
 

Master Thesis 

Credit Risk Model for 

loans to SMEs in Sweden 
Authors: 

Khalil Mustafa  

Victor Persson 

Supervisor: 

Lisa Hed 

Calculating Probability of Default for SMEs in Sweden based on 

historical data, to estimate a financial institution’s risk exposure,  

 

Umeå University  

June 28, 2017 

Master Thesis, 30 hp 

M.Sc. in Industrial Engineering and Management, Risk Management 300 hp  



i 

 

Declaration of Authorship 

We, Khalil Mustafa and Victor Persson, declare that this thesis titled, “Credit Risk Model 

for loans to SMEs in Sweden” and the work presented in it are our own. We confirm that: 

• This work was done wholly while in candidature for a degree at this University. 

 

• Where we have consulted the published work of others, this is clearly attributed. 

 

• Where we have quoted from the work of other, the source is always clearly given. 

With the exception of such quotations, this thesis is entirely our own work.  

 

• We have acknowledged all main sources of help. 

 

• Where the thesis is based on work done by ourselves jointly with other, we have 

made clear exactly what was done by others and what we have contributed 

ourselves. 

 

 

 

 

Signed: 

 

 

Signed: 

 

 

 

 

“ If  you don’t drive your business, you will be driven out of business.”  

 

B.C. Forbes



ii 

 

Umeå University 

Abstract 

Science and Technology  

Department of Mathematics and Mathematical Statistics 

M.Sc. in Industrial Engineering and Management 

Credit risk model for loans to SMEs in Sweden  

by 

Khalil Mustafa 
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As a consequence from the last financial crisis that began 2007 in USA, regulatory 

frameworks are continuously improved in order to limit the banks’ risk exposure. Two of 

the amendments are Basel III and IFRS 9. Basel III regulates the capital a bank is required 

to hold while IFRS 9 is an accounting standard for how banks and insurance companies 

should classify their assets and estimate their future credit losses. Mutually for both Basel 

III and IFRS 9 is the estimation of future credit losses which include probability of default 

in the calculations.  

The objective of this thesis was therefore to develop scoring model that can estimate the 

probability of default in lending capital to enterprises based on information from financial 

statements. The aim is that the developed model also can be used in the daily operations 

to reduce fixed costs by optimizing the processes and increase the profit on each loan 

issued. The model should estimate probability of default within 500 days from the last 

known information and be customized for small and medium size enterprises.  

The model is based on logistic regression and is therefore returning values between 0 and 

1. Parameters that the model consists of can either be calculated or retrieved directly from 

financial statements. The authors have during the development of the model divided the 

data, consisting of information from enterprises, based on branches. The grouping of data 

has been performed to create as homogenous sets of data as possible in order to increase 

the degree of explanation for each model. The final solution will thus consist of several 

models, one for each set of data. The validation of the models is performed, on a new set 

of enterprises where it is observed how well the models can discriminate enterprises 

defined as defaults from non-defaults.  

The master thesis did result in a number of models that are calibrated on default, non-

defaults and models developed on data divided on branches. By using the calibrated 

models, it is possible to discriminate defaulting from non-defaulting enterprises which 

has been the objective of this thesis. During the project the importance of dividing data 

into homogenous groups has been shown in order to better create models that more 

accurately can identify defaults from non-defaults.  
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Sammanfattning 

Som en konsekvens av finanskrisen som började 2007 i USA tillkom ytterligare regelverk 

för att minimera bankers riskexponering. Två av de regelverk som tillkommit är Basel III 

och IFRS 9. Basel III reglerar kapitaltäckningen för en bank medan IFRS 9 är en standard 

för hur banker och försäkringsbolag skall klassificera tillgångar samt estimera framtida 

kreditförluster. Gemensamt för de båda regelverken är estimeringen av kreditförluster 

som bland annat baseras på risken för fallissemang.  

Målet med detta examensarbete är därför att utveckla en scoringmodell som kan estimera 

risken för fallissemang vid utlåning till företag baserat på information från dess 

årsredovisningar. Modellen kommer även kunna användas i den operativa verksamheten 

för att reducera fasta kostnaderna genom att effektivisera processer och då öka 

avkastningen på varje utlånad krona. Modellen kommer att estimera risken för 

fallissemang inom 500 dagar från senast kända informationen och den kommer att 

anpassas till svenska små och medelstora företag.  

Modellen är baserad på logistisk regression och kommer därför att returnera värden 

mellan 0 och 1 samt bestå av parametrar som antingen kan beräknas eller hämtas direkt 

ur en årsredovisning. För att öka modellens förklaringsgrad har författarna vid 

kalibreringen av modellerna delat in datat efter branscher. Uppdelningen har gjorts för att 

skapa så homogena grupper som möjligt och lösningen kommer därför att bestå av flera 

olika modeller. Validering av modellerna sker genom att på nytt data testa hur bra företag 

som definierats som fallissemang kan diskrimineras från företag som inte definieras som 

fallissemang.  

Rapporten resulterar i ett antal modeller som är baserade på konkurser, icke konkurser 

samt modeller baserade på ett data som är uppdelat på branscher. Genom att använda de 

kalibrerade modellerna så går det att diskriminera konkurser från icke konkurser vilket 

varit målet med denna rapport. Arbetet har också påvisat vikten av att dela in datat i 

homogena grupper för att på ett bättre sätt skapa modeller som mer exakt kan urskilja 

konkurser från icke konkurser.  
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Frequently used words and their interpretations 
Financial statements The financial information of the enterprise and consists of 

Balance Sheet, Income Statement and Cash Flow Statement. 

 

Data Set  

 

A set of data used in the calibration of the models.  

 

Groups 

 

Depending on the model, each set of data is divided into 

groups depending on the branch the enterprise is active in. 

 

Parameter 

 

It is the financial ratio of an enterprise calculated or 

collected from the financial statements. 

 

Coefficients 

 

Coefficients or regression coefficients are the factor that a 

parameter is multiplied with. 
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1. Introduction 
This chapter begins with some background information to give a better understanding of 

the problem handled in this report, which then converges to aim and purpose. The aim 

and purpose is then followed by some restrictions and other delimitations that have 

affected the project. The chapter ends with an outline for the rest of the report to make it 

easier to follow the structure of the thesis.  

1.1 Background  

1.1.1 Risk management 

As a consequence of the last financial crisis that began 2007 in the USA, regulatory 

frameworks are continuously improved in order to limit the banks’ risk exposure. The 

frameworks have forced financial and more specific the banking industry to undergo 

major modifications. The demand for a limitation of banks’ risk exposures does also 

highlight the importance of risk management. The Swedish corporate bank SEB state that 

“Risk management is indispensable for the bank’s long-term profitability” [1]. 

An observation of Standard and Poor’s 500 (S&P 500) and Morgan Stanley Capital 

International Europe Index (MSCI Europe Index) does also confirm the importance of a 

well-functioning risk management department. Since 1980, S&P 500 has dropped 20 

percent or more 6 times from the peak intra-year ([2], p.13) and a similar decline has 

occurred 8 times in MSCI Europe Index ([3], p.78). A year with a significant decline in 

the equity market could easily set a bank with a poor risk management below the capital 

requirements, and in worst case default.  

Banks in Sweden stand under Finansinspektionen’s (Sweden’s financial supervisory 

authority) supervision and are required to hold capital corresponding to their risk 

exposure ([4], p.10-11). The credit risk is the largest risk a bank is exposed to and the 

single largest factor to affect the size of capital banks are required to hold ([5], p.1).  

1.1.2 Credit risk 

The definition of credit risk is the risk that an issuer of debt securities or a borrower default 

on its obligations ([6] p.383). The earliest known cases of credits are from 1800 B.C where 

Hammurabi, the king of the first dynasty in Babylonia handed out a number of laws 

concerning loans [7], and the oldest bank that still operates is the Italian bank Banca 

Monte dei Paschi di Siena, headquartered in Italy and has been operating since 1472 [8]. 

The financial crisis that began in 2007 revealed the risk of the current rating system. The 

regulatory frameworks financial institutions are required to follow, values assets and 

securities based on the ratings from the three major external credit agencies (Standard & 

Poor’s, Moody’s and Fitch Group). A system in which credit rating agencies offers their 

services is sensitive due to the incentives to give enterprises a good rating in order to keep 

them as customers. The sensitiveness of the rating system was revealed during the 

financial crisis when securities that later were classified as junk bonds were valued and 

traded as securities with triple-A rating ([9] p.139). The mortgage loan crisis in 2007-

2009 revealed the value of internal models as a compliment to the external rating ([9], 

p.141-142). 
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1.1.3 Expected loss 

Basel accords and International Financial Reporting Standards (IFRS) are regulations 

that require financial enterprises to estimate the expected loss (EL). Basel accords is 

regulations developed in order to determine the amount of capital a bank is required to 

hold. IFRS and more specifically IFRS 9 is an accounting standard that require financial 

firms to classify and estimate their future credit losses and deduct them as a loss in the 

financial statements. An accurate estimation is important as a reservation of too much 

capital affects the return and profit for the enterprise. An inaccurate estimation where too 

little capital is held does instead increase the risk for a financial enterprise and a default 

may occur. Probability of default is one of the factors that affect the estimation of expected 

loss in both Basel accords and IFRS 9.    

1.1.4 Scoring models 

Probability of default for an enterprise or underlying asset can be estimated in several 

ways and one is to create a model that returns the probability of default depending on a 

number of parameters. Scoring models are models that predict an outcome based on 

predetermined parameters. The advantage with a scoring model is that it returns a 

deterministic value based on real values and is easy to use given that the parameters are 

easy to retrieve, and a model is not dependent on the person handling the application. 

Statistical models are also preferable in lending to enterprises that are small or have 

limited available information except for the information available in the financial 

statements. The process of approving loans to that type of enterprises is usually less 

qualitative due to the smaller monetary amount combined with less available information.  

The method of using data in form of historical information or other known parameters to 

predict an outcome has been done for a long time and also in many different areas. Some 

examples of this is that taxi companies and sales companies began to use biographical 

data during the early years of the 20th century in order to hire the best salesmen and taxi 

drivers. Guardian Life Insurance Company found that 12 years of education was optimal 

to be an insurance salesman, an age between 30 and 40 was the best age and married 

salesmen tended to perform better than unmarried ones. A critical score was set based on 

502 salesmen that eliminated 54% of the salesmen performing below the requirements 

and 16% of the employees performing above ([10], p.9-10).  

One of the first to introduce this method in the financial world was professor Edward I. 

Altman. He introduced a scoring model to estimate high or low probability of default for 

large industrial enterprises in 1968. Since Altman’s Z-score was published in 1968, 

numerous models have been developed in order to estimate the probability of default. 

Similar scoring models that have been included in the literature study are the O-score 

developed by Ohlson [11]. J, Zmijewski’s model [12] and Altman’s revised ZETA [13].  

The type and structure of enterprises changes over time as a result of new type of 

technology. Also the character of world’s largest enterprises has changed as a new type 

of software developers has entered the market. Apple, Amazon, Microsoft, Facebook and 

Alphabet (Google) are 5 of the 6 largest enterprises in S&P 500 based on market cap today 

[14]. They all have advanced software programs in common and do not have as much 

assets as the industrial enterprises that were on top of the list before such as the telecom 

enterprise AT&T. This is one of the reason why new models need to be developed.  
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1.1.5 The institution 

This thesis is written with support from a financial institution in Sweden but due to 

secrecy and with respect to their customers their name is not included anywhere in this 

thesis. The institution has also stated that the authors have all the rights to any findings. 

The institution has somewhere between 300-520 employees and operates mostly in 

Sweden but also in the other Nordic countries. They have contributed with data, 

workspace and guidance in the project.  

