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Abstract

While the literature has extensively analysed the impact of policy-related and other
exogenous shocks on banks’ economic performance, less empirical evidence has been
produced on whether innovative digital-first banks and traditional banks exhibit
different resilience when facing such crises. This study addresses this gap by analysing
the effects of two recent, significant, and markedly different, shocks on a sample of
European digital and traditional banks: the COVID-19 pandemic and the Russia-
Ukraine war. Both events affected banks through multiple channels, including
profitability pressures, credit risk dynamics, funding conditions, and heightened

uncertainty.

The research constructs a bank-year panel dataset for the period 2018-2023, based on
publicly available annual reports and financial statements. In line with related studies,
resilience is treated as a multidimensional concept and proxied through a set of
accounting-based indicators capturing performance and efficiency (e.g., profitability
and cost efficiency measures) as well as risk and buffers (e.g., capital strength, asset
quality, and liquidity-related metrics, subject to data availability and comparability).
Panel regressions are used to assess whether resilience patterns differ across bank types
during pre-shock and shock periods.

The analysis will generate insights relevant to the ongoing debate on banking
digitalization, by clarifying how resilience tends to differ across business models

during major shocks.
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1. Introduction

1.1. The digital transformation in banking and the

rise of digital-first banks

Over the last two decades, the banking industry has undergone a profound digital
transformation. In banking, this process has not merely consisted of adding online
channels to pre-existing services but has increasingly involved a broader
reconfiguration of customer interaction, internal processes, and competitive
positioning. The European Central Bank (2025) ! highlights that digitalisation is
transforming the delivery of banking services and leading to the emergence of new
digital bank business models, while the Basel Committee on Banking Supervision
(2024) 1] stresses that digitalisation affects not only customer interfaces, but also
internal processes, organisational structures, and the overall configuration of financial
intermediation. In this sense, digital transformation in banking should not be
interpreted as a marginal technological upgrade, but as a structural shift capable of

reshaping the way banking services are produced and distributed.

This transformation has been driven by a combination of demand-side, competitive,
and technological factors. The ACPR’s analysis of the French banking sector shows
that digital transformation has been shaped by changing customer expectations, the
emergence of new competitors such as fintechs and the increasing availability of new
technologies *). At the same time, these developments have progressively challenged
the traditional branch-based model and opened the way for institutions built around
remote interaction and digital onboarding from the outset. Clerc, Moraglia and Perron
(2020) ™ in their study on neobanks, define these institutions as providers of online
or mobile-only banking services driven by technological progress and the use of
emerging digital technologies. This distinction is particularly important for the present
study, because it implies that comparing digital-first and traditional banks means
comparing two different configurations of banking intermediation, rather than two

different levels of adoption of the same technological tools.

At the same time, the rise of digital-first banks does not automatically imply that

digitalisation is synonymous with structural superiority. The same institutional



literature that highlights the transformative role of digitalisation also points to new
challenges related to profitability, funding, competition, and risk management [!24],
As a result, the relevant question is not whether digitalisation matters, which is now
widely acknowledged, but whether a digital-first business model translates into a
different ability to withstand major systemic shocks. It is precisely from this broader
transformation of the banking industry that the research question of this thesis

emerges.

1.2. Banking resilience as a central issue in time of

systemic shocks

In parallel with the digital transformation of banking, the concept of resilience has
become increasingly central in both academic and policy discussions. Banks occupy a
pivotal role in modern economies, as they intermediate savings and investment,
provide liquidity, and sustain the transmission of monetary policy. For this reason,
systemic shocks do not affect banks only as individual institutions, but also as key
nodes in the broader economic and financial system. Berger and Demirgii¢-Kunt’s
(2021) ) study highlights that crises such as Covid-19 provide a particularly relevant
setting for banking research because they simultaneously affect the real economy,
financial stability, and policy intervention, making banks both transmitters and
absorbers of systemic stress. In this sense, resilience in banking cannot be interpreted
narrowly as mere survival, but rather as the capacity to withstand adverse conditions

while maintaining acceptable levels of performance and risk containment.

This multidimensional nature of resilience is also reflected in the empirical literature.
Elnahass, Trinh and Li (2021) '), in a global study on banking stability during the
pandemic, show that Covid-19 had a negative effect on both profitability and stability
measures, stressing that the impact of the shock cannot be captured by a single
accounting indicator alone. A similar argument is developed by Vu et al. (2023) U],
who analyse several recent uncertainty shocks affecting European banks and find that
the severity of the impact differs across episodes and across institutions depending on

structural characteristics such as capital strength, size, and business profile.

From this perspective, the issue becomes even more relevant when the banking sector

is observed through the lens of business-model heterogeneity. If banks differ in
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organisational structure, customer base, funding composition, and operating channels,
then their ability to absorb systemic shocks may also differ. The European Central
Bank’s (2025) " analysis of digital banking explicitly links new bank business models
to different funding pressures and profitability dynamics, suggesting that resilience
may vary depending on the structural configuration of the institution. More broadly,
the Basel Committee on Banking Supervision (2024) 1! stresses that digitalisation is
transforming not only how banks deliver services, but also how risks are generated,
managed, and transmitted within the financial system. It follows that resilience is not

simply a macro-financial outcome, but also a business-model issue.

For this reason, the present thesis adopts resilience as the central analytical concept
through which to compare digital-first and traditional banks. Rather than asking
whether digitalisation improves banking efficiency in general, the study focuses on
whether different banking models respond differently when exposed to major
exogenous shocks. This shift in perspective is important because it connects the debate
on digital transformation to a more fundamental question: whether technological and
organisational change translates into a structurally different ability to preserve

profitability and contain risk under adverse conditions.

1.3. Exogeneous shocks as a test of banking business

models

If banking resilience is shaped by business-model characteristics, major exogenous
shocks offer a particularly useful setting in which to observe such differences.
Systemic crises act as stress tests not only for the balance sheet, but also for the
organisational and strategic configuration of banks. In this respect, recent literature has
shown that shocks such as Covid-19 and the Russia-Ukraine war affected banks
through multiple channels, including profitability pressures, credit-risk dynamics,
funding conditions, and heightened uncertainty ). Precisely because these channels
differ in nature and intensity across crises, they also provide an opportunity to examine

whether digital-first and traditional banks display distinct resilience patterns.

The Covid-19 pandemic constitutes a first relevant test. Unlike previous financial
crises, Covid-19 combined a real-economy contraction with an unprecedented

disruption to mobility, face-to-face interaction, and business continuity. Berger and
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Demirgiic-Kunt (2021) B emphasise that the pandemic represents a unique setting for
banking research because it simultaneously involved a macroeconomic shock, broad
policy intervention, and changes in risk perceptions. In this context, digital banking
infrastructures could plausibly provide an advantage in terms of continuity of service,
customer access, and operational flexibility. At the same time, however, the pandemic
also affected banks through deteriorating borrower conditions and credit-risk
exposure, which means that any potential operational benefit did not necessarily imply
superior overall resilience. This duality is reflected in Demma et al.’s (2024) ) study,
which shows that stronger pre-pandemic digital capacity supported banks’ operational
resilience, while not necessarily implying a clear superiority in broader financial

outcomes.

The Russia-Ukraine war, by contrast, represents a different type of test. Its
transmission to the banking sector was less related to operational continuity and more
closely associated with inflation, energy prices, uncertainty, and the tightening of
monetary policy that followed. Vu et al. (2023) ") treat the war as part of a broader
sequence of uncertainty shocks affecting European banks and show that such events
have heterogeneous effects depending on institutional characteristics. Similarly,
Martins, Correia and Gouveia (2023) P! find that the conflict had a negative impact
on European bank stock returns, with stronger reactions for more exposed institutions.
In this setting, the relative resilience of banking models is likely to depend less on
digital service delivery alone and more on features such as funding structure, repricing

capacity, and the composition of the loan portfolio.

For this reason, the present thesis does not treat Covid-19 and the Russia-Ukraine war
as interchangeable episodes of generic stress. Rather, they are interpreted as two
different empirical tests of banking business models. The first shock primarily
challenges banks on operational continuity and borrower fragility; the second
challenges them on balance-sheet resilience, interest-rate sensitivity, and the capacity
to manage a changing macro-financial environment. Comparing the behaviour of
digital-first and traditional banks across these two episodes therefore makes it possible
to move beyond a static comparison of business models and to assess whether their

relative strengths and weaknesses depend on the specific nature of the shock.



1.4. Problem statement and research gap

Despite the growing literature on banking resilience during recent crises, an important
gap remains in the understanding of how different banking business models respond
to systemic shocks. A large share of existing research has examined the impact of
Covid-19 on bank profitability, stability, and credit supply from an aggregate
perspective, but they do not directly compare digital-first and traditional institutions

as distinct business models.

A similar limitation characterises the more recent literature on the Russia-Ukraine war.
Existing contributions have shown that the conflict negatively affected European
banks through uncertainty, valuation effects, and changes in market perceptions.
However, these studies mainly focus on the banking sector as a whole or on cross-
bank differences driven by exposure, capitalisation, or market characteristics, rather

than by a systematic comparison between digital-first and traditional banks.

At the same time, another strand of literature has investigated the role of digitalisation
in banking, especially during the pandemic. Demma et al. (2024) ¥ show that pre-
existing digital capacity supported banks’ operational resilience during Covid-19,
while Edin (2025) %! finds that digitalisation did not provide a clear profitability shield
for Swedish banks during the pandemic. These contributions are highly relevant
because they suggest that digitalisation matters, but they also point to an important
limitation: the literature often focuses either on digital intensity within incumbent
banks or on operational continuity, rather than on a direct comparison between digital-

first and traditional banking models across different types of systemic shocks.

This is precisely where the present thesis positions itself. The study addresses a gap at
the intersection of three literatures: the literature on bank resilience during Covid-19,
the literature on banking responses to the Russia-Ukraine war, and the literature on
digital banking and business-model transformation. While each of these strands offers

important insights, the combination of the three remains limited.

1.5. Contribution of the study and research question

This thesis contributes to the literature by addressing the still underexplored

relationship between bank business models and resilience during major exogenous
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shocks. While a growing number of studies have analysed the impact of Covid-19 and,
more recently, of the Russia-Ukraine war on the banking sector, most of them have
examined banks either in aggregate or through broad structural characteristics such as
capitalisation, size, or market exposure. By contrast, this study directly compares
digital-first and traditional banks within a unified empirical framework, thereby

introducing a business-model perspective into the analysis of banking resilience.

A first contribution of the thesis lies in the fact that it does not focus on a single crisis
episode but compares the effects of two shocks of different nature. The Covid-19
pandemic and the Russia-Ukraine war are not treated as interchangeable periods of
generic stress. Instead, they are interpreted as two distinct empirical settings,
characterised by different transmission channels and therefore by different
implications for banking models. This allows the thesis to move beyond a static
comparison between digital-first and traditional banks and to assess whether the

relative resilience of each model depends on the type of shock affecting the system.

A second contribution concerns the way resilience is measured. Rather than relying on
a single banking indicator, the study adopts a multidimensional perspective,
combining both performance measures (ROA and ROE) and a risk measure
(NPL/Loans). This choice is important because resilience in banking cannot be
reduced to one accounting outcome alone. A given business model may appear more
resilient in terms of profitability, but less resilient in terms of credit quality, or vice
versa. By jointly considering these dimensions, the thesis provides a more balanced

and informative assessment of the effects of shocks on different types of banks.

A third contribution lies in the use of a comparative panel framework based on
European bank-year data. The study does not aim to explain whether digitalisation is
beneficial in a general sense, but whether the digital-first model is associated with a
systematically different reaction to major shocks relative to the traditional model. This
distinction is important because it shifts the focus from digitalisation as a technological
phenomenon to digitalisation as a broader business-model configuration, which may

affect profitability, risk, and resilience through multiple channels.

Against this background, the main research question of the thesis can be stated as

follows:



Do digital-first banks exhibit greater resilience than traditional banks when exposed
to major exogenous shocks, and does this relationship differ depending on the nature

of the shock considered?

By answering this question, the thesis seeks to contribute to a more nuanced
understanding of the role of digitalisation in banking. Rather than assuming that a
higher degree of digital orientation necessarily implies stronger resilience, the study
investigates whether this relationship holds empirically once performance and risk are
jointly considered and once the analysis is extended across different types of crisis

episodes.

1.6. Overview of methodology and thesis structure

To address the research question, the thesis adopts a quantitative empirical approach

based on a bank-year panel dataset covering the period 2018-2023.
The remainder of the thesis is structured as follows:

e Chapter 2 reviews the relevant literature on digital versus traditional banking
models, on the impact of recent exogenous shocks on banks, and on the
research gap that motivates the study.

e Chapter 3 develops the theoretical framework, presents the main hypotheses,
and defines the variables used in the empirical analysis.

e Chapter 4 describes the methodology, including data sources, sample
construction, variable harmonisation, econometric strategy, and the main
methodological issues addressed in the study.

e Chapter 5 presents and discusses the empirical results, first by establishing the
appropriate panel specification and then by analysing the impact of Covid-19
and the Russia-Ukraine war on performance and risk across digital-first and
traditional banks.

e Chapter 6 concludes by summarising the main findings, positioning them
within the existing literature, discussing the main limitations of the study, and

identifying possible directions for future research.



