@ risks

Article

Crisis, Support, and Structural Risk: Assessing the Financial
Impact of COVID-19 on Polish Regional Airports

Anna Zamojska "*, Magdalena Mosionek-Schweda 2{%, Dariusz Tloczyrski 3

check for
updates
Academic Editor: Salvador

Cruz Rambaud

Received: 5 August 2025
Revised: 29 August 2025
Accepted: 9 September 2025
Published: 11 September 2025

Citation: Zamojska, Anna,
Magdalena Mosionek-Schweda,
Dariusz Tloczyriski, and Karolina
Diakowska. 2025. Crisis, Support, and
Structural Risk: Assessing the
Financial Impact of COVID-19 on
Polish Regional Airports. Risks 13:
175. https://doi.org/10.3390/
risks13090175

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

and Karolina Diakowska !

Department of Econometrics, Faculty of Management, University of Gdansk, Armii Krajowej 101,

81-824 Sopot, Poland

Department of International Finance and Investment, Faculty of Economics and Sociology, University of Lodz,
POW 3/5, 90-255 Lodz, Poland; magdalena.mosionek.schweda@uni.lodz.pl

Department of Transport Market, Faculty of Economics, University of Gdansk, Armii Krajowej 119/121,
81-824 Sopot, Poland

*  Correspondence: anna.zamojska@ug.edu.pl

Abstract

The global aviation sector underwent an unprecedented shock due to the COVID-19 pan-
demic, severely disrupting the passenger flows, flight operations, and revenues of Polish
airports. In response, the government launched protective measures under the Anti-Crisis
Shield and the COVID-19 Counteraction Fund. This study examines the financial impact
of such public support on 12 Polish airports between 2016 and 2022, applying a two-step
cointegration ECM framework with Driscoll-Kraay inference. Profitability (ROA, ROE,
OM), liquidity, debt, and operational activity indicators were analysed, with particular
attention to methodological distortions arising from including subsidies in operating rev-
enues. The results indicate a material decline in profitability from 2020 to 2022, albeit with
pronounced heterogeneity across airports. Larger hubs (Warsaw—Chopin, Krakéw, Gdansk,
Katowice, Poznan, and Wroclaw) demonstrated relative resilience, while many smaller,
regionally owned airports (e.g., Bydgoszcz, Lodz, Lublin, Olsztyn-Mazury, Zielona Gora)
remained structurally unprofitable despite substantial subsidies. In several cases, profitabil-
ity, liquidity, and operating activity recovered by 2021-2022, yet the improvement was not
uniform: for fiscally dependent airports, transfers merely masked persistent inefficiencies.
Passenger volumes, flight operations, and employment emerged as the primary perfor-
mance drivers, while capital expenditure, turnover of current assets, and liquidity were
particularly relevant for ROE. The novelty of this research lies in disentangling the stabilis-
ing effect of subsidies from underlying profitability, revealing how non-market revenues
distort standard performance metrics and accelerate short-run adjustment dynamics once
netted out. The findings demonstrate asymmetric impacts of state aid across ownership
structures, i.e., central state control at Warsaw versus regional self-government involvement
elsewhere, and highlight structural inefficiencies that weaken systemic resilience. These
insights underline the importance of subsidy-adjusted financial indicators, more selective
allocation of support, and reporting standards that separate operating from non-market
revenues to enhance resilience and ensure sustainable airport operations.

Keywords: COVID-19 pandemic; Polish regional airports; public financial support;
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1. Introduction

The global air transport sector experienced an unparalleled shock in the form of the
COVID-19 pandemic, which precipitated one of the most profound disruptions in the
history of civil aviation. Airports across the globe experienced a significant decline in
passenger volumes, with traffic decreasing by approximately 60% in 2020. This decline led
to a substantial decrease in revenues and raised fundamental concerns about the industry’s
viability (Lioutov 2020). By the close of 2021, airport revenue losses had escalated to above
USD 108 billion, signifying a 54% decrease compared to pre-existing expectations and a
47% overall decline relative to the 2019 baseline levels (ACI World 2021b). Projections by
some forecasters anticipated even more substantial financial obligations, with revenue
deficits anticipated to exceed USD 111 billion, as traffic remained at only half of pre-
pandemic levels (ACI World 2021a). The repercussions of the pandemic were manifold,
with the threat to 46 million aviation-dependent jobs and the imposition of USD 630 billion
in tourism-related GDP losses being of particular note (Airlines 2021). This illustrates
the ripple effects across airports and their surrounding economies. In the context of the
prevailing global turbulence, the financial ramifications of the novel Coronavirus (SARS-
CoV-2) on aerodromes are of pertinence that transcends any individual case study, thereby
imparting insights of extensive applicability to the aviation industry in its entirety.

The COVID-19 pandemic has caused an unprecedented crisis in the global aviation
sector, forcing critical infrastructure operators, including airports, to respond quickly to
radical restrictions on operations and declines in revenue. These disruptions have hit
Polish regional airports particularly hard, as they have not only had to cope with a sudden
drop in passenger numbers and flight operations, but also with challenges in terms of
financial liquidity, fixed cost structures and the risk of losing their operational capacity.
Significant systemic risks also emerged: the risk of long-term loss of market share, the risk
of insufficient compensation from public funds, and the risk of inefficient allocation of
aid. From a management perspective, airports also had to deal with uncertainty about the
duration of restrictions and regulatory risk resulting from inconsistent government actions
at the national and European levels.

In response to this situation, the Polish government introduced several protective
measures as part of the so-called Anti-Crisis Shield, including the COVID-19 Counterac-
tion Fund, aimed at stabilising the functioning of critical infrastructure. However, the
effectiveness and long-term impact of these measures on the financial situation of Polish
airports remains a subject of analysis and discussion, especially in the context of potential
asymmetric effects and the risk of dependence on public support.

This article attempts to assess the impact of state support granted to critical infrastruc-
ture operators in Poland, with a particular focus on airports, on their financial performance
in 2016-2022. The analysis covers 12 airports of various sizes and ownership structure
dominated by public sector entities (self-government units and the state), based on financial
and operational data and information on public support. Both profitability and liquidity
ratios, debt and operating activity were considered. The panel approach allows for an
analysis of the diversity of effects between airports and control of operator-specific effects.
The analysis also takes into account the risk of endogeneity of some financial variables and
methodological risks related to the construction of indicators that include subsidies as a
component of revenue.

In the context of existing research (Abbruzzo et al. 2016; Dube et al. 2021; Graham et al. 2020),
there is a need for an in-depth analysis of the diversity of airports’ financial resilience to systemic
crises, particularly in light of differences in the scale of operations, business models and ownership
structure. Previous studies have often been limited to a general assessment of the impact of
the pandemic on the financial performance of the aviation sector, ignoring the importance of



Risks 2025, 13,175

30f24

financial support as a moderating factor influencing profitability and as an element that acts
asymmetrically depending on the size of the airport. Few studies only have thoroughly examined
the role of public financial support as a moderating variable influencing these outcomes. For
example, Martin-Domingo and Martin (2022) analysed EUR 31 billion in COVID-19-related
state aid to EU airlines yet do not consider airport-level differences in subsidy effects. Similarly,
research exploring investors’ perspectives found widespread resilience challenges (such as
falling credit ratings) across airports following the pandemic onset (Vogel 2020). Jani¢ (2022)
develops a methodology to assess airport resilience, robustness, and vulnerability amid COVID-
19 disruptions, but focuses exclusively on large international hubs (e.g., Heathrow and JFK),
limiting generalisability across airport types. Finally, a study on small and medium-sized airports
in China evaluates subsidy efficiency but does not address asymmetric impacts or structural
inefficiencies (Song et al. 2025).

This study thus aims to fill the gap by conducting a granular, airport-level analysis,
explicitly comparing profitability indicators that include and exclude COVID-19 subsidies.
This enables us to test not only whether public support improved financial performance in
2021-2022, but also to uncover the complex mechanisms that drive differential effectiveness
of aid, especially where persistent losses, despite subsidies, may indicate structural ineffi-
ciency or misaligned aid distribution. Accordingly, this article formulates the following
research questions:

Q1: Did public financial support contribute to improving the operating profitability of
Polish airports after the COVID-19 pandemic, and if so, to what extent?

Q2: Does the use of generalised financial indicators (e.g., EBIT, operating margin) risk
overinterpreting results, particularly when these include subsidies as part of revenue?

Q3: Do deviations of airport profitability indicators from the long-run equilibrium
undergo short-run correction, and if so, do COVID-19 subsidies modify the speed of this
adjustment?

The provision of public support to airports can be interpreted through several estab-
lished theoretical perspectives. Fiscal federalism theory suggests that government interven-
tions aim to stabilise essential public services and infrastructure during economic shocks,
ensuring continuity in sectors with broad societal impact (Jha 2013). Moral hazard theory
highlights that financial assistance may alter organisational behaviour by reducing the im-
mediate consequences of operational risks, which can influence strategic decision-making
and risk-taking (Dionne et al. 1997). Finally, resource dependence theory emphasises that
organisations rely on external resources, such as government grants, to maintain financial
stability and operational resilience (Hillman et al. 2009; Lap¢in and Tasc1 2024). Together,
these frameworks provide a robust foundation for understanding how public subsidies
during the COVID-19 pandemic contributed to the financial resilience of airports, partially
offsetting the severe decline in revenues and profitability.

