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Abstract

The assessment of the cyclical position of the economy represents for the monetary policy a crucial aspect
in the decision-making process. Its relevance in this context is given by the characteristics of the indicator
to be a measure of the degree of the inflationary pressures in the economy and to connect real economic
activity and inflation. In this paper, we use a relatively new approach in this research area to estimate the
real-time output gap. The method is based on a multivariate Beveridge-Nelson decomposition with a mixed-
frequency Bayesian VAR that was initially proposed by Morley and Wong (2020) and Berger et al (2023)
and it was customized for Romanian economic characteristics. The data set covers nine monthly indicators,
mostly representative for the real economy, but also for confidence, commodity and financial markets to
which adds the quarterly GDP growth, in real terms. The results highlight the presence of an excess of
demand in the economy, following the rebound of consumption from the Covid-19 pandemic. For the last
quarter of 2022, the estimated value of the output gap is around 3 %.

Keywords: output gap, nowcasting, Beveridge-Nelson decomposition.

Introduction

The output gap is one of the most chased
macroeconomic indicators by the central banks
due to its significant relevance in the process of
monetary policy decisions. The assessment of the
stance of the business cycle and the potential
evidence of an overheating economy is essential to
cease with the upward pressures and to stabilize
inflation. Technically, the output gap is computed
as the difference between the potential level of the
output and the actual one. Hence, the estimation of

this indicator becomes challenging given its
characteristic of being an unobservable
component. Moreover, only the real output can be
observed by the economists but it is published
quarterly and becomes available with a delay of
more than two months following the end of the
reference period. Providing a reliable approach to
assess this cyclical component of the real economy
is crucial for monetary policy authorities in the
transmission mechanism.
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Estimating the real-time output gap and finding the
“best” measure to describe the degree of slack in
the economy is far more difficult than the classical
decomposition of a time series into stochastic
trend and stationary cycle. To be able to track the
output gap closely within a quarter and after it, we
have to use high-frequency data, an aspect that
could induce more uncertainty due to incomplete
observations for the recent past (‘ragged edge
problem’, see Wallis (1986)), publication lags and
data revisions. Thus, it becomes difficult for
monetary policy to assess the cyclical position of
the economy and to make rapid and timely
appropriate interventions, especially in periods
marked by unexpected demand and supply shocks,
sudden regime changes in the economy, energy
crises, such as the ones that appeared immediately
after the COVID-19 pandemic or the war in
Ukraine.

In this paper, we follow the approach proposed by
Morley and Wong (2020) and Berger et al (2023)
to estimate the real-time output gap. We
accommodate the data set for Romanian
characteristics and perform the assessment over
the period 2003-2022. The model incorporates
time series representative for a small open
economy, most commonly used in the literature (in
the absence of real-time GDP data) such as
industrial production, turnover in retail trade and
services, 3-month interest rate, consumer
sentiment index and financial data. The importance
of the output gap derives from the monetary policy
authority’s objective of maintaining price stability.
The Romanian economy was recently hit by the
multitude of shocks associated with the COVID-19
pandemic outbreak and the vulnerabilities induced
by the different variants of the coronavirus. Under
these circumstances, the macroeconomic outlook
becomes difficult to predict. The household’s
consumption significantly decreases despite the
implementation of social measures, while gross
fixed capital formation posted positive average
annual dynamics in 2020 as a whole. In 2021 and
2022, the fast-paced recovery was affected by the
rise in energy prices, the surge in inflation,
bottlenecks in global value chains and the war in
Ukraine. Thus, the assessment of the cyclical
position of the economy becomes more complex
given the fact that the context is very uncertain and
the data for real GDP was recently subject to
multiple revisions from the National Institute of
Statistics. The method used in this paper proved to
be highly correlated with a simple univariate filter,

while capturing a large negative output gap
immediately after the outbreak of the Covid-19
pandemic and the strong rebound afterward. The
trajectory in recent periods and the overheating of
the economy may be also associated with
persistent inflationary pressures in the economy.

Starting from the fact that the output gap is not
directly observable in the literature, the proposed
methods to assess this indicator rely on linear
univariate filtering techniques. One of the most
widely used is the basic Hodrick-Prescott (HP)
filter (1997) which decomposes a time series into a
cyclical component (gap) and a permanent one
(trend) by minimizing the deviation of the
observable from the trend as well as the curvature
of the estimated trend. The trade-off between these
two goals is given by a smoothing calibrated
parameter. However, despite its prevalence, the
criticism (see among others, Hamilton (2018))
shows that HP filter is not adequate for extracting
the cyclical component of the real GDP from several
reasons. This is a purely statistical method that it
may induce spurious dynamics while it is not
designed to capture the theoretical features of the
underlying data-generating process. Moreover, it
suffers from “end-of-sample” problems, meaning
that the filtered values at the end of the sample are
subject to revisions as the sample is extended with
recent data. Moreover, Morley and Wong (2020)
mention that using univariate models like filtration
methods based only on a single variable which is
decomposed in trend and cycle components
requests for incorporating additional information
outside the model to be corroborated with the
results.

