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Synchronization and similarity between regional and sectoral
output gaps in the Polish manufacturing industry

Mirostaw Blazej', Mariusz Gorajski’, Magdalena Ulrichs’

Abstract

The notion of the output gap is crucial in understanding underlying economic trends. The
macroeconomic stabilization policy can only be effective for all sectors or regions of the
economy if regional or sectoral output gaps are sufficiently coherent. This study proposes
a new microeconometric model to calculate regional and sectoral output gaps in Poland's
manufacturing industry over the period 2009-2020. The model is estimated using official
data sources, which include capacity utilization from business tendency surveys and annual
enterprise activity reports. To address potential endogeneity issues, the estimation employs
control function methods. We assess the synchronization and similarity of the sectoral and
regional output gaps in Poland's manufacturing industry. We also analyze the impact of the
COVID-19 pandemic on the coherence of regional and sectoral output gaps.

Key words: output gap coherence, capacity utilization, control function method, sectoral
and regional output gaps, COVID-19.

1. Introduction

Understanding underlying economic trends requires recognizing the potential
outputs and output gaps for the whole economy and regional and sectoral levels. These
measures of the business cycle have become indispensable instruments for assessing the
cyclical position and productive capacity of a sector, region, or the whole economy.
Potential output measures the ability of the economy, sector, or region to generate long-
term, non-inflationary growth. At the same time, the output gap indicates the degree of
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overheating or slack compared to the potential output (Havik et al. 2014; Blondeau et
al. 2021). A negative output gap may indicate a recession or the early stages of recovery,
whereas a positive output gap suggests a period of economic overheating. The macro-
economic literature emphasizes the output gap as a primary indicator of inflationary
pressures in the Phillips curves and a valid fiscal and monetary policy rule response
variable (Woodford 2003; Walsh 2010; Gali 2009). Despite its importance in monetary
and fiscal policy, there has yet to be an agreement on the methodology for estimating
and assessing unobservable potential production at sectoral or regional levels
(Orphanides and van Norden 2002; Odor and Jurasekova Kucserova 2014; Blagrave et
al. 2015; Edge and Rudd, 2016; Alvarez and Gémez-Loscos 2018; Quast and Wolters
2020; Pu et al. 2023).

In this study, using microdata from the manufacturing industry in Poland, we esti-
mate microdata-based regional and sectoral output gaps and calculate their coherence
with several overall output gap measures in Poland. The standard macroeconomic
policy is only optimal for all economic sectors or regions if the regional or sectoral
output gaps are sufficiently coherent. When we experience low values of similarity and
synchronization between industries and regions in terms of a measure of business
activity, we should adjust the sector- or region-specific structural policy. However,
measurements of output gaps at regional or sectoral levels and assessments of their
coherence still need to be made available. Peykov (2021), using the Hodrick Prescot
filter, identified the sectors that determine the cyclical state of the Bulgarian economy
over the period 2000-2019. The author found the contribution and correlations of
individual sector output gaps to the overall economic output gap. The new output gap
coherence measures have been proposed by Mink et al. (2012) and de Haan et al. (2023)
and applied to examine whether the standard monetary policy is equally optimal for all
countries in the Euro area. The authors proposed the synchronization and similarity
measures between output gaps that take differences in the signs and amplitudes of the
output gaps more adequately into account than the correlation coefficient. These
measures are also used in Jokubaitis and Celov (2023) to analyze the EU's sectoral and
regional business cycle synchronization.

