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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 re-
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 the
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 of
policy outputs is permanently altered, or short memory (stationary processes), in which the
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 processes
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 integrated
and specifically that they contain unit roots. Second, analysts often assert that two or more
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 root
processes which trend together because economic security is a necessary precursor to the
acceptable implementation of expensive liberal policies. Conversely, downturns in the
economy make expensive domestic policy less acceptable. Others assert that variables such
as presidential approval and economic fortunes (Ostrom and Smith 1992; Clarke and Stewart
1996), levels of conflict and cooperation between countries (Rajmaira and Ward 1990), U.S.
defense spending and public policy preferences (Wlezien 1996), and economic conditions
and public support in parliamentary systems (Clarke and Stewart 1995; Clarke and Whitely
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 cointegra-
tion methodology. In general, political scientists use the Engle–Granger (1987) two-step
methodology.1

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 series.
In this case, it makes little sense to theorize about integrated processes. Beck (1992) and
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 reversion
over long time periods as evidence that most political time series are not consistent with
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 Smith
(1996) argue that restricting our understanding of memory to these two very different kinds
of processes ignores long, but not infinite-memory, alternatives which may better describe
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 us
to ascertain the memory properties of time series data with an acceptable level of certainty.
Statistical tests for integration possess low power against local alternatives (Evans and Savin
1981, 1984; Phillips 1988; Blough 1992; De Boef and Granato 1997).

These arguments imply that we need to question the simple transference of cointegration
methodology, particularly the Engle–Granger two-step methodology, to political science
data and ask specifically what are the costs and benefits of applying cointegration method-
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 nearly
cointegrating relationships on the power of cointegration tests. Our assessment begins with
a consideration of the power of pretests for unit roots, which are the basis for adopting
cointegration methodology. The assessment continues with an evaluation of the power
of tests for cointegration in the context of near-integrated processes which may or may
not be cointegrating. Focusing on Dickey–Fuller (DF) tests from estimated cointegrating
regressions andt tests from error correction models (ECM), we ask which test and which

1Alternative representations of cointegrating relationships are often used in economics. These include the
Johansen vector error correction model (1988) and the Engle and Yoo three-step estimator (1991), but these
techniques have not been widely used in political science. But see, for example, Granato and West (1994) or
Clarke and Stewart (1994, 1995).
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critical values analysts should use to distinguish better these alternative data generating
processes (DGPs). We also examine the role of sample size and the risks associated with
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 for
two simple and general processes. Next we review both the DFt tests for cointegration
and the ECM representation of cointegrated variables with the attendant ECMt test for
cointegration. In addition, we discuss the theoretical distributions of each test. In Section 5
we set up the Monte Carlo experiments and examine the results. Section 6 presents some
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 and
Granger (1987) state that two or more series are cointegrated if each component series is
integrated and some linear combination of these series is stationary.2

Formally, a processxt has a unit root if in the autoregressive representation

xt = ρxt−1+ µt (1)

where|ρ| = 1.
For |ρ| < 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 decay
over time.3

Prior to Engle and Granger’s (1987) contribution, the standard procedure for making
integrated data stationary was differencing. But this type of transformation removes any
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 are
negated, and information is lost. This is not true when analysts use cointegration methods.
Cointegration methods allow us to describe stationary equilibrium relationships between
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 the
data in a way that takes advantage of its theoretical properties. In particular, where it is
argued (as above) that some variables “trend” together, cointegration methodology offers
a close fit with theory. Further, Engle and Granger’s two-step method matches intuition
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 unit roots 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 lagged

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 series’
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 adopt
the Engle and Granger (1987) two-step methodology. In the first step, analysts estimate a
cointegrating regression where levels of the dependent process are regressed on levels of
the independent process(es).4 The residuals from this regression are then also tested for
the presence of a unit root using Dickey–Fuller tests.5 If the null hypothesis that the series
are not cointegrated (i.e., the residual series is nonstationary) can be rejected, then analysts
proceed with step 2. Here the residuals from the cointegrating regression are entered into the
second-stage error correction model (ECM) in which changes in the dependent process are
regressed on changes in the independent process(es) and the previous period’s equilibrium
error (residuals from the cointegrating regression). This error correction model is then used
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 to
the analysis of political change. There is some debate whether the properties of political
time series are consistent with the theoretical and empirical properties of integrated data.
In the limit, presidential approval, for example, cannot be integrated because its range is
restricted to a unit interval and the series appears to cross some mean value with regularity.
Similarly, the variance of the series is restricted and therefore is not strictly time dependent.6

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 and
Granato 1997) and these alternatives must be entertained whenever unit root processes are
considered. The latter arguments are particularly relevant given the low power of unit root
tests.

