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ABSTRACT

This paper explores the use of Vector Autoregressions (VARS) for the construction of short-
term growth forecasts for the production-side components of GDP as well as for GDP growth
via aggregation of its component forecasts. The production-side components of GDP are
given by the gross value added in six sectors of economic activity (i.e. agriculture, industry,
construction, trade and transport, financial and business activities, and other services), and
import duties plus value added tax. Apart from simple VARSs, we also consider VAR models
augmented with exogenous variables represented by common factors. The common factors
are computed from separate blocks of series in the dataset so that the resulting factors
represent different aspects of the economy.

The results show that, in general, component forecasts obtained from VARs with exogenous
factors outperform simple VAR forecasts. Forecast gains, however, are mainly attained for
short horizons. The exceptions are the construction sector in which some gains are found for
longer horizons, and the sector of financial and business activities in which significant gains
are attained for both short and long horizons. Component forecasts computed from single
equations are at least as accurate as VAR forecasts. However, the contraction in real activity
during the period 2012 — 2013 was better predicted by VAR models in the case of large
components such as trade, financial and business activities, and other services. Similarly,
bottom-up GDP growth forecasts from single equation models for components are at least as
precise as indirect forecasts using VARs to compute the component forecasts. Direct GDP
growth forecasts are the best performers over the period examined.

Keywords: VAR, forecasting, combination forecasts, GDP, gross value added, bottom-up
forecasts.
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2UOTAMATA £SICWOEWYV YIa TIPOBAEWYN TOU PUONOU AVATITUENG TONEWYV
TNG KUTTPIOKAG OIKOVOUIag

NikoAétTa MacioupTidou kKail XpioTog MatrapixanA

NEPIAHWH

To dokipio e€eT@lel TV e@appoyr povTéAwv TUTTOU Vector Autoregressions (VAR) yia BpaxutrpéBeoun
TTPORAEWN Tou puBuoU avAaTTTuéNG TwV CuvICTWOoWV Tou AET, arrd Tnv TTAeupd TnNG TTPOCPOPdg, KaBwg
Kal Tou puBuou peTaBoAnig Tou AEN aBpoifovTag TG TTPORBAEWEIG TWV CUVICTWOWY Tou. OI CUVIOTWOEG
Tou AETT atroteAoUvTal atmd TV akaBApIoTN TTPOCTIBEUEVN agia £€1 TOUEWV OIKOVOMIKAG dpaoTnPISTATAG
(yewpyia, Biounxavia, KATAOKEUEG, EUTTOPIO KAl WETAPOPEG, XPNUATOTTIOTWTIKEG KAl ETTIXEIPNMOTIKES
OpaCTNPEIOTNTEG Kal GAANEG UTTNPETIEG) KAl ATTO TOUG €I0AYWYIKOUG dAOUOUG OuvV QOPO TTPOCTIOENEVNG
agiag. Emiong, exTipwvTal povtéAa VAR TTOU TTEPIEXOUV WG EEWYEVEIG PETARANTEG KOIVOUG TTAPAYOVTEG.
O1 Kovoi TTapAyovTeEG QVTITIPOOWITTEUOUV BIAPOPES TITUXEG TNG OIKovopiag OTTwG (a) TTPOYHATIKN
OIKOVOMIKA dpacTnPIOTNTA Kal ayopd epyaaiag, (B) eyXwpIEG XPNUOTOTTIIOTWTIKEG Kal OnUOCIOVOUIKES
METABANTEG, TINEG KAl EIKTEG OIKOVOUIKOU KAIMOTOG Kail (Y) EEVEG/DIEBVEIG XPNUOTOOIKOVOUIKESG JETARANTEG,

EUPWTTAIKOUG OEIKTEG TINWV Kal BEIKTEG EUTTIOTOOUVNG.

Ta amoteAéopara deixvouv OTI, yevikd, ol TTPoRAEwelg cuvioTwowyv Tou AENM amd poviéda VAR ue
eCWVYEVEIC TTaPAYOVTEG gival akpIBEOTEPEG atTd aQuTEG TTou uTtToAoyifovTal ammd amAd povTéda VAR.
Qot600, N auénuévn akpifeia Twv TTPORAEWEWY ETITUYXAVETAI KUPIWG yia TTOAU KovTive opilovTa.
E&aipeon atroteAei 0 TOPEAG TwWV KATACKEUWY, OTOV OTTOIO N BEATIWON OTNV AKPIREIa TwWV TTPORAEYEWY
KaTaypd@eTal yia HOKPIVO 0pilovTa, Kal O TOPEQAG TWV XPNMOTOTTIOTWTIKWY KOl ETTIXEIPNMATIKWV
OpPACTNPIOTATWY, OTOV OTTOI0 TO CPAAUA TNG TTPOPRAEWNG UEIWVETAI CNUAVTIKE TOOO yia KOVTIVO GO0 Kal
yla Mo Hokpivo opifovta. O1 TIpoBAEWEIS CUVICTWOWY TTou UTToAoyifovTal atrd PovTEAa uiag e€icwaong
(avTi ouoTApaTa) givalr TouAdxioTov e€icou akpifeic pe T TTpoBAEWeIg atrd VAR povTtéAa. Mapd TauTa, n
OuppPiKvwaon TNG TTPAYMATIKAG OIKOVOMIKAG dpacTnpidTnTag Katd Tnv Tmepiodo 2012 - 2013 eixe
TTPOPRAEPOE pe peyaAlTepn akpifeia atrd Ta povréAa VAR, oTnv TTEPITITWON CNUOVTIKWY TOPEWY OTTWG
TO €UTTOPIO, O XPNMOTOOIKOVOUIKEG Kal ETTIXEIPNUOTIKEG OPaACTNPEIOTNTEG Kal AGAAeEG uTtnpeaieg. Ol
TTPORAEWEIC TOU puBuoU avdaTmTuéng Tou AEI aBpoifovtag TTPoRAEWEIS yIa TIGC GUVICTWOEG TOU, Ol OTTOIEG
utroAoyiovtal amrd povTéAa uiag e€iowong, €ivalr TOUAGyIoTov To 010 akpIBEIC GO0 Kal Ol EUPETES
TTPORAELWEIC yia Tov puBud petaBoAng Tou AEN tmou Bacilovtal e TTPORAEWEIS TWV CUVICTWOWY TOU
atrd povtéAa VAR. H duean mpoBAewn Tou pubuou petafoAng Tou AEN péow povTéAwv piag e€icwong
atroTeAei TN PEBOBO e TNV KAAUTEPN €TTIOO0N YIa TNV UTTO £€ETAAN TTEPIODO.

