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Testing theories about political change requires analysts to make assumptions about the
memory of their time series. Applied analyses are often based on inferences that time
series are integrated and cointegrated. Typically analyses rest on Dickey—Fuller pretests
for unit roots and a test for cointegration based on the Engle—Granger two-step method.
We argue that this approach is not a good one and use Monte Carlo analysis to show
that these tests can lead analysts to conclude falsely that the data are cointegrated (or
nearly cointegrated) when the data are near-integrated and not cointegrating. Further,
analysts are likely to conclude falsely that the relationship is not cointegrated when it is.
We show how inferences are highly sensitive to sample size and the signal-to-noise ratio
in the data. We suggest three things. First, analysts should use the single equation error
correction test for cointegrating relationships; second, caution is in order in all cases where
near-integration is a reasonable alternative to unit roots; and third, analysts should drop
the language of cointegration in many cases and adopt single-equation error correction
models when the theory of error correction is relevant.

1 Introduction

Many of the questions political scientists seek to answer involve an understanding of the
causes and consequences of political change. Testing theories about political dynamics r
quires analysts to make critical statistical assumptions about the memory of political time
series. Intuitively, the memory of a time series refers to the rate at which the effects of
shocks to a process—such as the effect of the massive changes in Congress in 1994 on
stream of policy outputs—dissipate. Memory may take many forms, but typically applied
analysts consider only permanent memory (unit root processes), in which the stream ¢
policy outputs is permanently altered, or short memory (stationary processes), in which th
stream of policy outputs is briefly interrupted and quickly returns to preintervention levels.
These assumptions about memory lie at the heart of our theories about political process
and they affect both the models we choose and the inferences we draw from them.
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In practice, political scientists often make two related claims about the memory of
dynamic political processes. First, analysts claim that some time series data are integrat
and specifically that they contain unit roots. Second, analysts often assert that two or mo
of these series trend together in the long run (i.e., that they are cointegrated). Durr (1993
for example, argues that domestic policy sentiment and economic fortunes are unit roc
processes which trend together because economic security is a hecessary precursor to
acceptable implementation of expensive liberal policies. Conversely, downturns in the
economy make expensive domestic policy less acceptable. Others assert that variables si
as presidential approval and economic fortunes (Ostrom and Smith 1992; Clarke and Stew:
1996), levels of conflict and cooperation between countries (Rajmaira and Ward 1990), U.<
defense spending and public policy preferences (Wlezien 1996), and economic conditior
and public support in parliamentary systems (Clarke and Stewart 1995; Clarke and Whitel
1997) are each unit root processes and that these pairs of variables trend together.

Taken together, these two claims—individual time series are integrated and jointly
cointegrated—lead analysts to test hypotheses about political change using cointegr
tion methodology. In general, political scientists use the Engle—Granger (1987) two-ste
methodology:

The theoretical implications are direct. It is often argued that political time series are
inconsistent with both the empirical and the theoretical properties of integrated time serie:
In this case, it makes little sense to theorize about integrated processes. Beck (1992) a
Williams (1992), for example, point to the often restricted range of political time series, the
absence of any kind of “growth” in political time series, and the tendency for mean reversior
over long time periods as evidence that most political time series are not consistent wit
unit root processes.

In addition, analysts typically restrict decisions about memory to two choices: unit roots
or stationary processes. De Boef and Granato (1997) and Box-Steffensmeier and Smi
(1996) argue that restricting our understanding of memory to these two very different kind:
of processes ignores long, but not infinite-memory, alternatives which may better describ
our data. We know very little about the properties of estimators under these conditions.

On the other hand, this theoretical ambiguity is not easily resolved. While there are
theoretical reasons to doubt that political data are integrated, statistical tests do not allow |
to ascertain the memory properties of time series data with an acceptable level of certaint
Statistical tests for integration possess low power against local alternatives (Evans and Sa\
1981, 1984; Phillips 1988; Blough 1992; De Boef and Granato 1997).

These arguments imply that we need to question the simple transference of cointegratic
methodology, particularly the Engle—Granger two-step methodology, to political science
data and ask specifically what are the costs and benefits of applying cointegration metho
ology to data that are neither integrated nor stationary, but near-integrated.

We address some of these issues in this paper. Specifically, we assess the effects of ne:
cointegrating relationships on the power of cointegration tests. Our assessment begins wi
a consideration of the power of pretests for unit roots, which are the basis for adoptin
cointegration methodology. The assessment continues with an evaluation of the pow:
of tests for cointegration in the context of near-integrated processes which may or ma
not be cointegrating. Focusing on Dickey—Fuller (DF) tests from estimated cointegrating
regressions anttests from error correction models (ECM), we ask which test and which

1Alternative representations of cointegrating relationships are often used in economics. These include tt
Johansen vector error correction model (1988) and the Engle and Yoo three-step estimator (1991), but the
techniques have not been widely used in political science. But see, for example, Granato and West (1994)
Clarke and Stewart (1994, 1995).
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critical values analysts should use to distinguish better these alternative data generatir
processes (DGPs). We also examine the role of sample size and the risks associated w
drawing inferences from each test under alternative conditions.

The paper proceeds as follows. In the next section, we discuss the concept of cointe
gration and its extension to near-integrated data. In Section 3, we present the DGPs ft
two simple and general processes. Next we review both thé ©Ets for cointegration
and the ECM representation of cointegrated variables with the attendanttB€f for
cointegration. In addition, we discuss the theoretical distributions of each test. In Section*
we set up the Monte Carlo experiments and examine the results. Section 6 presents sor
examples of cases in which the two tests give different results. Finally, we discuss the
practical implications of our findings for political scientists.

2 Cointegration and Near-Cointegration

Cointegration methodology is now commonly used in time series econometrics. Engle an
Granger (1987) state that two or more series are cointegrated if each component series
integrated and some linear combination of these series is statfonary.

Formally, a procesg; has a unit root if in the autoregressive representation

Xt = pXt—1 + Mt 1)

where|p| = 1.

