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Abstract

While technology has radically transformed the banking and financial sector, a persistent paradox
surrounds its impact on bank performance. This study utilizes a panel threshold effect analysis to
unravel the complexities in the relationship between technology investments and bank profitability.
Examining data from 34 top-tier commercial banks in the European Union (EU) spanning 2009
to 2018, we unveil a nonlinear link between technology investments and bank performance. Our
models classify banks into different regimes based on their proprietary technology assets, revealing
regime-specific relationships between technology investments and profitability. The study confirms
that the technology paradox plagues the EU banking market. Notably, branching (advertising) has
a significantly larger adverse (favourable) impact on profitability for banks investing above the
threshold. On the other hand, banks that invest below the threshold experience a moderate adverse
impact of branching on profitability but fail to fully leverage advertising.

Introduction

Changing customer demands and pressure to reduce costs and increase efficiency are
pushing banks to escalate investments in technology (Boot, Hoffmann et al. 2021,
Chhaidar, Abdelhedi et al. 2022). However, there has been a longstanding debate regarding
the effectiveness of large-scale technology investments in improving banks’ performance.
While common knowledge suggests that more significant investments in technology should
enhance bank performance and thus their profitability, several researchers have documented
a contrary relationship (e.g., Beccalli 2007, Mallick and Ho 2008, Martin-Oliver and Salas-
Fumas 2008), supporting Solow’s technology paradox — a term commonly used to express
the observed drop in productivity following increases in IT investments at the firm level
(Prakash, Singh et al. 2021).
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Researchers have extensively analyzed the technology paradox in the banking industry
using different econometric techniques across various markets (e.g. Ho and Mallick
2010, Mithas, Tafti et al. 2012, Boot, Hoffmann et al. 2021, Prakash, Singh et al. 2021,
Gangopadhyay, Jain etal. 2022, Modi, Pierri etal. 2022, Pierri and Timmer 2022). However,
a lack of consensus makes it critical to determine whether the technology paradox is a myth
or a reality in the banking sector.

Profitability of EU banks have been consistently lower than their US peers (Elekdag,
Malik et al. 2020), especially since their dismal performance during the global financial
crisis (GFC) and the subsequent European debt crisis, which prompted massive government-
funded bailouts and regulatory reforms (Hahn, Momtaz et al. 2023). According to the
report presented by the Economic Governance Support Unit to the European Parliament,
EU banks accelerated investments in technology following the COVID-19 pandemic (DE
Haan 2021). If the technology paradox is a reality, increased technology investments could
worsen financial stability concerns in the Eurozone. This is because banks need to make
profits in order to build up their reserves as a buffer against shocks, and to avoid taking
undue risks or reducing credit intermediation (Elekdag, Malik et al. 2020). Conversely, if
the technology paradox is a myth, trimming technology investments may adversely impact
the competitiveness of EU banks, and underinvesting firms will lose market share and
profits to their peers (DE Haan, 2021).

A close assessment of the literature brings to light two significant gaps. First, studies
assessing technology investments do not distinguish between proprietary and infrastructural
technologies. Infrastructural technologies do not offer any meaningful competitive
advantage. Such technologies are essential to market participation, and competing firms
can quickly and cheaply acquire them due to their rapid “commoditization” (Carr 2004),
for example, internet banking. On the other hand, proprietary technologies deliver an
exclusive competitive edge to the firm that owns it, as it is hard or costly for competitors to
replicate it, for example, expenditure on research and development (R&D). It is crucial to
make a clear distinction between investments in infrastructural (exogenous) and proprietary
(endogenous) technology when analyzing bank performance. Simply regressing IT proxies
on bank performance measures without considering the channel through which IT use
affects bank performance may result in an inadequate determination of the relationship
(see Beccalli 2007, Koetter and Noth 2013)!. The lack of distinction between investments
in infrastructural and proprietary technology significantly hinders our ability to understand

the true impact of technology investments on firm performance?.

I- Tt is important to note that companies have the option to either invest in or outsource their infrastructural
technology needs. However, the differing accounting treatments based on a company’s choice can significantly
alter the value of IT assets observed on a bank’s financials, making fair assessment and comparison between
competing firms almost impossible.

2 According to Hitt and Brynjolfsson (1996), technology investments can help banks introduce product dif-
ferentiation and earn higher profits. However, if the technology is accessible to all competitors, they can easily
replicate it to protect their market share, i.e., the advantage gained by the pioneering firm will be short-lived.
When considering the US banking market, Ho and Mallick (2010) observed that in highly competitive environ-
ments where all banks have access to the same cost-saving technologies, price competition negates any cost
advantages gained from increased technology investments, leading to reduced profitability. The study comple-
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Secondly, while academic researchers have extensively investigated technology
investments and bank performance, their relationship is commonly assumed to be
symmetrical. The assumption somewhat limits our ability to assess the managerial efficacy
in selecting optimal levels of technology investments. Notably, technology investments
in the EU vary across banks (DE Haan 2021). The observed technology paradox may
result from managerial biases resulting from over or under investments in technology.
For instance, Hirschleifer and Chordia (1990) suggest that reputational concerns may
induce managers to overspend on innovative projects. In their model, high-ability
managers undertake higher investments to advance the “resolution” of long-term projects
with uncertainty. Along similar lines, Bebchuk and Stole (1993) claim that a manager
with an investment opportunity perceived to be highly productive is likely to overinvest
in the project to signal the positive long-run outlook of the firm. Although technology
investments are weighed positively by external stakeholders (see Forester 1985), the long-
term success of such investments is uncertain. Thus, sub-optimal selection of technology
investments, induced by managerial biases, may result in the technology paradox observed
in the banking sector.

Our research paper makes a valuable contribution to the banking literature by
addressing the abovementioned gaps. First, our research used data on intangible assets
from 34 top-tier EU banks sourced from DataStream® between 2009-2018. Notably, the
European Parliament and the EU Council adopted Regulation 1606/2002/EC on 19 Jul
2002, mandating all listed companies (including banks) to prepare consolidated financial
statements following International Financial Reporting Standards (IFRS)* — starting 01
Jan 2005 (André, Dionysiou et al. 2018). Our measurement of technology investments
distinguishes proprietary and infrastructural technology expenditure, addressing a
significant issue in assessing the relationship between a bank’s technology investments
and profitability.

