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Abstract

This paper examines the out-of-sample forecasting performance of mixed-
frequency panel VAR (pVAR) models for four key macroeconomic variables us-
ing data from four European economies. Our aim is to investigate the circum-
stances under which modelling interdependencies across countries improves
forecasting with respect to standard single-country models. For a complete
assessment, we evaluate point, directional and also interval and density fore-
casts. Overall, the empirical results provide mixed evidence in favour of pVAR
models.
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1 Introduction

The literature on Panel Vector Autoregressive (pVAR) models has been gradually
increasing over the past decades mainly due to the wide applicability of these models.
pVAR models combine the simplicity of Vector Autoregressive (VAR) models with
the rich information provided by panel data, permitting joint modelling of several
countries or sectors, at the macro level, or firms or households, at the micro level.
These features are very relevant for official statistics, due to the continuous growth
of the amount of available data (both from traditional and alternative sources, such
as big data) and the need of taking into account globalization effects and interdepen-
dencies among economic sectors, markets, regions, countries, etc. when constructing
statistical indicators.

In the context of official statistics, pVARs models are particularly appealing for
nowcasting and the construction of flash estimates for key economic indicators, using
large information sets and taking into account cross-country interdependencies. Both
features are indeed potentially relevant to improve upon current methods, often based
on small sets of single-country data, which makes flash estimates inaccurate in the
presence of global shocks, like it happened in the recent financial crisis when flash
estimates had to be often and repeatedly revised.

VAR models are already often used in official statistics, as they can capture linear
interdependencies among multiple time series, without requiring deep knowledge on
the factors affecting a variable, as it is instead usually the case in, e.g., structural
simultaneous equation models. From a statistical point of view, VAR models can
be considered as an approximation to the MA infinite representation implied by the
Wold theorem for stationary variables. As such, they are theoretically well grounded
and for this reason, combined with their good fit for several types of macroeconomic
data and ease of implementation, they are often used in official statistical agencies.
In fact, VAR models only require the specification of a set of variables that are
assumed to interact dynamically.

However, in the global economic framework we live in, and given the large degree

of economic integration across countries, the researcher must use an extended version



of VAR models, leading to a multi-sector, multi-market, multi-country specification.
This cannot be accomplished by standard VAR techniques, as the number of parame-
ters of the resulting VAR would be too large, it grows quadratically with the number
of variables (the so-called curse of dimensionality). Hence, specific techniques are
needed. The seminal papers by Anderson and Hsiao (1982) and Holtz-Eakin et al.
(1988) formulate the combination of panel data (multi-sector, multi-market, multi-
country)! with standard time series VAR models, yielding the pVAR models.

pVAR models have been gradually increasing in popularity in the fields of empiri-
cal economics and economic statistics during the past decade. Two factors explaining
their increasing adoption in empirical applications are their ability to capture inter-
dependencies and the availability of freeware software.? However, before considering
pVAR models as a tool really suited for official statistics, and in particular for flash
estimation and nowcasting, their forecasting performance needs to be carefully in-
vestigated and assessed.

This paper complements the review of theoretical and empirical articles on panel
VARs by Kapetanios et al. (2019) and is specifically concerned with the examination
of the out-of-sample forecasting performance of pVAR models for key economic vari-
ables of European countries. The choice of this region is of particular importance as
it consists of separate economies which are integrated to a large extent (no customs,
single currency for many of them, etc.). From an official statistics point of view,
analysing data of integrated economies requires to capture the potential underlying
interdependencies and exploit them in the context of estimation and forecasting.
Our four target variables are: (i) the quarterly Gross Domestic Product growth, (ii)
the monthly Industrial Production growth, (iii) the first difference of the monthly
Unemployment Rate and (iv) the period-to-period Inflation based on the monthly

Consumer Prices Indices. Our set of countries consists of Germany, France, Italy

! Also see Chudik and Pesaran (2015) for a survey on panel data models.

2Love and Zicchino (2006), which is one of the first papers to widely share STATA program
codes, has more than 1,100 citations. As these models have increased in popularity, Abrigo and
Love (2015) have prepared a suite of computational procedures for STATA and Sigmund and Ferstl
(2019) prepared a suite of procedures for R. The ECB BEAR toolbox built in MATLAB also
includes procedures for pVAR models; see Dieppe et al. (2016) for more information.



and the UK.

We start with a set of standard models which includes univariate autoregressive
and VAR models. Then, we extend these models including factors extracted from a
higher frequency set of macroeconomic and financial predictors as well as big textual
data. To overcome the difficulty of mixed-frequency we employ the bridge and UMI-
DAS approaches. Finally, we compare the out-of-sample forecasting performance
of the standard models to simple and factor-augmented pVAR models. Therefore,
we contribute to the academic literature and to the discussion on the usefulness of
pVARs in the context of official statistics in two ways: (i) we apply for the first
time mixed-frequency pVAR models, and (ii) we provide a comprehensive forecast-
ing evaluation of standard and pVAR models using point, directional and density
forecasts.

The rest of this paper is organised as follows. Section 2 introduces the method-
ological framework. Section 3 briefly explains the datasets. Section 4 discusses the
forecasting algorithm and forecast evaluation statistics. Section 5 presents the main
results. Section 6 summarizes the main findings and offers the conclusions. In the
Appendix we review the already existing open source software solutions for esti-
mation of pVAR models, mainly focusing on the R programming language that is

particularly suited for statistical computing.

2 Methodology

2.1 pVAR

A pVAR model is similar in many ways to a standard VAR or VAR with exogenous
regressors (VARX), as variables are still treated as endogenous and interdependent.
However, a cross-sectional dimension is added, which can account for joint mod-
elling + = 1,..., N units. Units can be, for example, countries, sectors, markets or
combinations of them. In our forecasting setup, which follows in a later section, ¢

corresponds to countries.



A pVAR(p) model of i = 1,..., N units can be represented as:

p
Yit = i + Z A1 + it (1)
=1
where i =1,...,N,t=1,...,T and pu; captures the unit-specific effects. Therefore,

a pVAR(p) can be also seen as a combination of single equation dynamic panel data

models (DPM).

Assumption 1 The disturbances, €;, have the following properties:
1. £ (8it) = O,

2. E (5it€;t) = Es,ii;

3. E (sucyy_,) =0 for s #t.

In the above setup we see that €;; is zero mean, uncorrelated and homoscedastic
across time for each unit. Yet, the errors can be correlated both across variables for
the same unit and across units, i.e., £ (@ﬁ}t) = Yeij-

In a similar fashion to VARX(p) models, we can include exogenous variables in

pVAR(p) models as well. The specification becomes:

p s
vie =i+ > Awaor+ Y Crsiop + € (2)

=1 k=0

Following Binder et al. (2005), the fixed-effects specification allows more flexi-
bility as no restrictions need to be placed on the probability distribution function
generating the individual-specific effects p;. It can then be allowed, for example,
that (i) the individual effects are dependently distributed, (ii) the individual effects
are heteroscedastic, (iii) the individual effects are (more generally) characterised by
a joint probability distribution function with the number of unknown parameters in-
creasing at the same rate as the number of cross-sectional observations in the panel,
(iv) the individual effects do not have moments, and (v) the individual effects and

the disturbances are correlated.



We can already see that the model in Equation (2), or Equation (1), is a useful

extension of VAR models. In particular:

1. The autoregressive structure allows all endogenous variables of each unit to
enter the model (capturing interdependencies across variables within and across

each unit).

2. The inclusion of a unit fixed effect, u;, captures all unobservable time-invariant

factors at unit level (allowing for heterogeneity).

As in panel models, the coefficient matrices (A4;, Cy) are assumed to be the same
across units. This reduces the parameter dimensionality and makes the model es-
timable also for a large number of units, V. On the other hand, if this restriction is
not satisfied, the estimated parameters can be biased and inconsistent.

We can further extend the model in Equation (2) to allow the exogenous variables

to be specific across units, i.e.:

p S
Yie = Mi + Z Ayir—1 + Z CrSit—k + €it- (3)

=1 k=0
The models in Equations (1) to (3) can be estimated using OLS or GMM (as
described in Sigmund and Ferstl (2019) and Kapetanios et al. (2019)).

2.2 Exogenous Variables and Factors

In economic applications, the number of exogenous variables in panel (and pVAR)
models is relatively small and targeted. For example, Arellano and Bond (1991) use
a panel data model for the employment in the UK. Their model aims to explain
current employment levels using past values of employment (two lags), current and
first lag of wages and output and current value of capital (i.e. three exogenous vari-
ables). Dahlberg and Johansson (2000) use a pVAR to model the total expenditures,
total own-source revenues and intergovernmental grants using data on 265 Swedish
municipalities across 9 years without exogenous variables at all. Exogenous variables

are also problematic in a forecasting context, as their future values are needed for the
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computation of the forecasts. This issue can be addressed either by augmenting the
pVAR model with auxiliary models for the exogenous variables, or by using external
forecasts (e.g., from institutions or from surveys), or by adopting a direct forecasting
approach.

In out-of-sample forecasting applications, the researcher also often faces a trade-
off between the use of a large information set and the difficulty of variable selec-
tion. To overcome this difficulty, Stock and Watson (2002a) and Stock and Watson
(2002b) suggest to extract unobserved factors from of a rich set of macroeconomic
and financial predictors in order to reduce the number of variables while preserving
the relevant information; see, e.g., Kapetanios et al. (2017) for a comprehensive dis-
cussion. Specifically, in an effort to keep the dimension of the pVAR model relatively
small and to be in line with the forecasting literature, we will employ static Princi-
pal Component Analysis (PCA) to extract a few factors from a large set of potential
predictors, and add them as exogenous regressors in a pVARX.

The defining characteristic of most factor methods is that relatively few sum-
maries of the many available variables are used in forecasting equations, which
thereby become standard forecasting equations as they only involve a few explana-
tory variables. Consider a set of R predictors, x;.The main assumption is that the
co-movements across the (weakly stationary and standardised) predictor variables
1y, where x; = (x1;---xR) is a vector of dimension R X 1, can be captured by a

r x 1 vector of unobserved factors F; = (Fy,--- F,)', i.e.,
i‘t = A/Ft + €, (4)

where z; may be equal to x; or may involve other variables, such as lags, leads or
products of the elements of x;, and A is an r x R matrix of parameters describing how
the individual indicator variables relate to each of the r factors, which we denote with
the terms ‘loadings’. In (4) e; is a zero-mean I(0) vector of errors that represent, for
each indicator variable, the fraction of dynamics unexplained by F}, the ‘idiosyncratic
components’. The number of factors is assumed to be finite. The use of PCA

for the estimation of factor models is, by far, the most popular method. It has



been popularised by Stock and Watson (2002a) and Stock and Watson (2002b), in
the context of large data sets, although the idea had been well established in the
traditional multivariate statistical literature. The method of principal components

is simple. Estimates of A and the factors F; are obtained by solving:

V() = min o S0 3 (@ - NE) (5)

=1 t=1

where J\; is an 7 x 1 vector of loadings that represent the N columns of A = (A; - - - Ag).
One, non-unique, solution of (5) can be found by taking the eigenvectors correspond-
ing to the r largest eigenvalues of the second moment matrix X’X, which then are
assumed to represent the rows in A, and the resulting estimate of A provides the
forecaster with an estimate of the r factors F, = AZ;. To identify the factors up to a
rotation, the data are usually normalised to have zero mean and unit variance prior
to the application of principal components. We note that factor estimates obtained
via PCA estimation are min(v/R, T)-consistent. Further, if v/T /R = o(1), using es-
timated factors rather than true factors in predictive regressions produces negligible
estimation errors.

Therefore, in the context of Equation (3), s; can be a set of specific variables
or a set of factors estimated as the principal components of a much larger set of

indicators.

2.3 Mixed-Frequency

We now turn our attention to the frequency of s;;. Usually, s;; is expressed in the
same frequency as y;;. However, there can be cases where s; is sampled at higher
frequency than y;;. For example y;; could be quarterly and s; could be monthly.
Or, y; could be monthly and s; could be weekly. To overcome this difficulty, we

introduce the mixed-frequency pVAR model defined as:

P s
Yity, = Hi T Z Ayir + Z CrSit—ky, + €ty (6)

=1 k=0



where y;; is expressed in its natural frequency f,, and s;; (which is of higher frequency,
ie. fs > f,) has been aggregated to match f,. To handle the mixed frequency, we

use two approaches. First, we define:

J
Sity, = Zﬁj(L)Sitfs (7)

with J = f,/f,. For example, if y; 5, 18 quarterly and s;, is monthly then J = 3.
Furthermore, if §; = 5y = 83 = 1/3, su 5, 18 constructed by taking quarterly averages
of the monthly values. Second, we adopt the Unrestricted Mixed Data Sampling
approach (see Foroni et al. (2015)), so that:

Sitfy = /81(L)87;1tf3 + /BQ(L)SZ?th + + /BJ(L>S;{ffS' (8)

J now corresponds to the duration of f, in f; terms and SthfS denotes the correspond-
ing J — th observation. For example, if y; 5, 18 quarterly and s;, is monthly then
J = 3 because we have 3 months (f; terms) in a quarter (f,). Therefore, in the spirit
of Unrestricted Mixed Data Sampling, s;, is split into three corresponding (sub-)
variables where each variable holds the first, second and third month of each quarter
across time. Similarly, if y;, 5, 18 monthly and s;, is weekly, then J = 4, assuming
that we have 4 weeks in a month. Hence, s, is split into four corresponding (sub-)
variables where each variable holds the first, second, third and fourth week of each
month across time.

In what follows we employ the models described in Equations (1) and (3), using

both methods in Equations (7) and (8) to handle mixed frequencies, when necessary.

