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This paper studies macroeconomic risks in a panel of advanced economies based on
a stochastic volatility model in which macro-financial conditions shape the predictive
growth distribution. We find sizable time variation in the skewness of these distribu-
tions, conditional on the macro-financial environment. Tightening financial conditions
signal increasing downside risk in the short term, but this link reverses at longer
horizons. When forecasting downside risk, the proposed model, on average, outperforms
existing approaches based on quantile regression and a GARCH model, especially at short
horizons. In forecasting upside risk, it improves the average accuracy for several horizons
up to four quarters ahead. The suggested approach can inform policymakers’ assessment
of macro-financial vulnerabilities by providing a timely signal of shifting risks and a
quantification of their magnitude.
© 2023 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.
1. Introduction

Many economic policy institutions regularly publish
orecasts of economic growth as part of their assessment
nd as a foundation of their policy advice. The baseline
orecasts are surrounded by a varying degree of uncer-
ainty, and the discussion of both downside and upside
isks to the growth outlook is an essential part of macroe-
onomic forecasting. In recent years, several institutions,
tarting with the International Monetary Fund (IMF), have
een using a new approach to quantify macro-financial
isks to growth, which has become prominently known as
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Growth-at-Risk (see e.g. Prasad et al., 2019). The present
paper develops a new empirical model to analyze macroe-
conomic risks stemming from changing macro-financial
conditions. In our proposed framework, the skewness of
the predictive growth distribution, a measure of unbal-
anced risks, is driven by such conditions. Through changes
in the skewness, macro-financial conditions therefore also
impact to what extent growth is at risk.

In a seminal paper, Adrian, Boyarchenko, and Giannone
(2019) show that future downside risk varies significantly
depending on current financial conditions. Using quan-
tile regression to study the dynamics of the quantiles of
the conditional US GDP growth distribution, they show
that downside risk increases as financial conditions be-
come tighter.1 Inspired by the financial market concept
of Value-at-Risk, subsequent work has labeled the lower
conditional p%-quantile of the predictive growth distribu-
tion Growth-at-Risk (GaRp) (Adrian et al., 2021). Quantile
regression has become a standard tool to analyze risks
to economic outcomes both in academia and in policy

1 Extending this analysis to a larger set of advanced
economies, Adrian, Grinberg, Liang, Malik, and Yu (2021) highlight an
intertemporal tradeoff between short-term benefits and medium-term
risks of loose financial conditions.
del for Growth-at-Risk. International Journal of Forecasting (2023),
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nstitutions (Caldera Sánchez & Röhn, 2016; Giglio, Kelly,
Pruitt, 2016; Prasad et al., 2019). While the approach
as used in earlier studies to evaluate the link between fi-
ancial variables and economic tail outcomes, Adrian et al.
2019) study the full conditional growth distribution by
itting, in a second step, a parametric distribution over the
redicted quantiles. This allows them to obtain another
ommon risk measure, namely expected shortfall (on the
ownside) and expected longrise (on the upside), defined
s the expected growth rate conditional on the occurrence
f a tail event (see also Adams, Adrian, Boyarchenko, &
iannone, 2021).
Quantile regression offers a simple tool to understand

symmetries of the growth distribution and the role that
inancial variables play in shaping this distribution, but
he approach has recently been scrutinized. Several pa-
ers have questioned the ability of financial variables
o inform the analysis of downside risk (e.g. Plagborg-
øller, Reichlin, Ricco, & Hasenzagl, 2020) or, at least,

he stability of the relationship between these condi-
ions and future growth vulnerability (Reichlin, Ricco, &
asenzagl, 2020). Moreover, even if studies recognize
hat financial variables affect macroeconomic risks, the
uestion remains whether this can benefit out-of-sample
orecasting. Brownlees and Souza (2021) show that stan-
ard time-varying volatility (GARCH) models compete
ell with quantile regressions in forecasting Growth-at-
isk and often outperform them despite the fact that
ARCH forecasts are only based on growth data. In ad-
ition, Carriero, Clark, and Marcellino (2020a) present
vidence that multivariate time series (VAR) models with
tochastic volatility—commonly used tools for both struc-
ural macroeconomic analysis and forecasting—effectively
apture time-varying risks to growth. While in these
odels financial conditions also play an important role,

hey conclude that asymmetric conditional distributions,
mplied by the results of Adrian et al. (2019), do not have
o be incorporated into empirical models to accurately
odel the quantiles of interest.
This paper revisits the question of whether conditional

kewness, where a negative (positive) skewness value is
nterpreted as prevalent macroeconomic downside (up-
ide) risk, is a relevant empirical feature that could help to
mprove Growth-at-Risk and expected shortfall/longrise
ES/EL) forecasts.2 The contribution to the existing lit-
rature is both methodological and empirical. First, the
aper proposes a parametric model that measures asym-
etric risk characteristics of the conditional GDP growth
istribution as a function of exogenous variables. The
pproach includes both time-varying volatility, which has
een shown to be crucial for forecasting accuracy (see e.g.
’Agostino, Gambetti, & Giannone, 2013), and the possi-
ility to evaluate the effect of macro-financial conditions
n the presence of unbalanced risks. Second, it shows
hat the latter can further help to improve risk forecasts
nd increases the applicability in a policy environment,

2 Contributions providing theoretical support for a time-varying
degree of asymmetry over the business cycle include, for example, Orlik
and Veldkamp (2014), Salgado, Guvenen, and Bloom (2019), and Jensen,
Petrella, Ravn, and Santoro (2020).
2

where the goal is not just to predict risks, but also to iden-
tify the sources of risks. While most interest usually lies
in forecasting macroeconomic downside risk, this paper
considers both tails of the predictive growth distribution.
Only by analyzing downside and upside risk jointly can
we make statements about the ‘balance of risks’ around a
given baseline outlook.

Methodologically, the model extends the stochastic
volatility model with time-varying skewness developed
in Iseringhausen (2020) for a single time series of daily
exchange rate returns, to a panel of countries using low-
frequency macroeconomic data. To capture evolving risks,
the shocks are assumed to follow the noncentral
t-distribution, where the asymmetry parameter of this
distribution is a function of exogenous variables, namely
macro-financial conditions. The model is estimated by
an extension of the well-known Bayesian approach for
stochastic volatility models developed in Kim, Shephard,
and Chib (1998). This empirical model can be seen as a
stochastic version of existing approaches that model the
scale and shape parameters of a distribution as a purely
deterministic function of explanatory variables. The first
contributions in this literature are extensions of GARCH-
type models to allow for higher-order dynamics (Hansen,
1994; Harvey & Siddique, 1999). Recently, Plagborg-Møller
et al. (2020) used a model with skewed-t innovations,
where the parameters of the distribution are driven by an
aggregate economic factor and a financial factor. Their re-
sults suggest that for US output growth, moments beyond
the conditional mean cannot be pinned down precisely in
such a framework. By contrast, in a more general score-
driven version of this model, Delle Monache, De Polis, and
Petrella (2020) find that both the volatility and skewness
of US growth vary significantly over time. In a SVAR
framework, Montes-Galdón and Ortega (2022) allow the
distribution of structural shocks to be skewed and find
that the identified demand, supply, and monetary policy
shocks in the euro area feature time-varying asymmetry.
The above-mentioned approaches, including the one de-
veloped in this paper, can also be viewed as alternatives
to Markov-switching approaches (e.g. Caldara, Cascaldi-
Garcia, Cuba-Borda, & Loria, 2020; Hamilton, 1989; Mor-
ley & Piger, 2012) or threshold models (e.g. Alessandri
& Mumtaz, 2017) to allow for non-linear effects of cer-
tain determinants on the distribution of macroeconomic
outcomes.

When applying the proposed model to a panel of 11
OECD countries over the period from 1973:Q1–2019:Q4,
we obtain the following results. First, in-sample finan-
cial conditions have a sizable impact on the skewness of
the predictive growth distribution, which displays large
time variation and is skewed to the left in most coun-
tries. In particular, tightening financial conditions are re-
lated to elevated future near-term downside risk, but
this relationship reverses at longer horizons. Second, in-
cluding a financial conditions index (FCI) in the process
of the model’s asymmetry parameter can improve aver-
age GaR and ES/EL forecasts compared to alternative ap-
proaches based on quantile regression or a GARCH model.
For downside risk, the gains occur especially at short
horizons up to two quarters ahead, and for upside risk
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t various horizons.3 Lastly, including a measure of eco-
omic and policy uncertainty next to the FCI, or some of
he prominent components of the index separately, the
erm spread or house price growth, does not generally
mprove (or adds only very little to) the accuracy of the
odel.
The remainder of the paper is structured as follows:

ection 2 introduces a panel stochastic volatility model
ith time-varying skewness, which is driven by macro-

inancial conditions. Moreover, the estimation of the
odel using Bayesian methods is discussed. Section 3
resents the results both in-sample and when forecasting
acroeconomic risk out-of-sample. Section 4 concludes.
he appendix contains further methodological details and
dditional results.

. A panel model with time-varying volatility and skew-
ess

This section introduces an empirical specification to
stimate the predictive distribution of GDP growth for
panel of countries. The model features time-varying

kewness, where asymmetry is driven by a set of ex-
lanatory variables. It is an extension of the stochas-
ic volatility–stochastic skewness model of Iseringhausen
2020), and the presentation of both the specification and
he estimation approach closely follows that paper.