Second, our research applies the nonlinear panel threshold approach proposed by
Hansen (1999), Hansen (2000) to assess the relationship between technology investments
and bank profitability. We first test whether the evidence of an investment threshold exists.
Second, we assess how proprietary technology investment thresholds interact with the
endogenous choice of management to spend resources on advertising and branching, which
are a significant source of market power for banks (see Dick 2006, Dick 2007, Dick 2008,
Cohen and Mazzeo 2010), influencing profitability. The technique allows us to dissect
the dataset into distinct regimes and outline the investment threshold beyond which the

ments the prior analysis by Berger (2003), confirming that technology advances do not necessarily lead to
higher profits, as banks are unable to charge a higher price to cover the costs of IT projects.

3. Our measure of technology investments includes capitalized costs related to software development, capital-
ized research and development (R&D) costs (if any), expenses incurred in acquiring customer databases, and
acquired mortgage servicing rights. Notably, the data does not include Goodwill.

% Under IFRS, internally developed software (proprietary technology) is capitalized and reported as intangible
assets if — i) it is probable that it will fetch future economic benefits to the enterprise and ii) the item has a reli-
ably measurable cost (André¢ et al., 2018). The regulation triggered a significant change in the accounting of
certain software assets, which were previously expensed or capitalized at the discretion of each firm.
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relationship between technology investments and bank profitability alters.

The Hansens’ (1999, 2000) threshold approach used in this study has been previously
employed by Wang and Huang (2009) and Almanidis (2013) to assess the impact of
heterogeneous technologies on the efficiency ratios of banks. However, the present study
differs from prior investigations in two key ways. Firstly, to the best of our knowledge,
the asymmetrical influence of technology investment on the performance of EU banks.
Our study contributes to the literature by employing the technique to assess data from the
EU banking market. Secondly, prior studies utilize bank size to classify observations into
discrete groups. This means that banks within the same group are assumed to employ similar
technology, which may not be true. The current research identifies distinct technology
groups based on the level of technology assets held by sample banks — improving our
insights into the assessment of the relationship between technology investments and bank
profitability.

The rest of the paper is organized as follows. Section two highlights the theoretical
and empirical literature on the IT investments-profitability nexus. Section 3 summarises
the dataset employed and definition of variables of interest. Section 4 discusses the
methodology. Section 5 presents our empirical results. Section 6 concludes the paper.

Literature Review

Organizations across sectors are widely perceived to improve performance through IT
investments. However, there is a time-honored debate on the efficacy of massive corporate
IT investments, predominantly after the famous remark by Noble Laureate economist
Robert Solow (1987):

“... what everyone feels to have been a technological revolution, a drastic change
in our productive lives, has been accompanied everywhere, including Japan, by a
slowing down of productivity growth, not by a step up. You can see the computer
age everywhere but in the productivity statistics.” (p. 36)

Extensive research on Solow’s technology paradox in banking has produced mixed results,
leaving the literature divided on its existence. In an initial analysis of the European banking
market, Nellis (1994) suggest that developments in banking technologies, particularly
automated payments and home banking, would improve the efficiency and lower the cost
of delivering financial products and services, thus boosting bank profits. However, the
author cited risk of increased competition in the long run, which could negatively impact
the sector. In a quantitative analysis of banks based in 15 European countries between 1992
and 2000, Molyneux (2003) documented the impact of technological change on their cost
and profits. According to the author, even though European banks experienced a reduction
in costs of around 3.8% per year due to technological advancements, they did not see
an increase in profits, which actually decreased by 0.45% annually during the same time
period. On similar lines, assessing the impact of increased use of electronic payments and
ATMs in 12 European economies, Humphrey, Willesson et al. (2006) recorded substantial
cost savings for banks, that could potentially improve their profitability.
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In a seminal paper, Beccalli (2007) investigated 737 banks over 1995-2000 and found
little relationship between total I'T investments and bank profitability. The author confirmed
the existence of a ‘profitability paradox’, attributing the phenomenon to the possible use
of IT investments by banks for strategic reasons, resulting in a heterogeneous impact on
banks, leading to overall reduced profits for the banking industry (p. 2229). However,
analysing 27 European banking markets between 2000 to 2007, Hasan, Schmiedel et al.
(2012) notes a positive influence of payment transaction technologies on bank performance,
especially for savings and cooperative banks. Notably, the regression models estimated
in these analysis do not consider possibility of non-monotonic relationship between IT
investments and bank performance. Additionally, the studies assesses IT investments into
infrastructural technologies”.

Extensive investigations have been carried out on the technology paradox in individual
European banking markets, but results have been inconsistent. For instance, in a study
of over 600 Italian banks from 1989 to 2000, Casolaro and Gobbi (2007) discovered a
strong correlation between IT investments and shifts in both cost and profit frontiers.
The results show that IT investment in the banking industry led to an annual increase
(decrease) in short-run profits (costs) of 2.0% (1.3%). The authors of the study observed
a “catch-up” effect that occurred after the adoption of technology. They found that banks
lagging in IT investments could reduce the efficiency gap by implementing technology.
This suggests that being an early adopter of technology may not necessarily lead to a
sustained advantage in the Italian banking market. On similar lines, assessing the UK
banking market, Holden and El-Bannany (2004) suggest that investments in technology,
specifically Automated Teller Machines (ATMs) results in cost savings on the one hand
and improve banks profitability through improved customer satisfaction and additional
service revenues. However analysing the Spanish banking market, Martin-Oliver and
Salas-Fumas (2008) found that no empirical evidence supporting the notion that IT capital
is a value-enhancing input that increases the demand for bank services or contributes to
extraordinary profits. Further, analysing 457 German banks, Koetter and Noth (2013) note
that purchasing IT-related services improves profitability, while the acquisition of either
software or hardware reduces profits. The study’s findings align with Beccalli’s (2007)
research and emphasize the need to differentiate between investments in infrastructure
technology versus proprietary technology.

Banking markets in the EU are highly competitive, with banks competing not only
domestically but also across member states® (Jain 2022). This cross-border competition
creates a diverse environment where strategic decisions regarding technology investments

> Becealli (2007) assesses the impact of IT investments in hardware, software, and IT services and finds that
banks outsourcing IT services to external providers experience a positive influence on profitability, as opposed
to banks acquiring hardware and software. At the same time, Hasan, Schmiedel and Song (2012) focus only on
payment transaction technologies. These technologies are unlikely to provide banks with a meaningful com-
petitive edge in the long run, as competing banks can easily replicate them (Berger, 2003).

