
 

Working Paper Series 
Business models of the banks  
in the euro area 

 

 

Matteo Farnè, Angelos Vouldis 

Disclaimer: This paper should not be reported as representing the views of the European Central Bank 
(ECB). The views expressed are those of the authors and do not necessarily reflect those of the ECB. 

No 2070 / May 2017 



Abstract 

The paper identifies the business models followed by banks in the euro area, utilising a 

proprietary dataset collected in the context of the supervisory reporting of the Single 

Supervisory Mechanism. The concept of a ‘business model’ has been neglected by 

economic theory and is defined here with respect to the set of activities performed by 

banks. We adopt a clustering methodology to provide evidence for the existence of 

distinct business models. Clustering is combined with dimensionality reduction 

optimally, given the nature of our dataset which features a large number of dimensions 

for each bank (‘fat’ data). The method produces a level and a contrast factor which are 

intuitive in the economic sense. Four business models are identified alongside a set of 

‘outlier’ banks that follow unique business models. The risk and performance indicators 

of each cluster are examined and evidence is provided that they follow distinct 

statistical distributions. 

Keywords: Banking sector, Business models, Cluster analysis, Single Supervisory 

Mechanism  

JEL classification codes: C63, G21, L21, L25 
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Non-technical summary 

Unlike the textbook description of financial intermediation, whereby banks simply 

transform deposits to loans, the banks in reality are very much diversified. Banks are 

involved to varying degrees in a range of activities, both as regards the composition of 

their profit earning assets that they hold and their funding sources. Given the range of 

the aforementioned activities and the need of banks to develop knowledge and 

capabilities to be involved in each of them, banks follow a different models 

characterised by the selection of and the degree to which they are involved in various 

activities. It may also be assumed that different business models exhibit also differential 

behaviour and there may be systematic differences in their performance. 

The paper proposes and applies a data-driven methodology to the business model 

identification problem, especially suited for high-dimensional data. The aim is to 

minimise the influence from the researcher’s priors on the identification of business 

models, which is confined to the conceptual demarcation of the business model features 

and, consequently, to the definition of the input set. The methodology builds upon a 

statistical clustering algorithm enhanced by a procedure to detect ‘outlier’ banks i.e. 

banks which use idiosyncratic business models. 

Using this methodology the paper identifies the business models followed by the banks 

in the euro area, utilising a proprietary dataset which is collected in the context of the 

supervisory reporting of the Single Supervisory Mechanism.  

The statistical method produces two composite variables which enable the classification 

of banks into clusters, representing discrete business models, and are intuitive in the 

economic sense. Four business models (wholesale funded, traditional commercial, 

complex commercial and securities holding) are identified alongside a set of ‘outlier’ 

banks that follow unique business models. The ensuing classification is validated by 

examining the risk and performance indicators of each cluster and providing evidence 

that they follow distinct statistical distributions. 

Regarding the characterisation of the business models in the risk-return plane, the 

securities holding banks exhibit relatively higher returns while also holding relatively 

high capital buffers (therefore, they excel on RoA outcome) and relatively risky assets. 

ECB Working Paper 2070, May 2017 2



Wholesale funded banks also hold a risky portfolio, on average, while exhibiting high 

returns (especially with respect to RoE, given their relatively low capital). On the other 

hand, the traditional commercial banks hold, on average, the safest assets and they 

outperform the complex commercial banks although their returns are lower compared to 

both wholesale funded and securities holding banks. The complex commercial banks 

seem to present a non-optimal risk-performance combination. 
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1. Introduction

Unlike the textbook description of financial intermediation, whereby banks transform 

deposits to loans (as presented e.g. in Ho and Saunders, 1981), the ‘ecology’ of 

operating banks is very much diversified. Banks are involved to varying degrees in a 

range of activities, both as regards the composition of their profit earning assets that 

they hold and their funding sources. 

Specifically, in the textbook business model, banks maximise profits derived from the 

interest spread between lending and borrowing rates which are charged and paid to 

‘entrepreneurs’ and ‘savers’ respectively. In reality, however, the source of banks’ 

profits is more diversified including fees and commissions charged for the provision of 

financial services and also trading. Moreover, the counterparts of these transactions are 

much more diverse involving consumers, SMEs, large non-financial corporations, other 

banks, central banks etc. Finally, banks are also involved in a number of other activities, 

besides loan granting and deposit taking, such as securitisation and hedging, using 

mainly derivatives. Given the range of the aforementioned activities and the need of 

banks to develop knowledge and capabilities to be involved in each of them, banks 

follow a different models characterised by the selection of and the degree to which they 

are involved in various activities. It may also be assumed that different business models 

exhibit also differential behaviour and there may be systematic differences in their 

performance. 

