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Abstract

We document the impact of COVID-19 on frequently employed time series models, with a
focus on euro area inflation. We show that for both single equation models (Phillips curves)
and Vector Autoregressions (VARs) estimated parameters change notably with the pandemic.
In a VAR, allowing the errors to have a distribution with fatter tails than the Gaussian one
equips the model to better deal with the COVID-19 shock. A standard Gaussian VAR
can still be used for producing conditional forecasts when relevant off-model information is
used. We illustrate this by conditioning on official projections for a set of variables, but also
by tilting to expectations from the Survey of Professional Forecasters. For Phillips curves,
averaging across many conditional forecasts in a thick modelling framework offers some hedge

against parameter instability.
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Non-technical summary

We analyse the impact of COVID-19 observations on two widely employed time series models,
with a focus on euro area inflation. We investigate single equation models (Phillips curves) and
Vector Autoregressions (VARs). We show that in both cases the parameter estimates change
notably after adding the COVID-19 observations to the estimation sample, which also affects
the forecast path. We discuss solutions for both estimation and forecasting.

In a VAR, we show that allowing the errors to have a distribution with fatter tails than the
Gaussian one, more precisely to follow a Student’s t-distribution, tackles the parameter insta-
bility problem. Intuitively, the fatter tails allow the abnormal observations to be soaked up by
residuals rather than distorting coefficients. This solution is simple and appears to character-
ize the data even before COVID-19. This is a tractable and simple alternative to Lenza and
Primiceri (2020) or Carriero et al. (2021) and relates to Banbura et al. (2020a). Alternatively,
we found that a large Gaussian VAR with a higher degree of prior shrinkage also mitigates the
problem of changing parameters after adding the COVID-19 observations, but the model with
fat-tailed errors outperforms.

These two options also yield unconditional forecasts which are not adversely affected by
the change in coefficients induced by the COVID-19 observations. Yet, in abnormal times,
unrecorded in the available estimation sample, it is hard to trust forecasts based solely on
exploring historical regularities. We explore two ex-ante reliable information sources about
the future: official projections and surveys of professional forecasters. We find that within a
small-scale standard Gaussian VAR, the conditional forecast paths can be well-behaved (namely
insensitive to the change in parameters when adding the COVID-19 observations) when relevant
off-model information is employed. Both hard conditioning (using official projections for the
explanatory variables) and soft conditioning (using information from the Survey of Professional
Forecasters) help. In particular, the drawback of the former approach is that the number of
the conditioning variables matters, namely the larger, the more stable the inflation forecasts.
Instead, when using survey information, it is enough to tilt the forecast distribution to the SPF
5 years ahead to ensure that inflation forecasts are not affected by the parameter instability.

Single equation Phillips curve models exhibit a set of peculiarities compared to VARs. Also
in this case, estimated parameters change notably when adding the COVID-19 observations to
the sample. Nevertheless, allowing the errors to have fatter tails than normally distributed ones
does not appear to be a panacea this time around. The parameter instability is also transmitted
to conditional forecasts. As a possible solution, our findings suggest that in this framework
averaging across many models within a ‘thick modelling’ of the Phillips curve offers some hedge
against the instability coming from the change in parameter estimates due to the COVID-19

observations.
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1 Introduction

‘In reality, however, the distribution of shocks hitting the economy is more complex ... might exhibit excess
kurtosis, commonly referred to as “tail risk” in which the probability of relatively large disturbances is
higher than would be implied by a Gaussian distribution.” (Mishkin, 2011)

As the pandemic unfolded worldwide, macroeconomists have struggled to make sense of their models
after adding the new COVID-19 observations. The variation exhibited by some macroeconomic series has
been so large (e.g. real activity and labor market indicators), that this sufficed to distort the estimated
coefficients since March 2020. This was shown for the U.S. (Schorfheide and Song (2020), Lenza and
Primiceri (2020), Carriero et al. (2021)) and we show that this is also true for the euro area.

In this paper we consider two popular time series models and discuss the results by focusing on euro
area inflation. We look at single equation models, more specifically at the Phillips curve within a so-called
‘thick modelling’! framework (regularly employed in several central banks and in the European Central
Bank in particular)? and Vector Autoregressions (VARS), also frequently employed to understand the
drivers of inflation. We distinguish between these two types of models because the solutions that work
for VARs seem to be less effective for Phillips curves.

We show that the incoming data after March 2020 heavily impacts the parameters of conventionally
estimated models and this is something to be aware of when forecasting or conducting empirical analyses
covering this period, irrespective of the scope. Here we focus on the analysis of inflation, but the critique
is generally valid.

We propose a tractable and elegant solution to the problem of parameters of a VAR model changing
when adding the COVID-19 observations, namely to relax the assumption that the errors are normally
distributed and assume instead that they follow a Student’s ¢ distribution. Intuitively, large shocks are
more likely to be accommodated under t-distributed errors as compared to Gaussian errors, as the former
have fatter tails. This allows for abnormal observations to be soaked up by residuals rather than distorting
the parameter estimates.

Our paper is related to the strand of literature emerging after the Great Recession trying to accom-
modate tail events in macro models. For DSGEs, Curdia et al. (2014), Chib and Ramamurthy (2014),
Ascari et al. (2015) argued that models with a ¢-distributed shock structure are strongly favoured by the
data over standard Gaussian ones. For VARs, Chiu et al. (2017) and Chan (2020) show that allowing
for fat-tailed errors improves in-sample fit and and forecasting properties.? We show that also for the
euro area fat tails appear to be a better characterisation of the macroeconomic data than Gaussian ones
and moreover, this extension suffices to deal with the impact of the pandemic (which is a more rare and
extreme event than recessions).

We also contribute to the rising literature on how standard models can be adapted to withstand the
impact of the COVID-19 observations. Lenza and Primiceri (2020) and Carriero et al. (2021) propose
to downweigh the impact of abnormal observations through assumptions on the associated variance of

the residuals. Our solution is similar in spirit. We believe it is still too soon to ascertain a break in the

!See Granger and Jeon (2004), who advocate for the use of a battery of specifications instead of one single
equation.

2 As detailed in Ciccarelli and Osbat (2017), ECB (2017), Bobeica and Sokol (2019), Eser et al. (2020).

3Even before the Great Recession some economists warned that the unconditional distribution of macro vari-
ables is not Gaussian (see Christiano (2007) or Fagiolo et al. (2008)).
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economic transmission mechanisms and thus parameters should not display dramatic changes with respect
to pre-COVID-19 times, especially if a normalization in economic developments is to be expected.* And
indeed, we find strong evidence in favour of fat-tailed errors even before the pandemic. Our approach is
more comparable to Carriero et al. (2021). They opt for combining stochastic volatility with temporary
volatility outliers in a VAR, their choice is motivated by the method being more geared towards generating
sizable outliers, which can be more suitable for certain purposes, such as mitigating increases in measures
of macroeconomic and financial uncertainty, as in Carriero et al. (2020).

As an alternative to fat-tailed errors, we found that adding more variables to the Gaussian BVAR
together with prior shrinkage results in more stable results than in a smaller-scale BVAR. This suggests
that in large dimensional models the impact of variables with abnormal dynamics is mitigated; also, an
appropriately informative prior helps in disciplining the results.® Still, the the model with ¢-distributed
errors outperforms in delivering more stable parameters.

We also investigate the impact of the COVID-19 observations on forecasting. Stabilizing the pa-
rameters after adding the COVID-19 observations also stabilizes the unconditional forecast paths. Yet,
in abnormal times, unrecorded in the available estimation sample, it is hard to trust forecasts based
solely on exploring historical regularities. We argue that these times are best suited to add information
from outside the model to inform purely model-based results. Lenza and Primiceri (2020), Primiceri and
Tambalotti (2020) and Banbura et al. (2020a) also incorporate some kind of off-model information to
produce more plausible forecasts after the pandemic.® Interestingly, Baribura et al. (2020a) investigate
forecasting within a BVAR with ¢-distributed errors and argue that adding off-model information on
projected macroeconomic uncertainty improves the accuracy of density forecasts during the pandemic.
We explore two ex-ante reliable information sources about the future: official projections and surveys of
professional forecasters. We first analyse ‘hard conditional’ forecasts where we impose the path of a set
of explanatory variables as projected within the E(S)CB Macroeconomic Projection Exercise and second,
we analyse ‘soft conditional’” forecasts where we tilt unconditional forecasts to expectations from the ECB
Survey of Professional Forecasters (SPF). Tilting towards SPF expectations can be a valid way to provide
the model some degree of informed judgement, as professional forecasters do not solely rely on models
(which might have been affected by COVID-19 observations), but use a substantial degree of judgement
when forming their believes about the future. Also, there is evidence that such tilting improves inflation
forecasting in certain challenging times, such as in the post-Great Recession period, as a way of indirectly
accommodating structural changes (see Tallman and Zaman (2020), Ganics and Odendahl (2021)).

