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Orientation: One of the most vexing problems of modelling time series data is determining 
the appropriate form of stationarity, as it can have a significant influence on the model’s 
explanatory properties, which makes interpreting the results problematic. 

Research purpose: This article challenged the assumption that most financial time series are 
first differenced stationary. The common difference first, ask questions later approach was 
revisited by taking a more systematic approach when analysing the statistical properties of 
financial time series data.

Motivation for the study: Since Nelson and Plosser’s (1982) argued that many macroeconomic 
time series are difference stationary, many econometricians simply differenced data in order 
to achieve stationarity. However, the inherent properties of time series data have changed 
over the past 30 years. This necessitates a proper evaluation of the properties of data before 
deciding on the appropriate course of action, in order to avoid over-differencing which causes 
variables to lose their explanatory ability that leads to spurious results.

Research approach, design and method: This article introduced a rigorous process that 
enables econometricians to determine the most appropriate form of stationarity, which is led 
by the underlying statistical properties of several financial and economic variables.

Main findings: The results highlighted the importance of consulting the d parameter to make 
a more informed decision, rather than only assuming that the data are I(1). Evidence also 
suggested that the appropriate form of stationarity can vary, but emphasises the importance to 
consider a series to be fractionally differenced.

Practical/managerial implications: Only when data are correctly classified and transformed 
accordingly will the data be neither under- nor over-differenced, thus enhancing the validity 
of the results generated by statistical models.

Contribution/value-add: By utilising this rigorous process, econometricians will be able to 
generate more accurate out-of-sample forecasts, as already proven by Van Greunen, Heymans, 
Van Heerden and Van Vuuren (2014). 

Introduction
The dangers of producing spurious results are well documented in the literature. Granger and 
Newbold(1974), for example, warn against the major consequences of auto-correlated errors in 
regression analysis and state that estimates of such regression coefficients are inefficient, that 
forecasts based on such regression equations are sub-optimal and that the usual significance 
tests on these coefficients are not valid. Plosser and Schwert (1978) also warn that auto-correlated 
error terms will lead to inconsistent regression parameter estimators, whilst Fielitz (1971) and 
Asteriou and Hall (2007) warn that obtaining statistically significant estimates of time series 
will be meaningless (spurious) if the data are non-stationary or cannot be transformed to be 
stationary. Asteriou and Hall (2007) go on to explain that these spurious regressions usually 
exhibit a very high R2 value and t-statistics without providing any economic meaning.

Capturing and examining the properties of financial time series, therefore, require that univariate 
financial time series are stationary before they are examined. Since the majority of financial time 
series data are likely to be non-stationary in their raw form, it is necessary to transform these 
time series in some manner to obtain a stationary series before further economic modelling can 
continue. In order to ensure that errors are not auto-correlated, Granger and Newbold (1974) 
suggest that the individual data series be differenced and that these stationary series be used for 
linear regression purposes. It is this line of research, together with the work of Nelson and Plosser 
(1982), which argued that many macroeconomic time series are difference stationary and not trend 
stationary, that led to the common practice of transforming non-stationary data by means of the 
first difference approach. Also, the complexity of alternative fractional differencing methods forced 
economists and financial analysts to use only first differencing and log differencing to render a time 
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series stationary (Erfani & Samimi 2009). Unfortunately these 
practices can, and often do, lead to over-differencing. When 
data are over-differenced the variance of these time series is 
larger than that of the original MA(1) series. This is obviously 
an issue, especially when dealing with autoregressive moving 
average type models (Xiu & Jin 2007). The finer nuances of the 
data are also reduced by over-differencing, thus reducing the 
explanatory power of what remains (Plosser & Schwert 1977).

Although it is important to get data stationary before 
attempting any linear regression analysis, both under-
differencing and over-differencing will lead to sub-optimal 
results. The literature has, however, focused so much on the 
negative aspects of under-differencing that data have been 
over-differenced in many studies in an attempt to ensure 
that spurious results are eliminated. Although the authors 
agree with the results found by Nelson and Plosser (1982), 
we challenge this belief three decades later. The properties of 
financial time series data have changed tremendously over 
the last two decades alone. Events such as the introduction of 
the Euro as accounting currency in 1999 for example have led 
to a fundamental shift in the dynamics of several European 
countries’ interest rate data (Bekaert et al. 2013). Other events 
led to an increase in volatility in economic and financial time 
series data. These include the announcement of North Korea’s 
nuclear intensions (October 2006), the commodity crisis that 
caused the dramatic increase of metal and energy prices (from 
2007 to 2008) and the effects of the 2008 global financial crisis.

It is therefore necessary to revisit the issue of stationarity 
in order to establish an unambiguous method to determine 
the appropriate form of stationarity for both economic and 
financial time series data. In order to achieve this objective 
this article will commence with an overview of the models 
available to test for stationarity (Section 2). A structured 
process will then be introduced in Section 3 that will enable 
an econometrician to determine the appropriate form of 
stationarity (see also Figure 1A). This process should be 
viewed as a set of action steps to be taken to ensure that the 
data is neither over-differenced nor under-differenced. The 
empirical results will be reported in Section 4, followed by 
the concluding remarks and recommendations in Section 5.

Testing for stationarity
The normal approach to testing for stationarity is to start 
with the establishment of the order of integration of the time 
series. The order of integration (d) is the minimum number of 
differences required to obtain a covariance stationary series. 
In the case where data series are fractionally difference 
stationary, the difference parameter (d) will be a fraction. 
There are several tests popular amongst econometricians 
for testing the null hypothesis of a unit root to establish 
stationarity; these include the Phillips-Perron (PP) test, the 
Dickey-Fuller (DF) test as well as the Augmented Dickey-
Fuller (ADF) test. Of these tests, the ADF is preferred since it 
has more explanatory power than the rest of the tests in this 
category (Maddala & Kim 2000). The PP test, on the other 
hand, suffers from very low power against trend stationary 
alternatives (DeJong et al. 1992).

There are also several tests for testing stationarity with 
stationarity as the null hypothesis; these include the KPSS 
test (after Kwaitkowski et al. 1992), the Dickey-Fuller 
Generalised Least Squares (DF-GLS) test as well as tests 
by Tanaka (1990), Park (1990), Saikkonen and Luukkonen 
(1993), Choi (1994), Leybourne and McCabe (1994; 1996) 
and Arellano and Pentula (1995). However, in an attempt to 
establish a less complex unambiguous method to determine 
the appropriate form of stationarity, this article will only 
make use of the ADF, KPSS and DF-GLS tests to construct 
a formalised process of rendering non-stationary data 
stationary.