Demonstrating the impact of COVID-19 on the financial performance of airports
is of considerable importance for several reasons. Firstly, the pandemic represented an
unprecedented exogenous shock to the aviation sector, leading to a dramatic decline
in air traffic volumes worldwide. Airports, whose revenue streams are predominantly
dependent on passenger flows and aircraft operations, experienced an enormous collapse
in income. Secondly, an in-depth assessment of the financial consequences provides
justification for the extraordinary managerial and regulatory measures adopted during the
pandemic, such as state aid packages, financial relief schemes, and temporary regulatory
adjustments. This evidence is also critical in advocating for the development of resilience
mechanisms to safeguard the sector against future disruptions. Thirdly, for investors,
creditors, and other stakeholders, airports constitute strategic infrastructure with long-
term economic and social significance. By quantifying the financial impact of COVID-19,
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one can more accurately assess investment risk, financial sustainability, and the long-
term viability of airport operations. Fourthly, the pandemic exposed the vulnerability of
airport business models to global mobility restrictions. The analysis of financial outcomes
therefore provides essential insights for improving risk management strategies, particularly
in terms of revenue diversification and cost flexibility. Finally, given the role of airports
as regional economic hubs, their financial distress has had substantial spillover effects on
local economies, including tourism, commerce, and transport services. Demonstrating the
pandemic’s impact thus helps to contextualise the broader macroeconomic implications of
the aviation crisis.

In sum, the examination of COVID-19 financial impact on airports goes beyond
documenting temporary losses. It enables a deeper understanding of the structural vul-
nerabilities revealed by the crisis and supports evidence-based policymaking aimed at
strengthening the resilience of the aviation sector in the long term.

To achieve the research objective, an empirical analysis of panel data covering the
period from 2016 to 2022 for 12 Polish airports was conducted. The study draws on a set of
financial indicators (profitability, liquidity, leverage, operating activity, and capital expendi-
ture) and variables describing the scale of operations (number of passengers, number of
operations, and employment). The model employs econometric methods based on fixed
effects to account for airport-specific heterogeneity and potential nonlinearities associated
with the pandemic period. A dummy for the COVID-19 years (2020-2022) is included
to gauge the direct impact of the pandemic on financial outcomes. Methodologically, we
adopt a two-step ECM/ARDL framework: first, we establish the order of integration for all
series and verify panel cointegration between profitability measures and their regressors;
second, conditional on cointegration, we estimate long-run relations in levels with airport
fixed effects and short-run equations in first differences augmented by an error correction
term. Inference in the short-run equations is based on Driscoll-Kraay standard errors,
which are robust to heteroskedasticity, serial correlation, and cross-sectional dependence
features that are likely present in short annual panels exposed to standard shocks, such as
COVID-19.

The article is structured as follows: Section 2 provides an overview of the literature on
airport financial performance and the pandemic’s impact on the aviation sector. Section 3
describes the data and sources of information used, as well as the empirical methodology.
Section 4 presents the results of the model estimates and their interpretation. Section 5
concludes the article by discussing the main findings, the study’s limitations, and directions
for further analysis.

2. Literature Review

Research on airport financial performance focuses primarily on the analysis of op-
erational efficiency, scale of operations and cost structure (Bazargan and Vasigh 2003;
Bezerra and Gomes 2016; Wang and Song 2020). The traditional approach mainly analyses
profitability from core activities, resource utilisation ratios and the ratio of fixed costs to
revenues. However, dynamic changes in the environment, and particularly the COVID-
19 pandemic, have forced the research perspective to be broadened to include issues of
financial resilience and risk management in conditions of extreme disruption.

Therefore, the literature is paying increasing attention to the analysis of systemic,
operational and financial risks in the aviation sector. The COVID-19 pandemic has revealed
the insufficient preparedness of many airports for exogenous shocks, as highlighted by
(Graham et al. 2020; IATA and McKinsey & Company 2022; Serrano and Kazda 2021).
Recent studies also introduce more complex approaches to resilience assessment, such as
the Global Airport Resilience Index developed in 2024, which classifies airports based on
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their preparedness for disruptions related to pandemics, climate change, infrastructure
disruptions and geopolitical risks (Wandelt et al. 2025). The recent literature shows that
airports face growing pressures from uneven recovery, financial vulnerability, and external
shocks, with smaller airports particularly at risk. Resilience depends on diversification,
digitalisation, sustainability, and stronger stakeholder collaboration, yet existing models
do not fully address volatile, uncertain, complex, ambiguous conditions. Overall, studies
highlight the need for agile, airport-specific frameworks to manage ongoing uncertainty
(Hiney et al. 2025). Recent policy-oriented analyses have also emphasised resilience in the
post-pandemic recovery of the aviation sector. For example, (International Civil Aviation
Organization 2023) highlights the importance of diversified revenue streams, digitalization,
and coordinated policy responses to enhance airport resilience under volatile demand
conditions.

In the context of Central and Eastern Europe, the work (Novdk et al. 2024) shows that
smaller airports are much more vulnerable to liquidity risks and structural inefficiencies in
times of crisis. This article, based on an analysis of 24 airports in Poland and neighbouring
countries, indicates that the effectiveness of public support varies greatly and depends on
local ownership and organisational conditions. These findings confirm earlier observations
on the effect of scale and the role of operating reserves as a risk buffer (Abbruzzo et al. 2016;
Painvin 2011). The broader concept of transport resilience has also been examined. The
International Transport Forum (2024) identifies key mechanisms such as redundancy,
adaptability, and coordinated policy responses that enable transport systems, including
airports, to recover from disruptions effectively.

At the same time, new literature draws attention to the risk of wrong investment
decisions in conditions of high uncertainty. An example is the real options model presented
in the work of (Li et al. 2025) which is used to plan airport infrastructure expansion in
the face of volatile demand and crises such as pandemics. This article warns against the
consequences of excessive expansion in the face of prolonged declines in demand and
points to the need for flexible investment strategies.

Both recent empirical research and conceptual work also point to the risk of inconsis-
tency and asymmetry in the allocation of public funds. State aid, although necessary in the
first months of the pandemic, may lead to distortions of competition, moral hazard and the
artificial maintenance of unprofitable entities (Colak et al. 2023; Guzman and Hessel 2022;
Lucas 2020). An example of this type of controversy is the difference in the level of support
between large and small ports in Poland, which has been the subject of public debate and
analysis of EU case law (Court of Justice of the EU 2023).

Another critical issue, often overlooked in older literature, is the methodological risk as-
sociated with the construction of financial indicators in the context of public intervention. In
2020-2021, many airports based their operations on state subsidies, which were included as
part of EBIT or OM. The literature (Graham 2009; Iyer and Jain 2019; Raghavan and Yu 2021)
point out that failure to adjust such indicators for non-market revenues may lead to overin-
terpretation of results, overstatement of management performance and misjudgement of
risk. New approaches propose dynamic approaches (Ammoury and Salman 2024) which
separate sources of operating income from fiscal transfers and one-off interventions.

Financial performance indicators are commonly employed in the literature to evalu-
ate the efficiency, stability, and resilience of airports, especially in the context of external
shocks such as the COVID-19 pandemic. These indicators allow for standardised com-
parisons across entities and time, while also capturing different dimensions of financial
health. For example, profitability ratios (such as return on assets and operating mar-
gin) measure the ability of airports to generate earnings from their asset base and core
operations (Graham 2009; Halpern and Graham 2015). Liquidity measures (such as the
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current ratio and quick ratio) reflect the capacity of airports to meet short-term obliga-
tions, which became particularly important during the sudden revenue collapse caused by
the pandemic (ACI World 2021c). Efficiency indicators, including asset turnover, assess
how effectively airports utilise their resources to generate revenues (Barrett 2000). Finally,
solvency and leverage measures (such as the debt-to-equity ratio) provide insights into
long-term financial sustainability and exposure to structural risks (Doganis 2019).

The selection of these indicators is justified by their widespread use in both corporate
finance and airport management research, as they provide a multidimensional view of
financial performance. By applying these established measures, the study not only aligns
with prior literature but also ensures that the analysis of Polish regional airports during
COVID-19 can be meaningfully compared with findings from international contexts.

The COVID-19 pandemic has profoundly disrupted the aviation industry, exposing
the financial vulnerability of airports and highlighting the importance of external support
mechanisms in sustaining their operations. Airports, as critical infrastructure, faced un-
precedented declines in passenger traffic, which directly translated into reduced revenues
and deteriorating profitability. To mitigate these effects, public subsidies were widely
introduced, yet their role in shaping financial performance remains a matter of debate.
While such support helped to cushion the immediate impact of the crisis, it also raises
important questions regarding the accuracy of profitability assessments when subsidies
are included in operating results. Moreover, the pandemic has demonstrated that airport
financial performance cannot be evaluated solely on the basis of traditional profitability
indicators. The resilience of airports is influenced by multiple external risk factors such
as fluctuations in demand, climate-related challenges, or geopolitical instability as well as
internal factors, including organisational structures, employment levels, and investment
policies (Hiney et al. 2025). These multidimensional risks determine not only the short-term
outcomes but also the long-term sustainability of airport business models.

