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Abstract: For scholars interested in longitudinal analysis, the single-equation (i.e., one
way) error correction model (ECM) has become an important analytic tool. The popularity
of this method has stemmed, in part, from evidence that the ECM can be applied to both
stationary and nonstationary data (e.g., De Boef and Keele, 2008). We highlight an under-
appreciated aspect of the ECM—when data are integrated or near-integrated, the ECM
only avoids the spurious regression problem when (near-)cointegration is present. In fact,
spurious regression results emerge close to 20 percent of the time when integrated or near
integrated data that are not cointegrated are analyzed with an ECM. Given the near absence
of cointegration tests in recent political science publications, we believe this is a fundamental
point to emphasize. We also show, however, that when evidence of cointegration is present,
the ECM performs well across a variety of data scenarios that political scientists are likely
to encounter.
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As political scientists, we are often interested in change. Why has inequality increased?

Why do some authoritarian regimes persist and others transition to democracy? Why do

attitudes toward the death penalty, immigration, or welfare vary over time? For researchers

with an empirical approach to these types of political dynamics, the single equation (i.e.,

one way) error correction model (ECM) has become a popular analytic tool. The popularity

of the ECM stems, in large part, from the long standing concern of observing “nonsense-

correlations” (Yule, 1926) or “spurious regression” (Granger and Newbold, 1974) in non-

stationary time series. In fact, one of the most common reasons scholars cite for selecting

the ECM is its applicability to nonstationary data (See, for example, Enns and McAvoy

(2012, 634), Hellwig (2007, 150), Kayser (2009, 957), Kelly (2005, 873), Kono (2007, 751),

McGuire (2004, 133), Ramirez (2009, 686), Voeten and Brewer (2006, 820)). In this article

we demonstrate that despite attempts to avoid spurious findings, many prominent applica-

tions do not correctly apply the single equation ECM and thus the analyses do not fully

address the spurious regression problem.1

Nathaniel Beck’s (1991) “Comparing Dynamic Specifications” and a subsequent Political

Analysis symposium on error correction models (Beck, 1992; Durr, 1992a; Durr, 1992b; Os-

trom and Smith, 1992; Smith, 1992; Williams, 1992) helped introduce ECMs to the po-

litical science community. Following the work of Clive Granger and Robert Engle (e.g.,

Granger, 1986; Engle and Granger, 1987), these articles emphasized the connection between

integration, cointegration, and error correction. That is, if two (or more) series are integrated

and they maintain a long run equilibrium relationship (i.e., they are cointegrated), this pro-

cess can be specified with an error correction model.2 Smith (1992, 253-254), for example,

explained, “Although Davidson et al. (1978) popularized the ECM before the concept of

1All of our analyses focus on standard time series models, but the arguments are also relevant to time
series cross sectional analysis.

2A classic example of two integrated series that are also cointegrated is a drunk walking a dog (Murray,
1994). The path of the drunk and the dog each reflect an integrated time series, where the position at each
time point is a function of the position at the previous time point plus the current stochastic step (integrated
time series are often referred to as “random walks” or as having a “unit root”). Now, suppose every time
the drunk calls for the dog, the dog moves a little closer to the drunk and every time the dog barks, the
drunk aims in the direction of the dog. These movements represent the “error correction” and keep the two
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cointegration was developed, they impose restrictions on the parameters of their model that

imply integration and cointegration.” Durr (1992b, 255) similarly noted, “the Granger rep-

resentation theorem suggests that the appropriateness of the cointegration/error correction

methodology rests squarely on our capacity to ascertain whether an individual time-series is

integrated, and whether a group of such series are cointegrated.”

In addition to offering a statistical procedure that is appropriate when analyzing coin-

tegrated time series, the logic of cointegration offers a relevant theoretical account of many

of our series of political interest. Error correction, for example, is central to the theory of

thermostatic opinion responsiveness (Jennings 2009; Jennings 2013; Soroka & Wlezien 2010,

177-179; Wlezien 2004). Similarly, theories of democratic representation often (implicitly)

assume an equilibrium relationship between the public’s preferences and government outputs.

If policy moves too far away from the public’s preferences, voters will notice and respond by

electing new candidates who will bring policy back toward the public’s preferences.

Interestingly, despite the empirical and theoretical roots in cointegration, as political

scientists have increasingly utilized the ECM, an important development has been a move

away from the original application to cointegration methodology. De Boef and Granato

(2000, 114), for example, conclude, “the [single-equation] ECM can be estimated with sta-

tionary time series, and where the characterization of the univariate series is in doubt. . . it is

not necessary to use the language of cointegration to use the language of error correction.”

By emphasizing the algebraic equivalence of the ECM and the autoregressive distributed

lag (ADL) model, De Boef and Keele (2008) also stress that the ECM does not necessitate

integration or cointegration. These scholars are correct that when the dependent variable

is stationary, an ECM can be estimated without concern for cointegration. However, many

scholars have interpreted this research to mean that when the dependent series is integrated

or near-integrated (i.e., a root close to but not quite unity), cointegration does not need to

integrated series in a long term equilibrium (i.e., the distance between the two paths is stationary). As a
result, we have two integrated series that are cointegrated.
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be established prior to estimating the ECM (see, e.g., Kelly and Enns (2010, 863), Ramirez

(2009, 686), and Ura and Wohlfarth (2010, 950)). Indeed, when analyzing long–memoried

series, failure to test for cointegration has become common practice in the discipline. Be-

tween 1993 and 2012, 63 articles in the discipline’s top journals included a single equation

ECM. Of these, only 8 reported a test for cointegration.3 We show that this practice of not

testing for cointegration when the dependent variable is integrated or near-integrated poses

a serious threat to ECM analyses.

Given the move in political science to disconnect the ECM from cointegration, our claim

that cointegration must be established prior to estimating an ECM with (near-)integrated

data may come as a surprise. After all, it is now well known that the ECM and the ADL

model are algebraically equivalent (Banerjee, Dolado, Galbraith and Hendry, 1993; De Boef

and Granato, 2000; De Boef and Keele, 2008). Furthermore, since the ADL only produces

accurate inferences when the dependent series is stationary (e.g., Keele and Kelly, 2006), the

ECM (which is simply an alternate parameterization of the ADL) must also be applicable

to stationary time series which, by definition, are not cointegrated. As we show in Appendix

2, this logic is sound. The inverse, however, is also true. If the ADL can produce spurious

results with integrated data, and if the ADL and ECM are equivalent, the ECM will also

produce spurious results with integrated data—unless the integrated series are cointegrated.

The following section further develops this intuition. First, we explain why cointegration

must be established prior to estimating an ECM when the dependent variable has a unit root.

Although some time series practitioners will not be surprised by this claim, as we indicated

above, this statement offers a major revision to most current political science applications of

the ECM. Second, we demonstrate the importance of first testing the time series properties

334 of these articles appeared in the American Journal of Political Science, American Political Science
Review, and Journal of Politics. The rest appeared in the British Journal of Political Science, Comparative
Politics, International Organization, International Studies Quarterly, Journal of Conflict Resolution, and
World Politics. To identify relevant articles, we searched JSTOR for the word, “error correction.” We then
read the methods and results sections to verify that a single equation ECM was estimated and to determine
if a cointegration test was reported. We also searched the PDF for “coint” to identify cointegration tests.
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of the dependent variable before testing for cointegration. This step is necessary because

standard cointegration tests will produce incorrect inferences if the dependent variable is

stationary. Third, we develop the implications of estimating an error correction model with

near-integrated data. We show that when near-integrated data maintain an equilibrium

relationship (i.e., the series are near-cointegrated), the ECM will provide accurate statistical

inferences regarding the relationships between predictor and outcome variables. We also

address an often ignored question in ECM analysis—in the multivariate context, what are

the implications of a cointegrating relationship between two variables but not other variables

in the model? We show that when two (near-)integrated series are (near-)cointegrated and

a third (near-)integrated series is not related to the dependent variable of interest, the ECM

greatly diminishes the spurious regression problem.

Given the numerous political and economic series that behave as if they are near-

integrated—e.g., oil consumption (Duffield and Hankla, 2011), tariff rates (Ehrlich, 2007), so-

cial spending (Faricy, 2011; Nooruddin and Simmons, 2009), the level of employment (Iversen

and Wren, 1998), trust in the government (Keele, 2007), presidential approval (Lebo, 2008,

8), the index of consumer sentiment (Lebo, Walker and Clarke, 2000, 40), and foreign debt

(Oatley, 2012)—we believe our focus on the behavior of the ECM with near-integrated data

will be of importance to many political and economic applications. The analysis uses a se-

ries of Monte Carlo experiments to test the previous claims. We then turn to two important

empirical applications to illustrate our proposed use of the ECM. The conclusion discusses

the implications of our argument as well as limitations and caveats.

Spurious Regression in the Context of ECMs

The single-equation (i.e., one way) ECM for the bivariate case can be expressed as follows:

∆Yt = α0 + α1Yt−1 + γ1∆Xt + β1Xt−1 + εt (1)
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where, γ1 and β1 represent the short-run and long-run effect of X, respectively. The long-run

estimate (β1) can be thought of the combined effect of Xt and Xt−1. Since this combined

effect is distributed over future time periods (through Yt−1), we can estimate the total effect

of X with the long-run multiplier (LRM), which equals β1
α1

.

We begin our discussion assuming Yt and Xt contain a unit root. We then consider the

implications for Equation 1 when Xt and Yt are near-integrated. Granger and Newbold’s

(1974) classic article on spurious regression focused on the problems associated with regress-

ing an integrated Yt in levels on an integrated Xt in levels. Most notably, regressing one

integrated series on another integrated series produces integrated—I(1)—residuals, which

produce the spurious regression problem that Granger and Newbold highlighted. As En-

ders (2004, 171) explains, “the variance of the error becomes infinitely large as t increases...

Hence, the assumptions embedded in the usual hypothesis tests are violated.”

The ECM, however, differences Yt, producing a stationary series on the left hand side of

the equation. We are no longer regressing levels on levels. Since ∆Yt is stationary, we should

expect εt to also be stationary, eliminating the source of spurious regression highlighted by

Granger and Newbold (1974).4 Since the ECM addresses Granger and Newbold’s (1974)

concern of serially correlated residuals, it is not surprising that so many scholars have con-

cluded that the ECM will avoid spurious regressions with long–memoried time series (see,

e.g., De Boef and Keele, 2008, 195). However, absent cointegration, the ECM still produces

spurious results when Yt is integrated—even when the residuals are stationary.

To illustrate this point empirically, we generated two integrated series Yt and Xt through

the following data generating processes (DGPs):

4The simulations below confirm that the ECM largely eliminates serial correlation in the residuals when
Yt has a unit root. This result emerges because if Yt is I(1), ∆Yt is I(0) and regressing a stationary, I(0),
process on an integrated variable will typically result in stationary residuals.
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Yt = Yt−1 + u1,t (2)

Xt = Xt−1 + u2,t (3)

where  u1,t

u2,t

 ∼ IN


0

0

 ,

1 0

0 1


 (4)

By design, there is no short-run or long-run effect of Xt on Yt because these two series are

generated with independent DGPs. We conduct 2,000 simulations for the sample size T of 30,

60, and 100.5 These values of T represent common lengths of time series in political science

data. For each experiment, we estimate the single equation ECM in Equation 1. We would

expect to observe a significant relationship between Xt−1 and ∆Yt about 5 percent of the

time. Instead, β1 is significant in 14.9%, 16.7%, and 17% of the simulations when T=30, 60,

and 100, respectively. If we look at the total expected effect of Xt−1 on Yt (which is captured

by the LRM, β1
α1

), the proportion of spurious results increases to 18.1%, 18.5%, and 19.7%,

respectively (See Appendix 1 for the complete results). As suggested above, autocorrelation

in the residuals does not account for these spurious results. A Portmanteau (Q) test for

white noise indicates that the residuals are white noise in almost 95 percent of the observed

spurious regressions. These spurious results emerge because even though the ECM largely

solves the serial correlation problem by differencing Yt, unless cointegration is present, the

ECM produces what Banerjee et al. (1993, 164) describe as an “unbalanced regression,”

which they define as a regression equation, “in which the regressand is not of the same

order of integration as the regressors, or any linear combination of the regressors.” As the

above results demonstrate, unbalanced regressions (which are sometimes also referred to as

inconsistent regressions) produce a substantial spurious regression problem (Banerjee, 1995;

5We first generated Yt and Xt so T=130, 160, or 200, and then discarded the first 100 observations to
avoid the potential influence of initial values (Jönsson, 2005; Larsson, Lyhagen and Löthgren, 2001).
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Mankiw and Shapiro, 1985; Mankiw and Shapiro, 1986; Marmol, 1996; Ventosa-Santaulària,

2012). As Maddala and Kim (1998, 251) explain, “a requirement in order to obtain a

meaningful estimation with integrated variables is balance in the orders of integration of the

variables on the left-hand and right-hand side of the regression equation.”

