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Abstract

In the Portuguese economy, banks are the main institutions in the financial system,
and loans remain the primary source of income, despite the growing interest in
diversification. NPLs - traditionally classified as loans overdue for more than three
months - pose material risks to the stability of the banking system, limiting liquidity and
profitability, and increasing systemic risk for banks. This article analyses the
determinants of NPLs in the Portuguese banking industry, focusing on the pre- and post-
COVID-19 eras. It is organised into six parts, ranging from theory to empirical analysis.
Section 1 presents the study, its objectives, and its relevance for the Portuguese banking
system and the European Monetary Union. The literature on NPL determinants is
reviewed in Section 2, and Section 3 presents the dataset and Section 4 methodology,
which includes ARDL, Elastic Net, OLS, ECM, and VAR techniques. Section 5 discusses
the empirical results, including detailed COVID-19 dynamics, and Section 6 concludes
with a summary of the main findings, policy implications, and scope for future research.
The main results show that NPL dynamics in Portugal are fundamentally explained by
persistence and bank-specific factors (liquidity and size), rather than macroeconomic
variables and COVID-19 shocks, which exert short-term and context-dependent impacts.
Historical credit risk highly conditions current NPL levels; this dynamic clearly reflects
the structural diversities of Portuguese banks. Policy recommendations call for strong

liquidity regulation, capital buffers, and targeted assistance during major shocks.
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Resumo

Na economia portuguesa, os bancos ocupam uma posi¢ao de destaque no sistema
financeiro, tendo principalmente os empréstimos como sua principal fonte de rendimento,
embora o interesse em diversificar se torne cada vez mais evidente atualmente. O crédito
malparado (NPL) - geralmente definidos como empréstimos cujo principal ou juros estdo
em atraso ha mais de 90 dias - representam uma ameaga significativa a solidez do sistema
bancario, reduzem a disponibilidade de crédito, lucratividade e aumentam os riscos
sistémicos para os bancos e o sistema financeiro em geral. Este estudo examina os
determinantes dos NPLs no setor bancario portugués, antes e apds a pandemia de COVID-

19. O estudo esta dividido em 6 segdes: os objetivos do estudo sdo delineados e sua

o~

relevancia para o sistema bancario portugués e a Unido Econdmica e Monetaria
discutida na sec¢ao 1. A pesquisa de literatura sobre os determinantes dos NPLs ¢
fornecida na se¢do 2, e a seccdo 3 descreve as varidveis e as respetivas fontes utilizadas,
a seccdo 4 apresenta a metodologia que envolve ARDL, Elastic Net, OLS, ECM e VAR.
A secdo 5 exibe os resultados empiricos, incluindo uma analise especifica das dindmicas
da COVID-19, enquanto a sec¢do 6 conclui com uma sintese dos principais resultados,
limitagdes encontradas ao longo do estudo e as implicagdes politicas e futuras abordagens
de pesquisa. Os principais resultados revelaram que a persisténcia e fatores especificos
dos bancos (liquidez e tamanho) sdo os determinantes mais influentes para a dindmica
dos NPLs em Portugal, e ndo as variaveis macroecondmicas ¢ choques da COVID-19,
que tém efeitos de curto prazo e dependentes do contexto. O risco de crédito historico €,
portanto, um fator condicionante muito forte para os niveis atuais de NPL, uma relagao
que também demonstra claramente a diferenciacao estrutural dos bancos portugueses. As
prescri¢des politicas sugerem uma regulamentacdo solida da liquidez e das reservas de

capital, bem como assisténcia direcionada durante grandes choques.

ii



Table of Contents

ACKNOWICAGMENLS .....eeieiiiiiieeiiiiie ettt e e e sttt e e e e stba e e e entaeeeesssaeeeeenssaeeeeanns i
ADSITACE ...ttt ettt ettt et e e es il
L] 115 1 Lo J PSPPSR PP RPPPRPPPPPPPPPPIN 11
LSt OF FIGUIES...ceeiiiiiiee ettt et e et e e ettt e e e et e e e s nabeeeeensaeeeeanns v
LISt O TADIES ...ceeeiiiiie ittt e e e st e e vi
LISt OF ACTOMNYIIIS ....eiieeiiiiieeeittiee e ettt e e ettt e e e ettt e e e ettt e e e st ee e e aeaeeeeentneeeeannseeeesennneeeannes vi
INErOAUCTION ...ttt ettt e |
LAterature REVIEW ......cooiuiiiiiiiiiiiie ettt et 4
Data Description and MethodOlOZY ........ccoouuiiiiiiiiiiiiiiiiiee et 7
Data Source and processing/preparation ............ccueeeeervveeeerirreeeeniueeeessnreeeesssreeessnssseeens 7
Exploratory analysis of the data .............cccveiiiiiiiiiiii e 10
Comparative Analysis of Pre- and Post-COVID-19 Trends.........cccccueevvieeriieeniiieeniineens 13
Methodology used N the STUAY ......cccviiiieiiiiiee e e 15
Results and DISCUSSION. ......ccevruiiiiiiiiiiiie ittt e st e e st e s eiaeeee e 19
ARDL Estimation RESUILS ........ccc.eiiiiiiiiiiiiiiiiicceeeeeeeeee e 20
Conclusions and IMPIICATIONS .........ccccuuvviiiiieeee et e e e eeireree e e e e e e seeerrereeeeeeeeseeeneeeens 26
RETETEICES ...ttt ettt 28
APPENIAICES .ooeeiiiiiiieeee e ettt e e e e ettt e e e e e e e ettt bar e e e e e e e e e ntrabataeaaeeeaanrtrrraaaaaeeeaannnes 37
Appendix A: Cleaning and Frequency-Harmonised Data.............cccocveeviiiiniieennneennnen. 37
Appendix B: Descriptive Analysis of the Dataset ............ccoevvvieeeiniiiiiinniieeeeieee e 39
B1) Analysis of all 4 variable categories with COVID-19 split.........ccccocveeriieeninnene 39

B2) Correlation matrix heatmap for all variables ...........ccccceeeeviiiiiiiiiiiieeeee e, 56

B3) Scatter Plot Analysis of NPL Determinants...........cccceeevvieeeeiniiieeenniieeenniiieeennne 60

B4) Variables correlated PairsS..........ccuueeieeriiieeeeiiiieeeeciiee et eeeesrreeeeeieee e eeeaee e 63
Appendix C: Data Testing and Modelling.............cccoovveiiiiieriiiiciiiiieiee e 67
C1) TeSt the data .......ccocuviiieiiiiie e e e e e e et e e e e nraeeeeeneees 67

C2) Vector Autoregression (VAR) Framework...........cccccooveiiiiiiiiiiiiiiniieeeeees 71

C3) Autoregressive Distributed Lag (ARDL) ......coovviiiiieeiiiiiieeeiiieeecee e 74

C4) ARDL Estimation Results — Elastic Net, ARDL-based.............cccoeeeuvrieieieeennnnnns 75

C5) ARDL Estimation Results — OLS simple regression, ARDL-based ..................... 77

C6) ARDL Estimation Results — Dynamic ECM estimation ARDL-based ................. 79
Appendix D: Covid dummy variable extended treatment............cocceeeeiviiieeeinniieeennnnne. 82
D1) Covid dummy variable: Binary Specification .............cccceevvviieeeeniiieeeeiiiiee e, 82

D2) Covid dummy variable: Phase-by-Phase Specification ............ccccccoeevevvrivennn.nn. 93

v



List of Figures

Figure 1 - Variables Plot......coooiiiiiiiiiiiiiiiee et e s 10
Figure 2 - ARDL variables trend ...........cccoiiiiiiiiiiiiiiciicceeeee e 17
Figure 4 - Residuals versus Fitted Values ..........cccccoeeriiiiiiiniiiii e 23
Figure 5 - MISSING VAIUES ...cceviuiiiiiiiiiiiii ettt e s e e 38
Figure 6 - Time series CAR With COVIA .....coouiiiiiiiiiiiiiiiiiccce e 39
Figure 7 - Time series Bank Size With COVId..........cooviiiiiiiiiiiiiiiiiiec e 40
Figure 8 - Time series FSI with COVId.......cuuiiiiiiiiiiiiiiiiiece e 40
Figure 9 - Time series NPL With COVId ......coooiiiiiiiiiiiiiiiiicceee e 41
Figure 10 - Time series Personal loan with cOVid.........c.ccoovriiiiiiiiiiiiieiiiceeeee e, 42
Figure 11 - Time series ROA With COVId........ccoiiiiiiiiiiiiiiiiiic e 42
Figure 12 - Times series LDR With COVId .......cooiiiiiiiiiiiiiiiiiiiccccccce e 43
Figure 13 - Time series business freedom with covid..........ccccvviiviiiiiiiiiiiiiieiiiee e, 44
Figure 14 - Times series investment freedom with covid .........ccooooiiiiiiiiiiiniiiiiiiieee 44
Figure 15 - Time series judicial effectiveness with covid........cocceeviiiiniiiiniiiniiinee 45
Figure 16 - Time series property rights With COVId..........oeevriiiiiiiiiiiiiieiiiie e 46
Figure 17 - Time series PSI-20 With COVId......coooouiiiiiiiiiiiiiiiceee e 46
Figure 18 - Time series PGB 10Y with cOVId........ccooiiiiiiiniiiiiiiiicccec 47
Figure 19 - Time series US/EU exchange rate with covid ..........ccccvvivriiiiiinniiiieeeiieees 47
Figure 20 - Time series of GNI With COVId .....cooiuiiiiiiiiiiiiiiiic e 48
Figure 21 - Time series house pricing With COVId..........ooviriiiiiiiiiiiiie e 49
Figure 22 - Time series interest rates With COVId........cccuvviirriiiiiiiiiiiie e 50
Figure 23 - Time series inflation rate wWith COVid...........ccooiviiiiiiiiiiiiieee 50
Figure 24 - Time series PCRH-D With coVid ........ccoooiiiiiiiniiiiiiiiccccec 51
Figure 25 - Time series eXports With COVIA ......cooviiiieriiiieeiiiiiee e 52
Figure 26 - Time series real GDP with COVId .........cooiiiiiiiiiiiiiiicc e, 52
Figure 27 - Time series unemployment rate with coOvid...........ceovviiiiiiniiiiiiniiiee e 53
Figure 28 - Time series public debt with coOVid .........cccciiieriiiiiiiiiiiee e, 54
Figure 29 - Time series firm loan with COVId .........cooiriiiiiiiiiiiiiie e 54
Figure 30 - Correlation matrix of all variables ............ccooceeriiiiiiiiiiiiiiiiiiicceceece 56
Figure 31 - Scatter plot of NPL determinants.............cccueeeeerueieeeriiiieeeniiieeeesiieeeeeieeeeenes 60
Figure 32 - Variable pairs with high correlation.............ccccoooiiiiniiiiiiiiee 64
Figure 33 - ADF StatiStiC ...couueeiiiiiiiiiiiiiie et 67
Figure 48 - Residuals Vs Fitted values - Binary specification ............cccccvveevrcvieeeeeiiieeeens 92
Figure 49 - Residuals Vs Fitted values - Phase-by-phase specification..............cc....cc.....e. 104



List of Tables

Table 1 - Description of variables and SOUTCE .............oeeiiiieiiiciiiiiiiiieee e e 7
Table 2 - Variables of raw SAMPLE........ccoviviiiiiiiiiiiieeiiiee e e 9
Table 3 - ADRL model output (AIC & BIC) ...ccuviiiiiiiiieeeiiee et 20
Table 4 - Variables quarterly harmoniSed............ccccuvviiiiiieiiiiiiiiiiiiee e, 37
Table 5 - Variance Inflation Factor (VIF) output.........cccceveiiiiiiiiiiiiee e 68
Table 6 — Elastic NEt T@SUILS .......ceeiiiiiieeiiiieeeeiiee et ee et et e e e e e eiae e e e eeaaeeeennes 70
Table 7 - Vector Autoregression (VAR) 1eSUlts...........eeiiiieiiieiiiiiiiiiieeeeeciieeee e, 73
Table 8 - ARDL variable SeleCtion...........coouiiiiiiiiiiiiiiiiieieceec e 75
Table 9 — Elastic Net ARDL-based reSultS.........c..oceeriiiiriiiiiiieeiiiiiee e 76
Table 10 - OLS simple regression, ARDL-based results.............ccceveeereiicciiiieieeeeeeeeinenen, 77
Table 11 - Dynamic ECM estimation ARDL-based results...........cccceevviiieerniiiieeeniiieeeene 79
Table 12 - First differenced ECM and lagged ECT ........cocoooiiiiiiiiiiiiieiiee e 81
Table 13 - VIF results - Binary Specification...........ccccceeeeeieciiiiiiieiiee e 83
Table 14 — Elastic Net results - Binary Specification ..............cccoeeveeeivniiieieniiieee e 83
Table 15 - Vector Autoregression (VAR) results - Binary Specification.............c.ccecevveeenn. 86
Table 16 - ARDL model results - Binary Specification ...........cccccccveeevericciiieeeeeeee e, 87
Table 17 — Elastic Net ARDL-based - Binary Specification ............ccceevcveeeeniiieeeeniiieeenns 88
Table 18 - OLS regression results ARDL-based — Binary Specification ..............cccccvveeennn. 89
Table 19 - Dynamic ECM estimation ARDL-based results - Binary Specification.............. 90
Table 20 - First differenced ECM and lagged ECT - Binary Specification...............c.......... 91
Table 21 - VIF results - Phase-by-phase Specification ............cccoeeveveeriiiieeeiiiiiee e 93
Table 22 — Elastic Net results - Phase-by-phase Specification...........ccccccevvvvvieeeeeienecnnnnen. 94
Table 23 - Vector Autoregression (VAR) results - Phase-by-phase Specification ................ 97
Table 24 - ARDL Model results - Phase-by-phase Specification ............ccccceecvvveeeniiieeennns 99
Table 25 — Elastic Net ARDL-based - Phase-by-phase Specification................ccceeuennneen. 100
Table 26 - OLS regression model ARDL-based - Phase-by-phase Specification............... 101
Table 27 - Dynamic ECM estimation ARDL-based results - Phase-by-phase Specification
....................................................................................................................................... 102
Table 28 - First differenced ECM and lagged ECT - Phase-by-phase Specification.......... 103

vi



List of Acronyms

ADF - Augmented Dickey-Fuller

AIC - Akaike Information Criterion

ARDL - Autoregressive Distributed Lag
BIC - Bayesian Information Criterion

CAR - Solvency / Capital Adequacy

EBA - European Banking Authority

ECB — European Central Bank

ECM - Error Correction Model

ECT - Error Correction Term

EU — European Union

FRED - Federal Reserve Economic Data
FSI - Financial Soundness Indicator

GDP — Gross Domestic Product

GNI — Gross National Income

IMF - International Monetary Fund

INE - Statistics Portugal

LDR — Loan-to-deposit ratio

NPL — Non-performing Loan

OLS - Ordinary Least Squares

PCRH-D - Private consumption of resident households by durability M€
PGB 10Y - 10-year Portugal Government Bond
PSI - Portuguese stock index

ROA — Return on Assets

SME - Small and Medium-sized Enterprises
VAR - Vector Autoregression model

VIF - Variance Inflation Factor

vii



Introduction

In some economies, such as the Portuguese one, the financial system is
predominantly bank-centred, an opinion validated in Mirovi¢ et al. (2024). These
organisations, led by governance and shareholder agency, are looking for cost-effective
ways to allocate and manage their assets to enhance shareholder value (Floros, 2020;
Horvat et al., 2022). While the importance of revenue diversification has increased over
the years, those lending activities continue to be the bedrock of a bank, with the highest
profit potential. Nevertheless, for loans, the credit risk is complete, so that no matter how
strong the credit approval is (Casu & Girardone, 2006). Efficient control of this risk is

one of the most important indicators of a bank’s efficiency of work.

The rapid growth of NPL, typically defined as loans due unpaid over 90 days, as
set out by Washington (2005). Higher capital requirements for NPL will carry on that
staircase of demands; profits are curtailed, and liquidity is restricted. The credit supply,
in principle, will be choked (Chiesa and Mansilla 2020). For these reasons, they are often
used as measures of financial strength and systemic risk (Klein 2013). Higher levels of
NPLs that result in an increased likelihood of default make additional work for
administration and reduce cost-effectiveness (Berger & DeYoung, 1997), all of which
consumes banking stability - a matter particularly pressing in dynamic economies (Ghosh,

2017).

Defaults are also responsible for loss in the value of assets, which weakens bank
capital and can, in turn, destabilise linked financial institutions (Morttinen et al., 2005).
A high volume of NPLs will produce deficits in liquidity, cause financial intermediation
to slow down and dissuade investment. In the final analysis, this will damage economic
growth. Historical data additionally proves that they feature in financial crises (Kunt &
Detragiache, 1998; Gonzalez-Hermosillo, 1999) and excludes one of the essential things

about recovering trust as well as functionality (Klein, 2013).

The 2008-2009 global financial crisis and the 2010 European sovereign debt crisis
highlighted both the instability generated by illusory credit expansion and the need for
stricter supervision, along with larger capital buffers and less mistrust between banks and

governments. To meet this challenge, the ECB has focused on reducing NPLs, giving



guidance in 2017. This was followed by the EBA’s 2018 guidelines and Bank of Portugal
disclosure standards for smaller institutions in 2019. These measures reflected the
recognition that high NPL levels reduce interest earned while eroding both capital and

resources available for productive use, at the same time impeding market access (Bank

of Portugal, 2025).

Portuguese banking is a case in point. Scandals involving Bank Espirito Santo in
2014 and Banif'in 2016 revealed scandalous balance sheet impairment due to toxic assets
and defaults (Mendanha, 2021). Empirically, banks that are less profitable and more
interest rate-exposed are observed to be under higher default risk in downturns, while
stability is found only for the continued effects of the NPL ratio on the real growth of the
GDP. The LDR, however, is expected to carry a positive relationship with NPLs,
indicating liquidity risk vulnerabilities (Mendanha, 2021).

While these were also examined in previous crises, the COVID-19 pandemic
represented a new kind of shock. On top of that, it mixed public health restrictions, loan
moratoria and extraordinary fiscal and monetary operations. This unprecedented situation
changed borrower conduct and bank risk exposures, which poses the questions of the
continuity and the causes of NPLs in the post-COVID-19 scenario. Econometric
modelling of NPLs, according to Klein (2013), provides an additional way to assess the
longer-term outlook and stress-test such figures, which is motor oil for macroprudential
oversight. Such tools are not only ubiquitous, but they also serve to light up hidden
recesses within the system (Beck et al., 2013). In Portugal, high-frequency availability of
data provides room for more refined modelling to track ongoing changes in NPL

dynamics.

Portuguese banks have significantly reduced their NPL ratios over the past few
years. Since April 2018, institutions with significant exposures have been required to
submit strategic reduction plans, supported by EU and national initiatives to develop
secondary NPL markets (Mendanha, 2021). Although there has been some progress,
ongoing research of Portugal’s banking sector lags larger eurozone countries; the
influence of COVID-19 is a good example. In addition, existing studies generally
emphasise either macroeconomic factors or bank-specific elements; few try to deal with

them simultaneously while also considering pandemic effects.



The purpose of this study is to examine the effects of macroeconomic variables
and bank-specific factors on NPLs in the Portuguese context, with special emphasis given
to both pre- and post-COVID-19 periods. The objectives are threefold: (i) to assess the
relationship between macroeconomic conditions and NPLs, (ii) to evaluate the effect of
bank-specific characteristics, institutional and market level, and (iii) to see whether the

pandemic itself changed what determines NPLs in Portugal’s banking system.



Literature Review

The business cycle has an impact on the determinants of NPLs (Climent & Serrano
2019). To supervise the financial sector effectively, these dynamics must be monitored.
Stress testing has become a useful tool for assessing the resilience of the banking system
in adverse circumstances (Milenkovi¢ et al, 2024). Many studies have identified external
(macroeconomic) and internal (bank-specific) determinants of bad loans. Naili and
Lahrichi (2022) found, for example, that external factors have a more significant impact,
suggesting that banks are highly vulnerable to macroeconomic conditions despite risk

management strategies that are focused on their own internal affairs.

A large amount of research confirms that macroeconomic variables like GDP
growth, unemployment rates, inflation, and interest rates significantly influence the level
of NPLs. Higher GDP growth generally reduces NPLs by increasing borrowers’ ability
to repay their debts. However, unemployed people and the high interest rates deter them
from paying back loans (Salas & Saurina, 2002; Mendanha, 2021). In addition, Klein
(2013) discovered that NPL risks go up when inflation rises and exchange rates
depreciate, especially in emerging economies. When NPL drivers were examined by
Kanapickien¢ et al. (2023), they were grouped into macroeconomic, financial market and
institutional factors. It was shown that economic growth and a favourable stock market
and a bad foreign exchange market reduce the incidence of NPL; conversely, indicators
of the credit market and bond market often increase it. During crises like the COVID-19
pandemic, macroeconomic volatility becomes an important factor. Interestingly,
Kanapickiené et al (2023) pointed out that in the CEE region during the outbreak of
COVID-19, there was a reduced level of risk from NPLs caused by the pandemic, likely
due to state support programmes and temporary moratoria on loan repayments. This
means that crisis-response policies can partly decouple economic contractions from loan

defaults.

From 2008 to 2013, both the EU and most of its member states experienced
dislocation on the economic front. In 2009, GDP contracted by over 4% (Pjani¢ et al.,

2020). In the Eurozone, the average employment growth was only 1.72% (European



Central Bank). During this period, the banking sector’s NPL ratio averaged 8.06%; its
ROA and ROE were 0.51% and 5.54% respectively (Milenkovi¢ et al., 2024).

In terms of bank-specific indicators, including positions of minimum regulatory
capital rates, net profit and LDR, NPLs are on an upward trend. According to the moral
hazard hypothesis (Berger and DeYoung, 1997), banks with lower capital tend to lend
more recklessly and have higher NPL ratios. This is substantiated by evidence from Spain,
which links low capital ratios to higher NPLs (Salas & Saurina, 2002). Governance
considerations, well-capitalised and profitable banks also have a slightly greater capacity
to withstand the impact of rising NPLs (Thornton & Di Tommaso, 2020). Loans from the
banking system grew as the criteria for obtaining credit were eased, compared with
advances on the same terms acquired by borrowers (Keeton, 1999). Sinkey and
Greenawalt (1991) found that strong banks are less affected by losses, thus underscoring
the importance of extending or completing Basel III rules (Milojevi¢ & Redzepagic,
2021). Under conditions of stress, capital adequacy must be thoroughly stress-tested for
both insolvency and risk exposure analyses, as best to have (Vunjak et al., 2015).
Liquidity and profitability at a bank are determined by the degradation of macroeconomic
and institutional factors (Radovanov et al., 2023), highlighting the importance of closely
following their attributes to effectively handle NPL levels.

In assessing banking stability and performance, NPLs remain a crucial field. For
different types of NPL, therefore, the forces driving them operate quite distinctively and
call for diverse policies. As for households, growth in GDP and the rise in house prices
can reduce NPLs, but unemployment and interest rates will have an opposite effect
(Bofondi & Ropele, 2011). In the case of companies, defaults tend to be more cyclical as
well as investment-driven (Bofondi & Ropele, 2011). Similar findings are reported in
Greece (Louzis et al., 2012) and Serbia (Otasevi¢, 2013). In Portugal, the role of these
distinctions becomes particularly important because COVID-19 has had very unequal
consequences across sectors: service-based SME’s had a significant strain placed on them
by temporary factors, but to a much slighter extent, households experienced gains from

receiving three-month allowances for not working.



Loan dynamics at the firm level are also reflected in NPL patterns as well as the
overall economic situation. For instance, “zombie loans” - loans provided at subsidies to
failing businesses - reduce productivity, waste financial resources, and make the banking
sector more vulnerable (Acharya et al., 2024; Constancio, 2015). Empirical study ARDL
co-integration, Bayesian Model Average example shows that GDP, public debt,
construction of education while unemployment and domestic credit all have persisting
effects on NPLs. But household credit as well as personal loans are crucial to the
accumulation of bank sector risk factors (Foglia, 2022; Bolognesi et al., 2020; Maltritz &
Molchanov, 2014; Khan et al., 2020). Recapitalisation was absent after weakly capitalised
banks began defaulting on their own debts beginning in 2008, or else became “zombie”
creditors for industries that either went bankrupt or survived in inefficient forms. This
backwardness affects not only performance at the company level but also credit risk

(Acharya et al., 2024).