Against this backdrop, it is necessary to test whether and how public support affected
airport profitability and whether the inclusion of subsidies in standard financial ratios may
lead to a distorted picture of operational efficiency. Accordingly, the following research
hypotheses are proposed:

H1. The impact of public support on operating profitability was varied and strongly dependent on
the scale of operations (number of passengers) and the level of employment.

H2. Including subsidies as part of EBIT may overstate the assessment of operational efficiency and
obscure the actual underlying profitability of airports, especially in small regional airports.

H3. For the profitability indicators ROA, ROE, and OM, an operative error correction mechanism
is present: the adjustment coefficient is negative and statistically significant, and the half-life of
deviations from the long-run equilibrium does not exceed one year. Moreover, COVID-19-related
subsidies accelerate the speed of reversion, as evidenced by a stronger adjustment mechanism in
subsidy-adjusted specifications compared to unadjusted ones.

3. Data and Methodology

During the period analysed, 2016-2022, there were 15 operators of critical infrastruc-
ture (airports) in Poland with different passenger traffic volumes and, therefore, different
financial performance. Our analysis includes 12 airports. Three airports were excluded
from the study, namely Warsaw Radom Airport, which did not operate during the analysis
period, and Olsztyn and Zielona Gora airports, which did not provide their financial state-
ments. For our analysis, a database was created containing airport financial performance,
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passenger traffic data, and data on the type and amount of government financial support
to the airport concerning the COVID-19 pandemic. Data was obtained from the financial
statements of the airports analysed and from the Ministry of Infrastructure.

For the study, Polish operators of infrastructure can be divided into four groups
according to the Airport Council International (ACI) classification (Table 1).

Table 1. Classification of Polish airports (air traffic in 2022) according to ACI guidelines.

Group Air Traffic Level Airports
I more 25 million pax/year n/a
I 10-25 million pax/year Warsaw Chopin (WAW)
I 5-10 million pax/year Krakow (KRK)
Bydgoszcz (BZG), Gdansk (GDN), Katowice (KTW), Lublin
v less 5 million pax/year (LUZ), Lodz (LCJ), Warsaw Modlin (WMI), Olsztyn (SZY),

Poznan (POZ), Warsaw Radom (RDO), Szczecin (527),
Rzeszow (RZE), Wroclaw (WRO), Zielona Gora (IEG)

Source: (ACI Europe 2020; CAA in Poland 2023).

According to the ACI classification, Warsaw Chopin Airport held the largest share
of the Polish aviation market in 2019, handling more than 18 million passengers. The
airport is classified as Group II. Group III included the major regional airports of Krakow
and Gdansk, which handled 8.4 and 5.3 million passengers, respectively. The remaining
airports, which handled fewer than five million passengers, were classified in Group IV.
In 2020, the number of passengers at Polish airports decreased by 70% compared to the
previous year, and the number of flight movements fell by 61%. In April and May of that
year, there were only 95 flight movements carrying 1200 passengers. In 2021, air traffic in
Poland increased by 35.1% compared to 2020, though it remained 59.9% lower than in 2019
(CAA in Poland 2023).

In 2022, Polish airports handled 41 million passengers, which is 21 million more than
in 2021 (a 109% increase). This indicates that air traffic has recovered to 84% of its 2019
level. Based on this data, Polish airports can be divided into three groups. The first group
includes Chopin Airport in Warsaw, which is located in central Poland. It is a typical
Polish hub airport that primarily serves business travellers. Most passengers travelling
through Warsaw Chopin flew to major European hubs and transcontinental destinations,
such as the United States. About 10% used domestic connections. According to data from
the end of January 2023, Chopin Airport Warsaw is a state-owned company. The second
group (ACI Group III) includes Krakow Airport, which had 7.4 million passengers. Gdansk
Airport, on the other hand, fell into Group IV with 4.6 million passengers. Katowice Airport
handled over four million passengers, while Modlin Airport in Warsaw handled 3.1 million.
Wroclaw and Poznan airports had more than two million passengers each. The remaining
seven airports did not exceed one million passengers (see Table 2).

The Polish Civil Aviation Authority (CAA) expects air traffic to reach 100 million
passengers by 2040. However, the business structure of the airlines will remain the same.
Currently, Warsaw Chopin Airport provides the majority of air services, including con-
nections, destinations, and movements. Warsaw Chopin Airport is a hub for LOT Polish
Airlines. Low-cost carriers (Wizz and Norwegian) have a small share of the market at
Warsaw Chopin Airport—18% in 2022. In the Warsaw metropolitan area, there is War-
saw Modlin Airport, where Ryanair is the sole operator. LCCs dominate the remaining
regional airports, while legacy carriers are in the vast minority. They offer domestic connec-
tions to Warsaw and between large agglomerations (e.g., Gdansk and Krakow) as well as
connections to major European hubs (e.g., Munich, Frankfurt, and Amsterdam).
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Table 2. Air traffic in passengers (in 10 thousands) in Poland (2016-2022) and forecast (F) until 2040.

Airport 2016 2017 2018 2019 2020 2021 2022  2023F 2025F 2030F 2035F 2040F
BZG 32 32 40 41 12 10 25 34 44 51 47 55
GDN 396 460 497 536 170 214 456 531 598 802 986 1124
KTW 319 388 483 484 144 231 441 509 570 743 893 1020
KRK 497 583 676 840 259 307 739 829 899 1184 1430 1627
LC] 24 21 22 24 8 7 18 25 33 36 12 10
LUZ 38 43 45 36 12 11 33 35 36 33 27 23
SzY 4 10 12 15 6 5 11 12 12 12 13 12
POZ 169 184 247 237 65 105 224 261 295 389 468 526
RZE 66 69 77 77 23 25 68 83 97 121 142 154
5727 47 58 60 58 19 18 42 67 97 122 135 104
WAW 1279 1573 1774 1884 547 745 1439 1737 2031 2699 3552 4162
WMI 286 293 308 310 87 146 312 338 352 407 466 524
RDO 1 1 0 0 0 0 0 0.3 1 1 2 2
WRO 237 281 329 350 100 141 287 341 392 509 625 705
IEG 1 2 2 3 2 2 4 4 4 3 3 4
Total 3396 3997 4571 4897 1455 1965 4099 4806 5460 7112 8801 10,052

Source: (CAA in Poland 2023).

The formal and legal structure of regional airports stems from the various regional,
city, and company stakeholders involved in airport ownership. This gives regions influence
over decisions regarding airport development and financial policy approval. While these
airports operate within an intra-industry competitive framework in air transport, it is
important to note that the Polish Airports Enterprise (PPL) Business Group, which manages
Warsaw and Zielona Gora airports, influences the management and financial policies of
many regional airports. The most notable intensification of competitive processes occurs in
the Warsaw metropolitan area, where traditional and low-cost air traffic are clearly divided.
Similar examples can be found in other European metropolitan areas, such as Milan-
Bergamo, Brussels-Charleroi, London-Heathrow, London-Luton, and London-Stansted.
The distribution of traffic and the management capacity chosen by airport owners impacts
financial decisions and, consequently, the financial results of airports.

To assess the change in the financial situation of Polish airports resulting from
pandemic-related restrictions on their operations, we analysed their financial performance
in the period before and after the COVID-19 pandemic. The data required for the analysis
were taken from the airports’ financial statements for the years 20162022, as published
by the Ministry of Justice (2023). The financial data for the year 2023 was not yet available
at the time of the analysis. The analysis indicates that the scale of passenger traffic did
not directly determine the level of support received under COVID-19 assistance programs.
Figure 1 depicts the relationship between the share of COVID-related funds in the total
value of grants obtained by individual airports and the average number of passengers over
the entire study period (2016-2022). The association is clearly non-linear and heteroge-
neous across airports. Alongside units with relatively high traffic intensity, we observe
airports with above-average shares of support, as well as cases with the opposite. This
suggests that the allocation of funds was driven not only by traffic volume but also by
other factors (e.g., revenue structure, financial condition, and the eligibility criteria of the
aid schemes). Among the airports analysed, Warsaw Chopin (WAW) recorded the highest
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average passenger numbers, whereas Katowice (KTW), despite a comparatively smaller
scale of traffic, exhibited the highest share of COVID-19-related funding in total grants,
further corroborating the non-linear nature of this relationship.
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Figure 1. Scatter plot of the number of passengers and COVID-19 subsidies in Poland (2016-2022).
Source: own calculation.

Based on the collected financial data, the profitability ratios of the airports analysed
were calculated. The analysis of the profitability of the company is considered the most
important of the analyses, as it shows whether the functioning of the company is profitable
from the point of view of the owners (Davies and Crawford 2014). There are many prof-
itability indicators, but due to the large number of companies analysed and the multi-year
scope of the analysis, it is not possible to present the results of the calculations for many
indicators. Given the research problem formulated in our study, two selected ratios, the
gross margin ratio (gross profit margin ratio) and the operating ratio, are presented be-
low (Table 3). These two ratios are fundamental indicators of the profitability of a given
industry, showing the result from its core activity that a company achieves under specific
operating conditions (economic situation in a given industry, level of competition, etc.)
(Vernimmen et al. 2018). The operating margin is calculated by dividing a company’s op-
erating profit (EBIT, earnings before interest and tax) by its net turnover (net sales). To
eliminate the impact of subsidies received by some airports on the profitability of com-
panies, we have calculated the gross margin ratio, which compares a company’s gross
margin (revenue less cost of goods sold) to its revenue. High and rising values of these
ratios indicate effective management and the maintenance of low operating costs while
generating income from core activities.

