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Abstract

This paper provides new evidenceon the rationality of early releasesof industrial production
(IP) and producer price index (PPI) data. Rather than following the usual practice of exam-
ining only rst available and fully revised data, we examine the ertire revision history for eath
variable. Thus, we are able to assessfor example, whether earlier releasesof data are in any
senselless” rational than later releasesand when data becomerational. Our ndings suggest
that seasonallyunadjusted IP and PPl becomerational after approximately 3-4 months, while
seasonallyadjusted versionsof theseseriesremain irrational for at least 6-12 months after initial

release. For all variables examined,we nd evidencethat the remaining revision is predictable
from its own past or from publicly available information in other economicand nancial vari-
ables. Additionally, we nd that there is a clear increasein the volatilit y of revisions during
recessionssuggestingthat early data releasesare lessreliable in tougher economictimes. Fi-

nally, we explore whether nonlinearities in economicbehavior manifest themsehesin the form
of nonlinearities in the rationality of early releasesof economicdata, by separately analyzing
expansionary and recessionaryeconomic phasesand by allowing for structural breaks. These
typesof nonlinearities are shown to be prevalert, and in somecaseslead to incorrect inferences
concerningdata rationalit y when they are not taken accourt of.
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1 Intro duction

The construction of accurate preliminary announcemets of macroeconomicvariables remains an
area of key interest to policymakers and researders alike. The reasonsfor this are many. For
example, policymakers have to rely upon preliminary estimates of key macroeconomic variables
when making their decisions. Optimal policy is dependert on accurate assessmets of the state of
the econony, which implies that the policymakers are interested in whether early releasesof data,
when viewed as predictions of nal or \true" data, may be \rational”, using the terminology of
Muth (1961). Similarly, researdiers constructing empirical models for studying policy decisions
are faced with the task of ensuring that the data usedin their analysis correspond as closely as
possibleto those data policymakers actually had available in real-time. This issueis often ignored,
asin most caseshistorical data are usedas available at the time the researt is undertaken. Only
the most recert obsenations in these data are preliminary releases,corresponding with the data
available to policymakers. More distant obsenations, though, are \nal" releaseswhich possibly
have undergonesubstartial revisionsover time. Hence,the data usedex post by the modeler often
are not the sameas those usedex ante by the policymaker.

The above notions have led to a huge literature on examining the rationality of late predic-
tions and early releasesof macroeconomicvariables, and the properties of the assaiated revision
processes. Three of the main features that tie the papersin this researt areatogether are the
following: First, many of them are concernedwith either GDP or money data. Exceptions include
Diebold and Rudebusd (1991) and Hamilton and Perez-Quiros(1996), who examinethe predictive
cortent of the composite leading index for output growth in real-time; Keane and Runkle (1990),
who evaluate the rationality of price forecasts; and Kennedy (1993), who considersdata on the
index of industrial production. Second,the focusin many of these papersis on comparisonof rst
available or \preliminary" data with fully revisedor \ nal" data. One reasonfor this narrow focus
is that data onthe entire revision processfor macroeconomicvariableshave beenlargely unavailable
until recertly. From the above list of references,only Amato and Swanson (2001), Bernanke and
Boivin (2003), and Croushore and Stark (2001, 2003) consider complete revision histories for the
variablesthat they examine. A further noteable exceptionto the failure to userevision histories is

1A partial list of the many publications in the areainclude: Morgenstern (1963), Stekler (1967), Howrey (1978),
Zarnowitz (1978), Pierce (1981), Boschen and Grossman (1982), Mankiw, Runkle and Shapiro (1984), Mankiw and
Shapiro (1986), Mork (1987), Milb ourne and Smith (1989), Keane and Runkle (1989, 1990), Diebold and Rudebusc
(1991), Neftci and Theodossiou (1991), Kennedy (1993), Kavajecz and Collins (1995), Mariano and Tanizaki (1995),
Rathjens and Robins (1995), Hamilton and Perez-Quiros (1996), Runkle (1998), Gallo and Marcellino (1999), Faust,
Rogers and Wright (2003, 2004), Amato and Swanson (2001), Bernanke and Boivin (2003), Croushore and Stark
(2001), and the referencescontained therein.



the seminal paper of Keane and Runkle (1990). In their paper, Keane and Runkle were careful to
collect information on what releasesf the GDP de ator were available at the dateswhen forecasts
were made, and sorevision information was actually in forecasters'information sets. Third, a com-
mon theme in these papersis that the rationality (or lack thereof) of preliminary data generally is
assumedto be constart with respect to the businesscycle and constart over time.

In this paper, we add to the literature on assessingthe rationality of preliminary data by
examining seasonallyadjusted and unadjusted data for industrial production (IP) and the producer
price index for nished goods (PPI). A number of features of our analysis di eren tiate our work
from previousreseard. First, we have constructed monthly \real-time" data setswhich include the
entire revision history of the variables that we examine. This meansthat for ead calendar date,
we have a complete historical record of the actual values of eadt variable that were available at
di erent releasedates. Thus, we can inspect the entire revision processof the variablesin detalil,
rather than just looking at the properties of rst versus nal releasesof data, for example. One
reasonwhy this is useful is that we are now able to asseswhether earlier releasesare in any sense
\less rational" than later releases.Put another way, we can measurehow long it takesbefore the
obsened data becomerational. In addition, we can include revision histories in the information
setsusedto examinethe rationalit y of a particular releaseof data. This allows usto assessvhether
the remaining revision is predictable from its own past, that is whether revision histories can be
usedto construct \b etter" early releasesof data.

Second, we recognizethat businesscycle asymmetry is a stylized characteristic of economic
activity, and arguethat there is no reasonto precludethe possibility that nonlinearities in economic
behavior manifestthemselvesin the form of nonlinearities in the revision processor in the rationalit y
of early releasesof macroeconomicdata.”? A number of papers recognizethat nonlinearities may
be presert in the rationalit y of preliminary GDP data, including Brodsky and Newbold (1994) and
Rathjens and Robins (1995), although they do not examine the ertire revision process,and do
not considerany explicit form of nonlinearity. Our approac is to directly test for the presenceof
nonlinearities in the revision processor in the rationalit y of early releasesasedon separateanalysis
of expansionary and recessionaryeconomicepisades. The distinction between expansionary and
recessionaryepisadesis useful becauseit allows us to determine the extent to which preliminary
announcemels are accurate in di erent phasesof the businesscycle. For example, a particular
data releasemay be rational during expansionswhile it is irrational during recessionspr vice versa

2Seee.g. Burns and Mitc hell (1946), Shapiro and Watson (1988), Diebold and Rudebusc (1996), King and Watson
(1996), Ramsey and Rothman (1996), Baxter and King (1999), Stock and Watson (1999), Granger (2001) and the
referencescontained therein, for discussionsof businesscycle asymmetry.



Third, thereis agrowing body of evidenceshawing that the statistical (businesscycle) properties
of US macroeconomicvariables, output and in ation in particular, have changedduring the post
World War 11 period.® The explanations for these changesrange from technological change, such
as improvemerns in inventory managemen and information technology, to improved monetary
policy. One of our goalsin this paper is to investigate whether the revision processe®f industrial
production and in ation have alsobeensubject to structural breaks. Put di erently, we arguethat
changesin the rationalit y of early data releaseshat arise over time may be causedby changesin
the data collection and processingtechniquesusedby the statistical agencies.In summary, we wish
to shedlight on the question of whether governmert statistics can be made better, and to discuss
the \closeness"of preliminary datato nal data, anissueof relevanceto agerts and decisionmakers
who usepreliminary data.

We nd that seasonallyunadjusted IP and PPI releasesbecomerational after approximately
3-4 months. Subsequen releasesdo not contain any new information. Seasonallyadjusted IP
and PPI data, on the other hand, remain irrational for at least 6-12 months. For most variables,
the past of the revision processappears useful for ex ante prediction of the remaining revision,
suggestingthat rules might be constructed for the improvemert of early data releases.Furthermore,
we nd evidenceof both structural breaks and businesscycle asymmetry in the revision process.
One noteworthy feature of the revision processis that volatilit y of early data revisions increases
during recessionssuggestingthat early releasesare lessreliable in tougher economictimes. Not
surprisingly, this increasein revision volatilit y is assaiated with a generalincreasein the volatilit y
of the growth rates of our seriesduring recessionsand sois in part due to a generaland overall
increasein economicuncertainty during contractionary phasesof the businesscycle. The presence
of structural changeand nonlinearity in the revision processimplies that failure to accourt for these
features may lead to incorrect conclusionsconcerning data rationality basedupon linear models.
Indeedwe nd that rationalit y of early data releasedrequertly dependson the stageof the business
cycle, and has changedover time.

The rest of the paper is organizedasfollows. Section2 contains a summary of the methodology
used, as well as a brief discussionof previous researd. In Section 3, we introduce our real-time
data setsand discussthe results of an exploratory data analysisdescribingthe main featuresof the
revision processe®f our variables. Section4 contains our main empirical ndings, and conclusions
are gatheredin Section5.

3SeeWatson (1994), Stock and Watson (1996), McConnell and Perez-Quiros (2000), Blanchard and Simon (2001),
Chauvet and Potter (2001), and Sensierand van Dijk (2004), among others.



2 Testing Data Rationalit y: Metho dology

In the sequel,the following notation is used. Let . X denotethe value of the (annualized) monthly
growth rate of a variable of interest which pertains to calendardate t asit is available at time t + k.
In this setup, if we assumea one month reporting lag, then rst releaseor \preliminary" data are
denotedby +1 X¢. In addition, we denotefully revisedor \ nal" data, which is obtainedask! 1 ,
by ¢ X:.

Researt in the area of testing rationality of preliminary announcemets is basedalmost ex-
clusively on the framework put forward by Mankiw and Shapiro (1986), linking the rst and nal
releasef data. Their set-up aimsto determine whether the rst releasei+; X is a noisy estimate
of the fully revised data, or a rational forecast of ; X, or neither of the two. Note that in the
rst case,the revision is uncorrelated with the fully revised data, while in the secondcaseit is
uncorrelated with the rst releasedata. Similarly, in casethe preliminary announcemetn is equal
to the nal data plus measuremen error, the variance of 1 X; should be smaller than the variance
of t+1 X¢, while the reverseshould hold if (11 X¢ is a rational forecastof ; X;.

Assuming that the value of X measuredat time t by the reporting agencyis the value of X
reported at time t, the errors-in-variables hypothesis can be tested by means of the regression
model:

41 Xt =+ i Xe e (1)

where "¢+1 is an error term that is assumedto be uncorrelated with ¢ X¢. In particular, the null
hypothesisthat (1 X is equalto ; X plus measuremen error is givenby = 0and = 1.

