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1 Introduction

Real time forecasts of GDP are very much discussed in the recent literature. Advances
in information technology have made available to the researchers a great amount of
information with unprecedented update frequency. Therefore, most central banks or
international institutions which are in charge of monitoring and analysing business
cycle developments, have estimated models in order to update at high frequency the
assessment of business cycle conditions. Recent examples include Angelini et al.
(2008) or Camacho and Perez Quirds (2010) for the Euro area, Aruoba et al. (2009),
Giannone et al. (2008) or Higgings (2014) for the US, Liu et al. (2010) for Latin
America, Barhoumi et al. (2008) for France, Nunes (2005) for Portugal, etc.

For the case of Spain, three models have already been published. Camacho and Pérez
Quirds (2008) constructed a small scale factor model for the Bank of Spain (Spain-
Sting). Cuevas and Quilis (2011) proposed a large scale model for the Ministry of
Economy (FASE) and Camacho and Domenech (2011) constructed another small
scale model for BBVA (MICA), where they pay special attention to several financial
variables available to BBVA.

The Spanish Independent Fiscal Authority (AIReF) in the exercise of its mandate, is in
charge of analysing the reliability of the government macroeconomic and fiscal
projections. The key variables that the government has to forecast when preparing
macroeconomic and fiscal projections are GDP and its components. The government
projects the main macro variables with a time horizon of one to four years ahead,
depending on the exercise that has to undertake. Obviously, all the projections are
based on short term forecasts. If the current and following quarters are accurately
forecasted, the one-year ahead forecast will be reliable and the forecasts for further

years ahead will be more precise.

It is well established in the literature that dynamic factor models that exploit the
information content in the join dynamics of the macro variable and related timely
indicators are the best tools for short term forecasting, as shown in the recent surveys
of Banbura et al. (2013) or Camacho et al. (2014). Therefore, the AlReF, in line with

has been done by other institutions, relies on its own model for analysing the
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implications of current conditions of the economy for budgetary stability and financial
sustainability.

Obviously, our proposed model cannot ignore previous attempts made to model the
Spanish economy data. There is some overlap with previous models, although there
are some definitely distinct characteristics, which make our model different with respect
to the previous specifications.

The main distinctive feature of our approach is that we forecast on a real time basis not
only GDP, but also its complete breakdown from the expenditure side. We have
specific models to forecast private consumption, public consumption, investment in
capital goods, investment in construction, exports and imports. We integrate all of them
in one consistent set of forecasts for all the demand components of GDP by using the
balancing technique developed in van der Ploeg (1982, 1985). The name of the model,
MIPred makes reference to that integration, (Modelo Integrado de Predicciéon in

Spanish, Integrated Prediction Model in English)

To our knowledge, this is the first integrated methodology to forecast in real time all the
variables that define the core of the macroeconomic scenario (GDP and its demand-
side components), not only for the case of Spain but for any other country. All the
automatized methods developed in the literature forecast only GDP or, additionally, the

variables included as indicators in the model.

A second distinctive feature is that, for most of the variables forecasted in the model,
and, specially for GDP, we only use information freely available to the general public.
We do not rely on any confidential series or any other series whose information is
restricted to those who pay a fee. Therefore, the results of the model are fully replicable
by any researcher and the forecasts are completely transparent and easy to interpret.

Finally, a third distinctive feature is that the selection of indicators has been made using
the proposed methodology of Camacho and Perez Quirds (2010). We start from a very
parsimonious specification, in line with Stock and Watson (1991), and we only extend
the model if the variance of GDP explained by the common factor increases. The
variables included in the model are selected following the order of putting in first the
one contributing most to increase the variance of the factor. We stop the process of

extending the model when any additional variable biases the factor toward sectors
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whose indicators are correlated among themselves, following idiosyncratic
components, but which do not have any additional explanatory power over GDP
movements. Details of the bias-induced problem can be found in Alvarez et al. (2012).

The paper is structured as follows. Section 2 reviews the indicators that have been
selected for each macro aggregate and the preliminary processing they have gone
through. The econometric methodology is explained in section 3, where we discuss the
detailed structure of the dynamic factor model, how we have dealt with missing
observations and the balancing procedure used to ensure the transversal consistency
of GDP forecasts with the independent forecasts of its demand components. Section 4

presents the output of the model and section 5 concludes.