For|p| < 1, the process is said to be stationary or I(0). The effect of shocks on a unit
root process will accumulate into the future, while shocks to a stationary process will deca
over time3

Prior to Engle and Granger’s (1987) contribution, the standard procedure for making
integrated data stationary was differencing. But this type of transformation removes an
long-run relationships in the data; differenced data reflect only short-run dynamics. If
various data series share common trends or move together over time, these features :
negated, and information is lost. This is not true when analysts use cointegration method
Cointegration methods allow us to describe stationary equilibrium relationships betweer
integrated series, preserving long-run information.

The popularity of cointegration methods, particularly error correction representations
variously estimated, follows from other factors as well (Davidson et al. 1978; Banerjee
et al. 1986; Hendry 1995). For one, cointegration methodology allows us to represent thi
data in a way that takes advantage of its theoretical properties. In particular, where it i
argued (as above) that some variables “trend” together, cointegration methodology offer
a close fit with theory. Further, Engle and Granger’s two-step method matches intuitior
nicely with estimation and it is now widely used. The lack of parameter restrictions, the
compatibility with theory, and the direct appeal of the Engle—Granger methodology make
cointegration methodology an attractive alternative for political scientists analyzing the
causes and consequences of political change.

Cointegration analyses begin with pretests for unitroots in the individual series of interest
typically using some form of the Dickey—Fuller (1979) test. Briefly, the series in question
is first-differenced and regressed on its own lagged levels. If the coefficient on laggec

2This is a special case of cointegration and the one we consider.

3The mean and variance of a unit root process depend on time, so that the mean does not converge and the ser
variance tends toward infinity. All references to integrated series in this paper refer more specifically to unit root
processes.
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levels is significantly different from zero, we reject the unit root null. If tests support the
inference that the data are best characterized as I(1) processes, analysts typically ad
the Engle and Granger (1987) two-step methodology. In the first step, analysts estimate
cointegrating regression where levels of the dependent process are regressed on levels
the independent process(és)he residuals from this regression are then also tested for
the presence of a unit root using Dickey—Fuller téskithe null hypothesis that the series
are not cointegrated (i.e., the residual series is nonstationary) can be rejected, then analy
proceed with step 2. Here the residuals from the cointegrating regression are entered into t
second-stage error correction model (ECM) in which changes in the dependent process ¢
regressed on changes in the independent process(es) and the previous period’s equilibri
error (residuals from the cointegrating regression). This error correction model is then use
to draw inferences about political change.

In spite of the attractiveness of cointegration methodology and the appeal of the two
step methodology, there are reasons to question the application of this methodology
the analysis of political change. There is some debate whether the properties of politic:
time series are consistent with the theoretical and empirical properties of integrated dat
In the limit, presidential approval, for example, cannot be integrated because its range
restricted to a unit interval and the series appears to cross some mean value with regulari
Similarly, the variance of the series is restricted and therefore is not strictly time dep€ndent
Alternatively, the properties of unit root processes may be mimicked by alternative long
memory (Box-Steffensmeier and Smith 1996, 1998) or borderline processes (De Boef ar
Granato 1997) and these alternatives must be entertained whenever unit root processes
considered. The latter arguments are particularly relevant given the low power of unit roo
tests.

It has long been known that unit root tests have a low power against local alternative
(Evans and Savin 1984). Phillips (1987) developed local-to-unity asymptotics to formalize
the logic in reference to local alternatives to unit roots. He called these local alternative
processes near-integrated or near-1(1) processes. Phillips defined a near-integrated ti
series{x;}, as one for which the DGP has a root close to but not quite unity:

Xt = pXt-1 + Mt, ute ~ 1(0), lol=1-c 2

wherec is small. Near-integrated series are asymptotically stationary but behave as inte
grated series in finite samples (Banerjee et al. 1993; Phillips 1987). The ramg®rof
which a series is near-integrated varies with the sample size. Shorter time series may |
near-integrated for < 0.10, while for longer sample periods, a time series with 0.05

or even 0.01 is required before the data mimic I(1) data and the sample series are ne:
integrated (see De Boef and Granato 199While the effects of shocks on an integrated
series never die out and the effects of shocks to a stationary series die out quickly, the €
fects of shocks to a near-integrated time series persist for some time. Further, in any give
sample, distinguishing the extremely slow rates of decay of past shocks in a near-integrat:

4The cointegrating regression may contain multiple independent variables as well as trends or events. In cas
where the relationship is symmetric, the choice of which variable to treat as (in)dependent is irrelevant.

5The form of the test on the residuals from the cointegrating regression is the same as that used in the prete
phase; however, different critical values are used to reflect the fact that the residual series is estimated.

8For an exchange on this debate see Beck (1992), Williams (1992), and Smith (1992).

"Even longer time series may be needed to distinguish near-integrated prcesses from unit root processes wt
the series is estimated, as in the case of tests on the residuals from a cointegrating regression.
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system from an absence of decay in an integrated system is impossible (Banerjee et «
1993).

If pretests for unit roots have a low power against near-integrated alternatives, we mus
consider the possibility that tests for cointegration and estimated cointegrated models ai
based on near-integrated data. In these cases, the relationship may be near-cointegrati
Like series with explosive autoregressive roots, trends, or stochastic roots (Granger ar
Swanson 1996), cointegration may characterize relationships between near-integrated tin
series. We define these near-cointegrating relationships in a matter analogous to Engle a
Granger (1987).

Two or more series are near-cointegrated if each component series is near-1(1) and some
linear combination of these series is 1(0).

While asymptotically all linear combinations of near-integrated processes should be sta
tionary, it is not clear that this will be true in finite samples. Our earlier work (De Boef
and Granato 1997) demonstrates that many static regressions involving near-integrated d:
will find spurious relationships, similar to the unit root case. It is not clear, however, that
cointegration methodology transfers in a similar fashion to near-integrated processes. The
are several questions that need to be addressed before we can have confidence in inferen
based on cointegration methodology as it has been applied in political science. Cantestsdi
tinguish cointegrating from near-cointegrating and noncointegrating relationships? Whict
tests and critical values perform well? Which have acceptable power and size? Ultimately
what are the properties of estimates of near-cointegrating relationships?