Using Muth's (1961) notion of rational expectations, the preliminary release;+1 X is a rational
forecastof the nal data ; X if and only if

t+1 Xt = E[s Xt t+1]; (2)

where 41 the information setavailable at time t+ 1. This possibility can be examinedby a second
regressionmodel, which takesthe form:

iXe = Xy F WS+ e (3)

where W41 isanm 1 vector of variables represerning the conditioning information set available
at time period t + 1 and "{+1 is an error term assumedto be uncorrelated with (11 X; and W41 .
The null hypothesisof interest in this modelisthat =0, = 1,and = 0, basedon the notion
of testing for rationality of {+1 X for ¢ X; by nding out whether the conditioning information in
W;¢.+1, available in real-time to the data issuing agency could have beenusedto construct better
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conditional predictions of nal data. Notice that this hypothesis,if rejected, is consisteri with the
errors-in-variables hypothesis* Following Keaneand Runkle (1990), the test of rationalit y of 141 X
in the context of model (3) can be broken down into two sub-hypotheses,namely (i) unbiasedness
and (i) e ciency. The hypothesis of unbiasednesscan be tested by imposing the restriction that
= OQandtesting = 0, = 1,while eciency requiresthat =0, = 1,and = 0.

Basedon an examination of preliminary and nal moneystock data, Mankiw et al. (1984)fail to

reject the null hypothesisof unconditional unbiasednessn (1) and nd evidenceagainstthe null that
=0, =1,and = 0in (3), suggestingthat preliminary money stock announcemets are not

rational and are an example of the classicalerrors-in-variables problem. In subsequen literature,
attention has focused primarily on the secondtype of regressionmodel, given as (3) above. For
example, Kavajecz and Collins (1995) nd that seasonallyunadjusted money announcemets are
rational while adjusted onesare not. For GDP data, Mankiw and Shapiro (1986) nd little evidence
against the null hypothesis of rationalit y, while Mork (1987) and Rathjens and Robins (1995) nd
evidence of irrationalit y, particularly in the form of prediction bias (i.,e. 6 0in (3)). Keane
and Runkle (1990) examine the rationality of survey price forecastsrather than preliminary (or
real-time) data, using the novel approac of constructing panels of real-time survey predictions.
This allows them to avoid aggregationbias, for example,and may be one of the reasonswhy they
nd evidencesupporting rationality, even though previous studies focusing on price forecastshad
found evidenceto the contrary.

One feature of our approad that di erentiates it from previous researd is that we have the
entire revision history for ead variable at our disposal, sothat we can determine the \timing" of
data rationality by generalizing (3) asfollows:

Xt kXt = FeXe F WS+ e 4)

where k = 1;2;::: de nes the releaseof data (that is, for k = 1 we are looking at preliminary
data, for k = 2 the data have beenrevised once, etc.). Notice that in (4), the null hypotheses
of interest are now that = = 0, assumingthat = 0 (unbiasedness)and = = =0
(e ciency). Notice alsothat in (4) has a dierent interpretation from in (3), because;+ X
is subtracted from both sidesof (4) (such that the dependert variable  X; ¢+ X represetts
the revision remaining after the k-th data release),and in (3), k = 1: Irrationalit y of preliminary
data releasesmay arise simply becausethey are constructed using incomplete information sets.

“For further discussionon the relationship between errors-in-variables hypothesesand rationalit y hypotheses,the
reader is referred to Croushore and Stark (2003) and Faust, Rogers, and Wright (2004), where the errors-in-variables
and rational forecast models are assaiated with the notions of \noise" and \news", respectively.



For example, releasesof aggregateindustrial production are basedon reported rm production
levels. If, say, some rms are \late" in reporting, predictions of missing production levels may be
used when constructing preliminary data releases,and these predictions may be ine cien t. Over
time, howewer, as the missing production data becomeavailable, newer releasesmay be expected
to be\more" e cien t. In this scenario,it follows that after somereasonableamourt of time, all
subsequeh data releasesare rational. Knowledge of the point in time after which releasesof data
are e cien t has implications for policymakers, for example, particularly if they are interested in
equating early data releaseswith e cien t predictions of nal data. Finally, notice that in (4) for
k > 1, we may de ne Wi, to include characteristics of the revision history, suc as the revision
betweenthe rst and k" releasei+kX: +1X¢. In this way, we are able to examine whether
ine ciency arisesvia information available in the revision history for a given releaseof data aswell
asthrough other sources?

Obviously, inferencebasedon tting linear regressionmodels of the form given by (4) may be
a ected by the presenceof someform of nonlinearity. In the context of macroeconomicvariables,
two important typesof nonlinearity that alsomay in uence the revision processand rationalit y of
early releasesare businesscycle asymmetry and structural change. In the remainder of this section,
we describe how we have investigated the relevance of these nonlinearities.

2.1 Data Rationalit y and the Business Cycle

Our real-time data sets are useful for examining a number of businesscycle features of macro-
economic data for which little is known, including asymmetry in the properties of the revision
process,in data releaserationalit y and in the time neededbefore early releaseso becomee cien t.

Asymmetry in the revision processor in data releaserationality may arise, for example, if the
population of rms changesover the businesscycle, due to the creation and destruction of rms
during expansionsand recessions.If early releasesof aggregateproduction levels are basedon the
samesampleof rms irrespective of the stageof the businesscycle, this sampledoesnot accurately
represert the underlying population of rms, asyoung and newly-created rms are likely to be
under-represeied during expansionsand over-represemed during recessions. This may lead to
biased early estimates of aggregateproduction levelsin both recessionsand expansions,where the
sign and magnitude of the bias can be di erent, implying asymmetry in the revision processand/or
rationalit y of preliminary releases

°A generalization of (4) is given by t+1 Xt  +kXt = + kXt + WS + "wk; Wherek < |. By tting models
of this form, we may examine the rationalit y of a particular releaseof data relativ e to later releasesof data. In the
sequel, however, we focus on the model given in (4).

6Businesscycle asymmetry in data releasee ciency may also arise if government reporting agenciesare consena-



Our approad to this issueis to test for asymmetric unbiasednessnd e ciency by tting models
of the form:

_ 0 _
Xt kXt = 1t kXt 1+ Wiy 1 T[St = 0]

+ ot Xy 2+ WSy 2 st = 1+ "tk (5)

wheres; = 0(1) if calendarmonth t is part of an expansion(recession),which is de ned using the

NBER-dated businesscycle peaksand troughs, and where | [ ] is an indicator variable, taking the

value 1 if its argumert is true and O otherwise. Results basedon this approac, however, should
be viewed only as a rough initial guide to assessinghe importance of asymmetry in our data, as
the recessionindicator variable is not in agens' information setsuntil (usually) after, or closeto,

the end of the recession.Testsfor this type of nonlinearity are all basedon cheding the equality

of coe cien ts in the above regressionmodel. For example, consider the casewhere we are only

interested in testing unbiasednessn expansionsand recessionssothat 1 = » = 0is assumedto

hold. Upon rejecting the hypothesisof linear unbiasednesy = = 0in (4) with = 0imposed),
we test for asymmetry in the (un)biasednessproperties by testing the null hypothesis ;= , and

1= 21in (5). In caseswherewe nd suc asymmetry, we re-run all of our rationality tests by

splitting the data into recessionaryand expansionary phases. This allows us to ascertain whether
absenceof rationality in the ertire sampleis due primarily to a lack thereof during recessionary
periods, for example.

2.2 Data Rationalit y and Structural Change

Structural changesin the revision processor data rationality may be caused, for example, by
improvemerts in data collection and processing methods used by statistical reporting agencies
during our sample period (seee.g. Rathjens and Robins (1995) for further discussion). To explore
this possibility, we ched for structural changesin the unbiasednessand e ciency test regressions.
In particular, we usethe sup-Wald test as developed by Andrews (1993):

SupW = sup Wr( ); (6)

1 2

tiv e during expansionary periods (e.g. they tend to under-report economic growth estimates so as not to \o ver-heat"
expectations and hencegrowth), and are lib eral during contractionary periods, thereby leading to self-ful lling cycles
of economicdecline (seee.g. Chauvet and Guo (2003), among others). This would lead to di ering levels of e ciency

for dierent obsenations in the samereleaseof data, depending on whether they pertain to calendar months during
expansionary or contractionary periods. The validity of this argument may be questioned given the independenceof
most statistical o ces, however.



where Wt () denotesa Wald statistic of the hypothesisof constancy of the parameters , (and
) in (4) against the alternativ e of a one-time changeat a xed break date , given by

FXt kXt = 1 wrXe 1+ W 1 1t< ]

+ ot Xt 2+ WS 2 It 1+ "k (D)

The structural changetests are computed by imposing 15% symmetric trimming (i.e. we set 1 =
[ Tland 2 = [(1 )T]+ 1, with = 0:15, where [ ] denotesinteger part and T is the sample
size). The value of that minimizes the sum of squaredresiduals corresponding to (7) is taken to
be the estimate of the break date, denotedas g. We usethe method of Hansen(1997) to obtain
approximate asymptotic p-valuesfor the sup-Wald test.” Given appropriate estimates of possible
break dates, we also construct unbiasednessand e ciency tests on pre- and post-break samples,
in order to assessvhether our ndings are driven by non-robustnessof standard e ciency teststo
structural change.

Estimation of all modelsin the sequelis carried out by least squares,with reported test statistics
all basedon heterosledasticity and autocorrelation consistert standard error estimators.

3 Real-Time Data: Overview and Statistical Prop erties

We have collected seasonallyadjusted (SA) and unadjusted (NSA) real-time monthly data for US
industrial production (IP) and the producer price index for nished goods (PPI). 8 Although all
data are available in levels, we examineonly (annualized) monthly growth ratesin this paper. This
allows us to ignore issuesrelating to unit roots and cointegration, and to avoid the problem of
accounting for pure baseyear changeswhen comparing multiple revisions of data for a particular
calendar date.®19 In addition, the use of growth rates allows for comparison of our ndings with
those of previous studies!!

"Giventhat we nd evidencefor structural changein the revision process,we should in principle construct p-values
for our unbiasednessand e ciency regressionsusing the methodology of Hansen (2000). However, in our casethe
distortions to relevant p-values are small, and so we report only the standard p-values.

81t should be stressedthat SA data are constructed using seasonalfactor that are generally changed only once
ead year. A feature of the data construction processwhich may in part accourt for some of the ine ciency in SA
data that we will subsequerly discuss.

°By a \pure baseyear change" we mean that data is revised only becauseof a baseyear change, without regular
or de nitional revisions occurring at the sametime.

10 As pointed out by an anonymous referee, it is important to note that monthly data are often much more noisy
than their quarterly counterparts (e.g. IP versus GDP). Our results re ect this, as can be seenby comparing the
results of various previous quareterly studies, including Keane and Runkle (1990) as well as the papers cited herein
by Croushore et al., Chauvet et al., and Fuast et al., for example. Additionally , it is important to stressthat earlier
papers such as Kennedy (1993) already showved someine ciencies in the data production process.

1 The revision seriesexamined in the sequelwere all tested for a unit root using the augmented Dickey-Fuller test,
and all serieswere found to be covariance stationary.



The number of releasedates, or \vin tages"”, for which we have historical real-time data available
varies by series.In particular, for NSA IP, SA IP, and NSA PPI, the rst vintageis 1963:1,and the
last vintage is 2004:1,with historical data for ead vintage going back to 1962:12.For SA PPI, the
corresponding dates are 1978:2-2004:1and 1978:1. To facilitate comparisonof the results of NSA
and SA PPI, we usethe NSA data from the vintage of 1978:2and calendar date 1978:1onwards
only. In the sequelwe examinedata for calendar periods up until 2001:12,while we usethe vintage
of 2004:1as our \fully revised" data. Even though we can newver claim to have a nal record of
historical data which is immune from potential future revision, we feelthat the di erence of 2 years
between the last calendar date in our sample period and the date of this vintage is su cient to
consider all obsenations in this vintage as \fully revised". This is particularly true becausewe
remove the e ect of all bendhmark revisions from our data prior to carrying out unbiasednessand
e ciency tests, as discussedbelow.’? Note that although bendmark revisions may include more
than just \base year" and \w eighting" changes,they are not generally forecastable,justifying their
removal in our test regressiongreported below.

