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Sammanfattning 

På en teknisk nivå utgör beräkningen av sektorkoncentrationsrisk ett särskilt utmanande 
problem. I befintlig teori är riktlinjer till såväl hur industrisektorer ska indelas som risknivån 
beräknas begränsade. Syftet med studien är att utvärdera och analysera olika tillvägagångssätt 
till sektorkoncentrationsrisk i kreditportföljer. Detta har utförts i två separata delar där både 
indelningen i sektorer och riskberäkningen behandlats. Sektorindelningen har utvärderats genom 
att jämföra korrelationsstrukturen mellan två speciellt intressanta indelningsmetodiker; enligt 
Morgan Stanely Capital Investment (MSCI) och den av Finansinspektionen föreslagna 
sektorindelningen (SFSA). Riskberäkningen har utvärderats genom att applicera en rad olika 
koncentrationsmått på portföljer av varierande koncentrationsgrad. Resultaten visar att en 
minimering av inter-sektoriella korrelationer samt en maximering av intra-sektoriella korrelation 
är av stor vikt då sektorer indelas. Med andra ord, för att koncentrationen ska generera en 
faktisk risk krävs det att sektorerna är tydligt särskilda samt internt homogena. Utöver detta 
ska individuella exponeringar tydligt kunna placeras inom en sektor och de behandlade 
sektorerna ska inte vara av diversifierad natur. Resultaten tyder vidare på att MSCI presterar 
bättre för att hantera sektorkoncentrationsrisk på alla dessa punkter. När det kommer till 
riskberäkningen, visar resultaten att förutom fördelningen av exponeringar är även 
sektorspecifika kreditkvaliteter samt korrelationsstrukturer av vikt för att bestämma risknivån. 
Risken från koncentration är större om risknivån är hög eller om exponeringen är mot 
korrelerade sektorer. Men framförallt tyder resultaten på att en uniformt fördelat portfölj inte är 
att se som okoncentrerad. För att ta hänsyn till naturliga koncentrationer är det därför av 
yttersta vikt att koncentration istället ses i förhållande till den aggregerade kreditmarknaden. 
 
 
Nyckelord: Riskhantering, Kreditrisk, Sektorkoncentrationsrsik, Sektorindelning, Pelare 2 
Koncentrationsmått, Kritik mot Hirfendahl-Hirrschmann index  
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Abstract 

On a technical level, the measurement of sector concentration risk poses a particularly 
challenging problem. Existing literature lacks direct suggestions both regarding how 
sectors are to be divided and the risk-level measured. The purpose of the study is to 
evaluate and analyse different measures of - and approaches to sector concentration 
risk in credit portfolios. This has been addressed both by analysing sectorial division 
and which aspects that are of interest for determining the concentration imposed risk-
level. The sectorial division has been addressed by comparing the correlation 
structures of two especially interesting sector classification methods; the standardised 
Morgan Stanley Capital Investment industry classification (MSCI) and the proposed 
sector classification of the Swedish Financial Supervisory Authority (SFSA). The 
sector concentration risk measurement has been analysed through employing different 
risk-measures on portfolios with varying concentration levels. The results show that in 
order to capture the risk-level from concentration, the main approach for sectorial 
division should seek to minimise inter-sector correlations and maximise intra-sector 
correlations. I.e. sectors should be distinct from each other and internally 
homogeneous.  Moreover, an unambiguous sorting of individual exposures towards one 
sector should be possible and the considered sectors should not be of a diversified 
nature. It is also found that MSCI outperforms SFSA for assessing sector 
concentration risk on all fronts. When it comes to the risk measure, it is found that 
apart from exposure distribution; credit qualities and correlation structures are of 
great interest. The risk induced from a concentrated exposure is greater if credit 
qualities are low or if the exposure is high towards highly correlated sectors. But 
above all, the results imply that a uniform distribution is not to be seen as 
unconcentrated. In order for concentration measurement to incorporate natural 
concentrations it is thereby greatly important that concentration instead is considered 
as relative towards the aggregate credit market.  
 

Keywords: Risk management, Credit risk, Sector concentration risk, Sectorial division, Pillar 2 
compliance, Concentration measures, Hirfendahl-Hirrschmann index critique 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

Nomenclature 
 

!   Normalised covariance  

!  Correlation coefficient (Pearson correlation)  

CI  Concentration Index 

CR  Concentration Ratio 

COV  Covariance 

GC  Gini Coefficient 

HHI  Hirfendahl-Hirschmann Index 

f  Default frequency 

!    Average default frequency 

PD  Probability of default 

r  Monthly log-return 

!   Average log-return 

SH  Vector of exposure shares 

S2  S-squared 

VAR   Variance 

VCM    Normalised covariance matrix 

X    Nominal exposure  

Z   Ordered nominal exposures from largest to smallest 

 

 

 

  



 

  



 

Definitions 
 

Concentration risk:  Risk occurring due to overexposure towards certain counterparties 

Credit exposure: The amount of credits towards certain counterparties or in a whole 
portfolio 

Credit portfolio: Full credit exposure of a bank or credit institution 

Default: Credit event due to cancelled payment(s) from counterparty 

Default probability: Probability that counterparties fails on their payments 

Exposure: In nominal amount, size of credit(s) provided from the bank or financial 
institution 

Industry: Group of actors operating in similar lines of business  

Name concentration: Overexposure towards certain counterparties 

Region: Country, group of countries or whole continent 

Sector: Industry or geographic region with common characteristics 

Sector concentration: Overexposure towards a certain industry or region 
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1. Introduction 
In this section the subject of sector concentration risk is introduced and the purpose of the study is 
provided together with the statement of the considered research questions. 

Diversification is an important element in order to handle risk and this applies to more than 
simply the area of stock portfolios. It is relevant in basically all areas of finance, one of 
which is in the management of credit portfolios. A non-diversified portfolio is referred to as 
being concentrated. However, there is no consensus on how to measure the corresponding 
risk level that occurs due to an extensive exposure towards different industries or regions. 
Hence this study aims to evaluate different approaches to sector concentration risk 
measurement, both by considering how credit exposures are properly divided in sectors and 
how the concentration level should be measured. 

The study suggests an approach for evaluating sectorial division based on correlation 
structures and practical fit. It is found that a proper sectorial division should aim to 
minimize inter-sector correlations and maximise intra-sector correlations. At the same time 
the considered sectors should be clearly differentiated and internally consistent (i.e. not 
diversified by nature). When in comes to the actual sectorial division, the results indicate 
that the standardised MSCI (Morgan Stanley Capital Investment) industry classification is 
superior to the classification proposed by the Swedish Financial Supervisory Authority 
(SFSA) on all considered fronts. The MSCI categorisation produces sectors that are both 
more distinct and more internally homogeneous. For the measurement of sector 
concentration risk, the results imply that there is more to it than just the distribution of 
exposures. Both credit quality and correlations between sectors are crucial elements for 
determining the risk-level. But the main question this study raises and enlightens is how a 
diversified or unconcentrated portfolio is to be considered. 

1.1. Background 

In later years due to the increased financial instability since the mortgage crisis of 2008, the 
amount of restrictions and regulations, both internal and external regarding bank solvency 
has grown rapidly. More explicitly, a clear focus has been on Risk Exposure Amount and the 
corresponding requirements on capital to be held in safe assets, henceforth called Capital 
Requirements. These capital requirements are in place due to the importance of financial 
institutions from a societal point of view and should secure the banks’ solvency in times of 
distress. At the same time however, the amount of restricted capital also directly affects and 
limits the banks’ possibilities to generate profits, which makes it important to determine a 
suitable level of capital to allocate in safe assets. 
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One main driver of capital requirements is the level of credit risk, i.e. the risk that occurs 
due to the possibility that counterparties could default and thereby fail on their payments. 
For instance, at Nordea (a leading bank and credit institution in the Nordics) the credit risk 
component accounts for approximately 70% of the bank’s total capital requirements1, thus 
clearly dominating other risk categories such as market risk (8%) and operational risk (10%). 
(Nordea, 2015). 

Credit risk is defined as the risk of losses due to some credit event as, for example, the 
default of a counterparty. A significant difficulty when modelling credit risk is that default 
events are rare and occur unexpectedly, but when they do occur the impact and 
subsequently the losses can be large (Lütkebohmert, 2009). Hence, a valid procedure for 
measuring and modelling the level of credit risk is central in order to provide stability of 
financial institutions in general, and credit institutions in particular. 

The Basel Committee on Banking Supervision (BCBS) provides guidelines and regulations 
for how to handle risk and corresponding capital requirements on an overall top level. Pillar 
1 of the Basel II provides a framework for handling credit risk from a capital requirement 
perspective. This is currently widely adopted both in academics and in practice (Hibbeln, 
2010). However, there are some specific aspects and risk types that are unaccounted for in 
this framework. One of which, closely related to credit risk, is the level of Concentration 
Risk in credit portfolios. 

Concentration risk is defined as the risk that stems from that almost no credit portfolio can 
be considered being perfectly diversified. I.e. in general, credit exposures towards different 
industries, geographic regions and/or specific counterparties are tilted in one direction or the 
other. Traditionally, concentration risk is separated into two different risk types; Name 
Concentration (or single name concentration) and Sector Concentration. The former 
describes the risk for having a large exposure towards a specific counterparty, whereas the 
latter relates to the risk from being overly exposed towards certain geographic regions 
and/or industry areas. 

Concentration risk, in different shapes and forms, has according to BCBS (2004) directly 
affected 9 out of 13 major banking crises since the mid 70’s. A clear example of the effects of 
risk concentrations is the mortgage crisis of 2008, where a wide range of financial institutions 

                                         

 

 

1 The total capital requirements corresponds to assets needed to be held in “safe assets” due to all of 
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where extensively exposed towards real-estate mortgages, which in the end put the whole 
financial system in distress, culminating in the fall of Lehman Brothers. 

The importance of handling concentration risk in a complete manner is further expressed by 
Hibblen (2010), Lütkebohmert (2009), Hansen et al. (2009) among others who all claim that 
more direct attention, from all credit market participants, is needed to the concentration risk 
parameter and its implications. Rather ambiguously, also BCBS (2005) asserts concentration 
risk as “the single most important cause of major problems in banks”, but as mentioned, no 
explicit quantitative approach to concentration risk is included in Pillar I of the Basel-
framework.  

1.2. Problem formulation 

The need for banks to manage concentration risk is important both from an internal and an 
external point of view. From an internal point of view, the capital requirements and the 
implications on potential profitability combined with the ambition of full control over all 
risks enhance the importance of the subject. On an external level, the societal importance of 
financial institutions makes all risk management subjects highly important and interesting. 

The concept of concentration risk has started to gain a large amount of traction in 
regulatory literature. When it comes to name concentration, the implications on the risk 
profile of the credit portfolio, as well as ways to handle in terms of capital requirements 
transcribes well from the credit risk modelling included in pillar I of the Basel II framework 
(Hibbeln, 2010). In other words, name concentration can be taken into account, more or less 
straightforward, by adjusting current credit risk models included in the current regulatory 
framework (BCBS, 2006).  

Even though the effects from name concentration can be of significant importance, BCBS 
highlights sector concentration as playing an even greater role on the risk management of 
banks and financial institutions (BCBS, 2006). But at the same time they argue that this 
also proposes a more challenging problem on a technical level, and pinpoints the lack of 
guidance in current literature. Hence a need for further evaluation of the managing and 
measurement of sector concentration in credit portfolios is needed and a theoretical gap is 
identified.  

Further, this study is performed in collaboration with Group Capital – Internal Models and 
Analysis at Nordea, a leading bank and credit institution in the Nordics. They have 
recognized the need for a suitable measurement of sector concentrations that correctly 
describes the distribution of their credit portfolio exposures.  
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1.3. Purpose and aim 

The purpose of the study is to evaluate and analyse different measures of - and approaches 
to sector concentration risk in credit portfolios. 

1.4. Research questions 

The main research question is: 

• How can sector concentration risk in credit portfolios be measured and approached? 

In order for the research question to be answered, this study is divided in two different parts. 
In the first part the division and classifications of different sectors are addressed, and in the 
second part the focus is on the actual sector concentration measurement. Thereby, the main 
research question is supported by two sub-research questions: 

• How should industry sectors be divided and which sectors are of interest for 
determining the concentration of credit exposure? 

• How should the sector concentration risk level be measured? 

1.5. Delimitations 

As described later on, concentration risk can be found in many different settings and also 
under a range of different risk categories. In this study however, emphasis is on the 
measurement of sectorial concentration in credit portfolios. 

