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Abstract

This paper proposes a parsimonious and model-consistent method for combining
forecasts generated by structural micro-founded models and judgmental fore-
casts. The goal is to produce forecasts that are model-based, and therefore
disciplined by the rigor of the economic model, but that can also incorporate
judgmental information. In our set-up, there are three actors: the economic
agents and two types of forecasters, the purely-model based and the judgmental
forecasters. They all know the true model of the economy, but their information
sets differ. The economic agents observe shocks as they realize and make their
decisions consequently, while the forecasters do not observe current shocks. The
judgmental forecasters however have access to more timely information than the
purely model-based forecasters, but their forecasts are affected by some noise
(i.e. they are not perfectly rational). Thus, the idea is to extract such informa-
tion from the judgmental forecasts. This method also allows interpreting the
judgmental forecasts through the lens of the model. We illustrate the proposed
methodology with a real-time forecasting exercise, using a stripped-to-the-bone
version of an RBC model and the Survey of Professional Forecasters.
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1 Introduction

Much of the macroeconometric literature of the last decade has focused on
making micro-founded dynamic stochastic general equilibrium (DSGE) models
a viable option for policy analysis and forecasting. Since Smets and Wouters
(2004) have shown that DSGE models estimated with Bayesian techniques seem
to perform quite well in forecasting relative to standard benchmark models such
as VARs, DSGE models are playing a more relevant role in practice and have
indeed become an increasingly important tool for policy analysis and forecasting
at central banks. The attractiveness of using these models to forecast derives
from the fact that they are theoretically consistent and based on first princi-
ples. The micro-foundations imply that the parameters are more likely to be
truly structural and allow interpreting the forecasts in an economically intuitive
way. Moreover, the structural nature of the model allows computing forecasts
conditional on a policy path and allows examining the structural sources of the
forecast errors and their implications for monetary policy.

Despite their growing employment in practice, model-based forecasts still
seem to be outperformed at short horizons -and particularly in the nowcast!-
by forecasts produced by institutional and professional forecasters, such as the
Federal Reserve’s Greenbook (e.g. Sims, 2003) or the Survey of Professional
Forecasters.2 Where does this advantage come from?

Professional forecasters monitor and analyze literally hundreds of data se-
ries, using informal methods to distill information from the available data. Not
only they access what is generally called hard data (data series that are re-
leased by the statistical agencies, as for example, GDP, industrial production,
etc), they also gather so-called soft information, i.e. things like the quantity
of goods transported by railway in each month (Bruno and Lupi, 2004) or the
electricity consumed each month (Marchetti and Parigi, 1998). Moreover, pro-
fessional forecasters are able to incorporate new data and new information as
it becomes available throughout the month or the quarter and therefore are
can take advantage of the timeliness of this information. Indeed, as Giannone,
Reichlin, Small (2005) point out, timely information seems to play a very im-
portant role in improving the quality of the forecasts, and of the nowcasts in
particular. Finally, in their forecasts, professional forecasters account also for
all sheerly judgmental information. A typical example is the adjustments of the
forecasts made in 1999 in order to account for the fear of the Y2K bug. Indeed
this seemed at the time a very important event, but since it had never happened
no model could be expected to encompass it, while the institutional forecasters
could.

INowecasts are estimates of the current value of variables, such as GDP, that are unknown
in the current period due to information lags

2This view has recently been challenged by Edge, Kiley and Laforte (2006), who suggest
that a richly specified DSGE models have a forecasting performance that is comparable to
that of the Greenbooks. We believe that their results are very much related to the sample
they choose for their out of sample exercise, i.e. 1996-2001. We will discuss this in more detail
in the empirical application.



Hence, judgement - i.e. information, knowledge and views outside the scope
of a particular model 3 - strongly informs the institutional forecasts. The empir-
ical evidence at hand suggests that the ability to account for more, more timely
and ”softer” information is what makes the professional or judgmental (I will
use the two terms interchangeably from now on) forecasts better at nowcasting
and forecasting short horizons.

The introduction of DSGE models in a policy and projection environment
has given rise to a literature on how the model’s outcomes should be combined
with judgmental input and off-model information. The aim of this paper is to
propose a method for combining judgment - proxied by judgmental forecasts -
with model-based forecasts, in order to make predictions that are more accurate
but nevertheless disciplined by rigorous economic theory. In particular, we
propose to interpret the judgmental forecasts as an estimate - made with a
different, possibly more informative, information set - of the real signal, estimate
which can be filtered in order to extract the information it possibly contains.
We then use the model to generate another forecast that can now also account
for judgmental information and therefore make more accurate predictions. The
new forecast that we generate is a combination of the model-based forecast and
the judgmental forecast: the Kalman filter will automatically associate weights
to the two forecasts depending on the information content of the judgmental
forecasts. Moreover, with the methodology we propose, we will be able to
look at the judgmental forecasts through the lens of the model. Storytelling is
difficult when it comes to judgmental forecasts; in our set-up we will be able to
interpret the forecasts in light of the model and therefore somehow structuralize
the forecasts. The approach we propose is similar in spirit to the one used by
Coenen, Levin and Wieland (2005) and Koenig (2005) to deal with revisions.
One of the key factors that distinguishes our approach from theirs is that we
consider the judgmental forecasts as optimal forecasts made with a different
information set, not a noisy signal of the actual variables.

Recently, other authors have addressed the issue of how to use soft data
and judgment in models. Svensson (2005), Svensson and Tetlow (2005) and
Svensson and Williams (2005) develop different frameworks that allow account-
ing for central-bank judgment when constructing optimal policy projections of
the target variables and the instrument rate. They show that such monetary
policy may perform substantially better than monetary policy that disregards
judgment and follows a given instrument rule. Our approach differs quite sub-
stantially from theirs: our goal is solely to produce model-based forecasts that
can account for judgmental and off-model information. Our approach leaves
the structure of the DSGE model unchanged and combines the model-based
forecasts with the judgmental forecasts.

In a Bayesian framework, Robertson, Tallman and Whiteman (2005) suggest
a minimum relative entropy procedure for imposing moment restrictions on sim-
ulated forecasts distributions from a variety of models. This technique involves
changing the initial predictive distribution to a new one that satisfies specific
moment conditions that come from outside of the models, i.e. that are judg-
mental. Therefore, minimum-entropy methods allow adjusting the full posterior
distribution of the DSGE models to match a given experts’ assessment.

Another approach that can be used to incorporate judgmental and off-model

3This definition appears in Svensson (2005)



information is that of Boivin and Giannoni (2005). They build on the factor
model literature, started by Stock and Watson (1999, 2002) and Forni, Hallin,
Lippi and Reichlin (2000), and propose an empirical framework for the estima-
tion of DSGE models that exploits the relevant information from a data-rich
environment. Their methodology allows using as much information as possi-
ble to estimate the structural model and to update the estimates of the state
variables featuring in the model. In this way, soft information can be used sys-
tematically to update the current assessment of the state variables as well as of
the short-term forecast.

The paper is structured as follows. In Section 2 we outline the framework
and describe the proposed methodology; we illustrate how to extract the weights
given to the model-based and the judgmental forecast; and describe how to
structuralize the professional forecasts. In Section 3 we apply the proposed
methodology on a stripped-to-the-bone version of an RBC model using the
Survey of Professional Forecasters’ forecasts to extract eventual judgmental in-
formation. Section 4 presents the results of the empirical application described
in the previous section. In Section 5 we give some conclusions and outline future
extensions of this paper.