The real-time industrial production data setshave beencompiled from historical issuesof the
Federal ReserveBulletin and the Survey of Current Business Recen IP releasesalso are available
on the Federal Resene Board's web pagesat http://www.federalreserve.gov/releases/G17/

In addition, a le containing the rst v ereleasesf seasonallyadjusted IP from 1972:1onwards is
available on the samesite, while the Federal Resene Bank of Philadelphia recertly madeavailable a
completereal-time data seton SA IP, seehttp://www.phil.frb.org/econ/forecast/reaindex.html

All of the data for PPI have beengatheredfrom issuesof the Survey of Current Business, National
Economic Trends and BusinessStatistics. Recert data are available on the web site of the Bureau
of Labor Statistics at http://stats.bls.gov/ppihome.html

A typical releaseof IP data consistsof a rst releasefor the previous month and revisions for
the precedingoneto v e months (due to the availability of new sourcedata and the revision of
sourcedata). In addition, from time to time more comprehensie re-benchmarking revisions and
base-yar changesoccur, which a ect the entire (or at least a large part of the) historical time
series. During our sample period, base-year changesoccurred in Septenber 1971, July 1985, April
1990 and February 1997. Further, major revisions due to re-benchmarking occurred in July 1976,
May 1993, Decenber 1994, February 1997 (only for the seasonallyadjusted series), and annually
as of Decenber 1997. SeeKennedy (1993), Robertson and Tallman (1998) and Swanson, Ghysels

2For the NSA and SA PPI data, non-benchmark revisions occur only during the rst 7 and 19 releases respectively.
For NSA and SA IP, 8.1% and 14.6% of the obsenations is still subject to non-benchmark revisions after 24 months,
but the absolute magnitude of these revisions is very small.



and Callan (1999) for additional discussionof the revision processof industrial production.

The real-time data setsfor the producer price index involve more infrequert revision. In fact,
most obsenations on seasonallyunadjusted PPI are revised only once, three months after their
initial release. The same applies to seasonallyadjusted PPI, although for these data additional
\p eriodic" revisions occur at approximately 12 month intervals (usually February of eat year).
Theseperiodic revisionsinvolve incorporating \more comprehensie information” and usually a ect
data for the preceding12-15months. Non-bendmark revisionsdo not occur anymore after the rst
7 and 19releasedor the NSA and SA PPI data, respectively. Finally, there hasbeenno bendhmark
revision for seasonallyunadjusted PPI since 1988,and the base-year was changedonly in February
1971 (from 1957-9to 1967) and February 1988 (to 1982).

A rough impression of the magnitude of the revisionsin IP and PPI can be obtained from the
plots given in Figures 1-4. In eadh gure, the rst plot is of rst available and nal releasedata;
the secondplot shows the complete revision from preliminary to nal release;the third plot is of
bendimark revision; and the last plot is of non-benchmark revision.*® While bencdmark revisions
often dominate non-benchmark revisions, both types of revision are rather large relative to the
actual valuesof the seriesshown in the rst plot. The statistical properties of the revision process
are analysedin more detail below.

Tables 1-4 report a variety of summary statistics for ead variable. These summary statistics
include full-sample meansof di erent transformations of the real-time data (seecolumnswith the
header\ "), and meansof sub-samplesdetermined by: (i) application of structural changetests
similar to the one discussedin Section 2.2 above (seecolumnswith the header\ 1 and »>" under
\Structural Change"); and (ii) partitioning the data into those pertaining to calendarmonths in ex-
pansionary phasesand recessionaryphasesof the businesscycle asde ned by NBER turning points
(seethe columns under the heading\B.C. Asymmetry”). The lower panel of ead table contains
similar results for volatilities (denoted , 1, and ;). Statistics are reported for fully reviseddata

3 The following procedureis usedto back out benchmark revisions from the data: the revisions occurring in vintages
which are known to involve a comprehensive benchmark revision or base-year change are attributed completely to
\b enchmark revisions" and regular revisions in those vintages are set equal to zero. Of note is that we also usedthe
approach is Kean and Runkle (1990), where benchmark revision was accommadated by using as\nal data" those
vintages available immediately before benchmark revisions. Interestingly, our ndings remain completely unchanged
when this approach is adopted, suggestingthat the two approaches are in some senseinterchangeable. Furthermore,
when benchmark revision is ignored, test rejections increase markedly, as do regression R? values, in accord with
the ndings of Keane and Runkle (1990) that failure to accourt for benchmark revisions can strongly a ect results.
Finally, it should be noted that other benchmark dateswerealsoused, in order to assesghe robustnessof our ndings.
These include the set of dates provided by an anonymous referee as well as dates provided in the documentation
accomparying the Federal Resene Bank of Philadelphia real-time IP data. Our results were found to be surprisingly
robust to the use of these alternativ e dating strategies, although the use of fewer dates generally resulted in ndings
of more ine ciency .
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(1 X¢), rst available data (y+1 Xt), the complete revision (s X; +1X¢), and the componerts of
the complete revision due to \b enchmark revisions" (base-year changesand other major revisions)
and non-bendhmark or regular revisions. In addition, statistics are reported for: (i) \ xed-width
revisions" (i.e. t+k+1 Xt t+1Xt); (i) \increasing-width revisions" (i.e. t+k+1 Xt +1X¢); and
(i) \remaining revisions" (i.e. + X; +xX¢). Theselast three typesof data transformations are
computed for regular revisions, which are de ned to be the remaining revisions after removing
bendchmark revisionsfrom the data, as detailed above. Note that \regular revisions" are of partic-
ular interest astheseare usedin our unbiasednessand e ciency regressionsasdiscussedbelow. A
number of obsenations can be made basedon thesetables.

First, the fully revised(NSA and SA) IP growth rate is considerablyhigher than the preliminary
announcemen growth rate, on average,while for PPI they are very close. Hence,reporting agencies
appear to be consenative when reporting the rst releaseof IP. Note that for IP, the mean non-
benchmark revision is about 3 times aslarge asthe meanbendmark revision, and the latter is not
signi cantly dierent from zero.

Second,the mean xed-width, increasingwidth, and remaining revisionsfor industrial produc-
tion are often signi cantly dierent from zero (as denoted by superscripts a, b, and c, referring to
rejections of the null hypothesisthat the meanrevision is zeroat the 1%, 5%, and 10% signi cance
levels, respectively). As might be expected, there are fewer signi cant ertries in the PPI tables.
For example, for the NSA PPI, only the 3% and 4" xed-width revision meansare signi cantly
di erent from zero, which is due to the fact that most obsenations are revised only once, three
months after initial publication.

Third, both rst available and fully revised PPI data are characterized by a structural break
in mean, which is dated in 1981 (seethe rst two rows of Tables3 and 4). For both NSA and SA
data, the post-break meanin ation rate is substartially lower than that for the pre-break period.
For IP, evidencein favor of structural breaksin the meanis much weaker, with only the mean of
seasonallyadjusted fully revisedIP data appearingto have possiblechanged,around 1970 (the p-
value of the break test is 0.174). Interestingly, though, non-bendimark revisions for both NSA and
SA IP data do exhibit evidenceof a structural break (seethe sup-Wald test rejection probabilities
in the 4th column of entries in Tables1 and 2). In particular, the mean non-benchmark revision
is considerably smaller in the latter part of the sample (post 1976for NSA data and post 1977 for
SA data), suggestingthat data collection and processingmethods have becomemore e cien t over
time.

Fourth, with regard to businesscycle asymmetry, notice that in ation is higher and industrial
production growth is negative and larger in absolute magnitude during recessionaryperiods than
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during expansionary periods (seethe last three columns of the tables). Thus, the stylized fact that
recessionsare shorter in duration, but greater in intensity is borne out in our data sets. For both
NSA and SA IP, the hypothesis of equality of the mean of the complete non-benchmark revision
during expansionsand recessionds very closeto being rejected. The non-benchmark revision for
calendar months in expansionary periods is about 5 (3) times larger than for calendar months in
recessionaryperiods for NSA (SA) data, while in addition, the mean non-benchmark revision for
recessionaryperiods is not signi cant. Hence, it appearsthat preliminary IP data is correct on
averageduring recessionsput not during expansions. Furthermore, the Fed is slow in adjusting the
growth rate for expansionary periods, as the remaining non-benchmark revision is still signi cant
after the 12" releaseof data. Finally, note that during recessionshe IP growth rate is adjusted
downward initially , as on averagethe rst xed-width revision is negative. This implies that the
secondreleaseof IP actually is further away from the nal data than the rst release.This is not
the caseduring expansions.

Fifth, there is rather overwhelming evidenceof structural breaksin the volatilit y of both rst
available and fully reviseddata, and in revisions1* In particular, for IP data the volatilit y of both
benchmark and non-benchmark revisions has declined substartially over time, suggesting that
preliminary announcemeis have becomemore precise, and providing further evidencethat data
collection and reporting methods have improved. Notice though that volatilit y of non-bendhmark
revisionsin NSA PPI data hasincreased(slightly), suggestingthe opposite.

Sixth, there is evidencein the IP seriesthat there are businesscycleasymmetriesin the volatilit y,
not only for rst available and fully reviseddata but alsofor revisions. For example,the di eren tial
betweenvolatilities in the complete non-benchmark revision of both NSA and SA IP data during
expansionary and recessionaryphasesis approximately 25%, with volatilit y being larger during
recessions.This nding suggestghat uncertainty is di erent during di erent phasesof the business
cycle, and that this di erence in uncertainty hasan e ect on the reliabilit y of preliminary and early
releasesof IP data. Put another way, while the rst releaseof data may appear to be more
accurate on averageduring recessionsthe volatilit y of revisions shows the opposite pattern. > Not
surprisingly, this increasein revision volatilit y is assaiated with a generalincreasein the volatilit y
of the growth rates of our seriesduring recessionsand sois in part due to a generaland overall

¥The structural change in volatilit y of rst releaseand fully revised SA IP is dated in 1984, in agreemen with
McConnell and Perez-Quiros (2000) and others, who report that the volatilit y of quarterly GDP has declined since
around that time. Similarly, it is not unexpectedthat the changein volatilit y of PPI is dated in 1981, after the period
of high in ation rates due to the OPEC oil crisesin the 1970s.