2 Data

2.1 Selection of indicators

The selection process was carried out under the premise that the indicators should be
available timely and should provide a meaningful economic signal of the demand
components of the national economy. The estimation sample covers from 1990.Q1

until the last observation available.

The criteria for the choice of these variables is to consider all the main indicators used
in the compilation of the Quarterly National Accounts, see Alvarez (1989), Martinez and
Melis (1989), INE (1993) and Alvarez (2005). To fulfill this goal, we have prepared a set
of monthly and quarterly indicators, both real and financial, which facilitates a fairly
comprehensive basis for analyzing and monitoring GDP and its demand components.
In this way, this set offers a high-frequency approximation to the behavior of these

main macroeconomic aggregates.

The selection of the final set of indicators has followed a stepwise procedure, as
suggested in Camacho and Perez Quirds (2010). The starting point is a minimal set of
indicators for each aggregate that represents unequivocally its behavior. For instance,
in the GDP model, the “core” group is formed by key economic variables: index of
industrial production (supply side indicator of GDP), total deflated sales of large firms
(demand side of GDP), large firms” compensation of employees deflated (income side

of GDP) and employment measured by the labor force survey. This initial selection

September 2015 Integrated model of short-term forecasting of the Spanish economy



@ DT/2015/4

follows Stock and Watson (1991) and try to mimic the three dimensions of GDP
(demand, supply and income) and its direct projection on the labor market
(employment). In addition, given the knowledge we have about the determinants of the
last recession, we include an indicator of financial conditions (total credit to private
resident non-financial sectors) and, as a leading soft indicator the PMI of services,
which is freely available. Just with these indicators, we obtain a factor (also named
tracker) that it is strongly correlated with GDP growth (the factor is calculated in
monthly frequency but can be transformed into quarterly). In particular, the correlation
is as high as 0.81 for the 1990.Q1-2015.Q1 sample and 0.83 when the sample starts in
1995.

The selection procedure adds at each step the indicator which is most correlated with
the dynamic factor model in order to estimate a new aggregate tracker. If the
correlation of the new aggregate tracker increases, the indicator is added to the model.
Otherwise, the indicator is dropped from the list. The step is repeated until the full list of
possible indicators is exhausted. The final selection produces a correlation of 0.91 for
the full sample and 0.96 for the sample starting in 1995. The selected variables are
displayed in the first panel of Table 1. Figure 1 represents the factor in quarterly growth
rates and the evolution of GDP for the whole sample. As can be seen in Figure 1, the
model that we select, which does not include GDP growth itself, shows an extremely
close relation with GDP growth. All the turning points are perfectly captured, and it is
noticeable that, even with this small set of variables, there is not much room for

improvement in the fitting of GDP growth.

Regarding the GDP demand components, we repeat the same procedure to select the
indicators finally chosen to obtain accurate estimation of each GDP component. Table
1 displays the list of the indicators selected for each variable of interest and its

