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Aim of the analysis

@ The primary goal of this study is to effectively measure the impact
of a severe exogenous shock, such as the COVID-19 pandemic on
aggregate economic activity in Greece and other five Euro Area
economies, namely Germany, France, Italy, Spain and Belgium.

@ The class of linear and quantile predictive regression models is
proposed for the analysis of real GDP growth, and a Bayesian
approach for model selection is developed.

@ Dynamic Panel models are also implemented for modeling the
economic impact of COVID-19 pandemic. The proposed class of
panel models allows different economic dependent variables to be
affected by common observed factors or covariates, as well as by
different cross-sectional specific factors, and can account for
cross-section correlations/covariances of the unobserved error terms.
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Linear Regression model Specification

@ The standard regression model can be used to forecast the
dependent variables based on a set of predictor variables through
the following equation:

K

Yer1 = a+ Y B+ e, (1)
k=1

where ;41 is the dependent variable, i.e. real GDP growth at time
t 41, xy; are the predictor variables, k =1,..., K at time ¢, and
€:+1 is the innovation process assumed to be independent and
identically distributed with mean zero and variance o2.
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Linear Regression model Specification

@ Regression-type model specifications (1) suggests that the
conditional mean of the predictive distribution of real GDP growth

Yi+1 given a set of K predictors 21 4,..., Tk is equal to
K
E(yeralrie, - ke) =a+ Y Bt (2)
k=1

@ Estimation using: Least Squares (LS) method, Maximum Likelihood
(ML) approach.
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Quantile Regression model Specification-Motivation

@ The primary motivation for using quantile regression models to

predict real GDP growth stems from the dynamic nature of the
economic time series that are asymmetrically impacted by different
economic, financial, geopolitical and other random events and
shocks, such as market crises and economic downturns, the
COVID-19 pandemic, or the recent war in Ukraine.

Due to country specific or to world-wide events and episodes,
economic series may exhibit non-linearities, fat tails, excess kurtosis
and deviations from normality. In the presence of such
characteristics, the conditional mean approach may not capture the
effects of different predictors to the entire distribution of the series
under consideration and may provide estimates that are not robust.

In addition, the quantile regression approach estimates the potential
differential effect of a set of predictors on various quantiles in the
conditional distribution, and provides a natural generalization of the
standard conditional mean approach.

loannis Vrontos, AUEB Modelling GDP growth



Quantile Regression Model Specifications

@ We also consider the predictive quantile regression model of the
form:

K

Y1 = o + Z Bl(cr)il%,t + €y, (3)
k=1

where 7 € (0,1), yr41 is real GDP growth at time ¢ + 1, xy is the

value of predictor k at time ¢, k=1,..., K, a(™) and ﬁ,gT) are the

regression parameters, i.e. the intercept and the betas, associated

with the 7th quantile, and €;41 is an unknown error term. The

errors €;41 are assumed independent from an error distribution g, (¢)

with T-quantile equal to 0, i.e. fi)oo gr(e)de = 7.
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Quantile Regression Model Specifications

@ Quantile regression-type models (3) suggest that the Tth

conditional quantile of y;1 given 21 4,...,Tx ¢ is
K
Qr(yeslrre, . k) =™ 4> B (4)
k=1

where the intercept and the regression coefficients depend on 7.
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Bayesian approach to model comparison

@ Bayesian approach to model comparison deals with the uncertainty
regarding the set of predictors that should enter the linear and
quantile regression models.

@ This is a probabilistic approach to inference that is based on the
estimation of the posterior probabilities of different predictive
regression models.

@ Estimation of the posterior model probabilities is achieved by
designing a Markov chain Monte Carlo (MCMC) algorithm that
visits (jumps between) a variety of regression model specifications.

@ Inference can be based on the most probable model or a subset of
most probable models, weighted by their (normalised) posterior
model probabilities. The latter approach takes into account model
uncertainty (Kass and Raftery, 1995).
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Model Comparison using Posterior Model Probabilities

@ The posterior probability of model v given the dependent variable y
and the set of predictor variables x can be computed by:

__plylnx)p()
LS WICTRT) ©

where

p(ylv,x) = [ p(y|7,x,6,)p(6,]7,%) db, is the marginal likelihood
of model

p (y|v,x,0,) is the likelihood given model ~

p (6|7, %) is the prior density of 6., under model v

p(y) is the prior probability for model ~

¥ = (Y1,...,7K)", 7 = 1 if the kth predictor is included in the
model, and ~; = 0, otherwise.
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Prior Specification

@ The predictive regression model specifications are identified by a
parameter vector § = (v,0.,).

@ It is convenient to use

p(7,05) =p (047 (7)
and specify p () and p (6,]7), separately.
@ The prior distribution that is adopted for -y is of the form

K
p(y) == @ =m) ™
k=1

@ Under this prior, each predictor x, k = 1,..., K enters the
predictability model independently with probability p (v = 1) = 7.
Assigning 7, = m = 0.5 for all k, yields the uniform prior,

p(v) = 1/2K, that is often used as a representation of ignorance,
i.e. it implies that the analyst is agnostic about the predictor
variables that will enter the model.
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Prior Specification

@ With regard to the prior distribution for the parameters
0, = (0}%, 02)/ of the predictive linear regression model v an
independent conjugate prior distribution is assumed, that is, a
multivariate normal N (u, co?V) for the vector
0r = (o, B1,...,B%) . and an inverted Gamma IG(d/2,v/2) prior

for o2.

@ Choose i = 0, which reflects prior ignorance about the location of
the means of the regression coefficients, ¢ =T, and V = (F’F)fl,
where F is the corresponding design matrix that replicates the
covariance structure of the data and yields the g-prior of Zellner

(1986).
@ The hyperparameters d and v are chosen in such way that the prior
mean E (02) = %5, d > 2 equals the maximum likelihood estimate

of 02, i.e. 52, and the prior variance Var (02) = ﬁ <T12)

equals to 10052,
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Calculation of the marginal likelihood

@ For the standard linear regression models, with parameter vector
0, = (9%,02)/ = (a, b1, ... ,Bk,og)l, and assuming a normal -
inverse gamma prior, the marginal likelihood p (y|v,x) can be
evaluated analytically, since the model parameters are integrated
out. See, for example, Zellner (1971), O'Hagan and Forster (2004).

@ For the predictive quantile regression models, analytic evaluation of
the marginal likelihood is not possible. In our analysis, the marginal
likelihood is estimated using the Bayesian Information Criterion
(BIC) approximation that is given by

. ~ dim(6.)
Inp(yly,x) =Inp (ylmx,%) - (T -1),
where 9; denotes the ML estimate of 6, dim(f.) is the dimension
of 6, and T' is the sample size.

@ The BIC approximation is efficient, quite intuitive, less accurate, and
can be used without introducing a prior density for the regression
parameters 6, in the underlying quantile regression.model.
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Markov chain Monte Carlo Stochastic Search Algorithm

@ Identification of the most important predictive variables for inclusion
in a model is difficult, especially in problems, where the number of
potential variables is large and, as a consequence, the number of
possible models can be vast.