Further, the aim of the study is to evaluate and discuss current models for determining 
sector concentration, not to design a new model or methodology. Hence, recent available 
literature combined with the current regulatory framework will be used as a starting point.  

Since the study is limited to evaluating the measurement of sectorial concentrations in credit 
portfolios, the effect on the corresponding capital requirements will not explicitly be taken in 
consideration. Instead this study can be seen as a first step in determining capital 
requirements by evaluating and establishing a cohesive way of determining the level of 
sectorial concentration. 

Finally, as the study is performed in collaboration with Nordea, the study aims to develop a 
grouping of sectors/credits and measurement of sector concentrations that is consistent with 
the distribution of Nordea’s credit portfolio.  
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1.6. Contributions 

This master thesis makes three contributions to the existing body of knowledge. First, the 
main contribution of the study is the approach to evaluate how different sectorial division 
methodologies are suitable in the assessment of sector concentration risk. Both by comparing 
two different industry categorisations, but also how the classifications are to be evaluated. 

Second, previous research regarding concentration risk measurement in credit portfolios has 
been focused on suggesting new concentration measures, whereas this study compares how 
existing methods capture concentration levels in differing senses.  

Last and third, thanks to the involvement and support from Nordea it has been made 
possible to assess concentration risk based on the actual exposure of a large credit institution 
in a way of practical significance and relevance. 

1.7. Structure 

The remainder of the study is structured as follows: Section 2 describes the regulatory 
setting and framework with the introduction of the Basel Committee and Swedish Financial 
Supervisory Authority. Section 3 summarizes the available literature on concentration risk 
but with an emphasis on theories regarding the measurement of sector concentration in 
credit portfolios. Following this, the applied methodology is described and an in-depth 
illustration of the considered data set is provided under section 4. In section 5, the results 
are presented and analysed. From this, the research questions are answered and discussed 
under section 6. Lastly, some concluding remarks are provided.  
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2. Regulatory framework 
In this section the basic regulatory setting and the connection to concentration risk is defined and 
introduced. 

In order to further discuss the topic of concentration risk in general and sector 
concentrations in particular, the following section introduces and describes the basic 
structure and functioning of the regulatory instances (Basel Committee and Swedish 
Financial Supervisory Agency). The section also includes a description of how the two 
regulatory instances address sector concentration risk. 

2.1. Basel Committee on Banking Supervision  

At the top level of regulatory instances is the Basel Committee on Banking Supervision 
(BCBS). They communicate their role and purpose as follows: “The Basel Committee is the 
primary global standard-setter for the prudential regulation of banks and provides a forum 
for cooperation on banking supervisory matters. Its mandate is to strengthen the regulation, 
supervision and practices of banks worldwide with the purpose of enhancing financial 
stability.” 2  In order to enhance the level of financial stability, BCBS has over time 
structured three sets of frameworks and guidelines, the so called Basel Accords. Below 
follows a short description of how these accords are structured.   

Basel 1, also known as the first Basel accord, was established in 1988 and is mainly focused 
on credit risk and so called risk-weighted assets of financial institutions. The first Basel 
accord was initially set up for the G-10 countries, but since its establishment more and more 
countries adopted the regulatory framework. The objective outcome of Basel I was to ensure 
that financial institutions were adequately capitalized towards their credit risk exposures 
(BCBS, 1988). 

The adjustments and additions to Basel 1 were announced by the introduction of the second 
Basel accord. Although first pronounced in 2004, it took until after the financial crisis of 
2008 for the new regulatory framework to come fully into play, this by the adoption from 
key countries such as the US. The Basel 2 framework further regulates the amount of capital 
needed to be held in safe assets due to the bank’s risk exposures, but also adds the other risk 

                                         

 

 

2 More regarding the role and functioning of the Basel Committee can be found at the Bank for 
International settlements website (source: http://www.bis.org/bcbs/about.htm; accessed 2015-05-01) 
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categories alongside credit risk to be accounted for (such as operational risk and market risk 
etc.) (BCBS, 2004).   

In 2010 the last Basel accord to date was introduced. The purpose of Basel 3 is to 
compliment the framework provided in the two first accords and regulates how the capital 
requirements should be met from the asset side of the balance sheet. That is, different types 
of “safe assets” are differentiated in order to ensure that the bank can meet its obligations 
towards the depositors (BCBS, 2010).  

In short, it can thereby be summarized that the first two accords, i.e. Basel 1 and 2 are 
regulating the amount of capital needed to be held in safe assets due to the bank’s risk 
exposures, whereas Basel 3 sets out the framework for how this capital should be distributed 
among different asset classes. 

For the topic of concentration risks in general, Basel 2 is of key interest. Basel 2 is 
structured into three pillars and following is a short description and introduction to the 
structure of these: 

The first pillar (or pillar I) deals with the maintenance of three different kinds of risks. 
These are credit risk, market risk and operational risk. The objective is for the banks to 
quantify their risks and to store capital according to their risk exposure. Here standardized 
approaches for determining the risk levels and subsequently also the capital requirements are 
provided form the Basel Committee. Thereby it can be noted that the quantitative directives 
under pillar I are directed towards individual banks. 

Pillar II on the other hand is instead qualitatively formulated and focused on the national 
regulatory instances and how they should ensure the wellbeing of their corresponding 
financial systems. This constitutes guidelines and procedures made to strengthen the 
regulator’s role by giving them tools and frameworks to deal with different categories and 
types of financial risk. This includes the mentioning of other risk types that should be 
accounted for in the capital requirements but which are not included under pillar I.  One 
such type of risk is the concentration risk parameter, where no standardized approach is 
given. Instead the requirement is solely qualitatively formulated as: “The analysis of credit 
risk should adequately identify any weaknesses at the portfolio level, including any 
concentrations of risk. It should also adequately take into consideration the risks involved in 
managing credit concentrations […]” (BCBS, 2004). It is therefore up to the national 
regulator to find a way of including this in the full set of capital requirements.  

Figure 2.1 below illustrates how the capital requirements connected to credit risk under the 
second Basel accord are constructed and the “add-on” for concentration risk is highlighted. 
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Even though a vast majority of the capital requirements stems from pillar 1 compliance, 
significant adjustments are needed in order for concentration risk to be accounted for.  

 

 

Figure 2.1.  Generic build-up and description of the capital requirements (credit risk) and relation to 
the regulatory framework in Basel II 

 

Lastly, the objective of pillar III is to ensure that banks and financial institutions 
communicate and disclose their risk exposures and how risk are being handled and managed. 
This can be seen as part of healthy corporate governance directed towards banks and 
financial institutes.  

2.2. Swedish Financial Supervisory Authority 

The purpose and functioning of Finansinspektionen, or the Swedish Finanacial Supervisory 
Authority (SFSA), is to regulate, supervise and to approve financial markets and individual 
actors. Since 2011, SFSA also has to contribute to the regulation within the European Union 
(EU) through the cooperation with other regulatory authorities within the EU.3 To make 
sure the Basel accords and other regulatory guidelines and rules are satisfied, SFSA are 
continuously auditing reports from the institutions of how they are calculating, working and 
handling their risk exposures and their corresponding risk levels. 

When it comes to credit risk, SFSA, under their regulatory function, allows the financial 
actors to measure their credit risk exposure according to two different approaches. First of 

                                         

 

 

3 More to be found regarding the role of the SFSA and their relationships to other authorities can be 
found at: http://www.fi.se/Om-FI  (accessed 2015-05-22) 
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these is the so called standardised approach, where the risk-level of an exposure (i.e. the 
probability of default) is determined by the credit rating provided by a rating institute such 
as Moody’s or Standard and Poor’s. This primarily aims to smaller credit institutions. But 
larger actors are also given the possibility to, on an individual level, assess the risk level of 
each exposure. This is referred to as the Internal Rating Based (IRB) approach, where the 
banks internally rate their costumers and assign default probabilities etc. To be able to use 
these internal models however, they first need to be approved. In other words, in order to be 
compliant with the capital requirements for credit risk, a financial institution can either 
employ the standardized approach or the IRB approach. Regardless of which approach that 
is being used, the banks then evaluate their capital requirements according to the 
Asymptotic Single Factor Risk model (SFSA, 2007). 

Regarding concentration risk, both sector and name concentration, the SFSA recently 
revised their framework for how this should be met from a capital requirement point of view 
(SFSA, 2014). These measurement models are further described in chapter 3. But the main 
approach is for additional factors to the original (pillar 1) credit risk requirement to be 
determined based on the concentration of the credit portfolio (see figure 2.1.). Noteworthy 
however, as described in figure 2.2 is that this concentration risk factor or add-on consists of 
three parts, one for name concentration, one for industry concentration and one for regional 
concentration (SFSA, 2014). 

 

 

Figure 2.2.  The total concentration risk add-on in the regulations of SFSA consists of three parts. 
One for name concentrations, one for industry concentrations and one for regional concentrations 

 

  

Concentration risk add-on

Name concentration

Regional 
concentration

Sector concentration
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3. Literature and concentration measures 
In this section literature and existing theories regarding the measurement of concentrations in credit 
portfolios are summarized. In relation to the subject, this section also provides theories on 
correlations in credit portfolios. 

3.1. Concentration risk  

The concepts concerning concentration risk are inherited from traditional financial theories 
which stipulate that exposures should be as diversified as possible for the construction of an 
optimal credit portfolio. Diversification is traditionally considered to reduce financial 
intermediation costs, but probably most important; to decrease the sensitivity to economic 
downturns, which is why diversification has gained such a great amount of attention within 
the financial field (Acharya et al, 2006; Tabak et al, 2011)  

However, contradicting theories exist within the field of corporate finance. Where instead of 
focusing on spreading the risks through the emphasis on diversification, actors should focus 
and concentrate their activities on business areas, sectors and regions where they hold the 
highest level of expertise, thus generating a competitive edge (Jensen, 1986; Denis et al, 
1986; Stomper, 2004). This is further supported by Tabak et al. (2011) and Acharya et al. 
(2006), who both conducted studies on the performance of banks with varying levels of 
diversification within the Brazilian and the Italian financial systems respectively. Concluding 
that a focused (or concentrated) portfolio outperforms a diversified one, both in terms of risk 
and returns, especially in the setting of low-risk banks.  

Nevertheless, the topic of concentration risk is still relevant. First, as mentioned, it is 
pinpointed by the BCBS as a significant cause of major problems in banks. Second, current 
standardized models used within the Basel-framework regarding capital requirements and 
credit risk assume perfect diversification and thereby a complete absence of concentrations. 
In practice however, due to the geographical and industrial specialisation of banks, this is 
not the case. 

As illustrated in figure 3.1 below, concentration risk can be found and considered within a 
range of different risk categories (Deutsche Bundesbank, 2006). However, in general theories 
and in practice, concentration risk is mostly considered in relation to credit risk 
(Lütkebohmert, 2009). Apart from the two mentioned types of concentration risk (name and 
sector) this also includes credit contagion, which describes the joint probability of default 
between two or more companies. This connection between companies is often asymmetric in 
the sense that the default of one company increases the probability of default of the next one 
(Hibbeln, 2010). Thereby, it is closely connected to both sector and name concentration and 
will hence not be individually discussed in this study. 
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Figure 3.1.  Description of concentration risk within different risk categories (Deutsche 
Bundesbank, 2006) 

The reason for concentration risk not being handled under the quantitative requirements 
under pillar I is due to the model assumptions when calculating credit risk.  As mentioned, 
pillar I includes standardized approaches to determine the capital requirements. For credit 
risk the model used is called the ASFR-model4 (Asymptotic Single Risk Factor model), 
which relies on two assumptions which are in direct conflict with the existence of credit 
concentrations (Gürtler et al, 2009; Semper and Beltrán, 2011): 

• The credit portfolio is assumed to be infinitely fine-grained. Thereby the portfolio 
consists of a nearly infinite number of exposures, which are all of the same size. 
Thereby no single borrower can significantly affect the value of the portfolio. This is 
referred to as the so-called granularity-hypothesis. 
 

• All exposures and their corresponding default probabilities are assumed to only be 
affected by one common systematic risk factor. 

The first assumption implies that the portfolio would be uniformly distributed among a large 
set of infinitely small exposures and hence no name concentrations exist since all 
idiosyncratic risk is diversified away.  The second assumption suggests that there are no 
specific risk factors in different sectors, thereby sector (industry or region) concentration risk 
does not exist. This is a particularly strong assumption; since in practise no credit portfolio 
is perfectly distributed among its exposures and different sectors are in fact exposed to 
different systematic risk factors.  

