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1. Introduction

Empirical research with vector autoregressions (VARs) typically ignores issues associated
with data revisions and economic agents’ access to only real-time data releases. An example
of this is the literature on monetary policy shocks in VARs (for example, Bernanke and
Blinder (1992), Sims (1992), Christiano, Eichenbaum and Evans (1996, 1999), Sims and Zha
(1996) and Bernanke and Mihov (1998)). Each of these studies is based upon some data series
that were not known to anyone during the period of the empirical analysis. Specifically, the
data used in these studies, and other macroeconomic time series research, have been revised
relative to the data known at that time. Since government agencies and private sources do
not provide these data conveniently, these shortcuts are rarely even questioned.! The real-
time data collected by Croushore and Stark (1999), however, allows researchers to explore the
empirical robustness of many existing macroeconomic results to this issue. Armed with the
original data releases that were known at that time to business analysts, market participants,
policymakers, and the rest of the interested universe, the econometrician can quantify, how
much of a difference does this make to empirical analyses of monetary policy shocks?

Addressing this question is complicated by the fact that some data are always revised, and
hence the true underlying economic concept is never observed fully. For example, aggregate
economic activity in the United States is not directly observable, but data on real GDP
is reported and revised by the Bureau of Economic Analysis. The monetary policy shock
literature has focused on how real GDP (for example) is affected by an exogenous shock to
monetary policy. This is an interesting question when real GDPis taken to be an accurate
measure of aggregate economic activity, but the focus should instead be on the impact
of monetary policy shocks on economic activity. Consequently, when data revisions are
accounted for in empirical VAR analyses, the unobserved true variable must be modeled.?
In standard OLS estimates of autoregressions, this will induce errors-in-variables biases.

Errors-in-variables issues raise another econometric problem for identified VAR analyses,

'Diebold and Rudebusch (1991) investigate this issue for the index of leading indicators. Rudebusch (1998)
criticizes VAR-based estimates of monetary policy reaction functions for ignoring this issue. Orphanides
(1998) empirically assesses the importance of this issue for Taylor rule estimates.

2Sargent and Sims (1977) provide an early example of this environment. Sargent (1989) and Stock and
Watson (1989) discuss how Kalman filter methods can be used tractably to estimate these models.



not simply the literature on monetary policy. Structural shocks are identified based upon
the covariance structure of the VAR innovations. The standard method of estimating VAR
innovations from the residuals, however, will include data revisions (or measurement noises).
In general, the revision components will be correlated across the equations in the system.
Identifying the economic shocks from the measurement noises requires more structure on the
measurement, process. In our empirical example, conditional on having the complete data
set, the identification and estimation of the monetary policy equation is simpler than the
other nonpolicy, nonfinancial, and non-auction price equations.

This paper considers two approaches to addressing the fact that econometricians’ macro-
economic data sets are changing over time due to data revisions. The first approach is to
assess the sensitivity of VAR estimates across different data vintages. For example, how
do monetary policy reaction function estimates change when the sample period is fixed at
1960-1983, but the data vintages are updated every year? This analysis does not explicitly
consider how the data revision process takes place. The second approach considers a statis-
tical model of data revisions and implements an alternative, real-time estimation strategy
to overcome the errors-in-variables biases. Our method assumes that output, the price level,
and monetary aggregates are latent variables that the data collection agency never measures
precisely. Given a standard set of restrictions to identify policy and nonpolicy shocks in the
absence of measurement noises, our analysis with these noises is able to identify the shocks
and compute impulse responses.

Our empirical analysis of the Christiano, Eichenbaum, and Evans (1996) system suggests
that many results from the VAR literature on monetary policy are robust to these issues
of real-time data availability. Specifically, our analysis of the 1960-83 estimation period
using alternative data vintages (Section 3) uncovers only minor differences in monetary
policy shock measures and impulse responses. Our real-time analysis of the 1968-93 period
(Section 5) also finds only small differences in the estimated policy shocks between the real-
time estimates and 1998-vintage estimates. The estimated effects of monetary policy shocks
on variables in the system are somewhat smaller in the real-time system, but qualitatitvely

are remarkably similar.® The estimated effects of other orthogonalized shocks are also similar

3We have not computed measures of uncertainty associated with these responses at this stage of our



in the real-time system for the first three to five years of responses. After this length of time,
the price variables in the real-time system exhibit trending behavior, while the 1998-vintage
responses seem to revert to zero.