1.7. Overview of empirical findings

The empirical results of this thesis do not provide evidence of a systematic digital
resilience premium. Overall, the findings suggest that digital-first banks did not
display stronger resilience than traditional banks during the two major shock periods
considered in the analysis. Instead, the results point to a more nuanced picture, in
which the relative behaviour of the two banking models depends on the specific

outcome examined and on the nature of the shock itself.

With respect to the Covid-19 period, the evidence does not show a robust performance
advantage for digital-first banks. At the same time, on the risk side, digital-first
institutions appear to display a relatively less favourable evolution in credit quality
than traditional banks. In the case of the Russia-Ukraine war, the results point even
more clearly towards a relative advantage for traditional banks, especially when
considering the broader macro-financial environment associated with the post-2022
period. Taken together, these findings suggest that the relationship between
digitalisation and resilience is more conditional and context-dependent than a purely

technological narrative would imply.

In simple terms, the empirical analysis indicates that banking resilience cannot be

explained by digital orientation alone.



2. Literature Review

Studies in the field generally converge on the idea that for banks “digital” is not simply
a channel choice, given that developing advanced online channels became an
indispensable feature competing in this sector nowadays. In this sense, being “digital”
is more about the broad business-model configuration. Citterio et al. (2025) !
operationalise this distinction by identifying European neobanks as institutions “born”
with a digital-first model, and then benchmarking their performance and risk against
traditional peers. In parallel, the Basel Committee on Banking Supervision (2024)
frames digitalisation as a structural transformation of financial intermediation,
affecting customer interfaces, internal processes, and market structure, so that
differences between banks increasingly reflect how deeply digital technologies are
embedded in governance, operating processes, and service delivery. This implies that
the definition of “digital” or “traditional” should be anchored to observable balance-

sheet and income-statement patterns rather than branding alone !,

Against this background, distinguishing digital-first from traditional banks is not only
a matter of classification, but also a prerequisite for assessing whether different
business models translate into different resilience patterns when banks face large,
unexpected shocks. This makes it particularly relevant to examine how business-model
configuration, rather than “digital” as a mere delivery channel, may shape banks’

capacity to absorb stress and preserve their intermediation role during crisis episodes.

Accordingly, this literature review is organised as follows. First, it clarifies the
conceptual and empirical distinction between digital-first and traditional banks,
focusing on business-model features and classification issues. Second, it reviews the
evidence on how major exogenous shocks affect banks, with specific attention to the
COVID-19 pandemic and the Russia-Ukraine war. Third, it briefly discusses how
policy responses, interact with crisis dynamics and may influence banks’ outcomes
during stress periods. Finally, the review summarises the main methodological
approaches adopted in the literature and positions the present study within the debate

by motivating its empirical design and the specific research gap it aims to address.



2.1. Classifying bank models: heterogeneity,
hybridisation

A recurring point in the literature is that the boundary between “traditional” and
“digital” banking is increasingly blurred. Incumbent banks have progressively
integrated digital channels and platform-like features into their operating models,
while many digital-first institutions have expanded beyond payments into broader
intermediation activities. As a result, the digital/traditional distinction is rarely a clear-
cut dichotomy and should be treated as an empirical classification problem grounded

in business-model features rather than labels alone.

To structure the “traditional bank™ side without treating it as a single benchmark,
European supervisory research often adopts a business-model taxonomy approach.
Farné et al. (2017) 12 classify euro-area banks by clustering institutions using
supervisory reporting data, interpreting a business model as the activity configuration
that shapes balance-sheet structure and income generation. In the same spirit, the
European Central Bank (2016) ! uses business-model characteristics to interpret
differences in profitability and stability over time, arguing that business models are
not just labels but drivers of outcomes and vulnerabilities. Ayadi et al. (2016) ']
provide complementary evidence that “traditional banking” 1is internally
heterogeneous and that the post-crisis environment (regulatory reforms, low-rate
conditions, new competitors) has pushed incumbents toward strategic adaptation
across models. From a supervisory standardisation perspective, Cernov et al. (2018)
[15] formalise the idea that consistent bank business-model identification supports

benchmarking and comparative analysis, reinforcing the need to treat “traditional” as

a set of archetypes rather than a single group.

This classification logic becomes even more important once the ‘“digital bank”
category is considered. The European Banking Authority (2020) ™ stresses that
neobanks are not homogeneous and identifies distinct “families”, including digital
banks developed or acquired by traditional groups and “distributor” models that rely
on external physical distribution networks. The European Central Bank (2025) !
similarly distinguishes between independent digital banks and those embedded in

broader banking groups, noting that business-model differences translate into different
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funding pressures and profitability dynamics. Finally, the Basel Committee on Banking
Supervision (2024) ' highlights that digitalisation has enabled new forms of entry,
outsourcing and partnerships (e.g., platform-based models and ‘“banking-as-a-
service”), which further blurs the traditional/digital boundary and increases
hybridisation of value chains. Taken together, these sources imply that a rigorous
“digital vs traditional” comparison requires transparent inclusion criteria and careful

treatment of group-backed digital brands to avoid misclassification [,

2.1.1.Cost structure, scale, profitability dispersion

A central empirical regularity in the recent European evidence is that digital banks are,
on average, less profitable than traditional peers, at least at current scale, but with wide
dispersion across institutions. The European Central Bank (2025) ' reports that euro-
area digital banks “remain less profitable” than traditional banks, and attributes this
gap to a combination of high fixed expenses and funding-cost pressure. Citterio et al.
(2025) 1 align with this picture in an academic setting, documenting that European
neobanks underperform traditional peers in profitability metrics while emphasising

heterogeneity across the neobank population.

This does not mean that digital banks “cannot be profitable”, but that their economics
are often characterised by high fixed-cost/low marginal-cost structures: branch-light
operations reduce some costs, yet IT development, compliance scaling, and customer
acquisition can keep costs high until sufficient scale is reached. The European Banking
Authority (2020) ¥ explicitly frames the “profitability challenge” as a key constraint
for neobanks, discussing uncertainties around sustainable revenue streams and cost
evolution as growth stabilises. Consistently, the European Central Bank (2025) !
points to profitability dispersion as evidence that outcomes depend on scale, strategy,
and maturity rather than on digital status alone. This motivates an empirical stance
where “digital vs traditional” is tested rather than assumed, and where dispersion and

outliers are expected -],

2.1.2.Funding, margins, balance-sheet dynamics

On the liability side, evidence suggests that digital banks can differ from incumbents

not because they lack deposits, but because deposit behaviour can be more rate-
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sensitive. The European Central Bank (2025) "' documents a steep increase in digital
banks’ deposit costs, linking it to stronger interest-rate pass-through and noting that
this is particularly pronounced for independent digital banks whose customers are
more price-sensitive. From a financial stability perspective, the International
Monetary Fund (2022) U161 discusses how rapid fintech growth can create
vulnerabilities and challenges for stability, including pressures related to funding

conditions and liquidity management when business models are still stabilising.

These funding features interact with asset-side and income-generation dynamics as
digital banks expand product scope. The International Monetary Fund (2022) ¢
highlights that neobanks often evolve from transaction-led models toward greater
balance-sheet intermediation, implying that the risk profile can change as lending and
investment activities scale. The European Banking Authority (2020) ™ similarly
discusses business-model evolution as neobanks attempt to broaden revenues beyond
early-stage fee sources. In contrast, the “traditional” bank literature stresses that
incumbents’ revenue structures are themselves heterogeneous and evolving; the
European Central Bank (2016) '*) and Ayadi et al. (2016) " both emphasise that
model-specific activity mixes and strategic adjustments shape profitability and
stability. Overall, the literature therefore supports modelling digital vs traditional as a
difference in business-model trajectories and exposure mix, rather than a fixed ranking

of risk or performance [131416],

2.1.3.0perational dependence, ecosystems, competitive

dynamics

A further distinction relates to how digitalisation reshapes the operational risk
perimeter and banks’ dependence on external providers. The Basel Committee on
Banking Supervision (2024) ! frames digitalisation as involving deep changes in data
infrastructures, APIs, cloud services, automation and new specialised providers,
changes that may improve efficiency and customer experience but also create new
operational and governance challenges. Consistently, the Basel Committee on Banking
Supervision (2018) ! lays out supervisory “sound practices” that focus on

governance, risk management, outsourcing and third-party dependence, reflecting the
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idea that technology-heavy models can concentrate exposure in operational resilience

and compliance-related domains.

This ecosystem perspective connects directly to competitive and strategic dynamics.
Elekdag (2024) 8] revisits the competition, stability versus competition, fragility
debate in the context of fintech, analysing how fintech presence can influence banks’
risk-taking incentives. In parallel, Wolska (2026) !°! argues that open banking and
data-sharing regimes can reshape competition and cooperation patterns between banks
and fintechs, affecting customer relationships and value-chain positioning. Read
together, these sources motivate a view where “digital vs traditional” differences do
not only reflect internal technology adoption, but also the way banks position
themselves in evolving ecosystems, where outsourcing, data-sharing and competitive

pressures can influence both operational risk and strategic risk-taking (1719,

2.2. Incidence of Exogenous Factors: how crises hit

banks

As research in the field confirm large exogenous shocks (pandemics, wars, sudden
uncertainty spikes) propagate to banks through multiple, interacting channels rather
than a single balance-sheet item. In this section, the literature is reviewed with a
specific focus on the COVID-19 pandemic and the Russia-Ukraine war. The
discussion also incorporates contributions that examine how policy responses can

mitigate, amplify, or reshape the effects of such shocks on banking outcome.

2.2.1.COVID-19 as an exogenous shock: profitability, risk,

lending and operations

The COVID-19 literature converges on the idea that the shock affected banks through
(1) profitability pressure, (ii) credit risk and expected losses, (ii1) liquidity/market

conditions, and (iv) operational continuity constraints.

On the aggregate and cross-country side, Elnahass et al. (2021) ' provide one of the
broadest banking samples and show that COVID-19 is associated with an adverse shift
in global bank stability: profitability falls and several risk indicators worsen, with
differences across banking systems and geographies. A key contribution here is not
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just the “negative average effect”, but the message that crises are not uniform stress-
tests: the response depends on pre-existing features of banks and systems
(capitalisation, business model, institutional environment). Vu et al. (2023) ')
reinforce this point for Europe by comparing multiple recent uncertainty events,
showing that the most severe negative impacts are linked to COVID-19 and the Russia-
Ukraine conflict (relative to Brexit in their setting), especially in market valuation and

cost efficiency measures.

A central balance-sheet transmission mechanism is the asset quality/provisioning
channel. The OECD (2021) *°! places NPL dynamics inside a broader scenario-based
framework: the COVID shock raises insolvency risk for households and firms, which
translates into higher provisions and potential pressure on capital ratios under adverse
macro paths; however, the magnitude depends crucially on the presence of monetary
and fiscal support. This macro-to-bank-loss mapping is important for your thesis logic
because it motivates why resilience can be observed not only in “outcomes”
(ROA/ROE) but also in buffers and risk absorption capacity (capital, provisions, asset
quality). Importantly, the OECD framing treats credit risk as a major channel, but not
the only one: policy design and broader macro conditions shape whether deterioration

becomes systemic.

A complementary strand uses COVID-19 as a quasi-natural experiment to identify
how pre-crisis balance-sheet strength changes behaviour during stress. Cao et al.
(2022) 21l implement a Difference-in-Differences design to test whether banks with
higher ex-ante regulatory capital are more resilient in maintaining lending during
COVID-19. Their main message is behavioural: capital buffers before the shock are
associated with a smaller contraction in credit supply, consistent with the interpretation
that well-capitalised banks can intermediate through stress rather than deleveraging.
This “credit supply resilience” interpretation connects well to your intended
performance/risk split: a bank may preserve lending (real-economy function) even if

profitability is temporarily compressed.

Beyond financial statements, COVID-19 also represented an operational shock
because it disrupted branch-based service delivery and pushed customers to remote
channels. Demma et al. (2024) ¥ explicitly analyse operational resilience in Italy,
showing that banks with stronger pre-pandemic digital capability and fintech

investment exhibited a larger shift toward online transactions during acute phases of
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the pandemic — evidence that “continuity of service” is a measurable dimension of
resilience, distinct from pure profitability or capital ratios. This is highly relevant for
your digital-vs-traditional framing, because it suggests one plausible mechanism
through which more digitalised models may absorb certain shocks differently, without

assuming ex ante that they are always “better”.

Crucially, evidence on whether digitalisation translates into stronger financial
performance during COVID is not one-directional. Edin (2025) "9, analysing Swedish
banks over a long panel, finds digitalisation is associated with a positive (but limited)
profitability effect, while the incremental “protection” of digitalisation during the
COVID period is not robustly supported in that context; the institutional setting (high
baseline digital adoption, less stringent lockdown environment) matters. Together,
Demma et al. (2024) ™ and Edin (2025) '° imply an important nuance for your thesis:
digitalisation may matter strongly for operational continuity, while its effect on

accounting profitability during crises can be context-dependent rather than automatic.

