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Abstract

Simulation evidence is presented on the finite sample properties of two recently proposed tests for
stationarity due to Kwiatkowski, Phillips and Schmidt (1991) and Park (1990).  Unlike earlier unit-
root tests, these test the null of stationarity against the alternative of a unit root, thereby reversing
the usual burden of proof. We also examine the consequences of using the Kwiatkowski, Phillips and
Schmidt test in conjunction with a standard unit-root test.  These results suggest that the frequencies
of incorrect conclusions may be decreased relative to the application of only standard unit-root
tests. Also, such a joint testing procedure may in some cases give researchers more confidence in
their tests’ results.
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1.0 Introduction

Standard unit-root tests such as Dickey and Fuller (1979) and Phillips and Perron (1988) frequently

do not reject the null of a unit root when applied to macroeconomic time series.2  The presence of a unit root

raises serious questions both about the existence and nature of the business cycle and about the econometric

methods used to draw inferences from macroeconomic data.  However, many have pointed out that unit-root

tests have little power against stationary alternatives with high persistence and argue that the presence of a

unit root is therefore unproven.  For example, DeJong, Nankervis, Savin and Whiteman (1992) show that

the Dickey and Fuller test is typically unable to distinguish between series with a unit root and stationary

AR(1) series with an autocorrelation coefficient near unity.  An alternative way to approach the question

would be to use Bayesian methods to examine the probability that a unit root is consistent with the data.3

The results have generated considerable debate however, and seem to be sensitive to normally innocuous

assumptions about prior beliefs.4  We instead focus on a third approach, which has suggested procedures to

test the null of stationarity against the alternative of a unit root, thereby reversing the usual burden of proof.

Recent papers by Kwiatkowski, Phillips and Schmidt (1991) and Park (1990) have proposed

different tests of the null hypothesis of stationarity against the alternative of a unit root.5  However, little is

known about the finite sample behaviour of these new tests for stationarity, their robustness and their relative

strengths and weaknesses.  We attempt to address this problem by using Monte Carlo simulations to

calculate the empirical size and power of these tests for selected data generation processes.  We also examine

the consequences of using these tests in conjunction with a standard unit-root test.  By comparing the results

of such tests to standard unit-root tests, one can hope to determine whether there is significant evidence of

a unit root, or whether the data are simply uninformative.  We find that in some cases the joint test helps to

avoid erroneous conclusions.  A simple Bayesian analysis suggests that for certain priors, the joint testing

procedure will allow researchers to have more confidence in their tests results when the two tests agree.  It

2. For example see Adler and Lehmann (1983) for evidence on real exchange rates, Diba and Grossman (1988) for the
price-dividend ratio, Nelson and Plosser (1982) for output, and Rose (1990) for real interest rates.

3. For an introduction see Sims (1988).
4. See Phillips (1991a,1991b).
5. Another test for stationarity has recently been proposed by Kahn and Ogaki (1991).  However, the test’s applicability

appears limited as it fails to generalize to cases where the residuals are not white noise.  Dejong, Nankervis, Savin
and Whiteman (1992) propose both similar and non-similar tests for the null of stationarity.  Unfortunately, their
similar tests test only the null of a specific AR root rather than a general null of stationarity, and their non-similar test
will generally lack power due to nuisance parameter problems.
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also introduces a significant probability that the two tests will fail to agree in their results.

The next section briefly introduces the Kwiatkowski, Phillips and Schmidt (KPS) and Park tests.

Section 3 presents our Monte Carlo design and the results on test size, power and robustness.  Section 4

investigates the usefulness of applying the KPS test in conjunction with an existing unit-root test.   Section

5 provides concluding remarks.

2.0 Two Tests for the Null Hypothesis of Stationarity6

The Dickey and Fuller (DF) and Phillips and Perron (PP) tests for unit roots are based on a test

regression of the form

(1)

where  is assumed to be stationary.7  KPS propose a slightly different testing framework based on the

model

(2)

where

(3)

and  is i.i.d. and  is assumed to be stationary.  Equation (2) decomposes  into a random walk

component  and a stationary error.  The initial value of the random walk component is treated as fixed and

so serves as an intercept, or the mean to which the series reverts.  The null hypothesis of stationarity is

, or equivalently, .

The key insight of KPS is that this is simply a special case of the random coefficients model

(4)

6. We only consider tests comparing hypotheses of a unit root without drift to stationary hypotheses.  Extensions to the
case of a unit root with drift and trend stationarity are straightforward.

7. The tests differ in their treatment of serially correlated residuals.  DF proposes adding lagged differences to control
for serial correlation while PP propose the application of a nonparametric correction to the test statistic.  In fact, the
PP correction allows for more general dependence in the residual process, including conditional heteroscedasticity.

yt α ρyt 1− vt+ +=

vt

yt r t εt+=

r t r t 1− ut+=

ut εt yt

r t

σu
2 0= σr

2 0=

yt xtβt εt+=



/home/int/vann/fm/Burden/Burden2.fm September 9, 1992 3:36 pm Page 4 of 20

where

(5)

where imposing  and  reduces Equation (4) to (2).  This means testing the null of stationarity

against the alternative of a unit root is equivalent to testing the null of a constant coefficient model against

the alternative of a random coefficient model.  The appropriate Lagrange Multiplier test statistic works out

to be

(6)

where

(7)

 is the residual from the regression of  on a constant,  is the usual estimate of the residual variance

from this regression (residual sum of squared residuals divided by T-1), and T is the sample size.  The

distributions of this statistic is nonstandard and empirical critical values are provided by Monte Carlo

methods.