@ In such cases, it is computationally prohibitive to compute the
posterior probability of each possible model.

@ To address the problem, a Markov chain Monte Carlo (MCMC)
algorithm, which efficiently searches over such high dimensional
model spaces to detect the models with the highest posterior model
probabilities, is proposed.

@ This algorithm enables the analysis of high dimensionality datasets
with respect to the number of predictor variables.

@ The proposed algorithm enables us to implement Bayesian Model
Averaging and to account, therefore, for model uncertainty.
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Markov chain Monte Carlo Stochastic Search Algorithm

@ The Metropolis-Hastings type algorithm simulates a Markov chain
sequence of models 41, ~(2) ~(3) “that under certain regularity
conditions (see, for example, Smith and Roberts, 1993, and Tierney,
1994) converges to the equilibrium distribution p (v]y).

@ The Metropolis-Hastings algorithm is constructed as follows:
Starting with an initial model v(?), iteratively simulate the
transitions from the current model v(), at the i-th iteration, to
model 4(*t1) at the next iteration by using the two steps:

e simulate a candidate model 'y/ from a proposal distribution
q (7(”, 7')
o set 41 =~ with probability
( W 4 (7',7(“) p (ylv ) P (7)
a7,y ) = min ~ , =5
q (’Y( )77 ) P (y|'y(l)) p (’Y( ))
otherwise, set y(i+1) = (9,
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Markov chain Monte Carlo Stochastic Search Algorithm

@ Transition kernels ¢ (fy(i),fy/) used to generate candidate models +/
from () by randomly choosing among the following steps:

e Birth: Randomly select a predictor variable from those possible
(i.e. those not present in the current model) and add it in the
subset to create a new proposed model with one additional
variable

o Death: Randomly select a predictor from those present in the
current model and delete it from the subset to create a new
proposed model with one less variable

e Change: Randomly select a predictor variable from those
present in the current model and change it with a new one
from the remaining variables

@ These steps permit the algorithm to move efficiently through
models of the same (through Change step), or different (through
Birth and Death steps) dimensionality, i.e. number of predictors, in
order to generate a sample from the posterior distribution of ~.
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Markov chain Monte Carlo Stochastic Search Algorithm

@ The proposed Bayesian stochastic search algorithm can be used for
the identification of the most important predictors for real GDP
growth in the quantile regression models.

@ This approach is based on, and extends, the algorithms of Vrontos,
Vrontos, and Giamouridis (2008), Giannikis and Vrontos (2011), and
Vrontos (2012), who used Bayesian model selection techniques to
identify important risk factors and predictor variables in univariate
and multivariate regression models with GARCH-type models.

@ The proposed method is also based on, and extends, the approach
of Dellaportas and Vrontos (2007) and Galakis, Vrontos and
Xidonas (2022), who used Bayesian model selection techniques to
identify the most probable tree topologies (non-linear thresholds) for
tree-structured multivariate GARCH models, and tree-structured
quantile regression models, respectively, assuming a fixed (known)
number of regressors in the respective model specifications.

@ As a result, the proposed predictive quantile regression model and




Panel Data Models

@ Dynamic panel data models have been extensively used in financial
and economics studies. The specific class of models possesses
interesting characteristics, due to its dynamic structure that allows
for lagged dependent variables in the right-hand side of the model
equation, as well as the panel structure that allows the modeling of
both cross-sectional and time series dynamics and relations.

@ The following panel data models are considered:

P Q
Yie = 0i + Z Qp,ifp,t + Z Va,ifayit + €t (6)
p=1 q=1
P Q
Yii = 0i+ Y pifprtd Vaifgirteir, where 5y = b€ e 1+uiy,
p=1 q=1

(7)
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Panel Data Models

The above model has the following nonlinear representation:

P Q
Vit = 0i46 Win—1 — 6:)+Y_ opi(fpa—bfor1)+ D Vaui(Fait—bFair—1)+uis

p=1 q=1
or
(byzt 1+§ +Zap, fp, ¢fp,t 1 +Z’7q, fq,zt ¢fq,zt 1)+uzt
p=1 q=1
or

P Q
Yiuo =01 —0) + Z apifpr+ Z’Yq,if;,z',t Ui

p=1 q=1

by denot|ng y;:t = yi,t — ¢yi,t—1. f*7t — fp,t _ ¢fp7t_1, and
q,z t fq it ¢fq,i,t—1-
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Panel Data Models

@ A useful parametrization of the specific dynamic panel model can be
derived as follows: Let 47 = (yi,,....yk.) bea N x 1 vector of
observations for the economic dependent variables (conditional on
@) on N cross-section units at time ¢, t =2,...,T. Suppose also
that there are 1 + P + N(Q available covariates that can be used to
model each of the N cross-sectional dependent variables, and
denote by z; = (21,t7 220ty ,21+P+NQ)75)I =

(1 - ¢7fik,t7'"af;ﬂt?fil’tw"7f571,taf1*,2’t7'"afég’tw"afiN,tw"aféJ\
the (14+ P+ NQ) x 1 vector of covariates at time ¢, t =2,...,T

@ Then, y; can be modeled as follows:
yi = (In ® 2;) SB+ us, ug ~ Ny (0,%)

or
yf =z, B+ ug, ug ~ Ny (0,%)
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Panel Data Models - SUR Representation

@ The dynamic panel model can be written in a matrix form of a
Seemingly Unrelated Regression (SUR) model as follows:

Y*=XB+U, U~ Nyi—1)(0,I7-1 ® %)

where Y* = (y3',...,y%') is the N(T — 1) x 1 vector of
realizations of the dependent variables, X = (z,...,27) is the
N(T —1) x N(1+ P+ @) matrix with covariates, and

U = (uly,...,ul)" is the N(T — 1) x 1 vector of innovations.
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Panel Data Models

@ The proposed dynamic panel model is general, in the sense that it
allows common covariates and specific cross-sectional unit factors to
affect the dependent variables

@ It allows for cross-sectional dependence of the innovation process,
and in this way, it may capture unobserved random effects (e.g
pandemic effects), and provides a natural link/connection to the
system of dependent variables.
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Bayesian/Classical Inference - Likelihood

Under the assumption of the multivariate normal error distribution, the
likelihood function for the dynamic panel model can be written as:

LY"|X, 58,5, ¢) =

T
=(2m) " TINZ g7 (TmD/2 e {—; S [y —28) 7 (g — ) >]}

T
—(2m)~(T=DN/2 g =(T=1/2 o {—ltr [2—1 5 <y: —8) (i — ﬂ }
=(2m)~ (T— 1)N/2|Z| (T— Umexp{—f yv*_
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Bayesian Inference - Prior Specification

@ The Bayesian approach to inference requires specifying prior
distributions on the model parameters 6 = (3,3, ¢)'.

@ The prior specification considered is the following. Independent
prior distributions on 3, ¥, and ¢, i.e. w(8,%,¢) = w(8)m(X)7(¢)
are assumed.