2 The Econometric Methodology
2.1 The Framework

Let us consider a general linear(ized) rational expectations model of the form

Zt+1 - Zt
AEt |: Zt+1 :| =B |: Zt :| +O$t (1)
zp = Mz + & (2)
gt~ WN(Ou Q)

where z; is a vector of non predetermined endogenous variables, Z; is a vector of
predetermined endogenous variables or of lagged exogenous variables such that
EyZi11 = Zy41, x, is a vector of exogenous variables following the process (2), Q
is diagonal and A, B, C and M are conformable matrices of coefficients that form
a structural parameter space that we shall call ©. Linear(ized) general equi-
librium models containing additional lags, lagged expectations or expectations
farther in the future can be cast in this form simply by expanding the vectors
z+ and Z; appropriately. Several numerical techniques have been developed to
solve models of the form (1)-(2), see, e.g., Blanchard and Kahn (1980), Klein
(1997) and Sims (2000). The solution of the model has the following state-space
representation

S, = { i‘: } —  F(0)Si_1 + H(0)e, 3)

2 = N(O)S,, (4)

where F(6), H(0) and N(6) are functions of the underlying structural parame-
ters.

To allow for greater generality we augment each equation in (4) with a (pos-
sibly serially correlated) residual, or error term, as in Ireland (2004). The model



now consists of the transition equation (3) and the new observation equation
Yo =z + v = N(0)S; + vy, (5)

where
Vip1 = Dvg + &4 (6)

for all t = 1,2, ... and & is a vector of zero mean, serially uncorrelated inno-
vations that is normally distributed with covariance matrix E&:£ = V and is
uncorrelated with the innovation ;. There are two appealing features in this
set-up. First, depending on the way in which the matrices D and V are defined,
the residuals can be interpreted as measurement errors or as additional elements
capturing all of the movements and co-movements in the data that the DSGE
models, because of their elegance and parsimony, cannot explain. Second, the
model consisting of (3),(5) and (6) overcomes the well-known stochastic singu-
larity problem, pointed out by Ingram et al.(1994), that often appears in DSGE
models, deriving from the assumption that few fundamental shocks drive all the
dynamics of the model.
Model (3),(5) and (6) can be rewritten more compactly as:

St41 = { ftﬂ ] =G(0)s; + vi4a (7)
t+1
Yy = A(0)se (8)
where G(0) = Fé@) 10) ], A@)=[ N@®) I ]anduy = { Hg)gt } is seri-

ally uncorrelated, normally distributed with zero mean and covariance matrix
H(O)XHO) 0
Busi — = | 1OBHOF
From now on, for notational simplicity, we will drop the indication that the
matrices G, A, etc... are function of the structural parameters 6.
Associated with the state space representation (7)-(8) is the innovations
representation*
S0 = G8p_q)p—1 + Kuy 9)
yr = AG8 -1 +uy (10)
where 5;; = E[s¢|yt, yt—1, -, Yo, 80] is the estimate of the state vector s; based
on the observations of y, up to date t, us = ys — ysje—1 = y¢ — E[ye|ye—1, -, Yo
the forecast error made when forecasting y; given the observations of y, up to

date t-1, K = GPA'(APA’)~! is the steady state Kalman gain, and P is unique
positive semidefinite solution that satisfies the algebraic Riccati equation

P =Q+GPG — GPN(APN)'APG'. (11)

P is the steady-state covariance matrix of the innovations s; — s;;—; given the
information in period t —1. It is useful to rewrite the innovations representation

4The conditions for the existence of this representation are stated carefully, among other
places, in Anderson, Hansen, McGrattan, and Sargent (1996). The conditions are that that
(F,H,N) be such that iterations on the Riccati equation for ¢ = E(x¢—2¢)(zt —&¢)’ converge,
which makes the associated Kalman gain K; converge to K. Sufficient conditions are that
(F,N') is stabilizable and that (F’, H') is detectable. See Anderson, Hansen, McGrattan,
and Sargent (1996, page 175) for definitions of stabilizable and detectable.



given by (9) and (10) as the sum of two components: one that is forecastable
given the information set containing all observations of y, up to date ¢-1,

Mt = Sp{yt—l7yt—27 "'y0}7 (12)

and a sequence of innovation terms. That is,

h—1
Senjern = G811 + Z GI Kugypj (13)
=0
h .
Yt+h = AGh+1§t_1|t_1 + AGZ GZKUtJrhfi + Ut+h- (14)
i=1

2.2 Model of the Professional Forecasts

The goal of this section is to show how to incorporate judgmental forecasts
into models of the form (7)-(8), or equivalently in (9)-(10). In order to do so,
we need to somehow formalize these forecasts. More specifically, we need to
make assumptions on the model and the information set that the professional
forecasters use to generate their forecasters. In this paper, we will make the
assumption that the professional forecasters know the structure of the economy,
i.e. know the model (7)-(8) and can use it to forecast, but they access an
information set, I;, which is more informative than M;.

The assumptions on the information available in each period t are outlined in
Table 1. We assume that the shocks hit the economy at the beginning of period
t. The agents observe the shocks and base their decisions on this knowledge. We
then assume that there are three types of forecasters. The first type generates
his forecasts on the basis of the model and the data released by the statistical
agency. The data reporting agency releases data about the current period at the
end of the period, so in period t there is data available only up to t-1. Therefore
the information set available to the first type of forecaster in time t comprises
exclusively information up to time t-1: his information set is M;, as defined in
(12). From now on I will call the first type of forecaster 'purely’ model-based
forecaster.

The second type of forecaster also knows the model of the economy and
uses it to make its forecasts, but accesses another information set I;, which
comprises M; but is possibly more informative. This type represents the pro-
fessional forecasters (PF from now on). As highlighted in the Introduction,
their information set is plausibly richer than M;: they collect soft, intra-period
extra-model information, such as monthly electricity consumption or quantity
of goods transported by railway in each month. In what follows, we assume
that professional forecasters have extra-model information only on the current
period’s shock but not on future shocks. In appendix we illustrate the case in
which we assume that they have some extra-model information, not exclusively
on the current shocks, but possibly also on future shocks. Considering the way
the professional forecasts are made and the type of extra-information they use -
i.e., information about this month electricity consumption, but also information
on future tax raises or on the possible effects of extraordinary events like the
Y2K bug or the World Cup- , both cases are credible. However, the possible in-
consistency arising from assuming that the Professional Forecasters know more



Table 1: Information structure

; t+1

shocks hit the economy PF collect information

stat. agency releases
agents observe them and release their forecast

data on period t

about the future that the agents, but that the agents don’t incorporate them in
their solution persuaded me to relegate this part to the appendix.

Finally, the third type of forecaster will use the method I propose: I will
define the forecasts they produce augmented forecasts, since the use the PF to
augment their information set.

Let us formalize rigorously the second type of forecaster, the professional
forecasters. PF are able to obtain information on the current period’s shocks.
At any given time T their information set I comprises M7 but is such that,
for h=1,2,3,4

Elurly] #0, (15)
ur4n L IT

The forecasters know the model of the economy and produce their forecasts
as linear least squares forecasts given their information set plus an error term.?
Notice that if we just modelled the PF’s forecasts as a noisy version of the actual
signal, i.e.

Str1+h = GStn + Vig14n

PF
Yirn = NSty + €14

this formulation would be totally inconsistent with our assumptions. First of all,
the esyp’s would not be forecast errors - since they are not orthogonal to the past
- and therefore the PF would not be forecasts, but rather noisy signals of actual
future variables. This would mean that we are assuming that the PF have crystal
balls through which they see the future. This is neither realistic, nor model-
consistent. Instead we want to model the output of the professional forecasters
as forecasts, as shown in detail below. Sargent (1989) first distinguished among
these two possible modelizations, discussing two models of a statistical agency
that is collecting and reporting observations on a dynamical linear stochastic
economy.