H a&ioAdynon tng akpifeiag Twv TPoRAEWewv TTou uttoAoyiCovtal atro Tig didpopeg peBddoug, Ba
mpétel va OleEdyeTal o€ ouoTnUaTIK PBdon kabwg To pEyeBog Twv dIaBECIUWY  XPOVOOEIPWY
emnpEedlel TNV afiommoTia Twv aTTOTEAEOPATWY, €I0IKOTEPA O€ OpifovTa TEPAV TwV TECOAPWYV
TpIUAVWY. QaTdéc0o, n €uueon TPORAewn Tou AEN péow ouotnudtwyv TUTTou VAR atroteAei éva
oAokAnpwpévo TTAdiolo yia Tnv avAdAuon Tou pOAOU TwV TOUEWVY OTOUG OIKOVOMIKOUG KUKAOUG Kal TV

EKTINNON TWV ETTITITWOEWY £EWYEVWIV TTAPAYOVTWY G€ KAGOOUG Kal GTO GUVOAO TNG OIKOVOUIaG.



1. Introduction

The dynamic interrelations among different sectors of the economy have been extensively
used in the literature to evaluate the impact of various shocks and their role in generating
business cycles (e.g. Atalay 2017; Foerster et al. 2011; Forni and Reichlin 1998; Lee et al.
1992; Long and Plosser 1983, 1987; Pesaran et al. 1993). For practitioners, the systematic
analysis of developments and outlook for sectors of economic activity can provide timely
insights into the drivers of output fluctuations.

Econometric techniques, such as common factors and forecast combinations, exploit the
richness of information in large databases of economic and financial indicators for
forecasting macroeconomic variables, such as growth and inflation (e.g. Artis et al. 2005 for
the UK; Giannone et al. 2008, and Stock and Watson 2002a, 2008 for the US; Stock and
Watson 2004 for OECD countries). In the context of forecasting macroeconomic aggregates,
the literature is also concerned with the level of disaggregation at which the forecasts are
computed and typically distinguishes between direct and bottom-up forecasting approaches.
Lutkepohl (2010) provides theoretical results on the relative efficiencies of aggregate and
disaggregate forecasts under some assumptions and offers some guidelines for applied
work. Theoretically, forecasting the disaggregate components using a multivariate model is
at least as efficient in terms of mean squared error as directly forecasting the aggregate.
However, in practice, issues such as specification and estimation uncertainty, non-linear
transformations of the variables of interest and time-varying aggregation weights lead to
departures from the theoretical assumptions, and empirical findings could deviate from
theoretical results. For example, computing bottom-up forecasts for the aggregate by
modelling the disaggregates using a high dimensional multivariate model or a large number
of disaggregate single equation models may result in higher estimation uncertainty than
directly modelling and forecasting the aggregate variable.

The aim of this paper is to explore the use of multivariate models, and more specifically
Vector Autoregressions (VARS), for the construction of short-term forecasts for sectors of
economic activity in Cyprus. The growth forecasts fully cover the production-side
components (in constant prices) of GDP, namely the Gross Value Added (GVA) of sectors,
and import duties plus Value Added Tax (VAT). The growth rate of GVA in the following six
sectors is forecasted: (i) agriculture, (ii) industry, (i) construction, (iv) trade and transport, (v)
financial and business activities, and (vi) other services. Apart from simple VARs, we also
consider VAR models augmented with exogenous variables represented by common factors.
The common factors are computed from separate blocks of series in the dataset so that the
resulting factors represent different aspects of the economy. The sectoral forecasts obtained
from different VAR models are combined using forecast combinations. Subsequently, the
sectoral forecasts are used to compute bottom-up or, equivalently, indirect, GDP growth



forecasts; the aggregate forecasts are compared with those obtained from alternative
methods of forecasting GDP growth.

Empirical evidence on the forecasting performance of direct aggregate forecasts and
bottom-up forecasts computed by aggregating predictions for the disaggregate components
is mixed. Based on a literature search, Bermingham and D’Agostino (2014) conclude that
papers which do not find evidence in favour of bottom-up forecasts conduct their analysis
using (a) short time series and therefore higher estimation error, and (b) a rather small
number of disaggregates.

Drechsel and Scheufele (2013) forecast GDP growth in Germany using the direct approach
as well as the bottom-up approach, via both supply and demand sides. They employ mixed-
data sampling regressions together with model averaging techniques. Their findings suggest
that aggregating sector-specific forecasts results in limited forecasting gains compared to
forecasting aggregate GDP growth directly, whereas both approaches outperform forecasts
produced from the demand side. Dias et al. (2017) use factor-augmented models to compute
short-term forecasts for the growth rate of GDP and its demand components in the case of
Portugal. They use a targeted diffusion index which incorporates information from all the
factors in the database, the variable forecasted and the forecast horizon. They find that
models with the targeted index generate more accurate GDP growth forecasts through the
bottom-up approach than via forecasting GDP growth directly. The empirical findings of the
comparison of direct and bottom-up forecasts for the euro area GDP growth in Foroni and
Marcellino (2014) are less strong, but the authors conclude that there is scope for
forecasting the components to gain better understanding of the aggregate. They employ a
large dataset of monthly indicators and different modelling approaches (e.g. bridge
equations, MIDAS and mixed frequency VAR models) for nowcasting both expenditure and
production GDP components. They also find that the use of forecast combinations and factor
models reduces forecast errors.

Other studies explore the accuracy of bottom-up GDP growth forecasts without providing
comparisons with direct forecasts. Barhoumi et al. (2012) forecast GDP growth in France
from both the supply and demand sides, using component-specific bridge models. Their
results suggest that forecasting GDP growth from the supply side is superior to following a
demand-side, bottom-up approach; their finding is likely driven by the availability of more
relevant indicators for sectors of economic activity than for expenditure components. Hahn
and Skudelny (2008) compute euro area GDP growth forecasts using the bottom-up
approach from the production side together with sector-specific bridge equations that vary
across the forecast cycle. Their results suggest that the importance of individual predictors
varies substantially over the forecast cycle, with survey data being more valuable at earlier
stages of the forecast cycle and hard data being more useful at later stages of the cycle.



In the case of inflation, the role of the level of disaggregation in forecast precision has been
more thoroughly explored due to the availability of a larger number of disaggregates
compared to GDP. Hendry and Hubrich (2011) find that direct forecasts of aggregate US
inflation computed using information from selected disaggregate variables or factors
representing disaggregate information, are superior to bottom-up forecasts and direct
forecasts of the aggregate using only past aggregate information. Hubrich (2005) finds that
for horizons relevant for monetary policy, direct euro area inflation forecasts are more
accurate than indirect forecasts obtained by aggregating forecasts for inflation sub-indices.
Bermingham and D’Agostino (2014) investigate the case of US and euro area inflation and
find that the accuracy of the aggregate forecast is enhanced when a large number of
disaggregates are used. Duarte and Rua (2007) compare direct inflation forecasts for the
Portuguese CPI with bottom-up forecasts computed from intermediate (five-component) and
higher (59-component) disaggregation levels; their results indicate an inverse relationship
between the forecast horizon and the level of disaggregation. Bruneau et al. (2007) and
Moser et al. (2007) use large datasets of economic indicators to forecast HICP inflation in
France and Austria, respectively; both papers find that bottom-up forecasts through the
construction of forecasts for HICP components are superior to direct inflation forecasts.