Unless a cointegrating relationship exists between Yt and Xt, Equation 1 is unbalanced

and standard t-statistics do not apply. By contrast, when cointegration is present, the ECM

is balanced, and Equation 1 will produce accurate standard errors that yield valid inferences.

To see why cointegration balances Equation 1, it is helpful to rewrite the equation in the

following form:

∆Yt = α0 + α1(Yt−1 +
β1
α1

Xt−1) + γ1∆Xt + εt (5)

Xt and Yt are cointegrated when Xt and Yt are both integrated (of the same order) and α1

and β1 are non-zero—which implies that the LRM effect of Xt on Yt is also non-zero. Any

deviation from the long-run equilibrium, expressed by (Yt−1+ β1
α1
Xt−1), is corrected at the rate

of α1, which is called the error correction term, which can range between 0 and −1.0. Due to

the presence of this error correction term, which serves as a leash that binds them together,

these two series never drift too far from each other.6 Furthermore, because cointegration

ensures that Yt and Xt maintain an equilibrium relationship, a linear combination of these

variables exists that is stationary (that is, if we regress Yt on Xt, in levels, the residuals

would be stationary).7 As noted above, this (stationary) linear combination is captured

by (Yt−1 + β1
α1
Xt−1). Additionally, since Yt and Xt are both integrated of order one, ∆Yt

and ∆Xt will be stationary. Thus, cointegration ensures that the equation is balanced: the

regressand (∆Yt) and either the regressors (∆Xt) or a linear combination of the regressors

6When applied to stationary data, the error correction term is still of interest because it tells how fast
the effect of Xt on Yt diminishes over future time periods, but these two series do not contain a long-
run equilibrium that they always revert back to. Thus, while cointegration entails error correction, error
correction does not necessarily entail cointegration. For this reason, Hendry (2008) differentiates between
error correction and equilibrium correction, where equilibrium correction specifies cointegration.

7This, in fact, is the first step of the Engle-Granger two-step method of testing for cointegration. This
procedure highlights that a stationary linear combination between Yt and Xt is not the same as stationary
residuals, εt, in Equation 5.
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((Yt−1 + β1
α1
Xt−1)) are all stationary.8 By contrast, when Yt and Xt are integrated and there

is no evidence of cointegration, Equation 5 reduces to the differences model, which only

includes a constant and ∆Xt as regressors. This differences model should be estimated if

the data are integrated but not cointegrated.

Identifying Cointegration

We have seen that in order to ensure a balanced equation, it is crucial to establish

cointegration prior to estimating an ECM with integrated data. To test for cointegration, we

examine whether the error correction term (i.e., α1 in Equation 1) is statistically significant

(see, e.g., Ericsson and MacKinnon (2002)). We refer to this as the error correction (EC)

statistic. For the EC statistic, the distribution under the null is Dickey-Fuller, so it is

crucial to apply the correct critical values (Banerjee, Dolado and Mestre, 1998; Ericsson

and MacKinnon, 2002; Kremers, Ericsson and Dolado, 1992). We rely on the critical values

reported in Ericsson and MacKinnon (2002).9

Although previous scholars have drawn attention to the importance of using the correct

critical values with the EC statistic, another important condition of the EC statistic has

not been sufficiently emphasized. Researchers must first identify the time series properties

of the dependent variable before interpreting the EC statistic, because when the dependent

variable is stationary, α1 will have a large t-statistic and be close to negative one (even

though cointegration is not present). To see why, suppose that the DGP for Yt is:

Yt = ρYt−1 + ut ∼ IN(0, 1) (6)

If we subtract Yt−1 from both sides of Equation 6, we see that ∆Yt = (ρ− 1)Yt−1 +ut. Thus,

8The single equation ECM also assumes weak exogeneity (e.g., Boswijk and Urbain, 1997; Engle, Hendry
and Richard, 1983). Interestingly, De Boef (2001, 91) finds that as long as Xt is (near-)integrated (i.e., the
autoregressive parameter is >0.90) and the covariance of the residuals in the DGP of Yt and Xt are <0.30,
“long-run relationships can be estimated reasonably well.”

9The Engle-Granger (EG) cointegration test (Engle and Granger, 1987) can also be used to test for
cointegration.
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when we estimate the ECM in Equation 1, our estimate of α̂1 includes the error correction

rate plus (ρ − 1). When Yt has a unit root (i.e., ρ = 1), α̂1 correctly estimates the error

correction rate because α̂1 = (1− 1) + α1. However, when ρ < 1, α̂1 estimates (ρ− 1)+α1.

For example, if ρ = 0.1, α̂1 will equal -0.9 plus the actual error correction rate. Even if there

was no error correction in the DGP, our estimate of α1 would approximate −.9 because Yt

is stationary, not because a cointegrating relationship exists between Xt and Yt. We should

emphasize that because the ECM is equivalent to the ADL, like the ADL, the ECM can

be estimated with stationary data. Thus, the ECM produces correct inferences when Yt is

stationary or when Yt is integrated and cointegration is present. However, if applying the

ECM when the outcome variable is stationary, researchers must remember that in these cases

the coefficient on Yt−1 includes (ρ− 1) and thus cannot be used as a test of cointegration.

Expectations for Near-Integrated Data

So far, we have considered the ECM when Yt and Xt have a unit root and the implica-

tions for α1 when Yt is stationary. Yet, many political series cannot be strictly classified as

integrated of order zero, I(0), or of order one, I(1). Fractional integration allows the order

of integration (d) to range between 0 and 1. Factional integration characterizes many im-

portant political series and when series demonstrate fractional integration processes (“i.e.,

the value of d is significantly greater than 0 and significantly less than 1.0” (Lebo and

Clarke, 2000, 4)), appropriate fractional integration methods should be employed (e.g., Box-

Steffensmeier and Smith, 1998; Box-Steffensmeier and Tomlinsonl, 2000; Lebo, Walker and

Clarke, 2000). Our interest lies, however, in a more specific—albeit important—dynamic

process: near-integrated time series. Near-integrated series are distinct from fractionally

integrated processes because they have a root close to but not quite unity (Phillips, 1988).10

Although near-integrated series can include both strongly autoregressive and mildly explo-

10Although both fractionally integrated series and near-integrated series are characterized as long memory
processes, fractionally integrated processes are associated with hyperbolically decaying autocorrelations while
near-integrated processes are associated with geometric or exponential rates of decay (Baille, 1996, 5-6).
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sive processes, we limit our focus to conditions when d is close to but less than one. As we

have noted above, many important political series behave as if they are near-integrated. In

addition to being relevant to political science research, we are interested in near-integrated

series because we propose that despite not having a unit root, the single equation (one-way)

ECM will produce valid inferences with near-integrated series that form a cointegrating rela-

tionship. De Boef and Granato (2000, 103) refer to this as near-cointegration, meaning that

a linear combination of the near-integrated series is stationary.

The intuition behind the claim that the ECM can be used with near-integrated series

that are near-cointegrated is straightforward. In finite samples, near-integrated series and

integrated series are almost indistinguishable (e.g., Banerjee et. al. 1993, 96; DeBoef &

Granato 2000, 102; Phillips 1987, 544). De Boef and Granato (1997, 620), in fact, find

that “statistical distinctions between integrated and near-integrated data occur only asymp-

totically when the sample size approaches infinity” and Hamilton (1994, 446) refers to the

“identical observable implications” of these series. For statistical analysis, it is the sample

properties—not the asymptotic properties—of variables that matter. Thus, although near-

integrated series are stationary asymptotically, because they behave like integrated series

when T is small (which is the case with most time series in political science), we should

analyze them as if they were integrated.

To illustrate this point, consider a long-memoried series like presidential approval. The-

oretically, presidential approval cannot have a unit root. Since the percent approving of the

president is bound between 0 and 100, by definition, the series has a finite variance. Addi-

tionally, because presidential approval is an aggregation of individual attitudes, which likely

follow different autoregressive processes, we should not expect aggregate approval to have a

unit root (Granger, 1980). Yet, for monthly presidential approval between 1995 and 2005,

Lebo (2008) reports a fractional differencing parameter, d, of 0.94 and explains that “The

presidential approval series is nearly a unit-root and clearly has long, if not quite perfect,

memory” (8). Despite its asymptotic properties, in the observed data presidential approval
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is near-integrated and behaves as if it is integrated.

We propose that with series like presidential approval, which have a long memory, an

augmented Dickey Fuller (DF) test should be conducted to evaluate whether the null of a

unit root can be rejected. At first, our recommendation to employ a DF test may seem sur-

prising. It is well known that DF tests are underpowered against the alternative hypothesis

of stationarity (Cochrane, 1992; Blough, 1992). Thus, the obvious concern is that we may

incorrectly conclude that a stationary or fractionally integrated series, which does not mimic

the statistical properties of a unit root, behaves like an integrated series. However, for our

specific application, the low power of the DF does not pose a problem.

To see why the DF test is appropriate, we must consider the implications of the DF

test for the EC test statistic. Recall the previous section which demonstrated that when

the order of integration of Yt is less than one (i.e., ρ < 1), the t-statistic associated with

α̂1 in Equation 5 will increase because α̂1 reflects the error correction rate (α1) plus the

autoregressive component of Yt minus 1 (i.e., ρ − 1). Even though α̂1 includes ρ − 1, if a

DF test accepts the null of a unit root, the t-statistic associated with α̂1 will still provide

a correct test of cointegration. This result emerges because the DF test is based on ρ − 1.

Specifically, the DF test estimates,

∆Yt = φ+ δYt−1 + εt, (7)

where δ is equivalent to ρ − 1 and the DF test rejects the null hypothesis of a unit root if

the t-statistic associated with δ is significant.11

With this in mind, suppose the true error correction rate, α1, is zero. When Yt is

stationary, adding (ρ − 1) to 0 can produce a significant α̂1. However, if a DF accepts the

null of a unit root, δ̂ (which equals (ρ − 1)) is—by definition—not statistically different

11The DF test does not follow a normal distribution so the correct critical values must be used. If serial
correlation is present in εt, lagged values of ∆Yt should be included in the test to produce stationary residuals,
producing an augmented Dickey Fuller test.
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from zero. If the error correction rate is zero, adding an insignificant δ̂ will not produce a

significant estimate of α̂1; i.e., we will not find incorrect evidence of cointegration.12 As a

consequence, despite the DF test’s lack of power against the alternative hypothesis, for this

particular application, the DF test is well suited. Even though a DF test cannot tell us the

exact properties of the time series, when a DF test does not reject the null hypothesis of

a unit root in Yt, the t-statistic associated with α̂1 will be accurate (provided the correct

critical values are used). Interestingly, we do not need to test the time series property of Xt.