For t = 1,2,...,T — 1 both purely model-based forecasters and professional
forecasters are going to construct the innovations representation (9)- (10). For
t > T, professional forecasters will report the following: for h=0,

Spir = G8r_q -1 + Kur (16)
yi " = Elyr|r] + 0oz (17)

where Elyr|Ir] = AGSp_y -1 + Elur|lr] is the least squares forecast made
by the PF with their information set I; and ny|r is the measurement error (the

5For a recent review of the debate on the rationality (unbiasedness and efficiency) of
macroeconomic forecasts see Schuh(2001)



typo) made by the professional forecasters in T while reporting their forecast.
This can be cast in state-space form as follows. For h=0,

§T\T = G§T71|T71 + Kur (18)

PF _ A
Y - = AGSr_ 171 +wr|T,

where
wyir = Elur|Ir] + 177,
and K
up
[wTT}NWN(O , o)
with

KE(upulp)K' KE(uTwl[IT)

E =
0 E(’LUT‘T’U,/IT)K/ E’U}T|T’UJ,IT|T

For h =1,2,3,4 we have

StronT+n = GSTyn—rin-1+ Kurin
yrin = AGér_yr—1 +AG"KE[ur|Ir) + npinr, (19)
= AG37 h_1T+h—1 T WrinT
where
h—1
wrinr = —AY G Kurip—j = AG"K (ur — Elur|Ir]) + e (20)
j=1
{ Kuryp } ~WN(0 . S )
Wr+h|T
and KFE ! K’ 0
%, = (uTJrhuTJrh)
0 EwT+h|Tw/T+h\T

As above, 7 is the measurement error (the typo) made by the professional
forecasters in T while reporting their forecast for period T'+ h. We assume that
Ns7 L ur, for any s and 7, and that npipp L E(ur|Ir) for h = 0,1,2,3,4.
Clearly, the form of the matrices ¥, depends crucially on the assumptions we
made on the information set of the professional forecasters. Here ¥, will be
block diagonal for all h # 0, since we have modeled the PF as having some
extra-information only on the current shock. In appendix we present the case
in which the PF can have extra-information up to 4 periods ahead. In that
case, the ¥;, will not necessarily be block diagonal: the value of the off-diagonal
terms will depend on the information on future shocks actually carried by the
professional forecasts.

We want to extract the optimal linear projection of yrip given Ir, i.e
Elyrin|Ir], from yf¥, . To understand how the augmented forecasts are built,
consider the fact that models (18) and (19) can be seen as a new state space
model in which the new observables are the professional forecasts. By filtering
model (18)-(19) with a time-varying Kalman smoother one can obtain optimal



estimates of the state variables s;; FhiIp

tained in the professional forecasts and employ it optimally within the model.
Having §}' FhiIr for we can finally construct the augmented forecasts y;: h|Tr

that comprise the extra-information con-

= A&%

T+h|Ir (21)

+
Y74n1r

that incorporates optimally in the model-based framework the judgemental in-
formation coming from the conjunctural forecasters.

In order to implement the Kalman filter, we need to be able to recover the
exact form of the covariance matrices Xg and Xj for h=1,2,3,4. To recover all
the elements of Yy, we proceed as follows. First of all let us point out that,
since npip L ur by assumption, then

E(urwyr) = Elur E(ur|I7)] + Elurnp ] = Elur E(ur|IT)'].

The element on the right hand side of this equation can be calculated as follows.
First notice that the following equality holds

Eluryp™] = Elur(AGér_yr-1)'] + ElurE(ur|Ir)] + Elurnpr]
= ElurE(ur|l)],
The second equality derives from the fact that ur L AG87_q7—1 by construc-

tion and that nr L up by assumption. Finally, as the series for the urp’s are

readily available via the Kalman filter, we are able to recover empirically the

value of EluryL’], and therefore of E[urE(ur|Ir)']. Moreover, notice that,

since E(ur|Ir) is a linear projection of ur on Sp(Ir), the space spanned by I,
then
ur = E(ur|lr) + pr

where p7 is orthogonal to the space spanned by Ir. Therefore,
ElurE(ur|Ir)'| = E[E(ur|Ir)E(ur|Ir)'], (22)

i.e. we have determined also the variance of the expected value of the current
shock given the information set Ir, E(ur|Ir), and we showed it is equal to the
covariance among the shock and its expected value.

In order to recover

E[wT\Tw/T\T] = E[E(ur|Ir)E(ur|I7)"] + E[ﬁT\Tﬁép\T]a (23)
(the equality holds because np|p L E(ur|Ir) by assumption), we will first define
the forecasters’ forecast error as
er = Yr — yITDF
= ur — wr|r.
= ur — E(ur|IT) — nrir.
Its variance, whose value can be recovered from sample data, is:
E(erey) = E(uruy) — ElurE(ur|lT)] + (24)
—  ElurE(ur|Ir)") + Elwrirwyr)]

6The notation §;+h‘IT

information set Ip.

mean the estimate of the state s, made in T give the augmented



E(urul) can be obtained by the Kalman filter on the system of equations (7)
and (8) as follows
E(uruf) = AP\

Where P is the solution of the Riccati equation defined in (11). Using the above
equations, we can finally recover E [wT|Tw'T|T] and we therefore have pinned
down all the values of the matrix .

Moreover, it is possible to recover the value of the variance of the typo
E[WT|T77§“|T]§ from (23) and (24) we infer the following equation, which can be

reshuffled to obtain E[WT|T77%\T]-
E(erer) = E(upur) — E[E(ur|Ir)E(ur|Ir)'] + Enpienpr.  (25)

The procedure to recover Xy, for h=1,2,3,4 is very similar.

2.3 Model-consistent weights for forecast pooling

Now we discuss how the time-varying Kalman smoother we use to generate
the ”judgment-augmented” forecasts actually combines the judgmental fore-
casts with the purely model-based forecasts. Let us turn back to the system of
equations we smooth to obtain the augmented forecasts, i.e.

Sronr+h = GSrpn_174h-1 + Kurin (26)

PF 5
Yrin = AGSr i 1 in—1 +WrinT,

where for h=0

wyir = Elur|Ir] + nrr (27)
and for h=1,2,3.4,
-1
Wy = —A Z G Kupin—j — AG"K (up — Elur|Ir]) + nrinr
j=1
and {KUT‘HL]NWN(O {E}fl 2]112} )
Wrh|T ’ 2}51 2}52 '

In period T we filter (26) and we generate a new innovations representation,

o ege . . AJ’» _
initialized with 81 1|1y = ST-1T—1

ot _ (et

STyh|Ir = G5T+h71\1T + Konaryn (28)

PF s
Yrin = AGSTyn_1j1p + arn,

where

ot _ o+ PF PF PF N
STJ’_}L‘IT - E(ST+h|jT|yT+h7yT+h717 Y SYTr—1, Y1, ST71|T71)7

aT+h = leDJ}:h —-F [yITth|yITtha y;fhflv ~-~7yITDF7yT—1, Y1, §T71|T71} .
The Kalman gain Ky, is time-varying and takes the form: for h=0,

_ 0 y0 1
Koo = X75X5



and
Kon = (GPup—1G'N + 20 (AGPy 1 G'N + 55) ! (29)

otherwise. In order to understand how the Kalman filter is combining the purely
model-based forecast and the judgemental forecast, let us consider the case of
the nowcast:

§;\]T = (I — K)G3p_17-1 + KaoyrF, (30)

where §;F_1|IT = 8p_1j7—1 and G8p_y)7_1 is the purely model-based forecast of
the state at time T. Therefore the augmented nowcast for yr is

+ _
Y7 = AST|IT

= A(I — Kgo)Gngl‘Tfl + AK20y’llffh (31)

Since Koo has the form described in equation (29), the weight given to the
judgmental forecast yL.r" is directly proportional to $Y,, i.e. to the correlation
among ur and wpr, and inversely proportional to the variance of wpr 9.
That is, the more the professional forecasters are able to gather information on
the current period’s shock, the more the Kalman filter will use the professional
forecasts when combining the two forecasts, but it will down-weigh them if the
variance of their forecast errors is too large. Similarly for higher horizons.

The assumption that the professional forecasters have information only on
the current period shocks is crucial in determining the negligible weights as-
signed to the professional forecasts for h # 0. In appendix we present some
results for the case in which the PF are assumed to have some off-model infor-
mation on current and future shocks up to four periods ahead. In that case, the
weight associated to the judgmental forecast will be sizeable -depending on the
informational content, of course- at all horizons considered.