We find that within a small-scale standard Gaussian VAR, the conditional forecast paths are well-

behaved (namely insensitive to the change in parameters when adding the COVID-19 observations) when

1At the same time, we do not exclude the possibility that the COVID-19 observations might affect macroeco-
nomic relationships in the future (as reflected by model parameters).

® A Minnesota prior as in Sims and Zha (1998) coupled with dummy observations as in Baibura et al. (2010) and
Doan et al. (1983) seems to be better equipped to yield more robust results in the face of tail events than a weakly
informative prior for instance (and undoubtedly a completely flat prior which is equivalent to OLS estimates).
The degree of shrinkage matters in a mechanical way, with a larger degree of prior shrinkage yielding more stable
parameters. While more shrinkage was found to be suitable for larger VARs, it can be rather restrictive in a
smaller model.

5Lenza and Primiceri (2020) produce BVAR conditional forecasts imposing the Consensus unemployment
projection from the Blue Chip Forecasts. Primiceri and Tambalotti (2020) explain that forecasting with reduced-
form time series models during the pandemic requires requires unusually strong assumptions and illustrate how
this might still work by postulating some possible scenarios about the future evolution of the epidemic.
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relevant off-model information is used to create the conditional forecasts. Both hard conditioning (using
projections for the explanatory variables) and soft conditioning (using information from the Survey of
Professional Forecasters) help. In particular, the drawback of the former approach is that the number of
the conditioning variables matters, i.e. the larger the number of paths the researcher imposes, the more
stable the inflation forecasts. Instead, when using survey information, it is enough to tilt the forecast
distribution to the SPF 5 years ahead to ensure that inflation forecasts are not affected by the COVID-19
observations.

Single equation Phillips curve models exhibit a set of peculiarities compared to VARs. Also in this
case, estimated parameters change notably when adding the COVID-19 observations to the sample.
Allowing for the errors to have fatter tails and follow a Student’s t-distribution instead of a normal
one does not appear to be a panacea this time around. This relates to the fact that in the multiple
equation system of a VAR the fatness of tails pertaining to the error distribution (and hence the extent
to which the errors can soak up abnormal observations in order not to distort coefficients) is informed by
the simultaneous developments in all variables. In single equation models it is the developments in the
dependent variable that matters more in informing the properties of the residuals; inflation was relatively
well behaved during the pandemic, so the residuals of a Phillips curve do not have such fat tails as the
residuals of the inflation equation in a VAR model including also GDP for instance.

Phillips curve conditional forecast paths are affected by the change in parameters due to COVID-19.
As a possible solution, our findings suggest that in this framework averaging across many models within
a ‘thick modelling’ of the Phillips curve offers some hedge against the instability coming from the change
in parameter estimates due to the COVID-19 observations. This stability brought about by aggregating
information from many models has also been previously emphasized for instance by Koop and Korobilis
(2012), Rossi (2020), Bainbura and Bobeica (2020).

In the rest of this paper, Section 2 investigates the impact of COVID-19 on Phillips curve models,
Section 3 turns to VAR models, Section 4 explains why ¢ errors are more effective in a multivariate setup

than in the single equation setup, and Section 5 concludes.

2 The impact of COVID-19 on Phillips curve models

The Phillips curve is a key macroeconomic relationship used to gauge past and future inflation dynamics.
In central banking, it is one of the pillar frameworks in thinking about inflation, with reduced-form
models being often employed to grasp the link between inflation and real activity (see Yellen (2015),
Constancio (2015)). Rather than solely relying on a single model, it has become standard in policy
circles to adopt a ‘thick modelling’ approach, whereby several proxies for economic slack or inflation
expectations are employed in order to deal with uncertainty surrounding the ‘true’ inflation drivers (see
Bundesbank (2016), ECB (2017), Bobeica and Sokol (2019), Eser et al. (2020)).

We employ a reduced-form New Keynesian Phillips curve model within the ‘thick modelling’ approach

as in Ciccarelli and Osbat (2017). More precisely, we estimate the following specification:
Ty =+ pmy_1 + Blys—1] + vlexp:] + pimps o + € (1)

where ; is the annualized quarterly growth rate of HICP excluding energy and food (in seasonally ad-

justed terms), y; is an indicator of the cyclical developments in the economy (henceforth slack measure),
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exp; is a measure of expectations and imp; are import prices from outside the euro area. [-] indicates that
several proxies are being employed, namely 4 measures of slack (real GDP, output gap, unemployment
gap and unemployment rate) and 9 measures of survey inflation expectations (Consensus 1,2,..,6 quarters
ahead and SPF 1,25 years ahead), as well as no expectation term in purely ‘backward’ looking specifica-
tions. The estimation sample starts in 1995 for the specifications including Consensus expectations and
in 1999 for those including SPF measures

Figure 1 shows the impact on the Phillips curve coefficients when adding three COVID-19 observa-
tions, namely 2020Q1, Q2 and Q3, and estimating (1) using an ordinary least squares (OLS) regression.
The revision in the parameters brought about by these three observations is quite remarkable and varies
with the slack measure. The inertia and coefficient of inflation expectations tend to go up, while the in-
tercept goes down. The change in parameters is not statistically significant, but this does have a bearing
on the inflation forecast path. The statistical significance of the inflation drivers is negatively affected,

with most slack and expectation measures becoming insignificant, as the error variance is distorted.

Figure 1: Change in Phillips curve parameters. Sample ending in 2020Q3 vs. in 2019Q4
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Note: The bars show the change in coefficients for each specification per slack measure. 1,2,..,10
indicate specifications with various measures of expectations, in the following order: 1 - 6 are
Consensus 1,2,..,6 quarters ahead, 7 - 9 are SPF 1,2,5 years ahead, 10 - no expectation term. No
intercept was included in the specification with SPF 5 years ahead. For the unemployment rate
and gap the change in slope refers to coefficients with reversed sign.

The Phillips curve flattens across the considered slack measures; the absolute change in coefficients
appears to be small, but given that the Phillips curve was rather flat even before COVID-19, the slope
diminishes by around 40 to 50 percent. This change in slope can be gauged also by looking at Figure 2.
Compared to the developments in slack measures (particularly on the product market), the reaction of
the inflation rate has been rather muted. One argument calling for caution in taking for granted the
change in coeflicients brought about by the new COVID-19 observations is that they can also reflect
real-time mismeasurement of slack. As new data becomes available and the view regarding slack during
the pandemic crystallizes, the Phillips curve parameters might again be different.

The change in parameters generated by the COVID-19 observations has an impact on the inflation
forecast path. Figure 3 shows the inflation forecast conditioning on the future path of the explanatory vari-
ables. The imposed future paths for slack measures and imported inflation are those projected within the

European (System of) Central Banks (E(S)CB) Macroeconomic Projection Exercise of September 2020.7

"See ECB (2016) for more details on the projection process within the European System of Central Banks.
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Figure 2: Indicators of slack and euro area HICP inflation excluding energy and food
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Note: The indicators of slack are lagged by one period; real GDP growth and HICP inflation
excluding energy and food are expressed as annualized quarterly growth rate of the seasonally
adjusted index.

Figure 3: Phillips curve conditional forecasts
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Note: The ranges are based on parameter estimates on the sample up to 2019Q4 (red range) and
up to 2020Q3 (blue range). Forecast starts in 2020Q4. (a) The ranges show point forecasts covering
specifications with various inflation expectation measures. (b) The ranges cover point forecasts from
all Phillips curve specifications specifications with various slack and inflation expectation measures.

Expectations have been prolonged based on an AR(1) process. In this Figure the path of the explanatory
variables, the starting date of the forecast and the forecast horizon stay the same, the only thing that
changes is the sample for which the parameter estimates are obtained. The forecast range covers point
forecasts across various specifications and it is affected in different ways depending on the slack measure
(panel (a)); it is dragged down by the COVID-19 observations in the case of the real GDP and labour
market slack measures and up in the case of the output gap.

The ‘thick modelling’ framework offers some hedge with respect to the instability in the forecast
path brought about by the change in parameters when estimating over the COVID-19 period. When

averaging across conditional forecasts from many models, the mean forecast is almost identical, see
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Figure 3, panel (b). This stability brought about by aggregating information from many models has also
been previously highlighted for instance by Koop and Korobilis (2012) and Baribura and Bobeica (2020)
in the Phillips curve context or by Rossi (2020) more generally.