The paper is organized as follows. Section 2 discusses the relationship between the VAR
literature on monetary policy and real-time information sets. Section 3 investigates the
robustness of two VAR studies to using alternative data vintages in the estimation over the
period 1960-83. Section 4 discusses difficulties raised by real-time data issues in an example,
two-variable autoregression; and proposes an estimation strategy. Section 5 reports empirical
results for this method applied to the Christiano, Eichenbaum, and Evans (1996) system.

Section 6 concludes.

2. The literature and real-time data issues

The empirical literature that quantifies the effects of exogenous monetary policy shocks
on the economy proceeds along the following lines. The monetary authority has a policy
instrument S; which is set as a function of the state of the economy. A general specification

of the Fed reaction function is

Sy = f () + & (2.1)

where (2, is the Fed’s information set at time ¢ and ¢; is an exogenous shock. This specification
is embedded in the approaches of Gali (1992); Bernanke and Blinder (1992); Christiano,
Eichenbaum, and Evans (1996, 1999); Sims and Zha (1996); Leeper, Sims and Zha (1997);
and Bernanke and Mihov (1998). The points of departure in these studies are the choices
of the policy instrument S;, the variables included in the information set §2;, as well as the
different functions f(-), and the correlation structure between the exogenous shock &; and
the information set 2.

A common approach in these studies, however, is the use of a macroeconomic data set
that was not consistently available during the entire period of the analysis. Each study uses

a data set whose variables have been revised over time, following the original data release.

research.



For example, Christiano, Eichenbaum, and Evans (1996) use a data set that was collected
in mid-1993 and included real GDP data through the fourth quarter of 1992. Although
the real GDP data for 1992:Q4 had only been revised twice (no benchmark revision), the
historical data going back through 1960 had been revised many times. As we noted in the
introduction, the empirical VAR literature has neglected the effects of data revisions.* This
omission is apparent in the monetary policy rule (2.1) since it does not reflect the vintage
of the data in the information set. Let T reflect the date of the data set’s construction by
the econometrician. Period T' will often be the final observation in the data set, although
this does not need to be the case. In this setting, the empirical policy rule in the existing

literature should be restated as

SE=r1() +<f (2.2)

One reaction to this criticism is to estimate f (-) using QtTj for various data vintages T to see
if the estimates differ, while holding the full-sample period fixed. Using this approach, we
provide evidence on the robustness of two VAR studies in section 3 (Christiano, Eichenbaum,
and Evans (1996) and Gali (1992)).

A further criticism of most macroeconomic, time series studies is that the data contained
in QF for t < T were not known at time #. In most cases, the data have been revised;’
this critique also holds for the approach using QtTj . Consequently, even with certain knowl-
edge of f(-), el will differ from the true policy shock (see Rudebusch 1998 and Christiano,
Eichenbaum, and Evans 1999). Assuming that the monetary authority uses a time-invariant

function f (-) to set the policy instrument, the reaction function is
Si=f (%) +e (2.3)

The notation with superscript ¢ here indicates that the monetary authority sets the policy

instrument S; on the basis of information that is actually available to it during period ¢.

*Rudebusch (1998) criticizes the monetary policy shock literature for ignoring this. However, in principle,
the problem is pervasive in macroeconomic time series studies generally. See Croushore and Stark (1999) for
examples.

5 Almost all seasonally adjusted, macroeconomic time series data are revised for a substantial period of
time.



The conflict between the empirical investigation of monetary policy and the actual setting
of policy is troubling in principle. Rudebusch (1998) stresses this conflict, but provides no
direct evidence on the economic importance of the issue. To assess the economic consequences
of using revised data, three questions emerge. First, how do the empirical policy shock
measures and policy instrument settings differ in equations (2.2) and (2.3)?7 In general,
estimating (2.2) using standard VAR methods will not recover the reaction function and
policy shocks in (2.3). Second, how are impulse response functions from policy shocks to other
macroeconomic data affected by this conflict? This question is far more difficult to assess than
the first one. In most cases, computing impulse response functions from a monetary policy
shock requires estimating the VAR equations for the other variables.® Although monetary
policy may plausibly respond to each new data revision as described in (2.3), this assumption
is somewhat more problematic for real GDP. Should we really expect that true output will
be affected directly by the government’s announcement that last month’s announced figure
for real GDP was half a percentage point too high? Further assumptions about the non-
policy equations are required: assumptions about the data revision process over time and
the information available to economic agents at any point in time. As the discussion in
section 4 indicates, the problems posed by data revisions range beyond the monetary policy
shock literature. Third, how is the identification of non-monetary policy shocks affected by
data revision issues? Simple examples below suggest that VAR innovations estimated using
revised data will include revision errors. Since identification of exogenous shocks is achieved
by factoring particular covariance matrices of VAR innovations, the presence of additional

covariation due to revision errors cannot be ignored, in principle.

