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1 Introduction

Since the outbreak of the Covid-19 pandemic, the global population has experienced

unprecedented changes in the ordinary way of life. The most noticeable effects have been

closed shops, social distancing, restricted traveling possibilities, all resulting in falling

economic activity and increasing unemployment world wide (see Nicola et al. (2020) for

details). Modern human society has so far had no experience with a pandemic of such a

global scale, and therefore, the estimation of its social and economic effects has been and

still is associated with huge uncertainty and ambiguity. Although the global pandemic

crisis differs from well-known economic crises and war episodes in the past, and it is

therefore difficult to assess its possible consequences, we will try to find analogies that

could help us uncovering the social and economic implications of the Covid-19 crisis for

Slovakia.

Perhaps the most typical economic consequences of the economic and/or financial

crises were a decline in investments and output caused by restricted credit activity,

increased unemployment, income inequality and social exclusion. It can be concluded

from many research studies assessing the economic effects of crises that countries with

a sufficient fiscal space, strong institutional capacities and a stable financial system

exhibit substantially smaller economic losses (see, e.g., Chen et al. (2019); Guerrón-

Quintana and Zhong (2017)).

The economics of the Covid-19 pandemic to some extent resembles the economic

development during war periods (see, e.g., Nicola et al. (2020)) - the longer and more

severe the war the worse the economic performance and the faster the economic growth

in the post-war period (see, e.g., Koubi (2005)). Another characteristic feature of wars

is that they often lead to temporary resource misallocation toward military-based in-

dustries (see, e.g., Khan (2015)).

Economic crises and war episodes have also severe social consequences. Although

the consequences may vary across events, the most noticeable negative consequences on

the human’s health condition include an increased mortality rate, suicide rate, depres-
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sion, anxiety, smoking, alcohol use and drug use, among others (see, e.g., Baumbach

and Gulis (2014); Kesternich et al. (2014)). Other negative social consequences include

increasing domestic violence and an increased divorce rate.

It is possible to find analogies between the social and economic effects of the

above discussed events and the currently ongoing Covid-19 pandemics. One of the

effects is a temporary resource misallocation - information technology and health care

sectors experienced a rapid expansion whereas tourism, gastronomy, and other sectors

faced a deep recession. Another effect is a temporary supply chains disruption which,

altogether with economic recovery of the global economy, accelerates inflation world

wide. Depending on a duration of the Covid-19 pandemic, we may expect both short-

term and long-term social consequences.

Keeping in mind negative social-economic impacts of economic crises/recessions

and the fact that standard macroeconomic modelling tools fail completely in times of

downturns, it is inevitable to focus on developing new types of (structural) models for

forecasting and simulations which can help in conducting better economic and social

policy.1

The remainder of the paper is organized as follows. Section 2 reviews the recent

improvements in forecasting economic variables in times of downturns. Section 3 details

how cross-country OECD data can be used in forecasting economic variables in practice.

Section 4 presents the results of the proposed forecasting method applied to Slovak real

GDP growth in the Covid-19 period. Section 5 summarizes and concludes.

1There are not many studies discussing the economic implications of the Covid19 pandemic in

Slovakia. For example, Mit’ková and Mlynarovič (2021) analyzed the effectiveness of the government

support on different economic sectors using a CGE model. They showed that the sector of recreations,

which needed the biggest support, had the greatest potential to deliver the highest returns among all

the 57 sectors under consideration.
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2 Literature Review

As a remedy to simple linear forecasting models which are incapable to capture sudden

changes observed in the behaviour of economic time series in times of downturns, many

regime-switching (e.g. MSAR, SETAR, TAR, STAR) models have been proposed for

modelling and forecasting in the literature.2 Despite dramatic improvements in recent

years, the main disadvantage of standard parametric regime-switching models is that

they require a large number observations (more than 400) to get (almost) unbiased pa-

rameter estimates (see, e.g., Psaradakis and Sola (1998), Kapetanios (2000)); something

which significantly limit their use in applied macroeconomics.

To overcome this problem (and some others), new strands of models are currently

being developed for forecasting purposes in econometrics. One strand consists of non-

parametric models that are flexible enough to approximate the nonlinear behavour in

economic time series. For example, Guerrón-Quintana and Zhong (2017) use clustering

techniques to identify similar economic periods, which are then fed to standard ARMA

models. The forecasting approach is a form of an error-correction model where the

ARMA forecasts are corrected for historical errors realized in the matched data blocks.