This study employs a novel micro-econometric model to estimate sectoral and
regional output gaps based on business tendency surveys and annual enterprise activity
reports. We apply this approach to Poland's manufacturing industry using survey
microdata that involves the firm's subjective judgment on their productive capacity
(Statistics Poland 2023) and firm-level data from reports on enterprises' activities
(Statistics Poland 2019) to estimate microdata-based output gap measures. However,
we are distinguishing two separate stages in the estimation procedure. We use the firm-
level data from annual enterprise activity reports in the first stage. We apply the Olley
and Pakes (1996) model with Ackerberg et al. (2015) correction to estimate the sectoral
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production functions and determine individual enterprises' total factor productivity
(TEP). There are only several studies that estimate production function for the Polish
economy using firm-level data (see Gosinska et al. 2024, Goérajski and Blazej 2020;
Hagemejer and Kolasa 2011 and references therein). The second stage of our approach
describes the relationship between firm-level TFP and capacity utilization that
decomposes firm-level unadjusted TFP indices into business cycle components and
technology levels. We estimate this equation using a dynamic panel data model based
on data from the business tendency surveys (Kripfganz 2020). Next, we calculate the
potential values of all inputs by extracting statistical trends from firm-level data and use
them in production functions to construct aggregate indices of potential outputs and
output gaps. We measure the enterprise's potential levels of capacity utilization, labor,
and capital by their trend component obtained by applying the Hodrick-Prescott
filter. Finally, we employ the synchronization and similarity output gap measures as
in (Mink et al. 2012) to calculate the level of sectoral and regional output gap coherence
for the Polish regions and manufacturing industry sectors. We also confirm the impact
of the COVID-19 pandemic on output gaps in all regions and sectors of the
manufacturing industry in Poland. These new measures of economic activity are
essential for policymakers to adjust macroeconomic policy tools to the characteristics
of a particular industry or region. Comparing regional and sectoral business cycles, we
consider both the sign and the amplitude of the output gap and assess the level of
coherence between the Polish regions and sectors of the manufacturing industry
in Poland. We employ a microdata-based approach to estimate the output gap using
information about an individual firm's level of capacity utilization, a leading indicator
of potential growth. Capacity utilization is a core item in the European Union's
harmonized business tendency survey conducted in several countries. As the results are
typically available before the end of the period, they are a valuable tool for monitoring
the current economic situation, and they contain information unavailable from official
sources. TFP relates to an available technology's labor and capital efficiency levels and
depends on labor and capital capacity utilization rates. We observe that capacity
utilization positively impacts the TFP cycle. Thus, we decompose firm-level unadjusted
TFP indices into business cycle components, represented by capacity utilization rates
and actual technology levels in the sector. The literature has investigated the
relationship between capacity utilization and production (Gradzewicz et al. 2017; Havik
et al. 2014; Planas et al. 2013, Fernald, 2012; Graff and Strum, 2010; Greenwood et al.
1988; Wen, 1998). Moreover, Graff and Strum (2010) considered a regression of
capacity utilization on the output gap for 22 OECD countries to confirm that using
survey data can produce estimates significantly closer to later releases of output gap
estimates.
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In this study, we use Statistics Poland's Business Tendency Surveys (BTS, see Statis-
tics Poland 2023) and Annual Non-Financial Enterprises Survey (ANFES, see Statistics
Poland 2019) data regarding Polish enterprises in the manufacturing industry that
employ at least ten employees, thus excluding micro-enterprises. We measure the total
economic output in the manufacturing industry using the sum of all firm-level gross
value-added.

The remainder of this article is structured as follows: Section 2 describes our
methodology for the estimation of regional and sectoral output gaps and defines the
coherence measures. Section 3 presents the empirical application of this study. Section
4 concludes with a discussion of the further study's opportunities for other applications.

2. Research methods

2.1. Production function, TFP, and capacity utilization

We assume that the gross value-added Y;; for enterprise i in period t is determined
by the Cobb-Douglas function:

Y, = TFP,K 1 e j € 5, (1)
where TFP;; is the unadjusted total factor productivity; L;;, K;; are the quantities of
labor and capital, respectively; and L;; is the number of employees at the end of period
t, e®it is output shock. The variables Y;; and K;; express production and capital values,
respectively, and are not fully observable. Nevertheless, they can be measured by setting
actual real gross value-added and physical capital levels in the enterprise. The
parameters i 5 and f3; ;4 denote the gross value-added elasticities of capital and labor,
respectively, for homogenous groups of firms S standing for the sector of the economy.
Moreover, TFP;; is an autoregressive (Markov) process:
TFP; = A;;g(TFP;_4),i € Sy. (2)
The level of individual technology 4;; used in the production process of sector d is
an unobservable variable that is decomposed into the product of the average
productivity of companies in the given economic region and for a given year e*ra+4td
(where 4, 4 is a regional dummy variable; and A; 4 is a dummy variable for the year)
and the independent white-noise idiosyncratic component e%it. Consequently, we
obtain

A = eMrat Advatsic, (3)

Equations (1) through (3) provide the foundation of our two-stage micro-
econometric model for output gap estimation. Our model differs from the standard
neo-classical specification of the production function by including the exogenous rate
of capacity utilization (Greenwood et al., 1988), among others.



STATISTICS IN TRANSITION new series, June 2025 89

Hereafter, let ;1 ki, and w;; denote the logarithms of variables
Yit, Lit, Kir ,and TF Py, respectively. Then, production equation (1) can be presented
in a log-linear form as

Yie = Wit + Brakic + Bralice- (4)

The productivity coefficient w;, is often interpreted as a state variable in the
company-decision problem, which involves the selection of production factors. We
determine the enterprise's individual TFP by finding the output elasticities in Equation
(4). The firm-level production function in Equation (4) can be estimated using control
function methods, such as Olley and Pakes, (1996) model (OP model) and Levinsohn
and Petrin, (2003) model (LP model), both of which can be enhanced by the correction
made by Ackerberg et al., (2015). Control function methods use different proxy
variables to approximate productivity shocks and estimate a company's probability of
survival in the market. Moreover, the productivity coefficients acknowledge the
Markovian structure. As a result, the OP and LP models produce robust estimates of
output elasticities against the endogeneity of explanatory variables and attrition (Van
Beveren, 2012). As we use the OP model due to data availability restrictions to estimate
the enterprise production function, we assume that company investment expenditures
control for unobserved TFP indices.