6 The concept of a single passport allows banks licensed in one EU member state to operate freely in other
member states (Drach 2022).
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is unlikely to be solely based on domestic competition, making assessment of individual
banking markets, to some extent, invalid. Additionally, Modi, Pierri et al. (2022) have
pointed out that larger banks, facing more competition, tend to spend more than their
smaller counterparts. This undermines the usefulness of analyzing individual banking
markets with large sample sizes that are not differentiated based on their market focus.

In a relatively recent analysis of EU banking markets, Del Gaudio, Porzio et al. (2021)
investigate the effect of IT diffusion, adoption and infrastructure on profitability and exert
a positive role of technology in improving bank performance. Notably, the study focuses
on macro analysis of internet, mobile and ATM penetration to assess its impact on profits
and risk of financial distress of the EU banks. Analysing the Fintech’ investments of EU
banks, Kou, Olgu Akdeniz et al. (2021) suggest that banks invest in new technology to
develop a competitive advantage. The authors state that payment and money transfer
systems are the most attractive technology investments for customers. A notable limitation
of the normative study is that it does not analyze industrial applications.

The above review suggest that the literature assessing the impact of technology
investments on bank profitability is inconclusive. While early studies support the existence
of technology paradox, some recent studies present contrary evidence. Researchers
investigating individual banking markets in Europe has also presented mixed results.

The analysis of the literature highlight two shortcomings, which undermines our
assessment of the impact of technology on bank performance. First, most studies fail
to differentiate between infrastructural and proprietary technology (e.g. Nellis 1994,
Molyneux 2003, Humphrey, Willesson et al. 2006). Infrastructural technology can be
replicated quickly and inexpensively by competing firms, which would improve the overall
service quality of the banking industry; However, it would not offer sustained competitive
advantage that would aid bank profits (see Berger 2003). Second, to the best of our
knowledge, none of the studies attempts to assess asymmetry in the relationship between
IT investments and bank profitability.

Our research attempts to address these shortcomings. First, we focus on bank investments
in proprietary technology. In doing so we successfully assess managerial efforts in acquiring
and developing niche technology which is likely to deliver sustained competitive advantage.
Second, we employ Hansen (1999), Hansen (2000) to assess the asymmetric relationship of
endogenous technology investments and sample bank profitability.

Data and Definition of Variables

Our study chooses the period of investigation of bank performance from 2009 to 2018
to bypass two potential outliers in the dataset: i) first, the dataset avoids the phase of the
global financial crisis from mid-2007 to early 2009. ii) Secondly, we also avoid the second
global meltdown in the form of the COVID-19 pandemic. The rationale behind the period
of investigation stems from the common understanding in the existing literature that severe

7. The authors suggest that they consider investments of EU banks in financial technology (Fintech) solutions
and applications within the banking sector in their analysis.
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crises can alter the core business model of banks (see Carletti et al. 2020; NBP 2020).
According to Carletti et al. (2020), banks hold half of the European banking capital with a
return on equity below 4%, which leads to changes in the operating models of commercial
banks. As Wyman (2021) argues, a large majority of banks were compelled to modify their
operating models, leading to branch closures, remote work arrangements, revised lending
policies, and a significant overhaul of their IT investments (Wyman 2021; Raiffeisen
Research 2020). Furthermore, the COVID-19 pandemic has delayed the development of
new regulatory policies aimed at promoting competition, as concerns have arisen about the
potential for endangering banking stability (see Wyman 2021).

The study is based on data from 34 top-tier European banks. The sample size was
selected based on three factors. Firstly, some of the critical variables used in our analysis
were missing from major databases and must be compiled manually. Since annual reports
of unlisted entities are hard to obtain and are often not translated into English, only listed
entities were considered in our investigation. Secondly, while the EU banking market
is enormous, and thousands of financial institutions cater to consumers’ deposits and
financing needs, small banks are unlikely to engage in quality-enhancing investments
(such as technology) due to their limited resources (see Dick, 2008). Instead, such firms
target and operate in a small market or cater to the needs of a specialised segment (for
instance, agriculture), often through competitive pricing and industry-specific expertise.
Thus, for an effective evaluation of the EU banking market, the study filters the data and
investigates only banking firms classified as “universal commercial banks” with average
equity, deposit, and lending of at least US$ 1 billion in the FitchConnect® database. Finally,
data availability posed a significant challenge, due to which we limited our investigation
to 34 banks from 13 EU member states. Please refer to Table A1 (Appendix) for details.

Table 1 Data Descriptive Statistics

Variables Description Mean Maximum Minimum Std. Dev.
InPBT Profit before tax 9.638 10.289 0.000 0.552
InZr Technology Investments 4.965 8.847 0.693 1.935
InZy Number of branches 6.753 9.599 3.135 1.256
InZ, Advertising expenditure 3.296 6.607 -0.176 1.434
InCM Ratio of total non-interest expense to total assets 3.198 4.632 1.863 0.442
InTA Total Assets 11.091 14.588 7.330 1.556
Inw, Price of labour: Wage Cost/Number of Employees 3.927 5.035 2.766 0.559
Inwy Price of funding

Interest Expense/Total Funding 2.830 5.816 0.286 0.774
Inwy, Price of Physical Capital

(Capex+Depreciation)/Non Earning Assets 3.087 5.446 -0.403 0.928
InHHI Market Concentration: Herfindahl-Hirschman

index 4.150 5.452 3.025 0.459

InTC Total Cost 7.855 11.126 5.009 1.455
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Variables Description Mean Maximum Minimum Std. Dev.
InTD Total Deposit 10.649 6.919 13.783 1.397
InNL Net Loans 10.648 6.479 13.654 1.456

Note: The abbreviations /nPBT stand for the profit before tax of each sample bank. InZr, InZp, and InZ, represents invest-
ments in proprietary technology, branch network size, and advertising expenses. /nCM and /nTA are bank-specific factors
representing cost management and bank size, and /nw;, Inw;, and Inwy, are the price of various inputs used in producing
banking services, and /nHHI is the industry-specific feature capturing the effect of concentration through the Herfindahl-
Hirschman index. Finally, InTC, InTD, and InNL refer to the total cost, total deposits, and net loans of sample banks, which
are additionally examined.

The following sub-sections offer an overview of variables used in our empirical tests. To
simplify the details of our model, following Hansen’s (1999, 2000), we have categorized
these variables as the dependent variable, threshold variable, threshold dependent variables,
and threshold independent variables.

Dependent Variable

Profit Before Tax (InPBT): In analyzing the non-monotonic relationship between
technology investments and bank profitability, the study uses profit before tax of sample
banks across the analysis period as the primary dependent variable. We sourced the data
for the variable from DataStream®.