Recall that α̂1 will only be significant if a linear combination of Yt and Xt is I(0) (provided

that the DF test finds evidence of integration in Yt), which is only possible if Yt and Xt are

integrated of the same order. Thus, a significant α̂1 implies that Yt and Xt behave as if they

are integrated of the same order.

Although α̂1 will produce correct inferences when used as a test of cointegration, with

near-integrated data, α̂1 will over-estimate the rate of equilibrium error correction. The bias

will be directly in proportion to Yt’s deviation from I(1) (or (ρ-1)). Our simulation results

show, however, that with near–integrated data, this bias is relatively minor. Nevertheless,

in Appendix 3 and in our first empirical example we show the conditions when this bias is

most likely to be a problem and how it can be addressed by estimating ρ−1 and subtracting

this value from α̂1 to recover the unbiased estimate of α1.
13

Summary of Predictions

1. When Yt is (near-)integrated, (near-)cointegration must be established prior to esti-
mating an ECM.

12We have tested whether this theoretical argument holds true through Monte Carlo simulations. Using
the same DGPs for Yt and Xt as defined in Equations (2), (3), and (4), we compute the probabilities of
finding evidence of cointegration (i.e., a statistically significant coefficient for the error correction estimate
based on the MacKinnon critical values) after testing for a unit root in Yt using the DF test. We let the
memory of Yt (ρ) and the memory of Xt (q) each take the values of 0.1, 0.4, 0.7, 0.9, 0.95, 0.99, and 1.0. We
find that the rate of finding false evidence of cointegration never exceeds 5.5%, confirming that even with
near-integrated series, using the DF test as the first step guards against falsely inferring cointegration.

13In addition to Monte Carlo simulations to evaluate our adjustment procedure, we also examined if
fractional error correction models (FECMs) produce more accurate estimates of the true error correction
term. We find that both the original and adjusted estimates of the error correction term in the ECM
consistently outperform the estimates from the FECMs. See Appendix 3 and Appendix 4 for further details.
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2. If an augmented Dickey Fuller test does not reject the null of a unit root in Yt, we can
treat the series as if it is near-integrated.

3. When Yt is near-integrated, the EC test for cointegration (based on α̂1) is accurate.

Monte Carlo Experiments

In this section, we test the predictions developed above with a series of Monte Carlo

Experiments. We consider a three variable system (Yt, X1,t, and X2,t), though—as we

demonstrate in Appendix 6—the intuition and findings generalize beyond three variables.

The following three variant situations are examined in our Monte Carlo experiments:14

Case 1: Yt, X1,t, and X2,t are all (near-)integrated and unrelated to each other.

Case 2: Yt, X1,t, and X2,t altogether form one cointegrating relationship.

Case 3: Yt is (near-)integrated and (near-)cointegrated with just one of the X’s.

In each case, we conduct 2,000 simulations for the sample size T of 30, 60, and 100. The

following single-equation ECM is estimated for the trivariate system:

∆Yt = α0 + α1Yt−1 + γ1∆X1,t + β1X1,t−1 + γ2∆X2,t + β2X2,t−1 + ε1,t (8)

Case 1: Yt, X1,t, and X2,t are all (near-)integrated and unrelated to each other.

We first examine the situation where Yt, X1,t, and X2,t are (near-)integrated and have no

relationships amongst themselves. That system is:

Yt = ρYt−1 + u1,t,where u1,t ∼ iidN(0, 1) (9)

X1,t = qX1,t−1 + u2,t,where u2,t ∼ iidN(0, 1) (10)

X2,t = ξX2,t−1 + u3,t,where u3,t ∼ iidN(0, 1) (11)

14A fourth possibility is that more than one cointegrating vector exists. Because of our focus on the single
equation ECM, we do not elaborate on multiple cointegrating vectors. However, a Johansen test can be used
to identify the number of cointegrating vectors (e.g., Johansen, 1995). If there is more than one cointegrating
vector, a system of equations needs to be estimated simultaneously (e.g., a VECM model).
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Because we are interested in (near-)integrated processes, we let ρ, q, and ξ each take values

of 0.9 to 1.0 by increments of 0.05. (Importantly, Appendix 2 shows that regardless of the

autoregressive parameter in the DGP of Yt and Xt, as long as a DF test indicates Yt has

a unit root and the EC statistic indicates that cointegration is present, the ECM does not

exceed the expected 5 percent spurious correlations.)

If we find statistically significant effects of X1,t or X2,t on Yt in this system, the findings

are spurious. Due to the absence of cointegration, we expect that unbalanced regressions

will lead to spurious regressions (as we saw with the bivariate simulations reported above).

However, by combining a DF test of Yt with a test for cointegration, we expect to eliminate

the spurious regression problem. Since each of the Xt variables is a mirror image of the other,

we only report spurious findings on X1,t. Also, to save space, we only report the results from

the simulations where ρ, q, and ξ take the values of either 0.9 or 1.0. In Table A-4 in the

Appendix, we report the results from the full set of simulations.

The results in Table 1 are consistent with expectations. When Xt,1 and Yt are (near-)

integrated but not (near-)cointegrated, failure to test for a unit root in Yt and for cointegra-

tion prior to estimating an ECM (Column 1) leads to spurious findings. The rate of spurious

results is roughly the same as in the bivariate case. Column 2 shows, however, that when

we only analyze dependent series that show evidence of a unit root and we use the correct

critical values to test for cointegration, we eliminate the spurious regression problem.15 In

fact, all results are below 5 percent. The reason that our rate of spurious correlation appears

conservative is as follows. Given the small sample sizes and the strongly autoregressive DGP

in Yt, we expect the DF test to (correctly) identify a unit root in Yt 95% of the time. We

also expect the EC test to (falsely) identify cointegration 5% of the time and the t-test on β1

to (falsely) identify the relationship between ∆Yt and Xt−1 5% of the time. So the expected

rate of false rejection should be 0.95 × 0.05 × 0.05 = 0.0023 (or 0.23%). In practice, we

15Table A-4 in the Appendix shows that examining the EC statistic with correct critical values is crucial.
If we use standard t critical values, we would reject the true null between 7 and 14 percent of the time.
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Table 1: Case 1 (β1=0). Rejection Frequencies (%) for
the True Null Hypothesis:

Y X1,t X2,t No Test ECM
ρ q ξ (1) (2)

T=30
0.9 0.9 0.9 11.95 1.70
0.9 0.9 1.0 12.00 1.50
0.9 1.0 0.9 13.95 2.15
0.9 1.0 1.0 12.90 2.00
1.0 0.9 0.9 13.65 1.65
1.0 0.9 1.0 12.05 1.85
1.0 1.0 0.9 15.20 2.00
1.0 1.0 1.0 13.95 1.70

T=60
0.9 0.9 0.9 11.45 1.90
0.9 0.9 1.0 11.90 2.70
0.9 1.0 0.9 12.90 2.75
0.9 1.0 1.0 13.25 2.55
1.0 0.9 0.9 10.85 1.20
1.0 0.9 1.0 12.55 1.45
1.0 1.0 0.9 17.15 2.45
1.0 1.0 1.0 15.90 1.70

T=100
0.9 0.9 0.9 9.25 1.30
0.9 0.9 1.0 9.70 1.60
0.9 1.0 0.9 11.70 2.85
0.9 1.0 1.0 12.15 3.20
1.0 0.9 0.9 9.55 0.70
1.0 0.9 1.0 10.80 1.30
1.0 1.0 0.9 18.10 1.55
1.0 1.0 1.0 15.45 1.70
Notes: ECM uses the 5% MacKinnon
critical values of -3.642, -3.566, and -
3.540 for T=30, T=60, and T=100, re-
spectively, computed from Ericsson and
MacKinnon (2002). ρ, q and ξ corre-
spond to the memories of Yt, X1,t and
X2,t, respectively. In No Test, we do
not conduct pretests for cointegration
or integration in Yt.

observe values greater than this (but less than 5%) because the probabilities of getting a

null finding across these three tests are not independent from each other.

Case 2: Yt, X1,t, and X2,t altogether form one cointegrating relationship

In Case 2, (near-)cointegration (and thus a long run relationship) exists between X1,t,

X2,t, and Yt. We use the term (near-)cointegration to acknowledge that the memory of Xt

15



will be close to, but is not necessarily one. Our interest in this section is the power of the

ECM (when coupled with tests for cointegration and the time series properties of Yt) to

identify the existence of a relationship between Xt and Yt. The DGP for Yt now becomes:

Yt =Yt−1 + α1(Yt−1 +
β1
α1

X1,t−1 +
β2
α1

X2,t−1) + u5,t,where u5,t ∼ iidN(0, 1) (12)

As in Case 1 (Equations 10 and 11), we allow the memory of the Xt variables to equal

0.9, 0.95, or 1.0. However, we now set β1 = β2 = 0.3. The decision to set the long run

relationship (i.e., β1 and β2) to 0.3 provides a conservative test of the ability of the ECM to

identify a relationship. For example, De Boef (2001, 86) uses 0.5 in her simulations.16 The

error correction (or cointegration) term α1 takes values from −0.1 to −0.4 by increments of

0.1. We select these values because they represent relatively modest error correction rates

in political science research and thus offer a conservative test.17 If we are able to uncover

evidence of cointegration and long run relationships in our simulations, we can be confident

that the methods are relevant for political science applications. For each value of α1, we

estimate the ECM in Equation 8 and examine if β̂1 is statistically significant at the .05 level

(we do not report β2 because β1 and β2 are mirror images of each other).

Table 2 presents results for this second case (full results appear in Table A-5). The

table reports the frequencies of correctly identifying the relationship between X1,t and Yt.

Column 2 indicates that the additional steps of testing for evidence of a unit root in Yt and

testing for cointegration come at some cost, reducing the probability of correctly finding a

significant long-run relationship between Yt and X1,t. This is especially the case when the

error correction term α1 and T are both small. When α1=-0.1 and T=30, the rejection

16Formally, De Boef (2001, 86) sets β to 1.0. However, in the DGP used by De Boef (2001), β is multiplied
by the error correction term, which is set to 0.5. Thus, the long run relationship in her simulations is 0.5.

17Ahlquist (2006), for example, finds error correction rates of -0.62 and -0.65 for portfolio capital flows
and foreign direct investment, respectively. Ura and Wohlfarth (2010, 951) report an error correction rate
of -0.68 in their analysis of U.S. Supreme Court institutionalization and Keele (2007, 249) reports an error
correction rate of -0.39 in his analysis of trust in government. An error correction rate of -0.4 implies that
just over 90 percent of the total effect of Xt on Yt will be realized after five periods.
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frequencies are between 6% and 9% (compared to 51%—59% for situations where we do not

test for either integration or cointegration). Importantly, the potential cost of low power of

the ECM (when paired with necessary pretests) becomes negligible as the error correction

rate increases (i.e., α1 decreases) and T becomes larger. For instance, for α1 = −0.4 and

T =60, we correctly reject the false null hypothesis more than 90% of the time. When

T =100, the ECM’s ability to correctly identify true relationships approaches 100%. For

sufficiently negative α1, large T , or large β1, employing the ECM after finding evidence of a

unit root in Yt and evidence of cointegration does not seem to significantly impede our ability

to correctly identify long-run relationships. This is an important result as many time series

studies focus exclusively on the spurious regression problem without evaluating whether the

proposed method can identify true relationships in the data.18

In addition to identifying true relationships between Xt and Yt, we also want to be

able to correctly estimate the error correction parameter. As discussed above, when the

autoregressive parameter of Yt is less than one, the estimated error correction rate (α̂1)

will be biased downward (implying stronger error correction) because the estimate includes

the true error correction rate plus (ρ − 1). The simulation results indicate that with our

near–integrated data, when T is reasonably large this bias is not very severe. For example,

when T=60, the bias on α̂1 ranges between –0.03 and –0.05. When T=100, the bias ranges

from −0.01 to −0.03. When T=30, however, the bias is quite substantial. When T is

small, scholars must remember that their estimate of the error correction rate will be biased

downward, leading to incorrect inferences about the speed of error correction. It is possible,

however, to estimate ρ− 1 and then subtract this from α̂1 to correct the bias. In Appendix

3 we discuss our specific recommendations for addressing the potential bias in α̂1.