.1. Empirical specification

The observed dependent variable y is assumed to be
enerated by the following panel stochastic volatility (SV)
pecification:

yit = µit + ehit/2εit , i = 1, . . . ,N, t = 1, . . . , T , (1)

it = hi,t−1 + ηit , ηit ∼ N (0, σ 2
h ), (2)

where yit is GDP growth in country i and period t , and
µit is the conditional mean, which is a linear function
specified later with the corresponding vector of coeffi-
cients labeled γi. The country-specific (log-)volatility of
growth shocks, denoted hit , is assumed to evolve accord-
ng to a random walk with innovation variance (‘volatility
f volatility’) σ 2

h that is pooled across countries.4 If the
hocks εit are assumed to follow the standard normal dis-
ribution, the model is a panel version of the well-known
tandard normal SV model (e.g. Kim et al., 1998).
To analyze time-varying asymmetries in the growth

istribution, we deviate from the assumption of Gaus-
ian shocks and instead assume that these follow the
de-meaned) noncentral t-distribution,

it = uit − E[uit ], with uit ∼ NCT (ν, δit ), and

E[uit ] = c11(ν)δit , if ν > 1. (3)

3 When comparing the proposed model with simpler stochastic
volatility specifications, the results are somewhat weaker. However,
time-varying skewness can still help in several cases to improve
forecasts of both tails of the predictive growth distribution.
4 The random walk assumption for modeling (log-)volatility has

become standard in empirical macroeconomics (see e.g. Antolin-Diaz,
Drechsel, & Petrella, 2017; D’Agostino et al., 2013; Primiceri, 2005).
3

The shape of the noncentral t-distribution is driven by
two parameters: the degrees of freedom ν, which are
assumed to be homogeneous across countries; and the
time-varying noncentrality parameter δit . The functional
form of the coefficient c11(ν) can be found in Appendix A.
For δ > 0, this distribution is skewed to the right, whereas
for δ < 0, the distribution is skewed to the left. The
noncentral t-distribution is introduced into a univariate
stochastic volatility framework by Tsiotas (2012). Isering-
hausen (2020) extends this model to allow for a time-
varying asymmetry parameter δt , modeled either as a
stationary autoregressive process or, alternatively, as a
random walk. Using the model, Iseringhausen (2020) doc-
uments time-varying skewness, which can be interpreted
as changing downside risk, in daily exchange rate returns.
This paper imposes a different structure on the evolution
of the asymmetry parameter by assuming that δit is driven
xplicitly by a vector of explanatory variables,

it = φδi,t−1 + Xδ,itβ + ωit , ωit ∼ N (0, σ 2
δ ), |φ| < 1,

(4)

where Xδ,it is of dimension 1 × K and contains the ex-
planatory variables including a constant, and β is the
corresponding K × 1 vector of coefficients, pooled across
countries. Since the relation between δit and Xδ,it is likely
not exact, a zero mean error term ωit with pooled variance
σ 2

δ is added.
Since the model will be estimated by Bayesian meth-

ods, the specification of this stochastic volatility model
with time-varying skewness is completed by assuming
the following prior distributions for the parameters σ 2

h ,
σ 2

δ , ν, β , and φ:

σ 2
h ∼ IG(ch0, Ch0), σ 2

δ ∼ IG(cδ0, Cδ0), ν ∼ U(0, ν̄),

(5)
β ∼ N (β0, σ

2
β0IK ), φ ∼ T N (−1,1)(φ0, σ

2
φ0).

To obtain closed-form expressions of the model-implied
variance and skewness for each country and period, we
rely on the result of Hogben, Pinkham, and Wilk (1961),
stating that the central moments of a noncentral
t-distributed random variable, X ∼ NCT (ν, δ), can be
written as polynomials of δ whose coefficients are func-
tions of ν. Specifically, Hogben et al. (1961) derive ex-
pressions for the second and third central moments of the
noncentral t-distribution, which in turn can be used to ob-
tain formulas for the time-varying variance and skewness
of GDP growth implied by the panel model introduced in
this section:

Var[yit |hit , δit , ν] = ehit
[
c22(ν)δ2it + c20(ν)

]
, if ν > 2,

(6)

Skew[yit |δit , ν] =
c33(ν)δ3it + c31(ν)δit

[c22(ν)δ2it + c20(ν)]3/2
, if ν > 3.

(7)

The functional expressions of the coefficients c20(ν),
c22(ν), c31(ν), and c33(ν) can again be found in
Appendix A.
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We want to point out an important aspect of the
presented specification. As already discussed by Isering-
hausen (2020), the error term in Eq. (3) has zero mean—
i.e. δit does not affect the conditional mean of yit—but
it is not standardized to have unit variance, implying
that δit appears in the conditional variance equation. Put
differently, the scaling factor hit is not equal to the con-
ditional log-variance. This has practical reasons related
to the implementation of the proposed MCMC algorithm.
Specifically, it would no longer be possible using standard
algebra to derive a state-space representation with an
observation equation that is linear in δit , which is required
to apply the proposed sampling algorithm.5 While the
current model specification implies more complicated
formulas for the conditional variance and conditional
skewness, this specification has great advantages in terms
of practical implementation. Moreover, conditional vari-
ance and skewness can still move independently, since
two state variables, hit and δit , are driving the two mo-
ents. For later use, we define y = (y1, . . . , yT )′, µ =

(µ1, . . . , µT )′, h = (h1, . . . , hT )′, δ = (δ1, . . . , δT )′, and
λ = (λ1, . . . , λT )′, where each element, yt , µt , ht , δt , and
λt , is an N×1 vector. Finally, define Xδ = (Xδ,1, . . . , Xδ,N )′,
where each Xδ,i is of dimension T × K .

2.2. Bayesian estimation: Building blocks and MCMC algo-
rithm

The model developed in this paper is estimated using
Markov chain Monte Carlo (MCMC) methods. Before out-
lining the detailed algorithm, a few preliminary aspects
need to be discussed that are crucial for the derivation
of some of the conditional posterior distributions that
constitute the key components of the Gibbs sampling
algorithm (see also Iseringhausen, 2020, for more details).

Location-scale mixture representation of the noncentral t-
distribution

First, in order to avoid working directly with the com-
plex probability density function of the noncentral t-
distribution, we make use of the fact that this type of
distribution can be written as a location-scale mixture
of normal distributions (Johnson, Kotz, & Balakrishnan,
1995; Tsionas, 2002). Specifically, if the random variable
X follows the noncentral t-distribution with noncentrality
parameter δ and degrees of freedom ν, it has the following
representation:

X =
√

λ(z + δ),

where λ ∼ IG(ν/2, ν/2) and z ∼ N (0, 1). (8)

When applying Eq. (8) to the time-varying skewness
model, the observation equation, obtained by merging
Eqs. (1) and (3), can be written as

yit = µit + ehit /2εit = µit + ehit /2
(√

λit (zit + δit ) − c11(ν)δit
)

,

(9)

5 See Equation (B-17) in Appendix B.
4

where again λit ∼ IG(ν/2, ν/2) and zit ∼ N (0, 1). This
representation of the model can be viewed as a type
of data augmentation in the sense of Tanner and Wong
(1987), where introducing the additional latent variable
λit facilitates the derivation of an observation equation
that is linear in δit . This is essential for the implementation
of the MCMC algorithm presented later in this section.

Augmented auxiliary sampler
Having discussed above how to obtain linearity in

δit , we now turn to how to linearize the model for the
purpose of sampling the unobserved (log-)volatility hit .
The approach taken here directly follows (Iseringhausen,
2020), who extends the so-called auxiliary sampler for
the estimation of the Gaussian stochastic volatility model
developed by Kim et al. (1998) to the noncentral-t model
with a time-varying asymmetry parameter. Consider the
following transformation of the previously derived ob-
servation Eq. (9), obtained after squaring both sides and
taking the natural logarithm:

log
(
(yit − µit )2 + c

)
= hit + ε̃it , (10)

here c = 10−6 is an offset constant, and where the
ransformed error term ε̃it is

it = log(ε2
it ) = log

[(√
λit (zit + δit ) − c11(ν)δit

)2]
. (11)

This transformation allows hit to now enter the model in
a linear manner. If the error term in Eq. (10) would be
Gaussian, standard algorithms for linear Gaussian state-
space models, based on the Kalman filter, could be used
to estimate h. The non-normal distribution of ε̃it requires
n extension to the standard estimation approach. We fol-
ow Iseringhausen (2020), who, based on the idea devel-
ped in Kim et al. (1998), approximates the log-noncentral
-squared distribution of ε̃it by a mixture of normal dis-
ributions,

(̃εit |ν, δit ) =

M∑
j=1

qj(ν, δit )fN (̃εit |mj(ν, δit ), v2
j (ν, δit )). (12)

n this expression, qj(ν, δit ) is the corresponding probabil-
ty of a specific normal distribution with mean mj(ν, δit )
nd variance v2

j (ν, δit ). In contrast to Kim et al. (1998),
here a single mixture distribution is sufficient to ap-
roximate the target distribution, here one needs a large
rid of mixture distributions, since the specific target
istribution to be approximated depends on the values
f ν and δit . To this end, a large number of mixture dis-
ributions are ‘pre-fitted’, such that this does not involve
ny additional computational costs in the estimation. In
etting the number of mixture components M , we fol-
ow Omori, Chib, Shephard, and Nakajima (2007) and Is-
ringhausen (2020) and choose M = 10.6 The mixture
epresentation in Eq. (12) can be reformulated based on

6 Additional details on this approach can be found in Iseringhausen
(2020), and the mixture components (means, variances, and proba-
bilities) for each combination of ν and δ can be obtained from the
author.
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he probabilities of the Gaussian components,

ε̃it |sit = j, ν, δit ∼ N
(
mj(ν, δit ), v2

j (ν, δit )
)
,

Pr(sit = j|ν, δit ) = qj(ν, δit ),
(13)

here the mixture indicators sit ∈ [1, . . . , 10] are un-
bserved and can be sampled jointly with the remaining
arameters.

