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Abstract

We examine how the accuracy of real-time forecasts from models that include au-

toregressive terms can be improved by estimating the models on ‘lightly-revised’data

instead of using data from the latest-available vintage. The benefits to estimating au-

toregressive models on lightly-revised data are related to the nature of the data revision

process and on the underlying process for the true values. Empirically, we find RMSFE

improvements of 2-4% when forecasting output growth and inflation with univariate

models, and of 8% with multivariate models. We show that multiple-vintage mod-

els, which explicitly model data revisions, require large estimation samples to deliver

competitive forecasts.
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1 Introduction

There has been much interest in the recent literature regarding the effects of different data

vintages on model specification and forecast evaluation, and in the use of ‘real-time data’

in assessing predictability, as opposed to using ‘final-revised’data, based on concerns that

the use of final-revised data may exaggerate the predictive power of explanatory variables

relative to what could actually have been achieved at the time using the then available

data.1 Following on from Koenig et al. (2003), we show that the accuracy of real-time

forecasts from models that include autoregressive terms may be improved by estimating

them on lightly-revised data, instead of using data from the latest-available vintage. We

present a real-time analysis, in the sense that at each point in time the forecasting models

are specified and the parameters estimated using only data for time periods up to that

point in time, and the vintages of data used are restricted to those which would have been

available at that time. Pseudo out-of-sample exercises adhere to the first aspect but use

vintages of data that would not have been available at that time, whereas studies such as

Clements and Galvão (2008, 2009) contain true real-time exercises.

When computing forecasts in real-time, the majority of the literature uses the ‘tra-

ditional approach’ to real-time forecasting. At each point in time, the values of all the

observations from the latest-available vintage of data are used to estimate the forecasting

model. This is known as the end-of-sample vintage approach, or EOS, following Koenig

et al. (2003). To the extent that later estimates of a data point are more accurate than

earlier estimates, this strategy uses the ‘best’estimates of the data which are available at

the time the forecast is made. However, it implies that a large part of the data used in

model estimation has been revised many times, while the forecast is conditioned on data

that has been just released or only revised a few times. We show that the traditional way of

using real-time data for forecasting does not minimise the expected squared forecast error

1See, for example, Diebold and Rudebusch (1991b,a), Robertson and Tallman (1998), Orphanides (2001),
Croushore and Stark (2001, 2003), Stark and Croushore (2002), Faust et al. (2003) and Orphanides and van
Norden (2005). Croushore (2011a,b) provide additional background material on accounting for data revisions
when forecasting, and provide a review of some of the topics covered in this paper.
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in population, and, following Koenig et al. (2003), that the use of ‘real-time vintage’(RTV)

data can overcome the deficiencies of using EOS data.2 Forecast accuracy is improved by

reorganizing the real-time data employed in the estimation of the forecasting model in such

a way that the data used in the estimation are of a similar maturity to the data on which

the forecast is conditioned. Even if the target is to forecast post-revision data, the ap-

proach that uses RTV data to estimate the forecasting model reduces mean squared error

in comparison with the use of EOS data.

We explicitly focus on autoregressive models. We derive analytical results that relate

the properties of the forecasts generated by the use of EOS and RTV data to the properties

of data revisions for an assumed data generation process that characterises data revisions

as ‘news’or ‘noise’, in the Mankiw and Shapiro (1986) sense. We use the Jacobs and van

Norden (2011) statistical framework to model the ‘regular’rounds of revisions which are

made to the data at a level of detail that allows us to delineate between first and subsequent

revisions, as the sizes of the variances of the first and subsequent revisions are found to affect

the relative performance of RTV and EOS. We also allow for non-zero mean revisions as

these are shown to affect the expected relative forecasting performance of RTV and EOS.

It might be argued that data revisions are irregular and not amenable to modelling as a

stationary process. This is likely to be true of benchmark revisions,3 but the evidence

presented by Croushore (2006) suggests that growth rates - the focus of our analysis - will

be affected to a lesser degree than the levels of variables.4 Our data generating process

neglects certain characteristics of US data revisions - such as the seasonal nature of some

revisions, as we explain below - but such complications would not affect the finding that

RTV improves forecast accuracy relative to EOS in population.

For AR models we are able to relate the population properties of the estimators (using

RTV or EOS data) back to the properties of the hypothesized data generation process,

2Harrison et al. (2005) consider the use of EOS data when there are measurement errors, and suggest
that the most recent observations might be downweighted.

3Siklos (2008) identifies eight benchmark revisions in 1966, 1971, 1976, 1981, 1986, 1992, 1996 and 2001,
all occurring in the data vintage of the first quarter of the year.

4Although in some circumstances taking growth rates may not be the best option: see, e.g., Knetsch and
Reimers (2009).

3



including the properties of the revisions process, which yields additional insights when we

can clearly categorize a series in terms of news or noise revisions. In models with explanatory

variables it will be more diffi cult to obtain the direction of any bias of the estimator without

making a range of further assumptions, including specifying the covariances between the

revisions to the series being forecast and the revisions to the explanatory variables. Hence

our analytical results are for the AR, as this allows for sharper predictions, although the

general arguments that support the use of RTV data in the case of AR models are also

applicable to ADL models.

We compare the RTV approach to forecasting with a model that uses the multiple

estimates of the same observation that are typically available.5 It is not clear that using

multiple data vintages would improve forecast accuracy. In a recent review of forecasting

with real-time data, Croushore (2006) concludes that the results of forecasting with state-

space models that incorporate data revisions are mixed, compared to simply ignoring data

revisions. In this paper, we add to this knowledge base by presenting forecasts from a vector

autoregression (VAR) that models the relationships between the multiple-vintage estimates,

in the spirit of recent work by Garratt et al. (2008, 2009) and Hecq and Jacobs (2009). We

also consider the approach of Kishor and Koenig (2011), which specifies a model for the

data revisions process which is estimated along side a vector autoregressive model for the

‘post-revision’data.

A Monte Carlo exercise evaluates the relative effi cacy of RTV compared to EOS under

different assumptions about the model of data revisions. The simulations are based on

models which are calibrated on actual US and UK data, so that we can compare the forecast

performance of the different approaches for empirically-relevant models of data revisions.

The Monte Carlo exercise is also designed to compare the forecast accuracy of multiple-

vintage models and autoregressive models estimated with RTV data. We also check whether

the gains from using RTV relative to EOS are robust to changes in the underlying statistical

5Examples of multiple-vintage models include Harvey et al. (1983), Howrey (1984), Patterson (1995,
2003), Jacobs and van Norden (2011), Cunningham et al. (2009), Garratt et al. (2009, 2008) and Hecq and
Jacobs (2009).
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framework.

Our empirical forecasting exercises compare the use of EOS and RTV data as competing

approaches to real-time forecasting with simple autoregressive models of output growth and

inflation, and consider the potential gains to using multiple-vintage models. We also allow

for explanatory variables, and estimate a bivariate version of the Kishor and Koenig (2011)

model.

In terms of related literature, our paper is closest to and is motivated by the seminal

contribution of Koenig et al. (2003), who consider the use of lightly-revised data on the

RHS of regression models. Our contribution is to consider explicitly the successive rounds

of revisions made to national accounts data, and to allow for non-zero mean data revisions.

We show how differences between estimates obtained with RTV data and EOS data depend

on the nature of the process governing these rounds of revisions. Koenig et al. (2003) derive

expressions for the bias of the estimator of distributed lag (DL) models for various ways of

using real-time vintage data, but do not explicitly model the revisions process. They build

their approach in terms of first and final estimates, and hence have a single revision value.

We find that the properties of the estimators depend on factors which include the relative

size of variances of the successive rounds of revision, and that knowledge of the revisions

process can be used to predict the relative forecasting gains to be expected from using RTV

compared to EOS data in any given instance.

A recent contribution by Nalewaik (2008) considers the impact of ‘lack of signal error’

(LoSE) in both the dependent and explanatory variables in regressions of output growth

on asset prices. LoSE corresponds to what we term news. His focus is on the impact

of LoSE on the estimates of the population relationship between the ‘true’values of the

variables. In terms of obtaining the most accurate forecasts in real-time as in our paper,

the true relationship is not the object of interest, since there is a clear distinction between

the optimal forecasting parameters and the parameters of the underlying true model, as

spelt out in section 3.2.

The plan of the rest of the paper is as follows. Section 2 describes the real-time forecast-
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ing setting, and provides some intuition as to why simply using the latest-available vintage

data to estimate the model may not be the best strategy. Section 3 derives the properties

of RTV and EOS in a statistical framework that allows data revisions to be characterised

as either news or noise. This is essentially the Jacobs and van Norden (2011) state-space

model, but modified to allow for non-zero mean revisions, to reflect the nature of data re-

visions to macroeconomic aggregates. Section 4 presents a Monte Carlo evaluation of the

improvements in forecasting accuracy from using RTV for data revision processes calibrated

on US and UK data. Section 5 the empirical forecast comparison. Section 6 offers some

concluding remarks. The derivations of the main results are confined to an appendix.

2 Motivation

When data are subject to revision, the forecaster at period T + 1 has access to the vintage

T + 1 values of the observations on y up to time period T , as the first-release is published

with a lag. We let yt+jt denote the vintage t+j estimate of the value of the variable in period

t, where j = 1, 2, 3, . . ., and where j = 1 denotes the first-release value. Hence the forecaster

has (yT+11 , . . . , yT+1T−1, y
T+1
T ). This is the ‘latest-available vintage’data at period T +1, which

we can write as
{
yT+1i

}
i=1,2,...,T.

. But the forecaster will also have the previous vintages, for

example, the T + 1− j vintage,
{
yT+1−ji

}
for j = 1, 2, 3, . . ., and where i = 1, 2, . . . , T − j.

The traditional approach estimates the forecasting model on the latest-available (T + 1)

vintage, and conditions the forecasts on the T +1 vintage values of the forecast-origin data.

So for an AR(2), the model is estimated on:

yT+1t = α0 + α1y
T+1
t−1 + α2y

T+1
t−2 + et,EOS (1)

for t = 3, . . . , T , and the forecast of yT+1 is given by:

ŷT+1,EOS = α̂0 + α̂1y
T+1
T + α̂2y

T+1
T−1.
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The parameter estimates (α̂0, α̂1 α̂2) are based on data that are for the most part post-

revision (or heavily-revised) data. Suppose for the sake of argument that data are revised

13 times, so that yt+14t = ỹt, where ỹt is the true value, then a proportion (T − 13) /T of the

T estimation observations underlying (1) are fully-revised or true data. Yet the forecasts

are conditioned on a first-release observation and a once-revised observation (yT+1T and yT+1T−1

respectively). This is the ‘apples and oranges’problem of Kishor and Koenig (2011).

Given that the forecast will be conditioned on early-release data (yT+1T and yT+1T−1 for an

AR(2)), the RTV approach estimates the parameters of the AR(2) on matching early-release

data:

yt+1t = β0 + β1y
t
t−1 + β2y

t
t−2 + et,RTV

for t = 3, . . . , T , and the forecast of yT+1 is given by:

ŷT+1,RTV = β̂0 + β̂1y
T+1
T + β̂2y

T+1
T−1.