The nature of NPL patterns is also affected by the institutional and structural
settings. As for Betti et al. (2007), Rahman & Howlader (2012), Dillard et al. (2004), the
development of the financial market, credit accessibility, governance quality, accounting
integrity and individual company nature differentials were all factors that contributed to
normal-risk and over-indebtedness levels. Regulatory responses in Portugal also involved
such interventions as standardised EBA financial reporting templates and selling off

assets to reduce exposure to NPLs.

All in all, macroeconomic variables, especially GDP growth, unemployment,
inflation, and interest rates, are recognised as the main factors driving NPLs.
Nevertheless, their impact on different borrower types or within different institutional
environments is not yet fully understood. Despite the thousands upon thousands of papers
and books that have been written on corporate finance in recent years, there are still many
questions for scholars interested in public finances and particular circumstances. Firm-
level loan effects have not been thoroughly researched in Portugal during the pre- and

post-COVID-19 period.



Data Description and Methodology

Data Source and processing/preparation

Portugal’s banking industry and economy study incorporates a quarterly data set
covering early 2005 to early 2025. This data set contains four main variable categories:
indicators specific to banks, market and institutional variables, and key macroeconomic

time series. The dataset was collected from widely accepted and official sources, ensuring

a high level of reliability and comparability.

Category Variable Impact on NPL References Source
Solvency / Capital Adequacy Ratio Mixed, can lower household NPLs, but |Salas & Saurina (2002); Berger & DeYoung (1997); | Banck Portugal
(CAR) raise corporate NPLs due to risk-taking |Thornton & Di T (2020) stat
Banck Portugal
Profitability (ROA) Negative (more resilient banks) Thomton & Di Tt (2020) stat
Banck Portugal
Mixed: larger banks may engage in Giannoccolo & Mansilla-Fernandez (2017); Berger et |stat, own
Bank Size riskier behaviour (“too big to fail™) al. (2013) calculations
Bank-Specific PSI-20 (Portuguese Stock Index) Negative Kanapickiené¢ et al. (2023); Abusharbeh (2020) investing.com
Variables Banck Portugal
Firm Loans Portugal Positive Rahman & Howlader, (2024); Acharya etal., (2024) |stat
Financial Soundness Indicator (Credit Implementation of the EBA's harmonised reporting | Banck Portugal
at Risk / Gross Credit) - FSI Anlalysed along side with NPL framework 2015 to NPL stat
Banck Portugal
Personal Loans Portugal Positive Kanapickiené¢ et al. (2023); Foglia, (2022) stat
Maltritz & Molchanov (2014); Gounder, C., & Bajaj,
Loan-to-Deposit Ratio (LDR) Positive V. (2022); Magdali P., & Tsakalos, 1. (2021) ECB Data Portal
Portuguese 10y Governament Bond Kanapickiené et al. (2023); Lehmann and Manz
Yield (PGB 10Y) Positive (2006) com
Kanapickiené et al. (2023); Maltritz and Molchanov | The Heritage
Property Rights Negative (2014) Foundati
Institutional / Market- Kanapickiené et al. (2023); Maltritz and Molchanov | The Heritage
Level Variables Investment Freedom Negative (2014) Foundati
Kanapickiené et al. (2023); Maltritz and Molchanov | The Heritage
B Freedom Positive (2014) Foundati
Kanapickiené et al. (2023); Maltritz and Molchanov | The Heritage
Judicial Efectiveness Negative (2014) Foundati
Salas & Saurina (2002); Louzis et al. (2010); Bofondi
& Ropele (2011); Otasevic (2013); Kanapickiené et |FRED Economic
Real GDP PT Negative al. (2023); (Mendanha, 2021) Data
Louzis et al. (2010); Bofondi & Ropele (2011); FRED Economic
Unemployment Rate Positive Espinoza & Prasad (2010); (Mendanha, 2021) Data
Otasevic (2013); Klein (2013); Kanapickiené et al. FRED Economic
Inflation Rate Positive (2023) Data
Bofondi & Ropele (2011); Louzis et al. (2010);
Otasevic (2013); Rinaldi & Sanchis-Arellano (2006); |FRED Economic
Interest Rate Positive Bahruddin et al. (2018) Data
Otasevic (2013); Ilievska et al. (2012); Kanapickiené |FRED Economic
USD/EU Exch Rate Positive etal. (2023); Klein (2013) Data
Macroeconomic FRED Economic
Variables House Pricing PT Negative Bofondi & Ropele (2011) Data
Banck Portugal
Exports PT M€ Negative Ilievska et al. (2012) stat
Private consumption of resident
households by durability ME (PCRH- INE - Statistics
D) Negative Bofondi & Ropele (2011) Portugal
INE - Statistics
Gross National Income (GNI) Negative Ilievska et al. (2022) Portugal
Federal Reserve
Foglia, (2022); Bolognesi et al., (2020); Maltritz &  |Bank of St. Louis
Public Debt PT Positive Molchanov, (2014); Khan et al., (2020) (FRED)
Mixed, often negative due to policy
COVID-19 Crisis (dummy/period) support Kanapickiené et al. (2023); (Mendanha, 2021) DGS Oficial Site

Table 1 - Description of variables and source




Financial data were obtained from the Bank of Portugal, providing an easily
accessible and reliable source of data about various facets of the domestic banking sector.
The bank-specific indicators employed in this study include CAR ratio, bank size
(measured as the logarithm of total assets), ROA, and the LDR, sourced from the ECB
Data Portal. The data also includes the volume of personal and firm loans, and the FSI,
which as credit at risk relative to total gross credit has heterogeneous effects on NPLs:
increase when capitalization and profitability grow (Thornton & Di Tommaso, 2020),
more loan exposure and a higher LDR level, however, result in the frequency of NPLs

rising (Maltritz & Molchanov, 2014; Gounder & Bajaj, 2022) (Appendix A).

NPL information is only available from 2015 onwards, following improvements
to the EBA's harmonised reporting framework, which ensures comparability across
banks. To maintain consistency and extend the time horizon, the FSI variable was retained
in the dataset, as it provides a proxy for asset quality from 2010 onwards and provides
similar information to the NPL ratio according to the harmonised definition (see

Appendix A).

The institutional and market environment was measured by a series of indices
issued by the Heritage Foundation, comprising business freedom, investment freedom,
judicial effectiveness and property rights. The strength of the institution and the protection
of property rights appear to mitigate NPLs, but the greater freedom to undertake business,
incidentally, may be increasing NPLs (Maltritz & Molchanov, 2014; Kanapickiené et al.,
2023). In addition to those measures, the market data reflected in this article is taken from
Investing.com: PSI-20 and PGB 10y yield. Stock market performance tends to lower
financial fragility; by comparison, a higher sovereign bond yield is indicative of an

aggravation of credit quality (Lehmann & Manz, 2006) (Appendix A).

Abroad array of macroeconomic indicators was collected from the FRED and INE
databases. These encompass such things as real GDP, GNI, exports, and real estate prices.
In general, they tend to have negative correlations with NPLs (Bofondi & Ropele, 2011;
Ilievski, 2022). In contrast, unemployment, inflation rates and the exchange rate of
USD/EUR will tend to push up NPLs by making borrowers have less repayment capacity
and having higher costs for servicing debt (Louzis et al., 2012; Otasevic, 2013). In



addition to this, public debt (obtained from FRED) is associated with higher NPLs as a
result of sovereign (Foglia, 2022; Khan et al., 2020) - Appendix A.

The dummy variable represents the COVID-19 crisis, which is causing a structural
rupture. Initially, it was thought that, with NPL ratios decreasing, policy support measures
such as loan moratoria, state guarantees, or ECB interpositions would be able to mitigate
the impact of the crisis, but the benefits have been mixed (Mendanha, 2021);
Kanapickiené¢ et al., 2023). In the baseline specification, the dummy variable takes the
value of 0 before the onset of the pandemic and 1 from the beginning of the COVID-19
period until the end of the sample. An extended specification is also considered, whereby
the dummy variable assumes the value of 0 until the emergence of the pandemic, 1 during
the pandemic period, and reverts to 0 once the “end” of the pandemic is reached, defined

as the moment when all contingency measures were lifted in Portugal (Appendix A).

By analysing NPLs in the Portuguese context, this dataset can be used to provide
insights into how NPLs are influenced by factors such as finance, macroeconomics,
institutions, and the market. With this increasing data coverage, it becomes possible to
analyse what determines NPLs in Portugal in the pre- and post-COVID-19 periods, thus

answering the main research question.

Category Variable Units Frequency (original) Raw Observations Sample Period

Dependent variable |[NPL Ratio (%) Quarterly (Dec) 37(2015Q4 - 2024Q4
CAR Ratio (%) Quarterly (Dec) 60 2010Q1 - 2024Q4
Bank Size € (log/absolute) Quarterly (Dec) 68| 2008Q1 - 2024Q4
Bank-specific Firm Loan PT € million Monthly 243| 2005M1 - 2025M3
Variables FSI Ratio (%) Quarterly (Dec) 60 2010Q1 - 2024Q4
Personal Loan PT € million Monthly 243| 2005M1 - 2025M3
ROA Ratio (%) Quarterly (Dec) 68| 2008Q1 - 2024Q4
LDR Ratio (%) Quarterly (Dec) 83| 2004Q4 - 2025Q2
Business Freedom Index (0-100) Annual (Jan) 21 2005 - 2025
Investment Freedom Index (0-100) Annual (Jan) 21 2005 - 2025
e Judicial Effectiveness Index (0-100) Annual (Jan) 21 2005 - 2025
l\!:an:lzl;m\l/m\i - Property Rights Index (0-100) Annual (Jan) 21 2005 - 2025
PSI-20 Index Monthly (Start) 245| 2005M1 - 2025MS
PGB 10y Yield (%) Monthly (Start) 245| 2005M1 - 2025MS
Exchange rate US/EU USD/EUR Daily (Business) 5305| 2005M1 - 2025M5
GNI € million Quarterly (Oct) 81| 2005Q1 - 2025Q1
House Pricing PT Index (2015=100) Quarterly (Oct) 81| 2005Q1 - 2025Q1
Inflation Rate Y% change (y-0-y) Quarterly (Oct) 81| 2005Q1 - 2025Q1
M Interest Rate % Quarterly (Oct) 81| 2005Q1 - 2025Q1
Variables PCRH-D € million Quarterly (Oct) 81| 2005Q1 - 2025Q1
Exports PT € million Annual (Dec) 20 2005 - 2024
Real GDP PT € million Quarterly (Oct) 81| 2005Q1 - 2025Q1
Unemployment Rate % labour force Quarterly (Oct) 81| 2005Q1 - 2025Q1
Public Debt PT € million / % GDP Annual (Dec) 21 2004 - 2024

Table 2 - Variables of raw sample



Exploratory analysis of the data

This section provides a quantitative analysis of Portuguese variables, emphasising

their economic and financial importance. Covering the period 2005 to 2025, the graphical

representation is divided into four categories: banking sector indicators, institutional

quality and freedom indices, financial market indicators, and macroeconomic variables.

The whole aim is to find patterns, trends and swings in Portugal's economy and

banking system, from periods of financial strain that might indicate other trend changes

such as the world-wide financial crisis, the sovereign debt crash or even the COVID-19

pandemic. The trends observed here set the context for subsequent econometric analysis

and suggest possible links between NPLs, macro-financial variables and institutions.
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Figure 1 - Variables plot

On most of these measures of resilience, banking system indicators show

significant gains after the sovereign debt crisis, as the capital adequacy ratio, in effect,

almost doubled following 2012 due to regulatory pressure and Basel III requirements.

Bank size declined slightly until 2017, reflecting deleveraging, before recovering as the

sector gradually consolidated. Bank size overall fell slightly until 2017 due to

deleveraging (though recovered with a slow grind in that year), and NPLs dropped sharply

from 15% in 2016 to below 2% by 2024, showing large improvements in asset quality,

recapitalisation and filled holes made by supervisors. In the meantime, ROA seemed
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erratic over time, with negative readings in crisis years and 2020 when the COVID-19
shock hit, but recovered after 2021. In 2016, FSI was highest as NPLs, then fell
drastically; as to the LDR, it went down from very high (nearly 160%) in 2008 to below
80% by 2025, showing a sustainable funding structure. Firm loans rose and soared around
2008, fell between 2010 and 2013, and stabilised at a significantly lower level during the
recovery era. They spiked during the 2020 temporary upturn, mainly from COVID-
related support and rose on a steady incline again in 2021 - 2024. Personal loans followed
the same pattern: a pre-2008 rise, a sharp fall from 2009 to 2012, and then, very gradually,
they both decreased and recovered from 2013. In 2020 an especially pronounced decline
in lending (probably reflecting increased uncertainty during the pandemic) as creditors
tightened risk assessment rules and credit access was restricted. Following this period,

growth finally stabilised at modest levels.

Freedom and institutional quality indices were also developed over this period.
Judicial effectiveness improved sharply from 2015, which might have been linked to
structural reforms and major adjustments after the bailout. Property rights also remained

steady and slightly improved after 2018, showing a solid institutional framework.

Financial market indicators reveal a volatile movement for the PSI-20, peaking in
2007- 2008 but then declining during the crisis. It really stayed relatively flat throughout
the 2010’s but rebounded somewhat post-2020 compared to growth in actual economic
indicators, hinting at a slower capital market. Following the sovereign debt crisis, PGB
10y yields soared thanks to ECB intervention and subsequently stayed low, reflecting
restored investor confidence. Moderately fluctuating, the USD/EUR exchange rate is as

one would expect with euro membership.

Macroeconomic variables demonstrate steady GNI growth, interrupted by a
COVID-19-related dip in 2020, followed by recovery. House prices - it is known that they
were flat until 2013 and rose thereon - soared later because of factors like tourism, foreign
investment and housing demand. During most of the period, inflation was low; it hit a
peak around 2021-2022 due to rising global prices. Correspondingly, interest rates
declined steadily until 2015, remained near zero until 2022, and then increased sharply as

the ECB tightened monetary policy in response to rising inflation, aiming to stabilise the
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economy and prevent potential macroeconomic disruption. Exports grew steadily, there
was a small dip related to the COVID-19 recession in 2020, and Real GDP picked up
where the foreign-exchange crisis left off. PCRH-D soared step by step, experienced
crisis-induced declines, and unemployment rose to more than 16% in 2013 and decreased
to 6% by 2025. After 2010, the public debt soared and went over 120%, then after 2017
dropped slightly. During COVID-19, some of the debt gradually increased again
(Appendix B).

In summary, it is possible to find that between 2008 and 2013, the global financial
and sovereign debt crises gave rise to high NPLs, spiking bond yields, peak
unemployment, rising public debt, and contractions in both firm and personal lending.
From 2014 to 2019, the recovery phase witnessed declining NPLs, revitalised bank
capital, restored economic growth across the country, a reduction in the unemployment
rate, and lively popular markets in both exports and housing. While the shock caused by
COVID-19 continued through 2021, it left temporary contractions in GDP, consumption
and employment, negative ROA for the banks, sudden but temporary shifts of bank
lending direction, accumulated new debt and unemployment. Further, for the period
between 2022 and 2025, the economy showed rapid recovery, with declining NPLs for
example, stable growth, a gradual reestablishment of credit channels to normal operation,
temporary rises in the rate of inflation and interest, and modest reductions in public debt

(Appendix B).



Comparative Analysis of Pre- and Post-COVID-19 Trends

The post-COVID-19 period is characterised by a marked strengthening of the
Portuguese banking sector, significant improvements in institutional indicators and a

pronounced recovery in macroeconomic performance, although accompanied by new

challenges related to inflation and financial markets.

Variable Pre-COVID Mean Post-COVID Mean A +/- Pre-COVID Std Post-COVID Std
CAR 11.351 15.801 39.20% 2212 1.182| -46.56%
Bank Size 5.648 5.642 -0.10% 0.051 0.020] -60.78%
Bank- Firm Loan PT 0.007 0.025| 257.14% 0.055 0.038) -30.91%
specific FSI 0.110 0.043 -60.90% 0.038 0.011] -71.05%
Variables [NPL 0.132 0.037 -71.97% 0.040 0.011 -72.5%
Personal Loan PT 0.034 0.047 38.24% 0.072 0.026| -63.89%
ROA 0.123 0.778| 532.52% 0.497 0.495|  -0.40%
LDR 136.900 81.718] -40.31% 26.749 3.750| -85.98%
Business Freedom 81.051 76.975 -5.03% 4.555 1.426| -68.69%
Inv Freedom 70.000 70.000 0,00% 0.000 0.000 0,00%
Institutional |Judicial Effectiveness 14.407 78.045| 441.72% 27.936 12.383| -55.67%
& Market |Property Rights 70.351 84.475 20.08% 1.131 7.405| 554.73%
Variables |PSI-20 6972.448 5761.407| -17.37% 2210.373 850.801| -61.51%
PGB 10y 4.507 1.981 -56.05% 2.880 1.309| -54.55%
Exchange rate US to EU 0.013 0.011 -15.38% 0.001 0.001 0,00%
Gross National Income 43872.980 59640.400 35.93% 3591.564 7817.378| 117.65%
House Pricing PT 102.760 180.217 75.37% 12.818 25.994| 102.79%
Inflation rate 0.014 0.033] 135.71% 0.014 0.031] 121.43%
Macroecono |Interest rate 0.011 0.014 27.27% 0.016 0.019 18.75%
mic PCRH-D 31799.908 34896.320 9.74% 1275.535 2331.683| 82.80%
Variables |Exports PT (M€) 64629317 103536.154 60.20% 13945.988 21286.248| 52.63%
Real GDP PT 44416.684 48884.590 10.06% 1647.154 3446.875| 109.26%
Unemployment rate 0.109 0.066 -39.45% 0.035 0.006] -82.85%
Public Debt PT 104.455 115.551 10.62% 25.673 13.424| -4.77%

Table 3 - Comparative Analysis of Pre- and Post-COVID-19 Trends

Post-COVID can be observed a significant structural change in the banking sector,
banks, financial markets, and the real economy. The banking system experienced an
increase in CAR of close to 40%, ROA by a factor of more than 5, and in the case of
NPLs, a decrease of almost 72%, bolstered by a reduction in FSI of 61%. This suggests
cleaner balance sheets and higher profitability. Lending activity grew for firms (+257%)
and households (+38%) despite the LDR shrinking by 40%, which indicated a healthier

deposit base and prudency in granting credit.

Institutional factors also improved dramatically, with the effectiveness of the
judiciary increasing over fourfold, and property rights strengthening by 20%, though
business freedom was still weak, slightly lower (—5%) than in 2018. In financial markets,
sovereign risks were reduced with a decline in PGB 10y yields of 56%, but equity results
deteriorated, with a 17% drop in the PSI-20. The value of the exchange rate also
depreciated slightly.
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From a macroeconomic point of view, GNI increased by 36% GDP by 10%,
exports by 60%, and household consumption by 10%. Unemployment dropped steeply (-
39%), indicating a more robust recovery in the labour market. Meanwhile, house prices
increased by 75%, inflation sped up by 136% and interest rates jumped by 27%, similar
to the post-pandemic demand pressures and rate hikes. The public debt also increased by

11%, emphasising the fiscal costs of the crisis.

On balance, the post-COVID era is one in which bank resilience is stronger,
institutional quality is better, macroeconomic expansion is robust, although inflation is
higher, housing market appreciation has been rapid, equity sentiment is weaker and fiscal

challenges still linger.



Methodology used in the study

This study investigates the drivers of NPLs in the Portuguese banking sector, with
NPLs serving as the dependent variable. The methodological framework follows similar
approaches employed by Foglia (2022) and Kjosevski, Petkovski, and Naumovska
(2019). Additional details are provided in Appendix C.

Given the time-series nature of the data, it was first necessary to assess the
stationarity of each variable. According to Gujarati & Porter (2009), if a series has a stable
mean and variance over time, as well as its covariance is only affected by the time, it can
be regarded as stationary. The The Augmented Dickey—Fuller (ADF) test, also in the
tradition of Kjosevski et al. (2019), Foglia (2022), and Castro and Santos (2010), accepts
the hypothesis that NPL data had a stationary I(0) value, making it suitable for inclusion
in an ARDL framework accommodating 1(0) and I(1) variables (Appendix C).

To identify relevant predictors and mitigate multicollinearity, Pearson correlation
analysis was conducted (Cotovio, 2023; Kanapickiené et al., 2023; Gounder and Bajaj,
2022). High correlation between variables was particularly closely scrutinised.
Consequently, PCRH-D was chosen to represent macroeconomic indicators, Judicial
Effectiveness represented institutional quality, and NPL was the dependent variable,
while excluding redundant measures such as FSI. A COVID dummy variable was
included to account for pandemic-related structural breaks. Further analysis was carried
out to test for multicollinearity. When excessive VIF values were found, these aspects of
the model were removed to avoid unstable or difficult-to-interpret coefficient estimates

(Appendix C).

The VAR framework was then applied to capture dynamic interdependencies
between NPLs, bank-specific indicators, and macroeconomic variables. NPLs were
treated as the dependent variable. This approach allows bi-directional relationships for all
variables irrespective of their position in any given list (Marques et al., 2020). Prior
studies (Espinoza and Prasad, 2010; Klein, 2013) demonstrate that NPL shocks have a
large effect on credit creation and macroeconomic conditions. This underpins the decision

to use VAR. The hypothetical model was well supported in its collective form by the data



analysis performed upon it. Consequently, found dynamics such as unemployment that
have continuity without being sustained by any single cause; Judicial Effectiveness
(polarity negative); significant lagged CAR in solvency and Interest Rate behaviour
showing both autoregressive patterns as well as a certain sensitivity to macroeconomic

shocks (see Appendix C).

On the other hand, the core of analysis lies in ARDL methodology, which gives a
flexible and robust way to distinguish between the immediate impact of an event and its
long-term outcomes. ARDL is especially suited to small samples and can handle different
orders of integrated variables (I(0) or I(1)), unlike traditional co-integration methods that
require them all to be integrated uniformly (Kjosevski et al., 2019; Foglia, 2022). The
short-run dynamic adjustment is captured by lags of difference terms on both dependent
and independent variables, while lags of levels reveal long-run equilibrium relationships.
The framework also allows for the derivation of a dynamic ECM and to quantify the rate
at which deviations from long-term equilibrium are reversed (Banerjee et al., 1993;
Pesaran & Shin, 1995). Optimal lag selection is guided by information criteria such as

AIC and BIC to ensure both statistical validity and parsimony.

The ARDL model is formally specified as follows:

q
8idxi_j+ MYe1+ Aoxeq + &
j=0

p
Ay, = Bo + Zﬁiﬂ}’t—i +
i=1

where y: is the dependent variable (NPL), x/ represents the independent determinants,
and Ay-;and Ax—; are lagged differences capturing short-term effects with
coefficients Biand §;. The lagged levels yr-7and x.-7 capture the long-run equilibrium,
with A1 and A2 representing long-term coefficients, while &t is the error term accounting
for unexplained variation. It is worth mentioning that the equation simplifies the model
to include only one independent variable. If more than one independent variable is
present, the summation terms for short-run dynamics and long-run equilibrium would be

expanded to include each of these additional determinants.

To refine variable selection and address multicollinearity, Elastic Net regression

was applied, combining LASSO and Ridge penalties to retain informative predictors



while controlling for correlated variables (Zou & Hastie, 2005; Tibshirani, 1996). After
this, OLS estimation of the coefficients on the ARDL model provided more robust
coefficients. This way, by incorporating ARDL into Elastic Net and ECM analysis, the
methodology effectively distinguishes short-term and long-term effects. Thus, it is
possible to understand the real meanings of these phenomena rather than simply
observing them. Additionally, the model yields both economic insight and policy-relevant

information on drivers of NPLs in the Portuguese banking sector (Appendix C).