                                         

 

 

4 The ASFR model for determining capital requirements for credit risk is derived with a credit VaR 
(Value at Risk) approach and can be found fully described in (Lütkebohmert, 2009) 
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3.2. General concentration measures 

Even though the general concept and topic of concentration risks have gained a significant 
amount of attention in the recent regulatory literature (especially since the manifestation of 
the second Basel accord), guidance in terms of methods for measuring and quantifying the 
concentration in credit portfolios is rather limited (Ávila et al, 2012). Below follows a short 
description of a set of different concentration indices available in the literature used for a 
range of different applications. Noteworthy however, as stated by Ávial et al (2012), 
Lütkebohmert (2009) among others, is that concentration risk by definition only can be 
evaluated on a portfolio level. Even though individual exposures indeed is what sums up to 
the total portfolio, in order to get a measure of concentration the whole portfolio has to be 
considered. 

The first and probably most popular measure of concentration at hand is the Herfindahl-
Hirschman Index (HHI). This measure, named after economists Orris C. Herfindahl and 
Albert O. Hirschman, has its original application in examining concentrations in market 
shares and market saturation (Kwoka, 1977). Since the formulation however, it has also been 
applied to evaluate the concentration level in many other settings, one of which the 
concentration of credit portfolios (Lütkebohmert, 2009; Gürtler et al, 2009). The 
computation of the index is rather straightforward and is determined by: 

 
!!" = !!!

!

!!!
 (3.1) 

 

Where !! = !!
!!

. I.e. the index is computed by taking the sum of squares of all exposures 

(Xi’s) share to the portfolio. Thereby the result is a value in the interval [0,1], where 1 
corresponds to the case with only one exposure and values close to 0 would imply perfect 
diversification. 

Second, and perhaps an even straightforward measure of concentration is referred to as 
Concentration-Ratio (CR). It is computed by taking the aggregate share of the k largest 
exposures in the portfolio as follows: 

 
!" = !!

!!!
!!!

!

!!!
 (3.2) 

 

Now with the exposures (Z’s) ordered such that Z1>… >Zk>…>Zn. From above it can be 
noted that also CR takes its values on the interval [0,1] and the maximum concentration 
(=1) is obtained when k! n. The main issue with this methodology however, is that the 



 13 

accuracy of the measure is highly dependent on the arbitrary choice of k, since the 
contribution from smaller exposures is neglected (Ávila et al, 2012). 

Highly related to the CR is the Gini Coefficient (GC) (Gini, 1921). The idea behind this 
measure is to determine how much the sample or portfolio deviates from a uniform 
distribution among the sample population. By considering the cumulative share of the 
number of exposures on the x-axis and the cumulative share of the exposure amount on the 
y-axis, with the exposures ordered from smallest to largest, the GC is defined as two times 
the area between the 45 degree curve stating perfect diversification (i.e. uniform distribution) 
and the line describing the portfolio’s actual distribution (or the Lorenz Curve). This is 
illustrated in figure 3.2 below:   

 

Figure 3.2.  Illustration of the Gini Coefficient, which is calculated from the area A in the plot. I.e. 
the area between the solid line (line of perfect equality) and the dotted line representing the sample 

population’s distribution (Lorenz Curve) 

The Gini Coefficient, which has its original application within economics to describe the 
distribution of wealth or income (Gini, 1921), is just as the concentration ratio actually a 
measure of inequality rather than concentration (Ávila et al, 2012). But just as with HHI 
and CR, it takes its maximum value (=1) for concentrated portfolios and its minimum value 
(=0) when the sample is diversified in the sense that all exposures are of the same size. 

Analytically, the GC is difficult to determine since the actual portfolio distribution, and 
hence also the function of the Lorenz Curve is unknown. However, by interpolation the GC 
(equal to two times the area A) can be approximated by (Rohde, 2010): 

 
!" = 1 − 1

! ∗ (!! + !!!!)
!

!!!
 (3.3) 

 

Where Zk are the exposures ordered such that Zk > Zk-1 and n is the number of exposures in 
the portfolio. One major drawback of the GC, inherited from being an inequality measure, is 
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that it disregards the number of exposures in the portfolio and only considers the deviation 
from a uniform distribution. In other words this means that a sample only consisting of two 
exposures can be treated as perfectly diversified, as long as they are of the same size (Ávila 
et al, 2012). Further, the GC is sensitive to the addition of new exposures in the portfolio, 
even in the case they are of relatively small since and hence should not affect the 
concentration of the portfolio (Uberti and Figini, 2010). 

3.3. Name concentration measurement 

Even though the topic of this study is sector concentration risk, a few words regarding name 
concentration and its measurement are of interest. If the key objective in fact is to measure 
the concentration level, basically any of the general concentration measures above can be 
employed. The major drawback when evaluating the risk level however, is that it implies 
that concentration in exposures to all different counterparties is of equal harm, i.e. the credit 
quality of the respective obligors is not taken in account (Uberti and Figini, 2010). Thereby, 
by the usage of the general concentration indices, the name concentration level can be 
determined, but the level of name concentration risk remains untreated. 

From section 3.1 we note that name concentration risk occurs since the granularity-
hypothesis under the ASFR-model is violated for all basically all credit portfolios. Due to 
this violation, Wilde (2001) suggested that the ASFR-model can be analytically adjusted in 
order for the credit qualities of individual exposures to be taken into account, this line of 
thought was later more rigorously extended by Martin and Wilde (2002) who suggested a so 
called Granularity Adjustment (GA) of the credit risk capital requirements.  

The most popular GA method is provided by Gordy and Lütkebohmert (2007), who derive 
an additional scaling factor to the capital requirements under pillar I based on name 
concentration risk. This represents a rather complex analytical approach but is directly 
traceable from the pillar 1 capital requirements and the erroneous assumption of infinitely 
fine-grained portfolios (Lütkebohmert, 2009).5 Hence, this approach can be seen as being 
mathematically sound, and it is due to the analytical and mathematical soundness of the GA 
that name concentration is not included in the scope of this study. In fact, the GA of Gordy 
and Lütkebohmert has gained sufficient amount of attraction and attention in order to be 

                                         

 

 

5 The derivation and expression for the GA from Gordy and Lütkebohmert is presented in Granularity 
Adjustment for Basel II (2007) but is like the original ASFR-model based on ensuring the bank’s 
solvency with a probability of 99,9%.  
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implemented in the regulatory framework from the SFSA for handling name concentration 
(SFSA, 2014).   

3.4. Sector concentration measurement 

In a best-case scenario, the credit risk capital requirements under pillar I could be adjusted 
for sector concentration in the same analytical manner as above, but unfortunately such is 
not the case. Even though rigorous analytical approaches to sector concentration exist, for 
example as described by Pythkin (2004), Düllmann (2006) and Tasche (2006), these are in 
general based on numerical approximations but mostly, they are inconsistent with the 
capital requirements under pillar I (Gürtler et al, 2009). Thereby the direct traceability, as 
found with the analytical adjustments for name concentration, is lacking, and hence it is 
difficult to determine how much risk the sector concentration adds alongside the already 
determined credit risk.  

Since sector concentration risk is inherited from the erroneous assumption of only one 
common systematic risk factor, both regional concentration and industry concentration can 
be handled in the same manner. This is argued for both in literature and in regulations, 
hence the described methods for evaluating sector concentration are possible to be 
implemented both in the case of regional and industry concentration (Semper and Beltrán, 
2011; Gürtler et al, 2009; SFSA, 2014). 

Just as with name concentration, the concentration level can indeed be evaluated by the use 
of the general concentration measures described in section 4.2. But in the same line of 
reasoning as before, these measures are limited to evaluate the level of concentration and 
hence the associated level of risk cannot be explicitly extracted (Ávila et al, 2012).  

First of all, Semper and Beltrán (2011) argue that the correlation level between different 
sectors needs to be addressed in order for appropriate measurement of sectorial concentration 
risk. I.e. being concentrated in a number of highly correlated sectors should be seen as riskier 
than an equally concentrated exposure towards less correlated sectors. In line with this, 
Düllmann (2006) and CEBS (2010) also argue that an appropriate approach to sector 
concentration should seek to maximize the intra-sector correlation and minimize the inter-
sector correlation. However, this is not taken into account by the general concentration 
measures described above. 

In order to capture the correlation structures between different sectors Semper and Beltrán 
(2011) suggest the following measure, based on HHI, of sectorial concentration risk. HHI in 
matrix form can be expressed as:  

 !!" = !"! ∗ ! ∗ !" (3.4) 
 



 16 

Where I is the identity matrix and SH represents the vector containing each sectors relative 
exposure. However, in order to capture the correlation structures the following matrix is 
introduced: 

 
!"# =

!!! !!"⋯ !!"
!!" !!! !⋯ !!!
!!! !! !⋯ !!!

 (3.5) 

 

Where !!" denotes the normalised covariance between sectors i and j and !! denotes the 
normalized variance of sector k. 

The variances and covariances are normalised such that: 

 !!,! =
!"#!,!

max
!
(!"#!)

 (3.6) 

 

In order for diversification effects of negative covariance not to be incorporated, negative 
values are treated as 0. From this, the sector concentration risk measure, referred to as 
Concentration Index (CI) is determined by:  

 !" = !"! ∗ !"# ∗ !" (3.7) 
   
Hence, CI can be seen as highly related to HHI with the sole adjustment being the additional 
covariance factors, thus generating a higher measure of concentration risk for portfolios with 
high inter-sector correlations.  

Furthermore, Semper and Beltrán argue that their proposed measure can be seen as a 
relevant measure of sector concentration risk since: (1) the maximum value is obtained when 
the whole portfolio is allocated to the sector with the highest variance, (2) the introduction 
of new sectors only decreases the risk level when the risk (variance) of the new sector is 
lower than the original variance of the original portfolio and (3) the CI is bounded from 
below, i.e. the minimum value occurs when sectors are uncorrelated and CI!0 as the 
number of considered sectors increase (Semper and Beltrán, 2011). 

However, the main drawback concerning the use of CI as a sector concentration risk measure 
is regarding implementation. Semper and Beltrán (2011) themselves argue that the 
determination of the covariance matrix is difficult since historic default data is relatively 
limited and tends to vary over time. Gürtler et al. (2009) also argue that the lack of data 
results in inter-sector covariance estimates of defaults which can be seen as unstable. 
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Another shortcoming with employing the general measures described in section 3.2 for 
evaluating sector concentration risk is that the credit quality of different sectors is ignored.  
This is in line with the reasoning of Uberti and Figini (2010), who argue that indices such as 
HHI are only adequate to evaluate the sector concentration risk of portfolios with similar 
default probabilities across all sectors and exposures. 

Further, Lefcaditis and Tsamis (2013) recognize that if employed as a risk measure, these 
general indices consider concentration to be equally risky, regardless of the level of credit risk 
in the respective sectors. Thereby they suggest the following measure, called S-squared (S2) 
of sector concentration risk: 

 
!! =

!!! ∗ PD! ∗ 1 − PD!
X! !  (3.8) 

 

Here, PDi denotes the weighted average of the default probabilities within sector i and Xi 
denotes the exposure amount towards the same sector.  Thereby, the usage of S2 as a 
concentration risk measure will yield higher values for portfolios concentrated in riskier 
sectors and lower values for concentrations in sectors with lower risk levels. 

As expected, the authors conclude that this measure, compared to HHI highly favours 
(through lower index values) banks and credit institutions with a modest risk-profile. I.e. the 
difference between the two measures is greatest in the case when the bank’s credit portfolio 
foremost is concentrated towards sectors with low default probabilities (Lefcaditis and 
Tsamis, 2013). In the opposite situation, when the bank is concentrated towards high-PD 
sectors, the S2-measure provides noticeably higher values than HHI. 

It can be argued for a sector concentration risk measure which both takes the covariance 
structure of CI and the default probabilities of S2 in consideration. However, as argued by 
Gürtler et al. (2009) correlation (and thereby also covariance) and default probability are 
under the Basel II framework assumed to be interdependent. Combining the two will thereby 
produce an inconsistent sector concentration measure.   

Due to the absence of directly traceable analytical approaches to sector concentration risk, 
SFSA currently use a function based on HHI to determine the capital requirements for sector 
concentration risk.  The function is structured based on a staircase-model where the sector 
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concentration add-on is determined only from the HHI of the credit portfolio.6  But, as 
discussed above, even though the general concentration measures coherently capture the 
level of concentration, recent literature argues that this does not reflect the risk level since 
both correlations and separate default probabilities are neglected. 