The forecast is conditioned on exactly the same data as under the traditional approach - the

latest values from the most recent vintage. Notice that the RTV approach uses first-release

data for the first lag, and second-release data for the second lag, and that this generalizes

for an AR(p), so that it is not the case that only first-release data is used to estimate the

model. The important point is that the data maturities used in estimation match those

that the forecasts are conditioned on.

In what follows we show analytically that the RTV approach yields more accurate fore-

casts. To do that, we need a data generating process for the different data vintages and the

true values.

3 Comparing RTV and EOS using a model of data revisions

We use a model of data revisions to compare the use of RTV and EOS data when estimating

and forecasting with autogressive models. Based on the statistical framework described in

section 3.1, we compute the optimal parameter vector of an AR forecasting model (section
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3.2), and the population values of the parameter vector obtained by EOS (section 3.3) and

RTV (section 3.4).

3.1 Statistical framework

Our statistical framework for modelling data revisions relates a data vintage estimate to

the true value plus an error or errors, where the errors are typically unobserved. So the

period t+ s vintage estimate of the value of y in period t, denoted yt+st , where s = 1, . . . , l,

consists of the true value ỹt, as well as (in the general case) news and noise components,

vt+st and εt+st , so that yt+st = ỹt + vt+st + εt+st . Data revisions are news when initially

released data are optimal forecasts of later data, so news revisions are not correlated with

the earlier-release data, Cov
(
vt+st , yt+st

)
= 0. Data revisions are noise when each new

release of the data is equal to the true value of yt, denoted ỹt, plus noise, so that noise

revisions are not correlated with the truth, Cov
(
εt+st , ỹt

)
= 0. We adopt the framework of

Jacobs and van Norden (2011) which stacks the l different vintage estimates of yt, namely,

yt+1t , . . . , yt+lt in the vector yt =
(
yt+1t , . . . , yt+lt

)′
, and similarly εt =

(
εt+1t , . . . , εt+lt

)′
and

vt =
(
vt+1t , . . . , vt+lt

)′
, so that:

yt = iỹt + vt + εt (2)

where i is a l-vector of ones. One way of defining a revisions process with the required

characteristics is to assume a process for ỹt, for example, an AR(p) with iid disturbances

R1η1t, plus a sum of l news components vi,t:

ỹt = ρ0 +

p∑
i=1

ρiỹt−i +R1η1t +

l∑
i=1

vi,t, (3)

where vi,t = σviη2t,i (for i = 1, ..., l) and both η1t and η2t,i are iid(0, 1). We let ρ (L) =∑p
i=1 ρiL

i and assume that the roots of (1− ρ (L)) = 0 lie outside the unit circle, so that

8



ỹt is a stationary process. The news and noise components of each vintage in yt are:

vt =



vt+1t

vt+2t

...

vt+lt


= −



∑l
i=1 vi,t∑l
i=2 vi,t
...

vl,t


, εt =



εt+1t

εt+2t

...

εt+lt


=



σε1η3t,1

σε2η3t,2
...

σεlη3t,l


, (4)

where η3t,i is iid(0, 1). The shocks are also mutually independent, that is, if ηt = [η1t,η
′
2t,η

′
3t],

then E (ηt) = 0, with E (ηtη
′
t) = I.

Therefore, the first estimate of yt, yt+1t , is yt+1t = ρ0 +
∑p

i=1 ρiỹt−i + R1η1t + σε1η3t,1,

which does not include any news component. Later estimates may be characterised by

noise, but include more news components. For example, yt+4t = ρ0 +
∑p

i=1 ρiỹt−i +R1η1t +

σε4η3t,4+
∑3

i=1 vi,t is a more accurate estimate of ỹt than y
t+1
t , because it includes the news

terms (
∑3

i=1 vi,t) which are part of ỹt (in addition to the noise component). As noted by

Mankiw and Shapiro (1986), news revisions imply that var(yt+1t ) < var(yt+lt ), while noise

revisions imply that var(yt+1t ) > var(yt+lt ), assuming that later estimates are less ‘noisy’

(σε1 > σεl). If σvl = 0 and σεl = 0 the l-vintage value is the true value, yt+lt = ỹt. The

assumption that ỹt is a stationary process ensures that yt is a stationary process from (2),

as both the news and noise terms are stationary.

The assumptions we have made imply that both noise and news revisions are zero

mean, so that the unconditional mean of the underlying series {ỹt} and the observed data

{yt} are equal at ρ0 (1− ρ (1))−1. However, there is evidence that the revisions to some

macroeconomic data are non-zero mean (as we discuss in section 4.1).6 To account for

this characteristic of the revisions process, we consider a modified version of the statistical

model that allows data revisions to affect the mean of the {ỹt,yt}. We assume that each

news term is instead vi,t = µvi + σviη2t,i, and the noise component is ε
t+i
t = −µεi + σεiη3t,i.

The true process is:

6See Aruoba (2008) and Corradi et al. (2009) for recent analyses of the properties of data revisions.
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ỹt =
[
ρ0 +

∑l
i=1 µvi

]
+

p∑
i=1

ρiỹt−i +R1η1t +
l∑

i=1

σviη2t,i, (5)

since now
∑l

i=1 vit =
∑l

i=1 µvi+
∑l

i=1 σviη2t,i. The news and noise processes of each vintage

are re-specified as:

vt = −



∑l
i=1 µvi∑l
i=2 µvi
...

µvl


−



∑l
i=1 σviη2t,i∑l
i=2 σviη2t,i

...

σvlη2t,l


, εt = −



µε1

µε2
...

µεl


+



σε1,tη3t,1

σε2,tη3t,2
...

σεl,tη3t,l


. (6)

such that either news or noise revisions may be non-zero mean, when either µvi 6= 0 or

µεi 6= 0, for any i.7

The statistical model can be cast in state-space form using (2) as the observation equa-

tion and combining (5) and (6) to obtain the measurement equation. The parameters can

be estimated by maximum likelihood using the Kalman Filter, as described by Jacobs and

van Norden (2011).

3.2 Forecasting with Autoregressive Models in Real Time

Consider how forecasters normally use real-time data to compute forecasts with an autore-

gressive model. At time T + 1, the T + 1 vintage of data contains data up to period T ,

so that the T + 1 vintage is used to estimate the AR(p) model, and the forecasts are ob-

tained by conditioning on the model estimates and the lagged values of y from the latest

data vintage, namely, yT+1T =
(
yT+1T , . . . , yT+1T−p+1

)′
. But does least squares estimation of

the AR model using the T + 1 data vintage minimise the expected squared forecast error?

To answer this question, we first obtain the population value of the parameter vector that

minimizes the real-time squared forecast error for a forecast conditioned on yT+1T , when

7A possible extension suggested by a referee would be to allow for time-variation in the revision means,
caused, for example, by improvements in the procedures of the statistical agency. This could be accommo-
dated within (6), but in this paper we treat the revision means as constant. We compare the impact of
non-zero mean revisions calibrated to data released from different statistical agencies in section 4.
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the data are subject to revisions as described in section 3.1. For a pth-order autoregres-

sion, the forecast is given by the combination φ0 + φ′yT+1T , where φ0 is the intercept and

φ′ =
(
φ1, . . . , φp

)
contains the slope parameters. The optimal parameter values (φ∗0,φ

∗), in

terms of minimizing the real-time squared-error loss, are the solution to:

(φ∗0,φ
∗) = arg min

φ0,φ
E

[(
yT+1+fT+1 − φ0 − φ′yT+1T

)2]
(7)

The vintage of data employed to compute the forecast errors is that available at T + 1 + f ,

so that f = 1 indicates first-release data is used to evaluate the forecasts. The following

proposition is derived in the Appendix.

Proposition 1 The optimal parameters (φ∗0,φ
∗) when the data are generated by (2), (5)

and (6), for the loss function given by (7) with f = 1, are:

φ∗ =
(
Σỹ + Σv + Σỹv + Σ′ỹv + Σε

)−1 (
Σỹ + Σ′ỹv

)
ρ

φ∗0 =
(
1− φ∗′i

)
µỹ −

∑l
i=1 µvi − µε1 − φ

∗′µε − φ∗′µv, (8)

where the second moment matrices Σỹ, Σv, Σỹv, and Σε are defined in the Appendix, i

is a p-vector of 1’s, and µỹ = (1− ρ (1))−1
[
ρ0 +

∑l
i=1 µvi

]
, E

(
εt+1t

)
= −µε1, E

(
vt+1t

)
=

−
∑l

i=1 µvi, and µε = E (εt) and µv = E (vt) are p × 1 vectors of the means of noise and

news components.

If revisions are zero-mean, the above simplify and the resulting expressions are optimal

for all f ≥ 1, i.e., irrespective of whether the goal is to forecast the first-release or the final

values. The slope parameter simplifies to φ∗news =
(
Σỹ + Σv + Σỹv + Σ′ỹv

)−1 (
Σỹ + Σ′ỹv

)
ρ,

if data revisions add news, and is φ∗noise =
(
Σỹ + Σε

)−1
Σỹρ if data revisions reduce noise.

Note that the optimal slope parameter is not equal to the parameter vector of the true

process (ρ) in either case.
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3.3 Estimating AR forecasting models using EOS data

The standard approach is to estimate the model with the latest estimates of all the past

observations available at the forecast origin. So, for example, at time T + 1, the model is

estimated with observations up to T from the T + 1 vintage, while at T + 2, observations

up to T + 1 from the T + 2 vintage are used for estimation. For forecasting yT+1+fT+1 the AR

forecasting model with EOS data is given by:

yT+1t = α0 +

p∑
i=1

αiy
T+1
t−i + et,EOS (9)

where t = p+ 1, . . . , T , assuming the latest data vintage is dated T + 1. In matrix notation:

Y T+1 = iα0 + Y−1α+ error

where Y−1 =
[
Y T+1
−1 , . . . , Y T+1

−p

]
, i is a T − p vectors of 1’s, and the vectors of observations

Y T+1 and Y T+1
−i , i = 1, . . . , p, are given by Y T+1 =

[
yT+1p+1 , . . . , y

T+1
T−1, y

T+1
T

]′
, and Y T+1

−i =[
yT+1p+1−i, . . . , y

T+1
T−i−1, y

T+1
T−i

]′
. The main result is summarized in the following proposition,

which is derived in the appendix.

Proposition 2 The population (asymptotic) value of the least-squares estimators in the

autoregressive model using EOS data, when the data are generated by (2), (5) and (6), is

given by:

α∗ =
(
Σỹ + Σv + Σỹv + Σ′ỹv + Σε

)−1 (
Σỹ + Σ′ỹv

)
ρ

α∗0 =
(
1−α∗′i

) (
µỹ − µvl − µεl

)
, (10)

where Σv and Σε are second moment matrices of the news and noise components, and

Σỹv is the second moment matrix between the news and the underlying process, ỹt, and

µỹ = (1− ρ (1))−1
[
ρ0 +

∑l
i=1 µvi

]
, E

(
εt+lt

)
= − µεl and E

(
vt+lt

)
= −µvl.