It has long been known that unit root tests have a low power against local alternatives
(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-I(1) processes. Phillips defined a near-integrated time
series,{xt }, as one for which the DGP has a root close to but not quite unity:

xt = ρxt−1+ µt , µt ∼ I (0), |ρ| = 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 range ofc for
which a series is near-integrated varies with the sample size. Shorter time series may be
near-integrated forc ≤ 0.10, while for longer sample periods, a time series withc ≤ 0.05
or even 0.01 is required before the data mimic I(1) data and the sample series are near-
integrated (see De Boef and Granato 1997).7 While the effects of shocks on an integrated
series never die out and the effects of shocks to a stationary series die out quickly, the ef-
fects of shocks to a near-integrated time series persist for some time. Further, in any given
sample, distinguishing the extremely slow rates of decay of past shocks in a near-integrated

4The cointegrating regression may contain multiple independent variables as well as trends or events. In cases
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 pretest
phase; however, different critical values are used to reflect the fact that the residual series is estimated.

6For an exchange on this debate see Beck (1992), Williams (1992), and Smith (1992).
7Even longer time series may be needed to distinguish near-integrated prcesses from unit root processes when
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 al.
1993).

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

Two or more series are near-cointegrated if each component series is near-I(1) and some
linear combination of these series is I(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 data
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. There
are several questions that need to be addressed before we can have confidence in inferences
based on cointegration methodology as it has been applied in political science. Can tests dis-
tinguish cointegrating from near-cointegrating and noncointegrating relationships? Which
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 used DFt tests based on cointegrating regressions
with ECM t tests when data are near-integrated and near-cointegrated. We also consider
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 al.
1992; Hansen 1995). Intuitively, the ratio represents the extent to which the error variances
in the processes are similar. Larger ratios indicate that the error variance in the exogenous
process is large relative to the endogenous process error.

3 Data Generation Processes

We consider a time series,{yt , xt }, which may or may not have a single cointegrating (or
near-cointegrating) relationship. Specifically, we assume that the marginal process,xt , is
generated by an autoregressive process with a root (ρ) close to or equal to unity:

xt = ρxt−1+ µt (3)

with µt ∼ IN(0, σ 2
µ). Series such as presidential approval, macropartisanship, and eco-

nomic expectations, for example, are often hypothesized to take this form.
Theyt DGP is a simple linear vector autoregression (VAR) with one-way Granger causal-

ity and weak exogeneity ofxt for yt .8 This parameterization is consistent with the models
of partisanship proposed by Green et al. (1998) and of presidential approval proposed by

8The assumption of weak exogeneity is critical. It is also a reasonable assumption in many cases in which this type
of DGP has been proposed in political science. Beck (1992) notes that in many cases the “symmetric treatment”
of political time series does not make sense and that assuming weak exogeneity is reasonable. However, one
should always test for weak exogeneity. Weak exogeneity cannot be tested directly, but tests for parameter
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 distributed
lag model in the sense that the same relationship between the endogenous and exogenous
variables is implied by each.9 yt is generated conditional onxt and can be expressed as10

1yt = α + β1xt + λ(yt−1− xt−1)+ εt (4)

Hereεt is also IN(0,σ 2
ε ) and independent ofµt . Further, the ECM has a smaller error vari-

ance than the marginal process,σ 2
µ > σ 2

ε . The value ofλ, the error correction rate, controls
for the existence of a cointegrating relationship. Ifλ = 0, there is no cointegration and the
error correction representation is invalid. Ifλ<0, then the error correction representation
is valid. Further, if the univariate series is near-integrated or integrated, the relationship is
cointegrating (or near-cointegrating).11

4 Tests for Cointegration

Most tests for distinguishing a cointegrating relationship are based on the residuals from
a cointegrating regression.12 Political scientists typically estimate DF-type tests. As an
alternative, Kremers et al. (1992) suggest at test onλ in the ECM representation. We
consider DFt tests of the null hypothesis of no cointegration and the ECMt test of the null
of no cointegration.13

4.1 Dickey–Fuller Tests

When analysts follow the Engle and Granger two-step methodology, they typically conduct
(augmented) Dickey–Fuller (1979) type tests at two stages. First, individual series are
pretested to determine whether they are approximated by unit root processes. Second,
they are used to test the null hypothesis of a unit root in the residuals of a cointegrating
regression.14

9The ADL(1,1) model can be written asyt = α + φyt−1 + π0xt + π1xt−1 + εt , whereλ = φ − 1, β = π0, and
π0+ π1+ φ − 1= α from the ECM representation. The DGP can thus be thought of as a process whose levels
are caused both by its own past values and the current and past values of other variables. Alternatively, we can
think of the DGP as a process whose changes are caused by past changes and the distance the series is from its
long-run relationship (i.e., whether approval is too high or too low for current levels of economic conditions.).

