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Abstract
Several Danish small and medium-sized banks have become distressed
during and after the global financial crisis. In this paper, a multiple logistic
regression model is used to identify which factors characterize the
distressed Danish banks from 2008-12. The factors are chosen from a
broad range of variables, i.e. the model is unrestricted. The estimated
model identifies the distressed banks fairly well. The variables that
altogether best describe the probability of a bank becoming distressed are:
a bank’s excess capital in per cent of risk weighted assets, the 3 year
average lending growth lagged 2 years, property exposure, and a
benchmark for stable funding (the so-called funding-ratio). The variables
are all adjusted with the sector average to account for the general
development during the period.
Based on experiences from this and past crises the Danish FSA
introduced the so-called "Supervisory Diamond" as part of its banking
supervision in 2010. A multiple logistic regression model is estimated with
deviations from limit values set in the supervisory diamond to assess
whether the variables in the supervisory diamond differ from the
unrestricted model. Overall, the analyses support the establishment of
benchmarks. The results of this analysis show that deviations from the
benchmarks concerning property exposure and funding-ratio are
statistically significant with expected signs. However, deviations from the
benchmarks concerning lending growth, large exposures, and excess
liquidity cover are statistically insignificant.
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Resumé (Danish summary)
Flere små og mellemstore pengeinstitutter i Danmark er blevet
nødlidende, siden den finansielle krise brød ud. I denne analyse anvendes
multipel logistisk regression til at identificere, hvilke faktorer der
karakteriserer nødlidende pengeinstitutter i Danmark i perioden 2008-12.
Faktorerne udvælges fra en bred vifte af forklarende variable, dvs.
modellen er ubegrænset. Den estimerede model identificerer de
nødlidende pengeinstitutter forholdsvis godt. De variable, der tilsammen
bedst beskriver sandsynligheden for, at et pengeinstitut bliver nødlidende,
er instituttets kapitaloverdækning i forhold til risikovægtede aktiver, den 3årige gennemsnitlige udlånsvækst lagget 2 år, ejendomseksponering samt
et mål for stabil finansiering (den såkaldte funding-ratio). Variablene er alle
fratrukket sektorens gennemsnit for at tage højde for den generelle
udvikling i perioden.
Baseret på erfaringer fra denne og tidligere kriser introducerede
Finanstilsynet tilsynsdiamanten i 2010 som en del af deres tilsyn med
pengeinstitutter. Der estimeres en multipel logistisk regressionsmodel med
afvigelser fra tilsynsdiamantens pejlemærker som forklarende variable for
at vurdere, om variablene i tilsynsdiamanten adskiller sig fra den
ubegrænsede model. Overordnet set understøtter analyserne
fastsættelsen af pejlemærker. Resultaterne af denne analyse viser, at
afvigelser fra pejlemærkerne vedrørende ejendomseksponering og
funding-ratio er statistisk signifikante med forventede fortegn, hvorimod
afvigelser fra pejlemærkerne vedrørende udlånsvækst, store
engagementer og likviditetsoverdækning er statistisk insignifikante.
1. Introduction and related literature
Internationally a number of banks and other financial institutions have
become distressed during the global financial crisis. State interventions
and costly bank bail-outs have been undertaken. After the crisis, new
international regulation, not least in the form of stronger liquidity and
capital requirements (Basel III and CRD IV), has been introduced in order
to strengthen the resilience of the financial system. Focus has also been
on promoting sound supervisory systems reflected in a review and update
of the Basel “Core Principles for Effective Banking Supervision”, cf. Basel
Committee on Banking Supervision (2012).
New national regulation has been introduced in several countries and
reforms of supervisory practices have been undertaken. The Danish
Financial Supervisory Authority (FSA) introduced the so-called
"Supervisory Diamond" in 2010 as part of its banking supervision. The
supervisory diamond consists of a number of benchmarks encompassing
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what must be considered as banking activity subject to enhanced risk,
such as high lending growth, less stable funding conditions, etc. (the
supervisory diamond is defined precisely in Section 5.1). These
benchmarks are based on characteristics of the banks that became
distressed during the crisis – characteristics also experienced in previous
crises. Danish banks should keep to the limit values as of end 2012. The
idea behind the supervisory diamond is that it should identify, and
ultimately prevent, banks pursuing a more risky strategy at an early stage.
In other words it is a forward-looking instrument.
In order to identify banks at risk early on, it is necessary to understand
what the key drives were for banks that became distressed during the
recent crisis. The scope of this paper is to analyse what characterized the
distressed banks in Denmark during the period 2008-12 primarily by using
information from the banks' financial statements. In Denmark, the distress
of a bank was in most cases revealed during an examination performed by
the FSA. Although the timing of these examinations is risk-based it is
difficult to estimate the exact timing of a bank becoming distressed. As a
consequence, the results of this model are interpreted as risk indicators of
a bank becoming distressed in the nearby future rather than an exact
timing of the distress event. In other words, this paper primarily identifies
the leading indicators of distressed banks in the period around the global
financial crisis and does not develop a model that as such predicts
distress in banks. The paper is, however, related to the literature regarding
early warning signals. A wide range of central banks and/or supervisory
authorities have developed models to identify problem banks and refer to
these in their Financial Stability reports, e.g. Deutsche Bundesbank, cf.
Porath (2004), European Central Bank, cf. Betz et al. (forthcoming),
Norges Bank, cf. Andersen (2008), Oesterreichische Nationalbank, cf.
Hayden et al. (2004), Bank of England, cf. Logan (2001) and in the USA
the Office of the Comptroller of the Currency, cf. Whalen (2010) and
Federal Reserve, cf. Thomson (1991), Whalen (1991) and Jagtiani et al.
(2003). The models consist of both logit models and hazard rate models.
In Hayden et al. (2004) both types of models are estimated and
complement each other.
1