Estimating the production equation in the OP model is a two-stage procedure.
In the first stage, we approximate the unobservable productivity shocks using a polyno-
mial function of capital and proxy variables represented by investment outlays. Finally,
we substitute the results from the first step in calculating the production function to
obtain a non-linear regression equation for the gross value-added for the enterprises
that survived in the market. We employ the correction in the control function approach
developed by Ackerberg et al. (2015). These authors prove that labor input may not
vary independent of the productivity approximation function estimated using a low-
order polynomial of capital and proxy variables. To avoid this collinearity problem,
they estimate labor and capital coefficients in the second stage using the generalized
method of moments (GMM) approach.

We built on works by Fernald (2012) and Gradzewicz et al. (2017) to define firm-
level capacity utilization as the aggregated capital and labor utilization rates. While
labor utilization can be measured as the number of hours worked per capita during the
period, capital utilization combines at least two essential dimensions: the number of
hours the plant operates per period and its intensity expended during the period. Many
studies suggest that the capacity utilization rate may be necessary to understand
business cycles (e.g. Greenwood et al., 1988; Wen, 1998; Fernald, 2012; Gradzewicz
et al,, 2017). Using the control function method, Blazej et al. (2025) estimate sector-
specific production functions for the divisions of the manufacturing sector, which
include three inputs: labor, capital, and capacity utilization. Here, we focus on two-

input production functions and assume that capacity utilization is a cyclical component
of TFP.
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We assume similar to Fernald (2012) that unadjusted total factor productivity
TFP;; in (2) is decomposed into a product of lagged firm-level unadjusted productivity
TFP!_,, and cyclical component represented by capacity utilization term Uj, Pu_ Thys,
we approximate the firm-level TFP in (2) by

Wit = At + pabie—1 + Pualic + Sies (5)
where we assume that the firm-level unadjusted total factor productivity coefficient
@y = logTFP,, is derived from the OP model according to Equation (1). The set of
explanatory variables for the unadjusted TFP coefficient includes the capacity
utilization Uy, lagged productivity coefficient @;_;, and a complete set of time
dummies A; for the estimation period. Time dummies reflect trends in TFP, which can
be associated with technological changes.

2.2. Potential variables and output gaps

Similar to the OECD's methodology, we define the company-level capacity
utilization gap as the log difference between a firm's individual capacity utilization and
potential capacity utilization (Chalaux and Guillemette, 2019). The trend component
measures the potential level of capacity utilization UF°T obtained by the Hodrick-
Prescott filter (HP) (Phillips and Shi, 2021). Therefore, the firm-level potential TFP
coefficients are derived from Equation (5) and take the following form:

@POT = Pa®ir—q + /1t + Bu duPOT' (6)

where uf°T = log ULT; ULCT is the HP trend of Uyy; @;;—4 is the lagged productivity
coefficient of company i € Sy, [)A’u‘d; and A, py are parameter estimates of the dynamic
panel data model in Equation (5).

We use the HP filter for every company i to calculate the potential levels of labor
and capital stock LF°T and K97, respectively. In substituting the potential levels of TEP
coefficients (6) and firm-level potential labor and capital stock into the production
function in Equation (4), we obtain the following specifications of firm-level potential
outputs for i € Sy:

yEOTURE = BT + Bk O + Bralf’T (7)
YEOTK = By + BakEPT + Bralic, ®)
VEOTE = By + Brakie + Bralf’T, ©)
vV = @F°" + Brakic + Bualicr (10)

where ﬁk 4 and ﬁ’l 4 are the estimates of output elast1c1t1es in sector d; prtand lmt are
the logs of KF°T and LEPT respectively; and Dip = Pa®ip—q + A + ,Bu,dult is the
theoretical value of firm-level productivity. We extract the unpredictable component
&;; from the output, and consider the theoretical values of the outputs defined by

Vie = 0 + Bk,dkit + Bl,dlit- (11)
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Based on the potential and theoretical output values, we propose the following
definition of the microdata-based output gaps at the sectorial (d) and regional (r) and
the whole industry (S) levels:

£UKL = log Yy, — log YROT UKL s € {S,d, T} (12)
2K =log¥y —logYROTK s € {S,d, 7} (13)
2k =log¥s —logYROTE s € {S,d, 7} (14)
2% =log¥y —logYROTV s € {S,d, 7} (15)

where ¥, = Yiesy Vie , Vor = Yies, Vi, and Y5, = ¥4 Ve = X, ¥y are aggregated firm-