18Given our interest in long memoried series that are not true unit roots, we were also interested in the
ability of fractional co-integration techniques (e.g., Clarke and Lebo, 2003) to correctly identify the DGP. In
all cases, fractional error correction models (FECMs) were much less likely than the single equation ECM
to correctly identify true relationships. In each case, FECMs also produce less accurate estimates of α1. We
report these results in the Appendix 3 and Appendix 4.
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Table 2: Case 2 (β1=0.3). Rejection Frequencies (%) for
the False Null Hypothesis and Estimates for α1

Y X1,t X2,t No Test ECM Means of α̂1

α1 q ξ (1) (2) (3)
T=30

-0.1 0.9 0.9 50.94 5.59 -0.267
-0.1 0.9 1.0 49.22 6.17 -0.230
-0.1 1.0 0.9 59.29 8.89 -0.234
-0.1 1.0 1.0 53.16 8.57 -0.223
-0.4 0.9 0.9 55.04 30.41 -0.595
-0.4 0.9 1.0 53.72 31.89 -0.599
-0.4 1.0 0.9 64.01 36.83 -0.599
-0.4 1.0 1.0 63.17 38.71 -0.598

T=60
-0.1 0.9 0.9 89.23 43.15 -0.142
-0.1 0.9 1.0 86.96 53.39 -0.130
-0.1 1.0 0.9 94.77 57.37 -0.131
-0.1 1.0 1.0 94.02 62.23 -0.125
-0.4 0.9 0.9 93.32 91.62 -0.443
-0.4 0.9 1.0 91.69 90.37 -0.451
-0.4 1.0 0.9 98.05 96.15 -0.454
-0.4 1.0 1.0 95.94 94.29 -0.452

T=100
-0.1 0.9 0.9 99.39 87.06 -0.116
-0.1 0.9 1.0 99.21 95.37 -0.111
-0.1 1.0 0.9 99.90 96.19 -0.111
-0.1 1.0 1.0 99.79 97.27 -0.109
-0.4 0.9 0.9 99.91 99.91 -0.415
-0.4 0.9 1.0 99.29 99.29 -0.430
-0.4 1.0 0.9 100.00 100.00 -0.427
-0.4 1.0 1.0 99.89 99.89 -0.430
Notes: ECM uses the 5% MacKinnon critical val-
ues of -3.642, -3.566, and -3.540 for T=30, T=60,
and T=100, respectively, computed from Ericsson
and MacKinnon (2002). α1 is the error correction
as denoted in Equation 12. In No Test, we do not
conduct pretests for cointegration or integration in
Yt. Column 3 reports the means of estimated α̂1 co-
efficients for series where we find evidence of both
integration and cointegration.

Case 3: Yt is (near-)integrated and (near-)cointegrated with just one of the X’s

In Case 3, we introduce cointegration between Yt and X2,t. X1,t, by contrast, is not

related to Yt. The DGP for Yt is now re-defined as follows:

Yt =Yt−1 + α1(Yt−1 +
β2
α1

X2,t−1) + u4,t,where u4,t ∼ iidN(0, 1) (13)
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where the DGPs for X1,t and X2,t remain the same as the previous simulations. Our interest

lies in finding how the presence of this (near-)cointegrating relationship between Yt and X2,t

may affect the frequency of finding a spurious relationship between Yt and X1,t. This is an

especially important case, because researchers may find that not all right hand side variables

are cointegrated with the dependent series. We propose the ECM is appropriate in this

scenario because as long as at least one right hand side variable is cointegrated with Yt the

equation is balanced. To see this, we can re-write the right hand side of Equation 13 as the

following cointegrating vector, α1(Yt−1 + β1
α1
X1,t−1 + β2

α1
X2,t−1). Because β1=0 in the DGP,

even if X1,t is (near-)integrated, the linear combination of Yt Xt,1, and Xt,2 would still be

expected to be stationary.

We again set α1 to range from −0.1 and −0.4, at increments of 0.1, and β2=0.3. The

results in Table 3 answer the question of whether ECMs produce spurious regression results

in a multivariate system in which one explanatory variable is cointegrated with the dependent

variable but the other is not. (Table A-6 in the Appendix reports the results from the full

set of simulations.) Even with no pretest on Yt or for cointegration, false rejection rates

are typically less than 10 percent. We observe more than the expected 5 percent false

rejection rate, but these percentages represent a much less severe bias toward incorrectly

inferring a relationship between two unrelated variables than in previous simulations. These

relatively low rates of spurious correlations between X1,t and Yt result because X2,t and Yt

are cointegrated. In other words, although we do not conduct pretests in Column 1, we

know from the DGP that X2,t and Y are cointegrated. Furthermore, as described above,

when a cointegrating relationship exists between one predictor and the dependent variable,

the equation is no longer unbalanced, even if other predictors not related to Yt are (near-)

integrated. Of course, given the stochastic component, u4,t in Equation 13, the DGP does

not always produce a cointegrating relationship—especially when T is small. Thus, testing

for integration in Yt and then conducting the EC test with correct critical values (Column 2)

offers a notable improvement (especially when T=30) over Column 1. The rate of spurious
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regression is roughly 5 percent if the single-equation ECM is combined with appropriate

tests for cointegration and integration in Yt.

Table 3: Case 3 (β1=0, β2=0.3). Rejection Frequencies (%) for the True Null Hypothesis
(No Long Term Effect of X1,t on Yt), for the False Null Hypothesis (Long Term Effect of X2,t

on Yt), and Estimates for α1

β1=0 β2=0.3
(Correct Value=5%) (Correct Value=95%)

Y X1,t X2,t No Test ECM No Test ECM Means of α̂1

α1 q ξ (1) (2) (3) (4) (5)
T=30

-0.1 0.9 0.9 8.35 1.60 55.84 5.21 -0.350
-0.1 0.9 1.0 7.25 1.65 59.60 6.76 -0.299
-0.1 1.0 0.9 10.30 2.30 52.48 4.79 -0.397
-0.1 1.0 1.0 7.75 2.00 58.06 6.60 -0.300
-0.4 0.9 0.9 7.85 4.30 60.69 27.00 -0.661
-0.4 0.9 1.0 7.45 4.60 70.54 32.83 -0.659
-0.4 1.0 0.9 8.05 4.30 61.89 28.45 -0.654
-0.4 1.0 1.0 8.80 5.85 66.92 30.63 -0.669

T=60
-0.1 0.9 0.9 6.50 3.05 92.36 24.95 -0.183
-0.1 0.9 1.0 5.80 3.90 96.35 46.27 -0.143
-0.1 1.0 0.9 7.90 3.70 91.39 23.17 -0.189
-0.1 1.0 1.0 8.35 5.45 96.76 43.03 -0.152
-0.4 0.9 0.9 7.80 4.90 96.47 89.95 -0.450
-0.4 0.9 1.0 5.90 4.55 98.70 93.70 -0.469
-0.4 1.0 0.9 7.30 3.70 94.59 88.72 -0.454
-0.4 1.0 1.0 7.50 6.10 98.04 92.48 -0.473

T=100
-0.1 0.9 0.9 6.05 4.50 99.53 64.33 -0.132
-0.1 0.9 1.0 6.10 5.50 99.95 91.44 -0.115
-0.1 1.0 0.9 7.45 6.20 99.38 63.15 -0.137
-0.1 1.0 1.0 5.50 4.85 99.84 88.65 -0.117
-0.4 0.9 0.9 5.90 1.70 100.00 100.00 -0.413
-0.4 0.9 1.0 5.95 4.65 99.87 99.87 -0.434
-0.4 1.0 0.9 6.30 1.35 100.00 100.00 -0.408
-0.4 1.0 1.0 6.10 5.05 99.94 99.94 -0.438

Notes: ECM uses the 5% MacKinnon critical values of -3.642, -3.566, and -
3.540 for T=30, T=60, and T=100, respectively, computed from Ericsson and
MacKinnon (2002). q and ξ correspond to the memories of X1,t and X2,t,
respectively. α1 is the error correction as denoted in Equation 13. In No Test,
we do not conduct pretests for cointegration or integration in Yt. Column 5
reports the means of estimated α̂1 coefficients for series where we find evidence
of both integration and cointegration.

Columns 3 and 4 report our ability to correctly identify the true relationship between

X2,t and Yt (β2=0.3). (See Table A-7 for the results from the full set of simulations.) Again,

we see that conducting the additional steps of testing for cointegration and integration in
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Yt reduce the rate of recovering a relationship between X2,t and Yt. If T is close to 30,

researchers must be aware that they will only be able to detect long term relationships

between Xt and Yt when this relationship is strong or when the rate of error correction is

high. This problem is much less of a concern when α1 = −0.4 and T is greater than 60. As

long as we have a moderate level of error correction and a sufficiently large T (in this case,

T ≥ 60), the ECM can identify the relationship between X2,t and Yt roughly 90% of the time

or more. When T=100, the ECM identifies approximately 95% of true relationships when

α1 = −0.2 (see Table A-7).

Column 5 reports the mean estimate of α̂1. When T = 100 the bias is quite small. The

bias is more severe when T ≤ 60. Importantly, correct rates of spurious regression in Column

2 confirm that the bias in α̂1 does not reduce the accuracy of the EC test for cointegration.

Nevertheless, scholars need to be aware that their estimate of the rate of error correction

will be biased, especially with small samples. As noted above, in Appendix 3 we propose a

correction which yields more conservative estimates of the true error correction rate.

In sum, we have found that when the correct pretests are conducted, the ECM avoids

the spurious regression problem. When T is small, however, scholars must be aware of the

low power to identify true relationships and bias in α̂1. Below, we reconsider two prominent

political science articles in order to show how to apply the above lessons.

Public Opinion and Supreme Court Decisions

Political scientists and legal scholars have long been interested in the relationship between

the public’s policy preferences and Supreme Court decisions in the United States. (e.g.,

Epstein and Martin, 2011; Enns and Wohlfarth, 2013; Giles, Blackstone and Vining, 2008;

McGuire and Stimson, 2004; Mishler and Sheehan, 1993; Norpoth and Segal, 1994). Perhaps

the strongest statement on this subject comes from Casillas, Enns and Wohlfarth (2011).

Based on a series of single equation ECMs, they conclude that, “the public mood directly
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constrains the justices’ behavior and the Court’s policy outcomes, even after controlling for

the social forces that influence the public and the Supreme Court” (86). Casillas, Enns and

Wohlfarth (CEW) argue that because cases that are salient to the public tend to be the

most politically and legally important, these are the cases where justices may prioritize their

ideology over the public’s preferences. In nonsalient cases, by contrast, they propose that

the justices face an incentive to avoid decisions that draw public scrutiny in order to avoid

squandering public support on less influential or less politically important cases. Below,

we review CEW’s analysis and find strong support for their key claims. We also show,

however, that their estimation and interpretation of the error correction rates should be

revised to somewhat temper their conclusions about how fast Court decisions reflect shifts

in the public’s preferences.

The dependent variable in CEW’s first analysis is the percent of liberal decisions that

reversed the lower court’s ruling in each term. CEW do not report the time series prop-

erties of this variable, so we begin with an augmented Dickey Fuller test, which indicates

that we accept the null hypothesis that the dependent variable has a unit root (p=0.63).

