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Abstract

The idea that certain economic variables are roughly constant in the long run is an old
one. Kaldor described them as stylized facts, whereas Klein and Kosobud labelled them
great ratios. While such ratios are widely adopted in theoretical models in economics as
conditions for balanced growth, arbitrage or solvency, the empirical literature has tended
to find little evidence for them. We argue that this outcome could be due to episodic failure
of cointegration, possible two-way causality between the variables in the ratios, and cross-
country error dependence due to latent factors. We propose a new system pooled mean
group estimator (SPMG) to deal with these features. Using this new panel estimator and
a dataset spanning almost one and a half centuries and seventeen countries, we find
support for five out of the seven great ratios that we consider. Extensive Monte Carlo
experiments also show that the SPMG estimator with bootstrapped confidence intervals
stands out as the only estimator with satisfactory small sample properties.
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1 Introduction

The idea that certain economic variables are roughly constant in the long run is an old one. |Kaldor
(1957, |1961)) described them as stylized facts and Klein and Kosobud (1961) labelled them great
ratios. Kaldor| (1957, p591) wrote: “A satisfactory model concerning the nature of the growth
process in a capitalist economy must also account for the remarkable historical constancies revealed
by recent empirical investigations.” He further noted that output per worker and capital per worker
have grown at similar rates, so the capital output ratio was roughly constant as was the share
of wages in national income and the return on capital. Klein and Kosobud also considered the
savings—income ratio, the velocity of money in circulation, capital per worker and the labor force
participation rate. Other variables thought to be constant appear in finance including the dividend-
price ratio, discussed by (Campbell and Shiller (1988).

Although there was some skepticism about these stylized factsE] they have been widely adopted
in theoretical models in economics and finance, and are often implied by a range of economic
theories regarding the conditions required for balanced growth, arbitrage, or debt solvency. |Jones
and Romer| (2010, p225) in a paper called “The New Kaldor facts,” take the old ones for granted.
They say: “Redoing this exercise nearly 50 years later shows just how much progress we have
made. Kaldor’s first five facts have moved from research papers to textbooks. There is no longer
any interesting debate about the features that a model must contain to explain them.”

The great ratios hypothesis has also prompted a large empirical literature, including recent
contributions by Miiller and Watson (2018), Kapetanios et al. (2020), and Harding (2020), who also
provides a survey of the literature. This empirical literature is less supportive of the hypothesis. As
Harding notes: “econometric tests reject the great ratios hypothesis but economic growth theorists
and quantitative macroeconomic model builders continue to embed that hypothesis in their work.”
Most, but not all, of these studies focus on individual countries and consider two variables, say
yr and x4, for instance the logarithms of the numerator and denominator, and investigate if their
difference, z; = y; — x4, is stationary over a reasonably long period. There are two approaches.

Firstly, one might estimate a long run coefficient 6 in y; = 0z; + u; and test whether § = 1.

!For example, Robert Solow in his classic book, Growth Theory, commented that there “is no doubt that they are
stylized, though it is possible to question whether they are facts,” |[Solow| (1970l p2).



Secondly, one might test whether the difference y; — x; is stationary, having neither stochastic
nor deterministic trendsE| Stationarity of y; — x; can be tested either using |[Dickey and Fuller
(1979) type tests or the KPSS test proposed by Kwiatkowski et al. (1992). Both of these two
testing approaches are known to have important limitations. Testing for unit roots tends to lack
power, particularly against highly persistent yet stationary alternatives. The KPSS test involves
estimating the long run variance of the partial sum series, s; = Zizl zr, which requires quite long
time series if the size of the test is to be controlled, particularly when z; is stationary but highly
persistent. A number of other studies treat y; and x; as unit root processes, or more generally
as first order integrated processes, I(1), and test whether they are cointegrated with a unit long
run coefficient, so that z; becomes stationary, or an I(0) processﬁ The cointegration approach
provides a better insight into the reasons behind the failure of the great ratios hypothesis, as it
separates the possibility of cointegration between y; and x; from the requirement of a unit long run
coefficient. For example, it is often found that logs of real income and consumption cointegrate
but their long run coefficient is not unity. Cointegration tests are more informative but suffer from
similar limitations to unit root testing.

The failure of unit root and cointegration tests in the analysis of long run relations is also
examined by Miiller and Watson (2018) and Kapetanios et al. (2020). Miiller and Watson find
that inference on long run covariability of 1y, and x; is complicated and critically depends on the
exact form of their long run persistence. Harding (2020)| argues that unit root and cointegration
tests cannot produce valid inference on the great ratios hypothesis, because of the nature of the
stationary distribution of the ratio.

In this paper we accept the critique of applying unit root and cointegration tests to the great
ratios hypothesis, but argue that a possible reason for this could be episodic failures of the error
correction mechanisms that bring y; and x; back to their long run equilibrium relationship. These
failures may be associated with major shocks such as wars, depressions, natural disasters, or impor-

tant policy failures. In consequence, y; and x; need not cointegrate over all time periods and across

2If there are deterministic trends in x; and y; they must be co-trending such that the trend cancels out for the
difference not to have a trend.

3There can be a long-run relationship whether the variables are both I(0) or both I(1) but it will only be a
cointegrating relationship in the I(1) case. When the variables are 7(0) they must be co-trending, the trends cancel
out, for the great ratios hypothesis to hold.



all countries. Such outcomes, which we call episodic cointegration, make it difficult to estimate the
long run coefficients with any precision from the relatively short-span time series that are typically
used for a single country. A panel data approach that considers the great ratios hypothesis across
many countries seems to be needed. With this in mind we considered most commonly used panel
approaches in the literature. We started with the pooled mean group (PMG) estimator of |Pesaran,
Shin, and Smith (1999) that allows for heterogeneous short run coefficients, whilst restricting the
long run coefficient to be the same across countries. This is particularly appropriate for the analysis
of the great ratios hypothesis which implies a homogeneous long run coefficient of unity across all
countries. The PMG also has the advantage of allowing the country-specific error correction coeffi-
cients, that govern adjustments towards the long run equilibrium, to be zero in some countries. The
PMG estimators can be applied whether the variables are integrated of order zero, I(0) or I(1). If
the variables are I(1) the long run equilibrium corresponds to a cointegrating relationship, which we
take to be the case for the great ratios. However, PMG being based on a single equation approach,
has the disadvantage that it cannot handle two-way long run causality. Breitung (2005)| modified
PMG to handle two-way long run causality, but unfortunately his two-step estimator breaks down
when there are non-cointegrating episodes in the panel under consideration. Similar limitations
also apply to the panel dynamic OLS (PDOLS) estimator proposed by Mark and Sul (2003), and
the mean group estimator based on country-specific |[Miiller and Watson (2018) estimates (MGMW
estimator, for short) that we shall be considering in this paper.

Using an extensive set of Monte Carlo experiments we show that none of the existing panel
estimators are satisfactory for two reasons. First, they all suffer from large size distortions in the
case of sample sizes that are typically available, even if their baseline assumptions are met. Second,
and more importantly, the assumptions that underlie them are too restrictive for the analysis of
great ratios, as they either require cointegration conditions to hold in all countries and/or the
direction of long run causality between y; and x; to be known. To overcome these drawbacks,
we propose a new system PMG estimator, or SPMG for short, that allows for two-way long run

causality and does not require the variables to be cointegrated in all countriesﬁ Under standard

4The SPMG estimator can also be viewed as a panel version of [Johansen (1991) maximum likelihood approach
where the cointegrating vectors, {8,,7 = 1,2,...,n} are assumed to be the same across all ¢ (8, = ). In this set up
Johansen’s reduced rank computational algorithm is no longer applicable and the estimates of the common long run
coefficients, B, and the n unit-specific error correction coefficients must be computed iteratively.



error cross-sectional independence the SPMG estimator continues to be super consistent in 7" (time
period) and converges to its true value at the rate of T~ 1012 where n is the number of countries.
However, cross-sectional independence assumption in unlikely to hold in practice and assuming it
could lead to artificially low standard errors. To achieve reliable small sample inference in the
presence of cross-sectional dependence of errors, we propose a bootstrap procedure, which performs
surprisingly well. Our Monte Carlo experiments show that the SPMG estimator with bootstrapped
confidence intervals stands out as the only estimator that meets all three robustness criteria (namely
two-way long run causality, episodes of non-cointegration, and error cross-sectional dependence) and
at the same time has satisfactory small sample properties.

In the empirical application we use the long-span data covering the period 1870-2016 for a panel
of 17 countries that has been made available in the Jorda-Schularick-Taylor (JST) macrohistory
database We focus on the SPMG estimator, but for comparison we also report estimates obtained
using PMG, PDOLS, Breitung’s estimator, and the MGMW estimator. We present estimates of
the mean long run coefficient for seven theoretical relationships. For consumption on GDP, the
SPMG estimator of the long run coefficient is 0.907 (0.884-0.930), with the bootstrapped 95%
confidence interval in brackets; for investment on GDP the long run coefficient is 1.044 (1.029-
1.059); for imports on exports the long run coefficient is 0.967 (0.961-0.973); for government debt
on GDP we have 1.051 (0.993-1.108); for short on long interest rates we obtain 1.010 (0.912-1.108);
for inflation on long interest rates 0.653 (0.419-0.888); and finally for inflation on money growth
1.227 (1.153-1.300). From a statistical perspective, with the exception of two ratios (debt-GDP and
long-short rates), all the remaining long run estimates are significantly different from one at the 5%
level. But given that the long run estimates are based on a large number of observations (147 years
pooled across 17 countries), perhaps it is not surprising that some of the point estimates that are
close to unity are still found to be statistically different from unity. From an economic perspective,
all but two (those involving inflation) are quite close to unity, with their point estimates falling
in the narrow range of 0.9 to 1.1. Of the seven long run relations considered we can confidently
conclude that our empirical results do not support the hypothesis of a unit long run relationship

between inflation and the long-term interest rate, and inflation and money supply growth. The

5See lJorda, Schularick, and Taylor (2017)| and [Jorda, Knoll, Kuvshinov, Schularick, and Taylor (2019), and the
link http://www.macrohistory.net/data.



remaining five long run relations tend to support the great ratio hypothesis, and their inclusion in
macroeconomic model seems to us to be justified.

The rest of the paper is set out as follows: Section [2]reviews the theoretical underpinnings of the
great ratios hypothesis. Section [3| reviews the econometric issues involved in testing of the great
ratios hypothesis, including the issue of episodic cointegration. Section [4] introduces the system
pooled mean group estimator and compares it with four other estimators. Section [5| summarizes
Monte Carlo evidence on the performance of individual estimators. Section [f] provides empirical
evidence for the presence of unit elasticities for seven great ratios using the different estimators,
and discusses the findings. Section [7] ends with some concluding remarks. Data Appendix provides

additional information on the datalf

2 Economics of the great ratios hypothesis

The great ratios hypothesis refers to ratios of non-stationary macro variables and postulates that
such ratios are stationary, even though the underlying variables are trended. This could arise when
macro variables are driven by common non-stationary factors, which could exhibit deterministic or
stochastic trends. The existence of such common drivers is often motivated by resort to long run
equilibrium economic theory. Three types of theoretical mechanisms have been suggested in the
literature: balanced growth, arbitrage or solvency requirements.

The first mechanism relates to the conditions required for the existence of steady states in growth
models. Within the deterministic neoclassical growth models with technical progress assumed
to be growing at a constant rate, steady states are defined along balanced growth paths that
require output, capital, investment and consumption to grow at the same rate, implying constant
consumption-output, capital-output and investment-output ratios. In stochastic settings these
ratios vary over time but must be stationarym Attfield and Temple (2010)| point out that the

equilibrium values of the great ratios depend on the structural parameters of the growth model,

®The paper is also accompanied by an online supplement, which provides the details of individual panel estimators,
including the proposed bootstrapping procedure and a detailed description of the Monte Carlo experiments with a
full set of Monte Carlo results.

"Deterministic models of growth were considered by [Solow (1956), |[Swan (1956), and [Barro and Sala-i-Martin
(1995), among others. Stochastic growth models were developed by Merton (1975), [Donaldson and Mehra (1983)
and [Binder and Pesaran (1999)| among others.



which may vary over time, and thus introduce further complications in the empirical analysis.

In the case of the stability of the share of wages discussed by |Cette et al. (2019), measurement
issues have been of central concern. It is not clear how the earnings of the self employed and top
CEOs should be treated, the earnings of the former containing a large wage component the latter a
large profit component. The treatment of residential real estate income can also make a difference.
When they correct for these biases they do not find a general decline in the labour share in their
sample of advanced countries though the behavior of the US labour share after 2000 presents a
puzzle. Barro (2021) argues national income accounts double-count investment, which results in
GDP overstating sustainable consumption. Barro shows the US labour-income share is reasonably
stable when computed using permanent income as opposed to a declining share based on GDP.

A second mechanism is through arbitrage where profitable opportunities due to market mis-
alignments are exploited, thus preventing large price distortions persisting. The arbitrage can
operate domestically and across countries through product and asset markets. The central issue
is that certain variables, like real wages and labour productivity, that underlie the labour share,
or stock prices and dividends, cannot diverge indefinitely. Even small differences in growth rates
blow up over the longer term. For example, the well known |Gordon (1962) model, derived under
the assumption that dividends grow at a constant rate, predicts a constant price-dividend ratio. A
stochastic generalization of Gordon model is proposed by |Campbell and Shiller (1988).

Another prominent example of arbitrage at work, is the Law of One Price that postulates that
prices of similar goods across countries must be the same when denominated in the same currency,
although in practice there are price deviations due shipping costs and volatility of exchange rates.
Similar arbitrage are expected to take place in the context of international bond markets where
in equilibrium interest rate differentials across countries should match expected exchange rate
depreciation. However, risks associated with trade and transactions costs may mean that the price
divergence has to be above a threshold level before it becomes worthwhile to trade. In addition,
the arbitrage conditions would apply to traded goods, while the price indices used include the
non-traded services sector leading to the Balassa-Samuelson effect that consumer prices tend to be
systematically higher in richer countries because of the larger difference in productivity between

the traded and non-traded sectors. Also due to low labour costs, services tend to be much cheaper



in poorer countries. In short, whether arbitrage can operate fully and in a timely manner becomes
an empirical issue and equilibrium arbitrage conditions need not hold in all countries at all times.

A third mechanism operates through solvency conditions which ensure that variables like bal-
ance of payments as a share of income and government debt as a share of output are stationary,
otherwise countries could accumulate debt with little likelihood of debt repayments. Solvency
conditions impose inter-temporal budget constraints. For governments, the inter-temporal budget
constraint requires that the market value of debt is equal to the present discounted value of ex-
pected future primary surpluses. However, as argued by Bohn (2007), solvency cannot be inferred
from the statistical properties of debt because the inter-temporal budget constraint and transver-
sality condition impose little restriction on the time series properties of the variables. |Chudik et al.
(2017)| show for a panel of countries that, while log public debt and income are I(1), they do not
cointegrate for around half of the countries considered. Even for those that cointegrate, there are

statistically significant departures from the unit elasticityﬁ

3 Econometrics of the great ratios hypothesis

Kaldor| (1957, [1961) did not provide much evidence for stability of the great ratios, beyond a
couple of casual references. Klein and Kosobud (1961) were more systematic, fitting linear trends
to logarithms of the ratios using U.S. annual data covering the period 1900-1953, and then testing
whether the trend coefficient was significant. As it is now well known, such tests are likely to be
misleading if the underlying variables are I(1). There is a further problem that there may be long
cycles, so that there appears to be a significant upward or downward trends over the estimation
sample, but such trends could be reversed if a longer time span is considered. The time period
considered by Klein and Kosobud covered two World Wars and the Great Depression and might
have biased the results against the great ratios hypothesis.

Pesaran and Smith (1998) note that the evidence for the cointegration of the logarithms of
consumption and income or of investment and income in the data from King et al. (1991) is quite

weak. Harvey et al. (2003) examine four ratios for the G7 countries. Mills (2009) analyses the

8They thus focus on short-run responses and show that the elasticity of debt with respect to output differs
depending whether the rise in output is due to a fiscal shock, when it is greater than one, or to a technology shock
when it is less than one.



Klein-Kosobud data using modern econometric techniques. Tropimov (2017) considers the stability
of the capital output ratio. All these studies question the long run stability of the great ratios.

Miiller and Watson (2018)| consider the analysis of great ratios from the perspective of long
run covariability between y; and z;, and argue that the problem arises due to lack of sufficiently
long samples and the fact that inference depends on the long run persistence properties of the
underlying variables. They argue that since different orders of integration yield statistics with
different probability distributions, inference on long run covariability critically depends on the exact
form of the long run persistence of the underlying series. But there is limited sample information
available to empirically determine the form of persistence. They suggest methods designed to
provide reliable inference about long run covariability for a wide range of persistence patterns.
Their estimation approach focusses on a relatively small number of low-frequency long averages of
the growth rates of the data to measure long run variability and covariability. They apply their
methods to various long run relationships. Lunsford and West (2017)| and Del Negro et al. (2018)
also use Miiller and Watson (MW) procedure to examine long run relationships. These studies
suggest that in terms of estimation the MW procedure does not add a lot over simpler methods,
but it provides methods for inference which are robust to the order of integration. The robustness
comes at a price, the confidence intervals attached to their estimates can be quite wide.

There are also well known problems with testing for unit roots, discussed in the introduction.
Stock and Watson (2017)| following [Elliott (1998)| emphasize that evidence for cointegration can be
very fragile in the case of departures from exact unit roots. Small deviations from a unit root can
cause large size distortions in cointegration tests. Harding (2020) also argues that the usual unit
root and cointegration tests produce invalid inferences about the great ratios hypothesis because
of the nature of the stationary distribution of the ratio. There are further problems with bounded
time series, such as ratios that lie between zero and one, Cavaliere and Xu (2014), Testing for
deterministic trends can also be problematic as shown recently by Elliott (2020)| who proposes a
new method for testing the coefficient of the linear time trend in regressions with highly serially

correlated errors.



3.1 Episodic cointegration

As noted in the introduction, there may also be episodic failures of the error correction mechanisms
that are supposed to bring y; and x; back to their long run equilibrium relationship, causing episodic
failures of cointegration in particular countries or time periods. This possibility has been discussed
by [Siklos and Granger (1997)| who proposed the concept of regime-sensitive cointegration whereby
the variables fall in and out of an equilibrium relationship and the underlying series need not be
cointegrated at all times. Cointegration is switched off when a common stochastic trend is added.
Psaradakis et al. (2004) consider Markov switching error-correction models where the speed of
adjustment to equilibrium could be different in different regimes.

To examine such episodic failure of error correction, consider two variables, z;; and y;;, which
might be the logarithms of the numerator or denominator of one of the great ratios, for country
i = 1,2,...,n over the period t = 1,2,...,7. We consider the following general error correction

equations for y;; and xitﬂ

p—1
Ayir = ayi— Gyilir1 + Z ¢;iZAWi,t—Z + uyit, (1)
=1

p—1
Azip = api — Guinlipo1 + O Wit AWis o+ Ui, (2)
/=1

where Ayt = Vit —Yit—1, Azit = Tit—Tit—1, AW = (Ayie, Azj)’, with the common error correction
term defined by

§i (05) = yir — Oizit — - (3)

The above system of equations is very general and allows for two-way short run as well as long run
feedbacks between y;; and x;;. Also by allowing the error correction coefficients, ¢,;; and ¢,;;, to
vary over time the above specification can also deal with episodic failure of error correction which
is the focus of this paper. Specifically, for some country-time episode 7;, error correction fails such

that

¢sz’7é07 fOI‘t¢7€
gbsit: y $ =Y, .
0, for t € T;

% Applications with more than two variables are beyond the objective of the current paper, which focusses on the
analysis of great ratios.



In the above set up, the great ratios hypothesis applied to w; = (s, ;) may fail because (i)
the long run coefficient is not unity, 6; # 1; (ii) there are trends or level shifts in the long run
relationship, p;, # 0; (iii) there is no adjustment, both ¢,;, and ¢,;, are zero (¢,;; = ¢, = 0). For
instance, [Kapetanios et al. (2020) assume 0; = 1, and show that for a number of ratios calculated
using recent UK data ;, is I(1) using a constant p;,, but 1(0) using a non-parametric estimate of

a slowly varying p;,.

4 System pooled mean group estimator

Since the null of the great ratios hypothesis is a homogeneous long run coefficient, namely 6; =
0 =1, for all i, we abstract from intercept shifts in the long run relations and set p; = 0 in .
But we allow for the short run coefficients to differ across countries. The objective is to estimate
0 and test Hy : 0 = 1, allowing for the fact that there may be episodic failure of error correction
such that ¢,; or ¢,; can be zero in some countries or some time periods. To do this we need an
estimator of 6 that allows for (i) two-way long run causality between x;; and y;; (ii) episodic failure
of error correction, namely ¢,;, = ¢,;; = 0 for some subperiods, 7;, and (iii) robust inference on
testing 0 = 1.

Since under the great ratios hypothesis the long run coefficients, 6;, are the same across coun-
tries, then the single-equation pooled mean group (PMG) estimator of |Pesaran, Shin, and Smith
(1999) is a natural starting choice. However, the PMG estimator applies if direction of long run
causality between y;; and x;; is known, and does not allow for two-way long run causality between
yir and x;;. The concept of long run causality is discussed in (Granger and Lin (1995) and |Pesaran,
Shin, and Smith (2001), and in the context of (1) and is defined in terms of ¢,; and ¢,;;.
Specifically, w;; (resp. yit) is said to long run cause y;; (resp. xit) if ¢, # 0 and ¢,;; = 0 (resp.
¢y = 0 and ¢, # 0). Two-way long run causality arises when ¢,;, and ¢,;, are both non-zero. It
is also worth noting that long run causality does not rule out short-term feedbacks from Ay, ;_,
¢=1,2,..p—1to Az (and vice versa). As can be seen from and lagged changes Ax; ¢,
¢=1,2,....,p—1 (resp. Ayjsr—¢, ¢ =1,2,...,p — 1) are allowed to influence Ay;; (resp. Az;). In
empirical analyses of great ratios it is particularly important that no assumptions are made about

the direction of causality, whether short run or long run.
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To simplify the analysis we assume the error correction coefficients, ¢,;; and ¢,;;, are time-
invariant and denote them by the 2 x 1 vector ¢, = (géyi,géxi)/. We allow for ¢; = 0 for some
countries. While our analysis can be extended to scenarios where there are cointegration failures
for some sub-periods of the same country, by considering each sub-period as if it relates to a new
synthetic country, we decided not to pursue this extension for two reasons. First, identification
of such sub-periods is not straightforward, and secondly the time series data available for many
countries is rather short and any sample splits can lead to biased estimates due to short sub-samples.
We also abstract from structural breaks in growth rates and set p;; = 0. Under these conditions

the system of equations - can be written as
Awy = —¢;8'wii—1+ Yiqu + wi, (4)

where wit = (yitr,zir)', B = (1,-0), i = (a;,¥;1,Pi0,.... Wi, 1), a; = (ayi,am), ¥y =
(@byw, 1,bm-g),, for =1,2,...p—1,qy = (1, AW, 1, AWy o,y Awgi_pﬂ)/, and Wi = (Uyit, Ugit)'
is a reduced-form error 2 x 1 vector with E(u;;) = 0, and E(uj,u;;) = X;, a positive definite co-
variance matrix.

To deal with two-way long run causality, [Breitung (2005) considers the 2 x 1 vector v, = 2;1@-
and assumes that v,¢, = ¢;E;1¢i # 0, for all 4. Then pre-multiplying both sides of by «, he
obtaind™]

& Awy = — (¢ ¢,) Bwin—1 + &5 Y + &2 M uy,

which in turn yields

zit = —B'Wis1 + ¢LE I iqu + Vi, (5)

where z; = (d);E;lgbz) gb;E-_lAwit, and vy = (¢£2;1¢i)71 ¢;2;1uit. Under the normalization

(2

B = (1,—0), the above equation can be written equivalently as
+ /
Zig = Q:I:i’tfl + K;q;t + Vi, (6)

where z;} = (qng;lqﬁi)*l ALE T AW+ yi -1, and K; = q&éE;lTi Initial estimates of ¢, and X;

10Breitung considers a more general set up where there are k > 2 variables and 0 < 7 < k cointegrating relationships.
' Abstracting from higher order lags, and from deterministic terms, equations and @ correspond to equations

11



are estimated from the first step regressions for each cross section unit not imposing homogeneity
of 6 (using Johansen or Engle-Granger approach), while pooled 0 is estimated from the second stage
(EI}. The inversion of (gAb;f}_l(;b2> may however be problematic for some units that do not have a
long run relationship, namely when ¢, converges (in probability) to a zero vector. This is why the
two-step Breitung’s estimator is not robust to absence of cointegration in some cross section units.

To deal with cointegration failure we propose an alternative extension of PMG, that we call
system PMG (SPMG), which can handle the two-way long run causality, allows for possible coin-
tegration failure for some countries, as well as being capable of accurate inference even when errors
are cross-sectionally dependent and heteroskedastic (across both i and t). Specifically, we allow for
two-way causality without needing to use the inverse of &;2*1&51 The PMG estimator was derived
by maximizing the log-likelihood of y;; conditional on x;, assuming that ¢,, = 0. Here we follow
the same likelihood approach but maximize the system log-likelihood function for w;; given by the
model , allowing for one or both elements of ¢, to be zero for some .

Under Gaussian errors, the log-likelihood function for unit ¢ conditional on the initial observa-

tions w; 1, W; 2, ..., W; , is given by

Lir(0,603) =~ Pn(an) 4 (1 p)n [

1 T
/I 51—1
—5 E u;, X uyy,
t=p+1

where u;; (0, ¢;) is defined by (4]) which we write more compactly as
i = Awi + @& 1 (0) — Yiqa,

with the error correction term, &;; () = yix — 0z;. Concentrating out the effects of short-term

dynamics (represented by q;;) and pooling the individual log-likelihood functions under error cross-

(3) and (6) of Breitung (2005)| for k = 2, and r = 1.
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sectional independence, we now obtain the following the concentrated system log-likelihood function

Ln,T (97 P, 2) = _(T—2]7)TL In (27‘() + (T — p) Zln }2;1}
1 n T =
=520 D Wi (0,¢) I (0. 40). (7)
i—1 t=p+1

where ¢ = (¢, @by @))'s X = (X}, Lhy o, XL, and B = (21,5s,...,5,), and i (6, ¢;) are

row-vectors of U; = [{; p11 (0, ¢;) T2 (6, ;) , .., Wi (6, ;)] given by
Ui = Ui (0,¢) = H; [AW; + &, (0) 9], (8)

inwhich & 1 (0) = [£p (0) & ps1 (0) s s &iro1 (O))'s AW, = (AWi i1 AW o, oo, Awyr)', Awyy =
(Ayi, Aziy)'. H; is orthogonal projection matrix given by H; = Ir—, — Qi(QlQ;)'Q/, where Q;
is matrix of observations on q;;, namely Q; = (Qip+1, Dip+2, -+ qLT)'.

Following this approach, the first order conditions for 6, ¢;, and 32; imply the following implicit

solutions for MLE estimators, 9, q?)z and 3;:

n -1 n
|35 a) x| S (W) S8 O
=1 =1
b=~ [€ 1 () HE _, (0)] T AWIHLE, , (9), (10)
and
Si= (T —p) [AWi+ &, (0) 3] B [aWi ¢, 0) 3] (11)

! ! . s s .
where Xi—1 = (x,-p, Tiptly ey x@T_l) y Yi—1 = (yipyyi,p+la ceny yi,T—l) . Given an initial estimate of

0, say @(1), initial estimates (2)1(1) and 2@(1) can be computed using and . The estimates

~(1
"

convergence.

- A (2
and 251), can then be used to updated the estimate of 0, say 0( ), using @), and so on until

Note that (2)1 (and f];l) effectively act as weights in @) Specifically, when <Z>Z —p 0 for some 4,
then the contribution of this unit to the pooled estimate of 6 in @) will be negligible, and tends to

zero as 1" — oo. This is why SPMG continues to be applicable even if y;; and z;; do not cointegrate
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for some (but not all) units. In addition, SPMG is invariant to the ordering of the variables, whilst
the two-step version of |Breitung (2005)|is not. More formally, following the literature, assume that
u;; are independently distributed over ¢ and ¢, with mean 0 and finite positive definite covariances,
3, (specifically 0 < ¢ < Apin (25) < Apaz (i) < C < 0), and wy; ~ I(1) for all 4, but allow a
number of error correction vectors, ¢;, to be zero (non-cointegrating). Specifically, without loss of

generality, suppose that

Pip; > 0,fori=1,2,..,m, (12)

¢, = 0, fori=m+1m+2 ..n. (13)

Using standard results from the literature we have ¢; = ¢; +0,(1), and =7 = 271 4 0,(1), an
H; (AWz‘ + Yi,—1<2>;> =H; (U; — OoH;x; _19}) + 0p(1).
where 6 is the true value of 8. Using these results in @ it now follows that

nl/2T ((9 - 90) = — Quianr + 0p(1), (14)

where

n n T
Qnr =n~1 Z (qb;E;lqﬁZ) (T_2x;7_1Hixi7_1) ,and g, =n"1/? Z (T_l Zfr}i’t—lu;t> Ei_lq.’)i.
i=1 i=1 t=1
(15)
Under cross-sectional independence, and certain regularity conditions concerning the moments of
w;;, it then follows that nl/2T (é — 9) tends to a Gaussian distribution so long as @, tends

to a non-zero limit as n and T" — oco. Since wj is a unit root process, then T _2xg
7

i Hix
converges to a stochastically bounded and strictly positive random variable, and it is sufficient that

n~t Yoy (]_')22;1@- also converges to a non-zero limit. Under and we have (note that by

2See, for example, [Pesaran, Shin, and Smith (1999)| and Breitung (2005), and the references cited therein.
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assumption \pa. (3;) < C < 00)

Y ermte = (1) lmliﬁzzl@
i=1

i=1

> (1/0) (T) (m i«p;@-) ,

and @, tends to a non-zero limit as n and m — oo, if m/n =1 — m > 0, where 7 is the fraction
of units that are not cointegrating. Therefore, under regularity conditions typically assumed in
the literature, the SPMG estimator of 6 can be viewed as a quasi-ML (QML) estimator which is
asymptotically normal and converges to its true value at the rate of T\/m. The convergence
rate of SPMG estimator in terms of n and T is not affected by a non-zero 7, so long as 7 is not
too close to unity. However, in practice the effective number of units in the panel is discounted by
the proportion of non-cointegrating units.

We carry out inference using conventional standart errors (assuming error cross-sectional in-
dependence), robust standard errors (allowing for arbitrary error cross-sectional dependence), and
bootrstrapped confidence intervals, outlined in Sections and [S.2.3] of the online supplement.

There are also a number of time series estimators of unit-specific cointegrating vectors, such
as the original Engle-Granger, fully-modified OLS, dynamic OLS, and ARDL as well as system
estimators like Johansen that can be used to investigate the empirical validity of the great ratios
hypothesisE These estimators can be averaged across countries to yield corresponding mean
group (MG) panel data estimators originally introduced in Pesaran and Smith (1995). This will
not only reduces country-specific sampling errors, but also allows the calculation of non-parametric
standard errors directly based on the individual estimates, which are robust to serial correlation
and heteroskedasticity at the individual country level, avoiding complicated inference problems.
Furthermore, as shown in |(Chudik and Pesaran (2019), the MG group procedure is valid if the error
cross-sectional dependence is weak. However, the MG estimator requires that all country-specific
estimators are consistent, a condition which will not be met when the cointegration condition does
not hold for some of the units under consideration. To ensure that all units being considered are
in fact cointegrating involves pre-testing and is subject to further complications. For these reasons

we focus on PMG and system PMG estimators, and to deal with the possibility of strong error

3 See [Engle and Granger (1987)) [Phillips and Hansen (1990)| Johansen (1991)| [Stock and Watson (1993)} [Phillips
(1995), and |Pesaran and Shin (1999)!
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cross-sectional dependence we propose a bootstrap algorithm, with details provided in the online

supplement.

5 Monte Carlo evidence

In this section we investigate the finite-sample performance of alternative panel estimators of long
run relationships, and accuracy (confidence interval coverage rate) of tests of the common long run
coefficient which is of interest in the analysis of great ratios. As noted already, the focus of our
Monte Carlo experiments is on (i) robustness of the estimators to possible failure of cointegration
in the case of some units, (i7) the ability of the estimator to perform well regardless of the direction
of long run causality, and last but not least (iii) the robustness of inference based on the long
run estimates to heteroskedasticity and cross-sectional error dependence. This section provides
summary of Monte Carlo findings. The full account of these experiments is presented in the online

supplement.

5.1 Summary of data generating process

We generate wi; = (yit, i)' using a VAR(2) model, which we write in the error-correcting repre-

sentation as

Ayit = ayi — Gy (Yit—1 — 0%i1—1) + Vi AYi -1 + Vi ATi -1 + Uit

Axit = azi — Gpit(Yit—1 — 0Tit—1) + Vi AYit—1 + V0 ATip—1 + Usis.