5 Recall that the complete non-benchmark revision in IP is substartially larger for calendar months in expansionary
periods than for calendar months in recessionary periods.
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increasein economicuncertainty during cortractionary phasesof the businesscycle 16

Finally, upon inspecting the correlations between fully revised and rst available data, we
nd that seasonallyunadjusted rst available data are much more highly correlated with their
fully revised counterparts than the corresponding seasonallyadjusted data.l’ Thus, the seasonal
adjustment processitself, which is highly nonlinear (seee.g. Ghysels,Granger and Siklos (1996) for
discussionof nonlinear aspects of seasonaldjustment lters currently usedby statistical reporting
agenciesseemdo weakenthe linkagebetween rst available and nal data. Furthermore, regardless
asto whether the data have been seasonallyadjusted, the correlations of both rst available and
fully revised data with the revisions themselwesare often far from zero and are both positive and
negative (correlations in excessof 25% are not uncommon, for example).

Overall, the main conclusion from this exploratory data analysis that carries through to the
rest of our analysisis that there is ample evidenceof both structural changesand businesscycle
asymmetriesin the revisionsto IP and PPI data. This suggeststhat these features may needto
be accourted for when testing for unbiasednessand e ciency .

4 Testing Data Rationalit y: Empirical Findings

In this section, results basedon regressionmodels of the form givenin (4), (5), and (7) are discussed.
In these regressionmodels, W, ¢ includes the revision betweenthe rst and k" releaseof data
(t+kXt t+1X¢), the 3-morth Treasury bill rate, the spread betweenyields on 10-year Treasury
bonds and 3-morth T-bills, the spread between Baa and Aaa rated corporate bonds, the rst

di erence of loggedcrude oil prices (West TexasIntermediate Crude), and the dividend re-invested
return on the S&P500. Thesevariables are similar to those used by previous authors (seeabove),
where more detailed motivation for their use can be found. All conditioning variables, except of
coursers kXt t+1 X, are measuredat the end of month t+ k  1.18 Additionally , and becauselP
revisions generally occur for the previous three obsenations, we include xed width revisions for

181t is worth noting that non-benchmark revision volatilit y in IP is larger during recessionsuntil the 2" or 3'¢ data
release. For later releases,this situation is reversed, and there is more uncertainty regarding the remaining revision
during expansions.

For IP, the correlations between rst available and fully revised data are approximately 0.90 and 0.75 for NSA
and SA data, respectively. For PPI, the corresponding correlations are approximately 0.95 and 0.90.

18\We also constructed e ciency tests with W, de ned to contain all variables measuredat the end of calendar
month t, regardlessof the value of k. These types of tests allowed us to determine the length of time neededbefore
all useful information available at the time of rst releaseis incorporated into the revised data. In addition, we
tried setting Wi+x = t+kXt  t+1 X, (i.e. only including the revision betweenthe rst and k" releaseof data, in
order to focus on the forecastability of the revision processfrom its own past). These alternativ e e ciency tests led
to qualitativ ely similar conclusionsto those reported below. Detailed results are therefore not shown here, but are
available on request from the authors.
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these most recert obsenations pertaining to monthst+ k 2,t+ k 3,andt+ k 4in the set
of control variables. As mertioned before, for the unbiasednesdests, we always impose = 0 or

1 = 2= 0in the appropriate regressionmodels. In the e ciency regressionswe also include a
set of certered seasonaldummies!®

4.1 Linear Mo dels

The basic test of unbiasednessnvolvestesting the null hypothesisthat = = 0in (4), while
imposing the restriction that = 0. Probability valuesfor Wald tests of this null are givenin the
third last column of entries in Tables5 and 6. Basedon a rejection probability value of 0.10 (which
is usedin all subsequen discussions),for NSA IP we seethat there is bias in the 15t through 3'¢
releasesof data, and none thereafter. Thus, reporting agenciesseemto \get it right", on average,
after the rst three revisions. The biasin SA IP (which mainly is dueto the intercept beingnon-
zero, cf. Mork (1987) and Rathjens and Robbins (1995)) persists much longer (i.e. approximately
12 months). One reasonfor this nding may be the very nature of the seasonaldjustment process.
In particular, seasonaladjustment proceduresmake use of two-sided moving average lters, with
one side using historical data and one side using asyet to be determined future data. If the Iters
place enoughweight on data that are not known with certainty for a full year or more, this could
accourt for the increasein bias. In summary, while it is known that preliminary data are often
biased, we now have evidencethat the bias remains prevalent for multiple months of new releases,
and for a year or more with SA data. This suggestshat if one'sobjectiveis to usetimely unbiased
data, unadjusted data is preferable (see Kavajecz and Collins (1995) for an extensive discussion
of this topic). Even more interesting, note that unadjusted PPI is essetially unbiased acrossall
releases.except the 4" release(for the reasonsexplained above - that is, revision usually occurs
only 3 months after initial release). However, seasonallyadjusted PPI is biasedat all releasesup
to 12 months (notice that herethe coe cient alsois signi cantly dierent from 0, in contrast to
the results for SA IP). Thus, even a full year of revisionsis not su cien t to ensurethat SA PPI

: - P . T .
¥n particular, we include 151 sDgst, where Dgy = Dsy  Dizy, with Dgy = 1 if time period t corresponds
to month s and Ds; = O otherwise. Note that the coecient s measuresthe dierence between thq:,lntercept in
month s and the averageintercept, .oThe seasonale ect for Decenmber can be computed as 12 = 511 s, and

henceE1 by construction, it holds that ifl s = 0. As a measure of the importance of seasonale ects, we report

iil "2 in the tables. Including seasonaldummies in the unbiasednessregressionsdoesnot yield qualitativ ely

di eren t results from those reported here. Tabulated results are available upon request from the authors.
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releasesare unbiased?%2!

The structural changetests reported in the secondlast column of the tables suggestthat there
is a structural break in the revision processfor SA PPI in 1981, regardlessof data release.On the
other hand, there is no evidenceof structural breaksin the adjusted IP data, and for unadjusted
IP and PPI data all evidenceof structural breaksis in early data releases.

Our tests for businesscycle asymmetry reported in the last column of the tables provide mod-
erate evidenceof suc nonlinearity for unadjusted IP, strong evidencefor adjusted IP, moderate
evidencefor NSA PPI, and no evidencefor SA PPI. 22

In Tables7 and 8, e ciency test results are cortained in the 8" column (tests of the hypothesis
that = 0in (4)) and the 10" column (tests of the hypothesisthat = = = = 0).% Given
that we already have results on the unbiasednesof our data, we now focus on the joint hypothesis
of unbiasednessand eciency (i.e. = = = = 0). For this hypothesis, early releasesof
unadjusted IP becomee cien t after 3 months, while e ciency is realizedfor adjusted IP data after
3-4 months. Recall, though, that when only biasednesss tested for, the SA data remain biased
even after data have beenrevised 12 times. This is true, even though no further irrationalit y is
found to be due to missinginformation after 3-4 months.?*

NSA price data also becomee cien t after 3-4 data releaseswhile adjusted price data are only
e cien t after 6 months. Unreported alternative e ciency tests which only include the quartity
t+k Xt 1 Xt In Wi lead to the same results, suggestingthat the remainder of the revision
processcan be forecastfrom its own past. Additionally , for all series,ine ciency remainsprevalent

20 0Of note is that many of the unbiasednessregressionmodels have serially correlated and conditionally heteroskedas-
tic errors, according to Breusch-Godfrey serial correlation and autoregressive conditional heteroskedasticity (AR CH)
tests, which are reported in the working paper version (see Swanson and van Dijk (2003)). This suggeststhat regres-
sion coe cien ts may be biased and that the regressionmodels may be misspeci ed, a problem which persists even
when Wi+  is included in the regressionmodel for the purp oseof testing e ciency of early releases.

211t is our opinion that the seasonaladjustment procedure may be so highly nonlinear that a zero mean forecast
error for NSA data is essemially transformed into a non-zero mean forecast error for SA data, although further
researd must be carried out in this area before concrete statements along these lines can be made.

22|nterestingly, there is no evidenceof businesscycle asymmetry in the NSA PPI regressionswhen k = 1 (i.e. based
on the use of preliminary data in the unbiasednessregressions). Rather, businesscycle asymmetry becomesmore
apparent af ter the preliminary data have beenrevised once (which from our above discussionwe know happens after
an interval of approximately 4 months).

ZWhen testing for seasonality alone (seethe 12" column in the linear e ciency tables) revisions from SA data
appear to exhibit seasonality.

%4The reason for this nding may be that W, enters into the regression models linearly, while the seasonal
adjustment Iter applied to the unadjusted data is highly nonlinear. In addition, note that the nding that it takes
approximately 3 months before unadjusted IP data are not only unbiasedbut also e cien t suggeststhat another sort
of rationalit y test could be performed, by cheking how many releasesof IP data have an impact on returns in the
stock market, say. If more than 3 releaseshave an impact, then that would suggestthat agerts are irrational, in the
sensethat they need not have used additional releasesof IP when forming their expectations, as earlier releaseswere
already fully rational. An assessmen of rationalit y based on this argument is left for future researd.
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for alonger period of time when the information setusedto ched for e ciency includes additional
regressors. Clearly, then, the revision processesof our price and IP data share some common
features,eventhough the rst available and fully revisedPPI data conformto the errors-in-variables
model outlined in Mankiw et al. (1984), while the IP data do not, as discussedabove.

Notice alsofrom Tables7 and 8 that there is substartial evidenceof both structural breaksand
asymmetric businesscyclee ects in all series. For seasonallyunadjusted IP, thesefeaturesappearto
be prevalert only for the rst fewreleasesput for the remaining variables, test rejections alsooccur
for later releases.This suggestghat it may be of interestto re-t our biasand e ciency modelswith
imposedstructural breaks and businesscycle asymmetry. This is donein the remaining tables.?®
In particular, whenewer there is a value of k, say k , for which structural changeor businesscycle
asymmetry is presen in the linear unbiasednessand/or e ciency regressionsreported in Tables
5-8, all regressionswith k  k are re-estimated. This allows us to ascertain whether any of our
linear unbiasednessand e ciency ndings are dependert on the fact that nonlinearities presen in

the data are not accourted for in linear regressionmodels.

4.2 Structural Change Mo dels

In Table 9, notice that for k = 1;2 (i.e. for those values of k for which there is evidence of
structural breaksin the linear unbiasednesgegressions),the data remain biased when separately
testing unbiasednessof early NSA IP releasesbefore and after the structural break, which for
most releasesis estimated to have occurred in the secondhalf of the 1970s,or later. Howewer,
an interesting feature of the data ariseswhen we examine the results for k = 3;6; and 1226 |n
particular, there is a clear improvemert in the quality of the data at later releasesduring the
post-break periods. This nding stemsfrom the obsenation that the unbiasednesswll hypothesis
is rejected pre-break, while the data are clearly unbiased post-break. Thus, unbiasednessndings
for k = 3;6, and 12 in the linear model are driven by strong unbiasednessin the post-break
period. This sort of picture emergesfor all of our series,and whenewer either unbiasednessor
e ciency regressionsare considered, pointing to the dangersinvolved with simply tting linear
models without proper testing for nonlinearity. Additionally , this feature of the data is consistert

B Following the suggestionof the Associate Editor, we note that it is worth examining the sensitivity of our results
to alternativ e businesscycle dating methodologies. Along theselines, we also carried out our analysis using recessions
de ned as periods for which IP growth for a rst three month period and a subsequen prior 3 month period (so that
\quarterly" growth rather than monthly was used) was negative. In this case,all 6 months involved were assigned
to \recession". Of note is that the results reported remain largely unchanged when this alternativ e businesscycle
dating methodology is applied.