2.2.2.The Russia-Ukraine war and geopolitical uncertainty:

market reactions and the lending channel

The Russia-Ukraine conflict is often treated as a geopolitical uncertainty shock with
both market and real-economy transmission to banks (energy prices, inflation,
sanctions, trade disruptions, confidence effects). Martins et al. (2023) ) document a
negative abnormal return response of bank stocks around the outbreak, with more
pronounced reactions linked to exposure to Russia and cross-sectional bank
characteristics such as size, profitability and capital helping to mitigate the negative
response. This aligns with the broader “structural strength buffers uncertainty” theme
also found in Vu et al. (2023) ), who show that uncertainty shocks are associated with
deterioration in bank performance and stability indicators in Europe, with

smaller/younger banks generally more exposed.

A particularly strong causal identification of the banking channel under geopolitical
risk is provided by Avril et al. (2025) 1?21, Using granular supervisory and credit-
register data and a DiD approach, they find that euro-area banks more exposed to the
geopolitical risk surge after the invasion reduced credit supply more, raised

impairments despite similar realised distress, and that firms dependent on more-
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exposed banks could not fully substitute credit-resulting in real effects on investment

and employment.

At a synthesis level, policy institutions emphasise that geopolitical shocks can hit
banks via both valuation/financial-market channels and real-economy channels; the
European Parliament (2025) **! briefing explicitly discusses how war-related shocks
can affect bank valuations, funding spreads, and borrower fundamentals. This provides
institutional backing for combining market and accounting resilience measures in the
empirical literature-and helps justify why you treat the war period as a distinct

exogenous stress episode rather than just “another year”.

2.2.3.Policy as a shock-multiplier or shock-absorber:

macroprudential, fiscal and monetary channels

Finally, a significant literature strand argues that exogenous shocks cannot be
interpreted without modelling the policy environment, because policy can either
amplify stress (if perceived as signalling severity) or dampen it (if it expands buffers

and liquidity backstops).

On macroprudential policy, Igan et al. (2022) ¥ study the early pandemic phase
through a market lens, linking bank equity reactions to pre-existing macroprudential
stance. Their evidence supports the idea that stronger pre-crisis prudential settings are
associated with less adverse market outcomes during the shock, consistent with
macroprudential buffers acting as a credibility and resilience signal. This complements
bank-level balance-sheet studies (like Cao et al. (2022) 12! by showing that resilience
is also reflected in market perceptions and systemic risk pricing at the onset of stress.
More broadly, euro-area evidence highlights how pandemic-era policies were
designed specifically to protect the bank lending channel. Boucinha et al. (2020) 1>
review euro-area policy packages (including monetary and prudential components)
and analyse their effectiveness in supporting lending conditions during the pandemic.
This is useful for your thesis because it motivates why the COVID period should be
treated as a joint shock-policy episode: outcomes reflect both the shock and the

stabilisation architecture around it.
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Monetary policy also enters the resilience discussion through financial-market
reactions. Markoulis et al. (2025) 1*8) examine ECB monetary policy announcements
during both COVID-19 and the Russia-Ukraine war using an event-study framework.
A key implication is interpretative: markets may respond more strongly (and often
negatively) to unconventional interventions because they are read as signals of crisis
severity, while bank characteristics like capital and liquidity shape sensitivity to these
announcements. This connects directly to your “resilience” measurement choice:
market-based resilience can behave differently from accounting resilience, and the
same policy can be stabilising in credit supply terms while being interpreted

pessimistically in equity pricing.

Finally, institutional assessments of regulatory reforms provide macro support for the
“buffers matter” hypothesis. The Basel Committee’s evaluation work finds limited
evidence that weaker initial CET1/LCR banks had lower loan growth than peers, with
no indication that reforms impaired aggregate credit supply-evidence broadly
consistent with the idea that capital/liquidity regulation can support resilience without

necessarily choking off lending in aggregate 1*7),

2.3. The Research Problem and Methodology

The recent banking literature provides rich evidence that major exogenous shocks,
such as the COVID-19 pandemic and the Russia-Ukraine war, affect banks through
multiple dimensions of “resilience”, including profitability, risk, lending supply, and

market valuation.

However, although this literature is extensive on how crises hit banks, it is notably less
developed on how crisis transmission differs by banking model, especially in a
structured comparison between digital-first banks and traditional banks. The closest
evidence on digitalisation and resilience often studies incumbent banks with varying
degrees of digital adoption rather than comparing digital-born banks with traditional
institutions. For example, Demma et al. (2024) '8 show that Italian banks with greater
pre-pandemic digital capacity were able to maintain operational continuity more
effectively, measured by a stronger shift toward online transactions during the most
acute pandemic phases. Yet, their focus is primarily operational resilience within a

national banking system, not a business-model comparison between independent
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digital banks and traditional banks across countries. Likewise, Edin (2025) 10
studying Swedish banks over a long horizon, finds that digitalisation is associated with
a positive but economically limited relationship with profitability and does not provide
robust evidence that digitalisation systematically “shielded” banks during COVID-19
in that context. Taken together, these contributions imply that digitalisation can matter,
but its crisis relevance is channel-specific (stronger for operational continuity, less
uniform for accounting profitability) and context-dependent, leaving open the question
of whether digital-first banks and traditional banks systematically differ in resilience

when evaluated on comparable accounting outcomes 5191,

Building on the multidimensional view of resilience proposed by Berger et al. (2021)
(51 and the evidence of heterogeneous crisis effects documented by Elnahass et al.
(2021) ' and Vu et al. (2023) 1), this thesis contributes by implementing a unified
accounting-based framework that compares digital-first vs traditional banks across two
distinct crisis episodes. Concretely, the study constructs a bank-year panel (2018-
2023) and derives a set of indicators from annual reports that jointly capture
performance (e.g., ROA and ROE) and risk/buffer conditions (e.g., asset-quality
pressure such as NPL ratios). Resilience is therefore measured not as a single outcome,
but as the joint behaviour of profitability/efficiency and risk/buffers when shocks
materialise. The empirical design compares pre-shock years (2018-2019) with the
COVID period (2020-2021) and the war period (2022-2023), and tests whether the
shock-related changes in these indicators are statistically different for digital-first
banks relative to traditional banks through interaction terms in a fixed-effects panel

framework.
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3. Theoretical framework and hypotheses

Digital-first and traditional banks potentially differ in structural features that are
relevant during episodes of systemic stress. The former tend to adopt a model more
oriented toward remote channels and, often, a different operating structure and
economies of scale; the latter may benefit from greater business diversification, a more
stable funding base, and an operating track record that can affect risk management and
customer behaviour. Moreover, the composition of revenues (interest versus fees and
commissions) and the cost structure may influence the way in which a shock transmits

to margins, profitability, and credit quality.

Since the literature does not provide an unequivocal conclusion on the “sign” of
digitalisation in times of crisis, the empirical objective of this study is to verify whether
a systematic differential effect across models exists, rather than imposing a rigid

direction ex ante.

3.1. Hypothesis

H1 — Model hypothesis

From an econometric standpoint, the choice between the Fixed Effects (FE) and
Random Effects (RE) model is crucial to correctly estimate the relationship between
banks’ business models and resilience to shocks. In a banking setting, it is reasonable
to expect that each bank exhibits unobservable yet persistently relevant structural
characteristics, such as management quality, risk culture, governance arrangements,
commercial specialisation, a stable customer base composition, and the relevant
regulatory/competitive environment. These elements tend to be time-invariant or
slowly varying and, crucially, may be correlated both with whether an institution is
classified as digital-first or traditional and with the main drivers of performance and

risk.

In this scenario, the Fixed Effects approach appears particularly appropriate because
it allows one to control for unobserved, time-invariant heterogeneity at the bank level,
reducing the risk that estimates are influenced by structural factors not included in the

model. In other words, FE exploits within-bank variation and makes it possible to
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interpret the results as differences in the evolution of indicators (performance or risk)
for the same bank across periods (pre-shock versus shock), thereby better isolating the

effect of shocks and of their interactions with the business model.

By contrast, the Random Effects model assumes that such unobserved characteristics
are uncorrelated with the included regressors. This assumption can be particularly
restrictive in banking, where the choice of operating model (digital-first versus
traditional), the structure of assets and funding, and risk appetite are often linked to
persistent organisational and strategic factors. When unobserved effects are correlated

with regressors, the RE model may yield biased estimates.

On the basis of these methodological considerations, the following hypothesis guides

the choice of the empirical specification:

o H1: In a banking panel, the Fixed Effects approach is expected to provide more
reliable estimates than the Random Effects model, as unobserved and
persistent bank-level components are plausibly correlated with the explanatory

variables and with the digital-first/traditional classification.

H2 — Digital-first versus traditional banks during Covid-19 shock

The Covid-19 pandemic constituted a peculiar systemic shock because it combined an
economic contraction with an unprecedented operational element: restrictions on
mobility and the partial interruption of in-person activities. In this context, continuity
in the provision of banking services and the ability to manage transactions and
customer interactions through remote channels become central factors. A digital-first
model, grounded in natively digital processes and a predominantly “remote” customer
relationship, could therefore be advantaged in preserving operational efficiency and
service quality, thereby mitigating the deterioration in performance during the most

acute phases of the shock.

From a risk perspective, Covid can affect credit through increased fragility among
firms and households; however, banks with more mature digital infrastructures may
have greater flexibility in monitoring customers and adapting processes (for instance
through data-driven tools and faster management of information flows), with potential
implications for risk dynamics. Moreover, if a relevant portion of digital-first banks’

portfolios is less exposed to the segments most affected by the shutdown of the

20



traditional economy, this could attenuate the increase in impaired exposures.
Considering these channels jointly, it is hypothesized that during the pandemic digital-
first banks exhibit greater resilience than traditional banks, observable both in

performance indicators and in risk indicators.

o H2: During the Covid-19 period, digital-first banks display higher resilience
than traditional banks, showing (i) relatively better performance (higher or
less penalised ROA/ROE) and (ii) a relatively more contained risk profile

(lower or less increasing NPL/Loans) relative to traditional banks.

H3 — Digital-first versus traditional banks during Russia-Ukraine war

Unlike the pandemic, the Russia-Ukraine shock transmitted to the European banking
system primarily through a shift in the macro-financial regime, characterised by strong
inflationary pressures and a consequent restrictive normalisation of monetary policy.
In particular, the rise in interest rates altered the dynamics of the intermediation
margin: on the one hand, higher yields on assets can support net interest income; on
the other hand, funding costs may increase in a non-uniform manner, depending on the

composition and stability of the deposit base as well as customers’ rate sensitivity.

In this context, traditional banks may be relatively advantaged for two reasons. First,
a more “sticky” deposit base and a more established relationship with retail customers
may delay or attenuate the pass-through of higher interest rates to funding costs,
allowing for a more pronounced expansion of margins. Second, greater diversification
of revenue sources and a broader capacity for repricing and balance-sheet management
can strengthen profitability under the new interest-rate regime. By contrast, many
digital-first banks may face more price-sensitive customers and more intense
competitive dynamics in deposit gathering, leading to a faster increase in funding costs
and a relative compression of margins. On the risk side, rising inflation and energy
costs can weaken the repayment capacity of households and firms; if digital-first banks
have younger portfolios or more vulnerable customer segments, they may experience

a relatively larger increase in credit risk.

o H3: During the Russia-Ukraine war period, traditional banks exhibit higher
resilience than digital-first banks, showing (i) relatively better performance
(higher or less penalised ROA/ROE) and (ii) a relatively more contained risk
profile (lower or less increasing NPL/Loans) relative to digital-first banks.
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H4 — Overall resilience: digital-first banks vs traditional banks across shocks

Considering the two episodes of stress jointly, a broader question emerges: whether
the digital-first model represents a structural advantage in terms of resilience, or
whether such an advantage is contingent on the type of shock. In particular,
digitalisation can increase efficiency and operational continuity, but it may also be
associated with younger business models, greater competition in funding, and growth
dynamics that can amplify certain risks during periods of stress. It follows that
resilience should be interpreted as a balance between performance and risk, rather than
as a simple “superiority” under all circumstances. For this reason, after formulating
shock-specific hypotheses, the study concludes the hypothetical framework with a
more general proposition, which summarises the main objective of the thesis: to verify
whether digital-first banks display systematically better resilience across the set of

shock periods analysed.

e H4: Across the shock periods analysed (Covid-19 and the Russia-Ukraine
war), digital-first banks exhibit systematically higher resilience than
traditional banks, as measured through a combination of performance
indicators (ROA/ROE) and risk indicators (NPL/Loans), after controlling for
size, balance-sheet structure, ex ante capital strength, and operating-model

characteristics.

3.2. Independent variables

Digital — Bank business model

The Digital variable identifies digital-first banks. The classification is not based on the
mere existence of online channels (which are widespread across the sector), but on an
assessment of the business model: institutions that were born digital-first, with a strong
centrality of remote channels and the absence (or marginality) of the traditional
branch-based model; the banks included in this group are mostly European banks.
Particular attention is devoted to cases of “digital brands” belonging to traditional
banking groups (Italian and European banks): such entities are excluded from the
category of independent digital-first banks, since their financial statements and
governance are typically integrated with, or influenced by, the parent group, creating

a risk of misclassification and double counting.
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Covid19 and War — shock period dummies

The Covid19 and War variables are time dummies that identify the shock periods. The
use of dummy variables is consistent with common practice in many empirical studies
that treat systemic events as stress “regimes”, comparing pre- and post-event periods.
The study clearly specifies the time horizon adopted for each shock (e.g., 2020-2021
for Covid and 2022-2023 for the war) to ensure interpretability and comparability.