The coefficient of interest is 6, the long run coefficient, which we set equal to one. When the
error-correcting coefficients ¢,;; # 0 and ¢,;; = 0, there is a long run relationship with long run
causality from z to y, which we denote as © — y. When both ¢,;;, ¢,;; # 0 the long run causality
runs both ways, which we denote as « < y. Initially, we consider data generating processes (DGP)
where the direction of long run causality is from = to y (x — y) and set ¢,;; = 0 for all 4,¢, and
generate ¢,;; to be non-zero except for a number of non-cointegrating episodes with durations that

vary from a minimum of 10 periods and a maximum of 7" periods (namely the full sample). This
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is achieved by setting

0, forteT;
¢yit = )
¢yi? for ¢ ¢ 7-1:

where ¢,; ~ IIDU (0.1,0.25) and 7; denotes the set of non-cointegrating episodes for unit 7, with
each episode having duration T;. With probability (1 — ), we set T; = 0 (namely 7; = ), and
with probability 7, we draw T; uniformly from the set of integers {10,11,...,7}. The start of
non-cointegrating episodes in 7; is also generated stochastically. In experiments where z < 1y,
we generate ¢,;, similarly to ¢,;,, namely using the identical index sets 7;, and generate ¢,; as
¢y ~ IIDU (—0.15,—0.05). The parameter m is a key parameter controlling the occurrence of
non-cointegrating episodes. We consider m = 0, the benchmark case without any non-cointegrating
episodes, m = 0.05 when there are non-cointegarting episodes but with low occurrence, and = = 0.2
where the episodes of non-cointegrating periods occur relatively frequently.

Another key aspect of our design is the strength of error cross-sectional dependence which has
importance implications for inference, in particular. We consider three options, the independent
case, where w;; = (uyt, um)' is independent of uj; for all 7 # j , and two cross sectionally correlated
cases with spatial and latent factor dependence. Specifically, we consider a spatial autoregressive
model (SAR) and a mixed spatial factor model. We set the spatial autoregressive parameter to 0.6,
and allow the factors to be strong. In all cases, u;; are generated allowing for non-zero contempora-
neous covariances, Cov (uyit, Ugit) # 0, using both Gaussian and non-Gaussian error distributions,
to check the robustness of different estimation methods to departures from Gaussianity/]

In total we consider 36 different experiments, spanning the choices of (a) m (probability of
episodic non-cointegration), (b) the direction of long run causality, (c) error cross section depen-
dence, and (d) error distributions. For each experiment we consider 16 pairs of sample size com-
binations obtained from 7" € {50,100, 150,200} and n € {30,50, 100,200}, and use Ry;c = 2000
replications to obtain the results. Among the choices of (n,T'), the smaller values are relevant
for typical empirical applications in economics, whereas the larger choices of (n,T') are interesting
from an econometric perspective as they shed more light on the consistency, validity of asymptotic

standard errors, and the relative importance of n and T" dimensions. We consider five estimators

MFurther details are provided in the online supplement, where a full description of DGP for error processes can be
found.
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outlined below.

5.2 Five estimators

We consider the PMG estimator by Pesaran, Shin, and Smith (1999)| (with asymptotic inference
or with bootstrapped inference outlined in online supplement), and the system PMG estimator
outlined above. The third estimator is mean group estimator based on individual Miiller and
Watson (2018) estimates. In particular, we split the sample period into ¢ non-overlapping sub-
samples of (approximately) equal size, where ¢ is treated as fixed as (n,7T") changes. We then take
simple temporal averages for each of the subsamples, and average individual cross-section specific
least squares estimates computed using the sample of g temporally averaged periods. We refer to
this estimator as MGMW. Due to temporal averaging, this estimator has the potential to be quite
robust. However, the inference based on the conventional heteroskedasticity and serial correlation
robust standard errors need not be robust to strong cross-sectional dependence of errors@ The
fourth estimator included in this study is two-step estimator by Breitung (2005), and the fifth
estimator is the off-the-shelf popular panel dynamic OLS (PDOLS) estimator by Mark and Sul
(2003). We do not make any modifications to PDOLS estimator and its inclusion in this study
is for completeness and for the comparison purposes. PDOLS need not be robust to episodes of
non-cointegration and/or cross-sectionally correlated panels, but it is an important benchmark in

the literature[©]

5.3 Summary of Monte Carlo findings

We begin with reporting the results for the baseline case in Tables 1 and 3 where the errors are
cross-sectionally independent and Gaussian, the long run causality is known to run from x to y,
and there are no episodes of non-cointegration. In this case we expect all five estimators to work
reasonably well. Focusing on the sample size combination closest to our empirical applications,
namely 7" = 100, and n = 30, the best RMSE value of 0.0164 is achieved by PMG estimator,
followed closely by SPMG with RMSE of 0.0174, two-step Breitung with RMSE of 0.0190, with

5Details of the different estimators and their implementation are provided in the online supplement.
16 Additional panel estimators in the literature are the panel Fully modified OLS (FMOLS) estimator by [Pedroni
(2001)| and the recently introduced panel Bewley estimator by |(Chudik, Pesaran, and Smith (2021)|
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RMSEs of the remaining estimators quite a bit higher, falling in the range 0.0223 to 0.0419. (See
Table 1) From an econometric perspective, a difference in RMSE of over 150% between the worst
(MGMW) and the best (PMG) estimators is large. From an economic perspective, however, even
the worst RMSE is rather small and all five estimators yield reasonably precise estimates of the long
run coefficient in the baseline experiments. A similar ordering of the five estimators is obtained
when we consider bias, except for the SPMG which now has the smallest bias followed by PMG. The
results also show the importance of the 7" dimension for the performance of all the five estimators.

The 95 per cent coverage rate for the different estimators of the long run coefficient are reported
in Tables 1 and Table 3. For (T' = 100, n = 30) sample size the simulated coverage rates vary from
70.9% (for PDOLS, p = 1, in Table 1) to 93.8% - 94.3% (bootstrapped confidence intervals of the
PMG and the SPMG reported in Table 3). Bootstrapped inference reported in Table 3 appears
to be uniformly better than the conventional alternatives reported in Table 1E While for the
values of T' > 100, coverage rates are reasonably good, this is not the case for T' = 50, where the
conventional confidence intervals are in the range of 8.5% to 82.9%.

Consider now the most “demanding” experiment under which we allow for non-Gaussian and
cross-sectionally correlated errors with both spatial and factor dependencies (denoted as factor +
SAR), two-way long run causality, and 7 = 0.2 (a relatively high occurrence of non-cointegrating
episodes). The results of this case are summarized in Tables 2 and 3@ The SPMG (with boot-
strapped confidence intervals in Table 3) emerges as the only reliable estimator and is therefore a
clear winner. It is also the only estimator without serious bias. For T' = 100, and n = 30, its bias
is only 0.0005 compared with the range of -0.0361 to -0.0087 for the other estimators. Similarly
the RMSE value of SPMG estimator at 0.0140 is substantially smaller than the RMSE obtained
for the other estimators, which are 0.0172 for PMG, 0.0518 for MGMW, 0.0628 for two-step Bre-

itung estimator, and 0.0537, 0.0551, 0.0617, for PDOLS(1,4,8). The worse performing estimator is

1"We have also considered a robust alternative to the conventional estimator of SPMG variance, outlined in equation
(S.26)) in the online supplement, and its thresholding version . While the robust standard errors work very well
for T' = 200, regardless of cross sectional dependence (and for all our choices of n, see Table S38), they suffer from the
same small sample drawbacks as the conventional standard errors. Bootstrap SPMG confidence intervals performed
the best in all Monte Carlo experiments.

'8 Summary results for all other experiments (between these two extremes reported in Tables 1-4) are provided in
the online supplement. Findings presented in the supplement suggest that non-Gaussianity does not have significant
influence on the results. This suggests that the distributional form of the errors is unlikely to be of great important
in practice.
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the two-step Breitung estimator which is primarily due to the fact that 20% of the cross-section
units in these experiments are not cointegrating, and this is not allowed under this estimator. The
need to bootstrap for accurate inference is again confirmed by the 92.3% coverage of the SPMG
bootstrapped confidence interval compared with the conventional coverage of only 64.3%. Coverage
rates of the remaining estimators are poor, and fall in the range 54% to 88%.

While no Monte Carlo exercise, regardless of how extensive or carefully designed, can guarantee
the reliability of any particular estimator in real datasets, it can illuminate lack of robustness
or other problems in a controlled setting containing features thought to be found in real world
data. As is well known, confidence intervals designed for cross sectionally independent errors are
invalid when errors are in fact cross sectionally dependent, and the seriousness of this problem is
clearly documented by the detailed Monte Carlo results in the online supplement. In addition,
while it is not guaranteed that confidence intervals that are robust to cross section dependence will
perform well in practice, the bootstrapped confidence intervals adopted in this paper had rather
good coverage rates.

Tests indicate that cross section correlation of residuals is clearly present in the data used in this
paper. The other two aspects of our design - two way causality and the existence of non-converging
episodes - cannot be as easily validated, but are both plausible a priori. Thus it is reassuring to
have estimators that are robust to those features.

We also considered the small sample properties of the MG estimators based on Johansen and
ARDL individual country estimates, but found that they did not perform well as compared to the
pooled approach, particularly when compared to the system PMG estimator. As is well known, MG
estimators requires the underlying individual estimates to have finite moments, and this condition
does not hold in general. This was found to be the case when we used country-specific Johansen’s
estimates.

We also considered a number of other approaches to deal with non-cointegrating episodes. Given
the long span of our data and the possibility of no cointegration during particular episodes we tried
averaging estimates over sub-periods within each cross-section unit. We also tried pre-testing
whereby we first tested for cointegration before including the estimate when computing the MG

estimator. After considerable investigation, we found out that splitting sample into subperiods,
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does not seem to be beneficial, because (as the Monte Carlo experiments show), having a large
T dimension is crucial for estimation and inference. There was mixed evidence on the value of
pre-testing for the existence of level relationships. Pre-testing is not required for PMG and system
PMG estimators since the individual estimates are weighted by the magnitude of error-correcting

coefficients, which makes them robust to non-cointegrating units.

6 Empirical evidence

In the empirical application, we estimate pooled long run coefficients for seven bivariate relation-
ships using a panel of 17 countries over the years 1870-2016 from the Jorda-Schularick-Taylor
macro-history database. The relations are: (1) the logarithms of real consumption per capita and
real GDP per capita; (2) the logarithms of investment and GDP; (3) the logarithms of imports
and exports; (4) the logarithms of public debt and GDP; (5) short and long interest rates, (6)
inflation and long interest rates; and (7) inflation and money growthF_g] In each case we estimate
the long run coefficient and its 95% confidence interval. While the dynamics of adjustments might
differ across countries, the great ratios hypothesis implies that the long run coefficient will take a
common value of unity. Details of the data and variables are given in Data Appendix. Except for
the export-import relationship, these pairs overlap with those considered by MW. They use a 68
year post-war US sample and consider data on some other variables including unemployment, total
factor productivity, stock returns, dividends and earnings.

We consider the same estimators investigated in the Monte Carlo section. Regarding the PDOLS
and its corresponding Monte Carlo evidence on negative consequences of a too short lead/lag
order, we only consider the longer lead and lag orders, p = 4 and 8. The estimators reported
below are (1) PMG, the Pooled Mean Group estimator of Pesaran, Shin, and Smith (1999); (2)
SPMG; (3) MGMW, the mean group estimator based on Miiller and Watson (2018) country-
specific estimates, using temporally aggregated data into ¢ = 5 sub-periods; (4) the two-step
Breitung (2005) estimator; (5) PDOLS, p = 4 is the panel dynamic OLS estimator by Mark
and Sul (2003)| using 4 leads and lags; and (6) PDOLS, p = 8. For the PMG and SPMG two

sets of confidence intervals are provided, asymptotic and bootstrap, for the other estimators only

198¢trictly the last three relationships are not ratios as such, but their long run constancy is often assumed.
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asymptotic confidence intervals are given. More details can be found in Sections of the
online supplement.

We use the largest available balanced panel for each pair of variables, as described in Data
Appendix. The number of countries (n) ranges from 14 (investment) to 17 and the number of time
periods (7") from 121 to 143 years.

Other than the SPMG the estimators are not invariant to normalization and like [Miiller and
Watson (2018)| we provide estimates assuming under both long run causal ordering, namely éy‘m
and 9x_y. Only in the case of SPMG one estimator is exactly the reciprocal of the other, namely
%,Iéx‘y = 1. This property does not hold for other estimators that depend on whether ¥, is
regressed on xy or vice versa.

The pooled estimates of the long run coefficients together with their 95% confidence intervals
are summarized in Table 4. For each pair of variables (y,x) we report six different estimates of
0, and ,,, namely PMG, SPMG, PMW, Breitung, PDOLS(4), and PDOLS(8). To check for
possible error cross-sectional dependence, at the bottom of Table 4 we also report the average pair
wise correlation coefficient of residuals from the panel data models and related CD test statistics
due to [Pesaran| (2004, 2015). It is clear that there are significant degrees of error cross-section
dependence and for statistical testing it is prudent to focus on bootstrapped confidence intervals
reported for PMG and SPMG estimators.

With such a large number of observations and quite small standard errors, in some cases, it
is not clear that traditional significance testing is the appropriate criteria for judging closeness to
unity. For debt-GDP and long-short interest rates relationships, the estimated long run coeflicients
are close to unity and not significantly different from it at the 5 per cent level. The SPMG (with
bootstrapped 95% confidence interval) gives long run coefficients of Opevi—cpp = 1.05 (0.993-1.108)
for debt on GDP and @Short_Long = 1.01 (0.912-1.108) for short on long rates. Similar results are
obtained using the other estimators. The bracketed figures refer to 95% confidence intervals.

For investment-GDP and imports-exports, the long run coefficients are also estimated to be
close to unity. But due to their high precision the null hypothesis that the long run coefficient is
in fact unity gets rejected. The SPMG gives 9[NV_GDP = 1.044 (1.029-1.059) for investment on

GDP and 9IM—EX = 0.967 (0.961-0.973) for imports on exports. Again similar results are obtained
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when other estimators are considered.

The estimates of the long run coefficient for consumption-GDP pair are somewhat away from
one. For example, using the SPMG method we obtain Ocon_cpp = 0.907 (0.884-0.930), with the
other estimates slightly lower ranging from a low of 0.883 when we use PDOLS(4), and 0.900 when
we use PMG.

For the remaining two relationships the evidence is more mixed, with different estimators
yielding different results. For regressions of inflation on money supply growth the estimates of
01N F—Money are not significantly different from one in the case of MGMW, Breitung, PDOLS(4),
and PDOLS(8) estimators. But an opposite conclusion is reached if the long run coefficient is
estimated by running regressions of money supply growth on inflation. This is the case if we con-
sider Breitung, PDOLS(4) and PDOLS(8) estimators. A unit long run relationship between money
supply growth and inflation is supported only by MGMW estimator irrespective of which way the
regressions are implemented. PMG and SPMG both strongly reject the null of a unit long run
relationship between inflation and money supply growth.

Almost all estimates of the long run coefficient of inflation on long term interest rate are signif-
icantly below unity - the exception being when the long run coefficient is estimated by PDOLS(8)
using the regression of inflation on the long term interest rate. Even in this case the long run
coefficient is poorly estimated and an opposite conclusion is reached if the long run estimate is
computed from the reverse regression of the long term rate on inflation.

Overall, it is quite encouraging that five out of the seven long run coefficients are quite close
to unity, with substantial empirical evidence in support of Debt to GDP and Imports to Exports
as being great ratios, and the difference between long and short interest rates being stationary.
The evidence on consumption-GDP and investment-GDP as great ratios is less overwhelming.
This is particularly problematic for consumption-GDP ratio where the largest estimate obtained
for the long run elasticity of consumption to GDP is 0.907 (using SPMG) which is difficult to
rationalize. At the level of the cross section of individual households this could correspond to the
well established pattern that savings as a proportion of income increase with income, the rich save
more. At the level of the time series for a country, this could correspond to the fact that the

measured private consumption is only a part of total consumption and with increasing income,
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government consumption has accounted for a growing part.

7 Concluding comments

By using long span panel data and a robust estimator we provide more evidence for close to unit
elasticities for two balanced growth conditions, two solvency conditions and a stable term structure,
but found evidence against a unit long run coefficient in the case of the Fisher relationship and the
inflation money growth relationship.

We relied on long-span panel data to overcome the drawbacks of the single-country regressions.
However, panel analysis of great ratios presents its own challenges - namely a possibility that some
periods in some countries are not cointegrating, the unknown direction of long run causality, and
cross-sectionally correlated observations. To overcome these challenges, we have proposed a new
system pooled mean group estimator which is shown to perform well in small samples even in
the presence of two-way long run causality, episodes of non-cointegration, and error cross-sectional

dependence.
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Table 1: MC results for the estimation of long run coefficient §y; = 1 in the baseline
experiments

Bias (x100) RMSE (x100) Coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator
30 | -0.86 -0.19 -0.09 -0.05|4.22 1.64 1.03 0.74 | 67.7 851 882 90.3
50 |-1.03 -0.26 -0.10 -0.05|3.21 1.32 0.79 057|699 836 888 89.5
100 | -0.91 -0.22 -0.08 -0.05|226 0.89 0.55 039|682 850 888 91.5
200 | -0.98 -0.21 -0.09 -0.05|1.76 0.64 0.38 0.28 | 62.0 84.0 894 91.2
SPMG estimator
30 024 0.07 0.02 001|495 174 106 0.76 | 59.1 80.5 86.8 88.7
50 | -0.01 -0.04 -0.01 0.00|3.59 1.38 0.80 0.59 |59.9 79.6 87.0 87.8
100 | 0.10 0.01 0.01 0.00|246 093 057 040|612 81.0 86.0 89.6
200 | 0.00 0.01 0.01 0.00]| 171 065 039 028|613 814 872 88.6
MGMW estimator, g =5
30 | -5.64 -1.84 -0.87 -0.49 |892 4.19 280 2.04 | 822 90.7 925 92.3
50 | -5.64 -2.09 -099 -0.55|7.63 3.52 218 156 | 768 872 903 923
100 | -5.59 -1.91 -096 -0.55|6.76 277 166 1.15]|63.4 824 89.0 91.8
200 | -5.55 -1.92 -0.93 -0.54 | 6.14 238 1.36 0.90 | 40.7 714 822 88.2
two-step Breitung’s estimator
30 | -2.25 -0.57 -0.26 -0.13 |4.46 190 1.14 085|746 857 905 91.1
50 |-2.34 -0.65 -0.28 -0.15|3.71 154 091 0.66 | 689 84.5 89.7 91.8
100 | -2.30 -0.62 -0.28 -0.15 | 3.08 1.14 0.66 047|572 81.8 889 90.7
200 | -2.31 -0.62 -0.27 -0.15| 272 0.92 051 035|392 753 852 879
PDOLS estimator, leads and lags order p =1
30 | 465 -230 -1.52 -1.11 594 293 191 142|692 709 71.8 73.1
50 | -4.73 -238 -154 -1.12|550 276 1.79 131 |56.0 54.1 559 594
100 | -4.65 -2.31 -1.52 -1.11 | 5.07 251 165 1.21 | 31.7 304 314 328
200 | -4.63 -2.30 -1.50 -1.10 | 4.83 240 1.57 1.15 8.5 7.1 7.6 7.8
PDOLS estimator, leads and lags order p = 4
30 | -247 -1.09 -0.71 -0.51 | 5.23 223 136 101|829 870 893 88.8
50 |-249 -1.16 -0.74 -0.52 | 4.18 1.88 1.17 0.84 | 80.8 839 84.6 85.8
100 | -2.50 -1.14 -0.73 -0.52 | 348 1.55 097 0.70 | 72.3 75.0 77.4 77.2
200 | -2.48 -1.14 -0.72 -0.52 | 3.01 1.35 0.85 0.62 | 59.7 61.0 61.2 60.8
PDOLS estimator, leads and lags order p = 8
30 | -1.48 -0.46 -0.30 -0.20 | 8.14 241 132 095|711 89.6 921 922
50 | -1.42 -0.52 -0.31 -0.21|5.95 1.83 1.05 0.73 | 752 895 90.8 924
100 | -1.33 -0.49 -0.31 -0.21 | 435 134 0.77 054 | 75.1 88.6 90.0 90.9
200 | -1.30 -0.52 -0.31 -0.22 | 3.24 1.02 059 042 | 76.1 856 87.8 88.2

Notes: Coverage rate is 95% confidence interval coverage rate. This table reports findings for the estimation of long run
coefficient fg = 1 in experiments featuring Gaussian errors, LR causality x — y, m = 0, and no cross section dependence of
errors. See Section [S.3.1] of the online supplement for full details of the data generating process. Description of the PMG,
SPMG, MGMW, and 2-step Breitung estimators, and the description of bootstrapping procedures are provided in Sections
5.2.1 of the online Supplement. PDOLS is the panel dynamic OLS estimator by [Mark and Sul (2003), The number of
Monte Carlo replications is Ry;c = 2000.
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Table 2: MC results for the estimation of long run coefficient §y = 1 in experiments

with Non-Gaussian errors, z < y, 7 = 0.2 and CS dependence of errors.

Bias (x100) RMSE (x100) Coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator
30 | -1.74 -0.87 -0.62 -0.45| 340 1.72 1.12 0.83 | 50.4 57.8 58.0 59.7
50 | -1.77 -0.85 -0.58 -0.42 | 3.01 1.43 0.93 0.70 | 45.2 50.7 529 55.0
100 | -1.62 -0.85 -0.56 -041 | 244 123 080 0.60| 359 387 39.7 43.4
200 | -1.59 -0.82 -0.55 -0.41 | 220 1.11 0.73 054|269 276 275 288
SPMG estimator
30 0.12 0.05 -0.02 0.00| 3.23 1.40 0.88 0.64 | 53.0 643 675 69.8
50 0.00 0.05 0.03 0.02] 243 1.056 0.66 048 | 53.0 64.0 686 714
100 | 0.10 -0.01 0.00 001 | 1.8 074 046 034|512 632 699 714
200 | 0.05 0.01 001 0.01] 1.24 0.53 0.33 0.24 | 50.1 63.0 675 70.3
MGMW estimator, ¢ =5
30 | -2.04 -1.62 -1.23 -1.11 7.06 5.18 4.74 440 | 83.5 87.6 89.3 90.1
50 | -241 -1.48 -1.21 -0.95| 6.02 4.08 3.66 3.36 | 81.3 84.1 876 885
100 | -1.95 -1.40 -1.21 -095| 4.59 3.22 287 255|785 827 83.8 859
200 | -2.04 -1.32 -1.09 -1.01 | 4.08 267 230 217|723 781 79.6 80.3
two-step Breitung’s estimator
30 | -4.04 -2.69 -221 -1.94| 842 6.28 531 490 |49.0 54.2 588 609
50 | -4.19 -2.53 -2.18 -1.83 | 7.14 5.13 4.76 4.28 | 41.0 526 558 59.5
100 | -4.04 -2.47 -2.16 -199 | 6.13 456 3.78 4.20| 33.2 455 481 499
200 | -4.04 -2.51 -2.11 -1.85| 5.28 3.69 3.10 282|229 356 380 41.6
PDOLS estimator, leads and lags order p =1
30 | -497 -3.61 -295 -259| 731 537 4.64 4.15| 745 79.3 81.2 84.6
50 | -5.14 -3.39 -288 -2,51| 6.81 4.64 398 3.62|652 750 742 787
100 | -4.97 -3.33 -290 -254| 6.03 4.10 3.62 324|564 623 627 64.4
200 | -4.89 -3.35 -2.82 -2,51 | 5.65 3.85 3.29 295 |44.8 44.2 450 50.0
PDOLS estimator, leads and lags order p = 4
30 | 427 -3.27 -269 -237| 791 551 4.68 4.16 | 733 830 84.8 88.2
50 | -4.52 -3.02 -260 -230| 7.04 4.59 393 357|709 815 820 84.5
100 | -4.38 -2.96 -2.65 -233| 599 394 350 3.14 | 63.7 745 751 T74.1
200 | -4.35 -3.01 -257 -230| 548 3.64 3.11 279|569 621 607 639
PDOLS estimator, leads and lags order p = 8
30 | -3.62 -3.23 -2.65 -2.32|10.63 6.17 5.00 4.38 | 56.5 81.0 84.2 88.0
50 | -3.93 -292 -254 -223| 874 495 4.15 3.69 | 575 80.7 827 86.1
100 | -3.88 -2.84 -2.62 -229| 7.12 4.14 364 322|529 755 772 774
200 | -4.04 -291 -253 -227 | 6.24 3.77 3.18 283|482 66.7 67.1 69.0

Notes: Coverage rate is 95% confidence interval coverage rate. This table reports findings for the estimation of long run
coefficient fg = 1 in experiments featuring Non-Gaussian errors, LR causality < y, m = 0.2, and factor+SAR CS
dependence of errors. See notes to Table 1.
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Table 3: Robust bootstrapped 95% confidence interval coverage rates (x100) for
PMG and SPMG estimators in MC experiments.

n\T 50 100 150 200 50 100 150 200

Baseline experiments

PMG estimator SPMG estimator

30 | 89.0 943 94.0 949 | 86.1 93.8 93.7 94.6
50 | 89.0 92.7 94.7 94.2 | 86.2 92.1 94.2 94.2
100 | 89.9 935 945 94.8 | 86.0 935 939 93.9
200 | 85.8 93.3 949 950 | 87.5 93.1 94.7 95.0

Experiments with non-Gaussian errors,

z <y, m=0.2 and CS dependence of errors

PMG estimator SPMG estimator

30 | 87.6 879 882 881|894 923 93.6 932
50 | 839 86.1 86.4 873|895 924 935 94.3
100 | 783 788 79.7 81.2 | 87.5 924 940 94.1
200 | 71.8 71.5 71.8 719|887 924 93.6 94.7

Notes: Bootstrapped critical values are computed in each of the Monte Carlo replication as described in Sections|[S.2.1 of
the online supplement, based on R, = 2000 bootstrap replications. See notes to Table 1 and 2.
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A Data Appendix

The data are taken from the Jorda-Schularick-Taylor (JST) Macrohistory Database (available at
http://www.macrohistory.net/data/ )E see Jorda, Schularick, and Taylor (2017). |Jorda et al.
(2019)| provides further discussion of the rate of return data. JST provide data for 17 countries
over the period 1870-2016. There are clearly issues with the measurement of economic variables
over such a long span. However, JST is a carefully compiled database which has been widely used.
The data are assembled from a wide variety of sources with different definitions of variables and
countries vary because of boundary changes@ For instance, the long interest rate is on government
bonds, with a maturity typically around 10 years, but sometimes longer like the British Consols
which were perpetuals. From about 1950 the maturity is fairly accurately defined at about 10 years.
While the series may be noisy, there is a lot of variation, so the signal-noise ratio may be high.
Table A1 lists the series we use together with their availability. We use the largest balanced
panel for estimations. For each country i, we omit gap years (if any) and compute the number
of available time periods for each country, denoted as 7;. Then we re-order countries so that

T >Ty > ... > 1T, Note that T; is the largest time dimension (and the largest number

of observations) if only one country was to be used for estimation, 275 is the largest number of
observations for a balanced panel if two countries were chosen for estimation, and so on. We find

n* = maxi<n<nm.. {"In}, and the largest balanced panel features n* countries and T;,» periods.

20We downloaded version JSTdatasetR4 (Release 4, May 2019), in particular we have downloaded datafile
http://www.macrohistory.net/JST /JSTdatasetR4.xlsx.
I There is detailed documentation of the sources at http://www.macrohistory.net/data/ .
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Table Al: Variable description and data availability*

Name Gap years™ Description Variable construction®**
Real consumption per capita 88 (3.5%) log of real consumption per capita index log(rconpc)

Real GDP per capita 0 (0%) log of real GDP per capita index log(rgdppc)

GDP 25 (1%) log of nominal GDP (local ccy) log(gdp)

Investment 220 (8.8%) log of nominal investment (local ccy) log(iy*gdp)

Imports 41 (1.6%) log of nominal imports (local ccy) log(imports)

Exports 41 (1.6%) log of nominal exports (local ccy) log(exports)

Public Debt 184 (7.4%) log of public debt (local ccy) log(debtgdp*gdp)
Short IR 148 (5.9%) short nominal interest rate, log(141r/100), r is in percent per year log(1+stir/100)

Long IR 35 (1.4%) long nominal interest rate, log(1+r/100), r is in percent per year log(l+ltrate/100)
Inflation 17 (0.7%)  Annual Consumer Price Inflation log(cpi/cpi(-1))
Money 172 (6.9%) Annual nominal broad money growth log(money/money(-1))

Notes: (*) The source for all variables is the Jorda-Schularick-Taylor (JST) macrohistory database available at
http://www.macrohistory.net/data/, see, [Jorda, Schularick, and Taylor (2017)| and |Jorda, Knoll, Kuvshinov, |
[Schularick, and Taylor (2019)l We have downloaded the latest version available at the beginning of September 2020,
which is "JSTdatasetR4" (Release 4, May 2019).

(**) The full sample covers nmax = 17 countries and T' = 147 years, together nmaxTmax = 2499 country-year
datapoints. Countries are: Australia, Belgium, Canada, Switzerland, Germany, Denmark, Spain, Finland, France,
UK, Italy, Japan, Netherlands, Norway, Portugal, Sweden, and USA. Time is 1870-2016. The column ‘Gap years’
reports the number of country-year data points with missing data. The shares of the gap years in the overall sample
are reported in the parentheses.

(***) The column ‘Variable construction’ shows variable transformations referencing the underlying variable
codes in the JST database.
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This online supplement consists of three sections. Section provides likelihood function, first order
conditions, and asymptotic variance of SPMG estimator. Section describes implementation of PMG,
SPMG, 2-step Breitung, and MGMW estimators, including bootstrapping procedures. Section provides
full account of Monte Carlo (MC) experiments, including a detailed description of MC design, and the full
set of MC findings.

S.1 Likelihood function, first order conditions, and asymptotic
variance of SPMG estimator

We assume observations on w;; = (y;z, z;¢) are available for ¢ = 1,2,...,n and t = 1,2,...,T. Our model is

given by —, which can be conveniently written as , namely:
Aw = =, B'Wir—1 4+ YiQit + gy, (S.1)

for i = 1,2,...,nand t = p+ 1,p+ 2,...,T, where u; = (uyit,umt)/ is a reduced-form error vector

with E(u;;) = 0, and E(u},u;) = %, a positive definite covariance matrix. Also, 8 = (1,-0)’, qi =
/ .

(1,Aw;7t_1,Awg7t_2,...7Awg7t_p+1) ,and Y = (a;, ¥, 1, ¥, 9, ...,'Ili’p,l)/, with a; = (ayi,azi)/ and ¥;, =

(W0 W) for £=1,2,...p— 1.
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For notational convenience, we also define ¢ = (cZ)'l, D,y .y ¢;)/, Y =(Y}, Y%, ..., Y.), and

Y= (2,%,,..,%,) . In addition, let
,B/Wi,tq =Yt — Owyy = 51',1571 (9).

Assuming u;; ~ ITDN (0,X;), independently distributed over i, the log-likelihood function conditional

on the initial observations w; 1, w; 2, ..., W; p, is given by:

Lor0.0.0.9) = TP om) ¢ TP S 50
i=1

n T
—% SN (Awi+ @1 (0) = Yiair) B (Awir + ¢, 1 (0) — Tiaie) -

i=1 t=p+1

Consider the projection matrix H; = Ip_, — Q:(Q'Q;)'Q!, where Q; is a matrix of observations

I /! oy

on q; = (1,Awgvt_1,AW;7t_2,...,Awg,t_m_l) , namely Q; = (i p+1,%ip+2;--i,7) - In addition, let
/! ! /

Xi 1 = (Tip, Tipt1, o Tir1) s Vi1 = Wips Yipits - Yim—1) s &1 = (EiprEiprrs - &iro1), AW, =

(AW; pt1, AW, pia ), ..oy AwiT)/, and define
AW; = H,AW;, €, (0) =H¢, _, (),

where row vectors of AW, and elements of E,-rl (0) are denoted as AW, = (AW, p11, AW, pra, o A7)

and &1 (0) = [£5, ) Eipir (0) B (0)]

Concentrating Y out, the concentrated log-likelihood function is given by

Lo (0,0,2) = —@ In(27) + (T —p) Y In|=; |
=1

n T , )
—%Z 3 [Aﬁh‘t“f‘@bigi,tfl(a)} z;! [Av*viﬁqbig,,t,l(a) 7

1 t=p+1

which corresponds to equation in the paper.