3 Data Description

3.1 Targets

We consider the four largest European economies: Germany (DE), France (FR),
Italy (IT) and the UK. For each of them, we have collected data on the quarterly
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GDP growth rate and three other key economic indicators: the monthly industrial
production (IP), monthly unemployment rate (UNR) and the monthly Consumer
Price Index (CPI).?> The data has been downloaded using Macrobond Software?.

3.2 Predictors

Our set of monthly macroeconomic predictors includes various coincident and lead-
ing indicators plus additional key economic variables for each country. Specifically,
we consider the following categories: Bank Lending Rate, Bankruptcies, Building
Permits, Capital Flows, Car Registrations, Construction Output, Consumer Credit,
Core Consumer Prices, various CPI components, Crude Oil Production, Export
Prices, Exports, Factory Orders, Gasoline Prices, House Price Index, Import Prices,
Imports, Job Vacancies, Manufacturing Production, Mining Production, Money Sup-
ply M1, M2 and M3, New Orders, Private Sector Credit, Producer Prices, Steel Pro-
duction, Youth Unemployment Rate, Consumer Confidence Indicators and various
surveys.

Our set of daily and weekly variables includes mainly financial indicators: interest
rates at various maturities and spreads, equity indexes, volatility indexes.

We also consider a big data-based uncertainty indicator using Google searches.
For more details on the construction of this index see Kapetanios et al. (2017).
Kapetanios et al. (2017) find that big data based uncertainty indicators are sometime
useful in single country analyses to improve the forecasts of our same four variables.

Here we want to assess whether and to what extent they are useful in a panel context.

3.3 Transformations

To ensure that the variables under analysis are stationary, a pre-requisite for several

of the econometric methods we implement, we use a set of transformations, which

31t must be noted that we use CPI instead of the Harmonised CPI for comparability reasons
between the UK and the euro area countries.

4Macrobond is not a data provider. They offer proprietary data aggregation solutions. The
actual data is sourced from official statistics agencies (e.g., the ONS, IStat, etc.) and therefore is
expected to be similar to the data used by Eurostat.
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include: (i) log, (ii) log difference (log growth), (iii) first difference, and (iv) percent-
age change. The specific transformation for each variable follows standard practice
in the literature, see, e.g., McCracken and Ng (2016) as well as Stock and Watson
(2002a) and Stock and Watson (2002b) among others. In our exercise, we forecast
the period-to-period log growth of GDP, IP and CPI and the period-to-period first
difference of UNR.

3.4 Time Span

In particular, we have a total number of 53 quarterly observations (after stationarity
transformations). Using an initial in-sample size of 22 observations (from 2004-06-
30 [2004Q2] to 2009-09-30 [2009Q)3]) we have a remaining out-of-sample size of 31
observations (from 2009-12-31 [2009Q4] to 2017-06-30 [2017Q2]).?

For our monthly variables we have a total number of 163 observations (after
stationarity transformations). Using an initial in-sample size of 36 observations (from
2004-02-29 to 2007-01-31) we have a remaining out-of-sample size of 127 observations
(from 2007-02-28 to 2017-08-31).

3.5 Data Summary
In total we have:
e 119 variables for DE,
e 111 variables for FR,
e 62 variables for I'T, and
e 108 variables for the UK,

e 53 quarterly observations and 163 monthly observations.

5The out-of-sample sizes of this subsection refer to the h = 1 case. For larger h, the out-of-sample
size decreases accordingly.
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4 Forecasting Setup

4.1 Direct Forecasts

The models we use in the forecasting exercise are those described in Equations (1)
and (3). To deal with mixed-frequencies we translate the higher-frequency variables
to their lower-frequency counterparts using the averaging (avg) and Unrestricted
Mixed Data Sampling (UMIDAS) transformations described in Equations (7) and
(8).

The models in Equations (1) and (3) can be re-written as simple linear regressions

of the form:

y=p+XB+e, Elg|X]=0, E[e}X] =02 (9)

where y is the corresponding stacked vector of y;;, X is the stacked vector of past
lags of y;; and/or s;; and p denotes the vector of fixed-effects. Hence, we can employ
these predictive regressions to produce the out-of-sample forecasts using the direct
(projection) method.

In the direct forecasting approach, say for a simple model Z; = vF; 4+ u; for t =
1,..,T, 7, denotes the parameter estimate which is obtained by regressing Zi—fh41,.T}
on Fi_gi. r—ny. Then this estimate is used to calculate Zs+h = A, F;. The direct
approach is computationally efficient and it does not require the specification of
models for the exogenous variables. It is less efficient than the iterated approach but

can be more robust in the presence of model misspecification.

4.2 Forecasting Exercise

The forecasting exercise is based on the algorithm described in the following steps.

TOUT  out-of-sample, in order to use them

1. We leave a number of observations,
in the evaluation of the nowcasting performance of the different models®. In

our experiments, TOUT = 127 for the monthly targets (IP, UNR, CPI) and

6The researcher can choose the desired out-of-sample size for the exercise. We choose our 7°VT
so that the initial in-sample allows enough observations for our estimators to converge.
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TOUT = 31 for the quarterly target (GDP) for A = 1. For larger h the out-of-

sample size decreases accordingly.

2. The initial sample we use in the first round of estimation is T{ Y = {1, .., (T — T°VT + 1)}.
Then, we estimate the parameters and produce the h-step ahead forecasts from

various models.

3. We repeat Step 2 in a recursive manner, i.e. 73" = {1,.., (T' — T°YT 4+ 2)} and
generally 7!V = {1, (T — T°YT + j)}. We stop when T/V = {1, ., (T — h)},

as we always need the true value of the next period to evaluate the nowcasts.

At the end of the above recursive procedure, we end up with (7Y — h) forecasts

for each model under consideration.

4.3 Forecast Evaluation

Once we have computed (T°YT —h) forecasts for each model, we evaluate the forecast-
ing performance using the mean absolute error and the root mean squared forecast

error statistics, defined as:
1 TOUT
MAE;h = w557 > lejul
t=1

1
TOUT 2

1
RMSFE;n= | 7o >l
t=1

where e; is the out-of-sample forecast error (in levels) for model j. All our tables
present the MAE and RMSFE relative to an AR(1), which serves as our benchmark.
We further calculate the Diebold and Mariano (1995) statistic for predictive accuracy
as follows: .
d
— 1/2°
(LRV/T)

DM =

14



where

1 TOUT
d= TOUT Z de,
t=1
d, = |€17t‘ — |627t , corresponding to MAE

d; = eit — e;t, corresponding to RMSFE

LRVE =% + 2 Z’Yv, Yo = COU(dt, dt—v)7
v=1
for candidate models 1 and 2 (model 2 always being the AR(1) benchmark). We use
the two-sided test where the null hypothesis states equal predictive ability between

models:
[ ] HoiE[dt]:O,

[ ] HAE[dt]#O

In the tables we report the p-value of the test.

To evaluate the directional forecasts of each model we use the Sign Success Ra-
tio (SSR) which is defined as the proportion of instances that the direction of the
forecasts from each model is the same to the direction of the actual values. This is

given by:

TOUT

1 ~
SSR; = TOUT Z I [sgn(Ayein) = sgn(Yepn — ye)] (10)

t=1

where sgn(e) denotes the sign operator and I(e) is an indicator variable which takes
the value 1 if the signs are equal and 0 otherwise. For example, in the case of GDP,
we evaluate whether the sign of the actual growth in GDP between period ¢ and
period t + h is the same as the forecasted sign. Sign forecasts can be interesting in
the context of official statistics to communicate whether key indicators are expected
to improve or deteriorate over a given period.

Finally, in separate tables we assess the density forecasting of various methods

reporting the 68% and 90% coverage rates (CR) for each model and forecasting
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horizon. We calculate the coverage rates as:

TOUT

1
CR] - W Z I |:q0ll>§t+h S yt+h S qa2,§t+h] ? (11)
t=1

where I(e) is an indicator variable which takes the value 1 if the true value, 7, lies
within the density estimate interval ¢, , Ur+h, Qo Yesn] and zero otherwise. We report
two intervals 68% and 90% using {qa, , ¢, } = {0.16,0.84} and {1, s} = {0.05,0.95}
levels.

The quantiles are obtained by parametric bootstrapping (using the estimated
model parameters for each model and drawing from the distribution of the errors).
It is also worth mentioning that the averages of the resulting empirical distribu-
tions are in general quite similar to the point forecasts obtained with the analytical
formulae. We also mention that interval forecasts are of interest in the context of
official statistics as a way to communicate easily the extent of the uncertainty around
the flash estimates of short-term forecasts of the variables. Hence, it is important
to assess whether the measured uncertainty is reliable, in the sense that the actual

coverage rates are close to the nominal ones.

4.4 Settings
4.4.1 Models

Our set of models consists of: naive forecasts and autoregressive model of order 1
(which is also our main benchmark), linear regressions using the first lag, exogenous
factors and different mixed-frequency transformations, single-country vector autore-
gression models of order 1 using exogenous factors and different mixed-frequency
transformations, and pVAR models using exogenous factors and different mixed-
frequency transformations. As exogenous factors, we use principal components ex-
tracted from the large macro-finance datasets, with or without the Google uncer-
tainty index for each country separately. In total, we have 29 models, a summary

description can be found in the legend in the Appendix while in the next subsection
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we provide details on the pVAR specifications.

4.4.2 pVAR Specifications

In our pVAR models, our panel consists of i = {1, 2, 3,4} economies: DE, FR, IT and
the UK. In all VARX" and pVARX specifications the exogenous variables include:
(i) the first PCA factor extracted from the set of macro and financial predictors, (ii)
the Google trends, (iii) their combination. However, in pVAR models, for each case
we have different specifications regarding the endogenous variables.

In particular:

1. for quarterly GDP growth we use a pVAR(1) model for the four economies
based on a standard macro VAR using the GDP, CPI and interest rate as
endogenous variables. The CPI and the interest rate have been transformed to

quarterly frequency using quarterly averages.

2. For monthly IP growth we also use a pVAR(1) based on a standard macro VAR

using the IP, CPI and the interest rate as endogenous variables.

3. For monthly UNR we use a pVAR/(1) where the endogenous variables are UNR,
IP and CPL.

4. For monthly CPI we use the pVAR model mentioned above where the endoge-

nous variables are CPI, IP and the interest rate.

It is important to notice that we estimate the pVAR(1) models using GMM as

discussed in Sigmund and Ferstl (2019). However, given that the corresponding

"Using a maximum order of 6 (which means that for the target variable equation we can have a
maximum of 3 variables x 6 lags = 18 predictors), the Schwarz information criterion suggests that
the optimal order is P = 1 for almost all combinations of countries and variables. Therefore, we
choose to use the VAR(1) and VARX(1) models. We also choose to use pVAR(1) and pVARX(1) to
facilitate the direct comparison between time-series and panel data approaches in forecasting. All
codes are provided by the authors and the applied researcher could experiment with higher orders
bearing in mind the tradeoff between parsimony and forecast error; i.e. we need a parsimonious
model which provides robust forecasts in multiple setups and its results can be explained from an
economic perspective, rather than specific (and possibly very different) models for each case with
forecast output which can be result of data mining.
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package in R does not allow for flexible direct forecasting using exogenous variables,

we also use OLS. See the Appendix for more details.

4.4.3 Forecasting Horizons

In our experiments we use short-run forecasting with h = {1,2,3, 4} step-ahead for

the quarterly target and h = {1, 3,6, 12} step-ahead for the monthly target.

5 Summary of Results

5.1 Reading a Table

Empirical results are summarized in the 22 Tables at the end of the document. They
present point and directional forecasts (4 variables x 4 economies), coverage rates as
a way to evaluate the precision of the density forecasts, and summary results. Den-
sity forecast plots for each model, forecast horizon, target variable and country are
available upon request. Below, we provide a short summary of the results organised
by variable.

Each of the tables presenting the evaluation of the point and directional forecasts

is organised in four panels:

e for h ={1,2,3,4} step-ahead quarterly target forecasting, and

e for h ={1,3,6, 12} step-ahead monthly target forecasting.

For each h we report the MAE and RMSFE relative to the AR(1) benchmark
and the actual SSR. We also report the p-values of the Diebold and Mariano (1995)
statistic, henceforth DM, with absolute and squared errors which can be associated
to the MAE and RMSFE statistics respectively (even though, strictly speaking, DM
tests compare MSFEs rather than RMSFEs). A model outperforms the benchmark
if the relative MAE and RMSFE are less than 1 and the corresponding p-values

are smaller than the required statistical level of significance (i.e. for 10% level the
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p-value has to be smaller than 0.1 to reject the null hypothesis of equal predictive
ability).

In Tables 1 to 18, the competing models are organised in five panels:
e first, there are the standard Naive and AR(1) models,

e then, we have simple linear regressions (LR) using only the extracted fac-
tors from the set of macroeconomic and financial predictors (MF), the Google
Trends (G), and their combination (MFG),

e then, there is the combination of LR models including a past lag (AR(1) term)

in the equation,

e then, we have the single-country VAR(1) and VARX(1) models using MF, G,

and MFG as exogenous variables, and

e finally, we have the pVAR(1) using GMM for estimation (and no exogenous
factors) and pVAR(1) and pVARX(1) using OLS and country fixed-effects
(OLSCFE) which is more flexible and allows the direct forecasting using MF,

G and MFG as exogenous factors.

Tables 19 to 22 present the actual coverage rates of the 68% and 90% interval
forecasts obtained from the entire density forecasts. These tables are organised in
a slightly different way. Each table has four panels, one panel for each of the four
economies under consideration. Each panel then presents the two coverage rates for
h =1,2,3,4 step-ahead (for the quarterly GDP) and h = 1, 3,6, 12 step-ahead for
the monthly variables.

For all of these models, the issue of mixed-frequency between the dependent and
the exogenous variables is solved employing either the averaging (T1) or the UMIDAS
(T2) transformations, as explained in Equations (7) and (8).

