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Abstract—Market conditions can change rapidly. Empirical 

evidences from Europe markets show that there can be several 

years between risk being taken, revenues being generated, and 

losses flowing through. This is the lesson that the recent 

financial crisis of 2008 taught us. Stress market conditions in 

Europe can be extreme in their development and violent in their 

impact. The financial markets in Europe are always testing new 

financial products and new banking practices. In this regard, 

banks in Sweden operate in a challenging environment of 

competitiveness and complexity. New financial products and 

new banking practices in Europe markets bring new risk and 

increase the impact and frequency of existing risks. Therefore, 

it is highly important to back the risk profile of banks with 

sophisticated risk models. Risk models pose a problem to any 

bank. The recommendations set out in this paper to optimize 

the Value-at-Risk model would help banks in Europe markets 

to adopt for the complexity of risk, the unpredictability of 

adverse events, the severity of stress market conditions, and the 

sophistication of the contemporary banking industry. 

Keywords—Market Risk, Value-at-Risk (VaR), Stress Market 

Conditions, Banking Crisis, Asset Portfolio, Risk Model, Banks 

in Sweden. 

I.  INTRODUCTION 

Stress market conditions tend to be extreme in their 
development and violent in their impact in Europe markets. 
However, risk models can always be improved. Our paper 
begins from this insight. The aim is to develop risk models 
in banks to adopt for the complexity of risk, the 
unpredictability of adverse events, the severity of stress 
market conditions, and the sophistication of the banking 
industry in Europe markets. To this end, this paper considers 
the case study of banks in Sweden in the development of risk 
models believing that the case study of these banks 
represents an overview into some empirical evidences of the 
banking industry in Europe. The story of banks in Sweden 
offers many interesting insights into the way that risk must 
be modeled. The case of banks in Sweden is not just the story 
of individual banks, but a window into the structural issues 
of all risk models at banks in Europe markets. 

II.  PROBLEM STATEMENT 

Risk models present a problem to any bank. This is 
because they can always be improved. The emergence of 
new banking practices and new financial products created 
new risks. For years, the banking industry has boasted of 
having the best risk management and risk models of any 
industry. None of that, however, prevented the recent 
financial crisis of 2008. It is not altogether unreasonable to 
say that the history of banking is a history of panics and 

crises. Most history books cite at least ten distinct bank 
panics in the 1800s alone, and bank crises in 1907, 1929, and 
2008. These crises had significant impacts on the world 
economy. Stress market conditions, financial crises and 
market crashes have become a common and widely used part 
of today’s vocabulary. While financial institutions in Europe 
markets have faced difficulties over the years for a multitude 
of reasons, the major cause of serious banking problems 
continues to be directly related to poor risk models. 
Therefore, we are going to investigate in this paper the 
following question: how to optimize the Value-at-Risk 
Model to adequately quantify market risk and to better 
estimate the worst-case loss in the contemporary banking 
industry in Europe markets? 

III.  OBJECTIVES AND AIM 

The focus of this paper is primarily on risk models to 
provide banks with the measures they need to a better 
approach to risk, a better risk management and, ultimately, a 
better banking industry. The recommendations set out in this 
paper would result in a change to the Value-at-Risk model in 
banks. The aim is to optimize the Value-at-Risk model to 
adequately quantify market risk in Europe markets and to 
better estimate the worst-case loss over a given horizon and 
for a given asset portfolio with a stated confidence level. 

IV.  BACKGROUND AND SIGNIFICANCE 

Risk models can always be improved. From this insight, 
our paper begins to develop risk models in banks to 
accommodate the complexity of risk, the unpredictability of 
adverse events, the severity of stress market conditions, and 
the sophistication of the contemporary banking industry in 
Europe markets. This paper considers the case study of banks 
in Sweden in the optimization of the Value-at-Risk model to 
better quantify market risks in Europe markets believing that 
the case study of these banks represents an overview into 
some empirical evidences of the recent challenges of risk 
models at banks in Europe markets. The story of banks in 
Sweden offers many interesting insights into the way that 
risk must be modeled in the contemporary banking industry 
in Europe markets. The case of banks in Sweden is not just 
the story of individual banks, but a window into the structural 
issues of modelling risk at banks around the world. 

V.  AN OVERVIEW OF THE BANKING INDUSTRY IN SWEDEN 

With more than 9.9 mn of population, the Sweden 
economy in 2017 was nominally US 539.836 mn, the 21st 
economy in the world in terms of GDP, and one of the 
world’s fastest-growing economies with an average annual 
GDP growth rate averaged 0.57% over the past two decades. 
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The size of Sweden's banking system is equivalent to 
multiples of annual gross domestic product (GDP) and 
dominates the Swedish financial system. It is heavily 
concentrated with four universal banks holding over 85 
percent of all banking system assets. 