1.2 Aim and purpose 

The objective of this master thesis is to develop a scoring model for estimation of the risk 

exposure for small and medium size enterprises (SMEs) in Sweden. SMEs are enterprises 

with sales less than 50 million euro and a maximum of 249 employees [15]. 

The aim is that the final models should estimate the probability of default for an enterprise 

within 500 days based on data from their last financial statements. The purpose of the 

models is to work as a complement to the Swedish credit rating agency Upplysnings 

Centralen (UC), in order to estimate the financial institution’s risk exposure on loans to 

SMEs. An effect of this project will therefore be that the institution receives a different 

view on their risk exposure. The models will also be usable in the daily operations and 

possibly increase the operating profits as it could be a part of the approving and rejection 

process of loans to a less cost than human administrators.  

1.3 Definition of default 

The objective is that the models will estimate the probability of default. The status default 

has more than one meaning from the perspective of a financial institution but common for 

all of them is that the enterprise is not able to fulfill their obligations. That means that the 

lender will lose a part of their money and some of their credits will default. The developed 

models are calibrated on data where garnishment, bankruptcy, debt agreement and 

reconstruction are all defined as the status default. See Appendix A for a full description 

on the conditions defined as default. 

1.4 Data 

The information that are analyzed and used to create the models is collected from financial 

statements of SMEs that are located in Sweden. The data is received from UC through the 

financial institution and coded to protect the name of the enterprises to be revealed. The 

enterprises that the models will be built on are SMEs that have applied for a loan at the 

financial institution. The data consists of a total of 880 enterprises of which 80 have status 

default which is a collection of four statuses as explained in Section 1.3. The data consists 

of financial statements from one up to eight years depending on how long the enterprises 

have been operating and the earliest data are from the beginning of 2005 and the most 

recent from the end of 2016. For enterprises with status default the most recent 

information is within 500 days from the date of default.  
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1.5 Delimitations 

The data that the models are developed on is collected from financial statements of 

Swedish SMEs. The reasons why the models will calculate the probability of default 

within 500 days is that the time between the last available financial statement and the date 

of default differs between the enterprises, depending on the day of the default and can be 

anywhere from 1 day up to 500 days.  

The models are restricted to only include parameters and ratios that are available in 

financial statements, or that can be calculated based on data from the financial statements. 

It can take up to four months for the information from the financial statements to be public, 

so it is necessary to have a time limit that makes it possible for new data to be available 

within the prediction. 

1.6 Outline 

In the rest of the report the theory, methods and results will be presented and in the end a 

discussion about the work and the results will be held as well as some recommendations. 

In Chapter 2 (Theory) the theory behind the models, formulas and equations for different 

tests executed during the project will be explained. In Chapter 3 (Method), it is explained 

how and when the theory is applied and in which order the work is done. After the method 

is explained the results from the work are presented in Chapter 4 (Result). The result 

chapter is divided in three different sections as the tests are done on three different ways 

of grouping the enterprises as explained in Subsection 3.2.2. After the results are 

presented, Chapter 5 (Discussion) follows with discussions about pros and cons with the 

grouping and other topics that can have affected the result during the project, as well as if 

there is something that could have been made differently. In the final Chapter (6) of the 

thesis, recommendations that are based on some of the subjects in Chapter 5 are presented. 

The chapter does include recommendations to both the institution and others that want to 

develop a scoring model.   
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2. Theory  
The theories, formulas and models are explained in the following chapter in order to 

enhance the understanding of what has been done during the project. The chapter begins 

with scoring models, what a scoring model is and how it can be interpreted. The section 

about scoring models is then followed by the theory behind logistic regression and an 

example to clarify how logistic regression can be used. This chapter does also include 

sections where Maximum likelihood, the statistical test used in this thesis to develop the 

models and expected loss also are clarified. Finally, the theory behind our tests in order 

to validate our models is presented.  

2.1 Scoring models  

The objective of the report is to develop scoring models that estimates probability of 

default. Scoring models have been used in different areas for a long time in order to 

discriminate populations into two groups as in the example with the salesmen in 

Subsection 1.1.4.  

In the financial industry scoring models have been used to discriminate a population into 

defaults and non-defaults by letting the returned value depend on several predetermined 

parameters. An example of a scoring model is expressed in equation 2.1.1 where 
{𝐶1 … 𝐶𝑛} are coefficients, {𝑋1 … 𝑋𝑛} are predetermined parameters and Z is the returned 

score 

𝑍 =  𝐶1𝑋1 +  𝐶2𝑋2 +  𝐶3𝑋3 + 𝐶4𝑋4 + . . . + 𝐶𝑛𝑋𝑛. (2.1.1) 

 

As mentioned in Subsection 1.1.4 Edward Altman brought the scoring model to the 

financial industry and developed his own model Z-score in order to predict the probability 

of default for industrial enterprises based on a number of parameters from financial 

statements. The initial 1968 version of Altman’s Z-score model, see equation 2.1.2, had a 

critical score of 2.67. Values exceeding 2.67 implied low risk of default and values less 

than 2.67 implied that the enterprise was not healthy ([16] p.91). Altman’s original Z-

score model with the corresponding parameters are presented below as,   

𝑍 = .012𝑋1 + .014𝑋2 + .033𝑋3 + .006𝑋4 + .999𝑋5 (2.1.2) 

 

where,    

𝑋1 =  
𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑎𝑠𝑠𝑒𝑡𝑠 − 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑙𝑖𝑎𝑏𝑖𝑙𝑡𝑖𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠
 

𝑋2 =  
𝑅𝑒𝑡𝑎𝑖𝑛𝑒𝑑 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠

𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠
 

𝑋3 =  
𝐸𝐵𝐼𝑇

𝐴𝑠𝑠𝑒𝑡𝑠
 

𝑋4 =  
𝑀𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑒𝑞𝑢𝑖𝑡𝑦

𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑒𝑏𝑡
 

𝑋5 =  
𝑆𝑎𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠
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2.2 Logistic regression 

To find a way to build a scoring model that estimates probability of default in percentage 

form or in the interval [0, 1] a literature study was done. The study did show that usage 

of logistic regression in the model would work as that method returns a value between 0 

and 1 ([17] p.119). Logistic regression is also commonly used by statisticians and social 

scientists to explain relations with binary outcome as for example probability of pass or 

fail an exam. The return between 0 and 1 from a logistic regression can be compared to a 

linear regression where the return could be 

in the interval (−∞, ∞) depending on the 

parameters. Even if a linear model is scaled 

to fit a specific interval with the calibration 

data, the predetermined interval is not a 

guarantee when the model is used on data 

from another observation.  

Figure 1 shows an example of how a 

logistic regression curve could look like. 

Imagine that the first 12 observations (the 

points) have defaulted i.e. 100 % 

probability of default (1 on the y-axis) and 

the last 12 has not defaulted (0 on the y-

axis). Then the line would be a well fitted regression line and it is possible to see that the 

line is bounded between 1 and 0.  

The value returned from a logistic model is the same as the probability of occurrence for 

the scenario tested, given that the parameters used in the model are significant for the 

scenario and the regression coefficients are calibrated correctly. The logistic model is a 

modification of the log odds model that uses the natural logarithm of the odds for a 

scenario. As the odds are the probability for success divided by 1 minus probability for 

success (or probability for failure) there is a clear connection between odds and 

probability. This makes it possible to rewrite the function to return the probability instead 

of the odds. The log odds model is written in equation 2.2.1, where 𝑌 is the number of 

parameters used in the model, 𝑋𝑖 is a vector of size 𝑌 + 1 for observation 𝑖, 𝑋𝑖 =

(𝑥𝑖0, 𝑥𝑖1, … , 𝑥𝑖𝑌) where 𝑥𝑖1 to 𝑥𝑖𝑌 is explanatory parameters and 𝑥𝑖0 is equal to 1, 𝛽 is a 

vector of size 𝑌 + 1 and 𝛽 = (𝛽0, 𝛽1, … , 𝛽𝑌) with corresponding regression coefficients. 

The first element 𝛽0 in 𝛽 is the interception for the log odds model and the reason to 𝑥𝑖0 =
1, 𝑖 is the index for the observation and 𝜋𝑖  is the probability of occurrence for the scenario 

as for example in our case is the probability of default. 

log(𝑜𝑑𝑑𝑠) = log
𝜋𝑖

1 − 𝜋𝑖
= 𝛽 •  𝑋 𝑖  

 (2.2.1) 

 

When solving the model to find 𝜋𝑖 we get the logistic model as shown in equation 2.2.2. 

𝜋𝑖 =  
𝑒𝛽 • 𝑋𝑖   

1 + 𝑒  𝛽• 𝑋𝑖   

 

 (2.2.2) 

 

 

Figure 1. An example of a logistic regression line 
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The elements of 𝛽 are then estimated by using a maximum likelihood (ML) method where 

occurrence of the tested scenario is set to 1 and non-occurrence to 0. If at least one element 

in 𝛽 is not equal to 0, the null hypothesis is rejected. That means that the model will 

predict the probability of occurrence different for different samples, depending on the 

explanatory parameters in 𝑋𝑖 of the sample and not have the equal probability of 

occurrence 𝐸[𝜋] for all samples in the population, see equation 2.2.3 ([18], p.15).   

 

𝜇 = 𝐸[𝜋] =  
(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒)

(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒)
   (2.2.3) 

The number of occurrences in this report is the number of enterprises that have defaulted 

and the total number of enterprises in the data collected is the size of the population.   

Here follows an illustration of a logistic regression with binary outcome. Let hours studied 

before an exam explain the probability to pass the exam. The data in Table 1 are gathered 

to illustrate this and to be able to illustrate it in a graph, grades are coded as 1 for passing 

the exam and 0 for failing the exam. 

An illustration of a logistic regression function for hours studied relative to pass or fail an 

exam has been added in Figure 2. A linear regression is also performed to illustrate the 

differences between a linear regression and a logistic regression, however it is necessary 

to know that the coefficients for the logistic regression are calculated roughly and may 

not be the optimal coefficients. In this example 𝑋𝑖 = (𝑥𝑖0, 𝑥𝑖1) where 𝑥𝑖1 is the number of 

hours studied. Even for a simple study as in Table 1, observation of the linear regression 

line and the corresponding probabilities implies that students studying less than 2.3 hours 

have a negative probability to pass the exam. The probability is also higher than 1 for 

students studying more than 20 hours according to the linear regression while the logistic 

function always returns a value in the interval [0,1]. 

  
  

 Hours  Grade Binary grade 

Student 1 16 Pass 1 

Student 2 17 Pass 1 

Student 3 11 Pass 1 

Student 4 5 Fail 0 

Student 5 10 Fail 0 

Student 6 6 Fail 0 

Student 7 16 Pass 1 

Student 8 11 Fail 0 

Student 9 7 Pass 1 

Student 10 15 Fail 0 

Table 1. A table over exam grade and hours studied Figure 2. Graph on hours studied to pass exam, with 

linear regression line and a hypothetical logistic 

regression curve 
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2.3 Maximum likelihood 

To make the parameters contribute in an optimal way from the given data it is important 

that the regression coefficients i.e. the beta vector (𝛽) is correctly calculated, this is done 

by a ML. ML is one of many approaches to estimate coefficients in mathematical models. 

Another method that is commonly used epically for linear models is least square (LS). 

ML and LS give the same result for linear models when normality can be assumed for the 

depended variable. ML is preferable to use for both linear and more complex non-linear 

models as logistic regression as ML has the advantage that no assumption of normality is 

required or any other restriction for the independent variables. There are two types of ML 

estimations, conditional and unconditional. In Statistical Analysis Software (SAS) that is 

used during this project the unconditional method is used ([19], p 106-107).  

The likelihood function 𝐿(𝛽) represents the joint probability of observing the data which 

also can be written as the probability of observing the data that have been collected. As 

the outcome is binomial in this project, default or non-default, the 𝐿(𝛽) function can be 

expressed as a joint probability function for a binomial distribution (see equation 2.3.1) 

([19], p.112). 