In the past, unit root tests such as the PP and ADF tests 
have been criticised for their lack of power in determining 
the presence of unit roots. Blough (1992) for example warns 
that no test can have high power against any stationary 
process without a correspondingly high probability of 
falsely rejecting nearby members of the unit root null. This 
means that such tests are not able to maintain a nominal 
level over all members of the null space, whilst displaying 
high power against at least some alternatives. This leads 
to the conundrum that these tests often cannot distinguish 
between true unit root processes, where δ = 0, and near unit 
root processes where δ is only close to zero.

This issue arises more often when working with data 
frequencies greater than quarterly, thus making them less 
useful in these circumstances (Maddala & Kim 2000). This 
poses a problem for the econometrician analysing financial 
time series data that tend to be either weekly, daily or 
intra-day data. However, Kwaitkowski et al. (1992) and 
Choi (1994) argue that it is preferable to use a combination 
of tests, testing for both a unit root and for stationarity as 
the null hypothesis, where the KPSS tests must be used as 
a confirmatory analysis to that of the ADF tests (Maddala 
& Kim 2000). Also, the complexity to determine fractional 
unit roots poses a further problem for researchers aiming to 
determine whether a time series is fractionally differenced 
stationary. To overcome these shortcomings a formalised 
process is introduced in order to overcome the problem 
of possibly over-differencing the data and stripping it of 
descriptive properties. This process will be discussed in the 
following section.

The process of determining the appropriate 
form of stationarity
Although these tests are used in practice, there is no 
formalised process that ensures that the appropriate form 
of stationarity is achieved. Academics and practitioners 
simply gloss over the issue of stationarity by stating that log 
returns were taken or the data were transformed by means 
of the first difference approach. There is thus no sign that 
any consideration was given to the fact that the order of 
integration could be a fraction. At best, one or two tests are 
done for either a unit root or for stationarity, but seldom for 
both as the null hypothesis.
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The process proposed here of determining the appropriate 
form of stationarity consists of three phases (graphically 
depicted in Figure 1A). The first phase entails determining 
the presence of a unit root as well as the order of integration. 
Phase two continues by testing for stationarity as the null 
hypothesis and determines the presence of a possible 
deterministic trend in the data. The final phase determines 
the possibility of fractional integration and includes the final 
evaluation procedure to determine the correct approach to 
render a time series stationary.

Phase 1: Testing for the presence of a unit root
This phase starts by estimating the ADF test on the raw level 
data, which will also be repeated on the first differenced 
and fractional differenced series, in order to determine 
the presence of a unit root and the appropriate order of 
integration required to render a time series stationary. The 
ADF test was born from the DF test, which is a procedure 
for testing non-stationarity based on the presence of a unit 
root (Dickey & Fuller 1979; 1981). The DF test provides the 
econometrician with three different regressions to test for 
the presence of a unit root (Enders 2010):

∆yt = γyt–1 + εt, [Eqn 1]

∆yt = a0 + γyt–1 + εt, [Eqn 2]

∆yt = a0 + γyt–1 + a2t + εt. [Eqn 3]

These regression equations are similar, except for the 
presence of an intercept term in Equation 2, and an intercept 
and trend term in Equation 3. The central focus point of all 
three equations is γ where γ = 0 indicates that the time series 
contains a unit root (Asteriou & Hall 2007; Enders 2010). In 
the unlikely event of a white noise error term, Dickey and 
Fuller extended the DF test to include extra lagged terms 
of the explanatory variable (Asteriou & Hall 2007). This 
extended version is known as the ADF test and the inclusion 
of extra lagged dependent variables eliminates the presence 
of autocorrelation. The ADF follows on the three different 
forms used in the DF test and can be performed using the 
following three regressions:

∆yt = γyt–1 + ∑ βi∆yt–i + εt,
p

i –1
 [Eqn 4]

∆yt = a0 + γyt–1 + ∑ βi∆yt–i + εt,
p

i–1

 [Eqn 5]

∆yt = a0 + γyt–1 + a2t +  ∑ βi∆yt–i + εt.
p

i–1

 [Eqn 6]

Asteriou and Hall (2007) explain a three-step method for 
using the ADF tests for unit roots with the aim of concluding 
that a series is stationary. The first is to test the time series 
for a unit root and, if none exists, the time series is stationary 
and is classified I(0), otherwise it contains a unit root and 
is classified I(n). The second step is to take first differences 
(in cases where a unit root is present) and test the first 
differenced series for a unit root; if there is none, the data 

series is stationary and is classified I(1), otherwise it contains 
a unit root and is classified I(n). The first difference of a 
process refers to the change within the process from one 
time period to the next (Burke & Hunter 2005). The first 
difference of a time series xt is, therefore, xt – xt–1 and is 
denoted by ∆xt. It then follows that ∆xt = εt with εt assumed to 
be a white noise process and ∆xt therefore being a stationary 
process (Burke & Hunter 2005). The third step entails 
differencing the time series up to the point where the tests 
indicate no presence of a unit root. This implies that it is also 
possible to take the second difference of a time series, that is 
∆2xt = ∆εt by repeating the same process. But, if a time series 
that is I(1) is second differenced, the time series might be 
over-differenced, so care should be taken that a time series 
is only differenced the minimal number of times needed to 
render the series stationary (Burke & Hunter 2005).

After establishing the order of integration with the ADF test, 
it is important to confirm these results with additional tests. 
This leads to the next phase that will test for the presence of 
stationarity as the null hypothesis and the possible presence 
of a deterministic trend as the reason for the non-stationarity 
of a time series.

Phase 2: Testing for the presence of stationarity and a 
trend
This phase starts by estimating the KPSS test to confirm the 
results found by the ADF test. The KPSS test was developed 
by Kwaitkowski et al. (1992) and incorporates the following 
model:

yt = δt + ζt + εt. [Eqn 7]

In Equation 7, εt represents a stationary process and ζt is a 
random walk, specified as:

ζt = ζt–1 + ut, ut ~ iid(0, σ2
u ). [Eqn 8]

The null hypothesis is that of stationarity: H0: σ2
u  = 0 or ζt is a 

constant. To determine whether the time series is stationary 
in levels, rather than testing trend stationarity, the test is 
conducted with a regression of yt on an intercept.