Since the sample banks have reported losses (negative profits) in some observed
periods, applying the standard profit function is not feasible. Therefore, following Chen
and Lu (2021), the study defines the profit variable /nPBT as In(PBT + 0 + 1), where PBT
is profit before tax and 6 is the absolute value of minimum value of PBT overall sample

banks.

Threshold Variable

Technology Investments (InZT)

The present study utilizes data on intangibles from DataStream to proxy a bank’s investments
into proprietary technology. In the context of the banking sector, the field ‘Intangibles,
Net’ in the database® includes: i) capitalized software development costs, ii) capitalized
research and development (R&D) costs (if any), iii) costs associated with the acquisition
of customer database, and iv) acquired mortgage servicing rights. The variable allows us
to analyse the impact of banks’ investments into proprietary technology, which is likely
to offer sustained advantage as opposed to banks spending on infrastructural technologies
(Carr 2004).

8 The field also includes costs associated with broadcasting rights, FCC licences, resource (such as water) ac-
cess rights — which are relevant for telecommunication, broadcasting, and utility firms. Importantly, the field
does not include Goodwill.
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Threshold Dependent Variables

The success of technology heavily relies on its acceptance. Originating from the
psychological theory of reasoned action and the theory of planned behaviour, Technology
Acceptance Model (TAM) has emerged as the fundamental model in understanding
predictors of user behaviour towards potential acceptance or rejection of the technology
(Granic and Marangunic 2019). Introduced by Davis, Bagozzi et al. (1989), the TAM
suggests that the system’s actual usage is a response that can be explained or predicted by
a stimulus unrelated to the introduced technology itself. The model further indicates that
three factors explain the motivation of users to adopt new technology, namely, i) perceived
ease of use, ii) perceived usefulness, and iii) attitude toward using it (Marangunic and
Granic 2014). The present research utilizes advertising (Z,) and branching (Z3) as the two
external stimuli that shape user perception and attitudes around investments in proprietary
technology (Z7) and impact banks’ profitability. These two variables will serve as threshold
dependent variables in our model.
Branching (InZB): We utilize the number of bank branches of each sample bank as our
proxy for branching. We first compiled the relevant data on branching from Fitch Connect®
and DataStream®. Later, we manually collected missing values from published annual
reports of sample banks.

Advertising (InZA): Similar to branching, the present study utilizes advertising expense
data from databases: Fitch Connect® and DataStream®. Any missing observations were
later manually collected from the annual reports of sample banks.

Threshold Independent Variables

The present study utilizes a set of threshold-independent variables to isolate and precisely
analyze the influence of technology investments on bank profitability in different regimes.
The microeconomic framework used in the study engages the following threshold
independent variables:

Cost Management (/nCM): The ratio of non-interest expense to total assets represents
cost management at banks. The variable is commonly used to estimate bank profitability
(Hoang, Hoang et al. 2020). The data for CM is sourced from FitchConnect®.

Bank Size (InTA): Several studies analyzing bank profitability in Europe establish bank
size as an influencer of bank profitability (e.g. Menicucci and Paolucci 2016, Ayadi,
Bongini et al. 2021). The empirical model utilizes the total assets of each sample bank as
a proxy of size.

Labour Cost (/nw)): The study also utilizes the price of labour as a threshold-independent
variable. The variable controls the influence of human resource (in)efficiencies on bank
(see Fukuyama, Hashimoto et al. 2021). The relevant variable is calculated as a ratio of
total wage cost divided by the number of full-time employees (FTE). The data for the

variable is sourced from FitchConnect® and DataStream®.
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Funding Cost (Inwy): The study next utilizes the price of funding, calculated as a ratio
of total interest expense divided by the total funding of each sample bank. The relevant
data for the variable is sourced from FitchConnect®. Banks may differ in terms of funding
sources and liquidity, which impacts their cost of funding and, thus, profitability (see Le,
Hoang et al. 2020). The variable thus controls for liquidity (in)efficiency on the profitability
of sample banks.

Cost of Physical Capital (/nw;): Physical capital is a critical input variable in producing
banking services and is defined as expenditures on plants and equipment, as measured by
depreciation plus other capital expenses on a firm’s income statement (Olson and Zoubi
2011). The study utilizes the price of physical capital, calculated as a ratio of depreciation
and capital expenditure divided by non-earning assets of each sample bank as a relevant
threshold variable. The relevant data for the variable is sourced from FitchConnect® and
DataStream®.

Market Concentration (/nHHI): The level of competition in the market is a critical
industry-specific determinant of bank performance, which has been widely investigated
in the banking literature. Herfindahl-Hirschman index (HHI) is the most commonly used
structural measure of competition (Hoang et al., 2020). HHI is calculated by squaring
the market share of each firm competing in the market and then summing the resulting
numbers:

HHI=s12 +s§ +s32.......+s,% )]

where §,,s,,55---s,1s the market share of each sample bank. As HHI gives higher
weight to the market share of larger banks, a higher (lower) HHI denotes higher (lower)
market concentration, reflecting weaker (stronger) competition. The structure-conduct-
performance (SCP) hypothesis asserts that in concentrated markets (markets with higher
HHI), banks will exercise market power in pricing products and improving their profits.
Conversely, the efficient structure (ES) theory expects an increased HHI to be an outcome
of improved efficiency (Berger 1995). Thus, the variable controls the effect of competition
in each sample bank’s domestic market. Relevant data for the variable is readily available
and sourced from the ECB database.

Additional Dependent Variable

The study explores the threshold effect of technology investments on three alternative
determinants of bank profitability.

Total cost (InTC): Bankers expect technology to rationalize cost over time and often
perceive such investments as a ‘necessity’ to pursue efficient cost management (Beccalli,
2007), especially since competition in the EU banking market intensified following
deregulation (De Bandt and Davis 2000, Humphrey, Willesson et al. 2006). Thus, our
alternative model examines if the relationship between technology investments and sample
banks’ total cost is linear or nonlinear. The relevant data for the measure is sourced from
Fitch Connect®.
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Total Deposit (InTD): Technology is known to improve banks’ market share in the
deposit segment at the expense of their competitors. For instance, in an early analysis of
technology adoption among 956 banks, Daniel, Longbrake et al. (1973) found that early
adopters of technology experience economies of scale in demand deposits. Similar results
were reported by Santos and Peffers (1995) in the context of banks’ investments in ATM
technology. The study utilizes data from FitchConnect® to model and assesses the impact
of technology on total deposits of sample banks.