publication lag.
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Figure 1: GDP growth rate and coincident factor
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Table 1: List of Indicators
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Release
Starting date  Unit Source delay
GROSS DOMESTIC PRODUCT (GDP)
Social security system: registered workers 2001m1 Thousand people Ministry of Labour t+1
Employed Labor Force Survey 1990 q1 Thousand people National Statistical Institute +30
Index of Industrial Production 1990 m1 Volume index National Statistical Institute t+35
Apparent consumption of cement 1990 m1 Thousand tons Cement Producers Association t+22
Electric power consumption 1990 m1 Million Kw/h Spanish Electricity Network t+1
Imports of goods deflated by the unit value index 1990 m1 Deflated value index Tax State Agency/GDMA +50
PMI services index for Spain 1999m8 Index between 0 and 100 Markit economics t+1
Credit to companies and households deflated by consumer price index 1995 m1 Deflated value index Bank of Spain t+35
Large companies sales. Deflated total sales 1995 m1 Deflated value index Tax State Agency t+35
Large companies sales. Deflated compensation of employees 1995 m1 Deflated value index Tax State Agency t++35
HOUSEHOLDS CONSUMPTION
Index of Industrial Production: consumption goods 1990 m1 Volume index National Statistical Institute t++35
Real wage income indicator 1990 m1 Deflated value index General Directorate Macro. Analysis t++35
Retail trade index, deflated 1995 m1 Deflated value index National Statistical Institute t+27
Consumer confidence index 1990 m1 Index between -100 and 100  European Commission t1
Imports of consumption goods deflated by the unit value index 1990 m1 Deflated value index Tax State Agency/GDMA t++50
Credit to households for consumption deflated by consumer price index 2003 m1 Deflated value index Bank of Spain t+35
Large companies sales. Consumption sales deflated 1995 m1 Deflated value index Tax State Agency t++35
Large companies sales. Number of recipients 1995 m1 Deflated value index Tax State Agency t++35
GOVERNMENT CONSUMPTION
Social security system: registered workers in public administration 1995 m1 Thousand people Ministry of Labour t+1
State nominal final consumption deflated 1995 m1 Deflated value index General Audit Office t+35
Withholding employment income of workers in the public administration deflated 1996 m1 Deflated value index Tax State Agency t+35
FIXED CAPITAL INVESTMENT: EQUIPMENT
Index of Industrial Production: equipment 1990 m1 Volume index National Statistical Institute t+35
Cargo and bus registrations 1990 m1 Units General Directorate of Traffic t+1
Industrial Confidence Indicator: equipment 1993 m1 Percentage balances Ministry of Industry, Energy and Tourism t-1
Imports of capital goods at constant prices 1990 m1 Deflated value index Tax State Agency/GDMA t+50
Credit to resident companies deflated 1995 m1 Deflated value index Bank of Spain t+35
IBEX-35 Share price index 1990 m1 Index, Jan. 1994=100 Madrid Stock Exchange t+1
Utilization of productive capacity 1990 q1 Percentage of utilization Ministry of Industry, Energy and Tourism t+27
FIXED CAPITAL INVESTMENT: CONSTRUCION
Social security system: registered workers in construction 2001 m1 Thousand people Ministry of Labour t+1
New building visas: total area to build 1991 m11 Buildable floorage (m2) Ministry of Public Works t++35
Number of housing transaction: new housing 2007 m1 Units Ministry of Public Works t++35
Apparent consumption of cement 1990 m1 Thousand tons Cement Producers Association t+22
Confidence index in construction sector 1993 m1 Percentage balances Ministry of Industry, Energy and Tourism t-1
Credit to households for housing acquisition and rehabilitation 2003 m1 Deflated value index Bank of Spain t++35
Large companies sales. Construction sales deflated 1995 m1 Deflated value index Tax State Agency t++35
EXPORTS OF GOODS AND SERVICES
Total entry of tourist 1995 m1 Thousand people Ministry of Industry, Energy and Tourism t+23
Foreign orders. Total industry 1993 m1 Percentage balances Ministry of Industry, Energy and Tourism t+23
Total exports of goods at constant prices 1990 m1 Deflated value index Tax State Agency/GDMA t+35
Tourism revenues 1990 m1 Deflated value index Bank of Spain t+23
World trade in goods 1991 m1 Volume index Central Planning Bureau (Netherlands)  t+30
PMI index. Industry 1998 m2 Index between 0 and 100 Markit economics t1
Large companies sales. Exports sales deflated 1995 m1 Deflated value index Tax State Agency t+35
IMPORTS OF GOODS AND SERVICES
Index of Industrial Production 1990 m1 Volume index National Statistical Institute t+35
Total imports of goods at constant prices 1990 m1 Deflated value index Tax State Agency/GDMA t+35
Balance of payments. Tourism payments 1996 m1 Deflated value Bank of Spain t+60
World trade in goods 1991 m1 Volume index Central Planning Bureau (Netherlands)  t+20
PMI index. Industry 1998 m2 Index between 0 and 100 Markit economics t1
Large companies sales. Imports sales deflated 1995 m1 Deflated value index Tax State Agency t+35

September 2015
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2.2 Preliminary processing

The main objective of the model is to provide a synthetic measure of the rate of growth
of each macroeconomic variable. This goal requires identifying a reliable signal of
growth to be fitted by the factor model. In order to emphasize the short-term
information contained in the indicators, we have chosen as signals, for “hard”
indicators, the regular first difference of the log time series, and for “soft” indicators, the
levels of the series, as in Camacho and Perez Quiros (2010). We consider these
indicators in levels for two reasons. On the one side, according to the statistical offices,
soft indicators are designed to achieve as high correlation as possible with the year-on-
year growth of the coincident series, see European Comission (2006). On the other
side, it is in levels how these indicators are interpreted in the industry, as can be seen

when they are reported in the press.