Alternative estimation techniques and the parameter instability problem. We inves-
tigate whether different modelling assumptions bring about more parameter stability in the Phillips curve
setup. We first estimate the Phillips curve models in a Bayesian setting, assuming that the distribution
of the errors is heavy tailed by allowing for ¢-distributed errors instead of Gaussian ones. A-priori, one
would expect that this should dampen the effect of extreme observations on the parameter estimates. Un-
fortunately this doesn’t solve the parameter instability issue in the Phillips curve models (see Figure 4),
but it does in a VAR (see the discussion in Section 3.2.1).

Figure 4: Change in Phillips curve parameters when errors follow a Student’s ¢ distribution.
Sample ending in 2020Q3 vs. in 2019Q4
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Note: The bars show the change in coefficients for each specification per slack measure. 1,2,..,10
indicate specifications with various measures of expectations, in the following order: 1 - 6 are
Consensus 1,2,..,6 quarters ahead, 7 - 9 are SPF 1,2,5 years ahead, 10 - no expectation term. No
intercept was included in the specification with SPF 5 years ahead. For the unemployment rate
and gap the change in slope refers to coefficients with reversed sign.

We also investigate whether allowing for smooth time variation in the parameters plus stochastic
volatility mitigates the parameter instability problem. We apply ‘conventional’ time-varying parameter
Bayesian models in the spirit of Primiceri (2005) assuming that the Phillips curve coefficients and log-
variance of errors follow a random walk. Figure 15 in Appendix C.1 shows the change in the endpoint
estimates of the Phillips curve parameters when the models are estimated up to 2020Q3 compared to
2019Q4. The COVID-19 observations shift the entire path of the estimated coefficients altogether and
the changes in parameters are even more pronounced than in the fixed parameter case.® Also, when it
comes to the impact on the inflation forecast, the shifts are more pronounced than in the case of the fixed

coefficients (see Figure 16 in Appendix C.1).

8 As an alternative modelling technique, we have also checked whether a median regression of the Phillips curve
model produces robust parameter estimates. Unfortunately, the estimated parameters exhibit similar sensitivity
as in the fat-tailed error model.
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3 The impact of COVID-19 on VAR models

In this section we consider the most popular model employed in macroeconomics, namely Sims’ Vector
Autoregression (VAR). For our analysis, we use the small scale VAR that was employed to understand
the drivers of euro area inflation by Bobeica and Jarociriski (2019). Figure 5 shows the data over the
sample 1980Q1-2020Q3; there is some variation during 2020 in the considered variables, but nothing
unprecedented with the exception of the real GDP and the euro area share in world GDP. In contrast, for
the U.S. some economic variables, in particular the unemployment rate, have recorded formidable spikes,
whereas in the euro area this particular indicator has been more stable. Yet, we show that the variation

recorded by the euro area variables suffices to distort the parameter estimates in a standard VAR.

Figure 5: Data set for the small euro area BVAR
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Note: Real GDP, HICP, price of oil and norminal effective exchange rate are in log-levels times 100;
short-term rate, 10-year government bond spread and share of world GDP are in percentage points.

3.1 Impact of COVID-19 observations on estimated parameters

Figure 6 shows estimates of impulse response functions (IRFs) to a one standard deviation shock in real
GDP for an expanding estimation sample, which starts in 1980 and ends in 2019Q4, 2020Q1, 2020Q2 and
2020Q3 respectively.”? Estimates are obtained using a Sims and Zha (1998) prior.'® The inclusion of the
COVID-19 observation substantially affects the IRF estimates as compared to the pre-COVID-19 times.
Specifically, with the inclusion of the 2020Q2 observation, the IRF of real GDP becomes more persistent,
while the transmission of the shock to inflation and financial variables is dampened. Estimates become
even more different when the sample ends in 2020Q3. The reaction of inflation to the generic GDP shock
is flattened. This illustrates that parameter estimates are very sensitive to unusually large innovations

in a standard Gaussian VAR, which is a major shortcoming for analysis in times of COVID-19.

9We do not attach any structural interpretation to this shock, but merely use it as means to study the dynamic
properties of the VAR model.

'We construct dummy observations along the lines of Bafibura et al. (2010) and Doan et al. (1983), which reflect
Minnesota type shrinkage on VAR coefficients coupled with two sum-of-coefficients restrictions. For estimation,
we use dummy observations to construct the moments of the implied normal-inverse Wishart prior.
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Figure 6: Impulse response functions in a small BVAR with Gaussian errors
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Note: Impulse response functions to a one standard deviation shock in real GDP from a BVAR
with Gaussian errors using a Sims and Zha prior. Thick lines are median estimates and the dark
(light) blue area is the 68% (90%) credible interval for the estimation window until 19Q4.

The prior choice makes a difference, with more informative priors having an upper hand in deliv-
ering more stable coefficients once the COVID-19 observations are added. Lenza and Primiceri (2020),
Schorfheide and Song (2020) and Carriero et al. (2021) document using monthly U.S. data that estimated
VAR models are explosive when the recent COVID-19 observations are included. While the estimated
IRFs in Figure 6 are sensitive to the inclusion of the COVID-19 observations, they are not explosive for
our chosen prior specification. Figure 17, panel (a), in Appendix C.2 shows that this explosive behaviour
is present in the euro area case as well if we adopt a weakly informative prior for the VAR coefficients. !
This suggests that the design of the prior, the chosen amount of shrinkage, as well as the data set at hand
dictate whether a Bayesian VAR model becomes explosive once COVID-19 observations are included in
the sample. Moreover, we also explore whether a higher degree of shrinkage applied to our baseline Sims
and Zha (1998) prior dampens the impact of COVID-19 on the change in the VAR coeflicient estimates;
we label this prior ‘strong Sims and Zha’.'? Figure 17, panel (b) shows that the higher degree of shrinkage
mechanically disciplines the coefficients in the VAR to some extent, but there is still notable instability

in the IRFs once the COVID-19 period is included in the sample, which stems from a change in residual

"The weakly informative prior is calibrated by centering the VAR coefficients around zero and setting the
variance of all coefficients to one except for the constant, which we set to 10. The scale of the inverse Wishart
distribution is set to the identity matrix.

128pecifically, we divide the prior variances for the coefficients by a factor of four. A higher level of shrinkage
is typically recommended for very large VAR with over 100 variables, see Baibura et al. (2010).
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correlations. ' Yet, imposing a very dogmatic prior comes with the drawback of silencing the information

coming from the data.

3.2 Solutions for estimation within a VAR

3.2.1 Accommodating COVID-19 observations via alternative error structures

Several proposals on how to tackle the problem of changing parameters due to the COVID-19 observations
have been put forward in the literature, see Lenza and Primiceri (2020) and Carriero et al. (2021). What
they have in common is that macroeconomic relationships which held in the past are assumed to be still
valid. That is, they propose to downweigh the abnormal observations by allowing the variance of the
residuals to react quickly to the COVID-19 observations.

Lenza and Primiceri (2020) propose an explicit volatility model for the residuals corresponding to
the COVID-19 observations. Their solution is tractable and easy to understand, but requires that one
specifies exactly when the abnormal observations start and estimate the decay of volatility based on few
observations (especially when working with quarterly data).

Carriero et al. (2021) propose a more flexible solution that allows for variable-specific outliers in the
volatility process, leaving fewer choices to the modeller. Here volatility is a function of its past values, but
it is also allowed to jump with abnormal observations with a certain probability.'* One possible limitation
of this model class is related to the sensitivity to the ordering of variables (see Primiceri (2005), Cogley
and Sargent (2005)). Specifically, when volatility changes idiosyncratically, estimates of the time-varying
covariance matrix are extremely sensitive to the ordering of variables due to the structure imposed by
the triangular factorization of the time-varying covariance matrix in their model (see Hartwig (2020)).

Our proposal does not involve making ad-hoc choices and is thus more in line with the approach of
Carriero et al. (2021). We propose to abandon the Gaussian error structure and assume multivariate
t-distributed errors instead, see Ni and Sun (2005) and Chan (2020). Intuitively, large shocks are more
likely to occur under errors following a Student’s ¢ distribution, which have fatter tails than the Gaussian
one. This means that the COVID-19 observations do not heavily influence the relationships between
variables; as reflected in the parameter estimates (but they are also not prevented from doing that as
is the case when including dummies for this period). The idea that the data might favour models with
errors with fatter tails is inspired by the literature emerging after the Great Recession (see Curdia et al.
(2014); Chiu et al. (2017); Chan (2020)), when Gaussian models failed to properly account for the strong
variations in some variables; we show that the t-distributed errors work also during the pandemic. This
solution shares the spirit of the aforementioned ones in the sense that the COVID-19 observations are
downweighed by some form of conditional variance within the estimation framework. Similar to Lenza
and Primiceri (2020), we treat the change in shock volatility as being common across all variables instead
of considering variable-specific volatility as in Carriero et al. (2021). This is a simple and tractable
assumption. As opposed to the latter paper, in our VAR, residuals have constant second-order moments
(see Appendix A for more technical details on the VAR with ¢ errors). Student’s t-distributed errors — or

other fat-tailed error distributions — are better suited during the pandemic as the COVID-19 observations

13For brevity, we do not report changes in residual correlation for the considered VAR models.