6An exception is the two-step strategy described in Christiano, Eichenbaum, and Evans (1999) for a
particular recursively identified policy rule. Although the two-step strategy is asymptotically justifiable
for any impulse response function, it does require a time series on the exogenous shock. If the exogenous
shock can only be identified with the aid of another variable’s innovation, then the other equation must
be estimated. The identification strategies of Sims and Zha (1996), Gali (1992), and Bernanke and Mihov
(1998) require these additional restrictions.



3. Monetary policy estimates with different data vintages

Is there a simple way to see if data revisions really matter for the identification of monetary
policy shocks? One way to answer this question is simply to investigate how changes in the
vintage of the data affect the size of monetary policy shocks or impulse response functions.

Potentially, this issue could be very important. In examining the robustness of empirical
macroeconomic studies, Croushore and Stark (1999) found that some empirical results were
strongly affected by data revisions. For example, some of the empirical results of Hall
(1978) and Blanchard and Quah (1989) changed dramatically when alternative vintages of
data were used. In both cases, the sample period used in the empirical work wasn’t changed,
only the date on which the data were measured.

To investigate the robustness of VAR results for measuring monetary policy shocks,
we use the real-time data set of Croushore and Stark, and rerun the empirical work of
Christiano, Eichenbaum, and Evans (1996) and Gali (1992), using the same sample periods
as they use, but four alternative vintages of the data. ~We then examine the degree to
which these alternative data sets lead to differing magnitudes for monetary shocks and the
impulse responses to monetary shocks. We’ll look at data sets that span 15 years. The
data, especially NIPA data, have been revised significantly across that span, and thus could

potentially have a large impact on the empirical results.

3.1. Christiano-Eichenbaum-Evans (CEE)

The benchmark CEE quarterly model consists of a recursively identified VAR in six variables:
real output (Y), deflator (P), nonborrowed reserves (NBR), federal funds rate (FF), total
reserves (TR), and commodity prices (PCOM), where Y, P, NBR, and TR are in logs. Using
the Choleski decomposition, the causal ordering of the variables is important, and we use
the CEE benchmark ordering Y, P, PCOM, FF, NBR, TR in everything that follows.

Our real-time data set includes the values of all six variables as they existed in macroeco-
nomic data sets in the fourth quarter of each of the following years: 1983, 1988, 1993, and
1998. The federal funds rate and commodity price variables aren’t revised, but the other

four variables were revised substantially over this time period, including such major revisions



as switching from GNP to GDP, and changing from fixed-weight real output and deflator to
chain weighting. We maintain a common sample period for all four vintages of data, using
just data from the sample that’s common to all four data sets, 1960Q1 to 1983Q3.

The VAR is estimated and the monetary policy shocks are taken to be the orthogonalized
innovations from the federal funds rate equation. Figure 3.1 illustrates the shocks that we
estimate, with each of the four different lines corresponding to a different vintage data set.

The figure shows that the measured monetary policy shocks differ somewhat in magnitude
across the alternative data vintages, but they are qualitatively very similar. In almost every
case, the shocks are of the same sign across vintages and display the same timing in terms
of peaks and troughs. In a few cases, they are opposite in sign, as in early 1972. In other
cases, as near the end of the sample period, the last data points are quite a bit different
quantitatively in the 1983 vintage data set. But this is as you might expect, given that the
data points at the end of the sample in the 1983 vintage data set haven’t been revised at
all, and thus don’t incorporate important source data that are used in all the other vintage
data sets.

Looking at the impulse response functions (Figure 3.2) yields a similar result-there are
very few differences across vintages of the data. The only case in which the vintage matters
significantly is the response of prices. In the earliest vintage data set (1983), the price puzzle
takes much longer to resolve than with other vintages. In all four vintages, the long-run
effect is a decline in prices, but the long-run effect is greater, the later the vintage. This
suggests that the impulse responses may be somewhat sensitive to data revisions. However,
the variable itself has also changed over time, from GNP deflator, to GDP fixed-weight

deflator, to GDP chain-weight price index.