During the period 2008-12, 26 Danish banks became distressed
2
comprising 6 per cent of the total assets of Danish banks by end 2007. In
order to model distressed banks, a multiple logit model is estimated using

1
2

In this paper a distressed bank encompasses not only failed banks but also mergers in
distress. The definition of distressed banks is described in Section 3.1.
Danish banks comprise the Danish Financial Supervisory Authority's groups 1, 2 and 3.
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lagged explanatory variables such as lending growth, amount of capital in
3
the banks, exposure to the real estate market, etc. The variables that are
included in the finally chosen unrestricted model are excess capital
(capital in excess of the solvency requirement of the individual bank) in per
cent of risk weighted assets, the 3 year average lending growth lagged 2
years, property exposure, and the funding-ratio (a measure of the liquidity
position of banks).
These results, based on the present crisis, are overall in line with the
experience from the previous banking crisis in Denmark during the late
1980s to early 1990s. In general the banks that became distressed during
the previous crisis had a higher occurrence of rapid lending growth prior to
the crisis, a higher lending to capital ratio, lower excess capital, lower and
decreasing return on capital, and a higher concentration of large
exposures than the non-distressed banks, cf. the Ministry of Economic
Affairs (1995). One important difference between the crises in 1987-93
and 2008-09 is that the liquidity position of the banks has been a
significant factor during this crisis but not during the previous crisis. This
difference is due to the shift in the bank funding structure round about the
millennium rollover. The funding structure switched from lending and
deposits being more or less balanced to a customer funding gap financed
by issuing short-term bonds and borrowing from foreign credit institutes,
cf. Abildgren et al. (2011).
The supervisory diamond consists of a number of benchmarks
encompassing what must be considered as banking activity subject to
enhanced risk. This paper also examines whether the variables in the
supervisory diamond differ from the unrestricted model. Due to their
distinct purposes differences between the two approaches should be
expected. The supervisory diamond is forward-looking and its ultimate
purpose is to prevent banks from pursuing a risky strategy. On the other
hand the purpose of the unrestricted model is to identify the characteristics
of the banks that have become distressed in the period 2008-12.
Two differences are identified. First, last year’s lending growth enters into
the supervisory diamond whereas in the univariate regressions lending
growth over one year is not statistically significant in relation to banks
becoming distressed – only lagged high lending growth over several years
is. However, the supervisory diamond sets a limit for yearly lending growth
3