As discussed in detail in Woodford and Walsh
(2006), for policy commitment, not only the price
stability should matter, but also a stabilization in
the “output gap” is justified. Therefore, other
common techniques that were developed in
estimating output gap have focused on
multivariate filters. These add some economic
structure through theoretical relationships such as
Philips curve or Okun’s law and produce more
reliable estimates than univariate techniques.
Among them, we find the multivariate HP filter
proposed by Laxton and Tetlow (1992), Beveridge
and Nelson (1981) or Benes et al (2010). The last
above mentioned represent a milestone in the
literature related to the estimation of the potential
output and the output gap by incorporating in a
small model a set of relationships between actual
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and potential GDP, unemployment, core inflation
and capacity in utilization in the manufacturing
sector. Furthermore, the multivariate filter of
Benes et al (2010) can deal with revisions of
current estimates for the output gap as new
information is incorporated in the data set.
Afterwards, this approach was developed by
Blagrave et al (2015), Alichi (2015) or Alichi et al
(2017).

An extension of the class of univariate and
multivariate filters for estimating the unobserved
states of the economy is denoted by the
unobserved component model (UCM) proposed by
Harvey (1989). The model uses a multivariate set-
up that relies on a state-space representation with
an embedded production function, where the
Kalman filter and smoother can be applied for
state-space representation. This framework
accounts for joint identification of trends and gaps
in a single system of equations having a rich
economic structure. In other words, this approach
uses inter-dependencies not only across cyclical
components but also across stochastic trends (see
Téth, 2021; Radovan, 2021). The Bayesian
methods used for estimation help to overcome
identification problems given the conditional
posterior distribution obtained through a mixture
between prior beliefs and the information in the
data.

However, these unobservable estimates
representative for the state of the economy are
surrounded by a high degree of uncertainty and are
subject to revisions as new data from national
accounts become available. Regarding the data
revisions’ problem, Orphanides and van Norden
(2002) mention that historical data revisions may
not be the main source for revision of the estimates,
but rather they can happen due to pervasive
unreliability of end-of-sample values. Moreover,
sometimes changes in estimates that are derived
from data revisions can be desirable as the new
information reflects more properly the economic
conditions. However, the UCM appears to have
good revision properties and reasonable
forecasting performance in terms of output gap
due to the Kalman smoother algorithm (T6th,
2021).

As for uncertainty, the main sources can be
classified as i) filter uncertainty reflected by the
nature of the underlying process of the
unobservable states; ii) parameter uncertainty
inherent in econometric models given the fact that

the parameters of the state-space representation
are unknown and need to be estimated; iii) model
uncertainty which is a potential misspecification
given the fact that models are an approximation of
the reality and are based on a set of assumptions.
Taking into consideration all of these concerns,
Bayesian methods may provide a straightforward
method to quantify the modeling uncertainty and
mitigate it.

New-Keynesian models as DSGE received great
interest in recent years among technical methods
to estimate the output gap and the potential output.
The structure of these models is based on
microeconomic foundations, providing from a
theoretical point of view a much more rigorous
method. Agents usually form rational expectations
and maximize their objective function subject to
some economic constraints. Moreover, these
models are derived from optimal monetary policy
theory and the results have a quantitative and
structural interpretation of macroeconomic
dynamics (see among others, Veltov et al 2011;
Primiceri and Justiniano, 2009, Juillard et al, 2006).

Therefore, we find a vast methodology to estimate
the output gap based on the historical data set. But
there were little pieces of evidence when it comes
to real-time estimate or nowcasting of the output
gap. Several methods based on mixed-frequency
analysis were implemented to nowcast the real
GDP. Burlon and D’Imperio (2020) present a
model-based measure having real-time DSGE
estimates for the output gap, which is stable in time
and less prone to ex-post revisions. A recently
pseudo-real time analysis to estimate the euro area
output gap through Beveridge-Nelson
decomposition based on a large Bayesian vector
autoregression is described by Morley et al (2022).
This exercise that is very similar to Berget et al
(2023) is conducted to address features associated
with COVID-19 pandemic with the help of
multivariate information coming from the
unemployment rate or hours worked. Even if the
evaluation sample is short, the model seems to
perform well compared to the classical HP filter.