2.4 Using the model to interpret judgemental forecasts

Another interesting aspect of this procedure is that it also allows to see the

judgmental forecasts through the lens of the model. Storytelling is difficult when

it comes to judgmental forecasts; in our set-up we will be able to interpret the

forecasts in light of the model and therefore somehow structuralize the forecasts.
Let us have another look at model (28). The element Kapar, with

_ , PF PF| s+
ar =yr —FE {ZJT |ST71|IT:| )

is the estimate of the current period’s structural shocks made by the professional
forecasters with their information set I7. That is, these are the structural shocks
the professional forecasters perceive given their information set; they do not
necessarily coincide with the "real” structural shocks. Indeed

K20aT = E[KUT|IT].
Moreover, given this information, we can also derive [ur|IT] as follows:

Elur|ly] = (K'K)'K'E[Kug|I7)
= (K'K)"'K'(Kyar).

10



Now, recalling that the professional’s forecasts are represented by equations
(18)-(19), we can evaluate exactly how much of the forecast is due to extra
information on the current shocks and how much of it is instead due to mea-
surement errors. Moreover, we can construct different scenarios - e.g. assume
that the professional forecasters have extra information only on certain types
of shocks but not on others - and compare them among each other. As we will
show in Section 4, this can be very informative.

3 An application

In order to illustrate the methodology proposed in the previous section, we will
apply it to a stripped-to-the-bone version of an RBC model with unit root tech-
nology. Let us briefly outline the model. A representative consumer has pref-
erences defined over consumption C; during each period t=1,2,..., as described
by the expected utility function

E i B In(Cy) (32)

=1

where the discount factor satisfies 0 < 8 < 1. In this economy there is only one
final good Y; and it is produced using capital K; and labor V; according to the
constant-returns-to-scale technology

Y = (AN K, (33)

where 0 < a < 1 and A; is a labor-augmenting technological change process. We
will assume that labor is supplied inelastically and that there is no population
growth: in such case N; is constant for any ¢ and we can normalize it to 1, i.e.
Ny =1 for any t. We there for rewrite equation (33) as

Y, = AGK, (34)

The logs of the technology shock A; follow a first order autoregressive process
of the form:
In(A4;) =In(Ai—1) + v + &, (35)

where the innovation &; is serially uncorrelated and normally distributed with
mean zero and standard deviation o.

In each period the representative agent decides how much of output Y; to
consume and how much to invest, subject to the resource constraint

Y, = Cy + I,. (36)

By investing I; units of output in period t, the agent increased the capital stock
K1 available in period t 4+ 1 according to

Kigr = (10K, + I, (37)

where J is the depreciation rate and satisfies 0 < § < 1.
The standard method of analyzing models with steady state growth is to
transform the economy into a stationary one where the dynamics are more
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tractable. The transformation, which is shown in great detail in King, Plosser
and Rebelo (1988a, 1988b), involves dividing all variables in the system by the
growth component, which in our setting corresponds to A;.The stationarized
model is very similar to the untransformed model, with some exceptions that
we will highlight in what follows.

Let us start defining E[Axl] = YA, Y = X—i, c = %, ke = I,Z_f and so on.
The stationary version of the model defined by equations (32), (34), (35), (36)
and (37) is

max E Y 3 In(Cy) (38)
=1
subject to
ye =k, (39)
Yt = cp + iy, (40)
and
(vae™ ™ )kpp1 = ky + dp. (41)

The first order conditions for this problem are
Ry =[(1—a)k; * + (1-9)] (42)
where Ry is the gross rate of return of capital in t and

[c;-i—llRt—i-l ]
eft+1 :

;' =BE; (43)
Equation (43) equates the marginal rate of substitution to the marginal product
of capital for all t=1,2,..... Equations (39)-(43) form a system of five non-linear
stochastic difference equations in the model’s five variables vy, ¢, k¢, ig, 7. A
linear approximation of this system can be derived log-linearizing it around its
steady state, as shown in Appendix A. The system of equations (39)-(43) has
an approximate solution of the form:

k 1
Tip1 = |: ;{;:1 :| = G(e)xt + |: 0 :|<€t+l (44)
Ay
2= ce—ys | =AN0O)wy, (45)
Ty — Yt

where the expressions for the matrices G(#) and A(#) in terms of the structural
parameters 6 can be found in Appendix A. A particular feature of this model
is that one shock - the aggregate technology shock e, - drives all business cycle
fluctuations.

Any equation of the form (45) can be rewritten in terms of differences, simply
by premultiplying everything with a suitable matrix:

Ay, 1 0 0 1 0 0
w=|Ac |=|1 1-L 0 |z=|11-L 0 |Az. (46)
Aiy 1 0 1-L 1 0 1-1L

In general, equation (44) will change conformably to take into account that (46)
is now defined in terms of current and lagged states s;. In this specific case the

12



state equation will not need to be rewritten, since it already contains the lagged
state.

We also augment each equation in (46) with a serially correlated residual,
or error term, so that the model now consists of (44),

Ayy
ye = | Acp | = ANaxy + vy, (47)
Aiy

1 0 0
where A*=| 1 1—-1L 0 A and
1 0 1-L

Vip1 = Dvg + &4 (48)

for all t = 1,2,... and & is a vector of zero mean, serially uncorrelated inno-
vations that is normally distributed with covariance matrix E&& = V and is
uncorrelated with the innovation &;.

We have considered three possible specifications of v;, the first one assumes
vy is white noise, the second one allows for autocorrelation (but not serial cor-
relation) in v, while in the third specification we allow v; to be a VAR(1). The
results were very similar for each of the three specifications, therefore we will
present results only for the model with autocorrelated but not cross-correlated
residuals, which is our best performing one. All results are robust to the speci-
fication of the measurement error v;.

We calibrated all the model’s parameters, with the exclusion of the variance
of the technological shock and and the parameters describing the measurement
errors, using values from King, Plosser and Rebelo (1988a, 1988b) and Ireland
(2004). All parameters are reported in Table 7 in Appendix A. We estimate the
variance of technological shock and the parameters of the measurement error
only once, using maximum likelihood, and then we take them as calibrated. The
covariance matrices 3; in (20) are instead estimated using a rolling window.

For the estimation and the forecasting exercise we use real-time quarterly
data for real GDP and real consumption for the US from the Philadelphia Fed
real-time dataset. The dataset covers the period 1947 through 2005 and the
first available vintage is 1965:Q4. Due to the unavailability of real-time data
on population, we have made the somewhat heroic assumption that the popu-
lation has been constant throughout the period considered. In what follows, we
will perform an out-of-sample real-time forecasting exercise, using as evaluation
sample the period 1987-2004.

We use the Survey of Professional Forecasters (SPF) as example of judgmen-
tal forecast. The Survey of Professional Forecasters, conducted by the Federal
Reserve Bank of Philadelphia, is based on many individual commercial forecasts,
which are then grouped in mean or median forecasts. The Survey is conducted
near the end of the second month of each quarter and publishes forecasts for
the current quarter and the next 4 quarters in the future. We consider a sample
period going from the second quarter of 1987 to the fourth quarter of 2004.

An important data-related issue regards the appropriate ”actual” series to
use when comparing the various forecasts. Because macroeconomics data is
continuously revised, we need to make a choice about which revision to use.
Following Romer and Romer (2000), we choose to use the second revision, i.e.

13



Table 2: Relative MSFE of forecasts of GDP growth with respect to naive
benchmark. Asterisks denote forecasts that are statistically more accurate than
he naive benchmark at 1% (x * ), 5%(**) and 10%(*)
relative to constant growth
EVALUATION SAMPLE: 1987:2 - 2004:4

Forecast horizon RBC SPF
Qo0 0.86 0.68 *x
Q1 0.88 *x 0.77
Q2 0.92 0.88
Q3 0.94 *x 0.94
Q4 0.97 0.95

relative to constant growth
EVALUATION SAMPLE: 1996:2 - 2004:4

Forecast horizon RBC SPF
Qo0 0.81xx% 0.80x%x%
Q1 0.85 * * 0.94
Q2 0.84% * % 1.01
Q3 0.84 * * * 1.01
Q4 0.87 *x 1.01

the one done at the end of the subsequent quarter. The second revision seems to
be the appropriate series to use because it is based on relatively complete data,
but it is still roughly contemporaneous with the forecasts we are analyzing. This
series does not include rebenchmarking and definitional changes that occur in
the annual and quinquennial revisions and should, therefore, be conceptually
similar to the series being forecast.