In the related literature a number of different variables are found significant when
predicting banks becoming distressed, in particular lending growth, property exposure,
earnings, capital, etc., cf. Whalen (1991), Thomson (1991), Logan (2001) and
Andersen (2008). Demirgüc-Kunt (1989) and Kumar et al. (2007) provide overviews of
related studies.
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and thus puts limits on a higher yearly lending growth persisting over
several years. Second, excess capital enters into the unrestricted model.
The supervisory diamond does not include a role for the capital position of
banks.
Before commencing the paper itself, two cautionary remarks regarding the
results should be made. First, the supervisory diamond reflects the
experiences from both the current crisis and the crisis in the early 1990s.
For this reason, it is not surprising that different results are found when
estimating an unrestricted model versus a model based on the supervisory
diamond. Second, and related, it would be interesting to estimate a model
including data from both crises. However, due to data limitations this is not
straightforward, and is beyond the scope of this paper.
After these introductory remarks the rest of the paper proceeds as follows.
In Section 2 the econometric method is discussed and described. In
Section 3 the data are described followed by estimations of unrestricted
logit models resulting in a final unrestricted model in Section 4. In Section
5 logit models with the benchmarks in the supervisory diamond are
estimated. Section 6 concludes and offers scope for further research.
2. Econometric method
In the related literature different models, especially hazard models and
logit/probit models, are used as indicators of the soundness of banks, see
Kumar et al. (2007) for a review of applied methods. The aim of the
models is typically to identify problem banks in advance in order to be able
to take action to reduce the likelihood of bankruptcies, i.e. early warning
signals.
Logit and hazard models have both strengths and weaknesses. For
instance, Shumway (2001) and Cole (2009) argue that a hazard rate
model is preferred rather than a logit model primarily because there is no
conflict with the assumption of independent observations in the hazard
model. An example of a hazard rate model is in Halling (2007). However,
in hazard models the time to failure is estimated. The weakness of these
models, therefore, is that it is assumed that all banks will fail eventually
(survival theory), cf. Cole et al. (1995). This is not assumed in logit
models. On the other hand, the logistic model assumes that the
observations are independent. This is a strong assumption since the data
contains multiple observations from the same bank at different points in
time.
In this paper we follow Andersen (2008), Thomson (1991), Logan (2001),
and Poghosyan et al. (2009) and use a multiple logistic regression model.
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The logit models are typically estimated using annual data, with the
explanatory variables being lagged 1 or 2 years. As an example of such a
logit model, Whalen (1991) sets up a model using year-end 1986 data and
estimates the probability of failure within the succesive 0-24 months.
The models estimated in this paper assume a linear relationship between
the explanatory variables and the response variable. This might not
capture all dimensions of the data and in several studies the variables are
transformed to ensure the linear relationship, cf. Porath (2004). The linear
relationship is proxied by adjusting the variables with the sector average
4
and thus takes into account the general development in the period.
3. Data
The explanatory variables in related literature are either market-based or
derived from banks' financial statements or a combination of both. In
several studies these variables are combined with macro variables. The
advantage of using market-based variables rather than accounting figures
is that the first are based on expectations to future earnings, i.e. are
forward-looking, whereas the latter are backward-looking.
The aim of this study is to analyse distresses in all Danish banks.
However, many of these are not listed. For this reason, the explanatory
variables used here are primarily from the financial statements
supplemented with macro variables to account for business cycle
variations (i.e. change in GDP, property prices, interest rate and
unemployment rate). It is important to notice that variables derived from
the financial statements can only indicate beginning problems if the
financial statements give an accurate picture of the health status of the
institutes, as already noted in the Ministry of Economic Affairs (1995).
The model comprises data from Danish banks included in the Danish
Financial Supervisory Authority's groups 1, 2 and 3. They comprise banks
with working capital (deposits, bonds issued etc., subordinated capital and
equity capital) of at least approximately EUR 33.5 million. Some niche
5
banks are excluded. Some of the banks are parent companies to other
financial enterprises and prepare both separate and consolidated financial
statements. To analyse the banking activities of the institutions the
4
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The sector is defined as the banks in the Danish Financial Supervisory Authority’s
groups 1, 2 and 3.
These are: FIH Kapitalbank and Ekspres Bank have no deposits, Bank DNB Nord and
SEB Bank are Norwegian and Swedish subsidiaries respectively, and they have
returned their Danish banking licenses in 2012 and merged with their respective parent
companies. Saxo Bank (bought E-trade Bank in 2009) and Carnegie Bank are primarily
investment banks.
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analysis is therefore based on the separate financial statements, i.e.
unconsolidated data.
In Table 1 the number of banks having presented financial statements for
the year in question and the number of distressed banks are listed. For
instance 9 banks were distressed whose last financial statement was for
6
the year 2007. In total there are 512 observations.

A final remark regards the registration of distress in the data. The distress
of a bank is attributed to the last financial statement reported from a
distressed bank. There can be a considerable time lag from the publication
of the last financial statement of a distressed bank until the date of the
announcement of the distress. For instance, in Table 1 the distressed
bank that returned its last financial statement for the year 2006 was
announced distressed in early 2008. This is in line with the results of the
models that are interpreted as risk indicators of a bank becoming
distressed in the nearby future rather than an exact timing of the distress
event.
3.1. Identification of distressed banks
From 2008 until March 2013 60 banks in Denmark have ceased business.
This number comprises 19 smaller ceased banks not included in the
model, i.e. the Danish FSA’s group 4 banks with a working capital of less
than approximately EUR 33.5 million. Neither ceases of foreign nor niche
banks are included in the analysis, cf. footnote 5; 4 such banks have
ceased business during the period. One bank ceased business in 2013

6

Financial statements of solvent banks are included.