Previous studies in the case of Cyprus which used large datasets of predictors, factor-
augmented single equation models and combination forecasts found evidence in favour of
direct GDP growth forecasts (Papamichael and Pashourtidou 2014; Pashourtidou et al.
2017). The direct forecasts were compared to bottom-up forecasts obtained from the
expenditure components or the production side of GDP. This paper uses the production-side
components in a less detailed way than in previous work, in order to model and forecast
them jointly using a single model, which can add to the mutual consistency of the resulting
sectoral forecasts.

The structure of the paper is as follows. Section 2 describes the forecast methods. Section 3
presents the data. Section 4 examines the forecasting performance of growth forecasts for
supply-side components of GDP as well as for GDP. Section 5 concludes.

2. Forecasting methods

We use simple VAR models for the growth rates of the production-side components of GDP
as well as VAR models that also include exogenous variables in the form of common factors.
The inclusion of factors in the VARs allow us to assess the forecasting gains resulting from
utilising information from different macroeconomic and financial predictors beyond that
contained in history of the component growth rates.

Factor models summarise the information from a large number of economic/financial time
series by a small number of estimated indices known as common factors. Thus, the



dynamics of a dataset of many economic time series can be driven by a small number of
common shocks and a set of idiosyncratic components, i.e. one series-specific shock for
each variable in the dataset. The factors are estimated using the principal components
method. ?

2.1 Models

The variables to be forecasted are expressed as annualised percentage changes and as a
function of the forecasting horizon. Let yt”fh = (400/h)(InZ{,,, —InZ7) denote the
annualised growth rate of component s, s = 1, ..., 7, over the next h quarters, for h =1, ..., 8.
Then, collecting all the components in a vector, &, = [y} y% - ¥y 1, the h-step ahead
VAR model used for computing the forecasts for h = 1, ..., 8 is given by

Vn =A+E o Biyeitelyn, t=1..T (1)

where y,_; = [vi_; y&; - yi_;] is the vector of past growth rates of components, 4 is a 7 X
1 vector of constants, B; is a 7 x 7 matrix of coefficients of lagged growth rates and e, , is
the vector error term.

Equation (1) gives the VAR model of order q. For B; = 0, equation (1) reduces to the random
walk model for the log-level of component s, which is a constant growth model for
component s.

The simple VAR model can be extended by including estimated quarterly factors which are
treated as exogenous variables, i.e.,

Vi =A+ 21 Biyeei + Do @ifri + el (2)

where f, is one of the estimated factors summarising one of three different blocks of series
in the dataset, representing aspects of the domestic economy and international economic
environment; ®; is a 7 x1 matrix of factor coefficients. Due to the large number of
parameters in the VAR model, the factors are introduced one at a time and their joint
information content is exploited through the computation of forecast combinations. More
details about the factors and forecast combinations are given in section 3 and section 2.2,
respectively.

The estimation of the parameters and the lag length selection in models (1) and (2) are
carried out in a pseudo out-of-sample setup using recursive OLS and recursive
determination of lag order. We use three alternative criteria for lag determination, the Akaike
Information Criterion (AIC), the Bayesian Information Criterion (BIC) and the Hannan—Quinn
Information Criterion (HIC). For comparison purposes we also estimate the random walk
model for each (log) component. The forecast constructed in period t, for period t + h, uses

! For details about the factor model and estimation see Stock and Watson (2002a, 2002b).
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data up to t, thus no additional projections for predictors are required. This type of forecast is
known as ‘direct’, unlike the case of iterated forecasts (see e.g. Stock and Watson 2004,
2008). The choice of the number of lags for the endogenous variables in vector y, and factor
f; is between one and four.

2.2 Forecast combinations

The h-quarter ahead forecast for component s, yt+h, computed in period t is given by y[fh

Then the Mean Squared Forecast Error (MSFE) used for evaluating the forecasting
performance of each component equation in the VAR, for horizon h is given by

«~h,
MSFE; —WZ? ih()’prh Vein)? 3)
where T, is the number of observations used for estimation only (i.e. the first T, observations
in the sample) and T denotes the number of available observations in the sample.

The inclusion of one factor at a time in the model, allow us to estimate a number of different
VARs and to obtain many alternative forecasts for the components of interest. The forecasts
for each component can be further exploited by constructing combinations of forecasts.
Forecast combinations can provide more accurate forecasts by taking into account evidence
from all the models considered rather than relying on a specific model (e.g. Stock and
Watson 2004, 2008). Forecast combinations reduce the uncertainty resulting from the
specification of individual models due to different set of predictors, lag structures and
modelling approaches.

There are different methods to construct forecast combinations depending on how the
forecast weights are formed. Given M models and associated forecasts, a combination
forecast for component s denoted by Ft’i;sh, is the weighted average of individual forecasts,

with fixed or time-varying weights,

Fthfh = Li= 1Wlstylhtih (5)
where y{;ih is the h —step ahead forecast from model i computed in period t and w;, is the
weight assigned to that forecast. In general, the weights (w;;) depend on the historical
forecasting performance of model i, however weights can be fixed, leading to simple
forecast combinations such as the mean (w;, = 1/M) or the median. In cases in which the
weights depend on models’ past forecasting performance, the resulting combination
forecasts are known as discounted MSFE forecasts (Stock and Watson 2004, 2008). The
weights can be inversely proportional to the discounted MSFE (or the square of the

discounted MSFE) of the individual models, i.e.

Wi = s, O, 6)
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s _ _ (ep?
Wl,t - 29/1:1(67',1:)2 (7)

_ —h ot—-h—k/.h ~h, -1,
where €, = [thc=T0 5t Oin — yi,ks+h)2] ;

6 is the discount factor so that forecast errors made in the distant past are of smaller
importance. Larger weights are assigned to forecasts from models with lower MSFE (i.e.
better historical forecasting performance).

3. Data

The data on the variables of interest are obtained from the quarterly national accounts and
cover the period 1995Q1 — 2017Q2. Forecasts are constructed for the growth rate of seven
production-side components of GDP, namely GVA in constant prices in the following six
sectors:

agriculture, forestry and fishing (NACE code A),

industry (NACE codes B, C, D, E),

construction (NACE code F),

trade, transport, accommodation and food services (NACE codes G, H, 1),

financial services and business activities (NACE codes J, K, L, M, N),

other services (NACE codes O, P, Q, R, S, T),

2R e A

and

7. import duties plus VAT.

The seven components add up to GDP and thus forecasts for GDP growth are also
computed via the projected growth rates of these production-side components.

Some statistics on the variables of interest are shown in Table 1. The broader services
sectors comprise about 70% of GDP. The value added of financial services and business
activities accounts for 25% of GDP, while trade, transport, accommodation and food services
is the second largest sector with a contribution of 23%. Over the last 20 years, the sector of
financial and business activities has registered the fastest growth rate, while the primary and
secondary sectors have contracted. The sectors of construction and agriculture exhibit the
highest volatility in activity growth.