Variables were retained based on their predictive importance, as identified by
Elastic Net regression coefficients, while VIF diagnostics ensured that multicollinearity
was within acceptable limits. Furthermore, the significance of lagged effects in the VAR
analysis informed the inclusion of variables with relevant dynamic interactions. The
graphical (Figure 2) shows the variables recommended for inclusion in the ARDL model,
distinguishing between main determinants and optional variables for robustness checks.
Variables such as ROA, Property Rights, Personal Loan PT, and the NPL ratio itself were

excluded due to insignificant predictive power or overlap with the dependent variable.

Figure 2 - ARDL variables trend

Using the selected variables and the period of 2016-2024, it is possible to observe
a few interesting patterns. In the pre-COVID period (2016-2019), NPLs and the
unemployment rate continuously decreased, signalling economic improvement. LDR
went down a bit, and Inflation stayed near its historical average. Real GDP collapsed
during the COVID shock in 2020, and interest rates dipped due to ultra-loose monetary

policy. Crucially, NPLs did not soar overnight, suggesting the success of policy responses

17



such as loan moratoria. During the recovery period from COVID (2021-2022), GDP
recovered along with bank size and CAR, whereas inflation stayed low. Inflation
escalated in the post-COVID period, and interest rates rose. Despite the macro-financial
headwinds, NPLs were still below their historical average, indicating the adequacy of
policy buffers as well as enhanced bank fundamentals. Some key co-movements were
seen, like in NPLs and unemployment pre-COVID, GDP growth with bank size
expansion, and the post-2022 separation of inflation and interest rates, signalling a change

in the policy environment.



Results and Discussion

The ADF test confirmed, i.e. accepts the hypothesis, that the NPL series is
stationary at levels (ADF = -4.893, p < 0.001), supporting its inclusion as an I(0) variable
in the ARDL framework. Correlation analysis and VIF diagnostics identified and
removed redundant predictors, while Elastic Net regression further refined the variable
set. This process ensured that the ARDL model could be estimated with a stable and
interpretable set of determinants. It also provides a solid foundation for VAR forecasting,
allowing the analysis of the dynamic relationships between NPLs, bank-specific factors,
and macroeconomic conditions. Detailed supporting statistical results are presented in

Appendix C.

The VAR model specification (Espinoza & Prasad, 2010; Klein, 2013; Marques et
al., 2020), derived from Elastic Net and VIF diagnostics, retained LDR, Unemployment
Rate, CAR, Judicial Effectiveness, Interest Rate, the PGB 10y yield, and Inflation. On the
other hand, COVID-19 was removed as a dummy variable from the dynamic
specification: corresponding to a shift effect capturing an unprecedented shock to the
system rather than a typical explanatory variable that evolves just like any of the others
in the VAR. The model had a strong fit to the data (AIC = -32.65, BIC = -30.16, log-
likelihood = 279.74), and economic theory gave plausible results. Unemployment
persisted, but this was mitigated by Judicial Effectiveness (p = 0.012). CAR was highly
autocorrelated but adversely affected by high LDR (p = 0.008) and inflation (p = 0.016).
Interest Rates were mainly autoregressive, but fell with CAR and PGB 10y yields, rising
with inflation if anything. Judicial Effectiveness itself was persistent, but responded to
interest-rate shocks by decreasing, which interest rates being negative, would mean less
than zero income. Inflation was positively influenced by lagged CAR and negatively by
interest rates. In the end, the results emphasise the key role played by institutional quality,
liquidity and solvency in shaping NPLs macro-financial dynamics. Appendix C provides
more detailed statistical output and full regression tables to enable a closer look at the

diagnostics of this model, familiarisation with the coefficients.



ARDL Estimation Results

The estimated ARDL model with lag length selected by AIC or BIC. The results

revealed that the model is highly compelling with a strong performance. The AIC-selected
model is an ARDL (1,1,0,0,1), and the BIC-selected model is shaped like ARDL
(1,0,0,0,1). Both models showed that NPL is a sticky problem, with NPL.L1 (the lagged
dependent variable) highly significant in both (AIC: 0.8535, BIC: 0.8074, p < 0.01),

indicating that credit defaults accumulate over time.

Dependent var in columns: True

Independent vars in columns: True
Optimal ARDL order using AIC: (1, 1, o, @, 1)
Summary of ARDL model selected by AIC:

ARDL Model Results

Dep. Variable: NPL  No. Observations: 36
Model: ARDL(1, 1, 0, 0, 1) Log Likelihood 166.343
Method: Conditional MLE S.D. of innovations 0.002
Date: Sun, @7 Sep 2025 AIC -314.686
Time: 15:06:30  BIC -300.688
Sample: 06-30-2016  HQIC -309.854
- 12-31-2024
coef std err z P>|z| [0.025 0.975]
const -0.8552 0.256 -3.338 0.002 -1.381 -0.330
NPL.L1 0.8535 0.064 13.416 0.000 0.723 0.984
LDR.LO 0.0024 0.000 4.967 0.000 0.001 0.003
LDR.L1 -0.0007 0.001 -1.375 0.180 -0.002 0.000
Real GDP PT.L@ 1.131e-06 5.01e-07 2.256 0.032 1.02e-07 2.16e-06
Bank Size.L® 0.1172 0.047 2.470 0.020 0.020 0.215
COVID_dummy.L@ 0.0168 0.005 3.218 0.003 0.006 0.028
COVID_dummy.L1 -0.0087 0.004 -2.463 0.020 -0.016 -0.001
Optimal ARDL order using BIC: (1, @, @, 0, 1)
Summary of ARDL model selected by BIC:
ARDL Model Results
Dep. Variable: NPL  No. Observations: 36
Model: ARDL(1, @, 0, 0, 1) Log Likelihood 165.158
Method: Conditional MLE S.D. of innovations 0.002
Date: Sun, @7 Sep 2025 AIC -314.316
Time: 15:06:34  BIC -301.874
Sample: 06-30-2016  HQIC -310.021
- 12-31-2024
coef std err z P>|z]| [0.025 0.975]
const -0.8101 0.258 -3.139 0.004 -1.339 -0.281
NPL.L1 0.8074 0.055 14.697 0.000 0.695 0.920
LDR.LO 0.0020 0.000 4.992 0.000 0.001 0.003
Real GDP PT.L@ 1.485e-06 4.37e-07 3.399 0.002 5.9e-07 2.38e-06
Bank Size.L@ 0.1010 0.047 2.163 0.039 0.005 0.197
COVID_dummy.L® 0.0193 0.005 3.897 0.001 0.009 0.030
-0.0097 0.003 -2.769 0.010 -0.017 -0.003

COVID_dummy.L1

Table 3 - ADRL model output (AIC & BIC)
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Bank-specific determinants had an effect on NPL dynamics. LDR was positive
for NPLs (positive coefficients under both AIC and BIC), suggesting that when topping
up their credit reserves bank will purchase risk insurance with deposits. NPLs will
therefore increase sharply. Bank size also had a positive association (AIC: 0.1172, BIC:
0.1010). Larger banks are typically not staked in just one type of loan but have all sorts
of loans. The COVID dummy picked up an immediate rise in NPLs (AIC: 0.0168, BIC:
0.0193), followed by a negative lagged effect (AIC: -0.0087, BIC: -0.0097), again
reflecting temporary credit stress related to the pandemic and some relief through policy

steps.

Real GDP PT was the only macroeconomic determinant that had a significant
negative impact (AIC: 1.131e-06, BIC: 1.485e-06, p < 0.05) on credit risk, affirming that
credit risk is pro-cyclical. Unemployment and interest rates were not statistically
significant, indicating an indirect effect or being overshadowed by other determinants

under Portugal conditions.

In terms of model selection, AIC implied ARDL (1,1,0,0,1) and BIC implied the
less complex ARDL (1,0,0,0,1). Given this slightly higher complexity, the AIC-selected
model was retained as the preferred model, as it can capture short-term dynamics, such
as the lagged effect of LDR on NPLs, which is relatively theoretically important for the
understanding of the bank liquidity adjustment and the credit risk propagation. The two
specifications provided qualitatively similar results on NPLs main determinants, but the
AIC model covers more immediate responses with good explanatory power (Log-

likelihood: 166.343, AIC: -314.686).

Elastic Net applied to the ARDL results reinforced the predominance of bank-
level determinants. Lagged NPL and bank size exerted the strongest effects, with LDR
and COVID shocks also significant. Real GDP exhibited context-specific dynamics, and
the COVID dummy variable confirmed the transitory effects of the pandemic.
Additionally, the Ordinary Least Squares (OLS) estimation of the ARDL (1,1,0,0,1)
model produced very high explanatory power (R* = 0.998), with all core variables
statistically significant (see the output in Appendix C).
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To distinguish between short-run and long-run dynamics, the ECM was estimated.
In the short run, fluctuations were mainly the result of ALDR, highlighting Liquidity's
prompt effect on NPLs. Other short-term shocks, such as AGDP and ACOVID, were weak
or a non-starter. The ECT was negative and large, implying that deviations from the long-
run equilibrium would be corrected in time. It was marginally significant at 10%.
Diagnostic examinations confirmed that the data were approximately normal and that
multicollinearity was low, but there were slight signs of both serial correlation and

heteroskedasticity.

ARDL, Elastic Net, OLS, ECM and VAR models each point to the robust
persistence of NPLs as the most salient feature of Portuguese credit risk dynamics. In all
specifications, lagged NPLs remain not only significant but highly so, illustrating that
these defaults camouflaged and aggregated together over time so much as to represent de
facto enormous proportions of the total pool. Bank-specific determinants - especially
LDR or bank size - lie at the heart of short-term sustainability, while economic variables
with national scope, such as GDP or institutional structure, play out more in an enduring
COVID-related shocks were severe but temporary, reflecting the cushioning influence of

policy interventions such as moratoria and capital injections (Appendix C).

When different modelling approaches are combined, more powerfully can
reinforce these results thus, the ARDL can capture not only immediate but also long-run
causes. Elastic Net controlling multicollinearity while preserving parsimony makes sure
that the outcome is still in focus; OLS makes clear that the robustness of parameter
estimations holds; ECM also makes a distinction between transient shocks and long-run
convergence. Lastly, VAR finds both endogenous terms linked with each other in a
bidirectional way. This yields the result where institutional quality and bank solvency are
found to be stabilising forces. Together, these approaches demonstrate that prudent
liquidity management, resilient capital buffers, and effective institutional frameworks are

critical to reducing NPL vulnerability.

To determine whether there is an adequate fit of the ECM, a Residuals versus

Fitted values plot was generated (Figure 3). The diagnostic is useful for evaluating model
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specification, testing the presence of heteroskedasticity, and testing for systematic errors

in predictions (Banerjee, et al., 1998; Gujarati and Porter, 2009).

Residuals vs Fitted Values (ECM Model)
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Figure 3 - Residuals versus Fitted Values

They are mostly centred around the zero, which shows that the model does not
have much of a systematic over- or under-prediction. The LOESS smoother reveals slight
curvature, indicating small non-linearities or omitted dynamics in the short-run
relationships. At higher fitted values it is possible to observe a bit wider residual spread,
suggesting the presence of mild heteroskedasticity. Some outliers are also observed that

may influence the fit of the model.

In general, the residuals appear to resemble white noise, which confirms that the
model could capture the short and long-run dynamics. However, despite the above
comments, these findings suggest that some more lags, interaction terms, or robust
standard errors might make the robustness of the specification and the test of the

inferences more reliable (Banerjee et al., 1998; Gujarati & Porter, 2009).

Examining the different dataset specifications provides further insights. In the
original specification, lagged NPL, LDR, bank size, and GDP consistently emerge as the
key determinants, while the COVID dummy captures short-term shocks. The AIC-
selected ARDL (1,1,0,0,1) model economy and Elastic Net fully demonstrate the
domination of bank-specific factors. The OLS results reveal an extremely high degree of

explanatory power (R?~99.8%), while the ECM outputs suggest that short-run variability
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in controlled variables is mainly caused by changes in LDR. Finally, ECT reflects partial

long-term declaring independence at a slow rate (Appendix C).

In light of the previous analysis is essential now to reconsider the treatment of the
COVID-19 dummy variable. In the first specification, the dummy equalled 0 before and
1 during the pandemic and until de end of the sample period. However, these methods do
not take into account the post-pandemic period, which might be analytically relevant if
the consequences of COVID-19 wane when the actual crisis is over. To control for this,
two robust specifications were considered: binary specification and phase-by-phase

specification.

In the binary specification, the COVID dummy variable took the value 1 from
March 1, 2020', to September 30, 20222, thus isolating the epidemic period. In the phase-
by-phase specification, time was divided into four periods: Pre-COVID (January 1, 2008,
to February 29, 2020), COVID-2020, COVID-2021, COVID-2022, and Post-COVID
(October 1, 20223, to December 31, 2024), capturing year-specific and transition effects

for more detailed insights into the evolution of credit risk (Appendix D).

In the Binary part of the COVID specification, both interest rates and the COVID
dummy are significant in ARDL and Elastic Net models. These have shrinking effects in
OLS and ECM, estimated that their primary significance is when delayed NPL is
included, indicating short-term dynamics mainly driven by NPL persistence. The ECM
coefficient is negative but not statistically significant, implying only a jumping
adjustment towards the long-run equilibrium. The phase-based approach uses years
before the pandemic outbreak era to record time-varying dynamics. NPL persistency
remains the dominant factor, with short-run effects that also hint at LDR changing in
phases, where found delayed unemployment impacts emerging from time pollution or

other such causes. The ECM output once again demonstrates liquidity as an important

' The first Situation Report on COVID-19 in Portugal was published by the Directorate-General of Health (DGS) on 3 March 2020
(Relatorio de Situagdo No. 1, available at: https://www.dgs.pt/em-destaque/boletim-informativo-n-5-01032020-pdf.aspx)

2 First daily bulletin on 5 March 2020 (Boletim Informativo No. 5, available at: https://www.dgs.pt/em-destaque/relatorio-de-
situacao-n-001-03032020-pdf.aspx).

3 The official conclusion of the pandemic in Portugal is marked as 30 September 2022, when all contingency measures were lifted
(Portugal Government, 2022, available at: https://www.portugal.gov.pt/pt/gc23/comunicacao/noticia?i=fim-do-estado-de-
alerta&utm_source.com).
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short-run driver, and recent NPL variations. However, high collinearity between variables

limits the robustness of any results this year (Appendix D).

Combining results obtained from all specifications, there are key features that
appear throughout. NPL persistency is the strongest determinant, following the previously
established pattern of entrenched credit risk. Bank-specific factors, especially liquidity,
decide whether short-term or long-term developments show any signs at all.
Macroeconomic variables show fewer stable effects: GDP was relevant in the base
specification, unemployment has delayed effects in phase-based models, and interest rates
matter mainly under the binary COVID specification. Pandemic shocks exert immediate
but transient impacts, largely absorbed once the lagged NPL is accounted for. Across all
models, ECM results indicate partial, often weak, adjustment toward long-run

equilibrium (Appendix D).

There are certain common findings across all the models. The NPL entrenchment
is the strongest driving factor, while bank-specific factors, such as LDR and size, are
corrective factors; and macroeconomic (or health crisis) shocks are felt immediately but
are transitory. Overall, it emerges that the original specification offers the most robust
findings, whereas the binary and phase-based measures offer further and less robust
insights. In general, NPL dynamics in Portugal are dominantly driven by persistence and
bank-specific fundamentals, and COVID-related impacts have been far from persistent.

Appendix D provides detailed results for all models and specifications.
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Conclusions and implications

The study answers the following research question: “What is the impact of
macroeconomic variables and bank-specific factors on non-performing loans in Portugal,
before and after COVID-19?” The macroeconomic, bank-level, and unprecedented
COVID-19 shock factors had been examined to determine the determinants of NPL.
Findings reveal that NPLs continue to be an important indicator of financial well-being,
restricting liquidity, reducing the profitability and the availability of credit. In the
Portuguese case, influenced as it is by both historical crises and the coronavirus, strong
banking institutions and close supervision are necessary for maintaining the stability of

the whole system.

The results show that macroeconomic variables have a moderating effect on
NPLs, but that they are less stable than those of bank-specific ones. GDP showed a pro-
cyclical relationship with credit risk, and unemployment seemed to be particularly
relevant under COVID-specific circumstances. The results further illustrate the sensitivity
of NPLs to economic cycles and confirm that macroeconomic shocks can exacerbate
financial instability, albeit in a non-persistent manner. Bank-specific features were found
to be pivotal in determining NPL processes. Past defaults had been the strongest
determinant (indicating the depth of default risk and how historical events shape future
expectations). Liquidity management, determined by the LDR, also had an immediate
stabilising effect, while larger bank size increased the risk, in line with evidence of moral
hazard and capital adequacy considerations. Overall, bank-level fundamentals emerged
as significant determinants of both immediate and sustained NPL behaviour. There are a
few more shocks and shocks were introduced by the COVID-19 pandemic, rather than on
the NPLs themselves. Short-term increases were largely absorbed when lagged NPLs
were considered, implying that policy measures (loan moratoria, government subsidies
and capital injections) mitigated system weakness. This supports the notion that the
pandemic has temporarily reshaped borrowers’ behaviour and bank exposures to
vulnerability, but that it has not significantly changed the longer-term forces behind the

development of defaults.
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Methodologically, ARDL models distinguished short- and long-run effects,
Elastic Net identified major predictors, OLS ascertained robustness, ECM explored
adjustment dynamics, and VAR emphasised institutional quality’s stabilising role.

Combined, these approaches give an exhaustive picture of NPL dynamics in Portugal.

These considerations have policy implications, including strong liquidity
management, robust capital buffers, and institutional resilience. Stemming from the
sovereign debt crisis, frameworks set out in regulatory regimes emerged that have
continued to be useful, but additional refinements, including stress-testing and monitoring

of household and business exposures, have potentially helped to smooth credit risk.

The study faces limitations, notably the use of aggregate NPL data, the restricted
post-pandemic horizon, and the need for deeper governance indicators. Future research
should include household and business sectors, analyse even the “zombie credit”,
integrate data on fiscal variables, extend sample decay, and ideally involve a cross-
country comparison within the European monetary union. Across Portugal, a general
assessment of NPL behaviour yields the following results: persistence and Bank-specific
fundamentals first; then macroeconomic and pandemic shocks affect in non-persistent
ways. As most components can be made subject to the regime switches, it becomes clear
that of these, only non-seasonal (intermittent) factors should be treated as standalone
units. A key contribution of this study is that it integrates multiple modelling approaches
in one place, providing a more complete understanding of the risks involved in lending
to small investment central economies. The findings provide evidence-based

recommendations for effectively supervising and stabilising financial institutions.
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Appendices

Appendix A: Cleaning and Frequency-Harmonised Data

To ensure equality in dates across each data set, Dates were unified, and the
indices recalculated for studies. A summary part is given in the variable output file of

each variable name, several observation types and frequency start-end dates for line

charts.

Name Size Type Freq Start End
1 CAR 60 floaté4 Q-DEC 2010-03-31 2024-12-31
2 Bank Size 68 floaté4 Q-DEC 2008-03-31 2024-12-31
3 Firm Loan PT 81 floaté4 Q-DEC 2005-03-31 2025-03-31
4 FSI 60 floaté4 Q-DEC 2010-03-31 2024-12-31
5 NPL 37 floaté4 Q-DEC 2015-12-31 2024-12-31
6 Personal Loan PT 81 floaté4 Q-DEC 2005-03-31 2025-03-31
7 ROA 68 floate4 Q-DEC 2008-03-31 2024-12-31
8 LDR 83 floaté4 Q-DEC 2004-12-31 2025-06-30
9 Business Freedom 81 float64 Q-DEC 2004-12-31 2024-12-31

10 Investment Freedom 81 inté4 Q-DEC 2004-12-31 2024-12-31
1 Judicial Effectiveness 81 floaté4 Q-DEC 2004-12-31 2024-12-31

12 Property Rights 81 floaté4 Q-DEC 2004-12-31 2024-12-31
13 PSI-20 83 floaté4 Q-DEC 2004-12-31 2025-06-30
14 PGB 10Y 83 floaté4 Q-DEC 2004-12-31 2025-06-30

15 Exchangerate USto EU 82 floaté4 Q-DEC 2005-03-31 2025-06-30

16 GNI 81 floaté4 Q-DEC 2004-12-31 2024-12-31
17 House Pricing PT 81 floaté4 Q-DEC 2004-12-31 2024-12-31
18 Inflationrate 81 floaté4 Q-DEC 2004-12-31 2024-12-31
19 Interestrate 81 floaté4 Q-DEC 2004-12-31 2024-12-31
20 PCRH-D 81 floaté4 Q-DEC 2004-12-31 2024-12-31
21 Exports PTME 77 floaté4 Q-DEC 2005-12-31 2024-12-31
22 Real GDPPT 81 floaté4 Q-DEC 2004-12-31 2024-12-31
23 Unemployment rate 81 floaté4 Q-DEC 2004-12-31 2024-12-31
24 Public Debt PT 81 floaté4 Q-DEC 2004-12-31 2024-12-31

Table 4 - Variables quarterly harmonised

Since the data didn’t have the same frequency, it was harmonised to a quarterly
frequency. The monthly data were then averaged to create daily averages, and the annual
numbers were filled in where they didn’t match the quarterly ones. Finally, these numbers
were merged into a single dataset. Missing values must be retained to visualise this type
of coverage over time. Year after year, coverage improved. Between 2016 and 2024, there
were no missing values, with two isolated gaps in 2025, which can be attributed to

reporting delays due to time constraints (see Figure 4).
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Figure 4 - Missing values

By doing this preparation, all variables were being brought into step and were
“comparable” over time. A dummy variable was introduced to represent COVID-19.
Although the official date of the first confirmed COVID-19 cases in Portugal was 2 March
2020, the period that is referred to as “Pandemic” began on 1 March 2020. This was the
date on which DGS began issuing daily publications about COVID-19 across all media.
Therefore, all COVID-19 dummy observations before this date were coded as 0, while
those from 1 March 2020 onwards were coded as 1. In this way, the analysis can exclude
pre-pandemic trends and segregate the effects of COVID-19 on economic and financial
indicators. This variable permits the analysis to separate the economic and financial

indicators of the pandemic from those originating earlier.
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Appendix B: Descriptive Analysis of the Dataset

B1) Analysis of all 4 variable categories with COVID-19 split

All variables are represented to distinguish pre- and post-COVID dynamics using

the dummy variable in a graph presentation.

Time Series of CAR with COVID-19 Split
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Figure 5 - Time series CAR with covid

The CAR ratio chart from 2010 to 2025 shows a steady increase in the solvency
ratio from about 7% to around 18%. This trend has thrown the shock of COVID-19 aside.
Pre-pandemic, increased capital buffers were built up from 7% to 14%, asset quality
generally improved, and the introduction of Basel III reforms led to a more prudent
balance sheet management, with only minor oscillations incident on periods of
macroeconomic uncertainty. Anti-cyclical capital preservation, regulatory relief, as well

as fiscal and monetary support, paved the way for continuing the upward trend after 2020.
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Time Series of Bank Size with COVID-19 Split
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Figure 6 - Time series Bank Size with covid

Bank size modestly expanded between 2008 and 2011-2012, most likely a result
of the balance-sheet expansion and consolidation that followed the crisis. From 2012 to
the end of 2018, a continuous contraction took place in bank size, reflecting the
deleveraging and restructuring, asset sales, and less prominent role of banks in the
economy against the background of developments like tightening regulation, weak credit
demand in this post-crisis era. Even with and lingering effects of the European sovereign-
debt crisis following the initial shock of the COVID-19 pandemic, bank size began to
recover steadily from 2020. This may have been due to expansionary monetary and fiscal
policies increasing government securities holdings, renewed balance sheet growth as the

economy modelled once again.

Time Series of FSI with COVID-19 Split
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Figure 7 - Time series F'SI with covid
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Between 2012 and 2016, FSI rose from around 5% to close to 18%, reflecting the
lagged effects of the sovereign debt crisis, declining credit quality, and increased
regulatory oversight. Between 2016 and 2019, FSI gradually declined to 6%, helping
prevent a sharp economic slowdown and aiding balance sheet repair in banks overall.
Surprisingly, FSI continued to decline during COVID-19; by 2025, it was revised
downward to around 2.5%, likely due to public support measures, regulatory forbearance,

and delayed recognition of impairments.