“The authors also explore a dummy VAR using separate dummies in every equation for each month since
March 2020. Abstracting from the impact of the COVID-19 observations on the parameters, they show that this
approach does not perform reasonably when it comes to forecasting, yielding implausibly narrow forecast bands.
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may inflate the volatility process for an extended period of time in widely employed stochastic volatility
models (without outlier correction). This may lead to rather imprecise density forecasts, see Carriero
et al. (2021) and Hartwig (2021). In addition, Carriero et al. (2020) and Hartwig (2021) discuss that a
simple stochastic volatility process inflates estimated error volatility also before COVID-19 occurred due
to the ex-post smoothing of the spike during the pandemic.

Figure 7 shows the counterpart to Figure 6 under the assumption that the errors in the Bayesian VAR
are multivariate t-distributed. For the pre-COVID-19 sample, the reaction of inflation to real GDP is
somewhat weaker in the VAR with fat-tailed errors compared to the one with Gaussian residuals. When
adding the COVID-19 observations the response of inflation to a shock in real GDP is only marginally
diminished and in general the IRFs are much more stable across different estimation samples compared

. . . =
to their Gaussian version.!®

Figure 7: Impulse response functions in a small BVAR with fat-tailed errors
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Note: Impulse response functions to a one standard deviation shock in real GDP from a BVAR
with fat-tailed errors using a Sims and Zha prior. Thick lines are median estimates and the dark
(light) blue area is the 68% (90%) credible interval for the estimation window until 19Q4.

This solution allows for the impact of COVID-19 observations to be soaked up by the heavy tails
of the VAR residuals, leaving parameter estimates largely unaffected. One interesting question is why
allowing for a fat-tailed error distribution seems to be a solution in a multiple equation model such as
the VAR but not in the single equation framework, such as the Phillips curve (see Figure 1). We discuss
this issue in more detail in Section 4.

This estimation technique yields, as a by-product, an interesting latent variable, which we label

15The IRFs of the fat-tailed VAR are stable also under the weakly informative prior and under the strong Sims
and Zha prior, see panels (a) and (b) in Figure 18 in Appendix C.3.
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lambda,'® that can be interpreted as the high-frequency volatility of the data set (Chiu et al., 2017)17
or can be used as an outlier detection tool (Jacquier et al., 2004). Technically, this variable mixes the
multivariate normal distribution such that it mimics the fatter tails of the multivariate t-distribution with
a particular degree of freedom, see Geweke (1993) and Ni and Sun (2005). Panel (a) of Figure 8 depicts the
estimated high-frequency volatility in our data set alongside a measure of macroeconomic uncertainty.'®
Lambda spiked during the Great Recession and sky-rocketed during the COVID-19 crisis, capturing the
fact that there was abnormal variation in the data. The timing of these spikes coincides with the peaks
in measured macroeconomic uncertainty.'® Lambda capturing the spikes in macroeconomic uncertainty
is another argument in favour of this estimation technique: the model with ¢-distributed errors captures
some salient macroeconomic features in the shape of volatility /uncertainty, which may not be accounted
for by standard Gaussian models. Therefore, standard Gaussian models may yield distorted estimates of

macroeconomic relationships especially after COVID-19.

Figure 8: Macroeconomic uncertainty and tail risk
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Note: (a) Posterior mean of the high-frequency volatility lambda in the BVAR with ¢-distributed
errors and Sims and Zha prior. (b) Posterior distribution of the degrees of freedom parameter
estimated on an expanding sample.

Panel (b) of Figure 8 shows that the posterior distribution of the degree of freedom parameter (v)
becomes sharper and shifts to the left once the COVID-19 observations are included. Specifically, the
posterior median of v is 4.3 in the pre-COVID period and declines to 3.3 in 2020Q3. Therefore, the
estimated tail risk in the economy increases somewhat with the COVID-19 observations. Nevertheless,

the log probability of large tail events is rather similar for a degree of freedom parameter between 3

18Tn Appendix A, \; is defined in the variance scale. In the text, we use lambda = v/As.

"The term high-frequency volatility derives from the fact that under the t-distribution, these unobserved
volatility changes are independently distributed. In contrast, in stochastic volatility models, volatility is not
independently distributed, but follows a persistent process and can be regarded as a lower-frequency volatility.

¥ The measure of macroeconomic uncertainty is the one of Jurado et al. (2015) for the U.S. and we used it as
an imperfect proxy for the euro area as well. The available Economic Policy Uncertainty index for the euro area
derived by Baker et al. (2016), focuses too much on policy and does not reflect the macroeconomic uncertainty
embedded in our variables

9By construction, our measure of high-frequency volatility (lambda) is rather short-lived, as under t errors
large shocks are modelled as independent events and are not allowed to be serially correlated. This can explain
why during the Great Recession the proxy for macroeconomic uncertainty has been elevated for longer than what
lambda would imply.
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and 5, while for larger values of v, the tails become substantially thinner.?? We interpret these findings
as evidence that the data not only exhibits fat tails due to the extreme COVID-19 observations, but
exhibited substantial tail risk even before, which speaks in favour of the ¢-distribution assumption as an
appropriate treatment of the data in general.

An alternative way to check if the data asks for fat-tailed errors is to compare the log marginal like-
lihood of the Bayesian VARs with Gaussian and t-distributed errors, respectively. Table 1 shows these
estimates for various prior specifications and on an expanding estimation window.2! By comparing the log
marginal likelihood figures in panel (a) and (b) we find decisive evidence in favour of fat tails both before
and during the COVID-19 pandemic, as well as across all different prior specifications. The optimal degree
of parameter shrinkage is not affected by the COVID-19 observations. Specifically, both models favour our
standard calibration for the Sims and Zha prior over the weakly informative or the strong Sims and Zha
prior with a higher degree of parameter shrinkage.??> This is in contrast to the result reported in Lenza
and Primiceri (2020), who document that the Gaussian VAR model likes less shrinkage after COVID-19.

Table 1: Log marginal likelihood for the small scale BVAR model

Weak S7Z Strong SZ Weak SZ Strong SZ

19Q4 -1767.66 -1348.28 -1450.39 19Q4 -1700.91 -1267.89 -1387.99
20Q1 -1814.78 -1391.95 -1489.12 20Q1 -1722.95 -1289.83 -1409.72
20Q2 -1907.49 -1499.75 -1599.82 20Q2 -1756.07 -1322.09 -1441.35
20Q3 -1976.63 -1539.87 -1626.97 20Q3 -1784.04 -1350.60 -1467.01

(a) BVAR with Gaussian errors (b) BVAR with fat-tailed errors

Note: The bold figure indicates maximum log marginal likelihood for each model in a selected
estimation window. Weak stands for a weakly informative prior and SZ stands for Sims and Zha.

3.2.2 Expanding the data set by adding more variables

As an alternative to fat-tailed errors in the VAR we investigate whether employing a larger model ensures
more stable parameters during the pandemic. Intuitively, in large dimensional models the impact of
variables with abnormal dynamics might be mitigated. A larger set of data might offer a hedge when it
comes to estimation and forecasting in the presence of instabilities, see the discussion in Rossi (2020).
To explore this possibility, we estimate a BVAR with 23 variables used in Bobeica and Jarocinski (2019)

to understand inflation dynamics in the euro area.?3

29Compared to the Gaussian case, a ten standard deviation shock receives a log probability of —50, i.e. the
probability of such an event is 7.69 x 102! percentage points, which practically means that such an event will
never happen. While, under ¢ errors with a degree of freedom parameter between 3 and 5, the probability of such
an event is roughly comparable to a four standard deviation shock under normal errors, which is about 0.0134
percentage points.

2'For the VAR with ¢ errors, we use the algorithm in Chan (2020).

22We also conducted a more granular grid search on the tightness of the dummy observation prior and found
that the ¢ error model generally favors a lower level of tightness as compared to the Gaussian model.