CMC algorithm
Equipped with these two statistical tools, we are now

eady to develop a Gibbs sampler that simulates draws
rom the intractable joint and marginal posterior distri-
utions of the parameters and unobserved states by only
xploiting conditional distributions. In some cases, where
hese are not members of standard distributional families,
Metropolis–Hastings step is added to the respective

lock of the sampler. Appendix B contains a more detailed
resentation of the MCMC approach. The algorithm is an
djusted version of the one developed by Iseringhausen
2020) and loops over the following blocks:

1. Conditional mean
coefficients:

draw γ from
p(γ |y, h, δ, λ, ν);

2. Mixture indicators: draw s from p(s|y, h, δ, ν, γ );
3. (Log-)volatility: draw h from

p(h|y, s, δ, ν, γ , σ 2
h );

4. Location-scale
weights:

draw λ from
p(λ|y, h, δ, ν, γ );

5. Degrees of freedom: draw v from p(ν|λ);
6. Noncentrality
parameter:

draw δ from
p(δ|y, h, λ, ν, γ , Xδ, φ, β, σ 2

δ );
7. Coefficients in
δ-equation:

draw φ and β from
p(φ, β|δ, Xδ, σ

2
δ );

8. Innovation variances: draw σ 2
h from p(σ 2

h |h) and σ 2
δ

from p(σ 2
δ |δ, Xδ, φ, β).

In terms of practical implementation, blocks 1, 2, 3, 4,
nd 6 are executed country-by-country, while blocks 5,
, and 8 draw the pooled components. Block 1 generates
draw of the conditional mean µ, which in our appli-
ation has a linear specification and includes a constant
nd lagged values of the dependent variable. Specifically,
e sample the corresponding k × 1 vector of country-
pecific regression coefficients γi as in Tsionas (2002).
he conditional mean is then simply retrieved as µit =

µ,itγi, where Xµ,it is of dimension 1 × k and contains
he conditional mean regressors. Block 2 samples the
ixture indicators via the inverse-transformmethod (Kim
t al., 1998). The different mixture components for each
eriod t , each country i, and each Gibbs iteration j are
elected depending on the corresponding (rounded) val-
es of νj and δi,t,j. The (log-)volatilities h (block 3) and
oncentrality parameters δ (block 6) are sampled using
parse matrix algorithms (Chan & Hsiao, 2014; Chan &
eliazkov, 2009) that can yield large computational effi-
iency gains compared to more standard algorithms for
stimating linear Gaussian state-space models (e.g. Carter
Kohn, 1994). The conditional posterior distributions

f λ (block 4) and ν (block 5) are non-standard and a
etropolis–Hastings step needs to be included, as de-

cribed by Tsionas (2002) and Chan and Hsiao (2014),

5

espectively. Sampling the coefficients of the asymme-
ry process, φ and β (block 7), is relatively standard,
s they follow (truncated) normal distributions, where
n acceptance–rejection step is included to ensure that
remains in the stationary region. Finally, the innova-

ion variances σ 2
h and σ 2

δ (block 8) follow inverse-gamma
istributions and sampling is standard. The algorithm is
nitialized with an arbitrary set of starting values.

After iterating the algorithm for an initial burn-in pe-
iod of length B followed by another J iterations, the
equence of draws (B+1, . . . , J) can be taken as a sample
rom the joint posterior distribution f (h, δ, λ, ν, γ , φ, β,
2
h , σ 2

δ |y, Xδ). In the following analysis, we discard the
nitial 20,000 draws as burn-in to ensure convergence
o the ergodic distribution. Afterwards, we iterate the
CMC algorithm another 2,000,000 times, keeping only
very 20th draw.7 The results presented in the following
ections are thus based on 100,000 effective draws.
In order to evaluate the performance of this MCMC

lgorithm, Appendix C presents a small Monte Carlo simu-
ation exercise. In particular, the results show that the al-
orithm can successfully recover the true data-generating
odel parameters.8 Moreover, Appendix C comments on

he convergence properties and efficiency of the sampler.

. Results

After describing the dataset, this section proceeds with
n in-sample predictive analysis to measure the impact of
acro-financial conditions on the conditional growth dis-

ribution. Finally, it contains an out-of-sample forecasting
xercise to compare the proposed model with alternative
pproaches from the literature.

.1. Data

The dataset used for the analysis is a balanced panel
f 11 OECD countries over the period from 1973:Q1–
019:Q4. The countries included are Australia (AU),
anada (CA), France (FR), Germany (DE), Italy (IT), Japan
JP), Spain (ES), Sweden (SE), Switzerland (CH), the United
ingdom (GB), and the United States (US). Economic
rowth is measured by the quarter-over-quarter growth
ate of seasonally adjusted real GDP obtained from the
ECD database.
The country-specific variables entering the state equa-

ion of the asymmetry parameter are selected based on
he existing literature. We consider a financial conditions
ndex (FCI), which is calculated by the IMF (2017) until
016:Q4 from a large set of domestic and global financial
ndicators using the common factor approach of Koop
nd Korobilis (2014). FCIs have emerged in the literature
s the single most important determinant of Growth-
t-Risk (see for example Brownlees & Souza, 2021). The

7 Applying this ‘thinning’ has only computational reasons, i.e.
memory limits (see Gelman & Shirley, 2011).
8 In addition, a simulation exercise in Iseringhausen (2020) (Ap-

pendix D) shows that the model does not indicate time-varying
skewness if the data-generating process is in fact symmetric.
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MF’s methodology to compute the FCI has been sim-
lified and the set of underlying components somewhat
hanged in IMF (2018), but this revised series only starts
n 1996. To obtain a longer sample, we splice both series
n 2016:Q4 by re-scaling the new series and removing a
otential level difference so that both series have identical
alues in 2016:Q4.
In addition, we include variables that have been among

he more promising predictors considered in the study
f Brownlees and Souza (2021) or that regularly draw the
ttention of policymakers: the term spread (TS) and real
ouse price growth (HP), both obtained from the OECD,
nd an index of economic and policy uncertainty (WUI),
ollowing Ahir, Bloom, and Furceri (2018).9 All variables
re standardized by subtracting their panel-wide mean
nd dividing by their panel-wide standard deviation to
acilitate a straightforward interpretation and comparison
f the estimated coefficients. Moreover, this also allows
or a sensible prior configuration that is uniform across
ariables.
For around half of the countries, there are some miss-

ng values for the FCI and the term spread. We fol-
ow Brownlees and Souza (2021) in imputing these ob-
ervations and take the imputed values directly from
he dataset made available by these authors. Details on
he dataset, including the imputation procedure (see also
rownlees & Souza, 2021), as well as time series plots
f the explanatory variables, can be found in Appendix
. As a final remark, we try to limit distortions due to
mputed values by including only advanced economies for
hich an individual FCI is available for at least most of the
ample period.

.2. In-sample parameter estimates and unobserved compo-
ents

The presentation of the results starts with an in-sample
nalysis of the predictive growth distribution. In this
ection, for the sake of brevity, we focus mostly on results
or one-step-ahead predictions (h = 1), but also discuss
elected important insights for longer horizons (h = 4 and
= 8). The in-sample results presented here stem from a
irect multi-step-ahead analysis using the model shown
n Eqs. (1)–(4), where the dependent variable yit is simply
hifted by h periods.10 Thus, as in Brownlees and Souza
2021), throughout the paper we predict the h-step-ahead
uarter-over-quarter growth rate of real GDP, instead of

9 The inclusion of an uncertainty measure is also motivated by the
findings in Hengge (2019) and Jovanovic and Ma (2021), who, using
the forecast error based uncertainty measure of Jurado, Ludvigson, and
Ng (2015), find a strong effect of uncertainty on the lower quantiles of
the conditional US output (GDP/IP) growth distribution. Unfortunately,
this uncertainty measure is not readily available for all countries in
our sample.
10 The term ‘predictive’ in the in-sample analysis refers to the timing
f the variables in the conditional mean and asymmetry equation. For
he (log-)volatility series h, we report the actual estimated posterior
ean for each period t+h. Alternatively, Carriero et al. (2020a) present
way to account for some degree of uncertainty around the path of

he latent volatility series in an in-sample predictive analysis. Finally,
he AR term in δi,t+h is always lagged by one instead of h periods, i.e.
+ h − 1.
6

the average cumulative growth (for h > 1) as in Adrian
et al. (2019). The conditional mean specification µi,t+h|t
includes a constant, current GDP growth in period t , and
three additional lags.11

The prior configurations used for both the in-sample
and the out-of-sample analysis can be considered largely
uninformative. For the regression coefficients in the mean
equation and the asymmetry equation, we use γi ∼

N (0, 10 × Ik), φ ∼ T N (−1,1)(0, 10), and β ∼ N (0, 10 ×

IK ). The priors on the innovation variances σ 2
h and σ 2

δ

are taken from Kim et al. (1998), σ 2
∼ IG(2.5, 0.025).