Time Series of NPL with COVID-19 Split
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Figure 8 - Time series NPL with covid

In Figure 8, the NPL time series begins in 2015, under the EBA’s harmonised
definition. In 2017-2016, NPLs remained high, having emerged in a post-crisis period of
weak recovery. Thanks to the macroeconomic recovery, dynamic resolution strategies,
and regulatory pressure, they fell from over 8% to nearly zero in 2019. Starting in 2012,
shortly before reaching historically low levels of around 3.5%, they stabilised at a slightly
lower percentage between 2023 and 2025, suggesting the persistence of stricter credit
criteria. The absence of a pandemic-driven increase indicates a possible structural break
in credit-risk transmission, justifying the use of COVID-specific dummy variables and

structural break tests in econometric modelling.
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Time Series of Personal Loan PT with COVID-19 Split

]
0.15 1 : —— Personal Loan PT
: -==- COVID Start
1
0.10 - |
:
]
0.05 - {
1
1
1
0.00 H
1
1
1
—0.05 - !
I
|
1
1
_0.10 L T T T ll T
2008 2012 2016 2020 2024

Figure 9 - Time series Personal loan with covid

Figure 9 illustrates that Personal loans increased strongly between 2006 and 2008,
reflecting the pre-crisis credit boom, with robust consumer demand and easy access to
credit. From 2009 to 2012, growth declined sharply and by 2012 was negative amid the
global financial crisis, reflecting tightened credit conditions and household deleveraging.
The gradual recovery of loan growth from the end of 2012 to 2017 followed an improving
confidence and macroeconomic conditions and received a small but steady increase in the
average annual total between 2018 and 2019 due to low interest rates and better job
markets. The COVID-19 outbreak in 2020 saw an abrupt halt in this, which can be
explained by all the uncertainty and, consequently, restricted access to credit. A partial
and volatile recovery during 2021-2022 evolved. By 2023-2024, growth had stabilised
and began at moderately positive levels, slightly below pre-pandemic rates after reflecting
household caution and disciplined banking.

Time Series of ROA with COVID-19 Split
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Figure 10 - Time series ROA with covid
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Between 2008 and 2009, ROA evidenced a sharp fall, reflecting the global
financial crisis’s early impacts, losses and margin compression first noticeable in 2006.
From 2010 and 2014, ROA went negative, which is partially due to the sovereign debt
crisis around 2013-2014, as well as high NPLs and extensive balance sheet restructuring.
From 2015 to 2017, shows an improved performance in asset quality that followed a little
stability between 2018 and 2019, against a backdrop of low interest rates. The COVID-
19 shock in 2020 temporarily reduced ROA: uncertainty and weaker credit demand.
Though the partial recovery of economic activity in 2021-2022 brings some slight hope,
another year at least will pass before banks can realistically expect to continue growing
again based on real economic activity turned back up towards foreign markets once more

by revitalisation of production.

Time Series of LDR with COVID-19 Split
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Figure 11 - Times series LDR with covid

From 2004 to 2011, the LDR fluctuated between 140% and 170%. After the
financial crisis, the LDR continued to fall inexorably, reaching 89% at the end of 2019,
thanks to banks’ deleveraging and the strengthening of their deposit bases (Basel III).
With the COVID-19 shock between 2020 and 2021, the LDR stabilised around 85-90%,
with additional deposits offsetting the increased demand for credit, falling to between
75% and 80% from 2022 to 2025. This highlights caution in lending. The Portuguese
banking sector, increasingly solid and less indebted, can absorb the shocks during the

pandemic without increasing financial risks.
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Time Series of Business Freedom with COVID-19 Split
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Figure 12 - Time series business freedom with covid

Figure 12 shows that Business Freedom rose steadily from 2004. It reached its
peak in 2013-2016 with strong reform prospects and has now dropped slightly in 2017—
2019. Nevertheless, 2020 showed an abrupt drop from the COVID-19 shock, followed by
further stagnation during 2021 and 2022 before only a partial return in 2023 or 2024. The
diminutive un-saw is, in fact, significant for NPL dynamics: a lessening of business

freedom, especially against the background of the pandemic, probably lifted SME credit

risks; while recovery might improve resistance and help to soften future loan stress.

Time Series of Investment Freedom with COVID-19 Split
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Figure 13 - Times series investment freedom with covid

The investment climate has a score of 70 for the period 2004 to 2024. EU
membership, about the free flow of capital, did not, however, mean the complete

elimination of restrictions. From the financial debt crisis to the recovery phase, the index
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remained stable, highlighting the resilience of established institutions and the absence of
concerted reforms to attract investment. This continuity means there were no major
shocks to investment regulation, affecting credit dynamics or NPLs; however, the lack of

adjustment may have constrained long-term growth.

Time Series of Judicial Effectiveness with COVID-19 Split
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Figure 14 - Time series judicial effectiveness with covid

A structural break can be seen in the judicial effectiveness of Portugal, which was
at zero from 2004-2016 - most likely due to omitted data rather than organisational
weakness - but then rocketed to 68 in 2017, signifying reform or method changes. This
stability continued until 2019, while the COVID-19 period in 2020 resulted in a few
changes in scores. In 2021, the indicator became volatile with the trend hitting nearly 90
in 2022, dropping in 2023, and rebounding again in 2024. This reflects systemic
pressures, clearing off backlogs or recalibrating indices. As far as NPL analysis is
concerned, judicial effectiveness is of some relevance in relation to whether credit is
enforced and loans are recovered - the break in 2017 suggests that this should be taken

primarily as a post-2017 measure of institutional quality.
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Time Series of Property Rights with COVID-19 Split
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Figure 15 - Time series property rights with covid

In Portugal, property rights remained unchanged at around 70 from 2004 to 2016,
marking not a radical institutional reform but a modest one, yet unreformed. In 2017, it
entered on a gentle upward curve following modest fluctuation, even during the COVID-
19 epidemic. The most significant reform-driven consolidation took place in 2021-2022.
By then, the index had rocketed up to 90 and stayed there, indicating stricter enforcement,
more precise legal provisions, and improved collateral security. These advances should
prove especially useful for NPL dynamics: clearer property rights will foster secured

lending, reassure investors, and make it easier to collect loans.
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Figure 16 - Time series PSI-20 with covid
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Regarding PSI-20, there was a pre-2008 boom followed by the 2008-2009 crash,
with its aftermath of sovereign debt-driven volatility (2010-2014) and even a modest
recovery (2015-2019); 2020 saw a dip caused by COVID-19, but from there it gradually
rebounded post-pandemic to 6,800 in 2024. What these curves reflect, then, is investor
sentiment, systemic shocks and economic stress. It is thus a handy proxy for grasping

both NPL dynamics and the resilience of credit markets.

Time Series of PGB 10Y with COVID-19 Split
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Figure 17 - Time series PGB 10Y with covid
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The PGB 10y yield (2004-2024) reflects sovereign risk, market sentiment, and
macroeconomic stress. Yields were low and stable (3-5%) pre-2009, rose to ~15% for
2010-2012 during the Eurozone debt crisis, then dropped below 3% post-bailout as fiscal
management and ECB buying regained investor confidence. They remained low in 2016-
2019, rose slightly for the 2020 COVID shock, but gradually increased to ~3.5% post-
2021 global monetary tightening.
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Figure 18 - Time series US/EU exchange rate with covid
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USD/EUR during 2004-2008, the USD/EUR exchange rate, the euro rallied both
because of America’s weaknesses and the firm stance taken by the eurozone. From 2008
to 2010 crisis, investors went from dollars to euros in search of safety, but following a
change in US monetary policy conditions stimulated the euro’s recovery. From 2011 to
2015, the euro fell as everything turned tough with eurozone debt and US growth became
stronger, stabilising moderately in 2016-2019. It rose slightly amid the COVID-19 shock
during 2020-2021, but post-2021, the dollar is regaining strength. This he attributes to
tighter US monetary conditions and global uncertainty. These movements on import

prices in Portugal, eurozone policy transmission, credit conditions and NPL.

Time Series of GNI with COVID-19 Split
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Figure 19 - Time series of GNI with covid

GNI measures the sum of all residents’ incomes, or national economic
performance and productivity. Between 2004 and 2024, GNI shows long-term growth
punctuated by crises: steady pre-2008 expansion, halt during 2009 - 2013 financial and
sovereign crises, recovery as of 2019, a sharp COVID-19 downturn in 2020, and strong
post-pandemic rebound by 2024. These fluctuations affect household and business debt

capacity, as a main indicator for NPL risk and overall economic resilience.
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Time Series of House Pricing PT with COVID-19 Split
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Figure 20 - Time series house pricing with covid

During 2004-2008, house prices climbed moderately as credit conditions held
steady and the EU loans rolled in. From 2009 to 2013, the HPI dropped rapidly on the
back of financial and sovereign debt crises that cast economies into recession, ushered in
austerity and curtailed demand for housing. The Portuguese housing price index then
climbed slowly over 2014-2019, it’s possibly driven by tourism, foreign investment,
urban regeneration and a tighter labour market. In 2020, COVID-19 nudged inflation
down a bit with prices stabilising, while 2021 - 2024 saw a strong post-pandemic boom
buoyed by low interest rates, supply constraints and even continued foreign demand. This
saw wide swings in the value of collateral, at times causing shifts in mortgage default risk
and NPL post-COVID growth, then pushing up possible implications of overvaluation

concerns because of rapid increases in potential problems.
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Time Series of Inflation rate with COVID-19 Split
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Figure 22 - Time series inflation rate with covid

Between 2004 and 2024, Portugal’s inflation rate underwent distinct stages as
macroeconomic conditions and policy changed. Mild inflation continued throughout 2004
- 2008, followed by a period of disinflation during the 2009 - 2013 financial and sovereign
debt crises. Inflation ran low and stable from 2014 to 2019, but collapsed in 2020 due to
COVID-19. A spike then occurred during 2021 - 2022, driven by post-pandemic demand,
supply shocks and energy price surge before easing oftf in 2023 - 2024 with ECB
tightening. This affected real debt burden, interest rate conditions and NPL deflation
raised repayment pressure, and the 2022 spike briefly jacked up interest rates and

solvency risks overall.
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Figure 21 - Time series interest rates with covid
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Between 2004 and 2024, Portuguese interest rates, largely aligned with the ECB
policy trajectory, underwent distinct phases: pre-crisis tightening (2004 - 2008) with rates
rising to contain inflation and credit growth; post-crisis easing (2009 - 2013) as rates fell
to stimulate credit and support sovereign financing during the global financial and
eurozone crises; a prolonged near-zero period (2014 - 2020) reflecting the zero-lower
bound and ultra-loose monetary policies to sustain investment, credit flows, and reduce
NPL risk; and a sharp post-COVID tightening (2022 - 2024) with rates climbing to
counter record inflation. These cycles affected borrowing costs and credit conditions, with
low rates easing repayment and reducing NPLs, while rapid hikes increased payment

stress and credit risk for households and SMEs.
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Figure 23 - Time series PCRH-D with covid

Between 2004 and 2024, PPCRH-D followed regular cycles tied to confidence,
credit and macroeconomic conditions. Before 2008, consumption increased steadily amid
rising incomes and cheap loans. During the 2009 - 2013 crisis period of austerity, it
declined sharply. Then, for a period from 2014 to 2019, as wage growth picked up and
interest rates remained low, consumption slowly recovered. The 2020 COVID shock led
to another collapse in consumption, which was only partially made good by pent-up
demands for goods and services. These affected NPL: a fall in consumption might portend

rising defaults, while credit-driven booms may cover over fiscal vulnerabilities.
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Time Series of Exports PT M€ with COVID-19 Split
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Figure 24 - Time series exports with covid

From 2006 to 2024, the Portuguese export cycles depicted in Figure 24 were
formed by demand-driven and internal restructuring. Mild growth in the pre-2009 era was
interrupted by the financial crisis. Then, after gains in 2011 - 2014 under austerity, it went
steady between 2015 and 2019 through diversification and global integration. The
COVID-19 snap in 2020 shattered those numbers as tourism exports dropped
dramatically before picking up again after COVID-19 to reach an all-time high by 2024.
Yet these export dynamics have a direct impact on the solvency of enterprises and

household income, affecting their ability to repay debts or their NPL risks.

Time Series of Real GDP PT with COVID-19 Split

—— Real GDP PT
—-—=- COVID Start

52000

50000 -

48000 A

46000 4

44000 1

42000 +

40000 4

|
2004 2008 2012 2016 2020 2024

Figure 25 - Time series real GDP with covid
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From 2004 to 2024, the real GDP performance of Portugal experienced cycles
shaped by crises, structural adjustments, and recovery following the epidemic crisis.
Moderate growth between 2004 and 2008 reflected euro area integration: expansion of
credit; big reform pushes somewhere along the line made things a little brighter. The
global financial shock of 2009 and sovereign debt austerity from 2011 to 2013 led to a
deep double-dip recession with mass unemployment, as well as weak domestic demand.
Recovery by 2014 - 2019 was continuous but mild economically, driven by exports,
capital formation and tourism. In 2020, the year of the COVID-19 pandemic in Portugal,
tourism-oriented exports collapsed, leaving a severe downturn in their place, which can
at best be described as transient. But after COVID-19 proved a strong V-shaped

turnaround from 2021 — 2024, outperforming pre-pandemic levels.

Time Series of Unemployment rate with COVID-19 Split
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Figure 26 - Time series unemployment rate with covid

From the time 2004 - 2024, it is marked that Portugal's unemployment rate reflects
the sensitivity of labour markets to economic cycles and external shocks. Before 2008,
unemployment remained low and stable. In 2009 - 2011, however, it surged sharply to
above 18%. From this peak, unemployment figures are on the decline until 2013 after a
gradual decrease which lasts for five consecutive years; finally, by 2019, they are just
below 7%. The 2020 COVID-19 shock caused a minor temporary upturn. Policy support
helps to cushion this without letting unemployment increase much, and then rapid post-
pandemic recovery brings it down again. By 2024, unemployment will be historically

low.
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Time Series of Public Debt PT with COVID-19 Split
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Figure 27 - Time series public debt with covid

Portugal's sovereign and financial crises of 2008 - 2013 greatly increased public
debt within the space of just a few short years. In 2019, the fiscal consolidation and
economic recovery required the combined contributions of all social sectors. Contrary to
expectations produced by this gradual improvement, the shock of COVID-19 in 2020 did
not lead to a significant increase in public debt; on the contrary, with support from EU
financial aid and targeted fiscal measures to a certain degree, GDP rebounds temporarily.
From 2021 to 2024, the debt-to-GDP ratio kept falling as rapid economic recovery
continued and fiscal balances improved. This helped ensure the security and resilience of
post-pandemic stabilisation. The role of institutional support and macroeconomic

resilience in helping to implement this policy is fully illustrated by these data.

Time Series of Firm Loan PT with COVID-19 Split
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Figure 28 - Time series firm loan with covid
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During the pre-crisis credit expansion, between 2006 and 2009, firm loans rose
sharply, but then during 2010 - 2012 they all dropped off in an echo of Europe’s debt
crisis and austerity policies. From 2014 on, however, lending stayed at the lower level
that it is today. In 2020, loan volume rose strongly because of the COVID risk
governments “backstopped” credit and liquidity support but then declined sharply over
2021 - 2022 as both provisions ceased and credit conditions tightened. From 2023 to

2024, growth continued to be weak, with only a small recovery.
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B2) Correlation matrix heatmap for all variables

A correlation matrix heatmap can present variable relationships, association
direction and degrees of strength by means of colour processing. The correlation matrix
integrates both bank-specific indicators and macroeconomic variables, as well as
environmental factors such as judicial effectiveness, property rights, and deficit caps of
governments. The colour gradient shows how long each pair is a linear relation between
two things robustly correlated: red means a high positive correlation, blue means a high
negative correlation. Some notable patterns emerge, such as strong links between
macroeconomic variables and financial stability indicators, as well as meaningful links
between LDR, public debt, and both bank performance and systemic liquidity,
emphasising that banks’ performance (and systemic liquidity) are in fact systemic as they

are brought about by broader economic conditions on which wider society depends.
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The CAR has a high positive correlation with GNI (0.82), Judicial Effectiveness
(0.88), Exports (0.88), House Prices (0.84) and PCRH-D (0.65), which is indicative of
the linkage with high levels of capital buffers and better domestic economic conditions.
Negative association with NPL (-0.88), LDR (-0.93), Bank Size (-0.49), and the US/EUR
exchange rate (-0.74) as well as Unemployment (-0.74) imply that larger banks maintain
relatively weak capital ratios where the capital adequacy ratio (CAR) decreases in the
event of increased unemployment or depreciation of the euro. These results suggest that
positive macroeconomic conditions (reflected in increasing income, consumption,
exports and property prices) favour the stability and strength of banks by diminishing the
credit risk and increasing the bank profitability. ROA is positively related to House Prices
(0.72), GNI (0.73), PCRH-D (0.80) and Real GDP (0.79) and negatively related to NPL
(-0.70) and Unemployment (-0.65), indicating that ROA is higher in a favourable
economic situation and lower when the credit risk is higher. Bank Size has a weak sign
of association with ROA (0.04), which suggests that larger Portuguese banks aren’t

necessarily more profitable.

NPLs have strong positive correlations with LDR (0.98), Unemployment (0.84),
and Business Freedom (0.91), and strong negative correlations with House Prices (-0.90),
GNI (-0.79), PCRH-D (-0.70), and ROA (-0.70), and are also perfectly correlated with
FSI, as expected. Such relationships illustrate that relatively high NPLs are highly
associated with lower economic conditions, lower household and firm spending, and
lower bank profitability, yet are also highly sensitive to the overall credit quality. LDR is
highly negatively correlated with CAR (-0.93), Judicial Effectiveness (-0.89), Exports (-
0.87), GNI (-0.80), and House Prices (-0.77), and negatively correlated with Property
Rights (-0.68) and ROA (-0.37), while it is positively correlated with PGB 10y yields
(0.85) and Bank Size (0.67). Thus, larger banks, less economically and institutionally
developed conditions, and higher credit risk exposure seem to be associated with higher
LDR, implying that riskier lending practices, even though they contribute only

moderately to the ROA, can increase vulnerabilities.

Public Debt exhibits both positive and negative correlations with financial and
institutional indicators. Positive correlations with FSI (0.63) and NPLs (0.61) suggest that

high-leveraged companies often experience more credit risk. It is worth noting that
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moderate positive associations with Business Freedom (0.54) and Judicial Effectiveness
(0.40) indicate that times of high debt also tend to coincide with better institutional
backing. Negative associations with Bank Size (-0.58), LDR (-0.63), Firm Loans (-0.63),
the PSI-20 (-0.78), and Interest Rates (-0.76) suggest that increasing debt can come hand
in hand with tighter bank balance sheets, lower borrowing and market valuations, and
cheaper cost of borrowing. These results suggest aggregate across policy, finance and
macro categories, whereby Public Debt can simultaneously be conducive to growth and

a source of systemic risk.

Most macroeconomic variables present the expected results. House Prices has
significant pure trend positive relationships with PCRH-D (0.87), Real GDP (0.89), CAR
(0.84), ROA (0.72), Judicial Effectiveness (0.85), Property Rights (0.92), Exports (0.86)
and GNI (0.96), and dose trend negative relationships with NPLs (-0.90), LDR (-0.77),
FSI (-0.68) and Unemployment (-0.68), a testament to the pivotal role of the housing
market in economic and financial stability. PCRH-D and GDP also present strong positive
regression coefficients with institutional indicators and negative linkages with FSI,

confirming again the relevance of macroeconomic soundness on financial stability.

Depreciation of the exchange rate is negatively related with CAR (-0.74), House
Prices (-0.63), GNI (-0.64), Judicial Effectiveness (-0.71), Exports (-0.73), PCRH-D (-
0.44), and positively related with Unemployment (0.45) and tracks the PSI-20 (0.54),
PGB 10y yields (0.54) and the LDR (0.85), indicating that domestic conditions and
banking system fragility are responsive to currency movements. Interest rates moderate
positive relationships are reported with ROA (0.55), Firm Loans (0.45) and PSI-20 (0.77),
whereas negative correlations are obtained with Public Debt (-0.76), FSI (-0.59), and

NPLs (-0.55), representing how they affect borrowing costs and credit risk.

Institutional indicators, such as Judicial Effectiveness and Property Rights,
display strong positive correlations with Solvency, ROA, and macroeconomic
performance, and negative correlations with NPLs and FSI, pointing to their stabilising
influence in warfare, the banking industry and the wider economy. The dummy of
COVID-19 has negative correlations with Unemployment (-0.53), NPLs (-0.87) and FSI
(-0.72) and positives correlations with GDP (0.66), PCRH-D (0.65), House Prices (0.89),
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Exports (0.73), GNI (0.81) and Property Rights (0.85), so, even with the pandemic shock
the Portuguese economy showed a partial resilience due strong institutions and economic

activity still in place.

This analysis evidences that the Portuguese banking sector performance is highly
influenced by macroeconomic, institutional, financial markets, and fiscal policy factors.
CAR and ROA increase with GNI, GDP, consumption, house prices, and exports and
NPLs and LDR are enhanced with poor economic circumstances, higher unemployment,
and increased credit risk. Institutional drivers, in particular Judicial Effectiveness and
Property Rights, are stabilisers to economic fluctuations, and the COVID-19 period
highlights the value of institutional resilience in dampening shocks. Public debt is
positively associated with growth as well, but at the same time leads to higher NPLs and
credit risk, highlighting the double role of the fiscal policy. The depreciation of the
exchange rate is consistent with weaker macro-financial conditions, and interest rates are
of weak significance for profitability, lending, and markets. The LDR captures the
balance between lending expansion and lending stability. Taken as a whole, such results
stress the mutual links among macroeconomic, financial, and institutional fundamentals

in ensuring the stability of the Portuguese banking sector.
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B3) Scatter Plot Analysis of NPL Determinants

This representation allows the visualisation of the relationships between NPLs and

their determinants, showing the strength and sign of the associations emerged by the

correlation matrix, revealing patterns, non-linearities or outliers that can drive the

dynamics of loan quality.
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Figure 30 - Scatter plot of NPL determinants
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Bank-specific factors reveal distinct patterns. Meanwhile, a negative and
significant relationship is becoming apparent between CAR and NPLs, which means that
banks with sufficient capital are in a stronger position to control credit risk. On the other
hand, the size of the bank has very little explanatory power, which means that the bigger
banks do not enjoy lower levels of loan defaults by their customers. There is a positive
association between both firm and personal lending and NPLs since a higher credit risk
arises from larger exposure, although the LDR depicts an ascending curve, indicating the
riskiness derived from more aggressive lending policies. Not surprisingly, credit risk,
proxied through FSI, has a very high correlation with NPLs as both capture the credit risk

dimension.

Institutional quality related to business in terms of business freedom, investment
freedom, judicial effectiveness, and property rights does not show clear linear
relationships with NPLs. Instead, they exhibit clustered patterns, indicating that the
institutional measures have a second-order association with loan quality, which may reach
indirectly through more structural or long-term channels. The market signals sound a
more immediate note. The positive PSI-20 stock market performance is associated with
both lower NPLs, aligning with the notion of financial stability spillovers. By contrast,
the increasing PGB 10y data corresponds to higher NPLs, and the uptrend reflects

sovereign and banking sector risk perceptions.

Macroeconomic variables largely behave as expected. An increase in income
(output) measured by GNI (real GDP) shows a negative association with NPLs, indicating
the significance of economic growth on the ability to repay debt. Housing prices also
show a negative, substantial correlation, which reveals an anchoring role of collateral
values. On the other hand, unemployment is substantially positively correlated with credit
distress, indicating its pivotal role in the causal structure. Interest rates have a positive
relationship, suggesting that the higher is debt servicing than the more rollovers are
difficult. Public debt also correlates positively with NPLs, associating sovereign
weaknesses with the fragility in the banking sector. Unlike PCRH-D, which decreases

NPLs from advancing domestic demand, exports are more neutral, with no discernible
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pattern of economic response. Inflation has a significantly low relationship with some

indication of higher bad credit risk as inflation rises.