@ A multivariate normal prior distribution for the parameter vector (3
is assumed:

_N(O+P+Q)

(8) = (2n) 2 ol exp {3 (3 Bu) A7 (5 - B}

@ For X an inverted Wishart prior distribution is adopted:

N 1—4
r(Z) = |20 N/2 NN =1)/4 HF(U+2 Z>|Qrv/2

1
1
[s)m N2 {75” (Ele)]
i=1

@ An appropriate prior distribution on the autoregressive coefficient
with support in the stationary region, e.g. a Uniform prior
¢ ~ U(—1,1) is considered.
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Bayesian Inference - MCMC Sampling Scheme

@ The MCMC sampling scheme is constructed by iteratively and
successively sampling 3, 3, and ¢ from their full conditional
posterior distributions via two Gibbs and one Metropolis-Hastings
step.

@ The conditional posterior distributions of the model parameters are
the following:

T
(EYX6¢)—IW< S i i) x;5>’+cz>7
t=
™ (5 | }/’X727¢) = NN(1+p+q) (,617141),
Ar= (A1 + X (1poy @371 X) 7 g1 = (864t + Y (Irmny © 271) X) A

T

t:2

M\H

(¢ | Y, X, %, 0) o<exp{
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Modeling and forecasting GDP growth

@ The research focuses on measuring the impact of the COVID-19
pandemic primarily on the economic activity of Greece, as well as
five Euro-zone countries for comparison reasons; Germany, France,
Italy, Spain and Belgium, i.e. include economies of different size and
level of significance in the analysis.

@ A country's economic activity is represented by the quarterly change
of its underlying Real GDP (RGDP) growth. RGDP growth is
measured by the difference of the natural logarithm of each
country’s chain linked index, for the period between the first quarter
of 2001 and the third quarter of 2021.

@ As it is well documented in the literature that there is sizeable
autocorrelation in the underlying RGDP growth series, lagged values
of the individual RGDP series are employed in the models
(RGDP;_1, RGDP;_5, RGDP;_5, RGDP;_4) to address the high
autocorrelation issue, as well as to extract their information content
for projected estimates.
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Data

@ The first set of explanatory and/or predictor variables used in the
regression framework are perceived to be common for all countries,
as they are supposed to capture global effects, given the universal
nature of the COVID-19 pandemic. The set of common factors
included three variables, the oil price, an uncertainty index (World
uncertainty index), and a COVID-19 related factor (World Pandemic
Index).

@ The rationale is to employ factors that reflect the economic effects
of a significant exogenous impact, such as the outbreak of the
COVID-19 pandemic (Chudik et al., 2021).

@ Even though, the pandemic had asymmetric effects on different
continents-regions of the world, a global measure could provide
significant insights regarding the scale and spread of the pandemic
and its likely impact on the world economy.
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Data

@ Moving on to the country specific factors, the forecasting variables
are representative of categories related to output and productivity,
the labour market, the housing market, orders and inventories,
money and credit, interest rates, prices, the financial markets, as
well as business and consumer confidence surveys. Other financial
market and economic activity related indicators, such as the change
in passenger car registrations and real productivity growth are
included in the analysis.

@ The data is obtained from several economic and financial databases
and cover the period between the first quarter of 2001 and the third
quarter of 2021 (83 quarterly observations). More specifically, the
Federal Reserve Bank of St. Louis’ FRED database, the Eurostat
database, the OECD Statistics database, and the European Central
Bank's database were the primary data sources.
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Table 1: Set of Predictor Variables - Overview

ode Predictor Variables

Transformation

C
1 Real GDP Growth - lag one (RGDP,_)

2 Real GDP Growth - lag two (RGDP;_5)

3 Real GDP Growth - lag three (RGDP;_3)
4 Real GDP Growth - lag four (RGDP,_)

5 Oil WTI (OIL)

6 World Uncertainty Index (WUI)

7 World Pandemic Index (WPI)

8  Real Productivity (RPROD)

9 Car Registrations (CREG)

10 Rate of Unemployment (UNEM)

11 Consumer Price Index (CPI)

12 Producer Price Index (PPI)

13 Construction Volume Index of Production (CONPROD)

14 Long-Term Interest Rates (LONGR)
15 Stock Index return (STOCK)
16  OECD Leading Indicator (LEAD)

Aln,
Aln,
Aln,
Aln,
Aln,

Alv
Alv

Aln,
Aln,

Alv
Alv
Alv

Aln,

Alv
Aln
Aln,

quarter-on-quarter % change
quarter-on-quarter % change
quarter-on-quarter % change
quarter-on-quarter % change
quarter-on-quarter % change

quarter-on-quarter % change
quarter-on-quarter % change

quarter-on-quarter % change

. quarter-on-quarter % change
, quarter-on-quarter % change

The table reports detailed information about the set of predictor variables and the corresponding transformation
used in the analysis; Aln denotes first differences of logarithms, and Alv denotes first differences.
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Linear Regression Model: Posterior model probabilities

Germany France

Models 'Exact’ 'Stochastic Search’ Models "Exact’ 'Stochastic Search’
1271016 0.072 0.072 278 0.124 0.125
127101516 0.049 0.048 2378 0.062 0.060
12710111516 0.029 0.027 2478 0.051 0.050
127101116 0.026 0.025 27812 0.021 0.023

1271516 0.024 0.023 2678 0.019 0.019

Italy Spain

Models 'Exact’ 'Stochastic Search’ Models 'Exact’ 'Stochastic Search’
123716 0.074 0.073 124710 0.122 0.120
12371116 0.049 0.051 1247910 0.068 0.070

1237816 0.032 0.031 12471012 0.027 0.029

1236716 0.026 0.028 124791012 0.025 0.028
12371516 0.022 0.022 1245710 0.024 0.023

Greece Belgium

Models 'Exact’ 'Stochastic Search’ Models "Exact’ 'Stochastic Search’
710 0.023 0.022 127816 0.060 0.057

71011 0.018 0.019 12781016 0.044 0.044

7101112 0.018 0.018 1278916 0.028 0.031

71012 0.015 0.015 127810 0.021 0.020

4712 0.013 0.012 12781516 0.020 0.020

1-4: lagged real GDP Growth (RGDP4_1, RGDP_o, RGDP;_3, RGDP4_4), 5: WTI oil price (OIL), 6: World

Uncertainty Index (WUI), 7: World Pandemic Uncertainty Index (WPI), 8: real productivity growth (RPROD), 9:

car registrations (CREG), 10: rate of unemployment (UNEM), 11: growth in the Consumer Price Index (CPI), 12:
growth in the Producer Price Index (PPI), 13: Construction Volume Index of Production (CONPROD), 14:
long-run interest rates (LONGR), 15: stock index return (STOCK), 16: OECD Leading Indicator (LEAD).
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Linear Regression Model: inclusion probabilities