10The true DGP imposes homogeneity, that is,yt = xt in equilibrium. In practice, this assumption may be un-
reasonable. However, the results generalize in the absence of homogeneity. Note that the estimates ofλ andβ
are unaffected whether we estimate1yt = α + β1xt + λ(yt−1 − xt−1) + γ xt−1 + εt or 1yt = α +
β1xt + λ(yt−1 − θxt−1) + εt . DGPs without homogeneity can thus be similarly estimated by including an
additionalxt−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 on
the versatility of ECM representations of stationary data.

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

13Other tests for cointegration include tests in the context of the Engle–Yoo three-step procedure (1991) and the
Johansen (1988) procedure. If weak exogeneity appears to be an unreasonable assumption, then these tests take
simultaneity into account. See Granato and West (1994) and Krause (1998) for applications of the Johansen
procedure and Clarke and Stewart (1994, 1995) for use of the Engle–Yoo three-step procedure.

14It is important to note that the critical values for these test statistics vary given the presence of a constant or a trend
in the cointegrating regression and the sample size. Further, these values are distinct from the critical values
used when testing an individual series for a unit root. There is considerable controversy on unit root pretesting
(Stock 1994; Elliott and Stock 1992). The critical values reported by MacKinnon (1990) are considered superior
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 component series,yt andxt ,
are unit root processes.15 We want to test whether the two series are cointegrated. Further,
we have no expectations regarding the cointegrating coefficient,τ , relating levels ofx andy
in the cointegrating regression. In this case, we might proceed using ordinary least squares
to estimateτ in a static regression:

yt = α + τxt + ηt (5)

Let η̂t be the residuals from this regression. Now regressing ˆηt on its own lagged value,
η̂t−1 without a constant yields an estimate ofφ:

η̂t = φη̂t−1+ νt (6)

The closerφ is to 1, the less likely the two series are cointegrated. The DFt test of the null
hypothesisφ = 1 is

t = (φ̂t − 1)

σ̂φ̂T

(7)

For large negativet , we reject the null hypothesis of no cointegration andyt − α − τxt =
ηt ∼ I(0), with τ the cointegrating coefficient.

This is typically how the analyst proceeds. Alternatively, we may regress changes in ˆηt

on lagged ˆηt−1 (without a constant):

1η̂t = πη̂t−1+ εt (8)

The closer ˆπ is to 0, the more likelyφ is 1 and the less likely the series are cointegrated.
In this case, the DFt test is now conducted using the familiart test of the null hypothesis
π = 0:

t = π̂t

σ̂π̂T

(9)

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 based
on these dynamic models outperform the DF tests based on static cointegrating regressions
for some DGPs (Banerjee et al. 1986; Kremers et al. 1992). We consider the ECMt test
for cointegration in this light. From (4) the ECMt test for cointegration is based on the
t test forλ = 0:

1yt = α + β1xt + λ(yt−1− xt−1)+ εt (10)

If λ = 0, then the distance betweenyt−1 andxt−1 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 below forη.
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this error correction term is significant, then future changes inyt depend on whetheryt−1

andxt−1 are close together or far apart. Testing the null hypothesis of no cointegration is
thus the same as testing the null hypothesis thatλ = 0. Kremers et al. (1992) recommend
using MacKinnon critical values for the error correction modelt test when the component
series are individually I(1) processes.

4.3 Comparing the Two Tests

Kremers et al. delineate an important aspect of the differences between the two tests for
cointegration. Letwt = (yt − xt ).16 Now subtract1xt from both sides of the ECM, re-
arrange, and substitute foryt − xt . We can now rewrite the ECM as

1wt = bwt−1+ et (11)

whereεt = (β − 1)1xt + εt .
The t ratio onb for the ECMt test is exactly that onπ from Eq. (8). Written this way,

it is easy to see that the DFt test ignores the information in1xt or equivalently assumes
β = 1. In other words, for the two tests to be equivalent,β must equal 1 or1xt must be 0.
This will occur only if there are no short-term dynamics imposed byxt . This “common
factor” restriction in the DFt test is likely to be invalid and comes at some cost (Kremers
et al. 1992).17 The ECMt test makes no such restriction and thus uses more information
than the DFt test.