Policy makers have used the concept of business models to describe developments in 

the banking sector. Mark Carney (2015), Governor of the Bank of England, has referred 

to the need to adapt supervisory practices to the different subsets of banks: “Our 

supervision is forward-looking and judgement-based. It is risk-based and proportionate 

– tailored to different business models around the sector”. In a similar vein, Janet Yellen

(2012), Chair of the Board of Governors of the Federal Reserve System, has used the 

concept referring to its cross-sectional aspect and noted that “when it comes to bank 

regulation and supervision, one size does not fit all … rules and supervisory approaches 

should be tailored to different types of institutions”. Mario Draghi (2016), President of 

the European Central Bank, has used the concept in a dynamic context to refer to the 

need for banks to change their range of activities in the face of a new macroeconomic 
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environment: “banks may have to do more to adjust their business models to the lower 

growth/lower interest-rate environment and to the strengthened international regulatory 

framework that has been put in place since the crisis” (Brussels, 15 February 2016). 

Furthermore, the Supervisory Review and Evaluation Process (SREP) of the ECB 

Banking Supervision refers to the ‘business model’ concept in order to assess the 

overall banks’ risk, referring specifically to its viability and sustainability (ECB 2015). 

Therefore, policy makers have used the concept to refer to differences in the sets of 

activities performed by the banks, both at the cross-sectional and the time dimension. 

Despite the awareness of academics, market participants and policy makers that distinct 

business models are observed in reality and that the banking sector analysis should 

incorporate such differences, a stylised depiction of the banking sector is usually 

preferred where this heterogeneity is assumed away. The present paper undertakes a 

statistical analysis providing evidence on the existence of the different business model 

in the European banking sector and identifying their salient features.  

The availability of harmonised data across jurisdictions represents a significant 

precondition when attempting to classify banks into respective business models. In this 

direction, the harmonisation of supervisory reporting templates which has been 

gradually achieved to a large extent in the European Union, also within the general 

context of harmonising supervisory practices across the world, represents the 

opportunity to inform this type of analysis with a large, comparable data set, detailing 

the activities undertaken by banks with an unprecedented level of granularity.  

The paper contributes to filling the gap in the literature regarding banks’ business 

models in the following ways: First, it proposes a data-driven methodology to the 

business model identification problem, especially suited for high-dimensional data. The 

aim is to minimise the influence from the researcher’s priors, which is confined to the 

conceptual demarcation of the business model features and, consequently, to the 

definition of the input set. The methodology builds upon the clustering algorithm 

proposed by Vichi and Kiers (2001) enhanced by a procedure to detect ‘outlier’ banks 

i.e. banks which use idiosyncratic business models e.g. state-owned banks refinancing

state entities. 

Second, a unique data set, which has been made possible by the centralisation of 

supervision in the European Union and the collection of supervisory data using 
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Table 4: Risk composition indicators 

(a) Credit risk capital requirements

(percentage) 

(b) Market risk capital requirements

(percentage) 

(c) Operational risk capital requirements

(percentage) 

Notes: The asterisks show the number of the other clusters for which the pairwise equality of medians is not accepted 

at the 5% significance level. 

The statistics for credit risk seem to reflect specialization and risk-appetite effects (see 

Table 5). The banks which are on average mostly focused on loan-granting, namely 

traditional commercial and wholesale funded banks exhibit relatively high credit risk 

but they also possess relatively high allowance buffers against these potential losses. On 

the other end, securities holding banks, which are not so much focused on loans, hold 

low allowances relative to their realised credit risk compared to the other banks 

reflecting a higher risk appetite. 