Predictor Variables Germany  France Italy Spain Greece Belgium
RGDP;_; (1) 0.96 0.35 0.91 1.00 0.36 0.75
RGDP;_5 (2) 0.99 0.99 1.00 0.99 0.32 0.99
RGDP;_3 (3) 0.37 0.44 0.67 0.38 0.44 0.36
RGDP;_4 (4) 0.37 0.37 0.36 0.53 0.41 0.37
OIL (5) 0.39 0.30 0.35 0.37 0.32 0.36
WUI (6) 0.40 0.34 0.37 0.35 0.34 0.36
WPI (7) 0.99 0.99 1.00 1.00 1.00 1.00
RPROD (8) 0.37 0.99 0.40 0.35 0.30 0.99
CREG (9) 0.39 0.35 0.40 0.47 0.42 0.37
UNEM (10) 0.58 0.33 0.46 0.99 0.50 0.52
CPI (11) 0.41 0.32 0.41 0.33 0.46 0.41
PPI (12) 0.39 0.36 0.34 0.40 0.44 0.48
CONPROD (13) 0.40 0.33 0.39 0.35 0.29 0.38
LONGR (14) 0.35 0.32 0.32 0.34 0.35 0.35
STOCK (15) 0.55 0.32 0.37 0.34 0.31 0.41
LEAD (16) 0.96 0.37 0.89 0.35 0.33 0.48

1-4: lagged real GDP Growth (RGDP._1, RGDP;_5, RGDP,_3, RGDP;_4), 5: WTl oil price (OIL), 6: World

Uncertainty Index (WUI), 7: World Pandemic Uncertainty Index (WPI), 8: real productivity growth (RPROD), 9:

car registrations (CREG), 10: rate of unemployment (UNEM), 11: growth in the Consumer Price Index (CPI), 12:
growth in the Producer Price Index (PPI), 13: Construction Volume Index of Production (CONPROD), 14:
long-run interest rates (LONGR), 15: stock index return (STOCK), 16: OECD Leading Indicator (LEAD).
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Linear Regression Model: Parameter estimates

Predictor Variables Germany France Italy Spain Greece Belgium
« 0.624 0.147 0.143 0.885 0.035 0.799
(0.146) (0.156) (0.175) (0.187) (0.243) (0.131)
RGDP;_; (1) -0.615 -0.636 -0.547 -0.338
(0.095) (0.092) (0.069) (0.084)
RGDP;_» (2) -0.805 -0.666 -1.039 -0.901 -1.017
(0.105) (0.074) (0.116) (0.085) (0.085)
RGDP,_3 (3) -0.264
(0.084)
RGDP;_4 (4) 0.177
(0.063)
WPI (7) -0.563 -0.717 -1.081 -1.339 -0.525 -0.916
(0.080) (0.094) (0.110) (0.111) (0.114) (0.069)
RPROD (8) 1.916 0.900
(0.174) (0.175)
UNEM (10) -1.922 -1.452 -0.722
(0.709) (0.288) (0.299)
LEAD (16) 0.415 0.700 0.181
(0.082) (0.146) (0.064)

1-4: lagged real GDP Growth (RGDP;_1, RGDP;_5, RGDP,_3, RGDP;_4), 5: WTI oil price (OIL), 6: World

Uncertainty Index (WUI), 7: World Pandemic Uncertainty Index (WPI), 8: real productivity growth (RPROD), 9:

car registrations (CREG), 10: rate of unemployment (UNEM), 11: growth in the Consumer Price Index (CPI), 12:
growth in the Producer Price Index (PPI), 13: Construction Volume Index of Production (CONPROD), 14:
long-run interest rates (LONGR), 15: stock index return (STOCK), 16: OECD Leading Indicator (LEAD).
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Quantile Regression Models: Posterior probabilities |

Countries Quantiles MP1 PP MP2 PP MP3 PP
Germany Q.10 3567891316 0019 23456791416 0016 356789101316 0.012
Qo2s 23716 0.061 23671116 0.036 2371116 0.032
Qo.50 121516 0.022 1261516 0019 121016 0.018
Qo.75 121016 0.053 1216 0.043 1261016 0.026
Qo.90 12481011131416 0023 12316 0.021 1231416 0.020
France Qoo 24716 0049 124716 0.033 247816 0.033
Qo25 24716 0115 247816 0.061 124716 0.035
Qo.50 247816 0.041 24716 0.038 27816 0.020
Qo.75 28 0.047 815 0017 8 0.016
Qo.90 1237815 0040 123781015 0021 123815 0.021
Italy Qo10 27101516 0.021 2710131516 0020 2710121316 0.015
Qo.25 271216 0.090 2471216 0.035 2781216 0.027
Qo.50 2716 0.065 271016 0.034 23716 0.022
Qors 37 0032 12716 0.026 2716 0.017
Qo.90 1234791116 0067 123478111516 0035 123479111516 0.034

4: lagged real GDP Growth (RGDP;_1, RGDP;_o, RGDP;_3, RGDP+_4), 5: WTI oil price (OIL), 6: World

Uncertainty Index (WUI), 7: World Pandemic Uncertainty Index (WPI), 8: real productivity growth (RPROD), 9:

car registrations (CREG), 10: rate of unemployment (UNEM), 11: growth in the Consumer Price Index (CPI), 12:
growth in the Producer Price Index (PPI), 13: Construction Volume Index of Production (CONPROD), 14:
long-run interest rates (LONGR), 15: stock index return (STOCK), 16: OECD Leading Indicator (LEAD).
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Quantile Regression Models: Posterior probabilities I

Countries Quantiles MP1 PP MP2 PP MP3 PP
Spain Qoo 1347891116 0071 12347891116 005 1234789111316 0022
Qoas 123478910 0140 12347891016 0050 123471016 0.026
Quso 410 0044 134710 0043 10 0.021
Qors 10 0032 3410 0031 310 0.025
Qooo 1236810 0105 123681016 0041 123681014 0.038
Greece  Qoio 134715 0045 34715 002 147815 0.021
Qozs 2379 0033 379 0024 237915 0019 -
Qoso 210 0025 379 0022 2710 0.019
Qors 1012 0058 51012 0021 101215 0.016
Qooo 145810111415 0032 1458910111415 0028 1581011141516 0.021
Belgium  Qoio 247101115 16 0037 247101516 0033 278101516 0.026
Qoos 278101516 0080 27810121516 0027 27816 0.025
Qoso 2781016 0065 27816 0042 278101216 0.032
Qurs 27816 0052 12781516 0032 127816 0.026
Qoo 1234781516 0148 12345781516 0130 1234578131516 0.032

4: lagged real GDP Growth (RGDP;_1, RGDP;_o, RGDP;_3, RGDP+_4), 5: WTI oil price (OIL), 6: World

Uncertainty Index (WUI), 7: World Pandemic Uncertainty Index (WPI), 8: real productivity growth (RPROD), 9:

car registrations (CREG), 10: rate of unemployment (UNEM), 11: growth in the Consumer Price Index (CPI), 12:
growth in the Producer Price Index (PPI), 13: Construction Volume Index of Production (CONPROD), 14:
long-run interest rates (LONGR), 15: stock index return (STOCK), 16: OECD Leading Indicator (LEAD).
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Quantile Regression Models: inclusion probabilities |