For this filtering not to be distorted by the presence of seasonal and calendar factors,
they have been removed by means of seasonal adjustment and time series techniques
(Maravall and Gomez, 1996; Caporello and Maravall, 2004). We could have estimated
the model directly with non-seasonally adjusted data, but following Camacho et al.
(2015), we understand that the noise induced by estimating the model with raw data
distorts the results and produce worse forecasts than those produced by using
seasonally adjusted data. Obviously, out of consistency, all the variables have to be
corrected by the same type of factors (seasonal and calendar factors).

3 Econometric approach

The econometric approach used in this paper integrates three main elements. In the
first place, a set of dynamic factor models that represent in a compact and
parsimonious way the joint dynamics of each macro aggregate and the corresponding
short-term indicators. The second element is the treatment of missing observations that
can arise as a result of differences in the timing of data publication or as a result of the
combination of time series sampled at different frequencies (e.g. monthly and
quarterly). Finally, the third element of the methodology is a balancing procedure that
ensures in an objective and sensible way the consistency of the GDP forecasts with the

forecasts of its components.
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3.1 Design of trackers using dynamic factor analysis

For each macro aggregate listed in the previous section (Y,) a tracker (fj’t) is

estimated by means of a dynamic one-factor model which captures in a parsimonious

way the dynamic interactions of a set of monthly economic indicators (Z; .. ). Given

i,jt
that we are combining quarterly and monthly information for N series, it is important to
to clarify the notation from the beginning. The subindex “t” refers to quarterly time, ie,
1990.Q1, 1990,Q2, etc...the subindex “j” refers to monthly time in a given quarter, and
it takes the values 1,2,3 referring to the first, second or third month of quarter “t”.

Finally, the subindex “i” refers to the corresponding ith series when we have more than

one series. Therefore, (Y,) is a quarterly series, ( f“) is a monthly series and (Z, ;, ) is

the ith monthly series.

The common factor of the system ( fj't) is estimated by means of the Kalman filter,

after formulating the factor model in state space form. The entire procedure has been
adapted to operate with unbalanced data panels, following the procedure of Mariano
and Murasawa (2003).

Dynamic factor analysis is based on the assumption that a small number of latent
variables generate the observed time series trough a stochastically perturbed linear
structure. Thus, the pattern of observed co-movements is decomposed into two parts:
commonality (variation due to a small number of common factors) and idiosyncratic
effects (specific elements of each series, uncorrelated along the cross-section

dimension).

In this paper we assume that the observed, stationary growth signals of k; monthly
indicators are generated by a factor model:

[1] Zij  =Af U,

Being:

e t=1.T, quarterly time index.
o I=1. ks

September 2015 Integrated model of short-term forecasting of the Spanish economy
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e 7 ;~ i-th indicator growth signal at time j,t.
e A i-th indicator loading on common factor.
e fi: common factor at time j,t.

e U« specific or idiosyncratic component of i-th indicator at time j,t.

The loadings 4 measure the sensitivity of the growth signal of each indicator with

respect to changes in the factor.

When k quarterly indicators —including the variable to track (Y- are considered, we
have to take into account that the quarterly indicators are related to monthly activity
through time aggregation:

1 2 2 1
[2] Yt = § X3t § Xop T Xy § X3 T g X1

Where Y, is the quarterly macroeconomic aggregate (or a quarterly tracker), and X; is

the unobserved monthly macroeconomic aggregate (or unobserved monthly tracker).
The unobserved monthly macro aggregate has the same structure than [1]:

(3] Xji = ﬂv fj,t Uy e

The subindex Y is just to indicate that we are talking about the decomposition of the Y

variable (i.e. GDP, household consumption, etc).

Therefore:

[4]

1 2 2 1 1 2 2 1
Yt = gﬂ"( fa,t + §2¥ fz,t + /1‘( fl,t + gﬂw f3,t—l + gﬂY fZ,t—l + 7uY,3,t + EUY,Z,t + uY At + guYG,t—l + §UY,2,t—l

3

The case displayed in equation [4] refers to the variable we want to track. If we have
some additional quarterly indicators, the structure will be the same (i.e. employment

measured by the labor force survey).

Finally, in the special case of the k, soft indicators, which are considered in levels,
given that they are related to the year on year growth of hard indicators, need a long

structure of the factor that covers 12 months. In addition, according to the literature
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(Camacho and Domenech, 2011) they usually present a leading behavior. Therefore,
they are related to the annual growth rate of the series of interest, but with a few
periods leading behavior. After trying for different leading periods, we conclude that
three quarters is the preferred lead time. Therefore, our specification for the soft

indicator variables is:
(5] Sijtn =4 (fS,t+1 + fop ot f2,t—3) Ui it

Being:

e §;;= i-th soft indicator in levels at time j,t.
o I=k+7 ... kitks

e A i-th indicator loading on common factor.
e fi: common factor at time j,t.

e U specific or idiosyncratic component of i-th soft indicator at time t.