Partial derivatives of £, 1 (6, ¢, X) with respect to § and ¢ are

n T
W = Z Z (Zi4—13; AWy + 02 Py —1Tii—1)
i—1 t=p11
n T
>0 ¢E e (S.2)
i=1 t=p+1
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and

Doz S 0T _ S [ 05 2w & 0579, (53)
t=p+1
respectively. Setting partial derivatives — equal to zero gives implicit solutions @D— in the
paper. Similarly, setting partial derivatives of L, 1 (0, ¢,X) with respect to elements of 3; equal to zero
yields implicit solution for 3, in the paper.

Using —, asymptotic variance of the SPMG estimator is given by plim,, 7, Q;}anTQ;%, where

Vant = E (@nrd,r) = E (¢27). Under error cross-sectional independence, we have Vi, = Qur, in which

case the asymptotic variance reduces to plim,, 7, Q;%, and it can be consistently estimated by Q;%, where
A ~Al A ~
Qur =n Y ($:578,) (T73x] - Hixi, 1), (54)

with q}i and 3, denoting the SPMG estimates of ¢, and X;, respectively, as given by and . Under
weak error cross-sectional dependence, it is no longer the case that Vy,r = Q,r, but it is possible to

consistently estimate Vy,7 as
n

n T
A 3 D) DY (5.5)

i=1 j=1 t=2

/

where éit = iiyt,lﬁ;tf]iflé&i, ﬁ;t, for t = p+1, p+2, ..., T, are the rows of U; (9, (2)1) =H; {AWZ- +& 1 (9) o,

K2

see . A consistent estimator of the asymptotic variance of SPMG estimator 0, regardless of error cross-

sectional dependence, is given by Q;%anTQ;%
S.2 Implementation of individual estimators and bootstrapping

procedures

This section of the online supplement provide detailed description of the implementation of PMG, 2-step
Breitung, SPMG, and MGMW estimators. Computation of bootstrapped confidence intervals for PMG and

SPMG estimators is outlined as well.

S.2.1 PMG estimator

PMG estimator of the level coefficient 6 is based on the (conditional) ARDL specification

p q
Yit = C; + Z Q; eYit—1 + Z BioTit—e + Eit, (S.6)
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where
q
) ShoBu
1- Z?:l g’

is homogenous across . Conditional model |) can be obtained from —, assuming that E (ugistyi) /B (ufm)
is time invariant (see, for instance, Section 5 of Chudik and Pesaran, 2021).
For expositional convenience, we set p = ¢ = 2 below. The same choices of lag orders are used in the

Monte Carlo section, and in the empirical section of the main paper. For p = ¢ = 2, (S.6|) can be written as
Ayir = ¢i — ¢;&; -1 (0) + wyiAyi i1 + Wai 0ATi1 + Wai 1 ATi 41 + €t (8.7)

where

$ivo1(0) =iz — Ozt 1. (S.8)

We continue to assume observations on (x;¢,y;¢) for ¢ = 1,2..., T time periods and i = 1,2, ..., n cross-section
units are available for estimation. The PMG estimator is computed by a back-substitution algorithm.
Assuming g4 ~ I IDN (0, Uzi), and setting the first derivatives of the concentrated log-likelihood function
T-2¢ 1~ 1
- !/
lur(p) = === > In2m07 = 5> — [(Ayi+6,&;, 1 ()] HY [Ayi+ 6.4, _1(0)],  (S.9)

g
i=1 i=1 €

: / . . . . . . ~PMG
with respect to ¢ = (6, 1, @, ..., ¢, 02,02, ..., 02,) to 0 yields the following implicit expressions for 6 ,
~PMG o . ) ,
®; , and 6Z; which we solve iteratively:

o ()’ " me
~PMG i . ~PMG
0 == Z TXQ,AH?XWI Z (bZAg X2,71H? (AYi + ¢ Yi,fl) ) (S.10)
= e i=1 Tei
~PMG ~PMG ~PMG\11 ~PMG
o == (07 ) e (0077)] e (07T ) HP Ay i = 1,2,0m, (S.11)

6% = (T -2 [Ayi+ o %, (9PMG)}IH? Ay + o %, (éPMG)} Li=1,2,.,m,  (S.12)

~PMG ~PMG
where &; (9 ) =yi1—0  xi1,and HY =1Ir 5 - QY(QY'QY)'QY,

Q) = (Ayi—1, A%, AX; _1, Tr-2), Ayi1 = (AYi2, AYis,os Ayir—1)s Vi1 = Y2 ¥i3s 0 Yir—1) s
Xi—1 = (.’L‘i)27$i,3,...7.’177;7'1“,1)/, Ax; = (Ami’g,,AmiA,...,Ami)T)/, Ax; 1 = (A.’E%Q,A.’Ei’?ﬂ...,A.’lﬁi’T,]_),, and
T7_9 is T — 2 dimensional column vector of ones. Higher order lags of Ay;; and Az in could be
accommodated by augmenting Q? by these terms.

~PMG
Starting with a consistent initial estimate of 6, say 6 , estimates of ¢; and o? are computed using
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~PMG
S.11) and (S.12)), which can then be substituted in (S.10) to obtain a new estimate of 6, say 6(;) , and so

~PMG  ~PMG
0,y —0,-n H < 10~*. Convergence is

on until convergence is achieved. Our criterion for convergence is
usually achieved very fast with average number of iterations generally quite small (<10 in most cases).

The initial estimate ég])\/lg is taken to be the FE estimator of the coefficient 8 in the following panel
Engle-Granger regression,

Yit = p; + 0zir + e, (S.13)

fort=1,2,...,T,i=1,2,...,n.
. ~PMG . .
Inference for the PMG estimator 6 is conducted using
~PMG\ 2
()

X HIxi | . (S.14)
Oc

-1

7o (éPMG) — Opare =

n
1=

1

S.2.1.1 Bootstrapping critical values

In addition to asymptotic critical values, based on (S.14]) we also consider bootstrap critical values of the

test statistics

éPMG 9
t5 (00) = — APMGO ) (S.15)
s.e. (9 )
where
se (0777) =0l (S.16)

and QPMG is given by . We consider two bootstrapping procedures: (i) conditional on x;; and (ii)
unconditional, where model for z;; is also utilized. Conditional procedure in Subsection [S.2.1.1] is valid in
the case of strict exogeneity of x;;, whereas the unconditional procedure outlined in Subsection is
valid also in the case of short run feedbacks from y;; to x;;. However, in all of our MC experiments, these
two procedures performed very similarly, regardless of the presence of the short run feedbacks from y;; to
z;+. In the empirical section, we reported confidence intervals based on the unconditional procedure. Both

types of confidence intervals are available in our codes package.

Bootstrapping critical values (conditional on z;;) The following procedure is adopted.
1. Using data y;1, Yo, ..., yir and x;1, 9, ..., z;7 (0 = 1,2,...,n) estimate all parameters of

Ayir = ¢i — O (Yit—1 — 0Ti1—1) + WyiAYit—1 + Wai 0 ATit + Wain AZi 1 + €3t (8.17)

N 3 n
Denote the corresponding PMG estimates of the unknown coefficients 6, {é;}.—; , {@} @y}
i=1

n
=1
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{@zi0}iey s {Qwi1 ), We omit superscript “PMG” in this procedure to simplify notations.
2. Obtain residuals, denoted as &;;.
3. Repeat for b=1,2,...,B:

(a) Generate 55—? ) = %gb)éy,it, where ¢ is randomly drawn from Rademacher distribution (Davidson

and Flachaire, 2008)

) —1, with probability 1/2

1,  with probability 1/2

(b) Generate
yy = 3/1(?71 +éi— ¢ (yi(,bt)ﬂ - éxz‘,t—l) + c&y,iAyg?,l D0 ATy + D Ay 5, (S.18)

for t = 3,4, ..., T, with initial values yﬁ)) = y;1 and yg) = yio-

(¢) Using the bootst le v = (g1, vio, v0, y® ®)' dx = (z:1. 7 N (5 —
g the bootstrap sample y, * = | Yi1, Yi2,Y;3" s Yia > - YiT and x; = (.’1/‘11,5[712,...,.’1,‘lT) (Z =

(b
1,2,...,n), compute PMG estimate 0( ), and the associated test statistics

0 — 0
=7 (S.19)

)

where 5.¢. (@(b)) = (QQWG) 1/2.

4. Inference (at 5% nominal level) is conducted using the 95 percent quantile of {)téb)

,bzlﬂwa}

as critical value.

Bootstrapping critical values (unconditional) This procedure is the same as above, but we allow

for feedback from y;; to x;;+. Specifically, we estimate the conditional model
Ay =i — ¢i(Yit—1 — 05 1—1) + Wy AY 1—1 + Wai 0 AT + Wi 1 AT 11 + €4y

and the marginal model

Az = di + 02iA%; -1 + 0y AYi -1 + Vit (S.20)

Bootstrap samples are consequently generated as
b b 5% b 3 b b
xgt) = ‘rg,t)fl +d; + 5901'sz(’,15)71 + 5yiAy§,t)71 + Uz(t)7
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and
b b A7 b 5o (b - b - b) | o~ b b

ygt) = yz(,t)—l +é— ¢ (yi(,t)—l - ‘9551(‘,2—1) + wyﬂ'Ayz(,t)—l + wmoAfcz(‘t) + wziJAfcg,t)—l + EEt)>

for t = 3,4,...,T using the initial values yl(f) = Yit, for t = 1,2 and fo

generated similarly to az(-f ),

) (v)

= x4, for t = 1,2, in which v’ is

S.2.2 2-step Breitung’s (2005) panel data estimator

Breitung’s 2-step panel data estimator requires an initial consistent estimator. We follow the same choices for
the implementation of Breitung’s estimator as in the original paper Breitung (2005), and in the accompanying
Gauss codes we received from Joerg Breitung, which we gratefully acknowledge. For each unit i = 1,2, ..., n,

we compute

b; = (%i%:) " %§i, (S.21)

where X;= M. x;, ¥i= M,y;, X; = (zi1, Ti1, o, Tir) s ¥i = Wi, Y1, - Yir) s My =Ip — 77/ /T, Ip is T x T

identity matrix and 7 is T x 1 vector of ones. Next, we compute
Eit (91) = Yit — izt

We continue to assume p = g = 2. Define the following data vectors

AXZ‘ = (A$i737 A.Ti747 ceey Azi,T)/

Ay; = (Aym, Ayi,4, ooy Ayi,T)/ >

Xi—-1 = (331‘,2, L3y ey $i,T—1)/ »

/
Yicr = (Yi2,Yi3s 0 YiT-1)
~ ~ N N /
€1 (0) = [62(8:) &s (B:) i (80)]

Qi1 = (L, Az 1,Ayii1)

and the following data matrices
AW; = (Ay;, Ax;), Wi 1 = (¥i,—1,Xi,-1)

Qi = (U2, i3 A1) -
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Let H; = Ir_» — Q; (Q/Q;)” ' Qi, and
AW, = HJ AW, W, ; = H;W, _, éi,_l <éz) =H;§, <éz) .
In addition, let

E ()8 ()] €L (5) W
U, = AW +§ (91) o

;e‘>
|

S, = UU,/(T-3),

“l ~ ~\—1 - N
Gt — Wi7,1s1+(¢;§]’1¢i> AW, 51,

s1 = (1,0), and s = (0,1)". Then 2-step Breitung (2005) estimator of 6 is computed as

n -1 5
~Br ~ -~ -
97 (Z s;wgllwa_m) S s W! A%
i=1 i=1
Inference is conducted using the "2S-OLS" and "2S-robust" standard errors as described in Breitung (2005).

S.2.3 SPMG estimator

Al A -~ ~
SPMG estimator avoids inversion of ¢; 3~ 1¢,, since it can be the case that ¢, = 0, (1) for some units that
do not have long run relationship (or (Abl can converge to a rank-deficient matrix in probability in a more

general case). SPMG estimator of 6 is solved iteratively using

n -1 5
~SPMG Nl A PO
0 =- (Z ¢;211¢ixg,1HiXi7l> ZX;,AHi (AWi + Yi,—1¢;) 219, (5.22)

i=1 i=1

2

&)SPMG _ [6;771 (9SPMG) Hi&i’il (éSPMG):|71€;771 (éSPMG) HZAW“ (823)

ASPMG) ~SPMG/

A Q _ ~SPMGY\ ~SPMG
SPNG = (7 —2) 7 [AW, g, (0777 6 .

| [awi+ e, (077) &, (5:24)

. . A I
in which x; 1 = (i1, 2, s Ti7—1) s Yi,—1 = (Yi,1,Yi,2, - Yi,T—1)
~SPMG ~SPM{ ~SPMG .SPMG ~SPM@ ~SPM@
51,71 (9 ) = [fz‘l (9 ) i Eio (9 ) s §ir—1 (9 ):|a &ir (9 ) =y — 0 Ty, AW, =

(Awio Awis, ..., Aw;r) ,and Awyy = (Ayir, Azyy). Hy = I 2—Q; (QQ) "'Qi, Qi = (A2, Qi3 oo AiT—1)

and q; -1 = (LAIi,t—hAyi,t—l)/-
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~SPMG
The conventional estimator of the variance of 6 is computed, using 1) as

1

_—— /.SPMG . . " SPMG/ [acpria) —L ~SPMG

Var (9 ) = Qspyc =0 T 2Qur = lz ?; (EZSPI\[G) P; X;,lHiXi,1‘| - (5.25)
i1

. ~SPMG
Estimators of Var (9

(5.5), as

) that are robust to error cross-sectional dependence are computed, using 1}

n

T
Z éitht Qspuic, (5.26)

i=1 j=1 t=2

— /.SPMG A1e A ~
Var (9 ) = n_lT_2Q;%VZmTQ;% = Qgpuma

-

where

N ~ A -1 .spmaG
_ = = SPMG
Cit = Tit—1Uy (22' ) b, )

and ﬁ;t for t = 2,3,...,T, are the rows of Hiﬁi7 in which U; = (Qs,2,053, ... ﬁZ-’T)/ is the matrix of SPMG
residuals. We consider inference based on using asymptotic critical values, inference based on
with asymptotic critical values (reported in Table S38), and inference based on using bootstrapped
critical values outlined below. Our bootstrapping procedure is robust to error cross sectional dependence, and
it outperforms the other alternatives in our Monte Carlo experiments in terms of accuracy of the confidence

intervals coverage rates. In situations where n is large relative to T, one could also consider a threshold
version of (S.26)), given by:
— /-SPMG " &
Var (9 ) = Qspma Z

i=1j

T
Zéit&jtl (|f’<ij| > VTe, (")) Qspuic, (S.27)
2

1t=

where p;; is the sample correlation of é i and é and ¢, (n) is a suitably chosen thresholding critical value,

Jt
as considered by Bailey et al. (2019), ¢, (n) = ®~* (1 — pn=?/2), with p = 0.05 and § = 2. Our Monte Carlo

findings suggest thresholding is not required for the sample sizes we consider.

S.2.3.1 Bootstrapping critical values

We consider bootstrap critical values of the test statistics

~SPMG

-6
téSPI\IG (90) - /\AisPMGO’ (828)
s.€e. (9 )
where
____ /~SPMG R
se (0777) = 0, (S.29)
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and QSPMG is given by 1'

The following procedure is adopted.

1. Using data y;1, Yo, ..., yir and x;1, o, ..., z;r (0 = 1,2,...,n) estimate all parameters of

Ay = Gy — (byi(yi,t*l —0x;4-1) + Vi DYit—1 + ¥y ATip—1 + Uyiz. (5.30)

Az = api — Gpi(Yit—1 — 0Tit1) + Vi ATi 11 + V0 AYit—1 + Uit (8.31)

Denote the corresponding SPMG estimates of the unknown coefficients as 6, {ayiti_ ), {azitiy

{&)yi}izl ) {&zi}izl ) {’lz}yyl}?:l ) {qzbyzi}?:l ) {wmyi}le ) a‘nd {wzzz}?:l We omit superscript “SPMG”

in this procedure to simplify notations.
2. Obtain residuals, denoted as @y = (Tyit, Upit)-

3. Repeat for b=1,2,...,B:

/
(a) Generate ul(-f ) = (“3(41257 u;lz)t) = %t(b)um where s is randomly drawn from Rademacher distrib-

ution (Davidson and Flachaire, 2008)

) —1, with probability 1/2
) =
1,  with probability 1/2
(b) Generate
b b . ; b 5 (b 5 b) (b
yz(t) = yz( t)71 +ay; — ¢ (yz( t) 1 — Oz E,t)fl) + ,(/JyyiAyi(t 1+ wymzAmz t) 1+ yzt’ (S.32)
LL'E?) = Ebt) 1 + U“IZ - ésa:z(yz(bt) 1 é‘rgf)t)—l) wa:mAbet 1 + wwyszz t—1 + u(zbz)t’ (SS?’)

for t = 3,4,...,T, with initial values yﬁ)) = i1, yg) = Yio, xl(-ll’) = x;1, and mgg) = Z0.

/
(¢) Using the bootstrap sample ygb) = (yil,yﬂ,yg),yg), ,yl(:br)) and ng) = (5(}11,.’1,‘727 53), Ei),. " Ef}))
~(b)
(i =1,2,...,n), compute SPMG estimate 6’( ), Qél;)MG (based on ), and the associated test

statistics %)
0" —0
=7 — (S.34)
. (A(b)>
s.e. (0
(O NTS
where s.e. (9 ) =/ Qspnc-
4. Inference (at 5% nominal level) is conducted using the 95 percent quantile of {’téb) ,b=1,2,....B }

as critical value.
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S.2.4 Mean Group MW estimator

Our “MGMW?” estimator is a mean group estimator that utilizes cross-section specific estimates by Miiller
and Watson (2018). We split the T time period into ¢ subsamples of (approximately) equal size. In the
paper we set ¢ = 5 both in the Monte Carlo and empirical sections. Specifically, let m be the integer part of
T/q, denoted as m = floor (T'/q), and let r = (T//qg — m) q be the remainder of the division of T by ¢. Let

‘Hs be the index set of time periods belonging to the sub-period s, for s = 1,2, ..., ¢q, defined as
Hs = {Hs—l + ]-a H, 1+ 27 ey Hs}a
where Hy is the last period of the subsample s, and it is defined recursively as

Hy = 0,

H, = H, 14T, fors=1,2,..q,

in which T is the number of time periods in the subsample s, defined as

m+1 fors<r
T, = ,s=1,2,...,q.

m fors>r

Note that H, = T'. Define the temporal aggregates:

_ 1 .. _ 1
Yis = T Z Yit, and similarly Z; s = T Z Tit,
S seH. S seH,

fori=1,2,....,n,and s =1,2,...,q. MGMW estimator is the average of cross-section specific Least Squares
estimates of ; in the regression

gis = H; + G'szs + €isy (835)

fori=1,2,...,n, and s = 1,2, ...,q. Inference is conducted using the conventional nonparametric standard

errors, as outlined in Chapter 28.5 of Pesaran (2015).
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S.3 Monte Carlo evidence

S.3.1 Design

We generate Awy; = (A, Azy;)' based on the following panel vector error correction model, fori = 1,2, ...,n

andt=1,2,...,T,
Ayit = ayi — Gyir(Yit—1 — 0T 4-1) + 1y AYit—1 + Py AT 11 + Uyir, (S.36)

and

Azip = i — Gpip(Yit—1 — 0Fip—1) + Vi AT 41 + Vi AYi i1 + Uit (8.37)

which can be equivalently written using a vector notation as
Awip = a; — ¢y B'Wir1 + WiAW; 41 + Uy, (S.38)

fori =1,2,...,nand t = 1,2,...,T with initial values 8'w;y and Aw,o, where u;; = (uyit,umt)/ ~ (0,%,),

a; = (ayi,az:)', ¢y = (Dyit (bwit)l, B = (1,—0)", we set the long-run coefficient = 1, and

wyyi wyﬂci
"/}zyi wx:m’

v, =

We generate v,,;,V,,; ~ [IDU (0,0.4), and 9, ,;,¥,,; ~ [IDU (-0.1,0.2), for i = 1,2,...,n.

Initial values: To generate the initial values 3'w;o and Aw;g we assume that initially up to date ¢ = 1,
¢, = ¢, for all i and all t < 1. In such a case B'w;; and Aw;; are covariance stationary for ¢ < 1, and
we can use the the Granger representation theorem (Engle and Granger (1987), [Johansen (1991), [Hansen
(2005)), to obtain a moving average representation for 3'w;; and Aw;;. By Corollary 1 of Hansen (2005),

we have the following representations
B'wi =B'Cy (L) (uy +a;) = d; + 8'Cj (L) uy,

and

Aw; = C; (L) (uir +a;) = 77; + C; (L) uge,

for i = 1,2,..,n and t < 1, where 7 = (1,1)’, C; (L) = Yoo Cie, Ci(L) can be partitioned as C;(L) =
C;(1)+(1—L)C;(L), C; (L) = 3,2, C;,L*, matrices C;y are defined recursively by (S.44)-(S.46), matrices
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C;, are defined by (S.47)-(S.48), d; = 8'C} (1) a;, and C; (1) a; = T’}/iE We generate the initial values 3'w;

and Aw;g as

M
Bwio=di+>_ B'C;_ui_y,

£=0

and
M

Awyg = 77; + Z Ci—ru; g,
=0

where we set M = 50. The slopes of the linear trends in levels, «;, and the means d; = E (,B/wio) are
generated as vy;,d; ~ [IDN (0.02, 0.012). Given (d;, ;) we recover the corresponding values for a; in E|
Using generated initial values, 3'w;o and Aw;y, we then generate Aw;, for t = 1,2,...,T and i = 1,2,...,n,
using .

Three options are considered for the innovations u;; = (uy, uzit)/ regarding the cross sectional depen-
dence:

. . !/ .
1. Cross sectionally independent errors. u;; = (u,, Ugie) 1S generated as
Yty
Uyit = RUgit + Oyi€yit, Uxit = Oxi€ait, (839)

where = 0.5, 07,,0%; ~ 0.1 4 0.1- ITDx?*(2). We consider Gaussian and non-Gaussian cases to generate

eyit and e (to illustrate robustness from departures from Gaussianity). In the Gaussian case, we generate

€yits Egit ~ IIDN (0,1). In the non-Gaussian case, we generate

IIDNy?(1) -1

Eyity Exit ™ \/i (840)

2. “SAR” errors. We generate u;; = (uyit,um-t)/ based on 1l with (as before) x = 0.5, and

azi,aii ~ 0.140.1-ITDx?(2), but we generate €,;; and eyir based on the following spatial autoregressive
model,
Ehit = 5Zdij5hjt + Vpst, for h =z, y, (S.41)
j=1

where § = 0.6. Similarly to the cross sectionally independent case, we consider Gaussian and non-Gaussian
cases to generate vy;; and vg;. In the Gaussian case, vy, Vpie ~ IIDN (0,1). In the non-Gaussian case,
Vyits Vit ~ 2-1/2 [IIDNX2 1) - 1]. d;; are the elements of the n x n spatial weights matrix D = (d;;). We

follow Kelejian and Prucha (2007) and assume units are set out on a rectangular grid at locations (s, r), for

lfyi is the common slope of the linear trend of x;; and y;:. Model features unrestricted intercepts a;, and
therefore the level variables z;; and y;; can feature linear trends. The slope of the linear trend of z;+ and y;¢ is common
in this design because 8 = (1, —1)" and linear trends are not allowed in @, which also implies the error-correcting
term B'wi; = yit — @it does not feature a linear trend.

Specifically, a; = X' (di,;)’, where X; = [¢;, (I — ¥;) 7).
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r=1,2,...,m; and s = 1,2,...,ms such that n = mlmgﬂ W is a rook type matrix, where two units are
neighbors if their Euclidean distance is less than or equal to one. The weights matrix is normalized such
that rows sum to one.

3. “Factor + SAR?” errors. Errors are generated as
* *
Uyit = ’szft + Uyt s and Ugit = szft + Uity

where 7v,;, v, ~ IIDN (17 0.252), ft ~IIDN (0,1), and Uy and uy,;, are generated in the same way as the

SAR errors outlined above.

We initially consider the direction of long-run causality from z to y (x — y) by setting ¢,;, = 0 in

(S-36)-(S.37). We generate ¢,;, based on the two episodes,

¢ i) for ¢ ¢ ,TZ
byr=12 : (S.42)
0, forteT;
where ¢, ~ IIDU (0.1,0.25), and 7; defines the sample index set for the episode with no convergence
towards the long-run.

We also consider experiments with the two-way long-run causality, where ¢,,, is generated according to

(S.42), and ¢,,, is generated similarly as

yit

T (5.43)
0, forteT;
where ¢, ~ I1DU (—0.15,—-0.05).
The episode sample index 7; defines the non-equilibrating episodes. It is stochastically generated as
follows. For each i = 1,2,...,n, we draw indicator s; from the Bernoulli distribution with probability
parameter 7, hence s; = 1 with probability = and s; = 0 with probability 1 — 7. We consider three options

for m:

1. m = 0 no non-equilibrating episodes (benchmark case),
2. m = 0.05 (moderate occurrence of non-equilibrating episodes), and

3. m = 0.2 (high occurrence of non-equilibrating episodes).

#We consider (m1,m2) € {(6,5),(10,5), (10,10), (20, 10), (20, 25)}, for n = 30, 50, 100, 200, and 300, respectively.
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If s; = 0 then we set 7; = (). If s; = 1, we generate the starting point and the duration of non-equilibrating
episode randomly. We first draw the duration d; from uniform distribution from {Tnin, Tmin + 1, ..., T}, with
Tmin = 10, ensuring non-equilibrating episode is at least 10 periods long (the average duration is T/2 — 5
periods, and the max duration is 7' — 9). Then we draw a starting period ¢; from uniform distribution on
{1,2,...,T —d;}. Weset T; = {t5,t5 +1,....t5 +d; — 1}.

To obtain variable in levels (w;;), we generate initial level values z; o ~ N(1,1) for ¢ = 1,2,...,n. We
then compute y; o using x;0 and the initial value Hwioﬂ Given w;, and Awy for ¢t = 1,2,...,T, we
compute w;; = Wi + 2221 Aw,p for t = 1,2,...,T. Sample of n cross section units and T time periods,
{wi,1=1,2,...,n, t =1,2,...., T} is used for estimation of § = 1 and the corresponding inference. The

following choices for sample size are considered: T € {50,100, 150,200}, and n € {30,50,100,200}. Ryc =

2 000 replications are conducted for each experiment.

S.3.1.1 Definition of C;; and C;,

The coefficient matrices C;¢ and C}, are given recursively by

Cio = Iy (S.44)
Cii = Cp®Pa—-D (S.45)
Ci = Cip1®1+Ci 0P, (=2,3,.... (5.46)
and

o = L=GCi(1) (S.47)
C; = Cl,_,+Cy forj=12 ., (S.48)

where C; (1) = >0, Cur,
P = L-9¢8 +7,, (S.49)
®p, = ¥, (S-50)

and ¢; = (¢y:, by) -

4Noting that ﬁ'w,-o = Yi,0 — Ti0, it follows Yio = ﬂlWiO + Xi0-
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S.3.2 Summary of Monte Carlo experiments

We consider 36 experiments in total, based on the individual choices for:

1. distribution of errors (Gaussian and non-Gaussian),
2. direction of long run causality (v — y, or & < y),
3. the choice of the episodic probability parameter 7 (0,0.05 or 0.2), and

4. the choice of cross-sectional dependence of errors (none, SAR, or factor+SAR).

The following summary table provides summary of all experiments:
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Table S1: Summary of Monte Carlo experiments

Experiment No. Results reported in Error distribution LR causality s CS dependence of errors
1 Table S2 Gaussian r—y 0 none
2 Table S3 Gaussian r—y 0 SAR
3 Table S4 Gaussian T —y 0 Factor + SAR
4 Table S5 Gaussian T —y 0.05 none
5 Table S6 Gaussian T —y 0.05 SAR
[§ Table S7 Gaussian r—y 0.05 Factor + SAR
7 Table S8 Gaussian r—y 0.2 none
8 Table S9 Gaussian T —y 0.2 SAR
9 Table S10 Gaussian T —y 0.2 Factor + SAR
10 Table S11 Gaussian Ty 0 none
11 Table S12 Gaussian Ty 0 SAR
12 Table S13 Gaussian Ty 0 Factor + SAR
13 Table S14 Gaussian Ty 0.05 none
14 Table S15 Gaussian Ty 0.05 SAR
15 Table S16 Gaussian Ty 0.05 Factor + SAR
16 Table S17 Gaussian Ty 0.2 none
17 Table S18 Gaussian Ty 0.2 SAR
18 Table S19 Gaussian Ty 0.2 Factor + SAR
19 Table S20 Non-Gaussian T —y 0 none
20 Table S21 Non-Gaussian T —y 0 SAR
21 Table S22 Non-Gaussian T —y 0 Factor + SAR
22 Table S23 Non-Gaussian r—y 0.05 none
23 Table S24 Non-Gaussian r—y 0.05 SAR
24 Table S25 Non-Gaussian T —y 0.05 Factor + SAR
25 Table S26 Non-Gaussian T —y 0.2 none
26 Table S27 Non-Gaussian T —y 0.2 SAR
27 Table S28 Non-Gaussian r—y 0.2 Factor + SAR
28 Table S29 Non-Gaussian Ty 0 none
29 Table S30 Non-Gaussian Ty 0 SAR
30 Table S31 Non-Gaussian Ty 0 Factor + SAR
31 Table S32 Non-Gaussian Ty 0.05 none
32 Table S33 Non-Gaussian Ty 0.05 SAR
33 Table S34 Non-Gaussian Ty 0.05 Factor + SAR
34 Table S35 Non-Gaussian Ty 0.2 none
35 Table S36 Non-Gaussian Ty 0.2 SAR
36 Table S37 Non-Gaussian Ty 0.2 Factor + SAR

Notes: See Section for details of the Monte Carlo design.
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S.3.3 Monte Carlo results

This section presents Monte Carlo results, as outlined in Section [S.3.2]
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Table S2: MC results for the estimation of LR coefficient 6§y = 1 in experiments with
Gaussian errors, LR causality z — y, 7 = 0 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 | -0.86 -0.19 -0.09 -0.05]|4.22 1.64 1.03 0.74 | 67.7 85.1 88.2 90.3 |89.0 94.3 94.0 94.9
50 |-1.03 -0.26 -0.10 -0.05|3.21 1.32 0.79 0.57 | 69.9 83.6 88.8 89.5|89.0 92.7 94.7 94.2
100 | -0.91 -0.22 -0.08 -0.05|2.26 0.89 0.55 0.39 | 68.2 85.0 88.8 91.5|89.9 935 94.5 94.8
200 | -0.98 -0.21 -0.09 -0.05|1.76 0.64 0.38 0.28 | 62.0 84.0 89.4 91.2 |85.8 93.3 94.9 95.0
2-step Breitung’s estimator 25-OLS 2S-robust

30 | -2.25 -0.57 -0.26 -0.13|4.46 190 1.14 0.85|74.6 8.7 90.5 91.1 | 722 84.4 89.5 91.1
50 |-2.34 -0.65 -0.28 -0.15]3.71 1.54 0.91 0.66 | 68.9 84.5 89.7 91.8|66.5 834 89.0 915
100 | -2.30 -0.62 -0.28 -0.15|3.08 1.14 0.66 0.47 |57.2 81.8 88.9 90.7|56.0 80.5 888 90.3
200 | -2.31 -0.62 -0.27 -0.15|2.72 0.92 0.51 0.35(39.2 753 85.2 87.9|38.0 745 84.4 86.9
SPMG estimator Standard Robust bootstrapped
30 | 0.24 0.07 0.02 0.01]495 1.74 1.06 0.76 | 59.1 80.5 86.8 88.7 |86.1 93.8 93.7 94.6
50 |-0.01 -0.04 -0.01 0.00]|359 1.38 0.80 0.59 | 59.9 79.6 87.0 87.8|86.2 92.1 94.2 94.2
100 | 0.10 0.01 0.01 0.00 246 0.93 0.57 0.40|61.2 81.0 86.0 89.6 |86.0 93.5 93.9 93.9
200 | 0.00 0.01 0.01 0.00]|171 0.65 0.39 0.28 |61.3 81.4 87.2 88.6|87.5 93.1 94.7 95.0