Specifically, looking at realised credit risk, measured by the percentage of impaired and 

past due loans to net loans (that is loans minus allowances), we find that securities 

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 85.34% 83.32% 86.18% 83.38% 71.76%

median 87.64%** 87.32%** 88.62%*** 87.55%*** 76.17%*****

std 10.00% 12.86% 10.56% 10.89% 19.44%

c.v. 0.12 0.15 0.12 0.13 0.27

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 2.21% 2.37% 1.33% 3.79% 6.55%

median 1.22%** 0.4%** 0.01%**** 1.6%*** 1.16%**

std 3.16% 4.57% 2.37% 6.51% 10.74%

c.v. 1.43 1.93 1.78 1.72 1.64

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 10.37% 13.75% 11.11% 11.07% 18.48%

median 8.59%*** 10.46%**** 9.24%*** 9.02%** 13.94%*****

std 8.71% 12.09% 9.98% 6.84% 15.71%

c.v. 0.84 0.88 0.90 0.62 0.85



holding banks and complex traditional banks are characterized by the highest amount of 

ex ante credit risk. This conclusion is reached both when the mean and median values 

are considered. The median percentage is above 2% for both business models, while 

wholesale funded and traditional commercial banks exhibit median rates which are 

lower than 1%. On the other hand, the traditional commercial banks present a high 

variance for ex ante credit risk which is comparable to that for securities holding banks, 

which means that for some banks of the former type the ex-ante credit risk is also 

relatively high. Wholesale funded banks seem to be the relatively better protected from 

credit risk. When we use the default rate to gauge ex ante credit risk
13

, we find that

securities-holding banks stand out on average, as being exposed to realised credit risk, 

however wholesale-funded banks emerge as also seriously exposed to credit risk. 

Finally, when we use a weighted PD metric, which is a forward looking expectation of 

credit risk, we find that wholesale-funded and securities-holding banks are more 

exposed to credit risk, while traditional commercial banks face the lowest exposure, 

when the median values are considered. 

Regarding their performance, securities-holding and wholesale-funded banks seem to be 

the best performing business models in general compared to the commercial banks (see 

Table 6). The return on assets (RoA) of securities-holding banks has a median value of 

0.4% and a mean of 0.7% which are the highest. Looking at the return on equity (RoE), 

the wholesale-funded banks are the best performing, on average, with a mean RoE of 

4.8%. Wholesale funded banks show also the highest median RoE (5.02% compared to 

4.78% for securities-holding banks). The commercial banks occupy the last two 

positions with respect to both the RoE and RoA metrics. These performance 

differentials are found to be statistically significant, a result which is consistent with the 

mobility barriers literature which posits that there could exist structurally differential 

profits within an industry (Caves and Ghemawat 1992). 

13
 This measure does not take into account allowances, in contrast to the previously considered ‘realised 

credit risk’ measure, therefore represents credit risk which will ‘eat up’ banks’ capital as it is expected to 

lead to future losses. 

ECB Working Paper 2070, May 2017 33



Table 5: Credit risk indicators 

(a) Realised credit risk (b) Default rate

(c) Weighted probability of default (PD)

Notes: The asterisks show the number of the other clusters for which the pairwise equality of medians is not accepted 

at the 5% significance level. 

When it comes to cost efficiency, the securities holding banks also present the best 

(lowest) value, with respect to the median, with a cost-to-income ratio, lower than 60%. 

However, their mean value is the highest (68.4%). Overall, there is no clearly 

discernible pattern as regards cost efficiency, given the large variability of this metric 

across banks. 

RTT find that commercial banks (‘retail-funded banks’ in the terminology of their 

paper) present the higher values for RoE and RoA, when a sample of banks from 34 

countries is considered. In our study we find that this result does not hold, given our 

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

2.45% 7.28% 3.07% 3.74% 2.61%

1.09%**** 2.04%**** 0.19%**** 2.22%*** 0.96%**

6.03% 14.16% 14.44% 5.31% 7.49%

2.46 1.95 4.70 1.42 2.87

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 6.01% 6.50% 4.09% 3.85% 2.47%

median 3.7%*** 2.01%* 2.71%** 2.85%* 0.77%**

std 5.23% 11.22% 4.85% 3.88% 4.50%

c.v. 0.87 1.73 1.18 1.01 1.82

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 4.12% 5.52% 3.64% 4.59% 3.12%

median 2.82%** 2.71%* 2.11%* 2.55%* 0.93%**

std 3.80% 8.30% 4.34% 6.93% 4.46%

c.v. 0.92 1.50 1.19 1.51 1.43
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more homogeneous sample, consisting only of European banks. The securities holding 

banks (‘trading banks’ in the terminology of RTT) are the second best performers in 

RTT while they turn out to be the best performers within our sample when the RoA 

metric is considered. The complex commercial banks show the worst performance in 

our sample, rather than the wholesale funded banks as in RTT. The latter result is 

supportive of our decision to split the commercial banks into two clusters.  