3.5. Sectorial division of credit portfolios  

The measure of sector concentration and the corresponding risk level is highly dependent on 
how sectors are differentiated and divided. As mentioned, Düllmann (2006) and CEBS 
(2010) argue that approaches to sector concentration should be structured to maximize 
intra-sector correlation and minimize inter-sector correlation. However, existing literature 
lack suggestions of how this division should be performed. 

Nevertheless, in recent research the main approach is to classify industry sectors according 
to the MSCI- (Morgan Stanley Capital Investment) indices in order to get equity market 
data on variances, covariances and correlations (Gürtler et al, 2009; Düllmann and 
Masschelein, 2007). Hrazdil et al. (2014) concludes that MSCI-indices represent a sectorial 
division which is outperforming other classification indices when it comes constructing 
internally homogenous sectors. The traditionally considered industries according to MSCI-
indices are presented in table 3.1.  

Table 3.1. Industry division according to MSCI equity market indices 

In contrast to the general division above, the SFSA employ their own division of industry 
sectors in their regulatory framework for handling sector concentration risk (SFSA, 2014). 
These sectors have been chosen since they, according to the SFSA, are “the most relevant for 

                                         

 

 

6 Previously the staircase model was directly implemented meaning that given intervals for HHI 
corresponded to different scaling factors to the capital requirements under pillar I. Now however, an 
exponential function is given in order for the function to be continuous w.r.t. HHI. (SFSA, 2014) 

MSCI Industries 
A Energy F Health care 
B Materials G1 Finance and insurance 
C1 Capital goods G2 Real estate 
C2 Commercial services and supplies H IT 
C3 Transportation I Telecom 
D Consumer discretionary J Utilities 
E Consumer staples     
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determining the level of industry related concentration risks.” This industrial division is 
presented in table 3.2 below. 

Table 3.2.  Industry division according to the SFSA regulation on sector concentration risk (SFSA, 
2014) 

Noteworthy however is that the sectors described above, also include municipal and 
household credits, which are not considered in the MSCI sectors. However, central banks and 
governments are still not included which is in line with the credit risk capital requirements.7 

As previously mentioned; sector concentration risk takes similar form and is approached in 
the same manner, regardless of if it is regional or sectorial concentration that is of question. 
Hence, previous studies have solely been performed to test sector concentrations measure 
when it comes to industry sectors (Düllmann, 2006; Düllmann and Masschelein, 2007; 
Semper and Beltrán, 2011). However, the division into regional sector can be seen as more or 
less straightforward, since the regional distribution in a credit portfolio can be directly 
identified and the systematic risk factors within different regions in the general case is 
differentiated by nations. The division into regional sectors provided by the SFSA is 
included in the appendix.  

 

                                         

 

 

7 Within the credit risk capital requirements, central banks and governments are seen as being risk-
free in the sense that their corresponding risk-weights equal to 0. Hence, being concentrated towards 
these counterparties should not affect the concentration risk add-on and flowingly not the sector 
concentration measure either. 
 

SFSA Industries 
1 Credit institutions 8 Manufacturing 
2 Municipals 9 Construction 
3 Housing mortgages 10 Transportation 
4 Other household lending 11 Forestry and agriculture 
5 Real estate 12 Other services 
6 Retail-trade 13 Other corporates 
7 Hotels and restaurants     

 



 20 

3.6. Correlation in credit portfolios  

From previous sections we note that both inter- and intra-sector correlations are of interest 
when evaluating sector concentration risk. As stated by Chou et al. (2012), Düllmann (2006) 
and CEBS (2010) high levels of intra-sector correlations combined with low level of inter-
section correlations of default rates are desired for appropriate sectorial divisions when 
handling sector concentration risk.  

But, in line with the argumentation of Semper and Beltrán (2011), the correlation structure, 
especially when it comes to inter-sector defaults, is difficult to extract due to absence of 
detailed data, hence they suggest that proxies such as equity market index returns would 
give more stable estimates. Düllmann et al. (2010) find that equity returns produce more 
accurate estimates of inter-section correlations than historic default rates both in terms of 
bias and relative mean square error, which further supports market indices being an 
adequate proxy. With detailed default data however, Gürtler et al. (2009) argue that stable 
inter-section default correlation measures can be extracted which are equally accurate as 
when extracted from index data. Furthermore they specify that when it comes to intra-sector 
correlations, historic default rates should be used as long the data-set is sufficient in order to 
produce stable estimates.  
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4. Data and methodology 
In this section the methodology and the applied data is described. The research process is divided in 
two parts; first part is regarding the division of exposures into sectors and second handles the actual 
sector concentration risk measurement. 

In order to achieve a relevant and consistent approach to sector concentration risk, the 
methodology of the study starts out by considering the current regulatory framework (as 
described by SFSA) in combination with recent research findings. The method consists of an 
evaluation of sector concentration risk measurement based on relevance and logic.  

In line with previous research, this study will only examine the effect of different sector 
concentration measures towards different industries and not geographic regions. But the 
same procedure can without greater alterations also be employed for evaluating regional 
concentrations as well. Furthermore, the current regional division applied by the SFSA (see 
appendix) is well representative of, in this case, the actual exposure of Nordea, which is why 
this paper will focus on industry concentrations.  

The research process has been divided in two parts, respectively connected to the two sub-
research questions. The first part is concerning how credit exposures most appropriately are 
divided in industry sectors for the measurement of concentration risk. This is performed by 
evaluating the correlation structures as well as the representativeness of an actual credit 
exposure. The second part evaluates different concentration measures by applying them to a 
range of portfolios, from this follows a discussion of which characteristics a sector 
concentration risk measure should include. 

4.1. Data 

The primary data set consist of the full credit portfolio of Nordea as of Q4 2014. This 
includes all credits ranging from household credit cards to corporate loans. Because of 
regulatory directives (and risk weights equal to 0) credit exposures towards central banks 
and governments are excluded from the sample. In total, the data set consists of exposures 
towards 244 272 different corporate and institutional counterparties, and including the retail 
(or household) credit portfolio this yields a total value of SEK 4 577 bn. Furthermore all 
historic default events, for Nordea’s corporate and institutional counterparties, between 2003 
and 2012 have been summarized in order to determine the inter-sector correlations of default 
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frequencies. This constitutes a total number of 8008 default events over the given 10-year 
period.  

For all corporate counterparties, both in case of the exposure and default data, NACE-codes8 
are included in the data set in order for each exposure and default to be accurately sorted 
into industry sectors. This is performed in line with the mapping of NACE-codes towards 
industries as performed by the European Commission.9  For some of the exposures NACE-
codes are missing; these exposures are directly mapped towards the categories called “other 
corporates”. Furthermore, Nordea’s estimates of default probabilities (according to the IRB-
approach) for all counterparties are also included in the exposure data.   

The secondary data set consists of historic equity market index returns across the sectors 
later described in table 4.1 and 4.2. The handled data is in form of monthly log-returns 
during the five-year period between March 2010 and March 2015. 

4.2.  Part I - Grouping of credit exposures in sectors 

Connected to the first sub-research question, the first part of the study evaluates how sectors 
should be divided by proposing and applying a correlation-based sectorial division analysis. 
This is exemplified by comparing two especially interesting industry classifications. First of 
all, in line with previous research, the MSCI-index categorisation is of interest since this is 
said to generate internally homogenous sectors (Hrazdil et al, 2014). Secondly, the sectorial 
division provided by the SFSA will be evaluated due to its part in the current regulatory 
frame. The evaluated industry divisions, referred to as SFSA and MSCI are respectively 
presented in tables 4.1 and 4.2 below.  

 

                                         

 

 

8 NACE is an abbreviation of the classification method commonly known as “Statistical classification 
of economic activities in the European Community” where businesses are classified through 7-digit 
codes.  
9 The full NACE-mapping, 7-digit code to industry, is included in the appendix 
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Table 4.1. Description of the sectorial division and the respective market indices within the MSCI 
categorization 

Table 4.2. Description of the sectorial division and the respective market indices within the SFSA 
categorization 

Note that in the tables above, the traditionally included sector categories (see section 3.5) 
retail, municipal and other corporates are excluded. This is due to the absence of appropriate 
market equity indices to evaluate the correlation structures between sectors. However, the 
effects of adding these sectors to the two different sectorial divisions would reasonably be 
similar in both cases. The omitted sectors can straightforwardly be added to both 
categorisations without affecting any of the other exposures. Furthermore, when evaluating 
the logic and relevance of the different division methodologies, the more industry specific 
categories are of greater interest than those now omitted. 

Index name (Bloomberg ticker)

A Energy Energy (MXWO0EN)

B Materials Material (MXWO0MT)

C1 Capital goods Capital goods (MXWO0CG)

C2 Commercial services and supplies Commercial services and supplies (MXWO0CO)

C3 Transportation Transportation (MXWO0TP)

D Consumer discretionary Consumer discretionary (MXWO0CD)

E Consumer staples Consumer durables & apparel (MXWO0CA)

F Health care Health care (MXWO0HC)

G1 Finance and insurance Financials (MXWO0FN)

G2 Real estate Real estate (MXWO0RE)

H IT Information technology (MXWO0IT)

I Telecom Telecommunication services (MXWO0TC)

J Utilities Utilities (MXWO0UT)

MSCI Industry Indices
Sector

Sector Index name (Bloomberg ticker)

1 Credit institutions Financials (MXWO0FN)

5 Real estate Real Estate (MXWO0RE)

6 Retail trade Retail (MXWO0RT)

7 Hotels and restaurants Hotels Restaurants & Leisure (MXWO0HL)

8 Manufacturing Material (MXWO0MT)

9 Construction Construction and Engineering (MXWO0CE)

10 Transportation Transportation (MXWO0TP)

11 Forestry and agriculture Paper and Forest Products (MXWO0PF)

12 Other services Commercial and Professional Services (MXWO0CM)

SFSA Industry Indices
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A key point for the discussions of concentration risk and the division into industry sectors is 
that the grouping is representative of how the different group members are exposed to 
common systematic risk factors and hence in that sense can be seen as correlated. As argued 
by Chou et al. (2012), Düllmann (2006) and CEBS (2010) among others, an appropriate 
sectorial division methodology should seek to minimize the level of inter-sector and maximize 
the level of intra-sector correlations. This is since sectors need to be distinct (low inter-sector 
correlations) and internally homogeneous (high intra-sector correlations) for the 
concentration to increase the risk-level of the portfolio. Hence, the correlation structures of 
both sector categorizations (SFSA and MSCI) are analysed, both from market equity data 
and historic default events. 

Furthermore for an appropriate concentration measurement, it is of great interest that the 
different sectors are properly defined and differentiated. In other words, that all exposures 
can be unambiguously and correctly sorted into one of the respective sectors within the 
classification. Hence the representativeness of an actual credit portfolio is also evaluated. 

4.3. Estimation of correlation-levels 

Below follows the procedure for determining the inter- and intra-sector correlations 
respectively. From this, the correlation structures of the two sectorial division methodologies 
are compared in order to find which approach is most appropriate for examining credit 
portfolio concentration risk. 

4.3.1. Inter-sector correlations 

As mentioned, inter-sector correlation refers to the correlation level between the given 
sectors within the industry classification. By evaluating the inter-sector correlation levels, it 
can thereby be determined how similar (or different) the sectors are to each other. This is of 
interest when it comes to sector concentration risk since in order for concentration to include 
any actual risk; a distinct difference of the given sector is needed. In other words, that the 
inter-sector correlation level is low. 

From the equity market data described in tables 5.1 and 5.2, the inter-sector correlation 
levels between two sectors within the respective sectorial divisions are generated 
straightforwardly10 by: 

                                         

 

 

10 The correlation coefficient refers to the standard Pearson correlation 



 25 

 
!!,!(!"#$%&) =

1
!!!!

! (!!,! − !!
!

!!!
)!(!!,! − !!) (4.1) 

 

Where !!,! corresponds to the sector index log-return between time ! and ! − 1 of sector i 
and !! is the standard deviation of the returns of market index i. Table 5.3 illustrates the 
respective sectorial division’s correlation matrices. In line with the suggestion of Semper and 
Beltrán (2011), this will work as a proxy for determining the correlation structure in credit 
portfolios. As mentioned, due to the lack of market data regarding the household, municipal 
and other corporates categories, these are excluded from the correlation discussion.  