The features of the distributions of the twot tests under the null hypothesis of no
cointegration also suggest the dominance of the ECMt test.18 The distribution of the DF
t test is invariant to the dynamics omitted in the static regression: (εt = (β − 1)1xt + εt ).
The distribution on the ECMt test depends on these dynamics. Specifically, as the variance
of the error in the marginal process grows relative to the conditional process, the distribution
approaches normal. Similarly, the more the short-run dynamics matter, the largerβ, the
smallerεt , 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,

q = −(β − 1)s (12)

wheres= σµ/σε.19

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

16We assume thatα = 0 without loss of generality.
17To see the common factor restriction, expressyt in terms ofwt asyt = xt +wt . Now given Eq. (11), rewritewt

aswt = (1+ b)wt−1 + ψ . Substituting into the equation foryt , we haveyt = xt + (1+ b)wt−1 + ψ . Finally,
substitute forwt−1 lagged one period and collect terms:yt [1− (1+ b)L] = [1− (1+ b)L]xt +ψ , whereL is
a lag operator. Bothyt andxt 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 ECMt test. In other words, the
ECM t test does not impose a common factor restriction.

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

19The derivation ofs is given by De Boef and Granato (1999, Appendix, Part C).
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provide insight into the size and power of theset tests 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 DF
pretests for unit roots as the basis for performing cointegration tests. The second set of
experiments examines the size and power of the DF and ECMt tests for cointegration
when the series have unit roots or near-unit roots for both near-cointegrating and non-near-
cointegrating relationships.

5.1 Pretesting

Conclusions from the ECM and cointegrating regressions are predicated on inferences
drawn from unit root pretests. We wish then to consider values ofρ which are likely to
pass the pretest phase. In prior work we found that in samples of 60 and less, values of
ρ ≥ 0.9 behaved as if they were integrated and, in particular, were prone to the spurious
regression problem (De Boef and Granato 1997). We did not examine the performance of
specific tests for unit roots.

We present estimated rejection frequencies of the null hypothesis that the component
series are unit root processes forρ ≤ 0.90 andp = 0.05 using the DFt 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). The
DGP for these simulations is given above in the marginal process (3) withµt ∼ IN(0,1).20

The form of the DFt test is given as above.
For each case, we generated 10,000 samples and estimated the DF test statistic. We

recorded the rejection frequency for the null hypothesis that the process contains a unit
root. The results indicate that in samples of size 40 for values ofρ = 0.90, we would reject
the false null hypothesis only about 29% of the time and, forρ = 0.95, in about 15% of the
cases. For values ofρ closer 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 increases
to 60, the rejection frequencies are still quite low, but longer samples do increase the power
of the test. The likelihood that an analyst would falsely conclude that near-integrated data
are unit root processes is quite high and is never less than half, even when the form of the
test statistic matches the DGP (see Table 1).21 When a constant is incorrectly included in
the test, the odds of false inference increase further.22

5.2 Cointegration Tests

We examine the size and power of the DF and ECMt tests 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 Eqs. (3) and (4). To allow for near-cointegration,
we consider values ofρ in (3) ranging from 0.90 to 1.0, consistent with the above results.

We use 10,000 replications on the parameter spaceq × T × ρ × λ, whereq = −(β −
1)(σµ/σε) = (0, 3, 8), T = (40, 60), ρ = (0.90, 0.91, . . . ,1.0), λ = (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 values ofρ closer to 1. Forρ = 0.95, we would

falsely accept the null 50% of the time in samples as large as 130.
22We use PC-NAIVE (Hendry et al. 1990) to conduct the Monte Carlo simulations.
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Table 1 Rejection frequencies: Null hypothesis,ρ = 1a

T 0.90 0.95 0.96 0.97 0.98 0.99 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 27.65 21.54 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

a Cell 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 test.23 These values ofq imply a wide range of
signal-to-noise ratios.24 We ought to see the largest differences in inference from the two
tests when the common factor restriction imposed by the Dickey–Fuller test is most strongly
violated. This corresponds to an experimental value ofq equal to 8. In this case, the variance
of the marginal process is quite large relative to that of theyt DGP. We record the rejection
frequencies for the null hypothesisλ = 0 as well as the DF rejection frequencies. We
consider the MacKinnon andt critical values.