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p = 1
30 | -465 -230 -1.52 -1.11{594 293 191 142|692 709 71.8 73.1
50 |-4.73 -238 -1.54 -1.12|5.50 276 1.79 1.31|56.0 54.1 559 594
100 | -4.65 -2.31 -1.52 -1.11 | 5.07 251 1.65 1.21|31.7 304 314 328
200 | -4.63 -2.30 -1.50 -1.10| 4.83 2.40 1.57 1.15 8.5 7.1 7.6 7.8
PDOLS estimator, leads and lags order p = 4
30 |-247 -1.09 -0.71 -0.51|5.23 223 136 1.01 | 829 &87.0 89.3 88.8
50 |-249 -1.16 -0.74 -0.52 | 4.18 1.88 1.17 0.84 | 80.8 83.9 84.6 85.8
100 | -2.,50 -1.14 -0.73 -0.52 | 3.48 1.55 0.97 0.70 | 72.3 75.0 774 77.2
200 | -2.48 -1.14 -0.72 -0.52|3.01 1.35 0.85 0.62|59.7 61.0 61.2 60.8
PDOLS estimator, leads and lags order p = 8
30 | -1.48 -0.46 -0.30 -0.20 | 8.14 241 1.32 0.95|71.1 89.6 921 92.2
50 |-142 -0.52 -0.31 -0.21|5.95 183 1.05 0.73| 752 89.5 90.8 924
100 | -1.33 -0.49 -0.31 -0.21 |4.35 1.34 0.77 0.54 | 75.1 88.6 90.0 90.9
200 | -1.30 -0.52 -0.31 -0.22|3.24 1.02 0.59 042 | 76.1 856 87.8 88.2
MGMW estimator, ¢ =5
30 | -5.64 -1.84 -0.87 -0.49|8.92 4.19 2.80 2.04|82.2 90.7 925 923
50 |-5.64 -2.09 -0.99 -0.55|7.63 3.52 2.18 1.56 | 76.8 87.2 90.3 92.3
100 | -5.59 -1.91 -0.96 -0.55|6.76 2.77 1.66 1.15|63.4 824 89.0 91.8
200 | -5.55 -1.92 -093 -0.54|6.14 238 1.36 0.90 | 40.7 71.4 82.2 88.2

Notes: This table reports findings for the estimation of long run coefficient fp = 1 in experiments featuring Gaussian errors,
LR causality  — y, m = 0, and no cross section dependence of errors. See Section [S.3.1] for details of the data generating
process. Description of the PMG, 2-step Breitung, SPMG, and MGMW estimators, and the description of bootstrapping
procedures are provided in Sections of the online supplement. PDOLS is the panel dynamic OLS estimator by
Mark and Sul (2003). The number of Monte Carlo replications is Ry;c = 2000. Bootstrapped critical values are computed in
each of the Monte Carlo replication as described in Sections [S.2.1}5.2.3] of the online supplement, based on R, = 2000
bootstrap replications.
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Table S3: MC results for the estimation of LR coefficient 6y = 1 in experiments with
Gaussian errors, LR causality z — y, m =0 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-0.95 -0.23 -0.10 -0.07|4.90 2.12 1.34 0.98 | 62.7 75.7 79.4 80.1|89.2 93.8 944 94.2
50 |-1.07 -0.24 -0.09 -0.06 | 3.77 1.62 1.00 0.77 | 61.8 744 79.5 79.1 |88.5 923 944 935
100 | -0.97 -0.21 -0.09 -0.06 | 2.71 1.10 0.69 0.50 | 60.1 75.7 79.9 82.3|87.2 93.1 948 95.7
200 | -0.98 -0.20 -0.08 -0.05|2.01 0.80 0.50 0.36 | 56.0 73.6 79.3 81.7 |86.8 93.0 94.1 944

2-step Breitung’s estimator 25-0OLS 2S-robust
30 |-2.36 -0.63 -0.29 -0.16 | 5.33 2.48 1.55 1.15|66.6 76.6 79.7 81.3|73.2 857 88.9 89.9
50 |-2.50 -0.65 -0.28 -0.16 |4.43 190 1.19 0.90 | 60.2 75.8 79.7 79.4|67.2 839 88.4 899
100 | -2.39 -0.64 -0.30 -0.17 | 3.47 1.39 0.84 0.60 | 52.8 72.6 80.0 82.9|60.7 822 88.0 91.6
200 | -2.32 -0.61 -0.28 -0.15|294 1.07 0.63 0.45|40.4 67.4 77.8 78.9 |47.7 779 86.7 88.9

SPMG estimator Standard Robust bootstrapped
30 | 0.15 0.05 0.02 0.00]|568 226 1.39 1.01 539 70.3 76.5 78.9 |86.3 92.6 93.7 9338
50 |-0.03 0.00 0.00 -0.01|4.36 1.69 1.03 0.79 | 52.5 70.4 75.5 76.7|84.4 91.7 943 93.2
100 | 0.04 0.02 0.00 -0.01|297 1.14 0.70 0.51 | 53.0 71.9 77.9 80.3|85.8 93.0 94.2 952
200 | 0.05 0.04 0.02 0.01]203 0.81 0.51 0.37|54.0 723 76.8 79.1|86.5 92.2 93.7 93.6

Bias (x100)

RMSE (x100)

95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-4.73 -240 -1.62 -1.20| 6.58 3.40 2.25 1.69 | 64.5 65.1 65.0 66.0
50 |-492 -243 -1.59 -1.19|6.03 3.01 1.99 1.50 | 52.1 524 54.1 548
100 | -4.76 -2.36 -1.58 -1.17 | 5.35 2.68 1.78 1.32|33.0 334 33.0 34.2
200 | -4.67 -2.34 -1.54 -1.14]498 250 1.65 1.22 | 145 128 123 12.6
PDOLS estimator, leads and lags order p =4
30 |-246 -1.15 -0.76 -0.56 | 6.21 2.82 1.76 1.30 | 74.3 79.0 78.1 79.6
50 | -2.68 -1.18 -0.76 -0.56 | 4.95 2.20 1.42 1.05|73.4 76.8 76.2 75.7
100 | -2.55 -1.16 -0.76 -0.56 | 3.92 1.77 1.12 0.82 | 67.6 69.3 69.9 7138
200 | -2.47 -1.15 -0.74 -0.54|3.28 148 0.94 0.69 | 56.8 574 581 57.2
PDOLS estimator, leads and lags order p = 8
30 |-1.35 -049 -0.32 -0.24 | 9.37 3.10 1.77 1.27 | 65.6 81.3 82.5 83.3
50 |-1.66 -0.49 -0.30 -0.22 | 7.05 2.27 1.35 0.98 | 68.8 81.8 82.0 81.2
100 | -1.28 -0.48 -0.32 -0.23 | 5.11 1.64 096 0.67 | 66.8 80.7 81.8 83.7
200 | -1.29 -0.53 -0.31 -0.22 |3.70 1.23 0.72 0.51 | 68.4 78.0 79.6 81.4
MGMW estimator, ¢ =5
30 | -5.76 -1.94 -0.96 -0.57|9.58 4.82 3.21 235 |79.1 843 851 85.9
50 |-5.78 -2.10 -1.00 -0.56 | 8.27 3.80 2.42 1.80 | 72.7 83.4 86.6 87.1
100 | -5.73 -1.92 -0.98 -0.61|7.11 297 1.86 1.33|59.9 78.6 84.3 87.0
200 | -5.58 -1.94 -0.97 -0.55|6.37 2.57 1.50 1.00 | 42.5 67.0 78.9 83.7

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Gaussian errors, LR causality x — y, # = 0, and SAR cross section dependence of errors. See notes to Table S1.
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Table S4: MC findings for the estimation of LR coefficient 6y = 1 in experiments with
Gaussian errors, LR causality z — y, 7 = 0 and factor+SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-0.32 -0.08 0.00 -0.04|3.69 1.69 1.05 0.79 | 53.8 63.8 68.7 67.8|89.8 92.6 94.5 93.9
50 |-0.36 -0.07 -0.03 0.02]297 1.29 0.83 0.62 |50.9 62.9 649 67.4|89.8 943 94.1 94.2
100 | -0.34 -0.02 -0.01 -0.01]2.14 099 0.61 0.44 | 48.3 58.6 63.9 65.2 | 88.8 93.7 950 94.7
200 | -0.22 -0.04 -0.03 -0.01 | 1.59 0.74 0.45 0.34 | 47.5 54.6 60.0 60.5|90.4 94.4 956 95.3

2-step Breitung’s estimator 25-0OLS 2S-robust
30 |-1.17 -0.32 -0.10 -0.09 | 4.16 195 1.22 092|585 66.2 69.5 69.3|79.0 87.5 91.6 92.1
50 |-1.16 -0.33 -0.16 -0.05|3.24 1.52 1.00 0.72 | 55.6 64.5 64.9 67.8|79.4 90.3 91.8 93.6
100 | -1.21 -0.26 -0.13 -0.08 | 2.60 1.14 0.74 0.53 | 49.0 60.0 62.4 65.7|79.0 91.3 94.2 94.6
200 | -1.04 -0.28 -0.14 -0.07 | 2.06 0.92 0.56 0.41 | 45.0 54.3 60.4 60.5|84.1 93.6 959 96.0

SPMG estimator Standard Robust bootstrapped
30 | 0.05 0.02 0.06 0.00]|5.17 1.84 1.10 0.81 |44.4 588 64.0 65.2 |83.9 90.8 934 93.7
50 |-0.07 0.02 001 0.04)|430 138 0.88 0.65]43.8 58.8 61.5 64.6 |84.4 92.6 928 934
100 | -0.11 0.08 0.03 0.01|4.42 1.08 0.63 0.46 | 40.9 53.2 60.0 62.8|83.3 91.3 94.1 94.1
200 | 0.16 0.05 0.01 0.01]|234 0.84 048 0.34 |40.6 51.1 58.6 60.4 |83.8 91.6 943 94.6

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200| 50 100 150 200 | 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -2.53 -1.41 -0.96 -0.73 | 4.55 2.43 1.63 1.22|65.2 64.3 644 64.5
50 |-2.70 -1.43 -1.00 -0.73 | 3.94 2.10 1.47 1.09 | 56.7 56.1 55.8 56.3
100 | -2.67 -1.38 -0.99 -0.74 | 3.45 1.80 1.28 0.96 | 44.3 45.1 42.0 40.5
200 | -2.51 -1.40 -0.94 -0.71|3.04 1.69 1.12 0.86|29.4 25.3 239 25.0
PDOLS estimator, leads and lags order p =4
30 | -1.74 -0.88 -0.55 -0.42|4.98 2.29 1.38 1.03|66.9 684 69.8 69.6
50 |-1.85 -0.86 -0.59 -0.41 |4.11 1.79 1.18 0.85|63.2 66.1 64.8 65.5
100 | -1.79 -0.81 -0.57 -0.42|3.31 1.42 0.95 0.70 | 56.6 59.7 59.5 58.4
200 | -1.61 -0.85 -0.56 -0.41 |2.69 1.25 0.79 0.58 | 49.1 47.6 46.7 46.2
PDOLS estimator, leads and lags order p = 8
30 | -1.22 -0.51 -0.28 -0.23 830 2.64 1.43 1.06|53.9 66.7 72.3 69.7
50 |-1.23 -0.47 -0.31 -0.19 |6.63 1.97 1.17 0.81 | 50.8 67.3 67.3 70.2
100 | -1.07 -0.43 -0.31 -0.22 | 5.08 1.52 0.90 0.63 | 47.6 62.4 656 64.6
200 | -0.89 -0.47 -0.31 -0.21 | 430 1.26 0.71 0.50 | 42.4 55.6 58.7 59.5
MGMW estimator, ¢ =5
30 |-0.82 -0.40 -0.15 -0.13|5.38 3.06 2.01 1.56 |80.1 79.1 78.9 78.3
50 |-0.99 -0.51 -0.26 -0.13|4.34 2.32 1.60 1.21|79.0 80.9 783 79.1
100 | -0.96 -0.33 -0.22 -0.12|3.32 1.66 1.17 087|765 79.1 79.8 78.0
200 | -0.84 -0.39 -0.24 -0.15|2.58 1.28 0.85 0.62|73.1 77.3 78.0 78.6

Notes: This table reports findings for the estimation of long run coefficient g = 1 in experiments featuring Gaussian errors,

LR causality x — y, m = 0, and factor+SAR cross section dependence of errors. See notes to Table S1.
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Table S5: MC results for the estimation of LR coefficient 6y = 1 in experiments with
Gaussian errors, LR causality z — y, 7 = 0.05 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 |-0.95 -0.20 -0.10 -0.06 | 4.36 1.71 1.06 0.75 | 67.7 84.6 87.6 90.2 |88.7 94.2 94.0 945
50 |-1.11 -0.27 -0.10 -0.05|3.34 1.36 0.81 0.59 | 68.6 83.3 88.9 89.6 |89.4 92.6 93.9 94.9
100 | -0.96 -0.22 -0.08 -0.05]2.33 091 0.57 0.40 | 67.1 84.8 88.1 91.2|89.3 93.5 94.1 94,5
200 | -1.06 -0.22 -0.09 -0.05|1.83 0.66 0.39 0.29 | 61.8 84.1 89.2 91.2 |85.1 93.6 951 94.8
2-step Breitung’s estimator 25-0OLS 2S-robust

30 |-3.54 -1.27 -0.86 -0.48 |9.29 3.92 4.57 3.11 |66.4 78.6 80.5 80.3|64.6 77.1 79.8 79.2
50 | -3.45 -1.34 -0.80 -0.65|5.27 3.17 2.81 2.68 |60.3 745 76.8 769|582 73.8 764 771
100 | -3.44 -1.34 -0.80 -0.57|4.53 2.75 1.97 2.01 | 45.2 66.6 72.6 72.9|44.2 656 721 724
200 | -3.48 -1.25 -0.77 -0.58 | 4.02 2.03 1.96 1.37 |26.8 58.6 66.5 68.1|25.5 57.4 657 68.0
SPMG estimator Standard Robust bootstrapped
30 | 0.23 0.08 0.02 0.01]510 1.81 1.09 0.77 | 59.1 80.1 86.4 88.3|86.0 93.2 93.9 94.3
50 0.00 -0.04 0.00 0.00 372 143 0.83 0.60|60.4 789 874 88.1|86.0 92.0 94.0 94.3
100 | 0.13 0.02 0.02 0.01 253 0.95 0.59 041 |60.1 81.2 86.0 89.6 |86.2 93.3 934 93.7
200 | -0.01 0.02 0.01 0.00|1.76 0.67 0.40 0.29 | 61.9 81.0 87.3 88.6 |87.0 92.5 94.2 94.9

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -6.01 -3.26 -2.29 -1.79| 7.67 4.45 330 2.76|67.7 74.0 77.7 80.3
50 |-6.01 -3.30 -2.34 -1.89 7.02 4.02 3.05 2.64|57.1 63.3 678 73.2
100 | -5.98 -3.28 -2.33 -1.82 | 6.52 3.67 2.69 2.20 | 33.9 41.8 49.7 56.5
200 | -5.97 -3.23 -2.29 -1.81 6.23 344 248 202|169 21.1 281 36.9
PDOLS estimator, leads and lags order p =4
30 | -4.03 -2.15 -1.54 -1.23 7.13 399 296 252|804 885 89.1 90.0
50 |-3.95 -2.17 -1.60 -1.34 | 589 3.30 2.62 237|785 84.7 85.6 87.7
100 | -4.01 -2.20 -1.59 -1.28 5.08 286 2.16 182|676 743 76.7 80.6
200 | -4.02 -2.16 -1.56 -1.27 | 4.58 2.52 186 1.58|49.9 604 65.1 71.0
PDOLS estimator, leads and lags order p = 8
30 |-3.19 -1.62 -1.19 -095| 992 431 3.05 254|694 903 91.6 92.6
50 |-2.99 -1.58 -1.22 -1.07| 739 3.27 260 238|733 887 90.2 92.0
100 | -3.01 -1.65 -1.23 -1.00 575 271 2.03 1.72|68.9 84.7 86.9 89.8
200 | -2.95 -1.62 -1.20 -1.01 4.57 221 1.64 1.42 655 79.2 83.0 850
MGMW estimator, ¢ =5
30 |-6.90 -2.87 -1.68 -1.15|10.58 5.95 4.55 4.04 |81.0 89.8 92.0 935
50 |-6.82 -3.00 -1.86 -1.45| 9.00 4.95 3.75 3.11 | 74.7 859 90.6 929
100 | -6.90 -2.96 -1.80 -1.29 | 8.16 4.13 291 2.39|60.0 77.7 86.5 89.4
200 | -6.86 -2.93 -1.76 -1.28 749 350 241 193|342 63.6 764 83.1

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Gaussian errors, LR causality x — y, 7 = 0.05, and no CS dependence of errors. See notes to Table S1.
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Table S6: MC results for the estimation of LR coefficient 6§y = 1 in experiments with
Gaussian errors, LR causality « — y, 7 = 0.05 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 |-1.04 -0.24 -0.11 -0.07 |5.04 2.16 136 1.00|63.0 75.1 79.3 80.3 |88.8 939 944 94.1
50 |-1.14 -0.26 -0.10 -0.06 | 3.88 1.65 1.02 0.78 | 62.1 74.3 79.3 79.5|88.3 92.6 945 93.6
100 | -1.03 -0.22 -0.09 -0.06 | 2.78 1.13 0.70 0.51 | 59.3 75.6 80.6 82.0 | 87.5 93.1 95.1 95.5
200 | -1.05 -0.21 -0.08 -0.04 | 2.08 0.82 0.51 0.37 | 54.9 73.9 79.1 80.9 |86.5 92.8 951 94.7
2-step Breitung’s estimator 25-0OLS 2S-robust

30 |-3.42 -1.28 -0.78 -0.51|6.95 4.41 3.66 3.65|60.4 71.4 73.0 74.7|66.8 78.6 81.7 81.3
50 | -3.65 -1.36 -0.86 -0.77 |5.83 3.31 3.14 3.45 (539 67.6 72.1 70.9|60.2 752 79.0 78.0
100 | -3.63 -1.33 -0.83 -0.63 | 5.06 2.76 2.10 2.22 |43.3 61.9 66.9 70.1|49.9 69.8 73.7 76.1
200 | -3.46 -1.32 -0.82 -0.58 | 4.27 2.09 191 1.92|29.5 56.2 63.6 657|342 619 69.3 722
SPMG estimator Standard Robust bootstrapped
30 | 0.13 0.07 0.02 0.00|5.81 231 1.42 1.03|549 704 76.3 785|857 93.0 933 94.2
50 0.00 -0.01 0.00 -0.01|4.48 173 1.05 0.81|53.7 70.1 76.1 77.1|84.4 92.0 93.7 93.2
100 | 0.06 0.03 0.01 0.00|3.02 1.17 0.72 0.52 | 53.4 71.0 78.4 80.5|855 93.0 944 955
200 | 0.04 0.05 0.03 0.02]2.08 0.83 0.52 0.38|53.5 72.0 76.9 79.2|86.5 91.8 94.0 93.8

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -6.08 -3.36 -2.41 -1.92 8.16 481 3.57 3.02 |64.5 698 725 754
50 | -6.24 -3.40 -2.43 -2.00 7.52 427 324 282|535 604 652 68.2
100 | -6.11 -3.34 -2.42 -1.94 6.80 3.83 285 236|342 41.5 470 55.1
200 | -6.02 -3.29 -2.35 -1.88 6.38 3.54 257 211|184 235 301 37.5
PDOLS estimator, leads and lags order p =4
30 | -4.00 -2.20 -1.61 -1.32 7.87 440 3.23 277|743 821 822 85.1
50 |-4.19 -2.23 -1.66 -1.41| 6.60 3.57 283 255|720 785 80.0 825
100 | -4.10 -2.23 -1.66 -1.37| 5.47 3.03 230 197 | 64.7 70.5 728 77.7
200 | -4.01 -2.19 -1.60 -1.32 4.78 263 193 1.65|50.2 585 63.8 67.7
PDOLS estimator, leads and lags order p = 8
30 |-3.07 -1.63 -1.23 -1.02|11.02 4.80 3.35 280 |66.2 829 855 875
50 | -3.36 -1.61 -1.26 -1.12 8.67 3.57 282 257 |67.1 834 86.0 86.7
100 | -2.99 -1.65 -1.28 -1.08 6.38 290 2.17 187 |64.6 80.6 829 86.3
200 | -2.94 -1.65 -1.23 -1.04 | 490 237 1.72 1.49 629 758 78.2 825
MGMW estimator, ¢ =5
30 | -6.95 -2.89 -1.79 -1.36 | 11.11 6.55 4.82 4.28 | 77.8 85.6 87.1 88.8
50 |-7.00 -3.11 -1.85 -1.43| 9.66 5.32 4.03 3.38 | 71.0 819 878 895
100 | -7.11 -2.99 -1.90 -1.45| 853 4.29 3.11 2.59 | 576 76.8 82.7 86.0
200 | -6.88 -297 -1.80 -1.35| 7.69 3.69 247 2.02|38.0 629 754 80.6

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Gaussian errors, LR causality x — y, m = 0.05, and SAR CS dependence of errors. See notes to Table S1.
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Table S7: MC results for the estimation of LR coefficient 6§y = 1 in experiments with
Gaussian errors, LR causality z — y, m = 0.05 and factor+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
‘ PMG estimator Standard Robust bootstrapped

30 -0.36 -0.08 0.00 -0.04 377 1.71 1.07 0.80|53.6 64.3 69.2 68.4 |89.7 929 942 939
50 -0.38 -0.07 -0.03 0.02|3.03 131 084 0.63]|51.7 63.6 654 68.3|89.6 944 942 94.2
100 -0.37 -0.02 -0.01 -0.01 |2.19 1.00 0.62 0.45 | 48.7 588 64.6 66.2 |89.2 94.0 951 94.7
200 -0.25 -0.05 -0.03 -0.01 |1.63 0.75 046 0.34|47.8 55.1 61.1 60.8 |90.7 94.7 959 95.5
2-step Breitung’s estimator 25-OLS 2S-robust
30 -1.68 -0.63 -0.39 -0.30 | 5.07 3.60 2.69 2.25]|57.3 63.8 67.1 64.6 | 74.8 82.5 84.9 826
50 -1.71 -0.79 -0.56 -0.38 | 4.04 2.67 2.14 1.96|53.0 625 63.5 63.9 | 755 821 832 826
100 -1.77 -0.65 -0.44 -0.37|3.33 205 1.57 1.53 |454 582 60.6 63.7|71.7 84.6 84.1 829
200 -1.59 -0.65 -0.40 -0.34 |2.68 1.48 1.15 1.13|40.3 51.6 587 61.0 | 73.8 843 86.0 84.3
SPMG estimator Standard Robust bootstrapped
30 0.00 0.03 0.06 0.00 534 1.8 1.12 0.82|453 59.3 65.6 66.2 839 909 93.0 934
50 -0.10 0.02 0.01 0.04|4.67 1.41 089 0.66|44.0 59.1 614 64.8|84.3 924 932 93.7
100 -0.14 0.09 0.03 0.01|5.01 1.09 064 0.46 | 41.0 544 60.8 63.5|83.7 91.5 941 938
200 0.14 0.05 0.02 0.01 247 0.8 048 0.35|41.2 51.6 589 61.2 835 91.6 945 945

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 -3.09 -1.79 -1.36 -1.07 |5.31 3.10 2.35 1.96|68.6 71.8 73.0 75.5
50 -3.32 -186 -142 -1.12|4.64 273 217 1.75|620 673 672 727
100 -3.24 -1.82 -140 -1.11|4.08 233 1.85 1.50 | 50.3 56.7 59.0 654
200 -3.12 -1.85 -1.32 -1.07|3.69 221 1.57 1.31]36.9 40.1 433 514
PDOLS estimator, leads and lags order p =4

30 -2.39 -1.30 -0.99 -0.78 | 5.78 3.09 2.22 1.86 | 70.0 75.6 78.9 79.3
50 -2.60 -1.34 -1.05 -0.83 |4.89 253 199 1.60|66.0 759 76.2 80.9
100 -248 -1.31 -1.03 -0.83 | 3.97 2.00 1.58 1.30|60.6 71.7 73.3 76.8
200 -2.35 -1.36 -0.97 -0.79 | 3.38 1.83 1.28 1.07 | 53.5 61.6 65.4 71.2
PDOLS estimator, leads and lags order p = 8

30 -1.97 -097 -0.77 -0.62 | 896 3.55 237 193|550 73.8 80.3 79.2
50 -2.07 -1.02 -0.81 -0.64 | 7.27 2.75 2.03 1.62|523 75.8 79.6 83.7
100 -1.85 -0.99 -0.81 -0.65|5.58 2.08 1.56 1.26 | 50.7 75.1 79.0 83.4
200 -1.70 -1.05 -0.76 -0.62|4.71 1.82 1.19 0.99 | 43.8 69.2 73.7 79.0
MGMW estimator, g =5

30 -0.94 -044 -0.30 -0.24 | 590 3.84 279 239|824 83.1 844 85.2
50 -1.19 -0.61 -045 -0.26 |4.88 298 230 193|816 844 84.2 86.9
100 -1.10 -0.48 -0.36 -0.25|3.70 2.10 1.62 1.53 | 79.7 84.0 86.2 87.0
200 -1.00 -0.52 -0.34 -0.24 {293 1.67 1.20 1.03|76.8 81.3 84.9 86.7

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Gaussian errors, LR causality  — y, m = 0.05, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S8: MC results for the estimation of LR coefficient 6§y = 1 in experiments with
Gaussian errors, LR causality * — y, 7 = 0.2 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-1.28 -0.25 -0.12 -0.07| 492 186 1.16 0.83|67.2 849 881 90.0|83.0 943 94.5 94.1
50 |-1.38 -0.31 -0.12 -0.07| 3.76 1.48 0.89 0.64 | 66.0 82.6 882 90.1 |88.0 924 93.7 94.2
100 | -1.24 -0.28 -0.10 -0.05 2.64 1.01 0.62 043|639 838 882 91.0|884 93.3 94.3 95.0
200 | -1.29 -0.26 -0.10 -0.06 | 2.08 0.73 0.44 0.32 | 57.7 829 88.1 89.9 |84.5 93.4 94.7 94.5

2-step Breitung’s estimator 2S-OLS 2S-robust
30 | -6.92 -3.03 -2.26 -1.52|13.29 825 7.10 6.43|509 66.8 69.2 70.7|49.2 66.5 684 70.8
50 | -7.06 -3.30 -2.35 -1.94|10.15 6.46 5.69 b5.65|40.9 60.2 63.4 66.1|39.5 59.3 62.7 65.6
100 | -7.00 -3.33 -2.09 -1.90 | 8.61 5.73 4.79 4.81|26.2 51.9 60.9 63.9|259 51.2 604 635
200 | -7.12 -3.22 -2.22 -1.96| 806 4.39 3.84 7.77|123 388 50.0 57.4 |11.8 38.8 50.0 57.4

SPMG estimator Standard Robust bootstrapped
30 | 0.27r 0.11 0.04 0.02| 580 199 120 085|575 80.7 865 878|853 93.6 939 94.5
50 0.05 0.00 0.01 0.00 4.18 1.55 0.92 0.66 | 58.8 79.8 86.7 89.0 | 85.2 92.0 934 93.9
100 | 0.13 0.03 0.03 0.02| 2.80 1.05 0.64 0.44|58.6 81.0 87.0 89.6 | 86.7 92.9 93.5 95.0
200 | 0.03 0.05 0.03 0.02| 191 0.73 0.45 0.32|60.1 80.4 86.3 88.6|8.4 92.7 939 94.1

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 -9.92 -5.89 -4.53 -3.79| 12.06 7.61 6.18 545 |64.3 77.1 815 85.6
50 |-10.19 -6.17 -4.84 -4.14 | 1149 727 594 530|538 663 727 757
100 | -10.10 -6.14 -4.69 -3.93 | 10.84 6.77 5.28 4.51 | 354 46.8 544 61.6
200 | -10.10 -6.10 -4.67 -3.95| 1048 6.43 4.97 427|248 263 320 39.6
PDOLS estimator, leads and lags order p = 4
30 -8.45 -5.03 -3.93 -3.33 | 11.88 7.40 6.02 533|725 853 86.3 884
50 -8.70 -5.29 -4.27 -3.71|10.85 6.80 5.66 5.11 | 67.6 80.3 80.1 82.0
100 -8.71 -5.34 -4.12 -3.50 9.92 6.21 488 4.22 529 664 689 73.0
200 -8.72 -5.31 -4.11 -3.52 9.35 5.77 4.50 3.92 | 357 499 52.0 5738
PDOLS estimator, leads and lags order p = 8
30 -791 -4.74 -3.772 -3.16 | 14.59 7.94 6.29 549 | 63.7 85.2 88.4 89.8
50 -8.26 -4.93 -4.06 -3.55| 12.51 6.96 5.77 5.20 | 61.2 82.1 83.7 85.9
100 -8.18 -5.05 -3.92 -3.34 | 10.64 6.26 4.87 4.20 | 50.5 71.3 76.9 79.6
200 | -8.15 -5.02 -3.91 -3.36| 9.51 5.65 4.41 385|377 579 64.7 66.8
MGMW estimator, ¢ =5
30 | -10.59 -5.62 -4.21 -3.38| 15.01 9.85 8.12 7.58 |76.3 859 89.5 914
50 |-10.73 -5.97 -4.44 -3.92|13.27 854 7.06 6.30 | 664 794 83.8 872
100 | -10.76 -5.81 -4.20 -3.48 | 12.19 7.35 5.76 5.00 | 48.3 68.0 75.7 79.1
200 | -10.74 -5.89 -4.28 -3.52 | 1147 6.65 5.06 4.33 |21.9 458 587 66.5

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Gaussian errors, LR causality x — y, 7 = 0.2, and no CS dependence of errors. See notes to Table S1.
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Table S9: MC results for the estimation of LR coefficient 6§y = 1 in experiments with
Gaussian errors, LR causality z — y, 7 = 0.2 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
‘ PMG estimator Standard Robust bootstrapped
30 -1.34 -0.30 -0.13 -0.09| 548 232 146 1.07|619 762 789 81.0|89.3 94.5 94.6 94.5
50 -141 -0.29 -0.12 -0.08 424 178 1.10 0.84 | 62.2 751 80.9 79.8|88.7 92.7 942 93.8
100 -1.32 -0.27 -0.11 -0.06 3.06 1.22 0.75 0.54 | 585 76.2 81.4 83.5|87.4 93.7 950 953
200 -1.29 -0.25 -0.10 -0.05| 2.32 0.88 0.55 0.40 |53.7 74.4 789 827|859 93.0 94.7 93.9
2-step Breitung’s estimator 2S-OLS 2S-robust
30 -6.85 -3.18 -2.35 -1.77 | 11.67 9.88 7.15 8.68|48.7 619 66.0 68.0|53.5 670 71.1 71.8
50 -7.21 -3.45 -2.61 -2.15| 1042 6.44 6.43 6.27|40.2 579 62.8 63.0|44.4 63.1 66.5 67.2
100 -7.22 -3.33 -2.33 -1.94 9.18 548 4.63 4.42 | 26.7 51.2 585 60.3|29.7 54.4 624 63.8
200 -7.00 -3.36 -2.35 -1.87| 828 4.53 3.86 3.44 | 143 38.6 49.8 54.5|16.3 42.1 53.5 57.3
SPMG estimator Standard Robust bootstrapped
30 021 0.10 0.04 0.01]| 637 248 152 1.10|529 708 769 793|858 933 93.6 94.3
50 0.06 0.05 0.02 0.00 485 1.8 1.14 0.86|534 71.8 781 77.8|854 924 93.6 93.2
100 0.03 0.04 0.02 0.01| 322 1.25 0.77 0.56 | 53.3 72.8 79.7 81.3 |86.4 93.3 94.6 95.2
200 0.07 0.07 0.04 0.03| 223 090 0.56 0.41|53.7 712 76.5 79.4 859 92.0 93.5 93.8

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
‘ PDOLS estimator, leads and lags order p = 1

30 -10.13 -6.12 -4.80 -4.10 | 12.72 8.01 6.60 585|632 732 780 818

50 -10.51 -6.39 -5.07 -4.37 | 12.07 7.66 6.35 5.69 | 51.6 61.9 68.5 74.1

100 -10.33 -6.29 -4.91 -4.19 | 11.19 6.99 5.55 482|356 455 525 57.9

200 -10.13 -6.22 -4.83 -4.14 | 10.57 6.57 5.17 4.48 | 25.5 26.6 33.0 38.5
PDOLS estimator, leads and lags order p =4

30 -8.57 -5.22 -4.17 -3.61 | 12.67 7.81 6.45 5.72|70.3 82.2 839 86.4

50 -9.06 -5.50 -4.48 -3.91 |11.58 7.22 6.10 5.51 | 63.8 75.2 76.9 80.1

100 -891 -546 -4.32 -3.73 | 10.31 6.43 5.14 4.52 | 51.1 63.7 66.8 69.6

200 -8.70 -5.41 -4.26 -3.69 9.44 591 4.69 4.13|374 48.6 50.2 544
PDOLS estimator, leads and lags order p = 8

