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Abstract

In this paper we first develop two statistical tests of the null hypothesis that early release data are rational. The
tests are consistent against generic nonlinear alternatives, and are conditional moment type types, in the spirit of
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appears to always yield poorer predictions, even when compared with other models that are subject to what we
term as “definitional change” problems. Additionally, we argue that the notion of final data is misleading, and
that definitional and other methodological changes that pepper-time datasets are important and perhaps somewhat
overlooked in many empirical analyses to date. Finally, we find that there appears to be little marginal predictive
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that are augmented with various revision error variables.
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1 Introduction

The literature on testing for and assessing the rationality of early release economic data is rich
and deep. A very few of the most recent paper on the subject include Howrey (1978), Mankiw,
Runkle, and Shapiro (1984), Mankiw and Shapiro (1986), Milbourne and Smith (1989), Keane
and Runkle (1989,1990), Kennedy (1993), Kavajecz and Collins (1995), Faust, Rogers, and Wright
(2005), Swanson and van Dijk (2006), and the papers cited therein.! In recent years, in large part
due to the notable work of Diebold and Rudebusch (1991), many agencies have begun to collect
and disseminate real-time data that are useful for examining data rationality, and more generally
for examining of the entire revision history of a variable. This has led to much renewed interest in
the area of real-time data analysis. However, relatively few paper have examined issue such as data
rationality using tests other than ones based on fairly simplistic models such a linear regressions.?

In this paper, we add to the literature on whether preliminary (and later releases) of a given
variable are rational by outlining two consistent out-of-sample tests for nonlinear rationality that
are consistent against generic (non)linear alternatives. One test can be used to determine whether
preliminary data are rational, in the sense that subsequent data releases simply take “news” into
account that are not available at the time of initial release (see Mankiw and Shapiro (1986) and
Faust, Rogers and Wright (2005) for further explanation of the “news” hypothesis). In this case, we
have evidence that the first release data are those that should be used in out-of-sample prediction.
If this test fails, then two additional testing procedures are proposed. The first involves simply
using later release data in the same test to estimate the timing of data rationality (e.g. to estimate
how many months it takes before data are rational). The second involves carrying out a different
test which is designed to determine whether the data irrationality arises (i) simply because of a bias
in the preliminary estimate, in which case the preliminary data should be adjusted by including an
estimate of the bias prior to its use in out of sample prediction; or (ii) because available information
has been used inefliciently when forming the first available data. The tests are related to the
conditional moment tests of Bierens (1982,1990), de Jong (1996), and Corradi and Swanson (2002);

and we provide asymptotic theory necessary for the valid implementation of the statistics using

1A small subset of other papers that examine data rationality, either explicitly, or implicitly via the analysis of
real-time prediction, include Burns and Mitchell (1946), Muth (1961), Morgenstern (1963), Stekler (1967), Pierce
(1981), Shapiro and Watson (1988), Diebold and Rudebusch (1991), Neft¢i and Theodossiou (1991), Brodsky and
Newbold (1994), Mariano and Tanizaki (1995), Hamilton and Perez-Quiros (1991), Robertson and Tallman (1998),
Gallo and Marcellino (1999), Swanson, Ghysels, and Callan (1999), McConnell and Perez-Quiros (2000), Amato and
Swanson (2001), Croushore and Stark (2001,2003), Ghysels, Swanson and Callan (2002), Bernanke and Boivin (2003),

2For a discussion of nonlinearity and data rationality, the reader is referred to Brodsky and Newbold (1994),
Rathjens and Robins (1995), and Swanson and van Dijk (2006).



critical values constructed via a block (likelihood) bootstrap related to the bootstraps discussed in
Corradi and Iglesis (2007) and Corradi and Swanson (2007). Of final note is that in addition to
being based on linear models, many of the regression based tests used to examine rationality in the
literature are actually “in-sample”, in the sense that all data are used in the estimation of relevant
model. While one of our tests retains this property, due to the fact that there is an equivalence
between in- and out-of-sample testing when applying the test, the other test is “out-of-sample”, in
the sense that bias adjustment terms are recursively calculated prior to the construction of each
“revision error” used in the test. It is in this sense that our tests are truly out-of-sample; and hence
quite different from prior tests of rationality.

In addition to outlining and implementing new rationality tests, we carry out a series of pre-
diction experiments in this paper. One feature that ties together of prediction experiments and
our data rationality tests is that we take no stand on what constitutes final data, as we argue
that the very notion of using so-called final data in such analyses is fraught with problems. In
particular, data are never truly final, as they are subject to an indefinite number of revisions.
More importantly, it is far from clear that financial market participants, government policy setters,
and generic economic agents use final data in day to day decision making. For example, financial
markets certainly react to first release data, and also to a small number of subsequent data re-
visions. However, they pretty clearly do not react to revisions to data from 10 or 20 years ago,
say. Similarly, policy setters base their decisions to some extent on predictions of near-term early
release target variables such as inflation, unemployment, and output growth. They clearly do not
base their decisions upon predictions of final versions of these data. The reason for this is that
early release data are revised not only because of the collection of additional information relevant
to the time period in question, but also because of “definitional changes”. Indeed, distant revisions
are due primarily to definitional and other structural data collection methodology changes; and it
goes without saying that policy setters, for example, have very little premonition of definitional
changes that will occur 20 or 30 years into the future, and indeed do not care about such. These
arguments, taken in concert, simply imply that the variable that one cares about predicting is likely
to be a near-term vintage, and if one cares about final data, one may have a very difficult time, as
one would need then to predict unknowable future definitional and other methodological changes
implicit to the data construction process. Thus, we argue that not only do policy setters and mar-
ket participants use early release data, but that they should use early release data. Furthermore,

it Is pretty clear that much caution needs to be used when analyzing real-time data. Application



of simple level shifts to datasets in order to address the “definitional change” issue may be grossly
inadequate in some cases, as the entire dynamic structure of a series might have changed after a
“definitional change”, so that the current definition of GDP may define an entirely different time
series that based on an earlier definition, say. This issue is examined in the sequel via discussion
of a simple graphical method for determining “definitional changes”, and via careful examination
of the statistical properties of output.