3.3. Dependent variables

ROA — Return on Assets

ROA measures profitability relative to total assets and represents an indicator that is
particularly suitable for cross-bank comparisons, as it reduces dependence on
differences in financial leverage. From a resilience perspective, ROA captures a bank’s
ability to generate profits relative to the overall scale of intermediation, making it
useful to assess how macro shocks affect the “operating” profitability of the balance

sheet.

ROE - Return on Equity

ROE measures profitability for shareholders and reflects the bank’s ability to
remunerate equity capital. Compared with ROA, it is more sensitive to changes in the
capital structure and may amplify profitability dynamics in the presence of shifts in
leverage or capital. In a shock analysis, ROE is informative because it combines

performance and financial structure, but it may be more volatile.

NPL/Loans

The NPL/Loans ratio is used as a synthetic measure of credit risk. Unlike flow
indicators, the NPL/Loans ratio captures the stock of impaired exposures relative to
the loan portfolio and allows for immediate comparability across banks of different

size.

Loans (the denominator) are extracted from the consolidated financial statements as
loans and advances/loans to customers, prioritising definitions consistent with the

numerator (gross versus net, when available).
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The choice of NPL/Loans is particularly relevant for a study on shocks, since the
effects of asset quality deterioration may materialise with a lag relative to changes in

profitability, thereby providing a complementary perspective on resilience.

3.4. Control variables

The banking literature highlights that performance and risk depend not only on shocks
and business models, but also on size, asset composition, capitalisation, and the
economic structure of banks. To better isolate the effect of the variables of interest and

reduce omitted variable bias, the study includes the following controls.
Logarithm of total assets — Size

The logarithm of total assets controls for size. Larger banks may benefit from
economies of scale, greater diversification, and better access to funding; at the same
time, they may face greater operational complexity. Including the logarithm of total
assets makes it possible to avoid attributing to the digital/traditional model effect what

are instead purely size-driven differences.

Loan/TotalAssets — Intensity of credit intermediation

The Loan/TotalAssets ratio measures how “loan-intensive” the bank is. A bank with a
higher weight of loans may be more exposed to the business cycle and, therefore, to
shocks affecting households and firms. This control is particularly crucial in risk
regressions (NPL/Loans), because the asset structure directly conditions sensitivity to

credit deterioration.

Lagged CET1 — Ex-ante capital strength

Lagged CET1 1is used to capture pre-existing capital strength and to reduce
simultaneity concerns (current-year profitability can affect capital within the same
period through retained earnings and changes in risk-weighted assets). In a shock
setting, ex ante capital represents a potentially relevant buffer to absorb losses and

sustain intermediation activity.

24



Personnel expenses/Costs — Cost structure

The Personnel expenses/Costs ratio is included as a proxy for the operating structure.
It may reflect differences in labour intensity and service model (for example, advisory
and wealth management versus automation). Controlling for the cost structure helps
separate the “digital model” effect from purely operational differences that influence

profitability.

Non-interest income/TotalIncome — Revenue mix

The NonlInterestincome/Totallncome ratio controls for revenue composition. A more
fee-based model may respond differently to macro shocks and to changes in interest
rates. This control is particularly important because digital-first and traditional banks
may exhibit structurally different revenue mixes; including it reduces the risk that the
effect attributed to the Digital dummy simply reflects differences in income

composition.
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4. Methodology

This thesis adopts a quantitative, empirical approach to examine whether digital-first
banks exhibit different resilience patterns than traditional banks when facing major
exogenous shocks. The analysis is based on a bank-year panel dataset covering 2018—
2023 and comprising 30 European banks, evenly split between 15 digital-first and 15
traditional institutions. A panel setting is considerate appropriate for the research
question because it allows the study to exploit both cross-sectional variation across
business models and time variation around crisis episodes, while controlling for
persistent bank-specific factors that are difficult to observe but materially relevant for

banking outcomes.

The empirical design focuses on two stress events. First, the Covid-19 pandemic, with
the shock window defined as 2020-2021 and the pre-shock benchmark as 2018-2019.
Second, the Russia-Ukraine war, treated as a geopolitical and macro-financial shock,
with the shock window defined as 2022-2023 and the benchmark period as 2020—
2021. Accordingly, the analysis is implemented on two balanced four-year sub-panels:
2018-2019 vs 2020-2021 to assess Covid effects, and 2020-2021 vs 20222023 to

assess war-related effects.

Resilience is modelled as a multidimensional concept and is captured through both
performance and risk measures derived from consolidated financial reporting.
Performance is proxied by ROA and ROE, while credit risk is proxied by NPL/Loans.
The central interest of the empirical framework is understanding whether they react
differently to crisis regimes. This is tested through interaction terms between the
business-model indicator and the shock dummies (DigitalxCovid19 and DigitalxWar),

which provide a direct measure of differential resilience relative to traditional banks.

Given the importance of unobserved heterogeneity in banking (e.g., governance and
risk culture), the baseline specifications employ bank fixed effects, which absorb time-
invariant characteristics and identify effects through within-bank variation across
periods. Inference relies on standard errors clustered at the bank level to account for
heteroskedasticity and within-bank serial correlation. All estimations are conducted in

Stata.
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The remainder of this chapter is structured as follows. Section 4.1 describes the data
sources, sample construction, and the classification criteria for digital-first versus
traditional banks. Section 4.2 presents the econometric framework and the
interpretation of the interaction design. Section 4.3 details variable construction and
harmonisation from annual reports. Section 4.4 discusses estimation choices and
inference procedures, and Section 4.5 summarises robustness logic and

methodological limitations.

4.1. Data sources and sample construction

4.1.1.Data sources and reporting perimeter

The dataset is constructed from publicly available annual reports and consolidated
financial statements for the period 2018-2023, retrieved from each bank’s official
investor-relations or financial-reporting website. The analysis relies on consolidated
figures rather than entity-level statements, because consolidation ensures that the
reported balance-sheet and income-statement aggregates reflect the economic
perimeter of the banking group and are therefore more comparable across institutions.
This is particularly relevant in Europe, where banking groups often operate through
multiple subsidiaries and where entity-level disclosures can differ materially in scope,

accounting perimeter, and product mix.

All variables used in the empirical analysis are extracted from audited sections of the
annual report (or, where applicable, from accompanying regulatory disclosures such
as Pillar 3 documents when specific risk information is not reported directly in the
annual report). When multiple reporting formats are available, the study prioritises the
version that provides the most transparent reconciliation across years (e.g., consistent

presentation of loans, non-performing exposures, and capital metrics).

4.1.2.Sample selection and coverage

The final sample includes 30 European banks, Table 4.1, evenly split between 15
digital-first and 15 traditional institutions, and covers the six-year period 2018-2023.

The resulting dataset contains 180 potential bank-year observations (30 banks X 6
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years). The empirical strategy is implemented through two balanced four-year sub-
panels, reflecting the design of the shock analysis: 2018-2019 vs 2020-2021 for the
Covid-19 shock, and 2020-2021 vs 2022-2023 for the Russia-Ukraine war shock. This
approach ensures that the same cross-section of banks is compared within each shock-
specific analysis and supports an interpretation in terms of “pre-shock™ and “shock”

dynamics.

Table 4.1 — list of sample banks by country and classification (Digital vs Traditional)

Intesa San Paolo Fineco
Unicredit Trade Republic
Mediobanca Revolut
BPER Lunar bank
BPM Banca Profilo
MPS Bunq

BPS BBVA
Santader Monese
Banca Desio Allica
Credem Monzo

BNL Wise

Credit Agricole Starling
Banca Sella Advanzia
Deutsche Bank Qonto

Banca D’ Asti N26

Note: Sample of European banks. The institutions reported in the left column are classified as
traditional banks, while those reported in the right column are classified as digital-first banks.

Banks are selected based on the availability of sufficient consolidated financial
information to compute the main dependent variables (ROA, ROE, NPL/Loans) and
the core controls (size, loan intensity, capital, cost structure, revenue mix) over the
relevant years. When data are missing for a given year or variable due to disclosure
limitations, the observation is excluded from the specific regression that requires it,
which may generate an unbalanced structure at the regression level even when the
theoretical panel is complete. This issue is explicitly addressed in the discussion of

limitations.
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4.1.3.Business model classification: digital first versus

traditional

The key explanatory dimension of the study is the bank business model. The Digital
indicator identifies digital-first banks, defined as institutions that were born with a
digital-centric operating model, characterised by a strong reliance on remote channels
and the absence (or only marginal presence) of a traditional branch-based distribution
network. Importantly, the classification does not rely on the mere existence of online
services, now widespread in the banking sector, but on whether digital channels
represent the core, native backbone of customer acquisition, service provision, and

operating processes.

Conversely, traditional banks are defined as incumbent banking institutions whose
operating model historically relies on a branch-based architecture and broader
organisational structures, even when they have undergone substantial digital
transformation. In this sense, the classification captures differences in the “starting
point” and structural configuration of the business model rather than differences in the

level of digital adoption at a given point in time.

A central classification rule concerns “digital brands” owned by traditional banking
groups. These entities are excluded from the independent digital-first category,
because their balance sheets and governance are typically integrated with, or materially
influenced by, the parent group. Including them as separate digital-first observations
would introduce a risk of misclassification and double counting, particularly when the
parent group is already included in the sample as a traditional bank. This rule is
consistent with the study’s objective of comparing business models as economically
independent configurations rather than comparing brand-level digital channels within

the same consolidated perimeter.

4.2. Analytical strategy

The empirical analysis is organised in a sequential way in order to address the research

question as clearly as possible.

The first step consists in identifying the most appropriate panel-data estimator for the

study. Since the dataset follows the same banks over time, the choice between Fixed
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Effects and Random Effects is central. In banking data, it is plausible that each
institution is characterised by time-invariant features — such as governance, business
culture, customer structure, or strategic positioning — that may affect performance and
risk and, at the same time, be correlated with the regressors included in the model. For
this reason, the empirical strategy first compares the two panel estimators and

evaluates which specification is more appropriate for the analysis.

The second step focuses on the estimation of the main specifications, in which the
shock variables are interacted with the business-model indicator. More specifically,
the analysis includes the interaction terms DigitalxCovid19 and DigitalxWar, which
represent the core of the empirical strategy. These interaction terms allow the thesis to
move beyond a simple comparison of average profitability or risk levels across bank
types and instead test whether the impact of each shock differs systematically between
digital-first and traditional banks. In this sense, the empirical design is built around the

idea of differential resilience, rather than around static cross-sectional differences.

The fourth step concerns the interpretation of the estimated coefficients. Since the
interaction models are based on dummy variables, the meaning of the shock coefficient
depends on the chosen baseline group. Under the standard coding, the shock dummy
captures the effect of the shock for traditional banks, while the interaction term
measures the additional effect for digital-first banks. To improve interpretability, the
thesis also re-parameterises the models using ib1.Digital, so that the baseline category
becomes the digital group. This does not alter the substance of the results, but it makes
it possible to observe directly whether the shock is significant for digital-first banks

and compare this with the corresponding effect for traditional banks.

4.3. Variable harmonisation

A central methodological step of this study concerns the construction of variables from
banks’ consolidated financial statements and the harmonisation of accounting items
across institutions, countries, and reporting templates. Although the sample is entirely
European, annual reports are not fully standardised in presentation: balance-sheet and
income-statement items may be labelled differently across jurisdictions, and some
indicators, especially credit-risk and capital measures, may be disclosed in different

sections of the annual report or, in some cases, in accompanying regulatory reports.
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For this reason, the empirical analysis relies on a manual extraction and reconciliation
process aimed at ensuring that each variable reflects the same underlying economic

concept across banks and over time.

Because the variables are extracted from annual reports that differ in language and
accounting presentation, a harmonisation procedure is applied throughout the data-
collection process. The most relevant harmonisation rules concern the following

dimensions:

e Consolidation scope: only consolidated group-level data are used.

e Loans: when multiple loan categories are reported, the preferred measure is
loans and advances to customers.

e Non-performing exposures: NPL, NPE, or equivalent credit-impaired
measures are mapped into a common credit-risk numerator.

e Capital: CET1 is taken from consistent regulatory disclosures, favouring the
fully loaded or reported regulatory ratio actually used by the bank in investor
communication.

e (Cost and revenue proxies: when annual reports use alternative layouts, line

items are reconciled to preserve the same economic meaning across banks.

This harmonisation process does not eliminate all potential measurement differences,
but it significantly improves comparability and ensures that the regression analysis

reflects genuine differences in bank outcomes rather than pure reporting discrepancies.

4.4. Data pre-processing

Before estimation, the raw accounting information extracted from annual reports was
subjected to a data pre-processing stage aimed at improving consistency,

comparability, and interpretability across banks and over time.