This implies a prior expectation of 0.017 and a prior
standard deviation of 0.024. The upper bound of the
degrees-of-freedom parameter is set to ν̄ = 30, since for
this value, the (noncentral) t-distribution becomes nearly
indistinguishable from the standard normal distribution.

Before turning to the analysis of skewness, Fig. 1 shows
the estimated model-implied variance of the one-step-
ahead predictive distribution for each country, calculated
using Eq. (6). These plots clearly show the well-known
Great Moderation, i.e. a significant decline in output
volatility in most industrialized economies with some
differences in the timing and magnitude across coun-
tries (Del Negro & Otrok, 2008; Stock & Watson, 2003;
Summers, 2005). Some visible spikes in volatility, which
contrast with the even smoother volatility estimates that
are usually obtained from SV models when applied to
macroeconomic data, are the result of the fact that the
explanatory variables in the asymmetry equation also af-
fect the conditional variance, as explained in the previous
section.

Fig. 2 presents one of the key results of the paper:
the estimated conditional skewness of the one-step-ahead
predictive GDP growth distribution across countries. First,
there is significant movement in the evolution of the
skewness series over time and across countries. For the
US, Adrian et al. (2019) present similar evidence using
quantile regression and Delle Monache et al. (2020) based
on their score-driven time-varying skewed-t model. Sec-
ond, for most countries and periods, skewness is nega-
tive, indicating that the left tail of the one-step-ahead
predictive growth distribution is usually longer than the
right tail. This is a first piece of evidence that suggests
that the existence of sizable downside risk is a common
phenomenon across countries and over time. In partic-
ular, during the Great Recession, the left tails of con-
ditional growth distributions are pronounced, pointing
to a highly vulnerable macroeconomic environment. Im-
portantly, the pooled approach chosen in this paper to
estimate the asymmetry coefficients, including the in-
tercept, could mask cross-country heterogeneity, but is
necessitated by the relatively low frequency of macroe-
conomic time series compared to, for example, financial
market data.

To analyze the role of financial conditions and uncer-
tainty in determining the shape of the predictive growth

11 The autoregressive conditional mean specification does not reduce
the effective sample size, since quarterly growth rates for the 11
countries are available for a sufficient number of periods prior to
1973:Q1.
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Fig. 1. Variance of in-sample one-step-ahead predictive distribution.
distribution, Table 1 presents the estimated model pa-
rameters, with the exception of the conditional mean
coefficients. We start by discussing the (pooled) coef-
ficients on the explanatory variables in the asymmetry
process. The exogenous variables are assumed to impact
the asymmetry coefficient δ in a linear fashion according
to Eq. (4).

However, conditional skewness is a non-linear func-
tion of δ, determined by Eq. (7). Therefore, to interpret the
direct effect of the regressors on skewness, we report the
7

marginal effects at the average (MEA). Since the data are
standardized, these represent the effect of a one standard
deviation increase in the respective variable on skewness,
assuming that all variables are at their sample means. The
MEAs are calculated by plugging Eq. (4) into the skewness
Eq. (7) and obtaining the first derivative of this expression
with regard to the variable of interest. This derivative is
then evaluated at the sample means of X .

When looking at the estimated coefficients for the
one-step-ahead analysis (h = 1), the estimates broadly
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Fig. 2. Skewness of in-sample one-step-ahead predictive distribution.
confirm the findings of previous work and suggest an im-
portant role of financial conditions in shaping the growth
distribution. Worsening financial conditions, as reflected
by an increase in the FCI, are linked to short-term down-
side risk; i.e. the predictive growth distribution becomes
skewed to the left (Adrian et al., 2019). Overall, the results
on the remaining variables are ambiguous but do not
generally indicate that they play any prominent role in
explaining downside risk. However, this does not imply
8

that they are irrelevant, as the term spread and house
price growth are also among the many factors from which
the FCI is extracted. Based on the prominent role that
these variables play in a policy environment, coupled with
the findings in Brownlees and Souza (2021), we therefore
also include them as separate determinants.

At the short horizon (h = 1), the term spread does
not seem to predict downside risk. Interestingly, in the
very near term, house price increases seem to go along
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ith upside risks to the economy, indicating that such
ncreases are usually a phenomenon during expansion-
ry periods. As mentioned above, the overall signal of
hese variables is difficult to assess, due to their addi-
ional indirect impact through the FCI. The results on
conomic and policy uncertainty are counter-intuitive,
s a more uncertain environment in the current quar-
er relates to a somewhat higher chance of an upside
rowth surprise in the next quarter. However, posterior
ispersion is very large. This broadly aligns with the re-
ults reported by Hengge (2019), showing that economic
olicy uncertainty has limited power to explain growth
ulnerabilities.
At the one-year-ahead horizon (h = 4), tightening

inancial conditions, as measured by the FCI, no longer ap-
ear to signal downside risks. The posterior mean changes
ign while the 95% posterior interval includes zero. At
he two-year-ahead horizon (h = 8), this reversed effect
becomes stronger and the posterior interval no longer in-
cludes zero. Qualitatively, these results support the find-
ings of Adrian et al. (2021), i.e. the existence of a tradeoff
between short-term benefits (risks) and medium-term
risks (benefits) when loosening (tightening) financial con-
ditions. In addition, with an increasing horizon, the term
spread seems to play a more important role in predict-
ing risks, and the posterior mean of the coefficient has
the expected sign. This supports the findings of Estrella
and Hardouvelis (1991), who show that the slope of the
yield curve can help to predict recessions around one
to two years ahead. Again, the posterior distribution re-
mains relatively wide. Finally, asymmetries of the predic-
tive growth distribution appear to be moderately nega-
tively autocorrelated. In line with Fig. 2, the estimated
intercept of the asymmetry process is clearly negative.

Growth-at-risk and expected shortfall/longrise
Throughout the paper, we focus on the 5% (95%) quan-

tile to analyze downside (upside) risk. Formally defined,
GaR is the p%-quantile of the predictive growth distribu-
tion,12

Pr(yi,t+h ≤ GaRp
i,t+h|t ) = p. (14)

Based on these quantiles, ES/EL are then defined as the
conditional expectation of the distribution beyond the
GaR level,

ESpi,t+h|t = E(yi,t+h|yi,t+h ≤ GaRp
i,t+h|t ), (15)

ELpi,t+h|t = E(yi,t+h|yi,t+h ≥ GaRp
i,t+h|t ).

Fig. 3 shows the model-implied one-step-ahead
Growth-at-Risk and expected shortfall/longrise values over
time along with the realized growth rates. To gener-
ate these, in each MCMC iteration, we draw from the
one-step-ahead growth distribution of each country and
period, and compute the relevant quantiles (GaR) and
expected values beyond these quantiles (ES/EL) using all
these draws. This presentation of the results comple-
ments and merges the insights from the previously shown

12 While GaR usually refers to the lower quantile, for simplicity, here
we also use the label for the upper quantile.
9

volatility and skewness Figs. 1 and 2. Based on a visual
inspection, the model seems to capture the dynamics of
the conditional GDP growth distribution appropriately in
most countries. While both upside and downside risk vary
over time in most countries, downside risk seems to be
generally more volatile, which is in line with the results
reported in Adrian et al. (2019).13

It is worth discussing this point a bit further. In the
original Adrian et al. (2019) paper that uses quantile
regression, a larger variability of downside risk relative
to upside risk emerges since financial conditions affect
the lower quantiles of the predictive growth distribution
more than the upper ones. In our modeling approach,
this result stems from the fact that financial conditions
directly affect the skewness of the predictive growth dis-
tribution. Notably, Carriero et al. (2020a) show that ob-
taining this result does not require a model that produces
asymmetric conditional growth distributions. In particu-
lar, a symmetric VAR model with time-varying volatil-
ity that allows for simultaneous shifts in the conditional
mean and variance can also produce this result. They note
that including financial conditions in the system is still
crucial for observing the larger variability of downside
risk than of upside risk.

However, the possibility to observe this one particular
pattern in both models with symmetric and asymmetric
conditional distributions does not imply that the latter is
an irrelevant characteristic when trying to fit empirical
models to GDP growth data. Specifically, the next section
focuses on whether the specification suggested in this
paper, which models the conditional skewness of the
growth distribution as a function of macro-financial con-
ditions, can help to improve the out-of-sample forecasting
accuracy compared to alternative approaches.

Accuracy measures for quantile and expected shortfall fore-
casts

Table 1 also reports various measures to assess the
accuracy of GaR and ES/EL predictions. These accuracy
measures are mostly used in the out-of-sample forecast-
ing exercise described in the next section and are reported
here to allow for a comparison of both in-sample and
out-of-sample results.

To assess the accuracy of the GaR and ES/EL forecasts,
we rely on different measures that are regularly used
in the literature on backtesting quantile and expected
shortfall forecasts. First, to assess the accuracy of GaR
forecasts, we report two versions of the dynamic quantile
test of Engle and Manganelli (2004). The first, DQuc , tests
whether the GaR forecasts have unconditionally correct
coverage, i.e. whether the share of GaR violations equals
the nominal coverage. The second, DQhits, tests whether
GaR violations are optimal when including lagged viola-
tions in the test equation, i.e. whether the violations are
independent. These tests were also used by Brownlees
and Souza (2021), and we refer the reader there for a
more detailed explanation.