. 5 _ 5 POTj _ POTj \POTj _
level theqretlcal outputs Yis = e”it; and. Yie = 2ies Ve Y =
Yies, YiltJOT] ,and Y;;OTJ =>4 Y;tOTJ =y, YTF;OT] are aggregated firm-level potential

i POT j ) . .
outputs YiI;OT J = eYic " forj = {UKL,U,K, L} Finally, we decompose the microdata-

based output gap XX~ into three main, sectorial, and regional components:
UK = 25 + 25 + =5 +res, (16)
SUKL _ SUKL
xt,S - Zdwt,dxt,d + rest,sectoral (17)
SUKL _ SUKL
xt,S - Z Wt,rxt,r + rest,reginal' (18)
r

where 2%, 2% , and 2% capture capacity utilization, and the effects of capital and labor
gaps on the total output gap, respectively; res;, res; sectorar aNd 7S¢ e gionar reflect the
mixed or interactive effects; and wy 4, w; - are gross value-added-based weights for the
sectoral and regional decomposition of the economy-wide output. Further, we call
2L, 2K, 2L, and 2% the microdata-based output gap, capital-based output gap,

labor-based output gap, and capacity utilization-based output gap, respectively.

2.3. Output gap coherence measures

We assess the level of coherence between the Polish regions and sectors of the
manufacturing industry in Poland by synchronization and similarity measures

proposed in Mink et al. (2012). Denoting the output gap of region or sector i at time t

by 27" and the reference output gap by x;, we calculate synchronicity between

individual region i = r or sector i = d with the whole economy in period ¢ as:
SUKL
Xti Xt

Pit = TvkL_ T
TR x| (19)
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Measure defined by Equation (25) is specified on the [-1,1] scale, where the value
of 1 indicates that output gap i has the same sign as the reference. The overall
synchronicity of all regions or sectors with the reference output gap is defined as ¢, =
%Zi Pit»
where n is the total number of regions or sectors analyzed. This measure is defined on
a [-1+42/n,1] scale, it equals 1 when all output gaps have the same sign as the
reference.

The similarity measure of coherence considers the differences in the amplitudes of
output gaps.

(e
I (20)

The overall similarity of all regions or sectors with the reference output gap is

Yie=1—

defined as y; = %Zi YVits:
This measure is defined on a [2 — n, 1] scale, which equals 1 when all output gaps
are identical.

3. Results

In this section, we calculate novel microdata-based output gaps for the sectors and
regions of the Polish manufacturing industry. The firm-level output gap estimation
uses capacity utilization, labor, physical capital, and production output (gross value
added) data. Data on the gross value-added, capital, and labor originate from the
ANFES (2008-2020), which examines the business activity of Polish enterprises in the
manufacturing industry employing at least ten employees. Enterprise capacity
utilization data is collected from quarterly BTS in Poland. The enterprise's gross value-
added Y is the difference between its global output and intermediate consumption.
Physical capital is defined as the enterprise's average annual fixed assets. The final
measurement for variables Y and K is determined by calculating the enterprise's real
gross value-added and real physical capital at constant average prices from 2015. For
this purpose, we use capital and gross value-added deflators in the two-digit NACE
sectors. As an approximation of capacity utilization, we use a survey-based measure of
answers to the question regarding capacity utilization in each company. The BTS
in Poland's manufacturing sector is conducted based on a monthly questionnaire and
includes additional questions regarding capacity utilization in each company: "What
percentage of your company's total production capacity is currently used?" Essential
characteristic of these survey data is that they are generally not subject to revisions but
become final when the survey is complete. Since the data are final upon survey
completion, output gap estimates based on these data remain stable over time. This
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property of microdata-based output gap contrasts with other macroeconomic
indicators (e.g. GDP), often revised, leading to potential re-evaluations of past output

gaps.

3.1. Production function estimation

We estimate the production functions defined by Equations (1) and (2), where
sectors Sy are defined by NACE Rev. 2 divisions of the manufacturing industry
in Poland (d = 10,11, ...,33) and regional dummy variables 4, ; indicate the region
(r = 1,2, ...16; alphabetical order of voivodeships). The estimations were conducted
separately for each division on a total sample of 199,745 observations for 40,025 firms.

Figure 1 summarizes the production function estimation results for all manufactur-
ing industry divisions. We employ the OP model with time and regional dummies for
each homogenous division. The estimators' standard errors are determined using
a bootstrap procedure.

1,40
1,20
1,00
0,80

0,60
0,40
0,20
0,00

10 11 12 13 14 15 16 17 18 20 21 22 23 24 25 26 27 28 29 30 31 32 33

{3 mBy

Figure 1: Production function estimation (OP model): input elasticities by division

Source: own calculations based on ANFES data (2008-2020). Note: B, and [, denote the gross value-
added elasticities of capital and labor, respectively, for the sectors of the economy defined by NACE Rev.
2 divisions of the Polish manufacturing industry. Numbers 10, 11, ..., 33 indicate the NACE divisions.