The preceding arguments are not meant to suggest that the standard approach in prediction
exercises of using all available information when parameterizing models and subsequently when
constructing predictions is invalid. Indeed, given that definitional changes may indeed make early
releases of data from the distant past unreliable, when viewed in concert with early releases of
very recent data, it makes sense to use the most recently available data (as opposed to only using
preliminary data, say) in prediction. However, it should nevertheless be stressed that the most
recent data that are available for a particular variable consist of a series of observations, each
of which is a different vintage. Thus, the standard econometric approach is to use a mixture of
different vintages. This in turn poses a different sort of potential problem. Namely, if the objective
is to construct predictions of early data vintages, then why use arbitrarily large data vintages (i.e.
some of the data in the dataset used for estimation have been revised many times, and some not) in
the parameterization of the prediction model. This is one of the issues addressed in the empirical
part of this paper, where real-time prediction experiments are carried out using various vintages of
data as the target variable to be predicted, and using various vintages and combinations of vintages,
and revision errors in the information set from which the model is parameterized. For example, we
investigate whether k™" available data are better predicted using all available information (i.e. using
the latest real-time data), or using only past k" available observations. We also investigate whether
revision errors can be used to improve predictions. Finally, we carry out a real-time assessment of
the marginal predictive content of money for income using various vintage/variable combinations
of output, money, prices, and interest rates.

In conjunction with the above prediction experiments, we also discuss the issue of definitional
change in real-time datasets. We note that one can in principle view a single real-time dataset as
containing information on a number of different economic variables, where a new economic variable
is defined subsequent to each definitional and/or methodological change used by a statistical agency
in the formation of a variable. The above argument may or may not be relevant, depending upon

how severe the “definitional changes” to a variable are. One thing is for certain, though, simply



making level adjustments to series in order to allow for definitional changes is a crude solution to
this problem (even if the raw data are transformed to growth rates). Instead, one might argue
that a whole new series should be formed after each definitional change. In this sense, empirical
analyses which use revision errors, and also those that use particular vintages of data, such as
first available, must be viewed with caution. The relevance of this data issue is addressed via the
prediction experiments discussed above.

As mentioned above, all of our prediction experiments are carried out using various vari-
able/vintage combinations, allowing us to comment not only on rationality, but also on a number
of other related issues. For example, we discuss and illustrate the importance of the choice between
using first, later, or mixed vintages of data in prediction. Interestingly, it turns out that early
release data are generally best predicted using first releases. The standard practice of used “mixed
vintages” of data appears to always yield poorer predictions, even when compared with other mod-
els that are subject to “definitional change” problems. Furthermore, adding revisions to simple
autoregressive type prediction models does not lead to improved predictive performance. Finally,
we find that there appears to be little marginal predictive content of money for output. This result
holds for standard real-time vector autoregressions (VARs), and for VARs that are augmented with
various revision error variables.

The rest of the paper is organized as follows. In Section 2, we outline some notation, and
briefly explain the ideas behind testing for data rationality. In Section 3, we outline our nonlinear
rationality tests, and in Section 4 we outline the empirical methodology used in our prediction
experiments. Section 5 contains a discussion of the data used, and empirical results are gathered

in Section 6. Concluding remarks are given in Section 7. All proofs are gathered in an appendix.

2 Setup

Let ¢+, X; denote a variable (reported as an annualized growth rate) for which real-time data are
available, where the subscript ¢ denotes the time period to which the datum pertains, and the
subscript ¢ + k denotes the time period during which the datum becomes available. In this setup,
if we assume a one month reporting lag, then first release or “preliminary” data are denoted by
t+1X¢. In addition, we denote fully revised or “final” data, which is obtained as & — oo, by ;X;.
Finally, data are grouped into so-called vintages, where the first vintage is preliminary data, the

2nd

second release is available data, and so on.

The topic of testing rationality of preliminary data announcements is discussed in details by



Mankiw and Shapiro (1986), Keane and Runkle (1989,1990), Swanson and van Dijk (2006), and
many others.® The notion of rationality can most easily be explained by considering Muth’s (1961)
definition of rational expectations, where the preliminary release 41Xt is a rational forecast of the
final data ;X if and only if:

t1Xe = Bl Xe FH, (1)

where .7-}”1 contains all information available at the time of release of 111X, (see below for further

discussion). This equation can be examined via use of the following second regression model:
Xe=a+ 1 Xe B4+ Wiy + g1, (2)

where 41 Wy is an m X 1 vector of variables representing the conditioning information set available
at time period ¢ 4+ 1 and €441 is an error term assumed to be uncorrelated with .1 X; and ;1 W;.
The null hypothesis of interest (i.e. that of rationality) in this model is that « = 0, 8 = 1, and
~v = 0, and corresponds to the idea of testing for the rationality of ;11X for ;X; by finding out
whether the conditioning information in W%, available in real-time to the data issuing agency,
could have been used to construct better conditional predictions of final data.

Based on regressions in the spirit of the above model, and on an examination of preliminary
and final money stock data, Mankiw, Runkle, and Shapiro (1984) find evidence against the null
that « = 0, @ = 1, and v = 0 in (2), suggesting that preliminary money stock announcements
are not rational. On the other hand, Kavajecz and Collins (1995) find that seasonally unadjusted
money announcements are rational while adjusted ones are not. For GDP data, Mankiw and
Shapiro (1986) find little evidence against the null hypothesis of rationality, while Mork (1987) and
Rathjens and Robins (1995) find evidence of irrationality, particularly in the form of prediction bias
(i.e. a # 01in (2)). Keane and Runkle (1990) examine the rationality of survey price forecasts rather
than preliminary (or real-time) data, using the novel approach of constructing panels of real-time
survey predictions. This allows them to avoid aggregation bias, for example, and may be one of the
reasons why they find evidence supporting rationality, even though previous studies focusing on
price forecasts had found evidence to the contrary. Swanson and van Dijk (2006) consider the entire
revision history for each variable, and hence discuss the “timing” of data rationality by generalizing
(2) as follows:

Xe— ok Xe =a+ ke Xe B4 Wi 17 e (3)

3For a very clear discussion of some approaches used to test for rationality, see also Faust, Rogers, and Wright
(2005), where the errors-in-variables and rational forecast models are used to discuss the notions of “noise” and
“news”, respectively.




and

kXt — 11 Xe =a+ 11 Xe B+ Wiy + eepns (4)

where & = 1,2,... defines the release (or vintage) of data (that is, for &k = 1 we are looking at
preliminary data, for k£ = 2 the data have been revised once, etc.). The primary objective of fitting
the second of these two regression models is to assess whether there is information in the revision
error between periods ¢ + k& and ¢ 4+ 1 that could have been predicted when the initial estimate,
t+1X¢, was formed. Using this approach, Swanson and van Dijk find that data rationality is most
prevalent after 3 to 4 months, for unadjusted industrial production and producer prices.