4.4.1.Treatment of missing values and regression-level

sample formation

The first issue concerns missing observations. In a disclosure-based banking dataset,
missing values may arise for several reasons: some banks do not report a given item
in a directly usable form for all years, some indicators are available only in specific
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sections of the annual report or in related regulatory disclosures, and certain ratios,
such as lagged capital measures, mechanically reduce the number of usable
observations. For this reason, the theoretical bank-year panel of 30 banks over 2018-
2023 does not always translate into the same number of observations across all

regressions.

The pre-processing strategy follows a conservative approach. Whenever an item was
missing but could be recovered in a consistent way from the same report (or from the
relevant consolidated disclosure), the value was manually reconstructed or cross-
checked. When this was not possible, the observation was excluded from the specific
regression requiring that variable. As a result, the sample used in estimation may vary
slightly across specifications, especially when lagged CET1 is included, since the lag
structure automatically removes the first usable year for each bank and may amplify

the effect of intermittent disclosure gaps.

4.4.2.Ratio construction and consistency of scaling

A second stage of pre-processing concerns the construction of ratios and the
consistency of scaling across banks. Since the variables used in the empirical analysis
are mostly ratios derived from accounting aggregates, the study ensures that
numerators and denominators are aligned both conceptually and in terms of reporting
units. In particular, all items are converted into consistent numeric scales before ratio
construction, so that differences in presentation (for example, values expressed in

thousands, millions, or local accounting notation) do not affect comparability.

4.4.3.0utliers and extreme values

A further issue concerns the presence of extreme values. In banking data, unusually
high or low observations are not necessarily recording errors: they may reflect genuine
episodes of stress, restructuring, abnormal profitability, or abrupt changes in credit
quality. For this reason, the treatment of outliers must be approached with caution.
Rather than automatically removing economically meaningful observations, the
dataset was inspected to identify values that were clearly inconsistent with the
corresponding annual report or with adjacent-year reporting. When extreme values

were confirmed to be genuine accounting outcomes, they were retained in the sample.
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4.5. Econometric Technique

This section presents the econometric framework used to estimate whether digital-first
banks reacted differently from traditional banks during the two shock periods
considered in the thesis. The empirical design is based on panel-data models estimated

separately for each shock and for each dependent variable.

4.5.1.Baseline panel specification

For each dependent variable Y;;, the empirical model can be written as:
Yi; = a + BiShock; + B,(Digital; X Shock,) + y'X;; + u;i + &
where:

e Y, is alternatively ROA, ROE, or NPL/Loans for bank in year t;

e Shock, is the relevant crisis dummy, equal to 1 in the shock period and 0 in
the benchmark period;

e Digital; is a dummy equal to 1 for digital-first banks and O for traditional
banks;

e Digital; X Shock, is the interaction term that captures the differential effect
of the shock for digital-first banks relative to traditional banks;

e X, is the vector of control variables;

e y; is the bank-specific unobserved effect;

e ¢&;; 1s the idiosyncratic error term.

The model is estimated separately for the two shocks analysed in the thesis. In the
Covid-19 specification, the benchmark period is 2018-2019 and the shock period is
2020-2021. In the war specification, the benchmark period is 2020-2021 and the
shock period is 2022—-2023. This separation is methodologically important because the
two shocks differ substantially in their economic nature and transmission channels and

pooling them in a single regression would reduce interpretability.
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4.5.2.0utcome-specific models

The same econometric structure is applied to the three dependent variables, but the

interpretation of the coefficients depends on the nature of the outcome.

When the dependent variable is ROA or ROE, a positive shock coefficient indicates
that the shock period is associated with higher profitability for the baseline group,
whereas a negative coefficient indicates a deterioration in performance. When the
dependent variable is NPL/Loans, the interpretation is reversed in resilience terms: a
positive coefficient indicates a worsening in credit quality, while a negative coefficient

indicates an improvement or a lower accumulation of impaired exposures.

For this reason, the thesis evaluates resilience across both dimensions jointly. A
business model may appear more resilient on profitability but less resilient on credit
risk, or vice versa. Using multiple dependent variables avoids reducing resilience to a
single accounting outcome and allows a broader interpretation of the mechanisms

through which shocks affect banks.

4.5.3.Interpretation of the interaction term

The key parameter of interest in all specifications is the interaction term between the
business-model dummy and the shock dummy. This coefficient captures whether the
effect of the shock differs significantly for digital-first banks relative to traditional
banks.

Under the standard parameterisation, where traditional banks are the baseline group,
the coefficient on the shock dummy measures the effect of the shock for traditional
banks, while the coefficient on the interaction term measures the additional effect for
digital-first banks relative to that baseline. However, in order to interpret the group-
specific shock effect more directly, the baseline category was also changed in Stata
through the command ib1.Digital. In this alternative specification, digital-first banks
become the baseline group, so that the coefficient on the shock dummy directly reports
the effect of the shock for digital-first banks, together with its statistical significance.
This change does not alter the estimated fitted values or the substantive interpretation
of the model; it simply makes the group-specific effect immediately observable in the

regression output.
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Equivalent information can also be obtained from the standard parameterisation
without changing the baseline. In that case, the total shock effect for digital-first banks
is given by the sum of the coefficient on the shock dummy and the coefficient on the

interaction term:
Shock effect for digital-first banks = f; + 3,

Accordingly, the interpretation of the interaction term remains central to the empirical
analysis. A positive and significant interaction coefficient implies that the shock effect
is stronger, or less negative, for digital-first banks. A negative and significant
interaction coefficient implies that the shock effect is weaker, or more negative, for
digital-first banks. When the interaction is not statistically significant, the evidence
does not support a differential response across business models, even if the shock itself

is statistically significant for one or both groups considered separately.

4.6. Addressing potential methodological issues

As in any empirical study based on manually collected accounting data, the reliability
of the results depends not only on the econometric specification itself, but also on how

potential methodological issues are addressed.

4.6.1.Heteroskedasticity and within-bank correlation

Bank-level panel data are likely to exhibit both heteroskedasticity and serial
correlation within institutions. Larger and more diversified banks may display
different levels of residual variance than smaller institutions, while observations for
the same bank across adjacent years are likely to be correlated because profitability,
capital strength, and credit quality typically evolve gradually over time rather than
independently from one year to the next. Ignoring these features could lead to
underestimated standard errors and, consequently, to overly optimistic conclusions
regarding statistical significance. For this reason, all regressions in the thesis are

estimated with standard errors clustered at the bank level.
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4.6.2.Endogeneity and limits to casual interpretations

Although the empirical strategy is designed to isolate differential responses to shock
periods, the estimates should not be interpreted as establishing strict causal effects in
the experimental sense. The shock variables used in the thesis, Covid19 and War,
capture broad crisis regimes rather than isolated treatment events, and therefore their
coefficients reflect the joint influence of the shock itself and of the broader macro-
financial environment associated with that period. In the case of Covid-19, for
instance, the estimated coefficients may embed the effects of lockdowns, policy
support measures, changes in borrower behaviour, and the monetary stance. Similarly,
in the case of the Russia-Ukraine war, the estimates likely reflect not only geopolitical
uncertainty but also the broader monetary tightening and inflationary regime that

followed.

A related issue concerns the possibility that some control variables may be jointly
determined with the dependent variables, at least contemporaneously. To mitigate this
concern, the study uses lagged CET1 rather than contemporaneous CETI1, so that
capital strength is interpreted as an ex ante balance-sheet characteristic rather than as
a variable mechanically affected by current-year profitability. This does not eliminate
all endogeneity concerns, but it improves the credibility of the specification and is
consistent with the idea that pre-existing capital buffers may shape resilience during

subsequent stress periods.

4.6.3.Measurement error and disclosure heterogeneity

A further methodological issue arises from the fact that the dataset is constructed from
annual reports and consolidated statements that are not perfectly standardised across
institutions. Although European banks operate under relatively harmonised accounting
and regulatory frameworks, differences remain in the way some items are disclosed,
grouped, or labelled, particularly for variables related to credit risk, capital, and some
income-statement subtotals. This creates the possibility of measurement error when

variables are manually mapped into harmonised categories.

This issue is especially relevant for the construction of NPL/Loans, since the

numerator may be reported as NPL, NPE, or when a direct stock measure is
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unavailable, as a comparable proxy such as Stage 3 exposures. While the
harmonisation process described in the previous section is designed to minimise these
discrepancies, it cannot completely eliminate them. The same concern applies,
although to a lesser extent, to variables such as cost structure and revenue mix, which

may rely on items presented under different reporting templates.
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S. Empirical Findings

5.1. Fixed versus Random Effects (Hausman test)

To determine which panel estimator is more appropriate between Fixed Effects (FE)
and Random Effects (RE), a Hausman test was conducted on the baseline model
specification. Operationally, the regression was first estimated with the FE
specification and the results were stored (estimates store fixed); subsequently, the same
regression was estimated with the RE specification and these results were also stored
(estimates store random). Finally, a direct comparison between the two sets of

coefficients was performed using the command hausman fixed random, sigmamore.

In Stata, the sigmamore option was introduced as a technical device to make the FE vs
RE comparison more stable: in practice, it prevents the test from being overly sensitive
to differences in how the two models estimate the variance component of the error
term and reduces the risk of “fragile” outputs or numerically problematic results. In
other words, it does not change the logic of the test (which remains the same), but it

helps obtain a more reliable comparison between the two specifications.

Table 5.1 - Results of Fixed Effects (FE) and Random Effects (RE) models.

Variable Fixed Effects (FE) Random Effects (RE)
Covid19 -0.0008327 -0.0003289
Digital x Covid19 (1,1) -0.0004962 -0.0014754
In TA 0.0002977 -0.0003810
Loan TA 0.0005207 0.0013896
CETI1 (L1.) 0.0086595 0.0019890
Personnel expenses / Costs 0.0081884 -0.0034457
Non-interest income / Total 0.0128284 -0.0055801

income

Hausman test

v*(7)=17.26, p = 0.0158 — FE preferred
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As hypotized, the coefficient X in the Hausman test is not significant (p-value =
0.0158), therefore the null hypothesis is reflected, i.e., that the effect is random, as
Table 5.1 shown.

An element that naturally emerges from the FE estimates is that the Digital dummy is
omitted due to collinearity: this does not represent an error nor an unexpected
limitation, but a mechanical consequence of the fact that the digital/traditional
classification is essentially time-invariant for each bank and is therefore absorbed by
the individual fixed effects. However, this does not undermine the main objective of
the thesis, because the research question is not only whether digital banks are “different
on average”, but rather whether they react differentially to shocks. Such differences
are captured by the DigitalxCovid and DigitalxWar interaction terms, which instead

vary over time and remain identifiable in an FE framework.

5.2. Descriptive comparison between digital-first and

traditional banks

Before turning to the analysis of shock-specific regressions, it is useful to assess
whether digital-first and traditional banks differ significantly in the main structural
variables included as controls in the empirical models. This step is relevant for the
interpretation of the interaction terms estimated in the following sections. Since the
thesis compares different types of banks, the interaction terms should be interpreted as
the differential shock response of two distinct banking business models, rather than as

the isolated effect of a single technological feature.

To address this point, a descriptive comparison between digital-first and traditional
banks is carried out by testing differences in the average values of the main control
variables. Given the panel nature of the dataset, the comparison is performed at the
bank level rather than at the bank-year level. More specifically, yearly observations
are first collapsed into average values for each bank over the sample period, and two-
sample t-tests are then conducted to evaluate whether the mean differences between
the two groups are statistically significant. This approach avoids treating repeated
yearly observations of the same institution as independent and provides a cleaner

comparison of the structural characteristics of the two banking models.
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Table 5.2 - Mean comparison of control variables between traditional and digital-first
banks.

Variable Traditional banks Digital-first Difference (Trad. alue

! (mean) banks (mean) - Dig.) p-vatu
In TA 11.1743 9.0213 2.1530 0.0154
Loan TA 0.7017 0.4466 0.2551 0.0012
CET1 0.1402 0.2443 -0.1041 0.0011
Personnel expenses /

0.5496 0.3781 0.1715 0.0000

Costs
Non-interest income /) - 5 0.6724 20.2301 0.1062

Total income

Note: Mean values are computed at the bank level after collapsing yearly observations into bank-
specific averages. P-values refer to two-sample t-tests of equality of means between traditional and
digital-first banks.

The results in Table 5.2 show that digital-first and traditional banks differ significantly
in several key dimensions. These descriptive comparisons indicate that digital-first and
traditional banks differ not only in business-model classification, but also in several
structural characteristics. Traditional banks are on average larger and more oriented
towards credit intermediation, while digital-first banks appear more capitalised and
less labour-intensive in their cost structure. By contrast, the difference in the share of
non-interest income over total income is not statistically significant at conventional
levels. These findings suggest that the interaction coefficients estimated in the
following regressions should be interpreted as capturing the differential shock
response of two structurally distinct banking groups, conditional on the included

controls, rather than as a purely isolated effect of digitalisation alone.

5.3. Resilience of digital-first banks during Covid-19

To estimate the effect of Covid-19, panel regressions are estimated with bank-level
fixed effects, including a set of controls (size, asset structure, lagged capital, and
operating-model proxies) and, crucially, the interaction term DigitalxCovid19, which

represents the direct test of “differential resilience” across models.

