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INTRODUCTION

Considering the importance of the identification of the fractional integration parameter, many researchers are interested by
the statistical tests based on this parameter. These tests are revealed very useful to capture the persistence properties of many
long memory processes. The stationnarity tests are often the subject of several papers. There is a growing number of works which
develop new approaches of these tests. These works were made in a way to verify the belonging of the parameter d, such that if
d < 1/ 2 the process is stationary (asymptotically stationary) and if d > 1/ 2 the process is not stationary.

At the beginning, the Hurst statistics is used as a heuristic test to test the presence of a long memory behavior, then, with
the development of the stochastic approach, other tests have been exposed in order to improve the performance of these tests.
Among these tests we find the GPH test (Geweke and Porter-Hudak test) which is developed to test in frequency domain the
presence of long memory. Robinson and Tanaka have proposed Lagrange Multiplier test (LM test) in the frequency and the time
domain respectively. Another type of test is proposed by Dolado ™, Gonzalo and Mayoral and modified by Lobato and Velasco
2 since it is a Wald type test that working under the alternative assumption. This test is called fractional Dickey-Fuller test (FDF
test), originally developed for the case Fi(d,) versus Fi(d,) with d, < d. Lately, Bensalma Bl have proposed a statistical test that
has acceptable power properties and based on the principle of Dickey-Fuller which test the presence of unit root. It turns out to
be a generalization of the well-known Dickey-Fuller (D-F) test, and can be seen as better than FDF in terms of simplicity, efficiency
and implementation.

All the steps and the properties of the Bensalma-test are similar to the Dickey-Fuller test, moreover, the hypotheses which
he used are the same as DF test. Thus, he has proved that we can use the critical values found by Dickey fuller to execute his test.
For this reason, we proceeded to the development of fractional Dickey Fuller test presented by A. Bensalma ! in the augmented
case. This development was made by Monte Carlo simulation methods to study the performance (power), and check the empirical
distribution.
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This article is organized as follows. In the next section, we introduce the new fractional Dickey-Fuller test presented by
Bensalma . In Section 3, we discuss about the new fractional augmented Dickey-Fuller test in several subsections. In the first,
we introduce the regression which is uses in the test. Secondly, we study the asymptotic distribution of test statistic and calculate
the critical value. The last subsections, contains the Monte Carlo simulation experiment, where size and power of the tests are
studied. Section 4 discusses of an empirical application of the previous test. Finally, Section 5 summarizes the conclusions.

THE NEW FRACTIONAL DICKEY-FULLER TEST: (NFDF TEST)

Bensalma “ proposed a new test based on the fractional parameter inspired, essentially, by the well-known Dickey-Fuller
test ), but in a more general case (fractional case). This test was developed under the assumptions:

{HO d>d,

H, :d<d,

The regression test is given by:

Ay, = Ay, +0 (1)
S ANy, =(¢-1)A""y,_ +9

The equation (01) can be written as:

A%y, =pA©Ty,  +0 @
where P=9-1

The assumptions test can be built in basing of the coefficient p from the regression presented in (02) as:
Hy:p=0
H :p<0

The asymptotic distribution of the OLS estimator of p and its t-ration under the null hypothesis it given by the following
theorem:

Theorem:
If ( », ),E , s a data generating process defined by: A? v, =¢&,, and let be the regression presented in (02):

When 7 = +% we have:

(logn)p — - if d-d, =—%
. L1
np ——m zf—5<d—do<0.

%{w2 (1)-1}

np > 2~ if d—d, =0.

I;wz (r)dr

np . if d—d,>0.

-
2

jowg’m+l (r)dr

And when n — +x, the t-stat verifies that:

t, ——o if d—doz—%.

yel

t, > —oo if—%<d—d0<0.

Yil

o M if d—d, =0,
U;WZ (r)a’r:|E
1

ty, >+ if 0<d—d0<5.
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t. >4 if 0<d d >—.

To test the asymptotic stationarity in a fractional time series we use the following test problem: H: d> %2 againstH,:d > 1/2
The auxiliary regression test is given by:

Ay, =pAy 40

Under the assumptions that d=1 and (¢ =l, ¥, ~I(1), and A‘l/Qytrl'vl(l) respectively, and the both cases are similar to
2

conventional test B Thus, the corresponding asymptotic distributions, under d=d,, are invariant and similar to those given by
Dickey and Fuller Bl Therefore, the critical values obtained from asymptotic distribution are identical which found by Fuller ' and
presented after by Mackinnon.

Furthermore, all the steps of this test and the given theoretical results have been verified by Monte Carlo simulations in his
article, which leaves suggest that this test is a powerful tool to test stationarity in the fractional case.