In the sequel, we consider questions of data rationality similar to those discussed above. How-
ever, we do not assume linearity, as is implicit in the tests carried out in all of the papers discussed
above. Additionally, we examine a number of empirical prediction models in order to assess the
relative merits of using various vintages of real-time data, in the context of predicting a variety of

different variable/vintage combinations (see above for further discussion).

3 Consistent Out of Sample Tests for Rationality
3.1 The Framework

As mentioned above, a common approach in the literature has been to use linear regressions in
order to test for rationality. Therefore, failure to reject the null equates with an absence of linear
correlation between the revision error and information available at the time of the first data release.
It follows that these tests do not necessarily detect nonlinear dependence. Our objective in this
section is to provide a test for rationality which is consistent against generic nonlinear alternatives.
In other words, we propose a test that is able to detect any form of dependence between the
revision error and information available at the time of the first data release. This is accomplished
by constructing conditional moment tests which employ an infinite number of moment conditions
(see e.g. Bierens (1982,1990), Bierens and Ploberger (1997), de Jong (1996), Hansen (1996), Lee,
Granger and White (1993) and Stinchcombe and White (1998), Corradi and Swanson (2002)).

+1

To set notation, let qui = 42Xy —41 Xpand Wy = <t+1Xm+1 ui“) . Furthermore, let

ff“ =0 (s11Ws; 1 < s <t). Thus, ngiﬂ denotes the error between the 2" and the 1% releases,
and ffﬂ contains information available at the time of the first release, assuming a one month
lag before the first datum becomes available. All of our results generalize immediately to the case

where 1 W} contains information other than ¢41X; and t+1“§+1- Furthermore, even though our
+1

+J

discussion focusses primarily on qui , our results additionally generalize immediately to Hkui



fork>2,7>1,and k > j.

In the sequel, consider testing the following hypotheses, against their respective negations:
Hop: E (HQuiH]}}tH) =0, and
Hopo: E (HQuiH]}}tH) =F (quiﬂ) .
Hypothesis Hp 1 is the null hypothesis that the first release is rational, as the revision error in this
case is a martingale difference process, adapted to the filtration generated by the entire history of
past revision errors and past values of the variable to be predicted. This is consistent with the
“news” version of rationality, according to which subsequent data revisions only take news that
were not available at the time of the first release into account. Thus, if we fail to reject Ho 1,
it means that the first data release already incorporates all available information at the current
time. As a consequence, out of sample forecasts, as well as policy analyses, should rely on the
first data release. In principle, one might imagine forming a joint test for the null hypothesis that
') (Hkui“]}}tﬂ) =0, for k = 2, ..., k, where ¢, yu’"! denotes the revision error between the &™ and

+

the 1% releases. However, under the null of rationality, for & > 2, Hkui Lis perfectly correlated

with qui“, as:

k
B (t+ku§+1 t+2u§+1) =F <(t+2u§+1)2> + ZE (t+jui+1 t+2u§+1) =F <(t+2u§+1)2> ;
§=3

which in turn follows because the revision error is uncorrelated, under the null hypothesis. In this
sense, by considering additional revision errors, one gains no further information. Therefore, a
test statistic for the joint null £ (Hkui“]}}tﬂ) = 0, for k¥ = 2,...,k will be characterized by a
degenerate limiting distribution. On the other hand, one can certainly use Hku?k*l, k>1in
place of ngiﬂ in Hop1. Indeed, by sequentially testing Hp 1 using increasing values of k, one can
estimate which release of the variable of interest is the first one that fails to reject, and is hence
rational.

Hypothesis Ho 2 is also forms the basis for a rationality test, because rationality entails that the
revision error is indeed independent of any function which is measurable in terms of information
available at time ¢4 1. Nevertheless, the first release may be a biased estimator of the second release.
In this sense, the first release would be unconditionally biased. Unconditional bias may arise due
to the fact that the statistical reporting agency produces releases according to an asymmetric
loss function. For example, there may be a preference for a pessimistic release in the first stage,
followed by a more optimistic one in the later stage (see e.g. Swanson and Van Dijk (2006) for
further discussion). Intuitively, one might argue that the cost of a downward readjustment of the

preliminary data is higher than the cost of an upward adjustment.



Our first objective is to provide a test for Hp 1, which is consistent against all possible deviations
from the null. Now, failure to reject Hp; would clearly suggest that one should use first release
data for out-of-sample prediction On the other hand, if Hp 1 is rejected, one remains with the
problem of ascertaining the cause of the rejection. A logical next step would the be to construct
a statistic for testing Ho 2 against its negation. If the null hypothesis fails to reject, then there is
unconditional bias, but there is no issue of the ineflicient use of available information. In this case,

t+1

then, one should use the preliminary release plus the estimated mean of ;1 ou;" " as an appropriately

adjusted preliminary release in prediction and policy applications.
3.2 Test Statistics and Assumptions

Bierens (Theorem 1, (1990)) shows that if /5 (¢ouf 111 W) # 0, then £ (s4oul ™ expy Wy) # 0,
for all v € I, except a subset of zero Lebesgue measure. Stinchcombe and White (1998) show that if
w (¢41W{, ) is a generically comprehensive function, then whenever Pr (E <t+2u§+1]t+1Wt> = 0) <
1, B (t+2ui+1 eXPy 1 Wt”y) # 0 for all v € I', except a subset of zero Lebesgue measure. In addi-
tion to the Bierens exponential function, the class of generically comprehensive functions includes
the logistic function, and cumulative distribution functions in general. Suppose that ;41 W; is a
g—dimensional vector (whenever ;11W; does not have bounded support in R?, then it is custom-
ary to map the ¢ elements of Wy into bounded subsets of R). Examples of w (;,41W/,~) include:
w (W, ) = exp(3] 1 % ®(Wig)) and w (11 W, 7) = 1/(1+exp(c—327 4 %®(Wiy))), with ¢ # 0
and ® a measurable one to one mapping from Jt to a bounded subset of Jt.