23The VAR includes HICP, real GDP, real private consumption, real private investment, total employment,
unemployment rate, capacity utilisation, consumer confidence, PMI, the rest-of-the-world real GDP, nominal
effective exchange rate, EUR/USD exchange rate, the oil price in dollars, non-energy commodity prices, U.S. real
GDP, U.S. CPI, U.S. short term interest rate, EONIA, two-year government bond spread, 10-year government
bond spread, Mortgage bank lending spread, VSTOXX index of financial volatility, economic policy uncertainty.
See Bobeica and Jarociriski (2019) for details regarding the data set.
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Figure 9: Selected impulse
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Note: Impulse response functions to a one standard deviation shock in real GDP from the large
BVAR with Gaussian (BVAR) and fat-tailed errors (BVAR-t) using various priors.

Figure 9 shows the impulse response functions for real GDP and HICP inflation to a one standard
deviation shock in real GDP from both the Gaussian and the fat-tailed error VAR with more variables
using the two variants of the Sims and Zha prior.2* The IRFs of the large Gaussian VAR with a Sims and
Zha prior with the same parameterisation used for the small-scale VAR (panel (a)) exhibit substantial
instability as soon as the COVID-19 observations are included and become explosive when estimation runs
until 2020Q2. When imposing more shrinkage, as recommended for larger models, the VAR coefficients
become better-behaved, see panel (b). The IRFs are more stable than the ones presented in Figure 6, but
there is still some change in the IRFs when adding the COVID-19 observations.?> In contrast, estimates
from a VAR with fat tails are well-behaved across different prior specifications, see panel (¢) and (d).
Therefore, even in large VARs, fat-tailed errors are a sufficient extension to make the model robust against
the extreme variations triggered by the pandemic.

Since the large Gaussian BVAR produces more stable dynamics only with the stronger Sims and
Zha prior, a natural question is whether the marginal likelihood would also favour this model. Table 2
shows the log marginal likelihood for these VARs. The models with fat-tailed errors yield higher marginal
likelihoods, suggesting that they are preferred by the data. At the same time, the standard Sims and
Zha prior which was used for the small-scale BVAR is preferred over the strong variant for all estimation
samples. This criterion would thus guide us to choose an explosive over a stable model, which is a clear
caveat for selecting a good model based on the marginal likelihood. Therefore, we argue that in times of

COVID-19 one has to consider other aspects as well when selecting the most appropriate model.

2 Pigures 19, 20, 21 in Appendix C.4 show the IRFs for all variables for all considered prior specifications.

25The differences in the IRFs before and after COVID-19 differ across variables: for some there is hardly any
change (e.g. employment, the EUR/USD exchange rate), whereas for others the changes are more pronounced
(consumption, foreign real GDP, VSTOXX).
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Table 2: Log marginal likelihood for the large BVAR

Weak S7Z Strong SZ Weak S7Z Strong SZ

19Q4 -6434.98 -3686.72  -3855.57 19Q4 -5871.95 -3404.98 -3620.00
20Q1 -6581.73 -3801.36 -3961.20 20Q1 -5946.10 -3462.14 -3675.51
20Q2 -6725.73 -3907.66 -4084.26 20Q2 -6037.22 -3526.69 -3736.27
20Q3 -6842.95 -4012.50 -4187.80 20Q3 -6095.78 -3629.02 -3823.51

(a) BVAR with Gaussian errors (b) BVAR with fat tailed errors

Note: The bold figure indicates maximum log marginal likelihood for each model in a selected
estimation window. Weak stands for weakly informative and SZ stands for Sims and Zha.

3.3 Impact of COVID-19 observations on unconditional forecasts

It is difficult to ascertain what works in forecasting after the pandemic as there are not enough reali-
sations to perform a proper forecast evaluation. Instead, we focus on a different criterion to judge the
appropriateness of these models, namely the lack of instability in the forecast path due to a change in
parameters induced by adding the COVID-19 observations to the estimation sample.

Figure 10 shows unconditional forecasts starting 2020Q4 for the VAR models previously described.
In producing these forecasts the data and the starting date of the forecast are the same, the only thing
that differs is the sample on which the coefficients have been estimated. In other words, the change in the
forecast path solely reflects revisions in VAR parameter estimates. Panels (a) and (b) show that in the
case of the small scale BVAR, unconditional forecasts for both a weakly informative and the Sims and Zha
prior change visibly once the COVID-19 observations are included in the estimation sample (see blue and
cyan line), more so for the weakly informative prior. In contrast, unconditional forecasts are not affected
by the change in parameters induced by expanding the sample through 2020 in the BVAR with fat-tailed
errors (panel (c)) or in the large scale Gaussian BVAR with a strong Sims and Zha prior (panel (d)).

Interestingly, the projected paths of inflation are very similar for both the small-scale fat-tailed BVAR
and the large-scale Gaussian BVAR. They both imply a return to levels below, but close to 2 percent,
though the fat-tailed model implies a somewhat slower convergence. The forecasts bands are some-
what wider for the fat-tailed BVAR than for the large scale Gaussian model. Also, the bands under
the fat-tailed BVAR become wider (hardly visible in the figures) as soon as the COVID-19 observations
are included in the estimation sample. This is due to the fact that the estimated degrees of freedom
parameter declines, which increases the unconditional variance of the forecast errors.

Whether such a quick pick-up in inflation is reasonable is subject to discussion. Unconditional
forecasts based on models that only look at past historical patterns of the data are hard to be trusted
during the pandemic as COVID-19 is an unprecedented macroeconomic shock. It has complex effects
on the demand- and supply-side of the economy (see the discussion in Guerrieri et al. (2020)), highly
heterogeneous impacts across sectors and agents and unknown behavioural consequences (for a stylised
representation of the channels through which the COVID-19 shock affects inflation, see Figure 22 in
Appendix C.5). As such, these times are ideally suited to adding information from outside the model to

inform purely model-based forecasts, as also argued by Primiceri and Tambalotti (2020).
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Figure 10: Unconditional forecasts starting 2020Q4
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Note: The forecast starts in 2020Q4, parameters are estimated on an expanding estimation window.
Thick lines are median estimates and the (overlapping) light blue areas are the 68% credible interval
for each respective estimation window.

3.4 Impact of COVID-19 observations on conditional forecasts

There are two key sources of plausible information about possible future developments of macroeconomic
variables: projections published by economic institutions and surveys of professional forecasters. We
illustrate ways to incorporate both types of external information and how the conditional forecasts behave
in some selected VARs after including the COVID-19 observations. 2%

3.4.1 ‘Hard conditioning’ a la Waggoner and Zha (1999) using external projections

for a set of variables

Figure 11 shows conditional forecasts of inflation and real GDP growth in our VAR when imposing a
set of off-model projected paths for a set of variables.?” The external projections are obtained from the
E(S)CB Macroeconomic Projection Exercise of September 2020.

The path of the variables is strictly imposed using the algorithm of Waggoner and Zha (1999) without
the updating step. The figure shows that conditional forecasts of the small-scale Gaussian VAR are

now robust to the change in parameter estimates over the expanding estimation window for all prior

26 An interesting proposal on how to add useful off-model information when forecasting with a fat-tailed error
BVAR after COVID-19 is put forward by Babura et al. (2020a). The authors explore the link between the high
frequency volatility (lambda) and macroeconomic uncertainty and link the future path of lambda to externally
projected volatility paths in order to increase the accuracy of the density forecasts.

2TFor the small VARs, the forecast is conditioned on the price of oil, the effective exchange rate, the short term
rate, the spread and the share of euro area GDP in world GDP. For the large VAR, the forecast is conditioned on
employment, unemployment rate, rest of the world GDP, nominal effective exchange rate, EUR USD exchange
rate, oil price, commodity prices, real GDP foreign, consumer prices foreign, domestic and foreign short-term
interest rate and the spread between ten-year government bond and short-term interest rate.
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specifications, even for the weakly informative one (panels (a) and (b)). Thus, the problem of unstable
forecasts can be solved by conditioning on a sufficient set of variables that exhibit well-behaved future
paths and are strongly interlinked with the target variable.?® The conditional forecast of the VAR
with fat-tailed errors are stable as well (panel (c)). This model yields a slightly less pessimistic outlook
for inflation than the Gaussian one under this scenario and compared to the unconditional version,
inflation is now expected to return to somewhat lower levels. The fact that the derived future inflation
path is now somewhat lower than indicated by purely unconditional forecasts highlights the effect of
adding off-model information also incorporating assessments on the pandemic impact on several economic
variables. Conditional forecasts are stable also for the large VAR (panel (d)) and this result is robust
when conditioning on various blocks of variables, with the mention that the larger the set of conditioning
variables, the more stable the conditional forecasts. Overall, it seems that conditioning on a relevant

information set alleviates the problem of in-sample parameter instability.

Figure 11: Conditional forecast based on macroeconomic projections starting 2020Q4
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Note: Conditional forecasts imposing the paths for a set of variables obtained from the E(S)CB
Macroeconomic Projection Exercise of September 2020; parameters are estimated on an expanding
estimation window. Thick lines are median estimates and the (overlapping) light blue areas are the
68% credible interval for each respective estimation window.