3.2. Gali

The CEE model is a straight VAR with no economic structure. But much recent empirical
work has used economic theory to impose structure on the VAR, using short-run and long-
run restrictions to provide identification. One such model is that of Gali (1992). The Galf
model is a VAR in four variables, with the growth rate of real output (Y), the quarterly

change in the interest rate (FF), the real interest rate, which equals the interest rate minus
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the quarterly inflation rate in the consumer price index (P), and the growth rate of the real
money supply (MONEY), which equals the log of the nominal money supply minus the log
of the price level. The only difference between our data and Gali’s is that we use the federal
funds rate, while he used the interest rate on three-month T-bills, but that difference should
matter little for the empirical results.

Imposing identifying restrictions on the VAR allows one to calculate structural shocks
and to generate impulse response functions. Galf imposes three long-run restrictions on the
VAR: money supply shocks don’t affect output, money demand shocks don’t affect output,
and spending shocks don’t affect output. He also imposes three short-run restrictions:
money supply shocks don’t affect output contemporaneously, money demand shocks don’t
affect output contemporaneously, and the price level doesn’t enter the money supply equation
contemporaneously.

The shocks to monetary policy, shown in Figure 3.3, are again quite similar across vintages
of the data. The only surprise is that the 1988 vintage of the data shows somewhat larger
shocks than the other three vintages. But the timing of all the shocks is identical; they
differ only in magnitude.

The impulse responses in the Gali model, shown in Figure 3.4, differ a bit across vintages
as well. Again, though, they are qualitatively the same in terms of their general paths. The
revisions seem to affect the impulse response to real money balances the most.

Had the measures of monetary policy shocks and the impulse response functions across
these four vintages been dramatically different, the robustness of VAR methods for measuring
monetary shocks might have been in doubt. The results from these two models, however,
don’t suggest that data revisions are terribly problematic for measuring monetary shocks.
But the quantitative differences across vintages are enough to make us want to investigate
more carefully the effect of data revisions on these empirical methods. To that end, we now
examine the revision process more carefully, and see how VAR estimates may be affected by

different types of revisions to the data.



4. Estimating a VAR with real-time data

To investigate the influence of real-time data issues for estimating VARs, we specify a two-
variable, recursively identified example and impose structure on the data revision process.
The methods adopted here for estimating and analyzing the two-variable system extend easily
to higher order systems. The VAR includes two distinct types of variables. The first type is
financial data, like the federal funds rate (F'F'), that are set on the basis of real-time data and
do not get revised. The second data type is revised over time, like real GDP (Y): its time-
series law of motion is specified in terms of an underlying, latent variable that is measured
imperfectly.” In one respect, the real-time policy and financial variable equations are the
simplest to estimate: given the actual real-time data, these equations can be estimated
by ordinary least squares. By placing sufficient structure on the historical data revision
process, we deduce an instrumental variables estimation strategy for the nonpolicy /financial

equations.

4.1. A recursively identified VAR

In this example, we take the true data-generating process to be a two-equation identified
VAR. The monetary authority sets the federal funds rate F'F; on the basis of its own past
history, and the data reported for Y at time . We will refer to Y as output, but it can just
as easily be a vector of data. The law of motion for the true, unobserved output series Y;* is

distinct from the data reporting process. The system of equations is:

FE = AFF<L)FE_1 + Ay(L)Y;t_l + ayY;t + €1t (41&)

Y;* = BFF(L)FE,1 + By(L)Y;*il + €9t (41b)

Specifying the policy reaction function in real time requires explicit assumptions about the

way data revisions influence policy. Equation (4.1a) is based upon data known at time ¢,

"Relative to our earlier CEFE system, this category includes Y, P, NBR, and T'R. Although commodity
prices would seem to naturally fit into the first category, alternative informational assumptions may better
place them in the second category.



namely, Y,; FF,_1,Y}! |; FFi_,, Y}, ; etc.® Equation (4.1a) makes a strong assumption: F'F
will respond systematically to changes in the reported data even when the underlying Y*
does not change. Of course, Y*is not directly observed, so there is no contradiction.

Equation (4.1b) is the law of motion for Y,;* and has two features worth noting. First,
the data revisions influence Y* indirectly through their effects on F'F' and monetary policy.
Second but more critical, the latent variable Y* depends upon its own history and not
directly on the history of real-time data releases. This relationship might emerge in an
economy where agents see the true economic allocations, while the monetary authority sees
only error-ridden measures. Although this is a questionable assumption, the alternatives
may not be much better. This is a questionable assumption given the enormous efforts
that central banks expend to measure and understand the state of their economies each
period. Considering the fact that the Federal Reserve already purchases certain types of
financial data from private companies, they would clearly pay to observe Y;* if private agents
actually knew that information. An alternative line of reasoning might assume that no one
in the economy observes Y*. This could be accommodated by also including {Y;’LS, 5> O} in
equation (4.1b), or simply its revisions. In this case, however, it is difficult to think about
state-contingent allocations, market-clearing, or prices. This approach is worth investigation,
but has not been pursued here.