5.2.1 Results Under the Null Hypothesis

Under the null hypothesis that the series are not cointegrating,wt = yt−xt is a nonstationary
process. It may be a unit root or a near-unit root process. In all cases in which the data
do not contain cointegrating relationships, the ECMt test performs well, rejecting the null
hypothesis with a great deal of power for all values ofρ andq (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 use oft critical values increases the odds of a
type I error on average by a factor of under 2.

The rejection frequencies drop as the signal-to-noise ratio grows; the larger the error
variance ofxt relative toyt , the better the test is able to distinguish the null hypothesis. But
differences are small across the experiments. In sum, the values ofq andρ have a negligible
effect on inferences from the ECMt test 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 DFt test is quite different, as the analytical results predict (see
columns 7–10 in Table 2). Use of the DFt test produces results that vary greatly with
T, ρ,q, and the chosen critical value.25 First, consider the case in whichq = 0. Kremers

23We fix the variance ofσε to 1 and varyσµ to simulate different values ofq.
24Forq to equal 0,β must equal 1. (In all other casesβ is set to 0.5.) In this case, we chose unit variances so that

the variance ratio,s, equals 1. Analytical results indicate that the statistics are invariant tos in this case. See
the Appendix.

25Adding additional lagged values of changes in the residuals to pick up any autocorrelation in the DFt test,
using the augmented Dickey–Fuller test (ADF), does not provide any significant improvement on the inferences
drawn from the DFt test. This follows from the fact that the omitted dynamics in the DFt test are fromxt in
the cointegrating regression itself, and not from lagged changes in the residuals. Thus the residuals from the
cointegrating regression can be white noise even if the common factor restriction is not valid. As a result, adding
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Table 2 Rejection frequencies for the true null hypothesis: No cointegrationa

ECM t test critical value Dickey–Fuller test critical value

N= 60 N= 40 N= 60 N= 40

q ρ M t M t M t M t

8 0.90 2.75 5.71 3.09 5.55 39.20 57.22 25.16 39.74
8 0.95 3.28 5.63 3.30 5.57 18.20 31.98 13.93 22.49
8 0.98 3.30 5.32 3.32 5.66 9.72 17.15 8.03 13.69
8 0.99 3.33 5.16 3.37 5.48 7.19 12.64 6.46 11.25
8 1.00 3.24 5.27 3.35 5.46 5.08 9.09 4.89 8.88

3 0.90 3.54 6.39 3.43 6.10 23.78 36.81 17.33 27.26
3 0.95 3.97 6.78 3.78 6.46 14.83 24.80 11.98 19.26
3 0.98 4.00 6.59 3.89 6.43 9.72 17.15 8.03 13.69
3 0.99 3.75 6.47 3.70 6.32 7.08 12.62 6.46 10.95
3 1.00 3.75 6.43 3.74 6.20 5.34 9.24 5.30 8.93

0 0.90 4.81 8.80 4.87 8.41 4.94 9.06 4.95 8.60
0 0.95 4.83 8.86 4.98 8.51 4.94 9.06 4.95 8.60
0 0.98 4.99 8.89 4.99 8.57 4.94 9.06 4.95 8.60
0 0.99 4.91 8.90 5.01 8.62 4.94 9.06 4.95 8.60
0 1.00 4.91 9.02 5.03 8.70 4.94 9.06 4.95 8.60

a The MacKinnon (M) critical values are−1.9459 and−1.9493 forN = 60 andN =
40, respectively, forp = 0.05, one tail. Thet critical values are−1.671 forN = 60
and−1.684 forN = 40. The signal-to-noise ratio,q, is given by (β − 1)s, wheres =
σµ/σε .

et al. (1992) note that since the distribution of the DFt test is invariant to the error variance
whenq = 0, the true value ofβ = 1. Thus when the experimental value ofβ = 1, the
common factor restriction is valid and the two tests should coincide.

The evidence forρ = 1 confirms this conclusion: the DF rejection frequencies for both
sample sizes and all critical values are very similar to those obtained from ECMt tests.
However, asρ drops, the rejection frequencies using the DFt test remain constant while
those using the ECMt test drop, even forq = 0. This implies that the actual distribution of
the DFt test when the series are near-integrated is insensitive toρ whenq = 0. We cannot
explain this somewhat surprising result. Further investigation is necessary.