NEW FRACTIONAL AUGMENTED DICKEY-FULLER TEST (NFADF TEST)
o}

The asymptotic distributions of NFDF test statistic test were studied under the assumption that the error term () in
regression (02) is white noise. But, this assumption is not always verified.

In this section, we based on the results obtained by Bensalma ), to extend his principle results in case where the errors are
serially correlated.

Transformation model
Let (y,,t € Z) be fractional process and:
x, =A%y, 4)
The auxiliary regression presented in (0O1) can be written in the following form:

X, =¢ x_,+6 (5)
p-1

where O ~ AR(p—1):6,=>a,0_, +u, and u, ~iid(0,c,).

J:l . . .
Although, the errors are auto-correlated, and in order to reduce to a regression with non-auto-correlated errors, we must
perform the following lemma:

Lemma
Any AR (1) - process with auto-correlated errors of order (p), can be reduced to an AR (p) with non-auto-correlated errors.
Consequences of the lemma
Any AR (k) - process with auto-correlated errors of order (p-k) can be reduced to an AR (p) with non-auto-correlated errors.
Proof: see Appendix

From this lemma and its consequences we found that equation (05) can be written in the form below

p-1
AX, = px_ =2 7,Ax_, +u, (6)

j=1
Where p=(¢—1)(1—a] —a, —...—ap_])

We replace *t by the expression (04):
p-1

ANy, = p ATy =y ANy,
j=1

This equation is equivalent to:
p-1

Ay, =pA®ly =y, A%y, +u, 7

J=1

Remarks:
This equation represents the augmented regression of NFDF test presented by Bensalma B

(i) If the coefficients y, are not significant, we will have the simple model of NFDF test:
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Ay =pA*y  +u,

(i) If d,=1, thus:

p-1

Ayl =PVia _27;1&)’,1 +u,
j=1
This model represents the regression of classical Augmented Dickey-Fuller test. Thus, this test can be considered as
generalization of Augmented Dickey-Fuller test [""and is based on significance of coefficient p in regression (07).

Monte-carlo experiments:

Hereinafter, we study the analogy of the test in the augmented case by Monte Carlo simulation experiments using some
approaches used in the NFDF test presented above.

Reconstruction of the assumptions test:

Consider the following testing problem: H: d = d, vs H,: d < d,, These assumptions can be constructed as function of
coefficient p of augmented regression presented in (07) and this reformulation is presented in the following proposition:

Proposal 01:
Under the null hypothesis (where d > d ), the OLS estimator of coefficientp, p , in regression (07) is zero.

Under the alternative hypothesis (where d < d ) the OLS estimator of coefficient p, p,in regression (07) is strictly less than
zero, and it converges to the infinity when d  is great.

We can simplify this proposal as follows:
H,:p=0
H :p<0

o id2d,

H, :d<d,

amounts to testing {
-

Under the stated proposition, tests {
from the regression (07).

Proof

The Proof of this proposal will be made using simulations:

The experiment covers ARFIMA(1,d,0) series of length T=500 for several values of d (d=1,0.25,0.5,0.75,1,1.25,1.2,2). The
Monte Carlo study involves 1000 replicates (series), where in each series we calculate the estimator of p.

Figure 1 below shows the smoothed curves of estimated p.

The equivalence of the first two hypotheses, and second, is very clear in Figure 1, such as when we fixed 4§ at
d=1,0.25,0.5,0.75,1,1.25,1.2,2, the value of p is O for any values of d, < d. As soon as d, takes values higher than d, the values
of p start to decrease and they take negative values. For example, consider the Figure 1d, we note that the coefficient p is
equal to zero when 4, "0.75 (until the discontinuous red line where d = d,)). From this point, the values of # start to decrease with
negative values, what confirms that the hypothesis p =0 is equivalent to d > d,, as well as the alternative assumption p<0is
equivalent to the d>d,.

Under the null hypothesis, Said and Dickey ® showed that the asymptotic distribution of test statistic in the augmented
case is identical to that derived in simple case (absence of the errors autocorrelation). Moreover, Bensalma showed that the
distribution of DF test statistic is similar to NFDF test when d = d . The asymptotic distribution behavior of test statistic of NFDF
test is given in the following proposition.

Proposal 02:

Under the assumption that: d = d,, the asymptotic distribution of NFADF test statistic is invariant and identical to the
distribution of ADF test statistic.

i.e., if the value of d, is equal to the true value of integration (whatever this value), the distribution remains same and
identical one to the ADF test.