30 -8.07 -4.89 -3.95 -3.43|15.66 841 6.76 590 | 61.3 81.6 852 878

50 -8.71 -5.12 -4.26 -3.73 | 13.73 743 6.23 5.61 | 586 79.0 824 83.1

100 -8.24 -5.15 -4.11 -3.57 | 11.07 6.48 5.14 4.51 | 50.0 69.6 74.7 76.5

200 -8.16 -5.13 -4.06 -3.53 | 9.68 5.82 4.61 4.06 | 37.9 57.2 623 64.7

MGMW estimator, ¢ =5

30 -1090 -6.05 -4.47 -3.98|15.81 10.70 8.56 8.14| 72.6 83.0 87.3 88.6

50 -11.08 -6.32 -4.62 -3.96 | 14.11 9.21 7.65 6.73|63.3 76.9 81.2 84.0

100 -10.96 -5.88 -4.40 -3.75| 1259 7.55 6.01 5.35|46.3 657 735 77.8

200 -10.82 -599 -4.40 -3.71 | 11.69 6.82 5.25 4.61 | 24.0 46.9 57.8 63.2

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Gaussian errors, LR causality x — y, m = 0.2, and SAR CS dependence of errors. See notes to Table S1.
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Table S10: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Gaussian errors, LR causality z — y, 7 = 0.2 and factor+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 | 50 100 150 200| 50 100 150 200 | 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-0.47 -0.09 0.00 -0.04 |4.13 1.80 1.12 0.84|549 659 714 70.2|90.1 93.4 94.8 94.2
50 |-0.45 -0.09 -0.03 0.01 320 1.37 0.89 0.66|52.7 65.7 68.0 69.6 | 89.8 94.5 94.3 94.0
100 | -0.46 -0.04 -0.01 -0.01 |2.33 1.05 0.64 0.47|48.2 61.3 66.2 68.7|89.5 943 949 95.0
200 | -0.32 -0.06 -0.03 -0.01 |1.75 0.79 048 0.36 | 48.7 56.8 63.6 62.3 |90.1 94.6 959 95.1

2-step Breitung’s estimator 25-OLS 2S-robust
30 |[-323 -1.65 -1.16 -1.20|7.84 6.85 540 5.93|50.2 594 61.7 614|650 740 739 733
50 |-3.28 -1.78 -1.53 -1.19 | 853 4.72 429 3.81|453 56.3 59.8 61.8 625 71.2 72.0 728
100 | -3.50 -1.64 -1.30 -1.13 |5.55 3.58 3.45 297|376 543 57.1 59.5|54.0 71.1 713 72.0
200 | -3.25 -1.68 -1.25 -1.16 | 4.68 2.91 275 2.44|31.2 46.7 524 545|504 67.2 723 705

SPMG estimator Standard Robust bootstrapped
30 0.10 0.05 0.06 0.00|6.79 197 1.18 0.86|44.2 59.8 67.1 67.8 844 91.6 943 93.6
50 |[-0.20 0.04 0.02 003|715 148 094 0.69|44.5 609 64.2 658 |84.2 925 935 93.2
100 | -0.15 0.09 0.04 0.02|5.59 1.15 0.67 0.48 | 41.6 56.0 62.4 653 |84.1 921 948 94.2
200 | 0.14 0.06 0.02 0.02 337 092 050 0.36|40.7 53.6 62.1 61.5|84.2 91.9 94.0 944

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100)

RMSE (x100)

95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -4.71 -3.05 -2.46 -2.07| 7.36 4.79 4.04 3.47 | 727 81.5 82.0 85.6
50 |-5.11 -3.16 -2.60 -2.22 | 6.69 4.33 3.72 3.20 | 683 753 770 825
100 | -5.04 -3.15 -2.60 -2.16 | 6.06 3.88 3.26 2.76 | 56.9 63.8 66.9 72.1
200 | -4.83 -3.16 -2.44 -2.15 5.52 3.63 2.85 255|452 482 522 578
PDOLS estimator, leads and lags order p =4
30 | 433 -2.72 -219 -1.85 8.12 495 4.08 347|734 84.0 85.7 88.6
50 | -4.74 -2.80 -2.34 -2.00 7.22 431 3.67 3.14|69.7 829 829 86.8
100 | -4.64 -2.81 -2.34 -1.95| 6.22 3.73 3.12 2.63|623 74.7 76.3 79.9
200 | -4.37 -2.85 -2.19 -1.94 547 344 267 239|547 654 669 70.1
PDOLS estimator, leads and lags order p = 8
30 | -4.13 -259 -2.09 -1.77 | 11.15 5.54 4.39 3.65|56.0 82.1 86.7 88.6
50 |-4.45 -2.65 -2.23 -1.90 9.49 471 3.84 3.25|54.5 822 83.6 88.7
100 | -4.26 -2.67 -2.25 -1.85 7.62 3.92 323 265|503 77.8 80.6 84.1
200 | -3.92 -2.75 -2.09 -1.86| 6.53 3.59 2.68 238|427 69.1 743 765
MGMW estimator, g =5
30 |-1.25 -0.83 -0.69 -0.61| 7.62 562 4.78 431|850 874 874 91.2
50 |-1.69 -0.92 -0.89 -0.58| 640 4.49 3.83 344|835 873 881 905
100 | -1.63 -0.88 -0.69 -0.52 499 3.29 2.81 2.61 | 80.3 86.2 88.3 89.2
200 | -1.43 -0.90 -0.65 -0.55 4.12 274 217 2.02 | 76.6 81.6 84.9 85.7

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Gaussian errors, LR causality  — y, # = 0.2, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S11: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Gaussian errors, LR causality = < y, m = 0 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -5.99 -281 -1.77r -1.27|7.00 3.22 204 1.45|274 33.7 384 41.7|52.7 49.8 51.8 509
50 | -5.84 -2.65 -1.70 -1.22 |6.50 292 1.86 1.34|14.6 199 215 23.7|34.0 32.8 31.8 317
100 | -5.68 -2.67 -1.69 -1.21|6.03 279 1.77 1.27 2.5 2.9 3.6 4.9 | 10.0 7.1 6.4 7.8
200 | -5.59 -2.63 -1.66 -1.19 |5.75 270 1.70 1.22 00 00 00 01| 0.8 03 01 0.3

2-step Breitung’s estimator 25-0OLS 2S-robust
30 | -2.76 -0.81 -0.36 -0.21 | 4.15 1.65 1.00 0.70 | 67.2 85.2 88.5 91.4|65.6 83.9 884 90.9
50 |-2.61 -0.68 -0.30 -0.17|3.50 1.29 0.76 0.54 | 62.6 84.4 89.7 91.8|59.9 833 89.1 91.2
100 | -2.59 -0.73 -0.33 -0.18 | 3.08 1.06 0.59 0.40 | 44.7 75.8 86.5 90.0 |43.3 745 855 895
200 | -2.59 -0.72 -0.31 -0.17 | 2.83 0.91 0.47 0.31 223 63.8 80.5 86.5|21.0 61.6 79.6 85.6

SPMG estimator Standard Robust bootstrapped
30 | -0.03 -0.04 -0.01 -0.01]|3.62 143 0.89 0.62|66.9 83.6 882 90.1 |88.1 92.6 93.8 94.7
50 0.00 0.04 0.01 0.01]277 1.08 0.64 048 |67.2 83.6 89.6 90.5|88.2 93.0 951 944
100 | 0.01 -0.03 -0.01 0.00|1.91 0.77 0.47 0.32|66.5 83.5 88.3 91.6|90.3 93.1 939 95.6
200 | -0.01 -0.01 0.00 0.00|1.35 0.55 0.33 0.23 |68.1 824 88.6 90.3|88.5 92.6 94.0 944

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -4.73 -232 -147 -1.07|5.64 274 1.77 1.28 |575 59.1 61.2 61.7
50 | -4.57 -2.17 -1.40 -1.02|5.11 244 1.58 1.15|43.2 457 47.8 484
100 | -4.51 -2.20 -1.41 -1.02 481 234 150 1.09|171 175 174 183
200 | -4.53 -2.18 -1.40 -1.01|4.67 226 1.44 1.04 1.6 2.2 2.3 2.8
PDOLS estimator, leads and lags order p =4
30 | -1.69 -0.76 -0.46 -0.33|4.21 1.73 1.09 0.78 | 84.6 90.0 90.0 90.9
50 | -1.56 -0.63 -0.40 -0.29 |3.29 1.35 0.84 0.61 | 86.1 89.4 89.2 90.4
100 | -1.50 -0.69 -0.43 -0.31|2.55 1.09 0.68 048 |82.0 84.4 859 86.1
200 | -1.59 -0.68 -0.42 -0.30 | 2.13 091 0.56 0.40 | 729 76.1 76.5 78.3
PDOLS estimator, leads and lags order p = 8
30 | -0.51 -0.26 -0.14 -0.10 | 6.98 1.93 1.10 0.77 | 73.8 89.9 91.9 93.5
50 | -0.60 -0.16 -0.10 -0.07 |5.23 1.46 0.84 0.59 | 75.9 91.2 93.1 93.0
100 | -0.52 -0.21 -0.13 -0.08 | 3.75 1.06 0.61 0.41 | 77.2 90.3 91.9 924
200 | -0.71 -0.20 -0.11 -0.08 | 2.67 0.76 0.43 0.30 | 76.7 90.9 92.5 92.5
MGMW estimator, ¢ =5
30 |-5.18 -1.66 -0.76 -0.43 | 7.24 3.16 1.97 1.43|79.7 88.7 921 93.3
50 | -4.82 -1.45 -0.66 -0.38 | 6.17 2.50 1.53 1.14 | 74.4 89.9 92.0 93.7
100 | -5.03 -1.50 -0.68 -0.39 | 5.75 2.12 1.22 0.84 | 53.8 81.0 89.5 90.9
200 | -4.90 -1.51 -0.67 -0.37 |5.30 1.84 0.98 0.64 | 30.7 68.9 83.7 88.9

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Gaussian errors, LR causality x < y, 7 = 0, and no CS dependence of errors. See notes to Table S1.
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Table S12: MC results for the estimation of LR coefficient 0y = 1 in experiments with
Gaussian errors, LR causality z < y, 7 = 0 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
‘ PMG estimator Standard Robust bootstrapped
30 -6.14 -294 -1.91 -137|7.56 3.55 2.32 1.67 289 369 383 41.0|61.6 63.7 64.6 64.8
50 -5.95 -2.75 -1.79 -1.29 |6.91 3.18 2.06 1.48 | 18.7 24.6 25.8 27.0|46.6 49.6 49.1 51.0
100 -5.78 -2.73 -1.76 -1.27|6.27 293 1.89 1.37 5.4 6.0 8.0 86 |21.6 206 208 225
200 -5.65 -2.71 -1.73 -1.25|588 282 1.79 1.30| 04 05 09 07| 32 33 29 36
2-step Breitung’s estimator 25-0OLS 2S-robust
30 -2.88 -0.84 -040 -0.22|485 206 131 094622 751 79.6 81.1|70.2 85.0 884 91.0
50 -2.59 -0.69 -0.31 -0.16 395 1.61 1.00 0.71 | 585 76.0 79.6 82.0|64.9 842 88.2 O91.1
100 -2.66 -0.75 -0.34 -0.18 | 3.38 1.25 0.73 0.51 | 44.4 68.1 77.8 81.3|528 781 872 90.0
200 -2.64 -0.76 -0.34 -0.18|3.01 1.05 0.58 0.39 |25.1 579 720 779 |31.6 68.8 82.1 &8.1
SPMG estimator Standard Robust bootstrapped
30 -0.06 0.00 -0.01 -0.01|4.45 1.88 1.17 0.84 | 55.8 73.4 77.5 787|885 92,5 93.6 94.1
50 0.13 0.06 0.02 0.02]339 141 089 065|588 729 770 79.0|87.6 924 939 938
100 0.02 0.00 0.00 0.01231 098 0.62 045|589 71.9 771 79.1|88.6 921 933 944
200 -0.03 -0.02 0.00 0.00|1.62 0.71 0.44 0.31|60.1 725 779 79.4 |87.1 91.5 93.4 93.7

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
‘ PDOLS estimator, leads and lags order p = 1

30 -4.88 -242 -1.59 -1.16 | 6.23 3.08 2.05 1.50 | 55.8 56.4 56.8 56.7

50 -4.62 -2.23 -1.46 -1.07|5.45 268 1.76 1.29 | 45.0 47.1 46.4 4738

100 -4.63 -2.26 -1.47 -1.07|5.08 249 1.62 1.18|21.2 226 227 243

200 -4.59 -2.25 -146 -1.06|4.80 236 1.53 1.12 4.3 5.0 5.4 5.9
PDOLS estimator, leads and lags order p =4

30 -1.71 -0.79 -0.50 -0.36 | 5.15 2.18 1.41 1.01 | 75.8 80.7 80.2 82.5

50 -1.50 -0.64 -0.41 -0.30|3.98 1.69 1.09 0.78 | 77.9 81.4 80.6 81.9

100 -1.56 -0.70 -0.44 -0.31|3.01 1.29 0.82 059|734 76.6 77.0 78.0

200 -1.62 -0.71 -0.45 -0.31 240 1.05 0.66 0.47 | 66.6 68.3 69.9 70.5
PDOLS estimator, leads and lags order p = 8

30 -0.43 -0.27 -0.16 -0.11 | 827 248 148 1.03|66.7 821 82.6 83.9

50 -0.59 -0.15 -0.10 -0.06 | 6.32 1.90 1.13 0.78 | 67.5 82.4 81.7 83.5

100 -0.55 -0.20 -0.13 -0.07|4.41 1.31 0.77 054 |69.1 821 84.1 84.9

200 -0.72 -0.21 -0.12 -0.08 | 3.07 0.95 0.55 0.39 | 71.9 82.1 82.7 84.2

MGMW estimator, ¢ =5

30 -5.26 -1.59 -0.77 -0.45 | 7.84 3.58 2.32 1.70 | 75.4 83.7 86.0 86.3

50 -4.71 -143 -0.71 -042|646 281 1.76 1.31 | 726 84.2 &87.3 88.3

100 -5.03 -1.52 -0.71 -0.39 | 5.96 2.32 1.35 0.96 | 54.1 76.9 84.1 86.8

200 -4.95 -1.52 -0.70 -0.39 | 5.42 1.96 1.07 0.73 | 32.5 66.5 79.8 84.4

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Gaussian errors, LR causality x < y, 7 = 0, and SAR CS dependence of errors. See notes to Table S1.
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Table S13: MC results for the estimation of LR coefficient 0y = 1 in experiments with
Gaussian errors, LR causality = < y, 7 = 0 and factor4+SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-1.95 -094 -0.61 -0.45|3.54 1.65 1.08 0.78 | 47.2 53.6 54.2 57.0 |83.2 859 89.2 88.8
50 |-1.84 -0.86 -0.59 -0.42|3.08 1.41 0.93 0.67 |40.7 46.3 48.7 49.8 | 79.6 83.3 83.6 86.2
100 | -1.75 -0.85 -0.57 -0.41]254 121 0.80 0.58 | 30.5 35.1 36.8 38.2|74.8 772 776 795
200 | -1.68 -0.84 -0.56 -0.41 |2.28 1.11 0.73 0.54 | 22.1 24.2 24.0 25.1 |67.1 684 68.3 68.6

2-step Breitung’s estimator 25-0OLS 2S-robust
30 |-1.32 -0.39 -0.14 -0.11|3.30 1.46 0.91 0.67 |57.5 66.7 71.0 71.1|77.2 86.6 90.9 91.3
50 |-1.18 -0.31 -0.16 -0.08 | 2.70 1.13 0.71 0.51 [ 53.5 65.3 68.5 70.2 |75.0 87.0 90.5 91.3
100 | -1.14 -0.29 -0.15 -0.07 | 2.06 0.84 0.51 0.37 | 49.5 62.6 67.4 69.9 | 73.1 86.5 90.3 922
200 | -1.11 -0.31 -0.15 -0.08 | 1.77 0.68 0.39 0.28 | 43.5 57.9 64.0 65.8 |66.3 83.4 89.4 90.9

SPMG estimator Standard Robust bootstrapped
30 | -0.05 -0.04 0.01 -0.01]325 1.32 0.82 0.59 [ 49.1 60.9 66.8 69.4 | 86.5 92.3 93.7 94.6
50 |-0.01 0.02 -0.01 0.01]|260 1.00 0.63 0.46 | 46.6 61.5 64.4 68.1 | 86.4 92.0 94.2 93.8
100 | 0.03 0.02 -0.01 0.01|1.77 0.70 0.44 0.33 |49.5 61.4 650 673|878 921 93.7 939
200 | 0.04 0.00 0.00 0.00]|1.42 0.52 0.31 0.23|46.2 59.9 64.6 67.0 |87.4 91.4 93.6 934

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-224 -1.14 -0.7v3 -0.56 | 3.75 188 1.22 0.92|60.1 61.3 60.2 59.6
50 |-2.21 -1.05 -0.72 -0.53 | 3.30 1.58 1.05 0.79 | 52.2 54.6 54.1 544
100 | -2.08 -1.02 -0.71 -0.51 1273 135 093 0.68|41.4 415 40.0 43.3
200 | -2.07 -1.04 -0.69 -0.52| 254 126 0.85 0.64 | 25.0 24.1 23.2 24.6
PDOLS estimator, leads and lags order p =4
30 |[-1.20 -0.52 -0.29 -0.25|3.94 164 1.00 0.74|65.0 70.2 71.1 70.3
50 |-1.16 -0.44 -0.30 -0.21 | 3.21 1.25 0.80 0.58 | 62.8 68.6 69.5 68.1
100 | -1.05 -0.43 -0.30 -0.20 | 2.38 0.96 0.61 0.44|59.3 65.0 66.2 66.3
200 | -1.05 -0.47 -0.29 -0.21 |1.97 0.81 0.49 0.36 | 564.3 58.0 58.9 57.3
PDOLS estimator, leads and lags order p = 8
30 | -0.60 -0.23 -0.10 -0.11|6.74 1.91 1.10 0.76 | 53.7 69.3 72.6 71.6
50 |-0.52 -0.18 -0.11 -0.07 |5.36 1.45 0.85 0.59 |52.1 69.2 70.1 71.6
100 | -0.46 -0.17 -0.12 -0.06 | 3.95 1.07 0.59 0.41 | 53.3 66.8 71.2 70.3
200 | -0.64 -0.20 -0.11 -0.08 1299 0.81 0.44 0.31|51.1 66.4 67.2 70.0
MGMW estimator, ¢ =5
30 | -1.51 -0.49 -0.24 -0.17|4.22 208 1.44 1.03| 755 762 771 783
50 |-1.47 -0.43 -0.22 -0.13|3.51 1.63 1.08 0.79 | 73.1 77.0 79.6 78.9
100 | -1.35 -0.44 -0.23 -0.11|2.63 1.23 0.79 0.57 | 70.0 753 78.7 78.8
200 | -1.22 -0.43 -0.22 -0.13|2.16 094 0.59 0.44|65.6 729 76.3 773

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Gaussian errors, LR causality x < y, 7 = 0, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S14: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Gaussian errors, LR causality =z < y, 7 = 0.05 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -6.11 -287 -1.79 -1.28 | 7.16 3.30 2.08 1.48 | 27.7 34.8 39.3 42.1 | 53.8 50.1 52.5 51.8
50 | -5.91 -2.67 -1.72 -1.23|6.62 296 1.89 1.35|15.7 204 233 253|368 34.7 33.8 334
100 | -5.77 -2.69 -1.70 -1.22|6.14 282 1.79 1.28 2.6 3.1 3.8 5.2 | 11.2 8.1 7.1 8.4
200 | -5.66 -2.66 -1.67 -1.20|5.84 2.73 1.72 1.23| 00 00 00 01| 0.8 02 03 0.3

2-step Breitung’s estimator 25-0OLS 2S-robust
30 | -4.44 -1.88 -1.28 -1.12|6.97 6.08 3.62 3.27 | 58.7 70.8 74.0 74.9 |57.2 70.1 73.7 74.9
50 | -4.29 -1.87 -1.44 -1.10|6.01 3.58 3.64 3.01 |48.0 66.7 69.9 721|464 66.0 699 715
100 | -4.15 -1.79 -1.28 -1.04|5.31 3.85 222 208|312 53.7 63.0 63.4]30.2 53.7 628 62.6
200 | -4.30 -1.99 -1.39 -1.07 |4.82 257 212 1.70| 124 36.0 475 53.0|11.8 36.1 479 534

SPMG estimator Standard Robust bootstrapped
30 | -0.04 -0.06 -0.01 -0.01|3.72 147 091 0.64 |67.5 83.8 884 90.4 |88.6 929 94.0 95.1
50 0.02 0.04 0.01 0.01]285 1.11 0.66 049|669 832 89.9 90.8 |88.4 93.2 955 94.1
100 | 0.00 -0.03 -0.01 0.00|1.97 0.79 0.48 0.33 |67.3 83.1 88.3 91.2]90.2 931 94.1 955
200 | -0.01 0.00 0.00 0.00|1.38 0.56 0.34 0.24 | 67.7 83.0 89.0 90.5|89.2 93.0 944 95.0

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -6.48 -3.73 -2.68 -2.19|8.09 5.05 3.96 3.39|59.2 65.7 70.1 74.1
50 | -6.31 -3.54 -2.62 -2.11|7.33 439 3.45 292|451 56.8 614 67.2
100 | -6.19 -3.49 -2.55 -2.06 | 6.71 3.94 3.00 2.50 | 25.9 34.8 39.7 49.7
200 | -6.30 -3.59 -2.62 -2.11|6.58 3.84 2.87 2.36 | 12.8 16.0 229 299
PDOLS estimator, leads and lags order p =4
30 |-3.54 -225 -1.71 -148 |6.84 436 3.53 3.09 | 814 &87.8 89.8 91.8
50 |-3.46 -2.09 -1.67 -1.41|5.63 3.54 292 2.56|79.2 86.2 87.0 89.2
100 | -3.31 -2.05 -1.61 -1.37|4.55 285 234 203|728 769 814 83.2
200 | -3.51 -2.17 -1.69 -1.43|4.18 263 2.10 181|553 63.0 653 70.5
PDOLS estimator, leads and lags order p = 8
30 |-2.33 -1.75 -1.39 -1.25|9.33 4.53 3.63 3.16 | 71.4 88.5 90.8 93.0
50 |-2.51 -1.63 -1.38 -1.20 | 7.10 3.62 2.96 2.58 | 73.6 88.5 90.7 92.5
100 | -2.26 -1.58 -1.32 -1.16 | 5.14 2.72 226 197 | 73.7 84.6 874 88.1
200 | -2.57 -1.70 -1.39 -1.22 |4.25 239 1.93 1.69|66.8 77.7 80.0 80.9
MGMW estimator, ¢ =5
30 | -6.60 -2.92 -1.78 -1.519.46 5.27 480 3.73|78.0 88.2 929 93.8
50 |-6.24 -266 -1.81 -1.41|8.00 4.24 3.28 293|706 875 90.9 944
100 | -6.45 -2.72 -1.68 -1.33|7.36 3.66 2.60 2.30|49.7 76.2 85.0 88.6
200 | -6.36 -2.78 -1.80 -1.35|6.86 3.28 233 1.91|25.1 564 71.2 795

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Gaussian errors, LR causality x < y, 7 = 0.05, and no CS dependence of errors. See notes to Table S1.
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Table S15: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Gaussian errors, LR causality « < y, 7 = 0.05 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 | -6.25 -299 -1.93 -1.39|7.72 3.63 235 1.69|29.3 36.4 394 42.1|62.3 64.6 64.9 6538
50 | -6.04 -2.78 -1.81 -1.30|7.03 3.22 2.08 1.50|19.2 253 26.4 28.1|47.8 49.5 49.7 519
100 | -5.86 -2.75 -1.77 -1.28 |6.37 295 1.90 1.38 6.0 6.7 7.6 9.7 1223 222 21.2 233
200 | -5.73 -2.74 -1.74 -1.26 | 5.96 2.85 1.81 1.31 0.4 0.5 1.0 0.9 3.5 3.6 2.8 3.8
2-step Breitung’s estimator 25-0OLS 2S-robust

30 | -4.68 -2.21 -149 -1.27|7.67 4.74 429 3.62 | 544 654 68.7 70.2]|603 729 76.1 77.0
50 |-431 -190 -1.44 -1.15|6.39 3.71 3.21 3.01 | 48.2 63.5 66.6 68.5|53.0 69.3 732 742
100 | -4.25 -1.99 -1.41 -1.11 |5.42 3.04 2.49 2.16 | 32.0 52.0 59.0 60.9 | 38.8 58.0 65.7 67.3
200 | -4.37 -2.09 -1.43 -1.12|5.08 2.78 2.45 2.04|13.5 36.3 45.1 523|165 41.7 50.9 56.7
SPMG estimator Standard Robust bootstrapped
30 | -0.04 -0.01 -0.02 -0.01|4.54 192 1.19 0.85|57.2 73.7 77.5 80.1 |885 929 940 945
50 0.15 0.06 0.02 0.03]352 144 090 0.66 |57.6 729 76.7 79.4|86.9 922 934 94.0
100 | 0.02 0.00 0.00 0.01 236 1.00 0.63 0.46 |59.7 73.0 773 79.8 835 924 93.6 944
200 | -0.02 -0.02 -0.01 0.00|1.65 0.72 0.44 0.31 |59.4 727 779 79.8|87.8 91.8 93.8 93.7

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -6.68 -394 -293 -239| 857 542 434 371|576 626 66.6 71.1
50 | -6.40 -3.60 -2.71 -2.22 7.63 454 3.61 3.12 | 46.6 55.7 59.0 64.0
100 | -6.35 -3.61 -2.68 -2.17 7.01 4.13 3.18 267|268 36.6 41.5 48.7
200 | -6.39 -3.69 -2.72 -2.21| 6.73 399 299 248 | 13.7 16.3 21.9 30.3
PDOLS estimator, leads and lags order p =4
30 | -3.65 -240 -1.90 -1.63 753 4.73 3.89 3.39|76.1 828 84.2 874
50 |-3.43 -2.08 -1.71 -1.48 | 6.09 3.65 3.05 272|750 81.7 825 855
100 | -3.40 -2.12 -1.70 -1.45 490 3.06 249 218|694 740 77.6 80.8
200 | -3.58 -2.25 -1.76 -1.50 | 4.37 2.78 220 1.91 551 61.7 63.2 678
PDOLS estimator, leads and lags order p = 8
30 | -2.38 -1.90 -1.57 -1.39|10.49 497 4.01 346 |67.2 822 852 88.6
50 |-2.50 -1.59 -1.41 -1.26| 797 3.73 3.08 2.74|66.1 82.6 85.7 879
100 | -2.34 -1.63 -1.40 -1.23 5.72 295 242 212 |66.8 80.8 &83.5 86.0
200 | -2.65 -1.77 -1.44 -1.28 | 4.53 256 2.02 1.78 |63.6 73.7 76.5 78.6
MGMW estimator, ¢ =5
30 | -6.72 -296 -1.93 -1.57| 9.88 5.67 4.44 390|747 850 884 90.3
50 |-6.14 -2.63 -1.89 -1.50| 8.15 4.41 3.52 3.19|71.3 84.1 89.0 90.6
100 | -6.46 -2.80 -1.76 -1.38 | 7.52 3.82 2.80 2.38|49.6 73.7 82.1 859
200 | -6.43 -2.84 -1.86 -1.41 7.00 341 241 200|279 558 700 78.1

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Gaussian errors, LR causality x < y, m = 0.05, and SAR CS dependence of errors. See notes to Table S1.
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Table S16: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Gaussian errors, LR causality « < y, 7 = 0.05 and factor4+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 |[-1.97 -095 -0.62 -0.46 |3.59 1.67 1.09 0.80|48.1 53.7 55.0 57.2 831 86.6 89.2 884
50 |-1.85 -0.87 -0.60 -0.42|3.11 1.42 094 0.67|41.1 47.1 487 50.7 |81.1 833 835 857
100 | -1.77 -0.85 -0.58 -0.41 | 2.57 1.23 0.81 0.59 | 30.7 359 37.3 398|749 772 780 79.5
200 | -1.69 -0.85 -0.57 -0.42 (230 1.12 0.73 0.55|22.2 245 248 259|676 683 68.3 689
2-step Breitung’s estimator 25-OLS 2S-robust

30 |-2.01 -091 -0.60 -0.62 |4.56 3.10 240 2.28|54.5 61.8 66.0 66.0 | 71.9 78.0 80.3 79.0
50 |-1.87 -0.86 -0.68 -0.60 |3.89 2.33 2.09 192|503 618 63.0 63.7|67.6 774 774 764
100 | -1.83 -0.84 -0.66 -0.53|3.03 1.76 1.51 1.60 | 43.2 55.7 59.4 60.8|61.1 71.6 742 73.1
200 | -1.85 -0.88 -0.63 -0.54 [2.70 1.51 1.29 1.15|35.3 49.2 554 57.6 534 653 685 68.9
SPMG estimator Standard Robust bootstrapped
30 | -0.06 -0.04 0.01 -0.01|329 1.34 083 0.60|49.6 614 68.6 70.0|87.1 92.2 93.8 94.1
50 0.01 0.03 -0.01 0.01|265 1.02 0.64 0.46|47.6 62.2 65.5 68.5 |86.8 91.7 93.8 94.0
100 | 0.03 0.02 -0.01 0.01 |18 0.72 045 0.33 |50.7 614 66.8 672|875 92.0 93.8 94.0
200 | 0.03 0.00 0.00 0.00 (187 0.52 031 0.24|472 61.5 64.8 67.2 875 91.4 934 93.6

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-2.95 -1.76 -1.26 -1.07 |4.77 293 235 2.01|65.5 70.6 74.7 75.8
50 |[-291 -162 -1.26 -1.05|4.19 241 194 1.72|594 69.1 709 749
100 | -2.78 -1.59 -1.24 -1.00 | 3.57 2.13 1.68 1.43|494 60.2 623 69.0
200 | -2.81 -1.64 -1.23 -1.02|3.37 199 1.52 1.30| 374 44.3 48.0 54.8
PDOLS estimator, leads and lags order p =4
30 |-1.99 -1.20 -0.86 -0.78 | 5.00 2.81 2.27 1.93|70.1 78.3 80.7 83.4
50 |-1.97 -1.06 -0.87 -0.76 | 4.14 2.16 1.77 1.60 | 69.8 79.5 81.8 83.4
100 | -1.85 -1.06 -0.87 -0.72 | 3.26 1.82 144 1.26|65.7 779 79.8 83.8
200 | -1.90 -1.14 -0.86 -0.75|2.83 1.60 1.23 1.08 |61.6 70.3 73.4 76.9
PDOLS estimator, leads and lags order p = 8
30 |[-1.49 -095 -0.69 -0.66 | 7.68 3.15 245 201|573 775 821 834
50 |-1.38 -0.85 -0.72 -0.65|6.20 2.40 1.88 1.66 | 55.5 79.6 82.7 85.3
100 | -1.28 -0.84 -0.72 -0.60 | 465 194 146 1.28 | 564 804 &83.8 87.3
200 | -1.52 -0.93 -0.72 -0.64|3.64 1.60 1.20 1.05|53.1 76.8 80.9 84.1
MGMW estimator, g =5
30 |-1.76 -0.77 -0.44 -0.42|5.07 294 246 217|793 81.8 84.8 87.1
50 |-1.65 -0.64 -046 -0.41|4.11 240 192 1.69 | 782 83.0 86.3 88.0
100 | -1.56 -0.70 -0.44 -0.30 | 3.13 186 141 1.24|76.0 82.1 &87.6 88.3
200 | -1.43 -0.68 -0.45 -0.35|2.61 1.43 1.11 0.96 | 73.2 79.6 83.2 85.3

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Gaussian errors, LR causality z < y, m = 0.05, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S17: MC results for the estimation of LR coefficient 3 = 1 in experiments with

Gaussian errors, LR causality = < y, 7 = 0.2 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -6.47 -299 -1.86 -1.32| 7.75 349 218 1.56|30.6 37.3 44.0 472 |56.8 54.1 559 56.5
50 |-6.24 -2.78 -1.79 -1.27 7.06 3.11 199 1.42 | 174 231 276 29.2]39.8 39.2 38.0 385
100 | -6.06 -2.78 -1.75 -1.25 6.48 2.94 186 1.32 3.6 4.8 6.0 6.9 | 13.8 11.6 12.0 11.0
200 | -5.92 -2.76 -1.72 -1.23 6.12 2.84 1.78 1.27 0.1 0.1 0.3 0.3 1.3 0.8 0.6 1.1

2-step Breitung’s estimator 25-0OLS 2S-robust
30 | -9.50 -5.27 -4.20 -3.94 | 13.76 10.15 837 7.99 |41.3 54.1 575 581|395 53.1 576 58.1
50 |-9.52 -5.49 -4.41 -3.69 | 12.26 8.07 726 6.34 | 274 457 484 b53.5|27.4 457 48.6 534
100 | -9.18 -5.55 -4.43 -3.85|11.00 8.06 5.95 5.43 | 14.2 30.0 36.8 40.9 | 14.7 30.0 36.6 40.5
200 | -9.19 -5.56 -4.41 -3.71 9.91 6.29 527 457 | 44 142 222 26.7| 4.1 145 224 275

SPMG estimator Standard Robust bootstrapped
30 | -0.01 -0.06 -0.01 -0.01| 4.13 1.63 0.99 0.70 | 65.6 83.5 87.7 89.7|885 934 942 94.6
50 0.04 0.05 0.01 0.02 3.18 1.21 0.74 0.54 | 65.3 84.5 88.7 90.1 | 8.1 93.5 94.6 94.1
100 | 0.01 -0.02 -0.01 0.00| 2.18 0.87 0.53 0.36 | 66.3 82.1 87.4 90.8 |89.2 93.4 939 955
200 | 0.00 -0.01 0.00 0.01| 150 0.63 037 0.26|66.3 814 881 90.2|83.6 92.0 942 94.1

B: PDOLS and MGMW estimators

using standard asymptotic confidence intervals.