3.4.2 ‘Soft conditioning’ a la Robertson et al. (2005) using inflation expectations

from the Survey of Professional Forecasters

Using the previously described methodology of producing conditional forecasts, the imposed future paths
of the conditioning variables always hold exactly. However, in particularly uncertain times, one may want

to consider off-model information with some degree of uncertainty around it. This is known as ‘soft con-

28When we condition for instance only on the oil price or short-term interest rate, the conditional forecast of
the Gaussian VAR becomes explosive with the weakly informative prior and the Sims and Zha prior. This is
because the correlation of these variables with inflation is too weak to discipline the forecast.
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ditioning’, see the relative entropy method by Robertson et al. (2005). The main idea of this approach is
to derive a new predictive distribution ‘tilted’ to the mean or median of the distribution of the off-model
information (and possibly also to some quantile values) that is as close as possible to the initial uncon-
ditional forecast distribution (which might not be the case in the Waggoner and Zha (1999) approach).
In principle, one can apply this procedure to produce forecasts for any variable included in the VAR
by ‘tilting’ its unconditional forecast to some off-model information regarding its future path. Here we il-
lustrate this approach by considering a valuable information set, namely the expectations of the Survey of
Professional Forecasters (SPF) for the euro area (Grothe and Meyler (2018) show that these expectations
have a non-negligible predictive power for euro area inflation developments, as compared to statistical
benchmark models). This alternative approach alleviates the issue of having to come up with a set of
strong assumptions as in Primiceri and Tambalotti (2020) or imposing the future path of many variables
included in the model. It can also constitute a valid cross-check for results obtained when using external
projections for some variables, such as those from the E(S)CB Macroeconomic Projection Exercise.
Professional forecasters do not solely rely on models, which have likely been adversely affected
by COVID-19 observations, but use judgement when submitting their forecasts (see the discussion in
de Vincent-Humphreys et al. (2019)). In a special ECB SPF questionnaire (2018), respondents indicated
that a sizeable share of their forecast can be attributed to their judgement, especially when it comes to

long-term forecasts, see Figure 12.
Figure 12: Information used by professional forecasters of inflation at various forecast horizons

B Essentially model-based
Model-based with judgemental adjustments
B Essentially judgement-based

B _ -
80
60

40

20

. ] I [I—

HICP HICP HICP

Short term Medium term Longer term

Note: Professional forecasters’ response to question: To what extent are your point forecasts model
or judgement based? (percent of responses)
Source: ECB SPF special questionnaire 2018.

Tilting model-based inflation forecasts to SPF expectations has been recently investigated, but for
somewhat different reasons. Ganics and Odendahl (2021) focus on the euro area and show that sur-
vey forecasts can help mitigate the effects of structural breaks on the forecasting performance in a VAR.
They also find that professional forecasters are better at forecasting than a standard Bayesian VAR model
around the two recent euro area recessions, as well as the slow recovery thereafter. This is a particularly
challenging period for forecasting euro area inflation as reduced-form time series models have a hard time
in providing accurate forecasts (as also discussed in Banbura and Bobeica (2020)). Similarly, Tallman
and Zaman (2020) show that such tilting produces superior inflation forecasts after the Great Recession

also in the U.S., acting as a way of indirectly accommodating structural changes (and mitigating mis-
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Figure 13: Conditional forecasts based on tilting to SPF expectations
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Note: Forecast tilted to the SPF forecast for inflation and real GDP growth. The forecast starts
in 2020Q4 and is using parameters estimated on an expanding estimation window. Thick lines
are median estimates and the (overlapping) light blue areas are the 68% credible interval for each
respective estimation window.

specification issues in a VAR). Baribura et al. (2020b) document forecast gains for euro area inflation
and GDP when an optimal forecast combination from many models is tilted to the more subjective SPF

mean; it is worth noting that when tilting to both first and second moments of SPF there is a general
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worsening of the forecasting performance, so the authors recommend tilting only to the mean.

We produce soft conditional forecasts by considering the median inflation expectation for SPF one,
two and five-year ahead, but also long-term real GDP growth expectations. The upper panel of Figure 13
shows that tilting the unconditional inflation forecasts to median SPF values for inflation and GDP
yields inflation forecasts which are robust to the impact of the COVID-19 observations on the parameter
estimates.?? Nevertheless, these conditions are not sufficient to ensure overall stability in the Gaussian
VAR with a weakly informative prior. Furthermore, the lower panel of Figure 13 shows forecasts when the
unconditional distribution is tilted to five-ahead inflation only. Thus, whereas the long-run expectations
are crucial to ensure this stability, the short-run expectations are important to ensure a plausible profile
of the future inflation path.

4 Modelling the COVID-19 shock with univariate and multi-

variate t-distributed errors

Why are the coefficient estimates of a VAR with multivariate fat-tailed errors more resilient against the
impact of the COVID-19 observations as compared to the single equation Phillips curve models with
univariate heavy-tailed errors?

In the single equation framework fatter tails may primarily capture abnormal variations associated
with the dependent variable, but not so much those induced by an exogenous regressor (since its coeffi-
cients can always be shrunk to zero to mitigate the impact on the errors). Intuitively, in the multivariate
setup all variables are re-scaled by a common volatility factor, which is informed by the innovations in
all endogenous variables, while in the single equation setup this volatility factor is informed only by the
residuals of the dependent variable. For technical details, see Appendix B.

To illustrate this point, consider the following example with a simplified version of the Phillips curve
model in (1) based only on one slack measure, namely the output gap (Ogap), its own lag and no other
€X0genous regressors:

Ty = a + pmy_1 + fOgap;—1 + € (2)

We estimate the coefficients of (2) using system and single equation techniques. For the system
estimation, we use: (i) a Bayesian VAR with Gaussian errors, (ii) a Bayesian VAR with multivariate
t-distributed errors and (iii) a counterfactual BVAR with exogenous time-varying variance A (as detailed
below). For the single equation estimation we use a univariate version the three models listed above.
As prior distribution we assume a diffuse (non-informative) prior for all parameters. We obtain different
estimates of A from the models with ¢ errors: the BVAR-¢ (Ay ar) and the single equation regression of
the VAR equation for the output gap (Aogqp) and HICP inflation excluding energy and food (Agrcps),
respectively. Subsequently, the posterior medians of these A’s are fed into the model with exogenous
time-varying variance to study the impact of allowing for fat tails on the coefficient estimates.

Figure 14 shows the implied volatility by these A’s. Both Ay 4r and Aogqp spike when the COVID-19
pandemic wrecked havoc in the euro area, whereas Ayrcop, remains relatively flat during this period.
This illustrates that different information sets may crucially affect these A’s in the multi- and univariate

setup with ¢ errors.

220ur codes adjust the tilting function included in the BEAR toolbox, see Dieppe et al. (2016).
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Figure 14: Implied volatility under multivariate and univariate ¢ errors
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Note: Posterior median of implied volatility in the following models with ¢ errors: (i) BVAR-t using
one lag (BVAR-t) and the single equation regression of the VAR model for the output gap (SgEq
Ogap) and inflation (SgEq HICPX).

How do these different estimates of A\ affect the inference about the coefficients in equation (2)?
Table 3 shows the posterior mean of the coefficients using the estimation choices described above for (a)

the pre-COVID-19 sample and (b) with the COVID-19 observations included in the estimation sample.

Table 3: Simple Phillips curve coefficients with output gap

Gaussian Fat-tailed Gaussian(Av ar) Gaussian(Aogap) Gaussian(Agrcps)
Coeff.  System SgEq System  SgEq System  SgEq System  SgEq System SgEq
« 0.603 0.605 0.621 0.657 0.631 0.631 0.582 0.581 0.672 0.671
p 0.566  0.564 0.546  0.515 0.538 0.539 0.588 0.589 0.503 0.503
B 0.078 0.078 0.085 0.089 0.086 0.086 0.074 0.074 0.091 0.091

(a) Simple Phillips curve estimated until 2019:Q4

Gaussian Fat-tailed Gaussian(Av ar) Gaussian(Aogap) Gaussian(Agrcps)
Coeff. System SgEq System  SgEq System  SgEq System  SgEq System SgEq
« 0.575 0.574 0.626 0.612 0.635 0.635 0.586 0.587 0.619 0.622
P 0.581 0.582 0.540 0.544 0.533 0.534 0.583 0.583 0.538 0.536
B 0.055  0.054 0.084  0.059 0.085 0.084 0.074 0.074 0.059 0.059

(b) Simple Phillips curve estimated until 2020:Q3

Note: Posterior mean of Phillips curve coefficients based on various modelling assumption. The
first top row denotes the class of the error distribution, i.e. Gaussian is normal errors, Fat-tailed
is t-errors, Gaussian(-) is normal errors with exogenous time-varying variance and the second row
describes whether the equation was estimated as a system (System) or as single equation (SgEq).