Example: using the previously mentioned notation, we can denote the pVAR
with p=1 lag, estimated using OLS Country Fixed-Effects, including the factors
extracted from Macro/Finance and Google predictors as exogenous, and using the
mixed-frequency averaging transformation as PVARX(1)-OLSCFE-MFG-T1.

19



5.2 Averaging Across Forecast Horizons

In an effort to provide an overall evaluation of the competing methodologies, we
comment on the performance of the various models when averaged across all forecast
horizons: h = 1,2,3,4 for quarterly GDP growth and h = 1,3,6,12 for the three
monthly targets.

Table 1 presents the average relative MAE and RMSFE for each target variable
and economy combination. We have highlighted with bold facetype font all models
which have an average relative MAE or RMSFE which is smaller than unity; this
means that every model with an average relative MAE/RMSFE below unity produces
forecasts which outperform -on average- the benchmark.

The top left panel of Table 1 provides the average results for each country when
the GDP growth is the target variable. We see that for Germany, LR-MF-T1 and
AR(1)-MF-T1 have smaller forecast error compared to the benchmark. PVARX(1)-
OLSCFE-MF-T1 slightly outperforms these models with a relative MAE of 0.963 and
an RMSFE of 0.986. Including the Google trends indicator, PVARX(1)-OLSCFE-
MFG-T1, only marginally improves the forecast accuracy return a MAE and RMSFE
of 0.954 and 0.960 respectively. For the case of France, we see that none of the VAR or
pVAR models outperforms the simpler methods. Linear regressions, LR-MF-T1, LR-
G-T1 and LR-MFG-T1 seem to have the smallest error across all horizons. Based on
MAE, we see that PVAR(1)-OLSCFE has smallest forecast error for Italy (the MAE
value is 0.967); this does not improve when the Google trends indicator is included.
Finally, for the UK we see that the AR(1) benchmark consistently outperforms the
rest. It is interesting to note that for all the countries under consideration the pVAR
forecasts are generally more accurate than the VAR forecasts. This provides evidence
in favour of modeling the cross-country relationships.

In the top right panel of Table 1, we have the corresponding average results for the
Industrial Production growth target. It is obvious that the results for pVAR models
are favourable for Germany; interestingly we observe that the models with Google
trends are better compared to the Macro/Finance models (PVARX(1)-OLSCFE-G-
T1 has 0.986 and 0.983 MAE and RMSFE respectively, compared to 1.007 and 1.000
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of which correspond to PVARX(1)-OLSCFE-MF-T1). For France and the UK, we see
that PVAR(1)-GMM outperforms the benchmark and all other competing models.
Also for Industrial Production the PVAR is generally better than the VAR.

Turning to the bottom left panel of Table 1, we see more evidence in favour of
pVAR models when the target variable is the (first difference of the) Unemploy-
ment Rate. For Germany, the model with the smallest average error across all fore-
cast horizons is PVAR(1)-GMM using MAE and PVARX(1)-OLSCFE-G-T1 using
RMSFE with 0.825 and 0.985 values respectively. AR(1)-MF-T1 and VARX(1)-MF-
T1 seem to be the best models for France, however, we also see that PVARX(1)-
OLSCFE-MF-T1 has a small RMSFE of 0.967. For Italy, the best performing meth-
ods are PVARX(1)-OLSCFE-G-T1 and PVARX(1)-OLSCFE-G-T2, but only with
marginal gains. Finally, for the UK we have a clear result in favour of pVAR models
which all have the smallest forecast error. PVAR(1)-GMM has the smallest MAE
(0.919), whereas PVAR(1)-OLSCFE has the smallest RMSFE (0.978). The addition
of Macro/Finance factors or Google trends does not seem to significantly improve
these results. Also for the Unemployment Rate, the pVARs seem in general to per-
form better than the VARs, confirming the importance of modelling the cross-country
relationships.

The bottom right panel of Table 1 provides the results when the target variable is
the CPI growth (inflation). We see that the AR(1) benchmark is the best perform-
ing method for Germany and Italy. However, for France we have that PVARX(1)-
OLSCFE-G-T2 and PVARX(1)-OLSCFE-MFG-T?2 have the smallest MAE and RMSFE,
even though the gains with respect to the benchmark are small. Interestingly, it must
be highlighted that the pVAR models with Google trends only has slightly better
results. The same is also true for the case of the UK where pVAR models are good
performers, however the model with the smallest error is LR-G-T2 with 0.955 and
0.935 MAE and RSMFE respectively. The ranking of VARs and pVARs is less
clear-cut, with the former often only slightly worse than the latter, and both models
generally worse than the AR benchmark. This different relative performance of the
pVAR models for inflation, and the very good performance of simple AR models,

can be attributed to the persistence of this variable, which makes its own lag the
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dominant predictor.

Table 2 presents the absolute distance from the nominal 68% and 90% levels of
the average density forecasts across all forecast horizons. Similarly to Table 1, we
have highlighted with bold facetype font the model with the smallest distance to the
nominal values. It is important to notice that, in this table, we are looking for the
models which have values very close to 0 meaning that their coverage rates are very
close to the actual levels.

Starting from the top left panel of Table 2 with the GDP coverage rate results,
we see that only VAR models for France, Italy and the UK have accurate coverage
rates. This is not the case for the Industrial Production results in the top right panel.
We now see that for Germany and Italy, pVAR models offer accurate coverage rates
together with LR models. AR and VAR models have better performance for France
and the UK targets. Looking at the bottom left panel of Table 2, we see that for
the Unemployment Rate pVAR models offer accurate coverage rates for France and
Italy. In the bottom right panel of Table 2, we see that pVAR models along with
LR, AR and VAR models have all accurate coverage rates for Germany, however for
the other countries targets, none of the models seem to work well. Some LR, AR
and VAR models return accurate coverage rates for 68% for the UK. From Table
2, it also emerges that the relative performance of VARs and pVARs in terms of
coverage rates is rather different from that in terms of MAE and RMSFE. Indeed,
though there are various exceptions, VARs often provide more accurate coverage
than pVARs. A possible explanation for this finding is that pVAR models are much
more heavily parameterized than VARs, and estimation uncertainty can enlarge too
much the forecast distributions.

Finally, we summarise all the above findings below. Starting with Table 1, we
see that -on average across all horizons- pVAR/pVARX models produce satisfactory

forecasts for the following cases:

e GDP: DE and IT.
e [P: DE (mainly) and only PVAR(1)-GMM for FR, IT and the UK.

e UNR: DE, FR and the UK.
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e CPI: FR and the UK.

Comparing VAR/VARX models to their pVAR/pVARX counterparts, we see that
-on average across all horizons-, pVAR /pVARX models provide better forecasts and
outperform both the benchmark and the VAR models.

From Table 2, we see that the minimum absolute distance between actual and
nominal coverage rates are obtained by the pVAR/pVARX models in the following

cases:

e [P: DE and IT (only PVARX(1)-OLSCFE-G-T2).
e UNR: FR and IT.

e CPI: DE.

The above findings offer some evidence that pVAR/pVARX models should be -at

least- included in the toolkit of models from the applied researcher.

6 Conclusions

This paper complements the overview of theoretical and empirical contributions re-
lated to panel VAR models by Kapetanios et al. (2019) and is concerned with the
examination of pVAR models in out-of-sample forecasting applications, using data
from European countries. Analysing data of integrated economies requires to capture
the potential underlying interdependencies and exploit them in the context of esti-
mation and forecasting. We use four of the most important macroeconomic variables
as targets and the four largest FEuropean economies. Our set of standard models
includes univariate autoregressive and VAR models. We extend these models by in-
cluding factors extracted from a higher frequency set of macroeconomic and financial
predictors as well as indicators extracted big textual datasets. To overcome the dif-
ficulty of mixed-frequency we employ the bridge and UMIDAS approaches. Finally,
we compare the out-of-sample forecasting performance of the standard single coun-

try models to that of corresponding simple and factor-augmented pVAR models. We
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consider point, directional, interval and density forecasts, with associated measures
of mean squared forecast errors, sign success ratios, actual coverage rates and graph
of the forecast densities.

Based on the detailed empirical analysis we have conducted, we can say that we
find mixed evidence in favour of pVAR models. They seem to improve the point
forecasts at longer horizons, the directional forecasts across most horizons, and the
coverage rates of interval forecasts for a few variables and countries. In all cases, a
careful selection of the proper specification of the pVAR model is required, as it is
also the case for standard single-country models.

Another interesting finding is that pVAR models are generally better than VAR
models in terms of RMSFE and MAE for most of the variables and countries we
have considered. Yet, in several cases they are outperformed by VARs in terms
of coverage rates, possibly because classical estimation of their larger number of
parameters increases too much the forecast uncertainty.

Additional empirical analyses could shed light on whether forecast combination of
pVAR models or Bayesian estimation might prove to be useful. Also, pVAR models
could be of further interest when analysing multiple markets in a single economy, or
across different integrated economies, of for a different set of variables, or to construct