In order to further overcome the low explanatory power 
of the ADF unit root test, Maddala and Kim (2000) suggest 
additionally using the DF-GLS test. The DF-GLS test is a 
modification of the ADF test and was proposed by Elliott, 
Rothenberg and Stock (1996). It determines whether a 
deterministic trend is present and de-trends the time series, 
which is explained by Enders (2010) as follows:

yt = y0 + a1t + εt.  [Eqn 9]

In Equation 9, y0 refers to the initial condition for period 
zero, a1t is the deterministic trend component and εt is the 
pure noise component. The time series, yt, is de-trended 
by regressing Equation 9 and obtaining the values of the 
series εt by subtracting the estimated values of yt from the 
observed values in the time series. The de-trended series yd

t   
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thus replaces yt in the original ADF test equation and can 
be given as:

∆yd
t   = γyt–1 + ∑ βi∆yd

t –i + εt.
p

i–1
 [Eqn 10]

However, if the time series does not consist of a deterministic 
trend component there is still the possibility that the series 
requires fractional differencing in order to be stationary. This 
leads to the final phase that will determine the possibility of 
fractional integration and will conclude by determining the 
best differencing approach required to render a time series 
to the appropriate form of stationarity.

Phase 3: Testing for the presence of fractional integration
The order of differencing used during the fractional 
differencing of a time series is determined by calculating the 
specific series’ fractional differencing parameter, d. Several 
different methods of determining this have emerged in the 
empirical literature, which include studies by Hurst (1951), 
Mandelbrot (1972), Davies and Harte (1987), Hosking (1981), 
Geweke and Porter-Hudak (1983), Sowell (1990), Lo (1991), 
Peng et al. (1994) and Robinson (1995). However, the method 
selected for this article is that of Geweke and Porter-Hudak, 
known as the GPH procedure (Maddala & Kim 2000). The 
selection of the GPH procedure was based on the following: 
(1) GPH is recognised as one of the more frequently used 
methods to determine d (Elder & Serletis 2006), (2) the 
fractional integration parameter is calculated directly and (3) 
it is robust and non-sensitive to the short-range dependence 
and variance non-stationarity that are generally found in 
financial time series data (Fang, Kon & Lai 1994).

The GPH method estimates d by running the following 
ordinary least squares regression:

ln[I(wj)] = c – dln[4 sin2 (wj)] + ηj2  [Eqn 11]

In Equation 11, j = 1, ..., n, wj = 
2πj
T , n = g(T ) < T and I(wj) is the 

periodogram of X at frequencec wj, which can be defined as:

I(w) =   1    ∑ eitw(Xt – X   ) 

2

.2πT
T

t=1

 [Eqn 12]

According to Maddala and Kim (2000), the value of n should 
be set at n = T and the estimated variance of d should be 
computed using the known variance of ηj, π

2

6
. The GPH 

method is also used to determine the presence of a unit 
root with the null hypothesis, H0: d = 0 and the alternative, 
H0: d ≠ 0. Further interpretations can also be summarised as 
follows: (1) if d = 0, the time series is covariance stationary; (2) 
if d is between 0 and 0.5 the time series remains covariance 
stationary; (3) if d falls between 0.5 and 1 the time series is 
no longer considered covariance stationary but the series is 
still mean reverting or has long memory; (4) if d ≥ 1 the series 
is non-stationary and shows no sign of mean reversion; (5) 
should the value of d be negative the interpretation remains 
unchanged except that the series has been over-differenced 
(Doornik et al. 2007; Gallegati 2008; Gil-Alana 2006; Styger, 
Viljoen & Van Vuuren 2008).

Finally, if the results from this process indicate that both 
first differencing and fractional differencing are significant, 
it is important to evaluate these differenced series with the 
d parameter to determine the most appropriate stationarity 
format. The differenced series with a d value closest to 
zero and most statistically significant will indicate the 
larger degree of stationarity (Gil-Alana 2006) and thus the 
required approach to render it to the appropriate form of 
stationarity.

Data and results
Regarding the data used in this study, several financial 
and economic variables have been chosen to enhance the 
applicability of this article. The data were obtained from 
the McGregor BFA (2012) database and consist of the daily 
closing values of the Johannesburg Stock Exchange (JSE) all 
share index (ALSI), the Dow Jones industrial average index 
(DJIA) and the FTSE 100 index. The economic variables 
include the daily closing prices of the South African 
Rand and/or US dollar exchange rate (ZAR/USD) and 
the Brent crude oil price and the daily R157 government 
bond yield rate. A random sample period was chosen for 
each time series: from 09 October 2006 to 07 October 2011. 
However, to determine if the choice of sample, especially if 
it includes a financial crisis, can have an effect on the form 
of stationarity, the sample period was further divided into 
three smaller samples. The first sample incorporates a pre-
2008 financial crisis time series from 09 Octoberober 2006 
to 08 September 2008. The second sample stretches from 
09 September 2008 to 31 December 2009, thus incorporating 
the dawn of the 2008 financial crisis when the Lehman 
Brothers announced their bankruptcy on 15 September 
2008. The third sample stretches from 01 January 2010 to 
07 October 2011, which will illustrate the volatility caused 
by the European debt crisis.

The data were tested for the different forms of stationarity 
by means of the EViews 7 econometric software program 
and the open-source Gretl econometric software program 
was chosen to estimate the d parameter, with the GPH 
procedure, and to fractionally difference the data. The 
empirical results of the process discussed in Section 3 (also 
graphically depicted in Figure A1) are reported in full in 
Table A1 and also summarised in Table 1.

In determining the most appropriate form of stationarity for 
each variable, we will start with the evaluation of the entire 
sample period of the R157 as an example, to demonstrate 
the process as illustrated by Figure A1. Phase 1 starts by 
consulting the ADF tests, where all three variations (none, 
intercept, intercept & trend) do not reject the null hypothesis 
of a unit root. To endorse these results, the KPSS test is 
consulted, where the two variations (intercept, intercept & 
trend) confirm these results, with the presence of stationarity 
being rejected. The final step of phase 1 is to further verify 
if R157(1) is not stationary, which is confirmed by the two 
variations (intercept, intercept & trend) of the DF-GLS test. 
These results thus imply that R157(1) is not an I(0) series 
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and does not possess a trend, but may be an I(1) or I(d) 
series, where d is a fraction. To confirm this possibility it is 
necessary to continue with phase 2 of the process.