The correlation-levels are also estimated by evaluating the historic default events. In this 
case, only the default frequency within each category is considered and not the default 
amount. The default frequency (or implied default probability) for each sector is determined 
for every year in the period 2003-2012 by: 

 !!,! =
!!,!{!"!"#$%}!

!!!
!  (4.2) 

 

Where !!,!{!"#$%&'} is an indicator which equals 1 for default and 0 for no default of 
exposure k within sector i during year t, n equals the total number of exposures in sector i. 

By evaluating the default frequencies within the different categories the correlation matrices 
described in table 5.4 are obtained by: 
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1
!!,!!!,!

! (!!,! − !!
!
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)!(!!,! − !!) (4.3) 

 

Where !!,! corresponds to the default frequency within sector i during year t and !!,! is the 
standard deviation of the default frequency across the evaluated time-frame. 



 

 

 

Table 4.3. Correlation matrices based on monthly log-returns of market industry indices for the MSCI (top) and SFSA (bottom) sectorial divisions 

A B C1 C2 C3 D E F G1 G2 H I J
A Energy 1
B Materials 0,85 1
C1 Capital goods 0,87 0,9 1
C2 Commercial services and supplies 0,78 0,79 0,87 1
C3 Transportation 0,8 0,81 0,9 0,86 1
D Consumer discretionary 0,79 0,84 0,93 0,84 0,88 1
E Consumer staples 0,74 0,84 0,89 0,8 0,85 0,96 1
F Health care 0,62 0,67 0,72 0,78 0,73 0,75 0,69 1
G1 Finance and insurance 0,82 0,85 0,92 0,87 0,89 0,9 0,85 0,76 1
G2 Real estate 0,69 0,76 0,73 0,74 0,81 0,74 0,72 0,67 0,8 1
H IT 0,77 0,79 0,88 0,79 0,81 0,91 0,86 0,69 0,86 0,64 1
I Telecom 0,64 0,64 0,66 0,69 0,73 0,66 0,6 0,73 0,72 0,73 0,64 1
J Utilities 0,56 0,5 0,55 0,61 0,65 0,55 0,49 0,66 0,67 0,72 0,5 0,74 1

Correlation Matrix MSCI Industries

1 5 6 7 8 9 10 11 12
1 Credit institutions 1
5 Real estate 0,8 1
6 Retail trade 0,73 0,6 1
7 Hotels and restaurants 0,8 0,71 0,83 1
8 Manufacturing 0,85 0,76 0,68 0,83 1
9 Construction 0,91 0,73 0,66 0,77 0,88 1
10 Transportation 0,89 0,81 0,75 0,83 0,81 0,83 1
11 Forestry and agriculture 0,83 0,69 0,68 0,75 0,78 0,8 0,78 1
12 Other services 0,9 0,77 0,81 0,82 0,85 0,87 0,88 0,84 1

Correlation Matrix SFSA Industries
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Table 4.4. Correlation matrices based on default frequencies for the MSCI (top) and SFSA (bottom) sectorial divisions

A B C1 C2 C3 D E F G1 G2 H I J
A Energy 1
B Materials 0,15 1
C1 Capital goods 0,21 0,9 1
C2 Commercial services and supplies -0,18 0,4 0,08 1
C3 Transportation -0,03 0,43 0,07 0,87 1
D Consumer discretionary -0,06 0,79 0,65 0,78 0,66 1
E Consumer staples 0,39 0,91 0,96 0,2 0,2 0,71 1
F Health care 0,27 0,87 0,86 0,09 0,25 0,52 0,83 1
G1 Finance and insurance 0,18 0,91 0,83 0,57 0,51 0,92 0,89 0,72 1
G2 Real estate 0,39 0,9 0,95 0,1 0,17 0,63 0,97 0,88 0,86 1
H IT 0,11 0,86 0,69 0,57 0,54 0,84 0,76 0,63 0,8 0,65 1
I Telecom 0,66 0,37 0,2 0,4 0,6 0,33 0,37 0,48 0,39 0,34 0,43 1
J Utilities -0,36 -0,17 -0,29 0,51 0,45 0,35 -0,24 -0,37 0,01 -0,35 0,23 0,01 1

Correlation Matrix MSCI Industries

1 5 6 7 8 9 10 11 12
1 Credit Institutions 1
5 Real estate 0,86 1
6 Retail trade 0,94 0,89 1
7 Hotels and restaurants 0,86 0,63 0,87 1
8 Manufacturing 0,92 0,69 0,9 0,9 1
9 Construction 0,82 0,97 0,91 0,67 0,68 1
10 Transportation 0,51 0,17 0,38 0,42 0,58 0,1 1
11 Forestry and agriculture 0,82 0,88 0,78 0,64 0,62 0,84 0,26 1
12 Other Services 0,66 0,22 0,53 0,68 0,74 0,18 0,89 0,35 1

Correlation Matrix SFSA Industries
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The inter-sector correlation structures are evaluated by considering the average pairwise 
correlation levels as well as by looking at the correlation of each respective sector towards an 
equally weighted portfolio of all the other sectors. Thereby, the pairwise correlation level 
shows the similarity between two given sectors whereas the correlation towards the equally 
weighted portfolios show how distinct one sector is in relation to the market as a whole. The 
pairwise correlations are determined directly from the described correlation matrices 
described above whereas the correlation towards an equally weighted portfolio is derived 
from: 

 
!! =

1
!!!!

! (!!,! − !!
!

!!!
)!(!!,! − !!) (4.4) 

 

Where !!  is the correlation of the log-returns between sector i and an equally weighted 
portfolio (p) consisting of the rest of the sectors. 

4.3.2. Intra-sector correlations 

Since the whole concept of sector concentration risk rest upon the fact that exposures 
towards a certain sector are affected by one common systematic risk factor, the homogeneity 
within the considered sectors are of interest.  The sector homogeneity is assessed by 
considering the intra-sector correlations, i.e. by evaluating how correlated members of the 
respective sectors are internally. 

The most obvious approach for measuring the intra-sector correlation would simply be to 
consider how correlated each sector’s members are internally. However, this would rest upon 
an arbitrary choice of which sector-members that would be analysed in each case. Hence, the 
intra-sector correlation is instead evaluated by considering the variance of each sector.11 
Since the sector variance apart from being driven by the intra-sector correlations, also is 
affected by the risk-level of each sector, some adjustments are needed.  

 

                                         

 

 

11 It can be shown that the variance of a portfolio is an increasing function of the correlation level 
among the members.  
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To clarify, high variance of a sector index can either be imposed by high intra-sector 
correlations, a high risk-level or both. Hence the following measure of intra-sector correlation 
is proposed in order to isolate the intra-sector correlation component: 

 !!"#$%,! =
!"#!(!!)
!"!

 (4.4) 

 

Where Si denotes sector i and PDi is the average default probability showing the risk level of 
the corresponding sector.  

Thereby, to determine the intra-sector correlations and sector homogeneity, the variance is 
computed both from equity market data for each of the respective sectors. The resulting 
variances for both sectorial divisions (SFSA and MSCI) are presented in tables 4.5 and 4.6 
below. 

 

Table 4.5. Variances of the log-returns for the sectors within the MSCI categorization 

Sector Variance
A Energy 0,061
B Materials 0,062
C1 Capital Goods 0,046
C2 Commerical Services and supplies 0,022
C3 Transportation 0,025
D Consumer Discretionary 0,035
E Consumer Staples 0,050
F Health Care 0,020
G1 Finance 0,052
G2 Real Estate 0,038
H IT 0,035
I Telecom 0,026
J Utilities 0,021

Average 0,038

Variances MSCI sectors
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Table 4.6. Variances of monthly log-returns for the sectors within the SFSA categorization 

 

The default probabilities are obtained by using Nordea’s internally assessed exposure 
weighted PD’s for each sector, which is determined by12: 

 
!"! = !! ∗ !"!

!

!!!
 (4.5) 

 

Where all k’s corresponds to the members of sector i, wk is the share of member k to the 
total sector exposure and PDk is Nordea’s internally assessed default probability. The 
exposure weighted PD’s for the SFSA and MSCI categorisations are respectively presented in 
tables 4.7 and 4.8. 

 

 

                                         

 

 

12 The considered default probabilities are those used by Nordea within the IRB-approach for credit 
risk. 

Sector Variance
1 Credit Institutions 0,052
5 Real Estate 0,038
6 Retail Trade 0,034
7 Hotels and Restaurants 0,030
8 Construction 0,062
9 Manufacturing 0,067

10 Transportation 0,025
11 Forestry and Agriculture 0,061
12 Other Services 0,029

Average 0,044

Variances SFSA sectors
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Table 4.7. Description of exposure weighted default probabilities (PD’s) across the different sectors in 
the MSCI categorisation. The PD’s are obtained from Nordea’s internally assessed probabilities 

according to the IRB-approach 

 

 

Table 4.8. Description of exposure weighted default probabilities (PD’s) across the different sectors in 
the SFSA categorisation. The PD’s are obtained from Nordea’s internally assessed probabilities 

according to the IRB-approach 

 

 

 

MSCI Default probabilities( PD) 
  Sector PD (IRB) 
A Energy 0,30% 
B Materials 0,99% 
C1 Capital goods 0,59% 
C2 Commercial services and supplies 0,43% 
C3 Transportation 0,60% 
D Consumer discretionary 0,81% 
E Consumer staples 1,07% 
F Health care 0,40% 
G1 Finance 0,18% 
G2 Real estate 0,50% 
H IT 0,33% 
I Telecom 0,23% 
J Utilities 0,21% 
 Average 0,51% 

 

 
SFSA Default Probabilities 

  Sector PD (IRB) 
1 Credit institutions 0,18% 
5 Real estate 0,50% 
6 Retail trade 0,69% 
7 Hotels and restaurants 0,71% 
8 Manufacturing 0,47% 
9 Construction 0,88% 
10 Transportation 0,60% 
11 Forestry and agriculture 0,97% 
12 Other services 0,68% 
 Average 0,63% 
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4.4. Representativeness of an actual portfolio exposure 

Apart from analysing the correlation structures of the two sectorial division methodologies, 
the representativeness of an actual credit portfolio and the validity for concentration risk 
assessment are also addressed. This evaluation is as mentioned based on how clearly the 
industries are differentiated and defined. 

Thereby it is based on more of a discussion-based qualitative approach, focused on the logic 
and validity in both why the specific sectors are of interest for assessing concentration in 
credit portfolios and how easily individual exposures are unambiguously sorted towards a 
specific sector.  

4.5. Part II - Measures of sector concentration 

Connected to the second sub-research question, the remaining part of the study is set to 
evaluate different measures of concentration in credit portfolios. In this case the comparison 
will be performed using the sectorial division as employed by SFSA. This sectorial division is 
used since this generates a greater possibility to create benchmark portfolios due to the fact 
that other Swedish banks also report in a similar standard13. However, as previous the 
municipal, household and other corporates sector categories are excluded due to the lack of 
market and default data that is used to determine some of the measures.  

The evaluation is performed by comparing how the different measures respond to different 
levels of concentration in credit portfolios. Note that the different measures are not 
evaluated in relation to each other. Instead of finding a best practise, the objective is to 
identify characteristics and approaches to how sector concentration risk is to be considered. 
First, the two general measures HHI an GC are tested due to their traditionally wide 
application range and part in regulations in order to construct benchmarks. Second, the 
Concentration Index (CI) is computed in order to capture effects of inter-sector correlation 
structures. Last, the S-squared (S2) measure is determined for the different portfolios to 
further incorporate the credit qualities in the concentration measurement. Below follows a 
short summary of the different tested measures and how the ingoing parameters are 
determined.  

                                         

 

 

13 The data used in order to construct the benchmark portfolios is obtained by considering the capital 
adequacy (or pillar III) reports from the four leading Swedish banks (Swedbank, Nordea, SEB and 
Handelsbanken) 
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4.5.1. Herfindahl-Hirschmann Index (HHI) and Gini Coefficient (GC) 

The general measures (HHI and GC) are determined just as described in section 3.2. Recall 
equation (3.1) and (3.3) where: 

!!" = !!!
!

!!!
 

!" = 1 − 1
! ∗ (!! + !!!!)

!

!!!
 

!! = !!
!!

, n the number of sectors, Xi the exposure towards sector i and Zi the sorted nominal 

such that Zi > Zi-1. 

From this, HHI and GC are straightforwardly computed for the all of the considered 
portfolios (described in section 4.4.4.). The ingoing exposure levels are in terms of nominal 
exposure. 