Net Loan (/nNL): Banks in Europe use lending technologies to expand in new markets
and overcome local bankers’ competitive advantage in accessing soft information about
borrowers (Ferri, Murro et al. 2019). Berger and Udell (2002), Berger and Udell (2006)
suggest that transaction-based lending is not a homogenous technology but a set of distinct
techniques financial intermediaries use. As banks can use technology to gain an advantage
in the lending segment and improve profitability through expanding market share, the
present research examines the relationship between IT investments and net loans of sample
banks. The relevant data for net loans is obtained from Fitch Connect®.

Methodology

A suitable technique to assess the influence of heterogeneous technologies employed by
EU banks is the threshold approach proposed by Hansen (2000). The technique has a few
benefits. First, it allows for the contemporaneous existence of multiple technologies, which
is found to be the case in the banking industry (Wang and Huang 2009). The model sorts
banks into discrete groups based on the size of their technology investments in a structural
and consistent manner’. Second, the model provides estimates of profitability for each
group, allowing for comparison among them. This will help us uncover whether the cause
of technology paradox in the EU banking is due to overinvestment or underinvestment.
Third, the approach is capable of capturing nonlinearity and flexibility in the bank profits,
reducing potential specification errors (Almanidis 2013). Fourth, the presence of threshold
in the model is assessed using a bootstrap procedure, which provides a robust statistical
test, ensuring that the identified threshold(s) are statistically significant and not due to
random variation (Almanidis, 2013).

Finally, the threshold analysis outperforms the finite mixture technique, as it does
not require specifying the number of technologies in advance and is computationally less
burdensome (Wang and Huang 2009).

The subsections below outlines the detailed application of Hansen’s (1999, 2000)
threshold model.

% Hansen (1996) noted that regression functions may not be identical across all observations in a sample and may fall into
discrete categories and proposed the fixed-effect panel threshold model. The approach divides individual observations into
classes based on the value of an observed variable (Hansen 1999) and describes the jumping character or structural break in
the relationship between variables Wang (2015).
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Single-threshold model

One can describe the relationships between IT investments and bank profitability more
formally using the below single-threshold model (Shabir, Jiang, Bakhsh, & Zhao, 2021):

InPBT; = p;, +ﬂ1XizI(Z”ZT,~, <y)+ X I(In ZT,-t 2y)+e; 2)

Ineq. (1b), InPBT;}, is the measure of profitability and .Xj, is a vector of explanatory variables.
While InZy; is the threshold variable — IT investments and vy is the threshold parameter that
divides the equation into two regimes (groups) with coefficient ; and f3,, depending on
whether the threshold variable (/nZ7;) is less than or greater than the threshold value of .
Finally, /(.) is the indicator function which assumes the value one if the stated argument in
the function is true, and 0 otherwise, while, ¢;, denotes the disturbance.

Rearranging eq. (2):

won Xy + pnZy;, +e; a(anTit < 7)

(3)
i Xy + PolnZry + e (InZpy > y)

InPBT, = {

Several macroeconomic, bank-specific, and other market-specific factors may influence
bank profitability. Since it is impossible to capture the effect of all these elements, it
should be accounted for in unobserved fixed effects (Shabir et al., 2021). In eq. (3) y; is
a permanent term that captures cross-sectional unobserved heterogeneity because of the
differences between sample banks and all other factors of variance in /nPBT;, not controlled
by Xj,.

If y is known, the model is similar to an ordinary linear model. However, if y is
unknown, there is a problem of nuisance parameter, making the distribution of y estimators
non-standard. Hansen (1999) shows that 7 is a consistent estimator of y and suggests that
one can test y = y, forming the confidence interval using “the no-rejection region” method
applying the likelihood-ratio (LR) statistic as below (Wang, 2015).

LR — LR (y)] Br
[ 1(7/)&2 1(7/)]—>§

LR (7)= (4)

where
Pr(x<¢)= (1-e?)?

The significance level a determines the lower (upper) limit corresponding to the maximum
(minimum) value in the LR series, which is less than the a quantile—that can be computed
from the following inverse function'”:

c(a)=—2log(1—x/1—a) %)

19 For example, for a.= 0.1, 0.05, and 0.01 the quantiles are 6.53, 7.35, and 10.59, respectively. If LR (y,) exceeds c(a), then
we reject the null hypothesis.
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Alike testing the threshold effect, one can examine if the coefficients are the same in each
regime (Shen, 2005). The null hypothesis and the alternative hypothesis (linear versus
single-threshold model) are:

Hy:p =P
Hy:p# B
The F statistic is construed from (Shabir et al., 2021):
(o= ©
o}
Ineq. (6) Syis theresidual sum of square (RSS) ofthe linear model. Under the null hypothesis,
the threshold (y) is not identified, and F; has non-standard asymptotic distribution. Using

bootstrap'! on the critical values of the F statistic, one can test the significance of the
threshold effect.

Multiple-thresholds model

It is important to note that the multiple threshold-effect test is sequential, i.e. we test the
double-threshold model if we reject the null hypothesis in a single-threshold model (Wang,
2015). Following Kuo, Li, and Yu (2013), the study utilizes an extension of Hansen’s
(1999) model, which allows the modelling of multiple thresholds (multiple regimes) in the
dataset. The estimated model is:

InPBTj; = u+ X (anTit <n )ﬂl @)

+ X (1 SInZpy <y2) B+ Xit (InZpi 2 72) By +u; + €
In eq. (7), y; and p, are the threshold that divides the equation into three regimes with
coefficients 3, f,, and f5. A critical issue in operating threshold models is the estimation
of threshold parameter (y) (Kuo et al., 2013). Following Bai (1997); Bai and Perron (1998),

the study utilizes the sequential estimator to estimate threshold parameters. The procedures
are presented as follows (Wang, 2015):

1. Fit the single-threshold model and obtain the threshold estimator y; and the RSS
S1(7)-

2. Given 71, estimate the second threshold and its confidence interval using:
73 =arg min[S3 (2)]
V2
S5 = S[min(y, 7,) max(y;,72)]
[85 (72) =S5 (74 )]

LR; (}/2): 6‘222

! Hansen (1996) suggests five stePs to design bootstrap: Step 1: Fit the model under H, and obtain the residual e,t Step
2: Develop a cluster resampling e;, with replacement to obtain the new residual v,, Step 3: Generate a new series under
H, data generating process, y; = ,tﬂ+vl, Step 4: Fit the model under H,, and H|, and compute F using eq. (5). Step 5:
Repear steps 1 —4 B times, and the probability of F'is Pr=I(F > F'}), namely, the proportion of /"> F in bootstrap number B.
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3. As 75 is efficient, but 71 is not. The first threshold is re-estimated as:

71 =arg min[S] (7;)]
N

S{ = S[min(y,,y,)max(y;,72)]

(St (1) =Si (71 )]
L ()= 1)&2211( )

In eq. (6), y; and y, are the threshold that divides the equation into three regimes with
coefficients 5}, f,, and f5. A critical issue in operating threshold models is the estimation
of threshold parameter (y) (Kuo et al., 2013). Following Bai (1997); Bai and Perron (1998),
the study utilizes the sequential estimator to estimate threshold parameters. The procedures
are presented as follows (Wang, 2015):

1. Fit the single-threshold model and obtain the threshold estimator y;, and the RSS
Si(n) -
2. Given 71, estimate the second threshold and its confidence interval using:

75 =arg min[S5 (7, )]
72

Sy = S[min(yy, 7,) max(yy,7,)]

[S3(72)=S5(72 )]
LR, (7/ 2) = ~ ( )
. O
3. As 72 is efficient, but 71 is not. The first threshold is re-estimated as:

71 =arg min[S] (7;)]
N

Sy = S[min(y,,,)max(y;,7,)]

_LST ()= SE (7))

)
031

LR{ (71)

The F statistic is construed from: N
[y (71) =5 (7 )
F, = ) 3

02

The bootstrapping technique for the multiple threshold estimation is similar to that in the
single-threshold model (Wang, 2015, p. 124).

Alternative Model (Robustness Check)

In a detailed examination of various profitability measures of banks, Golin and Delhaise
(2013) point out that return on average assets is a key determinant of bank performance.
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Several studies assess the performance of European banks by modelling profitability
using Return on Assets (ROA) (e.g. Molyneux and Forbes 1995, Petria, Capraru et al.
2015, Detragiache, Tressel et al. 2018). Thus, the study assesses an alternative model as
a robustness test to confirm and evaluate the nonlinear relationship between technology
investments and bank profitability, using return on average assets (ROAA) as the target
variable. ROAA is an accounting ratio calculated by dividing operating profit by average
total assets. The measure of profitability shows the profits earned per euro of assets and
indicates how effectively banks’ assets are managed to generate revenues. Using average
assets, our alternative model captures changes in banks’ assets during the financial year
(Pasiouras and Kosmidou 2007). The relevant data of ROAA is sourced from Fitch
Connect®.
The estimated alternative model is:
ROAA; = pu+ X, (ITNIE; < 11) i

©
+ X (1 <ITNIE; <y5) > +Xit(1TN]Eit 2 72),33 +u; +ey

Since ROAA is a ratio, for a straightforward interpretation of the results, in eq. (9), the
alternative model replaces INZ; with ITNIE as the threshold variable. The variable /ITNIE
is derived by dividing the value of the technology investments of each sample bank by its
total non-interest expense. Similarly, the two threshold-dependent variables employed in the
model are also in ratio form. First, BRNIE — represents the total number of branches divided
by the total non-interest expense of the sample bank; and second, ADNIE — denotes the ratio
of the share of advertising expense in the total non-interest expense of sample banks.

Finally, in eq. (9), X}, is a vector of threshold-independent variables. In the alternative
model, we replaced bank-specific threshold independent variables (in our primary model):
InTA and InCM — with two alternative accounting ratios: loan-to-deposit ratio LDR — an
accounting ratio measuring loans to deposits, and capital structure CS — the ratio of equity
to total assets. Studies commonly use LDR in the estimation of bank performance'?.
The variable captures bank liquidity, with higher values denoting lower bank liquidity
(Pasiouras & Kosmidou, 2007). Similarly, banking literature employs CS as a relevant
bank-specific factor to evaluate bank performance. High capital-assets ratios are assumed
to indicate lower leverage and, thus, lower risk (Pasiouras & Kosmidou, 2007). Other
threshold-independent variables are retained from the primary model and include HHI —
the measure of market concentration; and finally, the model controls for the price of key
input variables in delivering banking services — the price of labour (w;), price of funding
(wp), and the price of physical capital (wy).

Results
Determining the number of thresholds

In eq. (6), the study introduced F as a test of no threshold against one threshold. If F
rejects the null of no threshold in the context of the model outlined in eq. (7), following

12. Several studies utilize loan-to-total assets as an alternative to loan-to-total deposits to model bank liquidity in estimations.
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Hansen (1999), the research will proceed with a follow-up test to discriminate between one
and two thresholds using the approximate LR test of one versus two thresholds based on
eq. (8). The test statistics for F; and F, along with their bootstrap'? values are presented in
Table 2 below.

Table 2 F-Test results establishing the number of thresholds

Test for a single threshold

F, 80.946

P-value 0.01

(10%, 5%, 1% critical values) (44.995, 55.330, 78.436)
Test for double threshold

F, 11.396

P-value 0.79

(10%, 5%, 1% critical values) (61.560, 90.524, 159.446)

The test for the single threshold F7; in Table 2 is highly significant with a bootstrap p-value
of 0.01. However, the test of the double threshold F, is not close to being statistically
significant, with a bootstrap p-value of 0.79. Thus, it is concluded that there is a single
threshold in the regression relationship.

Table 3 below reports the single threshold and its asymptotic 95% confidence intervals.

Table 3 Threshold Estimates

Estimate 95% confidence interval Sum of Squared Errors

7 7.551 [7.539, 7.551] 66.435

The model identifies the single threshold in the dataset at { = 7.551. As seen in Figure
(1), there is a major dip in the likelihood ratio around the estimate of 7.551.

o |
@©

Likelihood Ratio
60

20
1

Threshold Parameter

Figure 1 Confidence Interval Construction in Single Threshold Model

Source: Constructed by statistical software: RStudio®

13100 bootstrap replications were used for each of the bootstrap tests.
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Table 4 below reports the percentage of sample firms that fall into the two regimes identified
by the model across the period of analysis.

Table 4 Percentage of firms in each regime by year

Firm Class 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
InZT <7.551 85.29% 85.29% 85.29% 85.29% 91.18% 88.24% 85.29% 88.24% 88.24% 85.29%
InZp<7.551 1471% 14.71% 14.71% 14.71% 8.82% 11.76% 14.71% 11.76% 11.76% 14.71%

5.2 Bank profitability across different technology investment regimes

Following the confirmation of a single threshold in the regression relationship in 5.1, the
study explores the impact of technology investments in the two regimes, as explained in
eq. (7). Table 5 below reports the regression slope estimates, conventional OLS standard
errors, White-corrected standard errors and t-statistics.