Dendramis et al. (2020) proposed another similarity based forecasting method. Their

approach is based on a more general kernel-based weighting function taking into account

all possible historical data clusters. As in the case of standard parametric regime- swit-

ching models, even these models, yet very promising, are of the limited use for Slovakia

due to an insufficient number of observations of the key macroeconomic series. Another

strand of the literature consists of large-scale factor models. For example, Lyu et al.

(2021) construct a cross-country dynamic factor model for the U.S. economy. They show

that using the cross-country factor models improve the accuracy of forecasts especially

in times of economic downturns but are less useful in normal times.

We seek a simple switching-like model combining linear autoregressive models but

being flexible enough to approximate sudden changes observed in economic time series

2The interested reader is referred to Terasvirta et al. (2010) for a comprehensive treatment.
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in downturn periods. We do so by extracting the missing information about economic

downturns from real GDP growth rate series of OECD countries over a long time

period. Our approach is in spirit similar to Lyu et al. (2021), using the modelling frame-

work based on cross-country data, but is less data demanding and less computationally

intensive.

3 Data

Our dataset consists of 5837 real GDP observations (in the year-on-year form) from

29 OECD countries spanning the period from 1961 Q1 to 2019 Q4. All time series are

seasonally adjusted.

A list of countries is as follows (including a 3-letter country code): Australia

(AUS), Austria (AUT), Belgium (BEL), Canada (CAN), Czech Republic (CZE), De-

nmark (DNK), Germany (DEU), Spain (ESP), Estonia (EST), Finland (FIN), France

(FRA), Great Britain (GBR), Hungary (HUN), Switzerland (CHE), Israel (ISR), Ire-

land (IRL), Italy (ITA), Japan (JPN), Lithuania (LTU), Latvia (LVA), Luxemburg

(LUX), Netherlands (NLD), Norway (NOR), Poland (POL), Portugal (PRT), Slovenia

(SVN), Sweden (SWE), United States (USA), and Slovakia (SVK). The data can be

downloaded the FSEV website (SELVID).

3.1 Transformation

Since a real GDP growth series in each OECD country has different stochastic proper-

ties (e.g. an unconditional mean and a variance), each series needs to be transformed

to resemble stochastic features of the Slovak real GDP growth series. In the first step,

GDP growth series for all OECD countries (excluding Slovakia) are studentized in order

to have zero mean and unit variance. Then, in the second step, the studentized series is

adjusted for a sample mean and a standard deviation calculated from the Slovak real

GDP growth series. The effect of this data transformation is illustrated on the Austrian
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real GDP series. Both adjusted (red line) and unadjusted (blue line) real GDP growth

series altogether with the Slovak real GDP series (black line) are depicted in Figure 1.

Obrázek 1: Real GDP Growth in Selected Countries
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3.2 Recession-Recovery Data

We collect data from “recession” and “recovery” periods across OECD countries in or-

der to substitute “missing” data of this kind in Slovakia. In our setup, a recession is

defined as negative growth of real GDP for at least 2 consecutive quarters. Since the

policy-relevant forecast horizon in many institutions (including, for example, the Slovak

National Bank) is around two years, we restrict our attention to the recession-recovery

path during eight consecutive quarters. We also take into account the initial observation

preceding a recession in each case. So, each country-based recession-recovery path re-

presents a nine-quarter window consisting of a starting value, recession observations

and recovery observations.

From our dataset, we identified 92 recession-recovery paths across OECD countries

(recall that each recession-recovery path constitutes of 9 observations). Each recession-
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recovery path is denoted as ψi,T+h, where i = 1, . . . , 92 and h = 0, . . . , 8. For analytical

reasons, a subset of only 28 recession-recovery paths related to the Great Recession pe-

riod in 2007-2009 is also considered. For illustrative purposes, the Austrian (red line),

Slovak (black line), and Czech (blue line) recession-recovery paths, calculated from the

Great Recession period, are depicted in Figure 2.