coincident or leading indexes rather than nowcasts or forecasts.
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DE [ FR IT UK DE [ FR T [ UK
MAE RMSFE | MAE RMSFE | MAE RMSFE | MAE RMSFE | MAE RMSFE | MAE RMSFE | MAE RMSFE | MAE RMSFE
GDP i3
Naive 0.992  0.990 1.220  1.195  1.027 1076 1474 1402 | 1384 1302 1443 1407 1304 1385 1405  1.384
AR(1) 1000 1000 1.000 1000 1000 1000 1.000  1.000 | 1.000 1000 1.000 1000 1000  1.000  1.000 1000
LR-MF-T1 0.965 0.945 0.062 0.910 0094 1076  1.028  1.020 | 1.007  1.023 1016  1.026  1.008  0.999 1011  1.012
LR-G-T1 1065 1112 0.950 0.903 1049 1064 1053 1052 |0.995 0.989 1002 0.999 1001  0.993 1002 1005
LR-MFG-T1 1013 1046 0993 0944 1058 1143 1106  1.091 | 1.048 1070  1.035 1046 1013 100l 1019 L1019
LR-MF-T2 L1210 1085 1335 1361 1526 2344 1120 1078 | 1054  LO73 1033 1063 1034 1033 1058 1058
LR-G-T2 1072 1103 1128 1096 1205 1213 1158 1136 | 1.024 L1011 1039  1.032 1038 1028 1028 1043
LR-MFG-T2 L164 1130 1488 1517 1641 2352 1355 1284 | 1121 1130 1091 1120 1079 1074 1086 1.091
AR(1)-MF-T1 1005 0.971  1.003 0083 1042  1.108 1019 0.993 | 1.033 1060  1.021 1036  1.012 1012 1023  1.023
AR(1)-G-T1 1092 1147 1031 1031 1078  L077 1060  1.046 | 1.019 1015  1.007 1008  1.003  1.003 1010  1.010
AR(1)-MFG-T1 1056 1063  1.034 1012 1089  L178 1103 1068 | 1.069 1103 1038 1052 1015 1013 1031  1.032
AR(1)-MF-T2 1160 1147 1405 1414 1552 2340 1110 1058 | 1.076 1104 1044 1076 1038 1043 1068  1.061
AR(1)-G-T2 1103 L1167 1196 1296 1257 1274 1153 1144 | 1.049  1.034 1045 1045 1041 1046 1046 1056
AR(1)-MFG-T2 1251 1231 1644 1670 1714 2503 1381 1288 | 1141 1153 1104 1143 1080 1.093 1100 1.098
VAR(1) 1137 1168 1136 175 1660 2162 1083 1089 | 1.026 1045  1L.0S0  1.112  1.060  1.085  1.020  1.049
VARX(1)-MF-T1 L144 1135 1172 LI57 1707 2204 1111 1096 | 1.043 1062 1091 1136  1.047 1076 1049  1.055
VARX(1)-G-T1 1251 1352 LI161 1199 1720 2312 1156 1160 | 1041 1055 1102 1158 1056  1.083 1041  1.056
VARX(1)-MFG-T1 1222 1278 1182 LI71 L1757 2402 1238 1231 | 1074 1097  L121 1199 1046 1071 1059  1.062
VARX(1)-MF-T2 1350 1401 1502 1522 1752 2366 1197 1135 | 1.0s8 1111 L1108  LI7L 1085  L119 1102  L110
VARX(1)-G-T2 1220 1345 1300 1388 1604 2022 1207 1284 | 1.063 1064 1148 1204 1093  LI25 1090  L.1l4
VARX(1)-MFG-T2 1372 1496 1614 1690 2104 2806 1512 1398 | 1152 1162 1186 1.204 1133 LI70 1170 1193
PVAR(1)-GMM 1906 1.690 1460 1370 1288 1307 1505 1463 | 0.953 0.937 0.081 0.069 0.098 1.020 0.985 0.981
PVAR(1)-OLSCFE 1014 1.037 1057 1063 0.967 1087 1108 1086 |0.988 0.985 1017 1021 1036  1.033 1005 1010
PVARX(1)-OLSCFE-MF-T1 |0.963 0.986 1064 1065 1038 1197 1105  1.076 | 1.007 1000  1.044 1043 1020  1.024 1019 1018
PVARX(1)-OLSCFE-G-T1 1020 1041 1104 1100 0.980 L115 110l 1036 |0.986 0.983 1018 1022 1031 1027 1010 1014
PVARX(1)-OLSCFE-MFG-T1 | 0.954  0.960  1.099 1090 1067 1243 1102 1077 | 1.005 0.998 1048 1046 1025 1016 1023  1.022
PVARX(1)-OLSCFE-MF-T2 | 1029 1069 1141 1162  L176 1456 1072 1055 | 1007 1010 1044 1050  1.035  1.027 1027 1021
PVARX(1)-OLSCFE-G-T2 1034 1040 1192 1178 0.995 1095 1125 1109 |0.993 0.984 1031 1030 1033 103l 1015 L1018
PVARX(1)-OLSCFE-MFG-T2 | 1026 1.048 1258 1261  LI81 1441 1081 1073 | 1015 1010 1061 1061 1032 1021 1035  1.030
UNR CPI
Naive 1073 1243 1020  1.056 1540 L1493 1108  L.I71 | 1415 1402  L.214 1190 1262 1272 1260  1.232
AR(1) 1000 1000 1.000  1.000 1000 1000 1000  1.000 | 1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000
LR-MF-T1 Ti73 1364 1042 0996 1037 1038 1036 1043 | 1.020  LOI3 L0200  L0l2 Lol 1020 1007 1013
LR-G-T1 L09%  L117  L116 1077 1027 1036 1040 1042 | 1.024 1022 1005  0.998 1011 1016  0.998  0.986
LR-MFG-T1 1269 1421 1064 1017 1031 1037 1049 1053 | 1.043 1040 1023 1010 1016 1024 1004  0.998
LR-MF-T2 1.256 1.524 1.071 1.038 1.059 1.067 1.060 1.070 1.048 1.074 1.032 1.021 1.047 1.051 1.026 1.045
LR-G-T2 L1038 1150 1134 1096 1026 1039 1044  1.059 | 1.030  1.039 1004  0.997 1016 1025  0.955 0.935
LR-MFG-T2 1386 1598 L112 1072 1069 1030 1083 1100 | 1.099 1141  1.026 1023 1057  1.062  0.983  0.987
AR(1)-MF-T1 T117 1252 0957 0946 1007 1005 1006  0.998 | 1.020 L1023  LOOS  L.008  Lol4 1015 1004 L1012
AR(1)-G-T1 1080 1100 1024 1013 0.999 1001 1012 1014 | 1.027 1026 0.997 0.996 1008 1005 0.992  0.985
AR(1)-MFG-T1 1239 1367 0979  0.963 1002 1004 1018 1013 | 1.060 1060 1012 1005 1017 1018  0.999  0.995
AR(1)-MF-T2 1197 1412 0.995 0.997 1025 1033 1040  1.028 | 1.060  1.093  1.022 1018 1063 1056 1035 1051
AR(1)-G-T2 1094 1128 1054 1035  0.997 1003 1024 1037 | 1041 1047 0.993 0.996 1015 1013  0.963  0.942
AR(1)-MFG-T2 1354 1552 1044 1035 1040 1048 1065  1.069 | 1116 1169 1011 1018 1065  1.062  0.996  0.999
VAR(1) 0.992 1007 1010 0.998 1014 1013  L.006  1.006 | 1.050  1.065 1044  L.od7 1051 L1058  1.073 1128
VARX(1)-MF-T1 L154 1303 0.959  0.944 1024 1019 1007 1002 | 1.093 1121 104  L048 1077 1099 1088 157
VARX(1)-G-T1 L9l LIS 1035 1010 1011 1015 1019 1021 | 1.0S8 1069  1.037 1036 1060 1068 1070  1.125
VARX(1)-MFG-T1 1262 1410 0983 0962 1018 1018 1020 1017 | 1.098 1127 1036  1.033 1087  LII1 1087 1154
VARX(1)-MF-T2 1226 1464 1002  0.998 1043 1051 1045  1.035 | 1124 1178 1060 1073  L115 1136 1145  1.280
VARX(1)-G-T2 L104 1145 1060 1031 1010 1019 1032 1047 | 1081 1106  1.033  1.034 1059 1066 1060  1.195
VARX(1)-MFG-T2 1378 1604 1054 1042 1064 1070 1070 1074 | 1143 1215 1047 1062  L118 1144 1120 1311
PVAR(1)-GMM 0.825 L0I8  0.992 0979 1023 102 0919 0988 | 1193  L154 L1061 1033 1166 L1148 1214  LI3L
PVAR(1)-OLSCFE 0.982  0.981 10I1 0978 1001 1001  0.978 0.978 | 1066 1084 1009 1010 1062 1068 L1008  1.006
PVARX(1)-OLSCFE-MF-T1 | 1013 1025 1003 0.967 1015 101l  0.976 0.983 | 1085 1104 1015 1016 1066 1077 1009 1008
PVARX(1)-OLSCFE-G-T1 0.981 0.985 1031  0.997 1001 0.998 0991 0.989 | 1082 1092 1006 1006 1050  1.065 1000  0.994
PVARX(1)-OLSCFE-MFG-T1 | 1016 ~ 1.031 1031  0.994 1014 1009 0.988 0994 | 109 1113 1012 1011 1069 1073 1002  0.996
PVARX(1)-OLSCFE-MF-T2 | 1.022 1037 1014 0.980 1019 1015 1000 1006 | 1096 1130 1005 1012 1094 1111 104 1017
PVARX(1)-OLSCFE-G-T2 0.989 0.998 1061  1.006 0.997 0.995 0.986 0.989 | 1080 1092 0.984 0.991 1059  1.065 0.983  0.967
PVARX(1)-OLSCFE-MFG-T2 | 1.034  1.057 1066 1.020 1014  1.008  1.004 1013 | L111 1142 0.985 0995 1095 1103  0.988 0.981

Table 1: Averages of relative MAE/RMSFE across forecasting horizons.
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DE | FR | IT [ UK DE | FR | IT | UK
68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90%
GDP 13
Naive 0252 000 0159 0.066 0216 0.100 0.009 0.009 | 0.127 0.092 0.113 0083 0.143 0.58 0.104 0.086
AR(1) 0278 0100 0245 0.092 0311 000 0.144 0.076 | 0.053 0.003 0.082 0.049 0.000 0.031 0.059 0.014
LR-MF-T1 0262 0100 0262 0092 0253 0.083 0.169 0067 | 0.036 0.003 0.083 0038 0.000 0.027 0.032 0.010
LR-G-T1 0253 0.092 0270 0100 0285 0.00 0176 0.058 | 0.061 0.000 0.100 0.049 0.024 0020 0.040 0.023
LR-MFG-T1 0212 0.092 0237 0084 0219 0092 0117 0050 | 0.018 0.021 0083 0040 0011 0020 0033 0.006
LR-MF-T2 0121 0076 0.067 0023 0149 0040 0084 0049 | 0.012 0.017 0.075 0.030 0014 0051 0018 0.015
LR-G-T2 0260 0.092 0209 0100 0209 0.083 0.065 0032|0028 0013 0022 0026 0.005 0.060 0.047 0.000
LR-MFG-T2 0128 0.058 0.020 0013 0.15 0018 0.020 0.063 | 0.031 0.054 0.017 0.005 0.031 0.086 0.005 0.011
AR(1)-MF-T1 0262 0100 0245 0081 0252 0.083 0111 0067 | 0.0&2 0.023 0077 0.039 0010 0.027 0.052 0.008
AR(1)-G-T1 0261 0.002 0228 0092 0277 0100 0117 0058 | 0.042 0.009 0.088 0.047 0012 0.033 0.059 0.008
AR(1)-MFG-T1 0229 0.092 0229 0076 0235 0083 0101 0050 | 0.028 0.030 0073 0038 0.006 0.020 0.048 0.008
AR(1)-MF-T2 0138 0.042 0075 0.006 0.133 0032 0068 0051 | 0.008 0.023 0068 0032 0014 0045 0020 0.007
AR(1)-G-T2 0225 0.083 0184 0066 0.75 0083 0023 0023|002 0027 0023 0024 0.04 0068 0018 0.003
AR(1)-MFG-T2 0103 0017 0.037 0038 0072 0.027 0.097 0054 | 0.046 0.060 0.005 0.005 0.051 0.098 0.019 0.017
VAR(1) 0210 0074 0175 0067 0.05 0.005 0.127 0026 | 0.049 0.017 0061 0030 0.002 0.049 0.028 0.002
VARX(1)-MF-T1 0136 0.066 0134 0076 0073 0014 0069 0017 | 0.018 0.031 0050 0024 0010 0051 0.036 0.011
VARX(1)-G-T1 0176 0.066 0.168 0.067 0080 0.005 0118 0025 | 0.041 0.021 0053 0028 0014 0049 0034 0.002
VARX(1)-MFG-T1 0110 0.066 0.143 0.076 0089 0.004 0.009 0017 | 0.000 0.045 0.038 0024 0.008 0.053 0.023 0.009
VARX(1)-MF-T2 0.054 0.043 0.010 0.055 0022 002 0025 0026 |0.004 0.047 0042 0026 0041 0.068 0.002 0.019
VARX(1)-G-T2 0159 0.066 0107 0.049 0046 0.005 0.014 0.010|0.003 0.043 0.002 0.003 0.025 0.068 0.003 0.023
VARX(1)-MFG-T2 0.010 0.034 0.079 0113 0.086 0.087 0.199 0.096 | 0.050 0.080 0.015 0.001 0.055 0.108 0.043 0.038
PVAR(I)-GMM 0225 0037 0079 0038 0253 0.075 0.052 0045 | 0.005 0.010 0.024 0.029 0015 0.049 0.025 0.004
PVAR(1)-OLSCFE 0269 0.091 0244 0076 0276 0082 0.153 0.075 | 0.073 0.000 0.098 : 0.027
PVARX(1)-OLSCFE-MF-T1 | 0260 0.083 0228 0.076 0226 0.082 0.144 0.075 | 0.046 0.009 0.069 0.020
PVARX(1)-OLSCFE-G-T1 0260 0.083 0227 0076 0285 0082 0145 0083 | 0.081 0.002 0.096 0.026
PVARX(1)-OLSCFE-MFG-T1 | 0.261 0.092 0210 0076 0243 0.082 0.127 0.075 | 0.052 0.007 0.063 0.022
PVARX(1)-OLSCFE-MF-T2 | 0.252 0.083 0.176 0.067 0226 0.048 0.35 0.075 | 0.055 0011 0.077 0.022
PVARX(1)-OLSCFE-G-T2 | 0.260 0.100 0.177 0.084 0276 0.082 0.144 0.067 | 0.071 0.006 0.076 0.031
PVARX(1)-OLSCFE-MFG-T2 | 0.244 0.091 0.142 0.067 0217 0.048 0.160 0.075 | 0.059 0.007 0.055 0.020
UNR

Naive 0238 0083 0039 0045 0285 0227 0.006 0158 | 0.183 0.100 0.157 0.089
AR(1) 0233 0.085 0.057 0018 0047 0.049 0.072 0.087 | 0.032 0.010 0.084 0.027
LR-MF-T1 0212 0056 0052 0012 0049 0061 0.109 0086 | 0.033 0.000 0.106 0.018
LR-G-T1 0222 0.079 0059 0016 0052 0061 0076 0.067 | 0.041 0.004 0.092 0.025
LR-MFG-T1 0186 0.048 0.037 0019 0059 0053 0106 0.090 | 0.032 0012 0.108 0.029
LR-MF-T2 0190 0.052 0017 0016 0078 0076 0115 0121 | 0.025 0014 0.117 0.051
LR-G-T2 0209 0.073 0.038 0033 0066 0078 0106 0.083 | 0.028 0.008 0.086 0.014
LR-MFG-T2 0141 0.027 0.026 0043 007 0.097 032 0151 | 0.011 0.037 0.118 0.037
AR(1)-MF-T1 0.198 0.056 0.042 0016 0051 0.051 0077 0.105 | 0.018 0.004 0.091 0.031
AR(1)-G-T1 0.065 0.080 | 0.020 0.002 0.088 0.020
AR(1)-MFG-T1 0.073 0105 | 0.005 0.010 0.094 0.028
AR(1)-MF-T2 0116 0.142 | 0.020 0.008 0.116 0.055
AR(1)-G-T2 0.085 0101 | 0.00 0.012 0.080 0.014
AR(1)-MFG-T2 0134 0.155 | 0.005 0.045 0.107 0.065
VAR(1) 0095 0.105 | 0.05  0.019 0.104 0.049
VARX(1)-MF-T1 0107 0120 | 0.000 0.031 0.101 0.060
VARX(1)-G-T1 0.095 0.105 | 0.011 0.014 0.100 . 0.053
VARX(1)-MFG-T1 0109 0.117 | 0.007 0.023 0.109 14 0.059
VARX(1)-MF-T2 0117 0.146 | 0.000 0.043 0.116 154 0.088
VARX(1)-G-T2 0107 0.113 | 0.008 0.033 0.107 0.177 0137 0.025 0.051
VARX(1)-MFG-T2 0134 0.158 | 0.007 0.057 0.142 0.184 0184 0.074  0.090
PVAR(1)-GMM . . ! ! 0132 0.078 | 0.157 0.018 0.099 0168 0.181 0.130 0.081
PVAR(1)-OLSCFE 0250 0.094 0.002 0.038 0.007 0.027 0103 0.093 | 0.011 0.002 0.071 0109 0103 0.045 0.024
PVARX(1)-OLSCFE-MF-T1 | 0.234 0.087 0.017 0037 0016 0031 0089 0.093 | 0.008 0.014 0.079 0.103 0116 0.036 0.033
PVARX(1)-OLSCFE-G-T1 0248 0.092 0.004 0031 0.001 002 0110 0.098 | 0.006 0.008 0.079 0111 0107 0.034 0.023
PVARX(1)-OLSCFE-MFG-T1 | 0.236 0.087 0.013 0.050 0.006 0.027 0.092 0.089 | 0.003 0.015 0.081 0109 0111 0.034 0.025
PVARX(1)-OLSCFE-MF-T2 | 0.240 0.089 0.021 0041 0016 0038 0091 0.089 | 0.030 0013 0.073 0124 0.097 0.032 0.029
PVARX(1)-OLSCFE-G-T2 | 0.240 0.092 0012 0027 0010 0019 0089 0.095 | 0.018 0.001 0.051 0103 0.090 0.039 0.012
PVARX(1)-OLSCFE-MFG-T2 | 0.230 0.080 0.046 0.048 0.020 0.035 0.075 0.076 | 0.027 0.001 0.063 0129 0.099 0.051 0.2