9
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and is not included in the model. 11 of the banks have been taken over by
8
Finansiel Stabilitet A/S – the government-owned company in charge of
the resolution of distressed banks – and are identified as distressed. Of
the remaining ceased banks it is assessed whether the banks had a viable
business model in the short run. If not, the bank is identified as distressed.
Ultimately 26 ceased banks are identified as distressed during the period,
cf. Table 1 and Appendix 1.
3.2. Explanatory variables
Data are from the individual banks’ quarterly financial statements reported
9
to the Danish FSA. Approximately 55 variables have been selected and
calculated. As in related literature the explanatory variables are grouped
into different CAMELS categories to ensure that all key factors initially are
encompassed in the model, cf. Appendix 2. CAMELS rating system is the
United States' FSA's method of assessing the overall soundness of banks
and stands for Capital adequacy, Asset quality, Management, Earnings,
Liquidity and Sensitivity to market risk. The hypothesis is that these factors
are key elements in assessing the health of a bank.
However, it is not possible to directly assess management competence
through a financial statement. Instead some variables assessed to indicate
management competence are derived from the statements, i.e. costs in
per cent of earnings, cf. Appendix 2. One variable, interest rate risk, is
included regarding sensitivity to market risk.
In the estimations the sector average has been subtracted from the
variables (lending growth of bank i minus average lending growth of the
sector) to take into account the general development in the period
resulting in negative values for the banks below the sector average. To
calculate yearly lending growth, the average equity during the year, etc., it
is necessary to have financial statements from each bank for at least 5
succeeding quarters, otherwise the observation is not included.
If a bank is owned by another financial corporation there is a risk of
negative reputation for the parent if the subsidiary becomes distressed.
This implies that the bank might have a smaller probability of distress
since the parent has an incentive to inject capital into its subsidiary in case

7
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The takeover of Sparekassen Lolland by Jyske Bank announced on the 25th of
January 2013 as a private solution on market conditions is not included as a distress
event in the data.
Finansiel Stabilitet is a public limited company owned by the Danish State through the
Ministry of Business and Growth, cf. www.finansielstabilitet.dk.
With the exception of lagged lending growth. It is calculated from statistics concerning
"Balance sheets and flows of the MFI sector" as from 2003.
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of financial distress. Relevant information concerning owner structure has
been collected from Greens online. A dummy variable is created: if a
financial company owns more than 50 per cent of a bank it is regarded as
having reputational risk and the dummy equals 1 and 0 otherwise. For 9
10
banks in the sample the dummy equals 1.
On 3 February 2009 a bill on government capital injections into credit
institutes was passed by the Folketing (Danish parliament). A dummy
variable is included in the analysis equal to 1 if a bank received a capital
injection from the government and 0 otherwise.
Furthermore four macroeconomic variables are included in the analysis,
cf. the introduction of Section 3.
3.3. Descriptive statistics
In Appendix 2 the distribution of the median values of the explanatory
variables is given by all banks, the non-distressed banks and the
distressed banks respectively. Furthermore the expected signs of the
coefficient estimates are given. Note that financial statements of the
distressed banks prior to the last financial statement are registered as
financial statements from non-distressed banks.
A priori, one would expect that the likelihood of a bank becoming
distressed is lower the higher the level of capital in the bank. For this
reason, Appendix 2 indicates that a negative sign is expected in the
regressions. The Appendix also shows that the median of the distressed
banks in general had lower levels of capital than the median of the nondistressed banks, and a higher leverage ratio.
The asset quality is expected to be lower in distressed banks and is
captured by different indicators, for instance different measures of lending
growth, property exposure, large exposures, loan impairment charges,
concentration index, etc. In general the median distressed bank has a
lower asset quality than the non-distressed banks.
Indicators of management competence such as cost in per cent of
earnings, growth of deposits, the implicit margin between deposit and
lending rates are expected to reduce the probability of distress. However,
the statistics do not in all cases show a clear difference between the
distressed and non-distressed banks.
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The banks are: Alm. Brand Bank, BRF Bank, Lægernes Pensions Bank, Nordea Bank
Danmark, Nykredit Bank, Nørresundby Bank, Pen-Sam Bank, Saxo Privatbank and
Banque Internationale à Luxembourg Danmark.
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There might be a risk of endogenous and/or omitted variable bias
problems concerning the implicit interest margin. For instance a bank that
expects to face problems might raise the interest margin. This could
induce clients to switch bank which will further enhance the need for the
bank to increase the margin. Ultimately, this could potentially result in
actual distress. In such a case the distress could be attributed to the rise in
interest margin even when it was in fact other factors that initially triggered
the distress event. In the data used here, this hypothesis, however, is not
supported. The distressed banks both raised and lowered their margins in
the year prior to distress.
As would be expected the variables measuring earnings clearly indicate
lower earnings in distressed banks.
Liquidity issues might arise either due to funding liquidity (the ability to
make payments when needed) or market liquidity (how quickly an asset
can be liquidated without significant price effects) and are closely linked. In
this analysis liquidity is proxied by the funding-ratio, excess liquidity cover
and customer funding gap. Funding-ratio is defined as loans relative to
working capital less bond issuance with a remaining maturity less than 1
11
year. The different measures indicate a slightly lower level of liquidity in
distressed banks than in other banks.
It is assessed that the majority of the Danish banks are subject to a fairly
low level of market risk – credit risk is the dominant risk. Of the different
market risks the interest rate risk constitutes a major part of the banking
institutes' market risk. Therefore, sensitivity to market risk encompasses
12
only one variable, the Danish FSA's key ratio "interest-rate risk". The
statistics show a lower level of interest rate risk for the median of the
distressed banks compared to the non-distressed banks.
4. Model
A logistic regression model is estimated where the probability of distress
within the coming period t for bank i is given by:

Pt ,i 

 P 
exp(   j xt 1,i , j  ei )
 ln  i ,t      j xt 1,i , j  ei ,
1  exp(   j xt 1,i , j  ei )
 1  Pi ,t 

where x is a vector of j explanatory variables measured in a previous
period, α is a constant, β are the coefficient estimates, and e is the error
term.
11
12

Amount of loans and deposits is calculated excluding repo transactions.
The ratio is an expression of the part of the core capital (after deductions) which is lost
on a parallel shift of the yield curve by 1 percentage point.
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Some of the explanatory variables are highly correlated meaning that a
model including all the explanatory variables could suffer from co-linearity
problems resulting in unreliable coefficient estimates. In particular
variables measuring capital adequacy, asset quality and earnings are
highly intercorrelated.
Due to the high correlation in the data a selection process is developed to
select the variables to be included in the final model. It commences with a
univariate regression for each explanatory variable. These regressions are
performed both with the bank specific variable and the bank specific
variable adjusted with the sector average. The results of the univariate
regressions are shown in Appendix 3. The variables being individually
most important (AUC above or equal to 70 per cent) are variables such as
excess capital, Core Tier 1 ratio, accumulated lending growth over several
years, property exposure, large exposure, return on equity, and fundingratio.
Two criteria assess whether the variable is used in the further estimation
process: if the variable is statistically significant at the 5 per cent level of
significance and the size of the Area Under the receiver operating Curve
(AUC ≥ 0.7), cf. Appendix 3. A model that fits the data perfectly has an
AUC equal to 1 whereas a random model will have an AUC equal to 0.5,
cf. Section 4.2.1. The initial selection process narrows the number of
variables to 29 possible candidates of which some are highly correlated,
cf. Appendix 4. In general the variables adjusted with the sector average
have higher explanatory power than those not adjusted. This is indicated
by higher p-values and AUC. None of the macroeconomic variables are
statistically significant.
In the next step multiple logistic regression models are estimated with
explanatory variables from each CAMELS category; within each category
there might be more than one variable included if they are not highly
correlated, otherwise they are included one at a time. Models including the
different combinations of the variables are estimated and on the basis of
these estimations the model that fits the data best is selected.
4.1. Results
The model that meets the criteria mentioned above (statistically significant
variables and as good a fit as possible) comprises the following variables:
excess capital in per cent of risk weighted assets, the 3 year average
lending growth lagged 2 years, property exposure and funding-ratio, cf.
Table 2.
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As an example the negative sign of the coefficient to excess capital means
that the more excess capital the bank has the smaller the probability of
distress. This is of course intuitive since higher excess capital ceteris
paribus means greater stamina. In the same way higher lending growth,
funding-ratio and property exposure entail higher probability of distress. It
is important to point out, as mentioned, that the included variables are
adjusted with the average of the sector. This means that the probability of
distress is higher if, for instance, the property exposure for a given bank is
higher than the average of the sector and vice versa.
Lending growth is in general statistically significant. However, out of the
different variables for lending growth the one that is statistically most
13
significant is the 3 year average lending growth lagged 2 years. This
means that approximately 2 years pass before an extensive lending
growth over 3 years affects the financial statement of the bank to such a
degree that the probability of distress increases. If a bank has a high
lending growth in a single year it does not have a statistically significant
effect on the probability of distress the following year, cf. Appendix 3 which
shows that the period's (latest quarter or year) lending growth is
statistically insignificant. If the bank has a high lending growth for several
years it increases the probability of distress significantly.