Focusing on the pre-COVID-19 sample (panel (a)), the estimated slope of the Phillips curve f is the
same for the Gaussian model estimated as a system or as a single equation (column Gaussian). However,
for the fat-tailed model (column Fat-tailed), the slope coefficients differ slightly between the two versions.
These differences can be explained by the fact that the A’s differ across the two options (multi- versus
univariate ¢ errors), mainly because of differences during the financial crisis, see Figure 14.

As discussed in Section 2, the COVID-19 observations lead to a decrease in the Phillips curve slope
by about 50% percent for the output gap, see panel (b) (columns Gaussian and Fat-tailed, SgEq). This
strong parameter revision in the univariate fat-tailed model (but also in the Gaussian model) occurs

because the COVID-19 observations are not heavily discounted since the Agjcop, remains rather flat.
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In contrast, when (3 is estimated under multivariate ¢-distributed errors (column Fat-tailed, System),
the slope coefficient hardly changes. In addition, when estimating this equation with known A from
the VAR (column Gaussian(Ayar)) or the output gap equation (column Gaussian(Aogaep)), then the
slope coefficients also remain largely unchanged, while when plugging in Ayrcp, it changes substantially

(column Gaussian(Agrops))-

5 Conclusions

The parameters of models frequently employed to analyse inflation by central bankers and other practi-
tioners are affected by the COVID-19 observations and this has a bearing also on the inflation forecast
path.

For VAR models, relaxing the assumption of normal errors and allowing them to follow a multivariate
t-distribution appears to tackle the parameter instability problem. Within this model tail events are
accommodated by the residuals, which diminishes the impact on the parameters. Within a standard
Gaussian VAR, the choice of prior matters, with more informative specifications or a higher degree of
prior shrinkage (more suitable for larger VARS) acting in favour of stabilising the results. Both a fat-tailed
VAR and a large Gaussian VAR with more prior shrinkage also ensure stable unconditional forecasts.
Nevertheless, as past data does not record an event similar to COVID-19, adding relevant off-model
information to the purely model-based forecast is crucial in producing more trustworthy forecasts.

We find that a small-scale Gaussian VAR can still be used for producing conditional forecasts which
are well-behaved (namely insensitive to the change in parameters when adding the COVID-19 observa-
tions) when relevant off-model information is employed. Both hard conditioning (using official projections
for the explanatory variables) and soft conditioning (using information from the Survey of Professional
Forecasters) help.

For single equation models, such as the ‘thick modelling’ Phillips curve framework, allowing for the
distribution of the errors to have fatter tails does not ensure parameter stability. Our observations point
to the idea that multiple equation systems such as VARs are better equipped to deal with the impact
of abnormal observations than single equation models because they are more efficient in processing the
information jointly captured in the developments in all considered variables. When it comes to forecasting,
averaging information from conditional forecasts from many models within a thick modelling framework
appears to offer a hedge with respect to parameter instability due to the COVID-19 observations.

As a lesson for practitioners, we suggest that before deriving conclusions based on existing models,
one has to check and be aware of how the COVID-19 observations affect the parameter estimates and
the implied forecasts. It can be that as new observations pile up the distortion in traditionally estimated
parameters diminishes. Yet, a simple model with Gaussian and homoscedastic errors will not account for
the heightened volatility in the COVID-19 times.

This paper shows that allowing for VARs to have fat-tailed errors ensures more stable parameters
and forecasts. Yet, a more in-depth investigation on how such a model would have fared historically in
forecasting is warranted. Also, as yet, it is not possible to ascertain based on existing data what works

well in forecasting during the pandemic.
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Appendix A The proposed econometric solution for estimating
BVARs after March 2020.
Errors with a t-distribution

Dummy observation prior

Let y; be an n x 1 vector of variables that is observed over the periods t = 1,...,T. Consider the following

generic VAR(p) model with independent multivariate ¢ errors
ye=a0 + Aryi—1 + ... F Apyi—p + €, € ~1(0,%,v) (3)

where ag is an n x 1 vector of intercepts and Ai,..., A, are n x n coefficient matrices. Let z; =
(1,441, Yi—p) be a 1 x k vector of an intercept and lags with k = 1 +np and A = (ao, A1, ..., 4p)’
is a k x n matrix. The error term ¢; follows an independent multivariate ¢ distribution with covariance
matrix ¥ of dimension n x n and degree of freedom v.

The multivariate ¢ distribution of the error term can be represented by a scale mixture of normal
distributions, see Geweke (1993) and Ni and Sun (2005).

y; = IE;A + €t, Gt‘)\t ~ N(O, )\tE) (4)

where A; is a latent state variable that is inverse gamma distributed, i.e. Ay ~ IG(v/2,v/2).

Next, we stack the observation over ¢ = 1, ..., T, which yields
Y=XA+E, E~MN(0,X®A) (5)

where Y, X, and E are respectively of dimensions T'xn, T'x k, and T'xn. M N denotes the matric-variate
normal distribution, ® is the Kronecker product, A = diag(A1, ..., A7) is of dimension T x T'.
We assume that the prior for p(A, X)), p(A) and p(v) are independent. For (A, Y) we adopt a standard

normal-inverse-Wishart prior
Y~ IW(Sp,v0), AlZ~ MN(Ap, X ® Vy) (6)
For A, we assume that ); is independently inverse gamma distributed
A ~IG(v/2,v/2) (7)
and for v we follow Chan and Hsiao (2014) and assume a uniform prior
v~ U(2,1) (8)

where 7 = 50 is sufficiently large to approximate normal errors.

Because of the prior structure, the posterior draws can be obtained by sequentially sampling from:
(1) p(A, ZIY, A); (2) p(A]Y, A, E) and (3) p(v]Y, A, X, A). As detailed in Chan (2020), natural conjugacy
of the prior p(A,X) survives even with a general covariance structure in A. Therefore, one can derive

conditional posterior quantities for p(A, X|Y, A) that are still normal-inverse-Wishart distributed. The
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conditional posterior are given by

(A]Y,S,A) ~ MN(A, X @ K1) (9)
(Z|Y,A) ~ IW(S,v0 4+ T) (10)

where
Ky=V'+X'A7'X
A=K ' (Vi Ao+ X'ATYY)
S =80+ AV Ay +Y'ATY - AKGA

The posterior distribution for p(A]Y; A, X) can be easily derived as the Ay, ..., Ay, are conditionally inde-
pendent given the data and (A, X). Therefore, one can show that the posterior of \; is given by

(MY, A, %) ~ IG (”" .

L 4 = oS - ) )

Next, the posterior distribution for p(v|Y, A, A, ¥) conditional on A is independent from the data and
(A,3). As shown by Chan and Hsiao (2014), the conditional posterior for v is given by

(W[A) o< p(Alv)p(v)
v /2)Tv/2 vy v T )

for 2 < v < v, and 0 otherwise. This density is non-standard and we use the independence-chain
Metropolis-Hastings algorithm of Chan and Hsiao (2014) to sample v.
To summarize, we can sequentially sample the parameters (A(S), ») A 1/(5)) using a Gibbs sampler

with Metropolis-Hasting step:

1. Draw %) from an IW(S’, T + vp) distribution

2. Draw A®) from an MN(A, X @ K

3. Draw )\ES) from an IG (432, 1 (v + (y; — 2} A)S 7y, — 2} A)')) for t =1,..,T

4. Draw v® from a proposal distribution and accept /reject using a Metropolis-Hasting step

Inference in the BVAR model with ¢ errors. To conduct inference in the BVAR model with

t errors, it is convenient to work with the normal mixture representation of (3).