The analysis of the indicators obtained (gross margin ratio and operating margin ratio)
shows, firstly, the vast differences that exist between the airports analysed in this respect
(Table 3). By far the worst financial results, even in the pre-pandemic period, were achieved
by Lublin and Lodz airports. The operation of these airports has never been profitable,
either at a core level or at an operational level. The airports of Bydgoszcz, Szczecin, Rzeszow
and Warsaw Modlin also failed to achieve positive profitability throughout the period.
However, their ratios are significantly higher than those of the two airports mentioned
above. In 20162019 (the period before the COVID-19 pandemic), favourable profitability
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ratios were achieved by the airports of Warsaw Chopin, Krakow, Gdansk, Katowice and
Wroclaw. It is worth noting that the profitability of these airports at the level of core
operations shows an upward trend, i.e., the gross profit margin ratio increases in the
following years. On the other hand, we have seen fluctuations in the operating margin
ratio. This is due to the construction of this indicator, as its formula takes into account EBIT
(earnings before interest and tax), which is calculated based on all the company’s operating
revenues and costs, including other operating activities, such as revenues from subsidies
received or the sale of assets, and, among costs, fines and penalties paid or losses on the
sale or liquidation of fixed assets.

Table 3. Gross margin and operating margin of Polish airports for the period 2016-2022.

Airport 2016 2017 2018 2019 2020 2021 2022
Gross margin ratio (%)
BZG -7927  —6403  —4948 5341 8347 -91.60 —57.10
GDN 14.86 12.25 20.26 25.59 —3354  —14.35 15.10
KTW 5.55 11.52 22.04 18.96 —54.83 —16.51 11.04
KRK 23.54 25.14 32.10 35.95 —-60.73  —23.30 31.79
LC] —473.84 —385.83 —274.23 —-260.78 —492.69 —419.57 —321.53
LUZ —472.08 —44228 —268.99 —291.68 —581.31 —539.59 —290.66
POZ 1.57 —8.31 7.10 418 —-90.90  —50.89 2.05
RZE —6593  —-56.09 —4045 3701 12653 —68.17 28.77
5727 —46.15 —-52.76 —60.71 —62.65 —21141 —199.39 —71.06
WAW 35.16 39.04 40.56 42.96 —13.83 —2.70 25.09
WMI -17.65 —-1330 —1446  —2255 7712  —-31.68 —3.81
WRO 4.19 5.73 9.14 8.52 —40.53  —15.10 4.57
Operating margin ratio (%)
BZG -57.02 -5117 2753 3981 7185 7610  —53.02
GDN 24.40 24.52 7.64 31.49 3.05 —0.53 19.63
KTW 12.72 13.56 12.44 14.43 —22.57 —5.18 15.01
KRK 30.21 31.14 38.19 36.30 —24.59 —9.07 38.14
LCJ —418.70 —329.70 —23449 —217.60 —469.50 —364.88 —279.26
LUZ —272.41 28624 —17337 —168.86 —31740 —292.87 —182.30
POZ 7.28 —7.60 6.68 4.12 —89.89 —46.27 2.80
RZE —3411  —2824  —1858 —9.94 —74.11 36.11 34.37
S7Z7 -3022 3754 3667 —56.64 20412 15797 —54.69
WAW 34.73 39.74 3.55 45.56 —3542  —23.60 —1.16
WMI 1.56 —1.56 —15.84 —9.53 —3513 2244 412
WRO 9.04 9.83 9.72 10.86 —15.08 —6.85 6.84

Source: Own calculations based on data from the financial statements of the airports analysed (Ministry of Justice 2023).

The presented data confirm the negative impact of the pandemic on the financial
performance of Polish airports. In 2020, all airports experienced a significant deterioration
in both indicators, which reached negative values. The only exception was the operating
margin ratio for Gdansk airport. These ratios remained negative in the following year,
though most airports showed improvement compared to 2020. The significantly higher
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operating margin ratio values reflect the aid received from public funds (subsidies are
included in other operating income). Airports that were highly profitable in the pre-
pandemic period, demonstrated the best financial performance. The weakest airports were
Lublin, Lodz, and Szczecin.

The analysis of the financial data in 2022 shows a further improvement in the financial
situation of Polish airports compared to the pandemic years. However, the gross margin
ratio of only three airports (Lublin, Rzeszow, Warszawa Modlin) returned to pre-pandemic
levels. In comparison, this was observed for the operating margin ratio of four airports
(Katowice, Rzeszow, Szczecin, Warszawa Modlin). It is worth noting that Rzeszow Airport
recorded positive margin indicators in 2022, whereas in the pre-pandemic period, these
indicators showed negative values throughout the period analysed.

The analysis of Polish airports” profitability indicators shows that the COVID-19
subsidies had a significant impact on financial results. Across almost all airports, the
values of ROA, ROE, and operating margin calculated including subsidies (ROA, ROE,
OM) were higher compared to the adjusted indicators excluding subsidies (ROA*, ROE¥,
OM*, see Table 4). This confirms that the financial support received during the pandemic
partially mitigated the severe deterioration in profitability. For most airports, the removal
of subsidies resulted in substantially more negative values of operating margin, indicating
that subsidies played a crucial role in covering operating losses. For instance, in airports
such as Bydgoszcz, Lodz, and Szczecin, the operating margin without subsidies dropped
to extremely low levels, exceeding —200% in some cases. Similarly, airports like Gdansk,
Krakow, Katowice, Poznan, and Wroclaw showed visibly deeper losses when subsidies
were excluded.

Table 4. Profitability indicators of Polish airports calculated at EBIT level with (ROA, ROE, and OM)
and without COVID-19 subsidies (ROA*, ROE*, and OM*), 2020-2021.

Airport Year ROA (%) ROE (%) OM (%) ROA* (%)  ROE* (%) OM* (%)
Bydgoszcz 2020 937 —~15.20 —71.85 —~10.51 —17.05 —80.60
2021 —11.67 —~19.01 —76.10 —12.44 —20.27 —81.15
2020 0.40 0.67 3.05 —233 —3.87 —17.56
Gdansk 2021 —0.07 —0.14 —0.53 —051 111 —415
. 2020 —2.14 —4.16 —22.57 —4.15 —8.06 —43.76
Katowice 2021 —0.71 —1.61 —5.18 -1.27 —2.86 —9.20
2020 225 —3.21 —24.59 —4.49 —6.40 —49.03
Krakow 2021 ~1.05 —1.46 —9.07 —1.74 —243 —15.08
o 2020 —3.87 —10.79 —317.40 - - -
Lublin 2021 —3.97 ~10.10 —292.87 ; ; ;
2020 ~791 —17.24 —469.50 —8.28 —18.06 —491.57
Lodz 2021 —8.04 —16.66 —364.88 —8.60 —17.83 —390.30
, 2020 —3.29 —7.86 —35.13 —552 —13.19 —58.91
Modlin 2021 294 —6.85 —20.44 —332 —7.74 —2536
2020 —5.96 —~11.07 —89.89 —7.56 —14.04 —114.04
Poznan 2021 —4.18 —8.68 —46.27 —4.63 —9.62 —51.23
2020 —4.60 —7.32 —74.11 —5.08 —8.08 —81.83
Rzeszow 2021 3.49 5.23 36.11 3.11 4.66 32.15
. 2020 —6.93 —17.67 —204.12 —7.65 —19.53 —225.58
Szczecin 2021 —5.93 —15.16 —157.97 - - -
2020 —5.70 -7.11 —35.42 ~10.08 —12.57 —62.60
Warsaw 2021 —5.14 —6.53 —23.60 —5.30 —6.74 —24.36
2020 248 —4.42 —15.08 —4.74 —8.46 —28.87
Wroclaw 2021 —2.04 —3.63 —6.85 —2.82 —5.02 —9.49

" Lublin Airport received no COVID-19 subsidies. Szczecin Airport reported no COVID-19 subsidies in 2021.
Source: own study.
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An exception is Rzeszow Airport, which in 2021 achieved positive profitability indi-
cators (ROA, ROE, and operating margin) both with and without subsidies, suggesting a
relatively stronger financial position compared to other regional airports. Warsaw Chopin
Airport also stands out, as its indicators improved between 2020 and 2021, and the differ-
ence between results with and without subsidies was less pronounced compared to smaller
airports. This points to greater resilience of the largest airport in Poland. In the case of
Lublin Airport, no subsidy-adjusted results were reported, but the operating margins were
among the weakest in the sample, reaching —317.40% in 2020 and —292.87% in 2021, which
signals severe financial distress.

Overall, the results indicate that without state subsidies, most Polish airports would
have reported weaker profitability during the pandemic period. Subsidies not only allevi-
ated the negative financial impact of COVID-19 but also helped maintain at least partial
stability in the sector.

To highlight the differences across airports, the results can be grouped into three
categories (see Table 5). Overall, the findings highlight that COVID-19 subsidies were
essential in cushioning the financial performance of Polish airports during the pandemic.
While some major airports such as Warsaw and Gdansk displayed greater resilience,
and Rzeszow even achieved positive results in 2021, most regional airports (particularly
Bydgoszcz, Lodz, Lublin, and Szczecin) remained heavily dependent on subsidies to offset
substantial operational losses.