13

Data on lending goes back to 2003 meaning that the variable until 2008 contains
average yearly lending growth to date lagged 2 years.
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Other indicators of asset quality are also highly statistically significant in
the univariate regressions, such as large exposures and loan impairment
charges. Due to the highly correlated nature of these variables, they are
not included in the final model. The same explanation applies for the
variables measuring earnings. The different variables indicating
management competence are statistically insignificant.
It is difficult to quantify the effect of a change in the variables on the
probability of distress from the coefficient estimate. Instead the odds ratio
is applied. It measures the probability of distress relative to the probability
of non-distress, cf. Table 2.
The percentage change in the probability of distress by a 1 unit change in
a variable is found by subtracting 1 from the odds ratio for a quantitative
variable. For instance an increase of 1 per cent in the excess capital in per
cent of risk weighted assets adjusted with the sector average reduces the
probability of distress by 14 per cent.
Since the explanatory variables are adjusted with the sector average the
probability of distress for the average bank will equal the constant term of
14
around 3 per cent, cf. Chart 1.
The banks with the estimated highest probabilities of distress show a
rising tendency of their probability of distress until 2010 which presumably
is due to the high lending growth which took place from 2005 till 2008. The
impact of the high lending growth on the probability of distress peaks in
2010 because the average lending growth is lagged 2 years, cf. Chart 1.
Average lending growth in the Danish banking system was high before the
crisis. As mentioned the variables in this analysis are included as
“deviation from means”, i.e. sector averages have been subtracted from
the individual variables. In order to make sure that this choice does not
affect the results for the average bank, a model including the sector's
average 3 year lending growth lagged 2 years was also estimated. The
result of this model was a slightly bell-shaped curve for the probability of
distress for the median bank, cf. Appendix 5. The coefficient estimate for
this extra included variable (sector's average 3 year lending growth lagged
2 years) was statistically insignificant and the fractiles nearly the same.
However, the median probability of distress is increased from slightly
below 3 per cent to around 4 per cent in 2010.

14

Pt ,i 

exp( 3.5228)
1  exp( 3.5228)

 0.029
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4.2. Model validation
In the following sections the performance of the model is examined in two
different ways. First, the classification accuracy of the model is analysed,
i.e. how precise is the model at discriminating between the distressed and
non-distressed banks. And second, how effective is the model in
discriminating between distressed and non-distressed banks on out of
sample data.
4.2.1. Accuracy of the model
The classification table in Table 3 shows, at a chosen threshold, how
many observations the model classifies correctly.
A threshold of 1.3 per cent means that banks with an estimated probability
of distress higher than 1.3 per cent will be classified as distressed, cf.
Table 3. At this threshold 24 actually distressed banks will be classified as
distressed, but 373 observations that are non-distressed will also be
classified as distressed (i.e. false alarms). The threshold is therefore set
higher, at 7 per cent, which is also closer to the relative frequency of
distressed banks compared with non-distressed banks, cf. Table 1. As can
be seen from Table 3, 17 actually distressed banks will be classified as
distressed and 73 observations that are non-distressed will be classified
as distressed. It is also seen that 9 distressed banks had an estimated
probability of distress below 7 per cent which will not be identified by the
model as distressed at this threshold. Finally it is seen that there are 2
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distressed banks where the estimated probability of distress is below 1 per
cent. The model does not capture the distress of these banks at all.
In the related literature the threshold indicates the preference of the
supervisor between missing distress events versus false alarms. If a
supervisory examination can detect problems early enough, regulatory
actions can be taken either to prevent a bank from failing or to minimize
the cost of a failure, arguing in favour of a relatively low threshold, cf.
Thomson (1991). However, the aim of this analysis is to identify the factors
characterizing the distressed banks in the period and the threshold is
chosen also to account for an acceptable level of false alarms.

73
0.07 .........................................................
17
413
(43)
19

9

84.0

65.4

85.0

81.1

2.1

The 73 incorrectly classified distresses comprise 30 observations that
became distressed in one of the following years until 2012 (13 different
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banks) reducing the number of incorrect classifications to 43, of which
some banks appear in several periods which means that ultimately 19
different banks are incorrectly classified as distressed, cf. Table 3.
Classification tables can be illustrated graphically by the Receiver
Operating Characteristic curve (ROC). The curve shows the sensitivity
(estimated distress relative to actual distress) and 1 minus specificity
(estimated non-distress relative to actual non-distress), cf. Chart 2. The
higher and more to the left the ROC curve is located, the better fit of the
model. A model that fits the data perfectly has an AUC equal to 1 and will
reach the upper left corner whereas a random model will have an AUC
equal to 0.5. The AUC in this model is 0.82. At a threshold level of 7 per
cent 65 per cent of the distressed banks are classified correctly and 84 per
cent of the non-distressed banks respectively.

4.3. Model validation: Predicted distress in 2012
The robustness of the model is examined by reestimating the model for a
subset of the data and testing this model on the remaining data. The
model is estimated on the same data excluding the observations from
year-end 2011 corresponding to 435 observations of which 23 distresses,
compared to the full sample which comprised 512 observations of which
26 distresses.
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The variables are all statistically significant, the signs correspond to the
ones found in the model estimated on the full sample and the coefficient
estimates are within the confidence intervals found in the full sample
estimation, cf. Table 4.
The out of sample data consists of financial statements for 2011 for 77
banks of which 3 were distresses. The calculated probabilities of distress
show that 11 banks have an estimated probability of distress higher than 7
per cent (10 banks in the model estimated on the full sample), however,
only 1 of the 3 actual distressed banks is among them. On the other hand
the model does not capture the distress of the 2 other distressed banks as
was the case in the model estimated on the full sample, cf. Table 5. The
model is thus fairly robust in estimating probabilities of distress also for
data not included in the model.