In this paper, we compare commonly usedEsts based on cointegrating regressions
with ECM t tests when data are near-integrated and near-cointegrated. We also consid
the role of signal strength in drawing inferences. Signal—-noise ratios have received little
attention in political science, but their importance has been noted elsewhere (Kremers et ¢
1992; Hansen 1995). Intuitively, the ratio represents the extent to which the error variance
in the processes are similar. Larger ratios indicate that the error variance in the exogenol
process is large relative to the endogenous process error.

3 Data Generation Processes

We consider a time serie§y;, X}, which may or may not have a single cointegrating (or
near-cointegrating) relationship. Specifically, we assume that the marginal preGess,
generated by an autoregressive process with a pdati¢se to or equal to unity:

Xt = pXi—1 + Mt 3)

with u; ~ IN(O, a,f). Series such as presidential approval, macropartisanship, and eco
nomic expectations, for example, are often hypothesized to take this form.

They; DGP is a simple linear vector autoregression (VAR) with one-way Granger causal-
ity and weak exogeneity of; for y;.2 This parameterization is consistent with the models
of partisanship proposed by Green et al. (1998) and of presidential approval proposed b

8The assumption of weak exogeneity is critical. Itis also a reasonable assumption in many cases in which this tyf
of DGP has been proposed in political science. Beck (1992) notes that in many cases the “symmetric treatmen
of political time series does not make sense and that assuming weak exogeneity is reasonable. However, o
should always test for weak exogeneity. Weak exogeneity cannot be tested directly, but tests for paramete
constancy are the usual approach (Engle et al. 1983).
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Ostrom and Smith (1992). It is also equivalent to the familiar autoregressive distributec
lag model in the sense that the same relationship between the endogenous and exogen
variables is implied by eachy; is generated conditional op and can be expressed&s

AV = o + BAX + A(Yi-1 — Xi—1) + &t 4)

Heree, is also IN(0,02) and independent gf;. Further, the ECM has a smaller error vari-
ance than the marginal proces§,> o2. The value of., the error correction rate, controls
for the existence of a cointegrating relationshipl K 0, there is no cointegration and the
error correction representation is invalid Al 0, then the error correction representation
is valid. Further, if the univariate series is near-integrated or integrated, the relationship i
cointegrating (or near-cointegratinty).

4 Tests for Cointegration

Most tests for distinguishing a cointegrating relationship are based on the residuals fror
a cointegrating regressidf. Political scientists typically estimate DF-type tests. As an
alternative, Kremers et al. (1992) suggest t@st onx in the ECM representation. We
consider DR tests of the null hypothesis of no cointegration and the EG&4t of the null

of no cointegratiort?

4.1 Dickey—Fuller Tests

When analysts follow the Engle and Granger two-step methodology, they typically conduc
(augmented) Dickey—Fuller (1979) type tests at two stages. First, individual series ar
pretested to determine whether they are approximated by unit root processes. Secor
they are used to test the null hypothesis of a unit root in the residuals of a cointegratin
regressiort?

9The ADL(1,1) model can be written 88 = o + ¢yi—1 + moXt + mT1X—1 + &, Wwherea = ¢ — 1, 8 = mp, and
7o+ 71 + ¢ — 1 = « from the ECM representation. The DGP can thus be thought of as a process whose level
are caused both by its own past values and the current and past values of other variables. Alternatively, we ¢
think of the DGP as a process whose changes are caused by past changes and the distance the series is fro
long-run relationship (i.e., whether approval is too high or too low for current levels of economic conditions.).
10The true DGP imposes homogeneity, thatyis= x; in equilibrium. In practice, this assumption may be un-
reasonable. However, the results generalize in the absence of homogeneity. Note that the estinzatdg of
are unaffected whether we estimatg; = o + BAX + A(Vi—1 — Xt—1) + ¥Xt—1 + & Of Ay = o +
BAXt + A(Yi—1 — O%—1) + &. DGPs without homogeneity can thus be similarly estimated by including an
additionalx;_1 term on the right (Banerjee et al. 1993).

11The ECM representation may be applicable when the data are stationary as well. Hendry (1995) elaborates
the versatility of ECM representations of stationary data.

12\e might prefer to think of tests for cointegration in the context of near-integrated processes as tests to distingui
significant long-run relationships from spurious relationships rather than as tests for cointegration, but given ot
definition of near-cointegration, they are the same in finite samples.

130ther tests for cointegration include tests in the context of the Engle—Yoo three-step procedure (1991) and tt
Johansen (1988) procedure. If weak exogeneity appears to be an unreasonable assumption, then these tests
simultaneity into account. See Granato and West (1994) and Krause (1998) for applications of the Johanst
procedure and Clarke and Stewart (1994, 1995) for use of the Engle—Yoo three-step procedure.

14t is important to note that the critical values for these test statistics vary given the presence of a constant or a tre
in the cointegrating regression and the sample size. Further, these values are distinct from the critical valu
used when testing an individual series for a unit root. There is considerable controversy on unit root pretestin
(Stock 1994; Elliott and Stock 1992). The critical values reported by MacKinnon (1990) are considered superio
to those reported by Dickey and Fuller (1979) and Engle and Granger (1987).
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Assume that univariate pretests lead us to conclude that the componentysennes; ,
are unit root processés.We want to test whether the two series are cointegrated. Further,
we have no expectations regarding the cointegrating coefficierglating levels ok andy
in the cointegrating regression. In this case, we might proceed using ordinary least squar
to estimater in a static regression:

Vi = o+ % + nt %)

Let i; be the residuals from this regression. Now regressingn’its own lagged value,
nt—1 without a constant yields an estimategof

= PN-1+ (6)

The closer is to 1, the less likely the two series are cointegrated. Thé @5t of the null
hypothesisp = 1 is

_ (e — 1)

t=-"
%r

()

For large negative, we reject the null hypothesis of no cointegration gng- o — tx; =
nt ~ 1(0), with 7 the cointegrating coefficient.

This is typically how the analyst proceeds. Alternatively, we may regress changes in ~
on laggedy;_; (without a constant):

Al = i1+ & ®)
The closert”is to 0, the more likely is 1 and the less likely the series are cointegrated.
In this case, the DF test is now conducted using the familiatest of the null hypothesis
x =0:

t= ©)

This representation is particularly useful for comparative purposes below.