This system of equations is written as a recursively identified VAR, with the £1; and o
shocks assumed to be exogenous, and uncorrelated with the other right-hand-side variables.

The vector of exogenous shocks ; = has a diagonal covariance structure.

€1t €t
Each period the output data are revised. The data revision process has the following

form:?

Y= Yr-g (4.22)
Vit = YTl 4Rt Vs >0, Wt (4.2b)
Y = Y +h/*, T =latest release date. (4.2¢)

8Superscripts refer to the reporting vintage of the data, while subscripts refer to the observation period.
Notice that the lag operator L operates on the observation date only, and not the data’s vintage date.

90ur data are measured in natural logarithms for our VAR estimation, except for FF. Consequently, we
need to assume that these revisions take place with respect to the log of the series.
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gf = R4 R4 Rl Rl (4.2d)

The initial data release is Y/, and equation (4.2a) indicates that Y}’ is an imperfect measure
of Y;*, given the error term g;. Each period ¢ + s, the previously released data are revised
by hit* according to (4.2b) . Equation (4.2c) specifies how the latest data release Y, is also
an imperfect measure of the unobserved, true output variable Y;*. This specification readily
admits further analysis with a later data release Y7, and thus captures the notion that h!*
represents a permanent wedge between measuring and observing true output Y,*. Although
we do not specifically restrict the revision process hj*, equation (4.2d) states the relationship

between g; and the revisions.

4.2. Estimation difficulties with period T-vintage data

Suppose an econometrician uses the most recent data releases to estimate equations (4.1a)
and (4.1b) by OLS. Often these data are referred to as “final, revised data”; but since the
data continue to be revised, we refer to these data as period T-vintage data on Y;'. Using

the revised data Y,! in place of Y;' and Y;*, the system of equations becomes

FF, = App(L)FF, 1+ Ay(L)Y," | + ayY," +w], (4.3a)

V' = Bep(L)FF1+ By(L)Y,'; +wy (4.3b)

The critical questions revolve around the correlation structure of the error terms w}, and
wa, and their relationship to &1; and e4;.!" Given the revision process and the true laws of

motion, it can be shown that

T—t T—t
w%; = &1t — ay Z h§+8 — Ay(L) Z h;ii
s=1

s=1

'LU%; = &9t — hf* + By(L)hzl*l

10See Rudebusch (1999) for a discussion of these issues with respect to the monetary policy equation.
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When the econometrician estimates equations (4.3a) and (4.3b) with OLS, the estimated
regression coefficients are likely to be biased. In general, the error terms w?, and wJ, are
correlated with the regressors in both equations. Note that w?, contains revisions to date
t variables, date t — 1 variables, and so on, which are correlated with the right-hand-side

variables in equation (4.3a), ¥, and Y,” ., j = 1,2, ..., except under special assumptions.

t—jo
Similarly, wi, contains measurement wedges — differences between the latest measure of
the variable and its latent value — which will in general be correlated with the right-hand
variables in equation (4.3b).

The bias to OLS estimators, and the possibility of using alternative estimation methods,
depends on the manner in which the data are constructed. Polar cases of data construction
include: (1) methods by which revisions to data incorporate news, which is the case when the
data agency uses all available data (not just its own sample measuring the data in question)
to construct an optimal estimate of the data series in question; and (2) classical measurement
error, in which revisions to the data reduce noise, which is the case when the data agency
draws an unbiased sample, uses only that sample in constructing its data series, but fails to
account for correlations between its data series and other data (not included in its sample)
that are available at the time. Of course, data reporting agencies do not directly state which
category their reporting method belongs to. Key tests of the extent to which data represent
noise or news were undertaken by Mankiw, Runkle, and Shapiro (1984) and by Mankiw and
Shapiro (1986). Conditional on the outcome of tests like these, consistent estimators for
the parameters in equations (4.3a) and (4.3b) may be apparent. Clearly, the consistency of
these estimates will also depend on the validity of the auxiliary assumptions about the data

revision process.