In our context, we want to test whether the revision error is independent of the entire history.
Thus, we need to ensure that if:

Pr (Eips (u) ™ i1 W1 Wi, g W) = 0) < 1, then F (ppoul™w (30, c1—W7_%)) # 0,
for all 7; € I'. In order to test

Ho1: F (qui“]}}tﬂ) =0, a.s.

)

Versus
Hay:Pr (E (HQuiH]}}tH) = 0) <1,

we shall rely on the following statistic suggested by de Jong (1996):

My 1 = sup [m17(7)|, (5)
~yell
where in our context:
| T2 i—1
m,r (7) = 77 EPARTE I JARE /RO I
t=1 J=1



and where ® a measurable one to one mapping from %!~ ! to a bounded subset of §t, and
C={nyia; <9 S by, i =12 Jagli oyl < B k= 2}

As shown in Lemma 1 of de Jong, (I',||y—+||) is a compact metric space, with ||y —+/| =
<Z;’11 ¥y — 7’]2> 1/2, where || denotes the Euclidean norm in R2. In the case where w is the
exponential function, we can allow for k£ = 2. In practice, one can choose a; = aj 2 and b; = bi 2,
where a and b belong to some compact set in R2. It is immediate to see the weight attached to past
observations decreases over time. Indeed as stated in the assumptions below, the revision error is a
short memory process, and therefore it is “independent” of its distant past, under both hypotheses.

As mentioned above, if Hp; is not rejected, then one can conclude that the revision error
is unpredictable, and thus the first release data already incorporates available information in an
efficient way. Thus, we can rely on the use of first release data both for forecasting and for policy
evaluation. On the other hand, if Hy; is rejected, then it is important to distinguish between the

case of inefliciency and (unconditional) bias. Thus, whenever Hy,; is rejected, it remains to
1) ot t+1
Hop: B <t+2ut+ ’ftJr ) =L <t+2ut+ ) y a.8.

versus

Hapg : Pr (B (pug A = B (n2ufh)) < 1.

Now, note that my () does not contain estimated parameters, so that there is no difference
between in-sample and out-of-sample tests, when considering our test of Hp . This is no longer
true when testing Ho g versus I 42, as implementation of the test requires the computation of the
deviation from zero of the of revision error. In this case, we thus propose splitting the sample T,
such that T" = R+ P, where only the last P observations are used for testing rationality. The mean

is estimated recursively as:.
1
~ i1
He = ?Z jroult fort =R, .., R+ P -2
j=1
It follows that the statistic of interest is:

My p = sup |ma,p(7)],

el
where
1 T2 t—1
ma,p (7) = P (20t — i) w Z%“P (t41-5Wi5)
t=R j=1



In the sequel, we require the following assumptions.
Assumption Al: (i) (z2ultty 1 X;) is a strictly stationary and absolutely regular strong mix-
ing sequence with size —4(4 +¢)/v, v > 0, (ii) £ <(t+2u§+1) ) < oo, for r > 2, (iii) w is a
bounded, twice continuously differentiable function on the interior of I' and V,w (¢11 WY, ) is
bounded uniformly in I'; and (iv) V,w (¢41W/,~) is continuous on I', I' a compact subset of 7 and
is 2r—dominated uniformly in I', with r > 2(2 4+ ).
Assumption A2: T = R+ P, and as T" — o0, 1—]; — 7, with, 0 <7 < oo.
Assumption A3: to be completed ...

3.3 Asymptotics

We now state the limiting behavior of the two statistic suggested above.
Theorem 1: Let Assumption Al hold. Then: (i) Under Hoy, Mir 4, sup., |m1(7)|, where mq(7y)

is a zero mean Gaussian process with covariance kernel given by:

C(v,72)
t—1 t—1

= E | (2ul™)? w Y AP (1 Weg) | w [ Y AP (1 We )
= =1

(it) Under Ha,y, there exist an € > 0, such that Pr <%pMLT > 5) — 1.

From the statement in part (i) of Theorem 1, it is immediate to see that the covariance kernel
does not contain cross terms, capturing the correlation between

trouttlw <Z] 1Y (Hl,th,j)) and gy oudtlw <Zj;% Vi@ (s+1—st—j)> for all s # t; this is
because the revision error is a martingale difference sequence under the null.
Theorem 2: Let Assumptions A1-A2 hold. Then: (i) Under Hyza, M p 4, sup,, |ma ()|, where

ma(y) is a zero mean Gaussian process with covariance kernel given by:

C'(71,72)
t1
=L «”2“?1 2713 (tr1-We—j) | w Z’Yé,jq)(tJrlfthfj)
=1
t1
2o [ w | D P e Wey) | | B[ w | D 7h,® (r15Wiy)
—1 =1

_HE<((H2“§H> ”>2> Elw Z’Yi,jq)(tJrlfthfj)
—1

10



-1
HE [ w [ D 75® (er1-3Wey) (6)
i

VP
The difference between the limiting distribution in Theorems 1 and 2 is apparent in the last two

(it) Under Ha, there exist an € > 0, such that Pr <L—MLP > 5) — 1.

lines of (6), which reflect the contribution of the recursively estimated sample mean. Furthermore,
the limiting distributions in both theorems depend on the nuisance parameter v € I', and thus
standard critical values are not available. de Jong (1996) suggests using simulated conditional p-
values, and Corradi and Swanson (2002) generalize his approach to the case of recursively estimated

parameters. In the next section we propose an alternative approach based on the bootstrap.
3.4 Bootstrap Critical Values