Remark 1 Forecasts of the first-released value computed using the AR model with parame-
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ter vector (α∗0,α
∗), as under EOS, are biased when data revisions are described by (2), (5)

and (6), with bias of
(
µvl −

∑l
i=1 µvi

)
+
(
µεl − µε1

)
−α∗′

[(
µv + iµvl

)
+
(
µε + iµεl

)]
.

A comparison of (10) and (8) shows that the conventional use of real-time data (EOS)

for estimation of the AR(p) model does not deliver the optimal population parameters

when there are data revisions. That is, α∗ 6= φ∗ and α∗0 6= φ∗0, so that the forecasts of

τ + 1 computed using α∗0 + α∗′yτ+1τ (for a set of forecast origins τ = T, T + 1, T + 2, . . .),

where yτ+1τ =
(
yτ+1τ , . . . , yτ+1τ−p+1

)′
, are not optimal in a squared-error loss sense. Intuitively,

when the sample is large, the use of EOS data amounts to mainly using fully-revised data

(i.e., data from the yt+lt vintage) whilst optimal forecasts are obtained by relating the first

estimates of the LHS variable to early estimates of the RHS variables. The finding of the lack

of optimality of EOS forecasts holds for news and noise revisions. The differences between

the optimal and EOS population values of the slopes and intercepts, namely, (α∗−φ∗) and

(α∗0 − φ∗0) will depend on whether revisions are news or noise.

When p = 1, and data revisions are noise, for example, then using the expressions for

Σε and Σε in Appendix A, we have that:

α∗ − φ∗ =

(
σ2ỹ

σ2ỹ + σ2εl
−

σ2ỹ
σ2ỹ + σ2ε1

)
ρ.

Thus, the difference of the EOS slope relative to the optimal value is increasing in ρ, the

degree of persistence of the true process (here an AR(1)) and the difference in the variances

of the first and last revisions, σ2ε1 and σ
2
εl
. (σ2ỹ is the variance of the underlying process).

Summarizing, the use of EOS data to estimate AR models for forecasting in real-time

when data are subject to news and noise revisions delivers predictions that are not opti-

mal, that is, the resulting forecasts do not minimise expected quadratic forecast loss. The

forecasts are also biased (Remark 1) unless the revisions are zero mean.
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3.4 Estimating AR forecasting models using RTV data

In this section we consider a way of using real-time data, motivated by the approach sug-

gested by Koenig et al. (2003) in the context of distributed lag models, that delivers optimal

estimators of the forecasting model in population. We apply their approach to the estima-

tion of AR models by regressing the period t + 1 vintage value of yt on the t-vintage data

values of the lags, yt−i, i = 1, . . . , p, for t = p+ 1, . . . , T . The reason for using the t-vintage

value of the lags (rather than the t + 1-vintage value) is that when the model is used for

forecasting, say, the T + 2 vintage value of yT+1, the forecast will be conditioned on the

previous T + 1-vintage values of the explanatory variables. The autoregressive model with

RTV data is:

yt+1t = β0 +

p∑
i=1

βiy
t
t−i + et,RTV (11)

where t = p + 1, . . . , T . In matrix notation, Y t = iβ0 + Yt
−1β + e, where Y t and Yt

−1 =[
Y t
−1, . . . , Y

t
−p
]
are given by Y t =

[
yp+2p+1, . . . , y

T
T−1, y

T+1
T

]′
, and Y t

−i =
[
yp+1p+1−i, . . . , y

T−1
T−i−1, y

T
T−i

]′
for i = 1, . . . , p. Note that Y t and Y t

−i contain early vintages of data relative to the period

T + 1-vintage: these observations are not replaced with the latest available (T + 1-vintage)

values for these observations.

Consider estimating equation (11) by OLS. A typical observation on the LHS and RHS

variables is
{
yt+1t ,ytt−1 =

(
ytt−1 . . . y

t
t−p
)′}. This is a covariance stationary process, so we

can calculate the population values of the OLS estimators as the values that satisfy:

(β∗0,β
∗) = arg min

β0,β
E
(
yt+1t − β0 − βytt−1

)2
.

This estimation loss function is identical to the real-time forecast loss function (7), when

f = 1, so that the solutions to the two coincide. Hence the use of RTV data to es-

timate the AR model delivers optimal forecasts, that is, β∗0= φ∗0 and β
∗ = φ∗. The

unbiasedness of using RTV data to compute forecasts follows directly because (β∗0,β
∗)

satisfy E
(
yt+1t − β0 − βytt−1

)
= 0 (which is one of the FOCs), and so by stationarity

E
(
yT+2T+1 − β

∗
0 − β∗yT+1T

)
= 0. The unbiasedness of the forecasts holds irrespective of
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whether or not the revisions are zero mean, provided that f = 1 when revisions are non-zero

mean. Suppose the goal were instead to forecast yT+1+fT+1 , when f > 1, then the estimation

and out-of-sample loss criteria no longer match, and RTV estimation would yield a system-

atic forecast error if E
(
yT+1+fT+1 − yT+2T+1

)
6= 0.8 However, a simple solution suggests itself

- the forecast should be corrected by an estimate of the difference between the vintage we

wish to forecast and the first release, e.g., the sample mean of yt+ft − yt+1t , t = 1, . . . , T − f .

An alternative solution is to use an effi cient estimate of ỹt as the LHS variable in the

RTV regression, that is, an estimate yt+st such that E[yt+st ] = ỹt, where s > 1. This is a

suggestion of Koenig et al. (2003), although they do not explicitly consider this in the context

of non-zero mean revisions. This would also provide unbiased forecasts in population,

but because the LHS variable is now yt+ft , instead of yt+1t , the model is estimated with

T − f + 1 observations instead of T , so that there are small-sample considerations. The

relative forecasting performance of these two approaches in finite samples is compared in

section 4.

Summarizing, the use of RTV data to estimate and forecast with AR(p) models in real

time delivers forecasts that minimise the real-time expected loss (optimal forecasts) and

unbiased forecasts of yT+2T+1. Unbiasedness also holds for f > 1 if data revisions are zero

mean, but in the event of non-zero mean revisions a simple correction can be applied to the

intercept.

4 Monte Carlo Evaluation of the use of EOS and RTV data

We perform a number of simulation experiments to assess the potential size of the improve-

ments in forecast accuracy from using RTV instead of EOS for AR models.

8The expected forecast error is E
(
yT+f+1T+1 − yT+2T+1

)
= E

(
vT+f+1T+1 − vT+2T+1 + εT+f+1T+1 − εT+2T+1

)
=

−
∑l
i=f µvi+

∑l
i=1 µvi+

(
µε1 − µεf

)
= −

∑f−1
i=1 µvi+

(
µε1 − µεf

)
, where E

(
εt+it

)
= −µεi , and E

(
vt+1t

)
=

−
∑l
i=1 µvi and E

(
vt+lt

)
= −µvl , and so would be non-zero if either µεf 6= µε1 under noise revisions, or if∑f−1

i=1 µvi 6= 0 when revisions are news.
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4.1 Calibrating the key parameters

Figure 1 displays some of the key characteristics of the revisions processes for US real output

growth and two measures of inflation (GDP deflator, PCE deflator) and UK real output

growth.9 We will use these as a guide when we calibrate our statistical model to ensure

that we are calculating the potential size of the forecast losses from using EOS data for

typical macroeconomic data subject to revisions. All four series are expressed in quarterly

percentage differences. In the first panel, we plot the mean of each revision as a proportion

of the mean of the first-released data. The figure plots the sample averages of revisions

defined as r(i)t = yt+1+it − yt+it , for i = 1, ..., 14, calculated for the full period (1965Q3

onwards with US data and 1975Q4 onwards with UK data)10. It is apparent that the first

revision tends to increase the mean of the first-released data by around 6% for US output

growth and 3% for US GDP inflation. After the first revision, subsequent revisions tend to

be smaller in terms of first-moment effects. The mean of the first revision to UK output

growth (right axis) is twice as large as for the US, and there are spikes at later revisions.

In the top right panel, we present the standard deviation of each revision as a proportion

of the standard deviation of the first-released data. For US output growth and GDP infla-

tion, the first revision has a variance that is almost 25% of the first-release data. A salient

feature is that the standard error of revisions tends to decrease in i. The standard deviation

of revisions to UK output growth peaks at i = 5, and is of the same order of magnitude as

the standard deviation of the first-release data (right axis). In contrast with US data, the

variance of the revision to the fifth UK growth estimate (i.e., the i = 5 revision) is larger

than the revision to the first estimate.

The bottom panel is the same as the top right, only restricted to the sub-period of

the Great Moderation (McConnell and Perez-Quiros, 2000). It is evident that the relative

importance of US revisions increases after 1985, as the lower variability of the measured

9All US real-time data employed in this paper are from the Real Time Data Set of the Philadel-
phia Fed available at the Philadelphia Fed webpage, http://www.phil.frb.org/research-and-data/real-time-
center/real-time-data/. See Croushore and Stark (2001). Real-time data on UK output growth are from the
Bank of England dataset available at http://www.bankofengland.co.uk/statistics/gdpdatabase/ (long-run
spreadsheet). We use vintages from both datasets up to 2009Q1.
10We plot r(i)t for i = 1 to 14, as r(14)t will account for all the ‘regular’revisions.
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first-release series is not matched one-for-one by a reduction in the variability of revisions.

The first-revision standard deviation is now 40% of the standard deviation of the first-release

data. In contrast the data revisions to UK output growth are relatively less important in

the post-85 period. The relative sizes are now similar to US values, but the pattern over i

indicates peaks at i = 3 and 6 (i.e., the revisions to the 3rd and 6th estimates, yt+4t − yt+3t

and yt+7t − yt+6t ).

Based on these estimates of the typical sizes of revisions, we construct four sets of

parameters for the statistical model in section 3.1, assuming throughout that p = 2 and

l = 14. Firstly, consider the AR coeffi cients of the model for ỹt. The first two sets of

parameters in Table 1 have autoregressive coeffi cients that sum up to 0.4, while those in

the last two sum to 0.8. The first block is more typical of a process such as output growth

which exhibits moderate persistence, while the second is typical of a more persistent process

such as inflation. Comparisons between these two blocks will therefore be informative

about whether the relative forecast accuracy of EOS and RTV estimation depends upon

the persistence of the underlying process.

For all set of parameters, we assume that the means of the first and the fifth revisions

are non-zero. The mean values of DGPs 1 and 3 were chosen in conjunction with the values

of the AR coeffi cients to give ratios of revision means to first-released data of 4% and 2%,

as suggested by US data in Figure 1. The mean values of DGPs 2 and 4 are twice as large

as suggested by UK data values. Calibrated to US data, DGPs 1 and 3 have a relatively

large first revision variance (σr1/σyt+1t
= .4), followed by equal-sized revisions of smaller

variance (σri/σyt+1t
= .2, for i = 2, ...13), with a small final revision (σr14/σyt+1t

= .1).

11 DGPs 2 and 4 have proportionately larger revision standard deviations after the first

release, motivated by considering the UK data revisions after 1985.