Phase 2 commences with consultation of the ADF test, where 
all three variations reject the null hypothesis of a unit root. 
However, the results from the KPSS and DF-GLS do not 
confirm these findings, as both reject the null hypothesis 
for R157(1) to be stationary. These results imply that it is 
uncertain if R157(1) can be classified as an I(1) series, which 
raise the possibility of it being an I(d) series. This leads to 
phase 3, where again there is no agreement between the 
results found by the ADF, KPSS and DF-GLS tests. This 
implies that the d parameter must be consulted to determine 
the most appropriate form of stationarity. The differenced 
series with a d value closest to zero and most statistically 
significant will indicate the larger degree of stationarity 
(Gil-Alana 2006), which implies that R157(1) is an I(d) 
series and must be transformed accordingly before any 
econometric analysis can continue.

The rest of the variables under investigation were evaluated 
by following the same process as discussed above and 
illustrated in Figure A1; the results are summarised in Table 
1. From Table 1 it is evident that each variable series can have 
a different requirement to render it stationary, with none of 
the variables being unvarying over the four sample sizes 
under investigation. For example, the pre-financial crisis and 
European debt crisis period of the ALSI, Dow Jones, FTSE 
and ZAR and/or USD exchange rate must be fractionally 
differenced in order to render them stationary, whereas 
the entire sample series of each of these variables must be 
first differenced in order to render them stationary. These 
findings highlight the importance of reconciling the different 
unit root and stationarity tests, as formulated by Figure 
A1, to determine the most appropriate form of stationarity 
for each variable, as the stationarity requirements can 
vary depending on the length of the sample size under 
investigation.

In addition, from the results reported in Table A1 and 
Table 1, it is also obvious that the choice of a specific 
sample period, especially if it incorporates the financial 
crisis or the European debt crisis, can have a significant 
effect on the form of stationarity. For example, the R157 
required fractional differencing during the pre-financial 
crisis period but this changed during the financial crisis 
period, where evidence suggested it to be an I(1) series. 
However, this requirement changed again during the 
European crisis period, where the R157 once more required 
fractional differencing in order to render it stationary. Also, 
only the ANG required fractional differencing before the 
pre-financial crisis period, but exhibited I(0) behaviour 
during the financial crisis period and remained so during 
the European debt crisis period.

Furthermore, the results from Table A1 substantiate 
the possibility of over-differencing (if the d parameter 

is negative) if a series is to be transformed to the less 
appropriate form of stationarity. For example, the entire 
sample ANG(1) and smaller European debt crisis sample 
period of ANG illustrate the significant probability of being 
over-differenced if they are to be first differenced in order 
to be rendered stationary. Note that the Brent crude oil 
prices, FTSE and Dow Jones can present some difficulties 
when evaluating smaller sample sizes, especially during 
crisis periods. No conclusive evidence was found from the 
ADF, KPSS or DF-GLS, where the d parameter also reported 
negative estimates for both the possibility of fractional 
and first differencing, implying over-differencing. Though 
both d parameters were statistically insignificant, the first 
differencing process mostly reported a more statistically 
significant d parameter compared to fractional differencing, 
except Dow Jones(4) and Brent(4), which favoured fractional 
differencing more. Also, it is interesting to note that none 
of the variables under investigation required de-trending, 
though this does not imply that the presence of trend 
stationarity is impossible and must still be investigated 
accordingly.

TABLE 1: Summary of the correct form of stationarity.
Variable Sample period Form of stationarity
ZAR 09 October 2006 – 07 October 2011 First difference stationary

09 October 2006 – 08 September 2008 Fractionally difference 
stationary

09 September 2008 – 31 December 2009 Fractionally difference 
stationary

01 January 2010 – 07 October 2011 Fractionally difference 
stationary

Brent 09 October 2006 – 07 October 2011 First difference stationary
09 October 2006 – 08 September 2008 First difference stationary
09 September 2008 – 31 December 2009 First difference stationary
01 January 2010 – 07 October 2011 First difference stationary

R 157 09 October 2006 – 07 October 2011 Fractionally difference 
stationary

09 October2006 – 08 September 2008 Fractionally difference 
stationary

09 September 2008 – 31 December 2009 Fractionally difference 
stationary

01 January 2010 – 07 October 2011 Fractionally difference 
stationary

ALSI 09 October 2006 – 07 October 2011 First difference stationary
09 October 2006 – 08 September 2008 Fractionally difference 

stationary
09 September 2008 – 31 December 2009 First difference stationary
01 January 2010 – 07 October 2011 Fractionally difference 

stationary
Dow Jones 09 October 2006 – 07 October 2011 First difference stationary

09 October 2006 – 08 September 2008 Fractionally difference 
stationary

09 September 2008 – 31 December 2009 First difference stationary
01 January 2010 – 07 October 2011 Fractionally difference 

stationary
FTSE 09 October 2006 – 07 October 2011 First difference stationary

09 October 2006 – 08 September 2008 Fractionally difference 
stationary

09 September 2008 – 31 December 2009 First difference stationary
01 January 2010 – 07 October 2011 Fractionally difference 

stationary
ANG 09 October 2006 – 07 October 2011 Level stationary

09 October 2006 – 08 September 2008 Fractionally difference 
stationary

09 September 2008 – 31 December 2009 First difference stationary
01 January 2010 – 07 October 2011 Level stationary

Source: Compiled by the authors
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Overall, there were several instances where the results from 
the ADF, KPSS and DF-GLS were not conclusive regarding 
which is the more appropriate stationarity (first differencing 
or fractional differencing) to apply. This highlighted the 
importance of consulting the d parameter to make a more 
informed decision, rather than only assuming that the data 
are I(1). Also, evidence suggests that the appropriate form 
of stationarity can vary, but emphasises the importance of 
considering a series to be fractionally differenced. In Table 
A1, 14 out of the 28 sample periods required fractional 
differencing, whereas 10 out of the 28 sample periods 
required first differencing to render them to the appropriate 
form of stationarity. The majority results clearly contradict 
the widely held view that the optimal form of stationarity 
can be accomplished by simply taking first differences, 
no matter what data one is working with. This belief is 
engrained in practice because of Nelson and Plosser’s (1982) 
findings, based on work they performed on US data mainly 
between 1860 and 1970. It is therefore improbable that the 
same results would apply for any other random dataset 
more than four decades later.