11



TABLE 1

GDP and production-side components

GVA
- ) (2]
= S0 » S
- o o =
= - § 88% Sao & A
a =2 = B 2go —-9%99 > 3.
o 57 9 2 g2 ScX g S«
) 82 3 B “E8 28%g = 5>
50 £ S U590 8328 @ z
<C 9 = =] o = £ 5 o
o O S Q g L o) Q.
= FSg E
Component share
to GDP Mean 2.6 8.4 6.7 22.6 24.9 22.2 12.6
St. Dev. 0.8 1.7 1.8 0.6 3.3 0.7 0.1
Year-on-year Mean 2.1 -1.8 -0.5 -0.6 2.0 41 2.2 2.1
changes (%)
St. Dev. 3.1 10.9 5.2 12.9 4.3 3.1 2.6 3.1
Quarter-on-quarter
changes (%) Mean 0.5 0.5 0.2 0.1 0.5 1.0 0.5 0.6
St. Dev. 1.0 8.6 1.7 55 15 0.9 0.8 1.6

Table 2 presents the results of Granger causality tests which are used for checking whether
the lagged growth rates of a given component contain information for the current growth rate
of another component, beyond that conveyed by its own past values.

TABLE 2

Granger causality tests, p-values of Chi-square tests

Lagged terms excluded *

=) £ c » All lagged
9_5'_% > .5 8% g=27 % 0 0 -8 'g = terms
5% I b3 2-oa —20 > S5« excluded
s 4} =} c 2L L 2B @ T >
32 3 Z SEgz 253 » g0 (except |
?g = 5 g5 g3 gg ) o s3 own lags)
S O E 3] [ 5 £
Equation 3
Agriculture — 0.0000 0.0900 0.6480 0.0000 0.1070 0.1500 0.0000
Industry 0.0270 — 0.0530 0.0040 0.0480 0.3710 0.2640 0.0060
Construction 0.4710 0.0950 — 0.0000 0.0480 0.3870 0.3780 0.0030

Trade, transport,
accommodation and 0.2270 0.0030 0.0150 — 0.1120 0.3330  0.9990 0.0070
food services

Financial and business

L 0.3290 0.0660 0.0260 0.4850 — 0.2690  0.0990 0.0230
activities
Other services 0.9390 0.0330 0.0190 0.4120 0.0000 — 0.9650 0.0000
Import duties plus VAT 0.0010 0.0000 0.0000 0.0000 0.0000 0.0420 — 0.0000

Notes: * The null hypothesis is that the coefficients on all the lags of the endogenous variable j are jointly equal to zero in the
equation for component i.

2 The null hypothesis is that the coefficients on all the lags of endogenous variables in the equation for component i, except the
coefficients on the lags of variable i, are jointly equal to zero.

8 The tests are carried out in a VAR model of order four estimated using 85 observations. The p-value for the Lagrange
Multiplier test for the absence of first order autocorrelation in the VAR residuals is 0.05. The p-value for the Jarque-Bera test for
normality in the VAR disturbances is 0.78.
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When the endogenous variables in each VAR equation are tested separately, the hypothesis
that the j-th endogenous variable does not Granger-cause the i-th dependent variable (i.e.
in the i-th equation) cannot be rejected at 10% significance level for 24 out of the 42 cases.
For example, the hypothesis that past changes in trade GVA are not informative for the
current growth rate in agriculture cannot be rejected. However, when the joint significance of
all the lagged terms, except own lags, is tested, the hypothesis of no Granger causality is
rejected in all equations. Therefore, there is evidence that all components are jointly useful
for predicting each production-side component of GDP.

The dataset contains additional quarterly variables (about 290) over the period 1995Q1 —
2017Q2 that represent many aspects of the domestic economy and the external economic
environment. Domestic data include variables such as economic activity indicators (e.g.
volume indices of retail trade and manufacturing, building permits, tourist arrivals, etc.),
labour market series (employment, unemployment, vacancies), fiscal data and public debt,
banking sector data (loans, deposits, interest rates), price indices, Cyprus Stock Exchange
indices and data on business and consumer confidence. Foreign/international data are
comprised of euro exchange rates to different currencies (US dollar, British pound, Russian
rouble, etc.), foreign activity and labour market indicators, European interest rates and
spreads, foreign price indices and international commaodity prices (e.g. oil, gold, wheat, etc.),
stock market indicators and European economic confidence/sentiment indicators.?

The dataset is split in three blocks: (a) domestic real economic activity and labour market
indicators, (b) domestic financial and fiscal variables, prices and economic confidence
indicators, and (c) foreign/international financial variables, prices and European confidence
indicators. The dataset is summarised by extracting a small number of common factors from
each block, representing three distinct aspects of the economy. The factors are estimated
via the application of principal component analysis. The factors are used as predictors in the
VAR models and therefore are estimated recursively over the pseudo-out-of-sample period
spanning from 2008Q3 to 2017QL1.

Table 3 presents the number of factors chosen (out of a total of five factors per block) by
three alternative information criteria —ICP1, ICP2, ICP3— (Bai and Ng 2002). These criteria
suggest at most three factors for each block of data. The first three factors computed
recursively over the pseudo-out-of-sample period account for about a third of the variation in
the block of domestic real activity and labour market variables, and about two fifths of the
total variance in the block of other domestic indicators. The first three factors capture about
half of the cross-section variation in the block of foreign/international economic and financial
indicators.

2 Data are obtained from the following sources: Statistical Service of Cyprus, Central Bank of Cyprus,
Eurostat, European Central Bank, European Commission, Datastream, Global Financial Data and
other local sources (e.g. Cyprus Stock Exchange, Department of Land and Surveys, Department of
Registrar of Companies).
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TABLE 3

Estimation of factors

Blocks of variables

Domestic real economic

activity and labour Oth\;e;ric;cl’)rlr;stlc Forelgvr;/;in;glrgsauonal
market variables
Number of series 124 66 101
Pseudo-out-of-sample period
Number of factors estimated by each
information criterion (ICP)
ICP1 1-2 3 3
ICP2 1-2 2-3 3
ICP3 3 3 3
Percentage of block variance explained 30% — 36% 41% — 45% 47% — 54%
by the first three factors
Full sample
Number of factors estimated by each
information criterion (ICP)
ICP1 2 3 3
ICP2 2 3 3
ICP3 3 3 3
Percentage of block variance explained 34% 22% 47%

by the first three factors

4. Forecasting performance

The VAR models described in Section 2 are employed for forecasting the growth rates of the
production-side components of GDP i.e. GVA (constant prices) in six sectors of economic
activity, and import duties plus VAT. We also consider forecast combinations of the
component forecasts obtained from VAR models with factors as the forecasting performance
of models based on individual predictors could be unstable over time (e.g. Stock and Watson
2004). A recursive pseudo-out-of-sample forecasting exercise is carried out using data over
the period 1995Q1 — 2017Q2; the first estimation period consists of 50 observations and the
pseudo-out-of-sample forecasts are constructed for horizons of one to eight quarters ahead.