In all analyzed regressions, Student's t-tests indicate that labor and capital
statistically significantly impact the companies' gross value-added (all p-values < 0.01).
We observe an increasing return to scale only in the production of beverages (d = 11),
tobacco (d = 12), and pharmaceuticals (d = 21). Figure 18 in Appendix D provides
estimates of the time-effects relative to 2020; in nearly all divisions the growth time
effects on the TFP indices are confirmed. Figure 19 in Appendix D displays the
heterogeneity of the regional impacts on the firm-level TFP.
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The estimated parameters of the production function serve to determine the
company's unadjusted TFP. TFP captures how efficiently firms transform inputs
(e.g. capital and labor) into outputs. TFP is interpreted as part of the firm-level value-
added at the firm level that inputs cannot explain. The TFP estimation based on micro-
level data allows for the inclusion of underlying productivity heterogeneity across
different industries and individual determinants of productivity.

3.2. Capacity utilization and adjusted TFP

This section analyzes the relationship between TFP and capacity utilization of
enterprises in the Polish manufacturing industry. We estimate the influence of capacity
utilization level on TEP. We assume that the firm-level TFP @;, = log TF P, is derived
from the OP model (1). The set of explanatory variables includes capacity utilization
U;¢ and a complete set of time dummies, or A, = 1 for t = 2009, ..., 2020. The model
equation for the enterprises’ TFP is derived from (2) and takes the form of (5). We solve
the problem of regressor endogeneity in (5) by applying the system-generalized method
of moments (sGMM) (Blundell and Bond, 2000), in which instrumental variables were
constructed using the first-difference transformation of the response variable with
collapsing (see Kripfganz, 2020).

Table 1 lists the estimation results of Equation (5) which were obtained by using
the sGMM estimator for all firms in the manufacturing industry.

Table 1: The TFP equation estimation results

Explanatory variable Djr_1 Uiy

Coefficient 0.60%%*  1.24%¢%

t | 2009 | 2010 | 2011 | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020

A, | -3.87 | -3.73 | -3.74 | -3.81 | -3.74 | -3.78 | -3.81 | -3.78 | -3.79 | -3.74 | -3.76 | -3.64

Note: *** p-value < 0.01, ** p-value < 0.05, * p-value < 0.1.

The Arellano-Bond tests confirm the lack of autocorrelation of the error term. We
verify the set of instrumental variables by performing the Sargan-Hansen test of over-
identifying moment restrictions to confirm that the selection of instrumental variables
is correct (p-value > 0.01). The influence of capacity utilization is positive and exceeds
one; all explanatory variables and time effects were statistically significant (all p-value
<0.01).
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3.3. Microdata-based output gap decomposition

We define the company’s i capacity utilization gap as the difference between
observed individual capacity utilization and the potential level of capacity utilization as
measured by the trend component UiZZOt. Trend components are estimated by the HP
filter. Using the HP filter we also calculate the potential levels of labor and capital stock
LEPT and Kj°7, respectively, for every company i. We then substitute the potential
levels of TFP coefficients in Equation (6) and firm-level potentials of labor and capital
stock into the production function Equation (4) to obtain the firm-level potential
outputs; see Equations (7) to (10). After all, we aggregate the firm-level outcomes in the
manufacturing industry S and calculate the microdata-based output gaps using log
differences, as in Equations (12) to (15).

Figure 2 presents the levels of microdata-based output gaps: £{'¢ - (black solid line),
J?tL s (L gap), 55{‘_’5 (K gap), and J?gs (U gap) calculated according to Equations (12) to
(15). A positive output gap X{«" occurred for 2011 and from 2015 to 2019, but the
output gap 27 &L was negative between 2009-2010, 2012-2014 and in 2020. The decline
in 2009-2010 was related to the Global Financial Crisis. From 2014 to 2019, Poland
experienced a solid economic recovery and expansion, with a dynamic GDP growth of
4-5% per year. During this period, the inflow of EU funds under the new EU budget
perspective for 2014-2020 was an important factor supporting the economy. The
COVID-19 pandemic has caused the most significant economic crisis. In 2020, Poland’s
GDP fell by only 2%, significantly deviating from previous growth trends.

6

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

L Gap mK Gap mU Gap wMixed effects —output gap

Figure 2: Decomposition of microdata-based output gap estimates in the Polish manufacturing
industry (2009-2020)

Note: Calculations based on Equations (12) to (15): 3?%“ (microdata-based output gap, black solid line),
R¢s (labor-based output gap, light grey bars), R (capital based output gap, dark grey bars), (s
(capacity-utilization based output gap, vertical striped bars), res, (mixed effects: slanting striped bars).
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Moreover, we consider the potential and theoretical output values to decompose
the output gaps from Equation (16) into four components: the labor- , capital-, and
capacity utilization-based output gaps; and the interaction term (mixed-effects). Figure
2 also illustrates this decomposition (bars on the chart). In 2012-2014, the labor-based
output gap had the largest share in generating the gap in the manufacturing industry’s
gross value-added, while for the periods of 2009-2011 and 2015-2020 the capacity
utilization-based output gap was the most significant component of the output gap.