26 Eventhough no evidenceof structural changewasfound for thesevaluesof k, wesstill re-estimated theseregressions
models with structural change dates picked using the methods discussedabove in order to illustrate an interesting
feature of the data.
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with our earlier nding that early releasesof data have becomemore accurate over time.

Interestingly, upon examination of both SA and NSA PPI data (seeTable 10), many releases
of data that are unbiased prior to the break date, are biased thereafter (the break dates for the
seriesare in the early to mid 1980s). This is in agreemen with the obsenation that the volatilit y
of non-bendhmark PPI revisions has increasedover time.

A further direction of analysisin our corntext, which is left to future researd, is the examination
of the robustnessof our ndings to the presenceof structural breaksand or temporal dependencen
the volatilit y processe®f our series. For further discussionof time dependert volatilit y in business
cycle data, the readeris referred to Chauvet and Popli (2004).

For those releasesof data where structural breakswere found, imposing thesestructural breaks
doeslittle to changethe e ciency test results obtained with linear models. In addition, the same
sort of asymmetry noted above for unbiasednesspre- and post-break also holds when e ciency
regressionsare re-run allowing for structural breaks. Detailed results are not shavn here, but are

available on request.

4.3 Business Cycle Asymmetry Mo dels

Tables11 and 12 corntain unbiasednesdest results for IP and PPl basedon models with imposed
businesscycle asymmetry of the variety discussedin Section 2.1. For IP, there appearsto be
more bias during expansionarythan during recessionaryepisales(seethe last two columns of eac
table, where probabilities that there is no bias are given, with the last column corresponding to
recessionaryperiods and the secondlast corresponding to expansionary periods), especially for SA
data. Note that in addition to prediction bias ( 1 6 0) we also nd that 1 diers signicantly
from zerofor all SA releasesconsidered(but not for NSA releases).This corroborates our previous
nding that the mean non-bencimark revision is signi cantly larger during expansionary periods.
Also note that for NSA IP data, we nd evidenceagainst unbiasednesgluring recessionaryperiods
for the 2"9 and 3’9 releasesbut not for the rst. This is in agreemen with our earlier nding that
the rst revision during recessionarymonths actually pushesthe secondreleaseof NSA IP further
away from the nal data than the rst release.

The results of nonlinear e ciency tests are broadly supportiv e of the results basedon our tests
basedon the linear regressionmodel, and these are therefore not shown in detail here. However,
one obsenation worth noting is that for SA IP, we nd that the data remain ine cien t during
recessiondor 12 months, while they becomee cien t after at most 6 months during expansions.
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5 Concluding Remarks

In this paper we have examinedthe ertire revision processfor IP and PPI data. This allowed us
to construct tests of rationalit y not only for preliminary data or \rst releases"of theseimportant
macroeconomicvariables, but also for later releasesof data. In addition, various features of the
revision processitself, which hitherto have not beendiscussedare examined,allowing usto address
various questionsabout revision accuracy volatilit y, and timing.

Our ndings suggestthat unadjusted IP and PPI data releasesbecomerational after approxi-
mately 3 months. Seasonallyadjusted data, on the other hand, remain irrational for at least 6-12
months. In addition, bias and ine ciency are usually removed from the data after around the same
number of releases.We nd evidenceof predictability of the revision process,either from its own
past or from other publicly available information, suggestinga possibleroute for improving the re-
porting of preliminary data. We further nd evidenceof both structural breaksand businesscycle
nonlinearities, and nd that failure to accourt for these features of the data in some casesleads
to incorrect conclusionsconcerningunbiasednessand e ciency . Finally, there is a clear increasein
revision volatilit y during recessionssuggestingthat early data are lessreliable in tougher economic
times, a nding consistet with our obsenation that early releasesof data growth rates are also
more volatile during recessions.

A number of issuesremain for future researd. For example, note that the explanatory power
of the e ciency regressionsis quite small in general. Henceit remains to assess,n real-time,
whether the revision history of a variable (or information from other macroeconomicand nancial
variables) can be usedto sharpen future preliminary releasesof that variable. Faust, Rogersand
Wright (2004) have already made important progressin this area by examining preliminary and
nal GDP data for the G-7 courtries, and nd someevidencethat it can indeed be done, albeit
not for US data. Additionally , it should prove of interest to ascertain whether the revision history
of one economicvariable is useful for predicting other variables, in real-time.
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Table 1: Structural Changeand BusinessCycle Asymmetry in Mean and Volatilit y:

Real-Time SeasonallyUnadjusted Industrial Production

Structural  Change B.C. Asymmetry

1 2 1= 2 B 1 2 1=
Fully revised 3:1567 7:034% 2:3807 0.174 1969 :6 4:8497 7:3457 0.000
First available 1:7762 4:200: 1:269a 0.644 1969:9 3:526: 9:0732 0.000
Complete revision 1:380 3:142 0:772 0.105 1972:12 1:323 1:728 0.788
Non-b enchmark ~revision 1:0412 2:1072 0:472" 0.003 1976:7 1:1672 0:261 0.146
Benc hmark revision 0:338 0:066 1:720° 0.571 1995:7 0:156 1:467 0.334
Fixed width (non-b enchmark) revisions (4 4+1 Xt t+ kXt
k=1 0:295°¢ 1:3412 0:008 0.010 1971:9 0:410° 0:421 0.153
k=2 0:4602 0:6372 0:113 0.166 1988:10 0:4482 0:535¢ 0.798
k=3 0:2572 0:4752 0:102° 0.112 1979:2 0:2652 0:203 0.776
Increasing width (non-b enchmark) revisions 4+ k+1 Xt  t+1 Xt
k=1 0:295°¢ 1:3412 0:008 0.010 1971:9 0:410P 0:421 0.153
k=2 0:7552 1:7672 0:462° 0.050 1971:9 0:8582 0:114 0.200
k=3 1:0112 1:8982 0:560° 0.007 1976:2 1:1242 0:317 0.182
k=6 0:9912 1:9772 0:489° 0.006 1976:2 1:1042 0:291 0.181
k=12 0:9962 2:0052 0:482° 0.006 1976:2 1:1102 0:291 0.178
Remaining (non-b enchmark) revisions ¢ Xt {4+ kXt
k=1 1:0412 2:1072 0:472° 0.003 1976:7 1:1672 0:261 0.146
k=2 0:7462 1:160° 0:272°¢ 0.014 1983:10 0:7572 0:682° 0.854
k=3 0:2862 0:6712 0:011 0.008 1979:3 0:3092 0:147 0.511
k=6 0:061° 0:2352 0:037 0.133 1977:1 0:074°¢ 0:019 0.173
k=12 0:061° 0:1512 0:045 0.104 1984:1 0:076" 0:030 0.082
k=24 0:010 0:055°¢ 0:042 0.590 1984:1 0:012 0:000 0.600

Structural  Change B.C. Asymmetry

1 2 1= 2 B 1 2 1=
Fully revised 26:351 32:057 23:579 0.002 1975:9 25:804 29:742 0.150
First available 27:901 30:189 25:186 0.146 1984:2 27:056 33:137 0.047
Complete  revision 11:081 12:351 8:165 0.000 1990:2 11:011 11:516 0.769
Non-b enchmark revision 5:442 6:611 3:395 0.000 1987:10 5:264 6:549 0.103
Benc hmark revision 10:079 10:994 7:867 0.001 1990:7 10:028 10:393 0.797
Fixed width (non-b enchmark) revisions ¢, k+1 Xt t+ kXt
k=1 3:276 4:436 2:717 0.000 1975:8 3:136 4:142 0.015
k=2 2:660 3:089 1:888 0.000 1988:1 2:536 3:433 0.023
k=3 1:414 0:867 1:516 0.004 1969:1 1:334 1:911 0.004
Increasing width (non-b enchmark) revisions {4 k+1 Xt  t+1 Xt
k=1 3:276 4:436 2:717 0.000 1975:8 3:136 4:142 0.015
k=2 4:727 5:651 3:109 0.000 1987:10 4:542 5:876 0.048
k=3 5:100 6:082 3:379 0.000 1987:10 4:911 6:272 0.064
k=6 5:158 6:173 3:377 0.000 1987:10 4:969 6:331 0.080
k=12 5:240 6:297 3:388 0.000 1987:10 5:064 6:331 0.103
Remaining (non-b enchmark) revisions ¢ X¢ {4+ kXt
k=1 5:442 6:611 3:395 0.000 1987 :10 5:264 6:549 0.103
k=2 3:625 4:342 2:368 0.000 1987 :10 3:448 4:723 0.025
k=3 1:911 2:219 1:447 0.000 1986 :5 1:868 2:175 0.224
k=6 0:767 1:203 0:130 0.000 1986:2 0:836 0:341 0.008
k=12 0:518 0:831 0:083 0.000 1985:8 0:544 0:355 0.287
k=24 0:160 0:277 0:013 0.001 1984:8 0:183 0:013 0.005

Notes: The table contains summary statistics for the mean and variance of real-time data on annualized
monthly growth rates of seasonally unadjusted Industrial Production over the period 1963.1-2001.12, based
on data vintages for 1963.1-2004.1. In the upper block, the column headed contains the unconditional
mean, the columns headed 1 and  under \Structural Change" contain the means before and after the
break-point g, which is determined by maximizing the point-wise heteroskedasticity- and auto correlation-
consistent Wald test for testing the null hypothesis 1 = 2. The p-value corresponding to the null
hyp othesis that there was no structural break in the mean of the processis reported in the column headed

1= 2. The columns headed 1 and , under \B.C. Asymmetry" contain the means during expansions
and recessions, respectively, which are de ned according to NBER business cycle turning points. The
column headed 1 = 2 contains the p-value for the Wald test of equality of these two means. Entries
marked with 2, P and ¢ are signican tly dierent from zero at the 1, 5 and 10% level, respectively, using
HAC standard errors. The lower block of the table contains similar statistics for the standard deviations
of the time series (computed under the assumption of a constant mean).
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Table 2: Structural Changeand BusinessCycle Asymmetry in Mean and Volatilit y: Real-
Time SeasonallyAdjusted Industrial Production