Finally, the COVID-19 dummy suggests a structural break, having the NPL
tendency to move up in the pandemic. This is an indication of the massive disturbance to
economic activity and loan servicing, despite the temporary moratoria in place. In a
nutshell, the most powerful modelling drivers for NPLs are unemployment, GDP/GNI,
house prices, bond yields, and credit-at-risk variables that directly mirror macro financial
soundness and the ability to repay. Bank-specific resilience is positively associated with
CAR and prudential lending but minimally related to institutional quality. The period of
the pandemic is identified as a key moment characterised by an increase in credit risk,

which confirms the sensitivity of NPLs to both business cycle and systemic shocks.
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B4) Variables correlated pairs

The correlation analysis is essential for this research, pinpointing those macro-
financial and institutional determinants of banking sector development in Portugal.
Analysing the pairwise associations facilitate the detection of important connections
between solvency, credit risk, returns, and lending activity, highlighting the likely
multicollinearity problems to support econometric modelling and undertake the minimum

number of variables.

The CAR is strongly negatively correlated with the NPL (-0.88) and LDR (-0.93);
this pattern confirms that weak asset quality and aggressive lending eroded the capital
buffer. CAR has a positive relation with Judicial Effectiveness (0.82), Property Rights
(0.72), GNI (0.82), Exports PT (0.88), House Pricing PT (0.84) and Real GDP PT (0.69),
which indicates that strong institutions and macroeconomic performance have stabilising
effects. Negative correlations with PGB 10y yield (-0.65), the Exchange Rate US/EUR (-
0.74), and the Unemployment Rate (-0.74) make it clear that the vulnerabilities to
sovereign, currency, and labour market pressures are captured here, whereas the COVID

dummy (0.74) picks up a structural change improvement in solvency post the pandemic.

The NPL ratio is very sensitive to macroeconomic and institutional variable
values, and it associated positively to Unemployment Rate (0.84) and Public Debt PT
(0.61), negatively to House Pricing PT (-0.90), GNI (-0.79), PCRH-D (-0.70), Exports
PT (-0.68), Real GDP PT (-0.67), Judicial Effectiveness (-0.71), and Property Rights (-
0.76). NPLs are completely positively correlated with FSI (1.00). Bank Size (-0.77) is
negatively related to NPLs, and Business Freedom (0.91) is positively related, which

implies that less restrictive regulation environments might increase the cost of credit.

ROA becomes more profitable in an economic boom and is significantly
positively associated with PCRH-D (0.80), Real GDP PT (0.79), GNI (0.73), House
Pricing PT (0.72) and Property Rights (0.63), and significantly negatively associated with
NPL (-0.70) and Unemployment Rate (-0.65).

The LDR seems to be a major driving variable for the vulnerability of the banking

sector. It is strongly negatively correlated with CAR (-0.93), Judicial Effectiveness (-
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0.89), Property Rights (-0.68), GNI (-0.80), Exports PT (-0.87), House Pricing PT (-
0.77), Real GDP PT (-0.62), and COVID dummy (-0.73) and strongly positively
correlated with NPL (0.98). Besides, the positive correlation to Bank Size (0.67), PGB
10y (0.62), PSI-20 (0.61) and Exchange Rate US/EUR (0.85), suggests that there are other

general market and currency impacts on lending behaviour.

The macroeconomic and institutional dimensions are highly interconnected. GNI and
House Pricing PT (0.96), the PCRH-D and Real GDP PT (0.98), and Exports PT (0.92) -
at which House Pricing PT (0.86) display the strong relationships between household
demand, asset markets, and economic production. Judicial Effectiveness is positively
related to House Pricing PT (0.85), GNI (0.85), PCRH-D (0.71), Exports PT (0.82), and
Real GDP PT (0.76), whereas Property Rights are highly related to House Pricing PT
(0.92), GNI (0.91), PCRH-D (0.78), and Real GDP PT (0.82). Market indicators such as
the PGB 10y yield, the Exchange Rate US/EUR, and the Interest Rates continue to be
linked to macro-financial stress.

Variable pairs with high correlation (|correlation| = 0.6)
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Figure 31 - Variable pairs with high correlation

In addition, considering the figure above, it is also possible to see that the strongest
correlations cluster around a few critical pairs: NPL and FSI (1.00), NPL and LDR (0.98),
Real GDP PT and PCRH-D (0.98), GNI and House Pricing PT (0.96), and Property Rights
and House Pricing PT (0.92). On the risk side, NPL and House Pricing PT (-0.90) and
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CAR and LDR (-0.93) represent the most significant negative associations. These
findings demonstrate that credit quality, solvency, and profitability are most sensitive to
the interplay of household consumption, property markets, and institutional conditions,
while excessive lending and macroeconomic stress constitute the main channels of

banking sector vulnerability.

Variable highest correlation pairs

CAR « NPL : correlation = -0.88

CAR « LDR : correlation = -0.93

CAR « Judicial Effectiveness : correlation = 0.82
CAR o Property Rights : correlation = 0.72

CAR « PGB 10Y : correlation = -0.65

CAR « Exchange rate US to EU : correlation = -0.74
CAR « GNI : correlation = 0.82

CAR « House Pricing PT : correlation = 0.84

CAR « PCRH-D : correlation = 0.65
CAR « Exports PT M€ : correlation = 0.88
CAR « Real GDP PT : correlation = 0.69

CAR « Unemployment rate : correlation = -0.74
CAR o COVID dummy : correlation = 0.74
Bank Size o NPL : correlation = -0.77

Bank Size o LDR : correlation = 0.67

Bank Size o PGB 10Y : correlation = 0.72

Firm Loan PT ~ Public Debt PT : correlation = -0.63
FSI o NPL : correlation = 1.00

Business Freedom  FSI : correlation = 0.85

FSI « Property Rights : correlation = -0.65

FSI « GNI : correlation = -0.61

FSI « House Pricing PT : correlation = -0.68

FSI o Public Debt PT : correlation = 0.63

COVID dummy ~ FSI : correlation = -0.72

NPL - ROA : correlation = -0.70

LDR « NPL : correlation = 0.98

Business Freedom  NPL : correlation = 0.91
Judicial Effectiveness « NPL : correlation = -0.71
NPL « Property Rights : correlation = -0.76

GNI « NPL : correlation = -0.79

House Pricing PT o NPL : correlation = -0.90

NPL «~ PCRH-D : correlation = -0.70

Exports PT M€ o NPL : correlation = -0.68

NPL - Real GDP PT : correlation = -0.67

NPL « Unemployment rate : correlation = 0.84

NPL « Public Debt PT : correlation = 0.61

COVID dummy ~ NPL : correlation = -0.87

Personal Loan PT < Unemployment rate : correlation = -0.77
Property Rights « ROA : correlation = 0.63

GNI « ROA : correlation = 0.73

House Pricing PT - ROA : correlation = 0.72
PCRH-D o ROA : correlation = 0.80

ROA o Real GDP PT : correlation = 0.79

ROA o Unemployment rate : correlation = -0.65
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Judicial Effectiveness « LDR : correlation = -0.89
LDR « Property Rights : correlation = -0.68

LDR « PSI-20 : correlation = 0.61

LDR « PGB 10Y : correlation = 0.62

Exchange rate US to EU o LDR : correlation = 0.85

GNI « LDR : correlation = -0.80

House Pricing PT o~ LDR : correlation = -0.77

Exports PT M€ o LDR : correlation = -0.87

LDR < Real GDP PT : correlation = -0.62

LDR « Public Debt PT : correlation = -0.63

COVID dummy « LDR : correlation = -0.73

Judicial Effectiveness « Property Rights : correlatio
Exchange rate US to EU « Judicial Effectiveness : cor
71

GNI « Judicial Effectiveness : correlation = 0.85
House Pricing PT o Judicial Effectiveness : correlati
Judicial Effectiveness « PCRH-D : correlation = 0.71
Exports PT M€ o« Judicial Effectiveness : correlation
Judicial Effectiveness « Real GDP PT : correlation =
Judicial Effectiveness « Unemployment rate : correlat
COVID dummy « Judicial Effectiveness : correlation =
GNI o Property Rights : correlation = 0.91

House Pricing PT o Property Rights : correlation = 0.

PCRH-D o Property Rights : correlation = 0.78
Exports PT M€ « Property Rights : correlation =
Property Rights o Real GDP PT : correlation = 0.82
COVID dummy « Property Rights : correlation = 0
Interest rate « PSI-20 : correlation = 0.77

PSI-20 « Public Debt PT : correlation = -0.78

PGB 10Y o Unemployment rate : correlation = 0.70
Exchange rate US to EU o GNI : correlation = -0.64
Exchange rate US to EU o House Pricing PT : correlati
Exchange rate US to EU o Exports PT M€ : correlation
GNI o House Pricing PT : correlation = 0.96

GNI < PCRH-D : correlation = 0.85

Exports PT M€ o GNI : correlation = 0.92

GNI < Real GDP PT : correlation = 0.89

COVID dummy « GNI : correlation = 0.81

House Pricing PT o PCRH-D : correlation = 0.87
Exports PT M€ « House Pricing PT : correlation = 0.86
House Pricing PT o Real GDP PT : correlation = 0.89

House Pricing PT o Unemployment rate : correlation =
COVID dummy « House Pricing PT : correlation = 0.89
Interest rate « Public Debt PT : correlation = -0.76

Exports PT M€ « PCRH-D : correlation = 0.68

PCRH-D « Real GDP PT : correlation = 0.98

PCRH-D o Unemployment rate : correlation = -0.71
COVID dummy « PCRH-D : correlation = 0.65

Exports PT M€ o Real GDP PT : correlation = 0.74
COVID dummy « Exports PT M€ : correlation = 0.73

Real GDP PT o Unemployment rate : correlation = -0.69
COVID dummy « Real GDP PT : correlation = 0.66

n=0.74
relation =
on = 0.85

= 0.82

0.76

ion = -0.66
0.74

92

on = -0.63
= -0.73

-0.68

-0.

Source: Jupiter Notebook, Python
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Appendix C: Data Testing and Modelling

C1) Test the data

The objective of this paper is therefore to explore the determinants of NPLs of the
Portuguese banking system, with NPLs as the dependent variable. The research
methodology relies on methods similar to Foglia (2022) and Kjosevski, Petkovski, and
Naumovska (2019). As the dataset covers the years 2016 to 2024, periods of missing
observations were left out. As a result, the total data set contains 36 observations. The
selected period provides a homogeneity of variables and a robustness of further statistical

analysis.

Before estimating the model, the ADF test was applied to test for the stationarity
of the variables in keeping with the methods of Kjosevski et al. (2019), Foglia (2022) and
Castro and Santos (2010). The ADF test tests the null hypothesis that a unit root is present
in a time series against the alternative that the time series is stationary around a constant

level:

o Null hypothesis (HO): The series contains a unit root (non-stationary).

o Alternative hypothesis (H1): The series is stationary.

ADF Statistic: -4.892988300610958
p-value: 3.598705593244005e-05

Figure 32 - ADF Statistic

The test statistic of the NPL series, , ADF obtained an ADF statistic of - 4.893
with a p-value of 0.0000359. Since the p-value is much smaller than 0.05, the null
hypothesis of non-stationarity is turned down, and the NPL series is stationary at levels
and is also I(0). This is an important property because it makes it possible for NPL to be
incorporated in econometric models such as the ARDL model, which can handle a mix
of 1(0) and I(1) series. This preliminary step guarantees that, in what follows, the

estimation of the model is performed in statistically valid and properly behaved series.

Homogeneity of the variables: linear relationships were examined considering the

independent variables and to decide the representative predictors by Pearson’s correlation
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analysis, following the evaluation of the stationarity, according to the methods used in

Cotovio (2023), Kanapickiené¢ et al. (2023) and Gounder and Bajaj (2022).

The correlation matrix showed many pairs of variables with very high correlations
among them, which suggests strong linear relationships and possible redundancy. A
cautious selection strategy was introduced to reduce multicollinearity and improve

interpretability.

According to the Pearson correlation outputs, among the highly correlated
variables of macroeconomic indicators, only PCRH-D was selected as the representative
variable. Of institutional quality indicators, Judicial Effectiveness was chosen as the item
that is most directly related to the credit enforcement environment. The NPL ratio was
kept as the dependent variable, removing closely associated ratios such as FSI to prevent
the collinearity problem. A COVID dummy was also included to account for structural
breaks around the pandemic and to allow us to examine differences in pre- and post-
COVID correlations. This strategy is useful in the sense that it can decrease the
dimensionality of the original problem and make correlation patterns clear and still
consistent in the theoretical sobriety and quality of the data, and generate a strong

database for further regression analysis.

VIF estimation was then carried out to formally check for any multicollinearity,
as suggested by Foglia (2022), Mixdo (2020) and Milenkovi¢ et al. (2024). Highly
correlated variables were then screened, and those that gave rise to inflated VIF values
were taken out one at a time in a stepwise manner to maintain stable estimates of

coefficients of the regression equations.

Variable VIF
0 const 1323.362527
1 NPL 18.250168
2 GNI 23.799227
3 Property Rights 8.504375
4 Unemployment rate 6.061442
5 CAR 12.306951
6 Interest rate 6.931213
7 COVID_dummy 8.060625

Table 5 - Variance Inflation Factor (VIF) output
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The last group of variables were chosen by Pearson's correlation analysis, VIF
results and empirical reasons. NPL was assigned as the endogenous (dependent) variable
because it was a pivotal variable in this research. As far as macro-financial indicators are
concerned, GNI proved to be the best measure of economic output and was selected for
the representation of economic activity as it takes on the economy as a whole, without
overlapping with other highly correlated variables as PCRH-D and Real GDP. Property
Rights is the institutional quality variable, which depicts the effectiveness of law and
regulation, in particular credit enforcement, and is theoretically correlated with bank
credit risk. The Unemployment Rate was chosen to reflect labour market conditions,
which may affect loan delinquencies. The CAR and Interest rate are included in the
retained indicators to depict the financial soundness of a particular bank and the credit
cost, respectively. Lastly, a COVID dummy was added to capture structural breaks and
potential NPL behavioural shift due to the pandemic. This selection of variables balances
theoretical relevance and empirical strength, reduces the collinearity among them and

lays a good base for further regression.

The Elastic Net regression approach was used to further improve the importance
of variables and avoid overfitting. Elastic Net is a regularised regression strategy which
consists of a combination of Lasso (L1) and Ridge (L2) penalties and aims to induce
sparsity as well as the grouping effect of highly correlated predictors (Zou & Hastie, 2005;
Friedman, Hastie & Tibshirani, 2010; Friedman, 2020). This method of modelling is
particularly suitable for settings (such as the current study) where the number of

predictors is high relative to the number of observations.

Furthermore, Elastic Net was used to compromise between the advantages of L1
and L2 regularisation, allowing L1 rule to maintain the most useful features while
shrinking coefficients of irrelevant variables to zero. The existing literature on equivalent
macro-financial datasets suggests that the use of small values for a (regularisation
parameter), usually ranging from 0.0001 to 0.001, allows for maintaining the accuracy of
the model whilst taking advantage of the regularisation effect of the Elastic Net (Zou &
Hastie, 2005). The choice of an a is important, since too much regularisation yields
underfitting and too little keeps the predictive signal while giving more liberty to the
inflation of the coefficients (Pedregosa et al., 2011; Zou & Hastie, 2005). Using this
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evidence, the regularisation parameter, o, was set at 0.0001, indicative of a greatly
undisturbed punishment for the coefficients of the model. A parameter sweep was used
to select the combination of penalties, and a = 0.0001 was verified to be the optimal
choice on this dataset. Hence, the use of Elastic Net in this analysis has two benefits: it
shrinks dimensionality by penalising low contributing predictors and keeps in
theoretically important model predictors, improving the interpretability and

generalizability of the resulting model.

Intercept: 0.08611038785714285

Variable Coefficient
3 FSI 0.045113
6 LDR 0.005340
21 Unemployment rate 0.002445
7 Business Freedom 0.001765
12 PGB 10Y 0.001442
23 COVID_dummy -0.000612
0 CAR -0.000600
9 Judicial Effectiveness -0.000253
16 Inflation rate -0.000109
14 GNI 0.000037
4 Personal Loan PT -0.000024
17 Interest rate -0.000000
22 Public Debt PT 0.000000
2 Firm Loan PT 0.000000
20 Real GDP PT 0.000000
19 Exports PT M€ -0.000000
18 PCRH-D 0.000000
5 ROA 0.000000
13 Exchange rate US to EU -0.000000
1 Bank Size 0.000000
11 PSI-20 -0.000000
10 Property Rights 0.000000
8 Investment Freedom 0.000000
15 House Pricing PT 0.000000

Table 6 — Elastic Net results

The output of the Elastic Net is used to identify the variables kept in the model
(non-zero coefficients), which are the key drivers of NPLs in the Portuguese banking
industry. In the Elastic Net model, FSI (expected), LDR and Unemployment rate became
significant positive predictors of higher NPLs, thus suggesting that higher FSI ratio,
aggressive lending and higher level of unemployment are associated with high NPLs.
COVID dummy, CAR, Judicial Effectiveness, and Inflation rate exhibited minor negative
effects, which means that regulatory forbearance, strong bank capital, fast judicial
systems higher inflation have a minor reduction effect on NPLs. GNI and Personal Loan
PT had little influence. On the other hand, variables such as Bank Size, Firm Loan PT,
Real GDP, Property Rights, PI-20, exchange rate US to EU, House pricing, Exports,
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Interest rate, Investment freedom, ROA, PCRH-D, and Public debt were compressed to
zero, which means they had less impact on NPLs and justifying their omission from the
analysis. This model selects for the most influential and theoretically promising
predictors, leading to a simple and interpretable framework for the analysis of the

determinants of NPLs and avoiding overfitting and multicollinearity.

In conclusion, the 2016-2024 dataset was meticulously processed and scrubbed,
providing 36 full observations. Stationarity of the NPL variable was verified by the tests
for I(0), and the Pearson correlation analysis was also used to identify the representative
variables with the lowest redundancy. Multicollinearity was managed by omission of VIF
through a sequential stepwise execution in Elastic Net regression; it also allows both

variable selection and regularisation to obtain a feasible and stable model.

C2) Vector Autoregression (VAR) Framework

The trend-indicators for NPLs, as well as bank-specific and macroeconomic
variables, are used in the VAR framework, which allows for the dynamic relationships
between them. This method is very appropriate since it considers all the variables to be
endogenous and hence can be used to test the feedback effect of developments in the
credit cycle. Previous work, e.g., Marques et al. (2020), underlines the role of VAR in
investigating the NPL credit link. For instance, Espinoza and Prasad (2010) find that a
one standard deviation increase in the NPL ratio reduces credit growth by 1.5 and 2.2 p.p.
in the years two and three ahead, respectively, and Klein (2013), via panel VAR,
illustrates that a 1 p.p. elevation in the NPL ratio brings a cumulative decline in the credit-
to-GDP ratio. These results provide evidence that NPL shocks have real effects on loan

facilitations and the overall macroeconomic environment.

The selection of variables maintained in the Portuguese case study was controlled
by the Elastic Net and VIF diagnostics, so it was ensured that the selected variables had
significant theoretical relevance and were robust to multicollinearity. The LDR as a proxy
for bank liquidity, the Unemployment rate as a macroeconomic driver of credit risk, the
CAR for bank solvency, Judicial Effectiveness to control for institutional quality, the
Interest rate as the main macro-financial variable and the PGB 10y yield and the inflation

rate were the final variables included in the above model specification. This selective
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choice prevented redundancy, so that, for example, the FSI has been removed (because
collinear with NPL), preserving, on the other hand, relevant macro-financial and
institutional dimensions. The COVID-19 dummy was not added to the VAR specification
as it is a structural break rather than a dynamic endogenous variable for autoregressive

modelling.

Colunas constantes (serdo removidas): []
Summary of Regression Results

Model: VAR
Method: oLS
Date: Sun, 07, Sep, 2025
Time: 14:59:21
No. of Equations: 7.00000 BIC: -30.1615
Nobs: 35.0000 HQIC: -31.7910
Log likelihood: 279.736 FPE: 7.00240e-15
AIC: -32.6501 Det(Omega_mle): 1.65746e-15

Results for equation Unemployment rate

coefficient std. error t-stat prob
const 0.032295 0.073093 0.442 0.659
L1l.Unemployment rate 0.369209 0.166179 2.222 0.026
L1.CAR 0.001137 0.002344 0.485 0.628
L1l.Interest rate -0.271110 0.272349 -0.995 0.320
L1.Judicial Effectiveness -0.000217 0.000087 -2.501 0.012
L1.LDR 0.000052 0.000553 0.093 0.926
L1.PGB 10Y 0.004113 0.003179 1.294 0.196
L1.Inflation rate -0.016036 0.082035 -0.195 0.845
Results for equation CAR

coefficient std. error t-stat prob
const 14.450666 4.207434 3.435 0.001
L1.Unemployment rate 15.751985 9.565673 1.647 0.100
L1.CAR 0.406596 0.134935 3.013 0.003
Ll.Interest rate 24.072965 15.677099 1.536 0.125
L1.Judicial Effectiveness 0.012191 0.004999 2.439 0.015
L1.LDR -0.083936 0.031843 -2.636 0.008
L1.PGB 10Y 0.011534 0.183012 0.063 0.950
L1.Inflation rate -11.403575 4.722144 -2.415 0.016
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Results for equation Interest rate

coefficient std. error t-stat prob
const 0.022450 0.016469 1.363 0.173
L1.Unemployment rate -0.013270 0.037442 -0.354 0.723
L1.CAR -0.001551 0.000528 -2.936 0.003
L1l.Interest rate 1.091876 0.061364 17.793 0.000
L1.Judicial Effectiveness -0.000010 0.000020 -0.499 0.618
L1.LDR 0.000020 0.000125 0.162 0.872
L1.PGB 10Y -0.001531 0.000716 -2.137 0.033
L1l.Inflation rate 0.145260 0.018484 7.859 0.000
Results for equation Judicial Effectiveness
coefficient std. error t-stat prob
const 120.788465 146.307472 0.826 0.409
L1.Unemployment rate -288.353562 332.632565 -0.867 0.386
L1.CAR 4.904031 4.692162 1.045 0.296
L1l.Interest rate -1223.613179 545.148633 -2.245 0.025
L1.Judicial Effectiveness 0.406101 0.173820 2.336 0.019
L1.LDR -1.591055 1.107299 -1.437 0.151
L1.PGB 10Y 14.243323 6.363997 2.238 0.025
L1l.Inflation rate -272.864459 164.205789 -1.662 0.097
Results for equation LDR
coefficient std. error t-stat prob
const 20.460182 12.604341 1.623 0.105
L1.Unemployment rate 9.033551 28.656188 0.315 0.753
L1.CAR -0.404516 0.404228 -1.001 0.317
Ll.Interest rate —-24.086386 46.964378 -0.513 0.608
L1.Judicial Effectiveness -0.009169 0.014975 -0.612 0.540
L1.LDR 0.821291 0.095393 8.610 0.000
L1.PGB 10Y 0.418492 0.548256 0.763 0.445
L1.Inflation rate -8.591148 14.146275 -0.607 0.544
Results for equation PGB 10Y
coefficient std. error t-stat prob
const -6.383126 3.909432 -1.633 0.103
L1.Unemployment rate 10.585469 8.888161 1.191 0.234
L1.CAR 0.179906 0.125378 1.435 0.151
L1l.Interest rate 9.818983 14.566731 0.674 0.500
L1.Judicial Effectiveness -0.003957 0.004645 -0.852 0.394
L1.LDR 0.038777 0.029588 1.311 0.190
L1.PGB 10Y 0.656387 0.170050 3.860 0.000
L1.Inflation rate 17.358841 4.387687 3.956 0.000
Results for equation Inflation rate
coefficient std. error t-stat prob
const -0.157783 0.124895 -1.263 0.206
L1.Unemployment rate -0.066638 0.283951 -0.235 0.814
L1.CAR 0.009999 0.004005 2.496 0.013
L1.Interest rate -1.072928 0.465365 -2.306 0.021
L1.Judicial Effectiveness -0.000061 0.000148 -0.413 0.679
L1.LDR 0.000219 0.000945 0.232 0.816
L1.PGB 10Y 0.005108 0.005433 0.940 0.347
L1.Inflation rate 0.934666 0.140174 6.668 0.000
Correlation matrix of residuals
Unemployment rate CAR Interest rate Judicial Effectiveness LDR PGB 10Y
nflation rate
Unemployment rate 1.000000 0.198195 -0.170000 -0.196966 -0.407987 0.061114
0.201091
CAR 0.198195 1.000000 -0.173191 -0.353962 -0.330116 -0.480115
-0.069557
Interest rate -0.170000 -0.173191 1.000000 0.168566 0.171170 -0.033101
0.019626
Judicial Effectiveness -0.196966 -0.353962 0.168566 1.000000 -0.096351 0.391024
0.336070
LDR -0.407987 -0.330116 0.171170 -0.096351 1.000000 -0.279012
-0.416980
PGB 10Y 0.061114 -0.480115 -0.033101 0.391024 -0.279012 1.000000
0.506080
Inflation rate 0.201091 -0.069557 0.019626 0.336070 -0.416980 0.506080
1.000000

Table 7 - Vector Autoregression (VAR) results

I
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The estimation results of VAR validate the adequacy of this specification. The
model achieved a strong overall fit, with an AIC of (- 32.65), BIC of (- 30.16), and a log-
likelihood of ~279.74. Several meaningful dynamics emerged. For the unemployment
equation, persistence existed as lag unemployment was still significant and Judicial
Effectiveness negatively affected (p-value = 0.012), which implies that higher
institutional quality mitigates the fragility of the labour market. For the solvency equation,
the lagged CAR was highly significant (p-value = 0.003), but solvency was also
negatively determined by LDR (p-value = 0.008) and inflation (p = 0.016), and positively
by institutional quality. For the interest rate equation, the partial autocorrelation (p <
0.001) was complemented by significant negative effects from the CAR (p = 0.003) and
the PGB 10y yield (p = 0.033) and a strong positive effect of inflation (p < 0.001). Judicial
Effectiveness displayed the interest rate shock persistence (p = 0.019) but negatively
affected (p = 0.025) the same shocks. As anticipated, LDR exhibited strong persistence
(p <0.001), and the PGB 10y yield equation indicated significant autoregressive effects
(p < 0.001) and strong sensitivity to inflation (p < 0.001). Finally, lagged CAR had a
positive impact on inflation (p = 0.013), and interest rates were impacted negatively by
inflation (p = 0.021), which further emphasised the feedback between macroeconomic

and financial indicators.