Obrázek 2: Recession-Recovery Paths

Forecast horizon
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3.3 Weights

A key step in calculating the so called average recession-recovery (RR) curve is to ag-

gregate country-based RR paths efficiently. Since each OECD country is clearly of the

different importance for Slovakia, we experimented with four weight schemes. The wei-

ght schemes are described, only for expositional simplicity, on a subset of 28 recession-

recovery paths obtained from the Great Recession period in 2007-2009.

The weight schemes are as follows:
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Average weights (denoted as Weight A) - the average RR curve is calculated as a

sample average of individual recession-recovery paths across OECD countries

ψA
T+h =

1

28

28∑
i=1

ψi,T+h, (1)

where ψi,T+h stands for the i-th country recession-recovery path at horizon T + h.

Export weights (denoted as Weight X) - the individual recession-recovery paths are

weighted according to average export shares of Slovakia to selected OECD countries

over the period 1996 - 2019

ψX
T+h =

28∑
i=1

wX
i ψi,T+h, (2)

where
∑28

i=1w
X
i = 1.

Economic weights (denoted as Weight E) - each OECD country is compared to

Slovakia and the index of similarity is calculated. Four economic variables are considered

when calculating the similarity index: real GDP growth, nominal export as a percentage

of nominal GDP, unemployment rate, public debt as a percentage of nominal GDP.

Annual data from 1996 - 2019 are used (if data available)

ψE
T+h =

28∑
i=1

wE
i ψi,T+h, (3)

where
∑28

i=1w
E
i = 1.

Double weights (denoted as Weight D) - in this case, both export- and economic-

weights are combined to generate a new set of weights

ψD
T+h =

28∑
i=1

wD
i ψi,T+h, (4)
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where wD
i =

wE
i ∗ wX

i∑28
i=1w

E
i ∗ wX

i

.

Details about how the weigts are calulated (e.g. a metric used to calculate the

similarity index for economic weights) can be found in the matlab file weights.m and

the excel file weights.xlsx. It is also worth remarking here that some weight schemes

(e.g. Weight A) can be used for the full sample of 29 OECD countries including Slovakia.

The weight profiles for individual OECD countries (excluding Slovakia) are depic-

ted in Figure 3. It can be concluded from the figure that, apart from only several the

most important business partners (e.g. CZE, DEU, POL, HUN), weights are often less

than 0.05 (and thus not very different from 1/28
.
= 0.036). This fact clearly suggests

that average weights (Weight A) might be preferred in practice.
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Obrázek 3: Country Weights
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3.4 Average Recession-Recovery Curve

We start by calculating the average recession-recovery curve for a sub-sample of only 28

OECD countries (excluding Slovakia) from the Great Recession period. The resulting

recession-recovery curves, normalized to have zero starting value at time T + 0, is

depicted in Figure 4. A range (shaded area), a difference between a maximum and

minimum individual recession-recovery paths, is presented as well. The range is used as

a simple measure of data uncertainty.

It can be concluded from the figure that different weight profiles have only a neg-

ligible effect on the average recession-recovery curves. As a result, we have decided to

work with the average weights (i.e. Weight A) in the rest of the paper.

The following stylized facts can be concluded from the average recession-recovery curves:

• An economic recovery starts after 6 quarters in average.

• A maximal decline about 7 % (5 %) in small (full) sample is reached in T + 3

period.

• The individual recession-recovery curves are highly heterogenous - a corresponding

range takes up to 20 percentage points!
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Obrázek 4: Average Recession-Recovery Curves

(a) Great Recession Sample (28 paths)

(b) Full Sample (92 paths)
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4 Forecasting Covid-19 Recession in Slovakia

4.1 Forecasting Model

As already mentioned earlier, standard linear autoregressive models perform very well

in normal times and their forecasts are hard to beat in practice. However, these models

forecast very poorly in times of downturns. Non-linear models are much more flexible

and, thus, perform much better in times of downturns, but they are computationally

demanding and require a large number of observations (among other things). This fact

clearly disqualifies the use of non-linear models for forecasting key economic variables

in Slovakia (and in many other European countries). The basic idea of our approach is

to combine both linear and regime-switching models in a different, yet feasible, way - a

simple autoregressive model of order 1 model is assigned to forecasting in normal times

(state 1) and recession-recovery curve is assigned to forecasting in times of downturns

(state 0).3 It is important to point out that switching between two regimes can be either

exogenous (e.g. Covid-19 period) or endogenous (e.g. Great Recession).