Proof:

The Proof is made in a way to compare the empirical distributions of NFADF and ADF tests. This comparison is made
specifically on the quantiles (critical values) of the various distributions.

The simulation experiments, presented here, are as follows:
a. First, our objective is to generate several processes (corresponding to ARFIMA (0,d, 0) and ARFIMA(p,d,0)).

b. These models are based on fractional noise series which generated using the algorithm of Diebold and Rudebusch.
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Figure 1. The convergence of the coefficient p according to the values of d {d = 0, 0L.23, ..., 2} and dp of ARFIMA (1,d,0) processes.

c. The regression test (07) was estimated by putting d = d, = 1/2, to assure the condition of similarity between the both
distributions DF and NFDF.

d. The estimated quantiles (critical values) of NFDF test and NFADF test (with lags varying from one to five); Significance
level ranging from 0.01 to 0.99 and for different sample sizes T= 25, 50, 100, 150, 200, 500, 1000, 3000) are obtained from
an arithmetic average of 50 simulation experiments, each one containing 10,000 replications.

The distribution of NFADF test statistic is different from the normal distribution of the same expectation and same variance
(Figure 2a), and this is confirmed by the Q-Q-plot presented in the Figure 2b which lets suggest that the distribution of the test
statistic does not normally distributed.

The Figures, 2c and 2d represent the plots of the empirical distributions of the ADF and NFADF test statistic, and the
distribution of " of test ADF and NFADF respectively. Note that there is a perfect superposition of the distributions, which
confirms the statement of our proposition.

The table of critical values is given in the appendix.
From the table of estimated critical values (09):

¢ We see that these values are quasi-similar with the usual tabulated critical values obtained by Dickey-Fuller ¥, Dickey
and Said ® and by J MacKinnon.
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Figure 2. comparing the empirical distribution of ADF test with normal distribution and the empirical distribution of ADF test.

¢ On the other hand the critical values for the same sample size, for different numbers of lags, and for the same threshold
are very close from one to another.

Hence, the choice of a single value for all lags is suitable; therefore we chose the average of critical values as the
representative value (Table 1).
Table 1. Estimated critical values of the new fractional Dickey-Fuller test statistic.

T Probability that tﬁ be less than C({X)
0.01 0.025 0.05 0.1 0.9 0.95 0.975 0.99
25 -2.665 -2.287 -1.956 -1.614 0.916 1.321 1.689 2.093
50 -2.625 -2.263 -1.948 -1.626 0.904 1.309 1.635 2.064
100 -2.599 -2.253 -1.946 -1.618 0.900 1.297 1.636 2.015
150 -2.585 -2.251 -1.946 -1.615 0.899 1.291 1.635 2.035
250 -2.590 -2.247 -1.944 -1.615 0.891 1.284 1.613 2.031
500 -2.581 -2.223 -1.941 -1.611 0.885 1.284 1.614 2.003
1000 -2.564 -2.229 -1.944 -1.613 0.888 1.296 1.633 2.051
3000 -2.563 -2.16 -1.940 -1.613 0.883 1.289 1.612 2.047

Source: made by ourselves from simulations
Power and size of NFADF test:

In the next, we will study the reliability of the test in the augmented case by analyzing the size and power of several models
ARFIMA (p, d, O).

Proposition 04:

Lety,te Z be random process, anda,3 are the first and second type-errors respectively of new fractional augmented Dickey
Fuller test whose assumptions are given by:
H,: d=>d,
H, : d<d,

there exists an unbiased test determined by the critical region Wa,
W, = {t <c, (a)}
with P, (t2¢,(a))21-a

and lim 7, (r<e,(a))=1 )
where t s the test statistic corresponding to p ,d defined as: t = 1, and ¢ (a )is the critical value at level a
O-
P
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Proof:

To prove the proposition, we will proceed to Monte Carlo simulations of several ARFIMA(p,d,0) models, where we took
different values of d(d = O, 0.5 ,1)) to check all possible cases (Memory long and short memory, stationary and non-stationary).

We took into account several lags of the Autoregressive part of these processes (p=1,2,3,4), and the values of coefficients
were selected in a random way under the assumption of stationarity of the autoregressive part.

We will study the size and the power of NFADF test at the thresholds 1%, 5% and 10% of the different simulated models with
various sample sizes(T= 25,50,100,300 et 1000) and for several values of d, (d, €]-1.5,1],).

For each experiment we used 10000 replications and the results are presented in the following tables.
Preliminary result:

We conducted several simulation experiments and we noticed that we get the same results when changing the number of
lags used to run the test and when changing the coefficient of the autoregressive part. Therefore, in our study presented below,
we chose an augmented model with only one lag.