Germany France
Predictor Variables Qo0 Qoz2s  Qoso  Qors Qoo Qoao Qoas  Qoso  Qors  Qogo
RGDP;_; (1) 0.58 0.38 0.47 0.87 0.99 0.50 0.38 0.32 0.40 0.51
RGDP;_5 (2) 0.55 0.56 0.64 0.97 0.99 0.91 1.00 0.55 0.43 1.00
RGDP;_3 (3) 0.97 0.59 0.40 0.35 0.62 0.48 0.39 0.36 0.37 0.55
RGDP;_4 (4) 0.70 0.29 0.33 0.41 0.46 0.64 0.84 0.42 0.32 0.41
OlIL (5) 0.82 0.39 0.31 0.32 0.39 0.34 0.33 0.28 0.30 0.40
WUI (6) 0.51 0.45 0.39 0.39 0.46 0.35 0.30 0.28 0.29 0.34
WPI (7) 1.00 0.55 0.32 0.37 0.43 1.00 1.00 0.58 0.33 0.48
RPROD (8) 0.51 0.51 0.45 0.43 0.50 0.65 0.49 0.56 0.72 0.97
CREG (9) 0.67 0.30 0.40 0.43 0.42 0.37 0.32 0.29 0.29 0.36
UNEM (10) 0.46 0.35 0.38 0.50 0.57 0.36 0.30 0.30 0.29 0.46
CPI (11) 0.47 0.33 0.32 0.36 0.53 0.35 0.36 0.28 0.29 0.48
PPI (12) 0.53 0.31 0.31 0.39 0.50 0.33 0.32 0.30 0.28 0.35
CONPROD (13) 0.43 0.30 0.33 0.37 0.43 0.37 0.31 0.27 0.30 0.34
LONGR (14) 0.57 0.28 0.37 0.40 0.59 0.33 0.33 0.41 0.41 0.35
STOCK (15) 0.50 0.49 0.58 0.44 0.50 0.35 0.39 0.57 0.53 0.56
LEAD (16) 0.64 0.82 0.91 1.00 0.99 0.73 0.81 0.51 0.39 0.38

1-4: lagged real GDP Growth (RGDP;_1, RGDP;_5, RGDP,_3, RGDP;_4), 5: WTl oil price (OIL), 6: World

Uncertainty Index (WUI), 7: World Pandemic Uncertainty Index (WPI), 8: real productivity growth (RPROD), 9:

car registrations (CREG), 10: rate of unemployment (UNEM), 11: growth in the Consumer Price Index (CPI), 12:
growth in the Producer Price Index (PPI), 13: Construction Volume Index of Production (CONPROD), 14:
long-run interest rates (LONGR), 15: stock index return (STOCK), 16: OECD Leading Indicator (LEAD).

loannis Vrontos, AUEB Modelling GDP growth



Quantile Regression Models: inclusion probabilities I

Italy Spain
Predictor Variables Qo0 Qoz2s  Qoso  Qors Qoo Qoao Qoas  Qoso  Qors  Qogo
RGDP;_; (1) 0.55 0.40 0.34 0.43 0.96 0.63 0.78 0.44 0.39 1.00
RGDP;_5 (2) 0.85 0.96 0.55 0.42 0.99 0.71 0.77 0.31 0.36 1.00
RGDP;_3 (3) 0.52 0.41 0.43 0.42 0.98 0.78 0.95 0.59 0.46 1.00
RGDP;_4 (4) 0.50 0.49 0.33 0.29 0.80 0.99 0.98 0.68 0.44 0.36
OlIL (5) 0.43 0.35 0.27 0.28 0.43 0.42 0.35 0.28 0.29 0.37
WUI (6) 0.35 0.32 0.30 0.38 0.43 0.38 0.36 0.29 0.28 0.60
WPI (7) 1.00 1.00 0.84 0.56 0.86 1.00 0.99 0.45 0.30 0.52
RPROD (8) 0.39 0.41 0.30 0.26 0.41 0.60 0.57 0.31 0.31 0.69
CREG (9) 0.37 0.37 0.28 0.34 0.47 0.62 0.57 0.33 0.29 0.38
UNEM (10) 0.54 0.33 0.32 0.29 0.54 0.71 0.69 0.86 0.59 0.85
CPI (11) 0.47 0.38 0.30 0.35 0.77 0.46 0.37 0.28 0.31 0.42
PPI (12) 0.53 0.62 0.32 0.33 0.40 0.38 0.34 0.34 0.28 0.35
CONPROD (13) 0.42 0.34 0.30 0.30 0.43 0.37 0.31 0.29 0.28 0.33
LONGR (14) 0.37 0.34 0.29 0.29 0.41 0.35 0.41 0.30 0.32 0.36
STOCK (15) 0.44 0.41 0.36 0.36 0.57 0.42 0.36 0.35 0.31 0.45
LEAD (16) 0.91 0.94 0.64 0.46 0.92 0.64 0.49 0.34 0.33 0.38

1-4: lagged real GDP Growth (RGDP;_1, RGDP;_5, RGDP,_3, RGDP;_4), 5: WTl oil price (OIL), 6: World

Uncertainty Index (WUI), 7: World Pandemic Uncertainty Index (WPI), 8: real productivity growth (RPROD), 9:

car registrations (CREG), 10: rate of unemployment (UNEM), 11: growth in the Consumer Price Index (CPI), 12:
growth in the Producer Price Index (PPI), 13: Construction Volume Index of Production (CONPROD), 14:
long-run interest rates (LONGR), 15: stock index return (STOCK), 16: OECD Leading Indicator (LEAD).

loannis Vrontos, AUEB Modelling GDP growth



Quantile Regression Models: inclusion probabilities |lI

Greece Belgium
Predictor Variables Qo0 Qoz2s  Qoso  Qors Qoo Qoao Qoas  Qoso  Qors  Qogo
RGDP;_; (1) 0.52 0.34 0.28 0.34 0.61 0.43 0.41 0.31 0.40 0.97
RGDP;_5 (2) 0.37 0.51 0.60 0.44 0.49 0.98 0.99 0.55 0.54 0.97
RGDP;_3 (3) 0.85 0.77 0.49 0.35 0.41 0.42 0.43 0.32 0.31 0.94
RGDP;_4 (4) 0.62 0.40 0.33 0.31 0.50 0.46 0.52 0.30 0.33 0.84
OlIL (5) 0.44 0.34 0.28 0.35 0.43 0.42 0.38 0.28 0.28 0.38
WUI (6) 0.39 0.31 0.33 0.30 0.37 0.36 0.32 0.28 0.32 0.45
WPI (7) 1.00 0.98 0.56 0.40 0.35 1.00 1.00 0.72 0.55 0.81
RPROD (8) 0.45 0.31 0.28 0.32 0.59 0.54 0.65 0.52 0.59 0.92
CREG (9) 0.46 0.49 0.45 0.33 0.45 0.39 0.35 0.29 0.36 0.41
UNEM (10) 0.50 0.53 0.54 0.67 0.99 0.59 0.55 0.36 0.28 0.34
CPI (11) 0.39 0.35 0.32 0.30 0.66 0.47 0.35 0.33 0.31 0.37
PPI (12) 0.36 0.32 0.31 0.49 0.60 0.42 0.44 0.29 0.30 0.37
CONPROD (13) 0.42 0.34 0.31 0.33 0.32 0.35 0.34 0.28 0.27 0.43
LONGR (14) 0.35 0.30 0.29 0.38 0.74 0.35 0.32 0.27 0.32 0.40
STOCK (15) 0.75 0.41 0.30 0.31 0.53 0.67 0.53 0.48 0.51 0.61
LEAD (16) 0.33 0.33 0.31 0.35 0.39 0.79 0.78 0.52 0.46 0.76