Table 5 Regression estimates: Single Threshold Model

Regressor Coefficient OLS Std. Err.  White Std. Err. t-stat
Estimate

Threshold Independent Variables

InCM -0.459 0.133 0.180 -2.549
Inw, 0.284 0.237 0.264 1.076
Inwy -0.076 0.066 0.044 -1.750
Inwy, 0.006 0.066 0.026 0.246
InHHI -0.409 0.260 0.255 -1.605
InTA -0.053 0.175 0.053 -0.984
Threshold Dependent Variables

InZpl(InZy<7.551) -0.197 0.177 0.175 -1.124
InZI(InZy<7.551) 0.017 0.101 0.042 0.405
InZpl(InZy>17.551) -0.624 0.279 0.522 -1.195
InZ,I(InZy>17.551) 0.991 0.377 0.777 1.275

Note: The abbreviations InZry, InZy, and InZ, represents investments in proprietary technology, branch network size, and
advertising expenses. inCM and InTA are bank-specific factors representing cost management and bank size, and lnw;, Inwy
and /nwy, are the price of various inputs used in producing banking services. Finally, /nHHI is the industry-specific feature
capturing the effect of concentration through the Herfindahl-Hirschman index.

Results indicate that non-interest expense (/nCM) and interest expense (/nwy) are statistically
significant influencers of [nPBT. Both elements adversely impact bank profitability.
Precisely, a percentage increase in the ratio of non-interest expense to total assets (/nCM) is
associated with a 0.459 per cent decline in profit before tax (/nPBT) of banks. Similarly, a
percentage increase in the price of funding (/nw)) is associated with a 0.076 per cent decline
in /nPBT. Additionally, results suggest that market concentration, proxied by /nHHI,
though at a 10 per cent level of significance, is of statistical relevance in the assessment of
InPBT. A percentage increase in market concentration adversely impacts bank profitability
by 0.409 per cent.
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The coefficients of primary interest are those on threshold-dependent variables. The
point estimates suggest that branching (/nZp) negatively, and advertising (/nZ,) positively
impact /nPBT in both regimes. Notably, banks incurring lower technology expenditure
(in the low regime) have lower coefficients for both, /nZp and /nZ,, suggesting that /nZ,
amplifies the impact of the two on bank profitability. Notably, the coefficient for branching
(InZp) is approximately five times larger for banks in the high regime than those in the low
regime. The results suggest that banks engaging in greater technology investments must
tactically scale back their branch network to reduce the adverse impact of branching on
performance. Similarly, the coefficients suggest that technology investments significantly
magnify the positive effects of advertising on bank profitability. Indicatively, banks in the
high regime witness a 0.991 per cent increase in their profitability following a percentage
increase in their advertising, while banks in the low regime experience only a 0.017 per
cent increase in their profitability for a percentage increase in advertising expense.

Nonetheless, there are some concerns with the estimations. First, the White standard
error on the coefficients concerning the threshold dependent variables in the high regime
is relatively high, suggesting that there is still considerable uncertainty in the estimate
(Hansen, 1999). Second, there is a significant difference between the conventional OLS
standard errors and the White-corrected ones, suggesting heteroskedasticity, which violates
one of the main assumptions of the analysis.

Additional Estimations

The study evaluates several additional models to analyze the threshold effect of technology
on bank performance comprehensively. Specifically, the study explores the relationship
between technology investments and sample banks’ total cost (In7C), total deposit (InTD),
and net lending (/nNL).

First, we present the test statistics for F; and F, along with their bootstrap'# values in
Table 6.

The test for the single threshold F| in Table 6 is statistically insignificant with a bootstrap
p-value > 0.10 in all three alternative models explored in the study. The results suggest that
the relationship between sample banks’ technology investments and accounting measures
other than profitability is monotonic.

Table 6 F-Test results establishing the number of thresholds in alternative models

Test for a single threshold Dependent Variable:  Dependent Variable:  Dependent Variable:

InTC InTD InNL
Fy 25.359 20.418 27.753
P-value 0.44 0.45 0.36

(10%, 5%, 1% critical values)  41.76, 53.44, 65.11 33.22,39.85,47.78 44.16, 46.36, 73.49

Note: The abbreviations [nTC, InTD, and [nNL represent natural log values of the total cost, total deposits, and net loans of
sample EU banks.

14100 bootstrap replications were used for each of the bootstrap tests.
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Estimates of Robustness Check

As detailed above, first, the model establishes the number of thresholds in the dataset
using the LR Test. Table 7 below presents test statistics for /7, F, and F3 along with their
bootstrap!® values.

The test results suggest that three thresholds exists in the regression relationship.

Table 7 F-Test results establishing the number of thresholds in the alternative model

Test for a single threshold

F, 31.366

P-value 0.07

(10%, 5%, 1% critical values) (25.631, 33.742, 60.894)
Test for double threshold

F, 46.546

P-value 0.02

(10%, 5%, 1% critical values) (27.382,39.398, 46.199)
Test for triple threshold

F; 112.108

P-value 0.00

(10%, 5%, 1% critical values) (29.882, 34.614, 83.329)

Following the confirmation of the existence of thresholds in our alternative model, we
estimated the value of thresholds, reported below in Table 8.

Table 8 Estimates of triple threshold in the alternative model

Estimate 95% confidence interval Sum of Squared Errors
" 0.149 [0.146, 0.149] 175.818
72 0.165 [0.161, 0.168] 151.144
7 0.178 [0.173, 0.266] 199.322

The model identifies thresholds in the dataset at 7| =0.149, 73 =0.165, and 75 =0.178.
Following confirmation of the triple threshold in the regression relationship, the study
explores the impact of /TNIE in different regimes as explained in eq. (7). Table 9 below
reports the regression slope estimates, conventional OLS standard errors, White-correlated
standard errors and t-statistics. The plots of the concentrated likelihood ratio function in
Figure 2 offer additional information about the threshold estimates.