The parameter values set out in Table 1 will be applied under the assumption that

revisions are news, and under the assumption of noise. This will allow us to determine

whether the news versus noise issue is relevant to the relative forecast accuracy of EOS and

11Specifically, for the purpose of computing the DGP parameters, we use σ2
yt+1t

=
R21(1−ρ2)

(1+ρ2)[(1−ρ2)2−ρ21]
.
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RTV estimation of AR models for forecasting. We have calibrated our design parameters

so that our simulations should be informative about empirical outcomes.

4.2 Monte Carlo findings

Table 2 shows the relative forecasting performance of RTV and EOS for small-estimation

samples, and also ‘large-sample’ results based on numerical evaluation of the population

value of the squared-error loss function when the parameter vectors of the AR models

estimated by RTV and EOS take on their population values. We allow f = 1 and f = 14.

When data revisions are non-zero mean, forecasts are computed by either bias-correcting

the forecasts of the initial release, as proposed in section 3.4, or by using post-revision

values as the LHS variable (Koenig et al., 2003). These two approaches are asymptotically

equivalent, but not so in small samples. The DGP parameters are described in Table 1.

The RMSFE ratios are computed with samples of size T = 50, 100, 200 and 500, and employ

10, 000 replications. The middle (vertical) panel records the bias-corrected forecasts, and

the last panel the results for post-revision values as the LHS variable (effective sample size

of T − 13).

Our analytical formulae generally provide a good match to the simulation results when

the sample is large (T = 500). The large-sample results show the impact of data revisions is

larger for more persistent data (compare DGPs 3 and 4 versus 1 and 2). The loss in terms of

MSFE from EOS estimation in comparison with optimal forecasting is in the 2-15% range

for the more persistent data (DGPs 3 and 4) but it is smaller for the less persistent data

(.5 up to 7%). The MSFE reduction from using RTV instead of EOS data when forecasting

first releases are generally larger than when forecasting post-revision data (f = 14). The

accuracy improvements from RTV are larger when data revisions are news in contrast with

noise revisions using the same set of parameters.

An important finding for practical forecasting is that the losses to using EOS instead

of RTV data are markedly larger for small samples when revisions are news, so that the

analytical results for forecasting first-released data downplay the likely empirical relevance
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of RTV estimation.

Even though gains from using RTV data are generally smaller when forecasting post-

revision data, the use of bias-corrected forecasts is generally preferred to the use of post-

revision data on the LHS: the latter approach fares relatively poorly when the sample is

short, when the loss of observations has more of an impact.

In summary, we would expect that the forecast loss of using EOS data instead of RTV

data would be higher when i) the estimation sample is relatively small, ii) the process is

reasonably persistent, iii) revisions primarily add news, and iv) the forecasting target is

first-release data.

4.3 Using a VAR of multiple vintages and the Kishor and Koenig (2011)

model

The model of data revisions described in section 3 does not allow that data revisions are

serially correlated. In this Monte Carlo exercise, we consider two additional approaches

to modelling data revisions that relax this assumption. These alternative approaches are

also candidate forecasting models, and estimated models of the DGPs are included in the

forecast comparisons along with the autoregressive models estimated with EOS and RTV

data.

The first alternative is a version of the vintage-balanced VAR (VB-VAR) of Hecq and

Jacobs (2009). The VB-VAR is closely related to the VAR models used by Garratt et al.

(2008, 2009) to model real-time data. The VB-VAR is given by:

zt+1 = c0 + Γzt + εt+1 (12)

where zt+1−i =
[
yt+1−it−i , yt+1−it−1−i, . . . , y

t+1−i
t−q+1−i

]′
, i = 0, 1, c0 is q × 1, Γ is q × q, and εt is

q×1. The vector zt+1 (with q = l) differs from the vector yt from the statistical framework

described in section 3.1, as it consists of the last q observations of vintage t+ 1, instead of

different estimates of an observation at time t. This way of employing the panel of data

vintages means that the forecasts will be conditioned on the latest-available estimates of
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the current and lagged observations. For example, for p = 1, the forecast of yT+2T+1 will be

the first element of the 1-step ahead vector of forecasts, ẑT+2|T+1 = ĉ0 + Γ̂1z
T+1, while

the forecast of yT+15T+1 is the last element of the 14-step ahead vector of forecast values,

ẑT+15|T+1 (forecasts are computed by iteration). The VAR model captures the dynamics

between different vintage estimates of the observations, but does not clearly disentangle

news and noise revisions.

The second alternative is the Kishor and Koenig (2011) approach (henceforth KK) that

builds on Howrey (1978, 1984) and Sargent (1989), and aims to forecast post-revision data.

The Kishor and Koenig (2011) model includes a vector autoregressive process for the ‘true’

data, as well as a model of data revisions. The Kalman filter is used to compute ‘true’values

of recent observations by employing the dynamic structure of the model of data revisions.

Then the forecasting model with ‘true’data is employed for forecasting post-revision data.

As before, zt+1 = [yt+1t , ..., yt+1t−q+1]
′ contains the vintage t+1 data, while zt = [yt, ..., yt−q+1]′

is a vector of the same dimension containing the ‘true values’. Including q estimates in the

vector zt+1 implicitly assumes that the qth estimate, yt+1t−q+1, is an effi cient estimate of the

true value, yt−q+1. The model is written in state-space form with measurement and state

equations:12

zt+1 = [ Iq Iq ]

 zt

zt+1 − zt

 , (13)

and:  zt

zt+1 − zt

 =

 c1

c2

+

 F 0q×q

0q×q K


 zt−1

zt − zt−1

+

 vt

εt

 . (14)

The disturbances vectors are vt = (v1t, 0, ..., 0)′ and εt = (ε1t, ..., εq−1t, 0)′. The model allows

that the errors in the data revision equations εt are contemporaneously correlated, and may

also be correlated with disturbances to the true values v1t. If we define υt = (v′t ε
′
t)
′, then

E(υtυ
′
t) = Q and Q is non-diagonal. The q× 1 vectors c1 and c2 are c1 = (c1, 0, ..., 0)′ and

c2 = (c21, ..., c2q−1, 0)′.

12These are equivalent, respectively, to equations (36) and (35) in Kishor and Koenig (2011).
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The first block of (14) defines the process for the true values as being autoregressive:

F =

 f 01×(q−p)

Iq−1 0(q−1)×1


where f = (f1, . . . , fp). The matrixK describes the dynamics of q−1 data revisions zt+1−zt:

K =



k1,1 ... k1,q−1 0

...
. . .

...
...

kq−1,1 ... kq−1,q−1 0

0 0 ... 0


.

Kishor and Koenig (2011) suggest estimating the coeffi cients c1, c2, F, K and Q by

SURE, assuming that yt−q+1 = yt+1t−q+1. The Kalman Filter is then applied to obtain filtered

estimates of yt using data vintages up to T+1. Forecasts of post-revision future observations

(yT+1, ..., yT+h) are obtained by iteration of the estimated state equation. Forecasts of first

release values yT+2T+1,..., y
T+h+1
T+h are computed using forecasts of data revisions, (yT+h+1T+h −

yT+h), and the forecasts of the post-revision values.

The statistical model described in section 3.1 is a multiple-vintage model, and maximum

likelihood estimation coupled with the Kalman filter can be employed to obtain estimates of

the parameters and unobserved components as in Jacobs and van Norden (2011). However,

we do not consider this model for real-time forecasting. The first reason is that we need l−1

revisions of each observation in order to estimate the model. Thus, forecasting at the time

when we have the T + 1 data vintage, say, the estimation of the model will not draw on the

observations from T − l + 1 up to T . This may be a serious shortcoming in short samples.

Secondly, the successive re-estimation of the large number of parameters associated with

the unobserved components may engender parameter instabilities and lead to convergence

issues. In contrast, both the VB-VAR and KK models are easy to estimate (by OLS or

SURE), and use observations up to T either directly in the model estimation (VB-VAR) or

within the application of the Kalman filter (KK).
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Table 3 reports the relative performance of AR models estimated with RTV and EOS

data when data are generated from estimated VB-VAR and KK models. The models were

estimated on US output growth, GDP deflator inflation, PCE deflator inflation, and UK

output growth. In each case, the VB-VAR and the KK models were specified with q = 14.

The KK data generating processes were estimated with p = 1 for output growth and p = 4

for all other variables, and with a diagonal K matrix. The autoregressive order of the AR

models are set to p = 1 for DGPs based on output growth and p = 4 for all other variables.

We consider forecasts of both first release and post-revision data. When forecasting post-

revision data we use both approaches described in the previous section: RTV implies that

first release forecasts are bias corrected based on past data, and RTV_KDP means that

parameters are estimated using post-revision data as the LHS variable. Both VB-VAR and

KK forecasting models are included in the comparisons, where the models are estimated on

each replication with the same specification as the DGP.

The results in Table 3 suggest that the model of data revisions corresponding to the DGP

generally delivers the most accurate forecasts when the sample is large (T = 200, 500), but

for shorter samples loses out to the simple AR models. Both the KK and the VB-VAR model

require the estimation of a large number of parameters in contrast with the autoregressive

model, which adversely affects their forecast performance unless the estimation sample is

large. For the shorter estimation samples (T = 50, 100), RTV has the edge over EOS for

forecasting first-release data generated by the VB-VAR, and also for the KK-simulated data

for the two output growth calibrations. For the longer estimation samples, RTV is generally

at least as good as EOS, although differences between the two tend to be small. For the

shorter samples, RTV_KDP is less accurate than RTV.

In summary, we expect larger gains from using RTV instead of EOS data when forecast-

ing first-release values with a relatively short estimation sample. Approaches that attempt

to model data revisions improve accuracy only if the sample size is large enough.
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5 Forecasting US output growth and inflation

Our first empirical forecasting exercise compares the use of RTV and EOS data for simple

autoregressive models for predicting US quarterly output growth and inflation. In addition,

we include the VB-VAR and the KK as the multiple-vintage models to see whether the use

of models of data revisions improves forecast accuracy.

We then present a forecasting exercise for output growth and inflation that allows for

explanatory variables in addition to the autoregressive terms. This parallels the pseudo out-

of-sample forecasting exercises of Stock and Watson (2003, 2008) for these two variables,

albeit using only a handful of candidate explanatory variables. Nevertheless, we are able

to assess whether the theoretical advantages to the use of RTV over EOS in real-time

forecasting are realized in practice. We will also consider very short horizon forecasts (or

‘nowcasts’) as Koenig et al. (2003) found marked gains to RTV-estimation of models for

quarterly output growth using monthly indicators at such horizons. We also include a

bivariate version of the KK model (Kishor and Koenig, 2011) in the comparisons.

5.1 Univariate models of output growth and inflation

In this subsection we assess the empirical relevance of the analytical and Monte Carlo results

for forecasting with autoregressive models of US output growth and the two measures of

inflation. The autoregressive model estimated with EOS data is the benchmark model,

against which we compare three alternative ways of handling data revisions:

(i) The use of RTV data (combined with bias-correction when predicting post-revision

values).

(ii) The VB-VAR model, which is a vector autoregression of q estimates published at

vintage t+ 1.