1-4: lagged real GDP Growth (RGDP;_1, RGDP;_5, RGDP,_3, RGDP;_4), 5: WTl oil price (OIL), 6: World

Uncertainty Index (WUI), 7: World Pandemic Uncertainty Index (WPI), 8: real productivity growth (RPROD), 9:

car registrations (CREG), 10: rate of unemployment (UNEM), 11: growth in the Consumer Price Index (CPI), 12:
growth in the Producer Price Index (PPI), 13: Construction Volume Index of Production (CONPROD), 14:
long-run interest rates (LONGR), 15: stock index return (STOCK), 16: OECD Leading Indicator (LEAD).
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Quantile Regression Models: Parameter estimates |

Germany France
Predictor Variables ~ Qo.10 Qo.25 Qo.50 Qo Qo.00 Qo.10 Qo2 Qo.50 Qo.5 Qo.90
@ -1.082 -0.075 0.521 0.932 1.601 -0.316 0.110 0.367 0.560 1.453
(0.159) (0.145) (0.131) (0.135) (0.164) (0.130) (0.080) (0.127) (0.086) (0.327)
RGDP,_; (1) -0.179 -0.357 -0.798 -0.290
(0.153)  (0.128)  (0.126) (0.109)
RGDP;_; (2) -0.362 -0.143 -0.297 -0.518 -0.451 -0.501 -0.491 -0.107 -0.534
(0198) (0.110) (0.062) (0.094) (0.031) (0.031) (0.468) (0.080)  (0.171)
RGDP,_ (3) 0358 0.151 £0.214
(0.095)  (0.042) (0.087)
RGDP;_4 (4) -0.281 0.087 0.106 0.107
(0.149)  (0.015) (0.019) (0.075)
WPI (7) -0.401 -0.349 -1.052 -1.095 -0.954 -0.155
(0.045)  (0.260) (0.025)  (0.027)  (0.906) (0.356)
RPROD (8) -0.651 0.342 0.434 0.883 1.612
(0.257) (0.321) (0.674)  (0.455)  (0.270)
CREG (9) 0.099
(0.012)
UNEM (10) 0990  -2.071
(0568)  (0.587)
CPI (11) 0.717
(0375)
CONPROD (13) 0.009 0.011
(0.006) (0.005)
LONGR (14) 1.401
(0.502)
STOCK (15) 0.025 0.075
(0.011) (0.028)
LEAD (16) 0.342 0.205 0.199 0.282 0.381 0.328 0.199 0.145

(0.100)  (0.067) (0.079) (0.064) (0.081) (0.057) (0,046) (0,060)
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Quantile Regression Models: Parameter estimates |l

Italy Spain
Predictor Variables Qo.10 Qo.25 Qo.50 Qo.75 Qo.90 Qo.10 Qo.25 Qo.50 Qo.75 Qo.90
a -0.903 -0.458 0.100 0.429 1.600 -0.848 -0.200 0.397 0.821 2.060
(0.147)  (0.127)  (0.105)  (0.067)  (0.181) (0.110) (0.218) (0.066)  (0.081) (0.138)
RGDP,_; (1) -0.724 0.524 0.342 -0.762
(0.192)  (0.145)  (0.244) (0.068)
RGDP;_» (2) -0.351 -0.493 -0.321 -0.939 -0.333 -0.368
(0.057)  (0.038)  (0.261) (0.184) (0.163) (0.038)
RGDP;_3 (3) 0.111 -0.466 0.277 0.182 -0.153
(0.016)  (0.070)  (0.023)  (0.091) (0.032)
RGDP;_, (4) -0.232 0.188 0.225 0.136
(0.096)  (0.019)  (0.056)  (0.027)
WPI (7) -0.763 -0.954 -0.695 -0.163 -0.410 -0.923 -1.161
(0.073)  (0.038)  (0.471) (0.034) (0.400)  (0.031)  (0.094)
RPROD (8) 0.194 0.363 -0.374
(0.097)  (0.225) (0.201)
CREG (9) -0.043 0.071 0.034
(0.040)  (0.024)  (0.028)
UNEM (10) 0.862 -0.412 -0.583 -0.308 -1.339
(0.420) (0.276)  (0.174)  (0.146)  (0.271)
CPI (11) 1.640 -0.336
(1.014)  (0.133)
PPI (12) 0.153
(0.140)
STOCK (15) 0.025
(0.014)
LEAD (16) 0.553 0.382 0.315 0.697 0.279
(0.084)  (0.060)  (0.080) (0.270)  (0.082)
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Quantile Regression Models: Parameter estimates

Greece Belgium
Predictor Variables  Qo.10 Qo.25 Qo.50 Qo Qo.90 Qo.10 Qo2 Qo.50 Qo.5 Qo.90
« -2.043 -0.821 0.177 1.024 2214 -0.029 0.251 0.591 0.830 2.146
(0269) (0.230) (0.197) (0.210) (0.335) (0.093) (0.085) (0.138) (0.168) (0.297)
RGDP,_; (1) 0.175 -0.227 -0.729
(0.206) (0.112) (0.188)
RGDP;_5 (2) 0.173 0.194 -0.564 -0.733 -0.611 -0.444 -0.777
(0132)  (0.153) (0.023) (0.078) (0553) (0.453) (0.262)
RGDP,_; (3) 0164  0.242 -0.250
(0.068)  (0.076) (0.001)
RGDP;_4 (4) 0.151 -0.089 0.045 -0.175
(0.075) (0.092)  (0.025) (0.102)
OIL (5) 0.058
(0.028)
WPI (7) -0.877 -0.832 -0.857 -0.921 -0.751 -0.489 -0.324
(0.076)  (0.153) (0.023) (0.033) (0.664) (0.605) (0.430)
RPROD (8) 0.106 0.440 0.435 0.525 0.430
(0.068) (0208) (0.336) (0.214) (0.344)
CREG (9) 0.046
(0.032)
UNEM (10) -0.606 -0.743 -1.890 -0.384 -0.647 -0.304
(0305 (0.288) (0.430) (0.193) (0.200)  (0.296)
CPI (11) 1749 -0.200
(0.416)  (0.152)
PPI (12) 0.166
(0.075)
LONGR (14) 3.748
(1.430)
STOCK (15) 0.051 -0.069 0.034 0.017 0.053
(0.019) (0.020) (0.011)  (0,012) (0.018)
LEAD (16 0.166 0.153 0.142 0.090 0.389
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Panel model: common covariates with cross-sectional
dependence of the errors