Let us now present some forecasting results that will highlight the motivation
of this paper. We will compare all the forecasts of GDP and Consumption
growth to a naive benchmark: the constant growth model, i.e. random walk in
levels. Tables 2 and 3 report the performance in out-of-sample forecasting of
the forecasts generated with the RBC model, specified as having autocorrelated,
but not serially correlated residuals (i.e. D is diagonal) and of the SPF relative
to the naive benchmark, for GDP growth and consumption growth respectively.
Each table is divided in two subtables which consider the full sample period
1987:Q2-2004:Q4 and the subsample 1996:Q2-2004:Q4. In the first column of
each table one can see the ratio of the mean square error of the purely model-
based forecast (RBC) against the mean square error of the naive benchmark,
while the second column reports the ratio of the mean square error of the SPF
against the mean square error of the naive benchmark. Asterisks indicate a
rejection of the test of equal predictive accuracy between each forecast and the
naive benchmark. *

"Following Romer and Romer (2000), our inference is based on the regression: (2, —27)%—
(zhe — 225”6)2 = c+up; where z is the variable to be forecasted at horizon h using model -m .
The estimate of ¢ is simply the difference between forecast-m and a Naive model MSFEs, and
the standard error is corrected for heteroskedasticity and serial correlation over h-1 months.
This testing procedure falls in the Diebold-Mariano-West framework, and Giacomini and

White (2006, Section 3.2, see in particular Comment 4) show that by using rolling window
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Table 3: Relative MSFE of forecasts of Consumption growth with respect to
naive benchmark. Asterisks denote forecasts that are statistically more accurate
than he naive benchmark at 1% (x * %), 5%(**) and 10%(x)
relative to constant growth
EVALUATION SAMPLE: 1987:2 - 2004:4

Forecast horizon RBC SPF
Qo0 0.97 0.70
Q1 0.92 *x 0.89
Q2 0.94 *x 0.94
Q3 0.94 0.99
Q4 0.94 % 1.00

relative to constant growth
EVALUATION SAMPLE: 1996:2 - 2004:4

Forecast horizon | RBC SPF
Qo0 0.89 *x 0.96
Q1 0.89 *x 1.06
Q2 0.88 *x 1.03
Q3 0.87 *x 1.03
Q4 0.86 *x 1.08

Over the full sample period 1987:QQ2-2004:Q4, SPF forecasts of GDP growth
outperform the model-based forecasts at all horizons, but their advantage re-
duces as the forecasting horizon grows. Considering the subsample 1996:Q2-
2004:Q4, we notice the model seems to perform better at all horizons excluding
the nowcast. The model-based forecasts of consumption growth are poorer in
the very short run than in the medium term (4 quarters ahead). Over the full
sample period 1987:Q2-2004:Q4, SPF forecasts of consumption growth outper-
form the model-based forecasts in the nowcast and 1 period ahead, and never
in the subsample 1996:Q2-2004:Q4. The two results on consumption growth
point to the added-value of enforcing accounting identities, especially in the
medium-term.

Figure 1 reports the smoothed forecast errors for the nowcast of GDP (cen-
tered moving average 4 quarters on each side) over the full sample period. Model
and judgement seem to contain information that is useful in different points in
time: in some periods the model does better than the benchmark and in oth-
ers it does worse, and the same holds for SPF. Particularly during recessions,
judgement seems to fare much better than the model (a similar result can be
found in Giannone, Reichlin and Sala, 2005).

In the last part of the sample, and particularly between 1996 and 2000,
judgmental forecasts have performed quite bad, while the model seems to fare
acceptably. A similar result can be found in Edge, Kiley and Laforte (2006),
where the authors compare the forecasting performance of a richly specified
DSGE models to the Greenbooks in the sample 1996-2000 and find that the
model’s forecasting performance is comparable to the one of the Greenbooks.

estimators, as we do here, the limiting behavior of this type of tests is standard, and therefore
standard asymptotic theory can be used for inference on the difference in predictive accuracy.
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Figure 1: NOWCASTS: Smoothed Square forecast errors

NOWCAST: Smoothed Square Forecast errors (relative to constant growth)
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In fact, not only the richly specified DSGE model that Edge, Kiley and Laforte
(2006) propose, but also the toy model I use seem to fare better than judgment
in that period.®

Furthermore, Figure 1 highlights how performances of the purely model-
based and the judgmental forecasts do not seem positively correlated, but rather
they seem to somehow counterbalance each other. Therefore, it is plausible that
combining the two forecasts can be advantageous. The method I propose indeed
allows for a model-based and hence interpretable averaging of the two forecasts.

In the following section we present the results obtained when applying the
methodology proposed in Section 2 to the toy model presented above and using
the SPF forecasts.

4 Results of the Forecasting Exercise

The main goal of this section is to present model-based forecasts for real GDP
and real consumption that can account for the judgmental information contained
in the SPF forecasts. We will compare their performance on the basis of their
mean square forecast error, i.e. deeming better a forecast with a smaller MSE.
We will perform out-of-sample forecasting exercises on the full evaluation sample
1987:Q2-2004:Q4 and on the subsample 1996:Q2-2004:Q4.

8]t is worth stressing that the naive benchmark model Edge, Kiley and Laforte use for
GDP growth, i.e. a random walk, is not model compatible.
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Table 4: Relative MSFE of forecasts of GDP growth with respect to naive
benchmark. Asterisks denote forecasts that are statistically more accurate than
he naive benchmark at 1% (s * ), 5%(**) and 10%(*)
relative to constant growth
EVALUATION SAMPLE: 1987:2 - 2004:4

Forecast horizon | RBC SPF AUG
Qo0 0.86 0.68 ** | 0.68 *x
Q1 0.88 0.77 0.84
Q2 0.92 0.88 0.91
Q3 0.94 *x 0.94 0.94 *
Q4 0.97 0.95 0.97
relative to constant growth
EVALUATION SAMPLE: 1996:2 - 2004:4
Forecast horizon RBC SPF AUG
Qo0 0.81 x| 0.80 = | 0.75 * % *
Q1 0.85 * % % 0.94 0.85 *x
Q2 0.84 * * % 1.01 0.83 * * %
Q3 0.84 * * % 1.01 0.85 * * %
Q4 0.87 #x 1.01 0.88 *x

The purely model-based forecasts are generated with model (44), (47) and
(48), with v; is autocorrelated, but not serially correlated, i.e. D is diagonal.
The results however are robust to the specification of the measurement error. We
construct the augmented forecasts following the procedure described in previous
Section - assuming that the professional forecasters have extra-information on
the current period. In appendix we present some results for the case in which
we assume that the professional forecasters have some extra-information also on
future shocks.

Table 8 reports the mean square forecast error (MSE) of the purely model-
based forecasts, the SPF and the augmented forecasts relative to the naive model
(random walk in levels), when forecasting GDP growth.

In all samples considered, the augmented forecasts outperform quite consis-
tently the model-based forecasts. The greatest gain is achieved in the nowcast,
since that is where the judgmental forecasts help. For higher horizons, the
weight associated to the judgmental forecast is very small, and therefore the
augmented forecast is very similar to the purely model-based one. This re-
sult crucially depends on the assumptions made on the information set of the
professional forecasters.