𝐿(𝛽) = ∏
𝑛𝑖!

𝑘𝑖! (𝑛𝑖 − 𝑘𝑖 )!
𝜋𝑖

𝑘𝑖 (1 − 𝜋𝑖)𝑛𝑖 −𝑘𝑖 

𝑁

𝑖=1

 

 

(2.3.1) 

Where 𝑛𝑖  is the size of sample 𝑖, 𝑘𝑖 is the number of successes in the sample, 𝜋𝑖 is the 

probability of success for that sample and 𝑁 are the number of different samples. It may 

not be clear how the function depends on 𝛽 but by observing equation 2.3.2 it is possible 

to see that 𝜋𝑖 depends on 𝛽 and as 𝐿 depends on 𝜋𝑖 , 𝐿 also depends on 𝛽 ([20], p.32).   

𝜋𝑖 = (
𝑒𝑋𝑖•𝛽 

1 + 𝑒𝑋𝑖•𝛽 

) 
 

(2.3.2) 

One way to maximize the function is to calculate the derivative and set it equal to 0. It is 

also possible to maximize the natural logarithm of the function instead as the function in 

2.3.1 is hard to derive ([19], p.113). The log(𝐿(𝛽)) function is expressed in equation 

2.3.3 ([17], p.120). 

log(𝐿(𝛽)) = 𝑙(𝛽) = ∑ (𝑘𝑖(𝑋𝑖 • 𝛽 ) − 𝑛𝑖log (1 + 𝑒𝑋𝑖•𝛽 ))

𝑁

𝑖=1

 

 

(2.3.3) 

To find the maximum of the function 𝑙(𝛽) its derivative is calculated and set equal to 0 

as equation 2.3.4 ([17], p.120). This does not guarantee that the point is a maximum, but 

it guarantees that it is a critical point that need to be investigated. 

𝜕𝑙(𝛽)

𝜕𝛽𝑗  

= ∑ 𝑥𝑖𝑗(𝑘𝑖 − 𝑛𝑖𝜋𝑖) = 0,

𝑁

𝑖=1

   𝑗 = 0, 1, … , 𝑌   (2.3.4) 
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This generates Y+1 equations that need to be solved to find our 𝛽 = (𝛽0, 𝛽1, … , 𝛽𝑌). This 

is still hard to do algebraically but can be done by numerical methods. One commonly 

used method is Newton Raphson that solves equations of the form 𝑓(𝑥) = 0 ([17], p.121). 

2.4 Statistical tests 

In this section, the statistical tests that are used to observe if a significant difference exist 

between defaulting and non-defaulting enterprises are explained, as well as the test 

performed to test the accuracy of the models. 

2.4.1 Students t-test & F-test 

In order to observe if there exists a significant difference between the mean values of two 

samples, a Students t-test (t-test) can be performed. In our case the two samples are created 

by a separation of defaulting and non-defaulting enterprises. T-test is a statistical method 

to test the null hypothesis, that it does not exist any significant difference between the 

mean value of sample 1, 𝑢1 and the mean value of sample 2, 𝑢2 see equation (2.4.1).  

𝐻0:  𝑢1 − 𝑢2 = 0 (2.4.1) 

 

The test can be done in Excel by a built-in function, to do the test it is necessary to first 

examine the variance and distribution of the samples. The variance of the two samples is 

examined as the t-test function in Excel need to know if the variance is the same or 

different. One way to test the variance is by an F-test. The null hypothesis of an F-test is 

that it does not exist any significant difference between the variance of the samples 𝜎1
2 

and 𝜎2
2,  see equation (2.4.2).   

𝐻0: 𝜎1
2 − 𝜎2

2  = 0 (2.4.2) 

 

The F-test and t-test combined will then show if it exists any statistically supported 

difference between the two groups for the tested parameter or ratio. For both of the test it 

is the returned p-value that decides how to interpret the result. The p-value is a measure 

of the probability for 𝐻0 to occur. A p-value near 1 indicates a probability near 100% for  

𝐻0 to occur and a low p-value indicates that 𝐻0 will probably not occur. The t-tests are 

mainly performed in an early stage to see if there are any differences between defaulting 

and non-defaulting enterprises. The t-test has a less decisive role when it comes to the 

final model, as parameters can be combined in different ways in the model. Due to the 

less decisive role for the final model none of the higher moments of the parameters were 

concerned. 

2.4.2 Somers’ D 

Somers’ D is a statistical measure of ordinal association between two possibly dependent 

random variables 𝑋 and 𝑌. The possibly dependent variables could for example be weight 

and length where 𝑋 stands for a person’s weight and 𝑌 for the same person’s length. Then 

sort all pairs of 𝑋 and 𝑌’s from a population from the smallest to the largest 𝑋. If that also 

means that 𝑌 is sorted from the smallest to the largest there is a large ordinal association. 

The Somers’ D value can take on values between [−1, 1] where a value near 1 indicates 

on high ordinal association as for example if all of the taller people also weighs more than 

the shorter persons and a value close to -1 would occur if all the taller persons weighs less 

than the shorter persons.  
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Somers’ D is a rank-based value that is commonly used in rank statistics. Rank statistics 

is based on discrimination of data which differs from example the t-test that measures if 

the mean-value of two data sets differ with regard to their standard deviation ([21], p.1-

3). Somers’ D is also used as a quality measure in logistic regression and credit scoring 

models ([22], p.6). SAS, that is used in this thesis in order to find the best parameters and 

their regression coefficients, does also use Somers’ D as a quality measure.   

The calculations behind Somers’ D value is explained below and follows by an example 

to make it easier to understand all of the notations. 

Let (𝑥1, 𝑦1), (𝑥2, 𝑦2), (𝑥3, 𝑦3), … , (𝑥𝑛, 𝑦𝑛) be a set of pairs where 𝑛 ∈  ℕ. Denote two 

pairs of observations (𝑥𝑖, 𝑦𝑖) and (𝑥𝑗 , 𝑦𝑗) where 𝑖, 𝑗 ∈  ℕ and are in the interval [1, 𝑛].  

Then, let variable 𝑋 be discrete, variable 𝑌 be binary and depend on 𝑋. 

The two pairs are then said to be, 

• Concordant if  𝑥𝑖 > 𝑥𝑗  𝑎𝑛𝑑 𝑦𝑖 > 𝑦𝑗 or if 𝑥𝑖 < 𝑥𝑗  𝑎𝑛𝑑 𝑦𝑖 < 𝑦𝑗 

• Discordant if 𝑥𝑖 > 𝑥𝑗  𝑎𝑛𝑑 𝑦𝑖 < 𝑦𝑗  or if 𝑥𝑖 < 𝑥𝑗  𝑎𝑛𝑑 𝑦𝑖 > 𝑦𝑗  

• Neither concordant nor discordant if 𝑥𝑖 = 𝑥𝑗  

and Somers’ D equals: 

𝐷𝑌𝑋 =  
𝑁𝐶 − 𝑁𝐷

𝑁𝐶 + 𝑁𝐷 + 𝑁𝑇
 

 

where, 𝑁𝐶 is the number of concordant pairs, 𝑁𝐷 is the number of discordant pairs and 𝑁𝑇 

is the number of neither concordant nor discordant pairs.  

 

Somers’ D is a measure that returns how well a model can discriminate a population 

compared to the reality. An example has been created below in order to illustrate how the 

measure is calculated for observation with discrete values.  

Let Table 2 illustrate a population of humans with their corresponding weight and length. 

In this example, the hypothesis is that weight and length correspond to each other such 

that a person with a high weight also is taller. Somers’ D is then calculated to observe 

how well such a discrimination would be on the population in Table 2.  

      X: kg 

Y: cm 

60 72 93 

170 2 4 1 

192  1 2 3 

Table 2, An example of observations 

The population is then divided into two sets of data depending on the length. Each pair is 

then compared with the rest of the pairs as illustrated in Figure 3. The concordant pairs 

are illustrated as the dark arrows and the discordant pairs as the light arrows. The amount 

of arrows is then multiplied with the number of equal pairs and then summed up. 
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(170 cm, 60 kg) (192 cm, 60 kg) 

  

(170 cm, 60 kg) (192 cm, 72 kg) 

  

(170 cm, 60 kg)  (192 cm, 72 kg) 

  

(170 cm, 72 kg) (192 cm, 93 kg) 

  

(170 cm, 72 kg)  (192 cm, 93 kg) 

  

(170 cm, 72 kg)  (192 cm, 93 kg) 

  

(170 cm, 72 kg)  
Figure 3. An illustration of concordant and discordant pairs 

The calculation of concordant and discordant pairs is as follows.  

Number of concordant pairs equals (𝑁𝐶): 3×5 + 4×3 = 27    
Number of discordant pairs equals (𝑁𝐷): 4×1 = 4 

Number of neither concordant nor discordant pairs (𝑁𝑇): 2×1 + 4×2 + 1×3 = 13  

𝐷𝑌𝑋 =  
27 − 4

27 + 4 + 13
= 0,523 

A result equal to 1 would imply that the population would have been discriminated such 

that the 6 tallest persons also would have been the ones with largest weights which it is 

not in this case. A returned Somers’ D value close to 0,6 is good given that the population 

is large. Due to the few number of observation in the example, a Somers’ D value of 0,523 

is not good enough. It is possible to discriminate people with a high compared to low 

weight based on their length but it is not as accurate as most situations would require.  

2.5 Expected loss 

Financial regulations as Basel III accords and IFRS 9 require financial enterprises to 

estimate the expected loss. The objective of this report is to develop scoring models in 

order to estimate probability of default which is one factor in the calculations of expected 

loss. Expected loss is calculated by multiplying probability of default (PD) with loss given 

default (LGD) and exposure at default (EAD) according to the Basel regulations (see 

equation 2.5.1). LGD is a measure on how many percent of the loan that can be collected 

in case of a default and EAD is the outstanding amount at the time of the default ([23], 

p.3). 

𝐸𝐿 = 𝑃𝐷 ∗ 𝐿𝐺𝐷 ∗ 𝐸𝐴𝐷 (2.5.1) 

 

For the newer IFRS 9 regulation, a second formula is used where expected loss is 

calculated by multiplying PD with PV according to equation (2.5.2). PV is the present 

value of the cash shortfall, i.e. the amount of the outstanding loan when the default occurs 

([24], p.29).  

 

𝐸𝐿 = 𝑃𝐷 ∗ 𝑃𝑉 (2.5.2) 
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2.6 Validation tests  

In the following two subsections two different types of validations for the final models 

are explained. To perform these tests a special data set is created, see Subsection 3.2.2 for 

an explanation of the data. 

2.6.1 Errors of type 1 & 2 

Errors of type 1 and 2 occur in models that discriminate a population into binary outcome. 

Type 1 error would in our models be an enterprise that in reality not has defaulted but is 

estimated to default. Error of type 2 is when an enterprise defaults that is estimated to be 

a non-defaulting enterprise. The optimal solution would be a model that has a minimum 

of both type 1 and 2 errors, i.e. a model that rejects defaults and still approve non-

defaulting loans. The accuracy of the developed models can be tested by observing the 

rate of both type 1 and 2 errors by dividing the type of error with the number of possible 

errors (see equation 2.6.1) ([25] p.146-147). 

𝑇𝑦𝑝𝑒 (1 𝑜𝑟 2) 𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 % =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑟𝑟𝑜𝑟𝑠

𝑁𝑢𝑚𝑏𝑒𝑟𝑠 𝑜𝑓 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑒𝑟𝑟𝑜𝑟𝑠
 (2.6.1) 

Where number of errors is either type 1 or type 2 errors and numbers of possible errors is 

for type 1 error all the observation that have the possibility to become a type 1 error, in 

our case it is the number of enterprises that has not defaulted in reality.   