The residual correlation matrix also indicates that the interdependencies are well
explained and there is no evidence of excessive unexplained co-movements. In sum, the
VAR analysis not only delivers a robust statistical specification but also is consistent with
theoretical expectations in that the role of unemployment, capitalisation, liquidity and

institutional quality in driving NPL dynamics in Portugal is underscored.

C3) Autoregressive Distributed Lag (ARDL)

Keeping the banking sector stable and efficient means that, becomes important to
understand the reasons underlying NPLs. Studies such as Kjosevski et al. (2019) and
Foglia (2022), to this end, have highlighted that the ARDL framework stands out for its
small-sample, unmeasured with absolute consistency when this characteristic is inherent
in the data, as it allows a clear distinction between short- and long-run effects. Before

estimating the ARDL model, it is essential to determine the maximum number of lags to
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include. The optimal lag length is selected using regression specification tests and
information criteria such as the AIC and BIC, ensuring both statistical validity and
parsimony. This structure allows the model to capture immediate responses to
macroeconomic and bank-specific shocks, such as variations in GDP or LDR ratios, as
well as their persistent effects over time. The ARDL approach can accommodate variables
integrated of different orders such as I(0) or I(1), the cases that are relevant to the
determinants of NPLs in our study, are suitable for deriving a dynamic ECM and also
permit explicit resolution into short - long term problems (Banerjee et al., 1993; Pesaran
& Shin, 1995; Pattichis, 1999). It is by combining a robust lag selection and this dual
point of view that the ARDL methodology yields sound inference as to the determinants
of NPLs in Portugal’s banking system: it is economical to implement and makes sense in
terms of policy. Selection of independent variables for the ARDL model was guided by
Pearson correlation, VIF and VAR results, as well as theoretical relevance, its own

empirical basis and the extent to which they influenced predicted output.

Variable Importance for the model

Unemployment rate Strong macroeconomic driver; positively affects NPLs; significant lag effects
CAR Key bank-specific determinant; higher CAR reduces NPL risk

Judicial Effectiveness  Institutional factor: efficient enforcement reduces default risk

LDR Reflects bank liquidity and credit exposure; positive effect on NPLs

Inflation rate Weak short-term macro influence; included for robustness and completeness
Real GDP PT Captures economic growth effects; reduces NPL risk; core macro determinant
Interest rate Macro-financial relevance; captures cost of borrowing and policy impact
Bank Size Captures scale-related effects on NPLs

COVIDdummy Captures structural shocks from the pandemic; essential for 2020-2024 period

Table 8 - ARDL variable selection

C4) ARDL Estimation Results — Elastic Net, ARDL-based

After the estimation of the ARDL model, an Elastic Net regression was conducted
with the independent variables selected to determine the relative elasticities and further
establish the priority determinants influencing NPLs. Application of the Elastic Net in
this setting offers a compromise between the LASSO and Ridge regression steps; it
simultaneously applies variable selection and mitigates any possible multicollinearity in

the highly correlated bank-specific and macroeconomic variables (Zou & Hastie, 2005;
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Tibshirani, 1996). This method is particularly suitable when dealing with small samples

with many correlated predictors, as in the present study.

Elasticity
Variable
NPL.L1 0.853500
LDR.LO 0.069933
LDR.L1 -0.020397
Real GDP PT.L@ 2.216040
Bank Size.L® 24.844644
COVID_dummy.L@ 0.629213
COVID_dummy.L1l -0.325843

Table 9 — Elastic Net ARDL-based results

Most importantly, the Elastic Net estimation using the AIC-selected ARDL model
indicates the dominance of bank-level variables and NPL persistence. Lagged NPL (NPL.
L1: 0.8535) is significantly positive, suggesting that historical credit defaults are
significantly good predictors of the current NPLs, which is an empirical result consistent
with the existence of a significant serial pattern of credit risk in the literature (Beck et al.,
2013). Bank Size (24.8446 at Lag 0) affects more immediately than others and suggests
that a larger bank is more exposed to credit risk since its lending is higher and its portfolio
is more complex. LDR (0.0699 at Lag 0; -0.0204 at Lag 1) has a moderate instantaneous
positive impact, then a small negative correction, consistent with short-term balance-sheet
adjustments. Real GDP PT (2.2160 at Lag 0) has a contemporaneous effect and presents
context-related combinations of economic growth and NPL determinants. The COVID
dummy (0.6292 at Lag 0; -0.3258 at Lag 1) captures its temporary shock, highlighted by
the immediate rise in NPLs followed by a partial correction, which reflects the influence
of policy measures such as loan moratoria and capital support. Overall, these results
suggest that lagged NPL and bank-level factors largely drive outcomes, whereas macro
shocks and the pandemic take place mainly in the short run or as a transitional state. By
integrating ARDL-based lag selection with Elastic Net estimation, this method confers
physical meaning while reducing overfitting and remarkably recovers the main

determinants of NPLs (Tibshirani, 1996; Zou & Hastie, 2005).
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C5) ARDL Estimation Results — OLS simple regression, ARDL-based

After Elastic Net, it has been estimated that the OLS regression is a more desirable

alternative for investigating the dynamics of NPL in the Portuguese banking sector.

OLS Regression Results

Dep. Variable: NPL  R-squared: 0.998
Model: OLS Adj. R-squared: 0.998
Method: Least Squares F-statistic: 2292.
Date: Sun, 07 Sep 2025 Prob (F-statistic): 9.47e-36
Time: 15:07:47  Log-Likelihood: 166.34
No. Observations: 35 AIC: -316.7
Df Residuals: 27 BIC: -304.2
Df Model: 7
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.9751]
const -0.8552 0.256 -3.338 0.002 -1.381 -0.330
NPL_lagl 0.8535 0.064 13.416 0.000 0.723 0.984
LDR_lag@ 0.0024 0.000 4,967 0.000 0.001 0.003
LDR_lagl -0.0007 0.001 -1.375 0.180 -0.002 0.000
Real GDP PT_lagd 1.131e-06 5.01e-07 2.256 0.032 1.02e-07 2.16e-06
Bank Size_lag®@ 0.1172 0.047 2.470 0.020 0.020 0.215
COVID_dummy_lag@ 0.0168 0.005 3.218 0.003 0.006 0.028
COVID_dummy_lagl -0.0087 0.004 -2.463 0.020 -0.016 -0.001
Omnibus: 3.943 Durbin-Watson: 2.297
Prob(Omnibus): 0.139 Jarque-Bera (JB): 2.608
Skew: -0.610 Prob(JB): 0.271
Kurtosis: 3.545 Cond. No. 3.11le+07
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 3.11e+07. This might indicate that there are
strong multicollinearity or other numerical problems.

Table 10 - OLS simple regression, ARDL-based results

ARDL (1,1,0,0,1) specification exhibits a high R-squared of 0.998, suggesting that
almost all the variation in NPLs is accounted for. The overall significance of the model
is supported by an adjusted R-squared = 0.998 and F-statistic = 2292.0 (p < 0.001).
Information criteria AIC (-316.7) and BIC (-304.2) support a compromise between model
fit and parsimony. Important variables are highly statistically significant and have
economic meaning. Lagged NPL (NPL. L1: 0.8535, p < 0.001) reflects the strong
persistence of credit risk, which is consistent with previous studies that find
autocorrelation in credit defaults (Beck et al., 2013). The LDR (LDR. LO0: 0.0024, p <
0.001) is positively related to NPLs, while Real GDP PT (LO: 1.131e-06, p = 0.032)
consists of an economic growth stabilising effect. Bank Size (LO: 0.1172, p = 0.020)
suggests that larger banks are subject to a little more NPLs, and the COVID dummy
reflects pandemic concerns, with an immediate shift effect (L0: 0.0168, p = 0.003) and
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its partial reversal in the following period (L1: -0.0087, p = 0.020). It suggests that, in
this macroeconomic shock, especially, the NPL persistence and bank-specific variables
play an important role, and they are dominant, whereas the macroeconomic shock and the

pandemic sentiment shocks have small and temporary effects.

Residual diagnostics support the credibility of the model, as residuals are
approximately normal (Jarque-Bera = 2.608; p = 0.271) and there is low evidence of
autocorrelation (Durbin-Watson = 2.297). The condition number is high (3.11e+07) and
suggests that there may be strong multicollinearity among the model features, but model
stability is preserved. The OLS lag structure aligns with the ARDL framework and is
consistent in capturing both short-run and long-run dynamics, facilitating interpretation
and enabling coherent analysis of how macroeconomic and bank-specific determinants

affect NPLs’s time (Tibshirani, 1996; Zou, & Hastie, 2005; Beck et al, 2013).

The first stage of the Elastic Net estimate on the ARDL relational model with the
AlC-selected lag-length pinpoints the most influential NPLs determinants through the
persistence of credit risk with the lagged NPLs and the importance of the bank level
characteristics, in particular Bank Size and LDR. By selecting variables and controlling
for correlation between them, Elastic Net can reduce the risk of overfitting and
multicollinearity, which is crucial when working with a small sample size and several
lags (Tibshirani, 1996; Zou & Hastie, 2005). It was found that COVID-induced shocks
have short-term effects that are partly reversed in the following periods. Extending these
findings, the OLS regression, specified by a similar ARDL specification, furnishes very
interpretable and statistically significant coefficients that support Elastic Net results.
Elastic Net improves on model sparsity and benefits variable significance; at the same
time, OLS provides for precise magnitudes and more direct economic interpretation.
Combined, the two methodologies provide supporting evidence, increasing confidence in
the main drivers of NPLs in the Portuguese banking system and laying a strong empirical

base for policy implications.
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C6) ARDL Estimation Results — Dvnamic ECM estimation ARDL-based

After estimating the ARDL model and further Elastic Net and OLS regression
analysis, the ECM has been calculated to decouple the short-run from long-run behaviour
of NPLs in the Portuguese banking system. Especially from the viewpoint of both
dynamic and policy implications, the ECM is crucial as it reflects conditions for which a
differential away from the long-run equilibrium is adjusted over time (Banerjee et al.,

1993; Pesaran & Shin, 1995; Kjosevski et al., 2019).

OLS Regression Results

Dep. Variable: d_NPL R-squared: 0.401
Model: OLS Adj. R-squared: 0.294
Method: Least Squares F-statistic: 3.754
Date: Sun, @07 Sep 2025 Prob (F-statistic): 0.0100
Time: 15:08:07 Log-Likelihood: 145.00
No. Observations: 34 AIC: -278.0
Df Residuals: 28 BIC: -268.8
Df Model: 5
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const -0.0029 0.001 -3.236 0.003 -0.005 -0.001
d_LDR 0.0024 0.001 3.798 0.001 0.001 0.004
d_Real GDP PT 7.356e-07 6.71le-07 1.096 0.283 -6.4e-07 2.11e-06
d_Bank Size 0.0831 0.104 0.797 0.432 -0.130 0.297
d_COVID_dummy 0.0065 0.007 1.001 0.325 -0.007 0.020
ECT_lagl -0.5514 0.310 -1.781 0.086 -1.186 0.083
Omnibus: 1.431 Durbin-Watson: 0.800
Prob(Omnibus): 0.489 Jarque-Bera (JB): 1.302
Skew: -0.445 Prob(JB): 0.521
Kurtosis: 2.646 Cond. No. 8.17e+05
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 8.17e+05. This might indicate that there are
strong multicollinearity or other numerical problems.

Table 11 - Dynamic ECM estimation ARDL-based results

LDR turn out to be the only statistically significant related factor in the narrative,
reflecting that bank liquidity has an influencing effect on credit risk, with the short-run
relationship requiring a percentage of 40% of NPLs. The other short-run variables, AReal
GDP, ABank Size, and ACOVID dummy, remain relatively insignificant and small,
suggesting that short-term macroeconomic and health crisis effects are relatively
insignificant. The ECT lagl has a highly negative coefficient, which means that
adjustments from the long-run equilibrium are gradually adjusted at each period. The ECT
is only weakly significant at the 10% level (p = 0.086), but its value implies inherently

significant long-run adjustment talks of convergence are supported; indeed, the
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persistence of NPLs is revealed in the ARDL and Elastic Net analysis. Diagnostic tests
indicate a reasonable set of residuals having a slight skew and kurtosis and a bit of
autocorrelation (Durbin-Watson = 0.800); multicollinearity is present, as indicated by the

high condition number.

The comparison of the ARDL, Elastic Net, OLS and ECM methods reveals the
revealed that each methodology has its own advantages. The complete (1,1,0,0,1) ARDL
incorporates the short- and long-run lagged dynamics in addition to macroeconomic,
bank-specific, and COVID-specific effects; however, its large size results in a minor
degree of overfitting and non-significant lags. In the limited ARDL (1,0,0,0,1), more
parsimoniously only includes core drivers NPL persistence, LDR, bank size, GDP and
COVID shocks with similar goodness of fit - albeit with less complexity. Elastic Net, via
coefficients ARDL, reduces multicollinearity and presents the most important predictors,
which were previously found (the dominance of lagged NPLs and bank level), but does
not give direct significance testing. OLS estimation provides very intuitive and
statistically valid coefficients as expected in the ARDL framework; however, the very
high R-squared and high condition number suggest multicollinearity. Lastly, the ECM
captures the short-run dynamics where ALDR is the only short-term driver and there is
an intermediate increase of lender controls towards equilibrium through the ECT in line
with stubborn NPLs. These methods are combined to provide consistent answers on the
short-term and long-term factors of NPLs, where the short-term and long-term dynamic
relationship is provided by ARDL and ECM, Elastic Net is responsible for variable

selection, while OLS is used to check the robustness of the selected variables.
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OLS Regression Results

Dep. Variable: d_NPL R-squared: 0.343
Model: OLS Adj. R-squared: 0.256
Method: Least Squares F-statistic: 3.755
Date: Sun, @7 Sep 2025 Prob (F-statistic): 0.0136
Time: 15:08:27 Log-Likelihood: 147.43
No. Observations: 35 AIC: -284.9
Df Residuals: 30 BIC: -277.1
Df Model: 4
Covariance Type: HC1

coef std err z P>|z| [0.025 0.975]
const -0.0029 0.001 -4.478 0.000 -0.004 -0.002
d_LDR 0.0227 0.007 3.397 0.001 0.010 0.036
d_Real GDP PT 0.0041 0.002 1.963 0.050 7.24e-06 0.008
d_COVID_dummy 0.0112 0.006 2.021 0.043 0.000 0.022
ECT_lagl -0.1861 0.093 -2.002 0.045 -0.368 -0.004
Omnibus: 4.768 Durbin-Watson: 0.916
Prob(Omnibus): 0.092 Jarque-Bera (JB): 3.281
Skew: -0.625 Prob(JB): 0.194
Kurtosis: 3.828 Cond. No. 153.
Notes:

[1] Standard Errors are heteroscedasticity robust (HC1)
Table 12 - First differenced ECM and lagged ECT

The first differenced ECM with core explanatory variables and the lagged ECT
is a parsimonious and intuitively appealing representation for NPL dynamics in the
Portuguese bank sector. The model accounts for about 34% of the variation in the short
run and is significant (F = 3.755, p <0.014). Short-run dynamics are driven by a dominant
effect of liquidity (ALDR) and transitory effects of COVID, and a marginal one of GDP.
The negative and significant ECT value implies that there is a significant long-run
relationship and that the system corrects for deviations by ~18.61% per period (Engle &
Granger, 1987; Banerjee et al., 1998).

The diagnoses indicate stability and low multicollinearity (condition number =
153) and nearly normal residuals. This ECM estimation trades off parsimony,
significance and economic interpretation, emphasising the substantive importance of
bank liquidity, short-run shocks and gradual long-run adjustment, laying solid

foundations for policy and risk considerations.

81



Appendix D: Covid dummy variable extended treatment

The first, a binary specification for the dummy set to 0 before the pandemic, 1
during the pandemic (1st March 2020 — 30th September 2022) and back to 0 after the
pandemic. This follows the technique of Plikas et al. (2024), who regard COVID-19 as a
temporary shock that generated a greater macroeconomic impact in post-pandemic
periods, whilst Suradi, Siregar, and Sartono (2021) treated the pandemic as a transient

variable that reflects an immediate but non-permanent effect on NPLs.

The second, phase-based representation splits the life of the economy into five
stages following an approach similar to Cotovio (2023): Pre-COVID (from January 2008
to February 2020), COVID-2020 (from March to December 2020), COVID-2021 (from
January to December 2021), COVID-2022 (from January to September 2022), and Post-
COVID (from October 2022 to December 2024). Such a structure enables a more detailed
examination of uniformity in the pandemic effects on NPL or its variation across stages

and greater insight into credit risk dynamics in the NPLs of the Portuguese banking sector.

D1) Covid dummy variable: Binary Specification

The COVID dummy variable, which was added as a binary value to account for
the structural break in 2020-2022, is negatively signed and reflects the temporary effect
of emergency measures on credit risk. Based on these findings, the extended version of
the study uses variance in the binary COVID dummy to analyse the dynamic transmission

of NPLs to pandemic-induced shocks.

The variables used for the next step VAR analysis, FSI, LDR, unemployment rate,
Real GDP PT, interest rate, CAR, and COVID dummy, were chosen by considering both
statistical and economic criteria, similar to the method used in the initial version of the

COVID dummy.

82



Variable VIF

0 const 1152.658465
1 NPL 14.101570
2 ROA 10.919783
3 Real GDP PT 5.801665
4 Unemployment rate 9.644202
5 Judicial Effectiveness 3.322122
6 Interest rate 7.344269
7 COVID_dummy 4,581330

Table 13 - VIF results - Binary Specification

Intercept: 0.08611038785714285

Variable Coefficient
3 FSI 0.045773
6 LDR 0.005346
21 Unemployment rate 0.002347
7 Business Freedom 0.001680
12 PGB 10Y 0.001184
0 CAR -0.000895
14 GNI 0.000323
23 COVID_dummy -0.000221
9 Judicial Effectiveness -0.000199
16 Inflation rate -0.000132
22 Public Debt PT -0.000000
2 Firm Loan PT -0.000000
20 Real GDP PT 0.000000
19 Exports PT M€ -0.000000
18 PCRH-D 0.000000
17 Interest rate -0.000000
5 ROA 0.000000
4 Personal Loan PT -0.000000
13 Exchange rate US to EU -0.000000
1 Bank Size 0.000000
11 PSI-20 -0.000000
10 Property Rights 0.000000
8 Investment Freedom 0.000000
15 House Pricing PT -0.000000

Table 14 — Elastic Net results - Binary Specification

The issue of high multicollinearity was tackled by using VIF analysis, such that
each variable brings in separate explanatory power, and the Elastic Net results showed
the most important NPLs drivers focusing on systemic credit risk, bank leverage and
macroeconomic stress. FSI and LDR articles internal bank risk, systemic credit exposure,
and CAR relate to bank solvency buffer, unemployment, and Real GDP consist of cyclical
macroeconomic conditions, interest rate is used for monetary policy transmission, and

COVID dummy explains temporal structural shocks, from the economic point of view.

This setup enables the VAR to trace the dynamic relationship between
macroeconomic conditions, banking system health, and credit risk over time, while
explicitly taking into account structural breaks and policy support measures adopted in

the pandemic. The VAR model focused on a selected number of variables: FSI, LDR,

83



unemployment rate, Real GDP PT, rate of interest, CAR, and COVID dummy, where the

COVID dummy is also addressed by the binary specification to control the structural
break over 2020-2022.