Table 2: Absolute distance of average coverage rates across forecasting horizons

from nominal levels.
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h=1 h=2 | h=3 | h=4 h=1 | h=2 | h=3 | h=4

68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90%

DE FR
Naive 0.935 1.000 | 0.933 1.000 | 0.966 1.000 | 0.893 1.000 | 0.839 0.968 | 0.833 1.000 | 0.862 0.931 | 0.821 0.964
AR(1) 0.968 1.000 | 0.933 1.000 | 0.966 1.000 | 0.964 1.000 | 0.871 0.968 | 0.933 1.000 | 0.931 1.000 | 0.964 1.000
LR-MF-T1 0.871 1.000 | 0.967 1.000 | 0.966 1.000 | 0.964 1.000 | 0.871 0.968 | 0.967 1.000 | 0.966 1.000 | 0.964 1.000
LR-G-T1 0.935 1.000 | 0.900 0.967 | 0.931 1.000 | 0.964 1.000 | 0.935 1.000 | 0.933 1.000 | 0.966 1.000 | 0.964 1.000
LR-MFG-T1 0.806 1.000 | 0.900 0.967 | 0.931 1.000 | 0.929 1.000 | 0.839 0.935 | 0.900 1.000 | 0.966 1.000 | 0.964 1.000
LR-MF-T2 0.613 0.903 | 0.867 1.000 | 0.759 1.000 | 0.964 1.000 | 0.742 0.935 | 0.700 0.967 | 0.724 0.931 | 0.821 0.857
LR-G-T2 0.968 1.000 | 0.900 0.967 | 0.966 1.000 | 0.929 1.000 | 0.935 1.000 | 0.833 1.000 | 0.966 1.000 | 0.821 1.000
LR-MFG-T2 0.645 0.935 | 0.867 0.967 | 0.828 0.931 | 0.893 1.000 | 0.677 0.935 | 0.667 0.933 | 0.690 0.931 | 0.607 0.750
AR(1)-MF-T1 0.871 1.000 | 0.967 1.000 | 0.966 1.000 | 0.964 1.000 | 0.839 0.935 | 0.967 1.000 | 0.931 1.000 | 0.964 1.000
AR(1)-G-T1 0.968 1.000 | 0.900 0.967 | 0.931 1.000 | 0.964 1.000 | 0.871 0.968 | 0.867 1.000 | 0.931 1.000 | 0.964 1.000
AR(1)-MFG-T1 0.806 1.000 | 0.900 0.967 | 0.966 1.000 | 0.964 1.000 | 0.839 0.903 | 0.900 1.000 | 0.931 1.000 | 0.964 1.000
AR(1)-MF-T2 0.645 0.871 | 0.833 0.967 | 0.828 0.966 | 0.964 0.964 | 0.774 0.903 | 0.700 1.000 | 0.724 0.862 | 0.821 0.857
AR(1)-G-T2 0.968 1.000 | 0.900 0.967 | 0.897 0.966 | 0.857 1.000 | 0.871 0.968 | 0.833 0.967 | 0.931 0.966 | 0.821 0.964
AR(1)-MFG-T2 0.645 0.839 | 0.800 0.933 | 0.793 0.931 | 0.893 0.964 | 0.613 0.871 | 0.700 0.967 | 0.690 0.862 | 0.571 0.750
VAR(1) 0.903 1.000 | 0.900 0.967 | 0.862 0.966 | 0.893 0.964 | 0.903 0.968 | 0.900 0.933 | 0.724 0.966 | 0.893 1.000
VARX(1)-MF-T1 0.774 0.968 | 0.733 0.967 | 0.862 0.966 | 0.893 0.964 | 0.774 0.935 | 0.867 0.967 | 0.724 1.000 | 0.893 1.000
VARX(1)-G-T1 0.903 0.968 | 0.800 0.967 | 0.828 0.966 | 0.893 0.964 | 0.839 0.968 | 0.900 0.933 | 0.759 0.966 | 0.893 1.000
VARX(1)-MFG-T1 0.742 0.968 | 0.733 0.967 | 0.793 0.966 | 0.893 0.964 | 0.806 0.903 | 0.833 1.000 | 0.759 1.000 | 0.893 1.000
VARX(1)-MF-T2 0.516 0.839 | 0.733 0.800 | 0.828 0.897 | 0.857 0.893 | 0.677 0.871 | 0.633 0.933 | 0.690 0.828 | 0.679 0.750
VARX(1)-G-T2 0.903 0.968 | 0.767 0.967 | 0.793 0.966 | 0.893 0.964 | 0.806 0.968 | 0.867 0.900 | 0.724 0.966 | 0.750 0.964
VARX(1)-MFG-T2 0.613 0.839 | 0.600 0.800 | 0.724 0.931 | 0.821 0.893 | 0.581 0.839 | 0.733 0.833 | 0.517 0.724 | 0.571 0.750
PVAR(1)-GMM 0.581 0.935 | 0.467 0.867 | 0.379 0.828 | 0.393 0.821 | 0.613 0.903 | 0.633 0.933 | 0.621 0.828 | 0.536 0.786
PVAR(1)-OLSCFE 0.968 1.000 | 0.967 1.000 | 0.931 0.966 | 0.929 1.000 | 0.935 0.935 | 0.900 0.967 | 0.931 1.000 | 0.929 1.000
PVARX(1)-OLSCFE-MF-T1 0.968 0.968 | 0.933 1.000 | 0.931 0.966 | 0.929 1.000 | 0.871 0.935 | 0.900 0.967 | 0.931 1.000 | 0.929 1.000
PVARX(1)-OLSCFE-G-T1 0.968 1.000 | 0.933 0.967 | 0.931 0.966 | 0.929 1.000 | 0.903 0.935 | 0.900 0.967 | 0.897 1.000 | 0.929 1.000
PVARX(1)-OLSCFE-MFG-T1 | 0.968 0.968 | 0.900 1.000 | 0.931 1.000 | 0.964 1.000 | 0.871 0.935 | 0.900 0.967 | 0.862 1.000 | 0.929 1.000
PVARX(1)-OLSCFE-MF-T2 0.968 0.968 | 0.900 1.000 | 0.931 1.000 | 0.929 0.964 | 0.871 0.935 | 0.833 0.933 | 0.828 1.000 | 0.893 1.000
PVARX(1)-OLSCFE-G-T2 0.968 1.000 | 0.933 1.000 | 0.931 1.000 | 0.929 1.000 | 0.839 0.968 | 0.867 0.967 | 0.793 1.000 | 0.929 1.000
PVARX(1)-OLSCFE-MFG-T2 | 0.968 1.000 | 0.833 1.000 | 0.931 1.000 | 0.964 0.964 | 0.839 0.935 | 0.833 0.933 | 0.759 1.000 | 0.857 1.000

1T UK
Naive 0.935 1.000 | 0.967 1.000 | 0.862 1.000 | 0.821 1.000 | 0.677 0.871 | 0.533 0.833 | 0.759 0.966 | 0.786 0.893
AR(1) 1.000 1.000 | 1.000 1.000 | 0.966 1.000 | 1.000 1.000 | 0.710 0.935 | 0.867 0.967 | 0.862 1.000 | 0.857 1.000
LR-MF-T1 0.903 0.968 | 0.933 1.000 | 0.966 0.966 | 0.929 1.000 | 0.806 0.935 | 0.833 0.967 | 0.862 1.000 | 0.893 0.964
LR-G-T1 1.000 1.000 | 1.000 1.000 | 0.931 1.000 | 0.929 1.000 | 0.871 0.935 | 0.867 0.967 | 0.828 0.966 | 0.857 0.964
LR-MFG-T1 0.839 0.968 | 0.900 1.000 | 0.966 1.000 | 0.893 1.000 | 0.774 0.903 | 0.800 0.967 | 0.828 1.000 | 0.786 0.929
LR-MF-T2 0.871 0.968 | 0.800 0.900 | 0.897 0.966 | 0.750 0.929 | 0.774 0.935 | 0.667 0.967 | 0.759 0.966 | 0.857 0.929
LR-G-T2 0.935 1.000 | 0.867 0.933 | 0.862 1.000 | 0.893 1.000 | 0.806 0.935 | 0.733 0.967 | 0.690 0.897 | 0.750 0.929
LR-MFG-T2 0.839 0.871 | 0.767 0.833 | 0.862 0.931 | 0.714 0.893 | 0.710 0.903 | 0.667 0.900 | 0.586 0.793 | 0.643 0.750
AR(1)-MF-T1 0.935 1.000 | 0.900 0.967 | 0.966 0.966 | 0.929 1.000 | 0.645 0.903 | 0.833 0.967 | 0.828 1.000 | 0.857 1.000
AR(1)-G-T1 0.968 1.000 | 1.000 1.000 | 0.931 1.000 | 0.929 1.000 | 0.742 0.935 | 0.833 0.967 | 0.793 0.966 | 0.821 0.964
AR(1)-MFG-T1 0.935 1.000 | 0.900 0.967 | 0.931 0.966 | 0.893 1.000 | 0.710 0.871 | 0.800 0.967 | 0.828 1.000 | 0.786 0.964
AR(1)-MF-T2 0.871 0.968 | 0.767 0.900 | 0.828 0.931 | 0.786 0.929 | 0.710 0.903 | 0.667 0.933 | 0.759 0.966 | 0.857 1.000
AR(1)-G-T2 0.968 1.000 | 0.767 0.933 | 0.828 1.000 | 0.857 1.000 | 0.710 0.935 | 0.733 0.933 | 0.655 0.897 | 0.714 0.929
AR(1)-MFG-T2 0.839 0.871 | 0.767 0.833 | 0.690 0.897 | 0.714 0.893 | 0.645 0.903 | 0.667 0.867 | 0.448 0.759 | 0.571 0.857
VAR(1) 0.968 1.000 | 0.800 0.900 | 0.621 0.862 | 0.750 0.857 | 0.742 0.871 | 0.800 0.900 | 0.828 0.931 | 0.857 1.000
VARX(1)-MF-T1 0.839 0.968 | 0.767 0.933 | 0.655 0.897 | 0.750 0.857 | 0.581 0.839 | 0.800 0.900 | 0.724 0.966 | 0.893 0.964
VARX(1)-G-T1 0.935 1.000 | 0.733 0.900 | 0.655 0.862 | 0.714 0.857 | 0.742 0.871 | 0.767 0.900 | 0.828 0.966 | 0.857 0.964
VARX(1)-MFG-T1 0.903 0.968 | 0.733 0.933 | 0.690 0.862 | 0.750 0.821 | 0.581 0.839 | 0.700 0.933 | 0.724 0.931 | 0.679 0.964
VARX(1)-MF-T2 0.903 0.935 | 0.567 0.900 | 0.586 0.793 | 0.750 0.893 | 0.645 0.871 | 0.667 0.900 | 0.724 0.931 | 0.786 1.000
VARX(1)-G-T2 0.871 1.000 | 0.767 0.900 | 0.552 0.828 | 0.714 0.893 | 0.742 0.871 | 0.733 0.900 | 0.621 0.897 | 0.679 0.893
VARX(1)-MFG-T2 0.613 0.871 | 0.533 0.767 | 0.552 0.759 | 0.679 0.857 | 0.581 0.839 | 0.467 0.833 | 0.414 0.759 | 0.464 0.786
PVAR(1)-GMM 0.903 0.968 | 0.933 0.967 | 0.931 0.966 | 0.964 1.000 | 0.613 0.903 | 0.600 0.833 | 0.655 0.862 | 0.643 0.821
PVAR(1)-OLSCFE 1.000 1.000 | 1.000 1.000 | 0.966 1.000 | 0.857 0.929 | 0.774 0.968 | 0.767 0.967 | 0.862 0.966 | 0.929 1.000
PVARX(1)-OLSCFE-MF-T1 0.903 1.000 | 0.967 1.000 | 0.897 1.000 | 0.857 0.929 | 0.774 0.968 | 0.800 0.967 | 0.828 0.966 | 0.893 1.000
PVARX(1)-OLSCFE-G-T1 1.000 1.000 | 1.000 1.000 | 0.966 1.000 | 0.893 0.929 | 0.742 0.968 | 0.800 1.000 | 0.828 0.966 | 0.929 1.000
PVARX(1)-OLSCFE-MFG-T1 | 0.935 1.000 | 0.967 1.000 | 0.897 1.000 | 0.893 0.929 | 0.742 0.968 | 0.800 0.967 | 0.793 0.966 | 0.893 1.000
PVARX(1)-OLSCFE-MF-T2 0.903 0.968 | 0.967 0.967 | 0.931 0.966 | 0.821 0.893 | 0.774 0.935 | 0.800 1.000 | 0.759 0.966 | 0.929 1.000
PVARX(1)-OLSCFE-G-T2 1.000 1.000 | 0.967 1.000 | 0.966 1.000 | 0.893 0.929 | 0.774 0.935 | 0.800 0.967 | 0.828 0.966 | 0.893 1.000
PVARX(1)-OLSCFE-MFG-T2 | 0.935 0.968 | 0.933 0.967 | 0.897 0.966 | 0.821 0.893 | 0.806 0.935 | 0.833 1.000 | 0.793 0.966 | 0.929 1.000