4.3. Using real-time data to estimate the real-time policy equation

Suppose that the econometrician has the original data for each period, as it was initially

released and subsequently revised. For the monetary policy reaction (4.1a),

FE = AFF(L>FF,5_1 + Ay(L)Yj,l + ayY;t + €1t

12



the econometrician can estimate this equation precisely with the vintage data {Y;ES, 5 > 0}.
OLS is consistent, and the exogenous monetary policy shock €;; can be recovered without

being polluted by data revisions.

4.4. Using different data vintages as instruments

A major stumbling block in estimating equation (4.3b) is that true output Y;* is never fully
revealed in the period T-vintage revisions. The error term wi, includes the wedge terms
hl*. 1f instead Y,” were to reveal Y;* for some T sufficiently large relative to ¢, then the
measurement errors hl* would disappear from wl, completely. In that case, OLS estimation
on the output autoregression would recover the true parameters asymptotically as well as
the exogenous shocks.

Of course, data revisions never come to a final conclusion. For example, even though no
new source data is being collected for 1959 real GD P, those data do get revised periodically.
Specifically, when the base year is changed, or the concept is altered (usually slightly), there
are data revisions. But it seems plausible to assume that there is some date beyond which all
the data revisions are insubstantial. That is, real GDP continues to be revised substantially
as new income tax information comes in over the years. Also, seasonal adjustment procedures
continue to alter the stochastic seasonals for many years (at least six years). But beyond some
threshold, it seems reasonable to assume that the adjustments are completely random (and
hopefully small) with respect to previous years of benchmark revisions. Within a benchmark
revision, however, the measurement errors may be serially correlated due to interpolation
and spreading of annual source data information to quarterly measures.

This discussion is intended to motivate the following statistical model of benchmark data

revisions:

Y =Y gt s> . (4.4)

After the threshold .J periods have elapsed, the reported data Y,'™® measure the true Y;* up
to a measurement error —7¢™* which is independent of Y*and 1™ (where s’ # s). This
model of benchmark revisions allows us to construct an instrumental variables estimator for

the output equation (4.3b). In the period T-vintage data, let’s restrict the sample period to
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the YT observations with n? measurement errors, so that the error term w, is

wg; = &9t — h?* + By(L)h?fl

= &9t — 77? + By(L)nZ_l, t S T—J

In this part of the sample, !, revisions are correlated with Y;'', and the standard mea-
surement error bias result obtains. However, the !, are orthogonal to Y;* ., and hence the
earlier vintage errors embedded in F'F;_; from the policy reaction function.

Since F'F; 1 is a valid regressor, an instrumental variables approach only needs to deal
with the Y data. To this end, notice that the revision errors h!* are orthogonal to many
other revision errors, once enough time has elapsed from the initial release of the data to
ensure that all remaining revisions are orthogonal noise (across benchmark revisions). Given
the data vintage denoted by Y7, select another data vintage Y?'. The final time period
T’ < T, by assumption (just a normalization). In practical terms, Y and Y may be the
March 1998 and March 1996 releases of the Citibank data, respectively. Let the estimation
period range from observations 1 to 1" — J; this means that all of the data have entered the
stage of independent benchmark errors. Consequently, Y, is a valid instrument for Y,” .

That is,
BV, uf) = BV, (e = + Be(Dl )] =0

These orthogonality conditions imply consistent estimation of the parameters in the output

11 Given consistent parameter estimates, the two data vintages yield two

equation (4.3b).
residuals w, and wl which are error-ridden measures of the output shock ey, However,
the errors are independent of each other. The variance of €5 can be estimated by the
sample covariance of these two residuals, and instrumental variables methods can be used

to construct impulse response functions.

'This model of benchmark revisions does have testable restrictions, although the serial correlation in 1’
and nT' limits the number. From equation (4.4), the cross-covariances of YtTYtj_ﬂj and Ytj: thT' should be
equal. We estimated four covariances using generalized method of moments with eight moment conditions,
in log levels and again in growth rates. No evidence against these restrictions was found for each of the
variables in our VAR which are subject to revision, (Y, P, NBR,TR).
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4.5. Computing impulse response functions

Given the parameters in equations (4.1a) and (4.1b), it is natural to compute impulse
response functions from one-time exogenous shocks e1; and ey at time ¢ to the paths of
{F Ft+j7Y;t+j , Y;’_‘H} for all ; > 0. The data revision process complicates these calculations:
at time ¢, the policy reaction function responds to the initially reported data Y} and its
revisions to previously released data Y;' ,. Consequently, the response of data revisions to
the exogenous shocks must be known in order to compute the response of F'F'.