Structural Change B.C. Asymmetry

1 2 1= 2 B 1 2 1= 2
Fully revised 3:1372 6:5372 2:488% 0.014 1969:3 4:909% 7:8532  0.000
First available 2:0152 4:4772 1:515°  0.197 1969:7 3:9412 9:9242  0.000
Complete revision 1:1222 2:2132  0:737°  0.154 19732 0:9692 2:072°  0.241
Non-benchmark revision  0:8512 1:434*  0:5222  0.009 1977:10 0:9272 0:380 0.242
Benchmark revision 0:270 0:033 1:296*  0.180 1994:8 0:041 1:691°  0.064
Fixed width (non-benchmark) revisions ¢+ k+1 Xt ¢+ kXt
k=1 0:165° 0:239%  0:173 0.423 1994:11 0:219° 0:176 0.185
k=2 0:3432 0:5312  0:130 0.099 19839 0:3322 0:411°  0.676
k=3 0:2752 0:3272  0:015* 0.450 1975:6 0:288?2 0:194 0.523
Increasing width (non-b enchmark) revisions 4+ g+1 Xt t+1 Xt
k=1 0:165° 0:239%  0:173 0.423 1994:11 0:219° 0:176 0.185
k=2 0:5082 0:645%  0:119 0.052 1994:12 0:5512 0:235 0.396
k=3 0:7822 0:964*  0:047 0.008 1994:12 0:8392 0:429 0.318
k=6 0:8032 0:9842  0:022 0.011 1994:12 0:8642 0:430 0.293
k=12 0:7882 0:965*  0:022 0.014 1994:12 0:8462 0:430 0.313
Remaining (non-b enchmark) revisions ¢ Xt ¢+ kXt
k=1 0:8512 1:434*  0:5222  0.009 1977:10 0:9272 0:380 0.242
k=2 0:6872 1:238%  0:406% 0.042 1976:2 0:7082 0:556°  0.633
k=3 0:3442 0:773  0:194° 0.339 19731 0:3762 0:145 0.289
k=6 0:084 0:267° 0:019 0.517 1977:1 0:102 0:025 0.296
k=12 0:062 0:228° 0:033 0.232 1977:1 0:080 0:049 0.294
k=24 0:001 0:100 0:054 0.794 1977:1 0:001 0:015 0.849

Structural Change B.C. Asymmetry

1 2 1= 2 B 1 2 1= 2
Fully revised 8:207 9:920 6:192 0.000 1984:1 7:163  14:681 0.000
First available 7:907 9:929 5:465 0.000 1984:4 6:599  16:019 0.000
Complete revision 5:532 6:179 4:105 0.000 1989:1 5:435 6:133 0.470
Non-b enchmark revision  4:004 4:480 3:170 0.000 1987:10 3:888 4:722 0.125
Benchmark revision 4:991 5:860 4:019 0.000 19837 4:924 5:404 0.512
Fixed width (non-benchmark) revisions ¢+ k+1 Xt ¢+ kXt
k=1 2:029 1:572 2:159 0.032 19717 1:954 2:495 0.061
k=2 1:679 1:313 1:798 0.014 19727 1:611 2:103 0.032
k=3 1:013 0:930 1:336 0.002 199312 1:014 1:010 0.976
Increasing width (non-b enchmark) revisions 4 g+1 Xt t+1 Xt
k=1 2:029 1:572 2:159 0.032 19717 1:954 2:495 0.061
k=2 3:059 2:361 3:286 0.004 19727 2:927 3:879 0.045
k=3 3:389 2:742 3:633 0.016 19738 3:256 4:217 0.078
k=6 3:514 2:821 3:724 0.036 19721 3:395 4:250 0.135
k=12 3:740 4:117 3:080 0.003 1987:10 3:658 4:248 0.302
Remaining (non-b enchmark) revisions ¢ Xt 4+ kXt
k=1 4:004 4:480 3:170 0.000 1987:10 3:888 4:722 0.125
k=2 2:885 3:290 2:217 0.000 1987:3 2:849 3:106 0.445
k=3 2:028 2:383 1:444 0.000 1987:3 2:095 1:607 0.108
k=6 1:291 1:795 0:461 0.000 1987:3 1:386 0:697 0.034
k=12 0:952 1:335 0:355 0.000 1986:9 0:996 0:678 0.310
k=24 0:433 0:843 0:189 0.000 19777 0:451 0:326 0.634

Notes: The table contains summary statistics for the mean and variance of real-time data on annualized monthly
growth rates of seasonally adjusted Industrial Production over the period 1963.1-2001.12, based on data vintages
for 1963.1-2004.1. SeeTable 1 for further details.
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Table 3: Structural Changeand B.C. Asymmetry in Mean and Volatilit y: Real-Time Sea-

sonally Unadjusted Producer Price Index for Finished Goods

Structural Change B.C. Asymmetry

1 2 1= 2 B 1 2 1=
Fully revised 2:9972 10:046% 1:686  0.000 1981:10 2:9152 3:553°  0.739
First available 2:9922 9:9862 1:6912  0.000 1981:10 2:9062 3:55¢0 0.724
Complete revision 0:005 0:010 0:053 1.000 1996:4 0:009 0:026 0.799
Non-b enchmark revision 0:000 0:036 0:024 1.000 1987:6 0:002 0:010 0.922
Benchmark revision 0:011 0:121 0:030 0.928 1980:9 0:019 0:026 0.683
Fixed width (non-b enchmark) revisions {4 k+1 Xt  t+ kXt
k=1 0:001 0:005 0:000 0.992 1985:6 0:002 0:000 0.311
k=3 0:463? 1:5172 0:229°  0.000 19825 0:3952 0:9072  0.073
k=4 0:464? 1:5332 0:233°  0.000 19824 0:4082 0:8312 0.181
Increasing width (non-b enchmark) revisions ¢+ k+1 Xt  t+1 Xt
k=1 0:001 0:005 0:000 0.992 1985:6 0:002 0:000 0.311
k=3 0:4642 1:5172 0:231°  0.000 1982:5 0:3972 0:907%  0.074
k=4 0:000 0:016 0:053 1.000 1996:4 0:012 0:076 0.478
k=6 0:011 0:082 0:019 0.964 19851 0:011 0:010 0.998
k=12 0:000 0:036 0:024 1.000 1987:6 0:002 0:010 0.922
Remaining (non-b enchmark) revisions ¢ Xt ¢+ kXt
k=1 0:000 0:036 0:024 1.000 1987:6 0:002 0:010 0.922
k=2 0:002 0:045 0:021 1.000 1985:1 0:003 0:010 0.912
k=3 0:4642 1:5222 0:236°  0.000 19824 0:3982 0:8972  0.131
k=4 0:000 0:017 0:007 1.000 19851 0:010 0:066 0.230
k=6 0:011 0:073 0:000 0.684 1981:8 0:013 0:000 0.150

Structural Change B.C. Asymmetry

1 2 1= 2 B 1 2 1=
Fully revised 6:205 9:831 5:530 0.000 1981:10 5:829 8:668 0.016
First available 6:239 9:714 5:593 0.000 1981:10 5:913 8:376 0.046
Complete revision 1:189 1:301 1:098 0.523 198810 1:190 1:183 0.971
Non-b enchmark revision 1:116 0:927 1:191 0.320 1984:11 1:133 1:001 0.478
Benchmark revision 0:688 0:933 0:522 0.001 19821 0:672 0:754 0.656
Fixed width (non-b enchmark) revisions i+ k+1 Xt  t+ kXt
k=1 0:004 0:007 0:002 0.724 19856 0:004 0:002 0.311
k=3 1:241 1:596 1:178 0.079 1981:8 1:224 1:348 0.375
k=4 1:246 1:587 1:184 0.091 19819 1:240 1:284 0.802
Increasing width (non-b enchmark) revisions ¢+ k+1 Xt  t+1 Xt
k=1 0:004 0:007 0:002 0.724 1985:6 0:004 0:002 0.311
k=3 1:239 1:595 1:176 0.078 1981:8 1:222 1:348 0.369
k=4 1:110 0:929 1:184 0.346 1985:1 1:123 1:019 0.566
k=6 1:130 0:973 1:193 0.554 1984:11 1:150 1:001 0.426
k=12 1:116 0:927 1:191 0.320 1984:11 1:133 1:001 0.478
Remaining (non-b enchmark) revisions ¢ Xt ¢+ kXt
k=1 1:116 0:927 1:191 0.320 1984:11 1:133 1:001 0.478
k=2 1:118 0:927 1:194 0.307 1984:11 1:136 1:002 0.471
k=3 1:118 0:927 1:194 0.307 1984:11 1:136 1:002 0.471
k=4 1:273 1:754 1:186 0.004 1981:9 1:264 1:336 0.685
k=6 0:056 0:303 0:013 0.000 19818 0:063 0:013 0.031

Notes: The table contains summary statistics for the mean and variance of real-time data on annualized monthly growth
rates of the seasonally unadjusted Producer Price Index for Finished Goods over the period 1978.2-2001.12, based on
data vintages for 1978.2-2004.1. For completeness, we planned to include k=2 in all of the panels in the above table,
and k=12 to increasing width and remaining revision panels. However, note that these values of k are still not reported
for some types of revisions. The reason for this is that all revisions for these values of k are identically zero. SeeTable
1 for further details.
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Table 4. Structural Changeand B.C. Asymmetry in Mean and Volatilit y: Real-Time Sea-

sonally Adjusted Producer Price Index for Finished Goods

Structural Change B.C. Asymmetry

1 2 1= 2 B 1 2 1=
Fully revised 3:.0122 10:2682 1:733%  0.000 1981:8 2:9192 3:620° 0.703
First available 3:1032 10:8062 1:746*  0.000 1981:8 3:0132 3:694° 0.726
Complete revision 0:091 0:532 0:007 0.719 1981:11 0:094 0:075 0.953
Non-benchmark revision 0:014 0:062 0:077 1.000 1993:9 0:010 0:171 0.442
Benchmark revision 0:091 0:532 0:007 0.719 1981:1 0:104 0:097 0.318
Fixed width (non-b enchmark) revisions t+k+1 Xt  t+ kXt
k=1 0:017 0:026 0:015 0.725 1996:12 0:018 0:011 0.785
k=2 0:021 0:060° 0:001 0.630 1986:11 0:017 0:048 0.405
k=3 0:121° 0:049 0:292°  0.696 199411 0:133®  0:037  0.409
k=4 0:117° 0:030 0:320°  0.499  1994:10 0:132®>  0:016  0.515
Increasing width (non-b enchmark) revisions ¢+ k+1 Xt  t+1 Xt
k=1 0:017 0:026 0:015 0.725 1996:12 0:018 0:011 0.785
k=2 0:004 0:037 0:041 0.674 1991:11 0:001 0:037 0.400
k=3 0:125° 0:050 0:309°  0.695 19951 0:132¢ 0:074 0.620
k=4 0:008 0:061 0:078 0.812 1992:10 0:000 0:058 0.660
k=6 0:043 0:146° 0:039 0.555 19888 0:020 0:191 0.308
k=12 0:001 0:097 0:050 1.000 1986:5 0:016 0:102 0.545
Remaining (non-b enchmark) revisions ¢ Xt ¢+ kXt
k=1 0:014 0:062 0:077 1.000 19939 0:010 0:171 0.442
k=2 0:031 0:073 0:048 1.000 19938 0:008 0:183 0.451
k=3 0:010 0:040 0:069 1.000 19954 0:009 0:135 0.522
k=4 0:111 0:022 0:312°  0.654 1994:8 0:143 0:097 0.351
k=6 0:021 0:062 0:061 0.977 1994:1 0:026 0:014 0.822
k=12 0:051 0:036 0:109°  0.504 1987:8 0:055 0:023 0.835