First order validity of the block bootstrap in the context of recursive estimation is established in
Corradi and Swanson (2007), for the case in which the test function, w, depends only on a finite
number of lags. Furthermore, it follows intuitively that if we resample the data, say ngiﬂ and
++1 Wy, then the statistic computed using the resampled observations cannot mimic the behavior
of the original statistic, simply because the correct temporal ordering is no longer preserved. A
scenario analogous to this one arises in the context of the conditional variance of a GARCH model,
which is a near epoch dependent map on all of the history of the process. White and Goncalves
(2004), in order to obtain QMLE estimation of GARCH parameters, suggest resampling (blocks
of) the likelihood, and more recently Corradi and Iglesias (2007) show higher order refinement
for QMLE GARCH estimation based on similar resampling. In the sequel, we use the same idea
and jointly resample (r4ouf™, we (7)), where wy(v) = w <Z§;11 Vi (41— Wi ])> . Under the null,

T () is a martingale difference sequence. Therefore, first order asymptotic validity of the

t+2ui
bootstrap statistic can be achieved by simply resampling blocks of length one, as in the #:d case. On
the other hand, in order to achieve higher order refinement, one has to use the block bootstrap with
a block size increasing with the sample, even in the case of martingale difference sequences. This
is because for refinement it no longer suffices to merely mimic the first two sample moments when
showing asymptotic validity; and the martingale difference assumption does not help for higher
moments (see e.g. Andrews (2002)). However, our statistics are not pivotal, because of the presence
of the nuisance parameters, ~, that are unidentified under the null, and thus we cannot obtain

higher order bootstrap refinements. For this reason, when considering M; r it suffices to make

T — 2 independent draws from <3u%, w1 () y ey u::ﬁ:%, w9 (’y)) . This can be simply accomplished
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by drawing 1" — 2 independent discrete uniform variates on 1,...,7 — 2, say I;, ¢ = 1,...,, T — 2.

*2 1+1

Hereafter, let (sui2, wf (1) oz w3 wh 5 (1) = (nauf M wh, (1) et 037w, ()
Thus, for all 7, wy, (7) = <Z]f:1 VP (141- Wi ) which is equal to w <Z§;11 v; P (Hl,th,j))
fort =1,...,T — 2, with equal probability 1/(T — 2). Note that, for any bootstrap replication, we
use the same set of resampled values across all v € .
The bootstrap analog of M 1, say M 7, is then defined to be:
MlT = iléplmnr 7)’

where

*t+1
m’ E trou T wi(y)-

‘We next turn to constructing the bootstrap analog of M p, say M2’ p- First, construct the bootstrap

analog of ji;, say uf, which is defined as:

t
~ 1 j
iy = t Z j+2u;’7”+1 fort=R,...R+P—2.
j=1

Next, construct:

M;p = SUP’m2P 7)’
el
where

mi () ==

T-2
~ 1 -
((HW?H - Mf) wy — T <t+2ui+1 - Mt) wt) .
t=R t=1

Note that we need to recenter the above bootstrap statistic around the full sample mean, as

observations have been resampled from the full sample. In fact, given the resampling scheme
T2 1 -~

)= DY <t+2ui+ — Jit) we,

where E* and Var® denote the expectation and the variance under P*, the probability law governing

described above, it is immediate to see that E* ((quftﬂ — 1t ) w

the bootstrap resampling. We can now establish the first order validity of the bootstrap statistics
described above.

Theorem 3: Let Assumption Al hold. Then: (i)

r* (sup ’mlT(’y)’ < x) - P (Sup m’fT(’y)’ < :I?)
~yell el

where mfy () = VT (mar(y) — E(mar(y))). (ii) Let Assumptions Al and A2 hold. Then:

P (SUP im3 p(7)] < $) - P (SUP My P(7)’ = x)
vel yel
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P lw:sup

zER

>e| — 0,

P |w:sup

zER

>e| — 0,




where mly p(v) = VP (m2,p(v) = B (ma,p(7))) -

The above results suggest proceeding in the following manner. For any bootstrap replication,
compute the bootstrap statistic, M7 (Msp). Perform B bootstrap replications (B large) and
compute the quantiles of the empirical distribution of the B bootstrap statistics. Reject Ho (Ho,2)
it My (Ma,p) is greater than the (1 — a)-percentile of the corresponding bootstrap distribution.
Otherwise, do not reject. Now, for all samples except a set with probability measure approaching
zero, My (Mg p) has the same limiting distribution as the corresponding bootstrapped statistic,
ensuring asymptotic size equal to a. Under the alternative, My r (Ms, p) diverges to (plus) infinity,
while the corresponding bootstrap statistic has a well defined limiting distribution, ensuring unit

asymptotic power.
4 Empirical Methodology

In addition to the nonlinear rationality tests outlined above, we consider the issue of prediction
using various variable/vintage combinations. In particular, we construct sequences of predictions
for various ex — ante sample periods using recursively estimated models of the following variety:
Model A (First Available Data): ¢15Xe41 =+ > b 1 Bi t42-iXit1—i + €1tk
Model B (k" Available Data) : 115 Xep1 =+ > 0 1 Bi t12-iXe43—k—i + Sevk; and
Model C (Real-Time Data) DX =+ > 0 B 1 Xep1—i + etk

By comparing the ex — ante predictive performance of the above three models for various values
of k, we can directly examine various properties of the revision process and hence various features
pertaining to the rationality of early data releases. The first regression model has explanatory
variables that are formed using only 1%¢ available data, while the second regression model has
explanatory variables that are available &k — 1 months ahead, corresponding (k —1)% available data.
Thus, the first model corresponds to the approach of simply using first available data and ignoring
all later vintages, regardless of which vintage of data is being forecasted. On the other hand, the
second model only uses data that have been revised £ —1 times in order to predict data that likewise
have been revised k£ —1 times. This sort of prediction model might be useful, for example, if it turns
out that data are found to be “rational” after 3 releases using the above rationality tests, and if
it is thus decided that only 37 release data is “trustworthy” enough to be used in policy analysis,
say. It follows immediately upon inspection of the models that Models A and B are the same for
k = 2,;regardless of p. In Model C, the latest vintage of each observation is used in prediction, so

that the dataset is fully updated prior to each new prediction being made. We refer to this model
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as our “real-time” model, as policy makers and others who construct new predictions each period,
after updating their datasets and re-estimating their models, generally use this type of model. Note
also that it follows that for p = 1, Models A and C are the same for all k, while Models A, B, and
C are the same for k£ = 2.Finally, Models A and B are identical for all p if & = 2.