4.2 ECM Tests for Cointegration or Error Correction

Dynamic estimates of the cointegrating coefficient(s) and the tests for cointegration base
on these dynamic models outperform the DF tests based on static cointegrating regressio
for some DGPs (Banerjee et al. 1986; Kremers et al. 1992). We consider thet ESM

for cointegration in this light. From (4) the ECMtest for cointegration is based on the

t test fora = O:

Ay = a + BAX + A(Yi-1 — X¢—1) + & (10)

If » = 0, then the distance betwegn ; andx;_; is irrelevant for determining the nature
of change iny: there is no error correction and therefore no cointegration. In contrast, if

15The pretest analyses proceed in the same manner as follows belgw for
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this error correction term is significant, then future changeg tlepend on whethey_1
andx;_; are close together or far apart. Testing the null hypothesis of no cointegration i
thus the same as testing the null hypothesisthat0. Kremers et al. (1992) recommend
using MacKinnon critical values for the error correction maddst when the component
series are individually 1(1) processes.

4.3 Comparing the Two Tests

Kremers et al. delineate an important aspect of the differences between the two tests f
cointegration. Letw; = (Y — X).1® Now subtractAx; from both sides of the ECM, re-
arrange, and substitute fgr — x;. We can now rewrite the ECM as

Aw; = bwi_1 + & (11)

wheree; = (B8 — 1)AX; + &.

Thet ratio onb for the ECMt test is exactly that omr from Eq. (8). Written this way,
it is easy to see that the DRest ignores the information inx; or equivalently assumes
B = 1. In other words, for the two tests to be equivalgnmust equal 1 onx; must be 0.
This will occur only if there are no short-term dynamics imposedpyThis “common
factor” restriction in the DR test is likely to be invalid and comes at some cost (Kremers
etal. 1992)%7 The ECMt test makes no such restriction and thus uses more information
than the DR test.

The features of the distributions of the twaests under the null hypothesis of no
cointegration also suggest the dominance of the BGQ&&t*® The distribution of the DF
t test is invariant to the dynamics omitted in the static regressign= (8 — 1)Ax; + &t).
The distribution on the ECMtest depends on these dynamics. Specifically, as the variance
of the error in the marginal process grows relative to the conditional process, the distributio
approaches normal. Similarly, the more the short-run dynamics matter, the farther
smallere;, and the more similar the distributions of the tests; the distribution approaches
Dickey—Fuller. Taken together, these two parameters compose the signal-to-noise ratio,

qa=—-(8-1s (12)

wheres = o, /0,.1°

This dependence on the signal-to-noise ratio gives the ECM statistic a distinct advantag
over the DF statistic wheq is large and the component series are individually unit root
processes. Features of the distributions of these tests will change under near-integration, |
it is not clear how these changes affect results in finite samples. Monte Carlo experimen

16We assume that = 0 without loss of generality.

17To see the common factor restriction, exprass terms ofw; asy; = x; + wy. Now given Eq. (11), rewriteu
asw; = (14 b)wi—1 + . Substituting into the equation fgt, we havey: = x¢ + (1 + b)wi—1 + . Finally,
substitute forwt_1 lagged one period and collect termg[1 — (1 + b)L] = [1 — (1 + b)L]x: + v, whereL is
a lag operator. Botly; andx; share a common factor in this representation, where the common factor is given
by [1— (1+ b)L] (Hendry and Mizon 1978). This restriction is not made in the EQkt. In other words, the
ECMt test does not impose a common factor restriction.

18ynder the alternative hypothesis of cointegration, or near-cointegratiois,a stationary process so standard
asymptotic results apply. The distribution of both tests under the null hypothesis have been derived elsewhe
and relevant results are presented in the Appendix.

19The derivation o is given by De Boef and Granato (1999, Appendix, Part C).
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provide insight into the size and power of thédests when the component series are near-
integrated.

5 Finite-Sample Evidence: Monte Carlo Experiments

We conduct two sets of Monte Carlo experiments. The first set considers the power of DI
pretests for unit roots as the basis for performing cointegration tests. The second set
experiments examines the size and power of the DF and E@4ts for cointegration
when the series have unit roots or near-unit roots for both near-cointegrating and non-nea
cointegrating relationships.

5.1 Pretesting

Conclusions from the ECM and cointegrating regressions are predicated on inference
drawn from unit root pretests. We wish then to consider values which are likely to

pass the pretest phase. In prior work we found that in samples of 60 and less, values
o > 0.9 behaved as if they were integrated and, in particular, were prone to the spuriou:
regression problem (De Boef and Granato 1997). We did not examine the performance c
specific tests for unit roots.

We present estimated rejection frequencies of the null hypothesis that the componel
series are unit root processes for 0.90 andp = 0.05 using the DR test in conjunction
with critical values from MacKinnon (1990). These pretest results demonstrate the low
power of the DF unit root tests as noted by Evans and Savin (1984) and Phillips (1988). Th
DGP for these simulations is given above in the marginal process (3)awithIN(0,1).2°
The form of the DR test is given as above.

For each case, we generated 10,000 samples and estimated the DF test statistic.
recorded the rejection frequency for the null hypothesis that the process contains a un
root. The results indicate that in samples of size 40 for valupse.90, we would reject
the false null hypothesis only about 29% of the time andpfer 0.95, in about 15% of the
cases. For values gfcloser to 1, the rejection rate falls to about 7%. These numbers are a
very long way from the benchmark 95% rejection frequency. As the sample size increase
to 60, the rejection frequencies are still quite low, but longer samples do increase the powe
of the test. The likelihood that an analyst would falsely conclude that near-integrated dat:
are unit root processes is quite high and is never less than half, even when the form of th
test statistic matches the DGP (see Tabl&'1)Vhen a constant is incorrectly included in
the test, the odds of false inference increase fufther.