Table 19: Density Coverage Rates. GDP Growth.
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h=1 h=3 | h=6 | h=12 h=1 | h=3 | h=6 | h=12
68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90%
DE FR
Naive 0.543 0.764 | 0.568 0.872 | 0.566 0.770 | 0.534 0.828 | 0.520 0.787 | 0.592 0.832 | 0.656 0.828 | 0.500 0.802
AR(1) 0.724 0.913 | 0.728 0.912 | 0.754 0.885 | 0.724 0.879 | 0.740 0.953 | 0.760 0.952 | 0.770 0.943 | 0.776 0.948
LR-MF-T1 0.701 0.898 | 0.712 0.920 | 0.754 0.910 | 0.698 0.862 | 0.756 0.953 | 0.768 0.928 | 0.779 0.951 | 0.750 0.922
LR-G-T1 0.732 0.913 | 0.736 0.912 | 0.746 0.893 | 0.750 0.879 | 0.772 0.953 | 0.760 0.944 | 0.795 0.951 | 0.793 0.948
LR-MFG-T1 0.693 0.704 0.904 | 0.730 0.869 | 0.664 0.836 | 0.764 0.953 | 0.752 0.936 | 0.787 0.951 | 0.750 0.922
LR-MF-T2 0.654 0.704 0.880 | 0.721 0.885 | 0.690 0.853 | 0.764 0.929 | 0.752 0.936 | 0.762 0.934 | 0.741 0.922
LR-G-T2 0.717 0.720 0.888 | 0.713 0.885 | 0.681 0.862 | 0.740 0.929 | 0.752 0.944 | 0.697 0.951 | 0.621 0.879
LR-MFG-T2 0.638 0.672 0.848 | 0.648 0.820 | 0.638 0.828 | 0.724 0.921 | 0.720 0.928 | 0.697 0.845
AR(1)-MF-T1 0.709 0.736  0.896 | 0.746 0.885 | 0.698 0.828 | 0.748 0.961 | 0.776 0.928 | 0.770 0.931
AR(1)-G-T1 0.717 0.728 0.912 | 0.738 0.877 | 0.707 0.862 | 0.756 0.953 | 0.752 0.944 | 0.770 0.948
AR(1)-MFG-T1 0.709 0.720 0.896 | 0.730 0.877 | 0.672 0.810 | 0.740 0.961 | 0.760 0.936 | 0.787 0.922
AR(1)-MF-T2 0.646 0.688 0.880 | 0.721 0.869 | 0.698 0.845 | 0.764 0.937 | 0.752 0.936 | 0.770 0.922
AR(1)-G-T2 0.709 0.712 0.880 | 0.713 0.861 | 0.672 0.853 | 0.724 0.937 | 0.736 0.944 | 0.713 0.871
AR(1)-MFG-T2 0.622 0.656 0.848 | 0.656 0.820 | 0.603 0.819 | 0.701 0.913 | 0.712 0.928 | 0.705 0.853
VAR(1) 0.701 0.736  0.904 | 0.730 0.885 | 0.750 0.853 | 0.740 0.945 | 0.744 0.928 | 0.738 0.922
VARX(1)-MF-T1 0.669 0.696 0.888 | 0.738 0.885 | 0.690 0.845 | 0.717 0.945 | 0.752 0.920 | 0.746 0.914
VARX(1)-G-T1 0.701 0.736  0.896 | 0.713 0.885 | 0.733 0.845 | 0.732 0.937 | 0.736 0.936 | 0.730 0.922
VARX(1)-MFG-T1 0.646 0.688 0.880 | 0.697 0.885 | 0.690 0.819 | 0.709 0.937 | 0.728 0.928 | 0.738 0.905
VARX(1)-MF-T2 0.646 0.688 0.864 | 0.713 0.861 | 0.690 0.836 | 0.717 0.929 | 0.752 0.928 | 0.746 0.914
VARX(1)-G-T2 0.693 0.688 0.872 | 0.680 0.844 | 0.672 0.836 | 0.669 0.929 | 0.728 0.928 | 0.713 0.836
VARX(1)-MFG-T2 0.622 0.648 0.840 | 0.631 0.836 | 0.621 0.793 | 0.654 0.913 | 0.712 0.920 | 0.672 0.845
PVAR(1)-GMM 0.732 0.672 0.888 | 0.672 0.877 | 0.664 0.862 | 0.724 0.929 | 0.680 0.920 | 0.705 0.940
PVAR(1)-OLSCFE 0.748 0.720 0.888 | 0.803 0.902 | 0.741 0.897 | 0.764 0.953 | 0.736 0.952 | 0.820 0.948
PVARX(1)-OLSCFE-MF-T1 0.724 0.704 0.896 | 0.803 0.893 | 0.672 0.853 | 0.717 0.961 | 0.736 0.936 | 0.828 0.922
PVARX(1)-OLSCFE-G-T1 0.748 0.736  0.888 | 0.803 0.910 | 0.759 0.897 | 0.772 0.953 | 0.728 0.944 | 0.811 0.957
PVARX(1)-OLSCFE-MFG-T1 | 0.724 0.728 0.896 | 0.803 0.902 | 0.672 0.853 | 0.724 0.961 | 0.712 0.936 | 0.820 0.905
PVARX(1)-OLSCFE-MF-T2 0.732 0.696 0.888 | 0.795 0.893 | 0.716 0.862 | 0.732 0.953 | 0.760 0.952 | 0.803 0.922
PVARX(1)-OLSCFE-G-T2 0.740 0.728 0.912 | 0.787 0.910 | 0.750 0.888 | 0.732 0.953 | 0.720 0.936 | 0.811 0.957
PVARX(1)-OLSCFE-MFG-T2 | 0.748 0.712 0.896 | 0.779 0.885 | 0.716 0.871 | 0.693 0.961 | 0.720 0.936 | 0.811 0.948
1T UK
Naive 0.535 0.717 | 0.560 0.808 | 0.574 0.746 | 0.457 0.698 | 0.449 0.780 | 0.664 0.848 | 0.607 0.828 | 0.586 0.802
AR(1) 0.661 0.882 | 0.664 0.880 | 0.697 0.844 | 0.698 0.871 | 0.717 0.906 | 0.728 0.912 | 0.762 0.918 | 0.750 0.922
LR-MF-T1 0.646 0.898 | 0.664 0.856 | 0.697 0.869 | 0.716 0.871 | 0.709 0.921 | 0.736 0.912 | 0.721 0.918 | 0.681 0.888
LR-G-T1 0.701 0.882 | 0.712 0.864 | 0.697 0.861 | 0.707 0.879 | 0.717 0.929 | 0.744 0.920 | 0.721 0.910 | 0.698 0.931
LR-MFG-T1 0.646 0.898 | 0.688 0.856 | 0.705 0.861 | 0.724 0.871 | 0.717 0.913 | 0.744 0.912 | 0.730 0.910 | 0.664 0.888
LR-MF-T2 0.654 0.866 | 0.640 0.832 | 0.689 0.861 | 0.681 0.836 | 0.693 0.890 | 0.696 0.896 | 0.713 0.893 | 0.690 0.862
LR-G-T2 0.701 0.827 | 0.648 0.872 | 0.689 0.844 | 0.664 0.819 | 0.717 0.913 | 0.736 0.904 | 0.730 0.902 | 0.724 0.879
LR-MFG-T2 0.638 0.827 | 0.616 0.784 | 0.689 0.836 | 0.655 0.810 | 0.677 0.898 | 0.696 0.904 | 0.689 0.902 | 0.638 0.853
AR(1)-MF-T1 0.638 0.882 | 0.656 0.872 | 0.680 0.869 | 0.707 0.871 | 0.717 0.921 | 0.736 0.912 | 0.770 0.918 | 0.707 0.879
AR(1)-G-T1 0.669 0.866 | 0.688 0.872 | 0.697 0.852 | 0.716 0.879 | 0.724 0.906 | 0.736 0.920 | 0.746 0.902 | 0.750 0.905
AR(1)-MFG-T1 0.646 0.898 | 0.656 0.856 | 0.689 0.861 | 0.707 0.871 | 0.717 0.921 | 0.744 0.920 | 0.754 0.902 | 0.698 0.888
AR(1)-MF-T2 0.669 0.858 | 0.640 0.848 | 0.672 0.852 | 0.681 0.862 | 0.677 0.906 | 0.704 0.904 | 0.730 0.902 | 0.690 0.862
AR(1)-G-T2 0.677 0.843 | 0.680 0.840 | 0.664 0.828 | 0.681 0.819 | 0.677 0.913 | 0.688 0.912 | 0.721 0.885 | 0.707 0.879
AR(1)-MFG-T2 0.622 0.811 | 0.600 0.792 | 0.664 0.795 | 0.629 0.810 | 0.669 0.898 | 0.664 0.920 | 0.672 0.893 | 0.638 0.819
VAR(1) 0.669 0.858 | 0.656 0.856 | 0.697 0.844 | 0.690 0.845 | 0.701 0.898 | 0.688 0.896 | 0.730 0.902 | 0.716 0.897
VARX(1)-MF-T1 0.630 0.850 | 0.664 0.864 | 0.689 0.836 | 0.698 0.845 | 0.709 0.898 | 0.720 0.896 | 0.738 0.902 | 0.698 0.862
VARX(1)-G-T1 0.654 0.866 | 0.656 0.864 | 0.680 0.836 | 0.672 0.836 | 0.717 0.898 | 0.712 0.912 | 0.705 0.885 | 0.724 0.914
VARX(1)-MFG-T1 0.638 0.858 | 0.672 0.864 | 0.680 0.828 | 0.698 0.836 | 0.709 0.898 | 0.728 0.904 | 0.705 0.902 | 0.672 0.862
VARX(1)-MF-T2 0.630 0.858 | 0.632 0.848 | 0.639 0.811 | 0.655 0.810 | 0.661 0.890 | 0.680 0.912 | 0.680 0.869 | 0.690 0.853
VARX(1)-G-T2 0.677 0.850 | 0.640 0.840 | 0.656 0.828 | 0.647 0.810 | 0.685 0.890 | 0.688 0.888 | 0.680 0.877 | 0.655 0.853
VARX(1)-MFG-T2 0.598 0.803 | 0.640 0.776 | 0.631 0.795 | 0.629 0.793 | 0.630 0.866 | 0.656 0.912 | 0.648 0.869 | 0.595 0.802
PVAR(1)-GMM 0.661 0.843 | 0.656 0.848 | 0.672 0.852 | 0.672 0.862 | 0.756 0.921 | 0.696 0.896 | 0.689 0.902 | 0.681 0.897
PVAR(1)-OLSCFE 0.677 0.898 | 0.688 0.864 | 0.705 0.877 | 0.724 0.862 | 0.740 0.913 | 0.744 0.920 | 0.738 0.951 | 0.724 0.922
PVARX(1)-OLSCFE-MF-T1 0.661 0.898 | 0.688 0.872 | 0.705 0.885 | 0.707 0.853 | 0.764 0.913 | 0.736 0.920 | 0.738 0.951 | 0.716 0.897
PVARX(1)-OLSCFE-G-T1 0.677 0.906 | 0.696 0.872 | 0.705 0.877 | 0.724 0.862 | 0.717 0.921 | 0.760 0.920 | 0.746 0.951 | 0.750 0.914
PVARX(1)-OLSCFE-MFG-T1 | 0.677 0.898 | 0.696 0.872 | 0.705 0.885 | 0.707 0.862 | 0.756 0.913 | 0.768 0.928 | 0.738 0.943 | 0.724 0.905
PVARX(1)-OLSCFE-MF-T2 0.669 0.898 | 0.672 0.872 | 0.713 0.877 | 0.707 0.862 | 0.787 0.937 | 0.744 0.928 | 0.762 0.943 | 0.750 0.879
PVARX(1)-OLSCFE-G-T2 0.685 0.898 | 0.688 0.864 | 0.697 0.877 | 0.672 0.871 | 0.732 0.929 | 0.752 0.920 | 0.754 0.951 | 0.776 0.922
PVARX(1)-OLSCFE-MFG-T2 | 0.661 0.874 | 0.656 0.864 | 0.713 0.869 | 0.698 0.879 | 0.795 0.929 | 0.728 0.920 | 0.787 0.943 | 0.767 0.888
Table 20: Density Coverage Rates. Industrial Production Growth.
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h=1 h=3 | h=6 | h=12 h=1 | h=3 | h=6 | h=12
68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90%
DE FR
Naive 0.937 0.992 [ 0.944 1.000 | 0.002 0.984 | 0.888 0.057 | 0.913 0.053 | 0.744 0.864 ] 0.631 0.836 | 0.586 0.767
AR(1) 0.921 1.000 | 0.944 1.000 | 0.951 0.992 | 0.836 0.948 | 0.724 0.882 | 0.712 0.888 | 0.754 0.877 | 0.759 0.879
LR-MF-T1 0929 0.984 | 0.9044 0.992 | 0.877 0.943 | 0.819 0.005 | 0.701 0.890 | 0.672 0.904 | 0.762 0.869 | 0.793 0.858
LR-G-T1 0.913 0.984 | 0.888 0.984 | 0.918 1.000 [ 0.888 0.948 | 0.780 0.890 | 0.736 0.888 | 0.664 0.861 | 0.776 0.897
LR-MFG-T1 0.806 0.992 | 0.861 0.943 | 0.810 0.888 | 0.724 0.890 | 0.672 0.896 | 0.697 0.861 | 0.776 0.879
LR-MF-T2 992 [ 0.928  0.976 | 0.836 0.934 | 0.793 0.905 | 0.677 0.890 | 0.656 0.904 | 0.705 0.852 | 0.750 0.888
LR-G-T2 890 0.984 | 0.888 0984|0926 0992 | 0.853 0.931 | 0.772 0.882 | 0.720 0.864 | 0.680 0.844 | 0.698 0.879
LR-MFG-T2 0835 0.984 | 0.872 0.944 | 0.820 0918 | 0.759 0.862 | 0.646 0.890 | 0.632 0.856 | 0.664 0.811 | 0.672 0.871
AR(1)-MF-T1 0906 0.992 [ 0.944 0.992 | 0.877 0951 | 0.784 0.888 | 0709 0.882 | 0.672 0.904 | 0.721 0.861 | 0.734 0.858
AR(1)-G-T1 0.906 0.984 | 0.904 0.954 | 0.943 0.992 | 0.836 0.940 | 0.709 0.874 | 0.672 0.888 | 0.705 0.861 | 0.724 0.879
AR(1)-MFG-T1 0.898 0.992 | 0.896 0.992 | 0.861 0.951 | 0.776 0.879 | 0.709 0.874 | 0.664 0.896 | 0.656 0.836 | 0.767 0.888
AR(1)-MF-T2 0.898 0.992 | 0.928 0.976 | 0.844 0.943 | 0.793 0.897 | 0.669 0.882 | 0.656 0.828 | 0.776 0.879
AR(1)-G-T2 0.874 0.992 | 0.896 0.984 | 0.926 0.992 | 0.819 0914 | 0.724 0.843 | 0.616 0.852 | 0.690 0.862
AR(1)-MFG-T2 0.819 0.984 | 0.856 0.944 | 0.828 0.910 | 0.750 0.853 | 0.669 0.874 | 0.632 0.795 | 0724 0.862
VAR(I) 0.921 1.000 | 0.960 0.992 | 0.934 0.992 | 0.836 0.943 | 0.709 0.890 | 0.680 0.869 | 0.750 0.871
VARX(1)-MF-T1 0.921 0.992 | 0.952 0.992 | 0.861 0.943 | 0.793 0.879 | 0.685 0.890 | 0.648 0.861 | 0.741 0.888
VARX(1)-G-T1 0.800 1.000 | 0.872 0.984 | 0.934 0.992 | 0.836 0.931 | 0.709 0.874 | 0.632 0.861 | 0.716 0.862
VARX(1)-MFG-T1 0.874 0.992 | 0.880 0.992 | 0.869 0.943 | 0.793 0.888 | 0.693 0.874 | 0.656 0.852 | 0.741 0.879
VARX(1)-MF-T2 0.913 0.992 | 0.936 0.981 | 0.852 0.926 | 0.767 0.871 | 0.709 0.906 | 0.600 0.828 | 0.690 0.871
VARX(1)-G-T2 0.874 1.000 | 0.872 0.984 | 0.926 0.984 | 0.793 0.897 | 0.693 0.843 | 0.632 0.844 | 0.681 0.862
VARX(1)-MFG-T2 0.843 0.976 | 0.824 0.936 | 0.836 0910 | 0.693 0.845 | 0.685 0.858 | 0.584 0.803 | 0.690 0.836
PVAR(1)-GMM 0.906 1.000 | 0.052 1.000 | 0.051 1.000 | 0.948 1.000 | 0.740 0.906 | 0.760 0.902 | 0.793 0.897
PVAR(1)-OLSCFE 0.937 1.000 | 0.944 1.000 | 0.943 0.992 | 0.897 0.983 | 0.685 0.858 | 0.640 0.877 | 0.681 0.879
PVARX(1)-OLSCFE-MF-T1 | 0.920 1.000 | 0.920 0.992 | 0.934 0.984 | 0.871 0.974 | 0.669 0.858 | 0.656 0.885 | 0.655 0.828
PVARX(1)-OLSCFE-G-T1 0.937 1.000 | 0.944 0.992 | 0.934 0.992 | 0.897 0.983 | 0.693 0.874 | 0.640 0.869 | 0.672 0.879
PVARX(1)-OLSCFE-MFG-T1 | 0.920 1.000 | 0.928 0.992 | 0.934 0.984 | 0.871 0.974 | 0.654 0.866 | 0.672 0.861 | 0.638 0.819
PVARX(1)-OLSCFE-MF-T2 | 0.920 1.000 | 0.928 1.000 | 0.926 0.984 | 0.897 0.974 | 0.661 0.843 | 0.664 0.885 | 0.655 0.828
PVARX(1)-OLSCFE-G-T2 | 0.921 1.000 | 0.920 0.992 | 0.934 0.992 | 0.905 0.983 | 0.701 0.882 | 0.656 0.885 | 0.672 0.871
PVARX(1)-OLSCFE-MFG-T2 | 0.913 1.000 | 0.912 1.000 | 0.918 0.984 | 0.807 0.974 | 0.654 0.874 | 0.632 0.877 | 0.603 _0.810
IT