2.6.2 Discrimination of defaults & non-defaults  

The scoring models developed in order to discriminate defaults from non-default and the 

discrimination test is used to observe how well the models performs. The test returns the 

percentage amount of defaulting and non-defaulting enterprises that exceeds the 

predetermined limit. The test begins with a predetermined limit 𝑁 that is chosen by the 

user. The amount of enterprises exceeding the level is then summed up and divided by 

the total number of enterprises for each status (see equation 2.6.2).  

 

𝐷𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑎𝑛𝑡 𝑟𝑎𝑡𝑖𝑜 (𝑖) 𝑎𝑡 𝑙𝑖𝑚𝑖𝑡 𝑁 =   
𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑐𝑒𝑠 (𝑖) 𝑤𝑖𝑡ℎ 𝑠𝑐𝑜𝑟𝑒𝑠 𝑒𝑥𝑐𝑒𝑒𝑑𝑖𝑛𝑔 𝑙𝑖𝑚𝑖𝑡 𝑁

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒𝑠 (𝑖)
 (2.6.2) 

  
    𝑤ℎ𝑒𝑟𝑒 𝑖 ∈ {1,2} 𝑎𝑛𝑑 1 = 𝐷𝑒𝑓𝑎𝑢𝑙𝑡𝑠 𝑎𝑛𝑑 2 = 𝑁𝑜𝑛 − 𝑑𝑒𝑓𝑎𝑢𝑙𝑡𝑠 

 

The discriminant ratio could then be interpreted in a way where exceeding enterprises are 

denied but also where non-exciding enterprises are approved.  

Below follows an example that is created to give a better understanding of how the above 

test is used and how to interpret the tables that will be presented in Chapter 4. It is done 

by some fabricated results with less quantity that makes it possible to illustrate and easier 

to understand. In the figures below the diamonds represent enterprises that in reality have 

not defaulted and the squares represent enterprises that have defaulted. The tested 

enterprises are presented on the x-axis and their score that the models has returned is 

presented on the y-axis.  
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A desirable model would return a result similar to the one illustrated in Figure 4 and 

presented in Table 3. With a limit to reject all enterprises with a score higher than 70%, 

the model would reject 65% of the applications from defaulting enterprises and 0% of the 

non-defaulting enterprises. Another way to use it is by accepting loans from all enterprises 

below the 30% limit in that case 55% of the applications of non-defaulting enterprises are 

accepted and 0% of the defaulting.  

                                                                                                                                                                  

An example of a not desirable result is presented in Table 4 and Figure 5. In Figure 5 it 

seems like the defaulting and non-defaulting enterprises have the same distribution. If 

that’s the case it is hard to discriminate defaulting enterprises from non-defaulting 

enterprises. The problem is also confirmed in Table 4, where the percentage of enterprises 

above every limit is similar for non-defaults and defaults i.e. the difference between in the 

proportion column is small. A denial or approval of applications based on this would 

reduce the market size but still retain almost the same risk exposure. 

                                                                      

A more likely result would be somewhere between the two above cases where a 

discrimination of enterprises is possible but not to the extent as shown in Figure 5.  

Data Limit % Proportion % 

Non-default 70 0 

Default 70 65 

   

Non-default 50 25 

Default 50 100 

   

Non-default 30 45 

Default 30 100 

Table 3. Table on the proportion of enterprises that have a 

score above each limit for both non-defaults and defaults 

Data Limit % Proportion % 

Non-default 70 15 

Default 70 20 

   

Non-default 50 20 

Default 50 40 

   

Non-default 30 65 

Default 30 70 

Table 4. Table on the proportion of enterprises that have a 

score above each limit for both non-defaults and defaults 

Figure 4. An illustration over the returned values from a 

model that discriminates well 

Figure 5. An illustration over the returned values from a 

model with poor discrimination 
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3. Method 
In the following chapter, it will be explained what has been done during the project and 

which tools and methods have been used. The chapter begins with a literature study and 

our enhanced knowledge and experience from it. The literature study is then followed by 

a section about the data and how it has been divided and how the formatting of the data 

has been done. The final section of this chapter is about the model, how it has been 

developed and how the validation has been performed.   

3.1 Literature study 

The project began with a literature study to get a background and enhance our knowledge 

about credit risk, the problem with credit risk and from where it arises. The literature study 

did contain articles such as Edward Altmans’s article from 1968 together with other 

articles about scoring models. Documentations about the financial crisis in 2007 and new 

legislations for financial institutions that followed the crisis were also read. After an 

improved understanding in credit risk, the literature study focused on models that are used 

today for estimation of credit risk and mostly probability of default. The literature study 

revealed the importance of analysis on parameters that are used in the models in order to 

increase the degree of explanation. One type of analysis that is used for this is t-tests of 

the variables to see if the mean-value between defaulting and non-defaulting enterprises 

differs. 

3.2 Data 

The present section will first explain how the used data has been formatted and with which 

tools. This is followed by how the data has been divided in smaller sets to get around 

some problems that occurred during the project. 

3.2.1 Formatting of data 

The data used for this project was received in different Excel files. A code was created in 

Visual Basic for Applications (VBA) to organize the data and merge it into one file in 

order to make it easier to overview. Figure 6 illustrates how the main file looked like when 

the project began. The columns used in the file were column B (DocumentID), column H 

(FieldID), column I (FieldValue) and column K (FieldIndex). Column B was the most 

important as the number in that column worked as a key to know which enterprise the 

information was bounded to. That number did also work as a key in a second file that held 

information about the status, default or non-default for all enterprises and was also used 

when the Swedish industrial classification-number (SNI-number) was retrieved. Column 

H (FieldID) worked as a key in a file that explains which parameter the numbers in column 

I (FieldValue) stands for and column K (FieldIndex) indicates for which year the value 

on that row is from, where 0 stands for the most recent information. 

 
Figure 6. Main file before any formatting 
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In Figure 7 it is illustrated how the final data file is formatted where all the information 

is sorted on DocumentID column B (renamed to “FöretagsID”) and column A where a 0 

stands for the most recent information with an increasing scale for older information.   

 
Figure 7. An illustration of the finished file 

The data was then divided into two groups, one with defaulting and one with non-

defaulting enterprises. 

3.2.2 Grouping of data 
The data used for calibration was sorted into three sets of data. One additional data set 

was created for validation of the models. The three sets for calibration were sorted as 

following.  

• Data set number 1 (default year 0) consists of defaulting enterprises from year 0 

which means that the information about the enterprises is from the last annual 

report available before the default occurred.  

• Data set number 2 (default year 2) consist of defaulting enterprises from year 2 

which means the information available 2 years back in time from the most recent 

financial statements i.e. 2 years back in time from where the information for data 

set 1 is retrieved.  

• Data set number 3 (non-default year 2) consist of non-defaulting enterprises from 

year 2 which means information available 2 years back in time from the most 

recent financial statements.  

Data set number 1 is used as information for defaulting enterprises, while the other two 

data sets are used as information for non-defaulting enterprises. Even if data set number 

2 is information from enterprises that will default the information is collected from a time 

where they still survive more than 500 days. 

Additionally to the data sets made for calibration, an extra data set for validation of the 

models has been created. The validation data is the following. 

• The data set for validation consists of financial statements from non-defaulting 

enterprises year 3 which means that the information is 1 year further back in time. 

The validation data does also consist of defaulting enterprises from year 0 which 

is defined in data set number 1. 

To illustrate how the data used for calibration of the models is collected we use Figure 8. 

Assume there are financial statements available for two enterprises at year 0, one of the 

enterprises also have a default date somewhere 500 days left of year 0 (between 2016 and 

Today), indicated by .  

Then the information at year 0 for the defaulting enterprise is what above is referred to as 

data set number 1. For enterprise number 2 there is no information about default. So for 

enterprise number 2 information 500 days prior year 0 is searched for, as that would 

guarantee that the information used for non-default enterprise is from an enterprise that 

has survived 500 days or more. As 500 days is close to 1.5 year the information used is 

from year 2 i.e. 2 years back in time from the last known information. This is what we 

above call data set number 3. Data set number 2 consists of information from the same 
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point in time as for data set number 3 but for enterprises with status default (enterprises 

that have defaulted within 500 days after year 0). 

Default  Data for default   Data for non-defaults   

                      

                  

500 days from year 0  Year 0 Year 1 Year 2 Year 11 

Today  2016 2015 2014 2005 
Figure 8. An illustration over the collected data used for calibration of the models. 

The reason behind the two types of data sets defined as non-defaults (default year 2 and 

non-default year 2) is that there is pros and cons with both of them. Defaults year 2 was 

selected with the thought that the information would match branch, location and size of 

the defaulting enterprises but still not default within 500 days. The disadvantage with the 

data set is that the enterprise that defaults most likely have been affected 2 years prior the 

default and by that also the financial structure of the enterprise and the corresponding 

parameters and ratios. The advantage with non-defaults year 2 is that it consists of 

enterprises that yet not have defaulted. The disadvantage is however that the enterprises 

in the data set are randomly selected and we do not know if the difference in the 

enterprises’ financial structure depends on the profitability or other parameters such as 

location and size.   

The data sets were divided into five groups (1-5) depending on the enterprises’ SNI-

number. The grouping was made with the thought that the financial structure of 

enterprises differs depending on the branch they are active in. The grouping made it 

possible to test significance for parameters on different branches and a list of which 

branches that is in which group is presented in Table 5. 

Group Industries 

1 Farming, Forestry, Fishing, Extraction of 

minerals, Manufacturing, Power supply, Gas, 

Heating and cooling, Water-, sewage- and waste 

management and Construction 

2 Retail 

3 Transport and Storage 

4 Hotel and Restaurant business, Information- and 

Communication activities, Finance- and 

Insurance business, Real Estates, and business 

within Law, Economy, Science and Technique 

5 Rental business, Travel agency, Public 

administration, Defense expenditure, Education, 

Health and Social Care, Cost for Leisure and 

Culture, Activities of International 

Organizations 
Table 5. A table of which branches that are divided into which group 

The positive aspect of the grouping was the possibility to test for significance in 

parameters on different sectors. A negative aspect of the grouping is that it requires more 

data since the data sets are divided into five groups each. A problem with the grouping of 

data is shown in Table 6, where it is possible to see that group 2-4 have too few 

observations to be sure of good statistical support. Additional to the statistical support, 

the difference in number of observations do cause skewness in the data sets. Due to the 

few observations in some of the five groups, they were also merged into two groups 
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consisting of group 1-3 and 4-5. The two groups were created with the thought to create 

homogenous groups by merging groups with similar financial structures and still have 

enough observations to have a statistical support. 

Group Status Frequency 

1 Non-default year 2 297 

1 Default year 2 19 

1 Default year 0 30 

   

2 Non-default year 2 119 

2 Default year 2 9 

2 Default year 0 10 

   

3 Non-default year 2 117 

3 Default year 2 9 

3 Default year 0 14 

   

4 Non-default year 2 153 

4 Default year 2 5 

4 Default year 0 9 

   

5 Non-default year 2 114 

5 Default year 2 16 

5 Default year 0 17 
Table 6. Table over the distribution of enterprises for each set of data for the groups 1-5 

3.2.3 Skewness 

While testing the data and building the models on the total data set it was not possible to 

get any statistical support in the discrimination of the data. A reason for that could be that 

there exists skewness in the data. As seen in Table 6 above there is much more 

observations for non-defaulting enterprises than for defaulting enterprises in every group. 

Below is an illustration of what is meant with skewness and how that effects a regression 

line (both linear and logistic). If a calibration of regression coefficients is made on 100 

points, where 90 of the points have the y-value 1 and the 10 other points have the y-value 

0 like Figure 9. The corresponding regression line will be well fitted to the 90 points but 

not to the other 10 points, as they will be observed as extreme values. From a comparison 

between Figure 9 and Figure 10, where the data consists of 10 points with an y-value 

equal to 1 and 10 points with y-value equal to 0, it is possible to see that the regression 

line in Figure 10 will not be overfitted to one of the y-values (i.e. possible to get values 

close to both one and zero from the regression model).  