The rest of the paper is organised as follows.
Section 2 describes the methodological approach
that we use to conduct this analysis. In the next
section, we present the data set and the results
from the multivariate decomposition methods and
the last section concludes the paper.
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The Model

The approach proposed in this paper is based on
the Beveridge-Nelson decomposition with a mixed-
frequency Bayesian VAR described as in Berger et
al (2023) and Morley and Wong (2020). According
to Beverigde and Nelson (1981), any non-
stationary time series can be decomposed into
permanent and transitory components. On the one
hand, the permanent component 7, follows a

random walk with drift and it is defined by the
difference between the long-run conditional
expectations minus any deterministic future
movements in time series. On the other hand, the
transitory or the cyclical component c; is defined as
the difference by the actual value and the
permanent component.

(1)

Ty = ’111_{2) E¢[yesn —h-ul

Cc =Vt~ Tt

The vector process Y; includes all observed
variables to estimate the trend component from eq.
(1) and then to calculate cyclical component from

Ye =AY+ AV o+ AV p + &

The mixed-frequency structure (MF-VAR) includes
variables observed at monthly and quarterly

(2)

eq. (2), is assumed to have a vector autoregressive
structure with p lags VAR (p) at quarterly
frequency:

(3)
&~N(0,%)

where y; is the mean of the j* monthly variable.
Correspondently, for GDP growth we also denote

frequencies and the specification is described as in
Ghysels (2016) and McCracken et al (2020). We
define m;,_,, the j variable observed in the If we collect all the monthly variables observed at

quarter tbut at monthly frequency, wherev = the same v moment, in a vector m,_,,,, then we

{lf' 1}. The demeaned correspondent of the time can stack all the observed variables in the vector Y;

the relation Ay, = Ay, — ppy-

3'3° 7 ~ as follows
series is denoted as i, 14y = Mjt14y — Uj,
Mi_1+1/3 (4)
Y, = Mi_1+2/3
t — mt
Ay,

For example, if we consider 2022Q4 and its previous quarter, then Y; is represented by

Moct2022
Myov2022
Mpec2022
AY302204

Y2022Q4 =

For X, = [V, Y/_4, .. Yi_p | we can define the companion form of VAR (1) model
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(5)

X, = FX,_q +u,

Where X; is a vector of demeaned variables, F is the
companion matrix, and u; are residuals, linked to
forecast errors through expression u; = He;. The
nowcasting problem that has to be addressed is

related to how we can estimate c; given partial
knowledge about X,. Therefore, the cyclical
component of y; (real GDP) can be calculated as
follows

(6)

Ct = _SkF(I - F)_lXt

Where s, is a vector having 1 at its kth element
(supposed to be included as real GDP growth Ay,)
and zero otherwise.

The Bayesian estimation procedure is based on
Morley and Wong (2020). The method uses a
natural conjugate prior with a standard Minnesota

E[a/*]=0
2

l_zﬁ
12 ¢?

e
2 427
12 o

var[alj’k | =

We set the parameter 4, representative for the
degree of shrinkage in the BVAR, following Morley
and Wong (2020) through numerical method by
optimizing the one-step-ahead out of sample
forecast for the output growth. If 4 = 0, the
variables from the model are independent white
noise processes, while for positive values of A, the
posterior will converge asymptotically to the
population parameters. In this paper, we set the 4
parameter to optimize the one-step-ahead out-of-

structure for implementing shrinkage in a Bayesian
VAR model. We set the prior means and variances
of the slope coefficient alj’k of the It lag of variable
k in the jt equation of the VAR model in equation

(3).

if j=k 7

otherwise

sample forecast of output growth so as to not
overfit output growth with the model.

The nowecasting structure implies finding an
estimate for ¢, within the quarter having only
partial information about the X;. Hence, this is the
case of calculating conditional expectations as data
are sequentially released intra-quarter using the
Waggoner and Zha (1999) approach. Using
equations (5) and (6), we can define the Beveridge-
Nelson cycle component at T+1 as follows:

Cre1 = —spF (I — F)_I[FXt +u | (8)

According to Berger et al (2023), this estimated
measure of the output gap is not characterized as a
high frequency measure, but rather describes how
much the flow of the production is below or above
the potential. Given the fact that throughout the
quarter monthly indicators are released, the
nowcast for the output gap can be updated taking

into consideration new data set, equivalent to
calculating ¢r41j741/3-

Let w € (0,1) be a fraction of the time interval in
which all the data corresponding to a reference
quarter become available. Thus, following Berger
etal (2023), the nowcast for the output gap is