5.2 Cointegration Tests

We examine the size and power of the DF and EGQbkts for cointegration when the series
have unit roots or near-unit roots for both near-cointegrating and non-near-cointegrating re
lationships. The DGP is as defined above in Egs. (3) and (4). To allow for near-cointegration
we consider values gf in (3) ranging from 0.90 to 1.0, consistent with the above results.
We use 10,000 replications on the parameter spacel x p x A, whereq = —(8 —
D(o./0:) = (0,3,8), T = (40,60), p = (0.90,0.91,...,1.0), » = (0, —0.05). This

20Rejection frequencies are unaffected by the variance of the error term.

21The results below should apply equally for larger samples and valyesloer to 1. Fop = 0.95, we would
falsely accept the null 50% of the time in samples as large as 130.

22\We use PC-NAIVE (Hendry et al. 1990) to conduct the Monte Carlo simulations.
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Table 1 Rejection frequencies: Null hypothesjs= 12

T 090 095 09 097 098 099 1.00

20 15.67 10.35 9.34 8.51 7.56 6.94 7.10
40 29.40 15.10 12.69 10.46 8.60 7.16 6.70
60 46.61 20.57 16.73 13.15 10.01 7.64 6.65
80 64.38 2765 2154 16.08 11.88 8.34 6.62
100 79.85 36.11 27.99 19.93 13.49 8.92 6.44
150 97.54 59.93 44.82 30.79 18.83 10.36 5.94
200 99.78 79.00 63.28 43.86 26.08 12.93 6.32

aCell entries represent the rejection frequency of the null hypothesis that
the series contains a unit root using the Dickey—Fuller test and MacKinnon
critical values. The DGP is a simple autoregressive process with a root that
ranges from 0.90 to 1.0 and no constant.

gives rise to 132 experiments for each tstThese values off imply a wide range of
signal-to-noise ratio&" We ought to see the largest differences in inference from the two
tests when the common factor restriction imposed by the Dickey—Fuller testis most strongl
violated. This corresponds to an experimental valugarjual to 8. In this case, the variance

of the marginal process is quite large relative to that of(H@GP. We record the rejection
frequencies for the null hypothesis= 0 as well as the DF rejection frequencies. We
consider the MacKinnon artdcritical values.

5.2.1 Results Under the Null Hypothesis

Under the null hypothesis that the series are not cointegrating, y; — X; is a nonstationary
process. It may be a unit root or a near-unit root process. In all cases in which the dat
do not contain cointegrating relationships, the ECtdst performs well, rejecting the null
hypothesis with a great deal of power for all valuep @indg (see columns 3—6 in Table 2).

In particular, the MacKinnon critical values reject at, and in most cases well under, the
5% nominal rate for both sample sizes. The ustaftical values increases the odds of a
type | error on average by a factor of under 2.

The rejection frequencies drop as the signal-to-noise ratio grows; the larger the errc
variance ofx; relative toy;, the better the test is able to distinguish the null hypothesis. But
differences are small across the experiments. In sum, the valgesofp have a negligible
effect on inferences from the ECMest when the null hypothesis is true: we are unlikely
to reject the true null hypothesis that the data are not cointegrated or near-cointegrated.

The behavior of the DE test is quite different, as the analytical results predict (see
columns 7-10 in Table 2). Use of the DRest produces results that vary greatly with
T, p, g, and the chosen critical val@.First, consider the case in which= 0. Kremers

e fix the variance o, to 1 and vary,, to simulate different values af.

24Forq to equal 0,8 must equal 1. (In all other casgss set to 0.5.) In this case, we chose unit variances so that
the variance ratios, equals 1. Analytical results indicate that the statistics are invariairtdhis case. See
the Appendix.

25Adding additional lagged values of changes in the residuals to pick up any autocorrelation in theddF
using the augmented Dickey—Fuller test (ADF), does not provide any significant improvement on the inference
drawn from the DR test. This follows from the fact that the omitted dynamics in thet@&st are fromx; in
the cointegrating regression itself, and not from lagged changes in the residuals. Thus the residuals from ti
cointegrating regression can be white noise even if the common factor restriction is not valid. As a result, addin
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Table 2 Rejection frequencies for the true null hypothesis: No cointegration

ECMt test critical value Dickey—Fuller test critical value
N =60 N=40 N= 60 N=40
P M t M t M t M t

090 275 571 3.09 555 3920 57.22 2516 39.74
095 328 563 330 557 1820 3198 13.93 22.49
098 330 532 332 5.66 9.72 17.15 8.03 13.69
099 333 516 337 548 7.19 12.64 6.46 11.25
1.00 324 527 335 b5.46 5.08 9.09 4.89 8.88

090 354 639 343 6.10 2378 36.81 17.33 27.26
095 397 6.78 3.78 646 14.83 2480 11.98 19.26
098 4.00 6.59 389 6.43 9.72 17.15 8.03 13.69
099 375 6.47 370 6.32 7.08 12.62 6.46 10.95
100 375 643 374 6.20 534 9.24 530 8.93

090 481 8.80 4.87 841 494  9.06 495 8.60
095 483 886 498 851 494  9.06 495  8.60
098 499 8.89 499 857 494  9.06 495 8.60
099 491 890 5.01 8.62 494  9.06 495 8.60
1.00 491 09.02 5.03 8.70 494  9.06 495  8.60

OO OO0 WWWWW 00O oo |La

aThe MacKinnon (M) critical values are 1.9459 and-1.9493 forN = 60 andN =
40, respectively, fop = 0.05, one tail. The critical values are-1.671 forN = 60
and—1.684 forN = 40. The signal-to-noise ratig, is given by 8 — 1)s, wheres =
0, /0.

etal. (1992) note that since the distribution of theti€st is invariant to the error variance
whenqg = 0, the true value o = 1. Thus when the experimental value®f= 1, the
common factor restriction is valid and the two tests should coincide.

The evidence fop = 1 confirms this conclusion: the DF rejection frequencies for both
sample sizes and all critical values are very similar to those obtained from tE€Ms.
However, as drops, the rejection frequencies using the DEst remain constant while
those using the ECMtest drop, even fog = 0. This implies that the actual distribution of
the DFt test when the series are near-integrated is insensitiverioenq = 0. We cannot
explain this somewhat surprising result. Further investigation is necessary.