Summary of Regression Results

Model: VAR
Method: oLS
Date: Sun, 07, Sep, 2025
Time: 19:31:40
No. of Equations: 7.00000 BIC: -3.43133
Nobs: 34.0000 HQIC: -5.08798
Log likelihood: -180.637 FPE: 0.00278798
AIC: -5.94533 Det(Omega_mle): 0.000635180
Results for equation FSI

coefficient std. error t-stat prob
const -0.014951 0.127379 -0.117 0.907
L1.FSI -0.071348 0.175699 -0.406 0.685
L1.LDR -0.363469 0.147776 -2.460 0.014
L1.Unemployment rate -0.250119 0.170312 -1.469 0.142
L1.Real GDP PT 0.061557 0.159413 0.386 0.699
Ll.Interest rate 0.877285 0.193110 4.543 0.000
L1.CAR -0.009643 0.133241 -0.072 0.942
L1.COVID_dummy 0.640106 0.167862 3.813 0.000
Results for equation LDR

coefficient std. error t-stat prob
const 0.037373 0.151906 0.246 0.806
L1.FSI -0.212934 0.209530 -1.016 0.310
L1.LDR -0.211132 0.176231 -1.198 0.231
L1.Unemployment rate 0.023875 0.203105 0.118 0.906
L1.Real GDP PT 0.201448 0.190108 1.060 0.289
Ll.Interest rate 0.421635 0.230294 1.831 0.067
L1.CAR 0.422190 0.158896 2.657 0.008
L1.COVID_dummy 0.294804 0.200185 1.473 0.141
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Results for equation Unemployment rate

coefficient std. error t-stat prob
const 0.010691 0.135463 0.079 0.937
L1.FSI 0.327006 0.186849 1.750 0.080
L1.LDR 0.111960 0.157154 0.712 0.476
L1.Unemployment rate 0.106535 0.181120 0.588 0.556
L1.Real GDP PT -0.656189 0.169530 -3.871 0.000
L1l.Interest rate -0.006895 0.205365 -0.034 0.973
L1.CAR -0.046519 0.141696 -0.328 0.743
L1.COVID_dummy 0.167597 0.178515 0.939 0.348
Results for equation Real GDP PT
coefficient std. error t-stat prob
const 0.002946 0.160799 0.018 0.985
L1.FSI 0.462557 0.221798 2.085 0.037
L1.LDR -0.231282 0.186548 -1.240 0.215
L1.Unemployment rate -0.154592 0.214997 -0.719 0.472
L1.Real GDP PT -0.218968 0.201238 -1.088 0.277
Ll.Interest rate -0.011679 0.243776 -0.048 0.962
L1.CAR -0.135458 0.168199 -0.805 0.421
L1.COVID_dummy 0.192952 0.211905 0.911 0.363
Results for equation Interest rate
coefficient std. error t-stat prob
const 0.048199 0.037802 1.275 0.202
L1.FSI -0.041365 0.052143 -0.793 0.428
L1.LDR 0.030923 0.043856 0.705 0.481
L1.Unemployment rate 0.001234 0.050544 0.024 0.981
L1.Real GDP PT 0.015560 0.047309 0.329 0.742
Ll.Interest rate 1.034795 0.057310 18.056 0.000
L1.CAR -0.014671 0.039542 -0.371 0.711
L1.COVID_dummy 0.093971 0.049817 1.886 0.059
Results for equation CAR
coefficient std. error t-stat prob
const 0.015083 0.172067 0.088 0.930
L1.FSI -0.219588 0.237339 -0.925 0.355
L1.LDR 0.199148 0.199620 0.998 0.318
L1.Unemployment rate -0.072067 0.230062 -0.313 0.754
L1.Real GDP PT 0.039625 0.215339 0.184 0.854
Ll.Interest rate 0.367131 0.260858 1.407 0.159
L1.CAR -0.363775 0.179985 -2.021 0.043
L1.COVID_dummy 0.017341 0.226753 0.076 0.939
Results for equation COVID_dummy
coefficient std. error t-stat prob
const -0.001411 0.089378 -0.016 0.987
L1.FSI -0.108728 0.123283 -0.882 0.378
L1.LDR 0.007540 0.103690 0.073 0.942
L1.Unemployment rate 0.002788 0.119503 0.023 0.981
L1.Real GDP PT -0.081088 0.111855 -0.725 0.468
Ll.Interest rate -0.104104 0.135499 -0.768 0.442
L1.CAR 0.132311 0.093491 1.415 0.157
L1.COVID_dummy 0.893869 0.117784 7.589 0.000
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Correlation matrix of residuals

FSI LDR Unemployment rate Real GDP PT Interest rate CAR  COVID_dummy
FSI 1.000000 0.340501 -0.390555 -0.227117 -0.001139 0.048151 0.408666
LDR 0.340501 1.000000 -0.077858 0.052454 0.388263 0.075899 -0.004045
Unemployment rate -0.390555 -0.077858 1.000000 0.408823 -0.057003 -0.138234 -0.341932
Real GDP PT -0.227117 0.052454 0.408823 1.000000 -0.168881 0.145557 -0.569831
Interest rate -0.001139 0.388263 -0.057003 -0.168881 1.000000 -0.118135 -0.172636
CAR 0.048151 0.075899 -0.138234 0.145557 -0.118135 1.000000 -0.229988
COVID_dummy 0.408666 -0.004045 -0.341932 -0.569831 -0.172636 -0.229988 1.000000

Correlation matrix of residuals:

FSI LDR Unemployment rate Real GDP PT \

FSI 1.000000 0.340501 -0.390555 -0.227117
LDR 0.340501 1.000000 -0.077858 0.052454
Unemployment rate -0.390555 -0.077858 1.000000 0.408823
Real GDP PT -0.227117 0.052454 0.408823 1.000000
Interest rate -0.001139 0.388263 -0.057003 -0.168881
CAR 0.048151 0.075899 -0.138234 0.145557
COVID_dummy 0.408666 -0.004045 -0.341932 -0.569831

Interest rate CAR  COVID_dummy
FSI -0.001139 0.048151 0.408666
LDR 0.388263 0.075899 -0.004045
Unemployment rate -0.057003 -0.138234 -0.341932
Real GDP PT -0.168881 0.145557 -0.569831
Interest rate 1.000000 -0.118135 -0.172636
CAR -0.118135 1.000000 -0.229988
COVID_dummy -0.172636 -0.229988 1.000000

Table 15 - Vector Autoregression (VAR) results - Binary Specification

With the binary COVID dummy, FSI retention is significantly influenced by
lagged interest rate (0.877, t=4.543, p <0.001), lagged COVID dummy (0.640, t=3.813,
p < 0.001), and lagged LDR (-0.363, t = -2.460, p = 0.014), capturing the relation of
macro-financial situation, bank leverage, and pandemic induced crisis. LDR is positively
influenced by lagged CAR (0.422, t = 2.657, p = 0.008), and unemployment rate reacts
negatively with lagged Real GDP PT (-0.656, t=-3.871, p <0.001), tying macroeconomic
growth to labour market performances. Lagged FSI (0.463, t = 2.085, p = 0.037) affects
positively Real GDP PT - signalling feedback from the stress occurring in the banking
sector to the overall economy. Interest rate is still highly autoregressive (1.035, t=18.056,
p <0.001) and has a borderline effect from a lagged COVID dummy (0.094, t = 1.886, p
=0.059). CAR is significantly influenced by its own lag (-0.364, t = -2.021, p = 0.043),
and the binary dummy for COVID shows strong persistence (0.894, t = 7.589, p < 0.001).
Interestingly, residual correlations exhibit moderate relationships, especially FSI and
COVID dummy (0.409) and Real GDP PT and COVID dummy (-0.570). The binary
coding of the COVID dummy allows the VAR to account for structural shocks and their
transmission mechanisms through bank-specific and macroeconomic variables, providing

a more accurate picture of the NPL determinants than the former model.

Based on the earlier variable obtained results conducted by the VIF, Elastic Net,
and VAR methods, it was employed the ARDL model was employed to investigate the
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short- and long-run factors of NPLs. The AIC-selected specification is ARDL
(2,0,0,0,0,0,0), while the BIC-optimal model is more parsimonious, ARDL
(1,0,0,0,0,0,0). In all cases, lagged NPL is strongly persistent, and with NPL.L1
coefficients of 0.613 (AIC, p = 0.011) and 1.023 (BIC, p < 0.001), highlighting the

persistence of credit risk and how existing non-performing loans in the previous months

will affect current levels.

Dependent var in columns: True
Independent vars in columns: True
Optimal ARDL order using AIC: (2, @, 3, 0)
Summary of ARDL model selected by AIC:
ARDL Model Results

Dep. Variable: NPL No. Observations: 36
Model: ARDL(2, @, 0, 0, 0, 0, 0) Log Likelihood 152.972
Method: Conditional MLE S.D. of innovations 0.003
Date: Sun, 07 Sep 2025 AIC -285.944
Time: 19:32:25 BIC -270.681
Sample: 09-30-2016  HQIC -280.739

- 12-31-2024

coef std err z P>|z| [0.025 0.975]
const -0.0525 0.027 -1.919 0.066 -0.109 0.004
NPL.L1 0.6135 0.223 2.746 0.011 0.153 1.074
NPL.L2 0.3926 0.212 1.848 0.076 -0.045 0.830
CAR.LO 0.0005 0.001 0.491 0.628 -0.001 0.002
Unemployment rate.L@ 0.1048 0.110 0.956 0.348 -0.121 0.331
Real GDP PT.LO 7.006e-07 4.32e-07 1.623 0.117 -1.89e-07 1.59e-06
Interest rate.LO@ 0.2129 0.078 2.722 0.012 0.052 0.374
Judicial Effectiveness.L® -8.654e-05 5.07e-05 -1.706 0.100 -0.000 1.79e-05
COVID_dummy.L@ 0.0085 0.003 2.906 0.008 0.002 0.014
Optimal ARDL order using BIC: (1, @, 0)
Summary of ARDL model selected by BIC:

ARDL Model Results

Dep. Variable: NPL No. Observations: 36
Model: ARDL(1, @, 0, @, 0, @0, @) Log Likelihood 154.797
Method: Conditional MLE S.D. of innovations 0.003
Date: Sun, 07 Sep 2025 AIC -291.595
Time: 19:32:33  BIC -277.597
Sample: 06-30-2016  HQIC -286.763

- 12-31-2024

coef std err z P>|z| [0.025 0.975]
const -0.0276 0.023 -1.174 0.251 -0.076 0.021
NPL.L1 1.0232 0.048 21.367 0.000 0.925 1.121
CAR.LO 0.0004 0.001 0.458 0.651 -0.002 0.002
Unemployment rate.L@ 0.0079 0.099 0.080 0.937 -0.195 0.211
Real GDP PT.LO 3.556e-07  3.84e-07 0.927 0.362 -4.32e-07 1.14e-06
Interest rate.LO 0.2034 0.082 2.490 0.019 0.036 0.371
Judicial Effectiveness.L® -9.2e-05 4.6e-05 -2.002 0.055 -0.000 2.3e-06
COVID_dummy.L@ 0.0074 0.003 2.562 0.016 0.001 0.013

Table 16 - ARDL model results - Binary Specification

The interest rate factor is the key driver with coefficients of 0.2129 (AIC, p =

0.012) and 0.203 (BIC, p=0.019), respectively, suggesting that the risk of credit increases

with higher interest rates, most likely due to higher debt servicing for borrowers.

Likewise, the binary COVID dummy is positive and significant in both specifications
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(AIC: 0.0085, p = 0.008; BIC: 0.0074, p = 0.016), suggesting the pandemic causes a
structural shock to the credit quality and thereby triggers temporary strains for bank

portfolios.

The impact of Judicial Effectiveness is negative in both the models (AIC: -8.65¢-
05, p=0.100; BIC: -9.2e-05, p = 0.055). This means stronger institutions and legal setup
may somewhat reduce the credit risk, albeit at marginally significant levels. On the
contrary, the remaining factors, as CAR, Unemployment rate, and Real GDP PT,
demonstrate no statistically significant effects in this binary specification, thus leading to

a limited short-run impact of these independent variables on NPLs within this framework.

As a whole, the ARDL analysis emphasises the primacy of interest rates and
pandemic-related shocks in determining NPL dynamics and confirms the permanence of

credit risk while revealing the possible dampening impact of institutional quality.

The ARDL framework allows us to provide additional insights about the
determinants of NPLs, both under the binary COVID dummy specification using Elastic
Net and OLS estimations.

Elasticity
Variable
NPL.L1 1.023200
CAR.LO 0.000960
Unemployment rate.L@ 0.011060
Real GDP PT.L® 1.564640
Interest rate.LO 0.827431
Judicial Effectiveness.L® -0.001380
COVID_dummy.LO® 0.014800

Table 17 — Elastic Net ARDL-based - Binary Specification

The lagged NPL dominates in the Elastic Net ARDL-based estimates, confirming
that credit risk is very persistent (elasticity of 1.023). The interest rate elasticities are
(0.827), further suggesting the importance of interest rate in NPL dynamics, affirming the
theoretical proposition that higher borrowing cost serves to raise the chance of NPL
occurring. Intuitively, the elasticities of each variable indicate how macroeconomic
variables (such as GDP PT) have a moderate effect (or at least a potentially nonlinear
one) on credit risk. The COVID dummy remains positively significant (~0.015), and the

sign of this effect is an indication that pandemic shocks are still exerting downward
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pressure on NPL, while the elastic effect of Judicial Effectiveness is found to be modestly

negative (-0.001), implying that better institutional quality can slightly mitigate NPL.

OLS Regression Results

Dep. Variable: NPL  R-squared: 0.997
Model: OLS Adj. R-squared: 0.996
Method: Least Squares F-statistic: 1119.
Date: Sun, 07 Sep 2025 Prob (F-statistic): 5.62e-31
Time: 19:38:24  Log-Likelihood: 156.81
No. Observations: 35 AIC: -295.6
Df Residuals: 26 BIC: -281.6
Df Model: 8
Covariance Type: nonrobust

coef std err t P>|t]| [0.025 0.975]
const -0.7050 0.381 -1.849 0.076 -1.489 0.079
NPL_lagl 1.0244 0.046 22.232 0.000 0.930 1.119
CAR_lag@ -0.0003 0.001 -0.270 0.789 -0.002 0.002
Unemployment rate_lag@ -0.0620 0.103 -0.603 0.552 -0.273 0.149
Real GDP PT_lag@ -4.58e-07 5.88e-07 -0.779 0.443 -1.67e-06 7.5e-07
Interest rate_lag@ 0.1359 0.087 1.557 0.131 -0.043 0.315
Judicial Effectiveness_lagd -7.933e-05 4.48e-05 -1.771 0.088 -0.000 1.27e-05
Bank Size_lag@ 0.1304 0.073 1.780 0.087 -0.020 0.281
COVID_dummy_lag®@ 0.0020 0.004 0.497 0.623 -0.006 0.011
Omnibus: 18.935 Durbin-Watson: 2.940
Prob(Omnibus): 0.000 Jarque-Bera (JB): 31.104
Skew: -1.323  Prob(JB): 1.76e-07
Kurtosis: 6.784 Cond. No. 3.49e+07
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 3.49e+07. This might indicate that there are
strong multicollinearity or other numerical problems.

Table 18 - OLS regression results ARDL-based — Binary Specification

The OLS estimate further strengthens the importance of NPL persistence, when
NPL lagl is found to have a coefficient of 1.024 (t = 22.232, p < 0.001). None of the
other covariates reaches significance levels due to the strong autocorrelation in the
dependent variable. Importantly, the COVID dummy coefficient in OLS (0.002, p =
0.623) is lower and insignificant, implying that after controlling for the lagged NPL, the
immediate effect of the COVID shock on credit risk disappears in the short term. The
OLS ARDL-based model is quite explanatory (R?=0.997), but the high condition number
indicates some possible multicollinearity, mainly between lagged NPL and the other

explanatory variables, as would be expected in the persistence effects.

In sum, the empirical evidence suggests that the persistence of NPLs emerges as
a determinant of short-run dynamics, thus suggesting that the role of interest rates and
macroeconomic activity remains relevant. The Elastic Net results persist in identifying

the hidden origins of the structural shock and institutional determinants, while the OLS
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approach reinforces the dominant influence of historical credit risk, underlining the path-
dependency of the bank portfolios in the case of the Portuguese. These results reinforce
the correlations that exist between macroeconomic factors and banks and the possible
effects towards NPLs, but also how the instant effects take the second role when the

remaining is the persistence of past NPLs.

Subsequently, the ECM is estimated under the binary COVID dummy
specification to understand the short-run dynamics of the NPLs. The model explains a
moderate amount of the variability of NPLs (R? = 0.417); however, much of its short-run
variation is not explained (adj. R* = 0.189), probably since the credit risk factor is slowly
evolving, and multicollinearity among regressors would be present, as shown by the high

condition number.

OLS Regression Results

Dep. Variable: d_NPL R-squared: 0.417
Model: OLS Adj. R-squared: 0.189
Method: Least Squares F-statistic: 1.831
Date: Sun, 07 Sep 2025 Prob (F-statistic): 0.117
Time: 19:39:45 Log-Likelihood: 140.76
No. Observations: 33 AIC: -261.5
Df Residuals: 23 BIC: -246.6
Df Model: 9
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const -0.0012 0.001 -0.859 0.399 -0.004 0.002
d_CAR -0.0012 0.002 -0.593 0.559 -0.005 0.003
d_Unemployment rate 0.0068 0.137 0.049 0.961 -0.277 0.291
d_Interest rate 0.1143 0.224 0.510 0.615 -0.349 0.578
d_Real GDP PT 8.316e-07 6.34e-07 1.312 0.202 -4.8e-07 2.14e-06
d_Judicial Effectiveness -5.439e-05 6.15e-05 -0.884 0.386 -0.000 7.29e-05
d_COVID_dummy 0.0045 0.004 1.040 0.309 -0.004 0.014
ECT_lagl -0.0666 0.076 -0.877 0.390 -0.224 0.091
d_NPL_lagl 0.1742 0.205 0.848 0.405 -0.251 0.599
d_NPL_1lag2 0.5541 0.198 2.803 0.010 0.145 0.963
Omnibus: 19.917 Durbin-Watson: 2.153
Prob(Omnibus): 0.000 Jarque-Bera (JB): 28.462
Skew: -1.562 Prob(JB): 6.60e-07
Kurtosis: 6.308 Cond. No. 5.98e+05
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 5.98e+05. This might indicate that there are
strong multicollinearity or other numerical problems.

Table 19 - Dynamic ECM estimation ARDL-based results - Binary Specification

The second lag of ANPL coefficient of 0.554 (t=2.803, p = 0.010) appears to be
the most important short-term determinant, pointing out the importance of the recent NPL

dynamics. In contrast, other differenced explanatory variables, such as ACAR,
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AUnemployment rate, Alnterest rate, AReal GDP PT, AlJudicial Effectiveness and

ACOVID dummy, do not turn out to be statistically significant, implying that short-run

macroeconomic or institutional shocks do not have much direct effect on NPL changes

after controlling for lagged NPL effects.

OLS Regression Results

Dep. Variable: d_NPL R-squared: 0.417
Model: OLS Adj. R-squared: 0.189
Method: Least Squares F-statistic: 1.831
Date: Sun, 07 Sep 2025 Prob (F-statistic): 0.117
Time: 19:41:44  Log-Likelihood: 140.76
No. Observations: 33 AIC: -261.5
Df Residuals: 23 BIC: -246.6
Df Model: 9
Covariance Type: nonrobust

coef std err t P>|t]| [0.025 0.975]
const -0.0012 0.001 -0.859 0.399 -0.004 0.002
d_CAR -0.0012 0.002 -0.593 0.559 -0.005 0.003
d_Unemployment rate 0.0068 0.137 0.049 0.961 -0.277 0.291
d_Interest rate 0.1143 0.224 0.510 0.615 -0.349 0.578
d_Real GDP PT 8.316e-07 6.34e-07 1.312 0.202 -4.8e-07 2.14e-06
d_Judicial Effectiveness -5.439e-05 6.15e-05 -0.884 0.386 -0.000 7.29e-05
d_COVID_dummy 0.0045 0.004 1.040 0.309 -0.004 0.014
d_NPL_lagl 0.1742 0.205 0.848 0.405 -0.251 0.599
d_NPL_1lag2 0.5541 0.198 2.803 0.010 0.145 0.963
ECT_lagl -0.0666 0.076 -0.877 0.390 -0.224 0.091
Omnibus: 19.917 Durbin-Watson: 2.153
Prob(Omnibus): 0.000 Jarque-Bera (JB): 28.462
Skew: -1.562 Prob(JB): 6.60e-07
Kurtosis: 6.308 Cond. No. 5.98e+05
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 5.98e+05. This might indicate that there are

strong multicollinearity or

other numerical problems.

Table 20 - First differenced ECM and lagged ECT - Binary Specification

The ECT lagl is negative (~ -0.0666) and not significant (t = -0.877, p = 0.390),

meaning that deviations from the long-run equilibrium occur, if at all, rather sluggishly

in the short run. This is consistent with the persistence detected in the previous ARDL

and VAR estimates and relates to the overwhelming weight of past NPL stock in the

short-run dynamics.

The ECM results under the binary COVID dummy specification suggest that

NPLs dynamics are mostly driven by their own past level, with pandemic shocks and

macroeconomic contemporaneous dynamics having limited immediate impacts. This

reflects the lagged nature of credit risk in the Portuguese banking system and the

importance of taking lags of NPLs into account in short-run policy evaluations. These
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results support those of Plikas, J. H. et al. (2024), who also find broadly low overall

importance of external shocks.

Residuals vs Fitted Values (ECM Model)
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Figure 33 - Residuals Vs Fitted values - Binary Specification

The residuals against the fitted values scatter plot for the ECM model indicates
that the residuals are predominantly distributed close to zero, which implies that the
model captures a lot of the short-run dynamics of NPLs. However, the slight curve does
indicate some kind of systematic bias, with under-prediction at mid-range fitted values to
the over-prediction at the high end, and so mild non-linearity. The scatter of residuals is
more spread out at larger fitted values; this may suggest heteroskedasticity, and a few
outliers may be due to extreme shocks such as the one brought by the pandemic. All in

all, the ECM works reasonably well.

92



D2) Covid dummy variable: Phase-by-Phase Specification

In the phase-specific specification, the COVID dummy is structured to capture
discrete time phases of the pandemic and recovery. The dummy is equal to 1 during the
following periods: COVID-2020 (1 March 2020 — 31 December 2020), COVID-2021 (1
January 2021 —31 December 2021), COVID-2022 (1 January 2022 — 30 September 2022)
and Post-COVID (1 October 2022 — 31 December 2024) while 0 otherwise. This temporal
segmentation allows the model to account for the heterogeneous impact of the pandemic
and the subsequent recovery of NPLs in the form of immediate, medium-term, and
residual effects. By timing individual phases, the approach offers a more accurate
description of structural shocks and policy responses over time, allowing for fine-tuning

of credit risk behaviour during the crisis and in the post-crisis period.

Through correlation, in the phase-based specification it is possible to observe that
the highlighted banking and macro-financial variables are largely intertwined, with CAR
negatively correlated with NPL (-0.88) and LDR (-0.93) while they are positively
correlated with Judicial Effectiveness (0.82), GNI (0.82), and House Pricing PT (0.84)
signalling a multi-dimensional relationship between capital adequacy, institutional
quality and macro-financial aspects. In addition, NPLs are substantially positively
correlated with LDR (0.98) and Business Freedom (0.91); negatively correlated with
Judicial Effectiveness (- 0.71) and Property Rights (-0.76), demonstrating that both bank-

specific and systemic or institutional factors have an important role in affecting credit

quality.

Variable VIF
0 const 3967.649234
1 PSI-20 5.729407
2 Real GDP PT 8.407705
3 Judicial Effectiveness 2.871774
4 LDR 8.781936
5 Inflation rate 2.224578
6 Unemployment rate 4.105687
7 COVID_dummy 3.979750

Table 21 - VIF results - Phase-by-phase Specification

93



Intercept: 0.08611038785714285

Variable Coefficient
3 FSI 0.045773
6 LDR 0.005346
21 Unemployment rate 0.002347
7 Business Freedom 0.001680
12 PGB 10Y 0.001184
0 CAR -0.000895
14 GNI 0.000323
23 COVID_dummy -0.000221
9 Judicial Effectiveness -0.000199
16 Inflation rate -0.000132
22 Public Debt PT -0.000000
2 Firm Loan PT -0.000000
20 Real GDP PT 0.000000
19 Exports PT M€ -0.000000
18 PCRH-D 0.000000
17 Interest rate -0.000000
5 ROA 0.000000
4 Personal Loan PT -0.000000
13 Exchange rate US to EU -0.000000
1 Bank Size 0.000000
11 PSI-20 -0.000000
10 Property Rights 0.000000
8 Investment Freedom 0.000000
15 House Pricing PT -0.000000

Table 22 — Elastic Net results - Phase-by-phase Specification

Multicollinearity continues to be a concern as evidenced by high VIFs for LDR
(8.78), Real GDP PT (8.41) and the COVID dummy (3.98); however, the Elastic Net
results highlight the strongest drivers of NPLs: FSI, LDR and Unemployment rate,
alongside little effect from CAR and COVID dummy, highlighting the relative inactivity
of NPLs to contemporaneous shocks. In this specification, phase-based dummy enables
examining temporal enhancements in pandemic impacts, deciding that the structural
breaks in the years of COVID-19 have a differential effect on credit risk, and post-
pandemic, the behaviour of NPL has long-term management to historical levels and

systemic financial stability measures.

In this phase-based specification, the VAR model was also estimated,
incorporating the following endogenous variables: NPL, LDR, Unemployment rate,
Judicial Effectiveness, Inflation rate, PGB 10Y and Business Freedom. The choices of
variables combine bank-specific risk indicators (NPL, LDR), macro-financial conditions
(Unemployment, Inflation, PGB 10Y), and institutional quality measures (Judicial

Effectiveness, Business Freedom) to ensure that it presents the internal and external
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determinants of banking sector stability in both correlating pairs, VIF, Elastic Net and
Pearson correlations. The phase-based COVID dummy is included in the first block to
take into account that the model must capture short-term shocks and lagged responses and

to correct for structural shifts occurring during the pandemic phases.