Equation [1] to [5] do not consider the dynamics in the idiosyncratic part or in the factor
structure. Therefore, inference about future activity cannot be made. The model should
be expanded in order to adapt it to a time series framework, thereby adding a dynamic
specification for the common factor and the idiosyncratic elements, in addition to the

dynamics of the series sampled quarterly and the soft indicators.

A second-order autoregression, AR(2), provides a sufficiently general representation

for the common factor:

o (1-#B-4B%) i =e,
e ;. ~iid N(0,0)

In [6] B is the backward operator and the variance of the innovation has been

normalized. Depending on the characteristic roots of #(B) the model may exhibit a

wide variety of dynamic behaviors.

We also consider an AR(2) specification for the dynamics of the specific elements,

allowing for some degree of persistence:
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(1—%,18 —‘//i,zBZ) Uit =6t

,
) &, ~iid N(0,v,) fori =L....(k, +k,)

(l_'//v,lB _‘//Y,zBZ)UY,j,t =€ ju

[8] .
&, ;. ~1id N(O,v,)

Finally, we assume that all innovations of the system are orthogonal.

Model [1]-[8] attempts to represent the static as well as the dynamic features of the
data. We estimate the common and idiosyncratic factors using the Kalman filter, after a
suitable reparameterization of the model in state-space form. The reparameterization
requires the introduction of a state vector that encompasses all the required information
needed to project future paths of the observed variables from their past realizations. In

our case, this vector is:

[9] 77t = [f3,t+l"' f2—t—2 ! l"IY,B,tuY 2,t,uY1,t,uY 3,t—1,uY 2,t—2,ul,3,tul,2,t ""'ukl+k2,3,tukl+k2,2,t]I
The corresponding measurement equation is:

[10] Z =Hn,

with Z, =(Y,,Z,, S,

And H is a vector of coefficients that match the dynamics stated in [1], [4] and [5].

This equation allows us to derive the observed indicators from the (unobservable) state

vector.

The transition equation completes the system and characterizes its dynamics:
[11] n.=6n,+V,
Where G is the matrix that capture the dynamic behavior in equations [6] to [8].

The innovations vector V; is:

[12] Vt :[ef,S,t+1"'ef,2,t72 eY,3,t "'eY,Z,tfl e1,3,t""ekl+k2,2,t ]'
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V; evolves as a Gaussian white noise with diagonal variance-covariance matrix as

follows:
1 0 0 O 0 |
0O 0 0 O 0
[13] Q=EMV,]=l0 0V, 0 0

0 0 0 0 Vi
We assume that the time index t goes from 1 to T. The application of the Kalman filter
requires @ = [H, G, Q] to be known. This requirement is fulfilled using the maximum
likelihood estimates of @, derived by means of numerical maximization of the likelihood

function. Note that this optimization is feasible thanks to the iterative computations
performed by the Kalman filter.

3.2 Dealing with missing observations

The fact that we have to combine monthly and quarterly frequencies imply that we have
necessarily to deal with missing observations, because quarterly data are available
only every three months. In addition, our monthly variables are not released
simultaneously, and most of them are not available for the whole sample. Therefore,
we have to confront daily with an unbalanced dataset, where we have missing

observations both at the end and at the beginning of the sample.

In order to deal with this problem we follow Mariano and Murasawa (2003). The idea of
this method is to substitute the missing observations with extractions from a random
normal distribution. We then estimate a Kalman filter with time varying coefficients
where the row that corresponds to the missing observations is multiplied by 0 and we

add a noise.

The model is then estimated with this specification. After we estimate the model, the
forecast and the filling in of the missing observations is done by substituting the
missing value by the number obtained in the Kalman filter with the full matrix H not

multiplied by 0 in any of its rows.
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3.3 Balancing method

The application of dynamic factor models provides us with independent forecasts of the
macro aggregates of MIPred (GDP, Households consumption, etc.). As we have seen,
these forecasts combine the available information of the relevant short-term indicators
with the dynamics of the macroeconomic variable in an efficient way, but do not take
into account the transversal (static) constraints that link the macroeconomic variables.
These constraints derive from the compilation process of the National Accounts and, in

particular, from the decomposition of GDP from the expenditure side.

