894 | 39.92 | 2407 | 1520 | 7.92 232 | -083 | -329 | -6.32 | -6.87 | -852
G+H | 3997 | 29.62 | 19.37 | 10.10 | 5.17 1.03 -201 | -534 | -6.00 | -7.68 | -8.90
I+J | 45,65 | 2549 | 1353 | 5.76 218 | -1.09 | -365 | -6.11 | -6.78 | -8.49 | -10.14

* and in bold: Non-rejection values of the null hypothesis at the 95% significance level.

16




TABLE 4

Testing the order of integration of the series

1)  With white noise disturbances
Series Values of d,

-050 | -0.40 | -0.30 | -0.20 | -0.10 | 000 | 040 | 020 | 030 | 040 | 050
ABCDE| 27387 | 17456 | 95.87 | 46.96 | 1887 | 233 | -8.07 | -15.09 | -20.09 | -23.82 | -26.72
FGHIJ | 24418 | 152.74 | 88.46 | 48.44 | 2379 | 805 | -252 | -10.00 | -15553 | -19.77 | -23.13

2)  With AR(2) disturbances
Series Values of d,

-050 | -0.40 | -0.30 | -0.20 | -0.10 | 0.00 | 040 | 020 | 030 | 040 | 0.50
ABCDE| 5268 | 43.07 | 41.34 | 2388 | 963 | -034 | -7.35 | -12.45 | -16.31 | -19.33 | -21.76
FGHIJ | 3453 | 2890 | 2657 | 14.88 | 490 | -254 | -807 | -12.29 | -15.61 | -18.32 | -20.58

3) With AR(2) disturbances
Series Values of d,

-050 | -0.40 | -0.30 | -0.20 | -0.10 | 000 | 040 | 020 | 030 | 040 | 050
ABCDE| 3341 | 2764 | 22.80 | 21.80 | 11.06 | 2.80 | -3.41 | -819 | -11.97 | -15.04 | -17.59
FGHIJ | 24418 | 152.74 | 88.46 | 48.44 | 23.79 | -004 | -498 | -8.87 | -1553 | -10.77 | -23.13

3) With Bloomfield (1) disturbances
Series Values of d,

-050 | -0.40 | -0.30 | -0.20 | -0.10 | 000 | 010 | 020 | 030 | 040 | 050
ABCDE]|150.19 | 94.14 | 51.97 | 2649 | 9.13 | -0.83 | -7.19 [ -11.76 | -15.41 | -17.90 | -19.62
FGHIJ | 12288 | 7352 | 39.22 | 1868 | 6.03 | -2.80 | -7.93 | -12.66 | -15.06 | -18.04 | -19.57

3) With Bloomfield (2) disturbances
Series Values of d,

-050 | -0.40 | -0.30 | -0.20 | -0.10 | 000 | 010 | 020 | 030 | 040 | 050
ABCDE| 7643 | 4532 | 39.05 | 2009 | 943 | 211 | -2.95 | -10.98 | -11.56 | -14.09 | -22.43
FGHIJ | 16654 | 109.10 | 4367 | 1843 | 654 | 1.02 | -523 | -6.87 | -9.03 | -12.56 | -17.34
* and in bold: Non-rejection values of the null hypothesis at the 95% significance level.

TABLES
Testing the order of integration of the series

Series Values of d,
ABCDEFGHIJ| -050 | -0.40 | -0.30 | -020 | -0.10 | 0.00 | 010 | 020 | 030 | 040 | 050
White Noise | 459.56 | 276.68 | 142.12 | 68.75 | 28.94 | 5.64 | -9.17 | -19.28 | -26.57 | -32.05 | -36.33

AR(1) [32323]126.75] 89.90 | 54.63 | 12.34 | 114 | -453 | -8.35 | -14.53 | -20.08 | -41.02

AR(2) [124.32[10092] 54.76 | 4312 | 10.03 | 0.86' | -2.34 | -6.75 | -15.43 [ -30.01 | -39.43
Bloomfield (1) | 208.65 | 176.34 | 101.43 | 76.37 | 2054 | 121 | -354 | -8.75 | -10.98 | -24.32 | -42.32
Bloomfield (2) | 10054 | 65.76 | 34.32 | 12.09 | 756 | 119 | -2.45 | -654 | -9.65 | 1645 | -31.21

* and in bold: Non-rejection values of the null hypothesis at the 95% significance level.
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