13 The average standard deviation across countries for downside
(upside) risk, as shown in Fig. 3, is 0.59 (0.52) and 0.78 (0.64) for
Growth-at-Risk and expected shortfall/longrise, respectively.
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Table 1
In-sample posterior parameter estimates and accuracy measures.

h = 1 h = 4 h = 8

Mean Perc2.5 Perc97.5 Mean Perc2.5 Perc97.5 Mean Perc2.5 Perc97.5
FCI β −0.85 −1.49 −0.25 0.30 −0.42 0.99 0.76 0.07 1.74

MEA −1.00 −2.70 −0.20 0.11 −0.13 0.51 0.42 0.02 1.31
TS β 0.01 −0.46 0.45 0.40 −1.28 1.40 0.50 −0.29 1.33

MEA 0.04 −0.52 0.72 0.19 −0.21 0.84 0.29 −0.09 1.04
HP β 0.31 −0.21 0.82 0.37 −0.44 1.29 0.01 −0.65 1.06

MEA 0.42 −0.17 1.57 0.13 −0.13 0.58 −0.03 −0.49 0.39
WUI β 0.34 −0.14 0.91 0.52 −0.27 1.57 0.04 −0.53 0.74

MEA 0.37 −0.18 1.18 0.14 −0.13 0.45 0.00 −0.41 0.34
δt+h−1 φ −0.39 −0.78 0.13 −0.25 −0.80 0.43 −0.21 −0.76 0.33
Const. β −1.05 −2.07 −0.40 −1.47 −3.24 −0.50 −1.41 −2.89 −0.47

σ 2
h 0.040 0.024 0.062 0.069 0.042 0.102 0.057 0.032 0.089

σ 2
δ 0.016 0.004 0.055 0.017 0.004 0.061 0.017 0.004 0.068

ν 9.85 6.19 16.58 19.56 9.10 29.53 15.45 8.10 28.15

DQuc DQhits TL DQuc DQhits TL DQuc DQhits TL

Growth-at-Risk5% 100 100 0.076 100 91 0.079 91 100 0.080
Growth-at-Risk95% 100 100 0.067 82 91 0.069 100 100 0.068

EKP VaR-ES score EKP VaR-ES score EKP VaR-ES score

Expected shortfall5% 0.171 0.355 0.177 0.382 0.173 0.387
Expected longrise95% 0.147 0.620 0.215 0.629 0.191 0.629

Note: This table contains the means and percentiles of the parameters’ posterior distributions. ‘MEA’ refers to the marginal
effect of an explanatory variable on the skewness of the predictive distribution evaluated at the average values of the remaining
regressors. Under ‘DQuc ’ and ‘DQhits ’, we report the share of country series for which adequacy of the quantile forecasts is not
rejected at the 5% level using two versions of the dynamic quantile test developed by Engle and Manganelli (2004) (for details
see also Brownlees & Souza, 2021). ‘TL’ is the tick loss, ‘EKP’ refers to the expected shortfall precision measure of Embrechts,
Kaufmann, and Patie (2005), and the VaR-ES score is the measure developed by Fissler, Ziegel, and Gneiting (2015).
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To further quantitatively assess the results, we report
he tick loss, which is the standard loss function to evalu-
te quantile estimates. In particular, the values reported
n the tables are the average tick loss across countries,
omputed as

Lp =
1
N

N∑
i=1

(
1
T

T∑
t=1

(yi,t+h − GaRp
i,t+h|t )(p − I

{yi,t+h<GaRpi,t+h|t }
)

)
.

(16)

hen evaluating expected shortfall/longrise predictions,
t needs to be noted that the accuracy of these predictions
nherently depends on the accuracy of the corresponding
uantile predictions. While expected shortfall lacks the
o-called elicitability property (Fissler & Ziegel, 2016),
uantile and shortfall forecasts can be evaluated jointly.
pecifically, as in Carriero et al. (2020a), we rely on the
aR-ES score of Fissler et al. (2015):

aR-ES scorep =
1
N

N∑
i=1

(
1
T

T∑
t=1

((GaRp
i,t+h|t (I{yi,t+h<GaRpi,t+h|t }

− p)

(17)

− yi,t+hI{yi,t+h<GaRpi,t+h|t }
+

eES
p
i,t+h|t

1 + eES
p
i,t+h|t

(ESpi,t+h|t − GaRp
i,t+h|t

+ p−1(GaRp
i,t+h|t − yi,t+hI{yi,t+h<GaRpi,t+h|t }

)) + ln
2

1 + eES
p
i,t+h|t

)),

here a smaller value indicates a better joint GaR/ES fore-
ast. To compute this loss measure for the upper quantile,
e follow Carriero et al. (2020a) and multiply the quantile
nd longrise series, as well as the data by -1, and apply the
ormula for the 5%-quantile.
10
Finally, as a second approach to evaluate the expected
shortfall/longrise predictions, we report the measure de-
veloped by Embrechts et al. (2005). This measure has been
used by Nakajima (2013) and Iseringhausen (2020) and is
explained in more detail in those references. In particular,
it includes a penalty term for the accuracy of the short-
fall/longrise forecast, depending on the precision of the
quantile forecast. We report the average across countries,
where a smaller value of the EKP measure indicates a
more precise ES/EL forecast.

3.3. Out-of-sample forecasting of macroeconomic risks

This section uses the model proposed in this paper
along with existing approaches from the literature to
forecast Growth-at-Risk and expected shortfall/longrise
out-of-sample. We estimate the models initially over the
period from 1973:Q1–1984:Q4 and then generate the h-
step-ahead, h ∈ {1, . . . , 4}, GaRp/ESp/ELp forecasts.14
tarting from 1985:Q1, we then re-estimate the models
y extending the in-sample period by N observations in
ach quarter and generating a new set of forecasts. This
ecursive procedure is continued until the end of the sam-
le. As a result, we obtain for each combination of model,
orecasting horizon, and quantile level a country-specific
et of GaR and ES/EL forecasts of size T h

oos = 140− (h−1).

14 As in Brownlees and Souza (2021) and Carriero et al. (2020a),
for the out-of-sample exercise, we do not consider horizons beyond
one year. In addition, we do not use real-time vintages of growth
data. Further, the FCIs are not constructed in real time and include
a look-ahead bias (Brownlees & Souza, 2021).
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Fig. 3. In-sample one-step-ahead Growth-at-Risk and expected shortfall/longrise.
Competing models
The competitors used in the out-of-sample forecasting

exercise are prominent models discussed in the literature:
the quantile regression approach put forward by Adrian
et al. (2019) and one of the generalized autoregressive
conditional heteroskedasticity (GARCH) models applied
by Brownlees and Souza (2021).15 Lastly, we include as a

15 The robustness Section 3.4 also discusses the performance of
another conditionally heteroskedastic model (Adrian et al., 2019), in
which both the conditional mean and volatility are driven by financial
11
benchmark the ‘naive’ historical forecast and a symmetric
version of the model proposed in this paper, i.e. one with-
out skewness. The conditional mean for the GARCH and
SV models (both with and without time-varying skew-
ness) includes a constant, current GDP growth, and three
additional lags. Section 3.4 discusses the forecasting re-
sults across models when, in addition, including financial
conditions in the conditional mean specification.

conditions. For all of these models, we use the MATLAB routines made
available by Adrian et al. (2019) and Brownlees and Souza (2021).
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Historical benchmark
As a simple benchmark to forecast Growth-at-Risk and

expected shortfall/longrise, we use the unconditional his-
torical measure. In this case, the h-step-ahead GaR and
ES/EL forecasts for period t + h are simply the empirical
quantile and the empirical expected shortfall/longrise, re-
spectively, calculated using all growth observations of a
particular country available up to period t .

Quantile regression
Growth-at-Risk analysis through quantile regression

was popularized by Adrian et al. (2019) and has become
a regular monitoring exercise at the IMF and other orga-
nizations. Quantile regression was developed by Koenker
and Bassett (1978) and we refer the reader to this work
for details on the estimation. It can be viewed as a gen-
eralization of a standard (mean) regression where the
p%-quantile of the dependent variable, Qp(y), is directly
modeled as a function of explanatory variables:

Qp(yi,t+h|t ) = α
p
0i + α

p
1iyit + α

p
2iFCIit . (18)

The baseline quantile regressions for the forecasting ex-
ercise include a constant, current growth, and the FCI.16
The corresponding country-specific quantile regression
coefficients α

p
0i, α

p
1i, and α

p
2i can vary across quantiles.

While quantile regression directly delivers GaR forecasts,
we apply the two-step approach of Adrian et al. (2019)
to obtain ES/EL forecasts. Specifically, Adrian et al. (2019)
fit the skewed t-distribution of Azzalini and Capitanio
(2003) over the predicted 5%, 25%, 75%, and 95% quan-
tiles. The forecasts for ES/EL are then calculated using
the cumulative distribution function of the fitted skewed
t-distribution. In considering country-specific quantile re-
gressions, we follow Brownlees and Souza (2021), who
find these to generally have better forecasting perfor-
mance than their panel counterparts.