The following Tables 2-7 present the calculated sizes and powers of the NFDF test using simulation methods of Monte Carlo
with assumptions discussed above.

Table 2. Calculated probability of accepting H: d = 0 = d, (size), based on the asymptotic quantiles 1%, 5% and 10% of the Dickey-Fuller
distribution calculated by JG MacKinnon.

T ah, dp 0 -0.1 -0.2 -0.3 -0.4
1% 98.1 % 99.3 % 99.8 % 99.7 % 99.9 %
25 5% 94.4 % 96.2 % 98.3 % 98.8 % 98.6 %
10% 89.5 % 93.3 % 95.2 % 97.2 % 96.3 %
1% 99.3 % 99.5 % 99.7 % 99.9 % 100 %
50 5% 95.4 % 97 % 98.4 % 99.3 % 99.4 %
10% 89.4 % 93.6 % 96.4 % 98.4 % 98 %
1% 99 % 99.8 % 99.9 % 100 % 100 %
100 5% 94.5 % 97.6 % 99.3 % 99.6 % 100 %
10% 89.6 % 95.3 % 97.4 % 98.6 % 99.6 %
1% 98.9 % 99.9 % 100 % 100 % 100 %
500 5% 95.1 % 98.9 % 99.9 % 100 % 100 %
10% 91 % 97.2 % 99.2 % 100 % 100 %
1% 98.9 % 99.9 % 99.9 % 100 % 100 %
1000 5% 94.7 % 99.3 % 99.7 % 100 % 100 %
10% 89.8 % 98.2 % 99.5 % 99.9 % 100 %

Source: made by ourselves from simulations

Table 3. Calculated probability of accepting H,: d = 0.5 = d, (size) based on the asymptotic quantiles 1%, 5% and 10% of the Dickey-Fuller
distribution calculated by JG MacKinnon.

T aly  dy 0.5 0.4 0.3 0.2 0.1
1% 99.2 % 99.6 % 99.7 % 99.6 % 100 %
25 5% 95.1 % 96.9 % 97.2 % 97.8 % 98.9 %
10% 89.9 % 93.5 % 94.5 % 95.3 % 97.2 %
1% 99.1 % 99.3 % 99.8 % 100 % 100 %
50 5% 95.5 % 97.1 % 99 % 99.6 % 99.5 %
10% 90.6 % 93.3 % 96.7 % 97.3 % 98.5 %
1% 99.1 % 99.6 % 99.8 % 100 % 100 %
100 5% 95.3 % 98.1 % 99.3 % 99.8 % 100 %
10% 90.1 % 95.4 % 97.3 % 99.3 % 99.7 %
1% 99.2 % 100 % 100 % 100 % 100 %
500 5% 95.3 % 98.8 % 99.6 % 99.9 % 100 %
10% 90.6 % 97.3 % 99.3 % 99.9 % 99.9 %
1% 99.2 % 99.9 % 100 % 100 % 100 %
1000 5% 94.9 % 99.6 % 100 % 100 % 100 %
10% 90.9 % 98.4 % 99.9 % 100 % 100 %

Source: made by ourselves from simulations
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Table 4. Calculated probability of accepting Hy: d = 1 2> d, (size), based on the asymptotic quantiles 1%, 5% and 10% of the Dickey-Fuller
distribution calculated by JG MacKinnon.

T o\d, 1 0.9 0.8 0.7 0.6
1% 99.1 % 99.2 % 99.8 % 99.8 % 99.9 %
25 5% 95.4 % 96.3 % 97.6 % 97.8 % 98.1 %
10% 90.9 % 92.6 % 94.3 % 95.5 % 96.1 %
1% 99.1 % 99.4 % 99.8 % 99.8 % 100 %
50 5% 95.1 % 97.2 % 98.3 % 99 % 99.3 %
10% 89.5 % 93.9 % 96 % 97.5 % 98.1 %
1% 98.5 % 99.7 % 99.8 % 99.9 % 100 %
100 5% 94.4 % 97.9 % 99 % 98.9 % 99.9 %
10% 89.9 % 95.7 % 97.1 % 98.2 % 99.3 %
1% 98.9 % 99.9 % 100 % 100 % 100 %
500 5% 95.2 % 98.9 % 99.8 % 100 % 100 %
10% 90.5 % 97 % 99.3 % 100 % 100 %
1% 99.2 % 99.8 % 100 % 100 % 100 %
1000 5% 94.8 % 99.3 % 100 % 100 % 100 %
10% 89.8 % 98.1 % 997 % 100 % 100 %

Source: made by ourselves from simulations

Table 5. Calculated probability of accepting H,: d = 1 < d  (power), based on the asymptotic quantiles 1%, 5% and 10% of the Dickey -Fuller
distribution calculated by JG MacKinnon.