In the random coefficients literature, this derivation depends on the strong assumption that  isi.i.d.

normal with mean zero.  KPS extend this test to the case where  is serially correlated and may be

heteroscedastic.8 The key difference is that the denominator of (6) is replaced with the Newey and West

(1987) estimate of the long-run variance of , denoted , giving the KPS test statistic9

(8)

where k is equal to the lag truncation parameter and an additional factor of  is used to normalize the

8. Any stationary ARMA process is acceptable.  See KPS for a precise statement of the conditions  must satisfy.

9. Newey and West define  where , which ensures

that the estimator is non-negative.  Note that when k = 0, the estimator is simply the standard variance estimator.
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numerator.

An alternative test proposed by Park (1990) is based on the idea that if a variable follows a unit-root

process, then ordinary least-squares standard errors are usually inappropriate and will tend to indicate that

unrelated variables have a statistically significant relationship.  Park’s J1 test adds one or more spurious

variables to a regression of  on a constant and tests whether they appear to be significant.  If we knowa

priori that these regressors are superfluous, then nominal significance of standard F- or t-tests is an

indication of a spurious regression.  The Park J1 test statistic is of the form

(9)

where RSS1  is the sum ofyt’s squared deviations from its mean, RSS2 is the residual sum of squares of the

regression with a constant and the superfluous variables and  is the Newey and West estimate of the long-

run residual variance ofy, defined analogously to , above.  Under the null hypothesis of stationarity the

test statistic is Chi-squared distributed with degrees of freedom equal to the number of superfluous

regressors.  The selection of the superfluous regressors is somewhat arbitrary, with any deterministic trend

or unrelated stochastic process a legitimate choice.  Park (1990) suggests polynomial time trends and

pseudo-random walks.  Park, Ouliaris and Choi (1988) note that in finite samples the power of the test

appear to vary greatly with the number of superfluous regressors, although their selection quickly becomes

unimportant as the sample size increases.  They also found that using two or more variables generally gave

better discriminatory power.  Below, we include three time trends (linear, cubic and fifth order) as

superfluous regressors, as this case is thought to have good power and is more useful to the applied

researcher than that using pseudo-random walks.10

3.0 Monte Carlo Experiment Design and Results

In this section, we use Monte Carlo experiments to evaluate and compare the effects of different

data generation processes (DGPs) on the size and power of the KPS and J1 tests.  The simulated data are

generated by an ARMA(1,1)  model of the form

10. Results using three pseudo-random walks are available from the authors on request.
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(10)

where  isi.i.d. with mean zero and constant variance equal to one and .  For each experiment we

perform 10,000 replications with the sample size T set equal to 50, 100, 200, recording the rejection

frequencies using five percent asymptotic critical values.11 Various lag truncation parameters (viz, 0,1,2,4

and 8) are used to evaluate their effect on the tests’ performance.12 To estimate the size of the tests we set

ρ= 0.85 for a range of MA parameters (viz.,   -0.8, -0.5, 0.0, 0.5 and 0.8), while power is calculated by setting

ρ=1.0 for the same range of MA parameters.  For sample sizes usually available in macroeconomics, this

set of AR parameters is typical of the range in which the parameters of interest are thought to lie.  DeJong,

Nankervis, Savin and Whiteman (1992) present Monte Carlo results to show that the most commonly used

unit-root tests can not reliably distinguish between such processes for typical sample sizes.  Therefore, this

is precisely the area of the parameter space in which better tests are most needed.  Furthermore, restricting

the number of AR parameters examined allows us to keep the number of permutations examined down to a

manageable level.13  Finally, we would note that our results for varying sample sizes can be interpreted

either as cases where the span of the data varies for a given sampling frequency, or where the sampling

frequency varies for a given data span.  In the latter case, holding  constant at 0.85 while varyingT implies

we are changing the adjustment speed of the series.  Therefore, results across different values ofT can give

insight into the test’s behaviour across different values of .14

Table 1 compares size for the KPS and J1 tests.  For each lag length k, two rejection frequencies are

reported; the first corresponds to the KPS test and the second to the J1 test.  In general, both tests show large

size distortions that tend to increase with the value of the MA parameter and decrease with the lag truncation

length.   The J1 test appears to be slightly more conservative than the KPS test across most DGPs and sample

sizes.  However, for sample size equal to 50 and truncation parameter equal to 8 the J1 test is too

11. The 5 percent critical values are 0.463 and 7.815 for the KPS and J1 tests respectively.  We begin data generation at
T= -19 and discard the first twenty observations to minimize any problems associated with starting values.

12. All simulations were performed on a Sun SPARC-station using RATS Version 3.1.
13. It has been suggested to the authors that we could reduce the number of permutations by using the automatic data-

dependent bandwidth procedure suggested by Andrews (1991).  However, the approach used above is more
commonly used by the applied researcher and is also that suggested by the tests’ original authors.  Furthermore,
using the Andrews method may be problematic in the context of the KPS and Park tests since the regression residuals
will have much more persistence than those in a Dickey-Fuller or Phillips-Perron test, and Andrews notes that his
estimator does poorly in such cases.  Andrews and Monahan (1990) suggest the use of a prewhitened version of the
Andrews estimator may be helpful, but we find normally innocuous but necessary restrictions on the size of the
prewhitening parameters are frequently binding for unit and near-unit roots.