A technically relevant aspect is that, in FE specifications, the Digital dummy is

absorbed by the fixed effects and therefore omitted due to collinearity. This does not
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constitute a substantive limitation for the objective of the hypothesis, because the
informative element of interest is the DigitalxCovid19 interaction, which remains
identifiable. For interpretative completeness, in addition to the standard specification
(baseline = traditional banks), the model is re-parameterised using ib1.Digital so that
the coefficient on the Covid19 dummy directly represents the effect of Covid on digital
banks; this step does not alter the substance of the results, but it helps describe the

“level” effect of the shock for each group.

5.3.1.Performance: ROA and ROE

As reported in the appendix, the ROA results do not show robust statistical evidence
of a differential Covid impact between digital and traditional banks. In the standard
FE specification, the coefficient on the DigitalxCovidl9 interaction is negative (-
0.0004962) but not significant (p = 0.520). The Covid effect for the baseline group
(traditional banks) is also negative but not significant (p = 0.181). When the digital
group is set as the baseline (ibl.Digital), the Covid effect for digital banks is
marginally significant at the 10% level (p = 0.056), but the interaction remains not
significant: this implies that no statistically robust differential effect between groups
emerges, and therefore it cannot be concluded that the performance (ROA) of digital

banks reacted in a systematically different way from that of traditional banks.

The evidence on ROE, as Figure 5.1 clearly displays, is more informative: Covid has
a negative and statistically significant impact on profitability, but not in a differential
manner across the two models. In the standard specification (baseline = traditional
banks), the Covid19 coefficient is negative and significant (-0.023244, p = 0.022),
whereas the DigitalxCovid19 interaction is essentially null and not significant (-

0.0003959, p = 0.967).
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ROE and Covid-19 shock
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In(Total Assets)

Loans / Total Assets

Lagged CET1

Personnel Expenses / Costs

Non-interest Income / Total Income

*

L 4

-2

0 2 4 .6
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Figure 5.1: Estimated coefficients from the ROE regression with the Digital x Covid-

19 interaction, traditional banks as the reference group.
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Figure 5.2: Estimated coefficients from the ROE regression with the Digital x Covid-

19 interaction, digital-fist banks as the reference group.
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As Figure 5.2 shows, when the digital group is set as the baseline (ib1.Digital), the
Covid coefficient for digital banks remains negative and significant (-0.0236399,
p=0.043), but the interaction remains not significant. In interpretative terms, this
pattern indicates that the pandemic exerted negative pressure on profitability (ROE) in
both groups, with no evidence of a statistically different response between digital-first

and traditional banks.

This result is consistent with the literature documenting that Covid negatively affected
banking performance through macro-financial and risk channels even in the presence
of policy interventions; in other words, any “operational” advantage from
digitalisation does not necessarily translate into measurable protection in accounting

profitability!!*14],

Moreover, specific evidence suggests that digitalisation can
strengthen operational continuity and the ability to maintain services, but it does not
automatically guarantee a better profitability outcome, which remains strongly

dependent on context and on the channels through which the shock is transmitted!'*!?!,

5.3.2.Risk: NPL/Loans

The analysis of credit risk through NPL/Loans, instead, provides clearer evidence and,
above all, evidence that is directly linked to the hypothesis of differential resilience. In
the standard FE specification (baseline = traditional banks), the Covid19 coefficient is
negative and significant (-0.0175254, p = 0.012), suggesting that for the traditional
group a reduction in the NPL/Loans ratio is observed during the Covid period. A
plausible interpretation, consistent with institutional analyses and contextual studies,
is that exceptional support measures (guarantees, moratoria, fiscal/monetary
interventions) attenuated or postponed the emergence of impaired exposures,
generating in the short run an “accounting” improvement or a slowdown in the

formation of NPLs!!6!,
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NPL ratio and Covid-19 shock
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Figure 5.3: Estimated coefficients from the NPL regression with the Digital x Covid-
19 interaction, traditional banks as the reference group.

NPL ratio and Covid-19 shock
Covid-19 - »
Digital x Covid-19 L
In(Total Assets) - [
Loans / Total Assets - —e—
Lagged CET1 = * !
Personnel Expenses / Costs ——
Non-interest Income / Total Income ——
4 -2 0 2 4

Coefficient estimate

Figure 5.4: Estimated coefficients from the NPL regression with the Digital x Covid-
19 interaction, digital-fist banks as the reference group.
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However, the decisive element for hypothesis H2 is the interaction term:
DigitalxCovid19 is positive and significant (0.0163482, p =0.022), as shown in Figure
5.4. This implies that, relative to traditional banks, digital banks exhibit a relatively
worse (or less favourable) credit-risk dynamic during the Covid period. Indeed,
combining the two coefficients, the overall Covid effect for digital banks is close to
zero and not significant: when the digital group is set as the baseline using ib1.Digital,
Figure 5.4, the Covid coefficient for digital banks is -0.0011772 (p = 0.781). In
substantive terms, while traditional banks record a significant reduction in NPL/Loans,
digital banks do not display a statistically significant improvement; the difference
between the two groups is instead significant and points in the opposite direction to

that hypothesised in H2.

From an economic standpoint, this result can be rationalised through at least three
channels that are consistent with banking logic and with what has been discussed in
the literature on the role of shocks and support policies. First, the loan portfolio
composition of digital-first banks may be, on average, more concentrated in
retail/consumer segments or in relatively young portfolios, which are potentially more
sensitive to income shocks and to discontinuities in the business cycle. Second, public
support measures and moratoria may have benefited more directly traditional
intermediaries with broad exposure to corporate/SME customers and greater
integration into guarantee schemes, thereby reducing the short-run formation of
impaired exposures. Third, NPL dynamics during Covid are known to be influenced
by recognition lags and regulatory interventions: the difference across models may
emerge not so much as an “explosion” of NPLs in digital banks, but as a smaller
improvement relative to traditional banks (exactly what the positive interaction term

captures).

Overall, H2 does not find empirical support: there is no evidence of superior resilience
of digital-first banks during Covid. On the performance side, ROE declines
significantly but without differences across groups, while ROA does not provide
robust signals (and is therefore discussed only briefly with a reference to the appendix).
On the risk side, the DigitalxCovid interaction on NPL/Loans is significant and has
the opposite sign to that expected, suggesting that credit quality in digital banks does

not improve as much as in traditional banks during the Covid period. It follows that,
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at least in the sample and specifications adopted, the pandemic does not appear to have
rewarded the digital-first model in terms of economic-financial resilience,
distinguishing between operational advantages (documented in some evidence) and

accounting outcomes in profitability and risk[!*+!81],

5.4. Geo-political shock, Russia-Ukraine war -

banking resilience

In this section, it is tested whether the shock associated with the Russia-Ukraine war,
and more broadly the ensuing shift in the macro-financial regime, has relatively
favoured traditional banks over digital-first banks, both in terms of performance and

in terms of risk.

As for Covid, the regressions are estimated with bank-level fixed effects and include
controls for size, asset composition, lagged capital, and proxies for cost structure and

revenue-mix.

5.4.1.Performance: ROA and ROE

As reported in the annex, for ROA, in the standard specification (baseline = traditional
banks), the War coefficient is positive and highly significant for traditional banks
(0.0040735; p. < 0.001), whereas the DigitalxWar interaction is negative but not
significant (-0.0022977; p = 0.125). With ibl.Digital, the estimated War effect for
digital banks is positive but not significant (0.0017757; p = 0.138), and the interaction
remains not significant. In summary, although an increase in ROA emerges during the
War period for the traditional group, no statistically robust difference across models is
observed: therefore, ROA does not provide conclusive evidence to assess differential

resilience during the war and is reported in the appendix.

As Figure 5.5 clearly displays, the evidence changes markedly when considering ROE.
In the standard specification (baseline = traditional banks), the War coefficient is
positive and highly significant (0.051916; p < 0.001), indicating that for traditional
banks the war period (and the associated macro-financial context) is accompanied by

an increase in ROE. The DigitalxWar interaction term is instead negative and
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significant (-0.0371972; p =0.027). This result implies that the increase in ROE during

the war is much less pronounced for digital-first banks than for traditional banks.

ROE ratio and War shock
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Figure 5.5: Estimated coefficients from the ROE regression with the Digital x War
interaction, traditional banks as the reference group.
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Figure 5.6: Estimated coefficients from the ROE regression with the Digital x War
interaction, digital-first banks as the reference group.

As Figure 5.6 shows, the re-parameterisation with ibl.Digital makes the reading even
more immediate: the War effect on digital banks is equal to 0.0147188 (p=0.246),
therefore positive but not significant, while the interaction remains significant (with a
consistent sign, since only the reference category changes). In substantive terms, the

13

picture that emerges is that the 2022-2023 context supported “equity-based”
profitability primarily for traditional banks, whereas digital banks do not display a

comparable increase.

This pattern is consistent with a channel widely discussed in the recent literature: in a
rising-rate regime, banks with a more “sticky” deposit base and the ability to contain
deposit repricing can benefit from a more pronounced increase in net interest income.
The ECB, for instance, highlights that euro area banks initially managed to contain the
increase in deposit costs thanks to limited repricing, thereby benefiting from the
increase in net interest margins;, however, it also notes that competition and
reallocations towards remunerated deposits can accelerate funding costs?”). It is
plausible that digital-first banks, often characterised by stronger competition in deposit

gathering and more rate-sensitive customers, experienced a faster pass-through to
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funding costs, attenuating the margin advantage and therefore the improvement in
profitability. A complementary strand of research further shows that during Covid and
the war, market responses and reactions to policy decisions were conditioned by
capital and liquidity characteristics, underscoring that shocks and the monetary regime

affect banking performance in a heterogeneous manner!'?l.

From ROE, strong evidence emerges in favour of the “traditional advantage”
hypothesis: the war is associated with a significant increase in ROE for traditional
banks, whereas the increase for digital banks is more contained, and the difference

across models (interaction) is statistically significant.

5.4.2.Risk: NPL/Loans

The analysis of credit risk through NPL/Loans further reinforces the interpretation of
a relative advantage for traditional banks during the war period, as Figure 5.7 clearly
displays. In the standard specification (baseline = traditional banks), the War
coefficient is negative and highly significant (-0.013111; p<0.001), indicating that for
traditional banks the NPL/Loans ratio declines during the War period. The decisive
element, however, is the differential: the DigitalxWar interaction is positive and highly
significant (+0.0181481; p<0.001). In essence, relative to traditional banks, digital-

first banks exhibit a relatively more unfavourable dynamic in credit risk.
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NPL ratio and War shock
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Figure 5.7: Estimated coefficients from the NPL regression with the Digital x War

interaction, traditional banks as the reference group.
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Figure 5.8: Estimated coefficients from the NPL regression with the Digital x War

interaction, digital-fisrt banks as the reference group.
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The parameterisation with ibl.Digital, Figure 5.8, confirms this reading: the “level”
War effect estimated for digital banks is positive (0.0050371) but not significant
(p=0.117), whereas the interaction term (which changes sign in this parameterisation
but not substance) is significant. It follows that, during the War period, traditional
banks display a statistically robust improvement in credit quality (declining
NPL/Loans), whereas digital banks do not exhibit the same improvement; the

difference between the two groups is clear and statistically supported.

From an economic standpoint, this result is consistent with interpreting the war as a
shock of uncertainty and costs (inflation/energy) that can weaken the repayment
capacity of households and firms, with effects that may be heterogeneous depending
on portfolio composition and customer characteristics!!>). If digital-first banks have
younger, more concentrated portfolios or retail/consumer segments that are more
sensitive to increases in the cost of living, it is plausible that their risk profile
deteriorated relatively more than that of traditional banks. Moreover, the literature on
the impact of the conflict shows that markets reacted negatively to the event and that
the intensity of the reaction depends on banks’ exposures and structural characteristics,
suggesting that the shock heightened perceived vulnerabilities and differences in

resilience across institutions?*.

The DigitalxWar interaction is positive and highly significant, indicating that during
the war digital-first banks experience a relatively worse NPL/Loans dynamic than
traditional banks. Here too, therefore, the results support the hypothesis of a relative

advantage for traditional banks during the War period.

Overall, the empirical evidence is consistent with hypothesis A3 (traditional advantage
during the war). On the performance side, ROE increases significantly for traditional
banks and the negative interaction indicates that digital banks benefit much less from
the 2022-2023 context; on the risk side, the NPL/Loans ratio declines for traditional
banks while the difference relative to digital banks is pronounced and statistically
significant. Overall, these results suggest that, relative to the pandemic shock, the war
(and especially the associated shift in the monetary regime) operated through channels
that were more favourable to traditional banks, consistent with a setting in which

funding management and repricing play a central role!?>2”),
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5.5. General considerations

5.5.1.0verall evidence on the performance side

On the profitability side, the results do not support a systematic advantage for digital-
first banks. During Covid-19, ROE is significantly penalised, but the DigitalxCovid
interaction is not significant: the contraction in profitability therefore appears to be a
phenomenon that is essentially common to the two groups, with no robust evidence of
a specific “protection” associated with the digital model. As regards ROA, the results
are not statistically robust and do not show significant differences across models;
accordingly, this metric is treated as ancillary evidence and reported in the appendix.
In summary, during the pandemic no pattern emerges that would allow one to state
that digital-first banks maintained higher or less penalised performance levels than

traditional banks.