Sweden’s banking sector is sufficiently capitalized and 
well regulated. Banking in Sweden has been through a long 
journey. The banking sector reforms undertaken in Sweden 
from 1991 onwards (since the Swedish banking crisis) were 
basically aimed at ensuring the safety and soundness of 
financial institutions and at the same time at making the 
banking system strong, efficient, functionally diverse and 
competitive. 

VI.  OPTIMIZING THE VALUE-AT-RISK MODEL IN EUROPEAN 

MARKETS 

We believe that risk is often measured in terms of risk 
probability (the likelihood that a risk will occur) and risk 
impact (a measure of the consequences if the risk occurs). 
Markowitz (1952) believes, in his modern portfolio theory, 
that the traditional approach to risk in finance literature is 
based on the mean-variance. Therefore, and as market risk is 
the most familiar of all risks, we believe that the Value-at-
Risk (VaR) is an accepted methodology for quantifying 
aggregate risk. In fact, Value-at-Risk has been called the new 
science of risk management, especially that the most popular 
and traditional measure of risk is believed to be volatility. 

After the introduction of VaR in 1994 by JP Morgan, it 
became one of the most widely used risk measures in 
finance. Even Basel Committee considers Value-at-Risk as 
an acceptable and preferred method for determining the 
required capital level for a bank trading risk. However, based 
on our observation, we found that there is no one VaR 
number for a single portfolio, because different 
methodologies used for calculating VaR produce different 
results. The financial services industry does not have a 
standard method for Value-at-Risk measures. Broadly 
speaking, the variance covariance (delta normal), historical 
simulation, and Monte Carlo simulation are common 
methods of Value-at-Risk measures in banks. The idea 
behind the variance-covariance is similar to the idea behind 
the historical method except that it uses the familiar curve 
instead of actual data. 

By reviewing the literature on risk, we found that a large 
part of this literature deals with various techniques to 
measure the risk of banks’ asset portfolio (e.g., standard 
deviation, beta, VaR, etc.). In our opinion, the complexity of 
risks, the unpredictability of adverse market events, the 
severity of stress market conditions, and the sophistication of 
the contemporary banking industry represent new challenges 
for risk models at banks. Therefore, and as most financial 
institutions have adopted VaR as a cornerstone of day-to-day 
risk measurement, we are going to investigate and optimize 
the Value-at-Risk Model to adequately estimate the 
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magnitude of potential loss in banks over a given horizon and 
for a given asset portfolio with a stated probability defined 
as the confidence level. However, as some of the assets of 
the portfolio can provide banks with a number of remedies 
to limit their losses in worst-case scenario, we believe that 
one must take into consideration that a fraction of losses can 
be recovered as follows: 

Expected Loss (EL) = Amount Lost × (1 – Expected 
Recovery)                                                                         (1) 

By bearing in mind this formula of expected loss 
(expected recovery), and as VaR is a risk measure of the 
expected worst-case loss in normal market conditions, we 
believe that all risk measures need to consider the expected 
recovery in their risk calculations. This is because a bad debt, 
for example a loan, credit line or accounts receivable can be 
recovered either in whole or in part after it has been written 
off or classified as a bad debt. Because it generally generates 
a loss when it is written off; a bad debt recovery usually 
produces income. For instance, loans can often be 
rescheduled, customers can be coaxed into repaying a 
proportion of what they owe in return for forgiveness of the 
rest, and sometimes banks can seize and then liquidate 
collateral. 

The expected recovery values can vary widely depending 
on the type of asset and its seniority. It is affected by a 
number of factors, such as instrument type, corporate issues 
and macroeconomic conditions. In lending, the recovery rate 
can be applied to cash extended via loans or credit and 
recovered by foreclosure or bankruptcy. Knowing how to 
properly calculate and apply a recovery rate can help banks 
set rates and terms for future credit transactions. For 
example, if a recovery rate turns out to be lower than 
expected, lenders can increase interest rates on a loan or 
shorten its payout cycle to better manage the added risk.  