1 7
ye =ao+ A1ye-1+ o+ Apye—p + A Cuy, ug ~ N(0, 1), A~ IG (57 5) (11)
where CC’ = X. Thus, conditional on \;, the BVAR with ¢ errors can be represented as a standard
Gaussian VAR with independent but not identical distributed errors. Specifically, the error term exhibits
idiosyncratic heteroskedasticity which is controlled by A;.
To compute impulse response functions, unconditional and conditional forecasts from (11), we follow

the exposition of Jarocinski (2010) and derive impulse response coefficients as well as derive the projection
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matrices H for the variables and R for the residuals of the BVAR model with ¢ errors. We start by
simplifying the derivation and define the VAR in terms z; = y; — u — deviations of y; from the central

level 1 defined as:
p=— (A1 + ...+ Ap)) tao

The VAR in the companion form is

% = Fi_q + Gil (12)
where
A A 3 - ut
2
F=["' 7 P} G= AC 0 3= : Ay =
I 0 0 0 ’
Zt—p+1 0

Take Zgip and, using (12), recursively substitute Zgip_1,..., 25+1. In the first N rows we obtain
zs+n expressed in terms of data up to S and subsequent errors
1 1 1
z51h = Fli n.yEs + A2, Cusin + @103, Cusyn1+ ..+ ®p 123, Cus i (13)
. 1
where ®; is the upper left n x n block of FV (F' to the power j). ®;CA? is the matrix of orthogonalized

impulse response after j periods. F (’“j” N, is the matrix composed of the first N rows of F'*. The stacked

vector of zg11...2p can be written as

1
2541 Fa.n,) A C 0 0 US+1
1 1 .
= : Zg + PNz, C AZ,,C 0 : (14)
1 1 1
27 FiN, Pr_ gy g C . PAE_ O NEC ur
or shortly as:

z=HZg + Ru (15)

The above derivation are very similar to those of standard stationary VARs. The only difference is
that the forecast errors are now conditionally heteroskedastic on the sequence of Agi1, ..., A\p—g4+1 which

follows directly from the normal mixture representation of the multivariate ¢ distribution.

Appendix B Heavy tails in single and multiple equation models

To understand the effect of univariate and multivariate ¢-distributed errors on the coeflicients of a (multi-
variate) linear regression model, consider the VAR in (12) and rewrite it in seemingly unrelated regression

form using the scale-mixture Gaussian representation of the ¢ distribution:

y=I, ®X)a+e, e~N0OIRA) (16)
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where y = vec(y), a = vec(A), e = vec(E) and I, is an identity matrix of dimension n and A is diago-

nal covariance matrix. For simplicity it is instructive to focus on the conditional posterior mean of the

coefficients under a diffuse (non-informative) prior.3°

The conditional posterior mean of a is given by
acrs = (Lo X)'E '@ A NI, ® X))‘1 (LX) (= teA )y
— (E e X'ATIX) T (=T e XAy
(I, ® (XA X) T XA Yyy

(X'A1X)"1X/ A1y, (X'X)~1X "y,
- (X/A_lX)_lX/A_lyQ _ (X/X)_lx/yg .
B ~ o
=I
(XA X)) XAy, ) \(XOX) Xy

where GLS and OLS denote the generalized and ordinary least squares estimate.

These formulas reveal two interesting properties. First, given A, the system estimation (System) is
equivalent to single equation estimation (SgEq). Second, given A = Iy then agrs = dors (error term
is homoskedastic and independently Gaussian distributed). Note that under ¢-distributed errors A # I,
hence, agrs # dors-

Because of the first property, if system estimation does not yield the same estimate as equation by
equation estimation, then it must be the case that the implied volatility must be different in the univariate
setting as compared to the multivariate setting, i.e. AS9Fa £ ASystem

To see this, suppose a and ¥ are fixed, using (16), the error is e; = y; — (I, ® 2} )a. The conditional

posterior of \; from a regression with univariate ¢-distributed errors for variable y; ; is given by
SgEq v+1 1 1 5
/\t ~ IG (2,2 v+ 0_77;21-62-715
whereas the conditional posterior of A; with multivariate ¢-distributed errors for y; is given by

1
Avstem 1@ <V ; n7 3 (v+ egzlet)>

Thus, A; depends on different information sets (abstracting from distributional differences). Partic-

ularly, AP9%¢ depends only on the forecast error ¢, of the i-th variable (s? = —-€2,) in the univariate

settings, while under the multivariate distribution, A7¥***™ depends on the vector of forecast errors e
(s? = €,X"1ey, scalar).
For instance, suppose there is a large shock in the j-th variable but not in the ¢-th variable. Heuris-

)\fystem

tically, the posterior of will be larger than )\tS 9B hecause there was no unusually large forecast

error in the i-th variable. As a consequence, when the parameters are updated in the next iteration of
the Gibbs sampler, the data will be downweighed more strongly in the multivariate setup as opposed to

the univariate setup. The estimated coefficients a are then different because ALYS*™ £ \J9F4,

39Note that this posterior mean is equivalent to the generalized least squares estimate.
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Appendix C Additional Tables and Figures

C.1 Phillips curves with time-varying parameters

Figure 15: Change in Phillips curve endpoint parameters under time variation in coefficients
and error variance. Sample ending in 2020Q3 vs. in 2019Q4
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Note: The bars show the change in coefficients for each specification per slack measure. 1,2,..,10
indicate specifications with various measures of expectations, in the following order: 1 - 6 are
Consensus 1,2,..,6 quarters ahead, 7 - 9 are SPF 1,2,5 years ahead, 10 - no expectation term. No
intercept was included in the specification with SPF 5 years ahead. For the unemployment rate
and gap the change in slope refers to coefficients with reversed sign. The specification allows the
coefficients and log variance of the errors to follow a random walk. The choice of priors is very
conservative, a priori the coefficients are assumed to barely move over time, while the log-volatility
process is expected to capture more variation.
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Figure 16: Phillips curve conditional forecasts (time-varying parameter models)
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Note: The ranges are based on the endpoint parameter estimates on the sample up to 2019Q4 (red
range) and up to 2020Q3 (blue range). Forecast starts in 2020Q4. The ranges show point forecasts
covering specifications with various inflation expectation measures.
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C.2 BVAR with Gaussian errors

Figure 17: Impulse response functions in a small BVAR (various prior distributions)
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(b) Strong Sims and Zha prior

Note: Impulse response functions to a one standard deviation shock in real GDP. Thick lines are
median estimates and the dark (light) blue area is the 68% (90%) credible interval for the estimation

window until 19Q4.
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C.3 BVAR with fat-tailed errors

Figure 18: Impulse response functions in a small BVAR-¢ (various prior distributions)

real GDP HICP price of oil effective exchange rate
10
2 0.5 R 2
S~ 0 10 0
-20
0 -0.5 -2
5 10 15 20 5 10 15 20 5 10 15 20 5 10 15 20
short-term rate spread share of world GDP
0 —
1 \/ 1
-0.5
0.5 N 0.5 F
0 -1 0
5 10 15 20 5 10 15 20 5 10 15 20
800Q1-19Q4 80Q1-20Q1 80Q1-20Q2 800Q1-20Q3
(a) Weakly informative prior
real GDP HICP price of oil effective exchange rate
3
10
2 0.5 0 2
1 0 10 I
-20
0 -0.5 -2
5 10 15 20 5 10 15 20 5 10 15 20 5 10 15 20
short-term rate spread share of world GDP
15 15
0 N
1 1
-0.5
0.5 0.5
e —
0 -1 0
5 10 15 20 5 10 15 20 5 10 15 20
80Q1-19Q4 80Q1-20Q1 80Q1-20Q2 80Q1-20Q3

(b) Strong Sims and Zha prior

Note: Impulse response functions to a one standard deviation shock in real GDP from a BVAR
with multivariate t-distributed errors with (a) weakly informative prior and (b) strong Sims and
Zha prior. Thick lines are median estimates and the dark (light) blue area is the 68% (90%) credible
interval for the estimation window until 19Q4.
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C.4 Additional results for the large BVAR

Figure 19: Impulse response functions in a large BVAR (weakly informative prior)
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(b) BVAR with fat-tailed errors

Note: Impulse response functions to a one standard deviation shock in real GDP from a large BVAR
with (a) Gaussian and (b) multivariate t-distributed errors using a weakly informative prior. Thick
lines are median estimates and the dark (light) blue area is the 68% (90%) credible interval for the
estimation window until 19Q4.
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Figure 20: Impulse response functions in a large BVAR (Sims and Zha prior)
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(a) BVAR with Gaussian errors
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(b) BVAR with fat-tailed errors

Note: Impulse response functions to a one standard deviation shock in real GDP from a large BVAR
with (a) Gaussian and (b) multivariate ¢-distributed errors using a Sims and Zha prior. Thick lines
are median estimates and the dark (light) blue area is the 68% (90%) credible interval for the

estimation window until 19Q4.
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Figure 21: Impulse response functions in a large BVAR (strong Sims and Zha prior)
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(b) BVAR with fat-tailed errors

Note: Impulse response functions to a one standard deviation shock in real GDP from a large
BVAR with (a) Gaussian and (b) multivariate t-distributed errors using a strong Sims and Zha
prior. Thick lines are median estimates and the dark (light) blue area is the 68% (90%) credible
interval for the estimation window until 19Q4.
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C.5 Stylised representation of the impact of the COVID-19 shock on inflation

Figure 22: Impact of the COVID-19 shock on inflation
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are less straightforward.
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