4.5.2. Concentration Index (CI) 

In order to compute CI for the different portfolios, recall equation (3.7): 

!" = !"! ∗ !"# ∗ !" 

Where VCM is a normalised covariance matrix and SH a vector of the industry exposure 
shares. The normalized covariance matrix (VCM) is determined from monthly log-returns of 
the industry indices described earlier. In line with Düllmann et al. (2010), only the market 
data is applied since it produces more stable estimates of inter-sector correlations and 
covariances. From this, the matrix described in table 4.9 is obtained. Just as before, the 
exposure amounts (or in this case exposure shares) for determining the CI are in form of 
nominal exposures. 
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Table 4.9. The VCM matrix applied for determining the CI measure. Note that the matrix is 
symmetric and the elements are determined from covariances of market equity index log-returns14 

4.5.3. S-squared (S2) 

The S2-measure of concentration is determined directly from equation (3.7): 

!! =
!!! ∗ PD! ∗ 1 − PD!

X! !  

The ingoing default probabilities (PDi) for the respective sectors are also in this case assessed 
from the internal rating based approach (as mentioned described in table 5.7) and as before 
the exposure levels (Xi) are in terms of nominal exposure. Reasonably, another approach 
would be to consider empirical default probabilities based on historic default events. 
However, due to events such as the financial crisis of ‘08 etc. this would generate estimates 
which are not representative of the current default probability. 

4.6. Portfolios 

To evaluate the different measures, five different portfolios are considered in order to capture 
how well the concentration measurement methods capture the differences in the portfolio 
distribution. The first portfolio is the current credit portfolio of Nordea since this represents 
the actual distribution of a large financial institution. But in order to create benchmarks, 
also more concentrated and more diversified portfolios need to be considered. However, what 
constitutes a perfectly diversified portfolio is not that obvious. Either the portfolio exposures 
can be uniformly distributed across the different industries, or the exposures can be 

                                         

 

 

14 The full unadjusted covariance matrix is included in the appendix 

VCM Equity 
    1 5 6 7 8 9 10 11 12 
1 Credit institutions 0,78         
5 Real estate 0,54 0,57        
6 Retail trade 0,46 0,32 0,51       
7 Hotels and restaurants 0,47 0,36 0,39 0,45      
8 Manufacturing 0,73 0,55 0,47 0,54 0,94     
9 Construction 0,80 0,55 0,47 0,51 0,85 1,00    
10 Transportation 0,48 0,37 0,33 0,34 0,48 0,51 0,37   
11 Forestry and agriculture 0,70 0,50 0,46 0,48 0,72 0,76 0,45 0,92  
12 Other services 0,52 0,38 0,38 0,36 0,54 0,58 0,35 0,53 0,43 
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distributed as the aggregated credit market as a whole. Thereby two different diversified 
portfolios are evaluated, one with a uniform distribution and one where the distribution is 
equal to the aggregate Swedish credit market 15 . The second diversified portfolio is 
constructed by adding the credit exposures of the four major Swedish banks together. 

The concentrated portfolios are constructed by assigning high exposure-levels to two 
different sectors and the remaining exposure amount is distributed among the remaining 
sectors. This is performed twice so that two different concentrated portfolios are obtained in 
order to capture the effects from being concentrated towards different sectors. All of the 
different portfolios are normalized such that the total exposure amount equals the exposure 
of Nordea towards the considered sectors (SEK 2 438 bn). 

The distribution of the five different portfolios and their characteristics are described in table 
4.10 below. 

 

 

Table 4.10. Exposure distribution of the different considered portfolios used for testing concentration 
measures. All portfolios are normalized such that the total exposure equals SEK 2 458 bn 

                                         

 

 

15  Based on the portfolios of the four major Swedish banks; Swedbank, Nordea, SEB and 
Handelsbanken 

Nordea Uniform Merged Conc. 1 Conc. 2
1 Credit Institutions 28,3% 11,1% 25,9% 1,5% 30,0%
5 Real Estate 19,3% 11,1% 34,9% 3,0% 2,0%
6 Retail Trade 9,3% 11,1% 5,3% 2,0% 1,5%
7 Hotels and Restaurants 0,6% 11,1% 0,6% 2,5% 7,0%
8 Manufacturing 19,2% 11,1% 14,6% 2,0% 50,0%
9 Construction 2,7% 11,1% 2,1% 30,0% 2,0%

10 Transportation 8,0% 11,1% 6,8% 7,0% 3,0%
11 Forestry and Agriculture 4,4% 11,1% 3,3% 50,0% 2,0%
12 Other Services 8,3% 11,1% 6,5% 2,0% 2,5%

Sum 100% 100% 100% 100% 100%

Portfolio Exposure Distributions
Sector
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5. Results and analysis 
In this section the results from the two separate evaluations, of sectorial division and sector 
concentration risk measures, are respectively presented and analysed. 

5.1. Part 1 – Sectorial division of credit portfolios 

To evaluate the sectorial division methods, the correlation structures are compared by 
averages, spreads and how it is varying within the two sector categorization methods. This is 
followed by a description of the representativeness of the actual exposure of a credit institute 
by evaluating the level of ambiguity when sorting exposures into sectors. 

5.1.1. Pairwise inter-sector correlations 

The resulting pairwise inter-sector correlation structures based on the market index returns 
is presented are table 5.1 below. Note that MSCI scores on average 4,7% lower inter-sector 
correlations and 5,8% lower median correlation. The lower inter-sector correlation implies 
that for MSCI, the considered sectors are empirically less similar compared to the sectors 
within SFSA. In other words, the MSCI categorisation produces sectors that are more 
distinctly distinguished.  

Table 5.1. Description of the correlation structures for the two sectorial division methodologies (MSCI 
and SFSA) based on market equity indices 

Further, by considering the spreads and standard deviations, it is found that MSCI produces 
wider ranges (minimum to maximum) whereas the pairwise correlation-levels for SFSA are 
more stable (lower standard deviation). The MSCI produces spreads of 0,467 points 
compared to SFSA’s 0,315 and the standard deviations are 51,4% higher. For measuring 
sector concentration risk this is not of explicit meaning, however it highlights which pairs or 
combinations of sectors that are more or less risky. As an example, being concentrated 
towards two highly correlated sectors rather obviously generates a higher risk-level than if 
they were uncorrelated. The wider spreads and higher standard deviations of the MSCI 
correlation-levels thus highlight in which sector-combinations large exposures induce a 
higher/lower risk in terms of concentration. 

Inter-sector Correlations Equity Indices 
  MSCI SFSA 
Average 0,755 0,792 

Std. Dev 0,109 0,072 
Min 0,494 0,596 
Max 0,961 0,910 
Median 0,761 0,805 
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The full pairwise inter-sector correlation structures for the two sectorial divisions are 
illustrated in figure 5.1 below. Here the lower averages as well as wider spreads can be 
directly observed. 

 

Figure 5.1. Scatter plot of pairwise correlations levels based on the equity market indices log returns. 
Left hand side corresponds to the SFSA categorization and right hand side the MSCI sectorial 

grouping. The solid lines show the respective average correlation levels 

 

Analysing the default frequency data yields the results presented in table 5.2. In this case 
MSCI produces pairwise inter-sector correlation levels which are 32,2% lower on average and 
31,1% lower in terms of median. The wider spreads and higher standard deviations for the 
MSCI correlation-estimates are also found when analysing the default frequency data. Now 
the spreads for MSCI are 1,344 points compared to SFSA’s 0,870 and the standard 
deviations are 46,6% higher. 

 

Table 5.2. Description of the correlation structures for the two sectorial division methodologies (MSCI 
and SFSA) based on empirical default frequencies 

 

Inter-sector Correlations Default Frequencies 
  MSCI SFSA 
Average 0,448 0,660 

Std. Dev 0,365 0,249 
Min -0,375 0,103 
Max 0,969 0,973 
Median 0,465 0,676 
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Figure 5.2 illustrates the inter-sector correlation structure for the default frequency data. 
Also here the differences in averages and spreads can be observed. But mainly, note the 
similarity in correlation patterns when analysing market index returns and default 
frequencies, i.e. the similarity in patterns between figure 5.1 and 5.2. 

 

 

Figure 5.2. Scatter plot of pairwise correlations levels based on empirical default frequencies within 
Nordea’s credit portfolio. Left hand side corresponds to the SFSA categorization and right hand side 

the MSCI sectorial grouping. The solid lines show the respective average correlation levels 

 

To summarise, MSCI produces lower pairwise inter-correlation levels both when analysing 
default frequencies and market index returns. Even though the difference when analysing the 
market data not is prominent, the consistency between the two data sources implies a 
significant difference. Further, as more sector categories are included in MSCI compared to 
SFSA this would, ceteris paribus, yield higher inter-sector correlations. But clearly, such is 
not the case. 

The results also provide the difference between employing default frequencies and market 
index returns for estimating correlation levels. As can be seen, the historic defaults generate 
wider spreads in all correlation estimations, thus suggesting in line with previous research, 
that these estimates can be seen as less stable.  

5.1.2. Inter-sector portfolio correlations 

The resulting correlation levels between one sector and an equally weighted portfolio 
containing the remaining sectors for the two sectorial division methodologies are presented in 
tables 5.3 and 5.4 below. As can be seen, there is no significant difference between the two in 
terms of average correlations (0,86 vs. 0,87). However a similar pattern as with the pairwise 
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correlation levels, with wider spreads between minimum and maximum for the MSCI 
classification can be found (0,264 vs. 0,176).  

 
Table 5.3. Correlation levels between the respective sectors in the MSCI classification and a portfolio 

containing equal shares of the remaining industry indices. 

 

 

 

Table 5.4. Correlation levels between the respective sectors in the SFSA classification and a portfolio 
containing equal shares of the remaining industry indices. 

 

 Correlation Against Excluding Portfolios (MSCI) 
  Sector Correlation  
A Energy 0,853 
B Materials 0,877 
C1 Capital goods 0,935 
C2 Commercial services and supplies 0,939 
C3 Transportation 0,925 
D Consumer discretionary 0,924 
E Consumer staples 0,828 
F Health care 0,817 
G1 Finance 0,942 
G2 Real estate 0,826 
H IT 0,860 
I Telecom 0,781 
J Utilities 0,678 
 Average 0,860 
  Median 0,860 

Correlation Against Excluding Portfolios (SFSA) 
  Sector Correlation  
1 Credit institutions 0,887 
5 Real estate 0,850 
6 Retail trade 0,905 
7 Hotels and restaurants 0,938 
8 Construction 0,909 
9 Manufacturing 0,857 

10 Transportation 0,762 
11 Forestry and agriculture 0,901 
12 Other services 0,802 
 Average 0,868 
  Median 0,887 

 



 40 

 

From the levels of inter-sector correlation towards the excluding portfolios the same line of 
reasoning follows as before. A lower inter-sector correlation is preferred since this implies 
more distinctly distinguished sectors. But as mentioned, no explicit difference between the 
two sectorial divisions can be observed. However, when analysing these numbers from a 
concentration risk perspective, the sectors with low portfolio correlations are of extra 
importance. This is because an extensive exposure towards these industries can be seen as 
extra risky due to the distinct nature the low correlation levels suggests. So, even though no 
significant differences between the two division methodologies are to be found, the wider 
ranges of MSCI more clearly distinguishes which sectors that might be worth extra attention 
from a concentration point-of-view. 

5.1.3. Intra-sector correlations 

The resulting intra-sector correlations from the proposed measure are presented in tables 5.5 
and 5.6 below. Here it can be found that even though the SFSA division generates on 
average 15,8% higher variances, the intra-sector correlation measures favour the MSCI 
division with both higher average (11,1%) and median (33,3%) intra-sector correlation scores. 
Furthermore it is noted that the spread minimum to maximum is similar for both sectorial 
divisions [0,041 : 0,282] for SFSA compared [0,042 : 0,282] for MSCI. 

 

Table 5.5. Intra-sector correlation measures (right column) incl. variances and PDs for the different 
sectors in the MSCI sectorial division. 

 

Intra-correlations MSCI sectors 
  Sector Variance PD ρ intra 
A Energy 0,061 0,30% 0,200 
B Materials 0,062 0,99% 0,062 
C1 Capital goods 0,046 0,59% 0,078 
C2 Commercial services and supplies 0,022 0,43% 0,051 
C3 Transportation 0,025 0,60% 0,042 
D Consumer discretionary 0,035 0,81% 0,043 
E Consumer staples 0,050 1,07% 0,047 
F Health care 0,020 0,40% 0,049 
G1 Finance 0,052 0,18% 0,282 
G2 Real estate 0,038 0,50% 0,075 
H IT 0,035 0,33% 0,107 
I Telecom 0,026 0,23% 0,113 
J Utilities 0,021 0,21% 0,100 

 Average 0,038 0,51% 0,10 
  Median 0,035 0,43% 0,08 
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Table 5.6. Intra-sector correlation measures (right column) incl. variances and PDs for the different 
sectors in the SFSA sectorial division. 