Table 6: Performance and efficiency indicators 

(a) Return on equity (b) Return on assets

(c) Cost to income ratio

Notes: The asterisks show the number of the other clusters for which the pairwise equality of medians is not accepted 

at the 5% significance level. 

As regards the revenue sources, there is a large variability across business models, 

reflecting also national idiosyncratic features (see Table 7); therefore we will 

concentrate primarily on median values. The observed patterns reflect clearly the 

 

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 4.85% 3.67% 2.64% 0.75% 1.49%

median 5.02%** 4.78%* 4.28%** 3.79%* 5.15%*

std 9.61% 17.73% 6.03% 3.79% 28.01%

c.v. 1.98 4.83 2.29 1.19 18.58

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 0.37% 0.71% 0.28% 0.07% 1.13%

median 0.33%* 0.4%** 0.31%* 0.24%** 0.48%*

std 0.66% 2.39% 0.48% 1.22% 3.53%

c.v. 1.79 3.38 1.69 16.94 3.13

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 25.38% 68.45% 65.43% 68.30% 56.69%

median 63.52%* 59.58%* 65.74%** 60.06%** 70.9%*

std 285.09% 49.29% 23.08% 53.97% 220.00%

c.v. 11.23 0.72 0.35 0.79 3.88
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‘median’ compositions of the balance sheets as presented in Section 4.1. Wholesale 

funded and traditional commercial banks, which hold the relatively higher amount of 

loans, earn the largest percentage of their income from interest rates (slightly above 

60% for both types), while the respective figure for the securities holding and complex 

commercial banks, which conduct more trading business, is lower (slightly above 50%). 

On the other hand, fee and commission income is the lowest for wholesale funded 

banks. Interestingly, the median value is the highest for traditional commercial banks, 

reflecting the possibility of charging fees to the customers of these more ‘relationship-

based’ institutions. In the case of traditional commercial banks, interest income and fees 

and commission income seem to be complements, mutually reinforcing components of 

income, rather than substitutes (see also the discussion in Louzis and Vouldis 2017).  

On the other hand, securities holding banks clearly earn on average the highest 

(approximately 36%), as a percentage of total income. This feature is consistent with 

RTT who also find that ‘trading banks’ earn a substantially higher percentage of their 

income through fees and revenues (more than 40% on average, in their sample). 

However, these results are not robust when median values are considered, reflecting the 

heterogeneity across securities holding banks in earning fees and commissions from 

their trading business.  

Finally, the trading income is the most variable component of income and while its 

median percentage is higher for the securities-holding and complex commercial banks 

(more than 2%), as it is expected given the noticeable presence of trading assets in these 

business models, the much higher variance of the percentage for wholesale funded and 

traditional commercial banks means that the latter types of banks follow much more 

risky strategies when it comes to trading. 

The ‘outlier’ group holds on average large amounts of capital (both when measured as 

risk-adjusted capital and when the simple leverage ratio is used). In addition, these 

banks are in general much more exposed to market and operational risk, compared to 

the other banks and less to credit risk. These banks earn a distinctively higher 

proportion of their income from fees and commissions compared to the four other 

clusters of banks. Moreover, the median ‘outlier’ bank performs better than all the four 

other clusters, when performance is measured by the RoE and RoA. However, the 
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variability of the performance distributions for these banks is for almost all indicators 

much higher compared to the four clusters, reflecting the heterogeneity of this group. 

Broadly, we find that our decision to define a separate cluster for traditional and 

complex commercial banks was justified, in the sense that the two sets of banks exhibit 

distinctive characteristics with respect to their outcome variables. Specifically, 

traditional commercial banks hold more capital and undertake more credit risk 

compared to their more complex counterparts (which undertake more market risk). Also 

traditional commercial banks perform better overall, both with respect to their RoE and 

RoA, and their revenues originate to a larger extent on interest income. 

Based on the descriptive statistics presented above one can attempt to place the different 

clusters of banks within a risk-performance space. In the context of this paper this 

mapping is undertaken based on expert judgment rather than a formal procedure. 