Now, if useful information accrues via the revision process, then one might expect that using
real-time data (Model C) would yield a better predictor of ¢, ;X than when only “stale” 1% release
data are used (Model B), for example. Of course, the last statement has a caveat. Namely, it
is possible that 1% vintage data are best predicted using only 1% vintage regressors, 2™ vintage
using 2™ vintage regressors, etc.. This might arise if the use of real-time data as in Model C
results in an “informational mix-up”, due to the fact that every observation used to estimate the
model is a different vintage, and only one of these vintages can possibly correspond to the vintage
being predicted at any point in time (see discussion in the introduction for further details). This
eventuality would be consistent with a finding that Model B yields the “best” predictions. However,
the problem with using Model B is that we are ignoring more recent vintages of some variables,
and so the model is in some sense “out of date”. This is a substantial disadvantage, and may well
be expected to result in Model C yielding the best predictions for values of k great than 2. Our
approach in the empirical application is to set: (i) p = 1; (ii) p = SIC; (iii) p = AIC; (iv) p = 0.
Additionally, we set k ={1, 2, 3, 6, 12, 24}. Furthermore, for Type C regressions, in addition to
the basic regression model, we consider models where we include additional regressors of the form:
(1) (1 W{ = ey1ul_;, for each of k =1,2,...,24; (i) 11 W} = ( el _q, er1ul_gr1ul )5 and (iii)
Wi = t+1U§ﬁ:Za for each of k = 3,4, ..., 24.

Additionally, we estimate multivariate versions of all of the models described above, where we
include (i) money, income, prices, and interest rates; and (ii) income, prices, and interest rates.
In these models it is assumed that the target variable of interest is output growth. Thus, we are
examining, in real-time, the marginal predictive content of money for output, using regressions
including various data vintages, various revision errors, and for a target variable which consist of
various releases of output growth.

All of our prediction experiments are based on the examination of the mean square forecast
errors associated with predictions constructed using recursively estimated models; and MSFEs are
in turn examined via the use of Diebold and Mariano (1995) and Clark and McCracken (2001)
type predictive accuracy tests (see also Clark and McCracken (2005), McCracken (2006), and West
(1996)).

14



5 Empirical Results
5.1 Data

The variables used in the empirical part of this paper are real GDP (seasonally adjusted), the GDP
chain-weighted price index (seasonally adjusted), the money stock (measured as M1, seasonally
adjusted) and the real interest rate (measured as the rate on 3-month Treasury bills).* All series
have a quarterly frequency and our real time data sets for each of the four variables were obtained
from the Philadelphia Reserve System’s real time data set for Macroeconomists (RTDSM).?

The first vintage in our sample is 1965.Q4, for which the first calendar observation is 1959.Q3.
This means that the first observation in our dataset is the observation that was available to re-
searchers in the fourth quarter of 1965, corresponding to calendar dated data for the third quarter
of 1953. The datasets range up to the 2006.Q4 vintage and the corresponding 2006.QQ3 calendar
date, allowing us to keep track of the exact data that were available at each vintage for every pos-
sible calendar dated observation up to one quarter before the vintage date. This makes it possible
to trace the entire series of revisions for each observation across vintages. We use log-differences
throughout our analysis (except for interest rates); and the log-differences of all the variables, except
the interest rate, are plotted in Figures 1-3. The figures also exhibit the first and second revision
errors measured as the difference between the first vintage (e.g. first available) of a calendar ob-
servation and the second and third vintages, respectively. As can readily be seen upon inspection
of the distributions of the revision errors, as well as via examination of the summary statistics
reported in Table 1, the first revision (i.e. the difference between the first and second vintages)
is fairly close to normally distributed. On the other hand, the distribution of the second revision
errors is mostly concentrated in the zero interval, implying that much of the revision process has
already taken place in the first revision. Indeed, the distributional shape of revision errors beyond
the first revision is very much the same as that reported for the second revision in these plots,
with the exception of revision errors associated with definitional and other structural changes to
the series. This is one of the reasons why much of our analysis focuses only on the impact of first
and second revision errors - later revision errors offer little useful information, other than signalling

the presence of definition and related methodological changes. Indeed, an important property of

4Results based on the use of M2 in place of M1 in all empirical exercises are available upon request, and are
qualitatively the same as those reported for M1.

®The RTDSM can be accessed on-line at http://www.phil.frb.org/econ/forecast /readow.html. The series were
obtained from the “By-Variable” files of the “Core Variables/Quarterly Observations/Quarterly Vintages” dataset.
The data we use are discussed in detail in Croushore and Stark (2001). Note also that interest rates are not revised,
and hence our interest rate dataset is a vector rather than a matrix (see Ghysels, Swanson, and Callan (2002) for a
detailed discussion of the calendar date/vintage structure of real-time datasets).
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real-time datasets like the RTDSM is the possibility that calendar observations may vary across
vintages for reasons other than because of “pure” revisions. This is illustrated in Figure 4 where
we have plotted four early calendar dates (1959.Q4; 1960.Q4; 1961.Q4; and 1962.Q4) across all
available vintages in our sample, for output (GDP) and money (both in log-differences). Of note is
that the data varies significantly across the vintages. For instance, looking at the 1959.QQ4 calendar
observation for output across all vintages, one can observe several discrete movements driving the
value of that particular observation from a monthly growth of 1% for the earlier vintages to 0.5%
for the late vintages. It seems reasonable to argue that most (if not all) of the discrete variations in
that particular calendar observation are not due to “pure revisions”, but are solely a consequence of
“definitional breaks” in the measurement of output. To verify this claim, we plotted and compared
several other calendar observations across all vintages and we could identify nine clear breaks in
the following dates: 1976.QQ1; 1981.Q1; 1986.Q1; 1992.QQ1; 1996.Q1; 1997.QQ2; 1999.Q4; 2000.Q2;
and, 2004.Q1. (These are the breaks that define the sample periods for which summary statistics
are reported in Table 2). This can be graphically illustrated by noticing that in Figure 4, for out-
put, the four calendar dates plotted exhibit abrupt changes in the same vintages, corresponding to
these dates. Not surprisingly, the same nine breaks were identified in our measure of prices, since
our measure is a composite measure of GDP prices. However, it should be noted that the same
procedure for the money series does not yield such well defined ”definitional breaks”, as some of
the breaks do not apply to all vintages. This can be observed in the lower graph in Figure 4. This
suggests a need for great caution when analyzing real time data, particularly money stock.