Table 9 reports the weights that the filter gives to the judgmental forecasts
of real GDP growth and real consumption growth when constructing the aug-
mented forecasts. In particular, the first column gives the weights associated to
the SPF forecasts of real GDP growth when constructing the augmented forecast
of real GDP growth; the second column instead gives the weights associated to
the SPF forecasts of real consumption growth when constructing the augmented
forecast of real consumption growth. Clearly, since the Professional Forecasters
are assumed to have information only on current shock, the judgmental forecast
receives a significant weight in the construction of the augmented forecasts only
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Table 5: Weight given to the SPF forecast of AGDP and ACONS in the
augmented forecast . 2004:4

AGDP | ACONS |
nowcast 0.3941 0.2574

1 step ahead | -0.1038 | -0.0020
2 step ahead | -0.0341 0.0018
3 step ahead | -0.0185 0.0019

4 step ahead | -0.0078 0.0014

in the nowcast. The reason is that the weights given by the Kalman filter to
the SPF tend to zero as their information content goes to zero. Finally, notice
that the weight associated to the SPF forecast of consumption growth is smaller
than those associated to the SPF forecast of GDP growth. This indicates that
the extra-model information accessed by the professional forecasters is more
informative on GDP than on consumption.

Let us briefly compare these results with the ones reported in appendix for
the case in which the SPF are assumed to have extra some extra-information up
to 4 periods ahead. In the latter case, the augmented forecasts beat both the
SPF forecasts and the model-based forecasts at all horizons over the full eval-
uation sample 1987:Q2-2004:Q4. Moreover, in the full sample, the augmented
forecasts built under the assumption that the PF have some extra-information
on the current and future shocks perform much better that the augmented fore-
cast obtained by assuming that the PF have extra-model information only on
the current shock. Interestingly, the opposite is true in the subsample 1996:Q2-
2004:Q4. This indicates that the SPF are better modeled by assuming that they
have extra-model information on current and future shocks in the full evaluation
sample, while in the subsample 1996:Q2-2004:Q4 they are better represented by
assuming they have extra-information only on the current shock. The above re-
sults point out to the decline in predictability highlight in D’ Agostino, Giannone
and Surico (2006).

Table 6 reports the mean square forecast error (MSE) of the purely model-
based forecasts, the SPF and the augmented forecasts relative to the naive model
(random walk in levels), when forecasting consumption growth.

Figures (2)-(8) report the nowcasts and the forecasts, plotted against the
data. In each figure, the green/grey solid line represents the actual data; the
solid line with circles is the series of the SPF forecasts, the dotted line portrays
the purely model-based forecasts; the dashed line corresponds to the augmented
forecasts. The latter forecasts becomes more and more similar to the model-
based forecast as we increase the forecasting horizon. This is not surprising,
since we have assumed that the SPF have extra information only regarding the
current period; thus the informational value of their forecast is much lower at
horizons higher than the nowcast and will therefore be given less weight. This
would clearly not be the case under different assumptions for the information
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Table 6: Relative MSFE of forecasts of Consumption growth with respect to
naive benchmark. Asterisks denote forecasts that are statistically more accurate
than he naive benchmark at 1% (x * %), 5%(**) and 10%(x)
relative to constant growth
EVALUATION SAMPLE: 1987:2 - 2004:4

Forecast horizon | RBC | SPF | AUG
Qo0 0.97 0.70 0.84
Q1 0.92 **x | 0.89 | 0.91%x%
Q2 0.94 % | 0.94 | 0.93xx
Q3 0.94 « | 0.99 | 0.93 *
Q4 0.94 % 1.00 | 0.93 %

relative to constant growth
EVALUATION SAMPLE: 1996:2 - 2004:4

Forecast horizon | RBC SPF AUG
Qo0 0.89 *x 0.96 0.88x%
Q1 0.89 1.06 0.89
Q2 0.88 1.03 0.87
Q3 0.87 sk 1.03 | 0.87 *x
Q4 0.86 *x 1.08 0.86%x

set of the SPF. If, as in appendix, we assumed that they have some extra-model
information not only on current shocks, but also on future ones, then the SPF
could be given sizeable weights (see Tables in Appendix) also at horizons higher
than than the current quarter.

Finally, we report few illustrative results on the ”structural” analysis of
the SPF forecasts. First of all, we can make some considerations regarding
information content of the SPF forecasts, according to the extent that they will
reduce uncertainty surrounding the estimation problem faced by the agents (as
in Coenen, Levin and Wieland, 2005). Figure 9 plots the nowcasts and their
confidence bands®. The black solid line is the purely model-based nowcast, while
the black dashed-dotted lines are its confidence bands. Similarly, the red lines
represent the augmented augmented nowcast (and its confidence bands). It is
clear from the picture that the confidence bands for the augmented nowcast
are smaller than the ones of the purely model-based nowcast. This means that
there is less uncertainty when nowcasting using also the SPF, and therefore that
the SPF are indeed somewhat informative on the current state of the economy.
Similarly for higher horizons.

Second, we can infer the type of shocks the Professional Forecasters saw
when performing their forecasts. Figure 10 reports actual real GDP growth and
the different shocks they perceived while doing their nowcast. The dotted line
represented actual real GDP growth. The blue line is the technological shock
as perceived by the SPF, the green line is the measurement error they perceive
on GDP growth, while the red line is the measurement error they perceive on
real consumption growth. In this very simple model the only shocks different

9While constructing these confidence bands, we consider only the uncertainty in the esti-
mation of the state and assume that the parameters, estimated previously, are known
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Figure 2: Nowcast for GDP - EVALUATION SAMPLE 1987:2-2004:4.
The green/grey solid line represents the actual data; the solid line with circles is the
series of the SPF forecasts, the dotted line portrays the fully model-based forecasts;
the dashed line corresponds to the the augmented forecasts

from the technological shocks are the shocks to the residual term that is meant
to describe all the dynamics that is not captured by the RBC model. However
the proposed procedure would, when applied to a more elaborate DSGE model,
allow for understanding the perception of the different shock - monetary, fiscal,
etc.. - that the SPF have.

Finally, interesting counterfactual exercises can be done in this setup. Figure
11 reports, for the period 1987:2-1994:4, the the actual SPF nowcast and the
nowcasts they would have done if they had only parts of the information they
actually have. In particular, the black solid line represents actual real GDP
growth; the starred line is the actual SPF nowcast. The line marked with
plus signs is the nowcast the SPF would have made if they would have had no
information on any of the shocks, the line with squares plots the nowcast they
would have made if they had extra-information only on the technological shock,
while the line with diamonds is the nowcast they would have made if they had
extra-information only on the measurement error shocks.

From this figure we can extract some very relevant information. For exam-
ple, consider the fall in actual GDP growth in the last quarter of 1989. The
actual SPF nowcast for that quarter is very close to the actual figure and, in-
terestingly, coincides with the nowcast the SPF would have made if they only
saw the technology shock (green line). On the other hand, the nowcast the SPF
would have made if they only saw the ”measurement error” shock (red line)
coincides with the one they would have made if the had no extra-information
at all (blue line). This means that this specific movement in GDP growth was
most probably due to a technological shock. Similarly, in the third quarter of
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Figure 3: Nowcast for GDP - PERIOD I 1987:2-1996:1. The green/grey
solid line represents the actual data; the solid line with circles is the series of the SPF
forecasts, the dotted line portrays the fully model-based forecasts; the dashed line
corresponds to the the augmented forecasts
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Figure 4: Nowcast for GDP - PERIOD II 1996:2-2004:4. The green/grey
solid line represents the actual data; the solid line with circles is the series of the SPF
forecasts, the dotted line portrays the fully model-based forecasts; the dashed line
corresponds to the the augmented forecasts
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Figure 5: Forecasts 1 step ahead for GDP - EVALUATION SAMPLE
1987:2-2004:4. The green/grey solid line represents the actual data; the solid line
with circles is the series of the SPF forecasts, the dotted line portrays the fully model-
based forecasts; the dashed line corresponds to the the augmented forecasts
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Figure 6: Forecasts 2 step ahead for GDP - EVALUATION SAMPLE
1987:2-2004:4. The green/grey solid line represents the actual data; the solid line
with circles is the series of the SPF forecasts, the dotted line portrays the fully model-
based forecasts; the dashed line corresponds to the the augmented forecasts
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Figure 7: Forecasts 3 step ahead for GDP - EVALUATION SAMPLE
1987:2-2004:4. TThe green/grey solid line represents the actual data; the solid
line with circles is the series of the SPF forecasts, the dotted line portrays the fully
model-based forecasts; the dashed line corresponds to the the augmented forecasts