Bias (x100)

RMSE (x100)

95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -11.57 -7.67 -6.14 -539 | 13.84 9.60 7.98 7.22|58.1 66.6 71.7 75.1
50 |-11.50 -7.61 -6.12 -5.26 | 13.00 8.99 740 6.49| 455 552 59.7 66.0
100 | -11.29 -7.66 -6.25 -5.43 | 12.06 834 6.89 6.09 | 30.9 334 36.7 434
200 | -11.41 -7.61 -6.14 -5.35 | 11.82 7.98 6.50 5.70 | 20.5 16.2 19.6 22.0
PDOLS estimator, leads and lags order p =4
30 -9.13 -6.39 -5.30 -4.76 | 12.94 9.04 7.61 694|704 779 80.8 83.6
50 -9.09 -6.41 -5.32 -4.67 | 11.58 831 6.94 6.15|64.2 733 73.1 76.6
100 | -8.85 -6.49 -547 -4.84|10.18 743 6.30 5.65|50.7 54.3 555 59.7
200 | -9.08 -6.43 -5.35 -4.76 | 9.78 6.96 5.80 5.19|29.9 353 36.6 37.5
PDOLS estimator, leads and lags order p = 8
30 -7.74 -5.89 -499 -4.54 | 15.04 933 7.75 7.02|62.7 781 828 844
50 -8.03 -6.01 -5.05 -4.48 |12.61 841 6.99 6.20 | 58.5 73.6 753 79.7
100 -7.81 -6.10 -5.24 -4.67 | 10.40 7.33 6.24 5.60 | 52.6 59.5 60.9 65.3
200 | -8.02 -5.99 -5.08 -4.58 | 947 6.69 5.63 5.09 | 355 42.1 454 45.7
MGMW estimator, ¢ =5
30 | -11.14 -6.76 -5.07 -4.40 | 14.66 10.10 8.74 7.69| 714 82.6 87.0 90.5
50 | -10.58 -6.26 -4.99 -4.32|12.84 839 7.09 642 |61.6 775 820 86.0
100 | -10.85 -6.51 -5.07 -4.37|12.09 7.69 6.21 557 |39.1 56.8 64.9 70.2
200 | -10.56 -6.45 -5.02 -4.31 | 11.16 7.03 5.66 497 | 15.7 329 428 49.7

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Gaussian errors, LR causality x < y, 7 = 0.2, and no CS dependence of errors. See notes to Table S1.
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Table S18: MC results for the estimation of LR coefficient 0y = 1 in experiments with
Gaussian errors, LR causality z < y, m = 0.2 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -6.64 -3.14 -2.01 -1.43 8.28 3.84 247 1.77 | 31.1 39.0 424 449 |63.4 66.7 67.0 68.0
50 | -6.37 -2.89 -1.88 -1.33| 750 3.37 217 155|206 273 287 30.1|49.3 52.0 52.3 55.0
100 | -6.15 -2.85 -1.83 -1.32 6.71 3.08 1.98 1.43 6.3 8.2 9.6 10.8 | 24.1 254 24.3 259
200 | -5.99 -2.84 -1.79 -1.30 6.26 2.96 1.87 1.35 0.5 0.4 1.3 1.8 4.5 4.5 4.6 5.3

2-step Breitung’s estimator 25-0OLS 2S-robust
30 | -9.84 -5.64 -4.68 -4.37 | 14.03 10.00 8.77 9.33|38.6 52.2 553 559|425 572 59.7 59.9
50 | -9.57 -5.62 -4.57 -3.92 | 1241 8.24 748 6.79 | 30.0 45.3 486 50.4 | 33.5 49.7 52.2 53.8
100 | -9.26 -5.76 -4.72 -4.18 | 10.96 7.24 6.45 5.85|16.5 29.9 356 40.1 |18.8 32.2 381 426
200 | -9.44 -5.84 -4.61 -3.97 | 10.32 6.64 5.57 4.95 4.7 139 220 26.9 54 16.1 244 29.3

SPMG estimator Standard Robust bootstrapped
30 |-0.02 -0.01 -0.01 0.00 4.94 2.05 1.27 091|572 74.1 785 81.3]89.3 932 942 94.1
50 0.16 0.08 0.03 0.03 3.86 1.53 0.95 0.70 | 58.4 75.2 78.2 80.7|86.3 929 93.9 93.8
100 | 0.05 0.01 0.00 0.01| 255 1.07 0.67 0.48 | 59.5 73.0 77.5 81.7 889 92.5 93.9 94.9
200 | -0.01 -0.01 0.00 0.00| 178 0.77 047 033|586 721 769 82.0|88.1 91.6 93.0 93.7

B: PDOLS and MGMW estimators

using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-11.83 -8.01 -6.66 -5.89 | 14.43 10.14 8.69 7.85|55.9 63.5 683 7238
50 |-11.73 -7.82 -6.40 -5.59 | 13.43 9.32 7.81 6.95|44.7 552 56.1 62.3
100 | -11.62 -7.95 -6.57 -5.76 | 12.51 873 7.30 6.49 | 28.9 329 36.9 42.6
200 | -11.60 -7.87 -6.43 -5.65 | 12.05 8.28 6.80 6.02 | 19.7 173 19.1 214
PDOLS estimator, leads and lags order p =4
30 -9.34 -6.68 -5.76 -5.22 | 13.62 9.59 832 756|682 753 79.2 81.1
50 -9.23 -6.56 -5.54 -4.97 | 12.07 8.62 7.33 6.60 | 63.6 70.7 70.1 74.2
100 | -9.14 -6.74 -5.76 -5.16 | 10.66 7.83 6.70 6.04 | 49.5 529 544 56.2
200 | -9.24 -6.67 -5.61 -5.04|10.04 7.25 6.09 5.50|30.9 34.6 351 36.0
PDOLS estimator, leads and lags order p = 8
30 -8.10 -6.18 -5.46 -4.99 | 16.17 9.91 853 7.66 | 59.2 76.0 80.2 824
50 -8.25 -6.15 -5.28 -4.79 | 13.40 873 7.39 6.66 | 56.3 73.1 724 758
100 -8.13 -6.34 -5.53 -4.98 | 11.03 7.76 6.66 6.00 | 49.4 582 60.8 62.4
200 | -823 -6.25 -5.34 -4.86| 9.80 7.01 5.93 539|353 40.7 444 434
MGMW estimator, ¢ =5
30 | -11.21 -6.89 -5.35 -4.81 | 15.17 10.47 9.06 8.06 | 70.0 81.1 859 87.4
50 | -10.57 -6.36 -5.13 -4.55|13.07 8.76 7.49 6.78 | 61.0 75.0 80.2 82.0
100 | -11.02 -6.74 -5.26 -4.57 | 1238 7.96 6.47 579|383 534 627 674
200 | -10.75 -6.65 -5.23 -4.52 | 11.42 7.27 588 5.22|16.2 30.6 39.8 50.3

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Gaussian errors, LR causality x < y, 7 = 0.2, and SAR CS dependence of errors. See notes to Table S1.
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Table S19: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Gaussian errors, LR causality =z <> y, 7 = 0.2 and factor+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 |-2.05 -0.99 -0.64 -047|3.78 1.75 1.14 0.83|49.5 559 576 59.9|84.0 869 89.4 88.1
50 |[-1.93 -0.89 -0.62 -043|3.27 1.48 097 0.69|42.4 50.2 51.0 53.5|814 847 84.6 87.0
100 | -1.85 -0.87 -0.59 -0.42|2.70 1.27 0.84 0.60 | 33.3 37.7 38.7 418|753 789 785 80.4
200 | -1.76 -0.88 -0.58 -0.43 |240 1.16 0.75 0.57|23.3 26.6 263 273|694 693 69.0 69.3
2-step Breitung’s estimator 25-OLS 2S-robust

30 |-438 -229 -2.04 -197|8.18 6.09 526 5.21|47.5 579 603 61.4|594 67.6 70.1 69.9
50 |-4.10 -2.58 -2.08 -194|6.96 4.86 4.14 4.10|41.1 52.7 56.2 55.9 |524 624 659 64.6
100 | -4.02 -2.47 -2.21 -1.91|5.73 397 3.60 3.35]|33.2 446 46.9 50.6 |42.8 53.7 54.8 58.5
200 | -4.08 -2.50 -2.06 -1.90 | 5.52 3.58 3.02 2.79|21.4 34.8 40.3 41.9 | 304 44.5 48.4 50.3
SPMG estimator Standard Robust bootstrapped
30 |-0.05 -0.05 0.01 -0.01|3.63 140 087 0.63]|49.7 63.8 71.0 71.6 |87.5 924 939 94.0
50 0.00 0.04 -0.01 0.02 283 1.07 0.66 0.48|49.6 634 682 71.2|86.7 91.8 944 943
100 | 0.05 0.02 -0.01 0.01 232 0.75 047 0.34|49.8 639 67.1 69.8|879 928 939 944
200 | -0.01 0.00 0.00 0.00|3.43 0.55 0.33 0.25]49.2 63.1 67.8 69.2 830 91.9 93.8 94.0

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -5.17 -3.47 -2.82 -2.52 744 519 453 4.01 | 71.1 788 828 844
50 |-5.18 -3.41 -2.85 -2.50| 6.83 4.66 3.95 3.56 | 64.7 744 758 788
100 | -4.97 -3.37 -2.89 -2.54| 599 4.18 3.58 3.19|559 633 62.1 674
200 | -4.99 -3.36 -2.79 -2.52 5.76 3.89 3.25 297|422 453 46.3 50.0
PDOLS estimator, leads and lags order p =4
30 | -4.56 -3.06 -2.52 -2.30| 8.07 528 4.57 4.03|725 83.1 86.4 88.0
50 | -4.59 -3.03 -2.57 -229| 7.10 4.63 3.89 351|702 80.6 829 853
100 | -4.34 -3.03 -2.63 -2.34| 592 4.06 3.45 3.10 | 63.6 74.4 74.0 76.5
200 | -4.43 -3.03 -2.54 -233| 559 3.68 3.06 2.82|54.6 60.2 632 62.1
PDOLS estimator, leads and lags order p = 8
30 | -4.15 -291 -244 -2.24|10.81 5.78 491 4.24 |58.0 81.6 86.0 88.0
50 |-4.21 -296 -2.49 -2.23| 9.08 5.07 4.09 3.65|556 79.0 84.0 858
100 | -3.87 -2.95 -2.59 -2.30 7.10 4.36 3.57 3.18 | 54.1 T4.6 T7.2 794
200 | -4.17 -2.95 -2.48 -2.29 6.41 3.82 3.11 2.86 | 45.5 65.2 69.5 69.3
MGMW estimator, g =5
30 | -2.64 -146 -1.00 -1.10 7.07 5.09 448 4.10|82.1 87.1 894 90.9
50 |-2.47 -1.46 -1.12 -095| 596 4.05 3.72 3.38 |80.7 85.1 869 89.8
100 | -2.25 -1.46 -1.19 -1.01 4.70 3.38 2.84 261|767 81.8 853 86.5
200 | -2.11 -1.38 -1.12 -1.04 | 4.08 269 233 221|718 762 79.0 79.9

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Gaussian errors, LR causality < y, 7 = 0.2, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S20: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality + — y, m = 0 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-0.71 -0.12 -0.08 -0.06 | 3.74 1.60 1.02 0.73 | 71.5 85.2 87.4 90.3|91.4 944 939 94.2
50 | -0.55 -0.17 -0.09 -0.04 | 2.84 1.23 0.74 0.54 | 71.7 85.8 89.8 91.7|91.4 938 952 955
100 | -0.61 -0.14 -0.06 -0.04]2.09 0.87 0.55 0.39 | 68.0 84.9 88.2 90.4|89.8 934 939 94.6
200 | -0.68 -0.16 -0.07 -0.04 | 1.52 0.61 0.37 0.27 | 67.7 84.2 89.6 90.6 | 89.3 93.8 94.7 95.7

2-step Breitung’s estimator 25-0OLS 2S-robust
30 | -2.28 -0.51 -0.24 -0.15|4.42 188 120 0.87|75.6 874 904 91.2 | 727 86.5 90.0 904
50 | -2.02 -0.61 -0.28 -0.14|3.56 153 0.93 0.65| 709 84.8 89.2 92.1|694 835 887 914
100 | -2.02 -0.53 -0.24 -0.13 |2.89 1.12 0.69 0.49 |63.5 835 87.5 90.1 |61.3 825 86.9 89.9
200 | -2.06 -0.56 -0.24 -0.14 | 2.51 0.89 0.49 0.34 | 47.3 76.9 86.6 89.3 |46.0 75.1 85.7 88.9

SPMG estimator Standard Robust bootstrapped
30 | 0.29 0.12 0.02 -0.01|4.41 1.72 1.07 0.75 | 63.0 80.3 85.8 88.7|88.0 92.8 93.1 944
50 043 0.04 0.00 0.01]331 131 0.77 0.55|61.9 81.8 87.8 90.4 | 8.9 93.7 94.5 95.5
100 | 0.28 0.08 0.03 0.02 235 0.90 0.56 0.40 |59.0 81.4 87.0 88.0|86.6 93.1 94.3 94.3
200 | 0.19 0.05 0.02 0.01]|1.60 0.63 0.38 0.27 | 62.8 81.2 884 90.3|87.3 93.9 951 95.0

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100)

RMSE (x100)

95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-485 -227 -1.51 -1.13|6.01 291 195 144|684 728 709 723
50 | -4.68 -2.39 -1.55 -1.12 548 2.79 1.81 1.31|55.6 55.7 56.8 58.6
100 | -4.63 -2.29 -1.51 -1.11 | 5.06 251 1.66 1.22|34.8 328 344 345
200 | -4.67 -2.32 -1.50 -1.10 | 4.87 2.42 1.57 1.15|11.2 9.2 8.6 9.2
PDOLS estimator, leads and lags order p =4
30 |-2.61 -1.07 -0.70 -0.53 | 5.09 222 142 1.03|83.3 8&87.7 879 87.5
50 |-245 -1.19 -0.76 -0.54 |4.28 191 1.19 0.85| 78.8 82.8 834 849
100 | -2.49 -1.12 -0.72 -0.52 | 348 154 098 0.71 | 728 762 76.1 77.6
200 | -2.56 -1.16 -0.72 -0.52 | 3.06 1.37 0.85 0.61|59.3 58.1 60.5 61.7
PDOLS estimator, leads and lags order p = 8
30 |-1.37 -0.40 -0.28 -0.22 | 7.78 2.38 1.40 0.97 | 73.5 90.3 90.8 91.8
50 |-1.25 -0.55 -0.34 -0.23|6.16 1.85 1.05 0.74 | 73.8 88.6 90.9 92.6
100 | -1.34 -0.49 -0.31 -0.21 442 135 080 0.56 | 73.1 88.6 88.2 90.3
200 | -1.38 -0.52 -0.30 -0.21 | 3.20 1.01 0.58 0.41 | 74.7 85.6 87.4 87.8
MGMW estimator, ¢ =5
30 | -5.52 -1.74 -0.81 -0.58|9.06 4.15 2.80 2.01 | 84.4 92.2 94.1 93.8
50 |-5.33 -1.96 -0.93 -0.58 | 7.76 3.63 2.22 1.59 | 79.9 88.5 924 93.2
100 | -547 -1.77 -0.92 -0.56 | 6.77 2.83 1.75 1.24|67.9 85.0 89.1 91.0
200 | -5.50 -1.89 -0.93 -0.54|6.16 241 1.38 0.94|46.5 74.0 83.8 884

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Non-Gaussian errors, LR causality z — y, 7 = 0, and no CS dependence of errors. See notes to Table S1.
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Table S21: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality z — y, 7 =0 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-0.83 -0.20 -0.12 -0.09 | 4.68 2.06 1.33 0.98 | 64.0 749 78.2 81.5|89.6 93.3 94.5 94.0
50 | -0.73 -0.20 -0.09 -0.05|3.54 1.56 0.98 0.74 | 62.5 74.7 79.1 80.7|90.2 94.0 952 94.9
100 | -0.70 -0.17 -0.06 -0.04 |2.54 1.11 0.70 0.51 | 614 73.4 79.6 80.5|88.2 93.2 93.7 944
200 | -0.77 -0.18 -0.08 -0.04 | 1.86 0.77 0.48 0.35 | 58.7 759 79.4 82.3|88.1 93.0 94.7 94.7

2-step Breitung’s estimator 25-0OLS 2S-robust
30 |-2.39 -0.60 -0.31 -0.19 | 5.41 240 1.55 1.15(682 779 79.1 81.3|73.8 858 89.5 90.6
50 |-2.19 -0.67 -0.31 -0.17|4.28 192 1.21 088|651 76.1 79.3 81.7|70.7 85.0 89.2 915
100 | -2.13 -0.58 -0.25 -0.14 | 3.36 1.40 0.86 0.62 | 57.2 734 78.9 809|635 819 882 89.8
200 | -2.19 -0.60 -0.26 -0.15|2.85 1.05 0.62 0.44 | 43.4 68.5 76.7 80.6 | 50.8 77.6 86.9 89.7

SPMG estimator Standard Robust bootstrapped
30 | 0.24 0.05 -0.02 -0.03|5.50 2.17 1.37 1.00 | 56.0 71.5 74.4 78.6|86.7 92.5 93.8 934
50 0.29 0.02 0.00 0.00]4.05 1.65 1.01 0.75|53.6 69.5 770 783 |87.3 92.7 94.8 944
100 | 0.24 0.06 0.05 0.02 287 1.15 0.72 0.53 | 52.3 70.1 75.5 79.0|85.0 92.0 92.8 93.2
200 | 0.14 0.03 0.01 0.01]195 0.79 0.49 0.35|54.5 72.0 76.8 81.0|86.0 93.0 94.3 94.2

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -4.95 -238 -1.61 -1.22|6.76 3.36 2.26 1.71 | 63.5 65.7 65.0 65.5
50 | -4.79 -2.48 -1.63 -1.19|5.96 3.08 2.03 1.50 | 53.7 54.1 53.5 55.6
100 | -4.65 -2.35 -1.55 -1.15|5.29 2.68 1.77 1.32]|36.5 357 374 36.8
200 | -4.76 -2.37 -1.56 -1.14|5.06 253 1.66 1.22 | 144 11.6 12.7 129
PDOLS estimator, leads and lags order p =4
30 |-266 -1.12 -0.76 -0.58 | 6.28 2.74 1.77 131|753 79.7 781 79.5
50 |-2.49 -1.23 -0.80 -0.57 |5.05 2.29 1.44 1.06 | 73.5 74.7 75,5 76.6
100 | -2.47 -1.15 -0.73 -0.54 | 3.94 1.79 1.13 0.83|67.8 69.2 69.7 70.6
200 | -2.61 -1.18 -0.75 -0.54 | 3.35 1.49 0.95 0.68 | 56.2 56.8 56.0 57.7
PDOLS estimator, leads and lags order p = 8
30 |-1.38 -0.42 -0.30 -0.24 | 9.27 3.00 1.80 1.28 | 65.6 80.8 81.5 82.2
50 |-1.12 -0.58 -0.35 -0.25 | 7.17 234 135 098|652 80.5 822 81.9
100 | -1.31 -0.52 -0.31 -0.21 | 5.07 1.69 1.00 0.70 | 68.6 79.6 80.6 82.5
200 | -1.44 -0.52 -0.32 -0.22 | 3.67 1.20 0.72 0.50 | 68.4 78.6 78.6 80.6
MGMW estimator, ¢ =5
30 | -5.84 -1.89 -0.96 -0.64 |9.87 4.72 3.18 2.36 | 79.5 85.7 87.0 86.9
50 |-5.63 -1.99 -0.98 -0.62 | 847 3.92 248 1.88|75.2 829 86.8 87.4
100 | -5.40 -1.83 -0.93 -0.55|6.92 3.08 191 136|654 79.8 854 86.8
200 | -5.63 -1.97 -1.00 -0.58 | 6.41 2,57 1.51 1.06 | 44.0 70.7 78.9 84.9

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Non-Gaussian errors, LR causality z — y, # = 0, and SAR CS dependence of errors. See notes to Table S1.
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Table S22: MC results for the estimation of LR coefficient 0y = 1 in experiments with
Non-Gaussian errors, LR causality z — y, 7 = 0 and factor+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 |-0.22 -0.02 0.00 -0.01|3.69 1.65 1.05 0.80|50.8 61.6 68.0 68.2|90.1 93.8 94.6 93.7
50 |-0.35 -0.07 -0.01 -0.01 278 1.28 0.78 0.60|51.3 62.1 67.8 68.9 904 934 950 952
100 | -0.25 -0.07 -0.01 -0.01 |2.01 096 0.60 0.45|50.2 59.1 649 64.4]90.8 942 948 95.1
200 | -0.19 -0.03 -0.03 -0.01 [ 1.55 0.70 0.45 0.33 |45.0 574 59.6 61.7 920 950 952 96.2
2-step Breitung’s estimator 25-OLS 2S-robust

30 |-1.03 -0.30 -0.10 -0.06 | 3.99 1.94 125 094|585 64.0 674 68.9 804 89.0 922 918
50 |-1.22 -0.32 -0.10 -0.08 | 3.26 1.52 0.95 0.70 | 54.2 63.4 684 67.9|79.0 888 93.6 94.3
100 | -1.09 -0.30 -0.13 -0.06 | 2.54 1.17 0.72 0.54 | 50.2 61.6 65.2 65.3 |80.6 90.8 94.3 94.5
200 | -1.03 -0.27 -0.14 -0.07 [ 2.08 0.90 0.56 0.41 | 44.7 53.9 59.0 62.1 | 81.8 93.6 96.0 964
SPMG estimator Standard Robust bootstrapped
30 0.10 0.06 0.05 0.01|5.53 1.79 1.10 0.83|43.6 b57.7 64.7 65.5|84.8 923 94.0 93.7
50 |[-0.08 0.03 0.03 0.01|348 140 0.82 0.62|42.7 59.1 64.6 67.0 |85.6 90.5 945 944
100 | -0.05 0.03 0.04 0.02|5.27 103 062 0.46 | 41.1 559 61.2 63.8|85.3 922 940 94.0
200 | 0.03 0.05 0.01 0.01356 0.78 046 0.34|38.6 53.9 575 59.5|84.9 92.2 93.8 94.7

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-250 -1.38 -094 -0.72|4.45 239 162 1.23|64.5 629 63.2 64.0
50 |-2.76 -1.45 -0.96 -0.75|4.02 2.10 1.42 1.08 | 55.5 55.9 57.4 55.8
100 | -2.58 -1.42 -0.98 -0.73 | 3.40 186 1.27 0.95| 45.2 43.1 429 41.2
200 | -2.56 -1.40 -0.95 -0.71]3.08 1.68 1.13 0.86 | 29.6 26.3 22.5 24.7
PDOLS estimator, leads and lags order p =4
30 |-1.61 -0.82 -0.51 -0.40|4.95 222 139 1.05|64.5 683 694 68.8
50 |-1.91 -0.87 -0.54 -0.43|4.13 180 1.13 0.84 | 62.7 65.1 67.6 66.3
100 | -1.74 -0.87 -0.56 -0.41 | 3.26 1.48 0.94 0.68|57.0 59.2 59.5 58.1
200 | -1.70 -0.85 -0.57 -0.41|2.77 1.24 0.79 0.58 | 47.4 47.9 46.5 475
PDOLS estimator, leads and lags order p = 8
30 [-0.91 -041 -0.24 -0.19|819 252 146 1.06|51.5 682 69.2 70.9
50 |-1.29 -0.49 -0.27 -0.21 | 6.42 2.03 1.15 0.80 | 52.7 65.7 70.0 71.3
100 | -1.16 -0.51 -0.31 -0.19 | 520 156 093 0.62| 484 62.6 64.7 654
200 | -1.04 -0.47 -0.30 -0.21|4.28 1.26 0.71 049 |41.6 555 59.0 60.5
MGMW estimator, g =5
30 | -0.97 -0.45 -0.16 -0.08 | 5.67 2.95 2.02 1.54 |79.6 788 79.5 79.0
50 |-1.16 -041 -0.19 -0.15|4.36 230 154 1.18| 778 784 81.2 80.6
100 | -0.81 -0.38 -0.22 -0.14 | 3.17 1.71 1.16 0.85| 780 79.2 80.6 79.6
200 | -0.78 -0.38 -0.20 -0.12 | 2.45 1.27 0.82 0.63 | 75.6 77.6 79.4 78.8

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Non-Gaussian errors, LR causality z — y, m = 0, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S23: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality + — y, m = 0.05 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -0.76 -0.12 -0.08 -0.06 | 3.90 1.65 1.06 0.75|70.7 84.9 87.7 89.5|90.6 94.2 93.8 94.2
50 |-0.60 -0.18 -0.09 -0.05|292 1.27 0.76 0.55 | 71.7 85.4 89.3 91.8|90.6 93.1 95.0 957
100 | -0.69 -0.15 -0.07 -0.04|2.16 0.89 0.56 0.40 | 68.3 84.3 88.5 90.2|89.3 93.8 94.1 94.7
200 | -0.74 -0.16 -0.07 -0.04 | 1.58 0.63 0.38 0.27 | 66.8 84.3 89.3 91.1 | 89.1 93.7 94.4 95.3

2-step Breitung’s estimator 25-0OLS 2S-robust
30 |-3.50 -1.19 -0.75 -0.79 | 6.47 4.30 3.61 8.74 | 67.5 78.6 80.8 80.9 |65.0 78.0 80.8 80.9
50 | -3.16 -1.29 -0.79 -0.53 |5.21 3.54 293 224|622 739 772 792|611 732 770 789
100 | -3.15 -1.19 -0.69 -0.51 | 5.36 2.70 3.60 2.01 | 49.3 69.4 72.3 73.5|48.8 68.9 717 735
200 | -3.28 -1.22 -0.73 -0.58 | 4.13 2.00 1.68 1.44 |31.4 588 67.7 70.9|30.6 58.4 67.4 70.6

SPMG estimator Standard Robust bootstrapped
30 | 0.29 0.14 0.03 0.00|4.60 1.79 1.11 0.77 | 62.6 80.3 85.9 88.2|88.2 92.8 93.2 94.0
50 0.45 0.06 0.00 0.01]341 135 0.79 0.57 |61.7 80.6 879 90.9 |86.6 93.5 94.3 953
100 | 0.26 0.08 0.04 0.02 242 0.93 0.57 0.41|59.0 81.0 86.5 87.9|86.6 929 94.5 94.3
200 | 0.20 0.06 0.02 0.01|165 0.65 0.39 028|625 81.2 879 90.3|86.9 94.1 94.8 95.1

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -6.22 -3.26 -2.33 -1.88 7.82 441 337 283|675 744 763 T78.6
50 | -5.98 -3.36 -2.36 -1.83| 7.05 4.17 3.05 246|578 614 66.0 70.6
100 | -6.02 -3.25 -2.33 -1.83 | 6.65 3.68 2.74 2.24|36.9 449 50.0 57.0
200 | -6.03 -3.27 -2.32 -1.82 6.33 349 252 202|201 21.3 269 354
PDOLS estimator, leads and lags order p =4
30 | -4.14 -2.15 -1.58 -1.32 7.10 391 3.03 259 |81.3 87.5 87.5 89.7
50 |-3.98 -2.25 -1.63 -1.29 6.10 3.52 2.63 215|764 84.0 829 87.2
100 | -4.09 -2.16 -1.59 -1.28 530 288 221 187|681 744 779 80.8
200 | -4.11 -2.20 -1.59 -1.28 470 257 191 158 |51.6 573 629 685
PDOLS estimator, leads and lags order p = 8
30 | -3.00 -1.58 -1.21 -1.06 | 9.45 4.06 3.09 2.62 | 71.7 89.7 90.8 92.7
50 | -291 -1.68 -1.25 -1.02 7.81 3.54 259 213|724 879 89.8 91.8
100 | -3.13 -1.62 -1.22 -1.01 6.02 272 210 1.79|68.5 85.0 874 894
200 | -3.06 -1.64 -1.23 -1.01 4.67 226 1.69 1.43|66.2 78.8 &81.6 84.6
MGMW estimator, ¢ =5
30 | -6.71 -2.78 -1.65 -1.34| 1090 5.80 4.82 3.99|84.0 916 939 945
50 | -6.58 -3.03 -1.85 -1.41| 9.32 5.08 3.72 3.18 | 782 86.4 91.4 93.7
100 | -6.79 -2.79 -1.74 -1.30 | 826 4.16 2.99 2.54|63.3 828 86.3 884
200 | -6.85 -2.88 -1.78 -1.27| 7.56 3.52 244 197 |40.0 66.0 78.7 83.6

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Non-Gaussian errors, LR causality z — y, m = 0.05, and no CS dependence of errors. See notes to Table S1.
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Table S24: MC results for the estimation of LR coefficient 0y = 1 in experiments with
Non-Gaussian errors, LR causality  — y, 7 = 0.05 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -0.89 -0.21 -0.12 -0.08 | 4.78 2.09 1.35 0.99 [ 63.9 754 788 81.2|90.5 934 94.7 94.3
50 |-0.77 -0.21 -0.10 -0.05|3.60 1.59 1.00 0.75|62.5 75.3 79.5 80.9|89.9 93.6 953 945
100 | -0.78 -0.19 -0.06 -0.04|2.59 1.13 0.70 0.52 | 61.8 74.1 80.7 81.2|87.9 93.2 938 94.1
200 | -0.84 -0.19 -0.08 -0.05|1.92 0.78 0.49 0.35|58.1 75.6 80.0 82.9 |87.6 93.3 942 944

2-step Breitung’s estimator 25-0OLS 2S-robust
30 |-3.63 -1.31 -0.64 -0.66|7.58 4.56 9.49 3.31 |60.5 71.6 74.1 74.5|66.6 79.2 82.6 824
50 |-3.37 -141 -0.90 -0.61|5.94 339 3.06 267|569 678 71.0 722|629 757 79.1 80.1
100 | -3.34 -1.25 -0.86 -0.58 | 4.85 3.03 2.18 1.92 |46.5 63.5 67.2 689|526 71.2 738 756
200 | -3.27 -1.28 -0.77 -0.61 | 7.15 2.13 1.66 1.56 | 29.9 56.0 64.3 67.5|36.2 62.8 70.3 72.6

SPMG estimator Standard Robust bootstrapped
30 | 0.27 0.06 -0.01 -0.02|5.68 222 1.40 1.02 554 71.6 749 789 |86.8 922 93.7 935
50 0.32 0.03 0.00 0.00]4.14 1.69 1.03 0.76 | 53.5 71.0 77.8 79.3|86.9 93.2 94.8 94.5
100 | 0.23 0.06 0.06 0.03 291 1.17 0.73 0.53 |53.3 70.2 76.3 80.6|853 921 934 934
200 | 0.15 0.04 0.02 0.01|2.00 0.80 0.50 0.36 | 564.0 72.1 77.7 81.7|85.2 923 945 944

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -6.37 -3.39 -245 -1.99| 845 4.71 3.57 3.06 | 64.7 69.1 71.7 733
50 | -6.12 -3.49 -2.48 -1.95 749 444 325 2.62|54.3 59.1 619 66.7
100 | -6.03 -3.34 -241 -1.93 | 6.81 3.87 2.89 237|383 449 494 55.7
200 | -6.14 -3.35 -2.41 -1.90 6.50 3.61 264 214|198 21.5 276 348
PDOLS estimator, leads and lags order p =4
30 | -4.24 -223 -1.65 -1.40 8.01 4.19 3.20 280 | 74.1 81.5 814 838
50 |-4.03 -2.34 -1.71 -1.37 6.69 3.79 281 229|712 768 779 81.6
100 | -4.05 -2.23 -1.65 -1.36 | 556 3.08 236 199|652 71.6 739 76.9
200 | -4.18 -2.25 -1.66 -1.34 | 4.92 268 202 1.69|50.4 56.7 59.5 66.3
PDOLS estimator, leads and lags order p = 8
30 | -3.14 -1.61 -1.25 -1.10|10.92 440 3.27 283 |64.6 83.1 84.6 87.0
50 |-2.80 -1.77 -1.32 -1.09 8.63 3.88 2.78 225 |66.2 819 84.1 858
100 | -3.04 -1.69 -1.28 -1.08 6.50 296 2.26 191 |64.7 79.2 82.1 85.1
200 | -3.14 -1.68 -1.29 -1.07 5.06 240 182 153 |61.1 747 782 81.0
MGMW estimator, ¢ =5
30 | -7.15 -2.98 -1.96 -1.56 | 11.45 6.51 4.81 4.47|79.1 86.8 888 90.1
50 |-7.00 -3.09 -1.94 -1.49 | 10.18 5.45 4.03 3.47|73.2 829 869 89.8
100 | -6.70 -2.83 -1.82 -1.37 | 834 4.29 3.16 2.65|625 76.6 832 86.0
200 | -6.98 -296 -1.87 -1.39| 7.82 3.65 257 2.14|38.0 639 74.6 819