Recall that the revision process follows

Y] = Y —ht —n"— . —h] — R (4.5a)

WP = Yyl s > 1 (4.5b)

Several observations are in order. First, the revision process hi™* is an observable data series
for each s > 1. The s—revision h{"® is assumed to be a stationary process and has a Wold
representation which is a function of the exogenous shocks €1; and o, as well as its own

shock. The response of h{* to the exogenous policy shock e;; can be estimated by OLS as

hi™ = 1y (L)e1tys + Wirrsps (4.6)

where w4 is a serially correlated random variable comprised of the other shocks."> With-
out placing additional structure on the measurement problem, it is not possible to rule out
the effect of €14, on h{"®even though Y;* was clearly unaffected. If the statistical agency is
solving a statistical signal extraction problem with the Kalman filter (as in Sargent (1989)),
then future values Y%, provide information on the unobserved Y;*. Alternatively, if the
statistical agency simply receives more accurate measurements of Y;*, then only €1, and its
history will influence h{"*. And given the recursive orthogonalization in equation (4.1a), the

contemporaneous value €;; will not influence the revision either. In the empirical analysis

12The regular calendar of benchmark revisions may lead to seasonal periodicities in these responses.
We have included seasonal dummy variables in our estimation of the revision responses to minimize these
influences.
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below, we adopt this latter interpretation of the statistical agency’s approach to computing

revisions. Second, the counterpart to equation (4.6) for the other exogenous shock e, is

he™ = Pog(L)e2ess + Watts|t- (4.7)

The difficulty in estimating the responses 1, (L) is the lack of data for e9; instead, only
the error-ridden measures wy, and wl, are available. However, the noises in wy, and wl are
uncorrelated, so 1,,(L) can be estimated by instrumental variables. Third, computing the
accumulation of future s—revisions in Y} is straightforward given estimates of ¢, (L) and
1y, (L). Finally, since h] * is the permanent wedge between Y;* and its eventual measurement,
it is not observed. We assume that h!*is unaffected by the exogenous shocks, so that its
response is zero.

To summarize, the availability of the stationary s—revisions hi™* allows direct estimation
of their response to exogenous shocks. By knowing all of the conditional responses, the
cumulative effect in the initial release Y’ can be computed. To compute the full-system

impulse responses, we need only add these recursions to the system of equations.

5. Empirical results with real-time data VAR

To investigate the implications of using real-time data in a VAR, we estimate the 6-variable
CEFE system described in Section 3. We use the Croushore-Stark real-time data set. The
variables are real GDP (Y'), the implicit GDP deflator (P), an index of commodity prices
(PCOM), the federal funds rate (F'F'), nonborrowed reserves (NBR), and total reserves
(T'R). The data are in logs, except for F'F'. The two data vintages to be used as instruments
for the latent variables are 7" = 1996:3 and 7' = 1998:3. We take the benchmark threshold
J = 12 quarters, so our estimation period runs from 1968:1 through 1993:3. As described
in Section 4, the federal funds rate equation is estimated with real-time data (equation
4.1a), while the other equations are specified as latent variables (similar to equation 4.1b

specified for a vector of data). The order of orthogonalization for studying nonpolicy shocks
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is Y, P, PCOM,FF, NBR,TR.3

Figure 5.1 displays the estimated F'F' policy shock using real-time data and an FF
policy shock estimated from the fixed 1998:3-vintage data set (as a typical VAR is estimated).
Overall, the series are remarkably similar. The correlation over the full-sample period is 0.89,
and 0.74 over the more recent period 1987-93. The standard deviations of the two shocks
are 75 and 87 basis points for the real-time and 1998:3-vintage data measures, respectively.
Nevertheless, there are some notable differences. First, in the third and fourth quarters of
1974, the 1998:3-vintage data overstates the volatility of exogenous monetary policy, relative
to the VAR’s data available to policymakers. Romer and Romer (1989) selected April 1974
as a date when the Federal Reserve explicitly chose to sacrifice output in order to bring an
exogenous burst of inflation down. The real-time VAR residuals indicate that this was a
period when the FOMC was responding in a rather typical fashion to the data they were
given. Second, the three large contractionary shocks in 1980:4, 1981:2, and 1982:1 are
overstated in the 1998:3 vintage data by 120, 60, and 70 basis points, respectively, when
compared with the available VAR data the FOMC had access to. Third, the two series
appear to become less contemporaneously aligned since the stock market decline in 1987.
The real-time exogenous tightening in 1988 leads the 1998:3 vintage by a quarter throughout
the year, and the subsequent exogenous easing through 1989 is similarly misaligned. In spite
of this, the general assessment of exogenous monetary policy as being tight or loose over the
course of a four quarter period will not differ appreciably across these two measures.'