Specifically with respect to risk, we take into account the capital buffers, credit risk 

indicators (given that credit risk appears to be the most significant source of risk) and 

additionally, the percentage of credit risk as expressed in the decomposition of risk-

weighted exposures per type of risk. For performance assessment, RoE and RoA are 

used. Based on these considerations, Table 8 summarises the characterisation of the 

different clusters with respect to risk and returns. 

Specifically, we can characterise the securities holding banks as presenting competitive 

returns while also holding relatively high capital buffers (therefore, they excel on RoA 

outcome) and relatively risky assets. Wholesale funded banks also hold a risky 

portfolio, on average, while exhibiting high returns (especially with respect to RoE, 

given their relatively low capital). On the other hand, the traditional commercial banks 

hold, on average, the safest assets and they outperform the complex commercial banks 

although their returns are lower compared to both wholesale funded and securities 

holding banks. The complex commercial banks seem to present a non-optimal risk-

performance combination.  
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Table 7: Profit sources indicators 

(a) Net interest income to total operating

income 

(b) Net fee and commission income to total

operating income 

(c) Trading income to total operating income

Notes: The asterisks show the number of the other clusters for which the pairwise equality of medians is not accepted 

at the 5% significance level. 

Table 8: Risk-performance levels per business model 

Risk Performance 

Wholesale funded High High 

Securities holding High High 

Traditional commercial Low Medium 

Complex commercial Medium Low 

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean -24.48% 54.71% 57.06% 55.10% 12.31%

median 62.42%**** 52.5%** 60.56%** 51.57%*** 35.58%****

std 693.41% 38.33% 22.95% 31.92% 183.94%

c.v. 28.32 0.70 0.40 0.58 14.95

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean 20.22% 36.42% 31.38% 32.67% 42.68%

median 26.93%* 27.71%* 30.36%* 28.81%* 37.43%*

std 58.51% 27.41% 20.18% 27.50% 40.24%

c.v. 2.89 0.75 0.64 0.84 0.94

Wholesale 

funded 

Securities 

holding

Traditional 

commercial

Complex 

commercial Outliers

mean -45.98% 6.48% 6.39% 3.97% -2.41%

median 1.46%** 2.19%** 1.57%* 2.14%* 0.44%*

std 399.66% 13.65% 37.22% 9.60% 51.63%

c.v. 8.69 2.11 5.82 2.42 21.41
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5. Conclusion and future work

We present the first study which makes use of a very granular data set on banks in the 

euro area in order to infer the types of business models that they follow. We have 

defined the concept of the business model following insights from the strands of 

evolutionary economics and organisational studies. We have adopted a statistical, data 

driven clustering approach which combines the classification of banks with data 

reduction, enhanced with an ‘outlier’ banks detection component in order to avoid the 

‘contamination’ of the derived clusters with very specialised institutions. The approach 

minimises the impact of the researcher’s priors on the results. 

The results provide an anatomy of the banking sector of the euro area and indicate the 

co-existence of four distinct business models: traditional commercial, complex 

commercial, wholesale funded and securities holding banks are present, alongside with 

specialised institutions such as state owned entities aimed at refinancing loans to semi-

public and public entities. These specialised entities have been identified as outliers by 

the clustering algorithm. Wholesale funded banks are, on average larger while the 

securities holding banks the smallest and the two types of commercial banks lie in the 

middle, on average, with respect to their size. 

The statistical analysis identifies two main factors as the most efficient composite 

variables to discriminate banks: a level factor representing the presence of “standard” 

asset and liability items, with the notable exception of trading assets, and a contrast 

factor which represents the imbalance in the presence of loans on the asset side 

compared to “standard liabilities” (which include deposits and issued debt). 

Moreover, our investigation of the outcome variables, regarding performance, efficiency 

and risk characteristics, provides empirical evidence of significant differences across 

business models. Overall, we find that the two model types which depart more clearly 

from the textbook intermediation model, namely wholesale-funded and securities-

holding banks, lie at a high point in a risk-return space. Wholesale funded banks hold on 

average less capital therefore their performance is higher in RoE terms compared to the 

securities holding banks which excel in the RoA measure. Finally, the two types of 

commercial banks hold, on average, less risky assets, although the traditional 
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commercial banks perform better than the complex ones, given the underlying risk of 

their portfolio. 