The DFt test rejects the true null at higher rates than the ECMt test in virtually all cases
as the signal-to-noise ratio grows. The differences between the tests grow asρ falls. When
ρ drops to 0.90, for example, even using the more conservative MacKinnon critical values,
we overreject the null hypothesis at high rates forT = 40 andT = 60 (39.20 and 25.16%,
respectively) whenq = 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 ADFt test to verify this claim. In none of the six sets of experiments
does the ADF perform significantly better than the DFt test. At most, the true null hypothesis is rejected with a
2% lower frequency. This occurs with the smallestρ and the larger sample—as intuition would suggest. When
ρ is near 1, the rejection frequencies (using either set of critical values) differ by an average of less than 0.20.
It is also the case that the test is more conservative whether the null hypothesis is true or false so that inferences
will be neither clearly better nor worse using the ADFt test. Clearly, however, if the DGP is more general than
that proposed here, the analyst should check the residuals from the DFt test to see if additional lags need to be
included in the test.
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The overrejection using DFt tests is not particularly surprising. Rejecting the null means
rejecting a unit root in the residuals from the cointegrating regression. Even though pretests
for unit roots in each component series indicate integration or near-integration (with these
sample sizes and values ofρ), these series are not unit root processes. While pretests
cannot distinguish I(1) from near-I(1) processes, it appears that the “posttest” on the linear
combination more likely finds the residuals are stationary. This leads us to infer cointegration
or near-cointegration when it does not exist, particularly asρ drops,T increases, orq
increases.

Using the Engle and Granger two-step method in conjunction with DF tests leads analysts
to conclude falsely that the data are cointegrated, even with MacKinnon critical values. The
problem is that the residuals from the cointegrating regression may be stationary even if
the error correction representation is invalid, as long as the component series are not unit
root processes. The inability of the DFt test to distinguish stationary and noncointegrating
residuals from stationary and cointegrating residuals makes its use questionable.26 The role
of sample size is as expected. The more time points that are available for the test, the
stronger evidence of decay indicating that the near-integrated component series are not unit
root processes.

Importantly, if the signal-to-noise ratio is low, this is less true. For smallq the residuals
tend to look nonstationary; the true null hypothesis is not rejected even asρ → 0.90. 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 relationship
at unacceptably high rates. However, if the signal in the data is strong (q = 8), this danger
is greatly diminished, particularly in small samples when posttests cannot distinguish near-
integrated from unit root processes. Overall, the evidence supports the conclusion that the
ECM t 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

In tests where near-cointegrating and cointegrating relationships exist, the ECMt test should
reject the null at high rates: 95% forp = 0.05. This is indeed true for high signal-to-noise
ratios (see columns 3–6 in Table 3). Consider the results forq = 8. In this case, the power
of the ECMt test is very high for allρ and both sample sizes. ForT = 60 the power is
over 98% in all cases, regardless of whether one uses the MacKinnon or thet critical values
(rejection frequencies using thet critical 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 ECMt test. Forρ = 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 more
observations provide more information with which to reject the false null hypothesis.27

The DFt test results have a much wider range of power, depending heavily onρ and the
critical values chosen (see columns 7–10 in Table 3). Consider the case whereρ is 1 andq
is 8. DF tests relying on MacKinnon’s critical values reject the false null hypothesis of no

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

27The results of Kremers et al. (1992), withT = 20, show a little less power—91.6 and 94.3% rejection frequencies
for p = 0.05 for MacKinnon andt critical values, respectively.
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Table 3 Rejection frequencies for the false null hypothesis: Cointegrationa

ECM t test critical value Dickey–Fuller test critical value

N= 60 N= 40 N= 60 N= 40

q ρ M t M t M t M t

8 0.90 99.68 99.85 99.43 98.43 71.14 87.16 44.29 62.03
8 0.95 99.90 99.94 98.60 99.24 45.56 65.68 28.34 43.73
8 0.98 99.93 99.96 97.80 99.51 30.73 48.06 20.36 32.86
8 0.99 99.93 99.97 97.44 99.65 25.96 41.24 17.45 28.54
8 1.00 99.93 99.98 96.99 99.70 20.12 23.07 14.45 23.76

3 0.90 70.38 79.89 51.71 62.60 60.85 79.27 37.05 54.58
3 0.95 79.62 86.64 61.98 71.06 41.89 60.65 25.05 40.15
3 0.98 86.05 91.23 70.34 78.05 29.61 46.26 19.24 30.96
3 0.99 88.62 82.81 74.14 80.06 25.21 40.28 16.83 27.62
3 1.00 91.11 94.34 78.19 84.05 20.17 33.00 14.05 23.51