Structural Change B.C. Asymmetry

1 2 1= 2 B 1 2 1=
Fully revised 5:222 9:305 4:502 0.000 1981:8 4:913 7:244 0.107
First available 5:783 9:952 5:048 0.000 1981:8 5:464 7:873 0.076
Complete revision 2:265 3:493 2:043 0.000 1981:9 2:264 2:271 0.983
Non-b enchmark revision 1:646 1:777 1:204 0.051 1996:6 1:638 1:693 0.852
Benchmark revision 1:721 2:987 1:498 0.000 1981:8 1:741 1:595 0.593
Fixed width (non-b enchmark) revisions i+ k+1 Xt  t+ kXt
k=1 0:110 0:128 0:022 0.566 1997:12 0:122 0:035 0.001
k=2 0:109 0:131 0:027 0.473 1996:11 0:112 0:084 0.507
k=3 0:594 0:339 1:172 0.000 1994:8 0:599 0:562 0.864
k=4 0:618 0:366 1:177 0.000 1994:7 0:609 0:675 0.780
Increasing width (non-b enchmark) revisions +k+1 Xt  t+1 Xt
k=1 0:110 0:128 0:022 0.566 1997:12 0:122 0:035 0.001
k=2 0:179 0:219 0:024 0.154 1996:12 0:194 0:079 0.024
k=3 0:729 0:523 1:197 0.000 1994:8 0:745 0:623 0.572
k=4 0:791 0:531 1:368 0.000 1994:7 0:794 0:771 0.933
k=6 0:966 0:694 1:260 0.001 1990:6 0:968 0:957 0.970
k=12 1:482 1:207 1:677 0.058 1987:12 1:513 1:280 0.416
Remaining (non-b enchmark) revisions ¢ Xt ¢+ kXt
k=1 1:646 1:777 1:204 0.051 1996:6 1:638 1:693 0.852
k=2 1:634 1:750 1:244 0.115 1996:6 1:627 1:680 0.855
k=3 1:577 1:326 1:754 0.115 1987:12 1:570 1:620 0.859
k=4 1:552 1:672 1:284 0.206 1994:7 1:532 1:682 0.607
k=6 1:070 1:366 0:061 0.000 1996:7 1:070 1:071 0.999
k=12 0:575 0:733 0:094 0.000 1996:1 0:533 0:855 0.331

Notes: The table contains summary statistics for the mean and variance of real-time data on annualized monthly growth
rates of the seasonally adjusted Producer Price Index for Finished Goods over the period 1978.2-2001.12,based on data

vintages for 1978.2-2004.1. See Table 1 for further details.
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Table 5: Unbiasednessof Real-Time Growth Rates of In-
dustrial Production - Linear Model

=0 SC
Releasek R? =0 (B) BCA
Seasonally Unadjusted

1 1:028 0:007 0:001 0.000 0.000 0.394
(0:209) (0:010) (1976.2)

2 0:720 0:013 0:007 0.000 0.032 0.591
(0:152)  (0:007) (1976.2)

3 0:277 0:004 0:000 0.005 0.035 0.305
(0:092) (0:004) (1979.3)

4 0:035 0:002 0:001 0.675 0.115 0.377
(0:049) (0:003) (1977.10)

5 0:054 0:003 0:001 0.362 0.171 0.548
(0:043) (0:003) (1977.10)

6 0:068 0:003 0:001 0.210 0.260 0.226
(0:041) (0:003) (1977.10)

12 0:062 0:001 0:002 0.178 0.281 0.138
(0:034) (0:002) (1984.1)

24 0:010 0:000 0:002 0.857 0.735 0.857
(0:019) (0:001) (1984.1)

Seasonally Adjusted

1 0:958 0:053 0:011 0.000 0.208 0.005
(0:182) (0:024) (1976.2)

2 0:718 0:014 0:000 0.000 0.129 0.352
(0:136) (0:017) (1976.2)

3 0:363 0:008 0:001 0.002 0.468 0.012
(0:102) (0:014) (1970.1)

4 0:123 0:019 0:006 0.167 0.358 0.025
(0:076) (0:012) (1970.1)

5 0:136 0:020 0:007 0.099 0.346 0.033
(0:073) (0:011) (1970.1)

6 0:145 0:022 0:010 0.072 0.340 0.016
(0:073) (0:012) (1970.1)

12 0:108 0:016 0:007 0.110 0.361 0.025
(0:062) (0:009) (1970.1)

24 0:032 0:011 0:004 0.323 0.260 0.161
(0:045) (0:007) (1970.1)

Notes: The table contains unbiasednesstest results for dieren t releasesof
annualized monthly growth rates of Industrial Production over the period
1963.1-2001.12, based on data vintages for 1963.1-2004.1, and based on es-
timating equation (4) with = 0 imposed. The column headed = 0

= 0, contains the p-value of the Wald statistic for testing the indicated
restriction. The column headed SC contains the p-value from the sup-Wald
test for testing the hypothesis 1 = 2 and 1 = 2 in equation (7) with

1 = 2 = 0imposed, where the change-point, g, is given in parentheses.
The column headed BCA contains the p-value from the Wald test for testing
the hypothesis 1 = 2 and 1 = 2 in equation (5) with 1 = 2 =0
imp osed, using NBER-de ned recessionsand expansions. For all test statis-
tics, heteroskedasticity and auto correlation-consisten t versions are used. Ad-
ditionally , heteroskedasticity and auto correlation-consisten t standard errors
are given in parentheses under coe cien t estimates.
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Table 6: Unbiasednessf Real-Time Growth Rates of the
Producer Price Index for Finished Goods - Linear Model

=0 SC
Releasek R’ =0 (s) BCA
Seasonally Unadjusted

1 0:040 0:013 0:002 0.467 0.351 0.439
(0:050) (0:011) (1986.2)

2 0:042 0:013 0:002 0.457 0.265 0.435
(0:050)  (0:011) (1986.2)

3 0:042 0:013 0:002 0.457 0.265 0.435
(0:050) (0:011) (1986.2)

4 0:430 0:013 0:001 0.001 0.000 0.313
(0:122) (0:016) (1982.4)

5 0:006 0:002 0:002 0.379 0.807 0.154
(0:009)  (0:003) (1981.8)

6 0:010 0:000 0:003 0.262 0.811 0.261
(0:006) (0:003) (1981.8)

Seasonally Adjusted

1 0:232 0:079 0:077 0.000 0.023 0.662
(0:097)  (0:020) (1981.9)

2 0:220 0:080 0:081 0.000 0.000 0.642
(0:093)  (0:020) (1981.9)

3 0:224 0:076 0:074 0.000 0.001 0.713
(0:091) (0:019) (1981.9)

4 0:316 0:069 0:065 0.000 0.001 0.696
(0:098)  (0:020) (1981.9)

5 0:160 0:054 0:052 0.004 0.000 0.883
(0:083) (0:016) (1981.9)

6 0:179 0:052 0:049 0.003 0.001 0.761
(0:078) (0:015) (1981.9)

12 0:139 0:029 0:032 0.014 0.041 0.895
(0:059)  (0:010) (1981.8)

Notes: The table contains unbiasednesstest results for dieren t releasesof
annualized monthly growth rates of the Producer Price Index for Finished
Goods over the period 1978.2-2001.12, based on data vintages for 1978.2-
2004.1. Note that k=12 is not added to the top panel becauserevisions are
in this caseequal to zero for all observations. For the samereason, k=12 is
not added to the results in Table 10 below. SeeTable 5 for further details.
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Table 7: E ciency of Real-Time Growth Rates of Industrial Production - Linear Model

Tests of e ciency Tests for structural change Tests for B.C. asymmetry
=0 = =0 ) !
Release k R? =0 =0 =0 = =0 , , ,
Seasonally Unadjusted

1 2:323 0:032 5:952 0:035 0.006 0.106  0.004 0.000 0.052 0.021 0.369 0.000 0.221  0.000 0.000 0.000
(0:788)  (0:026) (1976.2)

2 0:483 0:009 0:251 3:374 0:061 0.488 0.001  0.003 0.000 0.810 0.000 0.108 0.000 0432 0.025 0.004 0.000
(0:494) (0:014) (0:053) (1976.2)

3 0:411 0:001 0:046  0:767 0:022 0.250 0.063  0.750 0.003 0.173 0.176 0.111 0.000 0.066 0.000 0.017  0.000
(0:261) (0:009) (0:031) (1982.3)

4 0:337 0:007 0:050 0:726 0:016 0.098 0.048 0.703 0.360 0.250 0.004 0.268 0.020 0.011 0.039 0.884 0.403
(0:168)  (0:007)  (0:019) (1973.4)

5 0:135 0:009 0:035 0:774 0:016 0.313 0.069 0.478 0.404 0.055 0.009 0.168 0.001 0.140 0.337 0.849 0.847
(0:140) (0:007)  (0:017) (1976.2)

6 0:172 0:009 0:037  0:795 0:007 0.236 0.308  0.608 0.763 0.009 0.184 0.273 0.280 0.349 0.685 0.840 0.956
(0:139)  (0:006)  (0:017) (1976.2)

12 0:026 0:004 0:028 0:668 0:025 0.554 0.212 0.180 0.246 0.181 0.313 0.188 0.277 0.938 0.268 0.527 0.418
(0:128) (0:004)  (0:011) (1980.4)

24 0:013 0:003 0:007  0:430 0:004 0.551 0.763  0.967 0.997 0425 0.796 0.855 1.000 0.394 0.783 0965 0.997
(0:031) (0:002) (0:007) (1984.1)

Seasonally Adjusted

1 1:406 0:030 3:086 0:064 0.089 0.002  0.007 0.000 0.000 0.000 0.000 0.000 0.499 0.000 0.001 0.000
(0:666)  (0:029) (1986.1)

2 0:848 0:029 0:337  2:470 0:100 0.020 0.000  0.000 0.000 0.041  0.000 0.000 0.000 0.177 0.115 0.001  0.000
(0:360) (0:016)  (0:059) (1986.1)

3 0:669 0:015 0:070 1:217 0:015 0.041 0.021 0.085 0.000 0.994 0.030 0.327 0.000 0.000 0.331 0.001 0.000
(0:288) (0:013)  (0:054) (1973.4)

4 0:409 0:021 0:027  0:978 0:004 0.069 0.404  0.183 0.061 0.310 0.000 0.082 0.000 0.001 0.907 0.446 0.051
(0:240) (0:012) (0:031) (1973.3)

5 0:478 0:024 0:024  0:830 0:007 0.026 0.412  0.449 0.143 0.055 0.012 0.115 0.000 0.023 0968 0.480 0417
(0:253) (0:011) (0:028) (1968.10)

6 0:338 0:024 0:015 0:721 0:011 0.069 0.591 0.730 0.458 0.092 0.010 0.415 0.011 0.053 0.401 0.629 0.131
(0:234) (0:012) (0:028) (1968.10)

12 0:269 0:018 0:000 0:792 0:001 0.084 0.377 0412 0.396 0.971 0.762 0.024 0.204 0.042 0416 0.286 0.045
(0:209) (0:009) (0:026) (1984.12)

24 0:085 0:008 0:019 0:533 0:019 0.354 0.823 0.832 0.969 0.603 0.648 0.219 0.463 0.214 0.779 0.825 0.985
(0:196) (0:005)  (0:029) (1968.10)

Notes: The table contains e ciency test results for dieren t releasesof annualized monthly growth rates of Industrial Production over the period
1963.1-2001.12, based on data vintages for 1963.1-2004.1, and based on estimating equation (4) with W;; de ned to include the increasing width
revision up to the k™ release of data (i.e. (+xXt t+1Xt), the xed width revisions for the three most recent observations pertaining to months
t+k 2,t+k 3,andt+ k 4, the 3-month T-bill rate, the spread between yields on 10-year Treasury bonds and 3-month T-bills, the spread
between Baa and Aaa rated bond yields, the rst dierence of the logged oil price, and the return on the S&P 500, all observed at the end of month
t+ k 1. The CO|LHT‘IF\ with header contains estimates of the coe cien t assaciated with the regressor ¢+ kXt t+1 Xt . The column with header

contains values of 12, "2, where " is the estimated coe cien t for Dsy, s = 1;:::;11, and "o = i s, which measures the magnitude of

seasonalpatterns in the revision process. The remainder of the columns contain statistics that correspond to those reported in the previous tables. See
Table 5 for further details.