The DFt test rejects the true null at higher rates than the BG@&4t in virtually all cases
as the signal-to-noise ratio grows. The differences between the tests godallss \When
p drops to 0.90, for example, even using the more conservative MacKinnon critical values
we overreject the null hypothesis at high ratesToe 40 andT = 60 (39.20 and 25.16%,
respectively) wheig = 8.

lagged changes in the residuals—using the augmented Dickey—Fuller test—will not help to solve the problem
We did repeat the experiments using the ADest to verify this claim. In none of the six sets of experiments
does the ADF perform significantly better than the @Est. At most, the true null hypothesis is rejected with a
2% lower frequency. This occurs with the smallesind the larger sample—as intuition would suggest. When

p is near 1, the rejection frequencies (using either set of critical values) differ by an average of less than 0.2C
Itis also the case that the test is more conservative whether the null hypothesis is true or false so that inferenc
will be neither clearly better nor worse using the ADtest. Clearly, however, if the DGP is more general than
that proposed here, the analyst should check the residuals from thé&eBiRo see if additional lags need to be
included in the test.
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The overrejection using DiRests is not particularly surprising. Rejecting the null means
rejecting a unit root in the residuals from the cointegrating regression. Even though pretes
for unit roots in each component series indicate integration or near-integration (with thes
sample sizes and values pj, these series are not unit root processes. While pretests
cannot distinguish 1(1) from near-1(1) processes, it appears that the “posttest” on the lines
combination more likely finds the residuals are stationary. This leads us to infer cointegratio
or near-cointegration when it does not exist, particularlyadrops, T increases, og
increases.

Using the Engle and Granger two-step method in conjunction with DF tests leads analys
to conclude falsely that the data are cointegrated, even with MacKinnon critical values. Th
problem is that the residuals from the cointegrating regression may be stationary even
the error correction representation is invalid, as long as the component series are not ul
root processes. The inability of the DRest to distinguish stationary and noncointegrating
residuals from stationary and cointegrating residuals makes its use questitrEisaole
of sample size is as expected. The more time points that are available for the test, tt
stronger evidence of decay indicating that the near-integrated component series are not u
root processes.

Importantly, if the signal-to-noise ratio is low, this is less true. For sap#tle residuals
tend to look nonstationary; the true null hypothesis is not rejected even-as0.90. In
cases where the signal is noisy, but no cointegrating relationship exists, use of the Engle
Granger two-step methodology and the DF test suggests a false cointegrating relationst
at unacceptably high rates. However, if the signal in the data is stopagg), this danger
is greatly diminished, particularly in small samples when posttests cannot distinguish nea
integrated from unit root processes. Overall, the evidence supports the conclusion that tl
ECMt test, in conjunction with MacKinnon’s critical values, performs better than the DF
t test under the null hypothesis that the series are not cointegrated.

5.2.2 Results Under the Alternative Hypothesis

Intests where near-cointegrating and cointegrating relationships exist, the £€fghould
reject the null at high rates: 95% fpr= 0.05. This is indeed true for high signal-to-noise
ratios (see columns 3-6 in Table 3). Consider the results fe18. In this case, the power
of the ECMt test is very high for alp and both sample sizes. For= 60 the power is
over 98% in all cases, regardless of whether one uses the MacKinnort @ritieal values
(rejection frequencies using thecritical values are always slightly larger, but given that
all are over 98%, the distinction is of little practical import). As the sample size drops, the
test power remains high. The smaller sample size still allows for an efficient use of the in
formation using the ECNltest. Forpo = 1, both critical values allow for rejection of the null
of no cointegration at very high levels. These results are consistent with the fact that mor
observations provide more information with which to reject the false null hypothesis.

The DFt test results have a much wider range of power, depending heavilyaod the
critical values chosen (see columns 7-10 in Table 3). Consider the caseaibdrandq
is 8. DF tests relying on MacKinnon’s critical values reject the false null hypothesis of no

26|t may be that the absence of cointegration will be caught in the second step, but this is not known and we ce
provide no evidence in this regard.

2"Theresults of Kremers et al. (1992), with= 20, show a little less power—91.6 and 94.3% rejection frequencies
for p = 0.05 for MacKinnon and critical values, respectively.
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Table 3 Rejection frequencies for the false null hypothesis: Cointegration

ECM t test critical value Dickey—Fuller test critical value
N =60 N=40 N= 60 N=40
P M t M t M t M t

090 99.68 99.85 99.43 98.43 7114 87.16 4429 62.03
0.95 99.90 99.94 98.60 99.24 4556 65.68 28.34 43.73
098 99.93 9996 9780 99.51 30.73 48.06 20.36 32.86
0.99 99.93 99.97 97.44 99.65 2596 41.24 17.45 28.54
1.00 99.93 99.98 96.99 99.70 20.12 23.07 14.45 23.76

090 70.38 79.89 51.71 62.60 60.85 79.27 37.05 54.58
095 79.62 86.64 6198 71.06 41.89 60.65 25.05 40.15
0.98 86.05 91.23 70.34 78.05 29.61 46.26 19.24 30.96
099 88.62 8281 7414 80.06 2521 40.28 16.83 27.62
1.00 9111 9434 78.19 84.05 20.17 33.00 14.05 2351

090 19.73 3290 1395 23.03 20.20 33.23 14.70 23.77
095 20.01 3250 1388 2339 20.20 33.23 1470 23.77
0.98 20.09 3241 1399 2351 20.20 33.23 14.70 23.77
0.99 20.04 3243 1414 2358 20.20 33.23 14.70 23.77
1.00 20.28 32.34 1425 2383 20.20 33.23 1470 23.77

OO OO0 WWWWW 00O OomOow|La

8The MacKinnon (M) critical values are1.9459 and-1.9493 forN = 60 andN = 40,
respectively, forp = 0.05, one tail. The critical values are-1.671 forN = 60 and
—1.684 forN = 40. The signal-to-noise ratiq, is given by § — 1)s, wheres = ¢, /o,

cointegration just over 20% of the time when sample sizes are as large as 60, just over 14
whenT is 40, and just 10% wheh = 20 (Kremers et al. 1992).