Understanding the output gap sources can help to adjust policy instruments. For
instance, policy measures could prioritize optimizing capacity and investing in produc-
tive fixed capital. An example of targeted policy tool is Special Economic Zones, which
have proven effective in increasing employment, encouraging capital investment, and
improving the utilization of labor and capital.

One primary advantage of using a microdata-based output gap is the possibility of
calculating it at different levels of aggregation, such as sectoral, regional, or even more
in-depth levels. Figure 3 presents the output gap levels for the two-digit NACE sectors.
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Figure 3: Sectoral output gap decomposition in the Polish manufacturing industry (2009-2020)

Note: The sectoral output gap decomposition is given by Equation (17), where d = 10, 11, ..., 33 indicates
the NACE divisions.

From Figure 3, we can conclude that the motor vehicle, trailer, and semi-trailer
production sector (d = 29) — which provides one of the largest contributions to the
gross value-added in Poland’s manufacturing sector — also has the greatest impact on
the global output gap. Further, the sign of its output gap is always the same as the output
gap for the entire industry. In contrast, beverage production (d = 11) has the largest
negative influence on the global output gap. In the period 2009-2019, the sign of the
output gap was opposite to global values.
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Poland's manufacturing sector analysis reveals the need for policies enhancing
resilience and supporting growth in key areas. Export-oriented and high-tech sectors,
like motor vehicles and electronics, require investments in R&D and market diversif-
ication to reduce vulnerability to global shocks. Consumer-discretionary industries like
textiles and furniture would benefit from measures to boost domestic demand and
diversify products. Essential sectors like food and chemicals, which showed stability,
should be strengthened through supply chain security and process modernization.
Investments in green and digital transitions are crucial for sectors like metals and
machinery to align with sustainability goals. Additionally, improving supply chain
resilience, supporting SMEs, and providing labor market programs will ensure
adaptability to economic shifts. Preparing for future crises through fiscal buffers and
industrial diversification is critical to safeguarding long-term financial stability.

Figure 4 illustrates the regional decomposition of the output gap in the manufactur-
ing industry for Poland’s 16 regions.

-6
-8
=2
-10 i

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 —outputgap
Figure 4: Regional microdata-based output gap decomposition in the Polish manufacturing industry
(2009-2020)

Note: The regional output gap decomposition is given by Equation (18); r = 1, 2, ..., 16 indicate the
regions (alphabetical order of voivodeships).

Several essential implications follow. From 2009 to 2020, Poland had two regions
driving business cycle fluctuations: Mazowieckie (r = 7) and Slaskie (r = 12).
Lubuskie (r = 4), Matopolskie (r = 6) and Slgskie (r = 12) are examples of regions
in which output gap was always similar to global values.

During the first year of the COVID-19 pandemic (2020), all two-digits sectors
in the Polish manufacturing industry experienced negative output gaps, with a maximal
value of 21.4% in the leather manufacturing (d = 15) industry and -19.1% in the
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industry (d = 29) that produces motor vehicles, trailers and semi-trailers excluding

motorcycles (see Figure 5).

&
o
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s

-15.0

10 1 12 13 14 15 16 17 18 20 21 22 23 24 25 26 27 28 29 30 31 32 33 Output
8ap

Figure 5: Sectoral microdata-based output gaps during the COVID-19 shock in 2020
Note: The sectoral output gaps in 2020, where d = 10, 11, ..., 33 indicates the NACE divisions.

Figure 6 shows that all regional output gaps during the pandemic year (2020) were
negative. The slightest deviation of output from its potential level was observed in the
Podlaskie region (d = 10, —1.6%) and the most significant -14.3% in the Matopolskie

(r=6) and Lubuskie regions (r = 4).
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Figure 6: Regional microdata-based output gaps during the COVID-19 shock in 2020
Note: The regional output gaps in 2020; r = 1, 2, ..., 16 indicate the regions (alphabetical order of

voivodeships).

Figure 3-8 indicate that sectoral and regional output gaps produce different time
patterns depending on their intrinsic characteristics. In a given year, we can identify



STATISTICS IN TRANSITION new series, June 2025 99

several sectors and regions below their potential outputs and those in which invest-
ments in production capacity are needed to prolong fast sustainable growth. Thus, our
analysis helps adjust macroeconomic policy tools to the characteristics of a particular
industry or region.

Analyzing regional and sectoral output gaps is vital for identifying economic
disparities and resource utilization. These insights help policymakers design targeted
interventions for regions with negative gaps through investments in infrastructure,
business incentives, and labor programs. Promoting balanced growth by boosting
private investment, innovation, and skill development in lagging regions is key to
reducing disparities with economically stronger areas. A strategic allocation of re-
sources can strengthen regional and sectoral competitiveness while enhancing the
efficient use of production capacities.