Table 9 Regression estimates - Triple Threshold Model

Regressors Coefficient  OLS Std. Err. White Std. Err. t-stat
Estimate

Threshold Independent Variables

LDR 0.7587 0.4412 0.4185 1.8128
w; -7.1748 4.517 9.7301 -0.7374
wy 29.7422 3.3633 10.6578 2.7907

15100 bootstrap replications were used for each of the bootstrap tests.
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Regressors Coefficient  OLS Std. Err. White Std. Err. t-stat
Estimate

Wi -6.8097 5.7087 44124 -1.5433
HHI -1.6129 3.1541 3.4386 -0.4691
CcS 3.4211 2.6089 2.1677 1.5782
Threshold Dependent Variables

BRNIE I(ITNIE < 0.149) 0.23 0.3291 0.5707 0.403
ADNIE I(ITNIE < 0.149) 29.7077 7.6318 7.2934 4.0732
BRNIE 1(0.149 < ITNIE < 0.165) 0.1151 0.7543 0.5886 0.1955
ADNIE 1(0.149 < ITNIE < 0.165) 38.4816 20.9575 15.2325 2.5263
BRNIE I(0.165 < ITNIE < 0.178) 8.9316 2.2766 2.0441 4.3694
ADNIE 1(0.165< ITNIE < 0.178) -191.025 35.9933 31.8479 -5.998
BRNIE I(ITNIE > 0.178) 0.7299 0.3381 0.6557 1.1132
ADNIE I(ITNIE > 0.178) 37.9149 9.2612 11.3331 3.3455

Note: The abbreviations LDR and CS stand for bank-specific factors, namely loan-to-deposit ratio and equity to total assets.
ITNIE, is the threshold variable, calculated as the ratio of IT investments to non-interest expenses. BRNIE, and ADNIE are
the two threshold-dependent variables, representing the ratio of branches to the total non-interest expense and advertis-
ing expense as a proportion of total non-interest expense. Finally, w;, wj; and w; denotes the price of various inputs used
in producing banking services, and HHI is the industry-specific feature capturing the effect of concentration through the
Herfindahl-Hirschman index.
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Figure 2 Confidence Interval Construction in Single, Double, and Triple
Threshold Models (Alternative Model: Return on Assets)

Source: Constructed by statistical software: RStudio®
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As stated before, the coefficients of primary interest are those on threshold-dependent
variables. Contrary to the expectations, the results suggest that BRNIE positively affects
ROAA in all regimes. However, banks with /TN/E in the range of 0.165 —0.178 experience
the largest gains in ROAA from branching. Further, advertising positively influences ROAA
in all regimes, except when /TNIE of sample banks are between 0.165 and 0.178. The
positive influence of advertising on ROAA maximizes when banks /TNIE is between 0.149
and 0.165.

While the concerns of certainty of the estimations persist in the alternative model
tested in the study, it helps establish that the relationship between technology investments
and bank profitability is non-monotonic.

Conclusion

Compared to other industries, banks invest significantly more in technology. According
to, Mai, Speyer et al. (2012) European banks’ technology costs account for 7.3% of their
revenues, as opposed to only 3.7% in other major industries. However, the existing literature
is split, and while some studies establish the existence of technology paradox (Beccalli
2007), others differ (e.g. Del Gaudio, Porzio et al. 2021). In this research, we use the panel
threshold test to examine the Solow paradox in the EU banking sector. Unlike previous
studies, we establish a non-monotonic relationship between technology investments and
profitability. Our primary model results indicate that sample banks can be divided into
two regimes: those in the low regime, with technology assets below the threshold value
(InZp < 7.551), and those in the high regime, who incur technology assets above the
threshold value (InZ;> 7.551)).

The results of our investigation suggest that technology investments greatly amplify
the effects of branching and advertising on bank profitability. For banks in the high regime,
a percentage increase in branching (advertising) leads to a 0.624 (0.991) percent decrease
(increase) in profitability. However, sample banks in the low regime, the impact is much
milder, and a percentage increase in branching (advertising) result in a 0.197 (0.017)
percent decrease (increase) in profitability.

To better understand the impact of technology investments, the study also examined
other measures of bank performance. However, the results (as shown in Table 6) indicate
that the relationship between technology investments and measures such as total cost, total
deposits, and net loans of banks is monotonic.

To better understand the impact of IT investments, the study also examined other
measures of bank performance. However, the results (as shown in Table 6) indicate that
the relationship between IT investments and measures such as total cost, total deposits, and
net loans of banks is monotonic.

To confirm our primary results, we test an alternative model as robustness check. The
results confirm a threshold effect in the bank performance evaluation. The alternative
model identifies three thresholds that divide sample banks into four regimes based on their
technology investments.
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Employing innovative technology is crucial for companies to remain competitive (DE
Haan 2021). However, researchers have widely documented the unexpected failure of
technology investments in boosting bank efficiency. The existing literature often presents
conflicting results, either accepting or rejecting the notion of the technology paradox. The
present study makes a significant contribution by exploring the threshold effect based on
the bank level of technology investments, which has not been studied before in the context
of EU.

Our paper makes two significant contributions. First, the study establishes a nonlinear
relationship between bank profitability and technology investments, which means that
studies analyzing the role of technology in bank performance must account for this
attribute. Second, the study finds that the relationship between technology investments
and bank profitability is very complex, and further investigation using an extension of the
prescribed model that allows for heteroscedasticity and random effects is highly desirable.
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Table A1 List of sample EU banks analysed in the study

ID Name of bank Country
1 Alior Bank SA Poland

2 Banca Carige SpA Cassa di Risparmio di Genova ¢ Italy

3 Banca Monte dei Paschi di Siena SpA Italy

4 Banca Popolare di Sondrio ScpA Italy

5 Banca Transilvania SA Romania
6 Banco Bilbao Vizcaya Argentaria SA Spain

7 Banco BPI SA Portugal
8 Banco Comercial Portugues SA Portugal
9 Banco de Sabadell SA Spain

10 Banco di Desio e della Brianza SpA Italy

11 Banco Santander SA Spain

12 Bank Handlowy w Warszawie SA Poland
13 Bank Millennium SA Poland
14 Bankinter SA Austria
15 BNP Paribas Bank Polska SA Poland
16  Bper Banca SpA Italy

17 BRD Groupe Societe Generale SA Romania
18  Credito Emiliano SpA Italy

19 Banca Piccolo Credito Valtellinese SpA Italy

20 Deutsche Bank AG Germany
21  Erste Group Bank AG Austria
22 Intesa Sanpaolo SpA Italy

23 Komercni Banka as Czech
24 OTP Bank Nyrt Hungary
25  Piraeus Financial Holdings SA Greece
26  Raiffeisen Bank International AG Austria
27  Santander Bank Polska SA Poland
28  Skandinaviska Enskilda Banken AB Sweden
29  Svenska Handelsbanken AB Sweden
30  Swedbank AB Sweden
31 Sydbank A/S Denmark
32 Tatra Banka as Slovakia
33 UniCredit SpA Italy

34 Unione di Banche Italiane SpA Italy