T a\d, 0.1 0.2 0.3 0.4 1
1% 02.1% 03.9 % 04.0 % 08.6 % 83.2%
25 5% 08.0 % 14.5 % 16.3 % 26.6 % 98.5 %
10% 14.6 % 23.5% 281 % 40.7 % 99.6 %
1% 02.6 % 04.3 % 11.0% 20.6 % 99.8 %
50 5% 11.2 % 15.7 % 28.2% 49.4 % 100 %
10% 19.1 % 28.1% 43.5 % 66.4 % 100 %
1% 02.5 % 09.5 % 24.0 % 447 % 100 %
100 5% 10.4 % 25.7 % 471 % 71.9 % 100 %
10% 19.6 % 37.7 % 62.6 % 82.9% 100 %
1% 6.9 % 29.3 % 66 % 95.3 % 100 %
500 5% 19.6 % 50.3 % 84.4 % 99.2 % 100 %
10% 31.2 % 64.4 % 91.5 % 99.8 % 100 %
1% 8.8% 38 % 83 % 99.3 % 100 %
1000 5% 22.6% 60.8 % 93.8 % 99.9 % 100 %
10% 34 % 725 % 97.1 % 100 % 100 %

Source: made by ourselves from simulations

Table 6. Calculated probability of accepting H,: d = 0.5 < d (power), based on the asymptotic quantiles 1%, 5% and 10% of the Dickey-Fuller
distribution calculated by JG MacKinnon.

T o\d, 0.6 0.7 0.8 0.9 1.5
1% 01.9 % 02.9 % 05.6 % 08.1 % 83.9 %
25 5% 08.6 % 10.3 % 19.6 % 28.5 % 92.1%
10% 14.8 % 19.7 % 30.3 % 44.3 % 96.2 %
1% 03.7 % 06.5 % 10.9 % 22.6 % 100 %
50 5% 10.8 % 17.4 % 31.6 % 48.6 % 100 %
10% 17.8 % 28.8% 46.8 % 63.8 % 100 %
1% 02.6 % 08.5 % 22.5% 44.9 % 100 %
100 5% 11.8% 221 % 47.8 % 72.8% 100 %
10% 20.1% 35.2% 60.6 % 84.0 % 100 %
1% 07.5 % 67.4 % 30.1 % 95.7 % 100 %
500 5% 19.5 % 85.1 % 50.9 % 99.3 % 100 %
10% 29.9 % 90.8 % 63.5 % 99.8 % 100 %
1% 09.1 % 35.6 % 84.2 % 99.0 % 100 %
1000 5% 23.8% 58.1 % 94.4 % 100 % 100 %
10% 35.4 % 70.3 % 97.4 % 100 % 100 %

T o\d 0.6 0.7 0.8 0.9 1.5

Q
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1% 01.9 % 02.9 % 05.6 % 08.1 % 83.9 %

25 5% 08.6 % 10.3 % 19.6 % 28.5 % 92.1%

10% 14.8 % 19.7 % 30.3 % 44.3 % 96.2 %

1% 03.7 % 06.5 % 10.9 % 22.6 % 100 %

50 5% 10.8 % 17.4 % 31.6 % 48.6 % 100 %

10% 17.8 % 28.8% 46.8 % 63.8 % 100 %

1% 02.6 % 08.5 % 22.5% 44.9 % 100 %

100 5% 11.8% 221 % 47.8 % 72.8% 100 %
10% 20.1% 35.2% 60.6 % 84.0 % 100 %

1% 07.5 % 67.4 % 30.1 % 95.7 % 100 %

500 5% 19.5 % 85.1 % 50.9 % 99.3 % 100 %
10% 29.9 % 90.8 % 63.5 % 99.8 % 100 %

1% 09.1 % 35.6 % 84.2 % 99.0 % 100 %

1000 5% 23.8% 58.1 % 94.4 % 100 % 100 %
10% 35.4 % 70.3 % 97.4 % 100 % 100 %

Source: made by ourselves from simulations

Table 7. Calculated probability of accepting H,: d = 1 < d, (power), based on the asymptotic quantiles 1%, 5% and 10% of the Dickey -Fuller
distribution calculated by JG MacKinnon.