Implications
The implications for academics and practitioners of using 
the inappropriate form of stationary data can be significant, 
causing inaccurate econometric modelling with misleading 
results. Only when data are correctly classified as being 
first difference stationary, and transformed by taking first 
differences, will the data be neither under-differenced nor 
over-differenced, thus enhancing the validity of the results 
generated by statistical models. The same is true for data that 
are fractionally integrated and data that carry an underlying 
trend. It is clear from the literature that working with under-
differenced data is very undesirable. However, working 
with over-differenced data is also not ideal. The study of 
Van Greunen et al. (2014), for example, show how using 
data that were over-differenced leads to sub-optimal out-
of-sample forecasts. They report root mean squared error, 
mean absolute deviation and mean absolute percentage error 
values up to ten times worse when the inappropriate form of 
stationarity is used. This was reported both for I(1) data that 
were transformed with a fractional difference process, as well 
as I(d) data that were transformed by taking first differences.

Conclusion and recommendations
This article challenges the assumption that most financial 
time series are first differenced stationary. The common 
difference first, ask questions later approach ought to be 
revisited by taking a more systematic approach when 
analysing the statistical properties of financial time series 
data. To this end, a process was developed for determining 
which method best suited a specific time series in order to 
render time series data stationary. The process thus focuses 
on, and is led by, the underlying statistical properties of a 
particular time series.

After applying this process, of rendering a time series to the 
appropriate form of stationarity, the following results were 

reported: (1) four time series were I(0) series, (2) 10 of the 
time series were first difference stationary, (3) a total of 14 
time series were fractionally difference stationary and (4) 
more than half of the time series illustrated over-differencing 
after the first differencing process was applied. The results 
therefore confirm that it is imperative that the statistical 
properties of the specific data series be determined before 
deciding on the action to be taken. The assumption of most 
time series being first difference stationary cannot hold any 
longer, due to the risk of over-differencing a time series. If 
researchers practise due diligence and allow the statistical 
properties of a time series to lead them in rendering the 
series to the appropriate form of stationarity, the occurrence 
of over-differencing can be avoided and improved empirical 
results may be achieved.

Since the appropriate form of stationarity has such a great 
impact on time series econometric analysis, future research 
might be aimed at applying this methodology to a sliding 
window approach to determine the appropriate form of 
stationarity as the number of observations increase. A second 
avenue of research could further investigate the impact of 
the appropriate form of stationarity with the forecasting of 
a time series.
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ZAR/USD (1) -1.986 -1.995 -0.19 -2.005 -2.007 0.713 0.711 1.031
(level) (-2.567) (-3.480) (-2.566) (-3.434) (-3.964) -0.739 -0.216 [0.000]

- - [0.618] [0.285] [0.597] - - -
ZAR/USD (1) - - -41.692 -41.679 -41.666 0.061 0.065 0.036
(first difference) - - (-2.566) (-3.434) (-3.964) -0.739 -0.216 [0.658]

- - [0.000] [0.000] [0.000] - - -
ZAR/USD (1) - - -42.658 -42.646 -42.643 0.102 0.081 0.006
(fractional difference) - - (-2.567) (-3.434) (-3.964) -0.739 -0.216 [0.933]
{1.031} - - [0.000] [0.000] [0.000] - - -
ZAR/USD (2) -1.369 -1.473 -0.063 -2.165 -3.126 1.136 0.42 0.918
(level) (-2.568) (-3.480) (-2.568) (-3.440) (-3.972) -0.739 -0.216 [0.000]

- - [0.661] [0.220] [0.101] - - -
ZAR/USD (2) - - -27.918 -27.897 -27.927 0.173 0.041 -0.091
(first difference) - - (-2.569) (-3.440) (-3.972) -0.739 -0.216 [0.344]

- - [0.000] [0.000] [0.000] - - -
ZAR/USD (2) - - -24.741 -25.045 -25.114 0.361 0.172 0.19
(fractional difference) - - (-2.569) (-3.440) (-3.972) -0.739 -0.216 [0.018]
{0.918} - - [0.000] [0.000] [0.000] - - -
ZAR/USD (3) -1.216 -1.284 -0.339 -1.359 -3.345 1.642 0.319 0.896
(level) (-2.571) (-3.479) (-2.570) (-3.447) (-3.982) -0.739 -0.216 [0.000]

- - [0.563] [0.603] [0.061] - - -
ZAR/USD (3) - - -21.66 -21.635 -21.678 0.292 0.12 -0.139
(first difference) - - (-2.571) (-3.447) (-3.982) -0.739 -0.216 [0.181]

- - [0.000] [0.000] [0.000] - - -
ZAR/USD (3) - - -18.666 -18.76 -19.368 1.245 0.36 0.155
(fractional difference) - - (-2.571) (-3.447) (-3.982) -0.739 -0.216 [0.098]
{0.896} - - [0.000] [0.000] [0.000] - - -
ZAR/USD (4) -1.554 -1.542 0.286 -1.566 -1.153 1.147 0.305 0.946
(level) (-2.570) (-3.480) (-2.570) (-3.444) (-3.978) -0.739 -0.216 [0.000]

- - [0.768] [0.499] [0.918] - - -
ZAR/USD (4) - - -19.884 -19.87 -19.886 0.204 0.093 -0.044
(first difference) - - (-2.570) (-3.444) (-3.978) -0.739 -0.216 [0.500]

- - [0.000] [0.000] [0.000] - - -
ZAR/USD (4) - - -17.771 -17.907 -17.904 0.339 0.281 0.034
(fractional difference) - - (-2.570) (-3.444) (-3.978) -0.739 -0.216 [0.629]
{0.946} - - [0.000] [0.000] [0.000] - - -
Brent (1) -0.58 -1.49 0.28 -1.411 -1.515 0.757 0.392 1.111
(level) (-2.567) (-3.480) (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.000]

- - [0.767] [0.578] [0.824] - - -
Brent (1) - - -36.804 -36.804 -36.79 0.118 0.117 0.104
(first difference) - - (-2.567) (-3.435) (-3.966) -0.739 -0.216 [0.128]

- - [0.000] [0.000] [0.000] - - -
Brent (1) - - -40.624 -40.608 -40.602 0.135 0.063 -0.016
(frac. difference) - - (-2.567) (-3.435) (-3.966) -0.739 -0.216 [0.812]
{1.111} - - [0.000] [0.000] [0.000] - - -
Brent (2) -0.0718 -1.604 0.837 -0.956 -1.869 2.372 0.256 1.142
(level) (-2.570) (-3.480) (-2.570) (-3.435) (-3.978) -0.739 -0.216 [0.000]