For example, if the points with an y-value equal to 1 is enterprises that will default, the 

regression lines in Figure 9 and 11 will estimate most of the enterprises as defaulting. This 

also means that the model build on the same regression coefficients will have a higher 

probability to estimate new enterprises as defaulting when their information is used as 

input to the model. While Figure 10 and 12 show regression lines where the coefficients 

are calibrated without any skewness in the data. A regression model with these 

coefficients will have a result only depending on the parameters from the new enterprises 

and not in how the data that the models was calibrated on where distributed between 

defaults and non-defaults.   
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Figure 9. A figure over a linear regression with 100 

observations 

 

Figure 10. A figure over a linear regression with 20 

equally distributed observations 

 

Figure 11. A figure over a logistic regression with 100 

observations 

 

Figure 12. A figure over a logistic regression with 20 

equally distributed observations 

 

  

 

 
 

Because of this the calibration data sets are adjusted to be more equal weighted between 

defaulting and non-defaulting enterprises. To do this, there were as many randomly 

selected non-defaulting enterprises as there were defaulting enterprises in the data set.  

3.3 The models  

The models constructed in this thesis is based on logistic regression since that type of 

regression is suitable to use when the dependent variable is binary (see Section 2.2). This 

also means that the models will return a value between 0 and 1 which are interpreted as 

the probability of default. Below it is explained how the models are constructed and tested. 

All of the tests have been done for the two different calibration data sets. This means that 

for each grouping explained in Subsection 3.2.2 there will be two models. One model 

based on tests and calibration on data sets default year 0 and default year 2 and one model 

based on data sets default year 0 and non-default year 2. 

3.3.1 Parameters 

When all data were gathered to one file, it was possible to visualize distributions for 

parameters and ratios for the different data sets in diagrams, there the y-axis has the 

percentage of the total data-set and the x-axis shows the value of the specific parameter 

or ratio. For parameters where a difference was observed a significance test was 

performed with the built-in Excel-function for F- and t-test (see Subsection 2.4.1 for an 

explanation of the tests).The test was performed in order to conclude if the difference had 

any statistical support. That was also done for some parameters where it was not possible 

to identify any visual difference. Every enterprise had about 100 parameters and these 

where not the same for all enterprises. Due to the difference in existing parameters, some 
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ratios had to be calculated for some enterprises that already existed for others. 22 ratios 

and parameters were chosen from a qualitative discussion, complemented with parameters 

used in other scoring models and parameters commonly used in stock valuation methods. 

All of the 22 parameters and ratios are listed in Appendix B.  

T-test were executed on all the 22 parameters and ratios but not all p-values are presented 

in the result as that would be unnecessary information and instead there are six parameters 

consistently chosen that are presented to explain the result. The parameters are almost 

randomly selected but with an adjustment to ensure that the three areas liquidity, 

performance and solidity are covered by at least one ratio.   

Possibilities in combining parameters and ratios to enhance an even larger degree of 

explanation were also discussed during the selection of parameters. Some of these 

combinations were tested and evaluated even if the parameters on their own did not show 

a statistical supported difference between the defaulting and non-defaulting enterprises. 

This was made to increase the total significance level of the models. One example of 

parameters that was tested in pairs was profit margin and sales. Profit margin does not say 

much on its own but tells us more about the profits if it is combined with sales. 

A selection of the tested parameters is presented in Table 7 together with a short 

description and the format of the parameter (for a full summary of all parameters used in 

this thesis, see Appendix B). It is important to know which format the input parameter 

have when the models are calibrated, as the difference if a parameter are in percentage or 

decimal form affect the regression coefficient with a factor of 100. A large coefficient 

indicates that the parameter is more important than a parameter with a small coefficient 

which makes it even more important to predetermine a format for each parameter.  

Parameters Format  Explanation of measure 

Current ratio ℤ Liquidity measure that explains the enterprise’s ability to 

cover its short term debts with its short term payments 
Current liabilities/ 

Sales 
ℤ Liquidity measure that explain how well the enterprise can 

meet its short term obligations in relation to its sales  
EBIT/ Sales % Profitability measure that explain the profit margin in 

relation to sales  

Return on assets ℤ Profitability measure that explain the profit in relation to 

the total assets 

Total assets/ Total 

liabilities 
ℤ Solvency measure that explain how much of the assets that 

are leveraged 
Table 7. A table with a selection of the ratios tested, if the values are a decimal or percentage and a short 

explanation of the parameter 

3.3.2 Building the models 

After a discussion with the analytics department at the financial institution and based on 

what others have used in their models, the models built in this thesis consist of 5-11 

parameters. The number of parameters depend on the degree of explanation and how 

much one extra parameter added contributes to increase the degree of explanation. 

To test combinations and calculate the regression coefficients the statistics program, SAS 

was used. SAS uses a maximum likelihood method and Newton-Raphson to calculate the 

coefficients, �̅�: 𝑠 [26] (see Section 2.3). The program does also test the parameters 

individually to observe which of the parameters that has the highest contribution to the 

final solution and ranks them by that.  
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The return from SAS is then analyzed and parameters are then removed based on our own 

thoughts, the rank given by the program and the literature study. The change of parameters 

is done with consideration to that, parameters that on their own not show a statistical 

supported difference between the two groups still can contribute to the final solution. 

When removal of a parameter has a large negative affect on the degree of explanation, the 

parameter is added again.  

Considering the limited amount of data, the risk of an over fitted solution is also a reason 

to not strictly follow the result from SAS as parameters can have a high degree of 

explanation for the specific data but not in general. The literature study and our own 

knowledge are for that reason important in order to ensure that the parameters included in 

the models are not too specific for the tested population.  

3.3.3 Testing the models 

In order to test the scoring models three different tests are performed. The last two tests 

are performed on a data set created for back-testing, see Subsection 3.2.2 

Test 1: The first test that is performed, are made at the same times as the regression 

coefficients are calculated by SAS. The test is made in form of that a Somers’ D value is 

calculated for each model on the same data as it is calibrated on. Where 𝑋 in our case is 

the probability returned from the model and 𝑌 is 1 or 0, where 1 stands for default and 0 

for non-default, see Subsection 2.4.2 for the theory and an example. A high Somers’ D 

value indicates that the model can discriminate a data set into two groups. As the test is 

performed on the calibration data it works well as an indicator but the models should still 

be tested with some additional tests. 

Test 2: The second test performed is a back test with type 1 and type 2 errors as explained 

in Subsection 2.6.1. To interpret the result, a graph is created that for a given level of type 

1 errors the level of type 2 errors are calculated and then vice versa to get a line as smooth 

as possible. The lines for every model will start in point (0, 1) which stands for 0% of 

type 2 errors and 100% of type 1 errors and end in (1, 0) but differ on the way between 

these points. To evaluate the result the graph is studied and for a well performing model 

the line gets closer to the origin than for a poorly performing model. The line does present 

the sum of percentage of type 1 and type 2 errors and a model with a low sum of errors is 

better than a model with a higher sum of errors.  

Test 3: The third test is a discriminating test that returns a ratio for defaults and non-

defaults over a certain returned probability from the models (see Subsection 2.6.2). The 

test is performed with the predetermined limits, 30%, 50% and 70% for the probability. 

The result from this is presented in a table where the percentage of enterprises from each 

status default and non-default above every limit is presented. A well-functioning model 

would have a larger difference between the percentages above each limit than a poorly-

functioning model. 
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4. Results  
This chapter is divided in three smaller sections, one for each grouping of enterprises on 

SNI-number. In all the three sections, the result from parameter tests and tests of the 

models are presented. The first section is the result from the work done without any 

grouping of data. The second section of the chapter is the result from when the data are 

divided into five groups where only models for group 1 are presented. In the final section, 

results from when the data is divided into two groups are presented.   

4.1 All data 

In this section, result for models calibrated on data without any grouping by SNI-number 

are presented.  

The below figures (Figure 13 and 14) are examples on how the parameters have been 

visualized. In Figure 14, (Debt to equity) it is clear that the mean value is close to the 

same for all of the three data-sets of enterprises. While in Figure 13, (Cash flow/Total 

liabilities) it is possible to see that for the non-defaulting enterprises there is a movement 

to the right for the mean value compared to the defaulting enterprises. This gets even 

clearer if the line for the data set default year 2 is removed.   

 

 

 

 

 

 

In Tables 8 and 9 it is shown that it is possible to identify some difference in mean-values 

for some ratios looking on all data. Table 8 shows the p-values from the t-test performed 

between the data set defaults year 0 and the data-set defaults year 2 and Table 9 shows 

the result from the same test but on the data set defaults year 0 and non-defaults year 2. 

The tables support what we can see in the above figures (Figure 13 and 14) that there is a 

difference in mean-value for the ratio Cash flow/ Total liabilities but not for the Debt to 

equity ratio. 

 

Table 8. P-values from t-test between default year 0 and default year 2 

Group Current 

ratio 
Return on 

assets 
Operating 

margin 
Debt to 

equity 
Asset 

turnover 
Cash flow/  

Total liabilities  
1-5 0,0001 0,0001 0,0578 0,8549 0,0324 0,0009 

Table 9. P-values from t-test between default year 0 and non-default year 2 

Figure 13. Distribution of debt to equity based on all 

data 

Figure 14. Distribution of Cash flow/total liabilities 

based on all data 

Group Current 

ratio 
Return on 

assets 
Operating 

margin 
Debt to 

equity 
Asset 

turnover 
Cash flow/  

Total liabilities  

1-5 0,6437 0,0006 0,0011 0,8027 0,1716 0,0054 
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In Tables 10 and 11 below, the parameters and their coefficients for two models are 

presented. The parameters and their coefficients have been calculated with SAS and 

parameters have been removed one by one as explained in Subsection 3.3.2. Table 10 

represents a model calibrated on data set default year 0 and default year 2 and Table 11 is 

the parameters for a model calibrated on data set default year 0 and non-default year 2. In 

the tables, it is possible to see that the coefficients differ a lot and are really large for some 

parameters compared to others. This is an indicator that the parameter is more important 

than the one with a small coefficient, but it is important to remember if the parameter is 

in decimal or percentage form when the model is calibrated. 

Most of the parameters that are in the models also show a difference in mean value 

between the data sets with some exceptions as for example Debt to equity in Table 9 that 

are included in the model presented in Table 11. Trying to remove that parameter, do 

however decrease the Somers’ D value so much that it seems to be important for the model 

even if it cannot be shown on an individual level.  

Parameter: 𝒙𝒊 Estimated: 𝜷𝒊 

Intercept -15.6352 

Total assets/Total liabilities 4.6009 

Current liabilities /Sales 0.0171 

Current Ratio 0.5263 

Working capital/Total assets -0.6621 

Total Liabilities/Total assets 10.7341 

Asset Turnover 0.2378 
Table 10. Parameters and their coefficients, for a model calibrated on data sets default year 0 and default year 2 

Parameter: 𝒙𝒊 Estimated: 𝜷𝒊 

Intercept – 20,0879 

EBIT/Sales 5,4199 

Accounts receivable / Accounts payable -0,14 

Operating margin -0,0733 

Solvency 0,1649 

Gross Margin 0,0539 

Debt to Equity -0,0362 

Total Liabilities/Total Assets 18,663 

Asset turnover 0,5531 

Table 11. Parameters and their coefficients, for a model calibrated on data sets default year 0 and non-default year 2 

Below, in Table 12, the Somers’ D value is presented for each model above and as 

explained in Subsection 2.4.2, Somers’ D is a measure on how well the models can 

discriminate the enterprises, between default and non-default. In Table 12 it can be seen 

that it is a clear difference between how good it works between the different data sets. An 

explanation of that can be that the data sets defaulting year 0 and defaulting year 2 contain 

the same enterprises and that it is hard to identify any difference in the same enterprise or 

that it already had begun to show signs of default 2 year back in time. 