5. Model including Supervisory Diamond variables
5.1. Background
After the financial crisis there has been an increased focus both nationally
and internationally on supervisory practices. The Basel “Core Principles
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for Effective Banking Supervision” have been updated and reviewed to
take into account “significant developments in the global financial markets
and regulatory landscape since October 2006, including post-crisis
lessons…”, cf. Basel Committee on Banking Supervision (2012).
New national regulation and reforms of supervisory practices have also
been introduced in several countries. In the UK, for instance, the intention
of creating three new regulatory bodies was announced in June 2010.
Similarly, in the context of the European Union, a new supervisory
framework is being developed as part of a broader vision of a European
banking union.
The Danish FSA introduced the so-called "Supervisory Diamond" as part
15
of its banking supervision in 2010. The supervisory diamond consists of a
number of benchmarks encompassing what must be considered as
banking activity subject to enhanced risk. Danish banks are required to
comply with the limit values as of end 2012. The benchmarks of the
supervisory diamond concern lending growth, property exposure, large
exposures, funding-ratio, and excess liquidity cover. The limit values are
as follows:


Sum of large exposures (less than 125 per cent of total capital)



Lending growth (less than 20 per cent per year)



Commercial property exposure (less than 25 per cent of total loans)



Funding-ratio (lending/working capital – less bond issuance with
remaining maturity less than 1 year). Limit value: less than 1



Excess liquidity cover (over 50 per cent)

5.2. Model and explanatory variables
As in the previous section a multiple logistic regression model is estimated
where the probability of distress for each bank is estimated. The
explanatory variables comprise a constant term as well as the values of
the five benchmarks adjusted with the limit values set in the supervisory
16
diamond.
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Letter from The Danish Financial Supervisory Authority of June 25th 2010 and letter of
December 14th 2010, cf. www.ftnet.dk.
16
Due to changes in definitions and lack of data it is not possible to calculate the exact
benchmarks back in time. For instance the definition of large exposures has changed
and data on term to maturity on debt instruments is not available. All debt instruments
are presumed to have a term to maturity over 1 year.

20

The limit value for excess liquidity cover is a minimum requirement while
the limits for the other benchmarks are maximum requirements. The
maximum requirements are met if the variable is negative and vice versa
for the excess liquidity cover. A positive sign for one of the coefficients of
the maximum requirements entails ceteris paribus that the probability of
distress is reduced if the limit is met and similarly for a negative estimate
for the excess liquidity cover.
The benchmarks are to some extent correlated, cf. Table 6. For instance
property exposure is correlated with large exposures. However, the
correlation is not perfect and not nearly as high as in the previous section,
cf. Appendix 4, and a model is estimated including all five benchmarks
adjusted with the limit values.