Naive 0362 0.654 [ 0.456 0.656 | 0.426 0.754 | 0.336 0.620 | 0.748 0.858 | 0.712 0.607 [ 0.603 0.629
AR(1) 0.630 0.866 | 0.648 0.848 | 0.623 0.836 | 0.620 0.853 | 0.606 0.850 | 0.616 0.803 | 0.586 0.776
LR-MF-T1 0622 0.850 | 0.632 0.832 | 0.643 0.836 | 0.621 0.836 | 0.606 0.835 | 0.536 0811 | 0569 0.802
LR-G-T1 0.638 0.835 | 0.632 0.840 | 0.630 0.844 | 0.603 0.836 | 0.606 0.835 | 0.608 0.836 | 0.505 0.828
LR-MFG-T1 0.508 0.866 | 0.624 0.832 | 0.639 0.852 | 0.621 0.836 | 0.606 0.827 | 0.536 0.795 | 0.586 0.802
LR-MF-T2 0.606 0.827 | 0.600 0.840 | 0.607 0.828 | 0.595 0.802 | 0.606 0.795 | 0.544 0.754 | 0526 0.784
LR-G-T2 0.614 0.835 | 0.624 0.832 | 0.607 0.820 | 0.612 0.802 | 0.583 0.827 | 0.560 0.828 | 0.586 0.828
LR-MFG-T2 0575 0.819 | 0592 0.824 | 0.607 0.811 | 0.517 0.759 | 0.622 0.787 | 0.504 0.730 | 0534 0.759
AR(1)-MF-T1 0614 0.866 | 0.610 0.848 | 0.630 0.828 | 0.621 0.853 | 0.654 0.843 | 0.568 0.787 | 0578 0.750
AR(1)-G-T1 0.646 0.850 | 0.672 0.840 | 0.630 0.836 | 0.647 0.871 | 0.661 0.850 | 0.616 0.803 | 0.578 0.759
AR(1)-MFG-T1 0.638 0.850 | 0.640 0.856 | 0.631 0.844 | 0.612 0.862 | 0.677 0.850 | 0.576 0.787 | 0569 0.750
AR(1)-MF-T2 0.630 0.850 | 0.648 0.848 | 0.615 0.828 | 0.543 0.810 | 0.598 0.843 | 0.552 0.738 | 0517 0.707
AR(1)-G-T2 0508 0.858 | 0.616 0.832 | 0.598 0.820 | 0.560 0.845 | 0.630 0.835 | 0.584 0.803 | 0.569 0.776
AR(1)-MFG-T2 0.614 0.819 | 0.616 0832 | 0.631 0811 | 0.466 0.759 | 0.583 0.843 | 0.536 0.730 | 0526 0.690
VAR(I) 0630 0.843 [ 0.632 0524 | 0582 0.836 | 0.620 0.845 | 0.598 0.819 | 0.576 0.787 | 0560 0.750
VARX(1)-MF-T1 0.606 0.843 | 0.640 0.848 | 0.574 0.828 | 0.603 0.836 | 0.591 0.835 | 0.560 0.762 | 0.552 0.724
VARX(1)-G-T1 0.614 0.850 | 0.640 0.824 | 0.598 0.852 | 0.612 0.853 | 0.606 0.819 | 0.568 0.795 | 0.560 0.750
VARX(1)-MFG-T1 0.622 0.850 | 0.632 0.840 | 0.566 0.852 | 0.603 0.845 | 0.606 0.819 | 0.560 0.787 | 0534 0.733
VARX(1)-MF-T2 0.630 0.819 | 0.640 0.840 | 0.574 0.820 | 0.517 0.793 | 0.583 0.835 | 0.552 0.754 | 0526 0.716
VARX(1)-G-T2 0.508 0.827 | 0.600 0.840 | 0.574 0.803 | 0.569 0.819 | 0.583 0.843 | 0.560 0.787 | 0552 0.767
VARX(1)-MFG-T2 0.614 0.811 | 0.608 0.840 | 0.557 0.803 | 0.405 0.707 | 0.591 0.819 | 0.528 0.730 | 0526 0.698
PVAR(I)-GMM 0.583 0.874 | 0.600 0.856 | 0.598 0.852 | 0.603 0.862 | 0.598 0.835 | 0.544 0.820 | 0509 0.810
PVAR(1)-OLSCFE 0.701 0.906 | 0.696 0.888 | 0.656 0.836 | 0.638 0.862 | 0.598 0.866 | 0.576 0.779 | 0.543  0.759
PVARX(1)-OLSCFE-MF-T1 | 0.701 0.808 | 0.704 0.896 | 0.623 0.828 | 0.629 0.853 | 0.614 0.866 | 0.592 0.787 | 0526 0.767
PVARX(1)-OLSCFE-G-T1 0.717 0.906 | 0.704 0.888 | 0.656 0.828 | 0.638 0.862 | 0.614 0.882 | 0.568 0.779 | 0526 0.741
PVARX(1)-OLSCFE-MFG-T1 | 0.724 0.898 | 0.712 0.904 | 0.623 0.836 | 0.638 0.853 | 0.622 0.906 | 0.502 0.787 | 0509 0.750
PVARX(1)-OLSCFE-MF-T2 | 0.701 0.890 | 0.704 0.896 | 0.607 0.836 | 0.647 0.828 | 0.614 0.874 | 0.616 0.787 | 0534 0.767
PVARX(1)-OLSCFE-G-T2 | 0.709 0.906 | 0.696 0.912 | 0.639 0.852 [ 0.638 0.853 | 0.606 0.882 | 0.584 0. 0.779 | 0.569 0.784
PVARX(1)-OLSCFE-MFG-T2 | 0.709 0.882 | 0.696 0.896 | 0.615 0.844 | 0.621 0.836 | 0.661 0.906 | 0.600 0.784 | 0.607 0.803 | 0.552 0.802

Table 21: Density Coverage Rates. Unemployment Rate (Difference).
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h=1 h=3 | h=6 | h=12 h=1 | h=3 | h=6 | h=12
68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90% | 68% 90%
DE FR
Naive 0551 0.827 [ 0.408 0.752 | 0.475 0.787 | 0.552 0.836 | 0.402 0.677 | 0.240 0.656 | 0.631 0.795 | 0.819 0.940
AR(1) 0724 0.906 | 0.680 0.896 | 0.730 0.926 | 0.716 0914 | 0.583 0.850 | 0.576 0.856 | 0.615 0.852 | 0.612 0.845
LR-MF-T1 0709 0.808 | 0.696 0.896 | 0.705 0.910 | 0.741 0.897 | 0.575 0.874 | 0.576 0.856 | 0.541 0.861 | 0.603 0.819
LR-G-T1 0.717 0.890 | 0.720 0.896 | 0.713 0.902 | 0.733 0.897 | 0.575 0.866 | 0.568 0.848 | 0.598 0.836 | 0.612 0.836
LR-MFG-T1 0.701 0.882 | 0.720 0.880 | 0.721 0.902 | 0.707 0.888 | 0.559 0.843 | 0.552 0.840 | 0.566 0.828 | 0.612 0.819
LR-MF-T2 0.693 0.800 | 0.688 0.872 | 0.713 0.803 | 0.724 0.888 3 0811|0544 0816 | 0.549 0.828 | 0.578 0.793
LR-G-T2 0709 0.882 | 0.704 0.896 | 0.713 0.893 | 0.707 0.897 | 0.551 0.843 | 0.544 0.824| 0.607 0.844 | 0.672 0.819
LR-MFG-T2 0677 0.858 | 0.648 0.864 | 0.680 0.869 | 0.672 0.862 | 0.551 0.764 | 0.536 0.808 | 0.525 0.803 | 0.638 0.776
AR(1)-MF-T1 0693 0.898 | 0.672 0.888 | 0.721 0.926 | 0.707 0.905 | 0.567 0.850 | 0.560 0.856 | 0.607 0.869 | 0.621 0.819
AR(1)-G-T1 0709 0.890 | 0.672 0.896 | 0.746 0.926 | 0.672 0.897 | 0.583 0.850 | 0.568 0.836 | 0.598 0.861 | 0.621 0.845
AR(1)-MFG-T1 0.685 0.882 | 0.688 0.880 | 0.721 0.918 | 0.647 0.879 | 0.575 0.827 | 0.552 0.848 | 0.598 0.852 | 0.621 0.836
AR(1)-MF-T2 0.693 0.906 | 0.672 0.864 | 0.721 0.910 | 0.716 0.888 | 0.559 0.795 | 0.528 0.800 | 0.582 0.836 | 0.586 0.802
AR(1)-G-T2 0.693 0.874 | 0.664 0.896 | 0.713 0.885 | 0.690 0.897 | 0.567 0.827 | 0.544 0.824 | 0.607 0.852 | 0.681 0.836
AR(1)-MFG-T2 0.693 0.874 | 0.640 0.856 | 0.713 0.844 | 0.655 0.845 | 0.551 0.748 | 0.528 0.792 | 0.566 0.803 | 0.647 0.784
VAR(I) 0709 0.866 | 0.680 0.880 | 0.738 0.926 | 0.655 0.853 | 0.551 0.827 | 0552 0.824 | 0.590 0.841 | 0.612 0.810
VARX(1)-MF-T1 0.677 0.874 | 0.656 0.872 | 0.697 0.902 | 0.690 0.828 | 0.543 0.835 | 0.552 0.808 | 0.598 0.811 | 0.621 0.810
VARX(1)-G-T1 0.701 0.874 | 0.688 0.880 | 0.746 0.926 | 0.620 0.862 | 0.559 0.811 | 0.536 0.824 | 0.615 0.844 | 0.612 0.810
VARX(1)-MFG-T1 0.677 0.874 | 0.672 0.888 | 0.689 0.885 | 0.655 0.862 | 0.551 0.819 | 0.520 0.800 | 0.582 0.820 | 0.629 0.836
VARX(1)-MF-T2 0.677 0.874 | 0.672 0.832 | 0.697 0.893 | 0.672 0.828 | 0.535 0.803 | 0.544 0.760 | 0.590 0.803 | 0.586 0.776
VARX(1)-G-T2 0.677 0.874 | 0.688 0.872 | 0.721 0.869 | 0.664 0.853 | 0.551 0.811 | 0.536 0.808 | 0.566 0.811 | 0.633 0.828
VARX(1)-MFG-T2 0.685 0.850 | 0.640 0.840 | 0.705 0.844 | 0.664 0.836 | 0.512 0.740 | 0.488 0.768 | 0.525 0.754 | 0.629 0.759
PVAR(1)-GMM 0543 0.858 | 0.488 0.888 | 0.492 0.885 | 0.569 0.897 | 0.501 0.803 | 0.584 0.816 | 0.590 0.820 | 0.560 0.828
PVAR(1)-OLSCFE 0701 0.898 | 0.704 0.904 | 0.697 0.902 | 0.664 0.905 | 0.591 0.850 | 0.584 0.836 | 0.615 0.852 | 0.647 0.836
PVARX(1)-OLSCFE-MF-T1 | 0.685 0.858 | 0.696 0.904 | 0.689 0.893 | 0.681 0.888 | 0.583 0.850 | 0.568 0.848 | 0.615 0.852 | 0.638 0.828
PVARX(1)-OLSCFE-G-T1 0.677 0.890 | 0.696 0.896 | 0.697 0.893 | 0.672 0.888 | 0.583 0.866 | 0.576 0.836 | 0.590 0.861 | 0.655 0.828
PVARX(1)-OLSCFE-MFG-T1 | 0.669 0.882 | 0.704 0.904 | 0.697 0.893 | 0.664 0.862 | 0.591 0.858 | 0.568 0.848 | 0.598 0.869 | 0.638 0.810
PVARX(1)-OLSCFE-MF-T2 | 0.748 0.890 | 0.704 0.912 | 0.697 0.877 | 0.600 0.871 | 0.501 0.866 | 0.584 0.840 | 0.615 0.885 | 0.638 0.819
PVARX(1)-OLSCFE-G-T2 | 0.701 0.921 | 0.704 0.928 | 0.697 0.877 | 0.600 0.879 | 0.669 0.874 | 0.584 0.848 | 0.590 0.869 | 0.672 0.845
PVARX(1)-OLSCFE-MFG-T2 | 0.756 0.913 | 0.712 0.944 | 0.689 0.877 | 0.672 0.862 | 0.622 0.866 | 0.584 0.848 | 0.607 0.885 | 0.655 0.810
IT UK