The type of asset and its seniority within the investment 
portfolio are among the most important determinants of the 
recovery rate. The recovery rate is directly proportional to 
the asset's seniority, which means that an asset that is more 
senior in the investment portfolio will usually have a higher 
recovery rate than one that is lower down in the portfolio. 
However, based on our observation, we found that banks, 
analysts and investors respond positively to high-expected 
recovery as it can minimize negative effects. In fact, some 
studies report that high recovery is more effective in 
amending investors’ dissatisfaction and emotion resulting 
from failure.1 Therefore, we believe that it is a better practice 
to consider the expected recovery in our calculations of 
Value-at-Risk as follows: 

VaR = (Z-score × Standard Deviation × Portfolio Value × 
√holding days) × (1–Recovery Rate)                               (2) 

Our proposed VaR measure in this formula represents the 
maximum loss on the asset portfolio that a bank may sustain 
over a specified period of time after taking into consideration 

B. Choi, The Effects of Perceived Service Recovery Justice 
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the expected recovery. This is not because we want to be 
optimistic in our proposed VaR measure, but because risk 
models are designed to reflect reality, and we want to be 
realistic about the expected loss. The expected recovery 
could be assumed to be zero. There is no problem with that, 
but it has to be considered in the calculations of VaR.  

VII.  VALUE-AT-RISK IN BANKS IN SWEDEN 

In Sweden, we believe that banks play an important 
intermediary role in sustaining development by channeling 
available funds for productive uses in the economy through 
borrowing and lending activities. Therefore, we are 
extremely confident that VaR model is of high importance to 
quantify the market risk of banks’ investment portfolios.  

The advantage of the normal distribution in optimizing 
VaR is that we automatically know where the worst 5% and 
1% lie on the curve. Accordingly, our proposed VaR 
measure can be used to estimate the worst expected loss that 
an asset portfolio in a bank in Sweden may suffer over a 
specified period of time and under a specified level of 
confidence with consideration to expected recovery rate. 
Therefore, we believe that we can make our calculations of 
VaR to measure the maximum expected loss that an asset 
portfolio in banks in Sweden may sustain at 95% confidence 
level, and over a given time horizon. Table 1 illustrates our 
calculations of VaR in 10 randomly selected commercial 
banks in Sweden during the recent financial crisis of 2008. 

TABLE 1. VAR OF ASSET PORTFOLIO IN BANKS IN SWEDEN IN 2008 

(MILLION SEK) 

Bank Name Asset 

Portfo

lio 

Confide

nce 

Level 

Z 

Sco

re 

Std 

Dev 

Expec

ted 

Recov

ery 

VaR 

SEB 

705,36

6 

95% 1.64

5 

1.99

% 

10% 20,7

81 

Handelsban

ken 

790,61
3 

95% 1.64
5 

1.99
% 

10% 23,2
93 

Swedbank 

397,51

5 

95% 1.64

5 

1.99

% 

10% 11,7

12 

Nordea 

Bank 

319,77
2 

95% 1.64
5 

1.99
% 

10% 9,42
1 

Danske 

Bank, filial 

290,69

5 

95% 1.64

5 

1.99

% 

10% 8,56

4 

DnB NOR 

Bank, filial 

48,198 95% 1.64

5 

1.99

% 

10% 1,42

0 

Länsförsäkr

ingar Bank 

16,390 95% 1.64

5 

1.99

% 

10% 

483 

SkandiaBan

ken 

44,040 95% 1.64

5 

1.99

% 

10% 1,29

8 

GE Money 

Bank 

35,408 95% 1.64

5 

1.99

% 

10% 1,04

3 

Dexia Crédit 

Local, filial 

17,786 95% 1.64

5 

1.99

% 

10% 

524 

Total 
2,665,

783 

    78,5

39 

Source: compiled by the author based on Banks’ Financial Reports published on: 

https://view.officeapps.live.com/op/view.aspx?src=https
://www.swedishbankers.se/media/2646/bank-and-finance-
statistics-2008.xls 

Although the measures we used for our calculations of 
VaR in Table 1 are very simple; nevertheless, they were able 

to explain what the essence of the VaR model. VaR is 
essentially the calculation of the standard deviation of an 
asset portfolio as an indicator of the volatility. A SEK 78,539 
mn VaR in the banking industry in Sweden means in our 
opinion a high volatility, and therefore a high probability of 
making losses. However, based on our observation of banks’ 
financial report in Sweden, we believe that banks in Sweden 
can withstand shocks arising from possible stress market 
conditions. 