4.1 Component forecasts

Table 4 presents the results of the forecasting exercise for the growth rate of the seven
production-side GDP components. The forecasts are computed using the following methods:
(@) simple VAR models for the seven components, and (b) combinations of forecasts
obtained for each component from VAR models which include exogenous factors. The table
presents the square root of MSFE (RMSFE) of the different methods relative to that of the
random walk benchmark for each component. The entries in bold indicate that the forecasts
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from a model/method are more accurate than the naive benchmark forecasts, and the
difference in the performance is statistically significant.

Simple VAR models yield some forecasting gains, especially for short horizons. However,
the difference in the precision between VAR and benchmark forecasts is not always
statistically significant. The largest gains in predictive accuracy resulting from VAR forecasts
are achieved for the sectors of financial and business activities, and other services as well
as for the component of import duties and VAT. The forecasting performance of VAR models
is further improved with the inclusion of estimated factors. The factors summarise a large
number of domestic and foreign/international macroeconomic and financial indicators. The
combinations of forecasts computed from VARs with exogenous factors outperform naive
and simple VAR forecasts in most cases. For industry, trade and other services as well as
for duties, the increase in predictive accuracy from the inclusion of factors is significant vis-a-
vis the benchmark for very short horizons only. For the construction sector forecast gains are
larger for long horizons, while for the financial sector significant improvements over the
benchmark are achieved for both short and long horizons.

We also compare the performance of sectoral forecasts obtained through VAR models to
those computed using the single equation methods employed in previous work. As the
number of unknown parameters in single equation models is smaller compared to that in
VARSs, the former are used to compute forecasts for more disaggregates than the VARs. The
single equation methods explored in previous work provide forecasts for all of the 11
components that appear on the production side of the national accounts.® Five out of 11
components used in single equation models, namely agriculture—forestry—fishing, industry,
construction, trade—transport—accommodation-food, and duties—VAT, are identical to those
in VARs. The remaining six production-side components, which are forecasted individually
using single equations, are aggregated into two broader services sectors, i.e. financial and
business activities, and other services, when they are forecasted via VAR models.

3 The single equation dynamic models for the production-side components consist of autoregressive
distributed lag (ADL) models and factor augmented ADL (FADL) models. The dataset used in the
estimation of the single equation models is the same as that used in VARs. The factors in the FADL
models summarise a large set of domestic and foreign indicators on real economic activity as well as
the domestic and European labour market. The predictors (other than own lags) in the ADL models
include a large number of different macroeconomic and financial indicators, other than those used for
extracting the factors. The predictors are included in the ADL models one at a time, together with their
leads, if available. The FADL models are an extension of the ADL models by including factors (one at
a time) as additional predictors, together with leads of variables included in the factors, if available.
For details of sectoral forecasts based on single equation models, see Pashourtidou et al. (2017).
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TABLE 4

Relative RMSFE vis-a-vis the random walk, production-side components

Forecast horizon (quarters) 1 2 3 4 5 6 7 8
1. Agriculture, forestry, fishing
Random walk (log-levels) benchmark, RMSFE 9.06 9.33 9.60 11.23 1175 1219 12,69 13.91
VAR models
VAR(1) 0.90 1.14 1.06 1.04 1.10 1.15 1.03 1.03
VAR(4) 1.05 1.14 1.06 1.04 1.10 1.12 1.03 1.03
VAR(AIC) 0.90 0.95 1.06 1.04 1.10 1.15 1.03 1.03
VAR(BIC) 1.17 1.53 1.84 1.76 151 1.37 1.48 1.69
VAR(HIC) 1.17 1.46 1.84 1.76 151 1.37 1.48 1.69
VAR models with exogenous factors
Forecast combinations
Median 0.91 0.96 1.06 1.05 1.10 1.15 1.01 1.02
Mean 0.92 0.96 1.08 1.06 1.09 1.15 1.01 1.02
Discounted MSFE (0.90) 0.94 0.97 1.08 1.07 1.09 1.16 1.01 1.00
Squared discounted MSFE (0.90) 0.98 0.97 1.09 1.09 1.09 1.16 1.01 0.99
2. Industry
Random walk (log-levels) benchmark, RMSFE 2.57 4.47 6.68 8.94 7.42 5.94 4.92 5.09
VAR models
VAR(1) 0.89 0.86 0.98 1.10 1.25 1.65 2.23 2.60
VAR(4) 0.92 0.86 0.98 1.10 1.25 2.10 2.23 2.60
VAR(AIC) 0.89 0.89 0.98 1.10 1.25 1.65 2.23 2.60
VAR(BIC) 1.03 1.10 1.34 1.57 2.13 3.15 4.37 4,96
VAR(HIC) 1.03 1.07 1.34 1.57 2.13 3.15 4.37 4,96
VAR models with exogenous factors
Forecast combinations
Median 0.88 0.87 0.98 1.09 1.24 1.64 2.22 2.59
Mean 0.87 0.86 0.96 1.07 1.21 1.62 2.19 2.57
Discounted MSFE (0.90) 0.87 0.86 0.96 1.07 1.21 1.62 2.18 2.56
Squared discounted MSFE (0.90) 0.86 0.87 0.96 1.07 1.21 1.61 2.18 2.56
3. Construction
Random walk (log-levels) benchmark, RMSFE 6.60 10.23 14.23 19.07 1990 1946 1567 14.79
VAR models
VAR(1) 1.09 0.98 0.97 0.93 1.01 0.95 0.86 0.95
VAR(4) 1.17 0.98 0.97 0.93 1.01 1.06 0.86 0.95
VAR(AIC) 1.09 0.96 0.97 0.93 1.01 0.95 0.86 0.95
VAR(BIC) 1.28 1.31 1.27 1.34 1.46 1.63 2.02 2.96
VAR(HIC) 1.28 1.25 1.27 1.34 1.46 1.63 2.02 2.96
VAR models with exogenous factors
Forecast combinations
Median 1.09 0.97 0.97 0.92 0.99 0.93 0.85 0.94
Mean 1.08 0.97 0.97 0.92 0.98 0.92 0.82 0.88
Discounted MSFE (0.90) 1.08 0.96 0.97 0.92 0.98 0.92 0.82 0.87
Squared discounted MSFE (0.90) 1.08 0.96 0.97 0.93 0.98 0.92 0.83 0.86
4. Trade, transport, accommodation and food services
Random walk (log-levels) benchmark, RMSFE 1.50 2.58 3.92 5.48 5.89 5.99 4.73 3.52
VAR models
VAR(1) 0.79 1.00 0.81 0.89 0.96 1.02 0.97 0.95
VAR(4) 1.14 1.00 0.81 0.89 0.96 1.19 0.97 0.95
VAR(AIC) 0.79 0.82 0.81 0.89 0.96 1.02 0.97 0.95
VAR(BIC) 1.08 1.19 1.19 1.27 1.35 1.30 1.15 1.91
VAR(HIC) 1.08 1.07 1.19 1.27 1.35 1.30 1.15 1.91
VAR models with exogenous factors
Forecast combinations
Median 0.76 0.79 0.79 0.88 0.94 1.00 0.98 0.93
Mean 0.72 0.78 0.78 0.88 0.94 0.99 0.95 0.89
Discounted MSFE (0.90) 0.75 0.79 0.78 0.90 0.93 0.98 1.03 0.88
Squared discounted MSFE (0.90) 0.77 0.78 0.78 0.91 0.93 0.97 1.07 0.88
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TABLE 4 (continued)