0 0.90 19.73 32.90 13.95 23.03 20.20 33.23 14.70 23.77
0 0.95 20.01 32.50 13.88 23.39 20.20 33.23 14.70 23.77
0 0.98 20.09 32.41 13.99 23.51 20.20 33.23 14.70 23.77
0 0.99 20.04 32.43 14.14 23.58 20.20 33.23 14.70 23.77
0 1.00 20.28 32.34 14.25 23.83 20.20 33.23 14.70 23.77

a The MacKinnon (M) critical values are−1.9459 and−1.9493 forN = 60 andN = 40,
respectively, forp = 0.05, one tail. Thet critical values are−1.671 for N = 60 and
−1.684 forN = 40. The signal-to-noise ratio,q, is given by (β − 1)s, wheres= σµ/σε .

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

Power is much improved using the largert critical values. Notably, however, the test
power is still quite low: often we will not reject the false null. Asρ drops 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 rates
of decay from shocks. It appears that even when the component series are near-integrated,
we are more likely to conclude that the series are cointegrating than when the component
series are integrated (using the DFt test).

However, as the signal strength drops (asq drops 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 ECMt test. The situation
worsens asρ drops. In contrast, the DFt test results improve asρ drops. This seemingly
odd result is due to the fact that residuals from the static cointegrating regression are more
likely to be stationary the smallerρ, regardless of the existence of a long run, cointegrating
relationship. Importantly, the DFt test 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, the DFt tests are again
invariant toρ for q = 0.

By ignoring the dynamics, or imposing a common factor restriction, the DFt test per-
forms poorly for high signal-to-noise ratios (q = 8), even for the larger sample size. This
is particularly true for values ofρ near 1, but violating the common factor restriction also
reduces the power and size of the test whenρ drops to 0.90. In contrast, the ECMt test
performs as well as or better than the DFt test in all cases. For this reason, we recommend
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that analysts use the ECMt test. 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 processes,
the DF and ECMt 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 examples
below. In these cases, our results indicate the superiority of the ECMt test.

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

Using the DFt test based on the residuals of a static cointegrating regression of macropar-
tisanship on MICS, we cannot reject the null hypothesis that the residuals contain a unit
root (t = −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 combination
of the series is clearly stationary.

In contrast, the ECMt test is significant (t = −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 of
macropartisanship is about 3 points, while that of MICS is over 11 points, suggesting a high
signal-to-noise ratio. By omitting the dynamics, the DFt test ignores this information. The
experimental results suggest that in this case the DFt test is likely to underreject the false
null hypothesis and that inference should proceed based on the dynamic error correction
model, assuming that all other assumptions of the model are satisfied. We would thus
conclude that there is a long-run error correcting relationship between macropartisanship
and consumer sentiment.28

There are also examples in which the ECMt test does not find a (near-) cointegrating
relationship in the data, while the DFt test suggests that the relationship is cointegrating.
Consider the relationship between liberal macroideology and inflation, quarterly from 1977
through 1994,T = 72.29 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 test
for cointegration.

In this example, the DFt test from the cointegrating regression is significant (t =
−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 ECMt test 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 of

respondents claiming to be either liberal or conservative. It may be thought of as the balance of liberal, relative
to conservative, ideological self-placement.
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significant (t = −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 than
0. Appealing to the experimental results, we see that as the signal-to-noise ratio departs
from 0, the size of the DFt test increases relative to that of the ECMt test. Once again,
the experimental and analytical evidence suggests that inference should proceed based on
the dynamic error correction model, assuming that all other assumptions of the model are
satisfied. In this case, we conclude that there is no long-run cointegrating relationship
between macroideology and the rate of inflation.

While each of these examples is based on underspecified models and we would not
wish to draw any substantive inferences from them, it is clear that the use of DF and ECM
t tests can lead to different inferences about the relationships between political time series.
The analytical and experimental results point to the superiority of the ECMt test in these
cases.

7 Conclusions

While De Boef and Granato (1997) conclude that near-integrated data are prone to the
spurious regression problem, it is not clear that analysts can or should adopt cointegration
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, DFt tests for cointegrating relationships used in
conjunction with the cointegrating regression in the Engle and Granger two-step methodol-
ogy are prone to find cointegrationwhen it does not existor to conclude that the relationships
are not cointegrating when the true relationshipis cointegrating. The tests have both a low
power and a small size for cointegration. Further, when the power is low, the DFt tests
have the wrong size.