- - [0.891] [0.578] [0.669] - - -
Brent (2) - - -22.391 -22.437 -22.419 0.131 0.131 0.018
(first difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.816]

- - [0.000] [0.000] [0.000] - - -
Brent (2) - - -24.892 -24.872 -24.855 0.258 0.186 0.011
(fractional difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.883]
{1.142} - - [0.000] [0.000] [0.000] - - -

Appendix 1

Source: Compiled by the authors
PP, Phillips-Perron; DF, Dickey-Fuller; ADF, Augmented Dickey-Fuller; GPH, Geweke and Porter-Hudak.
Note: Critical value at 1% in (), p-value in [] and fractional difference parameter in {}. (1) represents the entire sample; (2) to (4) represent the three smaller samples. The ADF and 
DF-GLS tests were estimated with a maximum default lag of 23, to ensure consistency, and were estimated with the Schwarz Info Criterion as the selection criterion. The KPSS test was 
estimated with the Newey-West bandwidth fjselection criterion and with the Bartlett kernel spectral estimation method. The GPH procedure was estimated with a default lag order 
(m) of 79 to ensure consistency throughout all the variables.

Table A1 continues on the next page →

TABLE A1: Determining the correct form of stationarity.
Form DF-GLS ADF KPSS GPH - I(d)

Intercept intercept and 
trend

None Intercept Intercept and 
trend

Intercept Intercept and 
trend

(m = 79)
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Source: Compiled by the authors
PP, Phillips-Perron; DF, Dickey-Fuller; ADF, Augmented Dickey-Fuller; GPH, Geweke and Porter-Hudak.
Note: Critical value at 1% in (), p-value in [] and fractional difference parameter in {}. (1) represents the entire sample; (2) to (4) represent the three smaller samples. The ADF and 
DF-GLS tests were estimated with a maximum default lag of 23, to ensure consistency, and were estimated with the Schwarz Info Criterion as the selection criterion. The KPSS test was 
estimated with the Newey-West bandwidth fjselection criterion and with the Bartlett kernel spectral estimation method. The GPH procedure was estimated with a default lag order 
(m) of 79 to ensure consistency throughout all the variables.

Table A1 continues on the next page →

TABLE A1 (Continues...): Determining the correct form of stationarity.
Form DF-GLS ADF KPSS GPH - I(d)

Intercept intercept and 
trend

None Intercept Intercept and 
trend

Intercept Intercept and 
trend

(m = 79)

Brent (3) -0.423 -0.549 -1.135 -2.423 -3.397 0.622 0.328 1.077

(level) (-2.572) (-3.474) (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.000]

- - [0.233] [0.136] [0.053] - - -

Brent (3) - - -18.813 -18.805 -19.111 0.682 0.189 0.164

(first difference) - - (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.049]

- - [0.000] [0.000] [0.000] - - -

Brent (3) - - -19.357 -19.4 -19.78 0.963 0.279 0.136

(fractional difference) - - (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.147]

{1.077} - - [0.000] [0.000] [0.000] - - -

Brent (4) -0.529 -1.82 0.479 -1.136 -2.169 2.285 0.294 1.034

(level) (-2.570) (-3.480) (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.000]

- - [0.818] [0.703] [0.505] - - -

Brent (4) - - -22.371 -22.372 -22.347 0.106 0.106 -0.025

(first difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.756]

- - [0.000] [0.000] [0.000] - - -

Brent (4) - - -23.01 -22.986 -22.965 0.146 0.124 -0.104

(fractional difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.233]

{1.034} - - [0.000] [0.000] [0.000] - - -

R157 (1) -0.886 -2.049 -0.814 -1.542 -2.012 1.404 0.463 0.969

(level) (-2.567) (-3.480) (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.000]

- - [ 0.364] [0.512] [0.594] - - -

R157 (1) - - -29.897 -29.899 -29.895 0.097 0.062 0.068

(first difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.271]

- - [0.000] [0.000] [0.000] - - -

R157 (1) - - -29.047 -29.035 -29.079 -0.954 -2.45 0.098

(fractional difference) - - (-2.567) (-3.435) (-3.965) (-2.567) (-3.480) [0.144]

{0.969} - - [0.000] [0.000] [0.000] - - -

R157 (2) -0.916 -1.13 0.251 -0.874 -2.745 2.025 0.274 1.164

(level) (-2.570) (-3.480) (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.000]

- - [0.759] [0.796] [0.219] - - -

R157 (2) - - -18.267 -18.283 -18.294 0.228 0.15 0.135

(first difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.074]

- - [0.000] [0.000] [0.000] - - -

R157 (2) - - -21.823 -21.912 -22.072 0.676 0.252 0.356

(fractional difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.000]

{0.1.164} - - [0.000] [0.000] [0.000] - - -

R157 (3) -0.997 -1.597 -0.572 -2.608 -2.56 0.248 0.256 0.945

(level) (-2.572) (-3.473) (-2.572) (-3.450) (-3.987) -0.739 -0.216 [0.000]

- - [0.469] [0.092] [0.299] - - -

R157 (3) - - -14.136 -14.124 -14.153 0.154 0.063 0.079

(first difference) - - (-2.572) (-3.450) (-3.987) -0.739 -0.216 [0.267]

- - [0.000] [0.000] [0.000] - - -

R157 (3) - - -13.666 -13.68 -13.652 0.126 0.082 -0.006

(fractional difference) - - (-2.572) (-3.450) (-3.987) -0.739 -0.216 [0.953]

{0.945} - - [0.000] [0.000] [0.000] - - -

R157 (4) 0.329 -1.855 -1.364 -1.368 -1.97 1.382 0.279 0.937

(level) (-2.570) (-3.480) (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.000]

- - [0.160] [0.599] [0.615] - - -

R157 (4) - - -19.803 -19.853 -19.83 0.077 0.077 0.065

(first difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.361]

- - [0.000] [0.000] [0.000] - - -

R157 (4) - - -17.503 -17.499 -17.685 0.508 0.142 0.165

(fractional difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.014]

{0.937} - - [0.000] [0.000] [0.000] - - -
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Source: Compiled by the authors
PP, Phillips-Perron; DF, Dickey-Fuller; ADF, Augmented Dickey-Fuller; GPH, Geweke and Porter-Hudak.
Note: Critical value at 1% in (), p-value in [] and fractional difference parameter in {}. (1) represents the entire sample; (2) to (4) represent the three smaller samples. The ADF and 
DF-GLS tests were estimated with a maximum default lag of 23, to ensure consistency, and were estimated with the Schwarz Info Criterion as the selection criterion. The KPSS test was 
estimated with the Newey-West bandwidth fjselection criterion and with the Bartlett kernel spectral estimation method. The GPH procedure was estimated with a default lag order 
(m) of 79 to ensure consistency throughout all the variables.