Panel-GARCH
This model is one of the preferred specifications dis-

cussed by Brownlees and Souza (2021). In essence, their
approach is a GARCH(1,1) model with a flexible non-
parametric form used to model the standardized growth
distribution. The model has the following form:

yi,t+1 = µi,t+1|t +

√
σ 2
i,t+1|tεi,t+1,

εi,t+1 ∼ Dεi (0, 1), (19)

σ 2
i,t+1|t = σ 2

i (1 − α − β) + αu2
it + βσ 2

it ,

α, β > 0, (α + β) < 1, (20)

where σ 2
i,t+1|t is the conditional (deterministic) one-step-

ahead variance, σ 2
i is the unconditional variance, α and β

are the GARCH parameters pooled across countries, and
uit = σitεit is the non-standardized residual. The model
is estimated by so-called composite likelihood methods,
following Pakel, Shephard, and Sheppard (2011). Since the
h-step-ahead predictive distribution (for h > 1) is not
available in closed form, the authors rely on bootstrap

16 Quantile regressions that include all the explanatory variables
generally perform worse at predicting downside risk, and these results
are discussed in the robustness section.
12
techniques to generate a large number of iterated one-
step-ahead forecast paths. The forecasts of GaR and ES/EL
at each horizon are then calculated using these paths.
Note that the GARCH approach relies on iterated one-
step-ahead forecasts for horizons h > 1 (including for
the conditional mean) while both the quantile regressions
and the SV models are used in a direct multi-step-ahead
setting. For further methodological details, we refer the
reader to Brownlees and Souza (2021).

SV models with time-varying skewness and with symmet-
ric (t-distributed) shocks

For the model specification with time-varying skew-
ness, we consider two sets of explanatory variables: the
full set discussed in previous sections (SV (skew, full)) and,
motivated by the in-sample analysis, a set that only in-
cludes the FCI (SV (skew, FCI)). Both specifications include
a constant and an autoregressive term in the asymmetry
equation.17

The general approach to GaR and ES/EL forecasting
is identical for all stochastic volatility specifications. To
generate h-quarter-ahead GaR and ES/EL forecasts, we
obtain the h-quarter-ahead forecasts of the conditional
mean and the latent variables h and δ for each country.
Since (log-)volatility is assumed to follow a random walk,
the forecast for h is simply, in each MCMC iteration, the
draw for the last in-sample period. To obtain a forecast
of δ, we iterate forward Eq. (4) by h quarters, starting
by using the draw for the last in-sample period together
with the (h−1)-period-lagged explanatory variables. This
process is continued to obtain the forecast of δ for h > 1.
Importantly, since Xδ in Eq. (4) is lagged by h quarters, we
only use information available at the end of the in-sample
period to obtain the h-quarter-ahead forecast of δ. Using
the forecasts of the conditional mean and latent variables,
we then generate a draw from the corresponding predic-
tive density in each MCMC iteration and for each country.
GaR and ES/EL are then estimated from these draws.

Finally, to assess the importance of the information
contained in the variables in the asymmetry equation,
we also consider a simplified version of the time-varying
skewness model (SV (sym.)). This model is an SV model
with t-distributed growth shocks obtained by imposing
the restriction δ = 0 for each country.

Forecasting results
The results of the out-of-sample forecasting exercise

for horizons up to four quarters ahead are presented in
Table 2. We start by assessing the GaR forecasts. First,
in terms of the DQ tests, quantile regression clearly out-
performs the historical benchmark at the upper quantile.
However, this is not the case for the lower quantile. By
contrast, and in line with the results in Brownlees and
Souza (2021), the GARCH model generally outperforms
both the historical benchmark and quantile regression
for the lower and the upper quantiles. Lastly, all three

17 For computational reasons, in the forecasting exercise the Gibbs
sampler for all SV models is only run with 1,000,000 iterations and
saving every 10th iteration, thus leaving the number of effective draws
unchanged.
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Table 2
Results of out-of-sample forecasting exercise.

GaR and ES/EL (5%) GaR and ES/EL (95%)

h Model DQuc DQhits TL VaR-ES sc. EKP DQuc DQhits TL VaR-ES sc. EKP

1

Historical 73 18 0.101 0.575 0.452 45 64 0.081 0.690 0.446
QR (FCI) 73 45 0.090 0.497 0.276 91 82 0.079 0.676 0.272
GARCH(1,1) 91 64 0.086 0.458 0.211 100 82 0.071 0.653 0.290
SV (sym.) 100 64 0.083 0.427 0.203 100 100 0.068 0.628 0.174
SV (skew, FCI) 100 73 0.082 0.418 0.162 100 100 0.068 0.628 0.152
SV (skew, full) 100 64 0.082 0.417 0.190 100 100 0.068 0.628 0.152

2

Historical 73 82 0.102 0.588 0.455 45 73 0.081 0.691 0.450
QR (FCI) 82 55 0.096 0.538 0.387 64 73 0.080 0.698 0.334
GARCH(1,1) 82 91 0.095 0.535 0.409 82 91 0.072 0.657 0.316
SV (sym.) 100 73 0.092 0.520 0.303 100 82 0.070 0.639 0.203
SV (skew, FCI) 100 82 0.092 0.515 0.283 100 82 0.070 0.637 0.174
SV (skew, full) 91 82 0.092 0.520 0.317 91 91 0.071 0.642 0.195

3

Historical 73 82 0.103 0.593 0.470 45 64 0.082 0.691 0.454
QR (FCI) 64 73 0.102 0.622 0.589 64 91 0.082 0.697 0.240
GARCH(1,1) 91 100 0.102 0.617 0.462 82 82 0.077 0.669 0.339
SV (sym.) 91 82 0.100 0.616 0.439 100 82 0.074 0.656 0.178
SV (skew, FCI) 100 91 0.100 0.611 0.416 100 82 0.074 0.654 0.160
SV (skew, full) 100 82 0.099 0.612 0.449 100 82 0.075 0.657 0.184

4

Historical 73 82 0.103 0.596 0.473 45 82 0.082 0.692 0.457
QR (FCI) 64 64 0.109 0.701 0.519 64 82 0.082 0.693 0.250
GARCH(1,1) 91 100 0.105 0.655 0.511 64 73 0.080 0.682 0.412
SV (sym.) 91 100 0.102 0.665 0.439 100 73 0.077 0.666 0.202
SV (skew, FCI) 91 100 0.103 0.667 0.429 100 73 0.077 0.664 0.184
SV (skew, full) 91 82 0.102 0.662 0.448 82 73 0.078 0.668 0.200

Note: This table contains the results of the out-of-sample forecasting exercise. Under ‘DQuc ’ and ‘DQhits ’, we report the share of country
series for which adequacy of the quantile forecasts is not rejected at the 5% level using two versions of the dynamic quantile test
developed by Engle and Manganelli (2004). For details, see also (Brownlees & Souza, 2021). ‘TL’ is the tick loss, the VaR-ES score
refers to the measure developed by Fissler et al. (2015), and ‘EKP’ is the expected shortfall precision measure of Embrechts et al.
(2005). Bold numbers indicate the model with the highest average accuracy for each measure.
tochastic volatility models perform similarly, on aver-
ge, compared to the GARCH approach, with only small
ifferences among them.
Second, in terms of the tick loss (TL), the stochastic

olatility models are the best-performing models across
uantiles and horizons. However, the differences in aver-
ge tick losses are very small across the stochastic volatil-
ty specifications.

Third, when evaluating quantile and shortfall/longrise
orecasts simultaneously using the VaR-ES score, the SV
odels with time-varying skewness prove most success-

ul at short horizons up to h = 2, and when forecasting
pside risk at horizons h > 1. For h > 2, the historical
enchmark dominates for the left tail of the distribution,
ighlighting that precise forecasts of downside risk at
onger horizons are difficult for econometric models. In
ddition, adding other variables next to the FCI does not
eaningfully improve the average forecasting accuracy.
Fourth, when evaluating the expected shortfall/longrise

orecasts using the measure of Embrechts et al. (2005),
inancial conditions help to improve forecasts of down-
ide risk and upside risk across horizons. For h = 1,
he EKP value of the time-varying skewness model that
nly includes the FCI is clearly smaller than those of
he strongest competitors when measuring downside risk.
gain, including variables beyond the FCI does not add
uch value in terms of shortfall/longrise forecasts when

ooking at the EKP measure.
Table 3 complements the results presented in Table 2

y showing the outcome of tests for superior forecasting
13
performance (Diebold & Mariano, 1995).18 Specifically, as
in Brownlees and Souza (2021), we conduct pair-wise
tests with the null hypothesis being equal predictive abil-
ity against a one-sided alternative. The tests are based on
the series of loss differences using two different models,
defined as the differences in the tick loss (for GaR) and the
VaR-ES score (for ES/EL). We note upfront that the exist-
ing literature often finds limited evidence of statistically
significant superior predictive ability for Growth-at-Risk
and expected shortfall/longrise forecasts (Brownlees &
Souza, 2021; Carriero et al., 2020a). In our analysis, we
find that for downside risk at the short horizon (h = 1),
the SV model with time-varying skewness (‘FCI only’) is
superior to quantile regression and the GARCH model for
3–4 (out of 11) countries, and for 1–3 countries when
evaluated against the symmetric SV model. In turn, our
proposed model is outperformed by other models for at
most 1–2 countries. Overall, and in line with Brownlees
and Souza (2021), the evidence becomes weaker as h
increases, and for h > 2, most models have difficulty out-
performing even the historical benchmark for more than
1–2 countries. When predicting upside risk, the evidence
of superior forecasting accuracy is stronger across hori-
zons, and the time-varying skewness model that includes

18 The various SV models are nested and the test can be invalid
in this case (see e.g. Clark & McCracken, 2001). However, it is often
also used for nested models, due to the complexity of alternative
approaches.
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Table 3
Tests for superior forecasting performance.