(iii) The KK model, which aims to forecast post-revision values, while modelling the dy-

namics of data revisions.
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Section 4.3 outlines the mechanics of forecasting with (ii) and (iii). Because the Monte

Carlo results suggest that relatively large estimation samples (of size 200) are required

for (ii) and (iii) to provide competitive forecasts relative to the simpler AR models, and

because we need suffi cient out-of-sample observations to have power to detect differences

in forecast accuracy, we use only the US data. We have 174 vintages of US output growth

and inflation data (1965Q4-2009Q1), compared to 134 vintages (1976Q1-2009Q1) of UK

real GDP growth. We use the US vintages from 1985Q4-2009Q1 for the out-of-sample

forecasting exercise. This means that the number of observations available for estimation

range from 80 up to 170. Based on the results in section 4.3, the AR with RTV data might

be expected to be more accurate than the KK and VB-VAR model forecasts, with larger

gains from forecasting first-release values.

The Monte Carlo results also indicate larger gains from RTV than EOS when revisions

are news, and the more persistent the underlying autoregressive processes. In view of this

expected dependence of the relative performance of the two approaches on the character-

istics of the data revision process, we present some relevant summary statistics in Table

4. Descriptive statistics are computed for two sub-samples, where the second covers the

out-of-sample period. The variables are defined as (one hundred times) the quarterly dif-

ference of the log of the level. We consider first-released data yt+1t , data available three and

a half years later yt+14t , as well as latest-available, which in our case is from the 2009Q1

vintage dataset, denoted y09Q1t . Table 4 presents means, standard deviations and first-order

autocorrelations for the three data series, as well as p-values of tests for whether revisions

(yt+14t − yt+1t and y09:1t − yt+1t ) are noise, or add news, and whether they are zero-mean.

Recall that revisions are defined as noise if the initial estimate is an observation on the

final series but measured with error, so that the revisions are uncorrelated with final value,

but are correlated with data available when the initial estimate was made. Hence noisy

revisions are predictable. Alternatively, revisions are news if the initial estimate is an ef-

ficient forecast of the final value, such that the revision is unpredictable from information

available at the time the initial estimate was made. We test for news and noise revisions
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using, respectively, the following auxiliary regressions:

yt+lt − yt+1t = α+ βyt+1t + ωt

yt+lt − yt+1t = α+ βyt+lt + ωt

where the null hypothesis is that α = β = 0 in both cases. In place of yt+lt , we use both

yt+14t and y09Q1t . We also test separately whether revisions are zero mean (H0: α = 0 in

yt+lt − yt+1t = α+ ωt).

Data revisions to output growth and inflation are seen to have different characteristics,

and show some variation across the forecast and estimation periods. For output growth we

can reject the noise hypothesis for both periods using the 2009Q1 data vintage, and there

is no evidence against the news hypothesis using the t+ 14 data vintage. For both inflation

measures the revisions relative to the 2009Q1 vintage can be assumed to be noise over the

forecast period, and news over the estimation period, while the revisions relative to yt+14t

cannot be so easily categorised. There is also evidence that the 2009Q1 revisions to output

growth have been significantly upward, as have the t + 14 revisions to both inflation rates

over the forecast period. At least for the period after 1985 (out-of-sample period), data

revisions to output growth appear to be mainly news, and those to inflation mainly noise,

while the first-order autocorrelation of inflation is twice that of output growth. When this

information is combined with the Monte Carlo results, one might expect small gains from

using RTV instead of EOS for both series: for inflation, because of the persistence of the

series, and for output growth, because revisions are predominantly news.

We compare forecasts computed with RTV and EOS data for the three series, using

autoregressive models with fixed specifications - the lag length for output growth is 1, and

for the inflation series, 4. These autoregressive orders were chosen based on the performance

of these models when forecasting with final data. We evaluate forecasts of first-released data

(yT+2T+1), data after three and a half years of revision (y
T+15
T+1 ) and data from the last available

vintage (y09Q1T+1 ). We use past data (y
t+1
t−13−y

t−12
t−13 for t = .., T ) to compute the bias correction
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to predict post-revision values (yT+15T+1 and y09Q1T+1 ) at each forecast origin (T + 1, ..., T +N).

Table 5 presents ratios of RMSFEs using RTV and EOS data, such that values smaller

than one favour RTV. We give results for 1-step ahead forecasts, and 4-step ahead forecasts

(computed by iteration). There are gains for forecasting first release values from using RTV

data for all three series, some of which are around 4%.

Can we do better still with the models that draw on multiple data vintages or model the

data revisions process - namely, the VB-VAR and KK models? Table 5 reports the ratios

of the RMSFEs of the VB-VAR model forecasts to the AR (estimated with EOS data),

for a lag order of 1, using two values of q (the number of vintages). q = 5 implies that

the final values are well approximated by the data published one year after the first release

and q = 14 suggests that good approximations are obtained after three and a half years

of revisions. In general, gains from using VB-VAR with respect to the AR estimated with

EOS data are similar in size to the gains from using RTV data for AR forecasting, and in

many cases the VB-VAR performance is worse. The KK model is also specified with similar

values of q, with an AR order for yt of four for inflation, and one for output growth. The

KK model only improves forecasts of next year’s output growth.

These results generally confirm the Monte Carlo. The multiple-vintage models do not

dominate the AR model estimated with RTV data on samples of the size we have in the em-

pirical exercise, and that RTV gains over EOS are generally small and mainly for forecasting

first-release values.

5.2 ADL models of output growth and inflation

Our analytical results in section 3 show that the use of RTV data to estimate autoregressive

models delivers optimal forecasts while EOS data does not because forecasts in real-time are

computed conditioned on lightly-revised data, while EOS-estimation uses mainly heavily-

revised data. The same argument applies more generally, to multivariate models which

include explanatory variables which are subject to revision. In this section, we exploit RTV

data to estimate ADL models to forecast output growth and inflation. Of the multiple-
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vintages approaches considered in the previous section, we estimate a bivariate version

of the KK model to compute forecasts, as suggested by Kishor and Koenig (2010). The

usefulness of the VB-VAR in a multivariate settings is curtailed by the rapid increase in

dimensionality as additional variables are permitted.13

We consider two indicators: industrial production and employment. The choice of these

indicators is supported by their popularity in forecasting exercises that aim at assessing

the predictive power of economic activity variables, and is in part due to their timeliness.

Initial estimates of these variables are released prior to the first estimates of output growth

and inflation.14 We consider forecasts of quarterly growth (at an annual rate) 1 and 4

quarters ahead, as before, and in addition we generate ‘nowcasts’: in this case the horizon

is h = 0. The ADL models specified for nowcasting correspond closely to the distributed

lag models of Koenig et al. (2003).15 We also consider two in-sample periods. The first

begins in 1965Q3, as in the previous sub-section; the second is the shorter estimation period

beginning in 1979Q1, to be comparable with Koenig et al. (2003).

The implementation of the RTV approach for ADL(py, px) models at each forecast hori-

zon h (h ≥ 1) follows:

yt+1t = β0 +

py−1∑
i=0

β(1+i)y
t+1−h
t−h−i +

px−1∑
i=0

γix
t+1−h
t−h−i + eRTV,t (15)

for t = max(py + h, px + h) + 1, ..., T , where py is the autoregressive order and px is the

number of lags of the indicator. In the case of nowcasting (h = 0), this becomes:

yt+1t = β0 +

py∑
i=1

βiy
t
t−i +

px−1∑
i=0

γix
t+1
t−i + eRTV,t.

13For example, there will be a doubling of the number of coeffi cients to be estimated in each equation of
the system in an unrestricted bivariate VB-VAR relative to the single-variable models we consider.
14Data are obtained from the real-time dataset of the Philadelphia Fed. Industrial production (total) and

employment (non-farm payroll) data are published monthly. We construct quarterly vintages by using the
vintage released in the first month of each quarter. So when the observation t refers, say, to a first quarter
of the year, the vintage t+ 1 refers to the April release, such that xt+1t is an initial release.
15Koenig et al. (2003) regressed quarterly output growth on the contemporaneous and 4 lags of the

indicator sampled monthly. Preliminary investigation suggested nothing is lost by using the contemporaneous
and one lag of the indicator sampled quarterly instead.
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This implies that when computing nowcasts of yT+1, we use information on the indicator

up to xT+2T+1, while one-step-ahead forecasts of yT+1 employ information up to x
T+1
T . The

nowcasts are feasible in real-time given the earlier availability of the indicator data. Fore-

casts of post-revision data (yT+h+14T+h and yT+h) use forecasts of first release data plus the

bias-correction.

Appendix B describes our implementation of Kishor and Koenig (2011), including our

adaptation of the model for nowcasting. Because the number of data estimates (q) is

assumed to be the same for y and x, we set q = 5, since the data revisions on the indicators

generally occur up to one year after the first release. The RMSFE of forecasts generated

from the KK model is compared to the RMSFE values of an ADL model estimated with

EOS data, so that the benchmark is a model that ignores the fact that data are revised

over time.

Table 6 shows improvements in forecasting accuracy from using RTV instead of EOS

data to estimate ADL models of around 4 up to 10% for forecasting next quarter’s growth

and GDP deflator inflation (both h = 0 and h = 1). These gains exceed those obtained with

univariate models. However, the gains observed for output growth depend on the estimation

period: gains for both first-released and post-revision values arise only when the estimation

sample starts in 1979Q1, as in Koenig et al. (2003). This primarily reflects a worsening in

the EOS-based forecasts when the sample is shortened, with the RTV-generated forecasts

being less affected by sample size. Only 2 to 3% reductions in RMSFE are observed when

forecasting PCE inflation.

Forecasts using the KK model are generally not more accurate than ADL forecasts

computed with RTV data, especially for the shorter in-sample period. However, when

using industrial production to predict next year’s post-revision values of output growth and

both measures of inflation, the KK is more accurate than the ADL model. This suggests

that KK may have a relative advantage at longer horizons (h = 4), while ADL models with

RTV data are preferred at shorter horizons (h = 0, 1).

In general, we find that the inclusion of explanatory variables results in only modest
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reductions in RMSFEs in comparison with an autoregressive model, with the exception of

nowcasting output growth. Thus the results of our real-time forecasting exercise are in tune

with those of the pseudo out-of-sample exercise of Stock and Watson (2008), who report

that indicator variables only episodically enhance inflation forecasts over the period from

1985 onwards.

In summary, the estimation of multivariate models with RTV data as a method of

handling the effect of data revisions improves forecasts in comparison with the traditional

real-time estimation approach. The reductions in RMSFE with bivariate models are larger

than with univariate models. The use of a bivariate KK model does not generally improve

forecasts in comparison with ADL models estimated with RTV data.

6 Conclusions

In recent times there has been a growing appreciation of the potential importance of data

revisions for forecasting (see the review by Croushore (2011b)). We have tackled a number

of aspects of forecasting when there are data revisions. Firstly, can we improve real-time

forecasts of autoregressive models by exploiting better the real-time data currently available?