T a\d, 11 1.2 13 1.4 2
1% 1.8 % 1.8 % 5.8% 71 % 84.5 %
25 5% 7.4 % 10.9 % 20.5 % 28.4 % 97.7 %
10% 15.7 % 21.6 % 33.9% 43.9 % 99.4 %
1% 1.4 % 6.2 % 10.1 % 20.6 % 100 %
50 5% 8.7 % 17.7 % 29.6 % 48.6 % 100 %
10% 14.8 % 27.7 % 42.9 % 64.8 % 100 %
1% 2.7 % 8.4 % 221 % 43.6 % 100 %
100 5% 11.8% 24.5 % 47.2 % 71.2% 100 %
10% 20.1 % 36.2 % 63.2 % 82.9% 100 %
1% 7.3 % 272 % 62.6 % 95.5 % 100 %
500 5% 20.8 % 49.2 % 81.2 % 99.8 % 100 %
10% 30.2% 62.4 % 88.6 % 100 % 100 %
1% 9.8 % 375 % 81.9 % 99.2 % 100 %
1000 5% 24.9 % 61.5 % 92.1% 100 % 100 %
10% 34.6 % 71.6 % 96.2 % 100 % 100 %

Source: made by ourselves from simulations

RESULTS AND CONCLUSIONS

From the first three tables, we note that:

Under H,, when d = d, the probability of accepting the null hypothesis is close to the value (1- a), Va= 1%, 5% et 10%
(first column of the first Table 3) with a gap which does not exceed 1%, what confirms the similarity of this distribution
(NFADF test) with ADF test.

e For other values of d, the results obtained show that whenever they move away from d (real value), the probability of
accepting H, increases until it reaches 100% (for large sample sizes). This will ensure accurate decision in the choice of null hy-
pothesis in the different practical experiences.

In the tables where we calculated the powers (Tables 4,5 and 6):

e The link between « (type | error) and the power is well defined, so that when we take a higher value of «, the power in-
creases and vice versa.

¢ Note that the power is low, when we rises o or when we increase the sample length. But in all the cases it remains higher
than a. Take o = 1% as an example, all the calculated powers, whatever the sample and whatever the values of d et do, are higher
than 1% (same remarks for & = 5% and a = 10%). This means that this statistical test is an unbiased test.

» We also note that the powers reach 100% when the difference between det d, is great, and especially when the sample
size is large.

From this remarks and results, we can say that this proprieties are similar than which found by Said and Dickey (1984).
Empirical applications

In what follows, we will apply the new fractional Dickey-Fuller test on data of the Nile river which evidence of long memory
has been proved before in the other studies, and is well characterized by a stationary fractional white noise O <d < 1/2.
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We consider the yearly minimal water levels of the Nile River for the years 622-1281 A.D, measured at the Roda Gauge near
Cairo and contain 663 observations. These data were taken from the book of Tousson °}; the measuring unit presented by Beran
(191 js the centimeter.

The presence of long memory in the Nile River minima can be seenin Figure 3a. It indicates that the plot of the autocorrelations
suggests a slow decay of the correlations (Figure 3b). Similarly, the theoretical spectral density of this series exhibits a pole at
zero frequency (Figure 3c).
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Fig 03.a Fig 03.b Fig 03.c
Figure 3. Nile River minima: Yearly minimum water levels (Fig 03.a); sample autocorrelations (Fig 03.b); smoothed periodogram (Fig 03.c).
Further evidence for this type long-range dependence behaviour is given by the modified R/S statistic and Whittle estimator
of d, where we are found that the estimated of Hurst statistic for this series is: gy =0.876, and as H= d+1/2, the value of the
fractional is cle =0.376. Moreover, the Whittle estimator parameter of an ARFIMA (0,d,0) is: a?w =0.4202.

To test stationarity in long memory case it suffices to put d = 1/2, in the test hypotheses of H,:d=>1/2 againstH,:d > 1/2.
It will be: of H:d=1/2againstH,:d < 1/2.

We can try to identify the lags in test regression by identifying the maximum order (p. __ ) from the periodogram of the partial
autocorrelation function, and then we use the usual Akaike information criterion (AIC) and the Schwarz information criterion (SIC).

The following table presents the results of applying the NFADF test to different estimated models based on the number of
lags.

From this table, one notes that the adequate regression of the test is that which has no lag and arises as follows:
1
Al/zNilet =—0.0089A *Nile,_, +¢,

Note that the value of this statistic is greater than the tabulated critical value (Table 8) at level 5% (-1.941), in this case
we must reject the null hypothesis of non-stationarity of the series, a result that agrees with those obtained by estimation of
fractional parameter presented above and with those obtained by Beran (1994).

Table 8. Estimated of NFADF test regressions for different lags of the Nile River series.