14. See Hakkio and Rush (1991) for a discussion.
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conservative with size calculations less than the nominal size of 5 percent.  A striking feature of Table 1 is

that for shorter truncation lags the size of the tests tend to move in opposite directions (for a given k) over

different sample sizes.  That is, size distortion corresponding to the J1 test tends to increase for larger sample

sizes while that for the KPS test tends to decrease for larger samples.  However, for lag lengths greater than

2, size distortions tend to move in the same direction.15

Unadjusted power calculations appear in Table 2.  The power of both tests decline with increases in

k, and decreases in the MA parameter.  For samples equal to 50 the KPS test maintains power better over

the truncation parameters.  For example, for a truncation parameter equal to 8 the power of the J1 test

declines to less than 2 percent for all DGPs examined while the power of the KPS test does not fall below

30 percent.   However, for larger samples both tests appear to maintain a reasonable level of power over K.

Table 3 provides size-adjusted power calculations for each experiment.  Again, the KPS test performs better

than the J1 test for smaller (50 observations), however for larger sample sizes the J1 test appears to

dominate, albeit slightly, the KPS test in size-adjusted power.  This result is not really surprising once we

recall the evidence suggesting that the J1 test is marginally more conservative than the KPS test in terms of

empirical size.

In sum, as is the case with conventional unit-root tests, the KPS and J1 tests appear to suffer from

size distortion and loss of power for certain data generation processes, and neither test clearly dominates the

other.  Both tests also appear sensitive to the specification of the truncation parameter.

4.0 Joint Tests for Unit Roots

KPS suggest using tests of the null hypothesis of stationarity in conjunction with tests of the null

hypothesis of a unit-root.   Using two test means we may observe one of four possible outcomes.  If the

stationarity test rejects the stationary null and the unit-root test accepts the unit-root null, we would logically

conclude that unit roots are present.  If the former test accepts the null of stationarity and the latter rejects

15. This is presumably becausek should increase withT for consistency. Results in the literature provide various
conditions on the increase of the truncation parameter as  that is sufficient for consistency.  For example,
depending on the underlying assumptions the growth rate of k required for consistency can range for  to .
However, Newey and West (1987) assert that the specification of an appropriate asymptotic growth rate for k
provides little guidance for the choice of the truncation parameter in finite samples.  This makes valid comparisons
across finite samples for a given k difficult.

T ∞→
T1 4⁄ T1 2⁄
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the presence of unit roots, we would logically conclude that the data are stationary.  If neither test rejects its

null, we could conclude that the data are simply not sufficiently informative to distinguish between

stationarity and a unit root.  Finally, if both tests reject their nulls, we may suspect some kind of

misspecification, since at least one of the tests must be suffering from Type I error.  Note that the latter two

situations do not allow us to draw conclusions about the presence of unit roots.

To determine the value of using a joint test as opposed to a single traditional unit-root test, one must

weigh the likelihood of producing conflicting and therefore inconclusive results against the reduced

probability of an incorrect conclusion. Since this in turn depends on the relative likelihood of encountering

different DGPs and on the value one places on avoiding Type I or Type II errors, no definitive answer is

possible. However, the results we present below should be enough to show applied researchers the kind of

trade-offs involved. For compactness, we focus exclusively on results using the KPS test.

In Table 4 and Table 5 we show the results of using a joint testing strategy on the same range of

DGPs considered in the previous section. We use the same Monte Carlo framework described above to

generate test statistics for both KPS and PP tests for each repetition.16  We then cross-tabulate these results

for easier interpretation, comparing the results of a single-test strategy using just the PP test to the joint

testing strategy.  They show the frequency of incorrect conclusions using the PP test along side the

frequency of incorrect, inconclusive and correct conclusions using the PP and KPS tests jointly.17

Table 4 considers unit-root DGPs.  We see that for non-negative MA parameters, both the single

and the joint testing procedures produce few incorrect conclusions of stationarity, with the joint test always

more conservative than the single test.  However, for negative MA parameters, the joint procedure reduces

(often greatly) the number of incorrect conclusions produced by the single test.  For example, with T = 100,

k = 4 and , the frequency of such errors fall from 99.05 percent with the PP test to 28.36 percent

with the KPS-PP test.  The actual reduction tends to increase with T and decrease with k, which accords

with the behaviour of the KPS test reported in Table 2.  This comes at the cost of the ability to conclude that

16. We chose the PP test over the DF test, since the PP and KPS approach both use the same long-run variance
estimators.  Further, we use the normalized bias version of the PP test statistic as Campbell and Perron (1991) assert
that it is more powerful than the standard regression “t-test”.  The PP Monte Carlo experiment results are available
from the authors upon request.

17. Henceforth, when the PP test is used in conjunction with the KPS test we refer to this as the KPS-PP test. A more
complete breakdown of test results is available from the authors.

θ 0.8−=
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unit roots are indeed present in some cases when the MA parameter is non-negative. We see that while the

frequency of the unit-root conclusion exceeds 99 percent in several cases, it drops to just under 50 percent

when using small T and large k.  This inability to correctly detect the presence of unit roots is due to the

KPS test’s lack of power, as we can see by comparing the frequencies in the Unit Root columns in Table 4

with the power figures for the KPS test in Table 2.