Table 5. Comparative classification of Polish airports by profitability resilience during the COVID-19
pandemic (2020-2021).

Category

Airports Key Characteristics

Most affected (severe losses, strong

reliance on subsidies)

Very high negative operating margins (often below —200%
Bydgoszcz, Lodz, Lublin, Szczecin without subsidies); minimal improvement between 2020 and
2021; strong dependence on external financial support.

Moderately affected (negative results, Katowice, Krakow, Modlin, Poznan,
but partial improvement in 2021) Wroclaw

Profitability indicators remained negative, but subsidies helped
to reduce losses; some improvement observed in 2021 though
still below pre-pandemic levels.

More resilient (better performance,

limited reliance on subsidies)

Rzeszow achieved positive profitability in 2021 even without
subsidies; Gdansk and Warsaw showed more stability and
smaller differences between results with and without subsidies,
reflecting greater financial resilience.

Rzeszow, Gdansk, Warsaw

Source: own study.

In our research we used a non-balanced panel of 12 Polish airports for the years
20162022, resulting in 84 observations. The data was derived from the annual reports
of the airports analysed. Based on the financial data collected, the financial ratios of the
airports analysed were calculated, which characterise their profitability, liquidity and
level of debt. The financial ratios, together with their definitions and symbols used in the
presentation of the results in the rest of the article, are presented in Table 6.

The analysis of the company’s profitability is considered to be the most important of
the analyses, as it shows whether the company’s operation is profitable from the point of
view of the owners (Davies and Crawford 2014). The basic indicators in the profitability
analysis are ROA (return on assets) and ROE (return on equity). Net profit is usually used
to calculate the values of these ratios. As we focus on the impact of subsidies received
by some airports on their profitability, we have used EBIT (earnings before interest and
tax), which includes subsidies and grants. We have also calculated the operating margin
(OM). This indicator varies across industries and is often used as a measure to benchmark
a company against similar companies in the same industry (Vernimmen et al. 2018).
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Table 6. Financial and operational ratios used in the analyses.

Variable Ratio Definition of Ratio
Operating profitability ratios
ROA Return on assets EBIT /Total assets
ROE Return on equity EBIT/Total equity
oM Operating margin EBIT/Sales revenue
Liquidity ratios
CR Current ratio Current assets/Current liabilities
DCOH Days cash on hand [Cash available/(Operating Expenses-Depreciation)] x 365
Financial risk ratios
DTA Debt to assets ratio Total liabilities / Total assets
FLR Financial leverage ratio Total assets/Total equity
Efficiency ratio
CAT Current asset turnover (days) (Current assets x 365)/Operating revenue
Capital expenditures
CAPEX Capex PP&E (current) — PP&E (prior) + Depreciation (current) in PLN
Operational ratios
PASS Number of passengers Number of passengers in millions
OPER Number of operations Number of operations in millions
EMPL Number of employees Number of employees

Note 1. Profitability ratios (ROA, ROE, OM) were calculated using EBIT, which includes operating revenues
from subsidies and grants. To account for possible distortions, we also constructed adjusted indicators (ROA*,
ROE*, OM*) where subsidies were excluded from EBIT. Liquidity, debt, and efficiency ratios were based solely
on balance sheet and cash flow items, thus unaffected by subsidies. Note 2. Liquidity Ratios (Current Ratio,
Days Cash on Hand) are based entirely on current assets, current liabilities, and available cash. No subsidy
adjustments were required, as these indicators rely on balance sheet items. Note 3. Debt Ratios (Debt-to-Assets,
Financial Leverage) are constructed from balance sheet aggregates; unaffected by subsidies. Note 4. Efficiency
Ratios (Current Asset Turnover, CAPEX intensity): Based on asset and expenditure data; subsidies do not directly
enter these calculations. This dual approach for profitability indicators allows us to disentangle the short-term
stabilising effects of subsidies from the underlying financial condition of airports. Source: own study.

The second set of ratios to analyse is liquidity ratios. Financial liquidity is the ability of
a company to pay its current liabilities on time (Davies and Crawford 2014). Liquidity can be
measured in several ways, but the most common is the level of current assets and liabilities
on the balance sheet, resulting in the current ratio. Another liquidity indicator included
in the study is the days cash on hand ratio. This shows the number of days the company
would be able to operate if it had no income and only used its cash (Raghavan and Yu 2021).
This indicator is important, among other things, in the case of companies with seasonal
turnover, i.e., periods of very low or even zero turnover. As our analysis covers the period
of the COVID-19 pandemic, when airport activity was severely restricted, it is reasonable
to include this indicator.

In addition, we analysed debt ratios, also known as financial risk ratios and financial
leverage ratios. By examining the level of debt, it is possible to assess the company’s
financial policy in terms of its capital structure (equity and debt ratio) and the extent
to which it uses financial leverage. Financial leverage is related to the use of external
capital and means the multiplication of the financial result resulting from the use of
debt financing and, consequently, an increase in the profitability of equity (Collier 2016;
Davies and Crawford 2014). To assess the level of indebtedness of the airports analysed,
we used the debt to assets ratio, which defines the extent to which the company finances its
assets with borrowed capital. A high ratio indicates high financial risk. Another indicator—
the financial leverage ratio—shows the extent to which the company’s assets are financed
with equity and the extent to which they are funded with debt. This ratio is an indicator of
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the financial leverage used by the company to finance its activities (Vernimmen et al. 2018),
thus it is applicable to evaluate enterprises in the same industry.

The final group of ratios analysed are efficiency ratios or financial activity ratios. We
focused on the current asset turnover to analyse how airports use their current assets to
generate revenue. This turnover ratio varies considerably depending on the type of business
and the level of investment required. However, it can be used to compare companies within
the same industry. A company with a high turnover of current assets operates more
efficiently than its competitors with a lower turnover of assets (Berman et al. 2013).

Finally, we have included in our analysis the Capex (capital expenditure) value (in
PLN), which allows us to examine whether companies are making investment decisions.
Capex is the term for funds that companies use to improve the operational efficiency of
the business, increase long-term earnings, and improve existing assets. Examples of Capex
include capital expenditure on property, plant and equipment (PP&E) (office buildings,
land, equipment), office infrastructure (computers, furniture and other machinery) and
intangible assets (licences, copyrights and patents). Capex shows whether a company is
investing in its future and is confident in its ability to generate cash flow over the long term
(Berman et al. 2013).

In the analysis, the ROA /ROA*, ROE/ROE*, and OM/OM?* ratios were taken as depen-
dent variables because they represent the company’s objective function, which should align with
all other areas, such as liquidity, debt, and investment. Thus, the liquidity, debt, and efficiency
ratios, as well as Capex, were used as explanatory variables. Our analysis also includes informa-
tion on passenger numbers (PASS), airport operations (OPER), and employment (EMPL). To
assess the effect of the pandemic, we include three year-specific dummy variables: COVID2020,
COVID2021, and COVID2022, each taking the value 1 in its respective year and zero otherwise.
The pre-pandemic period, from 2016 to 2019, serves as the reference category, so the coefficients
on these dummies capture year-by-year pandemic effects relative to the pre-COVID-19 baseline.

The analysis of the characteristics of the data-generating processes in the study carried
out shows a significant variability in the values of the ROA/ROA* and ROE/ROE* indica-
tors, and a very high dispersion in the case of the OM/OM?* indicator. For all indicators,
both the average and the median were negative. Similarly, other indicators exhibit signifi-
cant dispersion of values over the considered period, with the median value typically lower
than the average, indicating that individual indicator values for the airports considered
were below the average. (see Table 7 for summary statistics).

Table 7. Summary statistics of variables for all airports (N = 12) and unit-root tests for the period
2016-2022 (T = 7).

Ratio TxN Average Median Min Max Std Deviation
ROA/ROA* 84 —0.86/—1.14 —1.95/-2.25 —11.67/-12.44 21.18/21.18 5.93/6.11
ROE/ROE* 84 —3.05/-3.52 —3.53/-3.90 —28.60/—28.60 29.61/29.61 11.19/11.39

OM/OM* 84 —58.18/—60.24 —12.51/-16.70 —469.50/ —491.57 45.56/45.56 115.66/116.97

EMPL 84 413.74 304.00 130.00 1741.00 374.61

PASS 84 2.89 157 0.07 18.84 3.90

OPER 84 25.76 15.57 0.58 184.25 38.25

CAT 84 1.56 1.33 0.40 4.54 0.84

CAPEX 84 26.16 4.25 —99.30 441.11 65.98
DTA 84 47.60 48.79 17.71 78.20 13.05
FLR 84 2.05 1.95 1.22 4.59 0.59

CR 84 2.35 1.72 0.26 12.65 242
DCOH 84 214.47 134.77 10.11 900.23 198.73

Source: own calculation.
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The final component of the analysis compares differences in ROA, ROE, and OM
during the COVID-19 period, while accounting for the subsidies received. The airport-
level details are reported in Table 4. To this end, we conducted t-tests of differences in
mean indicators for three contrasts: (a) 20162019 versus 2020-2022 with the subsidy
adjustment; (b) 2016-2019 versus 2020-2022 without the subsidy adjustment; and (c) within
2020-2022, with versus without the subsidy adjustment. The results in Table 8 show that
profitability measured by ROA was significantly lower in 2020-2022 than in 2016-2019,
both when subsidies are included (f = 2.07, p = 0.042) and when they are excluded (¢ = 2.55,
p = 0.013). On average, ROA declined from 0.71 to —2.12 (with subsidies) and to —2.83
(without subsidies), confirming a deterioration in performance; however, the within-period
difference between the “with” and “without” variants in 20202022 is not statistically
significant (f = 0.45, p = 0.657), indicating only a directional, weakly identified mitigating
effect of support. ROE exhibits a similar pattern: the decline relative to 20162019 is
significant when subsidies are excluded (¢t = 2.33, p = 0.023) and marginal when they are
included (¢t = 1.86, p = 0.067); the difference between the two variants within 2020-2022 is
likewise insignificant (t = 0.45, p = 0.653). For OM, no significant differences are detected
either across periods (with subsidies: t = 1.37, p = 0.174; without subsidies: ¢ = 1.58,
p = 0.121) or within 2020-2022 (¢ = 0.18, p = 0.855), although the average operating margin
fell from —27.34 to —60.10 (with subsidies) and —65.34 (without subsidies). Taken together,
these findings indicate a material deterioration in profitability during the COVID-19 period,
while the subsidy effect appears to be mitigating but is statistically weak in the annual data,
given the limited sample size.