In order to incorporate these constraints in the forecasting process, we have relied on a
balancing procedure that ensures their internal consistency. In particular, we use the
one proposed by van der Ploeg (1982, 1985) for the compilation of the National

Accounts?.

The van der Ploeg method starts with an initial (unbalanced) set of forecasts for each
macro aggregate (Y where m=1..M, and a measure of their uncertainty embedded in
the variance-covariance matrix 2. The final (balanced) forecasts (W; must satisfy h

linear constraints of the form?:
[14] AW =a

Where A:hxM and a:hxl represent, respectively, the general structure and the final
numerical values of such restrictions written in matrix form. For example, A may require
that certain components of W are equal to each other and that the sum of a subset of
variables is equal to the sum of another subset. Many other constraints can be

envisaged.

The van der Ploeg procedure determines W as the solution of the following constrained

quadratic optimization program:

! See Abad et al. (2006) for a large-scale application to the Spanish Quarterly National
Accounts.

% In the following, we will drop the time index due to the static nature of the van der Ploeg
method.
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[15] MIN ¢ =(W-Y)'S(W-Y) st. AW=a

The objective function weights the squared deviations of each unbalanced forecast with
respect to its balanced version, using as weights their precisions (the inverse of their
corresponding standard error). Note that in the formulation of the objective function [15]
the full covariance of the precisions can be considered (Z2). Solving the quadratic

optimization program [15] yield to the following solution:
[16] W =Y —sA'[ASA'] (AW - a)

The interpretation of this equation is straightforward: the balanced vector (W) is the
result of adjusting the preliminary forecasts (Y) on the basis of the observed
discrepancy (AW-a). These discrepancies are weighted according to their precision, i.e.
inversely to the uncertainty associated with the initial forecasts. The van der Ploeg

method has some interesting features:

B The (absolute) magnitude of revision increases with the variance of the initial
estimate (omm), where m=71...M. That is, the greater the uncertainty

surrounding the initial forecast, the greater is the corresponding change.

B Assuming that a given preliminary estimate is known with absolute certainty
(omm=0), then no adjustment is made: wy=yn. In this way, we can easily

perform what-if scenarios or to impose a hierarchy in the forecasting process.

m [f the uncertainty in the estimation of two variables evolve in the same direction
(omn>0), their revisions will also adjust them in the same direction, both
upward and downward. If, on the other hand, the covariance is negative,
adjustments will be made in opposite directions: one upward and one

downward.

Note that, given the form of the solution, knowledge of the covariance matrix of the
preliminary estimates (2) is a crucial element. Usually 2'it is not known, so it must be
estimated, usually in two stages: (a) estimation of variances and (b) estimation of the
covariances. The estimation of the variances is linked to the standard errors of the

forecasts provided by the set of dynamic factor models for each macro aggregate,
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while covariances can be derived from the historical correlations of the series that must
be balanced. In that case, covariances are derived according to:

[17] O-mn :pm,n\ O-m,mo-n,n

The balancing procedure proposed by van der Ploeg avoids some limitations of
competing mehods, like the biproportional RAS method (Bacharach, 1965). In
particular, it can manage very general linear constraints, taking into account at the
same time different degrees of uncertainty of the forecasts, a quite interesting feature
from the point of view of the forecasting practice. In this way, as can be seen in
equation [16], the balanced solution avoids the pro-rata adjustment that discredits the
RAS method.

The implementation of the van der Ploeg procedure in MIPred considers as inputs the
quarter-on-quarter (qoq) rates of GDP and the qoq growth contributions of the
remaining macroeconomic variables. The constraint represents the GDP
decomposition from the expenditure side:

[18] A=l -1 - -1 1] a=0

The final (balanced) forecasts impose a hierarchy among them, conferring priority to
the initial GDP forecast, setting ogpp=0. This hierarchy reflects the compiling practice of
the Spanish QNA, which gives temporal precedence to the estimation of the GDP
figure® over the estimation of its breakdown. This precedence is not merely a timing
issue. When the GDP breakdown is published, the subsequent revisions of the initial
GDP estimate are very small. This fact indicates that the information provided by the
breakdown has a limited impact on the aggregate GDP estimate, suggesting a top-

bottom modelling approach.