Downside risk (5%)

Tick loss VaR-ES score

h Hist. QR GARCH SV (sym.) SV (FCI) SV (full) Hist. QR GARCH SV (sym.) SV (FCI) SV (full)

1

Hist. – 36 (36) 55 (55) 55 (73) 64 (73) 64 (73) – 36 (45) 36 (55) 55 (55) 55 (64) 55 (55)
QR 0 (0) – 27 (27) 27 (27) 27 (36) 27 (27) 0 (0) – 18 (27) 27 (45) 36 (45) 36 (45)
GARCH 0 (0) 9 (18) – 27 (27) 27 (36) 36 (45) 0 (0) 9 (9) – 27 (45) 36 (36) 36 (45)
SV (sym.) 0 (0) 9 (18) 0 (9) – 9 (27) 9 (18) 0 (0) 0 (18) 0 (9) – 0 (18) 9 (18)
SV (FCI) 0 (0) 9 (18) 0 (0) 0 (9) – 9 (9) 0 (0) 0 (9) 0 (0) 0 (0) – 0 (9)
SV (full) 0 (0) 9 (18) 0 (0) 0 (0) 0 (0) – 0 (0) 9 (18) 0 (0) 0 (0) 0 (0) –

2

Hist. – 36 (36) 45 (64) 36 (55) 45 (55) 36 (55) – 18 (18) 18 (36) 18 (36) 18 (36) 18 (36)
QR 0 (0) – 18 (27) 27 (27) 27 (27) 18 (27) 0 (0) – 18 (27) 18 (18) 18 (18) 18 (18)
GARCH 9 (9) 0 (9) – 9 (18) 9 (27) 18 (18) 0 (0) 0 (9) – 0 (9) 0 (18) 0 (9)
SV (sym.) 9 (9) 0 (9) 9 (9) – 0 (9) 9 (18) 0 (0) 0 (0) 0 (0) – 0 (18) 0 (9)
SV (FCI) 9 (9) 0 (9) 9 (9) 9 (9) – 9 (18) 0 (0) 0 (0) 0 (0) 0 (0) – 0 (0)
SV (full) 9 (9) 0 (9) 9 (9) 0 (0) 9 (9) – 0 (0) 0 (0) 0 (9) 0 (0) 9 (9) –

3

Hist. – 27 (36) 9 (9) 9 (9) 9 (9) 9 (27) – 27 (36) 9 (9) 9 (9) 9 (9) 9 (9)
QR 18 (27) – 18 (27) 9 (18) 9 (18) 9 (18) 18 (36) – 9 (27) 9 (9) 9 (18) 9 (9)
GARCH 9 (18) 0 (0) – 9 (36) 18 (27) 27 (27) 0 (18) 0 (0) – 0 (9) 0 (0) 0 (0)
SV (sym.) 9 (18) 0 (0) 9 (9) – 0 (9) 9 (27) 0 (9) 0 (0) 0 (9) – 0 (18) 0 (18)
SV (FCI) 9 (18) 0 (0) 9 (9) 18 (18) – 9 (36) 0 (9) 0 (0) 0 (9) 9 (18) – 0 (9)
SV (full) 9 (18) 0 (0) 9 (9) 9 (9) 0 (9) – 0 (9) 0 (0) 0 (9) 9 (9) 0 (9) –

4

Hist. – 9 (9) 9 (9) 18 (18) 18 (18) 18 (18) – 0 (18) 9 (9) 18 (18) 18 (18) 9 (18)
QR 9 (36) – 27 (36) 27 (36) 27 (36) 27 (36) 9 (45) – 18 (27) 18 (18) 9 (18) 18 (18)
GARCH 27 (45) 0 (0) – 18 (27) 18 (27) 18 (27) 9 (18) 0 (0) – 18 (18) 18 (18) 18 (18)
SV (sym.) 18 (27) 0 (0) 9 (9) – 0 (0) 0 (9) 9 (18) 0 (0) 0 (0) – 0 (9) 0 (27)
SV (FCI) 18 (27) 0 (0) 9 (9) 36 (45) – 9 (27) 18 (18) 0 (0) 0 (0) 27 (27) – 9 (18)
SV (full) 27 (27) 0 (0) 9 (9) 0 (0) 0 (0) – 0 (18) 0 (0) 0 (0) 0 (0) 0 (0) -

Upside risk (95%)

Tick loss VaR-ES score

h Hist. QR GARCH SV (sym.) SV (FCI) SV (full) Hist. QR GARCH SV (sym.) SV (FCI) SV (full)

1

Hist. – 36 (36) 55 (55) 73 (91) 82 (82) 82 (82) – 36 (36) 55 (73) 91 (91) 82 (91) 91 (91)
QR 27 (27) – 64 (73) 64 (73) 73 (73) 64 (73) 18 (27) – 55 (64) 64 (73) 64 (73) 64 (73)
GARCH 0 (0) 0 (0) – 27 (36) 27 (45) 27 (36) 0 (0) 0 (0) – 36 (36) 36 (45) 36 (45)
SV (sym.) 0 (0) 0 (0) 9 (9) – 36 (55) 27 (45) 0 (0) 0 (0) 9 (9) – 36 (55) 27 (36)
SV (FCI) 0 (0) 0 (0) 9 (9) 0 (9) – 9 (18) 0 (0) 0 (0) 9 (9) 0 (9) – 0 (9)
SV (full) 0 (0) 0 (0) 9 (9) 0 (9) 9 (18) – 0 (0) 0 (0) 9 (9) 0 (9) 0 (18) –

2

Hist. – 18 (45) 73 (73) 55 (64) 64 (73) 55 (73) – 45 (45) 64 (73) 82 (82) 82 (82) 82 (82)
QR 0 (9) – 64 (64) 45 (73) 45 (73) 45 (64) 0 (0) – 36 (55) 36 (73) 55 (73) 36 (73)
GARCH 0 (0) 0 (0) – 36 (45) 45 (45) 27 (45) 0 (0) 0 (0) – 36 (45) 45 (45) 27 (36)
SV (sym.) 0 (0) 0 (0) 18 (27) – 55 (55) 0 (0) 0 (0) 0 (0) 9 (27) – 55 (55) 0 (0)
SV (FCI) 0 (0) 0 (0) 9 (18) 0 (0) – 0 (0) 0 (0) 0 (0) 9 (9) 0 (0) – 0 (0)
SV (full) 0 (0) 0 (0) 18 (18) 27 (27) 55 (73) – 0 (0) 0 (0) 18 (18) 18 (18) 45 (55) –

3

Hist. – 36 (36) 55 (64) 45 (55) 55 (55) 36 (45) – 36 (36) 64 (64) 55 (55) 55 (55) 55 (55)
QR 0 (27) – 27 (36) 18 (36) 18 (36) 9 (36) 9 (9) – 9 (27) 27 (27) 27 (45) 18 (36)
GARCH 9 (18) 9 (9) – 36 (36) 36 (36) 36 (36) 9 (9) 9 (9) – 27 (45) 36 (45) 27 (36)
SV (sym.) 0 (0) 9 (18) 9 (18) – 27 (27) 0 (0) 0 (0) 0 (18) 9 (9) – 27 (45) 0 (0)
SV (FCI) 0 (0) 0 (18) 0 (18) 0 (0) – 0 (0) 0 (0) 0 (9) 0 (9) 0 (0) – 0 (0)
SV (full) 0 (0) 9 (18) 9 (18) 18 (18) 36 (45) – 0 (0) 0 (18) 9 (9) 18 (18) 36 (45) –

4

Hist. – 27 (27) 36 (36) 27 (36) 27 (45) 27 (36) – 45 (55) 36 (45) 45 (45) 45 (45) 45 (45)
QR 9 (9) – 27 (45) 27 (27) 27 (27) 27 (27) 0 (9) – 9 (27) 18 (45) 18 (45) 18 (45)
GARCH 9 (9) 27 (27) – 36 (36) 36 (36) 36 (36) 9 (9) 27 (27) – 27 (36) 27 (45) 18 (36)
SV (sym.) 0 (0) 0 (9) 9 (18) – 36 (45) 0 (9) 0 (0) 0 (9) 0 (9) – 45 (55) 0 (0)
SV (FCI) 0 (0) 0 (9) 9 (18) 0 (0) – 0 (0) 0 (0) 0 (9) 0 (0) 0 (0) – 0 (0)
SV (full) 0 (0) 0 (18) 9 (18) 27 (36) 45 (55) – 0 (0) 0 (18) 0 (9) 27 (36) 45 (55) -

Note: This table contains the results of Diebold and Mariano (1995) tests (using (Newey & West, 1987) HAC standard errors with lag truncation h − 1) to compare the forecasts
generated by the different models. Similarly to Brownlees and Souza (2021), we report the share of countries for which the model in the column produces more precise Growth-at-Risk
and expected shortfall/longrise forecasts than the model in the respective row at the 5% (10%) significance level (one-sided test).
only the FCI performs particularly well. While these re-
sults are largely consistent with the cross-country aver-
age measures presented in Table 2, especially among the
stochastic volatility models, the differences in the average
losses are often not large enough to achieve statistical
significance.