Crevr+e = —SkF(I = F) ' FX, + Herpqprie 9)
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Data set and Results

To perform this analysis, we use a data set
consisting of nine monthly data series
representative of the cyclical position of the
Romanian economy to which adds the quarterly
real GDP growth. The motivation for the choice of
these indicators is that they cover the real
economy, financial market, commodity market and
confidence indicators, important areas to assess
the degree of slack of the economy. The data series
cover the sample period of October 2007 to
December 2022 and include the global financial
crisis and the pandemic. Thus, we use the monthly
growth of industrial production, as well as the
manufacturing index, retail sales, monthly headline
inflation (calculated from the Consumer Price
Index) and unemployment rate, which are
available on the National Institute of Statistics’
releases. The level of the 3-month ROBOR interest
rate is collected from the National Bank of
Romania, monthly growth of the Baltic Dry Index is
calculated using data from Bloomberg database,
the BET index is available on Bucharest Stock
Exchange platform and Directorate General
produces the Economic Sentiment Indicator for

ROBOR Industrial production (%)

10
10
15
0 0
10 -10 -10

Economic and Financial Affairs (DG ECFIN). The
evolutions of the time series are plotted in Fig 1.

The time interval covers both tranquil periods and
volatile periods marked by a multitude of shocks,
respectively. After the global financial crisis, which
produced significant disturbances in the real
economy, investors’ confidence and in the financial
market, the picture started to outline a relative
stability in the dynamics of the indicators.
However, this low-volatility period lasted until the
beginning of 2020, when the unprecedented
COVID-19 pandemic significantly depressed
economic activity. We assisted to a drop in
industrial  production, retail sales, and
manufacturing sector along with a decrease in
economic sentiment. Due to the authorities’
supporting schemes, the unemployment rate has
maintained to levels lower than during the global
financial crisis. After that, 2021 was the year of a
gradual easing of the restrictions, and in
consequence of a strong rebound, which caused
bottlenecks in global supply value chains.
Moreover, after the recovery of economic activity
and demand recovery, inflation has surged to very
high levels in many economies, including Romania.

Manufacturing (%)
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Fig 1. The evolution of data series in the period October 2007 - December 2022

Source: Eurostat, National Institute of Statistics, National Bank of Romania, Bloomberg, author’s calculations

Table 1 presents the correlation coefficients
between within-quarter nowcasts and the final
estimate for the output gap and output growth. At

the beginning of the quarter, having no information
from monthly data, the correlation coefficient is
higher than 80 %. The indicator increases as new
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data related to the reference quarter become
available.

Table 1. Correlation of nowcasts with output gap and output growth

Within-quarter information Output gap Output growth
None 0.86937 0.84701
First month 0.93897 0.94123
Second month 0.96407 0.95981
Third month 1.0000 0.97352

Source: author’s calculations

To compare the changes in predictive accuracy for
data release in each month of the quarter, we
compute the Diebold and Mariano (1995) test,
whose p-values are reported in Table 2. According
to this, the variables appear to have relatively little
impact in improving the nowcast for the output
gap. However, a few indicators may improve the
reliability of the nowcast in the last month of the

quarter, such as industrial production, Baltic Dry
and BET indices, all being significantata 5 % level.
The result of an apparent noninformative CPI
inflation for nowcasting the output gap through a
multivariate trend-cycle decomposition is close to
Berger et al (2023). According to it, this result does
not exclude the relationship between the output
gap and inflation consistent with the Philips curve.

Table 2. Diebold - Mariano test (p-values)

Indicator First month Second month Third month
3-month ROBOR (level) 0.1203 0.3280 0.3170
Industrial production 0.3794 0.2635 0.0010
(%)

Manufacturing 0.5777 0.2365 0.1226
Retail sales (%) 0.1864 0.2000 0.8322
Monthly CPI inflation 0.1420 0.8424 0.4783
Unemployment rate 0.5377 0.2314 0.5667
Economic sentiment 0.3919 0.6056 0.1292
Baltic Dry Index (%) 0.9832 0.6356 0.0201
BET index (%) 0.2860 0.4320 0.0026

Source: author’s calculations

Even though there is little evidence related to the
improvements of the final estimate for the output
gap, the mean absolute errors between the within-
quarter nowcast and the final estimate of the
output gap is reduced by almost a half, as in Fig 2.
The exception is given by the 3-month interest rate
ROBOR whose apparent lack of information is
notable. One possible explanation may be the
lagged transmission mechanism of the interbank
interest rate, a characteristic that was not taken
into consideration in this estimation approach.
However, the interval accommodates two
recessions having different characteristics. On the
one hand, the global financial crisis was driven by
the downturn in the housing market and spread
through linkages in the global financial system,
therefore the financial indicators play a crucial role
in assessing the degree of inflation pressure in the

economy. On the other hand, the nature of the
shocks from the unconventional pandemic crisis
that hit the world at the beginning of 2020 was
completely different. They originate on both the
demand side and the supply side, hampering firms’
productive capacity and consumers’ willingness to
purchase goods. Thus, it was difficult to identify
them, especially when the nature of shocks has
been blurred by the authorities’ measures as a
response to the pandemic.