Forecast horizon (quarters) 1 2 3 4 5 6 7 8
5. Financial and business activities
Random walk (log-levels) benchmark, RMSFE 1.14 2.17 3.29 4.56 491 5.06 4.33 3.27
VAR models
VAR(1) 0.64 0.66 0.73 0.80 0.91 0.98 0.89 0.80
VAR(4) 0.73 0.66 0.73 0.80 0.91 1.11 0.89 0.80
VAR(AIC) 0.64 0.63 0.73 0.80 0.91 0.98 0.89 0.80
VAR(BIC) 0.76 0.74 0.92 1.00 121 1.32 1.38 1.86
VAR(HIC) 0.76 0.71 0.91 1.00 121 1.32 1.38 1.86

VAR models with exogenous factors
Forecast combinations

Median 0.63 0.63 0.72 0.80 0.91 0.97 0.89 0.80
Mean 0.62 0.62 0.71 0.79 0.90 0.97 0.89 0.81
Discounted MSFE (0.90) 0.63 0.62 0.72 0.79 0.89 0.96 0.89 0.79
Squared discounted MSFE (0.90) 0.63 0.63 0.72 0.79 0.89 0.96 0.90 0.78
6. Other services
Random walk (log-levels) benchmark, RMSFE 1.04 2.08 3.19 4.26 4.46 4.71 4.02 2.05
VAR models
VAR(1) 0.68 0.64 0.68 0.65 0.66 0.69 0.77 0.73
VAR(4) 0.72 0.64 0.68 0.65 0.66 0.61 0.77 0.73
VAR(AIC) 0.64 0.63 0.73 0.80 0.91 0.98 0.89 0.80
VAR(BIC) 0.76 0.74 0.92 1.00 121 1.32 1.38 1.86
VAR(HIC) 0.78 0.93 0.93 0.86 0.71 0.64 0.69 1.30

VAR models with exogenous factors
Forecast combinations

Median 0.67 0.62 0.68 0.65 0.66 0.69 0.76 0.73
Mean 0.67 0.61 0.67 0.65 0.65 0.68 0.75 0.73
Discounted MSFE (0.90) 0.68 0.61 0.67 0.64 0.65 0.68 0.73 0.71
Squared discounted MSFE (0.90) 0.69 0.61 0.66 0.64 0.65 0.68 0.68 0.73
7. Import duties plus VAT
Random walk (log-levels) benchmark, RMSFE 1.79 2.53 3.81 5.02 5.29 5.27 4.07 2.33
VAR models
VAR(1) 0.78 0.62 0.69 0.80 0.89 0.95 0.97 1.08
VAR(4) 0.70 0.62 0.69 0.80 0.89 1.03 0.97 1.08
VAR(AIC) 0.68 0.62 0.68 0.65 0.66 0.69 0.77 0.73
VAR(BIC) 0.78 0.94 0.94 0.86 0.71 0.64 0.69 1.30
VAR(HIC) 0.76 0.79 0.87 0.99 1.19 1.32 1.76 3.91

VAR models with exogenous factors
Forecast combinations

Median 0.77 0.78 0.68 0.79 0.87 0.93 0.96 1.06
Mean 0.77 0.77 0.67 0.78 0.85 0.92 0.93 0.98
Discounted MSFE (0.90) 0.76 0.76 0.68 0.79 0.86 0.92 0.94 0.96
Squared discounted MSFE (0.90) 0.76 0.76 0.68 0.79 0.86 0.92 0.95 0.94

Notes: Entries in bold denote statistical significance at 10% level of the modified Diebold-Mariano test of equal forecast
accuracy (Diebold and Mariano 1995; Harvey et al. 1997). The test compares the benchmark model (random walk) forecasts to
VAR and combination forecasts.

VAR(AIC), VAR(BIC) and VAR(HIC) denote the vector autoregressive models with lag lengths selected using the Akaike,
Bayesian and Hannan — Quinn information criteria, respectively; VAR(1) and VAR(4) are the vector autoregressive models of
order one and four, respectively.

For the discounted and squared discounted MSFE forecast combination method the discount factor is given in parentheses.

The results of the forecasting performance of single equation methods are given in Table 1A
(Appendix). We focus on comparing the accuracy of forecast combinations only, as they
typically outperform autoregressive forecasts in both VAR and single equation settings. For
sectors in which there is a larger number of relevant predictors, such as industry,
construction and trade, combination forecasts from single equations are associated with
higher precision than those from VAR models in which exogenous factors summarise the
information in the predictors. The growth forecasts for financial and business activities, and
other services are computed as bottom-up forecasts, using combinations of single equation
model forecasts for four and two sub-components, respectively. For these two broad
services sectors the performance of single equation and VAR forecasts is similar.
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Overall, the differences in the precision of component forecasts from single equations and
VAR models are subtle as can be gathered from the evolution of forecasted values in Figure
1A. However, for large components such as trade, financial and business activities, other
services, and to a lesser extent duties, the contraction in activity during the period 2012 —
2013 was better predicted by VAR models.

4.2 GDP growth forecasts

We compute GDP growth forecasts by aggregating the component forecasts whose
performance was discussed in section 4.1. The resulting GDP growth forecasts are known
as bottom-up or indirect forecasts, i.e. they are constructed by adding up the forecasts for all
the production-side components of GDP. We compute a bottom-up GDP growth forecast by
aggregating the component forecasts obtained via simple VAR models or combinations of
forecasts from VARs with exogenous factors, i.e.

5(GDP,k) _ S 5(s,k)
Zt+h - Z:5=1 Zt+h

where Zfi',? is the forecasted level of component s implied by the corresponding growth

forecast for period t + h constructed with data up to period t. The superscript k denotes the
VAR model or forecast combination that gave the component forecast. Zt(fzp'k) is the
resulting forecast for the level of GDP, which is transformed into growth rate prior to
evaluating the forecasting performance. The component forecasts obtained from v distinct
VARs with exogenous factors can be aggregated into v different forecasts for GDP, i.e.
z‘gﬁi”'” for [ =1,2,...,v; subsequently, the resulting v bottom-up growth forecasts can be

combined into a single forecast by applying combination methods.

Table 5 compares the performance of bottom-up GDP growth forecasts obtained from VARs
with the following types of GDP growth forecasts:

(a) bottom-up GDP growth forecasts based on combinations of component growth
forecasts computed from single equation models for each one of the 11 production-
side components;

(b) direct GDP growth forecasts based on combinations of forecasts computed from
single equation models for GDP growth.*

The benchmark for comparisons is the random walk model for GDP (log-level). The entries
in bold indicate a superior performance vis-a-vis the naive benchmark, with the difference in
forecast accuracy being statistically significant.