Table 8. T-test of the significance of differences in mean indicators for the periods 2016-2019 and
2020-2022.

20162019 and 2020-2022 with 2016-2019 and 2020-2022 Without 2020-2022 With and Without
Ratio Subsidies (a) Subsidies (b) Subsidies (c)
Statistics p-Value Statistics p-Value Statistics p-Value
ROA 2.070 0.042 2.548 0.013 0.446 0.657
ROE 1.857 0.067 2.328 0.023 0.452 0.653
OM 1.373 0.174 1.579 0.121 0.183 0.855

ROA averages: 20162019 average was 0.71, 2020-2022 with subsidies was —2.12, and 20202022 without subsidies
was —2.83. ROE averages: 2016-2019 average was 0.11, 2020-2022 with subsidies was —4.44, and 2020-2022
without subsidies was —5.64. OM averages: 2016-2019 average was —27.34, 2020-2022 with subsidies was —60.10,
and 2020-2022 without subsidies was —65.34. Source: own calculation.

Table 9 reports the results of panel unit-root tests using the Fisher-ADF approach. For
variables in levels, we employ a specification with a constant and a linear trend, whereas
in first differences, we include a constant only. Given the short time dimension, the ADF
lag length is set to 1, corresponding to 7 observations in the sample period (2016-2022). In
levels, the unit-root null cannot be rejected at the 5% level for any variable (p-values are
high for ROA*, ROE*, OM*, EMPL, PASS, OPER, CAT, DTA, FLR, CR, and DCOH; only
CAPEX and FLR provide weak evidence of stationarity at the 10% level). In first differences,
the unit-root null is unambiguously rejected for all variables (p < 0.05, most often p < 0.001),
indicating that the series becomes stationary after differencing. We therefore treat the
variables as I(1) processes. Methodologically, this calls for verifying panel cointegration
among the I(1) variables; if cointegration is confirmed, subsequent estimation proceeds
within an ECM/ARDL framework, whereas in the absence of cointegration, we estimate
models in first differences with time fixed effects and robust inference.
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Table 9. Fisher-type unit-root tests based on ADF tests for the period 20162022 (T = 7).
Ratio Statistics p-Value Statistics p-Value
Levels (with Constant and Trend) First Differences (with Constant)

ROA* —0.333 0.630 22.563 0.000
ROE* 0.751 0.226 22.009 0.000
OM* 0.494 0.311 4.978 0.000
EMPL 0.718 0.237 2.144 0.016
PASS —0.124 0.594 5.052 0.000
OPER —0.248 0.598 19.353 0.000
CAT —0.479 0.684 15.347 0.000
CAPEX 1.384 0.083 10.840 0.000
DTA 0.816 0.207 3.567 0.000
FLR 1.494 0.932 —2.762 0.003
CR 0.969 0.166 6.827 0.000
DCOH —0.706 0.760 12.539 0.000

Source: own calculation.

The next step in our analysis was to identify multicollinearity between regressors. This
was due to the construction of ratios based on the same data from the financial statements.
A high absolute value of the correlation coefficient indicates a strong relationship between
two series and is not possible for any model’s set of regressors (see Table 10). As expected,
the highest correlation coefficient was observed between the number of passengers and
operations (0.97); therefore, two models will be estimated. In Model 1, the number of
passengers (dPASS) will be one of the regressors. In Model 2, the number of operations
(dOPER) will be one of the regressors. Another pair of highly correlated variables (r = 0.76)
is dDTA and dFLR; these two variables should not be included in the same model. However,
the remaining correlation coefficients are low enough to suggest that multicollinearity
among the regressors in the model is unlikely to occur.

Table 10. Regressors correlation coefficients (first differences of the ratios) for all airports for period
2016-2022.

Ratios dEMPL dPASS dOPER dCAT dCAPEX dDTA dFLR dCR
dPASS 0.34 1
dOPER 0.41 0.97 % 1
dCAT 0.25 0.43 0.48 1
dCAPEX 0.16 0.05 0.03 —0.04 1
dDTA -0.23 0.00 -0.02 0.00 0.11 1
dFLR —0.13 0.09 0.07 —-0.10 0.09 0.76 * 1
dCR 0.07 0.02 0.05 -0.32 -0.11 —0.03 —0.02 1
dDCOH —0.22 —0.05 —-0.12 —0.58 0.16 0.05 0.09 0.37

*—significant at the level 0.05, Source: own calculation.

Table 11 presents the financial ratios discussed above, categorised into dependent
and independent variables. Employment levels and the number of airport operations
were also included as explanatory variables. Due to observed multicollinearity among the
selected regressors, each dependent variable required a tailored set of explanatory variables.
These sets, corresponding to the three linear models, are detailed in Table 11. To avoid
endogeneity, only financial indicators without overlapping components with the dependent
variable were selected as regressors. Consequently, each model includes employment level
(as a dummy variable), number of operations, current ratio, and a COVID-19 dummy
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variable. The debt ratio (defined as total liabilities divided by total assets) was included
in the models for dROE* and dOM* but excluded from the dROA* model, since dROA*
already incorporates total assets. The inclusion of other explanatory variables followed the
same principle. Due to the very high correlation (r ~ 0.97) between dPASS and dOPER,
only one of these variables (OPER) will be retained in the subsequent modelling to avoid
multicollinearity.

Table 11. Sets of independent variables for dependent variables.

Independent Variables (Regressors)

Dependent Variables
CAT CAPEX OPER DTA FLR CR DCOH EMPL
ROA* X X OK X X OK OK OK
ROE* OK OK OK OK X OK OK OK
OM* OK OK OK X OK OK X OK
X—cannot be a regressor for the dependent variable, OK—can be a regressor for the dependent variable. Source:
own study.

Given that the variables are integrated of order one I(1) (Table 9 above), we tested
for cointegration between the dependent variable and each potential regressor. Owing to
the limited degrees of freedom and the resulting low statistical power, the analyses were
conducted on a pairwise basis. The results are in Table 12.

Table 12. Pedroni panel’s cointegration test for the period 2016-2022.
Ratio ROA* ROE* OM*
Statistics p-Value Statistics p-Value Statistics p-Value
CAT X X —4.438 0.000 —7.350 0.000
CAPEX X X —6.952 0.000 —8.106 0.000
OPER —8.069 0.000 —12.346 0.000 —6.310 0.000
DTA X X —10.560 0.000 X X
FLR X X X X —6.018 0.000
CR —4.509 0.000 —4.937 0.000 —5.040 0.000
DCOH —6.052 0.000 —5.784 0.000 X X
EMPL —9.261 0.000 —9.997 0.000 —6.317 0.000

x—according to Table 11 this regressor is not included. Source: own calculation.

The Pedroni test, applied to the panel data for 20162022 (T = 7), evaluates the null
hypothesis of no cointegration between the dependent variable and a given regressor. A
significantly negative test statistic (p < 0.05) indicates the presence of a long-run relation-
ship. The results confirm cointegration for: (i) ROA* with OPER, CR, DCOH, and EMPL;
(if) ROE* with CAT, CAPEX, OPER, DTA, CR, DCOH, and EMPL; and (iii) OM* with CAT,
CAPEX, OPER, FLR, CR, and EMPL (in most cases, p < 0.001). Pairs not shown were
not tested /reported due to definitional constraints or sample limitations. The identified
long-run relations justify subsequent estimation within an ECM/ARDL framework (a
levels equation with unit effects for the long run and a first-difference equation with an
error correction term for the short run). In contrast, pairs without confirmed cointegration
should be modelled solely in first differences.