Our analytical results show that the use of the latest-available vintage at each point in time

(EOS) will lead to AR model forecasts which do not minimise the real-time forecasting loss

function, matching the findings of Koenig et al. (2003) for distributed lag models. The use

of lightly-revised data in estimation (RTV) improves forecast accuracy in population even if

data revisions are non-zero mean. The forecast accuracy spread between RTV and EOS for

autoregressive models is larger for news revisions and for highly persistent autoregressive

processes. Based on parameters calibrated to US and UK data, the implication of our

analytical results is that the RMSFE reductions are small (2%) when forecasting first-

release data and even smaller when predicting post-revision data. The empirical forecast

performance of autoregressive models in predicting US output growth and inflation support

these analytical results. However, when autoregressive-distributed lag models are employed,

the observed RMSFE reductions are in the 3-10% range.
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Secondly, do more elaborate, complicated models that simultaneously model the true

process and the revisions process yield more accurate forecasts? The findings of the recent

empirical forecast comparison literature suggests that ‘simple’models may often generate

forecasts that are competitive with those of more sophisticated models,16 so this is an

interesting issue to explore. We use two multiple-vintage models to help us to answer this

question: the vintage-based VAR, adapted from Hecq and Jacobs (2009), and the Kishor and

Koenig (2011) model. Our Monte Carlo results show that even when these models are the

data generating process, their forecast performance may be inferior to autoregressive models

estimated with RTV data in sample sizes smaller than 200 observations. The empirical

exercise supports this claim when forecasting US output growth and inflation. We also

compare forecasting models that are able to exploit the content of indicators, which are also

subject to revisions, to predict output growth and inflation. We find that the autoregressive

distributed lag model estimated with RTV data is more accurate than the Kishor and Koenig

(2011) multiple-vintage model at short horizons (nowcasting and next quarter), while the

multiple-vintage model appears to be more accurate at longer horizons (next year).

The reorganisation of past real-time data in real-time data vintages (RTV), as suggested

by Koenig et al. (2003), provides a simple way of handling the impact of data revisions in

forecasting with models. We show that the method delivers forecasts that are generally

more accurate than multiple-vintage models for the sample sizes of national accounts data

typically available, and especially when the target is first-release instead of post-revision

data.
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A Proofs

Proof. Proposition 1: Optimal AR population parameter.

Firstly, suppose revisions are zero-mean. The expected squared forecast error is given
by:

E
(
yT+1+fT+1 − φ′yT+1T

)2
= E

(
ρ0 + ρ′ỹT +R1η1T+1 − vT+2T+1 + vT+1+fT+1 + εT+1+fT+1 − φ0 − φ′ỹT − φ′vT+1T − φ′εT+1T

)2
where yT+1T = ỹT +vT+1T +εT+1T , with yT+1′T =

(
yT+1T , . . . , yT+1T−p+1

)
, ỹ′T = (ỹT , . . . , ỹT−p+1),

vT+1′T =
(
vT+1T , . . . , vT+1T−p+1

)
, with typical element vT+1T−j = −

∑l
i=j+1 σviη2,T−j,i, for j < l,

and vT+1T−j = σviη2,T−j,l, for j ≥ l, and εT+1′T =
(
εT+1T , . . . , εT+1T−p+1

)
. Note that if f = 1,

yT+2T+1 = ỹT+1 + vT+2T+1 + εT+2T+1 = ρ0 + ρ′ỹT + R1η1T+1 + εT+2T+1. We let E (ỹT ỹ′T ) =
Σỹ + µỹµ

′
ỹ, where Σỹ = V ar (ỹT ), µỹ = iµỹ = E (ỹT ), i a p-dimensional vector of 1’s;

Σv ≡ V ar
(
vT+1T vT+1′T

)
= E

(
vT+1T vT+1′T

)
= diag

(∑l
i=1 σ

2
vi , , . . . ,

∑l
i=p σ

2
vi

)
for p ≤ l,

with terms of σ2vl on the diagonal for p > l; Σε ≡ V ar
(
εT+1T εT+1′T

)
= E

(
εT+1T εT+1′T

)
=

diag
(
σ2ε1 , σ

2
ε2 , . . . σ

2
εp

)
, with σ2εs = σ2εl for s > l, andΣỹv ≡ V ar

(
ỹTvT+1′T

)
= E

(
ỹTvT+1′T

)
.

Solving the first-order conditions ∂E
(
yT+fT+1 − φ

′yT+1T

)2
/∂φ = 0 and ∂E

(
yT+fT+1 − φ

′yT+1T

)2
/∂φ0= 0

gives:

φ∗ =
(
Σỹ + Σv + Σỹv + Σ′ỹv + Σε

)−1 (
Σỹ + Σ′ỹv

)
ρ

φ∗0 =
(
1− φ∗′i

)
µỹ.

These are optimal for f ≥ 1 if revisions are zero mean. Suppose f = 1 and now al-
low for non-zero mean revisions. The optimal slope parameter φ∗ only depends on (cen-
tred) second moment matrices, so is unaffected whether the DGP is given by (2)-(5)-(6)

or (2)-(4). The second of the two FOC’s implies E
(
yT+2T+1

)
= φ0 + E

(
φ′yT+1T

)
. Assum-

ing (2)-(5)-(6) hold, we have E
(
yT+2T+1

)
= E

(
ỹt + vt+1t + εt+1t

)
= µỹ −

∑l
i=1 µvi − µε1 ,

and E
(
φ′yT+1T

)
= φ′

(
iµỹ + µε + µv

)
, with iµỹ = E ([ỹt−1]) = E

(
[ỹt−1, . . . , ỹt−p]

′), i a p-

dimensional vector of 1’s, and µε and µv are the means of the noise and news revisions, µε ≡
E
([
εtt−1, . . . , ε

t
t−p
])

=
[
−µε1 , ...,−µεp

]
, µv ≡ E

([
vtt−1, . . . , v

t
t−p
])

=
[
−
∑l

i=1 µvi , ...,−
∑l

i=p µvi

]
.

Finally, µỹ = (1− ρ (1))−1
[
ρ0 +

∑l
i=1 µvi

]
. Hence it follows that:

φ∗0 =
(
1− φ∗′i

)
µỹ −

∑l
i=1 µvi − µε1 − φ

∗′µε − φ∗′µv.

Proof. Proposition 2: Estimation of AR(p) with EOS data.

If we allow T →∞ for a fixed l, then the OLS estimator using EOS data is asymptotically
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equivalent to the estimator obtained from a regression using only fully-revised data. Denote
this data by {yt, yt−1 . . . yt−p}, where yt = ỹt + vt+lt + εt+lt , and yt = ỹt if the true data are
eventually revealed. As the data

{
yt,yt−1 = (yt−1 . . . yt−p)

′} are covariance stationary we
can use the population moments (assuming that T → ∞) to compute the OLS estimators
as values that satisfy

(α∗0,α
∗) = arg min

α0,α
E
(
yt − α0 −αyt−1

)2
,

which are:
α∗0 = E (yt)−αE (yt−1) (16)

and
E
(
yt−1y

′
t−1
)
α∗ + α∗0E (yt−1)− E (ytyt−1) = 0. (17)

Combining (16) and (17) gives the standard FOC for α∗,

Cov
(
yt−1y

′
t−1
)
α =Cov (ytyt−1) (18)

where Cov
(
yt−1y′t−1

)
= E

(
yt−1y′t−1

)
−E (yt−1)E

(
y′t−1

)
, Cov (ytyt−1) = E (ytyt−1) −

E (yt)E (yt−1).

The moments in (16) are obtained from E (yt) = E
(
ỹt + vt+lt + εt+lt

)
= µỹ − µvl − µεl ,

and E (yt−1) = iµỹ−iµvl−iµε1 , since yt−1 = ỹt−1+vt+lt−1+ε
t+l
t−1, with ỹt−1 = [ỹt−1, . . . , ỹt−p]

′,

vt+lt−1 =
[
vt+lt−1, . . . , v

t+l
t−p

]′
, εt+lt−1 =

[
εt+lt−1, . . . , ε

t+l
t−p

]′
, so that:

α∗0 =
(
1−α∗′i

) (
µỹ − µvl − µεl

)
. (19)

For (18) we obtain:

Cov
(
yt−1y

′
t−1
)

= Σỹ + Σv + Σε + Σỹv + Σ′ỹv (20)

where Σỹv ≡ E
[
(ỹt−1 − E (ỹt−1))

(
vt+lt−1 − E

(
vt+lt−1

))′]
,Σv = E

[
vt+lt−1 − E

(
vt+lt−1

)(
vt+lt−1 − E

(
vt+lt−1

))′]
=

σ2vlIp, Σε = E

[
εt+lt−1 − E

(
εt+lt−1

)(
εt+lt−1 − E

(
εt+lt−1

))′]
= σ2εlIp. Note that Σỹv is upper di-

agonal, and its diagonal is (minus) the diagonal of Σv. Also:

Cov (ytyt−1) = V
(
ỹt−1ỹ

′
t−1
)
ρ+ V

(
vt+lt−1ỹ

′
t−1

)
ρ = Σỹρ+ Σ′ỹvρ (21)

Substituting (20) and (21) into (18) gives:

α∗=
(

Σỹ + Σv + Σε + Σỹv + Σ′ỹv

)−1 (
Σỹ + Σ′ỹv

)
ρ. (22)

Note that Σε 6= Σε = diag
{
σ2ε1 , . . . σ

2
εp

}
, Σỹv 6= Σỹv and Σv 6= Σv from the assumption

that in large samples the use of EOS data is approximated by the use of data from the t+ l

vintage. Hence when σvl = σεl = 0, the use of EOS gives the same large-sample estimates

of the model parameters as using the true data {ỹt}.
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Proof. Remark 1: Forecasts computed using EOS data to estimate AR(p) model are
biased when data revisions are described by (2)-(5)-(6).

Consider the first moment properties of the forecast errors when an AR(p) is esti-
mated by EOS in the presence of non-zero mean data revisions. Suppose the aim is to
forecast the first vintage estimate yT+2T+1. To see that EOS population forecasts are gener-
ally biased, note that by construction, {α∗0,α∗} satisfy E (yT+1 − α0 −α′yT ) = 0, where
yT+1 and yT = (yT , . . . , yT−p+1) are ‘final data’. But forecasts are of necessity condi-

tioned on yT+1T =
(
yT+1T , . . . , yT+1T−p+1

)
, so of interest is the expected value of the fore-

cast error E
(
yT+2T+1 − α∗0 −α∗′y

T+1
T

)
. Substituting yT+2T+1 = yT+1 −

(
yT+1 − yT+2T+1

)
and

yT+1T = yT −
(
yT − yT+1T

)
gives:

E
(
yT+2T+1 − α

∗
0 −α∗′yT+1T

)
= E

(
yT+2T+1 − yT+1 −α

∗′
(
yT+1T − yT

))
=

(
µvl −

∑l
i=1 µvi

)
+
(
µεl − µε1

)
−α∗′

[(
µv + iµvl

)
+
(
µε + iµεl

)]
since E

(
yT+2T+1

)
= µỹ + E

(
vT+2T+1

)
+ E

(
εT+2T+1

)
= µỹ −

∑l
i=1 µvi − µε1 , and E (yT+1) =

µỹ + E
(
vT+1+lT+1

)
+ E

(
εT+1+lT+1

)
= µỹ − µvl − µεl , and similarly for E

(
yT+1T

)
and E (yT ).