1.0

1.0
0.46
0.42

-0.31

1.0
1.0
-0.42

1.0

5.3. Results
Property exposure and funding-ratio are both highly statistically significant
with positive signs, cf. Table 7. The larger the deviation from the limit
values set in the supervisory diamond the higher probability of distress.
The three other benchmarks are not statistically significant. The statistical
insignificance of lending growth can reflect that effects of a, perhaps, not
so strict lending policy take a few years to materialize in the financial
statements.
The estimated probabilities for the median bank are slightly higher than in
the previous model and lower for the 10 per cent with the highest
probabilities, cf. Charts 1 and 3. If a bank exactly meets the limit values in
the supervisory diamond the probability of distress is given by the constant
term, equal to 7.6 per cent and it would actually be classified as
distressed. The differences between the results from the unrestricted
model (Table 2 and Chart 1) and the model based on the supervisory
diamond (Table 7 and Chart 3) relate to the different specifications and
objectives of the models. The main difference being that the first model is
backward-looking whereas the supervisory diamond is forward-looking.
Second, in the previous model the variables were adjusted with the sector
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average to take into account the general development whereas in this
model the adjustments are given by the limit values in the supervisory
diamond and are fixed. This means that in this model the explanatory
variables also try to account for the general development. Third, a wider
range of variables are included in the previous model and the specification
is unrestricted whereas the model including the benchmarks from the
supervisory diamond is restricted to these variables. These differences
result in a lower explanatory power in this model than in the previous
model. Finally, it should be noted that the banks were not required to
comply with the benchmarks set in the supervisory diamond before end
2012 and the purpose of these benchmarks is to ultimately prevent
excessive risk taking. Thus, since Danish banks from end 2012 are
required to comply with the supervisory diamond, it seems reasonable to
assume that the variables eventually will become statistically insignificant.
Such an outcome will, however, depend on whether the banks in the end
will fulfil the limits defined in the supervisory diamond.
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5.4. Model validation: Classification table
If the threshold for the probability level is set at 7 per cent as in the
previous section the model will identify half of the distressed banks and 55
non-distresses will be identified as distressed, cf. Appendix 6. In
comparison, the model in the previous section identified more distresses,
however, also more false alarms. The AUC equals 0.788 indicating that
the model explains approximately 3 per cent less of the variation in the
data than the previous model in Section 4.1.
5.5. Model validation: Predicted distress in 2012
Estimating the model based on the supervisory diamond excluding data
for the financial statements for 2011 results in a model where the variables
are statistically significant with the same signs. Using the probability level
of 7 per cent 12 out of 23 distressed banks are identified and 58
incorrectly classified distresses. Using the estimates on the out of sample
financial statements for 2012 the model identifies 1 of the 3 distressed
banks and not the other 2 distressed banks in 2012, i.e. the same result as
in the model in Section 4.3.
The purpose of the supervisory diamond is to prevent excessive risk
taking in banks. Some of the benchmarks can be difficult to change over a
short period of time. In the models the probabilities of distress are
estimated for the successive year; however, this might be too short a
period of time to rectify for a bank facing problems. Therefore, the model is
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also estimated with a longer lag, representing a case where the authorities
have time to react earlier to signs of problems.
If the model is estimated with the variables lagged 1 year none of the
variables are statistically significant. If the model is estimated with the
variables lagged 2 years only large exposures are statistically significant at
the 10 per cent level of significance. In the model estimated with the
variables lagged 2 years the number of observations is reduced to 420 of
which 25 are distressed banks, cf. Table 8. 1 distressed bank is omitted in
this model because data from the Danish FSA dates back to 2005.
If the model with a lag of 1 year is estimated on the same data as the
model estimated with the variables lagged 2 years, i.e. leaving out the
observations for 2006 (based on 420 observations) a similar number of
correctly classified distresses is obtained as in the model with 2 year lag in
the variables. This means that there are some observations in the data
that the model cannot explain.
If the model is estimated with the variables lagged 3 years the number of
observations is reduced to 325 of which 16 are distresses. All the
variables are statistically insignificant and no distressed banks are
identified at the threshold level of 7 per cent.

6. Conclusion and scope for further research
This paper examines leading indicators of Danish banks becoming
distressed during the period around the global financial crisis. It is the first
study of this type using Danish data. The study is, at the same time,
limited to a particular time horizon, the particular regulatory framework and
the economic conditions during the period. Bearing this in mind, lower
excess capital, higher lending growth, higher property exposure, and a
higher funding-ratio indicate a higher probability of distress. Lending
growth and property exposure relate in particular to credit risk whereas the
funding-ratio relates to liquidity risk. Excess capital indicates the size of
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the buffer the bank has to cover losses. It takes a few years before a high
lending growth affects the financial statements in a way that results in a
higher probability of distress which is also found in related literature, cf.
Logan (2001).
Even though the supervisory diamond is forward-looking a model is
estimated where the explanatory variables comprise a constant term as
well as the values of the five benchmarks adjusted with the limit values set
in the supervisory diamond. The purpose of this estimation is to assess
whether the variables in the supervisory diamond differ from the
unrestricted model. The results of this model show that deviations from the
benchmarks concerning property exposure and funding-ratio are
statistically significant with expected signs. However, deviations from the
benchmarks concerning lending growth, large exposures, and excess
liquidity cover are statistically insignificant. The model describes the
variation in the data to a less extent than the unrestricted model.
The unrestricted model uses average lending growth through 3 years
lagged 2 years and finds that it is statistically significant while the
supervisory diamond uses the yearly lending growth which is not
statistically significant. This difference arises because the unrestricted
model is backward-looking and thus explains the experience through the
crisis period. In this period it was rather several years of high lending
growth that caused problems for the banks than high lending growth in a
single year and it takes a couple of years before it results in a higher
probability of distress. However, the supervisory diamond now sets a limit
for yearly lending growth and will thus in the future limit higher yearly
lending growth persisting over several years. Another important difference
is that excess capital is comprised in the unrestricted model and not part
of the supervisory diamond. Overall, however, the analyses presented
here support the establishment of benchmarks.
The model is estimated for one specific time horizon; the period around
the global financial crisis. It would be interesting to estimate a similar
model for a longer period of time encompassing more business cycles and
the Danish banking crisis in the beginning of the 1990s. Another
interesting expansion would be to estimate the model for different
countries so as to allow for comparisons of the effects of different stages
in the business cycles as well as regulatory frameworks and practices.
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7. Appendices
7.1. Appendix 1: Distressed banks in FSA groups 1, 2 and 3, January
2008 – December 2012, by year of announcement.
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7.2. Appendix 2: Descriptive statistics – by CAMELS and
supervisory diamond.
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7.3. Appendix 3: Univariate regressions
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7.4. Appendix 4: Correlation matrix
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7.5. Appendix 5

7.6. Appendix 6
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