Table 5 shows the results for the stationary DGPs.  Again, we find that the results differ depending

on whether we consider negative or non-negative values of the MA parameter.  For negative values, the

single and the joint testing procedure produce nearly identical results.  Even in 10,000 trials, many of these

experiments failed to produce a single case of a conclusion that unit roots were present, and the frequency

of such false conclusions is always below 3 percent.  For non-negative MA parameters, however, the single

and joint tests give very similar numbers of incorrect conclusions in larger samples (T = 200) while for small

samples and large truncation lengths (k = 4 and 8) the joint test produces far fewer incorrect conclusions

than the single test.  For example, with T = 50,  and k = 4, the single test fails to reject the unit-root

null in 91.69 percent of all trials while the joint test gives a unit-root result in only 28.94 percent.  Again,

this gain is offset by the inability to conclude that the DGP is stationary for a significant part of the parameter

space, namely, in larger samples with negative MA parameters.  While the PP test rejects the presence of a

unit root over 97 percent of the time in all such cases, the frequency of the stationary conclusion for the PP-

KPS test varies from over 90 percent to under 25 percent, the frequency falling as T increases, and  and k

decrease.  Again, the inability to correctly detect the stationarity of the DGP is due to the KPS test’s severe

size distortion, as we can see by comparing the results in the Stationary Column in Table 5 with the size

figures for the KPS test in Table 1.

As we stated at the outset of this section, whether the single or joint testing approach is superior in

any well-defined sense will depend on the specific application and the relative importance the researcher

places on Type I and Type II errors.  However, an illustrative way to summarize our results would be to use

a Bayesian approach and consider theex ante andex post probabilities of a unit root’s presence.  For

convenience, we consider the simple case of ARMA(1,1) DGPs and our priors place a probability of 0.5 on

 and 0.2 on .  In other words, we consider only the DGPs considered

in our Monte Carlo experiments, with each one thought to be equally likely. Table 6 shows the resultingex

θ 0.5=

θ

ρ 0.85 1.0,= θ 0.8 0.5 0.0 0.5− 0.8−, , , ,=
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post probabilities of having a true unit-root DGP conditional on the tests indicating the presence of a unit

root (or in the case of the PP test, simply failing to reject the null).  Table 7 shows the corresponding

probabilities of having a truly stationary DGP conditional on the tests indicating stationarity.

Table 6 shows that in large samples (T = 200) there is little difference between the PP and PP-KPS

tests in our confidence when detecting a unit-root.  Both the single and joint tests allow us to have similarly

high confidence in our results, particularly when we have .  In short data samples (T = 50), the single

test gives us little confidence in our results, moving ourex post probabilities little from our prior of 0.5,

while the joint test allows us to be more confident of our results, particularly for largek. Table 7 shows

significant differences between the single and joint testing procedure in all sample lengths when we

conclude the series is stationary.  Based on the single test, we would believe this conclusion to be true

between 60 and 75 percent of the time for most choices ofk and T, while with the joint test these

probabilities rise to the 70 to 95 percent range. These results suggest that the joint testing procedure

improves our confidence in our results most when it indicates our series are stationary, or when it indicates

our series have a unit root for small samples and largek.  However, we should expect the joint test to

produce frequently inconclusive results.  As is shown in Table 8, using the same priors used to construct

Table 6 and Table 7, we should expect such results roughly 25 to 50 percent of the time, but particularly in

short samples with largek and in large samples with smallk.

Some may suspect that the superior reliability of the joint test is simply the result of comparing it

to the PP test, which we know suffers from severe size distortion in the presence of negative MA

parameters.18  Hence, we repeat the single and joint testing procedures comparison by replacing the PP test

with the augmented Dickey-Fuller (ADF) test.19  The results (Tables 9 and 10) again suggest that the joint

testing procedure will reduce the probability of an erroneous conclusion, especially for smaller samples and

stationary DGPs.

We also examine whether the reduced probability of incorrect conclusions is a result of using two

tests with opposite null hypothesis or simply a result of using two tests.  To this end we compare the

performance of the KPS-ADF test to the PP-ADF test (see Tables 9 and 10).  For unit-root processes there

18. See Schwert (1987,1989).
19. In the following experiment, we only examine the case for an arbitrary selected lag length of four.

k 0>
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is little disagreement between the ADF and PP tests except for large negative MA cases.  Here the KPS-

ADF test gives fewer stationarity conclusions than the PP-ADF test.  However, for stationary processes the

KPS-ADF test leads to appreciably fewer incorrect conclusions of unit roots, especially for smaller samples.

For example, with ,  and T = 50, the PP-ADF test will result in a unit-root conclusion about

69.3 percent of the time whereas the KPS-ADF test reduces this to 27.7 percent.

5.0 Concluding Remarks

Both the KPS and J1 tests appear to suffer from size distortion and loss of power for certain data

generating processes, and neither test clearly dominates the other.  Both tests also appear sensitive to the

specification of the truncation parameter.  Examining the consequences of using the KPS test in conjunction

with standard unit-root tests suggests that the frequencies of incorrect conclusions can often be reduced

relative to that of a single standard unit-root test.  One way to summarize these results is in a simple

Bayesian framework.  We find that the joint testing approach seems to increase our confidence in our tests’

results the most when it indicates that the data are stationary, or that the data have a unit root for small

samples and large k.