We adopt a two-step ECM/ARDL approach, which is suitable for short annual panels
(N =12 airports, T = 7). First, we establish the order of integration for all series. Panel
unit-root tests (Fisher—-ADF with a constant and, for volume variables, a linear trend; lag
length = 1 given the short T; see Table 9) indicate that the variables are I(1) in levels and
become stationary after first differencing.
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Second, we verify panel cointegration between the profitability indicators and their
regressors. Owing to the limited degrees of freedom, cointegration is tested pairwise using
Pedroni statistics (Table 10). For each dependent variable, we then estimate a long-run
relation in levels with airport fixed effects (no time effects), separately for subsidy-adjusted
indicators and for unadjusted indicators. The long-run specification is:

Vit = &; + BIxjp + ujy,

where y;; is the ratio: ROA, ROE and OM (or their subsidy-adjusted counterparts), x;;
contains the financial and operational ratios (as defined in Table 6), and «; captures time-
invariant airport heterogeneity (Baltagi 2008; Greene 2020). To mitigate multicollinearity,
we retain one traffic proxy only (either passengers or operations), given their very high
correlation (Greene 2020). From each long-run regression, we obtain residuals #;; and verify
their stationarity. To verify their stationarity, the lagged residual, ec;;_1 = 7 i 11/ Serves as
the error correction term (Engle and Granger 1987).

In the second step, we estimate short-run equations in first differences augmented by
the error correction term:

Ayir = gec;,_q + 61Xy + 2]2,2222020 COVIDj + e,

where we have included year-specific COVID-19 dummies (COVID2020, COVID2021,
COVID2022) that equal one in their respective years and zero otherwise, with 2016-2019
as the pre-pandemic reference. Inference relies on Driscoll-Kraay standard errors
(Driscoll and Kraay 1998), which are robust to heteroskedasticity, serial correlation, and
cross-sectional dependence in short panels exposed to common shocks; implementation
follows (Hoechle 2007). The adjustment coefficient ¢ is expected to be negative, indicating
convergence toward the long-run equilibrium (Pesaran et al. 1999). To assess robustness,
we compare results across the two indicator groups (with and without subsidy adjustment),
vary the maximum DK lag, and, where informative, contrast Driscoll-Kraay inference with
two-way clustered standard errors (Baltagi 2008; Hoechle 2007).

4. Results

The analysis starts with estimating long-term relationships (Table 13). For each depen-
dent variable, two versions are considered: one without COVID-19 subsidy adjustment
(ROA, ROE, OM) and one with adjustment (ROA*, ROE*, OM*). The models exhibit high
explanatory power (R? = 0.74-0.89) and joint significance of the regressors (Wald, p < 0.001).
In all cases, the coefficient on OPER is positive and statistically significant (ROA: 0.205;
ROA*: 0.246; ROE: 0.283; ROE*: 0.334; OM: 0.947; OM*: 1.202), suggesting that higher
operational activity links to greater long-term profitability. Employment (EMPL) has a
negative and significant coefficient for ROA and ROE (ROA: —0.025, p = 0.040; ROA*:
—0.029, p = 0.026; ROE: —0.049/—0.053, p ~ 0.02), consistent with labour cost pressures;
for OM, the short-term nature means statistical significance is not achieved (p ~ 0.19-0.22).
The other level ratios (CR, DCOH, CAPEX, CAT, FLR, DTA) are not consistently significant
at the 5% level; however, for ROE, the DTA coefficient is negative and nearly significant
(—0.225; p = 0.073).
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Table 13. Long run estimation results for the period 2016-2022.
ROA ROA* ROE ROE* OM OM*
Variable
Coef. p-Value Coef. p-Value Coef. p-Value Coef. p-Value Coef. p-Value Coef. p-Value
CAT X X X X 1.254 0.393 1.807 0.250 13.591 0.130 14.167 0.140
CAPEX X X X X 0.009 0.474 0.007 0.598 0.014 0.873 0.006 0.948
OPER 0.205 0.000 0.246 0.000 0.283 0.000 0.334 0.000 0.947 0.015 1.202 0.004
DTA X X X X —0.225 0.073 —0.197 0.143 X X X X
FLR X X X X X X X X —5.635 0.753 —2.713 0.887
CR 0.453 0.177 0.495 0.161 0.352 0.539 0.431 0.484 1.044 0.786 1.276 0.757
DCOH —0.003 0.523 —0.005 0.339 0.002 0.863 0.002 0.881 X P X X
EMPL —0.025 0.040 —0.029 0.026 —0.049 0.019 —0.053 0.018 —0.191 0.190 —0.191 0.220
Model diagnostics
R? 0.747 0.740 0.811 0.791 0.891 0.878
Wald test 200.30 0 193.88 0.000 278.92 0.000 245.74 0.00 539.91 0.000 474.88 0.000
Serial test 3.137 0.104 4.821 0.051 8.948 0.012 12.144 0.0051 51.452 0.000 2.010 0.184
Pesaran test 2.551 0.011 3.375 0.001 1.421 0.155 3.931 0.0000 2.850 0.004 4.477 0.000
Fishergc test 10.091 0.000 3.226 0.001 27.5897 0.000 2.195 0.0282 12.992 0.000 4.5169 0.000
Fixed effects
Bydgoszcz -5.916 0.035 —5.498 0.065 —0.260 0.975 —2.222 0.801 —32.141 0.494 —41.446 0.410
Gdansk 5.107 0.000 4.960 0.001 20.485 0.000 17.18 0.001 32.195 0.045 13.703 0.109
Katowice 6.335 0.001 6.707 0.002 22.126 0.001 19.31 0.002 40.298 0.080 22.564 0.148
Krakow 11.668 0.010 12.907 0.012 30.522 0.010 28.761 0.015 95.918 0.087 74.474 0.148
Lublin 0.801 0.003 1.821 0.003 8.740 0.069 7.276 0.073 —191.569 0.000 —202.482 0.000
Lodz —2.302 0.103 —1.469 0.086 3.912 0.303 2.433 0.283 —286.301 0.000 —300.899 0.000
Modlin 0.834 0.001 0.821 0.005 12.422 0.001 8.781 0.010 —3.318 0.303 —19.304 0.460
Poznan 3.445 0.001 4.140 0.002 16.179 0.002 13.704 0.004 12.161 0.135 —3.057 0.227
Rzeszow 7.513 0.000 8.495 0.000 20.055 0.000 18.527 0.000 18.656 0.086 9.052 0.111
Szczecin —1.493 0.035 —0.869 0.038 7.139 0.066 5.499 0.073 —62.532 0.322 —60.486 0.562
Warszawa 15.184 0.210 15.861 0.228 43.045 0.128 40.693 0.159 163.556 0.323 120.843 0.444
Wroclaw 6.143 0.000 6.324 0.000 22.089 0.000 18.688 0.000 20.867 0.109 5.496 0.185

Wald test’s null hypothesis: all slope coefficients equal zero, Serial Wooldridge test’s null hypothesis: no AR(1)
autocorrelation in the idiosyncratic error; Pesaran test’s null hypothesis: no cross-sectional dependence. Fishergc
test’s null hypothesis: residual-based EC test—residuals contain a unit-root (no cointegration). x—according to
Table 11 this regressor is not included Source: own calculation.

Model diagnostics support the inferential framework. The Wooldridge serial-
correlation test does not reject the null of no AR(1) correlation in some specifications (e.g.,
ROA, p = 0.104) but indicates autocorrelation for ROE and OM (p < 0.012). The Pesaran
CD test points to cross-sectional dependence in most equations (p < 0.011). Residual-based
unit-root tests (ADF/Fisher) on the long-run errors reject the unit-root null in all cases
(p < 0.05), confirming cointegration. Accordingly, inference relies on standard errors robust
to cross-sectional and serial dependence (Driscoll-Kraay). Importantly, the “starred” and
“non-starred” results are qualitatively consistent: the subsidy adjustment leaves the signs
of the key parameters unchanged and in several instances amplifies their magnitude (e.g.,
OPER increases from 0.205 to 0.246 for ROA and from 0.947 to 1.202 for OM).

The fixed effects estimated in the long-run equations capture persistent, unobserved
heterogeneity across airports, conditional on the included covariates. We interpret them
as unit-specific intercepts, i.e., time-invariant average levels of the indicators for a given
airport. The positive values indicate above-average structural potential (higher long-run
profitability /efficiency after controlling for regressors). In contrast, negative values point
to persistent constraints (e.g., a higher fixed cost base, weaker local demand, or network
misalignment). This representation facilitates comparisons both across airports and across
indicators (ROA, ROE, OM) under a standard reference scale. In general, the signs of the
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fixed effects are consistent across indicators, while their magnitudes differ: OM, as an
operating margin, tends to be more sensitive to the fixed cost base, whereas ROE is more
responsive to the capital structure. The fixed effects are qualitatively consistent across the
two groups (they retain the same signs and largely the same rank ordering), but they differ
in magnitude. After the subsidy adjustment (starred indicators), fixed effects are typically
lower for airports that received relatively greater support, reflecting the removal of the
direct impact of transfers. For airports with a small aid share, differences are negligible.
Occasional rank shifts point to cases where outcomes were more dependent on subsidies.