® The GDP flash estimate is released about four weeks after the end of the quarter. The second
estimate, incorporating the complete GDP breakdown, is released just four weeks after the
flash.
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4 Output of the model

In order to show the forecasting performance of the model, it has been carried out a
real time estimation exercise for the GDP model in the last three quarters (2014:Q4 —
2015:Q2). The graphs in figure 2 show the evolution of the real-time forecast of GDP in
these quarters on a daily basis, including a one standard deviation confidence interval
for the forecast value. The time interval during which real time forecasts for each
variable are shown in the graphs is defined by the period between two consecutive
releases of the corresponding flash estimates published by the National Institute of

Statistics (these flash estimates are represented by the dotted line):

Figure 2: GDP growth rate real-time forecasts
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Those graphs show how the model reacts to the arrival of the information provided by
the indicators. Obviously, this process reduces somewhat the amplitude of the
confidence interval, as the cross-sectional estimates are replaced by the observed
data. Intuitively, when only “soft” indicators are available, the uncertainty associated
with the estimate is greater. Later, when “hard” information arrives (social security
contributors, industrial production index, large companies sales, etc.), the estimate

becomes less uncertain.

Additionally, the three graphs show that these forecasts were close to the GDP flash
release disseminated by the National Statistical Institute and the subsequent final
figure (second estimate). It can be seen clearly that, in all cases, the flash data
published has fallen within the confidence intervals associated with the estimation, and

very close to the central estimation.

On the other hand, and summarizing figures for simplicity, Table 2 shows the final
forecast for the different macroeconomic variables in those quarters and their
corresponding confidence intervals, comparing them with the final data released in the

second estimate of the Quarterly National Accounts.

It can be seen that the forecasts of the components, in most cases, fall within the
confidence intervals and the ratio error / standard deviation falls within 1 in absolute
value (in order to have a measure that weighs the prediction error in relation with the

volatility of the series).

It has to be noticed that some sub-aggregates, as in the cases of the series of
investment or external trade, have a higher intrinsic volatility that involves wider

confidence intervals, making them more difficult to predict.
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Table 2: GDP growth rate real-time forecasts

- Central L Observed Error / Std.
Q-0-Q Rates. Volume SAC data [Lower limit forecast | UPPer limit data Error Dev.
| 2014 Q4
Private Consumption 0.3 0.8 1.2 0.9 0.2 0.4
Public Consumption -1.6 -0.3 1.0 -1.0 -0.7 -0.5
Investment in equipment 0.3 17 3.1 14 -0.4 -0.3
Investment in construction -05 0.7 1.9 14 0.8 0.6
Exports -0.9 0.7 2.3 0.0 -0.8 -0.5
Imports -1.8 0.2 21 -0.6 -0.8 -0.4
2015 Q1
Private Consumption 0.3 0.7 1.2 0.7 0.0 0.0
Public Consumption 0.0 1.3 2.6 1.6 0.3 0.2
Investment in equipment 29 4.2 5.6 14 -2.8 2.1
Investment in construction 0.4 1.6 2.8 15 -0.1 -0.1
Exports -05 11 2.7 1.0 -0.1 -0.1
Imports 0.6 2.3 4.0 0.8 -15 -0.9
2015 Q2
Private Consumption 0.7 1.0 13 1.0 0.0 0.0
Public Consumption -0.7 0.5 17 0.4 -0.1 -0.1
Investment in equipment 2.9 4.3 5.7 3.2 -1.1 -0.8
Investment in construction 1.0 2.1 31 14 -0.7 -0.6
Exports 20 33 4.6 1.6 -1.7 -1.3
Imports 2.8 4.3 5.8 2.3 -2.0 -1.3
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5 Conclusions

The Spanish Independent Authority for Fiscal Responsibility (AIReF), in the exercise of
its mandate, is in charge of analyzing the reliability of the government macroeconomic
and fiscal projections. The key variables that the government has to forecast when

preparing macroeconomic and fiscal projections are GDP and its components.

The main distinctive feature of the methodology we use is that we forecast, on a real
time basis, not only GDP but also its complete breakdown from the expenditure side.
We have specific models to forecast private consumption, public consumption,
investment in equipment, investment in construction, exports and imports. We integrate

all of them in a consistent set of forecasts for all the variables that compose GDP.

The model provides a judgement-free measure of current economic conditions, thus
offering a timely and easy to interpret output which summarizes these conditions
through the GDP growth profile, including its demand-side decomposition.
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