Clearly the percent of liberal reversals is bound between 0 and 100, indicating that the se-

ries cannot have an infinite variance and thus is not integrated of order one. However, the

observed data behave as if they are (near-)integrated, so our next step is to look for evidence

of cointegration. We compare the t-statistic on the estimated error correction parameter

(−0.83
0.15

= −5.53) to the corresponding critical values in MacKinnon (2010) (−4.35) and find

evidence of cointegration.

The evidence that the dependent variable is (near-)integrated and that (near-)cointegration

is present suggests that the ECM was the appropriate model and we have a high degree of

confidence in the estimated relationships between the the public’s preferences and Supreme

Court outcomes. However, given that their analysis only includes 45 observations, we have

reason to believe that the error correction rate is biased. As explained previously, this bias

does not pose a problem for the cointegration test, but it does affect our interpretation of
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the magnitude of the error correction rate. To correct the estimated error correction rate,

we regress the percent liberal reversals on its lagged value. This yields an estimate of the au-

toregressive parameter of ρ=0.823. We subtract (ρ− 1), from the estimated error correction

parameter, which yields a revised estimate of −0.65. This value still implies a strong error

correction rate, but it is more than 20 percent lower than the previous estimate. We would

recommend reporting the unadjusted error correction rate with its standard error when re-

ferring to cointegration tests, but when discussing how fast the estimated long term effect is

expected to take place, we would rely on the adjusted value.

CEW’s final analysis did not find a statistically significant relationship between the pub-

lic’s preferences and salient Supreme Court decisions. The error correction rate of −1.27 they

obtained (Column 2 of their Table 2) suggests that the dependent variable in this analysis

may approach stationarity. Indeed, a DF test rejects the null of a unit root (p=0.002). Thus,

the magnitude of this estimate stems from the fact that the dependent variable behaves as

if stationary, not because of cointegration. CEW should not have interpreted their results

as if cointegration and long run equilibrium relationships were present. Interestingly, their

statistical estimates are not wrong—only their use of the language of long run relationships

needs to be corrected.

To understand why their results are correct, recall that we have noted throughout that

the ECM is appropriate with stationary data because the ADL and ECM are equivalent.

Table 4 illustrates this point. Column 1 perfectly replicates CEW’s salient case analysis.

The dependent variable is the change in the percentage of salient liberal decisions issued by

the Supreme Court during each term that reversed the lower courts’ ruling from 1956 to

2000. Public mood comes from Stimson (1999) and is a measure of public support for liberal

policy outcomes. Court Ideology reflects the Segal-Cover (1989) ideological scores for the

median justice on the Court. These data are based on a content analysis of editorials about

the justices during their nomination process. Social Forces (IV) controls for the social forces

that may simultaneously influence both the Supreme Court justices and the mass public.
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To generate this variable, CEW use an Instrumental Variable (IV) approach that regresses

a measure of the Court’s current ideological disposition (based on the Martin-Quinn scores

(Martin and Quinn, 2002)) on all factors thought to influence the pubic’s policy mood. This

regression is then used to generate predicted values of the Martin-Quinn scores, accounting

for the variation in the justices’ ideology that is associated with the social forces that influence

the public’s policy mood.

Column 2 estimates a General ADL model that includes both contemporaneous and

lagged effects. Because the ADL does not difference the dependent variable, estimating the

ADL is equivalent to adding the lagged value of the dependent variable (Percent Liberalt−1)

to both sides of the ECM. Thus, the coefficient on Percent Liberalt−1 in the ADL equals -0.27

instead of -1.27 in column 1. The estimates for Public Mood, Court Ideology, and Social

Forces (IV) at time t are identical to the estimates for these variables when differenced

in the ECM. The differences between Columns 1 and 2 at t − 1 may come as a surprise,

but these differences exist because the coefficients represent different quantities. In Column

1, the coefficients on the lagged predictors represent the combined effect of Xt and Xt−1

in the ADL. For example, if we add the estimates in Column 2 for Public Moodt and

Public Moodt−1 we get an estimate of 1.24 +−0.53 = 0.71 with an estimated standard error

of
√

1.812 + 1.462 + 2×−2.24 = 0.96 (where −2.24 is the estimated covariance between

Public Moodt and Public Moodt−1). This is the exact result produced by the ECM. CEW

were wrong to imply that equilibrium error correction was present, but their estimates were

identical to those they would have obtained if they estimated an ADL, which produces

accurate inferences with stationary data—as is the case here (Keele and Kelly, 2006).

Although our interest is in the ECM, instead of assuming the dependent variable is I(0)

and estimating the ECM or ADL, we also replicated CEW’s analysis using fractional differ-

encing methods. We first estimate an autoregressive fractionally integrated moving average

(arfima) model to estimate the fractional differencing parameter d for each variable. We then

24



Table 4: Replication of Casillas, Enns, and Wohlfarth Table 2, Column 2: The Determinants
of Salient Supreme Court Decisions, 1956-2000

ECM ADL Fractional
(Replication) Differencing

Percent Liberalt−1 -1.27* -0.27 –
(0.15) (0.15)

∆ Public Mood 1.24 – –
(1.81)

∆ Court Ideology 10.47 – –
(10.03)

∆ Social Forces 7.49 – –
(Instrumented MQ Scores) (8.03)

Public Moodt – 1.24 0.97
(1.81) (2.35)

Court Ideologyt – 10.47 12.80
(10.03) (12.11)

Social Forces (IV)t – 7.49 8.09
(Instrumented MQ Scores) (8.03) (11.55)

Public Moodt−1 0.71 -0.53 -0.39
(0.96) (1.46) (1.82)

Court Ideologyt−1 16.90* 6.42 -6.50
(5.73) (9.84) (11.62)

Social Forces (IV)t−1 9.20* 1.72 -3.80
(Instrumented MQ Scores) (5.09) (8.51) (11.75)

Constant 31.02 31.02 25.72
(58.32) (58.32) (80.60)

R2 0.64 0.63 0.16
N 45 45 45

The dependent variable represents the change in the percentage of salient
liberal decisions issued by the Supreme Court during each term, among all
reversals. ∗ = p <.05 (one–tailed tests), standard errors in parentheses. All
variables in Column 3 have been fractionally differenced.

use this estimate to fractionally difference each series.19 Column 3 presents these results. The

standard error of each estimate is larger than column 2. Furthermore, none of the coefficients

nor the total estimated effects (i.e., the coefficient at t plus t − 1) are statistically different

from zero. Given the prominence of the attitudinal model (Segal and Spaeth, 1993), which

19We began with a model that assumed no autoregressive terms (ρ=0) and no moving average terms (q=0).
We added an autoregressive or moving average term if doing so significantly improved model fit.
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demonstrates that justices’ votes and case outcomes are heavily influenced by the justices’

ideological predispositions, the imprecise estimates for the relationship between the ideology

of the Court and its salient decisions is surprising. Fractional differencing may be underpow-

ered to observe such relationships when T is small. Consistent with this conclusion, Lebo

and Weber (2014, 4) explain that, “estimates of d are less reliable as T drops.”20

The 1934 RTAA and Tariff Reductions

Our second example stems from the debate on the relationship between the 1934 Recipro-

cal Trade Agreement Act (RTAA) and subsequent reductions in tariffs in the United States.

The RTAA shifted authority over trade policy from Congress to the president, and as Hiscox

(1999, 669) explains, this shift seemingly “altered the nature of the policymaking process and

drastically changed the future course of U.S. trade relations.” Although scholars universally

agree that trade policy changed dramatically following the RTAA, the precise relationship

between the RTAA and these subsequent changes has been highly debated (e.g., Bailey, Gold-

stein and Weingast, 1997; Ehrlich, 2008; Ehrlich, 2011; Hiscox, 1999; Hiscox, 2002; Lohmann

and O’Halloran, 1994).

Our focus is on important recent work by Ehrlich (2008; 2011). Ehrlich proposes that,

relative to supporters of free trade, those in favor of protectionist trade policies are bet-

ter able to overcome the collective action problem because the benefits of protection are

concentrated on the industries receiving trade protection and the costs are dispersed across

consumers. Because of their ability to better overcome the collective action problem, Ehrlich

argues that protectionist interests will lobby more than free trade interests and that this lob-

bying advantage grows when there are more access points to the political system. Because

the RTAA reduced the number of access points by concentrating trade policy under the pres-

ident, Ehrlich hypothesizes that the RTAA reduced the lobbying advantage of protectionist

20Lebo and Weber (2014) suggest T > 50 as a rule of thumb for reliable estimates of d.
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interests, leading to trade policy more favorable to free trade interests.

Ehrlich’s work offers several tests of this argument, both cross-nationally and within the

United States (Ehrlich, 2007; Ehrlich, 2008; Ehrlich, 2011). We focus on one important test

that estimates a single equation ECM (Ehrlich, 2008, Model 1 of Table 1). The dependent

variable is the annual rate of tariff revenue from 1902 to 1988. This variable is calculated by

dividing tariff revenues collected by the government each year by the total value of imports

into the United States that year. An augmented DF test indicates that we cannot reject that

null hypothesis of a unit root (p=0.22) in this series. Ehrlich estimates an ECM in order

to evaluate the long-term relationship between the RTAA and tariff rates, where RTAA is a

dichotomous variable coded as zero until 1933 and 1 after. As Ehrlich explains, “the effect of

the RTAA (and the delegation it ushered in) should be in the long term as treaties are slowly

negotiated and renegotiated with individual countries and tariff levels gradually reduce over

time. In other words, the RTAA led to a new, lower equilibrium tariff level” (438-439).

However, the EC statistic (i.e., the t-statistic associated with the lagged dependent variable

in the ECM) offers no evidence of cointegration (t = −1.16), which means the ECM should

not have been estimated. It is important to emphasize that by not testing for cointegration,

Ehrlich was simply following accepted practice in the discipline. As we noted above, in recent

years fewer than 15 percent of political science articles have reported tests for cointegration

when estimating an ECM. In fact, Ehrlich justified his decision, noting, “as Beck (1991)

argues and DeBoef and Keele (2005) prove, ECMs can be used even when unit roots or

cointegration are not present” (438).21

One goal of this article is to clarify this line of reasoning. While the above statement

can be true, when the dependent series behaves as if it has a unit root (as is the case

here), cointegration must be established. Given the absence of cointegration, long memory

series on both sides of the equation should be differenced. One option would be to treat all

long-memoried series as if they are I(1) and first difference these series. Alternatively, long

21De Boef and Keele (2005) refers to an earlier version of De Boef and Keele (2008).
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memoried series could be fractionally differenced (as we did in Column 3 in the previous

example). However, by first-differencing (or fractionally differencing) all long-memoried

variables in the model, the analysis would no longer estimate a potential long-run effect

of the RTAA on tariff rates. Thus, to estimate the hypothesized long run effect, we add

an additional variable to the model. This variable is coded as 0 until 1933 and then the

variable values increase following a logistic function, initially increasing slowly, and then

rising until the values approach 1. This functional form is designed to capture Ehrlich’s

prediction that “treaties are slowly negotiated and renegotiated with individual countries

and tariff levels gradually reduce over time” (438-439). Figure 1 presents the tariff rate,

a dichotomous indicator which would capture an average shift in tariff reduction following

the RTAA, and our proposed variable designed to capture the hypothesized relationship

between the RTAA and tariffs. While we believe our long term RTAA variable captures

the theoretical predictions advanced by Erhlich, our primary aim is not hypothesis testing.