Predictor Variables Germany  France Italy Spain Greece Belgium
0 0.317 0.408 0.127 0.397 -0.033 0.485
(0.232) (0.335) (0.306) (0.366) (0.298) (0.239)
OIL 0.007 -0.027 -0.019 -0.017 0.009 -0.015
(0.012) (0.017) (0.015) (0.018) (0.015) (0.012)
Wul -0.008 -0.012 -0.013 -0.010 -0.003 -0.009
(0.005) (0.008) (0.007) (0.008) (0.007) (0.005)
WPI -0.316 -0.556 -0.536 -0.681 -0.524 -0.495
(0.091) (0.132) (0.120) (0.143) (0.115) (0.094)
Common ¢ 0.155
(0.052)

The table reports posterior means and standard deviations (in parentheses) of the parameters of the common
predictor variables in the Dynamic Panel data model y; ¢ = &; + 25:1 ap i fp,t + €t
where €; ¢ = de; p—1 +ujpor Y =XB+U, U~ Ny(r_1) (0, I7_1 ® 2) of the real GDP growth
for the analysed countries based on the sample period from 2001:Q2 to 2021:Q3. The common predictor variables
are: the WTI oil price (OIL), the World Uncertainty Index (WUI), and the World Pandemic Uncertainty Index
(WPI).
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Panel model: common covariates with cross-sectional
dependence - Estimates of the covariance matrix X

Covariances

Germany France Italy Spain Greece Belgium
Germany 3.01
(0.50)
France 3.91 6.23
(0.68) (1.03)
Italy 3.60 5.58 5.19
(0.62) (0.93) (0.86)
Spain 431 6.58 5.94 7.40
(0.75) (1.10) (1.00) (1.22)
Greece 2.18 3.20 2.96 4.04 4.89
(0.51) (0.73) (0.67) (0.83) (0.80)
Belgium 2.81 4.33 3.92 4.72 2.42 3.19
(0.49) (0.72) (0.66) (0.79) (0.53) (0.52)

The table reports posterior means and standard deviations (in parentheses) of the elements of the covariance
matrix 3 of the residuals of the Dynamic Panel data model y; ; = &; + Zf=1 ap ifp,t + €t
where €; ¢+ = ¢e; 1 + u; ¢ or Y*=XB+U, U~ NN(T—I) (O7 It 1 ® E) of the real GDP growth
of the analysed countries based on the sample period from 2001:Q2 to 2021:Q3.
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Panel model: common covariates with cross-sectional
dependence of the errors

Figure 1: Convergence diagrams of the posterior sample of the parameters of the Dynamic Panel model with
common covariates and autoregressive dynamics, y; ¢ = d; + S“m;}::l ap ifp,t +€it,

where €; ¢ = ¢€; ¢ 1 + u; ¢ of the real GDP growth for the analysed countries based on the sample period
from 2001:Q2 to 2021:Q3.
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Panel model: common covariates with cross-sectional
dependence of the errors

Figure 2: Histograms of the posterior sample of the parameters of the Dynamic Panel model with common
covariates and autoregressive dynamics, y; + = §; + 25:1 ap ifp,t + €1, wheree; ¢ = de; g1 + ujt
of the real GDP growth for the analysed countries based on the sample period from 2001:Q2 to 2021:Q3.
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Panel model: common covariates with cross-sectional

dependence of the errors

Figure 3: Convergence diagram and histogram of the posterior sample of the common ¢ autoregressive parameter
of the Dynamic Panel model with common covariates and autoregressive dynamics,
Yit = 0; + Egzl ap ifp,t + €it, where e; ¢ = de; 1 + ug,¢ of the real GDP growth for the analysed
countries based on the sample period from 2001:Q2 to 2021:Q3. (a) convergence diagram of the common ¢
autoregressive parameter, (b) histogram of the common ¢ autoregressive parameter.
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Panel model: common covariates with cross-sectional
dependence of the errors

Figure 4: Convergence diagrams and histograms of the posterior sample of variances and covariances of the
Dynamic Panel model with common covariates and autoregressive dynamics,

Yit = 0; + Egzl ap ifp,t + €it, where e; ¢ = de; 1 + ug,¢ of the real GDP growth for the analysed
countries based on the sample period from 2001:Q2 to 2021:Q3.
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Panel model: common and country specific covariates with
cross-sectional dependence of the errors

Predictor Variables Germany France Italy Spain Greece Belgium
& 0.421* 0.594* 0.132 0.573* 0.155 0.742*
(0.159) (0.191) (0.175) (0.196) (0.245) (0.131)
RGDP;_; (1) -0.415% -0.396* -0.510% -0.321* 0.007 -0.323*
(0.176) (0.106) (0.124) (0.094) (0.134) (0.083)
RGDP;_» (2) -0.428* -0.671* -0.664* -0.457* 0.069 -0.745%
(0.108) (0.103) (0.123) (0.090) (0.118) (0.084)
RGDP;_3 (3) 0.145 -0.108 -0.088 0.110 0.185 -0.007
(0.095) (0.074) (0.084) (0.067) (0.100) (0.062)
RGDP;_4 (4) 0.091 0.084 0.076 0.220* 0.146 0.036
(0.082) (0.064) (0.076) (0.062) (0.107) (0.062)
OIL (5) 0.011 0.007 -0.003 -0.012 -0.013 -0.001
(0.012) (0.014) (0.015) (0.015) (0.022) (0.009)
WUI (6) -0.007 -0.006 -0.009 -0.009 -0.007 -0.004
(0.004) (0.005) (0.005) (0.006) (0.007) (0.003)
WPI (7) -0.443* -0.877* -0.883* -1.013* -0.637* -0.770*

(0.082) (0.108) (0.121) (0.117) (0.132) (0.065)
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Panel model: common and country specific covariates with
cross-sectional dependence of the errors (cont’ed)

Predictor Variables Germany France Italy Spain Greece Belgium
RPROD (8) -0.110 0.544* 0.114 0.174 -0.146 0.502*
(0.255) (0.221) (0.164) (0.155) (0.098) (0.144)
CREG (9) 0.0006 0.015 0.00004 0.035 0.011 0.004
(0.020) (0.009) (0.018) (0.021) (0.019) (0.010)
UNEM (10) -1.205 0.335 -0.252 -0.486* -0.473 -0.405*
(0.686) (0.577) (0.382) (0.227) (0.374) (0.197)
CPI (11) -0.500 -0.233 0.050 -0.060 -0.668* -0.076
(0.380) (0.355) (0.348) (0.193) (0.316) (0.133)
PPI (12) -0.192 -0.207 0.009 0.003 0.065 -0.061
(0.268) (0.158) (0.141) (0.118) (0.081) (0.045)
CONPROD (13) 0.005 0.009 0.005 0.014 0.0003 0.012
(0.005) (0.014) (0.012) (0.013) (0.007) (0.008)
LONGR (14) 0.199 0.308 0.082 -0.032 1.145 0.059
(0.535) (0.310) (0.388) (0.083) (0.924) (0.290)
STOCK (15) 0.044* 0.029 0.031 0.005 0.009 0.026
(0.017) (0.020) (0.019) (0.021) (0.021) (0.014)
LEAD (16) 0.276* 0.169 0.416* 0.088 -0.139 0.131*