4 The single equation dynamic models for the growth rate of GDP consist of autoregressive distributed
lag (ADL) models and factor augmented ADL (FADL) models as described in footnote 3.
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TABLE 5

Relative RMSFE vis-a-vis the random walk, GDP growth

Forecast horizon (quarters) 1 2 3 4 5 6 7 8

I. DIRECT FORECASTS

Single equation models for GDP growth

1.1. Random walk benchmark, RMSFE 129 237 366 508 533 528 394 228
1.2. Combinations of GDP growth forecasts
Median 061 056 060 067 074 079 073 059
Mean 059 055 059 065 071 076 070 0.59
Discounted MSFE (0.90) 059 055 059 064 070 074 069 0.60
Squared discounted MSFE (0.90) 058 055 059 063 067 071 066 0.63

Il. BOTTOM-UP FORECASTS

II.1. VAR models for seven components

Random walk 106 103 1.02 102 103 103 1.04 1.08
VAR(1) 079 068 076 081 089 094 092 105
VAR(4) 0.80 068 076 081 089 1.03 092 105
VAR(AIC) 079 070 076 081 089 094 092 105
VAR(BIC) 0.85 083 092 097 111 121 151 328
VAR(HIC) 0.85 080 092 097 111 121 151 328

11.2. VAR models with exogenous factors
1.2.1. Combinations of component growth forecasts

Median 078 070 075 080 087 093 091 103
Mean 075 069 074 079 086 091 089 0097
Discounted MSFE (0.90) 0.77 069 074 080 085 091 090 0093
Squared discounted MSFE (0.90) 0.78 069 074 080 085 090 090 0.90
11.2.2. Combinations of bottom-up GDP growth forecasts
Median 079 070 075 080 088 092 091 103
Mean 075 069 074 079 086 091 089 097
Discounted MSFE (0.90) 071 068 074 079 086 091 0.89 095
Squared discounted MSFE (0.90) 069 066 074 080 086 092 090 094

11.3. Single equation models for 11 components
Combinations of component growth forecasts

Median 0.70 066 071 079 085 0.88 086 0.74
Mean 0.69 065 070 0.77 083 086 084 0.72
Discounted MSFE (0.90) 0.68 064 069 076 081 085 082 0.71
Squared discounted MSFE (0.90) 068 063 068 074 080 083 081 0.71

Notes: Entries in bold denote statistical significance at 10% level of the modified Diebold-Mariano test of equal forecast
accuracy (Diebold and Mariano 1995; Harvey et al. 1997). The test compares the benchmark model (random walk) forecasts to
the different bottom-up and direct GDP growth forecasts shown in the table.

VAR(AIC), VAR(BIC) and VAR(HIC) denote the vector autoregressive models with lag lengths selected using the Akaike,
Bayesian and Hannan — Quinn information criteria, respectively; VAR(1) and VAR(4) are the vector autoregressive models of
order one and four, respectively.

For the discounted and squared discounted MSFE forecast combination method the discount factor is given in parentheses.
A number of different forecasts for the aggregate can also be computed using forecasts for the eleven components obtained

from different single equation models; subsequently the bottom-up GDP growth forecasts are combined into a single forecast
using forecast combinations. The results are almost indistinguishable from those obtained using the forecast combinations of
the components (shown in section 11.3 of the table) and are therefore omitted.

Bottom-up GDP growth forecasts computed from VAR forecasts for the seven production-
side components lead to significant gains over the benchmark only for very short horizons.
The improvements over the benchmark are larger, albeit not always significant, when
information from exogenous factors is included in the VARs. Nevertheless, single equation
methods for forecasting GDP growth either directly or indirectly via its 11 production-side
disaggregates outperform the bottom-up VAR-based forecasts throughout. Moreover,
combinations of direct GDP growth forecasts exhibit the highest accuracy with gains vis-a-

vis the benchmark ranging between 21% and 45% over one to eight quarters. Improvements
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associated with bottom-up forecasts from single equations and VARSs vary between 17% and
37%, and between 6% and 34%, respectively, over the forecast horizon, when the best-
performing squared discounted combination method is applied.®

Figure 1 plots the cumulative RMSFE of direct and bottom-up GDP growth forecasts for the
squared discounted MSFE method which is associated with superior performance. In the
case of VARs, bottom-up GDP growth forecasts are computed using the component
forecasts from the different VARs with exogenous factors; subsequently the bottom-up GDP
growth forecasts are combined into a single forecast using the abovementioned combination
method. Throughout the forecasting period, direct GDP growth forecasts are more accurate
than bottom-up forecasts. In the pre-crisis period the performance of single equation bottom-
up forecasts was superior to that of VAR-based predictions, but during the 2012 — 2014
recession the error of VAR forecasts declined below that of single equation predictions for
one-quarter ahead horizon. Subsequently, the errors of one-quarter ahead bottom-up
forecasts from the two methods become indistinguishable. For four-quarter ahead forecasts,
VAR bottom-up predictions are associated with the highest error over the entire period,
despite the fast reduction in their error during and after the crisis.

Figure 2 shows the evolution of one- and four-quarter ahead GDP growth forecasts obtained
from the different methods with superior performance presented in Figure 1. VAR-based
forecasts are the most volatile due to higher estimation uncertainty, but it seems that they
captured the depth of the recession in 2013 and the moderation of the recession in 2014
more accurately than the predictions produced by the other two methods.

5 The predictive accuracy of direct GDP growth forecasts obtained through the squared discounted
MSFE (0.90) combination method is statistically superior to the bottom-up forecasts computed using
single equation or VAR component forecasts for horizons of up to four quarters ahead.
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FIGURE 1
Cumulative RMSFE, GDP growth forecasts

A. One-quarter ahead forecasts
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Notes: In the case of single equations, the bottom-up GDP growth forecast is computed using the squared
discounted MSFE combination (with discount factor equal to 0.9) of forecasts for the growth rate of each one of
the 11 components obtained from single equation models for each component (section 1.3 of Table 5). In the
case of VARs, bottom-up GDP growth forecasts are computed using the component forecasts from the different
VARSs; subsequently the bottom-up GDP growth forecasts are combined into a single forecast using the squared

discounted MSFE combination with discount factor equal to 0.9 (section 11.2.2 of Table 5).

The dates on the horizontal axis are adjusted so that they correspond to the reference dates of the actual GDP

growth rates.
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FIGURE 2
GDP growth forecasts (y-o0-y percentage change)

A. One-quarter ahead forecasts
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5. Summary and conclusions

This paper explores the use of VAR models for the construction of growth forecasts in the
case of production-side GDP components and GDP via aggregation of its component
forecasts. This paper extends previous work on methods for estimating sectoral forecasts by
employing single equation dynamic models and common factors.