P t, -stat AIC SIC

Lags

P=0 -0.012268 -2.004 11.34920 11.36278
pP=1 -0.011523 -1.878* 11.36597 11.38637
P=2 -0.010417 -1.698* 11.36095 11.38818
P=3 -0.010014 -1.628* 11.36362 11.39770
pP=4 -0.009912 -1.605* 11.36807 11.40902
pP=5 -0.009674 -1.567* 11.36319 11.41102
P=6 -0.008924 -1.456*1 11.36530 11.40003

(*) denote rejection of the null hypothesis at the 5% level, using the ADF critical values.

From this application we can deduce that this is test simple to compute and has the same procedure testing as ADF test. An
advantage of using this test is that is standard where we can use it in the both cases short and long memory.

CONCLUSIONS

In this article we proposed New Fractional Augmented Dickey-Fuller test of H :d2>%2againstH,:d < 1/2, based essentially
on New Fractional Dickey-Fuller test presented by Bensalma (2013) Which also inspired from Dickey-Fuller test (1979). This test
is considered as a generalization of ADF test (1984), such that if d,= 1 this fractional test regression is reduced to the simple ADF
test regression presented by Said and Dickey (1984). Moreover, it was shown that if the true value d jg equalto d,(d = d,), the
distribution of the test statistic is identical to ADF test.
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The NFADF has great power in large samples and by using the simulation experiments we get a test which is unbiased for

any values of significance level. In general, the proprieties of NFADF test is close to the proprieties of the ADF test (1984).

Finally, an empirical illustration is provided for show how to use this test and for put the interests of using the fractional

Dickey-Fuller test seen its simplicity and flexibility of use.

APPENDIXES

Proof of lemma:

Let (x,,t € Z) be an AR(1) process which is written as:

X =¢ X1 +o¢ >

p-1

where 6 ~ AR(p—1): 0, = Zaj O_;+u, and u, ~ sequenceofi.i.d(O,of) .

Jj=1

The errors are auto-correlated by their definition. To reduce to a regression with non-correlated errors we must perform the

following transformation:

X = ¢ X, 10
—-ax,, =-a¢ x,_,—a0_
—a,X, , =—a,§ X, ;- a0,

X, ; =—ap X, ,—a,0

i (pm1) = "Up® Xiep = AP

Summing equations, we obtain:

X =X — X = A3 X 3 T A, X (o

=¢x ,+0-ap X ,-a0 ,—a,p X, ;—a,0 ,—-ap x,_,—a,0 ;—...

a4, @ X, =4, 00 ()
p-1
Andas: 6 =>a,0_ +u,
=l
x, =(a,+@)x_ +(a, —ap)x,_, +...+(a(p71) —a(p72)¢)x,_p+l
+a(p_1)¢xt_p +u,
X S OX F X, X Y,

p-1)"t=p+l plt-p

< a(B)x, =u,

where a(B) = B+ayB* +...+ 0‘(p-1)Bpi1 +a,B” is a characteristic polynomial with all its roots are outside the unit circle.

We note that this regression (2.a) is that of an autoregressive model of order (p) with no auto-correlated errors.

Proof of Consequences of the lemma

To simplify the demonstration let us take autoregressive models with coefficients easier to handle than those of the previous

expression (1.a) which depend on the ¢ and a:

For an AR(1):

X, =a,x,_, +u, where u, ~ i.i.d(O, O'f)

We can write: Ax, = (e, —1)x,_, +u,

For an AR(2):

_ .. 2
X, =, x,_ +a,x,_,+u, where u, ~ z.z.d(O, o, )
We can write: Ax, = a,x, |, —x,_, +a,X, | —0,X,_ +a,X,_, +u,
=(a+a,-1)x_ —a,(x_ —x_,)+u,

=(a,+a,—1)x_, —a,Ax,_, +u,
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For an AR(3):
X, = X,_ +0,X_, +a,x,_, +u, where u, ~ i.i.d(O, auz)
We can write:
Ax, =X, | =X, | +O,X,_| — QX | +0L,X, , + X, | —QX, | + QX , — X, , +OX,_; U,
=(a+a,+a;—)x_ —a,(x_ —x_,)—oy (%, —x_,) —a;(x_, —x_3)+u,
Ax, =(a+a, +a;—1)x,_ —(a, +a;) Ax,_ —a;Ax,_, +u,
For an AR(p):
X, =04 X, v, X, +...ta,x,_ +u, where u, ~ i.i.d(O, af)
We can write in same way:
r p-l1 r
Ax, :(Zak_ljxt1_2£ Za/(ijtj+ut (1b)
k=1 j=1\k=j+1
We will replace the coefficients o, of this expression with the values found in the expression (1.a), we obtain:
o =a+¢

a, =a,—q

ap—l = ap—] _ap—2¢
a,=

= _ap71¢
The expression (1.b) becomes:

p-l r
Ax, =(al +¢+a,—ad+a, —a2¢+...+ap71 —ap72¢—ap71¢—l)x,71 —Z( ZakJAx,j +u,

J=1\ k=j+1

We factorize by ¢ the first bracket of the right-hand side, and we obtain:

4

p-1 P
Ax, =[¢(1—aI —ay,=...—a,, —ap7])+al ta,+...+a,,+a,, —l]xH —Z[ Zaijxtj +u,
=1\ k

=j+l

-1
< Ax, =[¢(1—a1 —az—...—ap_z—ap_l)—<1—a1 —az—~--—a,,_2—a,,_1ﬂx,_1 - [ Zp:aijxt_j+ut
J=1\ k

1 =j+1

-1
SAXx, =(¢—1)<1—a1 —-a, —...—aﬂ_l)xt_] —pZ:[ Zp:akJAxt_j +u,

So:
p-1

Ax, =pX,, _Zyijr—j +u,
j=1

Critical values:

Table 9. Estimated critical values of the new fractional Dickey-Fuller test.

T Lag (p) La probabilité que ! est inférieure a C()
0.01 0.025 0.05 0.1 0.9 0.95 0.975 0.99
0 -2,698 -2,279 -1,957 -1,61 0.913 1.324 1.699 2.099
1 -2,670 -2,291 -1,964 -1,615 0.926 1.332 1.692 2.094
o5 2 -2,645 -2,287 -1,955 -1,611 0.910 1.315 1.672 2.084
3 -2,642 -2,287 -1,957 -1,62 0.921 1.329 1.686 2.101
4 -2,651 -2,289 -1,951 -1,617 0.912 1.306 1.694 2.091
5 -2,688 -2,292 -1,952 -1,611 0.916 1.324 1.694 2.093
0 -2.624 -2.247 -1.950 -1.631 0.899 1.310 1.641 2,059
1 -2.623 -2.270 -1.949 -1.645 0.885 1.269 1.630 2,061
50 2 -2.624 -2.264 -1.952 -1.624 0.911 1.344 1.632 2,086
3 -2.629 -2.267 -1.948 -1.618 0.905 1.321 1.636 2,066
4 -2.631 -2.270 -1.945 -1.617 0.916 1.305 1.642 2,058
5) -2.620 -2.261 -1.948 -1.622 0.909 1.309 1.629 2,054
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Dolado J. et al. A Fractional Dickey-Fuller Test for Unit Roots. Econometrica. 2002;70:1963-2006.
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o1

-2.574
-2.625
-2.602
-2.595
-2.598
-2.600
-2.581
-2.566
-2.594
-2.584
-2.595
-2.589
-2.574
-2.623
-2.530
-2.571
-2.590
-2.654
-2.543
-2.566
-2.569
-2.615
-2.567
-2.631
-2.554
-2.561
-2.568
-2.571
-2.563
-2.567
-2.564
-2.561
-2.560
-2.571
-2.559
-2.563

-2.278
-2.258
-2.257
-2.237
-2.241
-2.247
-2.263
-2.218
-2.284
-2.240
-2.248
-2.251
-2.261
-2.228
-2.200
-2.269
-2.274
-2.251
-2.208
-2.230
-2.225
-2.236
-2.218
-2.222
-2.247
-2.228
-2.219
-2.227
-2.231
-2.225
-2.221
-2.217
-2.208
-2.219
-2.220
-2.211

-1.940 -1.613
-1.940 -1.632
-1.948 -1.615
-1.945 -1.621
-1.951 -1.617
-1.952 -1.615
-1.943 -1.618
-1.938 -1.609
-1.947 -1.620
-1.950 -1.624
-1.941 -1.611
-1.946 -1.607
-1.944 -1.609
-1.948 -1.629
-1.936 -1.598
-1.951 -1.615
-1.946 -1.619
-1.942 -1.620
-1.937 -1.608
-1.933 -1.609
-1.947 -1.616
-1.951 -1.614
-1.941 -1.610
-1.942 -1.614
-1.947 -1.610
-1.952 -1.612
-1.947 -1.612
-1.944 -1.614
-1.941 -1.615
-1.937 -1.617
-1.935 -1.609
=1L 957 -1.618
-1.942 -1.613
-1.948 -1.615
-1.939 -1.616
-1.942 -1.608
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