Recall that µε ≡ E
([
εtt−1, . . . , ε

t
t−p
])

=
[
−µε1 , ...,−µεp

]
, µv ≡ E

([
vtt−1, . . . , v

t
t−p
])

=[
−
∑l

i=1 µvi , ...,−
∑l

i=p µvi

]
and µỹ = (1− ρ (1))−1

[
ρ0 +

∑l
i=1 µvi

]
. The expression for

this bias will not equal zero unless the means of all the revisions are zero.

B Bivariate Kishor and Koenig (2011) model

This appendix describes the bivariate version of the KK model estimated in section 5.2.

This specification allows for the use of a leading indicator which is also subject to data

revisions. As in section 4.3, the data are organised by vintage. Similarly to zt+1 and zt

defined in section 4.3 for the target forecast variable y, the vectors of the t+ 1 vintage and

the true data of a leading indicator x are defined by xt+1 = (xt+1t , xt+1t−1, ..., x
t+1
t−q+1)

′, and
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xt = (xt, ..., xt−q+1)′. The measurement and state equations are, respectively:

 zt+1

xt+1

 =

 Iq×q 0q×q Iq×q 0q×q

0q×q Iq×q 0q×q Iq×q




zt

xt

zt+1 − zt

xt+1 − xt


,



zt

xt

zt+1 − zt

xt+1 − xt


=

 c1

c2

+

 F 02q×2q

02q×2q K




zt−1

xt−1

zt − zt−1

xt − xt−1


+

 vt

εt

 ,

where the matrices c1, c2 are now of dimension 2q×1, 2q×1, and F and K are of dimension

2q×2q. We define matrix F such that the number of lags of z and x (py and px) may differ,

while the same RHS variables are included in each equation of the bivariate VAR (assuming

that maximum number of lags is smaller than (q− 1)). K is defined such that neither past

data revisions to z help predict data revisions to x, and nor do revisions to x help predict

revisions to z. This assumption is justified by the data being released by different statistical

agencies with different operating procedures, but in any case allows for greater parsimony.

As in the case of the univariate model, the coeffi cients in c1, c2, F, K and the distur-

bances variance-covariance matrix are estimated by SURE using observations up to T−q+1

of vintages up to T + 1. Then based on the filtered estimates of z and x, forecasts of

yT+1,..., yT+4 are computed by iteration of the estimated state equation. Forecasts of first-

released data, yT+2T+1, ..., y
T+5
T+4, are obtained by combining the predictions of post-revision

values (using forecasts of zt) with the predictions for data revisions (using forecasts of

(zt+1 − zt)).

When nowcasting zt, we assume we have information on z up to vintage t+ 1 and on x

up to vintage t+ 2, since the first estimate of indicators such as employment and industrial

production are released before the first estimate of real GDP, GDP and PCE deflators.
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Note also that the quarterly vintage on the indicator refers to the vintage published in the

first month of the quarter. Then, the vector of observables becomes
(
zt+1,xt+2

)′, while the
state vector is

(
zt+1,xt+2, zt+1 − zt,x

t+2 − xt+1
)′. The h = 0 forecast is computed using

the estimates of the state equation conditioned on the filtered values of zt|t and xt+1|t+1.
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Figure 1: The mean and standard deviation of the revisions relative to the first-released data. 
 

 
 

Note:  Revisions are defined as ( )i
tr = it

ty 1 - it
ty   for i = 1,...,l. So that i=1 denotes the revision between the first and second estimate, etc. 

The series are for the US, unless otherwise specified, and the dual axes in the first two plots reflect the very different magnitudes of 
revisions in the two countries: the left scale refers to the US, the right scale to the UK.   
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Table 1: Parameter values of the data generating process described in Section 3.1.   
 

DGP n. 0 1 2 R1
1 5
,r r  1t

ty 1
1

/ t
tyr   112

/,..., 


t
tl yrr  1/ t

tl yr 
1 .4 .2 .2 .5 .06, .03 .589 .4 .2 .1 
2 .4 .2 .2 .5 .20,.10 .589 .4 .5 .3 
3 .4 .5 .3 .5 .12, .06 .749 .4 .2 .1 
4 .4 .5 .3 .5 .20,.10 .749 .4 .5 .3 

 
 
 
 
 
 
Table 2: Small-sample forecast accuracy findings: RMSFEs for the DGPs of Table 1 (l = 14) 
 

 Forecasting 2
1



T
Ty  Forecasting 141

1



T
Ty  (bias-corrected) Forecasting 141

1



T
Ty  (with  in the LHS) 

DGP 
n. 

Asym. 
Ratio 

T=50 T=100 T=200 T=500 Asym. 
Ratio 

T=50 T=100 T=200 T=500 T=50 T=100 T=200 T=500 

Pure Noise 
1 0.996 1.003 1.001 0.997 0.999 1.000 1.005 1.000 1.000 1.000 1.062 1.008 0.999 0.999 
2 0.980 0.979 0.982 0.977 0.982 0.998 1.002 0.998 0.999 0.999 1.052 1.004 0.999 0.999 
3 0.990 1.000 0.993 0.993 0.991 0.988 1.004 0.993 0.991 0.993 1.186 1.012 0.993 0.986 
4 0.940 0.925 0.940 0.930 0.943 0.952 0.960 0.958 0.961 0.952 1.121 0.975 0.960 0.953 

Pure News 
1 0.996 0.988 0.990 0.992 0.995 0.999 1.005 1.001 0.999 1.000 1.082 1.013 1.003 1.001 
2 0.963 0.937 0.951 0.954 0.962 0.997 1.007 1.002 0.999 0.997 1.097 1.016 1.002 0.999 
3 0.986 0.971 0.982 0.987 0.983 0.989 0.998 0.996 0.989 0.989 1.233 1.024 0.999 0.990 
4 0.918 0.900 0.908 0.922 0.918 0.959 0.978 0.963 0.964 0.959 1.227 1.003 0.972 0.962 

 
 

Note: Entries are ratios of RMSFE: values smaller than one indicate that RTV reduces the RMSFE. The first columns under “Bias Diff” and “RMSFE 
ratio” report the population analytical values. The autoregressive order of all the AR models is 2.  
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Table 3: Comparing RMSFEs with alternative data generating processes: VB-VAR and KK models (q=14). 
 
Table 3A. Using the VB-VAR model (q=14) as data generating process. 
 

 Forecasting 2
1



T
Ty  Forecasting 15

1



T
Ty  

 T=50 T=100 T=200 T=500 T=50 T=100 T=200 T=500 
DGP is estimated with: Comparing AR_RTV/AR_EOS 
Output growth  0.987 0.992 0.992 0.991 1.002 1.005 1.004 1.002 
GDP deflator  0.989 0.983 0.986 0.979 0.994 0.999 0.990 0.996 
PCE deflator  0.988 0.983 0.975 0.971 1.004 0.999 0.994 0.987 
UK growth  0.967 0.961 0.962 0.967 1.007 1.014 1.013 1.019 
 Comparing AR_RTV_KDP/AR_EOS 
Output growth      1.021 1.001 0.999 0.999 
GDP deflator      1.325 1.006 0.989 0.985 
PCE deflator      1.361 1.014 0.988 0.978 
UK growth      1.115 0.986 0.976 0.972 
 Comparing VB-VAR/AR_EOS 
Output growth  1.214 1.011 0.972 0.949 1.222 1.022 0.975 0.961 
GDP deflator  1.172 0.984 0.951 0.920 1.176 0.987 0.959 0.935 
PCE deflator  1.192 1.014 0.974 0.952 1.210 1.022 0.989 0.973 
UK growth  1.108 0.957 0.913 0.898 1.019 0.955 0.959 0.958 

 
Table 3B. Using the KK model (q=14) as data generating process.  
 

 Forecasting 2
1



T
Ty  Forecasting 15

1



T
Ty  

 T=50 T=100 T=200 T=500 T=50 T=100 T=200 T=500 
DGP is estimated with: Comparing AR_RTV/AR_EOS 
Output growth  0.984 0.989 0.995 0.998 0.997 0.996 0.997 0.999 
GDP deflator  1.004 0.999 0.992 0.990 1.003 0.990 0.993 0.979 
PCE deflator  1.016 1.004 1.000 0.996 1.011 0.997 0.994 0.990 
UK growth  0.948 0.950 0.948 0.961 0.968 0.958 0.985 0.979 
 Comparing AR_RTV_KDP/AR_EOS 
Output growth      1.016 1.002 0.999 0.999 
GDP deflator      1.290 1.054 0.998 0.984 
PCE deflator      1.216 1.029 0.994 0.985 
UK growth      0.968 0.969 0.967 0.975 
 Comparing KK/AR_EOS 
Output growth  1.064 1.005 0.999 0.999 1.045 1.009 1.001 1.001 
GDP deflator  1.221 1.011 0.986 0.976 1.212 1.011 0.977 0.967 
PCE deflator  1.178 1.011 0.994 0.989 1.203 1.011 0.990 0.978 
UK growth  0.979 0.946 0.951 0.952 0.969 0.945 0.962 0.969 

 
Note: Entries are RMSFE ratios of the indicated comparison. AR_RTV is the autoregressive 
model estimated with the indicated order (left column) using RTV data, and using bias-
correction for forecasting post-revision values. AR_RTV_KDP is an autoregressive model 
estimated with RTV data on the RHS, but the post-revision values on the LHS. The entries 
are computed based on 10000 replications. KK model has a diagonal K matrix. DGPs are 
estimated with the full sample of quarterly vintages (US data vintages: 1965Q4-2009Q1, 
and UK data vintages: 1976Q1-2009Q1). The autoregressive order of the AR and KK 
models is 1 for US output growth and 4 for all the other variables. The autoregressive order 
of the VB-VAR is always 1.  
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Table 4: Characteristics of data releases during the estimation (1965-1985) and out-of-sample forecast periods (1985-2006).  
 

  Mean Standard Deviation Autocorrelation (1st) H0: Mean = 0 H0: News H0:Noise 
Variable: Period: 1t

ty 14t
ty 109Q

ty 1t
ty 14t

ty 109Q
ty 1t

ty  14t
ty 109Q

ty 14r  109Qr  14r  109Qr 14r  109Qr  
Output growth 1965Q3-1985Q2 0.76 0.79 0.81 1.08 1.07 1.08 0.28 0.29 0.29 [.03] [.01] [.08] [.02] [.09] [.01] 
 1985Q3-2006:Q4 0.68 0.68 0.75 0.43 0.52 0.50 0.33 0.33 0.23 [.92] [.06] [.28] [.03] [.00] [.00] 
GDP deflator 1965Q3-1985Q2 1.45 1.43 1.41 0.59 0.59 0.59 0.70 0.75 0.80 [.17] [.03] [.48] [.36] [.10] [.03] 
 1985Q3-2006:Q4 0.58 0.65 0.60 0.28 0.27 0.23 0.57 0.55 0.56 [.00] [.30] [.00] [.00] [.00] [.47] 
PCE deflator 1965Q3-1985Q2 1.40 1.39 1.38 0.63 0.64 0.65 0.83 0.83 0.84 [.25] [.13] [.52] [.23] [.26] [.04] 
 1985Q3-2006:Q4 0.64 0.69 0.64 0.38 0.35 0.30 0.49 0.60 0.56 [.00] [.76] [.00] [.00] [.00] [.14] 

 
Note: p-values are computed for F-statistics (news/noise) and t-statistics (mean) using Newey-West standard errors, and are displayed in [].  
The  revisions are defined as 14r = 14t

ty - 1t
ty  and 109Qr = 109Q

ty - 1t
ty . 
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 Table 5: Comparing the RMSFEs from RTV and EOS in a recursive out-of-sample forecasting 
exercise (for the period 1985Q3-2008Q4; n = 94 quarters).  
 