Rather, our intent is to illustrate how the hypothesized long term effects could be estimated

with a differences model.
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Figure 1: The Rate of Tariff Revenue, the onset of the RTAA, and an Approximation of the
Hypothesized Long Term Effect of the RTAA, 1902 to 1988

Figure 2 presents the estimated relationship between the RTAA and tariff rates from
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three statistical analyses (the full results appear in Appendix 5). The top estimate is based

on our replication of Ehrlich (2008, Table 1, Model 1). Ehrlich divides this estimate by

the coefficient on the lagged dependent variable and concludes, “The long-term effect of the

RTAA is a predicted 17 percent decrease in tariff rates” (439). We have two concerns with

this conclusion. First, because there is no evidence of cointegration, this long run multiplier

should not be estimated. Second, the absence of cointegration combined with the (near-)

integrated dependent variable indicates that the equation is unbalanced and we cannot rely

on standard t-statistics. The next two estimates come from the first differences model. The

negative and significant coefficient for RTAA (1934) indicates that the onset of the RTAA did

correspond with an average decrease in the change in tariff rates. Contrary to expectations,

however, the estimate for the long run effect of the RTAA is positive and significant. The

final two estimates come from a model which first fractionally differences the variables.22 We

again see a negative and significant estimate for the onset of the RTAA. The estimate for

the long term effect is now also negative, but the coefficient is imprecisely estimated.
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Figure 2: The Expected Average and Long Term Relationship between the RTAA and Tariff
Rates (1902 to 1988), Based on Three Separate Analyses

Our inability to find evidence of a long term relationship between the RTAA and tariff

rates should be taken lightly. First, as noted above, Ehrlich has provided substantial ad-

22We did not fractionally difference dichotomous variables or the variable capturing the hypothesized long
term RTAA effect.
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ditional support for his access point theory (Ehrlich, 2007; Ehrlich, 2008; Ehrlich, 2011).

Additionally, our primary goal was to show how long term relationships might be estimated

with a differences model. It is entirely possible that an alternate functional form could be

specified to better approximate Ehrlich’s predictions. Another estimation strategy would

be to directly model how the RTAA is hypothesized to influence tariff rates. For example,

Ehrlich expects the RTAA to influence tariff rates by decreasing the amount of lobbying by

protectionist interests. Although annual lobbying data may not be available (Hiscox, 2002,

143), such a measure might show evidence of cointegration. Given the importance of the

debate regarding the RTAA and trade policy, we hope those engaged in this literature will

continue this line of research.

Conclusions and Implications

Error correction models continue to be a theoretically important and widely applied

methodology in political science (e.g., Beck and Katz, 2011; Blaydes and Kayser, 2011;

Jennings, 2013; Layman, Carsey, Green, Herrera and Cooperman, 2010). While scholars

have correctly concluded that ECMs can be applicable to both stationary and non-stationary

data, there has been a great degree of confusion over how to correctly apply ECMs to near-

integrated and integrated data. De Boef and Keele (2008, 195) explain, “the only situation

where one would strongly prefer the ECM [relative to the ADL] is if the data are strongly

autoregressive.” This statement is not wrong, but we have added important caveats. A

more precise statement would be, one would strongly prefer the ECM if the data are strongly

autoregressive and near-cointegrated or integrated and cointegrated.23 This clarification offers

an important change to many recent applications of the ECM. In fact, the majority of recent

applications of the ECM in the top political science journals fail to test for cointegration and

many of those that do test for cointegration use the incorrect critical values.

23De Boef and Keele (2008, 195) also note that “If the data are integrated, an alternate form of the ECM
must be estimated so that no regressors are integrated.” Again, we would simply clarify that the ECM
produces correct inferences with integrated data if the series are cointegrated.
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The cost of failing to test the presence of cointegration can be high. Based on our

simulation results, however, we find that conducting a pretest to determine if Yt behaves as

if it contains a unit root and then testing for cointegration (with the correct critical values)

avoids the spurious regression problem. The proposed pretests do come with some cost,

leading to excessive Type II errors. Yet, provided the error correction rate is moderately

strong (i.e., ≤-0.4), the sample size is ≥ 60, or the long run relationship is moderately strong

(i.e., β > 0.3), the ECM correctly identifies true relationships in the DGP. These results

hold in the bivariate and multivariate context (See Appendix 6 for additional multivariate

simulations). Thus, we recommend that political scientists return to earlier practices (see,

e.g., Beck, 1992, 238) and ensure that Yt behaves like a unit root and cointegration is present

prior to estimating an ECM with long–memoried dependent series.

The phrase, “behaves like a unit root” is, of course, quite intentional. Unlike many

economic time series, in political science we often do not have theoretical reasons to believe

our series contain a true unit root. Theoretically and empirically, many series are, however,

long–memoried. We also know that when data are near-integrated they mimic the behavior

of a unit root when T is small (e.g., Banerjee et al., 1993, 96). We have argued that for

statistical analysis, it is the sample properties—not the asymptotic properties—of variables

that matter. Indeed, the ECM performed well in all of our simulations with near-integrated

data, as long as a DF test did not reject the null hypothesis of a unit root.

One potential concern of estimating an ECM with near-integrated data is that the error

correction rate, while still providing an accurate test of cointegration, will be biased in

a negative direction. Our simulation results demonstrate that as T increases, this bias

diminishes. When T is small or of moderate size (e.g., T≤60), we propose a correction,

by estimating the autoregressive component of Yt (i.e., ρ) and then subtracting (ρ-1) from

the error correction parameter. We also analyzed what we believe to be an under-studied—

but empirically common—scenario: when one predictor is cointegrated with the dependent

variable but another predictor is not. We developed the intuition for why this scenario
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should not pose a problem for spurious regression. Consistent with expectations, even if just

one predictor is cointegrated with the dependent variable, the ECM can be applied to data

where Yt behaves as if a unit root. This result helps illustrate the importance of the ECM

for a variety of time series applications in political science.

We also wish to emphasize the limits of these findings. First, we have focused on near-

integrated and integrated series, where the autoregressive parameter in the DGP ranges from

0.90 to 1.0. While the ECM performs quite well with these series when (near-)cointegration is

present, many political time series might be better characterized as fractionally integrated.

For such series, fractional integration techniques might be more appropriate (e.g., Clarke

and Lebo, 2003; Lebo and Clarke, 2000; Lebo, Walker and Clarke, 2000). Although our

replication of Casillas, Enns and Wohlfarth (2011) raised some questions about the small

sample properties of fractional differencing methods (see also, Lebo and Weber, 2014), it is

important to emphasize that the ECM is not appropriate with all types of data. Second, we

have focused on the case of one cointegrating vector. It is possible, however, that more than

one cointegrating vector exists between variables. When Johansen tests provide evidence of

more than one cointegrating vector, a system of equations, such as a VECM model, should

be estimated. Although we have demonstrated the appropriateness of the single equation

ECM when relevant conditions hold—and these conditions appear to hold both theoretically

and empirically in many political science applications—VECM and fractional integration

techniques should be utilized when necessary.
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Appendix 1 Bivariate Spurious Correlation Rates

The text reported rates of spurious regressions 3 to 4 times conventional levels of accept-
ability for the long run and total (LRM) effects of Xt on Yt. The tables below report the
full results from these simulations.

Specifically, Table A-1 reports the percent of rejections for the true null hypothesis (β1 =
0) for Xt when T=30, 60, and 100. In addition to reporting the proportion of spurious
regressions for no tests (Columns 1, 4, and 7) and for when we test for cointegration and the
time series properties of Yt (Columns 3, 6, and 9), we also report the results when standard
critical values are used with the EC test (Columns 2, 5, and 8). The high rate of spurious
relationships in these columns illustrates the importance of using the correct critical values
with the EC test.

We are also interested in the total expected relationship between Xt and Yt, often referred
to as the Long Run Multiplier (LRM) (e.g., De Boef and Keele, 2008). Table A-2, below,
shows that the problem of spurious correlations is more substantial when we examine the
LRM.24 We also find that we can obviate the spurious regression problem with the LRM if we
first establish that Yt behaves like a unit root and that (near-)cointegration exists between
(near-)integrated series.

24We estimate a LRM effect of Xt on Yt, which is denoted by LRM = β1

α1
, compute its variance, and

perform a t-test to examine if L̂RM is significant at the .05 level. The variance of L̂RM is derived from the
delta method and computed using the following formula (De Boef and Keele, 2008, 191):

(1/α2
1)V ar(β1) + (β2

1/α
4
1)V ar(α1)− 2(β1/α

3
1)Cov(α1, β1) (14)
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Appendix 2 Evaluating Spurious Regression when the

Memory of Yt Ranges from 0 to 1

This articles focuses on cases when Yt is near-integrated or integrated. However, we also
conducted additional simulations where we varied the memory of Yt (ρ) and the memory
of Xt (q) from 0 to 1 by increments of 0.1 for T=30, 60, and 100. Each simulation was
conducted 2,000 times. Figure A-1 plots the rate of spurious regression from these 363
experiments. Several results stand out.

First, looking at the dashed line, which corresponds to no pretests, we see that even when
T=30, when Yt is stationary (i.e., ρ ≤ 0.2) the spurious regression rate for the ECM is around
5 percent. These results strongly support the conclusions of De Boef and Keele (2008) and
others who argue that whey Yt is stationary the ECM produces correct inferences. Second,
we see that as the autoregressive component of Yt increases, the rate of spurious regression
increases. Importantly, across all autoregressive values of Yt and Xt, we see that first testing
whether Yt behaves as if it contains a unit root and testing that Yt and Xt are cointegrated
avoids the spurious correlation problem.
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Appendix 3 Estimated Error Correction Rates (α̂1):

Uncorrected, Corrected, and Fractional–

ECM

The text demonstrates that when Yt is near–integrated, although the estimated error
correction rate (α̂1) will produce correct inferences about the presence of cointegration, the
estimated rate of error correction will be biased downward when T is small. This results
because α̂1 includes the estimate of the true error correction rate as well as (ρ̂ − 1). The
text also mentioned a procedure to correct for this bias. In this section, we demonstrate this
procedure and report the results from a variety of simulations to illustrate the conditions
when the procedure is most likely to improve the estimates of the rate of error correction.
We also report simulations where we estimate Fractional Error Correction Models (FECMs).
Our aim was to test whether FECM techniques could produce more accurate estimates of
the true error correction rate. As we report below, in all simulations the FECM performs
worse than the adjusted and the unadjusted α̂1.

To see how well our adjustment procedure performs in alleviating the bias arising from
Yt’s deviation from integration, we use Monte Carlo simulations where the DGPs for Yt and
Xt are defined as follows:

Yt = ρYt−1 + α1(Yt−1 +
β1
α1

Xt−1) + ut,where ut ∼ iidN(0, 1) (A-1)

Xt = qXt−1 + εt,where εt ∼ iidN(0, 1) (A-2)

We vary ρ and q from 0.9 to 1.0 by increments of 0.05 and α1 from -0.4 to -0.1 by increments
of 0.1. The number of iterations for each simulation is set at 2,000. For each simulation, we
estimate the single-equation ECM, as defined in Equation 1, and examine if we can correct
for the bias in α̂1 by first regressing ∆Yt on Yt−1 to estimate ρ̂ and then subtracting ρ̂ − 1
from α̂1. Since α̂1 estimates (ρ− 1) +α1, subtracting (ρ̂− 1) from α̂1 should correct the bias
that results when ρ ≤ 1.