In the introduction of this paper, we argued that the variable that one cares about predicting
is likely to be a near-term vintage, and if one cares about final data, one may have a very difficult
time, as one would need then to predict unknowable future definitional and other methodological
changes implicit to the data construction process. The above discussion supports this argument.
Namely, “pure revision” appears to occur in the near-term, “definitional change” occurs in the long
term, and little occurs between. Furthermore, and as argued in the introduction, application of
simple level shifts to datasets in order to address the “definitional change” issue may be grossly
inadequate in some cases, as the entire dynamic structure of a series might have changed after
a “definitional change”, so that the current definition of GDP may define an entirely different
time series that based on an earlier definition, say. However, it should be noted that although
our summary statistics reported in Table 2 suggest that there are indeed significant differences

between the means and other measures associated with series in different “definitional change”
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sub-samples, our other empirical evidence suggests that the “definitional change” issue may not be

very damaging. This issue is discussed in the next sub-section.
5.2 Basic Predictive Regression Results

As discussed in Section 4, we carried out three types of simple autoregressive prediction experiments,
where the objective was to forecast output. The methods involved fitting regression Models A, B,
and C. Given the discussion of the previous sub-section, it is quite apparent that Models A and
B are, strictly speaking, invalid. This follows because the models are estimated recursively, using
all data available prior to the construction of each new prediction (see footnote to Table 3 for
further details). This in turn means that the structure of Models A and B ensures that data
from different “definitional periods” will be used in the estimation of the models, for many of the
predictions made; and hence parameter estimates will in principle be corrupted. However, Model
C does not have this feature, as one always uses currently available data for model estimation and
prediction construction. Indeed, Model C is arguably the type of model that the Federal Reserve
uses to construct predictions. Namely, data are updated at each point in time, as they become
available, and prior to re-estimation of models and prediction construction. The other models use
what might be called “stale data”. However, the other models might have a certain advantage
over Model C. For example, Model A only uses first available data to predict first available data.
Indeed, Model A also uses first available data for cases where we are interested in predicting second
and later vintages of data (i.e. when we are predicting ;14 X¢41, for & > 2). Model B, on the other
hand, uses only k' vintage data for predicting &" vintages. Thus, Models B and C do not suffer
from the “mixed vintages” problem that Model A does. They do not use explanatory datasets for
which each and every observation corresponds to a different vintage. One aspect of our prediction
experiments is that we are able to shed light upon the following trade-off: What is worse: using
“mixed vintage” datasets that are not subject to “definitional change” problems, or using datasets
containing only the vintage corresponding to the desired prediction vintage, but with “definitional
change” problems?

The answer to the preceding question is immediately apparent upon inspection of Table 3,
where results for basic autoregressive versions of Models A,B, and C are presented for various
prediction periods, various values of &, and for models both with and without included revision

error regressors.® Model C never yield the lowest mean square forecast error (MSFE), regardless of

Tn Model C regressions additional “revision error” regressors include: (i) s+1 W/ = 10l _z; (i) e i W{ = (es1ul 4,
er1ul o) and (iii) 1 W/ = t+1u§ﬁ::. Note that results are only reported for £ = 2,3, and 4. Other values of &

were considered, but results are not reported here as they are qualitatively the same as those that are reported, and
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what vintage of data is being predicted, and regardless of the variable being predicted.” In particular,
for output, prices, and money, Models A and B always “win”, and for most cases where Model B
“wins”, it is simply because it is for a case where Models A and B yield identical results (see Section
4 for a discussion of these cases). Thus, it indeed appears to be the case that Model A “wins” in
virtually every case considered across all variables, and regardless of whether revision errors are
added as additional regressors or not. Thus, we have surprising evidence that preliminary data are
useful even for predicting later data releases. While this is pretty strong evidence against Model
C, one must keep in mind that Model B uses “stale data” when predicting vintages for £ > 2, and
hence it might not be viewed as too surprising that Model A dominates Model B. In summary, we
have interesting evidence suggesting that real-time datasets are crucial, but perhaps not always in
the way people have though, as the “mixed vintage” problem appears to be sufliciently important
as to cause Model C to “lose” every one of our prediction competitions. This findings holds even
though Model A is subject to the “definitional change” problem, suggesting that the “definitional
change” problem is not too severe.

It is also apparent from inspection of Table 3 that adding revision errors to the prediction
models does not result in lower MSFEs, at least for the cases that we have considered. This
finding, coupled with our finding that Model A yields the lowest MSFEs across all cases, suggests
that all of our data are to some extent eflicient. Of course, this result is based upon autoregression
type models, and one would need to include additional regressors, both linearly and nonlinearly, to
properly examine the issue of efficiency. In the next section this is done via examination of vector
autoregressive predictive models for output. In the subsequent section, we examine the issue using

the tests discussed in Section 3 of this paper.
5.3 Marginal Predictive Content of Money for Output

In this section, we implement Model C to examine whether additional variables and their respective
revision errors improve predictive performance. Results are gathered in Table 4, and correspond
to those reported in Table 3, except that vector autoregressions are estimated rather than autore-
gressions, and the target variable to be predicted is output. Note that models with and without

money are included, so that we can additionally assess the marginal predictive content of money

because “pure revisions” appear to die out extremely quickly in the data (see above discussion). Finally, note that
although models were estimated using lags selected with the AIC and the SIC, and for lags set equal to unity, results
are only reported for lags selected using the SIC. The reason for this is that models with lags selected using the SIC
uniformly yielded the lowest MSFEs across all cases reported.

“Note also that the random walk model does not yield the lowest MSFE for any cases considered. The only
exception is output for & = 2, when the forecasting period starting date is1983:01, in which case Model C beats
Models A and B, and the random walk model beats Models A, B, and C.
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for output.® As a benchmark, the autoregressive and random walk prediction model results from
Table 3 are included.