In Fig 3, we display the mean absolute errors after
splitting the data set in two equal parts. Given the
heightened uncertainty related to the evolution of
the COVID-19 pandemic, and the economic events
that followed after that (e.g., supply bottlenecks,
energy crisis, war in Ukraine), the average
percentage point deviation from the final estimate

Georgiana Plesa, Journal of Eastern Europe Research in Business and Economics,

https://doi.org/10.5171/2023.751501



Journal of Eastern Europe Research in Business and Economics

is higher in the second half of the interval than in
the first one. Hence, having little information about
the economy at the beginning of the quarter, the

forecast errors are higher than 0,6 percentage
points. Nevertheless, as we expected, the pattern of
the decreasing indicator is maintained.
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Source: author’s calculationsIn Table 3, we display
the within-quarter estimates for Q4 2022 for the
output gap and the output growth. We track the
evolution of the indicators from the beginning of
the quarter, when given no real-time information,
the output gap is assessed at around 2,3%.
Afterward, in the first two months of the quarter,
the favorable dynamics of the indicators
(especially economic sentiment and industrial
production) appear to increase the level of excess
demand in the economy to 4,4%. After the data

releases from December, the indicator corrected
with real activity indicators dynamics, confidence
and financial indicators to a final estimate of
around 3,3%. However, the inflation rate still
produces the inflationary pressures, given the fact
that new data release increases the estimate for
both output gap and output growth. Ex-post, it
should be noted that according to the release of the
provisional data 1 from the National Institute of
Statistics on March 8th, the GDP in Q4 2022 was, in
real terms, by 1% higher than the previous quarter.

Table 3. Nowcast for the output gap and the output growth within the last quarter of 2022

Within quarter information | Output gap (%) Output growth (%)
None 2.2913 0.5768
October 4.2797 1.6716
November 4.3846 1.5510
December 3-month ROBOR (level) 4.0486 1.0419
Industrial production (%) 3.8903 1.1017
Manufacturing (%) 3.8644 1.1159
Retail sales (%) 3.8809 1.1284
Monthly CPI inflation 4.1300 1.2484
Unemployment rate 4.0262 1.4207
Economic sentiment 3.9936 1.4867
Baltic Dry index (%) 2.6261 1.3156
BET index (%) 3.3250 1.2456
Final value 3.3252 1.2256

Source: author’s calculations

= MF-BVAR output gap
-8+ |===HP filter output gap

-10

2008 2010 2012 2014

2016 2018 2020 2022

Fig 4. The evolution of the output gap (multivariate BN decomposition versus HP filter)

Source: author’s calculations
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For robustness check, we display the historical
evolution of the output gap through the
multivariate Beveridge-Nelson decomposition
relative to the output gap estimated from a simple
Hodrick-Prescott (HP) filter, which is the widely
used method to decompose real GDP into trend and
cycle components. The measure described in this
paper is highly correlated with the benchmark HP
filter, with a coefficient of 0.63. However, for a
better validation of the accuracy of the method, it
might be useful to use other advanced filtering
techniques that incorporate linkages between
variables such as Kalman filter, but this aspect
remains for further research.

Conclusions

Given multiple adverse shocks that hit economies
from all over the world in recent periods and
substantially increased uncertainty, we make an
empirical exercise to estimate the Romanian
output gap in real time. The Romanian real GDP
was recently subject to data revisions that hinder
the assessment of this indicator by using
conventional filtering techniques. Therefore, this
method is reliable for the scope of this analysis and
captures the characteristics of the economy.
Specifically, after the stability path that followed
the global financial crisis, the output gap entered in
negative territory immediately after the burst of
the pandemic and returned later to its positive
values associated with inflationary pressures and
an excess of demand. After recovery from the
adverse effects of the pandemic shock, given that
all monthly variables are available, the estimated
value for the output gap in the last quarter of 2022
is around 3%. Hence, the indicator continues to
indicate signals for an overheating economy and
persistent inflationary pressures.
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