Figure 5.2 displays the impulse responses from the F'F' shock for the estimated real-
time system and the 1998:3 vintage estimates. Again, the similarity across the two systems
is striking. Relative to the 1998:3 vintage estimates, the real-time F'F' response displays
slightly less persistence. The real-time output price and commodity price responses are a

bit shallower than the revised data estimates. Although confidence intervals have not been

13The contemporaneous terms in the multivariate counterparts to 4.1a and 4.1b are treated in the standard
way. We have also estimated the PCOM equations using real-time data by OLS. Those results are similar
to the ones reported below.

HRudebusch (1999) finds that FF residuals from a monthly VAR are quite different from forecast errors
inferred from the Federal funds futures market over the period 1989-1996. In addition to the difference
in information sets across the two analyses, futures market participants do not necessarily presume that
monetary policy follows a linear, time-invariant feedback rule. Consequently, evidence from futures market
data do not directly shed light on the effect of real-time data for VAR policy shock measures.
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computed, the broad similarity of the responses and the typical confidence band width pro-
vides little evidence that the monetary policy shock VAR literature has been misled by its
use of “final, revised data” to date. This tentative conclusion does not mean necessarily that
revisions are small in the data. Figure 5.3 displays the revision responses to the real-time
policy shock. The dashed lines indicate the various vintages t + s of time ¢ data that are
reported following a shock. For example, in the first row of column one, the response of
Y over 32 quarters is displayed, and the second and third quarters are reported as more
negative than the true, latent Y;*. The initial step is zero due to the order of orthogonaliza-

tion. The second row shows that the first revision Y;"**

moves closer to the true path, but is
still more negative initially. This pattern would contribute to a less persistent F'F response,
since the reported output data weakens more quickly than true economic activity.'” The
other data exhibit similar deviations of the measured series from the true variable, although
the scale in the figures makes this less apparent. Nevertheless, the empirical finding is that
accounting for data revisions in the real-time policy rule does not alter our assessment of the
VAR monetary policy evidence.

Figure 5.4 displays the system’s response from an exogenous shock to true output Y,*.
Except for the commodity price and deflator paths after 3 and 5 years, respectively, the
responses are quite similar across estimation methods. Qualitatively similar observations
apply for the P* and PCOM* shocks displayed in Figures 5.5 and 5.6: The divergence seems
largest for commodity prices and the deflator rather than the other variables, and after 3 to
5 years at that. The response of Y* from the PCOM™* shock is an exception, in Figure 5.6.
One possibility is that the real-time data estimation is more closely estimating a unit root

for the price variables, than for the revised vintage data. This requires more exploration.

6. Conclusions

Empirical VAR research often ignores issues associated with data revisions and economic

agents’ access to only real-time data releases. Since government agencies and private sources

15Tn these results, we only use four revision periods, hi"'l through h§+4 to estimate the response to shocks.
This means that after four periods, only the wedge h] * remains between Y;t+4 and Y7, and that is unaffected
by the shocks (by assumption).
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do not provide these data conveniently, these shortcuts are rarely questioned. The real-time
data collected by Croushore and Stark (1999) allows researchers to explore the empirical
robustness of many existing macroeconomic results to this issue, but additional structure
must be placed on the data revision process and assumptions about regarding the information
that economic agents have access to. Our empirical analysis indicates that accounting for
data revisions has only a modest effect quantitatively on the monetary policy shock measures
and impulse responses we consider. All of our results are conditional on our assumptions
about data revisions and the latent structure of the economy. More research that allows for
alternative measurement noise and data revision processes is needed to shed more light on

the role of data revisions.
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Figure 3.1

CEE Model Monetary Policy Shocks
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Figure 3.2

CEE Model Impulse Responses to Monetary Policy Shock
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Figure 3.3

Gali Model Monetary Policy Shocks
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Figure 3.4

Gali Model Impulse Responses to Monetary Policy Shock
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Real-time MP shocks v. 1998 vintage shocks
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Figure 5.2

Real-time v. 1998 vintage: 1968-93
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Figure 5.4

Real-time v. 1998 vintage: 1968-93
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Figure 5.5

Real-time v. 1998 vintage: 1968-93
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Figure 5.6

Real-time v. 1998 vintage: 1968-93
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