(0.083) (0.095) (0.117) (0.118) (0.202) (0.053)
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Estimates of correlation and covariance matrix

Panel A: Correlations

Germany France Italy Spain Greece Belgium
Germany 1.00
France 0.76 1.00
Italy 0.83 0.94 1.00
Spain 0.78 0.93 0.94 1.00
Greece 0.68 0.72 0.75 0.74 1.00
Belgium 0.76 0.91 0.92 0.91 0.69 1.00
Panel B: Covariances
Germany France Italy Spain Greece Belgium
Germany 1.64
France 1.58 2.64
Italy 1.93 2.76 3.28
Spain 1.96 2.96 3.33 3.81
Greece 1.95 2.60 3.04 3.24 4.97
Belgium 1.12 1.71 1.91 2.04 1.76 1.32

The table reports estimates of the correlation coefficients and of the elements (variances and covariances) of the
covariance matrix 3 of the residuals of the Panel data model
Yi,t = 0; + 21};:1 ap ifp,t + Zq:l Yq,ifq,i,t + wq,¢ or the equivalent Seemingly Unrelated Regressions
(SUR) representation Y = X3 + U, U ~ Ny (0, I ® ) with common and country specific predictor
variables, and cross-sectional dependence in the error processes of the real GDP growth for the analysed countries
based on the sample period from 2001:Q2 to 2021:Q3.
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Empirical Findings

@ Our analysis confirms that the outbreak of the pandemic had a
profound negative effect on the economies under study, and reveals
that different predictor variables are able to explain different
quantiles of the underlying real GDP growth distribution for the six
Euro Area countries.

@ The impact of the COVID-19 pandemic was not symmetric across
the Euro Area economies under study.

@ The quantile regression models reveal that there are several
predictors that affect the lower or/and the upper quantiles of each
country’s real GDP growth distribution, and, thus, uncover
interesting relations of real GDP growth with the predictor variables,
suggesting that this modelling approach improves the ability to
adequately explain real GDP series compared to the standard
conditional mean approach.
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Empirical Findings

@ The proposed dynamic panel data model with common and specific
covariates that allows for cross-sectional dependence of the error
processes is introduced to investigate the impact of several
macroeconomic and financial covariates, and that of the COVID-19
pandemic in particular, on the real economic activity of six Euro
Area countries.

@ The findings of the underlying analysis reveal that the exogenous
shock caused by the pandemic has a significant negative effect on
the real GDP growth of all the countries under study. The factors
that proxy the state and spread of the pandemic show up in all
estimated models.

@ (Future work) Model comparison/selection for Dynamic panel data
model with common and country specific predictor variables, and
cross-sectional dependence in the error processes

@ (Future work) Develop tree-structured linear and quantile regression
models to account for possible non-linearities
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Future Work: Tree-structured Regression models

@ Tree-structured regression models can be constructed based on
Denison, Mallick and Smith (1998)

@ A tree T has a root node whose descendant nodes can be divided
into internal or split nodes, denoted by s and terminal nodes,
denoted by tn.

@ The proposed model is based on a binary tree, that can be uniquely
defined by the splitting nodes, the predictor variables X ;,
j=1,..,.N,t=1,....,T on which the nodes are split, and the rules
with which these splits are made. These variables can be defined as

Siy 8V sTUE (3= 1, ..., Smax) , respectively.

@ In our analysis, we are interested in exploring the dynamics of
financial returns under negative and/or positive returns of the
explanatory factors under consideration. We consider, therefore,
that the splitting rules are zero, i.e. s“l¢ = 0.
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Tree-structured Regression models

@ To uniquely define the split nodes, we follow the labeling of
Denison, Mallick and Smith (1998). The root node that is always
present in the model, is the first split node and its position is
labelled as position 1, so that s; = 1. Any descendant (child)
splitting node’s position s; is uniquely defined given its parent
position s?*"“"" by setting s; = 2s7*"" if the node is the left
child, and s; = 23?”67” + 1, if the node is the right child.

@ The positions of the terminal nodes are defined similarly and are
fully determined by the tree structure given by the split nodes. Note
that the total number of terminal nodes is &k = sy.x + 1, where
Smax IS the maximum number of internal nodes, while the maximum
number of terminal nodes is 2V.
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Tree-structured Regression models

@ The number of terminal nodes determines the complexity of the
underlying tree structure. A change in the number of terminal
nodes k leads to a change in the topology of the tree and the
dimension of the model.

@ Inference is carried out assuming that the true model is unknown.
The parameter vector of a tree T with k terminal nodes (and &k — 1
internal nodes) is denoted by Géﬂk) = (51,571““”, ...,sk_l,SZ‘jﬁ),
considering s7%¢ = 0 for i = 1,...,k — 1. The tree structure is
determined uniquely, therefore, by the number of terminal nodes &
and the parameter vector Gge) of tree T' (with k terminal nodes).
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Tree-structured Regression models

@ We will denote a specific model-tree T with &k terminal nodes and
tree parameters Gge) by Tk.6.

@ Bayesian inference about k and ch) is based on the posterior
distribution p (k,ag“)m,x) that can be written as

P (k: o) |R,X) = p(K|R,X) p (9%” Ik, R,X) :

where R, X are the observed asset returns and common predictors,
respectively. We generate a sample from the posterior distibution of

(k;, 9&“) using a Markov chain Monte Carlo algorithm that visits
(jumps between) models-trees of different dimensionality.
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Tree-structured Linear Regression models

@ The vector of returns can be modeled using a tree-structured
regression model of the form

k
Rippr = [a;+{L BiiXis +052]) I (X, € P) (8)
j=1

@ Under the assumption of a normal distribution for the error term,
the parameter vector of the tree-structured linear regression model
(8) can be estimated by maximizing the log-likelihood:

T—1

T-1 1 k
mp(RIO,X) = ————n(m) - S [Z o3I (X: € Pj)}
j=1

t=1

k N 2
T 1 [(Rz‘.t+1) - '21 (aj + Zl /3in1',¢) I(Xy € Pj):|
i= i=

— jg 0?1 (Xt € Pj)
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Tree-structured quantile Regression models

@ The tree-structured quantile predictive regression specification that
models the 7 conditional quantile of R; ;11 given Xy, ..., Xn¢ is the
following

k
QRL t+1 T‘ Z

Jj=1

N

a Zﬁg zt] (X:€eP;)  (9)

@ Under the assumption of an asymmetric Laplace distribution for the
error term, the parameter vector of the tree-structured quantile
regression model (9) can be estimated by maximizing the
log-likelihood given by

T—1 k

Inp(™ (R\O(T>,X) = (T-DaEl-7))- 3 In [Z (1 (x, € P )}

i {i (17.) pr [(Ri,t+1) ( (4 Z B(T)Xz t)} I(X¢€P
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e THANK YOU
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