The intra-sector correlation is set to estimate the level of internal sector homogeneity for the 
two sectorial division methodologies. Opposite to the discussion on inter-sector correlations, 
the intra-sector correlation increase with the number of considered sectors since each sector 
is more narrowly defined. Thereby the higher intra-sector correlation levels for MSCI might 
simply be accredited to the larger number of included sectors. 

Regardless the number of considered sectors, the higher intra-sector correlation scores 
suggest, in line with previous research, that the MSCI categorisation is superior (at least to 
the SFSA division method) in creating internally homogeneous sectors. 

To summarise, when it comes to the intra-sector correlation levels, or more explicitly the 
homogeneity of the respective sectors, the MSCI categorisation produces correlation levels 
that are higher than SFSA, even though the variances of MSCI sectors on average are lower. 
This is due to the differences in default probabilities, which is an indication of that the 
proposed measure of intra-sector correlation succeeds in eliminating the risk-component of 
the variance levels. 

5.1.4. Representativeness of an actual credit exposure  

Tables 5.7 and 5.8 below describe the distribution of the full credit portfolio of Nordea, 
including the previously omitted categories (municipal, retail exposures and other 
corporates) for both of the sectorial division methodologies. Noteworthy is that for the MSCI 
sector classification; basically only exposures with missing NACE-codes are referred to as 
“other corporates”, whereas this constitutes the fourth largest corporate exposure (6,76%) for 
the SFSA sectorial division. This is due to an incomplete coverage by the SFSA sectors to 
capture the whole credit market. For example, corporates belonging to the IT-sector in 

Intra-correlations SFSA sectors 
  Sector Variance PD ρ intra 
1 Credit institutions 0,052 0,18% 0,282 
5 Real estate 0,038 0,50% 0,075 
6 Retail trade 0,034 0,69% 0,049 
7 Hotels and restaurants 0,030 0,71% 0,042 
8 Construction 0,062 0,47% 0,133 
9 Manufacturing 0,067 0,88% 0,076 
10 Transportation 0,025 0,60% 0,041 
11 Forestry and agriculture 0,061 0,97% 0,063 
12 Other services 0,029 0,68% 0,042 
  Average 0,044 0,63% 0,09 
  Median 0,038 0,68% 0,06 
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MSCI, are referred to as other corporates for SFSA since no other appropriate sector is 
available. 

 

Table 5.7. Distribution of Nordea’s full credit portfolio according to the MSCI sector classification. 

 

 

Table 5.8. Distribution of Nordea’s full credit portfolio according to the SFSA sector classification. 

A Energy 1,33%
B Materials 3,33%
C1 Capital goods 3,89%
C2 Commerical services and supplies 3,93%
C3 Transportation 4,28%
D Consumer discretionary 4,61%
E Consumer staples 3,95%
F Health care 0,64%
G1 Finance and insurance 15,20%
G2 Real estate 10,35%
H IT 0,74%
I Telecom 0,60%
J Utilities 2,56%
X1 Municipal 2,60%
X2 Other corporates 5,06%
X3 Housing mortgages 27,89%
X4 Other retail 9,03%

Sum 100,00%

Nordea Exposure Distribution (MSCI)

1 Credit institutions 15,20%
2 Municipal 2,60%
3 Housning mortgages 27,89%
4 Other retail 9,03%
5 Real estate 10,35%
6 Retail trade 4,97%
7 Hotels och restaurants 0,33%
8 Construction 1,46%
9 Manufacturing 10,31%

10 Transportation 4,28%
11 Forestry and agriculture 2,38%
12 Other services 4,44%
13 Other coporates 6,76%

Sum 100,00%

Nordea Exposure Distribution (SFSA)
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The decreasing amount of “other corporates” from employing MSCI is in concentration 
aspects of great importance. Other corporates refers to a group of already diversified nature, 
and hence causes validity issues when addressing concentration risk. 

Further, the sectors within SFSA are more vaguely differentiated. For example, a clothing 
manufacturer such as H&M can both be considered belonging to manufacturing as well as a 
retail-trade, but in the case of MSCI; H&M clearly belongs to consumer discretionary.   

5.1.5. Summary of results part 1 

The results from the first part indicate that MSCI provides a more appropriate way of 
classifying industries compared to SFSA for the management of concentration risk. The 
pairwise inter-sector correlations are lower, indicating that sector are more distinct. 
Although the results are not majorly different between the two, the similarity between the 
market index and default frequency data implies significance. Further the lower inter-sector 
correlations are obtained even though there are more sectors included.  

Both pairwise and portfolio inter-sector correlation levels tend to vary in a large range for 
MSCI compared to SFSA where the correlation-levels are more stable. This makes it easier 
to distinguish which sectors and combination of sectors that are of greater interest in terms 
of concentration risk. 

MSCI also produces higher intra-sector correlations, thus suggesting that the considered 
sectors are more homogeneous than for SFSA. This might however be the result of the 
increased number of considered sectors.  

Moreover, employing MSCI produces more clearly differentiated sectors, which decreases the 
ambiguity-level for sorting exposures towards the correct industry. At the same time, MSCI 
also decreases the exposure level towards the already diversified sector other corporates.  
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5.2. Part 2 – Sector concentration risk measurement 

5.2.1. Portfolio concentration measurement 

The resulting concentration measurement for the different portfolios and measures are 
presented in table 5.9 below. As expected the results are highly ambiguous whereas to which 
portfolio is the least concentrated. The general concentration measures, HHI and GC clearly 
favour the uniform distribution, S2 get its lowest value for Nordea’s portfolio and CI scores 
relatively similar in all cases. Noteworthy however is that none of the measures considers the 
merged portfolio as being least concentrated, even though it represents the aggregate 
Swedish credit market and hence can be considered most diversified. 

The different portfolios are constructed such that their characteristics should be highlighted 
through the use of the concentration risk measures. The results show that the indices are all 
capturing the intended portfolio characteristics. For example, HHI and GC are measuring 
the portfolios in a way that the portfolio most alike a uniform exposure is getting the lowest 
value of concentration. S2 takes its highest value for the first concentrated portfolio; this is 
expected since Conc. 1 is highly concentrated in Forestry & Agriculture and Construction, 
which are the two sectors with the highest default probabilities. The second concentrated 
portfolio (Conc. 2) is highly exposed towards Credit institutions and Manufacturing. These 
are sectors with on average high covariances towards the other sectors, thus yielding a high 
CI score. 

 

 

Table 5.9. Resulting concentration measures for the different considered portfolios. Description of the 
portfolio distributions can be found in section 5.5. 

To illustrate the differences in portfolio distributions and the effects of the general 
concentration measures, the Lorenz curve (and Gini coefficient) is illustrated in figure 5.3 
below. Since GC, as a measure of inequality highly favours a uniform distribution, the 
Lorenz curve for the uniform portfolio equals the line of perfect equality, which is why this 
portfolio has a GC-value equalling zero. 

 

Measure
Nordea Uniform Merged Conc. 1 Conc. 2

HHI 0,179 0,111 0,223 0,348 0,348
GC 0,425 0,000 0,516 0,642 0,642
S-squared 0,655 0,683 0,908 3,158 1,354
CI 0,568 0,524 0,554 0,591 0,627

Portfolio
Sector Concentration Measurement
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Figure 5.3. Illustration of the Lorenz Curve and the corresponding Gini Coefficient for the considered 
portfolios. Note that both of the concentrated portfolios have an equal distribution, hence also the 

same Lorenz curve (solid black line). 

 

  



 46 

6. Discussion 
In this section, the answer to the stated research question is provided. This by first evaluating the two 
sub-research questions separately, and then by weighing them together in order to find the answer to 
the main research question. Following this is a discussion regarding validity, reliability and 
sustainability. 

6.1. Part I - Grouping of credit exposures in sectors 

Recall the first stated sub-research question:  

How should industry sectors be divided and which sectors are of interest for determining the 
concentration of credit exposure? 

From previous literature it is found that, when dealing with concentration risk, grouping of 
credit exposures should be performed such that one sector corresponds to a group of 
counterparties that is exposed to the same systematic risk factors and has similar 
characteristics. Hence, the correlation structures of the sectorial categorisations are of 
interest. For a proper division, inter-sector correlation should be low and intra-sector 
correlations should be high, since this yields both distinct and internally homogeneous 
sectors. The main trade-off when deciding how to divide exposures into sectors is that both 
the inter- and intra-sector correlation levels increase with the number of sector categories. 
Hence, a more detailed division will generate more homogeneous sector but at the same time 
these will be highly correlated towards the other sectors.  

Apart from the correlation structure, it is of great importance that the sectorial division 
represents the actual exposure distribution of a credit institute such that sectors relevant for 
concentration risk measurement are included in the assessment. This means that single 
counterparties unambiguously can be sorted towards one of the given sectors and that the 
considered sectors are not of diversified nature on an individual basis. 

From the reasoning above a methodology for evaluating sector concentration risk sector 
classification has been developed and applied to compare the appropriateness of two different 
sectorial division methodologies. 

The results show that MSCI produces a sectorial division which both yield lower inter-sector 
and higher inter-sector correlation levels. I.e. the considered sectors within MSCI are both 
more internally homogeneous and more distinct compared to the SFSA classification. This 
clearly highlights that even though there is a trade-off between decreasing inter-sector 
correlations and increasing intra-sector correlations, it is possible to generate a sector 
classification that improves on both accounts. In terms of correlation, it can thereby be 
found that an appropriate sectorial division should seek to maximise the intra-sector 
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correlations without increasing the inter-sector correlation levels. The results of the study 
show that this indeed is possible. 

From a risk-management point-of-view, apart from the direct implications shown above, the 
results show how concentration towards different sectors can induce different risk levels. The 
respective inter-sector correlation levels show which pairs or groups of sectors that are more 
correlated and hence an extensive exposure towards these groups involves higher risk. The 
difference between the two sectorial division methods in spreads and standard deviations of 
the inter-sector correlation structures, both pairwise and towards portfolios, is implying that 
some sectors or groups of sectors are worse to be concentrated towards than others. But 
foremost, these effects are more clearly distinguished using the MSCI categorisation. This 
highlights that for an appropriate sectorial division it should be possible to differentiate the 
risk-level of combined concentrated exposures. 

Further more, since the MSCI industry classification is more or less accepted as standard in 
the financial sphere, it is relatively straightforward to determine which sector any given 
counterparty belongs to. For the SFSA classification on the other hand, in some cases sectors 
are vaguely differentiated. Hence, another upside with employing the MSCI categorisation is 
that exposures are more distinctly categorised and sorted towards the correct sectors causing 
unambiguous results of concentration. Finally, it is noted that SFSA by including “other 
corporates” as an industry sector neglects the fact that this corresponds to an already 
diversified group of counterparties. 

To summarise it can be found that sectors should be divided such that: 

• Inter-sector correlations are minimised, i.e. sectors are distinct 
• Intra-sector correlations are maximised, i.e. sectors are internally homogeneous 
• The risk-level can be differentiated between concentration in different sector 

combinations  
• The considered sectors are clearly differentiated such that counterparties 

unambiguously can be sorted 
• None of the sectors are of diversified nature 

By analysing the two industry classifications, MSCI and SFSA from the parameters above, it 
is found that MSCI outperforms SFSA on all accounts for handling sector concentration risk. 
Thus showing that different sectorial divisions are of different appropriateness for handling 
concentration risk. 
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6.2. Part II – Measures of sector concentration in credit portfolios 

The second sub-research question was stated as: 

How should the sector concentration risk level be measured? 

As mentioned, on a technical level the measurement of sector concentration risk posed a 
challenging problem. The general concentration measures, such as HHI and GC works well in 
describing the concentration of exposures but fail to describe the risk-level the concentration 
induces. As argued, the risk-level of concentration is, apart from exposure distribution, 
highly dependent on correlation structures and sector specific credit qualities. Based on these 
premises, CI and S2 have respectively been formulated in order to reflect the concentration 
risk-level more directly.  

The results of the study clearly show that all of the measures work in the intended manners. 
The general measures considers a uniformly distributed portfolio to be unconcentrated, 
whereas the specific concentration risk measures clearly are affected by credit qualities and 
correlation structures respectively. 