The mechanics of the proposed switching forecasting model can be easily expla-

ined using the one-step and two-step ahead (conditional) forecasts. Let us denote the

observed real GDP growth series as {X1, . . . , XT}, where the last observations XT is

used as a starting value for calculating conditional forecasts. We restrict our attention

to exogenous switching where a value of the switching variable ST is known. In particu-

lar, ST = 1 indicates that a forecasting process starts in normal times, whereas ST = 0

indicates a downturn.4

3The order of an autoregressive model can be determined using the Bayesian information criterion.
4Note that the switching mechanism can be easily endogenized by setting ST = 0 if XT ≤ 0 and

ST = 1 if XT > 0. Any other non-zero threshold may be used as well
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The one-step ahead forecast is calculated as follows:

XT+1|T =

c+ φXT for ST = 1,

ψA
T+1 +XT for ST = 0,

(5)

where c and φ are known (or estimated) AR model parameters and ψA
T+1 is a particular

value of the recession-recovery curve calculated using average weights (Weight A). In

other words, if ST = 1 the one-step ahead forecast of real GDP growth follows an AR(1)

model, whereas if ST = 0 then the conditional forecast is generated from the average

recession-recovery curve. It is also important to point out that even if we start the

forecasting in a downturn regime (i.e. ST = 0) the economy does not have to experience

a downturn (i..e. XT+1|T < 0) provided that XT > ψA
T+1. This fact clearly illustrates

the importance of initial economic conditions for forecasting.

Two-step ahead forecast is calculated as follows:

XT+2|T =

c+ φXT+1|T for XT+1|T > 0,

ψT+2 +XT for XT+1|T ≤ 0.

(6)

Since it makes sense to assume having no prior information about a duration of

recessions/crises, the switching mechanism gets endogenous after the first step.5 The

k-step ahead forecast (k > 2) can be easily generalized from the two-step ahead forecast.

4.2 Empirical Example

As an example, we illustrate the proposed model on forecasting the Slovak real GDP

growth rate with a starting period at time T = 2019Q4 (XT
.
= 2.03). The forecasting

horizon is set to eight quarters covering 2020 Q1 – 2021 Q4. A standard autoregressive

model of order 1 is used as a benchmark for comparison. The forecasting results are

Figure 5. Some comments are in order.

5Of course, the specification of the switching mechanism is flexible and depends on the information

set. For example, we may consider the first two forecasting steps start in a downturn regime.
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First, the AR(1) model forecasts (black dashed line) converge to an unconditional

mean and the forecasted values contain no policy relevant information about the future

economic development in Slovakia during the forecast horizon.

Second, the proposed forecasting model performs much better regardless the data

sample we used for calculating the average recession-recovery curve (“SMALL” indi-

cates that the average recession-recovery curve calculated from the Great Recession

period is used whereas “LARGE” indicates the average recession-recovery curve from

a full sample is used). We find that the proposed switching model matches both a du-

ration and a depth of the Covid-19 downturn reasonably well. According to the Slovak

Statistical Office, the Slovak real GDP declined by 4.4% in 2020 and the proposed mo-

dels predicted a decline between 2.3% and 4.1%.

Obrázek 5: Slovak Real GDP Growth Forecast in 2020 - 2021
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5 Conclusion and Future Research

This paper has considered a new, yet simple, approach for forecasting macroeconomic

and financial variables in times of downturns. The preliminary empirical results clearly

15



indicate that the proposed regime-switching approach outperforms autoregressive mod-

els. Despite the promising results of the proposed forecasting method, some issues are

left for further research. Two possible extensions are, however, worth mentioning.

First, a natural step is to extend the proposed method from a univariate dimension

to a multivariate one and used the method for forecasting a set of key macroeconomic

and financial variables such as real consumption growth, employment growth, nominal

wage growth, money supply growth, inflation, interest rates, stock returns, etc.

Second, using a local projection method it might be possible to adjust individual

recession-recovery paths for particular conditions (e.g. starting values) and for country-

specific features (e.g. a country size). This adjustment may further improve the forecast

performance of the proposed method and also reduce data uncertainty.
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