Interestingly, the vector autoregression models yield lower MSFEs than their autoregressive
counterparts for prediction periods beginning in 1970:1 and 1983:1; but not for the recent very
stable period beginning in 1990:1. Furthermore, it is always the case that (regardless of sample
period, model, and vintage) the models with money yield higher MSFEs than the models without
money. This result holds regardless of whether we add revision errors as additional regressors or
not. Thus, we have evidence that including money in linear output prediction models does not
improve predictive performance. Additionally, models with revision errors never outperform their
counterparts that do not contain revision errors. This is further evidence that our preliminary
data are eflicient. In the next section, we continue our empirical examination of efficiency by

implementing the out-of-sample rationality tests discussed in Section 3.
5.4 Out-of-Sample Rationality Test Results

to be completed ...

6 Concluding Remarks

to be completed ...

8 Amato and Swanson (2001) also use real-time data to assess the marginal preditive content of money for output.
However, they do not consider models that additionally include various types of revision errors as predictors, as is
done in this paper.
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Appendix

Proof of Theorem 1:

(i) For the case of w being an exponential function the proof follows directly from The-
orem 4 in de Jong (1996). Here we outline how the same outcome carries through for any
generically comprehensive function satisfying A1(iii)-(iv). For a given ~, we first want to show
that mq 7 () a4 N <0,E <(t+2u§+1) w <Z§;11 ’y;-q) (Hl,th,j)))) . Under Hy, ngiﬂ is a ff“
adapted martingale difference sequence (mds), and so ;ulttw <Z§;11 Y (41— ;Wi ])> is also a
a FI* adapted mds. Given A1(1)(iii), this follows from the central limit theory for martingale
difference arrays e.g. Wooldridge and White (1988). The statement in the Theorem then follows,
once we have shown that my () is stochastic equicontinuous on I'. Now, for ¥ € (y,7T), by an

intermediate value expansion,

e ()

t—1

rrouf e [ <7}‘1> (t+1-3Wi—j) =75 @ (t+1fthfj)>
=1

ow
t+1 t / 1+
Z < 0y = < Vi )

~—

’ml,T (v

?
[\

S5~
]

?
[\

S~
]

72 t—1
1
<C|l—= Z rraupt! Z <’Y; - 7}+>
VT 5 =1

the result then follows by Hansen (1996). TO BE COMPLETED
(ii) similar to Part (ii) in Theorem 4 in de Jong.
Proof of Theorem 2:
(i) For any given =, let p, = F (quiﬂ) and u(y)=F <w <Z§ 117](I> (Hl,th,j))) .

T

|
[\

(]

ma.p (7) = (er2u™ = pu) w | A (15 Wiey)

S
N

o+ | =

t t—1
( (rou™ - pm)) w | Y% (- Wiy)
iz =

=1

b
[\

- s - o

(er2uf™ = pu) w ZW}‘P (t+1-;We—5)

(]

T
S

.
[
o+ | =

( Z (ipouit! —Mu))M(W)‘l'OP(l)
R =

1

o~k
|
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where the op(1) term holds uniformly in  (need to show ULLN for & ST 2w <Z§;11 Vi (41— Wi ])> .
show it’s NED ...).

The statement follows by a similar argument as in the proof of Theorem 1 in Corradi and
Swanson (2002),....

(ii) As in Part (ii) of Theorem 1.
Proof of Theorem 3:

(i) First note that, as I; are identically and independently distributed,

T—2
1 ~
o ( g ) = VIE ((rya* = fif) )

(i)

to be completed ...
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Figure 1: Output Growth Rates, First, and Second Revision Errors — 1965:4 - 2006:4
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Figure 2: Price Growth Rates, First,

Growth Rates

and Second Revision Errors — 1965:4 - 2006:4
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Figure 3: Money Growth Rates, First, and Second Revision Errors — 1965:4 - 2006:4
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Figure 4: Data From Four Different Calendar Dates Plotted Across All Data Vintages(*)

Output
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(*) See Table 2 for summary statistics based on the subsamples denoted by structural breaks
in the calendar dates depicted in the above plot for output. All lines denote the values for a given

calendar date as reported across all vintages of the real-time dataset. See above for further details.
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Table 1: Growth Rate and Revision Error Summary Statistics — Output, Money, Prices(*)

Vrbl Vint  R-Err  smpl Y Ty oy skew kurt LB JB ADF
Output 1 - 65:4  0.00657 0.00790 0.00061 -1.259 6.734 1115 1345 -6.035
2 - 65:4  0.00705 0.00851 0.00066 -1.148 6.678 107.1 123.8 -6.350
- 1 65:4  0.00046 0.00189 0.00015 0.118 2950 23.58 0424 -6.050
- 2 65:4 -0.00002 0.00106 0.00008 0.324 8932 32.01 237.0 -5471
1 - 70:1  0.00626  0.00817 0.00068 -1.190 6.395 96.90 101.0 -5.729
2 - 70:1  0.00675  0.00877 0.00073 -1.111 6.446 9242 98.05 -4.911
- 1 70:1  0.00048  0.00193 0.00016 0.041 2.873 28.17 0.208 -5.620
- 2 70:1  -0.00001 0.00108 0.00009 0.300 9.087 27.70 216.9 -5.128
1 - 83:1  0.00734 0.0048 0.00050 0.230 3.940 4455 3.728 -6.299
2 - 83:1  0.00766  0.00538 0.00056 0.379 3.958 53.06 5.179 -6.178
- 1 83:1  0.00029 0.00171 0.00018 -0.301 2.677 2553 1.944 -9.994
- 2 83:1  0.00012 0.00098 0.00010 1.753 9.658 14.73 2074 -9.753
1 - 90:1  0.00682 0.00463 0.00057 -0.376 3.470 30.12 1.892 -5.513
2 - 90:1  0.00724  0.00510 0.00063 -0.195 3.277 38.83 0490 -5.508
- 1 90:1  0.00037 0.00161 0.00020 -0.091 2.077 17.02 2755 -3.667
2 90:1  0.00008 0.00093 0.00012 2.090 12.60 13.24 275.2 -8.226

Prices 1 - 65:4  0.00958 0.00608 0.00047 1.163 4.093 1040 44.05 -1.613
2 - 65:4  0.00988  0.00636 0.00049 1.245 4