3.4. Synchronization and similarity of regional and sectoral output gaps

We apply the synchronicity and similarity measures defined by (26) and (28) to
evaluate regional and sectoral output gap coherence in the Polish manufacturing in-
dustry. As a reference series, we use the overall microdata-based output gap in the man-
ufacturing industry. During the sample analysis, we found significant differences in the
signs and amplitudes of the output gaps across sectors and regions. The COVID-19
pandemic made the signs of the sectoral and regional output gaps in Poland more sim-
ilar. Still, the highest level of similarity of output gaps in sectors and regions was re-
ported in 2018.

Figure 7 shows strong positive synchronicity and similarity in sectoral output gaps
at the end of the sample, but in 2014-2016, the sectoral output gap coherence dropped
to zero. The graph in the left panel shows the number of sectors that have a synchro-
nicity measure of one for each year. The highest level of sectoral output gap
synchronicity is achieved in the pandemic crisis year 2020, but the highest level (0.58)
of sectoral similarity was observed in 2018; in 2020, similarity dropped to 0.46. In 2020,
all sectors produced below their potential level.

18 0.6
16 0.4
14 0.2
12 I I 0.0
10 . | 02

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Number of sectors with synchronicity equal to 1 —— Synchronicity Similarity

Figure 7: Sectoral output gaps synchronization and similarity in the Polish manufacturing industry
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The regional output gaps admit positive synchronicity and similarity with the
overall output gap (see Figure 8), but their values change over time. The lowest values
were over 2011-2012 and 2015-2016. The graph in the left panel of Figure 8 illustrates

the number of regions in each year that have a synchronicity measure of one.

16 0.8
14
0.6
12
0.4
10
S I I I )
6 l 0.0 ) ;
200920102011201220122014201520162017201820192020 200920102011201220122014201520162017201820192020
Number of regions with synchronicity equal to 1 —— Synchronicity Similarity

Figure 8: Regional output gaps synchronization and similarity in the Polish manufacturing industry

The number of regions with a synchronicity equal to 1 decreased significantly
between 2011-2012 and 2015-2016. The highest regional output gap synchronicity
levels are archived in 2018 and 2020. In 2018 all regions are above potential level,
whereas in 2020 all regions exhibit a negative output gap. During 2009-2010, 2013 and
2017-2020 most regions are fully synchronized with the reference series. The similarity
measure for regions dropped to zero in 2015 and then increased, reaching a maximum
value in 2018. Finally, in 2020, the overall similarity dropped to 0.55.

Further, we present the similarity and synchronicity of sectoral microdata-based
output gaps separately for each manufacturing industry sector. Figure 9 illustrates that
only three out of 23 manufacturing industry sectors are fully synchronized with the
microdata-based output gap. This group includes the manufacture of metals (d = 24),
manufacture of fabricated metal products except machinery and equipment (d = 25),
and manufacture of motor vehicles, trailers and semi-trailers excluding motorcycles
(d = 29). Additionally, beverages and machinery repair and installation sectors (d =
11, d = 33) experienced lack of output gap synchronization. Figure 10 reveals that
only three sectors, wood and wood products (d = 16), printing and reproduction of
recorded media (d = 18), and fabricated metal products (d = 25), experienced
positive similarity of output gaps. Six sectors, including beverages (d = 11), computer,
electronic, optical products (d = 26), tobacco (d = 12), leather (d = 15), transport
equipment (d = 30), and machinery repair and installation (d = 33), experienced

negative similarity measures over half of sample period.
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Figure 11 and

Figure 12 illustrate the similarity and synchronicity of regional microdata-based
output gaps for each region in Poland. In three regions, Lubuskie (r = 4), Malopolskie
(r = 6), and Slaskie (r = 12), regional output gaps were fully synchronized with the
microdata-based output gap during the sample period. Moreover, Lubuskie,
Malopolskie, Mazowieckie, and Wielkopolskie only during one year in the sample
achieved negative similarity. Considering the average similarity measure, the regional
output gap in Wielkopolskie is the most similar to the microdata-based output gap
in the manufacturing industry. In contrast, the output gap in Podlaskie was most often
incoherent with the microdata-based output gap in the manufacturing industry. The
similarity and synchronicity measures in Podlaskie take negative values during 5 and
6 years, respectively.
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Figure 11: Output gap synchronicity for each region in Poland