Q1-90 Q1-95 Q1-00 Q1-05

Figure 8: Forecasts 4 step ahead for GDP - EVALUATION SAMPLE
1987:2-2004:4. The green/grey solid line represents the actual data; the solid line
with circles is the series of the SPF forecasts, the dotted line portrays the fully model-
based forecasts; the dashed line corresponds to the the augmented forecasts
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Nowcasts and confidence bands (no parameter uncertainty) 0 quarters ahead
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Figure 9: Nowcasts with confidence bands (no parameter uncertainty)
1987:2-2004:4. The black solid line is the purely model-based nowcast, while the
black dashed-dotted lines are its confidences bands. Similarly, the blue lines represent
the augmented nowcast (and its confidence bands). When constructing the confidence
bands, we only consider the uncertainty in the estimation of the state, but no param-
eter uncertainty. the current period’s shock.
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Figure 10: Current structural shocks perceived by the SPF when now-
casting 1987:2-2004:4. The dotted line represents actual real GDP growth. The
blue line is the technological shock the SPF see, the green line is the measurement
error they perceive on GDP growth, while the red line is the measurement error they
perceive on real consumption growth.

1992, the SPF nowcast coincides with the nowcast the SPF would have made if
they only saw the ”measurement error” shock (red line), while have information
on the technological shock is like having no information. In this case, then,
the variation of the GDP was certainly not due to technology, but due to the
”measurement errors” and some other factors. Of course, this exercise would
be much more interesting if we developed it in a setup in which we were able
to distinguish, for example, monetary or fiscal shocks, but it is any how quite
informative.

5 Conclusions and Extensions

In this paper we have proposed a method to incorporate judgmental informa-
tion, proxied by professional forecasts, into model-based forecasts. We suggested
modeling the professional forecasts as optimal estimates of the variables of inter-
est, made with a different, possibly more informative, information set; we then
have shown how they can be accounted for in the framework of a linearized and
solved DSGE model. The methodology we propose allows generating forecasts
that are more accurate than the purely model-based ones, but that are still
disciplined by the economic rigor of the model.

We have also highlighted how to infer the information content of the SPF
forecasts from the weights that the Kalman filter assigns to them. In particular,
the weights given by the Kalman filter to the SPF go to zero as their information
content goes to zero. More precisely, the more the professional forecasters are
able to gather information on the shocks, the more the Kalman filter will use
the professional forecasts when combining them with the predictions from the
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Figure 11: Counterfactual exercise -nowcast- 1987:2-1994:4. The black
solid line represents actual real GDP growth; the dashed-dotted line is the actual SPF
nowcast. The blue line is the nowcast the SPF would have made if the would have
had no information on any of the shocks, the green line plots the nowcast they would
have made if they had extra-information only on the technological shock, while the
red line is the nowcast they would have made if they had extra-information only on
the measurement error shocks.
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model, but it will down-weigh them if the variance of their forecast errors is too
large.

Finally we have described how to interpret the forecasts through the lens of
the model. We were able to extract the structural shocks as they were perceived
by the professional forecasters and to make several counterfactual exercises on
the forecasts the professional forecasters would have done if they saw only some
of the shocks.

We working on several extensions to this paper. First, in a joint paper with
Domenico Giannone and Lucrezia Reichlin we allow for the timely information
to enter the model directly, not processed by the professional forecasters. We
differ from Boivin and Giannoni (2005) in that we consider a large dataset
containing intra-period data, in order to really capture the effects of timely
information.

Then, we are also working on reformulating the problem so to be able to
account for the possibility that the forecasts feedback into the model. If for
example we wanted to include a policymaker that targeted current inflation
and current output gap, the estimate of inflation and output made using judg-
mental information should feedback into the model via the policy rule. This
extension can be implemented using the extension of the Kalman filter pro-
posed by Svensson and Woodford (2003) that allows to do signal-extraction
with forward-looking obsverables'®.

Once we have reformulated the problem, we will be able to apply the method-
ology we propose to richer DSGE models, with more shocks. This can be very
interesting from a storytelling perspective, because, as we have sketched in the
simple application we consider in this paper, it will allows us to understand
which types of shocks the professional forecasters perceived. More importantly,
we will be able to understand, in the cases in which the professional forecasters
forecasts where very close to the actual data, the extent to which the perception
of certain shocks helped them forecasting so well and infer if the movements in
the data were due to, say, a technology or a monetary shock.

10Since the forecasts feedback into the model, we cannot solve the model first, as we did in
our simple RBC case, and then forecast. For this reason we will need to deal with forwarding-
looking observables.
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6 Appendix A: Solving the RBC model

The equilibrium conditions for the optimization problem are

yo= kY, (49)

Yr = ¢t + iy, (50)
(yae®)kip1 = ki + it (51)
Ry =[(1—a)k "+ (1-10)] (52)
¢ = %E [Lifi*l]. (53)

In absence of shocks, the economy converges to the following deterministic bal-
anced growth path/steady state that can be obtained from equations (49)-(53)
dropping the time subscripts and through some simple manipulation.

_ 4
F=75
Y %4—1—6
K 11—«
T - (1-9)
C . (-au-0-9)
Y R—(1-0)
I_(1-a)a-(1-9)
Y R—(1-9)

A linear approximation of system (49)-(53) can be derived log-linearizing it
around its steady state. Let us define, for and variable x, #; = In(%), i.e. the
log-deviation of z; from its steady state X. With some manipulation we obtained

the following linearization for the system (49)-(53).

N
Yt = YCt Ylt
- I . 1-6.
k = ) ki —
t+1 ’YAKZt+ A t — €t
g = (I—a)i
l1—-aY .
s Yok
Tt R K(yt t)
0 = Eif-n(Ct+1 — &) + Prs1]

Manipulating it a bit, this system can also be rewritten all as a function of l%t+1,
¢ and €441.

kiyr = Mk + Aaéy — e (54)

. Az -
Et [Act] = ;SEtkiH,l (55)
g = (1—a)k (56)
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where

N
vA
B R+ a(l-9)
P =1 ya(l — )
L _alR-(-5)

R

Various methods are available for solving linear difference models like (54)-
(56) under rational expectations, but given the simplicity of our model we do
not need to resort to elaborate methods, we can simply apply the method of
undetermined coefficients as described, e.g., in Campbell (1994). That is, we
7guess” the functional form of /Aft+1 and ¢ and then we verify it by finding
parameters that satisfy the restrictions of the approximate loglinear model.