The results show that, in general, component forecasts obtained from VARs with exogenous
factors outperform simple VAR forecasts. Forecast gains, however, are mainly attained for
short horizons. The exceptions are the sector of construction in which there are minimal
gains for longer horizons, and the sector of financial and business activities in which
significant gains are attained for both short and long horizons. Component forecasts
computed from single equations are at least as accurate as VAR forecasts. However, the
contraction in activity during the period 2012 — 2013 was better predicted by VAR models in
the case of large components such as trade, financial and business activities, and other
services. Similarly, bottom-up GDP growth forecasts from single equation models for
components are at least as precise as indirect forecasts using VARs to compute the
component forecasts. Nevertheless, direct GDP growth forecasts are the best performers
over the period considered.

The findings of the paper resonate with the considerations in Lutkepohl (2010), namely that
in practice, estimation uncertainty in a multivariate model could be more dominant than in a
single equation model for the aggregate, therefore impacting negatively on the forecast
precision of the bottom-up aggregate forecast vis-a-vis its direct counterpart, despite the
theoretical optimality of the former. In the empirical analysis in this paper, estimation
uncertainty could play a key role in the superiority of direct forecasts as the available time
series are not particularly long. Also, the use of factors as exogenous variables in the VARs
appears to be a useful extension of simple VARs as it incorporates valuable information in
the models without increasing the parameter space considerably. Bayesian VARSs constitute
an alternative parameter space reduction technigue which is under investigation for sectoral
and GDP growth forecasting.

The evaluation of the forecasting performance of the different methods considered in this
paper should be repeated on a systematic basis as the size of the available time series
influences the reliability of the results, especially for longer forecast horizons. Nonetheless,
forecasting GDP growth indirectly through VAR-type systems provides an integrated
framework for analysing the role of sectors in economic cycles and assessing the impact of
shocks on sectors and the economy as a whole.
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Appendix

TABLE Al
Relative RMSFE vis-a-vis the random walk, single equation forecasts for production-side components
Forecast horizon (quarters) 1 2 3 4 5 6 7 8
1. Agriculture, forestry, fishing
Random walk (log-levels) benchmark, RMSFE 9.06 9.33 9.60 11.23 11.75 12.19 12.69 13.91

Single equation models for the growth rate of component
Forecast combinations

Median 1.02 0.99 1.00 1.00 1.00 1.00 0.99 1.00
Mean 1.02 0.99 1.01 1.02 1.01 1.01 1.00 1.00
Discounted MSFE (0.90) 1.02 0.99 1.01 1.02 1.01 1.01 1.00 1.00
Squared discounted MSFE (0.90) 1.02 0.99 1.01 1.02 1.01 1.01 1.00 1.01
2. Industry
Random walk (log-levels) benchmark, RMSFE 2.57 4.47 6.68 8.94 7.42 5.94 4.92 5.09

Single equation models for the growth rate of component
Forecast combinations

Median 0.83 0.82 0.86 0.90 0.86 0.86 0.81 0.85
Mean 0.82 0.81 0.84 0.88 0.82 0.80 0.76 0.81
Discounted MSFE (0.90) 0.82 0.80 0.83 0.87 0.82 0.80 0.75 0.81
Squared discounted MSFE (0.90) 0.82 0.79 0.82 0.85 0.81 0.79 0.75 0.81
3. Construction
Random walk (log-levels) benchmark, RMSFE 6.60 10.23 14.23 19.07 19.90 19.46 15.67 14.79

Single equation models for the growth rate of component
Forecast combinations

Median 0.88 0.79 0.80 0.79 0.77 0.78 0.72 0.90
Mean 0.88 0.80 0.78 0.77 0.75 0.76 0.72 0.90
Discounted MSFE (0.90) 0.88 0.80 0.79 0.77 0.75 0.77 0.73 0.91
Squared discounted MSFE (0.90) 0.88 0.80 0.79 0.78 0.75 0.77 0.75 0.94
4. Trade, transport, accommodation and food services
Random walk (log-levels) benchmark, RMSFE 1.50 2.58 3.92 5.48 5.89 5.99 4.73 3.52

Single equation models for the growth rate of component
Forecast combinations

Median 0.69 0.75 0.81 0.89 0.95 0.95 1.00 1.03
Mean 0.66 0.73 0.79 0.87 0.92 0.93 0.99 1.03
Discounted MSFE (0.90) 0.66 0.73 0.79 0.86 0.91 0.92 0.98 1.02
Squared discounted MSFE (0.90) 0.66 0.73 0.77 0.84 0.91 0.92 0.97 1.02
5. Financial and business activities
Random walk (log-levels) benchmark, RMSFE 1.14 2.17 3.29 4.56 491 5.06 4.33 3.27

Single equation models for the growth rate of component
Forecast combinations

Median 0.60 0.67 0.72 0.76 0.83 0.90 0.91 0.80
Mean 0.58 0.62 0.72 0.75 0.82 0.89 0.89 0.80
Discounted MSFE (0.90) 0.57 0.62 0.71 0.75 0.81 0.88 0.88 0.79
Squared discounted MSFE (0.90) 0.56 0.61 0.71 0.74 0.80 0.86 0.87 0.77
6. Other services
Random walk (log-levels) benchmark, RMSFE 1.04 2.08 3.19 4.26 4.46 4.71 4.02 2.05

Single equation models for the growth rate of component
Forecast combinations

Median 0.66 0.67 0.75 0.85 0.92 0.96 0.94 0.84
Mean 0.65 0.66 0.74 0.84 0.90 0.94 0.91 0.78
Discounted MSFE (0.90) 0.65 0.65 0.73 0.81 0.88 0.92 0.89 0.75
Squared discounted MSFE (0.90) 0.64 0.65 0.72 0.78 0.85 0.90 0.87 0.70
7. Import duties plus VAT
Random walk (log-levels) benchmark, RMSFE 1.79 2.53 3.81 5.02 5.29 5.27 4.07 2.33

Single equation models for the growth rate of component
Forecast combinations

Median 0.74 0.70 0.68 0.73 0.83 0.87 0.94 0.89
Mean 0.72 0.68 0.67 0.71 0.81 0.84 0.91 0.88
Discounted MSFE (0.90) 0.71 0.67 0.66 0.69 0.80 0.81 0.89 0.89
Squared discounted MSFE (0.90) 0.71 0.65 0.66 0.67 0.78 0.76 0.83 0.88

Notes: Entries in bold denote statistical significance at 10% level of the modified Diebold-Mariano test of equal forecast accuracy (Diebold and
Mariano 1995; Harvey et al. 1997). The test compares the benchmark model (random walk) forecasts to combination forecasts.

For the discounted and squared discounted MSFE forecast combination method the discount factor is given in parentheses.

Forecasts for the sectors of financial and business activities, and other services are computed as bottom-up forecasts using combinations of
single equation model forecasts for four and two sub-components, respectively.
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FIGURE Al
Forecasts for the growth rate of production-side components (y-o0-y percentage change)

A. One-quarter ahead forecasts
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Note: The dates on the horizontal axis are adjusted so that they correspond to the reference dates of the actual GDP growth
rates.
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