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Non-Gaussian errors, LR causality z — y, m = 0.05, and SAR CS dependence of errors. See notes to Table S1.
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Table S25: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality z — y, 7 = 0.05 and factor+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 2S-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -0.25 -0.02 -0.01 -0.01]|3.75 1.67 1.06 0.81 |51.9 62.3 68.2 69.3|90.1 94.1 946 93.6
50 |-0.38 -0.08 -0.01 -0.01|283 1.30 0.79 0.61 | 52,5 62.7 674 69.8|90.3 934 953 954
100 | -0.28 -0.07 -0.01 -0.01 | 2.05 0.97 0.60 0.46 | 49.5 60.4 65.5 653 |91.0 94.1 950 94.9
200 | -0.21 -0.04 -0.04 -0.01 | 1.58 0.71 0.45 0.33 | 45.2 584 60.1 62.2 |91.9 94.8 954 96.1

2-step Breitung’s estimator 2S-0OLS 2S-robust
30 | -1.65 -0.59 -0.30 -0.30 | 5.01 3.54 2.47 2.26 | 55.5 63.6 66.3 659 | 75.0 82.9 85.0 83.1
50 |-1.69 -0.72 -047 -0.31|4.08 242 195 1.79 |53.5 60.8 64.2 64.3 | 74.1 82.1 84.6 83.2
100 | -1.68 -0.61 -0.47 -0.30 | 3.29 2.22 2.05 1.50 | 47.6 57.2 60.3 62.6| 722 825 83.0 824
200 | -1.60 -0.60 -0.35 -0.32 |2.82 144 2.62 098 |40.2 54.6 56.4 62.2|73.6 852 &85.1 854

SPMG estimator Standard Robust bootstrapped
30 0.06 0.07 0.04 0.01 593 1.81 1.11 0.84|43.6 581 65.6 659|853 924 941 93.9
50 |-0.09 0.04 0.03 0.01]364 1.43 0.83 0.63|42.2 59.5 65.0 67.9|86.1 90.9 94.8 94.2
100 | 0.03 0.04 0.04 0.02]3.10 1.04 0.63 0.47|41.2 56.5 62.0 64.1 855 924 942 94.1
200 | 0.01 0.05 0.01 0.01]|4.06 0.79 047 035|379 542 578 60.6 |85.0 92.0 94.0 95.1

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-3.13 -1.81 -1.31 -1.07|5.23 3.10 227 202|676 705 73.1 757
50 |-3.31 -191 -1.37 -1.12|4.64 2.75 208 1.68|60.6 66.0 68.9 71.0
100 | -3.16 -1.87 -1.38 -1.09 | 4.06 241 182 1.46 |51.7 56.0 59.6 64.3
200 | -3.16 -1.85 -1.35 -1.07|3.71 218 1.61 1.31 | 36.7 39.6 42.7 50.0
PDOLS estimator, leads and lags order p =4
30 |-237 -1.31 -092 -0.78|5.76 3.02 211 193|684 76.6 781 79.8
50 |-2.56 -1.38 -1.00 -0.83 | 4.81 2.54 1.88 1.50 | 66.8 75.8 77.3 79.8
100 | -2.43 -1.37 -1.00 -0.80 | 3.97 210 156 1.26|61.6 69.1 73.7 77.2
200 | -2.43 -1.35 -1.00 -0.79 | 3.44 1.79 1.31 1.07 | 52.5 60.7 62.9 704
PDOLS estimator, leads and lags order p = 8
30 |-1.80 -0.98 -0.68 -0.59 893 3.42 223 198|534 754 79.0 81.2
50 |-1.99 -1.05 -0.76 -0.64 | 6.98 2.78 1.93 1.48 |53.8 749 79.6 83.7
100 | -1.96 -1.08 -0.79 -0.61|5.71 2.19 1.55 1.22|519 73.1 787 82.1
200 | -1.86 -1.03 -0.78 -0.62 | 4.76 1.79 1.22 0.99 | 44.1 68.7 73.6 79.6
MGMW estimator, ¢ =5
30 |-1.21 -0.57 -0.28 -0.20 | 6.18 3.59 2.85 2.60 | 82.1 &83.2 &85.0 85.5
50 |-1.29 -0.57 -0.38 -0.33|4.89 3.00 2.14 1.92|81.6 824 85.6 86.9
100 | -0.92 -0.54 -0.33 -0.24 | 3.55 2.19 1.71 1.37|80.4 822 86.6 86.9
200 | -0.92 -0.52 -0.31 -0.18|2.77 1.62 1.22 1.02| 784 81.7 83.7 885

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring
Non-Gaussian errors, LR causality z — y, m = 0.05, and factor+SAR CS dependence of errors. See notes to Table
S1.
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Table S26: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality z — y, 7 = 0.2 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-0.99 -0.16 -0.10 -0.07| 4.39 183 1.16 0.83|70.8 84.5 883 90.2|90.5 944 93.6 94.2
50 |-0.79 -0.24 -0.11 -0.05| 324 139 0.83 0.60|71.4 84.8 899 91.6 | 90.3 92.9 95.6 95.9
100 | -0.90 -0.18 -0.08 -0.05 2.42  0.97 0.60 0.44 | 65.5 83.9 89.1 90.0 | 89.0 934 94.3 94.3
200 | -0.94 -0.20 -0.09 -0.05| 1.80 0.69 0.41 0.30 |63.1 834 89.7 91.0 |88.2 93.6 94.9 95.0

2-step Breitung’s estimator 25-0OLS 2S-robust
30 | -7.28 -3.16 -2.23 -201|11.94 851 6.89 10.95|51.3 64.5 68.0 70.2|50.1 644 675 704
50 | -6.89 -3.24 -230 -1.75]|10.02 6.21 5.85 5.00 | 44.3 61.8 65.5 69.0 | 43.7 62.2 65.1 69.1
100 | -6.66 -3.07 -2.26 -1.84 | 890 5.50 5.43 4.85]29.1 525 588 63.729.5 53.3 58.9 63.9
200 | -6.85 -3.17 -2.18 -1.93 | 870 4.35 3.76 4.02 | 13.8 42.1 52.8 583 |14.2 42.0 53.3 59.0

SPMG estimator Standard Robust bootstrapped
30 | 042 0.19 0.05 0.01] 522 198 122 085|594 793 859 882|877 934 93.1 93.8
50 0.55 0.07 0.02 0.02 3.82 147 0.86 0.62 | 59.1 80.0 88.0 90.7 | 87.1 93.1 954 95.5
100 | 0.32 0.13 0.06 0.03| 2.70 1.03 0.62 0.45 | 572 79.8 87.3 883 |86.0 92.6 94.5 94.8
200 | 0.24 0.09 0.03 0.02| 1.80 0.70 0.42 030 |61.7 81.2 88.1 89.8|87.1 92.7 94.8 94.9

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100)

RMSE (x100)

95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-10.38 -6.26 -4.79 -3.93 | 12.58 8.17 6.56 5.65|65.9 744 784 83.9
50 | -10.29 -6.32 -4.76 -4.01 | 11.71 7.48 589 5.10 | 54.7 64.2 70.6 75.7
100 | -10.08 -6.15 -4.76 -4.05 | 10.86 6.79 543 4.70 | 38.1 453 551 61.8
200 | -10.21 -6.14 -4.73 -4.00 | 10.59 6.47 5.05 433|275 26.2 31.1 384
PDOLS estimator, leads and lags order p =4
30 -8.87 -5.44 -4.20 -3.48 | 12.39 8.02 640 5.53 | 72.5 834 845 87.7
50 -891 -5.50 -4.18 -3.57 | 11.32 7.09 5.61 4.89 | 67.7 78.0 80.2 82.7
100 | -8.73 -5.36 -4.19 -3.63 | 10.02 6.25 5.05 4.43|57.1 673 69.1 73.9
200 | -8.88 -5.34 -4.17 -3.57| 951 581 4.59 3.99|40.8 50.1 523 564
PDOLS estimator, leads and lags order p = 8
30 -8.07 -5.15 -3.97 -3.30 | 14.73 8.53 6.63 5.68 | 63.7 84.2 85.5 89.7
50 -8.30 -5.23 -3.95 -3.41|13.05 7.36 5.73 4.97|61.9 80.7 842 85.7
100 -8.11 -5.09 -3.99 -3.48 | 10.69 6.32 5.08 4.45|53.7 721 76.5 80.6
200 | -823 -5.05 -3.96 -342| 9.59 571 4.50 3.93|38.9 60.2 64.3 67.2
MGMW estimator, ¢ =5
30 |-10.81 -5.75 -4.20 -3.51 | 15.78 10.00 9.05 7.84 | 77.0 87.3 90.5 92.5
50 | -10.66 -5.96 -4.35 -3.56 | 13.83 8.92 7.19 6.15|69.7 79.9 864 88.6
100 | -10.70 -5.87 -4.28 -3.67 | 12.28 748 594 527|514 70.2 743 78.6
200 | -10.88 -5.90 -4.24 -3.55 | 11.68 6.73 5.14 4.47 | 25.7 49.7 623 66.7

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Non-Gaussian errors, LR causality z — y, m = 0.2, and no CS dependence of errors. See notes to Table S1.
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Table S27: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality + — y, 7 = 0.2 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-1.17 -0.26 -0.14 -0.10| 5.30 227 146 1.06|63.8 76.0 79.6 81.6|90.3 933 94.1 94.2
50 |-1.00 -0.29 -0.12 -0.06 | 3.97 1.70 1.06 0.79 |61.6 76.3 81.2 82.1|90.6 93.9 951 94.9
100 | -1.03 -0.21 -0.07 -0.04 2.85 1.19 0.74 0.55|60.2 759 80.8 81.9 |88.0 94.1 94.3 94.1
200 | -1.06 -0.23 -0.10 -0.06 | 2.13 0.84 0.52 0.38 559 76.1 80.9 828 |87.0 93.4 94.0 94.9

2-step Breitung’s estimator 25-0OLS 2S-robust
30 | -6.18 -3.36 -2.33 -1.84 | 50.67 8.29 11.62 6.90 | 48.6 62.0 64.7 66.4 | 539 682 708 71.2
50 | -7.11 -3.58 -2.70 -2.24 | 10.34 6.47 6.36 7.40 | 41.8 56.9 62.7 65.3 | 45.8 62.5 68.0 69.4
100 | -6.95 -3.32 -240 -1.87| 9.25 5.62 4.66 6.12|30.1 50.2 56.3 60.9 | 34.1 55.7 60.7 64.5
200 | -7.04 -3.30 -2.29 -2.04 | 10.11 4.58 3.75 3.73 | 14.0 38.6 50.4 559 |16.1 429 54.7 59.0

SPMG estimator Standard Robust bootstrapped
30 | 0.35 0.10 0.01 -0.01| 6.27 240 1.52 1.10|554 722 765 79.2|86.8 927 93.2 93.7
50 0.39 0.03 0.01 0.01 4.60 1.82 1.10 0.81 | 54.3 71.9 78.6 80.3 | 86.7 93.6 94.8 94.7
100 | 0.24 0.10 0.08 0.04| 3.16 1.25 0.76 0.57 | 53.1 71.6 779 80.6 |85.0 92.7 94.4 93.9
200 | 0.19 0.07 0.03 0.02| 2.15 0.86 053 038|535 73.8 79.0 81.8 |87.1 93.1 94.3 94.6

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100)

RMSE (x100)

95% CI cov.r. (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -10.56 -6.45 -5.00 -4.21 | 13.05 8.52 6.90 6.10 | 62.6 72.3 76.1 80.7
50 |-10.48 -6.57 -5.07 -4.29 | 12.10 7.86 6.27 543 |53.6 61.7 67.7 7338
100 | -10.17 -6.31 -4.95 -4.29 | 11.06 7.04 5.66 4.97 | 37.7 46.8 53.2 59.8
200 | -10.40 -6.29 -4.92 -4.19 | 10.84 6.65 5.27 4.55|26.6 255 31.3 37.3
PDOLS estimator, leads and lags order p =4
30 -9.03 -5.59 -4.39 -3.74 | 13.01 8.36 6.74 597 | 70.2 79.7 819 85.3
50 -9.05 -5.72 -4.46 -3.83 |11.76 7.47 599 5.21|63.8 734 777 798
100 | -8.80 -5.50 -4.37 -3.85|10.28 6.51 5.28 4.69 | 56.2 65.2 67.1 70.6
200 | -9.05 -547 -434 -3.75| 9.78 597 4.80 4.20 | 39.7 47.7 50.1 54.3
PDOLS estimator, leads and lags order p = 8
30 -8.33 -5.27 -4.14 -3.56 | 15.81 889 7.00 6.15|59.7 80.5 83.4 86.5
50 -8.26 -5.43 -4.23 -3.66 | 13.63 7.76 6.13 5.29 | 59.0 783 80.9 83.3
100 -8.23 -5.24 -4.18 -3.71 | 11.18 6.63 5.32 4.72|51.6 70.2 744 76.6
200 -8.44 -5.17 -4.14 -3.60 9.95 5.87 471 414|383 573 61.3 64.5
MGMW estimator, ¢ =5
30 |-11.19 -6.16 -4.71 -3.95]| 16.04 10.77 9.03 839 | 75.7 83.8 86.7 88.9
50 |-10.97 -6.20 -4.47 -3.90| 14.58 9.16 7.41 6.67 | 66.6 785 83.1 84.9
100 | -10.65 -5.99 -4.48 -3.78 | 1248 7.64 6.16 546 | 50.6 67.5 729 76.3
200 | -10.98 -6.06 -4.53 -3.79 | 11.92 6.90 541 4.69 | 25.7 457 575 63.6

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Non-Gaussian errors, LR causality z — y, 7 = 0.2, and SAR CS dependence of errors. See notes to Table S1.
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Table S28: MC results for the estimation of LR coefficient 0y = 1 in experiments with
Non-Gaussian errors, LR causality + — y, 7 = 0.2 and factor4+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 | -0.35 -0.02 -0.03 -0.01 398 176 1.11 0.85|54.0 64.5 70.6 70.5|90.2 93.7 948 94.1
50 |-0.47 -0.11 -0.02 -0.02 |3.02 136 0.81 0.63 |53.4 645 69.7 72.1|90.8 94.0 95.6 958
100 | -0.36 -0.07 -0.01 -0.01 |2.18 1.01 0.63 0.48 | 51.2 62.7 68.0 66.8 |91.5 945 951 95.1
200 | -0.28 -0.05 -0.04 -0.02 | 1.67 0.74 048 0.35|46.0 58.8 61.7 63.2 922 951 952 959
2-step Breitung’s estimator 25-OLS 2S-robust

30 | -3.36 -1.65 -1.07 -1.03 |7.59 594 481 4.87|51.7 614 627 634 |66.1 759 759 746
50 |-3.43 -1.85 -1.27 -1.10 | 7.55 4.72 3.79 3.54 | 434 56.4 60.1 60.9 |59.6 722 734 734
100 | -3.39 -1.68 -1.41 -1.12 |5.26 3.77 3.48 3.08 |38.7 52.0 56.8 60.6|558 694 699 724
200 | -3.29 -1.66 -1.20 -1.14 | 4.78 3.01 3.49 2.25|29.9 457 504 54.0|50.2 68.0 68.7 69.7

SPMG estimator Standard Robust bootstrapped

30 0.02 0.10 0.04 002|715 191 116 0.89|44.2 614 67.7 67.6 850 92.5 94.7 938
50 |[-0.12 0.03 0.04 0.02|445 149 087 0.65]|43.1 60.7 674 70.2|856 91.1 952 95.0
100 | -0.12 0.07 0.05 0.03|7.04 110 0.66 0.49 | 41.4 587 64.7 656|852 92.6 940 944
200 | -0.08 0.07 0.02 0.01 590 0.83 050 0.36|39.0 56.0 59.5 61.9 850 92.3 93.8 954

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -4.92 -3.12 -247 -2.03| 7.38 491 398 357|731 793 8l.1 86.9
50 |-5.19 -3.25 -2.53 -2.22| 6.79 441 359 3.16 | 653 749 779 80.8
100 | -4.98 -3.18 -2.58 -2.20 | 6.01 3.90 3.25 2.80|56.0 65.4 66.0 71.5
200 | -4.94 -3.17 -2.52 -2.15 5.60 3.62 292 255|455 46.2 50.7 58.2
PDOLS estimator, leads and lags order p =4
30 | -4.52 -279 -2.19 -1.81| 821 5.06 399 3.60| 733 835 852 89.0
50 |-4.81 -291 -226 -2.00 720 441 3.51 3.08 |69.3 81.5 844 86.7
100 | -4.63 -2.87 -2.32 -1.99| 6.18 3.77 3.11 2.67 629 764 77.1 80.2
200 | -4.55 -2.85 -2.27 -1.94 5.62 342 274 239|524 643 66.0 704
PDOLS estimator, leads and lags order p = 8
30 | -4.22 -265 -2.06 -1.70 | 11.34 5.67 4.25 3.81|56.5 81.3 86.6 89.7
50 |-4.49 -2.77 -2.15 -190| 9.38 483 3.70 3.16 | 53.2 80.5 86.1 88.1
100 | -4.42 -2.79 -2.23 -1.90 7.76 4.03 3.20 2.71|50.4 76.5 80.6 84.9
200 | -4.28 -2.73 -2.16 -1.85 6.71 3.54 2.74 238 |41.2 673 726 777
MGMW estimator, g =5
30 |-1.78 -1.01 -0.75 -0.43 | 8.03 541 4.70 4.41|85.0 873 89.6 918
50 |-1.92 -0.96 -0.75 -0.62| 6.48 4.47 3.77 3.46 | 83.2 86.4 89.2 90.8
100 | -1.38 -0.90 -0.72 -0.58 4.76 3.34 295 2.59 | 80.2 85.3 86.7 89.0
200 | -1.26 -0.93 -0.60 -0.46 | 3.81 2.70 2.21 2.02 | 787 809 84.0 86.6

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Non-Gaussian errors, LR causality z — y, # = 0.2, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S29: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality = <> y, m = 0 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -5.24 -2.67 -1.71 -124|637 3.14 199 1.43 | 327 36.3 41.0 43.0| 574 51.8 542 53.0
50 |-5.01 -2.48 -1.62 -1.18|5.67 274 1.79 1.30|19.1 221 24.0 27.1|41.6 37.5 349 355
100 | -4.89 -2.50 -1.63 -1.18|5.26 2.63 1.71 1.24 5.0 3.5 4.3 5.2 | 16.5 8.6 8.0 8.6
200 | -4.77 -2.46 -1.60 -1.17 |4.96 2.53 1.64 1.20 0.3 0.0 0.1 0.0 2.3 0.6 0.4 0.3

2-step Breitung’s estimator 25-0OLS 2S-robust
30 |-2.49 -0.74 -0.34 -0.19 ]394 1.64 1.02 0.72 |71.2 84.2 89.0 90.4|70.3 835 89.5 905
50 |-2.50 -0.64 -0.28 -0.15|3.46 1.29 0.77 0.55 | 63.6 84.6 90.3 91.6 | 61.7 84.4 89.7 915
100 | -2.41 -0.69 -0.30 -0.17 | 2.94 1.05 0.61 0.42|50.6 77.0 85.6 89.2|50.1 773 852 894
200 | -2.36 -0.68 -0.30 -0.17 | 2.64 0.87 0.47 0.31 |30.4 68.1 80.9 86.2|29.8 66.9 80.2 85.9

SPMG estimator Standard Robust bootstrapped
30 | 0.08 -0.03 -0.01 0.00|3.40 1.42 0.88 0.63|69.0 83.1 87.7 90.2 |89.1 92.1 94.2 93.6
50 0.13 0.07 0.04 0.03]258 1.06 0.66 048 | 67.7 84.5 884 89.9|90.2 94.6 94.0 94.5
100 | 0.12 0.00 0.00 0.00|1.78 0.73 0.46 0.33 | 68.7 85.4 87.7 90.2 |89.1 94.2 93.7 94.6
200 | 0.16 0.02 0.01 0.00|128 0.53 0.32 0.23|68.0 837 89.3 90.5|89.8 93.0 952 95.1

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-4.65 -229 -147 -1.06|5.53 2.74 1.77 1.28 | 593 626 625 63.5
50 | -4.67 -2.17 -1.39 -1.02|5.24 245 1.58 1.16 | 43.5 481 47.0 50.6
100 | -4.54 -2.20 -1.41 -1.02 485 235 1.51 1.09|20.0 19.7 20.1 22.6
200 | -4.47 -2.19 -140 -1.02]4.62 226 1.45 1.05 4.7 2.5 2.6 2.6
PDOLS estimator, leads and lags order p =4
30 |-1.67 -0.74 -047 -0.32|4.18 1.77 1.11 0.79 | 84.5 89.1 89.6 89.8
50 |-1.64 -0.65 -0.40 -0.29 | 3.38 1.38 0.85 0.62 | 83.7 90.0 90.4 90.1
100 | -1.56 -0.68 -0.42 -0.30 |2.63 1.11 0.70 0.50 | 80.6 84.3 83.8 85.5
200 | -1.53 -0.68 -0.42 -0.30|2.12 091 0.56 041|750 76.2 774 76.1
PDOLS estimator, leads and lags order p = 8
30 |-0.46 -0.26 -0.16 -0.10 | 7.11 1.99 1.13 0.79 | 73.0 90.6 92.0 91.8
50 | -0.58 -0.17 -0.09 -0.07 |5.44 1.54 0.86 0.60 | 74.8 90.4 92.8 94.1
100 | -0.45 -0.20 -0.12 -0.08 | 3.85 1.09 0.64 0.44 | 76.3 90.3 90.9 92.1
200 | -0.59 -0.21 -0.12 -0.09 | 2.75 0.78 0.44 0.31 | 77.7 90.4 91.2 91.9
MGMW estimator, ¢ =5
30 |-5.11 -1.51 -0.67 -0.39 | 7.48 3.18 2.00 1.45|81.3 89.0 92.2 929
50 |-5.00 -1.42 -0.64 -0.36 | 6.57 2.56 1.58 1.14 | 73.8 89.6 93.1 93.1
100 | -4.92 -1.50 -0.69 -0.38 |5.73 2.12 1.23 0.86 | 58.8 82.3 89.9 91.9
200 | -4.87 -1.49 -0.71 -0.39 |5.30 1.83 1.00 0.66 | 33.5 70.6 82.6 89.7

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Non-Gaussian errors, LR causality = < y, 7 = 0, and no CS dependence of errors. See notes to Table S1.
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Table S30: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality z < y, 7 =0 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 |-5.57 -2.83 -1.84 -1.34|7.14 351 226 1.66|34.0 379 40.6 41.8|66.0 64.0 64.5 64.9
50 | -5.36 -2.64 -1.74 -1.29|6.31 3.06 1.99 148 |21.4 257 26.9 285|521 50.6 509 52.0
100 | -5.14 -2.62 -1.72 -1.26 | 5.66 2.83 1.86 1.36 7.2 7.2 7792|270 222 214 216
200 | -5.09 -2.55 -1.67 -1.23|534 266 1.74 128 1.1 06 08 05| 6.8 43 38 39

2-step Breitung’s estimator 25-0OLS 2S-robust
30 |-2.64 -0.79 -0.37 -0.20|4.73 2.08 1.34 0.98 | 65.0 75.7 78.7 80.1 | 724 857 89.5 91.0
50 | -2.62 -0.67 -0.31 -0.18|4.01 164 1.01 0.74|57.0 746 80.1 81.5|652 84.9 90.0 90.8
100 | -2.49 -0.75 -0.34 -0.19 | 3.27 1.28 0.77 0.55 | 48.8 68.8 76.2 79.1 |56.8 794 86.1 88.8
200 | -2.46 -0.72 -0.32 -0.19 | 2.87 1.01 0.57 0.39 | 30.9 62.3 72.7 76.3|38.2 72.7 83.8 879

SPMG estimator Standard Robust bootstrapped
30 | 0.10 0.00 0.00 0.01]|424 180 1.18 0.87 |58.7 72.8 76.3 78.1|88.7 93.3 93.7 929
50 0.18 0.09 0.04 0.02]328 139 086 0.64 |579 723 781 80.1|89.3 93.2 944 95.0
100 | 0.13 -0.01 -0.01 -0.01|2.22 0.96 0.61 0.45|58.6 732 77.2 788|885 926 93.2 94.2
200 | 0.12 0.02 0.01 0.00|1.57 0.67 0.42 0.31|589 73.5 76.9 79.7|885 92.6 94.1 94.2

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -4.79 -239 -1.58 -1.14|6.18 3.11 2.06 1.51 | 56.7 58.1 56.6 5H7.8
50 |-481 -226 -1.49 -1.10]|5.68 273 1.79 1.33 | 41.5 46.8 45.7 46.7
100 | -4.59 -2.28 -1.48 -1.08 | 5.06 2.52 1.64 1.21 |24.2 239 239 245
200 | -4.55 -2.25 -145 -1.07|4.78 237 1.53 1.13 6.8 4.8 5.8 6.0
PDOLS estimator, leads and lags order p =4
30 | -1.70 -0.75 -0.50 -0.34 | 5.13 222 144 1.05|76.3 80.9 80.4 81.1
50 |-1.64 -0.66 -043 -0.32|4.04 174 1.10 0.81|77.7 80.1 81.1 79.7
100 | -1.54 -0.71 -0.45 -0.33 |3.08 1.34 0.86 0.63|73.5 753 750 76.2
200 | -1.55 -0.71 -0.43 -0.32|2.38 1.05 0.66 0.48 | 70.4 694 70.0 69.7
PDOLS estimator, leads and lags order p = 8
30 | -0.63 -0.25 -0.17 -0.09 | 823 2.53 1.50 1.07 | 67.1 81.7 81.5 82.7
50 | -0.57 -0.15 -0.09 -0.08 | 6.47 1.98 1.14 0.80 | 68.8 81.7 83.9 82.7
100 | -0.47 -0.20 -0.13 -0.09 | 4.55 1.39 0.83 0.59|69.1 81.1 8&80.9 82.1
200 | -0.57 -0.23 -0.12 -0.09 | 3.16 0.98 0.58 0.40 | 71.2 81.2 824 822
MGMW estimator, ¢ =5
30 | -5.01 -1.64 -0.71 -0.37|7.88 3.71 2.38 1.69 | 75.7 84.7 86.1 87.6
50 |-5.12 -1.42 -0.64 -0.39|6.93 2.82 1.83 1.35|70.1 84.0 87.1 87.8
100 | -4.92 -1.54 -0.71 -0.40|594 235 139 099|572 764 842 864
200 | -4.84 -1.51 -0.71 -0.42]5.36 195 1.08 0.75]35.2 68.1 794 83.3

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring

Non-Gaussian errors, LR causality = < y, 7 = 0, and SAR CS dependence of errors. See notes to Table S1.
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Table S31: MC results for the estimation of LR coefficient 0y = 1 in experiments with
Non-Gaussian errors, LR causality z < y, 7 = 0 and factor+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 |-1.67 -0.83 -0.60 -0.44 324 1.62 1.07 0.80|48.8 54.6 552 559|854 87.8 88.0 87.7
50 |-1.67 -0.82 -0.55 -0.41 283 1.36 089 0.67|429 481 498 51.7|83.3 852 858 86.0
100 | -1.53 -0.83 -0.54 -0.40|2.30 1.18 0.77 0.58 | 33.8 35.2 36.8 39.9|78.0 785 79.3 80.0
200 | -1.52 -0.80 -0.53 -0.40 [ 2.08 1.07 0.70 0.52 | 24.8 259 25.7 26.0| 709 70.5 71.0 70.3
2-step Breitung’s estimator 25-OLS 2S-robust

30 |-1.08 -0.29 -0.17 -0.09 | 3.05 1.45 094 0.68|60.0 657 673 70.5|79.2 874 89.9 91.2
50 |-1.20 -0.28 -0.12 -0.06 | 2.63 1.11 0.70 0.52 | 57.3 65.8 704 71.6 |76.0 87.5 90.8 91.9
100 | -1.07 -0.33 -0.15 -0.08 | 2.05 0.85 0.52 0.38 | 51.5 629 66.1 69.1 | 74.2 86.3 90.0 91.5
200 | -1.07 -0.31 -0.13 -0.08 | 1.74 0.66 0.39 0.27 | 46.0 58.0 65.0 68.6 | 684 84.6 90.1 92.2
SPMG estimator Standard Robust bootstrapped
30 0.09 0.05 -0.02 -0.01|3.04 1.33 083 0.61]|50.2 609 64.1 66.3 | 88.3 924 93.4 927
50 0.01 0.03 0.02 0.02228 099 0.63 0.46|50.0 61.5 67.2 67.7|89.1 91.9 932 937
100 | 0.09 -0.02 0.00 0.00|1.66 0.69 044 0.32]49.2 599 64.8 66.3|87.0 925 93.5 944
200 | 0.04 0.01 0.01 001|137 049 031 023|484 614 65.6 66.7|89.1 923 932 943

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-2.10 -1.06 -0.75 -0.54 | 3.55 1.84 1.26 0.92 | 62.9 62.0 61.6 60.4
50 |-2.24 -1.03 -0.69 -0.52|3.28 1.57 1.03 0.79 | 54.0 55.6 55.9 56.4
100 | -2.06 -1.06 -0.70 -0.52 | 2.74 1.39 0.92 0.69 | 43.1 40.5 40.9 40.7
200 | -2.05 -1.04 -0.68 -0.52|2.51 1.25 0.84 0.63 | 27.2 23.8 253 23.6
PDOLS estimator, leads and lags order p =4
30 | -0.98 -0.45 -0.33 -0.22 |3.74 1.61 1.04 0.74 | 66.6 68.4 68.6 70.8
50 | -1.17 -0.42 -0.27 -0.20 | 3.14 1.26 0.79 0.58 | 64.3 69.5 68.6 70.7
100 | -1.01 -0.48 -0.30 -0.21]236 1.00 0.62 0.45|61.4 650 644 66.2
200 | -1.06 -0.47 -0.28 -0.21|1.92 0.79 0.49 0.35|55.9 56.2 59.2 58.7
PDOLS estimator, leads and lags order p = 8
30 |-0.24 -0.17 -0.16 -0.09 |6.65 191 1.12 0.77|53.6 70.3 67.8 71.5
50 |-0.49 -0.14 -0.07 -0.06 | 5.17 1.45 0.84 0.58 | 54.0 70.8 72.0 73.0
100 | -0.36 -0.19 -0.14 -0.07 | 3.83 1.06 0.62 043 ]|53.0 675 682 711
200 | -0.57 -0.19 -0.10 -0.09 [ 2.94 0.77 0.44 0.31 |51.2 67.0 68.5 69.5
MGMW estimator, g =5
30 |-1.26 -0.36 -0.26 -0.17 |4.01 2.09 1.47 1.06 | 76.8 78.3 74.9 76.5
50 |-1.44 -0.40 -0.19 -0.09 | 3.43 1.65 1.08 0.80 | 73.8 77.0 78.3 78.)5
100 | -1.21 -0.46 -0.22 -0.11]2.54 1.22 080 0.57 | 726 749 76.6 78.6
200 | -1.23 -0.45 -0.20 -0.14 | 2.13 0.96 0.58 0.43 |66.9 72.0 78.3 78.1

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Non-Gaussian errors, LR causality z < y, m = 0, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S32: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality = < y, m = 0.05 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -5.34 -2.72 -1.74 -1.26|6.54 3.20 2.03 1.46 | 33.2 37.8 42.6 44.4|59.3 52.5 539 53.6
50 |-5.09 -2.51 -1.64 -1.19|5.78 279 1.81 1.32]20.2 232 24.1 285 |43.0 389 36.2 372
100 | -4.97 -2.52 -1.64 -1.19|5.37 266 1.73 1.25 5.3 3.8 4.5 6.2 | 17.8 9.2 8.8 9.4
200 | -4.84 -2.48 -1.62 -1.17|5.03 256 1.66 1.21 0.4 0.1 0.1 0.2 2.7 0.7 04 0.4

2-step Breitung’s estimator 25-0OLS 2S-robust
30 | -4.17 -199 -1.35 -1.11]6.82 4.61 4.50 3.20 | 61.2 69.7 74.8 76.8|60.5 69.0 74.7 77.0
50 | -4.25 -1.80 -1.35 -1.06 |6.30 3.54 3.30 2.76 | 49.2 65.5 69.6 70.9 | 48.5 65.6 69.7 70.5
100 | -4.09 -1.86 -1.27 -1.01|5.14 296 231 214|364 549 623 64.3|36.0 55.1 63.1 64.7
200 | -4.03 -1.94 -1.31 -1.05|4.65 259 2.15 1.86|17.6 37.5 49.8 538 |17.7 374 49.0 544