Using the Engle and Granger two-step method in conjunction with DFt tests can lead
analysts to conclude falsely that the data are cointegrated. The problem is that the residuals
from the cointegrating regression may be stationary even if the error correction represen-
tation is invalid; the DFt test cannot make this distinction. It is possible that the absence
of cointegration will be recognized in the second step—the second-stage error correction
model will find no error correction—but 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 the
subject of ongoing analysis (De Boef 1999). Banerjee et al. (1986) show that the estimates
from the cointegrating regression are likely to be biased, particularly in small samples. It
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 for
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 cointegrating
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 stationary.Thus 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-integrated,
particularly when there is no cointegration. In cases where the signal is strong, the ECM
t test also performs well under the null. The same is not true, however, when the signal is
relatively weak. In fact, when the signal is weak the ECMt test has no advantage over the
DF t test.

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

Many of the relationships estimated using the Engle–Granger two-step methodology
in applied research to date may be well represented by error correction models, but not
necessarily be cointegrated or well estimated by two-stage estimators, or both. It may be
true, for example, that domestic policy sentiment and economic fortunes move together
because economic security is a necessary precursor to the acceptable implementation of
expensive liberal policies, while downturns in the economy make expensive domestic policy
less acceptable. It could also be the case that presidential approval and economic fortunes,
the conflict and cooperation between countries, U.S. defense spending and public policy
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 the
long run. These theoretical linkages seem reasonable.

The case where error correction itself is an invalid representation is much harder to find
in applied analyses; most of our data are reasonably well represented by an ECM and may be
estimated using a single-equation ECM. The single-equation ECM is known to have a solid
empirical track record. This type of dynamic specification is a general reparameterization
of an autoregressive distributed lag model in which levels of a process are a function of the
series’ own past and current values and past values of exogenous variables. In particular, the
ECM imposes no (or less severe) restrictions on the DGP than do other transformations.30

Indeed, the ECM can be estimated with stationary time series, and where the characterization
of the univariate series is in doubt, the single-equation ECM has much to recommend it.
This approach also has an additional implication: it is not necessary to use the language of
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-cointegrating,
wt = yt − xt is a nonstationary process. It may be a unit root or a near-unit root process. In
either case, nonstandard asymptotics apply (see Hamilton 1994). Dickey and Fuller (1979)
derived the distribution of the DFt test when the form of nonstationarity is a unit root
process:31

tDF
L→
∫

WedWe√∫
W2

e

(13)

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

31All integrals range from 0 to 1.
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We is the Wiener process forεt in Eq. (11). The distribution is skewed left, has a negative
median, and is invariant to the error variance andβ. The distribution resembles the standard
t distribution aswt → I(0). If the component series are near-I(1) [i.e.,wt is not I(1), but
it is near-I(1)], the distribution is shifted byc and 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 forβ 6= 1:32

tECM
L→
∫

WedWε√∫
W2

e

(14)

or

tECM
L→ (β − 1)

∫
WµdWε + s−1

∫
WεdWε√

[(β − 1)2
∫

W2
µ + 2(β − 1)s−1

∫
WµWε + s−2

∫
W2
ε

(15)

wheres= σµ/σε is the ratio of the marginal process (3) to the conditional process (4).33

While the distribution of the DFt test is invariant toεt , the distribution of the ECMt test
depends onεt . Recall thatεt = (β−1)1xt + εt . Whenβ = 1, the distribution of the ECM
t test is Dickey–Fuller becauseεt = εt . Forβ 6= 1, we can write the distribution as

tECM
L→

∫
WµdWε − q−1

∫
WεdWε√∫

W2
µ + 2q−1

∫
WµWε + q−2

∫
W2
ε

(16)

whereq = −(β − 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 well as onβ. The
distribution is sensitive toβ ands only if they affectq.

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

tECM
L→ N(0, 1)+ Op(q−1) (17)

As q increases from 0, the distribution of the ECM statistic shifts from Dickey–Fuller to
normal.34 This gives the ECM statistic a distinct advantage over the DF statistic whenq is
large and the component series are individually unit root processes. As in the case of the
DF t test, the distribution will be shifted and change shape asρ drops.

Under the alternative hypothesis of cointegration or near-cointegration,wt is 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.

33s may be thought of as a “nuisance parameter.”
34O refers to the order of probability. A sequence of random variables is said to beOp(T−

1
2 ) if for every v > 0

there exists anM > 0 such thatP{|XT | > (M/
√

T)} < v for all T (Hamilton 1994).
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