Table A1 continues on the next page →

TABLE A1 (Continues...): Determining the correct form of stationarity.
Form DF-GLS ADF KPSS GPH - I(d)

Intercept intercept and 
trend

None Intercept Intercept and 
trend

Intercept Intercept and 
trend

(m = 79)

ALSI (1) -0.844 -1.846 0.29 -1.974 -2.015 0.871 0.543 1.09

(level) (-2.567) (-3.480) (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.000]

- - [ 0.770] [ 0.299] [0.592] - - -

ALSI (1) - - -34.276 -34.271 -34.258 0.092 0.096 0.056

(first difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.365]

- - [0.000] [0.000] [0.000] - - -

ALSI (1) - - -23.56 -23.554 -23.56 0.208 0.058 -0.008

(fractional difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.907]

{1.090} - - [0.000] [0.000] [0.000] - - -

ALSI (2) -0.669 -1.243 0.223 -2.28 -1.704 1.4822 0.355 1.02

(level) (-2.570) (-3.480) (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.000]

- - [ 0.751] [ 0.179] [0.748] - - -

ALSI (2) - - -21.907 -21.892 -21.974 0.278 0.041 0.013

(first difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.873]

- - [0.000] [0.000] [0.000] - - -

ALSI (2) - - -22.305 -22.281 -22.311 0.166 0.052 0.015

(fractional difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.845]

{1.020} - - [0.000] [0.000] [0.000] - - -

ALSI (3) -1.16 -1.227 0.156 -1.285 -3.631 1.493 0.391 0.933

(level) (-2.572) (-3.473) (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.000]

- - [ 0.731] [ 0.637] [0.029] - - -

ALSI (3) - - -16.729 -16.707 -16.797 0.369 0.077 -0.031

(first difference) - - (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.702]

- - [0.000] [0.000] [0.000] - - -

ALSI (3) - - -15.618 -15.712 -15.705 0.047 0.031 -0.017

(fractional difference) - - (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.825]

{0.933} - - [0.000] [0.000] [0.000] - - -

ALSI (4) -1.178 -2.309 0.749 -1.823 -2.281 1.833 0.345 0.906

(level) (-2.570) (-3.480) (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.000]

- - [ 0.770] [ 0.369] [0.443] - - -

ALSI (4) - - -20.216 -20.197 -20.179 0.078 0.057 -0.098

(first difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.185]

- - [0.000] [0.000] [0.000] - - -

ALSI (4) - - -17.512 -17.842 -18.14 0.802 0.106 0.124

(fractional difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.075]

{1.090} - - [0.000] [0.000] [0.000] - - -

Dow Jones (1) -1.154 -1.311 -0.368 -1.296 -1.294 1.195 0.747 1.065

(level) (-2.567) (-3.480) (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.000]

- - [ 0.552] [0.633] [0.889] - - -

Dow Jones (1) - - -28.544 -28.534 -28.524 0.138 0.122 0.076

(first difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.199]

- - [0.000] [0.000] [0.000] - - -

Dow Jones (1) - - -30.124 -30.141 -30.177 0.349 0.095 0.072

(fractional difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.216]

{1.065} - - [0.000] [0.000] [0.000] - - -

Dow Jones (2) -1.162 -1.137 -0.24 -1.554 -1.942 0.695 0.562 0.864

(level) (-2.570) (-3.480) (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.000]

- - [ 0.600] [0.507] [0.631] - - -

Dow Jones (2) - - -24.653 -24.628 -24.694 0.287 0.033 -0.101

(first difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.127]

- - [0.000] [0.000] [0.000] - - -

Dow Jones (2) - - -17.742 -18.252 -19.434 1.343 0.221 0.307

(fractional difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.000]

{0.864} - - [0.000] [0.000] [0.000] - - -
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Source: Compiled by the authors
PP, Phillips-Perron; DF, Dickey-Fuller; ADF, Augmented Dickey-Fuller; GPH, Geweke and Porter-Hudak.
Note: Critical value at 1% in (), p-value in [] and fractional difference parameter in {}. (1) represents the entire sample; (2) to (4) represent the three smaller samples. The ADF and 
DF-GLS tests were estimated with a maximum default lag of 23, to ensure consistency, and were estimated with the Schwarz Info Criterion as the selection criterion. The KPSS test was 
estimated with the Newey-West bandwidth fjselection criterion and with the Bartlett kernel spectral estimation method. The GPH procedure was estimated with a default lag order 
(m) of 79 to ensure consistency throughout all the variables.

Table A1 continues on the next page →

TABLE A1 (Continues...): Determining the correct form of stationarity.
Form DF-GLS ADF KPSS GPH - I(d)

Intercept intercept and 
trend

None Intercept Intercept and 
trend

Intercept Intercept and 
trend

(m = 79)

Dow Jones (3) -0.601 -0.53 -0.568 -2.004 -3.234 0.728 0.446 1.001

(level) (-2.572) (-3.473) (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.000]

- - [ 0.471] [0.285] [0.080] - - -

Dow Jones (3) - - -16.069 -16.051 -16.399 0.525 0.084 -0.06

(first difference) - - (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.405]

- - [0.000] [0.000] [0.000] - - -

Dow Jones (3) - - -16.07 -16.053 -16.405 0.532 0.086 -0.059

(fractional difference) - - (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.408]

{1.001} - - [0.000] [0.000] [0.000] - - -

Dow Jones (4) -1.152 -1.805 0.101 -1.571 -1.705 1.832 0.254 0.989

(level) (-2.567) (-3.480) (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.000]

- - [ 0.714] [0.496] [0.748] - - -

Dow Jones (4) - - -20.751 -20.73 -20.722 0.125 0.095 -0.045

(first difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.603]

- - [0.000] [0.000] [0.000] - - -

Dow Jones (4) - - -20.506 -20.495 -20.51 0.164 0.082 -0.054

(fractional difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.542]