5A. Forecasting output growth 
 

 h = 1 h = 4 
Model:  11

1



T
Ty  15

1



T
Ty  109

1
Q

Ty   14
4



T
Ty  144

4



T
Ty  109

4
Q

Ty   
AR(1) 0.998 1.008 1.001 0.970 0.978 0.975 
VB-VAR, q=5 0.995 0.986 0.994 0.967 0.983 0.984 
VB-VAR, q=14 1.044 1.028 0.999 1.017 1.025 1.001 
KK, q=5, p=1 1.040 1.052 1.034 0.976 0.975 0.982 
KK, q=14, p=1 1.065 1.085 1.056 0.972 0.972 0.972 

 
 
5B. Forecasting GDP deflator inflation 
 

 h = 1 h = 4 
Model:  11

1



T
Ty  15

1



T
Ty  109

1
Q

Ty   14
4



T
Ty  144

4



T
Ty  109

4
Q

Ty   
AR(4) 0.962 0.992 1.018 0.956 1.034 1.035 
VB-VAR, q=5 0.988 0.987 0.993 1.034 1.074 1.070 
VB-VAR, q=14 0.955 0.987 1.011 0.973 1.058 1.056 
KK, q=5, p=4 0.997 1.008 1.026 1.057 1.096 1.098 
KK, q=14, p=4 1.047 1.056 1.147 1.221 1.338 1.334 

 
 

5C. Forecasting PCE deflator inflation 
 

 h = 1 h = 4 
Model:  11

1



T
Ty  15

1



T
Ty  109

1
Q

Ty   14
4



T
Ty  144

4



T
Ty  109

4
Q

Ty   
AR(4) 0.974 0.992 0.996 0.964 0.990 0.992 
VB-VAR, q=5 1.000 1.012 1.009 1.017 1.027 1.022 
VB-VAR, q=14 1.068 1.063 1.071 1.054 1.056 1.052 
KK, q=5, p=4 1.001 1.011 1.009 1.003 1.014 1.015 
KK, q=14, p=4 1.008 1.018 1.039 1.113 1.157 1.170 

 
 
Note: Entries with values smaller than one indicate that RTV reduces the RMSFE relative to EOS. For 
VB-VAR and KK models, ratios are relative to the AR(p) with EOS data (same benchmark model for each 
panel). Forecasts of post-revisions values with AR+RTV are bias-corrected first release forecasts. The 
correction is based on the difference between the unconditional means of 14t

ty  and 1t
ty with data up to 

the forecast origin. The VB-VAR and KK models are described in the text. The KK model is estimated 
with a full K matrix. Emboldened entries indicate RMSFE reductions larger than 2%.  Multiple step-ahead 
forecasts are computed by iteration.  Models are estimated with increasing windows of data. In-sample 
period starts in 1965Q3.  
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Table 6: Comparison of ADL models with RTV data and KK models with ADL models with EOS data for forecasting output growth and inflation with 
activity variables (for the period 1985Q3-2008Q4; n = 94 quarters). 
 
6A. Forecasting output growth 

  h = 0 h = 1 h = 4 
     Ratio  

AR(1)_RTV 
   Ratio  

AR(1)_RTV 
   Ratio  

AR(1)_RTV 
Model: sample 2

1



T
Ty  15

1



T
Ty  109

1
Q

Ty   109
1
Q

Ty   2
1



T
Ty  15

1



T
Ty  109

1
Q

Ty   109
1
Q

Ty   5
4



T
Ty  19

4



T
Ty  109

4
Q

Ty   109
4
Q

Ty   
 starts:  With industrial production 
ADL (1,2) 1965:Q3 1.057 1.033 0.976 0.829* 1.020 1.023 0.989 0.956* 0.988 0.997 1.013 1.056 
KK (q=5, p=(1,1))  1.223 1.119 1.060 0.902* 1.030 1.019 1.003 0.969* 0.963 0.956 0.959 0.999* 
ADL (1,2) 1979:Q1 0.933 0.947 0.893 0.826* 0.973 0.980 0.952 0.958* 0.944 0.982 1.000 1.054 
KK (q=5, p=(1,1))  1.141 1.042 0.979 0.908* 1.247 1.118 1.125 1.136 0.961 0.958 0.967 1.005 

  With employment 
ADL (1,2) 1965:Q3 0.968 0.983 0.933 0.845* 0.995 1.047 0.995 1.006 1.046 1.067 1.073 1.132 
KK (q=5, p=(1,1))  1.043 1.034 0.997 0.902* 1.015 1.068 0.999 1.007 0.931 0.934 0.948 1.000 
ADL (1,2) 1979:Q1 0.965 0.984 0.941 0.853* 0.932 0.986 0.948 1.004 0.954 0.996 1.007 1.052 
KK (q=5, p=(1,1))  1.684 1.299 1.385 1.256 1.005 1.040 0.956 1.012 1.123 1.026 1.018 1.064 

6B. Forecasting GDP deflator inflation 
  h = 0 h = 1 h = 4 
     Ratio  

AR(4)_RTV 
   Ratio  

AR(4)_RTV 
   Ratio  

AR(4)_RTV 
Model: Sample 2

1



T
Ty  15

1



T
Ty  109

1
Q

Ty   109
1
Q

Ty   2
1



T
Ty  15

1



T
Ty  109

1
Q

Ty   109
1
Q

Ty   14
4



T
Ty  19

4



T
Ty  109

4
Q

Ty   109
4
Q

Ty   
 starts:  With industrial production 

ADL (4,2) 1965:Q3 0.970 0.980 1.007 0.967* 0.972 0.969 0.978 0.970* 1.064 1.094 1.094 1.074 
KK(q=5, p=(4,1))  1.099 1.023 1.059 1.016 1.083 0.994 1.030 1.022 1.078 1.079 1.100 1.080 
ADL (4,2) 1979:Q1 0.940 0.911 0.932 0.997* 0.935 0.906 0.920 0.996* 0.984 0.999 0.977 1.036 
KK(q=5, p=(4,1))  1.963 1.281 1.406 1.496 1.096 0.948 0.969 1.043 0.982 0.931 0.927 1.002 

  With employment 

ADL (4,2) 1965:Q3 0.968 0.971 0.981 0.953* 0.972 0.974 0.977 0.978* 1.047 1.108 1.097 1.154 
KK(q=5, p=(4,1))  1.025 0.960 0.996 0.968* 1.048 0.986 0.999 1.005 1.049 0.994 1.034 1.088 
ADL (4,2) 1979:Q1 0.939 0.896 0.920 0.991* 0.939 0.906 0.916 0.991* 0.981 0.981 0.964 1.057 
KK(q=5, p=(4,1))  1.321 1.042 1.018 1.110 2.015 1.138 1.231 1.342 1.106 1.048 1.119 1.222 
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6C. Forecasting PCE deflator inflation 

  h = 0 h = 1 h = 4 
     Ratio  

AR(4)_RTV 
   Ratio  

AR(4)_RTV 
   Ratio  

AR(4)_RTV 
Model: Sample 2

1



T
Ty  15

1



T
Ty  109

1
Q

Ty   109
1
Q

Ty   2
1



T
Ty  15

1



T
Ty  109

1
Q

Ty   109
1
Q

Ty   14
4



T
Ty  19

4



T
Ty  109

4
Q

Ty   109
4
Q

Ty   
 starts:  With industrial production 

ADL (4,2) 1965:Q3 0.985 0.994 1.004 0.951* 0.974 0.988 0.998 0.955* 1.028 1.062 1.070 1.034 
KK(q=5, p=(4,1))  1.058 1.056 1.074 1.017 1.032 1.031 1.043 1.016 1.042 1.042 1.060 1.053 
ADL (4,2) 1979:Q1 0.977 0.983 0.981 0.986* 0.972 0.981 0.969 0.993* 0.978 0.979 0.968 1.029 
KK(q=5, p=(4,1))  1.414 1.071 1.086 1.091 0.971 0.977 0.982 1.006 0.938 0.934 0.939 0.997* 

  With employment 

ADL (4,2) 1965:Q3 0.978 0.980 0.982 0.934* 0.970 0.978 0.975 0.972* 1.028 1.036 1.039 0.980* 
KK(q=5, p=(4,1))  0.996 0.989 1.001 0.952* 1.003 0.998 1.008 1.001 1.046 1.039 1.058 0.998* 
ADL (4,2) 1979:Q1 0.997 0.997 1.005 0.999 0.981 0.988 0.978 1.006 0.975 0.987 0.970 1.007 
KK(q=5, p=(4,1))  0.970 0.953 0.947 0.941* 1.064 1.002 1.002 1.046 0.944 0.956 0.953 0.998* 

 
Note: Entries with values smaller than one indicate that either the ADL model estimated with RTV data or the KK model reduces the RMSFE relative to the ADL 
model estimated with EOS data, except entries in the column “Ratio AR(p)_RTV” where values smaller than one indicate that the model reduces the RMSFE relative 
to the AR model estimated with RTV data and bias-corrected to predict post-revision values. ADL models are estimated for each forecast horizon (specification as 
described in the first column) and forecasts are computed `directly’ with increasing windows of data. The variable we aim to forecast is the quarterly difference at an 
annualized rate h-quarters ahead, namely, 1400[ln( ) ln( )]t h t h t hy Z Z     , where Z is the level of real GDP, the GDP deflator or the PCE deflator. The explanatory 
variables are also annualized quarterly differences. We use as our quarterly vintage of industrial production and employment the vintage published in the first month of 
each quarter, and calculate a quarterly series by using the observation from the last month of the quarter, before computing first differences. When estimating with 
RTV data, the vintage of the RHS variables depends on the forecasting horizon as described in the text. Forecasts of post-revision data computed with RTV data are 
bias corrected. KK (q=5,p=(4,1)) means that the bivariate KK model uses five estimates of both the target variable and the indicator, such that  and  are 
efficient estimates of the true value; four is the number of lags of y and one is number of lags of x in the VAR with true values (see Appendix B for details). A * 
denotes forecasts are more accurate than those of the AR model. Emboldened entries indicate an increase in accuracy of more than 2% from using RTV data (or the 
KK model) relative to using EOS data.    

  