DOLNOSLASKIE KUJAWSKO-POMORSKIE LUBELSKIE LUBUSKIE

Figure 12: Output gap similarity for each region in Poland

3.5. Robustness analysis

This section summarizes the robustness of similarity and synchronicity of regional
and sectoral output gaps in the Polish manufacturing industry. We investigate these
coherence measures for different reference time series. In Figure 13, we compare dif-
ferent measures of output gap. In the first part of this exercise, we employ the medians
per year of regional and sectoral output gaps as the reference output gap. Both medians
are very close to the microdata-based output gap in the manufacturing industry
(see Figure 14, Figure 15). Hence, the coherence of regional and sectoral output gaps
concerning medians is similar to our baseline scenario. In the second part, we use
European Commission experts' output gap estimation (EC output gap, (Havik et al.
2014, Blondeausi et al. 2021) as a reference time series (see Figure 16, Figure 17).
In 2009-2010 the EC output gap estimates in Poland are inconsistent with microdata-
based estimates. As a result, the regional and sectoral synchronization and similarity
measures take negative values. However, in 2011-2020 the synchronization and
similarity of regional and sectoral output gaps with respect to EC output gap are very
similar to these measures calculated with respect to the microdata-based output gap.
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Figure 13: Output gap measures
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Figure 14: Sectoral similarity and synchronicity measures with respect to the microdata-based output

gap and median of sectoral output gaps
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Figure 15. Regional similarity and synchronicity measures with respect to the microdata-based output
gap and median of regional output gaps
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Figure 16: Sectoral similarity and synchronicity measures with respect to the microdata-based output
gap and European Commission output gap
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Figure 17. Regional similarity and synchronicity measures with respect to the microdata-based
output gap and European Commission output gap

4. Discussion and Conclusions

This study proposes a new methodology for estimating regional and sectoral output
gaps based on a firm-level approach. Our study responds to the need for a uniform
method to estimate and assess levels of unobservable potential production. We used
a two-stage micro-econometric procedure to estimate the output gap based on business
tendency surveys and annual reports on business activity. In the first stage, we
estimated the production function to determine the enterprise’s individual TFP by
applying the Olley-Pakes model. In the second stage, we evaluated the influence of
capacity utilization on firm-level TFP. Our results demonstrate that capacity utilization
positively impacts the TFP cycle. Based on these estimates, we proposed novel formulas
for firm-level potential outputs. Finally, we aggregated these potential values to derive
several output gap-related measures for the sectors and regions in the manufacturing
sector.

This study offers a new method relevant from both policy and firm perspectives
and can be applied to different national contexts to examine output gaps in other
economies worldwide. Moreover, our firm-level approach decomposes the output gap
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into three main components: capital-, labor-, and capacity utilization-based output
gaps. We recognized that the latter two components dominate the total output gap
in the Polish manufacturing sector. Regional and sectoral output gap decompositions
also illuminate the economy’s most substantial regions and sectors in terms of business
cycle fluctuations.

During the sample analysis, we found significant differences in the signs and
amplitudes of the output gaps across sectors and regions. The COVID-19 pandemic
made the signs of the sectoral and regional output gaps in Poland more similar.
However, despite the same signs of output gaps during the pandemic, their substantial
heterogeneity was observed. Still, the highest level of similarity of output gaps in sectors
and regions was reported in 2018. Subsequently, we identified the sectors and regions
below their potential outputs in a given year and those in which production factors
generated above-average value added. Thus, our analysis may help policymakers adjust
macroeconomic policy tools to the characteristics of a particular industry or region.
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Appendix

Supplementary materials to:

Synchronization and Similarity of Regional and Sectoral Output Gaps
in the Polish Manufacturing Industry

Annex D. Time and regional effects on TFP.
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Figure 18: Production function estimation: time effects on TFP by division

Note: 10, 11, ..., 33 are the NACE divisions; the baseline year is 2020.

Figure 18 illustrates the time effects on TFP over 2009-2019 for various NACE
divisions in the manufacturing sector relative to 2020. Most divisions (except 24 —
pharmaceutical products and 21 — metals) exhibit negative TFP deviations in the earlier
years, indicating lower productivity compared to 2020, followed by a general upward
trend toward convergence with the 2020 level. Some divisions demonstrate steady
progress, while others display irregular patterns, highlighting sector-specific dynamics.
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Figure 19: Production function estimation: regional effects on TFP by division

Note: 10, 11, ..., 33 are the NACE divisions; 1, ..., 16 denote the regions; the baseline voivodeship is 7
(Mazowieckie region).

Figure 19 shows the deviations in total factor productivity (TFP) for different
manufacturing divisions in Poland's regions compared to Mazowieckie. Significant
variability is evident across regions and divisions, with some divisions experiencing
consistent negative deviations while others show mixed patterns. This highlights
regional disparities in productivity within Poland's manufacturing sector. It can be
observed that when analyzing deviations in all divisions, most of the regions have
a lower TFP than Mazowieckie. The manufacture of motor vehicles (29) is an example
of a sector that has higher TFP in almost all regions (except Warminsko-Mazurskie
(14)) than Mazowieckie.