Naive 0.360 0.656 | 0.467 0.705 | 0.560 0.776 | 0.559 0.740 | 0.480 0.736 | 0.607 0.836 | 0.724 0.931
AR(1) 0.560 0.792 | 0.557 0.795 | 0.560 0.793 | 0.717 0.874 | 0.728 0.872| 0.721 0.885 | 0.741 0.862
LR-MF-T1 0.568 0.792 | 0.541 0.762 | 0.534 0.802 | 0.693 0.874 | 0.712 0.888 | 0.721 0.893 | 0.716 0.871
LR-G-T1 0.552 0.808 | 0.541 0.803 | 0.578 0.802 | 0.677 0.890 | 0.720 0.872| 0.713 0.861 | 0.664 0.879
LR-MFG-T1 0.560 0.784 [ 0.525 0.779 | 0.534 0.802 [ 0.685 0.866 | 0.728 0.872| 0.713 0.877 | 0.672 0.871
LR-MF-T2 0.560 0.760 | 0.500 0.730 | 0.560 0.810 | 0.646 0.850 | 0.712 0.864 | 0.705 0.836 | 0.664 0.845
LR-G-T2 0.520 0.808 | 0.525 0.795 | 0.526 0.802 | 0.661 0.898 | 0.648 0.864 | 0.721 0.869 | 0.690 0.914
LR-MFG-T2 0.528 0.768 | 0.484 0.721 | 0.534 0.767 | 0.646 0.866 | 0.632 0.856 | 0.689 0.852 | 0.664 0.879
AR(1)-MF-T1 0576 0.792 | 0.525 0.770 | 0.526 0.793 | 0.709 0.858 | 0.720 0.880 | 0.705 0.893 | 0.716 0.845
AR(1)-G-T1 0536 0.800 | 0.541 0.779 | 0.586 0.784 | 0.693 0.882 | 0.736 0.872 | 0.705 0.877 | 0.690 0.888
AR(1)-MFG-T1 0.552 0.784 [ 0.516 0.762 | 0.543 0.784 | 0.669 0.858 | 0.728 0.864 | 0.705 0.885 | 0.681 0.879
AR(1)-MF-T2 0.576 0.768 | 0.492 0.721 | 0.509 0.784 | 0.654 0.843 | 0.704 0.864 | 0.672 0.844 | 0.664 0.828
AR(1)-G-T2 0.504 0.792 [ 0516 0.779 | 0.517 0.784 | 0.669 0.890 | 0.656 0.872| 0.713 0.869 | 0.672 0.914
AR(1)-MFG-T2 0.544 0.784 | 0459 0.672 | 0.517 0.759 | 0.646 0.843 | 0.640 0.856 | 0.689 0.795 | 0.647 0.845
VAR(I) 7870528 0.800 | 0.533 0.770 | 0.509 0.716 | 0.693 0.858 | 0.720 0.856 | 0.648 0.844 | 0.724 0.845
VARX(1)-MF-T1 0535 0.780 | 0.528 0.784 | 0.525 0.754 | 0517 0.724 | 0.677 0.850 | 0.704 0.856 | 0.648 0.828 | 0.707 0.828
VARX(1)-G-T1 0.551 0.787 | 0.520 0.792 | 0.549 0.787 | 0.491 0.716 | 0.701 0.850 | 0.720 0.848 | 0.656 0.828 | 0.655 0.862
VARX(1)-MFG-T1 0528 0.772 | 0.520 0.776 | 0.533 0.754 | 0.526 0.733 | 0.677 0.843 | 0.712 0.840 | 0.639 0.820 | 0.655 0.862
VARX(1)-MF-T2 0504 0.764 | 0.520 0.768 | 0.500 0.721 | 0.509 0.733 | 0.638 0.835 | 0.672 0.840 | 0.582 0.754 | 0.638 0.819
VARX(1)-G-T2 0.543 0.756 | 0.488 0.792 | 0.508 0.770 | 0.474 0.733 | 0.669 0.843 | 0.656 0.856 | 0.631 0.836 | 0.664 0.862
VARX(1)-MFG-T2 0.504 0.677 | 0.520 0.776 | 0.467 0.689 | 0.491 0.724 | 0.638 0.827 | 0.608 0.832 | 0.557 0.754 | 0.621 0.828
PVAR(I)-GMM 0.496 0.717 | 0.520 0.728 | 0525 0.713 | 0.509 0.707 | 0528 0.819 | 0544 0.816 | 0.540 0.811 | 0.578 0.819
PVAR(1)-OLSCFE 0622 0.835 | 0.560 0.800 | 0.566 0.787 | 0.534 0.767 | 0.709 0.882 | 0.744 0.872| 0.713 0.869 | 0.733 0.879
PVARX(1)-OLSCFE-MF-T1 | 0.606 0.819 | 0.576 0.808 | 0.500 0.787 | 0.534 0.724 [ 0.701 0.874 | 0.728 0.880 | 0.721 0.869 | 0.716 0.845
PVARX(1)-OLSCFE-G-T1 0598 0.811 | 0.568 0.808 | 0.566 0.787 | 0.543 0.767 | 0.724 0.890 | 0.744 0.872| 0.705 0.869 | 0.681 0.879
PVARX(1)-OLSCFE-MFG-T1 | 0.591 0.819 | 0.576 0.808 | 0.574 0.787 | 0.543 0.741 | 0.724 0.890 | 0.728 0.880 | 0.721 0.869 | 0.68L 0.862
PVARX(1)-OLSCFE-MF-T2 | 0.583 0.819 | 0.560 0.832 | 0.574 0.811 | 0.509 0.750 | 0.693 0.898 | 0.728 0.888 | 0.721 0.852 | 0.707 0.845
PVARX(1)-OLSCFE-G-T2 | 0.646 0.827 | 0.536 0.816 | 0.582 0.803 [ 0.543 0.793 | 0.732 0.890 | 0.768 0.896 | 0.705 0.869 | 0.672 0.897
PVARX(1)-OLSCFE-MFG-T2 | 0.583 0.819 | 0.504 0.808 | 0.582 0.820 | 0.534 0.759 | 0.764 0.906 | 0.784 0.896 | 0.713 0.852 | 0.664 0.862

Table 22: Density Coverage

Rates. CPI Growth (Inflation).
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7 Appendix

7.1 List of Models
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7.2 Estimation of pVAR Models in R

Love and Zicchino (2006) was the first paper to widely share their STATA program
codes. Because of this fact, this paper now counts more than 1,100 citations. As these
models have increased in popularity, Abrigo and Love (2015) have prepared a suite
of computational procedures for STATA and Sigmund and Ferstl (2019) prepared a
suite of procedures for R. The ECB BEAR toolbox built in MATLAB also includes
procedures for pVAR models; see Dieppe et al. (2016) for more information.
Currently, the “panelvar” package of Sigmund and Ferstl (2019) is the only library
which can be used for the estimation of pVAR models in R. Sigmund and Ferstl (2019)
properly explain the theoretical as well as practical aspects of their package. Here,
instead of repeating Sigmund and Ferstl (2019) and explaining the underlying theory
of pVAR models estimations, we take a different approach and discuss the strengths

and weaknesses of the package.

7.2.1 Strengths

1. The package contains two different estimation approaches: the first difference
GMM estimator of Holtz-Eakin et al. (1988) as well as the system GMM esti-
mator of Blundell and Bond (1988).

2. The Hansen overidentification test, lag selection criteria and stability test of

the pVAR polynomial are also provided in the package.

3. The package can handle orthogonal and generalised impulse response functions,
bootstrapped confidence intervals for impulse response analysis and forecast

error variance decompositions.

4. The package handles both “first difference” and “forward orthogonal devia-

tions” transformations.

5. The main function “pvargmm” is easy to use and the estimation is relatively

fast (a dataset of 3,000 observations is estimated in about 15-20 second using
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a standard-type office laptop®).

6. The researcher has great flexibility in various settings such as about the trans-
formation, the use of the System GMM estimator, the application of PCA to
instruments matrix and the maximum and minimum number of instruments

for dependent variables.

7.2.2 Weaknesses

1. The package has been built for estimation and fully serves that purpose. It
has not been built or optimised for panel forecasting. Therefore, to use the
“pvargmm” and perform iterative forecasting (as the direct forecasting is not
feasible in the way the package is set up) requires many additional lines of
coding, given that the actual iterative forecasting algorithm needs to be written

from scratch.

2. Depending on the nature of the (forecasting) exercise, the researcher needs
to experiment with various settings about the transformation, the use of the

System GMM estimator, the application of PCA to instruments matrix, etc.

Let us be more specific about the forecasting problems we might face using the
panelvar package. Let us distinguish two models: (i) one with no exogenous variables,
and (ii) one which includes exogenous variables. First, for both models we can use
the corresponding in-sample data and proceed with the estimation. This will return
us the vector of estimated coefficients.

Using the first model with no exogenous variables, one could use the autoregres-
sive coefficients and iteratively produce }//\;H, using the observed Y; data; here Y;
denotes the stacked vector of endogenous variables. Then, produce }A/HQ using the
estimated }A/tH and Y; (if the order is greater than 1). Then, produce }A/t+3 using
the estimated }A/Hz and past values if necessary. Therefore, in this case the panel-
var package can be used, only requiring the research to write a small piece of code

implementing the iterative forecasting process described above.

8Exact machine specifications: Intel Core i7-6600U @ 2.60GHz, 16GB RAM.
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If instead exogenous variables are included in the model, then the iterative fore-
casting procedure would require Y; (which is observed) and X,,; for the exogenous
variables (which is not observed). This would require the researcher to separately
forecast )A(t+1~ In principle, this can be done either by means of an auxiliary model, or
by taking external forecasts, for example from international organizations or consen-
sus. While both methods could increase forecast accuracy, they could also decrease
it when the forecasts for the exogenous variables are inaccurate. As a third option,
direct forecasting (based on the projection method) could be used. Unfortunately,
the panelvar package in its current form does not support the direct forecasting ap-
proach due to problems with the estimation of the underlying regression model with

lagged variables.

7.2.3 Example Code for Estimation

The following excerpt is directly taken from the helpfile of the package.

data(”Dahlberg”)
ex1_dahlberg data <- pvargmm(dependent_vars = c¢(”expenditures”, "revenues”,
7grants” ),

lags = 1,
transformation = ”fod”,
data = Dahlberg,
panel_identifier=c(”id”, "year”),
steps = c("twostep”),
system_instruments = FALSE,
max_instr_dependent_vars = 99,
max_instr_predet_vars = 99,
min_instr_dependent_vars = 2L,
min_instr_predet_vars = 1L,
collapse = FALSE

)
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7.2.4 R Code Used in this Paper

We have written many programs to produce the results for this paper. First, we
have separate files for quarterly and monthly targets. Then, we have separate files
for the standard models (Naive, AR, VAR) and for the pVAR models. In the pVAR
models we have different (sub-) files for the out-of-sample forecasting using the GMM
estimation from the “panelvar” model and for the OLS estimation. We also have
different files with the functions which produce the figures with the density forecasts
as well as the output tables (i.e. results post-processing files).

For all the above reasons, instead of putting our code into a separate Annex, we
will share all files (programs and data) with Eurostat so that all researchers could

replicate and extend this research.
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