6¢

Table 8: E ciency of Real-Time Growth Rates of the Producer Price Index for Finished Goods - Linear Model

Tests of e ciency Tests for structural change Tests for B.C. asymmetry
=0 = =0 R )
Release k R? =0 =0 =0 = =0 , , , s
Seasonally Unadjusted
1 0:088 0:027 0:850 0:012 0.105 0.791 0.126 0.017 0.013 0.050 0.005 0.000 0.000 0.020 0.000 0.000
(0:161)  (0:013) (1994.1)
2 0:049 0:025 1:307 0:833 0:016 0.085 0.762 0.190 0.030 0.380 0.484 0.055 0.000 0.005 0.000 0.000 0.000
(0:160) (0:011) (1:327) (1994.1)
3 0:121 0:023 2:225 0:842 0:011 0.098 0413  0.213 0.005 0475 0.761  0.004 0.000 0.037 0.003 0.000 0.000
(0:167)  (0:011)  (1:275) (1995.1)
4 0:201 0:011 0:496  0:717 0:318 0.403 0.000  0.190 0.000 0.142  0.064 0.936 0.000 0.002 0.000 0.262 0.000
(0:229) (0:011) (0:057) (1987.7)
5 0:019 0:002 0:034  0:206 0:015 0.454 0.516  0.750 0.981 0.171  0.049 0.002 0.000 0.238 0.849 0.766 0.825
(0:031) (0:002) (0:016) (1981.8)
6 0:000 0:001 0:011 0:174 0:010 0.831 0.504 0.892 0.962 0.425 0.002 0.000 0.000 0.716 0.412 0.850 0.908
(0:021) (0:002)  (0:011) (1981.8)
Seasonally Adjusted
1 0:127 0:111 1:543 0:114 0.000 0.092 0.005 0.000 0.116 0.397 0.011 0.000 0.035 0.179 0.000 0.000
(0:247)  (0:025) (1994.11)
2 0:103 0:106 0:219 1:440 0:124 0.000 0.003 0.026 0.000 0.112 0.180 0.016 0.000 0.002 0.000 0.000 0.000
(0:245)  (0:021)  (0:191) (1994.11)
3 0:168 0:102 0:089  1:359 0:119 0.000 0.001 0.070 0.000 0.040 0.060 0.004 0.000 0.078 0.001 0.004 0.000
(0:222) (0:019) (0:169) (1994.11)
4 0:451 0:087 0:252  1:326 0:160 0.000 0.000 0.036 0.000 0.107 0.620 0.002 0.000 0.128 0.827 0.000  0.000
(0:235) (0:017)  (0:084) (1994.8)
5 0:027 0:076 0:047 1:376 0:137 0.000 0.000 0.033 0.000 0.000 0.001  0.000 0.000 0.000 0.000 0.000 0.000
(0:170)  (0:015)  (0:061) (1994.7)
6 0:009 0:072 0:070  1:400 0:109 0.000 0.001 0.033 0.003 0.000 0.011  0.000 0.000 0.003 0.000 0.000 0.000
(0:166) (0:015)  (0:060) (1994.9)
12 0:051 0:039 0:047 0:914 0:070 0.005 0.154 0.463 0.403 0.002 0.156 0.031 0.034 0.590 0.398 0.000 0.000
(0:121)  (0:012)  (0:029) (1994.9)

Notes: The table contains e ciency test results for di eren t releasesof annualized monthly growth rates of the Producer Price Index for Finished Goods
over the period 1978.2-2001.12, based on data vintages for 1978.2-2004.1. SeeTable 7 for further details.



Table 9: Unbiasednessof Real-Time Growth Rates of Industrial Produc-
tion - Structural ChangeModel

1= 2=0 =0 2=10
Releasek 1 1 2 2 1= 2=0 1=0 2=0
Seasonally Unadjusted

1 2:039 0:055 0:526 0:020 0.000 0.000 0.021
(0:359) (0:017) (0:230) (0:010)

2 1:268 0:030 0:442 0:001 0.000 0.000 0.012
(0:316) (0:011) (0:156)  (0:008)

3 0:663 0:002 0:003 0:004 0.001 0.000 0.584
(0:158)  (0:006) (0:096) (0:004)

6 0:221 0:007 0:023 0:000 0.136 0.040 0.754
(0:089) (0:006) (0:033) (0:002)

12 0:149 0:000 0:039 0:002 0.102 0.027 0.494
(0:056)  (0:003) (0:036) (0:003)

Seasonally Adjusted

No evidence for structural change in the unbiasednesstest regressionswas found

Notes: The table contains unbiasednesstest results for di eren t releasesof annualized monthly
growth rates of Industrial Production over the period 1963.1-2001.12, based on data vintages
for 1963.1-2004.1, and based on estimating equation (7) with 1 = 2 = 0 imposed. The
dierence between these results and those reported in Tables 5 and 6 is that equation (7)
imp osesnonlinearit y in the form of structural change on the unbiasednesstest regression, while
linearit y is imp osed when equation (4) is estimated (i.e. in Tables 5 and 6). See Table 5 for
further details.
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Table 10; Unbiasednes®f Real-Time Growth Rates of the Producer Price
Index for Finished Goods - Structural Change Model

1= 2=0 1=0 2=0
Releasek 1 1 2 2 1= 2=0 1=0 2=0
Seasonally Unadjusted

1 0:133 0:018 0:085 0:038 0.085 0.274 0.053
(0:084) (0:013) (0:059) (0:016)

3 0:125 0:017 0:085 0:038 0.095 0.317 0.053
(0:085) (0:013) (0:059) (0:016)

4 1:570 0:006 0:266 0:021 0.000 0.000 0.061
(0:290) (0:028) (0:116) (0:014)

Seasonally Adjusted

1 0:756 0:065 0:181 0:120 0.000 0.198 0.000
(0:420) (0:039) (0:099) (0:024)

2 0:688 0:061 0:170 0:122 0.000 0.212 0.000
(0:391) (0:037) (0:096) (0:024)

3 0:663 0:057 0:178 0:115 0.000 0.208 0.000
(0:376)  (0:036) (0:093) (0:024)

4 0:915 0:056 0:255 0:112 0.000 0.079 0.000
(0:428) (0:035) (0:099) (0:022)

5 0:554 0:038 0:121 0:089 0.000 0.160 0.000
(0:326) (0:029) (0:083) (0:020)

6 0:510 0:035 0:144 0:084 0.000 0.206 0.000
(0:321) (0:029) (0:079) (0:019)

12 0:284 0:022 0:144 0:046 0.009 0.216 0.004

(0:163) (0:014) (0:061) (0:014)
Notes: The table contains unbiasednesstest results for di eren t releasesof annualized monthly
growth rates of the Producer Price Index for Finished Goods over the period 1978.2-2001.12,
based on data vintages for 1978.2-2004.1. Note that k=2 has not been added to the top panel
of the table becausethis caseyields identical results to those for the k=3 case. SeeTable 9 for
further details.
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Table 11: Unbiasednessf Real-Time Growth Rates of Industrial Produc-
tion - BusinessCycle Asymmetry Model

1= 2=0 =0 2=0
Releasek 1 1 2 2 1= 2=0 1=0 2=0
Seasonally Unadjusted

1 1:156 0:003 0:427 0:018 0.000 0.000 0.660
(0:230) (0:011) (0:563)  (0:028)

2 0:716 0:010 0:908 0:024 0.000 0.000 0.004
(0:165)  (0:007) (0:348)  (0:014)

3 0:303 0:001 0:271 0:014 0.008 0.010 0.093
(0:104)  (0:004) (0:218)  (0:007)

Seasonally Adjusted

1 1:290 0:092 0:499 0:089 0.000 0.000 0.191
(0:218)  (0:033) (0:526) (0:049)

2 0:861 0:037 0:574 0:002 0.000 0.000 0.073
(0:174)  (0:025) (0:297)  (0:030)

3 0:551 0:039 0:515 0:038 0.000 0.000 0.081
(0:139) (0:020) (0:249) (0:019)

4 0:310 0:046 0:036 0:009 0.091 0.029 0.635
(0:121)  (0:019) (0:130)  (0:010)

5 0:310 0:045 0:023 0:004 0.109 0.029 0.792
(0:120) (0:019) (0:128)  (0:006)

6 0:336 0:049 0:005 0:003 0.056 0.012 0.801
(0:116) (0:019) (0:127)  (0:006)

12 0:260 0:038 0:034 0:002 0.089 0.021 0.809
(0:097)  (0:015) (0:131)  (0:006)

Notes: The table contains unbiasednesstest results for di eren t releasesof annualized monthly
growth rates of Industrial Production over the period 1963.1-2001.12, based on data vintages
for 1963.1-2004.1, and based on estimating equation (7) with 1 = 2 = 0 imposed. The
dierence between these results and those reported in Tables 5 and 6 is that equation (7)
imp osesnonlinearit y in the form of asymmetric business cycle e ects on the unbiasednesstest
regression, while linearit y is imp osed when equation (4) is estimated (i.e. in Tables 5 and 6).
SeeTable 5 for further details.

32



Table 12: Unbiasednes®f Real-Time Growth Rates of the Producer Price
Index for Finished Goods - BusinessCycle Asymmetry Model

= ,=0 1=0 2=0
Releasek 1 1 2 2 1= 2=0 1=0 2=0
Seasonally Unadjusted

1 0:061 0:020 0:049 0:.011 0.566 0.275 0.880
(0:055) (0:013) (0:147) (0:021)

3 0:063 0:021 0:049 0:011 0.552 0.264 0.880
(0:055) (0:013) (0:147) (0:021)

4 0:360 0:015 0:880 0:006 0.001 0.008 0.004
(0:123)  (0:018) (0:343) (0:029)

Seasonally Adjusted

No evidence for business cycle asymmetry in the unbiasednesstest regressionswas found

Notes: The table contains unbiasednesstest results for di eren t releasesof annualized monthly

growth rates of the Producer Price Index for Finished Goods over the period 1978.1-2001.12,
based on data vintages for 1978.1-2004.1, and based on estimating equation (7) with 1= =

0 imp osed. Note that k=2 has not been added to the top panel of the table becausethis case
yields identical results to those for the k=3 case. SeeTables 5 and 11 for further details.
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Figure 1: Real-time monthly growth rates of seasonallyunadjusted industrial production.
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Figure 2: Real-time monthly growth rates of seasonallyadjusted industrial production.
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Figure 3: Real-time monthly growth rates of seasonallyunadjusted producer price index for nished goods.
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Figure 4: Real-time monthly growth rates of seasonallyadjusted producer price index for nished goods.
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