We also test how Fractional Error Correction Models (FECM) perform in estimating
the error correction rate when applied to the analysis of near-integrated or integrated data.
Our approach follows directly from Clarke and Lebo (2003). The FECM is defined in the
following equation:

∆dYt = α0 + αFFECMt−1 + βF∆dXt + et (A-3)

where ∆dYt and ∆dXt denote fractionally differenced Yt and Xt and FECMt−1 represents
fractionally differenced residuals from the cointegrating regression (Clarke and Lebo, 2003,
295,297). Clarke and Lebo (2003, 294) explain that, “as long as the residuals produced by
regressing one fractionally integrated series on another one are of a lower order of integration
than are either of the fractionally integrated series, those series can be said to be in dynamic
equilibrium and to fractionally cointegrate” (see also footnote 45). Thus, to test whether
fractional cointegration is present, we regress Yt on Xt and evaluate whether the order of
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integration of the resulting residuals is lower than the order of integration of Yt or Xt.
25 We

adopt ARFIMA modeling procedures to estimate the d parameter for each of the series and
fractionally difference them based on their own d values.26

Table A-3 presents the means of the estimated error correction rate for each model. Col-
umn 1 presents the rate of error correction without any adjustment. Our intuition regarding
the potential bias associated with near-integration in Yt seems to be correct. For T = 100,
ρ = 0.9, and α1 = −0.4, the means of the estimated error correction rates in the ECM range
between -0.51 and -0.52, consistent with our prediction that α̂1 is biased by 0.9− 1 = −0.1.
In contrast, the adjusted estimates range between -0.3 and -0.43. The adjustment improves
the estimate, but also appears to add a conservative bias, meaning we would be more likely
to underestimate the error correction rate. Based on this result, we suggest that this adjust-
ment only be made when T is small, which is when the bias in α̂1 is most severe. Tables
A-5 and A-7 (in Appendix 4 below) support this recommendation. These results show that
when there are multiple predictors the bias in the unadjusted α̂1 is relatively minor, espe-
cially when T > 60. Thus, when T < 60, scholars may want to report the adjusted α̂1

as described above, although they should be aware that this is not a perfect fix (given the
potential conservative bias of the adjustment).

As described above, as an alternate approach to estimating α1, we also estimated FECMs.
Column 3 presents these results. Both the original and the adjusted estimates of α̂1 from
the ECM consistently outperform the FECM estimates. In fact, all the error correction
estimates from the FECM are far from the true error correction rates—often positive when
they should be negative. It is not clear why the FECM performs so poorly, but it may relate
to the small samples (e.g., Lebo and Weber, 2014). Regardless of the reason, we believe the
inaccuracy of the FECM estimates offers an important topic for future research.

25In addition to this FECM approach, which Clarke and Lebo (2003) describe on page 294, on page
297 they also discuss estimating the error correction mechanism by regressing fractionally differenced Yt
on fractionally differenced Xt (instead of regressing Yt on Xt in levels in the first-stage regression). We
repeated all FECM simulations following this alternate approach (i.e., fractionally differencing Yt and Xt

prior to estimating the cointegrating relationship). With this approach, the mean value of α̂1 was farther
from the true value than the results reported in A-3. Although we do not report these simulation results
here, the code is available at http://thedata.harvard.edu/dvn/dv/ECM.

26We conduct the likelihood ratio test to see if the inclusion of an autoregressive term for AFRIMA
modeling procedures significantly improves the model fit. If it does, we include the autoregressive term for
ARFIMA modeling. We use the arfima command in Stata 13.
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Table A-3: Means of Estimated Error Correction Rates (α̂1)
Adjusted FECM

ρ q α1 α̂1 α̂1 α̂1

(1) (2) (3)
T=30

0.90 0.90 -0.1 -0.40 -0.24 0.32
1.00 0.90 -0.1 -0.30 -0.18 0.36
0.90 1.00 -0.1 -0.39 -0.27 0.23
1.00 1.00 -0.1 -0.23 -0.17 0.18
0.90 0.90 -0.4 -0.64 -0.33 0.04
1.00 0.90 -0.4 -0.56 -0.30 0.11
0.90 1.00 -0.4 -0.65 -0.39 0.07
1.00 1.00 -0.4 -0.58 -0.36 0.11

T=60
0.90 0.90 -0.1 -0.26 -0.16 0.58
1.00 0.90 -0.1 -0.16 -0.11 0.54
0.90 1.00 -0.1 -0.25 -0.19 0.34
1.00 1.00 -0.1 -0.13 -0.11 0.36
0.90 0.90 -0.4 -0.51 -0.29 0.01
1.00 0.90 -0.4 -0.43 -0.25 0.06
0.90 1.00 -0.4 -0.54 -0.39 -0.06
1.00 1.00 -0.4 -0.45 -0.33 -0.01

T=100
0.90 0.90 -0.1 -0.22 -0.14 0.53
1.00 0.90 -0.1 -0.13 -0.08 N/A
0.90 1.00 -0.1 -0.22 -0.19 0.58
1.00 1.00 -0.1 -0.11 -0.10 0.69
0.90 0.90 -0.4 -0.51 -0.30 -0.03
1.00 0.90 -0.4 -0.40 -0.26 0.06
0.90 1.00 -0.4 -0.52 -0.43 -0.04
1.00 1.00 -0.4 -0.43 -0.35 0.00
In this table, we present the means of esti-
mated error correction rates (α̂1) for all in-
stances where we find evidence of a unit root
in Yt and cointegration. For FECM, we re-
port the means of error correction rates for
all instances where we find evidence of frac-
tional cointegration. “N/A” indicates that
there was no single simulation where the se-
ries were found to be fractionally cointegrated.
The number of iteration for all simulations is
2,000.
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Appendix 4 Numerical Results for the Trivariate Cases

In order to save space, in the main text we do not report all the results. In the following
tables, we report our simulation results from all the permutations of different parameter
values that we examined. For Tables A-4—A-7, the columns labeled ECM correspond with
the results when we find evidence of a unit root in Yt and an EC test with the appropriate
MacKinnon critical values provides evidence of cointegration.

In Table A-4, we begin with the results from the trivariate case where there is no rela-
tionship among Yt, X1,t, and X2,t, as defined in Equations 9-11. We let the values of ρ, q, and
ξ vary from 0.9 to 1.0 by increments of 0.05. In Table A-5, we report the results from the
case where we introduce one cointegrating relationship that binds Yt, X1,t, and X2,t together
(as expressed in Equation 12). Again, q and ξ take the values of 0.9 to 1.0 by increments of
0.05 and α1 takes the value of −0.4 to −1.0 by increments of 0.1. Lastly, Tables A-6 and
A-7 report the trivariate cases where X2,t is cointegrated with Yt but X1,t is not. As stated
in the text, we set β2 = 0.3 in Equation 13. Once again, we vary q and ξ from 0.9 to 1.0 by
increments of 0.05 while letting α1 take the value of −0.4 to −1.0 by increments of 0.1. Table
A-6 tabulates the rate of spurious regression between Yt and X1,t (meaning that β1 is zero
in Equation 8), while Table A-7 tabulates the rate of correctly identifying the relationship
between Yt and X2,t with the true value of β2=0.3.

We also used simulations to evaluate the performance of fractional error correction mod-
els (FECMs). In Tables A-4—A-7, the columns labeled FECM report the frequencies of
finding evidence of fractional cointegration and a statistically significant effect of fractionally-
differenced X1,t variable on fractionally-differenced Yt. The results show that when no rela-
tionship exists between Xt and Yt, the FECM is even more conservative than the ECM. If the
goal is only to avoid finding spurious correlations, the FECM will suffice with near–integrated
and integrated data. However, we also want to avoid Type II errors. Here, the FECM does
not perform well. Tables A-5 and A-7 show that even when T=100 and α1 = −0.4, the
FECM typically fails to find evidence of a true relationship more than 70 percent of the
time. When T is < 100 or α1 is greater than −0.4, the Type II error rate is even greater.
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Appendix 5 Full Results for the Ehrlich (2008) Repli-

cation

Figure 2 in the text reported the estimated relationship between the RTAA and U.S.
Tariff Rates from three separate models (Ehrlich’s ECM, First Differences, and Fraction-
ally Differenced). Table A-8, below, reports the full results from these models. Column 1
replicates Ehrlich’s ECM. Because we do not see evidence of cointegration and because an
augmented Dickey Fuller test cannot reject the null hypothesis that the dependent variable
(tariff rates) contains a unit root, the model in Column 2 first differences all variables for
which we cannot reject the null of a unit root. Variables that behaved as if stationary were
not differenced. Column 3 presents the results of an analysis where we fractionally difference
all variables that were not dichotomous or trichotomous.27 As discussed in the text, RTAA
(Long Term) is a logistical functional form (see, e.g., Figure 1) to capture the hypothesized
long term influence of the RTAA on tariff rates. All other variables come from Ehrlich
(2008).

Table A-8: The Relationship between the RTAA and U.S. Tariff Rates, 1902 to 1988
ECM First Fractional

(Replication) Differences Differencing
∆ Tarifft−1 0.25 – –

(0.15)
Tarifft−1 -0.07 – –

(0.06)
∆ Unemployment 0.09* – 0.06

(0.04) (0.07)
∆ Inflation -0.65 – -0.12

(1.74) (2.34)
∆ Capital Labor Ratio -0.00 -0.00 -0.001*

(0.00) (0.00) (0.000)
∆ Terms of Trade 0.02 – 0.09*

(0.02) (0.03)
∆ Exports -0.41* – -0.97*

(0.12) (0.16)
∆ Protectionist Party Control -0.27 -0.08 0.02

(0.46) (0.51) (0.94)
∆ Protectionist Pres./Free Trader Cong. 0.25 0.38 0.19

(0.29) (0.42) (0.78)
∆ Free Trader Pres./Protectionist Cong. -0.94* -1.05* -0.08

(0.34) (0.48) (0.89)
∆ War -0.43 -0.48 -0.98
Continued on Next Page. . .

27As with previous fractional integration analyses, we conduct the likelihood ratio test to see if the inclusion
of an autoregressive term for ARFIMA modeling procedures significantly improves the model fit. If it does,
we include the autoregressive term. We use the arfima command in Stata 13.
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Table A-8 – Continued
ECM First Fractional

(Replication) Differences Differencing
(1.12) (0.52) (0.97)

GATT 0.13 – –
(0.12)

∆ GATT – 0.001 0.35
(0.446) (0.63)

RTAA -1.15* -1.64* -3.50*
(0.47) (0.39) (0.81)

RTAA (Long Term) – 1.05* -0.57
(0.37) (2.76)

Income Tax 0.82 1.78* -1.25
(0.78) (0.43) (0.75)

Unemploymentt−1 0.01 – –
(0.03)

Inflationt−1 -0.28 – –
(2.09)

Capital Labor Ratiot−1 -0.00 – –
(0.00)

Terms of Tradet−1 0.01 – –
(0.01)

Exportst−1 -0.15 – –
(0.11)

Unemploymentt – 0.01 –
(0.03)

Inflationt – -1.33 –
(1.32)

Terms of Tradet – 0.003 –
(0.012)

Exportst – -0.16 –
(0.09)

Constant 0.36 -0.64 19.05*
(1.29) (1.39) (3.79)

R2 0.45 0.62
N 87 87 88
Notes: Column 1 estimates NeweyWest robust standard errors with three lags
(Erhlich 2008, 439). Column 2 first–differences all variables for which we cannot
reject the null of a unit root. Column 3 fractionally differences all variables that
are not dichotomous or trichotomous. Thus, in Columns 1 and 2, ∆ indicates first
differencing and in Column 3, ∆ indicates fractional differencing. RTAA and RTAA
(Long Term) are never differenced. ∗ = p <.05 (two–tailed tests), standard errors
in parentheses.
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Appendix 6 Cases with More Predictors

To ensure that the trivariate simulations reported in the text generalize, we also con-
ducted simulations for systems where we doubled the number of predictors to four. The
main results are very similar to what we have obtained in the bivariate and trivariate cases.
In this section, we present the results from cases where we generate five series: Yt, X1,t, X2,t,
X3,t, and X4,t. Similar to our trivariate cases, the following situations are considered:

Case 1: The five series are all (near-)integrated and unrelated to each other.