During the Russia-Ukraine war, the conclusion is even clearer: for ROE, a significant
increase is observed for traditional banks, while the DigitalxWar interaction is
negative and significant, indicating that digital-first banks benefited much less from
the 2022-2023 macro-financial context. This result is consistent with the interpretation
that, under a rising-rate regime, profitability was supported mainly for models with a
more stable funding base and lower sensitivity to deposit repricing, characteristics
more frequently associated with traditional banks than with digital-first banks. In other
words, on the performance side the evidence not only fails to confirm H4, but suggests

that in the second shock (war) the relative advantage lay with traditional banks.

5.5.2.0verall evidence on the risk side

On the credit-risk side as well, the overall reading does not support the hypothesis of
superior resilience for digital-first banks. In the Covid period, the NPL/Loans
regression shows a positive and significant DigitalxCovid interaction: this implies that,
relative to traditional banks, digital-first banks experienced a relatively less favourable
credit-quality dynamic. Intuitively, while a statistically significant reduction in the
NPL/Loans ratio is observed for traditional banks (consistent with the effect of support

measures and possible lags in the emergence of impaired exposures), digital-first banks
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do not record a comparable improvement, and the difference across groups is

statistically relevant.

In the war period, the evidence is consistent and even more pronounced: the
NPL/Loans ratio declines significantly for traditional banks, while the positive and
highly significant DigitalxWar interaction indicates that digital-first banks follow a
relatively worse (or less improving) credit-quality trajectory. The message that
emerges is that, across both shocks, a more favourable risk dynamic is not observed
for digital-first banks; on the contrary, the estimated differential tends to disadvantage

them.

These results are relevant because they suggest that “digitalisation” does not
automatically translate into economic-financial resilience as measured by accounting
indicators. It is plausible that the digital advantage is more evident in terms of
operations and service continuity (a dimension that some studies explicitly document),
but that it does not necessarily translate into better profitability and risk outcomes
during macro-financial shocks. In other words, resilience appears to depend crucially
on factors such as the funding structure, the ability to manage repricing, the
composition of the loan portfolio, and customer dynamics, dimensions that may favour

traditional models, especially in contexts of rising interest rates and inflationary stress.

53



6. Conclusion

6.1. Summary of the research question and empirical

design

This thesis set out to investigate whether banks characterised by a digital-first business
model exhibit greater resilience than traditional banks when facing major exogenous
shocks. The research question stems from a broader debate in the banking literature
and in industry practice: while digitalisation is often presented as a structural
advantage capable of improving efficiency, flexibility, and customer reach, it remains
unclear whether such advantages translate into superior resilience during periods of
severe macroeconomic and financial stress. In particular, the thesis aimed to
understand whether digital-first banks react differently from traditional institutions
when shocks affect profitability, asset quality, and, more generally, the stability of

banking outcomes.

To address this question, the analysis focused on two recent and economically distinct
episodes of stress: the Covid-19 pandemic and the Russia-Ukraine war. These two
events were selected because they represent very different types of shocks and
therefore provide a richer setting in which to evaluate the behaviour of different

banking models.

Resilience was modelled as a multidimensional concept. Rather than relying on a
single indicator, the thesis examined both performance and risk outcomes. On the
performance side, the analysis used ROA and ROE, which provide complementary
measures of profitability relative to assets and equity. On the risk side, the study
employed NPL/Loans as a proxy for credit-risk dynamics and asset-quality

deterioration.

Methodologically, the thesis adopted a panel regression approach and structured the
empirical design around interaction terms between the bank-type dummy and the
shock dummies. More specifically, the main coefficients of interest were
DigitalxCovid19 and DigitalxWar, which directly test whether the impact of each

shock differs between digital-first and traditional banks. Separate regressions were
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estimated for the two crisis episodes, comparing 2018-2019 with 2020-2021 for the
Covid shock, and 2020-2021 with 2022-2023 for the war shock.

6.2. Main findings and contribution

The empirical evidence developed in this thesis does not support the view that digital-
first banks are systematically more resilient than traditional banks when confronted
with major exogenous shocks. Rather than revealing a clear and generalised “digital
resilience premium”, the results suggest a more nuanced picture, in which the relative
performance of business models depends on the transmission channels through which
the shock affects the banking sector and on the specific dimension of resilience being

examined.

With respect to the Covid-19 shock, the evidence on the performance side is overall
weak in support of a digital advantage. The analysis of ROA does not provide
statistically robust evidence of a differential response between digital-first and
traditional banks, and therefore does not allow strong conclusions to be drawn on that
metric. The evidence on ROE is more informative, but it points in a direction that is
less favourable to the hypothesis of superior digital resilience: the pandemic is
associated with a decline in profitability, yet the interaction between the digital-
business-model dummy and the Covid period is not statistically significant. In other
words, although Covid negatively affected profitability, the decline appears to be
broadly shared across both groups rather than disproportionately concentrated in one
model. This finding suggests that the operational advantages commonly associated
with digitalisation, such as remote service provision and stronger continuity of
customer interaction, were not sufficient, at least in this sample, to generate a

measurable protection in accounting profitability.

The Covid-related evidence becomes more decisive when the focus shifts from
performance to credit risk. The regressions on NPL/Loans indicate that the interaction
between the digital-business-model indicator and the Covid shock is positive and
statistically significant. This implies that, relative to traditional banks, digital-first
banks experienced a less favourable evolution in asset quality during the pandemic.
While traditional banks appear to have benefited from a reduction in the NPL/Loans

ratio during the Covid window, possibly reflecting the combined effect of support
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measures, moratoria, and delayed recognition of deterioration, digital-first banks do
not display an equivalent improvement. The result is particularly relevant because it
directly contradicts the idea that the digital model automatically translates into better
resilience on the risk side. At least within the empirical setting of this thesis, the
pandemic does not appear to have rewarded digital-first banks in terms of credit-risk

containment.

The evidence is even clearer in the case of the Russia-Ukraine war. Here, the results
point to a relative advantage for traditional banks, especially once the analysis is
interpreted in light of the change in the macro-financial regime. On the performance
side, ROE increases significantly for traditional banks during the war period, while the
interaction term shows that digital-first banks benefited much less from that
environment. Although ROA again does not provide robust evidence of a statistically
significant differential effect, the ROE results strongly suggest that the post-2022
context, marked by inflationary pressures, higher rates, and repricing dynamics, was
more favourable to the traditional model than to the digital-first one. This is consistent
with the idea that banks with more stable deposit bases, broader customer
relationships, and greater balance-sheet management capacity were better positioned

to benefit from the new rate environment.

The same conclusion emerges on the risk side. During the war period, the NPL/Loans
ratio declines significantly for traditional banks, whereas the positive and highly
significant interaction term indicates that digital-first banks exhibit a relatively worse
trajectory of credit quality. This does not necessarily mean that digital-first banks
experienced an outright deterioration in absolute terms; rather, it means that they did
not improve to the same extent as traditional banks. This distinction is important,
because the thesis does not claim that digital banks failed during the war period, but
rather that their resilience, when measured relative to traditional banks, appears weaker
on a key risk dimension. Taken together, the performance and risk results indicate that
the war shock, and especially the associated monetary and funding environment,

favoured the traditional banking model more clearly than the digital-first one.

These findings lead to a broader conclusion regarding the thesis’s main research
question. The results do not validate the hypothesis that digital-first banks are, in
general, more resilient than traditional banks. If anything, the evidence suggests that

digitalisation should not be interpreted as a self-sufficient guarantee of resilience. A
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digital-first model may indeed provide advantages in terms of operational flexibility,
speed, and continuity of service, but these advantages do not automatically translate
into stronger outcomes in profitability and credit risk during systemic stress. Resilience
appears instead to depend on a wider combination of factors, including the structure
of funding, the sensitivity of customers to repricing, the composition of loan portfolios,
and the ability to absorb macro-financial shocks through balance-sheet management.
In this respect, the thesis suggests that the banking relevance of digitalisation may be
more contingent and context-dependent than is often assumed in both managerial

discourse and parts of the broader public debate.

6.3. Positioning within the literature

This study contributes to the literature by addressing the still underexplored
relationship between bank business models and resilience during major exogenous
shocks. Unlike a large part of the existing literature, which has analysed the impact of
Covid-19 P91 or the Russia-Ukraine war 7! on the banking sector as a whole, this
thesis directly compares digital-first and traditional banks within a unified empirical
framework. Moreover, while some contributions have focused on operational
continuity and digitalisation during the pandemic ™% and others on profitability,
financial stability, or market reactions during crisis periods %71, this thesis combines
these perspectives by jointly examining both performance indicators (ROA and ROE)
and a risk indicator (NPL/Loans). In this way, it provides a broader view of resilience

than studies based on a single banking outcome.

6.4. Limitations of the study

Like any empirical similar studies, this thesis is subject to a number of limitations that
should be taken into account when interpreting the results. First, the analysis relies on
a relatively small sample of 30 European banks observed over a short time horizon
(2018-2023). Although this structure is sufficient to compare benchmark and shock
periods, it inevitably limits the statistical power of the estimations, especially for

interaction terms, which are central to the thesis.
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A second limitation concerns the nature of the dataset. The variables are extracted from
annual reports and consolidated financial statements, which, despite being produced
within a broadly harmonised European accounting and regulatory framework, are not
perfectly standardised in presentation and terminology. This issue is especially
important for variables related to credit risk, such as NPL/Loans, where disclosure
practices may differ across banks and where, in some cases, comparable proxies must
be used when a directly reported NPL measure is unavailable. Although the data-
construction process followed clear harmonisation rules, a degree of residual

measurement heterogeneity cannot be fully excluded.

Third, the thesis does not claim to identify strictly causal effects. The shock dummies
used in the empirical analysis capture broad crisis regimes, and therefore the estimated
coefficients reflect the combined influence of the shock itself and of the wider macro-
financial environment associated with that period. In the case of Covid-19, for
example, the results may embed the effects of lockdowns, public-support schemes, and
monetary interventions, while in the case of the Russia-Ukraine war they may reflect
not only geopolitical uncertainty but also the inflationary environment and the

subsequent tightening of monetary policy.

Finally, the thesis focuses on accounting-based measures of resilience (ROA, ROE,
and NPL/Loans) which, while informative and widely used in the literature, do not
exhaust all possible dimensions of banking resilience. In particular, they do not directly

capture market perceptions, liquidity pressures, or operational disruptions in real time.

6.5. Directions for future research

The findings of this thesis open several avenues for future research. A first natural
extension would be to enlarge the sample, both in terms of the number of banks and
the time horizon considered. A broader dataset would make it possible to test whether
the patterns identified in this study remain stable in a larger cross-section of European

institutions and over a longer post-shock period.

A second direction concerns the measurement of resilience itself. While this thesis
focuses on ROA, ROE, and NPL/Loans, future studies could complement these
accounting-based indicators with additional variables capturing other dimensions of

banking resilience, such as liquidity, funding costs, deposit sensitivity, or market-
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based indicators. In particular, the evidence presented here suggests that the relative
performance of digital-first and traditional banks may depend strongly on how shocks
are transmitted through funding and repricing channels; a more detailed analysis of
these mechanisms could provide a richer understanding of why different business

models react differently to the same crisis.

A third extension would be to distinguish more clearly between operational resilience
and financial resilience. Some studies suggest that digitalisation may provide clear
advantages in terms of service continuity and operational flexibility, especially in
periods of disruption, even when these advantages do not translate into stronger
profitability or lower credit risk. Future research could therefore investigate whether
digital-first banks perform better on operational dimensions, while traditional banks

remain stronger on balance-sheet resilience.
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8. Appendix

This Annex contains the full numerical output for the statistical models presented

in the ’Empirical Findings’ chapters 5. These tables are provided to support the

summarized findings and to aid in replication and detailed review.

Table 5.1 - Results of Fixed Effects (FE) and Random Effects (RE) models.

Variable Fixed Effects (FE) Random Effects (RE)
Covid19 -0.0008327 -0.0003289
Digital x Covid19 (1,1) -0.0004962 -0.0014754
In TA 0.0002977 -0.0003810
Loan TA 0.0005207 0.0013896
CET1 (L1.) 0.0086595 0.0019890
Personnel expenses / Costs 0.0081884 -0.0034457
Non-interest income / Total 0.0128284 -0.0055801

income

Hausman test

v*(7) =17.26, p=0.0158 — FE preferred
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Table 5.2 - Mean comparison of control variables between traditional and digital-first
banks.

Traditional banks Digital-first Difference (Trad.

Variable (mean) banks (mean) - Dig.) p-value
In_TA 11.1743 9.0213 2.1530 0.0154
Loan TA 0.7017 0.4466 0.2551 0.0012
CET1 0.1402 0.2443 -0.1041 0.0011

Personnel expenses /

0.5496 0.3781 0.1715 0.0000
Costs

Non-interest income /) 1, 5 0.6724 20.2301 0.1062
Total income

Table 5.3 - Fixed effects regression (Digital x Covid19) results with dependent
variable ROA, traditional banks as the reference group.