Power is much improved using the largecritical values. Notably, however, the test
power is still quite low: often we will not reject the false null. Asdrops to 0.90, the
power improves. This is consistent with the increased likelihood that the residuals from the
cointegrating regression are stationary: the raw series themselves will evidence faster rat
of decay from shocks. It appears that even when the component series are near-integrats
we are more likely to conclude that the series are cointegrating than when the componel
series are integrated (using the Dtest).

However, as the signal strength dropsdqalyops from 8 to 3), the rejection frequencies
fall. Even for unit root series, the true alternative hypothesis is rejected in only about 80%
of the cases for these mild signals in samples of 40 using the E@¢t. The situation
worsens ag drops. In contrast, the Dftest results improve gs drops. This seemingly
odd result is due to the fact that residuals from the static cointegrating regression are mo
likely to be stationary the smaller, regardless of the existence of a long run, cointegrating
relationship. Importantly, the Dftest still produces systematically smaller rejection rates
than the ECMt test. Asq drops further, neither test performs particularly well and use
of either would result in similar incorrect inferences. Notably, thetDXEsts are again
invariant top for q = 0.

By ignoring the dynamics, or imposing a common factor restriction, the @it per-
forms poorly for high signal-to-noise ratiog & 8), even for the larger sample size. This
is particularly true for values gf near 1, but violating the common factor restriction also
reduces the power and size of the test wpeairops to 0.90. In contrast, the ECtMest
performs as well as or better than the Dtest in all cases. For this reason, we recommend
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that analysts use the ECMest. We also suggest that analysts use the more conservative
MacKinnon critical values.

6 Some Examples

The analytical results have distinct implications. When univariate tests indicate that time
series are strongly autoregressive and near-integrated or that they are unit root process
the DF and ECM tests often lead to conflicting inferences. This is particularly true if the
ratio of the square root of the error variances is large. We demonstrate this in the exampl
below. In these cases, our results indicate the superiority of the E&M.

We first consider monthly Republican macropartisanship and the Michigan Index of
Consumer Sentiment (MICS) from 1981 through 1992- 144. We restrict the analysis
to these 12 consecutive years of Republican presidents so that we may avoid the need-
complicated transformations of the MICS necessitated by changes in the partisanship of tl
president. These series both wander within the sample period and cannot be said to show
affinity for a specific mean value. Theory suggests that both series are stationary. Shoc
to these processes are believed to have short term effects on the level of the series,
example. Unit root tests on these univariate series show that each is strongly autoregress
and possibly I(1). Given these results, we might proceed to test for cointegration.

Using the DR test based on the residuals of a static cointegrating regression of macropal
tisanship on MICS, we cannot reject the null hypothesis that the residuals contain a un
root { = —1.432); the Engle—Granger two-step procedure indicates that cointegration is
not present. While the pretests suggest that the series are integrated, no linear combinat
of the series is clearly stationary.

In contrast, the ECM test is significantt( = —2.259), indicating the presence of an
error correcting or cointegrating relationship. This result may be explained in part by the
sizeable differences in the variation in the two series. Over this period, the standard error
macropartisanship is about 3 points, while that of MICS is over 11 points, suggesting a hig
signal-to-noise ratio. By omitting the dynamics, the CiEst ignores this information. The
experimental results suggest that in this case the @Bt is likely to underreject the false
null hypothesis and that inference should proceed based on the dynamic error correctic
model, assuming that all other assumptions of the model are satisfied. We would thu
conclude that there is a long-run error correcting relationship between macropartisansh
and consumer sentimetit.

There are also examples in which the EENMest does not find a (near-) cointegrating
relationship in the data, while the ORest suggests that the relationship is cointegrating.
Consider the relationship between liberal macroideology and inflation, quarterly from 197-
through 19941 = 722° Univariate tests indicate that the series are at least strongly auto-
regressive and may be unit root processes. Once again, the analyst might proceed to t
for cointegration.

In this example, the DE test from the cointegrating regression is significant(
—5.677); we reject the null hypothesis that the residuals contain a unit root and infer
that liberal macroideology and inflation are cointegrated. However, the E@Hst is not

28The ECM is estimated with an extra lagged independent variable to break homogeneity.

29Macroideology is measured as the percentage of respondents claiming to be liberal from the total number
respondents claiming to be either liberal or conservative. It may be thought of as the balance of liberal, relativ
to conservative, ideological self-placement.
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significant ¢ = —1.389), leading us to infer that the data are not well represented by an
error correction model and are not cointegrating.

Both macroideology and inflation exhibit much smaller variation than either macropar-
tisanship or the MICS, with standard errors of 2.6 and 1.3 points, respectively. While the
differences are much smaller, they suggest that the signal-to-noise ratio is still higher tha
0. Appealing to the experimental results, we see that as the signal-to-noise ratio depar
from O, the size of the DF test increases relative to that of the EGNest. Once again,
the experimental and analytical evidence suggests that inference should proceed based
the dynamic error correction model, assuming that all other assumptions of the model ar
satisfied. In this case, we conclude that there is no long-run cointegrating relationshiy
between macroideology and the rate of inflation.

While each of these examples is based on underspecified models and we would n
wish to draw any substantive inferences from them, it is clear that the use of DF and ECMN
t tests can lead to different inferences about the relationships between political time serie
The analytical and experimental results point to the superiority of the E@¢t in these
cases.

7 Conclusions

While De Boef and Granato (1997) conclude that near-integrated data are prone to th
spurious regression problem, it is not clear that analysts can or should adopt cointegratic
methodology, at least not using the statistical tests traditionally employed to justify the
analysis.

Near-cointegrating relationships are harder to identify than are cointegrating and non
cointegrating relationships. Specifically, Dfests for cointegrating relationships used in
conjunction with the cointegrating regression in the Engle and Granger two-step methodol
ogy are prone to find cointegratiarhen it does not existr to conclude that the relationships
are not cointegrating when the true relationsbipointegrating. The tests have both a low
power and a small size for cointegration. Further, when the power is low, thietédts
have the wrong size.