Model Default year 0 and default 

year 2 

Default year 0 and  

non-default year 2 

Somers’ D 0,597 0,893 
Table 12. Somers’ D value for the models without any grouping of data 
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The results from the discrimination test for the two models as explained in Subsection 

2.6.2 are presented in Tables 13 and 14. Table 13 shows the result for the model calibrated 

on the data sets default year 0 and default year 2 that also results in the lower Somers’ D. 

Table 14 shows the result for the model calibrated on data set default year 0 and non-

default year 2 that also returned the higher Somers’ D. In the tables, it is possible to see 

that the model with the higher Somers’ D also creates a larger difference between the 

proportion of non-defaulting enterprises and defaulting enterprises for all of the three 

limits that it is tested for. That supports the result from Somers’ D that the model 

calibrated on data-set defaulting year 0 and non-defaulting year 2 is better at 

discriminating the population. 

Data Limit % Proportion % Total sample size 
Non-default 70 21,9 729 
Default 70 37,5 80 
    
Non-default 50 50,9 729 
Default 50 72,5 80 
    
Non-default 30 99,3 729 
Default  30 1,0 80 

Table 13. Results of the discrimination test for the model calibrated on data sets default year 0 and default year 2 

Data Limit % Proportion % Total sample size 
Non-default 70 39,2 729 
Default 70 73,8 80 
    
Non-default 50 48,9 729 
Default 50 87,5 80 
    
Non-default 30 62,0 729 
Default  30 92,5 80 

The result from the validation test of type 1 and type 2 errors are presented in Figure 15 

and 16 as the curved line. In Figure 15 for data sets default year 0 and 2 and in Figure 16 

for data sets default year 0 and non-default year 2. The dotted line illustrates a non-

performing model i.e. a model that is not able to distinguish any difference between 

defaulting and non-defaulting enterprises, this results in a constant risk/reward. Which 

means that the usage of such a model would only decrease the market but keep the default 

ratio.  

To be sure to get 0% of type 2 errors i.e. not take on any loans for enterprises that defaults 

it is necessary to have a high level of type 1 errors i.e. reject loans from enterprises that 

will not default. This can also be seen in Table 13 and the 30% limit, where it is necessary 

to reject 99.3% of the non-defaulting enterprises to be sure that 100% of the defaulting 

enterprises is rejected. This does also work the other way around. To get 0% of type 1 

errors the type 2 errors will get a high value. The optimal level from a risk reward point 

of view is to get the sum of type 1 and 2 errors as low as possible. So that means that if a 

line gets close to the origin it supports that the line representing a better model, as a model 

that could distinguish all the defaulting enterprises from all non-defaulting enterprises 

would get 0% type 1 and 0% type 2 errors.  

Table 14. Results of the discrimination test for the model calibrated on data sets default year 0 and non-default year 2 
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Figure 16. A figure over errors of type 1 and type 2 for 

defaults year 0 and non-defaults year 2 

 

Figure 15. A figure over errors of type 1 and type 2 for 

defaults year 0 and defaults year 2 

Figure 17. A figure over the distribution for the Asset 

turnover in Group 1 

Figure 18. A figure over the distribution for the Current 

ratio in Group 4 

   
 

4.2 Branch level 

Results from the tests performed on data from the five groups defined in Table 5 (see 

Subsection 3.2.2) are presented for each set of data in the present section. The models and 

discrimination test are however only presented for group 1 due to the many groups.  

In the figures below some of the tested parameters on branch level are visualized. Figure 

17 (Asset turnover group 1) is an example of how it looks when it cannot be any 

conclusion about different mean-values between the groups. Figure 18 (Current ratio 

group 4) shows that when the tests are based on few observations one observation gives 

large impact, the case for line default year 2 where each observation equals 20% of the 

total data set and gives a large spread for that ratio. Contrary to the large spread Figure 

19 (Cash flow/Total liabilities group 5) shows that ratios for similar enterprises can be 

close to each other even between defaulting and non-defaulting enterprises. Last in Figure 

20 (Operating margin group 1) we see an example of a difference in mean-values, which 

is not especially clear but can be explained of that the line for default year 0 has a peak 

to the left in the figure compared to the other two lines that have their peaks more to the 

right. This difference in mean-value is hard to detect only by the plots but are supported 

by the t-test that are presented below.  
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Figure 20. A figure over the distribution for the 

Operating margin in Group 1 
 

 

In the two tables below (Tables 15 and 16) some p-values from the t-tests on branch level 

is presented. In Table 15 it is data from the data sets default year 0 and year 2 and in Table 

16 it is data from data sets default year 0 and non-default year 2.  

It is possible to see that there exist parameters with a significant difference in mean value 

between the data sets on branch level even though some of the groups in Table 15 and 

Table 16 not have any significant parameters. The parameters presented in Table 15 and 

Table 16 have been randomly selected based on some criteria and it is thus a coincidence 

that some of the groups not have any parameters with a significant difference. Group 1 is 

however the group with the largest frequency of significant parameters. A reason for the 

larger frequency compared to the other groups can be the number of observations. It 

requires a smaller difference to have a statistical support if the population is large 

compared to a smaller population, and as group 1 is the group with most observations that 

might be a reason. It is also possible to see that different ratios are important for different 

branches and for example in Table 16 Asset turnover is with high probability an indicator 

for group 3 but not for any other group. This can however be a coincident or an effect of 

the few observations for some of the groups. 

Group Current 

ratio 
Return on 

assets 
Operating 

margin  
Debt to 

equity 
Asset 

turnover 
Cash flow/  

Total liabilities 
1 0,9825 0,0017 0,0019 0,2069 0,1489 0,0122 
2 0,2489 0,0311 0,1119 0,0736 0,9961 0,0553 
3 0,5531 0,4249 0,2232 0,8148 0,4448 0,5442 
4 0,8253 0,5765 0,3140 0,3554 0,3276 0,7405 
5 0,7332 0,5672 0,9842 0,8534 0,3075 0,4751 

Table 15. P-values from t-test between default year 0 and default year 2 for the Groups 1-5 

Group Current 

ratio 

Return on 

assets 

Operating 

margin 

Debt to 

equity 

Asset 

turnover 

Cash flow/  

Total liabilities  

1 0,0072 0,0018 0,0140 0,5221 0,1068 0,0046 

2 0,0089 0,1979 0,7967 0,5135 0,6991 0,0605 

3 0,1548 0,1398 0,0363 0,5006 0,0001 0,0435 

4 0,3464 0,3523 0,3639 0,7924 0,4238 0,3928 

5 0,0292 0,2431 0,1145 0,4047 0,8160 0,6690 
Table 16. P-values from t-test between default year 0 and non-default year 2 for the Groups 1-5 

  

Figure 19. A figure over the distribution for the Cash 

flow/Total liabilities in Group 5 
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In the two Tables 17 and 18 below, parameters for a model based on data for group 1 is 

presented. By comparing the coefficients between the two models it can be concluded that 

the model described in Table 17 has two parameters with a coefficient much larger than 

the coefficients for the rest of the parameters. This indicates that these parameters are 

important, as their weight gives them a larger impact than other parameters. We can 

however see that some of the parameters do not exist in the model presented in Table 18, 

which can be due to correlation between parameters and the different sets of data the 

models have been calibrated on.  

The first model is calibrated on data sets default year 0 and default year 2 that contains 

information from same enterprises but two years apart, as explained in Subsection 3.2.2. 

The second model is calibrated on data sets default year 0 and non-default year 2 that 

contains different enterprises but in the same branch as default year 0.  

Parameter: 𝒙𝒊 Estimated: 𝜷𝒊 

Intercept -0,5075. 

EBIT/Sales 45,8598 

Return on assets -0,3618 

Net margin -0,4800 

Current ratio 1,2467 

Working capital/Total asset -0,9257 

Cash flow/Current liabilities -0,0191 

EBIT/Total assets 32,5250 
Table 17. Parameters and their coefficients, for a model calibrated on data sets default year 0 and default year 2 for 

group 1 

Parameter: 𝒙𝒊 Estimated: 𝜷𝒊 

Intercept -1.2815 

Return on assets 0.00815 

Current liabilities/Sales -0.0209 

Gross margin 0.0699 

Net margin -0.1050 
Table 18. Parameters and their coefficients, for a model calibrated on data sets default year 0 and non-default year 2 

for group 1 

In Table 19 below, Somers’ D value is presented for the two models and as expected the 

returned Somers’ D value is higher for the two models than the models that where 

calibrated without any branch grouping. Even if both models have a higher Somers’ D 

value it is still possible to see that the model calibrated on data sets default year 0 and 

non-default year 2 has a higher Somers’ D than the other model which also was the result 

for the model without any grouping of data. The larger Somers’ D value for group 1 

compared to the model calibrated on all data can have at least two possible reasons. The 

first reason can be the fewer observations and the possibility of an over fitted model. A 

second reason can be that it is possibly easier to identify differences in the financial 

structure of enterprises when they are divided into different branches. The Somers’ D 

value is an indicator on how well a model is able to discriminate the population and it is 

easier to find parameters that discriminate a population if the data set is small.   

Model Default year 0 and default 

year 2 

Default year 0 and  

non-default year 2 

Somers’ D 0,811 0,914 
Table 19. Somers' D value for the two models calibrated on data for group 1 
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In Tables 20 and 21 the result from the validation in form of the discriminant test for the 

above models are presented. The difference of proportions between default and non-

defaults above every limit in both Tables 20 and 21 does correspond to the higher Somers’ 

D values these models have compared to the models created on the total data.  

The discriminant test does also show that the model calibrated on the data sets default 

year 0 and non-default year 2 in Table 21 returns either a high or low probability of 

defaults compared to the model in Table 20 where most of the returned probability of 

defaults are between 30% and 70%. This conclusion comes from the results in Tables 20 

and 21, where the proportion of enterprises above the 70% limit and under the 30% limit 

is less in Table 20 compared to Table 21. The model calibrated on the data sets defaults 

year 0 and non-defaults year 2 in Table 21, is however better at discriminating defaults 

from non-defaults as only 55% of the non-defaulting enterprises gets a value higher than 

the 30% limit compared to the model in Table 20 where as much as 75% of the non-

defaulting enterprises got a value over 30%.  

Data Limit% Proportion% Total sample size 

Non-default 70 22,3 269 

Default  70 53,3 30 

    

Non-default 50 42,1 269 

Default 50 80,0 30 

        

Non-default 30 75,1 269 

Default 30 96,7 30 
Table 20. Results of the discrimination test for the model calibrated on data sets default year 0 and default year 2 for 

group 1 

Data Limit % Proportion % Total sample size 
Non-default 70 42,0 269 
Default 70 73,3 30 
    
Non-default 50 47,2 269 
Default 50 86,7 30 
    
Non-default 30 55,0 269 
Default 30 93,3 30 

Table 21. Results of the discrimination test for the model calibrated data sets default year 0 and non-default year 2 

for group 1 
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Figure 22. A figure over the distribution for the Current 

ratio in Group 4-5 

 

Figure 21. A figure over the distribution for the 

Operating margin in Group 1-3 

 

Figure 23. A figure over the distribution for the Asset 

turnover in Group 1-3 

 

4.3 Two groups   

In the present section, the result from two models based on group 1-3 and group 4-5 will 

be presented. These groups are created as a result from the models and the test done at 

group level. Where the result was hard to support due to few observations, so these groups 

are created to keep some grouping by branch and more observation to work with. 