Case 2: The five series altogether form one cointegrating relationship.

Case 3: Yt is (near-)integrated and (near-)cointegrated with one of the X’s.

In each case, we conduct 2,000 replications for the sample size T of 30, 60, and 100. For Case
1 where Yt, X1,t, X2,t, X3, and X4 are (near-)integrated and have no relationships amongst
themselves, this system is:

Yt = ρYt−1 + u1,t,where u1,t ∼ iidN(0, 1) (A-4)

X1,t = q1X1,t−1 + u2,t,where u2,t ∼ iidN(0, 1) (A-5)

X2,t = ξ1X2,t−1 + u3,t,where u3,t ∼ iidN(0, 1) (A-6)

X3,t = q2X3,t−1 + u4,t,where u4,t ∼ iidN(0, 1) (A-7)

X4,t = ξ2X4,t−1 + u5,t,where u5,t ∼ iidN(0, 1) (A-8)

We let ρ, q1, q2, ξ1, and ξ2 each take values of 0.9 or 1.0. We replicate the same procedure
as in the bivariate and trivariate cases examined in the text. The following single-equation
ECM is estimated for this system:

∆Yt = α0 + α1yt−1 + γ1∆x1,t + β1x1,t−1 + γ2∆x2,t + β2x2,t−1

+γ3∆x3,t + β3x3,t−1 + γ4∆x4,t + β4x4,t−1 + ε1,t
(A-9)

In Table A-9, we report the results for Case 1. That is, the rate of finding a spurious
relationship between Yt and X1,t (or a statistically significant β̂1) in the estimated ECM for
Equation A-9. We do not report the results for the rest of the predictors as the results are
mirror images of X1,t. The results indicate that our ability of avoid spurious conclusions
remains.
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Table A-9: Rejection Frequencies (%) for the True Null Hypothesis: β1 = 0 (Case 1)
Y X1,t X2,t X3 X4 T=30 T=60 T=100
ρ q1 ξ1 q2 ξ2 No Test ECM No Test ECM No Test ECM

(1) (2) (3) (4) (5) (6)
0.90 0.90 0.90 0.90 0.90 10.95 1.30 11.90 1.55 10.20 1.15
0.90 0.90 0.90 0.90 1.00 13.90 2.00 13.95 1.85 11.40 0.65
0.90 0.90 0.90 1.00 1.00 12.25 1.35 13.75 1.70 11.25 1.60
0.90 0.90 1.00 1.00 1.00 12.90 1.75 13.45 2.45 11.60 1.70
0.90 1.00 1.00 1.00 1.00 14.30 2.30 14.30 2.00 12.60 2.45
1.00 1.00 1.00 1.00 1.00 13.40 2.05 15.30 1.80 17.30 1.85
Notes: This table shows the rate of finding a spurious relationship between Yt and X1,t when
all the Xt variables are unrelated to Yt (Case 1). ECM uses the 5% MacKinnon critical
values of -4.119, -4.037, and -4.014 for T=30, T=60, and T=100, respectively, computed
from Ericsson and MacKinnon (2002). ρ, q1, ξ1, q2, and ξ2 correspond to the memories
of Yt, X1,t, X2,t, X3,t, and X4,t, respectively. In No Test, we do not conduct pretests for
cointegration or integration.

In Case 2, the DGP for Yt is modified as:

Yt = Yt−1 + α1(Yt−1 +
β1
α1

X1,t−1 +
β2
α1

X2,t−1 +
β3
α1

X3,t−1 +
β4
α1

X4,t−1)

+u7,t,where u7,t ∼ iidN(0, 1)

(A-10)

such that all five series constitute one cointegrating relationship. Just as in Case 1, we allow
the memory of the Xt variables to equal 0.9 or 1.0 and set α1 = (−0.1,−0.4) and β1 = β2 =
β3 = β4 = 0.3. Table A-10 presents the rate of correctly identifying the relationship between
Yt and X1,t in Case 2.

The results in Table A-10 reinforce previous findings. When T=100, the power of the
ECM to identify true relationships is close to or exceeds the expected 95%. When T < 100,
testing for integration in Yt and cointegration comes at some cost. Of course, the cost
depends on the strength of the relationship between the predictors and Yt and on the error
correction rate. As noted in the text, we have chosen conservative values for both of these
parameters in our simulations.
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Table A-10: Rejection Frequencies (%) for the False Null Hypothesis: β1 = 0.3 (Case 3)
Y X1,t X2,t X3 X4 T=30 T=60 T=100
α1 q1 ξ1 q2 ξ2 No Test ECM No Test ECM No Test ECM

(1) (2) (3) (4) (5) (6)
-0.1 0.90 0.90 0.90 0.90 32.71 2.55 82.29 35.88 98.45 87.63
-0.1 0.90 0.90 0.90 1.00 33.99 3.35 78.99 40.02 98.39 91.62
-0.1 0.90 0.90 1.00 1.00 30.01 3.31 78.82 40.97 97.95 93.50
-0.1 0.90 1.00 1.00 1.00 32.21 3.79 75.82 41.90 97.04 93.23
-0.1 1.00 1.00 1.00 1.00 35.97 3.42 85.36 47.75 99.53 95.83
-0.4 0.90 0.90 0.90 0.90 38.70 19.73 83.98 81.75 98.89 98.89
-0.4 0.90 0.90 0.90 1.00 40.56 19.96 83.57 81.91 98.55 98.55
-0.4 0.90 0.90 1.00 1.00 36.54 17.90 80.72 78.90 98.03 98.03
-0.4 0.90 1.00 1.00 1.00 38.69 18.92 80.46 78.22 97.75 97.75
-0.4 1.00 1.00 1.00 1.00 41.00 20.45 90.04 88.32 99.48 99.48
Notes: This table shows the rate of correctly identifying the relationship between Yt and X1,t

when Yt and all the Xt’s altogether form one cointegrating relationship (Case 2). ECM uses
the 5% MacKinnon critical values of -4.119, -4.037, and -4.014 for T=30, T=60, and T=100,
respectively, computed from Ericsson and MacKinnon (2002). q1, ξ1, q2, and ξ2 correspond
to the memories of X1,t, X2,t, X3,t, and X4,t, respectively. α1 is the error correction as
denoted in Equation A-10. In No Test, we do not conduct pretests for cointegration or
integration.

In Case 3, we introduce (near-)cointegration between Yt and X2,t. The DGP for Yt is
now re-defined as follows:

Yt =Yt−1 + α1(Yt−1 +
β2
α1

X2,t−1) + u6,t,where u4,t ∼ iidN(0, 1) (A-11)

where the DGPs for the other X’s remain the same as above. We then estimate the ECM as
specified in Equation A-9. We test how the presence of this (near-)cointegrating relationship
between Yt and X2,t may affect the frequency of finding a spurious relationship between Yt
and X1,t. We set α1 at -0.1 and -0.4 and β2 = 0.3. We let the memory of each Xt variable
equal 0.9 or 1.0. Table A-11 shows the rate of finding a spurious relationship between Yt
and X1,t (i.e., a statistically significant β̂1). Table A-12 tabulates the frequency of correctly

identifying the long-run effect of X2,t on Yt (i.e., a statistically significant β̂2).

Table A-11 shows that even when just one predictor is cointegrated with Yt and three
other unrelated (near-)integrated variables are included in the model, as long as we verify
that Yt behaves like a unit root and we find evidence of a cointegrating relationship, the rate
of spurious regression in the ECM is around five percent or less. Consistent with previous
findings, Table A-12 shows that the recommended statistical tests do come at some cost in
terms of identifying the true relationship. Adding three unrelated predictors to the model
makes it even more difficult to correctly identify the true relationship, especially when T
is small and the error correction rate is weak. This low power appears to be the cost of
avoiding spurious regression.
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Table A-11: Rejection Frequencies (%) for the True Null Hypothesis: β1 = 0 (Case 2)
Y X1,t X2,t X3 X4 T=30 T=60 T=100
α1 q1 ξ1 q2 ξ2 No Test ECM No Test ECM No Test ECM

(1) (2) (3) (4) (5) (6)
-0.1 0.90 0.90 0.90 0.90 10.10 1.20 8.50 2.80 6.55 3.75
-0.1 0.90 0.90 0.90 1.00 8.80 0.90 7.85 1.95 7.00 4.05
-0.1 0.90 0.90 1.00 1.00 9.10 1.35 8.75 2.00 7.25 3.80
-0.1 0.90 1.00 1.00 1.00 9.35 1.15 7.50 2.50 6.30 4.40
-0.1 1.00 1.00 1.00 1.00 9.45 1.65 7.55 2.95 6.50 5.25
-0.4 0.90 0.90 0.90 0.90 8.45 2.95 8.75 4.05 6.50 1.75
-0.4 0.90 0.90 0.90 1.00 9.20 3.65 8.00 3.85 7.70 1.65
-0.4 0.90 0.90 1.00 1.00 9.15 3.40 8.90 4.70 8.30 1.45
-0.4 0.90 1.00 1.00 1.00 10.20 4.25 7.80 5.80 6.20 4.95
-0.4 1.00 1.00 1.00 1.00 10.70 4.20 8.40 6.05 7.00 5.55
Notes: This table shows the rate of finding a spurious relationship between Yt and X1,t

when X2,t is (near-)cointegrated with Yt and the rest of the Xt variables are unrelated to
Yt (Case 3). ECM uses the 5% MacKinnon critical values of -4.119, -4.037, and -4.014 for
T=30, T=60, and T=100, respectively, computed from Ericsson and MacKinnon (2002). q1,
ξ1, q2, and ξ2 correspond to the memories of X1,t, X2,t, X3,t, and X4,t, respectively. α1 is
the error correction as denoted in Equation A-11. In No Test, we do not conduct pretests
for cointegration or integration.

Table A-12: Rejection Frequencies (%) for the False Null Hypothesis: β2 = 0.3 (Case 2)
Y X1,t X2,t X3 X4 T=30 T=60 T=100
α1 q1 ξ1 q2 ξ2 No Test ECM No Test ECM No Test ECM

(1) (2) (3) (4) (5) (6)
-0.1 0.90 0.90 0.90 0.90 39.51 1.95 85.41 11.55 98.61 39.56
-0.1 0.90 0.90 0.90 1.00 41.22 2.19 84.13 9.82 99.02 40.87
-0.1 0.90 0.90 1.00 1.00 39.43 2.61 82.54 10.02 98.81 38.31
-0.1 0.90 1.00 1.00 1.00 44.94 2.18 90.25 19.29 99.63 66.30
-0.1 1.00 1.00 1.00 1.00 42.47 2.79 89.43 16.77 99.63 65.53
-0.4 0.90 0.90 0.90 0.90 47.24 13.90 91.84 70.64 99.79 99.57
-0.4 0.90 0.90 0.90 1.00 46.52 15.35 94.20 74.14 99.77 99.32
-0.4 0.90 0.90 1.00 1.00 48.31 15.28 90.60 70.99 99.02 98.53
-0.4 0.90 1.00 1.00 1.00 51.69 17.98 94.96 77.80 99.87 99.54
-0.4 1.00 1.00 1.00 1.00 51.14 16.85 92.24 76.54 99.87 99.68
Notes: This table shows the rate of correctly identifying the relationship between Yt and X2,t

when only X2,t is (near-)cointegrated with Yt and the rest of the Xt variables are unrelated
to Yt (Case 3). ECM uses the 5% MacKinnon critical values of -4.119, -4.037, and -4.014
for T=30, T=60, and T=100, respectively, computed from Ericsson and MacKinnon (2002).
q1, ξ1, q2, and ξ2 correspond to the memories of X1,t, X2,t, X3,t, and X4,t, respectively. α1

is the error correction as denoted in Equation A-11. In No Test, we do not conduct pretests
for cointegration or integration.
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