ρ 0.85= θ 0.0=
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Table 1:
Empirical Size Calculations

Kwiatkowski, Phillips and Schmidt (KPS) and Park (J1) Tests
DGP:

k 0 1 2 4 8

KPS J1 KPS J1 KPS J1 KPS J1 KPS J1

=-0.8 T=50 12.29 11.87 10.16 9.25 8.87 6.44 7.53 2.99 3.86 1.34

T=100 13.90 12.81 12.63 10.77 11.42 9.84 9.74 7.33 7.05 4.52

T=200 15.44 14.42 13.74 12.71 13.00 11.16 11.28 8.82 8.53 6.87

=-0.5 T=50 59.22 67.63 44.96 54.30 34.71 40.83 23.38 17.80 10.53 1.24

T=100 68.96 65.48 52.77 50.40 41.96 39.34 27.87 23.50 16.71 7.28

T=200 75.44 64.57 58.04 49.02 45.58 38.01 32.20 25.11 18.99 11.58

= 0.0 T=50 81.57 88.36 58.95 72.34 44.52 56.66 28.86 26.08 12.74 1.36

T=100 88.25 81.24 67.14 61.40 52.30 48.03 33.04 27.28 18.84 7.73

T=200 91.36 78.11 70.14 58.19 55.05 45.55 36.58 28.54 20.43 13.09

= 0.5 T=50 85.94 89.80 61.28 74.29 45.82 60.19 29.27 27.11 12.43 1.01

T=100 90.36 83.15 69.33 64.74 52.01 49.56 34.43 27.76 19.09 8.71

T=200 93.03 78.98 73.12 60.39 57.20 46.62 36.38 29.19 20.50 13.35

= 0.8 T=50 85.70 90.66 62.42 75.30 45.91 59.27 29.76 27.14 12.78 1.34

T=100 90.96 83.50 69.47 64.53 52.55 49.45 33.41 28.12 19.35 8.65

T=200 93.68 79.47 73.00 60.38 56.19 46.28 37.94 29.66 21.18 12.84

yt 0.85yt 1− ϑt θϑt 1−+ +=

θ

θ

θ

θ

θ
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Table 2:
Empirical Power Calculations

Kwiatkowski, Phillips and Schmidt (KPS) and Park (J1) Tests
DGP:

k 0 1 2 4 8

KPS J1 KPS J1 KPS J1 KPS J1 KPS J1

=-0.8 T=50 61.63 63.74 56.63 57.20 52.66 51.14 44.69 32.75 31.18 1.51

T=100 85.81 85.44 82.73 81.88 79.10 78.73 71.64 71.20 60.90 51.74

T=200 97.42 95.33 95.97 95.54 94.03 91.97 90.44 88.48 80.64 80.79

=-0.5 T=50 89.64 93.76 81.05 89.29 73.51 83.76 62.85 62.79 44.01 1.68

T=100 98.40 96.24 94.76 93.65 90.95 89.54 80.45 81.24 67.31 61.15

T=200 99.81 98.41 99.23 96.57 98.17 95.20 93.99 91.39 85.19 83.79

= 0.0 T=50 96.13 97.85 86.93 93.75 78.04 88.72 65.15 70.82 45.66 1.92

T=100 99.40 97.74 96.19 94.60 91.75 90.77 82.17 82.41 67.97 62.61

T=200 99.95 98.50 99.52 97.32 98.48 94.64 94.90 92.18 84.75 84.46

= 0.5 T=50 97.16 98.23 87.79 94.49 77.53 89.26 65.24 71.33 46.43 1.96

T=100 99.63 98.14 96.85 94.45 92.47 91.37 82.25 83.07 68.05 63.73

T=200 99.99 98.76 99.55 96.88 98.39 95.18 94.67 91.73 85.28 84.46

= 0.8 T=50 96.84 98.36 87.87 94.54 78.40 89.44 66.40 71.96 46.49 1.90

T=100 99.49 98.03 96.34 94.62 92.04 90.56 82.48 83.39 68.31 62.90

T=200 99.96 98.58 99.55 97.16 98.76 95.16 94.81 91.80 85.26 84.25

yt yt 1− ϑt θϑt 1−+ +=

θ

θ

θ

θ

θ
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Table 3:
Size-Adjusted Power Calculations

Kwiatkowski, Phillips and Schmidt (KPS) and Park (J1) Tests
DGP:

k 0 1 2 4 8

KPS J1 KPS J1 KPS J1 KPS J1 KPS J1

=-0.8 T=50 49.46 52.30 47.74 48.84 44.68 48.19 40.11 39.95 34.28 10.21

T=100 76.94 79.43 73.21 76.13 69.53 73.48 64.58 67.23 57.34 53.10

T=200 92.26 93.06 91.43 91.06 88.32 89.07 84.50 86.35 74.94 78.69

=-0.5 T=50 47.97 55.35 44.13 52.93 42.58 49.10 39.19 40.76 32.92 10.15

T=100 67.56 75.82 62.68 72.04 59.28 69.28 55.68 64.78 50.99 55.77

T=200 85.64 88.57 79.85 85.85 77.53 84.96 73.95 82.40 69.41 77.82

= 0.0 T=50 42.99 51.49 40.02 47.33 39.24 45.68 38.24 38.75 30.84 9.76

T=100 59.71 68.53 58.25 68.03 56.50 65.27 55.39 63.06 51.20 56.75

T=200 78.58 83.73 74.59 83.52 74.87 81.48 71.00 80.59 67.46 77.82

= 0.5 T=50 40.19 47.20 40.09 48.00 38.14 45.35 35.98 37.10 32.63 11.16

T=100 59.25 67.44 58.22 67.28 57.15 65.74 54.15 63.44 50.22 56.75

T=200 75.41 81.80 73.38 82.20 74.70 81.99 71.49 80.06 68.29 77.19

= 0.8 T=50 39.03 48.28 39.09 47.49 39.89 44.13 37.03 39.01 31.70 10.28

T=100 59.44 67.07 56.99 67.52 56.97 64.93 54.64 63.11 49.45 56.02

T=200 74.05 82.59 74.26 81.88 73.25 81.68 70.72 80.41 68.32 77.17

yt yt 1− ϑt θϑt 1−+ +=

θ

θ

θ

θ

θ
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Table 4:
Comparison of Conclusions Given by the PP Test and the KPS and PP Tests

DGP:

PP PP-KPS PP-KPS PP-KPS

Stationary Stationary Inconclusive Unit Root

k T= 50 T=100 T=200 T= 50 T=100 T=200 T= 50 T=100 T=200 T= 50 T=100 T=200

=-0.8 0 99.55 99.86 99.97 38.37 14.19 2.58 61.18 85.67 97.39 0.45 0.14 0.03

1 98.61 99.22 99.09 43.37 17.27 4.03 55.24 81.95 95.06 1.39 0.78 0.91

2 98.57 98.83 98.67 47.34 20.90 5.97 51.23 77.93 92.70 1.43 1.17 1.33

4 98.85 99.05 98.46 55.31 28.36 9.56 43.54 70.69 88.90 1.15 0.95 1.54

8 99.66 99.64 99.12 68.82 39.10 19.36 30.84 60.54 79.76 0.34 0.36 0.88

=-0.5 0 57.66 63.55 65.96 10.30 1.60 0.19 47.42 61.95 65.77 42.28 36.45 34.04

1 47.76 49.17 47.55 17.50 5.21 0.77 31.71 43.99 46.78 50.79 50.80 52.45

2 48.13 46.53 42.06 22.49 8.67 1.83 29.64 38.24 40.23 47.87 53.09 57.94

4 52.59 49.60 42.46 30.94 17.50 5.79 27.86 34.15 36.89 41.20 48.35 57.32

8 59.05 56.00 47.90 44.75 28.62 13.69 25.54 31.45 35.33 29.71 39.93 50.98

= 0.0 0 4.61 4.69 5.23 1.66 0.44 0.05 5.16 4.41 5.18 93.18 95.15 94.77

1 5.01 5.11 5.06 3.33 1.68 0.38 11.42 5.56 4.78 85.25 92.76 94.84

2 4.83 5.63 4.69 3.74 2.77 0.81 19.31 8.34 4.59 76.95 88.89 94.60

4 5.73 5.92 5.35 4.99 4.00 1.87 30.60 15.75 6.71 64.41 80.25 91.42

8 4.06 6.12 5.96 3.91 5.25 3.82 50.58 27.65 13.57 45.51 67.10 82.61

= 0.5 0 0.23 0.35 0.40 0.11 0.05 0.00 2.85 0.02 0.41 97.04 99.93 99.59

1 1.67 1.60 1.62 1.22 0.63 0.18 11.44 3.49 1.71 87.34 95.88 98.11

2 1.87 2.21 2.40 1.54 1.30 0.62 21.26 7.14 2.77 77.20 91.56 96.61

4 1.31 2.49 2.99 1.29 1.95 1.46 33.44 16.34 5.40 65.22 81.71 93.14

8 0.49 1.63 2.93 0.48 1.56 2.08 53.10 30.46 13.49 46.42 67.98 84.43

= 0.8 0 0.21 0.25 0.25 0.16 0.07 0.02 3.05 0.62 0.25 96.79 99.31 99.73

1 1.20 1.32 1.78 0.91 0.54 0.16 13.51 3.90 1.91 85.58 95.56 97.93

2 1.51 2.16 1.98 1.33 1.31 0.46 20.45 7.50 2.30 78.22 91.19 97.24

4 1.09 2.12 2.75 1.03 1.56 1.25 32.63 16.52 5.44 66.34 81.92 93.31

8 0.33 1.30 2.50 0.32 1.26 1.83 53.20 30.47 13.58 46.48 68.27 84.59

yt yt 1− ϑt θϑt 1−+ +=

θ

θ

θ

θ

θ
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Table 5:
Comparison of Conclusions Given by the PP Test and the KPS and PP Tests

DGP:

PP PP-KPS PP-KPS PP-KPS

Unit Root Unit Root Inconclusive Stationary

k T= 50 T=100 T=200 T= 50 T=100 T=200 T= 50 T=100 T=200 T= 50 T=100 T=200

=-0.8 0 0.00 0.00 0.00 0.00 0.00 0.00 12.29 13.90 15.44 87.71 86.10 84.56

1 0.00 0.00 0.00 0.00 0.00 0.00 10.16 12.63 13.74 89.84 87.37 86.26

2 0.00 0.00 0.00 0.00 0.00 0.00 8.87 11.42 13.00 91.13 88.58 87.00

4 0.00 0.00 0.00 0.00 0.00 0.00 7.53 9.74 11.28 92.47 90.26 88.72

8 0.00 0.00 0.00 0.00 0.00 0.00 3.86 7.05 8.53 96.14 92.95 91.47

=-0.5 0 1.19 0.00 0.00 1.17 0.00 0.00 58.07 68.96 75.44 40.76 31.04 24.56

1 2.93 0.00 0.00 2.55 0.00 0.00 42.79 52.77 58.04 54.66 47.23 41.96

2 2.69 0.00 0.00 2.19 0.00 0.00 33.02 41.96 45.58 64.79 58.04 54.42

4 1.79 0.00 0.00 1.19 0.00 0.00 22.79 27.87 32.20 76.02 72.13 67.80

8 0.99 0.00 0.00 0.43 0.00 0.00 10.66 16.71 18.99 88.91 83.29 81.01

= 0.0 0 72.20 22.28 0.02 64.71 21.87 0.02 24.35 66.79 91.34 10.94 11.34 8.64

1 69.05 22.73 0.03 48.10 20.05 0.03 31.80 49.77 70.11 20.10 30.18 29.86

2 67.32 21.48 0.01 37.33 16.05 0.07 37.18 41.68 55.01 25.49 42.27 44.92

4 67.80 20.74 0.09 25.33 11.27 0.07 46.00 31.24 36.53 28.67 57.49 63.40

8 73.84 19.37 0.12 11.24 7.03 0.09 64.10 24.15 20.37 24.66 68.82 79.54

= 0.5 0 96.91 81.40 14.93 84.46 76.26 14.76 13.93 19.24 78.44 1.61 4.50 6.80

1 88.73 52.43 1.89 58.41 42.78 1.80 33.19 36.20 71.41 8.40 21.02 26.79

2 87.75 47.49 1.11 44.29 31.62 0.98 44.99 36.26 56.35 10.72 32.12 42.67

4 91.69 49.73 1.61 28.94 23.89 1.19 63.08 36.38 35.61 7.98 39.73 63.20

8 97.85 63.43 2.75 12.37 16.87 1.44 85.54 48.78 20.37 2.09 34.35 78.19

= 0.8 0 98.06 87.78 25.11 84.99 81.97 24.83 13.78 14.80 69.13 1.23 3.23 6.04

1 90.83 57.49 2.23 60.29 46.99 2.15 32.67 32.98 70.93 7.04 20.03 26.92

2 89.97 51.49 1.55 44.63 34.32 1.28 55.37 35.40 55.18 8.75 30.28 43.54

4 93.58 52.86 1.91 29.54 24.31 1.47 64.26 37.65 36.91 6.20 38.04 61.62

8 98.80 70.61 3.80 12.78 17.66 2.12 86.02 54.64 20.74 1.20 27.70 77.14

yt 0.85yt 1− ϑt θϑt 1−+ +=

θ

θ

θ

θ

θ
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Table 6:
BayesianEx PostProbabilities of a Unit Root

Conditional on Significant Evidence of a Unit Root

Phillips-Perron Test PP-KPS Test

k T=50 T=100 T=200 T=50 T=100 T=200

0 55.72 63.38 89.12 58.353 64.76 89.23

1 57.89 72.15 98.81 64.70 75.35 98.86

2 58.21 74.10 99.24 68.68 79.90 99.33

4 57.19 73.43 98.97 73.71 83.14 99.20

8 55.34 68.61 98.08 82.06 85.43 98.82

Table 7:
BayesianEx PostProbabilities of a Stationary Series
Conditional on Significant Evidence of Stationarity

Phillips-Perron Test PP-KPS Test

k T=50 T=100 T=200 T=50 T=100 T=200

0 58.81 64.65 72.80 73.76 89.28 97.87

1 61.70 70.16 76.17 73.08 89.04 97.46

2 61.96 70.96 76.85 72.44 87.79 96.57

4 60.57 70.29 76.56 69.31 84.80 94.53

8 58.28 67.79 75.69 64.30 80.21 90.90

Table 8:
Probabilities of an Inconclusive Result with the PP-KPS Test

k T=50 T=100 T=200

0 24.21 33.64 49.88

1 27.39 32.32 43.45

2 32.13 30.59 36.77

4 37.17 29.63 29.59

8 46.34 33.19 24.47
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Table 9:
Comparison of Conclusions Given by the ADF Test and the KPS and ADF Tests

DGP:

ADF PP-ADF KPS-ADF KPS-ADF

Stationary Stationary Stationary Unit Root

T=50 T=100 T=200 T=50 T=100 T=200 T=50 T=100 T=200 T=50 T=100 T=200

=-0.8 15.89 28.16 36.03 15.88 28.16 36.03 14.31 17.37 8.45 43.37 59.66 62.79

=-0.5 4.31 5.54 5.14 3.71 5.06 4.86 3.23 2.92 1.64 61.98 78.39 91.13

=0.0 4.69 5.17 4.57 1.33 2.41 2.49 3.12 2.52 1.39 63.82 80.03 91.59

=0.5 4.05 4.13 4.70 0.60 1.12 2.06 2.80 2.16 1.18 64.22 80.87 91.20

=0.8 3.58 3.46 3.68 0.36 0.86 1.46 2.14 1.51 0.98 63.79 80.57 91.98

Table 10:
Comparison of Conclusions Given by the ADF Test and the KPS and ADF Tests

DGP:

ADF PP-ADF KPS-ADF KPS-ADF

Unit Root Unit Root Unit Root Stationary

T=50 T=100 T=200 T=50 T=100 T=200 T=50 T=100 T=200 T=50 T=100 T=200

=-0.8 54.28 3.20 0.00 0.00 0.00 0.00 6.28 1.08 0.00 44.94 88.27 88.85

=-0.5 85.80 49.81 2.29 1.79 0.00 0.00 22.67 19.67 1.44 13.46 41.94 68.11

=0.0 89.00 64.08 8.97 63.93 19.48 0.04 27.72 27.17 5.35 10.27 30.17 61.14

=0.5 90.49 69.37 13.09 85.64 46.34 1.15 28.93 29.96 7.84 8.95 25.80 57.98

=0.8 93.29 77.52 21.59 89.24 50.56 1.41 28.44 30.56 12.08 6.29 19.51 54.50

yt yt 1− ϑt θϑt 1−+ +=

θ

θ

θ

θ

θ

yt 0.85yt 1− ϑt θϑt 1−+ +=

θ

θ

θ

θ

θ



/home/int/vann/fm/Burden/Burden2.fm September 9, 1992 3:36 pm Page 19 of 20

References

Adler, Michael and Bruce Lehmann (1990). ‘Deviations from purchasing power parity in the long run’,
Journal of Finance, Vol. 45,  pp. 157-174.

Andrews, Donald W.K. (1991). ‘Heteroskedasticity and autocorrelation consistent covariance matrix
estimation’,Econometrica, Vol. 59, pp. 817-858.

Andrews, Donald W.K. and J.C. Monahan (1990). ‘An improved heteroskedasticity and autocorrelation
consistent covariance matrix estimator’,Cowles Foundation for Research in Economics at Yale
University, Discussion Paper No. 942.

Campbell, J.Y. and P. Perron (1991). ‘Pitfalls and opportunities: What macroeconomists should know about
unit roots’, in O.J. Blanchard and S. Fischer, eds.,National Bureau of Economic Research
Macroeconomic Annual 1991, (Cambridge: MIT Press).

DeJong, D.N., J.C. Nankervis, N.E. Savin and C.H. Whiteman (1992). ‘Integration versus trend stationarity
in time series’,Econometrica, Vol. 60, pp. 423-433.

Diba, Behzad T. and Herschel I. Grossman (1988). ‘Explosive rational bubbles in stock prices?’,American
Economic Review, Vol. 78, pp. 520-530.

Dickey, D.A. and W.A. Fuller (1979). ‘Distribution of the estimators for autoregressive time series with a
unit root’,Journal of the American Statistical Association, Vol. 74, pp. 427-431.

Hakkio, Craig S. and Mark Rush (1991). ‘Cointegration: How short is the long run?’,Journal of
International Money and Finance, Vol. 10, pp. 571-581.

Khan, J.A. and M. Ogaki (1991). ‘A consistent test for the null of stationarity against the alternative of a
unit root’,Rochester Center for Economic Research, Working Paper No. 304.

Kwiatkowski, D., P.C.B. Phillips and P. Schmidt (1991). ‘Testing the null hypothesis of stationarity against
the alternative of a unit root: How sure are we that economic time series have a unit root?’,Cowles
Foundation for Research in Economics at Yale University, Discussion Paper No. 979.

Nelson, C.R. and C.I. Plosser (1982). ‘Trends versus random walks in macroeconomic time series: Some
evidence and implications’,Journal of Monetary Economics,Vol. 10, pp. 139-162.

Newey, W.K. and K.D. West (1987). ‘A simple, positive semi-definite, heteroscedasticity and
autocorrelation consistent covariance matrix’,Econometrica, Vol. 55, pp. 703-708.

Park, J.Y. (1990). ‘Testing for unit roots and cointegration by variable addition’, in T.B. Fomby and G.F.
Rhodes, Jr. eds.,Co-integration, Spurious Regressions, and Unit Roots: Advances in Econometrics,
(London: JAI Press).

Park, J.Y., S. Ouliaris and B. Choi (1988). ‘Spurious regressions and tests for cointegration’,Cornell
University Center for Analytic Economics, Working Paper No. 8807.

Phillips, P.C.B. (1991a). ‘To criticize the critics: An objective Bayesian analysis of stochastic trends’,
Cowles Foundation for Research in Economics at Yale University, Discussion Paper No. 950.



/home/int/vann/fm/Burden/Burden2.fm September 9, 1992 3:36 pm Page 20 of 20

Phillips, P.C.B. (1991b). ‘Bayesian routes and unit roots: De rebus prioribus semper est disputandum’,
Cowles Foundation for Research in Economics at Yale University, Discussion Paper No. 986.

Phillips, P.C.B. and P. Perron (1988). ‘Testing for a unit root in time series regressions’,Biometrika, Vol. 75,
pp. 335-346.

Rose, Andrew K. (1988). ‘Is the Interest Rate Stable?’,Journal of Finance, Vol. 43, pp. 1095-1112.

Schwert, G.W. (1989). ‘Tests for unit roots: A Monte Carlo investigation’,Journal of Business & Economic
Statistics, Vol. 7, pp. 147-159.

Schwert, G.W. (1987). ‘Effect of model specification on tests for unit roots in macroeconomic data’,Journal
of Monetary Economics, Vol. 20, pp. 73-103.

Sims, C.A. (1988). ‘Bayesian skepticism of unit-root econometrics’,Journal of Economic Dynamics and
Control, Vol. 12, pp. 463-474.