In the below figures it is possible to see that for some ratios it still is a difference in mean-

values when the groups are added together and especially in Figure 21 (Operating margin 

1-3) we can see that the cumulative weight for defaulting enterprises is more to the left 

compared to the other two lines. Figure 22 (Current ratio 4-5) shows the same problem as 

we have seen also earlier that there is a difference compared to one of the data sets seen 

as non-defaulting but not for the other. And Figure 23 (Asset turnover 1-3) together with 

the p-value bellow show a difference between defaulting enterprises and non-defaulting 

that seems to be that the non-defaulting enterprises have a lower asset turnover.  

 

 

 

  

  



30 

 

In the two tables below some of the p-values from the t-tests are presented. P-values from 

defaulting enterprises year 0 and year 2 are presented in Table 22 and p-values from 

defaulting enterprises year 0 and non-defaulting enterprises year 2 are presented in Table 

23. It can be concluded that there are significantly more parameters with a difference in 

group 1-3 than in group 4-5, which is also supported by the t-test made at group level in 

Section 4.2. The lack of statistical support for group 4-5 can to some extension be a 

consequence of less observations in this group. The test has however shown an increase 

of significant parameters compared to the same test without any dividing of branches 

especially for group 1-3. 

Group  Current 

ratio 
Return on 

assets 
Operating 

margin 
Debt to 

equity 
Asset 

turnover 
Cash flow/  

Total liabilities 
1-3 0,5575 0,0002 0,0002 0,6759 0,2319 0,0026 
4-5 0,9827 0,3603 0,3406 0,8894 0,7951 0,3912 

Table 22. P-values from t-test between data set default year 0 and default year 2 for group 1-3 and 4-5 

Group  Current 

ratio 
Return on 

assets 
Operating 

margin 
Debt to 

equity 
Asset 

turnover 
Cash flow/  

Total liabilities 
1-3 0,0001 0,0002 0,0041 0,6740 0,0046 0,0001 
4-5 0,0134 0,1750 0,9282 0,4046 0,6664 0,2109 

Table 23. P-values from t-test between data set default year 0 and non-default year 2 for group 1-3 and 4-5 

In the below four tables the models for the two different groups are presented. First the 

two models for group 1-3, where Table 24 presents a model calibrated on data sets default 

year 0 and default year 2 and Table 25 where the model is calibrated on data sets default 

year 0 and non-default year 2. Then the models for group 4-5 are presented in Tables 26 

and 27 where Table 26 is a model calibrated on data sets default year 0 and default year 

2 and Table 27 present a model calibrated on data sets default year 0 and non-default year 

2. By comparing Table 24 with Table 25 and Table 26 with Table 27 it seems to be a large 

difference in which parameters that are used for models based on enterprises from the 

same branches. The reason for the large difference of used parameters can to some 

extension be explained of what the parameters represents and how they are calculated 

(explained in Table 7 and Appendix B), but one important observation is possible to make 

and that is that the parameters are distributed in the three areas Liquidity, Profitability and 

Solvency. In each area there are some parameters that is similar measurements with only 

a small difference, so the difference between the models is not as large as it can look like.  

Parameter: 𝒙𝒊 Estimated: 𝜷𝒊 

Intercept -12,56 

EBIT/Sales 37,95 

Equity ratio 0,12 

Return on asset 0,08 

Current liabilities/Sales 0,02 

Net margin -0,39 

Working capital/Total assets -0,37 

EBIT/Total asset -9,98 

Debt to equity 0,01 

Total liabilities/Total assets 11,05 

Working capital turnover -0,01 

Asset turnover 0,38 
Table 24. Parameters and their coefficients, for a model calibrated on data sets default year 0 and default year 2 and 

for group 1-3 
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Parameter: 𝒙𝒊 Estimated: 𝜷𝒊 

Intercept -22,61 

Asset turnover 0,41 

Return on assets 0,07 

Gross margin 0,07 

Cash flow/Current liabilities -0,01 

EBIT/Total assets -4,37 

Current liabilities/Sales -0,02 

Accounts receivable/Accounts payable -0,18 

Operating margin -0,03 

Equity ratio 0,20 

Total liabilities/Total assets 21,87 
Table 25. Parameters and their coefficients, for a model calibrated on data sets default year 0 and non-default year 2 

and for group 1-3 

Parameter: 𝒙𝒊 Estimated: 𝜷𝒊 

Intercept -4,72 

EBIT/Sales 14,86 

Quick ratio 0,01 

Return on equity -0,01 

Gross margin -0,02 

Net margin -0,15 

EBIT/Total assets 5,49 

Debt to equity -0,09 

Total liabilities/Total assets 6,43 

Working capital turnover -0,22 
Table 26. Parameters and their coefficients, for a model calibrated on data sets default year 0 and default year 2 and 

for group 4-5 

Parameter: 𝒙𝒊 Estimated: 𝜷𝒊 

Intercept -1,42 

Gross margin 0,41 

Current ratio 2,04 

EBIT/Sales 5,93 

Quick ratio -0,02 

Accounts receivable/Accounts payable -0,2 

Operating margin -0,08 
Table 27. Parameters and their coefficients, for a model calibrated on data sets default year 0 and non-default year 2 

and for group 4-5 

  



32 

 

In the two tables below the Somers’ D value for the above models is presented. In Table 

28 for the models presented in Tables 24 and 25 and in Table 29 for models in Tables 26 

and 27. Again it is possible to say that the models calibrated on data set default year 0 and 

non-default year 2 give a higher Somers’ D than the models calibrated on default year 0 

and default year 2. Another thing that is positive is that both models with the higher 

Somers’ D (Tables 25 and 27) have fewer parameters than the models with lower Somers’ 

D, which makes the risk for an over fitted model lower. 

Model Default year 0 and default 

year 2 

Default year 0 and  

non-default year 2 

Somers’ D 0,573 0,921 
Table 28. Somers’ D value for the models calibrated for group 1-3 

Model Default year 0 and default 

year 2 

Default year 0 and  

non-default year 2 

Somers’ D 0,670 0,900 
Table 29. Somers’ D value for the models calibrated for group 4-5 

In Tables 30 and 31 the result of the discriminant test for the models made for group 1-3 

is presented. Even if Table 30 shows that 100% of the defaulting enterprises can be 

rejected at limit 30% our interpretation is that the result in Table 31 is better as the 

difference between the rejected enterprises is larger for every limit (for example at limit 

30% in Table 30 the difference is 21,7 percentage points while in Table 31 it is 34,8 

percentage points). So the higher Somers’ D value can be supported by the discriminant 

test. 

Data Limit % Proportion % Total sample size 

Non-default 70 20,7 488 

Default 70 35,1 54 

        

Non-default 50 46,7 488 

Default 50 79,6 54 

        

Non-default 30 78,3 488 

Default 30 100 54 
Table 30. Results of the discrimination test for the model calibrated data sets default year 0 and default year 2 for 

group 1-3 

Data Limit % Proportion % Total sample size 

Non-default 70 43,8 488 

Default 70 70,4 54 

        

Non-default 50 50,4 488 

Default 50 87,0 54 

        

Non-default 30 59,6 488 

Default 30 94,4 54 
Table 31. Results of the discrimination test for the model calibrated data sets default year 0 and non-default year 2 

for group 1-3 
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Figure 24. Type 1 and type 2 error for model calibrated 

on default year 0 and non-default year 2 
Figure 25. Type 1 and type 2 error for model calibrated 

on default year 0 and default year 2 

In Tables 32 and 33 the result of the discriminant test for the models made for group 4-5 

is presented. By the same comparison as for the above tables we see on limit 30 that the 

difference in Table 32 is 12,3 percentage points and 38,9 percentage points in Table 33. 

Data Limit % Proportion % Total sample size 

Non-default 70 44,4 241 

Default 70 50,0 26 

    

Non-default 50 62,7 241 

Default 50 76,9 26 

        

Non-default 30 83,8 241 

Default 30 96,1 26 
Table 32. Results of the discrimination test for the model calibrated data sets default year 0 and default year 2 for 

group 4-5 

Data Limit % Proportion % Total sample size 

Non-default 70 28,6 241 

Default 

  

70 

  

50,0 

  

26 

  

Non-default 50 43,2 241 

Default 

  

50 

  

84,6 

  

26 

  

Non-default 30 53,4 241 

Default 30 92,3 26 
Table 33. Results of the discrimination test for the model calibrated data sets default year 0 and non-default year 2 

for group 4-5 

The result from the validation test of type 1 and type 2 errors for group 1-3 is presented 

in Figure 24 and 25 as the curved lines. From this test, it is not clear which of the models 

that work best, for two reasons. One that they do not differ so much from each other and 

two that the willingness of accepting loans differ between institutions and can also be 

regulated by fees and interest on the loans if they are more risk filled, which makes it hard 

to say which model is the best from the below figures. What can be said though is that for 

a perfect model the sum of type 1 and type 2 errors would be 0, so the closer to origin the 

curved line gets the better the model is. 
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5. Discussion 
The models in this report is developed based on a logistic regression. Logistic regression 

has the advantage that it returns a value between [0,1] which in our case is desirable, as 

our objective is to calculate the probability of default and not only a score. The 

disadvantage with logistic regression is however that it is hard to test how well the models 

performs. It does not exist a simple test that analyzes the residuals as it does with linear 

regression. The best way to test a model based on logistic regression is to use 

discrimination tests, which only tests how well a model can discriminate a population and 

not how large the errors for each observation is. That means that a small error has the 

same weight as a large error which can be a problem as a large error may have a larger 

impact then a few small errors.  

An ongoing issue through the whole report has been both the quantity and quality of the 

data. Models that are calibrated on data requires a large set of data to avoid the models to 

be over fitted to a specific set of data. The limited data created a problem in the process 

of creating a data for the validation of the models. As the original data only had 80 

defaulting enterprises, discussions arose on how to create a data for calibration and 

validation tests that had enough observations to be statistical supported. Our choice was 

to calibrate the models on all the defaulting enterprises and then validate the models on 

the same enterprises but with a new set of non-defaulting enterprises.  

We are aware of the problems of validating a model with a part of the data used when the 

model is developed. But the small amount of observations limited our options and after a 

discussion we concluded that it was the best method to validate the model on data where 

a part of it also was used for the developing of the model (i.e. the defaulting enterprises 

used for validation is the same enterprises as the ones used for calibration, while the non-

defaulting enterprises is changed).  

Another method that could have been used is to remove a number of enterprises from the 

80 that defaults and let them together with a new set of non-defaulting enterprises be a 

validation set. The problem of doing so is first that the data for calibration of the models 

gets less statistical supported as it will be less observations in the calibration data set and 

the risk for an over fitted solution increase. The same reasoning is also a problem for the 

validation data as it is hard to be certain to if the small number of defaulting enterprises 

can represent the reality. Even if a model is good in reality, it will perform badly on the 

validation tests if the data that the models is validated on does not reflect the reality.  

Even though we found a difference between the data sets before we divided the data into 

groups by their branches we did not receive what we thought was a good degree of 

explanation for the final model and the results from the validation tests were not as good 

as we had hoped for. So after that we wanted to test a theory that we had, that enterprises 

in different markets have different types of structure, key ratios or different benchmarks 

on the same ratio. To test the hypothesis, the data was sorted in five groups based on the 

enterprises SNI-number to get groups with enterprises more similar to each other.  

As already mentioned, there were few observations of defaulting enterprises in the total 

data, which of natural causes also were few for each group. Even if the models created 

on group level did receive a higher degree of explanation, we did not accept them due to 

our suspicions about that the models were over fitted because of the few observations. 

The higher Somers’ D value supported however out theory about that different branches 

have different parameters that are important. That is one of the reasons for why the groups 
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later were divided into two larger groups (1-3 and 4-5) to get more observations and 

hopefully a higher degree of explanation.  