{0.989} - - [0.000] [0.000] [0.000] - - -

FTSE (1) -1.433 -1.913 -0.515 -1.871 -1.917 1.151 0.755 0.991

(level) (-2.567) (-3.480) (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.000]

- - [ 0.494] [0.346] [0.645] - - -

FTSE (1) - - -37.254 -37.241 -37.228 0.095 0.082 -0.024

(first difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.685]

- - [0.000] [0.000] [0.000] - - -

FTSE (1) - - -36.944 -36.931 -36.916 0.094 0.095 -0.008

(fractional difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.889]

{0.991} - - [0.000] [0.000] [0.000] - - -

FTSE (2) -1.474 -1.655 -0.547 -1.34 -2.512 1.36 0.452 0.874

(level) (-2.570) (-3.480) (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.000]

- - [ 0.480] [0.585] [0.322] - - -

FTSE (2) - - -25.301 -25.285 -25.306 0.155 0.025 -0.12

(first difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.087]

- - [0.000] [0.000] [0.000] - - -

FTSE (2) - - -19.143 -19.458 -20.342 1.19 0.21 0.257

(fractional difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.001]

{0.874} - - [0.000] [0.000] [0.000] - - -

FTSE (3) -0.75 -0.633 0.13 -1.043 -2.942 1.134 0.425 0.917

(level) (-2.572) (-3.473) (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.000]

- - [ 0.723] [0.739] [0.151] - - -

FTSE (3) - - -14.608 -14.586 -14.791 0.474 0.077 -0.079

(first difference) - - (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.249]

- - [0.000] [0.000] [0.000] - - -

FTSE (3) - - -17.86 -13.845 -13.86 0.063 0.049 -0.036

(fractional difference) - - (-2.572) (-3.450) (-3.986) -0.739 -0.216 [0.628]

{0.917} - - [0.000] [0.000] [0.000] - - -

FTSE (4) -2.03 -2.085 -0.261 -2.058 -2.016 0.735 0.314 0.908

(level) (-2.570) (-3.480) (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.000]

- - [ 0.562] [0.262] [0.591] - - -

FTSE (4) - - -19.163 -19.142 -19.128 0.09 0.062 -0.096

(first difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.265]

- - [0.000] [0.000] [0.000] - - -

FTSE (4) - - -17.046 -17.198 -17.489 0.818 0.108 0.146

(fractional difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.079]

{0.908} - - [0.000] [0.000] [0.000] - - -
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TABLE A1 (Continues...): Determining the correct form of stationarity.
Form DF-GLS ADF KPSS GPH - I(d)

Intercept intercept and 
trend

None Intercept Intercept and 
trend

Intercept Intercept and 
trend

(m = 79)

ANG (1) -3.31 -3.385 -0.3 -3.324 3.422 0.669 0.429 0.875
(level) (-2.567) (-3.480) (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.000]

- - [ 0.578] [0.014] [0.049] - - -
ANG (1) - - -34.865 -34.851 -34.838 0.027 0.022 -0.143
(first difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.059]

- - [0.000] [0.000] [0.000] - - -
ANG (1) - - -30.334 -30.398 -30.425 0.224 0.121 0.03
(fractional difference) - - (-2.567) (-3.435) (-3.965) -0.739 -0.216 [0.709]
{0.875} - - [0.000] [0.000] [0.000] - - -
ANG (2) -1.07 -1.877 -0.837 -1.034 -2.847 1.687 0.205 0.931
(level) (-2.570) (-3.480) (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.000]

- - [ 0.353] [0.743] [0.181] - - -
ANG (2) - - -20.951 -20.95 -20.998 0.154 0.031 -0.001
(first difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.993]

- - [0.000] [0.000] [0.000] - - -
ANG (2) - - -19.256 -19.236 -19.491 0.566 0.077 0.106
(fractional difference) - - (-2.570) (-3.444) (-3.977) -0.739 -0.216 [0.254]
{0.931} - - [0.000] [0.000] [0.000] - - -
ANG (3) -0.362 -1.781 0.389 -2.796 -2.924 1.266 0.334 0.986
(level) (-2.573) (-3.471) (-2.573) (-3.452) (-3.988) -0.739 -0.216 [0.000]

- - [ 0.796] [0.060] [0.156] - - -
ANG (3) - - -17.475 -17.478 -17.492 0.164 0.031 -0.116
(first difference) - - (-2.573) (-3.452) (-3.988) -0.739 -0.216 [0.139]

- - [0.000] [0.000] [0.000] - - -
ANG (3) - - -17.263 -17.278 -17.306 0.191 0.033 -0.099
(fractional difference) - - (-2.573) (-3.452) (-3.988) -0.739 -0.216 [0.206]
{0.986} - - [0.000] [0.000] [0.000] - - -
ANG (4) -2.639 -2.999 -0.021 -2.807 -3.023 0.557 0.238 0.932
(level) (-2.570) (-3.480) (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.000]

- - [ 0.675] [0.058] [0.127] - - -
ANG (4) - - -20.981 -20.958 -20.934 0.028 0.029 -0.117
(first difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.122]

- - [0.000] [0.000] [0.000] - - -
ANG (4) - - -19.085 -19.155 -19.193 0.244 0.058 0.016
(fractional difference) - - (-2.570) (-3.445) (-3.979) -0.739 -0.216 [0.831]
{0.991} - - [0.000] [0.000] [0.000] - - -
Source: Compiled by the authors
PP, Phillips-Perron; DF, Dickey-Fuller; ADF, Augmented Dickey-Fuller; GPH, Geweke and Porter-Hudak.
Note: Critical value at 1% in (), p-value in [] and fractional difference parameter in {}. (1) represents the entire sample; (2) to (4) represent the three smaller samples. The ADF and 
DF-GLS tests were estimated with a maximum default lag of 23, to ensure consistency, and were estimated with the Schwarz Info Criterion as the selection criterion. The KPSS test was 
estimated with the Newey-West bandwidth fjselection criterion and with the Bartlett kernel spectral estimation method. The GPH procedure was estimated with a default lag order 
(m) of 79 to ensure consistency throughout all the variables.

Appendix 1 continues on the next page →
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FIGURE 1A: The process of rendering a non-stationary time series stationary (Phases 1, 2 and 3).
Figure 1A continues on the next page →
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FIGURE 1A (Continues...): The process of rendering a non-stationary time series stationary (Phases 1, 2 and 3).