Using the Engle and Granger two-step method in conjunction with @Bts can lead
analysts to conclude falsely that the data are cointegrated. The problem is that the residuc
from the cointegrating regression may be stationary even if the error correction represer
tation is invalid; the DR test cannot make this distinction. It is possible that the absence
of cointegration will be recognized in the second step—the second-stage error correctio
model will find no error correction—nbut this is not known and we can provide no evidence
in this regard.

This issue as well as questions about the properties of the second-stage estimator are
subject of ongoing analysis (De Boef 1999). Banerjee et al. (1986) show that the estimate
from the cointegrating regression are likely to be biased, particularly in small samples. I
is not clear what “slippage” might result from the presence of near-unit root series, but it
may be significant.

The role of sample size is as expected. The greater the number of time points available fc
the DFt test, the more likely the residuals from the cointegrating regression do not follow
a unit root process. This is a double-edged sword. In cases where there is a cointegratir
relationship we are more likely to find it with longer time series. However, when there
is no cointegrating relationship, we are still more likely to find that the residuals from the
cointegrating regression are stationdriius larger sample sizes ensure better inferences
under the alternative hypothesis but the opposite is true under the null hypothesis
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The ECMt test performs reasonably well when the component series are near-integrate
particularly when there is no cointegration. In cases where the signal is strong, the ECN
t test also performs well under the null. The same is not true, however, when the signal i
relatively weak. In fact, when the signal is weak the ECMst has no advantage over the
DFt test.

While we have not compared alternative estimators of cointegrating and error correctio
relationships, this analysis informs us as to some of the merits of one step or single-equatic
error correction models. In applied analyses, ECMs of political change use the two-ste
estimator, but our results suggest that this may come at some cost.

Many of the relationships estimated using the Engle—Granger two-step methodolog
in applied research to date may be well represented by error correction models, but n
necessarily be cointegrated or well estimated by two-stage estimators, or both. It may k
true, for example, that domestic policy sentiment and economic fortunes move togethe
because economic security is a necessary precursor to the acceptable implementation
expensive liberal policies, while downturns in the economy make expensive domestic polic
less acceptable. It could also be the case that presidential approval and economic fortun
the conflict and cooperation between countries, U.S. defense spending and public polic
preferences, and economic conditions and public support for the British political parties
and the prime minister, as well as Canadian party support, for example, are linked in th
long run. These theoretical linkages seem reasonable.

The case where error correction itself is an invalid representation is much harder to fin
in applied analyses; most of our data are reasonably well represented by an ECM and may
estimated using a single-equation ECM. The single-equation ECM is known to have a soli
empirical track record. This type of dynamic specification is a general reparameterizatiol
of an autoregressive distributed lag model in which levels of a process are a function of th
series’ own past and current values and past values of exogenous variables. In particular, 1
ECM imposes no (or less severe) restrictions on the DGP than do other transforrtions.
Indeed, the ECM can be estimated with stationary time series, and where the characterizati
of the univariate series is in doubt, the single-equation ECM has much to recommend i
This approach also has an additional implication: it is not necessary to use the language
cointegration to use the language of error correction.

Appendix: Test Distributions

The distributions of the test statistics are distinct under the null and the alternative hypothe
ses. Under the null hypothesis that the series are not cointegrating or near-cointegratin
wt = Y — X IS @ honstationary process. It may be a unit root or a near-unit root process. Ir
either case, nonstandard asymptotics apply (see Hamilton 1994). Dickey and Fuller (197
derived the distribution of the DF test when the form of nonstationarity is a unit root
process’

AL

toF > —/—
Jrwe

(13)

30Assumptions about exogeneity become particularly important in the single-equation setup. For much of th
literature in political science that relies on error correction representations, the necessary assumption of we;
exogeneity is reasonable.

31All integrals range from 0 to 1.
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W is the Wiener process fer in Eq. (11). The distribution is skewed left, has a negative
median, and is invariant to the error variance And he distribution resembles the standard
t distribution asw; — 1(0). If the component series are near-1(1) [i#;,is not I(1), but
it is near-I(1)], the distribution is shifted byyand changes slightly in shape (Phillips 1987;
Banerjee et al. 1993).

Kremers et al. (1992) define a normal approximation to the asymptotic distribution of
the ECMt test forg # 1:32

Wed W,
tecm 5 fe— (14)
VS WE
or
—1)(W,dW, + s~ W, dW,
tecm 5 # )W s/ (15)

\/[(,3 — 12[W2 4 2(8 — 1)s~ LW, W, + 52/ W2

wheres = o, /o, is the ratio of the marginal process (3) to the conditional proces$ (4).

While the distribution of the DEtest is invariant t@;, the distribution of the ECM test
depends or;. Recall thak; = (8 — 1)AX; + ;. Wheng = 1, the distribution of the ECM
t test is Dickey—Fuller becauge = ¢;. For 8 # 1, we can write the distribution as

L _/Wudvvs —q_lfWadWs

tecm — (16)
W2 2071 W W+ g2 W

whereq = —(8 — 1)s. q gives the signal-to-noise ratio and depends on the extent to
which the ratio of the square root of the error variances approaches 1 as welBa3bae
distribution is sensitive t@ ands only if they affectq.

For largeq, the distribution of the ECM statistic is normal:

tecw = N(0, 1)+ Op(q ™Y (17)

As g increases from 0, the distribution of the ECM statistic shifts from Dickey—Fuller to
normal* This gives the ECM statistic a distinct advantage over the DF statistic gigen
large and the component series are individually unit root processes. As in the case of th
DFt test, the distribution will be shifted and change shapge dsops.

Under the alternative hypothesis of cointegration or near-cointegratjaos a stationary
process so standard asymptotic results apply for both tests.

32Banerjee et al. (1986) developed and Kremers et al. (1992) corrected the distributional results for the ECM
t ratio.

335 may be thought of as a “nuisance parameter.” .

340 refers to the order of probability. A sequence of random variables is said@y Pk 2) if for everyv > 0
there exists aM > 0 such thaP{|X7| > (M/+/T)} < v for all T (Hamilton 1994).
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