Our results are based on a comprehensive data set for a snapshot in time (2014Q4). 

Therefore, they reflect the history of macroeconomic developments and policy decisions 

which have taken place during the crisis period. An extension of this analysis in time, 

when past macroeconomic and policy shocks have been absorbed, complemented by a 

migration analysis across business models, would be valuable to understand the 

dynamics of the banking sector. 
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Appendix A 

Table A-1 presents the templates which are used as the input set along with the number of 

variables from each template. The EBA templates along with the definitions of the contained 

data can be found at the EBA website: https://www.eba.europa.eu/regulation-and-

policy/supervisory-reporting.  

Table A-1: Contents of the templates defining the input set 

Template code 

(as defined by the EBA) 

Contents 

F 01.01 Assets 

F 04.01 Assets held for trading 

F 04.02 Assets designated at fair value 

through profit or loss 

F 04.03 Available-for-sale assets 

(carrying amount) 

F 04.04 Loans and receivables & held-to-

maturity assets 

F 05.00 Loans and advances by product 

(on demand, credit card, leases, 

loans etc) 

F 08.01.a Liabilities 

F 09.01 Off-balance items (loan 

commitments and guarantees) 

F 10.00 Derivatives – trading 

F 11.01 Derivatives – hedge accounting 

ECB Working Paper 2070, May 2017 43

https://www.eba.europa.eu/regulation-and-policy/supervisory-reporting
https://www.eba.europa.eu/regulation-and-policy/supervisory-reporting


F 01.01 and all F 04 templates provide the breakdown of assets across accounting 

portfolios, with additional breakdowns on instruments and counterparties. F 05 provides 

the breakdown of loans by product (credit card loans, collateralized loans, project 

finance etc). The liability side is covered by the F 08 template, which breaks down 

liabilities by accounting portfolio (the largest percentage of banks’ liabilities are valued 

at amortised cost), instrument and counterparty. Off-balance sheet items, primarily loan 

commitments and guarantees are contained in template F 09.01. Finally, templates F 10 

and F 11.01 provide detailed information on derivatives, distinguishing between trading 

and hedge accounting derivatives. The information is further broken down by type of 

derivatives (interest rate, equity, foreign exchange, credit and commodity) and by the 

type of market in which the derivatives are traded (OTC or organised markets). 

Appendix B 

The initial set of variables contains a number of highly correlated variables. We would 

like to automatically select the ones which are more “fundamental” in the sense of being 

more related overall to the remaining set of variables; for example, when there is a 

variable like “notional amount of total derivatives” and one of its subcategories like 

“notional amount of OTC derivatives”, we would prefer to keep the broader category on 

the condition that it is more related to the set of the remaining variables. This selection 

of variables is also subject to the condition that we would like to exclude pairs of 

variables with the absolute level of correlations above a threshold, which was set to 

0.95, in order to avoid bias in the results. 

The threshold 0.95 is chosen in order to obtain a non-redundant sample covariance 

matrix. The thresholding step is intended simply to remove almost perfect identities for 

the computation of the sample covariance matrix rather than to create of set of variables 

which present low levels of correlation, since our algorithm is well suited to deal with 

sets of correlated variables because of the incorporation of factor analysis takes place 

simultaneously with clustering. This is in contrast to other clustering methods (most of 

those reviewed above), which require that the input set be ‘cleaned’ from correlated 

variables. 
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Specifically, the results are not much affected by the threshold choice because of the 

following mechanism:  if one variable is particularly correlated with all the others, the 

multivariate data-driven procedure adjusts downwards their weights in the resulting 

factors, because there is less clustering power on that direction. This is one of the 

reasons why our adopted method is well suited for a large-dimensional context.  In this 

respect, we remark that none of the top 15 variables by importance among the surviving 

ones has a correlation which exceeds 0.3 in absolute value with both of the two factors. 

Consequently, we define a measure of the “importance” of each variable within the data 

set in order to operationalise the above selection criteria. The “importance”  jI  of each 

variable j  is defined as the linear combination of the correlation absolute values with 

the other variables of the input set: 
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kjCorrj

#
,,..,1

|,|I

Consequently we order the variables in a non-increasing order based on their  jI . 

Whenever the predefined level of correlation *C is exceeded, then only one of the two 

correlated variables is retained, specifically the one with a higher level of  jI .
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