Therefore, by making assumptions that the correlation 
between assets is excluded, daily fluctuations are 
independent from yesterday or tomorrow fluctuations (the 
random walk theory of finance) and that the data have a 
normal distribution, our proposed VaR measure for an asset 
portfolio with lots of assets can be presented as follows: 

VaR Portfolio = ∑ 𝑽𝒂𝑹 𝒏
𝒊=𝟏 (i) = {𝜶 ×  𝝈 ×  𝑽 ×  √𝒕 × (𝟏 −

𝑹)}                  (3) 

where n is the number of assets in the portfolio, α is Z-
score of the confidence interval, σ is the standard deviation 
or the volatility of the asset, V is the value of the asset, and 
R is the expected rate of recovery of the asset, and t is holding 
period days. 

In our opinion, Value-at-Risk is the best answer to the 
question of “What is the worst-case scenario?”. Speed and 
simplicity are the main two advantages of our proposed VaR 
measure. A holding time period and a confidence level are 
the main parameters of measurement. We believe that risk 
management at banks can use our proposed VaR measure to 
determine what risk management practices should be 
approached (some of these practices can be found in the next 
sections) to manage the risks and to hedge the positions of 
the asset portfolio, to gauge the cash reserves that banks need 
to set aside to cover potential portfolio losses, or to allocate 
capital to more efficient channels. Moreover, our proposed 
VaR measure has proven to be able to adequately reflect the 
worst-case loss by considering expected recovery in its 
calculations. This is because: 

- Some of the assets of the portfolio can provide 
banks with a number of remedies to limit their losses in 
worst-case scenario. These assets can be recovered either in 
whole or in part. 

- As Value-at-Risk is the expected worst-case loss in 
normal market conditions. Recovery can happen even in 
worst-case loss, and especially in normal market conditions. 

- Recovery rates reached more than 90% in some 
cases. However, the expected recovery could be assumed to 
be zero. There is no problem with that, but that does not mean 
that the expected recovery should not be considered in the 
calculations of VaR. 

By having considered these arguments, we were 
successfully able to optimize the VaR Model to adequately 
quantify market risk in banks by estimating the worst-case 
loss. Our proposed VaR measure has proven to be able to 
summarize all the exposures of an asset portfolio into one 
single meaningful number. Management only needs to 
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review the bank’s daily VaR number to understand the risk 
exposure of the asset portfolio, and front office only needs to 
be notified and warned when positions or losses exceed 
specified levels to take corrective action, reduce trading 
volume, suspend trading or take other remedial action. 
Furthermore, our proposed VaR measure allows banks to 

implement risk-based limits structures to control and report 
risks. Risk limits should follow a bank’s organizational 
structure so when risks exceed these limits, risk takers should 
notify their supervisors. Figure 1 presents an example of how 
VaR-based limits can be implemented and reported in a 
bank.

 

 
Source: compiled by the author 

Fig. 1. VaR-based Limits Structure and Reporting in a Bank 

 

Nowadays, we believe that if a bank is not using Value-
at-Risk to measure market risk for its trading activities, it will 
be perceived to be lagging behind the best practice standards 
in risk management. VaR has become a common language 
in banks around the world. 

VIII.  CONCLUSIONS: 

1. The emergence of new banking practices and new 
financial products in Europe markets created new risks and 
increased the impact and frequency of existing risks. Stress 
market conditions in Europe markets tend to be extreme in 
their development and violent in their impact. Therefore, it 
is highly important to develop risk models in these markets 
to adequately quantify market risks. 

2. Challenges continue in the banking industry in 
Sweden. While many challenges remain after the banking 
crisis of the 1990s, the situation of the banking industry in 
Sweden appears to stabilize in recent years. Banks in Sweden 
need to pay much attention to the inherent risks at the 
banking industry. Therefore, the use of quantitative models 
has been addressed as a very important and sensitive risk 
management practice to measure risks in banks where 
theoretical texts cannot help. 

3. The Value-at-Risk Model has been successfully 
optimized and discussed in terms of mathematical 
expectations to adequately quantify market risk by 
considering the expected recovery rate in the measure of risk 
to better summarize all the exposures of an asset portfolio 
into one single meaningful number that represents the worst-

case loss over a given horizon and for a given asset portfolio 
with a stated confidence level.  

4. Some of the assets of the portfolio can provide 
banks with a number of remedies to limit their losses in 
worst-case scenario. These assets have proven to be able to 
recover either in whole or in part as recovery can happen 
even in worst-case loss, and especially in normal market 
conditions. Our proposed VaR measure has proven to enable 
banks to determine what risk management practices should 
be approached to manage the risks and hedge the positions 
of an asset portfolio based on risk-based limits structures to 
control and report risks. Moreover, our proposed VaR 
measure has been successfully examined on asset portfolios 
in banks in Sweden to better quantify their market risk. 
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