By observing the asset turnover plot for group 1-3, Figure 23, it seems like the mean value 

for asset turnover is higher for defaulting enterprises than for non-defaulting and the 

difference is also supported by the t-test. From a rational assessment this sounds wrong, 

as the formula for asset turnover is sales through total assets and is a measure on how 

much profit the enterprise does on each sold unit compared to their assets. That means, if 

the assets turnover is high, the enterprise has a higher income relative their assets 

compared to an enterprise with a low ratio. Reasons to why we believe that this irrational 

result have occurred may be that a higher percentage of the defaulting enterprises are 

young and have a business that are more driven from software and new technology and 

has the human capital as their main asset while older enterprises may have less developed 

technology and more machines as their assets. The less assets in form of machines (human 

capital is not included as asset in the balance sheet) allows the sales to be smaller and still 

return a higher assets turnover compared to an enterprise within the industry sector that 

has a high sales and profit.  

The high asset turnover can also be an indicator of that the defaulting enterprise has not 

found a stable level for their operations and their income is volatile, which implies a 

higher risk for the default. The implication of a higher risk for default comes from that it 

does not matter if the profits are high one year if they are low the following year and the 

obligations cannot be paid that year. An observation on the profit margin does however 

show that defaulting enterprises have a lower margin than non-defaulting enterprises 

which may imply that the profits are not as high as for non-defaulting enterprises even if 

the sales are high.  

To calibrate the models, two combinations of data have been used. Both data from non-

defaulting enterprises from year 2 and defaulting enterprises from year 2 have been 

defined as non-defaults and compared to data from defaulting enterprises from year 0. 

The reasoning behind the two combinations of data is their pros and cons and what we 

thought could give an even better coverage of the reality. The advantage with the non-

defaulting enterprises is that we know that their ratios are from a non-defaulting 

enterprise. The problem is however that we do not know if the numbers for the non-

defaulting enterprise depends on the performance of the enterprise, or if the numbers are 

affected by a possible difference in size, location, branch and positions on the markets 

etc. To avoid the mentioned problems, we chose to test if it existed a difference between 

the financial statements for defaulting enterprises and the financial statement two years 

prior for the same enterprises. The advantage of this division is that we are sure that it 

does not exist any differences in size, location, branch etc. as it is the same enterprise in 

both sets of data. The disadvantage with this division is however that some ratios are 

affected in the years prior the default and it is hard to determine when in time different 

ratios begin to change before a default occurs. 

In the tables presenting the Somers’ D values, we can see that the models calibrated on 

defaults year 0 and defaults year 2 generally gets a lower Somers’ D value compared to 

the models calibrated on defaults year 0 and defaults year 2. A reason for that might be 

the disadvantages mentioned in the previous paragraph. The data sets consisting of the 

same enterprises can explain why the difference between the data sets default year 0 and 

default year 2 is smaller than between default year 0 and non-default year 2, which leads 

to the difference in Somers’ D value. Different ratios do also take different time to change. 
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If an enterprise begins to perform badly, the sales will perhaps immediately be affected 

and thereby also ratios consisting of sales as a parameter. Financial structure of an 

enterprise such as the leverage does however take longer time to change since the relation 

between debt and equity usually takes longer time to change.  

The larger difference between the data sets default year 0 and non-default year 2 can also 

be a result from randomness of the selected enterprises. As data set non-default year 2 

consists of randomly selected enterprises from all non-defaulting enterprises at year 2, to 

match the number of defaulting enterprises it is not large enough to be certain that it fully 

represents all non-defaulting enterprises at the market. To minimize the risk of an error 

in the selection process, three different sets of data were randomly selected and tested. 

The test did however show that each of the selected sets had a similar distribution for the 

observations so we are positive to that also the smaller set of non-defaulting enterprises 

still represents the whole market.  

As this report concerns SMEs, the time between a beginning of bad performance and 

default might be shorter compared to large enterprises, as a large enterprise has more 

assets and costs to cut before they have to apply for bankruptcy. That should imply that 

models based on ratios should perform better for smaller enterprises compared to large 

enterprises if everything else is equal, as the ratios in financial statements would change 

more and faster for smaller enterprises as they are more sensitive. This also make us 

believe that creating a model for small enterprises on recent data works better than for 

large enterprises, as they probably go through small changes over a long time which is 

harder to identify in financial statements.  
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6. Conclusion 
In this chapter, our conclusions and experiences from this thesis are presented. The 

chapter does include a section about general conclusions that we have reached during the 

project followed by a more specific section about the model. The general section does 

include conclusions about the business and how it can be developed. The second section 

about the model contains conclusions about the development of the model. The third and 

last section gives some proposals of how to work further with the models and the findings 

that are made during this thesis. 

6.1 General 

The first conclusion is to the management of a bank or institution, it is to develop or keep 

developing models and tools for analysis of different areas. Almost every business and 

branch are developing towards a more technology based future. It is therefore important 

to invest in development of internal models to survive and take market shares. The 

modernizations of the society do also offers more data to be collected, which leads to the 

possibility of more accurate models and analysis tools. A more technology based solution 

will optimize processes and with a high possibility reduce fixed costs. Reduced fixed 

costs with everything else equal will imply a higher profit on each loan issued which gives 

the management larger opportunities to run the business. For example, the opportunity to 

lower the interest rates and by that also attract more debt takers. Or, keep the interest rate 

at the same level as before and instead increase the risk exposure and by that also approve 

more loans which leads to an increased market and possibilities to an increased return.  

During this thesis and the development of the models, we have observed a large difference 

in the financial structure of the enterprises depending on which branch they are active in. 

We would therefore recommend to focus on a few number of branches and specialize in 

them to better know them. That will give an advantage in knowledge against the debt 

takers and the bank can thus take better prices for the corresponding risk.  

The opposite would be a business where loans are issued to enterprises in all sorts of 

branches. It is in that case difficult to have comprehensive knowledge on all branches 

with the consequence of a possibly poor estimation of the risk exposure each loan will 

have. Focusing on one or a few branches also means that the business may perform better 

and stable cash flows can be build up. A number of branches and projects can then be 

allowed as areas where the bank invests capital in order to build up stable cash flows even 

there. The priorities must however continuously be on the developed branches to keep 

them specialized with high knowledge and a stable cash flow. 

6.2 Model  

The data a model or an analysis tool will be developed on is always important as the aim 

with a model is to reflect the reality as close as possible. The quantity of the data is 

therefore important to secure that it reflects the reality and to limit the impact of extreme 

values. A large data set is also important in order to receive statistical supported solutions. 

Besides the quantity, the quality is also important as a data that are not homogenous 

makes it more difficult to develop a well performing model. Our conclusions are thus to 

collect as much data as possible, in order to increase the ability to divide the data 

depending on branch, size, location etc. to receive as homogenous data sets as possible 

and eliminate differences depending on for example the structure or the size.  

An important issue to consider when developing models is that the idea behind most 

models is that they should work during normal market conditions. Most models will 
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therefore work well when the observations are within the expected limits. As models are 

usually calibrated on historical data, they are exposed to extreme observations in the 

future that has not been considered in the development of the models. Even if there are 

some extreme conditions in the historical data, models are usually calibrated with 

statistical methods that consider the likelihood of an observation to happen. Which lead 

to that most models will have a problem when an observation exceeds what is normal in 

the history.  

From the literature study, our conclusion is also to include parameter that covers three 

different areas of an enterprise’s financial structure. We believe that an optimal model 

should include parameters that cover the Liquidity, Solvency and Profitability of the 

enterprise. An enterprise will have different values depending on the business and the 

maturity of the enterprise but we do think that an enterprise that has a high solvency, 

profitability and liquidity will perform well and the risk for default will therefore be low.   

6.3 Proposal for development 

Further areas that can be developed may be to investigate the possibility to split our 

categorization of default into the four original categories (Bankruptcy, Garnishment, Debt 

agreement and Reconstruction) as each category has a different recovery rate. A second 

area can be to use multinomial logistic regression or any another regression model where 

it is possible to have more than two discrete outcomes.  
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8. Appendix 

A. Definition of default  

A.1 Garnishment  

Garnishment is when an enterprise loses the rights for some of their property which is 

sold to cover up the unpaid debts. That is made by Kronofogden which is a debt collector 

powered by the Swedish state. The enterprise is most likely forced into a bankruptcy if 

the value of the property is less than the debt [27]. 

A.2 Bankruptcy  

Bankruptcy occurs when an enterprise is not able to pay their obligations and it seems to 

be so for a long time. The enterprise loses in that case all the rights to their property which 

is sold to cover up their debts [28]. 

A.3 Debt agreement  

Debt agreement is an agreement between the lender and borrower where the borrower 

usually only has to repay a part of the debt. The agreement is conducted to minimize the 

risk for the lender to lose the whole amount and instead receive a part of the debt. The 

debt agreement is also in favor for the borrower which might give incentives to solve the 

financial situation. There exist two types of debt agreements, voluntary agreements are 

when the lender and borrower agree to a deal with each other on their own. The second 

type is a public agreement where the borrower applies with a suggestion to a court. The 

suggestion is then sent out to all the lenders and in case of qualified majority, all lenders 

have to accept the decision [29]. 

A.4 Reconstruction   

Reconstruction occurs when enterprises are in financial distress and close to bankruptcy 

but still have potential to recover from it. A reconstruction can both be applied by the 

borrower and the lender and the court elects in that case an administrator to reconstruct 

the enterprise. Reconstructions do often involve a public debt agreement as a key to 

improve the enterprises’ financials [30]. 
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B. List of ratios that t-tested 

Parameters Format  Explanation of measure 

Current ratio ℤ Liquidity measure that explain the enterprise’s ability to cover 

its short term debts with its short term payments 

Accounts 

receivable/ 

Accounts payable 

ℤ Liquidity measure that explain how much the enterprise is 

expected to receive in relation to their costs in the coming 3 

months 

Quick ratio ℤ Liquidity measure that explain the enterprise’s ability to meet 

its short term obligation 

Current liabilities/ 

Sales 

ℤ Liquidity measure that explain how well the enterprise can 

meet its short term obligations in relation to its sales  

Working capital/ 

Total assets 

ℤ Liquidity measure that explain the enterprise’s short term 

assets in relation to the total assets 

Cash flow/ 

Current liabilities 

% Liquidity measure that explain the enterprise’s ability to meet 

its short term obligation with the current cash flows 

Asset turnover ℤ Liquidity measure that explain how large the enterprise’s 

sales is in relation to the total assets  

EBIT/ Sales % Profitability measure that explain the profit margin in relation 

to sales  

Operating margin ℤ Profitability measure that explain the operating profit in 

relation to sales 

Return on equity ℤ Profitability measure that explain the profit in relation to the 

invested equity of the shareholders 

Return on assets ℤ Profitability measure that explain the profit in relation to the 

total assets 

Gross margin  ℤ Profitability measure that explain the profit of units sold in 

relation to total sales 

Net margin ℤ Profitability measure that explain the profit in relation to total 

sales 

EBIT/ TA % Profitability measure that explain the profit in relation to the 

total assets 

Cash flow/ Total 

assets 

% Profitability measure that explain the cash flows in relation to 

total sales 

Working capital 

turnover 

ℤ Profitability measure that explain the enterprise’s sales in 

relation to the short term assets 

Total assets/ Total 

liabilities 

ℤ Solvency measure that explain how much of the assets that 

are leveraged 

Equity ratio ℤ Solvency measure that explain the relation between the total 

debts and equity of the enterprise 

Cash flow/ Total 

liabilities 

% Solvency measure that explain how many years of cash flow 

it would take to repay the total debt 

Debt to equity ℤ Solvency measure that explain the relation between the total 

debts and equity of the enterprise 

Total liabilities/ 

Total assets 

ℤ Solvency measure that explain how much of the assets that 

are leveraged 

 

 

 

 