SPMG estimator Standard Robust bootstrapped
30 | 0.10 -0.04 -0.02 -0.01|3.56 1.46 0.91 0.64 | 68.0 835 88.2 89.7|89.0 92.5 94.2 94.0
50 0.12 0.07 0.04 0.03]265 1.09 0.68 049 |67.5 835 89.1 89.8|90.5 94.3 94.6 94.7
100 | 0.13 0.00 0.00 0.00|1.84 0.75 0.47 0.34|68.2 84.0 87.8 89.3|89.1 94.6 93.3 938
200 | 0.17 0.02 0.01 0.00| 130 0.54 0.33 0.24 | 68.7 84.0 89.1 90.3 |89.8 93.3 94.8 94.9

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -6.40 -3.74 -2.67 -2.19|8.06 5.07 3.86 3.42|61.1 67.6 70.9 73.0
50 | -6.43 -3.51 -2.58 -2.12 | 7.50 4.38 3.38 2.99 | 46.3 56.3 60.9 66.2
100 | -6.27 -3.52 -2.58 -2.11 | 6.87 3.99 3.08 2.60 | 26.7 34.5 41.3 49.9
200 | -6.22 -3.57 -2.59 -2.10 | 6.54 3.83 2.84 2.33 | 15.7 16.7 23.6 30.6
PDOLS estimator, leads and lags order p =4
30 |-3.50 -2.29 -1.72 -148|6.93 446 3.42 3.12|81.5 86.5 89.2 90.7
50 |-3.54 -2.06 -1.62 -1.42|5.83 3.54 2.85 2.63| 785 86.0 88.9 89.3
100 | -3.46 -2.09 -1.64 -1.42|483 292 242 214|735 788 792 84.3
200 | -3.40 -2.15 -1.66 -1.41]|4.16 263 2.07 1.78|61.1 63.1 66.4 68.5
PDOLS estimator, leads and lags order p = 8
30 |-224 -183 -141 -1.25|945 480 3.50 3.15| 721 882 91.1 91.6
50 |-252 -1.59 -1.33 -1.20| 748 3.66 288 265|725 874 909 91.6
100 | -2.38 -1.63 -1.35 -1.22 | 554 286 234 209|740 86.2 84.9 88.7
200 | -2.39 -1.70 -1.38 -1.20|4.30 242 1.92 1.66 | 69.4 779 79.2 80.7
MGMW estimator, ¢ =5
30 | -6.58 -2.80 -1.75 -1.41|9.77 546 4.15 3.62|80.3 89.5 93.2 94.8
50 | -6.50 -2.66 -1.78 -1.37|8.64 4.53 3.52 3.10 | 70.7 86.5 91.9 94.2
100 | -6.42 -281 -1.80 -1.39 | 747 382 279 231|526 774 854 90.0
200 | -6.32 -2.80 -1.79 -139|6.91 3.34 233 198|294 579 71.2 80.5

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Non-Gaussian errors, LR causality = < y, 7 = 0.05, and no CS dependence of errors. See notes to Table S1.
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Table S33: MC results for the estimation of LR coefficient 0y = 1 in experiments with
Non-Gaussian errors, LR causality = < y, 7 = 0.05 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 |-5.71 -2.88 -1.87 -1.36|7.35 3.57 230 1.69 344 37.5 41.1 42.3|66.0 64.9 64.8 652
50 | -5.45 -2.67 -1.76 -1.29 |6.43 3.10 2.02 149|222 264 27.7 29.1]|524 527 519 523
100 | -5.22 -2.64 -1.74 -1.27|5.75 286 1.87 1.37 7.6 8.1 84 10.0 | 27.9 23.0 21.5 22.7
200 | -5.16 -2.58 -1.69 -1.24 | 5.42 2.69 1.76 1.29 1.1 0.8 0.9 0.5 7.0 4.5 4.0 4.3
2-step Breitung’s estimator 25-0OLS 2S-robust

30 | -4.33 -2.07 -1.40 -1.12|7.36 5.41 497 4.81|579 639 689 71.6|63.9 719 763 785
50 | -4.36 -1.88 -1.46 -1.20|6.42 3.72 3.47 3.09 | 49.0 625 64.6 674|539 70.6 71.0 73.6
100 | -4.17 -1.94 -1.39 -1.14| 546 3.08 253 232|364 53.1 584 60.5]|42.5 60.1 652 66.3
200 | -4.13 -1.97 -1.37 -1.12|5.03 2.72 2.04 1.73|20.0 40.1 483 529|248 456 53.8 57.6
SPMG estimator Standard Robust bootstrapped
30 | 0.11 -0.01 -0.01 0.01]|4.38 1.83 1.20 0.89 | 58.4 73.1 76.7 79.0|89.1 93.1 93.5 932
50 0.18 0.09 0.03 0.02 ]335 142 087 0.65|58.8 723 788 79.8|89.3 93.3 94.6 94.7
100 | 0.14 -0.01 -0.01 0.00 | 2.27 0.98 0.62 0.46 | 58.9 72.8 77.5 79.4|883 93.1 933 93.6
200 | 0.13 0.02 0.01 0.00|1.60 0.68 0.43 0.32|59.6 744 77.7 79.7|87.9 92.7 944 944

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -6.59 -3.89 -2.85 -237| 859 541 4.15 3.70 | 585 63.8 65.8 685
50 | -6.62 -3.66 -2.76 -2.31 791 465 3.66 3.25|45.6 56.1 582 64.5
100 | -6.32 -3.63 -2.69 -2.24 7.02 4.15 3.22 278|294 359 416 478
200 | -6.36 -3.68 -2.71 -2.21 6.75 397 298 246|165 172 24.0 31.0
PDOLS estimator, leads and lags order p =4
30 | -3.61 -235 -1.82 -1.59 7.64 478 3.68 3.37| 758 823 83.6 86.4
50 |-3.60 -2.13 -1.75 -1.56| 6.35 3.78 3.10 2.86 | 73.7 81.2 83.5 853
100 | -3.44 -2.14 -1.71 -1.52 5.09 3.07 254 229|700 753 76.1 789
200 | -3.51 -2.22 -1.74 -1.49 | 4.40 276 218 1.88 |58.5 62.3 64.9 68.0
PDOLS estimator, leads and lags order p = 8
30 | -254 -186 -1.51 -1.35|10.59 5.14 3.78 3.42|66.2 828 85.6 87.2
50 |-2.60 -1.63 -1.44 -1.34| 837 390 3.15 288|673 826 86.1 87.3
100 | -2.39 -1.66 -1.40 -1.30 6.0 3.02 246 223|682 81.0 82.8 84.7
200 | -2.49 -1.75 -1.44 -1.27 | 4.63 257 203 1.76 659 750 759 78.1
MGMW estimator, ¢ =5
30 | -6.43 -295 -1.83 -1.50| 9.83 5.68 4.57 3.83| 755 855 887 918
50 | -6.65 -2.70 -1.84 -1.51| 882 4.62 3.82 3.25|68.0 832 888 904
100 | -6.40 -2.81 -1.83 -141 7.58 3.86 2.85 2.36 | 52.7 T4.6 82.2 86.3
200 | -6.32 -2.77 -1.82 -1.45 6.92 3.39 242 202|303 596 712 76.8

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Non-Gaussian errors, LR causality = < y, 7 = 0.05, and SAR CS dependence of errors. See notes to Table S1.
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Table S34: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality = < y, 7 = 0.05 and factor+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 2S-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 | -1.69 -0.84 -0.60 -0.45|3.28 1.64 1.08 0.80 | 50.1 56.1 55.4 56.6 | 86.0 88.3 88.1 87.8
50 |-1.70 -0.83 -0.56 -0.41 | 2.87 1.37 0.90 0.67 | 43.2 49.3 50.7 52.5|83.3 85.0 85.2 86.3
100 | -1.55 -0.83 -0.54 -0.41 |2.32 1.19 0.78 0.58 | 34.6 36.7 38.2 40.6 | 779 786 79.0 80.3
200 | -1.53 -0.80 -0.53 -0.40 | 2.10 1.08 0.71 0.52 | 25.5 26.3 25.9 26.2 |71.2 70.8 71.0 70.0
2-step Breitung’s estimator 2S-0OLS 2S-robust

30 | -1.82 -0.88 -0.74 -0.54 |4.42 278 244 231 ]56.0 625 639 649|721 789 792 80.3
50 |-1.96 -0.84 -0.65 -0.53|3.97 223 2.02 1.95|50.8 61.1 61.5 65.3|67.7 774 76.5 7T76.7
100 | -1.80 -0.86 -0.64 -0.53 | 3.01 1.78 1.48 1.42|45.2 57.0 579 60.7|623 729 721 728
200 | -1.83 -0.84 -0.61 -0.54 | 2.67 1.65 1.28 1.07 |36.2 50.4 55.7 57.2|54.1 659 69.2 69.3
SPMG estimator Standard Robust bootstrapped
30 0.09 0.05 -0.02 -0.01|3.08 1.3¢4 0.83 0.61|51.7 61.7 66.0 675|889 92.1 935 92.9
50 | 0.00 0.03 0.03 0.02]231 1.01 0.64 0.46 | 50.3 62.5 67.2 69.2 | 89.4 92.1 93.6 93.9
100 | 0.09 -0.02 0.00 0.00|1.68 0.70 0.44 0.32 |49.4 61.6 66.4 67.8|87.7 922 936 94.1
200 | 0.03 0.01 0.01 0.01|145 050 0.31 0.23|484 62.0 66.3 67.1|89.2 92.1 93.3 94.2

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -2.80 -1.65 -1.33 -1.05|4.556 288 232 201|685 724 73.8 753
50 |-2.99 -1.58 -1.23 -1.03|4.28 243 198 1.72|60.6 69.6 71.7 76.0
100 | -2.77 -1.63 -1.24 -1.02 | 3.60 2.16 1.69 1.47|523 593 61.0 674
200 | -2.78 -1.64 -1.22 -1.03|3.34 197 151 130|376 43.0 49.6 552
PDOLS estimator, leads and lags order p =4
30 |-1.77 -1.11 -094 -0.76 | 4.87 2.79 219 1.93|70.7 79.0 79.7 83.6
50 |-2.06 -1.03 -0.84 -0.74 | 4.27 2.23 1.85 1.60 | 70.7 79.6 82.0 85.1
100 | -1.84 -1.10 -0.88 -0.73|3.28 185 145 1.29|685 765 78.6 834
200 | -1.90 -1.14 -0.86 -0.75|2.82 1.57 1.22 1.07|61.4 689 733 770
PDOLS estimator, leads and lags order p = 8
30 |-1.08 -0.88 -0.80 -0.65|7.75 3.17 2.31 2.04|55.8 77.2 79.7 83.0
50 |-1.40 -0.79 -0.68 -0.61|6.15 2.44 1.97 1.63|57.3 79.4 825 86.9
100 | -1.20 -0.86 -0.75 -0.62 | 4.55 193 147 1.31|53.8 784 834 86.5
200 | -1.46 -0.91 -0.72 -0.65|3.63 1.56 1.18 1.04 |51.5 77.8 80.8 83.8
MGMW estimator, ¢ =5
30 |-1.42 -0.61 -0.52 -0.40|4.79 299 252 245 |80.8 84.0 82.8 85.9
50 |-1.63 -0.64 -0.40 -0.31|4.12 2.33 1.98 1.75|78.5 84.3 85.2 88.5
100 | -1.32 -0.70 -0.47 -0.30 | 3.04 188 141 126|778 820 85.1 88.1
200 | -1.42 -0.67 -0.43 -0.36 |2.59 1.42 1.10 0.99 | 71.5 79.9 83.8 85.4

Notes: This table reports findings for the estimation of long run coefficient §p = 1 in experiments featuring
Non-Gaussian errors, LR causality z < y, 7 = 0.05, and factor+SAR CS dependence of errors. See notes to Table
S1.
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Table S35: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality =z < y, 7 = 0.2 and no CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -5.57 -2.82 -1.80 -1.29 | 6.98 3.37 214 154|352 409 457 48.0|60.7 573 578 574
50 |-5.32 -260 -1.70 -1.23 6.13 293 1.89 1.38 |21.6 273 284 32.6|473 424 393 41.6
100 | -5.23 -2.62 -1.70 -1.22 5.69 2.78 1.80 1.29 6.7 5.6 6.7 8.2 1209 132 11.7 11.8
200 | -5.07 -2.56 -1.66 -1.21 5.30 2.65 1.72 1.25 0.7 04 0.3 0.3 4.1 1.3 0.9 1.1

2-step Breitung’s estimator 2S-OLS 2S-robust
30 | -9.22 -5.68 -4.45 -3.88|13.82 9.64 9.21 747|415 525 573 60.3|40.7 529 573 60.3
50 |-9.15 -5.24 -4.27 -3.72 1199 7.62 7.09 697 | 31.0 47.3 50.8 553 |30.9 46.7 51.2 b55.7
100 | -9.17 -5.36 -4.20 -3.75 | 10.74 7.42 577 537 | 16.6 34.1 43.0 44.1 | 17.2 34.2 42.7 44.9
200 | -8.90 -5.50 -4.24 -3.72 9.67 6.38 6.33 4.65 5.8 16.1 24.1 28.3 6.4 16.8 25.2 28.8

SPMG estimator Standard Robust bootstrapped
30 | 0.16 -0.02 -0.01 0.00| 4.02 159 1.00 0.71]66.7 833 878 89.7]89.2 93.0 94.1 94.1
50 0.18 0.09 0.05 0.03 2.89 1.20 0.74 0.53 | 67.2 83.6 88.8 89.7190.9 944 953 94.5
100 | 0.13 0.00 -0.01 0.00| 2.04 0.83 0.52 0.37|67.3 83.5 87.4 89.7|89.1 934 933 944
200 | 0.19 0.02 0.01 0.01| 145 059 0.36 0.26 | 66.8 83.6 89.3 90.1 | 89.3 93.3 94.6 94.5

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-11.49 -7.81 -6.22 -553|13.86 9.83 810 740|594 683 719 770
50 |-11.36 -7.52 -6.13 -5.34 | 1285 8.76 7.30 6.51 | 46.2 55.9 59.3 65.7
100 | -11.45 -7.58 -6.17 -5.40 | 12.28 8.34 693 6.12|29.6 36.2 39.1 45.2
200 | -11.27 -7.59 -6.16 -5.33 | 11.70 797 6.53 5.70 | 20.7 17.3 214 244
PDOLS estimator, leads and lags order p =4
30 -9.07 -6.60 -5.40 -4.92 | 13.02 9.35 7.75 T7.15| 723 781 814 84.7
50 -8.95 -6.30 -5.32 -4.73 | 11.48 8.03 6.81 6.15|64.8 73.4 747 78.1
100 -9.12  -6.37 -5.38 -4.82 | 10.54 744 6.34 5.70 | 51.8 588 582 61.1
200 | -890 -6.39 -5.38 -4.74| 9.66 6.93 5.86 521|389 36.2 388 39.3
PDOLS estimator, leads and lags order p = 8
30 -7.80 -6.23 -5.13 -4.69 | 15.12 9.80 796 7.24|64.8 772 823 844
50 -7.99 -5.85 -5.07 -4.53 | 12.90 8.13 6.86 6.16 | 60.3 74.7 759 794
100 -7.96 -5.94 -5.11 -4.64 | 10.72 7.36 6.27 5.66 | b4.1 64.2 63.2 67.0
200 -7.83 -5.95 -5.14 -4.56 9.40 6.68 5.72 5.10 | 41.4 47.2 469 48.7
MGMW estimator, ¢ =5
30 |-10.93 -6.53 -5.21 -4.51 | 15.06 10.32 9.14 7.86| 73.9 84.3 87.0 89.9
50 | -10.80 -6.52 -5.13 -4.38 | 13.50 9.00 7.51 6.64 | 63.1 76.9 82.8 85.2
100 | -10.94 -6.62 -5.05 -4.35| 1224 7.88 6.30 5.64|41.9 579 658 704
200 | -10.73 -6.58 -5.11 -4.42 | 11.44 7.25 575 5.14|19.2 34.2 444 51.7

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Non-Gaussian errors, LR causality = < y, 7 = 0.2, and no CS dependence of errors. See notes to Table S1.
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Table S36: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality « < y, 7 = 0.2 and SAR CS dependence of errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step

Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)

n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200

PMG estimator Standard Robust bootstrapped
30 | -6.056 -299 -1.93 -140| 7.88 3.76 241 1.76 | 35.3 39.7 43.5 453 |67.2 66.2 67.3 66.3
50 | -5.69 -2.76 -1.82 -1.34| 6.77 3.23 212 156|233 289 30.6 320|553 553 b53.8 b54.9
100 | -5.49 -2.73 -1.80 -1.31 6.09 2.99 1.95 1.42 8.2 9.4 10.1 10.6 | 31.1 26.0 25.6 25.5
200 | -5.40 -2.66 -1.74 -1.27 5.70 2.79 1.81 1.33 1.3 1.1 1.1 1.2 9.1 5.8 5.2 6.1

2-step Breitung’s estimator 25-OLS 2S-robust
30 | -9.61 -6.04 -4.81 -4.10| 13.54 10.71 10.02 8.56 | 39.8 49.8 54.5 57.4 | 43.8 5H4.2 587 60.7
50 |-9.28 -5.34 -4.36 -4.09 | 11.99 8.96 11.95 6.77 | 31.1 45.1 489 513|355 49.5 522 551
100 | -9.21 -5.54 -4.51 -4.07 | 10.88 7.45 6.19 568 | 17.2 32.1 389 404 |21.1 36.0 41.9 438
200 | -9.16 -5.68 -4.51 -4.02 |10.23 6.81 540 4.99| 7.1 17.0 237 278 | 7.8 19.0 256 30.0

SPMG estimator Standard Robust bootstrapped
30 | 0.18 0.02 0.00 0.02| 478 196 1.28 094|604 75.1 78.0 79.8|89.1 933 93.6 933
50 0.28 0.12 0.04 0.02 3.64 1.51 094 068|584 746 794 81.6|89.3 93.7 95.0 95.0
100 | 0.16 0.00 -0.01 0.00| 2.46 1.04 0.66 048 |60.2 74.3 785 80.5 884 93.3 94.0 94.0
200 | 0.14 0.03 0.01 0.00| 174 073 045 033|603 756 787 814|880 927 944 944

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 |-11.90 -8.24 -6.70 -6.07 | 14.57 10.51 8.77 8.14|56.3 64.7 69.0 72.0
50 |-11.69 -7.85 -6.51 -5.75|13.38 9.24 7.83 7.08|454 555 56.7 61.6
100 | -11.55 -7.84 -6.48 -5.77 | 12,51 869 7.33 6.59 | 31.6 35.0 36.1 405
200 | -11.54 -7.85 -6.44 -5.63 | 12.04 8.27 6.84 6.03 |21.6 174 19.7 238
PDOLS estimator, leads and lags order p =4
30 -9.44 -6.96 -5.83 -5.42 | 13.78 10.02 840 7.87|67.7 750 79.1 81.7
50 -9.14 -6.58 -5.66 -5.11 | 12.06 8.49 7.31 6.70 | 64.4 71.7 70.6 75.7
100 | -9.17 -6.60 -5.66 -5.16 | 10.83 7.78 6.73 6.14 | 52.2 56.4 53.7 56.3
200 -9.14 -6.63 -5.63 -5.02 | 10.01 7.23 6.15 5.52 (370 372 364 38.9
PDOLS estimator, leads and lags order p = 8
30 -8.35 -6.55 -5.58 -5.22 | 16.08 10.55 8.62 8.00 | 60.8 749 79.6 828
50 -8.24 -6.15 -5.40 -4.91 |13.71 863 7.38 6.74 | 57.9 723 735 777
100 -8.15 -6.15 -5.39 -4.99 | 11.31 7.72 6.67 6.11 | 52.0 61.9 604 62.6
200 -8.05 -6.21 -5.38 -4.83 9.78 7.01 6.01 5.42|40.7 46.8 45.0 47.1
MGMW estimator, ¢ =5
30 | -11.14 -7.01 -5.44 -4.87 | 1523 10.84 9.28 836|719 814 854 87.8
50 |-11.09 -6.57 -5.39 -4.64 | 13.85 9.08 7.97 7.05]|60.2 743 80.3 82.9
100 | -10.97 -6.67 -5.31 -4.52 | 1235 8.0l 6.66 588|424 56.2 63.7 66.7
200 | -10.66 -6.63 -5.18 -4.59 | 11.43 7.31 589 5.30|19.1 34.6 44.8 47.9

Notes: This table reports findings for the estimation of long run coefficient 6y = 1 in experiments featuring

Non-Gaussian errors, LR causality = < y, 7 = 0.2, and SAR CS dependence of errors. See notes to Table S1.
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Table S37: MC results for the estimation of LR coefficient 3 = 1 in experiments with
Non-Gaussian errors, LR causality « < y, 7 = 0.2 and factor4+SAR CS dependence of
errors.

A: PMG, SPMG estimators using conventional and bootstrapped confidence intervals, and 2-step
Breitung estimator using 25-OLS and 2S-robust confidence intervals.

Bias (x100) RMSE (x100) 95% CI coverage rate (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
PMG estimator Standard Robust bootstrapped

30 |-1.74 -0.87 -0.62 -045|3.40 1.72 1.12 0.83|50.4 578 580 59.7|87.6 87.9 88.2 88.1
50 |-1.77 -0.85 -0.58 -0.42|3.01 1.43 093 0.70 | 45.2 50.7 529 55.0 839 86.1 86.4 873
100 | -1.62 -0.85 -0.56 -0.41|2.44 1.23 0.80 0.60 | 35.9 387 39.7 434|783 788 79.7 81.2
200 | -1.59 -0.82 -0.55 -0.41 (220 1.11 0.73 054|269 276 275 288|718 715 71.8 719
2-step Breitung’s estimator 25-OLS 2S-robust

30 | -4.04 -2.69 -221 -194|842 6.28 531 4.90|49.0 54.2 588 60.9|60.5 659 67.6 69.6
50 |-4.19 -2.53 -2.18 -1.83|7.14 5.13 4.76 4.28 |41.0 52.6 55.8 59.5|52.0 62.8 63.6 66.3
100 | -4.04 -2.47 -2.16 -1.99 |6.13 4.56 3.78 4.20 | 33.2 455 48.1 499 |43.1 55.2 b55.7 57.7
200 | -4.04 -2.51 -2.11 -1.85|5.28 3.69 3.10 2.82|229 356 380 41.6 325 452 475 494
SPMG estimator Standard Robust bootstrapped
30 0.12 0.05 -0.02 0.00|3.23 140 0.88 0.64|53.0 64.3 675 69.8 894 923 93.6 93.2
50 0.00 0.05 0.03 0.02 243 1.05 0.66 0.48|53.0 64.0 68.6 71.4|89.5 924 935 943
100 | 0.10 -0.01 0.00 0.01 |18 0.74 046 0.34|51.2 63.2 69.9 714|875 924 94.0 94.1
200 | 0.05 0.01 0.01 0.01|124 0.53 033 0.24]|50.1 63.0 675 70.3|887 924 93.6 94.7

B: PDOLS and MGMW estimators using standard asymptotic confidence intervals.

Bias (x100) RMSE (x100) 95% CI cov.r. (x100)
n\T 50 100 150 200 50 100 150 200 50 100 150 200
PDOLS estimator, leads and lags order p =1
30 | -4.97 -3.61 -2.95 -259| 731 537 4.64 4.15| 745 79.3 81.2 84.6
50 |-5.14 -3.39 -2.88 -2.51| 6.81 4.64 398 3.62|652 750 742 787
100 | -4.97 -3.33 -290 -2.54 6.03 4.10 3.62 3.24 | 564 62.3 62.7 644
200 | -4.89 -3.35 -2.82 -251 5.65 3.85 3.29 295|448 44.2 450 50.0
PDOLS estimator, leads and lags order p =4
30 | -4.27 -3.27 -2.69 -2.37 791 5.51 4.68 4.16 | 73.3 83.0 84.8 88.2
50 | -4.52 -3.02 -2.60 -230| 7.04 459 393 357|709 815 820 845
100 | -4.38 -2.96 -2.65 -2.33| 599 3.94 350 3.14|63.7 745 751 74.1
200 | -4.35 -3.01 -2.57 -230| 548 3.64 3.11 279|569 62.1 60.7 63.9
PDOLS estimator, leads and lags order p = 8
30 |-3.62 -3.23 -265 -2.32|10.63 6.17 5.00 4.38 | 56.5 81.0 84.2 88.0
50 |-3.93 -292 -2.54 -223| 874 495 4.15 3.69|57.5 80.7 827 86.1
100 | -3.88 -2.84 -2.62 -2.29 712 414 3.64 3.22 | 529 755 T7.2 774
200 | -4.04 -291 -2.53 -2.27 6.24 3.77 3.18 2.83 | 48.2 66.7 67.1 69.0
MGMW estimator, g =5
30 | -2.04 -162 -1.23 -1.11 7.06 5.18 4.74 440 835 87.6 89.3 90.1
50 | -241 -148 -1.21 -0.95 6.02 4.08 3.66 3.36 81.3 84.1 87.6 88.5
100 | -1.95 -1.40 -1.21 -0.95 4.59 3.22 2.87 255 785 827 83.8 859
200 | -2.04 -1.32 -1.09 -1.01 4.08 267 230 217 723 781 79.6 80.3

Notes: This table reports findings for the estimation of long run coefficient 6o = 1 in experiments featuring

Non-Gaussian errors, LR causality z < y, m = 0.2, and factor+SAR CS dependence of errors. See notes to Table S1.
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Table S38: Coverage rate of robust asymptotic 95 percent confidence intervals of
SPMG estimator of LR coefficient 6

A: Experiments 1-18 (summarized in Table S1)

n\T 50 100 150 200 50 100 150 200 50 100 150 200
Experiment 1 Experiment 2 Experiment 3
30 57.80 80.00 86.05 88.25 61.20 80.80 86.20 88.80 63.15 81.15  88.95  90.90
50 58.10 78.80 86.35 87.45 59.10 80.35 87.55 87.85 63.50 84.90 88.45  90.80
100 59.80 80.15 86.20 89.30 60.35 81.70 87.55 90.40 64.70 84.50  91.15  92.50
200 59.90 80.25 87.00 88.50 60.90 81.60 87.25 89.25 68.15 86.20 92.75  94.35
Experiment 4 Experiment 5 Experiment 6
30 57.75 80.00 86.00 88.10 61.10 80.20 86.00 88.55 62.90 81.00  88.55  90.45
50 58.35 78.35 87.10 87.40 59.55 80.55 87.80 88.30 63.25 84.70  88.50  90.80
100 58.75 80.55 85.55 89.50 60.20 82.40 87.60 90.00 63.15 84.60  90.70  92.35
200 60.20 79.70 87.05 88.55 61.80 81.10 87.10 88.95 68.20 85.65  92.75  94.25
Experiment 7 Experiment 8 Experiment 9
30 55.80 79.80 86.35 87.10 60.25 80.05 86.45 88.60 60.90 81.75  88.70  90.80
50 57.00 78.65 86.00 88.40 59.40 79.90 86.85 88.00 63.50 83.75  88.30  90.50
100 57.65 80.05 86.45 89.45 60.00 80.85 87.90 90.15 63.25 84.10 90.75  92.05
200 59.15 80.00 86.35 88.35 60.85 80.55 85.70 87.95 66.50 85.90  92.05  93.90
Experiment 10 Experiment 11 Experiment 12
30 65.70 83.40 87.60 89.65 65.15 83.40 88.50 90.15 68.90 84.65 89.15  91.30
50 65.65 82.15 88.95 90.15 66.60 81.65 87.15 90.00 68.15 83.50  89.45  90.55
100 64.95 82.85 88.10 91.60 66.90 82.35 87.80 90.90 70.10 84.60  89.25  90.35
200 66.05 81.55 87.85 90.05 66.80 82.55 87.65 89.55 68.40 83.65  89.70  90.35
Experiment 13 Experiment 14 Experiment 15
30 65.65 83.35 87.75 90.25 66.20 83.55 88.50 90.60 69.70 84.75  90.05  91.00
50 64.70 82.15 89.10 90.15 65.65 81.85 87.40 90.00 68.10 84.00 89.30  90.85
100 66.25 82.30 87.95 90.80 67.55 82.60 88.05 91.10 70.25 84.45  89.25  90.45
200 65.90 82.35 88.60 90.20 66.95 82.45 88.00 89.90 68.90 84.05  90.00  90.75
Experiment 16 Experiment 17 Experiment 18
30 64.45 8285 87.25 89.30 65.45 83.25 88.50 90.65 70.05 84.80 89.70  91.05
50 63.95 82.75 88.00 89.35 65.10 82.80 88.05 90.10 67.30 83.95 89.45  91.40
100 64.95 81.65 87.20 91.00 65.90 81.35 88.25 91.20 69.20 84.60  89.65  90.80
200 64.85 80.05 87.45 89.65 65.25 82.00 86.65 89.45 70.15 84.30  89.40  91.40

Notes: This table reports coverage rate MC findings for 95 percent confidence intervals computed based on the
robust variance matrix estimator (S.26)), using asymptotic critical values. See Table S1 fof the list of individual

experiments.
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Table S38 (Continued): Coverage rate of robust asymptotic 95 percent confidence
intervals of SPMG estimator of LR coefficient 6

B: Experiments 19-36 (summarized in Table S1)

n\T 50 100 150 200

50 100 150 200

50 100 150 200

Experiment 19

Experiment 20

Experiment 21

30 61.80 79.50 85.25 88.65
50 60.55 80.70 86.90 90.00
100 57.90 80.45 85.85 87.90
200 61.10 80.50 87.60 89.20

64.15 81.45 86.65 88.85
61.00 80.90 87.30 89.95
59.60 79.45 86.80 89.40
62.75 81.50 88.00 89.70

64.00 83.50 89.20 90.70
64.30 83.20 90.45 92.10
65.85 86.50 90.65 92.60
68.60 87.65 92.05 94.65

Experiment 22

Experiment 23

Experiment 24

30 60.90 79.35 85.55 88.25
50 60.65 79.35 87.35 90.30
100 57.85 80.15 86.20 87.60
200 60.50 80.10 87.25 89.60

62.90 81.10 86.55 89.20
60.65 80.55 87.35 89.80
60.70 80.25 87.05 89.10
61.80 81.90 87.45 89.60

64.55 83.65 89.25 90.55
64.45 82.95 90.45 91.75
65.10 86.10 90.50 92.35
67.65 87.25 92.20 94.75

Experiment 25

Experiment 26

Experiment 27

30 58.40 7890 85.10 88.30
50 58.00 79.15 87.15 90.55
100 56.60 78.90 86.75 87.70
200 60.75 80.05 87.35 89.30

62.60 81.70 86.55 88.55
60.80 80.20 87.65 89.75
59.90 80.30 86.05 88.75
60.40 81.45 87.40 89.80

63.85 82.85 89.25 90.10
62.70 83.30 90.30 92.20
63.55 85.15 90.65 92.55
65.85 86.65 91.85 94.25

Experiment 28

Experiment 29

Experiment 30

30 67.30 81.85 87.35 89.50
50 66.35 83.40 87.90 89.25
100 67.35 84.30 87.25 89.35
200 67.00 83.05 88.65 90.10

67.20 84.60 87.70 89.05
67.35 83.30 88.90 90.35
66.60 83.90 87.60 90.30
67.15 83.60 88.70 90.65

70.75 84.05 88.95 89.15
70.45 84.30 88.45 90.45
70.05 85.05 90.00 91.35
71.80 84.60 89.05 91.65

Experiment 31

Experiment 32

Experiment 33

30 66.45 82.55 87.85 89.30
50 65.95 83.35 88.15 89.40
100 67.40 83.15 87.05 89.10
200 67.75 83.25 89.10 90.10

66.95 83.95 87.10 89.35
67.40 83.90 88.40 90.45
66.45 84.20 87.60 89.65
67.45 83.65 88.85 90.00

71.05 84.20 89.15 89.25
70.70 83.90 88.85 90.75
69.35 85.00 89.70 91.35
72.30 85.00 89.35 91.95

Experiment 34

Experiment 35

Experiment 36

30 66.20 82.50 87.10 89.05
50 66.45 83.75 88.40 89.10
100 66.10 82.25 87.00 88.95
200 65.55 82.70 88.55 89.65

67.45 83.50 87.40 89.30
66.85 84.40 88.60 91.10
66.50 83.85 88.45 89.75
66.65 83.90 87.95 90.30

71.20 83.90 88.60 89.35
70.50 84.45 88.80 90.85
69.05 84.95 89.70 91.50
71.65 84.45 89.20 92.00

Notes: This table reports coverage rate MC findings for 95 percent confidence intervals computed based on the
robust variance matrix estimator (S.26)), using asymptotic critical values. See Table S1 fof the list of individual

experiments.
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