Constant columns (will be removed): []
Summary of Regression Results

Model: VAR
Method: oLS
Date: Sun, 07, Sep, 2025
Time: 21:16:30
No. of Equations: 7.00000 BIC: -26.6625
Nobs: 35.0000 HQIC: -28.4957
Log likelihood: 230.947 FPE: 1.74048e-13
AIC: -29.4621 Det(Omega_mle): 3.50733e-14

Results for equation NPL

coefficient std. error t-stat prob
const 0.047632 0.100432 0.474 0.635
COVID_dummy 0.002723 0.002381 1.144 0.253
L1.NPL 0.995358 0.161762 6.153 0.000
L1.LDR -0.000360 0.000755 -0.478 0.633
L1.Unemployment rate 0.101242 0.097394 1.040 0.299
L1.Judicial Effectiveness -0.000080 0.000054 -1.463 0.144
L1.Inflation rate -0.000996 0.035324 -0.028 0.977
L1.PGB 10Y 0.001405 0.001057 1.330 0.184
L1.Business Freedom -0.000313 0.000786 -0.398 0.691
Results for equation LDR

coefficient std. error t-stat prob
const 83.093042 29.114077 2.854 0.004
COVID_dummy -1.085926 0.690271 -1.573 0.116
L1.NPL 121.883669 46.892892 2.599 0.009
L1.LDR 0.434461 0.218724 1.986 0.047
L1.Unemployment rate 17.003443 28.233571 0.602 0.547
L1.Judicial Effectiveness 0.003844 0.015782 0.244 0.808
L1.Inflation rate -7.566809 10.239934 -0.739 0.460
L1.PGB 10Y -0.287264 0.306327 -0.938 0.348
L1.Business Freedom -0.542883 0.227747 -2.384 0.017
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Results for equation Unemployment rate

coefficient std. error t-stat prob
const -0.160363 0.175262 -0.915 0.360
COVID_dummy 0.008712 0.004155 2.097 0.036
L1.NPL -0.223826 0.282288 -0.793 0.428
L1.LDR 0.001085 0.001317 0.824 0.410
L1l.Unemployment rate 0.286225 0.169962 1.684 0.092
L1.Judicial Effectiveness -0.000246 0.000095 -2.588 0.010
L1.Inflation rate 0.031984 0.061643 0.519 0.604
L1.PGB 10Y 0.003299 0.001844 1.789 0.074
L1.Business Freedom 0.001734 0.001371 1.264 0.206
Results for equation Judicial Effectiveness

coefficient std. error t-stat prob
const 640.468826 350.858085 1.825 0.068
COVID_dummy 11.255962 8.318559 1.353 0.176
L1.NPL 1193.924589 565.113250 2.113 0.035
L1.LDR -6.776776 2.635874 -2.571 0.010
L1.Unemployment rate -421.583112 340.246982 -1.239 0.215
L1.Judicial Effectiveness 0.376799 0.190190 1.981 0.048
L1.Inflation rate -228.669255 123.402970 -1.853 0.064
L1.PGB 10Y 0.340400 3.691595 0.092 0.927
L1.Business Freedom -0.617568 2.744607 -0.225 0.822
Results for equation Inflation rate

coefficient std. error t-stat prob
const -0.088298 0.315222 -0.280 0.779
COVID_dummy 0.020137 0.007474 2.694 0.007
L1.NPL 0.155885 0.507715 0.307 0.759
L1.LDR -0.001525 0.002368 -0.644 0.519
L1.Unemployment rate -0.222155 0.305688 -0.727 0.467
L1.Judicial Effectiveness -0.000127 0.000171 -0.743 0.458
L1.Inflation rate 0.925542 0.110869 8.348 0.000
L1.PGB 10Y -0.001749 0.003317 -0.527 0.598
L1.Business Freedom 0.002977 0.002466 1.207 0.227
Results for equation PGB 10Y

coefficient std. error t-stat prob
const -4.014996 9.931402 -0.404 0.686
COVID_dummy 0.344040 0.235465 1.461 0.144
L1.NPL -0.933187 15.996117 -0.058 0.953
L1.LDR -0.039260 0.074611 -0.526 0.599
L1.Unemployment rate 1.694918 9.631044 0.176 0.860
L1.Judicial Effectiveness -0.012391 0.005384 -2.302 0.021
L1.Inflation rate 11.884686 3.493049 3.402 0.001
L1.PGB 10Y 0.823416 0.104494 7.880 0.000
L1.Business Freedom 0.104166 0.077689 1.341 0.180
Results for equation Business Freedom

coefficient std. error t-stat prob
const 82.032788 27.813283 2.949 0.003
COVID_dummy 0.416023 0.659430 0.631 0.528
L1.NPL 103.749940 44.,797755 2.316 0.021
L1.LDR -0.396391 0.208951 -1.897 0.058
L1.Unemployment rate -2.451341 26.972117 -0.091 0.928
L1.Judicial Effectiveness 0.001871 0.015077 0.124 0.901
L1.Inflation rate -28.160660 9.782421 -2.879 0.004
L1.PGB 10Y 0.763730 0.292641 2.610 0.009
L1.Business Freedom 0.300986 0.217571 1.383 0.167
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Correlation matrix of residuals

NPL LDR Unemployment rate Judicial Effectiveness Inflation rate PGB 10Y
Business Freedom
NPL 1.000000 0.313621 -0.122728 -0.217662 0.084614 0.062902
0.631331
LDR 0.313621 1.000000 -0.303831 -0.196077 -0.415042 -0.334328
-0.081684
Unemployment rate -0.122728 -0.303831 1.000000 -0.212651 0.104613 -0.076631
-0.049026
Judicial Effectiveness -0.217662 -0.196077 -0.212651 1.000000 0.321039 0.220689
0.265327
Inflation rate 0.084614 -0.415042 0.104613 0.321039 1.000000 0.371534
0.412117
PGB 10Y 0.062902 -0.334328 -0.076631 0.220689 0.371534 1.000000
0.078915
Business Freedom 0.631331 -0.081684 -0.049026 0.265327 0.412117 0.078915
1.000000

Table 23 - Vector Autoregression (VAR) results - Phase-by-phase Specification

The persistence of NPLs is very evident from the VAR results: the own lagged
NPL coefficient is statistically significant (L1. NPL = 0.995, t = 6.15, p < 0.001),
however, contemporary macro-financial and institutional time-varying variables such as
the COVID dummy have small simultaneous impacts on NPL. LDR is controlled by the
previous value of NPL (L1. NPL = 121.88, t = 2.60, p = 0.009), as well as its lag (L1.
LDR = 0.434, t = 1.99, p = 0.047), and Business Freedom had significantly negative
impact on LDR (t = —2.38, p = 0.017), indicating that the flexibility in regulation can
change bank’s liquidity management. A negative and significant effect is found in the
unemployment rate with the immediate impact of the pandemic (COVID dummy = —
0.0087,t=—2.10, p=0.036) and judicial quality (L1. Judicial Effectiveness = -0.00025,
t=-2.59, p=0.010), further supporting that there is an association between institutional
setting and labour market resilience. As past NPLs’ Judicial Effectiveness reacts to
increases in NPL (1193.92, t =2.11, p = 0.035) and LDR stress (L1. LDR = -6.78, t = -
2.57, p = 0.010), indicating institutional responses to banking industry pressures. There
is a high autocorrelation of inflation and PGB 10Y (L1. Inflation = 0.93), (L1. PGB
10Y=0.82), but COVID shocks are temporarily raising inflation. Business Freedom
seems to be sensitive to economic strain (L1. NPL=103.75,t=2.32, p=0.021), inflation,

and the signal from the bond market, regulatory responses to macro-financial contexts.

In comparison with VAR model on the original data of the data frame with CAR,
Interest rate serve as the main banking risk indicator instead of Business Freedom and
NPL, the phase model contains the same views as the VAR model in modelling the
persistence of banking and macro-financial variables, but the latter more easily showcase
that the specific effects of pandemic to unemployment and inflation. The residual

correlations are moderate, and the model is quite robust for short-term dynamics given
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the small number of observations (N=35), validating the assumptions that NPLs are
mostly inertia-driven and that institutional and macro-financial shocks take time to

generate their full impact.

Following the variable selection from VIF, Elastic Net and VAR, an ARDL model
was used to analyse the short-run and long-run determinants of NPLs in Portugal. The
dependent variable is the NPL ratio, independent ones are important bank-specifi,
macroeconomic, institutional and market variables and an exogenous COVID dummy to
account for the shock from the pandemic. Variable inclusion was cautiously informed by
multicollinearity problems, predictive relevance from VIF, Elastic Net, and VAR

evidence of dynamic linkages across assets, excluding near-perfectly collinear variables

such as FSI.
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Dependent var in columns: True
Independent vars in columns: True

Optimal ARDL order using AIC: (2, 3, 2, 1)
Summary of ARDL model selected by AIC:
ARDL Model Results

Dep. Variable: NPL No. Observations: 36
Model: ARDL(2, 3, 2, 1) Log Likelihood 165.029
Method: Conditional MLE S.D. of innovations 0.002
Date: Sun, 07 Sep 2025 AIC -304.058
Time: 21:16:31  BIC -284.215
Sample: 12-31-2016  HQIC -297.291
- 12-31-2024

coef std err z P>|z| [0.025 0.975]
const -0.0250 0.042 -0.602 0.553 -0.111 0.061
NPL.L1 0.4602 0.168 2.745 0.012 0.112 0.808
NPL.L2 0.4207 0.160 2.627 0.015 0.089 0.753
Unemployment rate.LO 0.1131 0.094 1.201 0.243 -0.082 0.308
Unemployment rate.Ll -0.0285 0.086 -0.331 0.744 -0.207 0.150
Unemployment rate.L2 0.1812 0.085 2.132 0.044 0.005 0.357
Unemployment rate.L3 0.1348 0.080 1.682 0.107 -0.031 0.301
CAR.LO -0.0018 0.001 -1.689 0.105 -0.004 0.000
CAR.L1 -0.0007 0.001 -0.554 0.585 -0.003 0.002
CAR.L2 0.0034 0.001 2.343 0.029 0.000 0.006
LDR.LO 0.0020 0.001 3.002 0.007 0.001 0.003
LDR.L1 -0.0021 0.001 -3.825 0.001 -0.003 -0.001

Optimal ARDL order using BIC: (1, 1)
Summary of ARDL model selected by BIC:
ARDL Model Results

Dep. Variable: NPL No. Observations: 36
Model: ARDL(1, 1) Log Likelihood 147.130
Method: Conditional MLE S.D. of innovations 0.004
Date: Sun, 07 Sep 2025 AIC -284.260
Time: 21:16:32 BIC -276.483
Sample: 06-30-2016  HQIC -281.575
- 12-31-2024

coef std err z P>|z| [0.025 0.975]
const 0.0035 0.031 0.112 0.912 -0.060 0.067
NPL.L1 0.9762 0.072 13.547 0.000 0.829 1.123
LDR.LO 0.0013 0.001 1.817 0.079 -0.000 0.003
LDR.L1 -0.0013 0.001 -1.875 0.070 -0.003 0.000

Table 24 - ARDL Model results - Phase-by-phase Specification

The ARDL estimation delivered two specifications of the model. The AIC-
optimal ARDL (2,3,2,1) has 2 NPL lags, 3 Unemployment rate lags, 2 CAR lags and 1
LDR lags, to effectively account for the short- and medium-term dynamics. Significance
of the coefficients of NPL lags are positive and statistically significant (NPL. L1 = 0.460,
p=0.012; NPL. L2 = 0.421, p = 0.015), indicating high persistence in credit risk. LDR
has a direct beneficial impact on NPL (LDR. LO = 0.002, p = 0.007) as well as a reverse
lagged effect (LDR. L1 = -0.002, p = 0.001), which would indicate risk as well as
corrections. Unemployment and CAR contribute with lagged dynamics, whereas all other

short-term coefficients are largely irrelevant. On the other hand, the BIC-optimal ARDL
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(1,1) is less discrete, comprising NPL.LL1 (0.976; p < 0.001) and LDR lags, further
indicating the strong past influence of NPL on the current level, leading to a strong,

simpler form, robust specification for the small sample.

Taken together, the ARDL findings indicate persistence of NPLs, short-term
effects of bank leverage, and lag effects of macroeconomic and bank health variables,
providing supplementary evidence to the phase-dependent VAR analysis and supporting

both credit risk management and policy evaluation.

Next, the estimation of Elastic Net was performed by with the ARDL framework
in this extended study with the addition of a COVID dummy as well as a phase-based

treatment.

Elasticity
Variable
NPL.L1 0.46020
NPL.L2 0.42070
Unemployment rate.L® 0.15834
Unemployment rate.Ll -0.03990
Unemployment rate.L2 0.25368
Unemployment rate.L3 0.18872
CAR.LO -0.00540
CAR.L1 -0.00210
CAR.L2 0.01020
LDR.LO 0.03600
LDR.L1 -0.03780

Table 25 — Elastic Net ARDL-based - Phase-by-phase Specification

Based on the Elastic Net ARDL’s results, credit risk is largely influenced by
lagged NPL, with NPL. L1 and NPL. L2 elasticities of 0.460 and 0.421, respectively, thus
supporting high persistence in NPLs. Of the macroeconomic variables, Unemployment
stands out with a mixed picture, overall being significantly positive with elasticities
varying between around -0.040 (L1) and 0.254 (L2) and 0.189 (L3), suggesting that
labour market stress impacts on NPLs with a lag. As for bank-specific variables, it
presents more complex results: LDR generates positive contemporaneous impact (L0 =
0.036) and negative simultaneous impact (L1 = -0.038), which seems to imply that more
leveraging finances leads to an increase in credit risk first, but over time, it can make
banks adjust their behaviour to reduce this risk. So does CAR have a little
contemporaneous negative effect (LO =-0.005) and a positive lagged effect (L2 =0.010)

describing the adjustment of bank capital adequacy to and credit risk. Overall, these
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findings emphasise the high degree of persistence of NPLs, the short-run sensitivity to a

change in bank leverage, and the long-run but significant effects of macroeconomic as

well as bank health indicators on NPLs.

OLS Regression Results

Dep. Variable: NPL  R-squared: 0.998
Model: OLS Adj. R-squared: 0.997
Method: Least Squares F-statistic: 1074.
Date: Sun, 07 Sep 2025 Prob (F-statistic): 2.71e-26
Time: 21:16:32  Log-Likelihood: 159.68
No. Observations: 33 AIC: -295.4
Df Residuals: 21 BIC: -277.4
Df Model: 11
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const -0.0250 0.042 -0.602 0.554 -0.112 0.061
NPL_L1 0.4602 0.168 2.745 0.012 0.112 0.809
NPL_L2 0.4207 0.160 2.627 0.016 0.088 0.754
Unemployment rate_LO 0.1131 0.094 1.201 0.243 -0.083 0.309
Unemployment rate_L1 -0.0285 0.086 -0.331 0.744 -0.207 0.150
Unemployment rate_L2 0.1812 0.085 2.132 0.045 0.004 0.358
Unemployment rate_L3 0.1348 0.080 1.682 0.107 -0.032 0.301
CAR_LO -0.0018 0.001 -1.689 0.106 -0.004 0.000
CAR_L1 -0.0007 0.001 -0.554 0.585 -0.003 0.002
CAR_L2 0.0034 0.001 2.343 0.029 0.000 0.006
LDR_LO 0.0020 0.001 3.002 0.007 0.001 0.003
LDR_L1 -0.0021 0.001 -3.825 0.001 -0.003 -0.001
Omnibus: 6.163 Durbin-Watson: 2.122
Prob(Omnibus): 0.046 Jarque-Bera (JB): 4.873
Skew: -0.918 Prob(JB): 0.0875
Kurtosis: 3.413 Cond. No. 7.22e+04
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 7.22e+04. This might indicate that there are
strong multicollinearity or other numerical problems.

Table 26 - OLS regression model ARDL-based - Phase-by-phase Specification

The OLS estimates confirm the existence of significant persistence in the NPL
series, as the coefficients of NPL L1 and NPL L2 (0.4602 and 0.4207, respectively) are
significant at the 5% level, thus demonstrating that past non-performing loans have a
strong effect on present credit risk. Of the macro variables, only Unemployment L2 is
significant (0.1812, p = 0.045) and is indicative of the lagged response to labour market
distress. Bank-specific indicators exhibit short-term dynamics: LDR L0 is positive
(0.0020, p = 0.007) and LDR_L1 is negative (-0.0021, p = 0.001), signalling corrective
behaviour, while CAR effects are overall arbitrary. The COVID dummy is small and
insignificant, especially when NPL persistence is considered. The model explains 99.8%
of the variance (R* = 0.998). The condition number is 7.22e+04, suggesting that there

might be multicollinearity in the model. Overall, the findings also reflect a high
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(macro)inertia of NPLs and a combination of macro-effects with bank-behaviour

adjustments in the short-run.

The results indicate that NPL persistence remains the major force moulding credit

risk, and lagged coefficients are still significantly high, as evident from Elastic Net ARDL

and OLS estimation. Influence from the macroeconomic indicators, particularly the

Unemployment rate, is also transmitted with a lag, while bank-specific variables such as

LDR and CAR affect short-run dynamics on an instant and lag basis. With the other NPL

variables included in the model, the COVID dummy hardly has any direct effect.

OLS Regression Results

Dep. Variable: d_NPL R-squared: 0.676
Model: OLS Adj. R-squared: 0.471
Method: Least Squares F-statistic: 3.303
Date: Sun, @7 Sep 2025 Prob (F-statistic): 0.00990
Time: 22:39:46  Log-Likelihood: 145.39
No. Observations: 32 AIC: -264.8
Df Residuals: 19 BIC: -245.7
Df Model: 12
Covariance Type: nonrobust

coef std err t P>|t]| [0.025 0.975]
const -0.0008 0.001 -0.538 0.597 -0.004 0.002
d_Unemployment rate 0.0309 0.053 0.578 0.570 -0.081 0.143
d_CAR -0.0007 0.001 -0.849 0.406 -0.003 0.001
d_LDR 0.0009 0.000 2.149 0.045 2.32e-05 0.002
d_NPL_lagl 0.2210 0.194 1.141 0.268 -0.184 0.626
d_NPL_lag2 0.4098 0.168 2.446 0.024 0.059 0.760
d_Unemployment rate_lag®@ 0.0309 0.053 0.578 0.570 -0.081 0.143
d_Unemployment rate_lagl -0.0196 0.124 -0.159 0.876 -0.278 0.239
d_Unemployment rate_lag2 0.1761 0.129 1.370 0.187 -0.093 0.445
d_Unemployment rate_lag3 0.1810 0.117 1.553 0.137 -0.063 0.425
d_CAR_lago -0.0007 0.001 -0.849 0.406 -0.003 0.001
d_CAR_lagl -0.0009 0.002 -0.493 0.628 -0.004 0.003
d_CAR_lag2 0.0030 0.002 1.717 0.102 -0.001 0.007
d_LDR_lag@ 0.0009 0.000 2.149 0.045 2.32e-05 0.002
d_LDR_lagl -0.0015 0.001 -1.716 0.102 -0.003 0.000
ECT_lagl -0.0427 0.096 -0.445 0.662 -0.244 0.158
Omnibus: 11.154 Durbin-Watson: 2.184
Prob(Omnibus): 0.004 Jarque-Bera (JB): 10.578
Skew: -1.093 Prob(JB): 0.00505
Kurtosis: 4.777 Cond. No. 1.18e+17
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The smallest eigenvalue is 1.07e-32. This might indicate that there are
strong multicollinearity problems or that the design matrix is singular.

Table 27 - Dynamic ECM estimation ARDL-based results - Phase-by-phase Specification

After that, the ECM was estimated with phase-based specification to capture the

short-run dynamics of NPLs. The model accounts for a moderate amount of the variation

in first differences of NPLs (R? = 0.676), with the adjusted R-squared (0.471) indicating

that a large fraction of short-term fluctuations still go unexplained, plausibly related to
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the persistence of credit risk as well as the complexity of interactions between the
regressors. The condition number is very high (~1.18e+17), indicating strong
multicollinearity or other numerical problems in the design matrix, and diagnostic
statistics (Durbin-Watson = 2.184; normality check for the residuals, including the
Omnibus and Jarque-Bera tests) show relatively small departures from normality, a

common feature that happens in financial time series.

The second lag of ANPL remains the most relevant short-run driver, with a
coefficient of 0.410 (t = 2.446, p = 0.024), highlighting the persistence of NPL changes
over time. Additionally, the contemporaneous change in LDR shows a positive and
significant effect (0.0009, t = 2.149, p = 0.045), indicating that short-term increases in
bank leverage immediately raise credit risk. In contrast, the error correction term
(ECT lagl) is negative as expected (-0.043, p = 0.662) but not statistically significant,
suggesting that adjustment toward the long-run equilibrium is weak in this sample. Other
short-run drivers, including AUnemployment rate, ACAR, and lagged differences of these
variables, are generally insignificant, reinforcing the dominant role of past NPL dynamics

and bank-level leverage in shaping short-term NPL fluctuations.

OLS Regression Results

Dep. Variable: d_NPL R-squared: 0.490
Model: OLS Adj. R-squared: 0.437
Method: Least Squares F-statistic: 9.285
Date: Sun, 07 Sep 2025 Prob (F-statistic): 0.000184
Time: 21:16:32  Log-Likelihood: 142.95
No. Observations: 33 AIC: -277.9
Df Residuals: 29 BIC: -271.9
Df Model: 3
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const -0.0009 0.001 -0.999 0.326 -0.003 0.001
d_LDR 0.0019 0.001 3.130 0.004 0.001 0.003
d_NPL_lag2 0.4294 0.136 3.149 0.004 0.150 0.708
ECT_lagl -0.1143 0.070 -1.623 0.115 -0.258 0.030
Omnibus: 11.040 Durbin-Watson: 1.627
Prob(Omnibus): 0.004 Jarque-Bera (JB): 10.890
Skew: -1.024 Prob(JB): 0.00432
Kurtosis: 4.929 Cond. No. 359.
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.

Table 28 - First differenced ECM and lagged ECT - Phase-by-phase Specification
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The percentage adjustment parameters (ECT lagl) are found to have a negative
value (~ -0.114), which is statistically insignificant (t =-1.623, p = 0.115), indicating that
the short-run partial adjustment to the long-run equilibrium is only partial. It is consistent
with the persistence found in the ARDL and Elastic Net analyses and confirms the primary
importance of past NPL levels in shaping the short-run dynamic. In the short term, factors
influencing ANPL are mainly the second lag of ANPL (0.429, t = 3.149, p = 0.004) and
simultaneous LDR (0.0019, t = 3.130, p = 0.004), suggesting that both past loan quality

and short-term bank leverage are dominant determinants of changes in NPLs.

Overall, the simplified phase-based ECM results emphasise that NPL dynamics
are largely driven by their past, while possible contemporaneous macroeconomic or
institutional modifications have relatively limited short-run effects. This contribution
highlights the persistent presence of credit risk in the Portuguese banking system and the

relevance of lagged NPLs in short-run policy considerations.

Residuals vs Fitted Values (ECM Model)
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Figure 34 - Residuals Vs Fitted values - Phase-by-phase Specification

Notice that the residuals in the residual versus fitted values plot for the ECM
model are generally centred at zero, indicating that the model explains a good amount of
the short-run dispersion in NPLs. The global scatter implies no extreme bias, while the

red smoothing curve does indicate slight non-linear deviations in the sense of a curve
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below smaller fitted values. This indicates a slight upward bias in the predictions in the
low end, and when the line flattens out at higher fitted values, there are fewer systematic
errors in that range. The spread of residuals is also kind of wider at lower fitted values,
which is an indication of mild heteroscedasticity, but it is not so evident. There are a few
apparent outliers, which might be interpreted as severe shocks, as with the COVID-19
pandemic. In general, the ECM is quite well, neutral, but further improvements by using
robust standard errors, extending explanatory variables, or other non-linear dynamics can

lead to better robustness and predictive accuracy.

The alternative COVID dummy specifications offer further insights into NPL
dynamics during the pandemic. The binary specification emphasises the role of interest
rates and structural shocks, but once past NPLs are added to the equation, it loses some
explanatory power, which is a confirmation of the prevailing presence of persistence. The
phase-based one, which considers different periods of the pandemic and accounts for
unemployment and liquidity, provides a more detailed picture; however, it is sensitive to

multicollinearity and one-step error correction.

Overall, the original specification is a reliable and complete framework that
maintains a balanced explanatory power with simplicity. While phase-based models give
a sense of temporal dynamics, a binary COVID specification signals structural shocks. In
general, the evidence confirms that NPL persistence and bank-specific factors drive
Portuguese credit risk; macroeconomic and pandemic shocks are secondary to this,

usually only temporary phenomena.
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