95% CI  95% CI1

Variable Coefficient Std. Error t-value p-value Low High

Covid19 -0.0083327 0.0006017 -1.38  0.181 -0.002084 0.0004186
Digital x Covid19 -0.004962 0.0007575 -0.66  0.520 -0.0020715 0.0010791
In TA 0.0002977 0.0025004  0.12 0.906 -0.0040921 0.0054975
Loan TA 0.0005207 0.0077991  0.07 0.947 -0.0156938 0.0167398
CETI1 (L1) 0.0086595 0.0168164  0.51 0.612 -0.0263122 0.0436312
Spese Personali 0.0081884 0.0052286  1.57 0.132 -0.0026851 0.019062

Non-Interest Income /) 17084 0.0069526  1.85  0.079 -0.0016303 0.0272871
Total Income

Constant -0.0084244 0.0231535 -0.36  0.720 -0.0565748 0.039726
cu 0.00674019
c_¢ 0.00142104

2 u(efr;czoir; of variance 0.95744228
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Table 5.4 - Fixed effects regression (Digital x Covid19) results with dependent
variable ROA, digital-first banks as the reference group.

% CI % CI
Variable Coefficient Std. Error t-value p-value 95% C 95, 7o C
Low High

Covid19 -0.0013289 0.0006567 -2.02  0.056 -0.0026946 0.0000368

Digital x Covid19 0.0004962 0.0007575  0.66 0.520 -0.0010791 0.0020715

In(TA) 0.0002977 0.0025004  0.12 0.906 -0.0040921 0.0054975
Loan TA 0.0005207 0.0077991  0.07 0.947 -0.0156938 0.0167398
CETI1 (L1) 0.0086595 0.0168164  0.51 0.612 -0.0263122 0.0436312
Spese Personali 0.0081884 0.0052286  1.57 0.132 -0.0026851 0.019062

Non-Interest Income /) 170904 0.0069526 185  0.079 -0.0016303 0.0272871
Total Income

Constant -0.0084244 0.0231535 -0.36  0.720 -0.0565748 0.039726
cu 0.00674019
c e 0.00142104

p (fraction of variance

. 0.95744228
due tou_i)

64



Table 5.5 - Fixed effects regression (Digital x Covid19) results with dependent
variable ROE, traditional banks as the reference group.

95% CI  95% CI1

Variable Coefficient Std. Error t-value p-value Low High

Covid19 -0.023244  0.009405  -2.47  0.022 -0.0428027 0.0036853

Digital x Covid19 -0.0003959 0.0093209 -0.04  0.967 -0.0197798 0.018898

In(TA) 0.0799157 0.0366965  2.18 0.041 0.0036013 0.1562302
Loan TA 0.0176739 0.0949222  0.19 0.854 -0.1797275 0.2150753
CETI1 (L1) 0.2515788 0.2183179  1.15 0.262 -0.2024382 0.7055958
Spese Personali 0.0444351 0.0807802  0.55 0.588 -0.1235566 0.2124268

Non-Interest Income /' 1031007 01110784 -093 0363 -0.1278015 0334919
Total Income

Constant -0.8912345 0.3540747 -2.52  0.020 -1.627573 0.1548959
G u 0.15636432
e 0.01998169

z u(;frz)CEOS of variance 0.08303228
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Table 5.6 - Fixed effects regression (Digital x Covid19) results with dependent
variable ROE, digital-first banks as the reference group.

95% CI  95% CI1

Variable Coefficient Std. Error t-value p-value Low High

Covid19 -0.0236399 0.0109845 -2.15  0.043 -0.0464833 0.0007964

Digital x Covid19 0.0003959 0.0093209  0.04 0.967 -0.0189988 0.0197798

In(TA) 0.0799157 0.0366965  2.18 0.041 0.0036013 0.1562302
Loan TA 0.0176739 0.0949222  0.19 0.854 -0.1797275 0.2150753
CETI1 (L1) 0.2515788 0.2183179  1.15 0.262 -0.2024382 0.7055958
Spese Personali 0.0444351 0.0807802  0.55 0.588 -0.1235566 0.2124268

Non-Interest Income /1031087 01110784 093 0363 -0.1278015 0334919
Total Income

Constant -0.8912345 0.3540747 -2.52  0.020 -1.627573 0.1548959
G u 0.15636432
e 0.01998169

p (fraction of variance

. 22
due tou_i) 0.98393228
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Table 5.7 - Fixed effects regression (Digital x Covid19) results with dependent
variable NPL, traditional banks as the reference group.

% CI % CI
Variable Coefficient Std. Error t-value p-value 95% C 95, 7o C
Low High

Covid19 -0.0175254 0.0063585 -2.76  0.012 -0.0307488 0.0043021

Digital x Covid19 0.0163482 0.0066075  2.47 0.022  0.0026072 0.0300892

In(TA) -0.0189973 0.0055097 -3.45  0.002 -0.0340553 0.007_5393
Loan TA 0.0735702 0.0362363  2.03 0.055 -0.0017873 0.1489276
CETI1 (L1) -0.0302549 0.1472279 -0.21 0.839 -0.336432 0.2759223
Spese Personali 0.0242216 0.0264083  0.92 0.369 -0.0306975 0.0791408

Non-Interest Income /) \1c2 034 00467777 0.2 0903 -0.0915362 0.1030231
Total Income

Constant -0.1936672 0.0580845  -3.33 0.003 -0.0728738 03144607
cu 0.04621468
G ¢ 0.01267977

z u(;frz)CEOS of variance 0.9208002
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Table 5.8 - Fixed effects regression (Digital x Covid19) results with dependent
variable NPL, digital-first banks as the reference group.

95% CI  95% CI1

Variable Coefficient Std. Error t-value p-value Low High

Covid19 -0.0011772 0.0041831 -0.28  0.781 -0.0098765 0.007522

Digital x Covid19 -0.0163482 0.0066075 -2.47  0.022 -0.0300892 0.0026072

In(TA) -0.0189973 0.0055097 -3.45  0.002 -0.0340553 0.007_5393
Loan TA 0.0735702 0.0362363  2.03 0.055 -0.0017873 0.1489276
CETI1 (L1) -0.0302549 0.1472279 -0.21 0.839 -0.336432 0.2759223
Spese Personali 0.0242216 0.0264083  0.92 0.369 -0.0306975 0.0791408

Non-Interest Income /) \1c2 034 00467777 0.2 0903 -0.0915362 0.1030231
Total Income

Constant -0.1936672 0.0580845  -3.33 0.003 -0.0728738 03144607
cu 0.04621468
G ¢ 0.01267977

z u(;frz)CEOS of variance 0.9208002
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Table 5.9 - Fixed effects regression (Digital x War) results with dependent variable
ROA, traditional banks as the reference group.

95% CI  95% CI1

Variable Coefficient Std. Error t-value p-value Low High

War 0.0040735 0.0008663  4.70 0.000 0.0022768 0.0058701
Digital x War -0.0022977 0.0014405 -1.60  0.125 -0.0052852 0.0006897
In(TA) 0.0012795 0.0045172  0.28 0.780 -0.0080887 0.0106476
Loan TA 0.0001273 0.0101162  0.01 0.990 -0.0208526 0.0211071
CET1 (L1) -0.0299172 0.0263998 -1.13  0.269 -0.084667 0.0248326
Spese Personali 0.0301163 0.0094638  3.18 0.004 0.0104895 0.0497431

Non-Interest Income /- ) 6000444 00034268 -028  0.785 -0.0080511 0.0061623
Total Income

Constant -0.0184549 0.0462382 -0.40  0.694 -0.1143469 0.0773472
cu 0.00878992
ce 0.0025998

p (fraction of variance

91 12
due tou_i) 0919557
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Table 5.10 - Fixed effects regression (Digital x War) results with dependent variable
ROA, digital-first banks as the reference group.

95% CI  95% CI

Variable Coefficient Std. Error t-value p-value Low High

War 0.0017757 0.0011521 1.54 0.138 -0.0006136 0.004165
Digital x War 0.0022977 0.0014405  1.60 0.125 -0.0006897 0.0052852
In(TA) 0.0012795 0.0045172  0.28 0.780 -0.0080887 0.0106476
Loan TA 0.0001273 0.0101162  0.01 0.990 -0.0208526 0.0211071
CET1 (L1) -0.0299172 0.0263998 -1.13  0.269 -0.084667 0.0248326
Spese Personali 0.0301163 0.0094638  3.18 0.004 0.0104895 0.0497431

Non-Interest Income /) 1100444 00034268 -028  0.785 -0.0080511 0.0061623
Total Income

Constant -0.0184549 0.0462382 -0.40  0.694 -0.1143469 0.0773472
cu 0.00878992
ce 0.0025998

Z u(fz)ciog of variance 091055712
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Table 5.11 - Fixed effects regression (Digital x War) results with dependent variable
ROE, traditional banks as the reference group.

95% CI  95% CI

Variable Coefficient Std. Error t-value p-value Low High

War 0.051916 0.0106319  4.88 0.000 0.0298669 0.0739652
Digital x War -0.0371972 0.0156582 -2.38  0.027 -0.0696702 -0.0047242
In(TA) 0.1125212 0.0473868 2.37  0.027 0.014247 0.2107953
Loan TA 0.010195 0.1250973  0.08 0.936 -0.2492408 0.2696309
CET1 (L1) -0.448879 0.3126402 -1.44  0.165 -1.097255 0.1994971
Spese Personali 0.3714477 0.1183689  3.14  0.005 0.1259657 0.6169298

Non-Interest Income / -0.0026145 0.0323532  -0.08 0.936 -0.0697109 0.0644482
Total Income

Constant -1.265943 0.4896614 -2.58  0.017 -2.280985 -0.2499978
cu 0.24658767
G ¢ 0.03158674

z éff;iog of variance 008385647
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Table 5.12 - Fixed effects regression (Digital x War) results with dependent variable
ROE, digital-first banks as the reference group.

95% CI  95% CI

Variable Coefficient Std. Error t-value p-value Low High

War 0.0147188 0.0123454 1.19  0.246 -0.010884 0.0403216
Digital x War 0.0371972 0.0156582  2.38 0.027 0.0047242 0.0696702
In(TA) 0.1125212 0.0473868 2.37  0.027 0.014247 0.2107953
Loan TA 0.010195 0.1250973  0.08 0.936 -0.2492408 0.2696309
CET1 (L1) -0.448879 0.3126402 -1.44  0.165 -1.097255 0.1994971
Spese Personali 0.3714477 0.1183689  3.14  0.005 0.1259657 0.6169298

Non-Interest Income / -0.0026145 0.0323532  -0.08 0.936 -0.0697109 0.0644482
Total Income

Constant -1.265943 0.4896612 -2.58  0.017 -2.280985 -0.2499978
cu 0.24658767
G ¢ 0.03158674

z éff;iog of variance 008385647
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Table 5.13 - Fixed effects regression (Digital x War) results with dependent variable
NPL, traditional banks as the reference group.

95% CI  95% Cl1

Variable Coefficient Std. Error t-value p-value Low High

War -0.013111 0.0027449 -4.78  0.000 -0.0188193 -0.0074028
Digital x War 0.0181481 0.0039014  4.65 0.000 0.0100346 0.0262615
In(TA) -0.0339408 0.017663  -1.92  0.068 -0.0706731 0.0027914
Loan TA 0.0394902 0.0307199  1.29 0.213 -0.0243954 0.103757
CET1 (L1) -0.0369083 0.0628594 -0.59  0.563 -0.1676316 0.093815
Spese Personali 0.0011862 0.0128285 0.06  0.949 -0.036841 0.0392133

Non-Interest Income /- ) 10 1cce 00063796 072 0482 -0.017835 0.0068699
Total Income

Constant 0.3859269 0.1985356 1.94 0.065 -0.0269505 0.7988044
cu 0.06165779
G ¢ 0.00723686

z éjrfocio?) of variance 0.9864117
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Table 5.14 - Fixed effects regression (Digital x War) results with dependent variable
NPL, digital-first banks as the reference group.

95% CI  95% CI

Variable Coefficient Std. Error t-value p-value Low High

War 0.0050371 0.0030809  1.63 0.117  -0.00137 0.0114441
Digital x War -0.0181481 0.0039014 -4.65  0.000 -0.0262615 -0.0100346
In(TA) -0.0339408 0.017663  -1.92  0.068 -0.0706731 0.0027914
Loan TA 0.0394902 0.0307199 1.29  0.213 -0.0243954 0.103757
CET1 (L1) -0.0369083 0.0628594 -0.59  0.563 -0.1676316 0.093815
Spese Personali 0.0011862 0.0128285 0.06  0.949 -0.036841 0.0392133

Non-Interest Income /= ) 10/ cco 00063796 072 0482 -0.017835 0.0068699
Total Income

Constant 0.3859269 0.1985356  1.94 0.065 -0.0269505 0.7988044
cu 0.06165779
G ¢ 0.00723686

z u(i'rf(;:‘iilo?) of variance 0.9864117
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