In summary, the results confirm the previous litera-
ture in some ways while adding new insights in others.
In line with Brownlees and Souza (2021), we find com-
monly used quantile regression to forecast poorly com-
pared to standard time-varying volatility models, such as
a GARCH-type specification that only requires data on
economic growth as input. However, a relatively sim-
ple specification from the family of symmetric stochastic
volatility models seems to perform even better than the
GARCH model.

When comparing SV models with standard quantile
regressions, Carriero, Clark, and Marcellino (2020b) also
14
find that the former perform significantly better at out-
of-sample forecasting.19 Importantly from a policy per-
spective, we find that a time-varying skewness model
that includes the FCI can, in some cases, help to improve
average forecasts of macroeconomic risk. However, the
gains compared to the symmetric SV model—and, to a
lesser extent, the GARCH model—are often small. A larger
model that also includes the term spread, house price
growth, and an index of economic and policy uncertainty
occasionally helps to improve single measures at some
horizons but overall does not perform better than the ‘FCI
only’ specification.

19 Carriero et al. (2020b) include additional variables in the condi-
tional mean specification of the SV model. Our results suggest that
even an SV model that only includes autoregressive terms in the mean
equation outperforms quantile regressions.
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Fig. 4. Recursive estimates of the impact of FCI on asymmetry (one quarter ahead). Note: The dates refer to the last observation of the respective
stimation (in-sample) period.
Appendix E contains figures showing the out-of-sample
ne-step-ahead GaR and ES/EL forecasts obtained from
uantile regressions, panel-GARCH, and the SV model
ith time-varying skewness that only includes the FCI.
verall, the two time-varying volatility models (GARCH
nd SV) produce one-step-ahead forecasts of upside and
ownside risk that look generally similar across countries.
owever, the forecasts from quantile regressions are quite
ifferent and can be wider (e.g. in the case of Australia)
r narrower (e.g. in the case of Japan), and are often
ore erratic. The latter confirms the findings by Carriero
t al. (2020a) for the US, and this is not surprising, as
he forecasts from the time-varying volatility models have
stronger dependence, due to the assumptions on the

espective volatility processes.
To conclude the forecasting section, Fig. 4 evaluates

he time variation in the impact of financial conditions
n the asymmetry of one-step-ahead conditional growth
istributions. Specifically, we plot the recursive estimate
f the marginal effect at the average (MEA) for the FCI
rom the ‘FCI only’ stochastic volatility model, computed
s explained in Section 3.2. We also plot the cross-country
verage quantile regression coefficients for the FCI and
he 5% and 95% quantiles. First, the marginal effect of an
ncrease of the FCI on skewness in the SV model is neg-
tive for all recursive estimations. Second, the Great Re-
ession marks a structural break, after which the impact
f financial conditions is estimated to be much stronger.
hird, a similar pattern can be observed for the average
stimated 5%-quantile regression coefficient. While the
agnitudes are not directly comparable, the average 5%-
uantile coefficient of the FCI co-moves closely with the
EA obtained from the time-varying skewness model.

nterestingly, according to the quantile regression esti-
ates, in the first part of the sample, financial conditions
eem to have had, on average, a stronger impact on the
pper quantile than the lower quantile. Future work could
ore explicitly consider this apparent time variation in
15
the effect of financial conditions on the asymmetry of
predictive growth distributions.

3.4. Robustness checks and alternative modeling choices

This section reports additional results with a focus on
the out-of-sample forecasting performance to assess the
robustness of the baseline results and to discuss the im-
pact of alternative modeling choices. The detailed results
are presented in Table E-1 in Appendix E.

First, to ensure that skewness, which is driven by
macro-financial conditions, is a useful feature for fore-
casting, we consider variations of the different models
where the FCI is also included in the conditional mean
(with country-specific coefficients). Specifically, we aug-
ment the previously considered GARCH model, the sym-
metric SV model, and the SV model with time-varying
skewness driven by the FCI.20 Moreover, for this exer-
cise we also consider an SV model with a constant de-
gree of skewness, where the asymmetry parameter δ is
pooled across countries, i.e. where δit = δ. Including
this model offers additional insights into the relevance
of time-varying skewness in addition to the FCI driving
the conditional mean. Allowing financial conditions to
also impact the conditional mean overall improves the
average forecasting performance further for h = 1 in
terms of the loss measures. At the remaining horizons,
accuracy gains mostly occur when predicting downside
risk, whereas precision in the right tail of the distribution
decreases on average. When forecasting downside risk
for the next quarter, the SV model with time-varying
skewness and the FCI in the mean equation maintains,
on average, small advantages compared to the remaining

20 Since the GARCH model relies on iterated one-step-ahead forecasts
for h > 1, including for the conditional mean (see Section 3.3), this
requires forecasts of the exogenous variables. We obtain these forecasts
from an AR(1) model fitted to the FCI of each country.
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odels. At longer horizons and when forecasting upside
isk, the evidence is more mixed. In particular, the con-
tant skewness specification with the ‘FCI-in-mean’ often
erforms very well. In addition, the ‘FCI-in-mean’ GARCH
odel proves useful for downside risk at horizons h >

, but the average VaR-ES scores remain above those of
he historical benchmark (see Table 2). Table E-2 shows
he results of tests for superior predictive accuracy for
he ‘FCI-in-mean’ augmented specifications, which overall
onfirm this assessment.
Second, the quantile regression considered as a com-

etitor model is close to the original specification of Adrian
t al. (2019) and only includes the financial conditions
ndex. We also consider a quantile regression specification
hat includes the full set of explanatory variables. How-
ver, the results indicate that in most cases this leads to a
eterioration in forecasting performance compared to the
ore parsimonious specification.
Third, to allow for an effect of current growth rates

n future asymmetry, we consider a specification where
t enters the asymmetry equation as an additional vari-
ble. While there are some occasions where this can im-
rove the accuracy of GaR and ES/EL forecasts, the results
emain overall comparable to the baseline specification.

Fourth, we consider a specification that allows for
ore flexibility in the cross-country dynamics of volatility
y allowing the innovation variance of the (log-)volatility
rocess h, σ 2

h , to vary across countries. Table E-1 shows
hat in some cases this helps both the symmetric SV
odel and the SV model with time-varying skewness

o achieve gains in forecasting accuracy compared to
heir baseline (pooled) counterparts. Again, this does not
hange the ranking among the two models, and the time-
arying skewness model still produces, on average, some-
hat more precise risk forecasts.
Finally, we compare our model to another (country-

pecific) conditionally heteroskedastic model, in which
he conditional mean and volatility are functions of cur-
ent growth and the FCI.21 Table E-1 shows that in terms
f both DQ statistics, this model performs worse overall

compared to the baseline time-varying skewness model
(with the FCI included in the mean equation). For the re-
maining loss measures, this simple model generates some
gains when forecasting downside risk at longer horizons,
but remains inferior overall at short horizons, and across
horizons in the case of upside risk. In summary, while
certain alternative modeling choices can help to further
improve the performance compared to the baseline spec-
ification, these additional tests show that time-varying
skewness driven directly by macro-financial conditions
remains a useful feature in several cases.

21 Following Adrian et al. (2019), this model is given by

yi,t+h = γ0i + γ1iyit + γ2iFCIit + σitεi,t+h,

og(σ 2
it ) = δ0i + δ1iyit + δ2iFCIit ,

ith εi,t+h ∼ N (0, 1). The model parameters can be estimated by
aximum likelihood.
16
4. Conclusion

Economic policymakers have a long-standing interest
in measuring and assessing downside risks to economic
growth stemming from macro-financial conditions, and
the academic literature has recently provided the Growth-
at-Risk approach for this purpose. The study of growth
vulnerability remains an active area of research, and sev-
eral recent contributions have scrutinized various aspects
of the Growth-at-Risk framework. In particular, the ques-
tion of to what extent financial variables can help to in-
form this analysis and improve Growth-at-Risk forecasts
has been extensively discussed.

This paper makes both a methodological and an empir-
ical contribution to this discussion. On the methodological
side, it proposes a new parametric model to measure the
evolving asymmetry of the predictive GDP growth distri-
bution, which can be interpreted as changing macroeco-
nomic risk. The methodological basis for this approach
is a stochastic volatility model in which the asymmetry
parameter of the shock distribution varies as a function
of macro-financial conditions. Thus, the model allows the
conditional growth distribution to feature time-varying
skewness, which reflects unbalanced risks surrounding
the baseline macroeconomic outlook. On the empirical
side, the paper supports earlier findings in the literature
on the link between financial conditions and macroeco-
nomic risk and suggests that the proposed model can, in
several situations, help to achieve gains when forecasting
risks.

For a panel of 11 OECD countries over the period from
1973:Q1–2019:Q4, this model provides the following in-
sights. First, the estimated effect of financial conditions,
as measured by the IMF’s financial conditions index (FCI),
on the skewness of the predictive growth distribution is
in line with a growing number of studies in the literature.
Tightening financial conditions skew the short-term pre-
dictive growth distribution to the left, but the opposite
effect emerges at longer horizons. Second, when forecast-
ing Growth-at-Risk and expected shortfall/longrise out-
of-sample, the proposed model competes well with ex-
isting approaches and proves particularly useful at short
horizons for downside risk, and at several horizons when
forecasting upside risk. In addition, including a measure of
economic and policy uncertainty, or some of the promi-
nent components of the FCI separately, does not gener-
ally improve (or adds only very little to) the forecasting
performance of the model.
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