Table 14 reports estimates of short-run error correction equations (ECM) for changes
in profitability measures (AROA, AROE, AOM) and their subsidy-adjusted counterparts
(AROA*, AROE*, AOM*) over 2016-2022. The error correction term, ec;_1, enters with
a negative sign and is statistically significant in most specifications (for AROA: —0.227,
p <0.001; AROA*: —0.751, p = 0.021; AROE: —0.692, p = 0.045; AROE*: —0.618, p = 0.063;
AOM: —0.698, p = 0.006; AOM*: —0.872, p = 0.004), confirming the presence of adjustment
toward the long-run equilibrium. Notably, for two of the three indicators (ROA and OM) the
speed of adjustment is greater after excluding subsidies, suggesting that subsidy-cleaned
indicators revert more rapidly to their long-run trend. In the short run, operating activity
affects AROA* positively (6.883; p = 0.013), whereas capital expenditure (ACAPEX) and
leverage (ADTA) depress AROE/AROE* (e.g.,, ACAPEX: —0.217, p = 0.007; ADTA: —20.083,
p = 0.020). Cash liquidity (ADCOH) improves AROE* (1.281; p = 0.017). The 2020 dummy
effects are clearly negative for return on equity (AROE: p = 0.029; AROE*: p = 0.026) and
indicate a borderline significant decline for the operating margin; in 2022, by contrast,
we observe a rebound in AOM (23.070; p = 0.006) alongside a decline in AROA (—13.289;
p = 0.030), indicating an uneven path out of the crisis. Inference is based on Driscoll-Kraay
standard errors, which are robust to heteroskedasticity, autocorrelation, and cross-sectional
dependence.

Table 14. Short run estimation results for the period 2016-2022.

dROA dROA* dROE dROE* dOM doM*
Variable
Coef p-Value Coef p-Value Coef p-Value Coef p-Value Coef p-Value Coef p-Value
EC(-1) —0.227 0.000 —0.751 0.021 —0.692 0.045 —0.618 0.063 —0.698 0.006 —0.872 0.004
dCAT X X X X 1.961 0.196 3.413 0.030 22.328 0.051 9.167 0.359
dCAPEX X X X X —0.217 0.007 —0.249 0.007 1.221 0.246 0.944 0.535
dOPER 6.375 0.291 6.883 0.013 4.270 0.238 5.990 0.104 —8.592 0.381 51.834 0.180
dDTA X X X X —20.083 0.020 —15.748 0.062 X X X X
dFLR X X X X X X X X —26.798 0.305 —16.627 0.700
dCR 0.570 0.718 0.666 0.620 0.573 0.767 0.441 0.835 —5.262 0.073 2.069 0.540
dDCOH 0.757 0.271 0.222 0.521 0.297 0.472 1.281 0.017 X X X X
dEMPL 37911 0.251 —3.728 0.387 —9.057 0.265 —0.035 0.997 —197.996 0.023 —189.783 0.169
COVID2020 4.416 0.389 —2.889 0.100 —6.130 0.029 —6.683 0.026 —85.642 0.051 —53.932 0.061
COVID2021 —0.518 0.559 —1.130 0.051 —0.515 0.584 0.097 0.923 —12.270 0.229 —33.511 0.018
COVID2022 —13.289 0.030 —1.416 0.319 2.280 0.467 1.442 0.644 23.070 0.006 —14.096 0.656
CONST —0.463 0.639 0.032 0.942 —0.587 0.171 —0.658 0.171 10.614 0.015 9.487 0.004
Model diagnostic
R? 0.193 0.563 0.590 0.615 0.760 0.718
F test 19.72 0.002 83.39 0.000 12.480 0.006 10.870 0.008 26.800 0.001 12.230 0.006

x—according to Table 11 this regressor is not included.

5. Discussion and Conclusions

This article assesses the impact of state aid to critical infrastructure operators in
Poland’s aviation sector on their financial results from 2016 to 2022, with particular em-
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phasis on the COVID-19 period. The evidence suggests a material decline in profitability
from 2020 to 2022, albeit with pronounced heterogeneity across airports. In several cases—
especially in 2021-2022 profitability, liquidity, and operating activity improved, yet this
improvement was not uniform: for a number of smaller airports, the support was insuffi-
cient to restore positive operating performance or even pre-pandemic activity levels.

The effectiveness of public aid appears to depend not only on the size and scope of
transfers but also on airport-specific managerial capabilities, ownership structures, and
adaptive capacity factors that are harder to capture in purely quantitative models yet
become pivotal under crisis conditions. The analysis suggests that mechanically replicating
support schemes without regard to local conditions leads to low efficiency and limited
systemic resilience.

Methodologically, we distinguish long-run relations from short-run dynamics using a
two-step cointegration ECM framework on a short annual panel (12 airports, 2016-2022).
Long-run fixed-effects regressions yield economically interpretable associations: opera-
tional activity is positively related to profitability in levels, whereas employment exerts
downward pressure consistent with a higher fixed-cost base. Model quality is high (strong
joint significance and explanatory power), and residual-based unit-root tests on the long-
run errors reject the unit-root null, confirming panel cointegration and validating an error
correction representation. The estimated airport-specific intercepts, reported relative to the
grand mean, capture persistent, unobserved heterogeneity that remains after conditioning
on observable covariates.

Short-run ECM estimates (Table 14) show that deviations from the long-run equilib-
rium are corrected over time: the error correction term enters with the expected negative
sign and is statistically significant in most specifications. Notably, for two of the three
indicators (ROA and OM), the absolute value of the adjustment coefficient is larger for
the subsidy-adjusted measures (ROA*, OM¥), implying faster reversion once transfers are
netted out. In contemporaneous effects, operating activity raises AROA*, whereas capi-
tal expenditure and leverage depress AROE/AROE¥, and higher cash liquidity improves
AROE*. Year dummies corroborate a sharp negative shock in 2020 for equity returns and,
by 2022, a rebound in the operating margin alongside a decline in ROA, indicating an
uneven path out of the crisis. Inference relies on Driscoll-Kraay standard errors, which
are robust to heteroskedasticity, autocorrelation, and cross-sectional dependence—features
typical of short panels exposed to common shocks.

These econometric results refine the broader determinants identified earlier. Across
specifications, changes in passenger numbers, flight operations, and employment levels
are the primary drivers of profitability measures. At the same time, capital expenditure,
turnover of current assets, and liquidity are particularly relevant for ROE. The estimated
coefficients on the COVID-19 dummies confirm a substantial adverse effect on financial
performance; this effect is statistically significant for the operating margin and return on
assets, and weaker for return on equity, which is consistent with the notion that inter-
nal managerial and financing choices more strongly mediate shareholder returns than
contemporaneous macroeconomic shocks.

The findings are aligned with prior research indicating that larger airports weather
crises more effectively (e.g., Warsaw—-Chopin, Krakow, Gdansk, Katowice, Poznan, and Wro-
claw), and that, irrespective of ownership structures (state ownership at Warsaw—Chopin
versus regional self-government involvement elsewhere), airports tend to improve financial
performance through cost reduction and more effective capital use (Abbruzzo et al. 2016;
Iyer and Jain 2019; Painvin 2011).

At the same time, the mixed effectiveness of public aid exposes structural risk
factors and operational asymmetries. First is fiscal dependency: some airports oper-
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ated primarily on public transfers during the period, casting doubt on their long-term
capacity for self-financing. Second is accounting and methodological risk: subsidies
recorded as revenue can distort profitability metrics and overstate managerial efficiency
(Ammoury and Salman 2024; Graham 2009); in such instances, airports may appear finan-
cially healthy even when the core business remains unprofitable. Third is aid allocation risk:
support was not always proportional to actual losses, raising concerns about fairness and
the effectiveness of compensation mechanisms; overly broad, non-selective programmes
may distort competition and perpetuate inefficient entities, weakening overall system
resilience (Colak et al. 2023; Court of Justice of the EU 2023).

From a managerial perspective, these results argue for a re-design of financial re-
porting and performance measurement under extraordinary circumstances. Traditional
indicators, such as EBIT, OM, and ROA, should be redefined to separate operating revenues
from non-market support and to incorporate forward-looking risk assessment. Recent
research emphasises dynamic approaches that integrate ex ante risk assessments and
subsidy-adjusted metrics (IATA and McKinsey & Company 2022; Novék et al. 2024). The
econometric evidence in this study validates the use of such adjusted indicators and rein-
forces the need to monitor post-crisis normalisation on that basis.

Taken together, the results answer the research question in the affirmative: deviations
in airport profitability from the long-run relation undergo short-run correction, and COVID-
19 subsidies modify the speed of that adjustment. The negative (and mostly significant)
error correction coefficient confirms the existence of a correction mechanism. At the
same time, the larger adjustment in the subsidy-adjusted specifications indicates faster
convergence once transfers are removed. Accordingly, the hypotheses that (i) an operative
error correction mechanism is present and (ii) subsidies affect its speed are supported by
the evidence.

This study has limitations. It relies on financial reporting data that may reflect hetero-
geneous standards and changes in practices during the pandemic. Access to detailed aid
documentation—especially the split between central and local government support—was
limited. Furthermore, the focus on financial outcomes omits social, environmental, and
qualitative dimensions. Fixed-effects estimation also limits external validity beyond the
sampled airports. Policy implications follow: future support should be more selective and
based on performance indicators adjusted for non-market influences; tools to evaluate oper-
ational resilience and strategic flexibility should be developed; uniform reporting standards
for critical infrastructure entities should be introduced; and long-term financial support
should be contingent on transformation plans that strengthen independence, resilience,
and adaptability.

Methodologically, the two-step cointegration ECM design with Driscoll-Kraay infer-
ence is well suited to short, shock-prone panels and can serve as a template for future
evaluations of critical infrastructure performance under systemic stress.
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