But as expected, this yields inconsistent results as to what constitutes a portfolio with low 
sector concentration risk-level. But most important, none of the measures consider the 
merged portfolio, describing the aggregate Swedish credit market as being least concentrated. 
These results are obtained since none of the measures include any consideration to the 
exposure of a diversified or unconcentrated portfolio. That is, the concentration risk 
measurement neglects natural concentrations. As an example, in the subject of currencies it 
is unreasonable to consider a portfolio containing equal share of USD and SEK to be 
perfectly diversified since USD constitutes a much greater share of the aggregate currency 
market. The same argumentation also holds for diversification in credit portfolios. 

Hence the underlying question remains. How should concentration risk be measured? 

Clearly, there is more to concentration risk than a uniform distribution. Both credit qualities 
and inter-sector correlation structures impact the risk-level of the concentrated exposure. 
But the main takeaway however, is that for an accurate risk-measure, the concentration level 
should be evaluated in relative terms towards the aggregate credit market. 

In summary, the following characteristics of sector concentration measurement are found to 
be of key importance: 

• Incorporation of credit qualities such that concentration towards high-risk sectors 
yield high risk measure values 

• Incorporation of correlation structures such that extensive exposure towards 
correlated sectors is given a higher risk level than if uncorrelated 
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• Assessment of exposure distribution in relation to what can be considered being a 
diversified or unconcentrated portfolio describing the aggregate credit market 

6.3. Approaches to sector concentration risk measurement 

Recall the main research question: 

How can sector concentration risk in credit portfolios be measured and approached? 

Dividing the study in two parts highlights that both the industry categorisation, i.e. sectorial 
division and the actual risk-measure are of great interest for an accurate assessment of sector 
concentration risk. Interestingly, available literature remains rather shattered whereas how 
to handle sector concentration risk. Consensus is lacking both when it comes to how sectors 
most appropriately are divided and how the risk-level is to be measured.  

The results of the study show that different sectorial division methodologies are of different 
relevance for evaluating concentration risk. In order to capture the risk-level from 
concentration the main approach for sectorial division should seek to minimise inter-sector 
correlations and maximise intra-sector correlation. Thus generating distinct and internally 
homogeneous sectors. How the appropriateness level varies is exemplified through the 
analysis of the MSCI and SFSA sector classifications, where MSCI outperforms SFSA for 
assessing sector concentration risk on all fronts 

When it comes to the risk measure, it is found that apart from exposure distribution, credit 
qualities and correlation structures are of great interest. The risk induced from a 
concentrated exposure is greater if credit qualities are low or if the exposure is high towards 
highly correlated sectors. But above all, the results imply that a uniform distribution not is 
to be seen as unconcentrated. In order for concentration measurement to incorporate natural 
concentrations it is thereby greatly important that concentration instead is considered as 
relative towards the aggregate credit market.  

6.4. Validity and reliability 

The data used in the thesis are first of all monthly log-returns of each sector and secondly 
internal default data. The data have been used to calculate correlations in an attempt to 
validate the appropriateness for evaluating sector concentration risk. To use correlation-
levels in order to answer this question is to be seen as standard procedure. The validity issue 
is therefore only the data quality.  

When it comes to the data used, the validity and quality could not be better when it comes 
to the market data. However, the default data used is not enough to produce significant 



 50 

results. This since analysing default data comes with unstable correlation estimates. However, 
the two tests generate very similar results, which implies significance.  

Employing market index data to determine correlations in credit portfolios is however merely 
a proxy. The face validity of this proxy however is also considered to be high due to the 
support from previous studies. Further, the results have been triangulated with two 
completely different data sources generating the same results.  

When discussing the concentration measures, the test have been conducted and analysed on 
five different portfolios. This is more of a qualitative study. The validity in this case is also 
high. The portfolios have been constructed to capture each of the measures favourable 
characteristics and to show that measuring concentration comes with ambiguity. The study 
clearly shows why it is motivated to criticise the indices to be unfulfilling of their common 
purpose; to measure concentration risk in credit portfolios. 

The reliability of the study can be seen as high. The data sources, the calculations and 
results are quantitatively straightforward. The combined quality of data is to be seen as high. 
The only thing implicating differences in results if repeating the study would be that 
correlation is time dependent. However, since the data is thoroughly described this yields no 
issues with reliability.  

To replicate the concentration measure test is an easy exercise. Portfolios can be found for 
each bank and specialised portfolios can be constructed after interest.  

6.5. Sustainability 

The whole subject of risk management in general is closely related to a sustainable society. 
Financial (or credit) institutions, enabling financing and lending for basically any kind of 
project, play an important piece in a continuously developing world. The effects of an 
insufficient risk-management can be noticed by the series of financial crises during the last 
50 years and their drastic implications on the society as a whole. As mentioned, 9 out of 13 
considered banking crises have been directly affected by concentration in risks. Thereby by 
developing valid and relevant approaches to sector concentration risk, the potential to avoid 
future distressing scenarios is strengthened. Once again, this study is to be seen as a first 
step in setting appropriate capital requirements and the whole concept of these capital 
requirements is to ensure a sustainable financial sector. Thus highlighting the close relation 
between the subject of the study and sustainability. 
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7. Concluding remarks 
This section provides and summarises the main takeaways from the performed study and the 
contributions of the study combined with suggestions for further research are provided. 

7.1. Conclusions and further research 

Sector concentration risk is a subject gaining large amount of attention in both literature 
and regulations. The importance of the subject is made clear by the vast amount of financial 
crises directly impacted by concentrations in exposure. However, the main difficulty when it 
comes to measuring sector concentration is that on a technical level, there is currently no 
consensus on how this measurement should be performed. 

In this study, both different sectorial division methodologies and different measures of sector 
concentration have been evaluated in order to determine how to approach and measure the 
sector concentration risk in credit portfolios. 

It is determined that an appropriate sectorial division should be constructed such that inter-
sector correlations are minimised and intra-sector correlations are maximised. Only in the 
case with distinct and internally homogeneous sectors, which are implied by the correlation-
structures, a discussion on concentration risk is relevant.  Furthermore it should be able to 
distinguish which sector combinations that yield an additional risk-level from a 
concentration point of view, which arises through an extensive exposure to highly correlated 
sectors. Lastly, in order to achieve consistency in the risk-assessment the sectorial division 
should be performed such that the sectors are unambiguously differentiated. 

Based on the characteristics above, two especially interesting sector classification methods, 
MSCI and SFSA have been compared. Even though the results do not indicate any major 
differences between the correlation structures of the different sectorial divisions. The lower 
inter-sector correlations and higher intra-sector correlations, combined with the consistency 
between equity and default data lead to the conclusion that the MSCI outperforms SFSA 
categorization for handling concentration in credit portfolios. This is further supported by de 
reduced ambiguity-level when sorting exposures into sectors and the decreased size of the 
undefined other corporates category. 

When it comes to the actual measure of concentration, it is found that the general 
concentration and inequality measures such as the Herfindahl-Hirschmann Index and the 
Gini Coefficient are not sufficient for determining the concentration risk level in credit 
portfolios. This since sector dependent characteristics, such as credit qualities and inter-
sector dependencies i.e. correlations are neglected. From this it is concluded that a more 
appropriate approach to sector concentration should incorporate these sector characteristics 
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in order to achieve a more salubrious approach to concentration risk, and not just the 
concentration level.  

Further, it is found that none of the considered measures take directly in consideration what 
is to be seen as a diversified or unconcentrated portfolio. Given that all different considered 
industry sectors reasonably cannot be of the same size on the credit market, a reasonable 
conclusion is that neither should the exposures be from the individual creditor. Thereby an 
appropriate concentration measure should also incorporate the aggregate size of the 
respective sectors on the credit market as a whole. From this it can thereby be determined if 
the given sectors are over- or under- represented in the portfolio exposure. 

But of course this leads to the discussion regarding what is to be seen as a perfect 
diversification. Hence, the suggestion for further research is to by simulations and empirical 
analysis stress-test different credit portfolios in order to determine what is a perfect 
diversification from a concentration risk point-of-view. From this, a valid measure of sector 
concentration risk can be constructed which takes all of the pinpointed characteristics into 
account. Lastly, how this measure could be incorporated in capital requirements based on 
the stress scenarios would be of great interest to ensure future bank solvency.  

7.2. Contributions 

The findings of this study are contributing to the existing body of knowledge in both an 
academic and practical sense.  

For the academia the findings yield an increased understanding of concentration risk in 
general and sector concentration in particular. First, apart from exposure distribution, credit 
quality and inter-sector correlations, this study highlights that in order for any of these 
discussions to be relevant; consensus on what is considered unconcentrated is vital. Second, 
this study provides and applies a new correlation-based methodology and approach to 
evaluate the appropriateness of different sectorial divisions for determining sector 
concentration risk. 

For practitioners, the findings of the study are relevant for actors on the credit market (e.g. 
banks and financial institutions) as well as regulatory instances. Credit market actors can 
gain understanding on how concentration risk is to be considered and managed, whereas 
regulators are moved one step closer to setting appropriate capital requirements. 

As a last remark, even though this study has been conducted in a Nordic setting, there is a 
high potential for generalizing the findings to other regional areas. The concept of sector 
concentration risk is a general phenomenon not limited to the Nordic region, why this study 
provides insights of high relevance for practitioners and academics world-wide. 
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Appendix A. SFSA regional categorisation 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

SFSA Regions 
1 Sweden 9 Poland 
2 Norway 10 UK 
3 Denmark 11 Other Europe 
4 Finland 12 Russia 
5 Estonia 13 Japan 
6 Latvia 14 North America 
7 Lithuania 15 Other Countries 
8 Germany     
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Appendix B. NACE-code mapping 

 

 

Sector Sector
Lower Upper Lower Upper

10000 49999 Forestry and agriculture 581000 639999 Other Corporates
50000 99999 Manufacturing 640000 679999 Credit institutions
100000 129999 Retail-trade 680000 689999 Real estate
130000 179999 Manufacturing 690000 719999 Other Services
180000 199999 Other Corporates 720000 729999 Other Corporates
200000 329999 Manufacturing 730000 839999 Other Services
330000 349999 Other Services 840000 849999 Municipals
350000 369999 Manufacturing 850000 899999 Other Services
370000 409999 Other Services 900000 909999 Other Corporates
410000 449999 Construction 910000 919999 Municipals
450000 489999 Retail-trade 920000 949999 Other Corporates
490000 549999 Transportation 950000 969999 Other Services
550000 580999 Hotels and restaurants 970000 999999 Municipals

SFSA Industries
Limits Limits

Sector Sector
Lower Upper Lower Upper

10000 19999 Consumer Staples 350000 382999 Utilities
20000 29999 Materials 383000 389999 Materials
30000 49999 Consumer Staples 390000 409999 Commerical Services and supplies
50000 59999 Materials 410000 449999 Capital Goods
60000 69999 Energy 450000 470999 Consumer Discretionary
70000 89999 Materials 471000 489999 Consumer Staples
90000 99999 Energy 490000 549999 Transportation
100000 129999 Consumer Staples 550000 581999 Consumer Discretionary
130000 159999 Consumer Discretionary 582000 589999 IT
160000 179999 Materials 590000 609999 Consumer Discretionary
180000 189999 Consumer Discretionary 610000 619999 Telecom
190000 199999 Energy 620000 639999 IT
200000 209999 Materials 640000 679999 Finance and Insurance
210000 219999 Health Care 680000 689999 Real Estate
220000 259999 Materials 690000 749999 Commerical Services and supplies
260000 269999 IT 750000 769999 Health Care
270000 273999 Capital Goods 770000 789999 Commerical Services and supplies
274000 278999 Consumer Discretionary 790000 799999 Consumer Discretionary
279000 289999 Capital Goods 800000 839999 Commerical Services and supplies
290000 299999 Consumer Discretionary 840000 849999 Municipal
300000 301199 Capital Goods 850000 859999 Commerical Services and supplies
301200 301999 Consumer Discretionary 860000 899999 Health Care
302000 308999 Capital Goods 900000 909999 Consumer Discretionary
309000 324999 Consumer Discretionary 910000 919999 Municipal
325000 328999 Health Care 920000 949999 Other
329000 329999 Consumer Discretionary 950000 969999 Commerical Services and supplies
330000 349999 Commerical Services and supplies 970000 999999 Municipal

MSCI industries
Limits Limits
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Appendix C. Covariance matrices 
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