As pointed out in King, Plosser and Rebelo (1988b), if technology is a loga-
rithmic random walk with drift, then the solution to the transformed economy
is particularly simple. The only impact of technological progress is to reset the
transformed economy’s capital stock relative to its long-sum stationary level. A
positive 1% technological innovation in the untransformed economy leads to a
1% decline in the transformed economy’s capital stock. Therefore we assume
that

kipr = pki— e (57)
¢ = 7Tcki€t (58)
and similarly, §; = m,xk:, etcetera. Substituting (57) and (58) into (54)-(56)

and manipulating, we obtain a second order equation for m.k which has only
one positive solution (as required by the problem). Therefore we obtain

feyr = pk— e (59)
th _ Tk 7
BRI

—(A1 = T4+ DAodz + /(0 = 1T+ 2)hodg)? + 44,202
2)o

where

Tk =
o = A1+ Aok

In order to be able to bring the model to the data we still need to work on
it a bit more. If we consider the variables in levels, we can write

Iny: = ar+Wn(Y)+ g
Ine; = a;+1n(c) +é
lnit = Q4 +1H(I> —l—%t

Since we are in fact looking at a balanced growth path rather than a steady
state, we cannot recover the steady state values Y, C, I, we can only pin down
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some ratios as £ and . Therefore, in order to relate the model (59) to the

data, we rather look at

A(lny) = Inya+(a+p— ki1 — ak
C .
Incy —Iny, = log(?) + [mer — (1 — a)]ke
I R
Ini; —Iny, = log(?) + [mik — (1 — )] k. (60)

Finally we obtain

41 w0 Jer -1
B S I P R R Bt o)
Alny, Inya - a+p—1 3
Inc; — Iny; = log(%) + | ma— (11— 0 [ i ¢ ] ,
Ini; — Iny, log(v) i — (1 — ) 0 t—1

in the form of a state-space econometric model, allowing the procedure for eval-
uating the likelihood function to continue using the Kalman filtering algorithms
outlined, for example, by Hamilton (1994,Chapter 13).

Table 7 reports the parameters values for the model with the autocorre-
lated but not cross-correlated residual. All other specifications have the same
calibrated parameters, but differ slightly in the estimated parameters.

Table 7: Parameter values for the model with the autocorrelated but not cross-
correlated residual.

| Parameter | value | |
I6] 0.988 calibrated
«@ 0.667 calibrated
1) 0.01 calibrated
n 1 (log utility) | calibrated
~ 1.0072 calibrated
o? 0.01 estimated
Dy, 0.6692 estimated
D.. 0.2215 estimated
Viy 0.01 estimated
Vee 0.0075 estimated
Vie -0.0483 estimated

7 Appendix B: alternative modeling of the pro-
fessional forecasters
Here I show how to construct an augmented forecast that extracts and accounts

for the information contained in professional forecasts under the assumption that
the professional forecasters have extra-model information on current and future
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shocks.!! Their information set I+ O My and is such that, for h =0,1,2,3,4

ElurnI7 4] # 0. (62)

In this case, the forecasters will report the following state-space form. For
h=0,

‘§T|T = GéT—1|T—1 + K’LLT (63)
Elyr|IT] = AGsr 171 + w7,

where
wpir = Elur|I7] + 077
and K
ur
[wTT}NWN(O %)
where

KE(urup)K'  KE(urwy,)

E =
0 E(’LUT‘T’UJ{T)K/ EwT|Twlf|T

nr|r is, as before, the measurement error (the typo) made by the forecasters
in T while reporting their forecast for period 7. The professional nowcast co-
incides with the one generated under the assumption that the forecasters have
information only on the current period; the forecasts will instead be different.
For h =1,2,3,4 we have

StrinT+n = GSTyp—1rin-1+ Kurin
h
Blyrinllr] = AGér_yr_1+ Y AG'KElurinilIr] +nrenr,  (64)
=1

= AGSrin_1r4n—1 + WrinT

where

h

WpyhT = AZ G'K [E(urin—ilIT) — wrin—i] + ElurinlIr]) + nppnr  (65)
=1

Wr+h|T

and
KE(UT+hU{Z~+h)KI KE(UT'i‘th/TJrh\T)

Eh = / ! !
(Wrnjrup ) K EwpnjoWpypr

As above, npyp7 is, as before, the measurement error (the typo) made by the
forecasters in T while reporting their forecast for period T'4+ h. We assume

11We acknowledge, but for now ignore the potential inconsistency arising from the fact of
assuming that professional forecasters have information on future shocks, while agents do not
and fail to look at the professional forecasters to have more information.
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that ngr L u,, for any s and 7, and that nyypr L E(ury|Ir) for any i, h.
Moreover we will make the following assumptions:

ug L E(ur|I7) VT £t
E(u|Ir) L E(u-|IT) V7 #t (66)
us L E(u.|IT) VT £t

which will allow us to recover ¥y and ¥j for h=1,2,3,4.

Once we have recovered the exact form of the covariance matrices Xy and
¥, we can then smooth (63) and (64) with a time-varying Kalman smoother,
in order to obtain optimal estimates S¥+h|lT Jfor h=0,1,2,3,4, that comprise the
extra-information contained in the forecasts and employs it optimally within
the model. Therefore, using §; k|1, WE can create a forecast Q; Fh|Ip

+ At
Y7oy = AST+huT’ (67)

that incorporates optimally in the model-based framework the judgemental in-
formation coming from the conjunctural forecasters.

Since the nowcasts coincides with the ones of the previous subsection, g
can be recovered exactly in the same way. To recover all the elements of 3;,, we
proceed as follows. Given the assumptions we made in (66), it is easy to show
that

E(ur+nwyypr) = ElursnE(urin|lr)'].
On the basis of assumptions (66), the following equality holds
ElurnE(yr4n|I7)'] = Elurn E(urin|Ir)/],

As the series for the upyp are readily available via the Kalman filter, we are
able to recover empirically the value of EfursE(yr+n|lT)’], and therefore of
ElurinE(uryr|IT)’]. Moreover, notice that, since E(ur4p|I7) is a linear pro-
jection of up4p on the space spanned by Iy, Sp(Ir), then

urtn = E(urqn|lr) + pr
where pr is orthogonal to the space spanned by Ir. Therefore,

ElurinE(urin|lr)| = E[E(urin|Ir)E(urallr)'], (68)

i.e. we have determined also the variance of the expected value of the current
shock given the information set It, E(urip|IT), and we showed it is equal to
the covariance among the shock and its expected value.
In order to recover Ewrp.ypr4pW] +h|T+h WE will first define the forecasters’
forecast error as
er+h = Yr+n — E(yrinllr)

= UT+h — Wr4h|T-

The variance of e, whose value can be recovered from sample data, is:

E(erinerin) = Eurinuryp) — Elurinwpyyr] +

—  Elurihwrynr] + E[wT+h|Twér+h|T]
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E(urynup,,) can be obtained by the Kalman filter as follows

E(urinugyy,) = APA (69)
Where P is the solution of the Riccati equation defined in (11). Using the above
equations, we can finally recover Efwrp ppw.,. h‘T] and we therefore have pinned
down all the values of the matrix >j,.

We have shown how to construct model-based forecasts that incorporate
extra-model information coming from the professional forecasts under two pos-
sible modelizations of the professional forecasters’ information set. Similar re-
sults would hold however under all intermediate assumptions, as, for example,
the assumption that the professional forecasters have extra-model information
on the current and 1-step ahead shock. The only difference would be in the
definition of wT + h|T, which depends on the assumptions made.

Table 8: Relative MSFE of forecasts of GDP growth with respect to naive
benchmark. Asterisks denote forecasts that are statistically more accurate than
he naive benchmark at 1% (s * ), 5%(**) and 10%(*)

relative to constant growth
EVALUATION SAMPLE: 1987:2 - 2004:4
Forecast horizon | RBC SPF AUG
QO 0.86 0.68 x | 0.68 *x
Q1 0.88 xx | 0.77 0.76 *x
Q2 0.92 0.88 | 0.82 x xx
Q3 0.94 %% | 0.94 | 0.90 * *
Q4 0.97 0.95 | 0.92x % %
relative to constant growth
EVALUATION SAMPLE: 1996:2 - 2004:4
Forecast horizon RBC SPF AUG
Qo0 0.81 s | 0.80 = | 0.75 * % *
Q1 0.85 * * % 0.94 0.86 *x
Q2 0.84 * * * 1.01 0.88 * * %
Q3 0.84 * % % 1.01 0.92 % * %
Q4 0.87 *x 1.01 0.92 *x
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Table 9: Weight given to the SPF forecast of AGDP and ACONS in the

augmented forecast . 2004:4
| | AGDP | ACONS |

nowcast 0.3941 0.2574

1 step ahead | 0.3606 0.1261
2 step ahead | 0.3236 0.0931

3 step ahead | 0.3387 0.0832

4 step ahead | 0.3321 0.0818
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